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Abstract—Collaborative inference at the edge has gained
traction in recent years as one of the main trends within edge
computing. The early exit neural network (EENN) architecture
supports this by balancing inference time and accuracy with
configurable early exit thresholds within the neural network.
Such thresholds enable the dynamic tuning of the processing
latency of a job based on confidence scores. However, most
distributed EENN setups use a preset confidence threshold and
assume constant data arrivals. This assumption exposes the
system to potential data loss due to finite memory capacity in
the edge devices. To address these issues, we propose CEED,
an AI-based optimization framework to enable collaborative
EENN inference on a multilayer edge infrastructure. CEED
integrates an EENN predictor and a Loss ratio predictor to
rapidly evaluate confidence threshold configurations and job
assignment to devices. Experiments conducted on a physical
testbed show that CEED significantly improves existing EENN
inference methods by striking a better balance between end-to-
end system loss ratio and EENN inference accuracy.

Index Terms—Edge computing, Early-Exit Neural Networks,
Quality of Service.

I. INTRODUCTION

Deep neural networks (DNNs) are becoming increasingly
deeper to achieve more accurate predictions [1], [2]. However,
this increase in complexity can result in significant inference
times, especially on edge devices constrained by limited
hardware resources. Moreover, when edge devices exhaust
their memory, they may be unable to accommodate new data,
potentially resulting in data loss, which reduces reliability [3].

To reduce the incidence of these issues, techniques like
model distillation, quantization, and pruning [4] have thus been
proposed to shorten the inference times. However, these meth-
ods often result in reduced accuracy compared to the original
model. The early exit neural network (EENN) architecture has
been introduced to address this limitation [5], [6], [7]. EENNs
integrate internal classifiers (ICs) in the processing pipeline
that allow the output at intermediate stages, depending on
confidence scores computed by the ICs. Such scores reflect
the likelihood of accurate classification at early stages. Early
exits thus allow EENNs to trade inference time with accuracy.

Collaborative inference over a distributed edge system with
EENNs is a new trend, which can further enhance the compu-
tational and memory advantages of these models for inference
serving [8], [9], [10]. However, splitting EENN layers among
a set of edge devices exacerbates the difficulty in choosing
the right early exit point, as this becomes also affected by
the heterogeneous device processing speeds, the available

network bandwidth, and the computational cost of transfer-
ring data [11]. Moreover, choosing appropriate IC confidence
thresholds to activate early exits is a difficult problem even on
a single device due to the complex dependencies between ICs,
loss ratios, and job arrival rates [12], [13], [8]. For example, the
probability of input data reaching an IC is contingent upon the
thresholds of the previous ICs and their decision not to force
an earlier exit, which also depends on the job data content.

To address this complexity, we present CEED, an AI-
based optimization framework leveraging two performance
predictors, the EENN predictor and the Loss ratio predictor,
addressing two complementary goals. The EENN predictor
tackles the challenge of configuring confidence thresholds of
ICs by predicting, using a transformer, the confidence score
and exit probability for incoming jobs. The Loss ratio predic-
tor, instead, uses a graph neural network (GNN) to evaluate
the system loss ratio, avoiding the cost of simulation [14],
[15]. Leveraging these AI models, CEED strives to identify
the optimal balance between high classification accuracy and
a predefined target loss ratio.

We examine the performance of CEED on real-world
EENNs deployed on edge devices and show that it can sub-
stantially improve Quality-of-Service (QoS) metrics, such as
accuracy, latency and system loss ratio, compared to existing
EENN configuration methods. To the best of our knowledge,
CEED is the first method to jointly optimize accuracy, latency
and loss ratios to deliver QoS in collaborative EENN-based
inference at the edge.

In summary, the key contributions of this paper are:
• We propose an EENN predictor, based on a transformer

model, to forecast the mean confidence score and the
exit probabilities of ICs based on a given confidence
threshold configuration to enable reasoning on the best
EENN configuration for a given inference task.

• A Loss ratio predictor based on a GNN is also introduced
to forecast the system loss ratio based on the system
configuration speedily and accurately.

• We present the CEED optimization framework developed
to optimize EENN-based collaborative inference at the
edge. Using real EENN measurements and a physical
testbed, we demonstrate that CEED can surpass existing
methods in achieving better QoS for inference tasks.

This paper is organized as follows: Section II presents back-
ground on edge inference and EENNs. Section III introduces
the problem tackled in this paper alongside an illustrative ex-
ample. Section IV and V respectively detail the AI models and



Fig. 1: An EENN with L layers and L − 1 ICs, along
with a finite input buffer. For a device i, at the lth IC,
the confidence score δi,l is calculated and compared with the
confidence threshold τi,l. The job may exit early and produce
a classification ŷl if δi,l ≥ τi,l. If the job proceeds to the
final layer L, the output will be the final classification ŷL.
Additionally, the jobs arrive in the buffer at rate λi and are
lost if the image size exceeds the residual memory capacity.

optimization method that define CEED. Finally, experimental
results are given in Section VI, followed by conclusions in
Section VIII.

II. BACKGROUND

A. Edge-based Collaborative Inference

This paper considers collaborative inference at the network
edge based on convolution neural networks (CNNs) imple-
mented as EENNs. Fig. 1 illustrates the processing pipeline
of a typical EENN when inference is run on a single edge
device. The EENN consists of a sequence of L layers and
L− 1 intermediate classifiers (ICs) to control early exits. We
regard these layers as logical abstractions, i.e., any sequence
of consecutive physical layers that do not allow early exit is
seen here as a single logical layer. This occurs frequently
for EENNs with residual connections, where the connected
layers typically do not feature ICs in-between [2]. The device
running the EENN is assumed to have a finite memory space to
store incoming images (i.e., jobs) that arrive stochastically to
the device, sitting in a first-come first-served (FCFS) waiting
buffer until they begin service1. Three main types of data
can consume memory on the device: the data size of the
resident jobs, the memory required for hosting the layers of
the EENN, and the system data (e.g., firmware, O/S, . . . ).
Among these, we focus on the most complex component,
namely the memory occupancy due to the resident jobs, which
fluctuate stochastically with new arrivals. An arriving job is
lost (i.e., dropped) at a device whenever its data size exceeds
the available memory capacity at the device.

In the collaborative edge setting [9], [16], the model shown
in Fig. 1 generalizes as shown in Fig. 2. The system consists of
several edge devices organized in K+1 layers that collaborate
with each other to support EENN inference tasks. Each device
can host a subset of the L layers, and any given layer can be
replicated multiple times and placed across multiple devices.
Without loss of generality, this model also allows an edge
system to run different EENNs simultaneously across the edge

1While our EENN is demonstrated for the sake of simplicity using image
classification tasks, the proposed method is general and may be applicable to
other tasks.

Fig. 2: Edge-based collaborative inference architecture.
Each device hosts a number of EENN layers (blue rectangles)
and their associated ICs (blue circles). Green rectangles show
the input buffers. Jobs may exit at any IC within the device
or finish when they reach the last EENN layer.

infrastructure. However, to simplify notation, we assume from
now on a system running a single distributed EENN.

In the edge setting, jobs first arrive at the devices at the
initial layer (Edge Layer 0), referred to as gateways [17].
Throughout, the arrival process of jobs to the gateways is
assumed to be modeled by a Poisson process with a known and
fixed arrival rate λi at gateway i, either representing an image
stream from a single source or the superposition of multiple
independent Poisson streams. Upon completing processing at
a device, if the job has not exited early at any of the ICs
within that device, the intermediate activations are transferred
over the network to the device that hosts the next EENN layer.

Due to layer replication and the various exit points for a job,
the edge system effectively offers various possible processing
paths, each referred to as a chain, to serve an arriving job.
That is, a chain is a sequence of layer-device pairs that the
job is scheduled to traverse for its processing. Because a
chain always includes the gateway i, this implies that different
gateways will tag incoming jobs using a different subset of
chains, although these may partially overlap on some of their
subpaths. For example, Fig. 2 shows three possible chains for
an incoming job at the gateway G shown on the left. A chain
may be, in general, shorter than the entire length L of the
EENN, but could additionally also be partially traversed by
the job if any IC along the chain reaches sufficient confidence
to force its early exit. Instead, if the job completes at the last
layer of its chain, then the inference is completed without early
exit. Thus, a chain effectively specifies the maximal path a job
is allowed to traverse across the system.

B. EENN thresholds and confidence

In this section, we briefly introduce the notation and internal
working of an EENN, so as to be able to describe the interplay
between processing latency and EENN classification accuracy,
which is considered by CEED to optimize the QoS of the
inference process.
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Returning to Fig. 1, consider a job arriving into the system
at a device i. Upon completion of processing at layer l, if
an IC is positioned after layer l, it receives the output from
layer l and computes the confidence score δi,l. For example,
a particular EENN implementation may consider the entropy-
type confidence score δi,l defined in [5]2, which we also used
in our tests.

The decision to allow an early exit is controlled by a
confidence threshold τi,l ∈ [0, 1] for the IC for layer l. If
δi,l ≥ τi,l, the job exits early and gives classification ŷl. If
not, the job continues processing through the EENN pipeline.
If the confidence scores do not meet the threshold conditions
at any of the ICs, the EENN model delivers the predicted
classification at the final activation following the last layer L
as having a (logical) IC with confidence threshold τi,L = 0.

In the next sections, we regard confidence thresholds as
a key control knob available to the CEED system to tune
inference. That is, for an inference job that first arrives at
gateway i, we assume that the job is paired with a confidence
threshold configuration, denoted as τ i = {τi,l|l = 1, . . . , L},
that assigns the threshold values for all the logical layers
(up to layer L at maximum) along the chain traversed by
the job. If a chain terminates earlier than layer L, say at
a layer l′ < L, then all the thresholds τi,h, h ≥ l′, are
set to 0 so as to force exit at l′. Such information can be
carried by the job via metadata carried with the intermediate
activations exchanged by the devices. Because confidence
thresholds determine the likelihood that a job will exit early,
assigning a given vector τ i to a job effectively provides a
way for a controller to influence inference latency. Indirectly,
this can, therefore, influence downhill memory usage for the
devices across the chain and their loss ratios. We quantify the
latter through a system loss ratio metric D, defined as the
average ratio between the number of jobs lost at any device
to the total number of arrivals to the EENN.

However, since the interplay between τ i and these metrics
is indirect, given that the ICs operate based on data content,
a sophisticated reasoning method would be needed to charac-
terize the relationships among the QoS metrics. Our proposal,
detailed later in the paper, is to rely on transformer models
and GNNs to capture this complex interplay.

To better see the dependence between a configuration τ i

and EENN classification accuracy, we give a few definitions.
A summary of the main notation introduced in this and the
next section is available in Table I. Let ℓ(y, ŷ) = 1(y =
ŷ) be a function computing the discrepancy between the
label y and the predicted output ŷ. The accuracy of the
EENN given a threshold configuration τ i can be denoted as
A(τ i) = EU [ℓ(y, ŷ)], where U is the image dataset. We further
define the mean confidence score ∆i of the EENN given a
threshold configuration τ i as follows: given a sequence of
input jobs X from U and a threshold configuration τ i, the exit

2δi,l = 1 − 1
log(|C|)

∑C
c=1(−oi,l,c log(oi,l,c)), where C is the class set

that the EENN is designed to classify, and oi,l,c is the activation value of the
lth IC for class c

TABLE I: Summary of main notation

I Number of gateways
L Number of EENN layers and ICs
K Number of edge layers except the gateways
Ai Number of chains available from gateway i
δi,l The confidence score of a job at the lth IC in gateway i
τi,l The confidence threshold of the lth IC for gateway i
τ i The confidence threshold for gateway i
qi,l Exit probability of the lth IC for gateway i
∆i,l Mean confidence score of the lth IC for gateway i
∆i Mean confidence score of the EENN given τ i

⟨i, j⟩ Mapping for a job arriving at the ith gateway on the jth chain
⟨i, j, l⟩ Mapping for a job in ⟨i, j⟩ also to exit at the lth IC
si,j The assigned score of the corresponding chain ⟨i, j⟩
ai Chain assignment policy at gateway i, ai =

{(⟨i, j⟩, si,j), ∀j ∈ Ωi}
Ωi Set of chains available to the CEED controller at gateway i
Π Control policy, Π = {(τ i,ai)|i = 1, . . . , I}
D System loss ratio
pi,j Probability of selecting chain j as the assigned chain
λi Arrival rate of jobs at the ith gateway
γ User-defined penalty term
r Reward
tmax Maximum processing time of the EENN at the gateway
ρ Load factor, ρ = λtmax

R Mean response time

probability of each IC can be estimated as qi,l(τ ) = |Xl|/|X |
and

∑L
l=1 qi,l(τ i) = 1, where Xl are jobs that exit at the

lth IC. The mean confidence score of each IC can also be
computed by ∆i,l(τ i) =

∑
x∈Xl

δi,l(x)/|Xl|. Based on the
above definitions, for jobs entering the system at gateway i,
we can summarize its mean confidence score by ∆i(τ i) =∑L

l=1 qi,l(τ i)∆i,l(τ i).

III. PROBLEM STATEMENT

We consider the problem of jointly optimizing the IC
confidence thresholds and chain assignment for incoming jobs
to the multilayer edge system. In order to do so, we assume
that a controller continuously runs alongside the distributed
EENN. This controller is statically parameterized at the initial
deployment of the network with a control policy obtained from
CEED, which is subsequently applied during system operation.
The control policy knows: i) offline profiling of the processing
times at each of the EENN layers; ii) the maximum network
bandwidth profiled offline at each device; iii) the arrival rate
of jobs estimated at each gateway (reciprocal of the estimated
mean inter-arrival time). Models would require periodic re-
training in case the system parameters change significantly
over time. As we reported in Section VI, this is inexpensive
since CEED runs in our tests in 2-4 minutes.

The role of the control policy is to assign confidence
thresholds τ i and chain to a job based on its entry point into
the system, the gateway i. To further reduce the overhead
at the gateways, we assume that the gateway assigns to
each arriving job the same IC confidence threshold vector
τ i, which, however, must be decided offline. This decision
is extremely challenging due to the aforementioned impact
on several metrics, but also due to threshold dependencies
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TABLE II: Results of the motivating example for different
EENN threshold configurations of the EENN derived from
ResNet50 (L = 9; K = 2; i = 1).

Chain Threshold Accuracy Latency (s) Median EENN
exit layer

G→ A3 τ i 0.8824 0.5520 l = 8
G→ A3 τ ′

i 0.7225 0.4917 l = 5
G→B→ D2 τ i 0.9455 0.3331 l = 9
G→B→ D2 τ ′

i 0.8157 0.3007 l = 6
G→C→ D2 τ i 0.9028 0.5041 l = 9
G→C→ D2 τ ′

i 0.7613 0.4116 l = 5

between ICs3, heterogeneous device processing speed and
memory capacities, network bandwidth availability, and the
CPU overheads on the device associated with data transfer.

Formally, to select an optimal trade-off among these metrics,
CEED seeks to determine an optimal control policy Π =
{(τ i,ai)|i = 1, . . . , I}, where I is the number of gateways.
As we discuss later in section V, we seek to determine
Π so that it maximizes the overall accuracy of the EENN
while simultaneously minimizing the system loss ratio. The Π
control policy involves setting the confidence threshold τ i and
determining the chain assignment policy ai for each gateway
i. In CEED, the chain assignment policy is specified by action-
score set ai = {(⟨i, j⟩, si,j)|j = 1, . . . , Ai} where ⟨i, j⟩
represents the action for gateway i that maps a job to the jth
chain, Ai is the number of chains available to the controller to
select from, and si,j is a score assigned to this chain mapping,
which is the primary driver of the control policy. The optical
control policy is then deployed to the local controllers at the
gateways and executed during runtime.

In more detail, during the offline design of the policy, we
assume that Ai equals all possible paths from gateway i. A
CEED local controller shipped on the gateway i at runtime
maps incoming jobs to chain j according to a probability pi,j
proportional to si,j , computed by the sparse-softmax

pi,j =


exp si,j∑

k∈Ωi
exp si,k

j ∈ Ωi,

0 otherwise.
(1)

where Ωi is the set of chains associated to the top-k values
of si,j . In the case of ties, these are broken at random. Thus,
at runtime, the local controller will only have at its disposal
k actions, namely the mapping to the k chains with the
largest scores si,j . Hence, Ωi reduces the computational cost
of enacting (and possibly re-training) CEED at runtime.

A. Illustrative example

Fig. 2 illustrates the control problem for an architecture
consisting of K layers. From left to right, three chains (Chain
1/2/3) are available to process jobs that arrive at the gateway
G. Each chain features a different (maximal) path across the
following edge layers. As the job routes through the system
along its assigned chain, which is decided by a local controller

3For example, an early IC that filters out data that is simple to classify,
will affect the data distribution seen by later ICs.

Fig. 3: CEED overview. The control policy Π consists of
confidence threshold configurations τ i and chain assignment
policy ai, for all entry gateways i = 1, . . . , I , evaluated by the
EENN predictor and by the Loss ratio predictor. The policy is
updated iteratively by the optimizer with the estimated mean
confidence score ∆̂i and system loss ratio D̂.

on the gateway, it may exit early at any intermediate edge
device, depending on the ICs on that device.

To explore the dependencies among confidence thresholds
and chain assignment in a system of this kind, we have run
experiments on the system in Fig. 2, with K = 2 edge layers
and L = 9 EENN layers. We test two different threshold
configurations τi and τ ′i for jobs that enter at gateway device i
for inference on a ResNet50 EENN model, described later in
Section VI. The results in Table II indicate that it is possible
for threshold configurations to significantly influence both the
accuracy and the latency of jobs, even when these are assigned
to the same chain, i.e., follow the same route through layers
and devices. The assignment to chain also has significant
effects, for example, on latency. The early exit mechanism
introduces a negative correlation between inference accuracy
and latency, thus defining a trade-off among these metrics.
Thus, for effective EENN operation, a control policy is needed
to assign both chains and EENN thresholds to incoming jobs,
in order to reach the desired QoS goals in terms of accuracy,
latency, while reducing the loss ratio.

IV. CEED PREDICTION MODELS

An overview of the CEED methodology is shown Fig. 3.
CEED allows a system administrator to decide a control
policy Π. Such policy is then enacted at runtime by the local
controller on each gateway device. The only computation that
takes place at runtime is the randomized decision, based on
the probability distribution pi,j , j = 1, . . . , Ai, of the chain
assigned to an incoming job at gateway i.

To characterize the complex dependencies between QoS
metrics in distributed EENNs, CEED relies on two deep
learning models, namely the EENN predictor, based on a
decoder-only transformer, and the Loss ratio predictor, based
instead on a GNN model. The EENN predictor estimates
the mean confidence scores ∆̂i that the EENN will deliver
under the selected threshold configuration τ i for each gateway
i = 1, . . . , I . Such values are later used to estimate the
overall EENN classification accuracy under the policy Π.
Concurrently, the Loss ratio predictor estimates the system
loss ratio D resulting from the chain assignment policies ai.

The CEED optimizer uses the mean confidence scores ∆̂i

and system loss ratio D̂ estimated by the predictors as inputs
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Fig. 4: EENN predictor architecture. The EENN predictor
takes the threshold configuration τ i as input and predicts the
corresponding exit probability q̂i,l and mean confidence score
δ̂i,l at each IC.

to an optimization program, given later in Eq. 6, which seeks
to find the optimal policy Π for a given deployment of the
EENN over the multilayer edge architecture. Details of the
underpinning optimization program are given in Section V.

A. Transformer-based EENN predictor

To assess the mean confidence score of the EENN given a
τ i, we define the EENN predictor, as shown in Fig. 4, which
takes the threshold configuration τ i, as input and predicts the
exit probabilities q̂i,l and confidence score δ̂i,l of each IC and
further predicts the mean confidence score ∆̂i.

In the execution pipeline of the EENN, confidence thresh-
olds are sequentially applied from the first IC to the last one.
Therefore, we model the input thresholds as a sequence. More-
over, predicting the confidence score and exit probability can
be viewed as sequence-to-sequence learning, with each thresh-
old τi,l associated with a unique confidence score and exit
probability. Attention-based transformers have demonstrated
remarkable performance in processing time series and natural
language tasks [18]. Therefore, we design the EENN predictor
as a decoder-only transformer, which is more computationally
efficient than a full transformer, while still featuring high
accuracy, to leverage these capabilities at runtime.

The threshold configuration τ i is first processed with a
linear layer to project τi,l into an embedding representation.
As the self-attention mechanism does not encode positional
information, a position encoding derived from sine and cosine
functions of different frequencies is added to the embedding
representation. The encoded embeddings are processed with a
causal self-attention function:

Attn(τ i) = softmax
(
ΦQ(τ i)ΦK(τ i)

T

√
dmodel

◦H
)
ΦV (τ i) (2)

where ΦQ, ΦK and ΦV represent linear layers, dmodel de-
notes the hidden dimension, ◦ is the Hadamard product,
and H ∈ RL×L is the causal mask with hm,n = 1 for
m ≤ n and 0 otherwise. This causal masking ensures that later
thresholds can only access information from earlier thresholds,
reflecting the dependency where the confidence score and exit
probability of a later IC are contingent upon earlier ICs, but not
vice versa. The outputs from the causal self-attention modules
are processed by the confidence and probability prediction
heads, both formed with linear layers and ReLU activations,

Fig. 5: Queueing model and its graph representation used
to train the GNN-based Loss ratio predictor. The upper
graph presents an example QN model for a system deploying
the distributed EENN. FCR models the memory constraints at
the three devices. The lower part illustrates the input graph
representation of the QN to the GNN.

to determine the final confidence scores and exit probabilities
for each IC.

The model is trained using a combination of a Mean
Squared Error (MSE) on the predicted confidence score with
a Kullback-Leibler (KL) divergence on the predicted exit
probabilities, the latter computed after a softmax function to
ensure that the sum of the exit probabilities always equals 1.
The training loss function ℓ used to train the EENN predictor
is expressed as

ℓ = E

(
1

L

L∑
l=1

(δi,l − δ̂i,l)
2 −

L∑
l=1

qi,l log
q̂i,l
qi,l

)
(3)

where δi,l and qi,l are labeled confidence score and exit
probabilities, respectively. The labeled data of a threshold
configuration are obtained from data that are not employed
during the training of the EENN.

B. GNN-based Loss Ratio Predictor

One difficulty associated with predicting loss ratios is that
this metric strongly depends on the stochastic behavior of
both the edge system and the network, and it is also affected
by the early exit configuration. In alignment with a recent
trend of using GNNs for network modeling [19], we define
a GNN surrogate that can accurately predict loss ratios for
any given set of exit probabilities of the jobs at the EENN
layers. The GNN is trained on simulated loss ratios for a class
of stochastic queueing networks (QNs) with finite capacity
constraints, which is hard to deal with analytically as the
underlying Markov chain is not known to have a product-form
analytical solution [20].

1) Simulation model: Fig. 5 gives an example of QN that
is used to train the predictor by means of simulation. This
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model characterizes each device within the system as a queue-
ing station surrounded by a Finite Capacity Region (FCR)
representing a finite limit on the device memory capacity. The
FCR is configured so that it drops jobs that would overflow the
remaining memory capacity, resulting in data loss. Moreover,
jobs are allowed to have different sizes. Scheduling at the
queues representing devices is assumed to be FCFS, similarly
to Fig. 1. Network bandwidth is modeled by a Processor
Sharing (PS) queue, however, other policies may be adopted
in principle to better describe the physical testbed and network
characteristics. Using such variations only requires generating
a different simulation-based training set for the GNN model.
The QN classes are defined by a triplet ⟨i, j, l⟩, each mapping
to a single chain and early exit point in the EENN.

2) GNN surrogate model: To the best of our knowledge,
no class of surrogate models exists that is tailored to the
multiclass QNs with FCRs of the kind described above. The
closest proposal in the literature is the ChainNet GNN [21].
The key mechanism of ChainNet is a customized message-
passing mechanism that passes messages along the chain and
within each chain step. The ChainNet GNN is, however, less
general than the one proposed here. Despite relying on the
same message-passing mechanism, our GNN covers missing
features that are critical for the EENN problem at hand,
namely: 1) FCRs to describe memory capacity; 2) network
bandwidth modeling via PS nodes; and 3) a method to describe
early exits within the GNN. Thus, CEED generalizes this
baseline by modeling all three missing features into the GNN
that underpins the CEED loss ratio predictor, as we detail in
the next subsections.

In the CEED GNN model, we call fragment the subset of
layers executed on the same device for a specific QN class
⟨i, j, l⟩. This is an integral element of the GNN message-
passing algorithm involved in modeling the computational
processing. As shown in Fig. 5, the processing of a job
fragment involves two phases: network transmission and layer
execution, in the simulation model. This two-phase processing
is modeled in the input graph passed to the GNN by a node
named fragment node, which has as features the network
transmission time df , processing time tf , and the input data
size for the fragment f . These attributes define the behavior
of the fragment within the device. Meanwhile, since a device
is modeled as an FCR, a corresponding node, named FCR
node, is included in the input graph to host the fragment.
The features of these nodes are the device memory capacity
and the maximum network bandwidth. Directed edges are then
annotated in the input graph for each job class, specifying the
fragment served by the edge device contained in the FCR. The
GNN model predicts the throughput of each fragment and the
system loss ratio.

3) Memory consumption modeling: To model the memory
limit within the FCR, we subtract from the available device
memory the component required to deploy the corresponding
layers on the device based on the given placement. Consider an
arbitrary edge device k in the infrastructure. Assume that the
fragment f running on the device k has a memory usage mk,f .

The FCR of device k enforces at all times that
∑

f mk,fnk,f ≤
Mk, where Mk is the maximum allowed memory usage on
device k and nk,f is the current number of jobs stored in
memory at k that need processing with fragment f .

This constraint is enforced at all times in the simulation
so that the training dataset of the GNN learns the impact of
memory limits on latency and loss ratios.

4) Network modeling: Our GNN models network impact on
inference in two ways. First, CEED continuously profiles the
network transmission time of jobs and supplies the reciprocal
of this value as the service rate of the PS queues in the
input graph passed to the GNN. Next, the GNN models CPU
contention for network transfer on the devices running the
EENN using a novel fixed-point iteration, where the GNN
predicted throughputs are used to dynamically adjust the input
estimates of the device process times. At iteration z + 1, the
processing time on a device is computed as

t
(z+1)
f =

t
(0)
f

1−
( ∑
f ′∈Fin

df ′X
(z)
f ′︸ ︷︷ ︸

transmit in

+
∑

f ′∈Fout

df ′X
(z)
f ′︸ ︷︷ ︸

transmit out

) (4)

where t
(z)
f is the processing time of fragment f at the zth

iteration, and t
(0)
f is the (offline profiled) processing time of

the layer. Additionally, Xf is the throughput of fragment f
predicted by the GNN. Here, df is the profiled transmission
time of the data required by the fragment f , Fin are instead
the fragments for which the device needs to receive data to
execute, and Fout are the fragments for which the device
sends data to another device for execution. This iteration stops
when the adjusted processing time converges, or the number
of iterations reaches the predefined maximum limit. The Loss
ratio predictor predicts the throughput and system loss ratio
using the last updated processing time t(Z).

5) Modeling early exits in the GNN: In order to model
early exit, the GNN considers all possible chains ⟨i, j⟩ by
enumerating all feasible split points in the EENN and possible
placements across the edge system. This set can be restricted in
size at will based on EENN size and edge testbed constraints;
here we assume to require that at most a single device is used
per edge layer.

The GNN then needs to decide the arrival rate for all of its
classes. Each class describes the chain and the exit layer l of
the job, thus this is simply

λ⟨i,j,l⟩ = λipi,jqi,l. (5)

where qi,l is the exit probability along the lth IC, a term that is
estimated by the transformer-based EENN predictor. With this
parameterization, the QN model is completely parameterized
and the GNN is able to produce the required throughput and
loss ratio predictions for each QN class. These are then used
to obtain aggregate quantities, in particular the overall system
loss ratio D̂, which is defined as one minus the ratio of the
system throughput across all QN classes to the total arrival
rate at the gateways.
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Algorithm 1 CEED Objective function
Input τ i, ai for i = 1, . . . , I

1: function REWARD
2: ∆̂i, q̂i,l ← EENN predictor in Section IV-A.
3: Select chains with top-k assigned score
4: pi,j ← sparse-softmax(si,j)
5: Build graph representation G as the input to GNN
6: λ⟨i,j,l⟩ ← Eq. 5 using pi,j , q̂i,l
7: D̂ ← Loss ratio predictor in Section IV-B.
8: r ← Eq. 6 with ∆̂i, D̂
9: return r

V. CEED ALGORITHM

We are now ready to leverage the deep learning models
proposed in the last section. The threshold configurations τ i

and the assigned scores si,l within ai are randomly initialized
from a uniform distribution between 0 and 1. These variables,
τ i and ai for every i, are then used as inputs for calculating
the objective function in CEED, as detailed in Algorithm 1.
The confidence scores ∆̂i and the exit probabilities q̂i,j of ICs
are predicted by the EENN predictor for each τ i (line 2).

For each ai, chains with the top-k assigned scores are
selected to determine the placement. The probabilities of
selecting a chain are computed using Eq. 1 (line 3-4). Job
classes for modeling the early exit and the graph representation
of the system are generated based on the chains with top-k
assigned scores and the placement (line 5). Arrival rates for
each service are computed using Eq. 5 (line 6). The system
loss ratio is then predicted by the Loss ratio predictor using
the constructed graph and arrival rates (line 7). The objective
is to balance the trade-off between the system loss ratio and
the mean confidence score. Therefore, the objective function,
denoted as reward r, is defined as follows (line 8):

r =

I∑
i=1

(
λi∑I
j=1 λj

∆̂i

)
− γmax(D̂ −D∗, 0) (6)

where λi is the arrival rate of jobs at the ith gateway. D∗

denotes the acceptable loss ratio, and γ is a penalty parameter.
Both D∗ and γ are user-defined values determining the trade-
off between the mean confidence score and the system loss
ratio. The mean confidence score of the system is calculated
as the weighted sum of the mean confidence scores of jobs
arriving at each gateway, adjusted according to their respective
arrival rates.

The objective of the optimization process is to maximize
the reward r. To achieve this, we apply gradient descent
(GD) to iteratively minimize −r by adjusting the threshold
configurations τ i and the assigned scores si,j . The mean
confidence scores ∆̂i are derived from the EENN predictor,
a differentiable function with the threshold configuration as
its input, allowing for the computation of gradients with
respect to τ i. Similarly, since the assigned scores influence
the arrival rates of services as outlined in Eq. 5, and these
arrival rates are inputs to the Loss ratio predictor, it is feasible

to compute gradients with respect to si,j . The gradients of the
reward with respect to τ i and si,j are then calculated using
the chain rule. In practice, these gradients are computed via
back-propagation, which is similar to training the parameters
of a neural network. Therefore, the threshold configurations
τ i and assigned scores si,j are updated with momentum-
based methods such as Adam [22], which can enhance the
optimization process and avoid getting stuck in local optima.

The optimization iteration is terminated when the absolute
difference between the consecutive rewards falls below a user-
defined threshold or when the iteration count reaches the
predetermined maximum iteration.

VI. EVALUATION

A. Evaluation Methodology

1) EENNs: The EENNs used in the experiment are based
on three different CNNs, namely: a) Custom CNN, a 27-layer
CNN with 3 ICs (comprising two linear layers); b) ResNet50
[2], with 16 residual blocks and 9 ICs where, due to the
residual connections, the ICs can only be placed between the
residual blocks; c) ResNet101 [2], which has similar structure
as ResNet50, but with 33 residual blocks and 33 ICs.

2) Image datasets: Two image classification datasets are
used to train the EENNs: a) CIFAR10 [23]: comprising 60,000
images in 10 classes. From this dataset, 5,000 images from the
test set are used as the workload for the system. The custom
CNN and ResNet50 are trained and tested with CIFAR10. b)
ImageNet-1K [24]: comprises over 1 million images in 1,000
classes. From this dataset, 10,000 images from the validation
set are used as the workload for the system. ResNet101 is
trained and tested with this dataset.

3) System setup: We have built a 3-layer physical testbed
with one gateway layer and two edge layers (K = 2). Four
Raspberry Pi 4B Rev 1.1, each equipped with a 300MB
memory capacity and a CPU BogoMIPS index of 108, serve
as gateways where images are collected and processed and
run the control policy Π. The middle layer (k = 1 in
Fig. 2) is referred to as near-edge (NE) and consists of three
Raspberry Pi 4B Rev 1.4, each equipped with a 350MB
memory capacity and a CPU BogoMIPS index of 108. The
last layer (K = k = 2 in Fig. 2) is referred to as the far-edge
(FE) layer, and includes a MinisForum Z83-F equipped with
a 400MB memory capacity and a CPU BogoMIPS of 2880.
Gateways and the NE layer are connected via a fast Ethernet
switch, providing 100Mbps of dedicated bandwidth. Data is
transmitted from the NE layer to the FE layer over WLAN at
a speed of 30 Mbps.

4) Baselines: Most baselines in the literature consider
partitioning an NN across a small subset of parts. We thus
consider four EENN deployments: gateway-only, NE-only, FE-
only, and split operation using a basic implementation of
Neurosurgeon [11], which we denote as NE+FE. The first
three partition methods specify that the job will be processed
exclusively on a specific layer. In contrast, the NE+FE de-
ployment partitions a neural network into two parts that are
processed on NE and FE layers. In our implementation, the
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TABLE III: Hyperparameters for generating QN simulations

Hyperparameter Value Hyperparameter Value
Num. of devices [1, 20] Arrival rate [1, 10]
Num. of layers [1, 5] Process time [0.001, 1]
Num. of chains [3, 350] Transmit time [0.001, 2]
Memory size [2MB, 128MB] Job size [0.1MB, 10MB]

last method explores all possible EENN splitting points to find
the partition that achieves the shortest inference time.
Three baselines are compared to CEED’s Π policy:
Rate-based single-exit policy [8] adapts job exit points based
on arrival rate and buffer length, which is proportional to the
remaining number of jobs that can be stored in the memory.
AdaEE, [25]. This is a recent reinforcement learning (RL)
algorithm that adapts dynamically confidence thresholds with
the highest reward, defined from the difference in confidence
between ICs. We generate 10,000 threshold configurations as
the action space for RL, pre-trained on the same image set
used to train our EENN predictor.
Last-based. The no early exit policy, where all jobs exit
at the last layer, serves as another baseline. This approach
processes images using the CNN model without any ICs,
and classifications are made only at the final classifier, thus
typically with the largest accuracy.

5) CEED model training: To train the EENN predictor,
10,000 thresholds are randomly generated for each type of
EENN. About 5,000 images from CIFAR10 and 40,000 images
from ImageNet-1K are used to evaluate these thresholds. 70%
of the generated thresholds is used for training, and 30% for
testing. The final model size of the EENN predictor is 864KB.

The Loss ratio predictor is trained from about 70,000 QN
simulations generated with parameters chosen uniformly at
random in Table III. We use JSIMgraph [15] as the simulator.
The maximum iteration number for the fix-point iteration is
10 and the convergence threshold is set to 1×10−4. The final
model size is 2.7MB.

To obtain the policy Π, we use the CEED optimization
parameterized as follows. The loss ratio constraint is set to
0, aiming to prevent any job losses. The penalty parameter γ
for the system loss ratio is 2. Each update step uses a learning
rate of 0.1. In the optimization procedure, the convergence
threshold for the reward is 1 × 10−4, with a maximum of
500 iterations. We consider the top k = 10 assigned scores
in the sparse-softmax function. The time for obtaining the
control policy using CEED for custom CNN, ResNet50 and
ResNet101 are 65, 79 and 247 seconds, respectively, running
on an AMD Ryzen 7 PRO 3700 PC.

6) Experimental protocol: We inject images into the testbed
spaced by exponential inter-arrival times forming a Poisson
process with rate λ = ρ/tmax, where ρ is the load factor, and
tmax is the maximum processing time of the EENN at the
gateway, which in our test is the slowest device.

We evaluate the performance of CEED by comparing it with
the three baseline methods in terms of classification accuracy,
system loss ratio, and mean slowdown, defined as R/tmax

where R is the mean response time of the jobs. Slowdown is

preferred to response time to better account for the difference
in baseline execution speed of the three different EENNs we
consider. Each experiment runs for 30 minutes to ensure it
reaches a steady state, with measurements recorded over an
additional 30-minute period.

B. Results

1) Predictors Evaluation: We first discuss the performance
of the CEED transformer and GNN, using the test set of
threshold data we generated. MSE is used as the performance
metric. For the EENN predictor, the MSE on the confidence
scores for custom CNN, ResNet50, and ResNet101 are all
low: 0.0099, 0.0101, and 0.01905, respectively. The MSE
on the predicted exit probabilities is also low, at 0.00030,
0.00015, and 0.00025, respectively. To assess the performance
of the Loss ratio predictor in a real system, we conduct 100
experiments using ResNet50 with various system topologies,
arrival rates, and memory. The system loss ratio for each
configuration is measured as labeled test data. ChainNet and
our CEED GNN are then used to predict the system loss ratio.
The Mean Absolute Error (MAE) for the loss ratio is 0.0950
for ChainNet but reduces to 0.0718 for CEED’s Loss ratio
predictor, thus obtaining a 24% improvement.

Summarizing, the prediction validations indicate that both
CEED predictors generally feature high predictive accuracy on
their test sets.

2) Synthetic Arrival Processes: First, we show the per-
formance of CEED under various target load factors ρ ∈
{0.75, 1, . . . , 6}, from stable to highly overloaded, leading to
increasing losses. This experiment uses the CIFAR10 dataset
with ResNet50. Fig. 6a compares systems where baselines are
running on the gateway and NE, while the baselines in Fig. 6b
are distributed across all testbed layers.

When the gateway layer is stable with a load factor of 0.75,
CEED and the baselines distributed on gateway-only and NE
can all achieve high accuracy and low loss ratios. However,
the system loss ratio and slowdown increase when the EENN
runs only on the FE or on NE+FE. This is because the arrival
rate at the FE device is four times higher than at the gateway,
while the execution speed at the FE device does not sufficiently
compensate for this increase.

As the load factor increases, the gateway layer becomes
overloaded. This leads to an increase in the system loss ratio
for baselines using AdaEE and the exit-last strategy, though
their accuracy remains at the same level. This is because
these methods do not have a mechanism to prevent job losses.
In contrast, the gateway-only and NE rate-based methods
effectively prevent job losses but reduce accuracy to 0.77 and
0.68, respectively, at a load factor of 3.

CEED’s methodology, instead, thanks to the dynamic se-
lection of the chains, is not forced to serve jobs in a static
partitioning configuration, as different input jobs may follow
different paths in the EENN. This ultimately reduces job
losses and achieves a higher accuracy of 0.91, better than
the rate-based methods, while significantly reducing slowdown
compared to exit-last methods.
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Fig. 6: Performance metric with different load factors
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Fig. 7: Performance metric with different sizes of EENNs

3) Scalability Evaluation: Lastly, we assess the scalability
of CEED by evaluating EENNs of varying size in terms of
the number L of layers and ICs. The custom EENN is the
smallest configuration, ResNet50 is larger, and ResNet101 is
the largest. This experiment focuses on a load factor of ρ = 3.
Fig. 7 shows that CEED consistently achieves higher accuracy
than AdaEE and rate-based methods while minimizing job
losses across all EENNs. CEED also has a significantly
lower slowdown compared to last-based methods. Although
the last-based method is more accurate, it has the highest
loss ratio. Notably, the accuracy of the AdaEE-based method
approaches that of the last-based and CEED in the smaller
custom EENN and ResNet50 configurations. However, their
performance degrades in the larger-size ResNet101 EENN due
to the scalability limitations of the AdaEE action space.

VII. RELATED WORK

EENNs on Single Devices. Several studies have focused on
techniques to leverage early exists when running on single de-
vices. For instance, BranchyNet [5] and SPINN [9] accelerate
inference by adding side branches into the DNN architecture

with early exits controlled by predefined confidence thresh-
olds. Additionally, JEI-DNN [13] and EPNet [26] incorporate
additional neural network modules that autonomously make
exit decisions, but this approach requires extra training.

Recent works also propose methods for dynamically finding
the optimal threshold configuration of an EENN. [8] trans-
forms an EENN with multiple ICs to a single-exit EENN for
analytical tractability and applies a scheduling policy before
execution. A reinforcement learning (RL) approach named
AdaEE [25] selects the confidence threshold from a predefined
threshold set based on the reward, which is defined as the
confidence gain between the exit IC and the preceding ICs.
In contrast to the above works, CEED explores and leverages
deep learning models to optimize IC threshold configurations.

Distributed EENNs. Prior works on collaborative inference
at the edge include Neurosurgeon [11], ANS [27] and the
binary-search-based algorithm in [28], which employ brute-
force search and heuristics to find the optimal partitioning of
a DNN, so as to minimize inference times. However, these
methods are not specifically designed to address EENNs.
Works such as SPINN [9], Edgent [10], and FIN [29] address
this issue. Recently, [30] presents an RL approach to find
an optimal EENN partition point based on system state.
Compared to these works, CEED extends partitioning across
a multilayer edge system not necessarily operating on just the
2/3 layers considered in the above works, which is useful to
support the ongoing trend of deploying DNNs on collections
of several small devices [31]. Moreover, existing studies often
focus on individual performance metrics and neglect loss
ratios. Instead, CEED addresses all these aspects.

VIII. CONCLUSION

This paper tackles collaborative edge inference using
EENNs. CEED controls threshold configurations of the ICs
within the EENN and runtime assignment of jobs to paths
inside the EENNs (chains). The policy is obtained through an
optimization that strives to maximize the accuracy of inference
while minimizing the loss ratio, relying on the predictions of
AI models based on a decoder-only transformer and a GNN.
The evaluation results show that CEED outperforms existing
methods for EENNs, achieving better QoS. Future work may
explore the impact of concept drift in jobs and explore chains
that extend up to the cloud datacenter.
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