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Abstract—Early-exit Deep Neural Networks (EE-DNNs) em-
bed intermediate classifiers along the model architecture, en-
abling local inference when the confidence of an early exit
surpasses a threshold. While this design reduces dependence
on cloud processing, fixed thresholds are unable to adapt to
performance degradation caused by transient software faults or
hardware-software interaction faults. Such faults may manifest as
latency spikes, processing slowdowns, or increased drop rates,
especially in edge—cloud collaborative inference scenarios. This
work proposes a fault-resilient adaptive offloading framework
that combines multi-armed bandit (MAB) threshold selection
with a priority-based input buffer. The adaptive controller
responds to varying conditions, including simulated network
degradation, cloud-side slowdowns, and burst overloads, by
jointly optimizing the accuracy-latency trade-off and ensuring
timely processing of high-priority inputs. We evaluate three
buffer policies—FIFO, Strict Priority, and a Hybrid Priority-
Admission FIFO—in a simulation-based environment using Mo-
bileNetV2 with a single early exit. Results show that the hybrid
policy consistently achieves higher goodput and lower drop rates
under fault-injection scenarios, demonstrating the benefits of
combining adaptive thresholding with priority-aware buffering
for robust EE-DNN operation in fault-prone edge—cloud systems.

Index Terms—Early-Exit Deep Neural Networks, multi-armed
bandits, adaptive thresholding, priority-aware buffering, fault
resilience, edge—cloud computing

I. INTRODUCTION

Deep Neural Networks (DNNs) have achieved state-of-
the-art performance in a wide range of tasks [1], [2], but
their computational demands and inference latency make
deployment challenging in fault-prone, latency-sensitive en-
vironments. In edge—cloud collaborative inference, parts of
the model are executed locally on the edge device while the
remainder is processed in the cloud [3], [4]. This architecture
can be disrupted by software faults (e.g., misconfigurations,
resource leaks) and hardware—software interaction faults (e.g.,
network interface degradation, memory bottlenecks), which
increase inference delays, reduce throughput, and cause input
drops.

One promising approach for mitigating these effects is
the Early-Exit DNN (EE-DNN) architecture [5], [6], which
inserts intermediate classifiers (side branches) into the main
network. When intermediate classification confidence exceeds
a threshold, inference can terminate locally, avoiding further

computation and transmission. This flexibility can reduce
the impact of fault-induced slowdowns in remote processing.
However, most EE-DNN systems use fixed thresholds, which
cannot adapt to dynamic fault conditions. A static policy may
either overload the cloud when thresholds are too high or
unnecessarily sacrifice accuracy when thresholds are too low.

In this work, we enhance EE-DNN fault resilience through:

1) Adaptive Threshold Selection via Multi-Armed Ban-
dits (MABs): A UCB-based algorithm dynamically
selects the early-exit confidence threshold in response
to changing system conditions.

2) Priority-Aware Buffer Management: A Hybrid
Priority-Admission FIFO policy that preserves high-
priority inputs under overload, ensuring critical data is
processed even when faults reduce system capacity.

Beyond the inherent computational constraints of edge

devices, real deployments often face unpredictable runtime
conditions. For instance, in mobile and IoT-based vision
systems, wireless link instability may cause large fluctuations
in transmission delays, while edge servers co-located with
other workloads can suffer from contention in CPU, GPU,
or memory resources. These factors create a dynamic op-
erating context in which inference latency, drop rates, and
accuracy may vary abruptly over short timescales. Static
design choices, such as fixed early-exit thresholds, are ill-
suited to such conditions and may lead to either excessive of-
floading—overburdening the cloud and increasing latency—or
overly aggressive local inference that sacrifices accuracy.

While recent studies have proposed methods for early-

exit threshold selection [7], [8], most have been evaluated
under relatively stable conditions, with little attention paid
to the interaction between threshold adaptation and buffer
management under faults. Likewise, research on priority-
aware buffering in edge—cloud AI pipelines [9] has not con-
sidered the feedback loop between queue state and inference
policy selection. Our work addresses these gaps by jointly
considering threshold selection and buffer admission policies
in a framework that explicitly models transient faults and
performance degradation, thus offering a more resilient design
for fault-prone edge—cloud deployments.

Our simulation results with MobileNetV2 show that the

proposed hybrid policy maintains higher throughput and lower



drop rates compared to FIFO and Strict Priority baselines, par-
ticularly under severe fault conditions. These findings demon-
strate that integrating adaptive thresholding with priority-
aware buffering can significantly improve EE-DNN reliability
in fault-prone distributed Al deployments.

The remainder of this paper is organized as follows. Sec-
tion II reviews the state of the art in Early-Exit DNNs,
priority-aware buffering strategies, and techniques for han-
dling software and hardware—software interaction faults. Sec-
tion III presents the proposed adaptive offloading framework,
detailing the EE-DNN model, the Multi-Armed Bandit for-
mulation for threshold selection, and the overhead modeling
approach. Section IV describes the input buffer manage-
ment policies evaluated in this work. Section V reports the
simulation-based experimental results, including performance
under fault-injection scenarios. Finally, Section VI summa-
rizes our main findings and outlines directions for future
research.

II. RELATED WORK

This section reviews prior work relevant to our contri-
butions, organized into three areas: Early-Exit Deep Neural
Networks, priority-based buffering in inference systems, and
the impact of software and hardware—software interaction
faults on system performance.

A. Early-Exit Deep Neural Networks

The use of Early-Exit Deep Neural Networks (EE-DNNs)
has been extensively explored to reduce inference latency
and computational cost. Foundational architectures such as
BranchyNet [5] introduced intermediate exit points, with early
exit decisions driven by entropy-based confidence. Subsequent
works, including SPINN [6] and SEE [10], refined this ap-
proach by leveraging classification confidence to determine
early termination points.

Other research has adapted early-exit mechanisms for dif-
ferent objectives, such as selecting optimal model depth in
FlexDNN, implementing latency-aware partitioning strategies
like Edgent [4], and optimizing for energy efficiency via
FPGA-based designs, as seen in DynEXxit [11]. These methods
demonstrate that intermediate classifiers can yield substantial
efficiency gains, but most rely on static thresholds, limiting
adaptability under changing runtime conditions.

B. Priority-Aware Buffering in Inference Systems

The use of input buffers to enhance EE-DNN performance
has emerged more recently. Pacheco et al. [12] proposed a
calibration-aided partitioning method where buffer backlog
influences early-exit decisions. Priority policies are long-
established in queueing theory [13], yet systematic evaluations
of different priority schemes in EE-DNN buffers remain
limited [7], [8].

Our work builds on these ideas by comparing FIFO,
Strict Priority, and a hybrid Priority-Admission FIFO in a
unified framework. We also integrate buffer state into the

TABLE I
TABLE OF NOTATION

Symbol  Description

x Input sample to the EE-DNN model.

zr Intermediate feature vector at the side branch.

pr(x) Probability vector from the side branch classifier.
Cr(x) Intermediate classification confidence.

Cr(x)  Final classification confidence (cloud output).

« Early-exit confidence threshold.

a* Optimal early-exit confidence threshold.

A Set of possible confidence threshold actions.

o Processing overhead for offloading to the cloud.

o(q) Overhead as a function of buffer occupancy gq.
AC(x) Gain in confidence from processing to the final layer.
r(at) Instantaneous reward for action a.

E[r(«)] Expected reward for threshold a.

Ni(a) Number of times threshold « is selected up to round ¢.
Qi() Average reward for threshold « at round ¢.

A Input arrival rate (Poisson process).

B Buffer capacity (number of samples).

decision-making loop of a Multi-Armed Bandit (MAB) con-
troller, extending adaptive threshold selection methods such
as AdaEE [14] and UCBEE [15].

C. Software Faults and Hardware—Software Interaction Faults

While early-exit and buffering strategies focus on perfor-
mance optimization, relatively little work addresses fault re-
silience in EE-DNN systems. In distributed Al pipelines, soft-
ware faults—such as scheduler misconfigurations, resource
leaks, or driver bugs—and hardware—software interaction
faults—such as network interface degradation or memory
contention—can degrade performance or cause dropped in-
puts.

Fault injection and simulation are common in software
reliability research [3], but have not been widely applied to
EE-DNN performance evaluation. Our work closes this gap
by explicitly modeling such faults in simulation, including
network degradation, cloud-side processing slowdowns, and
burst arrivals. By integrating MAB-based adaptation with
priority-aware buffering, we provide a fault-resilient inference
framework envisioning high goodput and service quality under
degraded operating conditions.

III. EARLY-EXIT DNN AND MAB FRAMEWORK
A. Early-Exit DNN Model

Figure 1 illustrates an EE-DNN model with a single side
branch employed in a collaborative inference scenario be-
tween the cloud and the edge. In this scenario, after receiving
an input x, the EE-DNN model processes it layer-by-layer
until reaching the side branch (intermediary classifier), where
the side branch computes the intermediate feature vector z;.
Then, a softmax function is applied to obtain an intermediate
probability vector given by p;(x) = softmax(z(x)). Each
component of p;(x) represents the probability that & be-
longs to a specific class. From this vector, the intermediate
classification confidence for the input x is calculated as

Cr(x) = max(p;(x)).
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If this confidence meets or exceeds a given threshold «,
such that Cy(x) > «, the side branch classifies the input as
9 = argmax(p;(x)), and the inference process terminates.
Otherwise, if C7(x) < «, the input is processed by the sub-
sequent layers until the final layer at the cloud server, which
generates a final confidence score Cr(xz). This additional
processing introduces an overhead, denoted by o, which may
become significant depending on the system conditions.

In fully mobile scenarios, where the entire model is ex-
ecuted on the mobile device, the overhead is primarily as-
sociated with the execution time of the subsequent layers
and potentially with energy consumption. In our edge—cloud
collaborative inference scenario, the overhead includes both
the communication time required to transfer data from the
edge device to the cloud and the processing time of the
remaining layers in the cloud.

It is important to note that in real-world deployments, the
inference process can also be affected by software faults
and hardware—software interaction faults [16], [17]. Exam-
ples include scheduler misconfigurations, resource leaks, and
network stack bugs, as well as faults arising from adverse
environmental conditions or hardware malfunctions. Such
faults can introduce additional delays, packet loss, or even
inference failures, effectively altering the perceived overhead
0.

While prior EE-DNN studies often assume fault-free execu-
tion, our work is motivated by these effects. We model them in
simulation by exposing the system to a stream of low-quality
inputs (High Ambiguity scenario) to test its resilience, in
contrast to its performance under nominal conditions (Low
Ambiguity scenario), aligning with established practices in
fault injection [17], [18].

Although EE-DNNs can feature multiple side branches,
this work considers only a single lateral branch to simplify
the analysis. Specifically, we adopt a MobileNetV2 [19]
architecture with a single side branch as the EE-DNN model
for our study.

EE-DNN with a single side branch.

B. MAB Formulation for Threshold Selection

Traditionally, EE-DNN models employ a fixed confidence
threshold «. Nevertheless, they cannot adapt the context
changing in real-world applications as explained previously.
To this end, these applications require context-adaptive thresh-
olds. To dynamically select the optimal confidence threshold
a* according to the context, we model the problem using a
Multi-Armed Bandit (MAB) framework early-exit decisions.

Model: after the edge device receives a given input image
x, the algorithm chooses an action o € A, with each action
of the bandit corresponding to a discrete confidence threshold
value, where A is the set of possible actions. At this stage,
it is important to emphasize that Cj(x) and Cp(x) are
unknown until the input is processed by the DNN model.
Then, we compare the intermediary-layer confidence C;(x)
to the chosen threshold «. If Cj(x) > «, the inference is
concluded and the input @ is classified at the side branch.
Otherwise, Cj(x) < «, the input is offloaded to the cloud.
Thus, the pair Cy(x) and « decide if the early exit occurs.

Upon selecting an action «, an instantaneous reward r(«)
is associated with the threshold. The instantaneous reward
function, r(cy), is defined as follows:

0,
rlad) = {AC —0

where AC(x) = max(Cp(x) — Cr(x),0) represents the
potential gain in confidence from processing the sample to
the final layer. The overhead o represents the cost associated
with this additional processing and associated delays. In this
work, the overhead o is normalized to be commensurate with
AC.

Based on the instantaneous r(cy), we can compute the ex-
pected reward E[r(a)] = E[AC(x) —0|C; < a] - P[C(x) <
a]. Our goal is to find an optimal confidence threshold o*
that achieves the optimal expected reward given by o* =
arg maxqae 4 E[r(a)]. We define the performance of selecting
a policy IIyap over n € N in terms of expected regret given

if Cr(x) > «
otherwise,

)



Algorithm 1: UCB-based algorithm for selecting the
confidence threshold
Input: Policy (a selection policy object), K (number
of thresholds), o (overhead), ¢ > 0
Initialization: Call Policy.Initialize();
For each arm k= 1,..., K, set Qf < 0 and Ny < 0
1 fort=1,2,...,T do

2 if sample x,,.,, arrives then

3 Policy.OnSampleArrival(x,,e.,)

4 end

5 if device is free then

6 x <+ Policy.SelectSampleForProcessing()
7 q < Policy.GetQueueState()

8 oy < argmax, (Qr + ¢ 1/21Int/Ny)

9 if Cr(x) > oy then

10 Process locally

11 re < 0

12 else

13 Offload to Cloud

14 r¢ < max(Cp(x) — Cr(x),0) — o(q)
15 end

16 Nt(Oét) = Nt,l(at) +1

17 Qt(ar) = Zi:1 ru(ow)H{ay = oz} /Ni(ow)
18 end

19 end

by R(Ilyag, n) = n-E[r(a*)] = > 1, E[r(a)IImag], where
a4 denotes the confidence threshold chosen by the algorithm
at the round ¢.

Algorithm: Among the many algorithms available for the
MAB framework [20], this work employs an algorithm based
on Upper Confidence Bound (UCB) [21], which is introduced
in [14], [15]. Algorithm 1 presents the pseudocode of the
employed algorithm (see also Figure 2).

The algorithm takes as input the trade-off parameter be-
tween exploration and exploitation, ¢, and the number of
thresholds, K. Initially, each threshold is applied once to
the first K inputs, generating one input per arm. In the
subsequent rounds, whenever a new sample ., arrives,
it is stored in a buffer on the edge device (lines 2 — 4).
Next, when the edge device is available, an input x is drawn
from the buffer according to the priority policy described in
Section IV (lines 5 — 7). At each round, the algorithm selects
the threshold associated with the highest UCB index (line
8). If the intermediate-layer confidence Cj(x) exceeds the
selected threshold oy, an early exit is performed (lines 9 —
11). Otherwise, the input is processed through all subsequent
layers at the cloud, and the prediction from the layer with the
highest confidence score is considered the final output (lines
12 — 15). The statistics N;(ay) and @Q¢(c;) are then updated
(lines 16 — 17), where N¢(ay) represents the number of times
action a4 has been selected up to round ¢, and Q;(«:) denotes
the average reward associated with action oy at round ¢.

Overhead Function: we employ the concept of side in-
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Agent—environment loop for adaptive early exit in edge—cloud

formation, which refers to observable variables that capture
the real-time state of the system or environment, making our
algorithm a contextual bandit [22].

We will focus on the impact of overhead on buffer per-
formance. According to Little’s law [23], which states that
the average queue length is proportional to the arrival rate
and the average waiting time, we can express our overhead
o(q) as a function of buffer occupancy. Based on this, we
define a quadratic overhead function o(q), which captures the
following components: (i) delay-related penalty that grows
quadratically with queue accumulation, (ii) a per-sample cost
incurred when offloading data to the cloud, and (iii) fixed
infrastructure and operational costs, modeled as a constant
term. The resulting overhead function is given by o(q) =
01G>+02q+03, where o1, 02, and o5 reflect the relative weight
of each overhead component. This overhead model will serve
as the basis for the adaptive offloading strategy evaluated in
the experiments section.

IV. INPUT BUFFER

Given the adaptive offloading scenario, depicted in Figure 1,
each time an input arrives at an edge device, it is placed into a
finite input buffer with capacity B. Moreover, we assume the
input arrivals are modeled as a Poisson process with rate .
Next, each stored sample is subsequently retrieved from the
buffer and processed by the EE-DNN model. In this work,
we examine the following buffer management policies (see
Figure 3):

« FIFO: This policy employs a single buffer with a strict
First-In, First-Out (FIFO) rule. Both admission and re-
moval are sequential, making the system unaware of
sample priority.

o Strict Priority (SP): This policy maintains a separate
FIFO queue for each priority class. Each of these queues
individually has the same capacity as the single buffer in
the baseline FIFO system. At each service opportunity,
the scheduler selects the first sample from the highest-
priority non-empty queue.

o Priority-Admission FIFO (Hybrid): A single shared
queue is used with FIFO removal order. However, ad-
mission is priority-aware: if the buffer is full, an arriving



sample can replace an existing one with strictly lower
priority.

The Decision Maker (DM) must resolve the trade-off be-
tween early exits (possibly lower accuracy, lower delay) and
full processing (possibly higher accuracy, higher delay), a de-
cision made critical by the varying importance of each sample.
The objective is to maximize throughput, which prioritizes the
correct classification of high-value observations.

This creates a challenge: a full buffer risks dropping high-
priority inputs. Therefore, optimizing throughput requires a
policy that balances early-exit usage against the value of each
specific input.

V. EXPERIMENTAL RESULTS

This section evaluates the performance of our adaptive
offloading system under different buffering policies, as ex-
plained in Section IV. In these experiments, we assume the
inputs arrive according to Poisson with rate A\ and we vary
A € [0.5,3.0]. The simulation environment is driven by
synthetic data samples designed to emulate the output of an
early-exit DNN model with a single side branch. Specifically,
we employ a MobileNetV2 with a single side branch. For
the experimental evaluation, we conduct 30 simulation runs
per scenario, each spanning 5000 turns. The buffer capacity
is fixed at B = 7 items for all buffer policies. This buffer
capacity is a calibrated trade-off. A smaller capacity (e.g.,
B < 4) would be insufficient to absorb traffic bursts, resulting
in high data loss, while a larger one (e.g., B > 12) would
permit excessive queuing delay that would distort the learning
agent’s cost-sensitive reward function.

Performance metrics are weighted to reflect the intrinsic
value of each service class, with inputs categorized by priority
based on their certainty and importance. The chosen weights
(1-Low, 2-Medium, 3-High) are critical for a fair evaluation
across scenarios with shifting class distributions, as they
prevent the final metric from being skewed by the sheer
volume of low-priority traffic. This linear scheme quantifies
the relative importance, where the value of a high-priority
input is equivalent to the combined value of a low- and a
medium-priority input.

The offloading cost is modeled as follows: a variable
network delay and a queuing-sensitive cost function. The
network delay for each transmission includes a base latency
of 30 ms and a random jitter uniformly distributed in the
range of +10 ms to simulate channel volatility. Separately,
the abstract offloading cost is defined by three components: a
queue accumulation penalty of o1 = 0.009 which scales with
buffer occupancy; a per-item cost of oo = 0.02; and a constant
baseline term of o3 = 0.01. These parameter values were
calibrated to be commensurate with the average confidence
gain of the network, AC = 0.15, based on an independent
simulation of 1000 turns with parameter calibration through
regression-based curve approximation.

To assess system performance under varying conditions, we
define two distinct scenarios for the generation of confidence
scores. In all scenarios, scores are sampled from Normal

distributions (N (u, o)) and subsequently clipped to the range
[0.1,0.99]. The scenarios are as follows:

e Scenario 1: Low Ambiguity. This scenario simu-
lates the system’s nominal operating conditions, where
the model is well-adapted to the input data stream.
The intermediate-layer confidence Cr(x) is drawn from
N (0.85,0.15), while the final-layer confidence C () is
drawn from A(0.90,0.15). The high mean confidence
ensures a steady stream of high-quality, high-priority
samples, allowing for the evaluation of the system’s
throughput and efficiency.

o Scenario 2: High Ambiguity. This scenario stress-tests
the system’s robustness against a sudden context shift or
the influence of external failures, which results in a mass
of low-quality input samples. The intermediate-layer con-
fidence C; () is drawn from A (0.50,0.15) and the final-
layer confidence Cp(x) is drawn from A(0.60,0.15).
The low mean confidence simulates conditions where the
model’s reliability is compromised, flooding the system
with low-priority, high-uncertainty data. This critically
tests the policy’s ability to remain stable and effectively
prioritize the rare high-value samples that may still occur.

System performance is quantified using the following
metrics, analyzed separately for each priority level. Here,
screening refers to an initial confidence-based assessment
of an input’s classification result, performed before deciding
whether to process it locally or offload it to the cloud.

« High priority: screening score > 0.8

o Medium priority: 0.8 > screening score > (0.6

o Low priority: screening score < 0.6

The following metrics are evaluated per priority level:

o Cloud Offloading: proportion of samples sent to the
cloud for final processing.

« Average Latency: mean end-to-end inference time per
sample.

« Drop Rate: fraction of samples discarded due to buffer
overflow or policy preemption.

o Throughput: rate of classified observations per unit
time.

A. Fault Resilience

To illustrate the system’s adaptive capabilities, we evaluate
the response of the policy computed by Algorithm 1 against
cloud failure events. Impact of the agent’s offloading decision
is represented by the blue Edge Usage and yellow Cloud
Usage lines in Figure 4.

The analysis in this section focuses on the Hybrid policy.
Since the UCB algorithm’s offloading decisions are guided
exclusively by queue occupancy rather than the priority of
individual items, any of the buffer policies could demonstrate
this adaptive behavior. The Hybrid policy was selected as a
representative case due to its promising performance in our
experiments.

The results demonstrate the Upper Confidence Bound
(UCB) algorithm’s capability to promptly respond to dynamic
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changes in the cloud connection state. As depicted in Figure 4,
the hybrid buffer reacts to each failure event by shifting its
offloading policy entirely to the edge, effectively abandoning
the cloud. This adaptation occurs along a measurable delay
(At), representing the time required for the agent to accu-
mulate sufficient evidence against the underperforming cloud
option. This reaction time highlights a fundamental trade-off,
which can be tuned via internal constants: a slower, smoother
transition can be configured for systems sensitive to abrupt
policy changes, whereas a more granular and rapid response
can be prioritized for systems where immediate adaptation is
critical.

B. Cloud Offloading

The cloud offloading probability, defined as the fraction
of samples fully processed in the cloud, reveals distinct
behaviors across scenarios. In the Low Ambiguity scenario,

all buffering strategies demonstrate a clear trend of reduced
cloud utilization under increasing arrival rates (\). The hybrid
buffer, however, consistently achieves the lowest offloading
probability, indicating a strong synergy between its preemptive
admission policy and the Multi-Armed Bandit (MAB) learning
agent.

In contrast, the High Ambiguity scenario triggers a more
conservative strategy, resulting in significantly higher cloud
utilization across all buffer types. This behavior highlights
the system’s adaptive response to uncertainty; by offloading
lower-confidence samples, it prioritizes the superior classifi-
cation accuracy of the final-layer processor available in the
cloud.

C. Inference Time

The average inference time results highlight the superior
performance of the strict-priority policy. Across both sce-
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Fig. 5. Cloud Offload Probability results.

narios, this strategy consistently achieves the lowest latency,
showcasing its effective response to increasing system load.
This is attributed to its dedicated queue for high-priority
samples, which guarantees expedited service irrespective of
lower-priority traffic.

In contrast, the FIFO and hybrid buffers, both implemented
on single-queue structures, exhibit tightly coupled perfor-
mance characteristics. Their average latency scales predictably
with the arrival rate ()\), demonstrating stable, albeit higher,
service times as the system approaches saturation. This pre-
dictable increase in latency under load is a key factor that
informs the MAB’s offloading decisions, likely contributing
to the steeper decline in cloud offloading observed for the
hybrid buffer.

D. Drop Rate

Regarding the weighted drop rate, the hybrid buffer demon-
strates markedly superior performance, consistently outper-
forming both the FIFO and strict-priority policies. Its effec-
tiveness stems from a preemptive admission control mech-
anism: upon arrival, a high-priority sample can displace a
lower-priority sample already in the queue. This policy en-
sures that the most critical data is preserved, resulting in the
lowest overall weighted drop rate.

Interestingly, the strict-priority and FIFO buffers exhibit

comparable performance under this metric. While the strict-
priority architecture aggressively discards low-priority sam-
ples under load, its perfect preservation of high-priority sam-
ples is heavily rewarded by the weighted scoring system. This
advantage is balanced by the indiscriminate dropping of all
priority levels by the FIFO buffer, ultimately placing the two
policies on par.
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Fig. 6. Drop Rate results.

E. Throughput

Finally, the weighted throughput results confirm the hybrid
buffer’s superior adaptability to increasing demand. This per-
formance stands in contrast to the FIFO and strict-priority
policies, which again exhibit tightly coupled behavior and
a more pronounced degradation in throughput as the system
load intensifies. The hybrid model’s ability to maintain higher
throughput underscores the benefits of its preemptive policy
in maximizing system utility.

VI. CONCLUSION AND FUTURE WORK

This paper investigated the impact of different priority
policies on output buffers for Early-Exit Deep Neural Net-
works (EE-DNNs) in an edge—cloud collaborative inference
setting. Our results show that a hybrid policy, combining a
conventional First-In, First-Out (FIFO) buffer with preemption
mechanisms, yields promising results for cloud offloading
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applications. Strict priority systems also prove effective in sce-
narios that require uninterrupted processing of high-priority
samples.

A key motivation for this study stems from the observa-
tion that software faults and hardware—software interaction
faults—such as scheduler misconfigurations, resource leaks,
and network stack bugs—can unpredictably affect inference
latency and throughput. By designing priority-aware buffer-
ing and adaptive offloading strategies, we aim to increase
resilience to such performance-degrading conditions.

For future work, we plan to extend the buffer management
framework to support multiple priority levels and evaluate
it in other application domains, such as text classification
and real-time video analytics. Additionally, we intend to
investigate a broader range of Multi-Armed Bandit (MAB)
algorithms, including contextual approaches like LinUCB
and Thompson Sampling, with reward functions explicitly
designed to account for fault-induced performance variability
[22]. Finally, we envision integrating our policies into fault-
injection testbeds to assess their robustness under realistic
fault scenarios before deployment in production environments.
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