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Abstract

Designing maximally informative experiments re-
mains a central challenge in genomics. In regula-
tory genomics, massively parallel reporter assays
(MPRAs) enable large-scale functional measure-
ments but require carefully constructed sequence
libraries to be maximally informative. We in-
troduce an agent-based framework for MPRA li-
brary design in which a large language model
autonomously constructs and improves MPRA
libraries designed with the goal of training pre-
dictive models of regulatory activity. Candidate
libraries are evaluated using a high-fidelity sur-
rogate of MPRA measurements, enabling rapid
closed-loop optimization under realistic experi-
mental constraints in a simulated wet-lab/dry-lab
loop. Across independent runs, agent-designed li-
braries outperform a set of human-designed strate-
gies and yield consistent improvements in predic-
tive performance. In addition, the agent recovers
interpretable design principles. These results sug-
gest that AI agents can contribute meaningfully
to experimental design in regulatory genomics
and provide a reusable in silico benchmark for
evaluating AI co-scientist workflows.

1. Introduction
A central question for AI in biology is whether agents can
assume part of the supervisory role that human researchers
play in experimental science. As AI scientists take on in-
creasingly integrated roles in the scientific workflow (Lu
et al., 2026; Musslick et al., 2024), we need methods to
evaluate not just their abilities as analysts, but as experimen-
talists.

Massively parallel reporter assays (MPRAs) offer an opti-
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mal and well-defined setting for this evaluation. MPRAs
have enabled large-scale functional measurement of hun-
dreds of thousands of regulatory sequences, and while they
were historically primarily used to test specific hypothe-
ses (Kircher et al., 2019; Tewhey et al., 2016), they are
increasingly also used to generate training data for predic-
tive sequence-to-activity models (Gosai et al., 2024; Siraj
et al., 2026; De Winter et al., 2025). As the field aims to pre-
dict regulatory activity in harder-to-assay conditions such
as primary cell types where experimental budget is limited,
library composition becomes a consequential modeling de-
cision. This is exactly the kind of experimental judgment
we should be testing in AI scientists.

We therefore ask whether a large language model (LLM)
agent can drive large-scale experimental design in a sim-
ulated wet-lab/dry-lab loop (Figure 1). We introduce an
agent-based framework for experimental design in which an
LLM iteratively constructs and improves MPRA libraries
designed with the goal of training predictive models of reg-
ulatory activity. Candidate libraries are evaluated using a
high-fidelity surrogate model of wet-lab measurement that
provides sequence-level activity labels for training of pre-
dictive models. The agent updates its strategy using only
the resulting performance metrics, while operating in an
open-ended computational environment with access to the
internet and the ability to search for and download resources
at will.

This work makes three primary contributions. First, we out-
line large-scale experimental design as an emerging capac-
ity for frontier LLM agents. Second, we formulate MPRA
library construction as an agentic experimental design prob-
lem, where the objective is to generate training data for
generalizable sequence-to-activity models. We introduce
MPRAgent, a reproducible in silico sandbox that preserves
the iterative structure of wet-lab design, allowing many can-
didate libraries to be evaluated rapidly. Third, we show that
language-model agents can exceed strong expert-designed
baselines and recover interpretable design principles for reg-
ulatory genomics. Together, these results support a role for
AI agents as contributors to experimental design, not only
as tools for downstream computational analysis.
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Agentic supervision of iterative assay design in high-throughput regulatory genomics

Figure 1. At each round, an LLM agent proposes a library of 50,000 DNA sequences, which are labeled by a high-fidelity surrogate model
(simulated wet lab), used to train a fresh sequence-to-activity model, and evaluated against held-out test sets. The agent receives the
returned performance metrics and proposes the next library.

2. Related Work
Recent agentic research systems have mostly been demon-
strated in computational settings, where hypotheses can be
tested by running code and evaluated with immediate quan-
titative feedback. Frameworks such as autoresearch (Karpa-
thy, Andrej), AutoRA (Musslick et al., 2024), and The AI
Scientist (Lu et al., 2026) automate parts of the research
loop—including experiment selection, code execution, and
iterative refinement—but their primary domain remains
computational research questions. Rather than optimizing
a fixed training script or proposing purely computational
follow-up experiments, we task an agent to design an MPRA
sequence library whose value is measured by the informa-
tiveness of the resulting assay data for downstream predic-
tive model evaluation as a proxy for wet-lab validation. To
our knowledge, this represents a substantial departure from
the previous paradigm of agents performing parameter opti-
mization to one where agents are responsible for optimizing
experimental design.

Prior closed-loop biological design approaches have typ-
ically relied on Bayesian optimization (Belanger et al.,
2019), active learning (Yang et al., 2025), or directed evo-
lution (Sellés Vidal et al., 2023) rather than open-ended
language model agents to generate candidates for itera-
tive experimentation. These methods are usually framed
around optimizing individual sequences or variants for a
target property, with the next round strongly conditioned on

prior results—limiting the diversity of designs the loop can
explore. Active learning has also been applied to improve
experimental outcomes in MPRA assays for specific regula-
tory elements (Friedman et al., 2025; Yin et al., 2025). Most
closely related to our work, BioDiscoveryAgent (Roohani
et al., 2024) uses an LLM agent in a closed loop to select
genes for perturbation experiments.

To our knowledge, this is the first application of LLM agents
to large-scale biological assay design. Where prior closed-
loop approaches select candidates from a fixed and enumer-
able set, our agent must compose an entire experimental
library of 50,000 sequences per round from a combinatori-
ally vast space of 4200 possible sequences, a qualitatively
different regime. This reframes the problem from local can-
didate optimization to experimental design over a large and
open-ended search space.

Finally, our work builds on the substantial literature on
MPRA library construction and model-guided regulatory
sequence design. MPRA has been used for high-throughput
dissection of regulatory grammar, including saturation muta-
genesis of promoters and enhancers and functional testing of
disease- and GWAS-associated noncoding variants (Kircher
et al., 2019; Hua, 2023). Library construction across these
efforts is human-designed, broadly sampling from regu-
latory element databases, sequence perturbations, or ran-
domly drawn sequences. Resources such as MPRAbase
and MPRAVarDB (Zhao et al., 2023; Jin et al., 2024) illus-
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trate how broadly these design patterns are now used across
cell types and applications. More recently, MPRA-trained
neural models have been used prospectively to engineer syn-
thetic cis-regulatory elements; in particular, Malinois (Gosai
et al., 2024) was introduced as a sequence-to-activity model
trained on MPRA data and used to design cell-type-specific
CREs, and has since been widely adopted as an oracle model
and benchmark for predicting CRE behavior, including in
the commercial sector (Butts et al., 2025; DaSilva et al.,
2026; Han et al., 2025; Nazaretyan et al., 2025; Reddy et al.,
2024; Origin Bio, 2026; Exonic, 2026). We build on this
model-guided design paradigm by using Malinois as the
surrogate model inside an iterative agentic loop, optimizing
the composition of the library itself rather than the activity
of individual sequences.

3. Methods
3.1. Task

We evaluate whether an LLM agent can iteratively design
MPRA libraries that improve downstream predictive mod-
els of regulatory activity. At each round t, the agent writes
a program that produces a library Lt of 50,000 DNA se-
quences (200 bp, alphabet {A, C, G, T}). The purpose of
the library is to generate maximally informative data for
training predictive sequence-to-activity models across any
arbitrary cell type.

To enable rapid iteration over library designs, we simulate
the MPRA measurement step with Malinois, a convolutional
neural network-based predictor of episomal MPRA activ-
ity. Malinois was trained on 776,474 reporter sequences
measured in K562, HepG2, and SK-N-SH, and achieves
Pearson r = 0.88 against empirical measurements on held-
out chromosomes. Malinois has been widely adopted as an
in silico surrogate for MPRA activity, both for variant effect
prediction and as a fitness function for generative regulatory
sequence design. Given a 200 bp sequence, Malinois returns
predicted regulatory activity for each cell type; these predic-
tions serve as labels for each proposed library. The agent
therefore faces the same design problem as in a physical
MPRA (which sequences to include in order to train the
most informative downstream model) but the measurement
step runs in silico.

Each submitted library is labeled using Malinois and then
used to train a fresh sequence-to-activity model. All models
share a fixed architecture and hyperparameters (identical to
Malinois), are initialized from random weights, and trained
exclusively on the 50,000 library sequences and their oracle-
predicted activity labels.

For a library Lt, let fLt denote the model trained on that
library and its assigned labels. Let xtest denote the held-out
evaluation sequences and yctest the corresponding empirical

MPRA measurements for cell type c. Performance is defined
as:

score(Lt) =
1

3

∑
c

r
(
fLt

(xtest), y
c
test

)
, (1)

the Pearson correlation r between the trained model’s pre-
dictions fLt(xtest) and the held-out labels yctest, averaged
over the three cell types.

This task is sequential: after each round, the agent observes
the evaluation results and proposes the next library. The
labeling, training, and evaluation pipeline is sealed and
contained in a prepare.py file; the agent is instructed to
treat prepare.py as a wet-lab collaborator. It is able to
submit proposed libraries and receive the evaluation metrics
for models trained on those libraries, but cannot inspect any
component of the process.

The agent receives a natural-language task specification via
instructions.md describing the task at hand and the
rules of interaction. The specification frames K562, HepG2,
and SK-N-SH as measurement constraints rather than the
ultimate biological target: before each experiment, the agent
must justify why its proposed library should remain informa-
tive for models evaluated in unmeasured regulatory contexts.
Importantly, the agent is instructed not only to propose new
libraries for training, but to develop and iterate upon a the-
ory for what makes a training library informative for this
task.

3.2. Agent

We deploy Claude Opus 4.7 (Anthropic), accessed via the
Vertex AI API, in a sandboxed Linux environment hosted
on an NVIDIA DGX Spark, with shell access, Python, in-
ternet access, and a writable filesystem. We structure the
run as an autonomous experimental loop with persistent
state. Each run lasts 30 rounds. Before each round, the
agent rereads its prior results and written notes, states the
hypothesis motivating the next library, searches for relevant
external evidence, and writes a planning entry. It then imple-
ments the next library selection strategy in code, submits the
resulting libraries for evaluation via prepare.py, records
the returned metrics, and updates its interpretation before
proceeding to the next round.

The agent maintains two forms of memory. First, an append-
only lab notebook records hypotheses, plans, results, and
theory updates before and after each experiment. Second,
a skills/ directory stores editable notes on reusable
datasets, procedures, code patterns, and empirical obser-
vations. Together with the generated code, submitted se-
quences, and returned metrics, these files provide an au-
ditable record of the agent’s experimental trajectory.

Isolation of the evaluation pipeline is enforced through
filesystem constraints: prepare.py and all pipeline de-
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pendencies, including the Malinois model weights and eval-
uation set sequences, reside outside the agent’s writable
working directory and are not readable by the agent pro-
cess. The agent can submit a library file and receive back
aggregate metrics, but cannot inspect any component of
the labeling, training, or evaluation pipeline. The agent is
additionally instructed to treat prepare.py as a wet-lab
collaborator—a black-box process that accepts sequence li-
braries and returns performance scores—and to not attempt
to reverse-engineer or replicate it.

We evaluate two information conditions using independent
30-round runs. In the blind condition, the agent receives
only instructions.md and the black-box submission
interface prepare.py. In the informed condition, the
agent additionally receives strategies.md, which con-
tains a set of human-designed libraries, together with their
evaluation results. We describe these expert-designed base-
lines below.

3.3. Human-designed baselines

We compare the agent against 14 human-designed library
strategies produced by a domain expert in regulatory ge-
nomics. These strategies were evaluated with the same
labeling, training, and evaluation pipeline. Each strategy
defines a sampling procedure rather than a fixed library.
For each strategy, we generated five independent 50,000-
sequence libraries using different random seeds, so that
replicates differed only in the specific sequences sampled
under the same design rule. The 14 strategies are drawn
from four sequence source families, each selected to cover
a different aspect of human regulatory biology, and vary in
how sequences are sampled within and across sources.

DHS index. The first source is the DNase I Hypersensitive
Sites (DHS) index, a genome-wide catalog of approximately
3.6 million sites where chromatin is physically accessible
to regulatory proteins, mapped across 733 human biosam-
ples (Meuleman et al., 2020). Accessible chromatin is a
strong marker of active or poised regulatory function: most
enhancers, promoters, and insulator elements reside in DHS
regions. Meuleman et al. applied non-negative matrix fac-
torization (NMF) to the accessibility profiles of these sites
across biosamples, identifying 16 components (“topics”)
that capture distinct tissue-level regulatory programs—for
example, one topic groups elements accessible primarily
in immune cells, another in hepatocytes. The DHS pool
is heavily imbalanced: a few ubiquitous topics (e.g., con-
stitutively accessible promoter-proximal elements) contain
the majority of sites, while topics capturing tissue-restricted
regulatory programs are much smaller. To ensure that rare
regulatory programs are represented in the library, we test
three sampling schemes: topic-weighted sampling, where
elements are drawn with probability proportional to their

NMF topic loadings, upweighting underrepresented topics;
topic-stratified sampling, where sequences are assigned to
their maximum topic and an equal number of sequences
is drawn from each of the 16 topics (nk = n/16 for each
topic k), forcing uniform representation regardless of topic
size; and uniform random sampling, where every element is
equally likely.

Sei sequence classes. The second source is Sei, a deep
learning model that assigns functional annotations to ge-
nomic positions based on chromatin and transcription fac-
tor binding profiles (Chen et al., 2022). Sei classifies
the genome into regulatory sequence classes spanning en-
hancers, promoters, CTCF (an insulator protein) binding
sites, polycomb-repressed regions, transcribed regions, and
other functional categories, covering approximately 3 mil-
lion genomic regions. Where DHS captures accessibility—
whether a region is physically open—Sei captures function:
what kind of regulatory role a region plays. As with DHS
topics, the class distribution is highly imbalanced; a few
common classes (e.g., heterochromatin, quiescent regions)
contain far more sequence than rare functional classes (e.g.,
strong tissue-specific enhancers). We test two sampling
schemes: class-proportional, where regions are drawn with
probability proportional to their class frequency, and class-
balanced, where an equal number of sequences is drawn
from each of the 40 classes (nj = n/40 for each class j).

Synthetic random DNA. The third source is fully syn-
thetic sequence. Each of the 50,000 sequences is generated
by drawing each of its 200 nucleotide positions indepen-
dently from a uniform distribution over {A, C, G, T}. These
sequences help establish how much a model can learn from
pure sequence diversity alone.

Published MPRA sequences. The fourth source is the
Malinois training set itself. Sequences are sampled uni-
formly at random from the training set. We test two label
conditions: one where sampled sequences are relabeled by
the Malinois oracle, and one where they retain their original
empirical MPRA measurements. This pair isolates the effect
of label noise at fixed sequence composition.

The 14 strategies consist of single-source libraries under
each sampling scheme and mixtures combining two or three
sources at fixed ratios. Strategies vary both in source com-
position and in within-source sampling—for example, a
DHS+Sei mixture can pair topic-weighted DHS with class-
proportional Sei, or topic-stratified DHS with class-balanced
Sei. Full definitions are given in Table 1.

3.4. Evaluation

Because our goal is to design libraries that train broadly
useful regulatory models, evaluation is not restricted to a
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Figure 2. Library composition strongly determines downstream model quality. (Left) eval 01 Pearson r for all 14 human-designed
strategies at 50,000 sequences (5 seeds each), spanning a range of ∆ = 0.121. (Right) Performance across all 14 anonymized evaluation
sets (mean of 5 seeds), showing that strategy rankings are broadly consistent beyond the primary metric.

Table 1. Human-designed baseline strategies. All libraries contain
50,000 sequences and are evaluated across 5 random seeds.

Strategy Description

Single-source libraries
dhs topic DHS elements, sampled proportional to

NMF topic loading
dhs random DHS elements, sampled uniformly at ran-

dom
dhs stratified DHS elements, equal allocation across 16

NMF topics
sei class Sei regions, sampled proportional to class

frequency
sei random Sei regions, sampled uniformly at random
synth oracle Each nucleotide drawn independently and

uniformly at random from {A,C,G,T}
mpra oracle Malinois training set sampled uniformly at

random; oracle labels
mpra real Malinois training set sampled uniformly at

random; empirical labels

Two-source mixtures (50/50)
dhs sei DHS topic-weighted + Sei class-

proportional
dhs synth DHS topic-weighted + synthetic
dhs strat sei DHS topic-stratified + Sei class-balanced
sei synth Sei class-balanced + synthetic

Three-source mixtures (equal thirds)
dhs sei synth DHS topic-weighted + Sei class-

proportional + synthetic
dhs strat sei synth DHS topic-stratified + Sei class-balanced +

synthetic

single held-out test set. Each trained model is evaluated
on 14 held-out test sets derived from 9 source distributions
Table S1. Five sets use empirical MPRA measurements as

labels; nine use Malinois-generated labels. The test sets
include held-out reporter elements from the original Gosai
et al. MPRA experiment, UK Biobank and GTEx variant
sequences, DNase I hypersensitive sites from the DHS in-
dex, Sei regulatory regions, random genomic windows, and
fully synthetic random sequences. All genomic evaluation
sets are drawn from chromosomes excluded from Malinois
training (7, 13, 19, 21, X). The empirical evaluation sets
guard against oracle-specific biases: a library that exploits
regularities in Malinois predictions without capturing real
regulatory biology will score poorly on empirical labels.
The oracle-labeled sets provide additional coverage of se-
quence distributions not represented in the experimental
data.

The agent sees only anonymous identifiers and aggregate
metrics for these evaluation sets. It does not observe their
identities, sequences, labels, or genomic coordinates. The
primary metric is empirical performance on the Malinois
held-out test set, shown to the agent only as eval 01; the
agent is also encouraged to maintain strong performance
across all evaluation sets.

We release the full MPRAgent sandbox, including the
evaluation pipeline, baseline strategy implementations, and
agent scaffolding, at https://anonymous.4open.
science/r/MPRAgent/.
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Figure 3. Agent performance on eval 01 across 30 experimental rounds. (Top) Distribution of eval 01 scores for all agent experiments
alongside human-designed strategies; stars indicate the best design per run. (Bottom) Per-round learning curves for blind and informed
runs. The human best (dashed) and random floor (dotted) are shown for reference. All four runs exceed the human best within the
30-round budget.

4. Results
4.1. Human-designed baselines reveal substantial

variation in library informativeness

Library composition strongly determines downstream model
quality. Across 14 expert-designed strategies at a fixed bud-
get of 50,000 sequences, performance on the primary evalu-
ation metric (eval 01, Pearson r against empirical MPRA
measurements) ranged from 0.603 for mpra real—which
samples sequences from a prior MPRA experiment with em-
pirical labels—to 0.723 for dhs topic, which samples DHS
elements proportional to NMF topic weights (Figure 2).

This 0.121-point spread substantially exceeded the varia-
tion observed across five random seeds within any single
strategy, indicating that library composition rather than sam-
pling stochasticity drives performance differences. Strategy
rankings were broadly consistent across all 14 evaluation
sets, indicating that the effect of library composition is not
specific to eval 01 alone.

The dominant axis of variation is regulatory sequence con-
tent. DHS-based strategies occupy the top five positions
on eval 01, while strategies relying primarily on Sei
chromatin state regions (sei class = 0.659; sei random =
0.645) or on existing MPRA sequences with empirical la-
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bels (mpra real = 0.603) occupy the bottom. Within DHS-
based strategies, mixing in additional sequence sources pro-
duces modest and inconsistent changes relative to topic-
weighted DHS sampling alone, suggesting that annotation
quality is a stronger lever than source diversity at this library
size.

Performance improves substantially with library size across
all strategies (Figure S1), with the steepest gains between
10,000 and 150,000 sequences and diminishing returns there-
after. Relative rankings are largely preserved across library
sizes, justifying 50,000 sequences as the primary compari-
son point: composition differences are largest in absolute
terms in this regime, and the best human design at 50,000
sequences (dhs topic, eval 01 = 0.723) is far from satu-
rated, reaching r ≈ 0.845 at 300,000 sequences. The agent
comparison therefore operates in a regime where design
choices have meaningful consequences.

4.2. Agent-designed libraries outperform expert designs

All four agent runs produced libraries that exceeded the best
human-designed strategy on the primary evaluation metric
within the 30-round budget (Figure 3). The strongest blind
run reached an eval 01 Pearson r of 0.748, improving
over the best human baseline by 0.025. The strongest in-
formed run reached r = 0.760, improving over the best
human baseline by 0.037. These gains were achieved by
novel library designs outside the space of expert-evaluated
strategies.

The improvements were broadly distributed across the eval-
uation suite rather than being driven by a single test set
(Figure 4). For each of the 14 evaluation sets, we computed
the best score achieved by any human-designed strategy as
a per-set ceiling. The best designs from blind run 2 and
both informed runs exceeded this ceiling on 13 of 14 eval-
uation sets; blind run 1 exceeded it on 11 of 14. For the
top informed design, improvements over the per-evaluation
human best ranged from +0.016 on eval 09 to +0.047 on
eval 03, with a mean improvement of +0.035 across the
13 sets on which it outperformed the human ceiling. Agent-
designed libraries thus improved general downstream model
performance rather than selectively optimizing the primary
metric.

The single exception was eval 08, on which all four agent
designs fell below the human best of r = 0.770, held by
synth oracle. Working from anonymous evaluation metrics
alone, both blind and informed agents identified eval 08
as rewarding coverage of random sequence space rather than
regulatory content, and explicitly deprioritized it in favor
of stronger performance across the remaining 13 evaluation
sets. This tradeoff is not unique to the agents: every DHS-
based human strategy also underperforms synth oracle on
eval 08, with the best DHS-containing design reaching

only r = 0.752 by mixing in 50% synthetic content. Li-
braries enriched for curated regulatory elements, whether de-
signed by humans or agents, consistently sacrifice eval 08
performance for broader regulatory generalization.

4.3. Agents discover interpretable design principles for
MPRA library design

All four agents identified distinct, interpretable design prin-
ciples for what makes a training library informative for
generalizing sequence-to-activity models. Across 120 to-
tal experiments, agents explored a broad range of design
axes: annotation source selection, class-level sampling pro-
portions, mixing ratios, sequence-composition stratification,
augmentation strategies, and cross-species sequence inclu-
sion, among others. These experiments collectively mapped
the design space in ways that informed the principles the
agents ultimately declared.

The blind and informed agents took qualitatively different
approaches. Both blind runs began from random sequences
and worked upward, independently converging on cCRE
class composition as the primary lever—one through class
combination (proximal enhancer-like elements with CA-
H3K4me3, eval 01= 0.738), the other through rare-class
upweighting (eval 01= 0.748). The solutions are distinct
but reflect the same underlying finding: structural diversity
across cCRE classes is more informative than depth within
any single class.

The informed agents entered with knowledge of which
DHS-based strategies had already been evaluated and how
they performed. Rather than refining within that space,
both chose orthogonal directions. Informed run 1 moved
toward annotation systems and sequence sources absent
from the human baselines entirely, discovering that cross-
species genomic sequences improve generalization. From
anonymous evaluation metrics alone, the agent recovered
an evolutionary-distance pattern: chicken regulatory se-
quences performed best (r = 0.760) followed by zebrafish
(r = 0.754), mouse (r = 0.747), and platypus (r = 0.739).
This result suggests that evolutionary distance can provide
a useful axis for selecting out-of-distribution regulatory pat-
terns that improve model generalization. Informed run 2
stayed within the DHS index but asked a different question
about how to sample it, finding that sequence-composition
stratification by GC content is an independent diversity
axis unaddressed by any human baseline, contributing the
largest single-experiment gain in the run (+0.013, reach-
ing eval 01 = 0.751). Partial maps of the design space
appear to act as scaffolds for agentic discovery, allowing
agents to move beyond known high-performing strategies
toward new and complementary design axes.

Without being instructed to do so, each agent adopted a com-
mon two-phase experimental structure: open-ended explo-
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Figure 4. Generalization of the best agent design per run across all 14 evaluation sets. The gray band spans the full range of human-
designed baseline performance; the dashed line marks the per-set human best. Agent designs exceed the human best on 13 of 14 evaluation
sets, with eval 08 (random synthetic sequences) as the consistent exception.

ration followed by systematic ablation. Once a strong design
was identified, agents held the recipe fixed and varied one
component at a time to establish which elements were load-
bearing, producing a mechanistic account of why the design
works rather than simply confirming that it does. Across all
four runs, the strategies that emerged—cCRE class combi-
nation, rare-class upweighting, cross-species augmentation,
and GC-stratified dual-axis DHS sampling—provide not
just high-performing libraries but falsifiable claims about
the structure of the regulatory sequence space most informa-
tive for training generalizable sequence-to-activity models
from MPRA data.

5. Discussion
Designing maximally informative experiments is one of
the core tasks of biological research, yet it remains largely
unstudied as an optimization problem within the realm of
AI for science. We show that a language model agent can
take on this role in a realistic setting, improving on expert-
designed MPRA libraries within a fixed budget and identi-
fying design principles that were not present in the human
baseline set. MPRAgent makes this capacity measurable
and reproducible, and we release it as a resource for evalu-
ating agentic experimental design more broadly.

The principles the agents discovered are each interpretable

and directly actionable for future library design, and their
experimental trajectories are informative about the design
space of MPRA library design itself. Rare cCRE class up-
weighting was independently recovered by both blind runs
from random initialization, suggesting that its informative-
ness advantage is strong enough to emerge from black-box
feedback alone. The cross-species result points to evolution-
ary distance as a useful axis for selecting out-of-distribution
regulatory sequence variation, especially because it was
recovered from anonymous metrics without access to bio-
logical annotation of the evaluation sets. GC stratification
corrects a compositional bias in annotation-based sampling
that no human-designed strategy in our baseline set had ad-
dressed. The two informed runs found different principles
despite starting from the same baselines, suggesting that
the design space has multiple qualitatively different near-
optimal peaks, supporting a broader principle that deploying
multiple independent agents on a given task may uncover
diverse solutions.

Several caveats are worth noting. The task we study, de-
signing a library that trains models generalizing to unseen
cell types, is inherently harder to evaluate than optimizing
model performance on a fixed labeled set. We address this
by testing trained models with 14 diverse evaluation sets.
Nevertheless, the suite is finite and the oracle was trained
on three cell types, so libraries that score well here may not

8
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fully capture the regulatory grammar relevant to all possible
deployment contexts. Wet-lab validation of the winning
designs across novel cell types remains the definitive test.
Second, in this task, we hold model architecture fixed: all
designs are evaluated by training the same model class from
scratch. Whether optimal library composition changes under
different architectures, or whether architecture and training
data should be co-optimized, is an open question this study
does not address. Lastly, the human-designed baselines
were constructed as a fixed comparison point, not as the
result of iterative refinement; the agents’ advantage lies not
in discovering principles that are in principle inaccessible to
human experts, but in recovering them systematically from
black-box feedback within a constrained budget.

As autonomous AI co-scientists become more capable, they
must be able to intelligently design wet-lab experiments.
Tools for evaluating this capacity are therefore increasingly
important. By improving on expert-designed MPRA li-
braries and recovering interpretable design principles from
limited black-box feedback, the agents studied here sug-
gest an early form of experimental judgment that will be
essential for more autonomous scientific systems.

Software and Data
All code and data associated with this project are pro-
vided at: https://anonymous.4open.science/
r/MPRAgent/

Impact Statement
This paper presents work whose goal is to advance the capac-
ity of AI agents to perform experimental design in biologi-
cal research. Improved methods for designing informative
assays could accelerate the development of regulatory se-
quence models with relevance to gene therapy and precision
medicine. The agent operates in a sandboxed computational
environment and does not direct synthesis or deployment
of genetic material; sequences proposed remain subject to
standard institutional oversight. The in silico benchmark we
release provides a reproducible evaluation resource for the
broader AI for science community.
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A. Supplementary Material

Figure S1. Downstream model performance as a function of library size for all 14 human-designed strategies. Each curve shows mean
Pearson r on eval 01 across 5 random seeds (±1 SD shaded). Rankings are largely preserved across library sizes; the steepest gains
occur between 10,000 and 150,000 sequences with diminishing returns thereafter.
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Table S1. Evaluation sets used to score trained sequence-to-activity models. All genomic sets are drawn from chromosomes excluded
from Malinois training (chr7, 13, 19, 21, X). Empirical sets use wet-lab MPRA measurements as labels; oracle sets use Malinois-predicted
activity as labels.

Eval Name Source n

eval 01 chr7 13 gt Held-out sequences from Gosai et al. (2024) episomal MPRA (Table S2),
chr7 and chr13, standard error < 1.0; empirical labels

60,055

eval 02 ukbb gtex gt oracle UK Biobank and GTEx variant sequences from eval 05, relabeled by
Malinois; oracle labels

59,084

eval 03 ukbb gtex one oracle UK Biobank and GTEx variants, chr7 and chr13, deduplicated to one allele
per locus, no standard error filter; relabeled by Malinois; oracle labels

30,505

eval 04 chr19 21 X gt Held-out sequences from Gosai et al. (2024) episomal MPRA (Table S2),
chr19, chr21, and chrX, standard error < 1.0; empirical labels

56,340

eval 05 ukbb gtex gt Fine-mapped UK Biobank and GTEx cis-eQTL variants from Gosai et al.
(2024) Table S2, chr7 and chr13, standard error < 1.0; empirical labels

59,084

eval 06 ukbb gtex both oracle UK Biobank and GTEx variants, chr7 and chr13, reference and alternate
alleles retained, no standard error filter; relabeled by Malinois; oracle labels

62,966

eval 07 sei chr7 13 Genomic regions from the Sei sequence class annotation (Chen et al., 2022),
chr7 and chr13, regions ≥ 200 bp, midpoint-centered; oracle labels

20,000

eval 08 synthetic Uniform random sequences over {A, C, G, T}, 200 bp, drawn independently
per position (seed 7777); oracle labels

20,000

eval 09 chr19 21 X gt oracle Sequences from eval 04, relabeled by Malinois; oracle labels 56,340
eval 10 dhs chr7 13 DNase I hypersensitive sites from the DHS index (Meuleman et al., 2020)

(hg38), chr7 and chr13, 200 bp centered on summit; oracle labels
20,000

eval 11 ukbb gtex both UK Biobank and GTEx variants, chr7 and chr13, reference and alternate
alleles retained, no standard error filter; empirical labels

62,966

eval 12 ukbb gtex one UK Biobank and GTEx variants, chr7 and chr13, deduplicated to one allele
per locus, no standard error filter; empirical labels

30,505

eval 13 genomic chr7 13 Random 200 bp windows tiling chr7 and chr13 (hg38, non-N sequence only);
oracle labels

20,000

eval 14 chr7 13 gt oracle Sequences from eval 01, relabeled by Malinois; oracle labels 60,055
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