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Abstract

Scientific data modeling often requires more than predicting observations; it
must recover the probabilistic data-generating structure: how observations
are nested, how variation arises at each level, and how uncertainty propa-
gates through to predictions. We introduce AgentBayes, an agentic system
for Bayesian model discovery on real scientific datasets. AgentBayes auto-
mates the iterative Bayesian workflow through two roles: an Interactor that
explores raw data and fitted posteriors through executable analysis, and a
Modeler that converts these findings into hierarchical probabilistic programs.
Because data and posterior samples remain in an executable sandbox rather
than being serialized into LLM context, AgentBayes can critique and
revise models at dataset scales where prior agentic Bayesian systems ex-
haust the context window. Across five posteriordb benchmarks and three
scientific case studies, AgentBayes matches or improves on expert-written
Bayesian models on most datasets, scales to larger datasets than prior
agentic Bayesian systems, and outperforms symbolic regression baselines on
data with experimental hierarchy. AgentBayes also surfaces overlooked
data structure in existing benchmarks, and adapts its probabilistic programs
accordingly. Together, these results show that LLM agents can aid scientists
by performing the full Bayesian workflow, from exploratory data analysis to
open-ended posterior predictive checks, on real-world, large-scale scientific
data, broadening LLM-based scientific discovery from equation search to
full probabilistic modeling.

1 Introduction

A central challenge in scientific data modeling is recovering the full data generating process,
not just accurate predictions. Scientific measurements nest within individuals, individuals
within groups, and noise enters at every level [Gelman and Hill, 2006, Gelman et al., 2013].
Without modeling this, individual variation collapses into group effects, signal into noise,
and uncertainty fails to propagate. Hierarchical Bayesian models address this by jointly
handling measurement uncertainty, selection effects, and population structure, and have
enabled landmark results across astrophysics, planetary science, and epidemiology [Mandel
et al., 2019, Thrane and Talbot, 2019, Foreman-Mackey et al., 2014, Faria et al., 2014].
But in practice, Bayesian modeling remains an expert-driven time intensive workflow.
Scientists and statisticians explore the raw data, decide the latent experimental structure
that is important, write a probabilistic program, fit the model, inspect diagnostics and
posterior predictive simulations, and revise the model when it fails [Gelman et al., 2020].
Each pass through this loop can take days to weeks of statistician time, and the resulting
overhead is a real barrier to adoption: scientists with hierarchically structured data often
default to simpler flat models, or develop bespoke pipelines that are slow to iterate on.
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This Bayesian workflow is powerful precisely because it is iterative and grounded in domain
expertise, but those same properties make it difficult to automate.
Large language models (LLMs) are increasingly used to automate parts of scientific discovery,
from hypothesis generation and code writing to equation search and tool-using agents [Huang
et al., 2025a, Romera-Paredes et al., 2024, Huang et al., 2025b]. In data modeling, the most
developed thread is equation discovery: finding a compact symbolic expression that explains
observed data [Makke and Chawla, 2024, Shojaee et al., 2025, Xia et al., 2025]. This is
useful when the modeling target is a single predictive relationship, but Bayesian workflow
demands more: discovering probabilistic structure in the data, fitting candidate models,
checking posterior behavior, and revising the model when those checks fail. Existing LLM-
based Bayesian modeling systems automate only parts of this loop (Table 1). Some focus
on generating candidate equations; others generate probabilistic programs, but still treat
modeling as a mostly one-shot proposal-and-score problem [Domke, 2025]. Others support
model critique, but depend on inserting the full dataset or hard-coded predictive pointwise
statistics into the LLM’s context window, preventing scaling to large dataset sizes [Li et al.,
2024a]. This leaves the central challenge from the Bayesian workflow unresolved: the system
must inspect the data and fitted model, diagnose what structure the model misses, and
revise the next probabilistic program, all while being able to scale to large scientific datasets.
Our Contributions. We introduce AgentBayes, an agentic system that automates the
iterative Bayesian workflow. The central design choice is to keep raw data and fitted posteriors
accessible through programmatic interaction, with two LLM agents exchanging only compact
structured findings. An Interactor agent explores data and critiques models, while a Modeler
agent generates and fits probabilistic programs. This separation lets AgentBayes propose
and refine models at dataset scales where prior LLM-driven Bayesian methods fail, while
preserving open-ended iteration with both data and posteriors.
We evaluate AgentBayes in two ways. First, we use posteriordb, a benchmark containing
a collection of Bayesian models and datasets to compare against expert-written probabilistic
programs [Magnusson et al., 2024]. Second, we use AgentBayes to reanalyze real scientific
datasets with rich hierarchical experimental structure, including olfactory dose responses,
residential radon measurements, and animal-behavior kinematics [Si et al., 2019, Magnusson
et al., 2024]. Across these settings, AgentBayes matches or improves on expert-written
Bayesian models in most benchmarks, handles datasets beyond the scale of existing agentic
approaches for Bayesian modeling, and outperforms recent LLM-based symbolic-regression
baselines [Shojaee et al., 2025, Xia et al., 2025]. In the case studies, AgentBayes also
discovers previously overlooked patterns and uses them to propose probabilistic model
structures that better match the data.
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Figure 1: Modeling the data generating process. Left: schematic of the experimental hierarchy.
Top: group-wise posterior mean functions with 90% credible intervals and corresponding
pseudocode of the probabilistic program modeling the data (right). Bottom: fitting a model
with a single equation.

2



2 Background

AgentBayes builds on two lines of work that have addressed complementary parts of
scientific data modeling. Bayesian hierarchical modeling gives scientists a language for
representing the full data generating process of observed data: experimental structure,
uncertainty, and variation across related observations. LLM-based scientific discovery
provides tools for automating parts of modeling, including code generation, equation search,
and agentic data analysis. These capabilities have not yet been brought together into a
scalable, automated Bayesian workflow.

2.1 Bayesian inference and probabilistic programming

Probabilistic modeling treats observed outcomes as samples from a data generating process.
Given observations y and covariates X, a model specifies a likelihood p(y | θ, X) and a prior
p(θ) over unknown parameters. Bayesian inference then yields a posterior distribution,

p(θ | y, X) ∝ p(y | θ, X)p(θ),
rather than a single point estimate, capturing uncertainty about parameters, which can
then be propagated through to predictions and downstream scientific conclusions [Gelman
et al., 2013]. In this paper, a candidate model is a probabilistic program m that specifies
the likelihood, priors, latent variables, and hierarchical structure, together defining a joint
distribution from which the posterior is obtained.
Figure 1 illustrates how a probabilistic program represents a data generating process and
does more than predict y from x: group-specific coefficients, partially pooled subject effects,
and explicit observation noise jointly specify the latent quantities, hierarchical dependencies,
priors, and likelihood. A flat alternative collapses these sources of variation into a single
function of the covariates, with no pooling and no uncertainty to propagate downstream.
When the probabilistic program encodes a hierarchical structure, as in Figure 1, it allows the
sharing of information across related experimental units. Rather than fitting each subject
independently (no pooling) or treating all subjects identically (complete pooling), the model
draws lower-level parameters from shared group- or population-level distributions, enabling
partial pooling [Gelman and Hill, 2006, Gelman et al., 2013]. Sparsely observed units can
borrow statistical strength from related units while still retaining their own effects. Partial
pooling is often the key modeling affordance for scientific data, where the relevant structure
is not only the relationship between covariates and outcomes, but also how variation is
organized across groups, subjects, and measurements.
Fitting a probabilistic program requires an inference procedure. Probabilistic programming
languages provide both a compact modeling language and algorithms for drawing posterior
samples from the specified model [Carpenter et al., 2017]. In this paper, AgentBayes gener-
ates Stan programs and uses the No-U-Turn sampler (NUTS) for posterior inference [Hoffman
and Gelman, 2014, Carpenter et al., 2017, Stan Development Team, 2026]. Once fit, candi-
date models can be compared by predictive criteria such as the leave-one-out expected log
predictive density (ELPD), and inspected through posterior predictive checks [Vehtari et al.,
2017, Gelman et al., 2020]. These checks compare synthetically generated datasets from
the fitted model against the observed data, testing whether the proposed data-generating
structure captures the patterns the model is meant to explain. When they reveal a mismatch,
deciding how to revise the likelihood, hierarchy, covariates, or priors is usually part of an
iterative human modeling workflow.

2.2 LLM-based model discovery

Recent advances in machine learning incorporate LLMs into various stages of scientific
modeling and discovery, including hypothesis generation, code writing, program search,
equation discovery, and tool-using data analysis [Grayeli et al., 2024, Novikov et al., 2025,
Shojaee et al., 2025, Xia et al., 2025, Wang et al., 2024, Majumder et al., 2024, Zheng et al.,
2023, Ma et al., 2024, Huang et al., 2025a,b]. These systems show that language models can
search large spaces of scientific artifacts when paired with execution, scoring, or feedback.
For data modeling, the most relevant thread is symbolic regression: searching for a compact
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Table 1: Desired capabilities of LLM-driven data modeling agents for real scientific tasks.

Real-world
data scale

Models multi-level
experimental structure

Models
uncertainty

Empirical interaction
with data

Symbolic Regression
LLM-SR ✔ ✗ ✗ ✗
SR-Scientist ✔ ✗ ✗ ✔

Bayesian Inference
BoxLM ✗ ✔ ✔ ✗
AgentBayes ✔ ✔ ✔ ✔

equation or program that predicts observed measurements [Makke and Chawla, 2024, Shojaee
et al., 2025, Xia et al., 2025, Merler et al., 2024].
Symbolic regression (SR) is a natural fit when the target object is a predictive relationship,
such as a closed-form expression mapping covariates to outcomes. As illustrated in Figure 1,
the goal in the Bayesian setting is not only to predict y from x, but to recover a probabilistic
data-generating structure: likelihoods, latent variables, hierarchical dependencies, priors, and
uncertainty about unknown quantities. This distinction matters for scientific datasets with
repeated measurements, grouped observations, heterogeneous noise, or sparsely observed
experimental units, where the structure of variation is part of the scientific model.
Recent work uses LLMs for Bayesian modeling directly, by eliciting priors, translating natural
language descriptions into probabilistic programs, or generating candidate models [Selby
et al., 2024, Domke, 2025, Li et al., 2024a,b, Capstick et al., 2025], building on pioneering
pre-LLM efforts like the Automatic Statistician [Lloyd et al., 2014]. However, most existing
systems still treat modeling as a proposal-and-score problem: they generate candidate models,
evaluate them with fixed [Li et al., 2024a] or limited critique [Li et al., 2024b], and select
among the candidates.
This capability gap is summarized in Table 1. LLM-driven SR methods can target large
scale real-world data and can produce useful predictive equations, but they do not model
uncertainty or multi-level experimental structure. Existing LLM-based Bayesian systems
target probabilistic models, but do not yet combine scalable interaction with raw data,
posterior samples, and diagnostics to enable model refinement. AgentBayes is designed to
target all of these essential capabilities.

Open-ended plotting and analysis
 of data and models

Critique model

Build or revise model

Interactor
Skill-guided exploration & critique Findings & Guidance:

{Data insights, 
Model successes 

and failures}

Load data

Iterate

Modeler
Generate and fit candidate models

Generate K models

Fit each model

Python REPL

Models, posteriors, scores, diagnostics

Bayesian workflow

model 1 model K...

Exploratory data analysis

Load skill set

Figure 2: AgentBayes architecture. The Interactor agent (left) operates a multimodal
Python sandbox prepopulated with raw data and, in critique mode, fitted posteriors; it emits
a lightweight report to the Modeler agent (right) which synthesizes K modeling directions,
generates Stan programs in parallel, and fits each candidate. ELPD and convergence
diagnostics return to the Interactor for the next iteration.
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3 AgentBayes

Real-world Bayesian modeling is rarely a one-shot fit. A scientist explores the data, fits
a model, critiques it via posterior predictive checks, and revises the model when failures
reveal missing or inappropriate model features [Blei, 2014, Gabry et al., 2019, Vehtari et al.,
2017, Gelman et al., 2020]. AgentBayes automates this loop with two interacting agents,
shown in Figure 2. The Interactor is responsible for exploratory data analysis and empirical
critique: it queries raw data and fitted posteriors, produces plots and analyses, identifies
patterns the current models capture or miss, and records reusable analyses and findings.
The Modeler is responsible for structural revision: it converts the Interactor’s findings into
candidate probabilistic programs, fits those programs, and returns posterior samples, scores,
and diagnostics for the next critique round. Only compact reports pass between the agents
in natural language; raw data and posterior objects stay in the sandbox, accessed through
executable queries rather than serialized into LLM context.
Interactor agent. The Interactor performs the empirical critique steps of the Bayesian
workflow. It runs in a multi-turn, multimodal, persistent Python REPL (read-eval-print-loop)
sandbox, so it can query raw data and fitted posteriors through interactive code execution.
When the Interactor is loaded with the Explore skill, the sandbox is prepopulated with the
dataset, so the Interactor can identify structure that candidate models should explain, such
as grouping variables, trends, and heterogeneity across experimental conditions. When the
Interactor is loaded with the Critique skill, the sandbox also contains the fitted candidate
models, posterior samples, scores, and diagnostics from the previous iterations, allowing it
to compare model predictions against the data and diagnose model failures. Plotted figures
are rendered to the LLM the next turn, enabling visual posterior predictive checks and
data-model comparisons. The Interactor can also save useful analysis and plotting functions
into a shared analytical library L that is made available to later iterations. After completing
a multiturn interrogation of the data or models, the Interactor emits a compact structured
report containing findings, modeling recommendations, and per-candidate assessments; this
report is the only conversational artifact passed to the Modeler.
Modeler agent. The Modeler converts the Interactor’s empirical findings into candidate
probabilistic programs. At each iteration, it reads the latest Interactor report together
with the history of previous candidates and fits, then synthesizes K structurally diverse
modeling directions, varying components like the likelihood family, hierarchy, covariates, or
parametrization. Separate LLM calls generate Stan programs from these directions [Carpenter
et al., 2017]; compilation or runtime failures are routed to a dedicated repair step with
Stan-specific guidance. Surviving candidates are fit in parallel with Markov Chain Monte
Carlo (MCMC) using the No-U-Turn Sampler [Hoffman and Gelman, 2014]. For each
candidate, the system records posterior samples, leave-one-out expected log predictive
density (ELPD-LOO) [Vehtari et al., 2017], convergence diagnostics (R̂, effective sample
size), HMC-specific pathology indicators (divergent transitions), and an audit tier indicating
whether the fit converged and produced finite ELPD estimates. All candidates, including
failed or nonconverged fits, are returned to the Interactor in the next critique session, since
failures can reveal systematic misunderstandings about the data or model structure.
Cost. Because the Interactor queries data programmatically inside its sandbox and surfaces
what it learns as structured, tagged findings, the per-turn payload passed to the Modeler is
bounded by the report’s content, not by |D|. A run on N=12,573 observations (Radon’s size)
can emit the same per-turn payload as one on N=12. This removes the dataset-serialization
barrier of prior agentic Bayesian work [Li et al., 2024a], which inserts the full dataset and
per-observation posterior predictive means and variances into every agent prompt, overflowing
the context window as dataset sizes grow.

4 Experiments

We evaluate AgentBayes using three comparison paradigms and one ablation study:
• In § 4.1, we evaluate on posteriordb [Magnusson et al., 2024], a benchmark pairing

real datasets with expert-written Bayesian models, and compare against both the expert
references and BoxLM [Li et al., 2024a]. We show that AgentBayes can recover

5



Algorithm 1 AgentBayes outer loop.
Input: dataset D; iterations N ; candidates per iteration K; library L; skill set S = {sexplore, scritique}.
Output: selected program m⋆ and its fitted posterior.
1: r0 ← Interactor(D,L; sexplore)
2: for t = 1, . . . , N do
3: {m1, . . . , mK} ←Modeler(rt−1, history) ▷ plan, generate, compile-fix
4: {(fitk, ℓk)} ← Fit({mk}) ▷ NUTS, ELPD, Diagnostics
5: rt ← Interactor(D, {mk, fitk, ℓk},L; scritique)
6: end for
7: return m⋆ ← arg maxk ℓk over surviving candidates.

competitive probabilistic programs on standard Bayesian benchmarks and scale beyond
prior LLM-based Bayesian modeling systems.

• In § 4.2, we evaluate on real scientific datasets with nested experimental structure and
compare against LLM-driven symbolic regression systems. We show that explicitly
modeling likelihoods, hierarchy, and uncertainty yields gains that a single predictive
equation cannot capture.

• In § 4.3, we present case studies that trace these gains to concrete discoveries. We show
that AgentBayes can identify hidden structure in real datasets and use it to improve
the probabilistic model. Additionally, in § 4.4, we show that removing interaction with
data by ablating the Interactor results in a loss of these discoveries.

4.1 Comparisons to Expert Bayesian Models

Design. We evaluate AgentBayes on five datasets from posteriordb [Magnusson et al.,
2024], a benchmark pairing real-world datasets with expert-written Stan programs [Carpenter
et al., 2017]: Eight Schools, average SAT test score improvements after an intervention,
Dugongs: the ages and lengths of dugongs, Surgical: pediatric cardiac surgery mortality
rates in twelve hospitals, Peregrine: the counts of peregrine breeding pairs in eastern
France from 1964 to 2003, and Radon: a large dataset measuring house-level radon and
county-level uranium concentrations in US counties. We compare AgentBayes against
the posteriordb expert reference and a reimplementation of BoxLM [Li et al., 2024a]. We
report ELPD [Vehtari et al., 2017], the standard predictive criterion for Bayesian models,
which scores held-out log-likelihood and is well-defined for all three methods.
Observations. AgentBayes is competitive with expert-written Bayesian programs on
standard posteriordb benchmarks, matching or improving the expert reference on four of
five datasets (Table 2). It is also able to scale to the full Radon dataset, where BoxLM’s
critic overflows the context window by serializing the pointwise posterior feedback into the
prompt(§ ??). The Radon result, a 730 point ELPD improvement over the expert, is driven
by structural data features AgentBayes discovers through interactive data exploration; we
show in §4.3 that removing the Interactor misses these features and degrades performance.

Table 2: ELPD comparison (higher is better) with expert-derived models on posteriordb
benchmark datasets. Bold indicates the best value per row, underlined indicates the value
outperformed the expert. AgentBayes beats the expert reference on the majority of datasets.

Dataset Expert BoxLM AgentBayes (ours)
Eight Schools −30.70 −30.89 −30.51
Dugongs 22.52 23.42 24.90
Surgical −40.29 −38.97 −38.49
Peregrine −142.19 −152.59 −148.23
Radon (all, N = 12,573) −17,020.07 — † −16,285.98

†BoxLM cannot scale to a dataset of this size; see §??.
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4.2 Comparisons with Symbolic Regression

Motivation. §4.1 shows that AgentBayes matches or exceeds expert Bayesian models
on standard Bayesian benchmarks. We now ask whether AgentBayes’s representational
machinery (e.g. partial pooling, explicit noise models, and hierarchical priors) yields concrete
gains on scientific datasets with complex structure. LLM-driven symbolic regression is the
closest automated model-discovery baseline, targeting a closed-form predictor f(x) rather
than probabilistic data generating process. This comparison tests whether the broader
probabilistic modeling target yields gains beyond equation discovery.
Design. We compare AgentBayes against two state of the art LLM-driven symbolic
regression methods, LLM-SR [Shojaee et al., 2025] and SR-Scientist [Xia et al., 2025], on three
scientific datasets with complex experimental structure: Radon(see 4.1), Odorant (activity
of Drosophila larval olfactory neurons across odorants and concentrations [Si et al., 2019]),
and Wingbeat (per-wingbeat wingstroke-angle kinematics of flying flies; an unpublished
dataset using the experimental technique of Melis et al. [2024]). We report training-set
NMSE and R2 as the common-denominator metric: ELPD-LOO is already out-of-sample
via PSIS and needs no held-out split, while SR baselines produce point estimates for which
ELPD is undefined. For AgentBayes, we compute R2 of the posterior predictive mean.
BoxLM cannot be evaluated because its critic payload exceeds the context window on all
three datasets and cannot be compared (§3, ??).

Table 3: Performance of AgentBayes vs state of the art LLM-driven symbolic regression
methods on three scientific datasets.

Odorant Wingbeat Radon

NMSE ↓ R2 ↑ NMSE ↓ R2 ↑ NMSE ↓ R2 ↑
Symbolic Regression

LLM-SR 0.760 0.240 0.242 0.758 0.832 0.168
SR-Scientist 0.820 0.180 0.305 0.695 0.841 0.159

Bayesian Inference
BoxLM — — — — — —
Agent Bayes (ours) 0.257 0.743 0.048 0.952 0.672 0.328

Observations. AgentBayes outperforms both symbolic regression approaches on all three
datasets (Table 3). The common feature is that each experiment has structure: counties in
Radon, receptor–odorant pairs in Odorant, and wingbeats nested within trials, flies, and
genotypes in Wingbeat (Figure ??). On data with non-trivial generative structure, like many
scientific experiments, recovering the data generating process (likelihood, hierarchy, and
noise) yields measurable gains a flat functional form cannot match (analogous to the example
in Fig. 1). Our case studies in 4.3 provide further analysis of AgentBayes’s modeling
choices, including how uncovering previously hidden structure, can lead to improved models.

4.3 Case Studies

4.3.1 Radon - Identifying and accommodating data sentinels

Motivation. A common challenge when modeling real-world data is the existence of unknown
values encoded via sentinels, placeholder codes that look like ordinary measurements but
are not. A system that treats every input at face value will silently fold those artifacts into
its modeling. Finding. In the Radon benchmark from posteriordb [Magnusson et al.,
2024, Gelman and Hill, 2006], the floor_measure variable corresponds to which household
floor radon was detected on, with values typically between 0 (basement) and 3 (third
floor); however, about 2% of the dataset has floor_measure values at 9. AgentBayes,
through interactive data exploration, flagged 9 as "a special code-like level (9), indicating
it may be categorical with nonstandard coding rather than a continuous measurement."
Integrating this observation into the modeling process, AgentBayes encoded floors as
per-level indicators with independent coefficients. Significance. The posteriordb expert
model treats floor_measure as continuous and uses it as a numeric slope, forcing the model
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to absorb a 9× artifactual contribution from these sentinel rows, biasing the basement-vs-first-
floor effect estimate toward zero and penalizing its ELPD score. AgentBayes’s empirical-first
approach catches a class of data-quality issue that no amount of careful prior specification can
fix downstream, illustrating that interactive data inspection can protect scientific modeling
pipelines from preprocessing artifacts.
4.3.2 Radon - Identifying unexpected variations

Motivation. Thorough data exploration can surface violations of implicit assumptions
about the data structure. When a covariate is believed to be constant within a grouping
but isn’t, a single-slope model will silently average over a real signal and an artifact, biasing
the inferred effect. Finding. In the Radon benchmark, county-level uranium concentration
should, by geology, be constant within each county. The expert model treats it as a row-level
covariate with a single slope. AgentBayes, during data exploratory plotting, found a
discrepancy: many counties have within-county uranium variation (Figure ??). Agent-
Bayes’s explorer empirically decomposed uranium concentration via a Mundlak [Mundlak,
1978] between/within split and observed that 73 of 386 county groups exhibit within-group
uranium variation that should not exist geologically. The two components had opposite signs
(between = +0.2, within = −0.2): the between-county slope captures the real geological
relationship, while the spurious within-county variation predicts radon in the opposite di-
rection, a fingerprint of measurement artifact rather than signal. The expert’s single-slope
estimator implicitly averages these two components, dragging the inferred uranium effect
toward zero. The Modeler implemented the decomposition directly: routing the within-group
nuisance variance into a named parameter rather than the residual, so the between-county
coefficient cleanly recovers the geological signal. Significance. Post hoc, we traced this to a
preprocessing collision in posteriordb: county indices were built from name strings rather
than unique FIPS codes, collapsing cross-state homonyms (e.g., multiple Franklin Counties)
and affecting 28.2% of observations. Crucially, the agent’s fix does not depend on identifying
this cause; the Interactor observed only the symptom, and the Modeler’s decomposition
neutralizes the artifact whether the within-group variation is geologically real or introduced
upstream. This demonstrates that empirical critique can produce a robust fix, one that
handles a class of failure modes without requiring the agent to diagnose the upstream cause.

8 7 6 5 4

0

2

4

6

8

Saturator
Or45b × methyl phenyl sulfide

8 7 6 5 4

Responder
Or33b_47a × 3-octanol

8 7 6 5 4

Non-responder
Or45b × pentyl acetate

raw obs
observed (mean)
AgentBayes 90% CI
AgentBayes
LLM-SR
SR-Scientist

log10(concentration) [M]

Re
sp

on
se

Figure 3: Odorant × Receptor examples, spanning non-responders to saturators.
4.3.3 Odorant - Hierarchical Bayesian characterization of dose-response

Motivation. Scientific datasets often contain heterogeneous response types within a single
experiment, and modeling them well typically requires bespoke multi-stage pipelines that
handle each subpopulation differently. Si et al. [2019] provide a representative example:
characterizing neural responses of Drosophila larval olfactory receptor neurons to a panel of
odorants, where receptor × odorant pairs span saturating responders, partial responders,
and non-responders. Si et al. [2019] handle this heterogeneity through a sequence of expert-
curated fitting tiers, a workflow that takes substantial researcher time and embeds many
staged decisions. Finding. We tasked AgentBayes with modeling a representative subset
of this dataset. The model it produced selects the Hill function as the response-shape
primitive, an appropriate model for receptor-ligand saturation and the same one used by [Si
et al., 2019]. AgentBayes proposed a single joint generative model: a hurdle component
modeling whether a receptor-odorant pair responds at a given concentration, paired with a
hierarchical Hill function modeling response shape conditional on activation, with crossed
receptor, odorant, and pair random effects. Where the original pipeline handles weakly-
responding pairs through bespoke expert classification, filtering, and fitting, AgentBayes
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uses hierarchical priors and partial pooling: pairs with weak data automatically borrow
strength from pairs with stronger data, without requiring upfront classification of response
type. AgentBayes’s formulation accommodates saturating, partial, and weak responders
within one model, producing posterior predictive distributions across response types (Figure
3). The full agentic modeling loop completes in just hours compared to the typically
substantial time investment of expert researchers. Significance. This case study illustrates
AgentBayes’s capacity to autonomously arrive at the modeling primitives that domain
experts converge on and encode them in a unified Bayesian generative framework, replacing
a staged, hand-tuned pipeline with a single hierarchical model that handles heterogeneity
through partial pooling rather than upfront classification. By lowering the time cost of
model construction to hours of agent time, AgentBayes can support scientists in exploring
and comparing candidate models where established practice has relied on a single, staged
pipeline.

4.4 Ablation Studies

To observe the direct influence of iterative code-based interaction with data and posteriors,
we ablate AgentBayes’s Interactor on three datasets: Radon, Odorant, and Wingbeat.
All prompt information now flows directly to the Modeler. We find that ablating the
Interactor agent reduces performance across the board (Table 4). Interestingly, in the Radon
ablation, the method discovers neither of the features found in Sec. 4.3.1 or Sec. 4.3.2: 1)
the data sentinel code (and in fact, erroneously assigns 1 as the basement code) nor 2) the
within-county uranium variation.

Table 4: Interactivity improves AgentBayes performance (ELPD).

Dataset with Interactor Agent without Interactor Agent ∆ELPD relative
Radon -16,285.98 −16,571.64 +285.66 1.7%
Odorant -1,779.26 −1,951.96 +172.70 8.8%
Wingbeat -17,773.12 −19,015.41 +1,242.29 6.5%

To observe the contribution of the iterative process, we find that across the datasets, the
highest performing model was found on average, at 90.5% through the iteration budget and
71.1% of datasets had the highest performing model generated on the final iteration.

5 Conclusion

AgentBayes is built upon the premise that automating scientific modeling means recovering
the full data generating process, not compressing it into a single predictive function. The
Interactor–Modeler split makes this tractable at scale: data and posterior samples stay in an
executable sandbox, only structured findings flow between agents, and the workflow extends
to datasets that overflow prior agentic Bayesian systems. AgentBayes fits into scientific
practice as a collaborator that works alongside scientists to develop and compare candidate
analyses. It cuts hierarchical Bayesian analysis from weeks to hours, surfaces structural
anomalies in the data, and independently arrives at modeling primitives that domain experts
converge on only after extensive bespoke analysis. Scientists can then explore a far broader
space of candidate models than they could construct by hand, directing their expertise
toward interpretation and continued improvement of models proposed by AgentBayes. In
doing so, AgentBayes broadens the reach of LLM-driven scientific discovery from equation
search to the full Bayesian workflow on real-world scientific data at scale.

Limitations and Societal Impacts AgentBayes targets the explicit-likelihood, MCMC-
based subset of Bayesian modeling; intractable likelihoods, large discrete latent spaces, and
very high-dimensional structured outputs fall outside its scope. AgentBayes inherits the
biases of its underlying LLM, which may shape which models it proposes and which findings
it surfaces; its outputs therefore serve as candidate models for scientist review.
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