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prehensive benchmark
framework for LLM/MLLM XRD question answering

Ali Vosoughi,†a Ayoub Shahnazari,†b Yufeng Xi,c Zeliang Zhang,a Griffin Hess,b

Chenliang Xua and Niaz Abdolrahim *bcd

We introduce OPENXRD, a comprehensive benchmarking framework for evaluating large language models

(LLMs) and multimodal LLMs (MLLMs) in crystallography question answering. The framework measures

context assimilation, or how models use fixed, domain-specific supporting information during inference.

The framework includes 217 expert-curated X-ray diffraction (XRD) questions covering fundamental to

advanced crystallographic concepts, each evaluated under closed-book (without context) and open-

book (with context) conditions, where the latter includes concise reference passages generated by GPT-

4.5 and refined by crystallography experts. We benchmark 74 state-of-the-art LLMs and MLLMs,

including GPT-4, GPT-5, O-series, LLaVA, LLaMA, QWEN, Mistral, and Gemini families, to quantify how

different architectures and scales assimilate external knowledge. Results show that mid-sized models

(7B–70B parameters) gain the most from contextual materials, while very large models often show

saturation or interference and the largest relative gains appear in small and mid-sized models. Expert-

reviewed materials provide significantly higher improvements than AI-generated ones even when token

counts are matched, confirming that content quality, not quantity, drives performance. OPENXRD offers

a reproducible diagnostic benchmark for assessing reasoning, knowledge integration, and guidance

sensitivity in scientific domains, and provides a foundation for future multimodal and retrieval-

augmented crystallography systems.
1 Introduction

Crystallography is the scientic discipline concerned with
determining the arrangement of atoms and molecules in crys-
talline solids.1–3 This structural understanding is crucial for
elucidating material properties, such as symmetry, geometry,
and physical characteristics.4,5 This understanding is crucial for
progressing materials science, especially in areas like metal-
lurgy, pharmaceuticals, and semiconductor technology.6–10

Central to crystallography is X-ray diffraction (XRD), a key
experimental technique that enables researchers to uncover
detailed information about crystal structures by examining how
X-rays interact with crystalline lattices.11–13

The foundational principle of XRD is Bragg's Law, discovered
by Lawrence Bragg in 1912.14,15 Bragg's law describes how the
angle of a diffracted X-ray beam depends on the wavelength of
the X-rays and the spacing between atoms andmolecules within
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the material.16,17 Using XRD, researchers analyze crystal struc-
tures to determine important parameters such as atomic
arrangements, phase composition, unit cell size, grain size,
crystallinity, strain, and lattice defects.18–25

Advances in the analysis of large XRD data have demon-
strated that conventional deep learning approaches, such as
Convolutional Neural Networks (CNNs) and Graph Neural
Networks (GNNs), are powerful tools, particularly for identifying
or predicting crystal parameters space group labels,26–28 lattice
constants,29,30 or phase compositions.31,32 These models achieve
remarkable numerical accuracy, demonstrating their efficacy
for crystal classication and structural analysis tasks.

However, despite their success in quantitative predictions,
these deep-learning techniques are limited in providing inter-
pretative and explanatory insights into the underlying physics
or chemistry of XRD data.33–35 This lack of interpretability
restricts their ability to offer meaningful explanations about the
material properties or structural characteristics encoded within
the diffraction data. This lack of interpretability restricts the
broader application of deep-learning approaches in crystallo-
graphic research, where understanding underlying phenomena
is essential.36–38

In contrast, recent progress in Natural Language Processing
(NLP) driven by Large Language Models (LLMs), such as GPT-
based architectures, has transformed various computational
Digital Discovery
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domains.39–41 LLMs demonstrate exceptional capabilities in
open-ended question answering,42,43 multi-step reasoning,44,45

domain-specic question answering,46–48 predicting material
properties,49–51 and extracting information from complex
datasets.52–54 These powerful language models can potentially
bridge the interpretability gap faced by traditional deep-
learning models when applied to scientic elds, including
materials science and crystallography.55–57

For instance, Antunes et al. introduced CrystaLLM, an
autoregressive LLM trained on millions of Crystallographic
Information Files (CIFs), which encode detailed crystallo-
graphic data, including atomic coordinates, symmetry opera-
tions, lattice parameters, and space group information, to
generate plausible crystal structures from given chemical
compositions, demonstrating the potential of text-based crystal
structure generation.58 In addition, Johansen et al. introduced
deCIFer, an autoregressive language model on powder XRD
data to produce complete crystal structures in CIF format,
attaining high match rates between generated structures and
experimental diffraction proles.59

Further extending these capabilities, Choudhary introduced
DiffractGPT, a generative pretrained transformer that predicts
atomic structures directly from XRD patterns, particularly when
chemical information is provided.60 AtomGPT, another
transformer-based model by Choudhary, effectively predicts
material properties such as formation energies, electronic
bandgaps, and superconducting transition temperatures with
accuracy comparable to GNNs.61 Beyond generative tasks, LLMs
have also been employed for scientic question-answering and
knowledge retrieval in the materials domain. For example, the
LLaMP framework combines an LLM with a materials database
to fetch and reason over crystallographic data, reducing halluci-
nations and improving factual accuracy inmaterials science QA.53

In this study, we investigate whether providing domain-
specic context generated by a stronger model, such as sup-
porting textual material, can signicantly enhance the perfor-
mance of weaker models or alternative congurations of the
same model on specialized XRD-related questions. To rigor-
ously test this hypothesis, we constructed a carefully selected
dataset consisting of 217 multiple-choice XRD questions, each
reviewed and approved by a domain expert at the PhD level.
Each question has only one correct answer among four provided
choices, covering a range of topics from fundamental principles
to complex scenarios, including issues such as basic structural
geometry, unit cell dimensions, and coordination environ-
ments, to more complex concepts, including fundamental
equations and symmetry analysis. Initially, we evaluate the
performance of various large LLMs, including GPT-4.5, GPT-4,
O1, O3, and so forth, under closed-book conditions, where
models rely solely on their pretrained internal knowledge
without external assistance. Our initial results show that GPT-
4.5 clearly outperforms other tested models. Based on this
outcome, we employ GPT-4.5 to generate approximately one-
page textual summaries. These summaries intentionally avoid
explicitly stating correct answers yet offer adequate context and
guidance to facilitate correct reasoning. We then reassess the
performance of the other models under open-book conditions
Digital Discovery
to quantify the improvement when provided with these
contextual summaries, aiming to quantify the improvement
enabled by this supplementary textual material.

It is important to clarify that OPENXRD is a context-
assimilation benchmark rather than a retrieval system, and as
such is complementary to Retrieval-Augmented Generation
(RAG) rather than competing with it. While RAG is a deploy-
ment architecture that couples a retriever with a generator to
fetch answer-bearing passages from large corpora at inference
time, OPENXRD deliberately removes the retrieval confound by
providing xed, curated, answer-guiding passages that avoid
revealing correct answers. This design isolates the language
model's ability to integrate external guidance from confounding
factors such as retrieval quality, chunking, and ranking.
OPENXRD does not perform retrieval and does not aspire to be
a deployable QA system; instead, it provides a controlled,
reproducible setting to disclose how language models react to
guidance—when it helps, when it distracts, and how sensitivity
varies with model family, token budget, and content quality.
These are properties that end-to-end RAG oen obscure because
retrieved passages can directly contain the answer. The same
evaluation harness can benchmark RAG systems by replacing
our oracle helper passages with retrieved chunks from a crys-
tallography corpus, thereby decomposing end-to-end RAG
accuracy into retrieval quality and language model assimilation
capability. Thus, OPENXRD serves as a diagnostic complement
for RAG research, not a competing alternative.

In this sense, our open-book setting can be interpreted as an
oracle (Gold-Standard) RAG condition: the model receives
a passage that is (i) maximally relevant to the question and (ii)
explicitly written to support reasoning without leaking the
answer. This design provides an upper bound on what
a conventional RAG pipeline could achieve with the same
generator if retrieval were perfect. In contrast, standard RAG
performance reects the combined effect of retrieval (corpus
coverage, chunking, ranking, and noise) and generation
(assimilation). Because OPENXRD xes the passage, it enables
a clean estimate of the generator's assimilation capability that
end-to-end RAG accuracy alone cannot disentangle. Practically,
for mid-capacity models, improving the quality of the provided
evidence can yield substantial gains, whereas high-capacity
models can show saturation or even interference when
evidence is redundant or stylistically mismatched.

Importantly, OPENXRD does not rene model parameters:
all models are evaluated zero-shot and we do not modify or ne-
tune any model weights. The only renement in our pipeline is
applied to the supporting passages (AI-generated versus expert-
reviewed). Accordingly, open-book gains should be interpreted
as improved inference-time use of curated guidance (context
assimilation), rather than weight-level improvement in the
model's underlying reasoning capability (see Section 2.6).

2 Methods
2.1 Dataset selection and curation

To evaluate language model performance in crystallography, we
curated a domain-specic multiple-choice question-answering
© 2026 The Author(s). Published by the Royal Society of Chemistry
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Fig. 2 A word cloud of the subtask labels from our human-curated
crystallography dataset. Larger words indicate subtasks with a higher
number of questions, illustrating the breadth of topics (e.g., diffraction
fundamentals, lattice geometry, advanced structure analysis). This
distribution underscores the diversity and domain complexity captured
in our QA benchmark, spanning both basic definitions (e.g., counting
crystal systems) and intricate reflections (e.g., twin boundaries, space-
group anomalies).
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dataset comprising 217 expert-reviewed items focused exclu-
sively on X-ray diffraction and crystallographic reasoning. To
construct this dataset, we partially drew on content from Cull-
ity's introduction to X-ray diffraction.11 Each question includes
a concise prompt, three to four answer options, a single correct
answer, a brief explanation providing the scientic rationale,
and a associated subtask label that enables ne-grained
performance analysis across different crystallographic
domains. The dataset encompasses 81 distinct crystallographic
subtasks, covering a broad span of domain knowledge
including crystal structure fundamentals, diffraction geometry,
reciprocal-space concepts, Bragg-law applications, peak index-
ing, space-group interpretation, unit-cell analysis, scattering
physics, microstructure effects, and additional specialized
topics (see Fig. 1 and 2).

As illustrated in Fig. 2, the distribution of subtask labels
highlights the diversity and complexity of the topics covered in
our dataset, ranging from basic denitions to advanced struc-
tural phenomena. All questions were reviewed and validated by
a domain expert to ensure scientic correctness and compre-
hensive coverage of essential XRD subtasks.

This annotated dataset serves three primary purposes. First,
it provides a benchmarking framework for testing the capability
of LLMs to comprehend and apply specialized crystallographic
concepts. Second, it enables ne-grained subtask-level analysis,
distinguishing model performance across different categories,
ranging from fundamental denitions to complex conditions.
Third, it supports a comparative study between closed-book and
open-book evaluation settings, allowing us to assess the impact
of supplementary domain-specic context on model accuracy.

The atomic scattering factor measures how effectively an
atom scatters X-rays, and it depends on the atom's electron
density and the scattering angle. The atomic scattering factor
quanties how effectively an atom scatters X-rays, depending
primarily on its electron density distribution and the scattering
angle. At low scattering angles, the atomic scattering factor
approaches the total electron count of the atom, but as the angle
Fig. 1 Example question from the OPENXRD dataset in closed-book
format. Each question includes a concise prompt, multiple-choice
options (3–4 answers), with one correct answer. This illustrates the
baseline evaluation condition where models must rely solely on their
internal knowledge without external supporting materials.

© 2026 The Author(s). Published by the Royal Society of Chemistry
increases, it decreases due to interference effects within the
electron cloud. Consequently, heavier atoms with higher elec-
tron counts typically have larger scattering factors at low angles.
Additionally, this scattering factor inuences the intensity of
diffraction peaks, directly affecting how clearly atomic positions
can be determined from experimental X-ray diffraction data.
2.2 Evaluation framework: closed-book vs. open-book

The OPENXRD evaluation framework is designed to assess the
reasoning capabilities of language models in crystallography
under two distinct conditions: closed-book and open-book
modes. In the closed-book mode, the model receives only the
question along with its correspondingmultiple-choice options. It
must rely entirely on its pre-trained internal knowledge to
answer, without access to any additional resources or clarica-
tions. This setting evaluates the model's intrinsic understanding
of crystallographic principles and its ability to perform domain-
specic reasoning based solely on its learned representations.
In contrast, the open-book mode supplements the question and
answer choices with a brief, domain-relevant textual passage.
This supporting material contains essential background infor-
mation or clarications pertinent to the question, similar to
consulting a short textbook excerpt. The aim is to evaluate the
model's ability to integrate external context with its internal
knowledge in order to reason more effectively.

Together, these two evaluation settings provide comple-
mentary insights. While the closed-book mode tests baseline
domain knowledge and internal consistency, the open-book
mode examines the model's capacity to synthesize and apply
external scientic information. This dual-mode structure is
particularly valuable for identifying the limits of a model's
independent expertise versus its ability to benet from curated
guidance.

We use a multiple-choice format in this foundational release
because it provides an unambiguous ground-truth label for each
Digital Discovery
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item, enabling rigorous, automated, and statistically stable
comparison across many heterogeneous models under identical
closed-book versus open-book conditions. In contrast, open-
ended outputs typically require human grading or rubric-based
evaluation, which introduces evaluator variance and reduces
reproducibility at the scale of this study. OPENXRD therefore
prioritizes measurement precision for diagnosing context
assimilation; open-ended short-answer and multi-step problem-
solving evaluations are a valuable complementary direction.
Fig. 3 Representative example illustrating operational quality attri-
butes (Section 2.3.3). Compared to the AI-generated passage, expert
review improves accuracy (mechanistic correctness), clarity (more
explicit logical structure), completeness (adds necessary context for
the question), and reliability (reduces phrasing that can blur related
mechanisms). This qualitative example complements the dataset-level
quality scoring reported in Table 6.
2.3 Supporting textual material generation

2.3.1 AI-generated supporting materials (open-book,
without expert review). Due to copyright constraints and the
impracticality of systematically scanning large volumes of
actual textbooks, GPT-4.5 was used to generate short, supportive
textual paragraphs for the open-book evaluations.

The generation process followed three key principles. First,
each passage summarized fundamental crystallographic
concepts relevant to the specic question. Second, care was
taken to avoid directly stating the correct answer, ensuring that
models must still reason rather than extract solutions verbatim.
Third, the length and content were controlled to maintain
clarity and focus, typically resulting in brief paragraphs span-
ning half to one page.

Prompt template and parameters (reproducible). For each
question, we provide GPT-4.5 with the question text and the full
set of answer choices without indicating the correct option, and
we generate a single answer-guiding passage using xed
decoding settings (temperature= 0.7, top_p= 0.95, max_tokens
= 800). The prompt template is: “Given the following question:
[QUESTION] and answer choices: [OPTIONS], write a concise
explanation of the relevant crystallographic concepts that helps
answer the question without revealing the correct answer. Focus
on fundamental principles, key denitions, and physical
mechanisms; avoid stating or paraphrasing any option as
correct. Target length: 500–600 tokens”. Passages that (i)
explicitly identify the correct option, (ii) meaningfully para-
phrase a correct choice in a way that reveals it, or (iii) contain
identiable technical errors are regenerated using the same
template with stricter “no answer leakage” instructions. The
exact prompt text, parameters, and regeneration checklist are
released with the benchmark assets (Data availability).

2.3.2 AI-generated materials with expert review. We
engaged three PhD students specializing in crystallography to
review and rene the supporting materials. These experts, with
four to seven years of research experience in XRD, crystal
structure analysis, and materials characterization, were
instructed to correct any technical inaccuracies in AI-generated
materials, improve explanations with precise domain termi-
nology, ensure comprehensive coverage of relevant concepts,
improve clarity while maintaining concision, remove potentially
misleading information, and add critical contextual details
missing from the original materials. Reviewers followed a stan-
dardized quality rubric dened in Section 2.3.3 (accuracy,
clarity, completeness, reliability), editing passages to increase
these attributes while preserving concision and avoiding answer
Digital Discovery
leakage. For the token-matched ablation in Section 3.5,
reviewers also maintained helper length within ±5% of the
paired AI-generated passage to eliminate text volume as
a confound.

As demonstrated in Fig. 3, the expert-reviewed version
provides substantial improvements over the initial AI-generated
explanations. Furthermore, Fig. 4 illustrates a representative
example from the multiple-choice question-answering dataset,
showcasing the original question, corresponding answer
choices, and the AI-generated explanation as revised by an
expert.

2.3.3 Operational denition of supporting-material
quality. To make “information quality” measurable and repro-
ducible, we operationalize helper-text quality using a four-
attribute rubric scored on a 0–10 scale: accuracy, clarity,
completeness, and reliability. Accuracy reects correctness of
crystallographic terminology, physical mechanisms, and
mathematical statements. Clarity reects whether the explana-
tion is unambiguous and logically structured so that a reader (or
model) can follow the reasoning without inference gaps.
Completeness reects whether the passage contains the
necessary and sufficient concepts to answer the specic ques-
tion, including explicit separation of common confounders
when relevant (e.g., distinguishing intrinsic angular depen-
dence of the atomic form factor from Debye–Waller effects).
© 2026 The Author(s). Published by the Royal Society of Chemistry
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Fig. 4 An open-book mode example with expert-reviewed support-
ing material that clearly explains how a path difference of nl leads to
constructive interference, with additional contextual information
about its relevance to crystallography. The correct answer is high-
lighted in green.

Fig. 5 Illustration of our open-bookQA pipeline for crystallography. In
closed-book mode, the model sees only the question (left rotated
box). In open-book mode, it also receives domain-specific supporting
textual material (right rotated box), which is concatenated and fed to
the LLM (center pipeline), producing the final QA result.
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Reliability reects the extent to which the passage avoids
misleading tangents, speculative claims, or mixed mechanisms
that can trigger distraction-based errors. During expert review
(Section 2.3.2), reviewers edited each passage to improve these
four attributes while preserving concision and avoiding answer
leakage.

2.4 Input context structuring

We implement a structured input preparation approach via
a fusion module. For open-book evaluations, we employ
a retrieve-then-read style input format (without executing
retrieval) where the supporting material precedes the question:

x = Format(xs,xq,xo) (1)

where xs is the supporting textual content, xq represents the
question text, and xo indicates the provided answer choices. The
Format function organizes these components with clear
delimiters and instructional guidance. For closed-book evalua-
tions, the supporting material is omitted (xs = B), while the
remaining formatting is preserved. This structured approach
aligns with established retrieval-augmented generation para-
digms, wherein external knowledge serves as contextual refer-
ence material. Here, the supporting text xs is oracle-provided
(expert-curated and question-specic), so the experiment
controls for retrieval variability. In a conventional RAG system,
xs would be produced by a retriever over a large corpus and may
include irrelevant or partially relevant chunks. Therefore,
© 2026 The Author(s). Published by the Royal Society of Chemistry
OPENXRD should be viewed as benchmarking the generation/
assimilation stage under a best-case evidence condition.

Fig. 5 demonstrates the architecture of this open-book QA
pipeline. Currently, our implementation is exclusively textual;
however, this framework can be extended to multimodal data
(such as XRD patterns and crystallographic diagrams) as
generative vision models become sufficiently advanced.
2.5 Evaluation metrics

We use several metrics to quantitatively assess model perfor-
mance across evaluation modes, primarily focusing on accu-
racy, calculated as:

Accuracy ¼ jfcorrectly answered questionsgj
jfall questionsgj � 100% (2)

For our 217-question benchmark, accuracy is reported both
as an aggregated measure across the entire dataset and as a di-
saggregated measure by specic subtasks. For each model M
and subtask t˛T , accuracy is computed as:

AccuracyM;t ¼
���q˛Qt : MðqÞ ¼ yq

���

jQtj � 100% (3)

where Qt is the set of questions associated with subtask t, yq is
the correct answer, andM(q) denotes the model's prediction. To
assess the efficacy of open-book augmentation, we measure
performance improvement D as:

DM = AccuracyOpen-Book
M − AccuracyClosed-BookM (4)

Additionally, we quantify the relative improvement gained
through expert-reviewed materials compared to AI-generated
supporting materials:

DExpert
M = AccuracyOpen-Book,Expert

M − AccuracyOpen-Book,AI
M (5)
Digital Discovery
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This comprehensive evaluation framework allows us to
explore several aspects. We examine the intrinsic crystallo-
graphic knowledge inherent in each model, referred to as
closed-book performance. We also assess eachmodel's ability to
leverage external knowledge effectively, known as open-book
improvement. Additionally, we evaluate the added value
provided by expert-reviewed supporting materials, termed
expert renement differential. Furthermore, we analyze model-
specic strengths and weaknesses across various crystallo-
graphic subtasks.

2.6 Benchmark reproducibility and extension guidelines

OPENXRD's benchmark signal depends on both the questions
and the per-question supporting passages used in open-book
evaluation. To remove ambiguity and make the benchmark
reproducible for future users, we standardize and release the
full content pipeline: (i) the helper generation protocol (prompt
template, decoding parameters, and regeneration rules that
prevent answer leakage and correct technical errors), (ii) the
expert review protocol aligned with an explicit quality rubric
(Section 2.3.3), and (iii) validation procedures that test whether
new supporting materials are answer-guiding without being
answer-revealing.

For users evaluating additional models, OPENXRD is run
with the same input formatting and evaluation scripts used in
this study (Section 2.4–2.5), enabling direct comparison against
the baselines reported in Tables 2–6. For users extending the
benchmark with new questions, we provide a xed question
schema (prompt, 3–4 options, single correct answer, brief
explanation, and subtask label) and require that supporting
passages be generated using the released template and then
reviewed to improve the four rubric dimensions while avoiding
answer leakage. For ablations that compare helper variants,
token matching within ±5% is required to control for infor-
mation quantity (Section 3.5.1).

To validate new or extended supporting materials, we
recommend an “answer-guidance” check using held-out models
and three conditions: closed-book, explicit-answer materials
(upper-bound), and candidate materials. Candidate materials
are considered valid if their accuracy lies between the closed-
book and explicit-answer conditions and if the relative
ordering of model performance is preserved, indicating guid-
ance rather than shortcut leakage. All templates, scripts, and
validation utilities are distributed with the benchmark release
(Data availability).

2.7 Context assimilation vs. parameter ne-tuning

OPENXRD evaluates context assimilation—how models utilize
short, answer-guiding passages provided at inference time. We
intentionally do not modify model weights through parameter-
efficient ne-tuning (PEFT) methods such as LoRA,62 as this
would target a fundamentally different research question:
parametric knowledge embedding rather than inference-time
guidance utilization.

Several factors motivate this scope decision. First, many of
the 74 models in our evaluation pool are API-only or closed-
Digital Discovery
weight systems (GPT-4.5, O3-mini, Claude variants) that
cannot be ne-tuned uniformly, making fair PEFT comparisons
intractable. Second, our 217-question benchmark is intention-
ally reserved as a held-out evaluation set to preserve benchmark
integrity; ne-tuning on these questions or near-duplicates
would introduce data leakage and undermine reproducibility.
Third, PEFT optimization conates parametric adaptation
effects with the inference-time assimilation dynamics we aim to
isolate.

OPENXRD is complementary to PEFT research rather than
competitive with it. Researchers can ne-tune open-weight
models on external crystallographic corpora and subsequently
use OPENXRD to test whether inference-time guidance remains
benecial, becomes redundant, or introduces interference aer
domain adaptation. This decomposition of parametric knowl-
edge versus contextual reasoning is precisely the diagnostic
capability OPENXRD provides. For researchers aiming to
perform PEFT studies using our benchmark, we provide the
complete dataset, evaluation scripts, and code framework on
our project repository. This open-source release enables
researchers to design their own PEFT experiments using stan-
dard techniques such as LoRA with appropriate data splits to
prevent leakage between training and evaluation sets.
3 Results

In this section, we present a detailed evaluation of our
OPENXRD benchmark for crystallography, using a curated set
of 217 XRD-related questions. Each question can be answered in
two ways: closed-book mode, where the model relies solely on
its internal knowledge, and open-book mode, where it consults
supporting textual material. Our goal is to determine to what
extent supporting textual material access bolsters model
performance, particularly for advanced domain-specic
queries. We conduct our experiments in two phases: rst
using AI-generated supporting materials provided by GPT-4.5,
and then using expert-reviewed versions of these materials to
assess whether human domain expertise further enhances
performance.
3.1 Setup and baselines

3.1.1 Models compared. We conduct a comprehensive
evaluation across 74 state-of-the-art language models and
vision-language models spanning multiple architectural fami-
lies, parameter scales, and specialization domains. This exten-
sive model selection enables systematic analysis of how model
architecture, scale, and domain adaptation affect crystallo-
graphic reasoning performance under both closed-book and
open-book conditions.

OpenAI models: we evaluate 13 OpenAI models across
multiple generations and capabilities. The next-generation
GPT-5 series includes and .63,64 The
reasoning-optimized O-series comprises (o3-mini-
2025-01-31), (o1-2024-12-17), and .65,66 The GPT-4
family includes (gpt-4.5-preview-2025-02-
27), , , (gpt-4-turbo-2024-04-
© 2026 The Author(s). Published by the Royal Society of Chemistry
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Table 1 Comprehensive “closed-book mode” accuracy results on the 217-item crystallography QA benchmark, including older GPT-4 variants
and newly reported models. The rightmost column shows model parameter sizes: B = billions, T = trillions, U = undisclosed. For Mixture-of-
Experts (MoE) models, format is total/active parameters. Estimated values marked with ∼, N/A for routing services

Rank Model (closed-book mode) Acc. (%) Correct Params

1 openai/gpt-5 96.77 210/217 ∼300B
2 x-ai/grok-4-fast 96.31 209/217 U
2 openai/gpt-5-codex 96.31 209/217 ∼300B
4 google/gemini-2.5-pro 95.39 207/217 U
5 o3-mini 93.55 203/217 U
6 meituan/longcat-ash-chat 93.09 202/217 560B/27B
7 gpt-4.5-preview 92.63 201/217 U
8 anthropic/claude-3.5-sonnet 91.24 198/217 ∼175B
9 openai/gpt-4o 90.74 196/216 ∼200B
10 dziner-qwen-2.5-72b 90.32 196/217 ∼72B
10 perplexity/sonar-pro 90.32 196/217 70B
10 qwen/qwen3-next-80b-a3b-instruct 90.32 196/217 80B/3B
13 deepseek/deepseek-v3.1-terminus 89.86 195/217 671B/37B
13 qwen/qwen-plus 89.86 195/217 U
13 qwen/qwen3-next-80b-a3b-thinking 89.86 195/217 80B/3B
16 deepseek/deepseek-chat 89.40 194/217 671B/37B
16 o1 89.40 194/217 ∼200B
16 qwen/qwen-max 89.40 194/217 U
19 anthropic/claude-3-opus 88.94 193/217 U
20 openai/o1-mini 88.02 191/217 ∼100B
21 meta-llama/llama-3.1-405b-instruct 87.56 190/217 405B
21 qwen/qwen-2.5-72b-instruct 87.56 190/217 72B
23 mistralai/mistral-large 86.18 187/217 123B
24 amazon/nova-pro-v1 86.11 186/216 ∼90B
25 gpt-4-turbo 85.25 185/217 1.8T/280B
26 meta-llama/llama-3-70b-instruct 84.79 184/217 70B
26 meta-llama/llama-3.1-70b-instruct 84.79 184/217 70B
28 dziner-qwen-2.5-coder-32b 83.87 182/217 ∼32B
29 openai/gpt-4-0314 83.41 181/217 1.8T/280B
29 gpt-4-turbo-preview 83.41 181/217 1.8T/280B
31 amazon/nova-lite-v1 82.03 178/217 ∼20B
32 dziner-qwen-2.5-7b 81.57 177/217 ∼7B
32 gpt-4 81.57 177/217 1.8T/280B
34 openai/gpt-4o-mini 81.11 176/217 ∼8B
34 openrouter/auto 81.11 176/217 N/A
36 qwen/qwen-2.5-7b-instruct 79.72 173/217 7B
37 google/gemma-2-27b-it 79.26 172/217 27B
38 anthropic/claude-3.5-haiku 77.57 166/214 U
39 mistralai/mixtral-8x22b-instruct 76.81 159/207 141B/39B
40 mistralai/mistral-7b-instruct 75.35 162/215 7B
41 google/gemma-2-9b-it 75.12 163/217 9B
42 amazon/nova-micro-v1 74.65 162/217 ∼11B
42 mistralai/mistral-small 74.65 162/217 24B
44 anthropic/claude-3-haiku 74.04 154/208 ∼20B
45 openai/gpt-3.5-turbo-16k 72.60 151/208 ∼20B
46 mistralai/mixtral-8x7b-instruct 72.33 149/206 47B/13B
47 meta-llama/llama-3-8b-instruct 71.89 156/217 8B
48 mistralai/pixtral-12b 71.83 153/213 12B
49 openai/gpt-3.5-turbo 70.67 147/208 ∼20B
50 meta-llama/llama-3.1-8b-instruct 69.12 150/217 8B
51 llava-v1.6-34b 66.82 145/217 34B
52 lmms-lab/llava-onevision-qwen2-7b-si 66.36 144/217 7B
53 lmms-lab/llava-onevision-qwen2-7b-ov-chat 65.90 143/217 7B
54 lmms-lab/llava-onevision-qwen2-7b-ov 65.44 142/217 7B
55 meta-llama/llama-3.2-3b-instruct 64.98 141/217 3B
56 arcee-ai/afm-4.5b 62.21 135/217 4.5B
57 mistralai/mistral-7b-instruct-v0.1 59.50 119/200 7B
58 perplexity/sonar 59.24 125/211 70B
59 undi95/remm-slerp-l2-13b 57.08 121/212 13B
60 llamat-3-chat 57.14 124/217 8B
61 alibaba/tongyi-deepresearch-30b-a3b 55.76 121/217 30B/3B

© 2026 The Author(s). Published by the Royal Society of Chemistry Digital Discovery
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Table 1 (Contd. )

Rank Model (closed-book mode) Acc. (%) Correct Params

62 gryphe/mythomax-l2-13b 53.77 114/212 13B
63 llava-v1.6-mistral-7b 52.99 115/217 7B
64 llamat-2-chat 50.69 110/217 7B
65 lmms-lab/llava-onevision-qwen2-0.5b-ov 47.47 103/217 0.5B
66 llava-v1.5-13b 46.54 101/217 13B
67 lmms-lab/llava-onevision-qwen2-0.5b-si 46.08 100/217 0.5B
68 qwen/qwen3-coder-ash 43.46 83/191 U
69 qwen/qwen3-coder-plus 22.99 43/187 U
70 honeybee-13b 22.12 48/217 13B
71 qwen/qwen-2.5-coder-32b-instruct 21.03 45/214 32B
72 honeybee-7b 19.35 42/217 7B
73 llava-v1.5-7b 17.97 39/217 7B
74 llamat-2 16.59 36/217 7B
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09), (gpt-4-preview-0125),
(gpt-4-0613), and the base .67–70 We also evaluate earlier-
generation models and

.71,72 Anthropic Claude models: we assess
four Claude variants spanning two generations:

, , , and
.73–75 Meta LLaMA models: the LLaMA family is

represented by six models across three generations and
multiple parameter scales: (405B
parameters), and

(70B parameters),
and (8B

parameters), and (3B parameters).76,77

QWEN/Alibaba models: we evaluate 10 models from Aliba-
ba's QWEN ecosystem. General-purpose models include

,
(reasoning-optimized variant),

, , , and
.78,79 Code-specialized variants include

, , and
.80,81 We also evaluate
, Alibaba's research-focused

model.82 Mistral AI models: seven mistral variants are evalu-
ated: and (dense models),83,84

and (7B base
Table 2 Model categorization by size for systematic performance ana
examine scale-dependent effects on external knowledge assimilation in

Category Size range

Small models <10B parameters

Mid-sized models 10B–70B parameters

Large models >70B parameters (or closed-weight API

Digital Discovery
models),85 the mixture-of-experts models
and ,86,87

and the multimodal .88 DeepSeek models: we
evaluate two DeepSeek variants: and

.89 Google models: three google models are
assessed: the agship and the open-weight
models and .90,91 Amazon
Nova models: we evaluate Amazon's Nova series across three
capability tiers: , , and

.92 X.AI models: we include X.AI's
in our evaluation.93 LLaVA vision-language models: ten LLaVA
variants are evaluated, spanning multiple generations and
backbone architectures. These include and

from the 1.6 series,94

and from the 1.5 series,95 and six LLaVA-
OneVision models with QWEN2 backbones:

,
,
(7B variants), and

,
(0.5B variants).96 These

models combine vision encoders (ViT) with LLM backbones
(Mistral, LLaMA, QWEN) for multimodal understanding. In our
text-only evaluation setting, these models process supporting
textual materials that may include image captions but not the
lysis. The 74 evaluated models are grouped into three categories to
crystallography

Representative models

Mistral-7B, Phi-3-Mini (3.8B), Llama-3-8B,
LLaVA-v1.5-7B, QWEN2-0.5B, HoneyBee-7B,
LLaMAT-2 (7B), AFM-4.5B
Llama-3-70B, LLaVA-v1.6-34B, QWEN-2.5-32B,
Mixtral-8 × 7B (∼56B active), Gemma-2-27B,
Mistral-Small (24B)

models) Llama-3.1-405B, QWEN-2.5-72B, dziner-qwen-
2.5-72B, GPT-4, GPT-5, GPT-4.5, O3-mini,
Claude-3-Opus, Gemini-2.5-Pro, DeepSeek-V3.1

© 2026 The Author(s). Published by the Royal Society of Chemistry
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Fig. 6 Comparison of closed-book performance bymodel size group.
Large models (>70B parameters or advanced architectures like GPT-4,
GPT-5, O1, O3-mini, n = 27); mid-sized models (7B–70B parameters
including LLaVA-34B, QWEN2-7B, Mistral-7B, various 8B–13B models,
n = 22); small models (#7B parameters including LLaMA-3.2-3B,
Honeybee-7B, LLaMAT-2, n = 25). Analysis excludes unreliable llava-
v1.6-vicuna variants.
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actual images themselves. LLaMAT crystallography-specialized
models: we evaluate three domain-adapted LLaMAT variants
that have been pre-trained on crystallographic information les
(CIF): , , and .97 These
models represent explicit attempts to enhancematerials science
reasoning through domain-specic pre-training.

Dziner models: we assess three Dziner-QWEN variants
spanning different parameter scales: ,

, and .98

Perplexity models: two perplexity variants are evaluated:
and .99,100 Additional specialized models: our

evaluation includes several community-developed and special-
ized models: Meituan's ,101 Arcee-AI's

,102 the community-tuned models
and

,103,104 the vision-language models
and ,105 and the routing system
.106

This comprehensive model selection, spanning from 0.5B to
405B+ parameters and covering generalist, reasoning-
optimized, code-specialized, domain-adapted, and vision-
language architectures, enables robust analysis of how
different model capabilities interact with domain-specic sup-
porting materials in crystallographic question answering.

Several models were considered but ultimately excluded
from our evaluation due to architectural incompatibilities or
technical limitations. The model,107 designed speci-
cally as a reward model for scoring the quality of scientic
reasoning in chemistry rather than as a generative question-
answering system, was deemed inappropriate for our bench-
mark. Reward models are trained using preference learning
objectives to rank or score candidate responses, fundamentally
differing from generative models that produce answers directly.
This architectural mismatch makes incompatible with
our multiple-choice QA evaluation framework, which requires
models to generate or select answers rather than evaluate them.

We also encountered technical challenges with several LLa-
MAT variants, specialized adaptations of LLaMA models pre-
trained on crystallographic information les (CIF). While
three LLaMAT models ( , , and

) were successfully evaluated aer conguring
to accommodate their tokenization

schemes, three additional variants ( ,
, and ) exhibited incomplete Hug-

gingFace congurations: the base model lacked
proper architecture specications in , while both
CIF-specialized variants had malformed model cards with
missing tokenizer bindings that prevented inference initializa-
tion. Given that the successfully evaluated chat-optimized
LLaMAT variants achieved moderate baseline performance
(50.69–57.14% accuracy in closed-book mode; see Table 1), the
exclusion of these broken variants does not materially impact
our conclusions about crystallography-specialized models.

To facilitate systematic performance analysis across
different capability levels, we categorize the 74 evaluated
models into three size groups based on parameter count and
architectural complexity, as summarized in Table 2. This
© 2026 The Author(s). Published by the Royal Society of Chemistry
categorization enables structured comparison of how model
scale affects the ability to assimilate external domain knowledge
in crystallography tasks.

3.1.2 Inference setup. We employ a zero-shot inference
paradigm for all models without parameter updating or ne-
tuning on our crystallography evaluation set. For each query,
we construct a prompt consisting of the question and
enumerated options, formatted consistently across all models.
No in-context learning examples or demonstrations are
provided, requiring models to rely entirely on their parametric
knowledge. All foundation models are evaluated using their
published weights and architectures; O-family models have
documented parameter-efficient training on scientic corpora,
while vision-language models in the LLaVA family were
primarily trained on general domain text–image pairs without
domain-specic adaptation to crystallography.

3.1.3 Experimental progression. Our experimental
approach follows two distinct phases: In the rst phase, we use
GPT-4.5 to generate supporting textual materials for each
question, carefully prompting it to provide relevant information
without revealing the answer. Following this, in the second
phase, we engaged three PhD students specializing in crystal-
lography, with four to seven years of research experience, to
review and rene the supporting materials for improved accu-
racy and pedagogical clarity. This two-phase approach allows us
to quantify the value added by human domain expertise in the
construction of supporting materials relative to state-of-the-art
AI generation.
3.2 Closed-book mode observations

Table 1 presents the closed-book mode accuracy achieved on
our 217-question crystallography benchmark, and Fig. 6 illus-
trates the categorized closed-book performance of the models.

O3-mini performs extremely well, achieving about 93.55%
accuracy, even surpassing some GPT-4 variants, possibly
reecting training or optimization details not disclosed; we
report the observed performance. However, smaller LLaVA-
based models face challenges with advanced reection extinc-
tions, oen incorrectly identifying which plane indices vanish
Digital Discovery
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Table 3 Comparison of model accuracy in closed-book mode vs. open-book mode with AI-generated supporting materials. D = (open-book
mode) − (closed-book mode)

Model
Closed-book
mode (%)

Open-book mode
(%) D

openai/gpt-5 96.77 94.93 −1.84
x-ai/grok-4-fast 96.31 95.39 −0.92
openai/gpt-5-codex 96.31 94.47 −1.84
google/gemini-2.5-pro 95.39 88.48 −6.91
o3-mini 93.55 89.40 −4.15
meituan/longcat-ash-chat 93.09 90.32 −2.77
gpt-4.5-preview 92.63 90.32 −2.31
anthropic/claude-3.5-sonnet 91.24 89.40 −1.84
openai/gpt-4o 90.74 87.56 −3.18
dziner-qwen-2.5-72b 90.32 87.10 −3.22
perplexity/sonar-pro 90.32 90.32 +0.00
qwen/qwen3-next-80b-a3b-instruct 90.32 89.40 −0.92
deepseek/deepseek-v3.1-terminus 89.86 90.78 +0.92
qwen/qwen-plus 89.86 90.78 +0.92
qwen/qwen3-next-80b-a3b-thinking 89.86 87.10 −2.76
deepseek/deepseek-chat 89.40 91.24 +1.84
o1 89.40 88.02 −1.38
qwen/qwen-max 89.40 88.02 −1.38
anthropic/claude-3-opus 88.94 88.02 −0.92
openai/o1-mini 88.02 88.48 +0.46
meta-llama/llama-3.1-405b-instruct 87.56 82.95 −4.61
qwen/qwen-2.5-72b-instruct 87.56 86.18 −1.38
mistralai/mistral-large 86.18 83.87 −2.31
amazon/nova-pro-v1 86.11 86.64 +0.53
gpt-4-turbo 85.25 85.71 +0.46
meta-llama/llama-3-70b-instruct 84.79 80.65 −4.14
meta-llama/llama-3.1-70b-instruct 84.79 83.41 −1.38
dziner-qwen-2.5-coder-32b 83.87 84.79 +0.92
openai/gpt-4-0314 83.41 77.42 −5.99
gpt-4-turbo-preview 83.41 82.49 −0.92
amazon/nova-lite-v1 82.03 84.79 +2.76
dziner-qwen-2.5-7b 81.57 79.26 −2.31
gpt-4 81.57 82.03 +0.46
openai/gpt-4o-mini 81.11 82.03 +0.92
openrouter/auto 81.11 81.57 +0.46
qwen/qwen-2.5-7b-instruct 79.72 75.12 −4.60
google/gemma-2-27b-it 79.26 78.80 −0.46
anthropic/claude-3.5-haiku 77.57 88.02 +10.45
mistralai/mixtral-8x22b-instruct 76.81 80.09 +3.28
mistralai/mistral-7b-instruct 75.35 77.42 +2.07
google/gemma-2-9b-it 75.12 77.42 +2.30
amazon/nova-micro-v1 74.65 79.26 +4.61
mistralai/mistral-small 74.65 79.26 +4.61
anthropic/claude-3-haiku 74.04 82.49 +8.45
openai/gpt-3.5-turbo-16k 72.60 71.01 −1.59
mistralai/mixtral-8x7b-instruct 72.33 75.96 +3.63
meta-llama/llama-3-8b-instruct 71.89 73.27 +1.38
mistralai/pixtral-12b 71.83 75.58 +3.75
openai/gpt-3.5-turbo 70.67 71.50 +0.83
meta-llama/llama-3.1-8b-instruct 69.12 75.12 +6.00
llava-v1.6-34b 66.82 72.81 +5.99
lmms-lab/llava-onevision-qwen2-7b-si 66.36 71.89 +5.53
lmms-lab/llava-onevision-qwen2-7b-ov-chat 65.90 72.35 +6.45
lmms-lab/llava-onevision-qwen2-7b-ov 65.44 71.43 +5.99
meta-llama/llama-3.2-3b-instruct 64.98 62.67 −2.31
arcee-ai/afm-4.5b 62.21 64.52 +2.31
mistralai/mistral-7b-instruct-v0.1 59.50 54.03 −5.47
perplexity/sonar 59.24 68.84 +9.60
undi95/remm-slerp-l2-13b 57.08 61.50 +4.42
llamat-3-chat 57.14 30.41 −26.73
alibaba/tongyi-deepresearch-30b-a3b 55.76 80.18 +24.42

Digital Discovery © 2026 The Author(s). Published by the Royal Society of Chemistry
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Table 3 (Contd. )

Model
Closed-book
mode (%)

Open-book mode
(%) D

gryphe/mythomax-l2-13b 53.77 61.68 +7.91
llava-v1.6-mistral-7b 52.99 58.53 +5.54
llamat-2-chat 50.69 21.13 −29.56
lmms-lab/llava-onevision-qwen2-0.5b-ov 47.47 51.15 +3.68
llava-v1.5-13b 46.54 44.24 −2.30
lmms-lab/llava-onevision-qwen2-0.5b-si 46.08 51.15 +5.07
qwen/qwen3-coder-ash 43.46 84.33 +40.87
qwen/qwen3-coder-plus 22.99 88.94 +65.95
honeybee-13b 22.12 23.04 +0.92
qwen/qwen-2.5-coder-32b-instruct 21.03 27.01 +5.98
honeybee-7b 19.35 23.04 +3.69
llava-v1.5-7b 17.97 23.96 +5.99
llamat-2 16.59 19.82 +3.23
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for BCC or confusing zone-axis notation. Despite these issues,
nearly all models correctly answer basic factual questions like
the number of crystal systems and who discovered X-ray
diffraction.
3.3 Open-book mode observations using AI-generated
materials (no expert review)

Table 3 lists the closed-bookmode vs. open-bookmode accuracy
on our 217-question crystallography benchmark. Here and in
subsequent tables, D represents the performance improvement
dened in eqn (4), with model subscripts omitted as each row
corresponds to a different model. We rst evaluate open-book
mode accuracy by giving each model relevant supporting
textual material generated by GPT-4.5.

We observe distinct performance patterns across model
scales, architectures, and domain specializations. Remarkably,
specialized coder models demonstrate the most dramatic
improvements: qwen3-coder-plus gains +65.95% and qwen3-
coder-ash gains +40.87% from AI-generated supporting
materials, suggesting these models have signicant reasoning
Fig. 7 Open-book performance with AI-generated supporting
materials by model size group. Large models (>70B parameters or
advanced architectures, n = 27); mid-sized models (7B–70B param-
eters, n = 22); small models (#7B parameters, n = 25). Compared to
closed-book performance (Fig. 6), large models show slight degra-
dation (−1.9%), while mid-sized models gain +5.3% and small models
gain +10.3%, demonstrating that AI-generated context benefits
models with knowledge gaps but can interfere with already-capable
models.

© 2026 The Author(s). Published by the Royal Society of Chemistry
capacity but minimal crystallographic knowledge. Among
general-purpose models, mid-sized architectures (7B–70B
parameters) show substantial benets, with models like llama-
3.1-8b-instruct (+6.00%), llava-onevision-qwen2-7b-ov-chat
Fig. 8 Example of confusion in LLaVA-v1.6-34B due to conflicting
supporting material. The model had correct knowledge in closed-
book mode but was misled by additional content that mentioned both
the correct answer and a distractor as possible factors affecting
scattering, albeit in different ways.
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Table 4 Comparison of model accuracy in closed-book mode vs. open-book mode with expert-reviewed supporting materials. D = (open-
book mode) − (closed-book mode)

Model
Closed-book
mode (%)

Open-book mode
(%) D

openai/gpt-5 96.77 93.09 −3.68
x-ai/grok-4-fast 96.31 90.53 −5.78
openai/gpt-5-codex 96.31 92.17 −4.14
google/gemini-2.5-pro 95.39 92.63 −2.76
o3-mini 93.55 89.86 −3.69
meituan/longcat-ash-chat 93.09 89.86 −3.23
gpt-4.5-preview 92.63 89.40 −3.23
anthropic/claude-3.5-sonnet 91.24 89.40 −1.84
openai/gpt-4o 90.74 87.10 −3.64
dziner-qwen-2.5-72b 90.32 86.18 −4.14
qwen/qwen3-next-80b-a3b-instruct 90.32 89.40 −0.92
perplexity/sonar-pro 90.32 88.02 −2.30
deepseek/deepseek-v3.1-terminus 89.86 90.78 +0.92
qwen/qwen-plus 89.86 89.40 −0.46
qwen/qwen3-next-80b-a3b-thinking 89.86 87.10 −2.76
deepseek/deepseek-chat 89.40 90.32 +0.92
qwen/qwen-max 89.40 89.40 +0.00
o1 89.40 88.94 −0.46
anthropic/claude-3-opus 88.94 88.94 +0.00
openai/o1-mini 88.02 88.02 +0.00
meta-llama/llama-3.1-405b-instruct 87.56 84.33 −3.23
qwen/qwen-2.5-72b-instruct 87.56 85.71 −1.85
mistralai/mistral-large 86.18 86.18 +0.00
amazon/nova-pro-v1 86.11 86.64 +0.53
gpt-4-turbo 85.25 85.71 +0.46
meta-llama/llama-3-70b-instruct 84.79 82.95 −1.84
meta-llama/llama-3.1-70b-instruct 84.79 85.19 +0.40
dziner-qwen-2.5-coder-32b 83.87 77.42 −6.45
openai/gpt-4-0314 83.41 82.49 −0.92
gpt-4-turbo-preview 83.41 84.79 +1.38
amazon/nova-lite-v1 82.03 85.71 +3.68
dziner-qwen-2.5-7b 81.57 79.26 −2.31
gpt-4 81.57 82.49 +0.92
openai/gpt-4o-mini 81.11 81.11 +0.00
openrouter/auto 81.11 81.57 +0.46
qwen/qwen-2.5-7b-instruct 79.72 78.34 −1.38
google/gemma-2-27b-it 79.26 79.72 +0.46
anthropic/claude-3.5-haiku 77.57 85.92 +8.35
mistralai/mixtral-8x22b-instruct 76.81 83.89 +7.08
mistralai/mistral-7b-instruct 75.35 80.65 +5.30
google/gemma-2-9b-it 75.12 81.57 +6.45
amazon/nova-micro-v1 74.65 80.65 +6.00
mistralai/mistral-small 74.65 83.41 +8.76
anthropic/claude-3-haiku 74.04 83.33 +9.29
openai/gpt-3.5-turbo-16k 72.60 75.85 +3.25
mistralai/mixtral-8x7b-instruct 72.33 77.14 +4.81
meta-llama/llama-3-8b-instruct 71.89 75.58 +3.69
mistralai/pixtral-12b 71.83 77.88 +6.05
openai/gpt-3.5-turbo 70.67 76.33 +5.66
meta-llama/llama-3.1-8b-instruct 69.12 78.34 +9.22
llava-v1.6-34b 66.82 78.34 +11.52
lmms-lab/llava-onevision-qwen2-7b-si 66.36 75.12 +8.76
lmms-lab/llava-onevision-qwen2-7b-ov-chat 65.90 76.04 +10.14
lmms-lab/llava-onevision-qwen2-7b-ov 65.44 74.19 +8.75
meta-llama/llama-3.2-3b-instruct 64.98 65.44 +0.46
arcee-ai/afm-4.5b 62.21 67.28 +5.07
mistralai/mistral-7b-instruct-v0.1 59.50 62.44 +2.94
perplexity/sonar 59.24 67.14 +7.90
undi95/remm-slerp-l2-13b 57.08 65.12 +8.04
llamat-3-chat 57.14 31.80 −25.34
alibaba/tongyi-deepresearch-30b-a3b 55.76 86.64 +30.88

Digital Discovery © 2026 The Author(s). Published by the Royal Society of Chemistry

Digital Discovery Paper

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 1

6 
M

ar
ch

 2
02

6.
 D

ow
nl

oa
de

d 
on

 3
/3

1/
20

26
 1

2:
52

:5
1 

A
M

. 
 T

hi
s 

ar
tic

le
 is

 li
ce

ns
ed

 u
nd

er
 a

 C
re

at
iv

e 
C

om
m

on
s 

A
ttr

ib
ut

io
n-

N
on

C
om

m
er

ci
al

 3
.0

 U
np

or
te

d 
L

ic
en

ce
.

View Article Online

http://creativecommons.org/licenses/by-nc/3.0/
http://creativecommons.org/licenses/by-nc/3.0/
https://doi.org/10.1039/d5dd00519a


Table 4 (Contd. )

Model
Closed-book
mode (%)

Open-book mode
(%) D

gryphe/mythomax-l2-13b 53.77 66.51 +12.74
llava-v1.6-mistral-7b 52.99 64.06 +11.07
llamat-2-chat 50.69 16.13 −34.56
lmms-lab/llava-onevision-qwen2-0.5b-ov 47.47 54.38 +6.91
llava-v1.5-13b 46.54 48.39 +1.85
lmms-lab/llava-onevision-qwen2-0.5b-si 46.08 53.91 +7.83
qwen/qwen3-coder-ash 43.46 85.71 +42.25
qwen/qwen3-coder-plus 22.99 88.94 +65.95
honeybee-13b 22.12 21.20 −0.92
qwen/qwen-2.5-coder-32b-instruct 21.03 30.77 +9.74
honeybee-7b 19.35 17.51 −1.84
llava-v1.5-7b 17.97 28.57 +10.60
llamat-2 16.59 19.82 +3.23
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(+6.45%), anthropic/claude-3-haiku (+8.45%), and llava-v1.6-
34b (+5.99%) gaining meaningfully from domain-specic
context. Larger models (70B+) such as llama-3.1-405b-instruct
(−4.61%), llama-3-70b-instruct (−4.14%), and qwen-2.5-72b-
instruct (−1.38%) show minimal improvement or slight degra-
dation, while very large frontier models like o3-mini see only
minor gains (−4.15%), suggesting they already possess
substantial internal crystallographic knowledge.

Notably, multiple frontier models show performance degra-
dation with AI-generated supporting materials: GPT-4.5-preview
(−2.31%), Claude-3.5-Sonnet (−1.84%), dziner-qwen-2.5-72b
(−3.22%), and mistral-large (−2.31%). This counterintuitive
pattern reveals an important failure mode: for models with
comprehensive pre-trained knowledge, additional context, even
when domain-relevant, can introduce interference rather than
assistance.

Fig. 8 shows a concrete example where supporting materials
have caused confusion, directly illustrating this interference
mechanism. In this case, LLaVA-v1.6-34B answered correctly in
closed-book mode (Option B: Electron cloud interference) but
was misled in open-book mode to select Option C (Thermal
vibration). The supporting material discussed both phenomena
in close proximity: “The atomic scattering factor decreases with
increasing scattering angle due to interference effects within
the electron cloud. Additionally, thermal vibrations (Debye–
Waller factor) can further dampen the intensity.” This juxta-
position caused the model to conate two distinct mechanisms,
the intrinsic angular dependence (correct answer) versus
temperature-dependent effects (distractor), demonstrating that
the failure mode is primarily conceptual interference and
distraction from related concepts rather than simple informa-
tion overload or redundancy.

Our detailed analysis of the AI-generated supporting mate-
rials revealed several limitations: occasional technical inaccur-
acies in specialized crystallographic terminology, inadequate
depth of explanation for particularly complex phenomena,
information presented at times being too general to help with
specic question nuances, and in some cases, the supporting
materials were tangential to the precise knowledge needed for
© 2026 The Author(s). Published by the Royal Society of Chemistry
the question. Fig. 7 summarizes these patterns by model size
group, showing that mid-sized and small models benet
substantially from AI-generated materials (+5.3% and +10.3%
respectively), while large models experience slight degradation
(−1.9%).

These observations led us to hypothesize that expert-
reviewed materials might yield greater performance improve-
ments, particularly for mid-sized models with signicant
capacity but incomplete domain knowledge.
3.4 Open-book mode observations using AI-generated
materials with expert review

Building on the ndings from the initial open-book evaluations,
we introduced expert review to improve the quality and effec-
tiveness of the supporting materials. Three PhD-level crystal-
lography experts were engaged to rene the AI-generated
materials.

Table 4 compares model accuracy in closed-book and open-
book modes using expert-reviewed supporting materials across
our 217-question crystallography benchmark. The results show
substantially improved performance, particularly among
LLaVA-based models.

Remarkably, specialized coder models show the most
dramatic gains, with qwen3-coder-plus (+65.95%) and qwen3-
coder-ash (+42.25%) achieving exceptional improvements
from very low baselines. Among more general-purpose vision-
language models, the largest accuracy gains are observed in
LLaVA-v1.6-34B (+11.52%) and LLaVA-v1.6-mistral-7B
(+11.07%), highlighting the effectiveness of expert-curated
guidance in boosting model reasoning.

Several other mid-sized models, such as LLaVA-onevision-
QWEN2-7B-ov-chat (+10.14%) and LLaVA-onevision-QWEN2-
7B-ov (+8.75%), also demonstrate notable improvements.
Fig. 9 illustrates these gains aggregated by model size group,
showing that expert curation provides additional improvements
over AI-generated materials, particularly for mid-sized (+1.7%)
and small models (+2.5%), while large models maintain stable
performance.
Digital Discovery
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Fig. 9 Open-book performance with expert-reviewed supporting
materials by model size group. Large models (>70B parameters or
advanced architectures, n = 27); mid-sized models (7B–70B param-
eters, n = 22); small models (#7B parameters, n = 25). Compared to
AI-generated materials (Fig. 7), expert curation provides additional
gains for mid-sized (+1.7%) and small models (+2.5%), while large
models remain stable, demonstrating that content quality improve-
ments benefit models with reasoning capacity but incomplete domain
knowledge. Relative to the mid-sized closed-book baseline in Fig. 6
(72.5%), the expert-reviewed open-book condition reaches 79.5%.
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From an end-user perspective, the mid-sized group's mean
accuracy increases from 72.5% in closed-book mode (Fig. 6) to
79.5% when paired with expert-reviewed passages (Fig. 9). This
7.0 percentage-point gain reduces the error rate from 27.5% to
20.5% (z25% fewer wrong answers), which corresponds to
roughly 15 additional correct responses on our 217-question
benchmark. In interactive use, this is approximately a shi from
∼3 incorrect answers per 10 questions to ∼2, which can reduce
how oen a user encounters a disruptive failure and needs to re-
check or re-ask. However, because ∼1 in 5 responses remain
incorrect, and because mathematically intensive subtasks show
little improvement even with high-quality context (Section 3.6),
we interpret this as a meaningful usability improvement for
decision-support and explanation, not sufficient reliability for
fully automated crystallographic decisions.

A notable failure mode identied in our analysis is cata-
strophic degradation in domain-specialized models, which
experience substantial performance drops despite receiving
expert-reviewed supporting materials. As summarized in Tables
3 and 4, the LLaMAT family, pretrained on materials-science
literature and domain-focused instruction datasets, shows the
most severe declines. LLaMAT-3-chat falls from 57.14% (closed-
book) to 31.80% (open-book with expert review), a −25.34%
drop, while LLaMAT-2-chat decreases from 50.69% to 16.13%,
a −34.56% degradation that renders the model nearly unusable
in open-book mode. Only the base llamat-2 model shows
a modest improvement (+3.23%), though its low absolute
accuracy indicates fundamental capacity limitations regardless
of external support. These results demonstrate that domain
specialization alone does not guarantee effective external-
knowledge integration.

Similar patterns emerge in other domain-focused families.
The HoneyBee models, designed primarily for scientic gure
interpretation, show limited transferability to text-only crystal-
lographic reasoning. HoneyBee-13B drops from 22.12% to
21.20% (−0.92%), and HoneyBee-7B from 19.35% to 17.51%
(−1.84%), suggesting that pretraining on visual-scientic
Digital Discovery
corpora does not enhance performance on purely textual
tasks, and that their small parameter scale (7B–13B) restricts
knowledge retention. The dZiner family, consisting of QWEN
variants ne-tuned on materials-science corpora, exhibits
a similar sensitivity to interference. While dZiner-QWEN-2.5-
72B attains strong closed-book accuracy (90.32%), it drops to
86.18% (−4.14%) with expert-reviewed materials. The medium-
sized dZiner-QWEN-2.5-coder-32B declines by −6.45%, and the
smaller dZiner-QWEN-2.5-7B by −2.31%. These negative open-
book effects mirror degradation trends observed in other
high-capacity models, indicating that domain-specic pre-
training raises baseline performance but simultaneously
increases vulnerability to information interference.

Across all three families, the underlying mechanism is
representational rigidity introduced during domain adaptation.
These models internalize crystallographic and materials-
science concepts in narrowly dened textual, visual, or
instructional formats. When exposed to expert-reviewed
passages that express these concepts using more pedagogical,
descriptive, or stylistically diverse language, they encounter
distributional mismatch between their internal priors and the
external context. Even when the supplemental information is
factually correct, this mismatch triggers interference rather
than assistance, leading to performance degradation. This
reveals a fundamental trade-off in domain specialization: while
narrow, domain-focused pretraining can strengthen closed-
book accuracy, it reduces exibility in assimilating new or
differently framed knowledge sources.

Interestingly, the knowledge-interference failure pattern
extends systematically across top-tier models, as explained in
Section 3.3. As summarized in Table 4, in the transition from
the closed-book setting to the open-book mode with expert-
reviewed supporting materials, several frontier systems show
measurable degradation despite their high baseline accuracy.
GPT-4.5-preview declines from 92.63% to 89.40% (−3.23
percentage points), while other state-of-the-art models exhibit
comparable or greater decreases: openai/gpt-5 (−3.68%), x-ai/
grok-4-fast (−5.78%), openai/gpt-5-codex (−4.14%), and O3-
mini (−3.69%). Importantly, all of these systems exceed 90%
closed-book accuracy, conrming that they already possess
extensive crystallographic knowledge. The consistency of this
degradation across diverse architectures (spanning distinct
training paradigms, model families, and organizations) indi-
cates that knowledge interference is an intrinsic characteristic
of high-capacity language models rather than a model-specic
artifact. These models appear highly sensitive to redundant or
overlapping external information: when provided with addi-
tional context that reformulates or reiterates knowledge already
internalized, they can misallocate attention, resulting in subtle
yet systematic declines in performance even when the supple-
mental material is accurate and expert-curated.
3.5 Ablation study: content quality vs. information quantity

To rigorously test whether performance gains stem from
information quantity or expert curation quality, we conducted
a comprehensive token-matched comparison between AI-
© 2026 The Author(s). Published by the Royal Society of Chemistry
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Table 5 Token count statistics for questions and helper texts. Expert-reviewed materials maintain virtually identical length to AI-generated
materials (mean difference: 2.9 tokens, 0.51%), enabling quality-controlled comparison

Metric Questions AI-generated Expert-reviewed

Mean � SD 50.1 � 15.2 566.0 � 79.2 568.9 � 82.7
Median [IQR] 49.0 [38.0–60.0] 558.0 [508.0–605.0] 558.0 [513.0–610.0]
Range [21–98] [378–919] [378–919]
Total 10 882 122 825 123 457
Difference — — +2.9 tokens (+0.51%)
Correlation — — r = 0.948

Table 6 LLM-based helper quality scores (0–10) across 217 AI/expert
passage pairs. Scores quantify the operational definition of quality in
Section 2.3.3 (accuracy, clarity, completeness, reliability). Expert-
reviewed helpers achieve higher scores across all attributes and in the
overall mean

Metric AI helper Human helper D

Accuracy 7.43 9.25 +1.82
Clarity 7.53 8.91 +1.38
Completeness 7.40 9.20 +1.81
Reliability 7.30 9.17 +1.87
Overall mean 7.41 9.13 +1.72
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generated and expert-reviewed supporting materials. Tokens
are the fundamental units of text that language models
process—roughly corresponding to words or sub-word pieces
(e.g., “crystallography” might be split into “crystal” + “lo-
graphy”). By controlling token count, we ensure that both
material types contain equivalent amounts of text, allowing us
to isolate content quality effects from simple volume differ-
ences. This ablation directly addresses the question: do expert
improvements reect better content or simply more text?

3.5.1 Token-matched experimental design. To isolate the
effects of content quality from those of information quantity, we
implemented a token-matched ablation study in which every AI-
generated supporting passage was paired with its expert-
reviewed counterpart of nearly identical length. This design
ensured that both sets of materials provided the same textual
volume, allowing any observed performance differences to be
directly attributed to qualitative factors such as accuracy, rele-
vance, and pedagogical clarity.

As summarized in Table 5, the mean token count was 566.0
± 79.2 for AI-generated materials and 568.9 ± 82.7 for expert-
reviewed materials, representing a negligible difference of
only 2.9 tokens (0.51% change). Moreover, the high correlation
(r = 0.948) between AI- and expert-reviewed helper lengths
across all 217 questions, along with their nearly identical
median and interquartile ranges (558.0 [508.0–605.0] vs. 558.0
[513.0–610.0]), conrms that the two distributions are tightly
matched.

This strict token control eliminates text volume as a poten-
tial confounding factor and establishes a high-delity basis for
quality-driven comparison. In other words, any measurable
performance improvements can be condently attributed to the
qualitative enhancements introduced through expert curation,
rather than to variations in the amount of information
© 2026 The Author(s). Published by the Royal Society of Chemistry
provided. This methodological precision is critical for di-
sentangling the true impact of expert renement from super-
cial gains that might otherwise arise from longer or more
verbose passages.

3.5.2 LLM-based helper quality scoring. LLM-based quality
scoring of helper pairs. To quantitatively validate that expert
review improves helper-text quality independently of length, we
scored all 217 AI/expert helper pairs using the operational
rubric in Section 2.3.3 (accuracy, clarity, completeness, reli-
ability; 0–10). We used an external LLM judge (GPT-4o-mini via
OpenRouter) to assign rubric scores to each passage, then
averaged across the dataset. As shown in Table 6, expert-
reviewed helpers score higher on every attribute, with the
largest gains in reliability and accuracy, yielding a +1.72
improvement in the overall mean score.

3.5.3 Differential performance under token-matched
conditions. Table 7 presents a direct comparison of perfor-
mance gains (D) between token-matched AI-generated and
expert-reviewed supporting materials across all 74 evaluated
models. Despite identical token counts, substantial perfor-
mance differences emerge, revealing the effect of content
quality independent of text volume.

Most models show higher accuracy with expert-reviewed
materials, conrming that qualitative improvements, such as
enhanced conceptual clarity, precise terminology, and
improved contextual alignment, produce measurable perfor-
mance gains even under identical token counts. The strongest
relative improvements occur in small models (<7B parameters),
which benet most from the additional clarity and precision
introduced by expert curation. For instance, LLaVA-v1.6-mistral-
7B improves from +5.54% to +11.07% (+5.53% differential), and
mistralai/mistral-7b-instruct-v0.1 exhibits the largest quality-
driven transformation (+8.41%), shiing from performance
degradation (−5.47%) with AI-generated text to a measurable
gain (+2.94%) with expert-reviewed material, under identical
token budgets.

Mid-sized models (10–70B) also show clear but smaller
improvements, exemplied by LLaVA-v1.6-34B (+5.99% to
+11.52%, +5.53% differential). These models possess enough
reasoning capacity to leverage higher-quality information but
already contain partial crystallographic knowledge, so their
absolute gains are moderate.

Conversely, large models (>70B), such as GPT-4.5-preview, O3-
mini, and O1, exhibit minimal or slightly negative differences,
reecting a saturation of internal knowledge representations.
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Table 7 Direct comparison of performance gains between AI-generated supporting materials with and without expert review

Model
AI-generated
D (%)

Expert-reviewed
D (%) Difference

openai/gpt-5 −1.84 −3.68 −1.84
x-ai/grok-4-fast −0.92 −5.78 −4.86
openai/gpt-5-codex −1.84 −4.14 −2.30
google/gemini-2.5-pro −6.91 −2.76 +4.15
o3-mini −4.15 −3.69 +0.46
meituan/longcat-ash-chat −2.77 −3.23 −0.46
gpt-4.5-preview −2.31 −3.23 −0.92
anthropic/claude-3.5-sonnet −1.84 −1.84 +0.00
openai/gpt-4o −3.18 −3.64 −0.46
dziner-qwen-2.5-72b −3.22 −4.14 −0.92
qwen/qwen3-next-80b-a3b-instruct −0.92 −0.92 +0.00
perplexity/sonar-pro +0.00 −2.30 −2.30
deepseek/deepseek-v3.1-terminus +0.92 +0.92 +0.00
qwen/qwen-plus +0.92 −0.46 −1.38
qwen/qwen3-next-80b-a3b-thinking −2.76 −2.76 +0.00
deepseek/deepseek-chat +1.84 +0.92 −0.92
qwen/qwen-max −1.38 +0.00 +1.38
o1 −1.38 −0.46 +0.92
anthropic/claude-3-opus −0.92 +0.00 +0.92
openai/o1-mini +0.46 +0.00 −0.46
meta-llama/llama-3.1-405b-instruct −4.61 −3.23 +1.38
qwen/qwen-2.5-72b-instruct −1.38 −1.85 −0.47
mistralai/mistral-large −2.31 +0.00 +2.31
amazon/nova-pro-v1 +0.53 +0.53 +0.00
gpt-4-turbo +0.46 +0.46 +0.00
meta-llama/llama-3-70b-instruct −4.14 −1.84 +2.30
meta-llama/llama-3.1-70b-instruct −1.38 +0.40 +1.78
dziner-qwen-2.5-coder-32b +0.92 −6.45 −7.37
openai/gpt-4-0314 −5.99 −0.92 +5.07
gpt-4-turbo-preview −0.92 +1.38 +2.30
amazon/nova-lite-v1 +2.76 +3.68 +0.92
dziner-qwen-2.5-7b −2.31 −2.31 +0.00
gpt-4 +0.46 +0.92 +0.46
openai/gpt-4o-mini +0.92 +0.00 −0.92
openrouter/auto +0.46 +0.46 +0.00
qwen/qwen-2.5-7b-instruct −4.60 −1.38 +3.22
google/gemma-2-27b-it −0.46 +0.46 +0.92
anthropic/claude-3.5-haiku +10.45 +8.35 −2.10
mistralai/mixtral-8x22b-instruct +3.28 +7.08 +3.80
mistralai/mistral-7b-instruct +2.07 +5.30 +3.23
google/gemma-2-9b-it +2.30 +6.45 +4.15
amazon/nova-micro-v1 +4.61 +6.00 +1.39
mistralai/mistral-small +4.61 +8.76 +4.15
anthropic/claude-3-haiku +8.45 +9.29 +0.84
openai/gpt-3.5-turbo-16k −1.59 +3.25 +4.84
mistralai/mixtral-8x7b-instruct +3.63 +4.81 +1.18
meta-llama/llama-3-8b-instruct +1.38 +3.69 +2.31
mistralai/pixtral-12b +3.75 +6.05 +2.30
openai/gpt-3.5-turbo +0.83 +5.66 +4.83
meta-llama/llama-3.1-8b-instruct +6.00 +9.22 +3.22
llava-v1.6-34b +5.99 +11.52 +5.53
lmms-lab/llava-onevision-qwen2-7b-si +5.53 +8.76 +3.23
lmms-lab/llava-onevision-qwen2-7b-ov-chat +6.45 +10.14 +3.69
lmms-lab/llava-onevision-qwen2-7b-ov +5.99 +8.75 +2.76
meta-llama/llama-3.2-3b-instruct −2.31 +0.46 +2.77
arcee-ai/afm-4.5b +2.31 +5.07 +2.76
mistralai/mistral-7b-instruct-v0.1 −5.47 +2.94 +8.41
perplexity/sonar +9.60 +7.90 −1.70
undi95/remm-slerp-l2-13b +4.42 +8.04 +3.62
llamat-3-chat −26.73 −25.34 +1.39
alibaba/tongyi-deepresearch-30b-a3b +24.42 +30.88 +6.46
gryphe/mythomax-l2-13b +7.91 +12.74 +4.83

Digital Discovery © 2026 The Author(s). Published by the Royal Society of Chemistry
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Table 7 (Contd. )

Model
AI-generated
D (%)

Expert-reviewed
D (%) Difference

llava-v1.6-mistral-7b +5.54 +11.07 +5.53
llamat-2-chat −29.56 −34.56 −5.00
lmms-lab/llava-onevision-qwen2-0.5b-ov +3.68 +6.91 +3.23
llava-v1.5-13b −2.30 +1.85 +4.15
lmms-lab/llava-onevision-qwen2-0.5b-si +5.07 +7.83 +2.76
qwen/qwen3-coder-ash +40.87 +42.25 +1.38
qwen/qwen3-coder-plus +65.95 +65.95 +0.00
honeybee-13b +0.92 −0.92 −1.84
qwen/qwen-2.5-coder-32b-instruct +5.98 +9.74 +3.76
honeybee-7b +3.69 −1.84 −5.53
llava-v1.5-7b +5.99 +10.60 +4.61
llamat-2 +3.23 +3.23 +0.00

Fig. 10 Average performance gains from AI-generated vs. expert-
reviewed supporting materials across model size categories. Large
models (>70B parameters or advanced architectures like GPT-4, GPT-
5, O1, O3-mini, n = 27); mid-sized models (7B–70B parameters
including LLaVA-34B, QWEN2-7B, mistral variants, n = 27); small
models (#7B parameters including QWEN2-0.5B, LLaMA-3.2-3B,
LLaVA-7B, LLaMAT variants, Honeybee-7B, n = 20). Note that large
models show performance degradation with supporting materials,
while mid-sized and small models benefit substantially from expert-
reviewedmaterials. Overall, these results show that as models become
larger and contain more built-in knowledge, the additional benefit
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When most relevant crystallographic concepts are already enco-
ded within the model parameters, additional context contributes
little new information and can occasionally disrupt attention
alignment or introduce representational interference.

Overall, these results conrm that content quality, not text
length, governs open-book performance. Expert review yields
the greatest relative benets for small and mid-sized models,
while large models approach a ceiling where additional context
produces diminishing or even adverse effects.

Fig. 10 summarizes the overall impact of supportingmaterial
quality across model size categories. Small models (<7B
parameters) achieve the largest relative improvement from
expert-reviewed materials, increasing their accuracy by +8.52
percentage points compared to +6.18% with AI-generated
content. Mid-sized models (7B–70B) also benet noticeably,
showing a +4.44% gain versus +2.71% with AI-generated mate-
rials. In contrast, large models (>70B) display minimal or
slightly negative changes with either material type, indicating
that their extensive internal knowledge already limits the
marginal benet of added context.

This trend can be explained by differences in knowledge
representation and context utilization capacity across model
scales. Smaller models lack sufficient internal crystallographic
knowledge, so expert-reviewed passages provide missing
conceptual structure and precise terminology that directly
enhance reasoning accuracy. Mid-sized models already encode
partial domain knowledge but still rely on external information
to ll gaps, making them responsive to high-quality supporting
text. In contrast, very large models possess extensive parametric
knowledge, and adding redundant or overlapping context can
introduce interference effects, where new information
competes with their established internal representations. As
a result, they gain little additional benet and may even expe-
rience slight degradation when the external input does not
perfectly align with their internal reasoning pathways.

Overall, these ndings indicate that while expert curation
improves performance across all model scales, the relative gains
are most pronounced for small and mid-sized models that can
still meaningfully integrate external guidance, whereas large
models operate near their knowledge saturation limit.
© 2026 The Author(s). Published by the Royal Society of Chemistry
3.5.4 Quantity-driven effects: evidence from token budget
constraints. To further disentangle quality from quantity
effects, Section 3.7 presents complementary evidence that
information quantity alone can degrade performance. Our
token budget analysis (Fig. 11) reveals that llamat-3-chat's open-
book accuracy dropped from 36.87% at 256 tokens to 26.73% at
2048+ tokens, a 10 percentage point degradation, when
provided with longer supporting materials. This inverse rela-
tionship demonstrates severe token starvation: the model
exhausts its computational budget on input processing, leaving
insufficient capacity for answer generation. The supporting
materials, rather than aiding reasoning, become a computa-
tional burden that crowds out response formulation.

This nding establishes a critical control, if performance
gains stemmed primarily from text volume rather than content
quality, we would not observe degradation with increased token
budgets in resource-constrained models. The token starvation
phenomenon proves that “more text” does not guarantee better
from external information gradually diminishes.
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Fig. 11 Impact of token budget constraints on closed-book and open-book performance for (a) llamat-3-chat and (b) O3-mini. The x-axis
shows maximum output tokens allowed, while the y-axis shows accuracy on the 217-question benchmark. Note the different y-axis scales:
llamat-3-chat ranges 20–100% while O3-mini ranges 70–100% due to their different baseline capabilities.
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outcomes and, in fact, can be counterproductive when models
lack the capacity to efficiently process additional context.

3.5.5 Interpretation: quality, not quantity, drives improve-
ments. The combination of token-matched comparisons (iden-
tical length, differential outcomes) and token budget analysis
(increased length, degraded outcomes) provides convergent
evidence that content quality, specically, accuracy, relevance,
and pedagogical clarity, drives the observed performance
improvements, not mere text volume. Expert-reviewed materials
successfully addressed the limitations identied in AI-generated
content: technical inaccuracies, insufficient depth, tangential
information, and suboptimal pedagogical framing. These quali-
tative enhancements enable mid-capacity models to better inte-
grate external knowledge, bridging the gap between their
processing capability and incomplete domain expertise.

Critically, the token-matched design ensures that expert
improvements cannot be attributed to providing “more infor-
mation” in terms of token count. Instead, expert review
enhances information density, precision, and alignment with
question-specic reasoning needs, dimensions of quality
orthogonal to text length. This ablation establishes that the
OPENXRD framework's performance gains reect genuine
knowledge enhancement rather than computational artifacts of
longer context windows.
3.6 Detailed subtask-level performance with expert-reviewed
materials

To gain deeper insights, we examined subtask-level perfor-
mance with expert-reviewed materials. Table 8 shows how
LLaVA-onevision-QWEN2-7B-ov behaves on key XRD subtasks.
The rationale for selecting this model is its substantial
enhancement from expert-reviewed materials, which offers
valuable insights into the limits of performance improvement.
For several subtasks such as Crystal Structure, Laue Patterns,
Digital Discovery
Metal Structures, and Powder Diffraction, expert-reviewed
materials transformed performance from complete failure
(0%) to perfect accuracy (100%). Expert materials particularly
improved performance on structural tasks, enhancing Structure
Factors by 25% and Coordination Numbers by 40%. However,
complex mathematical derivations like Bragg's Law and Calcu-
lation Methods remained challenging even with expert mate-
rials, suggesting that some concepts require more than textual
explanation. An illustrative example is the question “What is the
structure factor F for a base-centered unit cell when h and k are
mixed (one even, one odd)?” Correct answer is being F= f, while
a model consistently selecting F = 2f, reveals that it has not
internalized how lattice symmetry produces systematic
absences, an error that echoes its 0% score on Bragg's Law
questions. Additionally, for a few subtasks where the model had
strong initial performance, such as Complex Mathematics and
Wave Scattering, supporting materials appeared to interfere
with the model's existing knowledge.

Mathematically intensive subtasks including Bragg's Law
derivations, structure factor calculations, and reection condi-
tion analysis showed universal 0% improvement with support-
ing materials across all 74 models. For instance, when asked
about structure factors for base-centered lattices with mixed h, k
indices, models consistently failed to execute the symbolic
computation F = f[1 + eip(h+k)] despite correct textual explana-
tions, revealing that current LLMs cannot perform the formal
algebraic operations required for crystallographic problem-
solving.
3.7 Impact of token budget constraints on open-book
performance

While the previous analyses examined model performance
under standard inference conditions, we now investigate how
computational constraints—specically, output token budget
© 2026 The Author(s). Published by the Royal Society of Chemistry
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Table 8 Selected subtask-level accuracy (%) for LLaVA-onevision-
QWEN2-7B-ov, comparing closed-book mode vs. open-book mode
with expert-reviewed materials. Some subtasks have fewer questions,
so a single item shifts accuracy considerably

Subtask
Closed-book
mode

Open-book
mode Improvement

Large gains
Atomic spacing 66.7 100.0 +33.3
Coordination numbers 20.0 60.0 +40.0
Crystal structure 0.0 100.0 +100.0
Laue patterns 0.0 100.0 +100.0
Metal structures 0.0 100.0 +100.0
Powder diffraction 0.0 100.0 +100.0
Structure factors 60.0 85.0 +25.0

Little/no improvement
Bragg's law 0.0 0.0 +0.0
Calculation methods 0.0 0.0 +0.0
Diffraction limitations 0.0 0.0 +0.0

Performance drops
Complex mathematics 100.0 50.0 −50.0
Wave scattering 100.0 0.0 −100.0
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limitations, affect models' ability to leverage external knowl-
edge. Token budget restrictions are particularly relevant in
deployment scenarios where computational resources or API
costs impose practical limits on generation length. Under-
standing how these constraints interact with open-book
augmentation is crucial for real-world applications.

We systematically evaluated two models across varying
maximum token budgets (256 to 4096 tokens): llamat-3-chat,
a 7B-parameter specialized model, and O3-mini, a reasoning-
optimized model designed for scientic tasks. Fig. 11 presents
the accuracy trends as token budgets increase.

The results reveal markedly different patterns between the
two models. For llamat-3-chat (Fig. 11a), closed-book perfor-
mance remains relatively stable across token budgets (55–58%),
showing minimal sensitivity to generation length constraints.
However, open-book performance exhibits a counterintuitive
decline: accuracy drops from 36.87% at 256 tokens to 26.73% at
2048+ tokens, a degradation of approximately 10 percentage
points. This inverse relationship suggests severe token starva-
tion: as the model attempts to process longer supporting
materials, it exhausts its token budget on input comprehension
and internal reasoning, leaving insufficient capacity for
coherent answer generation. The supporting materials, rather
than aiding reasoning, become a computational burden that
crowds out the model's ability to formulate responses.

In contrast, O3-mini (Fig. 11b) demonstrates more favorable
scaling properties. Closed-book accuracy improves substantially
from 77.42% at 256 tokens to a peak of 95.39% at 2560 tokens,
indicating the model benets from additional reasoning space
for complex crystallographic problems. Open-book perfor-
mance similarly improves from 80.65% to approximately 90%,
stabilizing around 1024 tokens. The gap between closed-book
and open-book performance narrows at higher token budgets,
suggesting that O3-mini can more effectively integrate external
© 2026 The Author(s). Published by the Royal Society of Chemistry
knowledge when given adequate computational headroom.
However, even O3-mini shows slight performance degradation
beyond 2560 tokens in closed-book mode, hinting at potential
overtting or unnecessary elaboration when unconstrained.

These ndings have important implications for deployment
strategies. First, token budget selection requires careful cali-
bration: smaller models like llamat-3-chat exhibit pathological
behavior under open-book conditions when token budgets
exceed their processing capacity, while more capable models
like O3-mini require minimum token budgets (1024 tokens) to
effectively leverage external materials. Second, the phenom-
enon of “open-book degradation” in resource-constrained
models suggests that näıvely providing supporting materials
without ensuring sufficient token allocation for answer
synthesis can be counterproductive. Third, the results under-
score fundamental architectural differences: reasoning-
optimized models (O3-mini) appear better equipped to
manage the token allocation trade-off between comprehending
external context and generating accurate responses.

From a practical standpoint, these observations suggest that
effective open-book augmentation requires not only high-
quality supporting materials but also appropriate computa-
tional provisioning. For deployment scenarios with strict token
limits, practitioners should either: (1) use models specically
designed for reasoning tasks that can efficiently allocate tokens
between context processing and response generation, (2)
employ adaptive token budgets that scale with input
complexity, or (3) pre-process supporting materials to reduce
their token footprint while preserving essential information.
Future work should investigate token allocation strategies that
dynamically balance between context comprehension and
response generation, potentially through attention mechanism
modications or explicit token budgeting protocols.

4 Discussion

Our results show that using domain-specic prompts, or open-
book mode, signicantly enhances question-answering accu-
racy in crystallography. This is especially true for smaller or
more general models, where the additional context helps ll
knowledge gaps. However, the quality and relevance of the
supporting textual material are crucial. In some instances, the
material generated by GPT-4.5 did not align well with the
question's needs, causing confusion or contradictory informa-
tion. This underscores the importance of relevance ltering or
validation of supporting material before it is used.

Although OPENXRD uses a multiple-choice format, we can
still comment on reliability-relevant behavior using analyses
already included in the manuscript. The token-matched study
(Section 3.5) shows that expert-reviewed passages outperform
AI-generated passages at nearly identical token counts, sup-
porting that gains arise from higher-quality guidance rather
than additional text. In addition, our error analyses illustrate
interference when context mixes confounders or partially
misaligns with the question intent (e.g., Fig. 8), indicating that
external context can either support or hinder performance
depending on its alignment and quality. For this reason,
Digital Discovery
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OPENXRD should be interpreted as a controlled diagnostic of
context assimilation and answer reliability under xed guid-
ance, not a direct evaluation of open-ended solution quality or
reasoning style.

While OPENXRD focuses on inference-time context assimi-
lation, it is explicitly designed to complement parameter-
efficient ne-tuning (PEFT) approaches. PEFT methods can
encode crystallographic knowledge directly into model weights
through techniques like LoRA,62 whereas OPENXRD diagnoses
whether models, adapted or not, can effectively utilize answer-
guiding context that does not directly reveal solutions. A
comprehensive evaluation strategy might compare: (i) closed-
book performance aer PEFT on external XRD corpora, (ii)
open-book performance aer PEFT using our oracle passages,
and (iii) our baseline open-book performance without PEFT.
This three-way comparison decomposes gains attributable to
parametric adaptation versus gains from inference-time guid-
ance, a separation difficult to obtain in end-to-end training
studies. For instance, a PEFT-adapted model that shows
minimal open-book improvement might indicate successful
knowledge internalization, while a model showing large open-
book gains suggests incomplete adaptation where external
guidance remains valuable. OPENXRD standardizes this diag-
nostic capability across architectures and scales.

Advanced mathematical reasoning remains a challenge. Our
analysis indicates that open-book mode rarely resolves complex
mathematical problems, such as structure factor calculations or
multi-step interference proofs. Future enhancements could
include integrating symbolic math modules or domain-specic
solvers to better handle these tasks, rather than relying solely on
textual references.

The complexity of visual data in crystallography, such as
tabulated results, diffraction patterns, and annotated structural
diagrams, presents additional challenges. Accurate extraction
of this information requires improvements in optical character
recognition (OCR), gure parsing, and multi-modal alignment.
Developing tailored visual backbones or domain-tuned OCR
engines will be essential for applying our methods to real-world
scenarios, like analyzing lab notebooks or older textbook scans.

Text-based supporting materials prove insufficient for
mathematically intensive subtasks requiring symbolic manip-
ulation. Consider a diagnostic case from our benchmark: “For
a base-centered unit cell, what is the structure factor F when h
and k are mixed (one even, one odd)?” Despite expert-reviewed
materials correctly explaining that atoms at (0,0,0) and (1/2,1/
2,0) produce destructive interference when h and k have
mixed parity (yielding F = 0), multiple frontier models incor-
rectly answered F = 2f. Analysis reveals they cannot maintain
intermediate symbolic states during phase calculations f =

2p(hx + ky + lz) or correctly apply F = f[1 + eip(h+k)] = 0 when (h +
k) is odd. This failure extends to Bragg's Law derivations,
structure factor algebra, and powder diffraction indexing, all
showing 0% improvement across our 74-model evaluation
regardless of size or architecture.

To overcome this architectural limitation, future work
should integrate LLMs with symbolic computation engines
such as SymPy108 or Wolfram Alpha109 for exact algebraic
Digital Discovery
manipulations, crystallographic knowledge graphs encoding
systematic absence rules and space group constraints as struc-
tured logical representations rather than text, and domain-
specic soware including GSAS-II110 for powder diffraction
renement and Mercury111 for structure visualization. Such
hybrid architectures would enable the LLM to parse problems
linguistically, delegate mathematical operations to specialized
modules, and synthesize results, combining linguistic exibility
with computational rigor. This approach extends beyond crys-
tallography to other physics-heavy domains requiring both
conceptual reasoning and mathematical precision.

In parallel, a notable tension exists between generalist and
specialist models. While larger LLMs like GPT-4 and GPT-4.5 have
broad knowledge, they oenmiss the nuances of specic domains
that specialized models capture more effectively. A hybrid
approach, where a specialist model generates domain-specic
references for a generalist model, could offer a powerful solu-
tion. Additionally, ethical and copyright considerations must be
managed carefully, especially as we look to expand these systems
to other technical elds with extensive proprietary literature.

Our research identies two primary methods for enhancing
model performance with domain expertise: directly embedding
knowledge into large models, such as frontier models like GPT-
5, GPT-4.5, and O3-mini, and providing models with access to
expert-reviewed references during inference. This latter strategy
proves especially useful for mid-capacity models, enabling them
to nearly match the performance of their larger counterparts by
leveraging a “knowledge bridge”.

For example, a medium-sized model like LLaVA-v1.6-34B,
when paired with expert materials, achieves 78.34% accuracy,
approaching the performance of much larger models like
Llama-3.1-405B (84.33%) and even surpassing some frontier
models in cost-effectiveness but with far fewer resources
required. The integration of expert-reviewed domain knowledge
is not only benecial in textual analysis but also in multi-modal
contexts such as medical imaging or geospatial analysis, where
expert-reviewed context can similarly boost specialized
question-answering performance and unlock new application
areas.

However, the addition of external information is not always
benecial. For instance, multiple frontier models show perfor-
mance degradation with expert-reviewed supporting materials:
GPT-4.5-preview (−3.23%), GPT-5 (−3.68%), Grok-4-fast
(−5.78%), Claude-3.5-Sonnet (−1.84%), and dziner-qwen-2.5-
72b (−4.14%), possibly due to conicts with their pre-trained
internal knowledge. This suggests that more information is
not necessarily better, particularly for top-tier models that have
been extensively trained, as the interference from external
context can disrupt their already-comprehensive internal
reasoning processes.

Our results show that both small and mid-sized models
benet from external knowledge, with small models exhibiting
the largest relative gains, whereas large models experience
interference. This reveals a fundamental insight: external
knowledge augmentation is most effective within a specic
capability range where models have sufficient processing power
but incomplete domain coverage. This nding has important
© 2026 The Author(s). Published by the Royal Society of Chemistry
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implications for cost-effective deployment strategies in
specialized scientic domains.

Future research should focus on automated methods to
determine when expert review is most benecial, multi-stage
approaches for targeted expert review, and the potential for
ne-tuning models to better utilize external references, as well
as mechanisms to detect when models have sufficient internal
knowledge that external context becomes counterproductive.

Beyond incremental improvements, addressing the
universal mathematical reasoning failures documented in our
benchmark requires architectural innovation. Hybrid systems
coupling LLMs with symbolic algebra engines, structured crys-
tallographic knowledge graphs encoding lattice symmetries and
systematic absence rules, and specialized soware for diffrac-
tion simulation and structure renement would enable models
to delegate exact computations while maintaining linguistic
problem-solving capabilities. Multi-modal extensions incorpo-
rating actual XRD patterns and crystal structure visualizations
would test whether vision-language models can integrate visual
and textual information. Dynamic retrieval replacing oracle
passages with corpus-retrieved content would decompose RAG
accuracy into retrieval versus assimilation components.

Moreover, our results suggest a concrete way to integrate our
contribution into RAG: treat expert review as a knowledge-base
quality intervention (and/or post-retrieval renement) rather
than as a replacement for retrieval. The token-matched ablation
shows that accuracy gains persist when passage length is
controlled, implying that improvements arise from precision,
relevance, and pedagogical structure, not from providing more
text. In RAG deployments for XRD, the analogous lever is to
improve the retrieved evidence via domain-aware ltering,
reranking, or expert-curated reference notes, thereby reducing
distraction and mechanism-mixing that can otherwise degrade
generator performance. Fine-tuning studies using OPENXRD
before and aer domain adaptation would reveal whether
parametric knowledge embedding complements or supersedes
inference-time guidance. Cross-domain validation in related
scattering techniques and computational chemistry would test
whether our ndings about model capacity and external
knowledge effectiveness generalize beyond crystallography.

Despite these advancements, certain limitations remain.
Complex mathematical concepts and advanced tasks like reec-
tion or symmetry analysis still pose challenges, as models do not
always fully grasp these concepts through text-based materials
alone. Moreover, there are instances where supporting materials
can detract from a model's performance if they do not align
perfectly with the model's pre-existing knowledge base.

Given these limitations, the reliance of open-book question
answering on human-curated content may be difficult to
sustain across all elds, and the uneven gains observed across
model sizes underscore the need for further work on how best to
select, rene, and integrate external knowledge.

5 Conclusions

The OPENXRD benchmark provides a controlled and extensible
framework for evaluating how large language models (LLMs)
© 2026 The Author(s). Published by the Royal Society of Chemistry
and multimodal LLMs integrate external scientic knowledge.
Through token-matched experiments and token-budget anal-
yses, the study isolates the effect of content quality from text
quantity and reveals that expert-reviewed supporting materials
consistently enhance model accuracy, even when passage
length is identical. Small and mid-sized models both exhibit
clear accuracy improvements when augmented with expert-
reviewed materials, with the relative gain being most
pronounced for small models, whereas large models show
minimal or slightly negative changes due to knowledge satu-
ration. These ndings demonstrate that as model capacity
increases, the relative advantage of external context diminishes,
even though overall accuracy continues to scale with size.

Beyond these controlled experiments, OPENXRD demon-
strates strong scalability and generalizability across 74 diverse
model architectures, including general-purpose systems (GPT,
Claude), reasoning-optimized models (O-series), code-
specialized variants (QWEN-coder), domain-adapted frame-
works (LLaMAT, dZiner), and vision-language models (LLaVA).
This diversity conrms that OPENXRD is model-agnostic,
functioning as a diagnostic layer for both closed-book and
retrieval-augmented reasoning systems. For instance, the code-
specialized model QWEN3-coder-plus improved dramatically,
from 22.99% in the closed-book setting (Table 1) to 88.94% in
the open-book setting (Table 4) with expert-reviewed materials,
demonstrating that OPENXRD's insights extend beyond
language-only systems and generalize effectively across diverse
architectural paradigms. Moreover, because OPENXRD isolates
inference-time reasoning while remaining compatible with
dynamic retrieval pipelines, it can be directly extended into
a deployable RAG-evaluation suite that separates retrieval
quality from assimilation capability.

Finally, the framework's practical deployment insights show
how these ndings can guide real-world applications.
OPENXRD identies mid-sized models (7B–70B parameters)
augmented with expert-reviewed passages as an optimal
balance between cost and performance, approaching or even
matching large-model accuracy while requiring signicantly
fewer computational resources. This provides a cost-effective
deployment pathway for organizations with limited budgets.
The framework also enables the design of adaptive token-
budget strategies that scale with task complexity, along with
pre-processing approaches that reduce token usage while
preserving essential information. Such model-selection and
resource-allocation guidelines directly address the economic
and computational realities of deploying AI systems at scale.

In conclusion, OPENXRD is not an articial or static exper-
iment, but a reproducible, extensible, and practically informa-
tive framework. It quanties how model capacity, resource
budgets, and content quality interact under real-world
constraints, provides scalable and legally compliant data
generation methods, and delivers empirical evidence to support
efficient design of open-book and retrieval-augmented
reasoning systems. The framework's diagnostic capabilities
empower organizations to make informed decisions about
when to scale model size versus when to enhance smaller
models with curated external knowledge, thereby advancing
Digital Discovery
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both the scientic understanding and the practical deployment
of domain-specialized language models.
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