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Abstract
Piloting behavioral experiments is a critical yet
resource-intensive step in behavioral research.
Scientists often rely on intuition and repeated data
collection before arriving at experimental designs
that elicit desired behavioral phenomena. To ad-
dress this challenge, we introduce a closed-loop
framework for in silico prototyping of behavioral
experiments, in which an LLM-based AI scientist
iteratively proposes experimental designs and re-
vises them based on the behavior of participant
LLMs. We formalize this as a black-box opti-
mization problem in which the experimentalist
minimizes a loss defined over behavioral metrics
of interest — a formulation that admits any opti-
mizer, any participant population, and any param-
eterizable experimental component. We illustrate
this approach in the context of task framing, the
narrative cover stories that introduce participants
to experimental tasks. Using the Wisconsin Card
Sorting Test, a canonical paradigm of cognitive
flexibility, we show that the framework can dis-
cover framings that indirectly modulate persever-
ative responding in synthetic participants without
explicit instruction to do so. Our findings high-
light the potential of AI scientists to accelerate
the design cycle in behavioral research, enabling
cost-effective exploration of experimental design
spaces prior to in vivo validation with human par-
ticipants, and positioning such systems as prac-
tical tools on the path toward more autonomous
discovery in the behavioral sciences.

1. Introduction
AI-powered simulators and discovery systems are transform-
ing the natural sciences by enabling in silico modeling, mak-
ing experiment piloting and hypothesis testing faster and
more cost-effective. Machine learning now supports a wide
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range of scientific workflows, from protein and biomolec-
ular structure prediction (Jumper et al., 2021; Qiao et al.,
2024) to molecular and biomedical discovery (Hoogeboom
et al., 2022; Zitnik et al., 2018; Kim et al., 2021), and from
automated experimental search in physics (Krenn et al.,
2016; 2020) to broader scientific modeling and optimization
(Guo et al., 2024; Cheng et al., 2019; Yang et al., 2024). A
growing class of AI scientists moves further along the auton-
omy spectrum, planning experiments, operating instruments,
and drafting hypotheses with minimal human intervention
(Lu et al., 2024; Boiko et al., 2023; Szymanski et al., 2023).
Together, these developments suggest that AI systems are
becoming increasingly useful not only for prediction, but
also for navigating complex scientific design spaces.

In contrast, in behavioral and social sciences, most exper-
iments are still piloted in vivo with human participants,
slowing the experimental design cycle. Two complementary
ingredients would accelerate this cycle: synthetic partici-
pants that can stand in for human subjects during early pilot-
ing (Horton et al., 2023; Aher et al., 2023), and automated
design systems that can iteratively revise experimental con-
figurations in response to observed behavior (Musslick et al.,
2024b;a). Combined, they would let researchers explore
experimental design spaces in silico before committing to
real-world studies, expanding the space of manipulations
considered and reducing the cost of identifying experiments
that reveal behavioral phenomena of interest.

We introduce a closed-loop framework for in silico prototyp-
ing of behavioral experiments, formalizing the design cycle
as an online optimization process in which an experimental-
ist iteratively proposes candidate experiments, observes the
resulting behavior in a participant population, and revises
its proposals to elicit a target behavioral pattern. This ad-
dresses a central challenge in human behavioral research:
researchers often tailor experimental designs to elicit spe-
cific behavioral patterns, whether novel hypothesized effects
or established effects from the literature. By automating this
loop, our framework can identify experimental designs that
yield desired behavioral patterns in synthetic participants,
generating candidates for subsequent validation in human
studies. The formulation is general: the experimentalist
can be any optimizer over the configuration space, the par-
ticipants any population of simulated or real agents, and
the configurable component any parameterizable aspect of
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the experiment that the experimentalist can edit. In this
work, we study a concrete instantiation in which both the
experimentalist and the participants are LLMs and the con-
figurable component is the task framing — a minimal AI
scientist for behavioral experiment design.

Task framing is a well-motivated target for this framework:
decades of research show that narrative framings and cover
stories systematically shift human behavior across cogni-
tive tasks, from judgment and decision-making (Tversky
& Kahneman, 1981; Levin et al., 1998) to logical reason-
ing (Griggs & Cox, 1982; Cosmides, 1989) and sequential
decision-making (Feher da Silva & Hare, 2020), making
framings both a tractable and behaviorally consequential
dimension to optimize in silico. As proof of concept, we
demonstrate the approach on the Wisconsin Card Sorting
Test (WCST), a canonical paradigm of cognitive flexibil-
ity — the ability to adapt behavior and shift strategies in
response to changing environmental demands (Diamond,
2013). Our framework can discover task framings that sys-
tematically modulate perseverative responding in participant
LLMs, a behavioral signature of reduced flexibility.

2. Related Work
Closed-loop scientific discovery and AI scientists. A grow-
ing body of work develops autonomous systems that plan
and execute scientific workflows end-to-end. Coscientist
(Boiko et al., 2023) couples an LLM planner to robotic in-
struments for self-driving chemistry experiments; A-Lab
(Szymanski et al., 2023) closes the loop on materials synthe-
sis; Lu et al. (2024) targets automated hypothesis generation,
experimentation, and paper writing in machine learning re-
search; and the Virtual Lab (Swanson et al., 2025) coordi-
nates a team of specialist LLM agents under a principal-
investigator agent to carry out open-ended interdisciplinary
research, as demonstrated on de novo nanobody design.
In the behavioral sciences specifically, AutoRA (Musslick
et al., 2024a) provides a modular framework for closed-loop
empirical research, orchestrating the full pipeline — the-
ory discovery, experimental design, and data collection —
through components spanning symbolic regression, active
learning, and LLM-based extensions.

Our framework can be viewed as zooming in on the
experimental-design component of this pipeline, specifically
targeting the piloting sub-problem of discovering designs
that elicit a target behavioral phenomenon. The most di-
rectly comparable LLM-based systems are Manning et al.
(2024), where LLMs act as both scientists and participants
in social science experiments using structural causal models
to formulate hypotheses, and the concurrent work of Guo
et al. (2025), who orchestrate a multi-agent LLM pipeline
to draft and execute social-simulation scripts. Both generate
experimental designs in a largely one-shot fashion — Man-

ning et al. (2024) over a fixed set of experimental variables,
Guo et al. (2025) through script selection — whereas our
framework iteratively optimizes designs in a closed loop,
treating piloting as sequential black-box optimization over
open-ended spaces of text-based task narratives. This places
our framework at the intersection of optimal experimental
design and the use of LLMs as participant simulators and
natural-language optimizers.

Optimal experimental design. Our framework also connects
to a long tradition of optimal experimental design (OED)
for scientific inference (Rainforth et al., 2023). Within cog-
nitive science specifically, Adaptive Design Optimization
(Cavagnaro et al., 2010; Myung et al., 2013) uses Bayesian
decision theory to iteratively select trial-level stimuli that
maximize expected information gain about a set of candidate
cognitive models, sharing the closed-loop, sequential-design
structure of our framework. Where ADO assumes an ex-
plicit Bayesian participant model and a parametric design
space, here we replace both with LLM-based simulators and
an open-ended natural-language design space.

LLMs as synthetic participants. LLMs have been proposed
as human participant simulators that generate behavioral
outputs from natural language task descriptions (Horton
et al., 2023; Hardy et al., 2023; Strittmatter & Musslick,
2025). In some cases, LLMs have been shown to repro-
duce key human behavioral patterns in psychological and
economic paradigms (Binz & Schulz, 2023; Aher et al.,
2023; Hagendorff et al., 2022; Zhu et al., 2025), motivating
recent efforts to fine-tune language models on large-scale
behavioral data to better predict human behavior (Binz et al.,
2025). Whether such systems constitute genuine models of
cognition remains contested (Namazova et al., 2025; Xie &
Zhu, 2025); our framework sidesteps this question by treat-
ing LLMs as behavioral simulators for generating candidate
designs, not as mechanistic accounts of cognition.

LLMs as iterative optimizers. Our approach fits within a
broader methodological space in which LLMs are used as
zero-order optimizers over natural-language artefacts (Yang
et al., 2023; Chen et al., 2023; Zhou et al., 2022; Pryzant
et al., 2023; Madaan et al., 2023; Fernando et al., 2023),
including for scientific discovery of mathematical construc-
tions (Romera-Paredes et al., 2023). Unlike typical prompt
optimization, which targets downstream task accuracy, ours
targets the discovery of experimental designs that elicit spec-
ified behavioral phenomena in a population of simulated
participants.

3. Methods
Experimental piloting in behavioral research is a sequential
decision-making problem. A researcher proposes a candi-
date design, runs it on a small cohort, inspects the resulting
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Experimentalist  
π(!)

Participants p𝜸(!)

Experimental design (𝐱, 𝜸!), t = 3	

Behavioral Loss 	ℒ(!)
opera(onalizing the 
cogni(ve traits of interest 

(1) Proposes 

(3) Evaluation & 
feedback 𝛿!  

(2) Task
completion 

Figure 1. Closed-loop framework for in silico prototyping of behavioral experiments. The figure illustrates our framework for
behavioral experiment design as a closed-loop discovery process, here instantiated with LLMs as experimentalist and participants. An
experimental design is partitioned into a fixed component x, capturing the underlying experimental structure (e.g., stimuli, task logic, trial
schedule), and a configurable component γ, which is iteratively modified across rounds. At each round t, the experimentalist π proposes
a candidate configuration γt, for example, a task framing, instruction set, or cover story, aimed at eliciting a target behavioral pattern. The
participant family pγ executes the experiment under this configuration, producing behavioral outputs yt, which are then scored by a
task-specific loss L(yt) to yield feedback δt quantifying how well the observed behavior matches the target. The configuration-outcome
pair (γt, δt) is added to the experimental history and used to inform the next proposal, creating a closed-loop optimization process over
experimental designs. Framed this way, the system functions as a minimal AI scientist for experiment prototyping: it proposes, evaluates,
and revises candidate designs in search of the configuration γ∗ that best elicits the target behavior.

behavioral patterns, and revises the design in light of what
was observed. Our framework makes this cycle explicit by
casting it as a closed-loop interaction between an experi-
mentalist and a population of participants (Figure 1). In
the remainder of this section we formalize this loop as an
optimization problem over experimental configurations and
describe the specific instantiation used in our experiments.

We denote by X the space of fixed experimental compo-
nents, including, for example, the stimulus sequence, trial
schedule, and underlying task logic, and by Γ the space of
configurable components over which the experimentalist op-
timizes. In principle Γ may encompass any parameterizable
aspect of the experiment: from high-level natural-language
components such as instructions and cover stories, to task-
level parameters such as trial timing or reward schedules, to
low-level model-specific controls. The split between X and
Γ is a modeling choice rather than a fundamental constraint:
any component held fixed in X could in principle be moved
into Γ and optimized over, subject to the research question
and to the practical constraints of the instantiation, i.e., what
the experimentalist can edit and what the participants can
act on.

An experimental design is specified by a pair (x,γ) ∈
X × Γ, and for a fixed x, each configuration γ instantiates
a participant response policy pγ : X × Γ → Y that maps
a full experimental specification to a behavioral trajectory
y ∈ Y , where Y denotes the space of observable responses
such as choices, reaction times, or verbal reports. Here γ
plays two roles: it is part of the input the participant receives
and it can also parameterize the participant policy itself, for

instance through decoding temperature or activation steering
(Panickssery et al., 2023; Turner et al., 2024). Although
in this work γ acts only through the input channel, the
formalism above covers the more general case.

The experimentalist is equipped with a task-specific loss
L : Y → R≥0 that operationalizes the target behavioral cri-
terion; multi-metric extensions with an explicit scalarization
are a straightforward generalization. This criterion may en-
code alignment with a theoretical prediction, the magnitude
of an effect along a dimension of interest, or the deviation of
a group-level statistic from a reference pattern. Because L is
defined on behavioral outputs rather than on model internals,
the framework remains agnostic to the architecture of the
underlying participant models.

At round t ∈ {1, . . . , T}, the experimentalist policy π main-
tains a history ht−1 ∈ H of all previously tried configura-
tions together with their observed outcomes. Conditioned on
this history, it proposes a new configuration γt = π(ht−1).
The participant executes the experiment, producing a re-
sponse yt = pγt(x,γt) that is scored as δt = L(yt). The
history is then augmented as ht = ht−1 ∪ {(γt, δt)} and
passed back to π for the next proposal. We summarize the
resulting procedure as follows.

Definition (Closed-Loop In Silico Experimental Prototyp-
ing). Given a fixed experimental component x ∈ X , a
configuration space Γ, a participant family {pγ}γ∈Γ, and
a behavioral loss L : Y → R≥0, the closed-loop in-silico
experimental prototyping problem consists in approximating

γ⋆ = argmin
γ∈Γ

L(pγ(x,γ)) (1)
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through a sequence of evaluations (γt, δt)
T
t=1 governed by

γt = π(ht−1), δt = L(pγt
(x,γt)) ,

ht = ht−1 ∪ {(γt, δt)},

where π : H → Γ denotes the experimentalist policy and
h0 = {(γ0, δ0)} is the initial history, with γ0 as baseline
configuration and δ0 its evaluation.

The evaluation map γ 7→ L(pγ(x,γ)) in the definition has
the structure of an expensive-to-evaluate, derivative-free or-
acle (Audet & Hare, 2017; Shahriari et al., 2015; Frazier,
2018): for each query γ, the experimentalist observes only
the scalar loss δt, with no gradient information available. In
the instantiation studied in this work, we implement both
π and the participant family {pγ}γ∈Γ with large language
models. The experimentalist leverages the in-context learn-
ing capabilities of modern LLMs (Brown et al., 2020; Dong
et al., 2024): it receives the growing history ht formatted
as text — previously tried configurations together with their
observed losses — and emits the next configuration directly,
without any gradient update to its own weights.

Behavioral outputs of LLM participants can in general be
stochastic, both through sampling at decoding time and
through variability across simulated participants. We eval-
uate each configuration on a panel of N simulated partic-
ipants and aggregate the resulting behavioral metrics, so
that δt reflects a population-level summary rather than a
single realization. The multi-round setting T > 1 amortizes
the cost of exploration across rounds and lets π adapt its
proposals in response to observed behavior, turning exper-
iment piloting into an explicit feedback loop rather than a
sequence of independent guesses.

4. Experiment
As a proof of concept, we instantiated our framework on the
Wisconsin Card Sorting Test (WCST), a canonical paradigm
of cognitive flexibility (Grant & Berg, 1948; Nyhus &
Barceló, 2009). The WCST is typically administered with
minimal, deliberately vague instructions — a feature often
considered central to what the task measures (Miles et al.,
2021) — and systematic cover-story manipulations of the
task are scarce, making it both a natural testbed for our
framework and an underexplored paradigm in its own right.
In this task, participants must match cards based on the
shape, color, or number of depicted elements. This requires
them to infer and adapt to hidden sorting rules (e.g., color-
versus shape-based classification) based on trial-by-trial
feedback (correct versus incorrect). Behavior is typically
quantified by accuracy, perseveration errors (failure to adapt
to a new rule), and set-loss errors (failure to maintain the
correct rule).

Following Steinke et al. (2020), we used their trial sequences
and represented all stimuli and feedback in natural language
for LLM administration. For this instantiation, the overall
task structure was kept constant, while the configurable com-
ponent of the experiment, γ, corresponded to the system
prompt specifying task instructions and a cover story. The
configuration γ thus entered only through the participant
LLM’s input channel; all model-level parameters (decoding,
weights, sampling) were held fixed across rounds. Cru-
cially, while the experimentalist was informed of the target
behavior, it was not permitted to instruct participants to
perseverate directly; behavioral modulation could only be
achieved indirectly, through narrative framings that shape
how participants interpret the task.

We simulated N = 26 participants over R = 70 trials
each. We used deterministic (greedy) decoding; across-
participant variability was induced by instantiating each
participant with a distinct seed and trial sequence. The same
simulated participants and trial sequences were used in all
optimization rounds. As our target metric, we focused on
perseveration errors, with higher rates indicating reduced
cognitive flexibility. The experimentalist LLM aimed to
maximize this rate by generating framings that induced more
rigid behavior. The feedback signal was therefore defined
as the complement of the perseveration-error rate, treated
as the loss to be minimized. Over T = 6 optimization
rounds, the experimentalist received this aggregated loss
and proposed revised cover stories in response.

We conducted three closed-loop runs, each using a different
instruction-tuned model (Llama-3.1-8B (Meta AI, 2024),
Qwen2-7B (Team Qwen, 2024), Mistral-7B-v0.3 (Mistral
AI, 2024)) serving simultaneously as experimentalist and
participants. In all models, we observed systematic modula-
tion of the perseveration-error rate without a commensurate
drop in overall accuracy (Figure 2A), suggesting that the
discovered framings specifically bias the targeted behavioral
pattern rather than degrade task performance generally. The
magnitude of the effects varied by model, and loss trajec-
tories across rounds were non-monotonic, showing both
increases and decreases rather than steady improvement
(Figure 2C). We therefore report results from the round with
the lowest loss for each model, as our focus is on whether
the framework can discover a configuration that elicits the
target behavior rather than on monotone convergence. An
example of the prompt revisions discovered by the frame-
work is shown in Figure 2B.

Although preliminary, these findings support the feasibility
of closed-loop in-silico prototyping and motivate further
work on whether framings discovered in silico transfer to
in-vivo studies with human participants.
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Imagine you are a skilled Cartographer, mapping the hidden connections 
between ancient ruins. Your task is to decipher the secrets of the ruins 
by matching each newly discovered artifact to its corresponding location 
on the map. The map is divided into four quadrants, each representing 
a different aspect of the ruins: the Red Citadel, the Starlight Oasis, 
the Yellow Temple, and the Blue Lagoon. Each artifact shares a unique 
property with exactly one of these quadrants.
You can match an artifact by one of three methods: by its color, the 
shape of its symbol, or the number of symbols it bears. The method you 
choose will guide you through the ruins, leading you to the correct 
location.

You will be presented with a new artifact, and you must decide which 
quadrant it belongs to. You will receive feedback on your choice: REPEAT 
if you used the correct method, SWITCH if you used the wrong method.
The four quadrants and their corresponding artifacts are:

A = one red triangle in the Red Citadel
B = two green stars in the Starlight Oasis
C = three yellow crosses in the Yellow Temple
D = four blue circles in the Blue Lagoon

Use your cartographic skills to make an informed decision. Choose the 
correct quadrant by selecting one of the following letters: A, B, C, 
or D.

Llama Prompt - Round 1: Llama Prompt – Round 2 (Lowest Loss):
You will see a stimulus card and must choose 
which of four key cards it matches. Cards can 
match by one of three categories: color, form, 
or number. The matching category changes from 
time to time.

After each choice, you will receive feedback:
- REPEAT: you used the correct category, keep 
using it
- SWITCH: you used the wrong category, try a 
different one

The four key cards are:
A = one red triangle
B = two green stars
C = three yellow crosses
D = four blue circles

Each stimulus card shares exactly one property 
(color, form, or number) with exactly one key 
card.

Your task: Use the feedback to determine the 
correct matching category and respond with 
only the letter: A, B, C, or D.

Behavioral Loss 
Trajectories

Llama-3.1-8B Qwen2-7B Mistral-7B-v0.3A

CB

Figure 2. WCST case study: closed-loop discovery of narrative framings that indirectly steer perseverative responding in synthetic
participants. Application of the framework to the Wisconsin Card Sorting Test, where the objective was to discover task framings
that increase perseveration errors in synthetic participants — a behavioral signature of reduced cognitive flexibility. Crucially, the
experimentalist was not permitted to directly instruct participants to perseverate; behavioral modulation could only be achieved indirectly
through narrative framings. (A) For each instruction-tuned model, we compare behavior under the neutral baseline condition (Round 1)
with behavior from the optimization round that achieved the lowest loss (highest perseveration-error rate). Reporting both accuracy and
perseveration-error rate allows us to assess not only whether the induced framing changes overall task performance, but also whether it
specifically shifts the targeted behavioral pattern. Error bars denote the standard error of the mean across simulated participants. (B)
Example of a prompt revision generated during optimization, illustrating how the framework moves from neutral task instructions to an
elaborate narrative cover story. The revision contains no direct instructions to perseverate; behavioral modulation emerges indirectly from
the narrative context itself, exemplifying how the system steers behavior through contextual manipulation rather than direct command.
(C) Loss trajectories across T = 6 rounds for each model, where L = 1− perseveration-error rate. Lower loss therefore indicates more
successful discovery of framings that elicit perseverative responding. Trajectories are non-monotonic across rounds, consistent with a
search process that requires iterative exploration rather than yielding steady round-by-round improvement. Shaded regions indicate 95%
confidence intervals.
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5. Discussion and Conclusion
We introduced a closed-loop framework for in silico proto-
typing of behavioral experiments, formalizing experimental
piloting as a black-box optimization problem in which an ex-
perimentalist iteratively adjusts experimental configurations
to elicit desired behavioral patterns in a participant popula-
tion. In the instantiation studied here, both experimentalist
and participants are LLMs, and the configurable component
is the task framing. Applied to a canonical paradigm of cog-
nitive flexibility, the framework demonstrated that variations
in task framing can systematically increase perseverative
responding in synthetic participants, a behavioral signature
of reduced flexibility. While exemplified on a cognitive
control task, the approach is general: any behavioral ex-
periment expressible through natural-language instructions,
such as decision-making or reasoning tasks, can in principle
be studied within the same optimization loop.

Several considerations apply to the specific setup studied
here. The experimentalist may exploit incidental linguistic
patterns in prompts rather than the substantive contextual
cues intended to elicit the target behavior. Effects observed
with one model family may not generalize across architec-
tures or to human participants. Stochasticity in participant
responses can destabilize the search, and the behavior that
emerges is sensitive to how the loss operationalizes the phe-
nomenon of interest. These concerns fit within a broader
pattern documented by Cummins (2025): seemingly in-
nocuous configuration choices in LLM-based participant
simulation can materially shift conclusions. Our pipeline
both inherits and exploits this sensitivity by construction.
Finally, the validity of LLMs as proxies for human partic-
ipants remains an open empirical question (Dillion et al.,
2023; Argyle et al., 2022; Ullman, 2023), with evidence
that synthetic-participant pipelines can flatten or misportray
identity groups in ways that are themselves consequential
(Wang et al., 2025); our framework sidesteps this debate by
positioning itself as a tool for generating candidate designs
rather than a replacement for human studies. Establishing
whether in silico optimized designs predict effects in human
participants remains the critical validation step.

Four extensions follow naturally. Benchmarking the frame-
work with different optimizers—replacing the LLM-based
experimentalist with random sampling over framings, evo-
lutionary search, or Bayesian optimization over prompt em-
beddings—would establish when the closed-loop approach
provides value over simpler alternatives. Broadening the
configurable component beyond task framings to trial sched-
ules, reward structures, or multimodal stimuli would ex-
tend the range of paradigms accessible to this approach;
multi-agent participant populations would open social and
economic games to the same optimization loop. Strength-
ening the participant population by exploring alternative

modeling approaches—models fine-tuned on behavioral
datasets, cognitively motivated architectures, or multimodal
systems—may yield more faithful synthetic participants
than off-the-shelf instruction-tuned LLMs. Most impor-
tantly, validating selected designs with human participants
is the critical next milestone: without evidence of in-vivo
transfer, closed-loop in silico optimization remains a search
over synthetic behavior rather than a tool for accelerating
human research.

Taken together, these results position closed-loop in silico
prototyping as a practical entry point for automated behav-
ioral research (Musslick et al., 2025), and as a concrete case
in which narrow, well-scoped AI scientist loops can reduce
the cost of exploring experimental design spaces before
committing resources to human studies.

Impact Statement
This paper presents a framework for closed-loop optimiza-
tion of experimental designs in silico, demonstrated here
with large language models optimizing task framings for
a cognitive flexibility paradigm. The approach may help
researchers explore experimental configurations more effi-
ciently and reduce the cost of pilot testing across a range
of paradigms. At the same time, synthetic participants do
not replace human validation, and any conclusions drawn
from such systems should be verified empirically before
being used to inform real-world interventions or theories of
human cognition.
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