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Abstract

Large language model (LLM) agents are be-
ing applied to structural analysis, but evalua-
tion is often reduced to executability and can
blur benchmark construction with agent capa-
bility. We present OpenSeesAgentBench, an
OpenSeesPy benchmark and executable reference
evaluation stack spanning OpenSeesQuery (90
questions), OpenSeesCodeBench (24 code tasks),
and OpenSeesWorkflowBench via the OpenSees-
BuildingBench calibration profile (900 workflow
cases). The workflow layer uses contract-first
evaluation with strict CaseSpec validation, fail-
closed checks, and bounded repair. In the current
paper we report only the reference stack, so the
workflow results should be read as a calibration
study rather than a head-to-head systems com-
parison: observed shard expected-match rates of
89.33%, 70.33%, and 60.67% stay within one
case of the profile targets. These results show
that the released workflow profile preserves its in-
tended difficulty under executable expansion and
provides an auditable benchmark for future com-
parative evaluation; they do not, by themselves,
establish superiority of a particular agent architec-
ture.

1. Introduction

Earthquake engineering and seismic simulation rely on
workflows that must translate scientific intent into valid
structural models, ground-motion inputs, numerical inte-
gration settings, recorder configurations, and postprocess
artifacts. In practice, even small errors in model topology,
damping, time stepping, or output specification can make
a run scientifically useless. Success is therefore not simply
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Figure 1. Current release overview of OpenSeesAgent-
Bench. The benchmark is organized into three layers:

OpenSeesQuery for domain knowledge, OpenSeesCodeBench for
prompt-driven OpenSeesPy generation and numerical checking,
and OpenSeesWorkflowBench for contract-based end-to-end ex-
ecution. In the present paper, the workflow layer is instantiated
by OpenSeesBuildingBench calibration profile, a 900-case profile
with easy, medium, and hard shards, and audited using the released
reference execution stack for planning, generation, execution, vali-
dation, and bounded repair.

obtaining one executable script, but producing an auditable
analysis whose assumptions, numerical behavior, and de-
liverables remain consistent with the intended engineering
question.

Large language models (LLMs) perform strongly on cod-
ing and interactive reasoning, and recent work shows that
agentic structural analysis is feasible. MASSE models
structural engineering as a coordinated multi-agent process,
lightweight OpenSeesPy agents improve reliability via role
decomposition, FeaGPT extends automation to FEA work-
flows, and Liu et al. improve beam-analysis reliability by
reframing the task as executable OpenSeesPy generation
(Liang et al., 2025b; Geng et al., 2025; Qi et al., 2025; Liu
et al., 2025). However, current evaluation remains largely
system-centric: domain knowledge, code generation, work-
flow control, generalization, and repair are often collapsed
into a single outcome, making it difficult to identify what
failed and why. We therefore argue that the missing evalua-
tion unit is the scientific contract: the agent must produce
the intended model, satisfy numerical and recorder con-
straints, surface failures under fail-closed checks, repair
them within bounded budgets, and leave behind artifacts
that another researcher can audit.

We address this gap with OpenSeesAgentBench (Figure 1),
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an implemented OpenSeesPy-centered benchmark and
reference evaluation stack. This paper intentionally focuses
on the current executable release rather than a broader
multi-solver orchestration vision so that the evaluation
contract remains concrete, reproducible, and auditable. The
released suite spans three complementary competencies:
domain knowledge through OpenSeesQuery, prompt-
driven code generation and numerical reasoning through
OpenSeesCodeBench, and end-to-end workflow execution
through OpenSeesWorkflowBench. In the present study,
however, the new quantitative evidence is concentrated in
the workflow layer, instantiated by OpenSeesBuildingBench
calibration profile, a 900-case profile sharded into easy,
medium, and hard subsets with target expected-match rates
of 89.67%, 70.33%, and 60.67%. To support reproducible
use of this evaluation contract, we release a reference
multi-agent execution stack in src/opensees_agent/:
planner — input_-writer — local_runner
— reviewer (loop) — visualization. The
system uses a strict Pydantic CaseSpec contract, fail-
closed validation, preflight checks, and bounded three-stage
repair.

This paper makes three contributions. First, we distill a de-
sign agenda for evaluating Al-scientist-style systems in sim-
ulation sciences, centered on contract-first tasks, capability
separation, fail-closed validation, bounded repair, difficulty
calibration, and auditable outputs (Section 2). Second, we
instantiate this agenda in a released OpenSeesPy benchmark
that jointly defines domain-knowledge, code-generation,
and end-to-end workflow evaluation under explicit case con-
tracts. Third, we report the first workflow calibration study
on OpenSeesBuildingBench calibration profile: the released
reference stack produces shard-level expected-match rates
of 89.33%, 70.33%, and 60.67%, staying within one case
of the calibration targets overall. We interpret this result as
evidence that the executable workflow profile preserves its
intended shard-level difficulty and auditing contract. Be-
cause the present draft reports only the full reference stack,
it should be read as benchmark validation and reference-
stack release rather than as a final ranking of orchestration
strategies.

2. Related Work

LLMs in Structural and Earthquake Engineering
Large language models are being explored for structural
design support, code consultation, numerical-analysis as-
sistance, and building-model authoring (Xie et al., 2025).
Prior work shows that natural-language interfaces can aid
structural optimization, that prompting and in-context learn-
ing can improve structural-analysis workflows, and that
multi-agent systems can support code-compliant design and
engineering decisions (Qin et al., 2024; Liang et al., 2025a;
Avila et al., 2025; Liu et al., 2025; Geng et al., 2025; Chen

& Bao, 2025; Du et al., 2025; Deng et al., 2025; Youwai
et al., 2025). Liu et al. further show that replacing free-
form answers with executable OpenSeesPy code improves
reliability on a beam-analysis benchmark (Liu et al., 2025),
while retrieval-augmented and multimodal systems have
also been applied to safety and code consultation (Fan et al.,
2024; Adil et al., 2025; Joffe et al., 2025; Aqib et al., 2025).
These studies demonstrate utility across subtasks, but they
do not provide a reusable benchmark for agentic structural
analysis.

Agentic OpenSeesPy and Finite Element Workflows
The closest line of work applies agents directly to structural
or finite element simulation. MASSE formulates structural
engineering as a coordinated multi-agent workflow (Liang
et al., 2025b); a lightweight 2D-frame system shows that
decomposed OpenSeesPy modeling can outperform mono-
lithic prompting (Geng et al., 2025); Liu et al. combine code
generation and execution for more reliable beam analysis,
but on a narrow eight-problem benchmark (Liu et al., 2025);
and FeaGPT extends the idea to broader FEA automation
(Qi et al., 2025). Together these works show feasibility, but
they remain largely system-centric and use heterogeneous
evaluation protocols. They also do not cleanly separate
knowledge, code, and workflow capabilities, or enforce fail-
closed diagnosis and bounded repair under a shared contract
(Han et al., 2026). OpenSeesAgentBench is intended to
evaluate exactly these dimensions within one OpenSeesPy-
centered benchmark.

Multi-Agent Workflow Systems and Scientific-Agent In-
frastructure More broadly, multi-agent systems such as
ChatDev, HyperAgent, MetaGPT, Magentic-One, and Auto-
Gen show the value of role specialization for long-horizon
tool use (Qian et al., 2023; Phan et al., 2024; Hong et al.,
2023; Fourney et al., 2024; Wu et al., 2023). ReAct, Tree-of-
Thoughts, and state-driven orchestration motivate control-
lable reasoning and tool use (Yao et al., 2023b;a; Wu et al.,
2024), while recent analyses highlight brittle coordination
and long-horizon instability (Cemri et al., 2025; Microsoft
Corporation, 2025; Xiong et al., 2025; Sinha et al., 2025).
This literature motivates our reference architecture, but not
a domain-specific benchmark. OpenSees workflows im-
pose tighter scientific constraints than generic coding tasks
because model topology, numerical settings, recorder con-
tracts, physical plausibility, and repair actions must remain
mutually consistent.

Benchmarks for Scientific Reasoning, Code, and Agents
Scientific and agentic evaluation already has a broad bench-
mark ecosystem (Rein et al., 2024; Wang et al., 2023; Glazer
et al., 2024; Zhang et al., 2025; Lee et al., 2023; Cui et al.,
2025; Starace et al., 2025; Bogin et al., 2024; Siegel et al.,
2024; Chen et al., 2024; Majumder et al., 2024; Mitch-
ener et al., 2025). Coding benchmarks such as MBPP, Hu-
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Figure 2. Reference agent architecture for the current release.
A natural-language request is first mapped to a typed CaseSpec
by the planner, then expanded by the input writer into dependent
OpenSeesPy artifacts, executed by the local runner, and passed
through validation and a bounded reviewer loop before visual-
ization and auditable outputs are produced. The implemented
path is planner — input_writer — local_runner
— reviewer (loop) — visualization.

manEval, DS-1000, and SWE-Bench test synthesis and de-
bugging, but not whether an agent can produce a physically
meaningful, auditable OpenSeesPy workflow (Austin et al.,
2021; Chen et al., 2021; Lai et al., 2023; Jimenez et al.,
2023). Closer resources include FEABench and structural-
engineering datasets such as DrafterBench, SOM-1K, and
LLM datasets for building static analysis (Li et al., 2025a;b;
Wan et al., 2025; Vega et al., 2025). However, they do
not jointly test the three capabilities central here: struc-
tural knowledge, prompt-driven numerical code generation,
and calibrated end-to-end workflow execution with failure
repair.

Position of OpenSeesAgentBench OpenSeesAgent-
Bench fills this gap by shifting the contribution from another
agent architecture to a reusable benchmark and reference
evaluation stack. By narrowing the domain to OpenSeesPy,
it makes the evaluation contract scientifically concrete
while combining OpenSeesQuery, OpenSeesCodeBench,
and OpenSeesWorkflowBench | OpenSeesBuildingBench
calibration profile. The benchmark therefore measures not
only whether an agent can generate runnable OpenSeesPy
code, but also whether it can meet calibrated workflow
targets under prompt and wrapper variation, diagnose
benchmark-defined failures, and repair them within a
bounded budget.

3. OpenSeesAgentBench: current
implemented benchmark and reference
agent

This section defines the benchmark, the reference agent, and

the scoring protocol used throughout the paper. Our goal is

to make the evaluation contract explicit before presenting

performance claims: we first specify what is measured, then
how cases are constructed, and finally how success is scored.

OpenSeesAgentBench is an OpenSeesPy-centered bench-

mark for earthquake-engineering workflows. It is or-
ganized into three layers with increasing operational
scope: OpenSeesQuery measures prerequisite domain
knowledge, OpenSeesCodeBench isolates prompt-to-code
generation and numerical reasoning, and OpenSeesWork-
flowBench measures end-to-end execution under validation
and bounded repair. For the present difficulty-controlled
study, the workflow layer is instantiated by OpenSeesBuild-
ingBench calibration profile, a 900-case profile sharded
into easy, medium, and hard sets (300 each) with target
expected-match rates near 90%, 70%, and 60%. Table 1
summarizes this benchmark design.

3.1. Reference Multi-Agent System

The reference system implemented in
src/opensees_agent/ is a lightweight but exe-
cutable OpenSeesPy workflow agent built around a typed
intermediate contract rather than direct monolithic code
generation. The current graph is

planner — input_writer — local_runner

— reviewer (loop) — visualization

and is instantiated as a LangGraph state machine with ex-
plicit routing after planning, running, and reviewing. The
same implementation also exposes a FastMCP interface
with tools for plan, generate_files, run, review,
apply_fixes,visualize,andmonitor. Rather than
prompting one model to emit a full solver script in one step,
the system maintains explicit intermediate state and records
stage transitions in monitor. jsonl. Figure 2 summa-
rizes this contract-driven execution flow.

Typed contract: CaseSpec The central interface is a
strict Pydantic CaseSpec. In the current implementa-
tion, CaseSpec explicitly constrains the model family,
geometry, material/section parameters, boundary condi-
tions, mass assignment, damping, excitation, analysis setup,
recorders, and units. The supported model families are
sdof, 2d_frame, and 3d_frame, with corresponding
ndm/ndf combinations (1,1), (2,3), and (3,6). The cur-
rent analysis scope is intentionally narrow: transient anal-
ysis only, with Newmark time integration, Newton itera-
tion, Rayleigh damping, and either synthetic sinusoidal or
file-based ground-motion input. This contract is therefore
not only a serialization format, but a fail-closed interface
between natural-language requirements, generated solver
artifacts, and benchmark evaluation.

Planner The planner maps a natural-language user re-
quest into a validated CaseSpec. It combines a domain
guard, OpenSees-specific retrieval, and optional LLM syn-
thesis. Importantly, planning is not purely generative: when
retrieval confidence is low, the planner skips LLM-based
case-spec synthesis and falls back to deterministic template
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Table 1. Benchmark structure summary for the current release. Quantitative benchmark information is reported in table form: layer size,
task unit, primary metric, and the workflow calibration targets used in the present paper run.

Layer Scope Size Task unit Primary metric / target
OpenSeesQuery Domain knowledge 90  Multiple-choice question Accuracy
OpenSeesCodeBench Code + numerical reasoning 24 Prompt-driven task Executability + error + convergence
OpenSeesWorkflowBench / calibration profile End-to-end workflow 900 Workflow case EMR targets: 89.67% / 70.33% / 60.67%

construction. It also supports direct CaseSpec override
for controlled experiments and debugging. This design sep-
arates language understanding from configuration validity
and makes prompt-only evaluation analyzable.

Input writer Conditioned on a validated CaseSpec,
the input writer emits five artifacts in a fixed dependency
order: case_spec.json, model builder.py,
analysis_runner.py, postprocess.py, and
opensees model.py. This order is implementation-
critical: later files inherit a summarized dependency context
from earlier ones so that node labels, section definitions,
recorder settings, and output paths remain consistent.
The generated model_builder.py currently contains
separate templates for sdof, 2d_frame, and 3d_frame;
the generated analysis_runner.py handles both
synthetic and file-based motion input, computes Rayleigh
damping from eigenvalues, runs transient analysis, and
writes both roof-response and nodal-history artifacts.

Runner and fail-closed execution The execution stage
is implemented around local case execution, preflight en-
vironment checks, and strict post-run validation. Be-
fore generation and execution, the CLI runs preflight
checks for Python/OpenSeesPy import failures and other
environment issues. During execution, the agent
records logs and structured summaries such as run. out,
run.err, opensees_agent_summary.json, and
monitor.jsonl. In addition to single-case execu-
tion, the current implementation supports local parallel
batch runs over a directory of ground-motion files via
--batch-ground-motions—-dir, automatically nor-
malizing file-based excitation dt and duration into the gen-
erated CaseSpec.

Validation and output artifacts The implementa-
tion is deliberately fail-closed: a run is not ac-
cepted merely because the Python process termi-
nates. The generated workflow writes response his-
tories to results/response.csv, nodal histories
to results/nodal_disp_history.csv, and model
metadata to results/model _metadata. json. Visu-
alization then converts these artifacts into static plots and,
for 3D cases, deformed-configuration animations when the
necessary metadata and nodal histories are available. At the
top level, the run summary records termination reason, run
status, validation status, metrics, error category, retrieval
trace, fix attempts, and the current workflow stage.

Reviewer and bounded repair If execution or validation
fails, the reviewer enters a bounded repair loop. The
current implementation is explicitly rule-first rather than
fully free-form. First, error logs are mapped into a struc-
tured error taxonomy including TAG_DUPLICATE,
EIGEN_FATIL, CONVERGENCE_FATIL,
TIME_STEP_FAIL, NUMERICAL_DIVERGENCE,
MOTION_INPUT_INVALID,
PYTHON_RUNTIME_ERROR,
MATERIAL_PARAM_INVALID, GEOM_TRANSF_ERROR,
MISSING_RECORDER, IMPORT_ENV,
VALIDATION_FAIL, and DOMAIN MISMATCH. The sys-
tem then applies deterministic file-level rewrite templates
for the selected category. Only in later fix stages does it
allow LLM-assisted rewrite planning, and even then, edits
are filtered to an allowed set of generated files. This design
keeps repair auditable and prevents unconstrained post-hoc
rewriting.

Implementation scope and current limits The present
agent is best understood as a typed OpenSeesPy execution
stack rather than a general multi-solver orchestration system.
The implementation already supports three structural fami-
lies (sdof, 2d_frame, 3d_frame), local execution, local
parallel batch processing over multiple motions, strict valida-
tion, and MCP exposure. At the same time, the current path
remains intentionally lightweight: it is centered on transient
response workflows, local execution is the primary path,
and robustness comes from typed contracts, deterministic
guards, and bounded repair rather than from unconstrained
autonomous exploration.

3.2. Benchmark Layers

OpenSeesQuery OpenSeesQuery is the prerequisite-
knowledge layer. The current release contains 90 four-
choice questions covering structural dynamics, damping,
numerical integration, convergence diagnostics, ground-
motion handling, OpenSees API usage, recorder design,
and validation logic. [Each item stores id, split,
difficulty, topic, stem, choices, answer,
rationale, and tags. The intent is to test whether an
agent has the conceptual knowledge required to interpret
engineering requests before generating solver artifacts.

OpenSeesCodeBench OpenSeesCodeBench is the code-
generation and numerical-reasoning layer. The current
release contains 24 tasks. Each task provides a natural-
language prompt together with a structured problem speci-
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fication containing the governing equation, boundary con-
ditions, initial conditions, domain definition, saved values,
and numerical method. In official prompt_only mode,
the agent receives only the prompt plus structured payload
injection; in spec_injection mode, the benchmark di-
rectly supplies the intended CaseSpec for scoring and
debugging. Each task is evaluated at coarse, medium, and
fine resolutions against a reference OpenSeesPy realization
so that executability can be separated from numerical cor-
rectness.

OpenSeesWorkflowBench and OpenSeesBuildingBench
The workflow layer used in the current difficulty-calibration
study is instantiated by OpenSeesBuildingBench calibration
profile. This profile contains 900 workflow cases in total,
split into 300 easy, 300 medium, and 300 hard cases. This
calibration profile is a difficulty-controlled set rather than a
new public/hidden split. Each difficulty shard is generated
from an empirically calibrated building seed set and pre-
serves success/failure semantics by cloning both matched
and mismatched seeds. The building archetype space is
fixed to eight 2D/3D families: 2d.regular_low,
2d.-regular_mid, 2dbraced.mid,
2d_soft_story, 3d.regular_low,
3d_.regularmid, 3d_torsional, and 3d_setback.
In other words, it is designed as a calibrated evaluation
profile, not as an arbitrary collection of prompts.

Although cases are stratified by difficulty, they still fol-
low realistic seismic-analysis workflows. Each case
starts from a structural archetype and requests lin-
ear transient OpenSeesPy analysis under synthetic or
file-based ground motion, with optional monitor, re-
pair, and visualization actions and postprocess deliver-
ables such as modal_summary, drift_envelope, and
story_shear_summary. Fault-injection episodes re-
main present through invalid-input diagnosis, time-step rec-
onciliation, recorder restoration, or bounded repair. Each
repair case includes an episode_spec that records the
injected fault, expected diagnosis, allowed repairs, and max-
imum repair steps.

Prompt robustness and workflow-wrapper diver-
sity The calibration profile embeds prompt diversity
directly in the benchmark rather than treating ro-
bustness as a separate afterthought. Each source
seed is expanded using seven prompt realizations—
canonical, surface_reorder,bullet_rewrite,
compressed_synonym, freeform_prose_hard,
noisy_context_hard, and mixed_locale_hard—
and five workflow  wrappers—design_brief,
peer_review, ga_note, consultant_request,
and handoff_memo. This forces the agent to solve
the same engineering task under varied linguistic and
operational framing while preserving calibrated difficulty
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Figure 3. Deterministic dataset construction and split gen-
eration. OpenSeesQuery is assembled from topic templates
with reviewed answer keys, OpenSeesCodeBench is expanded
from fixed SDOF, 2D-frame, and 3D-frame OpenSees tem-
plates under controlled numerical settings, and OpenSeesWork-
flowBench is generated from a calibrated building seed set
through prompt perturbations, workflow wrappers, and explicit
expected._case_contracts. The resulting workflow profile
is sharded into 300 easy, 300 medium, and 300 hard cases.

semantics.

3.3. Dataset Construction and Splits

All benchmark layers are generated through deterministic
builders in the repository rather than ad hoc prompt collec-
tion. Figure 3 summarizes this reproducible build process.
Query items are programmatically assembled from topic
templates and reviewed answer keys. CodeBench tasks are
constructed from fixed OpenSees templates for SDOF, 2D
frame, and 3D frame families, then expanded over damping,
geometry, excitation, and robustness settings. For workflow
calibration, the profile builder starts from an empirically
calibrated building seed set and expands it by perturbation
mode and workflow wrapper. Every resulting case stores
an expected_case_contract, so evaluation can dis-
tinguish mere executability from true task grounding. Diffi-
culty labels are tied to explicit target success counts from
previously measured seed behavior, which keeps compar-
isons interpretable across perturbation modes and wrappers.

For actual execution, the 900 workflow cases are sharded
by difficulty into three case directories: easy, medium,
and hard, each containing 300 cases. This sharding keeps
runtime manageable and enables direct comparison against
calibrated targets of 269,/300, 211,/300, and 182/300.

3.4. Evaluation Metrics

OpenSeesQuery OpenSeesQuery is scored by exact
multiple-choice accuracy, reported overall and by split/topic.
The full formal definition is deferred to Appendix C.

OpenSeesCodeBench OpenSeesCodeBench uses a con-
junctive task-success criterion over executability, relative-
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error tolerance, and numerical-convergence checks. We
report only the aggregate benchmark score in the main text;
the binary component checks and formal success definition
are deferred to Appendix C.

OpenSeesWorkflowBench Workflow evaluation is
stricter than raw process execution. For each case, the
benchmark records termination reason, validation status,
generated artifacts, and expected metric checks. We define
a binary match indicator

MO termination, validation, and metric checks
flow ™ match the benchmark specification

The primary workflow score is the expected match rate,
| X
_ (4)
EMR = — > M),
i=1

This score is reported overall and by split, archetype, motion
source, regime, and visibility.

For OpenSeesBuildingBench calibration profile, we addi-
tionally report the easy, medium, and hard expected match
rates, together with deviation from the target success rates
89.67%, 70.33%, and 60.67%. The primary difficulty-
calibration score is still expected match rate. The bench-
mark is designed to preserve target difficulty, not merely to
maximize a leaderboard number.

Prompt robustness metrics For prompt-perturbation
evaluation, we report overall completed rate and overall
expected match rate together with per-perturbation and per-
wrapper breakdowns. In the calibration profile, perturba-
tions are embedded directly in benchmark cases, so robust-
ness metrics test whether the same engineering contract
remains satisfiable under instruction drift and operational
reframing.

Suite-level gates The current implementation uses layer-
wise gates to define suite success. A run passes the suite
if query accuracy is at least 0.70, CodeBench success is at
least 0.70, and workflow expected match rate is at least 0.85.
In addition, a separate spec health run evaluates whether
spec_injection achieves at least 0.90 CodeBench suc-
cess, which serves as a sanity check that the evaluator itself
is well-posed.

3.5. Reproducibility and Release Artifacts

The repository produces a paper-style output bundle
containing raw reports, aggregate JSON summaries,
CSV/Markdown/LaTeX tables, figures, command logs, en-
vironment snapshots, dataset cards, datasheets, and Crois-
sant metadata. The final paper experiment used in this
work stores its full provenance in run_manifest. json,
paper_experiment_report. json, and the repro/

directory. This design makes the benchmark auditable at
both the case level and the aggregate level. All builders
are versioned with deterministic seeds and split manifests,
allowing independent reruns to regenerate identical case
identifiers and expected-contract files across machines and
release dates. At the same time, the public release pipeline
intentionally remains fail-closed: strict publication valida-
tion only succeeds once external hosting targets and final
license approval are explicitly provided.

4. Experiments and Results

This section reports the current workflow calibration
study on OpenSeesBuildingBench calibration profile, the
difficulty-controlled 900-case profile used in the present pa-
per run. The emphasis is benchmark fidelity and executable
auditability rather than raw agent saturation: the central
question is whether observed expected-match rates track
the intended calibration targets across easy, medium, and
hard shards once the workflow profile is materialized into
runnable cases.

4.1. Experimental Setup

The released benchmark remains three-layered:
OpenSeesQuery contains 90 multiple-choice ques-
tions and OpenSeesCodeBench contains 24 prompt-driven
OpenSeesPy code-generation tasks. In this revision,
however, the new quantitative evidence is concentrated in
the workflow layer. The third layer is instantiated here by
OpenSeesBuildingBench calibration profile, a 900-case
profile sharded into easy, medium, and hard subsets
with 300 cases each.

The calibration profile is expanded from an empirically cali-
brated building seed set. Because the expansion procedure
is designed to preserve benchmark-defined success/failure
semantics across matched and mismatched variants, the
primary quantitative role of the present run is internal cali-
bration checking: can the released reference stack execute
the expanded corpus while preserving the intended shard-
level difficulty profile under prompt and wrapper variation?
These numbers should therefore be read as evidence about
benchmark construction and executable reproducibility, not
as independent proof of broad structural-analysis general-
ization.

Query and CodeBench are unchanged in this revision and
are included as released benchmark components with fixed
scoring protocols. The current paper does not yet add new
cross-model or prompt-regime comparisons for those layers,
so the workflow layer carries the main empirical load.

We evaluate the offline reference execution stack on the
three calibration shards under prompt_only execution
with strict validation enabled. Because this is a calibration
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profile rather than a public/hidden split, the key comparison
in this draft is between observed shard-level performance
and the calibrated shard targets summarized in Table 2.

A complete comparative systems study on this bench-
mark should evaluate at least five configurations under
one shared contract: a single-agent baseline, a MASSE-
like role-decomposed baseline, a lightweight 2DFrame-like
OpenSeesPy baseline, a FeaGPT-like end-to-end FEA base-
line, and the full reference system, as summarized in Ap-
pendix Table 3. The current paper reports only the full
reference stack, so the numbers below should be interpreted
as benchmark-calibration and reference-stack audit results,
not as isolating the gains of any particular orchestration
strategy.

Workflow performance is measured by expected match rate
rather than raw completion. A case counts as matched
only if termination reason, validation status, metric bounds,
and expected_case_contract agree with the bench-
mark specification. For the calibration profile we report
completed rate and expected match rate by difficulty shard,
together with deviation from the calibrated targets in both
cases and percentage points. This makes it possible to sep-
arate operational completion from benchmark-level task
satisfaction.

4.2. Results

Table 2 is the primary quantitative summary for the work-
flow calibration study. The medium and hard shards match
the calibrated expected-match targets exactly, the easy shard
differs by one case, and the overall result stays within one
case of the 900-case target. Our main interpretation is there-
fore not that the reference stack is uniquely strong, but
that the executable calibration profile preserves its intended
shard-level difficulty after expansion and contract-based
evaluation.

The hard shard deserves an explicit caveat. One split runner
became unstable after emitting partial case directories but
before writing a top-level report. The reported hard aggre-
gate is therefore an audited reconstruction assembled from
completed shard reports, reconstructed crash-interrupted
segments, and a direct rerun of the final case. This is suf-
ficient for calibration accounting, but it is weaker than a
clean single-pass report and should not be over-interpreted
as fine-grained evidence about architectural advantage.

Table 2 also shows that completed rate remains above ex-
pected match rate, with the gap widening on the harder
shards. Many cases still run to completion but fail contract-
level checks. This is a useful property of the benchmark
because it distinguishes executability from contract satis-
faction and prevents inflated scores from partially correct
workflows.

Unlike the earlier workflow study, the calibration profile
does not treat prompt perturbation as a separate side bench-
mark. The 900-case corpus already mixes seven prompt
realizations and five workflow wrappers inside the diffi-
culty shards, so the shard-level expected-match rates jointly
reflect robustness to instruction drift and robustness to oper-
ational framing while holding the physical engineering task
fixed. Here again, the point is benchmark design: robustness
is baked into the evaluation profile rather than introduced as
a post hoc stress test.

To complement the aggregate calibration metrics, Figure 4
presents four qualitative execution examples drawn from the
calibration profile. These panels provide case-level illustra-
tions of the outputs produced by the workflow benchmark
under prompt and wrapper variation. They support quali-
tative interpretation of the benchmark behavior, while the
primary quantitative conclusions still come from the shard-
level calibration results.

4.2.1. DISCUSSION

The updated workflow evaluation is more informative than
the earlier saturated release because it no longer treats 100%
success as the only meaningful outcome. For this paper, the
key question is whether the workflow benchmark retains a
calibrated difficulty profile after executable expansion and
whether the released reference stack materializes that profile
under the stated contract. Because the calibration profile
is derived from empirically calibrated seeds and the expan-
sion procedure is designed to preserve benchmark-defined
success/failure semantics, agreement with the shard targets
should be read primarily as an internal fidelity result. It
shows that the current benchmark construction does not col-
lapse into a trivial executability test and that the released ex-
ecution stack is sufficiently stable to reproduce the intended
profile in practice, while not yet establishing independent
difficulty validation, generalization beyond the calibrated
profile, or superiority over alternative agent organizations.
Because prompt perturbations and workflow wrappers are
embedded into the cases themselves, the shard-level scores
should be read as calibrated operational metrics rather than
as a standalone paraphrase benchmark.

4.2.2. LIMITATIONS

First, Query and CodeBench are part of the released bench-
mark but are not newly stress-tested in this revision, so the
new evidence is concentrated in the workflow layer. Second,
because the workflow profile is expanded from calibrated
seeds that preserve benchmark-defined success/failure se-
mantics, matching target expected-match rates is evidence
of benchmark fidelity rather than non-circular external dif-
ficulty validation. Third, this is a local calibration pro-
file rather than a public/hidden release split, and the draft
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Table 2. Primary quantitative results on OpenSeesBuildingBench calibration profile. The table should be read as a workflow calibration
audit of the released reference stack, reporting target counts/rates, completed counts/rates, observed match counts/rates, and deviation
from the calibrated target.

Shard Target Target EMR Completed Comp. rate Observed Observed EMR Deviation
Easy 269/300 89.67% 299/300 99.67% 268/300 89.33% —1 case/ —0.33 pp
Medium 211/300 70.33% 265/300 88.33% 211/300 70.33% 0 case / 0.00 pp
Hard 182/300 60.67% 196,/300 65.33% 182/300 60.67% 0 case / 0.00 pp
Overall  662/900 73.56% 760/900 84.44% 661/900 73.44% —1case/—0.11 pp
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Figure 4. Qualitative execution examples from OpenSeesBuildingBench calibration profile, shown for cases 01, 04, 08, and 11. These
panels illustrate representative case-level outputs and complement the aggregate calibration results, but they are not introduced as separate

quantitative metrics.

still lacks the key five-way comparison among single-agent,
MASSE-like, 2DFrame-like, FeaGPT-like, and full-system
baselines under one evaluator (Appendix Table 3). Fourth,
the hard-shard aggregate includes an audited reconstruc-
tion after runner instability, and repair success remains an
auxiliary rather than primary calibration diagnostic.

5. Conclusion

We introduce OpenSeesAgentBench, an OpenSeesPy
benchmark and executable reference evaluation stack
for structural-analysis agents. The release spans
OpenSeesQuery, OpenSeesCodeBench, and OpenSeesWork-
flowBench; this paper focuses on the workflow-layer

OpenSeesBuildingBench calibration profile.

The reference stack couples a strict CaseSpec planner
with dependency-aware generation, execution checks, and
bounded repair. On the calibration profile it reaches
expected-match rates of 89.33%, 70.33%, and 60.67%,
within one case of the 900-case target overall. We read
this as benchmark-calibration evidence rather than an ar-
chitectural ranking. The next step is controlled compar-
ison with single-agent, MASSE-like, 2DFrame-like, and
FeaGPT-like baselines, together with cleaner hard-shard
reruns and stronger independent difficulty validation.
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A. Supplementary System, Benchmark, and Release Details

This appendix documents the currently implemented OpenSeesPy-centered benchmark and reference agent used in this
paper. The repository is centered on OpenSeesPy rather than heterogeneous routing across multiple production simulators.
Accordingly, the appendix focuses on the implemented execution contract, benchmark layers, evaluator behavior, and
reproducibility artifacts exposed by the current codebase.

A.1. Implemented Benchmark Layers

The current benchmark stack contains three layers:

* OpenSeesQuery: 90 multiple-choice questions covering structural dynamics, damping, numerical integration, recorder
design, OpenSeesPy API usage, and validation logic.

¢ OpenSeesCodeBench: 24 prompt-driven code-generation and numerical-reasoning tasks.

* OpenSeesWorkflowBench: the end-to-end workflow layer used for prompt-to-artifact-to-execution evaluation under
validation and bounded repair.

The benchmark is OpenSeesPy-centered by design: its purpose is to evaluate whether an agent can transform natural-
language structural-analysis requests into validated OpenSeesPy artifacts with auditable outputs. The current release is
intentionally narrower than a broader multi-solver orchestration vision and should be interpreted as a reproducible benchmark
and reference execution stack for structural dynamics workflows.

A.2. Reference Agent: Current Implemented Workflow
The reference agent is implemented in src/opensees_agent/ and follows a staged LangGraph workflow:

planner = input_writer — local_runner — reviewer (loop) — visualization.

This design is intentional. Rather than prompting a monolithic script directly from a user request, the system makes
intermediate state explicit through a strict Pydantic-validated CaseSpec. The CaseSpec contract records the intended
model family, geometry, material/section parameters, mass and damping settings, excitation, analysis setup, recorder
configuration, and units. The same contract is used for generation, execution, validation, and audit logging.

Planner The planner maps a natural-language user requirement into a validated CaseSpec. It combines a domain guard,
OpenSees-specific retrieval, and optional LLM synthesis. If LLM access is unavailable or retrieval confidence is too weak,
the planner can fall back to deterministic template-based construction. This design separates language understanding from
configuration validity and makes prompt-only evaluation analyzable.

Input writer Conditioned on the validated CaseSpec, the input writer emits the following artifacts in fixed dependency
order:

* case_spec.json

* model builder.py

* analysis_runner.py
* postprocess.py

* opensees_model.py

The dependency order is implementation-critical because later files inherit a summarized dependency context from earlier
ones. This preserves consistency of node labels, section definitions, recorder configuration, and output paths.
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Runner and fail-closed validation The runner executes the generated OpenSeesPy workflow in a case directory and
writes structured outputs such as:

* run.out, run.err

e results/response.csv

* planning_summary. json

* opensees_agent_summary.json

* monitor. jsonl

Before execution, the system performs preflight checks for Python/OpenSeesPy import failures and environment issues.
Runtime acceptance is fail-closed: a case is accepted only if both execution and post-run validation succeed. Validation
checks include finite outputs, CSV schema consistency, response-order sanity, and task-dependent output requirements.

Reviewer and bounded repair If execution or validation fails, the reviewer enters a bounded repair loop. The current
implementation uses a three-stage policy:

1. deterministic rule-based repair;
2. constrained LLM rewrite with allowed-file restrictions;

3. conservative fallback.

The reviewer therefore does not perform unconstrained self-modification; instead, it applies bounded post-execution
correction under an explicit failure taxonomy and repair budget.

Visualization If requested or enabled, the visualization stage converts generated response histories into static artifacts
such as response . png. For 3D cases, the implementation may also emit deformed-configuration visual outputs when
the required metadata and nodal histories are present.

A.3. Implementation Scope and Current Limits

The present implementation should be interpreted as a typed OpenSeesPy execution stack rather than a general multi-solver
orchestration framework. It already supports:

¢ model families sdof, 2d_frame, and 3d_frame;

¢ local case execution;

¢ local parallel batch runs over a directory of ground-motion files;
¢ strict validation;

* MCP exposure of planning, generation, execution, review, fixing, visualization, and monitoring.

At the same time, the current OpenSeesPy path remains intentionally lightweight. The implementation is centered on
transient workflows and local execution, and robustness comes primarily from typed contracts, deterministic guards, and
bounded repair. The migration notes also still describe the OpenSeesPy path as experimental and list MCP hardening,
SLURM backend maturation, nonlinear extension, and regression benchmarking as next implementation priorities.

A.4. Minimum Comparative Configurations

A complete systems comparison on this benchmark should evaluate five configurations under one shared contract-first
evaluator. Table 3 summarizes the minimum comparison set referenced in the main text. The table records intended
comparison roles only; it does not report quantitative results because the present paper executes only the full reference
system.
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Table 3. Minimum comparative configurations for a controlled systems study on OpenSeesBuildingBench calibration profile. All
configurations should be evaluated under the same CaseSpec contract, validator, and expected-match protocol.

Configuration Comparison role Representative structure Status

Single-agent baseline Minimal no-decomposition base- One agent or one prompt loop handles plan- Not reported
line for prompt-to-artifact gener- ning, generation, execution feedback, and re-

ation and repair pair

MASSE-like baseline Role-decomposed  structural- Multiple specialized agents coordinate plan- Not reported
engineering baseline ning, analysis design, and review

2DFrame-like base- Lightweight OpenSeesPy- Small multi-agent pipeline focused on Not reported

line specific decomposition baseline  OpenSeesPy artifact generation and validation

FeaGPT-like baseline End-to-end FEA automation Broader task-to-workflow automation with tool Not reported
baseline orchestration across analysis stages

Reference system Current typed contract-first sys- planner — input_-writer — Reported
tem local_runner — reviewer (loop)

— visualization

A.5. Execution Interfaces

The repository exposes two execution surfaces.
CLI surface The main entry point is opensees main.py. The implemented CLI supports:

e ——prompt_path

e ——output_dir

e ——always_visualize

* ——case-spec—-path

e ——batch-ground-motions-dir

e ——backend locall|slurm

e ——rag-mode faiss_hybrid]|lexical_only

e ——generation-mode sequential_dependency|parallel_no_context
e——strict-validation/—--no-strict-validation

s ——max-fix-per-category
MCP surface The repository also exposes a FastMCP server for staged external use. The current tool surface includes:

e plan

* generate_files
* run

* review

e apply_fixes

e visualize

e monitor

This MCP interface is important because it exposes the same typed workflow stages to external agent systems rather than
hiding them behind one monolithic CLI.
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B. Supplementary Agent Contract
B.1. Typed CaseSpec

The central wire format is CaseSpec. In the current implementation it explicitly constrains:

* model family;

» geometry and dimensionality;

* materials and sections;

* mass assignment;

* damping;

¢ excitation source and direction;

* analysis setup;

* recorder and output requirements;

* units.
The supported model families are:

¢ sdof
e 2d_frame

e 3d_frame

The current implementation is centered on transient analysis with Rayleigh damping and either synthetic or file-based
ground-motion input. This is important because the benchmark contract should reflect what the code actually supports,
rather than a broader future system vision.

B.2. Generated File Contract

The current OpenSeesPy path uses a stable artifact contract. The most important generated or emitted files are:

* case_spec.json

* model builder.py

* analysis_runner.py

* postprocess.py

* opensees_model.py

* run.out, run.err

* results/response.csv

* results/response.png

e planning_summary. json

* opensees_agent_summary.json

* monitor. jsonl
This contract matters because it gives the benchmark auditable intermediate state rather than only final success/failure labels.
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C. Supplementary Evaluator Specification
C.1. Layer-wise Metrics
OpenSeesQuery Query is scored by exact multiple-choice accuracy:
1N
Accuracy = N ;H‘[g, = y;].

OpenSeesCodeBench Each CodeBench task is successful only if all three binary checks pass:

* executability;
¢ relative error;

¢ convergence.

The task success indicator is: , ‘ ‘ ‘
M =W [ MG =1 A ME) =1 A MY, =1

code X conv

The benchmark score is the mean of M éé)d . over all tasks.

OpenSeesWorkflowBench Workflow tasks are scored using expected-match evaluation. A case is counted as matched
only if:

* the observed termination reason matches the benchmark expectation;

« validation status matches the benchmark expectation;

* required metric checks match the benchmark contract; and

* the structured expected case contract is satisfied.

The workflow score is the expected match rate:

K
1 ()
EMR = — Zl Mg .
C.2. Prompt Robustness Metrics

For prompt-perturbation evaluation, we report overall completed rate and overall expected match rate together with per-
perturbation and per-wrapper breakdowns. These metrics are intended to test whether the same engineering contract remains
satisfiable under instruction drift and operational reframing.

C.3. Suite Gates

The suite uses layer-wise gates:

* Query accuracy > 0.70
¢ CodeBench success rate > 0.70

* Workflow expected match rate > 0.85

All three must pass for suite success.

In addition, we run a separate spec health check in which CodeBench is executed in spec_injection mode. This check
is passed if CodeBench success is at least 0.90. The purpose of spec health is to verify evaluator soundness independently of
prompt-only generation quality.

16



OpenSeesAgentBench: Evaluating Agentic Structural Analysis

D. Supplementary Failure Taxonomy

The reviewer uses a structured failure taxonomy. The most important categories exposed by the current implementation are:

¢ MOTION_INPUT_INVALID
e TIME_STEP_FAIL

¢ CONVERGENCE_FATIL

¢ NUMERICAL_DIVERGENCE
¢ MATERIAL_PARAM_INVALID
¢ GEOM_TRANSF_ERROR

¢ PYTHON_RUNTIME_ERROR
¢ MISSING_RECORDER

e VALIDATION_FAIL

¢ IMPORT_ENV

¢ DOMAIN_MISMATCH

¢ UNKNOWN

These categories serve two purposes: they guide bounded repair in the reference agent, and they provide structured failure
traces for benchmark reporting.

E. Representative Example Tasks

E.1. Canonical Controlled Workflow Example

Example Controlled Prompt

Construct a 2D regular low-rise moment frame in OpenSeesPy. Use a three-story,
two-bay configuration, assign lumped floor masses, apply Rayleigh damping, run linear
time-history analysis under a synthetic ground motion, and save roof displacement plus
nodal response histories.

E.2. File-Motion Batch Example

Example Batch-Ground-Motion Prompt

Evaluate the same 3D frame archetype against all motions in the provided directory,
normalize motion dt from each file, run strict validation, and summarize failed jobs
by error category.

E.3. Repair Episode Example

Example Repair Episode

Initial run fails with:

RuntimeError: motion input invalid. Ground motion file not found:
./motions/missing_-fault.motion.csv

The agent must diagnose MOTION_INPUT_INVALID, restrict changes to the allowed file set,
and recover within the bounded repair budget.
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F. Reproducibility Notes

The implemented OpenSeesPy path writes structured provenance artifacts for both single-case and batch execution. Depend-
ing on the run mode, these include:

» per-case logs and generated files;

* planning_summary. json;

* opensees_agent_summary. json;

* opensees_agent_batch_summary. json;
* monitor. jsonl;

* response CSV and plot artifacts;

* aggregate benchmark reports and tables produced by the paper experiment scripts.

This design makes the benchmark auditable at both the case level and the aggregate level. The same artifact structure is also
what enables regression evaluation, bounded repair analysis, and future benchmark extension without changing the top-level
evaluation contract.
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