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Abstract

Large language models are increasingly used as scientific assistants, yet we still
lack reliable ways to evaluate whether they can investigate a system rather than
merely answer a prompt. A useful evaluation must let agents choose experiments,
interpret finite evidence, and make causal decisions, while keeping the environment
coherent across repeated observations and interventions and preserving objective
ground truth. We introduce ACED-BENCH (Active Causal Evidence and Decision
Benchmark), a neuro-symbolic benchmark built around this requirement. The key
idea is to separate the readable scientific surface from the formal causal world:
LLMs generate natural-language scenarios and task text, while hidden probabilistic
graphical models define the causal graph, data-generating process, intervention
semantics, validation checks, and oracle answers. This yields scientific worlds that
are natural for agents to investigate but exact enough for scalable, programmatic
evaluation. The main leaderboard ACED-CORE contains 180 tasks: 60 set-valued
causal ancestry/descendancy questions and 120 constrained causal-decision tasks.
We also report ACED-QUAL, a 150-question yes/no qualification check using
the same hidden-PGM interface. We evaluate seven contemporary LLMs and
two earlier-generation models across three active agent designs. ACED-QUAL
checks whether agents can use the interface to draw conclusions from evidence,
while ACED-CORE tests whether they can decide what evidence to collect and
when to commit to an answer. Evidence-ledger analysis localizes failures within
the investigation: agents test the wrong intervention, lose relevant evidence, or
continue after sufficient evidence has appeared. These results suggest that reliable
AI co-scientists need explicit support for experiment design, evidence retention,
answer commitment, and stopping.

1 Introduction

Large language models (LLMs) are increasingly used as scientific assistants: they read papers, write
code, analyze data, and propose hypotheses. If such systems are to become reliable AI co-scientists,
we need to evaluate not only what they answer, but how they investigate. Scientific investigation
requires deciding what would be informative to observe, choosing experiments, analyzing data,
revising beliefs, and committing to a conclusion when the evidence is sufficient. This is especially
important for causal questions, where patterns in passively observed data can differ from the effects
of actively changing a system. A strong scientific agent must therefore know not only how to reason
about causality, but also which experiment would make a causal claim testable.
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Existing benchmarks capture parts of this problem, but rarely combine them. Causal-reasoning
benchmarks test concepts such as intervention, confounding, and counterfactuals; statistical-reasoning
benchmarks test inference from data; and scientific-agent benchmarks test tool use and multi-step
investigation. What remains difficult is evaluating whether an agent can design useful experiments
and make causal decisions in a world that is both readable in natural language and formally consistent.
Such a benchmark must support repeated observation and intervention, provide coherent outcomes
across experiments, and retain objective ground truth.

We introduce ACED-BENCH, a neuro-symbolic benchmark for evaluating whether LLM agents can
investigate causal systems through experimental evidence. Each task is set in a natural-language
scientific world backed by a hidden probabilistic graphical model (PGM) with categorical variables,
a causal graph, and conditional probability tables (CPDs). The PGM defines a consistent data-
generating process: agents may request observational data, run interventions, and write code to
analyze the resulting finite samples under a fixed four-turn budget. Because the full PGM is known to
the evaluator, gold answers are computed programmatically rather than manually labeled. Because
the language layer is separated from the formal model, ACED-BENCH can scale through LLM-
written scenarios combined with programmatic graph construction, validation, and oracle answer
computation. Figure 1 illustrates the interaction loop for a hard ACED-CORE task.

The main leaderboard is ACED-CORE, a four-turn hard benchmark with 180 tasks: 60 set-valued
causal ancestry/descendancy questions and 120 constrained causal-decision tasks, involving goals
such as safe treatment choice, robust policy choice, mediation analysis, satisficing, and invalid-premise
detection. These tasks require agents to identify the relevant causal contrast, collect appropriate
evidence, and return a structured answer or decision. We separately report ACED-QUAL, a 150-
question yes/no qualification check using the same hidden-PGM interface, which tests whether
agents can recover more directly specified distributional and causal facts. This separation keeps the
leaderboard focused on hard causal investigation while using ACED-QUAL to verify basic interface
competence.

We evaluate seven contemporary LLMs and two earlier-generation reference models across three
active agent designs. We also provide a guess-only comparison, which answers directly from the
question without access to data, as a baseline for what can be inferred from the question text alone.
Active evidence collection moves strong agents close to ceiling on ACED-QUAL, while ACED-
CORE remains more sensitive to selecting the right causal contrast, spending the limited turn budget,
and committing to a valid answer form.

Our contributions are:

• We introduce ACED-BENCH, an interactive PGM-based benchmark for evaluating LLM
agents on active causal evidence acquisition in formally grounded scientific worlds. The
main leaderboard is the four-turn ACED-CORE benchmark, containing 180 hard tasks:
60 set-valued causal ancestry/descendancy questions and 120 constrained causal-decision
questions. ACED-QUAL provides a separate 150-question yes/no qualification check.

• We provide a scalable neuro-symbolic generation pipeline in which LLMs create semantic
scenarios and task text, while programmatic components enforce graph construction, CPD
sampling, intervention semantics, validation, and oracle answer computation.

• We evaluate seven contemporary LLMs, with two earlier-generation models as references,
across active reasoning, single-prompt active-code, and modular active-code agents. Strong
agents approach ceiling on ACED-QUAL, while ACED-CORE preserves substantial spread
across both models and agent designs.

• We show that final accuracy hides actionable investigation bottlenecks: the evidence ledger
separates agents that miss the right estimand from agents that find and lose it, while the
SAMP5K ablation shows that changing the scarce resource from turns to sampled rows
changes which agent designs improve.

2 Related work

Agentic scientific and data-analysis benchmarks. Recent benchmarks increasingly evaluate
LLMs as agents that interact with tools, environments, or data sources. ScienceWorld and Dis-
coveryWorld test scientific exploration in interactive environments requiring hypothesis formation,
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Story: "A comprehensive cancer center maintains
detailed electronic health records for all patients
treated in its medical oncology division. The research
team has access to these records and can request
observational or interventional study samples."

Visible to the scientist

Variables:
    {"name": "TumorResponse",
      "values": ["CompleteResponse",
           "PartialResponse","ProgressiveDisease"],
      "desc": "Radiologic assessment of tumor size
change after treatment cycles.",
      "role": "target",
      "intervenable": false,
      "preferred_low": true},
     ...

Question: You want to shift TumorResponse toward
CompleteResponse (and away from
ProgressiveDisease), but only if the same action
does not make CardiotoxicityGrade more likely to be
Severe. Investigate the system and recommend a
single intervention you would deploy.

Hidden from the scientist

Answer: Intervene to set
TaxaneBasedRegimen to
DoseIntensified.

P(CardiotoxicityGrade | BaselinePerformanceStatus, AnthracyclineBasedRegimen)
Baseline

Performance
Status

Anthracycline
Based

Regimen
P(None) P(Mild) P(Severe)

Good None 0.57 0.29 0.14

Good StandardDose 0.27 0.32 0.41

... ... ... ... ...

Tumor
Response

Prior
Chemotherapy

Exposure

Tumor
Stage

Cycle
Frequency

Drug
Bioavailability

Baseline
Performance

Status

Taxane
Based

Regimen

Anthracycline
Based

Regimen

Supportive
Antiemetic
Protocol

Cardiotoxicity
Grade

Figure 1: Overview of ACED-BENCH on a hard causal-decision task. Each task is generated from a
hidden PGM. The benchmark oracle has access to the causal graph, CPDs, and exact interventional
answers. The LLM scientist agent only observes the scenario, variable metadata, non-intervenability
annotations, and the question, and must answer under a four-turn budget.

experimentation, and explanation [1, 2]. DiscoveryBench, BLADE, DA-Bench, and KramaBench
evaluate data-driven investigation, code execution, and data-to-insight workflows [3–6]. These
benchmarks establish that scientific-agent evaluation should include planning, tool use, and iterative
interaction. ACED-BENCH asks a complementary question: whether an agent can gather and use
evidence in a controlled causal system. Agents still interact, query data, and write code, but every
world has exact observational and interventional semantics, allowing oracle-checkable evaluation of
causal evidence, causal decisions, and the trajectory that produced them.

Causal and statistical reasoning benchmarks. Causal-reasoning benchmarks test whether LLMs
understand concepts such as association, intervention, confounding, and counterfactuals [7–10].
Statistical-reasoning benchmarks evaluate probability, uncertainty, calibration, and data analysis [11–
16]. CauSciBench is especially close in its focus on causal-scientific reasoning, but the relevant
evidence in these benchmarks is usually given directly as text, a graph, or a fixed dataset [17]. In
ACED-BENCH, evidence is endogenous: the agent must decide which observational or interventional
samples to request, analyze finite data, and determine when the evidence is sufficient.

LLMs for causal discovery and experimental design. Several works use LLMs to assist causal
discovery, for example by supplying background knowledge, orienting edges, reducing equivalence
classes, or guiding intervention selection [18–21]. This line of work is close to our causal motivation,
but often treats the LLM as one component in a causal-discovery algorithm. Interactive causal
benchmarks such as Auto-Bench also evaluate iterative discovery, but focus primarily on hidden-
graph or adjacency-matrix reconstruction [22]. Our benchmark instead evaluates sample-based causal
investigation: agents answer statistical and causal queries, choose constrained interventions, and are
scored by exact PGM ground truth.

Active causal learning and intervention design. Our setting is grounded in causal inference and
PGMs [23, 24]. It is also related to active causal learning, where interventions are selected to identify
structure or reduce uncertainty [25–28]. Classical methods often assume an explicit statistical model,
posterior, or acquisition objective. In contrast, ACED-BENCH evaluates general-purpose LLM agents
that interact through natural language, sampling APIs, and optional code execution. The goal is not
to propose a new intervention-selection algorithm, but to test whether agents can choose informative
evidence and use it correctly.

Trajectory-level evaluation and evidence management. Final-answer accuracy can hide important
differences between agents that make the same mistake for different reasons. Process-level evaluation
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and language-agent trajectory analysis therefore study intermediate reasoning, actions, observations,
and tool use [29–33]. ACED-BENCH supports this kind of analysis by logging actions, queries, code
executions, and final answers, enabling secondary trajectory-level analyses.

3 ACED-BENCH

3.1 Hidden-PGM interaction

ACED-BENCH evaluates LLM agents as sample-based causal investigators in hidden PGM worlds.
Each world is a tuple

W = (G,V,P, s,Q,N ),

where G = (V,E) is a DAG over categorical variables, V contains variable names, descriptions, and
value sets, P defines the Bayesian-network CPDs, s is a natural-language scientific scenario, Q is a
set of questions, and N ⊆ V is the set of non-intervenable variables. The evaluator has access to the
full PGM. The agent observes only the scenario, variable metadata, non-intervenability annotations,
the question, and its interaction history. At each turn, the agent may request observational samples
from PW (V ), request interventional samples from PW (V | do(X = x)), run code when permitted,
or submit a final answer. The primary ACED-CORE score is evaluated under a four-turn budget:
query turns, failed-query turns, final answers, and give-up actions each count as one outer scientist
turn. Figure 1 illustrates this hidden-world interface. Appendix A shows the analogous interaction
loop for structural questions.

3.2 World generation

ACED-BENCH makes the scientific story readable without letting language determine the answer.
An LLM drafts variable names, value descriptions, scenarios, and task text; a programmatic backend
constructs the graph, samples CPDs, defines interventions, validates the world, and computes the
oracle answer. The agent therefore encounters a plausible scientific scenario, while the evaluator
retains exact causal ground truth.

This separation also makes the benchmark scalable. New domains, graph sizes, and archetype
instances can be generated and filtered without manual answer labeling; the limiting costs are
generation, validation rejection, simulation, and LLM evaluation. For causal-decision tasks, Figure 2
summarizes how a decision archetype turns a causal signature into a scientific task. The archetype
fixes semantic roles, graph constraints, validation checks, and the oracle answer, while the LLM
supplies the surface wording. Exact interventional inference must then confirm the intended causal
signature. Worlds with broken graph constraints, small effect margins, or ambiguous oracle answers
are rejected. Appendix B gives the structural and archetype-specific validation criteria used to accept
generated worlds.

3.3 Benchmark split and gold answers

ACED-CORE. ACED-CORE allows a four-turn budget, combining 60 causal ances-
try/descendancy list queries with 120 causal-decision questions built around safety, robustness,
mediation, satisficing, and invalid-premise archetypes. The ancestry/descendancy queries ask for all
causes or all effects of a target variable, so the agent must discover and aggregate multiple causal
relations rather than answer a single binary contrast. The decision questions require recommending a
valid intervention, mediator, or rejection. Together, they test whether agents can move from evidence
access to causal commitment under a tight interaction budget.

ACED-QUAL. ACED-QUAL is a separate qualification check using the same hidden-PGM inter-
face and four-turn budget. It contains 150 yes/no structural questions over the same style of worlds:
causal-effect questions plus marginal and conditional queries. Because the question specifies the
target contrast, ACED-QUAL asks whether an agent can obtain and interpret the relevant evidence
once the scientific question has already been posed.

The split separates three increasingly demanding skills. The 150 yes/no qualification questions test
whether agents can use evidence for a stated contrast. The 60 causal list questions test whether they
can search over many possible relations and synthesize a complete set. The 120 decision questions
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Archetype
Safety-constrained

Satisficing
Invalid premise

Mediator structure
Subgroup robust

Archetype + topic
decision pattern, topic,

specific subdomain

Role plan
study name, variables,

semantic roles,
intervenable flags

Edge constraints
required + forbidden

edges; central skeleton

Graph completion
background DAG;

acyclic; sparse

CPD synthesis
controlled central CPDs

+ strong background
CPDs

Exact validator
Validate each archetype

(target improvement,
threshold gap,...)

Story rendering
neutral setting; 

no causal leakage

Decision task
packaging

one question, lazy gold,
canonical answer

If the intended signature fails,
discard attempt and retry generation.

reject
retry

Topic
Screening & diagnosis, Hospital data, 

Treatment effectiveness, Education
Social Science, Labor & Policy
User Behavior, Criminal Justice

LLM-
generated
semantic

surface form

Validation,
oracle

computation,
and scoring

Code-
controlled

construction

Figure 2: Generation pipeline for the causal-decision portion of ACED-CORE. A decision pattern
and topic determine semantic roles, graph constraints, CPD construction, validation checks, and the
final question. LLMs provide readable scientific surface forms, while code enforces causal validity
and computes oracle answers.

Table 1: Evaluation regimes in ACED-BENCH. ACED-CORE is the main benchmark, while ACED-
QUAL is a qualification check for basic evidence use.

Regime Answer format Tasks

ACED-CORE Lists / decisions 60 causal list + 120 decision (180 total)
ACED-QUAL Yes/no 150 causal-effect, marginal, conditional

test whether they can convert causal evidence into a constrained scientific action. Only the latter two
groups define the main ACED-CORE leaderboard.

Table 1 summarizes the main benchmark and the qualification check. Both use worlds spanning eight
topical domains: Criminal Justice, Education, Hospital Data, Labor & Policy, Screening & Diagnosis,
Social Science, Treatment Effectiveness, and User Behavior. The split is methodological rather than
merely taxonomic: ACED-QUAL asks whether the agent can use the interface for specified yes/no
contrasts, while ACED-CORE asks whether it can decide which causal comparisons matter and
return a structured causal answer under budget.

All gold answers are computed from the underlying PGM. Generated worlds are filtered using effect-
size margins, threshold gaps, and tie tolerances to avoid unstable labels. Appendix C discusses the
fine-grained structural question breakdown.

4 Agent and evaluation protocol

Our protocol isolates two questions: whether LLM agents can choose informative experiments
under a tight interaction budget, and which stages of the investigation fail when they do not. All
agents receive the same scenario, variable metadata, non-intervenability annotations, question, and
interaction history; the hidden-PGM interface is fixed across runs. We vary the LLM and agent design,
from no-data guessing to active sampling, code-assisted analysis, and modular planning. The protocol
supports both final-answer scoring and error-mode analyses of evidence selection, causal-contrast
estimation, answer commitment, and stopping.

Agent variants. We consider four agent designs. The main four-turn ACED-CORE leaderboard
contains the three designs that actively request evidence; guess-only is a separate prior-only sanity
check. The guess-only agent answers immediately without data access. The active reasoning agent
requests observational or interventional samples and reasons from simulator summaries, but cannot
execute code. The single-prompt active-code agent can additionally write Python code to analyze
sampled CSV files. The modular active-code agent separates planning, code analysis, interpretation,
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and experiment design into explicit stages. The three active variants isolate the effects of active
sampling, code execution, and modular decomposition under the same benchmark interface.

Models. We evaluate seven contemporary LLMs: Claude Opus-4.6, Claude Sonnet-4.6, Gemini-3-
Pro, DeepSeek-V4-Pro, Qwen3.6-27B, GPT-OSS-120B, and Llama-4-Maverick. We also include
GPT-4o and Llama-3.3-70B as earlier-generation reference models. For each model, we run the agent
variants supported by our inference stack on ACED-CORE and ACED-QUAL. The main text reports
the four-turn budgeted setting. A sampled-row budget ablation is summarized in Appendix G.

Interaction budget and parser. The main ACED-CORE setting caps each active agent at four
outer scientist turns. The underlying interface also enforces a ceiling of 10 successful data queries per
task, but the four-turn budget is the binding resource constraint in the main evaluation. Validation and
parser failures do not spend this successful-query budget. A fixed parser LLM maps natural-language
data requests to typed simulator queries; in our runs this parser is Claude Opus-4.6 via AWS Bedrock
(us.anthropic.claude-opus-4-6-v1), temperature 0.1, max output 512 tokens. The parser is
not evaluated as a scientist agent: it performs no causal reasoning, and deterministic checks enforce
query validity and non-intervenability constraints. Holding this interface fixed ensures that model
comparisons reflect evidence selection and analysis rather than differences in data access.

Scoring. ACED-QUAL binary questions are scored by accuracy. ACED-CORE uses task-specific
scoring: causal ancestry/descendancy list queries are scored by exact match and F1, categorical
mediator questions are scored by exact label match, intervention-choice decision questions are parsed
into a variable-value intervention and scored against the oracle effect table, and invalid-premise
questions are scored against the oracle rejection or alternative recommendation. For intervention-
choice decision tasks, effects are compared using the expected-state index induced by the ordered
categorical outcome states; lower index is treated as better unless the world explicitly specifies
otherwise. We report tie-accepted accuracy unless otherwise stated, with decision ties and safety
comparisons accepted within 0.05 expected-state-index units. For satisficing tasks, the predicted
intervention must also satisfy the stored improvement threshold. For subgroup-robust tasks, the
predicted intervention must improve every subgroup by at least 0.15 expected-state-index units at
scoring time.

Uncertainty estimates. For structural questions, including the 150 ACED-QUAL questions and
the 60 causal-ancestry/descendancy questions in ACED-CORE, we report world-clustered bootstrap
intervals, resampling worlds rather than individual questions to preserve dependence among questions
generated from the same graph. For causal-decision questions, each world contributes one question,
so world-level and question-level bootstraps coincide. For within-world comparisons between agent
variants, we use paired bootstrap intervals. Appendix D gives the corresponding bootstrap details for
the plotted intervals.

Behavioral metrics. In addition to final-answer accuracy, we log query budget use, failed queries,
code executions, code failures, give-up rate, and binary label bias. These metrics help distinguish
failures of causal reasoning from failures of tool use, parsing, or budget management.

4.1 Evidence-ledger diagnostic

Final-answer accuracy does not reveal why an interactive agent failed. A trajectory may fail because
the agent never collected the right evidence, because it collected evidence but did not use it in the
final answer, or because it kept querying after sufficient evidence had already appeared. We therefore
build an evidence ledger for modular active-code trajectories. The ledger asks whether a trajectory
ever reaches evidence that would justify the gold answer. For each turn, an LLM annotator judges
whether the turn computed the correct estimand, whether the resulting evidence supports the gold
answer, and whether that evidence is adequate. A turn is marked as strong evidence only if all three
conditions hold. Four derived diagnostics then separate evidence acquisition, evidence retention,
ignored evidence, and extra turns after evidence. The benchmark score says whether the agent
answered correctly; the ledger explains where the investigation broke.
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Claude Opus 4.6

Claude Sonnet 4.6
Gemini 3 Pro

DeepSeek V4 Pro
Qwen3.6

GPT-OSS-120B

Llama 4 Maverick
GPT-4o

Llama 3.3 70B
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Guess-only Active Active+Code Modular
Active+Code

Figure 3: Accuracy on ACED-CORE, the main hard benchmark. Results use the four-turn budgeted
setting and combine causal ancestry/descendancy list queries with constrained causal-decision tasks.
The budget applies to active agents; guess-only cells are omitted because they do not use interaction
turns. Error bars are 95% world-clustered bootstrap intervals.

5 Results

All main results use the four-turn budgeted setting. We present the hard ACED-CORE leaderboard,
the ACED-QUAL qualification check, and the ledger diagnostic explaining failure mechanisms.
Appendix G reports a sampled-row ablation showing how the conclusions change when rows, rather
than turns, are the constrained resource.

5.1 ACED-CORE results

ACED-CORE makes the scientifically hard step precede the statistic: an agent must decide which
causal contrast matters before data analysis can help. Figure 3 reports accuracy on this four-turn
benchmark, combining causal ancestry/descendancy list queries with constrained causal-decision
questions. The results preserve substantial spread across models and agent designs, indicating that
current active agents still differ sharply in experiment selection and causal commitment.

The four-turn budget makes code access useful but not automatically beneficial. Some models benefit
from code or modular decomposition, while others lose accuracy when the code loop consumes scarce
turns or fails to produce a clean causal comparison. Single-prompt active-code can underperform
active reasoning, while modular decomposition recovers some but not all of these failures. Thus,
ACED-CORE stresses the same pressure that matters in scientific work: the scarce resource is often
not computing a statistic once data are in hand, but choosing which evidence would answer the
question and recognizing when it is strong enough to act on.

5.2 ACED-QUAL results

Figure 4 reports the same four-turn protocol on ACED-QUAL, the 150-question yes/no qualification
check. ACED-QUAL is easier because the question specifies the target causal-effect, marginal, or
conditional contrast; the agent mainly needs to request and interpret the relevant samples. Several
active cells are at or near ceiling, showing that strong agents can use the sampling interface when the
relevant contrast is specified.

ACED-QUAL serves as a qualification check for evidence use, rather than as the main scientific
challenge. Failures remain informative, especially when a model’s code loop is brittle. For example,
GPT-OSS-120B with the single-prompt coder often fails by violating the action protocol rather than
by making an incorrect causal judgment. For strong active agents, however, ACED-QUAL mostly
confirms that the hidden-PGM interface is usable before the evaluation turns to ACED-CORE.

Together, the two result panels separate basic evidence use from the harder benchmark problem.
ACED-QUAL shows that many current agents can use the interface when the relevant contrast
is specified. ACED-CORE remains harder because the agent must decide what evidence matters,
gather it within four turns, and express the final answer in a constrained structured form. The
contrast between panels identifies where the difficulty enters, rather than merely showing that one
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Claude Opus 4.6

Claude Sonnet 4.6
Gemini 3 Pro

DeepSeek V4 Pro
Qwen3.6

GPT-OSS-120B

Llama 4 Maverick
GPT-4o

Llama 3.3 70B
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ACED-Qual (round4, <= 4 turns)

Guess-only Active Active+Code Modular
Active+Code

Figure 4: Accuracy on ACED-QUAL, the 150-question yes/no qualification check. Results use the
same four-turn budgeted setting as ACED-CORE. These questions test causal-effect, marginal, and
conditional judgments from actively requested samples. The budget applies to active agents; guess-
only cells are omitted because they do not use interaction turns. Error bars are 95% world-clustered
bootstrap intervals.
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Figure 5: Evidence-ledger diagnostics for modular active-code trajectories on ACED-CORE. The left
panel reports final-answer accuracy, evidence acquisition, evidence retention, and ignored evidence.
The right panel reports extra turns after the first strong-evidence turn.

set of questions is easier. Many agents can estimate a named contrast, but fewer can formulate the
right contrast, search over a set of possible causal relations, or convert evidence into a constrained
intervention decision.

5.3 Failures often start before the final answer

Across 3,579 evaluated modular active-code trajectories, many final-answer errors are already visible
before the final response. Failed ACED-CORE runs often never produce a strong-evidence turn for
the target causal contrast. When strong evidence does appear, agents do not always preserve it: some
trajectories compute evidence that supports the gold answer, then answer incorrectly or incompletely.
A third failure mode is stopping: agents sometimes continue querying after the first strong-evidence
turn instead of committing. These patterns identify three scientific bottlenecks: experiment selection,
evidence retention, and stopping. Figure 5 summarizes these error modes. The next subsection shows
how the same labels identify the moment when a trajectory becomes actionable. Appendix E shows
the corresponding acquisition-retention scatter across ACED-QUAL and ACED-CORE.

5.4 A trace shows when evidence becomes actionable

Figure 6 shows a safety-constrained ACED-CORE decision task where the agent must improve
DisorderDetectionTimeliness without increasing FalsePositiveBurden. The early turns are
insufficient because the agent has not yet compared candidate interventions on both the target and
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Target objective:

Shift DisorderDetection
Timeliness toward
EarlyDetection and away
from MissedDetection.

Safety constraint
Deploy only if the same
action does not increase
FalsePositiveBurden =
MultipleFalsePositives.

Model / scientist trajectory
queries and what the agent made of them

Ledger annotation
valid evidence? supports gold? strength?

T1 · Baseline observation
1,000 observational samples

EarlyDetection 64.5%
MissedDetection 18.2%
MultipleFalsePositives 78.2%

T2 · Promising early
hypothesis
do(ParentalEducationProgram
=ComprehensiveSession)

Early 70.8% · Missed 12.6%
Multi-FP 77.4%

T3 · Unsafe alternative
do(WholeGenomeSequencing=On)

Early 74.2% · Missed 11.4%
Multi-FP 84.4%

Tempting but unsafe

T4 · Safe winner appears
do(ExpandedMetabolicPanel
=ExpandedPanel)

Early 88.6% · Missed 3.8%
Multi-FP 77.9%
Discovery enters the workspace.

T5–T10 · Comparator sweep
Specimen timing, parental education variants, WGS Off, StandardPanel

Finding: alternatives are weaker, unsafe, or ineffective.
T10 statistical check: ExpandedPanel detection gain is large; false-
positive increase is not significant (p≈0.914).

T11 · Final recommendation
ExpandedMetabolicPanel = ExpandedPanel

EarlyDetection: 64.5 → 88.6%
MissedDetection: 18.2 → 3.8%
MultipleFalsePositives: 78.2 → 77.9%       

safety
violation

gold
intervention

T1 · valid=false
none / unclear
baseline only

T2 · data returned
none / unclear

not used causally

T3 · unsafe data
none / unclear

analysis not credited

T4 · valid=true support=yes
weak evidence

comparison incomplete

T5–T10 · target + safety
comparisons computed

strong / yes
first strong correct evidence

T11 · final answer
preserves evidence

strong / yes
retention consistent

Legend
none /
unclear

weak /
yes

strong /
yes

safety
violation confidence: 99

Figure 6: Example evidence-ledger trace for a safety-constrained ACED-CORE decision task. Strong
evidence appears only after the agent compares candidate interventions on both the target and safety
outcomes.

safety outcomes. The decisive comparison supports ExpandedMetabolicPanel=ExpandedPanel:
early detection rises from 64.5% to 88.6%, while the safety outcome remains essentially unchanged.
The final answer retains this supported recommendation. Additional trajectory examples are provided
in Appendix F.

6 Limitations and discussion

The scientific control that makes ACED-BENCH evaluable also narrows its scope. The current
benchmark uses fully observed categorical PGMs with known intervention semantics, so it does not
yet cover continuous variables, latent confounding, temporal dynamics, measurement error, selection
effects, model misspecification, or open-ended experiment design. The scenarios are synthetic, but
the labels are not language-model judgments: code constructs graphs, samples CPDs, enforces
intervention semantics, validates margins, and computes oracle answers. The evaluated instance
contains 180 ACED-CORE tasks and 150 ACED-QUAL questions; larger releases could support
finer analysis by domain, graph structure, decision archetype, and failure mode. The evidence ledger
remains a diagnostic analysis, while final-answer accuracy under the fixed interaction budget is the
benchmark score.

The intended positive impact is sharper evaluation of AI systems proposed as scientific assistants.
The main risk is overinterpretation: success in these synthetic hidden-PGM worlds should not be read
as evidence of deployment readiness in real scientific or policy settings, especially where data quality,
fairness, privacy, and intervention semantics are contested.

7 Conclusion

We introduced ACED-BENCH, a neuro-symbolic benchmark for evaluating LLM agents as active
causal investigators in hidden PGM worlds. ACED-QUAL checks basic evidence use under the same
interface, while ACED-CORE tests whether agents can identify the relevant causal contrast, collect
evidence, and return structured causal-reachability answers or constrained causal decisions.

Across seven contemporary LLMs, two earlier-generation references, and three active agent designs,
ACED-CORE preserves substantial spread. The results point to concrete investigation skills: selecting
informative experiments, estimating the right causal quantities, retaining evidence across turns, and
stopping when the answer is supported. By combining natural-language scientific scenarios with
oracle-scored causal simulators, ACED-BENCH provides a controlled way to measure how future
agents acquire and act on causal evidence.
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A Additional benchmark diagrams

Figure 7 shows how structural questions use the same hidden-world interface as the causal-decision
tasks. The distinction matters because ACED-QUAL and the causal-ancestry/descendancy portion of
ACED-CORE use the same hidden-PGM simulator but place different demands on the agent. For
ACED-QUAL, the question specifies a single yes/no causal-effect, marginal, or conditional contrast,
so the main challenge is requesting and interpreting the relevant observational or interventional
samples. For causal ancestry/descendancy queries, the agent must repeat this process over multiple
candidate variables and aggregate the evidence into a set/list answer. This shared interface lets the
structural generator support both a qualification check and a harder set/list component of the main
benchmark.

The figure also highlights a design choice shared by all ACED-BENCH tasks: the agent never sees
the graph or CPDs directly. It sees only natural-language metadata and the sampling interface, while
the oracle computes labels from the hidden PGM. This separation lets the benchmark evaluate active
evidence acquisition rather than graph reading or answer extraction from the prompt.

B World validation details

Structural validation. For structural worlds, question labels are determined by graph ancestry and
d-separation. D-separation gives the conditional-independence guarantee; CPD resampling is used
only to avoid accidental near-independences in graph configurations that should be dependent and to
sanity-check the simulator. For each tested pair of variables (A,B) and conditioning variable Z, we
compute

TV(P (A,B | Z = z), P (A | Z = z)P (B | Z = z))

by exact inference for each value z of Z. When the graph implies that A and B should be conditionally
dependent given Z, we require the distance to exceed εfaith = 0.02. When the graph d-separates
the variables, exact inference is used as an implementation check rather than as the source of
the independence label. CPDs are resampled up to 64 times until the dependency checks pass or
the attempt budget is exhausted. Worlds for which no CPD draw passes validation are discarded.
These checks filter accidental independences and unstable dependencies that would make structural
questions ambiguous.
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Blood
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Follow Up
Visit

Outcome

Story: "You are a researcher at the Mayo Clinic,
conducting a longitudinal study on the effectiveness
of various treatments for different conditions. You are
collecting data from patient records to understand
how treatment status, diagnosis type, medication
type, and dosage affect outcomes such as blood
pressure, glucose levels, and overall response to
treatment. This information will help tailor
personalized treatment plans for patients."

Visible to the scientist

Variables:
    {"name": "TreatedStatus",
      "values": ["Yes", "No"],
      "desc": "Whether the patient was treated with the
new therapy"},
    ...

Question: Are 'SeverityLevel' and
'BloodPressureRange' statistically independent?

Hidden from the scientist

Answer: Yes

 P (GlucoseLevel | AgeGroup, TreatedStatus)
AgeGroup TreatedStatus P(<70) P(70-99) P(100-125) P(>126)

<18 Yes 0.47 0.04 0.12 0.38

<18 No 0.16 0.06 0.29 0.49

... ... ... ... ... ...

Figure 7: Interaction loop for structural questions, including the ACED-QUAL qualification regime.
The benchmark oracle samples from a hidden PGM, while the LLM scientist agent observes only
the scenario, variable metadata, non-intervenability annotations, and question. The agent requests
observational or interventional samples and answers structural statistical or causal queries, such as
marginal, conditional, causal-effect, or causal-ancestry/descendancy questions.

Causal-decision archetypes. The causal-decision generator contributes 120 questions to the main
hard benchmark. Each world is built around one of five decision archetypes. Safety asks the agent to
improve a target without causing unacceptable harm to a side outcome. Satisficing asks the agent
to find any intervention that improves the target by a meaningful amount, rather than the single
best intervention. Subgroup robustness asks for an intervention that improves outcomes across all
subgroup values, not only on average. Mediation asks whether an effect operates through a proposed
mediator or which candidate mediator explains the effect. Invalid premise asks the agent to reject a
proposed intervention that is not causally valid, such as intervening on a non-intervenable variable,
and to recommend a valid alternative when one exists. These archetypes require agents to identify
the relevant causal contrast before analyzing data.

Causal-decision validation. For causal-decision worlds, each archetype has a dedicated exact-
inference validator. Expected-state-index effects are computed from the explicit ordered state list for
each outcome variable, using zero-based state indices; lower index is better for outcome variables
unless the world metadata states otherwise. Safety-constrained worlds are rejected unless a safe and
effective action exists: at least one intervention improves the target by at least 0.20 expected-state-
index units while changing the safety outcome by at most 0.08 units. They are also rejected unless
the tempting unsafe action genuinely worsens the safety outcome.

Mediator-structure worlds are rejected unless the total causal effect of treatment on outcome exceeds
0.20 units and the subvariant-specific signature holds. For mediated-only worlds, the residual
treatment effect after intervening on the mediator must be at most 0.10 units. For direct-and-mediated
worlds, the residual effect must exceed 0.18 units. For not-mediator worlds, fixing the proposed
mediator must leave a residual treatment effect of at least 0.18 units, and intervening on the proposed
mediator must move the outcome by at most 0.10 units. For which-mediator worlds, the true
mediator’s interventional effect must exceed the runner-up by at least 0.20 units.

Satisficing worlds are rejected unless the improvement distribution has a clean gap of at least 0.10
expected-state-index units that allows the threshold to be placed without ambiguity. Subgroup-robust
worlds are rejected unless the robust intervention improves every subgroup by at least 0.10 units,
the average-best intervention is at least 0.05 worse for some subgroup, and the bad intervention
harms at least one subgroup. Invalid-premise worlds are rejected unless the proposed invalid variable
has an observed association of at least 0.20 with the target and the recommended alternative has an
interventional effect of at least 0.20. Across all archetypes, worlds are also rejected when required or
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forbidden edges cannot be placed within the generated graph, when effect margins are too small, or
when the oracle answer is ambiguous.

C Structural question-type breakdown

The structural question generator contains two evaluation groups that differ in how much experiment
selection they require. The ACED-QUAL group contains 150 yes/no questions: causal-effect
questions, marginal questions, and conditional questions. These questions provide the agent with a
relatively clear estimand, so active sampling can often estimate the relevant relationship directly. The
ACED-CORE structural component contains 60 set/list structural questions: all_causes_of and
all_effects_of. These causal-ancestry/descendancy queries are harder because the agent must
discover and aggregate a set of causal relations across many candidate variables. This distinction
explains why strong active agents can nearly solve ACED-QUAL while still making substantial errors
on the causal-ancestry/descendancy portion of ACED-CORE.

The fine-grained breakdown should therefore be read as a diagnostic decomposition of the structural
generator, not merely as a ranking of models. Yes/no questions mainly test whether the agent can
request and interpret the relevant distributional or causal comparison. Causal ancestry/descendancy
queries additionally test whether the agent can plan a set of interventions or comparisons, track
multiple candidate variables, and synthesize the resulting evidence into a set/list answer.

D Regime accuracy with 95% confidence intervals

Figures 4 and 3 report 95% percentile bootstrap CIs with B=2000 resamples. For the 150 ACED-
QUAL yes/no questions and the 60 causal-ancestry/descendancy questions in ACED-CORE, we
resample structural worlds rather than individual questions to preserve within-world dependence from
shared graphs and CPDs. For the causal-decision portion of ACED-CORE, each world contributes
one question, so world-level and question-level bootstraps coincide. For within-world comparisons
between agent variants, we use paired bootstrap intervals.

E Evidence-ledger scatter diagnostic

Figure 8 compares evidence acquisition and evidence retention for modular active-code trajectories
on ACED-QUAL and ACED-CORE. This view complements the ACED-CORE bar chart in Figure 5.
ACED-QUAL and ACED-CORE are shown together because the contrast is diagnostic: ACED-
QUAL tests whether agents can use the interface when the relevant estimand is specified, while
ACED-CORE requires the agent to identify and preserve the relevant causal contrast. Llama-3.3-70B
is omitted because eval-backed modular active-code ledger trajectories were not available.

F Illustrative evidence-ledger trajectories

This appendix gives additional qualitative examples from high-performing modular active-code
trajectories on ACED-CORE decision tasks. As in Section 5.4, these examples are not used as
benchmark scores. They are included to make the evidence-ledger annotations easier to interpret and
to show how similar final-answer outcomes can arise from different investigative paths.

Safety-constrained discovery trace. The main-text trace in Figure 6 comes from a Gemini-3-Pro
ACED-CORE decision task. The agent must improve DisorderDetectionTimeliness
toward EarlyDetection without making FalsePositiveBurden more likely to be
MultipleFalsePositives. The observational baseline has EarlyDetection=64.5%,
MissedDetection=18.2%, and MultipleFalsePositives=78.2%. The ledger marks the
baseline turn as insufficient because the decision requires interventional evidence. The agent
then tests several plausible actions. ParentalEducationProgram=ComprehensiveSession
improves early detection to 70.8% without increasing multiple false positives, but it is weaker
than the gold action. WholeGenomeSequencing=On improves early detection to 74.2%, but
raises multiple false positives to 84.4%, violating the safety constraint. The pivotal query is
do(ExpandedMetabolicPanel=ExpandedPanel): early detection rises to 88.6%, missed
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Figure 8: Evidence acquisition versus evidence retention for modular active-code trajectories. The
scatter compares ACED-QUAL with ACED-CORE; bubble size indicates ignored evidence. The
ledger is a diagnostic trajectory analysis, not a separate benchmark score.

detection falls to 3.8%, and multiple false positives remain stable at 77.9%. The ledger first
marks this as weak correct evidence when the decisive data has arrived but the cross-candidate
comparison is incomplete, then as strong correct evidence once the model compares target and
safety outcomes across interventions. Later queries test specimen-collection timing, parental-
education levels, sequencing off, and the standard metabolic panel; these extra turns mainly
rule out weaker or unsafe alternatives. The final answer retains the supported recommendation,
ExpandedMetabolicPanel=ExpandedPanel.

Subgroup-robust deployment. A second Gemini-3-Pro trajectory asks for an interven-
tion that shifts DailyWearAdherence toward Consistent and away from Abandoned,
but the intervention must work for both FitnessTrackerExperience=FirstTime
and FitnessTrackerExperience=Experienced users. The gold answer is
AdaptiveMicroReminders=On. The first turns collect observational data and request inter-
ventions, but the ledger marks them as insufficient because the agent has not yet computed
subgroup-specific causal contrasts. Once the agent compares interventions by subgroup, the ledger
marks strong correct evidence: AdaptiveMicroReminders=On raises consistent adherence for
both groups, from about 29.4% to 54.8% for first-time users and from about 16.0% to 40.9% for
experienced users. The example is useful because the best-looking action is not simply the one
with the largest effect in one subgroup. GamifiedChallenges=Daily performs especially well for
experienced users, but is weaker for first-time users; SocialLeaderboard=Public is even harmful
for first-time users. The final answer retains the robust recommendation, showing how the ledger can
distinguish average improvement from deployable subgroup robustness.

Mediator-structure discovery. A DeepSeek-V4-Pro trajectory asks whether the effect of
OutreachDosage on ShootingIncidence flows entirely through ConflictMediationEvents,
or whether there is also a pathway that does not pass through that mediator. The gold answer is
also_direct_or_other. The first two turns request interventional samples but do not yet compare
treatment arms or evaluate the mediator-structure estimand, so the ledger marks them as insufficient.
After the third interventional query, the agent begins testing residual effects after accounting for
ConflictMediationEvents; the ledger marks this as weak correct evidence. In the final answer,
the agent fits an ordinal model over 1,500 interventional observations from three OutreachDosage
arms, controlling for the mediator and pre-treatment covariates. The treatment coefficients remain
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large and significant after conditioning on the mediator (Standard: β = −0.62, p < 0.0001;
Intensive: β = −2.32, p < 0.0001; likelihood-ratio χ2 = 160.35). The ledger therefore marks
the final turn as strong correct evidence for a non-mediated pathway. This case shows a different kind
of scientific discovery: the agent is not just choosing an action, but identifying the mechanism by
which an intervention affects an outcome.

G Sample-budget ablation

The main benchmark uses a four-turn budget because it stresses planning efficiency: an agent must
choose high-value experiments early rather than recover through a long sequence of exploratory
queries. We also ran a sample-budget ablation, SAMP5K, that caps each question at 5,000 total
sample rows. This ablation changes the scarce resource: an agent may still iterate, but it must allocate
a limited number of observational and interventional samples across candidate contrasts.

Changing the constraint also changes which agent designs benefit. Figure 9 shows ACED-CORE
accuracy under the sampled-row budget. On paired causal-decision cells, SAMP5K most consistently
improves the single-prompt active-code agent: Active+Code improves in 8 of 9 model cells, with a
mean gain of 7.3 accuracy points over the four-turn setting. Active reasoning improves in 6 of 9 cells,
with a mean gain of 4.2 points, while modular active-code improves in 4 of 9 cells, is unchanged in
2, and drops in 3, for a mean gain of 2.6 points. The largest Active+Code gains occur for Qwen3.6
(+16.7 points), Gemini-3-Pro (+13.3 points), and Claude Opus-4.6 (+10.0 points). SAMP5K therefore
complements the four-turn score by separating failures of early experiment selection from failures of
sample allocation. We do not use the sampled-row setting to define the ACED-CORE leaderboard.
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Figure 9: Accuracy on ACED-CORE under the SAMP5K sample-budget ablation. Each task permits
at most 5,000 sampled rows, changing the constrained resource from interaction turns to sample
allocation.

H Compute resources

All evaluated model calls used hosted APIs; the experiments did not require local training, fine-
tuning, model serving, or GPU workers. Local reproduction uses CPU-only Python orchestration for
simulation, evaluation, bootstrap resampling, evidence-ledger analysis, and plotting in a standard
Python environment. Wall-clock time is dominated by hosted-model latency and rate limits. Provider-
side hardware, memory allocation, and per-call execution time are not exposed through standard API
access.
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