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Abstract. Monolithic prompting is a common baseline but struggles in com-
plex multi-task settings, especially with smaller models, whereas multi-agent
approaches decompose workflows into specialized prompts. In this study, we
compare both across 26 open-source LLMs in a hardware diagnostics chat-
bot, using a benchmark covering guardrails, diagnostic reasoning, and con-
strained dialogue, with a genetic algorithm-based prompt optimizer to ensure a
fair comparison. Results show that multi-agent benefits depend on task complex-
ity and model scale, improving consistency and average performance primarily
for smaller models on complex tasks, suggesting that task decomposition can
mitigate the limitations of smaller LLMs under controlled conditions.

1. Introduction

The rapid evolution of Large Language Models (LLMs) has shifted the focus of artificial
intelligence from text generation to the development of autonomous agents capable of
executing complex, multi-step workflows. Traditionally, these systems have relied on a
monolithic prompt architecture, where a single and complex textual instruction drives the
model to execute a task. While this architecture is simple to implement, LLMs struggle
to reliably follow all the instructions described in a single prompt within a single con-
text window, which can lead to performance degradation or hallucinations, especially for
smaller models with reduced context windows.

To address these limitations, recent works (Wu et al. 2023; Liu et al. 2025) are
increasingly turning toward modular, Multi-Agent strategies. This architecture aims to
enhance overall reliability by breaking a complex system into specialized sub-modules,
each directed by its own task-specific prompt.



The scale of an LLM, measured by the number of parameters, plays a crucial role
in this scenario. It remains unclear whether the reasoning power of high-parameter mod-
els, with tens or hundreds of billions of parameters, can overcome the inherent bottlenecks
(Dushkin et al. 2026) of a monolithic structure or if smaller models can achieve parity by
utilizing a modular, multi-agent approach.

In this work, we investigate this question in the context of hardware-diagnostic
chatbots.  Rather than seeking universally optimal prompting strategies, we per-
form a controlled comparison between monolithic and multi-agent architectures us-
ing a benchmark specifically designed for hardware diagnostics (Caminha et al. 2025;
Caminha et al. 2026). Hardware troubleshooting provides a challenging evaluation set-
ting because it requires the integration of three heterogeneous tasks: 1) diagnostic module
prediction: mapping conversation history to the hardware components most likely to be
faulty; ii) conversational interaction: accurately communicating diagnostic results; and
iii) user message validation: enforcing “guardrails” to keep inputs in scope and prevent
prompt injection attacks.

To reduce confounding effects introduced by manual prompt engineering, we em-
ploy a genetic algorithm-based prompt optimization framework that automatically gen-
erates and refines prompts for both architectural paradigms (Schulhoff et al. 2024). This
design allows the comparison to focus on architectural differences rather than subjective
prompt construction choices. We evaluate 26 open-source LLLMs spanning multiple model
families and parameter scales, using both deterministic metrics and LLM-as-a-Judge eval-
uations to assess diagnostic accuracy, response fidelity, and adherence to application con-
straints. The contributions of this work are summarized as follows:

* We present a controlled empirical comparison between monolithic and multi-
agent prompting architectures in a hardware diagnostics benchmark, evaluating
26 open-source LLLMs spanning multiple parameter scales and model families.

* We introduce the use of an automated genetic algorithm-based prompt optimizer
as a methodological control to promote a fair comparison, suggesting that the ob-
served performance gains result from structural architectural decomposition rather
than subjective manual tuning bias.

* We investigate the relationship between prompt decomposition, model scale, and
task complexity through both performance and error analyses. We find that multi-
agent architectures provide greater benefits for smaller models and more demand-
ing tasks, while exhibiting distinct patterns of reasoning failures, formatting er-
rors, and task-interference effects.

2. Related Work

Recent research in medical and technical diagnostics highlights a division between
monolithic and multi-agent strategies. (Caminha et al. 2025) used a monolithic ap-
proach to diagnose hardware faults, demonstrating that prompt strategies enable even
small-scale LLMs to perform efficiently on local devices. Within the medical domain,
(Wu et al. 2023) further confirms that diagnostic precision is closely tied to the quality of
prompt engineering within a single specialized model. In contrast, (Liu et al. 2025) in-
troduced a multi-agent framework that orchestrates specialized LLMs. Unlike the single-
model strategy, this approach leverages collaborative agents, specialized in areas such as
radiology and patient history, to improve diagnostic accuracy through collective skills.



Beyond diagnostic applications, (Dushkin et al. 2026) observes that monolithic
models often suffer from “contextual interference” when processing prompts with multi-
ple tasks. To mitigate this, they propose a hierarchical multi-agent framework employing
GPT-40 mini to decompose scholarly workflows, such as literature synthesis, citation
formatting, and technical translation, into sub-tasks. Their findings indicate that this dis-
tributed approach not only reduces operational costs but also surpasses the accuracy of
monolithic GPT-40 in specialized tasks.

While the aforementioned studies address performance through different architec-
tural strategies, another line of research is motivated by the principle that prompt quality is
a critical determinant of overall model performance (Schulhoff et al. 2024). Accordingly,
recent works investigate the efficacy of prompt optimization to enhance the reasoning
of existing models, especially through methods based on evolutionary algorithms. For
instance, (Guo et al. 2023) creates a framework that enables evolutionary algorithms to
work on discrete prompts. They apply this framework using the genetic algorithm (GA)
and differential evolution (DE), and design their respective mutation and crossover steps
for LLM prompts. However, this method primarily focuses on structural variations in the
limited scope of the prompt space. (Cui et al. 2024) proposes a two-phase strategy for
in-context prompt optimization that jointly optimizes the instructions and examples. The
first phase is Exploration, with evolution operators leveraged for global search, and the
second phase is Exploitation, which involves feedback-guided gradient-based mutation
using examples.

3. Our Approach

This section presents the evaluation strategies and methodology for comparing monolithic
and multi-agent approaches. We conduct this comparison in the context of a hardware di-
agnostic chatbot, a suitable scenario given its requirement for multiple well-defined tasks,
enabling natural task-driven prompt decomposition and a structured multi-agent design.
The evaluation includes three main tasks: user message validation (guardrail), identifica-
tion of relevant hardware components (diagnostic), and conversational interaction (con-
versation). Each task exhibits distinct objectives and constraints, allowing the use of het-
erogeneous evaluation metrics and leading to a robust analysis of model behavior across
different functional dimensions.

Our multi-agent architecture follows an orchestrated workflow as illustrated in
Figure 1. When a user message is received, it is first processed by the Guardrail Agent,
which determines whether the input is valid. If valid, the request is forwarded to the Di-
agnostic Agent, which decides whether to execute diagnostic procedures and returns a
possibly empty list of relevant modules. These modules are executed by the Diagnostic
Tool, generating structured results. The Conversation Agent then produces the final re-
sponse by combining the user input with the diagnostic outputs. If the input is classified
as invalid, the orchestration skips the diagnostic stage and directs the user to the Conver-
sation Agent, which enforces scope constraints and provides appropriate guidance.

3.1. Guardrail Task

The guardrail task involves validating user messages by classifying the latest input as valid
or invalid according to the chatbot’s scope, making it a binary classification problem. This
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Figure 1. Overview of the multi-agent orchestration pipeline for hardware diag-
nostic troubleshooting.

task is essential for preventing prompt injection and maintaining proper interaction bound-
aries. The prompt is structured so that the LLM’s expected output includes a reasoning
section, followed by a JSON-formatted text containing information about the model’s pre-
diction. If the model fails to produce the output in the correct structure, the prediction is
automatically considered incorrect and classified as a Incorrect Format error. This type
of structural validation is relevant to agent-based systems and is used in all evaluations of
this study. For this task, classification errors will be referred to as Miss. To evaluate this
task, we constructed a Guardrail dataset reflecting realistic user behavior in a hardware di-
agnostic chatbot. Each sample includes the full conversation history, with varying lengths
and turn counts, requiring the model to retrieve contextual information from previous
turns. The dataset contains 254 instances (142 invalid, 112 valid) and covers diverse sce-
narios, including clarification requests, contextual follow-ups, device-related information,
out-of-scope inputs, conversational markers (e.g., greetings and goodbyes), and empty or
random messages.

3.2. Diagnostic Task

The Diagnostic task focuses on integrating chatbot conversational context with hardware
diagnostic APIs. Diagnostic capabilities are organized into modular tools, each responsi-
ble for analyzing hardware components or related groups of components. The task is to
identify which diagnostic modules should be invoked based on the conversation history.

For this evaluation, we developed a multi-label hardware diagnostic dataset con-
taining 23 diagnostic modules and 282 instances. The dataset associates user queries with
troubleshooting domains such as performance, thermal behavior, peripherals, connectiv-
ity, and combined or unclear conditions. Each instance contains the conversation history
as input and two target variables: mandatory modules and optional modules. This dis-
tinction allows the evaluation to adapt to different levels of user-provided information.
Generic descriptions may not clearly indicate mandatory modules, whereas detailed re-
ports of specific issues, such as graphics-related problems, make certain modules (e.g.,
“video card”) clearly required.

A prediction is considered correct if it satisfies two criteria: i) at least one pre-
dicted module appears in the mandatory module list (when it is not empty); and ii) no
predicted module falls outside the combined set of mandatory and optional modules. The
first criterion ensures that the model identifies modules directly related to the issue and



violations are classified as Omission errors. The second prevents recommendations of
irrelevant modules, with violations classified as Overprediction errors.

3.3. Conversation Task

The final task investigated in this study is conversational interaction. Considering this
task is critical, since the chatbot’s effectiveness depends on how well these results are
reported to the user, regardless of the diagnostic results’ accuracy. Unlike the other tasks
considered in this study, which rely on classification-based predictions and can be objec-
tively assessed using standard quantitative metrics, conversational interaction requires a
qualitative evaluation of the generated textual responses.

Due to the intrinsic complexity of the conversation task, its validation requires
multiple evaluations. Our study divided it into two different metrics: the Reporting Faith-
fulness Metric and the Scope Metric. Because these metrics depend on analyses by LLM
extractors and evaluators, respectively, both have calibration datasets. These datasets
contain conversation history, diagnostic results, and simulated responses from the Con-
versation Agent. The responses include both high-quality and flawed examples, either
manually written by a human or generated by LLMs from different families and sizes.
Each instance is annotated with the expected evaluation outcome (e.g., a score or a list
of error types, as detailed in each metric subsection). Importantly, all evaluation targets
were produced by a human annotator, providing an external reference independent of the
evaluator model. This design allows the calibration process to assess whether the eval-
uator reproduces the expected human judgments rather than the judge model’s inherent
preferences or reasoning patterns. The diversity of response sources further reduces the
risk of overfitting the evaluator to a particular model family or response style. The model
used for these evaluations was “gpt-oss-120b”, configured with a temperature of 0.0, as
this configuration achieved the highest agreement and stability on the calibration datasets.

3.3.1. Reporting Faithfulness

This metric evaluates whether the diagnostic information communicated by the Conver-
sation Agent is consistent with the Diagnostic Tool’s results. It measures the model’s
ability to leverage conversational context and accurately report the outcomes of executed
diagnostic modules.

After inference, an auxiliary extraction model identifies the diagnostic module
names and results mentioned in the response, producing a structured list called Extracted
Diagnostics. This information is compared against the Diagnostic History, which con-
tains all previously executed diagnostics, and the Recent Diagnostics, which includes
only newly generated results that must be communicated to the user.

Three error categories are considered: i) Hallucination: a diagnostic module ap-
pears in the Extracted Diagnostics but not in the Diagnostic History; ii) Omission: a
diagnostic module present in the Recent Diagnostics is missing from the Extracted Diag-
nostics; and 1i1) Inaccuracy: a diagnostic module appears in both the Extracted Diagnos-
tics and Diagnostic History, but the reported outcome differs from the ground truth. A
response is considered correct only when none of these errors occur.



3.3.2. Conversational Scope Metric

The second evaluation metric for the conversational task focuses on scope adherence,
assessing whether the model’s responses comply with the constraints defined for the as-
sistant. These constraints include, but are not limited to, remaining strictly within the
domain of hardware diagnostics, using appropriate language for different user groups,
responding in a correct format, and respecting text size limitations.

To evaluate scope adherence, we adopt an LLLM-as-a-Judge approach. In this set-
ting, a judge model analyzes the assistant’s response and assigns a continuous score in the
range [0, 1], where 0 indicates an entirely out-of-scope response and 1 denotes complete
compliance with the application’s constraints.

3.4. Prompt Optimizer

A central difficulty in comparing monolithic and multi-agent prompting lies in the bias
introduced by manual prompt design, which involves iterative refinement and subjective
decisions, making it hard to ensure comparable effort and quality across architectures.

To mitigate this issue, our study employs an automated prompt-optimization
pipeline as a methodological control. Both approaches are optimized under identical con-
ditions, including parameters, computational budget, and evaluation criteria. By standard-
izing the prompt development process, the optimizer reduces the influence of subjective
prompt engineering decisions and helps limit biases arising from unequal manual refine-
ment efforts. Importantly, the objective of this methodology is not to find globally opti-
mal prompts, nor to guarantee complete comparability between architectures, but rather
to provide a more systematic and consistent optimization procedure for both approaches.
In our experiments, we use a genetic algorithm to optimize prompts. Genetic algorithms
are optimization techniques inspired by the principles of natural selection. They operate
by maintaining a population of candidates that evolve through evaluation, crossover, and
mutation. Prompts are treated as candidate solutions, undergo textual modifications, and
are evaluated on the provided datasets and evaluators.

The optimization pipeline takes as input a dataset and a set of evaluation speci-
fications, with configuration and metadata stored in JSON files. The dataset is split into
training and validation subsets: the training data is used to generate textual feedback that
guides the iterative optimization of the prompt, while the validation data is used to evalu-
ate prompt performance and assign fitness scores.

3.4.1. Optimizer Methodology

The prompt optimization pipeline leverages a genetic algorithm structured around five
main components: Initializer, Evaluator, Crossover, Mutation, and
Selector.

The genetic algorithm used a population of 20 candidates over 10 generations,
with crossover and mutation rates of 60% and 40%, respectively. Datasets were split into
train/validation/test sets using stratified 20/40/40 splits, with the smaller training set used
primarily for semantic feedback generation. The choice of 20% for the training set is due



to this subset’s lower relative importance, as it serves only to generate semantic feedback
for mutation and crossover operators.

No hyperparameter optimization was performed due to the high computational
cost of prompt optimization. The number of generations was determined empirically,
as fitness plateaued after 10 generations. The population size balanced prompt diversity
and computational cost, while the crossover and mutation rates were selected to balance
exploitation of complementary prompt behaviors and exploration of the prompt space.

The optimizer begins with the Initializer, which processes the evaluation
specification to generate seed prompts via reverse engineering, optionally applying tech-
niques such as Chain-of-Thought and Few-Shot while enforcing output formats. The
Evaluator then computes fitness on the validation set and uses a Feedback LLM (“gpt-
0ss-120b”) to analyze low-scoring training cases and identify directions for improvement,
following (Cui et al. 2024).

This feedback guides the evolutionary operators. Our Crossover uses se-
mantic feedback to modify error-related sections while preserving correct behaviors.
Mutation applies feedback-guided changes at four intensities: Small, Medium, and
Large, which progressively increase modification scope, and New, which generates a
prompt from scratch using the Tnitializer. These steps balance refinement and
exploration. Finally, the Selector combines elitist selection of top performers with
fitness-proportional probabilistic selection to preserve population diversity.

4. Experiments

Our experimental study evaluates monolithic and multi-agent prompting architectures
across 26 open-source LLMs from multiple model families, such as LLaMA, Qwen,
Gemma, Phi, GPT-OSS, and DeepSeek. Furthermore, our benchmark also covers models
of various sizes to analyze differences in behavior across approaches. To support anal-
ysis of size behavior, models are grouped according to their number of parameters into
four size categories: Very Small (< 2B parameters), Small (2B < n < 7B), Medium
(7B < n < 27B), and Large (n > 27B), where n denotes the number of parameters. The
benchmark includes the following categories distribution: 5 Very Small models, 5 Small
models, 10 Medium models, and 6 Large models.

All models are deployed using 4-bit (Q4_K_M) quantization, which compresses
weights into low-bit representations while preserving critical distributional structure
through grouped scaling and mixed precision. Prior studies have shown that Q4 K M
generally preserves most of the capabilities of the original models, resulting in relatively
modest performance degradation, even for small and medium sized models, while sub-
stantially reducing memory requirements. (Dettmers and Zettlemoyer 2023; Kurt 2026),
making it one of the most commonly recommended and utilized configurations for prac-
tical LLM deployment. Although quantization may introduce some performance degra-
dation relative to higher-precision representations, both the monolithic and multi-agent
approaches are evaluated using exactly the same quantized model instances, ensuring that
any quantization-induced effects are applied equally to both conditions. As a result, while
quantization may affect absolute performance, it does not compromise the validity of the
relative comparison between prompting architectures.



4.1. Results

This section presents the results of our comparison between monolithic and multi-agent
prompting architectures, examining how the benefits of prompt decomposition vary with
model scale across three benchmark tasks: Guardrail, Hardware Diagnostic, and Con-
versation. Results are presented in Size x Performance plots, where each point corre-
sponds to a model under both approaches. To better characterize performance trends
across heterogeneous model scales, we report bootstrap-based 95% confidence intervals
and LOWESS trend estimations. The confidence intervals quantify uncertainty in the
observed estimates, while LOWESS provides a non-parametric smoothing of global per-
formance patterns, reducing sensitivity to local fluctuations and model-specific variations.
Confidence intervals for the LOWESS curves are also estimated through bootstrap resam-
pling. Vertical dashed lines separate model size groups (Very Small, Small, Medium, and
Large), and the x-axis uses a logarithmic scale to capture trends across scales.

Table 1. P-values from the one-sided Wilcoxon signed-rank test (H;: Multi-Agent
> Monolithic) across tasks and model size groups.

Task Very Small Small Medium Large Overall
Guardrail 0.0938 0.0312*  0.1611  0.4219 0.0108*
Diagnostic 0.0312* 0.0625  0.3262  0.6875 0.0055*

Conversation 0.0312% 0.0312*  0.0049* 0.4219 0.0001*

* Statistically significant at a = 0.05. P-values were computed using a one-sided Wilcoxon signed-rank
test with the alternative hypothesis that the Multi-Agent approach outperforms the Monolithic approach.

Additionally, to assess whether the observed performance differences are statis-
tically significant, we apply a one-sided Wilcoxon signed-rank test (/{;: Multi-Agent >
Monolithic) across model size groups and tasks. The test is performed on paired obser-
vations corresponding to the final performance scores obtained by each evaluated LLM
under both prompting approaches. Table 1 reports the resulting p-values, highlighting
the conditions under which the multi-agent approach achieves statistically significant im-
provements over the monolithic. Furthermore, Table 2 presents the error distribution for
each task and size group, enabling comparisons of error patterns between the two ap-
proaches.

Table 2. Distribution of errors across model size groups and prompt approaches.

Conversation
Hallucination Imprecision Incorrect Omission
Format

25.8[16.6,34.0] 2.0[1.3,2.6] 91.8[66.5,120.5] 9.6[6.5,12.2]
11.8[7.9,14.7] 2.6[1.5,3.6] 39.4[19.0,57.9] 16.2[12.0,20.7]

‘ Diagnostic Guardrail
32.0[21.5,41.0] 0.8[0.4,1.1] 85.4[59.8,106.8] 6.8[5.0,8.5] ‘ 79.6 [48.8,111.9]  75.4[58.1,92.5

Incorrect Overprediction Omission Incorrect Miss
Format Format

Size Group Method

Mono
Multi

131.2[100.8, 161.6] 47.6 [34.0, 59.7
19.8 [4.2,32.8] 54.4[41.7,67.5

36.8[28.0,45.6] | 77.4[35.7, 111.7]  107.0 [94.7, 120.8]

Very Small 57.6[48.8,65.8] | 28.6[16.7,39.3] 110.8[106.1, 116.0]

]

1
Small Mono 1 25.4[200,302] | 47.2[20.8,76.7]  97.6[84.7, 109.5]
Muli | 80[42,11.2] 12[07,1.7] 342[229,447] 72[3.9,10.0] 36(18,54]  41.4[306,519] 52.8[427,63.0] | 6.8[3.6,9.8] 98.6 [79.0, 117.5]
Medigm MmO | 325127.9,374] 02[0.1,03] 34.1[234,436]  32[28,36] 149[96 1971 61.5[55.8,66.8] 14.6[12.8,16.2] | 8.4 (4.6, 11.8] 59.3 [54.3,63.9]
Multi 12009,1.5]  0.1[0.0,02] 5.7[0.2,10.0] 35(2.8,4.1] 810.1,1.3] 53.3[46.6, 59.9] %24[26 7,3701 | 130[3.1,21.2] 606 [52.8,67.5]
Laree Mono | 24.0[19.2,29.0] 0.0[0.0,00]  23[1.6,29] 2.8[22,3.5] 0[1.2,2.8] 60.5[54.9,65.9]  8.8(7.6, 10.1] 22112,3.0] 4331[39.8,46.5]
& Multi 17[1.3,20]  00[0.0,0.0] 28.8[9.2,453]  3.2[2.7,3.6] 5003,07]  48.8[4238,54.6] 242 [223,26.11| 12[0.2,2.0] 45.8[40.8, 51.4]

Values represent the average count of each error type per model within the group. Values in brackets
correspond to the 95% Bootstrap confidence interval.

The guardrail task is the least complex in our study, involving simple user message
validation. As shown in Figure 2, the overall curves of both approaches are close, sug-
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gesting that prompt decomposition has limited impact on easier tasks and that multi-agent

benefits may depend on task complexity.

For models with fewer than 14B parameters, the multi-agent approach shows a
slight advantage. Table 2 suggests this gap is mainly driven by formatting errors, which
are more frequent in the monolithic case, while semantic errors (Miss) remain similar.
This suggests that prompt decomposition primarily reduces structural issues in smaller
models by limiting interference between instructions rather than improving semantic rea-
soning. For larger models, the difference becomes negligible as both approaches con-
verge. This is also supported by Table 1, where significant differences favoring the multi-
agent approach are observed for smaller model groups and overall, but not for Medium

and Large models.
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For the diagnostic task, as shown in Figure 3, the difference between the curves
is more pronounced. For smaller and some medium models (up to 10B parameters),
the monolithic approach shows a strong drop in accuracy, while the multi-agent curve is
more stable. Table 2 shows that this is mainly caused by formatting errors in the mono-




lithic setup, which dominate its failures in these ranges. For larger models (above 27B),
formatting issues become more similar across both approaches, indicating that higher ca-
pacity helps reduce structural errors. Still, differences persist: the monolithic approach
tends to overpredict weakly relevant modules (Overprediction), while the multi-agent
approach more often misses required modules (Omission). Statistical analysis supports
this pattern. Table 1 shows significant gains for the multi-agent approach in the Very
Small group and in the overall comparison, while no significant differences appear for
larger groups. This aligns with the trend curves and suggests that prompt decomposition
is most useful when model capacity is limited and the task requires handling multiple
constraints at once.

Even so, individual results show exceptions. Among models up to 7B, qwen3-4b
achieves the best performance in the monolithic setup. This suggests that the limitations
of monolithic prompting depend on model-specific behavior. Some models handle mul-
tiple constraints better without decomposition. Overall, multi-agent prompting improves
average performance and stability for smaller models, while monolithic prompting can
still work better for certain architectures with strong instruction-following and structured
reasoning.

Conversational Agent Metrics Mean by Model Size and Approach
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For the Conversation task, as shown in Figure 4, the multi-agent approach consis-
tently outperforms the monolithic setup for very small to medium models. As model size
increases, the monolithic approach reduces this gap, reaching similar performance only
at the largest scale (120B parameters). Table 2 shows that this difference is mainly driven
by higher formatting error rates in the monolithic configuration. An exception appears in
the Large group, where the multi-agent setup shows a spike in formatting errors due to an
outlier model, “DeepSeek-R1-Distill-Llama-70B”, which skews the results.

The statistical analysis reinforces these findings. Table 1 shows significant im-
provements for the multi-agent approach in the Very Small, Small, Medium, and Overall
groups, while no significant difference is found for Large models. Compared to the other
tasks, this wider range of significant gains suggests that conversational behavior is more
sensitive to prompt decomposition, with benefits extending beyond only the smallest mod-
els and gradually decreasing as model size grows. The monolithic setup also produces



more hallucination errors in the Reporting Faithfulness metric, especially for very small
to medium models. This suggests that conversational performance is sensitive to prompt
interference, since diagnostic, guardrail, and conversational instructions compete within
a single prompt. This often leads to hallucinations, overly verbose responses, and irrel-
evant technical details. Larger models handle this separation better, which explains the
convergence in performance.

Although multi-agent prompting improves performance for smaller models and
complex tasks, it also increases computational cost. While the monolithic approach
requires a single inference pass, the multi-agent setup executes three sequential agents
(Guardrail, Diagnostic, and Conversation). Consequently, token consumption increases
from an average of 1,094 to 2,438 tokens per interaction (+123%), while the inference
time increases only modestly, from 1.66 to 1.84 seconds (+11%). This suggests that the
main overhead comes from additional token processing rather than latency. Despite the
higher cost, the observed performance gains indicate a worthwhile trade-off, particularly
for smaller language models at diagnostic and conversational tasks, where prompt decom-
position improves reliability and task specialization with only a moderate latency penalty.

5. Conclusion

This work presented a controlled comparison between monolithic and multi-agent
prompting architectures across 26 open-source LLLMs on a hardware diagnostics bench-
mark, evaluating guardrail enforcement, diagnostic reasoning, and constrained conver-
sation. Results show that prompt architecture significantly affects smaller models: for
complex tasks, prompt decomposition reduces instruction interference and errors such as
hallucinations and formatting issues. For simpler tasks or larger models, the performance
gap becomes marginal, suggesting that model capacity can compensate for architectural
limitations.

A key methodological contribution is the use of a genetic algorithm-based prompt
optimizer, which automatically generates and refines prompts for both configurations un-
der identical budgets. This reduces biases from manual prompt engineering and enables a
fairer assessment of architectural effects. These findings highlight the benefits of prompt
modularity when smaller models are used and accuracy is prioritized. However, these
gains must be balanced against the higher computational cost of multi-agent architectures,
which require multiple inference calls and larger token budgets.

Although the benchmark provides a controlled environment for evaluating
prompting architectures, extending it to new domains still requires considerable manual
effort. Future work could investigate automated task decomposition methods that derive
specialized subtasks from application specifications. Chain-based prompting could also
enable finer-grained decomposition within a single task. These extensions would require
adapting the optimization pipeline to optimize sequences of prompts, enabling broader
evaluations across domains with reduced manual engineering.

Further research could explore orchestration strategies beyond monolithic, se-
quential multi-agent paradigms, including hierarchical agents, dynamic routing, and it-
erative reasoning. Comparing these approaches could provide a broader understanding of
how task coordination affects the performance and efficiency of smaller models.
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