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Abstract—Convolutional neural networks (CNNs) are widely
applied in real-time applications on resource-constrained devices.
To accelerate CNN inference, prior works proposed to distribute
the inference workload across multiple devices. However, they did
not address stragglers and device failures in distributed inference,
which is challenging due to the devices’ time-varying and possibly
unknown computation/communication capacities. To address this,
we propose a distributed coded inference system, called CoCol.
It splits the convolutional layers of CNN, considering the data
dependency of high-dimensional inputs and outputs, and then
adapts coding schemes to generate task redundancy. With CoCol,
the inference results can be determined once a subset of devices
complete their subtasks, improving robustness against stragglers
and failures. To model the theoretical trade-off between redun-
dancy and subtask workload, we formulate an optimal splitting
problem to minimize the expected inference latency. Despite its
non-convexity, we determine an approximate strategy with minor
errors and prove that CoCol outperforms uncoded benchmarks.
For performance evaluation, we build a testbed with Raspberry
Pi 4Bs. The experimental results show that the approximate
strategy closely matches the optimal solution. When compared
with uncoded benchmarks, CoCol reduces inference latency by
up to 34.2% in the presence of stragglers and device failures.

Index Terms—Convolutional Neural Networks (CNNs), Dis-
tributed Inference, Coded Computation

I. INTRODUCTION

Convolutional neural networks (CNNs) have been widely
applied to various applications, such as image classification
and object detection [1]. To meet real-time and stable response
requirements, inference tasks have increasingly been shifted
from the cloud to edge devices to reduce communication
overhead [2]. However, CNN inference is typically compu-
tationally intensive, while the computational resources of a
single edge device are usually too limited to serve inference
requests promptly. This limitation is particularly evident when
handling complex models. For example, as shown in our
technical report [3], the inference of VGG16 [4] and ResNet18
[5] on a Raspberry Pi 4B takes 50.8s and 89.8s, respectively.
Meanwhile, the computation of 2-dimensional (2D) convolu-
tional layers is the primary bottleneck of CNN inference. In
the aforementioned example, convolutional layers account for
more than 99% of the total latency [3].

To address this, distributed edge inference [6]-[10] was
proposed to overcome the computation bottleneck on a single
edge device by distributing computation workload across mul-
tiple devices for collaborative inference. Some of them con-
sidered cloud-edge collaboration [6], [7], reducing inference
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workload on edge by assigning part of the model to the cloud.
Some considered edge-edge collaboration [8]-[10]. Such edge-
edge collaboration is feasible due to the local dependency of
convolutional layers (i.e., each element of convolution output
depends on only a local range of input corresponding to its
kernel size). In other words, the convolution in CNN can be
split for parallel execution at multiple devices, achieving ac-
celeration. Specifically, MoDNN [8] splits convolution layers
based on device computation capacity. DINA [9] considers the
transmission overhead to optimize the multi-requests of con-
volutions. CoEdge [10] enables devices to request necessary
resources from others to reduce synchronization overhead.

Unfortunately, distributed systems often suffer from stochas-
tic straggling issues [11], [12], i.e., some devices spend much
longer time in task completion than others, and device fail-
ure. Since distributed inference requires devices to regularly
integrate intermediate results [9], straggling effect and device
failure can slow down the integration and hence the overall
inference process. Existing works have worked on such strag-
gling/failure issues by considering straggler detection (e.g.,
[13], [14]), which can be slow and ineffective for unpredictable
time-varying stragglers. Other works introduced replication-
based task redundancy to handle stragglers (e.g., [15], [16]),
while these approaches can lead to significant resource waste.
To deal with these straggling/failure issues, some existing
works have proposed coding schemes for general distributed
computation. For example, Lee et al. [17] proposed to apply
MDS codes to accelerate distributed matrix-vector multipli-
cation. Mallick et al. [18] proposed fountain codes that are
more robust to accelerate large-scale matrix multiplication.
While previous works on coded convolution [19], [20] focused
on limit types of convolutions (e.g., vector convolutions),
they overlooked the complex high-dimensional input-output
dependency when decomposing the convolutions.

To address straggling and device failure issues in distributed
inference in general CNNs, we propose Coded Cooperative
Inference (CoCol), a distributed coded inference system that
introduces task redundancy to improve system robustness
against straggler and device failure. Through task splitting and
encoding design, once a subset of devices have accomplished
their assigned executions on CNN inference (conditioning on
the number of devices which accomplished), their outputs are
sufficient to be decoded to obtain the final inference result,
thus efficiently eliminating straggler/failure issues. Note that
designing a distributed coded computation method for general
CNN s can be challenging due to the complex data dependency
of high-dimensional inputs. Meanwhile, formulating and ana-
lyzing the associated optimal splitting problem is non-trivial
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Fig. 1. An illustration of the CoCol system with n = 3 and £ = 2 and the workflow of our distributed coded inference approach applied to layer Conv2. The
master first splits the input of layer Conv2 and extends the input partitions to n = 3 encoded input partitions, each corresponding to an encoded subtask. Then,
the workers receive their assigned inputs, perform execution, and send their outputs to the master. Once k = 2 outputs have been received, the master starts
decoding to obtain the layer output. Here, 7", T, , T denote the encoding, execution, and decoding latency (see Section III for details), respectively.

due to the randomness involved in straggling effect and its
non-convexity.
We summarize our contributions as follows:

o Distributed Coded Inference System: We propose a
distributed coded inference system for general CNN in-
ference, called CoCol. Through task splitting and encod-
ing/decoding design, this system enables devices to co-
operatively execute computational-intensive CNN layers
and mitigate the straggling effect and device failure, while
introducing only minor encoding and decoding overhead.

« Optimal Splitting and Performance Analysis: We take
into account the straggling effect in CoCol and formulate
an optimal splitting problem. Although its objective func-
tion lacks an explicit form and is shown to be non-convex,
we approximate the problem into a convex problem, with
which we determine an approximate optimal solution.
We further analyze how system parameters affect the
approximate solution. Moreover, based on the approxi-
mate problem, we theoretically prove that CoCol always
achieves a lower inference latency than uncoded scheme
in the presence of stragglers.

o Performance Evaluation on Testbed: We evaluate our
CoCol system on a real-world testbed with Raspberry-Pi
4Bs. Experimental results show that the performance gap
between our approximate optimal splitting strategy and
the optimal solution is less than 3.3%. When compared
to uncoded and replication-based benchmarks, CoCol
system can reduce the inference latency by up to 34.2%
in the presence of straggler or device failure.

The rest of this paper is organized as follows. Section
IT presents our system. Section III formulates the optimal
splitting problem. In Section IV, we analyze the optimal
strategy and its performance. Section V shows our testbed and
experimental results. Section VI concludes this work.

II. SYSTEM DESIGN

In this section, we first propose the CoCol system. Then,
we present our distributed coded inference approach, which is
an important component of the CoCol system.

A. CoCol System Overview

In CoCol system, there is a master device! and n worker
devices. The master tracks the CNN inference process, dis-
tributes computation tasks to workers, and performs the related
encoding and decoding operations. The workers are responsi-
ble for task execution. To complete a CNN inference task,
CNN layers should be executed in a specific order. We refer
to the execution of each layer as a computation task. Based
on computational complexity (see Appendix A in our technical
report [3]), we classify the layers into two types:

o Type-1 task (high-complexity): Most 2D convolutional

layers, which is the bottleneck of CNN inference.

e Type-2 task (low-complexity): Linear, activation, and

some light-weight 2D convolutional layers.

The CoCol adopts a distributed coded inference approach
(to be proposed in Section II-B) to execute the high-complexity
type-1 tasks in order to eliminate the inference bottleneck.
This process contains four phases: input splitting phase for
input feature map partitioning, encoding phase to generate task
redundancy, execution phase for distributed task execution, and
decoding phase for recovering the task output. The master
device executes those low-complexity type-2 tasks locally to
mitigate the communication overhead resulting from interme-
diate computation result exchange.

An illustration of CoCol system is shown in Fig. 1. The left
part of Fig. 1 shows the layers of a CNN, where convolutional
layers Convl, Conv2, and Conv3 are executed in a distributed
manner. The right part of Fig. 1 shows the workflow of the
distributed coded inference approach for a type-1 task.

B. Distributed Coded Inference Approach

In the distributed coded inference approach, we partition the
type-1 convolutional layers and perform data transform on the

I'The master can be served by the device which initiates the inference task.
Since this device has inference request, it will stay in the system during
inference. Meanwhile, since the workload at the master is light, even if the
master sometimes fails, re-execution can be completed within a short period of
time (e.g., in hundreds of milliseconds). Thus, we do not introduce schemes
to address the device failure of the master. This setting is consistent with
existing works on coded computation [20], [21].
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Fig. 2. An illustration of input splitting, encoding, and output decoding for distributed coded convolution with a 3 x 3 kernel and stride = 1. Here, an
(n, k)-MDS code (n = 3 and k = 2) is used to encode the input partitions and to decode the computation task result based on the encoded outputs.

input feature map to ensure distributed inference. Meanwhile,
we propose to apply MDS code to introduce task redundancy
in order to mitigate straggler/failure issues. Although other
codes (e.g., fountain codes) can also be modified to support
the encoding and decoding design, they are not suitable to
CoCol due to their overhead and reduced level of successful
decoding rate (see Section V for experimental results).
Specifically, a 2D convolutional layer in CNNs mainly
has five configuration parameters, including in_channels,
out_channels (denoted by Cy,Co), kernel_size, stride, and
paddings. We use Ky and Sy to represent the values of
kernel_size and stride on the width dimension, respectively.
Meanwhile, we set the kernel_size on both width and height
dimensions to be the same, i.e., K. The original input
feature map is firstly padded with the paddings (the gray area
surrounding the input feature map in Fig. 2). Then, the 4D
padded input (denoted by I) has a shape of (B, Cy, Hy, W),
where B is the batch size and Hiy, W; denote the height and
width of I, respectively. Similarly, let (B, Co, Ho, Wo) denote
the shape of output O. Here we set B = 1 considering sparse
inference requests on edge. Without loss of generality, we
assume Wy > Hjy. In this case, we split the feature map
in the width dimension (rather than the height dimension)
as it can reduce the overlap of input partitions. Based on
the principle of 2D convolution, W can be determined by
Wo = |(Wr — Kw +1)/Sw + 1] (and Ho similarly). Key
parameters are summarized in Table II in technical report [3].
1) Input Splitting Phase: The master splits the input feature
map into k pieces, corresponding to the input of %k source
subtasks. The input partition is determined by computing
the target output O of each source task, and the respective
partitions is obtained based on the dependency between input
and output. To fulfill the requirement of MDS codes, O is
split into k£ pieces Yq,..., Y on the width dimension in
equal, each with a shape of (B, Co, Ho, W§(k)) and an output
range of (ao;, bo;) for i € [k] (i.e., a segment of O from width
index ag; to bo; — 1), where Wg(]{i) = bo; — ao; = I_Wo/k‘Jz

’For the cases where Wq is not divisible by k, the master can keep
the subtask associated with the remaining part of the output feature map
with width mod(Wg, k). This subtask is relatively small and has no data
transmission latency, thus will not be the bottleneck of the inference process.

Consider a piece with an output range of (ao, bo), the width
WP (k) and range (ar, by) of its input partition is as follows:

WY (k) = Kw + (W§(k) — 1) x Sw, (1
aI:a()XSW,bI:(bo*l)XSW+K{/V. 2)

The master splits I based on the input ranges derived above
to obtain input partitions Xy, ..., Xy to ensure correct input-
output correspondence for each source subtask, ie., Y; =
f(X;),i € [k]. Note that the adjacent input partitions may
overlap (see Fig. 2), therefore k x WP (k) > Wi.

2) Encoding Phase: The master generates the inputs for n
encoded subtasks based on the input of k source subtasks to in-
troduce redundancy. Specifically, X1, ..., X, are first flatten’
to vectors 1, . .., xy (i.e., x; = flatten(X;)) and concatenated
to an input matrix of shape (k, B x Cy x Hy x W[ (k)). Then,
an n X k generation matrix G is applied on the input matrix
to generate the following encoded input matrix, composed of

n encoded input vector &1, ..., L,:
k-1 k-2 =
T a - oa o & [= T
G|:|= : : o =] B
k-1 k-2 0 =
Lk 9n In o 9p Lk Ln

Here, G should satisfy that every k-row submatrix of G is
invertible to ensure successfully decoding, and Vandermonder
matrix is usually used as the generation matrix [17]. Then
xi,...,%, are restored to the original shape as Xl, . ,Xn,
serving as the input of n encoded subtasks for execution.

3) Execution Phase: The master sends the n encoded
input partitions X; to n workers. Worker i € [n] receives
the encoded input and feeds X, into the on-processing
layer for encoded subtask execution with the preloaded
weights and obtains encoded output Y; = f(X;) of shape
(B, Co, Ho, Wh(k)). Afterwards, Y; is sent back to master.

4) Decoding Phase: When the master receives the encoded
outputs from any k workers, it can decode and obtain the
final output. Let S = {s1,...,s,} C [n] denotes the index
set of the k fastest workers. Then the %k encoded outputs
?51, . ,Ysk are flatten to vectors ys,, ..., Ys, and concate-
nated to an encoded output matrix of shape (k, B x Co X Ho X

3An operation to transform a high-dimensional array data to an one-
dimensional vector, detailed description can be found in [22].



WE(k)). A k x k sub-matrix G's is obtained by sequentially
selecting the rows of the G based on S. The inverse of Gs,
denoted by Ggl, is applied on the encoded output matrix to
generate the decoded output matrix, composed of £ output

partition vectors vy, ..., Y. That is,
Y1 ¥, g5t i 9%
L |=Gy! ,where Gs=| : :
~ f— k—
Yk Ysy, gsk, ! gs;C 2 ggk
Vectors y1, ..., Yy are then restored to the original shape and

concatenated to obtain O = concat(Y,...,Y). With the
MDS mechanism, O can be perfectly restored and remains
consistent with that of the original inference, thus keeping the
inference quality unchanged.

III. OPTIMAL SPLITTING PROBLEM

In CoCol system, given a total of n workers, the choice of k
(i.e., how the task is split) introduces the trade-off between the
computation workload and redundancy. Specifically, a larger
k leads to a reduced size of each input partition and thus
a reduced workload of each subtask. On the other hand, a
smaller k leads to an increased degree of redundancy among
workers (i.e., a larger r £n— k), which reduces the execution
latency considering the k fastest workers, and slightly reduces
the encoding and decoding latency. To investigate this trade-
off, we formulate an optimal splitting problem to minimize
the inference latency. When compared with existing works
on distributed inference (e.g., [9], [10]), we characterize the
straggling/failure effect by modeling the latency of phases as
random variables. When compared with existing modeling of
stragglers in coded convolution (e.g., [19], [20]), we take into
account the modeling of encoding and decoding latency and
CNN task-specific execution and transmission latency.

In the following, we first present the overall latency model
(of a computation task). Then, we discuss the detailed latency
modeling in each phase. Finally, we formulate the problem.

A. Overall Latency Model

Given the choice of splitting strategy k, the overall latency
of a computation task consists of three terms: (i) the latency
of input splitting and encoding T°"¢(k), (i) the latency of
input/output transmission and execution 7, (k), and (iii) the
latency of decoding 7% (k). That is:

T(k) = T (k) + Tk (k) + T (k), (5)

where T°"(k), T, (k), and T%¢(k) are random variables.

We now present how random variable 7}, (k) is computed.
Specifically, suppose worker i € [n] receives the assigned
input with latency 77°°(k). It then executes subtask with
latency 77" (k) and sends the output to the master with
latency 77" (k). Note that T7(k), T;"*(k), and T;*"(k) are
random variables. Thus, the latency that worker ¢ takes to
finish the transmission and execution operations mentioned in
(ii), denoted by T} (k), can be expressed as follows:

T} (k) = T (k) + T;™ (k) + T;(k), i € [n].  (6)

Recall that master can decode the final result once receiving
k encoded outputs from workers. Thus, the latency in (ii) is
equal to the latency T,'(k) of the k-th fastest workers, i.e.,
v, (k). Note that T (k) denotes the k-th order statistics of
n random variables in set {1} (k), Ty’ (k), ..., ;' (k)}, i.e., the
k-th smallest value among these n random variables.

Suppose these random variables 77 (k), T, (k), T3 (k),
Te(k), and T%*(k) follow a shift-exponential distribution.
This is reasonable because an exponential distribution (with
or without a shift) usually indicates the time interval between
independent events and is widely adopted in modeling the
latency of computation tasks in coded computation [23].
Meanwhile, experiments on our testbed (see Appendix B in
technical report [3]) and other research [24], [25] demonstrate
that the latency of computation or wireless transmission can
be well-fitted by the shift-exponential distribution.

Definition 1 (Shift-Exponential Distribution). Consider a ran-
dom variable T follows a shift-exponential distribution defined
by a straggler parameter i, a shift coefficient 0, and a scaling
parameter N. The CDF of the random variable T is given by

Fye(t;p,0,N) £ 1 — e NN ¢ > N§. (7)

In this distributed inference system, a smaller straggler
parameter p implies a stronger straggling effect. The shift
coefficient # indicates the minimum completion time of the
corresponding operation. The scaling parameter N describes
the scale of the specific operation, e.g., the size of transmission
or computation. If a device takes a very long time (e.g., longer
than a pre-defined timeout threshold) on a certain operation,
we regard the operation as failed. Thus, the scenario of device
failure can be captured by shift-exponential distribution.

B. Detailed Latency Model

Let p™, u™P, u™¢, and " denote the straggling parameters
of the computation at master, computation, input receiving,
and output sending at workers, respectively. Let ™, P, §r¢¢,
and 0°" denote the associated minimal completion time. In
practical systems, these straggling and shift coefficients can
be estimated by prior test and fitting. In the following, we
model the latency of each phase by specifying the scaling
parameter N in Definition 1, considering the specific partition
and coding schemes in CoCol system.

1) Latency in Input Splitting and Encoding: The master
applies the n X k generation matrix G on the input matrix of
shape (k, B x Ct x Hy x WF(k)) to generate encoded inputs.
Thus, the number of floating point operations (FLOPs) in this
phase, denoted by N°"¢(k), can be derived by:

N(k) =2k x n x B x Cp x Hy x WP(k). (8)

The encoding latency T (k) follows Fig (¢; u™, 0™, N°*(k)).
2) Latency in Input/Output Transmission and Execution:
To execute the subtask, each worker performs a sliding dot-
product using a kernel of shape (B, Ci, Kw, Ky ) across the
received input feature map and generates an output feature map



with shape (B, Co, Ho, W§(k)). Then, the FLOPs N“™(k)
of each subtask on worker is given by:

N (k) = B x Co x Ho x Wh(k) x 2 x Cy x K. (9)

Thus, the computation latency 7" on worker i € [n] follows
a shift-exponential distribution Fyg(t; u™P, 0P N™P(f)).
The transmission size for the input distributing N™¢(k) by
the master and output forwarding N*" (k) by each worker can
be formulated by the size of the input and output partitions:

N™(k) =4 x B x Cp x Hy x WP(k), (10)
N*"k) =4 x B x Co x Ho x W§(k). (11)

The workers share the same N'™°(k) and N*" (k) due to equal-
size subtask partition. The latency 7;7°°(k) and T7"(k) of the
input/output sending of worker ¢ € [n] respectively follow
FSE(t; e, gree, Nrec(k)) and Fig (t; e gsen Nsen (k))

3) Latency in Decoding: The master decodes the execution
output matrix with shape (k, B x Co x Ho x W§(k)) with the
k x k inverse matrix Ggl. Similarly, the FLOPs of decoding
phase N9¢(k) can be derived by:

N%®(k) = 2k* x B x Co x Ho x WE(k).
The decoding latency 79¢(k) follows Fg (t; u™, 6™, N9¢(k)).

(12)

C. Optimal Splitting Problem Formulation

Our objective is to find the optimal choice of £* in order
to minimize the expectation of overall latency E[T°(k)]:

E[T*(k)]. (13)

k* =arg  min
ke{1,2,---,n}
Remark 1 (Challenges of Solving Problem (13)). It is difficult
to represent the objective function as an explicit expression
due to the involvement of order statistics. Meanwhile, we em-
pirically validate that the objective function E[T°(k)] is non-
convex. Both reasons make solving problem (13) challenging.

IV. OPTIMAL SPLITTING ANALYSIS

In this section, we aim to approximately solve problem
(13), with which we investigate (i) how to determine an
approximate optimal strategy k°, (ii) how system parameters
(e.g., u™P 9P ™) affect the optimal strategy, and (iii) how
much is the latency reduction from the CoCol system.

A. Approximate Optimal Analysis

Since the encoding 7°"(k) and decoding 79 (k) latency at
the master and the latency 7}, (k) at workers are independent,
the objective function in (13) can be represented as

E[T*(k)] = E[T*(k) + T%(k)] + E[T.(K)],  (14)

where the expected sum of the encoding and decoding latency
E[T™ (k) + T9(k)] = (N"(k) + N9(k)) x (& + om).
Thus, the main difficulty of solving problem (13) comes from
determining the expectation of execution latency E[T), (k)].
This is because the execution latency 7', (k) is the k-th
order statistics of 7} (k), where T,"(k) is the sum of three
random variables T7(k), T;""(k), and T:*"(k). Calculating

(2

the expectation of order statistics over a sum of multiple
random variables is still an open problem [26].

Let ™ (k), TP (k), and T (k) denote the associated k-
th order statistics (i.e., the k smallest values) among workers
i € [n]. We approximate E[T, (k)] as follows:

BT, (k)] ~ BIT,5 (k)] + BT (R)] + (T35 (k).

Based on the expectation of exponential order statistics [26]
and relaxing the floor function in W§(k) = |[Wo/k], an
approximate expected overall latency is given by:

5)

BT ~ (k) £ (V) + 50 5 +0)

_|_ esum _|_ ILLSHm ln

n
16
—. (6)
where ‘usum A Nrec(k)/‘urec + Ncmp(k)/ucmp + Nsen(k)/'usen
and 0sum é Nrec(k)erec + Ncmp(k)ecmp + Nsen(k)osen.
An approximate optimal solution £° to problem (13) can be
determined by minimizing L(k):
min

k° = ar
& ke{l,2,....,n}

L(k). 17
To understand the approximate optimal solution k°, we
temporarily relax integer k to be a real value and eliminate

the case of n = k (i.e., no redundancy), i.e., k € [1,n).

Lemma 1. When n > 3, the relaxed problem (17) is a convex
programming problem under k € [1,n).

The proof of Lemma 1 is detailed in Appendix C of tech-
nical report [3]. Thus, when compared to E[T*(k)], function
L(k) can be represented in an explicit form, and it is a convex
function given the integer relaxation considered in Lemma 1.
To determine £°, we can first solve &' = arg mingey ) L(k)
using conventional solvers (e.g., CVX). Then, we can obtain
k° e {|K'],[k"]} by comparing L(|k'|) and L([%k']).

In Section V and Appendix D in [3], we empirically
evaluate the gap between the approximate optimal solution
k° and the optimal solution k* and their performance gap.
The experimental results show that problem (17) has a good
approximation for (i) the objective function and (ii) the optimal
k under a wide range of values of p’s and 6’s. In most cases,
the difference of k* and k° does not exceed 1.

B. Impact of System Parameters

Let k° denote the optimal solution to problem (17) under the
relaxation of k& € [1,n). Based on Lemma 1, by checking the
first-order condition of L(k), we analyze the impact of system
parameters on ke (see Appendix E for proof). The analytical
results on k° are consistent with the empirical optimal solution
k* to problem (13) (see Appendix D).

Proposition 1 (Impact of Straggler and Shift Coefficients).
The approximate optimal k° increases if (i) any straggler co-
efficient ", p™, W, " increases, (ii) any shift coefficient
0P, g, 05" increases, or (iii) shift coefficient 0™ decreases.

As shown in Proposition 1, if any straggler coefficient
1 decreases (i.e., a more severe straggling effect), then the



computation task should be partitioned into fewer pieces
(i.e., smaller k) to introduce more redundancy (i.e., larger
r = n — k). If any shift coefficient § of workers (i.e.,
6°mP g"c g%°") increases (i.e., the minimum completion time
increases), then the workload of subtasks become larger, so
the computation task should be partitioned into smaller pieces
(i.e., a larger k) to reduce the workload. If Mlm —+ 6™ is larger,
the master has a less powerful processing capacity, so k£ should
be decreased to reduce the encoding and decoding latency.

C. Theoretical Performance Improvement

For analytical simplicity, we use the approximate form L (k)
in the following analysis. The expected latency under uncoded
approach can be regarded as a special case of that under coded
approach, i.e., the master can obtain the execution result of
each layer when all n workers send back their output. Thus,
it can be computed based on (15) and [26] (see Appendix F
in [3]). To provide a clear insight on comparison, we consider
a setting where Wy > k, which matches the case in practical
systems. We omit the encoding and decoding latency in coded
approach, as those latency are minor (see Section V). With
these approximation, let E[T%, (n, k)] and E[T, ()] denote the
expected latency of coded and uncoded method, respectively.
The proof for the following Propositions 2 and 3 are given in
Appendix F of our technical report [3].

First, we consider the straggler scenario without worker Cfﬂz}iil—
wre. Let R £ (4L 0"*+406*"+N ™) /(1L 1 40 | Ny
where IW ES CIHIW()S, O £ CoHoWo, and Ntcmp £
200 HoC; K2Wy. Intuitively, a smaller R implies a higher
degree of straggling effect.

Proposition 2 (Straggler Scenario). When R < 1 and n >
10, there exists a k¥, € (1,n) such that A = E[T" (n)] —

Proposition 2 implies that when the degree of straggling ex-
ceeds a threshold (i.e., R < 1), our coded inference approach
always achieves a lower latency than uncoded method [9]. For
example, when n = 20 and R = 1, our approach reduces the
latency by around 21%.

Second, consider a scenario where one worker eventually
fails. For the uncoded approach, we assume that the worker
will signal the master when failure happens, and the master
will send the subtask to another device for re-execution.
Let R°™(n) = E[T;"™]/E[T" (n)] denote the ratio of the
expected computation latency E[T; "] of an arbitrary device
i € [n] (where workers have the same latency distribution as
in Section III-B) to the expected latency E[T} (n)].

Proposition 3 (Device Failure Scenario). Under the conditions
in Proposition 2, when n > k + 1, RP(n) > 0.1, and one
device failure occurs, there exists a k', € (1,n—1) such that
E[T! (n)] — E[TS, (n, k)] > A.

» Vsub

Based on Propositions 2 and 3, as the increase of strag-
gling/failure, E[T°(n)] < E[T"(n)] always holds, and CoCol
offers more latency reduction compared to the uncoded.

Fig. 3. Testbed for CoCol system.

V. PERFORMANCE EVALUATION

We build a testbed to implement CoCol system, as shown in
Fig. 3. This testbed consists of a wireless access point Mercury
D128 (2.4/5GHz WiFi, 1200 Mbps) to provide WIFI access
and 11 Raspberry-Pi 4Bs with Quad Core ARM Cortex-A72
1.5GHz. One of the Raspberry-Pi 4Bs is set as the master
device with wired connection, and the remaining n = 10
devices are workers with WIFI connection. The operating
system of the master and worker devices is Raspberry Pi
OS (64-bit) based on linux and the architecture is AArch64.
We apply the widely-used deep learning framework PyTorch-
CPU (version 1.11.0) to support CNN inference on Raspberry-
Pi. We evaluate well-known CNNs VGG16 and ResNet18 on
testbed for inference with 224 x 224 x 3 images as input data.
Each experiment has been conducted for 20 times.

We consider three scenarios to evaluate the performance
of CoCol. Since Raspberry-Pi 4Bs originally have similar
processing and communication capacities, we manually put
devices into sleep in scenario-1 for evaluating the impact of
straggling effect. Scenario-2 and scenario-3 are more practical
scenarios without manually introduced sleeping behaviors.

o Scenario 1 (Straggling): We introduce additional random
delay to wireless transmission, which follows exponential
distribution with a scale of A\,T. Here, T is the original
expected transmission latency.

o Scenario 2 (Device Failure): ny workers randomly fail in
each turn of subtask execution.

e Scenario 3 (Straggling and Failure): Based on scenario-
2, one worker is a ‘“high-probability” straggler, which
usually has larger execution latency then other workers.

For reference, we measure the latency when CNN inference is
performed locally on a single Raspberry Pi 4B. For VGG16,
the average latency of normal worker and “high-probability”
straggler are 50.8s and 85.2s, respectively. For ResNet18, the
associated latency are 89.8s and 148.8s, respectively.

We consider the following methods for comparison. In all
methods, type-1 tasks are executed in a Map-Reduce style.

e CoCol-k*: CoCol with the optimal k*, which is obtained
by testing all feasible k’s and choose the best one.

e CoCol-£°: CoCol with the approximate optimal k°.

e Uncoded [9]: Each type-1 task is split into n subtasks
and allocated to workers. If any worker fails, the subtask
will be re-assigned to another worker for execution.
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Fig. 4. Inference latency of convolutional layers of (a) VGG16 and (b)
ResNet18 under secnario-1 with A" = 0.5.

TABLE I
STATISTIC OF k* AND k° UNDER SCENARIO-1

CNN | Statistics \ A" | 02 04 06 08 1.0
maxjer, |k — k7| 1 1 1 1 1
VGGI6 | Syep [kf — K/ | 042 05 05 042 05
lecy [t; —tp| (insec) | 0.10 0.08 0.11 049 051
maxjer, |k — k7| 1 1 2 1 1
ResNetI8 | S, [k7 —kpl/my | 0.19 031 037 037 0.6
lecy [t; —t7] (insec) | 0.35 0.15 0.97 037 13

« Replication [16]: Each type-1 task is split into k = |n/2]
subtasks, with each subtask assigned to 2 workers for
repeated execution. The master determines the final result
upon receiving one copy of each subtask’s output.

e LtCol-k;: CoCol while incorporating a Luby Transform
(LT)-based coding scheme [21]. The splitting strategy
k; = Wo represents the finest-grained splitting of type-1
tasks. Note that k; can be larger than n.

o LtCol-k,: CoCol while incorporating an LT-based coding
scheme [21], with the optimal splitting strategy ks under
ks < n. This is introduced to better compare with MDS
codes in a similar number of source tasks k.

Note that LT codes (see Appendix G in [3]) is a type of rateless
fountain codes [21], which is the recent state-of-the-art coding
scheme. Comparing our approach with LtCol-k; and LtCol-k;
shows the rationale of using MDS coding scheme.

A. Encoding and Decoding Overhead

Fig. 4 compares the total latency of each convolutional layer
in CNN models between CoCol and uncoded approach. The
dark and light red areas indicate the encoding/decoding latency
at the master and the execution and input/output transmission
latency at workers in CoCol, respectively. In Fig. 4, the
encoding and decoding latency occupies around 2% — 9%
of the total latency in each layer. In addition, despite such
encoding/decoding overhead, our proposed CoCol can usually
achieve a lower average latency than the uncoded approach.

B. Approximate Optimal Splitting Strategy

Table I compares the difference between optimal and our
proposed approximate optimal splitting strategies. Specifically,
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Fig. 5. CNN inference latency under scenario-1: (a) VGG16; (b) ResNetl18.
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Fig. 6. Inference of (a) VGG16 and (b) ResNetl8 in scenario-2; inference
of (¢) VGGI16 and (d) ResNetl8 in scenario-3.

Ly denotes the set of type-1 tasks in CNN models, where
the set has a size of n;. For each layer | € L4, let kf
and k7 denote the optimal and approximate optimal splitting
strategies, respectively. Let ¢ and ¢; denote the associated
latency under k; and k;, respectively. As shown in Table I,
the maximum difference |k — k7| is usually not larger than
one, and the average difference is around 0.5. Meanwhile, the
average latency difference is no larger than 1.3 seconds.

Fig. 5 compares the CNN inference latency. In particular,
CoCol-k* and CoCol-k° lead to similar inference latency,
which validates the rationale of using k° in practical systems.

C. Method Comparison

Fig. 5 shows the CNN inference latency in scenario-1. When
A" is small (e.g., A" < 0.2), “uncoded” is slightly faster than
CoCol due to the smaller workload at each worker. However,
under a moderate degree of straggling effect (e.g., Ay > 0.4),%
both CoCol-k* and CoCol-k° can reduce the inference latency,

4Even under the most severe straggling case (i.e., A" = 1) considered in
scenario-1, it corresponds to a moderate degree of straggling effect in practical
systems (less severe than that considered in [19], [20]). This case corresponds
to the case with R > 1.3 in Section IV-C. It validates that in addition to our
theoretical results on severe straggling scenarios with R < 1, our approach
can reduce the latency under less severe scenarios with R larger than one.



comparing to the benchmarks. The latency reduction can be
up to 20.2% when A" = 1. Although LT codes may be more
robust under stragglers [21], it achieves worse performance
than “uncoded” and CoCol in scenario-1.

Fig. 6 shows the CNN inference latency in scenario-2 and
scenario-3, both of which consider device failure. The error
bars here imply the variance of inference latency. When there
is no device failure or straggler (i.e., ny = 0 in scenario-2),
CoCol is slightly slower than “uncoded” due to the system
redundancy. As ny increases from 0 to 2 in scenario-2, the
latency of “uncoded” increase by 68.3%-79.2%, while CoCol
and LtCol show better resistance to failure. However, the fine-
grained splitting of LtCol-k; introduces excessive transmission
overhead, and LtCol-k; incurs a higher subtask computation
overhead due to the inevitable higher redundancy resulting
from the small k in LT codes. Above all, CoCol achieves lower
and more stable inference latency with less variance (according
to the length of error bars) under the existence of device
failure. When compared with “uncoded”, the latency reduction
can be up to 34.2% in scenario-2 and 26.5% scenario-3.

VI. CONCLUSION

In this work, we proposed a novel distributed coded in-
ference system, called CoCol. This system mitigates the
straggling and device failure issue by splitting 2D convolu-
tion layers, considering the data dependency between high-
dimensional input and output data, and employing MDS codes
to generate redundancy in distributed inference. To understand
the optimal splitting strategy, we formulated an expected
inference latency minimization problem. Despite its non-
convexity and lack of an explicit expression, we derived an
approximate solution achieving near-optimal empirical perfor-
mance. Theoretical analysis demonstrates CoCol’s superiority
over uncoded methods a certain degree of straggling and
device failure. Evaluations on the real-world testbed shows that
CoCol can effectively reduce inference latency in the presence
of stragglers and device failure. An interesting future direction
is to optimize the subtask allocation across heterogeneous
workers for further inference latency reduction.
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