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abstract

Rapid deployment of Machine Learning (ML) applications like recom-

mendation engines, chat-bots and image synthesis application have made

them a dominant workload. These applications are being powered by

ML models of increasingly expansive scale, with models comprising of

trillions of parameters becoming quite common.

Due to massive compute requirements, ML models are exclusively

trained on specialized accelerators and often in a distributed setting. How-

ever, a closer analysis of compute utilization shows that ML models are not

fully utilizing the compute available on these accelerators. The primary

reason for this poor compute utilization is data movement bottlenecks.

In this dissertation we primarily focus on data movement bottlenecks

associated with intermediate activations.

First, we study Gradient Compression, an approach to minimize the

amount of synchronization. In Accordionwe retro�t existing compression

algorithms to automatically vary the amount of compression to reduce

the communication during training. Next, we study lack of wall clock

speedups when using gradient compression algorithms in On the utility of

Gradient Compressionand propose several guidelines which can be used to

design new gradient compression algorithms.

The second part of this dissertation studies distributed training of rec-

ommendation models, where we introduce Bagpipea system to minimize

embedding access overhead in distributed training.

Finally, we introduce Clustered Head Attention, in which we aim to

reduce the memory bandwidth bottlenecks of multi-head attention by

identifying attention heads with similar output at inference time.
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Part I

Introduction
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1 introduction

Modern Machine Learning (ML) has ushered an era of a completely new

set of applications. From ubiquitous tasks like suggesting products which

a user might buy [ 129] to incredibly challenging tasks such as performing

image editing [ 112] and generating new images from text description [ 159]

all depend on some underlying ML models. However, in conjunction with

increase in modelling complexity and dataset sizes, the model sizes have

increased rapidly.

Training complex machine learning models to state-of-the-art accuracy

levels on large datasets [41, 101] is performed on specialized accelerators

and often in distributed setting. However, upon close observation prior

works have observed that these specialized accelerator have utilization of

less than 50% [82, 200]. On of the primary reasons for this poor utilization

is data movement and synchronization overheads. There are primarily

three di�erent types of data movement - (i) Training data, where training

data needs to be pre-processed and moved to the GPU, (ii) Model Parame-

ters, requires moving model parameters from storage or main memory to

the GPU, (iii) Intermediate activation, requires moving intermediate acti-

vations from GPU memory to registers and in case of distributed training

the activations need to be synchronized. In this dissertation we primarily

focus on data movement bottlenecks associated with intermediate activa-

tions and model parameters.

In the �rst part we study Gradient compression, a popular approach to

reduce synchronization overhead in distributed training in distributed data

parallel setting. Distributed data parallel SGD is one of the most common

approach for distributed computing, one iteration of distributed data

parallel SGD (DDP) comprises two main phases: gradient computation

and gradient aggregation. During the computation phase, the gradient of

the model is typically computed using backpropagation. This is followed
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by an aggregation phase, where gradients are synchronously averaged

among all participating nodes [ 75, 55]. During this second phase, for

state-of-the-art neural network models, millions to billions of parameters

are communicated among nodes [24], which has been shown to lead

to communication bottlenecks [ 40, 149, 132, 57, 16]. Alleviating these

communication bottlenecks has been an active area of research in recent

years. One extremely popular approach to reduce the communication

bottleneck is to perform lossy gradient compression [ 150, 16, 199, 20, 5].

All the lossy gradient compression methods require users to specify an

additional hyper-parameter that determines the degree of compression or

sparsi�cation before training begins. In this dissertation we �rst present

Accordion [ 9]. Accordion adaptively chooses compression parameters,

by determining critical periods of ML training. It keeps low compression

ratio (high accuracy) during critical periods and high compression ratio

otherwise. This allows Accordion to balance both accuracy and amount of

communication.

Concurrent to the work on gradient compression,a number of system-

level optimizations have been proposed to speed up distributed data-

parallel synchronous SGD (syncSGD). Techniques like ring-reduce [ 172]

and tree-reduce [144] have been implemented in several high performance

communication libraries (e.g. NCCL and Gloo) which in turn are tightly

integrated into popular deep learning libraries like PyTorch [ 130, 105]

and Tensor�ow [ 4]. Both ring-reduce and tree-reduce, are bandwidth

e�cient and have a constant, and logarithmic dependence on the number

of nodes, respectively, i.e. the total number of bytes communicated remains

sublinear in the number of machines used for training. During the process

of evaluating Accordion [ 9], we observed that no prior work studies the

utility of gradient compressionin distributed training and compares it to

optimized system level implementations. This led us to perform a detailed

study to understand the utility of gradient compression in distributed
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training systems. We �rst compared state-of-the-art compression systems

against optimized system implementations. In the study we show, existing

gradient compression methods do not provide signi�cant speedups over.

Further, with the aid of a performance model we show how gradient

compression methods can be improved and under what setups existing

gradient compression methods can be utilized. This study leads to the

second contribution in this thesis [ 10], where we perform a detailed study

on existing gradient compression methods and compare them with system

based optimization techniques.

Gradient Compression is only applicable in case of data-parallel train-

ing, i.e. models �t in one GPU. To further study bottlenecks due to data

movement we looked at models which can not �t in single GPU. This led

us to study some of the largest models at scale. Recommendation models

are distributed as a mix of model and data-parallel approaches, where

weights associated with embeddings are partitioned using model paral-

lelism and the weights associated with neural networks are partitioned

in data-parallel mode. Recommendation model training is heavily bottle

necked by remote embedding accesses. To reduce embedding access over-

head we introduce Bagpipe [ 11]. The main insight in Bagpipe is that in

o�ine large batch training, one can look beyond the current training batch

and decide to keep certain embeddings on the trainer ma- chine (caching)

and fetch other embeddings out of order (prefetch). We observe that

Bagpipe can provide speedups of more than 3.7Öover highly optimized

existing systems like TorchRec [118].

Next, we shift our focus Large Language Models (LLMs) and par-

ticularly to Multi-head attention [ 183]. Multi-head attention is the core

component of LLMs, and is responsible for around 50-60% of time spent

during inference [ 114, 54]. One of the primary reason for poor GPU

utilization is the memory bandwidth requirements of multi-head atten-

tion [ 183]. This highlights that for certain operators the data movement
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bottleneck can be within a single GPU even in distributed setting. To

overcome the memory bottleneck we propose an approximation based

approach, where we show that several attention heads in multi-head atten-

tion are performing are providing similar attention score. In [ 12] we show

that these redundant heads can be e�ciently identi�ed at run-time and can

be used to minimize the memory bandwidth and compute requirements

of attention based architectures.

1.1 List of Papers

This dissertation is primarily composed of following papers -

1. Accordion: Adaptive gradient compression via critical regime identi�cation

[9], MLSys'21

2. On the utility of Gradient Compression[10], MLSys'22

3. Bagpipe: Accelerating Deep Recommendation model training[ 11], SOSP'23

4. CHAI: Clustered Head Attention for e�cient LLM inference[ 12], ICML'24

Apart from the topics and papers presented in this dissertation, the

author has also worked on Deep Learning Cluster scheduling [ 13], ad-

versarial attacks in federated learning [ 188], and zero overhead gradient

compression [191].
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2 bottlenecks in machine learning systems

Next we provide background on the types of data movement typically ob-

served in machine learning systems and discuss corresponding approaches

in reducing those bottlenecks. In Machine learning systems we primarily

observe three di�erent types of data movement bottlenecks - (i) Input

Data movement related bottlenecks, (ii) Model Parameter related bottle-

necks and (iii) Intermediate Activations related bottlenecks. Depending

on training setup like model, distribution strategy and infrastructure setup

one or several of these bottlenecks appear. In the following subsection we

discuss each of these bottlenecks and provide brief overview of di�erent

strategies used to alleviate these bottlenecks.

2.1 Input Data bottlenecks

The input data pipeline forms a crucial component of each machine learn-

ing training jobs. Input data-pipelines are responsible for reading data

often from remote blob storage, applying stochastic transformations and

then moving this data to the accelerator memory for training. As the

dataset sizes have been increasing where datasets with tens of trillions of

data-points are becoming a norm and thousand of accelerators are concur-

rently being used, the input data throughput requirements has grown at

immense rate [219, 123, 220, 221]. To avoid the input training bottlenecks

large jobs have been increasing the amount of CPU resources to speed up

data-processing, in some cases using upto 5000 workers for a single train-

ing workers [ 127]. There have been several prior works which have looked

at di�erent approaches to alleviate input data movement bottlenecks-

Enhanced Parallelism [ 220, 221, 181, 127] provide an interface for paral-

lelization and large scale distribution of data pre-processing. The primary
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idea is to enable users to e�ciently launch several hundreds of workers

and perform distributed data pre-processing. However, these methods do

not reduce the amount of actual compute required, or provide e�cient

implementation of underlying operators.

Caching A common approach to minimize input data bottlenecks is to

cache intermediate and reusable data on the training nodes. Prior works

[ 181, 28, 56, 77, 90, 97, 222] have successfully applied caching to alleviate

input data bottlenecks.

Operator Fusion and Inter Job Coordination Another common ap-

proach to minimize the overhead of data movement is by fusing several

operators into a single operation [ 127]. Another approach several prior

works [ 56] have taken is merging the data processing pipelines for several

di�erent jobs by identifying the shared components. This approach allows

reuse of processed data.

2.2 Model Parameter bottlenecks

As the model sizes have increased and newer embedding based workloads

are becoming common, model parameters have also become major bot-

tlenecks. Model parameter access bottlenecks can be classi�ed into two

parts - (i) O�oading based bottlenecks (ii) Remote access bottlenecks.

O�oading based bottlenecks. As the model size has been increasing,

several works have proposed o�oading parts of neural network to main

memory. The core idea is that neural networks are inherently layer based

thus only a small part of total parameter count is mandatory to perform

compute. Several prior works have looked at o�oad based mechanisms for

enabling training of models which are larger than GPU memory available.
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The challenge in o�oading is to minimize the overhead on the critical

path. Several prior works [ 71, 153, 139, 92] propose policies to alleviate

this bottleneck. Several specialized systems like Marius [124] for learning

graph embeddings, Marius++ [ 186] have been proposed, which o�oad

a portion of the graph and data to disk to overcome the limited memory

available on the accelerators.

Remote Access bottlenecks. Another case of bottlenecks with model

parameters is the remote access bottleneck. In cases where a model does

not �t even in the main memory, it needs to be stored in a remote ma-

chine. This has become increasingly common in recommendation models

where embedding tables are of terabyte sizes [129]. In this cases the

embedding tables need to fetched from remote machines, leading to re-

mote access bottlenecks. There have been several ways which have been

introduced to minimize the embedding access overhead, systems like

TorchRec [118],Zeus [ 126] try to hide embedding access latency by over-

lapping it with di�erent components.

2.3 Intermediate Activation bottlenecks.

Intermediate activation are a big source of data bottlenecks machine learn-

ing systems. These bottlenecks primarily manifest in two forms - (i) Mem-

ory access bottlenecks and (ii) Activation synchronization bottlenecks.

Memory access bottlenecks. Memory access bottlenecks, several opera-

tors in machine learning have a very low compute densite, e.g., multi-head

attention, fully connected layers, non-linearity operations. These operators

read a large amount of data but compute performed is quite small, which

leads to poor utilization of memory. Several high performance comput-

ing based libraries [ 39, 38] and deep learning compilers [ 26, 223, 175]



9

target this space, by performing operator fusion, tiling and intermediate

computation.

Activation synchronization bottlenecks. When performing distributed

training, intermediate activation need to synchronized. There has been a

plethora of work in reducing these synchronization bottlenecks. Inspired

by the fact that SGD can make good progress even with approximate

gradients,various Gradient Compression methods have been proposed

in recent literature. They can be broadly grouped into quantization, spar-

si�cation and low rank aproximations. For quantization, [ 150, 20] re-

place each weight with just the sign values. While [ 15, 110, 154, 155]

use the largest few co-ordinates to create a sparse gradient. Wangni

et al. [197] randomly drop coordinates in the gradient update to create

sparse gradient updates. For quantization [ 16, 199] quantize each gra-

dient coordinate. In [ 187, 184] authors show that extremely low rank

updates can achieve good compression without loss in accuracy. Yu

et al. [212] utilize correlation between gradients for linear compression.

Several works have looked at improving communication e�ciency by

use of Gossip based protocols [108, 169, 96, 95]. Other methods have

looked into improving e�ciency of distributed training by enabling use

of large batch sizes [211, 210, 158, 44] or lower precision [ 121] without

accuracy loss. Other works have also looked at di�erent forms of paral-

lelism [84, 83, 72, 157, 128, 138] for speeding up distributed training.

Similarly there have been system advances in minimizing activation

synchronization bottlenecks. Gradients for DNNs are calculated layerwise,

therefore, gradients of later layers are available before initial layers. Instead

of waiting for the availability of all the gradients, popular deep learning

frameworks [ 105, 130, 4] start gradient communication when some of the

gradients are available. This leads to overlapping gradient computation

with communication, hiding the time spent in communication.
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In this dissertation, we primarily target Activation related bottlenecks

in Part II and IV and Model parameter bottlenecks in Part III.
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Part II

Reducing Data Movement in

Distributed Training
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3 adaptive gradient compression

One of the most widely adopted approach for distributed training is Syn-

chronous Data Parallel SGD. One iteration of distributed data parallel SGD

(DDP) comprises two main phases: gradient computation and gradient

aggregation. During the computation phase, the gradient of the model

is typically computed using backpropagation. This is followed by an ag-

gregation phase, where gradients are synchronously averaged among all

participating nodes [ 75, 55]. During this second phase, for state-of-the-art

neural network models, millions to billions of parameters are communi-

cated among nodes [24], which has been shown to lead to communication

bottlenecks [40, 149, 132, 57, 16]. Alleviating these communication bottle-

necks has been an active area of research in recent years. One extremely

popular approach to reduce the communication bottleneck is to perform

lossy gradient compression [ 150, 16, 199, 20, 5]. All the lossy gradient com-

pression methods require users to specify an additional hyper-parameter

that determines the degree of compression or sparsi�cation before train-

ing begins. Choosing compression ratios presents a seemingly inherent

trade-o� between �nal model accuracy and the per-iteration communi-

cation overhead. With Accordion we automate this process of choosing

compression ratios.

3.1 Preliminaries

First we formally describe the distributed SGD setting.

Consider the standard synchronous distributed SGD setting with N dis-

tributed workers [ 151]. For simplicity, we assume that each worker stores

n data points, giving us a total of N � n data points, say f(xi , y i )gNn
i = 1. The

goal is �nding parameter w that minimizes f (w) = 1
Nn

P Nn
i = 1 `(w; xi , y i )

where (xi , y i ) is the i -th example. In particular, we minimize f (w) using
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distributed SGD that operates as follows: wk + 1 = wk - 
 k
1
N

P N
i = 1 bgi (wk )

for k 2 f0, 1, 2,. . .g, where w0 is the initial model, 
 k is the step size, and

bgi (w) is a gradient computed at worker i for a minibatch (of size B, with

B < n ).

Distributed SGD with adaptive gradient compression Vanilla distributed

SGD incurs a huge communication cost per iteration that is proportional

to the number of workers N and the size of the gradient. To reduce this

communication overhead, we consider a gradient compression strategy,

say C(�, `), where ` is the parameter that determines the compression level

used. With such a gradient compression strategy, the update equation

becomeswk + 1 = wk - 
 k
1
N

P N
i = 1 C(bgi (wk ), `k ) for k 2 f0, 1, 2,. . .g, where

communicating C(bgi (wk ), `k ) requires much fewer bits than communicat-

ing the original gradients.

Distributed SGD with adaptive batch size The number of communica-

tion rounds in a given epoch also depend on the batch size. For example a

batch sizeBhigh > B low will communicate
j

B high

B low

k
times less than using

batch sizeBlow in a given epoch. Although the update equation remains

the samewk + 1 = wk - 
 k
1
N

P N
i = 1 bgi (wk ) for k 2 f0, 1, 2,. . .g, the number

of steps k, taken by a model decreases by
j

B high

B low

k
times for a �xed number

of epochs.

Goals Our goal is to design an algorithm that automatically adapts

the compression rate f`k gor batch size Bk while training. Although the

interplay between batch size and compression ratio is interesting, we don't

explore these together, i.e. we don't vary batch size when training with

gradient compression. Here, we consider a centralized algorithm, i.e., one

of the participating node decides `k + 1 or Bk + 1 based on all the information

available up till step k. This communication rate is then shared with all the
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N workers so that they can adapt either their compression ratio or batch

size.

3.2 Accordion

(a) Critical Regimes (b) Accuracy vs Epochs and Floats Communicated

Figure 3.1: E�ect of gradient compression in Critical Regimes when Training
ResNet-18 on Cifar-100 : (a) Critical regimes in Cifar-100 , ResNet-18 (b, Left)
Accuracy vs Epochs. Show the signi�cance of critical regimes in training, using
low compression(Rank 2) in critical regimes is enough to get similar accuracy
as using low compression throughout . (b, Right) Accuracy vs Floats Commu-
nicated, Even when we use uncompressed (Full Rank) gradients everywhere
but use high compression (Rank 1) in critical regimes it is not possible to bridge
accuracy gap.

We �rst explain why adaptive gradient communication can help main-

tain high generalization performance while minimizing the communica-

tion cost. We study this �rst with gradient compression techniques and

then based on these insights we proposeAccordion a gradient communi-

cation scheduling algorithm. Finally, we show that there is a connection

between batch size and gradient compression, and thus Accordion can

also be used to enable large batch training without accuracy loss.

3.2.1 Adaptive communication using critical regimes

Recent work by [ 6] has identi�ed critical regimesor phases of training that

are important for training a high quality model. In particular, [ 6] show that
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the early phase of training is critical. They setup an experiment where the

�rst few epochs have corrupted training data and then continue training

the DNN with clean training data for the rest of the epochs. Surprisingly,

the DNN trained this way showed a signi�cantly impaired generalization

performance no matter how long it was trained with the clean data after

the critical regime.

We extend these ideas to aid in the design of an adaptive commu-

nication schedule and �rst study this using PowerSGD as the gradient

compression scheme. We begin by observing how the gradient norm for

each layer behaves while training. When training ResNet-18 on Cifar-100 ,

in Figure 3.1a we see two regions where gradient norm decreases rapidly;

during the �rst 20 epochs and the 10 epochs right after the 150-th epoch,

i.e., the point at which learning rate decay occurs. We experimentally

verify that these two regions are critical by considering the following com-

pression schedule` = low for the �rst 20 epochs and for 10 epochs after

the 150 epoch, and` = high elsewhere. Under this scheme the gradients

will not be over-compressed in the critical regimes, but at the same time

the overall communication will be close to high compression. Figure 3.1b

shows the experimental results with ResNet-18 on Cifar-100 for the above

scheme. It can be observed that just using low compression (rank 2) in

these critical regimes and high compression (rank 1) elsewhere is su�-

cient to get the same accuracy as using low compression throughout while

reducing communication signi�cantly.

Interestingly we also observe in Figure 3.1b that any loss in accuracy by

using high compression in critical regimes is not recoverable by using low

compression elsewhere. For instance, consider the following compression

schedule: ` = high compression rate for �rst 20 epochs and for 10 epochs

after the 150 epoch, and` = no compression elsewhere. Under this sched-

ule, gradients will be over-compressed in the critical regimes, but will be

uncompressedelsewhere. We see that for ResNet-18 onCifar-100 even with
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(a) Critical Regimes based on Hessian
(b) Critical Regimes based of Gradient
Norm

Figure 3.2: Comparison of Critical Regimes found using Analysis of eigenval-
ues of Hessian vs Using the Norm of the Gradient: The experiment is performed
on ResNet-18, for Cifar-10 . We show that Critical Regimes detected by rapid
decay in top eigenvalues of Hessian can also be detected using decay in gradient
norm.

signi�cantly higher communication one can not overcome the damage

done to training by over compressing in critical regimes. We hypothesize

that in critical regimes, SGD is navigating to the steeper parts of the loss

surface and if we use over-compressed gradients in these regimes, then the

training algorithm might take a di�erent trajectory than what SGD would

have taken originally. This might cause training to reach a sub-optimal

minima leading to degradation in �nal test accuracy.

Detecting Critical Regimes: Prior work for detecting critical regimes [ 80]

used the change in eigenvalues of the Hessian as an indicator. We next

compare the critical regimes identi�ed by the gradient norm approach

described above with the approach used in [ 80]. In Figure 3.2, we show

that these two approaches yield similar results for ResNet-18 on Cifar-10 ,

with the latter having an advantage of being orders of magnitude faster to

compute.

Thus, we can see that �nding an e�ective communication schedule is

akin to �nding critical regimes in neural network training and these critical

regimescan be identi�ed by measuring the change in gradient norm.
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3.2.2 Accordion 's Design

We now provide a description of Accordion , our proposed algorithm that

automatically switches between lower and higher communication levels

by detecting critical regimes. Accordion 's �rst goal is to identify critical

regimes e�ciently. Our experiments, as discussed previously (Figure 3.2),

reveal that critical regimes can be identi�ed by detecting the rate of change

in gradient norms without using the computationally expensive technique

of [ 89, 80, 81], where eigenvalues of the Hessian are used to detect critical

regimes. This leads us to propose the following simple way to detect

critical regimes: �
� k� old k - k� curr k

�
�

k� old k
> � ,

where � curr and � prev , denotes the accumulated gradient in the current

epoch and some previous epoch respectively, and � is the threshold used

to declare critical regimes. We set � = 0.5 in all of our experiments.

We depict Accordion for gradient compression in Algorithm 1. For

simplicity and usability, Accordion only switches between two levels of

compression levels: ` low and `high . OnceAccordion detects critical regimes,

it sets the compression level as` low to avoid an undesirable drop in accuracy.

Based on our observation, critical regimes also almost always occur after

learning rate decay, therefore we let Accordion declare critical regime

after every learning rate decay. If Accordion detects that the critical phase

ends, it changes the compression level to`high to save communication cost.

For batch size we use the same algorithm, except instead of switching

between ` low and `high we switch between Blow and Bhigh .

We remark that Accordion operates at the granularity of the gradient

compressor being used. For instance,PowerSGD approximates the gradi-

ents of each layer independently, so Accordion will also operate at each

layer independently and provide a suitable compression ratio for each

layer in an adaptive manner during training. While batch size scheduling
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Algorithm 1: Accordion for Gradient Compression
HyperParameters:compression levels {` low , `high } and detection
threshold �
Input: accumulated gradients in the current epoch ( � curr ) and in the
previous epoch ( � prev )
Input: learning rate of the current epoch ( 
 curr ) and of the next epoch
( 
 next)
Output: compression ratio to use `
if j




 � prev




 - k� curr kj=




 � prev




 > � or 
 next < 
 curr then

return ` low

else
return `high

end if

operates at the whole model so Accordion looks at the gradient of whole

model and chooses a suitable batch size.

Computational and memory overhead: Accordion accumulates gradients

of each layer during the backward pass. After each epoch, norms are

calculated, creating kr curr k. Once the compression ratio is chosenkr curr k

becomeskr old k. Thus requiring only size of the model(47 MB in ResNet-

18) and a few �oat values worth of storage. Also Accordion only uses

the ratio between previous and current gradient norms to detect critical

regimes. This allows Accordion to be easily integrated in a training job

where gradients are already calculated, thus making the computational

overhead negligible.

3.2.3 Relationship between gradient compression and

adaptive batch-size

We �rst evaluate the e�ect of batch size on neural network training through

the lens of critical regimes, which suggests using small batch sizes in critical

regimes and large batch size outside critical regimes should not hurt test
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(a) Overlap in coordinates (b) E�ect of Di�erent Batch sizes in critical regimes

Figure 3.3: E�ect of batch size (ResNet-18 on Cifar-10 ): (a) We show that
there is signi�cant overlap among the Top10% coordinates. (b, left) Shows that
using small batches only in critical regimes is enough to get performance similar
to using small batches everywhere. We scale learning rate linearly with batch
size as in [55], at steps 150 and 250 we decay the learning rate by 10 and 100
respectively. (b, right) accuracy vs communication.

accuracy. We empirically show in Figure 3.3b that this is indeed true.

Next, the connection between compression and batch size tuning can

be made more formal under the following assumption: “each stochastic

gradient is the sum of a sparse mean and a dense noise”, i.e.,

r w `(w; xi , y i ) = Ej r w `(w; xj , y j )| {z }
sparse, large magnitudes

+ ( r w `(w; xi , y i ) - Ej r w `(w; xj , y j ))| {z }
dense, small magnitudes

(3.1)

Under this assumption, we can see that “large batch gradient � highly

compressed gradient”, as a large batch gradient will be close to Ej r w `(w; xj , y j )

by the law of large numbers, a highly compressed gradient will also pick

up the same sparse components. Similarly, a small batch gradient is equiv-

alent to weakly compressed gradient. We will like to point out that this

assumption is not general and is not applicable on all data or models. It

will only hold for models trained with sparsity inducing norms.
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We also conduct a simple experiment to support our intuition. We

collect all stochastic gradients in an epoch and compute the overlap in

coordinates of Top10%entries to �nd how much their supports overlap.

Figure 3.3a shows that > 90% of the top-K entries are common between a

pair of stochastic gradients, thereby justifying the above gradient model-

ing.

Thus, our �ndings along with prior work in literature can be summa-

rized as high gradient compression, noisy training data, or large batch size

in the critical regimes of training hurts generalization. This connection

also suggests thatAccordion can also be used to schedule batch size.

3.3 Evaluation

We experimentally verify the performance of Accordion when paired

with two SOTA gradient compressors, i.e., (i) PowerSGD [ 184], which

performs low-rank gradient factorization via a computationally e�cient

approach, and (ii) TopK sparsi�cation [ 15], which sparsi�es the gradients

by choosing the K entries with largest absolute values. Further we also

useAccordion to schedule batch size switching between batch size 512

and 4096 for Cifar-100 and Cifar-10 .

Evaluation Setup We implement Accordion in PyTorch [ 130]. All exper-

iments were conducted on a cluster that consists of 4 p3.2xlarge instances

on Amazon EC2. Our implementation used NCCL an optimized commu-

nication library for use with NVIDIA GPUs. For PowerSGD and Batch

Size experiments we used the all-reduce collective in NCCL and for TopK

we used the all-gather collective. We �x � to be 0.5 and run Accordion

every 10 epochs i.e.Accordion detects critical regimes by calculating rate

of change between gradients accumulated in current epoch and the gra-

dients accumulated 10 epochs back. We empirically observe that these
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choices of hyper-parameters lead to good results and have not tuned them.

One of our primary goal was to design Accordion such that it should not

require signifcant amount of hyper-parameter tuning. Therefore for all of

our experiments we didn't perform any hyper-parameter tuning and used

the same hyper-parameters as suggested by authors of previous compres-

sion methods, e.g. ForPowerSGD we used the same setting as suggested

by Vogels et al. [184] . For large batch size experiments we use the same

hyper-parameters as used for regular training. For all our experiments on

batch size we performed LR Warmup of 5 epochs as suggested by Goyal

et al. [55] , i.e. for batch size 512 we linearly increase the learning rate from

0.1 to 0.4 in �ve epochs where 0.1 is learning rate for batch size 128. Due

to relationship shown between batch Size and learning rate by Smith et al.

[158] , Devarakonda et al. [44] when Accordion shifts to large batch it

also correspondingly increases the learning in the same ratio, i.e. when

switching between Batch Size 512 to Batch size 4096,Accordion also scales

the learning rate by 8� .

For image classi�cation tasks we evaluated Accordion on Cifar-10

and Cifar-100 . Cifar-10 consists of 50,000 train images and 10,000 test

images for 10 classes.Cifar-100 has similar number of samples but for

100 classes. For language modeling we used WikiText which has around 2

million train tokens and around 245k testing tokens. To show the wide

applicability of Accordion we consider a number of model architectures.

For CNNs, we study networks both with and without skip connections.

VGG-19 and GoogleNet are two networks without skip connections. While

ResNet-18, Densenet, and Squeeze-and -Excitation are networks with skip

connections. For language tasks we used a two layer LSTM.

Accordion on PowerSGD PowerSGD[ 184] shows that using extremely

low rank updates (Rank-2 or Rank-4) with error-feedback [ 161] can lead

to the the same accuracy as syncSGD. In Table 3.1 and 3.2 we show that
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Table 3.1:Accordion with PowerSGD
on Cifar-10

Network Rank Accuracy
Data Sent
(Million Floats)

Time
(Seconds)

Resnet-18
Rank 2 94.5% 2418.4 (1� ) 3509 (1� )

Rank 1 94.1% 1350.4 (1.7� ) 3386 (1.03� )

Accordion 94.5% 1571.8 (1.5� ) 3398 (1.03� )

VGG-19bn
Rank 4 93.4% 6752.0 (1� ) 3613 (1� )

Rank 1 68.6% 2074.9 (3.25� ) 3158 (1.14� )

Accordion 92.9% 2945.1 (2.3� ) 3220 (1.12� )

Senet
Rank 4 94.5% 4361.3 (1� ) 4689 (1� )

Rank 1 94.2% 1392.6 (3.1� ) 4134 (1.13� )

Accordion 94.5% 2264.4 (1.9� ) 4298 (1.09� )

Table 3.2:Accordion with PowerSGD
on Cifar-100

Network Rank Accuracy
Data Sent
(Million Floats)

Time
(Seconds)

Resnet-18
Rank 2 71.7% 2426.3 (1� ) 3521 (1� )

Rank 1 70.0% 1355.7 (1.8� ) 3388 (1.04� )

Accordion 71.8% 1566.3 (1.6� ) 3419 (1.03� )

DenseNet
Rank 2 72.0% 3387.4 (1� ) 13613 (1� )

Rank 1 71.6% 2155.6 (1.6� ) 12977 (1.04� )

Accordion 72.5% 2284.9 (1.5� ) 13173 (1.03� )

Senet
Rank 2 72.5% 2878.1 (1� ) 5217 (1� )

Rank 1 71.5% 1683.1 (1.7� ) 4994 (1.04� )

Accordion 72.4% 2175.6 (1.3� ) 5074 (1.03� )

Figure 3.4: Accordion using PowerSGD with ` low = rank 4 and `high = rank 1
on VGG-19bn: We show Accordion being able to bridge more that 25% of
accuracy di�erence with 2.3 � less communication .

Accordion by performing adaptive switching between Rank-1 and Rank-

2,4 reaches similar accuracy but with signi�cantly less communication.

For e.g. in Table 3.2 with ResNet-18 onCifar-100 using ` low = Rank 2 leads

to accuracy of 72.4% while `high = Rank 1 achieves 71.3%.Accordion

switching between Rank 2 and Rank 1 achieves an accuracy of 72.3%.

Figure 3.4 shows the result for VGG-19bn trained with Cifar-10 , in this

caseAccordion almost bridges accuracy gap of 25% while saving almost

2.3� in communication. Results on more compression schemes can be

found in Section 5 of our original paper [9].

Comparison with Prior Work We compare Accordion with prior work

in adaptive gradient compression and adaptive batch size tuning. For
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(a) ResNet-18 trained on Cifar-10 (b) ResNet-18 trained of Cifar-100

Figure 3.5: Comparison with AdaQS: We compare Accordion against
AdaQS [59] on Cifar-10 and Cifar-100 . We usePowerSGDas the Gradient Com-
pressor. Even though AdaQS communicates more that Accordion it still looses
accuracy compared to low compression. Accordion on other hand with less
communication is able reach the accuracy of low compression.

adaptive gradient compression we consider recent work by [ 59] that uses

the mean to standard deviation ratio (MSDR) of the gradients. If they

observe that MSDR has reduced by a certain amount(a hyper-parameter),

they correspondingly reduce the compression ratio by half (i.e., switch

to a more accurate gradient). We use this approach with PowerSGD and

our experiments in Figure 3.5 suggest that their switching scheme ends up

requiring more communication and also leads to some loss in accuracy.

Accordion on extremely large batch sizes To push the limits of Batch

Size scaling further we tried using Accordion for scaling Cifar-10 on

ResNet-18 to batch size of 16,384.We observed that usingAccordion looses

around (1.6%) accuracy compared to using batch size 512. Interestingly

we also observe that when Accordion �rst switches the batch size there is

a rapid drop, but then training immediately recovers.

3.4 Conclusion

We propose Accordion , an adaptive gradient compression method that

can automatically switch between low and high compression. Accordion

works by choosing low compression in critical regimes of training and

high compression elsewhere. We show that such regimes can be e�ciently
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Figure 3.6: Using Extremely Large Batch Size: We observe that Accordion
looses around 1.6% accuracy when we use batch size of 16,384. ShowingAccor-
dion can often prevent large accuracy losses while providing massive gains.

identi�ed using the rate of change of the gradient norm and that our

method matches critical regimes identi�ed by prior work. We also dis-

cuss connections between the compression ratio and batch size used for

training and show that the insights used in Accordion are supported

by prior work in adaptive batch size tuning. Finally, we show that Ac-

cordion is e�ective in practice and can save upto 3.7� communication

compared to using low compression without a�ecting generalization per-

formance. Overall, our work provides a new principled approach for

building adaptive-hyperparameter tuning algorithms, and we believe that

further understanding of critical regimes in neural network training can

help us design better hyperparameter tuning algorithms in the future.
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4 utility of gradient compression

A rich body of prior work has highlighted the existence of communica-

tion bottlenecks in synchronous data-parallel training. To alleviate these

bottlenecks, a long line of recent research proposes gradient and model

compression methods. In this work, we evaluate the e�cacy of gradient

compression methods and compare their scalability with optimized im-

plementations of synchronous data-parallel SGD across more than 200

realistic distributed setups. Surprisingly, we observe that only in 6 cases

out of more than 200, gradient compression methods provide speedup over

optimized synchronous data-parallel training in the typical data-center

setting. We conduct an extensive investigation to identify the root causes

of this phenomenon, and o�er a performance model that can be used

to identify the bene�ts of gradient compression for a variety of system

setups. Based on our analysis, we propose a list of desirable properties

that gradient compression methods should satisfy, in order for them to

provide meaningful utility.

4.1 Preliminaries

We �rst provide a brief background of several di�erent threads of prior

work that aim at enabling faster distributed machine learning. Several

lossy gradient compression methods based on quantization [ 16, 20, 88,

42, 149, 199, 21, 213, 106, 69, 170, 45, 163, 53, 224, 215, 201, 168], sparsi�-

cation [ 162, 111, 15, 17, 111, 154, 155, 50, 115, 156, 197, 168, 147, 148], low

rank decomposition [ 187, 184, 189], and other approaches [ 5, 165, 79]

have been proposed in literature. Recent surveys [204, 171] describe these

methods in detail.

In this work, we benchmark several popular gradient compression

schemes (Table 4.1), and we then pick three gradient compression schemes
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Table 4.1:Encode-Decode of gradient compression methods for ResNet-50 on
V100 GPUs.

Type Method Tencode _decode (ms) All-Reduce

Sparsi�cation
MS-TopK - 1% 103 7
DGC - 1% 221 7
TopK - 1% 273 7
RandomK - 1% 163 3

Quantization
SignSGD 16 7
QSGD-2bit 39 7
TernGrad 94 7

Low Rank
PowerSGD-Rank 4 45 3
ATOMO-Rank 4 1586 7

which have the least compression overheads and high compression ratios

for detailed analysis. We chose, quantization based signSGD [20, 21],

low-rank decomposition based PowerSGD [ 184] and sparsi�cation based

MSTop-K [ 156]. We compare and evaluate these schemes to see if they

provide any bene�t over o�-the-shelf implementation of syncSGD, i.e.

PyTorch DDP [105].

4.1.1 System Advances

Next, we provide a brief overview of several system advances which have

been applied to syncSGD to improve the performance of distributed train-

ing.

All-reduce. In recent years, systems have shifted from using a parameter

server based topology to an all-reduce topology for gradient synchroniza-

tion. For example, we observe that all submissions to DawnBench [ 34] use

all-reduce for performing distributed training. Communication costs can

be typically modeled using a cost model [ 146] where cost of sending/re-
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Table 4.2:Comparing aggregation schemes: We show how latency and band-
width term scale for di�erent aggregation strategies. � is the latency, � is the
inverse of bandwidth, and n is the size of vector communicated. p is the number
of machines

Algorithm Latency Bandwidth

Ring Reduce 2(p - 1)� 2� ( p - 1)
p n

Tree Reduce 2� log p 2� (log p)n

Parameter Server 2� 2� (p - 1)n

ceiving a vector of size n is computed as the sum of latency and bandwidth

requirements. There are several optimizations [ 134, 172, 66, 144] for all-

reduce based collectives like ring-reduce [19], tree-reduce [ 144], recursive

doubling [ 180], 2D-Torus [ 122, 86], and etc. These optimizations explore

the trade-o� between the latency and bandwidth terms. We list latency

and bandwidth terms for a few aggregation strategies in Table 4.2 for

synchronizing a vector of size n among p machines. In Table 4.2,� rep-

resents the latency term (typically between 0.5 to 1ms in public clouds)

and � represents bandwidth term. We would like to point out that the

bandwidth requirement for ring reduce stays almost constant even with

increase in number of machines p. High performance implementations

like NVIDIA-NCCL [ 1] dynamically chooses between tree and ring reduce

based on several factors like number of machines, bandwidth, interconnect,

communication size to list a few. In this work for simplicity, we analyze

our results with the communication model of ring-reduce.

Communication and Computation Overlap. Gradients for DNNs are

calculated layerwise, therefore, gradients of later layers are available be-

fore initial layers. Instead of waiting for the availability of all the gradients,

popular deep learning frameworks [ 105, 130, 4] start gradient communi-

cation when some of the gradients are available. This leads to overlapping
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Figure 4.1: Illustration of how overlapping can reduce the
total iteration time. (Above) Gradient computation and com-
munication done serially. (Below) Gradient computation and
communication being overlapped, i.e. when the gradient of a
layer is computed, it is communicated right after the gradient of
the previous layer.

Figure 4.2: E�ect of Overlap: We plot the iteration time for
computation and gradient synchronization for 64 GPUs, both
with and without overlap. In case of Resnet-50 we observe that
overlapping reduces iteration time by upto 46%.

gradient computation with communication, hiding the time spent in com-

munication. Figure 4.1 illustrates how overlap can provide speedups. In

Figure 4.2, we observe that overlapping can provide speedups of almost

46% for ResNet-50.
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Bucketing Gradients. Calling the all-reduce collective per layer can often

lead to large overheads. To amortize the overhead of calling all-reduce,

optimized implementation of syncSGD [ 105, 151] create �xed size buckets.

Once the gradients for a bucket are calculated then all-reduce is called on

the entire bucket. Bucket sizes are typically large (25 MB by default in

PyTorch).

In this work, we benchmark the runtime of the systems with the afore-

mentioned optimizations to compare against gradient compression meth-

ods on real-world computer vision and natural language processing tasks.

4.1.2 Evaluating utility of gradient compression

In this section, we perform a detailed experimental evaluation comparing

the scalability of gradient compression methods with an optimized sync-

SGD implementation. We start by analyzing the e�ects of overlapping

gradient compression with gradient computation. Next we run large scale

experiments to study how gradient compression methods scale across a

range of models.

Methodology. We begin by comparing the overhead of compression

methods which have been reported to scale well. Upon comparing nine

di�erent gradient compression methods using ResNet-50 on 64 V100

GPUs. We observe that most gradient compression methods take around

100ms for compressing and decompressing gradients of ResNet-50 on 64

GPUs. However, there are some methods which are considerably faster,

e.g.signSGD takes only 16ms for encoding-decoding. Among low-rank

methods we �nd that PowerSGD is around 45� faster than ATOMO (an-

other low rank method) [ 187]. Based on this comparison, we choose the

most scalable method in each category. Among quantization based meth-

ods we choosesignSGD [20, 21] which achieves 32� compression ratio by

only communicating the sign of the gradient. Among sparsi�cation based
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methods we chooseMSTop-K [ 156], a scalableTopK method and among

low rank methods we choose PowerSGD, a low overhead method with

compression ratios of around 100� . For syncSGD we use PyTorch-DDP

module [105].

We would like to point out that we use optimistic compression ratios,

e.g. for PowerSGD we use Rank-4, 8, and 16. Such high compression

ratios have been shown to work [ 184] for small datasets like CIFAR-10

and WikiText-2 but can lead to accuracy loss for large datasets [184, 137].

While for MSTop-K we are again being optimistic and consider dropping

99.9% gradients and assuming that it will have no loss in accuracy. We

chose these since we wanted to consider a best case scenario for gradient

compression methods.

We use ResNet-50 (97MB), ResNet-101 (170MB) andBERTBASE (418MB)

as the models to study given their disparate communication and compu-

tation requirements. Similar models were used by prior works [ 184, 205]

in gradient compression to compare the performance of gradient com-

pression schemes and our code can be easily used to benchmark other

models as well. For timing measurements on vision models we use the

ImageNet dataset [41] and we �ne-tune the BERTBASE model on Sogou

News dataset [164]. For the timing measurements, we run 60 iterations

for each setup and discard the �rst 10. We plot the mean of the remaining

50. The error bars in the �gure correspond to minimum and maximum

values.

Our experiments are conducted over p3.8xlargeinstances on Amazon

EC2. Each instance is equipped with 4 V100 GPUs and provides around

10Gpbs of bandwidth. We scale our experiments up to 96 GPUs (24

p3.8xlargeinstances) and consider weak scaling, i.e. the number of inputs

per worker is kept constant as the number of workers increase. This is a

commonly used scenario for evaluating the scalability of deep learning

training [ 34, 128]. Thus, when we refer to a particular batch size, it is the
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batch size at each worker.

Using Per Iteration Time as A Metric Instead of Accuracy. We consis-

tently use time per iteration as the metric for evaluation. It is well known

from prior works that gradient compression methods can lead to some

�nal model accuracy loss [ 205] when used for training. Our main goal in

this work is to study the scalability of distributed training and compare per

iteration time of syncSGD against state-of-the-art gradient compression

methods. Though important, the �nal model accuracy that the gradient

compression methods achieve is not the main focus of this work. The per-

iteration speedup is a more critical question as if there is limited speedup

from using gradient compression then there is no incentive to deploy such

methods irrespective of the accuracy. Another reason for not performing

an accuracy based study is that gradient compression methods often intro-

duce new hyper-parameters while also requiring modi�cations to existing

hyper-parameters like the learning rate schedule. It is often non-trivial to

�nd optimal hyper-parameters which balance compression and accuracy

loss and we plan to study this in future work.

4.1.3 Other Related Work

Several works have looked at improving communication e�ciency by

use of Gossip based protocols [108, 169, 96, 95]. Other methods have

looked into improving e�ciency of distributed training by enabling use

of large batch sizes [211, 210, 158, 44] or lower precision [ 121] without

accuracy loss. Other works have also looked at di�erent forms of par-

allelism [ 84, 83, 72, 157, 128, 138] for speeding up distributed training.

MLPerf [ 116] and DawnBench [ 34] are two well known industry sup-

ported e�orts to perform periodic benchmarking on training and inference

speed at scale. Our �ndings about scalability of all-reduce based compres-

sion scheme has also been reported by prior works [ 184, 31]. A recent
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survey [ 204] quantitatively compares several gradient compression meth-

ods. However unlike our work it does not account for systems optimization

like overlap of communication and computation. Zhang et al. [217] study

whether network is the bottleneck in distributed training. Unlike [ 217] and

other listed works, our study focuses on the utility of gradient compression

methods in several di�erent settings and analyzes others aspects beyond

network bandwidth like compute availability, batch size, model size, sys-

tem advances etc. Further, our performance model allows to reason about

performance of distributed training and to predict the performance gains

without running large scale experiments.

4.2 Evaluating Gradient Compression

4.2.1 Overlapping Compression and Computation

We observe that when gradient compression is performed in parallel with

the backward computation it is slower than performing gradient compres-

sion after completing backward pass. Figure 4.3 depicts this phenomenon

on ResNet-50 usingPowerSGD Rank-4, MSTop-K-1%, and signSGD. Since

both gradient compression and gradient computation are compute-heavy

steps, when performed in parallel they end up competing for compute

resources on the GPU leading to an overall slow down. On the other

hand, syncSGD only performs all-reduceoperation which is communi-

cation heavy with very little compute, thus e�ciently utilizing the com-

munication resources on the GPU without a�ecting the backward pass.

Since we consistently observe that compression schemes perform better

when not overlapped, for the next set of experiments we use non-overlapped

versions of compression.
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Figure 4.3: Overlapping Gradient Compression with Computation: Overlap-
ping compression leads to requiring more time per iteration than performing it
sequentially, due to resource contention for compute resources. The results are
for 64 GPUs.

4.2.2 Comparing Gradient Compression with Optimized

Sync SGD

We next analyse the performance of gradient compression methods against

syncSGD.

PowerSGD. We �rst study the scalability of PowerSGD when compared

to syncSGD for ResNet-50, ResNet-101 , andBERTBASE. We use Rank-4, 8

and 16 as discussed previously. As shown in Figure 4.4 we can see that

PowerSGD with Rank 4, 8, and, 16 isslowerthan syncSGD for ResNet-50

and ResNet-101 with batch size 64. This is primarily because syncSGD

does not incur any overheads from compression and is able to overlap com-

munication with computation. On the other hand, for BERTBASE, which

is a much larger model (490MB), we see that for 96 GPUs, Rank-4 and



34

(a) ResNet-50: BSize 64 (b) ResNet-101: BSize 64 (c) BERTBASE: BSize 12

Figure 4.4: Scalability of PowerSGD : When compared against an optimized
implementation of syncSGD, PowerSGD provides speedups only in case of
BERTBASE when using Rank-4 and Rank-8 above 32 GPUs. In other cases it has a
high per iteration time.

(a) ResNet-50: BSize 64 (b) ResNet-101: BSize 64 (c) BERTBASE: BSize 12

Figure 4.5: Scalability of MSTop- K: Comparing MSTop-K against syncSGD we
observe due to lack of compatibility with all-reduceMSTop-K performs slower
than or comparable to syncSGD . For ResNet-101 and BERT we could not scale
TopK beyond 16 and 32 GPUs respectively, due to running out of memory as
memory requirement increasing linearly with number of machines.

Rank-8 are faster than syncSGD by around 18.8% and 11.3% respectively,

while Rank-16 still takes longer than syncSGD.

MSTop- K. Since theMSTop-K [ 156] operator is incompatible with all-

reducewe use all-gatherfor communication. As shown in Figure 4.5, only

in 2 out of 15 di�erent setups we observe a minuscule speedup (around

1.3%) when compared against syncSGD. These speedups are achieved

when using MSTop-K-0.1%, i.e., when 99.9% of the entries in the gradient
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(a) ResNet-50: BSize 64(b) ResNet-101: BSize 64(c) BERTBASE: BSize 12

Figure 4.6: Scalability of sign SGD: Due to lack of support for all-reduceand
linearly increasing decode time, across all three models, signSGD performs con-
siderably slower than syncSGD. For BERTBASE we were not able to scale signSGD
beyond 32 GPUs because we ran out of memory on a V100 GPU. This is due to
the memory requirement increasing linearly with number of machines.

(a) ResNet-101: BSize 16(b) ResNet-101: BSize 32 (c) ResNet-101: BSize 64

Figure 4.7: E�ect of varying batch size: Here we compare PowerSGD against
ResNet-101 on di�erent batch sizes. We observe that large batch sizes provide
more opportunity to syncSGD to hide the communication time, meanwhile at
small batch sizes due to reduced computation time this overlap is not possible.
Therefore gradient compression methods become more useful at small batch
sizes.

are dropped. Also, due to high memory requirements for creating bu�ers

for the all-gather primitive MSTop-K does not scale beyond 32 GPUs for

ResNet-101 and 16 GPUs for BERT on a V100 GPU.

sign SGD. We study signSGD with majority vote, where 1 bit is sent for

each �oat (32 bit) leading to 32 � compression. Majority vote operation

is not associative thus requiring use of all-gather. Figure 4.6, shows that
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