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Abstract

Symbolic models play a key role in cognitive sci-
ence, expressing computationally precise hypothe-
ses about how the brain implements a cognitive
process. Identifying an appropriate model typi-
cally requires a great deal of effort and ingenuity
on the part of a human scientist. Here, we adapt
FunSearch (Romera-Paredes et al., 2024), a re-
cently developed tool that uses Large Language
Models (LLMs) in an evolutionary algorithm, to
automatically discover symbolic cognitive mod-
els that accurately capture human and animal be-
havior. We consider datasets from three species
performing a classic reward-learning task that
has been the focus of substantial modeling effort,
and find that the discovered programs outperform
state-of-the-art cognitive models for each. The
discovered programs can readily be interpreted
as hypotheses about human and animal cogni-
tion, instantiating interpretable symbolic learning
and decision-making algorithms. Broadly, these
results demonstrate the viability of using LLM-
powered program synthesis to propose novel sci-
entific hypotheses regarding mechanisms of hu-
man and animal cognition.
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Figure 1. Discovered models outperform human-designed mod-
els. We evaluate the best program discovered by CogFunSearch for
each dataset, using average normalized likelihood of the choices
made by held-out test subjects, and it to the best existing model
from the neuroscience and psychology literature (all p < 0.002,
signed-rank test) Left: Human dataset and model from Eckstein
et al. (2024) Center: Rat dataset and model from Miller et al.
(2021) Right: Fruit fly dataset from (Mohanta, 2022; Rajagopalan
et al., 2023), model from Ito & Doya (2009).

1. Introduction

Symbolic cognitive models are used in neuroscience and
psychology to instantiate precise, mechanistic hypotheses
about the processes used by the brain to control behavior
(Daw et al., 2011; Corrado & Doya, 2007; O’Doherty et al.,
2007). These models readily afford interpretation: inter-
nal variables like “prediction error” or “forgetting rate” are
meaningful in their own right, and suggest possible imple-
mentations in the brain. This ease of interpretation has made
symbolic models a key tool in understanding how brains
produce behavior.

The development of such models has historically been a
hypothesis-first process, in which researchers draw on in-
spiration from the literature and individual human creativity
to specify a model, and then refine it to match the idiosyn-
crasies of behavior. A limitation of this approach is that
the space of symbolic models is vast, and it is far from cer-
tain that the best possible model for a dataset is one that
researchers will have considered (Daw et al., 2011; Wilson
& Collins, 2019). Indeed, recent work has used comparisons
to flexible recurrent neural networks (RNNs; Dezfouli et al.
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Figure 2. Overview of CogFunSearch. A: CogFunSearch uses LLMs to evolve Python programs that are predictive of a behavioral
dataset, and maintains a database of candidate programs which are ranked by their model scores. B: Programs ¢ receive as input the
previous choice ¢; and reward 7, an evolving hidden state h;, and a set of trained parameters 6. They output predictive probabilities over
the next choice and an updated hidden state. C: The model score for programs is computed by fitting parameters on a subset of the dataset

and evaluating its normalized likelihood on a separate validation set.

2019b; Song et al. 2021; Ger et al. 2023; Eckstein et al.
2024) to show that commonly-used symbolic models tend
to dramatically underfit their datasets.

An appealing alternative is to adopt a data-driven approach,
considering a very large space of possible models and al-
lowing quality-of-fit to guide model selection (Brunton &
Beyeler, 2019; Miller et al., 2021). As applied to human
and animal behavior, this approach has been most broadly
successful with model spaces that are differentiable, such as
neural networks (Dezfouli et al., 2019a; Miller et al., 2023).

In this work, we demonstrate a method which is able to auto-
matically identify symbolic models that are consistent with
a given dataset. We build on advances in program synthesis,
a set of methods for automatically identifying computer pro-
grams that optimize some objective function. Specifically,
we adapt FunSearch (Romera-Paredes et al., 2024), a recent
tool that uses Large Language Models (LLMs) to mutate
programs within an evolutionary optimization process. Our
approach, which we term “CogFunSearch”, augments Fun-
Search with an additional level of optimization. In the outer
optimization loop, FunSearch evolves programs (Fig. 2A),
while in the inner loop, model parameters are fit to data
(Fig. 2C). We apply CogFunSearch to datasets from three
species (humans, rats and fruit flies) performing a classic
reward-guided decision-making task which has been the
focus of substantial human cognitive modeling effort (Fig.
1; Miller et al. 2021; Eckstein et al. 2024; Mohanta 2022;
Rajagopalan et al. 2023). Our discovered programs reliably
outperform the best human-discovered cognitive models of
which we are aware.

Because CogFunSearch uses LLMs for program generation,
it is able to use human-provided information in the prompt
and seed program, with more informative prompts resulting

in higher-scoring and more interpretable discovered pro-
grams. Discovered programs are often surprisingly readable,
for example containing informative variable names and com-
ments. Several unexpected and intriguing motifs are appar-
ent: complex exploration strategies, unconventional value
updates, and idiosyncratic patterns of reward-independent
choice sequences. Each run of CogFunSearch generates
a large number of programs, which show a clear tradeoff
between quantitative performance and program complexity.
While the highest-scoring programs are more complex than
our baseline models, it is possible to identify models for
each dataset that are both higher-performing as well as sim-
pler. Broadly, these results validate the use of LLM-based
program synthesis for data-driven discovery of cognitive
models, and suggest novel hypotheses about reward-guided
learning in humans and animals.

2. Related Work

Data-driven Cognitive Modeling A number of papers
have attempted to invert the traditional theory-first approach
to cognitive model building and adopt a data-driven ap-
proach. Some of these use statistical tools to identify pat-
terns in behavioral data. These include explicitly characteriz-
ing patterns in choice and reward sequences using statistical
models (Lau & Glimcher, 2005; Sugrue et al., 2004; Ito &
Doya, 2009), as well as adding additional degrees of free-
dom to classic cognitive models (Le et al., 2023; Venditto
et al., 2024; Roy et al., 2021). One recent paper has at-
tempted a process of successive model reduction, beginning
with flexible statistical models and ending with a model
that can be interpreted as a cognitive model (Miller et al.,
2021). Related work has applied methods for symbolic
regression (Brunton et al., 2016; Landajuela et al., 2022)
to discover equations describing behavior. One of these
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(Musslick, 2021) considered synthetic data in a variety ofon the chosen action and on a set of dynamic environment
decision-making tasks. Another (LaFollette et al., 2023)parameters that are independent of choice. Such tasks are
modeled human behavior in an RL task, but, due to limitaeften called “Dynamic Multiarmed Bandit Tasks”, and have
tions of the technique, did not model choices directly butbeen the focus of a great deal of computational modeling
instead asked subjects to report their internal value estimatexffort (Corrado & Doya, 2007; O'Doherty et al., 2007; Daw
and modeled the dynamics of these reports. etal., 2011; Wilson & Collins, 2019). We selected diverse
datasets from three different species—humans, rats, and
fruit ies—which share two important properties. First,

Interpretable Deep Learning Building on the observa- . . R
tion that neural networks often t data better than symbolic each dataset is unusually large, consisting of many individ-
(?Is, behavioral sessions, or both. This reduces the risk of

models, several recent papers have introduced methods th . O . L .
attempt to add constraints to deep learning methods to refver ting that is inherent in considering a large and exible

der them more readily interpretable for the purposes ofpace of possible models. Second, each dataset has been the

cognitive modeling. One approach is to integrate neural ne ocus of past computational modeling efforts, providing a

works into a theoretically-motivated cognitive architecture"‘\'tmn%3 human-discovered baseline against which to compare
(Peterson et al., 2021; Eckstein et al., 2024). Another is tQur discovered models.

constrain information ow within the network, either using

explicit information bottlenecks (Miller et al., 2023) or by Human Dataset (Fig. 3A; Eckstein et al. 2024) considers
simply using a very small network (Ji-An et al., 2023). Like human participants performing a four-alternative task with
this work, our approach optimizes models directly to datagraded rewards. Participants performed the task online, and
considering a large model space with structural constraintidicated their choice on each trial by pressing either "D,
that we hope will afford interpretability. Importantly, unlike F "J', or "K" on their keyboard. Reward was indicated
network weights, the model space we search (Python pr&Y displaying an integer number of "points’ between 0 and

grams) is explicitly symbolic, thereby facilitating analysis 100, which subjects were asked to maximize. Available
and interpretation by humans or indeed LLMs. rewards followed independent bounded random walks with

additional trial-unique noise. Each participant performed up
to ve back-to-back sessions of up to 150 trials each. The

Program Synthesis_for statistical and agent _modeling. dataset contains choices from 862 participants performing
A large body of previous work explores evolutionary meth-4 134 total sessions and 617.871 total trials
ods for discovering computer programs that optimize some’ ’ '

objective. A family of work in machine learning uses ap-Eckstein et al. (2024) performed an extensive comparison
proaches like these to discover useful algorithms (Real et alof a wide variety of computational cognitive models on this
2020; Co-Reyes et al., 2021; Ellis et al., 2023; Chen et aldataset. The model that performed best in this comparison
2024). Within cognitive science, programs have previouslyvas one we refer to as “Perseverative Forgetting Q-Learning”
been proposed as the representational format for learnin@®FQ, see Appendix D and Appendix E for details). We
and storing complex sequences (Planton et al., 2021), geddapt PFQ as the human-discovered baseline model for the
metric shapes (SabiMeyer et al., 2022), concepts (Lake human bandit dataset.

et al., 2015), rules (Rule et al., 2024) and behavioral strate-

gies (Correa et al., 2024). This body of work highlights Rat Dataset (Fig. 3B; Miller et al. 2021) considers rats
that program synthesis can yield programs that show qualperforming a two-armed bandit task with binary rewards.
tative commonalities with the average human participantsRats indicated their choice on each trial by entering one
response patterns. However, to our knowledge, the currenf two available nose ports, which were equipped to de-
work is the rst to synthesize programs that maximize theliver small liquid rewards. Reward probabilities followed
predictive t of individuals' behavior. Perhaps most simi- independent bounded random walks. Rats performed daily
lar to our methodology, Li et al. (2024) and Shojaee et alsessions of approximately one hour. The dataset contains
2025 use LLMs to propose statistical models, then t thechoices from 20 rats performing 1,946 total sessions and
parameters of these models to data. 1,087,140 total trials.

Miller et al. (2021) performed an intensive human process
3. Methods of data-driven model discovery on this dataset. This process
began with a set of highly exible models and several iter-
ations of successive model reduction: identifying patterns
We consider datasets from humans and other species pérthe t parameters of a more- exible model, and propos-
forming reward-learning tasks in which the subject selectsng a less- exible model that embeds those patterns into its
repeatedly between several discrete actions and receivefructural assumptions. This resulted in a model that we
a reward whose magnitude and probability depends onlyefer to as “Reward-Seeking/Habit/Gambler-Fallacy” (RHG,

3.1. Datasets and Human-Discovered Baseline Models

3
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3.2. Problem Formulation

We focus on developing models that predict the choice
made by the subject on each trial, using information about
the previous choices made and rewards received. We for-
malize this as follows: On eadhial , the subject selects
betweenn options and receives a reward. Each subject
(indexedi) performs one or more sessiof3 éach consist-

ing of a series of trialst]. For each triak we consider

the discrete choice 2 f 1; :::; ng made by the subject and
the rewardr received, which may be binary @ f 0; 19,

rat and fruit y datasets) or graded (2 [0;100] hu-
man dataset). A sequence Bftrials constitutes aes-
sions; = f(ci;r1);:::5(cr;rr)gi. Conditional on the
choice, the delivery of rewards is stochastic according to
some experimenter-controlled distribution; in particular,
choicec's reward is governed by an independent distribution
(Bernoulli or truncated Gaussian, depending on the dataset),
with a mearp;jtc that changes over trials according to a
dataset-dependent process. For each subgset ofNg
sessions are collected; := fs;.1;:::Sin s G, With testing
conditions reset between sessiondaasetcollects this

Figure 3.lllustration of datasets Example behavioral sessions, for Np subjects:D := fdi;ds:::::d, g The values of

showing choices and rewards received, as well as reward contiq_— N dN i b d the dat ti fi
gencies, fromA the Human DataseR the Rat Datase€ the Fruit » s, andNp will vary based on the dataset in question,
Fly Dataset (bottom). as we specify below. See Figure 8 for an illustration of this.

We considemodelsin the form of functions that receive a

hoi ) ity distri-
see Appendix D and Appendix E for details). Miller et al.(% oice and rewardty; ) and produce a probability distr

) ution over the next choicg. , denoted ag .1 . Models
(Zozl)l alsg perfp(jrmed rn?delfcol':npantson betévelenfthe Fi'; pically also maintain a hiddestateh that is updated iter-
Mmodel and a wide variety ot afternative models trom eatively across a sequence of trials, and are nally parameter-
literature, and con rmed that it provides a better t to data.

' . ized by a vector which is xed over trials. If we consider
We adopt RHG as the human-discovered baseline model f%e state as an external objécthat the model updates, we
the rat dataset. '

may formalize a model as(c;;r¢; he; ) ! (Prer s hisn ).

Fruit Fly Dataset (Fig. 3C; Mohanta 2022) considers Following c_opventio_ns in the !iterature (which ofFen
fruit ies performing a two-armed bandit task with binary capture individual differences via a handful of subject-
rewards. Flies performed the task in a three-armed “Y-mazeSPECi C parameters, such as learning rate), we assume
setup in which separate odors could be delivered to each ¢f€ model's parameters may vary over subjects, but
the three arms (Rajagopalan et al., 2023). Flies indicate@'® x€d over trials and sessions. Thus, for evaluation
their choice on each trial by selecting an odor and walkingV® OPtimize the parameters per-subject and score the
to the end of the associated arm. Reward was delivered vidiode! by cross-validating across sessibnén particu-

a brief pulse of red light which activated ies' sugar-sensing &, for each subjedt, we split its sessions into even and

neurons (Haberkern et al., 2019). Reward probabilities folodd Setsd™®™ := fs;0;8;2;:::;Sim 19 and dioaq =

lowed a random block structure with randomly sampledf Si1: Si;3::7;Sim 0, respectively.

reward prObabiIities and block |engths. Each fruit Y per- For Subjecti, iterating a model with parameters ;
formed one behavioral session. The dataset contains choic@§er sessioffi(Gi o; i 0);:: 2 (Gt ; rir )g will yield the se-

from 347 ies performing 68,000 total trials. quenced (G o; i 0;hio) = (P 1 hi1); oo (Pit s hiT )G

Rajagopalan et al. (2023) and Mohanta (2022) have pefor €ach trialt the accuracy of () is measured via the
formed extensive model comparison on similar datasetdkelihood of the data under output distributioln(Gi jpit ).
and identi ed a popular model known as “Differential For- We use cross-validation to evaluate the overall accuracy of

getting Q-Learning” (DFQ; Ito & Doya 2009; see Appendix 1k the fruit y dataset, since we have only one session per
D and Appendix E for details) as performing at least assubject, we forego this additional level of variation and treat the
well as any other. We adopt DFQ as the human-discoveredataset as though it were multiple sessions from a single subject

baseline model for the fruit y dataset. with a single .
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a model as follows. We t two sets of parametersewen  Within-subject patterns of behavior in an implicitly hierar-
and ;. odd, ON di: even @aNdd;: oqq, respectively. All theeven  chical way. To the best of our knowledge, this is a novel

parameters ;. evenare evaluated on thedd dataset as: application of FunSearch, which has thus far been used as a
0 1 single-level evolutionary optimization process.
2 X .
PN ) =exp @ﬁ log L (ci jpix )A 3.4. Con guring FunSearch
s2dpdd t=0

FunSearch is initialized with a prompt that contains an ini-

tial seed program as well as documentation about the
The score °99(; oddy s computed analogously, and we problem and scoring process. We explored four different
de ne the overall subject score;( ) as the average of the initial prompts for CogFunSearch that varied the informa-
two. The dataset score over the entire datBsistcomputed  tiveness of the seed program from mere “hints” as to what
by averaging over all subject scores in the dataset. See Selse programs should do—in code and in natural language
A and B for further speci ¢ details of scoring and how the documentation—to more substantive starter code (see Ap-
datasets were divided for cross-validation. pendix F).

LowlInfocontains function and variable namesogel , x, y)
and documentation that describes tting a generic statistical
We use the above score function to evolve programs ugnodel. Structuredlincludes informative function and vari-
ing FunSearch (Romera-Paredes et al., 2024). Brie y, Funable namesagent , choice , reward ) and documentation
Search uses large-language models (LLMsYreate “muta-  describing the data and modeling framework, but no explicit
tions” of existing programs. To generate each new progransuggestions as to the model's structuséructured2mod-
0 the LLM is prompted with a pair of existing programs i s Structuredlto include hints on how to structure and
oand 1, along with information about how the programs style the program. FinallyullModelinitializes seed pro-
will be evaluated and a directive to generate an improved@ram o to the baseline program itself, permitting a “warm
program ° The new program is then scored using the prostart.” These represent different levels of information with
cess described above (Section 3.2) and is added, along witihich a researcher might approach a modeling problem in
its score, (9, to a program database. To select “parent’different settings.
programs for each LLM sample, FunSearch stochastically
samples programs from this database based on their scorgs.Resylts
We refer to the combination of FunSearch with our scoring
function and framework for evolving cognitive models as\We performed three independent runs of CogFunSearch on
“CogFunSearch” (Figure 2). each of our three datasets (Human, Rat, Fruit Fly) using

. . . each of the four seed programs described above (LowInfo,
Each CogFunSearch experiment is run with three S(a‘)":lra§tructured1, Structured2, FullModel; Sec. 3.4). We ran each

seeds, each running for seven da)_/s, generating 100'008?these until it had sampled at least 150,000 new programs.
to 1,000,000s of programs depend.mg on the dataset. Thﬁ'lis left us with a very large library of evolved programs for
produced mode_zls have up tq ten unique parameters, and "&ch dataset, each of which can in principle be considered a
bound on the hidden state size. hypothesis about the cognitive mechanisms at play in that
To validate the discovered models, we hold out an additionaflataset. Whether a program makes a good cognitive model
test set containing subjects not seen by the FunSearch piig-typically evaluated according to two criteria: how well
cess. The programs that emerge from CogFunSearch afleey match data and how complex they are. Below, we
t to data from these subjects, and again evaluated usingonsider each of these questions in turn.

an even-odd split. Unless otherwise indicated, all reported

scores are performed on these held out test subjects. Morel. Best Discovered Programs Fit Data Well

details on how data were structured can be found in A
pendix B.

3.3. Evolving Cognitive Models With FunSearch

p\Ne rst considered the best programs discovered for each
dataset and asked how well they perform at tting data. To
Our optimization thus effectively nests two levels: the outeridentify a single best program for each dataset, we selected
level CogFunSearch optimizes over Python programs (Fighe program, from among all CogFunSearch runs across
ure 2A), whereas the inner level ts program parametersall seed programs, which earned the highest score on the
over a dataset to evaluate performance (Figure 2C). Thizaining dataset. For the rat and fruit y datasets the best
result is that CogFunSearch produces model “templategerforming programs came from runs using the FullModel
that can be t on a dataset, capturing across-subject angeed program, and for the human dataset the best perform-

T . ing program came from a run using the Structured?2 seed
2gpeci cally, we use Gemini 1.5 Flash (Gemini Team, 2024). g prog 9

5
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program outperformed its baseline model when evaluated
on held-out data (Figure 4). The performance of the nal
programs was broadly similar between runs using the three
informative seed programs (Structuredl, Structured2, and
FullModel), but yielded lower-performing programs with
LowlInfo (p=0.05, 0.08, 0.05, 0.27, 0.05, 0.05, 0.65, 0.05,
and 0.13, for the nine comparisons between LowInfo and the
other seed programs for the three species; Wilcoxon rank-
sum tests across runs). Runs with different seed programs
Figure 4.Quality-of- t over the course of program evolution.  also differed in how many cycles of evolution were required
Results averaged over held-out test subjects, computed at eath identify well- t models (Fig. 4, rat dataset; Fig. 10, hu-
timepoint in evolution for the then-best program of each CogFunman and y datasets). These results demonstrate the ability
Search run. Individual runs are plotted as light lines, while darkof CogFunSearch to improve upon a human-speci ed model
lines represent the average across all runs. (FullModel), to synthesize a model that ts well given no
information about the speci ¢ problem being solved (Low-
” CaHﬁfo), as well as to make use of intermediate amounts of

rogram. The complete code for these “best programs :
prog P prog information (Structuredl and Structured?2).

be found in Appendix G.
To further test whether the best discovered programs pro-
ided a quantitatively good match to data, we compared their
to held-out data with that of recurrent neural networks.
peci cally, we train a GRU model (Cho et al., 2014) over

; . ; d; run a sweep on the number of hidden units (over
1772 (Human),0 (Rat), 1479 (Fruit Fly); all with p < I, ever .
0:002). Figure 1 shows relative improved likelihood for f1,2,4,8,16,32 64,128y), and use early-stopping to se-
@ect the best parameters. All the variants were trained with

We nd that the best discovered programs (maximizing
over runs and seed programs) substantially outperfor
the human-discovered models for each dataset (Wilcoxo
signed rank tests on score improvement by subjétt=

each held-out test subject as percentage points between t Ad . Ki & Ba 2015) with a | .
top-scoring CogFunSearch program (FS) and the specie e Adam optimizer (Kingma a, ) with a learning

speci ¢ baseline model (BL) (g L.). Across datasets, f‘i‘te ofle 4. We foun_d that the be rformance of the best
the majority of test subjects are better twith the best Cog-OIISCOVereOI programs is broadly similar to that of the best
FunSearch program than by the baseline (95.6% for Humaﬁ?NNS' suggesting that they are capturing nearly all of the
100% for Rat, and 83.8% for Fruit Fly), with average im_structure that exists in our datasets (Figure 5).

provements in normalized likelihood score®f7 0:15 A second measure of the quality of a model is its ability
(Human),0:54 0:06 (Rat),0:48 0:05 (Fruit Fly). to generate synthetic datasets which reproduce the scien-

Decomposing these results by seed program type and mdi.cally important features of the real datasets (Wilson &

tiple runs (and aggregating over subjects) to investigatgomns’ 2019; Palminteri et al., 2017). To test our best pro-

consistency, we found that CogFunSearch yielded well- tgrams, we used them to generate synthetic datasets, match-

models reliably: in 35 of our 36 runs the highest—scoringIng the Tea' datasets for numbgrof trlgls persession, nlumber
of sessions, and reward contingencies. To characterize pat-

terns present in each dataset, we applied a trial-history logis-
tic regression analysis common in behavioral neuroscience
(Lee et al., 2005; Lau & Glimcher, 2005), which quanti es
the extent to which rewards are followed (at various trial
lags) by repeated choices (“reward-seeking”) and the extent
to which choices tend to be repeated (“choice persevera-
tion”). The Rat and Fruit Fly dataset exhibit different pat-
terns of reward-seeeking and choice perseveration, and we
nd that the patterns revealed by this analysis match closely
between the synthetic and the real datasets (Fig. 6). This
indicates that our discovered programs are able to match
in detail the relationship between past choices and rewards,

Figure 5.CogFunSearch closes the gap with neural networks. gnd future choice in our datasets.

We compare the difference in normalized likelihood between the

RNN and best discovered CogFunSearch programs. Across aff nal, very practical feature is that a model should be easy

species, the RNN narrowly outperforms best CogFunSearch prdée work with in the sense of having a likelihood landscape

gram, although CogFunSearch has bridged the majority of the gaphat facilitates parameter optimization via gradient descent.

Scores can be found in Table 1.
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Figure 7.Quality-of-Fit trades off with Complexity. Two com-
plexity measures (LLM-based, Halstead Dif culty) both show a
tradeoff between program complexity and normalized likelihood
on training data. See Appendix | for example programs from along
the frontier.

Examining these complexity measures (Figure 7 for Rat
Dataset, Structured2 con guration; Figure 12,13 for all
other datasets and con gurations), we see a clear tradeoff be-
tween likelihood score and complexity, with higher scoring
programs tending to have higher complexity scores. These

Figure 6.Synthetic datasets generated by discovered programs plots also allow us to identify example programs on the

match patterns in real data. Red lines show lagged regression sef cient frontier”. earning the lowest complexity for their
model tto behavioral data. Blue lines (“Best Program”) show ts ’ 9 P y

to ten synthetic datasets each generated using the best progre“h?“hoc’d_score' Researchers interested |n'|der'1t|.fy|ng' mod-
model parameters t to the data, and task conditions matched t§!S With different tradeoffs between t and simplicity might

the real dataset. Multiple synthetic datasets are shown to illustratéh00se to examine programs at different positions along this
the variability that results from stochasticity in the model. frontier. Comparing the frontier to the baseline program
for each dataset, we see that the CogFunSearch programs
include some that are improvements both in quality-of- t
\}a_lnd in complexity (e.g. “example program 3” in Figure 7),
ing it is the target of effortful reparameterization (Wilson & and that this is true across most seed programs and datasets

Collins, 2019). We nd that our CogFunSearch programs(':Igures 12 and 13).

return stable parameter estimates when t multiple times, in-

dicating that they have favorable likelihood landscapes (Figh. Discovered programs exhibit novel
17). They also nd similar parameters across different splits ~ strategies

of the data, suggesting stable solutions given the variability

Human-designed models often lack this feature, and impro

in the data (Fig. 18). Despite not having been explicitly optimized for inter-
pretability, we nd that the best discovered CogFunSearch
4.2. Quality-of-Fit Trades Off With Complexity programs exhibit intriguing and often interpretable strate-

gies. Moreover, many of the programs involve parameters,
To evaluate the complexity of our discovered programs, weearning updates, and decision-making rules that were not
computed two distinct measures for each. The rstis one ofpresent in our baselines. Here we aim to understand what
the Halstead (1977) measures, used in software engineeringmputational motifs characterize our highest-scoring pro-
to quantify code complexity. We focus on the “dif culty” grams (see Appendix G for full programs).
measure, which relates to how dif cult the code is for a
human to read and understand, for example during codgyp Scoring Human Program A salient feature of this
review. The second is a novel measure based on promptiqgrogram was that the bulk of the code—and of the agent's
an LLM to rate the relative complexity of our programs jnternal state—was devoted to choice history rather than re-
(details in C.3). We have found this measure to align wellyard tracking. In addition to variables tracking the expected
with our subjective sense of how easy it is to understanda|yes of the four actions, the best program introduced a

these programs. We compute these measures both for thgmper of novel variables that each track different reward-
programs returned by CogFunSearch as well as our humaﬁfdependent statistics of previous choices:

discovered baseline models.
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q_values = agent_state[:4] baseline. The additional state variables implement a learning
old_choice = agent_state[4] Hes P H »

tial_since. last_swich ~ agent_statefs] rule similar to those fognd in “Q-learning” models (e.g. I_to
exploration_rate = agent_state[6] & Doya 2009), updating the value of the chosen action

cumchoice = agent_state[7:11]

towards the reward, but which also updates it towards the

value of the unchosen arm:
These variable names are largely indicative of their actual
function. (“q values” is standard terminology in reinforce- Stme—a"lvrgﬁgoi(;ﬁl i wichoice] +
ment learning models for tasks of this kind to represent (- aphaq) + reward_for_update +
the reward an agent expects to receive following an actiol, ~ 2P-P%  * gammaw: state wli-choice))
e.g. Ito & Doya 2009). Together, these variables can cap-
ture behavior motifs on different timescales, such as longgammaw and alpha _bias are constrained to be posi-
runs of the same choice, and other more complicated choicév€). This mechanism somewhat echoes the decay-toward-
patterns such as cycles or switching within vs. betweerverage motif discovered above. Other top programs im-
hands. Such patterns (several of which were also dociplemented a term tracking recent average reward, which
mented by Eckstein et al. 2024) are evidently prominent inmodulated the exploration rate, reminiscent of several exist-
four-alternative bandit datasets, and not wholly captured byng cognitive models (Aston-Jones & Cohen, 2005; Eldar
the simple stay-switch perseverative mechanisms includeét al., 2016; Palminteri et al., 2015).
in the baseline model, which were inherited from models of
two-alternative bandit tasks (Lau & Glimcher, 2005). This Top Scoring Fruit Fly Program  The best Fruit Fly pro-
previously unappreciated aspect of the task may account fagrams were also derived from FullModel. Similar compu-
the relatively weak performance of baseline models in théational motifs from the original baseline were present, but
human dataset relative to the other species. often in altered form. “Forgetting”, which decays the value

. . of the unchosen action, was modi ed to apply only when
Three independent runs with the Structured? seed proqram’positive reward prediction error was present. Differential

(highest scoring program for Human), separately discovereﬁaaming rates for rewards versus omissions were replaced
;g?;?g:j(bal:t’;s Ogrrekggzvaleggeétnggcerl]) STGOt'ft;Vh:rrg?g b¥ the differential forgetting of values. This program again
values w yed, P, tow EXnibited a mixture of exploration strategies that combined

average: :
9 biased softmax andgreedy.
# Best Human Bandit Program
d-values = (1 - exploration_rate) r Gvalues + Subjective Code Quality Broadly, we noted that param-
exploration_rate * jnp.mean(g_values)) t ft i d that . ful i

eters were often assigned names that were meaningful in

# P 2 .

q_va:ﬁjgersnl (1-bias) » g_values + bias  * jnp.mean(q_values) the context of RL (e.g]apse _rate , initial _values )

# Program 3 These names were often indicative of their role in the pro-

updated_q_values = (1 - alpha_choice) * updated_q_values + ( gram, and a sense of the program's function could be

alpha_choice * jnp.mean(q_values))

gleaned by browsing assigned parameters. Moreover, as
indicated above, many lines of code were suf ciently com-

All three of these top programs also introduced a ceiling®"€nensible that they could, with moderate effort, be mean-
on the logit-derived choice probabilities, which was not in-ngfully summarized.

cluded in the baseline model but has been used in earliq-qowever, we note clear room for impro\/ement in terms of
published models of similar tasks (Shteingart et al., 2013}eadability and complexity. While variable names tended
Suggestively, variable names from all three programs rep be informative, for all seed programs besides LowlInfo,
ferred to this parameter as a “lapse” rate, presumably rer number were vagueiés2 ), unnamedgarams[0] ), or
ecting the prompted LLM's contextual sensitivity and pre- mijsleadingly named (e.@xploration ~ _rate in the best
training on the psychology literature, where that term isHuman program snippet above actually modulated value for-
Commonly used (Green et al., 1966) In the rEinforcemengetting)_ Programs frequenﬂy attempted to index more pa-
learning literature, in contrast, that rule is usually known asrameters than were available (which does not throw an error
“ -greedy”. in compiled JAX code, but instead defaults to indexing the
nal array element), and occasionally de ned state variables
Top Scoring Rat Program The best rat program was they never used (e.g. the best Rat program de nes an 18
derived from the FullModel seed program. This was thedimensional hidden state, and proceeds to update 7 of them).
only dataset for which we found the state variables fromPrograms had occasional tautological linegefit _state
the baseline model still present in the nal program, and= agent _state ), or terms that seemed meaningful but
supports the notion that RHG (which was derived by awere in fact multiplied by a parameter that always tto a
manual data-driven approach, Miller et al. 2021) is a strongralue of zero gammagq in best Rat program). For examples

8



Discovering Symbolic Cognitive Models from Behavior

of programs that strike a different balance of interpretabilityeters or hidden states? Further LLM-based analysis (like

and performance (as in Figure 7, see Appendix I). the rst steps we take with interpretability ranking) may
help to address these questions. Also, to the extent different
6. Conclusion expressions of a model are behaviorally equivalent in some

regime, they might suggest additional experimental tests or

We introduceCogFunSearchan extension of FunSearch, measurably different neural implementations.
which enables Qata-drlven .dlscovery of cognitive models OfThis work demonstrates the potential of LLM-guided pro-
human and animal behavior. We nd that CogFunSearch . : .

. ram synthesis for discovering novel models of human and
can discover programs that outperform state-of-the-art basg.o ; " I
X A . . . . animal behavior. There are exciting opportunities to ap-
lines for predicting animal behavior, while remaining largely ! : .
. . . = .7 ply this to other, potentially more complex behaviors and
interpretable. By sampling different programs from within oanitive processes. More broadlv. these results provide a
the database generated by CogFunSearch, we can identﬁ¥g P ' Y, P

programs with different interpretability / performance trade- omising |nd|cat|qn that LLI\/!—guld-ed dlscqvgry can be a
offs. generally useful scienti ¢ tool in nding predictive models

that are interpretable as well as predictive.
Future work will aim to close the remaining quantitative gap
between the discovered programs and RNN, and to improviam
model interpretability. Hybrid neurosymbolic architectures
with evolutionary architecture search and model distillationThis work introduces an Al tool for discovering interpretable
comprise two promising approaches. While we focus on balpredictive models of human and animal cognition. Mod-
ancing quality-of- t with interpretability, future work may els that explain behavior and can offer hypotheses about
also look at trading off quality-of- t with other desirable underlying mechanisms are useful for psychologists and
model qualities, like runtime, optimizability, data ef ciency, neuroscientists, and tools for improving this practice stand
or generizability. to advance the eld considerably. Long-term, tools for build-
ing better predictive models of behavior and cognition also

An important area for future work is to improve the ef- stand to have a positive impact in the clinical psycholo
ciency of (Cog)FunSearch, which required hundreds of_ . P pact . cal psychology
setting, as they might support diagnosis or intervention.

thousands of LLM calls to identify the best programs that we
reported here. A simple idea we explored in this direction isModeling human behavior is also associated with a degree
to do a form of rejection sampling during program generaeof risk, as models that effectively describe and predict be-
tion, which focused the optimization process on promisinghavior could also be deployed to disrupt human behavior in

programs. Although this approach risks converging to locatargeted, adversarial ways. Dezfouli et al. (2020) illustrate

optima (due to a lack of exploration), our results indicate thathow predictive models of learning and decision-making can

we were still able to obtain interpretable programs that outbe used to bias decision-making, and a similar risk applies
performed the baseline with only tens of thousand sample$o our setting as well.

More sophisticated approaches can potentially improve fu
ther on this ef ciency-accuracy tradeoff. We provide more
details in Appendix C.6. It would also be worthwhile to ex-

plore the ef cacy of other LLM models, other Al discovery run. We explore a potentially more ef cient approach in

methods in the literature, as well as non-differentiable ap- : ) ; . L
proaches (Acerbi & Ma, 2017; Ma et al., 2024; Zhou et al_,ﬁgggg%éifdshowever, this remains a limitation of LLM-

2024; Misra & Kim, 2024; Ye et al., 2023; Lu et al., 2024;
Rmus et al., 2025).

pact Statement

"An additional consideration is the compute cost associated
with using LLMs. In discovering these programs, Cog-
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A. Extended Methods
A.1l. Evaluation

Our models are discovered using a bilevel optimization procedure in which programs are optiotazsisubjeatising

an LLM-powered evolutionary algorithm in the outer loop, and parameters of the model@ee subjecusing gradient
descent in the inner loop (Fig. 8). This necessitates two levels of training and validation test sets: one (for the outer loop)
that splits the data into train and test subjd2{si, andD+s;and one that splits the data of subjeatto sessionsl; o4 and

di.even Used for crossvalidation. For clarity, we refer to validation at the level of the outer loop as “evaluation” and validation
at the level of the inner loop as “scoring.”

In Sec. 3.2, we describe the procedure by which each program is scored on data from each subject using two-fold cross
validation across sessions. For each subjewst divide sessions into equal splits (even and odd sessions), t the parameters

of the model separately to each split, and evaluate the t parametgesnand - o4q ON data from the opposite split. This

gives us two scores per subject; eved ;  i:odd) @Nd i odd( ;i even) — the likelihood of data from even sessions given
parameters tto odd data, and vice versa. We average these scores together to produce a singlé 3queesubject.

These per-subject scores are then aggregated across the data in the training by computing the average across all subjects in
the datasef ).

During scoring, parameters for the program are t to the training data with gradient descent. CogFunSearch's programs
must be implemented in Jax (Bradbury et al., 2018a) so that they are differentiable. This is communicated to the LLM by
including type hints and Jax imports in CogFunSearch's speci cation. Non-jittable functions will usually throw an error and
not get added to the program database.

We use the AdaBelief optimizer with learning r&e 10 2 which is run until convergence or until 10,000 steps of gradient
descent are reached. In order to test convergence, we compare the current score atktergttorthe previously recorded

score i 100 every 100 steps. If the relative change in sqgérec k 100)= k 100] is less than a convergence threshold

10 2, we conclude that parameter tting has converged. In order to protect against local minima, this parameter tting
process is repeated from different initial parameters up to 10 times, or until 3 programs have converged to the current best.

We maintain a group of held-out subjedBses; in order to validate our discovered programs. Data from these subjects was
not seen at all during the evolution or scoring of FunSearch programs. In order to score programs on this held out data,
parameters are t to data from each subject using the cross validation procedure described above.

Figure 8.0rganizing data for train and test. The full dataseD is split intoD yain andD «st; €ach of these is further split intb and
evalsubsets (i.eD ly, andD &2, t andevalwill correspond to even and odd sessions, respectively, and then parameter tting will be
repeated and the scores averaged. In the top panel, generated programs are evaluated by rst tting paramarahthen evaluating
them onD &2, After the evolutionary process has completed, the resulting program is tesfiagsgn an analogous manner. This latter
score is what is used for our comparisons throughout the paper.
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B. Extended Dataset descriptions

Generally, we divided all of our datasets into training and test sets to validate programs, which were then further divided
into even and odd datasets to validate parameters. However, the Human, Rat, and Fruit Fly datasets differed in key structural
ways which affected the data partitioning.

Figure 9.0rganizing data for train and test. In Human and Rat datasets we use half of the subjects for training, and half for testing; for
each train subject, we use half of its sessions for parameter tting and half for evaluation. For the Fly dataset we use half the subjects for
training and half for testing, and proceed similarly as for the other datasets.

As detailed in Fig. 9, the Human dataset contained a large humber of subjects and trials, but only ve sessions per
subject. Despite the small number of sessions, we found we could t the ten parameters of CogFunSearch programs (using
cross-validation given the data splits denoted by the horizontal dashed line in Fig. 9), and programs were optimized using
scores aggregated across subject (validating on the test subjects denoted with the dotted lines). The four parameters of the
PFQ baseline were t similarly.

However, the small number of sessions meant that attempting to t the parameters of an RNN to each subject resulted in
extremely low performance. Thus, as described in the main text, we followed the approach of Eckstein et al. (2024) and t
an across-subject RNN model, joining sessions from each subject to form one long concatenated session. While parameters
are therefore not adapted per-subject for this model, the RNN can adapt in its latent space to re ect subject-speci c activity.
The data organization that we used for tting RNNs ignored the per-subject division into even/odd splits (denoted by a
dashed line in Fig. 9), and only required the train/test split indicated at the across-subject level (like the division illustrated
for Fly). While is not an apples-to-apples comparison, it does compare each model in the regime where they are best set up
to succeed.

The Rat dataset contained an intermediate number of subjects, but with far more sessions and trials per session, permitting
per-subject parameter tting for all models. An important property of the experiment design is that 20% of trials were
randomly selected to be “instructed”, meaning that the animal was instructed to make a particular choice rather than allowed
to choose freely. Failure to make the instructed choice resulted in adverse outcomes (loud noise and a timeout). This was
included to enforce exploration, and ensure that the animal is receiving informative experience to drive the learning process
that is the targetted object of study. This is similar to “teacher forcing”, which is commonly used for training sequential
models.

The y dataset contained a large number of subjects, but contained only one session per subject. This precluded any
possibility of tting parameters per-subject; rather, we followed prior work (Mohanta, 2022; Rajagopalan et al., 2023) and

t parameters of a metasubject model for CogFunSearch, DFQ baseline, and the GRU. The way we split the data is different
for this data also differed (Fig. 9): rather than having train and test subjects that were divided into sessions, we had train and
test subject populations and only the training subjects were further subdivided into even / odd splits. Model evaluation is
then performed by tting the parameters of the model to all subjects in the training set, and then reporting performance on
the held-out test subjects.

A nuance about the Human dataset is that what we refer to as “sessions”, for notational consistency , would more accurately
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be referred to as blocks, because they are experienced by the subjects consecutively. Between blocks, subjects received
summary feedback about the previous session and took a short break. The appearance of arms changed after each block and
the drifts reset. Because of the temporal proximity of sessions in this dataset, there are likely dependencies between these
sessions that we are not explicitly capturing.

C. Extended Results
C.1. Normalized likelihoods

Table 1 presents the average absolute likelihoods for the Baseline, RNN, and CogFunSearch methods, with standard errors.

| Baseline | RNN | CogFunSearch

Human | 5577 0:64 | 6204 062 | 6093 0:63
Rat 6663 053 | 6741 121 | 6722 125
Fruit Fly | 5399 0:24 | 5471 057 | 5462 0.57

Table 1.Normalized likelihood scores (as percentages) and standard error, as computed over held-out test subjects, for the evaluated
methods on each of the datasets.

The number of samples from the LLM required by CogFunSearch to produce these models was 1.2M (Human), 300K (Rat),
and 200K (Fly).

C.2. Differences across Seed Program

Here, we present extended results on the performance differences induced by the different seed programs considered
throughout training. Figure 10 shows how performance of the best discovered program changes over the rst 150,000 LLM
samples for each CogFunSearch (fruit y and human datasets, corresponding plot for the rat dataset can be found in the
main text as Figure 4). Figure 11 shows the performance of the best program discovered at the end of evolution for each
CogFunSearch run. Performance is often better than in Figures 11 and 10 as many CogFunSearch runs were allowed to
proceed for more steps of evolution.

Figure 10.Impact of seed program on quality and discoverability of models.Evaluation results of (left) y dataset and on (right)
human dataset, computed at each timepoint in evolution for the best program so far discovered for each CogFunSearch run. Individual
runs are plotted as light lines, while dark lines represent the average across all runs.
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Figure 11.Impact of seed program on nal model performance,from different seeds and independent runs, for each of the datasets.
Each dot represents the average normalized likelihood improvement (over baseline) averaged over the held-out test subjects.Each dot
represents an individual run, illustrating the variance incurred from independent runs.

C.3. Complexity Statistics

We evaluate the interpretability of the generated programs as well as the baselines, relative to their scores. To do so, we use
one of the Halstead measures (Halstead, 1977), which is a standard metric for software complexity. Figure 12 plots, for each
dataset, the generated programs from different program seeds, as well as the respective baseline.

Figure 12 Halstead Dif culty for generated programs given different seed programs.Each row represents a different dataset (Human,
Rat, Fly), each column a different seed program, and each point a different program.

We additionally explored a novel measure of complexity by prompting a large language model (LLM) to rate the relative
complexity of our programs (see Appendix C.3.1 for the prompt used). Figure 13 plots the complexity score against their
likelihood, for each of the generated programs from the best seed prompts for each dataset.

Here, to reduce LLM calls, we limit the Human programs to those with values above 56% normalized likelihood, which is
why PFQ Baseline appears to be an outlier in Fig. 13 but not in 12. Far fewer programs were generated for Fruit Fly and Rat
datasets so Itering was not required.
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