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Abstract—Concerns in areas such as privacy, energy consump-
tion, climate gas emissions, and costs, push the trend of migrating
neural network inference from being executed on the cloud to
embedded edge devices. We present our novel approach DIA-
PASON to overcome restrictions brought on by the computing
and application requirements that impede their execution on
resource-constrained embedded devices. Our approach addresses
these challenges by distributing the inference across multiple
computing instances, which could be anything ranging from a
multi-CPU configuration on the same SoC to geographically
distributed devices. In contrast to recent efforts which tend to
apply heuristics to reduce the search space of their problem
definition to solve it in a timely fashion, our novel problem
definition applies the concept of continuous relaxation to the
categorical selection of partitioning, layer fusion, and allocation
opportunities. This approach overcomes the problem of the
poor exploration of the actual search space that arises when
removing potential distribution opportunities during problem
simplifications. We conduct numerical simulations and ablation
experiments on each one of the configuration parameters of
our algorithm by distributing several widely used neural net-
works. Finally, we compare DIAPASON against the commonly
used MoDNN baseline and a state-of-the-art approach, CoopAI,
achieving a 44 % and 12 % mean speed-up respectively.

Index Terms—Distributed Inference, Edge Computing, Neural
Networks, Deep Learning

I. INTRODUCTION

During the inference phase of artificial neural networks
(ANN), the already trained model is presented with new
inputs, processes them, and returns the corresponding outputs.
Although this phase can be executed on the cloud, application-
specific requirements and current cloud drawbacks force re-
searchers and industry leaders to consider alternative solutions.
Given the huge energy consumption including cooling of the
current cloud hardware, the CO2 equivalent emissions for a
system running 24/7 becomes a major concern that needs to
be addressed [1]. Another issue of cloud-only solutions is
privacy, given that the raw data of a user is being uploaded
to an external system, usually managed by a third party.
Finally, given the uplink and downlink times provided by cloud
systems, it can be challenging to achieve real-time responses.

Those, together with application-specific constraints, are
some of the reasons that make inference at the edge using
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Figure 1: Given two available devices A and B: horizontal/sequential
(top) and vertical/parallel (bottom) partitioning.

embedded devices so attractive. By using edge devices, the
equivalent CO2 emissions can be significantly improved as
these are optimized for low energy consumption. Privacy
concerns are also taken into account, as the raw data is
processed physically near the point it is being generated, and
only already processed data, which is encoded in the form of
latent spaces or does not contain specific personal information,
is shared with external systems.

However, given the memory and computation limits of
embedded devices, it becomes challenging to achieve the
latency constraints required by different applications. System
configurations, like sensors that are physically far away from
each other, can also worsen the performance given the high
time and energy cost of transmitting the raw data to a
centralized edge device. The paradigm known as distributed
inference (DI) tries to address these issues by a) partitioning
the execution of an ANN between multiple devices in a
sequential manner, b) parallelising the execution of an ANN
across multiple edge devices or c) a combination of both
approaches. Fig. 1 presents these two paradigms. A great effort
is being put into researching methodologies to find the optimal
distribution strategy given a trained ANN, a set of available
devices, and the parameters of the communication channels
between them [2], [3], [4], [5], [6], [7], [8], [9].

We take inspiration from the concept of continuous re-
laxation proposed by DARTS [10] for Neural Architecture
Search (NAS) and apply it to the DI problem. We present
DIAPASON: a novel problem definition to represent the
distribution problem which can be easily extended to support
a wide range of partitioning and fusion opportunities found in
the literature. DIAPASON allows us to: 1) encompass multiple

2024 Design, Automation & Test in Europe Conference (DATE 2024)	

 979-8-3503-4859-0/DATE24/© 2024 EDAA 

	



solutions into the same problem definition, 2) find distribution
solutions for both sequential and residual-kind of ANNs, 3)
support systems composed of a wide range of devices and
communication channels thanks to its generic formulation. To
the best of our knowledge, this is the first work to propose
continuous relaxation to formulate this problem.

The remainder of this paper is organized as follows. First,
Section II gives an overview of current DI approaches. Sec-
tion III presents the problem definition of DIAPASON and
describes how the loss function is built. Then, Section IV gives
details about how this problem definition is used to actually
obtain the distribution strategy. In Section V, ablation studies
of the different parameters of the algorithm are analysed and
DIAPASON is compared against the commonly used baseline
MoDNN [5] and the state-of-the-art approach CoopAI [6]
using numerical simulations. Finally, Section VI concludes the
work and presents future expansions for this work.

II. RELATED WORK

The first partitioning scheme for DI is the sequential par-
titioning, usually used to improve the throughput of systems
composed of two or three devices with very different comput-
ing capabilities, like edge-cloud or edge-fog-cloud systems.
Auto-Split [2] proposes a nonlinear integer optimization prob-
lem for an edge-cloud system, then developed a multi-step
search to find a list of potential solutions and select the one that
minimizes the latency and satisfies the edge device memory
constraints using exhaustive search. AAIoT [3] uses dynamic
programming (DP) to minimize the system’s response time.
JointDNN [4] proposes an approximated solution to optimize
latency and energy after formulating the optimization as an
integer linear programming (ILP) problem. Given the small
complexity of this partitioning scheme, it is usually a common
practice to evaluate all partitioning points to find the global
optima and report if the proposed algorithm finds this solution.

The second scheme distributes the ANN inference execution
by partitioning each layer of the model and executing each
partition on a different device in a parallel manner. MoDNN
[5] proposes a Biased One-Dimensional Partition (BODP)
paradigm to partition the convolutional layers in smaller
sublayers, each producing a slice of the original output feature
map (ofm) inversely proportional to the computing capabilities
of each available device. Although this method achieves a
good execution load balancing across all devices, it does not
include information about the communication channel between
them. EdgeFlow [7] uses a progressive model partitioning
algorithm to sequentially select the partition decision of each
layer approximating it as a linear programming (LP) problem.
DistrEdge [11] separates the partitioning decisions into two
different modules (the first one using a greedy search and
the second one using Deep Reinforcement Learning), so the
quality of the distribution strategies found by the second stage
is directly related to the initial partitioning points found by
the first module. All of these works only consider generating
partitions in the height axis of the ofm of each layer.

Given the complexity of this partitioning scheme, which can
be increased by the number of available devices or techniques
like layer fusion, it becomes difficult to prove the optimality of
the discovered solutions. This is why these works are usually
compared against previous baselines (MoDNN is a commonly
used one) or against single-device offloading, where the entire
ANN is executed on only one device.

Although these methods have been proven successful for
a wide range of environment configurations and devices, they
still rely heavily on heuristics to limit the search space of their
algorithms, or only consider the partition in one axis of the
ofm, or only support one of both partition schemes.

Additionally, when using parallel schemes, by partitioning
previous layers in such a way that each partition generates the
exact feature map needed as input for the partitions of the next
layer, chains or blocks of consecutive partitions are generated,
thus achieving layer fusion. If a complete chain is assigned
to the same device, data synchronization between devices can
be reduced, with the cost of a greater initial data transmission
and a bigger computation load on each device. Several works
have used this technique and tried to find the best trade-
off between the length of the fused chain and the additional
cost inserted by this technique. DeeperThings [12] used Fused
Tiled Partitioning (FTP) to divide the ofm of convolutional
layers in a grid fashion and reduce communication. CoopAI
[6], FastCoDNN [8] and DPFP [9] also proposed a fusion
problem formulation, and solved it using DP.

DIAPASON was inspired by DARTS [10], which does
not focus on DI, but proposes a continuous relaxation of a
categorical selection. In DARTS, the goal is to find the best
layer configuration for an ANN cell, which can be later used
to build an entire ANN. As such, they start with a prototype of
their cell, describing the intermediate feature maps of the cell,
and leaving the actual layer that transforms these feature maps
as unknowns. They propose a set of layers that can be chosen
for each transformation and assign a trainable weight to each
one of them. During training, the actual ofm is a weighted sum
of the feature maps generated by each possible layer. At the
end of the training, the layer with the greatest weight value is
selected as the actual layer for that particular transformation.
They have transformed the categorical selection of the layer
of each transformation into a continuous relaxation selection.

DIAPASON is not the first to use continuous relaxation to
optimize the deployment of ANNs, but it is the first to actually
model the allocation, partitioning and fusion of layers us-
ing continuous relaxation. [13] used Differential Architecture
Search to optimize the latency of the architecture of an ANN
for execution on one mobile device. [14] used NAS based on
DARTS to select the internal structure of the encoder-decoder
cells used to compress the data sent between a mobile device
and an edge server, but the actual partitioning point is still
chosen manually.

III. PROBLEM DEFINITION

We define our problem under the assumption that the
following inputs are available:
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Figure 2: Relationship between an original layer of the model and examples of some of its POs. ifm and ofm of the original layer and the
ones required/generated by the sublayers are also depicted. Blue slices represent the redundant data that is required by both sublayers.

• A Directed Acyclic Graph (DAG) G = {V, E} represen-
ting the already trained ANN model. Each vertex v ∈ V
equals a particular layer of the model and each edge
(vi, vj) ∈ E represents data dependencies between layers.
Each vertex can have multiple edges that originate from
it or end at it, thus enabling the distribution of both
sequential and residual kind of ANN architectures.

• A list of available devices D over which we want to
distribute the ANN. Each di ∈ D provides an estimation
function f : V → R that maps v ∈ V to execution costs
(the term cost will be used from now on to talk about la-
tency or energy execution costs). The estimation functions
can be obtained by offline profiling [4], simulators [2],
[15] or analytical models [6]. In this problem definition, a
device can be anything ranging from an embedded device
with limited computing capabilities to a powerful cloud
server (multiple computation units on the same device,
for example, multiple CPU cores on the same SoC, need
each to be separately added to D as an individual device).

• A bandwidth matrix B ∈ R|D|×|D| representing the
cost per element transmission between each one of the
available devices in D. We use cost per element in order
to be agnostic with respect to the bit size used to represent
the data in the ANN and enable this approach for both
quantized (int8) and unquantized (float32) networks.

• Both an input and output bandwidth vector Bin/out ∈
R|D| representing the cost of moving data from the input
sensor and/or to the system that will consume the output.

In DIAPASON, each layer of V contains a list P of partition
opportunities (POs), where 1 ≤ |P| ≤ n such that n ≥ 1. Each
p contains a list S of sublayers, where 1 ≤ |S| ≤ m such that
m ≥ 1. Each s ∈ S obtains one portion of the original input
feature map (ifm) as input and calculates only a section of
the original layers ofm. Each sublayer can be assigned to only
one of the devices in D. Fig. 2 presents a representation of
the described model.

In order to formulate the problem as a continuous search
space, we relax both the categorical choice of the partition for
each layer and the device selection of each specific sublayer
of each partition in a similar manner to DARTS. In the end,
a loss function is generated describing the cost of executing
all POs across all devices. This loss function is minimized
using gradient descent to obtain the final partition of each
layer and the allocation of its sublayers. The generation of the

loss function is described in the following sections.

A. Partition opportunity cost

For each layer, Lparti (1) (2) represents the relaxed cost for
PO i. Lsub describes the cost of executing each sublayer on
all available devices. Lpen describes a superposition penalty
to encourage the allocation of sublayers to different devices in
order to improve load balancing when optimizing for latency.

Llat
parti = L

lat
sub − Llat

pen (1)
Le

parti = L
e
sub (2)

1) Sublayer costs: Each PO has a set of weights Wdev ∈
R|S|×|D| which act as device selectors for its sublayers. By
applying the softmax function to each row of Wdev we obtain
values representing the selection probability of each available
device. Lj

dev ∈ R|D| is a vector containing the estimated cost
of executing sublayer j on each available device, obtained
using the estimation function provided for each device. (3)
presents the generic sublayer cost Lsub.

Lsub =

|S|∑
j=0

softmax
(
Wj

dev

)
· Lj

dev (3)

2) Superposition penalty: We define a superposition metric
between two sublayers i and j as stated in (4), using a
scaled euclidean distance as the base comparison function: the
similarity function sim gets closer to zero the more similar the
two weights vectors are, and closer to one the more different
they are. Vi is a vector of discount values that represents the
superposition between sublayer i and all other sublayers of the
partition with j > i, where each value Vij is calculated using
(5). (6) presents the penalization loss.

Xij = sim
[
softmax

(
Wi

dev

)
, softmax

(
Wj

dev

)]
(4)

Vij = Xij ·min
(
Lsubi ,Lsubj

)
(5)

Lpen =

|S|−1∑
i=0

minVi (6)

B. Layer costs

The relaxed layer cost for either latency or energy is built
by combining the costs of each individual PO as calculated in
(1) (or (2)) in a vector Lpart ∈ R|P |. Each layer also has a set
of parameters Wl ∈ R|P |, which will act as selectors of the



partition with the minimum cost. Similar to (3), (7) present
the layer’s latency (or energy) cost.

Llat|e
l = softmax (Wl) · Llat|e

part (7)

C. Data movement costs
To model the data dependencies and cost of moving data

between devices, the following costs are defined (generic for
both latency and energy costs).

1) Inter-layer costs: For each edge (vi, vj) ∈ E , we need
to define a relaxed data movement cost. We first describe the
relaxed cost between partitions m of vi and n of vj , and then
generalize it across all partitions.

For each combination of sublayers of m and n, we generate
Wi,j ∈ R|D|×|D| (8), which represents the probability of
data being sent between any device combination for sublayers
i and j. Then, we extract a scalar value representing the
overlap between the ofm generated by the sublayer of m
and the ifm needed by the sublayer of n, which is then
multiplied by the bandwidth matrix B obtaining the second
term: Li,j ∈ R|D|×|D| (9). (8) and (9) are multiplied in an
element-wise manner to obtain a new matrix representing the
relaxed cost for each device combination. By adding together
all values in this new matrix, we obtain a relaxed scalar value
representing the movement of data from one sublayer to the
other. Accumulating these values across all combinations of
sublayers of m and n we obtain the final cost to move data
between two partitions of different layers (10).

Wi,j = softmax
(
Wi

devm

)
⊗ softmax

(
Wj

devn

)
(8)

Li,j = overlapi,j · B (9)

Lm,n
mov =

|Sn|∑
i=0

|Sm|∑
j=0

|D|∑
k=0

|D|∑
l=0

(
Wi,j � Li,j

)
k,l

(10)

The final data movement costs between two consecutive
layers a and b can be represented as (11).

Lmova,b =

|Pa|∑
m=0

|Pb|∑
n=0

softmax (W a
l )m · softmax

(
W b

l

)
n
· Lm,n

mov

(11)
2) Input/output costs: We also take into account the cost

of moving the data from where it is generated to the devices
executing the first layer, and the cost of moving the data from
the devices executing the last layer to the system that needs
to consume it, proposed by FastCoDNN [8].

The input data movement cost is built similarly to (11).
Equation (12) presents the cost of moving data from the
input generator to one partition n of the input layer. Equation
(13) presents the entire input data movement cost, with l
representing the first layer and Lcomb

movin
∈ R|Pl| a vector of

costs where each element is calculated as stated in (12).

Ln
movin =

|Sn|∑
j=0

softmax
(
Wj

dev

)
· (overlapin,j · Bin) (12)

Lmovin =Wl · Lcomb
movin (13)

Similarly, equation (14) shows the cost of moving data from
one partition n of the output layer to the data consumer, and
(15) presents the output data movement cost, with l being the
output layer and Lcomb

movout
∈ R|Pl| a vector of costs where each

element is calculated as stated in (14).

Ln
movout

=

|Sn|∑
j=0

softmax
(
Wj

dev

)
· (overlapj,out · Bout) (14)

Lmovout =Wl · Lcomb
movout

(15)

D. Loss functions

(16) describes the continuous loss Llat|e developed to
minimize the execution cost (latency or energy). It is the
combination of: 1) the input data movement cost described
in Section III-C2; 2) the summation across all layers of the
latency cost for a specific layer i (described in Section III-B)
added to the cost of moving data from each input layer j
from the i layer (described in Section III-C1, with Ei ⊆ E
representing all edges ending at layer i); 3) the output data
movement cost described in Section III-C2.

Llat|e = Llat|e
movin +

|V|∑
i=0

Llat|e
i +

|Ei|∑
j=0

Llat|e
movi,j

+ Llat|e
movout

(16)

IV. IMPLEMENTATION DESCRIPTION

Section III presented how the POs can be used to generate
the loss function in a generic way, but which POs are actually
modelled is described in this section.

First, each layer is assigned a default partition, which
only contains one sublayer that generates the entire ofm,
representing the non-partitioned case (first PO in Fig. 2). Then,
the second partition is generated, which has as many sublayers
as devices are available, to try to parallelize its execution as
much as possible. Two ways of generating these sublayers are
controlled by a parttype flag: 1) naive idea, to partition the
ofm into equal-height slices and 2) as proposed by [5], partition
the ofm based on the computing capabilities of the available
devices, such that more powerful devices are assigned bigger
ofm slices in order to improve load balancing.

Each partition, when created, generates a new Wdev set.
weightsinit controls which paradigm is used to initialize these
weights: 1) random initialization: Wdev of each partition is
initialized using a random uniform distribution in range [0, 1];
2) heuristics initialization: we assume a heuristic where it
is better to distribute each sublayer to a different device to
improve parallelism and load balancing, so we initializeWdev

sequentially allocating one sublayer to each available device.
New special partitions are generated to support the fusion

of consecutive layers. For each basic PO (from now on
called parent PO) present in each layer, the fusion POs
are recursively generated. In these new special POs, each
sublayer generates the slice of the ofm needed as input by
each corresponding sublayer of the parent PO. To enforce the
allocation of successive sublayers to the same devices to avoid
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Figure 3: Left: final latency value. Right: loss value during minimiza-
tion for the VGG16 model (others present a similar behaviour).

data movement costs between devices, fusion partitions and
their parent share their Wdev . The fusionlimit configuration
parameter limits the length of these fused chains by breaking
the recursive generation. For space reasons the details of this
recursive process are omitted.

Only after these POs are generated can theWl of each layer
be created, and the loss function is returned as described in
(16). Once the loss function is generated, gradient descent is
used to try to find the best combination of all Wl and Wdev

weights that minimize the loss function. Two parameters are
needed: a learning rate that controls the update factor of the
weights, and an amount of iterations describing how many
times gradient descent needs to be executed.

To obtain the actual distribution strategy, we choose for
each layer the PO with the highest selection probability inWl.
Then, for the selected partition, we assign each sublayer to the
device with the highest selection probability inWdev . Last, the
non-relaxed time and/or energy cost(s) can be calculated.

V. EXPERIMENTAL RESULTS

A. DIAPASON in isolation

Like multiple approaches before us [2], [15], we used a
simulator to obtain the latency and energy costs of executing a
particular layer on a specific device. We selected the Timeloop
project [16] to generate a model of the systolic array-based
accelerator Gemmini [17]. We used the linear model for the
Raspberry Pi 3 proposed in [6] to model the CPU that controls
the Gemmini accelerator from our simulation testbed.

We distribute the well-known VGG16, ResNet50 and Mo-
bileNetV2 models provided by the Keras framework. Unless
stated otherwise, we used an input image size of 224×224×3
in all experiments. We chose to use 8-bit quantized networks,
as these are the ones normally deployed on embedded devices
like the modelled accelerator.

Other parameters used, unless stated otherwise, were: two
homogeneous Gemmini devices, a network bandwidth of 100
Mbps (megabits per second), a learning rate lr = 0.4,
fusionlimit = 2, weightsinit = heuristics, parttype =
naive and iterations = 20. Each run was repeated 10 times,
and we report the mean and standard deviation of the final
costs for each experiment.

1) Weights initialization impact: The convergence is im-
proved by using the heuristics method to initialize the device
selection weights, as can be seen in Fig. 3 by analysing the
final latencies found for each model. The reproducibility is
also improved, as seen in the standard deviation bars.
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Figure 4: Latency (left) and data movement (right) improvements.

2) Fusion propagation limit impact: By sweeping
fusionlimit from 0 (no fusion) to 4 (maximum 4 consecutive
layers can be fused together on the same device), Fig.
4 shows that the cases where fusion POs are generated
(fusionlimit > 0) the distribution strategies obtained by
DIAPASON are faster than the case where fusion is disabled.
By adding fusion POs allows DIAPASON to find distribution
strategies where less data is exchanged between devices.

3) Latency vs. energy metric optimization: We compare the
distribution strategies obtained by DIAPASON when optimiz-
ing for different metrics. We used the network bandwidths
for the communication channels as reported by [18]. By
minimizing the loss function for a specific metric, DIAPASON
is able to find better distribution strategies that optimize this
metric (Fig. 5).

4) Heterogeneous devices: We configured DIAPASON to
use two different Gemmini devices, one running at 100 MHz
and one at 500 MHz. We evaluate both partition initialization
procedures given by parameter parttype, as presented in Sec-
tion IV. Enabling the computing based POs generation allows
DIAPASON to find better distribution strategies, by improving
load balancing across devices (Fig. 6).

B. DIAPASON compared against other works

In order to demonstrate the power and flexibility of DIA-
PASON, we compared our approach against the partitioning
scheme BODP presented in the commonly used baseline
MoDNN [5], and CoopAI [6], a work that implements com-
parable partition and fusion methods to the ones modelled by
DIAPASON (Fig. 7). We configured DIAPASON to use the
same device models used by CoopAI and the same network
conditions. We executed DIAPASON on VGG16, using a
learning rate lr = 0.8, a fusionlimit = 4, weightsinit =
heuristics and iterations = 20.

MoDNN is not a good choice when the amount of devices
starts to increase because it does not take into account the
communication channel properties, and does not apply layer
fusion. For RPi 3 devices, DIAPASON is always better than
the MoDNN baseline, achieving a maximum speed-up of 64
% for the case with 7 devices, and a mean speed-up of 20
% across all experiments. For RPi 4 devices, DIAPASON
achieves a maximum speed-up of 139 % for the case with 7
devices and a mean speed-up of 44 % across all experiments.

DIAPASON is also able to find better distribution strategies
than CoopAI for each number of devices. For RPi 3 devices,
DIAPASON achieves a maximum speed-up of 12 % for the
case with 4 devices and a mean speed-up of 7 % across
all experiments. For RPi 4 devices, DIAPASON achieves a
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maximum speed-up of 24 % for the case with 4 devices and
a mean speed-up of 12 % across all experiments.

VI. CONCLUSIONS

This work presented a novel methodology to solve the
partition, fusion and allocation of an ANN to multiple devices.
We have demonstrated DIAPASON’s adaptability to various
situations and the efficacy of our suggested approaches for
enhancing its convergence, both for homogeneous and het-
erogeneous devices. When compared against MoDNN and
CoopAI, DIAPASON was able to outperform them and find
better distribution strategies, with a mean speed-up of 44%
and 12% respectively.

In subsequent works, we would like to expand DIAPASON
by adding hard requirements like energy, latency or per-device
memory constraints. Although this work used a simulator and
analytical models to evaluate the convergence of the algorithm
and the solutions obtained by it, a future work should focus on
deploying the ANNs on real distributed systems and study the
gap between the predictions of DIAPASON and the actual
measurements. Finally, another promising possibility is the
potential to expand the available loss definitions to other
metrics and combine them all into a single optimization target,
in order to find a Pareto front of solutions.
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