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1. Introduction

Large language models (LLMs) and retrieval-
augmented generation (RAG)[1] systems are in-
creasingly applied to scientific research, yet
their evaluation in specialized domains remains
poorly validated. Existing benchmarks such as
GPQA [2] and MaScQA [3] primarily rely on
structured question formats (e.g., multiple-
choice or predefined numerical answers), which
limits their ability to evaluate open-ended sci-
entific reasoning. Here, using graphene synthe-
sis as a case study, we present the first system-
atic assessment of open-ended automated RAG
evaluation frameworks against human expert
judgment, revealing both their sensitivity to re-
trieval benefits and their fundamental limita-
tions in scientific contexts.

2. Methodology

A domain-specific RAG pipeline was constructed
using 300 peer-reviewed articles on graphene
synthesis, from which synthesis methodologies
were extracted, standardized, and embedded
into a vector database for semantic retrieval.
Twenty domain-specific questions spanning
across major fabrication methods [4], synthesis
of graphene derivatives, application-driven
synthesis strategies, and mechanistic under-
standing were developed by a materials science
expert, with ground truth answers established
through a rigorous double-blind consensus pro-
cess involving three independent domain ex-
perts. Experts generated answers based solely
on their professional knowledge, without access
to the retrieval corpus, ensuring that ground
truth reflected genuine scientific understanding
rather than corpus-specific artifacts.

During response generation, two inference
modes were employed: RAG and standard non-
RAG inference. In the RAG setting, each query
was embedded and matched against the vector
database using cosine similarity, with the top
five most relevant papers retrieved at inference
time and combined into a structured prompt to
ground answer generation in domain-specific
literature. In the non-RAG setting, responses
were generated solely from the query without

access to external context. Both modes were ap-
plied to two LLMs: Gemini-2.5-Flash, a proprie-
tary closed-source model, and Qwen2.5-7B, an
open-source model, enabling analysis of re-
trieval benefits across model classes.

Model outputs were evaluated using four as-
sessment approaches: RAGAS [5], BERTScore
[6], an LLM-as-a-judge, and blinded expert hu-
man evaluation. To enable consistent compari-
son across all evaluators, factual correctness
(FC) was used as the primary evaluation metric.
Within RAGAS, the FC metric assesses overlap
between generated responses and ground truth
using claim-level decomposition. BERTScore
was employed as an alternative method for
evaluating semantic alignment between gener-
ated answers and ground truths. The LLM-as-a-
judge approach used GPT-40 with a structured
evaluation rubric to assign FC scores based on
factual alignment with the ground truth. In par-
allel, nine expert human evaluators inde-
pendently scored responses using the same ru-
bric under blinded conditions. This evaluation
design ensured direct comparability of factual
correctness assessments across automated and
human evaluators.

3. Results

Human evaluation revealed clear performance
hierarchies demonstrating the value of retrieval
augmentation for scientific applications. RAG-
Gemini achieved the highest average score
(6.92), followed by RAG-Qwen (6.68), standard
Gemini (6.37), and standard Qwen (5.68). The
performance improvements from retrieval aug-
mentation were substantial: 0.55 points for
Gemini and 1.00 points for Qwen, representing
9% and 17% relative improvements respec-
tively.

Notably, the impact of retrieval was more pro-
nounced for smaller open-source models: RAG-
Qwen not only exceeded the performance of
standard Gemini despite its smaller size (7B vs.
Gemini’s larger scale) but also showed nearly
twice the relative gain in FC compared to Gem-
ini-2.5-Flash. This demonstrates that retrieval
enhances smaller open-source models to the
point where they can compete effectively with
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(a) RAGAS vs Human Scores Across LLMs (b) BERTScore vs Human Scores Across LLMs
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Figure 1: Comparison of factual correctness scores across LLMs and evaluators. (a) RAGAS vs. human
scores for RAG and non-RAG variants of Gemini and Qwen. RAGAS underestimates factual correctness
scores and shows poor alignment with human evaluation. (b) BERTScore vs. human scores across same
LLMs. BERTScore show low variance in scores. (c) LLM Judge vs. human scores, showing the closest
alignment in both distribution and median values. (d) Mean factual correctness scores across RAG and
non-RAG LLMs by evaluator. Human and RAGAS reflect consistent factual gains from RAG augmentation,

unlike LLM judge.

larger proprietary alternatives in domain-spe-
cific applications.

The relationship between automated evaluators
and human judgment reveals critical insights
about evaluation framework reliability in scien-
tific contexts. RAGAS exhibited the largest ab-
solute deviation from human scores (73.5% av-
erage difference) yet demonstrated the highest
sensitivity to retrieval-augmented performance
improvements (Figure 1a). RAGAS successfully
captured the relative performance gains ob-
served by human evaluators: 0.52-point im-
provement for Gemini (vs. 0.55 human-ob-
served) and 1.03-point improvement for Qwen
(vs. 1.00 human-observed).

BERTScore showed minimal absolute deviation
(8.78%) but suffered from restricted score dis-
tribution (o = 0.70), clustering most outputs be-
tween 5.19-6.59 (Figure 1b). When applied to
human evaluation patterns, only 24% of human
scores fell within BERTScore's expected range,

indicating poor alignment with human scoring
patterns despite superficial agreement in aver-
age scores. Consequently, BERTScore lacks the
interpretability and responsiveness needed for
evaluating factual correctness.

LLM judge demonstrated both low absolute de-
viation (7.53%) and appropriate score distribu-
tion (o = 2.24), providing the closest overall
alignment with human evaluation patterns (Fig-
ure 1c). However, LLM judge failed to capture
retrieval augmentation benefits consistently,
incorrectly favouring standard Gemini over
RAG-Gemini and showing minimal differentia-
tion between Qwen variants (Figure 1d)
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