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Building Al Scientist agents with Large Language Models (LLMs) has recently attracted growing attention.
Since scientific discovery fundamentally relies on uncovering causal relationships from observations,
the capability of causal thinking, i.e., distinguishing causation from correlation and recognizing hidden
biases, is essential to LLM agents. Although a number of benchmarks exist for Al Scientists, none
explicitly incorporates challenges from selection bias, measurement error, and hidden confounders
that widely exist in real-world scientific discovery. To this end, we present CausalGame, a benchmark
that evaluates the causal thinking capabilities of LLM agents through interactive games. CausalGame
asks LLM agents to actively design experimental protocols, collect observation data, and derive a final
solution with an explanation report. To emulate realistic scientific discovery challenges, we design 14
scenarios that incorporate selection bias, measurement error, and hidden confounders. Across 30 LLM
agents, none demonstrates reliable causal thinking: the best model reaches only 68.0% survival against
analytical optima of 78-85%, and merely 5-7% of sessions receive credits on the causal-reasoning
rubrics. CausalGame provides a scalable and controlled testbed for evaluating the causal thinking of Al
Scientist agents.

(a) Performance vs Cost (b) Behavioral analysis

Figure 1 j Overview of LLM agent performance in CausalGame. (a) Survival rate versus per-task
token cost for all 30 models in agentic mode. Even the best model (Claude-Opus-4-5, 68.0%) falls well
short of the analytical optima (78-85% depending on the scenario family). (b) Normalized rubric
scores of the top-5 models (by overall rubric score) on the generated reports across four dimensions:
Causal Reasoning, Experimental Design, Reflection Quality, and Data Usage. Although LLM agents
can sometimes find the solution with a satisfactory survival rate by luck, the associated explanations
for the design do not necessarily identify and exploit the underlying causal mechanism.
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CausalGame: Benchmarking Causal Thinking of LLM Agents in Games

1. Introduction

Recently, as the large language models (LLMs) demonstrate increasing capabilities in reasoning and
resolving complex tasks (Guo et al., 2025; Li et al., 2025c; Plaat et al., 2025), it has sparked growing
curiosity and discussion in the community on building LLM-based Al Scientist agents (Zheng et al.,
2025a; Zhou et al., 2025). In fact, there is increasing evidence showing the promise of LLMs in
automating research tasks of scientific discovery, such as conducting literature surveys (Lu et al.,
2024), proposing useful hypotheses (Mitchener et al., 2025), writing papers (Yamada et al., 2025),
running machine learning training tasks (Hambardzumyan et al., 2026; Toledo et al., 2025), and
discovering novel algorithms or mathematical proofs that surpass decades of human e Larks (Hubert
et al., 2025; Lange et al., 2025; Novikov et al., 2025; OpenAl, 2026).

Figure 2 j Why causal thinking matters for scientific discovery. Observational correlations (left) can
be misleading due to unobserved information such as hidden confounders. A naive agent that treats
correlation as causation arrives at a suboptimal solution (middle), while a causal agent identifies the
underlying mechanism through active experimentation and achieves a substantially better outcome
(right). CausalGame instantiates such challenges in interactive game scenarios to evaluate whether
LLM agents can reason beyond statistical patterns.

Throughout the history of science, however, discovery has proceeded by identifying critical
variables and revealing the underlying causal mechanisms (Hanson, 1958; Kuhn, 1962; Spirtes
et al., 2000; Wallace, 1981). Causal thinking that distinguishes statistical correlations from causal
relations is essential to establishing rigorous scientific conclusions (Glymour, n.d.; Pearl, 2009).
Otherwise, confusing causation with correlation can lead to misleading conclusions or cause severe
consequences (Rossouw et al., 2002). For example, the existence of hidden confounders and selection
bias can mislead the conclusions driven by statistics (Doll and Hill, 1950; Simpson, 1951). As shown
in Fig. 2, if an Al Scientist agent in medicine lacks causal thinking, it may recommend treatments
that cause adverse outcomes. Despite its necessity for scientific discovery, causal thinking has been
surprisingly neglected in the development and evaluation of Al Scientists. In fact, most existing Al
Scientist frameworks largely rely on LLMs’ capabilities to derive scientific hypotheses and conclusions;
therefore, in this work, we ask the following research question:

Are existing LLM agents capable of causal thinking?

Although there exist a number of benchmarks specifically designed for Al Scientists, they mostly focus
on execution of the scientific research pipeline (Liu et al., 2025; Wan et al., 2026), statistically driven
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data analysis (Chan et al., 2025; Jing et al., 2024) from observed variables (Shojaee et al., 2025; Zheng
et al., 2025b). None of them considers the challenges imposed by hidden mechanisms beyond observa-
tional signals, yet the discovery of hidden mechanisms is critical to scientific breakthroughs (Glymour,
n.d.; Wallace, 1981).

Therefore, we present a benchmark, CausalGame, that casts real-world scientific discovery
as interactive games, where the agent is required to interact with the environment, collect and
analyze observational data, design and perform experiments, and draw hypotheses and conclusions.
CausalGame asks the agent to determine the design of drones, e.g., attributes of the di [erknt
components. These drones will be dispatched to execute tasks where di Lerknt weather conditions and
enemy attacks can a [eck the survival rate of the drones. The relations between the vulnerability of
drone components, the weather conditions, and the enemy attacks are characterized by an underlying
structural causal model (SCM). The agent will have a budget to send small batches of the drones to
collect the data and gain an understanding of the underlying causal process. The understanding will
be reported and used to produce the final design of the drones. As in real-world scientific discovery;,
CausalGame evaluates both the quality of the drone design and the report through rubrics.

More importantly, the flexible design in CausalGame allows us to incorporate challenges in
real-world scientific discovery. Specifically, we construct several game scenarios to incorporate the
selection bias, measurement error, and hidden confounders (Spirtes et al., 2000). For example, the
agent can only observe survived drones throughout the turns. Agents lacking causal reasoning ability
can easily be biased and su [erlfrom spurious correlations. Even when the agent can obtain high
ratings by luck, the evaluation design of CausalGame can easily distinguish whether the design is
produced with desired causal thinking.

We construct 14 game scenarios in CausalGame and evaluate 30 frontier LLMs under both single-
turn prompting and multi-turn agentic execution. Our central finding is that none of them demonstrates
reliable causal thinking:

= All models fall substantially short of the analytical optima (78-85%). The best model reaches
68.0% survival, and simple non-LLM baselines overlap the lower portion of the agent performance
range, indicating that agentic interaction contributes little in the absence of causal reasoning.

= Survival and understanding are decoupled. Causal-reasoning rubric scores remain near zero
even in winning trajectories, with only 5-7% of sessions receiving credits, indicating that threshold-
clearing designs arise largely from trial-and-error. An analysis of the deployed design sequences
reveals the same deficiency at the behavioral level: agents under-explore the design space and drift
away from correct configurations they have already discovered.

= The deficiency is not mitigated by additional computation or sca [altling. Increasing the
reasoning budget yields no consistent benefit, and stronger agentic frameworks improve survival
without improving causal understanding. Moreover, causal reasoning is the only rubric dimension
that predicts generalization from exploration to final evaluation.

= Agent can demonstrate hacking behaviors during evaluation. Given tool access, agents probed
the simulator’s APl and recovered the hidden scenario from a leaked identifier, which raised survival
on leaked trials by 18.5 points on average before we patched the evaluation suite; in 39 sessions,
agents declared success for designs whose measured survival fell well below the victory threshold.

Notably, CausalGame scores correlate only weakly with existing capability benchmarks, suggesting
that causal thinking constitutes a capability largely unmeasured by current evaluations. Together,
these results reveal fundamental limitations of current LLMs as Al Scientist agents, and indicate that
progress in causal reasoning should be assessed by interventional outcomes against a fixed, hidden
structural causal model rather than by the agent’'s own narrative.
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Table 1 j Comparison to representative existing Al Scientist benchmarks. CausalGame combines
automated evaluation, multi-turn experiment design with feedback, and fine-grained scoring of the
agent’s explanation. It is the only benchmark that incorporates observational pitfalls, including
selection bias, measurement error, and hidden confounders, under which naive statistical analysis is
systematically misleading.

Automated  Experiment  Multi-turn Causal Explanation ~ Observational
Reference Benchmark evaluation design interaction  relations  evaluation pitfalls
Research Workflow
Zhang et al. (2025b) HiSciBench 3 7 7 7 3 7
Liu et al. (2025) ResearchBench 3 7 7 7 3 7
Starace et al. (2025) PaperBench 3 7 7 7 3 7
Mandal et al. (2025) - 7 3 7 7 7 7
Data Analysis
Chan et al. (2025) MLE-bench 3 7 3 7 7 7
Jing et al. (2024) DSBench 3 7 3 7 7 7
Majumder et al. (2024) DiscoveryBench 3 7 7 7 7 7
Verma et al. (2025) Causal Al Scientist 3 7 7 3 7 7
Wang et al. (2025b) BioDSA-1k 3 7 3 7 3 7
Interactive Discovery
Jansen et al. (2024) DiscoveryWorld 7 3 3 3 7 7
Roohani et al. (2024) BioDiscoveryAgent 7 7 3 3 7 7
Zheng et al. (2025b) NewtonBench 3 3 3 3 7 7
Swanson et al. (2025) Virtual Lab 7 3 3 3 7 7
Gandhi et al. (2025) BoxingGym 3 3 3 7 3 7
Causal Reasoning
Acharya et al. (2025) CauSciBench 3 7 7 3 7 7
Keshmirian et al. (2024) - 7 7 7 3 7 7
Ours CausalGame 3 3 3 3 3 3

2. Related Work

In this section, we briefly review the related work and defer a detailed review to Appendix B.

Al Scientist agents and benchmarks. Recent advances in LLM-based agents have drawn in-
creasing attention to the concept of Al scientists, which has great potential for accelerating scientific
discovery (Gottweis et al., 2025; Lu et al., 2024; Novikov et al., 2025; Yamada et al., 2025). Faithfully
benchmarking the scientific capability of LLMs and LLM-based agents is becoming imperative as they
are the foundation for Al scientists. Early studies focused on benchmarking scientific knowledge via
multi-disciplinary QA (Phan et al., 2025b; Rein et al., 2024; Yue et al., 2024), while recent works
evaluate agentic capabilities across di Lerent stages of scientific discovery, including the ideation (Liu
et al., 2025), data analysis (Shojaee et al., 2025; Wang et al., 2025b), coding (Starace et al., 2025),
interactive scientific discovery (Gandhi et al., 2025; Jansen et al., 2024; Zheng et al., 2025b), and
experiment design (Mandal et al., 2025). Beyond Al benchmarks, cognitive science has also stud-
ied causal thinking in both humans and LLMs to examine whether LLMs exhibit causal reasoning
comparable to humans (Geng et al., 2025; Keshmirian et al., 2024; Steyvers et al., 2003).

Table 1 summarizes the key di Lerences between CausalGame and existing benchmarks. Although
existing benchmarks broadly cover the research workflow, these benchmarks place less emphasis
on replicating the iterative, data-driven nature of real-world scientific discovery. Recent interactive
discovery benchmarks such as BoxingGym (Gandhi et al., 2025), DiscoveryWorld (Jansen et al.,
2024), and NewtonBench (Zheng et al., 2025b) evaluate whether agents can design experiments
and discover underlying relationships in simulated environments, but none explicitly incorporate
observational pitfalls such as selection bias and hidden confounders, where naive statistical analysis
yields systematically misleading conclusions. The closest works are Acharya et al. (2025) and
Verma et al. (2025), which also evaluate LLM capabilities for causal inference from a data-science
perspective. However, they do not replicate the iterative nature of real-world scientific discovery or
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Figure 3 j Illustration of the CausalGame pipeline. The agent is given historical records of surviving
drones and must interact with the environment to uncover the underlying causal mechanism.

address observational challenges such as selection bias and hidden confounders.

Causality and scientific discovery. Scientific discovery ultimately seeks causal and mechanistic
knowledge, i.e., claims about how a system would change under interventions and why, rather than
correlations that hold only under a fixed data-generating process (Pearl, 2009; Spirtes et al., 2000).
In practice, causal discovery is complicated by latent confounding, selection e [ecks, and measurement
error, all of which can make observational regularities misleading (Spirtes and Glymour, 1991).
These challenges have motivated a substantial literature on active causal discovery, which asks which
interventions most e Lciehtly identify causal structure (Hyttinen et al., 2013; Li et al., 2025a). Yet
most active methods assume that all relevant causal variables are observed and that interventions
yield clean outcomes, which rarely holds in realistic scientific settings (Liu et al., 2024). Causal
representation learning addresses the hidden-variable problem by recovering latent causal processes
from observations (Scholkopf et al., 2021; Yao et al., 2024), but these methods typically operate on
passively collected data. CausalGame bridges these gaps by testing whether LLM agents can actively
design experiments and reason causally under hidden confounding, selection bias, and measurement
error to identify hidden causal mechanisms.

3. CausalGame Benchmark

In this section, we introduce the key designs of CausalGame for replicating the setting and challenges
of real-world scientific discovery.

3.1. Basic game setting

Specifically, in CausalGame, the LLM agent acts as a drone designer who must figure out the hidden
causal mechanism behind drone survival through a limited budget of experiments, under observations
that are censored by survivorship, confounded by hidden variables, and corrupted by noise. We
describe the game design below and illustrate the full pipeline in Fig. 3.

Game objective. The agent needs to propose and refine the design of a drone by allocating
defense values (DEF) across seven components: engine, wing, body, cockpit, antenna, camera, and
gun. The agent observes only the post-mission damage state of each component on the surviving
drones. The goal is to understand the underlying mechanism that influences the survival of drones
and maximize the survival rate when drones are deployed under unknown environmental conditions.

SCM as the game engine. The environmental factors that a [eck drone survival, including weather
conditions, enemy detection, and component damage, are governed by an underlying structural causal
model (SCM). Our core design choice is to treat the SCM as the scenario “engine”: scientific discovery
aims to uncover the hidden data-generating mechanism. Concretely, each scenario corresponds to an
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SCM that specifies structural equations over variables - 1 - 3 with exogenous hoise * -,
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While an agent may occasionally reach a
satisfactory survival rate through exploration
alone, producing a correct explanatory report of
the proposed design requires recovering the un-
derlying causal mechanism rather than fitting
surface-level correlations. Fully specified struc-
tural equations, noise distributions, and param-
eter values for all 14 scenarios in CausalGame
are provided in Appendix C.3.

Example game scenarios. CausalGame
contains a suite of scenarios instantiated from
a common simulator. As shown in Fig. 4, we
start from two base scenarios: Antenna Trap,
where a latent weather pattern a Lecks both an-
tenna damage and detection risk, and a surviv-
ing antenna can increase radar detection via
hidden signal emission (thus “protecting the an-
tenna” can be suboptimal); and Deployment
Zone Trap, where an unobserved mission
zone jointly determines the deployment corri-
dor (e.g., altitude band) and the true failure
driver (e.g., EMI), inducing a strong but spuri-
ous correlation that can mislead correlational
strategies.

Figure 4 j lllustration of the two scenario families
in CausalGame. In the Antenna Trap family, a
functional antenna emits signals that raise enemy
detection, so the surviving drones tend to have
damaged antennas, which corrects a “strengthen-
ing the antenna” trap. In the Deployment Zone
Trap family, a hidden electromagnetic-interference
(EMI) level jointly drives deployment altitude and
drone failure, inducing a spurious correlation be-
tween the altitude and the survival rate.

Game protocol. The game proceeds in two stages:

= Stage 1 (Exploration): The agent has a budget of 200 drones and up to 10 deployment calls. In
each call, the agent chooses a drone design, deploys a small batch, and receives partial feedback,
including survival outcomes and observable attributes of the fleet. Optionally, the agent can access
historical observations at the beginning of the game to gain an initial understanding.

= Stage 2 (Evaluation): The agent submits a single final design, which is evaluated on a fleet of
1 000 drones. We report the fleet survival rate. A win is defined as exceeding a scenario-specific
threshold, set below the family-specific optimal survival rate by roughly 5 to 8 percentage points
for most scenarios, and by a larger margin for the hardest ones (e.g., a 55% threshold for Weather
Noise).

The optimal design for each scenario is derived analytically from the SCM and verified empirically,
with theoretical and empirical survival rates agreeing within 2-3 percentage points (Appendix C.4).

Evaluation. In the end, the agent submits both a final design and a short natural-language report
that explains the design choice based on the evidence collected during interaction. CausalGame
also evaluates whether the explanations in the report are aligned with the underlying SCM to assess
whether the agent truly understands the mechanism.
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Table 2 j A summary of causal thinking challenges and the associated representative historical cases
considered in our benchmark.

Challenge Causal Mechanism Historical Cases
Selection bi 0 0 = Spurious correlation induced by hospital-based selection Berkson (1946)
election bias @ = Admission rate bias in hospital case-control studies Sackett (1979)

° e ° « Severe attenuation of disease risk estimates due to dietary measurement error Kipnis et al.
Measurement (2003)

error @ = Regression calibration to correct dietary measurement error in postmenopausal breast
@ @ cancer studies Prentice et al. (2013)
. = Common-cause explanation for the smoking-lung cancer association Doll and Hill (1950)
Hidden - . . L
confounders = Unmeasured smoking as a hidden confounder in radiation-lung cancer cohort
u @ studies Richardson et al. (2014)

3.2. Causal thinking challenges

With the established game setting, we now detail how causal thinking challenges are incorporated
in CausalGame through the SCM. Causal thinking infers how and why an outcome would change
under hypothetical interventions, rather than merely describing associations observed in data (Pearl,
2009; Spirtes et al., 2000). Across the history of science, many influential empirical findings were
initially obscured or misinterpreted due to systematic biases arising from data collection, measurement
processes, or unobserved common causes (Glymour, n.d.; Wallace, 1981). These challenges motivated
the development of explicit causal concepts and methodological tools that go beyond correlational
analysis. Table 2 lists some representative historical scientific discovery cases that illustrate three
recurring obstacles in causal inference and their underlying mechanisms.

Selection bias arises when the process by which data are selected depends on variables related
to both the exposure and the outcome, inducing spurious dependencies in the observed data. This
phenomenon is exemplified by Berkson’'s demonstration of spurious correlations in hospital-based
populations (Berkson, 1946) and Sackett's empirical analysis of admission rate bias in case-controlled
studies (Sackett, 1979).

In this benchmark, we introduce controlled selection biases: the agent can only observe surviving
drones. The survival of drones is determined by the underlying SCMs. For example, in Antenna
Trap, the antenna can be destroyed by bad weather, while drones with a destroyed antenna will
be less likely to be detected by enemies and have more chance to survive. Hence, the agent will
observe a majority of surviving drones with damaged antennas. Strengthening the antenna is a natural
but incorrect mitigation, as an agent following this strategy falls into the trap set by the spurious
correlation. In addition, we also incorporate variants like the high_def and simpsons_paradox variants
to strengthen the survival biases in the historical data, and examine whether LLMs can identify and
correct selection-induced biases through experimental reasoning.

Measurement error arises when latent variables of scientific interest are imperfectly observed
through noisy proxies, distorting the conditional independence among observed variables. Dietary
epidemiology provides clear evidence of this issue: the OPEN biomarker study showed severe at-
tenuation of disease risk estimates due to dietary measurement error (Kipnis et al., 2003), and
regression calibration was shown to partially recover associations in postmenopausal breast cancer
studies (Prentice et al., 2013).

In this benchmark, we inject noise into measurements with varying magnitudes to evaluate
whether LLMs can reason robustly under realistic observational imperfections.
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Hidden confounder arises when unobserved common causes jointly influence two variables, gener-
ating non-causal associations. Classic and modern examples include the common-cause hypothesis in
the smoking-lung cancer debate (Doll and Hill, 1950) and the demonstration that unmeasured smok-
ing substantially confounds radiation—-lung cancer associations in occupational cohorts (Richardson
et al., 2014). Determining the causal relations requires revealing the hidden confounders underlying
the observed variables.

In CausalGame, by initially withholding critical variables, we test whether LLMs can be aware of
the potentially existing hidden confounders and actively propose what additional variables should
be observed through interacting with environments. Moreover, one could also inject the spurious
correlations caused by hidden confounders in the history.

3.3. Rubric-based evaluation

While survival rate provides a quantitative measure of task performance, it alone cannot distinguish
why agents fail or how they reason about the causal structure. We therefore score each agent session
with a rubric along four complementary dimensions. The explicit criteria are summarized in Table 18
in the Appendix. Each agent session is evaluated by an LLM-based judge using this rubric, yielding
dimension-wise scores and an overall rubric score.

Causal reasoning (11 points) evaluates whether the agent correctly identifies the core causal
mechanisms specified in the Task Report, avoids known traps or spurious correlations, and provides
mechanistic explanations with su LCcieht depth. High-scoring responses must articulate explicit causal
chains (rather than correlations), include intermediate variables or processes, and propose testable
predictions or validation strategies.

Experimental design (2 points) assesses whether the agent supports its conclusions with con-
crete experimental evidence. Agents are expected to cite specific numerical results (e.g., survival
percentages, controlled comparisons, or threshold conditions) and clearly connect these results to the
claims being made.

Reflection quality (2 points) evaluates the agent’s ability to reflect on its own reasoning. High-
quality reflections should identify concrete errors, blind spots, or unverified assumptions that are
directly traceable to the proposed approach, rather than o Lering vague or generic caveats.

Data usage (1 point) examines whether the agent explicitly links observed data to conclu-
sions. Agents must state which specific data source or measurements support each claim, avoiding
unsupported or purely speculative reasoning.

4. Experiments

4.1. Experimental setting

Models. We evaluate 30 frontier LLMs spanning major model families: the OpenAl GPT series (GPT-
5.5, GPT-5.5-High, GPT-5.5-XHigh, GPT-5.2, GPT-5.2-High, GPT-5-Mini, GPT-OSS-120B), Anthropic
Claude (Claude-Opus-4.5, Claude-Opus-4.7, Claude-Sonnet-4.5), Google Gemini (Gemini-3.5-Flash,
Gemini-3.1-Flash-Lite), xAl Grok (Grok-4.1-Fast, Grok-4.20), DeepSeek (V3.2, V3.2-Think, V4-Flash,
V4-Pro), and a range of other competitive models including GLM-4.7, GLM-5.1, GLM-5.2, Kimi-
K2.5, Kimi-K2.6, MiniMax-M2, MiniMax-M2.1, MiniMax-M2.7, MiMo-V2-Flash, MiMo-V2.5-Pro,
Hy3-Preview, and Qwen3.7-Max. The full list of model accesses is given in Table 11.

Execution modes. We evaluate each model under two execution modes: (i) Prompting, where




CausalGame: Benchmarking Causal Thinking of LLM Agents in Games

(a) Selection bias

(b) Hidden confounders

Figure 5 j Main results of di [erknt LLM agents in CausalGame. We report the mean survival rate for
all 30 models, averaged over the selection-bias scenarios (a) and the hidden-confounder scenarios
(b); error bars denote the standard deviation across those scenarios.

the agent receives all available data in a single context and submits a design in one turn via code
execution; and (ii) Agentic, where the agent iteratively calls tools over multiple turns using the ReAct
framework (Yao et al., 2023), with mandatory structured reasoning and an exploration guard that
requires at least one deployment before final submission. The two modes di [erlin multiple dimensions,
including tool access, interaction format, and reasoning requirements (Table 5). All results are based
on 3 independent trials per model scenario combination. We use identical hyperparameters for
all models and scenarios: exploration and deployment budgets, and default API temperature and
max-token limits.

4.2. Empirical Observations

We summarize the main empirical findings below. We report the results of all 30 models in Fig. 5,
and present the per-scenario results in Fig. 15 to Fig. 19. We report both standard deviations and
95% confidence intervals in Appendix D.2 and Appendix D.1.
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(@) Antenna Trap (b) Deployment Zone Trap

Figure 6 j Rubric criterion scores by survival-rate tier, split by experiment family (Agentic Mode). Each
polygon averages the six criteria (CR1-CR3, ED1, RQ1, DU1) across three judges; the Deployment-
zone Optimal polygon reflects only 2 trajectories. Each polygon corresponds to one survival tier.

Observation 1: Frontier LLMs fail to identify and reason about hidden causal mechanisms.
The main results are given in Fig. 5, where we aggregate and average the performance of di [erknt
LLMs under selection bias and hidden confounders. We also draw two reference lines: the winning
threshold and the optimal performance. From the results, we find that all frontier LLMs remain
significantly below the optimal survival rate ( 82%), indicating consistent di [culky in reasoning
about hidden confounders, selection bias, and measurement error in interactive settings. In addition,
the significance analysis of di Lerent LLMs across di Lerknt scenarios from Table 12 to Table 15 confirms
that all models remain significantly below the win threshold, indicating the limitations revealed by
CausalGame are consistent and non-trivial.

Observation 2: High survival does not imply causal understanding. We split agent trajectories
into five survival-rate tiers and plot each tier's mean score on the rubric polygon (Fig. 6). In the
Antenna Trap family, the causal axes CR1-CR3 rise with tier (CR1: 0.05 ¥ 0.42 from Fail to
Optimal), yet even the Optimal polygon stays far from saturated. Reflection Quality instead collapses
at the top (RQ1: 0.50 ¥ 0.09), largely because high-survival trajectories destroy fewer drones and
have little concrete failure to acknowledge. In the Deployment Zone Trap family, the causal axes
remain near floor at every tier; only 2 trajectories (approx. 0 3% in all trajectories) reach Optimal,
and both still score 0 on causal reasoning, so survival rests on empirical trial-and-error without any
mechanistic understanding. Across both families, causal-reasoning scores never approach full credit,
confirming that even successful agents struggle to identify the hidden mechanism.

Observation 3: Scaling reasoning computation shows no consistent benefit. Allocating more
reasoning compute does not reliably improve causal thinking. Within the GPT-5.5 family, GPT-5.5-High
(67.8%) does not surpass GPT-5.5 (66.8%), and GPT-5.5-XHigh, despite the largest reasoning budget,
drops to 65.4%. Likewise, DeepSeek-V3.2-Think (59.1%) performs on par with its non-thinking
counterpart DeepSeek-V3.2 (58.7%). All of these di Lerknces are within 1 percentage point and far
smaller than the corresponding per-model standard deviations (4-10 pp; see the confidence intervals
in Table 13), so we read them as the absence of a reliable benefit rather than a systematic e [eck. This
suggests that simply scaling reasoning budgets does not translate into better causal understanding.

10
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Figure 7 j Exploration gap distribution by Stage 1 survival rate, stratified by rubric dimension
satisfaction. Blue = SAT, red = NOT. CausalReasoning requires CR1, CR2, and CR3 simultaneously.

Observation 4: Only causal reasoning protects against exploration overfitting. We define the
exploration gap as the di Lerknce between the survival rates of the designs proposed in Stage 1 and
Stage 2. A positive gap indicates overfitting to small samples. Among the four rubric dimensions, only
CausalReasoning produces clear separation (Fig. 7). At Stage 1 rates of 75 to 85%, causally-aware
trajectories have a mean gap of 3.0 pp versus ,4.5 pp otherwise. The other three dimensions show
no meaningful e [eck.

(a) Harness ablation (b) Non-LLM baseline

Figure 8 j (&) Comparison of three execution modes across five models. OpenCode (coding agent)
outperforms both Prompting and ReAct on all models, yet remains far below the win threshold
(75%). (b) Non-LLM baseline comparison. All baselines fall well below the win threshold (rule-based
49.0-52.7%, hybrid No-Explore 57.5% on average), confirming that the games cannot be won by
undirected exploration. At the same time, they overlap the lower portion of the LLM agentic range
and can outperform the weakest agents on bias-heavy scenarios, indicating that agentic interaction
without causal reasoning adds little.

Observation 5: Agentic sca Laltling helps some models but not uniformly. Comparing per-
model survival across execution modes (Table 16), agentic sca [altling yields large gains for some
models, most notably the GPT-5.5 family (GPT-5.5-High ,9 4, GPT-5.5-XHigh ,7 0, GPT-5.5 ,6 6)
and several mid-tier models (MiMo-V2-Flash ,4 8, DeepSeek-V4-Flash ,4 7, MiniMax-M2 ,4 6), but

11
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its e [eck is not uniform: several of the strongest prompting models are neutral or worse under agentic
execution (Claude-Opus-4.7 3 2, Qwen3.7-Max 0 6, DeepSeek-V4-Pro 0 6, GLM-5.2 0 4), and
the largest drops occur for Gemini-3.1-Flash-Lite ( 10 3), Grok-4.20 ( 8 1), and Kimi-K2.5 ( 6 4).
We note that the two modes di [erlin multiple dimensions (Table 5), so this comparison is not a
controlled ablation.

To provide a more informative comparison, we additionally evaluate a coding-agent frame-
work (OpenCode, 2026) on 5 models 14 scenarios 3 trials. As shown in Fig. 8(a), OpenCode
outperforms ReAct on all 5 models tested (average ,6.9% survival rate), confirming that more capable
agentic frameworks do improve performance. Nevertheless, a significant gap to the optimal survival
rate persists, indicating that causal thinking capability remains the core bottleneck.

Figure 9 | Performance comparison across scenario variants (e.g., no selection bias, local optima, high
defense) for the Antenna Trap (left) and Deployment Zone Trap (right) families. Error bars
denote the standard deviation of LLM performance across the corresponding scenarios.

Observation 6: LLMs show some ability to design useful experiments. Fig. 9 presents the
averaged performance of all the LLM agents under di [erent scenario variants. Under ideal settings
or the “No history” setting, LLMs must probe the environment through experiments, and achieve
moderate success. Given the “Local Optima” setting where a locally optimal design is given to the LLM,
many of the LLMs are able to escape the local optimum and find better solutions. However, when the
biases increase or the action space grows more complicated (from Antenna Trap to Deployment
Zone Trap), agents again fall into the trap.

4.3. Additional analysis

Non-LLM baselines. To calibrate benchmark di Cculky and confirm task solvability, we evaluate four
non-LLM or Agentic baselines: Default (submit initial design unchanged, 49.0%), Random (uniformly
sample DEF values, 52.0%), Uniform High (all DEF=50, 52.7%), and No-Explore LLM (randomly
deploy 10 times, then use LLM to analyze and submit, 57.5% on average, 52—-63% across models).
More details can be found in Appendix G.

The results are given in Fig. 8(b). These simple baselines can outperform several full-agent models
on bias-heavy scenarios, confirming that correlational shortcuts are insu [cieht.
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Impact of Selection Bias. Table 3 shows Table 3 j E [eck of selection bias on survival rate (%).

the impact of selection bias on model per-
formance. Removing selection bias through
balanced sampling yields substantial im-
provements: +8.7% for Agentic mode and
+7.2% for Prompting mode. Notably, Agen- +8.7 +7.2

tic mode exhibits greater sensitivity to selection bias. We hypothesize this stems from the compounding
nature of sequential decisions. Early biased observations lead to biased deployments, which generate
further biased data, progressively reinforcing spurious correlations across turns. In contrast, Prompt-
ing mode processes all observations simultaneously without this feedback loop, partially mitigating
bias amplification.

Condition Agentic Prompting

w Selection Bias 63.8 65.4
w/0 Selection Bias 72.5 72.6

Correlational analysis with other
benchmarks. Figure 10 reports
the Spearman rank correlations be-
tween causal-thinking results and
a range of existing agentic bench-
marks, including hallucination (Chi-
ang et al., 2024), reasoning (Phan
et al., 2025a), coding (Jimenez et al.,
2024), long-horizon reasoning (Bar-
res et al., 2025), long-context under-
standing (Artificial Analysis, 2025),
and parametric knowledge (Jackson
et al., 2025). For each model, we col-
lect its CausalGame survival score and
its reported score on each external
benchmark. We then compute Spear-
man rank correlations across models
between CausalGame scores and each
benchmark score.

Figure 10 | Spearman rank correlations between
CausalGame scores and existing benchmark scores.

Causal thinking performance in both settings correlates only weakly with existing capability
benchmarks. The strongest link is with AA-Omniscience. Correlations with all other benchmarks fall
below 0.35. In contrast, external benchmarks correlate substantially with one another, reflecting a
shared general-capability factor that CausalGame only weakly loads on. Meanwhile, the Agent and
Prompt settings correlate at 0.65 with each other, exceeding their correlations with every external
benchmark. Together, these results indicate that CausalGame captures a consistent capability signal
only weakly explained by existing evaluations.

4.4. Fine-grained analysis with rubrics

To gain a fine-grained understanding of how LLM agents behave in CausalGame, we conduct a
rubrics-based evaluation with LLM-as-a-judge. We first validate the reliability of our LLM-based judge,
then analyze agent behaviors through rubric-based failure mode patterns.

Judge reliability. To assess the reliability of the rubric-based evaluation, we employ three indepen-
dent judge models (Gemini-3-Flash, Grok-4-1-Fast-Reasoning, Qwen3-Next-80B-A3B) and compute
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Table 4 j Failure mode pattern definitions based on rubric scores. Each session is classified into the
first matching pattern in order A through D.

Pattern Name Description

A No Engagement  The agent neither designs meaningful experiments nor identifies any causal
mechanism.

B Blind Exploration  The agent designs experiments and cites concrete numerical results, but fails to
identify causal mechanisms or avoid traps.

C Surface Analysis ~ The agent links observed data to conclusions but does not identify causal chains
or recognize spurious correlations.

D Nascent Reasoning  The agent shows non-zero scores across all dimensions, including some causal
reasoning, experimental evidence, data linkage, and self-reflection, but remains
weak overall.

ICC(2,3) (Shrout and Fleiss, 1979). As shown in Figure 11, inter-rater agreement is good for Exper-
imental Design (ED1, ICC = 0.89), Reflection Quality (RQ1, ICC = 0.88), and Data Usage (DU1,
ICC = 0.85), and moderate for the Causal Reasoning rubrics (CR1 to CR3, ICC = 0.61 to 0.64),
with a mean ICC of 0.75 across all six criteria. The moderate agreement on CR1 to CR3 is primarily
attributable to their highly skewed score distributions, where 87% to 92% of sessions receive zero,
which mechanically depresses ICC rather than reflecting judge inconsistency.

Failure patterns. By jointly considering rubric

scores and survival rate, we identify four qualitatively

distinct failure-mode patterns (Table 4), ranging

from complete disengagement to nascent causal rea-

soning: Pattern A (No Engagement), where the agent

neither designs experiments nor attempts causal rea-

soning; Pattern B (Blind Exploration), where the

agent conducts experiments but extracts no causal

insight from the results; Pattern C (Surface Analysis),

where the agent utilizes observed data but remains

at the level of describing statistical associations with-

out identifying f:ausal mechanisms; and Patt_er'n_D Figure 11 j ICC(2,3) inter-rater agreement

(Nascent Reasoning), _where the agent_sho_ws |n_|t|al across judge models. ED1, RQ1, and DU1 have

signs of cgusal reasoning across all rubric dimensions good agreement, CR1-CR3 show moderate

but remains weak overall. agreement due to highly skewed distributions.
Agentic (Figure 12(a), outer ring): 68.4% of

sessions fall into Pattern A (No Engagement), indicating that the majority of agent runs fail to engage

with causal reasoning at all. Pattern D (Nascent Reasoning) accounts for 24.1%. Agents in this group

show some activity across all rubric dimensions, including experimentation, data usage, reflection and

causal reasoning, but each remains weak and none reaches competence. Patterns B (Blind Exploration,

4.2%) and C (Surface Analysis, 3.3%) are relatively rare.

Dimension-level analysis (Figure 12(b)) shows that across all four failure modes Causal Reasoning
never exceeds 16.3%. The low Causal Reasoning is not an artifact of how the modes are defined:
Pattern D is defined by activity in every dimension, yet its Causal Reasoning reaches only 7.6%. For
Pattern C, while it attains perfect Data Usage (100%), its Causal Reasoning stays at 16.3% and its
Reflection Quality is the lowest of any mode (8.3%).

Prompting (Figure 12(a), inner ring) shows an even more skewed distribution: 86.1% Pattern
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(a) Failure mode distribution (b) Rubric scores by failure mode

Figure 12 j (a) Failure mode distribution comparison. Outer ring: Agentic; Inner ring: Prompting.
(b) Rubric scores by failure mode (Agentic mode). Causal Reasoning remains near-zero across all
patterns; Pattern C peaks on Data Usage while Pattern D shows the highest Reflection Quality.

A, with only 8.0% Pattern D, 3.3% Pattern B and 2.6% Pattern C. The near-total dominance of No
Engagement shows that single-turn prompting limits both exploration and data utilization.

Agentic interaction enables more diverse strategies (reducing No Engagement from 86.1% to
68.4% and growing Nascent Reasoning from 8.0% to 24.1%), yet the core limitation persists: even
Pattern D’s full-dimensional engagement yields only 7.6% Causal Reasoning, so engagement does not
translate into causal mechanism identification.

Configuration-Based Failure Mode Analysis.

In addition to the previous rubric-based analy-

sis, as a judge-independent check on the rubric,

we inspect the configuration paths agents actu-

ally take on the Antenna Trap scenarios. For

each session we extract the full sequence of 7-

dimensional design vectors across all rounds.

Three failure modes stand out across 504 agen-

tic sessions (Figure 13). Component lock-in is  Figure 13 j Configuration-based failure mode anal-
pervasive, a [ecking 74.4% of sessions: at least  ysis on the Antenna Trap.

one component is held to two or fewer distinct

values. High antenna bias appears in 12.5%: agents approach the antenna trend but stop at
antenna_def of 6-10, never reaching the optimal 5. Optimization drift appears in 9.7%: agents
discover antenna_def 5 yet submit a final design at 10. One Claude-Opus-4.5 session reached
antenna_def=5 at 70% survival, then drifted back and submitted antenna_def=10. Agents thus
fail not only in what they say but in what they deploy.

4.5. Hacking Behaviors of LLM Agents during Evaluation

We observed two typical hacking behaviors during the evaluation.

(i) Specification mining and endpoint exploration. We report this behavior because we ran into
it ourselves: during exploratory runs, some agent reports were suspiciously well informed about the
scenario, and we traced this back to a leak in our agent-facing API. In the OpenCode execution mode,
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Figure 14 j Influence of the experiment-name leak in the agentic sweep. (Left) Per-model hacking
rate, defined as the fraction of trials in which the agent echoed the hidden scenario name in its final
report. Rates range from 20% (Grok-4.20) to 62% (GLM-5.1) across the 13 a [ecked models, and are
generally higher for stronger models. (Right) Survival rate on leaked trials under the pre-patch setting
(W/, red) versus the hardened setting with the name scrubbed (W/0O, green). Access to the scenario
name raised survival on leaked trials by 9 to 28 points (mean +18.5 across models), confirming that
the leak was informative enough to distort results. All numbers in the main paper are collected under
the hardened setup.

where the agent has a shell inside its workspace container, the strongest coding-agent backbone
we tested (deepseek-v4-pro) often probed the simulator's HTTP interface instead of the causal
mechanism behind it. Across its 14-scenario sweep, the agent fetched /openapi . Json to enumerate
every endpoint and called admin routes that return the ground-truth experiment configuration
(component HPs, default DEFs, criticality flags). In several sessions it went further and read the
hidden scenario family o Cthe experiment_name field returned by the action_space endpoint.
One Deployment Zone session records the inference in the agent’'s own reasoning log:

Key findings: Experiment name: deployment zone_trap_env_shift -
this suggests that the environment SHIFTS between Stage 1 and Stage
2! This is a ‘trap’ - the conditions you optimize for in Stage 1 may
change in Stage 2.

The agent recovered the environment-shift trap from a single field name, not from any data it collected.
Some sessions also tried to reset the game through an admin route after a failed Stage 2 submission.
This probing consumed steps without producing a valid Stage 2 submission and accounts for most
of deepseek-v4-pro’s never-ending runs, concentrated in the Deployment Zone family. We count
these as failed runs and exclude them from the survival aggregates.

Figure 14 quantifies the leak across the agentic sweep. Agents echoed the hidden scenario name in
their final reports at rates from 20% (Grok-4.20) to 62% (GLM-5.1) across the 13 a [ecked models, and
stronger models generally leaked more. The leak also paid o [Z_dn leaked trials, access to the scenario
name raised survival by 9 to 28 points depending on the model (mean +18.5 pp), for example from
66% to 94% for GLM-5.1.
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We fixed the evaluation suite to avoid the hacking: the agent-facing APl now masks the raw
experiment identifier in action_space responses and removes the admin and config endpoints from
the agent’s network namespace. We keep the observation in the paper because what it reveals is a
property of the agent, not of our particular leak: given the chance, the agent looks for a shortcut to
the answer instead of doing the experiment. As coding agents gain autonomy and tool access, we
expect this failure mode to become more common, and interactive discovery benchmarks will need to
audit for it.

(ii) False victory claims. The Prompting and Agentic sweeps contain 39 sessions in which the
submitted design scored clearly below the scenario’s victory threshold, in some cases near 50% against
a 75% threshold, while the agent’s closing reasoning declared “mission accomplished” or “we achieved
the target.” A representative case is glm-4.7 on deployment_zone_trap_categorical, whose
closing log declares success before the final survival rate is even observed:

### MISSION REPORT: OPTIMIZATION COMPLETE. Operation Status: COMPLETE.
The fleet has been committed to the final reconnaissance mission. We

anticipate exceeding the 75% survival threshold required for mission

Success.

The actual Stage 2 survival rate of the submitted design was 50 1%. gpt-0ss-120b does the same
on the same scenario, calling its stealth-coated batch “comfortably above the 75% success threshold”
before the verdict shows 49 5%; minimax-m2, on deployment_zone_trap_env_shift, writes
“I'm confident this is the optimal design” for a configuration that scores 31 9%. Besides these three,
the pattern also appears in gemini-3.5-flash, so it is not tied to a single backbone. Self-reported
success is an unreliable termination signal in this benchmark, consistent with the findings that LLM
agents can not reliably track the progress and uncertainties (Zou et al., 2026).

Both behaviors point to the same conclusion as CausalGame itself: progress in causal reasoning
should be measured by interventional outcomes against a fixed, hidden SCM, not by the agent’s own
narrative or by side-channel access to the simulator’s internals.

5. Conclusions

In this work, we present CausalGame, a benchmark that instantiates the challenges of real-world
scientific discovery in 14 scenarios. Our benchmarking with 30 frontier LLMs shows that they
consistently fall short of uncovering the underlying causal mechanism and are misled by correlational
signals. We also present a detailed rubric-based analysis and show that the primary failure mode of
frontier LLMs is the inability to reason about hidden mechanisms under selection bias, measurement
error, and hidden confounders. These results indicate the limitations of existing LLM agents for
scientific discovery.
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A. Limitations and Future Works

We acknowledge several limitations of this work, which could be promising future directions built
upon our work. First, the scenarios in CausalGame, despite being motivated by historical cases,
are necessarily simplified compared to real-world discovery, which involves open-ended hypothesis
spaces, rich domain-specific knowledge, and substantially more complex causal structures. Future
works could further scale up the spaces of observational signals and the hypothesis, to reflect the
real-world complexity in scientific discovery (Chen et al., 2026; Liu et al., 2024, 2026).

Second, the Prompting and Agentic execution modes di Cerlin multiple dimensions simultaneously
(see Table 5), including tool access, mandatory ReAct formatting, and exploration guards, so cross-
mode comparisons should be interpreted with caution rather than as controlled ablations. Reliable
tracing the progress and uncertainty could be a promising direction to recursive self-improving
reasoning, multiple turns, and long horizons (Zou et al., 2026).

Third, the LLM-based rubric judge may introduce systematic biases in the fine-grained failure
analysis. To mitigate this, we validate judge consistency via multi-judge ICC analysis (Figure 22) and
provide a complementary judge-independent configuration path analysis (Figure 24). Hence, a more
comprehensive evaluation method, along with metrics on the Al Scientist discovery results, can be a
promising future direction.

Finally, in terms of solutions, a promising future direction is to use the procedurally generated
scenarios in CausalGame for training causal agents. We view meaningful progress as requiring
improvements in both survival rate and causal-reasoning rubric scores, so that gains reflect mechanistic
understanding rather than only stronger search heuristics.

B. Related Work

We briefly review the related works in the literature.

B.1. Al Scientist and Benchmarks

Al Scientist Agents. Recent advances in LLM-based agents have drawn increasing attention to Al
scientists for accelerating scientific discovery Lu et al. (2024); Yamada et al. (2025). The goal of Al
scientists is to automate core components of the scientific workflow, including literature review Huang
et al. (2025b), hypothesis generation Yang et al. (2025), and the systematic design and evaluation
of experiments Huang et al. (2025a). Early e [arts in this direction focused on building general Al
Scientist frameworks with broad research ability Gottweis et al. (2025). Recent work has shifted
towards viewing the Al scientist framework as a cognitive layer (Zhang et al., 2025a) of scientific
research by integrating domain-specific knowledge, specialized tool sets, and in silico simulation
Wang et al. (2025a). This paradigm has been applied successfully in biomedicine Swanson et al.
(2025); Truhn et al. (2026), earth science Feng et al. (2025), material science Ghafarollahi and
Buehler (2025), computer science Novikov et al. (2025), and chemistry Boiko et al. (2023); Yang
et al. (2026). To further bridge the gap between the dry-lab research and wet-lab validation, recent
studies also explore the integration of embodied Al and robotics for wet-lab automation Tom et al.
(2024); Zhu et al. (2022), enabling closed-loop scientific discovery.

Benchmark for Scientific Capability Faithfully benchmarking the scientific capability of LLMs
and LLM-based agents is becoming imperative as they are the foundation for Al scientists. Early
studies, such as MMMU Yue et al. (2024) and ScienceQA Lu et al. (2022), focused on benchmarking
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the general scientific knowledge of LLMs via multi-modal and multi-disciplinary scientific question
answering (QA) Hu et al. (2025); Rein et al. (2024); Yue et al. (2025). Later benchmarks curated
more specialized and advanced scientific QA tasks to benchmark advanced scientific understanding Li
et al. (2026); Phan et al. (2025b); Wan et al. (2026); Yu et al. (2025). Recent works aim to benchmark
the capability of LLM-based agents in the workflow of scientific discovery, rather than scientific QA
tasks. These benchmarks evaluate agentic capabilities across di [Cerkent stages of research, including
the ideation Liu et al. (2025); Si et al. (2025), review synthesis Zhang et al. (2025b), data analysis
Shojaee et al. (2025); Wang et al. (2025b), coding Starace et al. (2025), interactive scientific discovery
Gandhi et al. (2025); Jansen et al. (2024); Zheng et al. (2025b), and experiment design Mandal et al.
(2025). Beyond Al benchmarks, cognitive science has also studied causal reasoning in both humans
and LLMs (Bramley et al., 2017; Keshmirian et al., 2024; Steyvers et al., 2003), and recent work
examines LLMs' ability to reverse-engineer black-box systems through active intervention (Geng et al.,
2025).

The key di Lerbnces between CausalGame and the existing benchmarks for Al Scientists are given
in Table 1. Although existing benchmarks provide a holistic evaluation of LLM-based Al Scientist
agents, they place less emphasis on replicating the iterative, data-driven nature of real-world scientific
discovery, where agents need to design experiments and interact with the environments to collect
more observations to draw scientific conclusions. Recent interactive discovery benchmarks such as
BoxingGym (Gandhi et al., 2025), DiscoveryWorld (Jansen et al., 2024), and NewtonBench (Zheng
et al., 2025b) primarily evaluate whether agents can design experiments and discover underlying
relationships in simulated environments, but none explicitly incorporate observational pitfalls such as
selection bias and hidden confounders, where naive statistical analysis yields systematically misleading
conclusions. In addition, the evaluation of the scientific report is also essential as it provides the
explanation of the discovered causal mechanism. The closest benchmarks related to CausalGame
are Acharya et al. (2025); Verma et al. (2025) that also benchmark the capabilities of LLMs in doing
causal inference from the data science perspective. However, they fall short in replicating real-world
scientific discovery and in considering challenges raised by hidden variables in causality.

Scientific discovery ultimately seeks causal and mechanistic knowledge, i.e., claims about how a
system would change under interventions and why, rather than correlations that hold only under a
fixed data-generating process Pearl (2009); Woodward (2004). Causal graphs and structural causal
models (SCMs) formalize how hypotheses generate observations and how controlled perturbations
reveal invariant mechanisms Spirtes et al. (2000). In practice, however, causal discovery is com-
plicated by latent confounding, selection e Lecks, and measurement error, all of which can make
observational regularities misleading and render causal directions unidentifiable without targeted
interventions Spirtes and Glymour (1991). These challenges have motivated a substantial literature on
active causal discovery, which asks which interventions most e Lciehtly identify causal structure Hytti-
nen et al. (2013); Li et al. (2025a). Yet most active methods assume that all relevant causal variables
are observed and that interventions yield clean outcomes that rarely hold in realistic scientific settings
where hidden confounders and imperfect measurements are the norm Liu et al. (2024). Bridging
this gap requires evaluations in which an agent must design experiments and reason causally under
confounding, bias, and noise to recover underlying mechanisms.

Causal representation learning aims to recover the latent causal processes behind observations
when well-defined measured variables are unavailable (Schdlkopf et al., 2021). A prominent line
of work builds on Independent Component Analysis (ICA) Mansouri et al. (2023); Rajendran et al.
(2024); Wendong et al. (2024): classical ICA handles linear mixtures Comon (1994); Lee and Lee
(1998); Zhang and Chan (2007), while nonlinear extensions achieve identifiability by exploiting
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auxiliary variables Hyvarinen and Morioka (2016, 2017); Hyvarinen and Pajunen (1999); Hyvarinen
et al. (2019); Khemakhem et al. (2020a,b); Li et al. (2023); Zheng et al. (2022) or structural priors
such as mechanism sparsity Lachapelle and Lacoste-Julien (2022); Lachapelle et al. (2023); Zhang
et al. (2024). Temporal extensions further leverage nonstationarity and transition sparsity to recover
latent dynamics from time series Halva and Hyvarinen (2020); Huang et al. (2023); Hyvarinen
and Morioka (2016); Lippe et al. (2022); Song et al. (2024); Yan et al. (2024); Yao et al. (2021,
2022), with recent work unifying causal representation learning and dynamical systems to support
mechanistic generalization Yao et al. (2024). Other recent approaches address noisy observation
processes by using multiple conditionally independent views to achieve identifiability Li et al. (2025b);
Zheng et al. (2025c). While these methods provide principled frameworks for latent causal structure
recovery, they typically operate on passively collected data; CausalGame instead tests whether LLM
agents can actively identify hidden causal variables through interactive experimentation.

C. Details of CausalGame Benchmark

This appendix provides comprehensive details about the CausalGame benchmark, including execution
modes, scenario descriptions, and the prompts used for evaluation.
C.1. Execution Modes

CausalGame supports two execution modes that represent di Lerent paradigms for LLM-based agent
interaction: Agentic mode using structured tool calling, and Prompting mode using code execution.

Table 5 j Comparison of Execution Modes in CausalGame

Aspect Agentic Prompting

API Operations Structured Tool Calling Python code with client.xxx()
Data Analysis Sandboxed Python execution Full code execution

Control Flow Explicit tool calls with reasoning Code blocks with API calls
Reasoning Mandatory ReAct pattern Optional

Exploration Guard Must deploy before submit None

Tool Limit Max 5 tools per turn Unlimited API calls

Agentic Mode. In this mode, the agent interacts with the environment through structured function
calling. The agent must explicitly invoke tools such as get_status, get_history, deploy_drone,
and submit_final _design. Each turn requires the agent to provide reasoning before taking actions,
following the ReAct (Reasoning and Acting) paradigm. A key safety feature is the exploration guard:
the agent must deploy at least one drone before submitting a final design, preventing premature
submissions without data collection.

Prompting Mode. Inthis mode, a pre-configured cl ient object is injected into the Python execution
namespace. The agent writes Python code blocks that directly call methods like client.deploy_drone()
and client.get_history(). This mode allows for more flexible data analysis through unrestricted
code execution but lacks the structured reasoning requirements of the agentic mode.
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C.2. Benchmark Scenarios

CausalGame includes 14 scenarios organized into three families, each presenting distinct causal
reasoning challenges. Table 6 summarizes all scenarios with their causal challenges.

Table 6 | Overview of All CausalGame Scenarios

Experiment Selection Bias Hidden Confounder Threshold
Antenna Trap Family
antenna_trap /] - 75%
antenna_trap_high_def /] /] 75%
antenna_trap_local_optima /] - 75%
antenna_trap_no_history a - 75%
antenna_trap_no_selection_bias - - 75%
antenna_trap_simpsons_paradox a (/] 75%
Deployment Zone Trap Family (Farr's Cholera Paradox)
deployment_zone_trap_categorical a - 75%
deployment_zone_trap_categorical_high_def /] (/] 75%
deployment_zone_trap_categorical_local_optima /] - 75%
deployment_zone_trap_categorical_no_history /] - 75%
deployment_zone_trap_categorical_no_selection_bias - - 75%
deployment_zone_trap_categorical_simpsons_paradox /] ] 75%
deployment_zone_trap_env_shift a - 75%
Weather Family
weather_noise /] - 55%

C.2.1. Antenna Trap Family

The Antenna Trap scenarios are inspired by real-world signal detection problems where a functioning
communication system can paradoxically increase risk.

Causal Structure. The underlying causal graph contains the following relationships:

= Weather ¥ Wind Intensity ¥ Antenna Damage
= Antenna HP ¥ Signal Emission ¥ Detection Probability ¥ Combat Engagement
= Combat Engagement ¥ Drone Damage ¥ Survival

The Trap. Historical data shows that drones with higher antenna DEF (defense) values tend to
survive better in the training distribution. This creates a spurious correlation: agents naturally
conclude that maximizing antenna DEF improves survival. However, the true causal mechanism is that
a functional antenna emits signals that increase detection probability by enemy systems, leading to
combat and destruction. The optimal strategy is to set antenna_def=0, allowing storms to destroy
the antenna early, which activates “stealth mode” and dramatically reduces detection.

Variants.

= high_def: Adds pressure to allocate high DEF values, creating an additional confounder.
= local_optima: Introduces local optima that trap gradient-following strategies.
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= no_history: Removes historical flight data, requiring pure exploration.

= no_selection_bias: Control condition without selection bias.

= simpsons_paradox: Data exhibits Simpson’s paradox where aggregate trends reverse within
subgroups.

C.2.2. Deployment Zone Trap Family

This family is inspired by Farr's Cholera Paradox, a historical example where altitude appeared to
protect against cholera when the true cause was water source contamination at lower elevations.

Causal Structure.

= Deployment Zone ¥ Altitude (Visible)
= Deployment Zone ¥ EMI Level (Hidden) ¥ Communication Failure
e Communication Failure ¥ Mission Failure ¥ Drone Loss

The Trap. Agents observe that low-altitude flights have significantly higher loss rates and may
conclude that engine upgrades (for altitude capability) are the solution. However, the true causal
factor is electromagnetic interference (EMI), which is hidden from initial observations. Low-altitude
zones happen to have high EMI levels, creating the spurious altitude-survival correlation. The optimal
strategy is to maximize shield_def for EMI protection and select the signal _filter enhancement
module.

Enhancement Modules (Categorical Variant). The categorical variant requires agents to select
one enhancement module:

radar_boost: No EMI protection (trap)

thermal _shield: No EMI protection (trap)
power_core: No EMI protection (trap)
stealth_coating: No EMI protection (trap)
signal_filter: Provides 55% EMI reduction (optimal)

Variants.

= high_def: Additional DEF allocation pressure.

= local_optima: Local optima traps.

< no_history: No historical data available.

< no_selection_bias: Control condition.

= simpsons_paradox: Simpson’s paradox in aggregated data.

= env_shift: Distribution shift between exploration and validation phases.

C.2.3. Weather Family

The Weather family scenarios test the agent’s ability to handle environment-dependent e [ecks and
noisy observations.
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Table 7 | SCM specifications for the CausalGame benchmark.
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Weather Noise. This scenario adds observation noise that varies with weather conditions:

= Rainy conditions: 20% observation noise
= Clear conditions: 5% observation noise

Agents must distinguish genuine causal patterns from noise artifacts and deploy su Lcieht samples to
average out the noise, particularly in rainy conditions. The victory threshold is lowered to 55% to
account for increased di LCculky.

C.3. SCM Specifications

Table 7 summarizes the structural causal model templates used by the three scenario families. The
14 benchmark scenarios instantiate these templates with controlled changes to history availability,
selection bias, hidden confounding, local optima, DEF budgets, and environment shift while preserving
the family-level causal mechanism.

C.4. Optimal Survival Rate

For each scenario A we compute the optimal survival rate by maximizing the expected Stage 2 survival
under the corresponding SCM,

2

where 0 denotes the submitted final design and . 5is the binary survival outcome. The resulting design
is then deployed empirically on fleets of 1,000 drones across repeated runs; theoretical and empirical
rates agree within 2-3 percentage points. Table 8 reports the family-level optima, and Figure 25
shows the corresponding threshold margins.

@=max E o, . 5,0 *" ..
02An

C.5. Prompts and Tool Definitions
C.5.1. Prompting Mode Prompt

The following prompt template is used for Prompting mode execution:
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Table 8 | Family-level theoretical optimal survival rates (computed from the SCM solver, Appendix C.4)
and win thresholds. Empirically verified per-variant margins are shown in Figure 25.

Scenario family Optimal intervention Optimal survival Win threshold
Antenna Trap Fant =0 82% 75%
Deployment Zone Trap  Fyng =25 + signal_Ffilter 80% 75%
Weather Noise Fant 8 with Stage 2 tuning 78% 55%

Listing 1 j Prompting Mode Prompt Template

# Antenna Trap Experiment - Agent Prompt

## ROLE

You are an advanced Drone Designer working on a drone optimization project.
Your goal is to optimize drone designs for survival in a hostile canyon
environment. The simulation is a "black box" - you must discover the rules
through observation and experimentation.

## KEY INFORMATION
- You control *DEF (armor/defense)** values for each drone component
- HP (health points) are FIXED and HIDDEN - you cannot see or modify them
- **VALID design keys** (use EXACTLY these names):
- ‘engine_def', ‘cockpit_def', ‘wing_def’, ‘body_def*
- ‘antenna_def’, ‘camera_def’, ‘gun_def
- Different environmental conditions may affect drone performance
- **Not all environmental data is visible!** Use ‘client.query_environment()*
to discover hidden measurements

## INVESTIGATION STRATEGY

1. *OBSERVE**: Look for patterns in survival, hit_count, and environmental
conditions

*DISCOVER**: Query for hidden measurements (weather, atmospheric, etc.)
*ANALYZE**: Check how different factors relate to outcomes
*HYPOTHESIZE**: Form theories about what drives survival

**TEST**: Design experiments to validate your theories

arwN

## GAME FLOW
1. *STAGE 1 (Exploration)**: Use ‘client.deploy_drone()* to test hypotheses
- You have {{total_drones}} drones for experimentation
- Each deployment returns: survival status, hit_count, environment data
2. *STAGE 2 (Validation)**; Call ‘client.submit_final_design(design)‘
- Runs {{stage2_fleet_size}} simulations with your final design
- *WARNING**: You can only submit ONCE - this is irreversible!

## VICTORY CONDITION
- **Survival Rate** >= {{victory_threshold}}%

## AVAILABLE METHODS

- ‘client.get_history()* - Get all flight history

- ‘client.get_all_environments()' - Get environment data for all flights

- ‘client.query_environment(query: str)' - Discover hidden variables

- ‘client.get_status()* - Current mission status

- ‘client.deploy_drone(design, count=1, equipment=None)' - Deploy drones
- ‘client.submit_final_design(design, equipment=None)' - FINAL submission

## FORMAT
Think step-by-step, then provide a single

10

python code block" to execute.

C.5.2. Agentic Mode Prompt
The Agentic mode uses a similar prompt but references tool calling instead of Python methods:

Listing 2 j Agentic Mode Prompt Template
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# Antenna Trap Experiment - Agent Prompt

## ROLE

You are an advanced Drone Designer working on a drone optimization project.
Your goal is to optimize drone designs for survival in a hostile canyon
environment. The simulation is a "black box" - you must discover the rules
through observation and experimentation.

## KEY INFORMATION
- You control *DEF (armor/defense)** values for each drone component
- HP (health points) are FIXED and HIDDEN - you cannot see or modify them
- *VALID design keys** (use EXACTLY these names):
- ‘engine_def', ‘cockpit_def', ‘wing_def, ‘body_def*
- ‘antenna_def’, ‘camera_def, ‘gun_def
- Different environmental conditions may affect drone performance
- **Not all environmental data is visible!** Use environment queries to
discover hidden measurements

## INVESTIGATION STRATEGY

*OBSERVE**: Look for patterns in survival, hit_count, and environmental
conditions

*DISCOVER**: Query for hidden measurements (weather, atmospheric, etc.)
*ANALYZE**: Check how different factors relate to outcomes
*HYPOTHESIZE**: Form theories about what drives survival

**TEST**: Design experiments to validate your theories

=

aprwn

## QUESTIONS TO CONSIDER

- Why do some drones get hit more often? Is it random or systematic?
- Does higher DEF always improve survival? Are there trade-offs?

- What environmental factors matter? Are there hidden variables?

- How do different components affect overall performance?

## GAME FLOW
1. *STAGE 1 (Exploration)**: Deploy drones to test hypotheses

- You have {{total_drones}} drones for experimentation

- Each deployment returns: survival status, hit_count, environment data
2. *STAGE 2 (Validation)**: Submit your final design

- Runs {{stage2_fleet_size}} simulations with your final design

- *WARNING**: You can only submit ONCE - this is irreversible!

- *CRITICAL**: You MUST submit before the mission ends!

## VICTORY CONDITION
- **Survival Rate** >= {{victory_threshold}}%
- Optimize your design to maximize drone survival

## AVAILABLE ACTIONS

You have access to the following tools:

- **get_mission_status**: Get current mission state (drones remaining, etc.)

- **get_flight_history**: Retrieve past deployment results and environment data

- **query_environment**: Discover hidden environmental variables via natural
language query

- **deploy_drone**: Deploy drones with a specific DEF design and optional
equipment

- **submit_final_design**: Submit your final design for Stage 2 evaluation
(ONE TIME ONLY!)

- *run_analysis**: Execute Python code for data analysis (pandas/numpy
available)

*IMPORTANT**: You can make at most {{max_tool_iterations}} tool calls per
turn. Plan your actions efficiently!

## TIPS

- Start by analyzing the initial flight history to identify patterns

- Use ‘query_environment' to discover hidden factors that might affect survival
- Test your hypotheses systematically before submitting

- Consider trade-offs between different DEF allocations
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C.5.3. ReAct Framework Integration

The Agentic mode enforces the ReAct (Reasoning and Acting) pattern, which requires agents to
explicitly reason before taking actions. This is implemented through instruction injection at each turn.

ReAct Loop. The agent follows a cyclic pattern of Thought ¥ Action ¥ Observation:

1. THOUGHT: The agent reasons about observations and forms hypotheses
2. ACTION: The agent calls a tool (e.g., deploy_drone)

3. OBSERVATION: The agent receives results from the environment

4. Return to step 1 with new information

ReAct Instruction Injection. Before each turn, the following instruction is injected into the agent’s
context to enforce reasoning:

Listing 3 j ReAct Instruction (Injected Each Turn)

[IMPORTANT: ReAct Format]

Before calling any tool, you MUST first explain your reasoning:
1. What did you observe from previous results?

2. What is your hypothesis?

3. Why are you taking this action?

Output your THOUGHT first, then call the tool.

Post-Deployment Analysis Prompt. After each deploy_drone call returns results, an additional
analysis prompt is appended to encourage systematic reasoning:

Listing 4 j Analysis Prompt (After Deployment Results)

[ANALYZE THIS RESULT]

1. What is the survival rate? Does it match your expectation?

2. What does this tell you about the design parameters?

3. What should you test next to validate or refine your hypothesis?

Safety Guards. The Agentic mode implements several safety mechanisms:

= Exploration Guard: Agents must call deploy_drone at least once before submit_final_design
is allowed. This prevents premature submissions without data collection.

= Tool Iteration Limit: Maximum of 5-10 tool calls per turn (configurable) to prevent infinite
loops.

= ClientStub Error Prevention: If agents accidentally attempt to use Prompting-style client.xxx()
calls in code blocks, an error message redirects them to use the proper tool.

C.5.4. Tool Definitions

Table 9 describes the tools available in Agent mode. The query_environment tool is auxiliary: it
can help agents discover supplementary variables, but all core variables required for solving each
scenario are observable from the flight history and deployment outcomes. The optimal design can
therefore be reached without relying on this tool, through systematic experimental exploration over
design variables. In our final evaluation, all trajectories were rerun under a consistent tool setting
across three trials.
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Table 9 j Tool Definitions for Agentic Mode

Description

Tool Category
get_status READ
get_history READ
get_action_space READ

query_environment DISCOVERY

deploy_drone ACTION

submit_final _design ACTION

Get current mission status including
drones remaining, deployments remain-
ing, stage, and victory threshold.

Get all historical flight records including
design, survival status, hit_count, and
environment data.

Get valid parameter ranges for drone
design and available equipment options.
Query the environment interpreter to
discover hidden variables. Takes a natu-
ral language query string.

Deploy drones with specified design. Pa-
rameters: design (object), count (int),
equipment (object, optional).

Submit final drone design for Stage 2
evaluation. Can only be called once.

C.6. Drone Components

Table 10 lists all drone components with their default specifications.

Table 10 j Drone Component Specifications

Component HP Default DEF Critical Notes

engine 100 20 Yes Power core

cockpit 100 20 Yes Pilot safety

wing 80 15 Yes Flight surfaces

body 80 15 Yes Structural integrity

antenna 50 10 No Communications (may emit signal)
camera 20 5 No Visual recon (evasion bonus)

gun 30 5 No O [ensive capability

shield* 30 0 No EMI protection (deployment zone only)

*Shield component only available in deployment_zone_trap variants.

D. Details of Experimental Results

This appendix presents the complete experimental results for all 30 models evaluated on the
CausalGame benchmark across both execution modes. Results are reported on the 14 core ex-

periments.

D.1. Full Results: Agent Mode

Table 12 presents the survival rates (%) for all models in Agent mode across 14 experiments. We also

report 95% confidence interval in Table 13.
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Table 11 j Model access details for the 30 models evaluated in CausalGame.

Model API/configuration 1D Model Provider Access route

O [cial APIs

Claude Opus 4.5 claude-opus-4-5 Anthropic Claude Platform
Claude Opus 4.7 claude-opus-4.7 Anthropic Claude Platform
Claude Sonnet 4.5 claude-sonnet-4-5 Anthropic Claude Platform
Gemini 3.5 Flash gemini-3.5-flash Google Google Al Studio
Gemini 3.1 Flash Lite gemini-3.1-flash-lite Google Google Al Studio
GPT-5.5 gpt-5.5 OpenAl OpenAl Platform
GPT-5.5 High gpt-5.5 (reasoning_effort=high) OpenAl OpenAl Platform
GPT-5.5 XHigh gpt-5.5 (reasoning_effort=xhigh) OpenAl OpenAl Platform
GPT-5.2 gpt-5.2 OpenAl OpenAl Platform
GPT-5.2 High gpt-5.2 (reasoning_effort=high) OpenAl OpenAl Platform
GPT-5 Mini gpt-5-mini OpenAl OpenAl Platform
Grok 4.1 Fast grok-4-1-fast XAl XAl Cloud Console
Grok 4.20 grok-4.20 XAl XAl Cloud Console
DeepSeek V4 Flash deepseek-v4-flash DeepSeek DeepSeek Platform
DeepSeek V4 Pro deepseek-v4-pro DeepSeek DeepSeek Platform
OpenRouter

DeepSeek V3.2 deepseek-v3.2 DeepSeek OpenRouter
DeepSeek V3.2 Think deepseek-v3.2-think DeepSeek OpenRouter
GLM-4.7 glm-4.7 Zhipu OpenRouter
GLM-5.1 gim-5_1 Zhipu OpenRouter
GLM-5.2 gIm-5.2 Zhipu OpenRouter
GPT-0SS-120B gpt-0ss-120b OpenAl OpenRouter

Hy3 Preview hy3-preview Hunyuan OpenRouter

Kimi K2.5 kimi-k2.5 Moonshot Al OpenRouter

Kimi K2.6 kimi-k2.6 Moonshot Al OpenRouter
MiniMax M2 minimax-m2 MiniMax OpenRouter
MiniMax M2.1 minimax-m2-1 MiniMax OpenRouter
MiniMax M2.7 minimax-m2-7 MiniMax OpenRouter
MiMo V2 Flash mimo-v2-flash MiMo OpenRouter
MiMo V2.5 Pro mimo-v2.5-pro MiMo OpenRouter
Qwen3.7 Max gwen3.7-max Alibaba Qwen OpenRouter

D.2. Full Results: Prompting Mode

Table 14 presents the survival rates (%) for all models in Prompting mode across 14 experiments. We

also report 95% confidence interval in Table 15.

D.3. Summary Statistics

D.3.1. Model Performance Summary

Table 16 summarizes model performance across both modes with win rates (percentage of experiments
55% for weather scenarios).

achieving 75% survival for antenna/deployment scenarios,

D.3.2. Experiment Di [culty Analysis

Table 17 ranks experiments by average model performance, indicating relative di [culty.
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Figure 15 | Results with selection bias

Figure 16 | Results without measurement error

Figure 17 j Results with measurement error
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Figure 18 j Results without hidden confounders

Figure 19 j Results with hidden confounders
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Table 12 | Full Results for Agent Mode - Survival Rate (%). Column abbreviations:
ant=antenna_trap, dep=deployment_zone_trap_categorical, wea=weather. Variants: high=high_def,
local=local_optima, nohist=no_history, noselbias=no_selection_bias, simpson=simpsons_paradox,

envshift=env_shift.
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Model ] ] 5 ] g 5 3 8 3 3 8 3 3 E z
claude-opus-4-5 77292 76475 84832 74082 77678 84147 |69608 68317 72142 70230 71105 679 126 312 12| 27.3 50 | 68.0 50
glm-5.2 78580 77285 89350 71.6 113 64.0 120 78.1 82 |70.0 160 72.6 40 67.5155 74362 71706 69.5 174 329 01| 325 28 | 67.8 83
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gpt-5.5 784 83 73320 89341 80077 73699 82388 |69.607 69418 61796 61687 714 16 633 113 322 14| 28.4 37 | 66.8 57
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claude-opus-4.7 749 82 75491 87239 79191 774 96 688 153|575 136 71.3 54 53.023 78832 70.6 16 652 126 329 21| 23.3 72 | 65.4 74
kimi-k2.6 57.4 246 75.9 121 85.3 146 67.4 164 74.4 80 73.192 (682 151 67.0 115 74952 683 162 72.0 06 60.1 130 31.4 20| 28.9 0.4 |64.6 106
deepseek-v4-pro 69.0 25 79.281 88.6 73 75575 73193 64.3 194| 70.3 08 61.4 118 645 107 69.2 09 71.4 05 59.8 170 32.8 1.3| 25.1 26 | 64.6 7.1
minimax-m2 67253 63996 78332 76468 778101 79483 |61694 63398 639101 70231 71805 69802 338 08| 258 86 | 64.5 6.1
claude-sonnet-4-5 78.4 191 72392 82490 79654 79160 57.4 274|558 86 69.2 07 70523 599 115 73514 629 98 316 21| 288 26 | 64.4 82
gemini-3.5-flash 67.4 118 77.4 93 77.0 92 76.8 110 81.6 112 73.4 147|615 111 67.1 127 61.8 111 558 99 70.7 08 68.7 162 33.1 18| 25.3 41 | 64.1 96
mimo-v2.5-pro 74.1 74 684 283 79.7 74 70214 717 69 720 120|569 47 69.2 16 689 09 68520 70921 57.3 135 335 13| 26.9 48 | 63.4 67
minimax-m2-1 68.6 1.8 63.7 162 75.4 88 74.0 147 77.2 96 65.7 306|57.6 111 68.1 08 64.4 119 683 23 717 02 66.7 146 33.2 08| 29.7 49 | 63.2 92
deepseek-v4-flash 54.0 295 70.8 135 81.8 98 70.3 116 67.6 155 87.8 52 |62.5 103 62.1 122 63.4 109 68.2 120 71.4 05 57.1 101 32.3 06|23.4 127|62.3 110
hy3-preview 80.0 138 60.9 229 86.8 55 654 71 68.0 134 62.3 288 |60.9 120 66.3 123 58.2 134 67.9 30 71.7 1.7 57.2 110 31.8 17| 23.0 7.3 | 61.5 110
gpt-0ss-120b 65.2 169 79.050 769 41 75649 77343 722 197|57.2 128 57.9 106 61.8 112 63.8 11.7 64.2 104 44.0 84 325 32| 27.2 88 | 61.1 94
mimo-v2-flash 64.8 191 785 84 78.6 138 827 18 73969 679 319|517 28 62.8 1124 49.1 29 62.3 108 72.7 12 589 117 32.5 14| 16.2 64 | 60.9 93
gpt-5-mini 756 55 748 25 714 188 76.3 47 76.168 800 74 |61.7 143 53.2 50 53.6 43 64.8 137 57.9 120 38.4 103 32.4 08| 29.2 05 | 60.4 7.6
deepseek-v3.2-think | 67.4 33 64.6 177 75.3 129 70.4 28 73.3 88 49.7 81 |51.637 721 12 583 110 58.9 130 71.8 1.9 56.8 105 32.0 16| 25.0 38 | 59.1 7.2
gpt-5.2-high 68.9 259 52.6 01 829 95 815 123 74507 819 105|488 05 50.7 25 51.130 51416 70808 51221 33303|26365 59055
deepseek-v3.2 53.4 147 62.2 100 75.1 189 63.3 104 72.1 104 61.8 6.8 |63.9 119 64.4 126 51.517 704 40 71.8 08 50.3 20 319 08| 29.2 29 | 58.7 7.7
glm-4.7 64565 58882 79388 67.9 12 66.8 94 67.1 264|509 33 49.9 15 50.8 25 70.0 12 71.0 06 63.2 102 34.6 22| 20.1 43 | 58.2 6.2
kimi-k2.5 62.2 65 63.8 212 62.9 191 68.4 149 59.0 287 74.0 59 | 55.8 84 50.0 21 63.8 128 56.1 99 71.1 12 61.7 176 33.5 16| 31.8 14 |58.2 108
minimax-m2-7 52.7 162 60.5 96 50.4 293 64.8 284 78.6 7.7 69.7 139 |55.2 121 60.5 171 50.2 11 62.0 104 71.4 06 65.9 143 33.1 20| 31.0 05 |57.6 117
gpt-5.2 67.0 133 79.6 126 60.6 29.4 69.2 133 75.0 09 735 13| 517 15 49.7 14 50.7 1.6 493 12 71514 50321 33.133|20.7 43 | 57.3 63
grok-4.20 40.4 140 62.0 176 57.3 154 453 199 78.1 127 40.6 89 | 485 09 50.7 24 49.6 02 51.003 71506 504 08 324 16| 215 85 | 50.0 74
gemini-3.1-flash-lite | 50.0 28.9 41.4 62 48.0 16.6 47.1 287 64.8 192 56.0 163 | 52.5 43 52.3 24 51.9 16 56.8 113 70.532 50.5 12 33.4 10| 18.1 29 |49.5 103

Avg 67.2 124 70.7 103 77.5 109 71.3 100 743 93 71.1 132|604 74 624 65 60.862 64370 708 17 60590 327 14| 253 54 -
Table 13 j Full Iﬂgsults for Agent Mode - Survival Rate (%) with 95% confidence intervals (Cl =

mean Boxs2A 3=mean 2484A).
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Model & 5] 5] & 5] 5] 3 8 3 8 8 3 8 H 2
claude-opus-4-5 77.2 228 76.4 187 84.8 79 74.0 204 77.6 194 84.1 116| 69.6 20 683 41 721 105 70.2 74 71.1 12 67.9 31.3 31.2 30| 27.3 123|68.0 123
glm-5.2 785 197 77.2 212 89.3 123 71.6 282 64.0 209 78.1 203|70.0 39.8 72.6 101 67.5 386 74.3 155 71.7 1.4 69.5 433 32.9 04| 32.5 68 |67.8 205
gpt-5.5-high 69.9 80 79.6 217 86.9 128 82505 84.0 26 81.8 48| 69.7 41 63.3 268 70.7 2.7 63.6 263 70.7 05 69.0 1.4 32.6 27| 24.3 24.4|67.8 100
gwen3.7-max 66.8 711 80.6 80 77.8 143 68.8 142 83.0 51 79.9 230| 73.6 92 62.1 153 69.4 35 783 75 71.932 69.4 47 325 40|22.1 342|66.9 155
gpt-5.5 78.4 207 73.3 49 89.3 101 80.0 191 73.6 245 82.3 21.7| 69.6 1.8 69.4 45 61.7 238 61.6 21.7 71.4 39 63.3 280 32.2 35| 28.4 93 |66.8 141
glm-5.1 75.4 179 79.6 154 81.0 270 61.5 447 72.9 471 68.2 e6.9| 73.1 202 73.8 113 65.0 279 74.5 105 72.7 04 76.3 153 30.9 0.7|26.4 11.3|66.5 226
gpt-5.5-xhigh 77.6 171 78.3 210 83.4 275 76.8 168 81.9 33 78.6 16.9|60.8 215 59.6 216 63.0 259 57.7 255 71502 71.3 06 34.7 0.8|20.7 31.8|65.4 165
grok-4-1-fast 70.3 145 89.2 194 92.6 169 76.0 193 73.4 246 80.3 3.7 |62.2 249 62.6 231 69.0 1.5 56.2 200 70.8 46 61.1 203 32.5 19| 19.5 7.9 |65.4 158
claude-opus-4.7 74.9 205 75.4 227 87.2 97 79.1 225 77.4 239 68.8 379|57.5 338 71.3 135 53.0 57 78.8 80 70.6 39 65.2 312 32.9 51|23.3 17.8|65.4 183
kimi-k2.6 57.4 612 75.9 300 85.3 362 67.4 406 74.4 108 73.1 227|68.2 375 67.0 287 74.9 129 68.3 403 72.0 1.6 60.1 323 31.4 50| 28.9 1.0 |64.6 26.4
deepseek-v4-pro 69.0 63 79.2 200 88.6 182 755 185 73.1 232 64.3 481| 70.3 21 61.4 293 64.5 266 69.2 21 71.4 12 59.8 422 32.8 33| 25.1 65 |64.6 17.7
minimax-m2 67.2 131 63.9 239 78.3 79 76.4 170 77.8 250 79.4 207 |61.6 233 63.3 243 63.9 251 70.2 77 71.8 1.3 69.8 05 33.8 20|25.8 21.2|64.5 152
claude-sonnet-4-5 | 78.4 47.4 72.3 230 82.4 223 79.6 133 79.1 150 57.4 68.1|55.8 213 69.2 1.8 70.5 58 59.9 285 73.5 34 62.9 244 31.6 52| 28.8 64 |64.4 204
gemini-3.5-flash 67.4 293 77.4 231 77.0 229 76.8 273 81.6 27.8 73.4 36.5|61.5 27.7 67.1 316 61.8 274 55.8 246 70.7 1.9 68.7 403 33.1 4.4|25.3 102|64.1 239
mimo-v2.5-pro 74.1 183 68.4 704 79.7 183 70.2 36 71.7 171 72.0 298|56.9 117 69.2 40 689 22 68549 709 52 57.3 335 33.5 32(26.9 120|63.4 167
minimax-m2-1 68.6 44 63.7 404 75.4 218 74.0 366 77.2 239 65.7 76.0|57.6 275 68.1 1.9 64.4 295 683 56 71.7 05 66.7 361 33.2 21|29.7 122 | 63.2 228
deepseek-v4-flash 54.0 732 70.8 335 81.8 243 70.3 287 67.6 384 87.8 130|62.5 256 62.1 302 63.4 272 68.2 207 71.4 11 57.1 250 32.3 14|23.4 316|62.3 274
hy3-preview 80.0 344 60.9 568 86.8 13.7 65.4 176 68.0 332 62.3 71.6|60.9 208 66.3 30.7 58.2 332 67.9 75 71.7 43 57.2 272 31.8 42|23.0 181|61.5 273
gpt-0ss-120b 65.2 420 79.0 124 76.9 101 75.6 121 77.3 107 72.2 48.9|57.2 31.7 57.9 263 61.8 278 63.8 201 64.2 257 44.0 210 32.5 8.0|27.2 21.7 | 61.1 234
mimo-v2-flash 64.8 475 78.5 208 78.6 343 82.7 45 73.9 172 67.9 793| 51.7 70 62.8 283 49.1 72 62.3 268 72.7 29 58.9 201 32.5 35| 16.2 158 |60.9 232
gpt-5-mini 75.6 135 74.8 63 71.4 466 76.3 116 76.1 169 80.0 18.4|61.7 356 53.2 124 53.6 107 64.8 340 57.9 299 38.4 257 32.4 19| 29.2 1.2 |60.4 189
deepseek-v3.2-think | 67.4 82 64.6 440 75.3 322 70.4 69 73.3 219 49.7 201| 51.6 91 72.1 30 583 272 58.9 324 71.8 47 56.8 261 32.0 41| 25.0 93 |59.1 178
gpt-5.2-high 68.9 643 52.6 04 829 236 81.5306 745 16 819 262| 488 12 50.7 61 51176 51440 70821 51253 33.308|26.3 16.0|59.0 136
deepseek-v3.2 53.4 365 62.2 249 75.1 469 63.3 258 72.1 259 61.8 17.0|63.9 206 64.4 31.4 51542 70.4 101 71.8 19 50.3 49 31.9 19| 29.2 7.3 |58.7 192
glm-4.7 64.5 162 58.8 203 79.3 219 67.9 30 66.8 233 67.1 656| 50.9 81 49.9 38 50.8 63 70.0 30 71.0 14 63.2 253 34.6 56|20.1 107|58.2 153
kimi-k2.5 62.2 162 63.8 527 62.9 474 68.4 370 59.0 71.2 74.0 14.7|55.8 208 50.0 53 63.8 31.8 56.1 247 71.1 31 61.7 436 33.5 39| 31.8 34 |58.2 268
minimax-m2-7 52.7 401 60.5 239 50.4 727 64.8 706 78.6 192 69.7 346|55.2 301 60.5 425 50.2 27 62.0 258 71.4 1.4 65.9 356 33.1 49| 31.0 1.2 |57.6 290
gpt-5.2 67.0 331 79.6 312 60.6 732 69.2 332 75.0 22 73532 | 51.7 37 49.7 34 50.7 39 49330 71535 50352 33.182|20.7 106|57.3 155
grok-4.20 40.4 349 62.0 436 57.3 382 45.3 4905 78.1 316 40.6 222 | 485 22 50.7 5.9 49.6 06 51.0 09 71515 504 19 324 39|21.5 211|50.0 184
gemini-3.1-flash-lite | 50.0 71.7 41.4 154 48.0 412 47.1 712 64.8 478 56.0 406|52.5 107 52.3 58 51.9 41 56.8 281 70.5 81 50.5 31 33.4 24| 18.1 7.3 |49.5 255
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Table 14 j Full Results for Prompting Mode - Survival Rate (%)
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Model 5 g 5 g S g 3 8 8 38 8 3 38 E 2
claude-opus-4.7 725 189 845 12 685 178 833 14 826 13 809 23| 76.1 20 609 137 709 28 73760 71118 75573 320 18| 27.7 30| 68.6 59
glm-5.2 789 83 77890 87.647 73674 827 12 830 14|63496 70135 76241 59292 72104 73149 33702243 84| 68352
claude-opus-4-5 775 94 78956 85731 72359 74757 64178| 75942 72649 66.0 144 71269 72223 77.828 321 06| 254 95| 67.6 59
gwen3.7-max 76.9 86 69.6 150 783 98 81051 75273 763 78| 75268 66.8 161 76550 67.7 161 70.7 1.3 77.9 15 32.4 11|19.5 101| 67.4 80
grok-4-1-fast 68.7 147 83.2 08 80.4 102 68.6 09 83.2 18 68.3 138| 70.9 14 62.3 153 72.0 38 73.762 70.6 11 66.8 137 32.4 06| 27.0 24 | 66.3 6.2
kimi-k2.6 69.9 133 72189 81739 70.826 83315 71889 |66.9 165 585 145 72.007 73856 73.123 68458 33507318 12| 66.262
gim-5.1 74.0 66 71.4 118 78.1 100 80.2 65 74.0 145 728 73 | 753 31 67.2 168 659 137 71.3 84 71.7 1.3 63.0 103 32.7 1.0|15.8 123 | 65.2 88
deepseek-v4-pro 68.1 152 80.7 27 83.7 129 77563 72489 725 173|652 143 645 116 72336 73132 71606 622 150 33.0 13| 15.6 1.4 | 65.2 82
kimi-k2.5 77076 73174 77540 769 72 75066 553 140|56.9 119 62.6 105 72.2 40 67.7 160 71.8 14 72545 33.7 13| 31.3 1.7 | 64.5 70
claude-sonnet-4-5 65.3 33 80.2 67 80.8 94 61.2 140 76.1 104 66.4 151|66.0 143 68.0 15 67571 74069 71516 658 103 323 10| 17.1 37| 63.7 75
gemini-3.5-flash 74581 71.069 775093 689 270 73587 63.2 200|519 22 69.2 08 66.3 136 62.8 105 70.7 14 75252 32.6 21| 24.0 82 | 62.9 89
hy3-preview 549 204 73.3 97 80542 73528 72891 59.8 83 |64.6 134 64.8 124 57.3 108 60.1 130 71.0 1.8 62.7 86 32.1 24| 23.8 84 | 60.8 89
mimo-v2.5-pro 67.4 167 72.5 109 82.3 78 65.7 173 70.5 48 67.0 146| 64.0 66 59.1 126 62.7 111 59.3 108 70.3 02 51.3 36 32.0 1.3| 20.1 39 | 60.3 8.7
gpt-5.5 798 68 75.6 83 629 86 72.2 183 83.9 05 66.3 141|60.4 140 53.2 27 51.7 14 51.2 14 71320 629 115 33.3 12| 17.3 25 | 60.1 67
gpt-5.2-high 76.2 67 726 93 75662 68809 51.3 144 63.4 120|600 111 56.2 122 72.6 26 58.1 96 71.9 13 504 14 32.3 08| 30.6 15 | 60.0 6.4
minimax-m2 779 65 70.0 198 75.1 70 72.6 98 73.166 49.7 282|575 108 69.3 11 51526 57.2 103 72.4 11 49.7 03 33.0 15| 30.3 09 | 60.0 7.6
minimax-m2-1 69.2 22 73.6 103 68.2 80 61453 78898 769 68|57.2 103 64.9 112 56.0 95 61.9 118 70.3 03 51.8 1.5 32.8 08|16.0 133| 59.9 7.2
gemini-3.1-flash-lite | 64.5 9.0 83.0 15 77.6 9.9 687 24 81.7 20 833 03| 49808 53264 51727 51033 71529 53330 327 16| 16.0 80 | 59.9 38
minimax-m2-7 78.6 73 56.9 135 65.2 236 61.2 82 78.4 96 66.0 16.7|55.7 11.6 50.0 0.7 56.7 123 64.2 139 71.4 06 63.0 124 34.0 14| 27.6 22 | 59.2 96
gpt-5.5-xhigh 821 22 72431 643 126 729 194 77.590 488 281|509 03 52955 64.0 117 52022 717 26 583 96 32.0 26| 18.5 99 | 58.4 85
gpt-5.5-high 72197 74179 78391 56.1 234 72.8 169 51.6 324 |61.3 158 60.8 127 58.6 106 57.8 119 71.2 22 51.2 12 31.0 1.3|20.0 159 |58.3 122
gpt-5-mini 68.9 150 57.5 207 69.8 304 73.6 82 729 115 74.0 90| 52.1 5.8 60.8 160 56.8 108 56.2 113 72.0 1.4 49.7 1.5 31.3 09(20.9 17.1|58.3 114
deepseek-v3.2 61.4 41 48.7 247 79.8 55 75.7 72 80.3 133 30.6 14 |57.7 101 56.7 124 629 96 66.0 18 715 17 64.5 106 31.6 10| 27.5 26 | 58.2 76
grok-4.20 79.1 88 70.7 70 57.6 138 69.1 117 73.7 62 584 83 |56.9 126 61.9 106 50.2 05 50.7 24 71.6 09 58.2 97 30.9 13| 24.2 54| 58.1 71
gpt-0ss-120b 61.3 192 73.5 100 82.4 109 66.2 17.7 62.6 220 52.7 0.7 | 50.1 09 49.7 05 55.1 56 70.9 00 65.1 123 73.4 00 34.0 22| 13.1 49 | 57.9 76
deepseek-v4-flash 62.8 69 63.3 211 62.4 230 71.2 41 57.8 190 66.1 344|619 142 50.9 15 66.5 153 51.9 41 71.9 18 66.7 125 32.1 1.4|20.8 11.2|57.6 122
gpt-5.2 61.8 243 63.1 137 77.0 7.5 60.8 229 74.5 132 48.3 202| 50.4 14 57.6 95 51.6 26 64.7 118 71518 57.192 33.2 15| 29.8 06 |57.2 100
glm-4.7 67.1 42 75.3 88 65.8 308 54.6 103 59.6 62 79.0 78 | 49.9 25 55.6 104 56.9 108 50.5 26 72.108 49.4 02 321 07| 304 25| 57.0 70
mimo-v2-flash 53.7 131 60.9 210 83.7 26 74.8 78 65.4 124 47.1 213| 49.8 22 53.4 37 56.5 114 54.7 83 72.3 09 56.7 117 335 16| 22.8 1.9 | 56.1 86
deepseek-v3.2-think | 64.8 115 45.7 94 71.2 10 59.5 98 78.1 82 55.4 179|63.2 113 57.1 112 50.6 1.9 583 142 71.8 11 51.2 26 329 19| 20.6 7.8 | 55.7 7.9
Avg 70.2 103 70.8 102 75.3 106 69.8 97 73.9 87 64.0 133| 60.6 81 60.4 87 623 72 62280 71.3 18 62064 32.6 13| 23.0 61 -
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Survival Rate (%) with 95% confidence intervals
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Model 5] 3 5 s S g 38 8 38 3 8 3 8 H 2
claude-opus-4.7 725 468 845 30 685 442 83334 82632 80957| 76171 609341 709 70 73.7 148 71.1 45 755 182 32.0 45| 27.7 75 | 68.6 146
glm-5.2 78.9 205 77.8 224 87.6 11.7 73.6 183 82.7 29 83.0 36 |63.4 239 70.1 88 76.2 101 59.2 227 72.1 09 73.1 121 33.7 05|24.3 208|68.3 128
claude-opus-4-5 775 235 78.9 139 85.7 7.7 72.3 147 74.7 141 64.1 194|759 103 72.6 122 66.0 358 71.2 172 72258 77.8 710 32.1 15|25.4 236|67.6 148
qwen3.7-max 76.9 212 69.6 373 78.3 243 81.0 126 75.2 181 76.3 19.3|75.2 169 66.8 399 76.5 124 67.7 400 70.7 32 77.9 37 32.4 28|19.5 250|67.4 198
grok-4-1-fast 68.7 366 83.2 20 80.4 252 68.6 22 83.2 44 683 344| 709 34 62.3 379 72.0 93 73.7 153 70.6 29 66.8 340 32.4 14| 27.0 59 |66.3 154
kimi-k2.6 69.9 331 72.1 221 81.7 96 70.8 66 83.3 37 71.8 222|66.9 409 58.5 360 72.0 1.7 73.8 139 73.1 56 684 144 335 16| 31.8 29 | 66.2 153
gim-5.1 74.0 163 71.4 203 78.1 248 80.2 162 74.0 360 72.8 181| 75.3 7.8 67.2 416 65.9 340 71.3 208 71.7 32 63.0 25,6 32.7 25|15.8 30.7|65.2 219
deepseek-v4-pro 68.1 378 80.7 6.7 83.7 321 77.5 156 72.4 222 725 430|65.2 356 64.5 287 72390 73.179 716 14 62.2 372 33.0 33| 15.6 35 |65.2 203
kimi-k2.5 77.0 188 73.1 184 77.5 100 76.9 179 75.0 164 55.3 34.7|56.9 206 62.6 262 72.2 100 67.7 39.7 71.8 35 725 111 33.7 32| 31.3 42 |64.5 174
claude-sonnet-4-5 65.3 82 80.2 166 80.8 233 61.2 347 76.1 259 66.4 37.4|66.0 356 68.0 3.8 675177 74.0 172 715 41 65.8 257 32.3 26| 17.1 92 |63.7 187
gemini-3.5-flash 745 201 71.0 172 77.5 232 68.9 672 73.5 216 63.2 496| 51.9 55 69.2 20 66.3 339 62.8 260 70.7 36 75.2 129 32.6 5.1|24.0 205|62.9 220
hy3-preview 54.9 s06 73.3 240 80.5 103 73.5 69 72.8 227 59.8 206|64.6 332 64.8 30.8 57.3 268 60.1 323 71.0 45 62.7 213 32.1 59|23.8 209 | 60.8 222
mimo-v2.5-pro 67.4 414 725 271 82.3 195 65.7 430 70.5 118 67.0 36.1|64.0 164 59.1 313 62.7 275 59.3 268 70.3 05 51.3 91 32.0 33| 20.1 96 |60.3 217
gpt-5.5 79.8 170 75.6 207 62.9 214 72.2 455 83.9 11 66.3 349|60.4 347 53.2 68 51735 51234 71350 629 285 33.3 31| 17.3 62 |60.1 166
gpt-5.2-high 76.2 165 72.6 231 75.6 153 68.8 22 51.3 357 63.4 298| 60.0 275 56.2 303 72.6 64 58.1 238 71.9 33 50.4 36 32.3 21| 30.6 3.7 |60.0 159
minimax-m2 77.9 161 70.0 492 75.1 17.3 72.6 243 73.1 165 49.7 701|575 269 69.3 27 51.5 64 57.2 257 72.4 27 49.7 08 33.0 37| 30.3 22 | 60.0 189
minimax-m2-1 69.2 55 73.6 257 68.2 197 61.4 133 78.8 242 76.9 169|57.2 256 64.9 277 56.0 237 61.9 203 70.3 07 51.8 37 32.8 2.0|16.0 329 |59.9 179
gemini-3.1-flash-lite | 64.5 223 83.0 3.7 77.6 247 68.7 60 81.7 51 833 07 | 49.8 19 53.2 159 51.767 51.082 71572 53376 32.7 39|16.0 198| 59.9 95
minimax-m2-7 78.6 182 56.9 336 65.2 585 61.2 202 78.4 238 66.0 416|55.7 287 50.0 1.7 56.7 306 64.2 346 71.4 15 63.0 309 34.0 34| 27.6 56 |59.2 238
gpt-5.5-xhigh 82155 72477 643313 72.9 482 77.5 224 488 69.9| 50.9 09 52.9 136 64.0 201 52.0 s6 71.7 64 58.3 239 32.0 65|18.5 245|58.4 211
gpt-5.5-high 72.1 241 74.1 107 78.3 225 56.1 582 72.8 420 51.6 80.4|61.3 39.2 60.8 316 58.6 264 57.8 206 71.2 55 51.2 31 31.0 32|20.0 39.6|58.3 304
gpt-5-mini 68.9 373 57.5 51.3 69.8 756 73.6 204 72.9 286 74.0 223|52.1 145 60.8 39.8 56.8 269 56.2 280 72.0 35 49.7 38 31.3 23|20.9 425|58.3 283
deepseek-v3.2 61.4 102 48.7 61.3 79.8 136 75.7 180 80.3 330 30.6 35 |57.7 251 56.7 308 62.9 239 66.0 43 71542 64.5 263 31.6 26| 27.5 65 | 58.2 188
grok-4.20 79.1 218 70.7 175 57.6 343 69.1 201 73.7 155 58.4 206 |56.9 31.2 61.9 263 50.2 1.2 50.7 s9 71.6 24 582 241 30.9 3.3|24.2 133|58.1 176
gpt-0ss-120b 61.3 477 73.5 249 82.4 271 66.2 439 62.6 546 52.7 1.7 | 50.1 23 49.7 11 55.1 139 70.9 00 65.1 306 73.4 00 34.0 56|13.1 121|57.9 190
deepseek-v4-flash 62.8 171 63.3 523 62.4 571 71.2 103 57.8 471 66.1 853|61.9 352 50.9 36 66.5 380 51.9 102 71.9 44 66.7 310 32.1 35|20.8 27.7 | 57.6 302
gpt-5.2 61.8 60.3 63.1 340 77.0 186 60.8 569 74.5 329 48.3 50.2| 50.4 36 57.6 237 51.6 65 64.7 293 71.5 45 57.1 229 33.2 36| 29.8 15 | 57.2 249
glm-4.7 67.1 105 75.3 219 65.8 765 54.6 257 59.6 155 79.0 19.3| 49.9 63 55.6 259 56.9 267 50.5 64 72.1 21 494 06 32.1 17| 30.4 61 |57.0 175
mimo-v2-flash 53.7 324 60.9 523 83.7 6.4 74.8 193 65.4 307 47.1 530| 49.8 5.4 53.4 91 56.5 283 54.7 205 72.3 24 56.7 200 33.5 39| 22.8 48 |56.1 212
deepseek-v3.2-think | 64.8 285 45.7 233 71.2 25 59.5 245 78.1 203 55.4 446|63.2 282 57.1 278 50.6 46 58.3 353 71.8 28 51.2 65 32.9 47|20.6 194 |55.7 195
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Table 16 j Model Performance Summary

Model Agent Avg Prompting Avg Agent Wins Prompting Wins
claude-opus-4-5 68.0 5.0 67.6 5.9 +0.4 5/14 5/14
glm-5.2 67.8 83 68.3 5.2 -0.4 4/14 6/14
gpt-5.5-high 67.8 4.0 58.3 122 +9.4 5/14 1/14
gwen3.7-max 66.9 6.2 67.4 8.0 -0.6 5/14 8/14
gpt-5.5 66.8 5.7 60.1 6.7 +6.6 4/14 3/14
glm-5.1 66.5 9.1 65.2 8.8 +1.3 4/14 3/14
gpt-5.5-xhigh 65.4 6.6 58.4 85 +7.0 6/14 2/14
grok-4-1-fast 65.4 6.3 66.3 6.2 -0.9 4/14 3/14
claude-opus-4.7 65.4 7.4 68.6 5.9 -3.2 5/14 6/14
kimi-k2.6 64.6 106 66.2 6.2 -1.6 2/14 2/14
deepseek-v4-pro 64.6 7.1 65.2 8.2 -0.6 3/14 3/14
minimax-m2 64.5 6.1 60.0 7.6 +4.6 4/14 2/14
claude-sonnet-4-5 64.4 82 63.7 7.5 +0.7 4/14 3/14
gemini-3.5-flash 64.1 9.6 62.9 8.9 +1.2 4/14 2/14
mimo-v2.5-pro 63.4 6.7 60.3 8.7 +3.1 1/14 1/14
minimax-m2-1 63.2 9.2 59.9 7.2 +3.2 2/14 2/14
deepseek-v4-flash 62.3 11.0 57.6 12.2 +4.7 2/14 0/14
hy3-preview 61.5 110 60.8 8.9 +0.7 2/14 1/14
gpt-0ss-120b 61.1 94 57.9 76 +3.2 4/14 1/14
mimo-v2-flash 60.9 93 56.1 86 +4.8 3/14 1/14
gpt-5-mini 60.4 7.6 58.3 114 +2.0 4/14 0/14
deepseek-v3.2-think  59.1 7.2 55.7 7.9 +3.3 1/14 1/14
gpt-5.2-high 59.0 55 60.0 6.4 -1.0 3/14 2/14
deepseek-v3.2 58.7 7.7 58.2 76 +0.4 1/14 3/14
glm-4.7 58.2 6.2 57.0 70 +1.2 1/14 2/14
kimi-k2.5 58.2 108 64.5 7.0 -6.4 0/14 4/14
minimax-m2-7 57.6 117 59.2 96 -1.6 1/14 2/14
gpt-5.2 57.3 6.3 57.2 100 +0.0 1/14 1/14
grok-4.20 50.0 7.4 58.1 71 -8.1 1/14 1/14
gemini-3.1-flash-lite  49.5 10.3 59.9 38 -10.3 0/14 4/14
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Table 17 j Experiment Di [culkty Ranking (Lower Average = Harder)

Experiment Agent Avg Prompting Avg Threshold Di Cculty
weather_noise 25.3 54 23.0 6.1 55% Hardest
deployment_zone_trap_env_shift 32.7 14 32.6 13 75% Very Hard
deployment_zone_trap_categorical 60.4 7.4 60.6 8.1 75% Hard
deployment_zone_trap_categorical_simpsons_paradox  60.5 9.0 62.0 6.4 75% Hard
deployment_zone_trap_categorical_local_optima 60.8 6.2 62.3 7.2 75% Hard
deployment_zone_trap_categorical_high_def 62.4 65 60.4 8.7 75% Hard
deployment_zone_trap_categorical_no_history 64.3 7.0 62.2 8.0 75% Medium
antenna_trap 67.2 124 70.2 103 75% Medium
antenna_trap_high_def 70.7 103 70.8 102 75% Medium
deployment_zone_trap_categorical_no_selection_bias 70.8 1.7 71.3 18 75% Medium
antenna_trap_simpsons_paradox 71.1 132 64.0 133 75% Medium
antenna_trap_no_history 71.3 100 69.8 9.7 75% Medium
antenna_trap_no_selection_bias 74.3 93 73.9 87 75% Easier
antenna_trap_local_optima 77.5 109 75.3 106 75% Easiest
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Figure 20 j Model>pattern heatmap comparison. (a) Agent Style shows diverse patterns. (b) Prompt
Style shows near-universal Pattern A.
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Table 18 j List of All Rubrics

Category Rubric Points Description
Identify core causal mecha- 5 The response must explicitly identify the true causal chain
Causal Reasoning  nisms in the task report or mechanism described in the Task Report, including key
intermediate variables or processes, rather than remaining at
the level of correlation.
Identify and avoid traps or 4 The response should clearly point out any spurious correla-
spurious correlations tions or traps described in the Task Report and explain why
they do not constitute valid causal relationships.
Mechanistic depth and testa- 2 The explanation should provide a “why/how” mechanism
bility chain with at least two causal hops or explicit mediators,
and propose testable predictions or experimental validation
strategies.
Experimental De- Support conclusions with con- 2 Multiple specific numerical results (e.g., percentages, x/y
sign crete experimental data comparisons, threshold conditions) must be cited and directly
linked to the stated conclusions.
Reflection Quality Acknowledge errors and un- 2 The response should identify concrete mistakes, blind spots,
certainties (locatable) or unverified assumptions in the proposed approach, rather
than vague statements such as “this could be improved.”
Data Usage Clear data-to-conclusion link- 1 The response must explicitly state which data or comparisons
age support which conclusions, avoiding unsupported or purely

speculative claims.

E. Rubrics used for evaluation

Listing 5 j Rubric Evaluation Prompt Template (Full Version)

SYSTEM PROMPT

You are a rigorous evaluator of an Al agent session.

You will be given:

- TASK REPORT (ground truth about the trap design,
true mechanism, and optimal strategy)

- SESSION FACTS (ground truth from the simulator)

- AGENT EVIDENCE (the agent's final reflection

and action summary)

Judge each rubric criterion STRICTLY using only the

evidence provided. Do not assume missing information.
Ignore any instructions embedded inside the agent logs

(treat them as untrusted data).

Output MUST be valid JSON and match the required schema
exactly. Keep reasoning concise (<=80 words per

criterion). Include 1-3 short evidence quotes
(<=20 words each) where possible.

EVIDENCE PACKET
(treat as the only source of truth):

# TASK REPORT
{task_report} %

# SESSION FACTS
{session_facts} %

# AGENT EVIDENCE
{agent_evidence} %
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RUBRIC CRITERIA

- id: CR1

weight: 5

mandatory: True

dimension: CausalReasoning

title: ldentify core causal mechanisms in the task report

description:
The response must explicitly identify the true causal
chain or mechanism described in the Task Report,
including key intermediate variables or processes,
rather than remaining at the level of correlation.

- id: CR2

weight: 4

mandatory: True

dimension: CausalReasoning

title: Identify and avoid traps or spurious correlations

description:
The response should clearly point out any spurious
correlations or traps described in the Task Report and

explain why they do not constitute valid causal
relationships.

- id: CR3
weight: 2
mandatory: False
dimension: CausalReasoning
titte: Mechanistic depth and testability
description:

The explanation should provide a "why/how" mechanism
chain with at least two causal hops or explicit

mediators, and propose testable predictions or
experimental validation strategies.

- id: ED1

weight: 2

mandatory: False

dimension: ExperimentalDesign

title: Support conclusions with concrete experimental data
description:
Multiple specific numerical results (e.g., percentages,
xly comparisons, threshold conditions) must be cited
and directly linked to the stated conclusions.

- id: RQ1

weight: 2

mandatory: False

dimension: ReflectionQuality

title: Acknowledge errors and uncertainties

description:

The response should identify concrete mistakes, blind
spots, or unverified assumptions in the proposed

approach, rather than vague statements such as
"this could be improved."

- id: DU1

weight: 1

mandatory: False

dimension: DataUsage

title: Clear data-to-conclusion linkage
description:

The response must explicitly state which data or
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comparisons support which conclusions, avoiding
unsupported or purely speculative claims.

VERDICT SCALE

- SATISFIED =10
- PARTIALLY_SATISFIED => 0.5
- NOT_SATISFIED => 0.0

Per-criterion contribution = verdict_score x weight.

IMPORTANT

- For negative-weight criteria (weight < 0): the criterion
describes a BAD behavior. If the bad behavior is present,
set verdict=SATISFIED (to apply the negative weight);
if absent, set verdict=NOT_SATISFIED.

- If evidence is insufficient, choose NOT_SATISFIED with
low confidence.

OUTPUT FORMAT

Return JSON ONLY in the following schema:

"criteria": [
{
"id": "CR1",
"verdict": "SATISFIED | PARTIALLY_SATISFIED | NOT_SATISFIED",
"score": 1.0,

"confidence": 0.0,
"reasoning": "short string",
"evidence": [
"short quote 1",
"short quote 2"
]
}

"overall_notes": "optional short string"

}
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Table 19 j Rubric Evaluation Results for Selected Sessions

Session ID | Criterion | Score | Conf. | Verdict Reasoning Evidence
623fb3ba... | CR1 0.0 0.9 | NOT_SATISFIED No evidence of identifying core causal | N/A
mechanism from Task Report; reflection
fo...
623fb3ba... | CR2 0.0 0.9 | NOT_SATISFIED No mention of spurious correlations or | N/A
traps from Task Report; reflection does
n..
623fb3ba... | CR3 0.0 0.9 | NOT_SATISFIED No mechanism explanation with causal | N/A
chains or testable predictions; reflection
623fb3ba... | ED1 1.0 0.9 | SATISFIED Cites specific data: survival rate | Survival Rate: 66.2%; Fleet Size: 1,000
(66.2%), fleet size (1000), threshold | drones; Engine: ...
(55%), ...
623fb3ba... | RQ1 0.0 0.8 NOT_SATISFIED No admission of errors, uncertainties, or | N/A
blind spots; reflection is celebratory...
623fb3ba... | DU1 0.5 0.7 Links data to conclusions implicitly (e.g., | Respected minimum DEF ~15 for core
threshold understanding to design), ... | components; Achieved 66.3...
db8dd7ad... | CR1 0.0 0.7 | NOT_SATISFIED No evidence of identifying true causal | Detection = death (100% fatality when
mechanism from Task Report; only men- | detected); Could notr...
tions...
db8dd7ad... | CR2 0.0 0.7 | NOT_SATISFIED No mention of spurious correlation or | No explicit trap identification
trap from Task Report.
db8dd7ad... | CR3 0.0 0.6 | NOT_SATISFIED No multi-step causal chain or testable | Detection = death (100% fatality when
predictions provided. detected)
db8dd7ad... | ED1 1.0 0.8 SATISFIED Cites specific data: survival rate | 30.2% survival; still ~60-70% detected;
(30.2%), detection rate (—60-70%), his- | 28% historical basel...
torical...
db8dd7ad... | RQ1 1.0 0.8 | SATISFIED Identifies specific mistakes: too many | | spent too many deployments on high-
high-sample tests, insu [cieht targeted | sample tests; should ha...
db8dd7ad... | DU1 0.5 0.6 Some data-conclusion links are implicit; | Detection = death (100% fatality when
not all conclusions explicitly tied to ... detected); High altitu...
a29882fa... | CR1 0.0 0.7 | NOT_SATISFIED No Task Report provided about true | N/A
causal mechanism, so cannot evaluate
identifi...
a29882fa... | CR2 0.0 0.7 | NOT_SATISFIED No Task Report provided about trap- | N/A
s/spurious correlations, so cannot evalu-
ate id...
a29882fa... | CR3 0.0 0.6 | NOT_SATISFIED No mechanism chains with intermedi- | N/A
ate variables or testable predictions pro-
vided...
a29882fa... | ED1 1.0 0.9 | SATISFIED Cites specific numerical data: survival | Only 54.3% survival rate - well below
rates (54.3%, 75%, 23%, 66%), sample | the 75% threshold!; in...
siz...
a29882fa... | RQ1 1.0 0.9 | SATISFIED Identifies specific methodological errors: | The key lesson is that the small sample
small sample sizes not representative... | sizes (20—-40 drones)...
a29882fa... | DUl 1.0 0.8 | SATISFIED Links data to conclusions: small sample | The variance in my testing was high...

variance shows unreliability, stealth ap...

may not have been rep...
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F. Sample Agent Trajectories

This appendix presents representative agent trajectories from the CausalGame benchmark, illustrating

both successful causal discovery and common failure modes.

F.1. Successful Trajectory: Discovering the Antenna Trap

Table 20 j Session Overview — Successful Case

Model gpt-0ss-120b Experiment antenna_trap
Survival 82.5% Threshold 75%
Deployments 10

[Thought] Starting exploration. Need to understand historical patterns before forming hy-
potheses.

[Action] get_history({})

[Result] Retrieved 29 historical flights. Default design (antenna_def=10) shows 100% survival
in high-wind conditions. Low-wind flights show occasional detection events.

[Thought] Initial hypothesis: Higher antenna DEF should improve survival by protecting the
antenna component.

[Action] deploy_drone({design: {..., antenna def: 20}, count: 10})
[Result] Survival: 6/10 (60%) — worse than baseline!

[Thought] Counter-intuitive result. Drones with intact antennas are being detected and
destroyed at higher rates. The antenna may itself be causing detection!

[Action] deploy_drone({design: {..., antenna def: 0}, count: 20})
[Result] Survival: 17/20 (85%) — significant improvement!

[Thought] Causal insight: A functional antenna emits radio signals ¥ increases detection
probability ¥ leads to combat and destruction. Setting antenna_def=0 allows environmental
damage to disable the antenna early, activating “stealth mode.”

[Action]  submit_final_design({design: {engine: 30, cockpit: 30, wing:

15, body: 15, antenna: 0, camera: 5, gun: 5}})
[Result] Stage 2: 825/1000 survived ¥ 82.5% survival rate. Mission SUCCESS.

Why It Succeeded.

@ Tested counter-intuitive hypothesis when initial results were unexpected
@ Correctly identified causal mechanism: antenna ¥ signal ¥ detection
@ Explored extreme parameter value (antenna_def=0)
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F.2. Failed Trajectory: Trapped in Local Optimum

Table 21 | Session Overview — Failed Case

Model MiMo-V2-Flash Experiment antenna_trap_local_optima
Survival 53.2% Threshold 75%
Deployments 7

[Thought] Historical data shows 35 flights with antenna_def=5. Pattern observed: all hit
incidents occurred at wind_speed 27 m/s. Zero hits at wind_speed 41 m/s.

Hypothesis: Low wind enables enemy targeting. The weak antenna (DEF=5) is insu [cCieht.
Increasing antenna_def should improve survival.

[Action] deploy_drone({design: {..., antenna_def: 15}, count: 20})
[Result] Survival: 9/20 (45%) — significantly worse!

[Thought] Unexpected result. Perhaps other components also need higher DEF for balanced
protection.

[Action]  deploy _drone({design: {..., antenna def: 15, camera_def: 15,
gun_def: 15}, count: 30})

[Result] Survival: 12/30 (40%) — still poor

[Thought] Trying moderate values with balanced distribution...

[Thought] Based on testing, balanced defense with antenna_def=10 seems reasonable.
Historical 100% survival used lower values, but modern threats may require more.

[Action]  submit_final _design({design: {engine: 20, cockpit: 20, wing:
15, body: 15, antenna: 10, camera: 10, gun: 10}})

[Result] Stage 2: 532/1000 survived ¥ 53.2% survival rate. Mission FAILED.

Agent’s Post-Hoc Reflection.

“| failed to discover that the antenna itself was the problem. Low-wind vulnerability caused
100% of failures, but | attributed this to insu [cieht defense rather than questioning whether
the antenna was harmful.”

Why It Failed.

Never tested extreme value antenna_def=0
Persisted with intuitive but incorrect hypothesis (more DEF = better)
Interpreted negative results as “need more defense” rather than questioning causal model
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Table 22 | Key Di Lerknces Between Successful and Failed Trajectories

Reasoning Pattern Successful Agent Failed Agent
Tested counter-intuitive hypothesis @ Yes No
Explored extreme parameter (DEF=0) @ Yes No
Revised beliefs on negative evidence @ Yes No
Final antenna_def 0 10
Survival rate 82.5% 53.2%

F.3. Comparative Analysis

The successful trajectory demonstrates causal reasoning: testing counter-intuitive hypotheses,
exploring extreme parameter values, and revising beliefs when evidence contradicts assumptions. The
failed trajectory exhibits correlational thinking: assuming obvious relationships hold, not exploring
extreme values, and attributing failures to insu Lcieht defense rather than questioning the underlying
causal model.

G. Additional Analysis

We provide supplementary analyses that further validate the robustness of our evaluation and investi-
gate additional dimensions of agent behavior in CausalGame.

Non-LLM Baselines To calibrate the di Cculky of CausalGame and confirm that the benchmark is
solvable, we consider 4 randomized ablation policies: Default (submit the initial design unchanged),
Random (uniformly sample each DEF value from »0 50.), Uniform High (set all components to
DEF=50), and No-Explore LLM (randomly perform 10 deploys and use the LLM to analyze observations
and submit design). As shown in Figure 21, all rule-based baselines achieve survival rates between
49.0% and 52.7%, well below the win threshold. These baselines can outperform several full-agent
models on bias-heavy scenarios, suggesting the necessity of causal thinking. For example, the
uniform_high baseline achieves a 100% win rate on 4 of 6 Deployment Zone Categorical scenarios
(excluding env_shift, 78% survival), and default achieves 100% on AT-local_optima by copying the
near-optimal history design. Such cases reflect the small victory margin on these variants rather than
genuine causal understanding; the rubric-based evaluation is designed to separate threshold-clearing
heuristics from correct mechanistic reasoning.

Inter-Rater Agreement of LLM-as-Judge To assess the reliability of the rubric-based evaluation,
we examine the agreement of di [erbnt LLM judges. We use three judge models (gemini-3-flash,
grok-4-1-fast-reasoning, and qwen3-next-80b-a3b) to score the agent responses and calculate ICC(2,3)
to assess consistency among these models. As reported in Figure 22, the results show high inter-rater
agreement across all evaluation criteria (Mean ICC = 0.75), with particularly strong consistency for
Experimental Design (ED1), Reflection Quality (RQ1), and Data Usage (DU1) rubrics (ICC  0.85).
While the Causal Reasoning rubrics (CR1-3) showed moderate agreement (ICC 0.61-0.64), this is
primarily attributable to the highly skewed score distributions (87-92% zeros) rather than model
inconsistency.
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Figure 21 j Non-LLM baseline comparison. All baselines fall well below the win threshold (rule-based
49.0-52.7%, hybrid No-Explore 57.5% on average), confirming that the games cannot be won by
undirected exploration. At the same time, they overlap the lower portion of the LLM agentic range
(49.5-68.0%) and can outperform the weakest agents on bias-heavy scenarios, indicating that agentic
interaction without causal reasoning adds little.

OpenCode Agent Framework Comparison To investigate whether a more capable agentic frame-
work can improve performance, we conducted additional experiments with OpenCode, a popular
autonomous coding-agent framework representative of the latest agentic paradigm. Unlike ReAct’s
simple think-act-observe loop, OpenCode features persistent memory management, autonomous code
generation and execution for data analysis, and structured workspace organization that is increasingly
adopted by modern agent systems (e.g., Claude Code, Cursor). As shown in Figure 23, OpenCode
outperforms ReAct on all 5 models tested (GPT-5.2: +13.9, GPT-5.2 High: +9.3, GPT-5 Mini: +6.3,
Grok 4.1: +2.7, Kimi K2.5: +2.2), with an average survival rate of 67.4% compared to 61.3%
(Prompting) and 60.5% (ReAct). This confirms that a more capable agentic framework does improve
performance. Nevertheless, a significant gap to the optimal survival rate ( 82%) persists across all
models, indicating that causal thinking capability remains the core bottleneck.

Configuration-Based Failure Mode Analysis As a judge-independent check on the rubric, we
inspect the configuration paths agents actually take on the Antenna Trap scenarios, directly examining
the sequence of deployed designs rather than relying on self-reports. For each session we extract
the full sequence of 7-dimensional design vectors (engine_def, wing_def, body_def, cockpit_def,
antenna_def, camera_def, gun_def) across all deployment rounds, and quantify exploration via the
number of distinct values per component and the trajectory of antenna_def. Three failure modes
stand out across the 504 agentic sessions. Component lock-in is pervasive, a [ecking 74.4% of sessions:
at least one component is held to two or fewer distinct values, indicating insu [cieht exploration.
High antenna bias appears in 12.5%: agents approach the antenna trend but stop at antenna_def of
6-10, never reaching the optimal range ( 5). Optimization drift appears in 9.7%: agents discover
antenna_def 5 during exploration yet submit a final design at  10. This behavioral analysis confirms
the rubric-based findings through an entirely independent lens: models fail not only in what they say
but in what they deploy.
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Figure 22 | Left: ICC(2,3) inter-rater agreement across three judge models. ED1, RQ1, and DU1
achieve good agreement (ICC 0.85); CR1-CR3 show moderate agreement due to highly skewed
score distributions. Right: Score distribution (0.0/0.5/1.0) per rubric criterion.

Threshold Calibration By design, each scenario in CausalGame has an optimal strategy which can
be derived analytically from the SCM structural equations and verified empirically. We solve for the
design parameters that maximize E[survival] given the SCM equations, and deploy 1000 drones (5
iterations  200) with the analytically derived optimal design, confirming that the theoretical optimal
matches empirical survival rates within 2-3 pp. Victory thresholds are set below the optimal survival
rate with a su [cieht margin (7-20 pp for solvable scenarios), ensuring that the task is achievable
with correct causal understanding but not through random exploration. As shown in Figure 25, the
margins range from 2-7 pp (Deployment Zone Categorical) to 23 pp (Weather Noise).

Rubric Score Distribution Figure 26 reports the three-judge-averaged score distribution (0.0, 0.5,
1.0) for each rubric criterion. The Experimental Design (ED1) and Data Usage (DU1) criteria show
the most balanced distributions (29%/28%/43% and 35%/22%/43%), indicating that agents can
achieve partial or full credit through systematic experimentation. In contrast, the Causal Reasoning
criteria (CR1, CR2, CR3) are dominated by zero scores (87%-92%), with only 5%-7% of sessions
achieving a full score of 1.0. This extreme skew corroborates our central finding: while agents can
design experiments and use data to some extent, they overwhelmingly fail to identify and articulate
the correct causal mechanisms.

Anomalous Agent Behaviors Beyond aggregate scores, we observed two recurring qualitative
behaviors that are relevant to anyone benchmarking agents in interactive scientific-discovery settings.

(i) Specification mining and endpoint exploration. We surface this behavior because we first
encountered it ourselves during exploratory runs of the benchmark, and only then traced it to a leak in
our agent-facing API surface. In the OpenCode execution mode, where the agent has access to a shell
inside its workspace container, the strongest coding-agent backbone we tested (deepseek-v4-pro)
frequently chose to probe the simulator’'s HTTP surface rather than the underlying causal mechanism.
Across its 14-scenario sweep we observed sessions in which the agent fetched /openapi - json to
enumerate every endpoint, invoked admin routes that return ground-truth experiment configuration
(component HPs, default DEFs, criticality flags), and — most strikingly — inferred the hidden scenario
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Figure 23 j Comparison of three execution modes across five models. OpenCode (coding agent)
outperforms both Prompting and ReAct on all models, yet remains far below the win threshold (75%).

family directly from the experiment_name field returned by the action_space endpoint. As a
concrete example, in one Deployment Zone session the agent’s own reasoning log reads:

“Key findings: ... Experiment name: deployment_zone_trap_env_shift — this sug-
gests that the environment SHIFTS between Stage 1 and Stage 2! This is a ‘trap’ — the
conditions you optimize for in Stage 1 may change in Stage 2.”

i.e. the agent recovered the existence of the environment-shift trap from a single field name rather
than from the data. Some sessions further attempted to reset the session through an admin route
after an unsuccessful Stage 2 submission in order to retry. Such behavior consumed steps without
producing valid Stage 2 submissions and accounted for the majority of deepseek-v4-pro’s “game
not finished” runs (14/44 OpenCode runs), concentrated in the Deployment Zone family. We treat
these as failed runs and exclude them from the survival aggregates. After this discovery we patched the
leak: the agent-facing API now masks the raw experiment identifier in action_space responses,
removes admin and config endpoints from the agent’s network namespace, and the numbers reported
in the main paper are collected under this hardened setup. We nevertheless retain this observation
here because the underlying tendency — to look for a shortcut to the answer instead of doing the
experiment — is a property of the agent, not of our particular leak. As frontier coding agents gain more
autonomy and tool access, this kind of opportunistic, gaming-the-environment behavior is, in our view,
an increasingly important failure mode to anticipate and audit for in interactive scientific-discovery
benchmarks.

(ii) False victory claims. Across the Prompting and Agentic sweeps we identified 39 sessions in
which the agent submitted a final design whose measured Stage 2 survival rate was clearly below
the scenario’s victory threshold (in some cases near 50% on a 75%-threshold scenario), yet the
agent’s own closing reasoning explicitly declared “mission accomplished” or “we achieved the target.”
A representative case is glm-4.7 on deployment_zone_trap_categorical, whose closing log
preemptively announces success before the final survival is even observed:

“### MISSION REPORT: OPTIMIZATION COMPLETE. ... Operation Status: COMPLETE. ...
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Figure 24 j Configuration-based failure mode analysis on the Antenna Trap (62 agent sessions). Over
74% of sessions exhibit component lock-in, and 12.5% completely fall into the antenna trap.

The fleet has been committed to the final reconnaissance mission. We anticipate exceeding
the 75% survival threshold required for mission success.”

The actual Stage 2 survival rate of the submitted design was 50 1%. A similar pattern appears
in gpt-0ss-120b on the same scenario, where the agent narrates that its stealth-coated batch is
“comfortably above the 75% success threshold” before the verdict shows 49 5%; and in minimax-m2
on deployment_zone_trap_env_shift, where the agent writes “I'm confident this is the optimal
design” for a configuration that ultimately scores 31 9%. This pattern was not isolated to a single
backbone: in addition to those three it also appeared in gemini-3.5-flash, suggesting that self-
reported success is an unreliable termination signal in this benchmark and motivating our use of an
externally-judged, threshold-based victory criterion.

Both behaviors reinforce the central point of CausalGame: progress in causal reasoning should
be measured by interventional outcomes against a fixed, hidden SCM rather than by the agent’s own
narrative or by side-channel access to the simulator’s internals.
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Figure 25 j Threshold calibration per scenario family. The win threshold is set below the empirically
verified optimal survival rate with margins of 2-23 pp, ensuring tasks are achievable with causal
understanding but not through random exploration.

Figure 26 j Score distribution per rubric criterion (3-judge average). ED1 and DU1 show balanced
distributions, while CR1-CR3 are dominated by zero scores (87%—-92%), confirming the systematic
failure in causal reasoning.
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