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Tabular Reinforcement Learning Methods for Artificial
Intelligence Tasks Offloading in Smart Eye-Wears

ABEDNEGO WAMUHINDO KAMBALE, HAMTA SEDGHANI, FEDERICA FILIPPINI, GIA-
COMO VERTICALE, and DANILO ARDAGNA, Politecnico di Milano, Italy

Virtual and Extended Reality technologies are increasingly adopted in fields such as healthcare, entertainment,
and education. These applications heavily rely on Smart Eye-Wears (SEWs) and Artificial Intelligence (AI) to
provide users with new ways to perceive their environment. However, SEWs face limitations in computational
power, memory, and battery life. Offloading computations to external servers is a prominent example of
edge computation. However, this also presents considerable challenges due to delays caused by varying
network conditions and server workloads. This paper proposes self-adaptive techniques based on tabular
reinforcement learning (RL) to optimize the offloading of Deep Neural Network tasks between the SEW,
the user’s smartphone, and cloud servers. The goal is to maintain a high-quality user experience while
minimizing energy consumption and 5G connection costs. We evaluated our framework under varying 5G
and WiFi bandwidths and cloud latency. The results show that Q-learning, SARSA, and Expected SARSA
achieve near-optimal policies, with Q-learning demonstrating superior performance in reducing execution
time violations (approximately at 10%) and improving agent stability. Additionally, our approach offers a
more favorable trade-off between energy efficiency and execution time violations compared to two baseline
methods. Real-system experiments reveal that the proposed solution can double SEW battery life with respect
to local computation while maintaining a good quality of service, with only 11% execution time violations.
These findings highlight the effectiveness of our approach in managing resources and enhancing the overall
user experience in SEW AI applications.

CCS Concepts: • Computing methodologies→ Intelligent agents; • Information systems→ Computing
platforms.

Additional Key Words and Phrases: Smart glasses, Smart Eye-Wear, Reinforcement Learning, Edge Computing,
Task offloading
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1 INTRODUCTION
Artificial Intelligence (AI) recently became pervasive, finding application in various domains such as
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patient well-being [10]. Meanwhile, in agriculture, AI aids farmers in making informed decisions to
optimize crop performance while minimizing resource wastage [33]. In the realm of entertainment,
AI applications have elevated user satisfaction levels and delivered more efficient and captivating
experiences [18, 40]. In an effort to offer advanced features, many smart device manufacturers are
integrating AI models into various user devices (e.g., smartphones) as well as into smaller, resource-
constrained devices (e.g., smart glasses) [50]. These AI applications predominantly rely on complex
image-based processes and frequently involve the utilization of Deep Neural Networks (DNNs). Due
to their large number of parameters, these DNNs necessitate considerable computational power
and memory, particularly in applications where real-time processing is required.

Although significant advancements have beenmade in enhancing the memory and computational
capabilities of IoT and edge devices, challenges related to limited battery capacity and computational
power persist when executing complex AI models [4]. Depending on the circumstances, these
constraints may make it impractical to execute all the DNN layers on a single device. Moreover,
the limitation posed by battery capacity detrimentally affects the user experience.

Several studies [23, 24, 35] proposed DNN partitioning as a solution to address these challenges.
DNN partitioning involves splitting the DNN into different parts, each suitable for running on
different devices across a computing continuum. This partitioning offers various configurations,
allowing the system to switch between them to optimize performance. An emerging application for
this technology is found in smart glasses (smart eye-wear) and virtual/augmented reality scenarios.
Smart Eye-Wear (SEW) devices collect data from their surroundings, process a portion of the DNN
locally, and delegate the remaining computation to a mobile phone or the cloud exploiting all the
resources available in the computing continuum. However, communication between the SEW and
the mobile phone, as well as between the mobile phone and the cloud, may experience fluctuations,
potentially impacting application performance. Therefore, the most appropriate configuration to
use in each time interval needs to be carefully determined to ensure a satisfying user experience
while adapting to fluctuations in network bandwidth and cloud back-end latency.

This paper introduces a self-adaptive runtime optimization framework, leveraging Reinforcement
Learning (RL) to distribute the computation of AI applications over various computing units. The
goal is to reduce energy and 5G networking costs from the user’s viewpoint while maintaining
end-to-end latency at levels that preserve a satisfactory user experience.

The main contributions of this paper are the following:
- We design a three-layer computing continuum architecture to model the different compo-
nents when managing the execution of SEW AI applications. We formulate the general
problem as a Markov Decision Process (MDP) that can be solved using different approaches.
We consider image-processing inference applications where frames are provided as input
to the DNN at a given rate.

- We propose an RL-based runtimemanagement solution in which an agent selects the optimal
configuration to minimize energy consumption and 5G network costs from the user’s
perspective, while ensuring that end-to-end latency requirements are met. We implement
our proposed solution by comparing different tabular methods including Q-learning [49],
Double Q-learning [17], weighted Q-learning [9], SARSA [42] and Expected SARSA [43] to
evaluate their performance and identify the ones yielding the most promising results.

- We evaluate the proposed solution by accounting for network bandwidth and cloud latency
variability, as well as by adjusting execution time constraints and the distribution of im-
portance weights for the agent’s objectives. The results identify Q-learning as the most
effective method, with execution time violations around 10%, suggesting that the strategy
is promising for efficient resource allocation and user satisfaction.
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Fig. 1. Reference scenario for performing AI tasks.

- We compared our solution with two baselines: Neurosurgeon, a seminal work presented
in [23], and the static solution of the underlying optimization problem, referred to as
Opt*, which considers the average WiFi and 5G bandwidths. Our approach demonstrated
superior performance compared to both baselines, reducing execution time violations by
42% compared to Opt* and achieving up to 41% and 19% energy savings compared to
Neurosurgeon and Opt*, respectively, while maintaining a comparable level of execution
time violations to Neurosurgeon.

- Finally, we validate the performance of the trained agent on a real system prototype com-
prising the Microsoft HoloLens 2 [32], focusing on energy consumption and execution time
constraint violations. Our agent achieves a 47% reduction in HoloLens energy consump-
tion compared to running the entire DNN locally, effectively doubling the device’s battery
life while incurring only 11% of execution time violations. These results demonstrate the
practical utility of our approach.

The remainder of this paper is organized as follows. Section 2 details the scenario considered
in this work. Section 3 presents the system model and formally defines the optimization problem,
while Section 4 presents the RL-based formulation. In Section 5 we present the experimental setup
and discuss the results of different analyses, including the validation on the real system prototype.
Section 6 provides an overview the related literature proposals. Finally, Section 7 concludes the
paper and presents future perspectives.

2 REFERENCE SCENARIO
This section presents the reference scenario foundational to our research. The SEW device runs
an AI application encompassing a DNN capable of executing various AI functionalities related to
image processing, e.g., object classification, detection or tracking.
The primary objective is to ensure a positive user experience by setting time thresholds on the

AI application execution. For example, in the case of an object-tracking application, it is crucial to
maintain a minimum application frame rate of 30 frames per second (fps), which translates to an
end-to-end execution time of less than 33 ms [28]. For low-frame rate videos, a rate of 1–5 fps (i.e.,
200–1,000 ms) is acceptable [2]. For Simultaneous Localization And Mapping (SLAM) applications,
an acceptable frame rate falls within the range of 15–30 fps, implying that the end-to-end execution
time should range in about 30–66 ms [15, 25].
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Figure 1 depicts the three primary elements in our system. In the remainder of this paper we
assume a forward-looking scenario where the reference hardware utilizes next-generation System-
on-Chips (SoCs) as projected in the Snapdragon series [38]. The SEW device (based on, e.g., a
Snapdragon AR2 chip [38]) will establish a connection with the mobile phone through WiFi 7.
Additionally, we assume that it incorporates components, including CPU and an AI neural engine,
to execute specific computations. Analogously, the mobile phone (integrating, e.g., a Snapdragon 8
Gen 2 chip [39]) features high-end computing components, such as a GPU.

The SEW collects data from its surroundings and transmits them to the mobile phone. Depending
on the current system state (e.g., battery level or network quality), a RL agent running on the
phone determines whether the acquired data are sent directly to the phone itself or undergo local
DNN processing before transmission. As already mentioned, a DNN-based AI application can be
characterized by different partitioning points (see Figure 2), which enable the dynamic computation
offloading [7, 23]. The phone will run the DNN from the layer where the SEW terminated the
execution, either completing the processing, if it has sufficient resources, or offloading part of it
to the cloud according to the RL agent decision. In such cases, the cloud handles the remaining
computations and returns the final results. In other terms, the RL agent is responsible for determining
the appropriate DNN configuration to run. Note that, as in shown in [23], only specific partitioning
points are relevant for optimizing energy consumption and data transfers among different system
components, and therefore are considered as viable candidates. When the RL agent selects a
configuration, it directly informs which partition should run on the SEW, on the mobile phone,
or in the cloud. The RL agent takes one action every few seconds, or whenever a given number
of consecutive violations (e.g., five consecutive frames processed at the application level) are
observed prior to the conclusion of the periodic control interval. The main goal is to choose a setup
that reduces energy usage and communication costs while ensuring adherence to execution time
constraints, thus maintaining a satisfactory user experience.
The various components of the system communicate through distinct network domains. The

phone uses a 5G network to transmit data to the cloud server. This results in a significant reduction
in transfer delay between the connected entities [3, 6] since 5G mmWave systems offer substantial
bandwidth, albeit with a notable degree of variability [34]. At the same time, WiFi interference can
become a concern when multiple devices operate at the same frequency, resulting in disruptions and
fluctuations in network throughput. This interference, which occurs, e.g., when two SEW end-users
come into close proximity, can result from overlapping signals and transmissions, reducing the
quality and reliability of the wireless connection. Consequently, the network throughput may
exhibit fluctuations, impacting the overall performance of WiFi-based systems and applications
[36]. Furthermore, cloud servers, which function as the computational backbone of the computing
continuum, exhibit inherent performance variability due to fluctuating workloads. This variability
impacts server queuing times, which in turn influence the overall end-to-end latency of AI appli-
cations, potentially affecting their performance and responsiveness [1]. While our management
system is designed to make local decisions to manage such variability, it is important to note that
cloud resource allocation remains beyond our control.

The total application processing time includes several components: the local execution time on
the SEW, the transmission latency from the SEW to the smartphone, the processing time on the
smartphone, the data-transfer latency from the smartphone to the cloud, and, finally, the cloud
processing time. In this study, we will neglect the time required to return results, as it is negligible
when compared to the overall execution time and data transfer delays. For example, in the context
of a classification task, the returned results include only the labels of the classified objects. On the
other hand, the results of an object-detection task encompass objects labels, their bounding boxes,
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(a) Configuration 1 (b) Configuration 2 (c) Configuration 3

(d) Configuration 4 (e) Configuration 5 (f) Configuration 6

Fig. 2. Candidate configurations of the DNN.

and their class probabilities; while the size is surely larger than in a classification task, it is still
significantly smaller than the intermediate tensors transmitted during the processing.

3 SYSTEMMODEL AND PROBLEM DEFINITION
In this section, we present the system model and formulate the runtime optimization problem of AI
applications partitioning in the SEW computing continuum. In particular, Section 3.1 presents the
DNN partition model. Section 3.2 describes the communication model we consider to determine
the data transfer rates between system components for different network domains and the charac-
terization of the 5G connection cost. Section 3.3 introduces how the latency is computed at the
different system levels, Section 3.4 presents the energy consumption model, and Section 3.5 provides
the complete problem formulation. For the reader’s convenience, all the problem parameters and
variables detailed in the next sections are summarized in Appendix A, Table 4.

3.1 DNN partitions model
In this work, 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 decision made by the agent dictates whether the application should be run entirely on

the SEW itself or if some DNN layers should be offloaded to either the smartphone or the cloud
server [23] (in this case, Λ is also the rate at which the SEW interacts with the phone). This choice
corresponds to the selection of a specific DNN configuration, and it is motivated by the fact that the
SEW might have limited computational power, not enough to ensure that the whole AI application
will be executed within the required time frame. Moreover, its battery may have limited residual
capacity. Depending on the system state, the choice of a specific configuration is guided by the
minimization of incurred costs. At runtime, in case the offloading is needed, the first partition of the
selected DNN configuration will be executed on the SEW, the second one on the phone, and the last
one on the cloud server. We denote byD = {1, 2, 3} the set of the computing component indices, so
that 𝑑 = 1 denotes the SEW, 𝑑 = 2 the mobile phone and 𝑑 = 3 the cloud server. Moreover, we define
the set K of all candidate configurations. Each element 𝜅𝑖 ∈ K represents a system configuration
including three DNN partitions, defined as 𝜅𝑖 = {𝑝𝑖

𝑑
}
𝑑∈D .
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Figure 2 illustrates representative candidate configurations for a DNN. To simplify the modeling
and the identification of the partition that is executed on a specific device, we introduce a partition
𝑝𝑖∅ that does not include any DNN layer, meaning that no computation is executed. This allows us to
establish a one-to-one correspondence between partitions and devices, and therefore to characterize
a priori where each partition is deployed. Indeed, for every configuration 𝜅𝑖 , the first partition 𝑝𝑖1 is
always executed on the SEW, the second partition 𝑝𝑖2 on the mobile phone and the third partition 𝑝𝑖3
on the cloud server. Figures 2a and 2c show cases where the whole DNN is executed on the cloud
server, or the mobile phone, respectively; accordingly, the remaining partitions correspond to 𝑝𝑖∅ .
Figures 2b, 2e and 2f represent cases where a single DNN partitioning point is chosen: two partitions
run on the phone and the cloud, the SEW and the phone, or the SEW and the cloud, respectively,
while the third computational component remains idle (i.e., it is assigned 𝑝𝑖∅). Finally, Figure 2d
illustrates the case of three partitions, executed by all the three computational components.

Throughout the application execution, the agent might switch from one configuration to another;
for instance, Figures 2a and 2b might represent the solutions adopted when the SEW battery level is
low. We assume that all the partitions fit in the devices memory, since those violating this constraint
can be filtered a priori.

We denote the control time-period as 𝜏 . All the problem parameters we introduce in the following
are measured in each of these time windows; unless differently specified, their value, which may
vary from one interval to the other, will be considered as constant within 𝜏 . This allows us to drop
the explicit time-dependency from the parameters definition, and, instead, add an apex 𝜏 to the
parameter name only when we want to mark its relationship with a specific time slot.

We define 𝑥𝑖 as a binary variable that equals 1 if configuration 𝜅𝑖 is selected, and we denote by
|K | the total number of configurations. Note that one single configuration must be chosen in each
time slot 𝜏 , which can be expressed by the following constraint:

|K |∑︁
𝑖=1

𝑥𝑖 = 1. (1)

When a computing component does not run the entire DNN or its last layer, it sends the
intermediate tensor to the next component. Specifically, the SEW sends the data to the smartphone
and this to the cloud. We denote by 𝛿𝑖

𝑑ℎ
the amount of per-request data related to configuration

𝜅𝑖 that is sent by partition 𝑝𝑖
𝑑
to partition 𝑝𝑖

ℎ
. Thus, 𝛿𝑖12 is the amount of per-request data that are

sent from the SEW to the smartphone, and 𝛿𝑖23 from the smartphone to the cloud. When everything
is executed on the SEW, we have 𝛿𝑖12 = 𝛿𝑖23 = 0, while in case everything is offloaded to the cloud
𝛿𝑖12 = 𝛿𝑖23 = 𝛿0, where 𝛿0 is the size of the input tensor.

The parameter 𝜇𝑖
𝑑
, measured in floating point operations, denotes the per-request computational

workload of running the partition 𝑝𝑖
𝑑
. This information can be easily gathered by development

frameworks such as PyTorch, TensorFlow, etc. This quantity, as first approximation [52], determines
the energy consumption of the computing resources of the device 𝑑 when running a partition 𝑝𝑖

𝑑
.

Moreover, to each partition 𝑝𝑖
𝑑
we associate a partition latency 𝑡𝑖

𝑑
, which defines the processing

time of partition 𝑝𝑖
𝑑
when running on the associated device. This latency can be computed from a

partition latency model that predicts the DNN latency on the specific device [30] or by performing
a runtime profiling of the DNN [11, 26] (which is the approach we follow in this work).

3.2 Network latency and cost model
As in [45] we estimate networks latency through the access time (𝑇 ), bandwidth (𝜙) and 𝑑𝑎𝑡𝑎_𝑠𝑖𝑧𝑒
to transfer:
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𝑙𝑛𝑒𝑡𝑤𝑜𝑟𝑘 =

(
𝑇 + 𝑑𝑎𝑡𝑎_𝑠𝑖𝑧𝑒

𝜙

)
, (2)

where 𝑇 and 𝜙 depend on the network domain we consider (WiFi7 or 5G). In particular, 𝑇5G
depends on the geographic location of the network node that the user wants to access. For simplicity
and as discussed in [34], we consider it as invariant with respect to the time, even though it
may sometimes fluctuate due to the solicitation of the network (for instance, if many users are
concurrently accessing the network, they may experience an access time greater than the one they
would observe when the network is not saturated).

Since information about the network access time and bandwidth are not easily accessible in
practical applications, we focus on the network throughput that characterizes each domain, de-
noted as 𝑟WiFi7 and 𝑟5G, respectively. The network throughput can be influenced by many factors,
among which the network access time, network congestion, and packet loss, and it intervenes in
the computation of both the data-transfer time and the energy consumption associated with it.
Therefore, we can use it to express Equation (2) as:

𝑙𝑊𝑖𝐹𝑖7 =
𝑑𝑎𝑡𝑎_𝑠𝑖𝑧𝑒
𝑟𝑊𝑖𝐹𝑖7

, 𝑙5𝐺 =
𝑑𝑎𝑡𝑎_𝑠𝑖𝑧𝑒

𝑟5𝐺
. (3)

Note that the WiFi7 throughput may be reduced when two users approach each other, due to the
interference between their two WiFi hotspots. As already mentioned, the network throughput is
measured in each time interval 𝜏 , thus we should denote it by 𝑟𝜏WiFi7 and 𝑟

𝜏
5G for the two network

domains. Since we consider it to be constant within the time interval 𝜏 , we drop the apex in the
rest of the formulation.
We assume that users enable the WiFi7 hotspot to connect the SEW to the phone, while they

leverage 5G to connect from the phone to the cloud. Therefore, the data-transfer latencies 𝑙𝑠𝑝
between the SEW device and the smartphone, and 𝑙𝑝𝑐 between the smartphone and the cloud are:

𝑙𝑠𝑝 =

∑ |K |
𝑖=1 𝛿

𝑖
12 𝑥

𝑖

𝑟WiFi7
, 𝑙𝑝𝑐 =

∑ |K |
𝑖=1 𝛿

𝑖
23 𝑥

𝑖

𝑟5G
. (4)

Note that, by Constraint (1), only one 𝑥𝑖 is equal to 1.
The user is interested in minimizing the cost 𝑐5𝐺 associated with the 5G connection used to

offload the computation from the smartphone to the cloud. This depends on the size 𝛿𝑖23 of the data
sent from the smartphone to the cloud, and on the cost 𝑔 paid to transfer one byte of data, i.e.:

𝑐5G =

|K |∑︁
𝑖=1

Λ 𝑔 𝛿𝑖23 𝑥
𝑖 . (5)

On the other hand, the WiFi7 hotspot between the SEW and the phone does not require any
internet connection, therefore we do not consider WiFi costs in our model.

3.3 Application latency model
We recall that the end-to-end latency comprises different entity execution times, and the data-
transfer latency between those entities. Let 𝑙𝑆𝐸𝑊 and 𝑙𝑝ℎ𝑜𝑛𝑒 be the SEW and phone execution times,
respectively, which can be expressed as:
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𝑙𝑆𝐸𝑊 =

|K |∑︁
𝑖=1

𝑡𝑖1 𝑥
𝑖 , 𝑙𝑝ℎ𝑜𝑛𝑒 =

|K |∑︁
𝑖=1

𝑡𝑖2 𝑥
𝑖 . (6)

Similarly, we consider a simple cloud model in which the latency and its variance are measured
in the control time slots 𝜏 . We denote the total latency on the cloud system by 𝑙𝜏

𝑐𝑙𝑜𝑢𝑑
and define it as

𝑙𝜏
𝑐𝑙𝑜𝑢𝑑

= 𝑓 (𝜆𝜏 ,∑𝑖 𝑡
𝑖
3 𝑥

𝑖 ), where 𝜆𝜏 is the (unknown) workload injected in the cloud in the time slot 𝜏 .
Exploiting the information on the data-transfer latencies 𝑙𝑠𝑝 and 𝑙𝑝𝑐 introduced in the previous

section, the end-to-end latency is given by:

𝑙𝑡𝑜𝑡𝑎𝑙 = 𝑙𝑆𝐸𝑊 + 𝑙𝑝ℎ𝑜𝑛𝑒 + 𝑙𝑠𝑝 + 𝑙𝑝𝑐 + 𝑙𝑐𝑙𝑜𝑢𝑑 . (7)

3.4 Energy consumption model
The power consumption of the devices includes four components, namely:

- The power consumed by the SEW and phone when running a partition locally, denoted
as 𝑃𝑒𝑥𝑒𝑆𝐸𝑊 and 𝑃𝑒𝑥𝑒𝑃ℎ𝑜𝑛𝑒 respectively, which consider the CPU and AI neural engine/GPU
energy consumption models;

- The power consumption of the wireless network interface (WNI) and 5G interface (5GI)
when uploading the intermediate tensor to the smartphone and cloud, denoted as 𝑃𝑤𝑛𝑢 and
𝑃5𝑔𝑢 respectively;

- The power consumed by the WNI and 5GI when retrieving the remote execution results,
denoted as 𝑃𝑤𝑛𝑑 and 𝑃5𝑔𝑑 respectively;

- The power consumed by the WNI and 5GI when the SEW and phone are in idle state,
denoted as 𝑃𝑤𝑛𝑖𝑑𝑙𝑒 and 𝑃5𝑔𝑖𝑑𝑙𝑒 respectively. The idle state is enabled when the SEW and
phone are waiting for the results from the execution of the remote partitions.

The power terms 𝑃𝑒𝑥𝑒𝑆𝐸𝑊 and 𝑃𝑒𝑥𝑒𝑃ℎ𝑜𝑛𝑒 can be computed as in [52] and are given by:

𝑃𝑒𝑥𝑒𝑆𝐸𝑊 =

|K |∑︁
𝑖=1

Λ 𝑧𝑆𝐸𝑊 𝜇𝑖1 𝑥
𝑖 (8)

𝑃𝑒𝑥𝑒𝑃ℎ𝑜𝑛𝑒 =

|K |∑︁
𝑖=1

Λ 𝑧𝑝ℎ𝑜𝑛𝑒 𝜇𝑖2 𝑥
𝑖 ,

where 𝑧𝑆𝐸𝑊 and 𝑧𝑝ℎ𝑜𝑛𝑒 are the energy consumption for performing one floating point operation on
SEW and phone, respectively.
When the devices offload all or some parts of the computation, they consume the power 𝑃𝑤𝑛𝑢

and 𝑃5𝑔𝑢 to send the intermediate tensor. Let 𝜃𝑆𝐸𝑊 and 𝜃𝑝ℎ𝑜𝑛𝑒 denote the power consumption of
the SEW WNI and phone 5G interface when transmitting data, respectively. The value of 𝑃𝑤𝑛𝑢 and
𝑃5𝑔𝑢 are computed as proposed in [41]:

𝑃𝑤𝑛𝑢 = Λ 𝜃𝑆𝐸𝑊 𝑙𝑠𝑝 =

∑ |K |
𝑖=1 Λ 𝜃𝑆𝐸𝑊 𝛿𝑖12 𝑥

𝑖

𝑟WiFi7
(9)

𝑃5𝑔𝑢 = Λ 𝜃𝑝ℎ𝑜𝑛𝑒 𝑙𝑝𝑐 =

∑ |K |
𝑖=1 Λ 𝜃𝑝ℎ𝑜𝑛𝑒 𝛿

𝑖
23 𝑥

𝑖

𝑟5G
.
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In this work, we neglect the power consumption of downloading back the result (𝑃𝑤𝑛𝑑 and 𝑃5𝑔𝑑 )
and while in the idle state (𝑃𝑤𝑛𝑖𝑑𝑙𝑒 and 𝑃5𝑔𝑖𝑑𝑙𝑒 ). Therefore, we define the total power consumption
𝑃𝑆𝐸𝑊 and 𝑃𝑝ℎ𝑜𝑛𝑒 as:

𝑃𝑆𝐸𝑊 = 𝑃𝑒𝑥𝑒𝑆𝐸𝑊 + 𝑃𝑤𝑛𝑢 , 𝑃𝑝ℎ𝑜𝑛𝑒 = 𝑃𝑒𝑥𝑒𝑃ℎ𝑜𝑛𝑒 + 𝑃5𝑔𝑢 . (10)

Note that, since all the terms in Equations (8) and (9) are powers, the energy consumption in a
specific time slot with duration 𝜏 is computed as follows:

𝐸𝜏
𝑆𝐸𝑊

= 𝑃𝑆𝐸𝑊 𝜏, 𝐸𝜏
𝑝ℎ𝑜𝑛𝑒

= 𝑃𝑝ℎ𝑜𝑛𝑒𝜏 . (11)

3.5 Problem definition
Aswementioned in Section 3.1, the agent must choose an appropriate DNN configuration depending
on the system state. We formulate this decision problem as the minimization of the total processing
cost as follows:

min
𝑥𝑖

(
𝛼 (𝑃𝑆𝐸𝑊 + 𝑃𝑝ℎ𝑜𝑛𝑒 ) + 𝑐5𝐺

)
𝜏 (P1a)

subject to Constraint (1) and:

𝑙𝑡𝑜𝑡𝑎𝑙 < 𝐿𝑚𝑎𝑥 (P1b)

𝑥𝑖 ∈ {0, 1} ,∀ 𝑖 ∈ {1, 2, . . . , |K |}. (P1c)

The goal is to minimize the energy consumption defined in the previous section and the 5G
connection cost. In the objective function above, 𝛼 denotes the energy unit price (measured in
$/J); moreover, 𝐿𝑚𝑎𝑥 is the maximum time latency that guarantees a satisfactory user experience.
This work does not deal with the cost of the cloud service since we are trying to optimize the
system configuration from the user’s perspective (while cloud costs are incurred by the application
provider). The optimization of the overall system (which includes the decision, e.g., on the number
of virtual machines to run in the cloud back-end) will be considered as part of our future work. Note
that, in a specific time-slot 𝜏 , the optimization problem can be solved by inspection, by considering
all the possible system configurations, with a complexity of𝑂 ( |K |) (as done by Neurosurgeon [23]).
However, due to the variability in system performance between time slots, leveraging RL offers the
advantage of learning system dynamics and making proactive decisions, enabling the achievement
of better energy-performance trade-offs (as it will be shown in Section 5).

4 REINFORCEMENT LEARNING APPROACH
In this section we model the runtime management of AI applications as an MDP (see Section 4.1).
The easiest way to solve MDPs is to use dynamic programming, but in some cases, as the one we
consider, this is not possible due to the state space size or the unknown system dynamic. Therefore,
we present an RL-based approach to tackle the MDP in Section 4.2.

4.1 Problem formulation as an MDP
We formulate the SEW offloading problem as a discrete-time infinite-horizon MDP [44]. This can be
defined by a 5-tuple ⟨S,A, 𝑃, 𝑐, 𝛾⟩, where S represents the infinite set of all the possible states; A(𝑠)
denotes the finite set of all possible actions in state 𝑠 ; 𝑃 (𝑠′ |𝑠, 𝑎) is the transition probability from a
given state 𝑠 to a state 𝑠′ given an action 𝑎 ∈ A(𝑠); 𝑐 (𝑠, 𝑎, 𝑠′) is the immediate cost incurred when
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10 Abednego W. Kambale et al.

an action 𝑎 is executed in state 𝑠 and the system transits to state 𝑠′; and 𝛾 ∈ [0, 1] is a discount
factor that adjusts the importance of future costs.

We define the agent state as:

𝑠 = (𝑟WiFi7, 𝑟5G, 𝑙𝑆𝐸𝑊 , 𝑙𝑝ℎ𝑜𝑛𝑒 , 𝑙𝑐𝑙𝑜𝑢𝑑 ) . (12)

Among these, the data rates 𝑟WiFi7 and 𝑟5G, and the cloud latency 𝑙𝑐𝑙𝑜𝑢𝑑 are exogenous parameters
that are not under the agent control. Therefore, their variability is independent on the chosen
actions and is simply observed from the environment. Moreover, we assume that the phone works
in light-load conditions, i.e., there are no other running tasks that compete for its resources. On
the other hand, 𝑙𝑆𝐸𝑊 and 𝑙𝑝ℎ𝑜𝑛𝑒 change according to the actions, but their value is known a priori:
indeed, we can estimate the execution times 𝑡𝑖1 and 𝑡

𝑖
2 of the partitions executed on the SEW and

the smartphone for all the configurations 𝜅𝑖 (see Section 6.1). If we discretize all the continuous
variables with 10 values each, the dimension of S is in the order of 105.

An action consists in selecting a configuration𝜅𝑖 , thus the number of actions equals the number of
configurations |K |. Note that, in some states, the agent may choose not to change the configuration
selected in the previous time window; we model this scenario by introducing an action 𝜂 that
represents the do nothing choice. The set of all the possible actions A(𝑠) is hence given by:

A (𝑠) =
{
𝑎1, 𝑎2, . . . , 𝑎 |K |

}
∪ {𝜂}, (13)

where each 𝑎𝑖 represents the action of raising to 1 the variable 𝑥𝑖 , thus selecting configuration 𝜅𝑖 .
We associate a cost 𝑐 (𝑠, 𝑎, 𝑠′) to each triplet state-action-next state; 𝑐 (𝑠, 𝑎, 𝑠′) embeds the energy

costs 𝑐𝑒𝑆𝐸𝑊 (𝑠, 𝑎) = 𝛼𝑒𝑆𝐸𝑊 and 𝑐𝑒𝑝ℎ𝑜𝑛𝑒 (𝑠, 𝑎) = 𝛼𝑒𝑝ℎ𝑜𝑛𝑒 , the 5G connection cost 𝑐5𝐺 (𝑠, 𝑎), and the
penalty 𝑐𝑙𝑎𝑡 (𝑠, 𝑎, 𝑠′) we pay when violating the maximum latency requirement (Constraint (P1b)).
Moreover, if the agent chooses an action different from 𝜂 in a given time slot, the system must
be reconfigured, which implies some overhead; therefore, we introduce a reconfiguration penalty
𝑐𝑟𝑐 𝑓 𝑔, defined as 𝑐𝑟𝑐 𝑓 𝑔 = 1{𝑎≠𝜂} , meaning that we pay a penalty equal to 1 every time the chosen
action is different from 𝜂, 0 otherwise. Similarly, the cost 𝑐𝑙𝑎𝑡 (𝑠, 𝑎, 𝑠′) incurred when the system
violates the latency constraint can be simply defined as 𝑐𝑙𝑎𝑡 (𝑠, 𝑎, 𝑠′) = 1{𝑙𝑡𝑜𝑡𝑎𝑙> 𝐿𝑚𝑎𝑥 } . We combine
the different costs using a simple additive weighting approach [51], writing:

𝑐
(
𝑠, 𝑎, 𝑠′

)
= 𝜔𝑒𝑆𝐸𝑊

𝑐𝑒𝑆𝐸𝑊

𝑐𝑒𝑆𝐸𝑊 ,𝑚𝑎𝑥
+ 𝜔𝑒𝑝ℎ𝑜𝑛𝑒

𝑐𝑒𝑝ℎ𝑜𝑛𝑒

𝑐𝑒𝑝ℎ𝑜𝑛𝑒 ,𝑚𝑎𝑥
+

𝜔5𝐺
𝑐5𝐺

𝑐5𝐺,𝑚𝑎𝑥
+ 𝜔𝑙𝑎𝑡𝑐𝑙𝑎𝑡 + 𝜔𝑐 𝑓 𝑔 𝑐𝑟𝑐 𝑓 𝑔,

(14)

where 𝜔𝑒𝑆𝐸𝑊 , 𝜔𝑒𝑝ℎ𝑜𝑛𝑒 , 𝜔5𝐺 , 𝜔𝑙𝑎𝑡 and 𝜔𝑟𝑐 𝑓 𝑔 are non-negative weights that sum up to 1. 𝑐𝑒𝑆𝐸𝑊 ,𝑚𝑎𝑥 ,
𝑐𝑒𝑝ℎ𝑜𝑛𝑒 ,𝑚𝑎𝑥 and 𝑐5𝐺,𝑚𝑎𝑥 are the normalization parameters for the energy cost on SEW and phone
and the cost of the 5G connection, respectively.

When we have a high battery level, we may want to promote the local computation on the SEW,
while, when the battery level drops, we may foster the computation offloading to the mobile phone
or the cloud. Therefore, we might vary the weights according to the actual battery level.

The system dynamic is stochastic; hence, the transition probability matrix cannot be defined. As
a consequence, it is impossible to solve this MDP using traditional dynamic programming. The
next section will present the model-free RL-based approaches we propose to tackle this problem.

4.2 Reinforcement Learning approaches
RL approaches aim to learn an optimal policy by interacting directly with the system and leveraging
the collected experience [44]. A basic RL scenario can be described as follows: considering an
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Algorithm 1 𝜀-greedy tabular methods.
1: Input: 𝑆 , 𝐴, 𝐶 , 𝑇 , 𝑙𝑟 ∈ [0, 1], 𝛾 ∈ [0, 1], 𝜀 ∈ [0, 1], set of weightsW, set of 𝐿𝑚𝑎𝑥 ,𝑚𝑒𝑡ℎ𝑜𝑑

2: Initialization:
3: 𝑄 : 𝑆 ×𝐴→ R initialize arbitrarily
4: Start in state 𝑠 ∈ 𝑆
5: for 1, ..,𝑇 do
6: SetW or 𝐿𝑚𝑎𝑥 according to the step
7: 𝑎 ← 𝜀-greedyPolicy(𝑠 , 𝐴, 𝜀)
8: Take action 𝑎, observe new state 𝑠′ and get reward 𝑅 considering W
9: Update Q table(s) based on𝑚𝑒𝑡ℎ𝑜𝑑

10: 𝑠 ← 𝑠′

11: end for
12: return 𝑄

infinite horizon of discrete time steps, an agent takes an action at each time step to minimize the
long-term cost. When the agent takes an action, it considers the current state of the environment;
its choice results in paying an immediate cost and moving to a new state. This transition, as well
as the immediate cost, is often stochastic, since it usually depends on exogenous factors that are
unknown to the agent. The agent stores 𝑄 (𝑠, 𝑎), which is an estimate (called Q-function) of the
expected long-term costs that result from the execution of an action 𝑎 in a state 𝑠 . The agent uses
these estimates to decide which action to take at the next step, and then updates 𝑄 (𝑠, 𝑎) based on
the observed cost, thus improving its policy. RL approaches assume that the system complies with
the Markov property and is stationary. While these properties might not hold in real systems, some
works have successfully used RL techniques in non-Markovian scenarios [14, 29].

In this work, we consider several Q-tabular methods, i.e., algorithms that leverage a matrix
(called Q-table) to store the estimated 𝑄 (𝑠, 𝑎) values. All of them are model-free and do not require
knowledge of the system dynamics. We consider a simple 𝜀-greedy action selection approach that,
at each step 𝜏 , chooses the greedy action (i.e, 𝑎𝜏 = argmin𝑎∈𝐴(𝑠𝜏 ) 𝑄 (𝑠𝜏 , 𝑎)) with probability 1 − 𝜀,
exploiting its knowledge of the system, whereas it picks a random action with probability 𝜀 to
explore the space, enhancing its knowledge of the application. The 𝜀-greedy policy guarantees the
exploration of sub-optimal actions, albeit with low probability, while choosing the optimal action
for a given state most of the times.

Since most RL methods are highly problem-dependent, we conduct a comprehensive comparison
among different tabular methods, namely Q-learning [49], SARSA [42], ExpectedSARSA [43],
Double Q-learning [17] and Weighted Q-learning [9], to investigate the effects on our problem of
different levels of exploration and of the trade-off between sample efficiency and computational
time. Moreover, we first train our agents in a simulated environment, and later move to a real
system where they can further update the developed policies.
Algorithm 1 summarizes the approach we followed for offline training while Algorithm 2 de-

scribes the RL agent behavior when deployed on a real system prototype. Algorithm 1 receives
as inputs the state and action spaces, the cost function, the number of steps 𝑇 , and some RL
hyper-parameters as the learning rate 𝑙𝑟 , 𝛾 and 𝜀 (line 1). Then, the Q-table of state-action values
is randomly initialized (lines 3), and a state is randomly sampled from the environment (line 4).
The general outline of all tabular methods is presented in lines 5–11: in each step, the importance
weights W or the threshold 𝐿𝑚𝑎𝑥 are set according to the user preference to account for energy
efficiency (more details in Section 5); then, the agent chooses an action following the 𝜀-greedy policy,
observes the new state 𝑠′ and receives the reward (lines 6–8). The Q table is updated depending
on the selected method, and the environment moves to the next state (lines 9–10). If we denote
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12 Abednego W. Kambale et al.

Algorithm 2 Algorithm used to update the RL agent on real system prototype.
1: Input: 𝑆 , 𝐴, 𝐶 , 𝑇 , 𝑙𝑟 ∈ [0, 1], 𝛾 ∈ [0, 1], 𝜀 ∈ [0, 1], set of weights W, set of 𝐿𝑚𝑎𝑥 , control time-period 𝜏 ,

𝑀𝑎𝑥_𝑐𝑜𝑛𝑠𝑒𝑐𝑢𝑡𝑖𝑣𝑒_𝑣𝑖𝑜𝑙𝑎𝑡𝑖𝑜𝑛𝑠 ,𝑚𝑒𝑡ℎ𝑜𝑑

2: Initialization:
3: 𝑄 : 𝑆 ×𝐴→ R initialize with learned Q table
4: Initialize 𝑣𝑖𝑜𝑙𝑎𝑡𝑖𝑜𝑛𝑠 and 𝑒𝑙𝑎𝑝𝑠𝑒𝑑_𝑡𝑖𝑚𝑒

5: Start in state 𝑠 ∈ 𝑆
6: for 1, ..,𝑇 do
7: SetW or 𝐿𝑚𝑎𝑥 according to battery level or user preference
8: 𝑎 ← 𝜀-greedyPolicy(𝑠 , 𝐴, 𝜀)
9: while 𝑒𝑙𝑎𝑝𝑠𝑒𝑑_𝑡𝑖𝑚𝑒 < 𝜏 and 𝑣𝑖𝑜𝑙𝑎𝑡𝑖𝑜𝑛𝑠 < 𝑀𝑎𝑥_𝑐𝑜𝑛𝑠𝑒𝑐𝑢𝑡𝑖𝑣𝑒_𝑣𝑖𝑜𝑙𝑎𝑡𝑖𝑜𝑛𝑠 do
10: Take action 𝑎, observe state 𝑠′ and get reward 𝑅 consideringW
11: Store (𝑠, 𝑎, 𝑅, 𝑠′) in transition buffer 𝑇𝑏
12: if 𝑙𝑎𝑡𝑒𝑛𝑐𝑦 > 𝐿𝑚𝑎𝑥 then
13: 𝑣𝑖𝑜𝑙𝑎𝑡𝑖𝑜𝑛𝑠 ← 𝑣𝑖𝑜𝑙𝑎𝑡𝑖𝑜𝑛𝑠 + 1
14: else
15: 𝑣𝑖𝑜𝑙𝑎𝑡𝑖𝑜𝑛𝑠 ← 0
16: end if
17: end while
18: Update Q table(s) based on 𝑇𝑏 and𝑚𝑒𝑡ℎ𝑜𝑑

19: Reset 𝑣𝑖𝑜𝑙𝑎𝑡𝑖𝑜𝑛𝑠 , flush the buffer 𝑇𝑏 and reset 𝑒𝑙𝑎𝑝𝑠𝑒𝑑_𝑡𝑖𝑚𝑒

20: end for
21: return 𝑄

by 𝑅 the immediate reward, i.e., the negative of the cost defined in the previous section, line 9 in
Algorithm 1 can be detailed for the different methods as follows.

- Q-learning learns the optimal policy directly by maximizing rewards through a greedy
action-selection strategy, eliminating the possibility of the agent taking an exploration
step from the second step in the update function; accordingly, it uses the action 𝑎′ that
maximizes the Q value (i.e., minimizes the cost) to update the Q table:

𝑄 (𝑠, 𝑎) ← (1 − 𝑙𝑟 )𝑄 (𝑠, 𝑎) + 𝑙𝑟 (𝑅 + 𝛾 max
𝑎′

𝑄 (𝑠′, 𝑎′)) .

- Double Q-learning exploits two Q-tables (i.e., two value estimates, which makes the
algorithm more stable) to reduce bias and avoid the overestimation of action values often
incurred by Q-Learning. To perform the update, it randomly chooses one of the Q tables
(𝑄𝐴 and 𝑄𝐵), selects the action 𝑎′ that maximizes its value, and updates it based on the
other Q value. For instance, if 𝑄𝐴 is selected, we set:

𝑎′ = argmax
𝑎

𝑄𝐴 (𝑠′, 𝑎)

𝑄𝐴 (𝑠, 𝑎) ← (1 − 𝑙𝑟 )𝑄𝐴 (𝑠, 𝑎) + 𝑙𝑟 (𝑅 + 𝛾𝑄𝐵 (𝑠′, 𝑎′)) .

- Weighted Q-learning aims to address a Double Q-Learning drawback, i.e., the fact that
the relative performance of the two estimators is highly problem-dependent. To increase
robustness, it estimates the maximum expected value relying on a weighted average of
sample means; weights are computed using Gaussian approximations for the sample means
distributions. For each action 𝑎𝑖 ∈ 𝐴, it defines𝑤𝑖 as the number of times 𝑎𝑖 minimizes the
samples, divided by the total number of samples. Then, the weighted Q is computed as
𝑊 = 𝑤𝑇𝑄 (𝑠′, a), where a is the vector of all actions. Finally, Q is updated as:
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𝑄 (𝑠, 𝑎) ← (1 − 𝑙𝑟 )𝑄 (𝑠, 𝑎) + 𝑙𝑟 (𝑅 + 𝛾𝑊 ) .
- SARSA incorporates an exploration step by consistently following the 𝜀-greedy strategy to
choose action 𝑎′, and it updates the Q table as follows:

𝑄 (𝑠, 𝑎) ← (1 − 𝑙𝑟 )𝑄 (𝑠, 𝑎) + 𝑙𝑟 (𝑅 + 𝛾𝑄 (𝑠′, 𝑎′)) .
Directly learning from the exploration policy (on-policy) makes SARSA more conservative
and stable than Q-Learning, even though the latter tends to converge more quickly to an
optimal policy.

- Expected SARSA updates the Q table based on a weighted average of the Q-values for all
the possible actions in the next state, taking into account the likelihood of each action under
the current policy, instead of stochastically sampling state-action values. Accordingly:

𝑄 (𝑠, 𝑎) ← (1 − 𝑙𝑟 )𝑄 (𝑠, 𝑎) + 𝑙𝑟 (𝑅 + 𝛾
∑︁
𝑎′

𝜋 (𝑎′ |𝑠′)𝑄 (𝑠′, 𝑎′)),

where 𝜋 (𝑎′ |𝑠′) is the probability of selecting action 𝑎′ in state 𝑠′, according to the current
policy, that is updated as follows:

𝜋 (𝑎′ |𝑠′ ) =


1−𝜖
| argmax

𝑎′′
𝑄 (𝑠′,𝑎′′ ) | +

𝜖
|𝐴| if 𝑄 (𝑠′, 𝑎′ ) = max

𝑎′′
𝑄 (𝑠′, 𝑎′′ )

𝜖
|𝐴| otherwise.

When running Algorithm 2 in a real system the Q-table is initialized with the Q-table learned
during offline training (line 3). Also, all the other variables needed by the algorithm are initialized
in line 4. The importance weights W and 𝐿𝑚𝑎𝑥 remain constant or are updated based on user
preferences or battery level (line 7). The agent follows an 𝜀-greedy policy, executing actions and
storing transitions (𝑠, 𝑎, 𝑅, 𝑠′) in a buffer𝑇𝑏 during the control time (10 seconds). No Q-table updates
occur during this period, but constraints violations are recorded (lines 8–14). Once the control time
elapses, the agent updates its Q-table using transitions from 𝑇𝑏 and requests a new action (lines
18–20). If the number of consecutive violations exceeds the acceptable threshold, the agent requests
a new action even before the control time ends (line 9). After each cycle, we reset the violation
count and elapsed time, and clear the buffer 𝑇𝑏 (line 19).

5 EXPERIMENTAL RESULTS
This section evaluates the performance of the RL agent under different scenarios. Section 5.1
presents the experimental setup, with a focus on the network bandwidth and cloud performance
variability. Section 5.2 introduces the alternative methods we considered as baseline for the evalua-
tion. Section 5.3 and Section 5.4 present the results of the analyses varying the importance weights
and the maximum time latency, respectively. In Section 5.5, we compare our approach against the
baselines, focusing on energy efficiency and execution-time violations. Finally, in Section 5.6 we
validate the best-performing agent (based on Q-learning) by considering a prototype application
run in a real edge system.

5.1 Experimental setup
We considered a reference AI application for object tracking. These can be used in an indoor scenario,
where the user wearing the SEW may want to identify various objects in her/his environment, or
outdoor for, e.g., people tracking. A rate of 1–5 fps is considered acceptable for low-frame rate
videos [2].

According to [31], DNN-based object-tracking frameworks incorporate CNNs for object detection.
These frameworks include post-processing operations such as bounding boxes filtering and drawing,
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as well as object assignment in different frames. In our experiments, we focused on the object
detection phase, and we adopted the widely-used YOLOv5 model. YOLOv5 utilizes a CNN as its
backbone and incorporates additional operations in its neck and head to enable object detection. A
profiling campaign was carried out to measure the execution time of different partitions, considering
HoloLens 2 as a representative of the computing power that will be available in the next generation
SEW, a Samsung Galaxy S231 as the second device on the second layer, and a Dell Precision 5480
PC as the cloud server. The HoloLens 2 comprises a Qualcomm Snapdragon 850 System-On-Chip
(SoC) with an Octa-core, 2840 MHz, Kryo 385, 64-bit ARM processor, 4 GB of RAM and Adreno
630 GPU. The Samsung S23 includes a Snapdragon 8 Gen 2 SoC, 8GB RAM, 128 GB storage, an
Octa-core processor with a maximum frequency of 3.36 GHz, and an Adreno 740 GPU which is
compliant with the announced Qualcomm SEW-phone AR ecosystem. The PC is characterized by
64GB of RAM, a 13th Gen Intel Core i7-13800Hx20 processor, and an Nvidia 8GB GPU. All three
devices were connected to the same WiFi hotspot provided by the Samsung S23. The HoloLens 2
and the Samsung S23 support WiFi 5 and WiFi 6E, respectively. The DNN time and energy profiling
were performed using a C# application on HoloLens 2 (implemented using Microsoft Visual Studio
and Unity), an Android server on the mobile phone, and the PC running a docker container for the
third partition of the DNN model. The details of YOLOv5 model partitioning and configuration
parameters are presented in Appendix B.2.

We set the parameter 𝜀 of the agents 𝜀-greedy policy to 0.05 in all the experiments. The learning
rate is initialized to 1 and exponentially decays with the number of training steps; it is reset to 1
at the beginning of every interval when the weights or the latency threshold are changed, to let
the agent learn the new scenario. It is important to note that, since the environment changes are
triggered by the users (e.g., depending on the battery level of users’ devices), the learning rate can
be updated accordingly. The discount factor 𝛾 in all experiments is 0.99

As explained in Appendix B.2, YOLOv5 offers 104 feasible configurations. To enhance the experi-
ment robustness, we generated 10 random applications with a random number of configurations
|K | ∈ [80, 104]. Moreover, for each application (with a fixed configuration) we performed 10 runs
of the RL agent considering 10 different random seeds. In the following, we will report the average
results among all 10 applications and their 10 random runs.

For each configuration 𝜅𝑖 , the execution times 𝑡𝑖1, 𝑡
𝑖
2 and 𝑡

𝑖
3 (see Section 3.1) are randomly sampled

from a range having as mean the profiled value, and bounded by ±20%. This work considers both
WiFi and 5G base traces as the foundation for generating additional traces across all application
instances. The WiFi base trace, consisting of 3000 rows, was obtained from profiling conducted as
described above. On the other hand, the 5G base trace [34], derived from real-time measurements,
comprised 11024 data samples, with the maximum uplink throughput reaching 230.75 Mbps. The
base traces were replayed to reach the total runtime of each experiment. Various operations were
applied during replay to eliminate periodicity, including random shifts, insertion of random noise
(±10% of the value at time step t), and inversion of the trace in its middle. Different 5G and WiFi
traces for each application are considered across the 10 runs. Additionally, for each partition 𝑝𝑖3
executed on the cloud, a random cloud latency is sampled using an exponential distribution with
𝜆 = 1/𝑡𝑖3, as in [46]. Examples of 5G, WiFi and cloud latency traces are presented in Appendix B.1.

The agent control time period 𝜏 is set to 10 s but the next action is also triggered if 5 consecutive
frames (sampled every 𝐿𝑚𝑎𝑥 ) incur in a latency threshold violations.

The action space of the agent for each application includes the number of corresponding config-
urations plus 𝜂 (do nothing). We considered an MDP with an infinite horizon; however, for each
experiment, we run the agent for a total of 1.5 × 106 steps, which we collectively refer to as an

1https://www.phonearena.com/phones/Samsung-Galaxy-S23_id11999
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Steps/1000

Average rewards

Average Q

Average number of actions

(a) Reward, Q and number of actions.

Average violations (%)

Average SEW energy consumption (J)

Steps/1000

Average Phone energy consumption (J)

(b) Average violations and energy consumption.

Fig. 3. Experimental results when varying the importance weights (average across 10 applications and 10
instances each).

episode. We will call the periods [0, 5] × 105, [5, 10] × 105, and [1, 1.5] × 106 the first, second, and
third interval, respectively.

In all experiments, we compute the reward as the negative of the cost.

5.2 Alternative Methods for Evaluation
To evaluate the effectiveness of our approach we consider two baselines: the first one, denoted by
Opt*, is a static setup that represents the optimal solution of Problem (P1) when the average WiFi
and 5G throughput values derived from the traces are considered. This setup enables us to evaluate
whether dynamic runtime offloading provides any benefits over a static pre-computed solution.

The second baseline we consider is Neurosurgeon [23], a state-of-the-art algorithm that selects
the optimal partition point based on the previous sample of the networks throughput, aiming to
minimize either total latency or energy consumption, but not both simultaneously. In contrast, our
approach incorporates both latency and energy consumption into the agent’s decision-making
process, weighting each factor according to its importance in the objective function.

Since Neurosurgeon uses a single partition point, executing part of the DNN on the mobile device
and offloading the rest to either an edge or a cloud server, we extended it to support two partition
points. This change enables handling three computational layers, facilitating a fair comparison
with our approach.

5.3 Varying importance weights scenario
This section presents the results of a scenario where the latency constraint threshold 𝐿𝑚𝑎𝑥 is set
to 500 ms for all steps, while the cost-function importance weights (see Equation (14)) change in
the three episode intervals. This change in the weights allows to simulate what happens when the
SEW battery capacity decreases and then the device is recharged. In particular, we set 𝜔𝑙𝑎𝑡 = 0.93,
𝜔𝑒𝑆𝐸𝑊 = 0.03, 𝜔𝑒𝑝ℎ𝑜𝑛𝑒 = 0.02, 𝜔5𝐺 = 0 and 𝜔𝑟𝑐 𝑓 𝑔 = 0.02 in the first interval to put more emphasis on
the execution time when the SEW is fully charged; in the second interval, since the battery capacity
has decreased, we consider 𝜔𝑙𝑎𝑡 = 0.4, 𝜔𝑒𝑆𝐸𝑊 = 0.5, 𝜔𝑒𝑝ℎ𝑜𝑛𝑒 = 0.05, 𝜔5𝐺 = 0.03 and 𝜔𝑟𝑐 𝑓 𝑔 = 0.02 to
slightly relax the latency constraint and shift the focus on SEW energy consumption. Finally, in
the third interval we assume the SEW has been partially recharged, therefore we have 𝜔𝑙𝑎𝑡 = 0.86,
𝜔𝑒𝑆𝐸𝑊 = 0.07, 𝜔𝑒𝑝ℎ𝑜𝑛𝑒 = 0.02, 𝜔5𝐺 = 0.03 and 𝜔𝑟𝑐 𝑓 𝑔 = 0.02.

Figure 3 illustrates the comparison between Q-learning and SARSA obtained after training the
agent over 1.5 × 106 steps, considering several significant metrics including the agent reward over
time, the Q function value, the percentage number of violations, the number of reconfigurations,
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and the energy consumption on SEW and phone. All the metrics are computed as a moving average
over a window of 1000 steps (recall that average values are computed across 10 applications and 10
random runs for each application as well). Note that Q-learning and SARSA provided better results
compared with other methods in terms of violation; therefore, we only reported their results to
enhance the figure clarity. A full comparison among the methods is shown in Appendix B.3.
In the initial steps of the first interval, the lack of knowledge about system dynamics leads to

increased exploration and a higher rate of violations (see Figure 3b, first line), resulting in greater
energy consumption (see Figure 3b, second line) and more frequent reconfigurations (see Figure 3a,
third line). This phase is also characterized by lower Q-values and rewards, as observed in Figure 3a
(first and second line). However, after approximately 105 steps, the agent progressively learns to
adapt, leading to a reduction in the violation rate to around 7%. This adaptation results in lower
energy consumption and fewer reconfigurations, ultimately yielding higher rewards.

At the beginning of the second interval, as theweight associatedwith latency constraint violations
decreases and the weight for SEW energy consumption increases, the agent adapts by reducing
energy consumption on the SEW while increasing energy consumption on the phone, which is
assigned a lower weight. Consequently, the reward experiences a slight decline, and the percentage
of violations increases, reaching 27% in the initial steps ([5, 5.5] × 105 in all plots of Figure 3).
However, the agent gradually learns to select configurations that reduce both the number of
violations and energy consumption also on the phone (see steps after 5.5 × 105 in all plots of
Figure 3). Finally, when the weight associated with violations increases again in the last interval,
the agent compensates by increasing energy consumption on both the SEW and the phone to
optimize the reward.
Figure 4 provides a more in-depth analysis of the agents’ behavior on the first instance of the

first application, which is characterized by 84 candidate configurations. This specific instance was
selected for its representative behavior, closely aligning with the average. Figure 4 highlights the five
most frequently chosen configurations per interval. Overall, configurations 68 to 83 dominate the
first and third intervals, while configurations 36 and 44 also appear frequently in the second interval.
The rationale behind this lies in the fact that, even though the importance weights change, the
violation weight remains dominant in the first and last intervals; consequently, the agent prioritizes
addressing violations, opting for configurations that execute the DNN as locally as possible to
minimize transmission delays. In the second interval, however, the SEW energy consumption weight
is dominant; therefore, the agent favors the configurations with remote execution to minimize
the SEW energy consumption. As an example, at the end of the training, configuration 71 is the
most popular in the third interval for both Q-learning and SARSA: it runs the DNN totally on the
SEW and phone to avoid the 5G delay associated with transmitting the tensors to the cloud. In the
second interval, configuration 36 is the most popular: it runs a small part of the DNN on SEW and
phone, while transferring the substantial portion of the DNN computation, thereby preventing
unnecessary energy consumption on the SEW device.

Figures 5a and 5b show the percentage number of violations in the whole episode and in the last
5 × 104 steps of each interval, respectively, for all methods. They also report the average over the
three intervals, referred to as total in the legend.
According to Figure 3 and Figure 5b, we conclude that, as it can be expected due to the lack of

any prior experience, the agent needs more steps to converge in the first interval, and it reaches a
lower number of violations by consuming more energy on the SEW and phone. Indeed, despite the
weight for violations is lower in the third interval than in the first interval, we experience more
violations in the last 5 × 104 steps of the first interval than in the third one, while the constraint
threshold is the same. Figure 5c shows that the methods slightly reduce energy consumption
in the second interval. This occurs because the violation and energy consumption weights are
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Fig. 4. Distribution of configurations while changing importance weights (single instance).

(a) Total violations per in-
terval.

(b) Violations in the last
50000 steps.

(c) Total EC per interval. (d) EC rate with respect to
Q-learning.

Fig. 5. Violation rates and energy consumption (EC) at different intervals when changing the importance
weights (average across 10 applications and 10 instances each).

lower and higher, respectively, compared to the first interval, and the agent prioritizes minimizing
energy consumption to maximizing the overall reward. However, in the third interval, the methods
significantly increase energy consumption due to the updatedweights. This last aspect is particularly
true for Q-learning, due to its nature of determining the optimal action in each state.
Figure 5a shows that all methods experience the lowest percentage number of violations in

the last interval, and that Q-learning is the method achieving the lowest values in all intervals.
Figure 5b highlights that the agent reduces the violations between 21% and 25% in Q-learning,
SARSA and ExpectedSARSA after 4.5 × 105 steps. Since Q-learning yields the lowest percentage
number of violations but a similar reward value compared with SARSA and ExpectedSARSA, we
computed the energy consumption (EC) rate of other methods with respect to Q-learning (see
Figure 5d) to have a more comprehensive comparison:

𝐸𝐶_𝑟𝑎𝑡𝑒 =
𝐸𝐶𝑚𝑒𝑡ℎ𝑜𝑑 − 𝐸𝐶𝑄𝑙𝑒𝑎𝑟𝑛𝑖𝑛𝑔

𝐸𝐶𝑄𝑙𝑒𝑎𝑟𝑛𝑖𝑛𝑔

× 100. (15)

Comparing Figure 5a and Figure 5d we observe that, with respect to SARSA and ExpectedSARSA,
Q-learning reduces the violations by 6.5% and 10%, respectively, at the expense of consuming 2.13%
and 2.69% more energy.

5.4 Varying latency constraint scenario
To assess how the agent adapts to different latency constraints, we change the threshold value
𝐿𝑚𝑎𝑥 at the beginning of each intervals as: 𝐿𝑚𝑎𝑥 = 600, 400, 500𝑚𝑠 . The importance weights are
fixed during the whole episode, and set to 𝜔𝑙𝑎𝑡 = 0.93, 𝜔𝑒𝑆𝐸𝑊 = 0.03, 𝜔𝑒𝑝ℎ𝑜𝑛𝑒 = 0.02, 𝜔5𝐺 = 0 and
𝜔𝑟𝑐 𝑓 𝑔 = 0.02 (the same weights as the first interval analysed in the previous section).
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Average rewards
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(a) Reward, Q and number of actions.

Average violations (%)
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Average Phone energy consumption (J)

Average SEW energy consumption (J)

(b) Violations rate and energy consumption.

Fig. 6. Experimental results while changing execution time constraint (average across 10 applications and 10
instances each).
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Fig. 7. Violation rates and energy consumption (EC) at different intervals while changing 𝐿𝑚𝑎𝑥 (average
across 10 applications and 10 instances each).

Figure 6 illustrates the comparison between Q-learning and SARSA in terms of the significant
metrics, averaged among all the 10 applications and 10 runs as in Section 5.3. The full comparison
among the methods is shown in Appendix B.3. In the first interval, similarly to the previous
scenario, the agent explores more during the early steps, but it converges faster and experiences
less violations and energy consumption because of a more relaxed latency constraint (𝐿𝑚𝑎𝑥 = 600)
than in the first interval of Section 5.3.
At the beginning of the second interval, since the latency constraint becomes very strict, the

reward experiences a sudden decline and the violation rate increases up to 50%. The agent tries
to balance the reward by exploring more actions and increasing the energy consumption: it first
explores actions that consume more energy on the phone rather than the SEW (according to the
values of the importance weights), but, after some steps (see steps [5, 5.5] × 105 in Figure 6b),
it realizes that the violations can be compensated only by choosing configurations that process
the DNN mostly on SEW, avoiding the communication delay (and its variability) between SEW,
phone and cloud. Note that, in the first interval we observe a similar behaviour for SARSA and Q-
learning because of the large weight on violations, while in the second interval we observe different
behaviours because SARSA uses the current policy to select the next action to update Q-values while
Q-learning selects the action that maximizes the Q-value in the next state. This leads Q-learning to
select configurations that are mostly run on SEW and phone, increasing the energy consumption
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Fig. 8. Distribution of configurations, with changing 𝐿𝑚𝑎𝑥 (single instance).

and decreasing violations, while SARSA tends to be less extreme or conservative compared to
Q-learning due to its on-policy nature. Finally, when the constraint is relaxed at the beginning of
the last interval, the agent can significantly decrease the energy consumption in both SEW and
phone, while only slightly decreasing the reward. After some steps, the Q-learning agent learns that,
if it runs the DNN mostly on the phone, it can cope with the constraint, consequently consuming
more energy on the phone and less on SEW compared with the second interval. SARSA does not
necessarily follow the maximum Q-value policy, which leads to a lower energy consumption and
to more violations.

Figure 7 compares all the tabular methods in terms of average violations and energy consumption.
In particular, Figure 7a highlights that all methods but Weighted Q-learning and Double Q-learning
observe the lowest percentage number of violations in the last interval, even though 𝐿𝑚𝑎𝑥 is lower
than in the first interval. This shows that the agent is trained well particularly in the second interval,
because of the strict constraint. Additionally, it illustrates that Q-learning has the lowest violation
rate, both per-interval and overall, among all methods. Figure 7b shows the violation percentage
during the last 5 × 105 steps of each interval, and the average of the three intervals, referred to as
total in the legend. This figure exhibits that the agent manages to reduce the violation percentage
between 32% and 40% in Q-learning, SARSA and ExpectedSARSA after 4.5 × 105 learning steps per
interval, which is an acceptable improvement. In Figure 7c, we analyze the energy consumption of
all methods across each interval. For SARSA and Expected SARSA, energy consumption is higher
in the second interval due to the stricter constraints imposed during that phase. In contrast, for
Q-learning, the maximum energy consumption occurs in the third interval, driven by the policy
selection of the maximum Q-value action. Comparing the violation rates in Figure 7a and the
energy consumption rate of all methods with respect to Q-learning (Equation 15) in Figure 7d, we
observe that Q-learning reduces the violations by 1.3% and 2% while consuming 1.65% and 2.99%
more energy compared with SARSA and ExpectedSARSA, respectively. According to all results,
Weighted Q-learning and Double Q-learning did not manage to achieve acceptable performance
and they need much more steps to converge to a near-to-optimal policy.

Figure 8 shows the five most popular configurations per interval related to the first instance of the
first application. Since the constraint in the first interval is relaxed and most of the configurations
can satisfy it, the distributions of configurations are very close in both methods (see Figure 8,
interval1). When the constraint becomes tight, in the second interval, the agent realizes that the
best configurations are those between 69 and 84, which correspond to running the DNN mostly
on the SEW. For example, configuration 72 is the most popular selected by Q-learning; it runs
mostly on the SEW, nothing on the phone and a tiny part on the cloud (see Figure 8a, interval2).
Finally, in the last interval, when the constraint is relaxed again, the range of the agents decisions
expands between 45 and 84, and the violation percentage reaches the lowest possible level (see
Figure 6b, first line). The two most popular configurations for both methods are 82 and 78 (see
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(a) Execution time violation. (b) Energy consumption.

Fig. 9. Comparison of Proposed QL, Neurosurgeon and Opt* considering execution time violation rate and
energy consumption for latency-oriented scenario (scenario 1) and energy-aware scenario (scenario 2).

Figure 8, interval3), where the former runs the DNN on the SEW and phone (nothing on the cloud),
while the latter runs the DNN mostly on the SEW and two tiny parts on the phone and cloud.

5.5 Comparison with Opt* and Neurosurgeon
In this section, we compare our best-performing method, referred to as Proposed QL, with the Opt*
and Neurosurgeon [23] baselines described in Section 5.2.

Figure 9 presents comparison results of the three approaches considering two scenarios. Scenario
1 is latency-oriented and involves varying execution time thresholds as described in Section 5.4
(i.e., taking values in [600, 400, 500] ms), while setting the importance weights to 𝜔𝑙𝑎𝑡 = 0.93,
𝜔𝑒𝑆𝐸𝑊 = 0.03, 𝜔𝑒𝑝ℎ𝑜𝑛𝑒 = 0.02, 𝜔5𝐺 = 0 and 𝜔𝑟𝑐 𝑓 𝑔 = 0.02. Scenario 2 is an energy-aware scenario in
which the execution time threshold is fixed at 500 ms, while Proposed QL adjusts the importance
weights as detailed in Section 5.3. Neurosurgeon objective is latency minimization in scenario 1,
while it is the minimization of total energy consumption in scenario 2. For Opt*, as the configuration
remains static, we compute the execution time violation rate and energy consumption in both
scenarios. Recall that both the execution time violations and energy consumption were computed
using the same WiFi and 5G traces, as described in Section 5.1.
For Scenario 1, Figure 9a shows that Opt* performs the worst in terms of execution time viola-

tions, with a violation rate of 43.2%. In contrast, both Proposed QL and Neurosurgeon demonstrate
significantly better performance, with violation rates of 10.1% and 4.2%, respectively. Regarding
energy efficiency, Figure 9b reveals that Proposed QL is the most efficient, consuming 41% and
19% less energy compared to Neurosurgeon and Opt*, respectively. In Scenario 2, considering
both energy consumption and execution time violation rate, Proposed QL proves to be the best-
performing method. It achieves a violation rate similar to Neurosurgeon (10.8% versus 8%), while
maintaining a significantly lower violation rate than Opt* (see Figure 9a). Furthermore, Proposed
QL ensures substantial energy savings, consuming 39% and 16% less energy than Neurosurgeon and
Opt*, respectively (see Figure 9b). In conclusion, Proposed QL demonstrates superior performance
across both metrics, offering the best trade-off between execution time violations and energy
consumption. It effectively captures system dynamics, outperforming the other methods. While
Neurosurgeon is the most energy-intensive, Opt* results inadequate for this problem, as it fails to
account for system dynamics, inducing higher violation rates.
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(a) Setup of real system prototype. (b) View of what is seen on HoloLens 2.

Fig. 10. Setup of real system prototype and example of the HoloLens view.

5.6 Experiments on prototype environment
This section presents the results obtained by executing the trained agent on a real system, to
evaluate its performance and ascertain whether it provides the anticipated benefits as described in
the previous section. It is important to note that only limited studies have addressed this aspect
[12], which is crucial to provide a clear understanding of how the simulation results can be applied
to actual systems and how the agent can be utilized in production. We focused on the Q-learning
method, identified in Section 5.3 as the optimal approach.

The actual system configuration, illustrated in Figure 10a, precisely aligns with the description
provided in Section 5.1. The YOLOv5 object-detection task follows an execution sequence that
begins with image capture by the HoloLens 2 camera and ends with the visualization of bounding
boxes on its display as seen in Figure 10b.
We used the Samsung S23 WiFi hotspot to establish a wireless connection between different

entities. This phone has WiFi6E capability to connect different devices using WiFi6E over the 5GHz
band, with a maximum throughput reaching 1000Mbps. To ensure compatibility between Samsung
S23 and the third device regarding 5G network throughput, we clipped the connection throughput
according to the maximum 5G throughput reported in the real trace presented in the Appendix.
Specifically, the 5G throughput value is computed by multiplying the peak value observed in the 5G
base trace by the ratio of the actual WiFi6 throughput to its maximum value. Consequently, during
data transmission from Samsung S23 to the PC, if the real WiFi6 throughput exceeds the computed
value, the server on the PC introduces a delay with a predetermined duration to accommodate the
disparity between the real WiFi6 throughput and the computed value. This approach ensures that
the experiment accurately reflects the compliance with 5G network specifications in the connection
between the second and third computational layers.

We considered an execution time threshold 𝐿𝑚𝑎𝑥 = 500𝑚𝑠 and adjusted the importance weights
to accommodate various setups, following the procedures implemented during the training phase
(Section 5.3). As already mentioned, these adjustments account for when there are changes in the
battery capacity of the SEW or the phone. To effectively adapt the agent to the new scenario, we
profiled the DNN on the real system to evaluate the determinism of execution time across different
devices, thereby improving training efficiency. The profiling results revealed that the coefficient of
variation in execution time across all partitions consistently remained below 20%. Consequently,
we trained the agent using Q-learning, considering all 104 possible configurations of YOLOv5n
(YOLOv5 nano), while utilizing the WiFi trace from the profiling and incorporating the 5G trace
from [34]. The training process consisted of 1.5 million steps, considering 𝜀 = 0.05. At the end of
the offline training, the total violation achieved is 13.2%.
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(a) Online-training agent. (b) pretrained-Static agent. (c) pretrained-Dynamic agent.

Fig. 11. Latency, reconfigurations, 5G, and WiFi throughputs for Online-training, pretrained-Static, and
pretrained-Dynamic agents on real system with 104 configurations in prototype environment. Purple dashed
lines indicate the end of an interval, where importance weights are changed.

We evaluated the trained agent in terms of latency constraint violation and energy consumption.
The evaluation encompasses four main scenarios: the first one involves a randomly initialized agent,
referred to as the Online-training agent, which begins the learning process from scratch. The second
scenario leverages an agent whose Q-table is initialized with the values from the training process,
but which is not updated thereafter (pretrained-Static agent). The third scenario follows the same
initialization process as the second one, but the agent continues to learn during the experiment,
leading to updates in its Q-table (pretrained-Dynamic agent). The fourth scenario involves no DNN
partitioning, while the entire DNN is executed locally on the HoloLens 2 (All local).
For each scenario, the experiment comprises three intervals, each lasting 20 minutes. At the

beginning of each interval, the importance weights change as described in Section 5.3. The agent
control time (𝜏) is set to 10 seconds, ensuring that a new action is requested either upon the lapse
of the control time or when there are 5 consecutive violations within the control period.
The following sections are organized as follows: Section 5.6.1 and Section 5.6.2 focus on la-

tency constraint violations and energy consumption analyses, respectively. They underscore the
pretrained-Dynamic and pretrained-Static agents capabilities in minimizing latency violations and
saving energy, surpassing both the Online-training agent and the All local configuration. Sec-
tion 5.6.3 explores how reducing the number of alternative configurations, which also decreases
the number of actions and the agent memory requirements, affects the agent performance. This
emphasizes the critical importance of configuration optimization in real system deployment.

5.6.1 Assessment of latency constraint violations. Figure 11 provides insights onto the latency
constraint violations and the configurations chosen during the experiment for each scenario.
Additionally, it includes the WiFi and 5G throughputs. From Figure 11a, we observe that the Online-
training agent exhibits more violations compared to the others due to the fact that it starts from a
random initialization and explores actions that may not be beneficial. The pretrained-Static agent,
on the other hand, follows the policy learned from the profiled data. As shown in Figure 11b,
it experiences fewer violations than the Online-training agent since it already possesses some
knowledge and selects actions according to the previously learned policy. Finally, Figure 11c
demonstrates that the pretrained-Dynamic agent exhibits fewer violations compared to the Online-
training agent and pretrained-Static agent.
These observations are supported by the results presented in Table 1, where the pretrained-

Dynamic agent consistently outperforms the Online-training and pretrained-Static agent in all three
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Table 1. Total and per-interval execution time violation and energy consumption for Random, Static, Dynamic,
All local agents with 104 configurations in prototype environment.

Execution time violation (%) SEW energy consumption (kJ) Phone energy consumption (kJ)

Agent Violation per interval Total Energy per interval Total Energy per interval Total
First Second Third First Second Third First Second Third

Random 45.1 45.8 41.5 44.2 7.2 6.9 6.6 20.7 2.1 2.2 2.1 6.4
Static 22.5 23.7 22.9 23.0 5.0 4.7 6.7 16.4 1.5 1.6 2.5 5.6

Dynamic 17.8 23.7 20.5 20.6 4.8 4.4 4.6 13.8 1.4 1.6 1.5 4.5
All local 0.0 0.0 0.0 0.0 9.2 9.2 9.2 27.6 - - - -

intervals. Overall, the pretrained-Dynamic agent incurred a violation rate of 20.6%, compared to
22.9% for the pretrained-Static agent and 44.2% for the Online-training agent. This indicates that
the pretrained-Dynamic agent surpasses the pretrained-Static agent as it continues to learn from
interactions with the real system and can adjust its policy online. In contrast, the violations remain
relatively constant across the three intervals for the pretrained-Static agent since the policy is fixed
and no real system information is learned. All local achieves 0% violation rate, as the execution
time averaged 450ms and remains consistently below 500 ms. However, this comes at the cost of
consuming twice the energy compared to other scenarios, as it will be detailed in Section 5.6.2.

5.6.2 Assessment of energy consumption. We assessed the performance of the trained agent on the
real system analyzing the energy consumption of both the Hololens 2 (representing the SEW) and
the mobile phone. As in the previous section, we analyzed the performance of the Online-training ,
pretrained-Static , pretrained-Dynamic agents, and the All local configuration.

As discussed in Section 3.4, the energy consumption on a device consists of the energy consumed
for computations on the device itself and the energy consumed when transmitting data through
the network interface. In this study, we rely on energy profiling on the real system to estimate
the device parameters, namely the energy consumed per FLOP (𝑧𝑆𝐸𝑊 and 𝑧𝑝ℎ𝑜𝑛𝑒 ) and the power
consumed by the wireless network interface (𝜃𝑆𝐸𝑊 and 𝜃𝑝ℎ𝑜𝑛𝑒 ). The profiling involved determining
the energy consumed when executing the partitions of YOLOv5n on the SEW (the phone) without
forwarding any data to the subsequent device. From the profiling results, the values of 𝑧𝑆𝐸𝑊 and
𝑧𝑝ℎ𝑜𝑛𝑒 are 1085.1 pJ/FLOP and 112.5 pJ/FLOP respectively. Furthermore, the profiling aimed to
estimate energy consumption when no operations were performed on the SEW (the phone), but
intermediate tensors were transmitted to the subsequent device, facilitating the evaluation of data
transfer power consumption. Based on the profiling results, 𝜃𝑆𝐸𝑊 and 𝜃𝑝ℎ𝑜𝑛𝑒 were estimated to be
7.9 W and 4.5 W, respectively. More details about the profiling are provided in Appendix B.2.

Table 1 presents the energy consumption data (in kilojoules (kJ)) for SEW and phone across
different time intervals and scenarios. Notably, we focus on comparing the energy consumption
while changing the importance weights and across different scenarios.

We observe that the SEWenergy consumption decreases in the second interval, due to a significant
increase in the corresponding weight (from 𝜔𝑒𝑆𝐸𝑊 = 0.03 in the first interval to 𝜔𝑒𝑆𝐸𝑊 = 0.5). In the
third interval, the energy consumption varies among the agents: it increases for the pretrained-Static
and pretrained-Dynamic agents but decreases for the Online-training agent.

Comparing the other agents with the All local scenario, Table 1 demonstrates that partitioning is
significantly more energy-efficient than executing the entire DNN locally. The pretrained-Dynamic
agent exhibits the highest energy savings on the SEW, reducing energy consumption by 50%
compared to the All local configuration, effectively doubling the battery life of the Hololens 2. The
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(a) Online-training agent. (b) pretrained-Static agent. (c) pretrained-Dynamic agent.

Fig. 12. Latency, configurations, 5G andWiFi throughput of Online-training, pretrained-Static and pretrained-
Dynamic agents on real system with 30 configurations in prototype environment.

Online-training and pretrained-Static agents achieve savings of 25% and 40.6%, respectively, relative
to the All local scenario. While the Online-training agent outperforms the All local configuration
in energy savings, its exploratory nature results in more execution time violations, making it less
advantageous compared to the other agents.
For the mobile phone, the pretrained-Dynamic agent proves to be the most energy-efficient,

consuming 4.5kJ of energy, compared to 5.6kJ and 6.4 kJ for the pretrained-Static and Online-training
agents, respectively. Overall, considering the combined energy consumption of the SEW and the
mobile phone, the pretrained-Dynamic agent emerges as the most energy-efficient option, with
total consumption of 18.3 kJ, compared to 22 kJ, 27.1 kJ, and 27.6 kJ for the pretrained-Static,
Online-training, and All local scenarios, respectively.

5.6.3 Experiment with reduced number of configurations. While conducting experiments on the
real system, we observed that the agents face significant challenges in recovering from violations
due to the large number of candidate configurations. To mitigate this issue, we implemented a
strategy to reduce the action space by including only those actions that were selected at least
80% of the time during the initial training. This resulted in a reduced action space of 30 candidate
configurations (out of the original 104), which not only minimizes violations but also decreases
the memory requirements on the mobile phone where the agent runs, as the memory size of the
Q-table decreased from 115.2 MB to 9.6 MB.

Subsequently, the agent was retrained using this reduced action space, utilizing the same traces
and conditions as in the initial training. As a result, the average latency constraint violations
decreased to 8.7% after the offline training. The experiment was then repeated on the prototype
system, and the corresponding plots illustrating the violations, chosen configurations, the 5G and
WiFi throughputs are reported in Figure 12.

Comparing the performance of the Online-training agent, the pretrained-Static, and pretrained-
Dynamic in Figure 12 to the one on the 104 configurations scenario, we observe that the aver-
age latency constraint violations decrease for all three agents. Specifically, the Online-training,
pretrained-Static, and pretrained-Dynamic agents achieve total violations of 19.0%, 11.8%, and 11.5%,
respectively, confirming the superior performance of the pretrained-Dynamic agent in this regard.

Moreover, the pretrained-Dynamic and pretrained-Static agents exhibit similar energy consump-
tion on the SEW, at 14.8 kJ and 14.7 kJ, respectively, while the Online-training agent consumes
slightly less energy at 13.8 kJ, as shown in Table 2. In comparison to the All local scenario, all three
alternative scenarios consistently demonstrate superior energy-saving capabilities, aligning with
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Table 2. Total and per-interval execution time violation and energy consumption for Random, Static, Dynamic,
All local agents with 30 configurations in prototype environment.

Execution time violation (%) SEW energy consumption (kJ) Phone energy consumption (kJ)

Agent Violation per interval Total Energy per interval Total Energy per interval Total
First Second Third First Second Third First Second Third

Random 18.4 18.1 20.66 19.0 4.6 4.4 4.8 13.8 1.3 1.5 1.6 4.4
Static 11.9 10.5 12.9 11.8 4.7 4.7 5.3 14.7 1.4 1.4 1.5 4.3

Dynamic 13.3 9.5 11.8 11.5 5.1 4.9 4.8 14.8 1.5 1.4 1.4 4.3
All local 0.0 0.0 0.0 0.0 9.2 9.2 9.2 27.6 - - - -

the results observed across 104 configurations. Specifically, the pretrained-Dynamic agent achieves
a 46.4% reduction in energy consumption compared to All local, while the pretrained-Static and
Online-training agents save 46.7% and 50%, respectively. On the mobile device, energy consumption
is nearly identical across the three agents.
Overall, when considering both devices, the pretrained-Dynamic and pretrained-Static agents

consume 8.6 kJ less energy than the All local scenario. Notably, the 30-configuration scenario
offers the best balance between energy consumption and execution time violations, providing an
optimal tradeoff compared to the 104-configuration scenario. This underscores the importance of
configuration optimization in reducing the violations.

5.6.4 Discussion. To summarize, the findings in this section demonstrate the practical feasibility of
employing the trained agent in practical systems. It is also advantageous to start from a pre-learned
policy as it diminishes both latency constraint violations and energy consumption. Additionally,
utilizing a pretrained-Dynamic agent offers several benefits as it continues to learn and update
its knowledge based on the real system state. Furthermore, we noted that reducing the number of
configurations by selecting those that are more likely to be chosen effectively reduces violations,
since the agent can more promptly recover from actions that result in higher violations.

6 RELATEDWORK
Smart devices have enabled the widespread integration of AI applications in various facets of
daily life. However, challenges arise when implementing these applications on systems with
constrained computational and energy resources. In response to this challenge, researchers have
explored techniques such as DNN partitioning and offloading resource-intensive computations to
either edge devices or cloud resources. This section briefly reviews the state of the art concerning
DNN partitioning (Section 6.1), and resource management and task offloading (Section 6.2, with a
particular focus on Reinforcement Learning in Section 6.3).

6.1 DNN partitioning
Authors in [23] present Neurosurgeon, a layer partitioning model based on edge-cloud computing
collaboration. This approach involves the deployment of neural networks on both mobile phones
and cloud servers, while dynamically adjusting the model partitioning based on the network
bandwidth or energy consumption, depending on the specific objective. A similar work in [27]
proposes an algorithm to identify the most efficient partitioning point within a multi-device and
multi-edge server configuration. This algorithm takes into account the minimum cost associated
with each edge server for every mobile device. Authors used a partitioning point retain algorithm
to reduce the search space and run a procedure to find the optimal partitioning point considering
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the different capabilities of the mobile device and edge server. Differently, authors in [5] considered
sparse neural networks and suggested a hypergraph model for partitioning matrices to enhance
the scalability and efficiency of parallel sparse matrix-vector multiplications computations. Their
approach reduces communication costs and promotes a balanced distribution of computational
load across processors which they showed as an advantage for stable training and inference. All the
previous studies have predominantly adopted a two-tier partitioning model, where computational
tasks are solely distributed between the edge device and an edge/cloud server, and for most of
them, the validation is often based on simulation. However, these approaches neglect the potential
benefits of a three-tier architecture, where tasks can be dynamically orchestrated across edge
devices, edge/fog servers, and a remote cloud server depending on network conditions.

6.2 Resource management and task offloading
Numerous studies tackle the resource allocation and task offloading problems in edge-cloud com-
puting, aiming to achieve equitable distribution among various entities while minimizing expenses,
to guarantee acceptable performance levels [8, 13, 21, 48]. The work in [48] introduces a reference
system involving multiple users and servers, and proposes an adaptive multi-objective algorithm
designed to minimize power consumption, response times, and costs. This is accomplished by
implementing a two-tier matching game, which effectively addresses resource optimization.
Authors in [8] propose an alternative solution to solve a similar two-tier matching game. The

first tier solves the association problem between the users and edge servers to maximize social
welfare, and the second tier focuses on collaboration among the edge servers to minimize the
resource cost and transfer delay. Although this study considers the collaboration between different
edge servers, a task can only be served by one VM on a single edge server, limiting the problem
to a two-tier binary offloading scheme. [21] optimizes computation configuration and bandwidth
allocation in Multi-acces Edge Computing (MEC) for enhanced user experience, particularly in
energy-constrained environments. It presents a joint offloading and resource allocation framework,
dynamically allocating resources to mobile devices based on task demands and energy constraints.
Although the mentioned studies yield promising results, the authors consider only resource

management for generic tasks with no specific solutions for AI applications. On the other hand,
[13] delves into the exploration of DNN model partitioning and offloading strategies for multiple
users and proposes an evolutionary pricing strategy and a slot-based model to optimize the efficient
distribution of DNN subtasks. Although this work combines DNN partitioning and task offloading,
and minimizes the cost on mobile devices, it considers only a two-tier architecture and overlooks
the variability of edge servers workload.

6.3 Task offloading RL-based methods
Recently, RL has gained extensive popularity in the realm of task offloading and runtime resource
management. For instance, authors in [19] introduce the DROO framework to optimize wireless
devices (WD) task offloading decisions and time allocation among WDs in wireless powered MEC
networks. The authors use deep reinforcement learning (DRL) to maximize the weighted sum of
computation rates for all WDs, improving network performance by leveraging past offloading
experiences to refine action generation. In [47], a model-free distributed algorithm leveraging
DRL is presented to handle dynamic load variations at edge nodes, enabling mobile devices to
independently decide on offloading tasks. Focusing on non-divisible, time-sensitive tasks, the aim
is to minimize long-term costs, factoring in task delays and penalties for task drops. However, both
[19] and [47] consider a binary offloading strategy and overlook the energy consumption concerns.

Conversely, authors in [16] developed a task-offloading algorithm that relies on DRL and takes
into account both logical and data dependencies among subtasks within user applications. Although
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Table 3. Summary of the comparison of our approach with related work.

Work DNN
Parti-
tioning

3-tier
parti-
tioning

Based
on RL

Network
Variabil-

ity

Cloud
variabil-

ity

Energy-
aware

Latency-
aware

Real
system
valida-
tion

Demirci et al. [5] ✓ ✓

Liao et al. [27] ✓ ✓ ✓ ✓

Du et al. [8] ✓ ✓ ✓

Wang et al. [48] ✓ ✓ ✓

Jiang et al. [21] ✓ ✓ ✓

Qiu et al. [37] ✓ ✓ ✓ ✓

Gao et al. [13] ✓ ✓ ✓ ✓

Huang et al. [19] ✓ ✓ ✓

Tang et al. [47] ✓ ✓ ✓

Gong et al. [16] ✓ ✓ ✓

Jain et al. [20] ✓ ✓ ✓

Kang et al. [23] ✓ ✓ ✓ ✓ ✓ ✓

Our approach ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

designed for scalability and capable of handling complex tasks in multi-user and edge computing
environments, this approach overlooks the dynamic nature of server workloads, assuming that a
single edge server supports multiple devices without accommodating server workload variations.
Furthermore, the binary offloading mechanism restricts task execution to either exclusively local
or remote, limiting flexibility and potentially underutilizing available resources. Authors in [20]
tackle the fog-cloud task offloading problem using various optimization metrics. They formulated
this problem as an MDP to enhance the average resource utility. The considered metrics encompass
factors such as task execution time, total service latency, transmission electric power, and task
priority. The authors used a DRL-based algorithm and performed an offline training of a multi-agent
model on the cloud data center, while the real-time offloading decisions are performed online on the
fog. Nonetheless, similar to most of the studies presented in this subsection, the validation results
are based on simulation. In [37], authors proposed a DRL-based algorithm to tackle the challenges
of computation offloading and channel allocation in MEC environments. Unlike previous methods,
this approach utilized a collaborative distributed training scheme and N-steps learning, resulting in
faster convergence, stable training, and reduced exploration costs. Their method optimizes long-
term performance across diverse applications and is validated through experiments on a real testbed.
However, it does not address the partitioning of AI applications and is limited to binary offloading.
Table 3 summarizes the key features of the various works presented in this section, emphasizing
the objective metrics considered (latency, energy consumption), system factors (network and cloud
variability), the adopted approaches (reinforcement learning, DNN partitioning), and the evaluation
setup (real system or simulation).

In this work, we proposed a novel approach for runtime offloading relying on a DNN partitioning
model that operates at the layer level. Our strategy harnesses the capabilities of several tabular RL
methods. The proposed approach considers the fluctuating conditions of 5G andWiFi bandwidth, as
well as cloud latency. The key innovation of ourwork lies on addressing the real-timemanagement of
AI tasks, focusing on enhancing the battery life of SEW devices and minimizing 5G-communication
cost, all while maintaining an acceptable end-to-end latency to ensure a satisfactory user experience.
In particular, this work extends our previous research [22], which focused solely on the energy
consumption of the SEW under varying importance weights using Q-learning. In this study, we
additionally consider the energy consumption of the phone and conduct extensive comparisons of
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multiple tabular methods. The best-performing method is further evaluated against two baselines.
We also analyze the agent behavior in scenarios with varying maximum latency constraints to
assess how it can adapt to user application constraints. Moreover, the evaluation of the trained RL
agent on a real-system prototype utilizing Microsoft HoloLens 2 offers valuable insights into its
potential for practical deployment. To the best of our knowledge, and as evidenced by Table 3, this
is the first comprehensive study to address these challenges.

7 CONCLUSION
In this study, we tackled the runtime management of AI applications running on next-generation
SEWs using various tabular RL methods. Q-learning emerged as the standout performer, exhibiting
fewer execution time violations (approximately 10.0% on average across all simulations) and greater
stability compared to other algorithms. Additionally, our approach offers a more favorable tradeoff
between energy efficiency and execution time violations compared to the two baseline methods
considered. We assessed the performance of the Q-learning agent on a real-system prototype,
comparing outcomes from running the entire DNN locally with those of random, static, and
dynamic agents. Results indicate that the static and dynamic agents are more energy-efficient than
the all-local scenario. Experiments on the real-system prototype demonstrated our approach ability
to double battery life while maintaining a satisfactory quality of experience, achieving an execution
time violation rate of 11%, even under transient conditions (changes in the thresholds or weights)
and the significant variability in network traces.

For future work, we aim to explore the potential of DRL algorithms, leveraging their generaliza-
tion capabilities to potentially yield superior results.
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A PARAMETERS AND DECISION VARIABLES
Table 4 summarises the problem parameters and decision variables adopted in Section 3.

Table 4. Parameters and variables.

Parameters

Λ Input workload [frames/second]
D Set of computing component indices; D = {1, 2, 3}
K Set of all the candidate DNN configurations 𝜅𝑖
𝑝𝑖∅ Fictitious partition meaning that nothing is executed
𝛿𝑖
𝑑𝑘

Per-request data sent by partition 𝑝𝑖
𝑑
to 𝑝𝑖

𝑘
, ∀𝑑, 𝑘 = (𝑑 + 1) ∈ D

𝛿0 Size of the input tensor
𝜇𝑖
𝑑

Per-request computational workload for running 𝑝𝑖
𝑑
[flops]

𝑡𝑖
𝑑

Latency for running partition 𝑝𝑖
𝑑
on device 𝑑

𝐹 Set of the network domains
𝑇𝑓 Access time of network domain 𝑓

𝜙 𝑓 Channel bandwidth of network domain 𝑓

𝑟 𝑓 Throughput of network domain 𝑓

𝑔 Cost paid to transfer one byte of data over the 5G network
𝑐5𝐺 Time unit cost paid to transfer the data over the 5G network
𝐿𝑚𝑎𝑥 Maximum time latency allowed for the AI task
𝜃𝑆𝐸𝑊 Transmission power of the SEW
𝜃𝑝ℎ𝑜𝑛𝑒 Transmission power of the phone
𝛼 per unit cost of the energy consumption
𝑧𝑆𝐸𝑊 Energy consumption in joules for performing one floating point operation on the SEW
𝑧𝑝ℎ𝑜𝑛𝑒 Energy consumption in joules for performing one floating point operation on the phone

Decision Variables

𝑥𝑖 Binary variable specifying that the configuration 𝑐𝑖 is selected
𝑃𝑒𝑥𝑒𝑆𝐸𝑊 Power consumption of the SEW when running a partition locally
𝑃𝑒𝑥𝑒𝑃ℎ𝑜𝑛𝑒 Power consumption of the phone when running a partition locally
𝑃𝑤𝑛𝑢 Power consumption of the SEW WNI when uploading data to the smartphone
𝑃5𝑔𝑢 Power consumption of the phone 5GI when uploading data to the cloud
𝑃𝑆𝐸𝑊 , 𝑃𝑝ℎ𝑜𝑛𝑒 Total power consumption of the SEW and phone
𝑅 Reward (this is the negative of the cost)

RL State Variables

𝑟𝑊𝑖𝐹𝑖7 Data transmission rate between the SEW and the smartphone
𝑟5𝐺 Data transmission rate between the smartphone and the cloud server
𝑙𝑆𝐸𝑊 Latency associated with the execution on the SEW
𝑙𝑝ℎ𝑜𝑛𝑒 Latency associated with the execution on the smartphone
𝑙𝑐𝑙𝑜𝑢𝑑 Latency associated with the execution on the cloud server

RL Parameters

𝜏 Control time period
𝛾 Discount factor
𝑙𝑟 Learning rate
𝜀 Probability of selecting the next action at random

B TRACES, CONFIGURATIONS AND ADDITIONAL TRAINING DETAILS
This Appendix section provides additional details regarding the experiments outlined in Section 5.
In Section B.1 we explain how we generated the 5G, WiFi and cloud latency traces, while we provide
information on the applications candidate configurations in Section B.2. In Section B.3 we present
the comparison among all the methods, both when varying the importance weights and the latency
constraint threshold.

B.1 5G, WiFi and cloud latency traces
In real-world scenarios, the 5G network is an important source of variability. Hence, we used a
5G throughput trace taken from real-time measurements [34] to make the offline training close
to the real environment conditions. The dataset contains 11024 rows, and the uplink throughput
values range between 0 and 230.75 Mbps. As an episode takes 1.5 Million steps to complete, we
replayed the trace after 11024 steps, and, to avoid the periodicity in the trace, we performed some
operations as random shifts, insertion of random noise (± 10% of the value at time step 𝑡 ) and trace
inversion in its middle. Figure 13a presents a snapshot of the 5G trace for the first 11000 time steps.
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On the other hand, when two or more people are using the SEWs in the same environment, the
problem of interference may arise, and the WiFi5 network throughput may change. Therefore, we
considered the WiFi5 network throughput as another source of variability. The WiFi5 trace was
obtained by collecting the throughput during the DNN profiling (the HoloLens was connected to
the mobile phone through a WiFi6E hotspot). Figure 13b provides a snapshot of the WiFi trace
for 3000 steps. As for the 5G trace, after 3000 steps the WiFi trace is replayed considering some
random shifts and the insertion of random noise.
Finally, cloud latency fluctuation is another important source of variability, particularly when

the cloud is solicited by different entities, which can impact the execution time of the inference
task coming from the SEW application. To emulate the behavior of real-world applications, we
treated the cloud server as an M/M/1 queue, where requests follow a Poisson distribution, as it is
widely assumed in cloud and edge literature [46]. The cloud latency trace was obtained by drawing
the cloud execution time from exponential distributions whose mean values depend on the chosen
DNN configuration according to the values reported in Table 5.
A snapshot of the cloud latency samples corresponding to the configuration which runs DNN

totally on cloud for the first 3000 time steps is given in Figure 13c.

(a) 5G trace in steps [0, 11000. (b) WiFi5 trace in steps [0, 3000]. (c) Cloud latency in steps
[0, 3000].

Fig. 13. The snapshot of traces used for the experiments as the sources of variability in the system.

B.2 YOLOv5 partitioning and configuration parameters
We considered YOLOv5n model in ONNX format to avoid framework dependency, and relied on
ONNX Runtime (version 1.13.1) to run different partitions on both the HoloLens 2 and the mobile
phone. The goal of the profiling was to determine the execution time of each DNN partition on
the three devices we consider. Figure 14 illustrates the different execution times for the DNN
partitions considering the partitioning points between the HoloLens (i.e., SEW), the mobile phone,
and between the phone and the edge (cloud) server. The end-to-end execution time ranges between
220𝑚𝑠 and 620𝑚𝑠 across the majority of the configurations.
Note that, after executing the partitioner, the YOLOv5 model exhibited 12 feasible partitioning

points. To account for scenarios where nothing is run on a device or the entire DNN model is run
on the device, we added two additional partitioning points, denoted as 0 and 13, respectively. The
candidate configurations are then generated as follows:
• Two configurations account for the fact that the whole DNN can be executed on the phone
or in the cloud;
• 12 candidate configurations can be constructed by choosing one of the possible partitioning

points and deploying the first subset of layers on the SEW and the second one on the phone;
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Fig. 14. Profiling of the YOLOv5n on three devices: the SEW (glasses), the phone, and the cloud server.

• Similarly, 12 candidate configurations consider one of the partitioning points and divide
the computation between SEW and cloud;
• A third group of 12 candidate configurations selects a possible partitioning point and places
the initial DNN layers on the phone and the others in the cloud.
• Finally, 66 candidate configurations can be generated by selecting two partitioning points
among the 12 available, so that the computation is split among SEW, phone and cloud.

The total number of configurations can be determined by 𝑛!
𝑠! (𝑛−𝑠 )! + 𝑛, where 𝑛 represents the

total number of possible partitioning points (in our case, 14), and 𝑠 is equal to the number of
computation layers (devices) minus one. Overall we have a total of 105 candidate configurations.

Figure 14 reports all the candidate configurations and the corresponding profiling data, listed as
detailed in the following: each sub-plot identifies a specific partitioning point between SEW and
phone, while its 𝑥-axis lists the possible partitioning points between phone and cloud. Therefore,
the first sub-plot (corresponding to the synthetic partitioning point 0, which identifies no splitting)
lists the 14 candidate configurations for which no computation runs on the SEW; the first bar
denotes the configuration running the whole DNN on the cloud (also the second partitioning point
is 0, see as an example Figure 2a), and thereafter we progressively shift the partitioning point up
to 13 (the last bar), which corresponds to the whole DNN running on the phone (see Figure 2b).
Similarly, the second sub-plot characterizes the candidate configurations generated by selecting the
first candidate partitioning point between SEW and phone, and then considering all the possible
partitioning points (from 1 to 13) to further divide the computation between phone and cloud.
We proceed as follows in all the remaining sub-plots, up to the last one, which selects the twelfth
candidate partitioning point between SEW and phone.

Table 5 presents the range of configuration parameters obtained from the profiling. It gives the
range of tensor sizes 𝛿 and 𝜋 (in MB of data) that are transferred from the SEW to the phone, and
from the phone to the cloud, respectively. It also provides the range for the latency (in ms) and the
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Table 5. Ranges of DNN configuration parameters

Configuration parameters

𝛿(MB) 𝜋 (MB) Partition 1 Partition 2 Partition 3

latency(ms) 𝜇(MFLOPs) latency(ms) 𝜇(MFLOPs) latency(ms) 𝜇(MFLOPs)

(0, 6.25) (0, 6.25) (0, 108) (0, 1680) (0, 222) (0, 5427) (0, 78) (0,5427)

workload (in MFLOPs) of all partitions when running on specific devices. Recall that Partition 1
runs on the SEW, Partition 2 on the phone, and Partition 3 on the cloud.
Crucial characteristics of the SEW (phone) in the experiments are the electrical energy 𝑧𝑆𝐸𝑊

(𝑧𝑝ℎ𝑜𝑛𝑒 ) it needs to perform one FLOP and the electrical power 𝜃𝑆𝐸𝑊 (𝜃𝑝ℎ𝑜𝑛𝑒 ) required by the
network interface while sending data. We assessed these parameters using energy profiling on
Hololens and Samsung S23, executing YOLOv5 model partitions either locally or by transmitting
intermediate tensors to a server.
To determine 𝑧𝑆𝐸𝑊 , we charged the HoloLens to 100%, then ran a YOLOv5n partition until the

battery reached 95%. This operation was performed for all the 14 possible partitions running on the
SEW. The following step involved computing the energy injected in the HoloLens while recharging
it from 95% to 100%. We measured the energy during this process using a TC662 device. The energy
consumption of a partition is obtained as 𝑒𝑚

𝑛𝑖𝑡𝑒𝑟
, where 𝑒𝑚 represents the energy needed to charge

the HoloLens from 95% to 100%, and 𝑛𝑖𝑡𝑒𝑟 is the number of partition executions (iterations) during
the battery discharge from 100% to 95%. This yielded a value of 𝑧𝑆𝐸𝑊 ≈ 1085.1 pJ/FLOP through
linear regression. Figure 15a and Figure 15b provide views of the real value versus the predicted
value of the energy consumption of YOLOv5n on Samsung S23 and HoloLens 2, respectively.

Additionally, to determine 𝜃𝑆𝐸𝑊 , no partitions were executed on the HoloLens. Instead, interme-
diate tensors matching the size of those in YOLOv5 partitions were transmitted to the subsequent
device, enabling the evaluation of data-transfer power consumption. Employing a similar methodol-
ogy as for determining 𝑧𝑆𝐸𝑊 , the power consumed during data transfer can be computed as 𝑒𝑚

𝑛𝑖𝑡𝑒𝑟 ·𝑡 ,
where 𝑒𝑚 represents the energy needed to charge the phone from 95% to 100%, 𝑛𝑖𝑡𝑒𝑟 denotes the
iterations performed while transmitting the tensor during the HoloLens discharge from 100% to
95%, and 𝑡 is the time taken for this discharge. Figure 15c and Figure 15d report the energy con-
sumption while considering the different intermediate tensor sizes on Samsung S23 and HoloLens
2, respectively. Considering the time taken to send the results and the energy consumption, the
profiling results revealed a constant power consumption of 𝜃𝑆𝐸𝑊 ≈ 7.9 W during data transmission.

On Samsung S23, we performed exactly the same energy profiling as described earlier on Hololens
2 to determine 𝑧𝑝ℎ𝑜𝑛𝑒 and 𝜃𝑝ℎ𝑜𝑛𝑒 . We obtained the values of 112.5 pJ/FLOP and 4.5 W for 𝑧𝑝ℎ𝑜𝑛𝑒 and
𝜃𝑝ℎ𝑜𝑛𝑒 respectively.

B.3 Comparison of all methods
Figure 16 and Figure 17 compare all the methods across all the metrics we consider in the Varying
importance weights (see Section 5.3) and Varying latency constraint (see Section 5.4) scenarios,
respectively. Since the corresponding comparison between Q-learning and SARSA is already shown
in Figure 3 and Figure 6, we omit SARSA in Figure 16 and Figure 17 to enhance the figures readability.
As mentioned in Section 5, Q-learning proved to be the most effective method for solving our
problem. Both SARSA and Expected SARSA demonstrated behavior comparable to Q-learning,
2https://gzhls.at/blob/ldb/2/5/2/8/0e6f880a0a23ad0ef7a16e5c990f2c5b0216.pdf
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(a) Real versus predicted
energy consumption of
YOLOv5n partitions on
Samsung S23

(b) Real versus predicted
energy consumption of
YOLOv5n partitions on
HoloLens

(c) Energy consumption
for YOLOv5n’s interme-
diate tensors transfer
from Samsung S23 to
next server.

(d) Energy consumption
for YOLOv5n’s interme-
diate tensors transfer
from HoloLens 2 to next
server.

Fig. 15. Energy consumption on Samsung S23 and HoloLens 2 for executing YOLOv5n partitions and trans-
ferring intermediate tensors.

Steps/1000

Rewards

Average Q

Average number of actions

(a) Reward, Q, and number of actions.

Steps/1000

Average violations (%)

Average SEW energy consumption (J)

Average Phone energy consumption (J)

(b) Percentage number of violations and energy con-
sumption.

Fig. 16. Methods comparison in varying importance weights scenario (average across 10 applications and 10
instances).

whereas theWeighted Q-learning and Double Q-learning agents were unable to adapt to our specific
problem domain, even after hyperparameter exploration, and resulted in a significant number of
execution time violations. Moreover, due to the large state space in our problem, the use of a large
Q-table is impractical leading to increased memory and computational requirements, so that the
training time of one episode for Double Q-learning exceeded that of other methods by more than
20 times.
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Average rewards

Average Q

Average number of actions

Steps/1000

(a) Reward, Q, and number of actions.

Average violations (%)

Average Phone energy consumption (J)

Average SEW energy consumption (J)

Steps/1000

(b) Percentage number of violations and energy con-
sumption.

Fig. 17. Methods comparison in varying latency constraint scenario (average across 10 applications and 10
instances).

, Vol. 1, No. 1, Article . Publication date: March 2018.


	Abstract
	1 INTRODUCTION
	2 REFERENCE SCENARIO
	3 SYSTEM MODEL AND PROBLEM DEFINITION
	3.1 DNN partitions model
	3.2 Network latency and cost model
	3.3 Application latency model
	3.4 Energy consumption model
	3.5 Problem definition

	4 REINFORCEMENT LEARNING APPROACH
	4.1 Problem formulation as an MDP
	4.2 Reinforcement Learning approaches

	5 EXPERIMENTAL RESULTS
	5.1 Experimental setup
	5.2 Alternative Methods for Evaluation
	5.3 Varying importance weights scenario
	5.4 Varying latency constraint scenario
	5.5 Comparison with Opt* and Neurosurgeon
	5.6 Experiments on prototype environment

	6 RELATED WORK
	6.1 DNN partitioning
	6.2 Resource management and task offloading
	6.3 Task offloading RL-based methods

	7 CONCLUSION
	Acknowledgments
	References
	A PARAMETERS AND DECISION VARIABLES
	B TRACES, CONFIGURATIONS AND ADDITIONAL TRAINING DETAILS
	B.1 5G, WiFi and cloud latency traces
	B.2 YOLOv5 partitioning and configuration parameters
	B.3 Comparison of all methods


