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Abstract

Evaluating the scientific discovery capabilities of large language model based
agents, particularly how they cope with varying environmental complexity and
utilize prior knowledge, requires specialized benchmarks currently lacking in the
landscape. To address this gap, we introduce PHYSGYM, a novel benchmark suite
and simulation platform for rigorously assessing LLM-based scientific reasoning
in interactive physics environments. PHYSGYM’s primary contribution lies in its
sophisticated control over the level of prior knowledge provided to the agent. This
allows researchers to dissect agent performance along axes including the complex-
ity of the problem and the prior knowledge levels. The benchmark comprises a
suite of interactive simulations, where agents must actively probe environments,
gather data sequentially under constraints and formulate hypotheses about under-
lying physical laws. PHYSGYM provides standardized evaluation protocols and
metrics for assessing hypothesis accuracy and model fidelity. We demonstrate
the benchmark’s utility by presenting results from baseline LLMs, showcasing its
ability to differentiate capabilities based on varying priors and task complexity.

1 Introduction

Automating aspects of the scientific discovery process holds immense promise for accelerating
research across physics, chemistry, and biology [1, 2, 3, 4, 5, 6]. A central capability for artificial
intelligence (AI) agents in this pursuit is scientific reasoning, i.e. the ability to explore environments,
gather evidence, form hypotheses and uncover underlying mechanisms [3, 7, 8, 9]. The idea of an
autonomous “AI Scientist” dates back at least more than three decades to early work on artificial
curiosity [10, 11, 12], which proposed agents that learn to explore in order to improve their internal
world models. Recent advances in Large Language Models (LLMs) [13, 14], trained on a vast
corpus of scientific literature and equations, have sparked enthusiasm about their potential as general-
purpose scientific agents [14, 9, 15, 16]. Systems like the AI Scientist [9, 17] demonstrate closed-loop
scientific workflows: generating hypotheses, designing experiments, analyzing results, and even
writing papers. Other systems like SCIMON [18] and SCIAGENTS [19] leverage literature-based
reasoning and multi-agent coordination to discover hypotheses and explore novel research directions.
Yet despite these advances, a fundamental question remains: how do these models actually reason in
scientific discovery?

The answer is obscured by a critical limitation in how we evaluate these models. Existing evaluation
frameworks [20, 21, 22, 23, 24] rely on static datasets or expose fixed sets of priors, lacking fine-
grained control over what contextual knowledge is available to the model. However, scientific
reasoning depends critically on context. Consider a simple pendulum experiment: if an agent is told
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Context: A coin is placed at rest on the edge of a 
smooth tabletop, with only a small portion of its 
right side extending beyond the edge. The coin can 
be considered as a uniform disk with mass m, radius
r, and gravitational acceleration g. A vertical impulse
I is applied to the right side of the coin. During its 
subsequent motion after the impact, the coin might 
fly off the table at some point. Determine the 
minimum initial velocity of the center of mass, v0,min
required for the coin to leave the table.
controllable variables:
"g": "Gravitational acceleration (in meters per 
second squared, m/s\u00b2)",
"r": "Radius of the coin (in meters, m)"
"m": "Mass of the coin (in kilograms, kg)",
"I": "Vertical impulse applied to the right side of the 
coin (in newton-seconds, N\u00b7s)"
Output variable:
"v_0_min": "Minimum initial velocity of the center 
of mass required for the coin to leave the table (in 
meters per second, m/s)"

Level 1

Context: A coin is placed at rest on the edge of a 
smooth tabletop, with only a small portion of its 
right side extending beyond the edge. The coin can 
be considered as a uniform disk with mass m, radius
r, and gravitational acceleration g. A vertical impulse
I is applied to the right side of the coin. During its 
subsequent motion after the impact, the coin might 
fly off the table at some point. Determine the 
minimum initial velocity of the center of mass, v0,min
required for the coin to leave the table.
controllable variables:
"g": "Gravitational acceleration (in meters per 
second squared, m/s\u00b2)",
"r": "Radius of the coin (in meters, m)"
"m": "Mass of the coin (in kilograms, kg)",
"I": "Vertical impulse applied to the right side of the 
coin (in newton-seconds, N\u00b7s)"
Output variable:
"v_0_min": "Minimum initial velocity of the center 
of mass required for the coin to leave the table (in 
meters per second, m/s)"

Level 2

Context: A coin is placed at rest on the edge of a 
smooth tabletop, with only a small portion of its 
right side extending beyond the edge. The coin can 
be considered as a uniform disk with mass m, radius
r, and gravitational acceleration g. A vertical impulse
I is applied to the right side of the coin. During its 
subsequent motion after the impact, the coin might 
fly off the table at some point. Determine the 
minimum initial velocity of the center of mass, v0,min
required for the coin to leave the table.
controllable variables:
"g": "Gravitational acceleration (in meters per 
second squared, m/s\u00b2)",
"r": "Radius of the coin (in meters, m)"
"m": "Mass of the coin (in kilograms, kg)",
"I": "Vertical impulse applied to the right side of the 
coin (in newton-seconds, N\u00b7s)"
Output variable:
"v_0_min": "Minimum initial velocity of the center 
of mass required for the coin to leave the table (in 
meters per second, m/s)"

Level 3

“Unknown context.” “Unknown context.”

Some variable.

Some variable.
Some variable.

Some variable.

Some variable.

Context : A coin is placed at rest on the edge of a 
smooth tabletop, with only a small portion of its 
right side extending beyond the edge. The coin can 
be considered as a uniform disk with mass m, radius
r, and gravitational acceleration g. A vertical impulse
I is applied to the right side of the coin. During its 
subsequent motion after the impact, the coin might 
fly off the table at some point. Determine the 
minimum initial velocity of the center of mass, v0,min
required for the coin to leave the table.
controllable variables:
"g": "Gravitational acceleration (in meters per 
second squared, m/s\u00b2)",
"r": "Radius of the coin (in meters, m)"
"m": "Mass of the coin (in kilograms, kg)",
"I": "Vertical impulse applied to the right side of the 
coin (in newton-seconds, N\u00b7s)"
Output variable:
"v_0_min": "Minimum initial velocity of the center 
of mass required for the coin to leave the table (in 
meters per second, m/s)"

Level 4

“Unknown context.”

Figure 1: Controlled levels of prior knowledge. PHYSGYM lists three types of prior knowledge:
Context - a textual description of the environment, Variable Descriptions and Variable Names. The
levels of prior start with full information disclosed to the model at Level 1 and then gradually strip
the information from the model - removing the Context at Level 2, Variable Descriptions at Level 3
and then finally removing Variable Names as well by anonymizing variables at Level 4.

that the system is a harmonic oscillator and sees variables like "length" or "gravity" it can trivially
match patterns to recover the canonical solution. However if those variables are anonymized or
the description is hidden, the agent must engage in experimental probing. It has to vary inputs,
observe outputs, and form structural hypotheses to discover the relationships. These scenarios involve
identical physics, but radically different cognitive demands. This distinction between memorization
and true mechanistic inference lies at the heart of scientific reasoning, yet current benchmarks fail to
disentangle them. This motivates the need for interactive, controllable benchmarks that evaluate AI
models on how they adapt to unfamiliar problem settings, balance prior knowledge with posterior
exploration (leveraging existing priors or compensating for missing ones through experimentation),
and their ability to construct and modify physics models.

To address this gap, we introduce PHYSGYM, a novel benchmark suite and simulation platform de-
signed for the assessment of LLM-based scientific reasoning within interactive physics environments
with controllable priors. At its core, physics discovery can be abstracted as a curiosity-driven search
for action sequences (experiments) that generate data containing a previously unknown yet learnable
regularity or compressibility [8], eventually leading to minimal descriptions of the data that explain
the observations [25, 26, 27, 28, 29]. PHYSGYM operationalizes this abstract process within a series
of carefully designed, interactive physics environments. In each environment, an agent’s task is to
discover the equation relating a target observation to a set of controllable variables. To achieve this,
agents iteratively design experiments by proposing values for the controllable variables and receiving
the corresponding outcomes as feedback.

A central feature of PHYSGYM is its fine-grained control over the prior information available to the
agent. The platform provides structured environmental descriptions that detail the experimental setup,
the physical meaning of variables, and their symbolic representations. By selectively revealing or
masking these information (as illustrated in Figure 1), we can systematically investigate how varying
degrees of prior knowledge affect an agent’s problem-solving and reasoning capabilities.

Through a comprehensive interface, agents in PHYSGYM interact with the environment, control
experiments, and systematically document their discovery process. This interface also enforces
realistic constraints that mirror actual scientific practice, most notably a limited experimental budget.
To assess performance, PHYSGYM measures both the fidelity between a discovered hypothesis
and the ground-truth physics equation, as well as how well the hypothesis fits the observed data.
Together, these components provide robust insights into an agent’s scientific reasoning capabilities
under realistic conditions.

To demonstrate the utility of PHYSGYM and establish initial performance levels, we present baseline
results using representative LLMs with direct prompting. Our evaluation across four prior knowledge
levels reveals that while aggregate success rates generally decrease with reduced priors (e.g., from
66% to 31% for top-performing models), individual problems exhibit non-monotonic patterns where
some are solved only at lower prior levels but fail at higher ones. Through detailed case studies,
we identify specific failure modes including inadequate exploration strategies, overreliance on

2



Environment Interface

Context: A coin is placed at rest on the edge 
of a smooth tabletop, with only a small 
portion of its right side extending beyond the 
edge. The coin can be considered as a uniform 
disk with mass m, radius r, and gravitational 
acceleration g. A vertical impulse….

Equation: “(3 * (5**0.5) / 5) * (g * r)**0.5”
controllable variables:
"g": "Gravitational acceleration (in meters per 
second …..
Output variable:
"v_0_min": "Minimum initial velocity of the 
center of mass required for the coin to leave 
the table (in meters per second, m/s)"
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Figure 2: Overview of the PHYSGYM suite.

memorized patterns, and inability to reason about causal relationships between variables. These
findings demonstrate that PHYSGYM provides valuable insights into model reasoning strategies and
highlight concrete areas for developing more robust AI agents for scientific discovery.

In summary, this paper makes the following contributions:
• PHYSGYM: A novel benchmark suite and simulation platform for evaluating interactive LLM-based

scientific reasoning, designed for systematic control over task complexity and prior knowledge.
• Tailored evaluation protocols and metrics for assessing performance and reasoning processes within

the PHYSGYM framework.
• Experimental validation of PHYSGYM using representative LLMs, demonstrating its effectiveness

in differentiating their capabilities and revealing novel phenomena including the conflict between
knowledge recall and discovery through detailed case studies.

2 Related Works

AI Scientists. Early research in computational scientific discovery conceptualized discovery as a
heuristic search process, predicated on the view that creativity is an emergent property of specific
computational mechanisms rather than an ineffable quality [30, 3, 31]. Systems from this era, such as
BACON [1] and STAHL [32], demonstrated the capacity to rediscover known scientific laws from
structured data, while others like AM [33] and Eurisko [34] applied similar heuristic methods to
explore mathematical concepts. Later, Schmidhuber [5, 35, 8] established a formal, computable theory
of artificial curiosity and creativity [10, 11, 12] grounded in intrinsic motivation. This framework
views inductive science as an active process of data collection and compression, where an agent
actively generates experiments resulting in data that contains previously unknown patterns that
allow for better compressing the observations through shorter programs. The architecture involves a
reinforcement learning-based controller that selects actions to generate new data for an adaptive world
model which, in turn, learns to predict or compress the agent’s sensory history. The intrinsic reward
that drives the controller is the measured learning progress of the world model as its compression of
the perceptual data improves.

Recent advances in large language models (LLMs) have revived these visions, producing autonomous
scientific agents that can generate hypotheses, design and run experiments, and iterate on findings.
Systems like the AI SCIENTIST [9] and its successor [17] demonstrate closed-loop scientific work-
flows: generating hypotheses, designing experiments, analyzing results, and even writing papers.
Other platforms like SciAgents [19] and SciMuse [36] coordinate multiple agents or leverage massive
knowledge graphs to uncover non-obvious research directions and interdisciplinary insights. The
ability to explore and refine ideas has been recognized as a central ability of AI scientists. For instance,
SciMON [18] optimizes hypotheses for originality using literature-grounded novelty scoring, while
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ResearchAgent [37] simulates peer-review loops to refine research ideas iteratively. Ma et al. [38]
proposed a bilevel optimization-based framework, where the outer-level leverages LLMs to conduct
reasoning and generate hypotheses, while the inner-level employs simulations to provide feedback
and perform numerical optimization. Emerging work also explores how agents can generate or evolve
themselves: ADAS [39] evolves agent designs via meta-level optimization, while OMNI-EPIC [40]
proposes tasks with increasing “interestingness”, forming a self-curated curriculum for exploration.

Designing benchmarks to evaluate AI capabilities in scientific research has become crucial for
inspiring and advancing the development of AI scientists. Existing research has proposed several
benchmarks to assess AI performance in scientific tasks. Current benchmarks primarily focus on
coding [41, 42], problem-solving [43], and research engineering abilities within specific scientific
domains for predefined tasks and datasets [44, 45], including training models, preparing datasets,
and conducting experiments. However, benchmarks for fundamental research capabilities, such as
experimental design and the formulation of reasonable hypotheses, remain largely underexplored.

Equation discovery. Scientific inquiry often begins with the classification of objects and the
construction of taxonomies, but as a field matures, it increasingly emphasizes quantitative mod-
eling through mathematical equations. This progression has led to the formalization of equation
discovery—the task of uncovering underlying mathematical relationships from data or interactive en-
vironments—as a key research direction [1, 3, 46]. Closely related is the field of symbolic regression,
which aims to infer interpretable mathematical expressions from data [47, 48, 49].

LLMs have recently emerged as a promising paradigm for scientific equation discovery, offering new
capabilities grounded in their broad scientific pretraining [50, 23, 51, 9]. Several LLM based methods
have been developed for equation discovery. For instance, In-Context Symbolic Regression [52]
leverages LLMs in an iterative error-correction loop, yielding simpler expressions with enhanced
generalization capabilities. LLM-SR [50] frames the task as program synthesis, combining LLM-
generated symbolic skeletons with evolutionary search and parameter optimization to outperform
traditional methods across multiple scientific domains. LLM4ED [53] guides equation generation and
optimization through natural language prompts, employing self-improvement and evolutionary strate-
gies to uncover governing equations in nonlinear dynamical systems. LLM-Feynman [54] integrates
LLMs with Monte Carlo tree search and self-evaluation, showing the ability to rediscover over 90%
of the Feynman physics equations. However, as current approaches are tailored to static datasets [22],
the ability of models to generate hypotheses and design experiments remains inadequately assessed.

Interactive benchmarks. In order to assess the full capabilities of different agents in a complete
scientific discovery process, there has been growing interest in developing interactive benchmarks
that go beyond static datasets. These environments aim to capture the dynamic nature of scientific
inquiry, where agents must iteratively design experiments, collect data, and revise hypotheses based
on feedback. Science-Gym [20] provides 5 simple physics simulation environments where agents
must achieve desired states by modifying the parameters of physical objects. However, as it was
not designed for large language models, it does not consider the novelty of physics problems that
presents unique challenges for LLM evaluation. CodeARC [55] focuses on inductive program
synthesis discovery. Discovery World [21] offers 24 simulation environments structured across
8 distinct domains and 3 difficulty levels. Agents are required to perform various actions within
these environments to accomplish specified task objectives. The environmental interactions typically
involve common actions such as taking or moving objects. In contrast, PHYSGYM leverages 97
novel physics problem settings spanning 6 distinct physics domains. Our framework establishes a
more abstract and simplified environment with enhanced specificity, while providing fine-grained
control over the prior knowledge embedded in linguistic descriptions—a core differentiating factor
when evaluating LLMs compared to other models. This design enables more targeted assessment of
language models’ scientific reasoning capabilities within controlled experimental conditions.

3 The PHYSGYM Benchmark

A key process in scientific discovery consists of formulating hypotheses based on prior knowledge
and observational frameworks, carrying out experimental validation, and accordingly refining and
developing theoretical models. PHYSGYM is designed to simulate this process in a controllable
abstract setting.
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Specifically, we simulate an environment whose characteristics are described textually and which
encompasses both controllable and observable variables. The latent relationship among these
variables is governed by a fixed, albeit unknown, mechanism function f . The task of the AI physicist
is to deduce a hypothesis f̂ that is consistent with the true underlying mechanism of this environment.
This must be accomplished based on the available information and conducting experiments within the
environment, subject to a limited budget. An experiment consists of a specific assignment of values
x = (x1, . . . , xn), to controllable variables {xi}ni=1. Subsequently, the AI physicist can observe the
environmental outcomes, i.e., the corresponding values of the observable results f(x).

This section introduces the proposed benchmark. We detail the structure of the dataset, the accompa-
nying simulation environment designed to facilitate experimentation, and the evaluation metrics.

3.1 Dataset Construction

Our current dataset is constructed from 97 physics problems selected from PHYBench [56]. These
problems feature comprehensive descriptions of their physical context, and their solutions are
presented as symbolic equations that define the relationship between a target physical quantity and
other relevant physical quantities. Furthermore, a complete derivation process, grounded in physics
principles, is provided for each problem. Consequently, this collection offers a robust foundation,
facilitating the development of our abstract environment.

The construction of the data for each problem was a meticulous process involving the assistance
of LLMs followed by rigorous manual verification and refinement by domain experts. This hybrid
approach allowed us to efficiently process the initial information while ensuring accuracy and
relevance. Each data instance in our benchmark is structured with the following fields:
• context: This field contains the textual description of the physics problem. It serves as the

contextual or environmental description from which a model must derive understanding.
• solution: A manually provided, step-by-step reasoning process that solves the problem based on

established physics principles. This offers a gold-standard derivation.
• equation: This represents the core physical relationship of the problem, expressed as an equation

linking input and output physical quantities. It acts as the ground-truth model of the environment.
• python_code: An executable Python script that implements the equation. This code can simulate

the environment’s behavior by taking numerical inputs and producing the corresponding output.
Crucially, it also includes checks for the numerical validity of inputs and outputs.

• input_variables: A list of variables that serve as inputs to the equation. Each variable is
accompanied by its physical description and its corresponding unit (e.g., "mass" in "kilograms").

• output_variable: The output variable that the equation predicts. Similar to input variables, it
includes a detailed physical description and its unit (e.g., "velocity" in "meters per second").

• dummy_variables: This field lists variables that are mentioned within the context (problem
description) but are not causally related to the output_variable through the core equation.

3.2 The Simulation Environment

Beyond the dataset itself, PHYSGYM includes a comprehensive simulation environment designed
to work with this benchmark. The primary architecture of PHYSGYM is depicted in Figure 2. At
its heart, PHYSGYM integrates the environments derived from our dataset, including all associated
metadata described in Section 3.1. The core components of the PHYSGYM simulation environment
are introduced as follows.

Environments. These are directly constructed from the 97 curated physics problems, each encapsu-
lating the environment content, equation, and variable definitions. The associated code is transformed
into an executable function which accepts numerical inputs for the defined input variables and
executes the code to simulate the environment’s response, returning the corresponding outputs.

Interface. This serves as the control panel for experiments and provides several key functionalities:
• Quota Management: Allows for setting limitations on experimental resources, such as the number

of experiments or simulation steps.
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• Environmental Prior Knowledge Control: Enables varying the level of prior information about the
environment that is exposed to the model under test.

• Historical Data Management: Tracks and stores the history of interactions, observations, and
model hypotheses.

• Automatic Evaluation Component: Integrates the evaluation metrics to provide automated assess-
ment of model performance.

3.3 Sophisticated Prior Control

A key feature of PHYSGYM is its capacity for sophisticated control over the environmental prior
knowledge available to an agent. By meticulously managing the availability of the environment’s
metadata, we can precisely adjust the level of prior information an agent possesses when tackling
a problem. This fine-grained control allows for the systematic observation of differences in agent
behavior and performance under varying degrees of physical priors. Importantly, this enables us to
investigate how agents balance deductive reasoning (leveraging prior knowledge) with inductive learn-
ing (from new interactions), and how they navigate the interplay between theoretical understanding
and experimental exploration. For instance, control can be exerted over:
• The visibility of the textual problem description (context).
• The availability of physical descriptions for input_variables and the output_variable.
• Whether variable names adhere to common-sense physical conventions (e.g., m for mass, v for

velocity) or are obfuscated (e.g., var1, var2).
Figure 1 illustrates examples of four levels of priors that can be configured within PHYSGYM:
• Level 1: In this setting, the task is simplified to a reasoning problem where full observational access

and testing capabilities are permitted. The agent is provided with rich contextual information, and
solutions can, in theory, be derived entirely through deduction based on the provided priors.

• Level 2 & 3: These levels represent a spectrum where partial information is provided. For example,
in Level 2, variable descriptions are available but not the full problem context, challenging the
agent to integrate incomplete priors with active exploration.

• Level 4: At this end of the spectrum, PHYSGYM-L4 degenerates into an interactive equation
discovery environment. Most explicit prior knowledge (like textual descriptions or meaningful
variable names) is withheld. The primary implicit prior is the understanding that the underlying
relationships are governed by equations pertinent to the physical world.

It is important to note that these four levels are illustrative examples and do not encompass all possible
configurations. By selectively masking or revealing different combinations of metadata fields and
variable information, a more extensive array of nuanced prior knowledge settings can be created to
probe specific aspects of agent learning and reasoning. This flexibility is paramount for studying how
agents adapt to and leverage different informational landscapes.

3.4 Evaluation Metrics

The primary evaluation metric for model performance is the Success Rate. This binary metric
awards one point for each correctly solved task, with the final score representing the percentage of
successfully completed tasks across the entire test set. Success Rate serves as the foundation for both
comparative analysis between models and for measuring performance degradation when varying the
prior information provided to the models.

Each task is considered solved if the equation proposed by the model is equivalent to the ground-
truth equation of the task. We employ two evaluation methods to determine this equivalence. The
primary method, SymPy-based Symbolic Evaluation, rigorously verifies the mathematical equivalence
between candidate and ground-truth equations. However, this method occasionally produces false
negatives when encountering LLM-generated notations (e.g., np.pi) that SymPy fails to properly
parse. To mitigate this limitation, we supplement with LLM-based Equivalence Assessment, which
leverages an LLM to judge equation equivalence. A task is considered successfully solved if either
evaluation method confirms equivalence.

Additionally, PHYSGYM incorporates a suite of auxillary evaluation metrics to assess the performance
of models in details.
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Consistency Metrics. A fundamental sanity check for our evaluation framework is whether the
model’s proposed equation remains consistent with previously observed data points. Since the
model generates hypotheses based on its proposed variable valuations and corresponding outputs, we
expect mathematically sound models to formulate equations that accurately fit these observations. To
quantify this consistency, we employ multiple statistical metrics that measure the alignment between
the proposed equations and the observed data points. These include the Coefficient of Determination
(R2), Mean Squared Error (MSE), Kendall’s Tau (τ ) rank correlation, and Mean Absolute Percentage
Error (MAPE).

Task Difficulty Metrics. To facilitate a detailed analysis of the performance of the model, we
incorporate quantitative metrics of the difficulty of the task. We employ two complementary heuristics
to assess the complexity of ground-truth equations: equation length (measured by character count)
and variable count. Our approach rests on two key observations about mathematical complexity:
First, when comparing equations of equal length, those containing more variables typically present
greater estimation challenges due to increased dimensionality of the problem space. Second, when
the number of variables is constant, longer equations generally indicate more complex mathematical
relationships, involving additional operations or nested functions that are inherently more difficult to
model.

4 Experiments

In this section, we evaluate representative LLMs in the PHYSGYM benchmark and analyze the results.

4.1 Experimental Setup

We implement a basic prompt-based method in which the prompt describes the objective of the
task and specifies the required input and output data structures. The LLM is instructed to generate
three key components: (1) a specification of proposed experiments consisting of a list of parameter
valuations; (2) a current hypothesis formulated by the model; and (3) a Boolean flag that determines
whether the current hypothesis warrants testing, which shows the model’s confidence in how well its
hypothesis captures the underlying mechanism. The complete prompt is provided in the Appendix E.

Our baseline agent implements a fully interactive framework that maintains a complete history of
experimental observations, hypotheses, and test results. While the agent generates its plan from
a single prompt per turn, this design allows for flexible complexity: the agent can propose single
experiments or sophisticated multi-experiment plans. This approach addresses the challenge of
managing LLM context windows, which is a non-trivial problem in multi-turn agent design.

Oracle Test and Experiment Quota. Throughout the experimental phase, the model is permitted
to conduct one oracle test and receive its results. These results include a fitness metric and a judgment
of symbolic equivalence. The interface will invoke the metrics module to return the test results, which
are then incorporated into the experimental records and fed back to the model for the subsequent turn.
The total quota for experiments is set to 100.

Input Information. In each turn, the LLM is provided with the following information: (1) the
physics context, (2) the symbolic names and natural language descriptions of controllable variables
and the observable variable, (3) a history of prior experimental records, and (4) the remaining quotas
for experiments and oracle hypothesis tests. The content for (1) and (2) varies across different prior
levels. Observational history is included in the experimental records.

Prior Levels. We implement the 4 different prior levels as introduced in Section 3.3, denoted
as L1 to L4. In L1 we provide the original context and full description of the variables. In L2
substitute context with "Unknown context.". In L3 we further use the meaningless description for
the variables. In L4 we change the namespace of the variables to var1, var2, etc.

Models & Configurations. We evaluated four distinct commercial models from three different
companies: Gemini-2.5-Pro and Gemini-2.5-flash:thinking [57], Claude 3.7 Sonnet [58], and OpenAI
o4 mini [59]. Among these, Claude 3.7 Sonnet was configured as a non-reasoning model. We
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also included two open-sourced lightweight models: gpt-oss-20b [60] and Qwen3-32B [61]. The
temperature coefficient for all LLMs was set to 0.3. The maximum token limits were configured as
follows: 50,000 for Gemini models and OpenAI o4 mini, 5,000 for Claude 3.7 Sonnet, and 4,000 for
Qwen3 and gpt-oss. The "thinking" level for OpenAI o4 mini was set to "high".

4.2 Results and Observations

Figure 3: Success rates of different models by
prior level.

Impact of Prior Knowledge on Model Per-
formance. Intuitively, reducing prior knowledge
should increase task difficulty and lower success rates
for models that can effectively leverage such infor-
mation. Our systematic evaluation across four prior
knowledge levels confirms this expectation while re-
vealing distinct patterns across LLMs.

As shown in Figure 3, as prior knowledge diminishes,
the performance decline was substantial across all
models. For instance, o4-mini’s accuracy dropped
from 62.89% to 41.24% with the removal of con-
textual information, and performance at the lowest
prior level (L4) was roughly half of that at the high-
est (L1) for all models (Table 1). The non-thinking
model, Claude 3.7 Sonnet, showed a particularly in-
teresting profile. It suffered the most pronounced
accuracy drop from L3 to L4, indicating a high sen-
sitivity to variable nomenclature. However, it gained
minimal benefit from the richer information from L3
to L1, suggesting its ability to leverage complex prior
knowledge for reasoning is limited.

For individual problems, success patterns are not
monotonic. A more detailed analysis (Appendix C.4) of the results from Gemini-2.5-flash, o4-
mini, and Claude reveals a non-monotonic inclusion relationship between the sets of problems solved
at different prior knowledge levels. Specifically, some problems that are successfully solved at lower
prior levels (e.g., L3 or L4) fail at higher prior levels (e.g., L1 or L2), and vice versa. This coun-
terintuitive pattern indicates a fundamental limitation in current models’ ability to consistently and
rationally utilize prior knowledge across varying information contexts. These findings underscore the
complex and non-linear effects of prior knowledge on model reasoning capabilities and validate that
our experimental setup provides valuable insights into how models process and integrate information
when understanding physical environments.

Prior is More Important for Difficult Task. To investigate the relationship between prior knowl-
edge and model performance, we conducted a more granular analysis across varying task difficulty
levels. We hypothesized that task difficulty would significantly influence how models leverage prior
knowledge when formulating experiments and environmental hypotheses.

For quantitative assessment, we use the number of controllable variables as a heuristic measure of
task difficulty. We adopted it as a reasonable proxy following the established principle that higher-
dimensional problems present greater modeling challenges. We categorized task dimensionality into
four distinct groups: problems with 1-3 variables, 4-6 variables, 7-9 variables, and those with 10 or
more variables. Figure 4 illustrates the success rate for 3 models as a function of prior knowledge
and difficulty level.

Our analysis revealed several noteworthy patterns. First, performance consistently decreased as
difficulty increased, validating our difficulty heuristic. Furthermore, we observed that tasks of varying
difficulty responded differently to prior knowledge levels. This distinction was particularly evident in
the performance transition from L3 to L4. For moderate difficulty tasks (4-6 variables), this transition
produced minimal performance degradation. However, for higher difficulty tasks (7-9 variables), we
observed a substantial performance drop between these same prior levels. For environments with 10+
variables, o4 and Gemini only solved the task at L1. This suggests that current models rely on prior
knowledge to solve more complex environments, lacking the ability to design effective experiments.
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Figure 4: Model success rate as a function of prior knowledge for tasks grouped by dimensionality.

Figure 5: The number of unique hypotheses proposed at different prior levels.

Unique hypotheses vs prior levels. The number of distinct hypotheses can reflect the model’s
ability to dynamically adjust its conjectures in response to experimental outcomes. Figure 5 shows the
evolution of the number of unique hypotheses synthesized by the model throughout the entire process.
We capture all hypotheses from the model’s output, including those flagged as not to be tested.
Overall, Gemini models demonstrate the highest ability for hypothesis adjustment. In particular,
under conditions of greater uncertainty, they exhibit significant ability to adapt their strategies.

In successful instances, the diversity of hypotheses proposed by Claude and o4 mini diminishes as
the prior level increases. This observation further substantiates that, when prior knowledge is limited,
Claude’s success is not substantially influenced by posterior observations, relying instead heavily
on its inherent biases. In contrast, Gemini maintains a comparatively higher diversity of hypotheses
at level 4, suggesting that its ability to revise conjectures based on observations possesses stronger
generalization capabilities across varying prior levels.

Exploration Dynamics in Data Collection Under Varying Priors. As prior knowledge is reduced,
all models exhibit a clear increase in the number of interaction experiments in the successful examples,
indicating a greater reliance on active experimentation. For example, Gemini-2.5-flash increases its
experiment count from 10.6 at L1 to 20.6 at L4, while OpenAI-o4-mini increases from 7.2 to 20.1.
This trend reflects a shift from low-effort recognition strategies to more exploratory behaviors as the
prior structure is removed. In particular, these increases are accompanied by an increase in turns,
tests, and generated hypotheses, suggesting that models not only interact more frequently but also
perform more complex reasoning cycles under uncertainty.

Claude-3.7-Sonnet shows a more erratic pattern. Although it increases its samples from L1 to L2, it
does not scale its interaction efforts as sharply at L3 and L4. In fact, its sample count slightly declines
at L4, and its accuracy remains considerably lower across all levels (e.g., 22.7% at L1 and only 12.4%
at L4). This may indicate that Claude is less capable of using feedback loops or fails to appropriately
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escalate its exploration strategy when prior structure is unavailable. Full results are shown in Table 1
in the Appendix.

Overall, these results highlight the importance of interactive evaluation settings that vary prior
information. They reveal not just whether models can succeed in a task, but how they approach
scientific reasoning. In this context, the number of interaction samples becomes a proxy for epistemic
engagement: models that scale their behavior with uncertainty are arguably demonstrating a more
principled and scientific approach to discovery. This underscores the central motivation behind
PHYSGYM: to move beyond static benchmarks and provide a controlled, interactive environment
where both reasoning strategies and discovery dynamics can be rigorously assessed.

Case Studies: When Prior Knowledge Becomes a Constraint. To illustrate the nuanced effects
of prior knowledge on model reasoning, we examine three representative cases that exhibit non-
monotonic success patterns. In Environment 310 (relativistic mirror), all models succeeded only at
Level 1, failing at lower prior levels. Analysis reveals that without contextual cues about relativistic
effects, models adopted overly conservative experimental designs with insufficient E/m ratios, and
critically, failed to reason about causal relationships between energy, mass, and velocity changes.
Conversely, Environment 716 (rotational speed measurement) was solved by Gemini and o4-mini
only at Levels 3 and 4, failing when full context was provided. Here, prior knowledge constrained
exploration: models designed experiments using realistic physical values (e.g., Coulomb’s constant ≈
9×109) which, while physically plausible, provided no advantage for formula inference. Environment
409 (electromagnetic tubular field) demonstrates the influence of variable naming: models succeeded
at L1-L2 but not L3, with hypotheses at L3 predominantly conforming to the form ϵ0E0f(a/r),
which is a bias introduced by physical conventions; while at L4 with anonymized variables, models
explored different functional forms and eventually converged to correct solutions. These cases
underscore a fundamental tension: models struggle to disentangle pattern-matching from mechanistic
reasoning, becoming either paralyzed without sufficient priors or constrained by them when available.
Detailed case study analyses are provided in Appendix D.

5 Conclusion

We introduced PHYSGYM, a benchmark designed to dissect scientific reasoning by systematically
controlling prior knowledge in interactive physics environments. Its design enables fine-grained
analysis of how models balance deduction with induction—a capability absent in exisiting bench-
marks. Our central finding is that prior knowledge is a double-edged sword: models are sometimes
constrained by rich context, solving certain problems only when priors are stripped away. This
reveals a fundamental conflict between memorized pattern-matching and true mechanistic reasoning.
PHYSGYM’s interactive setting highlights critical flaws in current exploration dynamics, as models
fail to design informative experiments or reason about causality, becoming paralyzed without context
or trapped by it. These findings underscore the importance of PHYSGYM for understanding and
advancing AI in science, suggesting that fostering robust reasoning and adaptive exploration is key to
developing LLMs as effective scientific partners.

Our work opens several promising avenues for future research. First, exploring counterfactual physics
would create scenarios where memorized training data becomes a disadvantage, forcing models to
rely on interactive reasoning and directly testing the conflict between knowledge recall and discovery.
Second, investigating fine-tuning for low-prior discovery tasks could reveal whether interactive
scientific reasoning skills can be learned or whether current benchmarks expose fundamental LLM
limitations. Third, our findings point to concrete ways to build stronger agents: incorporating
exploration modules that maximize information gain and falsify hypotheses; leveraging PHYSGYM’s
structured levels (L1-L4) for automated curriculum learning; and using our multi-level setup to
identify crucial prior knowledge for developing agents that efficiently query knowledge sources.
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NeurIPS Paper Checklist

1. Claims
Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?
Answer: [Yes]
Justification: We claimed that this benchmark can differentiate capabilities based on varying
priors and task complexity, which is shown in the experiments.
Guidelines:

• The answer NA means that the abstract and introduction do not include the claims
made in the paper.

• The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

• The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

• It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
Justification: Yes, in the Appendix.
Guidelines:

• The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

• The authors are encouraged to create a separate "Limitations" section in their paper.
• The paper should point out any strong assumptions and how robust the results are to

violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

• The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

• The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

• The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

• If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

• While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs
Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?
Answer: [NA] .
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Justification:
Guidelines: Does not include theoretical results

• The answer NA means that the paper does not include theoretical results.
• All the theorems, formulas, and proofs in the paper should be numbered and cross-

referenced.
• All assumptions should be clearly stated or referenced in the statement of any theorems.
• The proofs can either appear in the main paper or the supplemental material, but if

they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

• Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

• Theorems and Lemmas that the proof relies upon should be properly referenced.
4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?
Answer: [Yes]
Justification: full data and codes are submitted.
Guidelines:

• The answer NA means that the paper does not include experiments.
• If the paper includes experiments, a No answer to this question will not be perceived

well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

• If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

• Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

• While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example
(a) If the contribution is primarily a new algorithm, the paper should make it clear how

to reproduce that algorithm.
(b) If the contribution is primarily a new model architecture, the paper should describe

the architecture clearly and fully.
(c) If the contribution is a new model (e.g., a large language model), then there should

either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code
Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?
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Answer: [Yes]

Justification: the url is attached in the submission page. All data and code will be made
public upon acceptance.

Guidelines:

• The answer NA means that paper does not include experiments requiring code.
• Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

• While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

• The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

• The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

• The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

• At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

• Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLs to data and code is permitted.

6. Experimental setting/details
Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]

Justification: In the Experiment section and Appendix.

Guidelines:

• The answer NA means that the paper does not include experiments.
• The experimental setting should be presented in the core of the paper to a level of detail

that is necessary to appreciate the results and make sense of them.
• The full details can be provided either with the code, in appendix, or as supplemental

material.

7. Experiment statistical significance
Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [Yes]

Justification: we report the total number of data samples and variance on mean values.

Guidelines:

• The answer NA means that the paper does not include experiments.
• The authors should answer "Yes" if the results are accompanied by error bars, confi-

dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

• The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

• The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

• The assumptions made should be given (e.g., Normally distributed errors).
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• It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

• It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

• For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

• If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

8. Experiments compute resources
Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

Justification: we include the information of the exact LLM version for API usage.

Guidelines:

• The answer NA means that the paper does not include experiments.
• The paper should indicate the type of compute workers CPU or GPU, internal cluster,

or cloud provider, including relevant memory and storage.
• The paper should provide the amount of compute required for each of the individual

experimental runs as well as estimate the total compute.
• The paper should disclose whether the full research project required more compute

than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

9. Code of ethics
Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]

Justification: Yes

Guidelines:

• The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.
• If the authors answer No, they should explain the special circumstances that require a

deviation from the Code of Ethics.
• The authors should make sure to preserve anonymity (e.g., if there is a special consid-

eration due to laws or regulations in their jurisdiction).

10. Broader impacts
Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes] .

Justification: In the Appendix.

Guidelines:

• The answer NA means that there is no societal impact of the work performed.
• If the authors answer NA or No, they should explain why their work has no societal

impact or why the paper does not address societal impact.
• Examples of negative societal impacts include potential malicious or unintended uses

(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.
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• The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

• The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

• If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

11. Safeguards
Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]

Justification: NA

Guidelines:

• The answer NA means that the paper poses no such risks.
• Released models that have a high risk for misuse or dual-use should be released with

necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

• Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

• We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

12. Licenses for existing assets
Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]

Justification: Yes. We cited related works.

Guidelines:

• The answer NA means that the paper does not use existing assets.
• The authors should cite the original paper that produced the code package or dataset.
• The authors should state which version of the asset is used and, if possible, include a

URL.
• The name of the license (e.g., CC-BY 4.0) should be included for each asset.
• For scraped data from a particular source (e.g., website), the copyright and terms of

service of that source should be provided.
• If assets are released, the license, copyright information, and terms of use in the

package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

• For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.
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• If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

13. New assets
Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?
Answer: [Yes]
Justification: submitted.
Guidelines:

• The answer NA means that the paper does not release new assets.
• Researchers should communicate the details of the dataset/code/model as part of their

submissions via structured templates. This includes details about training, license,
limitations, etc.

• The paper should discuss whether and how consent was obtained from people whose
asset is used.

• At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

14. Crowdsourcing and research with human subjects
Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?
Answer: [NA] .
Justification: NA
Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

• According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

15. Institutional review board (IRB) approvals or equivalent for research with human
subjects
Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?
Answer: [NA] .
Justification: NA
Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

• We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

• For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

16. Declaration of LLM usage
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Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.
Answer: [Yes] .
Justification: LLMs are used in the experiments. Details are introduced in Section 4.
Guidelines:

• The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

• Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.
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Table 1: Results overview of LLMs by Prior Level. Acc denotes the success rate. The values in the
table show the average number of experiments, tests, runs, unique hypotheses proposed ((U) Hyps),
and total hypotheses proposed in successful examples.

Model Mode Acc (%) Experiments Tests Turns (U)Hyps Total Hyps

Gemini-2.5-flash

L1 65.98 10.62 1.08 2.28 1.77 2.28
L2 49.48 12.92 1.25 2.60 2.06 2.54
L3 36.08 15.51 1.23 2.77 1.54 1.86
L4 30.93 20.63 1.20 3.43 1.83 2.37

OpenAI-o4-mini

L1 62.89 7.21 1.21 2.28 1.72 2.21
L2 41.24 12.58 1.15 3.02 1.72 2.12
L3 31.96 13.90 1.19 3.10 1.48 1.68
L4 27.84 20.11 1.26 3.96 1.52 1.70

Claude-3.7-Sonnet

L1 22.68 7.50 1.27 2.36 2.00 2.36
L2 20.62 12.60 1.30 3.20 1.70 2.55
L3 21.65 12.00 1.29 2.86 1.67 1.95
L4 12.37 10.92 1.00 2.33 1.17 1.17

Gemini-2.5-pro

L1 74.23 6.49 1.10 2.14 1.61 2.14
L2 60.82 11.42 1.20 3.12 2.42 3.00
L3 36.08 12.31 1.20 2.69 1.74 1.94
L4 31.96 14.10 1.13 3.03 1.65 1.84

gpt-oss-20b

L1 34.02 6.18 1.09 3.39 1.73 2.00
L2 20.62 6.85 1.00 3.60 1.65 1.80
L3 15.46 7.53 1.13 2.60 1.27 1.40
L4 12.37 9.17 1.17 3.50 1.17 1.25

Qwen3-32B

L1 21.65 5.24 1.10 4.14 1.76 2.10
L2 22.68 8.82 1.14 4.36 2.00 2.14
L3 14.43 12.50 1.07 3.64 1.57 1.71
L4 12.05 11.10 1.20 4.00 1.30 1.40

A Broader Impacts and Limitations

Broader Impacts. As a simulated benchmark, PHYSGYM has no direct societal impact but provides
a safe, controlled environment to accelerate AI development for scientific discovery. Our findings
reveal that models can inherit biases from training data and that prior knowledge affects them
in complex, counterintuitive ways. PHYSGYM provides a systematic framework to measure and
understand these effects, contributing to the responsible development of AI systems. As AI becomes
more involved in scientific research, understanding these dynamics is crucial for ensuring reliability
and trustworthiness.

Limitations. A current limitation is the static nature of the problem set within the PHYSGYM
benchmark. The existing dataset is fixed and based on manual construction from PHYBench. A
key area for future work is the development of methods for automated generation of new physics
environments and problem instances to prevent overfitting and enable broader applicability. Moreover,
our approach to quantifying task difficulty relies on relatively simple heuristics, such as equation
length and the number of variables. While these serve as useful proxies, they are approximations of
the true underlying complexity. More sophisticated metrics from the symbolic regression literature
could provide more precise characterizations of task difficulty. Additionally, our two-stage evaluation
protocol (SymPy followed by LLM-based fallback) introduces some subjectivity, though we mitigate
this through structured judgments with confidence scores and detailed explanations.

B Dataset Statistics

This table presents the statistical overview of our physics dataset, which contains 97 samples dis-
tributed across six different fundamental physics domains. Each sample is characterized by an
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average of 4.7 input variables and 1.0 dummy variables. The context length varies considerably
across domains, with Optics having the longest average context (1241.4 characters) and Mechanics
having the shortest (845.9 characters).

Table 2: Dataset Statistics
Domain # Samples # Input Variables # Dummy Variables Length of Context (char)

Optics 7 4.9 0.6 1241.4
Mechanics 39 4.1 1.2 845.9
Electricity 31 5.5 1.0 1026.8
Thermodynamics 10 4.8 1.1 885.1
Modern 7 4.3 0.4 857.4
Advanced 3 5.0 0.3 1217.7

All 97 4.7 1.0 948.6

C Additional Results

C.1 Full Statistics

Full statistics of the evaluated Large Language Models are provided in Table 1. The table details the
performance of each model across the four prior knowledge levels, reporting success rates alongside
resource consumption metrics. Specifically, the values show the average number of experiments,
tests, runs, unique hypotheses proposed, and total hypotheses generated, all computed over successful
task instances.

C.2 Efficiency Metrics

Success Rate

Fitness

Iteration Efficiency

Sample Efficiency

Hypothesis Efficiency

0.25
0.5

0.75

Model
Claude 3.7 Sonnet
Gemini 2.5 Flash
OpenAI O4-mini

Figure 6: Performance metrics for differ-
ent models.

Beyond accuracy and task complexity, we evaluate how
economically the model arrives at its hypotheses. We
therefore introduce three complementary efficiency met-
rics. Iteration efficiency quantifies the average number of
experimental rounds (i.e., proposals of variable valuations
and corresponding evaluations) required for the model to
reach a predefined performance threshold on consistency
metrics. Sample efficiency measures the total count of
experiment samples the model consumes before achieving
the success, highlighting its ability to learn from limited
observations. Hypothesis efficiency captures the number of
candidate equations the model generates and discards prior
to converging on a final hypothesis; lower values indicate
more targeted exploration of the hypothesis space. To-
gether, these metrics provide a holistic view of the model’s
resource requirements in terms of iterations, data samples,
and hypothesis evaluations.

Figure 6 presents several performance metrics averaged over all tasks, regardless of level, for various
models. The results show that Gemini Flash demonstrates strong performance across all dimensions,
while Claude exhibits particular strength in the sample efficiency dimension.

C.3 Fitness

A fundamental requirement for any scientific reasoning model is that its predictions align closely
with past observations. In the ideal case, every data point lies exactly on the hypothesis curve. More
realistically, we demand that the model incur a low empirical risk—for example, a small mean
squared error or a high coefficient of determination R2 on these observations.

We assess the goodness-of-fit of the model proposed hypothesis functions by measuring the R2 metric
on the experiments observed from previous executions. A higher value of R2 indicates a better fit to
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(a) Level 1 (b) Level 2 (c) Level 3 (d) Level 4

Figure 8: Venn diagrams illustrating the overlap of problems solved by 3 models at each level.

(a) Gemini-2.5-flash:think (b) OpenAI o4-mini-high (c) Claude-3.7-Sonnet

Figure 9: UpSet plots illustrating the intersection of problems solved by the model at four levels.

the data, reflecting stronger hypothesis-data consistency. We report the maximum Fit Quality across
all hypotheses for each model’s complete experimental history at the point when each hypothesis was
tested. The results are presented in Figure 7.

Several key observations emerge from this analysis:

Figure 7: The quality of fit of models’
hypotheses and historical experimental
results, grouped by prior level.

Superior performance of thinking models. Consistent
with the overall success rates, thinking models demon-
strate significantly superior Fit Quality compared to the
non-thinking model across all prior knowledge levels. This
advantage is expected, as thinking models can verify their
hypotheses during the reasoning process and adapt them
to better align with experimental constraints.

Prior Knowledge vs. Observations Balance. Thinking
models effectively balance prior knowledge and obser-
vations. As prior knowledge is reduced, their fit quality
shows only a modest decrease, indicating they can incorpo-
rate experimental evidence to form accurate hypotheses. In
contrast, the non-thinking Claude model displays a coun-
terintuitive trend: its fit quality worsens with more prior
knowledge. This suggests the model anchors too heav-
ily on prior information, failing to integrate conflicting
experimental data.

C.4 Overlaps between the solved sets

In this section, we aim to explore the following questions: How significantly do different models
differ in the sets of problems they can solve? How much overlap exists in the problem sets that the
same model can solve under different prior knowledge levels? If a problem is solved at a level with
less information, is it more likely to be solved at levels with more information?

Figure 8 shows the relationships between problem sets solved by three different LLMs at each given
level. We use Venn diagrams to illustrate the intersections between these sets. Overall, the problem
sets solved by Gemini-flash and o4-mini become more divergent as the level increases. At levels 1, 2,
and 4, Claude’s solved problem set is contained within those of the other two models. Level 3 is an
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Figure 10: Venn diagram showing the overlap of problems solved by the three models across all
levels.

exception. Combined with Figure 7, we observe that Claude’s behavior at level 3 differs significantly
from the other two models, which may indicate that Claude has stronger symbolic priors.

Figure 9 demonstrates the relationships between success sets of the same model across different
levels. We employ UpSet plots, where solid dots below the graph represent included sets and hollow
dots represent excluded sets. Several interesting observations emerge: 4 problems were solved only
at levels 1, 2, and 4; 3 problems were solved only at levels 1 and 4; and another 3 problems were
solved only at levels 2, 3, and 4. The existence of these cases indicates that our assumption does
not hold universally—prior knowledge does not always facilitate problem solving. We will conduct
detailed case analyses in Section D to examine possible reasons.

Comparing across models, we find that Gemini-flash and o4-mini exhibit similar distribution patterns,
while Claude shows significant differences, with many problems solved only at specific levels. This
may suggest that Claude’s ability to reason based on existing theoretical knowledge is limited,
which aligns with expectations given that it is not a reasoning model. Figure 10 further illustrates
the differences between models. Even for the set of problems that can be solved across all prior
knowledge levels, there are significant differences among the different models.

D Case study

In this chapter, we discuss results from specific case studies. These examples demonstrate behavioral
differences across various prior knowledge levels and illustrate how prior knowledge influences
hypothesis formation and experimental design. They also reveal different capability deficiencies
exhibited by models under current baseline implementations. In the first example, Env. 310,
we observe that models with incomplete prior knowledge lack the ability to reason about causal
relationships between variables and to explore the sample space effectively. In Env. 409, we find
that variable namespaces significantly influence the model’s hypothesis formation. In Env. 716, prior
knowledge actually impairs model performance, as experimental design is heavily influenced by
preconceptions about physical quantities. These findings indicate substantial room for improvement
in current methods, particularly in effectively leveraging prior knowledge and balancing reasoning
with exploration.

For convenience, in the following discussion, we will use these abbreviated names: Gemini-2.5-
flash:think will be referred to as Gemini-flash, Gemini-2.5-Pro as Gemini-pro, OpenAI-o4-mini-high
as o4-mini, and Claude-3.7-Sonnet as Claude.

D.1 Environment 310: only solved at Level 1 for all models

Data

context: Consider an ideal mirror moving at relativistic velocity, with mass m and area S0. (The
direction of photon incidence is the same as the direction of the mirror’s motion.) Now consider
the case where the mirror is moving with an initial velocity β0c. In this situation, the mirror is
unconstrained by external forces, and photons are incident on it with constant power for a certain
period of time, with energy E. Assuming the mirror’s velocity after irradiation is β1c, find the
expression for β1.
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equation (in LaTeX format):

β1 =

(√
1+β0

1−β0
+ 2E

m∗2997924582

)2

− 1(√
1+β0

1−β0
+ 2E

m∗2997924582

)2

+ 1

input_variables:

• β0: Initial velocity of the mirror as a fraction of the speed of light (dimensionless, between
-1 and 1).

• E: Energy of the incident photons (in joules, J).

• m: Mass of the mirror (in kilograms, kg).

output_variable:

• β1: Final velocity of the mirror as a fraction of the speed of light (dimensionless, between
-1 and 1).

dummy_variables:

• S0: Area of the mirror (in square meters, m2).

Discussion

As provided by PHYBench, the answer can be derived from the following two equations:

E +
mc2√
1− β0

2
= E′ +

mc2√
1− β1

2
,
E

c
+

mcβ0√
1− β0

2
=

mcβ1√
1− β1

2
− E′

c

which is straightforward with the knowledge of relativistic effects.

The Level 2 configuration of this problem presents a significant test of the model’s ability to utilize
existing knowledge for reasoning and experimental design. The key issue lies in the relativistic
correction term present in the solution.

In Gemini’s initial experimental setup, all observations appeared to conform to the pattern β1 = β0.
This occurred because the ratio of E to m was too small, resulting in output values virtually identical
to β0. Throughout subsequent reasoning, the model struggled to overcome the influence of the
β1 = β0 hypothesis, which repeatedly emerged during Gemini’s thinking process. This reveals
several critical issues:

First, regarding experimental design, the model did not explore sufficiently extreme scenarios, instead
adopting relatively conservative parameter ranges.

Second, the model failed to investigate potential relationships between controllable variables or
attempt to discover underlying causality through experimentation. The model should have been
able to infer possible relationships between incident photons and mirror velocity by examining logical
associations in the variable hypotheses, including how energy and mirror mass affect the final outcome.
By connecting this to relevant relativistic knowledge, the model should have recognized the probable
inclusion of a light-speed term, prompting the use of significantly larger E/m values in experimental
settings. Concerning the inaccuracy of the β1 = β0 hypothesis, the model merely assumed the
existence of a correction term without reasoning through its underlying cause. This indicates
substantial room for improvement in the model’s ability to reason about potential relationships
between known entities in unfamiliar environments.

Furthermore, this example illustrates the fundamental distinction between generating data points
through interaction and inductively reasoning from existing data points. The sampling scope employed
during data construction naturally incorporates prior knowledge, which is therefore inconsistent with
the assumption-free problem setting we establish in Level 4.
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D.2 Environment 409: only solved at Level 1 & 2

In the case of Environment 409, both Gemini-flash and o4-mini successfully derived the correct
equation only at levels 1 and 2. Notably, we observed that model performance at level 3 was inferior
to that at level 4, suggesting that prior knowledge from symbolic namespaces can sometimes impede
the model’s posterior observations. We also experimented with Gemini-pro, which similarly failed at
level 3 but arrived at the correct conclusion at level 4.

Data

context: In electromagnetism, we often study the problem of electromagnetic field distribution in a
region without charge or current distribution. In such cases, the electromagnetic field will become a
tubular field. The so-called tubular field is named because of the nature of the velocity field of an
incompressible fluid at every instant. Its characteristic can be described using the language of vector
analysis as the field’s divergence being equal to zero. Another perspective is that if we take the field
lines of a vector field FFF (the tangent line at each point being the direction of field strength) and select
a flux tube along a set of field lines passing through a certain cross-section, then at any cross-section
of the flux tube, the field flux: ∫

F · dS = Φ

will be a conserved quantity. This problem will investigate a special case of a tubular field that is
rotationally symmetric around the z axis: using oblate spheroidal coordinates to construct a unique
tubular field as an electric field or magnetic field. The so-called oblate spheroidal coordinate system
is similar to spherical coordinates, and it is generated by the following coordinate transformations:

x = achµ cos ν cosφ

y = achµ cos ν sinφ

z = ashµ sin ν

We want the shape of the field lines of an electric field or magnetic field to precisely follow its
generatrix direction, i.e., the tangent direction of the curve where field strength changes with µ while
ν, φ remain fixed (upwards when z > 0). Find the charge distribution in the xy plane that can produce
this electric field distribution. Assume the field strength near the origin is E0. The dielectric constant
is ε0.

equation (in LaTeX format):

σ =
2ε0E0a√
a2 − r2

input_variables:

• ε0: Dielectric constant (permittivity of free space) (in farads per meter, F/m).
• E0: Electric field strength near the origin (in volts per meter, V/m).
• a: Parameter of the oblate spheroidal coordinate system (in meters, m).
• r: Radial distance from the origin in the xy plane (in meters, m).

output_variable:

• σ: Surface charge density in the xy plane (in coulombs per square meter, C/m2).

dummy_variables: None

Discussion

In this case, we examine the detailed responses of Gemini-flash at different levels to analyze the
discrepancies in its behavior.
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Level 1 We present Gemini’s level 1 reasoning process in the subsequent colorbox. Through the
model’s returned reasoning process, we observe extensive iterative repetition in the model’s reasoning.
Compared to the reference solution, it actually omits several key concepts, such as equipotential
surfaces and symmetry. Nevertheless, the final answer is correct, indicating that the interpretability of
the reasoning process remains insufficient.

Level 2 In the level 2 reasoning process, a critical step occurs when the model hypothesizes a
correct form based on physical knowledge: σ = C · ϵ0 · E0 · f(a, r). By considering the presence of
the disk, it infers the existence of the term

√
a2 − r2 in the result, thus obtaining a hypothesis that

differs from the correct formula by only a constant in the first test. However, it should be noted that
in the experimental design at level 2, the model selects the true physical value for ϵ0. This behavior
actually provides no assistance in formula inference and represents an example of excessive reliance
on prior knowledge.

Level 3 At level 3, none of the models successfully completed the task, including Gemini-pro.
However, the data fitting quality of their proposed models was consistently high.

The answer of the Gemini-flash at the final test, after 20 observations:

8√
3
ϵ0E0

√
0.2 · r

a
+ 0.15

The answer of o4-mini, after 35 observations:

ϵ0E0

(
2 + 3.48

( r
a

)2.81
)

They both fit the observed data very well, with MSE less than 1× 10−17.

The answer of Gemini-pro after 33 observations:

ϵ0E0


(
3
√
2− 4

√
3

3

)
a
r +

(
4
√
3− 6

√
2
)

a
r − 1


The MSE is also small, less than 1× 10−4.

Through observation, we find significant variation in the hypotheses proposed by different models,
yet interestingly, they predominantly conform to the form C · ϵ0 · E0 · f(a/r). This is likely a bias
introduced by the physical variable naming conventions.

Level 4 At level 4, the hypotheses proposed by the models differ substantially from those at level 3,
no longer containing the f(a/r) term. For example, after 16 observations, Gemini-flash reached the
following final hypothesis:

2 var3√
var23 − 1

which achieves an MSE of less than 1× 10−5. If we further allow it continue the experiment, when
the number of samples is extended to 26, the model successfully derives the correct function. Notably,
Gemini-pro demonstrates superior efficiency, obtaining the correct answer after only 14 observations.

D.3 Environment 716: only solved at Level 3 & 4

We observed a particularly notable case, Environment 716, where both Gemini-flash and o4-mini
successfully solved the problem only at the lower-prior settings of levels 3 and 4. This indicates
that the environmental context and semantic descriptions of variables actually impaired model
performance.

Data

context: The principle of a rotational speed measurement and control device is as follows. At point
O, there is a positive charge with an electric quantity of Q. A lightweight, smooth-walled insulating
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thin tube can rotate around a vertical axis through point O in the horizontal plane. At a distance L
from point O inside the tube, there is a photoelectric trigger control switch A. A lightweight insulating
spring with a free length of L/4 is fixed at the O end, and the other end of the spring is connected
to a small ball with mass m and positive charge q. Initially, the system is in static equilibrium. The
thin tube rotates about a fixed axis under the action of an external torque, allowing the small ball
to move within the thin tube. When the rotational speed ω of the thin tube gradually increases, the
small ball reaches point A in the thin tube and just achieves radial equilibrium relative to the thin
tube, triggering the control switch. The external torque instantaneously becomes zero, thus limiting
excessive rotational speed; at the same time, the charge at point O becomes an equal amount of
negative charge -Q. By measuring the position B of the radial equilibrium point of the small ball
relative to the thin tube thereafter, the rotational speed can be determined. If the distance OB is
measured to be L/2, determine the rotational speed ω of the thin tube when the ball is at point B.
Express the result using the following physical quantities: Electric charge Q, ball’s electric charge q,
mass m, length L, and Coulomb’s constant k.

equation (in LaTeX format):

ωB = 4

√
13kqQ

23mL3

Here’s your reformatted content:

input_variables:

• k: Coulomb’s constant (in newton-meters squared per coulomb squared, N ·m2/C2).
• q: Electric charge of the small ball (in coulombs, C).
• Q: Electric charge at point O (in coulombs, C).
• m: Mass of the small ball (in kilograms, kg).
• L: Distance from point O to point A in the tube (in meters, m).

output_variable:

• ωB: Rotational speed of the thin tube when the ball is at point B (in radians per second,
rad/s).

dummy_variables: None

Discussion

The answers obtained by Gemini-pro at levels 1 and 2 are as follows:

3

√
kqQ

mL3

3.0072

√
|kqQ|
mL3

We observe that the experimental data designed for levels 1 and 2 exhibit a particular characteristic:
the numerical values chosen for the variables closely approximate their actual values in the physical
context. For example, in the following response:

{
"next_experiments": [

{"k": 8000000000.0, "q": 1e-06, "Q": 1e-06, "m": 0.01, "L": 0.1},
{"k": 9000000000.0, "q": 0.5e-06, "Q": 0.5e-06, "m": 0.01, "L": 0.1},
{"k": 9000000000.0, "q": 1e-06, "Q": 1e-06, "m": 0.005, "L": 0.1},
{"k": 9000000000.0, "q": 1e-06, "Q": 1e-06, "m": 0.01, "L": 0.3},
{"k": 10000000000.0, "q": 3e-06, "Q": 3e-06, "m": 0.002, "L": 0.05}

],
"test_hypothesis_flag": true,
"current_hypothesis_formula": "3.0072 * (np.abs(k * q * Q) / (m * L**3))**0.5"

}
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This choice of numerical values is unnecessary for formula inference. While such settings may be
more likely to yield valid numerical results initially, once a hypothesis has been formed, the model
should explore a broader range of variable configurations. This demonstrates that prior knowledge
can sometimes constrain the model’s capacity for exploration and innovation.
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Env 409 Level 1 (1st Response of Gemini-2.5-Flash)

Thinking...
Evaluating the Physics
I’m now considering the user’s request, they need me to perform in my areas of expertise:
Physics and Experimental Design. This is a good challenge. Let’s see how to best approach
this.
Deconstructing the Problem
I need to understand the user’s question about σ. I have to find a formula relating σ to ϵ0, E0,
a, and r based on the given electric field. The geometry uses oblate spheroidal coordinates,
which adds a layer of complexity, but I think I can handle it. Let’s break down the coordinates
in the xy-plane.
Pinpointing the Geometry
I’m analyzing the user’s requirements, specifically the request for the electric field in the
xy-plane, examining the oblate spheroidal coordinates. I am zeroing in on the cases where the
z-coordinate is zero, and the relationships between µ, ν, and r. This will clarify the charge
distribution.
Refining the Analysis
I’m re-examining the geometry, particularly how the xy-plane is represented with oblate
spheroidal coordinates, and how the origin (r=0) is approached. Considering mu and nu, and
their ranges for the xy-plane, I will determine what the formula σ should depend on, relating
to ϵ0, E0, a, and r.
Conceptualizing the Approach
I must use my knowledge of physics and experimental design, starting with the user’s request.
I need to derive σ based on the input variables (ϵ0, E0, a, r) and the context of the xy-plane. I
have to keep in mind, that based on the problem statement, the xy-plane represents a boundary
with zero divergence.
Calculating Surface Charge Density
I must use the user’s specifications: my expertise, electric fields, oblate spheroidal coordinates,
and z=0 plane charge density. Considering the divergence-free field, I am focusing on how
the electric field behaves at the origin (r=0) as I zero in on the geometry. I’m relating the
xy-plane to the coordinate ranges of µ.
Formulating the Equations
I must understand the user’s instructions about ’σ’ in the xy-plane. I have to connect σ to
the given variables, ϵ0, E0, a, and r, using the electric field described in oblate spheroidal
coordinates. Let’s see about the implications for the boundary conditions.
Re-evaluating Coordinate Ranges
I’m using the user’s constraints, particularly the requirement to determine σ in the xy-plane.
Understanding the coordinate system is vital. I’m refining the coordinate mappings for the
xy-plane, focusing on the radial distance r concerning µ and ν, and how they relate to the
disk and the exterior plane.
Revising the Approach
I’m analyzing the user’s request, where they need me to calculate σ. I’ve to consider the
xy-plane as a boundary with zero divergence, alongside the given field strength and the
variables. I’m now refining my coordinate analysis, looking for the origin.
Addressing the Boundary
I’m now focusing on the user’s request, determining the surface charge σ in the xy-plane
using the given variables. Analyzing the coordinate system reveals two cases: inside the disk,
r ≤ a and outside the disk, r > a. The geometry dictates that the coordinate ranges will be
crucial for determining the charge density.
Focusing on Boundary Conditions
I’m checking the user’s request, which requires me to derive σ. I’m thinking about the
problem in the xy-plane, considering the divergence-free nature of the electric field. This
informs how the electric field at the origin must align.
Reframing the Question
I’m focusing on the user’s request: finding the surface charge σ in the xy-plane. I’m relating
it to the known variables: ϵ0, E0, a, and r. The goal is to find a physical model that satisfies
all constraints.
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Defining Surface Charge Density
I must use my physics expertise, including the user’s input, such as σ, to determine the surface
charge density. The problem states an electric field with zero divergence, especially within
the xy-plane. This, alongside the given variables, sets the stage for calculations.
Decomposing the Field Equations
I’m carefully analyzing the user’s query: I am requested to find σ as it relates to the given
E0, ϵ0, a, and r. I need to connect it to the z=0 plane by assessing the boundary behavior of
electric fields. This problem involves the xy-plane.
Rethinking the Problem
I’m analyzing the user’s request, their question about finding surface charge density, σ, and
I’m trying to link this to the xy-plane. Focusing on how the E0, a, and r are behaving within
the constraints of the problem.
Reviewing Coordinate Systems
I’m re-evaluating the user’s request to find sigma and the given variables: ϵ0, E0, a, and
r. I need to relate them to the electric field in the xy-plane and consider coordinate system
variations. Then, I will check for boundary conditions.
Calculating the Charge Density
I must apply my knowledge of physics and experimental design to determine the surface
charge density, σ. I’ll focus on the user’s input, the variables ϵ0, E0, a, and r, keeping in
mind the z=0 plane and the divergence-free nature of the electric field.
Verifying Field Direction
I’m considering the user’s instructions, to construct a tubular field and to find σ at z=0. I’m
now re-evaluating the coordinate system to confirm the field direction and how it relates to
the xy-plane.
Rethinking Boundary Conditions
I’m analyzing the user’s request, reviewing the xy-plane, and the need to find σ. I need to
apply boundary conditions at z=0, to the given variables and the electric field’s behavior. I
also must keep the tubular field constraint in mind.
Focusing on the Solution
I’m re-examining the user’s prompt, needing σ in the xy-plane using the given parameters.
Analyzing the coordinate system reveals two cases: inside the disk (r ≤ a) and outside the
disk (r > a). My next step is to investigate the field direction relative to the z-axis.
Finalizing Charge Distribution
I need to connect the user’s parameters with σ. I need to determine the electric field’s normal
component near the disk. I am now finalizing how the divergence-free constraint affects the
boundary conditions at z=0. I will apply Gauss’s law near the disk.
Rethinking the Problem’s Core
I am re-evaluating the user’s query and its constraints. I need to determine sigma in the xy-
plane using the electric field and the given variables. I must now carefully consider boundary
conditions, and the implications of divergence. This may impact how I analyze the geometry.
Pinpointing Key Parameters
I’m re-examining the user’s query and the data. Considering the boundary conditions, field
strength, and the goal of finding sigma in the xy-plane. The origin and how to model the disk
is also important.
Calculating the Charge Distribution
I need to find σ given the physics context and the user’s request. With the electric field
equations established, I must now focus on applying the correct boundary conditions at the
z=0 plane. I am seeking to relate the given values for ϵ0, E0, a, and r to the surface charge
density. I’ll start by applying Gauss’ law.
Deriving Surface Charge Density
I’m breaking down the user’s request: to find the formula for σ, relating it to the given
variables. I have an electric field with zero divergence, therefore I will consider how the
field’s direction aligns with the z-axis in both regions, considering their individual coordinate
ranges.
Finalizing the Calculation
I need to derive σ given the data, analyzing the electric field, the xy-plane, and boundary
conditions. I am now working through the disk (r ≤ a) and the plane (r > a). I will apply
Gauss’ Law to find a final formula.
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Revising the Approach
Based on the user’s prompt, I’m re-examining how to calculate σ within the xy-plane. I must
consider the field strength and the specified variables. Also I need to account for the boundary
conditions at z=0, using coordinate systems.
Solving for Density
I’m working on the user’s question, focused on calculating the surface charge density σ in
the xy-plane. The electric field and the problem geometry, involving the parameters ϵ0, E0,
a, and r, and the boundary conditions, are all key to the solution. I’m now analyzing and
comparing the electric fields above and below the plane.
Deriving a Solution
I must understand the user’s prompt to connect σ to the knowns: the electric field, and
parameters. I will use my physics expertise, especially Gauss’s law and the electric field’s
boundary conditions. I’m starting by finding σ in the z=0 plane and its relationship to the
disk.
Deriving a Field Model
I’m currently studying the user’s details: their request to determine the surface charge density,
σ, in the xy-plane using the electric field and ϵ0, E0, a, and r. I must assess boundary
conditions at z=0, while considering coordinate systems. I will use Gauss’ law for this
calculation.
Pinpointing Surface Charge
I must solve for σ within the xy-plane using the known values and my expertise. Considering
the tubular electric field, the origin, and the xy-plane boundary, I need a way to apply Gauss’
law.
Formulating a Solution
I need to relate the user’s inputs (ϵ0, E0, a, r) to σ within the xy-plane’s conditions. The
boundary behavior of the electric field at z=0 is also relevant, alongside the specified electric
field. Let’s apply Gauss’s law.
Refining the Calculation
I need to use my knowledge of physics and experimental design, considering the user’s request
for σ and given variables. Calculating the surface charge density in the xy-plane given the
field. This also involves understanding the geometry and boundary conditions in order to
formulate the solution.
Calculating the Charge
I’m evaluating the user’s prompt about σ, tying it to my expertise and the given variables. The
challenge is to derive a correct formula for the xy-plane. Focusing on boundary conditions
at z=0 and the electric field’s divergence. The origin (r=0) and how it approaches µ is also
important.
Formulating a Model
I need to find a formula for σ in the xy-plane using ϵ0, E0, a, and r. I’m focused on how
the xy-plane behaves, and the electric field near the origin, considering both cases, when
r < a, and when r > a. The field lines must satisfy zero divergence, which impacts my
understanding of the coordinate system.
Deriving a Final Solution
I’m finally focused on answering the user. The question is σ, and I will use the constraints:
the electric field, the given variables, boundary conditions, and especially the geometry in
order to determine a final formula. I will focus on the xy-plane, particularly applying Gauss’
Law, to determine the charge.
Finalizing the Calculation
I need to derive σ in the xy-plane given the specified values, analyzing the electric field, and
using the boundary conditions. I am now working through the inside and outside cases to
apply Gauss’ Law and finalize the formula.
Formulating a Final Solution
I will use my knowledge of physics and experimental design to address the user’s request.
I’m to use the electric field and the known variables in order to find σ on the xy-plane. The
disk and exterior plane have separate formulas for this value.
Calculating the Surface Charge

33



I must analyze the user’s input. I am to use the equations to find σ in the xy-plane, applying
the electric field and the known variables. The approach will involve applying boundary
conditions at z=0. I will look for the discontinuity to apply Gauss’ law.
Confirming Charge Distribution
I need to find the formula for σ in the xy-plane based on the user’s electric field description and
the variables. I am focusing on Gauss’ law and am considering how the boundary conditions
at z=0 affect the electric field and the surface charge.
Deriving a Formula
I must fulfill the user’s request for σ, linked to the provided parameters. I am now deriving
the field equations and boundary conditions at z = 0, and I’m focusing on applying Gauss’
law to the xy-plane. This will lead to a formula for my tests.
Finalizing the Formula
I must derive the formula for σ in the xy-plane with my physics knowledge, the electric field
and boundary conditions. The formula, derived from the known variables, will define the
charge.
Formulating a Hypothesis
I need to derive a formula for σ based on the user’s request, using the electric field, boundary
conditions, and the given values. After careful analysis, I will test my understanding and
refine the model.
Refining the Calculation
I need to derive a formula for σ based on the user’s request, using the given electric field and
variables. The xy-plane and its implications for the boundary conditions will guide me in this.
Considering the known values, I’m aiming for a precise equation.
Formulating a Final Solution
I have to find σ from the user’s request by assessing the xy-plane and utilizing my physics
knowledge. Gauss’s law will be essential. I’ll derive a formula, ensuring it aligns with the
electric field’s behavior and boundary conditions, starting with the well-known charged disk
formula.
I will now test the values, to verify my hypothesis.
Deriving a Solution
I must create a formula for σ tied to ϵ0, E0, a, and r, while keeping the xy-plane and its
special boundary in mind based on the user’s request. I will be using the information to
produce the solution. I will use the electric field and boundary conditions.
Formulating a Final Solution
I have to use the user’s instructions to determine σ using my physics knowledge. I’ll determine
the formula, considering the electric field, xy-plane, and all given variables and boundary
conditions. Gauss’s law will be useful. I have determined the proper charge density formula.
Formulating the Formula
I’m analyzing the user’s input, considering the desired formula relating σ to ϵ0, E0, a, and r.
The xy-plane, with its specific boundary conditions, is crucial. Now, I am focusing on the
final formula, a key step.
Confirming the Field Model
I’m now ready to provide the formula for the user. My analysis has led to a formula for
the charge density σ as a function of the given values. The electric field, with its boundary
conditions, and the xy-plane has been key, especially by applying Gauss’ law. I’ll now test
this formula.
Refining the Equation
I need to calculate σ given the user’s specifications, considering that I’m an expert in Physics
and Experimental Design, and the σ formula must be based on the electric field. I’ve chosen a
formula for the observable values, using ϵ0, E0, a, and r.
Deriving a Formula
I’m analyzing the user’s input, requesting σ for the xy-plane based on the given values. I’m
relating this to the boundary conditions and the z=0 plane to define the charge density. I will
use Gauss’s Law in my final step.
Refining the Calculation
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I need to derive a formula for σ based on the user’s input, using the given electric field and
variables. I’m finding the formula relating σ to ϵ0, E0, a, and r, with the xy-plane’s geometry
in mind. I am now preparing to test and evaluate my model, using the given information.
Formulating a Plan
I am evaluating the user’s prompt about calculating σ, given the parameters, and am consider-
ing the conditions of the xy-plane. I must use my understanding of physics and experimental
design. Let’s apply Gauss’s Law.
Refining the Derivation
I’m reviewing the user’s request, focused on the calculation of surface charge density in the
xy-plane. I’m connecting this to the variables given, and making sure the boundary conditions
are considered and accurately represent the physics. Then I will formulate the correct formula.
Calculating the Formula
I’m working on the user’s specifications, particularly σ in the xy-plane. I’ll be using the
formula, relating to ϵ0, E0, a, and r, and the condition r < a for this calculation. After
assessing the theory I’m ready to propose the formula.
Response:

{
"next_experiments": [

{"epsilon_0": 1, "E_0": 1, "a": 1, "r": 0},
{"epsilon_0": 1, "E_0": 1, "a": 1, "r": 0.5},
{"epsilon_0": 1, "E_0": 1, "a": 1, "r": 0.8},
{"epsilon_0": 1, "E_0": 1, "a": 1, "r": 0.9},
{"epsilon_0": 1, "E_0": 1, "a": 2, "r": 1},
{"epsilon_0": 1, "E_0": 1, "a": 0.5, "r": 0.25},
{"epsilon_0": 1, "E_0": 2, "a": 1, "r": 0.5},
{"epsilon_0": 1, "E_0": 0.5, "a": 1, "r": 0.5},
{"epsilon_0": 2, "E_0": 1, "a": 1, "r": 0.5},
{"epsilon_0": 0.5, "E_0": 1, "a": 1, "r": 0.5}

],
"test_hypothesis_flag": false,
"current_hypothesis_formula": "2 * epsilon_0 * E_0
/ (1 - (r/a)**2)**0.5"

}

Env 409 Level 2 (1st Response of Gemini-2.5-Flash)

Deducing Variable Relationships
I’m analyzing the user’s request, specifically the problem_description lack of context.
The goal is to determine the formula connecting σ to ϵ0, E0, a, and r. Considering that ϵ0 is
fundamental and E0 is electric field strength. The parameter a seems significant.
Hypothesizing & Unit Checks
Analyzing the user’s parameters to extract a formula relating σ to the other variables. Using
unit analysis, I see that multiplying ϵ0 by E0 results in the correct units for σ. Next, I’ll check
how a and r might fit.
Revisiting Formula Derivation
Given the user’s input on σ, ϵ0 and E0, I’ll focus on refining the formula. From the units,
multiplying ϵ0 and E0 gives us σ, so this part is correct. Now, I’ll consider how a and r fit
the formula for the specific geometry.
Final Formula Consideration
The user is asking for the formula relating σ to the provided variables. My initial hypothesis
is σ = C · ϵ0 · E0 · f(a, r). Analyzing a conducting disk in an electric field, I suspect a√
a2 − r2 component. Time to refine the equation.

Refining & Initial Hypothesis
Considering the user’s parameters. Given the electric field E0, dielectric constant ϵ0, charac-
teristic length a, and radial distance r and knowing that the observable variable σ is surface
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charge density. Combining ϵ0 and E0 yields σ. I hypothesize that σ = C · ϵ0 · E0 · f(a, r),
considering a conducting disk.
Re-evaluating Hypothesis Formulation
Based on the user’s inputs, specifically ϵ0, E0, a and r, plus my initial hypothesis. I’ll try
refining my approach, as the initial hypothesis may be too simplistic. Using the units from
earlier, I’ll reformulate to create the expected observable, σ.
Confirming Initial Equation
I’m analyzing the relationships between σ, ϵ0, E0, a, and r, using ϵ0 · E0. My hypothesis:

σ =
ϵ0 · E0 · a√
a2 − r2

(1)

as a first pass. I’ll use this to guide experimental design.
Validating & Experiment Planning
Given the user’s variables, including σ, ϵ0, and E0. Considering the geometry mentioned,
I will use the initial formula σ = ϵ0 · E0 · a/

√
a2 − r2. I’ll set the test flag to “false” and

design 5 initial experiments.
Formulating the Equation
Given the user’s variables, particularly σ, ϵ0, and E0, and incorporating the geometry of a
conducting disk with radius a and distance r, my initial hypothesis is:

σ =
ϵ0 · E0 · a√
a2 − r2

(2)

Response:

{
"next_experiments": [

{"epsilon_0": 8.854e-12, "E_0": 500, "a": 0.2, "r": 0.1},
{"epsilon_0": 8.854e-12, "E_0": 1000, "a": 0.2, "r": 0.1},
{"epsilon_0": 8.854e-12, "E_0": 500, "a": 0.4, "r": 0.2},
{"epsilon_0": 8.854e-12, "E_0": 500, "a": 0.2, "r": 0.18},
{"epsilon_0": 8.854e-12, "E_0": 500, "a": 0.2, "r": 0.02}

],
"test_hypothesis_flag": false,
"current_hypothesis_formula": "epsilon_0 * E_0 * a
/ np.sqrt(a**2 - r**2)"

}

E Prompt

Researcher Prompt

# Core Task
Based on the provided problem description, controllable physical

quantities, observable physical quantities, and historical
experimental records, your primary goal is to:

1. Deduce the mathematical expression (formula) that describes how
the observable quantity changes with the controllable physical
quantities

2. Propose the next set of experimental parameters to test
3. Determine if it’s appropriate to formally test your current

hypothesis

# Inputs
The input will be a JSON dictionary with the following five parts:

36



1. **‘problem_description‘**: (String)
* A brief description of the physical phenomenon or system under
study
* Example: "Investigating the relationship between the extension
of a spring and the applied force."

2. **‘controllable_variables‘**: (Dictionary)
* Physical quantities that can be actively changed in an experiment
* The dictionary contains:

* Keys: The ‘name‘ of the physical quantity (e.g., "F", "k")
* Values: Detailed description of the physical quantity

* Example:
‘‘‘json

{"F": "The applied force on the spring in Newtons (N)", "k":
"The spring constant in Newtons per meter (N/m)"}
‘‘‘

3. **‘observable_variable‘**: (Dictionary)
* The physical quantity measured in the experiment
* This quantity changes in response to changes in controllable
variables
* Example:

‘‘‘json
{"x": "The extension of the spring in meters (m)"}
‘‘‘

4. **‘historical_experiments‘**: (List of Dictionaries)
* Data from previously conducted experiments
* Each dictionary represents a single experimental record
* Contains all controllable variables and their set values, plus
observed results
* Example:

‘‘‘json
[

{"F": 0.5, "k": 10, "x": 0.05},
{"F": 1.0, "k": 10, "x": 0.10}

]
‘‘‘

* May be an empty list ‘[]‘ for the first run

5. **‘quota‘**: (Dictionary)
* Defines the remaining budget for experimentation and hypothesis
testing.
* experiments_quota: (Integer) The maximum total number of
remaining experimental runs you can try.
* test_quota: (Integer) The remaining number of times you can set
the ‘test_hypothesis_flag‘ to true.
* Example:

‘‘‘json
{"experiments_quota": 10, "test_quota": 2}
‘‘‘

# Outputs
You must output a JSON dictionary with the following three parts:

1. **‘next_experiments‘**: (List of Dictionaries)
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* Your designed input variable combinations for the next
experiment(s)
* Each dictionary represents a set of experimental parameters
* Keys are the ‘name‘ of controllable physical quantities
* Values are your proposed settings within allowed ranges. Use
floats or integers.
* Strategy:

* For empty historical data: Provide exploratory initial
experimental points
* For existing data: Select the most informative points to test

your hypothesis
* Ensure experimental diversity and coverage

2. **‘test_hypothesis_flag‘**: (Boolean)
* ‘true‘: Your current hypothesis is mature and next experiments
aim to validate it
* ‘false‘: You’re in exploratory phase with low confidence,
seeking more data

3. **‘current_hypothesis_formula‘**: (String)
* Your conjectured mathematical expression relating observable
quantity to controllable quantities (in Python syntax with basic
operators)
* Use the exact variable names defined in the input
* IMPORTANT: Use "**" operator for powers/exponents. Only if it is
necessary, you can use "np.xxx" to implement special functions,
e.g. "np.cos".
* Examples: "F / k", "a * (F ** 2) + b * L + c"
* Return ‘None‘ or ‘""‘ if data is too scarce to form a meaningful
hypothesis

# Example (First interaction without historical data)

**Input:**
‘‘‘json
{

"problem_description": "Investigating the relationship between the
extension x of an ideal spring (within its elastic limit) and the
applied force F. The spring constant is k.",

"controllable_variables": {"F": "The applied force on the ideal
spring in Newtons (N).","k": "The spring constant in Newtons per
meter (N/m)."},

"observable_variable": {"x": "The extension of the spring in meters
(m)."},

"historical_experiments": [],
"quota": {"experiments_quota": 10, "test_quota": 2}

}
‘‘‘

**Expected Output:**
‘‘‘json
{

"next_experiments": [
{"F": 0.5, "k": 10},
{"F": 1.0, "k": 10},
{"F": 2.0, "k": 10},
{"F": 1.0, "k": 20},
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{"F": 1.0, "k": 5}
],
"test_hypothesis_flag": false,
"current_hypothesis_formula": "F / k"

}
‘‘‘
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