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ABSTRACT The traditional approach to distributed deep neural network (DNN) inference in edge com-
puting systems is data-distributed inference. In this paradigm, each worker has a pre-trained DNN model.
Using the DNN model, the worker processes the data that is offloaded to itself. The data-distributed
inference approach (i) has high communication cost especially when the size of data is large, and (ii)
is not efficient in terms of memory as the whole model should be stored and computed in each worker.
Model-distributed inference is emerging as a promising solution, where a DNN model is distributed across
workers. Although there is a huge amount of work on model-distributed training, the benefit of model dis-
tribution for inference is not understood well. In this paper, we analyze the potential of model-distributed
inference in edge computing systems. Then, we develop an Adaptive and Resilient Model-Distributed
Inference (AR-MDI) algorithm based on our optimal model allocation formulation. AR-MDI performs
model allocation in a lightweight and decentralized way and it is resilient against delayed workers and
failures. We implement AR-MDI in a real testbed consisting of NVIDIA Jetson TX2s and show that
AR-MDI improves the inference time significantly as compared to baselines when the size of data is
large, such as ImageNet.

INDEX TERMS Model-distributed inference, model parallelism, distributed deep neural networks, edge

computing.

I. INTRODUCTION
ODERN edge devices such as drones, autonomous
robots, sensors, and self-driving cars are generating
data at tremendous rates. Many applications that execute on
these devices are delay-sensitive, meaning that the data gen-
erated by the applications should be processed as quickly
as possible. For this purpose, transmission of the generated
data to a remote cloud may be unacceptable due to transmis-
sion delays. Thus, data should be processed near its place
of origin, i.e., on or near the edge. One complication in
this context is that the edge devices are typically limited in
terms of computation power, energy, and/or memory. Hence,
the design of high-performance distributed data processing

methods is crucial.
The traditional approach to distributed deep neural
network (DNN) inference is data-distributed inference,
which partitions and distributes data to workers as illustrated

in Fig. 1. The workers are comprised of edge servers, end
users, and/or remote cloud (if available). An end user, which
would like to classify input data, offloads data to work-
ers for classification. The end user itself could function as
one of the workers by processing some of its own data.
Each worker keeps a pre-trained DNN model, processes the
offloaded data, and sends the output back to the end user.
This approach, although very straightforward, has two dis-
advantages: (i) Communication cost is high especially when
input data size is large (i.e., high resolution data); and (ii)
Each worker should store the whole model, which puts a
strain especially on end user devices.

Model-distributed inference (also called model paral-
lelism) is emerging as a promising solution, where a DNN
model is distributed across workers, Fig. 2. The end user,
which has input data, may process a few layers of a DNN
model, and transmits the activation vector of its last layer
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FIGURE 1. Data-distributed inference. Data is partitioned and offloaded to workers
for classification.
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FIGURE 2. Model-distributed inference. DNN model is partitioned and distributed
across workers.

to a neighboring node. The neighboring node receives an
activation vector and performs the calculations of the layers
that are assigned to it. Finally, the worker that calculates the
last layers of the DNN model obtains and sends the out-
put back to the end user that has the input data. We note
that the workers perform parallel processing in this setup by
pipelining as further explained in Section III.

Although there is huge amount of work on model-
distributed training [1], [2], [3], [4], the benefit of model
distribution for inference is not understood well. The poten-
tial of model distribution for training is obvious. Indeed,
it is indispensable in data-distributed training to exchange
the whole model among workers and a model aggregator
(parameter server) for every batch of data, which introduces
huge amount of communication cost. On the other hand,
thanks to distributing the DNN model, model-distributed
training requires to exchange only activation vectors among
workers, not the whole model. Thus, model-distributed
training reduces the communication cost as compared to
data-distributed training.

The potential of model distributed inference in terms of
reducing the communication cost is less obvious. While
data-distributed inference requires the exchange of actual
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data (Fig. 1), model-distributed inference needs to exchange
activation vectors. We observed that when the size of data
is large, exchanging the actual data introduces higher com-
munication cost, which makes model-distributed inference
plausible. Building on this observation, we analyze the
potential of model-distributed inference as compared to data-
distributed inference in a homogeneous setup, where all
workers have the same amount of computing power.

It is crucial to exploit the potential of model-distributed
inference in a heterogeneous and dynamic setup, where
the computing power of workers may be different and
change over time. A model partitioning mechanism based
on dynamic programming is proposed in [5] for this pur-
pose. However, this approach introduces too much computing
cost to determine the optimal model allocation. Also, it is
not adaptive to time-varying resources. Instead, we design
a lightweight, adaptive, and decentralized model allocation
mechanism, which we name Adaptive and Resilient Model-
Distributed Inference (AR-MDI) based on the solution to
our optimal model-allocation formulation.

One of the weaknesses of model distribution as compared
to data distribution is its vulnerability to failing workers.
For example, if one of the workers in Fig. 2 fails, the whole
system fails. Thus, we design a recovery mechanism as part
of our AR-MDI algorithm. The recovery mechanism of AR-
MDI is inspired by the peer management mechanism of
Chord-like P2P systems as further detailed in Section V.
The following are the key contributions of this work:

o« We provide inference time analysis for both model-
and data-distributed inference in a homogeneous setup,
and show that model-distributed inference has smaller
inference time if the size of input data is large.

« We formulate a model-allocation problem across work-
ers for model-distributed inference in a heterogeneous
setup. Building on the solution to the optimization
problem, we design a lightweight, adaptive, and decen-
tralized model allocation algorithm, which we name
Adaptive and Resilient Model-Distributed Inference
(AR-MDI) algorithm.

o We fortify our AR-MDI algorithm with a recovery
mechanism against delayed and failing workers.

« We implemented AR-MDI as well as baselines;
EdgePipe [5] and Data-Distributed Inference (DDI)
in a heterogeneous testbed of NVIDIA Jetson TX2
cards. Our experiments including CIFAR-10 [6]
and ImageNet [7] datasets, and VGGI16 [8] and
MobileNetV2 [9] DNN models show that AR-MDI sig-
nificantly reduces the data inference time as compared
to the baselines.

The structure of the rest of this paper is as follows.
Section II presents the related work. Section III intro-
duces our system model and provides preliminaries
on model-distributed inference. Section IV analyzes the
potential of model-distributed inference for the case of
homogeneous transmission delays and worker computing
powers. We formulate an optimal model allocation problem
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for the heterogeneous setup, and design our Adaptive and
Resilient Model-Distributed Inference (AR-MDI) algorithm
based on the structure of the optimal solution in Section V.
In Section VI, we provide experimental results on a real-life
testbed. Section VII concludes the paper.

Il. RELATED WORK

The deployment of machine learning algorithms in the
edge computing systems calls for novel distributed learn-
ing and inference solutions by taking into account network
and computation resources such as bandwidth, transmission
power, battery limitations, computing power, etc. One of the
promising approaches is distributed inference [10].

Earlier work on distributed inference splits a DNN into
two parts, where the first few layers are computed in an end
user device, while the rest of the layers are offloaded to an
edge server [11]. In such a scenario, an end user does initial
feature extraction and stops if it is confident about the result.
Otherwise, the output of the first few layers are transmitted
to a server to obtain a more confident result. This approach is
extended in [12] to take advantage of parallel processing in
the end user device and edge server by partitioning the layers
between these two devices. The layer partitioning between
an end user and an edge server and their corresponding
computation are further considered in [13] by modeling DNN
as a directed acyclic graph. This line of work is limited to two
parallel processing devices and cannot take full advantage
of edge computing systems with several end users and edge
servers.

Model-distributed inference is emerging as a promising
solution, where a DNN model could be distributed to more
than two workers. Model distribution is originally consid-
ered for parallel DNN training to overcome communication
and storage limitations and provide scalability for DNNs.
GPipe [1] achieves close-to-linear speed up in DNN train-
ing. PipeDream [2], [4] eliminates idle workers and thus
improves efficiency via a dedicated scheduling and batching
mechanism. Weight prediction can be used to improve the
performance of both GPipe and PipeDream [3]. A resilient
model-distributed training schemes that are robust to failing
or severely straggling workers is designed in [14]. Model-
distributed DNN training is designed for memory-constrained
edge devices in [15]. As compared to this line of work, we
consider model distribution for inference rather than training.

A model partitioning problem for model-distributed infer-
ence is designed using dynamic programming [5] with the
cost of high complexity. As compared to [5], our AR-
MDI algorithm (i) reduces the computation cost as our
algorithm makes on the fly calculations while [S] solves
a dynamic programming problem, (ii) makes model dis-
tribution fully decentralized while [5] relies on a genie
to solve the dynamic programming problem and make the
corresponding model distribution, (iii) is adaptive to time-
varying resources, and (iv) recovers if there is a failure
in the network. Model distributed inference is considered
for a multi-source setup in [16]. As compared to [16], our
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AR-MDI algorithm provides a lightweight and decentralized
model allocation mechanism.

We note that there are various techniques to reduce the
communication and memory cost in DNN inference such as
pruning [17], gradient sparsification [18], [19], compression
and quantization [20], [21], [22], [23], [24]. DNN partition-
ing between an end user and edge server is combined with
pruning [25], [26], [27] to speed up inference time and reduce
communication and memory costs. Our work is complemen-
tary to these techniques in the sense that the performance
of AR-MDI can be further improved by employing one or
more of these methods.

lll. MODEL AND PRELIMINARIES

Setup and Topology: We consider an edge computing system
comprised of end user devices, edge servers, and remote
cloud (if available) for distributed DNN inference. One of
the devices (source device) has an input dataset and would
like to learn the output of a DNN model. The other devices
behave as workers for model distributed inference.

We assume that there are N workers in the system, where
N = {n1,...,nn} is the set of workers. Workers form a
Chord-like [28] circular overlay topology, where the source
device becomes the first node, i.e., np, in the topology as
in Fig. 2. Such an overlay topology can be constructed by
taking into account the location of each workers to reduce
the number of transmissions in the lower-layers [29], [30].2

The workers have the following properties: (i) Failures:
Workers may fail or “sleep/die” or leave the network before
finishing their assigned computational tasks. (ii) Stragglers:
Workers incur probabilistic delays while they are performing
the computations that are assigned to them.

DataSet and DNN Model: Let K be the number of
data/images in the source node that need to be processed
by a DNN, where the set of data is represented by
K ={A1, ..., Ak}. The DNN model consists of L layers. The
set of layers is £ = {l1, ..., [r}, where [; is the ith layer. The
pre-trained model is represented with w = {Wi};L:p where w;
is the vector of weights associated with layer /;. The number
of parameters (weights) at layer i is W;, i.e., |w;| = W;. The
total number of parameters in the model is W = ZiL=1 Wi,
where |w| = W.

Model-Distributed Inference: Let us assume that the
source node would like to process the kth data, i.e., Ag. The
set of layers that worker n, computes for processing data Ay
is Ap(k), where An(k) = (AL, ... Al k), ... A @l
and Aﬁ,(k) € L. The last layer of A,(k) is denoted as
L) = MMl We assume that A;(k) N Aj(k) = 9,
Vi # j as two different workers do not process the same
layers.

According to the model-distributed inference, the source
node takes the kth data Ay, and calculates the activation
vectors of all the layers in Aj(k). The activation vector of

1. The topology construction can be optimized in conjunction with the
model allocation yet with increased cost. Thus, we consider that topology
is constructed by following [29], [30].
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the first layer, i.e., aj(k) is calculated as aj(k) = wiAg.
The activation vectors of the next layers are calculated as
ai(k) = wia;_1(k), Vi € A1(k) and i # 1. The source node
sends the activation vector of its last layer, i.e., ay,«) (k) to
its next hop neighbor, which is worker 7,.

Each worker 7, (n # 1) calculates a;(k) = w;a;—1(k),
Vi € A,(k) and sends the output of the last layer aj, ) (k)
to worker 1(,+1) mod n- Note that mod N is needed due to
the circular structure of the overlay topology. If a;, ) (k) is
the output of the last layer of the DNN model, i.e., (n+1)
mod N =1 is satisfied, it is transmitted to the source node.

Above process can be pipe-lined in a way that the source
node can start processing k+ 1th data immediately after cal-
culating aj (k). Thus, in a homogeneous scenario, all devices
can be occupied and compute layers in parallel. The crucial
questions in this context are: (i) What is the potential of
model-distributed inference as compared to data-distributed
inference, which can also do parallel processing?; and (ii)
How to exploit the potential of model distribution in a
heterogeneous setup? The next two sections address these
questions.

IV. POTENTIAL OF MODEL DISTRIBUTED INFERENCE
Model-distributed inference is promising to reduce the com-
munication cost and memory usage. Its potential regarding
memory usage is obvious as it does not require storing and
processing the whole model in workers, Fig. 2, while it is
required in data-distributed inference, Fig. 1. However, its
potential in terms of reducing the communication cost, hence
improving the inference time, is not obvious. Therefore, in
this section, we provide inference time analysis for both
model- and data-distributed inferences in a homogeneous
setup, where the computing power of workers as well as the
transmission delay among workers are the same.’

Let d” and d denote the processing time of each data
sample at any given worker for DDI and MDI schemes,
respectively. The two parameters can be related as M = %,
which follows thanks to distributing the DNN model across
workers in the MDI scheme. In other words, each worker
in MDI processes (1/N)th of the layers, while in DDI it
processes all the layers. Let 7 denote the transmission time
of data from the source node to a worker in DDI. Also, let
™ denote the transmission time of an activation vector from
one worker to another worker in the MDI scheme. Depending
on the data size, actual network environment, and the DNN
model, either one of T or v may be larger than the other.
The following theorem characterizes the inference times for
the MDI and the DDI schemes in terms of the processing
times and the delay parameters of the workers.

Theorem 1: Let DM and DP denote that total inference
time for processing K data samples in dataset X for the
MDI and the DDI schemes, respectively. We have DP =
K max{%, 7} +o(K) and DM = Kmax{%, ™)} +0(K), as
K — oo.

2. We denote model-distributed inference with MDI and data distributed
inference with DDI in the rest of the paper for brevity.
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Proof: We first calculate the inference time for the DDI
scheme. Suppose that K is a multiple of N. According to
the DDI scheme, we divide the K samples to blocks of
N samples each. It takes Nt” seconds to transmit one
of the blocks of length N for the data-distributed infer-
ence to N workers. These data samples can be processed

in d” seconds in parallel. The total inference time for X

N
blocks is thus at least %max{dD,NrD} = Kmax{%, 7P}
seconds. For an upper bound, note that a total of 7% sec-
onds may be required for initial transmission of packets,
after which reception of new packets and processing of
previous packets may be performed concurrently. This results
in the upper bound DP < (K + l)max{ﬂ, rD}, and thus
concludes the proof of theorem for the case of the DDI
scheme. An MDI scheme can be thought as N single-
client DDI schemes running in parallel. We thus obtain
DM — Kmax{d, ™) = Kmax{%, t™)}. This concludes
the proof of the theorem. |

Theorem 1 shows that for large N values, the total infer-
ence times of MDI and DDI reduces to D¥ = K™ and
DP = KtP. This means that if ™ < 2, MDI is always
better than DDI. Noting that 7” and ™ correspond to trans-
mission time of data and activation vectors, respectively, we
can conclude that MDI performs better when the input data
size is large. We note that our analysis in this section assumes
the homogeneity of the resources, but it can still give us some
guidance in a heterogeneous setup in the next section when
layers are distributed across workers considering the resource
limitations of workers as well as transmission delay.

V. AR-MDI: ADAPTIVE AND RESILIENT MDI

In this section, we formulate an optimization problem to
determine the optimal allocation of DNN layers across work-
ers for the model-distributed inference in a heterogeneous
setup. Our goal is to get better performance from MDI by
optimizing the allocation of layers across workers by tak-
ing into account their processing and transmission delays.
Then, based on the structure of the optimization problem, we
design AR-MDI, which has two modules; practical model
allocation and recovery.

Optimization Formulation: Let us assume that the num-
ber of parameters at worker 7, for processing layers in
Ay, (k) is pp(k) = ZWE An) W;. The per parameter com-
puting delay at worker n, while processing data Ay is y, (k).
The per parameter transmission delay from worker 5, to
its next neighbor while transmitting the output of [,(k) is
6, (k). Thus, the processing delay at worker 7, for data
Ay becomes d, (k) = y,(k)p,(k) and the transmission delay
becomes t,(k) = 0,(k)W, ). We note that the superscript
M is omitted from d,, (k) and 7, (k) to simplify the notation.

The goal of our optimization formulation is to deter-
mine the layers that should be assigned to each worker,
i.e., to determine the model allocation policy A(k) =
{A1(k), ..., An(k)} that minimizes the inference time for
each data Ay. The set of all possible model allocation poli-
cies is determined by S(k), where A (k) € S(k). Thus, our
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problem is formulated as

min max{max{d, k), t,(k)}} (D
A(K)ES Vn
The inner max term in (1), i.e., max{d,(k), t,(k)} comes
from the fact that each device is able to do computations
of previously received data while receiving new data. The
outer max term holds, because model is distributed and work-
ers process layers in parallel. The worker with the largest
delay determines the inference time per image.® Thus, our
optimization problem in (1) determines the optimal layer
allocation that minimizes the inference time for each data.
The solution of (1) needs to check all possible combina-
tions of layer allocations, which introduces a computation
cost. Also, such a solution requires a centralized coordina-
tor to solve the problem, make allocations, and inform each
device to determine which layers to process. Such a central-
ized approach is not ideal in edge computing systems, where
the centralized controller may fail or become a bottleneck of
the system (both in terms of computation and communica-
tion). Thus, we resort to a more practical solution building
on the solution of (1). As seen from (1), the optimization
problem equalizes the delay across workers by minimiz-
ing the maximum delay. We follow the same approach by
splitting computing and transmission delays. Although such
a split looses optimality, our implementation results in the
next section shows the efficiency of our algorithm.
Practical Model Allocation: We first assume that the
computing delay d,(k) is the dominant term while t,(k)
is small in (1). Under this assumption, the optimization
problem in (1) reduces to miny (x)es Maxv,{d,(k)}. The next
theorem provides a compact solution to this problem assum-
ing that the number of coefficients at worker devices, i.e.,
p1(k), ..., pn(k) could be arbitrary real numbers satisfying
the constraint ZQ’: 1 Pn(k) = W.
Theorem 2: For d,(k) = y,(k)p,(k) and pk) =
{p1k), ..., pn(k)}, the solution to the optimization
problem min (k) RN MaXy dy(k) subject to the constraint

22121 pn(k) = W is given by
1/ yn(k)
Yot 1/ vak)

Proof: In the following, we drop the dependence on k for
brevity. We observe that the optimal solution can satisfy

pik) =W 2)

PnYn = P Ym 3)

for every m,n € {l,...,N} with m # n. Otherwise, if
the equality does not hold for certain indices i and j, one
can appropriately tune p} and pj* so that max{p}y;, ,oj*yj} is
decreased, p’ + ,o;.* remains the same (so that the constraint
is not violated), and p}y; = p]’yj. Repeated application of
the tuning process, if necessary, thus provides an optimal

3. We note that AR-MDI has a recovery mechanism from very delayed
(straggling) and unresponsive workers as described later in this section.
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solution that satisfies (3). According to (3), we can then
obtain

Oy = PIV1/VYm» m € {2,...,N}. )

Substituting (4) to the constraint 221:1 p, = 1, we can
solve for p}. Substituting the expression for py to (4), we
can obtain the remaining weight allocations p7, ..., py. This
concludes the proof of the theorem. |

Now, we assume that the communication delay t,(k) is
the dominant term in (1), which reduces the optimization
problem in (1) to miny)es maxv,{z,(k)}, where 7,(k) =
0, (k)W k). As the size of W, ) does not differ across
layers dramatically except for a few fully connected lay-
ers, we consider it as constant. Thus the solution to
min y)es Maxy, {7, (k)} becomes p;; (k) = W/N.

We design the model allocation module of AR-MDI by
constantly measuring computing and communication delays.
When measured computing delay is larger than the com-
munication delay, p,(k) is determined according to (2).
Otherwise, p, (k) is set to W/N. The model allocation module
of AR-MDI is summarized in Algorithm 1.

Algorithm 1 has two key features: (i) Although p, (k)
could be any real number in our solutions, this should be
converted to a value of feasible model allocation noting that
A (k) € S(k) should be satisfied; and (ii) The implementation
should be performed in a decentralized manner. This means
that each worker 17, should be able to decide which layers
that it should compute.*

Each worker 7, receives an activation vector a;, () (k)
from the previous worker as shown in line 5 of the algo-
rithm. In addition to the activation vector, it receives the
index of the layer that should be processed next, i.e.,
in—1(k) as well as partial and complete rates &,—1(k) and
A(k — 1) from the previous node. The partial rate &,—1(k)
corresponds to the rate in the denominator of (2), i.e.,
Sn—1(k) = Z;’;ll 1/y.(k).> On the other hand, A(k—1) corre-
sponds to the whole term, i.e., A(k—1) = Z?’:l 1/y.(k—1).
Each worker calculates their partial rate by summing up
the previous worker’s partial rate and its own rate, i.e.,
pn(k)/d, (k) as shown in line 34. The partial rate at the
last node ny corresponds to the total rate, so Sy(k — 1) is
set to A(k — 1) in line 9.

The number of parameters that worker 1, can process for
data Ay is determined in line 11 by mimicking (2). Indeed,
each worker records the number of parameters it had for the
previous data p,(k — 1), delay d,,(k — 1) as well as the total
rate A(k — 1). Using these parameters, it can calculate the
number of parameters for data Ag, i.e., p,(k). The notation
of [.] shows that the result is rounded to the nearest integer.

4. We assume that each worker 1, has the whole model and depend-
ing on the model allocation, some layers, i.e., Ajp(k) set, are activated
for computation. This can be relaxed in memory-constrained devices by
exchanging layers among workers when needed.

5. We call these parameters “rates” as their unit is the number of
parameters over processing delay, so the rate term better fits in this context.
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Algorithm 1 AR-MDI Model Allocation Logic at Worker
n, for data Ay
1: Initialize: Randomly allocate A, (1), Vn. §p(k) = O.
A0) =0. i, (1) =0.
if n == 1 then
n—1<«N
: end if
: Receive: a;, k), 8p—1(k), in—1(k), Ak — 1) from
Nn—1)
6: if k != 1 then
7. Apk) =0
8
9

if n==1 then
Set Atk —1) = sy(k— 1)
10: end if o
11: Calculate py(k) = LWW]—‘
120 if 1k — 1) > dy(k — 1) then

13: Calculate p, (k) = |[W/N]

14:  end if

15:  if n != N then

16: if n == 1 then

17: Ai(k) =AU

18: p1(k) = p1(k) — Wy, in(k) =2

19: end if

20: while ,On(k) > Win(k) do

21: An(k) = Ny () U i, )

22 Pn(k) = pp(k) = Wiy, in(k) = in(k) + 1
23: end while

24: if [0, (k) — Wi | < Wi, /2 then

2s: An(k) = AR U byt in(K) = i (K) + 1
26: end if

27:  else

28: Ank) = AnR) UL, ), .-, 1L}

29:  end if

30: end if

31: Calculate all output vectors a;(k), VI € A, (k)

32: Measure delay d,(k) for processing all the layers in
A (k)

33: Calculate p,(k) = ZleAn(k) w;

34: Calculate the partial rate §,(k) = 8,—1(k) + pn(k)/d, (k)

35: Send a, iy (k). 8n(K), in(k), AGk—1) 10 Nut1) mod v and
measure the communication time t, (k)

Lines 12-14 update the value of p,(k) if the communication
delay is larger than the computing delay.

The value of p,(k) can be any integer according to the
calculation in line 11. Therefore, our algorithm converts this
value to a model allocation so that A(k) € S is satisfied.
Lines 16-19 make sure that the source node n; should always
process the first layer. The other layers are allocated in
lines 20-23. Since worker 7, knows the index of the layer
that should be processed next, it starts from that layer and
allocates all the layers as long as py(k) is larger than the
sum of all the parameters in these layers. Lines 24-26 han-
dle the last layer allocation. If the number of parameters left
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after allocating all the previous layers is close to half of the
parameters in the next layer, the next layer is also assigned
to worker 7,. Finally, the last worker ny processes all the
layers that are not assigned to previous layers in line 28.

After the model allocation is completed in worker 7, it
calculates all of the activation vectors of the layers that
it processes in line 31. It measures the delay d,(k) for
processing all the layers in A,(k) in line 32. The num-
ber of parameters that node 7, processes is calculated as
on(k) = Zle ) W; in line 33. Note that this calculation
corresponds to the actual number of parameters while the
terms in line 11 or 13 only give an approximate value of the
number of parameters. The partial rate is calculated in line 34
using the actual number of parameters and measured delay.
Finally, worker n,, transmits a;, ) (k), 8,(k), in(k), A(k —1)
to the next worker and measures the communication time
7y (k).

Computational Complexity: Let us now analyze the com-
putational complexity and convergence of our AR-MDI
algorithm as provided by Algorithm 1. The main result is
summarized via the following proposition.

Proposition 1: The per-input per-worker time complexity
of Algorithm 1 is at most a constant multiple of L, where
L is the number of layers of the neural network that is
distributed. Moreover, Algorithm 1 converges after a finite
number of steps that is within a constant factor of L at every
worker.

Proof: Given a fixed data to the distributed neural network
(a fixed k), inspection of Algorithm 1 reveals that the only
time complexity stems from the while loop in Lines 20-23.
By the definition of p,(k) in Line 11, the number of loops
is at most L. The finite convergence time also follows
immediately. |

Note that the complexity bounds as provided by
Proposition 1 are worst case complexities and are very low
as compared to the solution of the original optimization
problem in (1). The latter needs to look at all possible model
allocation combinations. By elementary combinatorics, the
complexity in this case is 0((1]\‘,)) which grows much faster
than O(NL) overall worst-case complexity of Algorithm 1.
In particular, in the practical regime of interest of deep
networks, where the number of layers L is large and the
number of workers N is comparably lower/constant, the com-
plexities of exhaustive search and Algorithm 1 are O(LN~")
and O(L), respectively.

Recovery: Our AR-MDI design relies on Algorithm 1 to
equalize computing delay across workers. Yet, the transmis-
sion delay, especially in the case of unresponsive workers,
is a very important factor that affects the interference time.
Therefore, in this section, we design a recovery algorithm
against delayed and failing workers with the goal of keeping
the composite delay low across workers.

Our design idea is inspired by the peer management mech-
anism of Chord-like P2P systems [28]. All workers are
labeled with identifiers, e.g., worker n,’s identifier is n.
All workers know the identifiers and IP addresses of their
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neighboring nodes as well as one-hop away neighbors. For
example, worker 7, keeps track of the identifiers and IP
addresses of its previous two workers, i.e., Nmin{n—2,0}+N
and Nmin{n—1,00+n, 7 > 1 as well as its next worker, i.e.,
N(n+1) mod N-

Each worker 7, also keeps track of the delay of its
previous neighbor. Let us assume that the time that 7,
receives the output vector from the previous node or data
Ar—1 and Ay at time t,(k — 1) and #,(k), respectively. We
define an inter-arrival delay between two activation vectors
as (k) = apnk — 1) + (I — ) (ty(k) — tp(k — 1)), where
0 < a < 1 is a scaling factor.

After receiving an activation vector corresponding to data
Ay, worker n, waits for Su, (k) time duration, where § is a
constant that can be determined by looking at the variance
of inter-arrival delay. If worker n, does not receive a new
activation vector while waiting for Bu,(k) time duration,
then it concludes that worker Nminn—1,0j+~ is delayed too
long or not responsive, so it contacts Worker Nmin{n—2,0}+nN-
Workers Nmin(n—2,0)+~ and 7, are connected to each other,
and Nminfn—2,0)+N sends its last activation vector to 7,
which processes all the layers in Amingu—1,0)48 (K)UA, (k). A
new model allocation is performed for data Az according
Algorithm 1.

If worker Nmin{n—1,0)4~ would like to participate in the
system, it should send small messages and convince 7, that
it is responsive again. In particular, 7, calculates inter-arrival
time for the messages that Nmin{n—1,0)+~ is sending. If this
inter-arrival time is comparable with the inter-arrival time of
its current previous hop 7min{n—2,0}+~, then 7, disconnects
from Nminfn—2,0+~ and connects t0 Nminf{n—1,0+N-

VI. EXPERIMENTAL RESULTS

In this section, we evaluate the performance of our algorithm;
AR-MDI in a real and heterogeneous testbed of NVIDIA
Jetson TX2s. First, we describe the datasets, DNN mod-
els, and the testbed. We then provide the corresponding
evaluation results.

A. DATASETS, DNN MODELS AND TESTBED
DESCRIPTION

We utilize the standard ImageNet [7] and CIFAR-10 [6]
datasets for image classification. ImageNet contains more
than 1 million training images, 50, 000 validation images,
100, 000 test images and 1, 000 object classes. The average
image resolution on ImageNet is 469 x 387 pixels. A pre-
processing step typically clips or downsamples the images
to 256 x 256. CIFAR-10 contains 32 x 32 color images in 10
different classes. There are a total of 60, 000 images, 10, 000
of which are test images. We use the MobileNetV2 [9] or
VGG16 [8] as the inference models, where MobileNetV2 is
53 layers deep, and VGG16 is 16 layers deep.

Our testbed consists of NVIDIA Jetson TX2 cards, which
we shall hereby simply refer to as “Jetson”s. Each Jetson
incorporates an NVIDIA Pascal Architecture GPU and dual
Denver 64-bit CPUs. The Jetsons are connected to each
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other through Wi-Fi, where an access point in the link layer
provides a connected topology. We note that we implement
this topology as a proof-of-concept noting that our AR-MDI
algorithm operates over a circular topology in the overlay
and it works with any lower-layer topology.

We compare our algorithm AR-MDI with baselines;
(1) EdgePipe [5], where model distribution is used for
inference and the inference time is minimized as a solu-
tion of a dynamic programming problem, (ii) DDI, where
data is distributed across workers, not the model itself,
(iii) Local, where the source node has the complete DNN
model and prefers to process all the data by itself, and (iv)
Optimal, which is a solution to the optimization problem
in (1). However, since the solution of (1) is computation-
ally intensive, it incurs very high processing time in real
implementation. Thus, we solved the optimal solution in (1)
considering all possible computing and communication delay
ranges for this setup, and recorded the solutions. Then, we
used the recorded solutions without changing any parame-
ters in the setup, which returned the baseline “Optimal”. We
note that this approach is not practical as it is not feasible
to solve the optimal solution for all possible delays in every
setup. The only purpose of considering the baseline Optimal
in this experiment is to evaluate the performance of AR-
MDI as compared to the optimal solution. We present the
experimental results of our AR-MDI algorithm as compared
to the baselines.

B. RESULTS

Small Data: As we discussed in Section IV, we can exploit
the full potential of MDI in a scenario that data size is
large. To confirm this analysis empirically, we first evaluate
AR-MDI with CIFAR-10 dataset, where the size of data is
small; 32 x 32 color images. We consider a homogeneous
scenario, where all workers are Jetson’s and they are not
doing any other computationally intensive operations other
than processing the layers that are allocated to them.

Fig. 3 shows the inference time, which we also call pro-
cessing time, results on the CIFAR-10 dataset using the
VGG16 model versus the number of images for five Jetsons.
Due to the inherent computational complexity of the layer
allocation algorithm, Edgepipe performs the worst in this
scenario. Indeed, EdgePipe checks all possible model allo-
cations, so its complexity is exponential. Since, EdgePipe
performs model allocation at the start, it has high process-
ing time even though the number of images is small. In
fact, Local performs better than EdgePipe for small number
of images. EdgePipe performs better than Local for larger
number of images thanks to using parallel processing across
workers. We can observe that DDI performs slightly bet-
ter than AR-MDI in this scenario. We actually expected
this result as AR-MDI performs better for large images, but
CIFAR-10 images are small. As seen, AR-MDI is very close
to the optimal solution, which shows the effectiveness of our
design.
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FIGURE 3. Processing time versus the number of images for CIFAR-10 using
VGG16. Homogeneous setup.

The next scenario we consider is CIFAR-10 dataset using
the MobileNetV2 model. Our goal is to understand the
impact of the model size on the performance of our algorithm
noting that MobileNetV2 is a larger model than VGGI16.
Fig. 4(a) shows this scenario for five Jetsons. As seen, DDI
is still slightly better than AR-MDI, which confirms our ana-
lyis in Section IV that the most important factor is the size
of the data, not the model. Indeed, Fig. 4(b) shows the com-
munication cost versus the number of images in this setup.
As seen, the communication cost of DDI is lower than AR-
MDI, so it performs better. Fig. 4(a) shows that EdgePipe
performs worse than in Fig. 3 as the computational com-
plexity of EdgePipe depends on the size of the DNN model.
Similar to Fig. 3, AR-MDI is close to the optimal solution
in Fig. 4(a).

Large Data: Now, we evaluate AR-MDI with ImageNet
dataset, where the size of data is large; 256 x 256 color
images. We consider a homogeneous scenario as in the
“Small Data” setup.

Fig. 5 shows the inference results on the ImageNet dataset
using the VGG16 model for five Jetsons. We observe that
the processing times for Edgepipe, MDI, and DDI have a
similar growth rate, which is indicated by the slope of the
corresponding lines. However, Edgepipe has a larger starting
point for the first image due to the time it takes to run the
computationally-complex model allocation algorithm for the
first time. Although EdgePipe takes as much computation
time as in Fig. 3, it looks negligible in Fig. 5, because the
overall processing time is higher in this scenario. AR-MDI
reduces the processing time as compared to DDI and close
to Optimal. This is expected as the size of the data is larger
in this scenario. On the other hand, the improvement of AR-
MDI as compared to EdgePipe is small. This is also expected
as EdgePipe makes its layer allocation for the first image and
uses the same allocation for all images. This works perfectly
fine as this is a homogeneous scenario. Local performs the
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FIGURE 4. Processing time and the communication cost versus the number of
images on CIFAR-10 using MobileNetV2. Homogeneous setup.

worst as processing a dataset with large input images is
costly on a single device.

Fig. 6(a) shows the inference results on the ImageNet
dataset using MobileNetV2 for five Jetsons. As seen,
EdgePipe performs worse in this scenario as compared to
Fig. 5 as MobileNetV2 is a deeper model than VGG16 and
the computational complexity of EdgePipe increases with
increasing DNN size. Thus, AR-MDI reduces the process-
ing time as compared to EdgePipe thanks to its light weight
model allocation, and its very close the Optimal. AR-MDI is
still better than DDI as the image size in ImageNet is large.
Fig. 6(b) shows the communication cost versus the num-
ber of images. As seen, the communication cost of DDI is
very high as compared to AR-MDI, so AR-MDI reduces the
processing time significantly. In fact, AR-MDI reduces the
processing time by 80.2% and 44.5% as compared to DDI
and EdgePipe, respectively in Fig. 6(a). The processing time
performance of the Local is the worst, which is expected,
so we do not include Local in the rest of the experiments.

Heterogeneous Setup: So far we considered a
homogeneous setup where Jetsons only process the
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g g

layers that are allocated to themselves. Now, we consider
a more realistic scenario, where Jetsons have other tasks
to compute. In particular, two out of five Jetsons trains
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FIGURE 7. Processing time versus the number of images on ImageNet using
VGG16. Heterogeneous setup.

a VGG16 model with ImageNet dataset in an ON/OFF
manner. In particular, while doing inference computations
for the 3000 images, VGG16 training continues, but it stops
for the next 3000 images. This ON/OFF computation load
continues until the end of the experiment.

In Fig. 7 shows the inference results on the ImageNet
dataset using VGG16 for five Jetsons. As seen, AR-MDI
improves the processing time as compared to both EdgePipe
and DDI and close to Optimal thanks to its adaptive nature
to varying computing resources. EdgePipe performs worse
as its model allocation is not adaptive to time varying
resources. The improvement of AR-MDI as compared to
EdgePipe and DDI are 25.7% and 100.6%, respectively. To
make the comparison fair, we also implemented EdgePipe -
Adaptive, which re-allocates the model every time available
resources change. This performs the worst as the model allo-
cation algorithm of EdgePipe is computationally expensive,
so introduces too much delay.

Fig. 8 shows the inference results on the ImageNet dataset
using MobileNetV2 for five Jetsons. As seen, AR-MDI is
very close to the optimal solution; Optimal is better than AR-
MDI only by 11.7%, which shows the effectiveness of our
design. Furthermore, the improvement of AR-MDI is higher
as compared to EdgePipe in this setup as MobileNetV2 is a
larger DNN model. In particular, the improvement of AR-
MDI as compared to EdgePipe and DDI are 68% and 88%,
respectively. The performance of EdgePipe-Adaptive is the
worst as it computes its computationally intensive model
allocation algorithm every time resources change. As seen,
AR-MDI adapts to the time-varying resources very well with-
out introducing additional computational complexity thanks
to its lightweight model allocation mechanism.

Impact of Number of Workers: Now, we consider the
performance of our AR-MDI algorithm as well as baselines
for a varying number of workers. Fig. 9 shows processing
time of 40,000 images versus the number of devices for
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the ImageNet dataset and using the MobileNetV2 model.
The resources are homogeneous in this scenario. We can
observe that AR-MDI has the best performance and very
close to Optimal, thanks to its lightweight and on the fly
model allocation mechanism. Edgepipe performs better then
DDI since DDI incurs a lot of communication cost due to
the large dimensions of the ImageNet images.

Recovery: Our AR-MDI algorithm is resilient against
delayed and failing workers thanks to its recovery mod-
ule. To demonstrate the efficiency of the recovery module
of AR-MDI, we implement a worker failure model. There
are five Jetson’s in the system in a circular overlay topology.
One of the Jetson’s stops working in an ON/OFF manner.
The ON and OFF durations are random values selected from
an exponential distribution with mean 30 sec.

Fig. 10 presents the processing time versus number of
images for dataset ImageNet and model MobileNetV2.
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MobileNetV2. Homogeneous setup in term of computing powers. One of the devices
stops working randomly in an ON/OFF manner. AR-MDI uses its recovery module.

EdgePipe does not work in this scenario as it needs to stop
when a worker stops working, because it is not adaptive
to delayed and failing workers. Thus, we used EdgePipe-
Adaptive, which reallocates the model whenever a worker
starts/stops working. Since the model allocation algorithm of
EdgePipe is computationally intensive, we see that EdgePipe-
Adaptive performs poorly. DDI on the other hand works
opportunistically in a way that it uses all the workers
available when processing images. As seen, AR-MDI sig-
nificantly improves the processing time as compared to both
EdgePipe-Adaptive and DDI thanks to re-allocating model
when a worker starts/stops working. In particular, we see 2 x
and 3x improvement of AR-MDI as compared to DDI and
EdgePipe, which is significant. This shows the importance
of light-weight model allocation and recovery mechanisms
of AR-MDI. Optimal is better than AR-MDI only by 12.4%,
which shows the effectiveness of our design.

VIl. CONCLUSION

In this paper, we focused on distributed inference in
edge computing systems by exploring model distribution
across workers. First, we analyzed the potential of model
distributed-inference in edge computing systems. Then, we
developed an Adaptive and Resilient Model-Distributed
Inference (AR-MDI) algorithm based on our optimal model
allocation formulation. Our AR-MDI algorithm performs
model allocation on the fly and in a decentralized way and it
is resilient against delayed workers and failures. We imple-
mented AR-MDI in a real testbed consisting of NVIDIA
Jetson TX2s. Our experiment results show that AR-MDI
improves the inference time significantly as compared to
baselines; EdgePipe and DDI when (i) the size of data is
large and (ii) workers are delayed and failures occur. Our
experiment results also show that AR-MDI performs very
close to the optimal solution.
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