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Abstract—In this paper, we introduce a novel problem of
ensembling deep neural network (DNN) models distributed across
the network, which can be a key element for distributed inference
on resource-constrained end devices. We first develop a mixed
integer linear program (MILP) that selects a combination of
models to maximize accuracy on a negative sample set. Building
on this formulation, we develop an MILP-based approach to
determine an optimal path for ensembling distributed DNN
models while satisfying a given latency constraint. The problem
contains elements of the classical Traveling Purchaser Problem
(TPP) and submodular function maximization, both of which are
NP-hard. As the problem contains doubly NP-hard subproblems,
we develop heuristic algorithms (some with approximation guar-
antee) for each subproblem in order to construct high-accuracy
ensembles while adhering to latency constraints. Through exten-
sive simulations, we demonstrate that our approach effectively
finds an ensemble of models with high accuracy and low latency
in distributed settings.

Index Terms—Distributed Model Ensemble, Accuracy and
Latency, Mixed Integer Linear Programming

I. INTRODUCTION

Artificial intelligence (AI) services leveraging distributed
computing resources are a crucial component of the 6G
system, where various Al-driven applications are expected to
be deployed [1]. This is particularly important for end devices
with limited resources, leading to the emergence of techniques
such as edge computing, cloud computing, and hybrid ap-
proaches that combine both to overcome these limitations [2].

The central problem in this context is to offload the
computation of deep neural networks (DNNs) to distributed
computing resources, so that the end device can have access to
Al services that potentially require heavy computation. There
are several approaches to offloading the computation of DNN
models. For instance, one can offload the entire computation
of a given DNN model (needed for inference tasks) to an
edge or cloud server [3]. Alternatively, some works exploit
the layered structure of DNN models, and develop algorithms
for partitioning and offloading individual or grouped layers
[4], [5]. These approaches assume that the model to be
executed is given a priori, and hence, the primary focus is
on minimizing the inference latency by efficiently utilizing
distributed computing resources.
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On the other hand, some works consider the problem of
selecting one of the models that are placed in end device
and edge server [6]. Since the expected accuracy can differ
depending on the selected model, the solution must take into
account both accuracy and latency. In particular, accuracy
tends to improve as model size (and consequently, compu-
tational demand) increases [7], and hence, there is a tradoff
between accuracy and latency. The solution in this context
must strike a balance between accuracy and latency based on
the available computing resources.

In this paper, we introduce a novel problem of ensem-
bling DNN models distributed across the network. Unlike the
existing works where a “single” model is predetermined or
should be selected, our problem seeks to find a combination of
distributed models in order to maximize accuracy, while satis-
fying a latency constraint. The solution to the problem enables
to yield accuracy commensurate with available resources. To
the best of our knowledge, this problem has not been studied in
the literature, although model ensemble without consideration
of distributed setting has been studied.

There are several challenges to solve the distributed model
ensemble problem. First, the accuracy of ensembled models is
highly uncertain. In the field of Al, there are several metrics
that quantify the diversity of combined models based on their
correct or incorrect classifications [8], [9]. Model diversity
is crucial, as a sample misclassified by one model may be
correctly classified by the ensemble due to the compensatory
effect of other models making accurate predictions. However,
whether maximizing diversity metrics directly translates to
improved accuracy remains unclear. Second, the problem
contains elements of the classical submodular function maxi-
mization and TPP, both of which are NP-hard.

In order to address the challenges, we first develop a
novel mixed integer linear program (MILP) that selects a
combination of models to maximize accuracy on a negative
sample set. We show that the negative sample set accuracy
is highly correlated with test accuracy, which justifies the
use of the MILP formulation for model ensemble. Based
on the MILP and layered graph representation of distributed
model placement, we formulate the problem of jointly finding
a combination of models and a computation path in order
to maximize the accuracy subject to an end-to-end latency



constraint. We develop several heuristic algorithms for the
problem, which can efficiently find an ensemble path with
enhanced accuracy and latency.

Our contributions can be summarized as follows:

o We develop a mixed integer linear program (MILP) that
selects a combination of models to maximize accuracy
on a negative sample set.

o« We propose an MILP-based approach to determine an
optimal path for ensembling distributed DNN models
while satisfying a given latency constraint.

o We develop heuristic algorithms (some with approx. guar-
antee) for each subproblem in order to construct high-
accuracy ensembles while adhering to latency constraints.

e We show through simulations that our algorithms can
effectively find an ensemble with its computation path
for enhanced accuracy and latency.

The rest of the paper is organized as follows. In Section II,
we discuss related work. In Section III, we present the system
model and describe the problem. In Section VI, we present
heuristic algorithms for our NP-hard subproblems. In Section
VII, we present numerical and simulation results demonstrat-
ing the performance of our formulations and algorithms. We
conclude the paper in Section VIII.

II. RELATED WORK

Several studies have investigated the problem of offloading
entire DNN computations to edge or cloud servers [3]. These
approaches do not differ significantly from general edge or
cloud computing solutions, where computational tasks are
either offloaded or executed locally. In this context, DNN
computation is simply treated as a single computational task.

Since DNN models typically consist of multiple layers,
many offloading solutions tailored for DNN computation in-
volve partitioning these layers. Specifically, the layers are
divided into two or more groups, with each group offloaded as
a unit. There are a number of solutions for joint partitioning
and offloading of DNN layers, including [10]-[14] based on
mathematical optimization, [15]-[19] based on reinforcement
learning, and [20]-[22] based on Lyapunov optimization.
These works develop partitioning and offloading algorithms
for a single DNN model predetermined to be executed, and
hence, the primary focus is on latency performance.

The studies most relevant to our work are those that consider
both accuracy and latency. In this line of research, the central
problem typically involves selecting a model from a set of
available options to maximize accuracy while accounting for
latency constraints. The work of [6] assumes a scenario where
a small, low-accuracy model is cached on an end device, while
a larger, high-accuracy model is stored on an edge server. The
goal of the problem is to select either the small or large model
while jointly optimizing sampling rate control and resource
allocation. The work of [23] studies the problem of selecting
both resolution and model for video frame processing in an
edge computing environment to maximize accuracy while
satisfying a latency constraint. In [24], the problem of not
only model selection but also model placement (or caching) is

addressed in an end-edge-cloud computing environment, and
a deep reinforcement learning-based solution is proposed.
Our work in this paper differs from the existing studies in
that we aim to combine multiple models distributed across the
network, rather than selecting a single model. Furthermore, we
consider a general computing network with arbitrary topology
where models can be placed anywhere in the network. This
introduces substantial challenges that are not present in the
existing works, including the prediction on the accuracy of
ensembled models and the routing of computation flows.

III. SYSTEM MODEL AND PROBLEM DESCRIPTION

In this section, we describe the system model, and the joint
ensemble and routing problem that takes into account both
accuracy and latency. Let Gp = (Vp,Ep) denote the physical
network where Vp is the set of nodes and £p is the set of
communication links connecting the nodes. Each node can
potentially compute DNN models for inference tasks. Let fi,,
be the computation capacity of node u, and the unit of u,, can
for example be GFLOPS. Likewise let 1, be the transmission
capacity of link (u,v) of which the unit can be Mbps or Gbps.

Let M be the set of all available DNN models, each of
which is placed in some node(s) across the network. Let
M, € M be the set of models placed in node u. Let V,,, be
the set of nodes where model m is placed. In this work, we
do not consider the partitioning of a model, i.e., each model
m must be computed entirely at a single node in V,,. The
computation required by model m € M is denoted by c,,, and
thus, the computation time of model m at node w is written as
tm Tet d* and d° be the sizes of input data (such as image)
and output data (such as softmax values), respectively.

The inference job j is defined as tuple (sj,t;), so that
the data is generated at source s; € Vp and the inference
result on the data is destined to t; € Vp. We assume
that any combination of DNN models can be used for each
inference job j. Once a combination of models is determined,
those selected models are computed sequentially. For instance,
consider the scenario in Fig. 1 where the source is node s and
the destination is node ¢. Suppose that models m; and mo
are selected for ensemble. Then, m; is computed and then
myq is computed. The blue path illustrates an example of this
sequence of computations. On the other hand, the reverse order
of computations is also possible, which is illustrated by the red
path in the figure.

mp; > my

my, — My

Fig. 1. Illustration of model ensemble and routing problem



In this work, we study the problem of ensembling models
and routing the computation of ensembled models in order
to maximize accuracy while satisfying a latency constraint.
Hence, our problem aims to determine not only the set of
models to combine but also the path along which combined
models are computed. It is clearly desirable to ensemble
models that can lead to best (test) accuracy. While it is
generally expected to yield better accuracy with more models,
it is hard to predict the accuracy of ensembled models and the
accuracy can even be deteriorated with ensemble. Furthermore,
even for a given combination of models, the routing problem
is NP-hard as it contains the classical TPP. To address these
challenges, we develop several techniques including a novel
formulation for ensemble and layered graph representation of
joint model ensemble and computation path selection.

IV. FORMULATION FOR MODEL ENSEMBLE

In this section, we develop a novel formulation for model
ensemble. This formulation is not only useful for model
ensemble but also serves as the foundation for addressing the
joint ensemble and routing problem.

We consider the classification problem of C' classes, and the
set of classes is denoted as C = {1, ..., C'}. Let D be the set of
data samples. Each model produces the C'-dimensional output
vector of probability for an input sample in D. Specifically,
let P77 be the probability of class ¢ € C produced by model
m for input sample ¢ € D. The ground truth of sample ¢ is
denoted as ¢; € C, and hence, if Pi’gi < max, P7, then model
m misclassifies sample ¢. Let D™ be the set of data samples
that model m misclassifies. This is referred to as the negative
sample set [9].

Define the variable z,,, to be 1 if model m € M is selected
for ensemble, and O otherwise. We adopt the standard soft
voting as an aggregation method for ensemble [25], i.e., we
aggregate the output probabilities of selected DNN models as

1
Pie() = 4 > amPVeeC,VieD. (1)

meM

This is not exactly the probability, but can be used for
classification, i.e., for given ensemble x, data sample 7 is
classified as arg max. P;.(x).

Now it remains to develop the criteria for ensembling the
models. The challenge lies in the fact that the key objective
is to maximize accuracy on test data during inference, yet
these data remain unseen at the time of deciding the model
ensemble. In the literature of Al, there are several diversity
metrics that can be used for ensemble, however we found that
those metrics are hard to be mathematically formulated for
selecting models. We therefore develop a novel formulation
for model ensemble, which is based on negative sample set.
The key idea is based on the conjecture that the accuracy of
ensembled models is likely to improve if they achieve high
accuracy on the negative sample set.

Let y;" takes the value 1 if negative sample ¢ of model m
is classified correctly by ensembled models, and 0 otherwise.
We impose the following bound on y;":

yi" < 1+ (Fic,(2) — max Pie(2)),¥i € D™ ,m &€ M. (2)

This ensures that if the ensembled models misclassify negative
sample i (i.e., Py, () < maxccc Pic(z)), then the variable
y;" takes the value 0. With linearization of the max operation,
we formulate the model ensemble problem as follows:

max Z Z Y (3)
Ys mGM 1€Dm
st. Y <14 (P, (z)=2"),YieD" meM @)
2" > Pic(x),Vee Cyi e D™,m e M ®)
> am>1, 6)
meM

where z{"* is the continuous auxiliary variable. The objective
function (3) is the number of negative samples the selected
model combination correctly classified. The constraints (4)
and (5) are an equivalent linearization of constraint (2). The
constraint (6) ensures that one or more DNN models are
selected from M. Therefore, this mixed integer linear program
(MILP) aims to find a combination of models that maximize
the accuracy on negative sample set. In Section VII, we show
that this formulation can effectively find a model ensemble
with high test accuracy.

The above optimization problem is closely related to the
classical submodular function maximization, and in Section
VI, we present a greedy algorithm for maximizing f(x) under
knapsack (or latency) constraint.

V. JOINT ENSEMBLE AND PATH SELECTION

By leveraging the MILP formulation for ensemble, we
develop a formulation for joint ensemble and computation path
selection. We start with the layered graph representation of the
joint model and path selection. As shown in Fig. 2, M + 1
replications of the original network Gp are layered, which are
denoted as G; = (V}, &) forl = 0, ..., M. There are directional
cross-layer edges connecting from G; to G; 1. Let u; € V; be
the copy of original node u € V. There are |M,| + 1 edges
from u; to w41 for each (= 0,...,M — 1). Each of these
cross-layer edges is used to indicate whether the corresponding
model is selected for ensemble and computed at the corre-
sponding node (see Fig. 2). Note that the number of models
available at node u is |M,,|, however, we have one extra edge
to represent the bypass that no computation is carried out at
the corresponding node (dashed gray edge in the figure). The
cross-layer edge is denoted as tuple (u, v, m), which indicates
that for some w € Vp, we have u = w;_1,v =w;,l =1,..M
and m € M,,U{0}. Note that (u, v,0) is the bypass edge. In
order to unify the notation for edges, we sometimes use the
notation (u,v,—1) for intra-layer edge (u,v) with u,v € V
for some .

Suppose that the source and destination nodes are s € Vp
and t € Vp respectively. In the layered graph, the source node




Layered Graph G = (V,E)

Uo, Vo

Original Network Graph Gp = (Vp, Ep) 8
0,

Fig. 2. Layered graph representation of joint model ensemble and routing

is assumed to be sg, and the destination node is ¢5;. Conse-
quently, the path from sq to £, can be used to simultaneously
represent the model ensemble and computation path, but we
need some constraints. Specifically, at most one of the cross-
layer edges corresponding to each model should be selected
because otherwise, the same model can be ensembled multiple
times. This constraint is encoded with decision variable x,,.

To express the latency, the capacity of each link is defined
as follows:

o [y = ,um,,V(u, U) e Vp,le MU {0}
b :u’u171ul = Nuvvu € VP7l € M

In addition, the size d; of data flowing in each layer [ is defined
as follows:

a if =0,
d=d+d° ifl=1,.,M—1,
e, if | = M.

The data size with [ = 0 is the pure input data size before pass-
ing through any model, whereas the size with [ = 1,..., M —1
is the input data size plus the size of softmax vector after
passing through a model. The amount of data that should be
processed at each link in the layered graph is defined as

{dl7
Quvm =
Cm;

where ¢y = 0 for bypassing.

if u,v € V; and m = —1
ifm>0and I :ueV,_1,ue)

Define the routing variable r,,,, that takes the value 1 if
the path traverses edge (u,v,m), and O otherwise. The joint
ensemble and routing problem can be formulated as follows:

m
jax Y >y 9
meM ieD™
s.t. Z Guom Tuom < 0 (8)
(u,v,m)eE Huvm

Ym e M C))

Z Tuom’ = Tm,
(w,u,m")eE:m'=m

[Fuvm, V(u,v,m) € E] forms a path sg ~ tpr (10)
“), (5), (6) (1)

The constraint in (8) requires that the end-to-end latency
should not exceed a threshold . The constraint in (9) ensures
that if model m is selected for ensemble (i.e., z,, = 1),
then exactly one edge corresponding to model m should
be traversed. Otherwise, with x,, = 0, no edge should be
traversed. Therefore, the above formulation seeks to find an
ensemble of models while satisfying a latency constraint.
While this MILP can be solved using standard solvers, it may
take too long to find a solution, and hence, we develop efficient
heuristic algorithms in the next section.

VI. HEURISTIC ALGORITHMS

We first show that the joint problem contains elements of
NP-hard problems. The optimal ensemble problem in (3)-(6)
can indeed be equivalently rewritten as the maximization of
the following function:

f(I) = Z Z ]-{Pici(w):maxC Pic(x)}s

meM ieD™

12)

where 17y is the indicator function. We can show the fol-
lowing two lemmas highlighting the difficulty of the joint
ensemble and routing problem. The proofs of these lemmas
are omitted due to limited space.

Lemma 1: Suppose that there is only a single node which
is the source and destination, and that the function f(x) in
(12) is monotone and satisfies the condition: f(z + y) = 0
if f(x) = f(y) = 0. Then, the optimization problem in (7)-
(11) contains the submodular function maximization problem
under knapsack constraint [26].

Lemma 2: Suppose that the model ensemble is given. Then,
the optimization problem in (7)-(11) contains the traveling
purchaser problem (TPP).

Both the submodular function maximization problem and
TPP are NP-hard, and hence, it is necessary to develop
heuristic algorithms. The above lemmas offer valuable insights
for designing efficient heuristics. We indeed develop heuristic
algorithms inspired by approximation techniques for submod-
ular function maximization under knapsack constraints and the
traveling purchaser problem.

A. Greedy Algorithm

We first describe a greedy algorithm, which also gives an
overall structure of our heuristic algorithms in the following.
To this end, we modify the greedy algorithm proposed in
[26] that solves the submodular function maximization under



knapsack constraints. The knapsack constraint corresponds to
the latency constraint in our problem. While the knapsack
constraint in [26] allows for easy verification of violations in
a selected combination, our latency constraint is significantly
more complex to evaluate, as it involves an NP-hard Traveling
Purchaser Problem (TPP).

Our greedy algorithm is presented in Algorithm VI-A. In
Phase 1, it searches all the combinations of up to size 2,
and selects a combination with largest value of f(S) while
satisfying the latency constraint ¢(.S) < §. Here, we use &(.5)
to denote the estimate of latency for computing the ensemble
S. It is desirable to compute the smallest possible value of ¢,
however it is an NP-hard TPP. We will discuss heuristics to
estimate the latency in the next subsection.

In Phase 2, each subset of M with size 3 is used an initial
combination, and a model is added iteratively by selecting the
one that maximizes the ratio of the increase in negative sample
set accuracy to the increase in cost (or latency). However, such
a model is not always added to the set S. If the addition of
the model reduces the objective function f, then the while
loop is broken (see lines 9-11). Furthermore, if adding a
model violates the latency constraint, then the loop continues
without adding the model (see lines 14-16). After Phase 2, the
combination (among those obtained from Phases 1 and 2) with
larger objective function value is selected (see lines 22-26).

If the conditions in Lemma 1 hold, then Algorithm VI-A
gives an (1 — 1/e) approximation, which is an immediate
consequence of the results in [26].

B. Nearest Neighbor Algorithm for TPP (NN-TPP)

We now specify how the value ¢(.S) can be calculated. The
value ¢(S) is an estimate of the minimum possible end-to-end
latency ¢(.S) for a given combination .S of models. Hence, if
¢(S) can be computed, the value é(S) in Algorithm VI-A
can be replaced with the minimum value ¢(S). The value
¢(S) can indeed be obtained by solving the integer linear
program (ILP) which is derived from the formulation (7)-(11)
by fixing the variables z,, according the combination S. The
objective function in this case is the left hand side of (8), and
consequently, the problem is to find a computation path for
computing the ensemble S with minimum latency. Algorithm
VI-A with this ILP applied for computing ¢(.5) is denoted by
Greedy+ILP.

However, it can take excessively long time to solve such
an ILP especially for large scenarios. We thus develop a
heuristic algorithm based on the greedy algorithm for traveling
salesman problem (TSP). Note that in the classical TPP or
TSP, the source and destination are identical, however it is not
necessarily true in our problem. Accordingly, we modify the
greedy algorithm for TSP. The key idea of our algorithm is to
iteratively add the closest model, defined as the one that incurs
the least transmission and computation delay if selected. The
process begins with the source node as the initial reference
point, and subsequently, the current node is updated to the
location where the most recently selected model is computed.
The details of the algorithm are presented in Algorithm VI-B

Algorithm 1 Greedy Algorithm
1: Phase 1

2: S1 + argmaxgcm{f(9) : é(9) < 4,1 < |S| <2}
3: Phase 2

4: CCL?”d3 = {S S oM | |S‘ = 3}, Sy @;

5: for U € Cards do

6: SO:U,tzl,IOZM;

7: while True do o -
8: iy = arg max;ere—1\gt—1 { 2221—18‘{{3;:&(5}%—1;}
9: if f(ST1U{is}) — F(S*™1) <0 then

10: break;

11: end if

12: if ¢(S'=t U {i;}) < then

13: St =81 Ui} and It = I'71;

14: else

15: St =81 and I = I'"1\ {i,};

16: end if

17: end while

18:  if f(S2) < f(S?) then

19: Sy « St

20: end if

21: end for

22: if f(S1) > f(S2) then

23: return Sy

24: else

25: return So

26: end if

where T}, , and C,, ,, are the smallest transmission delay from
node u to v and the computation delay of model m at node
v. Algorithm VI-A with Algorithm VI-B for computing &(.5)
is denoted by Greedy+NN-TPP.

Algorithm 2 NN-TPP
1 Imit: i =1, vg = 5, M' = M;
2: while M # () do

3: (vi,m;) = arg vevgl,irge/vl Ty, 10+ Cmw

4: M = M\ {m;}

5: t=1+1

6: end while

7. Add shortest path from v;_1 to ¢

8: Output: {vg, Py, vy, (v1,m1), ..., (Var, mar), Pyt t}

VII. NUMERICAL AND SIMULATION RESULTS

We evaluate the performance of our algorithms under vari-
ous environments, and show that our algorithms can effectively
find a model ensemble with high accuracy while satisfying a
given latency constraint.

A. Model Ensemble based on Negative Sample Set

We first show that negative sample set accuracy serves as a
reliable metric, providing a strong indication of test accuracy.
The experiments are conducted using a pool of ten DNN
models presented in Table I, and hence, we have M = 10.



To train and evaluate DNN models, we use CIFAR-100 as a
benchmark dataset [27]. The negative sample set D™ of each
model m is constructed by sampling 100 out of all the samples
misclassified by model m. The ensemble of models is obtained
by solving the MILP (3)-(6).

TABLE I
MODEL POOL FOR ENSEMBLE
Model ID Models Accuracy (%) | GFLOPs
1 Mobilenet 64.66% 0.095
2 Mobinenetv2 66.75% 0.133
3 Squeezenet 67.96% 0.108
4 Shufflenet 69.62% 0.088
5 Shufflenetv2 67.89% 0.089
6 Resnet18 74.08% 1.113
7 Resnet34 74.75% 2.322
8 Densenet121 76.66% 1.791
9 Googlenet 73.88% 1.068
10 Nasnet 76.14% 1.339

As shown in Figure 3, negative sample set accuracy and
actual test accuracy are strongly correlated with the correlation
coefficient of 0.87. We also compare our MILP method with
some diversity metrics including Cohen’s Kappa (CK) [28]
and Kohavi-Wolpert Variance (KW) [29]. We select the model
combination having the highest diversity metric. As shown in
Table 2, our ensemble method based on negative sample set
accuracy outperforms the other methods based on diversity
metrics existing in the literature. This result demonstrates
that negative sample set accuracy is an appropriate metric for
model ensemble.
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Fig. 3. Negative Sample Set Accuracy (CIFAR-100)

TABLE 11
COMPARISON OF MILP WITH EXISTING DIVERSITY METRICS

Methods | Selected Models | Test Acc(%) | NegSampSet Acc
CK 2,8 76.98% 0.329
KW 1,2,3,4,5,7,8,9,10 78.34% 0.345
MILP 8,9, 10 79.71% 0.382

B. Optimal Ensemble on Distribued DNN Models

Next, we conduct numerical evaluations in the topology
shown in Fig. 4. All the links are bidirectional, and unless
otherwise specified, the transmission rate of each link is
577.6Mbps. In this scenario, the data rates of all the links
incident to red nodes C' and D are scaled down by a factor of
0.2 in order to diversify the transmission delay. Hence, visiting
nodes C or D for ensemble may incur large delay due to slow
links, although C and D have high-accuracy models. Every
node has the same computing capacity of 472 GFLOPS, which
is the same capacity as Nvidia Jetson Nano. Since the input
data is the image in CIFAR-100 dataset with 100 classes, we
have dy = 3072 bytes of 224x224x3 RGB image, dy; = 400
bytes of 100-dimensional probability vector and d; = 3472
bytes of image plus probability vector for 0 < ! < M. Recall
that the computational demand of each model is presented in
Table I. We compare the performance of MILP in (7)-(11),
Greedy+ILP and Greedy+NN-TPP.

{2,3, 4]

(8,9, 10}

{1,2}

{6, 7} {4,5}

Fig. 4. 5-Node Topology

Figure 5 shows the ensembled accuracy of each method
for different latency budgets . Note first that the negative
sample set accuracy of ensembled models is non-decreasing
as the latency budget increases. This is because an increasingly
accurate ensemble becomes feasible as the latency constraint
becomes loose. The test accuracy exhibits similar tendency
to negative sample set accuracy. Note, however, that in some
cases, the test accuracy drops even with enhanced negative
sample set accuracy. This shows that better negative sample set
accuracy does not necessarily translate to better test accuracy,
although for most of the cases, the negative sample set
accuracy serves as a reliable proxy for test accuracy.

Next, all the link capacities are scaled down by a factor of
0.0001, so as to create the large transmission latency regime.
Fig. 6 shows similar results to those in Fig. 5. It should be
noted that in some cases, NN-TPP fails to find a path that
satisfies the latency constraint, which can inherently occur
under greedy algorithms such as NN-TPP. Nonetheless, these
results show that all of our methods can effectively find a
good combination of models to achieve better accuracy while
satisfying latency constraint.

We also compare the runtime of each method in Table III.
MILP is a time-consuming method even though it finds an
optimal solution of the problem. On the other hand, other
heuristic algorithms find a solution relatively quickly, with
comparable performance to the optimal MILP. Hence, in



practice especially with large scenarios, our heuristics can be
a reasonable alternative to MILP.

C. Simulation Results

While our algorithm is designed for the static scenario
where there is only a single inference task to be executed, we
test our algorithm in the dynamic scenario where inference
tasks are generated periodically. We use the packet-level sim-
ulator OMNeT++ [30]. The topology and model placement is
the same as Fig. 4, except that models 3 and 10 are additionally
placed in node C. The computing capacity of each node is set
to 20GFLOPS, and the link bandwidth is between 10Mbps
and 1Gbps. The latency constraint ¢ is fixed at 0.157. In the
beginning of simulation, each inference task takes the same
path precomputed by each method. However, relying on a
single path may lead to increased queueing delays, either at
the computing nodes or along the communication links. To
address this, we instruct each algorithm to recompute the path
every 20 seconds, taking the current compute queue status into
account.

Figure 7 shows the end-to-end latency and accuracy of
each task which arrives for every 0.067s. At the beginning of
the simulation, each method attempts to achieve the highest
possible accuracy. Since the Greedy+NN-TPP method fails to
discover certain paths identified by other methods, it selects a
path that yields lower accuracy compared to the others. After
20 seconds, all methods select the same model combination to
avoid computation on nodes with large compute queues. MILP
and Greedy+ILP decide to compute all selected models on
the same node, while Greedy+NN-TPP distributes the models
across different nodes. Notably, even though all methods
achieve the same accuracy between 20 s and 40 s, the end-to-
end latency of Greedy+NN-TPP tends to be lower than that of
the others. When there is no accumulated compute queue, NN-
TPP exhibits higher latency due to additional data transmission
time. However, in scenarios where inference tasks continu-
ously arrive, computing multiple models on the same node can
lead to significant delays due to long queueing times. These
results highlight the importance of effectively distributing the
computing workload across multiple nodes, which we leave
as future study. Overall, all methods successfully update the
path every 20 seconds in order to detour congested resources.

Next, in Fig. 8, we additionally consider the runtime of each
proposed algorithm. We assume that the runtime of MILP is 10
s, Greedy+ILP is 1 s, and Greedy+NN-TPP is 0.5 s, reflecting
the relative scale observed in empirical measurements. Given
its longer runtime, MILP may be less suitable for adapting to
dynamically changing network environments.

VIII. CONCLUSION AND FUTURE WORK

In this paper, we introduced a novel problem of ensembling
distributed deep neural network (DNN) models. We proposed
a framework for model ensemble based on a mixed integer
linear programming (MILP) formulation. Building on this
MILP, we formulated an optimization problem to jointly find
a combination of models and computation path for ensembled

TABLE III
RUNTIME OF PROPOSED METHODS TO SOLVE OPTIMAL ENSEMBLE OF
DiSTRIBUTED DNN MODELS (B=0.01, COMPUTING BURDEN SCENARIO)

Methods Runtime (s)
MILP 197.5
Greedy + ILP 34.17
Greedy + NN-TPP 14.96
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models. In order to alleviate the difficulty of the problem, we
also presented several heuristic algorithms. Our algorithms can
effectively find a model ensemble with high accuracy while
meeting a given latency constraint. We believe that the problem
defined in this paper serves as a foundational step toward
enabling resource-constrained end devices to enjoy Al services
requiring heavy computation.

In this work, we focused on the scenario with a single
service composed of single source-destination pair. While our
algorithms for the single-service scenario can be readily used
as a building block for addressing multi-service scenarios,
as observed in simulations, it is worth developing algorithms
tailored to the scenarios with multiple services featuring dy-
namic arrival and departure. As the general problem in such a
scenario tends to be too complicated to develop useful insights,
it would be interesting to study simple but more realistic sce-
narios such as end-edge-cloud environments. Such a scenario
would not only enable mathematical tractability for developing
algorithms but also provide insights for designing paradigms of
distributed inference. Furthermore, if the edge server is located
at a cellular base station or WiFi access point (which is a likely
scenario in practice), it is important to address the scheduling
problem for optimal distributed inference. We believe that
these problems are of fundamental importance in the future
network such as 6G which is expected to support diverse Al
services while mitigating resource constraints.
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