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Abstract
Resource-constrained smart eyewear (SEW) devices face significant
challenges when deploying deep neural networks due to limited
computational capacity and battery life. Computational offloading
to companion devices like smartphones and cloud servers addresses
processing limitations, but data transmission becomes a critical
bottleneck, consuming over 50% of total energy in some scenar-
ios. Although lossless compression methods provide limited data
reduction for intermediate tensors, lossy techniques such as Vec-
tor Quantization (VQ) offer higher compression ratios (requiring
only 3.3 bits per float) at the expense of inference accuracy degra-
dation. This paper presents an adaptive multi-stage compression
framework that dynamically balances these trade-offs across the
SEW-phone-cloud continuum. We employ VQ at the SEW-phone in-
terface where aggressive compression is essential (achieving 89.6%
tensor size reduction with 90% retained accuracy), followed by adap-
tive selection between quantization and run-length encoding for
phone-to-cloud transmission based on network conditions. A Deep
Q-Network (DQN) agent jointly optimizes network partitioning
points and compression strategies to minimize energy consumption
while preserving accuracy and meeting latency constraints. A large
simulation campaign considering object detection and human pose
estimation tasks demonstrate that our method achieves 55–70%
energy savings and 86–91% violation reduction compared to Neu-
rosurgeon (a dynamic partitioning baseline without compression),
45.8% energy savings versus local execution, and 61.1% savings over
uncompressed offloading, with latency violation rates below 9% and
acceptable accuracy loss (8.0–8.1%). These results enable practical
deployment of AI applications on battery-limited SEW devices.

∗These authors contributed equally to this work.

This work is licensed under a Creative Commons Attribution-NonCommercial-
NoDerivatives 4.0 International License.
ICPE ’26, Florence, Italy
© 2026 Copyright held by the owner/author(s).
ACM ISBN 979-8-4007-2325-4/2026/05
https://doi.org/10.1145/3777884.3797016

CCS Concepts
• Information systems→ Computing platforms; • Computing
methodologies→ Reinforcement learning.

Keywords
Deep Reinforcement Learning, Offloading, Tensor Compression,
Cloud computing

ACM Reference Format:
Abednego Wamuhindo Kambale, Samin Shokrivahed, Giacomo Verticale,
Francesca Palermo, Diana Trojaniello, and Danilo Ardagna. 2026. Energy-
efficient Dynamic Partitioning and Tensors Compression of AI Applications
in Smart Eyewears. In Proceedings of the 17th ACM/SPEC International Confer-
ence on Performance Engineering (ICPE ’26), May 04–08, 2026, Florence, Italy.
ACM,NewYork, NY, USA, 15 pages. https://doi.org/10.1145/3777884.3797016

1 Introduction
Smart eyewear (SEW) has evolved beyond its traditional medical
applications to enhance various aspects of daily life. The integra-
tion of sensors and advanced functionalities has enabled a wide
range of innovative applications [19]. Artificial intelligence (AI)
plays a crucial role in augmenting these capabilities, allowing SEW
to provide real-time insights and assistive features [29, 30]. How-
ever, many state-of-the-art AI models, particularly neural networks
(NN), demand substantial memory and computational resources
to deliver high performance. This poses a significant challenge for
SEW, as these devices are inherently constrained in terms of mem-
ory, processing power, and battery life, making the deployment of
AI models on such platforms particularly difficult [5]. This intro-
duces a trade-off: on one hand, there is a demand for sophisticated
AI-driven functionalities with good accuracy, while on the other,
resource efficiency must be prioritized.

To address this challenge, several NN optimization techniques
have been explored in the literature. Model compression [13] and
model quantization [34] are widely used methods for reducing
the size of deep neural networks (DNNs), although at the cost of
potential accuracy loss. Another approach, task offloading [18],
leverages network connectivity to distribute computational tasks
between the SEW device, edge nodes, and cloud servers. This in-
volves partitioning a DNN into multiple segments and executing
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only a portion locally while offloading the remaining computation
to more powerful external devices.

Several studies [16, 18, 33, 36] have investigated task offload-
ing strategies. Offloading requires SEW to communicate with edge
and/or cloud devices via networks such as WiFi and 5G. However,
these networks are susceptible to variability, potentially impact-
ing user experience [17]. Moreover, studies have shown that data
transfer accounts for over 50% of total energy consumption [43].
Reducing data transfer volume could help mitigate energy ineffi-
ciency.

This paper introduces tensor compression as a strategy to mini-
mize data transfer size, thereby reducing both energy consumption
and execution time violations. However, compression inevitably
trades off accuracy as reducing data size and changing informa-
tion representation lead to precision loss. To address this challenge,
we employ a Deep Q-Network (DQN)-based agent that learns the
system dynamics, which are influenced by variations in WiFi and
5G throughput, as well as cloud performance fluctuations. The
Reinforcement Learning (RL) agent is trained to optimize energy
efficiency and minimize the cost of 5G communication while miti-
gating compression-related accuracy loss.

Our main contributions are:
(1) We propose a novel two-stage adaptive compression frame-

work that employs Vector Quantization (VQ) at the SEW-
phone interface to achieve aggressive size reduction (3.3 bits
per float with approximately 90% accuracy). Subsequently,
dynamic selection between quantization and Run-Length
Encoding (RLE) is performed at the phone-cloud interface
based on network conditions. To the best of our knowledge,
this is the first application of VQ to intermediate tensor com-
pression in the SEW computing continuum.

(2) Unlike prior work that optimizes partitioning and compres-
sion independently [7, 20], or focuses solely on partitioning
strategies [17, 31], we jointly optimize DNN partitioning con-
figuration and compression scheme selection across two split
points simultaneously. This holistic approach captures the
interdependencies between partition boundaries and optimal
compression strategies.

(3) We validate our approach through simulation considering
realistic network traces (WiFi and SEW system profiling and
real-world 5G datasets [26]) across two AI applications (ob-
ject detection and pose estimation). Results demonstrate 55–
70% energy savings and 86–91% violation reduction versus
Neurosurgeon [18] (demonstrating the necessity of adaptive
compression), 45.8% energy savings compared to local ex-
ecution and 61.1% savings over uncompressed offloading,
with violation rates below 9% and acceptable accuracy loss
(8.0–8.1%).

The rest of this paper is structured as follows: Section 2 reviews
related work. Section 3 introduces the reference system under con-
sideration and the problem faced, while Section 4 presents our
proposed approach for its solution. Section 5 reports the exper-
imental results, and Section 6 concludes the paper, highlighting
future research perspectives.

2 Related work
This work combines two keys concepts that have been explored
independently in the literature. Section 2.1 reviews the literature
related to DNN partitioning and RL-based task offloading in edge
computing continuum, while Section 2.2 presents the work related
to data compression.

2.1 Reinforcement Learning-based task
offloading

Several works have addressed the challenge of DNN partitioning
and task offloading across distributed computing infrastructures.
In [21], authors developed an algorithm to identify optimal par-
titioning points in multi-device and multi-edge server configura-
tions. They implemented a partitioning point retention scheme
that mitigates search space complexity and generated a cost matrix
processed using the Hungarian algorithm to ascertain device-edge
server pairings that minimize the overall system cost. Tian et al. [36]
introduced EEDPO, a DNN partitioning and offloading approach for
multi-user environments that uses min-cut/max-flow theory and
dynamic programming. Their formulation addresses task comple-
tion maximization while minimizing energy consumption through
joint exploration of DNN model partitioning.

RL approaches have gained attention for their ability to han-
dle dynamic offloading decisions. RL offers key advantages over
dynamic programming and traditional solvers as it manages pa-
rameter uncertainties without explicit system models, enables on-
line adaptation to system dynamics, and provides fast inference
for real-time decision-making [35]. The work in [14] introduced
a DRL-based algorithm that considers logical and data relation-
ships among subtasks modeled as Directed Acyclic Graphs (DAGs).
They introduced an embedding method to encode DAG vertices
into sequences that encapsulate task profiles and dependency infor-
mation. They used an off-policy Deep RL algorithm with clipped
surrogate objectives, though the binary offloading mechanism lim-
its tasks to either local or remote execution exclusively. Kambale
et al. [17] presented a three-layer computing continuum architec-
ture for SEW AI applications, formulating the problem as an MDP
for image-processing inference tasks. Their RL-based approach
dynamically selects configurations to minimize energy consump-
tion and 5G costs while meeting latency requirements. Evaluating
multiple tabular RL methods, they identified Q-learning as most
effective, outperforming baselines and achieving significant energy
savings. However, like all tabular methods, their approach faces
scalability and generalization limitations due to state discretization,
restricting it to low-dimensional state-action spaces. In the context
of Vehicular Edge Computing (VEC), Zhang et al. [41] proposed
RTD, a RL-empowered task diversion scheduling algorithm that
offloads computationally intensive DNN portions to Roadside Units
(RSUs). Their approach models DNN data flow structures and com-
putational load distributions using FLOPs analysis, and formulates
the offloading problem as a joint optimization of latency, energy
consumption, and remaining vehicle battery power. After simplify-
ing the problem through a diversion algorithm, they employ Soft
Actor-Critic (SAC) to determine optimal offloading strategies. How-
ever, their approach focuses on a single-vehicle-to-RSU offloading
scenario and does not consider multi-layer DNN partitioning with
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tensor compression to further reduce communication overhead
between the vehicle and edge infrastructure.

Sohn et al. [33] presented a multi-objective optimization frame-
work combining RL with Lyapunov optimization to balance in-
ference accuracy and computational efficiency, optimizing both
frame dropping and offloading decisions for DNN-based object
detection in resource-constrained Multi-access Edge Computing
environments. They employed a layering approach with the lower
layer managing joint flow control and DNN partitioning while the
upper application layer uses a Lyapunov-guided RL algorithm to
make frame-dropping decisions. More recently, Sedghani et al. [31]
proposed a Federated RL framework for runtime DNN offloading in
SEW that employs layer-level partitioning and adapts to dynamic
network conditions. Leveraging multiple agent for training a shared
policy, their approach produced a more stable policy with lower
variability than single-agent training, particularly as agent count in-
creases. Moreover, their framework maintained effectiveness under
asynchronous learning. However, their approach does not consider
tensor compression, leaving potential energy savings from reduced
data transmission unexplored.

2.2 Compression
DNN partitioning strategies distribute computation across devices
but do not address the communication overhead of intermediate
tensor transfer, which can account for over 50% of energy consump-
tion in offloading scenarios [43], making compression techniques
essential for practical deployment.

Similarly, the same problem exists in distributed training, where
workers must exchange high-dimensional gradient tensors, this
communication quickly becomes a major bottleneck under limited
bandwidth. Works in [1] and [42] address this problem. Abdel-
moniem and Canini [1] propose a delay-aware, training-time gradi-
ent compression method that reduces communication overhead in
distributed training, accelerating training while incurring a loss in
model accuracy due to lossy compression. Xu et al. [42] perform
a comparative analysis of various training-phase communication
compression methods, including quantization, sparsification (se-
lective transmission of major gradient components), and low-rank
approximations, within their GRACE framework for distributed
machine learning. Another line of work modifies the DNN architec-
ture to inherently support compression. In [8], the authors insert a
bottleneck embedding at selected points in the network and par-
tition the model at these locations, allowing the device to send
compact latent representations and thereby reduce communication
overhead while preserving accuracy. However, this design requires
partial retraining, introducing recurring overhead whenever the
model is updated.

Computational, energy, and network bandwidth constraints like-
wise motivate partitioning and compression strategies in Mobile-
Cloud inference settings. Choi et al. [9] propose a dynamic com-
pression method for split computing between mobile devices and
the cloud. Their approach compresses intermediate feature maps
at the partition point using channel-wise slicing combined with
Top-k pruning to reduce transmission latency. To handle varying
network conditions, they perform compression-aware training with
a SuperNetwork that supports multiple compression ratios via joint

training. At runtime, the compression level is selected based on
available bandwidth, enabling adaptive latency reduction with lim-
ited accuracy degradation.

Alternatively, Carra and Neglia [7] examine the direct effect of
quantizing only the coefficients of pre-trained models on tasks like
image classification and object detection. They find that using just
4 bits per coefficient has a minimal impact on performance. Their
work also explores lightweight, lossless encoding techniques such
as RLE.

Conversely, numerous approaches consider lossy quantization
methods during inference time. Among these, Vector Quantization
(VQ) stands out as one of the most promising. For example, Liu et
al. [22] introduce a method called Aligned Vector Quantization for
running large vision language models across an edge device and the
cloud. The key idea is to place a small quantization module at the
point where the model is split so that the edge device sends a highly
compressed version of its intermediate features instead of large
raw tensors or images. Aiming for the same high compression and
low accuracy loss approach we look for less complex VQ approach
which does not require changing the model architecture. In [38],
the authors incorporate vector quantization into a variational au-
toencoder framework and demonstrate VQ-VAE on images, audio,
and video data. VQ-VAE employs a lightweight vector quantiza-
tion module, using simple nearest-neighbor assignments in a small
codebook, which makes the quantization step computationally in-
expensive. Inspired by this work we have experimented the light
weight VQ in inference time in SEW.

3 System Description and Problem Statement
Section 3.1 provides an overview of the reference system, while
Section 3.2 outlines the formulation of the optimization problem
that we investigate in this paper.

3.1 System description
Figure 1 shows a typical scenario in which a SEW user executes
image-based AI applications, such as object detection. These tasks
have strict execution time constraints that directly impact user
experience, e.g. slow object tracking typically requires 1–5 fps, i.e.,
200 ms–1 s, per frame [6]. The goal is to optimize execution while
minimizing data transfer and extending SEW battery life. Given
SEW resource limitations, a mobile phone and cloud infrastruc-
ture assist in computation offloading. The SEW maintains a WiFi
connection to a mobile phone, which offers higher computational
power and communicates with the cloud via 5G. The AI application
consists of a DNN that can be partitioned at specific points, allowing
different partitions to execute across multiple devices, via candidate
DNN configurations [16, 17]. An RL agent dynamically selects the
optimal DNN execution strategy. Three execution scenarios are
possible: 1) SEW-Only mode, the entire DNN runs locally on the
SEW, eliminating data transfer, which is preferred when battery
capacity is sufficient or network conditions are poor; 2) SEW-Phone
mode, if local execution is infeasible or inefficient, the SEW offloads
an intermediate tensor to the mobile phone, reducing its computa-
tional load; 3) SEW-Phone-Cloud mode, for high-computation tasks,
the phone further offloads tensors to the cloud, which processes
the data and returns results via the phone to the SEW. To optimize
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Figure 1: Reference scenario for performing AI tasks with tensor compression
on SEW, mobile phone and cloud.

execution, intermediate tensors undergo compression (Figure 1)
before offloading, reducing transfer size while balancing execution
time, energy efficiency and accuracy loss. The compression pipeline
supports multiple techniques with varying compression-accuracy
trade-offs: quantization reduces bit precision of tensor elements,
RLE exploits value repetitions for lossless compression, and VQ
applies codebook-based lossy compression for more aggressive size
reduction. These techniques are described in detail in Section 4.1.
The RL agent dynamically selects the partition configuration and
compression levels to mitigate performance degradation while bal-
ancing data size reduction and model accuracy loss depending on
system current conditions.

The agent also accounts for network and cloud variability. WiFi
performance fluctuates in congested environments, affecting ap-
plication performance [17, 28]. Similarly, 5G mmWave, while of-
fering high throughput, experiences significant variability [26].
Cloud workloads introduce additional queuing delays, impacting
latency [4]. By adapting to these factors, the proposed process
ensures efficient AI execution across the SEW-phone-cloud system.

3.2 Problem Statement
We consider image-based AI applications that process requests
supplied in the form of image frames with a frequency Λ (expressed
in frames per second). The system control period has a length 𝜏 .
Therefore, all the defined parameters are measured in each time
window 𝜏 .

Let D = {1, 2, 3} denote the set of indices for computing com-
ponents: the SEW (𝑑 = 1), the mobile phone (𝑑 = 2), and the
cloud server (𝑑 = 3). Following the approach in [17], let K =

{𝜅1, 𝜅2, . . . , 𝜅𝐼 } represent the set of all feasible partition configura-
tions, where |K | is the total number of configurations. Each config-
uration 𝜅𝑖 ∈ K specifies a fixed partitioning of the DNN across the
three components, expressed as an ordered tuple 𝜅𝑖 = (𝑝𝑖1, 𝑝𝑖2, 𝑝𝑖3),
where 𝑝𝑖

𝑑
denotes the partition (i.e., subset of DNN layers) assigned

to device 𝑑 under configuration 𝜅𝑖 . The partitions are executed
sequentially which means 𝑝𝑖1 executes on the SEW, 𝑝𝑖2 runs on the
phone and 𝑝𝑖3 on the cloud. To maintain a consistent one-to-one
mapping between devices and partitions across all configurations,
we introduce a placeholder partition 𝑝∅ that represents no compu-
tation. When a device 𝑑 executes no layers in configuration 𝜅𝑖 , we
set 𝑝𝑖

𝑑
= 𝑝∅ . For example, if only the SEW and phone process layers,

then 𝑝𝑖3 = 𝑝∅ .
Let𝒬 = {𝑞1, 𝑞2, . . . , 𝑞 𝑗 } denote the set of data reduction schemes,

where each scheme 𝑞 𝑗 ∈ 𝒬 represents a compression technique

which may be quantization only, quantization and run-length en-
coding (RLE) or vector quantization (VQ). Throughout this formu-
lation, we use the terms “quantization”, “RLE”, and “VQ” if we want
to explicitly differentiate them, and “data reduction scheme” or
“compression scheme” for all as they all describe methods for data
reduction applied to intermediate tensors. The available schemes,
as in other literature approaches [7, 38], include quantization alone
(utilizing 6, 7, or 8 bits), quantization combined with RLE applied
at 6, 7, or 8-bit levels and VQ (with 2 or 3 bits per element). More
details are provided in Section 4.1.

Unlike the partitioning strategy, the data reduction schemes can
be independently selected for each communication link. Specifically,
split point 1 refers to the SEW-to-phone communication link, and
split point 2 refers to the phone-to-cloud communication link. Both
data reduction schemes are selected from the same set 𝒬. This
formulation allows the same data reduction scheme to potentially be
applied at both splitting points, or different schemes to be selected
independently for each communication link.
3.2.1 Decision Variables. We introduce one master binary decision
variable and three auxiliary binary decision variables:

• 𝑢𝑖 𝑗𝑘 which is 1 if configuration 𝜅𝑖 is chosen and compres-
sion schemes 𝑞 𝑗 and 𝑞𝑘 are selected for split point 1 and 2,
respectively, and 0 otherwise. This is the master decision
variable.

• 𝑥𝑖 which is 1 if configuration 𝜅𝑖 is chosen and 0 otherwise.
This auxiliary variable extracts the partition selection from
𝑢𝑖 𝑗𝑘 .

• 𝑦𝑖 𝑗 which is 1 if configuration 𝜅𝑖 is selected and compression
scheme 𝑞 𝑗 is chosen for split point 1 and 0 otherwise. This
auxiliary variable is used with parameters that depend on
partition and first compression only.

• 𝑧𝑖𝑘 which equals 1 if configuration𝜅𝑖 is selected and compres-
sion scheme 𝑞𝑘 is chosen for split point 2 and 0 otherwise.
This auxiliary variable is used with parameters that depend
on partition and second compression only.

The cardinalities |K | and |𝒬 | denote the total number of partition
configurations and data reduction schemes, respectively. Moreover
both 𝑞 𝑗 , 𝑞𝑘 ∈ 𝒬.

3.2.2 Constraints. At each time slot 𝜏 , exactly one combination
of partition configuration and data reduction schemes must be
selected:

|K |∑︁
𝑖=1

|𝒬|∑︁
𝑗=1

|𝒬|∑︁
𝑘=1

𝑢𝑖 𝑗𝑘 = 1 (1)

The auxiliary variables are defined through linking constraints
that extract specific aspects of the master decision:

𝑥𝑖 =

|𝒬|∑︁
𝑗=1

|𝒬|∑︁
𝑘=1

𝑢𝑖 𝑗𝑘 ∀𝑖 ∈ K (2)

𝑦𝑖 𝑗 =

|𝒬|∑︁
𝑘=1

𝑢𝑖 𝑗𝑘 ∀𝑖 ∈ K, ∀ 𝑗 ∈ 𝒬 (3)

𝑧𝑖𝑘 =

|𝒬|∑︁
𝑗=1

𝑢𝑖 𝑗𝑘 ∀𝑖 ∈ K, ∀𝑘 ∈ 𝒬 (4)
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All decision variables are binary:

𝑥𝑖 , 𝑦𝑖 𝑗 , 𝑧𝑖𝑘 ,𝑢𝑖 𝑗𝑘 ∈ {0, 1} (5)

3.2.3 Parameters. For any given combination of partition config-
uration 𝜅𝑖 and data reduction schemes 𝑞 𝑗 (SEW→phone) and 𝑞𝑘
(phone→cloud), we define the following parameters:

• 𝜇𝑖 𝑗𝑘 : The mean Average Precision (mAP) obtained by run-
ning configuration 𝜅𝑖 with compression scheme 𝑞 𝑗 for SEW-
to-phone transfer and scheme 𝑞𝑘 for phone-to-cloud transfer.
This value is obtained by comparing the output of the model
after applying 𝑞 𝑗 and 𝑞𝑘 with the ground truth (output) from
the non-partitioned model using a large validation dataset.

• 𝑡𝑖
𝑑
: the local execution time of the partition 𝑝𝑖

𝑑
of configu-

ration 𝜅𝑖 on device 𝑑 ∈ D. This time depends only on the
partition configuration, not on the compression scheme.

• 𝑙
𝑖 𝑗

𝑞,𝑆𝐸𝑊
and 𝑙𝑖𝑘

𝑞,𝑝ℎ𝑜𝑛𝑒
: the compression overhead on the SEW

and the phone respectively, when configuration𝜅𝑖 is selected
and compression schemes 𝑞 𝑗 and 𝑞𝑘 are applied at split point
1 and 2, respectively. These latencies depend on 𝑖 because
the partition configuration determines the size of the inter-
mediate tensor, which affects the compression overhead.

• 𝑙
𝑖 𝑗

−𝑞,𝑝ℎ𝑜𝑛𝑒 and 𝑙
𝑖𝑘
−𝑞,𝑐𝑙𝑜𝑢𝑑 : the decompression overhead on the

phone and the cloud, with configuration 𝜅𝑖 and compression
schemes 𝑞 𝑗 and 𝑞𝑘 at split point 1 and 2, respectively.

• 𝑒
𝑖 𝑗

1 : per-request energy consumption (in joules) for local
computation on the SEW. This energy comprises the DNN
partition execution and the compression energy consump-
tion and it is determined through profiling on the SEW.

• 𝑒
𝑖 𝑗𝑘

2 : per-request energy consumption (in joules) for local
computation on the phone. It includes the DNN partition ex-
ecution, decompression, and compression energy consump-
tion and it is determined through profiling on the phone.

• 𝛿
𝑖 𝑗

12: The size of intermediate tensor data transferred from the
SEW to the phone when using configuration 𝜅𝑖 and applying
data reduction scheme 𝑞 𝑗 to the intermediate tensors.

• 𝛿𝑖𝑘23 : The size of intermediate tensor data transferred from the
phone to the cloud when using configuration𝜅𝑖 and applying
data reduction scheme 𝑞𝑘 to the intermediate tensors.

Additionally, we define the following system parameters that
are independent of the configuration and compression scheme
selection:

• 𝑟𝑊𝑖𝐹𝑖 : The throughput of the WiFi connection between SEW
and phone (in bytes per second).

• 𝑟5𝐺 : The throughput of the 5G connection between phone
and cloud (in bytes per second).

• 𝑔: The unit cost per byte transferred over 5G (in currency
units per byte).

• 𝜃𝑆𝐸𝑊 : The power consumption of the SEWwireless interface
during data transmission (in watts).

• 𝜃𝑝ℎ𝑜𝑛𝑒 : The power consumption of the phone 5G interface
during data transmission (in watts).

• 𝛼 : Energy cost coefficient (in $/joule) for converting energy
consumption to monetary cost in the objective function.

• 𝐿𝑚𝑎𝑥 : Maximum allowable end-to-end latency for satisfac-
tory user experience (in seconds).

3.2.4 Data Transmission Latency and Cost. The transmission laten-
cies between the SEW and phone (𝑙𝑠𝑝 ), and between the phone and
cloud (𝑙𝑝𝑐 ), are expressed as:

𝑙𝑠𝑝 =

∑|K |
𝑖=1

∑|𝒬|
𝑗=1 𝛿

𝑖 𝑗

12 · 𝑦𝑖 𝑗

𝑟𝑊𝑖𝐹𝑖

(6)

𝑙𝑝𝑐 =

∑|K |
𝑖=1

∑|𝒬|
𝑘=1 𝛿

𝑖𝑘
23 · 𝑧𝑖𝑘

𝑟5𝐺
(7)

The 5G usage cost is defined as:

𝑐5𝐺 =

|K |∑︁
𝑖=1

|𝒬|∑︁
𝑘=1

Λ · 𝑔 · 𝛿𝑖𝑘23 · 𝑧𝑖𝑘 (8)

3.2.5 Application Latency and Compression Overhead. The execu-
tion time on the SEW comprises the DNN partition execution time
and the compression overhead and is expressed as:

𝑙𝑆𝐸𝑊 =

|K |∑︁
𝑖=1

𝑡𝑖1 · 𝑥𝑖 +
|K |∑︁
𝑖=1

|𝒬|∑︁
𝑗=1

𝑙
𝑖 𝑗

𝑞,𝑆𝐸𝑊
· 𝑦𝑖 𝑗 (9)

In the same way, the execution time on the phone comprises the
DNN partition execution time, the decompression overhead for
data coming from SEW and the compression overhead for data to
send to the cloud:

𝑙𝑝ℎ𝑜𝑛𝑒 =

|K |∑︁
𝑖=1

𝑡𝑖2 · 𝑥𝑖 +
|K |∑︁
𝑖=1

|𝒬|∑︁
𝑗=1

𝑙
𝑖 𝑗

−𝑞,𝑝ℎ𝑜𝑛𝑒 · 𝑦𝑖 𝑗+

+
|K |∑︁
𝑖=1

|𝒬|∑︁
𝑘=1

𝑙𝑖𝑘
𝑞,𝑝ℎ𝑜𝑛𝑒

· 𝑧𝑖𝑘 (10)

We model the cloud server as an M/M/1 queueing system, where
task arrivals from all connected users follow a Poisson distribution
as commonly assumed in cloud and edge computing literature
[4, 17]1. Under this assumption, the cloud processing latency follows
an exponential distribution.

The total end-to-end latency is:
𝑙𝑡𝑜𝑡𝑎𝑙 = 𝑙𝑆𝐸𝑊 + 𝑙𝑝ℎ𝑜𝑛𝑒 + 𝑙𝑠𝑝 + 𝑙𝑝𝑐 + 𝑙𝑐𝑙𝑜𝑢𝑑 (11)

3.2.6 Energy Consumption. The power consumption for local exe-
cution on the SEW and phone is:

𝑃𝑒𝑥𝑒𝑆𝐸𝑊 =

|K |∑︁
𝑖=1

|𝒬|∑︁
𝑗=1

Λ · 𝑒𝑖 𝑗1 · 𝑦𝑖 𝑗 (12)

𝑃𝑒𝑥𝑒𝑃ℎ𝑜𝑛𝑒 =

|K |∑︁
𝑖=1

|𝒬|∑︁
𝑗=1

|𝒬|∑︁
𝑘=1

Λ · 𝑒𝑖 𝑗𝑘2 · 𝑢𝑖 𝑗𝑘 (13)

Recall that energy consumption 𝑒
𝑖 𝑗

1 and 𝑒
𝑖 𝑗𝑘

2 are determined
through energy profiling on the SEW and the phone respectively.
𝑃𝑒𝑥𝑒𝑆𝐸𝑊 comprises the power consumed by DNN partition exe-
cution and by the tensor compression before transmission to the
phone, while 𝑃𝑒𝑥𝑒𝑃ℎ𝑜𝑛𝑒 encapsulates the power usage for tensor
decompression, DNN partition execution and tensor compression
before transmission to the cloud.
1Since AI systems show more deterministic response times, modeling them with expo-
nential response times (like in M/M/1) overestimates variability and delays. In reality,
AI response times are less variable and more predictable—closer to deterministic pro-
cessing (M/D/1). Thus, assuming exponential response times is a worst-case scenario
for our RL agent, as actual AI performance benefits from lower variability and more
concentrated response time distributions.
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The data transfer power consumption is:

𝑃𝑤𝑢 =

∑|K |
𝑖=1

∑|𝒬|
𝑗=1 Λ · 𝜃𝑆𝐸𝑊 · 𝛿𝑖 𝑗12 · 𝑦𝑖 𝑗

𝑟𝑊𝑖𝐹𝑖

, (14)

𝑃5𝑔𝑢 =

∑|K |
𝑖=1

∑|𝒬|
𝑘=1 Λ · 𝜃𝑝ℎ𝑜𝑛𝑒 · 𝛿𝑖𝑘23 · 𝑧𝑖𝑘

𝑟5𝐺
, (15)

where 𝜃𝑆𝐸𝑊 and 𝜃𝑝ℎ𝑜𝑛𝑒 denote the power consumption of the SEW
wireless interface and phone 5G interface during data transmission,
respectively. Note that, in practice, these power values capture both
the network interface and the CPU activity involved in data transfer,
as they are measured jointly during profiling (see Appendix A).

The total energy consumption is:
𝐸𝜏𝑆𝐸𝑊 = 𝜏 (𝑃𝑒𝑥𝑒𝑆𝐸𝑊 + 𝑃𝑤𝑢 ) (16)
𝐸𝜏
𝑝ℎ𝑜𝑛𝑒

= 𝜏 (𝑃𝑒𝑥𝑒𝑃ℎ𝑜𝑛𝑒 + 𝑃5𝑔𝑢 ) (17)

3.2.7 Optimization Problem. The agent objective is to optimize the
execution of DNN layers across the SEW, mobile phone, and cloud,
while considering the available computational resources and the re-
maining battery capacity on the SEW. The decision-making process
can be formulated as an optimization problem aimed at minimizing
a cost function that balances energy consumption, communication
costs, and inference accuracy:

min
𝑥,𝑦,𝑧,𝑢

(
𝛼 (𝐸𝑆𝐸𝑊 + 𝐸𝑝ℎ𝑜𝑛𝑒 ) + 𝑐5𝐺

𝑚𝐴𝑃

)
𝜏 (P1a)

subject to constraints (1)-(5), and:
𝑙𝑡𝑜𝑡𝑎𝑙 < 𝐿𝑚𝑎𝑥 (P1b)

where:

𝑚𝐴𝑃 =

|K |∑︁
𝑖=1

|𝒬|∑︁
𝑗=1

|𝒬|∑︁
𝑘=1

𝜇𝑖 𝑗𝑘 · 𝑢𝑖 𝑗𝑘 (18)

The latency constraint (P1b) guarantees real-time performance,
ensuring the total execution time remains below 𝐿𝑚𝑎𝑥 to meet
application-specific requirements for satisfactory user experience.
The optimization problem (P1) can be solved optimally by exhaus-
tive enumeration , with polynomial complexity of O(|K | × |𝒬 |2).
However, solving it optimally in real-time is challenging due to:
(1) large action spaces (|K | × |𝒬 |2 combinations), (2) unknown
system dynamics (cloud workload and network conditions which
vary unpredictably), and (3) strict real time constraints requiring
decisions within milliseconds. These characteristics motivate an
RL approach, which learns optimal policies through environment
interaction without explicit models. Section 4.2 details our Deep Q-
Network (DQN) solution that adaptively balances energy, latency,
and accuracy under dynamic conditions.

4 Methodology
In this section, we provide a concise overview of the proposed
approach to tackle the problem outlined in the previous section.
Section 4.1 describes the quantization strategy applied to DNN inter-
mediate tensors to reduce the transmission energy while Section 4.2
details the RL approach.

4.1 Tensor compression
In our work, we aim to apply a lightweight post-training com-
pression method during inference. This approach is designed to be
compatible with state-of-the-art, off-the-shelf deep neural networks

(DNNs) without requiring retraining or on-device optimization–
both of which would demand additional development effort and
could lead to accuracy degradation. The three compression tech-
niques evaluated in this study are as follows:

4.1.1 Quantization. We employ linear quantization [7], which
scales tensor elements (generally in floating-point representations)
within min-max ranges to fixed-precision representations while
preserving relative differences. The number of quantization bits
determines the size-accuracy trade-off at each split point.

4.1.2 Quantization + Run-length Encoding. To improve the results
that can be achieved by quantization, we also considered RLE, a
lossless compression technique that exploits repetition patterns in
data by storing consecutive occurrences as (count, value) pairs. In
our implementation, we use (n-1)-bit quantization and allocate the
most significant bit for RLE encoding, trading one bit of accuracy
for substantial size reduction. RLE takes as input tensors quantized
using (n-1) bits and further compresses them, with maximum repe-
tition count𝑀𝑎𝑥𝑐𝑜𝑢𝑛𝑡 = 2𝑛−1−1. Below is an illustration of the RLE
compression method: This sequence of data has to be transmitted
after compression by RLE in 8 bits (using 7 bits and saving 1 bit for
RLE flag):

5,0,0,0,0,0,0,0,0,0,0,0,0,0,0

RLE Compressed is as follows:
5,142,0

the binary representation is:
00000101,10001110,00000000

The most significant bit is used for RLE (shown by red in the rep-
resentation of the bits), which indicates if an element is a value
(0) or a repetition representation (1). The first value is sent as is
because there is no repetition, the second value is repeated 14 times,
which is why we send 14 plus the 1 in the most significant bit value
(adding 27) resulting in value 142 as the element to be sent to show
the number of repetitions which is followed by the corresponding
value which is zero.

4.1.3 Vector Quantization. VQ [15] is a compression technique
that maps high-dimensional vectors onto a finite codebook of repre-
sentative entries. Each input vector is approximated by its nearest
codebook entry, with only the corresponding index transmitted.
Unlike linear quantization, which uniformly partitions space into
equal intervals, VQ divides the vector space into non-uniform re-
gions whose shape and size depend on input distribution, with each
region centroid serving as the representative codeword. VQ oper-
ates on sub-vectors of specified size rather than individual elements,
enabling compression ratios corresponding to non-integer bits per
element (i.e., float to be transmitted). Our VQ implementation is
depicted in Figure 2 and Figure 3.

VQ components in the pipeline are as follows:
• Chunk Quantizer: Input tensor𝑇 = {𝑡1, 𝑡2, . . . , 𝑡𝑆 } of size 𝑆
is divided into𝑀 smaller vectors of size𝐶 ,𝑉 = {𝑣1, 𝑣2, . . . , 𝑣𝑀 },
with padding applied when 𝑆 mod 𝐶 ≠ 0.

• Vector Quantizer: Each vector 𝑣𝑚 is quantized by finding
its nearest codeword ℎ𝜓 using Euclidean distance. Let 𝑉 be
the matrix of input vectors and 𝐻 be the codebook matrix.
The distance matrix is computed as:

𝐷 = ∥𝑉 ∥21⊤Ψ + 1𝑀 ( ∥𝐻 ∥2 )⊤ − 2𝑉𝐻⊤ (19)
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where 𝐷𝑚𝜓 represents the distance between vector 𝑣𝑚 and
codeword ℎ𝜓 , and Ψ is the codebook size. Computing 𝐷

via matrix multiplications is GPU-efficient. Each vector is
replaced by its nearest codeword index:

𝑞𝑚 = argmin
𝜓

∥𝑣𝑚 − ℎ𝜓 ∥22 (20)

The output contains𝑀 indices. If the codebook has Ψ code-
words, each index requires log2 Ψ bits. Both Chunk Quan-
tizer and Vector Quantizer are part of the encoder pipeline
(Figure 2).

• Codebook: The codebook directly affects accuracy and com-
pression ratio. It is generated by training on representative
data via K-means clustering [15] with predetermined size:
codewords are randomly initialized, vectors iteratively as-
signed to nearest codewords via Euclidean distance, and
codewords updated as cluster centroids until reaching the
predefined iteration. At the end of the chosen epochs, we
retrieve the codebook filled with Ψ codewords of equal size
C.

• Vector Decoder: The decoder receives the compressed vec-
tor and maintains a codebook copy. For each index, it per-
forms a lookup to find the corresponding codeword, replaces
the index with this codeword, and reconstructs an estimate
of the original tensor (Figure 3).

Chunk Quantizer Vector Quantizer

CodeBook

Input
Tensor

v1 v2 vm
Compressed

Tensor

T Q

TX

Figure 2: Encoder pipeline: input tensor T is divided into smaller vectors,
quantized using a codebook, and replaced with codeword indices to produce

compressed output Q.

Vector Decoder

CodeBook

Estimated
Input

Tensor

Compressed
Tensor

Q
T'

RX

Figure 3: Decoder pipeline: compressed Q is received, indices are replaced
with codewords to reconstruct tensor T’, which is fed to the next model

partition.

4.2 Reinforcement Learning Approach
Considering the challenges presented at the end of Section 3.2.7,
we propose an RL approach, which learns optimal policies through
interaction with the environment without requiring explicit system
models [35]. In RL, an agent learns to make sequential decisions by
observing the environment state 𝑠 , selecting an action 𝑎, receiving
a reward 𝑅, and transitioning to a new state 𝑠′. Through repeated
interactions, the agent learns to maximize cumulative long-term
rewards by discovering which actions lead to favorable outcomes.

We formulate our problem as a Markov Decision Process (MDP)
⟨S,A, P, 𝑅,𝛾⟩, where S is the state space,A(𝑠) is the action set in state
𝑠 , 𝑃 (𝑠′ |𝑠, 𝑎) is the transition probability, 𝑅(𝑠, 𝑎, 𝑠′) is the immediate
reward, and 𝛾 ∈ [0, 1] is the discount factor.

The state captures system conditions and current configuration:

𝑠 = (𝑙SEW, 𝑙phone, 𝑙cloud, 𝑟WiFi, 𝑟5G, 𝑞12, 𝑞23) . (21)

The state representation captures the minimal set of variables that
jointly determine offloading cost and feasibility. The per-tier laten-
cies 𝑙𝑆𝐸𝑊 , 𝑙𝑝ℎ𝑜𝑛𝑒 , and 𝑙𝑐𝑙𝑜𝑢𝑑 encode the computational load distribu-
tion across the three-tier architecture, enabling the agent to identify
bottlenecks and assess latency constraint satisfaction. The network
throughputs 𝑟𝑊𝑖𝐹𝑖 and 𝑟5𝐺 capture channel conditions that govern
tensor transfer times and offloading viability. The active quanti-
zation levels 𝑞12 and 𝑞23 on the SEW→phone and phone→cloud
links allow the agent to evaluate whether reconfiguration is needed
given the associated switching cost. Battery level is excluded from
the state as it decreases monotonically; battery preservation is in-
stead enforced through the reward function by assigning a high
cost weight to SEW energy consumption (e.g., 𝜔𝑒𝑆𝐸𝑊 = 0.75 in the
experiments).

Each action specifies a partition configuration and data reduction
schemes:

A(𝑠) = {𝑎𝑖 𝑗𝑘 : 𝑖 ∈ |K |, 𝑗 ∈ |Q|, 𝑘 ∈ |Q|} ∪ {𝜂} (22)

where 𝑎𝑖 𝑗𝑘 selects partition 𝜅𝑖 , quantization 𝑞 𝑗 for SEW→phone,
and 𝑞𝑘 for phone→cloud transfers. The action 𝜂 maintains the
current configuration. The total action space size is |K | × |Q|2 + 1.
This action space can be reduced by filtering out actions yielding
𝜇𝑖 𝑗𝑘 lower than a specified threshold or fixing a quantization scheme
for a specific communication link.

Following [17], we define the immediate cost as a weighted sum
of normalized components:

𝑐 (𝑠, 𝑎, 𝑠′) =𝜔𝑒SEW
𝐸SEW

𝐸SEW,max
+ 𝜔𝑒phone

𝐸phone

𝐸phone,max
+ 𝜔mAP𝑐mAP

+ 𝜔5G
𝑐5𝐺

𝑐5𝐺,max
+ 𝜔viol𝑐viol + 𝜔rcfg𝑐rcfg (23)

where 𝑐mAP = 1− mAP−mAPmin
mAPmax−mAPmin

penalizes accuracy loss. The costs
𝑐𝑟𝑐 𝑓 𝑔 = 1{𝑎≠𝜂} and 𝑐𝑙𝑎𝑡 (𝑠, 𝑎, 𝑠′) = 1{𝑙𝑡𝑜𝑡𝑎𝑙>𝐿𝑚𝑎𝑥 } equal 1 when their
conditions are met and 0 otherwise, discouraging frequent recon-
figuration and penalizing latency violations, respectively. Each cost
component is weighted by the importance weight 𝜔 associated to
it. The reward is 𝑅(𝑠, 𝑎, 𝑠′) = −𝑐 (𝑠, 𝑎, 𝑠′).

Since system dynamics are unknown,we employDeepQ-Network
(DQN) [25], a model-free algorithm that approximates the optimal
action-value function using a neural network. The agent follows an
𝜀-greedy strategy [35], exploiting the action yielding the highest
estimated reward with probability 1 − 𝜀 and exploring all actions
with probability 𝜀 to balance learning and optimization.

5 Experimental Results
This section presents the experimental results obtained after pro-
filing AI applications in a prototype environment and performing
an extensive simulation campaign. Section 5.1 provides a brief
overview of the experimental setup, followed by a discussion of the
results in Section 5.
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5.1 Experimental setup
Our reference system comprises: (1) an NVIDIA Jetson Orin Nano
[27] representing the SEW, (2) a Samsung Galaxy S23 mobile device,
and (3) a Dell Precision 5480 PC as the cloud server.

5.1.1 Applications and profiling. As AI applications, we utilized
YOLOv5n [37] and YOLO-pose [39] deep learning models for object
detection and human pose estimation, respectively. To determine
the parameters defined in Section 3.2, we performed DNN parti-
tioning and profiling for each model across the three devices, using
the mobile phone as a WiFi hotspot. We considered both models in
ONNX format [12] to support cross-platform inference and elim-
inate framework dependencies. The partitioning process yielded
104 and 170 candidate configurations for YOLOv5n and YOLO-pose,
respectively (see Appendix A). Profiling determined the execution
times on all devices (incorporated into state representation) and
energy consumption (used for reward computation). Energy con-
sumption was measured on the Jetson through the NVIDIA Power
measurement API and on the Samsung S23 through ad hoc profiling,
while data transmission power was estimated as described in [17]
and in Appendix A.

We collected the WiFi throughput trace during profiling, observ-
ing a maximum uplink speed of 300 Mbps. For 5G connectivity, we
utilized a real-world measurement dataset from [26], consisting of
11,024 samples with uplink throughput values ranging from 0 to
230.75 Mbps. We replayed these base traces with modifications to
mitigate periodicity, ensuring sufficient training steps for each ex-
periment. These modifications include the addition of random noise
(±10% of the value at time step t), random shifts, and the inversion
of the trace at its midpoint (see [17] for additional details).

We modeled the cloud server as an M/M/1 queue, where task
arrivals follow a Poisson distribution, as described in Section 3.2.5.
Cloud processing latency samples were drawn from an exponential
distribution, with the mean equal to 2.5 the time determined by
the profiled latency which comprises the decompression overhead
and the execution time of the selected DNN configuration. This
corresponds a maximum utilization on the server side equal to 60%
as it is common in cloud systems [2, 3].

5.1.2 Compression evaluation setup.

Quantization. The number of bits employed for compression is the
key factor determining both compression ratio and tensor fidelity.
Reducing the number of bits increases the compression ratio but
decreases accuracy. Furthermore, the maximum number of repe-
titions that can be encoded with RLE is also constrained by the
bit count, reducing compression efficiency for highly repetitive
patterns. To find the optimal number of bits that balances accuracy
and compression ratio, we experimented with a range of 6 to 8 bits.
In these results, compression ratio is expressed as the number of
bits per float, computed using (24).

𝑅𝑐 =
Number of elements in compressed tensor * quantization bits

number of float elements in the input tensor𝑇
(24)

Vector Quantization. We learn a codebook of 1024 vectors (code-
words) to represent intermediate tensor data, stored locally on each
device. Following common practice [23, 38], we use 1024 codewords
to balance compression, latency, and memory. During encoding,

tensors are divided into non-overlapping chunks of length 𝐶 , with
each chunk replaced by its nearest codeword index. With 1024 code-
words requiring 10 bits per index, compression ratio is 10/𝐶 bits per
float. After experimenting with 𝐶 ∈ {40, 20, 10, 5, 3}, we selected
𝐶 ∈ {5, 3} based on accuracy requirements and tensor dimensions,
yielding 2 and 3.33 bits/float respectively. Larger 𝐶 enables more
aggressive compression but may reduce quality. Compression ratio
is computed using (25).

𝑅𝑐 =
Codeword index size * Number of chunk vectors𝑀
number of float elements in the input tensor𝑇

(25)

Dataset for Evaluation. For object detection, we utilize 2788 images
extracted from ImageNet videos [11]. The VQ codebook is trained
on a custom dataset from our laboratory and evaluated on the
ImageNet images. For human pose estimation, we reuse the VQ
codebook trained for object detection and evaluate on 5000 images
from the MS COCO validation set [24]. Mean average precision
(mAP) is computed for every combination of split points (layers
selected at split point 1 and 2) and compression schemes across all
validation images for both tasks.

5.1.3 Training parameters and agent validation. We built the DQN
agent using a fully connected neural network with three hidden lay-
ers (512, 1024, and 512 neurons) and ReLU activation functions. The
agent was trained for up to 105 steps with a discount factor 𝛾 = 0.99.
We defined strict latency thresholds of 200 ms and 150 ms for object
detection and human pose estimation, respectively, to ensure good
user experience. Cost importance weight selection reflects system
priorities: SEW battery life is most critical (𝜔𝑒𝑆𝐸𝑊 = 0.75), followed
by accuracy preservation (𝜔𝑚𝐴𝑃 = 0.15) and latency compliance
(𝜔𝑣𝑖𝑜𝑙 = 0.06). Phone energy receives lower weight (𝜔𝑒𝑝ℎ𝑜𝑛𝑒 = 0.03)
as phones have larger batteries than SEW devices. Reconfigura-
tion and 5G costs are penalized lightly (𝜔𝑟𝑐 𝑓 𝑔 = 𝜔5𝐺 = 0.005). After
training, the RL agent was evaluated for 105 steps across 10 different
WiFi and 5G network traces with varying cloud latency sequences.
We generated these evaluation traces from base network traces
using the same augmentation process as for training but with 10
different random seeds. The results reported in subsequent sections
are averaged across these 10 validation runs.

We considered different scenarios that helped assess the bene-
fit of the proposed approach and the specificity of each compres-
sion schemes. In Quantization scenario the RL agent is trained on
quantization-only at both split points, selecting among 6, 7, and 8-bit
quantization. Comp. RLE represents a scenario where quantization-
only or RLE can be chosen at both split points, including mixed
strategies (quantization at split point 1 with run-length encoding
at split point 2, or vice versa). Comp. VQ represents the proposed
approach where VQ is applied at split point 1, with options for
quantization-only or run-length encoding at split point 2, using 6,
7, or 8 bits. Even though VQ yields a high compression ratio, we
do not consider it for the second split point since the compression
time exceeded 1.5s (about 10× the application threshold) because
the phone lacks a hardware accelerator. No Compression denotes a
scenario where intermediate tensors are transmitted without un-
dergoing any compression. Note that No Compression is exactly the
scenario for one RL agent in [31].

Also, we consider two baselines: All Local, which executes the
entire DNN locally on the SEW with no inter-device data transfer,
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making tensor compression inapplicable, and Neurosurgeon [18], a
SOTA algorithm that selects optimal partition points to minimize
either latency or energy based on previous samples of the network
throughput using layer-wise prediction models. We extended it
from single to dual split points and configured it for energy mini-
mization to enable fair comparison. For each of these scenarios, we
run 10 validation runs and report the averaged results in the next
subsection.

To keep the inference accuracy high and acceptable, we filtered
out actions (i.e., combination of a configuration and compression
schemes at split point 1 and 2) that yield accuracy (i.e., mAP) below
90%. Table 1 report the number of actions for object detection and
human pose estimation after the filtering process.

Table 1: Action space sizes after filtering (mAP ≥ 90%)

Scenario Object detection Pose estimation
Quantization 458 308
Comp. RLE 622 618
Comp. VQ 201 131
No compression 104 170

5.2 Results
Accuracy Results. We extend our evaluation by comparing two
compression methods across different accuracy-compression trade-
offs. Results are reported in Table 2 and Table 3 for Compression
(Q+RLE) and VQ, respectively, at a single split point. Each table
shows the compression scenario (number of bits for quantization or
number of elements in each chunk vector for VQ), the compression
ratio (compressed size relative to original tensor size in bits), and
bits per float element computed using (24) and (25), respectively.
These metrics, together with the corresponding average accuracy,
indicate which method is most efficient at each split point. The
results show that VQ achieves approximately 30% (compared to
7-bit) to 45% (compared to 8-bit) more size reduction compared to
Compression (Q+RLE) while maintaining similar average accuracy.

Table 2: Achieved Compression criteria with Q+RL

Compression bits Bit per float (avg) Compressed (avg)/Original size Mean Accuracy
8 6.4 19.7% 93%
7 4.8 15.1% 85%
6 3.4 10.8% 73%

Table 3: Achieved Compression criteria with VQ

Chunk size Bit per float Compressed/Original size Mean Accuracy
5 2 6.7% 71.32%
3 3.3 10.4% 89.92%

Exploiting the results reported in Table 2 and Table 3, we chose
different compression scenarios in each split point. As illustrated
in Figure 1, we have two split points in which we quantize before
sending to the next device, resulting in double accuracy reduction.
For analyzing the final accuracy model, we have experimented
with different methods and got the final accuracy results for each
partitioning scenario. Figure 4a reports the mean average precision
(mAP) for the 6, 7, and 8-bit quantization, illustrating all possible
split points of a YOLOv5n DNN. For each quantization level, the
reported results are with respect to the non-quantized YOLOv5n
version, treating its output as the ground-truth. The accuracy results
are the same for the compression (Q + RLE), since RLE is lossless

(a) Quantization with qbits 6, 7, and 8 at split point 1 and 2

(b) VQ 3.3 bits at split point 1 and qbits 6, 7, 8 at split point 2.

Figure 4: Accuracy comparison for all possible combinations of split point 1,
split point 2, and different quantization schemes.

and does not introduce any further accuracy loss. Each vertical line
shows the configuration in which, the phone does not perform any
computations and just transfers the received quantized tensor to
the cloud to be completed. Starting from one vertical line, until
the next one, we fix the initial split point and adjust the second
point for all possible partitions, the runtime is partitioned twice,
and intermediate tensors are quantized at each iteration.

Figure 4b reports double compression accuracy results applying
VQ with 3.3 bits per element at the first split point, while the second
split point uses the compression (Q+RLE), since VQ is too slow
on the phone. Comparing Figure 4a and Figure 4b, we conclude
that with VQ, choosing the 3 element chunk sizes, we can achieve
comparable accuracy to Quantization with 7 and 8 bits.

RL Agent with Object Detection Task. Figure 5a demonstrates (for
a representative validation run leveraging the Comp. VQ scenario)
that the RL agent successfully learns an effective policy, maintain-
ing execution times below the threshold most of the time. This
is further confirmed in Figure 5b, where the DQN agent achieves
an average violation rate of only 8.2% (±0.18%, representing the
standard deviation across 10 validation runs). Moreover, Figure 5a
illustrates the agent ability to dynamically adapt its actions based
on system conditions.

The comparative analysis in Figure 5b evaluates six distinct
scenarios: the proposed Comp. VQ, five alternative approaches de-
scribed earlier in Section 5.1.3. The plot reports execution time
violations, accuracy loss from compression, and SEW energy con-
sumption for each scenario. Error bars in the figure represent the
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(a) Execution time violations and action changes. (b) Violations, energy consumption, and accuracy loss.

Figure 5: Execution time violations, quantization levels, and performance comparison across different data reduction scenarios for object detection.

standard deviation, providing approximate 95% confidence inter-
vals. The low coefficient of variation across all metrics (CV < 8%)
demonstrates measurement reliability and consistent performance.

Results show that quantization significantly improves both ex-
ecution time compliance and energy efficiency. The Quantization
scenario achieves a 12.9% violation rate (CV = 2.58%) compared
to 85.5% for No Compression, with only 4.9% accuracy loss. For en-
ergy consumption, Quantization reduces consumption by 44.1% and
30.6% compared to No Compression and All Local, respectively. The
Comp. RLE scenario demonstrates additional benefits beyond quan-
tization alone, further reducing violations to 10.6% while providing
8.3% and 36.5% energy savings compared to Quantization and All
Local, respectively. This approach incurs comparable accuracy loss
to Quantization (4.8% vs. 4.6%).

The proposed Comp. VQ achieves the best overall performance
with the lowest violation rate of 8.2% (±0.22%) and energy savings
of 14.7%, 21.9%, 45.8%, and 56.4% compared to Comp. RLE, Quan-
tization, All Local, and No Compression respectively. While Comp.
VQ incurs higher accuracy loss (8.0% ± 0.15%) compared to Quan-
tization or Comp. RLE (4.8% and 4.6%), this is inherent to vector
quantization lossy compression. Nevertheless, given the energy
efficiency benefits, Comp. VQ provides the best trade-off between
energy consumption and accuracy loss. Notably, the 8% accuracy
degradation is in line with the 10–12% loss reported by Corti et
al. [10] for manually-optimized lightweight model variants specif-
ically designed by domain experts to fit within embedded device
memory constraints and run entirely on-device. These results vali-
date the effectiveness of applying VQ at the first split point while
selecting between quantization and RLE at the second split point, as
VQ significantly reduces tensor size on the SEW, which translates
into reduced data transfer energy consumption.

Human Pose Estimation. This section analyzes the RL agent perfor-
mance for human pose estimation, comparing the proposed Comp.
VQ against the same four operational scenarios used for object
detection. It is important to note that, for Comp. VQ scenario, we
reused the codebook trained for object detection without retrain-
ing to assess the robustness of the proposed approach. Recall that,
results represent averages across 10 independent validation runs
with a 150 ms latency threshold.

As for object detection, Figure 6a refers to a representative val-
idation run leveraging the Comp. VQ scenario. The figure shows
that the agent successfully learns an effective policy, maintaining
execution times predominantly below the 150 ms threshold. The
temporal analysis of agent decisions (figure below) demonstrates
adaptive behavior through selection of different action which in-
corporate VQ, quantization and RLE. Figure 6b reveals several key
insights into the effectiveness of the proposed data reduction tech-
nique and RL policy. As for object detection, the Comp. VQ scenario
achieves optimal balance across all metrics: 8.5% violation rate
(±0.29%, CV = 3.42%), 5.6 kJ energy consumption, and 8.1% accu-
racy loss—representing the most efficient configuration for practical
deployment. The low coefficient of variation for violations between
pose estimation (3.42%) and object detection (2.69%) demonstrates
the robustness and consistency of the proposed approach across
different DNN architectures. In contrast, Comp. RLE and Quanti-
zation exhibit higher violation rates of 11.3% (±0.80%) and 15.2%
(±0.43%), consuming 25% and 19.6% more energy than Comp. VQ, re-
spectively. Additionally, Comp. VQ provides 43.4% and 61.1% energy
savings compared to All Local and No Compression respectively,
highlighting the importance of distributed execution for resource-
constrained SEW devices. These results demonstrate the robustness
of the proposed method, which delivers strong performance across
different DNN architectures, as highlighted in Figure 6b.

The benefits of tensor compression are evident across both ap-
plications. The No Compression scenario suffers from high violation
rates (exceeding 80%) and the highest energy consumption in both
object detection and human pose estimation. The All Local execu-
tion achieves zero violations and zero accuracy loss, as expected, but
at the cost of significantly higher energy consumption–84.5% and
76.8% more than the proposed Comp. VQ for object detection and
human pose estimation, respectively. This highlights the benefits of
distributed execution with tensor compression. Across all scenar-
ios, measurement variability remains low (CV < 8%), confirming
the reliability of the experimental results and the statistical signifi-
cance of the observed performance differences (detailed statistical
analysis provided in Appendix C).

Comparison with Neurosurgeon. We compare Comp. VQ with Neuro-
surgeon [18], a SOTA DNN partitioning framework that optimizes
split points but does not employ tensor compression.



Energy-efficient Dynamic Partitioning and Tensors Compression of AI Applications in Smart Eyewears ICPE ’26, May 04–08, 2026, Florence, Italy

(a) Execution time violations and action changes. (b) Violations, energy consumption, and accuracy loss.

Figure 6: Execution time violations, quantization levels, and performance comparison across different data reduction scenarios for human pose estimation. Error
bars represent the standard deviation across 10 validation runs.

For object detection, Figure 5 shows that Neurosurgeon incurs
89.2% ±0.37% violations, failing in nearly 9 out of 10 frames because
uncompressed tensors saturate the SEW communication bandwidth.
Comp. VQ achieves 90.8% fewer violations (8.2% ± 0.22%) and 69.9%
energy savings (13.4 kJ vs. 44.5 kJ) through adaptive compression.
The 8.0% ±0.15% accuracy loss is an acceptable trade-off for prac-
tical real-time operation. Similar trends are observed in Figure 6
for human pose estimation. Neurosurgeon incurs 62.4% ±5.04% vi-
olations, failing in 6 out of 10 frames. Comp. VQ achieves 86.4%
fewer violations (8.5% ± 0.29%), 8.1% ±0.20% accuracy loss, and
55.1% energy savings (5.6 kJ vs. 12.5 kJ).

The consistent advantage across both tasks (90.8% and 86.4% vio-
lation reductions) demonstrates that compression-aware partition-
ing is essential for SEW devices, where communication constraints
cannot be addressed through partition optimization alone.

6 Conclusion
This paper presented an RL-based framework for dynamic run-
time management of AI applications on SEW devices, integrating
adaptive multi-stage compression (VQ, quantization, and RLE) with
intelligent task offloading across SEW-phone-cloud infrastructure.
The proposed DQN agent jointly optimizes partition configurations
and compression strategies, adapting to real-time system conditions
to balance energy efficiency, latency compliance, and inference ac-
curacy.

Experimental validation on object detection (YOLOv5n) and
human pose estimation (YOLO-pose) considering real hardware
(NVIDIA Jetson Orin Nano, Samsung Galaxy S23) demonstrated
substantial improvements over baseline approaches. The Comp. VQ
strategy–combining vector quantization at the SEW-phone link
(3.3 bits/element) with adaptive quantization/RLE selection at the
phone-cloud link–achieved violation rates below 9%, reduced en-
ergy consumption by 45.8% compared to local execution and 61.1%
compared to uncompressed offloading, while maintaining accept-
able accuracy loss (8.0-8.1%).

Future work could validate on production multi-user cloud envi-
ronments with realistic queueing delays and contention, extend to
real SEW prototypes like Microsoft HoloLens beyond Jetson Orin
Nano, explore Federated RL approaches [31] combined with our

compression strategies to leverage collaborative learning benefits,
and evaluate on multi-stage AI pipelines.
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A Profiling Methodology and System
Characterization

This section provides detailed information on the profiling method-
ology used to characterize the system parameters defined in Sec-
tion 3.2.

A.1 Hardware and Software Setup
We evaluated two DNN models: YOLOv5n for object detection
and YOLO-pose for human pose estimation. Both models were
converted to ONNX format to support cross-platform inference
and eliminate framework dependencies. We used ONNX Runtime
(v1.13.1) for inference execution across three computational layers:

• SEW: NVIDIA JetsonOrinNano featuring a 512-core NVIDIA
Ampere GPU with 16 Tensor Cores and a 6-core Arm Cortex-
A78AE v8.2 64-bit CPU (6GB RAM, Ubuntu 20.04).

• Mobile Device: Samsung Galaxy S23 equipped with Snap-
dragon 8 Gen 2 SoC (8GB RAM, Android 13).

• Cloud Server: Dell Precision 5480 PC with Intel Core i7-
13800HX CPU (14 cores, 5.2 GHz max) and NVIDIA RTX
A1000 GPU (16GB RAM, Ubuntu 22.04).

The devices were connected viaWiFi 5 using the SamsungGalaxy
S23 as a mobile hotspot, with the Jetson and cloud server as WiFi
clients.

A.2 DNN Partitioning and Configuration Space
The ONNX format imposes structural constraints on partitioning
as splits can only occur at join nodes. The partitioning identified
12 feasible split points for YOLOv5n and 16 for YOLO-pose.

Since our three-tier architecture involves two potential split
points, one between SEW and phone, and one between phone and
cloud, the total configuration space includes 105 and 171 unique
partitioning configurations for YOLOv5n and YOLO-pose, respec-
tively.

A.3 Execution Time Profiling
For each of the 105 (YOLOv5n) and 171 (YOLO-pose) configurations,
we conducted 10 profiling runs to measure:

(1) Partition execution times(𝑡𝑖
𝑑
): Time to execute partition

𝑝𝑖
𝑑
on device 𝑑
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(2) Compression overhead (𝑙𝑖 𝑗
𝑞,𝑆𝐸𝑊

, 𝑙𝑖𝑘
𝑞,𝑝ℎ𝑜𝑛𝑒

): Time to compress
intermediate tensors using schemes 𝑞 𝑗 and 𝑞𝑘

(3) Decompression overhead (𝑙𝑖 𝑗−𝑞,𝑝ℎ𝑜𝑛𝑒 , 𝑙
𝑖𝑘
−𝑞,𝑐𝑙𝑜𝑢𝑑 ): Time to de-

compress received tensors
The profiling procedure for each configuration was as follows:
(1) SEW: Execute partition 𝑝𝑖1, compress the intermediate ten-

sor using scheme 𝑞 𝑗 , and transmit to the phone. Measure
execution time, compression time, and tensor size.

(2) Phone: Receive and decompress the tensor, execute parti-
tion 𝑝𝑖2, compress the output using scheme 𝑞𝑘 , and transmit
to the cloud. Measure decompression time, execution time,
compression time, and tensor size.

(3) Cloud: Receive and decompress the tensor, execute partition
𝑝𝑖3, and return the final result. Measure decompression time
and execution time.

Execution times were averaged over 10 runs per configuration,
with standard deviations typically below 5%. Table 4 in Section A.6
summarizes the parameter ranges observed across all configura-
tions.

A.4 Energy Consumption Profiling
A.4.1 Computation Energy (SEW). On the Jetson Orin Nano, we
leveraged the NVIDIA Jetson Power API, which provides real-time
power consumption measurements through software queries. For
each configuration 𝜅𝑖 and compression scheme 𝑞 𝑗 , we measured:

𝑒
𝑖 𝑗

1 =

∫ 𝑇𝑐𝑜𝑚𝑝

0
𝑃 𝐽 𝑒𝑡𝑠𝑜𝑛 (𝑡) 𝑑𝑡 (26)

where 𝑇𝑐𝑜𝑚𝑝 = 𝑡𝑖1 + 𝑙
𝑖 𝑗

𝑞,𝑆𝐸𝑊
is the total computation and compres-

sion time, and 𝑃 𝐽 𝑒𝑡𝑠𝑜𝑛 (𝑡) is the instantaneous power consumption
queried at 10Hz. This yields the per-request energy consumption 𝑒𝑖 𝑗1
(in joules) for executing partition 𝑝𝑖1 and compressing with scheme
𝑞 𝑗 . It is important to not that during the energy consumption pro-
filing no data is sent to the next device.

A.4.2 Computation Energy (Phone). For the Samsung Galaxy S23,
direct power measurement APIs are not available. We therefore
employed a TC66 USB-C power meter [32] connected inline be-
tween the charger and the phone to measure energy consumption
indirectly. The procedure was:

(1) Fully charge the phone to 100% battery capacity.
(2) Disconnect the charger and run the target workload (decom-

pression 𝑞 𝑗 → execution 𝑝𝑖2 → compression 𝑞𝑘 ) repeatedly
in a loop until battery capacity drops from 100% to 95%.

(3) Reconnect the phone to the TC66 power meter and recharge
from 95% to 100%, recording the total energy delivered (𝐸𝑟𝑒𝑐ℎ𝑎𝑟𝑔𝑒 ).

(4) Compute per-iteration energy: 𝑒𝑖 𝑗𝑘2 = 𝐸𝑟𝑒𝑐ℎ𝑎𝑟𝑔𝑒/𝑁𝑖𝑡𝑒𝑟𝑎𝑡𝑖𝑜𝑛𝑠

A.4.3 Data Transmission Energy. To isolate data transmission en-
ergy from computation, we conducted separate profiling experi-
ments where devices transmitted tensors of varying sizes without
executing DNN partitions. The procedure was:

(1) Generate synthetic tensors of sizes matching observed inter-
mediate outputs (ranging from 1.5 MB to 6.25 MB).

(2) Transmit tensors over WiFi while measuring power con-
sumption using the NVIDIA API (Jetson) and TC66 meter
(phone).

(3) Compute average transmission power: 𝜃𝑆𝐸𝑊 = 1
𝑁

∑𝑁
𝑖=1 𝐸𝑖/𝑇𝑖

where 𝐸𝑖 is energy consumed and𝑇𝑖 is transmission time for
tensor 𝑖 .

This yielded average transmission power values of 𝜃𝑆𝐸𝑊 = 2.66
W and 𝜃𝑝ℎ𝑜𝑛𝑒 = 4.50 W.

Data transfer energy consumption for a given configuration is
then computed as:

𝐸𝑡𝑟𝑎𝑛𝑠 𝑓 𝑒𝑟,𝑆𝐸𝑊 = 𝜃𝑆𝐸𝑊 ·
𝛿
𝑖 𝑗

12
𝑟𝑊𝑖𝐹𝑖

(27)

𝐸𝑡𝑟𝑎𝑛𝑠 𝑓 𝑒𝑟,𝑝ℎ𝑜𝑛𝑒 = 𝜃𝑝ℎ𝑜𝑛𝑒 ·
𝛿𝑖𝑘23
𝑟5𝐺

(28)

where 𝛿𝑖 𝑗12 and 𝛿
𝑖𝑘
23 are the compressed tensor sizes (measured during

profiling), and 𝑟𝑊𝑖𝐹𝑖 , 𝑟5𝐺 are the observed throughputs.

A.5 Compression Scheme Profiling
For each of the three compression techniques (quantization, quan-
tization + RLE, and vector quantization), we profiled:

• Compression ratio: 𝛿𝑖 𝑗
𝑐𝑜𝑚𝑝𝑟𝑒𝑠𝑠𝑒𝑑

/𝛿𝑖
𝑜𝑟𝑖𝑔𝑖𝑛𝑎𝑙

• Accuracy impact: mAP of compressed vs. uncompressed
inference (𝜇𝑖 𝑗𝑘 )

• Compression/decompression overhead: Time costs 𝑙𝑖 𝑗𝑞
and 𝑙𝑖 𝑗−𝑞

To evaluate the impact of compression on the accuracy, we con-
sider 2788 images from Imagenet dataset [11]. For the case of VQ, we
trained the codebook on a custom dataset from our laboratory and
evaluate on the Imagenet dataset. For human pose estimation, we
consider the SOTAMS COCO dataset [24], especially the validation
set which comprises 5000 images. This means the mAP for every
combination split point 1, split point 2, compression schemes 𝑞 𝑗

and 𝑞𝑘 is evaluated over 2788 and 5000 images for object detection
and pose estimation, respectively.

A.6 Summary of Profiled Parameters
Table 4 presents the ranges of key parameters obtained from profil-
ing across all configurations and compression schemes.

B DNN and environment parameters
Table 5 outlines the key parameters used for the DQN agent in our
experiments.

C Statistical Analysis: Cross-Application
Performance Validation

This section provides statistical validation of the proposed Comp.
VQ approach robustness across Human Pose Estimation (PS) and
Object Detection (OD) applications. Independent two-sample t-
tests (Welch’s t-test [40], 𝛼 = 0.05) were conducted on three key
metrics–violations, accuracy loss, and energy consumption–using
10 independent validation runs per scenario.
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Table 4: Summary of profiled parameter ranges

Parameter YOLOv5n YOLO-pose
Execution Time (ms)

𝑡𝑖1 (SEW partition) 0–38 0–47
𝑡𝑖2 (Phone partition) 0–56 0–31
𝑡𝑖3 (Cloud partition) 0–26 0–25

Compression Overhead (ms)
𝑙
𝑖 𝑗

𝑞,𝑆𝐸𝑊
(6-8 bit Q) 2.1–7.0 2.0–5

𝑙
𝑖 𝑗

𝑞,𝑆𝐸𝑊
(6-8 bit RLE+Q) 4.2–15.5 2.5–9.2

𝑙
𝑖 𝑗

𝑞,𝑆𝐸𝑊
(VQ 3.3-bit) 7.0–15.2 4.0–11.8

𝑙𝑖𝑘
𝑞,𝑝ℎ𝑜𝑛𝑒

(6-8 bit Q) 5.6–20.2 4.7–14.4
𝑙𝑖𝑘
𝑞,𝑝ℎ𝑜𝑛𝑒

(6-8 bit Q+RLE) 7.8–25.2 5.4–16.8
𝑙
𝑖 𝑗

−𝑞,𝑝ℎ𝑜𝑛𝑒 (decompression) 1.5–5.1 1.7–3.6
𝑙𝑖𝑘−𝑞,𝑐𝑙𝑜𝑢𝑑 (decompression) 0.8–3.2 0.7–3.5

Tensor Sizes (MB)
𝛿𝑖12 (uncompressed) 1.56–6.25 0.25–1
𝛿
𝑖 𝑗

12 (6-8 bit Q) 0.31–1.56 0.06–0.25
𝛿
𝑖 𝑗

12 (6-8 bit Q+RLE) 0.25–1.17 0.04–0.20
𝛿
𝑖 𝑗

12 (VQ 3.3-bit) 0.16–0.62 0.03–0.1
𝛿𝑖𝑘23 (uncompressed) 1.56–6.25 0.25–1
𝛿𝑖𝑘23 (6-8 bit Q) 0.31–1.56 0.06–0.25
𝛿𝑖𝑘23 (6-8 bit Q+RLE) 0.25–1.17 0.04–0.20

Energy Consumption (mJ per request)
𝑒
𝑖 𝑗

1 (SEW compute+compress) 5–310 5–99
𝑒
𝑖 𝑗𝑘

2 (Phone compute+compress) 0–558 0–165

Table 5: Experiments parameters.

Objective parameters

𝐿𝑚𝑎𝑥 (YOLOv5n, pose) (200, 150) ms
𝜔𝑒𝑆𝐸𝑊 0.75
𝜔𝑒𝑝ℎ𝑜𝑛𝑒 0.03
𝜔𝑚𝐴𝑃 0.15
𝜔5𝐺 0.005
𝜔𝑣𝑖𝑜𝑙 0.06
𝜔𝑟𝑐 𝑓 𝑔 0.005

Model hyper-parameters

Discout factor 𝛾 0.99
𝜖 0.05
𝑙𝑟 0.04
Replay buffer 10000
Batch size 128
Number of layers 3
Number of neurons per layer (512, 1024, 512)
Activation function ReLU
Dropouts (0.4, 0.3, 0)
Discount factor 𝛾 0.99
Rollout fragment length 5
Target update frequency 400

C.1 Statistical Findings
C.1.1 Measurement Reliability. All metrics demonstrate good reli-
ability with coefficients of variation below 8% across most scenarios
(Table 6). The highest variability occurs in PS Comp. RLE viola-
tions (CV = 7.06%) and PS Quantization energy (CV = 4.32%), while

most other measurements show consistency (CV ≤ 3.5%). This vari-
ability pattern confirms that observed differences reflect genuine
performance characteristics rather than measurement noise.

C.1.2 Comp. VQ Performance Validation. The proposed approach
achieves optimal and consistent performance across both applica-
tions:

Violations: Near-identical rates of 8.47% (PS, CV = 3.42%) and
8.18% (OD, CV = 2.69%)—difference of only 0.29% (𝑝 < 0.001)–
represent the lowest violation rates across all compression meth-
ods. The comparable variability between applications demonstrates
robust performance despite using a codebook trained only for OD.

Accuracy Loss: Converges to approximately 8% for both applica-
tions (PS: 8.15% with CV = 2.45%, OD: 8.04% with CV = 1.86%)–a
practically negligible difference of 0.11% (𝑝 < 0.001). This vali-
dates codebook generalization across different DNN architectures
without retraining.

Energy Efficiency: Achieves lowest energy consumption (PS:
5.60 kJ with CV = 1.56%, OD: 13.40 kJ with CV = 1.34%) with the
smallest OD/PS energy ratio (2.39×) among all compression meth-
ods, demonstrating particular effectiveness for computationally
intensive tasks.

C.1.3 Neurosurgeon Performance Analysis. Neurosurgeon [18] rep-
resents a split computing baseline that dynamically partitions DNN
execution between edge and cloud based on predicted latency, with-
out employing data compression. The results reveal fundamental
limitations of compression-free approaches:

Violations: Neurosurgeon exhibits violation rates of 62.40% (PS,
CV = 8.07%) and 89.20% (OD, CV = 0.41%)—substantially higher than
all compression-based methods. Notably, OD violations approach
the No Compression baseline (85.51%), indicating that dynamic parti-
tioning alone is insufficient for latency-constrained object detection.

Accuracy Loss: Both applicationsmaintain 0% accuracy loss (match-
ing No Compression), as Neurosurgeon transmits uncompressed
intermediate tensors.

Energy Consumption: Neurosurgeon consumes 12.46 kJ (PS) and
44.49 kJ (OD)—representing 123.2% and 232.1% increases over Comp.
VQ, respectively. The energy overhead of transmitting uncom-
pressed tensors significantly reduces battery life compared to compression-
based approaches.

The contrast between Neurosurgeon and Comp. VQ (62.40% vs.
8.47% PS violations, 89.20% vs. 8.18% OD violations) demonstrates
that adaptive compression is essential for meeting real-time
latency constraints in SEW split computing. The 8% accuracy loss
under Comp. VQ is a worthwhile trade-off for 87% (PS) and 91%
(OD) violation reduction, coupled with high energy savings.

C.1.4 Comparative Performance. Relative to the no compression
baseline (violation rates >80%), Comp. VQ provides:

• 89.7% (PS) and 90.4% (OD) violation rate reduction and it is
the best among all methods

• 45–56% energy savings compared to No Compression
• Quantization: 81.6% (PS) and 84.9% (OD) reduction compared
to No Compression
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Table 6: Statistical comparison of Human Pose Estimation (PS) vs. Object Detection (OD). Standard deviations represent 2× sample std (approximate 95% CI).
P-values computed using Welch’s t-test (𝛼 = 0.05).

Scenario Metric PS (Pose Est.) OD (Object Det.) Sig.

Mean Std CV (%) Mean Std CV (%)

Quantization
Violations (%) 15.20 0.43 2.82 12.89 0.33 2.58 ***
Accuracy Loss (%) 7.01 0.09 1.30 4.79 0.12 2.50 ***
Energy (kJ) 6.70 0.29 4.32 19.43 0.33 1.70 ***

Comp. RLE
Violations (%) 11.34 0.80 7.06 10.62 0.16 1.49 ***
Accuracy Loss (%) 4.41 0.015 0.33 4.56 0.05 1.09 ***
Energy (kJ) 7.00 0.21 3.00 20.00 0.42 2.10 ***

Comp. VQ
Violations (%) 8.47 0.29 3.42 8.18 0.22 2.69 ***
Accuracy Loss (%) 8.15 0.20 2.45 8.04 0.15 1.86 ***
Energy (kJ) 5.60 0.11 1.56 13.40 0.18 1.34 ***

No Comp.
Violations (%) 82.41 0.26 0.31 85.51 0.18 0.20 ***
Accuracy Loss (%) 0.00 0.00 0.00 0.00 0.00 0.00 ns
Energy (kJ) 14.41 0.12 0.83 32.80 0.52 1.58 ***

Neurosurgeon.
Violations (%) 62.40 5.04 8.07 89.20 0.37 0.41 ***
Accuracy Loss (%) 0.00 0.00 0.00 0.00 0.00 0.00 ns
Energy (kJ) 12.46 0.08 0.64 44.49 0.48 1.08 ***

Note: CV = Coefficient of Variation (std / mean × 100%). Significance codes: *** 𝑝 < 0.001, ** 𝑝 < 0.01, * 𝑝 < 0.05, ns = not significant. All differences are
statistically significant at 𝑝 < 0.001 except accuracy loss under no compression (both values = 0, test not applicable). 𝑛 = 10 independent validation runs
per scenario. Latency thresholds: 200ms (OD), 150ms (PS).

• Comp. RLE: 86.2% (PS) and 87.6% (OD) reduction compared
to No Compression

While Comp. VQ incurs higher accuracy loss (∼8%) compared to
Quantization (4.8–7.0%) or RLE (4.4–4.6%), it provides substantial
energy savings:

• vs. Quantization: 16.4% (PS) and 31.0% (OD) energy reduc-
tion

• vs. Comp. RLE: 20.0% (PS) and 33.0% (OD) energy reduction
For resource-constrained SEW devices, this represents a favor-

able trade-off where 8% accuracy loss is acceptable given the ex-
tended operational lifetime.

C.2 Statistical Significance
All differences achieve statistical significance at 𝑝 < 0.001 (except
accuracy loss under no compression, where both = 0%). Cohen’s

𝑑 effect sizes often exceed 2.0, indicating substantial practical dif-
ferences. However, the 0.11% accuracy difference between PS and
OD under Comp. VQ, while statistically significant, is practically
negligible.

C.3 Summary
This statistical analysis provides rigorous evidence that Comp.
VQ achieves: (1) lowest violation rates with near-identical cross-
application performance (difference < 0.3%), (2) best energy effi-
ciency with 16–33% savings over alternatives compression methods,
and (3) acceptable accuracy loss (∼8%) that generalizes across DNN
architectures without codebook retraining. The consistent perfor-
mance across applications validates the approach robustness for
real-world SEW AI applications deployment.

Received 20 February 2007; revised 12 March 2009; accepted 5 June 2009


	Abstract
	1 Introduction
	2 Related work
	2.1 Reinforcement Learning-based task offloading
	2.2 Compression

	3 System Description and Problem Statement
	3.1 System description
	3.2 Problem Statement

	4 Methodology
	4.1 Tensor compression
	4.2 Reinforcement Learning Approach

	5 Experimental Results
	5.1 Experimental setup
	5.2 Results

	6 Conclusion
	References
	A Profiling Methodology and System Characterization
	A.1 Hardware and Software Setup
	A.2 DNN Partitioning and Configuration Space
	A.3 Execution Time Profiling
	A.4 Energy Consumption Profiling
	A.5 Compression Scheme Profiling
	A.6 Summary of Profiled Parameters

	B DNN and environment parameters
	C Statistical Analysis: Cross-Application Performance Validation
	C.1 Statistical Findings
	C.2 Statistical Significance
	C.3 Summary


