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Abstract
Autonomous agents are increasingly expected to
support scientific research, and recent benchmarks
report progress in code repair and autonomous ex-
perimentation. However, these evaluations typi-
cally assume a pre-configured execution environ-
ment, which requires resolving complex software
dependencies, aligning hardware and framework
versions, and configuring distributed execution, yet
this capability remains largely unbenchmarked. We
introduce ResearchEnvBench, a benchmark for en-
vironment synthesis in research code execution.
Given a research repository, documentation, and a
target execution setting, agents must construct an
environment that successfully executes at runtime.
Evaluations on diverse research repositories reveal
a substantial gap in current SOTA agents, with fail-
ures dominated by incomplete dependency reso-
lution and brittle version coupling. ResearchEn-
vBench provides a realistic testbed for advancing
autonomous agents toward reproducible scientific
research.

1 Introduction
Recent work has studied autonomous software engineering
and scientific discovery. Agents have demonstrated remark-
able proficiency in complex tasks, ranging from repository-
level bug fixing [Jimenez et al., 2024; Yang et al., 2024]
to autonomous machine learning experimentation [Chan et
al., 2025; Edwards et al., 2025]. However, these evalu-
ations predominantly operate within a crucial abstraction:
they assume the existence of a functional, pre-configured ex-
ecution environment. In practical research scenarios, par-
ticularly within Deep Learning (DL) and High-Performance
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Computing (HPC), this assumption rarely holds. Resolving
the dependency problem of Python libraries, aligning CUDA
drivers with framework versions, and configuring distributed
communication primitives, remains a notorious bottleneck
(Figure 1). Without the capability to autonomously bridge
this pre-execution barrier, an agent’s ability to modify code
or propose experiments remains theoretically promising but
practically unverifiable.

However, benchmarking this environment set up capability
remains fundamentally unresolved, particularly for research-
grade machine learning codebases. Configuring these envi-
ronments requires resolving system-level dependencies, such
as aligning CUDA drivers with PyTorch versions, compiling
custom C++ extensions, and configuring distributed commu-
nication primitives. Existing benchmarks fail to capture this
runtime complexity. For instance, EnvBench [Eliseeva et al.,
2025] evaluates setup success primarily through static analy-
sis (checking for missing imports), a metric that cannot detect
runtime failures caused by binary incompatibilities or hard-
ware mismatches. Similarly, while Multi-Docker-Eval [Fu et
al., 2025] and Repo2Run [Hu et al., 2025] assess container
build success rates, they do not enforce the rigorous runtime
verification required to ensure that the constructed environ-
ment can actually execute computations on hardware acceler-
ators. This evaluation gap leaves us without a reliable mea-
sure of an agent’s ability to truly reproduce scientific experi-
ments “in the wild”.

To bridge this gap, we introduce ResearchEnvBench, a
benchmark designed to evaluate the runtime reproducibility
of deep learning research environments. Unlike prior datasets
that focus on general software packages, we curate a set of
44 high-quality research repositories created after January 1,
2024. These repositories are selected for their complexity,
involving heavy hardware dependencies, custom CUDA ker-
nels, and distributed training requirements. To evaluate agent
performance, we propose the pyramid of runtime verification,
a hierarchical evaluation pipeline that moves beyond simple
installation checks. Our protocol strictly enforces a sequence
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Figure 1: Agentic closed-loop resolution of research environments under implicit constraints. From a raw repository, an LLM-driven
agent observes execution signals, diagnoses dependency and compatibility failures, edits the environment, and re-runs probes until it reaches a
research-ready state. The dependency stack highlights downward compatibility constraints (Python → system → CUDA → driver/hardware)
and upward failures in logs/tracebacks. Evaluation reports importability (C0), runtime CPU/GPU checks (C1–C4), and auditable reports and
logs (C5).

of validation levels: from static dependency integrity, to hard-
ware alignment, and finally to distributed readiness. Further-
more, we introduce metrics to quantify capability halluci-
nation, measuring the discrepancy between an agent’s self-
reported success and the ground-truth runtime status.

In summary, our contributions are as follows:

1. A Hardened Benchmark for Research Environment
Synthesis: We release ResearchEnvBench, a curated
dataset of 44 high-complexity research repositories cre-
ated after January 1, 2024. Unlike previous benchmarks
that filter for general Python projects, our dataset specif-
ically targets repositories with intricate hardware depen-
dencies, custom CUDA kernels, and distributed training
requirements, reflecting the challenges of real-world sci-
entific research code.

2. The Pyramid of Runtime Verification: We propose
a rigorous evaluation protocol that moves beyond static
analysis. We formalize environment setup as a hierarchi-
cal capability ladder, requiring agents to pass a sequence
of checks ranging from dependency integrity to multi-
GPU distributed data parallel (DDP) execution. Ad-
ditionally, we introduce a capability hallucination met-
ric to quantify the discrepancy between an agent’s self-
reported success and ground-truth executability.

3. Benchmarking SOTA Agents: We conduct a compre-
hensive evaluation of five state-of-the-art agent settings
on ResearchEnvBench and find a steep drop from hard-
ware alignment to true entrypoint execution (best multi-
GPU validation success rate is 37.5%), alongside large

differences in self-report reliability (where conservative
null reporting can reduce hallucination false positives
compared to optimistic ok claims).

2 Related Work
Recent advances have propelled LLM-based agents from
function-level code generation [Chen et al., 2021] to
repository-scale software engineering [Jimenez et al., 2024;
Yang et al., 2024] and autonomous scientific discovery [Ya-
mada et al., 2025; Mitchener et al., 2025; Ghareeb et al.,
2025]. While agents demonstrate growing proficiency in
modifying code logic and iterating on experiments, a crit-
ical precursor remains under-evaluated: the ability to au-
tonomously bootstrap the execution environment itself. Re-
searchEnvBench targets this gap, evaluating whether agents
can establish reproducible runtime states for complex re-
search repositories without human intervention.

2.1 Software Maintenance & Evolution
Benchmarks in this category evaluate an agent’s ability to
modify code logic to fix bugs or add features. SWE-
bench [Jimenez et al., 2024] established the standard for is-
sue resolution, recently extended by SWE-Smith [Yang et al.,
2025] and R2E-Gym [Jain et al., 2025] which use synthetic
data to scale evaluation. Multi-SWE-bench [Zan et al., 2025]
and SWE-bench-multilingual [Yang et al., 2025] further ex-
pand this to multilingual settings. However, these bench-
marks typically operate within pre-built Docker containers
where dependencies are already satisfied. They incentivize
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modifying source code to pass unit tests. In contrast, Re-
searchEnvBench operates under a no-modification constraint
on tracked files, but allows adding auxiliary files, assessing
the agent’s ability to construct a research-ready environment.

2.2 Agents for Scientific Discovery
Automating the machine learning research pipeline is a surg-
ing area. MLE-bench [Chan et al., 2025] evaluates agents
on 75 Kaggle competitions, focusing on model performance
metrics. RExBench [Edwards et al., 2025] and SciCode [Tian
et al., 2024] assess agents on implementing novel research
extensions or solving scientific problems. While these bench-
marks evaluate the research capability, they often bypass the
“MLOps” Challenge by providing simplified environments.
ResearchEnvBench complements these works by isolating
the environment bootstrap phase. We verify whether agents
can handle the specific dependency problem of modern AI re-
search (e.g., FlashAttention compilation, NCCL linking) be-
fore any experiment can begin.

2.3 Automated Environment Setup
The most relevant recent works focus explicitly on environ-
ment configuration. EnvBench [Eliseeva et al., 2025] pro-
vides a large-scale evaluation for Python and JVM reposi-
tories but relies on static analysis (missing imports check)
rather than execution. SetupBench [Arora et al., 2025] eval-
uates system administration tasks like database setup, but fo-
cuses on general DevOps rather than Deep Learning stacks.
Multi-Docker-Eval [Fu et al., 2025] and Repo2Run [Hu et
al., 2025] assess Docker build success rates across multiple
languages. Our work distinguishes itself through its Pyramid
of Runtime Verification. Unlike Multi-Docker-Eval, which
targets build success, or SetupBench, which targets general
services, we explicitly verify GPU-executable runtime cor-
rectness. We require agents to prove CUDA Alignment and
Distributed Readiness, capabilities that are critical for AI
research but absent in general software engineering bench-
marks.

3 ResearchEnvBench
3.1 Task Formulation
We formalize ResearchEnvBench as an interactive, multi-turn
stage transition problem. The objective is to evaluate an
agent’s ability to autonomously transform a raw, unconfig-
ured environment into a “Research-Readiness” stage capable
of executing complex ML experiments.

Problem Definition
Let ϵ0 denote the initial environment state (a bare-metal
Docker container with CUDA drivers but no repository-
specific dependencies) and R denote the target research
repository. The task is a Markov Decision Process (MDP)
where the agent interacts with the environment over T time
steps to produce a final state ϵT .

• The Agent Interface (Action Space A): Unlike prior
environment-focused benchmarks that restrict agents
to static setup scripts such as Installamatic [Milliken

et al., 2024] or shell-only interaction such as Setup-
Bench [Arora et al., 2025], ResearchEnvBench provides
a compound toolset that combines shell execution with
precise file editing, consistent with modern software en-
gineering agents such as SWE-agent [Yang et al., 2024].
At each step t, the agent selects an action at ∈ A, which
includes:

– Shell Interaction: Executing shell commands to
install dependencies and run build steps.

– File Navigation & Reading: Navigating the repos-
itory and reading dependency manifests such as
requirements.txt.

– Code Editing: Editing files to create auxiliary
setup scripts but not modifying tracked source
code.

• State Transition: The environment transitions from
state ϵt to ϵt+1 based on the agent’s action at. The
agent receives an observation ot+1 consisting of com-
mand outputs and file contents, which serves as feedback
for the next step.

• Goal State: The goal is to reach a converged state
ϵfinal that satisfies the requirement of research imple-
ment. Specifically, ϵfinal must be a directly operable
Docker image where the repository’s training and in-
ference entry points can be executed successfully once
the required datasets are available (e.g., downloaded or
mounted) without further manual dependency installa-
tion or environment configuration.

Verification Protocol
Upon task completion, we freeze the state ϵfinal and inject a
suite of hidden verification probes. We evaluate each environ-
ment using the ResearchEnvBench Pyramid of Validation,
where C0 is an auxiliary static check and C1–C4 are runtime
validations:

1. Static Integrity (C0): Missing imports reported by
pyright (reportMissingImports), reported as
missing/total imports.

2. Runtime Integrity (C1): The environment supports
CPU execution of the model’s entry point.

3. Hardware Alignment (C2): The environment correctly
maps framework binaries such as PyTorch to the under-
lying NVIDIA drivers.

4. Single-GPU Computation (C3): The environment sup-
ports actual computation on a single GPU.

5. Distributed Readiness (C4): (For supported repos) The
environment is configured to support multi-GPU dis-
tributed data parallel (DDP) execution, a stringent re-
quirement for modern AI research.

6. Hallucination (C5): Quantifies discrepancies between
the agent’s self-report and the ground-truth outcomes
from hidden probes (paths, versions, and claimed capa-
bilities).
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3.2 Dataset Construction
ResearchEnvBench targets the long-tail of complex,
hardware-sensitive AI research code. We constructed our
dataset through a rigorous pipeline that filters for research
integrity, hardware awareness, and reproducibility feasibility
(Table 1).

Sourcing and Automated Triage
We initiated our collection from GitHub, targeting Python
repositories created after January 1, 2024. This temporal
constraint ensures our benchmark evaluates agents against
modern library ecosystems such as PyTorch 2.x, avoiding
stale dependency trees common in older datasets.

From an initial pool of candidates, we employed a cus-
tom static analysis tool to programmatically filter repositories
based on three dimensions of evidence:

1. Research Integrity Signals: We filtered for repos-
itories containing explicit research artifacts in their
README.md. The triage script searches for research-
oriented keywords such as “arXiv” to verify the reposi-
tory is intended for AI scientific contribution rather than
general utility.

2. Hardware & Distributed Semantics: A unique feature
of ResearchEnvBench is the mandatory requirement for
hardware acceleration. The triage script scans the file
tree for signatures of high-performance computing:

◦ GPU Dependency: Presence of GPU-specific key-
words such as torch.cuda.

◦ Distributed Training: Detection of distributed
training primitives.

◦ Compilation Complexity: Identification of
CUDA source files, indicating custom operator
compilation.

3. Hard Constraints: To ensure quality, we enforced
strict thresholds: at least 100 GitHub stars, no archived
projects, and non-forked repositories.

Final Dataset Composition
From the candidates, 44 repositories passed all automated
checks and manual verification for execution feasibility.
While smaller in raw count compared to static analysis bench-
marks, this scale is consistent with state-of-the-art execution-
based benchmarks such as Multi-Docker-Eval [Fu et al.,
2025] (40 repos) and SetupBench [Arora et al., 2025] (54
repos).

Crucially, ResearchEnvBench prioritizes validation depth
over breadth. Nearly all selected repositories in our final set
(43/44) support at least single-GPU execution, and a substan-
tial subset additionally supports multi-GPU distributed data
parallel (DDP) execution. The final dataset spans eight cat-
egories of modern ML research codebases (Figure 2), with
proportions computed by repository count. Overall, it cov-
ers both model-centric workloads (e.g., generative vision,
depth estimation, audio/speech) and system-centric stacks
(e.g., LLM inference/acceleration and training infrastruc-
ture), which jointly stress dependency closure, CUDA align-
ment, and distributed readiness.

LLM
inf

DepthDocAI

Train
Eng

Ge
nV

is

Audio

Apps

Eval

VisMM

Figure 2: Repository composition of ResearchEnvBench. We
curate 44 post-2024 ML research repositories spanning eight cat-
egories: GenVis (generative vision), Depth (depth estimation),
Audio (audio & speech), LLM-Inf (LLM inference & accelera-
tion), TrainEng (training & engineering frameworks), VisMM (vi-
sion/multimodal foundations), DocAI (document AI / OCR / trans-
lation), and AppsEval (applications & evaluation). Slice sizes de-
note the fraction of repositories per category by count, and each slice
shows a representative flagship repository from that category.

This diversity ensures agents are tested against a wide spec-
trum of dependency graphs, ranging from standard PyTorch
ecosystems to complex environments requiring the compila-
tion of custom kernels and distributed communication primi-
tives.

3.3 Evaluation Metrics & Pipeline
To rigorously assess the “Research Readiness” of the synthe-
sized environments, we design a hierarchical runtime verifi-
cation pipeline and a novel metric to quantify agent halluci-
nations.

The Pyramid of Runtime Verification
Unlike prior works that rely on static build success signals
such as Docker exit codes [Fu et al., 2025], ResearchEn-
vBench enforces a strict, multi-stage protocol visualized in
Figure 3. The execution is orchestrated by a serial protocol
(run_all.sh) that evaluates a hierarchy of environment
capabilities. We verify correctness across C0–C4 (increasing
runtime strictness) and additionally measure C5 (capability
hallucination), which captures false success claims.

• C0: Static Dependency Integrity. Follow-
ing EnvBench [Eliseeva et al., 2025], we run
pyright and count missing-import diagnostics
(reportMissingImports), reported as missing
imports over total imports. We treat this as an auxiliary
proxy for dependency closure; overall readiness is
determined by the runtime stages (C1–C4).

• C1: Minimal CPU Execution. Following environment
synthesis, we require the model’s entry point (training
or inference) to execute on CPU under the smallest fea-
sible configuration. This validates that the resolved de-
pendency graph is internally consistent, independent of
hardware acceleration.

• C2: Hardware Alignment. We verify that the installed
deep learning framework matches the underlying driver

PRELIMINARY PREPRINT VERSION – DO NOT CITE
This is not the version of record. The final version will appear in the Proceedings of IJCAI-ECAI 2026.

IJ
CA

I-E
CA

I 2
02
6
PR
EP
RI
N
T



Benchmark Repos Langs Domain HW Aware Evaluation

Installamatic [Milliken et al., 2024] 40 Py Gen. SWE ✗ Build success
EnvBench [Eliseeva et al., 2025] 994 Py, JVM Gen. SWE ✗ Missing imports
SUPER [Bogin et al., 2024] 45 Py ML ✗ CPU execution
Multi-Docker-Eval [Fu et al., 2025] 40 9 langs Gen. SWE ✗ Build + tests
SetupBench [Arora et al., 2025] 54 7 langs DevOps ✗ Functional checks

ResearchEnvBench (Ours) 44 Py, C++ AI/HPC ✓ Runtime pyramid (C0–C4)

Table 1: Comparison of ResearchEnvBench with state-of-the-art environment setup and execution benchmarks. Prior benchmarks often target
general software engineering (Gen. SWE) or DevOps (development/operations) and evaluate via build success, missing-import checks, unit
tests (e.g., pytest), or functional checks; ResearchEnvBench focuses on AI/HPC research and uses a hardware-aware runtime pyramid
(C0–C4).

C4

C3

C2

C1

C0

Time

Token

Envsize

C5

Agent-Report

Efficiency
Metrics

VS
 Real Env

Figure 3: The Pyramid of Runtime Verification. We structure en-
vironment synthesis into a hierarchy of increasing complexity, rang-
ing from static dependency resolution (C0) to multi-GPU distributed
training (C4). The right panel illustrates our auxiliary metrics: Ef-
ficiency (Time, Token, Size) and Capability Hallucination (C5),
which quantifies the discrepancy between the agent’s self-reported
success (Report) and the ground-truth execution (Real Result).

version. The environment must pass a cuda-check probe,
ensuring it can access the GPU device.

• C3: Single-GPU Computation. The environment must
support actual kernel execution on a GPU. This stage
catches common version mismatches (e.g., torch com-
piled with an incompatible CUDA version) that only sur-
face during tensor allocation.

• C4: Distributed Readiness. For repositories support-
ing distributed training, we enforce a multi-GPU check
using standard launchers. This verifies the correct con-
figuration of distributed communication primitives like
NCCL, representing the highest standard of research re-
producibility.

Applicability and Scoring

Not all repositories admit every capability. For repositories
without a runnable CPU-only entry point, we treat C1 as
skipped; for repositories without multi-GPU distributed sup-
port, we treat C4 as skipped. Skipped capabilities are ex-
cluded from the denominator when computing aggregate suc-
cess rates.

Quantifying Capability Hallucination (C5)
Agents often exhibit overconfidence, claiming tasks are com-
plete when underlying configurations are broken. We intro-
duce Capability Hallucination to quantify the discrepancy
between the agent’s self-report and the observed reality.

The agent is required to generate a structured report sum-
marizing the environment state after synthesis. We classify
hallucination into three categories:

1. Path Hallucination: The reported python path does not
exist or is not executable.

2. Version Hallucination: The reported library versions
like torch_version differ from the actual versions de-
tected by our hidden probes.

3. Capability Hallucination: A critical mismatch where
the agent claims a capability is enabled but the cor-
responding runtime verification (e.g., C2 or C4) fails.
We record a hallucination whenever the agent claims
the check after environment setup passes but the probe
fails. This metric directly measures how trustworthy an
agent’s completion claims are.

Efficiency Metrics
Beyond correctness, we measure the cost of environment syn-
thesis:

• Time-to-Ready: Total wall-clock time from task initia-
tion to agent execution end.

• Token Cost: Total number of tokens consumed during
the interaction.

• Environment Size: Total size of the constructed envi-
ronment, encouraging lightweight dependency manage-
ment.

4 Experiment
We conduct a comprehensive evaluation of state-of-the-art
LLM agents on ResearchEnvBench to assess their ability to
bootstrap complex ML research environments from scratch.

4.1 Experimental Setup
Evaluation Environment
To ensure reproducibility and prevent environment contam-
ination, each evaluation session is instantiated in a strictly
isolated Docker container. The environment is initialized as
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C0 C1 C2 C3 C4 C5 Hallucinations ↓

Agent missing/total ↓ CPU SR CUDA SR 1-GPU SR DDP SR path version cap. total

Codex (GPT-5.1-Codex) 675/2858 (23.6%) 17/29 (58.6%) 35/44 (79.5%) 19/43 (44.2%) 11/32 (34.4%) 0 0 4 4
Codex (GPT-5.3-Codex) 641/2858 (22.4%) 16/29 (55.2%) 26/44 (59.1%) 14/43 (32.6%) 9/32 (28.1%) 0 2 18 20

Claude Code Agent (GLM-4.7) 761/2858 (26.6%) 16/29 (55.2%) 40/44 (90.9%) 21/43 (48.8%) 12/32 (37.5%) 0 1 17 18
Claude Code Agent (Sonnet 4.5) 728/2858 (25.5%) 15/29 (51.7%) 41/44 (93.2%) 18/43 (41.9%) 12/32 (37.5%) 0 0 20 20

NexAU (DeepSeek-V3.1-Nex-N1) 722/2858 (25.3%) 16/29 (55.2%) 41/44 (93.2%) 21/43 (48.8%) 11/32 (34.4%) 1 1 14 16

Table 2: Main results on ResearchEnvBench. C0 reports missing imports over total imports after synthesis; C1–C4 report stage success rates
(success/total on applicable repositories). C5 counts hallucinations by type (Path/Version/Capability) and totals them (↓ is better).

a clean sandbox based on Ubuntu 22.04, equipped with 2×
NVIDIA RTX 4090 GPUs (24GB VRAM each) and CUDA
12.4 drivers (Version 550.163.01). Crucially, the sandbox
contains no pre-installed deep learning frameworks (e.g., Py-
Torch, TensorFlow) or build tools (e.g., CUDA Toolkit), test-
ing the ability of agents to install these from scratch.

Agent Execution Loop
We utilize a standardized Host Orchestrator to manage the
agent lifecycle. For each repository, the orchestrator initial-
izes a clean Docker container and clones the target repository,
then provides the agent with a standard interface supporting
shell execution, file reading, and file editing. The agent is
constrained by a maximum budget of time. Upon the execu-
tion completion signal (or upon timeout), the orchestrator im-
mediately revokes access and executes the pyramid verifica-
tion Pipeline (C0→C5) described in Section 3 via run_all.sh.

4.2 Baseline Agents
We evaluate five agent settings across four agent families. All
agents receive the same “Senior MLOps Engineer” instruc-
tion focused on reproducibility and verifiability.

1. Claude Code Agent (GLM-4.7): Claude Code tool-
ing [Anthropic, 2026] with the open-source GLM-4.7
model, which targets agentic coding and tool use [Zhipu
AI, 2025].

2. Claude Code Agent (Sonnet 4.5): The same Claude
Code tooling [Anthropic, 2026] with Claude Sonnet 4.5,
evaluated under identical interfaces and budgets.

3. Codex Agent (GPT-5.1-Codex and GPT-5.3-Codex):
Two Codex-style settings share the same agent inter-
face and tool access. GPT-5.1-Codex serves as a code-
specialized baseline [Chen et al., 2021]; GPT-5.3-Codex
tests whether a newer code-specialized model improves
runtime readiness beyond static dependency closure.

4. NexAU Agent (DeepSeek-V3.1-Nex-N1): The NexAU
framework [Team et al., 2025] with the open-source
DeepSeek-V3.1-Nex-N1 model, using iterative plan-
execute-verify loops over build and runtime tools.

4.3 Main Results
Table 2 summarizes missing-import statistics (C0), stage suc-
cess rates (C1–C4), and self-report hallucinations (C5).

Stage-wise executability. No single agent dominates the
runtime pyramid. Codex (GPT-5.1-Codex) attains the best
CPU execution rate (C1, 58.6%), NexAU and Claude (Son-
net 4.5) tie on CUDA alignment (C2, 93.2%), and the Claude
variants lead DDP readiness (C4, 37.5%). GPT-5.3-Codex
has the lowest missing-import rate but the weakest runtime
readiness (C2 59.1%, C3 32.6%, C4 28.1%), showing that
static closure does not guarantee accelerator builds, ABI
alignment, or entrypoint execution.

Hallucination behavior. C5 exposes self-report reliability
gaps. GPT-5.1-Codex produces 4 hallucinations, while GPT-
5.3-Codex, Claude Code (GLM-4.7), Claude Code (Sonnet
4.5), and NexAU produce 20, 18, 20, and 16, mostly ca-
pability hallucinations. GPT-5.3-Codex often reports capa-
bilities such as ddp_expected_ok=true after generic
CUDA/NCCL checks, while hidden repository-level multi-
GPU probes fail.

4.4 Ablation Study: Reasoning Effort
To isolate inference-time reasoning budget, we rerun GPT-
5.3-Codex with the same Codex agent interface under low,
medium, and xhigh settings. Table 3 reports static closure,
runtime readiness, hallucination, and resource metrics.

Higher reasoning effort improves runtime readiness: xhigh
gives the best C1–C4 results, especially for CUDA and
single-/multi-GPU execution, but also costs the most setup
time, disk space, and C5 hallucinations. Medium gives the
best static closure and lowest C5, while low is cheapest but
loses CPU and GPU entrypoint readiness. Reasoning budget
helps, but static closure, self-report calibration, runtime exe-
cutability, and resource cost do not improve monotonically.

5 Analysis
5.1 Failure Mode Analysis: The Gap Between

Existence and Readiness
We repeatedly observe an existence–readiness gap: agents
produce plausible environments under shallow checks, yet
native training/inference entrypoints still fail. The blockers
are repository-specific assumptions—native extensions, aux-
iliary toolchains, and mixed-framework stacks—that mani-
fests underspecify and real execution reveals.

The funnel of failure. Tab 2 shows the stage-wise drop
across C1–C4. CPU execution (C1) succeeds on only 51.7–
58.6% of applicable repositories. CUDA alignment (C2)
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Reasoning
C0

missing/total ↓
C1

CPU SR
C2

CUDA SR
C3

1-GPU SR
C4

DDP SR
C5

total ↓
Avg. Setup
Time (min)

Avg. Env
Size (GB)

Low 651/2858 (22.8%) 9/29 (31.0%) 19/44 (43.2%) 7/43 (16.3%) 5/32 (15.6%) 10 13.9 4.73
Medium 529/2858 (18.5%) 14/29 (48.3%) 18/44 (40.9%) 8/43 (18.6%) 5/32 (15.6%) 9 17.1 5.24
Xhigh 641/2858 (22.4%) 16/29 (55.2%) 26/44 (59.1%) 14/43 (32.6%) 9/32 (28.1%) 20 19.1 6.29

Table 3: GPT-5.3-Codex reasoning-effort ablation. All rows use the same Codex agent interface and ResearchEnvBench protocol, varying
only the model reasoning-effort setting. C1–C4 report success/total on applicable repositories.

reaches 93.2% for some settings, but success falls at single-
GPU execution (C3, 32.6–48.8%) and remains low for dis-
tributed execution (C4, 28.1–37.5%). GPU visibility is there-
fore necessary but insufficient.
A counterexample from GPT-5.3-Codex. GPT-5.3-Codex
illustrates the limits of static setup metrics: C0 = 0/90
on LMCache/LMCache still fails because requests is ab-
sent; microsoft/renderformer passes CPU/CUDA checks but
misses cuda.h and torchrun; yuanze-lin/Olympus fails
distributed execution through an invalid DeepSpeed launcher.
Static closure still misses toolchain, launcher, and entrypoint
requirements.
Dependency anatomy. Missing-module traces follow three
recurring categories:

• Native ops. CUDA/C++ operators must be built or ABI-
matched, e.g., mmcv._ext in sapiens, flash_attn
in nano-vllm, and lmcache.c_ops in LMCache.

• Auxiliary tooling. Utilities such as wandb and
tensorboard are hard dependencies on default train-
ing paths.

• Framework mix. Single-framework assumptions miss
jax, tensorflow, and similar dependencies.

Overall, agents optimize for generic setup rather than path-
aware readiness; this defines the gap between “it installs” and
“it runs”.

5.2 Capability Hallucination
Agents are also unreliable reporters. Comparing each
report.json against hidden probes reveals recurring
overconfidence (Table 2): agents infer readiness from clean
logs rather than verified execution.
Path & version mismatches. Even static facts drift:
Path Hallucination reports nonexistent executables (e.g.,
/usr/bin/python), and Version Hallucination reports
assumed package versions (e.g., torch 2.1.0+cu121).
Runtime false positives. The most damaging case is Capa-
bility Hallucination (C5): agents claim CUDA or DDP readi-
ness without matching smoke tests. In nano-vllm, the agent
reported inference readiness, but the first probe failed on a
missing flash_attn kernel.

5.3 Efficiency and Resource Cost
Beyond success rates, agent benchmarks must account for ef-
ficiency. Table 4 reports per-repository averages.

Setup time and disk footprint are non-monotonic. GPT-
5.3-Codex spends the most setup time (19.1 min) but obtains

Agent Setup Env. C4 SR

Codex-5.1 6.8 6.06 34.4 (11/32)
Codex-5.3 19.1 6.29 28.1 (9/32)
GLM-4.7 9.8 6.65 37.5 (12/32)

Sonnet-4.5 13.3 6.88 37.5 (12/32)
DeepSeek-V3.1-Nex-N1 9.2 6.55 34.4 (11/32)

Table 4: Resource Consumption Comparison. Agent labels abbrevi-
ate the five settings in Table 2. Setup is wall time in minutes, Env. is
environment size in GB, and C4 SR excludes inapplicable reposito-
ries.

the lowest C4 rate (28.1%), while smaller environments do
not reliably imply better runtime readiness.

Disk footprint proxies how targeted an agent’s dependency
choices are: broad installs rarely fix ABI-sensitive operators
and can increase version skew.

5.4 Case Study
We analyze facebookresearch/sapiens, where a CUDA-
visible stack still fails on an implicit native-operator de-
pendency. Both agents pass CUDA alignment (C2) but
fail when the training path imports mmcv.ops and cannot
load mmcv._ext (ModuleNotFoundError), blocking
C1 and thus C3/C4. The root cause is build-bound: shallow
checks can import mmcv, but the real path requires compiled
CUDA/C++ operators matched to the target PyTorch/CUDA
stack.

The failure is not due to insufficient effort. GPT-5.1-Codex
spends 12.4 minutes and produces an 11.67 GB environment;
NexAU spends 10.3 minutes and produces an 11.59 GB envi-
ronment. Both fail on the same operator, showing that plau-
sible DL stacks and broad installs are insufficient. Robust
synthesis needs path-aware smoke tests and build-aware de-
pendency resolution for native extensions.

6 Conclusion
ResearchEnvBench evaluates environment synthesis for
AI/HPC repositories under hardware constraints. Its verifica-
tion pyramid spans dependency checks, CPU/CUDA probes,
single-GPU and distributed execution, and C5 report au-
dits, exposing the gap between “GPU-visible” stacks and
repository-level executability. Across 44 repositories, fail-
ures stem from native operators, launcher assumptions, pack-
age/ABI coupling, and unsupported readiness claims. Re-
searchEnvBench shows that agents must tie setup actions to
auditable evidence for runnable research code.
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