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Abstract

The deployment of deep learning models for real-time image classi-
fication on resource-constrained sensor devices presents significant
challenges. These devices face strict limitations in computational
power, energy capacity, and memory resources, making it difficult
to achieve both high accuracy and low latency. Current approaches
either compromise model performance through compression or
incur substantial overhead by offloading computation to remote
servers. We introduce a novel distributed progressive inference
platform that addresses these limitations by dynamically balancing
local and remote computation. Our system employs reinforcement
learning to make intelligent decisions about when and where to
perform inference. Experimental results across multiple standard
datasets demonstrate that our approach achieves up to 3% higher
accuracy while reducing network traffic and preserving battery life
compared to existing methods.
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1 Introduction

Edge computing and sensor devices are enabling robust visual data
processing across diverse application domains. Resource-constrained
devices like autonomous vehicles, environmental monitoring drones,
and IoT surveillance systems increasingly leverage convolutional
neural networks (CNNs) for sophisticated computer vision tasks
[13, 16, 18]. However, deploying these computationally intensive
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deep learning models on embedded hardware with limited process-
ing capabilities, memory constraints, and power budgets introduces
significant technical challenges [14]. The growing need to process
data closer to the source while maintaining model accuracy and
real-time performance requirements necessitates novel approaches
for efficient edge inference.

Time-critical sensor applications face strict latency requirements,
for instance, environmental monitoring must process data streams
in real-time to detect critical events such as wildfire detection, ob-
stacle avoidance, and human detection. The key limitations for local
sensor inference are computational power, battery life, and memory
capacity. Modern CNNs deployed on sensor nodes require billions
of operations per inference, overwhelming embedded processors
designed for low-power operation. Local neural network inference
rapidly depletes the limited battery reserves.

Although model compression techniques such as pruning and
quantization can enable local inference, they often degrade accuracy
and limit model capabilities - for example, quantized ResNet-50 [3]
suffers a 2% accuracy drop [2, 4]. Pure cloud offloading introduces
unacceptable communication delays and reliability concerns for
sensor networks operating in remote environments [19].

Split computing is a paradigm which allows for a combination of
local and remote computation by splitting a neural network across
multiple devices [5, 14]. Early exits are a small set of inference layers
attached to the intermediate layers of a larger neural network that
can terminate inference early based on a predetermined confidence
threshold [15, 23].

Recent work on split computing and early exits demonstrate the
potential benefits of approaches that can reduce computational load,
latency, and model "overthinking’ [6, 10, 14, 23]. However, early exit
strategies typically rely on predetermined static thresholds. This
motivates our focus on intelligent local inference strategies that
can maximize accuracy within sensor resource constraints while
selectively leveraging remote computation when beneficial.

We present ADAPT, a distributed progressive inference system
for deploying deep learning on resource-constrained devices. Our
system combines model partitioning with reinforcement learning
to optimize resource usage across sensor nodes and server infras-
tructure. By implementing multiple inference exit points and dy-
namically selecting exit points, ADAPT reduces computational and
energy costs while maintaining accuracy. The system’s key innova-
tions include:

e A novel reinforcement learning agent that makes real-time
decisions about early exit points and server offloading based
on battery levels, network conditions, and inference confi-
dence
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o A flexible progressive inference architecture that enables
dynamic partitioning of neural networks between resource-
constrained devices and server infrastructure

e A comprehensive resource management framework that op-
timizes for multiple objectives including accuracy, latency,
and energy consumption

Through evaluation on CIFAR-10, Tiny ImageNet, and Visual
Wake Words datasets[1, 7, 11], on a custom built simulation plat-
form, with parameters tuned for realistic sensor device constraints,
across a range of model sizes and complexities, we demonstrate
that ADAPT achieves improvement in energy efficiency compared
to baseline approaches while maintaining competitive accuracy.
Our results validate the effectiveness of combining progressive
inference with reinforcement learning for enabling efficient deep
learning on resource-limited sensor devices.

2 Landscape of Confidence Thresholds

In order to motivate our approach, we first examine the limita-
tions of traditional early exit strategies in neural networks. Prior
work has predominantly relied on static confidence thresholds to
determine exit decisions [14]. Through empirical analysis of the
relationship between accuracy and latency across different con-
fidence thresholds, we observe subtle but evident non-uniform
patterns in the decision landscape. As illustrated in Figure 1, certain
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Figure 1: Accuracy and Latency for Confidence Thresholds 1
& 2 (Threshold 3 fixed at 0.75)

threshold combinations can achieve higher classification accuracy
while maintaining equivalent latency. This relationship between
thresholds and performance metrics motivated our investigation
of reinforcement learning as an adaptive control mechanism. By
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combining a lightweight CNN feature extractor with the ability
to analyze exit logits (probability vectors), we hypothesize that an
RL agent can effectively learn optimal exit policies that maximize
accuracy within given resource constraints.

3 ADAPT: System Design

Our system implements a two-tier split computing architecture
optimized for resource-constrained sensor devices. The architecture
consists of:

o Sensor Devices: Resource-constrained nodes equipped with
cameras and basic computing capabilities. These devices
perform initial feature extraction and early-exit inference.

o Server Layer: A remote computing infrastructure (edge or
cloud) that provides additional computational resources for
inference tasks when needed.

The split computing approach enables flexible partitioning of the
neural network across these two tiers. Early layers are deployed
on sensor devices, allowing for immediate feature extraction and
potential early exit decisions. More complex layers can be offloaded
to the server layer based on resource availability and accuracy
requirements.

¢ Battery Constraints: By performing early-exit inference
locally, devices can avoid energy-intensive data transmission
when confidence is high.

e Bandwidth Limitations: Progressive feature extraction
reduces the amount of data that needs to be transmitted to
the server.

3.1 Progressive Inference Architecture

We introduce the concept of a block and early exit. A block is a
coherent set of layers: convolutional, pooling, etc. that we can view
as extracting features at different levels of abstraction [3, 8, 12, 20,
22].

The total loss function £ is defined as a weighted sum of cross-
entropy losses from each exit point:

N
L= wLi
i=1

where N is the number of exit points, w; is the weight for exit i,
and £; is the cross-entropy loss at exit i defined as:

1)

C
Li=- yelog(pic) @)
c=1

3.2 Reinforcement Learning Agent

Q-learning is a model-free reinforcement learning algorithm that
learns an optimal action-selection policy by estimating action-
values (Q-values) through interactions with the environment. The
Q-value Q(s, a) represents the expected cumulative reward when
taking action a in state s and following the optimal policy thereafter.
The Q-learning update rule is:

Q(sp,ar) «— Q(sp,ar) + afry + YméiXQ(StH, a) = Q(sr.ar)] (3)
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where « is the learning rate, y is the discount factor, r; is the
immediate reward, and max, Q(s+1, @) is the maximum Q-value
for the next state.

Because our action space is a mixture of continuous (images,
logits, battery level) and discrete (exit number), we leverage a Deep
Q-Network (DQN) to learn the optimal policy. The action space A
consists of three discrete actions:

e g;: Continue computation to next block
e a,: Exit and return predicted label
e qg3: Transmit current state to server for inference

The observation space S is defined as the tuple:

©

st = (er, by, 11, %4)

e ¢; is a one-hot encoded vector for the current exit
e b, € [0, 1] represents the normalized battery level
e 1; € R€ is the logit vector for C classes

e X, is the input image tensor

Algorithm 2 presents our DQN training approach, which incor-
porates two key mechanisms for stable learning. First, we utilize
experience replay as shown in Algorithm 1, which maintains a
buffer of past state-action-reward-state transitions. This allows the
agent to learn from a diverse set of historical experiences. The
buffer is continuously populated with new transitions as the agent
interacts with the simulated environment according to Algorithm
1.

Second, we employ a target network architecture where a sepa-
rate copy of the main Q-network is maintained and updated less
frequently. This target network provides stable Q-value estimates
for action selection during training, while the main network is
updated regularly to learn from new experiences.

Algorithm 1 Experience Collection

Require: Replay buffer capacity N
1: Initialize replay buffer O with capacity N
2: for each episode do
3: Initialize state s;
4 fort =1toT do
5 With probability €, select random action a;, otherwise
select a; = argmax, Q(s;, a)

6: Execute a;, observe reward r; and next state s;41
7: Store transition (s;, az, ¢, Sg41) in D

8: St < St+1

9: end for

10: end for

We devise a heuristic reward function to guide the training
process, balancing the trade-offs between computation, accuracy,
and latency. The reward function is formulated as:

ac if a; = 0 (continue)

rr=3ae-(1— %)+ fe-c; ifa, =1 (early exit) (5)

ap-log(Ly) + fr- ¢y if a; = 2 (cloud offload)
where a, < 0 is the continue penalty that discourages unnec-

essary computation, ., f, are early exit weights that incentivize
earlier exits while maintaining accuracy, a;, f; are cloud offload
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Algorithm 2 DON Training with Experience Replay

Require: Batch size B, discount factor y, target update interval K
1: Initialize Q-network Q with random weights 6
2: Initialize target network Q” with weights 8" « 6
3: for Until convergence do
4: Sample minibatch of B transitions (s;, a;j, 7}, $j+1) from D

. Sety; = {rj if episode ends

’ ’. 0t .
rj + ymaxy Q'(sj41,a’;0")  otherwise

6: Perform gradient descent step on (y; — Q(s;, a;; 0))?

7 if iteration mod K = 0 then

8 0 — 0 > Update target network
9: end if

10: end for

weights that balance network latency against prediction quality, e;
is the current exit number, E is the total exits, ¢; € {—1, 1} indicates
prediction correctness, and L; is the latency.

These weights are hyperparameters that we set through empiri-
cal evaluation but remained constant across all experiments.

‘ Image ‘ ‘ Logits ‘ ‘ Exit ID ‘ ‘ Battery ‘

| [ ]
,, l

‘ Conv 32 ‘—V‘ Conv 64 ‘—»‘ FC 512 ‘—» (43} —>

Figure 2: Architecture of the Deep Q-Network for early-exit
decisions, processing the input image through convolutional
layers and concatenating auxiliary information before se-
lecting actions.

4 Simulation Environment

Our simulation framework utilizes SimPy[9], a process-based discrete-
event simulation framework, to model the interactions between
system components. The environment consists of three primary
components:

o Sensor Node: Implements image capture and initial process-
ing capabilities, including the early-exit neural network and
decision-making agent.

e Communication Channel: modeled using a naive and
simple Gaussian noise channel model [19]. The transmission
delay follows:

tdelay ~ N (p = 0.15s,0 = 0.02s) (6)

e Server: Handles final classification when sensor nodes opt
to offload computation.
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Metric Model BO B1 B2 B3
Time (s) | MobileNetV2 | .008 | .010 | .010 | .012
ResNet18 .027 .023 .022 .041
MFLOPs | MobileNetV2 1.24 1.22 0.62 1.76
ResNet18 154.1 | 1349 | 134.6 | 1344
mA MobileNetV2 Proc: 487mA, Tx: 342mA
ResNet18 Proc: 690mA, Tx: 342mA
KB All 256 | 128 ] 64| 64

Idle: 324mA, Agent: 0.016s

Table 1: System Profile across different network models and
their blocks on CIFAR-10

The sensor node components include a battery model tracking
state-of-charge, voltage and temperature according to:

I-At
SOC‘[L = SOCt71 -

™)

- Rdischarge - At
capacity

where [ is current draw, At is time interval, Ceapaciry is battery
capacity, and Rgischarge is self-discharge rate. A camera module sim-
ulates image acquisition using cached datasets, while the processing
unit models computational delays as:

®

n
tprocessing = Z tblocki + tagent
i=1

4.1 Performance Metrics

Our simulation framework tracks five critical performance metrics
to evaluate system behavior. We measure classification accuracy
against ground truth labels to assess model performance. Capture-
to-inference latency accounts for both computational and trans-
mission delays. The framework monitors energy consumption by
profiling current draw across different operations. Network us-
age is quantified through the volume of data exchanged between
sensor and server. Finally, we track computational load in FLOPS
for each processing block to analyze resource utilization.

4.2 System Profiling

To ensure realistic simulation of resource constraints, we conducted
extensive profiling using a Raspberry Pi 4 equipped with a PiJuice
battery module[21] (1000mAh LiPo battery) as our reference sen-
sor device platform. The profiling process characterized four key
aspects of system behavior: power consumption through current
draw measurements for processing and transmission operations,
processing times via block-wise execution latency measurements,
computational load by tracking FLOP counts for each network
block, and data transfer based on feature map sizes at different
network stages, see Table 1.

5 Experimental Setup

We evaluated our system using three standard image classification
datasets with different architectures matched to their complexity.
For CIFAR-10(7], a dataset of 60,000 32x32 color images across
10 classes, we employed ResNet18 [3] given its moderate com-
putational requirements. We also employ Resnet18 for the more
complex Tiny ImageNet[11], containing 200 classes and 100,000
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64x64 images. Finally, we evaluated on Visual Wake Words[1]
using MobileNetV2 [17], leveraging its efficiency and low footprint
for this binary classification task of 115,000 images labeled as either
"person” or "not-person”. This dataset closely aligns with real-world
IoT applications like presence detection.

We compare our Deep Q-Learning (DQL) approach against sev-
eral baseline strategies to evaluate its effectiveness:

e Always Transmit (AT): A naive baseline that performs
minimal local computation and transmits data to the server
for all inputs. This represents the traditional cloud-centric
approach.

e Early Exit (EE): A family of confidence-based threshold-
ing strategies with varying aggressiveness setting each exit
threshold to the same value. These strategies could be de-
rived from application-specific requirements for accuracy
and latency.

Strategy Threshold
Early Exit Conservative 0.9
Early Exit Balanced 0.8
Early Exit Aggressive 0.6
Early Exit Very Aggressive 0.4

These baselines represent different points in the trade-off space
between computational efficiency, accuracy, and resource utiliza-
tion. The AT baseline provides a reference for traditional cloud
offloading, while the EE variants demonstrate the impact of differ-
ent static decision thresholds compared to our learned policy.

MobileNetV2 On Visual Wake Words

Strategy | Accuracy (%) | Latency (s) | Data Tx (MB)
DQL 93.88 0.097 803.28
AT 91.78 0.201 1310.72
EC 91.24 0.058 0.0
EB 90.04 0.046 0.0
EA 84.64 0.031 0.0
EVA 82.16 0.027 0.0
ResNet-18 On CIFAR-10
DQL 87.70 0.077 828.01
AT 85.44 0.199 1310.72
EC 84.64 0.057 0.0
EB 83.70 0.049 0.0
EA 78.78 0.036 0.0
EVA 72.40 0.029 0.0
ResNet-18 On Tiny ImageNet

DQL 45.14 0.221 676255.54
AT 44.78 0.199 262144.00
EC 44.84 0.112 0.00
EB 44.74 0.111 0.00
EA 44.42 0.106 0.00
EVA 42.02 0.094 0.00

Table 2: Performance Comparison of Different Strategies on
Benchmark Datasets
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Figure 5: Accuracy vs. latency across datasets, models, and strategies.

6 Evaluation

We evaluated the performance of our ADAPT:DQL approach against
baseline strategies across three benchmark datasets over 5000 sim-
ulation steps (equivalent to 1000 seconds of real-time at 1 FPS), as
shown in Table 2.

Our results demonstrate that the DQL agent achieves superior
accuracy compared to all baselines, including the Always Transmit
strategy. This suggests that the agent successfully learns optimal
exit points for specific images by leveraging both image features
and logit vectors. The lightweight convolutional layers appear to
function as an effective feature extractor, providing sufficient infor-
mation alongside the logit vectors for the agent to make optimal
exit decisions.

Figure 5 illustrates the trade-off between accuracy and latency
in different strategies. As expected, more conservative exit thresh-
olds yield higher accuracy at the cost of increased latency. For less
complex data sets such as CIFAR-10 and Visual Wake Words, our
DQL agent successfully replicates the traditional relationship be-
tween accuracy and latency, showing progressive improvements as
latency increases.
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The Tiny ImageNet dataset presents a unique challenge, with the
full model achieving only 45% baseline accuracy. Due to the reward
function’s emphasis on accuracy, the agent struggles to learn a
policy that disproportionately weights accuracy in the accuracy-
latency trade-off.

The effect of various strategies on resource usage can be seen
in Figure 3 in the case of MobileNetV2 on Visual Wake Words. The
DQL agent performs a trade-off between local computation and
data transmission seen by a modest increase in data transmission
and battery usage and a decrease in computational load.

7 Discussion and Future Work

Our research demonstrates that a Deep Q-Learning agent can effec-
tively learn optimal computation offloading policies, successfully
balancing the trade-off between inference accuracy and latency.
The empirical results reveal the agent’s capability to adapt its exit
strategies based on the inherent complexity of different datasets.
A comprehensive evaluation incorporating various exit place-
ment configurations and network partitioning strategies would
provide deeper insights into the framework’s generalizability. For
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example, depending on the dataset and model architecture, modify-
ing exit placements may yield more representative logit vectors for
the agent to make more optimal exit decisions. Such an analysis
would elucidate the impact of architectural choices on the system’s
overall performance.

Future work should explore the integration of mobile sensor
data and dynamic network conditions to enhance the agent’s adapt-
ability. This extension would better reflect real-world deployment
scenarios and potentially lead to more resilient decision-making
policies.
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