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Sahil Tyagi
TOWARDS BUILDING EFFICIENT COMPUTATION AND COMMUNICATION MODELS
FOR DEEP LEARNING SYSTEMS

Deep Learning (DL) and Federated Learning (FL) continue to be a challenge, especially with
the growing size and complexity of state-of-the-art (sota) Deep Neural Networks (DNNs). With big
data and Internet-of-Things (IoT) resulting in an exponential growth of multimodal data over the
last two decades, these combined factors further exacerbate the training performance of DNNs. Par-
allelization techniques with specialized accelerators and high-speed interconnects lower the training
time and improve the overall scaling efficiency. However, such methods assume high-performance,
homogeneous resources and high-network speeds, which may not always hold true in the cloud and
shared clusters. Systems with low-compute, heterogeneous nodes and fluctuating network perfor-
mance can significantly raise either training time or cost. Similarly, FL on the edge suffers poor per-
formance due to transient, low-compute devices, high-latency, low-bandwidth networks and skewed
data distribution. Thus, there is a large and complex trade-off space between parallel and statistical
performance of distributed DL and FL systems.

This thesis addresses such challenges by developing novel algorithms and adaptive systems to
aid distributed training across a wide array of compute resources, from high-performance datacen-
ters to resource-constrained edge devices. We make contributions at the intersection of distributed
learning and systems research, broadly classified under three scopes: optimizing computation cost
in DL, attenuating communication cost in distributed DL and accelerating convergence in FL. This
thesis improves the convergence time and quality in heterogeneous clusters under varying commu-
nication patterns, and explores time-cost trade-offs of training in the cloud. The proposed adaptive
compression techniques significantly reduce the communication cost while preserving model qual-
ity, and identifies the optimal collective under networks with variable latency and bandwidth. For
federated settings, we develop a framework for fast learning over unbalanced, streaming-data, and

propose a novel, semi-synchronous training mechanism over bounded networks.
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CHAPTER 1
INTRODUCTION

1.1 Overview

In the last decade, DNNs have achieved sota performance in diverse tasks like computer vision and
recognition [1, 2], natural language processing, machine translation, anomaly or outlier detection
[3], chat or prompt-based search engine, etc. [4, 5]. Algorithmic innovation drives the major mile-
stones achieved in the field of Artificial Intelligence (AI) over the years. According to the scaling
hypothesis [6], effective DNNs are built on a scalable architecture. In late 20th century, this was
done by stacking multiple layers of fully connected layers to solve non-linear problems [7]. Later,
DL models like AlexNet [1] and VGG [8] stacked many convolutional and dense layers to attain
cutting-edge results. Skip-connections based residual networks [9] and attention-based transformers
[4, 5] have varying depths based on the number of layers. Although scaling up such architectures
produces generalizable and accurate models, this comes at the cost of high computational require-
ments for training or inference. However, as explained in Sutton’s bitter lesson [10], greater Al
systems are built by scaling computation and learning model parameters iteratively and repeatedly,
rather than solely developing new ways to embed human knowledge into new compute agents. In
2018, OpenAl [11] observed that the computational requirements to train DNNs approximately
doubles every 3.4 months [12], while updated surveys stretch this window to /= 5-6 months [13].
As per Von Neumann architecture [14], the overall computing speedup is governed by how fast
and efficiently instructions are executed, along with data-transfer speeds from memory store to com-
pute agent over the bus, as illustrated in Fig. (1.1). Thus, each of the three components, ‘compute’,
‘memory’ and ‘interconnect’ are crucial for optimal execution. In DL context, the output is some
input data-dependent prediction and the task is to learn latent features or model parameters (i.e.,
weights and biases). ‘Compute’ efficiency in DL can be improved by performing more operations
per-unit of time, which may correspond to Floating-point operations per-second (FLOPS) or MAC
(multiply and accumulate) operations. As training is iterative and composed of many repetitive iter-

ations or steps, compute in the context of DL may also imply the total computation cost of training a
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Figure 1.1: Conventional execution model in a Von Neumann computer. End-to-end execution cost
depends on compute, memory and interconnect bandwidth.

Figure 1.2: Multiple machines run collaboratively in a distributed manner and perform a task that
is exceedingly large or slow for a single computer. The topology or node arrangement may vary
across systems (a decentralized per-to-peer is shown here).

model to convergence. DL training also requires ample ‘memory’ to accommodate batches of train-
ing data, model parameters, gradients, activation maps and optimization-specific data (e.g., first or
second-order gradient information). A slow ‘interconnect’ may also pose transmission delays be-
tween memory and compute that could lead to application stalling. The compute component such
as Central Processing Unit (CPU), memory at different hierarchies and interconnects like buses rep-
resent different bottlenecks. Development of specialized accelerators like GPU, Tensor Processing
Unit (TPU) [15] and FPGAs (field programmable gate arrays) [16] have significantly accelerated
compute (especially for DL tasks) and rendered interconnects (i.e., data-movement) as the major
execution bottleneck. Along with algorithmic innovations, significant compute gains in commodity
hardware (with Moore’s law [17]), development of specialized accelerators like GPUs and TPUs,
wide availability low-cost resources and High-Performance Computing (HPC) have aided the de-
velopment and training of DNNSs.

In addition to the growing size and complexity of DNNs, explosion of big data and IoT has



resulted in an exponential growth of multimodal data, thus making it crucial to integrate DL with
distributed computing. This involves running computations across a cluster of machines to achieve
a common objective [18] Fig. (1.2). Instead of a single computer, a network of interconnected
nodes communicate with each other to solve large, complex tasks collaboratively. The goal of a
distributed system is to provide scalability, consistency, transparency, availability and efficiency.
Systems today are available over a cluster, grid, cloud, peer-to-peer (P2P) networks, etc. Frame-
works like Mapreduce-based Hadoop [19], Spark [20], Storm [21], and parallelization libraries like
OpenMP [22], OpenSHMEM [23] and Message Passing Interface (MPI) [24] provide abstractions
to run large scales of computations. Running DL models on distributed systems presents challenges
akin to those observed in a conventional Von Neumann computer with respect to compute, inter-
connect speed and data-movement. Distributed training strategies also incur significant cost due
to computation, communication and 1/0 overheads. It is crucial to optimize these components in
order to improve the overall parallel efficiency of DL in a distributed cluster. Further, as Moore’s
law trickles down to the edge, it enables greater computational capability for collaborative or fed-
erated learning [25], and train models while conscious of network bandwidth while preserving data
privacy and locality.

The primary optimization algorithm for DNNs training, Gradient descent [7, 26] is inherently
stochastic. A model’s trajectory towards the minima over a non-convex loss landscape depends on
multiple training variables or hyperparameters. There is a statistical aspect of DNNs training on
account of its stochasticity as the work performed over the iterations does not fully compose. Thus,
the features learned by a model cannot be equally attributed to each of its training iterations. In fact,
there are critical or sensitive regions observed over the training phase in DL where some iterations
perform more significant updates than others [27, 28].

To achieve high throughput and good quality DNNs, both parallel and statistical efficiency thus
need be considered in the context of distributed systems. Unlike conventional parallel applications
where all the computations performed are equally useful, DNNs have a statistical efficiency aspect
as well. In distributed settings, the cumulative progress made (like improvement in overall accuracy
or decrease in loss) is not equal to the progress made by each worker uniformly over the iterations.
To develop systems and algorithms with high execution speedups and sota convergence quality, it is

imperative to consider both.



1.2 Thesis Contributions

The objective of this thesis is to study, propose and validate methods that optimize compute and
communication for distributed DL and FL systems while accounting for both parallel and statistical
performance. The former relates to parallel scaling in distributed training with regard to compu-
tation, communication or I/O, while the latter pertains to convergence quality and generalizability.
Classified under three scopes, we develop six novel methods to optimize computation and commu-
nication in distributed learning, while cognizant of a DNNs’ statistical performance to ensure high

convergence quality:

* Optimizing computation cost in deep learning

1. Optimizing distributed training over heterogeneous systems

2. Balancing <cost, time> trade-offs of DL in the cloud

» Mitigating communication cost in distributed deep learning

3. Adaptive gradient compression in distributed learning

4. Flexible compression-communication mechanism over unpredictable networks

* Accelerating convergence in federated learning

5. Real-time learning over streaming data

6. Federated learning with semi-synchronous communication

1.2.1 Optimizing Distributed Training over Heterogeneous Systems

Conventional distributed DL algorithms are ideal for datacenter-grade machines composed of ho-
mogeneous resources. However, resource heterogeneity is pervasive across computing infrastruc-
tures and applications are often deployed on servers with different size and configurations. In
communication-bound synchronous training where updates are aggregated at the end of each it-
eration, training over heterogeneous nodes results in “stragglers” where fast workers must wait on
slower nodes to cross the synchronization barrier. As a result, parallel scaling and overall training

time is exacerbated in synchronous training due to heterogeneity. Although asynchronous training



does not have a synchronization barrier, its statistical performance, i.e., final test accuracy is worse
due to “staleness” in model updates.

We develop OmniLearn [29], a framework that improves parallel efficiency in synchronous,
and statistical efficiency in asynchronous training over heterogeneous clusters. Our key insight
is that worker batch-sizes need not be identical across workers; instead mini-batches should be
proportional to a workers’ computational capability. This variable-batching approach assigns dif-
ferent batches to workers so as to equalize their respective computation times. To minimize noise
from small-batch updates that may degrade model convergence in synchronous training, we pro-
pose weighted aggregation where higher value is assigned to worker updates computed over larger
batches. For asynchronous training, we perform learning-rate scaling based on a worker’s lo-
cal batch-size. We define a new metric to measure the degree of heterogeneity in a cluster, re-
ferred to as its Heterogeneity-level (HL). To improve the optimal batch estimation even further,
we develop a throughput-based proportional-control mechanism inspired by Proportional-Integral-
Derivative (PID) controllers. This approach minimizes the effects of stragglers in synchronous and
staleness in asynchronous training, thus improving parallel and statistical efficiency respectively.
As heterogeneity in a cluster may change dynamically, OmniLearn adaptively adjusts batches by
detecting changes across workers’ computation times. For additional control stability, we enforce
techniques like batch-size bounds and dead-banding to prevent noisy updates and accuracy degra-

dation from large-batch training.

1.2.2 Balancing <Cost, Time> Trade-Offs of DL in the Cloud

Another challenging problem in distributed training is choosing the “right” resource configuration.
This is critical when deploying jobs in the cloud where different cluster configurations may have
varying time and cost for a given Distributed Deep Learning (DDL) job, thus presenting a large and
complex trade-off space. To address this, we develop a system called Scavenger to determine the
optimal cluster and batch-size configuration for training DNNs in the cloud.

Distributed training can be scaled either ‘horizontally’ by adding more workers and raising the
cluster-size, or ‘vertically’ by raising the batch-size. However, increasing the cluster-size, batch-
size, or both gives diminishing returns where dollar cost ($) of training can significantly rise for

marginal reductions in training time. Thus, there is a pareto-relationship between cost and time,



which we capture in Scavenger by estimating and constructing the cost-time curves of DNNs
through parallel and statistical performance models. We model parallel performance as a linear re-
lationship of computation time with respect to batch-size, and model the synchronization time with
respect to cluster-size. In a centralized topology, communication cost grows linearly with cluster-
size, while decentralized topologies using ring or tree AR collectives have a lower bandwidth cost
over larger clusters [30]. Our proposed parallel performance model can estimate iteration time with
high accuracy irrespective of cluster topology. We then develop an analytical model for statistical
efficiency to estimate the epochs required to train a model to convergence. Statistical efficiency
is measured via ‘gradient noise’, a low-overhead scaling indicator that measures the divergence
between approximated and true gradients. Using parallel and statistical performance models, we
estimate the total training time and cost for any cluster and batch-size job configuration, along with
different pricing policies in the cloud. We propose different policies that prioritize low-cost, low-

time or both (i.e., knee-point) and returns the optimal job configuration for DL in the cloud.

1.2.3 Adaptive Gradient Compression in Distributed Learning

As the size of DNNs increases, so does the proportional size of updates to be communicated among
workers in synchronous data-parallel training. Updates are exchanged at every iteration, resulting
in high communication cost that inhibits linear scaling. Gradient compression is a lossy technique
to ameliorate this problem in DDL. Here, the total volume of gradients to be exchanged among
workers is reduced by a certain amount, as determined by its degree of compression or compression
factor (CF). Although gradient compression reduces the communication volume and improves
parallel scaling, it may degrade the statistical performance of a model depending on the chosen CF.
The ideal CF that lowers the synchronization overhead while maintaining good accuracy varies for
each DL model and training configuration, and thus may require careful tuning.

Here, we propose GraVAC [31], an adaptive compression algorithm that dynamically varies
compression while balancing parallel efficiency (improved with high CFs) and statistical efficiency
(improved with low CFs). We define a new metric called ‘Compression gain’ that compares in-
formation loss in the gradients on account of compression, thus tracking statistical efficiency of
compressed training. Low CFs retain most of the gradient signal and thus have a high gain value,

while high CFs lose most of the information and hence, have lower compression gain. Combining



compression gain with system throughput, we measure ‘Compression throughput’ to capture the
pareto-relationship between the parallel aspect (i.e., system throughput) and statistical aspect (i.e.,
compression gain) of gradient compression. We also develop scaling policies for an adaptive com-
pression regime, where we use low CFs in critical or sensitive regions, and gradually increase com-
pression in later stages. Compared to static compression, GraVAC achieves up to 6.67 x speedup

while attaining similar test accuracy or loss.

1.2.4 Flexible Compression-Communication over Unpredictable Networks

Although intra-node workers enjoy fast synchronization over high-bandwidth interconnects, inter-
node communication comparatively suffers from high synchronization cost due to limited network
bandwidth. Additionally, the effective bandwidth available to a node may vary with time as well,
exacerbating parallel scaling. Although gradient compression reduces the communication cost, it
incurs an additional compression overhead and uses collectives like AG for communication, which
may perform even worse than uncompressed training when using optimized collectives like ring or
tree AR.

We propose an AR-friendly Top-k compressor called AR—-Topk [32] that is faster than AG un-
der certain conditions. It is implemented to either prioritize the most significant worker updates or
minimize staleness among workers. We further analyze the cost of compression using the latency-
bandwidth communication cost model, and develop heuristics to determine what compression and
collective to use, given a cluster topology, DL. model and network configuration. As network per-
formance may vary over time, we model compression as a Multi-Objective Optimization (MOO)
problem to find the optimal CF that best balances parallel and statistical efficiency in gradient com-
pression. For a given compressor, parallel efficiency is improved by keeping the compression and
communication cost low for a given CF, while statistical efficiency is improved by maximizing the
compression gain metric (first proposed in GraVAC at §1.2.3). We evaluate AR-Topk by varying
network latency and bandwidth throughout training of multiple DNNs and show how MOO-based

technique dynamically changes CF and collective for optimal communication.



1.2.5 Real-time Learning over Streaming Data

Training DNNs over the edge presents a plethora of challenges like high network latency and lim-
ited bandwidth, insufficient storage and memory, as well as unbalanced and skewed data distribution
across devices. This is further exacerbated when learning over streaming data in an online manner.
Thus, edge systems suffer both systems and statistical heterogeneity; the former arises from vari-
ances in stream-rates, compute resources and available bandwidth across devices, while latter stems
from training over skewed and non-IID data.

We develop a framework called ScaFLES [33] to accelerate training across devices with het-
erogeneous stream-rates under IID and non-IID settings. We mitigate streaming latency due to
heterogeneous inflow-rates by adjusting batches proportional to each device’s streaming-rate. Thus,
workers with high-inflow volume train with larger batches while low stream-rates process smaller
batches. To preserve statistical efficiency, we perform weighted aggregation, where each device’s
update is scaled by its streaming-rate. Additionally, we enforce a linear learning-rate scaling rule to
improve generalization gap on account of large-batch training. As backpropagation [26] is compute
intensive and edge devices have limited compute capability compared to datacenter-grade servers,
data inflow cannot be processed at line-rate and the buffering queue can grow quickly. To avoid run-
ning out of storage or memory, we present multiple policies to manage buffering queues. Further,
we introduce a stochastic data-injection policy to improve test accuracy over unbalanced and non-
IID data while preserving privacy. Last, we optimize communication by choosing a high-frequency,
low-volume synchronization approach where we exchange either compressed or uncompressed up-
dates based on its significance. The importance of each update in this dynamic approach is measured
by comparing prior and post-compression gradient updates. With the aforementioned optimizations,
ScaFLES enables up to 3.29x faster training over heterogeneous data-streams with high conver-

gence quality.

1.2.6 Federated Learning with Semi-Synchronous Communication

FL faces parallel scaling challenges like high communication overhead over constrained networks,
and statistical performance degradation due to unbalanced and skewed data. Although algorithms

like FedAvg and SSP lower the communication cost considerably, they tend to converge to lower



final accuracy compared to fully-synchronous training.

In this work, we present SelSync [34, 35], a federated algorithm to expedite training while
converging to accuracy-levels at par with synchronous training. SelSync adaptively switches be-
tween local and synchronous updates based on their significance, referred to as “semi-synchronous”
training. The key insight is that gradient sensitivity varies throughout training; gradients are large
initially, but get smaller and eventually saturate as the model converges. We define ‘relative gradient
change’ to track changes in the gradient trajectory and magnitudes, and show how it corroborates to
a model’s statistical performance (i.e., test loss or accuracy). We then apply a rule to synchronize
updates among devices only if the relative gradient change exceeds a certain user-defined thresh-
old. Different threshold values trade-off between parallel and statistical efficiency such that a low
threshold favors synchronous updates, while a high threshold prioritizes parallel efficiency by ap-
plying local updates. SelSync also presents a new data partitioning scheme to improve conver-
gence quality in semi-synchronous methods. To improve convergence over non-IID data, we extend
data-injection from ScaFLES and compare training speedups as well as convergence quality with
FedAvg, SSP and synchronous training across balanced and unbalanced versions of popular training

datasets.

1.3 Thesis Structure

The contents of this thesis are outlined as follows: Chapter (2) provides the background and mo-
tivation of distributed DL and FL, and explains the premise of parallel and statistical efficiency in
DDL systems.

Chapter (3) investigates how training suffers over heterogeneous clusters under synchronous
and asynchronous communication models, and presents OmniLearn to mitigate stragglers or stal-
eness with variable-batching and throughput-based proportional-control. Chapter (4) elucidates on
how gradient noise works as a scaling indicator of statistical efficiency, followed by analytical per-
formance models to predict the cost and time of a training configuration deployed in the cloud.

Next, we examine GraVAC in Chapter (5) to establish the notion of parallel and statistical ef-
ficiency with regard to gradient compression, and compare it with other static as well as dynamic

compression techniques. Chapter (6) proposes MOO-based AR-Topk compression and studies the



cost of different compression-communication strategies in terms of the latency-bandwidth model,
followed by measuring end-to-end performance of different DNNs when network latency and band-
width is varied at fixed intervals.

Chapter (7) addresses the challenges of distributed training over streaming data across heteroge-
neous devices, and explains how ScaFLES overcomes them to achieve fast and good convergence
quality. Chapter (8) studies how the relative gradient change metric is a good approximation to
second-order Hessian information and correlates to model convergence, followed by extensive em-
pirical evaluation and comparison with techniques like FedAvg, SSP and synchronous training.

Finally, Chapter (9) summarizes the contributions of this thesis and presents it over a broader

scope with current implications and future research directions.
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CHAPTER 2
BACKGROUND AND RELATED WORK

In this chapter, we present background details regarding the ‘parallel’ and ‘statistical’ aspects that
are crucial for large-scale DL/FL systems; the former explains various parallelization techniques,
impact of job placement and topology on parallel scaling, computational optimizations in DNNs,
etc. while the latter discusses the effects of different hyperparameters that affect the statistical

performance of DNNs and need to be considered when scaling applications over distributed systems.

2.1 Gradient Descent

The workhorse of DL, Gradient descent [26] is an iterative learning algorithm that minimizes a loss
function by comparing output predictions with ground truth. For DL tasks, loss £(-) is generally a
non-convex, differentiable Lipschitz-smooth (L-smooth) function such that ||[VL(z) — VL(y)|| <

Li|x —y|| V =,y where L > 0.

oL
n 6wi

Wit1 = W; (2.1)

By Eqgn. (2.1), loss function is minimized by updating model parameters ‘w’ at iteration ‘¢’ in
a direction opposite to that of the gradients of £(-) (with respect to w), scaled by the learning-rate
(or step-size) ‘n’. The updated parameters are then used at iteration ‘(¢ + 1)’. DL is an iterative-
convergent process where models converge after multiple traversals over the entire training data or
epochs, and each epoch is comprised of many steps or iterations. Convergence quality is greatly
influenced by training-specific variables or hyperparameters, such as duration of training (i.e., total
epochs or iterations), learning-rate, choice of activation function (e.g., Sigmoid, ReLLU, Tanh, etc.
[36]), optimization (e.g., Nesterov’s momentum, AdaGrad, Adam, RMS-Prop [37]), loss function
(like MSE or mean squared error [38]), weight initialization (Xavier, He) [39], etc. The gradients,
or partial derivatives of £(-) with respect to ‘w’ are computed via backpropagation [7]. In DL, data
is fed to the input layer while results are generated at the output layer. By chain rule, gradients are

first computed on the outer layers and propagate back to the inner layers. In Full gradient descent,
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updates are computed over the entire training data on each iteration. Despite its noise-free gradients
[40], this approach has a high per-iteration computation cost. On the other hand, Stochastic gradi-
ent descent or SGD selects a random sample from the training set to compute gradients and update
model parameters. However, SGD does not leverage multi-sample vectorization capabilities avail-
able across modern multi-core systems and GPU accelerators, leaving considerable performance
gains on the table. Additionally, gradients computed over a single sample in SGD tend to be noisy
compared to those calculated over entire training dataset [40]. For a convex problem running for ‘I’
iterations, SGD has a convergence rate of O(%), while non-convex problems converge in O(%)
[41, 42]. Mini-batch gradient descent is the middleground between the two where multiple samples
are aggregated into a batch to compute model updates [43]. A collection of training samples to

process updates at each iteration ensures the gradients have a high signal-to-noise ratio and can be

efficiently vectorized on parallel processors.

2.2 Exploiting Parallelism in Deep Learning

Backpropagation in DL is inherently sequential as inner-layer gradients can only be computed once
updates from the outer-layers are available (from chain rule). However, DL can be parallelized
in a coarse-grained manner to reduce training time and improve parallel scaling when training
data is colossal, or when DNNs are too large to be hosted on a single node. DL training can be
distributed under data-parallelism, model-parallelism or pipeline-parallelism. In data-parallelism,
multiple nodes collaboratively train a model where each device holds an independent copy of the
current model state and individually processes its training samples [44, 45]. Updates may be ag-
gregated in different ways, depending on the specific synchronization constraints in training (such
as bulk-synchronous parallel [46], asynchronous-parallel [47], etc.). DNNs are trained with model-
parallelism when the memory requirements to host and store a model (i.e., hold model parameters,
gradients, intermediate activation maps, training batches, etc.) is larger than that available on a
single node [45]. Here, a model is split across multiple nodes such that partial states residing
on each are combined to form the global model state, and each worker runs computations only
over its local model subset. It can be implemented by splitting a model vertically or horizontally,

where the former partitions across different layers while the latter splits multiple layers into one
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Figure 2.1: Common cluster topologies in distributed computing: (a) Star (b) Decentralized Ring
(c) Decentralized Tree (d) Decentralized Peer-to-Peer (P2P).

subset. Model-parallelism is communication-intensive as intermediate activation maps need to be
exchanged across layers in forward pass, and error tensors in backward pass. Pipeline-parallelism
further improves worker utilization by splitting a mini-batch into micro-batches and keeps the exe-

cution pipeline busy, thus improving cluster utilization and overall application throughput [48].

2.3 Cluster Topology in Distributed Deep Learning

For any parallelization strategy, the physical arrangement of nodes or their topology influences its
communication cost incurred from model synchronization. Cluster topology determines the degree
of distribution and latency between the nodes, thus influencing the overall application throughput.

Broadly, a topological arrangement can either be ‘centralized’ or ‘decentralized’.

Centralized Systems:

Bidirectional communication is enabled between a central node and workers across the cluster in
a centralized topology. In synchronous data-parallel training, a centralized Parameter Server (PS)
[49, 50] collects and aggregates gradients from all workers, then applies and distributes model
updates back to the workers. Fig. (2.1a) illustrates a PS strategy in a star topology configuration.
For better fault tolerance and bandwidth utilization, PS may even be sharded with multiple model
copies across nodes. Another centralized training approach called ensemble learning [51] combines
local models to produce an averaged model with better generalizability. Centralized synchronous
training is shown to have a convergence-rate of (’)(ﬁ) for ‘N’ workers running for ‘I’ iterations
[52, 53], and a communication complexity O(NN) since incoming and outgoing traffic flows between

‘N’ workers and PS.
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Decentralized Systems:

Decentralized systems have no central node for aggregation. Instead, workers independently com-
pute their updates, and may communicate with a subset of other nodes in the cluster. Communica-
tion may be optimized in certain decentralized systems, such as ring topology in Fig. (2.1b) where
a worker communicates with only its left and right neighbors, while tree shown in Fig. (2.1c) al-
lows direct communication only between a node’s parents and children. Peer-to-peer (P2P) network
shown in Fig. (2.1d) allows a node to directly access every other node. P2P networks are highly
scalable as workers can directly communicate with each other (thus avoiding additional hops) and
the network does not saturate due to heavy traffic to or from a single node (as commonly seen in cen-
tralized systems). Decentralized topologies have a communication complexity of O(degree(NV)).
Gossip-based methods also fall under decentralized mechanisms where each worker communicates
with only a subset of other workers in each iteration [54]. However, arriving at a consistent model
state across all workers is challenging in such settings. Decentralized learning is facilitated by com-
munication collectives such as allreduce, reduce, scatter, broadcast and allgather, implemented and
optimized in libraries like OpenMPI [55], NVIDIA Collective Communications Library (NCCL)
[56], Gloo [57], etc. Additionally, development of high-speed interconnects like PCle Gen4 (with
16GT/s), PCle Gen5 (with 32GT/s) and NVLinks have made intra-node multi-GPU DL even faster
[58]. Open-source frameworks like Horovod [59] further reduce synchronization cost via optimized
ring-based reduction. [60, 61] used different flavors of AR at inter and intra-node node levels to

further reduce communication overhead.

Communication Overhead across Centralized and Decentralized Systems:

Latency is a measure of the communication delay in passing a message between endpoints (e.g.
CPU and GPU) or over the network, while bandwidth measures the data-transfer rate of a connec-
tion. Akin to access costs in memory hierarchy where data movement to main memory is slower
than that to registers or caches, latency and bandwidth cost get worse as we move from intra-node to
inter-node scaling. In the context of distributed training, message-size implies the byte-size of gra-
dients/parameters to be exchanged. For a given message-size in a cluster, different topologies have

varying costs or overheads based on their respective synchronization mechanisms. These commu-
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nication costs can be analyzed via - communication cost model [62, 30], where « is the latency
in message transfer while 1//3 corresponds to the available bandwidth. From the -3 model, cen-
tralized PS based on star-topology has a communication cost where its latency is fixed irrespective
of cluster-size, while its bandwidth cost increases linearly with the cluster and message-size [30].
On the other hand, decentralized systems based on ring topology have a latency cost that rises with
cluster-size, and bandwidth cost that is nearly independent of cluster-size and only increases with
the message-size [63]. For tree-based AR, latency and bandwidth cost have logarithmic optimality
with respect to the cluster-size. Communication cost is also influenced by the specific implementa-
tion of the collective used; AR over Compute Unified Device Architecture (CUDA) capable GPUs
is faster in NCCL and Gloo, while Gloo is faster than MPI in CPU-based training [64]. Thus, overall
throughput in a distributed cluster depends on the point-to-point or collective communication used,

as well the specific implementation of the collective over a connection’s latency and bandwidth.

2.4 Resource Heterogeneity in Batch and Stream Processing Systems

The aforementioned parallelization techniques and communication cost in different topological ar-
rangements described in §2.2 and 2.3 assume homogeneous resources on every node. However,
resource heterogeneity is prevalent across cloud, HPC and edge. Heterogeneity may be present in-
trinsically in a cluster of diverse servers, so a batch-processing job like DL training may be slow
due to inherent performance characteristics of the individual servers. However, it may also arise due
to workload characteristics, for example, in real-time stream processing systems where ingress data
volume may vary for each worker. In distributed systems, resource heterogeneity can be classified

either based on the computational or networking aspect of an application.

Compute Heterogeneity:

The compute nodes available in the cloud and data-centers may not always be homogeneous. In
fact, there is a high variance in performance and resource configurations available across these
machines, either in terms of CPU cores, memory, type and number of available GPUs or TPUs [15],
interconnect speeds, etc [65]. In synchronous DL, heterogeneity can give rise to stragglers that cause

slowdowns from slower workers being the bottleneck [66], or cause staleness issues in asynchronous
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training [67]. Even if compute resources are identical among workers, shared clusters with varying
job distributions across nodes can change the effective resources available per-job, per-worker (i.e.,
due to interference). To alleviate compute heterogeneity, techniques like Anytime Mini-batch [68]
impose constraints like a fixed time budget so heterogeneous workers may process variable-batches
in that duration. Although staleness considerably deteriorates test performance, [67] proposes an
asynchronous SGD variant where learning-rate is adjusted with respect to gradient staleness. In
streaming real-time systems, training over streaming data can also introduce heterogeneity due to
skewed volume of ingress data across devices, resulting in more compute on high-volume nodes

compared to low-volume devices [33].

Network Heterogeneity:

Variable and unpredictable networks that are prevalent at the edge and cloud constitute another
source of heterogeneity in distributed computing. In the cloud, different VM instances come with
different classes of networking tiers [65] in terms of ingress-egress bandwidth [69, 70]. FL on
mobile and edge devices tend to have a slower network configuration than high-end servers in
datacenters. Network heterogeneity can also arise from the cluster topology (e.g., star, mesh, ring,
etc. discussed in §2.3), type of communication link (like ethernet or infiniband) or physical medium
(fiber cable, copper, etc.). Latency and bandwidth can fluctuate even on the same connection over
time due to various reasons. Because of congestion, effective bandwidth may be reduced under
high network traffic, thus increasing the data-transfer time on saturated links. With Quality-of-
Service (QoS) prioritization, concurrent jobs on shared clusters can have different QoS levels such
that high-priority jobs are allocated a larger chunk of the total bandwidth. As a consequence, low-
priority jobs may suffer communication slowdown due to lesser bandwidth available to them. Even
without explicit prioritization, concurrent jobs in shared clusters split finite networking resources,
resulting in lower bandwidth that is available to each job. Network switches and routers may also
use different scheduling algorithms to allocate bandwidth for different traffic flows that determines
how resources are shared among applications.

The scale of network latency can vary as well, whether we train on the edge or high-networking
datacenters. Local area networks (LANs) have very low latency that ranges from just microseconds

to a few milliseconds, inter-rack latency is on the scale of tens of milliseconds, while inter-node
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latency is even worse [71]. Heavy network load and congestion also leads to latency surges under
high traffic flows due to queuing delays as multiple jobs try to perform data transfers simultaneously.
Network routing that decides the path of a packet also determines its latency. Although routing
protocols determine the optimal transmission path, different paths can result in varying latencies
due to network congestion and physical distance. These factors affect latency and bandwidth, and

consequently the parallel scaling of communication-intensive tasks like DDL and FL.

2.5 Communication Mechanisms in Data-Parallel Training

We now describe various distributed data-parallel techniques along with their respective communi-

cation patterns.

Bulk-Synchronous Parallel (BSP) Training:

N
1 o 1
Wit1 = Wi =1 Z e (m Z L(x (5, wt)) (2.2a)
n=1 ’ T(n,i)EBn
tstep = tcompute + tsync +tio (22b)

In BSP, or simply synchronous training [46], model updates are aggregated among workers at
the end of every iteration. This is done by averaging updates on a central PS [49] or via AR in de-
centralized systems [59]. BSP scales weakly to effectively increase the amount of work performed
per-iteration. Assuming each worker ‘n’ processes a mini-batch ‘6’ from distribution B,,, we pro-
cess ‘Nb’ samples per-iteration with ‘N’ workers, as shown in Eqn. (2.2a). Each training step is
identical from a computational perspective; Eqn. (2.2b) breaks down an iteration into the time it
takes to evaluate loss and compute gradients (i.e., compute), COMmunication or synchronization cost
to aggregate updates (i.e., tsync), along with data movement and I/O overhead (i.e., t;0). Each step
is blocking due to the synchronization barrier in BSP, i.e., all workers halt training until updates are

complete across all workers. The convergence-rate of BSP for non-convex optimization is O(—~—)

=

over ‘N’ workers running for ‘I’ steps [41].
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Asynchronous-Parallel (ASP) Training:

1 d
Wi = Wi =g > mﬁ(x(n,i),wn,(i,%i))) Y nell,23,.N]| (2.3a)
x(n,i)GBn
Hoy =t e + toups + 150 (2.3b)

In ASP, workers train local model replicas independently in a non-blocking manner [47, 72].
Hogwild! implemented ASP in a lock-free manner on shared memory systems [73]. Without an
explicit synchronization barrier, workers can push/pull updates to/from a central PS asynchronously.
The iteration breakdown in Eqn. (2.3b) shows that worker ‘n’ pulls model parameters from the PS
in t;’;g 1.pg time and incurs compute and 1/0 overheads t,(:Z,)npute and tg”o) respectively

Across ‘N’ workers in Eqn. (2.3a), each worker ‘n’ computes its gradients over a mini-batch

sample z(,, ;) with stale model parameters w such that parameters on ‘n’ at iteration ‘s’

n,(i—T(n0))
are delayed by 7(,, ;). If 7 is large, updates are inexact since parameters used to calculate them are
old and stale, thus degrading model accuracy. Staleness (7) is further exacerbated in heterogeneous
clusters due to computationally slower nodes. When all workers are homogeneous and staleness
is not an issue, centralized ASP systems converge at O(ﬁ) Decentralized ASP [74, 75] entails
symmetric peer-to-peer communication so that each active worker communicates its updates to a
passive worker and vice versa, converging in (9(%) Although communication cost of ASP is lower
than BSP, the former comes at a cost of inconsistent model state across workers. Comparatively,
asynchronous training performs lesser work per-iteration by applying updates computed over mini-
batch ‘b’, while BSP processes ‘INVb’ in a single step. If staleness is excessively high, ASP may have

a lower convergence quality than BSP, or require many more iterations to converge (thus increasing

the total training time).

18



Stale-Synchronous Parallel (SSP) Training:
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SSP training runs workers asynchronously, albeit in a bounded manner [76]. Here, fast workers
make more progress and update model weights at the PS, but halt training after exceeding the
slowest worker by a certain user-specified ‘staleness-threshold’. This metric bounds the iteration
difference between the fast and slow workers, and consequently decides the maximum staleness in
updates that are sent to the PS.

The gradient descent update for SSP is shown in Eqn. (2.4) for bounded staleness ‘s’ on worker

n’. When workers are < s steps apart, each sees model updates in the range [1,7 — s] at iteration
‘2’. Additionally, there are adaptive updates between iterations [¢ — s,¢], shown in the second
summation term. The last term corresponds to the iteration phase [i — s] where Sy, ;+1 is a subset

of updates over other workers. SSP has a convergence-rate of O( M

) [76], so its equivalent
to BSP if s = 0, or local execution as s — oo [77]. Other variants of SSP like Dynamic SSP [78]
calculates staleness ‘s’ dynamically at runtime based on per-worker batch processing time to reduce
waiting times. Free-SSP [79] optimizes under resource contention from concurrent jobs in a cluster

by adding a penalty term on slow workers that halt training and are ultimately discarded from the

cluster.

2.6 Federated Learning

Collaborative or Federated learning (FL) performs on-device training when client devices are
resource-constrained [80], communication bandwidth is limited [81] and data privacy and local-
ity is critical [25, 82]. This training paradigm stems from the boom in big data and IoT, as personal
edge or mobile devices collect and generate new data to train foundation models or device-local
context-aware DNNs. For e.g., traffic camera feeds, smart sensors in private networks, fog servers,

smartphones, etc. Due to privacy constraints, data cannot be migrated to a centralized location or
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collected to be partitioned in an IID manner as it may pose a security risk depending on its sensi-
tivity (like health or financial data). Consequently, non-IID and skewed data distributions affect the
convergence quality of the final model [25, 83]. FL systems thus face challenges pertaining to both

parallel and statistical efficiency, often benchmarked with frameworks like LEAF [84] and FedML

[85].
o 1 iy
Wni =1 g (7 o i EBn L(X(n,i)> Wni)) ifi%Ts >0
W i1 = ol e (2.5)
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Federated Averaging or FedAvg [25] learns a model across decentralized clients with local data
by periodically aggregating updates to produce a globally shared model. Such a periodic synchro-
nization approach is akin to Local-SGD [86, 87] where updates are periodically averaged among
workers. However, FedAvg additionally accounts for data imbalance and compute heterogene-
ity between clients by performing weighted averaging during synchronization phase. Updates are
communicated after every T steps in Eqn. (2.5), scaled as |by,|/|B| from worker ‘n’, where the
numerator is the local mini-batch and denominator is the global batch-size. FedAvg with T; = 1
is equivalent to synchronous training, while a high synchronization interval Ty — oo is closer to
One-shot SGD [88], a form of ensemble learning where local models are aggregated at the end of

the training phase.

mlnw(n %) ‘b’ Z E w”l Z) ] + gHwn,z - w*,ZH2 (26a)
x(n,z)eB
0
Wrj = Wni—1 — 1 {mmﬁ(ﬁc(n,i—l),wn,i—l) + o (Wnio1 — wei1) } (2.6b)
n,i—
| X
Weit1 = Z wni if i % Ty =0 (2.6¢)

A modification to FedAvg called FedProx [89], inspired by Elastic-Averaging or EA-SGD [90,

91] adds a penalty or proximal term to the loss function (Eqn. (2.6a)) and local SGD update (Eqn.
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(2.6b)). Adding the p-term bounds the impact of variable local updates and minimizes the diver-
gence between local and global model states. Akin to FedAvg, model parameters are periodically
aggregated during synchronization phase, determined by 7 in Eqn. (2.6¢). Other works like [83]
explain accuracy degradation in non-IID FL by weight divergence or earth mover’s distance (EMD)

between the distribution of classes over a single worker compared to the overall data distribution.

WFedAvg —WSGD

This divergence is measured as
WwsGD

. EMD is small over IID data, and larger over non-
IID data. Local models are aggregated in the synchronization phase, weighted by the number of
samples processed by each worker. Final accuracy can further be improved by explicitly creating a

small subset of training data shared across all clients, thus improving overall data distribution.

2.7 Communication Scheduling

Although distributed data-parallel training improves parallel scaling, the mechanism of forward and
backward pass in DL is inherently sequential with a bidirectional execution flow over a DNNs’
computation graph. For e.g., in the forward pass of a fully-connected network, computation flows
from the input to output layer in forward phase, and from output to input layer in the backward pass.
A DNNs’ execution graph (i.e., within a worker) can thus be fused with the communication step to
aggregate updates (i.e., across the workers) and improve the parallel scaling in DDL.

Wait-free backpropagation (WFBP) [92] hides communication cost by overlapping with com-
putation based on the structure and density of a DNNs computation graph. For e.g., most of the
computation cost is incurred in the initial and middle convolutional layers [2]. The outer fully-
connected layers in models like VGG [8] and AlexNet [1] account for more than 90% of the total
parameters, while the remaining 10% convolutional layers are responsible for about 90% of the total
computation cost. WFBP exploits this property by skipping completion of the whole backpropaga-
tion routine and transmitting gradients from the large, fully-connected layers while still computing
gradients on the inner convolutional layers. This approach of interleaving computation and commu-
nication partially hides the synchronization cost and improves parallel scaling. This can further be
optimized by combining layers with fewer parameters together and transmitting them as one, i.e.,
‘tensor fusion’ [93, 59]. Merging multiple short communication tasks into one reduces the overall

transmission cost, so smaller convolutional and recurrent layers [94] are batched together instead
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of communicating them on a per-layer basis. ByteScheduler [95] also partitions and reorders its
tensors into slices or buckets, using an auto-tuning scheduler based on Bayesian optimization. [96]
combines domain knowledge of DL execution engines (like Tensorflow [97] or PyTorch [98]) and
tensor-sizes for data transmission, fusing tensors based on the directed acyclic graph (DAG) gen-
erated by the underlying execution engine. Scheduling communication intelligently hides overall

synchronization overhead or avoids otherwise redundant, expensive communication calls.

2.8 Compression in Deep Learning

Compression is crucial to improve the overall parallel scaling and resource utilization of DL appli-
cations. At intra-worker level, techniques like pruning reduce memory footprint either by lowering
the model-size [99, 100] or the size of training data [101], thus improving training and inference
performance. At inter-worker level, compressing gradients improves parallel scaling by lowering

the exchange volume in communication phase [102, 103].

Pruning:

Pruning techniques [99, 104] identify and remove redundant or insignificant model parameters
either during the training or inference stage. Dropout [105], where some weights are randomly
dropped during training effectively acts as a pruning mechanism to prevent overfitting. Although
the actual size of DNNS is not reduced, some connections are skipped which lowers the amount of
computations performed in an iteration. Methods like Deep Compression [106] combine pruning

with quantization and Huffman coding [107] to reduce model-size.

Gradient Compression:

Gradient compression reduces the volume of gradients to communicate in distributed training. The
factor or degree to which compression is performed is measure by its Compression factor (CF).
For e.g., a compressor that reduces the tensor volume to 10% of the original tensor has a CF 10x,
1% volume gives 100x CF and 1000x for 0.1% reduction. The objective of gradient compres-

sion is to reduce training time or its iteration cost, as shown in Eqn. (2.7). Here, tcompute is the
(o)

comp—decomp 13 the over-

gradient computation time, t;o is the data-movement and I/O overhead, ¢
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head to compress and decompress the gradients while tg(:f,)m is the communication cost of gradients

compressed to CF ‘c’.

tgiip = tcompute + tg?,)nc +tro + t(C) (2.7

comp—decomp

Since lossy compressors apply compressed or partial updates, this results in a loss of statistical
performance (i.e., lower final accuracy or loss). The generalization loss may increase with larger
CF ‘c’ as more updates are approximated in the update step. To compensate for this loss, compres-
sion techniques employ error-feedback [108, 109] that performs residual gradient accumulation, as

shown in Eqn. (2.8).

ggc) Zg((,i) + residual(i_l) s.t. g

c e

O =c(gl)) & residuarl® =g} — gl (@8)

In error-feedback, gradients that are ineligible for communication at step (¢ — 1) are not dis-

carded, but appended to the backpropagated gradients g((f) at iteration ‘7. Compression mechanism

C(-) converts the error-fed gradients gélf) to compressed form géi) and updates the residuals. Resid-
ual gradients can thus be viewed as increasing batch-sizes that grow corresponding to the update
interval once a gradient becomes eligible for communication.

Gradient compression techniques can broadly be classified as sparsification, quantization, low-
rank approximations, or any combination of the above. In sparsification, we select a subset of
gradient values from the original tensors and set the remaining to O [110]. Top-k sparsification
selects the largest k% gradients by magnitude and sets the remainder to 0 [111, 112, 113]. Gaussian-
k [114] approximates the gradients as a gaussian distribution and estimates threshold corresponding
to a target CF via quantile or percent point function (ppf). As the gradients may not strictly be
gaussian, the estimated threshold can be skewed. DGC [115] sparsifies momentum by accumulating
velocity instead of gradients, and avoids exploding gradients [116] from error-feedback by applying
gradient clipping. Random-k [111] randomly chooses k% of the gradients, while sparsity inducing

distribution-based compression (SIDCo) [117] models gradients as a sparse distribution like double

exponential or double gamma, and estimates the threshold for a target CF accordingly. To mitigate
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estimation bias, SIDCo performs multi-stage threshold estimation such that to compress to CF ‘c;’,
gradients are first compressed to ‘co’ such that ¢ < ¢1, which is then further compressed to (¢1/¢2)
to get the final compression factor.

Quantization either lowers the bit-size of single precision gradients or via codebooks so each
gradient is associated with a predefined state, thus bounding the range of values held by the gra-
dients [118]. 1-bit SGD [119] achieves 32x compression by quantizing 32-bit gradients to 1-bit.
Quantized or QSGD [118] performs stochastic quantization via randomized rounding while keep-
ing statistical properties of the original gradients intact. Automatic mixed precision (AMP) reduces
single precision floats to half-precision gradients (i.e., 16-bit) and lowers the communication vol-
ume by half [120]. Terngrad [121] quantizes gradients over three levels: [—1,0, +1] in a layerwise
manner across clipped residual gradients, while signSGD [122] only uses the sign of gradient for
SGD update. SIGNUM [122, 123] applies momentum on top of signSGD, while EF-signSGD
[108] adds error-feedback and scaled gradient magnitude to signSGD to improve convergence qual-
ity. EF-blockSGD [109] further improves EF-signSGD and fixes the gradient vanishing problem
due to IL1-gradient norm scaling by quantizing and bucketing gradients into blocks and scaling the
magnitude of each block separately.

Low-rank approximation techniques presume that gradients are over-parameterized and tend
to have a low-rank structure. These methods decompose gradient G € R®*%) into lower rank

matrices (U, V) such that U € R®*") and V' e R("*9) [124]. By exchanging (U, V) instead

pq
pr+rq
tensors based on a sparsity budget, while GradZip [126] compresses gradients to lower rank matrices

of GG, we achieve a CF of about < ) Compressors like Atomo [125] decompose gradient
(U, V') that minimizes the deviation between the original and reconstructed gradients with an added
regularization term.

Additionally, hybrid compression techniques combine different mechanisms together to reduce
communication intensity with good convergence quality. For e.g., RedSync [127] combines spar-
sification with quantization, while Sparse Ternary Compression (STC) [128] combines upstream
Top-k compression, downstream compression, ternarization and optimal Golomb encoding [129]
of weight updates. On the other hand, adaptive compression techniques like AdaComp [130] keeps
track of local gradients and tunes its CF based on the significance of collected updates, while Accor-

dion [131] adjusts its compression between low and high CFs based on critical regime identification
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[27].

2.9 Statistical Efficiency in Deep Learning

Training DNNs entails learning some some underlying optimization landscape corresponding to
the loss function over a given dataset. The hyperparameters set prior training or adjusted over the
course impact statistical efficiency, which in turn determines the final convergence quality (such
as generalization loss, perplexity, accuracy, BLEU score, etc.). Parallelizing DNNs across multi-
ple nodes affects its statistical efficiency and needs to be considered for optimal convergence and

generalization.

2.9.1 Hyperparameter Tuning

Choosing the right hyperparameters is critical for convergence, whether for highest accuracy or
lowest training time. As mentioned in §2.1, the statistical performance in DL is influenced by the
duration of training (epochs or steps/iterations), learning-rate schedule, weight decay, dropout, L1
or L2 regularization [132], activation function to introduce non-linearity (such as sigmoid, ReLU,
Tanh) [39], mini-batch size, optimization (e.g., vanilla SGD, Nesterov’s momentum, adaptive mo-
ment, adaptive gradient, RMS-Prop, etc.) [37], loss function (mean squared error, mean absolute
error, cross-entropy loss, cosine similarity, Kullback-Leibler divergence loss, etc.) [38, 133] or
weight initialization (such as Xavier or He) [39]. We describe some of them as follows:

Length of Training: In well-conditioned optimization problems, model parameters adjust to-
wards the direction of low-curvature where loss decreases in a predictable way. Repeating this over
the iterations or epochs attains better model convergence. However, in poor and suboptimal con-
ditions, DNNs may not necessarily converge in an obvious or expected manner as the model may
saturate to a saddle point. Hence, training for longer duration may be ineffective in such scenarios.

Model Optimization: Apart from vanilla SGD update in Eqn. (2.1), other optimization tech-
niques may update model parameters faster or towards a flatter minima over the non-convex loss
surface. For e.g., gradient descent with Nesterov’s momentum [134] adds a momentum term to the
gradients, effectively applying EWMA smoothing and reducing noise. Adagrad or Adaptive gradi-

ent descent [135] dynamically adjusts the learning-rate individually for every model parameter by
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Figure 2.2: Optimization trajectory with (a) Small and large batch-sizes over the loss landscape.
Large batches tend to have less noise and attain optimal training loss in bigger steps and fewer
iterations. (b) Low and high learning-rates. A large step-size may overshoot and diverge from the
minima.
considering the summed outer product of gradients from previous iterations. RMS-Prop [43, 37]
extends Adagrad by adjusting the step-size of each parameter using EWMA instead of a cumulative
sum. Adaptive moment (Adam) and Adamax [136] combines multiple optimization schemes by
keeping EWMA of prior gradients (i.e., momentum) as well as the decaying average of gradient
variance for previous iterations to account for bias-correction from diminishing or sparse gradients.
Mini-batch size: As mentioned in §2.1, training is accelerated as we scale from full to mini-
batch gradient descent. However, the quality of gradients estimated with a full-batch is different
from those computed over smaller batches. With full-batch training, there is an implicit true con-
vergence landscape corresponding to the loss calculated over the entire dataset. Gradients are only
approximated to this true loss with mini-batch gradient descent, and smaller batches suffer from high
variance and noisy gradients [40]. Although accumulating updates over the iterations increases the
effective batch-size and averages out gradient variance which directs the model towards the minima
[60, 137], the individual updates by themselves are not equally effective or important. On the other
hand, gradients computed over a large batch-size are highly representative of the true gradients from
full-batch. This is the main statistical benefit of weakly-scaled synchronous data-parallel training
where batches are parallelized to effectively produce larger batches. As shown in Fig. (2.2a), larger
batches achieve low ‘training loss’ (note: not test loss) by taking larger steps over the optimization
landscape [138, 139]. Comparatively, smaller batches are noisy and need to take many more steps so
as to arrive at the minima. Despite the parallel efficiency and low training loss on larger batches, we

observe poor generalization or performance on test loss/accuracy [140, 141, 142]. This is because
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large-batches either overfit, or saturate to saddle points, are not as exploratory as small-batches, or
simply don’t train for longer (i.e., within a fixed epoch budget) [143].

Learning-rate schedule: Vanilla SGD works as per Eqn. (2.1), where gradients are scaled
by step-size 1. Learning-rate is another crucial training hyperparameter that determines model
convergence or divergence. From Fig. (2.2b), a small learning-rate takes smaller steps and gradually
moves in the direction of the minima [40]. With a large step-size, training DNNs has a tendency to
overshoot while taking bigger steps and may diverge the model. This is why typical training routines
either use adaptive learning-rates [144, 145, 146] or a dynamic learning-rate schedule where the
step-size is periodically decayed by some factor [147]. Adaptive learning-rate techniques adjust
model parameters at different granularities (either entire model, layerwise or individual parameters)
[43, 144, 148]. The intuition behind dynamic step-size routines is that as a converging model
fine-tunes itself and gradients simultaneously begin to saturate, the factor by which SGD update
is applied needs to be adjusted as well. Techniques like learning-rate warmup [61] have also been
mapped to gradient compression [115, 131] for successful convergence, where a small CF is used
in the beginning and uniformly increased over the course of training. In warmup, step-size ‘n’ for
‘I’ iterations raises per-step learning-rate as (?) until ‘I’ steps, and set to i afterwards. The small
values used (either in step-size or CF) initially account for the early sensitive phase of training [149,

27].

2.9.2 Statistical Efficiency in Distributed Deep Learning

The parallel and statistical gain of synchronous data-parallel training comes from distributing the
workload across multiple workers via weak-scaling [150], i.e., increasing the global batch-size pro-
portionally to the total number of workers. By doing so, we effectively increase the amount of work
performed per-iteration by processing more training samples in a step. If a single node processes
‘b’ samples in a step, BSP training across ‘N’ workers implies training on ‘Nb’ samples in one
iteration. From a parallel scaling perspective, training is limited by systems constraints like hetero-
geneity and frequent, high-volume communication. From a statistical standpoint, distributed DL is
affected by factors like skewed data distributions, large batch-sizes, noisy gradients, poor condition-
ing, greedy optimization [40], learning-rate routines, etc. which may affect model generalization.

Learning-rate and Large-batch Training: Tuning the learning-rate for large-batches helps
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DNNSs achieve high convergence targets as there is a strong correlation between the two. [151] uses a
strict learning-rate schedule and weight decay to improve convergence in large-batch training as part
of its collapsed ensemble technique. [152] presents large-batch training on convolutional networks
by tuning step-size with a factor of /N when scaling to ‘N’ workers in order to keep the expected
gradient variance fixed. Later, [61] proposed a linear scaling rule to increase learning-rate by ‘N’
when the global batch-size increased proportionally. [153] successfully trained ResNet50 [9] on
ImageNet [154] with a batch-size of 32000 by using RMS-prop with warmup, batch-normalization
[155] and a slow start learning-rate schedule. [156] trades between adjusting the learning-rate for
using larger batches. Additionally, it reduces the total iterations by increasing the step-size and
scales batch-size proportionally, or increase batches inversely to the momentum coefficient (when
using SGD with momentum). Layerwise adaptive rate scaling, or LARS [141, 157] is an adap-
tive learning-rate technique for large-batch training where each layer’s step-size is determined by
the L2-norm of its weights and gradients, which mitigates the vanishing and exploding gradients
issue. [60] combines large-batch training with mixed-precision, LARS, batch normalization and op-
timized collective communication. AdaBatch [158] adaptively increases the batch-size analogous
to learning-rate schedule, while [159] identifies the optimal batch-size for a fixed learning-rate that
maximizes test performance, which is proportional to the learning-rate and size of training data.

Training Sensitivity in DNNs: The adaptive learning-rate and warmup strategies described in
the last section attenuate the optimization challenges of the first few epochs. This is done because
a randomly initialized model aggressively adjusts its parameters towards the loss minima in the
early training phases [149, 160, 161]. The gradients computed in this period tend to be larger and
change drastically. Under good conditioning and hyperparameters, DNNs typically converge after
many iterations. As it approaches a saddle point and the model saturates, gradients in the later
stages become smaller and stop changing in a significant manner. Although the length of early
phases varies for each model, dataset and training hyperparameters, it can be detected by changes
in the eigen-values of the Hessian [142, 149, 162]. However, computing second-order gradient
information is computationally expensive and slow. But recent works have shown that it can be
well approximated with first-order gradient information which is much cheaper to compute and can
easily be integrated as part of the backpropagation routine [131, 40].

Aside from early training phase, there are additional critical or sensitive regions in training
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influenced by DL hyperparameters. Previous works [27, 28] have observed that information gain
in model parameters does not increase monotonically during training, but is comprised of a rapid
increase in information phase, followed by information reduction phase. Critical periods are often
centered around the former, and any major hyperparameter changes in this phase (such as learning-
rate or CF in compression) affect convergence quality that may not necessarily be compensated
simply by training for longer. Similar to early phases, such critical regions have prior been detected
via Hessian conditioning, Fisher information matrix (FIM) [27, 163] or gradient variance. These
metrics serve as a measure of the curvature of loss landscape for a given model and its convergence
quality.

Adaptive Deep Learning Systems: The rate of feature-learning in DNNs is not monotonically
increasing, thus the techniques used for training them should be adaptive as well. Adaptive methods
[135] for gradient optimization or tuning hyperparameters (from §2.9.1) account for the statistical
efficiency in DL, but fail to account for scaling efficiency when parallelizing training across many
nodes. Considering both parallel and statistical efficiency is vital to develop distributed learning
systems that train in minimal time while achieving high convergence-rates. However, this presents
various challenges due to poorly understood first-principles of distributed SGD over non-convex op-
timization landscapes and complex trade-offs between parallel and statistical efficiency. Schedulers
like Optimus [164] performs resource allocation and job scheduling by making overly optimistic
assumptions like a linear-rate of model learning throughout training and develops an empirical per-
formance model based on that. Cynthia [165] also develops an analytical performance model for
cloud resource provisioning specifically for DL jobs. HyperSched [166] performs grid search over
the hyperparameter space and allocates additional resources to the best-performing job configura-
tion. This way, HyperSched accounts for statistical efficiency by prioritizing model configuration
with lowest loss or highest accuracy.

Recent studies have explored using first and second-order gradient information to develop adap-
tive learning systems. [40] proposes large-batch training and describes an adaptive scheme to adjust
batch-size based on the amount of noise in the gradients, i.e., variance between local and aggregated
gradients in synchronous data-parallel training. AdaScale [167] performs learning-rate adjustment
for large-batch training such that step-size is scaled proportionally to gradient noise. KungFu [168]

designs adaptation policies to adjust parameters like cluster-size and global batch-size using gradi-
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ent signal-to-noise ratio. Pollux [169] performs job scheduling for DL applications by combining
parallel and statistical efficiency into a single metric. [159] scales training by computing gradient
noise-scale as a function of learning-rate, batch-size and size of training dataset. [170, 171] use

second-order information to adapt model hyperparameters for large-scale distributed training.
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CHAPTER 3
OPTIMIZING DISTRIBUTED TRAINING OVER HETEROGENEOUS SYSTEMS

3.1 Introduction

Systems for distributed training typically assume homogeneous workers, i.e., nodes with similar
computational and networking capabilities. However, heterogeneity is prevalent in computing in-
frastructure, be it public cloud or private datacenters. Synchronous training (i.e., BSP) on heteroge-
neous servers can deteriorate parallel scaling as training may suffer straggler slowdown on account
of slow or low-resource workers. On the other hand, asynchronous training (i.e., ASP) over hetero-
geneous clusters can degrade statistical efficiency due to staleness issues arising from late updates.
In this chapter, we present OmniLearn [66, 29], a framework to mitigate the effects of hetero-
geneity across asynchronous and synchronous communication patterns. This work is inspired by
proportional controllers [172] to balance computations across heterogeneous resources, and works
under fluctuating resource availability as well by dynamically adjusting worker batches in an online

manner.

3.2 Motivation

DL is an iterative-convergent process; with optimal conditioning and hyperparameters, a model
converges after certain epochs or iterations. By Eqn. (2.2), BSP performs weak-scaling to produce
more accurate gradients by processing more samples per-iteration [40], with high communication
cost from frequent synchronization. On the other hand, ASP in Eqn. (2.3) prioritizes parallel scaling
over statistical performance with workers training asynchronously over smaller batches (and thus
producing noisier gradients).

However, resource heterogeneity is ubiquitous across data-centers, cloud and edge. Distributed
applications are often deployed on servers with different size and resource allocations. It is crucial
to train DNNSs efficiently on heterogeneous clusters, either for FL on the edge or training on low-
end servers in datacenters [173]. Additionally, modern applications must contend with dynamic

heterogeneity due to fluctuating resource availability from concurrent jobs running on shared clus-
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ters. Burstable cloud VMs [174, 175] effectively act as heterogeneous resources as well since they
can burst at different times. Hence, distributed training must be omnivorous, opportunistic, able to
leverage different types of compute resources and adapt to dynamic resource allocations over time.

Based on the communication pattern, data-parallel training suffers when resource allocation
across the workers is not uniform. BSP training suffers from parallel inefficiency, while ASP suffers
from statistical inefficiency. BSP has a synchronization barrier at the end of every iteration where
model updates are aggregated across all workers. In heterogeneous settings, parallel scaling is
degraded due to straggler slowdown; workers with lower or fewer resources take longer to process a
mini-batch, thus causing high-end workers to sit idle and wait until all workers have calculated their
local updates. This increases the average iteration time across the entire cluster and consequently,
the end-to-end training time. The high iteration cost thus degrades parallel scaling in synchronous
training.

Although stragglers do not affect parallel scaling of ASP, the convergence quality of a model
suffers from stale updates [74] under resource heterogeneity. This occurs when progress made by
faster workers to update the global model at a centralized server is overridden by slower workers
that are still computing updates from a local model replica several iterations behind the global
state. Although ASP typically requires more iterations to converge than BSP since it processes
fewer samples per-iteration, asynchronous training may not necessarily reach the same convergence
targets as BSP due to staleness issues.

We measure ‘static’ heterogeneity in a cluster based on the effective compute resources available
to each worker. To exclusively study the impact of heterogeneity and not that of parallel scaling,
we keep the cumulative resources fixed across various heterogeneous cluster configurations. For a
cluster of CPUs, we define heterogeneity by its Heterogeneity-level (HL). It compares the maximum
CPU-cores available on the largest worker to the total cores on the smallest worker, as shown in
Eqn. (3.1). For e.g., a 4-node cluster withf CPU-cores: (6, 6, 4, 24) has HL 24/4 = 6.0, while a
homogeneous cluster with (10, 10, 10, 10) cores has HLI. Although both clusters have the same
40 cores cumulatively, the distribution of resources varies across workers in the two cases. For DL
accelerators like GPUs or TPUs, static heterogeneity can also be measured by comparing FLOPS,
compute cores available (like CUDA or tensor cores [176]) or total memory available across workers

(in memory-constrained devices).
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HL | Communication model | node #1 | node #2 | node #3 | node #4
L ASP N T
7y B
HLA ASP N S R
s ASP T i

Table 3.1: CPU-cores allocation across 4 workers to simulate different HLs

worker with max. # cores/FLOPs

Heterogeneity-level (HL) = 3.1)

worker with min. # cores/FLOPs

Eqn. (3.1) measures the computational variance between workers in an offline manner, i.e.,
without actually running a DL model to measure performance differences. We emulate varying
degrees of heterogeneity over a cluster of 4 docker containers [177], described in further detail in
Appendix (A.2). In BSP HLI, each worker container is composed of 12 vCPUs. In our experiments,
heterogeneity is increased by widening the divergence between workers #3 and #4. For e.g., in BSP
the four containers at HLS are composed of 6, 6, 4 and 32 vCPUs respectively. With this notion of
static heterogeneity, we look at its impact in BSP and ASP training in increasingly heterogeneous
cluster configurations. Table (3.1) shows the CPU cores allocated to each worker in the 4-node
cluster as we scale from a homogeneous cluster (i.e., HLI) to highly heterogeneous settings (=HLS).
The cumulative core count is the same across all HLs, whether for BSP or ASP. However, total
core count for the four workers in BSP is 48, while that of ASP is 40. This is because we want
to keep cumulative cores across the entire cluster same across BSP and ASP. In addition to the
workers, ASP training needs an additional PS node [49] allocated with 8 vCPUs to hold the central
model state. We do not require a PS in BSP since we aggregate updates via decentralized AR in

Omnilearn.

3.2.1 Impact of Heterogeneity in BSP Training

In BSP, we keep the local batch-size fixed and perform weak-scaling to increase the degree of par-

allelism. We refer to this identical, local mini-batch setting as ‘uniform batching’. Using different
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Figure 3.1: Distribution of worker computation times across different heterogeneity-levels (HL) in
BSP. The variance in compute times increases with HL, resulting in stragglers causing slowdowns
in synchronous training.

HL configurations outlined in Table (3.1), we evaluate the computation times of various DNNs.
For HL1, 2, 4 and 8, we plot the density of worker computation times of ResNet18, ResNet50 [9],
AlexNet [1] and VGGI11 [8] with BSP, shown in Fig. (3.1). From the density distributions, work-
ers with fewer resources take longer to calculate gradients for the same local mini-batch size. As
heterogeneity gets worse with higher HLs, the distribution is more spread apart (first and third quar-
tiles) and the median (second quartile) is higher as well. As a result, divergence in worker compute

time rises, leading to stragglers and longer iteration times that degrades parallel scaling.

3.2.2 Impact of Heterogeneity in ASP Training

Uniform batching at high HLs degrades model convergence in ASP. This is because staleness gets
worse at high HLs from computing updates on same-sized batches. Additionally, faster workers
may perform multiple model updates in the same time it takes for a slower worker to compute even
a single one. Thus, the amount of SGD updates performed in ASP over heterogeneous clusters is
also skewed; faster workers execute a larger fraction of the total updates on central PS than slower
ones. Statistical inefficiency arises due to late updates from slower workers overriding the multi-

iteration progress of faster workers. We plot the convergence curves and iteration densities of the
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Fast worker ‘p’ Slow worker ‘q’
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; Model Update
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Figure 3.3: OmniLearn overview: Initially, fast and slow workers p, ¢ train on the same mini-batch
b, = by (shown as the breadth of ‘Compute’ block) that leads to stragglers (in BSP) or staleness (in
ASP) as compute times t, < t, (length of the ‘Compute’ block). Controller adjusts mini-batches
to equalize batch computation times, i.e., t;) ~ t; : b;) > b; since p > ¢ from a computational
standpoint.

four models in Fig. (3.2). With high HLs 4 and 8, accuracy achieved by the models in noticeably
lower than homogeneous configuration HLI. The lower convergence at these HLs can be explained
from KDE plots of the total updates performed by each of the four workers (in Fig. (3.2b), (3.2d),
(3.2f) and (3.2h)). Across all DNNs, HLI has a uniform distribution as all workers possess similar
resources and the PS receives similar volumes of updates from all workers. As heterogeneity rises,
iteration densities become more skewed, leaning more towards workers with more resources as they
make more updates on the global model state than smaller workers. Here, worker #4 has more
resources allocated to it (in accordance to Table (3.1)), and thus has a higher iteration density than

other workers.

3.3 OmniLearn Design

3.3.1 Variable-Batching to address Static Heterogeneity

Conventional data-parallel training performs ‘uniform batching’ where each worker’s local batch-
size is fixed irrespective of the computational resources available on it. This results in parallel
inefficiency over BSP, and statistical inefficiency in ASP. The key insight of OmniLearn is that
since computational resources across workers may not necessarily be identical, neither should be

the proportional work performed by them. This means that worker batch-sizes need not be identical
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across workers; instead, mini-batch size allocated to a worker should be proportional to a worker’s
resource availability or computational capability. We thus assign varying amounts of work to each
node in the cluster in order to minimize the divergence in worker compute times. Fig. (3.3) illus-
trates this batch-adjustment approach where initially, faster worker ‘p’ and slower worker ‘q’ train
with identical batches |b,| = |b,|, but compute time of ‘q’ is considerably larger than ‘p’. The
mini-batch controller adjusts mini-batches of the two workers in order to equalize their respective
computation times in the next update, i.e.. t;, ~ t;. This works by assigning the faster worker

‘p’ with a larger batch-size than ‘q’. The exact methodology of our static variable-batching and

proportional-control based dynamic-batching techniques are described in subsequent sections.

BSP Variable-Batching:

In variable-batching, workers are adjusted proportional to their computational resources (i.e., each
worker’s local HL). Although stragglers can be mitigated this way, the global batch-size should stay
fixed as its a critical hyperparameter. Assuming per-worker batch-size |b| in uniform batching, the
global batch-size in BSP processed in a single iteration is N |b|. Keeping the global batch fixed, we

reduce the batch-size on slower workers while proportionally raising it on faster workers.

Cn,
bn| = = NIb 3.2a
o Zgzl Cn " (-2
o 1 |bn|
I =M@ 5 —(— > Llbgi»wi) © An = —x— (3.2b)
awZ ’bn| b(n’i)EBn ZiZl |b’L|
N
Wig1 = Wi =10 Y Gni) (3.2¢)
n=1

By measuring static heterogeneity with HL, we scale batches on worker ‘n’ based on its com-
pute resource ¢, (number of cores, FLOPS, etc.) relative to the whole cluster, shown in Eqn. (3.2a).
Gradients computed over larger batches are more accurate and representative of true gradients com-
pared to smaller batches [40, 142]. Thus, instead of simply averaging the updates, we perform a
weighted mean in OmniLearn where we assign a higher score to gradients from workers with

larger batches. As shown in Eqn. (3.2b), gradients from worker ‘n’ at iteration ‘¢’ are scaled by
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‘An’, proportional to its batch-size. This preserves the global batch-size and convergence properties
of SGD (Eqn. (3.2¢)) [68].

Fig. (3.4) describes the parallel and statistical performance of BSP with variable-batching with
compute time distribution across workers and DNNs’ convergence curves. The HL configurations
are simulated as per Table (3.1). It is to be noted that HL/ configuration is akin to uniform-batching
where every workers has the same batch-size. Despite weighted aggregation, we observed that
model accuracy marginally decreases for most models as heterogeneity rises. For e.g., ResNet18
attained 95.15%, 94.54% and 94.03% accuracy at HLI, 4 and 8 respectively, while ResNet50 con-
verged to 88.04% and 84.65% accuracy at HLI and HLS.

As for the compute-time distributions of ResNet18, ResNet50 and VGG11 in Fig. (3.4b), (3.4d)
and (3.4h), the second quartile of HLS is lower than HLI. This is because variable-batching tries
to best balance the average computation time across the cluster by adjusting worker batches cor-
responding to their respective resource availability, However, we also noticed that the min-max
compute times over the distribution is spread more apart at higher HLs. This is because batches
allocated strictly based on CPU core-counts are not an accurate estimate of training throughput.
Batch execution is also not strictly parallel over multi-core devices. This means that allocating a
larger batch to a worker with more cores does not necessarily mean its corresponding computation

time will be proportionally smaller.

ASP Variable-Batching:

Compared to BSP, ASP training performs lesser work per iteration by processing local batches of
only a single worker to update global parameters on the PS. Like Eqn. (3.2a), we adjust worker
batch-size based on its allocated resources so that their respective compute times are similar and
staleness is attenuated. However, no gradient scaling (i.e., weighted aggregation) is performed in
ASP since model updates are not aggregated among workers. This changes the effective batch-
size for making model updates which may affect model generalization [140, 143]. To keep this
hyperparameter consistent between BSP and ASP, we split the cumulative batch size 25:1 bn
among ‘N’ workers as per Eqn. (3.2a). To account for ASP’s small-batch training with noisy
gradients, we apply a linear learning-rate rule in Eqn. (3.3b) where step-size on worker ‘n’ is scaled

to 1, [61, 152] when updates coming from worker ‘n’ are performed over the smaller batch ‘b,,’.
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Figure 3.4: BSP variable-batching: Weighted aggregation reaches high convergence quality at larger
HLs in ResNet18, ResNet50 and AlexNet, while VGG11 loses considerably more accuracy. At high
HLs, although median of compute times is lower, the min-max are more spread apart as allocating
batches based on core-count is not an accurate estimate of training throughput.
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This is in harmony with prior work that explores the interplay between learning-rate and batch-size

[156].

0,1

I(nji) = %(m L(b(iny, wi)) (3.3a)

b(nﬂ-)EBn
bn

Zﬁ\; bi

wfﬂ = wfn) =" G(n,s) Where mn =1

(3.3b)

We plot the results of ASP variable-batching for different DNNs in Fig. (3.5). Although sig-
nificantly better than staleness from uniform-batching at various HLs (from Fig. (3.2)), staleness is
still not entirely eliminated in variable-batching due to throughput estimation errors. As a result,
accuracy considerably oscillates over the epochs at higher HLS across all DNNs. At HL4 and HLS,
ResNet18 and AlexNet reach similar accuracy levels as uniform-batching at HLI. This is because
staleness is significantly reduced with variable batching, as seen from the similar iteration densities
in Fig. (3.5b) and (3.5f); HLI and HL4 have near-identical densities while worker #4 with addi-
tional resources at HLS has a slightly higher iteration density than other workers. Similar density
among workers implies that workers have comparable compute times and thus, contribute similar
volume of parameter updates on the PS. On the other hand, ResNet50 and VGG11 saw a noticeable
accuracy drop at HLS8, corroborated by their unequal iteration densities in Fig. (3.5d) and (3.5h).
At HLS, worker #4 performs the most updates in asynchronous training since it has the most CPU-
cores allocated to it. For the same models, HL4 has a similar density to HLI which is also reflected

in their convergence curves (from Fig. (3.5¢) and (3.5g)).

3.3.2 Proportional-Control Mechanism for Dynamic Heterogeneity

To mitigate stragglers or staleness, workers must adjust their respective batches adaptively. In the
previously described ‘static’ variable-batching, mini-batches were allocated either based on a node’s
compute-core or FLOPS count. However, this open-loop estimation is not an accurate metric to
estimate the actual worker throughput of DNNs and execution hardware. This is because throughput

in distributed training depends on parallel scaling characteristics governed by Amdahl’s law [150].
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Figure 3.5: ASP variable-batching: Convergence quality improves at high HLs compared to
uniform-batching in heterogeneous settings. From the iteration density estimates, accuracy im-
provement is attributed to staleness reduction in variable-batching.
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Additionally, many scenarios in cloud and shared clusters yield fluctuating resource availability for

which the static approach is ill-suited.

5©) N g
7 = % and 79 = 1) 79 719 = =349 (34
n J=1
Bt = 5 L ABE) + ABE) = — T (3.4b)

OmniLearn’s dynamic mini-batching technique is designed to overcome throughput estima-
tion errors as well as dynamic resource availability. By frequently adjusting worker mini-batches
based on its throughput, we equalize compute time across all workers. For worker ‘n’ that calculates

(e) )

its update in time ¢,,” with local throughput T,(f at epoch ‘e’, we ideally want tl(e) = tg.e) Y (i,7)

workers. With average computation time over the cluster as e, dynamic-batching uses a simplistic
proportional-control mechanism to equalize batch processing times, i.e., minimize error T7§Le) from
Eqn. (3.4a) by updating worker batches as per Eqn. (3.4b). Slower workers thus have a positive
(e)

error 7, and need to reduce their local batch-size, while faster workers with a negative error should
increase their batch size since they are capable of handling a heavier workload. Our approach es-
sentially combines DL with black-box PID controllers [172]. Instead of tuning an arbitrary constant
in PID controllers, we use the estimated throughput.

In dynamic-batching, workers are assigned variable batches based on static heterogeneity and
any errors in throughput approximation are ironed out and fixed by the control mechanism. How-
ever, dynamic batching works well with any initial mini-batch size, so even if workers are allocated

the same batches (i.e., uniform batching), OmniLearn can converge to the optimal batches in just

a few adjustments.

Control Stability in Dynamic-Batching:

In our implementation, batch-size adjustments are made at the end of each epoch, although this is a
tunable parameter and the granularity can be changed easily, for instance, after every few iterations.

Adjusting batch-sizes is not a zero-cost operation as it involves re-initializing the dataloader with
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the updated batch-size. Additionally, the compute time of workers will rarely converge to the same
exact average, thus there will always be some degree of error that proportional-control will try to
chase. To control this perpetual batch adjustment, we leverage three techniques: deadbanding,

exponentially smoothed computation times and batch-size bounds.

n

bgbe+1) . b(e)

Abmin < (3.5

by

Deadbanding: We calculate the updated batches at the end of each epoch via proportional-
control. We also implement deadbanding along with dynamic-control where batch-size on worker
‘n’ is updated only when the change is substantial and exceeds a predefined threshold Ab,,p,
shown in Eqn. (3.5). When change in mini-batch is lower than Ab,y,;,, no adjustments are made.
The chosen value of the threshold decides how sensitive we want the controller to be; an extremely
small value may incur additional performance overhead from a frequently changing batch-size.

Exponential smoothing: With deadbanding, OmniLearn makes batch adjustments if a work-
ers’ underlying resource availability changes. To improve control stability and avoid spurious batch-
size alterations, we compute the error between a workers’ local compute time and average compu-
tation time across the cluster. We then apply exponentially weighted moving average, or EWMA
such that more weights are assigned to recent iterations. This provides an integrator component in
the controller and helps prevent outliers with respect to compute-time measurements.

Batch-size bounds: A potential risk of dynamic-batching is that slower workers may get as-
signed very small batches, while the batch-size on faster workers may get excessively large in highly
heterogeneous settings. With smaller batches, the controller may degrade overall training through-
put while exceedingly large-batches may increase the computation time even on the faster workers.
Thus, we enforce lower and upper batch-size bounds (0,5, bmaz) to preserve Omnilearn’s per-

formance.

N
AB=3"0" Ny = pletD) =pleth) - 22 (3.6)

j=1
Despite the min-max constraints on worker batches, the global batch-size can rise significantly
over subsequent batch adjustments in BSP, especially when heterogeneity varies frequently. Thus,

we enforce an additional rule in BSP to keep the global batch-size fixed to preserve parallel scaling,
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prevent generalization loss and make fair comparison with uniform batching (where global batch
B = Nb for ‘N’ workers each with mini-batch ‘b”). We do so by uniformly lowering the deviation

between the adjusted batches from Eqn. (3.4) and global batch-size, as shown here in Eqn. (3.6).

3.3.3 Memory Estimation Across Heterogeneous Systems
Mtotal = Mmodel + Mgradient + Moptimizer + Mactivation + Mbatch (37)

Instead of compute cores, heterogeneity may even arise from the different types and amounts
of memory available across workers. By Eqn. (3.7), the total memory required includes model pa-
rameters, gradients, intermediate activation maps, optimization-related memory and batch-memory
[178, 179].

The model and gradient-size, i.e., M04e1 and Mypqdient 18 constant for a given DL model
and can be estimated by knowing the product of total number of parameters and the byte-size of
each parameter. For e.g., single-precision floating point representation takes 4 bytes, half-precision
takes 2 bytes, etc. The optimizer memory Mptimizer depends on the type and order of gradient
information stored by the optimizer. This memory is also proportional to the model-size and stays
constant throughout training. For instance, memory held by vanilla SGD is significantly lower
than that needed by Nesterov’s momentum and Adam optimization [178, 179]. The activation and
batch-memory vary with the dataset and chosen mini-batch size and thus, may limit the maximum
batch-size we can choose with OmniLearn when workers are highly heterogeneous with respect
to the available memory. M tivation 1S the memory consumed by the activation function while
processing every sample in the forward pass, while M., is the memory held by the dataloader to
process and store samples corresponding to the chosen batch-size.

In Fig. (3.6a), we fit the relationship between batch-memory and mini-batch size as a linear re-
gression problem. For Canadian Institute For Advanced Research (CIFAR)100 [180], CalTech101
[181] and Food101 [182] datasets, the dashed line shows the memory estimated with our linear
model while the scatter points show the actual dataloader memory consumption at batches {1, 32,
64, 128, 512, 1024}; this gives us accurate estimates on how much batch-memory will be needed
for a given mini-batch size. Activation memory is also increases linearly with the batch-size, and

can be readily estimated from a DNNs’ structure and size. To validate the same, we run ResNet18,

44



@24 —.— CIFAR100 - -
3 . = R —o
. CalTech101 o =10t P
518 Food101 ® e £ LT
€ 00 P g (// |
812 P d s 10° F —e——ResNet18
8 .“A:‘-:/‘ S i AlexNet
206 gLl —a— VGGIL
870 < 10%)
1 250 500 750 1000 1 250 500 750 1000
Mini-batch size Mini-batch size
(a) Myqtcn predicted vs. actual (b) Metivation

Figure 3.6: (a) Batch memory is accurately predicted by our linear model for any batch-size. (b)
Activation memory is directly proportional to the batch-size (y-axis is log-scale).

AlexNet and VGG11 on the aforementioned datasets with vanilla SGD optimizer. We deducted
M odels Mgradients Moptimizer and Mpggep, from the total memory consumed by the training pro-
cess. The first three are the same as the model-size itself while batch-memory was retrieved from
prior execution in Fig. (3.6a). For each mini-batch, this leaves only the activation memory which
we plot in Fig. (3.6b). The y-axis is on the log-scale and shows how M tivation rises linearly with
its batch-size. With this, we can accurately predict the memory needed to run any configuration and

set the cap on the min-max batch-size to use over heterogeneous memory systems in OmniLearn.

3.4 Experimental Evaluation

We now look at the parallel and statistical performance of OmniLearn in scenarios with static
and dynamic heterogeneity. The end-to-end execution logic of OmniLearn in ASP and BSP is
illustrated in Alg. (2) and (3) of Appendix (A.1). The cluster setup to simulate different HLs and

complete training schedule is described in Appendix (A.2).

3.4.1 Weighted Gradient Aggregation in BSP Variable-Batching

In synchronous training, we perform weighted aggregation when workers are running different mini-
batches. Here, the gradients are scaled in proportion to its local batch-size and reduced together
instead of simply averaging the local updates. This attenuates the noise and improves the signal-to-
noise ratio in the gradients [40, 25]. We compare convergence in BSP variable-batching with and
without gradient scaling; the latter performs simple averaging by summing all the local gradients

and dividing by the total number of workers. Table (3.2) shows how gradient scaling improves the
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Configuration Test accuracy (%)
Model HL | Scaled grads. | Unscaled grads. | Difference
HL2 94.9 % 93.6% +1.3%
ResNetl18 | HL4 94.54 % 93.76% +0.78%
HLS 94.02 % 92.11% +1.91%
HL2 87.74% 86% +1.74%
ResNet50 | HLA4 85.94% 84.33% +1.61%
HLS 84.65% 80.6% +4.05%
HL2 68.9% 64.1% +4.8%
AlexNet | HL4 68.38% 60.67% +7.71%
HLS 67.69 % 57.94% +9.75%
HL2 82.38% 79.4% +2.98%
VGGI11 | HL4 81.39% 75.6% +5.79%
HLS 78.98 % 71.19% +7.79%

Table 3.2: Performance of weighted gradient aggregation in BSP variable-batching

convergence quality considerably over unscaled gradients. HLI is omitted since its equivalent to
uniform-batching as all worker resources are similar, so both weighted and unweighted aggregation
perform a simple mean operation. As heterogeneity rises, the accuracy improvement with gradi-
ent scaling improves even further, as seen from the increasing ‘Difference’ column that gives the
delta between scaled and unscaled gradients’ accuracy. Thus, we see that our weighted aggregation
scheme assigns higher priority to less noisy gradients which improves the statistical efficiency of

BSP.

3.4.2 Learning-Rate Scaling in ASP Variable-Batching

Learning-rate (LR) is another critical hyperparameter that needs careful tuning in data-parallel train-
ing [61, 152]. In ASP training, OmniLearn adjusts step-size relative to the global batch-size, if we
had trained synchronously (i.e., processed ‘INb’ samples per-iteration instead of ‘b’). The intuition
is that smaller batches prefer a smaller learning-rate to reach minima, and vice versa [40]. In Table
(3.3), we record model accuracy at HL4 and HL8 when we scale LR with respect to a workers’ local
batch-size, or use the default LR schedule described in Appendix (A.2). For ResNet18, ResNet50
and AlexNet, we noticed a significant gain in statistical performance by performing LR scaling in
OmniLearn. For an overparameterized network like VGG11, we observed marginal gains in test

accuracy with LR scaling.

46



Configuration Test accuracy (%)

Model HL | with LR scaling | without LR scaling | Difference

ResNet18 HLA4 78.76 % 77.2% +1.56%

NV THLS 78.27% 76.4% +1.87%

HLA4 75.01% 72.75% +2.26%

ResNetS0 I8 [ 61.39% 54.5% +6.89%

AlexNet HLA4 66.41% 64.25% +2.16%

N THLS 65.46% 64.2% +1.26%

HLA4 81.92% 81.86% +0.06%

VGGl HLS 76.1% 75.8% +0.3%

Table 3.3: Performance of learning-rate scaling in ASP variable-batching

3.4.3 Compute Cost Analysis of Different Batching Techniques

In this section, we compare the worker computation times in OmniLearn with uniform-batching
(UB), variable-batching (VB), dynamic-controller (DC) and deadband-controller (DB) over syn-
chronous training. The results are shown in Fig. (3.7). As we move from variable-batching to
dynamic and deadband-controllers, the quality of throughput estimation improves significantly and
the average cluster computation time is reduced. The median or second quartile of density distri-
bution gets smaller as we move from uniform to variable-batching. For e.g., in ResNet18 UB is
most dense around 0.85 sec., while VB is around 0.65 sec. ResNet50 with UB is centered at 6 sec.
and 4 sec. with VB. The improvement in parallel scaling with OmniLearn is most apparent with
the largest model in our evaluation. UB on VGG11 is centered around 18.5 sec., and 12.5 sec. for
VB. Across all DNNs, the maximum computation time with variable-batching is nearly as high as
uniform-batching due to poor throughput estimation by statically allocating larger batches to work-
ers with more CPU-cores. With VB, the maximum computation time was observed on workers with
more computational resources (thus, running larger batches). With deadband-controller (DC), we
apply dynamic-batching with the additional constraint of min-max values over the batch-size. DB
and DC in OmniLearn mitigate outliers and improves the overall compute-density distribution of
BSP training. This shows the effectiveness of our throughput-based proportional controller in bal-
ancing batches across workers and equalizing their computation times (as seen from the condensed

density distributions of DB and DC in Fig. (3.7)).
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Figure 3.7: Distribution of worker compute times in OmniLearn with uniform-batching (UB),
variable-batching (VB), dynamic controller (DC) and deadband controller (DB).

3.4.4 Deadband Controller under Static Heterogeneity

We now see how OmniLearn’s proportional-control works with any initial batch-size under ‘static’
heterogeneity (i.e., systems’ heterogeneity is fixed and does not change over time). Generally, we
want to allocate worker mini-batches based on open-loop variable batching, and any throughput
estimation errors are corrected over the course of training via control mechanism. However, an
optimal initial point is not critical for batch-size estimation in OmniLearn. The farther away a
workers’ mini-batch is from the optimal, the more adjustments are needed to arrive at steady-state
batches. We perform BSP dynamic-batching at HLS across 4 workers with per-worker mini-batch
32, and report the batch-size adjustments and corresponding computation times in Fig. (3.8). We
set byin = 12 and byee = 96, Abpin = 15% and perform batch adjustments as per Eqn. (3.4)
(i.e., without any constraints on the global batch-size in Eqn. (3.6)). Thus, global batch-size may
increase beyond 32 x 4 = 128 if numerous batch adjustments are made over the course of training.
From Fig. (3.8), we see OmniLearn need not make several adjustments to reach equilibrium
under static heterogeneity. With batch-size tuning triggered at the end of every epoch, we see that
ResNet18, ResNet50 and VGG11 converged to their respective steady-state batches in about 2-4

adjustments, while AlexNet took around 10 adjustments before stabilizing. In AlexNet, worker #4

48



(e) AlexNet batch-size

(g) VGG11 batch-size

56 —~1.0
—— MWorkerl —— Worker3 o
9 49 Worker2 —— Worker4 E 0.9
1 s
% g' 0.8
m 28 S
& 0.7
14 <
0 2 4 6 8 10 0 2 4 6 8 10
Epochs Epochs
(a) ResNet18 batch-size (b) ResNet18 compute times
g
g F O
5 48] [ —— Workerl —— Worker3 i)
= 3
E —— Worker2 ——  Worker4 g
m 32 Q4
O
)
16 z
0 2 4 6 8 10 0 2 4 6 8 10
Epochs Epochs
(c) ResNet50 batch-size (d) ResNet50 compute times
84 ——  Worker3 \:',/ 2.5
83 Worker2 ——— Worker4 E
5 © 20
S 2
g 42 g .
)
21 ©
o0
>
< 1.0
0 2 4 6 8 10 12 14 0 2 ! 6 8 10 12 14
Epochs Epochs

(f) AlexNet compute times

64 321
£
& 4 18
548 —— Workerl —— Worker3 e —_—
=]
2 Worker2 ——  Worker4 g
o 32 S 12
@
16 <
0 2 4 6 8 10 0 2 4 6 8 10
Epochs Epochs

(h) VGG11 compute times

Figure 3.8: Dynamic-batching in OmniLearn showing workers’ batch-sizes and average compute
times over the epochs under static heterogeneity. Average compute times are reported from epoch 1
since it is measured at the end of each epoch.
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Figure 3.9: HLs are changed over the epochs to emulate dynamic heterogeneity in a cluster.

with the most resources (from Table (3.1)) peaked to maximum batch-size ;4. as allowed by the
batch-size bounds, then decreases and stabilizes to the nearest equilibrium state. Despite lack of
global batch-size constraints, global batch-size was increased by only 12% for ResNet50, and under
2.5% for ResNetl8, AlexNet and VGG11. When heterogeneity changes frequently, it becomes

necessary to impose bounds and keep the global batch-size fixed to preserve final model accuracy.

3.4.5 Deadband Controller under Dynamic Heterogeneity

In the previous section, we saw how dynamic-batching works well under static heterogeneity.
OmniLearn is also capable of responding to variations in available computational resources over
time. We set the by = 4, bjaz = 96, Abyn = 10% and simulate dynamic heterogeneity in a
step-wise manner between HL/, 2, 4 and 8. From Fig. (3.9), we vary HL at fixed intervals, triggered
by a subprocess that tweaks the CPU-cores allocated to worker containers. For a specific HL, we
allot CPU core-sets for the four workers as per Table (3.1). For ResNet18, we vary heterogeneity
once every 5 epochs, and every 25 epochs in ResNet50. As for AlexNet and VGGI11, we switch
HLs after every 20 and 4 epochs respectively. By doing so, we can scale heterogeneity from HLI to
HLS, and back to HLI over each DNNs training routine. This helps emulate scenarios when worker
resource availability changes periodically in distributed training.

Fig. (3.10) shows the batch-size adjustments and worker compute times in OmniLearn with
BSP under varying heterogeneity conditions. Across four worker containers, we set biin =4, bnaz
=96, Abpin = 10% and a global batch-size of 128. ResNetl8 trains at HLI between epochs 0-4
and so, uses the same initial mini-batch 32 across every worker (i.e., starts with uniform batching).

Although we switch to HL2 at epoch 5, workers still train with the previously chosen batches since
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Figure 3.10: OmniLearn BSP training under dynamic heterogeneity with b, = 4, bingz = 96
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batch adjustments were made only at the end of an epoch. Thus, we observe a rapid variance in
worker compute times when heterogeneity is increased (since some workers get faster and others
get slower). Worker #3 has the least resources, so its the slowest in the cluster to calculate its gradi-
ents. The updated compute times are collected over the epoch and proportional-control (Eqn. (3.4)
and (3.6)) is applied post epoch 5 and prior epoch 6. Hence, we see the spike in compute times
at epoch 5, which then lowers and stabilizes after proportional-control for HL2 between epochs
5-9. Heterogeneity is further increased to HL4 at epoch 10, as evident from the abrupt change in
compute times of that phase. OmniLearn is able to efficaciously detect the delta in worker per-
formance and adjusts batches to reach steady-state equilibrium. For ResNet50 in Fig. (3.10c) and
(3.10d), although controller stabilizes between epochs 50-150, worker compute times have notice-
able variance. This is because workers #3 and #4 with the least and most resources respectively have
already saturated to the smallest and largest mini-batch allowed as per the batch-size bounds, i.e.,
bimin and byy,q.. The batch-size of #3 cannot be further reduced, or that of #4 be increased in order to
bring down the average cluster time. For AlexNet and VGG11, appropriate batch-adjustments are
made soon after HL is changed as controller tries to best balance worker computation times given
the constraints on batch-size bounds and Ab,,;;,.

Next, we run OmniLearn under ASP and emulate dynamic heterogeneity. We use the same
configuration as BSP, b, = 4, byae = 96 and Ab,,i, = 10%. To keep the cumulative resources
fixed over decentralized BSP and centralized ASP, total cores allocated to the four workers are
lower in ASP due to additional resources needed for the PS container (from Table (3.1)). We then
vary HL. over the epochs for each model as per Fig. (3.9). With the same initial mini-batch 32,
batches are tuned based on worker compute times logged over the epochs. It is important to note
that the averaged estimates of computation times measured over the iterations in ASP may not be the
same as BSP even if the mini-batch size was the same. This is because the total CPU-cores allotted
to ASP workers is lower than BSP; cumulatively, ASP workers have 40 cores while BSP has 48
cores. Additionally, BSP has a synchronization barrier where every worker executes its updates and
logs compute time at every iteration. In ASP however, frequency of updates performed by workers
is not the same; containers with more resources execute a larger fraction of total updates on the
PS than those with fewer resources. Smaller workers thus have higher variance in their measured

compute times. Still, we see in Fig. (3.11) that OmniLearn under ASP is successfully able to
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tune its batches based on worker compute times. Akin to BSP, workers with more resources tend
to have a lower computation overhead and thus, can afford larger batches to process. For instance,
ResNet18 at HLS between epochs 15-24 has the most resources on worker #4. OmniLearn thus
applies a larger batch-size on this worker in order to equalize worker compute times that minimizes
staleness. Unlike BSP, ASP does not impose a global batch-size rule; however min-max bounds on

the batch-size of individual workers still applies.

3.5 Conclusion

In this chapter, we introduced OmniLearn, a distributed learning framework to efficiently train
DNNs over heterogeneous clusters. We proposed the Heterogeneity-level (HL) metric to account
for the variance in computational capability between workers and show how the parallel and sta-
tistical efficiency is affected in BSP and ASP-based training. The former suffers from stragglers,
while the latter faces staleness issues. With variable-batching, we attenuate these challenges to some
extent by performing variable work based on the amount of computational resources available on
each worker; compared to uniform-batching, this reduced training time by 14-85% in highly hetero-
geneous settings. We further fine-tune this approach with proportional-control to equalize compute
across the entire cluster, thus ameliorating stragglers or staleness, and improving parallel scaling as
well as convergence quality in distributed training. Last, we show how OmniLearn is able to work
efficiently in an online manner with minimal overhead, and works well in settings with static or
dynamic heterogeneity. On average, our system accelerates training across heterogeneous systems

by 26% while attaining comparable convergence targets.
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CHAPTER 4
BALANCING <COST, TIME> TRADE-OFFS OF DL IN THE CLOUD

4.1 Introduction

Cloud computing platforms like Amazon Web Services (AWS), Google Cloud Platform (GCP) and
Microsoft Azure [183] can provide the necessary infrastructure and computational resources for
training sota DNNs. However, DL techniques as well as their frameworks (such as TensorFlow
[97], PyTorch [98]) are oblivious to costs associated with training on provisioned cloud resources.
Additionally, cloud providers offer hundreds of different VM sizes and configurations, each with
different cost-performance trade-offs that makes it extremely challenging to select the “right” type
and quantity of cloud resources. As a result, DNNs are often trained on sub-optimally configured
cloud resources, leading to cost overruns, slow performance and underutilized resources.

These challenges also persist when optimizing resource allocation for conventional distributed
applications (such as map-reduce [19]) in the cloud [184]. But distributed training comes with
unique execution and synchronization characteristics, as well as a plethora of configurable hyperpa-
rameters that impact performance and resource efficiency. In this chapter, we introduce Scavenger,
a service developed on principled and practical techniques for optimizing time and cost of dis-
tributed training in the cloud. Both parallel and statistical efficiency need to be considered to select
the optimal job configuration such as cluster-size (/V) and global batch-size (B). By combining
conventional parallel scaling concepts and insights into SGD noise, we develop models for estimat-
ing time and cost of training on different (N, B) configurations. Overall, we make the following

contributions:

* Thoroughly investigate cost vs. time trade-offs in distributed training, and show how parallel

and statistical efficiency impact performance.

» Show how gradient variance results in SGD noise, and how it can serve as a reliable scalability

indicator for elastic horizontal or vertical scaling.
* Develop new analytical models that consider both parallel and statistical efficiency for pre-

55



— —
o =

Running Cost ($)

—

| 6 8 10 12 14
Training Time (hrs)

Figure 4.1: ResNet18 cost-time trade-offs over various (/V, B) configurations. (Going from left-to-
right) For any ‘B’, each point represents a cluster of 20, 16, 12 and 8 workers. A larger cluster-size
has lower training time but higher costs.

dicting DNNs’ performance. Our model predicts time and cost of different job configurations
(i.e., cluster-size and global batch-size), and constructs full trade-off curves (pareto-frontiers)

with accuracy as high as 98%.

* Our models search for the optimum job configuration in a model agnostic and online manner,

and reduce training time by up to 2 over a naively chosen configurations.

4.2 Motivation

From Chapter (2), synchronous or BSP training (shown as Eqn. (2.2)) performs weak-scaling by

b}

processing ‘b’ samples on each of the ‘N’ workers, effectively training with a global batch-size
B = Nb. Further, distributed training is resource elastic; DNNs can be trained across varying
cluster-sizes and configurations that can even be changed at runtime. Training can either be scaled-
out horizontally by adjusting the number of workers (i.e., by varying ‘IN’), or scaled-up vertically
by changing the global batch-size ‘B’. Frameworks like TensorFlow and PyTorch support model
checkpointing, so we can change horizontal or vertical scaling dynamically by checkpointing the
model state and resume training over a different configuration. Recent DL frameworks even come
with fault-tolerant and elastic training capability right out-of-the-box [185].

Such elasticity makes DL a good fit for clouds, since we can easily scale the cluster by adding
or removing VMs, and change the underlying VM size to increase the batch-size and intra-worker
parallelism. Scavenger exploits this elasticity in search for the ideal cloud configuration. How-

ever, distributed training has a statistical efficiency aspect as well that introduces complex trade-offs

[186] which makes it challenging to determine the ideal cluster configuration (/V, B). Naively run-
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Figure 4.3: Gradient computation and synchronization breakdown across different cluster and batch-
sizes, i.e., (/V, B) configurations.

ning more workers or increasing the mini-batch size has diminishing returns. Fig. (4.1) shows
the running cost and time of training ResNet18 at different cluster and batch sizes. Each point
corresponds to a specific (/V, B), and there is a pareto-relationship between cost and time (i.e., one
improves at the detriment of the other with diminishing returns) which makes it non-trivial to choose

the “ideal” configuration.

Horizontal Scaling by Changing Cluster-size:

Parallel scaling can be improved by adding more workers, or increasing ‘N’. Fig. (4.2a) shows
training time with rising cluster-size to reach the same accuracy levels in ResNet18, ResNet50
[9] and Transformer tiny [4]. As the number of workers increases, training time decreases with
diminishing returns. Raising workers from 4 to 16 does not proportionally decrease training time

by a factor of 4 x.

This parallel inefficiency in distributed training arises from non-negligible communication or
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Throughput increases as we raise B up to a certain point, then plateaus.

synchronization overhead. As per Eqn. (2.2b), assuming negligible data-movement and I/O over-
heads, iteration cost is majorly composed of gradient computation and a synchronization step where
updates are aggregated. Fig. (4.3) shows the breakdown of gradient computation and communica-
tion where the cumulative cluster capacity in terms of CPU-cores and memory allocated to workers
is the same across different ‘N’. We see the overhead of horizontal scaling in terms of higher
synchronization cost as we increase the number of CPU workers communicating with PS strategy;
bandwidth cost increases linearly with ‘N’ in star-topology [187]. For the same cluster-size in Fig.
(4.3), computation increases with larger batches as more work is done (to compute loss) in each
iteration.

The allocated memory-size of a VM is another factor that influences the choice of VMs to use.
Insufficient memory only allows small-batch training, which limits parallel scaling by performing
less work per-iteration and needs more iterations to complete an epoch, consequently attaining
lower training accuracy in the same time (as large-batch BSP training). Fig. (4.2b) shows the
training accuracy of a Transformer under a strict time deadline. From left-to-right, we increase
batch-size ‘B’ and so, the corresponding memory consumed for training increases as well due to
higher activation memory requirements [178]. This is because activation memory in a transformer
model is directly proportional to the number of transformer layers, hidden dimensions, sequence
length and batch-size. VMs below 4 GB memory failed from inadequate or OOM (out-of-memory)

€ITors.
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Vertical Scaling by Changing Batch-Size:

BSP communication overheads can be mitigated with larger batches, which reduces the number of
iterations required to complete an epoch, thus improving parallel efficiency. Fig. (4.2c) shows the
training loss in ResNet18 at different ‘B’ and shows that larger batches like 1024 achieve better
loss value than smaller batches for the same duration of training. The gains in compute efficiency
with larger batches can be seen for the three DNNs in Fig. (4.4), where the training throughput (i.e.,
number of samples processed per-unit of time) first grows as we increase the global batch-size, and
then saturates after an inflection or knee-point. The plateau in throughput after a certain B occurs
when the CPU utilization of the workers hits the ceiling and cannot increase further. The results are
shown for a cluster of 16 workers where each VM is a GCP E2-standard with 4vCPUs and 16 GB

memory.

Statistical Efficiency of Elastic Training in the Cloud:

Parallel training does not scale linearly with either horizontal or vertical scaling. Improving batch-
size or cluster-size by a certain amount does not proportionately reduce the training time to reach
similar convergence levels. In conventional parallel applications, computing work performed by all
the processes is equally useful. However, as explained in §2.9.2, not all the work in distributed train-
ing is equally effective due to the stochastic nature of mini-batch gradient descent. The work done
(i.e., gradients computed) by the individual nodes does not fully compose as total forward progress
made does not equal to the sum of the progress made by each worker or across individual iterations.
This ‘statistical inefficiency’ reflects how “aligned” the gradients are across different workers, and
is a fundamental attribute of SGD family of optimization algorithms. Statistical efficiency can be
captured by computing SGD noise, i.e., using gradient variance information in BSP training.

The gradients computed over smaller-batches tend to be noisier as they are more likely to differ
from updates calculated over the entire training data. Increasing the cluster-size ‘N’ (with weak-
scaling where per-worker batch-size ‘b’ is fixed) can increase the effective global batch-size and
converge faster (due to better statistical efficiency), but may increase the associated training costs as
well. On the other hand, increasing the batch-size has other associated costs like generalization loss,

additional memory requirements or communication overheads. In terms of parallel efficiency, we
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see the diminishing returns of large batches in Fig. (4.4) where throughput alone is not sufficient to
capture performance. Due to statistical inefficiency, we need to consider the end-to-end wall-clock
time reach a desired accuracy level with a specific (/V, B) configuration.

Scavenger builds a performance model to capture both parallel and statistical efficiency as-
sociated with horizontal and vertical scaling, and provides accurate estimates of training time for

different (N, B) to estimate the optimal training configuration in the cloud.

4.3 Scavenger Design

From a bird’s eye view, Scavenger tries to find the “ideal” configuration of a training job in an
online manner with nominal profiling and minimal information about the DL. model. Our end goal
is to minimize the time and cost of training DNNs in the cloud. We build analytical performance
models to estimate and construct the time-cost curves with different (/V, B), and select the “right”
configuration based on user preferences and constraints. However, predicting training time to reach
a specific model accuracy is especially challenging due to statistical inefficiency in distributed SGD.
To address this, we study and investigate general SGD noise indicators that serve as a proxy of
statistical efficiency. With this, we develop a statistical performance model and combine it with a

parallel performance model to estimate time and cost of training with different cloud configurations.

4.3.1 SGD Noise as a Scaling Indicator

In §4.2, we observed that simply adding more resources to a distributed training job does not pro-
portionately reduce its training time and may lead to escalating execution costs in the cloud. We
thus need appropriate scaling indicators to measure if adding more resources would be beneficial
or inane. For classic parallel applications, communication or synchronization overheads typically
serve as such scaling indicators, where we scale up or down if the scaling efficiency changes beyond
a certain threshold. Scaling laws like Amdahl’s [188] and Gustafson’s [150] use this to measure the
performance and scaling properties of an application. Although synchronization overheads are ap-
plicable in distributed training as well, it alone is not sufficient due to the statistical efficiency aspect
of DL. We seek a general indicator of statistical efficiency that is independent of model and execu-

tion environment (such as number and type of workers). For instance, such a metric could indicate
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Figure 4.5: Gradient noise requires some iterations to stabilize in the early training phase, then
eventually saturates to a value corresponding to cluster-size ‘N’.

the batch-size threshold for a given ‘N’, beyond which scaling the application does not significantly

reduce training time.

1 n
Bl Saalle™ P

E[l|gilI?]

Gradient Noise(;) = “4.1)

Statistical inefficiency arises from noise in the gradients computed by workers. From Eqn.
(n)

(4.1), SGD noise can be captured by gradients variance, where g, is the gradient tensor computed
on worker ‘n’ at iteration ‘?’, g; is the aggregated update across ‘N’ workers of the cluster, and
noise is calculated by the mean of workers’ local gradient norms and expected norm of the aver-
aged gradients. Gradient variance has previously been investigated to understand batch-size [40] or
cluster-size scaling [167], while we generalize it to both horizontal and vertical scaling.

Another advantage of SGD noise is that it can easily be integrated into the backpropagation
routine. As a measure of divergence between the calculated and “true” gradients, it is computed
by looking at the prior and post-aggregation gradients in synchronous training. The idea is that
local gradients are computed over smaller batches on a worker, while aggregated gradients are more
accurate as they are effectively calculated from larger batches in BSP (i.e., ‘b’ vs. ‘Nb’ samples
per-iteration respectively). From Fig. (4.5), noise is low in the early training stages since variance
in the gradients is on the same scale as the gradient itself. As DNNs converge, aggregated updates
become smaller, thus increasing gradient noise before saturating to cluster-size ‘N’.

As seen from Fig. (4.5), SGD noise does not stay constant throughout training, even with a static

job configuration. This is a fundamental artifact of SGD-based optimization in DL. Additionally,

gradient noise is affected by model hyperparameters such as learning-rate, regularization, order of
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Figure 4.6: Gradient noise (normalized by cluster-size ‘IN’) affects the overall training time at
different ‘B’ in ResNet18, ResNet50 and Transformer-Base trained to 80%, 90% accuracy and 18.0
BLEU score respectively.

optimization, etc. Although we want to select the optimal job configuration as soon as possible,
noise in the early training epochs is volatile and unstable, so we let it stabilize before using it
as a scalability indicator. Scavenger thus begins its exploration process for potential (N, B)
configurations only after the noise stabilizes. Although this increases the overall profiling and search
time, it provides reliable noise estimates for an accurate statistical performance model.

Fig. (4.6) shows end-to-end training time to desired accuracy level or BLEU score [189] on
different batch-sizes across various DNNs. We normalize SGD noise by ‘N’ since we want to com-
pare it across different cluster-sizes for statistical efficiency. We see an increase in gradient noise at
smaller batches result in a higher training time. Another key observation is that noise saturates and
does not significantly reduce any further beyond a certain batch-size, as seen from batches 768 and
1024 in ResNet18 and ResNet50. This is because gradients at larger batches are approximately the
same and thus, increasing B does not considerably improve the quality of gradients and thus, may
not necessarily accelerate training from a statistical standpoint (while negatively impacting parallel

scaling).

4.3.2 Performance and Cost Model

T = tyep % I (4.2)
ED

I=— 4.2b

5 (4.2b)

C=TxN xp (4.2¢)
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To develop an analytical model that predicts time-cost trade-off curves (like Fig. (4.1)) and
guides cloud resource allocation policies, we use statistical and parallel scaling indicators in an
online manner (i.e., without any prior profiling). The performance of a job depends on its batch and
cluster-size (N, B), and Scavenger’s analytical model predicts the total training time ‘1" of each
configuration as per Eqn. (4.2a), where ‘I’ iterations are required to converge on a target metric for
a given (N, B), and ¢, s the per-iteration time.

Further, iterations ‘I’ depends on the total number of epochs ‘E*, size of the training dataset
‘D’ and global batch-size ‘B’ (Eqn. (4.2b)). E is the key unknown which depends on a DNNs’ size
and complexity, desired accuracy-level and its statistical efficiency. Given fixed resources, the per-
iteration cost ¢4, stays the same since each iteration is identical from a computational standpoint.
This is because the same amount of gradient computation and synchronization is performed over a
mini-batch for every iteration. Last, the total training cost ‘C” is simply the product of total training
time, cluster-size ‘N’ corresponding to the total VMs allocated, and per-VM price ‘p’. We estimate
the number of epochs required for convergence with the statistical model, and predict the iteration
costs with the parallel model.

Search and Profiling Techniques: Before constructing the trade-off curves in distributed cloud
training, we run a search or exploration phase where we briefly deploy the job on a configuration,
measure the corresponding parallel and statistical scaling metrics, and estimate time-cost based on
Eqn. (4.2). Scavenger’s search cost involves running the job over a candidate (N, B), compute
relevant metrics, restore model state via checkpointing, and then proceed to next configuration in
the grid search. We refer to it as “full” or “offline” search since we first explore the configuration
space and then run the job on the “best” available option.

To mitigate search cost and build time-cost estimates, we can also profile a small sample of
(N, B) configurations, and build the rest of trade-off curves by fitting the learned performance
models. This “partial” or “online” search significantly reduces the search cost, but may differ from
offline search as the estimates from interpolation may be prone to a certain margin of error.

Last, we observed that many training jobs deployed in the cloud are similar and deployed as
part of hyperparameter tuning, neural architecture search, etc. For e.g., hyperparameter tuning may

involve dozens of jobs with the same model, but different activation functions, weight decay factor,
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Figure 4.7: Total epochs required to reach the same convergence target (80% in ResNet18, 90% in
ResNet50 and 18.0 BLEU in Transformer) is near-linear with respect to the normalized SGD noise
(plotted with different B for a given N).

etc. Thus, once the performance model of a job is learned, it can be stored and reused when a similar
model configuration is trained in the future. We avoid the exploratory phase entirely in “no-search”
scenario. In Scavenger, we develop full, partial and no-search techniques for both parallel and

statistical performance models.

4.3.3 Statistical Performance Model

The gradient noise scaling indicator allows us to model statistical performance and estimate the
epochs needed for convergence. SGD noise increases the amount of work required for convergence,
i.e., total number of iterations or epochs. For any global batch-size ‘B’, epochs ‘E’ is directly
proportional to gradient noise (Eqn. (4.3)). We see the empirical support for this in Fig. (4.7) which
shows normalized noise vs. epochs taken to reach a specific test metric with different cluster and

batch-size configurations.

E < noise(n p) 4.3)

For a given ‘NN’, each point corresponds to a particular value of ‘B’. The linear model can be
understood in relation to full gradient descent devoid of any noise where gradients are computed
over the entire training data. If full gradient descent converges in epochs E*, then batch-size ‘B’
would converge in E = (E* + 0 x noise(y,p)) epochs, where ¢ is an unknown linear-model
parameter that relates noise to statistical efficiency.

Fully Offline Search: Here, we profile DNNs on every (IV, B) configuration and measure its

corresponding noise. Both £* and 6 are properties of the model which are unaffected by its cluster
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Figure 4.8: Gradient noise for each (N, B) configuration to train ResNet18 to 80%, ResNet50 to
90% accuracy and Transformer-Base to 18.0 BLEU score. Normalized noise is not highly sensitive
to cluster-size, and our averaged noise model can estimate noise for any (N, B) with relatively low
erTor.

configuration, and can easily be calculated from prior profiling as shown in Fig. (4.7). We see that
the epochs needed for convergence across DNNs is not sensitive to ‘N’. It is a static property of
a model and its training routine, and not influenced by job configuration parameters. Thus, if we
have access to any prior executed configuration, we could theoretically estimate the epochs required
reach the same model quality for any other configuration. In Scavenger, we only need to compare
“relative” performance between different configurations for which we do not need prior profiling,
and compare the epochs of different configurations based on their observed noise.

Partial Search: Instead of modeling noise and epochs as a linear relationship, we can model
statistical efficiency using partial search that avoids exploring the entire configuration space. Eqn.
(4.4) inversely relates gradient noise to batch-size, with the intuition that larger batches correspond
to lower noise, while gradients computed on smaller batches are considerably noisier [40].

noise(y,g) X 4.4)

1
VB
This allows us to estimate noise on different batch-sizes by profiling a subset of batches in the
search space, measure the noise and build a linear model of noise and 1/ \/E . The model can then
be used to interpolate noise for unseen values of B. Fig. (4.8) illustrates the near-linear relationship
between noise and 1/v/B.
Partial search is performed by running the job briefly on the extremums of B, i.e., the smallest

and largest batch-size specified by the user, and then fitting data as per Eqn. (4.4). We could repeat

this process for different values of N and improve the accuracy of our statistical model. However,
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as seen in Fig. (4.8), the relation between SGD noise and B is not highly sensitive to cluster-size
N. Thus, we can further simplify the statistical efficiency model and avoid cluster-size specific
profiling by using an aggregated statistical model where we average the estimated noise for various
cluster-sizes. This can be seen in Fig. (4.8) as the dashed line across DNNs.

No-search: If the same or a similar job is executed repeatedly, we can leverage its noise vs.

batch-size relation without any additional profiling to model its statistical performance.

4.3.4 Parallel Performance Model

tcompute x b (4.5a)

togme o< N (4.5b)

In this section, we build a parallel performance model to estimate the iteration costs by lever-
aging the repetitive nature of DL training where the computational performance characteristics of
each iteration is nearly identical. This allows us to continue using the profiling-based search strat-
egy. Full-search strategy runs each of the (/V, B) configurations for a few iterations and logs down
the corresponding parallel performance metrics.

In partial-search, we use a similar interpolation approach as described in the previous sec-
tion. Assuming low I/O overhead, a single iteration in distributed synchronous training entails loss
calculation, gradient computation and synchronization of model updates. From Eqn. (4.5a), gradi-
ent computation time increases proportionally with worker mini-batch size ‘0’. For PS-based syn-
chronous training, the communication or synchronization cost increases proportionally with cluster-
size in a star-topology, while cost of decentralized communication collectives like ring/tree AR are
nearly independent of ‘N’ [187]. With these, we can model the iteration cost by profiling the ex-
treme points in the (N, B) configuration space and fit linear models to infer the computation and
communication time for any unknown configuration. In no-search, repeated executions of the same

job configuration return the actual performance metrics, avoiding the search phase altogether.
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4.3.5 Resource Allocation Policies

Scavenger combines parallel and statistical performance models for job configuration and re-
source allocation policies in the cloud. Depending on prior information available, the optimal search
strategy and cost may differ. Using profiling and modeling, we construct the time-cost trade-off
curves for various (/V, B) configurations. Once the trade-off curves are built, the “right” job config-
uration depends on a user’s objectives and constraints. In Scavenger, we support optimizing for
time, cost or a knee-point that selects the inflection point in the trade-off curves using the kneedle
algorithm [190].

The maximum cost and time is bounded within the search space by limiting the number of
workers or VMs to be allocated for a job, i.e., Ny,in, and Nyp,q,. The bounds on the batch-size, B,,ip
and B4, limit the maximum amount of noise in gradient updates (with its lower bound) or the

min-max memory size of a VM (determined by the upper bound B,,4).

4.4 Experimental Evaluation

Scavenger is implemented as a modular extension to TensorFlow v1.5 [97], where the training
scalability indicators are built atop TensorFlow’s Estimator framework [191]. Synchronous dis-
tributed training on general purpose CPUs is implemented via PS strategy [49] where a central
node aggregates the gradients and computes SGD noise. Gradients can be fluctuating so we apply
EWMA smoothing over the inter-iteration updates.

All the scalability indicators: gradient noise, worker computation and synchronization time are
sent to an external model service at each iteration. The service uses these metrics to update the
performance model if operating in the initial exploratory phase. The user selects the full or partial
search mode based on their search-cost and performance-model’s prediction accuracy requirements.
By default, we use partial search since its results were comparable to full-search with much lower
search costs. Scavenger saves all performance models on persistent storage, and no-search strat-
egy is used if a DL model has been trained before. Once the trade-off curves are built, we choose
the appropriate configuration and stop all profiling.

We interface Scavenger with standard cloud APIs to manage VMs for training. The partial-

search approach starts with the smallest (/V, B) configuration and adds VMs subsequently to reach
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Figure 4.9: Cost-Time trade-offs of different DNNs to reach the same convergence quality with
different job configurations on Google E2-standard-4 VMs. We show cost-time pareto-frontiers for
a fixed ‘B’ across decreasing cluster-sizes (from left-to-right): [20, 16, 12, 8]. Dashed line shows
predicted cost of Scavenger’s full-search performance model.

the largest configuration. We use lightweight checkpointing where new workers in an updated
configuration can pull the latest parameters from the PS and resume training. We switch to different
configurations only on iteration boundaries and reuse existing machines to avoid excessive VM
churns and startup-shutdown overheads.

We evaluate three popular DNNs: skip-connection based ResNet18/50 and attention-based
Transformer, across different VM size and price configurations over Google Cloud [69]. We demon-
strate the efficacy of SGD noise as an indicator of statistical efficiency, show the accuracy of our
performance and cost model across different job configurations, investigate the performance and
cost trade-offs of different cloud computing cost models, and overall time-cost savings with our job
configuration and resource allocation policies.

While DL is faster over GPUs, we evaluate Scavenger over CPU VMs. GPUs simply reduce
the iteration costs (i.e., parallel performance), and all aspects of Scavenger such as the analytical
model and service are unaffected by the underlying hardware parallelism. Standard CPU VMs
can also be sized in a fine-grained manner and we can configure them with arbitrary amounts of
CPU and memory. In contrast, GPUs have fixed and limited memory, and not all classes of GPUs
can be virtualized [192]. Additionally, we only consider worker cost and assume sufficient PS
nodes are available. PS allocation tackled by other systems like Optimus [164] is orthogonal and

complementary to our work.
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4.4.1 Cost and Time Trade-Offs

From §4.3.2, we can predict the running cost and time in distributed training across different clus-
ter and batch-size configurations. Fig. (4.9) shows the cost vs. time trade-offs in ResNet18 and
ResNet50 to reach 80% and 90% accuracy, and Transformer-Base to converge to 18.0 BLEU score.
For a given ‘B’, we spawn 8, 12, 16 and 20 Google E2-standard-4 VMs for distributed training,
along with an additional PS node. Each scatter point shows the results from full runs on each
(N, B) configuration, while the dashed line shows the predicted time and cost with the offline per-
formance model. The rental cost of each allocated VM is fixed, about $0.13402 per-hour. Going
from left to right, the points on each ‘B’ curve represent decreasing cluster-size, going from 20, 16,
12 to 8 workers respectively.

In Fig. (4.9), we clearly see the cost vs. time trade-offs for a given ‘B’. The per-worker
compute hardware is the same in this case, and cost of compute is proportional to ‘N’ under this
pricing model. Thus, training on larger clusters costs more, but also have the lowest training times.
Decreasing the worker count may lower the cost slightly, but may considerably increase the running
time.

Both ResNet18 and ResNet50 have a single inflection or knee-point for each ‘B’ curve, after
which we see diminishing returns on cost (Fig. (4.9a) and (4.9b)). For ResNetl8 at batch-size
384, (16, 384) represents the optimal (N, B) configuration as it corresponds to the knee-point for
that batch-size. With B=512, inflection point occurs at N=12 so that’s the ideal configuration at
that batch-size. For Transformer in Fig. (4.9c), we observed two inflection points at cluster-size
12 and 16 at any batch-size. For this model, we observed a notable decrease in per-iteration cost
from N=12 to 16 since for the same hardware and global batch-size, the larger N=16 results in a
smaller mini-batch on each worker. For e.g., B=768 changes the local batch-size from 64 to 48
when cluster-size increased from 12 to 16. We thus see a considerable difference in running times
between N=12 and 16, resulting in two distinct inflection points.

The trade-off curves can be a crucial tool for judicious resource allocation in the cloud running
distributed training jobs. The dashed line in Fig. (4.9) shows the cost predicted by our analyt-
ical model using full-search strategy, which relies on profiling different (/V, B) configurations to

estimate gradient noise and iteration time. Compared to the actual job running time, our offline
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performance model reported an error of only 1-5% across the three DNNs, and various cluster and

batch-sizes.

4.4.2 Performance of Partial Search Strategy

We now see the performance of partial search strategy to construct cost-time pareto-fronts by pro-
filing only a few configurations. We use the profile logs to construct the linear models to estimate
time and cost of running different job configurations. In our evaluation, we set 8 < N < 20
and 384 < B < 1024 for residual networks, while we set min-max batches to 512 and 1280 in
case of Transformers. We increment the cluster-size by 4 to compare results with offline approach
(from Fig. (4.9) that uses N = [8, 12, 16, 20]). The initial configurations deployed with partial
search are (Npin, Bmin) and (Npin, Bmaz), until gradient noise has stabilized. With exponential
smoothing, SGD noise for ResNet18, ResNet50 and Transformer-Base stabilized at 2000, 3000 and
10000 iterations respectively. The overhead from profiling on these extreme configurations with
checkpoint-restore approach was minimal, about 37 seconds for ResNet18, 40 for ResNet50 and
127 seconds for Transformer. Each job configuration with partial search was deployed for around
20 iterations, which took around /7-35 sec. across the three DNNs. Compared to an ~oracle” sce-
nario of running on the optimal configuration all along (i.e., bypassing the search phase altogether),
our approach increases the running time by 0.83 hours and adds $0.89 to the final cost. This repre-
sents roughly 13% increase in running time and 9% increase in total costs over the oracle approach.
Compared to an arbitrary job configuration, Scavenger can reduce training time by a factor of

2x and reduces cost by up to 40%.

4.4.3 Accuracy of Analytical Performance Model

As seen from Fig. (4.10), both full and partial-search are able to accurately predict the total training
time. We evaluate three configurations: full-search (orange), partial-search (blue) and a worst-case
no-search strategy that does not consider any model-specific information (shown in green). The
plot shows the error distribution between the predicted running time vs. the empirical job running
time across different (N, B) configurations. The average error for partial-search was about 4% for
residual models and less than 2% for Transformer. The error rates of full-search were even lower,

between 0.5-3.5% across the three DNNs. The no-search strategy has the same performance as

70



I Partial = Full N Universal I Partial 3 Full I Universal I Partial = Full N Universal

'y

= - 2| 2 5
: ~ :
10 E T i 10 ==
SN =X
= 5 mEm = ; -
= == - = = — = = =
8 12 16 8 12 16 8 12 16
Cluster-size (N) Cluster-size (N) Cluster-size (N)

(a) ResNet18 (b) ResNet50 (c) Transformer-Base

Figure 4.10: Error in the predicted vs. actual training time across all job configurations. The error
of full-search strategy is the lowest, followed by partial-search. Even a universal model that does
not consider any model-specific details gives modest results.

full-search if an identical model configuration has been deployed before. However, we construct
a scenario where a globally averaged model is used that averages the statistical and parallel per-
formance across all three DNNs, referred to as the universal performance model. Even a naive
approach such as this predicts job running time within an error range of 4-20%. Such a universal
model does not require any search or suffers its associated costs, and can thus be used in a fully
online manner with zero overhead.

The exact prediction of running time is not highly critical to our overall objective of discovering
the optimal configuration. We are primarily interested in the relative running times since we profile
configurations over a brief period and finally deploy the job on the best predicted configuration. It
is likely for the best predicted configuration to stay the same even if the prediction error was higher,
or the sub-optimal configuration chosen due to errors is very close to the optimal configuration in

the trade-off curve.

4.5 Conclusion

Our work falls under the category of adaptive DL on distributed infrastructure such as cloud and
shared clusters [193]. Scavenger uses noise scale proposed in AdaScale [167], which is similar
to the gradient noise or gain proposed in [40, 168, 169]. Other works use SGD noise to monitor
training performance and dynamically adjust resource allocation. We further extend these elastic
and adaptation mechanisms by adding profiling that also takes training cost into account.
Commercial offerings of ‘model-as-a-service’ (MaaS) such as AWS Sagemaker [194] have used

simple performance models, and did not consider statistical efficiency or pareto-optimal allocation.
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Searching for optimal model hyperparameters is an important cloud workload, and reducing this
search cost using parallel search techniques and early stopping can provide significant time and cost
savings [166, 195]. But unlike hyperparameter optimization which focuses only on a “bag of jobs”,
Scavenger focuses on optimizing time-cost of a “single” job. Efficient elasticity mechanisms and
policies for machine learning [196, 197] can also be easily incorporated into Scavenger.
Scheduling and resource allocation in shared clusters is challenging for distributed training jobs
due to complex performance trade-offs and large-scale computing needs. Although resource con-
tention is not an issue in the cloud, but cost optimization is indeed crucial. Scavenger is a cloud
service that uses online profiling and novel performance models for estimating the training perfor-
mance of different cloud configurations, with accuracy as high as 95%, and reduces training time

by up to 2 over a naive configuration.
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CHAPTER 5
ADAPTIVE GRADIENT COMPRESSION IN DISTRIBUTED LEARNING

5.1 Introduction

The exponential growth in the size of sota DNNs as well as the massive datasets used to train them
[198] necessitate distributed execution of training. DDL techniques increase training throughput
over multiple machines to train a globally shared model. Synchronous data-parallelism aggregates
local model updates at the end of each iteration, so per-iteration communication cost increases
with the growing size of DNNs. While the size and computational requirements of sota models
doubles between 3.5 to 6 months [12, 13], corresponding gains in chip design and improvements
in telecommunications grow every 24 and 18 months on-average respectively [199, 200]. As a
result, the infrastructure needed to train DNNs often falls behind their computing and networking
demands. The latter is especially challenging since upgrading the network stack in the cloud or
HPC clusters can be infrequent compared to appending new accelerators (to grow compute) in pre-
existing systems. Thus, communication tends to be a significant bottleneck in DDL [201].
Although a multitude of gradient compression techniques have been proposed in recent years
(as described in §2.8), the “ideal” compression factor (CF) that gives maximum communication
savings while attaining high convergence quality requires careful tuning for each learning task. A
small CF may not lower the communication cost significantly while a high CF may considerably
degrade the final model quality compared to uncompressed or DenseSGD training (since more gra-
dient information is lost at high CFs). Additionally, the optimal CF depends on a model itself (its
architecture, size, structure and depth), network bandwidth and the overhead of compression itself.
As model sensitivity varies over the course of training [27, 28], the statistical impact of compression
varies as well. Thus, gradient compression in DDL has a parallel and statistical efficiency aspect
associated with it; a high CF improves training throughput by reducing communication cost, but
increases gradient information loss resulting in slower or insignificant updates, and vice versa. The
two metrics are inversely related as one improves at the detriment of the other. In this chapter, we

introduce GraVAC, an adaptive technique to dynamically adjust the degree of compression or CF
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Model Layers | Size (MB) Dataset Test target
ResNet101 101 170 CIFARI10 80% Top-1 accuracy

VGG16 16 528 CIFAR100 90% Top-5 accuracy

LSTM 2 252 Penn Treebank (PTB) 22.0 perplexity

Table 5.1: DNNs, datasets and the corresponding convergence targets used.

by comparing information loss between prior and post-compression gradients. GraVAC evaluates
various CFs in a given search space and selects the one that best balances the parallel and statistical
efficiency. We test GraVAC over a variety of DNNs and compare with various other static and

adaptive compression techniques.

5.2 Motivation

As described in §2.5, parallel scaling in distributed training is bounded by communication and I/O

overheads. Assuming the latter to be negligible, the ‘scaling efficiency’ 7scqiing 1S mainly con-
TN

N-Ty

a distributed application across ‘N’ workers, while the ideal throughput is IV times the throughput

strained by its communication cost, i.€., Nscaling = . Here, Ty is the actual throughput of
of a single worker T (assuming homogeneous workers). In an ideal setting, 7scating = 1 irre-
spective of N. To measure the scaling efficiency of real-world applications, we train DNNs like
ResNet101 [9], VGGI16 [8] and Long Short-Term Memory (LSTM) [202] over different datasets
and convergence targets (as shown in Table (5.1)). For each model, we first measure the overhead
of inter-node communication latency and its effect on the overall scaling efficiency. Fig. (5.1a)
shows how 7,cq1ing decreases as cluster-size increases for nodes communicating over a 2.5Gbps
Network Interface Card (NIC). In addition to the number of workers, scaling is also influenced by
the size of model updates to be aggregated; VGG16 is the largest model in the set and has the low-
est Nscaling- It 1s also affected by the tensor-size distribution across model layers as well. For e.g.,
LSTM has a better 1¢q1ing than ResNet101 despite being a larger model, as listed in Table (5.1).
This is because we are communicating updates one layer at a time, and the parameters in LSTM are
spread only over 2 layers, compared to 101 in ResNet101.

In addition to parallel scaling, we previously discussed the statistical efficiency aspect of DNNs
where gradient sensitivity varies over the course of training. Fig. (5.1b) shows training sensitivity

in the early phase [149, 27] of the aforementioned models where we plot gradient L-2 norm over
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interface (b) Gradient sensitivity in the early training phase.
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Figure 5.2: Training speedup of various CFs relative to 10x for each model over a given compressor.
A speedup of 0 implies failure to converge to Table (5.1) convergence targets. The CF with maximal
speedup varies for each model and compression technique used.

the initial iterations and see how updates change and saturate over training.

Although lossy gradient compression techniques improve scaling efficiency in distributed learn-
ing, they incur a fundamental trade-off between communication cost and information loss; we can
reduce synchronization overhead by reducing the size of gradient updates and losing more informa-
tion (i.e., by compressing more), or preserve data quality by keeping most of the original bits intact
(i.e., compressing less). In the context of DDL, higher CF generally reduces communication time at
the cost of accuracy degradation, or takes more iterations/epochs to reach the same convergence tar-
get. For instance, compressing gradients to 1% volume to attain 100x CF would accelerate training,

but may attain lower final accuracy compared to DenseSGD.

What should be the ideal CF for gradient compression in deep learning?

The “ideal” CF is one that compresses enough to considerably minimize the communication cost,

but avoids trimming excessive gradient information which may degrade the final model quality.
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Additionally, compression has its own associated costs depending on target CF and computational
complexity of the compression-mechanism itself. These factors thus affect both parallel and statisti-
cal efficiency, the latter due to information loss on account of compression. Fig. (5.2) aptly demon-
strates this trade-off between parallel and statistical efficiency where the CF that offers maximum
speedup to successfully meet the convergence target varies across DNNs for different compressors
like Top-k and Random-k [111]. With Top-k, ResNet101 achieves maximal speedup at CF 100X,
while VGG16 and LSTM attain peak parallel performance at CFs 1000x and 10x respectively.
With Random-k, ResNet101 fails to converge at any CF, while VGG16 and LSTM converged to
maximal speedup at 10x. Although the typical ML practitioner may not necessarily need to con-
sider a plethora of compressors, choosing the right CF and configuration that minimizes training
time or even converges successfully is non-trivial.

Previously, dynamic compression techniques like AdaQS [203] performed quantization using
gradient mean-to-standard deviation ratio (MSR), while Accordion [131] switched between low and
high CF based on critical regime detection. In GraVAC, we tackle the ideal CF exploration problem
in a gradient-driven manner by comparing information loss between prior and post-compression
gradients to dynamically adjust CF over each iteration. Here, prior compression refers to the original
gradient tensors computed in backpropagation, while post-compression implies compressed tensors.
Starting with a low CF initially, we gradually increase compression as training progresses. During

volatile periods, GraVAC switches to a lower CF value that least degrades convergence.

5.3 GraVAC Design

In this section, we further explain the trade-offs between parallel and statistical efficiency in dis-
tributed training in the context of gradient compression. We then combine the two using metrics

like ‘compression gain’ and ‘compression throughput’ to propose an adaptive compression regime.

5.3.1 Parallel Efficiency in Gradient Compression

Parallel efficiency is contingent upon the collective and communication library used (like MPI [24],
NCCL [56], Gloo [57]), cluster-size and message-size (i.e., model-size). Improvement in network

bandwidth improves communication, but to only a certain extent, as shown in [201] where ResNet50
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Figure 5.3: Relative to CF 10x in DGC compression, throughput increases and communication
time decreases as we increase CF up to a certain point, then begins to saturate.

peaked to 75% scaling efficiency on a 25Gbps NIC and failed to improve any further, even at
100Gbps bandwidth. Even though cloud providers like Google Cloud [69] can provide 10-32Gbps
bandwidth depending on machine-type and VM size, they may not be utilized to their full potential.
Assuming negligible I/O overheads, the iteration cost of gradient compression at CF ‘c’ in Eqn.
(2.7) approximates as:

(© (o)
tStep ~ tCompute + tgz)nc + 75comp—decomp

where the latter two terms are the synchronization and compression-decompression overhead
(c)

for a specific CF and compression technique. Compression overhead, denoted by b eomp—decomp

must be as low as possible for a compressor to be viable.

Fig. (5.3) shows how the communication cost and training throughput reduces only up to a
certain point even with compression. The DNNs are trained with layerwise Deep Gradient Com-
pression (DGC) [115] over a 32 GPU cluster, and results are normalized with respect to CF 10x.
Overall system throughput is influenced by compression overhead and communication time, since
the time .ompute Of backpropagation is fixed across all CFs. Based on the compression technique,

the latency of compression and decompression operation may vary with the target CF. For e.g.,

4©

comp—decomp

across M elements in O(M + klog M) time. The throughput of ResNet101 and VGG16 saturates

for ¢ = 100/k decreases with larger CF in Top-k using max-heap to sort the top k%

at CF 500 and plateaus thereafter, while LSTM increases even at 1000 x (from Fig. (5.3a)). Com-

munication savings also diminish at higher CFs due to smaller message size in compressed updates

and dominating latency costs, as seen in Fig. (5.3b).
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5.3.2 Statistical Efficiency in Gradient Compression

As explained in §2.8, gradient compression relies on error-feedback in the form of delayed updates.
Residual gradients in error-feedback help preserve model features and attain good accuracy [112,
115], but can sometimes degrade model generalizability on account of stale updates. In spite of
error-feedback, training at high CFs can exacerbate overall training time, convergence quality, or
both if the compressed updates fail to update the model in any useful way. It is thus crucial to have
a training indicator that quantifies information loss between compressed and original gradients.
We do so by comparing the variance of compressed and original gradient tensors on every iteration
and see how it correlates to actual model convergence. Denoting original gradients computed in
backpropagation as “Prior-Compression (PrC)” and the compressed, error-fed tensors as “Post-
Compression (PoC)”, we compare PrC and PoC tensors in two separate configurations at CFs 10x
and 1000x for each model in Fig. (5.4). We compare the convergence curves for the two CFs with
DenseSGD to see how much the convergence quality degrades with compression.

For ResNet101, compressed gradients PoC at 10x are nearly identical to the original gradi-
ents PrC (in Fig. (5.4a)), while there is considerably more information loss between PrC and PoC
gradients at 1000x, as seen from Fig. (5.4b). This information divergence between prior and post-
compression gradients translates to their convergence curves as well in Fig. (5.4c), where CF 10x
and DenseSGD have similar accuracy curves while 1000 x converges to lower accuracy in the same
iterations. VGG16 follows a similar trend with CF 10x where PrC and PoC gradient variance is
nearly identical (Fig. (5.4d)) and so are the convergence curves of 10x and DenseSGD in Fig.
(5.4f). We observe a slight deviation between PrC and PoC 1000x initially in Fig. (5.4e), which
also corresponds to slow convergence in the early iterations of 1000x. As models converge and
gradients get smaller, the deviation between PrC and PoC gradients decreases for both CFs and they
converge to nearly the same accuracy levels as DenseSGD in Fig. (5.4f).

As seen in Fig. (5.4g) and (5.4h) of LSTM, PoC 10x and 1000 x gradients lie on similar scales
as their respective PrC gradients, with CF 1000x having slightly higher deviation from its PrC
counterpart. From Fig. (5.41), DenseSGD has the least perplexity (and thus, better model quality),
followed by CF 10x and 1000x respectively.

To compare information loss between PrC and PoC gradients compressed to CF ‘c’, we propose
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a simplistic metric called ‘Compression gain’. As per error-feedback from Eqn. (2.8), gradients are
updated such that gélf) = ggi) + residual(~D, where g(()i) are the gradients computed at itera-
tion ‘4’ in backpropagation, while residual*~!) are accumulated from the previous iterations and

added back to produce the error-fed gradients gizf) With compressor C, gradients are compressed to

g((;i) =C [gé?] Compression gain is then measured as the ratio of the expected norm of compressed
gradients and the gradients updated with error-feedback, as shown in Eqn. (5.1).
Elllge” |17

Compression gain = e 5.1
Ef| 19711

Thus, GraVAC accounts for statistical efficiency by comparing the deviation between original
and compressed gradient tensors. As updates computed over each iteration can be noisy, we keep
a moving average of the gradients to measure compression gain. The computational and mem-
ory footprint of this approach is low since the window-size in EWMA is finite and only a single-
precision float corresponding to gradient variance is stored at each iteration. Compression gain is
also bounded between {0, 1], where it is close to 0 when the compressor trims excessive informa-
tion, and = 1.0 when it retains most data. As DNNs converge, gradients get smaller and saturate
(i.e., close to 0) and higher compression thus becomes viable in the later stages of training. This is
because gain increases in later training phases (up to a maximum value of 1.0) as compressed tensors
become more aligned with dense gradients. Intuitively, DenseSGD will always have a compression
gain of 1.0 since the hypothetical compression operator in that case is effectively an all-pass filter,
making prior and post-compression gradients the same.

For CFs 10x and 1000x runs in Fig. (5.4), we plot the corresponding compression gain using
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Eqn. (5.1) in Fig. (5.5). Across all models, 10x has a higher gain than 1000 since more gradient
information is preserved at the lower CF. The 10x gain trajectory is close to 1.0 for all DNNs,
which interestingly also corresponds to the near-similar convergence curves of 10x and DenseSGD
in Fig. (5.4c), (5.4f) and (5.4i). For ResNet101 in Fig. (5.5a), gain of CF 1000 is low initially, then
rises and oscillates between 0.4 and 0.8. The low compression gain in the first thousand iterations
correlates to the considerable gap between PrC and PoC gradients in Fig. (5.4b) and lower accuracy
at CF 1000x in Fig. (5.4c). A larger model like VGG16 is more robust to a high CF of 1000 x
and achieves nearly the same accuracy as DenseSGD in the end (Fig. (5.4f)). Correspondingly, the
compression gain of VGG16 1000 x is high as well; up to 0.9 as the model converges. For LSTM in
Fig. (5.5¢), compression gain for 10X is nearly 1.0, and oscillates between 0.8-0.9 for 1000x. The
high gain values of the two CFs is close to its DenseSGD counterpart (with a gain of 1.0), which
also correlates to their perplexity curves in Fig. (5.41). From the results in Fig. (5.4) and (5.5), we
thus see how compression gain serves as a viable indicator of statistical efficiency at different CFs

in gradient compression, which in turn correlates to its convergence quality.

5.3.3 Fusing Parallel and Statistical Efficiency in Gradient Compression

From §5.2, choosing a CF stochastically may not necessarily yield improvements in training time
and attain high model quality at the same time. To account for both parallel and statistical efficiency
in gradient compression, we combine ‘system throughput’ and ‘compression gain’ into a single

metric ‘Compression Throughput’, given by Eqn. (5.2).

Tcompressz'on = Tsystem X ComprGSSion gain (5.2)

If CF is very high, system throughput will be high as well but the corresponding compression
gain would be relatively smaller, thus lowering the resulting 7¢ompression- On the other hand, gain
will be high if CF is low, but the system throughput of this configuration will be smaller due to higher
communication overhead. With Compression Throughput, we capture this pareto-relationship be-
tween parallel and statistical efficiency (i.e., system throughput and compression gain) of gradient

compression in DDL.
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Figure 5.6: GraVAC is implemented between the training framework and DL model.

5.4 Experimental Evaluation

GraVAC is developed as a modular extension to PyTorch’s [98] DDP package [204, 64], as shown
in Fig. (5.6). We implement four prior compression techniques that we evaluate with GraVAC:
Top-k [114], DGC [115], Redsync [127] and Random-k [111]. The details of GraVAC’s adaptive
compression mechanism are described in §B.1 of Appendix (B). The convergence targets and train-
ing routines are described in Table (5.1) and Appendix (B.2). We evaluate GraVAC with different
scaling policies and look at the convergence curves (i.e., test accuracy or perplexity), average com-
pression throughput of candidate CFs and kernel density estimates (KDE) of iterations with different
CFs. KDE plots the iteration distribution used by candidate CFs on the log-scale with a smoothing

bandwidth of 0.1 passed to a gaussian kernel.

5.4.1 GraVvAC’s Adaptive Compression Policies

We now look at GraVAC’s parallel and statistical performance with different scaling policies for
CFs bounded in the range [0,in, Omaz], With gain threshold €, evaluation frequency ‘window’ and
saturation threshold w. The step-size 65 is determined by the scaling policy, such that 6, is either

upscaled exponentially, or increased gradually as a geometric progression.

Exponential Scaling Policy:

Here, we implement the ScalingPolicy function in Alg. (4) such that CFs are scaled up in expo-
nents of base 2 with respect to the initial 6,,,;,. On top of DGC, we set 0,,;,=10X, 0,1,4,,=1000x%,

window=500 iterations and w=1%. Between 10x and 1000x, we thus raise 0 in factors of 21, 22,
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Figure 5.7: Performance of GraVAC with exponential scaling policy with e-thresholds 0.7 and 0.9
vs. DenseSGD, iteration densities and compression throughput for various CFs.

24, 28, etc. The candidate CFs thus evaluated with current parameters under this policy are 10x,
20x, 40x, 160x and 1000x. We deploy GraVAC on two configurations, ¢ = 0.7 and ¢ = 0.9.
The former threshold value relaxes the constraint on compression gain for larger CFs to be eligible
for communication, consequently achieving higher compression. A larger € (i.e., close to 1.0) al-
lows synchronization of compressed gradients only if they are highly representative of the original
gradients. We first compare the statistical performance of the two e-thresholds with DenseSGD
since the latter represents the ideal convergence scenario. Then, we compare GraVAC with multi-
ple compression techniques using static CFs and compare final model accuracy or perplexity, total
communication savings and overall speedup.

For ResNet101, Fig. (5.7a) shows that GraVAC achieves the same test accuracy as DenseSGD

in the same number of iterations. The low and high gain thresholds reduce the overall communi-
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cation volume by 163x and 19x over DenseSGD. Here, we measure the communication volume
as the total single-precision floats exchanged among workers in GraVAC relative to DenseSGD.
With compression, convergence is more volatile, as seen from accuracy drop due to learning-rate
decay after 9000 iterations. The accuracy degradation is more apparent for € = 0.7 as we train with
larger CFs due to the lower threshold. Comparatively, the higher gain threshold is more robust to
hyperparameter tuning like learning-rate decay as we train with smaller CFs. This is seen in Fig.
(5.7b) which plots the distribution of iterations using different CFs over training. For e = 0.9, we
train in similar frequency at 10x and 1000, while we train at 1000x for majority of the iterations
with the lower threshold. For the larger threshold in Fig. (5.7¢), although T¢o/mpression 1S maximum
for 1000x and minimum at 10x, we still evenly train with the two CFs (in Fig. (5.7b)). This
is due to the higher threshold value and because 6,,,;, did not scale up and remained at 10x for
ResNet101. Thus, when gain of any candidate CF failed to meet the threshold, we communicated
at 10x compression. For € = 0.7, compression throughput was maximum for 1000x and GraVAC
continued training at this CF for majority of the iterations as the corresponding gain easily met the
set threshold in this case.

Fig. (5.7d) compares the convergence for VGG16 with GraVAC’s exponential policy and Dens-
eSGD. Similar to ResNet101, VGG16 reaches similar accuracy-levels in the same number of iter-
ations, where ¢ = 0.7 and 0.9 reduce communication volume by 80x and 13.5x over DenseSGD.
For € = 0.9, although T¢.o;pression Was maximum at CF 1000 x, the compression gain correspond-
ing to this CF was not as high to meet the required threshold. We thus often switched back to 0,,;,
and trained at CF 10x for most iterations (as seen from density plots in Fig. (5.7¢)). For the smaller
e = 0.7, GraVAC found CF 40x to meet that threshold, and thus trained with 40x and 1000 x
for majority of the training phase. The compression throughput of CF 40x at e = 0.7 was also
the second-largest in our exploration space. As training progresses, model converges and gradi-
ents saturate. Thus, compression gain improves even further and we attain maximum 7%o,pression
corresponding to CF 1000x, as seen in Fig. (5.7f).

GraVAC with LSTM converged to nearly the same perplexity on both gain thresholds, shown
in Fig. (5.7g), while reducing communication volume by 279x for e = 0.9 and 289 for e = 0.7.
For the given dataset and training hyperparameters of LSTM, we already saw from Fig. (5.5¢c) that

the compression gain was high for both CFs 10x and 1000x. Thus, we see that most iterations
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train at 1000x in LSTM (from Fig. (5.7h)) as the gain for this CF easily met both e-thresholds. The
compression throughput is maximum at 1000x as well (Fig. (5.71)), making it the optimal CF for
this configuration.

Next, we compare GraVAC’s exponential scaling policy with static compression techniques,
i.e., compressors using a fixed CF. We evaluate against Top-k, DGC, Redsync and Random-k at 10 x
and 1000x CFs. Each compressor is trained until the target metric does not improve any further,
and we report test accuracy/perplexity and training speedup relative to Topk 10x CF in Table (5.2).
In ResNet101, compressors Redsync, DGC and Top-k at CF 1000 x achieved considerable speedup
over Top-k 10, albeit with lower final accuracy. At CF 1000 x, Topk, DGC and Redsync converged
to 76.4%, 78.6% and 77.4% test accuracy. Random-k failed to converge at both CFs and the final
accuracy did not improve beyond 20%. With GraVAC’s adaptive scheme, ResNet101 converged to
80.2% accuracy while still reducing training time by 4.32x.

We previously saw that VGG16 is robust to high compression (as seen from Fig. (5.4f)). VGG16
at 1000x on Top-k, DGC and Redsync achieves > 90% accuracy with about 3.22x, 3.35x and
3.6x speedup over Topk 10x. At CF 10x, Random-k converged to 87.8% accuracy and failed to
improve beyond 30% accuracy at CF 1000x. GraVAC attained 90.48% accuracy with 1.95x overall
speedup, so other compression schemes were faster since they used a higher CF for a learning task
robust to compression.

For LSTM, GraVAC obtains the least perplexity 21.25 while achieving maximal speedup of
6.67x over Top-k 10x. Random-k at CF 1000 x failed to converge, while 10x reached a perplexity
of 24.15. Aside from GraVAC, only Top-k, DGC and Redsync at CF 10x achieved similar or better
convergence quality than DenseSGD.

Hence, we see that GraVAC is able to train DNNs like ResNet101 and LSTM to high quality
while still considerably reducing its training time. Static compression schemes achieve high accu-
racy at smaller CFs but result in lower speedups due to higher communication costs, while larger
CFs significantly reduce communication at the cost of lower model quality. On the other hand, over-
parameterized models like VGG16 can be robust to compression and successfully converge even at

high CFs.
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Model Compression | Target metric | Speedup
Top-k 10x 80.14% 1x
Top-k 1000x 76.4% 3.02x
DGC 10x 80.4% 1.23x
DGC 1000x 78.6% 5.19x%
ResNet101 Redsync 10x 79.4% 1.2x
Redsync 1000x 77.4% 6.94 x
Random-k 10x - -
Random-k 1000x - -
GraVAC 80.2% 4.32x
Top-k 10x 91.2% 1x
Top-k 1000x 90.68% 3.22%
DGC 10x 90.8% 0.935x
DGC 1000x 90.4% 3.35x%
VGG16 Redsync 10x 90.45% 0.99x
Redsync 1000x 90.3% 3.6
Random-k 10x 87.8% 0.7x
Random-k 1000x - -
GraVAC 90.48 % 1.95x
Top-k 10x 22.0 1x
Top-k 1000x 26.78 3.36 %
DGC 10x 21.67 1.23 %
DGC 1000x 25.14 6.25x%
LSTM Redsync 10x 21.65 1.17x
Redsync 1000x 24.24 6.9
Random-k 10x 24.15 1.3%
Random-k 1000x - -
GraVAC 21.25 6.67 x

Table 5.2: Parallel and statistical performance of GraVAC over static compression

Geometric Scaling Policy:

Here, we propose a gradual scaling policy where the ScalingPolicy function (from Alg. (4)) in-
crements CFs as a geometric progression with a common ratio of 2.0. We deploy GraVAC over
Redsync compression with 0,,,;, = 10X, One = 2000x, € = 0.7, ‘window’ = 2000 iterations
and w = 1%. Thus, candidate CFs evaluated with this policy are 10x, 20x, 40x, 80x, 160x,
320x, 640x, 1280x and 2000x. Fig. (5.8a) shows the accuracy of ResNet101 over the course of
training. GraVAC reduced the overall communication volume by 76 x over DenseSGD. Compared
to exponential policy, convergence is slower since each candidate CF is evaluated over a larger
window-size. As a result, gradients get smaller and saturate as we approach higher CFs, and gain of

candidate CFs easily meets the e-threshold and gives similar iteration densities from CF 10x-640x
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Model Method | Direct (ms) | Multi-level (ms) | Speedup

Top-k 606 332 1.83x
DGC 90 59 1.52x

ResNetl01 3 cdsync 3 298 1x
Random-k 23 14 1.64x
Top-k 181 121 1.49x
DGC 122 95.5 1.27x
vGGl6 Redsync 101.4 87.7 1.16%
Random-k 41.6 31 1.34 %

Top-k 200 126 1.59%

DGC 88 63 1.4x

LST™M Redsync 69.4 46.4 1.5x%
Random-k 56.4 374 1.5x%

Table 5.3: GraVAC’s mulit-level compression speedup

(Fig. (5.8b)). After that, we mostly train with CF 1280 instead of 2000x since the compression
throughput at these CFs was 1029.9 and 1035.4, which falls well within the bounds of w = 1%.

This is because GraVAC does not scale the CF beyond the point where the parallel and statistical

efficiency of compression stops improving.

5.4.2 Multi-level Compression in GraVAC

Alg. (4) in Appendix (B) explains how GraVAC scales up compression from 6,,;p, t0 0,4, With a
step-up factor 6;. Compressing the original gradients twice, once over 6,,,;, and then to candidate
CF 6. may incur considerable overhead. The latency of compression operation may be higher for

large DNNs with proportionally larger tensors, as well as the target CF used for compression. If
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Model Method | Floats sent | Comm. savings | Time savings
Resnet101 Accordion | 4.17 x10'! 1x 1x
GraVAC | 9.38 x 107 44.5% 1.94x
Accordion | 3.83 x10!! 1x 1x
VGGl6 GraVAC | 1.7 x 1010 22.4x 5.63 %
Accordion | 4.2 x10!! 1x 1 x
LSTM GraVAC 4 x 107 104.2x 2.06 x

Table 5.4: Communication and time savings with GraVAC

operator C compresses tensor X to CFs 6 and 6s:
Xl = 6(91, X) and XQ = 6(62, X)

where 2 > 0; and compressed tensors & and Xy are produced by compressing the original
tensor X. To reduce this overhead, we apply multi-level compression where we first compress X' to
X1, and then further compressing A to CF 9’2 and produce le.

Xy =C(01,X) = X, =C(6,, X)) : eg_a

The resulting tensor XQ’ = X for 9'2 = 6, /0;. The time savings come from the second compression
operation applied on the smaller tensor & instead of X'. We tabulate these savings in Table (5.3) for
CF 1000x across various compression techniques. In multi-level compression, we first compress
to CF 10x (i.e., #1), and then compress the former’s output to CF 100x (i.e., 9/2) to get tensors
compressed to 1000x (i.e., #2) relative to original tensors. In direct approach, we tabulate the
cumulative cost of first compressing to 10x and then compressing the original tensors to 1000 x.
From these results, we see that multi-level compression in GraVAC is about 1.1-1.83x faster than

directly compressing the original gradients twice.

5.4.3 Comparing GraVAC with prior art

We compare GraVAC with another adaptive scheme, Accordion [131], which uses rank-1 and rank-
4 compression as the lower and upper bounds. Table (5.4) tabulates the communication cost and time
savings in GraVAC and normalizes it with respect to Accordion’s performance. For ResNet101,

GraVAC reduces communication volume by 44.5x and speeds up training by 1.94 x over Accor-
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Figure 5.9: ResNet101 on Random-k showing convergence of GraVAC and Accordion, along with
GraVAC’s compression throughput and iteration densities at different CFs.

dion. For larger models like VGG16, GraVAC accelerates training by 5.63 x, and twice as fast to
train LSTM by reducing communication volume by over hundred fold.

Accordion uses two CFs during training; a small CF during sensitive phases, and a larger CF
otherwise. On the other hand, GraVAC looks at information loss due to compression and adjusts
CFs in a fine-grained manner throughout training. Accordion looks at inter-iteration gradients,
while GraVAC looks at intra-iteration gradients to perform compression, thus cognizant of the
compression quality of a compressor.

We further see the convergence capability of GraVAC by training with Random-k compression
and compare with Accordion. Previously, we observed in Table (5.2) that ResNet101 on Random-k
failed to converge successfully at either 10x or 1000x CF. Although the compression quality of
Random-k is lower than other compressors, we use it as a special case to demonstrate GraVAC’s
dynamic compression policy and ability to operate at a fine granularity. We set 0,,;, = 1.5X,
Omaz = 1000x, ‘window’ = 2000 and ¢ = 0.7, while CFs are scaled-up via geometric policy.
Accordion was deployed with the same min-max CF bounds, i.e., lower CF of 1.5x and higher
CF 1000x. Fig. (5.9a) plots the convergence curves of the two, and see that unlike Random-k
at fixed CF 10x that failed to converge (in Table (5.2)), GraVAC achieved 78% test accuracy on
ResNet101. The candidate CFs evaluated here were 1.5, 3x, 6, 12X, 24 x and 48 x; CFs beyond
this point were ignored as they did not meet the minimum gain threshold requirement. From Fig.
(5.9b), CF 12x has the largest density, implying that most iterations used this CF for training. The
compression throughput is maximal at this CF, and smaller for later CFs due to lower compression
gain. Compared to DenseSGD, GraVAC reduced the overall communication volume by 18 .

Accordion on Random-k attained ~ 20% test accuracy only as it does not consider the efficacy
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of the compression technique (i.e., statistical efficiency in gradient compression) and switches CFs
if the uncompressed, inter-iteration gradients change beyond a certain measure. The information
loss in the gradients with these min-max bounds was thus too high to update the model in any

meaningful way.

5.5 Conclusion

Gradient information has previously been studied to detect critical training regions [27, 28, 149]
or as a scalability indicator [168, 169, 167] in DL. Adaptive compression schemes such as Accor-
dion switch between two compression levels based on critical or sensitive regions measured through
inter-iteration gradients. The key insight of GraVAC is to adaptively vary compression-rate through-
out training while balancing the pareto-relationship between parallel and statistical efficiency of
gradient compression. We use ‘compression gain’ to measure information loss from compression
and adjust CFs accordingly. GraVAC converged 1.95-6.67x faster over static CF training, while
converging in nearly the same number of iterations and accuracy-levels as DenseSGD. Compared
to Accordion, we attained up to 5.63 x reduction in overall training time.

GraVAC’s performance is influenced by parameters like min-max CFs used, the window-size
for each candidate CF, scaling policy used and gain threshold €. Setting too small a window-size may
result in poor convergence as all candidate CFs may be exhausted while the model is still in early
training stages and gradients are volatile. For the gain threshold, choosing a small € may achieve
high compression from the beginning, but also lead to model degradation since highly compressed

gradients would likely fail to update the model in a significant manner.

5.6 Related Publications

1. Tyagi, Sahil and Swany, Martin. “GraVAC: Adaptive Compression for Communication-
Efficient Distributed DL Training.” 2023 IEEE 16th International Conference on Cloud Com-

puting (CLOUD) (2023): 319-329.
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CHAPTER 6
FLEXIBLE COMPRESSION-COMMUNICATION OVER UNPREDICTABLE
NETWORKS

6.1 Introduction

Gradient compression techniques alleviate expensive communication either by transmitting fewer
values, or reducing the bit-width of updates, or approximating gradient tensors to a lower dimen-
sional space. Training with low CFs ensures good convergence quality, but suffers from poor
parallel scaling due to high communication costs. On the other hand, high CFs improve parallel
efficiency but may degrade statistical performance as model parameters are updated with com-
pressed gradients [31]. Additionally, the overall speedup attained in distributed training depends on
a plethora of factors like cluster-size, model-size, target CF, and network-specific parameters like
device placement, latency, effective bandwidth and the collective implementation used for com-
munication. Even smaller DNNs like ResNet18 can suffer from frequent communication in high
latency, low-bandwidth settings. With the exception of low-rank approximators, most compression
techniques involve sharing a subset of total values and their corresponding indices using collec-
tives like All-Gather (AG) [187]. In some cluster and network configurations, cost of AG can be
higher than All-Reduce (AR) for the same message-size. Thus, distributed DL may exhibit varying
communication costs contingent upon various factors.

In this chapter, we propose AR—Topk or All-Reducible Top-k [32] compression that works with
different topologies of AR (like ring and tree) and describe its two variants, followed by their re-
spective communication cost analysis. For fluctuating and unpredictable networks, we develop
heuristics to choose the optimal collective between AR-Topk (with ring or tree AR), AG-based
compression or AR with DenseSGD. Lastly, to balance parallel and statistical efficiency, we model
gradient compression as a multi-objective optimization (MOO) problem to assess the optimal CF at

different training stages.
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Figure 6.1: (a) Computation and synchronization times across 8 intra-node GPUs. (b) Communica-
tion cost when intra-node device placement comprises of 8 GPUs/node on 1 node, while inter-node
setting contains 1 GPU/node on 8 nodes.

6.2 Motivation

Following Moore’s law, growth in computational capabilities of modern silicon has accelerated
compute in DL applications. We corroborate this in Fig. (6.1a), where the computation cost of
ResNet18, ResNet50 [9], AlexNet [1] and ViT [205] is substantially lower than the communication
cost of aggregating updates among 8 V100 GPUs residing on a single node. As model-size increases

(from left to right), so does its communication time.

Inter-node vs. Intra-node scaling:

In BSP training, synchronization cost between a cluster of nodes depends on the physical distance
between them. Intra-node GPUs on a single node are connected via high-speed interconnects like
PClIe (Peripheral Component Interconnect express) Gen4 (at speeds 64GB/s), GenS (128GB/s) [58]
or NVLink 4.0 with up to 900GB/s bandwidth [206]. Scaling on a single system is limited by
finite interconnect density or limited PCle lanes. For e.g., NVIDIA DGX systems can accommo-
date up to 8 GPUs per-node [207] and the NVSwitch can connect up to 256 GPUs in a cluster.
Inter-node systems can scale even further, but suffer the high communication cost to transfer large
updates over networks with comparatively lower bandwidths. The average bandwidth available to
general-purpose cloud VMs is about 10Gbps [208], while high tier VMs can get up to 25Gbps
egress bandwidth [69]. In Fig. (6.1b), we compare the synchronization cost of various DNNs for
intra and inter-node configurations. 8 V100s are co-located on a single node in the former (i.e., 8

GPUs per-node) with peer-to-peer (P2P) transport enabled to allow CUDA direct access, while the
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Operation | Bandwidth Complexity Communication cost
PS (Star) O(MN) 20+ 2(N —1)Mp
Ring-AR O(M) 2(N — 1)a + 28D g
Tree-AR O(M log(N)) 2alog(N) +2log(N)Mp3
Broadcast O(M log(N)) alog(N) +log(N)Mp
Allgather O(MN) alog(N)+ (N —-1)Mp

Table 6.1: Bandwidth Complexity and Cost of Communication Primitives

latter is composed of 8 machines with 1 GPU per-node, connected over a 10Gbps interface. We see
that inter-node communication is manyfolds more expensive than intra-node AR over NVIDIA’s

NCCL communication backend [56].

Communication Cost of MPI Collectives:

Depending on network topology and algorithmic implementation, the cost of aggregating updates
in distributed DL may vary. Centralized systems use one or multiple-sharded PS based on star-
topology, while decentralized systems may use different versions of AR like reduce-broadcast,
scatter-reduce-allgather (SRA), ring, tree, etc. Table (6.1) lists the total cost and bandwidth com-
plexity of different collectives based on the -3 communication model [62, 30]. Here, the a-term
is network latency, 1/ is the network bandwidth and ‘M’ is size of the model or gradients ex-
changed among ‘N’ workers. Synchronization cost in PS increases with both cluster and model-
size. Ring-AR is dominated by latency cost (i.e., the a-term) as its bandwidth-optimal, i.e., S-term
is nearly independent of N and only increases with model-size M. Although Tree-AR is logarith-
mic bandwidth-optimal, it has a lower latency cost than ring; a-term is proportional to log(N) in
Tree and (N — 1) in Ring-AR. Thus, cost of different collectives vary for a given network configu-
ration, cluster and model-size, and implementation. In the latter for instance, AR over CUDA GPUs

is faster over NCCL than Gloo, while Gloo performs better than MPI over CPU-based training.

Gradient Compression to Mitigate Communication Overhead.:

Lossy gradient compression techniques like LWTop-k [112] and MSTop-k [209] retrieve the largest
k% gradients and transfer its respective values and indices. As explained in Eqn. (2.8), error-

feedback mechanism preserves updates and improves the statistical efficiency of lossy compressors.
(©)

comp—decomp

By Eqn. (2.7), parallel efficiency depends on the compression overhead ¢ and synchro-
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Figure 6.2: Workers communicate gradient values and indices via AG in sparsification.

nization cost tgi,)nc at CF ‘c’. If the communication cost of DenseSGD is t ., then for a compressor

to be viable over DenseSGD: ¢\ + tgﬁ)nc < tsync; updates in the latter are aggregated via

comp—decomp
centralized PS or decentralized AR, where each may have different latency-bandwidth costs asso-
ciated with it. However, sparse updates are not compatible with AR, since updates are collected
via AG by transmitting select values and its indices from each worker, as a tensor index chosen on
one worker may not necessarily be chosen for communication on another. We see this in Fig. (6.2)
where the top 50% values in the two workers correspond to different indexes; we thus communicate
both tensor values and indices via AG. A gradient tensor of size ‘M’ compressed to top-k% values
thus needs to transmit [2kM//100]| data-points (i.e., [kM /100]| gradient values and [£A//100] in-
dices). Although some compressors like Random-k (a sparsification technique) and PowerSGD (a
low-rank approximation method) are AR friendly, the former has poor convergence quality while
the latter has considerable compression overhead and has been shown to attain lower CFs than other
techniques [124].

The computation cost of compression itself may also vary with each technique and target CF.
Fig. (6.3) shows the compression overhead in LWTop-k and MSTop-k compression at CFs 10, 100
and 1000x. The latter has a higher compression overhead than LWTop-k as it needs multiple rounds
to compute its threshold. Thus, the largest model ViT has the largest compression cost in MSTop-k.
On the other hand, LWTop-k retrieves the top-k% gradients on a layerwise basis, so a model with
the more layers tends to have a higher compression time. We see this for ResNet50 in Fig. (6.3a)

with its higher compression overhead over larger models like AlexNet and ViT.
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Figure 6.3: Overhead of different compression techniques. For the same target CF, MSTop-k has
higher cost than LWTop-k due to its multi-round threshold estimation.

Latency and Bandwidth Variability in Distributed Systems:

Variable and unpredictable network performance is prevalent on the edge, cloud and even HPC.
Different classes of nodes or VMs have varying networking tiers available to them in terms of
ingress/egress bandwidth [69, 70]. In mobile computing and IoT, edge devices tend to have slower
networks compared to fog serves. Network heterogeneity can also arise from topology (e.g., star,
mesh, peer-to-peer, ring, flat tree, etc.), type of links (ethernet, infiniband) and physical mediums
(like fiber or copper). Latency and bandwidth can even vary on the same link with time due to
various factors. Network bandwidth, which measures the data-transfer rate of a connection can

fluctuate with time because of:

* Network Congestion: Effective bandwidth can decrease over high network traffic, increasing

data-transfer time on account of saturated links.

* Quality of Service (QoS) prioritization: Jobs deployed on a cluster of nodes may have dif-
ferent QoS priorities, where high-priority jobs are allocated a bigger chunk of the total band-

width. Thus, low-priority jobs may suffer from slow communication.

* Resource Sharing/Contention: Even without explicit prioritization, concurrent jobs in shared

environments must share finite resources, lowering bandwidth per-job.

* Network Scheduling: Switches and routers may use different scheduling algorithms to allocate
bandwidth for different traffic flows, which in turn influences how networking resources are

shared among applications.
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Configuration Time cost (ms)
Tensor-size | («,1/5) | AG 10x | AG 1000x | Ring-AR
(10, 40) 189 66 286
(10, 25) 262 67 374
108 (10, 10) 525 70 716
(10, 5) 976 74 1271
(10, 1) 4568 111 5773
(100, 40) 460 336 1548
(100, 25) 529 338 1638
(100, 10) 798 340 1975
(100, 5) 1248 345 2530
(100, 1) 4830 380 7028
(10, 40) 1668 442 1552
(10, 25) 2320 453 2402
10° (10, 10) 5010 482 5774
(10, 5) 9507 534 11380
(10, 1) 45355 898 56190
(100, 40) 1920 711 2808
(100, 25) 2604 720 3654
(100, 10) 5280 745 7024
(100, 5) 9805 791 12621
(100, 1) 45645 1154 57442

Table 6.2: Top-k compression + communication cost at CFs 10/1000x with AG vs. Ring-AR on
uncompressed tensors with 100 million and 1 billion parameters respectively.

The latency or communication delay over a network can fluctuate as well. Local area network
(LAN) has a very low latency, ranging from a few micro- to milliseconds, inter-rack latency in
a data-center can be in the order of tens of milliseconds, while inter-node latency is even worse
(as seen in Fig. (6.1b)). Network load and congestion can also cause latency-surge under high
traffic flows due to queuing delays as multiple jobs may perform simultaneous data transfers. The
network routing that decides the data-path of a packet also influences its latency. Although routing
protocols dictate the optimal path for transmission, different routes can result in varying latency due
to network congestion and physical distance. As a result, variable latency and bandwidth over a
cluster of nodes can affect a distributed job’s completion time.

On a cluster of 8 inter-node V100 GPUs connected over a 40Gbps network, we vary the latency
(i.e., @) and bandwidth (1//) using linux’ ‘tc’ module [210] and measure the time it takes to
synchronize tensors with 100 million and 1 billion parameters represented as single-precision or 32-

bit floating points. Latency is controlled via ‘netem’ or network emulation qdisc (queuing discipline)
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while the bandwidth is adjusted via ‘htb’ or hierarchical token bucket qdisc. We compare the time
taken to reduce the original, uncompressed gradients with Ring-AR vs. the cumulative compression
and communication time of Top-k using AG to collect compressed updates. For e.g., a 1 billion
tensor compressed to CF 1000x exchanges 2 million data-points with AG (values + indices), while
Ring-AR communicates all 1 billion values. The results are tabulated in Table (6.2) for different
(o, B) configurations. Although compressed communication with AG for any CF ‘c’ is faster than
ring-AR for the same (o, 3) due to its smaller message size, AR call does not take cx more time
to communicate its updates. This is because the cost of different collectives varies with message-
size, cluster-size and network parameters. Ring-AR is bandwidth-optimal but sensitive to high-
latency, as evidently seen from the wider gap between AG and ring-AR when latency is as high as
100 milliseconds. Synchronization overhead in AG rises considerably in low-bandwidth networks
even if latency remains constant. Thus, it is not always clear if compression is viable with AG-

communication, or synchronize original updates with optimized collectives instead.

Measuring Statistical Efficiency in Gradient Compression:

We now look at the effect of a chosen compression technique and CF on the statistical performance
of DNNs. LWTop-k and MSTop-k train at CFs = [10x, 100x, 1000x] on a cluster of 8 V100s
over a (4ms, 20Gbps) network. For MSTop-k we use 25 rounds to accurately estimate its threshold
value. Table (6.3) records the iteration time, test accuracy and convergence difference compared to
DenseSGD for the two compressors. The training routine and hyperparameters for each model is
described in §6.4. Here, the iteration cost includes computation time, I/O overhead, compression
and communication cost to transmit updates via AG, while DenseSGD has no compression over-
head but communicates entire model state via AR. Regardless of CF, the iteration cost of MSTop-k
is more than LWTop-k due to its multi-round estimation (as also corroborated by its higher com-
pression cost in Fig. (6.3)). In some cases like ViT at CF 10x, MSTop-k has a higher iteration time
than even DenseSGD due to its high compression overhead.

From a statistical point (seen from the ‘Accuracy’ and ‘Difference’ column of Table (6.3)),
MSTop-k attains similar or better accuracy than LW Top-£ since its threshold estimates are computed
over the entire model, while the latter compresses on a layer-by-layer basis. In LWTop-k, DNNs

with non-uniform layers and skewed gradients may thus lose critical updates since the fraction of
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Model Method titeration | Accuracy | Difference

DenseSGD 98.7 90.8% 0.0%

LWTop-k 10x 62 90.15% -0.65%

LWTop-k 100x 38.4 88.49% -2.31%

ResNet18 | LWTop-k 1000 x 36.8 87.2% -3.6%
MSTop-k 10x 83.22 90.59% -0.21%

MSTop-k 100x 60.22 89.83% -0.97%

MSTop-k 1000 x 58 88.69% 2.11%
DenseSGD 152.5 98.75% 0.0%

LWTop-k 10x 130.24 98.65% -0.1%

LWTop-k 100x 79.4 98.3% -0.45%

ResNet50 | LWTop-k 1000 x 72.7 96.55% -2.2%
MSTop-k 10x 124.35 98.64% -0.11%

MSTop-k 100x 72.63 98.49% -0.26%

MSTop-k 1000 x 67.33 97.73% -1.02%
DenseSGD 230.6 82.41% 0.0%

LWTop-k 10x 156.8 81.68% -0.71%

LWTop-k 100x 33.45 81.45% -0.96%

AlexNet | LWTop-k 1000 x 21.3 78.9% -3.51%
MSTop-k 10x 214.5 81.8% -0.61%

MSTop-k 100x 914 81.7% -0.71%

MSTop-k 1000 x 79 78.92% -3.49%
DenseSGD 475 80.4% 0.0%

LWTop-k 10x 362.4 79% -1.4%

LWTop-k 100x 94.64 78.75% -1.65%

ViT LWTop-k 1000 x 67.7 78.25% -2.15%

MSTop-k 10x 543.6 80.47% +0.07%

MSTop-k 100x 275.24 79.87% -0.53%

MSTop-k 1000 x 248.8 79.76% -0.64%

Table 6.3: Iteration time (ms), accuracy and difference with respect to DenseSGD.

gradients selected from each layer is fixed (proportional to layer-size). Important updates from
larger layers may not even be eligible for communication if majority of the critical updates are
cluttered in only a few layers.

ResNet18 reached 90.8% accuracy with DenseSGD, while LW Top-k attained 88.49% and 87.2%
accuracy at 100x and 1000x respectively. MSTop-k on ResNet18 achieved 89.83% and 88.69%
for the same CFs. Other DNNs exhibit a similar pattern; as CF is increased, communication cost
is reduced but model accuracy degrades as well. In Chapter (5), we defined Compression Gain to

measure this information loss between prior and post-compression gradients. From Eqn. (5.1), gain
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Figure 6.4: Compression gain of LWTop-k and MSTop-k at various CFs measures statistical effi-
ciency that correlates to final model accuracy achieved by each configuration.

is computed by comparing the deviation between error-fed and compressed gradients:

Ellg1121/Ell 19711

The overhead of calculating compression gain is low as it only needs to calculate the norm of
first-order updates computed in backpropagation. Fig. (6.4) plots the compression gain over the it-
erations at various CFs of LWTop-k and MSTop-k compression. Across all DNNSs, the gain tends to
be smaller for high CFs as more gradient information is lost. Gain also changes in the early training
stages and during certain critical regimes, and eventually saturates [31, 149, 27, 131]. By compar-
ing with Table (6.3) for each compressor and CF configuration, we notice a correlation between
compression gain and model convergence. For e.g., ResNet50 at CF 1000x attained 96.55% accu-
racy with LWTop-k and a higher 97.73% with MSTop-k; at the same time, MSTop-k has a higher
compression gain than LWTop-k. Additionally, the generalization performance between different
compressors and CFs can also be inferred from their respective compression gains. E.g., AlexNet

with LWTop-k at CF 10x and MSTop-k at 100x have roughly the same 81.68% and 81.7% test
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accuracy, while their gains saturate to the same level as well (Fig. (6.4c)). Thus, compression gain
is a practical and effective heuristic to evaluate the efficacy of different compressors and CFs, and

measures the statistical efficiency of lossy gradient compression.

6.3 AR-Topk Compression

We now propose an AR-compatible Top-k compression-communication mechanism called AR-Topk,
along with its worker selection mechanism and communication cost analysis to determine the op-
timal collective in DDL training. Although optimized AR collectives have low bandwidth-cost
compared to AG, using the latter to communicate the same tensors may have lower cost under
certain networking and training-specific conditions. Hence, we propose a flexible compression-
communication scheme that uses the optimal collective based on the - communication model.
To determine the optimal CF and collective that best balances the parallel and statistical efficiency
of lossy compression, we model gradient compression as a multi-objective optimization (MOO)

problem.

6.3.1 AR-compatible Top-k Compression

We implement a Top-k compressor using max-heap and retrieve the top k% values across fused
gradient tensors, i.e., compression is applied over the entire model instead of a layerwise manner
(as done in LWTop-k). Compared to MSTop-k which is based on multi-round threshold estimation,
the overhead of max-heap based sorting is much lower. AR-Topk takes the compressed values and
indices from Top-k sorting and initiates a “Broadcast” from a worker to disperse its corresponding
indices, followed by an “AR” call to aggregate values on the indexes that were broadcast in the first
step. The AR call in the second step can be ring, tree or any other implementation of allreduce.
After the broadcast of compressed indices from a worker, gradient values reduced at those posi-
tions may not necessarily correspond to the top k% gradients across all workers. To choose which
worker shares its local top-k updates with other workers in cluster, we explore two worker selection

mechanisms in AR-Topk compression:

1. Variance-based or VAR-Topk selects worker with the largest gradient variance and disperses

the indexes corresponding to its local top-k values, followed by calling AR on those elements.
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Algorithm 1: AR-Topk Compression

1 Parameters: CF c, cluster-size N, worker-rank r, gradient value g at index ¢x
2 function train ():

3

W X & wn e

10
11

12
13

14
15
16
17
18
19

residual g,y = 0

fori=1,2,...do

G(i,r) = V}—(Z'(Z',T), w(i,r)) + residual(i_ljr)
8(i,r) X(iyr) = ToPk (G(i ), €)

if STAR-Topk then

Ty =1 % N

else if VAR-Topk then

var [N]=0

var [r]=lgn?

var =AllGather (var)

7(;) = var.indexOf(max(var))

i;‘(z‘,r) = Broadcast (ix( ), STc = f(i))
g(i,r) = G(i,r) [ix(i,r)]

residual ; .y = Gi ) — & )

g(i,r) = AllReduce (g(l,r))

W(it1r) = Wty = 17 &(ir)

i++

Since the significance of model updates can be measured by its variance across workers, the

worker with largest gradient variance is chosen to communicate its local updates.

. Staleness-based or STAR-Topk chooses top-k indexes from each worker in a round-robin

fashion, which are then broadcast to call AR on values at those indices. This way, each
worker transmits its top-k compressed update once every ‘N’ iterations (i.e., in a cluster of
‘N’ workers). While error-feedback effectively works as delayed or stale updates, STAR-

Topk further adds an implicit staleness of NV training steps.

Alg. (1) illustrates how workers are chosen in AR-Topk. Error-fed gradients G; ;) at iteration

‘2> are compressed to CF ‘c’ on each worker with rank or worker-id ‘r’ in the first step. STAR-

Topk selects a worker based on the current iteration count and cluster-size (at line 8), while VAR-

Topk involves additional steps where an array of length ‘N’ stores the gradient norm of worker

‘r’ at index r (line 11). An AG call over the array synchronizes variance across all workers (line

12), and the worker with the largest gradient norm is chosen for communication (line 13). The

overhead of this step is relatively low as the message-size exchanged among workers is just ‘N’
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single-precision floats. Once a worker (denoted by rank 7 ;)) is chosen, the corresponding indexes
are sent via broadcast (line 14). The values at these indices are then selected on other workers,
residual gradients are updated and aggregated via AR (lines 15-17). Finally, model parameters are

updated and training proceeds to the next iteration (lines 18-19).

6.3.2 Communication Cost Analysis of AR-Topk

i ving = 01208 = 1) + log(V) |+ MeB[ 2T L iog) ] 610
o, =3alog(N) + 3McBlog(N) (6.1b)

The cumulative communication overhead of AG to exchange ‘2M ¢’ bytes of compressed gradi-
ent values and indices is: alog(N) 4+ 2McB(N — 1), for latency « and bandwidth 1/ to transmit
‘M’ bytes of gradients compressed to CF ‘c’. On the other hand, communication in AR-Topk is a
two-step process: one Broadcast call to distribute a worker’s top-k indices, followed by calling AR
to reduce values at the corresponding indexes. AR-Topk may use different implementations of AR
such as ring or tree-based reduction. From Table (6.1), each has a different cost in terms of the -5
model. The overall message exchange cost of AR-Topk thus depends on the implementation of
AR algorithm, shown in Eqn. (6.1a) and (6.1b) for ring and tree-based reduction respectively.

Since communication cost can vary based on the AR collective used, we develop rough heuris-
tics to determine which reduction algorithm is ideal for AR-Topk based on cluster and network
configurations, target CF and DNNs’ parameters. Looking at the a-( costs of ART-Ring and ART-
Tree in Eqn. (6.1), the former should be used if t%{p#m g < t(f%Tftree and vice versa. After
solving, ART-Ring is faster than ART-Tree if the -/ ratio follows Eqn. (6.2a). In other cases, it
may be optimal to use AG instead of AR—-Topk. For DNNs with ‘M’ bytes of gradients compressed
to CF ‘c’, ART-Ring or ART-Tree are faster than AG if their latency-bandwidth ratio satisfies Eqn.

(6.2b) or (6.2c¢) respectively, otherwise communication is faster with AG.
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log(N) — (N —1)/N
(%)ART—Ring,over,ART—Tree < ( Og]if _) 1 _( log ( ]V))/ )M c (6.23)
o . 1 log(N)
(B)ART—ng,overAG < (1 - N - m)MO (62b)
e (N—-1) 3
(E)ART—Tree,overAG < <M - §>MC (620)

6.3.3 Compression as a Multi-Objective Optimization Problem

The parallel and statistical efficiency of lossy gradient compression in DDL is inversely related, i.e.,
one improves at the detriment of the other. This can be seen from the iteration costs and accuracy
achieved in Table (6.3) where larger CFs result in lower iteration times (thus, improving parallel
efficiency) but at the cost of lower final accuracy (i.e., degrading statistical efficiency). As gradient
sensitivity varies throughout training, it is intuitive to change CF as training progresses as well. For
instance, we could use low CFs in early stages when gradients are volatile and higher CFs when the
updates are saturated and stop changing significantly (thus, training is robust to compression in this
stage).

To accelerate training while still achieving DenseSGD-like convergence quality, we propose an
adaptive compression scheme on top of AR-Topk that models compression as a multi-objective op-
timization (MOO) problem. Here, we identify three key metrics that affect the relationship between

parallel and statistical efficiency:

1. Compression time: The overhead to compress and decompress gradients depends on the
compression technique itself and may vary with the target CF as well. For e.g., Top-k sorting
based on max-heap for G gradients has complexity O(G +k log ). In this case, compression

cost decreases as target CF increases.

2. Communication time: Among AG, ART-Ring and ART-Tree, the optimal collective with
the least communication cost depends on «, 8, M, N and target CF (as described earlier in

Eqn. (6.2)).
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3. Compression gain: Depends on the compressor quality, CF, stage of training, and indicates

statistical efficiency from the gradient information lost in compression.

comp—decomp’ °S

Coptimal = argmin{F ( #© t(z)nc, gaz’n_l(c))} (6.3)

In Eqn. (6.3), the optimal CF c,ptima: can be determined as a solution to the MOO problem that
aims to minimize the compression and communication overheads (i.e., tgnp_ decomp and tg‘;)m),
while maximizing compression gain (or minimizing 1/gain). Since both network performance
and gain can vary throughout training, so does coptimar- Additionally, we bound the candidate CFs
in a min-max exploration space [Cjow, Chign] SO as to avoid losing important updates at excessively
high CFs or incur considerable communication cost at very low CFs. The search for ideal CF at
the current model and training state is triggered when the average latency or bandwidth changes
beyond a certain threshold. A background process measures inter-node bandwidth using iperf
[211] and latency via traceroute [212]. The same process also controls « and [ via traffic
control utility tc to emulate different network settings (as explained later in §6.4). Based on «,
B, M, N and CF ¢, the compression-communication mechanism with least cost is chosen as per
Eqn. (6.2). Compression gain for each candidate CF is re-evaluated only in sensitive periods when
the inter-iteration gain at current CF changes beyond a specified threshold. In order to do this, we
first preserve the global model state via checkpoint-restore, select a candidate CF and run for a few
iterations, log the average gain and compression time, then reload saved state from the checkpoint to

evaluate the next candidate CF. The checkpoint-restore technique ensures that model quality does

not degrade from evaluating very high CFs during the exploration phase.

6.4 Experimental Evaluation

We implement AR-Topk compression-communication mechanism in PyTorch v1.12.1 with NCCL
v2.10.3 to enable communication between 8 inter-node GPUs. ResNet18 was trained over CIFAR100
for 50 epochs with per-worker batch-size 32, momentum 0.1, weight decay 5Se-4, learning-rate 0.1
that decays by 10x at epochs 15, 30 and 45. ResNet50 trained on Food101 [182] for 100 epochs
with batch-size 64, momentum 0.1, learning-rate 0.1 and weight decay le-4. AlexNet trained on

CalTech101 [181] for 50 epochs with batch-size 32, momentum 0.9, weight decay Se-4, learning-
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Model Method tstep (MS) Acc. Diff.
DenseSGD 146.21 90.79% | 0.0%
STAR-Topk 10x 64.83 90.19% | -0.6%
STAR-Topk 100x 49.68 89.89% | -0.9%
ResNet18 | STAR-Topk 1000 x 48.17 88.81% | -1.98%
VAR-Topk 10x 77.2 90.15% | 0.64%
VAR-Topk 100x 62.1 89.5% | -1.29%
VAR-Topk 1000x 60.5 88.7% | -2.09%
DenseSGD 29435 | 98.72% | 0.0%
STAR-Topk 10x 100.8 98.68% | -0.04%
STAR-Topk 100x 67.68 98.57% | -0.15%
ResNet50 | STAR-Topk 1000 x 64.37 98.38% | -0.34%
VAR-Topk 10x 113.4 97.65% | -1.07%
VAR-Topk 100x 80 98.2% | -0.52%
VAR-Topk 1000x 76.5 97.33% | -1.39%
DenseSGD 614 82.4% 0.0%
STAR-Topk 10x 129.5 81.74% | -0.66%
STAR-Topk 100x 50.3 80.41% | -1.99%
AlexNet | STAR-Topk 1000x 42.38 79.57% | -2.83%
VAR-Topk 10x 142 83.15% | +0.75%
VAR-Topk 100x 62.6 81.78% | -0.62%
VAR-Topk 1000 x 54.4 78.06% | -4.34%
DenseSGD 1348.5 80.42% | 0.0%
STAR-Topk 10x 276.32 | 79.72% | -0.7%
STAR-Topk 100 x 104.13 | 79.18% | -1.24%
ViT STAR-Topk 1000 x 86.91 79.23% | -1.19%
VAR-Topk 10x 289.2 80.12% | -0.3%
VAR-Topk 100x 117 792% | -1.22%
VAR-Topk 1000x 99.7 79.8% | -0.62%

Table 6.4: Test accuracy, iteration time and difference over DenseSGD in STAR-Topk and VAR-

Topk over a (4ms, 20Gbps) network.

rate 0.01 and decay factor 0.1 at epoch 25. Last, ViT was trained over CalTech256 [213] for 50
epochs with batch-size 32, momentum 0.9, weight decay 5e-4, learning-rate 0.01 and decay-rate 0.2
at epoch 40. While comparing different compression techniques and target CFs, we report the top-1

test accuracy and the time taken to complete a single training iteration (in milliseconds).

6.4.1 Training Speedup and Convergence Quality

Table (6.4) tabulates model convergence quality and time taken per-iteration in STAR-Topk, VAR-
Topk and DenseSGD. We train over a network limited to 4ms latency and 20Gbps bandwidth

through tc, and configure NCCL to use tree-AR in DenseSGD by setting the environment vari-
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Figure 6.5: Iteration density of 8 nodes (ranks 0-7) to broadcast top-k indices with STAR and VAR-
Topk compression. STAR-Topk has similar distribution across all workers due to its round-robin
nature, while some nodes have higher density than others in VAR-Topk.

able NCCL_ALGO to ‘TREE’. From the table, we see that accuracy decreases as CF increases across
STAR and VAR-Topk. At the same CF, STAR-Topk has better performance than VAR-Topk. For
e.g., ResNet50 at CF 1000x has 0.34% lower accuracy than DenseSGD with STAR-Topk, and
about 1.39% lower accuracy with VAR-Topk. To understand the difference in generalization per-
formance between the two (even at the same CF), we look at the iteration density (KDE) of each
worker that broadcasts its topk indices during training. For the 8 workers with ranks or id between
[0, N — 1] in Fig. (6.5a), we see similar iteration densities in ViT at CF 100x for the two AR-Topk
variants, which also correlates to their similar accuracy levels of 79.18% and 79.2% in Table (6.4).
For AlexNet at CF 1000x, STAR and VAR-Topk converged to 79.57% and 78.06% respectively (a
considerable difference of 1.51%). In this case, iteration density of VAR-Topk is more skewed and
non-uniform compared to STAR-Topk, shown in Fig. (6.5b). Worker ranks 1 and 6 broadcast con-
siderably more updates than other workers, while rank 4 transmits its top-k gradients sporadically.
The infrequent updates from rank 4 are stale and may degrade model quality. On the other hand,
STAR-Topk has a uniform distribution due to its round-robin approach.

Another important aspect of VAR-Topk to consider is its higher iteration time than STAR-Topk
due to the additional computational overhead associated with it (lines 10-13 in Alg. (1)). VAR-
Topk computes gradient variance and calls AG to synchronize it across all workers, exchanging
‘4N’ bytes of data in the process. The synchronization overhead of this call is low due to its small
message size. Although STAR-Topk performs better in terms of parallel performance (due to its
lower compute overhead) and statistical efficiency (from its higher test accuracy), we conjecture that

VAR-Topk can be viable when training on unbalanced and non-1ID data, or when training over a
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DNNs config. tstep (MS) Accuracy (%)
Model CF STAR | VAR | LWTop-k | STAR | VAR | LWTop-k
10x 64.83 | 77.2 62 90.19 | 90.15 90.15
ResNet18 | 100x | 49.68 | 62.1 38.4 89.89 | 89.5 88.49
1000x | 48.17 | 60.5 36.8 88.81 | 88.7 87.2

10x 100.8 | 1134 130.24 98.68 | 97.65 98.65
ResNet50 | 100x | 67.68 80 79.4 98.57 | 98.2 98.3
1000x | 64.37 | 76.5 72.7 98.38 | 97.33 96.55

10x 129.5 142 156.8 81.74 | 83.15 81.68
AlexNet | 100x 50.3 62.6 3345 80.41 | 81.78 81.45
1000x | 42.38 | 544 21.3 79.57 | 78.06 78.9

10x | 276.32 | 289.2 362.4 79.72 | 80.12 79
ViT 100x | 104.13 | 117 94.64 79.18 | 79.2 78.75
1000x | 86.91 | 99.7 67.7 79.23 | 79.8 78.25

Table 6.5: Comparing STAR-Topk, VAR-Topk and LWTop-k on ResNet18/50, AlexNet and ViT.
AR-Topk variants use AR while LWTop-k uses AG for communication.

large number of workers. With unbalanced data, collecting updates from workers with high variance
prioritizes critical updates. In massive clusters where ‘N’ is large, the round-robin updates of

STAR-Topk may add excessive staleness and degrade DNNs’ convergence quality.

Comparing AR—Topk with other compressors:

Table (6.5) shows the performance of the two variants of AR-Topk and LWTop-k at different CFs.
The former uses Broadcast + AR while the latter uses AG to communicate its compressed updates.
We limit the latency to 4ms while bandwidth is capped at 20Gbps. From the results, we see that
STAR-Topk has a lower iteration time than LWTop-k in some cases, and higher in others. For e.g.,
STAR-Topk is faster across all CFs in ResNet50, and 10x in AlexNet and ViT. On the other hand,
LWTop-k is faster across all CFs of ResNet18, 100x and 1000x of AlexNet and ViT. VAR-Topk
has higher iteration costs across all configurations due to its additional compute overhead. Thus,
AG is faster than AR-Topk in some cases and vice versa, based on network topology, latency,
bandwidth, CF, model-size and cluster-size. AR-Topk applies fensor fusion prior compression,
1.e., gradients are compressed as a whole across all layers while LWTop-k compresses on a layer-
by-layer basis. By selecting the most significant updates across entire model instead of each layer,
tensor fusion improves the convergence quality of AR-Topk. This is seen in STAR-Topk across

all CFs of ResNet18 and ResNet50, while VAR-Topk converges to higher accuracy for most CFs in
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Figure 6.6: Communication cost increases steeply with ‘N’ in AG compared to AR-Topk, shown
for CF 10x on 5ms latency and a low 1Gbps bandwidth network.

case of AlexNet and ViT.

6.4.2 Measuring Communication Overhead

In this section, we measure the communication cost of AR-Topk with ring and tree-based AR (i.e.,
ART-Ring and ART-Tree) and compare its synchronization costs with AG-based communication.
The latency is limited to 1ms while bandwidth 1/4 is varied between 10, 5 and 1Gbps on a cluster
of 8 V100 GPUs. We fused tensors into buckets of 64 MB with PyTorch’ gradient-bucketing and
tabulate the communication cost in Table (6.6). At 10Gbps bandwidth and CF 10x, ART-Ring has
the least communication overhead across all DNNs. On the other hand, AG is optimal at high CFs
like 1000x over moderate bandwidths like 5 and 10Gbps. In low-bandwidth settings like 1Gbps,
AR-Topk is faster than AG since the AR collective in the former is bandwidth-optimal. ART-Ring
is the optimal collective in low-latency, moderate-bandwidth (10Gbps) and low CF 10x settings as
well. Thus, we see that the optimal compression-communication operation in distributed training
depends on network latency, bandwidth, model-size, cluster-size and target CF. AG generally per-
forms better when model-size is relatively small (like ResNet18) with moderate-to-high bandwidth
or high CFs. In contrast, AR—-Topk with Ring or Tree-based reduction performs better on larger
models in low-bandwidth settings, as well as low CFs on high-bandwidth networks.

Additionally, we compare the scale-out cost between AR-Topk and AG as cluster-size in-
creases. Fig. (6.6) shows the results for CF 10x as ‘N’ increases from 2 to 8 nodes on a network
with an average latency of Sms and a low 1Gbps bandwidth. The communication cost of AR-Topk
has a gradual incline, while that of AG collective increases much more sharply as NV increases; in

the former, the bandwidth-cost of broadcast and AR-tree increases logarithmically with N, while
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Configuration Communication Time (ms)
Model | (o,1/8) | CF AG | ART-Ring | ART-Tree

10x 54 35 432

(1,10) 100x 7.66 18.1 12.2

1000x | 3.28 16.7 9

10x 107.76 52.5 76.3

ResNet18 (1,5) 100x 13.83 20.8 16.1
1000x | 4.25 17.9 10.1
10x 526.3 194.7 345.6

(1,1 100x | 51.93 34.1 41.9

1000x | 8.86 19.5 12.8

10x 115.1 52.9 83.4

(1,10) 100x 14.35 20.3 159

1000x | 4.65 18.1 10
10x 232 94.7 156.2

ResNet50 (1,5) 100x 28.1 26.1 24.2
1000 x 53 17.8 10.5

(L.1) 10x 1148 405.5 745

’ 100x 126.5 58.8 83.7

1000x | 14.35 21 16.1
10x 271.8 106.8 180.4

(1,10) 100x | 32.73 25.2 25.8

1000 x 6 18.6 11.1
10x 544.5 200.4 354.8

AlexNet (1,5) 100x | 61.75 34.8 42.6
1000x | 8.92 19.3 13.1

10x | 2718.7 964.4 1778
(1,1) 100x | 282.7 111.8 186.8

1000x | 31.33 27 27.3
10x | 592.77 238.6 401.2

(1,10) 100x | 68.48 36.2 46.2

1000x | 9.15 19.2 12.9

10x 1206 424.3 779.1

ViT (1,5) 100x | 127.45 58 86.2
1000 x 15.3 21.4 16.9

10x 5973 2047 3852
(1,1) 100x | 601.8 222.8 385.2

1000x | 59.68 36.7 44 .4

Table 6.6: Communication cost in fixed latency («) and variable bandwidth (1//) for AR-Topk with
Ring-AR and Tree-AR, as well as communicating updates via AG.
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Figure 6.7: Latency and bandwidth is varied over the epochs via traffic control (tc) to emulate
different network settings with low, moderate and high a-3 parameters.

AR-ring is near-independent of V. On the other hand, bandwidth overhead of AG increases linearly

with cluster-size.

6.4.3 MOO Configuration and Performance

We assign ¢jo, = 10X, cpign, = 1000x, and increase CFs by a factor of 3.0 starting from c;,.
Thus, the candidate CFs are [10x,30x,90x,270x,810x, 1000x] such that each configuration is
launched briefly in order to measure its compression gain, tcompress and &gy to formulate the MOO
problem. The overhead of this exploration phase is low as its trained for only a few iterations and
checkpoint-restore is performed in-memory (thus avoiding expensive disk read-writes). Evaluation
is triggered when the inter-iteration gain of current CF changes by at least 10% (i.e., gain-threshold
= 10%). Following this, we initiate the search for c,p¢ma only if the network latency or bandwidth
changes. This is done since changes in « and [ influence the communication cost of a CF con-
figuration. Based on the current network and training parameters, the optimal collective with least
communication cost is chosen. If AR-Topk is chosen over AG, we save the current model state and
select ART-Ring or ART-Tree (based on which is faster as per Eqn. (6.2a)) by setting NCCL_ALGO
environment variable to RING or TREE, and deploying the model from last saved state. We use
the NSGA-II algorithm (Non-dominated Sorting Genetic Algorithm) implemented in pymoo MOO
framework [214] to find c,ptima using the data gathered across all candidate CFs.

Fig. (6.7) shows configurations C'; and C', such that each training epoch has a specific latency
and bandwidth set via tc. In particular, we emulate four scenarios in C: (low-«, high-1//) from
epoch 1-12, (low-c, low-1/3) from 13-24, (high-c, low-1/) from 25-36 and (high-«, high-1//3)

thereafter. In our evaluation, we consider 1ms as low and 50ms as high latency, while inter-node
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Figure 6.8: Iteration density distributions of different CFs used when training with C; and Cs
network configurations when gain-threshold is 10%.

bandwidth of 1 and 25Gbps is regarded as low and high respectively. Configuration Cy simulates
settings of (moderate-a, moderate-1/3) between epochs 12-19 and 28-35, (high-«, low-1/[3) be-
tween 20-27 and (low-c, high-1/3) between epochs 0-11 and 36 onwards. These schedules are
applicable for ResNet18, AlexNet and ViT that train for 50 epochs. For ResNet50 that runs for 100
epochs, we scale the epoch length for each («, 1//) configuration by 2x. In this way, C applies
(low-a, high-1/p) state from epochs 1-24 (instead of 1-12). Similarly, Cs on ResNet50 exhibits
(high-c, low-1/3) between epochs 40-54, and so forth.

Performance of MOO-based Compression:

For C1 and Cs, ResNetl8 converged to 89.88% and 90.1% accuracy respectively, while ResNet50
reached 98.56% and 98.62%. AlexNet reached 82.4% accuracy on C1 and 83.6% on Cs, while ViT
attained 80.75% and 81.2% test accuracy across the two configurations.

By comparing convergence quality with ‘static’ CFs in AR-Topk (from Table (6.4)) or AG-
based LWTop-k and MSTop-k (from Table (6.3)), we see that dynamically changing CF while cog-
nizant of the compression gain achieves good convergence quality. In the larger AlexNet and ViT

models, MOO-based training achieves slightly better accuracy than even DenseSGD as flexible
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Figure 6.9: Density distributions of AG, ART-Ring and ART-Tree collectives used over training
with configurations C'1, C'y and a gain-threshold of 10%.

CFs allow for more exploration of local minima on workers which improves generalization perfor-
mance. Fig. (6.8) plots iteration KDEs of different CFs used over training across the two network
configurations. The CFs chosen by MOO are the three-dimensional knee-point or pareto-front of
compression time, communication time and compression gain, and lies in the min-max range [cjow,
Chigh]. Configuration Cy has a higher density than C as search for cyptimq is triggered only when
network latency or bandwidth changes over the epochs, and Cs changes more often than C (as seen
in Fig. (6.7)). The iteration density peaks between CFs 100x and 1000x for all DNNs, implying
most iterations used CFs in that range for majority of the training phase.

Based on the a-3 cost model, communication collectives have different associated costs based
on network configuration, target CF, DL model and cluster-size. While optimizing for coptimai, We
dynamically choose the collective with least communication overhead as well. Fig. (6.9) shows the
iteration densities of different collectives used throughout training as network performance varies
in C and Cy. For smaller models like ResNetl18 and ResNet50, training under C5 configuration
uses AG over AR—-Topk for most iterations. A major chunk of Co comprises of (low-a, high-1/[3)
and moderate-(o, 1//3) phase. In Table (6.6), we observed that both residual models use AG at

CFs 100x and 1000x over a 1ms, 10Gbps network (a low-latency, moderate-to-high bandwidth
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configuration). For ResNet50 and ViT, ART-Ring is chosen over ART-Tree since the latter has a
higher synchronization overhead. As a result, iteration density of ART-Tree is zero in Fig. (6.9b)
and (6.9d). Larger models like AlexNet and ViT use both AG and ART-Ring, as similarly observed

from the communication overhead of different («, ) settings in Table (6.6).

6.5 Conclusion

Unlike conventional parallel applications, not all work performed in training DNNs holds equal
contribution towards final model quality. This opens up new avenues for adaptive communica-
tion to attain high training speedups [31, 33, 34]. Gradient compression offers trade-offs between
speedup and convergence quality based on the degree of compression. We model this relationship as
a multi-objective optimization problem to minimize compression and communication cost (parallel
efficiency) while maximizing compression gain (i.e., statistical efficiency) in DDL. Communica-
tion cost is influenced by factors like network topology, latency, bandwidth, model-size, cluster-size
and the degree of compression (CF). Network performance may also fluctuate due to congestion,
contention, scheduling, etc. and thus degrade training performance. This chapter presents an adap-
tive mechanism to predict the optimal compression-communication configuration over variable and
unpredictable networks. Based on the a-3 cost-model and other factors, we intelligently switch
between AG and AR-Topk (with different versions of AR), and dynamically choose the optimal
CF to attain high convergence quality and training speedups.

The average DL practitioner may not necessarily be aware of the network topology when de-
ploying DNNs over a cluster of nodes, or the network configuration may vary with training infras-
tructure (for instance, training in a private cluster vs. the cloud). Our system keeps track of the
current network latency and available bandwidth to determine the ideal collective operation that
incurs the least overhead based on the latency-bandwidth communication cost-model. Apart from
Top-k, our approach is compatible with other gradient compressors (such as DGC [115], SIDCo

[117], etc.) and enables adaptive training with other sota techniques.
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CHAPTER 7
REAL-TIME LEARNING OVER STREAMING DATA

7.1 Introduction

Distributed learning in real-time over streaming data faces challenges like heterogeneous com-
pute resources and streaming-rates, limited network bandwidth, finite memory and on-device stor-
age, as well as unbalanced and non-IID data. In this chapter, we propose ScaFLES: {Sca}lable
{F}ederated {L}earning over {S}treaming data at the {E}dge, a FL framework for streaming
data in an online manner that addresses the aforementioned issues to provide significant training

speedups and achieve high convergence quality.

7.2 Motivation

To understand the challenges of synchronous distributed training (i.e., BSP) over streaming data,
we simulate heterogeneous data-streams over Apache Kafka [215] and PyTorch [98, 204], and ex-
plain its impact on training time under the effects of data-skewness, limited compute resources and

expensive communication from aggregating updates of large models over slow networks.

7.2.1 Heterogeneous Data-Streams

By Eqn. (2.2a) of BSP data-parallel training, workers with local batch-size ‘0> cumulatively run a
global batch-size ‘Nb’ when training across ‘N’ devices. However, for real-time execution over
streaming data [216, 217, 218], clients may have different streaming-rates. Devices with high-
volume streams may instantaneously collect ‘b’ samples, while low-stream clients need to wait
until ‘b’ samples are accumulated before performing model updates. A client with an inflow-rate
of ‘s’ samples/sec. would thus need to wait about (b/s) seconds. We regard such variances in
device stream-rates as a source of streaming heterogeneity. These variances can be dynamic as
well, varying based on application traffic, usage, time of day, etc. To understand how streaming

heterogeneity can affect wall-clock training time in DL due to latency incurred while gathering a
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Figure 7.1: Streaming latency incurred to aggregate different batches when worker stream-rates are
sampled from uniform and normal distributions with a mean and standard deviation of (a) 50 (b)
500.

specific mini-batch, we sample stream-rates from different distributions and measure the latency
incurred to gather a mini-batch.

We use two sets of uniform and normal distributions and sample possible device streaming-rates
with varying degrees of heterogeneity. These distributions capture inflow heterogeneity commonly

observed in real-world settings. Syp;form and S ' sample stream-rates from a uniform dis-

uni form
tribution with a mean/standard deviation of 50 and 500 respectively. On the other hand, S,0rmal
is sampled from a normal distribution with a mean and standard deviation of 50, while 5;1 ormal
has a mean and standard deviation of 500. If enough samples stream into a device to meet its
training batch-size, then there will not be any wait times. However, heterogeneous streams with
varying inflow-rates incur additional latency to accumulate sufficient samples corresponding to its

batch-size. For the chosen distributions, We plot the variance in streaming latency at different local

/ /

S

wni form ormal] 1N Fig. (7.1). As batch-size increases,

batch-sizes for [Suni form> Snormat] and [S
more time is spent accumulating the samples and thus, higher is the latency. Normal distributions
tend to be centered around the mean while uniformly sampled rates are spread evenly over the
min-max range of the distribution.

On account of heterogeneous data-streams, devices with lowest streaming-rate (and thus, most

latency) effectively act as stragglers, causing other devices to halt training while it gathers a mini-

batch, performs computations and initiates aggregation across clients.
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Figure 7.2: Convergence quality with training over IID and non-IID data. Test accuracy falls sub-
stantially over non-IID data.

7.2.2 Skewed and Unbalanced Training Data

In collaborative learning, data across the devices can be skewed either in volume, properties, or
both. For e.g., data imbalance due to volume can arise in a traffic surveillance system where differ-
ent cameras capture IID data such as frames of individual vehicles (like cars, bicycles, trucks, etc.)
but the volume of data on each device varies with the traffic density on the route where the camera is
installed. Skewness arises when the distribution of local device data deviates considerably from the
overall distribution. For instance, a vehicle recognition model deployed over a video surveillance
feed installed in a subway system collects images of trains, while devices installed on the airport
may only cover aeronautical vehicles. In such scenarios, training over non-IID data degrades con-
vergence quality as each device contains only partial labels (like only trains or planes in the previous
example). Privacy and security concerns, as well as its large volume make it unfeasible to move data
to a centralized location, especially over constrained networks.

We run two image classification tasks, ResNet152 [9] and VGG19 [8] over non-1ID data and
see its impact on convergence quality compared to IID data. Skewness is introduced in CIFAR10
and CIFAR100 datasets [180] by mapping a subset of labels to a unique device. We train over a
cluster of 10 devices such that each one of the 10 labels of CIFAR1O0 resides on a different device,
while the 100 labels of CIFAR100 are mapped such that each device contains 10 unique labels. As
seen in Fig. (7.2), test accuracy degrades considerably when training on unbalanced and non-IID
data; ResNet152 on IID CIFAR10 converged to 98% while non-IID version saturated to only 59%
accuracy. VGG19 on IID CIFAR100 data attained 90.3% while non-IID CIFAR100 did not improve

beyond 32% test accuracy.
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Figure 7.3: (a) Memory utilization increases with batch-size (b) Memory consumption changes with
the type of optimization used (c) Buffering queue grows over time when computations cannot be
performed at line-rate.

7.2.3 Limited Memory and Storage

Under high-volume data-streams, further processing and storage can get costly or downright un-
feasible due to limited resources. Finite memory presents challenges even in datacenters when the
available CPU or GPU memory is significantly lower than what is needed. Training DNNs requires
memory to store model parameters, gradients (same size as trainable parameters), intermediate acti-
vation maps and training batches [178, 219]. With the model, dataset and optimizer-type fixed, only
the activation and batch memory change with batch-size. We see in Fig. (7.3a) the GPU memory uti-
lization on NVIDIA V100 [220] with different batches as we trained ResNet152 on CIFAR100 and
VGG19 on CIFAR100. The memory consumption to train these models rises with larger batches.
Additionally, training on limited memory systems gets even more challenging as we use heavier
optimization techniques. For e.g., as we move from vanilla-SGD to keeping moving average of
previous iterations’ gradients in momentum-SGD [134], to tracking gradient variance with Adam
optimizer [136], the memory utilization rises as well. Fig. (7.3b) plots the total memory utilization
of ResNet152 and VGG19 for a fixed batch-size with different SGD optimization algorithms.

As DL can be compute-intensive, it is difficult to train models over streaming data at ‘line-rate’.
As a consequence, data can quickly accumulate if the device stream-rate is higher than its processing
rate. The size of streaming or buffering queue can grow exponentially when learning over real-time

streams, either on-disk or in-memory. For instance, client ‘c’ among ‘N’ devices has a streaming-
b; . .
j-V:l(N]) on-average in synchronous training.

In a setting where the device stream-rate is larger than the average batch-size, we have |S;| > b..

rate of S, samples/sec. and processes a batch b, =
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Each training iteration is comprised of computing loss and gradients, aggregating and applying
model updates; let’s denote this iteration time as ¢, on device ‘c’. At the initial timestep ts = 0, S,
number of samples flow in every second on client ‘c’, which then processes b. samples from it. In
the time ¢, that client ‘¢’ completes an iteration, about (¢, - S.) more samples arrive in addition to
the residual (S, — b.) that were not processed in the last iteration. Thus, there are (S, — b.) + t¢ - S
samples enqueued in the streaming buffer at timestep ts = 1. Atts = 2, there are 2(t. + 1)S. — 2b,.

samples in the buffering queue, and so on.

Qe=(tc-Se—b.) - T+S. ¥V t.-S.>be 7.1

The queue size thus increases over time due to residual samples accumulated over the previous
timesteps. We can generalize the total number of accumulated samples (). on device ‘c after T’
timesteps as per Eqn. (7.1) and note that (). grows linearly with 7.

As DNNs typically run for many iterations before reaching acceptable accuracy levels, the buffer
size can rise dramatically when 7' is large. To limit @), from flaring up, we could theoretically set b,
to t. - Se. As seen by Eqn. (7.1), Q. = S, irrespective of T" in that case. However, b, is a sensitive
training hyperparameter that may require careful tuning. Further, using ¢. - .S. as the batch-size can
be impractical if the stream-rate is too high, or inefficient if stream-rate is too low. This is because a
small batch does not leverage parallelism while a larger batch may hurt generalization performance

[140, 141].

Qo= (T te-Se+S.) if (te-Se)> be (7.2)

Assuming high stream-rates and considerable iteration cost in distributed synchronous training
due to limited compute and bandwidth, Eqn. (7.1) can be reduced to Eqn. (7.2). Using this, we
simulate how the buffering queue (). rises with 7I". For different ‘tS’, we plot queue-size on the
log-scale as a function of timesteps in Fig. (7.3c). As ‘tS’ gets larger, so does its corresponding
buffering queue. When ¢S ~ 0, the buffer holds exactly S samples at any given time; a hypothetical
setting where total iteration time is negligible regardless of the device’s streaming-rate.

To gauge the buffer requirements of inflow streams in real-world settings, we measure the space

needed to store (32x32) colored images for training ResNet152 and VGG19. With mini-batch
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DNNs t S Data accumulated at 7" steps (GB)

(s) | (imgfs) | T=10% | T =10* T =10°
100 0.35 3.5 34.33
ResNet152 | 1.2
600 2.06 20.6 200.6
100 0.47 4.69 46.8
VGGI9 | 1.6
600 2.75 27.5 274.83

Table 7.1: Data accumulated in the streaming buffer over time

size 64, the models have average iteration times of 1.2 and 1.6 seconds respectively on the same
hardware. Table (7.1) tabulates how many samples are accumulated after 103, 10* and 10° timesteps
for the two DNNs. As T'increases, so does the storage requirements for data persistence. Distributed
stream processing platforms like Kafka [215] reduce memory footprint by storing messages on-
disk as partitions, then deleting the data based on some retention policy once the messages are
successfully consumed. However, persisting data even on-disk may be expensive (due to high I/O

overhead) or become unfeasible under limited storage as data may keep accumulating over time.

7.2.4 Synchronization Cost Over Limited Bandwidth

Although training over fast processors or accelerators can significantly reduce computation time,
periodic aggregation of model updates incurs significant overhead. In a client-server setting, com-
munication cost tends to increase with the total number of devices participating in training. Im-
proving network bandwidth lowers the synchronization cost to only a certain extent, and saturates

thereafter [201].

7.3 Related Work

Training DL models with a focus on privacy, unbalanced and non-IID data has been studied in FL,
where devices train on local data and a globally shared model is learned by periodically aggregating
updates [25, 89]. STC [128] combines gradient sparsification [112] with quantization [121] to
reduce communication overhead and is shown to perform better than popular federated algorithms
under IID and non-IID data settings. Data skewness has prior been studied as a weight divergence
problem between local models and measured as the distance between device-local and overall data

distribution [83].
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The compute requirements grows in proportion to the size of sota DNNs. To reduce the mem-
ory footprint, [120] proposed automatic mixed-precision training and use 16-bit floating point rep-
resentation to store gradients. Gradient checkpointing [221] trades memory for computation by
flushing intermediate data from the computation graph to reduce memory utilization, although this
comes at the cost of increased computation as flushed activation maps need to be recomputed as
needed. Memory consumption can also be lowered by using smaller batches, although this affects
parallelizability and increases the overall training time. DL frameworks like PyTorch implement
DatasetFolder and ImageFolder [98] to read multiple samples of batches from the disk at
a time and avoid loading entire training data into memory. However, such dataloaders adhere to a
rigid format for specifying labels in the underlying directory structure. Thus, training DNNs on a
specific dataset may require elaborate preprocessing and even the on-disk storage can quickly fill
up on massive datasets.

Federated algorithms like FedAvg [25] and FedProx [89] minimize communication overhead
by choosing a low-frequency, high-volume communication strategy that periodically aggregates
model updates. On the other hand, gradient compression techniques use a high-frequency, low-
communication approach to reduce the tensor volume for data exchange among clients [115, 128,

121, 112].

7.4 ScaFLES Design

We propose ScaFLES: {Sca}lable {F }ederated {L}earning over {S }treaming data at the {E }dge,
a FL framework to address the aforementioned challenges and accelerate convergence over I1ID and

non-IID heterogeneous data-streams in near-real time.

7.4.1 Improving Parallel and Statistical Performance over Heterogeneous Streams

The works described in §7.3 either consider systems or statistical heterogeneity; the former from
variance in computational resources or stream-rates between the devices and the latter from skewed
and non-IID data. Synchronous training on devices with heterogeneous stream-rates can result in
stragglers depending on the chosen batch-size and devices with low stream-rates. The bottleneck

arises from streaming latency to accumulate b. samples on client ‘c’ to perform SGD update. At the
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edge, stream-rates can vary at an intra-device level as well, depending on factors like battery level,
usage, time of day, etc. The wait-time incurred from streaming latency can thus slow down training.

To mitigate the effects of low-inflow streams, we perform variable computations on devices
such that we set b, o< S. V c. That means we mitigate latency by setting device batch-size to its
streaming-rate. Thus, devices with high-volume streams train on larger batches while low-volume
streams use relatively smaller batches, eliminating wait times due to streaming latency. Since local
batch-sizes are different, the amount of work performed on each device is different as well. To
preserve statistical performance, device with larger batches should contribute more towards the final
model update (due to large-batches being less noisy than small-batches [40]). Hence, we perform

weighted aggregation instead of simply averaging the model updates.

(@) s& =
S O such that er =1.0 (7.3a)
Z]:l J j=1
N . .
gi= gl (7.3b)
j=1
i i i ZN: S v
nic)aled =n: Fygc)aled where fyéc)aled = % (73C)
Wip1 = Wi — nﬁ?aled - i (7.3d)

)

At iteration ‘¢, client ‘c’ trains with a batch-size corresponding to its streaming-rate Séz , scales

its local gradients g((f) by factor rg) and updates its parameters as shown in Eqn. (7.3). Here, the

N S(z)

global batch-size for the current iteration is ) =19

. As stream-rates can vary both inter- and
intra-device, so does the global batch-size. To ensure that high stream-rates don’t excessively in-
crease the batch-size and degrade final model accuracy, we add a linear scaling rule for the learning-
rate parameter [61, 156]. A learning-rate schedule 7 corresponds to global batch-size B, so the
step-size routine in case of heterogeneous data-streams is adjusted proportional to the batch-size
(Eqn. (7.3c)). When the batch-size grows by some factor, we multiply the learning-rate with the

same scalar in order to keep the scale of SGD update fixed (relative to the global batch-size and

preserve model generalization quality).
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Even with the linear scaling rule, DNNs quality may still suffer from large-batch training under

high volume streams. We thus set a threshold on the maximum batch-size to use for training, b,,q-

7.4.2 Handling Limited Memory and Storage

The buffering queue can grow over time under continuous data-streams and due to non-negligible
iteration costs at the edge. The accumulated data can either reside in memory like a buffered queue
or on-disk. By default, we can persist all the data flowing in until its processed successfully, and
then discarded. We refer to this policy as ‘Stream Persistence’. However, as we saw in Table (7.1),
accumulated samples grow proportionally with timesteps under this policy (i.e., O(S.T) complex-
ity). Stream persistence is especially viable when devices have large memory or storage to hold the
data, like in data-centers, cloud, or high-end fog devices. However, in ‘Stream Truncation’ policy,
we discard the residuals and hold just enough data corresponding to the device stream-rate. Thus,
storage requirements with truncation is just O(S,) at any given time, significantly lower than stream

persistence.

7.4.3 Convergence Quality over Unbalanced and Non-IID Data

Fig. (7.2) showed how model quality degrades when the device-local data is not representative of the
overall data distribution. As a result, features learned by the local replicas are skewed. To improve
convergence over unbalanced and non-1ID data, we propose ‘stochastic data-injection’ where a
subset of devices share partial training samples with other devices in the network. Specifically, at
every iteration a client randomly chooses fraction ¢ of the total set of devices {C'} (i.e., degree of
nodes) and shares 1 fraction of its streaming data 1S, — [¢C] (i.e., degree of data). Together,
variables (¢, 1)) determine the degree of nodes sharing a certain fraction of their data with other
devices in the network. Data-injection thus improves the overall data distribution in the cluster by
making device-local datasets more representative of the overall distribution. However, this implies
a trade-off between high model quality from better data distribution and privacy concerns arising
from moving data between clients. But privacy violations are greatly minimized by choosing only a
subset of devices randomly (based on ¢) at every iteration and sharing only partial training samples

(based on ).
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7.4.4 Handling High Communication Cost

Gradient compression with a larger, static CF may not necessarily yield the same accuracy levels as
BSP. As described previously, DNNs’ sensitivity can be high in the early phases of training and at
certain critical regions [27, 28, 149, 131]. Based on this, we use a dynamic compression technique
for FL that uses low CF over sensitive phases, and a high CF otherwise. Extending from Chapter (5),
we compare the information or entropy loss between prior and post-compression gradients to detect
these phases on top of Top-k compression. If the deviation between compressed and uncompressed
gradients is below a user-defined threshold &, we communicate compressed updates, otherwise send
original gradients. The intuition is that if the largest k% gradients retain as much information as
the original gradients within the margin of £, remaining gradients can likely be ignored as they
don’t contribute greatly towards the overall model update. If the compressor is removing excessive
information that may not update the model in a significant way or even detriment training, it is

fitting to send the original gradients instead.

|gc|* — | Topk(ge)[?
|gc’2

send(Topk(g.)) if < ¢ else send(gc) (7.4)

In Eqn. (7.4), we keep a moving average of the LL-2 norm of the original gradients g. and
its compressed update on client ‘c’. The compression threshold, denoted by £ decides the degree
of relaxation we want to impose for the compressed tensors to be eligible for communication. A
small value of £ penalizes compressed updates more severely and performs reduction only when the
compressed tensors capture most of the information, while constraints are loose with a larger £ so
it communicates compressed updates even if the information loss from original gradients is higher.
With this high-frequency, low-volume adaptive communication approach, we can vary the trade-offs
between parallel and statistical efficiency in FL by adjusting the threshold. A small £ thus favors
statistical efficiency and prioritizes convergence quality, while a large £ improves parallel scaling by

reducing communication overhead at the risk of lower model accuracy (from compressed updates).
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Figure 7.4: Convergence in BSP and ScaFLES with weighted gradient aggregation based on
stream-rates and learning-rate scaling. Stream-rates are sampled from the distributions described
in §7.2.1.

7.5 Performance and Evaluation

In this section, we evaluate the parallel and statistical performance of ScaFLES under varying
streaming configurations commonly seen in FL on the edge. The cluster setup and training sched-
ule is described in Appendix (C.1), while the simulator to emulate heterogeneous data-streams is

described in Appendix (C.2).

7.5.1 Convergence Quality over Heterogeneous Streams

We now look at the convergence quality of ResNet152 and VGG19 where we set the training batch-
size corresponding to a devices’ current stream-rate. To minimize loss of generalization, we enforce
batch-size bounds by setting the maximum to 1024. We evaluate the convergence of ScaFLES’
weighted aggregation and learning-rate scaling over heterogeneous streams, and compare with BSP
training where updates are averaged and communicated across all clients at every iteration. The
cluster setup and hyperparameters are described in Appendix (C.1). In BSP training, we set client
batch-size to 64, and a global batch-size B = 64 x N for learning-rate scaling across N = 16 clients

in ScaFLES. We sample stream-rates for the NV clients from the different uniform and normal
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Figure 7.5: Buffer-size grows over the iterations for different streaming distributions.

distributions highlighted in §7.2.1. Generally, uniform distributions tend to be more heterogeneous
than normal, as the former are even distributed over a specified range while 67% values lie within 1
standard deviation from the mean in the latter.

Fig. (7.4a) illustrates the convergence quality of ScaFLES and BSP where device stream-rates
are sampled from Sy form. We see that ResNet152 and VGG19 converge up to 3.33x and 1.92x
faster in ScaFLES to achieve the same accuracy-levels as BSP, and even attaining slightly higher

accuracy in the end. With S;L in Fig. (7.4b), final model quality of ResNet152 and VGG19

niform
was worse than BSP due to large-batch training performed in ScaFLES under this distribution;
global batch-size was ~ 4500 in ScaFLES compared to only 1024 in BSP. Learning-rate scaling
on batches this large did not improve convergence quality over BSP in this case. Streaming-rates
sampled from S),orma (Fig. (7.4c)) were 3.6-4x faster to converge with ScaFLES’ weighted
aggregation and reached higher accuracy. Large batches with LR scaling was beneficial from a
convergence standpoint in this case. Last, Fig. (7.4d) observed similar accuracy levels between
ScaFLES and BSP for VGG19, while ResNet152 over BSP attained slightly better accuracy than

ScaFLES over the normally distributed data-streams S .We see good convergence quality

normal
with ScaFLES in normal distribution since most of the sampled rates are close to the mean in this

case.
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Distribution Model Persistence | Truncation | Reduction
g ResNet152 | 2.9 x 10° 129 2238
uniform VGG19 1x10° 118 848 %
< ResNet152 | 4.36 x 10° 633 6889 x
uniform VGG19 4 % 106 523 7830
g ResNet152 | 6.2 x 10° 143 4340 %
normal VGGI9 | 3.7 x 10° 129 2861 %
g ResNet152 | 3.6 x 106 384 9429 x
normal VGG19 2.5 x 10 360 6956 x

Table 7.2: Buffer-size reduction with stream truncation policy

7.5.2 Space Savings with Storage Policies

We now look at the accumulation of streaming data into a device with the default persistence policy
in ScaFLES and compare with BSP which uses a local batch-size of 64. In Fig. (7.5), we plot
the number of samples accumulated (on the logscale) over the iterations and see that buffer-size
is smaller in ScaFLES just by using batches proportional to stream-rates, while BSP used a fixed
batch-size. The buffering queue in S, form and S, . is larger than Sy form and Spormar as the
former represent streams with higher inflow-volumes. BSP occupies 2x and 3.5x more space in

ResNet152 and VGG19 under Sy form distribution. ScaFLES holds 3.6 and 640X less storage

. /
On comparing S, . Form

than BSP for S’

uniform*

in Fig. (7.4b) and (7.5b), we see that training with
larger batches in ScaFLES keeps the buffer queue small at the cost of lower final accuracy. For
Snormal, We have 4.7-5 X lesser storage footprint than conventional BSP, and about 3.9-42 x smaller
buffers in ScaFLES under S;mmal distribution.

From Fig. (7.5), we saw that ScaFLES accumulates considerably fewer samples than BSP in
distributed training. We can further reduce the occupied buffers by stream truncation where the
residual samples are discarded and only samples that can be processed at line-rate are processed.
The buffer-size with truncation policy is thus constant and stays the same as long as the streaming-
rate is continuous. On the other hand, queue size under persistence policy linearly grows over the
iterations. Table (7.2) shows the final buffer-size with stream persistence and truncation policies for
ResNet152 to achieve 95% accuracy, and for VGG19 to achieve 84% accuracy. Additionally, the
table reports the reduction with truncation policy with respect to stream persistence. With stream

truncation, we observed buffer reductions anywhere from 850-9400x depending on the streaming
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Figure 7.6: Model convergence with stochastic data-injection on various (¢, ) configurations. We
add non-IID convergence curve for reference.

distribution.

7.5.3 Convergence with Data-Injection over Non-IID Data

Stochastic data-injection improves overall model quality over non-IID training while cognizant of
the privacy risk. The degree of data-injection is determined by node and data sharing parameters,
(¢,1) to select a subset of devices that share partial training samples. We evaluate four configu-
rations of (¢,1) in ScaFLES: (0.5, 0.5), (0.25, 0.25), (0.1, 0.1) and (0.05, 0.05). A tuple of (0.5,
0.5) implies 50% of the devices are chosen randomly to share 50% of their batched samples at every
iteration. Fig. (7.6) plots the convergence curves of different (¢, 1)) configurations in ScaFLES
and shows how the convergence quality improves over non-IID training. We also observe that there
is an inverse relationship between model quality and privacy risk in data-injection. A small value
preserves privacy by sharing minimal data between devices at the cost of lower accuracy, and vice
versa. Additionally, data-injection is not a zero-cost operation as there is additional network over-

head incurred to exchange training samples (details covered in Appendix (C.3)).

7.5.4 Parallel and Statistical Performance of Dynamic Compression

Using the dynamic compression scheme described in §7.4.4, we measure performance gains by
reduction in overall communication volume, i.e., cumulative single-precision floating points ex-
changed to achieve target accuracy. We evaluate ResNet152 and VGG19 with 230 MB and 548
MB of original gradient updates, and compress them to either CF 10x or 100x. CF 10x reduces
tensor size of the two models to 23 and 55 MB respectively, while CF 100x reduces gradient-size

of ResNet152 to 2.3 and VGG19 to 5.5 MB.
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DNN CF & | CNC | Accuracy | Floats exchanged
0.1] 0.29 | 97.55% 4.43 x 101
10x 02] 0.99 | 96.81% 0.56 x 10T
03| 1.0 98.41% 0.4 x 10T
04] 1.0 98.57% 0.4 x 101
ResNetl52 01 0 | 97.39% 6.02 x 10T
1005 |0:2] 0.17 | 97.47% 4.99 x 10T
0.3 | 043 | 96.72% 2.56 x 10T
041] 0.99 | 9497% 6.32 x 103
0.1 0 85.45% 1.3 x 1012
L0x 0.2 0.08 | 84.74% 1.19 x 10™2
03] 1.0 81.91% 1.3 x 1010
04] 1.0 81.78% 1.3 x 1010
VGGI9 0.1 0 84.68% 1.3 x 10™2
100 0.2 0 83.98% 1.3 x 1012
0.3 0 83.94% 1.3 x 10™2
0.4]0.004 | 84.39% 1.29 x 102

Table 7.3: Communication savings with dynamic compression in ScaFLES

(7.5)

CNC ratio — ( Stepscompressed )

stepscompressed + StePSuncompressed

Since some iterations exchange compressed gradients, while others aggregate original updates,
we measure overall communication savings with compression through Compression to No-Compression
ratio (CNC). From Eqn. (7.5), CNC ratio measures the fraction of iterations using compressed up-
dates to the total iterations throughout training. A CNC of 0.0 means compressed updates were not
used for even a single iteration during training, while a value of 1.0 implies that devices communi-
cated compressed gradients at every iteration. We tabulate the results of ScaFLES with dynamic
compression in Table (7.3) for various CF and £ configurations. To recall, the compression threshold
metric ¢ decides the relaxation to impose on compressed gradients to be eligible for communication.
A small £ is more stern towards compressed updates, while a large £ loosens up the constraints over
the compressed tensors.

ResNet152 with CF 10x and any & > 0.2 is fast as it noticeably reduces the number of floats
exchanged among devices. For £ = 0.1, ResNet152 with either CFs communicated original gradi-
ents for most iterations; CF 10x used compression for 29% of the total steps, while CF 100x used
uncompressed gradients throughout training. From a strictly parallel performance standpoint, CF

100x with £ = 0.4 is the optimal configuration for ResNet152 as its uses higher compression and
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DNNs Distribution | Accuracy drop | Buffer-size (GB) | Speedup

Suniform —0.06% 0.6 1.89x

ResNet152 | Suniform —0.32% 5.9 1.15x%
S, ormal —0.13% 0.8 3.29x

S al —0.21% 4.03 1.42x

Suniform —1.93% 0.26 1.56x

VGGL9 S miform —4.18% 3.91 2.83x
S, ormal —2.03% 0.35 2.06 ¥

S —1.59% 2.58 2.13x

normal

Table 7.4: ScaFLES parallel and statistical performance gains over BSP training.

makes it eligible for majority of the iterations (with its high £). However, we also observed a loss of
statistical efficiency (i.e., model accuracy) at that configuration. This pattern of low communication
cost accompanied with lower final accuracy was also observed in VGG19 for CF 10x at £ = 0.3
and 0.4. A high CNC in both the cases implies most of the iterations exchanged compressed updates
and so the accuracy drop is attributed to model degradation from sharing sparse updates in gradient
compression. An interesting observation was VGG19 with CF 100 x where communication volume
was the same across all configurations. This is because training iterations at that CF did not meet
any of the compression thresholds ¢ and exchanged original gradients throughout training. Thus,

CNC is ~ 0.0 for all £ at CF 100x in VGG19.

7.5.5 Overall Performance of ScaFLES

In this section, we look at the overall parallel and statistical efficiency of ScaFLES by combining
weighted aggregation of heterogeneous streams, buffering queue reduction with stream truncation,
reducing communication overhead with dynamic compression, and performance in non-IID data
settings. We use CF 10x with £ = 0.3 for dynamic compression in ScaFLES, which we compare
with BSP training at fixed batch-size 64, stream persistence policy and the training routine described
in Appendix (C.1).

For a given streaming distribution, we compare the accuracy drop in ScaFLES with BSP, re-
duction in buffer-size (in gigabytes) and overall training speedup until accuracy does not improve
any further. A negative value of accuracy drop implies that ScaFLES achieved lower accuracy than
BSP by that margin. Table (7.4) shows the results for IID training, where ResNet152 over ScaFLES

observed a maximum accuracy loss of only 0.32%. Convergence was also faster with ScaFLES,
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ranging from 1.15-3.29x over BSP. For high-volume streams S;niform

cation policy saved up to 5.9 GB in the buffering queue. For VGG19, ScaFLES observed up to

4.18% accuracy drop over BSP in high-volume stream S’

wni form 1rom large-batch training as well

as dynamic compression. However, ScaFLES with VGG19 reduced the buffer-size by up to 3.91
GB and reduced overall training time by 1.56-2.83x over BSP.

For non-IID training, BSP was unable to reach the same accuracy levels as ScaFLES’ data-
injection strategy. ResNet152 and VGG19 over BSP saturated to 56% and 35% accuracy respec-
tively. On the other hand, ScaFLES over non-IID data trained ResNet152 to 93.6% and VGG19

attained 77.8% accuracy (i.e., accuracy improvements of 37.6% and 42.8% respectively over BSP).

7.6 Conclusion

ScaFLES presents the notion of FL over streaming data at the edge, which presents both parallel
and statistical challenges in distributed learning. Our system addresses heterogeneous stream-rates
among devices through variable computing with additional optimizations. Unable to process data
at line-rate, we present a simplistic truncation policy to keep the buffer-size in check over devices
with limited memory and storage. To deal with unbalanced data distribution in non-IID settings, we
present stochastic data-injection that considerably improves DNNs’ convergence quality. Last, we
present a dynamic technique that compares entropy loss in compression to attenuate high commu-
nication cost over limited bandwidth networks. We simulate varying degrees of streaming hetero-
geneity by sampling from uniform and normal distributions, and show that ScaFLES can converge
anywhere from 1.15-3.29x faster than BSP. At the same time, we observe a reduction of 848-
9429 in the buffering queue with our truncation policy. In non-IID settings, ScaFLES achieves

up to 40% more accuracy than BSP.
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CHAPTER 8
FEDERATED LEARNING WITH SEMI-SYNCHRONOUS COMMUNICATION

8.1 Introduction

In FL systems, multiple clients collaboratively train a globally shared model by computing updates
on local data and periodically aggregating them over a centralized server. In addition to challenges
like data privacy and locality, FL on the the edge is constrained by limited compute and network
bandwidth. Synchronous or BSP training performs more work per-iteration by simultaneously com-
puting updates over multiple model replicas, but suffers from the high communication overhead of
aggregating updates at each step. To attenuate this slowdown, different techniques either reduce the
frequency or volume of communication, or relax the constraints on synchronization itself. We refer
to such techniques that enforce a loose form of synchronization or apply infrequent communication
based on some rule or heuristic as “semi-synchronous”.

In this chapter, we propose SelSync, a semi-synchronous FL technique that switches between
local and synchronous updates by assessing the importance of each iteration across clients. The ob-
jective of this partial-synchronous mechanism is to achieve BSP-level convergence and high training
speedups by eliminating communication and applying local updates only whenever possible. In our
evaluation, SelSync is able to train sota models up to 14x faster. In summary, we make the

following contributions:

* Implement semi-synchronous training in a centralized PS [49] setting over PyTorch RPC

framework [204].

* Develop a low-overhead technique to measure the significance of each iteration and apply a

communication rule based on it.

* Design a custom data-partitioning scheme optimal for semi-synchronous training.

* Empirically validate that parameter reduction outperforms gradient aggregation in semi-synchronous

training. This is because local and global model states tend to diverge more in the latter when
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clients train locally for longer and updates are aggregated less frequently.

* Improve SelSync’s convergence in non-IID settings by extending stochastic data-injection
[33] in the context of semi-synchronous training which outperforms other federated algo-

rithms in terms of statistical performance.

* Extensive evaluation with other FL. methods over multiple DNNs to validate the efficacy of

SelSync.

8.2 Motivation

8.2.1 Semi-synchronous training mechanisms

From §2.5, BSP does not parallelize linearly due to Amdahl’s scaling limitations [188]. This is fur-
ther exacerbated in FL on the edge where latency is high and bandwidth is low. To attenuate parallel
scaling challenges, federated techniques like FedAvg allows DNNs to be deployed on numerous
clients and aggregate model updates after a fixed number of steps or epochs. With its low-frequency,
high-volume communication strategy, FedAvg collects updates from fraction ‘c’ out of ‘N’ clients
in periods of ‘freq’ times every epoch, such that the synchronization factor f = 1/ freq. For e.g.,
¢ = 0.5 and f = 0.25 implies that FedAvg aggregates updates among half of the total devices
4 times in each epoch (uniformly spaced). Based on the chosen (c, f) configuration, the com-
munication frequency and client participation may affect the overall training time or convergence
quality. Thus, there are complex trade-offs between the two based on the deployment configuration
in FedAvg. Another critical challenge in FL systems is unbalanced and skewed data distribution
across decentralized clients. In spite of large model-sizes, statistical performance in FL is stumped
due to non-IID data. Fig. (8.1a) shows the accuracy degradation between balanced and unbalanced
data in FedAvg. ResNet101 [9] is trained on CIFAR10 [180] and VGGI11 [8] on CIFAR100 over a
cluster of 10 NVIDIA V100 GPUs [220] such that non-IID versions of the two datasets are parti-
tioned with 1 and 10 labels per-client respectively. Here, we set (¢, f ) — (1,0.1) so that updates
are collected from all clients 10 times over each epoch (i.e., every 1/10-th of an epoch).

Other techniques like Stale-synchronous parallel (SSP) are based on a centralized PS strategy

where workers mostly train independently of each other, but synchronization blocks are enforced
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Figure 8.1: Limitations of FedAvg and SSP. (a) ResNet101/VGG11 trained over IID/non-1ID CI-
FAR10/100. (b) and (c) Compute time and memory of SSP rises with batch-size.

when fast clients exceed the slow ones by some limit, denoted by user-specified staleness threshold

s’. Once the staleness threshold is crossed, fast workers pause and wait for the slow nodes to catch
up. For e.g., setting s = 100 implies that the fastest and slowest clients cannot exceed each other
by more than 100 iterations. With bounded asynchrony, SSP ensures the divergence between local
and global model parameters is bounded as well, thus mitigating staleness. For a cluster of ‘N’
clients each processing mini-batch ‘b’, SSP trains local models on fewer samples compared to BSP
(b vs. Nb respectively). Theoretically, one could increase the local batch-size to Nb in SSP and
perform as much work as BSP in each iteration. However, this raises both the computational and
resource requirements of training DNNSs, as seen from Fig. (8.1b) and (8.1c). The first plot shows
the computation time of SSP training as we gradually increase the batch-size on NVIDIA’s K80
GPU for different image and language models. ResNet101 has the largest computation time due
to its 101-layer depth. This is because feeding more samples with larger b increases the number of
forward passes made through the layers of the network, thus increasing the compute cost of forward-
pass. The second figure illustrates how the memory consumption on a client rise with the mini-batch.
In Fig. (8.1c), Transformer [4] training over WikiText-103 [222] failed to scale beyond b = 64 due
to OOM (out-of-memory) errors as its memory requirements exceeded the GPU’s 12 GB capacity.
AlexNet [1] training over ImageNet-1K [154] had a noticeably high memory utilization with large
b while using PyTorch’s torchvision.datasets.ImageFolder [223] for data loading and
batching. In general, we see that for a large cluster size ‘N’, setting a per-client batch-size Nb
would greatly increase the compute cost and memory on each client, making SSP impractical or
even prone to failures in some cases.

To summarize, FL. methods maximize useful work by frequently aggregating client updates
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(BSP), or speedup training by lowering the communication volume and frequency (FedAvg), or
loosen the constraints on synchronization itself (SSP). The latter two attain considerable speedup
over BSP in some cases, but observe considerable detriment with respect to convergence quality
in others. This is because they only consider the parallel aspect and ignore the statistical aspect in

distributed and federated learning settings.

8.2.2 Gradient Sensitivity in DNN Training

Prior work has explored that gradients computed in backpropagation are large and change dras-
tically, especially in the early stages of training [149]. A randomly initialized model adjusts its
parameters aggressively towards the minima during this stage. With good conditioning and optimal
hyperparameters, a model would eventually converge after many iterations. Updates computed in
the later stages become smaller as the model approaches convergence and gradients stop changing
significantly. Gradients computed on a randomly sampled mini-batch are not representative of the
true gradients (calculated over full-batch) and tend to be noisier [40, 167, 168, 169]. Fig. (8.2)
illustrates how updates vary over the course of training by plotting density or KDE of the gradients
for a single convolutional layer in ResNet101, and an encoder layer in Transformer. As training
continues, gradients get smaller and closer to 0.0 at higher epochs compared to initial epoch 1.

In addition to early phases, training is sensitive at certain critical or sensitive regions [27, 28].
For a given model, second-order information or Hessian measures the gradient divergence [142],
while [28] observed that changes in the eigenvalues of the Hessian acts as an indicator of critical
learning periods. However, computing second-order information is highly compute-intensive. For-
tunately, first-order gradient information effectively approximates the Hessian eigenvalues to detect
critical periods [131]. Fig. (8.3) validates the same for ResNet101 and VGG11, where the largest
eigenvalue of the Hessian calculated at every iteration follows a similar course as first-order IL-
2 gradient norm. Even though their magnitudes lie on different scales, the relative inter-iteration
changes are similar. Additionally, gradient norm is significantly cheaper to compute and can eas-
ily be integrated as part of backpropagation. Although the exact magnitude and gradient trajectory
varies for each model in SGD-based optimizations, first-order information can be a useful indicator

of statistical efficiency in FL systems.
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the early epochs, but get smaller and saturate as training progresses.
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8.3 Selsync Design

SelSync develops a flexible communication strategy to perform either synchronous or local-SGD
update, based on the significance of its gradients. This approach improves parallel efficiency in
FL via local updates which avoids the synchronization overhead altogether and reduces iteration
time. During critical updates, statistical efficiency is prioritized by synchronizing gradients across

all clients to have a global, consistent model state.

8.3.1 Detecting Crucial Updates in DNN Training

Distributed learning extends metrics like throughput and scale-out factor from the fields of HPC
and parallel computing to measure the parallel efficiency of training a model in a distributed setting.
However, training DNNs’ comes with a statistical efficiency aspect as well that is “non-linear”;
some updates are highly critical while others provides marginal or negligible gains in terms of a
models’ learning and generalization ability.

We exploit first-order gradient information to measure the significance of model updates on
client ‘¢’ by tracking changes in the gradient norm at every iteration ‘¢’. The gradient change metric,
denoted by A(gi(c)), can be estimated from the L.2-norm of gradients V.F between consecutive

iterations ‘(¢ — 1)’ and “¢’, as shown in Eqn. (8.1).

_ [ENIVFIP - EUIVFL ) IP)

A(gl) :
E[[VFS 112

7

8.1

With EWMA smoothing, we plot A ( ggc)) alongside the convergence curves for various DNNs in
Fig. (8.4). The convergence plots correspond to test accuracy of ResNet101, VGG11 and AlexNet,
and test perplexity of Transformer across 16 clients. Higher accuracy is better while a lower per-
plexity is preferred. The figures highlight the correlation between critical updates as measured by its
gradient change metric and DNNs’ convergence quality. The excessively volatile phases are shaded
for clarity. We omit the perplexity for the first 8000 steps in Transformer as it was high initially and
fell sharply in that phase.

In Fig. (8.4a), A(gz(c)) changes sharply as accuracy rises in the first 10000 steps of ResNet101.

The spike in gradient change after 10000 steps corresponds to learning-rate decay in model training.
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Figure 8.4: Correlation between gradient change (A(gZ )) and model convergence in synchronous
training. A rise or decline in accuracy/perplexity is accompanied by changes in the gradients as

well. As convergence plateaus, so does A(gl(c)).

With Transformer in Fig. (8.4d), perplexity fell sharply in the first 10000 iterations while A(gzgc))
metric rose and fell swiftly in that phase as well. The perplexity fell gradually after 13000 steps,
as did the gradient change. AlexNet in Fig. (8.4c) shows how A(ggc)) varies gradually when the
accuracy gain over the iterations in the same phase is gradual as well. The gradients of VGGI11
in Fig. (8.4b) change drastically while the accuracy rises sharply in the first 5000 iterations. As
gradients saturate between 5000 and 10000 iteration, A(ggc)) metric flattens out in that phase and
the accuracy plateaus as well. After 10000 steps, the learning-rate is decayed and we see how the
accuracy and A\ ( ggc)) rise concurrently. Thus, there is a strong correlation between gradient change

and model convergence in FL and DL systems.

8.3.2 {-based Selective Synchronization

Gradient changes are prominent over significant updates and stabilize as training saturates. The
degree to which the gradients vary depends on factors like training hyperparameters, model-size
(c)

and its complexity. Denoting this extremum as M = maz([A(g;”)]i=1) for a model on client ‘c

running for ‘I’ iterations, A(ggc)) lies in the range [0, M].

(2
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Figure 8.5: Adjusting threshold ¢ on relative gradient change metric in SelSync. Choose BSP if
A(gfc)) > ¢ and local-SGD if < §. Setting §=0 implies BSP training, while a very high § mostly
performs local updates.

With this intuition, Se1Sync synchronizes client updates only when A(gi(c)) changes consider-
ably, and perform local updates otherwise to mitigate expensive communication costs. By choosing
intelligently between synchronous and local updates, Se1Sync strives to balance between the par-
allel and statistical efficiency. Additionally, incorporating local-SGD with BSP allows for more
exploration of a client’s latent space which in turn can improve model generalization [83]. This also
bounds the divergence between the local and global model states (i.e., on clients and PS respec-
tively) which is necessary for good convergence quality [90]. SelSync implements a practical
and low-overhead technique to measure the significance of inter-iteration updates by imposing a
threshold, denoted as 9, on the gradient change metric as follows: use local-SGD if gradient change
is below & and synchronize updates if any of the clients’ A(ggc)) > . The threshold § is set prior
training such that = 0 implies fully synchronous or BSP training while setting a sufficiently high
threshold (i.e., 6 > M) trains locally. Fig. (8.5) demonstrates how we can slide J between 0 and

M to adjust the proportion of training between local-SGD and BSP updates.

8.3.3 Gradient vs. Parameter Aggregation in FL.

In BSP, aggregation can either be performed on the gradients or model parameters. They are equiv-
alent in BSP assuming all clients were initialized with the same model state prior training. Clients
pull the initial model state from the central PS prior training, while decentralized systems broad-
cast the initial parameters from one client (for e.g., rank-0 process) across the cluster. Local model
states are thus consistent with the global model in BSP at every iteration since the same aggregated
updates are applied or attained on each client. However, gradient aggregation is more common
as gradient updates can be compressed via sparsification, quantization or low-rank approximations
[115, 112, 117]. Model parameters can be compressed via pruning as well [99], although the rate of

compression achieved may be considerably lower.
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In the context of semi-synchronous FL, gradient and parameter averaging can have differ-
ent effects; reducing parameters instead of gradients makes more generalizable DNNs in semi-

(c)

synchronous training. As SelSync collects updates infrequently, based on A(g,”) and chosen
0, gradient averaging can cause the local models to diverge from the global state on the PS and
result in inconsistent models across clients. The more iterations are applied locally, the more local
replicas can thus deviate. This is because even though the same averaged gradients are applied on
each client in gradient averaging, the resulting parameters post-SGD update will be different across
clients and may diverge over time. This increased deviation can thus deteriorate the test performance
in semi-synchronous methods.

Local training is not necessarily detrimental; local updates promote exploration of a clients’
local minima [90]. FL with parameter averaging ensures local model weights are bounded with
respect to the global weights, and client models does not fall into a local minima too far from the
global state. Additionally, aggregating parameters during the synchronization phase ensures model

consistency across clients. In §8.4, we empirically compare gradient and parameter averaging in

SelSync over multiple DNN.

8.3.4 Data-Partitioning in Semi-Synchronous FL

For IID Data: BSP maximizes per-iteration work by processing different batches on every client
and averaging updates computed from those partitions. For e.g., training dataset D is partitioned
among 4 clients as D O {DP0, DP1, DP2, DP3}, such that each partition resides on a single client.
We refer to this as ‘default partitioning’ or DefDP, depicted in Fig. (8.6a) where clientO samples
data from partition DPO, clientl from DP1, and so forth. This approach is ideal for BSP as every
sample is processed at least once every epoch.

However, such a partitioning scheme might not work well in semi-synchronous training. Con-
sider a scenario where a model mostly applies local instead of synchronous updates. In that case,
each client optimizes its model replica over its local subset only and fails to aggregate client up-
dates computed over other partitions. Thus, local replicas fail to learn features from data residing
on other clients when there is low-to-negligible communication. Even if aggregation is triggered
occasionally, averaging a diverge model can produce a resultant model of low quality [25].

SelSync proposes a custom data-partitioning scheme called SelDP that is tailored for tech-
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Figure 8.6: Data-partitioning schemes in FL over IID data. DefDP splits training data into as many
partitions as the number of clients. SelDP partitions as a circular queue whose head is rotated to a
unique chunk on each client.

niques that use a hybrid of local and synchronous SGD. Instead of splitting data into unique and
separate chunks, dataset D is shuffled on every client based on its cluster identifier (in decentralized
systems, this corresponds to device rank). This way, client0 trains on partitions ordered as {DPO,
DPI1, DP2, DP3}, client]l on {DPI, DP2, DP3, DP0}, client2 on {DP2, DP3, DP0O, DP1}, while
client3 processes its samples as { DP3, DPO, DP1, DP2}. The shuffle operation on D is a one-time
overhead incurred prior training. Thus, training samples are available across every client in SelDP,
as shown in Fig. (8.6b). From a statistical standpoint, SelDP ensures that local model replicas will
not get skewed if training with local-SGD for majority of the iterations (for instance, training with
SelSync under a high J-setting). On the other hand, when clients do synchronize, each client’s
updates comes from a unique chunk and no client redundantly processes the same set of training
samples at any iteration. For e.g., if the very first iteration qualifies for communication, then clientO
processes a mini-batch from chunk DPO, client] from DPI, client2 from chunk DP2 and client3
processes from DP3.

For Non-IID Data: As seen from Fig. (8.1a), FL suffers from model degradation due to un-
balanced and skewed data distribution. To ameliorate this issue, we extend stochastic data-injection
from Chapter (7) and apply it in the context of semi-synchronous FL. In data-injection, a random
subset of clients communicate and share partial training samples at every iteration, and it is config-
ured as a tuple (¢, ¥), where ‘@’ is fraction of clients chosen and ‘v’ is the proportional batch-size
to be shared. For e.g., a value of (¢, ) — (0.5,0.5) implies half the clients are selected randomly
to share half of their training samples, thus improving the overall data distribution in FL and con-

sequently, its statistical performance. Privacy risk is also greatly minimized by sharing data with a
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small fraction of the clients randomly at each iteration.

Since mini-batch size is an important training hyperparameter, applying data-injection naively
can be detrimental for model generalizability if the cluster-size is large since the per-client batch-
size would become considerably larger [143, 140]. To solve this issue, SelSync adjusts client
batch-size to b such that cumulative batch-size post data-injection operation is same as original
batch-size |b| (specified prior training had we trained with IID data), shown in Eqn. (8.2) for a

cluster of ‘N’ devices.

¥l= gt
1+6-6-7)

(8.2)

The communication overhead of data-injection is low as well; each iteration communicates
only (¢ -1 - N - |[b'|) times the size of an individually datum. In vision datasets like CIFAR100
and ImageNet-1K, each image is about 3Kb (kilobytes) and 10-150Kb respectively. Thus, data-
injection on a cluster of 16 clients and b = 32 in a (¢,v¢) — (0.5,0.5) configuration incurs a
transfer cost of only 132Kb on CIFAR100 and 440-6600Kb in ImageNet-1K. This overhead is
negligible compared to the exchange cost of model updates that span hundreds of megabytes or
gigabytes at every iteration. SelSync appends d-threshold to the data-injection configuration,
making it (¢, 1, ). Another advantage of stochastic data-injection in FL is that privacy is ensured

with K -anonymity [224] by not knowing from which [¢ - K| of the ‘K clients the training samples

came from.

8.4 Experimental Evaluation

We implement Se1Sync over PyTorch, with details of its training algorithm described in Appendix
(D.1). The cluster setup, evaluation testbed, DNNs and training configuration is described in full
detail in Appendix (D.2).

We compare SelSync with BSP, FedAvg and SSP by comparing parallel performance in terms
of overall training speedup and the proportion of updates applying synchronous vs. local-SGD,
while statistical performance is measured in terms of test accuracy or perplexity of a model. BSP
is trained with DefDP scheme where updates are aggregated on the PS at the end of each iteration.

FedAvg is deployed with four (¢, f) configurations: (1, 0.25), (1, 0.125), (0.5, 0.25) and (0.5, 0.125);
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Figure 8.7: Test performance of SelSync = 0.25 with gradient averaging on default and custom

data-partitioning schemes. For the same epochs, SelDP achieves better generalization performance
than DefDP.

thus updates are collected either from all or half of the participating clients, while aggregation is
performed either 4 or 8 times in uniform intervals at every epoch. We deploy SSP with staleness
thresholds of 100 and 200 iterations respectively. The chosen thresholds ‘s’ are large enough to
not be a frequent synchronization barrier, while still small enough to not let clients model replicas

diverge too far from the global model. Lastly, SelSync is deployed with SelDP over different

O-thresholds like 0.25, 0.3 or 0.5.

8.4.1 Default and SelSync Partitioning Schemes

We train Se1Sync with § = 0.25 and see how different DNNs converge with its custom partitioning
compared to the default partitioning scheme in distributed training. The results are shown in Fig.
(8.7) as a plot of test accuracy/perplexity and epochs. During the synchronization phase, we perform
gradient aggregation on the PS and return the averaged gradients back to the clients so as to apply
locally on their model replicas. ResNet101 converged to 97.6% accuracy on SelDP while DefDP
attained 96.8% after 125 epochs. CIFAR100 partitioned with the default scheme performed poorly
on VGGI11 with merely 64.1% accuracy, while SelDP achieved 90.86% after 90 epochs (from Fig.

(8.7b)). CIFAR100 saw worse accuracy than CIFAR10 with DefDP since the former had more
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Figure 8.8: Convergence curves for parameter and gradient averaging in SelSync at § = 0.25.
Parameter averaging attains better or similar accuracy than gradient averaging for the same epochs.

labels to evaluate. Although VGGI11 is larger, ResNet101 is a skip-connection based architecture
that generalizes better than simpler convolution networks [9], thus reaching higher accuracy in the
residual network. AlexNet on SelDP reached 81.1% accuracy while DefDP did not improve beyond
61.2%, as shown in Fig. (8.7c). Training Transformer with the custom and default partitioning
schemes attained 92.6 and 94.91 test perplexity after training for around 50 million tokens of the
WikiText-103 dataset. The perplexity before 0.3 and 0.38 epochs with the two schemes is omitted
as it was very high and fell sharply in the initial phases.

We thus see that SelDP outperforms DefDP in semi-synchronous training since many updates
are performed locally and are not aggregated among clients. In mostly-local training, model replicas
only process their local samples with the default scheme and fail to learn from partitions residing
on other clients. As a result, local models tend to diverge from the global model over time. With
SelDP, each client has access to the entire IID training data, albeit in different orders. This ensures

the clients do not reach a local minima that is too far from the centralized model on the PS.

145



5 0.2

0.1
0 0.0
-0.1

-2

Weights
Weights

-0.2
BSP Param Agg. Grad Agg. BSP Param Agg. Grad Agg.

(a) Epoch 25 (b) Epoch 50

Figure 8.9: Density distribution of model parameters at different training stages in BSP, and
SelsSync with parameter and gradient aggregation. Comparatively, BSP and SelSync with pa-
rameter averaging have a more similar distribution than gradient averaging.

8.4.2 Gradient vs. Parameter Averaging in SelSync

In this section, we look at the impact of averaging parameters instead of gradients in a semi-
synchronous technique like Se1Sync, where we set § = 0.25 and partition the data with SelDP. Fig.
(8.8) shows the convergence curves for the two aggregation schemes. By the end of 100 epochs in
ResNet101, gradient averaging attained 96.2% while parameter averaging reached 98.52%, an im-
provement of 1.72% by aggregating model parameters. For VGG11, gradient aggregation attained
90.86% accuracy and 91.42% with parameter averaging after 60 epochs (i.e., 0.56% better accu-
racy with parameter aggregation). Transformer in Fig. (8.8d) reached nearly the same perplexity of
90.0; however, SelSync with parameter averaging reached that target in 0.3 epochs, while gradi-
ent averaging took about 130% iterations to converge. AlexNet, the only model trained with a fixed
learning-rate, had a similar convergence trajectory with the two averaging methods.

The better generalization performance of Se1Sync with parameter averaging can be seen from
the distribution of model parameters with the two aggregation approaches and how well they align
with BSP training. In Fig. (8.9), we run ResNet101 with BSP, and SelSync on parameter and
gradient averaging at different training stages. On the 25th epoch, BSP and parameter averaging
have similar distributions (Fig. (8.9a)). As training continues to its 50th epoch, density of gradient
averaging becomes even more narrower than BSP or parameter averaging. Parameter aggregation
is more aligned with BSP because synchronizing parameters bounds the divergence between local

and global model state, and ensures all clients have a globally consistent model.
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8.4.3 Speedup and Convergence over IID and Non-IID Data
IID data:

To measure the cumulative portion of training using local updates relative to iterations that are
synchronized among clients, we propose a metric called Local-to-Synchronous Step Ratio (LSSR),

as shown in Eqn. (8.3).

Stepslocal

(8.3)
stepSiocal + Stepssync

LSSR = (

If a model trains entirely in local mode, stepsgyn. = 0 and LSSR = 1.0, while LSSR = 0.0 for
BSP since there are no local updates ( i.e., stepsjocq; = 0). LSSR essentially measures communi-
cation reduction with respect to BSP as 1/(1 — LSSR) for the same number of epochs. For e.g.,
LSSR = 0.9 implies a communication reduction of 10x over fully-synchronous training. Although
this metric applies to semi-synchronous methods like Sel1Sync and FedAvg, it does not apply to
SSP as clients push their updates to the PS asynchronously and do not synchronize them. When
staleness threshold is crossed, faster clients halt training and wait for the slower devices to catch up.
Since there is no explicit aggregation operation, LSSR metric is not applicable here.

Table (8.1) evaluates SelSync against BSP, FedAvg and SSP. We run the models until its test
accuracy/perplexity does not improve any further, and note the corresponding iterations taken and
LSSR scores (if applicable). We measure convergence and speedup with respect to BSP as many
semi-synchronous methods do provide training speedups, but not necessarily meet the same BSP-
level convergence. Results from column ’Speedup’ in Table (8.1) are omitted for settings that failed
to meet the same accuracy/perplexity as BSP.

For ResNet101, SelSync and some FedAvg configurations achieved higher accuracy than
BSP. The statistical gains over synchronous training come from ample exploration of the local
minima on individual clients which results in better generalization performance. However, applying
too many local updates or partial aggregation from only a subset of total clients can increase the
divergence between local and global model, as seen in FedAvg with (c, f) values (0.5, 0.25) and
(0.5, 0.125). Here, updates were collected from only half the clients during synchronization phase

(4 and 8 times per-epoch respectively). FedAvg with ¢ = 1 performed well despite high LSSR scores
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Model Method Iterations | LSSR | Acc./Perplexity | Speedup
BSP 22.8K 0.0 98.5% 1x
FedAvg (1, 0.25) 63.4K 0.979 98.55% 2.59%
FedAvg (1, 0.125) 57.1K 0.959 98.6% 2.55x%
FedAvg (0.5, 0.25) 66.8K 0.979 94.4% -
ResNet101 | FedAvg (0.5,0.125) | 62.8.1K | 0.959 95.5% -
SSP s =100 54.8K - 93.8% -
SSP s =200 59.4K - 93.33% -
SelSync § =0.3 422K 0.829 98.62 % 2.03x
SelSync § =0.5 53.2K 0.846 98.56 % 1.67
BSP 10.8K 0.0 90.9% 1x
FedAvg (1, 0.25) 17.4K 0.979 87.56% -
FedAvg (1, 0.125) 20.2K 0.959 88.2% -
FedAvg (0.5, 0.25) 19.6K 0.979 84.6% -
VGGI11 FedAvg (0.5, 0.125) 21.1K 0.959 85.16% -
SSP s =100 11.8K - 68.72% -
SSP s =200 12.2K - 68.78% -
SelSync §=0.3 72.4K 0.912 91.33% 6.16 <
SelSync § =0.5 81.2K 0.937 91.32% 13.75x
BSP 106.5K 0.0 85.15% 1x
FedAvg (1, 0.25) 118K 0.997 77.15% -
FedAvg (1, 0.125) 124K 0.993 78.2% -
FedAvg (0.5, 0.25) 115.6K | 0.997 75.6% -
AlexNet FedAvg (0.5,0.125) | 121.4K | 0.993 76.67% -
SSP s =100 111.5K - 86.52% 4.53x
SSP s =200 113.2K - 85.8% 4.47 x
SelSync §=0.3 95.8K 0.954 86.72% 4.62 %
SelSync § =0.5 106.8K | 0.966 85.93% 4.63 <
BSP 28K 0.0 90.02 1x
FedAvg (1, 0.25) 112.1K | 0.998 89.96 1.99 %
FedAvg (1, 0.125) 104.2K | 0.999 90.01 2.14x
FedAvg (0.5, 0.25) 118K 0.999 91.67 -
Transformer | FedAvg (0.5, 0.125) 111.6K 0.998 91.2 -
SSP s =100 110K - 89.98 2.02x
SSP s =200 116.2K - 90.0 1.92x
SelSync §=0.3 38.6K 0.725 89.91 2.42 %
SelSync § =0.5 46.1K 0.733 89.97 2.06x

Table 8.1: Speedup and convergence (with respect to BSP) in FedAvg, SSP and SelSync.
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(= 0.95-0.97) since ResNet101 is an over-parameterized network for the CIFAR10 dataset, and was
thus more robust to local training. SelSync with § = 0.3 and 0.5 had LSSR scores between 0.82-
0.85. As a result, FedAvg had a higher speedup than Sel1Sync over BSP training. SSP failed to
beat BSP because pushing-pulling updates asynchronously to-from the PS on a layer-by-layer basis
introduced additional staleness which degraded final accuracy.

The convolutional network VGGI11 failed to reach BSP-level convergence with FedAvg or SSP.
SelSync attained up to 0.43% more accuracy than BSP, while lowering training time by up to
13.75x, courtesy of highly localized training as seen from the high LSSR scores. SelSync’s
LSSR scores are however lower than FedAvg as it switches between local and synchronous updates
based on their significance.

AlexNet on Imaget-1K failed to converge across all FedAvg configurations. For a given (c, f)
configuration, f’ determines the aggregation frequency in an epoch, so the number of synchro-
nization calls made with FedAvg were too low on account of the large dataset size of 1.28 million
samples. This is also corroborated from the extremely high LSSR scores (= 0.99) and hence, the
model trained locally for almost all its iterations and learned only from its local state. Due to the
smaller size and fewer layers of AlexNet, staleness was not an issue in SSP training at either thresh-
old. By asynchronously pushing-pulling updates to-from the PS, clients were also able to learn
features on other clients’ partitions, thus improving its test accuracy. SSP achieved about 1.37%
better accuracy than BSP while accelerating training by 4.53 . On the other hand, Se1Sync was
4.63 x faster and attained 1.57% better accuracy than BSP. The speedup comes from communicat-
ing only the crucial updates and performing 95-96% of the iterations locally (as seen from the LSSR
scores).

For ¢ = 1 in FedAvg, Transformer converged to a better perplexity than BSP while being 2.14 x
faster, while SSP converged 2 x faster than BSP due to its asynchronous execution. SelSync ran
between 39K-46K training iterations and synchronized for about 26% of those updates. By doing

s0, it reduced training time by up to 2.42 x while reaching an even better perplexity score than BSP.

Non-IID data:

We now compare SelSync with FedAvg under non-1ID data settings. For SelSync, we choose

three different (¢, 1, §) configurations: (0.5, 0.5, 0.05), (0.5, 0.5, 0.3) and (0.75, 0.75, 0.3). As per
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Figure 8.10: SelSync with stochastic data-injection strategy at different (¢, 1), d) configurations
vs. FedAvg over non-1ID data.

Eqn. (8.2), we set b =11to keep b = 32 for the first two configurations, and b = 6 for the last. For
non-IID CIFAR10, ResNet101 with FedAvg oscillated between 55-70% test accuracy. For VGG11
training over skewed CIFAR100, FedAvg saturated to 70% test accuracy. As the value of (¢, v, J)
increases, the corresponding data distribution improves along with the test accuracy. SelSync
configuration (0.75, 0.75, 0.3) attained the maximum accuracy, followed by (0.5, 0.5, 0.3) and (0.5,
0.5, 0.05) respectively. Data-injection thus improves the statistical efficiency and works well in the

context of semi-synchronous training.

8.5 Conclusion

From Table (8.1), we see that BSP takes the least number of steps to converge since it performs more
work per-training iteration by combining updates from all clients. However, it suffers from high
communication cost of aggregating updates from distributed clients. On the other hand, federated
algorithms like FedAvg provides appreciable speedups courtesy of its high LSSR scores; however,
the (c, f) configuration that provides optimal speedup or even convergence guarantees varies for
each model, dataset and training hyperparameters. As already seen, naively aggregating updates in
fixed intervals does not always yield the same convergence as BSP. Although clients communicate
asynchronously in SSP, exchanging updates for larger and deeper models with a centralized server
can introduce staleness issues that may slowdown or saturate DNNs. Both FedAvg and SSP take
more iterations to converge than BSP as they perform lesser work per-iteration (by using smaller
batches in SGD update). Across all DNNs, SelSync attained either the same or better statistical

performance than BSP by selectively synchronizing crucial updates, and applying local updates
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otherwise. The gradient change metric serves as an effective indicator of the significance of each
update in FL.. With its high LSSR scores, Se1Sync eliminates considerable communication cost
in the training phase while allowing sufficient exploration of the local optimization landscape and

bounds the divergence between the local and global model states from infrequent synchronization.
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CHAPTER 9
SUMMARY AND OUTLOOK

The following sections summarize the contributions of this thesis and discuss its potential impact,

along with directions for future research.

9.1 Optimizing Compute Cost in Deep Learning

In this section, we studied the impact of distributed training on heterogeneous clusters, and pro-
posed a simple workload-balancing framework called OmniLearn in Chapter (3) to equalize the
computation cost in a cluster. The impact of ‘stragglers’ in synchronous training, and ‘staleness’
in asynchronous training is considerably attenuated, although not completely eliminated by our
variable-batching technique. For more accurate throughput estimation, as well as adapting to dy-
namic heterogeneity in a cluster, OmniLearn develops proportional-control [172] based dynamic-
batching. Implemented in TensorFlow [97] and PyTorch [98], OmniLearn significantly improves
the parallel and statistical efficiency in both BSP and ASP training. The results of this research were
published in [66, 29].

Our system is ideal for learning in federated settings as well, since heterogeneity is ubiquitous
across edge devices [225]. It is also applicable for low-cost training in the cloud with transient
or spot instances [226] and burstable VMs [174], where reclaimed VMs may be considered as
heterogeneous nodes with ‘zero’ compute capability and adjust the training process on the remaining
nodes accordingly. Our framework can be integrated with other systems [227, 228, 229, 173] to
leverage transient VM availability for low-cost, high-reliability training in the cloud.

Some critical hyperparameters specific to distributed DL are cluster-size and batch-size, where
training on a particular hardware can either be scaled horizontally by adding more nodes, and scaled
vertically by raising the batch-size. Choosing the right configuration involves large and complex
trade-off space between the running ‘cost’ and ‘time’ when training in the cloud. In fact, cost-
time are pareto-related as one improves at the detriment of the other before reaching a point of

saturation where adding significantly more resources spikes up the cost but only marginally reduces
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the training time. Chapter (4) proposes Scavenger to address the challenge of exploring the
“right” resource configuration in DDL. It develops a parallel and a statistical performance model
to estimate and construct cost-time curves of DNNs. We predict parallel performance as a linear-
relationship between computation time and training batch-size, and model communication time as
a function of cluster-size in a centralized PS strategy. To measure statistical efficiency in DL, we
use ‘gradient noise’ to predict the total epochs or iterations needed by DNNs to meet convergence
targets. Using these performance models, Scavenger estimates the total running cost and training
time of a specific cluster and batch-size configuration under different pricing policies in the cloud.
This work was published in [230, 231].

With its adaptive scaling approach, our system is ideal for elastic training [185, 232] to intelli-
gently tweak training configurations as worker availability changes. ML-as-a-service offerings like
AWS (Amazon web services) SageMaker [194] that use rudimentary performance models can also
leverage the statistical efficiency of Scavenger to determine the pareto-optimal resource con-
figuration. Concurrently, other elasticity mechanisms and training policies can also be integrated
with Scavenger [233, 197]. Using gradient noise as a scalability indicator can also be extended to
other DL schedulers [234, 235] for better resource allocation and job placement of DNNs in training

clusters.

9.2 Mitigating Communication Cost in Deep Learning

Another challenge in DDL is the expensive communication cost, especially when the compute, size
and space requirements of sota DNNs grows at an exponential rate [12]. BSP training aggregates
model parameters or gradients at every iteration, resulting in low parallel efficiency. This is fur-
ther exacerbated in limited network settings where latency is high and bandwidth is low. Although
high communication overhead can be attenuated via asynchronous training, ASP typically results in
lower model quality compared to BSP. Lossy gradient compression techniques have emerged as vi-
able mechanisms to improve parallel performance in DDL by reducing its communication overhead,
depending on the chosen degree of compression (i.e., its CF). Due to its lossy nature, there is an
inverse relationship between parallel and statistical efficiency of DL; higher CFs reduce the commu-

nication cost further but likely result in lower quality model from applying partial or approximated
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updates. Chapter (5) presents GraVAC to balance parallel and statistical efficiency by adjusting
CF throughout training in order to attain high training speedups while meeting high convergence
targets. To account for statistical efficiency in lossy compression, we propose ‘Compression Gain’
and empirically validate how it affects a DNNs’ convergence quality, followed by describing ‘Com-
pression Throughput’ that combines parallel and statistical performance metrics into one. Under
multiple scaling policies, GraVAC successfully switches CF over different phases of training and
converges up to 6.67x faster than a static compression technique for similar accuracy-levels. We
published our results in [31].

In our evaluation, we implement GraVAC’s adaptive compression scheme over Top-k [114],
DGC [115], Random-k [111] and RedSync [127]. But GraVAC is compatible with other lossy
compression techniques as well, and can easily be integrated into the training routine. For com-
pression in FL over non-IID data, compression gain can measure the significance of device-local
updates so as to tune CF on a per-device level.

In decentralized settings, model updates are aggregated using different implementations of AR
collective such as ring, tree, recursive doubling, scatter-reduce-allgather, etc. But the lossy com-
pression techniques described as part of GraVAC use AG collective to communicate its update
among workers. Based on the latency-bandwidth cost model, MPI collectives have different com-
munication overheads depending on network infrastructure and topology, cluster-size, message-size,
network latency and bandwidth. Communication overhead also varies based on job placement in
the cluster; minimal between intra-node workers with high-bandwidth interconnects, and higher
over inter-node workers due to limited bandwidth over the network. Further, network bandwidth
may vary over time due to congestion and contention. Thus, compression with AG may not al-
ways necessarily be the optimal collective to aggregate updates. Chapter (6) proposes AR-Topk,
a compression-communication mechanism compatible with AR collective. In our evaluation, we
showed how the different worker selection mechanisms in AR-Topk achieve similar or better sta-
tistical performance than AG-based compressors using a static CF. To balance the parallel and
statistical efficiency in gradient compression, and choose the optimal collective when network per-
formance fluctuates, we model compression as a MOO problem to find a CF that minimizes com-
pression and communication time, and maximizes compression gain in DDL. We extensively eval-

uate our proposed approach over heterogeneous networks by emulating varying degrees of latency
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and bandwidth, and show how AR-Topk with MOO attains good convergence quality by dynami-
cally adjusting its CF and collective operation throughout training. The results of this research were
published in [32].

As we validate our approach over heterogeneous networks, we conjecture that our adaptive
approach can be leveraged in shared clusters with transient jobs, which affects the inter-node or
intra-node bandwidth available to currently running DL jobs. The latency-bandwidth cost model
heuristics presented here could also be extended to resource and job schedulers for DDL applica-
tions, where larger DNNs or high-priority jobs may be placed on higher-bandwidth nodes in order
to minimize the makespan or job completion time. In future, we plan to evaluate AR-Topk over
large language models (LLMs) to assess the trade-offs between parallel and statistical performance
over massive attention-based models as well. As part of integration with other distributed training
paradigms, we expect our adaptive compression mechanisms to work with model-parallelism as
well, where gradients or feedforward maps between subsequent layers are compressed to different

CFs depending on the layer’s sensitivity.

9.3 Accelerating Convergence in Federated Learning

FL presents several challenges in terms of parallel and statistical aspect of training, especially at
the edge. Parallel efficiency suffers due to limited compute and bandwidth, while statistical inef-
ficiency stems from unbalanced and non-IID data. These challenges are further amplified when
learning in an online manner over transient streaming data. Chapter (7) introduced ScaFLES, a
system for scalable FL over streaming data at the edge that addresses the problem of heterogeneous
stream-rates, limited memory and storage on devices, expensive synchronization overhead and im-
proving convergence over non-IID data. Parallel performance in heterogeneous streams is improved
via ‘variable’ computing by processing batches proportional to a device’s local stream-rate, while
the exponentially-growing buffering queue is kept in check by different queuing policies. Com-
munication over limited networks is improved via adaptive compression using a lower and upper
threshold on the compression factor. For non-IID training, we propose ‘stochastic data-injection’
that significantly improves convergence quality over the baseline. To further boost its statistical

performance, ScaFLES performs weighted gradient aggregation and learning-rate scaling based
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on device stream-rates. With extensive evaluation by simulating concurrent heterogeneous streams
over Apache Kafka [215], we reduce the overall training time by up to 3.3 %, attenuate buffering
queue and communication cost while attaining good convergence quality under IID and non-1ID
settings. Our research pertaining to learning over streaming data is published in [33, 3]. While we
explained how data-injection proposed in this chapter ensures K -anonymity [224], we plan to do a
deep theoretical analysis in terms of its privacy guarantees in the future.

Distributed training algorithms like FedAvg and SSP minimize communication overhead at the
cost of lower model accuracy compared to BSP. Chapter (8) introduced SelSync, a statistically-
aware federated learning algorithm that avoids excessive synchronization while attaining BSP-level
accuracy targets. The ‘gradient change’ metric that we described here works as an effective indicator
of statistical performance and detects significant updates. Based on this, SelSync employs an
opportunistic synchronization mechanism where important updates are communicated among client
devices, while trivial updates are applied locally. For semi-synchronous training, we empirically
validate the efficacy of aggregating model parameters over gradients, and show empirically why the
former performs better. We further improve SelSync’s statistical performance with a custom data-
partitioning scheme and extend the data-injection strategy (from Chapter (7)) in semi-synchronous
training. With rigorous experimental evaluation, we show that Se1Sync is up to 13.75 x faster than
BSP and successfully converges to similar accuracy-levels. This results of this work were published
in [34, 35].

In future, we plan to extend the adaptive strategy of SelSync and introduce it in the context of
differential privacy [236], where we vary privacy coefficients (¢, ) based on the significance of each
update in FL. We expect this to provide robust privacy guarantees for training DNNs in federated

settings.
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APPENDIX A
TRAINING OVER HETEROGENEOUS CLUSTERS WITH OMNILEARN

A.1 Adaptive Training in OmniLearn

Algorithm 2: OmniLearn over BSP

1 Input: N, B, E, 7, W(0)» Abmins bmins bmaz
2 procedure Train ():
3 b(O,n) = B/N

4 for epoch e in range (0, E¥) on worker n do

5 Ap = b(e,n)/B

6 B =batchTrainingData (b(e’n))

7 for iteration i in 0,1,2, ... do

8 (i) — ¢ ime ()

: O S F B

9(i,n) w; |b(e,n)’ Bin) (4,n)>

10 Zg‘z?ff;p“te) = EWMA ((time () — t(inid)))

1 gy = Aggregation (A, © g(in), SUM)
12 Wi1) = W) — 1N 96)
13 fgg;’g) = getAvgComputeTime (t_f;):?)pme)
14 b(e+1,n) =evalBatchSize (b(em), %(:(Zy)mme),fgz;}g))

15 procedure evalBatchSize (b, t{(f‘;";p“te), t*(z;’g)) :
compute
16 | Tiemy = bem) / Lo ™"

n)
(%) . (compute) (avg)
171 b = ben) = Tiem) (t(i,n)p - t(e)g )
‘ (*)

b b
| e P (em)]

> Abm,m then

()

b(e—l—l,n)
19 if b)) ) < bmin then
20 ‘ b(e+1,n) = bmin
2 else if b\ | > bynas then
22 ‘ b(e+1,n) = bmaa
23 else

G

24 ‘ b(e+1:n) - b(e—l—l,n)
25 return b(c 1 )
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Algorithm 3: OmniLearn over ASP

t Input: K, B, E, n, w), Abmin, bmins bmaz

2 On Workers:
3 procedure Train ():

4 b(O,n) = B/N

5 for epoch e in range (0, ) on worker k do

6 nn:n'b(e,n)/B

7 B =batchTrainingData (b n))

8 for iteration i in 0,1,2, ... do

9 w(;) = async .pullFromPS ()

10 ) — time ()

1 — i(; > F(B w;))

im) = ow; ‘b(e,n)’ Bin) (im)> T

12 Zgzogp“te) = EWMA ((time () — t(inid)))

13 Oit1n) = 06) — T - G

14 async.pushToPS (6(;41,))

15 b(e+1,n) =evalBatchSize (k, b(em), Egzo:)@pute))
16

17 On Parameter Server:

18 procedure async.pullFromPS ():
19 | return wg,

20 procedure async.pushToPS (W(j11,)) ¢
21 ‘ W(i4+1) = W(it1,n)

t—(compute) )

22 procedure evalBatchSize (n, by, (en)

]

23 wrkB[n] =b(n)

24 wrkTime [n] = fgg?:;pme)

25 if sizeOf (wrkB) = N then

26 fgz;)g) =mean (wrkTime .values ())

27 for w_id, bin wrkB .items () do

28 (o) < wrkTime [w_id]

2 bes1m) = getBsz (b, HeomP e, ()
30 wrkB[w_id] =bcy1)

31 return wrkB [n]
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Alg. (2) illustrates how OmniLearn integrates control stability with proportional-control in
BSP training. Initially, all workers use a mini-batch of B/N for global batch-size B across N
workers and train for a total of E epochs. The ‘batchTrainingData’ function preprocesses
and batches the training data with the specified batch-size. After computing gradients, we apply ex-
ponential smoothing function EWMA over compute-time at every iteration ‘¢’ of worker ‘n’ to avoid
sporadic and erroneous readings. This is followed by gradient aggregation via ‘Aggregation’,
where updates can be synchronized in a centralized manner over a PS or in decentralized topology
via Allreduce collective. Each workers’ updates are scaled by ‘A’ and summed so as to perform
weighted aggregation in BSP. In our implementation, we trigger batch adjustment at the end of
every epoch, although it can even be triggered to execute after certain iterations as well. We then
synchronize compute time across all workers with ‘getAvgComputeTime’ to get the cluster’s

)

average computation time fg‘wg . The overhead of this operation is low as just a 32-bit float is sent
by each worker, followed by execution of ‘evalBatchSize’ procedure to calculate the optimal
batch-size as per in Eqn. (3.4). Batch adjustments are made only if it exceeds the preset threshold
Abin, and worker batches are chosen according to the min-max batch-size bounds and fixed B.
For ASP training, OmniLearn’s pseudocode is shown in Alg. (3). Each worker ‘n’ begins
training at epoch 0 with the same initial mini-batch b(g ,,). Unlike BSP, we do not scale per-worker
gradients since only one worker updates the parameters on the central PS in a given iteration. In-
stead, we scale learning-rate relative to the local batch-size on each worker (line 6). The latest
model state is pulled from the PS at the beginning of every iteration, gradients are calculated over
the training data, followed by applying SGD update on local replica and sending the updated model
back to the PS. In ASP, each worker repeats these steps independently and asynchronously of
each other. The batch-controller resides on the PS and triggered remotely by the workers via
evalBatchSize function that takes worker ID, local batch-size and average compute time as
arguments. The PS holds the last two in a hashmap or dictionary corresponding to every worker ID,
calculates the average cluster compute-time and applies control stability for batch adjustments.
The average computation time for a worker measured over an epoch may vary slightly between
BSP and ASP, as the number of samples processed by each worker varies between the two. In BSP,

compute-time is logged at every iteration across all workers, while high-resource workers in ASP

execute more iterations for accurate measures compared to low-resource workers.
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A.2 Cluster Setup and Training Configuration

OmniLearn in built atop both Tensorflow’s Estimator framework [97, 191] and PyTorch’s DDP
and RPC modules v.1.12.1 [64, 98, 204]. ASP is implemented over centralized PS over Tensor-
flow’s ‘ParameterServerStrategy’ and PyTorch’s RPC framework, while BSP is implemented in a
decentralized manner via MPI [24] over PyTorch DDP.

We evaluate OmnilLearn’s performance in different scenarios of static and dynamic hetero-
geneity by comparing with conventional distributed training with uniform-batching in ASP or BSP,
and report final model accuracy and reduction in worker compute times. We use the following

training schedule and model hyperparameters in our evaluation:

* ResNetl8 [9] trains on Food101 dataset [182] with per-worker batch-size 32, momentum SGD
with factor 0.9 and weight decay 5e-4, initial learning-rate 0.1 that decays by a factor of 10

after 15, 30 and 45 epochs respectively.

* AlexNet [1] runs with worker batch-size of 32 over the CalTech101 dataset [181] using mo-

mentum 0.9, weight decay 5e-4, and initial learning-rate le-2 decaying by a factor of 10 at

epochs 80, 120 and 160.

* ResNet50 [9] trains on CalTech256 [213] with per-worker batch-size 32, momentum 0.9,
weight decay le-4, initial learning-rate 0.1, and decay factor 10 after 100, 150 and 200-th

epoch.

* VGGI1 [8] is trained on the Places365 dataset [237] with per-worker batch-size 32, momen-
tum 0.9, weight decay Se-4, initial learning-rate 1e-2 and decay factor of 5.0 at epochs 15, 25

and 35.

We simulate heterogeneity via Docker v23.0.5 over 48-core Intel Xeon E5-2670 @2.3GHz
Ubuntu v20.04.6 servers with 384 GB memory on each. Spawning workers as docker containers en-
sures minimum interference, resource isolation and helps emulate various heterogeneity scenarios.
We simulate different HLs with respect to the allocated CPU cores by mapping and limiting a con-
tainer to a specific set of CPU-cores [238] and allocating 32 GB memory to each. PS is allocated 8

cores and 48 GB memory in ASP, and containers communicate via docker swarm over SGbps NIC.
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APPENDIX B
ADAPTIVE GRADIENT COMPRESSION WITH GRAVAC

B.1 GravAcC’s Compression Algorithm

Alg. (4) illustrates GraVAC’s adaptive compression technique with compressor C to scale CFs in
the exploration space [0n,in, Omaz], such that each candidate CF is evaluated for iterations corre-
sponding to ‘window’ and incremented by step-size 65 with respect to 6,,;,. For e.g., scaling CF
from 10x to 20x implies s = 20/10 = 2x. The gain threshold ‘e’ denotes the minimum com-
pression gain required for any CF to be eligible for communication, while ‘w’ is used to measure
the saturation in compression throughput T¢,m,pression and for scaling up 0,,,;, as well. At every
iteration, we compute gradients gy) for a DL model with parameters w; on training sample z(®)
in time ¢,, and append the residual gradients from previous iterations (line 4). In the first stage, C

(4)

compresses gradients at minimum CF 0,,,;,, to g, ;.. and calculates the corresponding compression
gain 0,,;, (line 5). As the gradients computed across iterations can be noisy, so can the compression
gain. We thus apply EWMA to smoothen out the inter-iteration gain; we set EWMA smoothing
factor as a percentage of the cluster-size, N/100. GraVAC then evaluates the next candidate CF
by further compressing gT(;)m by factor 6 (line 6). Thus, the candidate CF evaluated in this case
effectively becomes (0,,;, - 05). This is done as part of GraVAC’s multi-level compression strategy
to avoid compressing the larger, original gradients ggi) twice; once to CF 6,,;,, and a second time
to candidate CF 6, (= 0yin - 05). GraVAC then calculates the compression gain for candidate CF
(Omin - 05) and measures the total compression time .ompress (line 7). The total compression cost is
comprised of £,,;,, compressing gradients g((f) to gﬁf}m and t., time taken to compress gﬁr?m to géi).

Based on the compression gains obtained corresponding to 6, and 8. (i.e., O, - 05), we select
the appropriate gradients to communicate among workers. If the compression gain of our current
candidate CF meets gain threshold ¢ (line 8), we aggregate compressed gradients ggi) and update
the residuals (line 9). With the total iteration time %;;., (line 10), GraVAC updates the system and
compression throughput for 6. (as shown in the UpdateMetrics function). Here, Tiompreession 15

a hashmap or a dictionary that stores compression throughput for each candidate CF, the min-max
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Algorithm 4: Adaptive Compression with GraVAC

1 Input: 0,5, Omaz, € 65, w, window, compressor C

2 w, : initial model state, N: total nodes, b: per-worker batch-size, Tsys = 0, Teompress =
empty (), residual =torch.zeros (shape=w,)

3fori=123..do

s gt = VD, w;) and g8 = g5+ residual

5 g tmin = C(95”, Omin) and Opnin = EWMA("‘f"z:)nl:L )

6 g =cl 6,)ands, = EWMA(”g@)Hz)

7 tcompress = tmin + te
8 if 6. > ¢ then
9 g(i), ts = Synchronlze(gC ) and residual = g
10 titer =to + tcompress +ts
11 UpdateMetrics (0 - Omin, Oc, Liter)
12 else if 0. < € and 6,5, > € then
13 G0ty = Synchronize(g,(q?m) and residual =gy
14 titer = 1o + tcompress + 15
15 UpdateMetrics (Omin, Omin, titer)
16 else
17 f](i), ts = Synchronize(g((f)) and residual =0
18 titer = to + tcompress +ts
19 UpdateMetrics (1,1, titer)
20w =w; —n- o
21 fOs=EvaluateGraVAC (i, O, Omin, Oc)
22 procedure UpdateMetrics (6,0, titer)
N-b
23 Tsys = u and Tcompress[e] = Tsys 0
iter
24 procedure EvaluateGraVAC (i, Os, dmin, Oc) ¢
25 if i % window == 0 : then
26 s = ScalingPolicy(;)
Omin — 0,
27 if w > M : then
min

28 Hmm = 95 ) emzn
29 ct = sort(Teompress-values())

ctl-1] — ct|-2
30 if\Mlgw:then

ct]-2]

31 Oideal = Tcompress‘get(Ct['Q])
32 return 6;4eq1/Omin
33 else
34 return 6
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CFs in the exploration space, as well as for DenseSGD (i.e., CF 1 x).
If the compression gain of candidate CF does not meet the gain threshold, but that of 6,

(4)

does (line 12), we synchronize g, corresponding to 0,,,, update residuals, calculate total iter-

ation time and update compression throughput for 6,,;, (line 13-15). It is important to note that
the communication cost of transmitting gf??m is more than sending géi) due to the former’s lower
CF. The trade-off GraVAC makes is to incur higher communication overhead for a more accurate
representation of the original gradients (as measured by compression gain) and vice versa.

If neither 6,,;, or 6. meet the gain threshold €, we transmit the original, dense tensors (line 17).
We also set the residual gradients to O as there are no accumulated gradients from error-feedback in
this case. Even though we exchange dense tensors, we still incur tcompression With DenseSGD as
compression cost was incurred for evaluation (lines 4-6) in GraVAC (with total iteration cost shown
at line 18). The CF and compression gain are both 1.0, and set accordingly in UpdateMetrics
function (line 19).

Following SGD update (line 20), GraVAC evaluates the parallel and statistical performance of
candidate CFs after ‘window’ iterations. Here, the scale-up factor 6, raises the amount of compres-
sion performed according to some ScalingPolicy, giving the next candidate CF to evaluate (line 26).
GraVAC explores two compression scaling policies, described in further detail in §5.4.1. In addition
to 4., this policy also raises the minimum compression value 6,,,;, by factor ,, until it reaches the
upper-bound 6,,,,. The intuition behind raising 6, is that as training progresses, model converges
and we can use higher CFs even for the minimum CF in later training stages. GraVAC increases
Omin if the candidate CF gain 6, is within w% of the current minimum CF’s gain 0,,,;,, (line 27-28).
Once ample CFs are evaluated, we look at the two largest compression throughputs (line 29) and
fetch the smaller CF if they are within the bounds of w, implying that compression throughput has
saturated and thus, set the appropriate step-size of 6 for the optimal CF (lines 29-32). If threshold
w is not met, we use  as it is (line 34).

When does compression scale-up? From Alg. (4), compression scale-up occurs when step-size
0, is increases according to a scaling policy. At the same time, we raise the minimum CF 6,,;, to
current candidate CF if the two gains are within w% of each other.

When does compression scale-down? Compression scale-down is determined by ¢ (shown via

conditional statements between lines 8-19). If the current candidate CF loses considerable gradient
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information, we use a smaller CF 6,,;,. If the latter also fails to meet the minimum gain threshold,

we communicate the original, uncompressed gradients g((f).

B.2 Cluster Setup and Training Hyperparameters

GraVAC is evaluated on a 32-GPU cluster on the Google cloud platform (GCP) [69] across 8 VMs.
Each VM is a nl-standard-8 with 8vCPUs, 30GB system memory and 4 NVIDIA V100s [220]
with 16GB vRAM each. The machines are configured with PyTorch 1.10.1 [98], CUDA 11.3 [239],
CUDA driver 465.19.01 and NCCL 2.10.3 [56]. We evaluate the three DNNs described in Table

(5.1) in the following configurations:

* ResNetl01 [9] is trained on CIFAR10 [180] with per-worker mini-batch 32, momentum 0.9,
weight decay le-4 and SGD optimizer with initial learning-rate 0.1 decayed by a factor of 10

at iterations 9000 and 14000 respectively.

* VGG16 [8] is trained on CIFAR100 [180] with per-worker batch-size 32, weight decay Se-4,

momentum 0.9 and SGD with fixed learning-rate 0.1.

* LSTM [202] is measured for test perplexity (i.e, exponential of the test loss) on PTB dataset
[240] with per-worker batch-size 20, momentum 0.9, weight decay le-4 and SGD with fixed
learning-rate 0.1. The model is intialized with 1500 embedding dimensions and 2 hidden

layers with 35 bptt (backpropagation through time) steps.
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APPENDIX C
FEDERATED LEARNING OVER STREAMING DATA WITH SCAFLES

C.1 Cluster and Training Setup

We simulate data-streams over Apache Kafka [215] by sampling streaming rates from uniform and
normal distributions as described in §7.2.1. Our training cluster is composed of 4 servers each
with a 48-core Intel Xeon E5-2650, 128 GB system memory and 8 NVIDIA K80 GPUs [241]
connected over 5Gbps ethernet. We mimic CUDA-aware [239] edge devices by spawning them
as nvidia—docker containers [177] on CentOS Linux 7.9.2009 with docker engine 20.10.17.
Each device running as a container is allocated 4vCPUs, 12 GB memory and 1 K80 GPU running
NVIDIA driver 465.19.01 on CUDA 11.3 and PyTorch 1.10.1 [98]. We create a docker swarm
network on the 5Gbps NIC to enable communication for gradient synchronization among the con-
tainers.
We train two popular computer vision models across different streaming distributions. ResNet152

[9] is trained on CIFAR10 [180] using Nesterov’s optimizer with momentum 0.9, weight decay le-4
and a learning-rate schedule with initial step-size 0.1 that decays by a factor of 0.2 after epoch 75,
150 and 225 respectively. VGG19 [8] trains on CIFAR100 [180] with momentum SGD of factor
0.9, weight decay 5Se-4 and initial step-size 0.01 that decays by 0.3 after 75, 150 and 200 epochs. We
use test accuracy as a measure of model quality when trained under IID and non-IID data settings,
the cluster setup for which is outlined in Table (C.1). For IID data, we train over a cluster of 16
devices where each container is equipped with a K80 GPU and training labels are evenly partitioned
across all devices, while non-IID data is partitioned by mapping a device to a unique subset of la-
bels. Non-IID CIFARI1O0 is trained on 10 devices where each device contains a single label, while

non-IID CIFAR100 runs on 25 devices with 4 labels per-device to partition the 100 labels.

C.2 Simulating Streaming Data in ScaFLES

We spawn an additional docker container running Kafka v3.1.0 to launch a broker and multiple

producers. The container has 16vCPUs and 32GB system memory, but does not contain any GPUs
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Model # Parameters Dataset Devices | # Labels per-device
IID CIFAR10 16 10
6
ResNetl52 | 60.2 x 10 on-IID CIEARIO 0 I
. IID CIFAR100 16 100
6
VGGI9 143.7>10 non-IID CIFAR100 25 4

Table C.1: Cluster setup for training over IID and non-IID data

since it does not partake in model training. We configure the broker with 8 network threads, 4
I/O-threads and 1 partition per-topic. The purpose of this container is to host the Kafka broker and
launch multiple producers such that each process publishes to a unique topic corresponding to a
device. Thus, there are as many topics as the number of training devices. A producer simulates
and controls data streams at varying rates corresponding to a devices’ topic. For data consumption,
training devices have a running Kafka consumer process, which implements a custom PyTorch
dataloader to batch training data and feed it to the main training process.

As we spin multiple producers from a single container, we measure the effective stream-rates
achieved with our streaming simulator to ensure that we meet the target stream-rates in our eval-
uation. For e.g., running 32 streams in Fig. (C.1a) implies 32 producers are publishing across 32
topics at the rate of 100 samples/sec. We scale up the number of concurrent producers (i.e., topics
for data-streams) and measure the observed streaming-rate with the objective to attain close to 100
and 600 samples/sec. rates. Fig. (C.1) shows the total density estimates of the target rates when 1,
4, 8, 16 and 32 producers are deployed in parallel. With the target rate of 100 samples/sec., we see
in Fig. (C.1a) that we nearly achieve the target rate across all producers. For the 600 samples/sec.
target, the effective streaming-rate achieved per-topic is slightly below target, particularly beyond
16 parallel streams. Although higher stream-rates can be attained by increasing the number of net-
work threads and partitions per-topic, this cluster and setup is sufficient to simulate heterogeneous

data-streams and execute training over streaming data in ScaFLES.

C.3 Communication Overhead of Stochastic Data-Injection

Although data-injection improves the statistical efficiency by augmenting the overall data distribu-
tion, the operation itself has an associated network overhead as some devices transfer few training

samples to other devices in the network. For CIFAR10 and CIFAR100, each training sample is an
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Figure C.1: Effective streaming-rate achieved while simulating multiple heterogeneous streams at
(a) 100 samples/sec. (b) 600 samples/sec.
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image with an average size of 3 Kb (kilobytes). For the four streaming distributions, we look at
the density distribution of total communication incurred (in Kb) for various («, ) configurations.
Compared to the network overhead of synchronizing model updates, this overhead is negligible and
ranges from only 150-2000 Kb in a single iteration. As we prioritize privacy and lower (o, 3)
parameters, the amount of data transferred over the network is subsequently smaller. Thus, data-
transfer overhead gets lower as we reduce the («, 3) configuration. Transfer overhead is higher in

Sl

! . .
wniform @04 S, o o as the inflow stream-rates are higher compared to Supiform and Spormai-
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APPENDIX D
SEMI-SYNCHRONOUS FEDERATED LEARNING WITH SELSYNC

D.1 Training with SelSync

SelSync improves parallel efficiency by avoiding communication with local-SGD, while syn-
chronizing crucial model updates across clients under IID and non-IID conditions. We fashion
SelSync over the PS architecture where worker updates are coordinated through a centralized
server, as described in Alg. (5). Updates are pulled from the PS via pul 1FromPS function, while
updates are sent and averaged on the PS with the pushToPS call. This can also be implemented in
decentralized training where clients communicate via MPI-based collectives. Training starts from
line 3 when clients pull initial model parameter state from the PS with pul 1FromPS call.
Gradients and its I.-2 norm is computed on a mini-batch sampled from D, on client ‘c’ at lines

7-8. The DetectGradientChange function calculates and stores client ¢’s gradient norm, ap-
(c)

plies EWMA smoothing and computes the (g, *) metric on every iteration (i.e., from Eqn. (8.1)).

(C))

The local gradients then update the model locally on the client (line 9). To keep track of A(g,
across all clients, we initialized a flags array of length ‘N’ (i.e., corresponding to the total clients
participating in training). Each index in the array is initially set to O at the beginning of each iter-
ation (line 5); a bit-value of 0 at index ‘¢’ in flags implies A(gi(c)) of client id ‘c’ is below the
0-threshold and thus, choose to perform SGD update locally. Similarly, a bit-value of 1 at index ‘¢’
means that client ¢’s relative gradient change metric exceeds the d-threshold and chooses to com-

(c)

municate its update with other clients. Lines 10-11 show that if A(g,”’) on a client is greater than ¢,
we flip its corresponding bit at index ‘c’ to 1. To aggregate the decision of all clients about whether
to synchronize updates or apply locally, we call A11Gather on f£lags where each client stores
its decision at an appropriate index (line 12). Since we exchange only a single flag-bit from each
client, the total communication volume of this step is negligible, (N — 1) bits across ‘N’ clients. The
overhead of this operation is negligible as well, about 2-4 ms in a 16-node cluster configured over a

5Gbps NIC. If any of the synchronization bits in £1ags is 1 post-AG call, we call the synchroniza-

tion function to collect and aggregate the model state. The pushToPS function receives the latest
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Algorithm 5: {Sel}ective {Sync}hronization

1 Input: learning rate 7, gradient change threshold ¢, total number of clients ‘/N’, training
data D.. on client ‘¢’

2 procedure train():

3 W(n,0) = pullFromPs () > initialize parameters

4 for iteration i = 0,1,...1 on client device ¢ do

5 bit [N] flags=0 > synchronization status

6 d; ) € De > sample mini-batch from data

7 ggc) = VF(d(ic) Wie,i)) > compute gradient at step ‘¢’

8 A(ggc)) =DetectGradientChange (||gi(c)||2)

9 W(eit1) = Wied) — M- gi(c) > apply local updates

10 if A(g\”) > 6 : then

11 flags|[c]=1 > synchronize called by worker ‘c’ as its gradient change
exceeds 9

12 flags=AllGatherStatus (flags) > call AllGather on f1ags such that

index ‘c’ holds worker ¢’s synchronization status bit

13 if 1 € flags : then

14 pushToPS (Wc,it1)) > push local updates

15 W(e,i41) =PullFromPs () > pull global

model from all clients and pushes back the averaged parameters: w. ;1) = Zévz 1 Wee,y/N (e,
parameter averaging). Thus, local replicas stay consistent with the global model state as synchro-
nization is triggered across all clients if even a single one chooses synchronization over local-SGD.
On the other hand, SelSync performs local-SGD if all the bits of the f1ags array are 0.

The dataset D.. from which mini-batch d(; . is sampled at iteration ‘i’ on client ‘¢’ may have IID
or non-IID properties. With IID data, SelSync implements SelDP by reordering and partitioning
chunks as a circular queue where the head is rotated on each client corresponding to its id ‘c’. For
non-IID data, Se1Sync performs stochastic data-injection by randomly choosing a subset of clients
and pulling training samples, depending on the chosen (¢, 1, §) configuration. To limit the size of
local batches, we reduce client mini-batch to b’ as per Eqn. (8.2). SelSync performs data-injection

via point-to-point (P2P) communication, i.e., via send/push and recv/pull calls.

D.2 Cluster Setup and Training Specifications

We evaluate SelSync on a system of 4 servers, each equipped with 48-core Intel Xeon E5-2560

CPU, 128GB system memory and 4 NVIDIA V100 GPUs. To ensure resource isolation and min-
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imum interference, we deploy a cluster of 16 CUDA-compatible nvidia-docker containers where

each is allocated 8vCPUs, 24GB memory and 1 V100 GPU. The client containers push-pull their

updates to-from a PS container with 12vCPUs and 32GB system memory. Communication between

PS and client containers is facilitated via docker swarm configured over a SGbps ethernet NIC.

For IID data settings, CIFAR10/100 [180] contains 50000 training and 10000 test images with

10 and 100 labels respectively. ImageNet-1K [154] contains about 1.28 million training images and

50000 test images across 1000 class labels. WikiText-103 [222] contains 100 million tokens of ver-

ified and featured articles from Wikipedia. To emulate non-IID data settings, we split CIFAR10/100

across 10 clients with 1 and 10 labels residing on each device respectively. The training routine of

each of model is described as follows:

D.3

ResNet101 [9] trained over CIFAR10 with local mini-batch size 32, momentum optimizer
with initial learning-rate 0.1, weight decay 4e-4 and momentum factor 0.9. We progressively
decay the learning-rate by a factor of 10 after 110 and 150 epochs, and report top-1 test

accuracy.

VGG11 [8] trained over CIFAR100 with batch-size 32 and momentum SGD with factor 0.9,
weight decay 5e-4 and initial learning-rate 0.01 decayed by 10x at epochs 50 and 75. We

report top-1 test accuracy here as well.

AlexNet [1] trained over ImageNet-1K and reports top-5 test accuracy with local batch-size

128, Adam optimizer [136] and fixed learning-rate 1e-4.

Transformer trained over WikiText-103 where the encoder contains 2 hidden layers of dimen-
sion 200, dropout factor 0.2 and 35 bptt (backpropagation through time) steps. We set local
batch-size to 20 and use SGD optimizer with initial learning-rate 2.0 that decays by a factor
of 0.8 every 2000 training iterations and report the test perplexity, i.e., the exponential of test

loss.

Analyzing SelSync-specific Overheads

The DetectGradientChange function in Alg. (5) applies EWMA to smoothen out the noise

in the inter-iteration gradients. This overhead is exclusive to SelSync as A(ggc)) is not com-
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Figure D.1: SelSync overheads: (a) computing gradient norm and applying EWMA smoothing
on different windows. (b) SelDP overhead to partition and reorder data.

puted in BSP, FedAvg or SSP. As shown in Fig. (D.la), the cost of this operation rises as the
window-size for applying EWMA smoothing becomes larger. Compute time increases from 17 to
26ms in ResNet101 as the window-size increases from 25 to 200 steps, a jump of about 53%. A
window-size of 25 samples takes only about 3.1, 3.9 and 2.3ms on VGG11, AlexNet and Trans-
former respectively. By increasing this window to 200 samples, the latency of respective DNNs
increases by 110%, 79% and 178%. Although this overhead rises with the window-size evaluated,
it is much lower than the typical computation and communication overheads in distributed training.
Besides, we observed in our evaluation that a window-size of 25 samples sufficed and was able to
successfully detect inter-iteration gradient changes. We use this window-size in our evaluation of
SelSync.

We additionally evaluate the overhead of data-partitioning with Se1Sync in this section. The
overhead to partition and reorder chunks to generate DefDP and SelDP is shown in Fig. (D.1b).
Instead of splitting data into unique, equal-sized chunks, SelDP rearranges partitions based on client
ID in the cluster. For CIFAR10/100 datasets, this additional operation does not incur any significant
overhead as the loading time of the two schemes are nearly identical. This is because the size of
these datasets is not large enough to pose a considerable overhead to reorder and shuffle operations.
For larger datasets like ImageNet-1K and WikiText-103, SelDP had a slightly higher processing
time over the default partitioning scheme. However, the margin between the two was only a few
seconds and the partitioning operation is a one-time cost incurred only once before the training

phase begins.
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