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ABSTRACT

Convolutional Neural Networks (ConvNets) enable computers to excel on vision learning tasks such as image
classification, object detection. Recently, real-time inference on live data is becoming more and more important.
From a system perspective, it requires fast inference on each single, incoming data item (e.g. 1 image). Two
main-stream distributed model serving paradigms — data parallelism and model parallelism — are not necessarily
desirable here, because we cannot further split a single input data piece via data parallelism, and model parallelism
introduces huge communication overhead. To achieve live data inference with low latency, we propose sensAl,
a novel and generic approach that decouples a CNN model into disconnected subnets, each is responsible for
predicting certain class(es). We call this new model distribution paradigm as class parallelism. Experimental
results show that, sensAl achieves up to 18x faster inference on single input data item with no or negligible
accuracy loss on CIFAR-10, CIFAR-100 and ImageNet-1K datasets.

1 INTRODUCTION

Convolution Neural Networks (CNNs) have recently suc-
ceeded in many computer vision tasks, such as image classi-
fication (Krizhevsky et al., 2012; Simonyan & Zisserman,
2015; He et al., 2016) and object detection (Ren et al.,
2015; Girshick et al., 2014). As both model size (Hu et al.,
2018; Real et al., 2019) and image resolution (Deng et al.,
2009; Lin et al., 2015) grow larger, the serving time of a sin-
gle ConvNet increases drastically. Thus, distributed model
serving is adopted to accelerate the process by running a sin-
gle CNN over multiple GPUs or machines simultaneously
(Paszke et al., 2017; Abadi et al., 2016). Conventional dis-
tributed approaches are data parallelism (Chen et al., 2015;
Li et al., 2014) and model parallelism (Lee et al., 2014;
Dean et al., 2012). In data parallelism, each GPU has a full
copy of the model and does inference independently on a
subset of the whole input data. Model parallelism adopts
a different approach: each GPU only maintains a portion
of the whole model, and communicates intermediate results
(e.g. feature-maps) during each round of model serving.

Making faster decision on live data is becoming increasingly
important. In cases like autonomous driving (Paden et al.,
2016; Badue et al., 2019), once the camera captures a frame
of image that contains pedestrians, it may save people’s

"University of California, Berkeley. Correspondence to: Guan-
hua Wang <guanhua@cs.berkeley.edu>.

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

lives if the stop decision can be made slightly faster. Other
application scenarios like automatic stock trading using ma-
chine learning, right now is happening in giant banks like JP
Morgan (Porzecanski, 2019) and Goldman Sachs (Jennings,
2018; Horwitz, 2020). If one party can make the trading
decision several milliseconds earlier than the others, it can
bring in huge amount of profits. From a system perspective,
making faster decision on live data means faster model serv-
ing on each incoming, atomic data item (e.g. a single image,
a stock’s instantaneous price).

Neither the conventional data parallelism nor model paral-
lelism can achieve faster serving on single data item. It is
infeasible to split an atomic input piece further for data par-
allelism (shown in Fig. 1(a)). Model parallelism introduces
huge communication overhead for transferring intermedi-
ate results (like feature-maps shown as red-dashed lines in
Fig. 1(b)) among the GPUs in use. To achieve faster infer-
ence on single data item, we propose sensAT, a novel and
generic approach that distributes a single CNN into discon-
nected subnets, and achieves decent serving accuracy with
negligible communication overhead (1 float value).

sensAT achieves this extremely low communication over-
head in distributed model serving by adopting a new concept:
class parallelism, which decouples a classification ConvNet
into multiple binary classifiers for independent, in-parallel
inference (shown as Fig. 1(c)). The intuition behind class
parallelism is, within a CNN, different neurons (i.e. chan-
nels) are responsible for predicting different classes, and
typically only a subset of neurons is crucial for predicting
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(a) Data Parallelism (b) Model Parallelism (c) Class Parallelism
Figure 1.Comparison of distributed model serving on single data piece among data parallelism, model parallelism and class parallelism.

one speci ¢ class probability (Yu et al., 2018}lass par- 2 RELATED WORK

aIIeIi_sm_can also be used With data para_llelism together by - and model parallelism: To boost up model serv-
duplicating the whole set of binary classi ers. ing speed, data parallelism (Goyal et al., 2017; Jia et al.,
For image classi cation tasks with a relatively small number2019; Wang et al., 2020; Or et al., 2020) and model paral-
of classed, e.g., CIFAR-10 (Krizhevsky, 2009), we achieve lelism (Kim et al., 2016; Dean et al., 2012; Huang et al.,
class parallelismby pulling outN binary classi ers froma  2019) are widely adopted for in-parallel CNN inference (Yu
pretrained N-way classi cation CNN. And we use all these & Chowdhuryo, 2020). In data-parallel model serving, each
binary classi ers to perform faster, in-parallel inference by machine (or GPU) maintains a replica of the entire CNN
taking the maximum con dence output from these modelsmodel, and process a partition of input data (Gu et al., 2019;
to determine the predicted class. For harder classi catiorPeng et al., 2019). Another common parallelism strategy
tasks with more classes, e.g., ImageNet-1K (Russakovskg model parallelism (Dean et al., 2012), where a CNN
et al., 2015) with 1000 classes, instead of decoupling @odel is split into disjoint subsets on multiple devices (Kim
given CNN intoN binary classi ers, we divide the image etal., 2016; Lee et al., 2014). For each mini-batch of model
classes intd groups, with each group containing classes ~ serving, a large amount of intermediate results (e.g. feature-
(m k= N). For each group of classes, we distiiraway =~ maps) need to be transferred among the GPUs that hold
classi er from the base model. And we combine the outputsadjacent model partitions.

from thosek §ma!lerm-way classi ers to obtain the target However, neither of them can be used to reduce inference
N -way classi cation results. latency on live data. Given that we cannot further split an

In sensAl , we trade more computation resources (e.gatomic data piece, data parallelism is not applicable to speed-
more GPUs) for faster inference speed on single dat&lp inference on single input data item (Li et al., 2020; Ja-
item. sensAl achieves decent scalability wittlass yarajan et al., 2019). Although we can increase parallelism
parallelism Extensive experimental results on CIFAR-Via model parallelism, given that the inference time of a sin-
10/100 (Krizhevsky, 2009) and ImageNet-1K (Russakovskygle input piece is extremely short (e.g. several milliseconds),
et al., 2015) datasets show that, compared with baseline ¢fe systematic networking communication time for transmit-
single-GPU and multi-GPU via model parallelism, sensAlting huge intermediate results (e.g. feature-maps) are often
achieves up to 18x speedup for single image serving tim&everal orders of magnitude higher than the inference time
We also demonstrasensAl 's effectiveness on more ef - of animage (Dean et al., 2012; Paszke et al., 2017; Jeaugey,
cient CNNs like MobileNet-V2 (Sandler et al., 2018) and 2017; Lee et al., 2014), making model parallelism unlikely
Shuf eNet-V2 (Ma et al., 2018). Despite that the aggregatedto speed-up single image inferencEnsAl proposes a
size of all our decoupled binary/grouped classi ers may benew parallelism method, calledass parallelismwhich
similar or larger than the size of the base model, the FLOPgecouples a CNN model into disconnected subnets. Only a
and model size are signi cantly reduced on each devicesingle oat value (i.e. the con dence level of predicting an
(e.g. a GPU). Additionally, different from traditional model input piece belonging to one speci ¢ class) communication
parallelism,sensAl 's tiny classi ers on each device can is needed in the end. This new approach of independent,
be concurrently executed without blocking each other. Ouin-parallel inference allows us to further accelerate infer-
main goal is to reduce inference latency on live data, an@nce on single input piece. In addition, @l&ss parallelism

sensAl 's class parallelismis a generic and simple method can also be adopted together with data parallelism (by repli-
to speed up model serving on single data item. cating the whole set of binary classi ers) to further reduce



sensAl

Figure 2.sensAl work ow for binary, in-parallel inference.

model serving latency on batches of input data. binary classi cation tasks, which achieves better serving

Class-speci ¢ neuron analysis: Zhou et al. (Zhou et al., accuracy with less redundant binary models.

2018) point out that unit ablation on a fully trained CNN 3 METHOD
model will only decrease inference accuracy on certain clasgy, sensal - we trade more computational resources (e.g.

and then analyze the correlation between units ablation ang, ;e GPUs) for fast inference on single data item. Our
its impacted class. Yu et al. (Yu et al., 2018) show thepain goal is to reduce model serving latency (not FLOPS or
possibility of decoupling a 10-way CNN model into ten el size) on single input pieceensAl proposeslass
binary classi ers. However, even these literature points OUtparaIIeIism which decouples a CNN model into binary clas-
that the neurons belonging to certain class of images cag g for each class. For dataset with too many classes,
be relatively independensensAl is the rst approach e gesign grouped classi ers, that each is responsible for
to propose the concept ofass parallelismand use itfor  pegiction of multiple classes. And our grouped classi ers
in-parallel model inference. can achieve arbitrary degree of scalability from single ma-

Network pruning: Over-parameterization is a well-known chine to number of machines equivalent to image classes. In
attribute of CNNs (Denton et al., 2014; Ba & Caruana,this section, we rst presersensAl high-level work ow.
2014). To reduce memory footprints and computationail hen we describe how each component works and discuss
cost, network pruning (Han et al., 2015; Li et al., 2017; Liu the corresponding design in details.

etal., 2017) gains attention and is recognized as an effectivg 1 \Work ow overview

way to improve computational ef ciency while maintain- \we assume to have a normally fully-trainsdway CNN

ing decent accuracgensAl - also adopts network pruning  ¢jassj er whereN is the total number of classes. As a
technique to pull outlass-paralleimodels from the original toy example shown in Fig. 2, sensAl decouples a CNN
CNN. Different from existing class-agnostic pruning meth-,q e for faster, in-parallel inference via the following 3
ods,sensAl uses one-shot, class-speci ¢ pruning. And gtens: class-speci ¢ pruning, retraining and combining re-
sensAl can combine class-agnostic pruning schemes (Liljts hack to original N-way predictions. Given a pre-trained
et al.l, 2017; Har} et al., 2015; 2016) to further shrink downCNN, we rst conduct one-shot, class-speci ¢ pruning to
the size of our binary models. pull out binary or grouped (i.e. multi-class) classi ers from
One-Vs-All (OVA) reduction:  OVA machine learning the base model. Second, to recover possibly lost serving
model reduction is a general approach which reduces accuracy, we retrain each binary/grouped classi er indepen-
multi-class learning problem into multiple simpler problems dently. Third, we deploy each binary/grouped classi er on
solvable with binary classi ers (Ga|ara et a|., 20111 Beyge'z_a Single GPU for faSter, in-pal’allel inference on live data.
imer et a_l., 2016). Rifkin et aI_. (Rifkin & Klautau, 2004) and 3.2 Class-speci ¢ pruning

Beygelzimer et al. (Beygelzimer et al., 2005) demonstrate ) o ]
OVA's effectiveness via both experiments and theoreticafere we rst discuss how to distill binary classi ers from
arguments. Another line of work combines OVA with Error- the pre-trained base model. Then we extend it to pull out
Correcting Output Codes (ECOC) to further boost model@rouped (multi-class) classi ers from the base model.
serving accuracy (Dietterich & Bakiri, 1995; Kong & Diet- 32 1 Binary classi ers:

terich, 1995; Deng et al., 2010). Different from traditional — . .
OVA approaches and ECOC extension which train binar)Jn 'Fhe process of d|st|II|ng_b|nary cla5_5| ers from a fully-
classi ers with prede nedmodel structure (Anand et al., trained model, we would like to identify the neurons that

1995; Dietterich & Bakiri, 1995)sensAl learns different are ‘mPO”?‘”t for predipting each spe.ci N cla_ss. Here we
model structures from fully-trained base model for different YS€ activation-based criteria to determine the importance of






