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ABSTRACT

Automating Al research holds immense potential for accelerating scientific
progress, yet current Al agents struggle with the complexities of rigorous, end-
to-end experimentation. We introduce EXP-Bench, a novel benchmark designed
to systematically evaluate Al agents on complete research experiments sourced
from influential Al publications. Given a research question and incomplete starter
code, EXP-Bench challenges Al agents to formulate hypotheses, design and im-
plement experimental procedures, execute them, and analyze results. To enable
the creation of such intricate and authentic tasks with high-fidelity, we design a
semi-autonomous pipeline to extract and structure crucial experimental details from
these research papers and their associated open-source code. With the pipeline,
EXP-Bench curated 461 Al research tasks from 51 top-tier Al research papers.
Evaluations of leading LLM-based agents, such as OpenHands and IterativeAgent
on EXP-Bench demonstrate partial capabilities: while scores on individual experi-
mental aspects such as design or implementation correctness occasionally reach
20-35%, the success rate for complete, executable experiments was a mere 0.5%.
By identifying these bottlenecks and providing realistic step-by-step experiment
procedures, EXP-Bench serves as a vital tool for future Al agents to improve
targeted research components and agent planning ability. EXP-Bench is avail-
able at https://github.com/Just—-Curieous/Curie/tree/main/
benchmark/exp_bench.

1 INTRODUCTION
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Figure 1: EXP-Bench evaluates Al agents on research experiment tasks extracted semi-autonomously
from peer-reviewed Al papers. Given a research question, a high-level method description, and
starter code, agents are tasked with designing, implementing, and executing complete experiments.
Performance is validated through ground-truth comparisons and implementation execution.

Automating Al research stands as a cornerstone for accelerating the development of advanced
intelligence and human progress. Unlike disciplines that require extensive physical interaction, Al
research is inherently digital, rendering it particularly amenable to automation by Large Language
Model (LLM)-driven Al agents. Recent work has demonstrated that these agents demonstrate nascent
capabilities in tasks like literature synthesis (Elicit, 2025), hypothesis generation (Weng et al.| [2025)
and code generation (Li et al.,2022). However, empirical Al research requires rigorous end-to-end
experimentation, which goes beyond these individual tasks.
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To realize the vision of agents conducting holistic Al research, a rigorous benchmark is needed—one
that evaluates and guides agents through the full experimentation pipeline step by step. We present
EXP-Bench, a benchmark designed to comprehensively assess an Al agent's ability to carry out
end-to-end research experiments. As illustrated in Fig. 1, EXP-Bench challenges agents with tasks
sourced from in uential, peer-reviewed Al publications (e.g., NeurlPS, ICLR) along with their
open-source implementations. These papers re ect already-completed, peer-validated research and
serve as concrete exemplars of full experimental work ows. By exposing agents to such tasks, we test
their ability to conduct established scienti ¢ procedures grounded in real-world Al experimentation.
For each task, an agent is provided with a core research question, a high-level methodological
overview, and starter code. The agent should then formulate viable hypotheses, design Al-speci ¢
experimental procedures (e.g., data handling, model selection, and hyperparameter optimization),
correctly implement and execute these experiments, and derive valid conclusions from the results.

However, curating these high- delity and structured experimental tasks presents considerable chal-
lenges. Academic papers typically present a polished narrative focusing on nal results and conclu-
sions, often omitting the detailed intermediate steps of the experimentation process. Additionally,
critical details, such as the precise conditions under which results hold or subtle data preprocessing
steps, are often fragmented across multiple sources, including dense academic papers, supplementary
materials, and sprawling codebases. This makes manual curation of such tasks labor-intensive and
dif cult to scale.

To address these challenges, we develop a semi-automated dataset curation pipeline. We rst
Iter for high-quality Al papers with open-source codebases using citation and repository popularity
signals. Task extraction then proceeds in two stages: (1) a multi-modal extraction phase that identi es
the core elements of the research problem, such as the main question, expected outcomes, and
high-level experimental setup (e.g., datasets, evaluation metrics, model con gurations) from papers,
supplementary materials, and code; and (2) an implementation extraction phase that locates relevant
code and assembles scripts to solve the speci ed task. We further apply execution-based validation
to ensure functionality. While human oversight is used, the availability of original implementations
and ground truths reduces the validation burden to mostly lightweight consistency checks. With the
pipeline, EXP-Bench currently comprises 461 research tasks (12,737 individually gradable subtasks)
derived from 51 papers published at NeurlPS and ICLR 2024, spanning diverse Al sub elds such as
reinforcement learning, Al applications and generative models.

We use a multi-metric evaluation pipeline (Fig. 1) to assess agent performance across all core phases
of experimentation: design, implementation, execution, and conclusion. Each metric captures a
distinct capability, and their conjunctive use ensures that agents correctly understand and complete
the experiment. Initial evaluations of leading agents reveal that, while they often succeed at executing
routine procedures, such as running pre-written scripts or replicating documented analysis steps,
they struggle when tasked with conducting complex experiments. Speci cally, we observe failures
in: (a) Conceptualizing and operationalizing sound experimental designs from high-level research
guestions and methods (16.1% misclassi ed design variables); (b) Translating abstract research
methodologies into complete and correct code implementations (39.7% missing essential implemen-
tation components); and (c) Ensuring the robust and reproducible execution of complex experimental
software stacks (29.4% environment or dependency miscon gurations or 23.8% script-level errors).
By identifying these key bottlenecks, EXP-Bench helps us target speci ¢ research components for
improvement and advance next-generation Al agents for autonomous research.

2 RELATED WORK

While existing benchmarks have advanced the evaluation of Al agents in various scienti ¢ reasoning,
coding, and speci ¢ machine learning tasks, EXP-Bench distinctively addresses the holistic challenge
of end-to-end and step-by-step Al research experimentation. See App. A for additional discussion.

Scienti ¢ Reasoning Benchmarks. Benchmarks like BoxingGym (Gandhi et al., 2025) explore
simulated theory formation, while others such as AAAR (Lou et al., 2024) and Lab-Bench (Laurent

et al., 2024) assess reasoning or experimental design based on static artifacts (e.g., protocols, gures).
While valuable for assessing abstract reasoning, these benchmarks do not evaluate the agent's ability
to perform actual experiments.
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Figure 2: One Al research task example from ICLR 2024 MogaNet (Li et al., 2024b).

Scienti ¢ Coding Benchmarks. Scicode (Tian et al., 2024), for instance, focuses on generating
code snippets for natural science tasks, while BLADE (Gu et al., 2024), DiscoveryBench (Majumder
et al., 2024), and ScienceAgentBench (Chen et al., 2024) primarily assess post-hoc data analysis or
hypothesis testing. While critical to the scienti ¢ process, they often isolate coding or analysis from
the broader, iterative experimental context.

Machine Learning Benchmarks. Several benchmarks speci cally target ML tasks, yet often
focus on sub-components or operate with simpli cations of the full research cycle. For example,
DSBench (Jing et al., 2024b), ML-Agent-Bench (Huang et al., 2023b), and MLE-Bench (Chan

et al., 2024) assess ML problem-solving capabilities, such as script editing or hyperparameter tuning,
frequently within constrained environments like Kaggle challenges. Other benchmarks such as
RE-Bench (Wijk et al., 2024), ML-Gym (Nathani et al., 2025), and Curie (Kon et al., 2025), compare
agent performance against humans on research tasks, but often operate at a limited scale (e.g., RE-
Bench features only 7 hand-curated tasks) or use simpli ed evaluation metrics. CORE-Bench (Siegel

et al., 2024) supplies the full codebase for result reproduction and manually sources papers from
the curated CodeOcean repository. PaperBench (Starace et al., 2025) assesses agents on tasks
derived from academic literature, focusing on their pro ciency in executing speci ¢, well-de ned
sub-components of the research process, such as running documented code scripts or performing
standard data analyses. While these benchmarks provide valuable insights into speci ¢ ML tasks,
they generally fail to capture the complexity of realistic end-to-end Al research work ows, nor do
they typically offer a methodology for constructing such comprehensive benchmark tasks at scale.

3 THE EXP-BENCH BENCHMARK AND DATASET

EXP-Bench is built to evaluate the Al agent's ability to address Al research tasks by conducting
end-to-end experimentation. Each research task is grounded on an in uential Al research paper and
its corresponding codebase. This coupling captures the full scienti ¢ work ows, linking concrete
high-level ideas to executable implementations (83.1). We achieve scalable construction of these high-
delity tasks through a semi-automated curation pipeline, which integrates multi-modal extraction
with lightweight human veri cation (83.2). This design also opens the door to large-scale data
generation for training agents capable of automating core aspects of Al research.

3.1 EXP-BENCH DATASET SPECIFICATION

Our dataset is a collection of Al research tasks, each structured to emulate a complete experimental

process designed to address a speci ¢ Al research question from a published paper. As shown in

Fig. 2, each task entry in the dataset contains a problem statement for the agent, and the corresponding
ground-truth solution derived from the original research artifacts.

Problem Statement (Agent Input). Each task instance within EXP-Bench provides the agent with:
(1) Research Question: A speci ¢ goal derived from the source paper's experiments. (2) High-Level
Method: A description guiding the required experimental approach; and (3) Code Repository: Access
to the relevant code, potentially with speci c components/scripts masked or requiring modi cation.
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Figure 3: EXP-Bench's dataset comprises tasks from a diverse set of ML research categories.

Expected Outcome (Ground Truth). Each task instance also includes a ground-truth experimental
solution curated from the source paper and codebase. This solution, used to evaluate agent outputs,
comprises: (1) an experimental design specifying key variables, constants, and procedures; (2) the
necessary code modi cations, assessed \gé aiff against the provided repository; and (3) a

nal conclusion that directly answers the research question based on experimental results.

Benchmark Overview and Statistics. EXP-Bench currently includes 461 research tasks drawn
from 51 in uential papers, as detailed in App. B. As shown in Fig. 3, these tasks span diverse Al
sub elds (including Computer Vision, NLP, and Reinforcement Learning) and are sourced from
top-tier venues, namely NeurlPS 2024 (53%) and ICLR 2024 (47%). This breadth ensures coverage
of diverse experimental paradigms, coding practices, and research challenges prevalent in the Al
eld. Moreover, each task is broken down into ne-grained, individually gradable subtasks spanning

all three ground-truth components—design, implementation, and conclusion—resulting in a total of
12,737 subtasks. Together, these features make EXP-Bench a comprehensive testbed for assessing
the capabilities of Al research agents.

3.2 EXP-BENCH SEMI-AUTOMATED DATASET CONSTRUCTION PIPELINE

Curating a high- delity benchmark for end-to-end Al experimentation is challenging due to the
fragmented and domain-speci ¢ nature of real-world research artifacts (hamely papers and their
associated codebases). Critical experimental details are often scattered, implicit, or embedded in
dense technical language, making manual extraction labor-intensive and dif cult to scale. To address
this, we propose a semi-automated construction pipeline that systematically structures these artifacts
into benchmark tasks with lightweight human oversight. The pipeline comprises three stages (Fig. 4):

Stage 1: Source Selection and Filtering. The process begins by identifying candidate research
artifacts that form the basis of high-quality experimental tasks. We target in uential papers from
top-tier Al conferences (e.g., NeurlPS, ICLR) that are accompanied by publicly available code
repositories. Initial Itering criteria are applied to prioritize impactful and potentially reproducible
research, considering factors such as citation counts, and code repository activity (e.g., GitHub stars,
forks). This selection phase aims to establish a strong foundation by focusing on artifacts that, despite
potential imperfections, represent signi cant and veri able research contributions.

Stage 2: Experiment Procedure Extraction. Research papers rarely present experiments as
complete procedures; key steps are often implicit or scattered. To enable structured agent evaluation,
we decompose each task into explicit sub-steps. This transforms high-level research goals into
concrete work ows (e.g., multi-step experiment design and environment setup), making them suitable
for both execution and ne-grained evaluation. This stage extracts the complete research task by
combining the research plan (from the paper) with its corresponding experiment implementation
(from the codebase). Further implementation details can be found in App. G.
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Figure 4: EXP-Bench semi-automated dataset construction pipeline.

Stage 2.1: Extract Research Task. We begin by extracting the core research task—consisting of the
research question, high-level methodology, and expected outcome—directly from the paper. This
process is designed to handle the fact that key information in academic papers is often distributed
across sections and conveyed implicitly. First, we index the PDF using OCR. For structured elements
(tables, gures, headers), we use OCR to locate the visual regions and a multimodal LLM to interpret
them (including cross-page elements) into structured text. This ensures downstream access to high-
signal artifacts that may anchor the task de nition. Next, we conduct a multi-pass extraction. In the
rst pass, we perform retrieval-augmented querying to identify broad, high-level research takeaways.
These overarching questions are often not con ned to a single paragraph and require stitching together
dispersed cues. In the second pass, for each high-level takeaway, we apply semantic extraction
at the subsection level, focusing on evaluation sections. We classify each subsection as either
implementation context or a candidate research question. Contextual passages are stored and reused
across subsequent prompts. This focused prompting—processing each subsection independently
while conditioning on accumulated context and extracted tables/ gures—helps the LLM generate
more accurate and detailed task formulations. Finally, we re ne each task through targeted re-
querying of the full paper (including appendices) to recover any additional setup constraints or
methodological details that were missed earlier. This step acknowledges that relevant setup details
may be located far from the task description and ensures completeness for the extracted task.

Stage 2.2: Extract Experiment Implementation. Each extracted task is then passed to an im-
plementation extraction Al agent (operating in a tool-augmented environment, with PDF reading,
terminal access, and web browsing) to identify the speci ¢ implementation (chain of scripts) needed
to address the research task. Our setting provides the agent with both a complete codebase and the
extracted task, containing the research question, methodology, and expected outcome. This effectively
reduces the problem to a goal-conditioned search over the codebase, where the agent's task is to
localise the implementation that realises the speci ed methodology and expected outcome. To do
this, the agent explores the repository in an open-ended fashion, e.g., consulting documentation,
and auxiliary scripts, to uncover domain-speci ¢ requirements (e.g., pretrained checkpoints). The
extracted experiment execution ground truth will be fully based on existing scripts. The agent outputs
(1) a list of required scripts and (2) high-level usage instructions describing how to run them to
complete the task. Once a candidate implementation is produced, it is executed in Stage 3. If the run
fails, the pipeline iterates, allowing the agent to re ne or replace the implementation until a working
solution is found. The nal validated script chain is then parsed by the agent via AST (Abstract
Syntax Tree) tracing to extract a step-by-step list of implementation requirements in natural language,
which becomes the ground truth for evaluating implementation correctness. Finally, we incorporate
additional contextual details (e.g., hyperparameters) sourced from the raw code (e.g., con guration
les) or repository documents (e.g., README.md) to enhance the nal task speci cation.

Stage 3: Veri cation and Re nement. All tasks are validated and nalized in this stage. For
each task, we rst apply an LLM-based monitor (84.1) to detect disallowed behaviours such as
mocking or fabricating results. We then re-execute the agent's reproduction script in a clean Docker
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Table 1: Average benchmark scores for various models when tested against various evaluation metrics.
Popular Agents and LLMs perform poorly on EXP-Bench, showcasing its dif culty.

Agent Model D I E I-E C | AlIX AI-EX #E
OpenHands | 03-mini 184 203 150 29 210 14 0.5 | 420
OpenHands | Claude-3.7 Sonnet 16.0 35.0 33.2 149 134 0.7 0.4 235
OpenHands | Amazon Nova Pro| 18.2 195 26.8 0.0 15.7 0.0 0.0 56
OpenHands | Claude-3.5Haiku| 20.6 26.2 9.3 13 13.8 0.0 0.0 | 237
OpenHands | DeepSeek R1 6.8 100 0.7 00 24 00 0.0 140
lterativeAgent| Claude-3.5 Haiku| 6.4 206 252 54 22 00 0.0 111
IterativeAgent| Amazon Nova Proj 0.1 10.0 181 0.0 0.3 0.0 0.0 215

container, guaranteeing a from-scratch run of all dependencies and steps. These re-executed outputs
are compared against the expected conclusion from the original paper using an LLM. If validation
fails, the task is returned to the previous stage for re nement. In cases where no usable script is found,
the agent may produce an implementation, which is subjected to the same checks. In all cases, a
lightweight human review nalizes the task, requiring only a cross-check of structured task content
(already consolidated by the pipeline) against the source materials. This signi cantly reduces human
burden compared to manual curation from scratch. We iteratively re ned the construction pipeline
through a manual trial-and-error process (App. 8G). Following validation, each complete task is
added to the dataset along with a list of masked les (README.mdrelevant scripts) to ensure
agents cannot directly access answers. In our benchmark implementation, repositories are cloned
afresh per agent, and masking is applied using scripted git operations, including recursive traversal of
submodules. Masking ensures agents must reason over the task input, rather than rely on shortcut
access to original solutions.

4 EVALUATION

4.1 EVALUATING LLM-BASED AGENTS PERFORMANCE: SETUP & MAIN RESULTS

Setup. We evaluate a range of agents and LLMs used in related benchmarks (Chen et al., 2021) against
EXP-Bench. In terms of agents, we made use of OpenHands (a top-performing code generation
agent) and IterativeAgent (as con gured in Starace et al. (2025)) to reduce the likelihood of early
task stopping), henceforth known as OH and IA, respectively. In terms of LLMs, these include the
top-ranked Claude-Sonnet 3.7, Haiku 3.5, Deepseek-R1 (Wei et al., 2023) models, and OpenAl
03-mini variants. Each agent is run in an Ubuntu 24.04 Docker container, and given access to 4
Nvidia A40 GPU, and a clean working directory containing the masked GitHub repo of the paper
(i.e., task-speci ¢ scripts removed), instructions, and relevant context (e.g., API credentials).

Evaluation Judge Implementation Details. Our evaluation framework consists of two main
components used to assess agent performance across various metrics (refer to later sections, e.g.,
Table 1). The rst component is an LLM-based judge (using 03-mini), following prior work on
LLM-as-a-judge (Zheng et al., 2024; Liu et al., 2024b; vic; Starace et al., 2025). This judge operates
through multiple steps: The process begins with an integrity check performed by a Monitor, which
analyzes agent logs to detect disallowed behaviors (denoted as Meteie Fig. 6b). Speci cally,

the monitor checks whether the agent: (1) accessed the research paper directly (e.g., opened the
PDF), (2) performed Git operations such as checking out commits or switching branches, or (3) used
fake, hardcoded, or placeholder data rather than generating results through real experimentation. If
violations are found, the monitor also identi es possible causes (e.g., ethical refusals, runtime errors)
using log information. Once integrity is established, the agent's experimental design, implementation,
and conclusion are evaluated for conceptual soundness, completeness (e.g., inclusion of all required
steps), and alignment with ground truth. These assessments yield scofegdfesign correctness, i.e.,
proportion of design criteria met)), (implementation correctness, i.e., proportion of implementation
components satis ed), ard(conclusion correctness). The second component of our evaluation judge

is a Code Execution Validator, which runs the agent-generated code modi cations in a clean and
equivalent containerized environment. This step veri es whether the code is executable and produces
expected outputs. This executability metric is denoteH.dmplementation details including the
system prompt are in App. I.
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Main Results. Table 1 presents average accuracy scores across all 461 tdsksndicates
whether an implementation is both appropriate for the experimental task and executable—a more
comprehensive check of implementation qualititX denotes tasks that are fully correct in terms

of D, I, andC, while AlllEX  adds the executability requireme#E represents the number of tasks

per model that were execution-checked. Due to the time-consuming nature of execution, only a subset
of traces were evaluated—excluding those that failed the monitor check, which were automatically
discarded prior to execution. Our top-ranked agents are OH+03-mini, OH+3.7 Sonnet, and OH+Nova
Pro, ranked viaAllLkEX , with Cused as a tiebreaker. The worst-performing model was IA+Nova
Pro. Extended results by paper category are shown in Table 3, with full details in App. E. Across both
tables, we observe that models consistently score below 30% across all metrics, with the exception of
the RL category, where several OH models achieve up4®% (averaged over 36 tasks) in terms

of I . Notably, under stricter metrics such/A&X , performance drops sharply—e.g., OH+03-mini
scores only 1.4%. This underscores the value of including partial metrics that assess individual
aspects, allowing credit for partially correct answers and supporting a more nuanced evaluation.

4.2 DETAILED ANALYSIS

Cost-Time Analysis. Fig. 6a shows the average cost (in USD) and time (in minutes) per task across
different agent con gurations. Cost re ects only the token usage of the backbone LLM (input/output),
excluding agent internal LLM-API usage or compute consumption. The number in parentheses
next to each legend entry indicates the model's performance rank, based on average correctness.
Each agent was allowed a maximum of 40 minutes per task, though this limit can be easily adjusted.
Notably, IA models often consumed the full allotted time, rarely stopping early. In contrast, early
stopping was common with OH models. For example, the relative time difference between Nova and
Haiku is larger under OH than IA, re ecting differing usage patterns. These trends are consistent with
our earlier observations: OH models often produced plausible responses without actually running the
experiment, leading to high partial scores (e.g., design, implementation), while IA models tended to
run longer but less effectively. Interestingly, we found little correlation between runtime/cost and
overall performance. OH+03-mini (rank 1) achieves the best trade-off with low cost and moderate
time. OH+3.7 Sonnet (rank 2) performs well but is the slowest and most expensive. The full cost-time
distribution is provided in App. J.2.

Conjunctive Evaluation Metrics Substantially Lower Agent Scores. We analyze only the subset

of tasks for which execution was run, to visualize how progressively applying stricter evaluation
criteria impacts agent scores. As shown in Fig. 6b (with full results in App. J.1), applying only the
initial monitoring check ) yields an average score of 20.6%. Adding designand conclusion()
correctness criteria reduces the score sharply to 3.7%. Incorporating implementation corrégtness (
further lowers the score to 0.4%, and including execution veri catEyrésults in a nal accuracy

of just 0.2%. These ndings highlight how conjunctive evaluation surfaces brittleness in end-to-end
experimental correctness.

Metric Stability Analysis. As shown in Fig. 5, certain
individual metrics such a8 andE exhibit high variance.
This variance arises for different reasons: @ragents
can produce plausible but unfounded conclusions without
a valid experimental foundation; f&; even incorrect or
mock implementations may successfully execute, introduc-
ing overestimation bias. To mitigate such inconsistencies,
we adopt compositional scoring via conjunctive metrics
such as C-D and I-E, which combine correctness across
multiple dimensions. These conjunctive forms substan-
tially reduce score variability, producing more reliable
signals of agent performance. For exam@d) Iters

out conclusions not grounded in valid design plans, and
I-E discounts executions that do not ful Il setup require-
ments. This demonstrates that conjunctive metrics can
temper over-crediting and reduce sensitivity to annotation  Figure 5: Stability Analysis.
leniency or spurious correctness—thereby offering a more
stable and discriminative evaluation.
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(a) Cost-time trade-offs across agents. (b) Stricter metrics reveal lower true correctness.

Figure 6: Ablation of agent performance along cost—time and evaluation metrics.

Contamination. To probe potential leakage, we adopt a technique used by existing memorization
studies (Ramos et al., 2025; Liang et al., 2025), which found that if models still succeed despite
missing input context, it is evidence of memorized knowledge. Speci cally, we experimented with
under-speci ed contexts by randomly omitting half of the setup method. Under these ablations,
models consistently failed (<1%score). This sharp performance drop suggests the tasks cannot be
solved viarecall alone. Moreover, memorization is unlikely in our benchmark, as it is constructed from
recent, niche research papers/codebases (a stance also adopted in contemporary benchmarks (Starace
et al., 2025; Zhao et al., 2025)). Furthermore, our tasks exhibit structural resistance to memaorization:
they are drawn from fragmented sources spanning papers, code, and supplementary materials,
and require both iterative agent-led and manual reconstruction that is not easily recoverable from
pretraining data. Finally, our semi-automated dataset construction pipeline enables the continual
addition of tasks from newly released papers, further reducing the risk of contamination over time.

4.3 ANALYSIS ON PREVALENT AGENT FAILURE PATTERNS

Pattern Extraction Methodology. Our analysis followed a two-pass, open-ended process. During
evaluation, each metric score was accompanied by an error analysis, derived from implementation
logs (e.g., stderr) or comparisons against ground truth. In the rst pass, we extracted high-level,
domain-speci c insights from these earlier error analyses, across phases for all agent-task pairs. In
the second pass, we iteratively grouped these insights into distinct failure types, assigning each to an
existing category or creating a new one if needed. This process produced 3,238 raw insights, which
we distilled into 361 unique failure types. We present a representative and simpli ed subset of these
condensed errors in Table 2 (full details can be found in App. H).

Analysis. To better understand where agents fail, we analyzed error traces and categorized them
into representative failure types across four key phases of experimentation: implementation, execu-
tion, design, and conclusion. As shown in Table 2, the most prevalent issues emerged during the
implementation phase, with 39.71% of failures stemming from missing essential components. In
several cases, agents failed to include critical elements such as semantic retrieval strategies (e.g.,
UniXcoder-H2L and UniXcoder-L2H), validation functions for Itering questions (e.g., using GPT-
3.5), or robustness-enhancing techniqueshieeup , CutMix , and Label Smoothing—undermining

the experimental implementation's validity. In the execution phase, failures were most commonly due
to environment or dependency miscon gurations (29.38%), such as missing critical environments
(e.g.,STORMot registered ifaxmarl ) or absent core libraries likeyTorch andFlax , which

led to model loading failures. Script-level issues (23.84%) included unrecognized model names (e.qg.,
moganet_tiny  not found intimm ) and missing checkpoint les, causing runtime or I/O errors.
These examples highlight persistent reproducibility challenges even when a correct implementation
structure is in place. Design-related failures were also frequent, with 16.05% involving incomplete or
misclassi ed experimental variables, and 7.62% re ecting extraneous procedural additions—such as
inclusion of a ResNet-50 backbone or arbitrary hyperparameter knobs not speci ed in the ground
truth. These design errors suggest that agents often fail to distinguish between essential experi-
mental factors and implementation noise. Finally, conclusion-phase errors highlight limitations in
agents' interpretive reasoning. The most common issue (26.18%) was missing or underdeveloped
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Table 2: Agents fail in diverse ways across different phases of experimentation; this table presents a
simpli ed subset of common examples, measured across all agent and model evaluations.

Phase Failure Type Prevalence (%)
Design Incomplete or Misclassi ed Design Variables 16.05
Design Irrelevant Procedural Additions in Design 7.62
Implementation| Missing Essential implementation Components  39.71
Implementation| Incomplete Evaluation Metric Implementation 2.15
Implementation Incomplete Data and Preprocessing Setup 1.83
Execution Environment/Dependency Con guration Errofs ~ 29.38
Execution Execution Script and File Errors 23.84
Execution Missing Setup Script File 6.95
Execution Tensor Operation Execution Error 3.22
Conclusion Missing Conclusion Content 26.18
Conclusion Incorrect Conclusion Interpretation 19.66
Conclusion Extraneous Details in Conclusion 7.77
Conclusion Incorrect Numeric Conclusion 3.21

Table 3: Average benchmark scores of various models and agents across select task categories; see
App. E for complete list. Evaluation performed against EXP-Bench.

Category | Agent Model D I E I-E C | AlIX AlX-E
Applications| OH NovaPro | 19.2 239 190 0.0 139 0.0 0.0
Applications| OH 03-mini 90 80 00 00 83| 00 0.0

Applications| OH 3.5Haiku | 19.2 245 83 56 8.3 0.0 0.0
Applications| OH 3.7Sonnet | 9.0 268 308 7.7 83 28 0.0

Applications | 1A Nova Pro 00 98 50 00 0.0 00 0.0
RL OH 3.7Sonnet | 183 48.2 273 21.2 176 20 3.0
RL OH 03-mini 235 348 157 20 275 3.9 0.0
RL OH 3.5Haku | 27.7 414 115 0.0 176 0.0 0.0
RL IA 3.5 Haiku 33 275 174 00 24 0.0 0.0
RL OH | DeepSeekR1 5.0 103 00 0.0 20| 0.0 0.0

conclusions—for instance, omitting detailed comparisons betW&dandQ-Learning on train-

ing time and normalized scores, or neglecting speci ¢ numerical gains (e.g., 1.25% improvements
acrossARC-Challenge andOpenBookQA). Another frequent error (19.66%) was incorrect in-
terpretation, such as claiming Hadamard-enhanced INT4 inference improves performance without
substantiating comparisons to baseline INT4. Together, these ndings emphasize the importance of
phase-speci ¢ evaluation to uncover deeper breakdowns in experimental reasoning.

5 DISCUSSION

Limitations. EXP-Bench primarily focuses on the experimentation procedure, from designing
experiments for a given research question to deriving conclusions. The broader Al research lifecycle
encompasses other critical stages such as identifying gaps through literature review, the initial
unstructured ideation of research questions, and navigating the complex, iterative, and unpredictable
path of real-world scienti ¢ discovery, which are not yet captured by the current task structures. In
particular, EXP-Bench does not evaluate open-ended scienti ¢ creativity or alternative experimental
designs; instead, it targets faithful execution of the speci c, procedures extracted from the source
materials.

Future directions. Future work will focus on enhancing Al agents' ability to automate research
experimentation using supervision from EXP-Bench's dataset. One promising direction is to apply
reinforcement learning with veri able rewards, enabling agents to autonomously navigate the research
lifecycle and accelerate scienti ¢ discovery.
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6 CONCLUSION

We introduced EXP-Bench, a novel benchmark designed to rigorously evaluate and guide the
development of Al agents in conducting end-to-end Al research experimentation. By sourcing
tasks from in uential peer-reviewed publications and their accompanying codebases, and utilizing a
semi-automated curation pipeline, EXP-Bench presents agents with realistic, ne-grained challenges
in end-to-end Al research work ow including experimental design, implementation, execution, and
conclusion derivation. Our initial evaluations with leading agents reveal signi cant bottlenecks

in conceptualizing complex experiments and ensuring robust code implementation and execution.
EXP-Bench therefore serves not only as a comprehensive evaluation tool but also as a valuable dataset
to guide future Al agents to act step by step, ultimately accelerating Al research.
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described in 83 of the main paper and further elaborated in App. G. The evaluation judge pipeline and
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sections of the Appendix. Together, these resources are intended to ensure the reproducibility of our
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A EXTENDED RELATED WORKS

LLMs for scienti ¢ discovery. Many methods have adopted LLMs to generate novel hypotheses
for common scienti ¢ discovery. For example, Baek et al. (Baek et al., 2024), Wang et al. (Wang
et al., 2024a), and Yang et al. (Yang et al., 2023) developed approaches for generating innovative
domain-speci ¢ research ideas. Going beyond domain-speci c ideas, a line of work also focuses on
generate hypothesis with LLMs in the commonsense domains (Gendron et al., 2023; Moskvichev
et al., 2023; Yang et al., 2022; Weng et al., 2025; Mirchandani et al., 2023; Webb et al., 2023;
Alet et al., 2021; Xu et al., 2023; Han et al., 2024; Xu et al., 2025). Moreover, prior research on
automated scienti ¢ discovery proposes to combine hypothesis with LLM-assisted code generation
for end-to-end work ows (Li et al., 2024a; Ifargan et al., 2025; Majumder et al., 2024). While these
efforts works on various stages of the scienti c lifecycle, experimentation—a critical, rigor-sensitive
aspect—remains underexplored.

Some existing research explores building an automated scienti ¢ discovery work ow with rigorous
validation using Al agents (Lu et al., 2024a; Weng et al., 2025; Jumper et al., 2021; Zambaldi et al.,
2024; Schmidgall et al., 2025; Boiko et al., 2023; Swanson et al., 2024; Yuan et al., 2025; Ghafarollahi
& Buehler, 2024), they often either have limited automated evaluation or rely on domain-speci c
ad-hoc prompting optimizations to guide prede ned work ows, struggling with the complexities of
rigorous end-to-end experimentation to automate Al research. Particularly, Lu et al. (Lu et al., 2024a)
introduced a fully automated system called "The Al Scientist" to conduct research by collaborating
with multiple LLM agents. These agents handle the full research process, from de ning research
problems and reviewing related literature to synthesizing and executing experiments. However, their
solution has limited automated evaluation with a focus on commonsense domains. Gottweis et
al. (Weng et al., 2025) proposed an Al Co-scientist built on Gemini 2.0, aiming at building a helpful
Al collaborator for scientists. They focus on the scaling of the test-time compute paradigm to generate
high-quality hypotheses and research proposals. While general purpose, the Al co-scientist is mainly
validated in biomedical areas. Overall, these efforts often require experimental validation to follow
constrained, framework-speci ¢ formats, resulting in extra overhead and hindering their usability.

Benchmarks for domain-speci ¢ Al agent tasks. A wide range of benchmarks have been developed

to evaluate the capabilities of Al agents across diverse domains. Existing benchmarks predominantly
target problem-solving (Hendrycks et al., 2021b; Frieder et al., 2023; Wang et al., 2024c; Sun
et al., 2024a; Chevalier et al., 2024), logical reasoning (Cobbe et al., 2021; Hendrycks et al., 20214a;
Bang et al., 2023; Lala et al., 2023), machine learning training (Huang et al., 2024a; Zhang et al.,
2023; 2024b; Grosnit et al., 2024; Trirat et al., 2024; Mitchener et al., 2025; Narayanan et al.,
2024; Gu et al., 2024; Guo et al., 2024a), and knowledge retrieval and analysis (Sun et al., 2024b;
Hu et al., 2024). These benchmarks typically involve well-de ned tasks with clear, deterministic
solutions, allowing for consistent and objective assessment of Al agent performance. By contrast, our
proposed EXP-Bench focuses on experimentation for automating Al research, which requires a more
rigorous and systematic approach beyond problem-solving. Experimental tasks demand iterative
hypothesis re nement, complex experiment design/implementation and execution, and rigorous result
interpretation. Our benchmark captures these challenges by semi-automatically evaluating Al agents
on real-world experimentation tasks arising from in uential Al research papers with high-impact
open-source artifacts.

B EXTENDED DETAILS OF THE EXP-BENCH DATASET

In this section, we provide a full list of the papers in the EXP-Bench dataset, including source
paper and, Al sub-domain. The complete dataset can be found in our repdtitesy
/Ihuggingface.co/datasets/Just-Curieous/EXP-Bench.
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Table 4: ICLR 2024 Papers

ID Title Stars  Cit.# Domain Key Dist. Resource T1 T2 T3
19292  Zipformer: A faster 1023 97 Deep Learning propose memoryneeded: 1 3 3
and better encoder for Attention an archi- 32GB or more
automatic speech Mechanisms tecture recommended, GPU
recognition(Yao et al., type: NVIDIA
2024) V100 or A100, GPU
amount: 2-8
19033 The Reversal Curse: 284 179 Deep Learning propose OpenAl API key 3 0 O
LLMs trained on “A is Large Language an archi- required; GPU: 1;
B” fail to learn “B is Models tecture memory: 16GB
A” (Berglund et al., RAM
2024)
19044 AnimateDiff: Animate 11093 845 Deep Learning propose GPU type: 1 4 4
Your Personalized Generative Models  an archi- NVIDIA; GPU
Text-to-Image tecture amount: 1; GPU
Diffusion Models memory: 13GB
without Speci ¢
Tuning (Guo et al.,
2024b)
17666 BaDExpert: 165 12 Deep Learning Other GPUswithCUDA 6 0 O
Extracting Backdoor Robustness support (exact types
Functionality for not speci ed), 4GB+
Accurate Backdoor recommended
Input Detection(Xie memory
etal., 2023)
19269 MuSc: Zero-Shot 358 26 Applications propose a memoryneeded: 8 0 O
Industrial Anomaly Computer Vision training 8GB; GPU type:
Classi cation and algorithm NVIDIA; GPU
Segmentation with amount: 1
Mutual Scoring of the
Unlabeled Images (Li
etal., 2024c)
19281 Domain-Agnostic 149 16 Applications propose memory: 16GB 4 3 3
Molecular Generation Chemistry an archi- RAM; GPU type:
with Chemical tecture NVIDIA; GPU
Feedback(Fang et al., amount: 1
2024)
18244 Periodicity 116 38 Deep Learning propose GPU: atleastone 5 3 2
Decoupling Time Series an archi- (unspeci ed)
Framework for tecture
Long-term Series
Forecasting(Dai et al.,
2024)
18318 AnomalyCLIP: 339 150 Deep Learning propose memory: 24GB; 5 3 1
Object-agnostic LLMs an archi- GPU: RTX 3090;
Prompt Learning for tecture amount: 1
Zero-shot Anomaly
Detection(Zhou et al.,
2025)
19388 Unmasking and 2706 20 Social Aspects Other standard resources+3 3 6
Improving Data Accountability 1GPU
Credibility: A Study recommended
with Datasets for
Training Harmless
Language Models(Zhu
etal., 2024b)
17776 RepoBench: 145 139 Deep Learning propose a GPU: 1 6 3 1
Benchmarking LLMs dataset/li-
Repository-Level brary
Code
Auto-Completion
Systems(Liu et al.,
2023a)
18013 Knowledge Fusion of 535 101 Deep Learning proposea GPUs:1-4A100; O 4 6
Large Language LLMs new ML RAM: 32GB+
Models(Wan et al., applica-
2024) tion
18865  SineNet: Learning 572 14 Applications propose 1 GPU (NVIDIA); 5 0 0
Temporal Dynamics in Physics an archi- RAM: 16GB
PDEs(zZhang et al., tecture

2024¢)
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ID Title Stars  Cit# Domain Key Dist. Resource T1 T2 T3
18447 MogaNet: Multi-order 220 66 Deep Learning propose RAM: 16GB; 5 5 6
Gated Aggregation GNNs an archi- GPUs: 1-4
Network(Li et al., tecture V100/A100
2024b)
19610 TopoMLP: A Simple 179 31 Applications propose GPUs: 1-2 RTX 9 3 3
yet Strong Pipeline for Robotics an archi- 2080+; RAM:
Driving Topology tecture 16GB
Reasoning(Wu et al.,
2023)
17388 AgentBench: 2406 174 Deep Learning proposea RAM:15GB;GPU: 3 3 2
Evaluating LLMs as LLMs dataset/li- 1; OpenAl API
Agents(Liu et al., brary
2023b)
18889 An Extensible 181 48 RL Multi-agent propose a RAM: 16GB; 5 0 O
Framework for Open new ML GPUs: 2; CUDA
Heterogeneous applica- compatible
Collaborative tion
Perception(Lu et al.,
2024b)
19128 CLIPSelf: Vision 183 70 Applications proposea RAM:8GB;GPU:1 3 3 5
Transformer for Dense Computer Vision new ML
Prediction(Wu et al., applica-
2024) tion
18660 TorchRL: A 2570 46 RL Deep RL propose a RAM: 8GB; 5 0 0
data-driven dataset/li- GPUs
decision-making brary recommended; API
library for access may be
PyTorch(Bou et al., needed
2023)
19209 Large Language 506 829 Optimization proposea likely RAM-heavy; 0 0 5
Models as Learning for new ML API keys required;
Optimizers(Yang Optimization applica-  GPUs recommended
etal., 2024a) tion
18439 Smooth ECE: 139 21 Probabilistic proposea  standardmemory 3 0 O
Principled Reliability Methods new ML for Python scripts
Diagrams via Kernel Calibration applica-
Smoothing(B asiok & tion
Nakkiran, 2023)
17595 Zero Bubble (Almost) 344 13 Optimization Other memory: 16GB; 9 0 O
Pipeline Parallelism Parallel GPUs: 8
(Qi etal., 2024a)
18531 CivRealm: A 106 21 RL Multi-agent propose a RAM: 8-16GB; 1 4 3
Learning and dataset/li- GPU: 1;
Reasoning Odyssey brary Freeciv-web access
for Agents(Qi et al.,
2024b)
18540 Safe RLHF: Safe 1421 329 RL Safe RLHF proposea OpenAlAPI;GPUs: 4 3 2
Reinforcement training A800-80GB %8
Learning from Human algorithm
Feedback(Dai et al.,
2023)
19008  On the Humanity of 110 58 Social Aspects Other RAM: 8GB; 2 3 1
Conversational Al: Trustworthy ML OpenAl API; GPU
Evaluating the recommended
Psychological
Portrayal of
LLMs(Huang et al.,
2023a)
Table 5: NeurlPS 2024 Papers
ID Title Stars  Cit# Domain Key Dist. Resource T1 T2 T3
93022 Generative Modeling 144 13 Generative Models  propose  GPUsnotspecied, 8 0 0
of Molecular New Approaches an archi- but PyTorch and
Dynamics tecture related libraries
Trajectories(Jing et al., suggest a need for a
2024a) CUDA-compatible

GPU. Memory
requirements
unspeci ed.

21



Published as a conference paper at ICLR 2026

ID Title Stars  Cit# Domain Key Dist. Resource T1 T2 T3
93431 Trace is the Next 492 9 Optimization propose memoryneeded:8 6 3 3
AutoDiff: Generative Generative Models  an archi- GB RAM
Optimization with tecture minimum, OpenAl
Rich Feedback, API key required,
Execution Traces, and GPU: 1 x NVIDIA
LLMs(Cheng et al., GPU
2024) recommended,
98316 Causal-learn: Causal 1287 96 Causality propose  memoryneeded: 3 5 2
Discovery in an archi-  Standard (depends
Python(Zheng et al., tecture on the dataset),
2023) GPU: Not required,
95333 3DGS-Enhancer: 170 16 Computer Vision propose memory needed: 3 2 3
Enhancing Video Generation an archi- 16GB, Yes, GPU
Unbounded 3D tecture type: NVIDIA,
Gaussian Splatting GPU amount: 1,
with View-consistent
2D Diffusion
Priors(Liu et al.,
2024c)
98326 TorchOpt: An 570 17 Optimization propose memory needed: 2 4 3
Ef cient Library for Zero-order and an archi- Atleast 8GB RAM,
Differentiable Black-box tecture GPU type:
Optimization(Ren Optimization NVIDIA, GPU
etal., 2022) amount: 1,
98318 BenchMARL: 351 30 Reinforcement proposea  memoryneeded: 4 4 1
Benchmarking Learning dataset  Atleast 8GB RAM
Multi-Agent Multi-agent recommended,
Reinforcement GPU: 1x NVIDIA
Learning(Bettini et al., GPU (e.g., GTX
2024) 1080 or better),
95818  Classi cation Done 200 2 Multimodal Models proposea memoryneeded: 5 3 4
Right for dataset 16 GB, GPU type:
Vision-Language NVIDIA V100,
Pre-Training(Huang GPU amount: 1,
etal., 2024b)
95974 Reasoning 107 2 Reinforcement proposea memoryneeded:8 3 4 2
Multi-Agent Learning dataset GB RAM
Behavioral Topology Multi-agent minimum, GPU: 1
for Interactive NVIDIA GPU
Autonomous recommended,
Driving(Liu et al.,
2024a)
97514 HEST-1k: A Dataset 236 36 Computational proposea  memoryneeded: 3 4 2
For Spatial Biology dataset 2GB, GPU type:
Transcriptomics and NVIDIA, GPU
Histology Image amount: 1,
Analysis(Jaume et al.,
2024)
97649 JaxMARL: 520 20 Reinforcement propose a memory needed: 2 4 1
Multi-Agent RL Learning dataset 8GB RAM
Environments and Multi-agent minimum, GPU: 1
Algorithms in NVIDIA GPU
JAX(Rutherford et al., (recommended),
2024)
97713 WorkArena++: 164 6 Theory propose a memoryneeded: 0 3 5
Towards Reinforcement dataset 8GB, GPU: 1,
Compositional Learning and
Planning and Planning
Reasoning-based
Common Knowledge
Work Tasks(Boisvert
etal., 2025)
93219 HAWK: Learning to 177 13 Computer propose a memoryneeded: 3 0 O
Understand Vision Video dataset Not speci ed, but
Open-World Video Understanding requires
Anomalies(Tang et al., high-performance
2024) GPUs for training.,
GPU: 4 x RTX
AB000 48G,
94065 NeuRodin: A 117 6 Computer Vision propose a memory needed: 4 4 2
Two-stage Framework 3D Reconstruction dataset  Atleast 8GB, GPU

for High-Fidelity
Neural Surface
Reconstruction(Wang
et al., 2024d)

type: NVIDIA
GPU, GPU amount:
1 or more,
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ID Title Stars  Cit# Domain Key Dist. Resource T1 T2 T3
96264  Buffer of Thoughts: 608 47 Generative Models ~ propose memory needed: 1 4 11
Thought-Augmented Reasoning anarchi-  16GB, True, GPU
Reasoning with Large tecture type: NVIDIA,
Language GPU amount: 1,
Models(Yang et al.,
2024b)
96897 BAdam: A Memory 244 4 Optimization propose a memory needed: 6 3 3
Ef cient Full Large Scale, Parallel  dataset 23.5 GB for Llama
Parameter and Distributed 3-8B, 21.8 GB for
Optimization Method Llama 2-7B, GPU
for Large Language type: RTX3090,
Models(Luo et al., GPU amount: 1,
2024)
94480 InfLLM: 335 38 Language propose memory needed: 4 3 8
Training-Free Knowledge an archi- Minimum 16 GB
Long-Context tecture GPU memory,
Extrapolation for GPU type:
LLMs with an NVIDIA, GPU
Ef cient Context amount: 1,
Memory(Xiao et al.,
2024)
93638 Self-playing 120 31 Generative Models proposea  memoryneeded: 0 2 5
Adversarial Language Reasoning dataset 40G per GPU,
Game Enhances LLM GPU type: A100,
Reasoning(Cheng GPU amount: 32,
etal., 2025)
94328 QuaRot: Outlier-Free 351 143 Deep Learning propose memory needed: 17 5 1
4-Bit Inference in Attention an archi- 16 GB, GPU type:
Rotated Mechanisms tecture NVIDIA A100,
LLMs(Ashkboos GPU amount: 1,
etal.,, 2024)
95262  MoE Jetpack: From 105 3 Deep Learning propose a memory needed: 1 3 8
Dense Checkpoints to Algorithms dataset Not speci ed, but
Adaptive Mixture of likely requires
Experts for Vision signi cant RAM
Tasks(Zhu et al., for training., GPU
2024a) type: NVIDIA,
GPU amount: 4,
94391 CycleNet: Enhancing 133 15 Time Series propose memoryneeded: 7 3 4
Time Series an archi- Minimum of 16
Forecasting through tecture GB RAM, GPU: 1
Modeling Periodic NVIDIA GPU
Patterns(Lin et al., (e.g., Tesla V100 or
2024) equivalent),
96893 Seg\ol: Universaland 295 48 Computer Vision propose memoryneeded: 6 3 1
Interactive Volumetric Segmentation an archi- 16GB, GPU type:
Medical Image tecture NVIDIA, GPU
Segmentation(Du amount: 1,
etal., 2025)
94155 Voxel Mamba: 110 26 Computer Vision propose a memoryneeded: 2 4 5
Group-Free State 3D Object Detection  dataset Not speci ed, but
Space Models for high memory usage
Point Cloud based 3D expected due to
Object multi-GPU
Detection(Zhang et al., training, GPU type:
2024a) NVIDIA A100,
GPU amount: 8,
97431 Bag of Tricks: 122 15 Trustworthy proposea Requiresaccessto 12 0 O
Benchmarking of Machine Learning dataset multiple GPUs (50
Jailbreak Attacks on A800 GPUs
LLMs(Xu et al., 2024) recommended);
approximately
55,000 GPU hours
for experiments.
97791 The Multimodal 379 2 Multimodal Models proposea memoryneeded: 4 3 1
Universe: Enabling dataset 64 GB RAM, GPU:

Large-Scale Machine
Learning with 100 TB
of Astronomical

Scienti ¢
Data(Collaboration
etal., 2024)

2 NVIDIA A100,
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ID Title Stars  Cit# Domain Key Dist. Resource T1 T2 T3
97609 DrivAerNet++: A 274 20 Datasets and propose a memoryneeded: 2 0 O
Large-Scale Benchmarks dataset 1000 GB, GPU: 2
Multimodal Car NVIDIA GPUs
Dataset with (e.g., RTX 3090 or
Computational Fluid equivalent),

Dynamics Simulations
and Deep Learning
Benchmarks(Elrefaie

etal., 2025)
97674 Needle In A 112 20 Multimodal Models proposea memoryneeded: 3 0 O
Multimodal dataset not speci ed, GPU
Haystack(Wang et al., type: NVIDIA,
2024b) GPU amount: 8,
97882 The Well: a 761 8 Physical Models propose a memoryneeded: 3 0 O
Large-Scale Physics dataset 16GB, GPU type:
Collection of Diverse NVIDIA CUDA,
Physics Simulations GPU amount: 1,
for Machine
Learning(Ohana et al.,
2025)

C SOCIETAL IMPACT

The advancement of Al agents capable of conducting Al research, as facilitated by benchmarks like
EXP-Bench, offers positive societal impacts. It might signi cantly shorten innovation cycles within

Al itself and lead to more rapid advancements in machine learning capabilities. While a faster pace
of Al development can also democratize research tools and improve overall scienti c ef ciency, it
concurrently ampli es the importance of addressing potential negative societal consequences. On
the other hand, the rapid evolution of Al capabilities heightens risks, where we need to be careful
about potential misuse, algorithmic bias, and the evolving role of human researchers, alongside the
development of robust governance.

D THE USE OF LARGE LANGUAGE MODELS (LLMS)

In accordance with the ICLR 2026 guidelines on LLM usage, we disclose that LLMs were used solely
for grammar and style checking during the preparation of this manuscript. No LLMs contributed to
research ideation, experimental design, analysis, or substantive writing.

24



Published as a conference paper at ICLR 2026

E AVERAGE SCORES ACROSS ALL PAPER CATEGORIES

De ntions. Comp. Biology refers to Computational Biology. CV refers to Computer Vision. D & B
refers to Datasets & Benchmarks. Gen. Models refers to Generative Models. Proba. Methods refers
to Probabilistic Methods. RL refers to Reinforcement Learning.

Addendum. Table. 6 contains updated values for IA+3.5 Haiku for the Applications and Reinforce-
ment Learning categories.

Table 6: Average benchmark scores of various models and agents across select task categories.
Evaluation performed against EXP-Bench.

Category Agent Model D I E I-E C | AlIX AlX-E
Applications OH NovaPro | 19.2 239 19.0 0.0 139 0.0 0.0
Applications OH 03-mini 9.0 8.0 0.0 0.0 8.3 0.0 0.0

Applications OH 35Haku | 10.2 245 8.3 5.6 8.3 0.0 0.0
Applications OH 3.7Sonnet | 9.0 26.8 30.8 7.7 8.3 2.8 0.0

Applications IA Nova Pro 0.0 938 5.0 0.0 0.0 0.0 0.0
Applications IA 3.5 Haiku 6.8 323 333 167 00 0.0 0.0
Applications OH | DeepSeekR1 3.1 43 0.0 0.0 0.0/ 0.0 0.0
Causality OH 03-mini 37.8 446 222 111 444111 11.1
Causality OH 3.7Sonnet | 36.6 83.1 889 66.7 444 0.0 0.0
Causality IA 3.5Haiku | 23.1 40.6 40.0 0.0 20.0 0.0 0.0
Causality 1A Nova Pro 0.0 117 20.0 0.0 0.0, 0.0 0.0
Causality OH 3.5Haiku | 48.7 36.6 0.0 0.0 333 0.0 0.0
Causality OH NovaPro | 17.7 149 0.0 0.0 11.1 0.0 0.0
Causality OH | DeepSeekR1 10.0 18.7 0.0 0.0 0.0, 0.0 0.0
Comp. Biology | OH 03-mini 37.0 303 111 0.0 444111 0.0
Comp. Biology IA Nova Pro 00 16.7 200 0.0 0.0, 0.0 0.0

Comp. Biology IA 3.5 Haiku 32 78 0.0 0.0 0.0 0.0 0.0
Comp. Biology | OH NovaPro | 31.2 29.3 0.0 0.0 333 0.0 0.0
Comp. Biology | OH 3.5 Haiku 48 9.7 0.0 00 111 0.0 0.0
Comp. Biology | OH 3.7Sonnet | 48 111 0.0 0.0 111 0.0 0.0
Comp. Biology | OH | DeepSeekR1 12.2 22.1 0.0 0.0 0.0, 0.0 0.0

cv OH NovaPro | 248 209 429 00 282 0.0 0.0

Ccv OH 3.7 Sonnet | 185 289 18.2 91 212 0.0 0.0

Ccv OH 03-mini 115 93 51 26 128 0.0 0.0

Ccv OH 3.5Haiku | 15,9 283 45 0.0 128 0.0 0.0

Ccv OH | DeepSeekR1 58 11.2 0.0 0.0 2.6/ 0.0 0.0

Ccv IA Nova Pro 00 53 286 0.0 0.0, 0.0 0.0

Ccv IA 3.5 Haiku 6.4 174 0.0 0.0 0.0, 0.0 0.0
D&B IA Nova Pro 00 0.0 0.0 0.0 0.0/ 0.0 0.0
D&B OH 03-mini 00 465 0.0 0.0 0.0, 0.0 0.0
D&B OH | DeepSeekR1 0.0 0.0 0.0 0.0 0.0/ 0.0 0.0
D&B OH 3.5 Haiku 00 0.0 0.0 0.0 0.0/ 0.0 0.0
D&B OH 3.7Sonnet | 19.0 895 500 500 0.0 0.0 0.0
D&B OH Nova Pro 00 0.0 0.0 0.0 0.0/ 0.0 0.0
Deep Learning| OH 03-mini 176 141 134 09 20% 0.0 0.0
Deep Learning| OH 3.5Haiku | 20.2 253 128 1.3 152 0.0 0.0
Deep Learning| OH 3.7Sonnet | 17.2 374 37.1 57 143 09 0.0

Deep Learning| OH | DeepSeekR1 7.4 6.3 0.0 0.0 22| 0.0 0.0
Deep Learning 1A Nova Pro 00 92 217 0.0 0.0/ 0.0 0.0
Deep Learning | IA 3.5 Haiku 94 169 149 0.0 0.0/ 0.0 0.0
Deep Learning| OH Nova Pro 164 165 0.0 0.0 16.1 0.0 0.0

Gen. Models OH 03-mini 236 279 304 174 29.0 6.5 4.3
Gen. Models OH 3.7Sonnet | 176 25.8 26.1 13.0 7.4 0.0 0.0
Gen. Models IA 3.5 Haiku 54 248 455 273 3.0 0.0 0.0
Gen. Models 1A Nova Pro 0.0 139 10.0 0.0 0.0 0.0 0.0

Gen. Models OH | DeepSeek Rl 9.2 19:2 0.0 0.0 0.0, 0.0 0.0
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F EXTENDED EXP-BENCH EXAMPLES

This section presents two extended examples from EXP-Bench: a question concerning robust detection
in collaborative perception under imperfect localization, and a question focused on implementing a
Time Delay Neural Network (TDNN) for automatic speech recognition. Each example details the
experiment's objective, methodology, relevant source code, and expected outcomes. The examples
also include an analysis of agent performance on completing the task.

F.1 EXAMPLE 1: ROBUST DETECTION IN COLLABORATIVE PERCEPTION

This example question was extended from the paper An Extensible Framework for Open Heteroge-
neous Collaborative Perception (Lu et al., 2024b).

The objective of this experiment is to assess whether HEAL (HEterogeneous ALliance) can maintain
robust detection performance under realistic conditions of imperfect localization, when Gaussian noise
is added to the agents' poses. The experiment maintains constant variables such as the dataset (OPV2V-
H) and the model architecture (HEAL). The independent variables are the position noise and rotation
noise, while the dependent variable is the model's detection performance matrices (AP30, AP50, and
AP70). Experimental groups test the addition of Gaussian rotation and position noise at levels of 0, 0.2,
0.4, and 0.6 meters/degrees to accurate poses. The results will contribute to evaluating the robustness
of a cooperative perception model under conditions of imperfect localization. EXP-Bench extends
this task from the original papesection 5.3 QUANTITATIVE RESULTS and utilizes the

source codefworkspace/opencood/tools/inference_w_noise.py from the GitHub
repositoryhttps://github.com/yifanlu0227/HEAL . Note that'workspace/  refers to

the working directory from the agent's initialization context.

The general formulation of the task includes the question posted to the agent, the overall method of
the experiment, the source of this question (speci cally the section in the paper and the source code),
and the expected outcome. This is illustrated in Fig. 7a.

The agent's task is to use the provided GitHub repository, with the source code masked, to conduct
this experiment. To aid the agent in reconstructing the masked le, detailed instructions are provided,
as shown in Fig. 7b.

Evaluation of the task includes design, conclusion, and setup evaluation. The conclusion appears in
the “expected outcome' in Fig. 7a. Design and setup evaluation are based on “design complexity' and
‘requirements' respectively, shown in Fig 8.

An example agent output using the bedrock-us-anthropic-claude-3-7-sonnet-20250219-v1-0 LLM as

a backbone is showcased here. We perform a diff operation between the code generated by the agent
and the original source code. As this agent reconstructs several les to ful | the task requirement,
we focus on a diff operation between the core reconstructedeval(iate_robustness.py )

and the source leifference_w_noise.py ), shown in Fig. 9. The two les share the same
functional goal and have a similar overall structure; however, the agent performs invalid operations
in another le (eproduce_exp_bench.sh ), leading to a failure in completing the task. The
detailed reasoning provided by the judge is illustrated in Fig. 10.
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(a) The formulation of the task question.

(b) Instructions provided to the agent.

Figure 7: Task Fields for Example 1.
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Figure 8: Evaluation of the design and setup for the Extended Task in Example 1.
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Figure 9: Example 1's Git diff comparing the masked source le and the agent-reconstructed source
code. Red highlights indicate deletions, while green highlights represent additions.
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