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Abstract. Simulation credibility assessment traditionally relies on sub-
stantial human expert involvement, making the process time-consuming
and difficult to scale. We propose AutoCred, an LLM-assisted frame-
work that automates credibility assessment while preserving transparency
and methodological rigor. The framework takes simulation time-series
data and a textual problem description as input. From these inputs, the
LLM constructs a structured conceptual model, generates credibility in-
dicators with normalized weights, and produces deterministic scripts for
diagnostic visualizations tailored to the simulation model. Evaluation is
centered on these visualizations rather than raw time-series data. Struc-
tured insights derived from the plots are used to score indicators, which
are then aggregated into a final credibility measure. A meta-validation
module iteratively checks internal consistency among assumptions, indi-
cators, weights, and scores. Experiments across multiple simulation do-
mains show that AutoCred assigns high credibility to valid configura-
tions and reliably detects inconsistencies with the stated model purpose.
The approach enables scalable and interpretable simulation credibility
assessment with reduced reliance on continuous human oversight.

Keywords: Simulation model validation · Model credibility · LLM-
assisted reasoning · Time-series data

1 Introduction

Simulation models have become key tools in scientific understanding, engineering
design, and policy decisions. Since simulation outputs frequently inform real-
world action, the trustworthiness of a model for its intended purpose is a central
concern. Establishing such credibility remains a demanding and largely expert-
driven task [15,8]. Analysts typically inspect diagnostic plots, examine modeling
assumptions, compare observed patterns with expected behaviors, and combine
these observations into a final credibility judgment. While effective, this process
requires substantial expert effort, scales poorly to large parameter studies, and
may yield different conclusions across evaluators due to subjective interpretation.
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Recent work aiming to reduce subjectivity and the required expert effort
has explored partial automation. For example, quantitative learning approaches
attempt to learn mappings from simulation outputs to credibility scores [19].
Although such methods reduce manual intervention, they rely on predefined
indicators and domain-specific design choices, which can make adaptation to
new simulation settings or revised modeling assumptions challenging.

In parallel, large language models (LLMs) have demonstrated the ability to
summarize domain knowledge, generate structured explanations, and explicate
their reasoning steps. They are pretrained on diverse text corpora that include
descriptions of dynamical systems, statistical models, and domain conventions.
This exposure suggests that they can reason about models of system evolution
over time by relating observed behavior to stated assumptions and objectives,
rather than relying solely on predefined numerical mappings. This observation
motivates the central question of this paper: Can the structured reasoning process
used by experts in simulation credibility assessment be operationalized through
LLM-generated intermediate artifacts, without task-specific training?

To address this question, we propose AutoCred, an LLM-assisted frame-
work that implements credibility assessment as a sequence of reasoning steps.

Conceptual 
Formalization

Evidence 
Construction

Evaluation Validation

Inputs

Credibility 
Score

Fig. 1. Overview of the AutoCred workflow.

Taking simulation time-series data and a textual problem description as in-
put, AutoCred structures credibility assessment into four stages (Fig. 1): con-
ceptual formalization, evidence construction, evaluation, and validation. Each
stage is executed using a large language model (represented by the robot icon)
and produces inspectable intermediate artifacts, allowing the final credibility
score to be traced back to observable patterns and documented reasoning steps.

AutoCred is implemented as a structured prompting workflow. In this con-
text, the main contributions of this work are:

– An LLM-driven simulation credibility assessment framework implemented
using structured prompting without additional training.

– A workflow that places diagnostic plots at the center of evaluation, using
them as direct evidence for credibility scoring.
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– An iterative meta-validation mechanism that enforces internal consistency
in the credibility assessment process.

2 Background and Related Work

Simulation credibility assessment lies at the core of modeling and simulation
practice, aiming to determine whether a model is sufficiently trustworthy for a
specific context of use [15,8]. Within the verification and validation (V&V) liter-
ature, credibility is established from accumulated evidence rather than a single
numerical metric [15,8]. Credibility requires both the adequacy of the model for
its purpose and the alignment of its implementation with its specification.

2.1 Simulation Credibility as Structured Evidence

In classical V&V frameworks, credibility is established by iteratively carrying out
the following steps [15]: checking the conceptual model, verifying the implemen-
tation, assessing operational behavior, and examining data validity. Evidence
collected across these steps is combined into an overall expert judgment.

This process relies heavily on human experts for examining diagnostic plots,
assessing modeling assumptions, and interpreting behavioral patterns in light of
domain expectations. Formal standards such as NASA-STD-7009 and its Credi-
bility Assessment Scale (CAS) decompose credibility into structured factors, em-
phasizing documentation and context [12]. CAS does not compute a single cred-
ibility value; instead, it structures evidence for evaluation by decision-makers.

2.2 Stylized Facts as Validation Targets

One common way to structure validation is through the use of stylized facts,
which describe recurring patterns in a system’s behavior while abstracting from
minor variations [11]. They serve as behavioral targets when models aim to re-
produce general tendencies rather than specific datasets, e.g., predator–prey os-
cillations in ecological systems or volatility clustering in financial time series [11].

Traditionally, stylized facts are expressed in natural language and assessed
through expert interpretation supported by visualization, limiting reproducibil-
ity. Recent work aimed to address this limitation by formalizing stylized facts in
a domain-specific language to enable rigorous statistical testing [18]. A challenge
of this approach is the requirement for experts to agree on shared definitions of
patterns and thresholds.

In contrast, AutoCred operates on natural language descriptions of styl-
ized facts and employs structured LLM-driven reasoning to interpret them. Ex-
pected behaviors described in the simulation specification are evaluated through
diagnostic visualizations and intermediate reasoning artifacts (cf. Fig. 1). This
preserves interpretability while allowing systematic assessment.
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2.3 Quantitative and Automated Credibility Assessment

To reduce manual effort, a nascent research thrust has begun exploring quanti-
tative and learning-based approaches that map simulation outputs to credibil-
ity indicators or scores. The Quantitative Learning Method (QLM) [19] learns
structured mappings from simulation outputs to credibility values from small
numbers of expert-provided scores. Cheng et al. [3] extend this direction with
an LLM-assisted framework that integrates metrics, visualizations, and expert
preference signals to construct evaluation criteria and weights.

These approaches depend on predefined indicators, labeled data, or domain-
specific metrics. Such dependencies can make transfer difficult when modeling
assumptions, evaluation criteria, or domains change. AutoCred does not train
domain-specific mappings. Instead, it uses a pretrained LLM to arrive at docu-
mented credibility assessments without requiring task-specific retraining.

2.4 Visualization-Centered Model Evaluation

Visualization plays a central role in simulation analysis. Diagnostic plots support
validity checks, identification of behavioral patterns, and anomaly detection [15].
In Bayesian workflows, posterior predictive checks treat visualization as primary
evidence for diagnosing model misfit and guiding refinement [5]. More recent
work frames diagnostic visualizations as tools for explaining why models fail
under certain conditions [6]. Similar perspectives appear in visual analysis of
time-dependent observables in complex simulations, where visualization supports
interpretation of dynamic behavior [4].

AutoCred builds on this perspective by placing diagnostic plots at the cen-
ter of the credibility assessment (cf. Fig. 1). Visualizations to assess the model’s
credibility are generated automatically and serve as structured evidence from
which insights are extracted and linked to credibility indicators.

2.5 LLMs and Structured Judgment

Besides producing end-to-end predictions, LLMs are capable of structured judg-
ment tasks by identifying relevant features, generating intermediate representa-
tions, and articulating reasoning steps. For instance, work on modeling human
moral judgment shows that LLMs can extract meaningful attributes and aggre-
gate them through reasoning mechanisms [7].

A recent work made use of these capabilities to infer conceptual models from
simulation code [13] to facilitate V&V efforts. In contrast, our work infers a
conceptual model from natural language and uses it as an intermediate step,
with the objective of determining overall credibility judgments automatically.

A well-known drawback of LLMs is their sensitivity to the prompting and the
possibility of generating hallucinations stemming from the probabilistic nature
of text generation and the diversity of the pretraining data. Self-reflection and
refinement of previous outputs has been shown to ameliorate these issues [10].
AutoCred employs this idea through iterative consistency checks and potential
correction of its credibility assessments.
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Fig. 2. AutoCred workflow. Parallelograms denote information entering or leaving
the system. Solid arrows indicate the main forward reasoning flow. Dashed arrows
denote contextual conditioning. The dotted feedback loop represents meta-validation
refinement. The robot icon denotes LLM-driven steps. Colors correspond to Fig. 1.

3 Methodology

We designed AutoCred based on three key requirements:

1. Context awareness. The credibility evaluation must remain tied to the
model’s objectives, assumptions, and intended use.

2. Evidence-based reasoning. The evaluation must provide a transparent
link between observable behaviors and the criteria used for assessment.

3. Internal coherence. Indicators, weights, and assigned scores must be logi-
cally consistent with one another and with the stated modeling assumptions.

Figure 2 presents the AutoCred workflow. AutoCred operates on two ex-
ternal inputs: (i) a simulation description, and (ii) multi-run simulation outputs.

The simulation description defines objectives, assumptions, and expected be-
haviors. The simulation time-series data provide observable realizations of the
modeled system. From these inputs, AutoCred constructs a sequence of rea-
soning steps that lead to a credibility score.

The framework satisfies the above properties as follows: 1. The conceptual
model and description remain active conditioning inputs throughout the pipeline.
2. Scores are derived exclusively from structured insights grounded in diagnostic
visualizations. 3. The meta-validation loop evaluates consistency among assump-
tions, indicators, weights, and scores before aggregation.
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3.1 Input Preparation

AutoCred operates on two inputs: simulation description and simulation time-
series data. The data consist of R independent runs, denoted by {X(r)}Rr=1,
each containing T time steps. A short excerpt of the first run (e.g., the first 100
time steps) is provided during conceptual model construction to anchor variable
semantics and numerical scale. The excerpt is not scored.

To account for potential stochasticity of the simulation model, an averaged
reference run is constructed by taking the pointwise mean across runs. This
averaged run is appended to the dataset and treated as run R+ 1.

3.2 Reasoning Steps

AutoCred structures the credibility assessment into seven reasoning steps, all
of which are carried out using a large language model, specifically OpenAI’s
ChatGPT-5.1 [14].

Step 1: Conceptual Model Generation
Inputs: simulation description and data excerpt.
Output : structured conceptual model (JSON schema).
The LLM converts the narrative description into a structured representation of
entities, state variables, parameters, mechanisms, assumptions, and expected be-
haviors. This representation forms the conceptual model. The conceptual model
and the simulation description are combined into a shared model context (see
Fig. 2), which conditions all subsequent modules.

Step 2: Indicator and Weight Generation
Inputs: model context
Output : indicator set with normalized weights.
Indicators translate the model’s stated expectations into measurable evaluation
criteria. For example, in a flocking model, an indicator such as collective align-
ment formation captures whether agents converge toward a common heading.
Each indicator corresponds to a clearly defined behavioral property derived from
the model description. Associated weights reflect the declared importances.

Step 3: Visualization Generation
Inputs: model context and data excerpt.
Output : deterministic plotting module and standardized plots.
AutoCred constructs evidence through diagnostic visualization. The LLM gen-
erates a deterministic plotting script tailored to the simulation model. The visu-
alization structure is fixed across runs, while the underlying data vary. Prompt
templates steer the LLM towards plotting of model-relevant statistics rather
than raw time-series columns. Figure 3 shows example plots from Section 4.4.
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Fig. 3. Diagnostic plots from the GARCH(1,1) experiment. The plots were generated
automatically using LLM-produced Python scripts.

Step 4: Insight Generation
Inputs: model context and run-specific plots.
Output : structured insight set per run.
Visual patterns are translated into explicit observations and resulting insights.
The insights identify relevant patterns and explain their relevance with respect
to the simulation description. They are directly tied to observations from the
plots. All subsequent scoring decisions refer to these insights.

Step 5: Indicator Scoring
Inputs: model context, indicators, and run-specific insights.
Output : per-run indicator scores s

(r)
k ∈ [0, 1].

For each run, the LLM assigns scores to the fixed set of indicators based on
the structured insights derived from the plots. Scores vary across runs, while
the indicator definitions and weights remain unchanged. Each assigned value is
justified by reference to the corresponding insights, ensuring traceability from
score to observed evidence.

Step 6: Meta-Validation
Inputs: model context, indicators, weights, and indicator scores
Output : confirmation or correction directive.
Meta-validation checks internal consistency by evaluating whether indicators
match the conceptual model, whether weights reflect declared priorities, and
whether scores align with observed evidence.

If inconsistencies are detected, corrections are applied and all runs are rescored
until no further correction is required. The dotted feedback loop in Fig. 2 rep-
resents this process, after which the pipeline proceeds to aggregation.

Step 7: Credibility Aggregation
Inputs: indicator weights and per-run scores.
Output : overall credibility score.
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Aggregation combines run-level scores into a final credibility measure. For each
run,

A(r) =

K∑
k=1

wk s
(r)
k . (1)

The overall credibility score is

C =
1

R

R∑
r=1

A(r). (2)

Here, wk ∈ [0, 1] is the normalized weight of indicator k, with
∑K

k=1 wk = 1

and s
(r)
k ∈ [0, 1] is the score assigned to indicator k for run r.

The aggregation step is deterministic. Each scalar value can be traced back
to the corresponding indicators, insights, plots, and conceptual model elements.
The credibility score therefore reflects the accumulated results of the preceding
reasoning steps.

From a computational perspective, the cost of AutoCred is dominated
by language model inference and increases linearly with the number of runs,
at approximately 14.65 seconds per run, while remaining largely insensitive to
time-series length.

4 Experimental Evaluation

This section evaluates AutoCred with respect to three specific questions:

1. Can AutoCred replicate ground truth labels derived from human judgments
on model behavior?

2. Can AutoCred distinguish intended model behavior from deliberately un-
realistic parameter regimes?

3. Does the meta-validation loop detect and correct inconsistent indicator weights
or scoring rules?

All experiments were executed using the same pipeline configuration. No
domain-specific tuning or prompt modifications were made. For each configura-
tion, AutoCred was executed seven independent times. Repeated executions
under identical configurations yield stable credibility ranges across runs, as re-
flected in Tables 3, 5, and 6.

4.1 Swarm Behavior Classification Against Ground Truth Labels

Objective. As our first experiment, we test whether AutoCred produces judg-
ments consistent with ground truth labels assigned by human annotators.
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Dataset. We use the Swarm Behavior dataset from the UCI Machine Learning
Repository [1]. The dataset contains approximately 25,000 simulation-derived in-
stances generated from a Boids model. Each instance represents a single timestep
snapshot of agent positions and velocities, with no temporal sequence across
snapshots.

Each snapshot is labeled independently by human annotators under three
binary categories: aligned, flocking, and grouping. These labels were generated
outside AutoCred and therefore provide an external reference.

Evaluation Procedure. Fifty instances were randomly sampled for evaluation. For
each behavioral category, AutoCred outputs a probability estimate p̂ indicating
confidence that the snapshot exhibits the corresponding behavior.

Predictions are compared with ground-truth labels y ∈ {0, 1} using binary
cross-entropy (BCE):

BCE(y, p̂) = − [y log(p̂) + (1− y) log(1− p̂)] . (3)

BCE measures the divergence between predicted probabilities and true binary
outcomes. A BCE of 0 indicates perfect agreement. In a balanced binary task,
random guessing yields an expected BCE of approximately 0.69. Lower values
indicate stronger probabilistic alignment.

Table 1. Binary cross-entropy loss and random baseline on Swarm Behavior dataset

Class BCE Loss Random Baseline
Aligned 0.25 0.692
Flocking 0.15 0.686
Grouping 0.27 0.686

Results. All observed losses are substantially below the random baseline across
the three independent behavioral dimensions. This indicates that AutoCred’s
evaluation of aligned motion, flocking, and grouping from snapshot-based evi-
dence is consistent with externally curated labels.

This experiment also demonstrates adaptability. Although the Swarm Behav-
ior dataset is structured around individual snapshots of simulation states, only
minor preprocessing adjustments were required. The core reasoning steps of Au-
toCred remained unchanged, indicating that the framework does not require
strictly time-series-structured input data to generate meaningful judgments.

4.2 Wolf-Sheep Predator-Prey Model

Objective. This experiment tests whether AutoCred distinguishes sustained
predator-prey coexistence from parameter settings that lead to rapid ecological
collapse.

Model Description. The NetLogo Wolf–Sheep model [16] simulates interacting
predator and prey populations. The simulation description specifies sustained
predator–prey coexistence as the primary credibility criterion.
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Experimental Setup. Two parameter regimes were constructed with 30 runs and
300 time-steps per run: In the realistic regime, reproduction rates, energy trans-
fer, and grass regrowth allow sustained coexistence over time. In the unrealistic
regime, grass regrowth is set to zero and wolf energy gain is reduced, leading to
early predator extinction and prey overpopulation.

Table 2. Wolf-Sheep parameter configurations

Parameter Realistic Unrealistic
Initial number of sheep 100 100
Initial number of wolves 50 80
Sheep reproduce (%) 4 4
Wolf reproduce (%) 5 5
Sheep gain from food 4 4
Wolf gain from food 20 6
Grass regrowth time 30 0

Table 3. Credibility score ranges for the Wolf-Sheep experiment.

Configuration Credibility range (%, [min, max])
Realistic regime [93.8, 95.2]
Unrealistic regime [9.1, 11.0]

Results. Runs exhibiting sustained predator–prey oscillations received high cred-
ibility, whereas runs leading to early extinction received low credibility. The
separation between regimes reflects the ecological criterion specified in the simu-
lation description. This outcome confirms that AutoCred evaluates the model
relative to the stated ecological objective.

4.3 Flocking Model (NetLogo)

Objective. This experiment tests whether AutoCred distinguishes stable flock
formation from parameter settings that disrupt local interaction rules.

Model Description. The NetLogo Flocking model [17] implements three local
rules: alignment (steering toward neighbors’ headings), cohesion (steering toward
neighbors’ center of mass), and separation (avoiding crowding).

The simulation description defines credible behavior as the formation of at
least one dominant locally aligned and cohesive group.

Experimental Setup. Five regimes were tested with 15 runs and 250 time-steps
per run:

The realistic configuration balances alignment, cohesion, and separation to
produce stable flock formation. The distorted regimes isolate or exaggerate in-
dividual mechanisms: cohesion-only produces clustering without spacing, jit-
ter produces unstable turning, no-interaction prevents collective formation, and
separation-only prevents cohesive grouping.
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Table 4. Flocking parameter configurations.

Parameter Realistic Cohesion-
only

Jitter No-
interaction

Separation-
only

Vision 5 7 7 0.5 5
Max separate turn 1.5 0.5 30 3 8
Minimum separation 1 0.2 1 1 5
Max align turn 5 0.44 30 5 1
Max cohere turn 3 8.41 32 3 1

Table 5. Credibility score ranges for the Flocking experiment.

Configuration Credibility range (%, [min, max])
Realistic flocking [93.8, 96.1]
Cohesion-only [29.0, 31.3]
Jitter regime [21.4, 22.9]
No-interaction regime [24.7, 26.3]
Separation-only regime [9.9, 11.5]

Results. The realistic regime is clearly distinguished from the altered regimes.
Configurations that prevent stable flock formation or produce unstable collective
motion receive substantially lower credibility. The results are consistent across
runs and reflect the interaction rules specified in the simulation description, con-
firming that AutoCred’s evaluation conforms with the simulation description.

In addition, we conducted an ablation experiment for the realistic flocking
configuration by removing the conceptual model from the model context. Under
this modification, the generated credibility score decreased from 94.4% to 87.9%.
This reduction demonstrates the benefit of explicitly formalizing expectations
about model behavior, as the conceptual model provides structured guidance
for interpreting observable patterns.

4.4 GARCH(1,1) Financial Time-Series Model

Objective. The GARCH model of asset volatility is defined by a simple recur-
rence relation. It allows us to study AutoCred’s ability to generalize beyond
commonly studied agent-based models.

Model Description. The GARCH(1,1) model [2] generates a time series of asset
returns with time-varying volatility:

σ2
t = ω + αϵ2t−1 + βσ2

t−1.

Here, σ2
t denotes the conditional variance (volatility) of returns at time t. The

term ϵt−1 represents the shock (unexpected return component) at time t−1, and
ϵ2t−1 captures the magnitude of that shock. The term σ2

t−1 is the previous period’s
conditional variance. The parameter ω controls the baseline variance level, α
determines how strongly recent shocks affect current volatility, and β governs the
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persistence of past volatility over time. Our baseline configuration uses ω = 0.01
with α, β ∈ [0.01, 0.09] with a linear increase to 0.09 and subsequent decrease to
0.01 over the course of the simulation.

In financial time series, an important modeling consideration is the lever-
age effect, according to which negative returns lead to larger increases in future
volatility than positive returns of similar magnitude. GARCH(1,1) does not dis-
tinguish between positive and negative shocks, allowing us to test AutoCred’s
ability to capture the absence of this effect.

Experimental Variants. Four configurations were evaluated using 20 runs and
one million time-steps per run:

1. Default configuration: Volatility evolves according to standard GARCH(1,1),
producing volatility clustering without leverage asymmetry.

2. Constant volatility: The volatility recursion is removed, yielding fixed-variance
returns.

3. Imposed leverage requirement with explicit disclosure: The simulation de-
scription states that the data were generated by a symmetric GARCH(1,1)
model. At the same time, the evaluation demanded the presence of a leverage
effect, which is incompatible with GARCH(1,1).

4. Imposed leverage requirement without disclosure: The same leverage require-
ment was imposed, but the simulation description did not state that the
model was GARCH(1,1) or that it was symmetric. In this case, AutoCred
must rely only on observed data patterns and the stated expectations.

Table 6. Credibility score ranges for GARCH(1,1).

Configuration Credibility range (%, [min, max])
Default configuration [96.1, 97.5]
Constant volatility [20.6, 22.3]
Imposed leverage (disclosed) [90.5, 92.6]
Imposed leverage (undisclosed) [83.8, 86.9]

Results. The GARCH experiment demonstrates that AutoCred evaluates the
model in accordance with its stated assumptions. The default configuration,
which exhibits time-varying volatility, received high credibility. The constant-
volatility variant was penalized because it removes volatility clustering, a central
property of the model.

More importantly, the two leverage variants illustrate how declared assump-
tions influence the evaluation. When the simulation description clearly stated
that the data were generated by a symmetric GARCH(1,1) model, the imposed
leverage requirement was recognized as incompatible with the model specifica-
tion and did not substantially reduce credibility. When the simulation descrip-
tion did not specify that the data were generated by a symmetric GARCH(1,1)
model, the missing leverage effect led to a lower credibility score. As in the pre-
vious experiments, AutoCred correctly evaluated the simulations according to
the assumptions stated in the simulation description.
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4.5 Meta-Validation Consistency Test

Objective. This experiment tests whether the meta-validation loop detects and
corrects inconsistent evaluation rules.

Setup. In the Flocking experiment (realistic configuration), the indicator weights
were artificially set equal regardless of declared importance. Extreme scoring
constraints were introduced (e.g., forcing scores above 0.96 or below 0.15 under
arbitrary conditions).

Result. AutoCred correctly identified inconsistencies between weights, scores,
and the simulation description. It proposed targeted corrective adjustments,
restoring differentiated weights and coherent scoring behavior. For example, the
system flagged that equal indicator weights contradicted the declared importance
hierarchy in the simulation description and recommended restoring differentiated
weights before rescoring.

Beyond this specific setup, meta-validation is triggered infrequently in prac-
tice, occurring in approximately one out of every twenty trials under identical
data and configuration, indicating that the reasoning pipeline is largely stable.
This further confirms that the meta-validation loop corrects inconsistent indica-
tor weights and scoring rules before final aggregation.

4.6 Qualitative Analysis

In addition to aggregate scores, AutoCred produces structured reasoning ar-
tifacts. For the realistic flocking configuration, a representative run yielded the
following LLM-generated indicators and scores:

collective-alignment-formation (w=0.35, s=0.96): Alignment rises monotonically from
near zero to ∼0.9 by step 250 and then stabilizes, matching the expectation that
moderate/large vision and balanced turns yield highly aligned, coherent flock motion
after transient reorganization.

spatial-cohesion-and-spacing (w=0.30, s=0.94): Cohesion remains in a mid–high, bounded
band with smooth oscillations and mean NN distance declines from ∼2.6 to ∼1.1
while stabilizing, which aligns with expectations of moderate, stable compactness
without collapse or full dispersion under successful flocking.

collision-and-overlap-control (w=0.20, s=0.93): Minimum NN distance stays low but nonzero
(∼0.05–0.3) and noisy without evidence of collapse, indicating rare and brief close
approaches but no persistent overlaps, consistent with effective minimum-separation
enforcement.

turn-rate-dynamics-consistency (w=0.15, s=0.95): Mean turn rate shows a high spike at
initialization then decays from ∼4.5 to ∼1.5 with residual variability, matching
the expectation of elevated turning during transient reorganization followed by
lower, stable values during established flocking.

These excerpts illustrate how indicator scores are directly grounded in ob-
servable patterns from the diagnostic plots. In one additional trial, a high BCE
of 0.61 was observed for the flocking class. Our inspection of the data revealed
that in these cases, the ground truth labels were erroneous and the classifica-
tion produced by AutoCred was in fact correct [9]. This finding suggests an
alternative use of AutoCred for auditing human-labeled simulation data.
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Taken together, the results address the three evaluation questions: Auto-
Cred aligns with external labels, distinguishes intended behavior from altered
regimes, and meta-validation successfully detects and corrects inconsistencies.

5 Conclusion

We presented AutoCred, a framework that structures simulation credibility
assessment as a reasoning process supported by a large language model. The
framework processes a simulation description and simulation time-series data
through a sequence of structured steps, producing inspectable artifacts that link
credibility scores to observable evidence and stated modeling assumptions.

Across the experiments, several high-level insights emerge. First, AutoCred
replicated human-labeled behavioral categories in the swarm dataset, demon-
strating alignment with external ground truth. Second, it consistently distin-
guished realistic model configurations from unrealistic parameter combinations
in both predator–prey and flocking simulations. Third, the GARCH experiment
showed that contradictory and unsatisfied assumptions are identified correctly.
Finally, the meta-validation experiments confirmed that inconsistencies in indi-
cator weights or scoring rules are detected and corrected before aggregation.

Our framework and experiments represent a step toward a higher degree of
automation in the validation of simulation models. Although AutoCred cannot
replace human expertise and oversight, it provides a structured and transpar-
ent environment in which expert supervision can focus on reviewing indicators,
weights, and meta-validation decisions. In this way, the framework reduces man-
ual validation efforts while preserving interpretability and methodological rigor.
Future work will focus on extending the framework to provide recommendations
for repairing identified model defects.
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