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Abstract

Designing experiments and result interpretations
are core scientific competencies, particularly in
biology, where researchers perturb complex sys-
tems to uncover the underlying systems. Recent
efforts to evaluate the scientific capabilities of
large language models (LLMs) fail to test these
competencies because wet-lab experimentation
is prohibitively expensive: in expertise, time and
equipment. We introduce SciGym, a first-in-class
benchmark that assesses LLMs’ iterative experi-
ment design and analysis abilities in open-ended
scientific discovery tasks. SciGym overcomes the
challenge of wet-lab costs by running a dry lab
of biological systems. These models, encoded in
Systems Biology Markup Language, are efficient
for generating simulated data, making them ideal
testbeds for experimentation on realistically com-
plex systems. We evaluated six frontier LLMs
on 137 small systems, and released a total of 350
systems. Our evaluation shows that while more ca-
pable models demonstrated superior performance,
all models’ performance declined significantly
as system complexity increased, suggesting sub-
stantial room for improvement in the scientific
capabilities of LLM agents.
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1. Introduction

Scientific experimentation is the primary tool that re-
searchers in the natural sciences use to gain insight about
our world’s physical and biological systems. A researcher
can test a hypothesis by systematically perturbing systems
and observing effects. They then interpret their results and
identify the next best experiment to perform, closing the sci-
entific discovery loop. Thus, when assessing large language
models (LLMs) capabilities as scientists, it is essential to
have evaluation frameworks effectively testing these skills.
However, in this context, a fundamental challenge emerges:
How can we generate experimental data in the loop to eval-
uate an LLM’s scientific iteration?

For each experiment proposed by an LLM, we need to ob-
tain data corresponding to how the system responds to the
suggested perturbations. In other domains, the success of
end-to-end benchmarks has hinged on our ability to quickly
and automatically assess LLM actions. For example, SWE-
bench tests an LLLM’s ability to resolve real-world GitHub
issues, as evaluated by a suite of unit tests (Jimenez et al.,
2024). Importantly, coding is done in formal programming
languages that can be executed and analyzed cheaply. Un-
fortunately, this is not attainable with a traditional laboratory
setup in which experiments are expensive and laborious to
perform. Substantial progress has been made in robotics
and control for self-driving labs, however these technologies
are not yet mature enough to easily be used to assess LLM
performance at scale (Abolhasani & Kumacheva, 2023).

A promising approach comes from systems biology, where
formal mathematical models of various biological processes
have been developed. BioModels (Malik-Sheriff et al.,
2020) is a public repository that hosts manually-curated
models from published literature in variety of fields —such
as cell signaling, metabolic pathways, gene regulatory net-
works, and epidemiological models of infectious disease.
These models are stored in Systems Biology Markup Lan-
guage (SBML), a standard exchange format which provides
a machine-readable representation supported by numerous
software tools for simulation and analysis (SBML.org; Dub-
itzky et al., 2013; Medley et al., 2018; Hoops et al., 2006).
Crucially, SBMLs can facilitate a “dry lab” in the context of
a benchmark: when an LLM requests an experiment, we can
create an SBML file describing the proposed perturbation,
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Figure 1. SC1IGYM simulates scientific discovery. Real-world scientists (left) iteratively refine their hypotheses by designing experiments,
collecting lab data, and analyzing results. In SCIGYM (right), agents request experimental actions, receive the observation data simulated
from the perturbed reference system, and then perform analyses in a Python shell to refine their hypotheses.

and return the corresponding simulated data.

Based on this insight, we introduce SCIGYM, an agen-
tic benchmark that evaluates LLMs’ end-to-end scientific
discovery abilities. We leverage 350 SBML models from
BioModels (Malik-Sheriff et al., 2020) ranging in complex-
ity from simple linear pathways with a handful of species
and reactions to sophisticated networks containing hundreds
of molecular components and interactions. We release two
benchmark splits: small, which contains 137 models with
fewer than 10 reactions each, and large, which contains the
remaining 213 models with up to 400 reactions each. Our
framework operates as follows: the agent is tasked with dis-
covering a reference system described by a biology model
by analyzing data simulated from the SBML. The agent
can perturb the simulated system and write Python code
to analyze the resulting data. Performance is assessed by
measuring correctness in topology of the graph of the true
system, recovery of the reactions in the system, and percent
error in data generated by a model proposed by the agent.
To succeed in our tasks, the agent must excel in both experi-
mental design and data analysis in an open-ended manner,
mirroring the core competencies of human scientists.

In addition to our specific benchmarking settings, SciGym
is highly extensible, allowing researchers to add various con-
figurations that test different tasks, abilities, and biological
systems. Although these SBML models do not fully capture
all physiological variables, these carefully curated dynamic
systems represent a treasure trove of biochemical insights
derived from expert knowledge. By harnessing these models
to simulate from, we posit that faithfully recovering the un-
derlying systems which generate the trajectories of species
concentration over time is a challenge which is suitably
complex to evaluate an agents’s scientific reasoning. We
foresee this is a capability which will translate to real-world
performance when it comes to inferring mechanisms from
experimental data.

We evaluated six LLMs from three frontier model families
(Gemini, Claude, GPT-4) on SciGym-small. We found that
more capable models generally outperform their smaller
counterparts, with Gemini-2.5-Pro leading our benchmark
followed by Claude-Sonnet. However, we also identified

consistent limitations across all models: 1) performance de-
creases as the underlying biological system becomes more
complex; 2) proposed mechanisms often overfit to exper-
imental data without generalizing to unseen initial condi-
tions; and 3) models struggle to identify subtle relationships,
particularly those involving modifiers.

2. Background on formal biology models and
SBML

Mathematical modeling of biochemical reaction networks,
such as metabolic, gene regulatory, and protein-signaling
networks is one of the central tasks in systems biology
(Sauro, 2020). Motivated by the need to share models,
researchers have developed standard machine-readable for-
mats for describing chemical reaction networks. Among
these, the Systems Biology Markup Language (SBML) has
become a de facto standard for formal specifications of dy-
namic network models via an XML-based standard. Going
forward, we use texttt when referring to specific SBML

tag types.

SBML adopts terminologies from biochemistry:
reaction is the central object for describing pro-
cesses that change the quantities of species (entities
such as small molecules, proteins, efc.) in a model. The
kineticLaw of a reaction specifies in MathML the
speed with which this process happens. Systems described
by SBMLs can be simulated as systems of ordinary differ-
ential equations, as we discuss below, or other frameworks
like discrete stochastic systems. The reaction tag can
be understood in terms of the participating species
found in the 1istOfReactants, 1istOfProducts,
and possibly 1istOfModifiers. A reactionis a
directed relationship: the quantities of reactants decrease as
they are consumed, while the quantities of products increase
as they are generated due to the reaction proceeding.
Modifiers affect reaction rates, and their quantities remain
unchanged through the reactions. A reaction can also define
the relevant kineticLawand 1istOfParameters to
characterize the rate of reactions. SBML can include other
optional components, such as rule and event tags. We
refer readers to Appendix D.1 major SBML components
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and the SBML Level 3 language speci cation for more veloped to ef ciently generate time-series data from SBML

details (Hucka et al., 2019). models, with the most popular ones being libRoadRunner
(Somogyi et al., 2015), and COPASI (Hoops et al., 2006).
These simulators are typically based on ordinary differential
equation (ODE) solvers. They are highly ef cient and can
handle various complexities in SBML speci cations, such
as stiff equations arising from different reaction timescales
and algebraic constraints de ned by rules. In this work, we
use Tellurium (Medley et al., 2018), a python-based library
using libRoadRunner as the backend simulation engine.

Figure 2.Biological process in The Michaelis—Menten enzy-

matic process. The substrateS binds to the enzymé& (left)
which catalyzes the formation of the prodit(right).

Reduced SBML Representation. For our purposes,

an SBML is a 4-tuple(S; ;R;T) 2 S con-
sisting of its listOfSpecies S = f§g.,
listOfParameters , listOfReactions R =

fRigh,, and all other tags. Each reactionR; :=
(Ri; Pi; Mj; i;ri; Ti) consists of itdistOfReactants

3. SciGym Benchmark
3.1. Data Curation

The full curation pipeline is shown in Figure 8, and we
describe brie y the major steps below.

Filtering. Starting from the curated collection of 1096
peer-reviewed models in the BioModels repository (Malik-
Sheriff et al., 2020), we rst removed models with no reac-

Ri, listOfProducts P;, listOfModifiers M,
listOfParameters i, akineticLaw  represented as
afunctionr; : S'! R*, and all other tag¥;.

tions or no species. Next, we removed models containing
rule andevent tags. We found that rules could leak
information about held-out reactions, arti cially in ating

. . . . res. On the other han nts often got stuck trying t

Example system.The Michaelis—Menten (Michaelis et al., scores On the o nerna d, agents otten got stuck irying 1o
. . trigger events, which can require complex combinations of

2011) enzymatic process describes a system that produce

INterventions that our experimental interface may not sup-
productP from the substrat8, catalyzed by the enzyme P y b

L . ort. We classi ed the models in our benchmark by their
E. The reaction is illustrated mkFlgureKZ and represente(gurated gene ontology (Ashburner et al., 2000) (GO) terms
via the chemical equatior + S)k*" ES "™ E+ P. The

(Figure 11). Finally, we removed models that failed to parse
off - H H . H - H
SBML model to describe this system consists of the set ofVith libsbml or failed to simulate using Tellurium. This
speciesS = fS: E;ES; Pg, two reaction®R;; R,, and pa- resulted in 350 models in our benchmark. We provide a
rameters =  f Ko kon: kea@. The rst reaction describes detailed breakdown of removed instances in Appendix C.1.

the reversible formation of the enzyme-substrate complepreprocessing In order to prevent memorization of SBML
with rater1(S; ;R;T)= VKon[EI[S] Vkor[ES], where  documents by the agent, we preprocessed each of the Itered
v > 0is the volume of the compartment where the remmodels by stripping optional metadata elds, shuf ing core
action occurs, speci ed i . The second reaction repre- components, and anonymizing identi ers to a unique 4-
sents the conversion of the substrate to the product with ratehgracter alphanumeric string (see Appendix C.3). This
r2(S; ;R;T) = VKe{ES]. The square brackefd mapa  preprocessing step is how we derive an initial partial SBML
species to its time-varying concentration. We omit the timewhich the agent has access to, from the reference system
index to avoid notational clutter. which is kept hidden from the agent.

To translate this into an ODE, we sum the rates implied bypetermining Simulation Duration. We found that a large

fhe reactions for each species. Bpwe havev d[Sj]=dt= " proportion of the models in the BioModels database did
21 Si ri(S; ;R;T). s are stoichiometric coef- not provide an appropriate simulation timescale in order to

cients (speci ed inR; or P;) that describe how much of gpserve the characteristic behavior of the mechanism. Thus,

each species is consumed or produced in the reaction. Thgye systematically analyzed each model in our benchmark

are signed according to the role§f in R;: concentration  and chose a simulation duration that either enabled the sys-

decreases ansj < 0if S is a reactant in reactioRi,  tem to reach a steady state or a maximum duration of 10000
concentration increases asd > 0if S is a product, and  seconds (see Appendix C.2).

sj = 0 otherwise. We include a full worked example of
this enzyme system's SBML and ODE in Appendix D.2,3 5 Framework
and a worked example of an SBML with a modi er in Ap-

pendix D.3. Task. As illustrated in Figure 1, SBML models provide a

) . . . general framework to simulate the scienti ¢ discovery pro-
Simulation. Numerous simulation softwares have been de-

3
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Figure 3.0pen-ended scienti c iteration Agents must discover all components of missing reactions and can update the SBML models
using Python code (left). SBML models are encoded as structured XML les, with reactions consisting of ve components: reactants,
products, modi ers, kinetic laws and parameters (right).

cess: an SBML model is used to generate time-series datmarkdown format with# Thoughts and## Action

the agent is tasked with discovering the underlying referencsections. The environment's outputs (code execution and
system by designing experiments and analyzing their resultexperiment results) are then added#&s Observation

One can design tasks of varying dif culty by modulating the sections. In the prompt, we inform the agent that its goal
agent's access to the system (what species can be observiedo discover the underlying biological mechanisms. To
and what perturbations are permitted). We decided to focumaintain an open-ended task that better mirrors actual scien-
on a fully-observed reaction discovery task, BatGyMm is  ti ¢ discovery processes, we deliberately avoid specifying
easily extended to any task or degree of observability tha¢xact evaluation metrics to the agent. The system prompt is
SBML simulators can support. We allowed the agent to fullyprovided in Section A.1.

observe the concentration time series ofpkcies ~and Action Space.In each iteration, the agent can choose from

asked it to discover the missimgaction  tags connect- U . .
three actions: writing code, conducting experiments, or sub-

ing species in the system. This task mirrors fundamental . °. .
0 . : mitting the model. The agent can choose to write code or
research problems in biology, such as inferring gene regu-

: g conduct experiments or both within a single iteration. How-
latory networks from Perturb-seq experiments (Dixit et al., .
. ) ) ever, once the agent chooses to submit the model, no further
2016) or reconstructing cellular signaling pathways from

X . . ) experiments or code execution is permitted. Each action is
spatial transcriptomics data (Papin et al., 2005). : . . . .
signaled with a corresponding markdown subsection, with
Starting with a reference SBMin,; = (S; ;R;T),the specic response formats detailed in the system prompt.
nt is given rtial SBM =(S; %::T)wher : . . .
agentis given a partia SBMIny, = (S; 55 T) where Coding. We provide a Python execution environment that
the reaction®R have been removed completely and the pa- .
0 . enables the agent to analyze experimental results. When the
rameter set “ contains all parameters except those that ex- . . .
) . o o agent chooses to write code, the environment executes it and
clusively appear in a reaction's. Additionally, we remove
o ) . o returns stdout output or stderr messages for any errors. The
initialAssignment , functionDefinition , and

constraint tags that reference the removed reactions toagent IS instructed in the system prompts to use print state-

. ! S .._ments for important outputs that should be communicated
prevent information leakage. The agent is given all units

compartments, and species from the original model. Thé)ack to its reasoning process. The environment maintains

agent's task is to recover the missing reactigng m State as global variables in its Python shell between itera-
g 9 ref: tions, but the agent must explicitly choose which variables

Agent. We implemented a ReAct-style agent (Yao et al. to store for future access. This design allows the agent to
2023)using a Thoughts-Actions-Observations frameworkeuse some important data structures especially large objects
due to its simplicity for comparing performance across difike pandas DataFrames. The agent has access to a speci ed
ferent models. The agent is required to articulate its reasorset of libraries and customized functions. A customized
ing process before taking actions, structuring its response itbol documentation is provided with docstrings (example
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Figure 4.SBML models serve as data simulators for various experimental perturbationsThe agent proposes perturbations to the
system, such as changing its initial conditions and can receive the observed data of the perturbed system.

in Section A.2). In our experiments, we provide a wrapperhas direct access to the initial incomplete SBML structure
around the Tellurium simulator as the customized functionsnputsbml  and can reference it in their code. This ap-
to help them simulate the proposed mechanisms. proach encourages the agent to use libSBML libraries for

Exoeriments. The agent is provided with a list of permitted model manipulation rather than manual SBML construction.
P . 9 P P If the submitted model is invalid or cannot be simulated, we

experimental perturbations, detailed in an experiment man- o N . )
ual (example in Section A.3). This documentation explainsallow for 3 a(_jdmonal debugging iterations before evaluating
the effects of available perturbations and speci es the JSOI\?lgalnSt the incomplete SBML structure.
format for requesting each type. In our experiments, we

allow agents to use one simple type of perturbations: chang?-'S' Evaluation Metrics

ing the initial concentrations of a species, with a detailedye developed three complementary metrics to evaluate how
discussion in Section 5. When the agent requests an expgjell an agent recovers the underlying SBML model. Our
iment, our environment applies the speci ed perturbationeyvaluation is designed to balance structural and dynamical
to the SBML model (using libSBML libraries), simulates similarity. However, it should be noted that these metrics do
the modi ed system, and returns time-series data to theyot capture all aspects of SBML equivalence. For example,
agent. The resulting time-series data is stored in a dictiqye do not explicitly evaluate whether the proposed kinetic

nary where the key is the iteration number and the valugaws match the ground truth formulations. For formal de -
is the pandas DataFrame. Each dataset remains accessii|gons of these metrics, see Appendix B.2.

throughout the session, allowing the agent to reference pre- .
vious experimental results. The environment also provide&twork Topology Score (NTS).To assess success in re-

a summary of each dataset in the observation output, givingOVering the correct system topology, we measure pairwise

the agent an overview of the experimental results to infornjnt€ractions between all species in the system and calculate
its subsequent actions. F1 score. Ifidentical relationships between the same species

appear in multiple reactions, we count them only once.
Model Submission.The agent may submit its nal model

and conclude the discovery process at any point, subject to 8&action Matching Score (RMS) We evaluate the agent's
maximum iteration limit 20in our benchmark). To submit a ability to recover the structures of ground truth reactions.

model, the agent must provide a code block that de nes thdVe consider two reactions "matched" if they have identical
nal model in a variable namefinalsbml . The agent sets of reactants and products. In the second, more stringent

version, we additionally require matching modi ers.
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Table 1.Pro models outperform their mini counterparts in SciGym, with Gemini dominating in both size categoriesWe report the
average Simulation Trajectory Error (STE) and Reaction Matching Score (RMS) across all benchmark instances. Bold values indicate
best performance.

RMS "
Model STE# With Modi ers Without Modi ers
Precision Recall F1 Precision Recall F1
Gemini-2.5-Flash  0.4181 0.1527 0.1071 0.1217 0.2399 0.1839 0.2005
GPT-4.1-mini 0.6007 0.1516 0.1253 0.1320 0.2530 0.2313 0.2322

Claude-3.5-Haiku  0.6281  0.0858  0.0421 0.0530 0.1454  0.0805 0.0987

Gemini-2.5-Pro 0.3212 0.2138 0.1664 0.1817 0.3781 0.3219 0.3383
GPT-4.1 0.4611  0.2067 0.1597 0.1740 0.3517 0.2888 0.3038
Claude-3.7-Sonnet  0.3615  0.1780 0.1698 0.1688 0.3160 0.3170 0.3047

Simulation Trajectory Error (STE). This metric evaluates cess (Long et al., 2023; Jiralerspong et al., 2024). This has
how accurately the predicted system matches the dynamimotivated the development of causal reasoning benchmarks
behavior of the true system by comparing time-series traacross a wide-range of scienti ¢ domains including gene
jectories of each species. We employ the Symmetric Meanegulatory networks (Chevalley et al., 2023), clinical dis-
Absolute Percentage Error (SMAPE) (Makridakis, 1993)ease modeling (Abdulaal et al., 2024), and causal question

which normalizes errors relative to magnitude. answering for coding and math (Wang, 2028xi1Gywm dif-
fers from existing causality benchmarks in two main ways:
4. Related Work 1) SciGyMm requires active planning and design of inter-

vention experiments rather than passive analysis of a static
Al Scientist Benchmarks. Most existing benchmarks have dataset or context; 2ciIGyM demands a more compre-
either focused on evaluating a single skill in the scienti ¢ hensive skill-set to succeed, requiring agents to combine
discovery pipeline (Laurent et al., 2024; Narayanan et algomain knowledge, data analysis skills, and coding ability
2024) or the one-shot ability of LLMs to solve scienti ¢ to effectively discover biological mechanisms —not just
tasks (Newsham et al., 2025). To the best of our knowledgeheir structural relationships.
no previous work evaluating the scienti ¢ method end-to-
end has effectively challenged LLMs to perform open-endeds_ Experiments
biological discovery research using experimental perturba-
tions. DiscoveryWorld (Jansen et al., 2024) evaluates préAfe evaluated six models from three frontier model families,
tein outlier detection and chemical optimization in a xed, each represented by their professional and mini variants: An-
observed dataset. That is, unli8e1Gym, DiscoveryWorld  thropic's Claude-3.7-Sonnet-20250219 (P) and Claude-3.5-
does not evaluate the LLM's ability to discover the under-Haiku-20241022 (M); Google's Gemini-2.5-Pro-Preview-
lying mechanisms of action in a system —it only asks the03-25 (P) and Gemini-2.5-Flash-Preview-04-17 (M); and
agent to reproduce the observed data. Moreover, the evalOpenAl's GPT-4.1-2025-04-14 (P) and GPT-4.1-Mini-2025-
ation pipeline used in BioDiscoveryAgent (Roohani et al.,04-14 (M). These variants are categorized based on their
2024) only deals with genetic perturbations from a xed,API pricing tiers. Due to computational resource constraints,
prede ned dataset, rather than a general model that cawe restricted our evaluation tac85yM-small, with a total
evaluate open-ended hypothesis from the agent. Finallpf 137 tasks.

there exist other benchmarks exploring the discovery OE . . . .
equations (Shojaee et al., 2025; Ma et al., 2024; Romera_erturbatlons. qu our main expe_nments, we permﬁtg_d
N ’ N ' e type of experimental perturbation: changing the initial

Paredes et al,, 2024) and chemicals (Sprueill etal, 2OMz%(r)]ncentration of a speci ed species to a designated amount.

with LLMs and simulated data. This line of work does not : ;

.~ \We selected this approach as it represents a common and
allow the agent to perturb the system and feedback is given : S .
: cost-effective perturbation in biological research. For exam-

through xed reward functions. . - . .
ple, researchers might alter initial protein concentrations to
Causal Discovery BenchmarksCausal discovery seeks to observe downstream effects on a signaling pathway. This
identify cause-effect relationships between variables fronperturbation type, when strategically designed, provides
observational or, when possible, interventional data (Tiarsubstantial information about species relationships, reaction
& Pearl, 2013). Many recent efforts have applied LLMs types, kinetic laws, and reaction rates. In an ablation study,

to causal discovery tasks with varying degrees of suowe evaluated a second perturbation type: species knockout,

6
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Table 2.All models struggle signi cantly more with identifying modi er relationships compared to reactant-product. We report
network topolgy performance (NTS precision and recall) across different types of edges in reaction networks.

Metric  Relationship Gemi-M Gemi-P GPT-M GPT-P Clau-M Clau-P

Reactant-Product  0.453 0.448 0.415 0.371 0.385 0.442
Pre Reactant-Modi er 0.005 0.075 0.010 0.000 0.037 0.068
Modi er-Product 0.000 0.106 0.014 0.000 0.054 0.119

Reactant-Product  0.362 0.346 0.340 0.305 0.214 0.435
Rec Reactant-Modi er 0.001 0.032 0.002 0.000 0.016 0.042
Modi er-Product 0.000 0.055 0.007 0.000 0.021 0.088

Figure 5.All agents outperform their respective zero-shot baselinesNe compare each agent's performance with zero-shot prompting.
Each marker represents performance on one system, with circles representing pro models and squares representing mini models. Blue
shows zero-shot performance while red shows agent performance.

which completely removes a species from the system. We
used this condition to assess whether models could improve
performance when given more powerful experimental tools.
The results are shown in Appendix E.1. This style of per-
turbation has two main limitations: 1) they may not always
be biologically plausible. For example, scientists may not
have the equipments to change initial concentrations of the
requested species to the speci ed amount. 2) our perturba-
tions cannot guarantee complete system recovery of every
SBML model (Villaverde et al., 2016). However, this mir-
rors real-world biological research where scientists often

work with limited experimental tools. . _ .
Figure 6.Agents' performance decline as the underlying sys-

tem's complexity grows.
5.1. Results plexiy g
Do models learn from experiments?As an initial vali- ) ) o
dation, we implemented a baseline direct prompting of the€xperimental results during the scienti ¢ discovery process.

models. For fair comparison, we employed similar ReActpg pro models demonstrate superior scienti ¢ discovery
prompts across conditions, excluding only the experimentapabilities? Table 1 presents the average performance of
and tools components. We also permitted three additionay|| six models across all systems. Detailed results per system
debugging rounds in the baseline condition. Results showgan be found in Section E.2. Our results show that across all
in Figure 5 demonstrate that all models achieved lower STEnodel families, pro variants consistently outperform their
and higher RMS when using ttf821Gym framework com-  minj counterparts, with both lower STE errors and higher
pared to zero-shot prompting. This con rms that models arer\MS scores. This performance difference suggests that suc-
effectively extracting and incorporating information from cess in the scienti ¢ discovery process bene ts from the en-
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