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Abstract

Context: Large language model (LLM) agents are increasingly used as software and
data-engineering assistants, yet evidence about locally deployable open-weight agents remains
limited. Existing evaluations often emphasize textual responses, isolated code generation, or
generic tool calls rather than the validity of complete engineering artifacts.

Objectives: We evaluate whether local LLM agents can produce correct and reproducible
data-engineering artifacts, quantify the effect of a closed-loop workspace condition, and
examine trade-offs involving model scale, architecture, quantization, runtime, tool use, and
failure behavior.

Methods: We introduce a benchmark of fifteen tasks using mobility workflows as a
domain-grounded testbed. Tasks cover data discovery, connector construction, transport-
feed processing, semantic enrichment, feature engineering, validation, visualization, and
reporting. Deterministic checkers assess generated scripts, tables, structured files, figures,
and reports. Ten local model configurations are evaluated in one-shot and closed-loop
workspace conditions, with five repetitions per model, mode, and task, yielding 1,500 scored
attempts on a consumer-grade GPU.

Results: Among models larger than two billion parameters, the workspace condition
increases pass rates by 26.7–52.0 percentage points over one-shot generation. The strongest
configuration reaches 85.3% artifact-level success. A quantized 9-billion-parameter model
reaches 69.3% with an approximately 6.5 GB memory footprint. Gains are largest when
intermediate artifacts expose errors that the agent can inspect and repair.

Conclusion: Local open-weight agents can support a meaningful subset of software-
intensive data-engineering work, but their reliability depends on model capability, task
verifiability, and deterministic validation. The benchmark provides a reproducible method for
evaluating complete agent configurations before they are adopted in engineering workflows.

Keywords: large language model agents, empirical software engineering, data engineering,
artifact validation, reproducibility, local language models

Highlights.
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• Artifact checks evaluate local LLM agents on 15 data-engineering tasks.
• Closed-loop workspaces improve pass rates by up to 52 points.
• The strongest local configuration reaches 85.3
• A quantized 9B model reaches 69.3
• Execution traces expose reliability, latency, and failure trade-offs.

1 Introduction
Large language models (LLMs) have become software-engineering assistants for activities such
as code generation, code review, data preparation, validation, and documentation [1, 2, 3, 4, 5].
Their engineering value, however, depends on more than producing plausible text or isolated
snippets. A generated script must execute, a structured file must satisfy its schema, and a
derived result must remain consistent with its inputs. These requirements shift evaluation from
response plausibility toward the validity of the engineering artifacts produced by the model.

When an LLM is embedded in a system that can plan, inspect a workspace, invoke tools,
observe execution results, and revise its outputs, it is commonly described as an LLM-based
agent or tool-using language model [6, 7, 8]. Recent software-engineering research has begun to
examine multi-agent generation of structured requirements and the validity of artifacts produced
under different agent configurations [9, 10]. Nevertheless, evidence remains limited for complete,
locally deployable agent workflows evaluated through heterogeneous artifacts rather than a single
code-generation task.

Hosted frontier models are useful capability baselines, but many public-sector, research, and
engineering organizations also need deployment options that keep data within organizational
boundaries and provide control over model versions, inference settings, availability, and cost.
Local open-weight models offer these properties, but their smaller size and quantization may
affect their ability to operate a workspace reliably. An empirical assessment must therefore
consider not only final correctness, but also model scale, resource use, interaction behavior, and
failure modes.

Data engineering provides a software-intensive setting for this assessment. Constructing a
data workflow involves programming, schema conformance, testing, provenance, domain rules,
validation, and reproducible reporting. Mobility workflows are a particularly useful testbed
because they combine statistical indicators, catalog records, public-transport feeds, geospatial
points of interest, executable transformations, and derived analytical artifacts. Correctness
requires both general engineering behavior and domain-specific care, including preserving prove-
nance, filtering decoy records, handling GTFS service-day times beyond 24:00:00, computing
geospatial distances in meters, and avoiding unsupported claims in reports.

This paper presents a reproducible benchmark and controlled empirical study of local LLM
agents as data-engineering assistants. The fifteen tasks follow five stages of a mobility workflow:
discovering and connecting to data, processing public-transport feeds, enriching records with
semantic data, engineering features and analytics, and validating and reporting results. Each task
specifies input fixtures and expected output artifacts. Deterministic checkers then parse, execute,
compare, or inspect those artifacts against schemas, domain rules, numerical constraints, and
report requirements. The harness records success, failure category, runtime, and tool interaction,
enabling the study to examine both artifact validity and the engineering behavior that precedes
submission.

The work makes three contributions:
1. A domain-grounded artifact benchmark with fixed fixtures, deterministic checkers, machine-

readable traces, and a public replication package.

2. A controlled study of one-shot and closed-loop conditions across ten local model configura-
tions, fifteen tasks, and five repetitions per condition.

2



3. Empirical evidence about artifact correctness, task verifiability, model scale, architecture,
quantization, latency, tool interaction, and failure behavior, with implications for validating
LLM-assisted engineering workflows.

The evaluation is organized around four research questions:

(RQ1) How does artifact success differ between one-shot generation and a closed-loop workspace
condition in which a local LLM can inspect inputs, execute code, and revise its artifacts?

(RQ2) What level of artifact correctness and reliability do locally deployable open-weight models
achieve on the mobility data-engineering tasks?

(RQ3) How do artifact success, runtime, and tool interactions vary with model size and architecture,
and what engineering trade-offs emerge?

(RQ4) How do task success and computational efficiency differ between aggressive post-training
quantization and unquantized BF16 for the model sizes available in both formats?

The experimental scope is deliberately restricted to models that can be served on a single
24 GB consumer GPU. This keeps the study aligned with locally controlled engineering environ-
ments and permits a controlled comparison of model scale, architecture, and precision within one
serving stack. The benchmark is also intended as a reusable evaluation instrument: future agent
configurations can be assessed under the same fixtures and checkers, while organizations can
substitute representative local tasks before adopting an LLM-based engineering assistant. The
benchmark does not claim that mobility tasks cover all software or data-engineering practice;
rather, they provide a heterogeneous and reproducible testbed for studying artifact-producing
agent workflows.

The remainder of the paper is organized as follows. Section 2 reviews LLM agents, LLM-
assisted software engineering, executable benchmarks, local inference, reproducibility, and
mobility data. Section 3 describes the fixtures, task suite, interaction modes, and scoring rules.
Section 4 presents the model and execution configuration. Section 5 reports the empirical results,
Section 6 discusses their engineering implications and threats to validity, and Section 7 concludes
the paper.

2 Related work
This paper studies locally deployable LLM agents as software and data-engineering assistants,
with success measured from reproducible artifacts rather than textual plausibility. We there-
fore connect research on LLM-assisted software engineering with work on agents, executable
benchmarks, tool-use evaluation, efficient local inference, reproducibility, and open mobility
data.

A first strand of related work studies how language models can act through external tools or
environments. ReAct introduced a prompting paradigm in which language models interleave
reasoning traces with task-directed actions, allowing models to update plans and gather external
information during problem solving [6]. Toolformer showed that language models can be trained
to decide when and how to call external APIs, including calculators, retrieval systems, translation
systems, and calendars [7]. These works motivate the comparison between one-shot generation
and tool-mediated interaction to determine whether tool-usage improves performance in tasks
related to mobility data engineering.

Broader agent benchmarks evaluate language models in interactive environments. AgentBench
proposed a multi-environment benchmark for assessing language models as agents in open-ended,
multi-turn settings [11]. Such work is important for evaluating planning and decision making, but
it typically emphasizes general-purpose agency across heterogeneous environments. In contrast,
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the present benchmark narrows the scope to reproducible engineering tasks and the validity of
submitted artifacts.

Within software engineering, empirical studies have assessed LLMs for code review automation
and code-semantic understanding [4, 5]. Other work has moved from single-model assistance
toward structured and agentic workflows. UCD-LLM uses a multi-agent framework to generate
use-case-diagram requirements [9], while Kim compares artifact validity under varying LLM-agent
configurations [10]. These studies establish direct precedent for evaluating LLM configurations
through software-engineering outcomes. The present study extends this perspective to complete
data-engineering artifacts, a local serving constraint, heterogeneous task families, repeated
execution, and failure analysis.

A separate body of work has established executable checking as the central evaluation
principle for code generation. The Codex paper introduced HumanEval, a benchmark of Python
programming problems evaluated by functional correctness rather than surface similarity [12].
MBPP extended evaluation to short natural-language programming tasks intended to be solvable
by entry-level programmers [13]. CodeXGLUE broadened evaluation across code understanding
and generation tasks, providing a multi-task benchmark for program-related machine learning
[14]. More recent benchmarks move closer to realistic engineering work: DS-1000 evaluates
data-science code generation using problems derived from practical Python library usage [15], and
SWE-bench evaluates whether language models can resolve real GitHub issues by editing existing
repositories and passing associated tests [16]. These benchmarks are especially relevant because
they use executable or repository-level evaluation. However, they primarily target programming
solutions or repository patches. The present benchmark instead evaluates a heterogeneous
set of connected engineering outputs, including executable transformations, cleaned tables,
validation reports, semantic-linking files, analytical matrices, figures, and reproducible reports.
This broadens artifact-level evaluation from source code alone to the products of a complete
data-engineering workflow.

Another line of research focuses directly on tool-using models. API-Bank introduced a
benchmark and runnable evaluation system for tool-augmented language models, covering API
planning, retrieval, and invocation [17]. StableToolBench addressed the instability of live online
APIs by introducing a virtual API server and a more stable evaluation process for large-scale tool-
learning benchmarks [18]. Function-calling benchmarks further refine how tool calls are checked.
The Berkeley Function Calling Leaderboard evaluates serial, parallel, and multi-step function
calling using structured checking, including abstract-syntax-tree-based evaluation [19]. τ -bench
evaluates tool-agent-user interaction in simulated real-world domains and introduces passk as
a measure of behavioral reliability across repeated trials [20]. ToolSandbox evaluates stateful
conversational tool use with intermediate and final milestones, emphasizing state dependencies,
canonicalization, and insufficient-information cases [21]. In this context, we equip LLMs with a
minimal tool suite to execute data-engineering workflows and compare the complete closed-loop
workspace condition with a one-shot baseline.

The present work is also related to research on efficient local language-model inference. In
this sense, low-bit post-training quantization methods such as GPTQ [22] and AWQ [23] reduce
memory and inference costs, making larger models more practical on local hardware. This
paper does not propose a new quantization or inference method; instead, it treats local serving,
model size, architecture, and precision as configuration choices in an empirical evaluation of
artifact-producing engineering assistants.

Reproducibility is also central to empirical artificial intelligence and software engineering.
Many Artificial Intelligence (AI) papers did not document enough information about experiments,
data, and methods to support reproducibility [24]. Reproducibility practices introduced around
the NeurIPS reproducibility program, including checklists, code submission, and reproducibility
challenges, were systematized shortly thereafter [25]. DataPerf extended benchmark thinking
toward data-centric AI, emphasizing that datasets and data-development processes themselves
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require systematic evaluation [26]. The benchmark in this paper adopts these concerns opera-
tionally: inputs are fixed, tasks are versioned, outputs are checked deterministically, and logs
are machine-readable.

Finally, the domain layer of this benchmark builds on public mobility and open-data
infrastructures, which provide both standardized data formats and realistic sources for data-
oriented tasks. On the mobility side, GTFS defines a widely used tabular standard for public-
transport schedules, including files such as stops.txt, trips.txt, and stop_times.txt. Its
specification also defines service-day time semantics, under which valid stop times may exceed
24:00:00 [27]. Together with the MobilityData GTFS validator, which offers a reference point
for transit-feed quality rules and validation terminology [28], GTFS provides a suitable basis for
benchmark tasks involving parsing, validation, cleaning, and service-intensity computation.

Beyond mobility feeds, the benchmark incorporates public statistical, catalog, and semantic-
data sources in order to cover broader urban-data workflows. Eurostat supports programmatic
access to statistical data and metadata through public APIs, making it relevant for city-level
indicator tasks [29]. Similarly, the data.europa.eu portal documents API access to catalog
metadata, enabling dataset discovery and metadata extraction tasks [30]. Finally, Wikidata
provides a SPARQL query service for structured semantic retrieval, which supports point-of-
interest enrichment and geospatial linking tasks [31].

Taken together, the related work surveyed above paints a clear trajectory: language-model
agents are becoming increasingly capable at tool use, code generation, and interactive problem
solving, while local deployment and reproducible evaluation methods are maturing in parallel.
These advances open a broad space of domain-specific applications that remain largely unexplored.
This paper enters that space by asking how complete local agent configurations perform when they
must produce validated engineering artifacts rather than plausible responses. Mobility supplies
heterogeneous data sources and domain conventions, but the empirical concern is broader: how
workspace feedback, model capability, resource constraints, and task verifiability affect LLM-
assisted engineering. To the best of our knowledge, no prior work combines artifact-level mobility
data-engineering tasks with a controlled local-model sweep that measures workspace-condition
gain, runtime, tool interaction, quantization sensitivity, and failure categories.

3 Benchmark design
The benchmark operationalizes an LLM-based data-engineering assistant as a system that
transforms a natural-language task specification and bounded workspace into verifiable output
artifacts. Each task provides an instruction, relevant input fixtures, and a specification of the
files to be produced. Success is determined from the artifacts rather than from the model’s
explanation: deterministic checkers parse, execute, compare, or inspect outputs and verify
schemas, numerical constraints, domain rules, and report requirements.

This design reflects software-engineering practice for data-intensive systems. A useful assis-
tant must do more than describe a plausible workflow: it must select valid records, understand
the actual data layout, write executable transformations or structured outputs, handle domain
conventions, and leave artifacts that can be tested and audited. The tasks follow an urban analyt-
ics workflow from data discovery and feed processing through enrichment, feature construction,
validation, and reporting. Decomposing that workflow into independently checked tasks permits
capability-level diagnosis while preserving the relationship between upstream transformations
and downstream analytical artifacts.

The data used by the benchmark is drawn from public mobility and urban-data sources.
The Eurostat-style component provides city-level indicator metadata and values for mobility,
population, environment, and living-condition variables [29]. The catalog component provides
data.europa.eu-style records, including relevant mobility datasets and non-mobility decoys
that test whether a model can distinguish source records from distractors [30]. The transport
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component contains a sampled GTFS feed from a public mobility catalog, which supports tasks
involving stops, trips, stop times, service-day semantics, and feed validation [32]. The semantic
component contains Wikidata-style point-of-interest records for cultural-accessibility enrichment
and geospatial linking [31].

For reproducibility, these sources are not queried live during evaluation. Instead, all bench-
mark inputs are committed as local fixture snapshots and every model receives the same files,
prompts, workspace structure, and scoring logic. This avoids external variability from API
outages, schema changes, or updated source records, making it possible to attribute differences in
performance to the model and interaction mode rather than to changes in the data environment.

3.1 Task suite

The benchmark comprises fifteen tasks that correspond to recurring stages in mobility data-
engineering workflows: discovering relevant datasets, ingesting and cleaning transport feeds,
enriching records with semantic data, computing analytical features, and validating/reporting
results. Table 1 summarizes the five task families.

Table 1: Benchmark task families.
Family Task IDs Scope

A T01–T03 Dataset discovery and connector setup
B T04–T06 GTFS processing
C T07–T09 Semantic enrichment with Wikidata-style data
D T10–T13 Feature engineering and analytics
E T14–T15 Validation, visualization, and reporting

A description of the fifteen tasks is presented below, grouped by family. For each task, the
description states the objective, the requirement specifies what the agent must produce, and the
correctness criterion describes how the deterministic checker validates the output.

Family A: Dataset discovery and connector setup (T01–T03). These tasks test
whether a model can identify relevant urban indicators, build a data loader, and reason about
catalog records to extract mobility entries while excluding decoys, i.e., catalog records that look
structurally valid but describe non-mobility datasets and should therefore be filtered out.

T01. Indicator selection. Requirement: Select Eurostat urban indicators relevant to mobility
and livability and produce a CSV that lists each selected indicator with its theme, a brief
justification, and the expected analytical direction. Correctness: The output must contain
the required columns (theme, justification, direction) and every selected indicator must
belong to an approved mobility-related theme.

T02. Loader construction. Requirement: Build an executable Python loader for the selected
Eurostat-style indicator values and produce a normalized long-format CSV. Correctness:
The script must run without errors and the output CSV must contain the expected
indicator, city, year, and value columns with properly melted structure.

T03. Catalog filtering. Requirement: Extract mobility-related records from catalog metadata
and produce a mobility catalog CSV that excludes non-mobility decoy records. Correctness:
The output must contain all mobility entries and no decoys.

Family B: GTFS processing (T04–T06). These tasks test parsing, validation, data
cleaning, and transit-service aggregation, including the domain-specific distinction between
invalid clock times and valid extended GTFS service-day times.
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T04. Feed validation. Requirement: Validate and parse a GTFS feed and produce a JSON
summary of mandatory files, required columns, and row counts. Correctness: The JSON
must list every mandatory file, every required column per file, and accurate row counts.

T05. Data cleaning. Requirement: Clean GTFS coordinates, duplicate stops, missing names,
and service-day times, producing a cleaning report together with cleaned stops and stop-
times tables. Correctness: The cleaned tables must remove duplicates and blanks, correct
invalid coordinates, and preserve the valid extended service-day time (25:10:00).

T06. Service intensity. Requirement: Compute stop-level service intensity and produce a stop
table with departure counts, route counts, and first/last departure times. Correctness:
Aggregated values must match the ground-truth schedule and times must respect GTFS
service-day semantics.

Family C: Semantic enrichment (T07–T09). These tasks test whether a model can
express a plausible Wikidata SPARQL query, clean geospatial POI records, and perform a
nearest-stop join using distances in meters.

T07. SPARQL query generation. Requirement: Generate a Wikidata SPARQL query for
cultural points of interest. Correctness: The query must request entities, labels, coordinates,
and location constraints with syntactically valid SPARQL structure.

T08. POI cleaning. Requirement: Clean Wikidata-style POI records and produce a table
with unique entities, labels, types, coordinates, and source. Correctness: Duplicate entity
identifiers must be deduplicated, blank labels must be handled, and the schema must
match the specification.

T09. Nearest-stop linking. Requirement: Link each POI to its nearest public-transport stop
and produce a POI-to-stop table with haversine-style distances in meters. Correctness:
Distances must be computed in meters (not coordinate degrees) and each POI must be
matched to the correct nearest stop.

Family D: Feature engineering and analytics (T10–T13). These tasks test formula-
following, pivoting, missingness analysis, and a fixed clustering pipeline.

T10. Accessibility scoring. Requirement: Compute a cultural accessibility score combining
distance, departures, routes, and a normalized score. Correctness: The formula must be
implemented exactly as specified and the output table must contain all required columns.

T11. Analytical matrix. Requirement: Create a city-year by indicator matrix from long-
format Eurostat values. Correctness: The matrix must have the correct shape, indices,
and populated cells.

T12. Missingness filtering. Requirement: Select robust indicators based on missingness and
produce a missingness report together with a selected matrix using a 70% coverage rule.
Correctness: Only indicators with at least 70% non-missing coverage may be retained.

T13. City clustering. Requirement: Cluster cities into mobility and livability profiles and
produce cluster assignments together with cluster-profile summaries. Correctness: Cluster
labels must match the ground-truth assignments obtained from the specified algorithm
and parameters.

Family E: Validation, visualization, and reporting (T14–T15). These tasks test
whether the model can validate the resulting pipeline artifacts and write a compact report that
cites generated outputs without unsupported claims.

7



T14. Output validation. Requirement: Generate an executable validation script for pipeline
outputs and produce a validation-summary JSON. Correctness: The script must run
without errors and the JSON must accurately reflect which checks passed and which failed.

T15. Reproducible reporting. Requirement: Produce a reproducible Markdown report
together with two non-empty analysis figure files. Correctness: The report must reference
generated artifacts and avoid unsupported claims, while the two required figure files must
exist and be non-empty.

Together, these five families cover the full data-engineering lifecycle from discovery and
ingestion through cleaning, enrichment, analytics, validation, and reporting. By decomposing
the workflow into independently scored tasks, the benchmark pinpoints exactly which stages are
within reach of a given model and which remain difficult.

3.2 Interaction modes

The harness evaluates each task in two modes because one of the main research questions is not
only whether a model can solve a task, but whether equipping it with a minimal local workspace
loop materially improves its ability to produce correct and reproducible artifacts. In other words,
the benchmark asks whether the agentic closed-loop behavior described above, in which a model
inspects files, executes code, and repairs its own outputs, translates into measurable engineering
value. Comparing a tool-free one-shot condition with a transparent tool-mediated condition
allows us to estimate the practical contribution of this deployable agent setup.

We therefore evaluate two modes. In chat-only mode, the model receives the task prompt
and output requirements and must provide the required artifacts in a single response. The
harness extracts files from the response, writes them into the workspace, and invokes the checker.
This mode measures the model’s ability to synthesize complete outputs without local inspection
or execution.

In agent-with-tools mode, the model operates in an isolated local workspace. The tool
interface exposes five actions: reading a file, writing a file, editing a string in an existing file,
running a shell command, and submitting the final answer. This minimal set of tools allows
the model to inspect inputs, create scripts, run local checks, view command output, revise
files, and decide when to submit. The hidden checker is invoked only after submission. The
interface is deliberately minimal so that the benchmark measures the interaction between model
capability and a transparent workspace loop, rather than the behavior of a complex external
agent framework.

Both modes receive the same task definition and are scored with the same checker. The
difference in pass rate between agent-with-tools and chat-only is reported as the “agentic
gain”. This quantity measures the complete workspace condition—including tool access, iterative
interaction, execution feedback, artifact inspection, and cumulative context—rather than the
isolated effect of tools.

3.3 Evaluation and failure categories

Each task has a deterministic checker that returns a binary success value, checker errors, a failure
category, and task-specific metadata. The primary evaluation focuses on artifact correctness,
because this is the property that matters most in data-engineering automation: generated files
must have the required structure, scripts must execute, etc. The checkers therefore evaluate
the artifact type appropriate to the task, including schemas, row-level rules, JSON fields, etc.
For artifacts containing natural language, the checker evaluates structural compliance, required
coverage, and consistency with generated data, but does not attempt to score subjective prose
quality. All generated artifacts and logs are retained, so future analyses can apply human review
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or LLM-judge methods to prose quality if that question is of interest, but the benchmark’s
primary score deliberately remains tied to reproducible artifact-level correctness.

We group unsuccessful attempts into the following categories:

1. Logic errors: Structurally valid outputs that violate task rules, such as using the wrong
filter, computing the wrong aggregate, or returning an incorrect row count.

2. Protocol errors: Invalid or missing tool calls, including malformed responses; an attempt
is stopped after eight consecutive protocol errors.

3. Format errors: Files that exist but cannot be parsed, such as malformed CSV or invalid
JSON.

4. Schema errors: Missing files, missing columns, or unusable artifact structure, for example
omitting a required result CSV or report section.

5. Wrong data source: Outputs that use identifiers or records not present in the provided
fixture, such as selecting a decoy file from the catalog.

6. Tool-error loops: Repeated failed tool calls or repeated commands that do not make
progress; the harness stops an attempt after eight repeated failures of the same tool call.

7. Tool loops: Repeated valid tool calls that do not make progress; the harness stops an
attempt after twenty repetitions of the same tool call.

8. Domain errors: Violations of mobility-specific conventions, such as incorrect GTFS time
handling, geospatial matching, or query constraints.

These categories allow the analysis to distinguish a model that cannot produce the required file
shape from a model that produces valid files but applies the wrong domain logic.

Every reported metric is extracted automatically from the execution trace rather than
assigned through subjective human judgment. The run logger records model identifier, task
identifier, interaction mode, repetition, final checker result, failure category, runtime, and tool-
call counts. This structured logging makes the evaluation fully reproducible and enables direct
comparison across models, tasks, and families.

4 Experimental setup
The experiments evaluate Qwen-family local models [33] served through a local llama.cpp
[34] endpoint on a single NVIDIA GeForce RTX 4090 GPU. The evaluated suite spans the
Qwen 3.5 and 3.6 families, with model sizes from 2B to 35B parameters in both dense and
mixture-of-experts (MoE) architectures [35] (Table 2). The 35B-A3B configurations are MoE
models with 35B total parameters and approximately 3B active parameters during each forward
pass. Because the 27B dense and 35B-A3B MoE models do not fit into the 24 GB of VRAM
available on the RTX 4090 in BF16, we decided to use the models quantized with Unsloth
Dynamic 2.0 GGUF at UD-Q4_K_XL [36]. This is a higher-fidelity 4-bit quantization that uses
larger intermediate tensors and dynamic scaling to preserve more accuracy in critical weight
groups, while still remaining within the memory budget of consumer GPUs. Using the same
quantization across evaluated sizes reduces precision level as a source of variation in the scale
comparison. However, to test whether this aggressive quantization harms smaller models that
have less representational headroom, additional unquantized BF16 variants of the 2B, 4B, and
9B models were also evaluated because they fit on a consumer-grade GPU.

The model set is deliberately a controlled within-family sweep rather than a broad leaderboard
across unrelated open-weight families. This choice prioritizes the questions that are most central
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to local deployment in this paper: how capability changes with scale, whether a sparse MoE
model changes the latency–accuracy trade-off, whether a newer generation improves the frontier,
and whether aggressive quantization changes success near the capability threshold. Adding
many model families would introduce additional confounds, including tokenizer differences, chat
templates, training data, instruction tuning, tool-call behavior, and quantization availability.
This focused scope supports a more controlled analysis of scale and efficiency trade-offs, while
the released benchmark can be extended to other model families in future replications.

Table 2: List of models evaluated in the benchmark.
Model ID Family Size Architecture Quantization

qwen35_2b_q4 Qwen 3.5 2B Dense UD-Q4_K_XL
qwen35_2b_bf16 Qwen 3.5 2B Dense BF16
qwen35_4b_q4 Qwen 3.5 4B Dense UD-Q4_K_XL
qwen35_4b_bf16 Qwen 3.5 4B Dense BF16
qwen35_9b_q4 Qwen 3.5 9B Dense UD-Q4_K_XL
qwen35_9b_bf16 Qwen 3.5 9B Dense BF16
qwen35_27b_q4 Qwen 3.5 27B Dense UD-Q4_K_XL
qwen35_35b_a3b_q4 Qwen 3.5 35B MoE UD-Q4_K_XL
qwen36_27b_q4 Qwen 3.6 27B Dense UD-Q4_K_XL
qwen36_35b_a3b_q4 Qwen 3.6 35B MoE UD-Q4_K_XL

All reported results use the Unsloth-recommended generation configuration for Qwen 3.5
non-thinking precise-coding mode: temperature=0.6, top_p=0.95, top_k=20, min_p=0.0,
presence_penalty=0.0, and repeat_penalty=1.0. The choice was also motivated by
preliminary observations with greedy decoding (temperature=0.0), where repetitions were
nearly identical and some models entered repetitive tool loops that did not converge. These
preliminary runs were used to select a stable common configuration and are not included in
the 1,500 scored attempts. The study therefore evaluates the reported models under one fixed
stochastic generation policy; it does not attempt to estimate the independent effect of decoding
parameters.

Building on the offline-fixture design described above, all benchmark runs use the same
committed snapshot so that every model is evaluated under identical input conditions. For
the evaluation reported here, this snapshot contains 5,373 Eurostat value rows, 160 Eurostat
indicator descriptions, 26 catalog records including one selected GTFS feed record, a GTFS
subset with 81 stops after controls, 80 trips, 180 stop-time rows, and 51 Wikidata POI rows after
controls. This fixed snapshot operationalizes the reproducibility requirement: the benchmark
does not depend on live APIs that might fail, return inconsistent results, or change schema
between runs. As a result, input data are not a source of variation when comparing model
performance. The raw source downloads are retained outside the public benchmark input tree,
while the benchmark inputs and provenance record are versioned with the harness.

Known defects are also manually inserted into the local fixtures to make validation and
cleaning measurable. The controlled defects include duplicate GTFS stop identifiers, a blank
GTFS stop name, invalid GTFS coordinates, a valid extended GTFS service-day time of
25:10:00, a duplicate Wikidata entity identifier, and a blank Wikidata label. These cases are
documented in the benchmark provenance metadata and are used only to evaluate whether models
handle realistic data-cleaning conditions. Including defects is essential because a benchmark
in which all data are pristine would reward models that simply copy inputs without exercising
error-handling logic.

Finally, agent-mode execution is implemented as a deliberately small closed-loop harness
rather than as a full external agent framework. The purpose of this design is to expose only the
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workspace operations needed for data engineering while keeping the source of any performance
gain interpretable. Each attempt proceeds as follows:

1. The harness creates an isolated attempt workspace containing the fixed input snapshot
and empty output, source, report, and figure directories.

2. The model receives the task prompt together with a system prompt specifying five JSON-
schema tools: read, write, edit, bash, and submit.

3. At each turn, the model emits at most one tool call. The harness validates the call, executes
it locally, records the event, and returns the result to the model as the next observation.

4. The model may inspect files, create or edit scripts, execute local checks, and repair its
artifacts using only the visible workspace evidence.

5. When the model calls submit, the interaction stops and the hidden deterministic checker
evaluates the generated artifacts. The checker result is not available to the model during
the attempt.

To prevent agents from bypassing the benchmark by inspecting hidden solutions, checker code, or
files outside the task environment, each attempt workspace contains only the initial task inputs
and the directories needed for generated artifacts. File access and shell commands are constrained
to this workspace, network access is disabled, and checker code and reference expectations are
not exposed to the model during the attempt.

Figure 1 makes the distinction between the two evaluated modes more explicit: in chat-only
mode, the model must synthesize all required files in one response without observing the
workspace or executing code. In agent-with-tools mode, the same model can iteratively
gather evidence and self-verify before submission, as described above.
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Figure 1: Comparison between chat-only and agent-mode evaluation. Both modes receive
the same prompt and offline fixtures, produce artifacts, and are scored by the same hidden
deterministic checker; only agent mode can iterate through visible workspace tools before
submission.

Each attempt is also bounded by fixed execution caps to prevent non-converging runs from
consuming unbounded time while preserving the failure signal. We allow at most 1000 interaction
iterations, 1000 total tool calls, one hour of wall-clock time per task, and 60 seconds for each
shell command. To stop traces that are clearly no longer making progress, the harness also
terminates after eight consecutive malformed tool-call responses, eight repeated failed tool calls,
or 20 repeated identical tool calls. When a cap is reached, the stop reason and cap flags are
recorded in the trace and the attempt is evaluated as a failed model run unless the trace indicates
an infrastructure problem. The caps allowed agents to recover from local errors and pursue
alternative solutions while terminating traces that failed to make progress within the one-hour
task budget.

5 Results
In this section, we present the results obtained during the benchmark process. We evaluate the
ten local Qwen configurations listed in Table 2 on the fifteen defined tasks in both chat_only
and agent_tools modes. The model set spans 2B, 4B, 9B, 27B, and 35B-A3B parameter
regimes. All size classes are evaluated with UD-Q4_K_XL quantization, while the 2B, 4B, and
9B Qwen 3.5 models are also evaluated in BF16 because they fit on the available RTX 4090
consumer-grade GPU. Only the 27B dense and 35B-A3B MoE configurations are evaluated for
both Qwen 3.5 and Qwen 3.6, as the smaller variants have not been published in the 3.6 version.
Each model/mode/task condition is repeated five times, yielding 10 × 2 × 15 × 5 = 1500 scored
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attempts. We report Wilson 95% intervals as descriptive summaries of pooled attempt-level
pass rates. Because attempts are organized within fixed task strata and only five repetitions
are available per model/task cell, these intervals should not be interpreted as population-level
uncertainty over all possible data-engineering tasks.

5.1 Main results

First, we present three main comparisons:

• Quantized agent-mode analysis: we analyze the natural operating setting for the
benchmark, where all models use the same local workspace interface and the same UD-
Q4_K_XL quantization level.

• Workspace-condition gain: we compare agent_tools against chat_only to estimate
the observed benefit of the complete closed-loop configuration.

• Precision sensitivity: we exploratorily compare Q4 and BF16 for the 2B, 4B, and 9B
models available in both formats.

We first compare pass rate, median runtime, and median tool calls for quantized models in
agent_tools mode, aggregated across tasks and repetitions (Table 3). Artifact success rises
sharply with scale at the lower end of the sweep. The 2B model passes only 2/75 attempts. The
4B model reaches 37.3%, while the 9B model reaches 69.3% and is the first size in this sweep to
complete a majority of attempts.

Table 3: Main agent-mode results for quantized models (5 repetitions per task, N = 75 per
model). Pass-rate entries report percentage and Wilson 95% confidence interval.
Model ID Arch. Pass rate Med. runtime (s) Med. tools

qwen35_2b_q4 Dense 2.7% [0.7, 9.2] 12.3 5
qwen35_4b_q4 Dense 37.3% [27.3, 48.6] 12.3 7
qwen35_9b_q4 Dense 69.3% [58.2, 78.6] 10.5 7
qwen35_27b_q4 Dense 74.7% [63.8, 83.1] 29.9 9
qwen35_35b_a3b_q4 MoE 77.3% [66.7, 85.3] 9.6 7
qwen36_27b_q4 Dense 85.3% [75.6, 91.6] 31.3 8
qwen36_35b_a3b_q4 MoE 81.3% [71.1, 88.5] 14.7 8

Beyond 9B, pass rates continue to increase with model size. The Qwen 3.5 27B dense reaches
74.7% and the 35B-A3B MoE reaches 77.3%.

The best results come from the Qwen 3.6 family, led by the 27B dense at 85.3% and followed
by the 35B-A3B MoE at 81.3%. Both Qwen 3.6 configurations improve over their Qwen 3.5
counterparts at the same nominal size. Notably, the dense 27B models are substantially slower
than the MoE models: Qwen 3.6 27B takes a median of 31.3 s per attempt, whereas Qwen 3.6
35B-A3B takes 14.7 s. The MoE architecture therefore provides a strong latency advantage,
although the dense Qwen 3.6 27B attains the highest pass rate.

Because task outcomes vary across attempts, Table 3 includes descriptive Wilson 95%
intervals for each pooled pass rate. The point estimates broadly increase with scale, but intervals
overlap among the top-performing models (e.g., Qwen 3.6 27B [75.6, 91.6] and Qwen 3.6 35B-A3B
[71.1, 88.5]); small differences at the high end should therefore be interpreted cautiously.

These results are also illustrated in Figure 2, which plots pass rate against model size,
separating the 3.5 and 3.6 families. For Qwen 3.5, the largest improvement occurs between 4B
and 9B, after which gains flatten, and the Qwen 3.6 point estimates sit above their Qwen 3.5
counterparts at 27B and 35B-A3B in the evaluated conditions.

We next analyze the observed “agentic gain”: the increase in pass rate when models can
inspect files, use tools, observe execution feedback, and self-verify artifacts instead of receiving
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Figure 2: Agent-mode pass rate by model size for quantized models. Error bars show Wilson
95% confidence intervals; lines separate Qwen 3.5 and Qwen 3.6, and diamond markers indicate
MoE configurations.

one opportunity to submit the result. Table 4 shows that the workspace loop is most valuable
for models that can follow the protocol but remain weak in one-shot artifact generation.

The largest gain is observed for Qwen 3.5 9B Q4 (+52.0 percentage points), followed by
Qwen 3.5 9B BF16 (+50.7) and Qwen 3.5 4B BF16 (+45.3). The 2B models gain little because
they frequently fail to maintain the tool protocol. At the high end, gains remain substantial
(+33.3 to +41.3 points), but the relative effect is smaller because the larger models already pass
more tasks in chat_only. Thus, the largest observed gains occur in middle-scale models that
can follow the tool-calling protocol but remain weak at one-shot artifact generation.

Table 4: Agentic gain by model.
Model ID Chat-only (%) Agent-tools (%) Agentic gain (pp)

qwen35_2b_q4 0.0% [0.0, 4.9] 2.7% [0.7, 9.2] +2.7
qwen35_4b_q4 10.7% [5.5, 19.7] 37.3% [27.3, 48.6] +26.7
qwen35_9b_q4 17.3% [10.4, 27.4] 69.3% [58.2, 78.6] +52.0
qwen35_27b_q4 38.7% [28.5, 50.0] 74.7% [63.8, 83.1] +36.0
qwen35_35b_a3b_q4 40.0% [29.7, 51.3] 77.3% [66.7, 85.3] +37.3
qwen36_27b_q4 44.0% [33.3, 55.3] 85.3% [75.6, 91.6] +41.3
qwen36_35b_a3b_q4 48.0% [37.1, 59.1] 81.3% [71.1, 88.5] +33.3

qwen35_2b_bf16 0.0% [0.0, 4.9] 1.3% [0.2, 7.2] +1.3
qwen35_4b_bf16 12.0% [6.4, 21.3] 57.3% [46.1, 67.9] +45.3
qwen35_9b_bf16 16.0% [9.4, 25.9] 66.7% [55.4, 76.3] +50.7

The mode-specific descriptive intervals do not overlap for any non-2B model in this comparison.
We do not treat those endpoints as confidence intervals for the difference between modes. The
observed gains in Table 4 characterize the complete workspace condition, not the isolated causal
effect of tool access.

The third comparison examines precision within the study’s local deployment constraint. All
evaluated configurations run on one 24 GB consumer GPU, a setting that supports organizational
control over data, model versions, inference settings, and external-service dependencies. Larger
models require quantization to fit this memory budget, so the primary scale comparison uses
UD-Q4_K_XL throughout.

The smaller Qwen 3.5 models also fit in BF16 on the same hardware, permitting an exploratory
precision comparison at 2B, 4B, and 9B. Table 5 shows a size-dependent pattern. At 4B, BF16
has a 20.0-point higher agent-mode pass rate than Q4, suggesting that precision may matter
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near this model’s capability threshold. At 9B, Q4 reaches 69.3% and BF16 reaches 66.7%,
while neither 2B format performs reliably. Because the comparison covers only three sizes
and five repetitions per task, it should be treated as evidence of precision sensitivity in these
configurations rather than a general conclusion about Q4 quantization.

Table 5: Agent-mode precision comparison for Qwen 3.5 models available in both Q4 and BF16.
Size Q4 pass rate (%) BF16 pass rate (%) BF16–Q4 (pp)

2B 2.7% [0.7, 9.2] 1.3% [0.2, 7.2] -1.3
4B 37.3% [27.3, 48.6] 57.3% [46.1, 67.9] +20.0
9B 69.3% [58.2, 78.6] 66.7% [55.4, 76.3] -2.7

5.2 Per-task analysis

The results presented in the previous subsection were aggregated across all tasks. For the sake
of completeness, we also present a fine-grained task-level view of the results.

Figure 3 presents task-level pass rates for chat-only and agent-tools modes. Columns represent
tasks, rows represent models, and each cell summarizes five repetitions. The heatmaps include
every quantized model and the 4B BF16 comparison; the 2B and 9B BF16 rows are omitted
because their aggregate precision differences are small (Table 5).

The heatmaps expose substantial task-level heterogeneity hidden by aggregate pass rates.
No chat-only attempt passes T03, T08, or T15, and T01, T09, T10, and T14 are also difficult
in that mode. Agent-mode rates are generally higher, a pattern consistent with the proposed
mechanism: visible workspace evidence and revision opportunities allow models to inspect
intermediate artifacts and repair some initial mistakes. Because the agent condition changes
several interaction features together, the pattern does not establish the effect of any single tool
or feedback component.

The 4B BF16 row shows that the aggregate precision difference in Table 5 is heterogeneous
across tasks. BF16 performs worse on some cells, including T03, while the Q4 model passes
no T07 attempt and the BF16 model passes all five. With only five repetitions per cell, these
contrasts identify tasks for follow-up rather than stable task-specific effects.

Finally, the heatmaps also make visible an important reliability issue: each model/task cell
is based on five repetitions with the same prompt, inputs, checker, and execution environment.
Therefore, an 80% pass rate means that the model solved four out of five nominally identical
attempts, while a 40% pass rate means that the same model and task alternated between success
and failure across repetitions. These intermediate rates show that agents are stochastic systems
whose generated plans, tool calls, and repair trajectories can diverge even when the benchmark
conditions are fixed. For engineering assessment, a single successful run is therefore weaker
evidence than repeated success; repeated trials and task-specific validation are important when
the cost of failure is high.

Verifiability and agentic gain. The task-level results also show that agentic gain depends
strongly on whether the model can verify its own intermediate work. T08 is the clearest positive
example. The task requires converting a Wikidata-style JSON snapshot into a normalized
point-of-interest CSV, including coordinate parsing, identifier deduplication, fallback labels, and
a fixed output schema. No model passes T08 in chat_only mode (0/50 attempts), whereas agent
mode passes 37/50 attempts. Even Qwen 3.5 2B Q4 passes one repetition in agent mode, Qwen
3.5 4B Q4 passes 3/5, and the Qwen 3.5 9B Q4 and 27B Q4 models pass 5/5. The improvement
is not because T08 is conceptually easy in the agent-mode setting; it is because the required
transformation is locally inspectable. An agent can open the JSON fixture, write a converter,
execute it, inspect the generated CSV, and repair visible problems before submission.

15



Task

Q3.5 2B Q4

Q3.5 4B Q4

Q3.5 4B BF16

Q3.5 9B Q4

Q3.5 27B Q4

Q3.5 35B MoE

Q3.6 27B Q4

Q3.6 35B MoE

0 0 0 0 0 0 0 0 0 0 0 0 0 0 0

0 80% 0 0 0 0 20% 0 0 0 40% 20% 0 0 0

0 60% 0 0 0 0 20% 0 0 0 40% 60% 0 0 0

0 80% 0 60% 0 0 0 0 20% 0 80% 20% 0 0 0

0 100% 0 100% 40% 80% 40% 0 40% 0 100% 60% 20% 0 0

20% 60% 0 100% 60% 80% 40% 0 20% 20% 80% 100% 20% 0 0

20% 60% 0 100% 100% 100% 40% 0 0 0 80% 100% 20% 40% 0

40% 100% 0 80% 80% 40% 40% 0 60% 0 80% 100% 100% 0 0

Chat-only

T0
1

T0
2

T0
3

T0
4

T0
5

T0
6

T0
7

T0
8

T0
9

T1
0

T1
1

T1
2

T1
3

T1
4

T1
5

Task

Q3.5 2B Q4

Q3.5 4B Q4

Q3.5 4B BF16

Q3.5 9B Q4

Q3.5 27B Q4

Q3.5 35B MoE

Q3.6 27B Q4

Q3.6 35B MoE

0 0 20% 0 0 0 0 20% 0 0 0 0 0 0 0

0 80% 60% 60% 40% 80% 0 60% 20% 0 60% 40% 20% 40% 0

0 100% 40% 100% 80% 80% 100% 80% 60% 0 80% 40% 40% 0 60%

40% 100% 100% 20% 60% 80% 60% 100% 100% 80% 100% 40% 20% 40% 100%

0 100% 80% 100% 100% 100% 100% 100% 100% 40% 80% 100% 60% 0 60%

0 80% 80% 100% 100% 100% 100% 100% 100% 80% 100% 100% 60% 40% 20%

60% 100% 60% 100% 100% 100% 80% 100% 100% 100% 100% 100% 40% 40% 100%

40% 100% 80% 100% 80% 100% 100% 80% 100% 40% 100% 80% 40% 80% 100%

Agent mode

0.0

0.2

0.4

0.6

0.8

1.0

Pa
ss

 ra
te

Figure 3: Task-level pass rates by mode.
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The traces that we inspected support this interpretation. Successful T08 agent runs tend to
converge on the same workflow: inspect the actual JSON structure, preserve one output row
per unique point-of-interest identifier, handle missing labels consistently, parse coordinates in
the expected order, and check the generated file before submitting. Weaker models are less
reliable because some repetitions still miss one of these invariants, but successful repetitions show
that the feedback loop can compensate when the task exposes concrete, file-level evidence of
correctness. In contrast, chat-only attempts cannot observe the fixture or execute the conversion,
so they often assume a different JSON layout or produce outputs with invalid row counts or
malformed fields. T08 therefore illustrates the setting in which tools provide the strongest
benefit: bounded transformations with explicit artifacts and a cheap self-verification path.

T01 illustrates the other side of the same mechanism. The task asks the model to select
10–15 Eurostat indicators relevant to mobility and livability, which requires semantic judgment,
theme coverage, and fixture-backed identifier selection. Agent mode helps only modestly on T01
(9/50 attempts versus 4/50 in chat_only), and among Qwen 3.5 Q4 models the 4B and 27B
variants still pass 0/5 agent repetitions while the 9B model passes 2/5.

The harder part is that T01 lacks an equally direct local oracle for semantic adequacy.
Reading the indicator file can confirm that a candidate identifier exists, but it does not by
itself tell the model whether the selected set satisfies the intended mix of mobility and livability
themes, analytical direction, and coverage constraints. The observed failures reflect this gap:
some runs omit required themes, some produce malformed CSV structure, and others choose
plausible but invalid indicators for the specified selection. Thus, the contrast between T08 and
T01 clarifies the main mechanism behind heterogeneous agentic gain. The workspace condition
helps most when the model can turn uncertainty into observable checks and repair artifacts from
local evidence; it helps less when success depends on semantic grounding that cannot be fully
verified through execution or file inspection.

5.3 Performance analysis

Figure 4 compares artifact success with median time to submission for quantized agent-mode
runs and the 4B BF16 configuration. Model size is encoded by marker color and area, showing
the trade-off between artifact success, scale, and wall-clock latency on the same local hardware.

Both MoE configurations occupy a favorable region relative to the dense 27B models,
combining high pass rates with lower median submission times. This pattern is consistent with
an efficiency benefit from activated-parameter sparsity, but architecture is not isolated from
model configuration in this sweep. The dense Qwen 3.6 27B has the highest pass rate and a
higher median latency. The dense 9B Q4 model has a median submission time comparable to
the MoE configurations and a smaller memory footprint, making it a candidate for task-specific
assessment on constrained hardware despite its lower pass rate.

Figure 5 presents failure categories by model. The smallest quantized models are dominated
by protocol, schema, and loop failures in agent mode, indicating difficulty operating the tool
interface. For larger models, protocol failures mostly disappear and logic errors become the main
residual category. Qwen 3.5 35B-A3B has more format errors, including malformed CSV files and
reports with missing sections, than its Qwen 3.6 counterpart. The 9B model also exhibits several
tool-error loops despite a pass rate closer to the larger models, indicating residual recovery
failures at this size.

6 Discussion
The controlled evaluation shows that local open-weight agents can produce valid artifacts
for a substantial subset of the benchmark, but performance is neither uniform nor sufficient
for unvalidated automation. Success varies with model scale, the workspace condition, task
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Figure 4: Agent-mode artifact-success–latency trade-off for quantized models. The x-axis reports
median time to submission and the y-axis reports pass rate; marker color and area encode model
size. Dense models are shown with circles and MoE models with diamonds.
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verifiability, precision, and runtime cost. The following subsections interpret these observations
through the four research questions and their implications for LLM-assisted software and
data-engineering practice.

6.1 RQ1: Effect of the workspace interface

The clearest answer to RQ1 is that the local workspace loop is the most important intervention
in the benchmark, provided the model is capable enough to use the interface reliably. Among
non-2B models, agent mode improves pass rate by 26.7 to 52.0 percentage points over chat-only
mode, making it the largest observed performance shift across the evaluated conditions. The
largest absolute gains occur in the middle of the capability range: Qwen 3.5 9B Q4 improves by
52.0 points, Qwen 3.5 9B BF16 by 50.7 points, and Qwen 3.5 4B BF16 by 45.3 points. For larger
models, the percentage-point gain is smaller mainly because chat-only performance is higher,
but it still reflects the value of the complete workspace loop. At the low end, the 2B models gain
little because they do not have enough capability to follow the tool-calling protocol reliably.

The task-level results showed that agentic gain is much larger when the task is self-verifiable,
meaning that the model can use local evidence to detect and repair its own mistakes before
submission. T08 is the clearest positive case: no model solves it in chat-only mode, whereas agent
mode solves 37/50 attempts. The task exposes concrete artifact-level checks, so the workspace
loop can turn an initially uncertain transformation into an inspectable and repairable output. T01
shows the opposite boundary. Although the model can inspect the indicator-description fixture,
there is no equally direct local oracle for whether a selected indicator set satisfies the intended
semantic coverage and analytical-direction constraints. Agent mode helps somewhat overall on
T01 (9/50 attempts versus 4/50 in chat-only), but several larger models still fail because the
hard part is fixture-grounded domain judgment rather than executable transformation. Thus,
the workspace interface is most valuable when tasks expose checkable intermediate states; it is
less decisive when the core difficulty is open-ended semantic selection.

6.2 RQ2: Capability of locally deployable open-weight models

Artifact success is not restricted to the largest evaluated models. The 2B Q4 model passes
only 2/75 agent-mode attempts, and the 4B Q4 model reaches 37.3%, which is insufficient
for dependable use on this suite. The 9B Q4 model reaches 69.3% and provides a compact
comparison point, although its remaining failure rate still requires deterministic validation. Its
approximately 6.5 GB checkpoint places validation-gated data-engineering assistance within
the memory range of compact local hardware rather than only workstation-class 27B or 35B
deployments. Larger local models still improve the frontier: Qwen 3.5 27B Q4 reaches 74.7%,
Qwen 3.5 35B-A3B reaches 77.3%, Qwen 3.6 35B-A3B reaches 81.3%, and Qwen 3.6 27B dense
reaches the best pass rate at 85.3%.

The per-task heatmaps show that this capability is not uniform across the mobility workflow.
Among quantized 9B+ agent runs, T09 is solved in every attempt, and T02, T06, T08, and
T11 all reach at least 96%. These tasks are procedural, fixture-grounded, and easy to inspect
through generated artifacts. In contrast, T01, T13, and T14 remain difficult. The harder tasks
require semantic selection, exact clustering behavior, or complete validation logic, which are less
easily repaired by generic execution feedback.

The failure taxonomy is consistent with this view: stronger local agents fail less often because
of interface-level breakdowns and more often because of task-specific reasoning, validation, or
fixture-grounding mistakes.

The format-error pattern adds a useful nuance to this interpretation. Once a model can
operate the workspace loop, the remaining failure mode is not always incorrect reasoning in the
narrow sense; it can also be insufficient final validation of otherwise plausible artifacts. The
Qwen 3.5 35B-A3B failures illustrate this point: several attempts reached submission with files
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or reports in the expected location, but the artifacts still violated parser-level or section-level
requirements. In practice, this suggests that stronger local agents may benefit less from more raw
tool access and more from explicit self-checking routines before submission, such as re-reading
generated CSVs with the same library used downstream or verifying required report headings.

6.3 RQ3: Artifact success, runtime, and tool-use trade-offs

The efficiency results show that deployment decisions cannot be based on pass rate alone. Higher
capability generally increases pass rate, but the most accurate model is not always the most
attractive deployment choice. Qwen 3.6 27B dense has the highest pass rate at 85.3%, but
it also has the highest median submission time at 31.3s. The MoE models occupy a more
latency-efficient region of the artifact-success–latency plot: Qwen 3.5 35B-A3B reaches 77.3%
at 9.6s, and Qwen 3.6 35B-A3B reaches 81.3% at 14.7s. The MoE configurations therefore
show a practical wall-clock advantage in this local setting, although the design does not isolate
architecture as its sole cause and the dense Qwen 3.6 27B remains the pass-rate leader.

As previously mentioned, the 9B Q4 model is especially relevant for this deployment trade-off.
Its pass rate is lower than the 27B and 35B-class models, but it reaches 69.3% while occupying
roughly 6.5 GB and matching the MoE models in median submission time. This makes it
a candidate for task-specific evaluation on compact machines or privacy-sensitive workflows
where memory footprint and responsiveness matter alongside artifact correctness. In contrast,
the larger models have higher pass rates but require a workstation-class GPU budget. The
engineering choice is therefore a position on the artifact-success/latency/memory frontier rather
than a single universally best model.

6.4 RQ4: Effect of quantization and precision

The precision comparison shows that quantization is not uniformly harmful or harmless; its
effect depends on where the base model sits relative to the capability threshold. BF16 does not
rescue the 2B model, and it does not improve the 9B model, where Q4 is already slightly ahead
within the sampling variability of five repetitions. At 4B, however, BF16 increases pass rate
from 37.3% to 57.3%. The most plausible interpretation is that the 4B model lies close to the
minimum capability boundary: losing precision pushes many attempts below the threshold for
reliable parsing, tool use, and artifact construction, while BF16 gives enough headroom for more
tasks to complete.

Once the base model is sufficiently capable, Q4 quantization appears viable for this benchmark.
The 9B Q4 model is more accurate, smaller and faster than the 4B BF16 model, and the best
overall models in the sweep are quantized larger models served within the single-24 GB-GPU
constraint. The 4B BF16 point still has practical value because it shows that precision can
matter near the threshold, but it does not dominate the larger quantized alternatives. Within
this benchmark, aggressive quantization is therefore not merely a mechanism for fitting larger
models into memory; some quantized configurations retain substantial task performance. Broader
claims require replication across model families, tasks, and quantization methods.

The Qwen 3.5–3.6 comparison adds one final qualification. At the two matched sizes, Qwen
3.6 has higher point estimates: 85.3% versus 74.7% for 27B dense and 81.3% versus 77.3% for
35B-A3B. In this sweep, 9B Q4 is the first configuration to pass a majority of attempts, 35B-A3B
offers the lowest latency among the higher-performing configurations, and Qwen 3.6 27B dense
has the highest pass rate. Selection should nevertheless be based on representative tasks and
jointly consider artifact correctness, latency, memory footprint, and protocol robustness.
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6.5 Threats to validity

The controlled design supports consistent comparisons across the evaluated configurations, while
the following considerations define the scope in which the findings should be interpreted.

Construct validity. Artifact success captures the dimensions targeted by the benchmark,
including execution, schema conformance, numerical consistency, report structure, and selected
domain rules. This focus matches the study objective of assessing whether agents can deliver
artifacts that satisfy explicit engineering requirements. It does not directly assess broader
qualities such as maintainability, security, or subjective prose quality. Runtime and tool-call
counts describe the tested harness and hardware.

Internal validity. The two modes represent complete interaction configurations. Because
the workspace condition combines inspection, execution feedback, tool use, and revision, the
observed gain is attributed to the configuration rather than to one component. Prompts,
fixtures, checkers, generation settings, and workspace constraints were held fixed to support
this comparison. Five repetitions per cell capture recurring variability, although rare generation
trajectories may not appear.

External validity. The controlled Qwen-family sweep, common serving stack, and single
GPU support consistent within-study comparison. The fifteen tasks span five workflow stages
and several artifact types, providing broader coverage than a single code-generation task.
Results may nevertheless vary with other model families, agent designs, hardware, domains, and
production-scale pipelines, which provides a natural direction for replication.

Conclusion validity. Aggregate rates combine tasks of different difficulty, and Wilson
intervals summarize the observed attempts descriptively rather than supporting population-
level inference. The matched Q4–BF16 comparison covers three model sizes and is therefore
exploratory. We consequently emphasize effect sizes and task-level patterns. Repeated attempts
and released traces complement the aggregate analysis, while the replication package supports
broader follow-up studies.

7 Conclusion
This paper introduced a reproducible, artifact-level benchmark for evaluating local LLM agents
as data-engineering assistants, using mobility workflows as a domain-grounded empirical testbed.
Across 1,500 attempts, the evaluated configurations exhibited substantial differences in artifact
correctness, interaction reliability, runtime, and failure behavior. The findings show that local
agents can support parts of software-intensive data-engineering work, but they do not justify
unvalidated autonomous execution.

The largest observed performance shift is associated with the complete workspace condition.
Among non-2B models, pass rates are 26.7–52.0 percentage points higher than under one-shot
generation. The comparison does not isolate tool access from iterative context or revision, but it
demonstrates the engineering value of a configuration in which models can inspect files, execute
code, observe errors, and repair artifacts. Gains are greatest when intermediate states are locally
verifiable through parsers, executable scripts, numerical checks, or inspectable files.

The model sweep also identifies a resource–correctness trade-off. Qwen 3.6 27B dense attains
the highest pass rate at 85.3%, while Qwen 3.5 9B Q4 reaches 69.3% with an approximately
6.5 GB checkpoint. The smaller configuration may be suitable for validation-gated assistance on
constrained hardware, whereas the larger models reduce failures at higher memory or latency
cost. None of the measured pass rates removes the need for task-specific checkers.

MoE configurations occupy a favorable artifact-success–latency region, and the exploratory
precision comparison suggests that BF16 matters more at 4B than at 9B in this study. These
observations are configuration-specific rather than general claims about architecture or quan-
tization. More broadly, selecting an engineering agent requires evaluating artifact correctness
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together with latency, memory footprint, protocol reliability, and the availability of deterministic
validation.

The benchmark and replication package provide a basis for extending this empirical evaluation
to additional model families, agent scaffolds, hardware, and task suites. For software and data-
engineering teams, the central implication is not that a particular local model is universally
ready for deployment, but that complete agent configurations can be evaluated reproducibly
through the artifacts they produce. Workflows with explicit specifications and executable checks
offer the strongest setting for validation-gated LLM assistance.
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