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ABSTRACT

Evaluating data intensive applications on micro-datacenters has become increasingly es-
sential as Edge computing and 5G networks demand low-latency, resource-efficient pro-
cessing at scale. Benchmarking frameworks, such as BenchPilot, address these needs
with declarative experiment specification, automated deployment, and unified monitor-
ing. However, effective use of these systems requires significant operational expertise
and close familiarity with its workflows, configuration formats, and documentation, pos-
ing a practical barrier for users whose primary focus is experiment design rather than in-
frastructure management. Recent advances in large language models (LLMs) and agentic
systems offer a compelling opportunity to reduce this burden by simplifying and automat-
ing the most tedious and error-prone aspects of the benchmarking process. In this work,
we introduce BenchAgent, an Al-powered assistant build on top of the BenchPilot, that al-
lows users to interact with the underlying system in plain language through a user-friendly
chat interface, while automatically handling the rest. A central LLM orchestrator inter-
prets user intent and delegates tasks to specialized tool functions, coordinated through a
shared memory state that ensures consistency across all agent actions. Through its natural
language interface, BenchAgent enables users to query workload-specific documentation,
automatically generate YAML configurations through multiple levels of task abstraction,
and iteratively refine them through a user-in-the-loop feedback process. Users can further
instruct the agent to deploy and monitor experiments in real time, analyze results, and
cross-reference them against historical runs — all without directly interacting with the
underlying infrastructure. Critically, to accommodate the constrained computational re-
sources characteristic of edge environments, BenchAgent is designed around the principle
of task simplification rather than model scaling, progressively abstracting away low-level

generation complexity to enable accurate and efficient operation on smaller models.

Keywords: Large Language Models, Agentic Systems, Benchmarking, Edge Continuum
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1 Introduction

The rapid proliferation of IoT devices has driven the emergence of Edge Computing as
a compelling alternative to centralized cloud processing, enabling data to be analyzed
closer to the source and avoiding the latency and bandwidth costs of cloud offloading
[1,2]. A key enabler of this paradigm is the micro data center (micro-DC): a small, on-
premise cluster of heterogeneous, resource-constrained hardware deployed at the network
edge [3]. Evaluating application and infrastructure performance across the large space of
configurations and workload conditions that arise in such environments is a significant

challenge [4], and one that defines the problem of edge benchmarking.

Edge benchmarking refers to the systematic evaluation of applications and infrastructure
components deployed at or near the network edge, where computing resources are con-
strained and highly heterogeneous. Unlike traditional cloud benchmarking, which oper-
ates on relatively uniform, warehouse-scale hardware, edge benchmarking must account
for a diverse mix of device types, from low-power ARM-based single-board computers
to small multi-core servers, as well as the variability introduced by limited bandwidth,
fluctuating network conditions, and factors such as energy consumption and fault occur-
rence. A meaningful edge benchmark must therefore capture not only application-level
performance metrics such as throughput and latency, but also infrastructure-level indica-
tors like resource utilization and power draw. As modern distributed systems increasingly
run across such resource-limited and heterogeneous devices, reliable and reproducible
benchmarking has become essential for researchers and practitioners alike, yet running
such benchmarks remains time-consuming, error-prone, and often requires significant ex-

pertise.

Despite its importance, the edge benchmarking landscape remains fragmented. Estab-
lished suites from the cloud and data management communities were not designed with
edge constraints in mind: they commonly assume homogeneous hardware architectures,
offer limited support for ARM processors, and require users to manually handle deploy-
ment dependencies and system configuration. Several efforts have attempted to address
this gap. Plug and Play Bench (PAPB) [5] facilitates big data benchmarking by leverag-
ing containers to run on the underlying execution environment, with a proof-of-concept
targeting batch and ML workloads on public cloud providers. Frisbee [6] performs chaos
engineering experiments on Kubernetes-deployed containerized applications, offering a

declarative language for failure injection and deployment alongside service-level mea-



surement collection. BenchPilot [7] is an open-source, automated framework designed
specifically for edge micro-datacenters, aiming to streamline the deployment and evalua-
tion of experiments on edge infrastructures. Despite these advances, a significant barrier
to usability persists across the space: configuring experiments, and in particular gener-
ating the configuration files (e.g., YAML specifications) that drive these benchmarking
execution engines, still requires substantial familiarity with each framework’s documen-
tation, workload models, and tunable parameter space. A user wishing to evaluate a new
workload or reproduce an existing setup must navigate a non-trivial configuration process
before any actual experimentation can begin. The latter introduces friction that slows the
research cycle and raises the expertise threshold for effective use, effectively necessitating
a benchmarking expert who understands not only how to configure the system, but also
comprehends which workloads to deploy under which conditions to obtain meaningful

and reliable results.

The rapid advancement of Large Language Models (LLMs) and their demonstrated strengths
across a wide range of cognitively demanding tasks, including natural language under-
standing, multi-step reasoning, structured code generation, and schema-constrained out-
put production, presents a compelling opportunity to address this usability gap [8]. LLMs
have shown a remarkable capacity to translate high-level natural language intent into pre-
cise, structured outputs, following the specified schema or response format [9—11]. Agen-
tic LLM systems, which extend this capability by equipping models with the ability to
invoke external tools, interact with Application Programming Interfaces (APIs), and pur-
sue multi-step goals autonomously, further expand the scope of what can be automated
by an intelligent assistant [12—14]. Integrating such a system into the Edge benchmark-
ing pipeline could fundamentally transform the user experience, shifting the interaction
from manual, documentation-heavy configuration to intelligent, conversational experi-
mentation that is accessible to users regardless of their familiarity with the underlying

framework.

In this work, we introduce BenchAgent, a generative, LLM-driven agentic framework, that
automates the full cycle of experimental workflows, from natural language query to result
analysis and cross-experiment comparison. BenchAgent is tested on top of the BenchPilot
framework [7]. It leverages LLM-based reasoning over workload descriptions, historical
experimental results, and system parameters to provide an end-to-end intelligent assis-
tant for edge benchmarking. Rather than replacing the user’s judgment, BenchAgent is

designed to operate as a responsive and capable collaborator: one that handles the me-



chanical complexity of configuration generation, deployment, and result interpretation,
while keeping the human informed, in control, and able to intervene at every stage of the

process. Concretely, the system supports the following capabilities:

* Natural-language querying about workloads, past experiments, parameter configu-
rations, stress components, and use cases, enabling users to explore the experimental

space conversationally without consulting documentation.

+ Automatic generation of BenchPilot-compliant YAML configuration files from user
requests, with support for iterative, human-in-the-loop refinement through contin-

ued dialogue.

» Execution of generated experiment configurations, with real-time monitoring, log

inspection, and failure diagnosis surfaced through the conversational interface.

* Post-experiment analysis through both - structured, statistically grounded evalua-
tion reports that summarize performance metrics, error logs, and system behavior
under each tested workload, and LLM-generated summaries based on these reports

and raw experimental outputs.

» Comparative evaluation across multiple experiments, leveraging a persistent vector
knowledge base to retrieve and cross-reference historical results based on semantic

similarity, shared devices, or common workloads.

This integration introduces a new paradigm for interacting with edge benchmarking frame-
works, shifting from manual configuration and isolated analysis to intelligent, memory-

augmented, conversational experimentation.

1.1 Motivation

The increasing complexity and time overhead associated with configuring and executing
benchmarks has become a significant bottleneck in both the benchmarking process and its
overall usability. As the number of heterogeneous devices in edge infrastructures grows
increasingly , spanning diverse hardware platforms, communication protocols, container-
ization technologies, and distributed execution frameworks, the space of possible bench-
marking configurations expands dramatically. Several tools have been developed [5-7]
that provide mechanisms for automating deployment and metric collection. However, they
still require users to manually define detailed YAML configurations. These configurations
encode not only workload selection and device allocation, but also execution parameters

such as duration, resource constraints, replication strategies, and monitoring settings.



In practice, constructing such configurations is far from trivial. Users must invest sub-
stantial time in learning the schema, understanding which parameters are relevant, and
determining how configurations should be adapted to different hardware setups. Even
seemingly simple tasks, such as selecting appropriate benchmarks, choosing meaningful
parameter combinations, or writing valid configuration files, can become time-consuming
and error-prone. This challenge is further amplified in scenarios where teams are small or
lack dedicated benchmarking expertise; for example, when team members are primarily
focused on data analysis and are interested mainly in understanding which applications
should be deployed on which devices and under what configurations, rather than in the

intricacies of benchmarking itself.

Beyond configuration, the analysis of benchmarking results introduces an additional layer
of complexity. Interpreting performance metrics, comparing configurations, and deriving
actionable insights often requires specialized knowledge. As a result, effectively using
benchmarking frameworks frequently demands the presence of a “benchmarking expert”,

creating a barrier for broader adoption and efficient experimentation.

At the same time, recent advances in LLM-based systems provide a compelling opportu-
nity to address these challenges. Improvements in instruction following, structured output
generation, and constrained decoding have enabled LLMs to reliably produce schema-
compliant outputs [9—11], which is critical in contexts where incorrect configurations can
lead to failed deployments or invalid experimental results. Furthermore, the development
of agentic frameworks supporting tool use, multi-step reasoning, and interaction with ex-
ternal systems allows LLMs to participate in end-to-end workflows, including configura-

tion generation, benchmark orchestration, and result processing.

This convergence motivates the central idea of this work: the design of an intelligent
benchmarking assistant that automates not only the generation of valid configurations,
but also the selection of benchmarks, the exploration of configuration spaces, and the
interpretation of results. By effectively acting as a “benchmarking expert”, referred to
in this work as BenchAgent, such a system aims to significantly reduce the time, effort,
and expertise required to conduct rigorous benchmarking, while preserving the reliability,

reproducibility, and correctness essential to experimental research.

The overarching aim of this work is to design, implement, and evaluate BenchAgent, an
intelligent, agentic LLM-driven assistant that automates the full experimental lifecycle
within the BenchPilot edge benchmarking framework, while maintaining a human-in-the-

loop interaction model that preserves user oversight and supports iterative, conversational



refinement.

1.2

Contribution

The contributions of this thesis are as follows:

1.

Automated Configuration Generation. Design and implement a robust pipeline
for the automatic generation of BenchPilot-compliant YAML configuration files
from natural language user requests. This objective encompasses the investigation
of multiple generation strategies — including free-form generation, function-based
schema-constrained generation, and constrained decoding — and the evaluation of
their relative reliability, token efficiency, and schema compliance rates across mod-
els of varying capability.

Agentic Deployment and Monitoring. Equip the agent with the tools necessary to
deploy generated configurations, monitor the execution of experiments, and surface
diagnostic information — including service-level and worker-level failure states —
through the conversational interface, enabling effective human-in-the-loop over-

sight of the experimental process.

. Automated Result Evaluation. Develop a structured, statistically grounded eval-

uation pipeline that processes BenchPilot-generated output files, computes descrip-
tive performance summaries, and produces human-readable evaluation reports that
can be interpreted reliably by the language model and stored persistently for future

retrieval.

Persistent Knowledge Base and Cross-Experiment Analysis. Design and imple-
ment a vector database-backed knowledge base that stores experimental results and
evaluation reports in a semantically retrievable form, enabling the agent to perform
cross-experiment comparisons, identify historical trends, and provide contextually

grounded responses to analytical queries across sessions.

. Memory Management for Conversational Coherence. Develop a memory man-

agement architecture that maintains conversational coherence across multi-turn in-
teractions, manages the context window constraints of the underlying language mod-
els, and separates high-level conversational history from low-level task execution

traces in a principled and efficient way.

Empirical Evaluation of Design Decisions. Validate the system’s design deci-

sions through empirical evaluation across multiple LLMs of varying scale, assess-



ing schema compliance rates, task completion reliability, retrieval quality, and com-
putational cost, and providing evidence-based guidance on the trade-offs between

model capability, generation strategy, and system performance.

1.3 Methodology

The work of this thesis follows a process that progresses from problem formulation to

implementation, and finally, evaluation, through three broad phases.

The first phase consists of a literature review and the establishment of the theoretical foun-
dations on which the system is built. This encompasses the study of large language model
architectures, decoding strategies, agentic system design patterns, memory management
mechanisms, retrieval-augmented generation, and the landscape of existing automated
benchmarking frameworks. Particular attention is given to the practical limitations of
smaller, locally deployable language models in agentic settings, including their tendency
to diverge from instructions or predefined output formats, as well as issues related to con-
text window exhaustion, since these limitations directly influence the architectural deci-

sions made in subsequent phases.

The second phase concerns system design. Drawing on the findings of the literature re-
view, as well as the architecture of BenchPilot, we define the high-level architecture of
BenchAgent and establish its core design goals. This phase includes defining the memory
management logic, adopting a vector database for persistent experimental knowledge, and
designing the tools responsible for interacting with BenchPilot, the local memory space,
and the vector database, while maintaining compatibility with resource-constrained de-

ployments.

The third phase consists of empirical evaluation. The system is evaluated across multiple
language models of varying scale and capability, including locally-deployed open-weight
models from the Qwen, Granite, and Ministral3 families, on a structured evaluation dataset
to test different task complexities that BenchAgent is intended to handle. The evaluation
encompasses multiple metrics, such as YAML generation accuracy, task completion rates,
token efficiency, and latency. The results are examined in the context of the research
questions formulated at the outset of the thesis, with particular attention to the trade-offs
identified during the design phase. Limitations of the current system are identified and

discussed, and directions for future work are proposed that extend the system.



1.4 Thesis Outline

The thesis is organized as follows. Chapter 2 provides the necessary background on large
language models, agentic systems, retrieval-augmented generation, and automated bench-
marking, establishing the theoretical and technical foundations on which the system is
built. Chapter 3 describes the research methodology in detail, covering the supporting li-
braries and frameworks, and the full implementation of each system component. Chapter
4 presents the research questions, the testbed covering the hardware and model config-
urations used, the evaluation methodology and the key metrics. Chapter 5 reports and
analyzes empirical results across the key dimensions, and discusses the findings. Chapter
6 concludes the thesis and reflects on the limitations and identifies directions for future

work.



2 Background and Related Work

2.1 Large Language Models

Large Language Models (LLMs) are a class of deep neural networks trained on vast cor-
pora of text data with the objective of modeling the statistical distribution of natural lan-
guage [8, 15]. Built predominantly on the Transformer architecture [16], which relies on
a self-attention mechanism to capture long-range dependencies between tokens, modern
LLMs are characterized by their scale — both in terms of the number of parameters they
contain and the volume of data on which they are trained. This scale, combined with
training on diverse and broad-coverage corpora, gives rise to a remarkable set of emer-
gent capabilities: the ability to generate fluent and contextually coherent text, to follow
complex natural language instructions, to perform multi-step reasoning, and to general-
ize across tasks without task-specific fine-tuning. These properties have made LLMs the
foundation of a rapidly expanding range of applications, from conversational assistants

and code generation systems to scientific analysis tools and autonomous agents.

Prominent examples of modern LLMs include GPT-4 [8], LLaMA [17], and Mistral [18],
among many others. These models vary considerably in their scale, architecture, train-
ing methodology, and intended deployment context — ranging from large, API-accessible
proprietary systems optimized for general-purpose capability, to smaller open-weight mod-
els designed for efficient local deployment. The distinction between large, highly capable
models and their smaller counterparts — sometimes referred to as Small Language Mod-
els (SLMs) — is particularly relevant in agentic settings, where the practical constraints of
latency, computational cost, and context window size interact directly with the complexity

of the tasks being performed [19].

2.1.1 Decoding

At inference time, LLMs generate text autoregressively, meaning that given an input se-
quence of tokens, the model produces a probability distribution over the vocabulary at
each step, and a single token is selected from this distribution to extend the sequence.
This process is repeated iteratively, with each newly generated token appended to the
input context, until a termination condition is reached — typically the generation of a spe-
cial end-of-sequence token or the attainment of a maximum length limit. The mechanism

by which a token is selected from the predicted distribution at each step is referred to

8



as the decoding strategy, and it has a substantial influence on the character of the gener-
ated output. The simplest strategy, greedy decoding, deterministically selects the single
highest-probability token at every step [20]. One of the most common parameters in LLMs
regulating the decoding strategy is temperature [21]. Higher temperature values increase
the probability of sampling lower-probability tokens, resulting in the selection of less ex-
pected words or phrases. This usually leads to more diverse and less deterministic outputs,
a feature desirable in creative tasks such as writing. On the other hand, lower tempera-
ture values, such as 0, lead to more deterministic outputs and are commonly used in tasks
such as mathematical problem solving, where the generated response should remain as

consistent and reliable as possible.

2.1.2 Constrained Decoding

While standard decoding strategies operate freely over the full vocabulary at each step,
many practical applications require the model’s output to conform to a specific structure
or schema — such as valid JSON, a well-formed programming language expression, or
a domain-specific configuration format. In these settings, unconstrained generation is
unreliable: even models with strong instruction-following capabilities can produce outputs
that are syntactically malformed, structurally incomplete, or subtly non-compliant with the
required schema, particularly under conditions of long output length or complex nesting
[9-11]. Constrained decoding addresses this limitation by intervening directly in the token
selection process to enforce structural validity at generation time, rather than relying on

post-hoc validation or correction [22].

The most principled approach to constrained decoding operates by translating the target
output schema into a formal representation, typically a Context-Free Grammar (CFG) or
an equivalent finite-state automaton, that defines the complete set of structurally valid
token sequences. At each decoding step, the current partial output is matched against this
formal representation to determine which tokens in the vocabulary are compatible with at
least one valid completion of the sequence. Tokens that would lead to an irrecoverably
invalid state are dynamically masked, restricting the LLM from selecting them, ensuring
that the model can only select from the subset of tokens that preserve the possibility of a
valid final output. This masking operation is applied at every step throughout generation,
meaning that structural validity is enforced incrementally and by construction, rather than

assessed only upon completion.

This approach has several important practical consequences. First, it provides a hard guar-



antee of output correctness with respect to the specified schema because invalid token se-
quences are made impossible at the level of the decoding mechanism itself, the resulting
output is guaranteed to be structurally valid regardless of the model’s underlying tenden-
cies. Second, it eliminates the need for error-prone post-processing steps or retry logic
based on validation failures, which are both computationally wasteful and potentially un-
reliable. Third, it allows smaller and less capable models to reliably produce structured
outputs that they might otherwise struggle to generate consistently through instruction-
following alone, effectively extending their practical utility to schema-constrained tasks.
Libraries such as Outlines [23] and the structured output functionality exposed by the

OpenAl API [8] implement variants of this approach.

2.1.3 Quantization and Efficient Inference

The deployment of large language models in resource-constrained environments, such
as the edge infrastructure that BenchAgent is designed to support, introduces significant
practical challenges related to memory footprint, computational throughput, and energy
consumption [24]. A pre-trained LLM with billions of parameters, stored in full 32-bit
floating point precision, can require tens to hundreds of gigabytes of memory simply
to load, placing it entirely out of reach for local deployment on commodity hardware.
Quantization addresses this challenge by reducing the numerical precision of the model’s
weights, and, in some variants, its activations, from full floating point to lower-bit inte-
ger or mixed-precision formats, substantially reducing memory requirements and often
improving inference throughput at the cost of a modest reduction in generation quality
[25,26].

The most widely adopted quantization approaches for LLM deployment reduce weights to
8-bit (INTS) or 4-bit (INT4) integer representations [27-29]. Various quantization tech-
niques have been proposed, including Post-Training Quantization (PTQ) [30] and AWQ
[25]. More recently, the GGUF format popularized by the llama.cpp [31] inference li-
brary, which is employed in this work for local model deployment, has enabled flexible,
mixed-precision quantization that allows individual layers or weight matrices to be quan-
tized at different bit-widths, supporting fine-grained trade-offs between model size and

generation quality on consumer-grade hardware.

Quantization is particularly consequential in the agentic setting because it affects the flu-
ency of the model’s natural language generation and its instruction-following reliability

[26,32]. Highly quantized models may experience reduced reliability in generating syn-

10



tactically complex structured outputs, such as nested JSON or YAML, especially at low
bit-widths, as quantization introduces approximation errors in model parameters that can

impact the stability of token-level predictions and long-range structural consistency.

2.1.4 Context Window

The context window of a language model defines the maximum number of tokens that can
be processed in a single forward pass, encompassing the full input, including the system
prompt, conversation history, tool descriptions, retrieved documents, and any intermediate
reasoning or tool outputs. This limit is a fundamental architectural constraint that has
profound implications for agentic system design, where the effective context consumed

by a single session can grow rapidly and unpredictably.

Modern LLMs support context windows ranging from tens of thousands to over a mil-
lion tokens in the most capable API-accessible models. However, despite these advances,
long contexts introduce their own challenges beyond raw capacity. Research has shown
that language models exhibit a systematic tendency to attend more strongly to informa-
tion at the beginning and end of the context window, with content in the middle of a long
context receiving systematically less attention, a phenomenon referred to as the “lost in
the middle” effect [33,34]. This has direct implications for the design of agentic sys-
tems that inject retrieved documents or tool outputs into the middle of a long context,
and motivates careful attention to the ordering and placement of information within the
prompt. Furthermore, for smaller and locally-deployed models, practical context window
limits remain substantially lower than those of frontier API models, requiring active con-
text management strategies, including summarization [35,36], selective retention [37,38],
and the external memory mechanisms [39] described in subsequent sections, to maintain

coherent multi-turn operation within the available token budget.

2.1.5 Small Language Models and On-Device Deployment

While the majority of public attention in the LLM literature has focused on the largest and
most capable models, a parallel and increasingly important research direction concerns the
development and deployment of smaller, more efficient models that can be run locally on
commodity or resource-constrained hardware. These models — variously referred to as
Small Language Models (SLMs), efficient LLMs, or edge-deployable models — occupy
the portion of the capability-efficiency frontier where inference can be performed without

access to high-end GPU clusters or cloud API services, making them particularly relevant

11



to the edge computing context that motivates this work, and extends the prior work on the
SLMs in agentic systems [40—42].

The development of SLMs has been driven by several complementary techniques. Knowl-
edge distillation [43,44] trains a smaller student model to mimic the output distribution of

a larger teacher model, transferring capability without transferring scale.

In the context of agentic systems, SLMs present both opportunities and challenges. On
the opportunity side, local deployment eliminates API latency, removes dependency on
external service availability, avoids per-token billing costs, and addresses data privacy
concerns that may preclude the use of cloud-hosted models in sensitive research contexts.
On the challenge side, SLMs typically exhibit weaker instruction-following behavior, and
greater susceptibility to reasoning drift than their larger counterparts, all of which are

particularly consequential in agentic settings where errors compound across steps.

2.1.6 Prompt Engineering

The behavior of a large language model at inference time is determined not only by its
weights, shaped during pre-training and fine-tuning, but also by the structure and content
of the input it receives. Prompt engineering is the discipline concerned with the deliber-
ate design of model inputs to elicit outputs that are more accurate, reliable, consistent, or
appropriately formatted for a given task [45]. While early work in this area focused pri-
marily on the phrasing of individual queries, the field has matured considerably alongside
the models themselves, encompassing a rich set of techniques that operate at the level of
instruction design, contextual scaffolding, and the strategic organization of information

within the input sequence.

Among the most influential and widely adopted prompting techniques is chain-of-thought
(CoT) prompting [46], which encourages the model to produce explicit intermediate rea-
soning steps before arriving at a final answer. By externalizing the reasoning process into
the generated text, CoT prompting has been shown to substantially improve performance
on tasks that require multi-step inference, arithmetic, or logical deduction, tasks on which
direct answer generation tends to fail. Few-shot prompting [47], introduced alongside
GPT-3, provides the model with a small number of input-output examples directly within
the prompt, allowing it to infer the desired task format and behavior. In the zero-shot
setting, where no examples are provided, the careful formulation of the instruction itself
becomes the primary lever for shaping model behavior. In agentic systems, prompt engi-

neering extends beyond individual query design to encompass the construction of system
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prompts that define the agent’s persona, capabilities, and behavioral constraints; the for-
mulation of tool descriptions that communicate intended use clearly enough to support
reliable invocation; and the design of error recovery instructions that guide the model to-
ward productive responses when tool calls fail or produce unexpected outputs. The quality
of these prompting decisions has a direct impact on the reliability of agentic task comple-
tion, and is therefore taken into account in the design of BenchAgent.

2.2 Agentic Systems
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Figure 2.1: Components of an Interactive Agentic System

Agentic LLM systems represent a significant evolution beyond the standard single-turn
or conversational use of language models. Rather than responding to isolated queries, an
agentic system places the LLM at the center of a broader decision-making loop in which
the model is tasked with pursuing goals over multiple steps, selecting and invoking exter-
nal tools, interpreting the results of those invocations, and iteratively refining its actions
based on feedback from the environment. This shift substantially expands the range of
tasks that LLM-based systems can address, enabling them to interact with APIs, execute
code, query databases, browse the web, manage files, and coordinate complex multi-step
workflows that would be impossible to complete within a single generation pass. The
model is no longer a passive responder, but an active agent, operating either autonomously
or with a human-in-the-loop inclusion, which allows the user to validate intermediate out-
puts, provide clarification, or approve consequential actions before they are executed —

and is particularly valuable in domains where errors are costly or difficult to reverse.
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The typical agentic architecture follows a cyclical reasoning and action loop, most in-
fluentially formalized in the ReAct framework [48], which interleaves natural language
reasoning steps with concrete actions and their observed outcomes. At each iteration of
the loop, the model executes an action through a tool or API call, observes the result, and
incorporates the observation into its context. This loop continues until the model deter-
mines that the task has been completed or that further progress is not possible. More recent
frameworks, such as smolagents [49], LangChain [50], and Llamalndex [51], have oper-
ationalized this paradigm into practical development libraries that provide scaffolding for
tool registration, prompt management, execution loop control, and multi-agent coordina-

tion.

2.2.1 Agentic Memory Mechanisms

A defining characteristic of agentic systems is their need to maintain and manage infor-
mation across multiple steps and, in conversational chat-bots, across multiple turns of
interaction. This requirement is fundamentally at odds with the stateless nature of indi-
vidual LLM inference calls, which have no intrinsic memory of prior inputs beyond what
is explicitly included in the current context, and becomes increasingly critical as agents
are deployed in long-horizon, dynamic environments where sustained reasoning and task

execution place persistent demands on available context capacity [52,53].

Short-term memory, also known as “working memory,” in an agentic system refers to
the information maintained within a single or, in the case of interactive systems, multiple
agentic loops forming an active dialogue [54,55]. It typically stores selectively retained
information from recent interactions, including previous user inputs, final agent responses,
and, in some cases, intermediate tool outputs or error traces considered useful for future
behavior correction. The selection process is usually heuristic or retrieval-based, rang-
ing from simple recency-based retention, such as keeping the last n interactions, to more
structured filtering strategies that prioritize informative or failure-inducing episodes. This
form of memory enables continuity within an active dialogue session, allowing the agent to
reuse prior experience, avoid repeating past mistakes, and improve response consistency.
However, short-term memory remains bound to a single interaction session between the

user and the agent and does not persist across separate sessions.

Long-term memory, on the other hand, refers to information stored externally, such as
in databases, allowing it to persist across multiple interaction sessions [55]. Recent ap-

proaches have incorporated graph databases and vector-based retrieval mechanisms to ex-
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tend memory capacity and improve retrieval capabilities. Several works have focused
on efficient agentic memory systems [56, 57], which, however, are unable to establish
novel connections or adapt their organizational structures as knowledge evolves. To solve
this, another line of work has focused on incorporating dynamic memory refactoring [58].
These approaches highlight the growing importance of adaptive and scalable memory ar-
chitectures for enabling more effective long-term reasoning and knowledge management

in agentic systems.

2.2.2 Tool-calling

One of the most consequential components of agentic systems is the concept of tool calling
— the mechanism by which an LLM delegates specific operations to external, determin-
istically defined functions. Tools are user-defined or framework-provided functions that
enable the model to perform operations that lie outside the scope of pure language gen-
eration: querying databases, executing shell commands, calling external APIs, perform-
ing arithmetic, managing files, or interacting with any other programmatic interface. By
equipping the model with a curated set of tools, the system designer effectively defines the
action space available to the agent — the set of interventions it can make in the external

environment in pursuit of its assigned goals.

During tool execution, the LLM itself remains idle: having produced a structured tool
call specifying the function to be invoked and the arguments to be passed, the function
is invoked deterministically. This separation between generative and deterministic com-
putation is architecturally important: it ensures that operations with well-defined correct
answers, such as database lookups or file reads, are handled deterministically rather than
with approximation, reserving the model’s generative capacity for tasks that genuinely re-
quire natural language reasoning. The result of the tool call is then injected back into the
model’s context as an observation, allowing the model to interpret the output and plan its

next action accordingly.

For a tool to be usable within an agentic framework, it must be specified using a struc-
tured schema that exposes sufficient information for the model to invoke it correctly. This
schema typically includes the tool’s name, a natural language description of its function-
ality and intended use, the names and types of its input parameters along with semantic
descriptions of each, and a description of the expected output format. This is used by the
framework to validate tool calls at execution time, and it is included in the model’s prompt

to inform its understanding of what each tool does and when it should be invoked. The
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quality and clarity of tool descriptions therefore has a direct and significant impact on the
reliability of tool use, poorly described tools are more likely to be invoked incorrectly,
with malformed arguments or in inappropriate contexts, leading to execution failures that

consume steps, inflate token counts, and degrade overall task completion rates.

2.2.3 Vector Databases

The storage and retrieval of information in agentic and RAG-based systems introduces re-
quirements that are fundamentally misaligned with the design assumptions of traditional
database systems. Relational databases, optimized for structured, exact-match or range-
based queries, are ill-suited to the retrieval of semantically similar content from collec-
tions of unstructured natural language documents. Vector databases were developed to
address precisely this gap, providing a storage and retrieval infrastructure purpose-built
for high-dimensional embedding vectors and the approximate nearest-neighbor queries

that semantic search requires.

A vector database stores each document as a dense numerical vector — its embedding —
produced by an encoder model such as a sentence transformer, alongside any associated
metadata and the original text content [59]. At query time, the query is encoded into the
same embedding space using the same encoder, and the database retrieves the stored vec-
tors whose geometric proximity to the query vector, as measured by a distance or similarity
metric such as cosine similarity or Euclidean distance, exceeds a relevance threshold or
falls within the top-k results. Because exhaustive comparison of a query vector against ev-
ery stored vector becomes computationally prohibitive at scale, vector databases employ
approximate nearest-neighbor (ANN) indexing structures — most prominently Hierarchi-
cal Navigable Small World graphs (HNSW) [60] and Inverted File Indexes (IVF) [61]
— that trade a small, controllable degree of retrieval exactness for substantial gains in
query throughput and scalability. HNSW in particular has become the dominant index-
ing structure in production vector database systems due to its favorable balance of query
speed, recall quality, and incremental update support. Prominent vector database systems
include Pinecone [62], Qdrant [63], Milvus [64], and ChromaDB [65] — the latter of
which is employed in this work due to its lightweight architecture that requires no external
server infrastructure and integrates naturally into a locally-deployed agentic system. Be-
yond pure vector search, modern vector databases support hybrid retrieval strategies that
combine dense embedding-based retrieval with lexical filtering over metadata fields. For

example, a stored embedding may contain a metadata field such as “filename,” indicating
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the file from which the embedding originated. This metadata can then be leveraged during
querying to restrict the search within a specific file, enabling more targeted retrieval. This
enables queries that simultaneously exploit semantic similarity and structured attribute
constraints — a capability that is directly leveraged in BenchAgent’s retrieval logic to
support both content-based and field-constrained access to the experimental knowledge

base.

2.2.4 Retrieval-Augmented Generation

A fundamental limitation of LLMs is the finite context window, as reasoning over large
corpora, or locating relevant chunks within a broader document set, quickly exceeds what
can be held in a single prompt. Retrieval-Augmented Generation (RAG) directly addresses
this by equipping the model with a mechanism to fetch precisely the context it needs at
inference time, enabling more accurate and context-aware responses without requiring
the entire knowledge base to be present upfront [66—68]. Building on this foundation,
graph-based approaches such as GraphRAG [69] further enrich retrieval by introducing
structured representations, entity graphs and community summaries, that capture com-
plex interdependencies within the data and enable question answering over highly inter-
connected knowledge. While graph-based RAG captures richer semantic structure across
document collections, it typically requires heavy preprocessing, manual schema design,
and extremely costly updates of the data, since the community summaries and the rela-
tionships need to be reistablished, making it difficult to use in dynamic environments [70].
This led to a line of research, such as LightRAG [70], which further combine hierarchical
or dual-level retrieval with incremental updates, improving both comprehensiveness and
efficiency for large, dynamic text collections. Recent work proposes hierarchical-based
RAG systems, leveraging multiple agents for efficient routing to vector, graph, and web-

based databases based on the scope of the question [71].

2.3 Automated Benchmarking

While benchmarking is essential for evaluating distributed systems, configuring and ex-
ecuting benchmarks is often tedious and time-consuming. This challenge is amplified
in heterogeneous edge and micro-DC environments, where the large space of hardware
configurations, workloads, and system parameters makes exhaustive manual evaluation
impractical. Standard benchmarks also rarely capture user-specific requirements, and

meaningful configuration demands deep domain expertise. Recent work has explored
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leveraging LLMs to automate aspects of this process, such as applying pre-trained lan-
guage models to analyze manuals and textual guidance [72], and using LLMs to transform
user prompts into executable benchmarking plans [73]. These approaches demonstrate the
potential of LLMs and agentic systems for automating configuration and benchmarking
tasks. Building on these insights, we extend these ideas to edge and micro-datacenter

environments.

2.3.1 BenchPilot

BenchPilot [7] is an open-source, auto-benchmarking framework designed specifically for
edge micro-DC environments. It addresses a well-known gap in the benchmarking land-
scape: while established benchmarks from the data management and cloud computing
communities typically provide workloads and data generators, they place the burden of
dependency management, hardware and software configuration, and infrastructure com-
patibility squarely on the end user. This burden is particularly prominent at the edge,
where heterogeneous hardware architectures — such as ARM-based processors — re-
quire executables to be rebuilt and configurations to be carefully adapted to the underly-
ing infrastructure. Moreover, existing tools tend to focus exclusively on application-level
performance metrics, overlooking infrastructure-oriented indicators such as energy con-
sumption, and offer limited extensibility in their metric collection pipelines. BenchPilot
tackles these challenges by leveraging cloud-native technologies — infrastructure-as-code
and containerization — to abstract hardware heterogeneity and automate the full evalua-

tion lifecycle.

The entry point for any BenchPilot experiment is a user-defined YAML configuration file.
The user specifies the target infrastructure, the chosen workload, and its parameters —
such as the processing engine, the number of nodes, parallelism settings, and experiment
duration. Once the YAML is defined, BenchPilot takes full ownership of the execution - it
provisions the environment, deploys the workload, orchestrates the experiment, and tears
down the deployment upon completion. The framework ships with a set of ready-to-use,
containerized benchmarking workloads that users can select and deploy out of the box,

while remaining fully extensible to support custom workloads.

Upon completion, BenchPilot persists the collected measurements in structured CSV and
JSON files, capturing both application-level and infrastructure-level metrics. Applica-
tion metrics include throughput and end-to-end latency, while infrastructure metrics cover

CPU and memory utilization, network traffic, and energy consumption across the nodes
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of the micro-DC. This dual focus on application and infrastructure observability — across
heterogeneous, resource-constrained hardware — is what distinguishes BenchPilot from

conventional benchmarking tools.

However, the complexity of authoring and iteratively refining the YAML configurations,
deploying, as well as performing the post-experiment analysis of the results, still persist as
bottlenecks to inexperienced users, since it requires knowledge of the available workloads,
their configurable parameters, and the underlying infrastructure. These are precisely the

problems that BenchAgent is designed to solve.
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3 BenchAgent Framework

BenchAgent i1s packaged and deployed as a Docker container, hosted on the same local
server as the BenchPilot framework. This co-location grants the backend — which encom-
passes the orchestrating agent, all tool implementations, and the session memory — direct
access to the internal execution commands of the BenchPilot, such as issuing deployment
commands, invoking troubleshooting routines, and reading experiment result directories
and output files. Placing this logic remotely would necessitate additional communication
layers between the agent and the framework, reintroducing the kind of complexity and po-
tential failure points that the overall design seeks to minimize. All backend components
are implemented in Python and reside within the same container, sharing a unified runtime

environment.

The user interface is implemented using the Streamlit [74] Python library and is served
from within the same container. Since all relevant state and agentic logic are managed by
the backend, the UI is responsible solely for rendering the conversation and forwarding
user input to the orchestrating agent. It serves as the primary medium through which

requests are issued, feedback is communicated, and results are surfaced to the user.

3.1 Core Framework Components

BenchAgent’s architecture is guided by the principle of minimizing agentic complexity
— reducing LLM calls, narrowing each decision point, and delegating as much logic as
possible to deterministic components. In practice, this means consolidating related oper-
ations into high-level tools rather than exposing many fine-grained ones, which reduces
latency, limits error propagation, and decreases reliance on the model for low-level se-
quencing. Equally important is information flow: since the LLM operates solely on its
current context, all relevant state must be communicated explicitly through careful prompt

design and informative tool outputs.

Below we describe the core generic components of BenchAgent — those that apply across

all tools and tasks — along with the libraries and frameworks that underpin them.

3.1.1 Agent Orchestration

To manage the interaction between the LLM and external tools, we employ SmolAgents

[49], a lightweight framework that simplifies the development and deployment of agentic
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Figure 3.1: Components of BenchAgent

systems. SmolAgents provides a structured interface for orchestrating tool calls through
its ToolCallingAgent, where tool invocations are generated as JSON objects. This de-
sign aligns with widely used API standards and is model-agnostic, supporting multiple
backends and API formats.

To standardize interactions across different model backends, all requests are routed through
the OpenAl API as a unified communication layer. Rather than directly invoking model-
specific endpoints, this abstraction decouples the agentic framework from backend-specific
implementation details, enabling different models to be swapped or evaluated under iden-

tical conditions without modifying the surrounding infrastructure.

3.1.2 Memory Management

Memory management is among the most architecturally crucial components of an agentic

system, and its importance is amplified significantly in systems that are designed around
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human-in-the-loop or conversational interaction paradigms. Unlike stateless query-response
systems, a conversational agent must maintain coherent awareness not only of the current
user’s query, but also of their previous interactions and the produced responses. Without
principled memory management, the agent loses the ability to interpret references to prior
context, build incrementally on earlier results, or maintain consistency across the turns
of a multi-step investigative session. Therefore, a mechanism is required to manage the
short-term, intra-session memory that governs the agent’s moment-to-moment coherence

within a single conversation.

This challenge is further complicated by the finite context window imposed by all current
language models — a constraint that becomes particularly acute in agentic settings, where
the raw context consumed by a single session can grow rapidly. In addition to the user’s
messages and the agent’s responses, the context must accommodate the agent’s interme-
diate reasoning steps, the inputs and outputs of every tool invocation, framework-level
system prompts, and any retrieved documents injected via RAG. For large, capable mod-
els this constraint is manageable, though never trivial; for smaller language models oper-
ating under tighter token budgets, it becomes a primary architectural concern. Practical
implementations must therefore incorporate active information management strategies —
such as selective retention, context summarization, and bounded history depth — to pre-
vent the context window from being exhausted and to maintain generation quality as the

interaction deepens.

We define two main memory components that together form the agent’s available context
and knowledge. The first is the Session Memory, a temporary, session-scoped memory
that stores the context and variables shared between the LLM and its tools; it exists only
for the duration of a single user interaction. The second is the Persistent Memory, a more
detailed, long-term storage layer that records fine-grained information such as interaction
duration, individual tool invocation data, and response times (e.g., ask-to-answer latency).
Unlike the Session Memory, this memory is stored on disk and remains accessible after the
session ends. Conceptually, the Session Memory operates as a transient subset or working
view within the broader Persistent Memory. Next, we describe a context retrieval function
that serves as a reference point for cases where the model has lost track of the original user
query amid a long sequence of tool invocations, whether due to context window truncation

or simply the complexity of the agentic execution.
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3.1.2.1 Session Memory

We implement a Session Memory — a class that stores and exposes the information nec-
essary to construct the appropriate context for each tool invocation. Our architecture em-
ploys a single main LLM agent as the central orchestrator, responsible for interpreting user
requests and invoking the appropriate tools. Crucially, this orchestrator has no awareness
of the internal implementation of any tool, nor of any LLM invocations that may occur
within the tools. Despite this separation, all tools and LLLM instances share access to the
same session memory, which serves as the sole medium of coordination across the system.

It is composed of four key variables.

The first is the current user query, which captures the user’s most recent request. Since it
is stored in a variable, it can be explicitly used as a parameter by different tools, appended

to prompts, or used to perform vector search in our vector database, whenever needed.

The second is the current YAML configuration. This variable is important for the task of
YAML generation, which is described in more detail in section 3.2.1. Once generated and
successfully verified, the YAML is stored in this variable, where it persists across the ses-
sion and can be reused and progressively refined by subsequent tasks, such as modifying
experiment parameters or issuing deployment commands. The current YAML configu-
ration is not freely mutable. While multiple tools may read from and write to it, only
successfully verified results are allowed to update the YAML. This ensures the shared
context remains consistent and trustworthy throughout the session, while also eliminating

the risk of overwriting a previously successful YAML generation with an invalid YAML.

The third variable is the current conversation context, which maintains session-level infor-
mation. It represents the high-level conversational record of the session — the sequence
of user queries and agent responses as they would appear in a clean, human-readable di-
alogue. Because this history grows with every exchange, earlier user-question - agent-
answer pairs, are pruned to prevent the accumulated dialogue from consuming the avail-
able context budget. This variable provides fine-grained control over what context is
passed to the LLM at each invocation, enabling the system to selectively transform, filter,
and adapt the conversational history as needed.

The fourth variable is the current exchange context, which stores the most recent query—
response pair along with selected information such as tool invocation failures and errors.
This context is passed back to the agent to prevent repetition of the same mistakes. It is

discussed in more detial in section 3.1.3.

23



3.1.2.2 Persistent Memory

The Persistent Memory, records the full internal trajectory of the agent’s activity in re-
sponse to each user query, including every tool invocation issued, the inputs provided to
each tool, the responses returned, the number of reasoning steps taken, and any intermedi-
ate outputs or error states encountered along the way. This fine-grained record is essential
for transparency, debugging, and the kind of targeted human-in-the-loop intervention de-
scribed in earlier sections, where the user may wish to understand not just what the agent
concluded, but how it arrived at that conclusion. The persistent memory is richer and more
verbose than the session memory, and is therefore managed separately to avoid polluting
the conversational context with low-level execution details that are rarely relevant to the
user’s immediate informational needs. The relationship between the two components is as
follows: when the agent produces a final response for the user’s query, this final response
— as extracted from the persistent memory — is used to update the session memory, ap-
pending the agent’s reply to the conversational record. This separation ensures that the
session memory remains a clean, high-signal representation of the dialogue, while the

persistent memory serves as a complete and auditable log of the agent’s internal process.

3.1.2.3 Context Retrieval

@ Get Conversation Context
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Figure 3.2: Conversation Context Retrieval Function

One approach to handling the limited context window was to allow the model to retrieve
the conversation context at any point during execution. The implementation of this func-
tion can be seen in Figure 3.2. The motivation behind this is that When a model makes
multiple unsuccessful tool invocations in sequence, the initial conversation context may

have been truncated due to context window constraints. This is a particularly serious issue
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in agentic systems, where the number of tokens tends to grow rapidly as the agent reasons,
invokes tools, and processes their results across many steps. By providing the model with
explicit access to the full conversation context, it can re-orient itself and continue attempt-
ing to resolve the task, rather than proceeding on a truncated or incomplete understanding
of what was originally asked.

3.1.3 Error Handling and Recovery

Error handling is a central concern in agentic systems, where failures at any step —
whether due to schema violations, tool misuse, invalid file references, or model-side gen-
eration errors — can propagate through the pipeline if not properly contained. In stan-
dard software systems, errors are typically caught at well-defined boundaries and handled
recovery procedures. However, in agentic systems, the recovery mechanism is itself a
language model, which means that the quality of error recovery depends directly on the
quality of the information the model receives about what went wrong. A silent failure or
an ambiguous error message leaves the model without the context it needs to correct its
behavior, which may result in repeated invocations of the same failing tool with identi-
cal or marginally modified arguments, leading to wasted tokens, inflated latency, and an

unresolved underlying issue.

To address this, every BenchAgent tool is designed to return explicit descriptive error
messages upon failure, providing sufficient context for the model to diagnose the problem
and select an appropriate corrective action on its next invocation. These messages are
automatically appended to the agent’s observation history, ensuring that the model has
direct and unambiguous visibility into the nature of the failure before it next produces

output.

The session memory presented to the model across question-answer turns includes only
the user’s query and the final angent’s answer, without exposing the intermediate tool
invocations and error messages. This is a deliberate design choice that reflects the ten-
sion between context efficiency and recovery capability: surfacing the full execution trace
of every prior turn would rapidly exhaust the available context budget, particularly for
smaller models, while providing limited benefit given that most inter-turn context can be
adequately conveyed through the high-level conversational record. However, within a sin-
gle query session, full failure visibility is preserved — all errors encountered during the
current exchange are visible to the model in their entirety, enabling effective within-turn

recovery without imposing a cross-turn context cost.
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3.1.4 Prompt Engineering Strategy

Effective prompt engineering is essential in a system where the agent must reliably orches-
trate a structured, multi-step workflow across models that range from large, highly capable
instruction-tuned systems to small, resource-constrained ones operating under tight token
budgets. A prompting strategy that is well-calibrated for a frontier model may be entirely
inadequate for a smaller one, and vise versa — yet the prompting infrastructure must be
designed to support both, since model selection is itself a variable in the system’s evalu-
ation. BenchAgent’s prompting strategy is accordingly built around two core principles

that apply universally across model scales: completeness and conciseness.

Completeness requires that the model always has access to the full set of information
necessary to complete its current task, regardless of how many prior exchanges have oc-
curred in the session. In practice, we re-supply the full system documentation at every
invocation. This is necessary because BenchAgent truncates the interaction history to a
bounded window of recent exchanges in order to manage context window constraints —
a consequence of which is that instructions provided only at the start of a session may no
longer be present in the model’s context by the time a later query is processed. Without
re-supplying this information, the model risks operating on an incomplete view of its con-
straints and producing outputs that deviate from the expected structure or ignore critical

behavioral requirements.

Conciseness, the complementary principle, requires that the prompt contain only informa-
tion that directly contributes to the task at hand. This is particularly consequential when
targeting smaller models, where long prompts consume a disproportionate share of the
available context window, leaving less capacity for the model’s reasoning and output, and

where excessive context has been shown to degrade instruction-following quality [75].

Together, these two principles define a prompting posture that is simultaneously maxi-
mally informative and minimally wasteful — providing the model with everything it needs

and nothing it does not.

3.2 BenchAgent Functionalities

3.2.1 YAML Configuration Generation

The creation of YAML configurations is a critical part of the BenchPilot system. When

performed manually, it demands a deep understanding of the supported workloads, their

26



parameters, and their allowed or recommended values, as well as familiarity with Bench-
Pilot’s documentation. To lower this barrier, one of the key capabilities of our system is
the ability to issue natural language queries to BenchAgent, which automatically generates
the necessary YAML configuration tailored to the user’s requirements.

We evaluate multiple approaches for generating YAML configuration. First, we need to
account multiple factors, which include the LLM’s context window, the LLM’s size, and
the LLM’s capabilities. Crucially, as edge continuum is characterized by their limited
computational resources, they can either bottleneck the deployment of larger, more capa-
ble models or render such deployments infeasible altogether, thereby challenging efficient
and accurate YAML generation. To address this, the model should ideally perform as little
computation as possible while focusing on higher-level abstractions, thereby accommo-
dating its limited capabilities. For this purpose, we evaluated multiple approaches operat-
ing at different levels of task abstraction, which are explained in the following chapters: (a)
free-form YAML generation, (b) template-based YAML generation with free-form mod-
ification, (c) template-based YAML generation, and (d) template-based YAML genera-
tion with constrained decoding. Across these approaches, we systematically reduce the
model’s direct interaction with the raw YAML configuration by introducing intermediate
abstractions that act as guardrails, steering the model away from error-prone, low-level

generation.

Y N Retrieve Workloads

R =

L= N
' LenH (@)

LM Cenerated e
YAML

A

—

Figure 3.3: Free-Form YAML Generation

3.2.1.1 Free-form YAML

In this setting, we allow the model to generate YAML configurations in a free-form man-
ner, meaning that the output is produced without any constraints during generation. In-
stead, the approach relies entirely on the model’s ability to produce a valid configuration

from the provided examples. For this, we provide two key tools that guide and validate its
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outputs. The Figure 3.3 illustrates this YAML generation pipeline. First, the model is pro-
vided access to a schema retrieval function, shown in Figure 3.4, which returns a collection
of example workload configurations. These examples define the expected structure, re-
quired fields with their default values, and, if needed, with other permissible values and
their types, for different workloads. These workloads are extracted from the predefined
schema that we produce in 3.2.1.1.1. By calling this tool, the model can ground its gen-
eration process in templates that are compatible with the BenchPilot framework. Second,
we introduce a verification function that evaluates the syntactic and structural correctness
of the generated YAML, shown in Figure 3.5. The model submits its generated configura-
tion as input to this function, which validates it against the predefined generic schema. If
the YAML is valid, the process saves the YAML in the current YAML configuration vari-
able of the session memory, and terminates successfully. Otherwise, the verifier returns

detailed error messages describing the violations, such as missing fields, incorrect data
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types, or invalid nesting. In this way the agent can iteratively refine the generated YAML
based on the verifier feedback, and resubmit it for validation, repeating this process until
a valid configuration is produced, or until the maximum number of steps in the agentic

loop is reached.

3.2.1.1.1 Predefined Schema Generation A prerequisite for validating LLM-generated
YAML configurations is the existence of a reference schema that formally specifies the
structure that a valid configuration must conform to. Maintaining such a schema manu-
ally is both labor-intensive and fragile: as BenchPilot evolves and new workload types
or configuration parameters are introduced, a hand-authored schema must be updated in
lockstep with the framework, creating an ongoing maintenance burden and a persistent
risk of divergence between the schema and the actual valid configuration space. To ad-
dress this, we adopt an automated schema derivation approach that eliminates the need for

manual schema authoring entirely.

Rather than specifying the expected configuration structure by hand, we automatically
derive a predefined JSON schema from a collection of previously validated, real-world
BenchPilot YAML configurations. This is accomplished using the SchemaBuilder pro-
vided by the Genson [76] python library, which analyzes the structural properties of a set
of input documents and constructs a schema that captures the union of all structural pat-
terns observed across them — including all encountered field names, their inferred types,
and their nesting relationships. The resulting schema is therefore grounded directly in the
space of configurations that BenchPilot has previously accepted and executed success-
fully, providing a reference structure that is both empirically validated and automatically
kept in sync with the evolving configuration space as new examples are collected. This
schema acts as the formal ground truth against which LLM-generated configurations are
validated before deployment, catching structural errors before they can cause runtime fail-
ures, and it is additionally exposed through the user interface to allow manual inspection
and modification when domain-specific constraints or custom configurations require hu-
man oversight. This approach significantly lowers the engineering burden associated with
schema maintenance while ensuring that the validation reference remains firmly rooted in

real, previously validated experimental practice.
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3.2.1.2 Template-based YAML Generation with Free-form Modification

To ensure strict adherence to the target configuration schema, we adopt a function-based
generation strategy that constrains the model’s outputs through statically defined input for-
mats. These formats are implemented using the Pydantic python library [77], which en-
ables validation of structured inputs before any generation or modification is performed.
Rather than generating YAML configurations in a single free-form step, the process is
decomposed into two sequential stages: (i) template construction and (ii) parameter mod-
ification. This decomposition separates structural correctness from content customization,
in this way breaking down the task into more manageable steps. The pipeline can be seen
if Figure 3.6.
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Figure 3.6: Template-Based YAML generation with Free-form Modification
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Figure 3.7: Template-Based YAML Generation Function
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3.2.1.2.1 Template Construction. In the first stage, the model invokes a template-
building function responsible for generating a valid YAML configuration populated with
default values. The function enforces a static input schema, defined via Pydantic, which
specifies only the high-level components of the experiment — namely, the selected work-
loads and their corresponding devices, as can be seen in Figure 3.7. The required input
structure is explicitly provided in the tool description. If the model produces an input
that does not conform to this schema, validation fails, and the agent can retry the function
call. Once valid input is received, the function deterministically constructs the YAML

configuration by:
* Retrieving predefined workload templates based on what it received in the input
* Injecting device-specific information (e.g., paths, RAM, threads)
* Replacing placeholder variables (e.g., device identifiers, workload paths)
» Assembling the final configuration

Additionally, the function automatically generates a unique record identifier for each con-
figuration by checking for naming collisions within the target directory and appending
suffixes where necessary, ensuring that new experiments do not overwrite existing YAML
files. The produced YAML is then saved in the current YAML configuration variable of

the session memory.

This keyword-based template generation approach guarantees that the produced YAML
is structurally valid by construction, regardless of the complexity or nesting depth of the
configuration. Critically, it removes the need to present the model with full schema ex-
amples, which would substantially inflate the prompt token count and risk complicating
the task. In a free-form generation setting, producing such structures token-by-token sub-
stantially amplifies the probability of diverging from the correct schema, as even minor
deviations in indentation, field naming, or value typing can render the entire configuration
invalid. By instead delegating structural assembly to a deterministic function, the model
is relieved of this burden entirely — correctness becomes a property of the construction

mechanism rather than a consequence of the model’s generation accuracy.

3.2.1.2.2 Parameter Modification. With a structurally valid template in hand, the sec-
ond stage handles content customization. Here, the model invokes the validation function
3.5 — described to the model as a modification function to guide it toward using it exclu-

sively for modification purposes — where the model must provide as input the full YAML
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configuration with the changed parameters. The motivation is that the model now oper-
ates over a considerably smaller YAML configuration, rather than over all the possible

workloads, which it can manipulate more easily and with fewer decisions to make.

This two-stage design yields key practical benefits that directly follow from this separa-
tion of concerns. First, it drastically reduces the number of tokens the model must generate
at each stage: template construction requires only a compact, high-level specification of
workloads and devices, while parameter modification operates over an already-structured
configuration rather than producing YAML from scratch. Secondly, this approach elimi-
nates the need to present the model with verbose workload schema examples in the prompt,
keeping the prompt compact, focused, and unambiguous, and ultimately reducing the risk

of the model misinterpreting the task or producing invalid outputs.

3.2.1.3 Template-based YAML generation
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Figure 3.8: Template-Based YAML Generation

The previous approach, while does an effort to introduce more abstract, and structured
generation, still allows free-form modification of the generated template in the second
stage, which can introduce the possibility of deviating from the correct schema. To address
this, the second variant, shown in Figure 3.8, modifies the generated configuration by
invoking a parameter-modification function, shown in Figure 3.9, that allows targeted
updates to specific fields within the YAML. The function enforces a static input format,

where the model must provide:
» Explicit paths to the parameters to be updated within the YAML structure

* The corresponding new values to be assigned
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Figure 3.9: Template-Based YAML Modification Function

These paths reference nested fields within the configuration (e.g., workload parameters,
experiment duration, or record identifiers). The function parses the previously generated
YAML, applies the requested updates through a deterministic patching mechanism, and
returns the updated configuration. To maintain schema integrity, only paths that already
exist within the YAML are modified, and updated values are restricted to scalar types (int,
char, string, bool) — composite types such as dicts, lists, or tuples are not permitted, as
they can break the structure of the YAML by adding non-existent parameters or replac-
ing and removing valid ones. If any modification fails — for example due to an invalid
path or incompatible value — the function returns a detailed error message, prompting
the model to retry. Here the purpose of the current YAML configuration variable is even
more pronounced, as reliable transmission of the intermediate YAML configuration be-
tween these stages must be guaranteed — and storing it in the session memory ensures
exactly that. Relying on the LLM to pass the YAML directly between functions would
fundamentally undermine the purpose of the abstraction that we introduce, reintroducing
the risk of free-form, unvalidated generation that the approach was specifically designed

to avoid.

3.2.1.4 Template-based YAML generation with constrained decoding

The template-based YAML generation approach, while effective in abstracting a substan-
tial portion of YAML generation, still appears to have two principal limitations that mo-
tivate a further refinement of the design. The first is a compliance problem. Even with

a defined input format, which is a lot simpler and smaller than in free-form generation,
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Figure 3.10: Template-Based Schema-Constrained YAML Generation

the agent is not guaranteed to adhere to it. When the model fails to produce a conforming
input, the function rejects it and the model must re-invoke the tool, resulting in wasted
computation, inflated token counts, and increased response latency — the latter being a
particularly critical concern in interactive agentic systems where responsiveness directly
affects usability. The second limitation is a broader problem of cognitive overload. Large
language models, and in particular smaller and less capable ones, are prone to confusion
when required to simultaneously satisfy multiple competing instructions. The smolagent
framework [49] itself imposes a substantial system prompt that instructs the model on
how to produce the correct format for tool calling, structure its responses, handle errors,
and adhere to a range of framework-specific conventions. Beyond the system prompt,
each individual tool carries its own detailed description, specifying input schemas, output
formats, usage constraints, and expected behavior — all of which the model must internal-
ize and comply with throughout the generation process. This accumulation of contextual
information causes the effective token count to grow substantially before the model even
gets to know its current task, making inference not only more expensive and computation-
ally wasteful, but fundamentally more complex. The model is effectively asked to reason
about the task while simultaneously managing a dense web of formatting and compliance
requirements, a combination that increases the likelihood of errors, omissions, and schema

violations.

One principled solution to both of these problems is to isolate tasks that require strict adher-
ence to structured output formats into dedicated, self-contained inference calls, insulated
from the broader agentic context. YAML configuration generation is precisely such a task,

as its execution depends only on the user’s input query, previous conversation exchange
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in some cases, and the predefined workload schemas, while it carries no dependency on
the agent’s internal state or ongoing reasoning. It is therefore a natural candidate for dele-
gation to a secondary, focused inference call. This isolation offers a significant additional
advantage - it enables the use of constrained decoding on this specific subtask. Although
the smolagent framework necessarily permits free-form generation throughout the agent
loop — both to capture observations and to support flexible planning across heterogeneous
tasks — this permissiveness is precisely what allows the model to fail schema compliance
and trigger redundant function invocations. By performing an intermediate inference call
dedicated solely to YAML generation, we can leverage the structured output functionality
exposed by the OpenAl API, which accepts a Pydantic schema as a required output format
and enforces it through constrained decoding at generation time. This guarantees, by con-
struction, that the model’s response always conforms to the specified schema, substantially
reducing the need for complex error-handling and rollback mechanisms, minimizing the
number of steps required to complete the task, and decreasing the total number of tokens

generated across the interaction.

The constrained decoding approach is further strengthened in the parameter modification
stage through the introduction of dynamic schema construction. Rather than asking the
model to produce parameter paths and their new values — an approach susceptible to
inconsistency, since the validity of a path cannot be verified at generation time — we in-
stead use the assembled template produced during the first stage to dynamically generate
a Pydantic schema at runtime. This schema fixes the overall structure of the YAML and
exposes only the leaf-level parameter values as modifiable fields, preventing the model
from introducing structural changes or referencing paths that do not exist. In this way, the
modification stage enforces an even stricter generative constraint than the previous ap-
proach, further narrowing the space of possible outputs to only those that are semantically

and structurally valid with respect to the configuration being refined.

It is important to note that this architecture does not necessarily require provisioning an
entirely separate model instance. Since the agent loop is sequential rather than concurrent,
the primary LLM model that acts as the agent is idle during tool execution — the agent
pauses, and the LLM is not engaged in any ongoing inference. This creates an opportunity
to reuse the same underlying model instance for the focused, isolated YAML generation
call, without any interference with or disruption to the outer agentic loop. The result is
a clean architectural separation achieved at no additional infrastructure cost. The agent

handles high-level task orchestration and tool coordination, while the inner inference call
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operates under a minimal, task-specific prompt optimized exclusively for structured con-

figuration generation.

This design does, however, introduce additional considerations around context manage-
ment and history transfer. Since the isolated inference call operates outside the agent’s
standard execution context, the relevant conversation history and task description must be
explicitly passed to the model at invocation time. This is necessary to ensure the model
has sufficient context to interpret the user’s intent correctly — particularly in cases where
the user refers implicitly to earlier parts of the conversation, such as requesting a modifi-
cation to a configuration generated in a previous turn. Properly transferring this context
is therefore an essential implementation concern, and one that must be handled carefully

to preserve the coherence of the generation process across multi-turn interactions.

3.2.2 Automated Workload Deployment
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Figure 3.11: Interaction with BenchPilot through tools

Experiment deployment is another responsibility that can be delegated to BenchAgent.
The user can make a natural language query to the BenchAgent to deploy an experiment,
delegating the operational details to the agent. BenchAgent preserves full monitoring
capability, keeping the user continuously informed of all actions taken on their behalf, as
well as the real-time logs of running experiments, so the user remains fully aware of what

is happening.

To deploy a generated YAML configuration, the agent is required to invoke a dedicated

tool function, passing the filename of the target configuration as a parameter. This function
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executes the necessary deployment commands natively supported by BenchPilot. Once
the deployment command has been issued, a follow-up verification function is automati-
cally triggered after a short delay of five seconds, allowing sufficient time for the system to
initialize before the deployment status is assessed. This verification step confirms whether
the experiment has been successfully launched or whether an error has been encountered

at the deployment stage, which is them communicated to the user.

Throughout the execution of the experiment, the user is provided with real-time visibility
into its progress through the system interface. The agent can invoke additional dedicated
tools to continuously monitor the overall state of the experiment, for example tracking
whether it remains active, has completed, or has transitioned into an error state. In the
event that a failure is detected, the agent can inspect the associated error output, extracting

and surfacing the relevant diagnostic information to the user.

3.2.3 Benchmarking Result Evaluation
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Figure 3.12: Evaluation of the benchmarking experiments through tools interacting with
Vector Database and Storage System

Once the experiments have been completed, the user can request the agent to perform an
analysis of the results. Such analysis, if performed manually, is very time consuming,
while raw JSON outputs from the BenchPilot are hard to interpret. This is a multi-step
process, and its design is informed directly by the underlying mechanics of BenchPilot
itself. BenchPilot produces separate output files for each individual experiment run, even
when multiple runs share the same configuration file. The results contained within these
files can be substantial in size, and naively aggregating all experimental outputs into a
single evaluation request would risk exceeding the context window of the underlying lan-
guage model. Given that BenchPilot executes experiments sequentially rather than in

parallel, each experiment can be evaluated independently, in the same order in which it
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was executed.

For each experiment, a deterministic extraction process is applied to the BenchPilot-generated
CSV files, retrieving relevant statistical measurements across all recorded metrics — in-
cluding, among others, energy consumption, throughput, and resource utilization. Rather
than exposing the raw numerical data directly to the language model, we compute a suite
of descriptive statistics — mean, median, maximum, and minimum values — for each
metric and each workload within the experiment, and present these in a structured, human-

readable format. An example can be seen below:

REPORT

Total seconds: 550

Total workloads/metrics: 56

METRIC CATEGORY: NETWORK_SENT

Workload Worker: nc8_network_sent_bench-agent-jupyter
Mean: 192.5700
Median: 10.9999
Std: 850.0714
Min: 0.0000
Max: 4561.3530
First activity (sec): 0.0000
Last activity (sec): 521.0000

Workload Worker: nc8_network_sent_benchpilot-agent-run
Mean: 23088.5887
Median: 31828.7900
Std: 11328.8751
Min: 0.0000
Max: 31828.7900
First activity (sec): 0.0000
Last activity (sec): 521.0000

This preprocessing step is a deliberate design choice, since language models are known
to exhibit weakness when confronted with large volumes of raw numerical data, often
struggling to perform accurate arithmetic or draw reliable quantitative inferences from
dense tabular content [78]. By distilling the measurements into a compact statistical sum-
mary before presenting them to the model, we substantially reduce this source of error

and direct the model’s reasoning capacity toward interpretation and synthesis rather than
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computation. This structured statistical summary is complemented by the raw JSON files
also produced by BenchPilot, which contain the log and error messages specific to each
workload run. Together, these two sources of information provide the model with a com-

prehensive and balanced view of each experiment’s execution and outcome.

Drawing on this combined context, the agent produces an evaluation report for each exper-
iment . To ensure that these reports remain accessible and retrievable beyond the scope of
the current conversation, each generated report is partitioned into fixed-length document
chunks of one thousand characters, which are stored in a vector database. This enables re-
trieval of past evaluation results in future sessions, allowing the agent to draw conclusions

on previous experiments.

Once evaluation reports have been produced and stored, the user can, at any point dur-
ing the session, request the agent to retrieve and surface results from past experiments
that are relevant to the current context, enabling a form of cross-referential analysis that
would be laborious and error-prone if performed manually. This retrieval can be guided
by a range of factors depending on the user’s investigative focus: the user may wish to
compare results across experiments that share the same physical devices, isolate runs that
exercised the same workloads under different configurations, or identify prior experiments

that produced similar outcomes or exhibited analogous failure patterns.

3.2.3.1 Knowledge Base

To store and manage the accumulated experimental results and agent-generated evalua-
tion reports, we adopt a vector database as our primary knowledge persistence mecha-
nism. This makes it a natural fit for a system in which the user may wish to retrieve
past experiments based on loosely specified semantic cues — such as a particular perfor-
mance characteristic, a class of error, or a general description of experimental conditions
— rather than precise identifiers. In practice, we use ChromaDB as our vector database,
storing both the raw BenchPilot-generated output, the structured evaluation reports pro-
duced by the agent, and their embeddings. To encode our data into the embeddings we
use the all-MiniLM-L6-v2 model [79,80], a lightweight but highly capable sentence em-
bedding model derived from knowledge distillation of larger transformer architectures.
While compact in size, it produces 384-dimensional embeddings and offers a balance be-
tween representational quality and inference efficiency — an important consideration in a
system where embedding operations are performed repeatedly across a growing corpus of

experimental documents. To ensure that retrieval operates at an appropriate level of gran-
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ularity and that individual chunks remain within the context capacity of the embedding
model, documents are split into chunks of 1000 characters with an overlap of 200 char-
acters between consecutive chunks. The overlap preserves local coherence across chunk
boundaries, preventing the truncation of semantically connected content and ensuring that
no meaningful context is lost at the point where one chunk ends and the next begins. Each
chunk is stored alongside its embeddings and a set of metadata fields that record sup-
plementary structural information — including the chunk index and the filename of the
source document — enabling the system to maintain traceability across the fragmented

representation of each report and to reconstruct the provenance of any retrieved passage.

3.2.3.2 Similarity Metrics

Retrieval from the vector database is performed using cosine similarity as the primary
distance metric over the embedding space. Cosine similarity measures how similar two
vectors are in a high-dimensional space, making it well-suited for comparing text em-
beddings. A cosine similarity of one indicates perfect alignment, and therefore maximal
semantic relatedness, while a value of zero indicates orthogonality and semantic indepen-

dence.

3.2.3.3 Retrieval Logic

To retrieve relevant documents for a given query, such as “Are there any previous exper-
iments on orin which had CPU utililazion on 99%?”, the system first embeds the query
using the same all-MiniLM-L6-v2 model [80] used during document ingestion, ensur-
ing that query and document representations are directly comparable. A maximum of ten
candidate documents are retrieved from the database based on their cosine similarity to
the query embedding. However, returning a fixed number of results regardless of their
actual relevance to the query is a known limitation of top-k retrieval strategies. In cases
where the query is highly specific or the knowledge base is sparse, the tenth-ranked doc-
ument may be semantically distant from the query and of little practical value. To address
this, we introduce a dynamic relevance thresholding mechanism that filters the retrieved
candidates based on the distributional characteristics of their similarity scores, rather than

applying a globally fixed cutoff.

Concretely, given the set of cosine distances dy, ds, . . . , di. returned for a query, the thresh-

old 7 is computed as:

T = dmin + B : (dmax - dmin)
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where d i, and d.x denote the minimum and maximum distances in the retrieved set, and
B € [0, 1] is a spread parameter that controls the selectivity of the filter. Only documents
whose distance satisfies d; < 7 are retained and passed to the model as context, meaning
when the retrieved documents are tightly clustered and uniformly relevant, the threshold
is permissive and most candidates are retained; but when the scores are widely spread and
drop off sharply, the threshold is correspondingly restrictive, pruning the less relevant tail
of the result set. Setting § = 0.5 provides a balanced default that retains documents within

the closer half of the similarity range, though this parameter can be adjusted.

This retrieval architecture supports the broader Retrieval-Augmented Generation (RAG)
paradigm that underpins the system’s analytical capabilities. By dynamically integrating
retrieved experimental context into the model’s generation process, RAG allows the agent
to produce evaluations and comparisons that are grounded in the accumulated history of
prior experiments, rather than relying solely on information present in the current conver-
sation. This is the cornerstone for our task of cross-experiment result analysis, where the
model must reason over results that were produced in earlier sessions and would otherwise

be entirely inaccessible within the constraints of a finite context window.
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4 Evaluation

4.1 Research Questions

The design and evaluation of BenchAgent are guided by a set of focused research questions

that address both the methodological challenges of LLM-driven configuration generation

and the broader system-level concerns of agentic deployment in a real-world benchmark-

ing context.

RQI —

RQ2 -

RQ3 -

How reliably can agentic LLM systems generate YAML configuration files for
edge benchmarking, and how does reliability vary across generation strategies
and model scales?

This question motivates the comparative evaluation of free-form, function-based,
and constrained decoding approaches to YAML generation, and examines how
the choice of strategy interacts with the instruction-following capability of the

underlying model.

To what extent does increasing abstraction from free-form generation improve
accuracy, token efficiency, and reduce the frequency of tool re-invocations caused

by validation failures?

This question focuses specifically on the practical impact of replacing uncon-
strained generation with a structured, template-mediated approaches, and quanti-
fies the cost reduction and reliability improvement associated with this architec-

tural choice.

This question addresses the technical integration of constrained decoding within
the smolagents framework, and examines the conditions under which this ap-

proach is both feasible and beneficial relative to softer enforcement mechanisms.

What are the practical trade-offs between deploying large and smaller, locally-
deployed open-weight models in an agentic benchmarking context, and under

what conditions can smaller models be made to perform reliably?

This question examines the cost-reliability frontier across the models evaluated

in this work.
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4.2 Evaluation Methodology

Evaluation of agentic systems is challenging, since there is no single standardized bench-
mark for evaluation, especially such system designs that are curated for specific services
and built on top of existing infrastructure. Therefore we design our own datasets for eval-

uation of our pipeline, to analyze quantitatively the performance.

4.3 Testbed

4.3.1 Hardware

Our experimental infrastructure consists of two complementary hardware environments,
each suited to different deployment scenarios. The first is a large local server equipped
with 1 GPU with 15 GB VRAM and 95 GB of system RAM, which serves as the pri-
mary deployment target for lightweight, edge-compatible models. The second is a local
High-Performance Computing (HPC) cluster equipped with 4 NVIDIA Tesla V100 GPUs,
which provides the computational capacity required for hosting larger models that would
otherwise exceed the memory constraints of the edge server. This dual-environment setup
allows us to evaluate models across a spectrum of hardware capabilities, reflecting realistic

deployment conditions in the edge continuum.

4.3.2 Models

We evaluate a diverse set of language models acting as agents within our pipeline, selected
to cover a broad range of sizes, architectures, and deployment paradigms. The evalua-
tion spans large and smaller locally-deployed open-weight models, enabling us to assess
performance trade-offs across capability, resource efficiency, and deployment feasibil-
ity. Models are sourced from different providers — Ollama [81], and Unsloth [82] from
HuggingFace [83] — depending on the target hardware environment and inference frame-
work used. Model selection was guided by several considerations. We sought diversity in
scale and architecture, including both dense transformer models and mixture-of-experts
(MoE) architectures. The chosen models can be operated fully on-premise and are thus
more suitable for edge or privacy-sensitive deployments, and thus quantization was a key

consideration.
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4.3.2.1 Model Serving and Inference

To support local LLM deployment across different hardware environments, we employ

two complementary inference frameworks.

Ollama [81] provides a unified environment for running large language models locally,
with built-in support for model management, versioning, and execution through a stan-
dardized OpenAl-compatible API. In our setup, Ollama is deployed on the large server,
where it serves as the primary backend for executing LLM queries. The context window
was fixed to 32k tokens for all models, corresponding to the smallest maximum context
size among the evaluated models. This ensures a fair and controlled comparison, while
also avoiding the significant inference-time and memory overhead introduced by larger

context windows on the weaker hardware.

For resource-constrained environments, we additionally employ llama.cpp [31], a high-
performance inference framework implemented in C/C++ that enables efficient model
execution through techniques such as quantization and memory-efficient data structures,
without requiring specialized accelerators. In our experiments, llama.cpp is deployed on

the HPC server as a flexible alternative backend.

By leveraging both frameworks within a unified OpenAl-compatible interface, we en-
sure consistency across experimental conditions while benefiting from each framework’s

complementary strengths in usability, flexibility, and performance.

4.3.2.2 Qwen3 A32B

Qwen3 A32B is a 32-billion-parameter mixture-of-experts model in which approximately
3.3 billion parameters are active per inference step, making it significantly more effi-
cient than equivalently-sized dense models [84]. It is designed for instruction-following
tasks and is quantized to Q8 0 precision, which retains high output fidelity while reduc-
ing memory requirements sufficiently for deployment on the HPC server. The model is
obtained from HuggingFace via the Unsloth provider, which offers optimized quantized
checkpoints compatible with llama.cpp, the inference backend used on the HPC environ-
ment. Its MoE architecture and relatively high active parameter count make it a strong
candidate for structured generation tasks, and we treat it as the primary representative of

capable, locally-deployable models in our evaluation.
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4.3.2.3 Granite 4 3B

Granite 4 3B is a compact, 3-billion-parameter model developed by IBM, fine-tuned from
its base using a combination of open-source instruction datasets with permissive licenses
and internally collected synthetic data [85]. A distinguishing feature of the Granite 4 series
is its emphasis on instruction following and tool-calling capabilities, which are central re-
quirements for agentic applications. These properties make it particularly relevant to our
setting, where the model must reliably invoke tools and produce structured outputs within
a constrained workflow. Given its small footprint, the model is hosted on the large server
and served via Ollama, making it representative of the class of efficient, edge-deployable
models. Its inclusion allows us to assess the lower end of the capability-efficiency spec-
trum and evaluate how well a highly constrained model can perform within an agentic

pipeline when supported by structured decoding.

4.3.2.4 Ministral 3 8B

Ministral 3 8B is an 8-billion-parameter model developed by Mistral Al, designed specif-
ically for edge deployment and capable of running on a wide range of hardware with-
out requiring large-scale infrastructure [86]. A defining characteristic of the Ministral 3
series 1s its emphasis on agentic capabilities, offering native function calling and struc-
tured JSON output, which are central requirements for tool-driven workflows. The model
further supports a 256k token context window, enabling it to handle long-horizon tasks
and extended conversation histories that are common in complex agentic pipelines. Be-
yond its agentic strengths, the model supports vision inputs and multilingual inference
across dozens of languages, broadening its applicability across diverse settings. In our
deployment, the model is hosted on the large server and served via Ollama, and its per-
missive Apache 2.0 license ensures it can be freely used and modified in both research
and commercial contexts. Its inclusion in our evaluation allows us to assess how a mid-
scale, edge-optimised model with strong native tool-use capabilities performs within a
structured agentic pipeline, positioning it as a representative of the efficiency-capability

trade-off between the most constrained and most powerful models in our benchmark.
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4.4 YAML Generation Accuracy

4.4.1 Dataset

We construct a dataset for evaluating the YAML generation capabilities of the agent. The
dataset consists of 20 queries, formulated to be unambiguous, ensuring that the evaluation
focuses on the agent’s ability to satisfy the expressed requirements rather than its ability
to interpret an unclear request. The queries vary in difficulty, where difficulty is defined
by the number of explicit constraints or requirements the user expresses within the query.
Simpler queries may contain only one or two constraints, while more complex ones require
the agent to simultaneously satisfy a larger number of conditions, such as more workloads,

and more parameters to change.
An example of what a query can be:

Create me a streaming mlperf workload using TensorFlow on rasp pi.

Change the model\_volume\_path to '/myfolder/model’.
The full dataset with the queries can be seen in Figure 4.1.

For each query, a corresponding ground-truth YAML file is hand-authored to represent the
correct and complete satisfaction of all expressed constraints. The accuracy of the agent’s
generated YAML is then measured by comparing to the ground-truth configurations, with

the scoring system explained below.

4.4.2 Accuracy Evaluation Pipeline

During the generation step, the agent-produced responses first pass through an initial val-
idation filter. This stage performs structural validation of the generated YAML, verifies
the presence of required top-level fields, such as the list of experiments and the inter-
experiment idle time, and checks that all fields included in the configuration are valid and
supported by at least one workload definition. The YAML configurations that survived
this are stored in the session memory as the “current YAML configuration” variable, and
enter this evaluation stage. Configurations that failed generation-time validation are as-

signed a score of zero without further analysis.

The evaluation of a generated YAML is performed through an hierarchical matching and
scoring procedure operating at three levels: experiment alignment, workload alignment,
and field-level comparison. In the sections below the scoring mechanism is described for

each level.
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4.4.2.1 Experiment Alignment

When both documents contain more than one experiment, the evaluator must determine
which generated experiment corresponds to which ground-truth experiment before com-
paring their contents. This cannot be assumed to follow declaration order, as an LLM
may produce experiments in a different sequence than the ground truth without this being

semantically wrong.

The alignment is solved as an assignment problem over all permutations of generated ex-
periments against ground-truth experiments. For each candidate pairing of a ground-truth
experiment with a generated experiment, a preliminary similarity score is computed by
running the workload matching procedure described in the following section and averag-
ing the resulting field scores. The permutation that maximizes the total similarity across
all experiment pairs is selected as the alignment. For a manageable number of experi-
ments (n < 6), the search is exhaustive over all permutations; for larger counts, a greedy

fallback is applied.

Critically, this alignment step operates only at the experiment level — it determines which
generated experiment maps to which ground-truth experiment, but it does not move work-
loads between experiments. The constraint that each workload belongs to a specific ex-

periment is preserved throughout the evaluation.

4.4.2.2 Workload Matching

Within each aligned experiment pair, the evaluator must match individual workloads from
the generated document to those in the ground truth. A single experiment may contain
multiple workloads of the same type — for example, two mlperf workloads that differ

only in their execution mode — so matching cannot rely on workload names alone.

Matching is performed greedily. For each ground-truth workload, all unmatched generated
workloads are scored as candidate pairs and the one with the highest field-level score is
selected as the match. This process repeats until all ground-truth workloads have been
matched or no generated workloads remain. If the generated document contains fewer
workloads than the ground truth, unmatched ground-truth workloads are compared against

an empty dictionary, meaning all of their fields are recorded as misses.
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4.4.2.3 Field-Level Comparison

Each matched workload pair is scored by flattening both workloads into sets of dot-
separated key—value paths and comparing them field by field. More specifically, nested
dictionary structures, are expanded into dot-separated key paths. This means that “pa-
rameters.model_file” is treated as a distinct comparable unit rather than subsumed into a
single comparison of the entire “parameters” block. The consequence is that a workload
which gets nine out of ten parameters correct receives a substantially higher score than
one that gets only one correct, reflecting the genuine partial quality of the output.

For each aligned workload pair, a field-level comparison is performed over all ground-
truth-defined keys. Let T'P denote the number of correctly matched fields, £'P the number
of extra fields present in the generated workload but not in the ground truth, and F'N the
number of missing ground-truth fields or wrong-value fields. We compute precision and
recall over flattened configuration fields and define the workload-level score using the F1

measure:

Precision = rre Recall = re
TP+ FP’ TP+ FN

2 - Precision - Recall

WorkloadS =
orkioagscore Precision + Recall

This F1 formulation penalises both omitted ground-truth fields (low recall) and any gen-
erated field that does not exactly match the ground truth — whether hallucinated or incor-

rectly valued (low precision).

The score of an experiment is the arithmetic mean of the workload scores of all its matched
workloads. The overall score for a complete YAML is the arithmetic mean of all workload
scores across all experiments, assigning equal weight to each workload irrespective of
which experiment it belongs to. All scores lie in [0,1], where 1 denotes a perfect match in

both structure and field values.

4.4.3 Task Completion Rate

Task completion rate measures the proportion of queries for which the agent reaches a
successful conclusion without being interrupted by the maximum retry limit, which was
set to 10 across all the experiments. In the SmolAgents framework, a task is considered

complete when the agent explicitly invokes the built-in final answer tool, which signals
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that it has finished reasoning and is returning its output to the user. A task is considered
incomplete if the agent exhausts its allowed retry budget before invoking the final answer,
regardless of any partial progress made during the intermediate steps. This metric there-
fore captures the agent’s basic reliability and its ability to converge on a solution within
the constraints of the agentic loop, independently of the quality of the output it produces.
Results for the task completion rates can be found in Tables 5.2, 5.3, 5.1.

4.4.4 Number of Tool Invocations per Task

As the agent generates an answer for a single query, it will invoke a number of tools —
such as database retrieval, or BenchPilot execution tools. For each query, we record the
total number of tool calls made by the agent and report the mean across the dataset. More

specifically, we report the mean number of invocations for each tool category:
* RAG Tool Invocations, which include any interaction with the vector database.
* BenchPilot Tools, corresponding to the tools that call BenchPilot commands.

* Final Answer, which corresponds to the built-in function invoked by the agent once

the task is completed and the final result is returned to the user.

* Tool Call Failure, which captures the number of failed tool invocations, either due

to incorrect parameter formatting by the agent or errors raised during tool execution.

* YAML Creation Tools, which correspond to the set of tools described earlier that

are responsible for constructing the YAML configurations.

This metric reflects both the efficiency of the agent and its reliance on external context and
tooling to complete the task. Queries requiring more complex configurations are expected
to result in a higher number of tool calls, while high variance across queries of similar
difficulty may indicate inconsistent planning behaviour. As our dataset focuses only on
the task of YAML creation, the expected tool groups to be called are only the “YAML

creation Tools”, and “Final Answer”. The Figures 5.2, 5.1, 5.3 illustrate the results.

4.4.5 Computational Cost Analysis

We record the total number of tokens produced by the agent per query, including both rea-
soning tokens and the final YAML output. This metric serves as a proxy for computational
cost and verbosity. An agent that generates substantially more tokens than necessary to

produce a correct YAML may be engaging in redundant reasoning or producing verbose
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intermediate outputs. Total token count is reported as a mean across the dataset. Tables
5.2, 5.3, 5.1 illustrate the results.

4.4.6 Latency per Task

Latency is defined as the wall-clock time from when a query is submitted to the agent to
when a complete response is returned. This measure includes all time spent on internal
reasoning, tool usage, and response generation. Reported latency is summarized as the
mean and standard deviation across all queries in the dataset. Results are also found in the
Tables 5.2, 5.3, 5.1.
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Table 4.1: Dataset Prompts

ID | Prompt

1 Create me 2 mlperf ONNX workloads on xavier in one experiment, one
batch mode and the other streaming mode. The streaming one should
have the model file cifar10.onnx.

2 Colocate two mlperf streaming workloads on xavier, one using ncnn and
one using onnxruntime.

3 Create one batch mlperf workload using TensorFlow and one simple
CPU stress workload. Put them in the same experiment on raspberry pi.

4 | Create me one mlperf ONNX streaming workload and one database
workload. Put them in separate experiments on orin.

5 Create two mlperf workloads where both use NCNN models - first
batch, second streaming. Make the accuracy enabled.

6 | Create me a marketing-campaign workload using Flink and an mlperf
TensorFlow batch workload. Put them in one experiment on xavier.

7 Create one streaming NCNN mlperf workload on orin with 4 worker
threads.

8 | Create me two simple workloads: one IO stress and one VM stress. Put
them in one experiment on jetson.

9 | Create a streaming mlperf workload using NCNN on nc8. Use dataset
‘ncnn_dataset’. For output volume use the path */output volume_test’.

10 | Create me one batch tensorflow mlperf workload and one marketing-
campaign workload using Spark, all in one experiment on xavier.

11 | Create two mlperf workloads, one ONNX and the other TensorFlow,
both batch. Put each in separate experiments on orin.

12 | Create one streaming TensorFlow mlperf workload on xavier and one
simple 1O stress workload on orin. Put both workloads on the same
experiment.

13 | Create a config with one experiment on xavier with one database work-
load with duration of 10 minutes, and one batch mlperf ONNX workload
with duration of 5 minutes.

14 | Create me a streaming mlperf workload using TensorFlow on rasp pi.
Change the model volume_path to ’/myfolder/model’.

15 | Create two experiments on jetson, each with one mlperf ONNX work-
load. Set the accuracy as true.

16 | Create me one simple iperf3 server workload on orin. Its ip should be
10.20.20.20.

17 | Create an iperf3 client workload targeting server ip 10.0.0.1 on xavier.

18 | Create me a streaming mlperf workload with model file mobilenet.onnx
on xavier.

19 | Create a marketing-campaign workload using Storm with 8 ackers, on
xavier.

20 | Create me three workloads in one experiment: one batch ONNX mlperf,

one streaming NCNN mlperf, and one CPU stress, all deployed on rasp
pi.
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S Results / Findings

5.1 Overall Accuracy

Across all three models, the constrained decoding approach (femplate-constr-dec) con-
sistently achieves the highest field-level accuracy, attaining scores of 0.970, 0.846, and
0.951 for Qwen, Granite, and Ministral respectively. Free-form generation (free-form) is
the weakest approach in all cases, with scores of 0.767, 0.101, and 0.336. The two in-
termediate approaches — template-free-form and template — occupy the space between
these extremes, though their relative ordering is not consistent across models, which sug-
gests that the benefit of each design choice is not uniform and interacts significantly with

the underlying model capability.

The most striking observation is the magnitude of the spread between best and worst ap-
proach as a function of model strength. For Qwen, the difference between the highest and
lowest score is approximately 0.2. For Granite and Ministral, this gap widens to 0.74 and
0.62 respectively. This indicates that while a capable model such as Qwen can partially
compensate for a weaker generation strategy, less capable models are far less accurate in
generation without any structural constraints. In other words, the design of the generation
strategy matters most precisely in the cases where it is needed most — when the model’s

inherent capacity for schema compliance is limited.

5.2 The Effect of Constrained Decoding

The template-constr-dec approach outperforms template — its closest structural counter-
part — by a consistent margin across all models: +0.15 for Qwen, +0.46 for Granite,
and +0.13 for Ministral. This improvement is attributable directly to the enforcement of

schema compliance at decoding time. In the template approach, the model must navi-

Table 5.1: Average metrics per run - Qwen

Steps Latency (s) Tokens Score Completion Rate (%)

template-constr-dec 4.5 314 22017.0 0.970 100.0
template 4.8 13.4 22227.6 0.817 100.0
template-free-form 3.9 15.1 17875.7 0.884 100.0
free-form 4.4 20.1 28607.5 0.767 100.0
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Table 5.2: Average metrics per run - Granite

Steps Latency (s) Tokens Score Completion Rate (%)

template-constr-dec 8.8 37.8  45192.8 0.846 30.0
template 9.1 249 46509.6 0.383 30.0
template-free-form 9.0 19.2 39394.8 0.200 35.0
free-form 11.0 119.9 1135314 0.101 0.0

Table 5.3: Average metrics per run - Ministral

Steps Latency (s) Tokens Score Completion Rate (%)

template-constr-dec 9.2 190.4 63038.2 0.951 40.0
template 10.4 183.9 70165.6 0.818 20.0
template-free-form 7.9 140.1 49776.2 0.896 65.0
free-form 9.7 245.1 90131.6 0.336 30.0

gate explicit path references into the YAML structure, a task that requires it to internalize
the configuration layout and produce syntactically valid update specifications — a source
of error even for capable models. In femplate-constr-dec, this burden is lifted: the dy-
namically constructed Pydantic schema exposes only the leaf-level fields as modifiable
targets, making schema-invalid outputs structurally impossible. The result is not merely a
marginal improvement in compliance, but a qualitative shift in reliability, particularly for

Granite, where the gap between the two approaches is nearly half a point.

Notably, this gain in accuracy comes at a moderate token cost. Qwen consumes slightly
fewer tokens under template-constr-dec than under template (22,017 vs. 22,227), while
Granite and Ministral show a similar modest reduction (45,192 vs. 46,509, and 63,038
vs. 70,165 respectively). This suggests that the isolated inference call introduced by con-
strained decoding does not introduce meaningful token overhead, and in some cases may
reduce it by preventing repeated failed modification attempts that consume tokens without
advancing the task.

5.3 Free-form Generation as a Baseline

Free-form generation performs worst in terms of both accuracy and token consumption
across all models. The token counts are substantially higher than all template-based vari-
ants: Qwen generates 28,607 tokens on average, Granite 113,531, and Ministral 90,131 —
considerably more than any structured alternative. This is consistent with the hypothesis
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that without structural scaffolding, the model must regenerate the full YAML configu-
ration iteratively in response to validator feedback, a process that is both expensive and
unreliable. The validator provides error messages that guide refinement, but for weaker
models this feedback loop appears to be largely ineffective: Granite achieves only a score
of 0.101, suggesting it is frequently unable to translate error messages into correct struc-
tural repairs, resulting in token-intensive cycles of invalid generation. This issue is par-
ticularly critical in edge deployment scenarios, where such smaller models are typically
intended to operate under strict latency, memory, and compute constraints, making inef-

ficient iterative generation both impractical and misaligned with their intended use cases.

Granite’s free-form run is also the only configuration where the completion rate drops to
0%, meaning the model exhausted its step budget on every single task without successfully
invoking the final _answer tool. This is compounded by the exceptionally high latency of
119.9 seconds per task, by far the highest across all model-approach combinations for
Granite. Together, these figures paint a picture of a model trapped in a validation loop it
cannot escape: it generates, fails validation, regenerates, fails again, and eventually hits
the step limit without converging on a valid configuration. This failure mode is precisely
the one that template-based approaches were designed to prevent, and the results validate

that motivation.

5.4 Template-Free-Form Token Efficiency

The template-free-form approach exhibits an interesting duality across models. For Qwen,
it achieves the lowest token count of any approach (17,875) while delivering a competitive
score of 0.884 — second only to constrained decoding. For Ministral, it similarly achieves
the lowest token count (49,776) with a respectable score of 0.896, and also achieves the
highest completion rate of any Ministral configuration at 65%, indicating that the model
frequently completes the task within budget. However, for Granite, the same approach

collapses to a score of 0.200, the second-worst result overall.

This divergence suggests that template-free-form is an efficient and effective strategy
when the model is sufficiently capable of performing free-form modification over a pre-
structured template, but degrades sharply when model capability falls below a certain
threshold. The template provides structural scaffolding for the initial configuration, but
the subsequent free-form modification stage reintroduces the same risks as unconstrained

generation — the model must produce a valid YAML in its entirety with modifications
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applied, which requires maintaining structural coherence across the full document. For

Granite, this step appears to be where the reliability breaks down.

5.5 Computational Cost and Latency

template-constr-dec
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K% 47.9% 601 52.8% 49.2%| 601 56.9%
<
© 404 38.6% 41.8%
40 40 o
qa 401 0 35.6% 401 38.2%
X
S
© 20 7 4 20 1
5 20 12.0% 201
> 6.6%
< 5-‘5% 1.5% 2.7% 2.7% 2.7% (9 4.9%
0- 0- (Q - 0
I BenchPilot Tools Final Answer [ RAG Tools Tool Call Failure YAML Creation Tools
Figure 5.1: Tool Invocation Breakdown in Ministral
template-constr-dec template template-free-form free-form
K% 46.0% 45.7% a6.8%| 807 70.9%
= 41.5%
(S' 40 40 40 37.8% 60
< 29.1%
3 40 .
?2()‘ 20 20 29.1%
5 13.0%9 3 201
Z l = 5.7% 7-0% 8.5% 6,99
2.5%
0- 0- 0- 0
B BenchPilot Tools Final Answer I RAG Tools Tool Call Failure YAML Creation Tools
Figure 5.2: Tool Invocation Breakdown in Granite
template-constr-dec template template-free-form free-form
280 76.7% | g0 781% | 807 72.8% | 801 75.2%
o]
o
5 601 60 601 601
S
© 40+ 401 401 40
© 23.3% 21.9% 26.2% 23.1%
0 20+ 201 201 201
< 1.0% 1.7%
0- 0- 0- 0
I BenchPilot Tools I Final Answer Tool Call Failure YAML Creation Tools

Figure 5.3: Tool Invocation Breakdown in Qwen

Latency results reveal an important practical consideration regarding constrained decod-
ing. For Qwen, the template-constr-dec approach incurs the highest latency of all ap-
proaches at 31.4 seconds, compared to 13.4 and 15.1 seconds for template and template-

free-form respectively. This overhead is attributable to the isolated inference call that
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performs YAML generation under constrained decoding, which introduces an additional

round-trip that is not present in other approaches.

For Granite, free-form is by a substantial margin the most expensive approach at 119.9
seconds, nearly five times the latency of template-free-form at 19.2 seconds. This further
underscores the cost of the unbounded validation-retry loop that free-form generation en-
ables for weaker models. The constrained decoding approach imposes a slightly higher

latency through the isolated inference call, but substantially improves the performance.

5.6 Task Completion and Step Budget

The completion rate — the proportion of tasks in which the agent correctly invoked fi-
nal_answer before exhausting its step budget — reveals significant differences in task
completion reliability across models and approaches. Qwen completes its responses on
100% of tasks across all approaches, indicating that it reliably converges on a solution re-
gardless of the generation strategy employed. This is consistent with its uniformly strong
scores and relatively stable step counts (3.9—4.8 steps), suggesting that Qwen’s instruction-
following and schema compliance capacity is robust enough to succeed under any of the

evaluated conditions.

Granite presents the starkest picture. It completes the responses on 0% of tasks under free-
form generation, rising to only 30-35% under template-based approaches. Even with the
best-performing strategy, the majority of Granite’s tasks exhaust the step budget. The step
counts corroborate this: Granite requires 8.8—11.0 steps depending on the approach, con-
sistently approaching or reaching the maximum of 10 (with the 11th step reserved for the
final answer). The template-constr-dec approach, despite achieving the highest score for
Granite, still only completes 30% of tasks within budget — suggesting that while con-
strained decoding substantially improves the quality of outputs when the task does com-
plete, it does not resolve the more fundamental issue of Granite’s difficulty managing the
agentic loop’s coordination requirements. As a result, even when the task has effectively
been completed and the tool has already returned the generated YAML configuration, the
model fails to recognize that the objective has been achieved. Instead, it continues to

re-invoke tools and repeatedly regenerate the YAML output.

Ministral shows the most variable completion rate behavior, ranging from 20% under
template to 65% under template-free-form. However, the high termination rate under

template-free form (65%) does not correspond to the highest score — this is achieved
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instead by template-constr-dec (0.951). This apparent paradox may reflect that while
Ministral converges faster under template-free-form, it does so at the cost of output qual-
ity, producing configurations that are structurally plausible but field-level incorrect. Under
constrained decoding, the model requires more steps but produces more accurate outputs,
suggesting that the additional steps correspond to meaningful refinement rather than un-

productive looping.

5.7 Tool Invocations

The tool invocation breakdown reveals a stark contrast between Qwen and the two weaker
models. Since the evaluated tasks required only YAML creation tools and a single final
answer invocation to complete successfully, all other tool calls — BenchPilot tools, RAG
tools, and tool call failures — represent erroneous or unproductive agent behavior. As
shown in Figure 5.3, Qwen exhibits a highly focused invocation profile across all genera-
tion strategies, with YAML creation tools consistently accounting for 72—-78% of all calls
and erroneous invocations remaining negligible across all approaches. This confirms that
Qwen operates efficiently and reliably regardless of the generation strategy, spending the
vast majority of its step budget on productive work rather than error recovery or spurious

tool calls.

For Granite and Ministral, the picture is considerably less favorable. Tool call failures
constitute a substantial and often dominant share of total invocations, particularly under
free-form generation, where they account for 56.9% and 70.9% of all calls respectively.
This directly reflects the validation-retry loop described earlier: the model repeatedly pro-
duces invalid outputs, receives error feedback, and re-invokes the tool without success-
fully converging. Under template-based approaches the failure rate decreases, but remains
high — for Granite, tool call failures still represent 37.8-46.0% of invocations even with
structured generation strategies, indicating that schema compliance failures persist beyond
the YAML generation stage and affect the broader tool-calling behavior of the agent.

An interesting pattern emerges when examining the final answer invocation rate across ap-
proaches. In both Ministral and Granite, template-free-form tends to produce a higher
proportion of final answer calls than template-constr-dec, despite the latter achieving
substantially higher accuracy scores. This indicates that under template-free-form,
the models are terminating earlier and more frequently — consistent with the higher com-

pletion rates reported in the summary tables — but doing so with lower-quality outputs.
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The models appear to converge on a conclusion faster, but at the cost of correctness. Con-
strained decoding, by contrast, directs more of the step budget toward productive YAML
generation, takes longer to reach the final answer, but produces measurably more accurate
configurations. This dissociation between termination rate and output quality highlights
an important subtlety: early convergence is not necessarily a sign of successful task com-

pletion, and termination rate alone is an insufficient proxy for agent reliability.

5.8 Summary

Taken together, the results support several conclusions. First, constrained decoding is the
most reliable generation strategy across all evaluated models and metrics, consistently
delivering the highest accuracy with competitive or lower token consumption than un-
constrained alternatives. Second, the performance gap between approaches is strongly
mediated by model capability: weaker models benefit disproportionately from structural
constraints, while more capable models are less sensitive to the choice of generation strat-
egy. Third, free-form generation is both the most expensive and least reliable approach
for weaker models, frequently resulting in token-intensive validation loops from which the
model cannot recover within its step budget. Fourth, template-based generation without
constrained decoding offers a meaningful intermediate improvement over free-form gen-
eration, but the residual freedom in the modification stage remains a source of error that
constrained decoding eliminates. Finally, the latency overhead introduced by the isolated
constrained-decoding inference call is modest and, in cases involving weaker models, is
more than offset by the reduction in failed agent steps and their associated token and time

costs.
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6 Conclusion and Future Work

6.1 Conclusions

In this work we investigate whether an LLM-driven agentic system could meaningfully
automate the experimental lifecycle of an edge benchmarking framework, reducing the
manual overhead associated with configuration authoring, experiment deployment, and
post-experiment analysis while remaining accessible through a natural language interface.
To this end, we designed, implemented, and empirically evaluated BenchAgent, an agentic
system built on top of the BenchPilot edge benchmarking framework, and conducted a sys-

tematic comparative study of the design choices that govern its core generation pipeline.

The empirical results support the central thesis that agentic LLM systems can automate
structured configuration generation with high reliability, provided that appropriate con-
straints are placed on the generation process. Across all three evaluated models, the con-
strained decoding approach consistently achieved the highest field-level accuracy, with
scores of 0.970, 0.951, and 0.846 for Qwen, Ministral, and Granite respectively, while
remaining competitive in terms of token consumption and end-to-end latency. Free-form
generation, by contrast, proved both the most expensive and least reliable strategy, partic-
ularly for weaker models, where it produced token-intensive validation loops from which

the agent frequently could not recover within its allotted step budget.

A further finding of practical significance is that the performance gap between generation
strategies is strongly mediated by the underlying model’s instruction-following capacity.
For a sufficiently capable model such as Qwen, all four strategies achieve acceptable re-
sults, with the worst-performing approach still reaching a score of 0.767. For weaker
models such as Granite, the same spread widens to over 0.74, meaning that the choice of
generation strategy is effectively the dominant factor in system performance. This has an
important practical implication: in deployment settings where only smaller, locally hosted
models are available — as is common in edge computing environments due to resource
constraints — the design of the generation pipeline carries considerably more weight than

in cloud-based settings where large frontier models are accessible.

The dynamic relevance thresholding mechanism introduced for RAG-based retrieval sim-
ilarly demonstrated that adapting retrieval behavior to the distributional properties of in-

dividual queries, rather than applying a globally fixed selection policy, improves the pre-
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cision of context injection without degrading recall on queries that admit multiple rele-
vant documents. The layered memory architecture, separating high-level conversational
context from low-level task execution history and integrating short-term in-context stor-
age with long-term vector database-backed memory, provided a principled foundation for
coherent multi-turn interaction within the constraints of finite context windows — a re-
quirement that is particularly acute in agentic systems where the accumulation of tool
call history and intermediate observations can rapidly exhaust available context capacity.
Taken together, these contributions represent, to the best of our knowledge, the first inte-
gration of an agentic LLM system into an edge benchmarking framework that spans the
complete experimental workflow from natural language query to post-experiment compar-
ative analysis, and the first systematic empirical comparison of structured configuration

generation strategies in this setting.

6.2 Limitations

Several limitations of the present study should be acknowledged, as they bear on the in-

terpretation and generalizability of the results.

6.2.1 Scope of Evaluation Models.

The comparative evaluation of generation strategies was conducted across three models —
Qwen, Granite, and Ministral — selected to represent a range of capability levels available
for local deployment. While this selection provides meaningful coverage of the small-to-
medium model segment, it does not include frontier-scale models such as GPT-4 or Claude,
nor does it include models fine-tuned specifically for structured output generation or code
synthesis. The degree to which the observed rankings between generation strategies hold

for larger or domain-specialized models remains an open question.

6.2.2 Dataset Size and Diversity.

The evaluation dataset, while structured along multiple query scope axes, is necessarily
limited in size and grounded in the specific workload types and configuration patterns
supported by BenchPilot at the time of this study. The dataset does not cover all possible
configuration combinations, and the results may not fully generalize to configurations of
substantially greater complexity or to workload types that were not represented in the

evaluation set. A larger, more diverse evaluation corpus would provide a more robust
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empirical foundation for the conclusions drawn.

6.3 Future Work

The findings and limitations of this study suggest several directions for future research.

6.3.1 Fine-tuning for Structured Configuration Generation.

The results demonstrate that model capability is the primary moderating factor in gener-
ation strategy effectiveness. A natural follow-up is to investigate whether fine-tuning a
smaller model on a curated dataset of BenchPilot configurations — or on structured YAML
generation more broadly — can narrow the performance gap between smaller models and
the constrained decoding approach, potentially yielding a more computationally efficient
system that does not depend on API-level constrained decoding support. This would be
particularly valuable for fully offline edge deployments where API-based inference back-

ends are unavailable.

6.3.2 Generalization to Other Configuration Domains.

A direct extension of this work is to evaluate the generation strategies and architectural
components developed here in other structured configuration domains — such as Ku-
bernetes manifests, Ansible playbooks, or CI/CD pipeline definitions — where the same
tension between generative flexibility and schema compliance arises. Such a study would
establish the extent to which the conclusions drawn here are specific to the BenchPilot

setting or reflect more general principles of LLM-driven structured generation.

6.3.3 Expanded Memory and Cross-Session Learning.

The layered memory architecture implemented in BenchAgent provides the structural
foundation for cross-session knowledge accumulation, but the extent to which accumu-
lated experimental history improves generation quality and retrieval precision over time
was not the primary focus of this study. Future work should investigate the long-term dy-
namics of the memory system: how retrieval quality evolves as the experimental knowl-
edge base grows, whether the dynamic thresholding mechanism remains well-calibrated
as the vector store scales, and what strategies are most effective for managing knowledge
base staleness as the BenchPilot framework evolves and older configurations become out-
dated.
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Template-Based with Constrained decoding prompt (inside generation function - second inference call)

Given the user's request and documentation generate the necessary yaml configuraiton,
following the following format, without explanations or extra text.

params: {
"experiments": [
{
"workloads": [
{
"workload": "<workload_name>",
# One of: mdb, marketing-campaign-storm, marketing-campaign-flink,
# marketing-campaign-spark, ml-o, ml-n, ml-t-f,
# ml-o-str, ml-n-str, ml-t-f-str, sio, scpu, svm, i-p3
"device": "<device_name>"
# One of: xavier, nc8, orin, manager, jetsonl, raspberrypib
}
# Up to 3 workloads per experiment (they run simultaneously on the same node)
]
}
]
}

Template-Based with Constrained decoding prompt (inside modification function - second inference call)

You are modifying an experiment YAML configuration.
Given the user's request and documentation, return ONLY a JSON array
of updates - no explanations or extra text.

Follow exactly the structure of the given YAML, and replace the leaf
values with the ones that are needed, if any changes are necessary.

User request: {query}

Table I.1: Template-Based with Constrained Decoding Prompts used for YAML experi-
ment generation and modification.
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Template-Based prompt (generation function definition)

Generates a YAML experiment configuration for one or more experiments.

Args:
params: A class ExperimentList defining the experiments to run,
which has the following structure:

{
"experiments": [
{
"workloads": [
{
"workload": "<workload_name>",
# One of: mdb, marketing-campaign-storm, marketing-campaign-flink,
# marketing-campaign-spark, ml-o, ml-n, ml-t-f,
# ml-o-str, ml-n-str, ml-t-f-str, sio, scpu, svm, i-p3
"device": "<device_name>"
# One of: xavier, nc8, orin, manager, jetsonl, raspberrypib
}
# Up to 3 workloads per experiment (they run simultaneously on the same node)
]
}
]
}

Returns:
Success message with the generated structure,
or a validation error.

Template-Based prompt (modification function definition)

Updates specific fields in an existing YAML experiment configuration.
Use this instead of regenerating the whole file when only a few values
need to change.

Args:
params: A dict mapping Python subscript paths to their new values.
For example:
{

config["experiments"] [0] ["experiment"] ["record_name"]: "new-name", # < 20 chars
config["experiments"] [1] ["experiment"] ["duration"]: "20m",

config["experiments"] [0] ["experiment"] ["workloads"] [0]
["parameters"] ["model_volume_path"]: "/data/models",

config["experiments"] [0] ["experiment"] ["workloads"][1]
["parameters"] ["options"][0] ["--io"]: 4

}
A1l indices are zero-based.
Returns:

Success message listing updated fields,
or a validation error.

Table [.2: Template-Based Prompts used for YAML experiment generation and modifi-
cation.
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