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ABSTRACT
To mitigate communication overheads in distributed model training, several studies propose the use of compressed
stochastic gradients, usually achieved by sparsification or quantization. Such techniques achieve high compression
ratios, but in many cases incur either significant computational overheads or some accuracy loss. In this work, we
present PUFFERFISH, a communication and computation efficient distributed training framework that incorporates
the gradient compression into the model training process via training low-rank, pre-factorized deep networks.
PUFFERFISH not only reduces communication, but also completely bypasses any computation overheads related
to compression, and achieves the same accuracy as state-of-the-art, off-the-shelf deep models. PUFFERFISH can
be directly integrated into current deep learning frameworks with minimum implementation modification. Our
extensive experiments over real distributed setups, across a variety of large-scale machine learning tasks, indicate
that PUFFERFISH achieves up to 1.64 x end-to-end speedup over the latest distributed training API in PyTorch
without accuracy loss. Compared to the Lottery Ticket Hypothesis models, PUFFERFISH leads to equally accurate,
small-parameter models while avoiding the burden of “winning the lottery”. PUFFERFISH also leads to more

accurate and smaller models than SOTA structured model pruning methods.

1 INTRODUCTION

Distributed model training plays a key role in the success
of modern machine learning systems. Data parallel training,
a popular variant of distributed training, has demonstrated
massive speedups in real-world machine learning applica-
tions and systems (Li et al., 2014; Dean et al., 2012; Chen
et al., 2016a). Several machine learning frameworks such as
TensorFlow (Abadi et al., 2016) and PyTorch (Paszke et al.,
2019) come with distributed implementations of popular
training algorithms, such as mini-batch SGD. However, the
empirical speed-ups offered by distributed training, often
fall short of a best-case linear scaling. It is now widely
acknowledged that communication overheads are one of
the key sources of this saturation phenomenon (Dean et al.,
2012; Seide et al., 2014; Strom, 2015; Qi et al., 2017; Grubic
et al., 2018).

Communication bottlenecks are attributed to frequent gra-
dient updates, transmitted across compute nodes. As the
number of parameters in state-of-the-art (SOTA) deep mod-
els scales to hundreds of billions, the size of communicated
gradients scales proportionally (He et al., 2016; Huang et al.,
2017; Devlin et al., 2018; 2019; Brown et al., 2020). To

"Department of Computer Sciences, University of Wisconsin-
Madison, *Department of Electrical and Computer Engineering,
University of Wisconsin-Madison. Correspondence to: Hongyi
Wang <hongyiwang @cs.wisc.edu>.

Proceedings of the 4" MLSys Conference, San Jose, CA, USA,
2021. Copyright 2021 by the author(s).

reduce the cost of communicating model updates, recent
studies propose compressed versions of the computed gra-
dients. A large number of recent studies revisited the idea
of low-precision training as a means to reduce communica-
tion (Seide et al., 2014; De Sa et al., 2015; Alistarh et al.,
2017; Zhou et al., 2016; Wen et al., 2017; Zhang et al., 2017;
De Sa et al., 2017; 2018; Bernstein et al., 2018a; Konecny
et al., 2016). Other approaches for low-communication
training focus on sparsification of gradients, either by thresh-
olding small entries or by random sampling (Strom, 2015;
Mania et al., 2015; Suresh et al., 2016; Leblond et al., 2016;
Aji & Heafield, 2017; Kone¢ny & Richtdrik, 2016; Lin et al.,
2017; Chen et al., 2017; Renggli et al., 2018; Tsuzuku et al.,
2018; Wang et al., 2018; Vogels et al., 2019).

However, the proposed communication-efficient training
techniques via gradient compression usually suffer from
some of the following drawbacks: (i) The computation
cost for gradient compression (e.g., sparsification or quanti-
zation) can be high. For instance, ATOMO (Wang et al.,
2018) requires to compute gradient factorizations using
SVD for every single batch, which can be computation-
ally expensive for large-scale models. (ii) Existing gradient
compression methods either do not fully utilize the full
gradients (Alistarh et al., 2017; Wen et al., 2017; Bern-
stein et al., 2018a; Wang et al., 2018) or require additional
memory. For example, the “error feedback” scheme (Seide
et al., 2014; Stich et al., 2018; Karimireddy et al., 2019)
utilizes stale gradients aggregated in memory for future
iterations, but requires storing additional information pro-
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portional to the model size. (iii) Signi cant implementa-
tion efforts are required to incorporate an existing gradient
compression technique within high-ef ciency distributed
training APIs in current deep learning frameworks,
DistributedDataParallel (DDP) in PyTorch.

Due to the above shortcomings of current communication-
ef cient techniques, it is of interest to explore the feasibility
of incorporating elements of the gradient compression step
into the model architecture itself. If this is feasible, then
communication ef ciency can be attained at no extra cost.

In this work, we take a rst step towards bypassing the grarigyre 1.we propose to replace fully connected layers represented
dient compression step via training low-rank, pre-factorizedpy a matrixW , by a set of trainable factotsV T, and represent
deep network, starting from full-rank counterparts. We obeach of theN convolutional Iters of each conv layer as a linear
serve that training low-rank models from scratch incurscombination ofy- Iters. This latter operation can be achieved
non-trivial accuracy loss. To mitigate that loss, instead oy using fewer lIters per layer, and then applying a trainable
starting from a low-rank network, we initialize at a full-rank up-sampling embedding to the output channels.

counterpart. We train for a small fractioa,g, 10% of ) )
total number epochs, with the full-rank network, and then/Ve COmparePUFFERFISHagainst a wide range of SOTA

convert to a low-rank counterpart. To obtain such a lowPaselines: (i) communication-ef cient distributed train-
rank model we apply SVD on each of the layers. After thelNd methodse.g, POWERSGD (Vogels et al., 2019) and

SVD step, we use the remaining 90% of the training epochsNUM (Bernstein et al., 2018ay; (ii) structured pruning
to ne-tune this low-rank model. The proposed method Methodse.g, theEarly Bird Tickey(EB Train) (You et al.,

bares similarities to theL‘ottery Ticket HypothesigLTH)  2019); and model sparsi cation methcelg, the iterative
(Frankle & Carbin, 2018), in that we nd “winning tickets” Pruning algorithmin LTH (Frankle & Carbin, 2018). Our
within full-rank/dense models, but without the additional €XPerimental results indicate tha FFERFISHachieves bet-
burden of “winning the lottery”. Winning tickets seem to be (€7 model training ef ciency compared BBOWERSGD,

in abundance once we seek models that are sparse in th&GNUM. and LTH models. PUFFERFISHalso leads to
spectral domain. smaller and more accurate model compared to EB Train. We

further show that the performance BfFFERFISHremains

Our contributions.  In this work, we propos@®Urrer  Stable undemixed-precision training
FISH, a computation and communication ef cient distributed

. Related work. PUFFERFISHIs closely related to the work
training framework. PUFFERFISHtakes any deep neural

i . on communication-ef cient distributed training methods. To
network architecture and nds a pre-factorized low-rank o e -
reduce the communication cost in distributed training, the

representationPUFFERFISHthen trains the pre-factorized . .
. i related literature has developed several methods for gradient
low-rank network to achieve both computation and commu-

nication ef ciency. instead of exlicitly compressing aradi- compression. Some of the methods use quantization over the
Y plicitly P 99 gradient elements (Seide et al., 2014; Alistarh et al., 2017,
ents. PUFFERFISHsuUpports several types of architectures

including fully connected (FC), convolutional neural netsWen etal., 2017; Linetal., 2017; Luo et al., 2017; Bernstein
gty ! et al.,, 2018a; Tang et al., 2019; Wu et al., 2018). Other

(CNNs), LSTMs, and Transformer networks (Vaswani et al., o . : .
2017). AsPurreRFISHmManipulates the model architectures methods study sparsifying the gradients in the element-wise
' or spectral domains (Lin et al., 2017; Wang et al., 2018;

instead of their gradients, it is directly compatible with all _..
- . Stich et al., 2018; Vogels et al., 2019). It has also been
SOTA distributed training frameworks,g, PyTorch DDP widely observed that adopting therfor feedbackscheme

and BytePS (Jiang et al., 2020). is generally helpful for gradient compression methods to
We further observe that direct training of those pre-achieve better nal model accuracy (Stich et al., 2018; Wu
factorized low-rank deep networks leads to non-trivial accuet al., 2018; Karimireddy et al., 2019; Vogels et al., 2019).
racy loss, especially for large-scale machine learning task§;ompared to the previously proposed gradient compression
e.g, ImageNet (Deng et al., 2009). We develop two techmethods,PUFFERFISHmMerges the gradient compression
nigues for mitigating this accuracy loss: (i)lgybrid archi-  into model training, thus achieves communication-ef ciency
tectureand (i) vanilla warm-up training The effectiveness at no extra cost.

of these two techniques is justi ed via extensive experi-

ments PUFFERFISHIs also closely related to model compression.

Partially initialized bydeep compressiofHan et al., 2015),
We provide experimental results over real distributed sysa lot of research proposes to remove the redundant weights
tems and large-scale vision and language processing tasksthe trained neural networks. The trained neural networks
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can be compressed via model weight pruning (Li et al.ci, k Kk to create &,-channel output feature map. There-
2016; Wen et al., 2016; Hu et al., 2016; Zhu & Gupta, 2017 fore, the computational complexity for the convolution of
He etal., 2017; Yang et al., 2017; Liu et al., 2018; Yu et al. the lter with a ¢,-channel input image i© (CinCouk?HW ).
2018b;a), quantization (Rastegari et al., 2016; Zhu et alln what follows, we describe schemes for modifying the
2016; Hubara et al., 2016; Wu et al., 2016; Hubara et alarchitecture of the convolution layers via low-rank factor-
2017; Zhou et al., 2017), and low-rank factorization (Xueization to reduce computational complexity and the number
et al., 2013; Sainath et al., 2013; Jaderberg et al., 2014f parameters. The idea is to replace vanilla (full-rank) con-
Wiesler et al., 2014; Korwy et al., 2016). Different from volution layers with factorized versions. These factorized
the model compression methodsFFERFISHproposes to  Iters amount to the same number of convolution Iters, but
train the factorized networks, which achieves better overalbre constructed through linear combinations of a spaesg,
training time, rather than compressing the model after fullylow-rank Iter basis.

training it.

Finally, our work is also related to ef cient network archi- Factorizing a convolution layer. For a convolution layer

i i i Cin Cowt kK K .
tecture design, where the network layers are re-designed ith dlmgnsmfn_w 2R d ‘ ;']V herelc.n ;I%d%o”t are
be smaller, more compact, and more ef cient (landola et aI.F e number of input and output channels the size
2016; Chen et al., 2016b; Zhang et al., 2018; Tan & LeOf the convolution lters,e.g, k = 3 or 5. Instead of fac-
2019;’ Howard et a'l., 2017;’ Chollet, 2017’; Lan e’t al., 2019;torizing the 4D weight of a convolution layer directly, we

Touvron et al., 2020; Waleffe & Rekatsinas, 2020). The mos{:onsider factorizing the unrolled 2D matrix. Unrolling the
related low-rank ef cient training framework tBuFFer 40 ensoW leads to a 2D matrix with shap&unrolied 2

inkz ou i
FISH is the one proposed in (loannou et al., 2015), wherd?™"  “* Where each column represents the weight of a

a pre-factorized network is trained from scratch. Howevervectorized convolution lIter. The rank of the unrolled ma-

we demonstrate that training the factorized network from{fix iS determined byninf cink?; Coug- Factorizing the un-
scratch leads to non-trivial accuracy lossPinFrERFISH  olled matrix returndy 2 Rok" V> 2 R o, e,

we propose to warm-up the low-rank model via factoriz-Wunrolea UV~ . Reshaping the factorized; V> matrices
ing a partially trained full-rank model. Our extensive ex-back to 4D lters leads taJ 2 R © K k;v> 2 Rr co,
periments indicate th&UFFERFISHachieves signi cantly Therefore, factorizing a convolution layer returns a thin-
higher accuracy compared to training the factorized networl€r convolution layet) with widthr, i.e., the number of
from scratch. Moreover, (loannou et al., 2015) only studiesconvolution lters, and a linear projection lay&f~ . In
low-rank factorizations for convolutional layers, whereasother words, the full-rank original convolution Iter bank

PUFFERFISHsupports FC, CNN, LSTM, and Transformer iS approximated by a linear combinationrobasis Iters.
layers. TheV~ s can also be represented bg a 1 convolution

layer,e.g, ;> 2 R" S 1 1 which is more natural for
5 p . computer vision tasks as it operates directly on the spatial
UFFERFISH: EFFECTIVE DEEP domain (Lin et al., 2013). IfPUFFERFISH we use thd 1

FACTORIZED NETWORK TRAINING convolution for allV,> layers in the considered CNNs. One

can also use tensor decompositierg, the Tucker decom-

position to directly factorize the 4D tensor weights (Tucker,

1966). In this work, for simplicity, we do not consider tensor

decompositions.

In the following subsections, we discuss how model factor
ization is implemented for different model architectures.

2.1 Low-rank factorization for FC layers

For simplicity, we discuss a 2-layer FC network that can2.3 Low-rank factorization for LSTM layers
be represented dgx) = (W3 (W2x)) whereW,; 8l 2

f 1, 29 are weight matrices, () is an arbitrary activation
function, andx is the input data point. We propose to pre-
factorize the matrice®/, into U.\/,T where the factors are
of signi cantly smaller dimensions while also reducing the
computational complexity of the full-rank FC layer.

LSTMs have been proposed as a means to mitigate the
“vanishing gradient” issue of traditional RNNs (Hochreiter
& Schmidhuber, 1997). The forward pass of an LSTM is as
follows

(Wi Xt + by + Whihy 1+ byi)
fr= (Wit X¢+ b + Wi hy 1+ by )

Basics on convolution layers. The above low-rank factor- tanh( Wig X, + Dg *+ Whght 1+ bhg) @
ization strategy extends to convolutional layers (see Fig. 1 0 = (WioXi + bo + Whohe 1+ Do)

for a sketch). In a convolution layerca-channel input im- a=Fft a1+t &

age of sizéH W pixels is convolved witlt,; Iters of size hi = o0 tanh(c):

—

2.2 Low-rank factorization for convolution layers

Q
1
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h¢; ¢ ; X; represent the hidden state, cell state, and input ahe positional encoding as is, since there are no trainable
timet respectivelyh; ; is the hidden state of the layer at weights. For the bias term of each layer and thayer
timet 1. i¢;fy; g ;0 are the input, forget, cell, and output Normalizatiori weights, we use the vanilla weights directly,
gates, respectively.( ) and denote the sigmoid activation as they are represented by vectors.

function and the Hadamard product, respectively. The train-

able weights are the matrickd, 2 R" 9;w;,, 2 R" h ~ Table 1.The number of parameters and computational complexi-
whered andh are the embedding and hidden dimensionsties for full-rank and low-rank FC, convolution, LSTM, and the

Thus, similarly to the low-rank FC layer factorization, the Transformer layers whema, n are the dimensions of the FC layer
factor’ized LSTM layer is represented by ' andcin; Cour; k are the input, output dimensions, and kernel size

respectivelyh; d denote the hidden and embedding dimensions in

ic= (Ui Vi xe+ by + UiV he 1+ by) the LSTM layer.N; p; d denote the sequence length, number of
heads, and embedding dimensions in the Transfonegnotes
fo="(Us Vif> Xt + by + Ups Vh>f he 1+ i) the rank of the factorized low-rank layer we assume to use.
& = tanh( Uig V'9> X + hg + Uhg Vh>9 he 1+ h“g) @) Networks # Params. Computational Complexity
O = (Uiovig Xe + ho + Uhovh>°ht 1t b”O) Vanilla FC m n O(mn)
=Tt & 1+it o Factorized FC r(m+n) o(r(m + n))
hi = o¢ tanh(c): Vanilla Conv. Cn Couwt k2 O (CinCoutk>HW )
Factorized Conv. Cinfk 2 + TCout O(rc nk?HW + rHWc out)
2.4 Low-rank network factorization for Transformer Vanilla LSTM 4(dh + h?) O(dh + h?)
Factorized LSTM 4dr + 12 hr O(dr + hr)
A Transformer layer consists of a stack of encoders and 14 attention 4p?d? O(Np2d? + N 2d)
decoders (Vaswani et al., 2017). Both encoder and decoder ., ised Atiention @p +5) prd O mdN + NZd
contain three main building blockise., themulti-head at- Vanilla FEN 8p2d? O p2d?N
tentionlayer, position-wise feed-forward networkSFN), Factorized FEN 10pdr O rpdN

andpositional encoding A p-head attention layer learns
p independent attention mechanisms on the input Key (
value (), and queries@) of each input token:

MultiHeadQ; K;V ) = Concathead; ;heag)W®°
) A low-rank factorized network enjoys a smaller number of
— Q. K. Vy.
where head= Attention(QW;~; KW= ;V WT): parameters and lower computational complexity. Thus, both
In the above W.S; WX :WV:i 2 f1; ;pg are train- the computation and communication ef ciencies are im-
’ [ [} [ 1 1

Cproved, as the amount of communication is proportional

able weight matrices. The particular attention, referre f
to as “scaled dot-product attention”, is used in Transform{© th? number of parameters. We summarize the com-
putational complexity and the number of parameters in

ers,i.e, Attention(Q; K; V) = softmax ¥V where  the vanilla and low-rank FC, convolution, LSTM, and
Q- QWiQ; K = KWK;V = VWY. WO projects the the Transformer layers in Table 1. We assume the FC

m n 1
output of the multi-head attention layer to match the emslyaer;\]/\a;s Shgp‘?ﬁc Ci Rk K {htgigﬁlxﬁgjtgnhlzgirhgaz
bedding dimension. Following (Vaswani et al., 2017), we pevy cony ’ y P

. i 2 R*M AWy, 2 RN (whereW; andWy, is the con-
assume the projected key, value, and query are embedded 10 : . . . . .
: . . . . . catenated input-hidden and hidden-hidden weight matrices),
pd dimensions, and are projecteddadimensions in the at- . .
. and the shapes of the model weights in the encoder of a
tention layer. In Transformer, a sequencéNofnput tokens

are usually batched before passing to the model where ea(;hransformer follow the discussion in Section 2.4. For the

. ; . : humber of parameters, we do not count the bias terms. For
input token is embedded topal dimensional vector. Thus, Transformers, we show the computational complexity of a
dimensions of the inputs a@; K;V 2 RN Pd_ The learn- ' P piexity

able weight matrices afwiQ;WiK JWY 2 R 4O 2 single encoder block. We assume the low-rank layers have

RPd P4 The FFN in Transformer consists of two Iearnable.rankr' As the computation across théeads can be done

FC layers:FEN(x) = max(0; XWy + b)W, + by, where in parallel, we report the computational complexity of a

Wi 2 RPd 4\, 2 R4 Pd (the relationships between single attention he_ad. Note that for the LSTM layer, our
. | - complexity analysis assumes the low-rank layer uses the
the notations in our paper and the original Transformer pa: K for the i hi . he hi
er (Vaswani et al., 2017) ape = dmogerd = de = d same ran _ort elnpqt-_ldden weighg and the hidden-
P - " modes V' hidden weightdV;, . Similarly, for the Transformer layer,
anddys = 4pd).
we assume the low-rank layer uses the same rdokall
In PUFFERFISH we factorize all learnable weight matrices WiQ ;WK WY, WO, Further details can be found in the

in the multi-head attention and the FFN layers. We leaveAppendix.

2.5 Computational complexity and model size
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3 STRATEGIES FOR MITIGATING Algorithm 1 PUFFERFISHTraining Procedure
ACCURACY LOSS Input : Randomly initialized weights of vanillaN -layer
architectures fWq1; W»;:::;W_g, and the asso-

ciated weights of hybrid N-layer architecture
fW1; Wo; i Wk 13Uk Ve 5 UL V7 g, the
entire training epochg, the vanilla warm-up training
epoch<E . , and learning rate schedule, gF;

Output: Trained hybrid L-layer architecture weights
FW Wi Wi 130508500000 g

fort 2f1;:::;Ew,gdo

(@) VGG-11 on CIFAR-10 (b) ResNet-50 on ImageNet f tgtE:{” : /I vanilla warm-up training
Figure 2.Model convergence comparisons between vanilla modelend

CIFAR-10 dataset; (b) ResNet-50 over the ImageNet dataset. Fof if | <K then

the low-rank networks, all layers except for the rst convolution COpykt.he partially trainett weight to the hybrid net-
and the very last FC layer are factorized with a xed rank ratio at else work;
0:25. O 1% = SVD(W,) ; /I Decomposing the

vanilla warm-up trained weights
1
Uu=0 /v = %\7|>
end
end

Train the hybrid network weights, i.e,
fW1, Wo i Wi 13Uk Ve G UL Vg with
learning rate schedufetgtE:Ewu ; Il consecutive
low rank training

(a) Hybrid network (b) Vanilla warm-up training end
Figure 3.The effect of the test accuracy loss mitigation methods
in PUFFERFISH (a) Hybrid network : The nal test accuracy
of the hybrid VGG-19 architectures with various initial low-rank )
layer indices K ) over the CIFAR-10 dataset. (Wpnillawarm-  €fror in the early layers can be accumulated and propa-
up training: The nal top-1 accuracy of the hybrid-ResNet-50 gated to the later layers, a natural strategy to mitigate the
architecture trained on the ImageNet dataset under the differerfiodel accuracy loss is to only factorize the later layers.
number of vanilla warm-up epoch2; 5; 10; 15; 20g. Moreover, for most of CNNs, the number of parameters

) ) o in later layers dominates the entire network size. Thus,
In this section, we showcase that training low-rank modelg,ciorizing the later layers does not sacri ce the degree of

from scratch leads to an accuracy loss. Interestingly, thi§,oqe| compression we can achieve. Speci cally, foL.an
loss can be mitigated by balancing the degree of factorizqayer network W1 W, :W, g, factorizing every layer

tion across layers, and by using a short full-rank warm-upgags tof UiV Un V5 s ULV g. Inthe hybrid net-
training phase used to initialize the factorized model. work architecture, the rsKk 1 layers are not factorized,
We conduct an experimental study on a versioRofFEr  1-€4 TW1;Wa; Wi 15Uk Ve ;UL; V™ g where

FISHwhere every layer of the network is factorized exceptwe de neK as the index of the rst low-rank layer in a hy-
for the rst convolution layer and the last FC layer. On a rel-brid architecture. We tredt as a hyper-parameter, which
atively small taske.g, VGG-11 on CIFAR-10, we observe balances the model compression ratio and the nal model
that PUFFERFISHoNly leads to  0:4% accuracy loss (as accuracy. In our experiments, we tukefor all models. The
shown in Figure 3) compared to the vanilla VGG-19-BN.effectiveness of the hybrid network architecture is shown in
However, for ResNet-50 on the ImageNet dataset, 3%  Figure 3(a), from which we observe that the hybrid VGG-19
top-1 accuracy loss dFUFFERFISHis observed. To mitigate With K =9 mitigates 0:6%test accuracy loss.

the accuracy loss of the factorized networks over the larg
scale ML tasks, we propose two methots, (i) hybrid
network architecturand (ii) vanilla warm-up training We
then discuss each method separately.

%/anilla warm-up training. It has been widely observed
that epochs early in training are critical for the nal model
accuracy (Jastrzebski et al., 2020; Keskar et al., 2016;
Achille et al., 2018; Leclerc & Madry, 2020; Agarwal et al.,
Hybrid network architecture.  In PUFFERFISH the low-  2020). For instance, sparsifying gradients in early training
rank factorization aims at approximating the original netphases can hurt the nal model accuracy (Lin et al., 2017).
work weightsj.e, W,  UV,> for layerl, which inevitably  Similarly, factorizing the vanilla model weights in the very
introduces approximation error. Since the approximatiorbeginning of the training procedure can also lead to accuracy
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loss, which may be impossible to mitigate in later training4 EXPERIMENTS

epochs. It has also been shown that good initialization strate- q ) _ dv the effecti
gies play a signi cant role in the nal model accuracy (Zhou We conduct extensive experiments to study the effective-

etal., 2020). ness and scalability dFUFFERFISHOver various computer
vision and natural language processing tasks, across real
In this work, to mitigate the accuracy loss, we propose tadistributed environments. We also comp&XerFERFISH
use the partially trained vanilla, full-rank model weights against a wide range of baselines including: F)pw-
to initialize the low-rank factorized network. We refer to ErSGD, a low-rank based, gradient compression method
this as Vvanilla warm-up training. We train the vanilla  that achieves high compression ratios (Vogels et al., 2019);
model for a few epochsEyy) rst. Then, we conduct (ii) SiGNuM a gradient compression method that only com-
truncated matrix factorization (via truncated SVD) over themunicates the sign of the local momentum (Bernstein et al.,
partially trained model weights to initialize the low-rank 2018a;b); (iii) The “early bird” structured pruning method
factors. For instance, given a partially trained FC layerEB Train (You et al., 2019); and (iv) The LTH sparsi ca-
W, we deploy SVD on it such that we g&t 7~ . After  tion method (referred to as LTH for simplicity) (Frankle &
that theU andV~ weights we introduced in the previous Carbin, 2018).

sections can be founddy = U z;V> = zV>. For _ o
convolution layetW 2 RS Su k k we conduct SVD Our experimental results indicate tHatFFERFISHallows

to train a model that is up t8:35 smaller than other meth-
leads toJ 2 RSk’ T-\/> 2 RT o \where reshapinty; V ods, with only marginal accuracy loss. Compare&dtav-

back to 4D leads to the desired initial weights for the Iow-E_RSGD’_S'GNUM’ a.nd vanilia SGDPUFFERF'SHaCh'evgs

. P K Kons> roe 11 1:22 ,1:52 ,andl:74 end-to-end speedups respectively
rank layerj.e, U 2 R’ Ve 2R - For for ResNet-18 trained on CIFAR-10 while reaching to the
the Batch Normalization layers (BNs) (loffe & Szegedy, 9

2015) we simply extract the weight vectors and the collected® M€ ac_cur.acy as vanilla SGBUFFERFISH Iea_ds to a
; e . . model with1:3M fewer parameters while reachifg/6%
running statisticse.g, therunning mean and variancéor

initializing the low-rank training. We also directly take the higher top-1 test accuracy than EB Train on the ImageNet

bias vector of the last FC laydPUFFERFISHthen nishes dataset. Compared to LTHRUFFERFISHIeads 105:67

- L . ._end-to-end speedup for achieving the same model compres-
[he remaining training epochs g‘r’r?]r_ligetr;ﬁitggzecj yBrdCE  ratio for VGG-19 on CIFAR-10, We also demonsirate

that the performance dPUFFERFISHiIsS stable under the
Figure 3(b) provides an experimental justi cation on the“mixed-precision training” implemented by PyTorch AMP.
effectiveness of vanilla warm-up training where we study aOur code is publicly available for reproducing our results
hybrid ResNet-50 trained on the ImageNet dataset. The re-

sults indicate that vanilla warm-up training helps to improve4.1 Experimental setup and implementation details

the accuracy of the factorized model. Moreover, a carefully o )
tuned warm-up period df,, also plays an important role Setup. PUFFERFISHIs implemented in PyTorch (Paszke

inthe nal model accuracy. Though SVD is computation- €t &l 2019). We experiment using two implementations.
ally heavy,PUFFERFISHoNIy requires to conduct the SVD The rst implementation we consider is a data-parallel

oncethroughout the entire training. We benchmark the Sypmodel training AP1j.e., DDP in PyTorch. However, as the
cost for all experimented models, which indicate the Svpdradient computation and communication are overlapped

runtime is comparatively smalg.g, on average, it only " DDFP?, it is challenging to conduct a breakdown run-
costs2:29 seconds for ResNet-50. A complete study on theliMe analysis in DDP. We thus also come up with a pro-

SVD factorization overheads can be found in the Appendixiotypealireduce  -based distributed implementation that
decouples the computation and communication to bench-

mark the breakdown runtime &UFFERFISHand other base-
lines. Our prototype distributed implementation is based on
Last FC layer. The very last FC layer in a neural network allreduce  in PyTorch and the NCCL backend. All our
can be viewed as a linear classi er over the features exexperiments are deployed on a distributed cluster consist-
tracted by the previous layers. In general, its rank is equal tdéng of up to 16p3.2xlarge  (Tesla V100 GPU equipped)
the number of classes in predictve task at hand. Factorizingnstances on Amazon EC2.
it below the number of classes, will increase linear depen-

dencies, and may further increase the approximation erroyodels and Datasets. The datasets considered in our ex-

over the unrolled 2D matrid¥Vynrolled 2 RCink” Cout which

Thus, RUFFERFISHdOes not factorize it. periments are CIFAR-10 (Krizhevsky et al., 2009), Ima-
Putting all the techniques we discussed in this section to- Lhttps://github.com/hwang595/Pufferfish
gether, the training procedure BUFFERFISHIS summa- 2the computed gradients are buffered and communicated im-

rized in Algorithm 1. mediately when hitting a certain buffer sizeg, 25MB.
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g:gz;glsL(SM\gfzgtl;) (E()e_lrg eatni:. ';hzeo\(/)\?le/,l'lt'hzeo\{\gkgeerﬁ-aznl-able 3.The results (averaged acro3sndependent trials with
lish | y |’< d ,EII' | 201 hei different random seeds) #JUFFERFISHand vanilla 6-layer Trans-

Englis tr"?ms ‘i’mon task data (Elliott etal., 20 6?' Forthe 'MYormers trained over the WMT 2016 German to English Translation

age classi cation tasks on CIFAR-10, we considered VGG4qi.

19-BN (which we refer to as VGG-19) (Simonyan & Zisser-

man, 2014) and ResNet-18 (He et al., 2016). For ImageNet,

Model archs.  Vanilla Transformer BFFERFISHTransformer

we run experiments with ResNet-50 and WideResNet-50- # Params. 48; 978; 432 26; 696; 192
2 (Zagoruyko & Komodakis, 2016). For the WikiText-2 Train Ppl . 13:68 0:96 10:27  0:65
dataset, we considered a 2-layer stacked LSTM model. For val. Ppl . 11:88 0:43 7:34  0:12
the language translation task, we considé+layer Trans- Test BLEU 19:05 0:59 26:87  0:17

former architecture (Vaswani et al., 2017). More details
about the datasets and models can be found in the Appendl}(éble 4.The results (averaged acra3sndependent trials with

different random seeds) #UFFERFISHand vanilla VGG-19 and
ResNet-18 trained over the CIFAR-10 dataset. Both full-precision
training (FP32) and “mixed-precision training” (AMP) results are
reported.

Implementation details and optimizations. In our pro-
totype distributed implementation, tiadireduce  opera-
tion starts right after all compute nodes nish computing the
gradient. An important implementation-level optimization Model Archs. # Params. TestAcc. %)  MACs (G)
we conduct is that we pack all gradient tensors into one

. Vanilla VGG-19 (FP32 20; 560; 330 93:91 0:01 0:4
at buffer, and only call theallreduce  operationonce anta (FPaz)

. . . . . . . PUFFERFISHVGG-19 (FP32) 8; 370; 634 93:89 0:14 0:29
per iteration. The motivation for such an optimizationis ™ "='"°" " s g oate oos NA
that PUFFERFISHfactorizes the full-rank layew, to two anilla VGG-19 (AMP) 120 ' '

PUFFERFISHVGG-19 (AMP) 8; 370; 634 93:98 0:06 N/A

smaller layersj.e., U;;V,”. Though the communication
cost of theallreduce  on each smaller layer is reduced,
the total number oéllreduce  calls is doubled (typically
anallreduce is required per layer to synchronize the
gradients across the distributed cluster). According to the
run-time cost model of the ring-allreduce (Thakur et al.,
2005), eaclallreduce  call introduces a network latency the tied embedding layer as is. Allocating the optimal rank
proportional to the product of the number of compute nodedor each layer can lead to better nal model accuracy and
and average network latency. This is not a negligible costmaller model sizes as discussed in (Idelbayev & Carreira-
Our optimization strategy aims at minimizing the additional Perpiran, 2020). However, the search space for the rank
latency overhead and leads to good performance improvedlocation problem is large. One potential way to solve
ment based on our tests. For a fair comparison, we conduc¢hat problem is to borrow ideas from the literature of neu-
the same communication optimization for all consideredral architectural search (NAS), which we leave as future
baselines. work. We tune the initial low-rank layer indeke., K and

the vanilla warm-up training period to balance the hybrid
Table 2.The results (averaged acro8sndependent trials with  model size and the nal model accuracy. More details of

different random seeds) GfuFFERFISHand the vanilla 2-layer the hyper-parameters ®UFFERFISHcan be found in the
stacked LSTMs trained over the WikiText-2 dataset (since theappendix.

embedding layer is just a look up table, we do not count it when

calculating the MACs). 42 Results

Vanilla ResNet-18 (FP32) 11;173;834 95:09 0:01 0:56
PUFFERFISHResNet-18 (FP32) 3; 336; 138 94:87 0:21 0:22
Vanilla ResNet-18 (AMP) 11,173,834 95:02 0:1 N/A
PUFFERFISHResNet-18 (AMP)  3; 336; 138 94:70 0:37 N/A

Model archs.  VanillaLSTM  PUFFERFISHLSTM .
Parameter reduction and model accuracy. We exten-

#Params. 85,962, 278 67.962; 278 sively study the effectiveness BiJFFERFISH and the com-
TrainPpl.  52:87  2:43 62:2 0:74 prehensive numerical results are shown in Table 2, 3, 4, and
ValPpl.  92:49 0:41  93:62 0:36 5. The main observation is th®UFFERFISH effectively
TestPpl.  88:16 0:39 8872 0:24 reduces the number of parameters while introducing only
MACs 18M oM marginal accuracy loss. In particul®yFFERFISHResNet-

18is3:35 smaller than vanilla ResNet-18 with or®y22%
Hyper-parameters for PUFFERFISH. For all considered accuracy loss. Surprisingly, tiFFERFISHTransformer
model architectures, we use a global rank rati®:@6, e.g,  leads to even better validation perplexity and test BLEU
for a convolution layer with an initial rank &4, PUFFER-  scores than the vanilla Transformer. One potential reason
FISHsetsr =64 0:25 = 16. Forthe LSTM on WikiText-2  behind that is that factorizing the Transformer introduces
experiment, we only factorize the LSTM layers and leavesome implicit regularization, leading to better generaliza-
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Table 5.The results of the vanilla anflurFERFISHResNet-50 and WideResNet-50-2 models trained on the ImageNet dataset. For the
ResNet-50 results, both full precision training (FP32) and mixed-precision training (AMP) are provided. For the AMP training, MACs are
not calculated.

Model Archs. Number of Parameters  Final Test Acc. (Top-1)  Final Test Acc. (Top-5) MACs (G)
Vanilla WideResNet-50-2 (FP32) 68; 883; 240 78:09% 94:00% 11:44
PUFFERFISHWideResNet-50-2 (FP32) 40; 047; 400 77:84% 93:88% 9:99
Vanilla ResNet-50 (FP32) 25,557, 032 76:93% 93:41% 4:12
PUFFERFISHResNet-50 (FP32) 15; 202; 344 76:43% 93:10% 3:6
Vanilla ResNet-50 (AMP) 25; 557; 032 76:97% 93:35% N/A
PurFERFISHResNet-50 (AMP) 15; 202; 344 76:35% 93:22% N/A

(a) Proto. ResNet-50, ImageNgb) Proto. ResNet-18, CIFAR-10(c) DDP ResNet-50, ImageNet
Figure 4.(a) Breakdown per-epoch runtime analysis (top) and end-to-end convergence (bottom) results for vaniPa S&BFISH and
SIGNUM over ResNet-50 trained on the ImageNet dataset. Wierem.andComp. stands for computation and communication costs;
(b) Breakdown per-epoch runtime analysis (top) and end-to-end convergence (bottom) results for vanilPuSG&RFISH SIGNUM,
and PowerSGD over ResNet-18 trained on CIFAR-10; (c) The scalabilPybeferFISHcompared to vanilla SGD for ResNet-50 training
on ImageNet using PyTorch DDP over the distributed clusters that congistd; 16 nodes (top); End-to-end convergence for vanilla
SGD and RFFeRFISHwith PyTorch DDP under the cluster wighnodes (bottom).

Table 6.The runtime mini-benckmark results BoFrERFisHand ~ OPerations (MACs) °. The MAC results are shown in Ta-
vanilla VGG-19 and ResNet-18 networks training on the CIFAR-ble 2, 4, and 5. The computation complexity is estimated
10 dataset. Experiment running on a single V100 GPU with batcHy passing a single input through the entire netwerl,
size at128, results averaged ovdi0 epochs; under the repro- for the CIFAR-10 dataset, we simulate a color image with
ducible cuDNN setup witltudnn.benckmark  disabled and size32 32 3and pass it to the networks. For the LSTM

cudnn.deterministic enabled; Speedup calculated basednetwork, we assume a single input token is with batch size at
on the averaged runtime. 1. We only report the MACs of forward pasBUFFERFISH
Model Archs. Epoch Time (sec.)  Speedup ~ MACs (G) reduces the MACs of the vanilla model to up2Z®5 over
- ResNet-18 on CIFAR-10.
Vanilla VGG-19 13:51  0:02 0:4
PUFFERFISHVGG-19  11:02 0:01 123 0:29 Runtime mini-benchmark. It is of interest to investigate
Vanilla ResNet-18 18:89  0:07 0:56 the actual speedup of the factorized networks as they are
PUFFERFISHResNet-18  12:78  0:03  1:48 0:22 dense and compact. We thus provide mini-benchmark run-

time results over VGG-19 and ResNet-18 on the CIFAR-10

dataset. We measure the per-epoch training speed of the

factorized networks used iIRUFFERFISHand the vanilla
etworks on a single V100 GPU with batch sizel@8

The results are shown in Table 6. We report the results

(averaged ovellO epochs) under the reproducibility op-

tion. Apart from the full precision training over FP32, we
also conduct mixed-precision experiments over PyTorc
AMP on both CIFAR-10 and ImageNet. Our results gen
erally demonstrate that the performanceRofFFERFISH
remains stable under mixed-precision training. We measure 3nips://en.wikipedia.org/wiki/Multiply%
the computational complexity usingriultiply—accumulate  E2%80%93accumulate_operation



