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1. Introduction
Recent scientific AI agents have achieved notable

results: Google’s AI Co-Scientist validates hypotheses
in days [1], ChemCrow synthesizes compounds au-
tonomously [2], and self-driving labs report 6× accel-
eration [3]. Yet deployment gaps persist—37% degra-
dation in enterprise settings [4], and agents achieve
only 14% success versus 78% for humans on complex
tasks [5].
We identify a fundamental issue: current bench-

marks emphasize output validity over execution
integrity. We present SciAgent, an open-source
LLM-agnostic scientific coding agent with 25+ con-
tainerized environments and multi-layer verification.
During development, we observed failure modes—
fabrication, silent degradation, research-execution
disconnection—thatmotivate verification beyond out-
put checking. SciAgent is an open testbed for eval-
uating models, expanding scientific domains, and
advancing verification methods.

1.1 Why Containers Over Predefined Tool APIs
Function-calling approaches constrain agents to

predefined API surfaces. While safer, this limits dis-
covery to pre-packaged workflows. SciAgent gen-
erates arbitrary code within containerized environ-
ments, enabling novel experimental designs while
addressing risk through verification: safety through
verification, not API limitation.

2. Failure Modes Observed
These failure modes were observed during SciA-

gent’s development across 44 case study runs, directly
informing our verification design.
Research-Execution Disconnection (RED):

Agents research documentation but fail to use
findings. One agent researched 321 amino acid
descriptors but implemented only 15—95% reduction
undetected by output validation. Claude Code
with Opus on photonics tasks researched RCWA
parameters thoroughly but generated code using
different values.
Sophisticated Fabrication (SF):When computa-

tion fails, capable models generate plausible syn-
thetic data. Claude Sonnet (via SciAgent) pro-
duced 10 antimicrobial peptides labeled as “fetched
from database” when DBAASP returned HTTP
403—scientifically accurate, fabricated provenance.
Claude Code with Opus exhibited similar behavior on
photonics tasks.
Silent Degradation (SD): Agents substitute simpli-

fied implementations without warning. In photonics,
bar+circle geometries replaced partial-circle pillars,
causing 30% efficiency degradation.

Current benchmarks (ChemBench [6], MCP-
Bench [7], ScienceAgentBench [8]) focus on output
validity and do not explicitly test for these failure
modes. Concurrent work shares our diagnosis that
unstructured execution context underlies agent fail-
ures, addressing this through typed object graphs and
dual verification [9]; we focus specifically on fabrica-
tion and integrity failures that type systems cannot
catch.

3. Architecture
3.1 Containerized Environments
We provide 25+ Docker containers across 10 scien-

tific domains (Table 1). These are production tools,
not mocks. Container enforcement ensures actual
software executes—not model approximations.

Table 1: Containerized scientific computing services.

Domain Services

Molecular Dynamics GROMACS, LAMMPS
Comp. Chemistry RDKit, ASE, DWSim
CFD / FEM OpenFOAM, Elmer, Gmsh
Photonics MEEP, RCWA, PyOpTools
Quantum Computing Qiskit
EDA (80+ tools) OpenROAD, ngSPICE
Bioinformatics BioPython, BLAST

3.2 Multi-Layer Verification
Code generation introduces risks [10] addressed

through targeted verification: DAG Enforcement
catches RED via explicit task dependencies; Con-
tainer Logging catches SD through system-level in-
vocation records; Execution Evidence verifies com-
putation via artifacts and timestamps; Independent
Verifier catches SF using a separate LLM with fresh
context.

4. Results
4.1 Photonics: Metasurface Reproduction
Task: Reproduce RCWA metasurface simulation

from published PDF [11]. From 23 runs, 4 produced
complete results. SciAgent achieved 20.1% minimum
field efficiency versus 25.3% published simulation
(20.5% relative error). Our result falls closer to exper-
imental measurement (17.0%) than the paper’s own
simulation. Zone-by-zone analysis revealed geometry
limitations: Zone 3 showed 61% error because partial-
circle pillars optimized with commercial RSoft MOST
were approximated with bar+circle geometry from
PDF-only reproduction. After automated optimiza-
tion within SciAgent, efficiency improved to 48.3%.
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4.2 Bioinformatics: BRCA1 Verification
Task: Verify BRCA1 mutation fitness scores [12]

map correctly to AlphaFold protein structure [13] and
confirm established biology. Results: 100%mapping
achieved for all 1,837 variants (target >95%). Buried
residues show significantly higher mutation sensitiv-
ity than exposed (𝑝 < 0.001, Cohen’s 𝑑 = 0.60). Func-
tional domains (RING, BRCT) exhibit greater sensi-
tivity than linker regions (𝑝 < 10−8). These findings
validate both the data pipeline and biological inter-
pretation.

4.3 Data Integrity: Model Behavior Differences
Task: Request peptides from DBAASP [14] (returns

HTTP 403). This tests agent behavior when external
data sources fail.

Table 2: Model behavior when data retrieval fails.

Model Behavior In-
tegrity

Claude Sonnet
4

Fabricated peptides FAILED

GPT-4o Escalated to user PASSED
Grok-4.1 Returned empty

result
PASSED

Each model exhibited distinct patterns reflect-
ing capability tradeoffs. Claude Sonnet 4 under-
stands scientific domains deeply—it fabricated phys-
ically accurate peptides precisely because it could.
Greater capability enables more convincing fabri-
cation. GPT-4o asked for user guidance repeatedly,
appropriate for human-in-the-loop but potentially
excessive in autonomous pipelines. Grok-4.1-Fast-
Reasoning followed instructions literally, returning
empty results—it lacked semantic understanding of
scientific workarounds but consequently did not fab-
ricate.
This reveals a capability paradox: the most scien-

tifically capable models pose the greatest fabrication
risk. System prompts are insufficient—Claude fabri-
cated despite explicit prohibition. Verification must
not rely on model compliance.

5. Discussion
Our findings do not diminish LLM coding agents

for software development. SciAgent itself was devel-
oped with Claude Code—its strengths in code gen-
eration, debugging, and iterative human collabora-
tion are substantial. The distinction is context: when
humans review each code change, RED and SF are
caught through natural oversight. Autonomous sci-
entific pipelines propagate these failures undetected.
SciAgent adds the integrity checks that human-in-the-
loop development provides implicitly.
The variation in model behavior underscores why

SciAgent is an LLM-agnostic testbed. No singlemodel
is universally best—capability profiles differ, failure

modes differ, and the right choice depends on task
requirements. Community testing across models will
yield insights no single evaluation can provide.

6. Conclusion
SciAgent demonstrates that: (1) container-based

code generation enables scientific flexibility with ver-
ification ensuring safety; (2) failure modes (RED, SF,
SD) occur across agent configurations and merit ex-
plicit testing; (3) model behavior varies—capability
correlates with fabrication sophistication; (4) system
prompts are insufficient for autonomous integrity;
(5) working results are achievable (photonics 20.5%
error, BRCA1 𝑝 < 10−8).
SciAgent is an open testbed for model evaluation

and verification research. Open source: Apache 2.0
at github.com/sciagent/sciagent-cli.
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