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Abstract

We introduce ChemBench, a comprehensive
benchmark for evaluating LLMs’ capabili-
ties in analytical chemistry scenarios. Un-
like existing benchmarks focused on factual
knowledge, ChemBench assesses model abili-
ties to provide contextualized, practical guid-
ance for complex analytical chemistry chal-
lenges, including instrument readiness checks,
system suitability testing, method develop-
ment, and troubleshooting for both liquid chro-
matography coupled mass spectrometry (LC-
MS) and Gas Chromatography-Mass Spec-
trometry (GC-MS) platforms. We evaluate
three enhancement approaches: chemistry-
specialized models, human-guided Chain-of-
Thought reasoning, and Retrieval-Augmented
Generation (RAG). Our findings reveal that
general-purpose commercial models often out-
perform domain-specialized ones, while RAG
and reasoning significantly improve perfor-
mance. The six-dimension evaluation frame-
work (specificity, correctness, usefulness, fea-
sibility, misinformation risk, and error han-
dling) provides valuable insights into LLMs’
real-world utility for chemistry researchers, es-
tablishing a foundation for developing more
effective AI assistants for scientific research. 1

1 Introduction

Artificial intelligence (AI) assistants, particularly
advanced large language models (LLMs), are in-
creasingly transforming scientific research. Evolv-
ing beyond simple chatbots, they now support di-
verse research tasks and show promise as "lab-side
engineers" for real-time troubleshooting. However,
rigorous evaluation is necessary before laborato-
ries can confidently rely on these AI systems in
high-stakes experimental environments.

* Equal contribution. Corresponding Author: Xiaoyi Chen
(chxiaoyi@iu.edu)

1 Resources and code are available at https://github.
com/sherry914/ChemBench.

Recent AI research offers several promis-
ing strategies for enhancing LLM performance
in chemistry: domain-specialized models (e.g.,
ChemDFM (Zhao et al., 2025), ChemLLM (Zhang
et al., 2024)) improve factual and terminolog-
ical precision; expert-guided Chain-of-Thought
(CoT) (White et al., 2023) structures reasoning
processes to mirror chemists’ problem-solving
approaches; and retrieval-augmented generation
(RAG) (Wang et al., 2024) enables models to ac-
cess external knowledge bases, overcoming limita-
tions in parametric knowledge while maintaining
alignment with current instrument specifications.

Despite these advancements, current LLM
benchmarks are generally inadequate for complex
scientific tasks. They often focus on simple, factual
questions, neglecting to test crucial abilities like
seeking clarification or offering practical, vendor-
specific guidance for lab personnel. This means
an LLM can score highly on standard QA tasks
yet still provide shallow or inaccurate guidance on
actual laboratory challenges.

To address this critical gap, we introduce
ChemBench, a benchmark designed to evaluate
LLMs across the entire lifecycle of analytical chem-
istry. Our benchmark spans four critical sub-
domains: Instrument Readiness, ensuring hard-
ware baselines; System Suitability, verifying perfor-
mance criteria; Method Development, optimizing
parameters for novel analytes; and Troubleshoot-
ing, diagnosing complex failures in LC-MS and
GC-MS systems. By partnering with analytical
chemistry specialists, we develop a rubric-based
evaluation framework with six metrics: specificity/-
contextualization, correctness, usefulness, feasibil-
ity, misinformation risk, and error handling, each
scored on a 1–5 scale by expert chemists.

Through this framework, we explore three
promising enhancement approaches: chemistry-
specialized models, human-guided Chain-of-
Thought reasoning, and RAG systems, by address-
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ing three core research questions. First, we in-
vestigate whether domain-specialized LLMs out-
perform general models in analytical chemistry
tasks (RQ1). Second, we examine how human-
guided Chain-of-Thought reasoning enhances per-
formance compared to single-step answers (RQ2).
Finally, we evaluate the impact of RAG on trou-
bleshooting effectiveness (RQ3). Through analyz-
ing the research questions, our key findings are
outlined below:
• General-purpose models like GPT and Claude
consistently outperform specialized chemistry mod-
els on most criteria (with the exception of the tool-
augmented ChemCrow).
• The models’ Error Handling capability shows the
most significant performance gap between model
types, with only top-tier models demonstrating
strong capabilities to acknowledge limitations and
request clarifying information;
• Human-guided Chain-of-Thought reasoning sig-
nificantly improves performance, particularly for
mid-tier models like Gemini, suggesting that rea-
soning capabilities may be more valuable than
domain-specific training.
• RAG integration substantially enhances answer
quality across all metrics by incorporating special-
ized knowledge sources.
ChemBench provides valuable insights for de-

ploying LLMs in real-world chemistry research
environments and establishes a solid foundation for
developing more effective AI assistants for com-
plex scientific research. We have further built the
benchmark pipeline into a robust system for real-
world deployment.

2 Related Work

Large Language Models in Chemistry. Two main
approaches have emerged to integrate Large Lan-
guage Models (LLMs) with chemistry.

First, LLMs augmented chemistry tools, such as
ChemCrow for synthesis planning and drug dis-
covery (Bran et al., 2023), and an autonomous
multi-LLM lab agent (Boiko et al., 2023), lever-
age reasoning while mitigating domain-specific
limitations. Second, fine-tuned chemistry LLMs
such as GPT-based property predictors and plan-
ners (Jablonka et al., 2024), ChemDFM (Zhao et al.,
2025), and ChemLLM (Zhang et al., 2024) show
strong performance on structured tasks.

However, current benchmarks for evaluating
LLMs in chemistry are inadequate. Existing assess-

Benchmark Domain Task Type Eval Method Source

ChemLLMBench Chemistry Closed-form QA Auto Public
SciEval Multi-Sci Mixed Auto+Human Public
SciKnowEval Multi-Sci Mixed Auto Public
HealthBench Medical Open-ended Expert Rubric Novel
ChemBench
(Ours)

Analytical
Chemistry

Open-ended,
Multi-modal Expert+Auto Novel

Table 1: Comparison of ChemBench against existing
scientific benchmarks. ChemBench is the first to focus
on analytical method lifecycles with multimodal, expert-
verified open-ended tasks.

ments like ChemLLMBench (Guo et al., 2023) and
capability studies (White et al., 2023; Castro Nasci-
mento and Pimentel, 2023) focus on basic chemical
knowledge but fail to test interactive, step-by-step
troubleshooting questions. No standard framework
exists for evaluating open-ended troubleshooting
scenarios that reflect real research work. Just as
OpenAI released HealthBench (Arora et al., 2025)
for evaluating LLMs in medical domains, chem-
istry needs a comprehensive benchmark that tests
LLMs on realistic troubleshooting tasks. More re-
lated work can be found in Appendix A.

3 Design of ChemBench

3.1 Dataset Construction

Human-generated Questions. Guided by
chemists (backgrounds detailed in Section 6), we
collected approximately 50 open-ended analytical
chemistry questions. Of these questions, half are
accompanied by expert-provided, gold-standard an-
swers, while the rest are unanswered.

These questions focus on analytical chemistry
challenges that chemists routinely encounter in lab-
oratory settings, containing four practical domains:
Instrument Readiness (e.g., tuning, calibration, leak
checks); System Suitability, verifying performance
criteria; Method Development, optimizing param-
eters for novel analytes; and Troubleshooting, di-
agnosing complex failures in LC-MS and GC-MS
systems. Collected questions are presented in Sec-
tion B.1. After collecting these questions, we sub-
jected the responses from various LLMs to qual-
itative evaluation by chemistry experts using the
rubric-based criteria, introduced in Section 3.2.
AI-generated Questions. To expand our eval-
uation dataset and establish a comprehensive
RAG training corpus, we augmented our human-
generated questions with AI-generated question-
answer pairs derived from authoritative chemistry
documentation. Using a collection of technical
guides (Table 3) from instrument manufacturers,
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Figure 1: The ChemBench architecture. The system integrates diverse analytical chemistry datasets to evaluate LLM
performance under three enhancement settings (Fine-tuning, RAG, CoT), utilizing a dual-evaluation mechanism.

we implemented a multi-stage generation and fil-
tering pipeline detailed in Section B.2.

Source PDFs were first segmented into 2,000-
token chunks with 200-token overlaps to pre-
serve procedural coherence. For each chunk,
we prompted GPT-4o-mini to generate a single
question-answer pair using a carefully designed
prompt2 that elicited natural, first-person labora-
tory scenarios with comprehensive, step-by-step
answers grounded strictly in the source content.
Then, from an initial pool of 600 generated pairs,
we applied a two-stage filtering protocol:

Stage 1 (Automated Filtering): LLM-based
scoring evaluated each pair on three 5-point criteria:
groundedness (whether the answer is supported by
source context), relevance (practical usefulness to
users), and standalone clarity (whether the question
is understandable without source context). Pairs
scoring ≥ 4 on all criteria advanced to Stage 2,
reducing the pool to 435 candidates.

Stage 2 (Expert Review): 10 chemists indepen-
dently evaluated the remaining pairs across four
criteria: (i) question clarity and specificity, (ii) fac-
tual accuracy of the answer, (iii) directness in ad-
dressing the question, and (iv) sufficiency of the
source chunk for generating a complete answer.
Pairs scoring ≥ 3 from all reviewers were retained.

This process yielded 300 high-quality QA pairs
deemed most relevant and valuable by chemistry
experts. This expanded dataset serves dual pur-
poses: it provides additional test cases for evalu-
ating LLM performance across a wider range of
analytical chemistry scenarios, and it establishes a
foundation for training and refining RAG systems
specialized for chemistry applications.

Within this dataset, we integrated a multi-modal
dimension by curating 50 samples where the so-
lution is grounded in scientific figures. Sourced
from expert-annotated, these figures (e.g., chro-
matograms showing peak fronting or baseline
noise) evaluate the Vision-Language capabilities of
models in identifying spectral anomalies that are

2The complete prompt is provided in Section B.2.

difficult to describe in text alone.

3.2 Rubric-based Evaluation Framework

To comprehensively assess LLM performance in
analytical chemistry scenarios, we have developed
a multi-dimensional evaluation framework consist-
ing of six rubric criteria. Each metric is scored on
a 5-point scale (1-5, 1 = worst performance, 5 =
best performance).
Specificity/Contextualization evaluates whether
responses are tailored to the specific scenario rather
than providing generic information, and whether
answers address the particular experimental condi-
tions in the query.
Correctness assesses factual accuracy and chem-
ical soundness, including proper application of
chemical principles, accurate mechanisms, and ap-
propriate technical terminology.
Usefulness evaluates how helpful the response
would be for a chemist facing the scenario, includ-
ing clear step-by-step procedures, explanations of
underlying principles, and appropriate diagnostic
tests.
Feasibility assesses whether proposed solutions are
practical, implementable, and reasonable within a
typical chemistry laboratory setting, considering
standard practices and resource requirements.
Misinformation Risk evaluates potential negative
consequences if incorrect information in the re-
sponse were followed, including safety risks (e.g.,
incompatible chemical combinations) and experi-
mental integrity issues (e.g., contamination risks or
invalid analytical approaches).
Error Handling evaluates the LLM’s ability to
appropriately acknowledge uncertainty when infor-
mation is insufficient, request clarifying informa-
tion, and guide users an iterative process.

Each response is independently assessed by ten
chemists with advanced degrees and laboratory ex-
perience. Evaluators can then provide additional
details to correct or refine LLM answers, which
supports the chain-of-thought (CoT) reasoning en-
hancement described in Section 3.3.2. To standard-
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ize this process, we developed a detailed question-
naire that clearly informed the experts about the
intended use of the evaluation results and provided
clarifications for each scoring metric; a screenshot
of this questionnaire is included in Appendix F.

3.3 Enhancement Approaches

In this section, we explore three primary ap-
proaches to enhance LLM performance in chem-
istry contexts.

3.3.1 Chemistry-specialized Models

To evaluate whether domain-specific post-training
or fine-tuning enhances LLM performance in ana-
lytical chemistry, we compare chemistry-focused
models against general-purpose LLMs using our
rubric-based evaluation framework. We as-
sess three chemistry-specialized LLMs: Chem-
Crow (Bran et al., 2023), which integrates GPT-
4 with specialized chemistry tool; and fine-tuned
chemistry LLMs including ChemDFM (Zhao
et al., 2025) and ChemLLM (Guo et al., 2023).
These specialized models are benchmarked against
general-purpose models (e.g., GPT, Claude) to de-
termine whether domain-specific training or tool
integration provides measurable advantages for an-
alytical chemistry tasks.

3.3.2 Human-guided Chain-of-Thought

Our human-guided chain-of-thought (CoT) ap-
proach leverages structured interactions between
chemists and LLMs to guide reasoning processes
and improve response quality. We developed an
interactive prompting template (Figure 8) that in-
corporates explicit expert feedback to guide LLM
reasoning in chemistry contexts.

This approach creates a dynamic evaluation en-
vironment where chemists provide targeted feed-
back after reviewing initial LLM responses. The
interactive template analyzes expert feedback into
three key steps: (1) identifying specific aspects re-
quiring refinement based on the rubric criteria, (2)
explaining why refinement is necessary and how
the approach should change, and (3) generating a
revised response that addresses all feedback points.
This approach allows us to evaluate not only final
answer quality but also LLM’s capacity for itera-
tive reasoning throughout multi-turn conversations
where initial information may be incomplete and
additional clarification is necessary.

Chunking

Chroma Database

Embedding

Retrieval

Reranking

Summarization

Repacking

La
ge

 L
an

gu
ag

e 
M

od
elSentence-level 

Small2big
Sliding window

R
et

rie
va

l S
ou

rc
e

LLM-Embedder

HyDE+Hybrid Search

monoT5

Reverse

Recomp

Tr
ou

bl
es

ho
ot

in
g 

do
cu

m
en

t

Query Generated 
Answer

Q
A 

Ex
tra

ct
io

n

Figure 2: Retrieval-augmented generation workflow.

3.3.3 RAG with Chemistry Sources
Our RAG implementation integrates LLMs with
specialized chemistry knowledge sources to en-
hance their capabilities. We developed a custom
chemistry knowledge base leveraging corporate
documentation and expert-curated solutions, using
the same corpus from which AI-generated ques-
tions were derived (Table 3).

Subsequently, our RAG workflow (Figure 2)
follows a retrieval-then-generation pipeline: for
each query, the system retrieves the top-k most
relevant document chunks, summarizes them, and
generates an answer based on the original query
integrated with the retrieved context. This imple-
mentation adheres to best practices outlined by
Wang et al. (2024) while incorporating chemistry-
specific prompt structures that maintain critical
details about experimental conditions. Detailed
implementation specifications are provided in Sec-
tion 4. Furthermore, to bridge the gap between of-
fline evaluation and practical application, we have
engineered this workflow into a production-ready
architecture for real-world deployment, which is
detailed in Appendix E.

3.4 Research Questions
To compare three enhancement approaches, we
pursue three research questions in our benchmark
evaluation.
RQ-1. To what extent do domain-specialized LLMs
outperform general-purpose LLMs in analytical
chemistry? How can existing LLMs be systemati-
cally ranked across key rubric criteria?

This question examines whether chemistry-
focused models demonstrate superior performance
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Table 2: ChemBench evaluates general or professional
LLMs on analytical chemistry challenges.

Model Type #Size Form Ver.
GPT General N/A api 4o
Claude General N/A api 3.7-Sonnet
DeepSeek General 671B api R1
LLaMA General 400B api 4 Maverick
Gemini General N/A api 2.0 Pro
Mistral General 124B api Pixtral Large
ChemDFM Professional 8B open v1.5
ChemLLM Professional 7B open v1.5-DPO
ChemCrow Professional N/A api -

compared to general-purpose LLMs when address-
ing chemistry-specific scenarios. We utilize our
rubric-based evaluation framework (Section 3.2) to
assess various LLMs based on multiple dimensions
relevant to chemistry tasks.
RQ-2. How significantly does human-guided
Chain-of-Thought reasoning enhance LLM perfor-
mance compared to single-step answers?

This question investigates whether structuring
prompts to encourage step-by-step reasoning im-
proves answers to questions. We evaluate how
guided reasoning affects solution quality compared
to direct responses, particularly for complex, multi-
step chemical analysis.
RQ-3. What measurable impact does RAG integra-
tion have on effectiveness?

We examine how augmenting LLMs with exter-
nal knowledge sources affects their performance,
specifically for quantifying retrieval accuracy and
generation performance, as well as the enhance-
ment of overall solution quality when models can
access relevant knowledgebase.

By addressing these research questions, our
benchmark evaluates current capabilities of LLMs
in chemistry, offering practical insights for both AI
and chemistry researchers.

4 Experimental Setup

Model Selection. We selected diverse LLMs, span-
ning both general-purpose and domain-specialized
categories. General-purpose models include
GPT (OpenAI, 2025), Claude (Anthropic, 2024),
Llama (Dubey et al., 2024), DeepSeek (DeepSeek-
AI, 2025), Gemini (Comanici et al., 2025),
Mistral (Jiang et al., 2023), while chemistry-
specialized models include ChemDFM (Zhao et al.,
2025), ChemLLM (Zhang et al., 2024), and Chem-
Crow (Bran et al., 2023). Detailed specifications
for each model are provided in Table 2. For the

multi-modal questions, we evaluated state-of-the-
art Multi-modal Large Language Model (MLLM),
Gemini 3 Pro, to assess their visual reasoning ca-
pabilities in reading chromatograms.

Implementation Details. For our RAG imple-
mentations, we deployed open-source LLMs on
a local server integrated with LangChain. This ap-
proach was necessary because some RAG knowl-
edge sources contained confidential troubleshoot-
ing documentation from instrument manufacturers
that could not be uploaded to cloud-based API ser-
vices. Following Wang et al. (2024), our RAG im-
plementation used sentence-level chunking with
a small-to-big strategy; 175-token chunks with
a 20-token overlap for query matching, and 512-
token chunks that include broader context. Embed-
dings were generated using the LLM-Embedder
(Zhang et al., 2023) and stored in a Chroma vector
database. Retrieval combined dense search with
HyDE-generated pseudo-documents (Gao et al.,
2023) and sparse BM25 scores, using a hybrid
weight of α = 0.3. Results were reranked with
monoT5 (Nogueira et al., 2020), repacked in re-
verse order, and summarization was performed us-
ing the Recomp (Xu et al., 2023) extractive summa-
rizer. For each query, the system retrieved the top-5
most relevant document chunks used for answer
generation and retrieval performance evaluation.

Evaluation Metrics. For open-ended troubleshoot-
ing questions, we employed a rubric-based evalua-
tion by chemists using six metrics (each rated on a
1-5 scale): specificity/contextualization, correct-
ness, usefulness, feasibility, misinformation risk,
and error handling, as detailed in Section 3.2.

For RAG evaluation, we separately eval-
uated retrieval and generation performance.
Retrieval performance was assessed using two pri-
mary metrics: (1) Recall@5 (Manning et al., 2008)
measures whether the gold source chunk corre-
sponding to the correct answer was retrieved within
the top five results, and (2) nDCG@5 (Järvelin
and Kekäläinen, 2002) evaluates the quality of
the retrieved ranking, evaluating the placement
of relevant chunks relative to the gold source.
Generation performance utilizes standard metrics
(ROUGE (Lin, 2004), BLEU (Papineni et al.,
2002)) and semantic similarity (SBERT (Reimers
and Gurevych, 2019)) between model-generated
answers and gold standard answers. In addition to
these metric-based evaluations, we implemented an
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external LLM evaluator using GPT-4o-mini3 and
Qwen3 Max4, respectively. We developed a prompt
template (Section B.3) to guide LLMs in evaluating
response quality rated on a 1-to-5 scale.

5 Results and Analysis

In this section, we present a comprehensive analy-
sis of our benchmark results, examining how dif-
ferent LLMs perform across analytical chemistry
scenarios and comparing various enhancement ap-
proaches, according to our research questions.

5.1 Expert Evaluation Across Models

We analyze the results of expert evaluations across
our criteria (Figure 3) to answer RQ-1 regarding
domain-specialized models.
General vs. Chemistry-specialized. Counter-
intuitively, chemistry-specialized models gener-
ally underperform compared to general commer-
cial models. Figure 3 clearly demonstrates that
GPT and Claude consistently outperform special-
ized models like ChemDFM and ChemLLM across
most evaluation criteria. ChemLLM performed
particularly poorly (average score 1.88), often gen-
erating incoherent responses. ChemDFM showed
moderate performance but notable weaknesses in
specificity (1.43) and usefulness (2.93).

ChemCrow represents the exception, achieving
superior performance (average 4.50) comparable
to top commercial models. However, ChemCrow
differs fundamentally in its approach. It augments
GPT-4 with chemistry tools rather than using fine-
tuning alone. This suggests that tool augmentation
may be more effective than domain-specific fine-
tuning, particularly when fine-tuning is limited by
smaller model sizes and parameter counts.
Rubric-based Analysis. Among all evaluation
dimensions, error handling capability shows the
most significant performance gap between model
types. This metric demonstrates the largest contrast
between high and low-performing models. Only
three models (i.e., GPT (4.41), Claude (3.92), and
ChemCrow (4.21)) demonstrate strong capability
to acknowledge response limitations, request clar-
ifying information, and suggest verification steps.
The remaining models, including both general and
specialized options, score below 1.7 in this dimen-
sion, indicating a fundamental inability to handle
uncertainty appropriately.

3https://openrouter.ai/openai/gpt-4o-mini
4https://openrouter.ai/qwen/qwen3-max

In terms of correctness and feasibility, commer-
cial general models (GPT and Claude) maintain
a clear advantage, suggesting their superior rea-
soning capabilities extend effectively to chemistry
domains despite lacking specialized training.
Overall Ranking. Analyzing overall performance
across metrics reveals three distinct clusters:
• Tier 1 (Average >4.4): GPT (4.41) and Chem-
Crow (4.50) demonstrate exceptional performance
across all evaluation dimensions, offering both do-
main expertise and reasoning capabilities.
• Tier 2 (Average 3.5-4.3): Claude (4.23), Gemini
(3.78), and Mistral (3.74) provide strong general
performance with moderate chemistry-specific ca-
pabilities, making them viable options for chem-
istry despite lacking specialized training.
• Tier 3 (Average <3.5): DeepSeek (3.46), Llama
(3.45), ChemDFM (3.20), and ChemLLM (1.88)
show significant limitations in addressing analyt-
ical chemistry tasks, with ChemLLM performing
substantially worse than all other models.

These findings challenge conventional intuition
about domain specialization, suggesting that the
general capabilities of state-of-the-art commercial
models may be more valuable than chemistry-
specific training. Furthermore, tool augmentation
approaches like ChemCrow appear more promising
than fine-tuning for enhancing LLM performance
in specialized scientific domains.

To assess the reliability of our expert rubric eval-
uation, we calculated inter-annotator agreement us-
ing Krippendorff’s α across ten expert evaluators.
We observed substantial agreement on more ob-
jectively verifiable dimensions: Correctness (α =
0.71) and Feasibility (α = 0.68). Moderate agree-
ment was achieved for more judgment-dependent
criteria: Misinformation Risk (α = 0.65), Useful-
ness (α = 0.63), Specificity (α = 0.54), and Error
Handling (α = 0.49). This distribution of agree-
ment levels is consistent with expert evaluations in
other high-stakes domains.

While quantitative metrics provide a high-level
overview, understanding why models fail is equally
critical. We provide a failure mode analysis across
different model families in Appendix C.

5.2 Chain-of-Thought Reasoning Evaluation
To address RQ-2, we evaluate CoT reasoning by im-
plementing two additional interaction cycles with
selective expert feedback incorporated into the
prompts. Experts rate responses using the same cri-
teria after each cycle. We select representative mod-
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Figure 3: Performance of different models on ChemBench stratified by six criteria.

Figure 4: Performance of three representative models on ChemBench after CoT reasoning. C1 and C2 represent the
first and second interaction cycle, respectively.

els from each tier (GPT, Gemini, and ChemDFM)
to track performance changes across multiple rea-
soning steps (Figure 4).
Performance Across Interaction Cycles. Our
analysis shows CoT reasoning improves perfor-
mance across most models with varying magni-
tudes. GPT shows consistent improvement, with
its average score increasing from 4.41 (initial) to
4.60 (cycle 1) and maintaining at 4.60 (cycle 2).
Gemini demonstrates even more substantial gains,
with average scores rising from 3.78 to 4.12 and
ultimately 4.19. In contrast, ChemDFM shows
only marginal improvements, with average scores
of 3.20, 3.31, and 3.35 across the three cycles.

Among evaluation dimensions, correctness and
misinformation risk show the largest improve-
ments across cycles, particularly for Gemini.
Specificity remains relatively stable for GPT and
Gemini, but improves sharply for ChemDFM, be-
cause expert feedback consistently highlighted it
(e.g., "...too general without any specific adjust-
ments" and "...much more specificity is needed").
Error handling improves significantly for general

models but remains unchanged for ChemDFM, sug-
gesting fundamental limitations in its adaptability.

Model-Specific Sensitivity to Reasoning. The
three models show different sensitivities to CoT
reasoning: GPT, already starting from a high base-
line (4.41), shows modest improvement, primarily
in correctness and feasibility. Gemini demonstrates
the highest sensitivity to CoT (+0.41), with substan-
tial gains across almost all dimensions, suggesting
its architecture effectively incorporates feedback
despite a lower starting point. ChemDFM shows
minimal responsiveness to CoT (+0.15), with im-
provements concentrated in specificity while other
dimensions remain largely unchanged.

These patterns suggest that CoT reasoning effec-
tiveness relies on a model’s fundamental reasoning
architecture. The particularly strong improvement
demonstrated by Gemini through CoT reasoning
is noteworthy, as it suggests that well-structured
interactive prompting can substantially narrow the
performance gap between first and second-tier mod-
els in analytical chemistry contexts.
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Figure 5: Comparison of LLM-generated answers with and without retrieval augmentation across three evaluation
metrics. RAG consistently yields higher BERTScore-F1 (left), BLEU (center), and ROUGE-L (right) scores,
reflecting improved semantic similarity, lexical precision, and contextual coherence relative to the reference answers.

5.3 RAG Performance Evaluation

To address RQ-3, we first examined the retrieval
performance, then compared the generation perfor-
mance between answers with and without RAG.
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Figure 6: Retrieval metrics for the best-practice RAG
pipeline (recall@5 and nDCG@5).

Retrieval Performance. We assessed retrieval
quality using two standard ranking metrics, Re-
call@5 and nDCG@5, which respectively mea-
sure coverage of relevant information and rank-
ing quality among the top-5 retrieved chunks. As
shown in Figure 6, the best-practice RAG pipeline
achieved a mean Recall@5 of 0.819 and a mean
nDCG@5 of 0.736, indicating that most gold-
standard sources were successfully retrieved within
the top five results and that relevant chunks were
generally ranked highly.
RAG vs. No-RAG. Figure 5 compared answers
generated with and without RAG.
• BERTScore-F1 (left) shows a high degree of
overlap between RAG and w/o RAG distributions.
While RAG-generated answers exhibit a heavier
right tail (indicating a higher frequency of good
responses), the macroscopic difference is subtle.
• BLEU (center) shows a visible but gradual shift.
RAG mitigates low-quality generations (reducing
the density near 0) and extends the distribution to-
ward higher values (>20), yet a significant portion
of the answers remains comparable to the baseline.
• ROUGE-L (right) reflects a similar trend. The

RAG distribution is broader and shifts slightly to-
ward the right (0.2–0.5), suggesting improved struc-
tural coherence, but it does not completely separate
from the non-RAG performance.

We attribute this limited differentiation to two
factors: first, current retrieval is not perfect, and
noisy context can reduce generation quality; sec-
ond, general LLMs already possess strong domain
knowledge from massive pre-training data, creating
a high baseline that reduces the impact of RAG.

Further multi-modal analysis (Appendix D) re-
inforces the first factor, revealing that embedding
models often struggle to capture fine-grained visual
details even when explicitly described.
LLM-as-a-Judge and Human-AI Alignment. Be-
sides human evaluation, we additionally explored
using LLMs as evaluators of response quality. We
prompted an external LLM to rate each answer on a
1–5 scale based on factual accuracy, completeness,
and alignment with the gold answer.

As shown in Figure 7, the evaluation results from
both judges align well with our previous findings:
• GPT’s evaluation (left) shows that RAG-
generated answers consistently receive higher rat-
ings, with the majority of scores clustered around
4–5, while No-RAG (LLM-only) answers are con-
centrated around 3–4.
• Qwen’s evaluation (right) demonstrates an even
more pronounced effect. RAG-generated answers
are heavily concentrated in the 4–5 range, while No-
RAG answers predominantly receive scores of 2 or
3. This consistent pattern across both evaluators
indicates that automated LLM judges recognize the
added factual grounding and contextual complete-
ness introduced by retrieval augmentation.

To address concerns regarding scoring reliabil-
ity, we validated these automated metrics against
human expert judgment. Human evaluation reveals
a strong alignment with the LLM scores: 66.4%
of experts preferred RAG-generated answers, com-
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Figure 7: Performance comparison of AI-generated an-
swers with and without RAG, scored by external LLM
evaluators GPT (left) and Qwen (right).

pared to 27.9% favoring non-RAG answers (with
the remaining 5.7% finding both unsatisfactory).
This high degree of consistency confirms that LLM-
based evaluators can serve as a reliable proxy for
expert preference in this domain. Moreover, ex-
perts noted a stylistic divergence: non-RAG an-
swers tend to be more general, resembling intro-
ductory material suitable for beginners, whereas
RAG-enhanced answers provide the specific, step-
by-step instructions required by lab experts. So
experts suggested that the ideal troubleshooting as-
sistant should synthesize both approaches, offering
a direction for the design of future RAG systems.

6 Conclusion

In this work, we introduce ChemBench, the first
benchmark designed to evaluate LLMs across the
entire analytical method lifecycle. By moving be-
yond general chemical knowledge to encompass
instrument readiness, system suitability, method
development, and complex troubleshooting for LC-
MS and GC-MS platforms, we address a critical
gap in existing AI-for-Science evaluation frame-
works. Our results, derived from a novel collec-
tion of expert-curated and multimodal tasks, reveal
that while LLMs demonstrate promising reasoning
capabilities, they still struggle with the complex,
open-ended diagnostic tasks inherent in real-world
laboratory workflows. Furthermore, our explo-
ration of RAG and human-guided CoT suggests
that specialized grounding and iterative reason-
ing are significantly more effective than domain-
specific fine-tuning alone for enhancing perfor-
mance in specialized scientific domains.

By open-sourcing our dataset, implementation
code, and an interactive evaluation platform, we
aim to provide the community with a robust foun-
dation for developing more trustworthy and opera-
tionally aware AI "lab engineers". Future research

will focus on expanding the multi-modal scope to
include real-time instrument data and investigat-
ing retrieval-augmented reasoning for multi-step
experimental synthesis.

Limitations

Despite our efforts to create a comprehensive
benchmark for evaluating LLMs in analytical chem-
istry, several limitations warrant consideration. On
the one hand, while ChemBench comprehensively
covers instrumental analysis workflows (readiness,
suitability, development, and troubleshooting), it
focuses primarily on chromatography-based tech-
niques (LC/GC). On the other hand, while our
expert evaluation framework provides valuable
insights, we only partnered with 20 specialists,
considerably fewer than OpenAI’s HealthBench
which collected assessments from more than 200
physicians globally. Gathering sufficient expert
evaluations is both time-consuming and resource-
intensive. We plan to continue expanding our pool
of evaluators to make our statistical results more
convincing and comprehensive.

To address this, we have deployed a web plat-
form5 designed for real-time query collection and
streamlined expert feedback. Unlike traditional
static questionnaires or collaborative online docu-
ments, this platform significantly improves opera-
tional efficiency and data integrity through an auto-
mated "human-in-the-loop" workflow. We intend
to promote this platform to the broader scientific
community to scale our expert pool and overcome
the bottlenecks of manual evaluation.

Ethics Statement

Our study maintains strict ethical standards con-
cerning data collection and expert involvement. All
research procedures follow institutional guidelines,
and no additional ethics board review is required
under the ACL Ethics Policy.
Expert Annotation and Consent. Our annotators
are comprised of experienced chemists recruited
from diverse professional backgrounds, including
leading scientific research consortia and major an-
alytical instrument manufacturers, e.g., the NSF
Center for Bioanalytical Metrology (CBM), Indi-
ana Consortium for Analytical Science & Engi-
neering (ICASE), and Agilent Technologies. All
participating experts provided informed consent for

5The access link is provided at https://github.com/
sherry914/ChemBench.
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their annotations to be used in this research and for
their contributions to be released alongside the final
dataset. All annotation work was performed during
the experts’ regular professional activities, and they
are blind to the study’s specific model identities to
ensure unbiased evaluation.
Data Privacy. The content annotated consists en-
tirely of simulated scientific dialogues generated
from publicly available documentation (Table 3).
No personal, sensitive, or confidential information
is involved in the annotation process.
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A Related Work

A.1 Large Language Models in Chemistry

The integration of Large Language Models (LLMs)
with chemistry has emerged as a promising inter-
disciplinary research direction, with efforts broadly
falling into two approaches.

The first approach integrates LLMs with spe-
cialized chemistry tools. Bran et al. (2023) de-
veloped ChemCrow, an LLM-based system aug-
mented with chemistry-specific tools for synthe-
sis planning and drug discovery tasks. Similarly,
Boiko et al. (2023) created an autonomous chem-
ical agent that utilizes multiple LLMs to conduct
laboratory experiments. These agent-based sys-
tems capitalize on LLMs’ reasoning abilities while
addressing domain-specific limitations.

The second approach involves domain-specific
fine-tuning of LLMs for chemistry applications.
Jablonka et al. (2024) demonstrated promising
performance of GPT models in property predic-
tion and synthesis planning with minimal exam-
ples. Specialized models have emerged, including
ChemDFM (Zhao et al., 2025), trained on chem-
istry literature to understand chemical concepts,
and ChemLLM (Zhang et al., 2024), fine-tuned for
understanding chemical structures and reactions.

Despite growing interest in chemistry-focused
LLMs, systematic evaluation frameworks remain
limited. While initial assessments of LLM capa-
bilities in chemistry contexts exist (White et al.,
2023; Castro Nascimento and Pimentel, 2023),
and ChemLLMBench (Guo et al., 2023) evaluates
performance across eight well-defined tasks with
clear ground truth answers, the field lacks bench-
marks for open-ended analytical chemistry scenar-
ios. These complex scenarios better represent real-
world research challenges but require expert eval-
uation due to their ill-defined nature and multiple
valid solution paths. This significant gap constrains
our understanding of how effectively LLMs can
assist with complex chemistry problems.

A.2 Evaluation of Large Language Models

In recent years, the evaluation of LLMs like GPT
has become a significant field of inquiry. In the
early days of transformer evaluation, n-gram–based
metrics such as ROUGE, BLEU, and BERTScore
were used to assess grammatical and semantic fi-
delity. However, as field-specific LLMs emerged,
researchers recognized the need for benchmarks
that probe deeper reasoning and domain knowl-

edge. Generalist suites like MMLU (Hendrycks
et al., 2021), BIG-Bench (Srivastava et al., 2023),
and AGIEval (Zhong et al., 2023) include science
questions but rely on short, single-turn QA and fail
to assess the multi-step problem solving required
in real laboratory settings.

Recent multi-level benchmarks such as SciEval
(Sun et al., 2024) and SciKnowEval (Feng et al.,
2024) assess LLMs across a spectrum from factual
recall to experimental design and safety reason-
ing in scientific domains. SciEval uses Bloom’s
taxonomy to probe basic knowledge and research-
level tasks in chemistry, physics, and biology, re-
vealing that SOTA models (e.g. GPT-4) struggle
on dynamic problems and experimental analysis.
SciKnowEval extends this by adding ethical and
practicality judgements, testing whether models
can avoid unsafe recommendations or propose fea-
sible laboratory procedures. Although quite com-
prehensive, these models do not test interactive
troubleshooting.

Benchmarks focused on literature comprehen-
sion and multi-modal reasoning evaluate LLMs
ability to interpret scientific research papers, both
text and figures. For example, SciAssess (Cai et al.,
2024) presents questions targeted towards compre-
hension and analysis of real scientific article ex-
cerpts, while SceMQA (Liang et al., 2024) gives
answers to questions pertaining to college entrance
exam problems within the core STEM fields.

Ultimately, several benchmarks exist to test basic
knowledge and operation of chemical experimen-
tation, but fail to fully capture step-wise guidance
necessary for real-world experimentation. Domain-
specific benchmarks, like ChemLLMBench (Guo
et al., 2023) directly benchmarks core chemistry
tasks related to chemical experimental design and
core chemistry knowledge, including nomencla-
ture, yield prediction, and reagent selection. Chem-
LLMBench uses objective metrics alingside human
chemist evaluations, performing competitively with
GPT-4. Once again, however, this benchmark re-
veals that automated metrics do not capture the
nuances of feasibility curated under expert review.

B Dataset Construction

B.1 Human-generated Questions

We collected approximately 50 open-ended analyt-
ical chemistry questions through discussions with
expert chemists. Among, half of these questions
include expert-provided gold-standard answers (Ta-
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ble 4), while the rest are unanswered (Table 5).
The whole collection of our question set will be
submitted as the supplementary materials.

These questions focus on analytical chemistry
challenges, particularly chromatography and mass
spectrometry issues that chemists routinely en-
counter in laboratory settings. The collection in-
cludes questions about peak resolution problems,
quantitation difficulties, method development chal-
lenges, system troubleshooting, and interpretation
of unexpected results. For example, a typical
question addresses separation challenges in high-
performance liquid chromatography (HPLC): "I
have 4 components in my sample, but no matter
what HPLC conditions I try, I only see a maxi-
mum of 3 peaks. I am using a C18 column with
a water/Acetonitrile gradient from 70-90%. What
should I do?" Other questions address issues such
as ion suppression in LC-MS, reproducibility prob-
lems, abnormal peak shapes (tailing, fronting, split-
ting), baseline disturbances, sensitivity challenges,
and unexpected mass spectra interpretations. These
scenarios require consideration of multiple possi-
ble causes, systematic diagnostic approaches, and
development of practical solutions that balance ef-
fectiveness and feasibility.

B.2 AI-generated Questions
Additionally, we extracted 300 QA pairs from the
troubleshooting documents as well as the source
chunks for each answer. Then, we use them to
evaluate RAG retrieval and generation performance.
Three pairs of them are listed in Table 6. The whole
collection of our question set will be submitted as
the supplementary materials.
Source Corpus and Scope. To build a domain-
specific corpus, we collected technical PDF doc-
uments spanning chromatography and mass spec-
trometry instrumentation, including troubleshoot-
ing manuals, user guides, training workbooks, and
site-preparation specifications.

These documents, sourced from instrument ven-
dors and application notes, cover common labora-
tory issues such as mobile phase preparation, col-
umn care, vacuum leaks, and detector noise. The
detailed information of these documents are listed
in Table 3. The corpus is representative of real-
world technical documentation, containing a mix
of free text, bulleted checklists, parameter tables,
warning boxes, and instrument photographs.
LLM-Assisted Question-Answer Generation.
We employed a multi-stage process to gen-

erate high-quality question-answer (QA) pairs.
First, the source PDFs were segmented us-
ing a RecursiveCharacterTextSplitter with a
chunk size of 2,000 tokens and an overlap of 200
tokens. We chose a large window (2,000 tokens
with 200 overlap) to preserve long procedural sec-
tions and avoid fragmenting multi-step instructions
during generation. For each resulting text chunk,
we prompted an Azure OpenAI chat completion
model (gpt-4o-mini) to produce a single QA pair.
The prompt was specifically designed to elicit natu-
ral, first-person laboratory scenarios that are open-
ended in nature. we used the following prompt:

You are a helpful and knowledgeable lab assis-
tant trained in analytical chemistry. Based on
the following technical content, generate ONE
natural-sounding lab question in the style of
a scientist seeking help, using a realistic first-
person scenario. avoid being too general. (e.g.,
"I’m setting up my autoflex series instrument
for a new experiment, but I’m concerned about
the environmental conditions in my lab. The
temperature fluctuates quite a bit, and I’m wor-
ried it might affect my results. What should
I do?" or " I’m setting up my autoflex series
instrument for a new experiment and I’m see-
ing some fluctuation in the data I’m collecting.
What should I do?" Then provide a detailed,
step-by-step, and comprehensive answer using
ONLY the provided content. Be thorough in
your explanation, include any relevant back-
ground, rationale, options, and possible causes
or implications.

This approach encourages the generation of com-
prehensive, procedural answers rather than simple
fact retrieval. To build the dataset, we randomly
sampled chunks from the segmented manuals and
prompted the model once per chunk, resulting in
600 synthetic QA pairs that mimic the queries of a
laboratory technician.
Multi-Stage Filtering Protocol. To ensure the
dataset’s quality and practical relevance, we im-
plemented a rigorous two-stage filtering protocol
involving both automated scoring and expert hu-
man review.

Stage 1: Automated LLM-Based Filtering.
Each of the 600 generated QA pairs was auto-
matically scored by an LLM assessor along three
distinct criteria, each on a five-point scale: (1)
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Table 3: Source chemistry documents

Document Title Document Type Page # Source Company Target Software

The Chromatography Detective: Trou-
bleshooting Tips & Tools for LCMS

Troubleshooting Manual 67 Agilent General LC-MS systems

Agilent Triple Quadrupole LC/MS Sys-
tem User Guide

Official User Manual 145 Agilent MassHunter 12.1 or higher

Agilent Triple Quadrupole LC/MS Sys-
tem Introduction Workbook

Training Workbook 124 Agilent MassHunter 12.1 or higher

Mass Spectrometer Optimization Webinar Presentation 38 Agilent General GC-MS systems
Best Practice Guide for Generating
Mass Spectra

Instrument Readiness Guide 33 LGC General MS systems

Guide to achieving reliable quantitative
LC-MS measurements

Practice Guide 68 AMC General LC-MS systems

Fundamental Guide to GC-MS Educational Guide 87 Shimadzu General GC-MS systems
Handbook of GC-MS: Fundamentals
and Applications

Academic Handbook 880 Wiley (Publisher) General GC-MS systems

compact Site Preparation Specification 9 Bruker N/A (Hardware focus)
solariX series Site Preparation Specification 27 Bruker N/A (Hardware focus)
timsTOF Site Preparation Specification 12 Bruker N/A (Hardware focus)
scimaX series Site Preparation Specification 27 Bruker N/A (Hardware focus)
autoflex series Site Preparation Specification 10 Bruker N/A (Hardware focus)
impact series Site Preparation Specification 11 Bruker N/A (Hardware focus)
ultrafleXtreme Site Preparation Specification 9 Bruker N/A (Hardware focus)
maXis series Site Preparation Specification 10 Bruker N/A (Hardware focus)
neofleX series Site Preparation Specification 15 Bruker N/A (Hardware focus)

Groundedness: Whether the answer is fully sup-
ported by the provided source context. (2) Rele-
vance: The practical usefulness of the question to
a chromatography user. (3) Standalone Clarity:
Whether the question is understandable without
needing the source context. We automatically fil-
tered out any pair that did not achieve a score of 4
or higher on all three criteria, which reduced the
candidate pool to 435 QA pairs.

Stage 2: Expert Chemists Review. The remain-
ing 435 candidates were independently reviewed
by ten chemists. Each expert rated the pairs on a
four-point scale across four criteria: (i) question
clarity and specificity, (ii) factual accuracy of the
answer, (iii) whether the answer directly addresses
the question, and (iv) the sufficiency of the source
chunk for generating a complete answer. Any item
receiving a score below 3 on any criterion from
either reviewer was discarded. This final, strin-
gent review process yielded the final dataset of 300
high-quality QA pairs. For each pair, the source
document filename and page number are stored to
ensure traceability.

B.3 Prompt Template

We designed specialized prompt templates for
both model inference and automated assessment.
These templates ensure consistency across different
model architectures and evaluation cycles.
LLM-as-a-Judge Template. We implemented an
external LLM-based evaluator using GPT-4o-mini
and Qwen3 Max, respectively. We developed a

prompt template to guide LLMs in evaluating re-
sponse quality rated on a 1-to-5 scale.

You are an expert chemist. Your task is to eval-
uate the quality of an answer given a question
and a reference (gold) answer.
Question: {question}
Reference Answer: {gold-standard answer}
Generated Answer: {answer}
Please rate the generated answer on a scale from
1 to 5, where: 1 = Very poor, 2 = Poor, 3 = Fair,
4 = Good, 5 = Excellent.

Chain-of-Thought (CoT) Template. Figure 8
illustrates the detailed CoT prompt template de-
signed to integrate human feedback directly into
the reasoning loop. Unlike single-turn inference,
this template structures the interaction as an itera-
tive dialogue where human experts can provide
critiques or additional constraints based on the
model’s initial output. This mechanism allows the
LLM to perform multi-turn reasoning, effectively
re-evaluating its previous hypotheses and refining
the troubleshooting steps for complex analytical
methods. By facilitating this iterative cycle, the
template aims to significantly enhance the answer
quality, ensuring that the final output aligns more
closely with practical laboratory requirements and
expert standards.
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Response Refinement for ChemBench
<start>system
Experts have evaluated your response and provided 
feedback about its specificity, accuracy, and usefulness. 

Guidelines 
Please analyze the expert feedback carefully and refine 
your original response by following these steps: 
1. Identify Key Issues: Review the feedback and identify 

the specific aspects that require improvement. These 
might include: factual inaccuracies; lack of specificity; 
missing context or definitions; safety considerations 

2. Explanation of Refinement: - What aspect of your 
original response needs refinement - Why this 
refinement is necessary (based on expert feedback) 
- How your approach will change in the revised answer

3. Revised Response: Provide your comprehensive 
revised answer that addresses all feedback points

<end>

<start>user
[INSERT EXPERT FEEDBACK HERE]
<end>

Figure 8: The prompt template for response refinement

C Failure Mode Analysis

To complement our quantitative results, we catego-
rize the distinct failure modes exhibited by different
model archetypes into three primary patterns. We
provide representative examples for each mode to
illustrate these behaviors in real-world scenarios.
1. "Confident Hallucination" Mode (Domain-
Specialized Models). Models explicitly fine-tuned
for chemistry (e.g., ChemLLM) exhibited a high
tendency for factual fabrication combined with low
self-awareness. They often generate detailed but
scientifically nonsensical explanations.
2. "Textbook Generalist" Mode (General Mod-
els). Mid-tier general models, particularly Mistral
and Llama, demonstrated a distinct performance
profile: high Correctness and exceptionally low
Misinformation Risk (especially Mistral), but poor
Specificity. These models provide factually accu-
rate, textbook-style summaries of potential causes
but fail to ask the diagnostic questions required to
narrow down the problem. This aligns with the
rubric results where Mistral achieves high scores in
Misinformation Risk (indicating it rarely generates
false info) but lower scores in Specificity. They
fail to guide the user on how to diagnose it in their
specific context.
3. "Retrieval-Dependent" Mode (RAG Systems).
For RAG-enhanced systems, failures were driven
by retrieval precision. Errors occurred when the

retriever surfaced chunks from an incorrect instru-
ment domain (e.g., retrieving LC-MS maintenance
protocols for a GC-MS query). In such cases, the
strong instruction-following capability of the LLM
led it to hallucinate a plausible-sounding answer
based on the wrong context. However, our CoT
analysis suggests that top-tier models (e.g., GPT-
4o, Gemini) possess the reasoning capacity to self-
correct when guided, effectively identifying con-
flicting information in the retrieved context during
multi-turn interactions.

D Multi-modal Analysis

In this section, we provide an extended analysis
of our Multi-modal RAG pipeline. To address the
visual nature of analytical chemistry documenta-
tion, we extended our retrieval corpus by lever-
aging a state-of-the-art Multi-modal Large Lan-
guage Model (MLLM) (Gemini 3 Pro), to tran-
scribe visual elements (charts, screenshots, dia-
grams) within PDF documents into high-fidelity
structured text descriptions.

D.1 Performance Evaluation

We evaluated the Multi-modal RAG system against
the No-RAG baseline across three key metrics:
BERTScore-F1, BLEU, and ROUGE-L as above.

As illustrated in Figure 9, the Multi-modal RAG
system demonstrates a consistent performance im-
provement. Unlike the text-only results discussed
in the main text, the inclusion of visual descrip-
tions leads to a more pronounced rightward shift in
the density distributions. Specifically, the BLEU
and ROUGE scores for RAG exhibit a long-tail dis-
tribution extending to significantly higher values,
indicating that the retrieved visual context success-
fully grounds the model in specific experimental
details that are absent from the model’s parametric
memory.

D.2 Analysis and Limitations

Despite the superior descriptive capabilities of the
MLLM and the overall quantitative gains, our er-
ror analysis reveals that the retrieval system still
struggles with fine-grained visual queries due to a
phenomenon we term semantic distraction.

This limitation occurs when the embedding
model prioritizes high-level semantic themes over
precise, localized visual data. For instance, in our
experiments, we queried for a specific vacuum read-
ing (6.26e-06 Torr) visible in a dashboard screen-
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Figure 9: Performance distributions of Multi-modal RAG vs. No-RAG. The inclusion of MLLM-generated visual
descriptions leads to a consistent density shift towards higher scores across all lexical and semantic metrics.

shot from the Mass Spectrometer Optimization we-
binar. Although the MLLM correctly transcribed
this value into the image description, the retriever
failed to surface this chunk. Instead, it ranked a
semantically generic "instrument standby" descrip-
tion from a text-only User Guide as the top result.

This indicates a critical bottleneck in current
Multi-modal RAG architectures: while MLLMs
can bridge the modality gap by converting images
to text, standard dense retrievers may fail to align
specific visual questions (which often rely on ex-
act numerical values or spatial layout) with their
textual descriptions when "distractor" chunks with
higher general semantic overlap are present.

E Real-world Deployment Architecture

To bridge the gap between ChemBench and
practical laboratory application, we developed a
production-ready deployment architecture focused
on system stability, real-time responsiveness, and
closed-loop data accumulation. The system em-
ploys a decoupled client-server architecture de-
signed to support the complex retrieval require-
ments of the RAG pipeline described in Section 4.
System Architecture. The backend functions as a
high-performance asynchronous service. To miti-
gate the memory instability often associated with
dynamic loading of deep learning models, we im-
plemented a static resource initialization strategy.
During service startup, all heavy computational
components (including vector database indices, em-
bedding models, and rerankers) are preloaded into
memory. While this approach incurs a marginal
increase in initialization time, it ensures consis-
tent runtime stability and eliminates service inter-
ruptions caused by repeated model loading under
concurrent request loads.
Communication Protocol. Given the multi-turn
nature of analytical chemistry, we moved beyond
the traditional stateless HTTP request-response
model. We implemented a full-duplex WebSocket

Figure 10: The description of questionnaire about rubric-
based evaluation.

communication mechanism to maintain interaction
continuity. This architecture enables the backend
to stream inference states to the frontend in real-
time, visualizing the retrieval process, intermedi-
ate reasoning steps, and final generation. This
transparency allows users to observe the system’s
"Chain-of-Thought," significantly enhancing trust
and interpretability in high-stakes experimental en-
vironments.

Data Persistence and Feedback Loop. To sup-
port the continuous refinement of the benchmark,
we engineered a structured feedback persistence
layer using Object–Relational Mapping (ORM).
This schema enforces strict data integrity by bind-
ing multidimensional user ratings (e.g., specificity,
correctness) and qualitative feedback directly to
the corresponding conversational context and re-
trieval metadata. This implementation establishes
an automated "human-in-the-loop" data pipeline,
effectively converting real-world sessions into val-
idated samples for future model fine-tuning and
benchmark expansion.
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Figure 11: The description of questionnaire about AI-
generated QA filtering.

F Questionnaire for Chemistry Experts

To standardize the evaluation and ensure expert
consistency, we provided chemists with a detailed
questionnaire that clearly outlined the study’s sci-
entific purpose. This instrument required experts to
use a 1-to-5 scale to assess LLM-generated answers
against six criteria. The complete structure of the
questionnaire, including the six metrics and the in-
struction for selecting the best answer, is shown
in Figure 10.

To ensure the dataset’s quality and practical rel-
evance, a separate questionnaire was created for
the filtering of the AI-generated QA pairs. This
instrument, shown in Figure 11, asks experts to
validate if the questions are clear, the answers are
accurate, and the source material appropriately sup-
ports the responses. Because reviewing the entire
pool of 435 generated questions was deemed too
time-consuming for the chemists, we segmented
the dataset, presenting 60 questions per expert re-
view batch. This approach ensured a focused and
efficient final screening process.
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Table 4: Selected analytical chemistry questions with expert answers from the ChemBench dataset.

Question Answer
The signal for my analyte is low in the
mass spectrometer.

Try positive and negative mode. Try different mobile phases.
Try microflow or nanoflow HPLC. Derivatize your compound
to make it ionize better.

The signal for my analyte is low in the
UV-VIS detector.

Try a detector cell with a longer pathlength. Try mobile
phases or columns that sharpen your peaks. Derivatize your
compound to give it a chromophore that absorbs in the UV-Vis
spectra.

What could cause loss of sensitivity in
LC/MS?

Possible causes include: blocked or damaged nebulizer, con-
taminated transfer capillary, contaminated source, contami-
nated solvents, or detector gain loss.

What can cause changing retention times
in LC/MS?

Causes include: insufficient buffer capacity, contamination
buildup, insufficient equilibration time, active sites on the
column, inconsistent on-line mobile-phase mixing, selective
evaporation of mobile-phase components, varying column
temperature, and check-valve malfunction.

What can cause high back pressure in
LC/MS?

Causes include column blockage, small particle size, micro-
bial growth, high mobile-phase viscosity, plugged frits, and
salt precipitation.

What should I do if there is high column
backpressure?

Check flow path (needle seat, capillaries, filter, and frits). Use
lower viscosity solvents or higher temperature.

How can you address decreasing pressure? Vent mobile-phase reservoir, replace inlet-line frit, check for
pinched tubing, replace or clean check valves, replace pump
seals, and degas solvent.

What can cause broad peaks in LC/MS? Causes include sample overload, large injection volume, large
extra column volume, high mobile-phase viscosity, peak dis-
persion in injector valves and poor column efficiency.

How can you address ghost peaks? Flush the column to remove contaminants, clean the MS
interface, use fresh solvents, and use sample cleanup methods.

What type of bottles should be used to
avoid algae growth in solvents?

Use brown borosilicate bottles.

How often should aqueous and organic mo-
bile phases be replaced?

Every second day.

What should be done weekly to maintain
the LC system?

Change seal wash solvent, inspect solvent filters, and check
system backpressure.

Why do peaks become distorted and plate
counts drop after a few hundred injections?
What are possible causes of short column
lifetime?

The column could be contaminated. To address this, use a
guard column, clean the column with a suitable solvent, or
replace it. Other causes of column short lifetime could be
pH outside the recommended range, use of strongly acidic or
alkaline solutions, exposure to high temperatures or pressures
beyond specifications

How can contamination in assays be pre-
vented?

Use high-purity solvents, clean glassware thoroughly, filter
samples, and use guard columns to prevent contamination.

What causes baseline noise in chro-
matograms?

Possible causes include air bubbles, pump issues, detector
problems, or impurities in the mobile phase.

What is the best way to store columns
when not in use?

Store columns in a cool place with end caps on and filled with
an appropriate solvent to maintain their condition.

How can column life-time be extended? Regularly clean the column, use guard columns, filter samples
and solvents.

What is a common problem with shifting
retention times?

Shifting retention times can occur due to changes in mobile
phase composition or column temperature fluctuations.40550



Table 5: Selected unanswered open-ended analytical chemistry questions from the ChemBench dataset.

Question Answer
I have 4 components in my sample, but no matter what HPLC conditions I try, I
only see a maximum of 3 peaks. I am using a C18 column with a water/Acetonitrile
gradient from 70-90% What should I do?

N/A

I am having trouble getting accurate quantitation of the first peak from my LC-
MS method, which is eluting very early in the assay and showing significant ion
suppression. What should I do? I am developing an HPLC method for measuring
anthracene, but having difficulties with reproducibility and seeing broad rolling
baseline problems. I am using a C18 column with a water/Acetonitrile gradient from
70-90%. What should I do?

N/A

I am developing an HPLC-MS assay for several amide derivatives of the amino acid
proline. I am seeing some strange behavior including split peaks and other abnormal
peak shapes. What should I do?

N/A

I am developing an HPLC-MS assay for a drug product. I am getting good signal
and good resolution from impurities, but the major peak has a tailing shoulder that
makes integration and quantitation difficult. What should I do?

N/A

I am developing an HPLC-MS assay for a natural product. I am getting good signal
and good resolution from impurities, but the major peak has a fronting that makes
integration and quantitation difficult. What should I do?

N/A

I am developing an HPLC-MS assay and seeing some strange behavior. I am
observing the doubling of some peaks and some strange peak shapes. In addition, I
am sometimes observing an increased backpressure upon sample injection. What
should I do?

N/A

I am having difficulties with an HPLC-MS assay for a natural product. My assay was
working fine yesterday, but today the intensity of the main peak for the compound of
interest has decreased and I am seeing a new peak growing in. What should I do?

N/A

My HPLC-MS system is working fine, but whenever I inject a sample of our new
investigational compound I get weird results. I am seeing very strong tailing and
extra peaks for this sample, although other samples and standards behave normally.
What should I do?

N/A

I am repeating some HPLC-MS assays from last year, using the same column, which
has been in storage for several months. My results are similar to what I previously
observed, but the peak shapes are terrible, with many peaks broadened and some
doubled. What should I do?

N/A

I am studying some newly synthesized BOC-amino acids by LC-MS. The HPLC
traces look encouraging, but I am having difficulty seeing the M+1 peak for these
new compounds. What should I do?

N/A

My LC-MS assay is showing a peak in the MS at m/z = 441 for almost every peak I
examine. I am not sure what is going on. This peak wasn’t seen in these samples last
week. What should I do?

N/A

I am about to start the development of a new LC/MS method. After validation, the
method will be transferred to the QC Lab, where it will be used for many years.
What can I do to ensure good batch to batch reproducibility?

N/A

I am encountering some problems with my sample preparation. I am using SPE
with a reversed-phase sorbent. Usually, the recovery is around 80% but sometimes it
drops down to 50% or less. What could be the problem?

N/A
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Table 6: Generated analytical chemistry QA pairs using AI, with RAG responses derived from domain-specific
documentation

Question Standard Answer RAG Answer
I am trying to
generate cali-
bration curves
in MassHunter
Quantitative
Analysis but
I’m unsure
how to properly
associate my in-
ternal standard
with each target
compound.
What should I
do?

To associate your internal stan-
dard (ISTD) with each tar-
get compound in MassHunter
Quantitative Analysis, click the
down arrow in the ISTD Com-
pound Name cell for each target
compound row and select the
appropriate ISTD name. After
that, enter the ISTD concentra-
tion for each ISTD compound
in the ISTD Conc. cell, using
the correct concentration value
(e.g., 50.0000). This will ensure
that your calibration curves are
accurately generated based on
the selected ISTD.

To properly associate your internal standard with each
target compound in MassHunter Quantitative Analysis,
follow these steps:
1. Open Method Setup Tasks: In MassHunter Quanti-
tative Analysis interface, locate the sidebar on the left
side of the method table window.
2. Access ISTD Setup: Click on ‘Method Setup Tasks‘,
then select ‘ISTD Setup‘.
3. Assign Internal Standards: - For each target com-
pound row, click the down arrow in the ‘ISTD Com-
pound Name‘ cell. - Select the corresponding deuterated
compound that you want to assign as the internal stan-
dard for that target compound.
4. Enter ISTD Concentration: In the ‘ISTD Concen-
tration‘ cell for each internal standard, type the concen-
tration value (e.g., ‘50.0000‘).

I recently re-
placed the AC
board in my Ul-
tivo system, but
the quad heater
isn’t heating up
properly. What
should I do?

Start by power cycling the Ul-
tivo to see if a Qcard reboot
allows the quad to start heat-
ing. Next, check the light sta-
tus of the heaters at the back of
the instrument near the Foreline
Pump power cable; the lights
should be on when heating and
cycle on and off while hold-
ing temperature. If the quad
is cold and no light is on, this
indicates that the AC board is
not sending power to the Quad
heater. Additionally, verify all
24V readings using the PVH;
if any 24V is missing, remove
the Ultimod PS and test the volt-
ages from an available power
source, focusing on pins 3 &
4. If the voltage is still absent,
you may need to replace the
Ultimod PS. Lastly, consider
swapping the heater/sensor ca-
ble connected to the cyclone
and vortex boards; if the heater
begins to heat after the swap,
the issue may lie with the AC
board or the heater cable itself.

To troubleshoot the quad heater not heating up prop-
erly after replacing the AC board in your Ultivo system,
follow these steps:
1. Power Cycle the Instrument: Turn off the Ultivo
system and then turn it back on. This may reset the
system and allow the quad to start heating.
2. Check Heater Light Status: Look at the back of the
instrument near the foreline pump power cable. Verify
the light status of the heaters. If the quad is cold and no
light is on, the AC board may not be sending power to
the quad heater.
3. Verify 24V Readings: Access the pvh and check that
all 24V readings are within the correct range. If 24V
is missing: - Remove the ultimod power supply (PS)
and plug it into any available power source. - Using
the upper left pin as ground, measure all other voltages,
focusing on pins 3 & 4. If the voltage is still missing,
replace the ultimod PS.
4. Inspect Heater/Sensor Cable: Swap heater/sensor
cable connected to the cyclone and vortex boards. If the
heater begins to heat after the swap, the issue may be
with the AC board or the heater cable.
5. Check Connections and Cables: Inspect the wires
from the bulkhead connector to AC board for any dam-
age or poor connections. If no issues are found, ensure
that ESW version matches and reinstall it if necessary.
By following these steps, you should be able to identify
and resolve the issue with the quad heater not heating
properly.

(continued on next page)
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Question Standard Answer RAG Answer
I recently
switched to
using trifluo-
roacetic acid
(TFA) in my
ESI positive
mode HPLC
method, but
now I’m seeing
unexpected
acetate anion
contamination
in my ESI
negative mode
results. What
should I do?

To address the acetate anion
contamination you’re observing
in ESI negative mode after us-
ing TFA, you should take the
following steps: First, change
the solvent frits and the analyt-
ical column, as these compo-
nents may retain the TFA and
lead to carryover. Next, rinse
the LC system for an extended
period to ensure that any resid-
ual TFA is removed. Addition-
ally, consider using acetic acid
or formic acid as alternatives to
TFA in your mobile phase to
prevent this issue in the future.
This approach will help min-
imize contamination and im-
prove the reliability of your re-
sults.

To address the unexpected acetate anion contamination
in your ESI negative mode results after switching to
trifluoroacetic acid (TFA) in your HPLC method, follow
these steps:
1. **Check for TFA Adducts**: Verify if the expected
TFA adducts (e.g., m/z 1034, 1334, etc.) are present in
your negative ion mode results. This can help confirm if
the contamination is related to TFA.
2. **Inspect the Analytical Column**: If you do not see
contamination in the MS2 scan mode, the contamination
might be located in the analytical column. Consider
rinsing or replacing the column if necessary.
3. **Rinse the System**: Rinse the LC system thor-
oughly. Use acetic or formic acid as an alternative to
TFA for rinsing. Ensure that you flush the system with
a suitable solvent for an extended period to remove any
residual contaminants.
4. **Clean the CDS Bottle**: Empty the CDS bottle,
acid etch it, and rinse it with an organic solvent. Then
fill it with acetonitrile and flush the CDS for at least an
hour. Some contamination may require longer flushing.
5. **Replace Filters and Tubing**: Check and replace
any filters in the system. Use PTFE tubing for the Milli-
Q water system to minimize contamination.
6. **Use New Calibrant Tune Mix**: If contamination
persists, consider using a new calibrant tune mix solution
from a different lot to avoid carryover from previous
analyses.
7. **Monitor for Abnormal Background Ions**: Be
aware of any abnormal background ions that may appear
in negative ion mode, particularly if using a nitrogen
generator. If you observe such ions, further investigate
the nitrogen generator’s condition.
By following these steps, you should be able to mitigate
the unexpected acetate anion contamination in your ESI
negative mode results.
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