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Abstract

Edge computing applications require generated code to satisfy not only functional
requirements but also latency, memory, and energy constraints. Current code generation models
often produce correct programs that are too slow or resource-intensive for embedded devices,
mobile processors, and low-power edge platforms. This study investigates energy-aware program
generation through collaborative agent optimization. We propose EdgeOpt-Agent, a four-agent
model composed of an algorithm design agent, a hardware profiling agent, a code generation agent,
and a resource optimization agent. The algorithm design agent selects candidate computational
strategies according to task complexity. The hardware profiling agent estimates device-specific
constraints, including CPU frequency, memory bandwidth, cache behavior, and battery
consumption. The code generation agent produces executable implementations in C++, Python,
and Rust. The resource optimization agent rewrites inefficient loops, removes redundant memory
copies, adjusts data structures, and selects approximate computation when accuracy tolerance is
allowed. The model was evaluated on 1,320 edge programming tasks covering sensor-stream
filtering, image preprocessing, object-count estimation, anomaly detection, route calculation, and
real-time signal analysis. Experiments used Raspberry Pi 5, NVIDIA Jetson Orin Nano, Android
ARM devices, and x86 edge gateways. A total of 15,840 generated programs were tested under
72,600 runtime profiles. Compared with a standard LLM code generator, EdgeOpt-Agent
improved task pass rate from 68.5% to 81.2%. Average execution latency decreased by 28.7%,
peak memory usage decreased by 19.4%, and energy consumption per task decreased by 22.8%.
On real-time image preprocessing tasks, the model increased frame throughput from 21.6 FPS to
30.8 FPS while keeping output accuracy loss below 1.5%. These findings indicate that agent-level
profiling and resource-aware repair can make generated programs more suitable for edge
deployment.
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1. Introduction

Edge computing moves computation closer to sensors, users, and data sources, reducing
communication delay and dependence on remote cloud servers. It has been increasingly applied to
industrial monitoring, autonomous systems, mobile intelligence, smart transportation, wearable
devices, and Internet of Things applications. Unlike cloud servers, however, edge devices usually
operate under strict hardware constraints, including limited CPU performance, memory capacity,
battery power, cache size, and thermal budgets [1,2]. These limitations make code efficiency an
important part of software quality. A program may produce the correct output for all test cases but
still be unsuitable for deployment if it exceeds a real-time deadline, consumes excessive memory,
or drains the device battery too quickly. Hardware-dependent behavior further increases the
difficulty of optimization because the same program may exhibit substantially different execution
time, memory behavior, and energy consumption on different processors. Consequently, edge
software should be evaluated not only by functional correctness but also by latency, memory
usage, and energy efficiency. Most current code-generation research, however, continues to treat
functional correctness as the primary evaluation objective. Widely used benchmarks such as
HumanEval, MBPP, and APPS evaluate generated programs mainly through predefined functional
test cases [3,4]. Recent work has also shown that multi-agent collaboration can improve code
generation and optimization by assigning different responsibilities to specialized agents and
iteratively refining intermediate programs [5]. Such an approach is particularly relevant to
resource-constrained code generation because algorithm selection, hardware analysis,
implementation, testing, and performance optimization require different forms of reasoning.
Nevertheless, these dimensions are rarely integrated into a single hardware-aware generation
framework. Existing benchmarks usually consider whether generated code produces the expected
results, while deployment-oriented properties such as execution latency, peak memory usage,
processor utilization, and energy consumption are either omitted or evaluated only after code
generation.

Large code models have substantially improved functional performance in recent years.
AlphaCode increases the probability of finding correct solutions through large-scale candidate
generation and filtering, while CodeRL incorporates reinforcement learning and execution
feedback into program synthesis [6,7]. CodeT5+ further combines multiple pretraining objectives
and instruction tuning to support a wider range of code-related tasks [8]. Open multilingual code
models have also expanded language and project coverage. CodeGeeX supports code generation
across 23 programming languages, and DeepSeek-Coder uses large-scale project-level data
covering 87 programming languages [9,10]. These models improve pass rates and general
code-generation capability, yet their optimization objectives remain largely independent of the
actual hardware on which the generated program will execute. A solution that is efficient on a
desktop processor may therefore be inefficient on an embedded ARM device, while code

optimized for a CPU may perform differently when part of the workload is transferred to an



embedded GPU. Execution feedback provides another important mechanism for improving
generated programs. Self-Debugging allows language models to inspect execution results and
revise incorrect code, while AgentCoder distributes code generation, test design, and test
execution among multiple agents [11,12]. These approaches demonstrate that generated code can
be progressively improved through iterative reasoning instead of being produced in a single
generation step. However, most feedback signals are still related to functional failures, such as
compilation errors, failed test cases, or incorrect output. Resource-related failures are more
difficult to handle because slow execution or excessive energy consumption does not necessarily
indicate an obvious coding error. A program can be logically correct while containing unnecessary
memory allocation, repeated data copies, inefficient loops, inappropriate data structures, excessive
synchronization, or algorithms whose complexity is unsuitable for the target hardware. Research
has therefore begun to evaluate generated code beyond functional correctness. NoFunEval
investigates non-functional requirements and shows that code-generation models often struggle
with efficiency, security, and maintainability constraints [13,14]. The PIE dataset contains more
than 77,000 C++ program pairs associated with measured performance improvements, providing
data for studying learned program optimization [15,16]. EffiBench evaluates 42 models on 1,000
efficiency-oriented tasks and reports that generated programs are frequently slower and more
memory intensive than human-written solutions [17,18]. ECCO further demonstrates that
optimizing execution speed without adequate execution feedback may reduce functional
correctness, indicating that correctness and efficiency cannot be treated as completely independent
objectives [19,20]. These findings suggest that code optimization requires a balanced evaluation
framework in which functional behavior is preserved while resource consumption is reduced.
Energy efficiency introduces an additional challenge for edge computing. Execution time and
energy consumption are related, but they are not equivalent. A transformation that shortens
execution time may increase processor utilization or activate more hardware resources, producing
limited or even negative energy savings. Conversely, an energy-efficient implementation may
accept a modest increase in runtime while remaining within the application's latency constraint.
Existing work on energy-aware code generation remains relatively limited and has often been
evaluated on a small number of Python programs or homogeneous computing environments
[21,22]. Multi-agent approaches have also been explored for performance optimization in
high-performance computing systems, but these studies mainly focus on runtime improvement in
server-class environments rather than embedded or battery-powered devices [23,24]. As a result,
there is still limited understanding of how language-model-based optimization should balance
correctness, speed, memory, and energy under heterogeneous edge-device constraints. The
structure of existing datasets also limits their relevance to real edge applications. Many
code-generation  benchmarks contain short standalone Python functions or C++
competitive-programming problems. These tasks are useful for measuring algorithmic correctness

but do not fully represent workloads commonly encountered at the edge. Real applications often



process continuous sensor streams, camera frames, localization data, wireless signals, or control
inputs. Their performance may depend on memory layout, cache behavior, data-transfer overhead,
vector instructions, device-specific libraries, and repeated execution over long time periods. For
example, an edge-vision pipeline may require image preprocessing, feature extraction, and
inference within a fixed frame interval, whereas a route-planning application may need to update
paths immediately after receiving new location data. In these situations, an implementation that is
only slightly slower per operation can accumulate substantial delay during continuous execution.
Hardware heterogeneity further complicates the problem. ARM-based single-board computers,
embedded GPUs, mobile processors, and x86 edge gateways differ substantially in instruction sets,
cache architecture, memory bandwidth, accelerator availability, thermal limits, and
power-management mechanisms. Optimization strategies therefore may not transfer consistently
across platforms. Reducing dynamic memory allocation may strongly improve performance on
one device, while vectorization or GPU offloading may have a larger effect on another. Existing
studies commonly evaluate generated code on one processor, one simulator, or one server
configuration. Such experimental settings make it difficult to determine whether a model has
learned generally useful optimization strategies or has simply adapted to a particular hardware
environment. Cross-device evaluation is therefore necessary for measuring whether generated
optimizations remain effective under different computing architectures. Another unresolved issue
is the interaction between algorithm-level and implementation-level optimization. Resource
consumption can be reduced by selecting an algorithm with lower computational complexity, but
performance can also depend on low-level implementation choices such as data structure selection,
memory access patterns, loop organization, precision, and parallel execution. Current
code-generation models do not always distinguish these two levels. They may attempt to optimize
inefficient code through local syntax changes even when a different algorithm would provide
substantially greater gains. Conversely, replacing the entire algorithm may introduce unnecessary
risk when a few implementation-level changes would satisfy the hardware constraint. An effective
edge-oriented system should therefore determine whether performance limitations originate from
algorithmic complexity or from inefficient implementation before modifying the program.

This study proposes EdgeOpt-Agent, a multi-agent code-generation and optimization
framework designed for heterogeneous edge devices. The framework integrates algorithm design,
hardware profiling, code generation, and resource optimization within a coordinated generation
process. The algorithm design component selects computational approaches according to task
complexity and application constraints rather than relying only on generic code patterns. The
hardware profiling component characterizes device-specific limits, including processor capability,
available memory, cache behavior, and energy restrictions. Code is then generated in C++, Python,
and Rust according to the selected algorithm and target execution environment. A
resource-optimization component subsequently examines performance bottlenecks and applies

targeted transformations, including reducing repeated memory copies, restructuring slow loops,



selecting more compact data structures, and eliminating unnecessary computation. Approximate
computation is permitted only when an explicit accuracy tolerance is defined by the task so that
efficiency gains do not silently alter required program behavior. The experimental evaluation is
conducted on 1,320 edge-programming tasks using Raspberry Pi 5, NVIDIA Jetson Orin Nano,
Android ARM devices, and x86 edge gateways. The benchmark includes 15,840 generated
programs and 72,600 runtime profiles, enabling analysis across programming languages, workload
types, and hardware architectures. Evaluation considers functional pass rate together with
execution latency, peak memory consumption, and energy usage. Cross-device experiments are
used to determine whether an optimization improves only one platform or remains effective across
heterogeneous devices. The study also examines the trade-off between resource reduction and
functional correctness, particularly when aggressive optimization creates a risk of numerical error
or behavioral change. The main objective of this study is therefore not simply to generate code
that passes functional tests, but to investigate whether hardware-aware multi-agent feedback can
produce programs that are simultaneously correct and deployable under real edge-device
constraints. By integrating device profiling with algorithm selection and iterative resource
optimization, EdgeOpt-Agent aims to shift code generation from hardware-independent program
synthesis toward deployment-aware software generation. The study is expected to clarify how
latency, memory, energy, and correctness can be jointly optimized across heterogeneous
computing platforms and to provide a more realistic evaluation framework for edge-oriented
code-generation systems. Such capability is important for practical applications in which
generated software must operate continuously under limited computing resources and strict
real-time requirements, and it may provide a foundation for future code-generation systems that
adapt their optimization strategies to the hardware environment rather than treating all execution

platforms as equivalent.

2. Materials and Methods

2.1 Programming Tasks and Test Devices

The dataset contained 1,320 programming tasks. Each of the six task groups included 220
tasks: sensor-stream filtering, image preprocessing, object-count estimation, anomaly detection,
route calculation, and real-time signal analysis. Every task had clear input and output rules, hidden
test cases, and reference programs in C++, Python, and Rust. Tasks that required online services,
special sensors, or manual input were excluded. Duplicate tasks and tasks with unclear output
rules were also removed. Tests were run on five devices: a Raspberry Pi 5 with 8 GB RAM, an
NVIDIA Jetson Orin Nano with 8 GB RAM, two Android ARM devices with different chipsets,
and an x86-64 edge gateway with 16 GB RAM. These devices represented low-power CPUs, an

embedded GPU, mobile processors, and a standard edge computer.



2.2 Study Design and Control Groups

Four code-generation methods were compared. The control method used a standard
single-agent language model without instructions on device resources. The second method used
the same model but added requirements for low latency, low memory use, and low energy use.
The third method used a single-agent test-and-repair process. Runtime results were returned to the
model, which could revise the code up to three times. The fourth method used EdgeOpt-Agent. Its
four agents were responsible for algorithm design, hardware testing, code generation, and code
revision. All methods used the same task descriptions, model family, test rules, token limit, and
generation settings. Each task was completed in C++, Python, and Rust using all four methods.
This process produced 15,840 programs. The design allowed the separate assessment of resource

prompts, runtime feedback, and agent task division.

2.3 Performance Tests and Quality Control

Each program was run in a separate container with fixed software and package versions. All
C++ programs used the same compiler and flags. Rust programs used the same release settings,
and Python programs used the same interpreter. Program correctness was checked with public
tests, hidden tests, boundary cases, and invalid inputs. Compile errors, timeouts, crashes, and
wrong outputs were recorded as failures. They remained in the pass-rate analysis. Programs that
passed all tests completed five warm-up runs and ten measured runs at three input sizes. Median
execution time was used as the final latency value. Peak memory was obtained from system
process records. Energy use was measured with an external power meter or a tested on-board
sensor. ldle power was measured before each test and removed from the task value. Background
services were turned off, and program order was chosen at random. Each device was cooled to the
same starting temperature. Tests affected by device overheating, missing power records, or system

updates were repeated. The final dataset contained 72,600 valid runtime profiles.

2.4 Data Processing and Model Formulation
Each runtime record was linked to its task, programming language, generation method,
device, and input size. Latency and peak memory were calculated from the median of ten

measured runs. Net energy use for program p on device d at input size s was calculated as follows:

Tp,d,s
Ep,d,s:f [Pp,d,s(t)_Pidle,d] dt
0

where P, 44(t) is the measured power at time t, Pigeq IS the idle power of device d, and
Tod,s IS the execution time. A program was selected for each device by minimizing its average

resource cost across the three input sizes. The selection rule was defined as follows:

*_ . Lp.d,s Mp,d,s Ep,d.s
pg=arg,min a WLL +WMM +WEE
pEP SES 0,d,s 0,d,s 0,d,s




The optimization was subject to F(p)=1 and AA(p)<e. Here, L, M, and E denote latency,
peak memory, and net energy use, respectively. The subscript O refers to the control program
tested on the same task, language, device, and input size. The weights w_L, w_M, and w_E were
nonnegative and summed to one. The input-size weights q_s were also nonnegative and summed
to one. The condition F(p)=1 required the program to pass all functional tests. For tasks that
allowed approximate outputs, accuracy loss was calculated as follows:

DA(p)= max(0,Ag-A,)

where A, and A, are the accuracies of the control and candidate programs, respectively,

and e is the permitted accuracy loss. For tasks requiring exact outputs, AA(p) was set to zero.

2.5 Statistical Analysis

The main outcomes were program pass rate, execution latency, peak memory use, and energy
use per task. Frame rate and accuracy loss were also measured for image tasks. Pass rates were
compared with a mixed-effects logistic regression model. Generation method was entered as a
fixed effect. Task, programming language, and device were entered as random effects. Latency,
memory, and energy data were log-transformed when their distributions were skewed. The
Wilcoxon signed-rank test was used when paired differences were not normally distributed. Mean
differences were reported with 95% confidence intervals based on 10,000 bootstrap samples. The
Holm method was used to correct for multiple comparisons. The statistical threshold was p<0.05.

Odds ratios were reported for pass rates, and Cliff’s delta was reported for continuous outcomes.

3. Results and Discussion

3.1 Program Correctness

EdgeOpt-Agent achieved a pass rate of 81.2%, compared with 68.5% for the standard LLM
generator. The resource-prompt and test-and-repair groups reached 72.4% and 77.6%, respectively.
Resource instructions alone produced a limited gain. Repeated testing removed more syntax, logic,
and boundary errors. EdgeOpt-Agent performed best because each code change was tested before
acceptance. This step prevented faster but incorrect programs from being selected. The largest
gains occurred in image preprocessing, route calculation, and sensor-stream tasks. These tasks
require careful control of loops, memory buffers, and boundary values. Improvements were found
in C++, Python, and Rust. Rust had more initial compilation errors because of its ownership and
type rules. The results for the four methods are shown in Fig. 1. A similar result was reported for
AgentCoder, in which separate programming and testing agents improved code correctness [25].
However, that study focused on common coding benchmarks and did not measure resource use on
edge devices. NoFunEval also reported that code models often failed to meet requirements beyond

correctness [26]. The present study included latency, memory, and energy limits as test conditions.
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Fig. 1. Pass rates for the standard generator, resource-prompt method, test-and-repair method, and
EdgeOpt-Agent.

3.2 Runtime and Resource Use

Resource use was measured only for programs that passed all required tests. Compared with
the standard generator, EdgeOpt-Agent reduced average latency by 28.7%, peak memory use by
19.4%, and net energy use by 22.8%. Lower energy use was mainly linked to shorter execution
time rather than lower active power. Common code changes included removing repeated memory
allocation, reducing data copies, replacing nested loops, and selecting smaller data structures. In
image preprocessing tasks, throughput increased from 21.6 to 30.8 FPS, which represents a 42.6%
gain. Output accuracy decreased by less than 1.5%. The main results are shown in Fig. 2. The PIE
study found that execution-time feedback could help language models generate faster code ECCO
also reported that execution feedback improved code efficiency while limiting losses in
correctness. However, both studies mainly tested programs in controlled computing settings.
EdgeOpt-Agent measured latency, memory, and energy on several edge devices. Prompt-based

energy optimization has produced uneven results across models and tasks [27,28]. The present



results suggest that measured device feedback gives more stable results than a general

energy-saving instruction.
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Fig. 2. Latency, peak memory use, energy use, and image throughput before and after

EdgeOpt-Agent optimization.

3.3 Effects of Hardware and Agent Design
Performance gains differed among devices. Raspberry Pi and Android ARM devices

benefited most from fewer memory copies and shorter loops. These devices had tighter memory
and cache limits. Gains on the x86 gateway were smaller because it had greater processor and
memory capacity. The Jetson Orin Nano benefited mainly from changes that reduced data transfer
between CPU and GPU memory. The hardware profiling agent was needed because the same code
change did not work equally well on every platform. For example, parallel processing reduced
runtime for some C++ programs on the x86 gateway but added overhead on smaller ARM devices.
Python programs gained mainly from vectorized operations and built-in library functions. C++
and Rust programs gained more from buffer reuse and simpler memory access. The test-and-repair
method achieved a higher pass rate than the resource-prompt method, but it did not always reduce
energy use. Functional tests alone therefore provided too little information for device-level code
tuning. EdgeOpt-Agent combined test results with measured latency, memory, and power data.
The repair agent could then reject changes that improved one measure but caused a larger loss in

another.

3.4 Practical Use and Limitations

The results show that correctness and resource use should be tested together before generated
code is used on edge devices. A program may pass every functional test but still be too slow or
energy-intensive for a real-time or battery-powered system. EdgeOpt-Agent addressed this issue

by combining task planning, hardware profiling, code generation, and measured code repair.



Device-specific records were used during program selection. Several limits should be considered.
First, the tests covered five types of edge devices. The results may not apply to microcontrollers,
dedicated neural processors, or other embedded platforms. Second, most programs had short
running times. Long-term heating, processor throttling, and battery aging were not measured.
Third, approximate calculation was allowed only for selected image and estimation tasks. The
method requires further testing for safety-related programs that need exact outputs. Finally, the
study measured the energy used by generated programs but did not include the energy required to
operate the language model and its agents [29,30]. Future work should test longer workloads,

more device types, and total energy use during both code generation and execution.

4. Conclusion

This study introduced EdgeOpt-Agent for code generation on edge devices. The model used
four agents for algorithm design, hardware testing, code generation, and code repair. Tests on
1,320 programming tasks and five edge platforms showed that the pass rate increased from 68.5%
to 81.2%. Average latency decreased by 28.7%, peak memory use by 19.4%, and energy use by
22.8%. Image-processing speed increased from 21.6 to 30.8 FPS, while accuracy loss remained
below 1.5%. The main contribution is the use of real device measurements to guide code repair.
This method may be useful for embedded systems, mobile devices, sensor networks, and real-time
edge tasks. However, only a limited number of devices and mostly short-running programs were
tested. The energy used by the language model was not measured. Further studies should test more
devices, longer tasks, thermal effects, and the total energy cost of code generation and program

execution.
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