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Abstract—Materials phase diagrams are a core knowledge
representation in materials science, encoding temperature, com-
position, phase stability, and phase transformation pathways,
with their full understanding requiring thermodynamic mech-
anism analysis and scientific reasoning. Although VLMs have
shown promise in scientific image understanding, their systematic
evaluation on such logically complex images demanding deep
mechanistic interpretation remains limited, and phase diagrams
provide a challenging testbed for this purpose. We introduce
MatPhaseBench, a high-quality, high-reliability benchmark for
complex scientific image understanding, focused on materials
phase diagrams. MatPhaseBench is constructed from 3,681 pa-
pers in classical materials science journals, from which 200
high-quality diagram-text pairs were selected, covering 189
material systems and 70 elements. The benchmark has three
key features: (1) targeting complex scientific image under-
standing—it moves beyond simple objective tests to open-ended
tasks requiring deep comprehension; (2) comprehensive image-
text alignment—semantic information associated with images
is fully preserved during literature mining and matching; (3)
high-quality human-supervised text acquisition—all descriptions
undergo strict manual validation. Experimental results show that
current VLMs remain substantially behind expert-level under-
standing: they are largely limited to surface visual perception,
lack deep reasoning grounded in thermodynamic mechanisms,
have limited domain awareness and expert analytical experience,
and perform poorly in distinguishing fine-grained differences in
composite or multi-diagram settings. Overall, MatPhaseBench
constitutes a challenging research-grade benchmark, providing
a foundational platform for complex scientific image under-
standing, phase diagram analysis, and trustworthy multimodal
Al in science. The code and datasets are available at https:
//github.com/Davidwhw/MatPhaseBench.
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Fig. 1. An example of material phase diagram.

I. INTRODUCTION

Materials phase diagrams, as shown in Fig. 1 [1], are
core scientific images representing materials systems under
variables such as temperature, pressure, and composition. They
convey stable phase regions, phase boundaries, transforma-
tions, and invariant reactions. Experts use phase diagrams to
infer phase stability, transformation pathways, and thermody-
namic consistency. Their interpretation requires not only visual
recognition but also understanding axes, composition ranges,
phase boundaries, reaction points, and materials-science con-
cepts, making them a suitable testbed for evaluating whether
vision-language models (VLMs) can achieve complex scien-
tific image understanding beyond surface-level perception.
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Benchmarks, from ImageNet [2] and GLUE [3] to VQA
[4] and MMMU [5], are crucial for shaping Al capabilities,
and their construction has increasingly shifted from general-
domain image understanding to scientific and professional
scenarios with the rise of VLMs. Existing scientific VLM
benchmarks cover broad scientific question answering, mi-
croscopy image understanding [6]—[8], chart reasoning [9],
[10], document understanding [11], [12], and medical image
analysis. However, existing scientific and materials-science
VLM datasets still have limitations in research focus, data
construction, and evaluation design:

(1) Lack of evaluation for complex scientific images.
Current datasets focus on simple or common scientific images,
leaving complex domain-specific diagrams, such as phase
diagrams, insufficiently evaluated.

(2) Incomplete exploitation of original data. Image—text
pairs are often constructed using only captions or local para-
graphs, without fully leveraging the context and information
present in the original literature.

(3) Limited reliability of textual quality. Texts in the
datasets are selectively written to address specific research
questions, making single-ground-truth-based evaluations po-
tentially misaligned and less trustworthy.

How can we design benchmarks that reliably evaluate
VLMs on complex, domain-specific scientific images, exem-
plified by phase diagrams?

To address these three limitations, we propose Mat-
PhaseBench, a vision-language benchmark specifically de-
signed for materials phase diagram understanding. It focuses
on semantically dense scientific images represented by phase
diagrams and provides deeper, more fine-grained evaluation
from three aspects: complex scientific image understand-
ing, comprehensive image—text matching, and high-quality
human-supervised text acquisition.

Based on MatPhaseBench, we evaluate 13 representative
VLMs, including both closed-source and open-source models.
The experimental results show that current VLMs still struggle
substantially with phase diagram understanding. Even the best-
performing model achieves only 0.407 in BERTScore Recall.
These results indicate that existing VLMs have difficulty
covering key scientific information and reproducing expert-
level organization in phase diagram descriptions. The compar-
ison also shows that closed-source models generally perform
better, but several open-source or smaller models remain
competitive in specific metrics, suggesting that phase diagram
understanding cannot be solved by language generation ability
or parameter scale alone.

Our main contributions are as follows:

« Targeting complex scientific image understanding.
We construct MatPhaseBench, a high-quality and trust-
worthy benchmark for complex scientific image under-
standing in materials phase diagrams. It moves beyond
simple objective tests and formulates phase diagram

understanding as open-ended tasks requiring deep visual
comprehension and materials-science reasoning.

« Comprehensive image-text matching. We propose a
two-stage image—text matching strategy for constructing
phase diagram datasets, consisting of direct matching
and associative matching. This strategy preserves both
directly aligned descriptions and contextually related tex-
tual evidence, enabling the construction of semantically
richer and more reliable phase diagram—text samples.

« High-quality human-supervised text acquisition. We
manually review and validate all descriptions to ensure
their relevance, completeness, and reliability. This strict
human-supervised acquisition process provides high-
quality textual supervision for evaluating VLMs on ma-
terials phase diagram understanding.

II. RELATED WORKS
A. Vision-Language Models

In recent years, vision-language models (VLMs) have
rapidly evolved from early systems for image recognition, cap-
tioning, and image—text matching into native multimodal mod-
els capable of supporting complex workflows. Current closed-
source models, exemplified by GPT-5.5 [13]-[15], exhibit
strong capabilities in long-context multimodal input, document
parsing, chart and PDF reasoning, tool use, and agentic work-
flows, performing competitively on scientific and reasoning-
intensive benchmarks such as MMMU(Pro) [16], [17], GPQA
Diamond [18], FrontierMath [19], GeneBench [20], and Sci-
Code [21]. Similarly, open-source models, represented by
Qwen3.6 [22]-[24], have advanced in multimodal fusion, long-
document and multi-page PDF understanding, GUI and video
reasoning, spatial relationship modeling, visual grounding, and
tool-assisted workflows.

Overall, the evolution of VLMs indicates a clear shift from
perception-oriented visual understanding toward reasoning-
intensive, tool-augmented, and domain-adaptive multimodal
intelligence. This shift is particularly important for scientific
images, which encode experimental evidence, theoretical as-
sumptions, and specialized reasoning. Materials phase dia-
grams exemplify such complexity, requiring the interpretation
of axes, composition ranges, phase regions, boundary curves,
invariant reactions, and thermodynamic implications. Existing
general-purpose VLM benchmarks cannot determine whether
models truly understand these concepts or merely perform
OCR or chart recognition, motivating a dedicated benchmark
for phase diagram understanding.

B. VLM Benchmark in the Scientific Domain

Scientific-domain VLM benchmarks are designed to evalu-
ate multimodal understanding under knowledge-intensive set-
tings. Compared with general visual question answering or
captioning benchmarks, scientific benchmarks typically re-
quire models to combine explicit visual structures with domain
knowledge. Materials-science benchmarks remain scarce; here,
we also include representative datasets in this domain for
comparison.



TABLE I
COMPARISON OF VISION-TEXT MULTIMODAL BENCHMARKS

Benchmark Domain Publication-derived Comprehensive Exclusively Open-ended Task
Information Matching Human-supervised

MatPhaseBench Materials Science v vV v v
(Ours)

MATRIX [25] Materials Science v v X v
MicroscopyGPT [26] Materials Science X X X X
SEM-VLM Dataset [27] Materials Science v v X X
Cephalo [28] Materials Science v X X v
MicroVQA [8] Biology / Biomedical X - v X
MMSci [29] Science v X X X
MAC [30] Science v X v X
Micro-Bench [6] Biology / Biomedical v X v v
MME-SCI [31] Multi-discipline v X v X
ProJudgeBench [32] Multi-discipline v X v X
mmJEE-Eval [33] Multi-discipline v X v X
MDK12-Bench [34] Multi-discipline X - X X
MMMU [35] Multi-discipline X - X X

2Two v' symbols indicate that the data went through two matching stages.

Existing scientific VLM benchmarks have evolved from
exam-style assessments to research-oriented evaluation. Early
benchmarks such as MMMU, MDK12-Bench, mmJEE-Eval,
and MME-SCI focus on broad multimodal reasoning across
educational tasks, while more recent efforts leverage real re-
search data: MAC uses journal cover images, Micro-Bench and
Verma et al. focus on biological microscopy, and MicroVQA
and MMSci draw from scientific literature and experimental
reports. In materials science, datasets such as SEM-VLM, Mi-
croscopyGPT, MATRIX, and Cephalo target microstructures,
characterization images, and literature. Despite these founda-
tions, existing benchmarks are often limited in research-level
difficulty, fine-grained scientific annotation, multi-dimensional
evaluation, and suitability for complex materials phase dia-
gram understanding.

As shown in Table I, many are not publication-derived,
rely only on captions or local paragraph matching, lack fully
human-supervised quality control, or are formulated as closed-
form tasks. MatPhaseBench addresses these limitations by
constructing a publication-derived benchmark from classical
phase diagram literature, adopting a two-stage image—text
matching strategy to capture both directly aligned and con-
textually associated descriptions, applying fine-grained human
validation to all textual samples, and introducing 5 semantic
dimensions to comprehensively evaluate VLM understanding
of phase diagrams. In this way, MatPhaseBench provides a
high-quality, rustworthy, open-ended benchmark for assessing
complex scientific image understanding in materials science.

III. MATPHASEBENCH BENCHMARK

In this section, we describe the construction of Mat-
PhaseBench in detail, including data collection, the processing
pipeline, quality control, and semantic-dimension annotation.
MatPhaseBench is designed to evaluate whether VLMs can

understand materials phase diagrams at a scientific semantic
level, rather than only recognizing visual patterns or generating
generic captions.

A. Task Formulation

In MatPhaseBench, each sample consists of a phase diagram
image I; and its corresponding textual description 7,* extracted
from materials science literature. The task requires a vision-
language model fy to generate a free-form textual description
T; that accurately captures the key information in the phase
diagram and is semantically consistent with the literature
description. Formally, the generation process can be expressed
as

T, = argmax Py(T | 1), (1

where I; denotes the input image, T; the model-generated
description, and Py(T | I;) the probability assigned by the
model. The generated description is evaluated based on its
textual and semantic alignment with the literature reference
using automatic metrics, specifically BERTScore, ROUGE-
1, and ROUGE-L. Let m denote an evaluation metric. The
average score over the entire dataset is defined as

N
1 a *
Sm = 2_m(T,T}), )
i=1
where N is the number of samples in the benchmark and
m € {BERTScore, ROUGE-1, ROUGE-L}.

B. Overview of MatPhaseBench

Although VLMs have advanced rapidly in general multi-
modal tasks, materials phase diagrams remain a demanding
test of scientific image understanding because they require
models to connect visual topology—axes, curves, regions,
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and labels—with materials-science semantics such as phase
stability, thermodynamic constraints, and invariant reactions.
To address this challenge, we propose MatPhaseBench, a high-
quality, trustworthy, and open-ended benchmark for evaluat-
ing VLM understanding of materials phase diagrams. Mat-
PhaseBench is constructed from classic phase-diagram liter-
ature published between 1980 and 2003 in Bulletin of Alloy
Phase Diagrams [36] and Journal of Phase Equilibria [36].
As shown in Table II, starting from 3,681 PDF papers, we
build an initial multimodal dataset covering 1,949 materials
systems and 4,763 phase diagram—text matched samples. From
these, 200 high-quality samples are manually selected and
reviewed by three PhD students engaged in interdisciplinary
computational materials research to form the final evaluation
set.

TABLE 11
COMPARISON OF PHASE DIAGRAM DATASETS

Dataset Papers P hase Material Elements
Diagrams Systems
Literature phase diagram 3681 4763 1949 90
dataset
MatPhaseBench 200 200 189 70

C. Dataset Construction

As shown in Fig. 2, the construction pipeline of Mat-
PhaseBench consists of 5 stages: Raw Data Collection, Phase
Diagram Data Standardization, Phase Diagram Description
Integration, Quality Control, and Task-specific Processing. The
detailed procedures for each stage are described in this section.

Raw Data Collection.

We collect PDF papers from classical materials journal,
and use MinerU [37] for structured document parsing to
extract figures, captions, and paragraph text. Based on the
parsed results, we construct image—text pairs through a two-
stage matching process. In the direct matching stage, each

phase diagram is matched with its corresponding caption or
paragraphs that explicitly refer to the target figure. In the
associative matching stage, when these explicitly referring
paragraphs also discuss other figures, the textual descriptions
associated with those related figures are further matched to
the target phase diagram as contextual evidence. This process
enables us to build an initial multimodal dataset in which each
phase diagram is linked to both directly matched descriptions
and contextually related textual information.

Phase Diagram Data Standardization.

We use Qwen3.6-Plus [22] to process the initial multimodal
dataset. First, a binary classification step is applied to screen
whether a figure is a phase diagram. Then, materials systems
are semantically parsed to extract chemical elements and
categorize the system. This process maps general materials
images from the literature into a structured subset of phase
diagram samples, enabling subsequent semantic annotation
and evaluation.

Phase Diagram Description Integration.

Because textual descriptions of a phase diagram are often
scattered across paragraphs, experimental discussions, and
thermodynamic analyses, we employ an LLM-assisted (GLM-
5.1 [38]) process to clean and reconstruct the raw descriptions.
This approach retains only sentences directly relevant to the
target diagram, its materials system, phase evolution, ther-
modynamic behavior, or essential cross-figure comparisons,
while preserving original academic phrasing and traceability
and enhancing consistency, semantic focus, and image—text
alignment without introducing unsupported inferences.

D. Dataset Quality Control

To construct the final benchmark, we manually review and
select 200 high-quality samples from the initial dataset. These
samples cover 189 distinct material systems and include both
multi-panel and single-image phase diagrams. Each sample
is evaluated from three perspectives: completeness, accuracy,



and factuality. The detailed annotation guidelines are pre-
sented in APPENDIX Table VII. Each dimension is scored
using a discrete scale of (3, 2, 1, 0). Through this multi-
dimensional human evaluation mechanism, we systematically
control the quality of phase diagram descriptions from three
perspectives: information coverage, image—text alignment, and
evidential faithfulness.

Prior to formal annotation, three rounds of pilot annotation
were conducted, with the guidelines revised after each round.
To assess reliability, the first 10% of samples, namely 20
samples, were evaluated for inter-annotator agreement using
Simple Agreement, Gwet’s AC1 [39], and Cohen’s « [40].
As shown in Table III, the results indicate high consistency
across completeness, accuracy, and factuality, with Simple
Agreement and Gwet’s AC1 above 0.92, while the lower
values mainly reflect the concentration of high-quality samples
rather than substantive disagreement. These results suggest
that the annotators had reached a stable scoring consensus.
The remaining samples were then annotated following the
finalized guidelines, and all disputed or low-quality samples
were manually reviewed and corrected to ensure annotation
reliability.

TABLE III
IAA OF THE ANNOTATION PROCESS

Metric Type  Simple Agreement Gwet’s AC1  Cohen’s <
Completeness 0.970 0.970 0.376
Accuracy 0.924 0.920 0.578
Factuality 0.941 0.938 0.540

E. Multi-dimensional Semantic Categorization

To improve the targetedness and interpretability of evalua-
tion, MatPhaseBench does not treat phase diagram description
as an unrestricted free-form captioning task alone. Instead,
we summarize the semantic content of phase diagram de-
scriptions into 5 predefined semantic dimensions, as shown in
Table IV. During dimension annotation, we assign semantic
dimensions according to information explicitly stated in the
ground-truth descriptions, rather than implicit information that
would require additional inference. It should also be noted
that although the types of semantic dimensions are predefined,
not every sample covers all 5 dimensions. Statistics show that
each sample contains four semantic dimensions on average,
indicating that phase diagram understanding is inherently
multidimensional.

IV. PHASE DIAGRAM UNDERSTANDING TASK
A. Task Design

MatPhaseBench defines a semantic-dimension-guided phase
diagram understanding task in which a VLM generates scien-
tific descriptions from predefined semantic perspectives. While
the task is open-ended, the semantic dimensions guide the
model to focus on information aligned with human experts’
attention in the literature. This approach addresses the selective

TABLE IV
SEMANTIC DIMENSIONS OF MATPHASEBENCH

Number of
Samples

Semantic

. . Content Description
Dimension

The materials system involved in the phase
diagram, such as binary, ternary, or 199
multicomponent systems.

Materials system

The type of phase diagram, such as an isothermal
section, vertical section, liquidus projection, or 121
composite diagram.

Phase diagram
type

Phase-diagram
coverage

Whether the phase diagram is complete or partial,

and the composition range covered by the diagram. &

Phase region and
phase boundary
recognition

Recognition of single-phase, two-phase, and
three-phase regions, as well as the corresponding 185
phase boundaries.

Recognition of invariant reactions such as
congruent melting, eutectic, eutectoid, monotectic,
metatectic, peritectic, and syntectic reactions, 116
including the associated temperatures and
compositions.

Invariant reactions

phase diagram

MatPhaseBench

phase diagram description

The Al-Sc phase diagram was based primarily
on . , finding that the reaction type is|
eutectic. .. It was speculated that the melting|
reaction of AlSc2 is peritectic. The melting
reaction in the figure is shown to be a
congruent type to ...
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Fig. 3. Schematic diagram of phase diagram understanding task.

nature of phase diagram descriptions in scientific papers,
where experts may emphasize specific phase regions, reaction
points, comparisons with prior assessments, or thermody-
namic implications. Because a single Ground Truth cannot
cover all reasonable descriptions, free-form caption evalu-
ation may misrepresent valid outputs. To mitigate this, as
shown in Fig. 3, each test sample is assigned multi-label
semantic dimension annotations embedded into the prompt,
reducing narrative-viewpoint bias, improving comparability
with literature-derived references, and supporting dimension-
aligned automatic evaluation and fine-grained error analysis.

B. Evaluation Methodology

For automatic evaluation, we use conventional text-
generation metrics and semantic similarity metrics. Specif-
ically, we report ROUGE-1 [41], ROUGE-L [41] and
BERTScore [42] with Recall, F1 scores. ROUGE evaluates
lexical overlap between the generated description and the
Ground Truth, while BERTScore evaluates semantic similarity



using contextual embeddings. Since phase diagram descrip-
tions may use different wording to express similar scientific
meanings, semantic metrics are important complements to
lexical metrics.

The goal of MatPhaseBench evaluation is not to require a
model to reproduce the Ground Truth word by word. Instead,
the benchmark evaluates whether the model covers the key
semantic information emphasized in the expert description.
For this reason, Recall is particularly important: it measures
how much of the Ground Truth information is captured by the
model output. F1 provides a complementary balance between
coverage and precision.

V. EXPERIMENTS
A. Experimental Setup

We evaluate 13 state-of-the-art VLMs on MatPhaseBench as
baselines, including both closed-source models (GPT-5 [13],
Gemini 3 series [15], Claude Opus 4.8 [14], two Qwen3.6
[22] variants, GLM-5V-Turbo [43]) and open-source mod-
els (Qwen3.6 open version, GLM-4.6V [38] series, Llama-4
[24] series). Prompts are constructed in a zero-shot manner,
dynamically incorporating pre-assigned semantic dimensions
to guide the models’ interpretation of each phase diagram.
All models are run in inference mode with standardized
parameters: temperature = 0, top-p = 0.8, top-k = 20.

B. Main Findings

This section examines representative low-scoring samples
from Claude Opus 4.8 on the phase diagram understanding
task, as shown in Table V, with particular emphasis on cases
that provide critical insights. Here, “human expert” refers to
the ground-truth descriptions in MatPhaseBench. Fine-grained
comparisons show that low scores reflect not only model
limitations, but also inherent challenges in phase diagram
understanding: the gap between visual recognition and mate-
rials reasoning, the misalignment between model outputs and
expert domain awareness, the limited comparative reasoning
ability for composite phase diagrams, and the limitations of
conventional metrics in evaluating complex scientific image
understanding.

« VLMs Surface-Level Perception vs. Expert Deep The-

oretical Reasoning

As shown in Table V Case 1, VLMs can often identify
explicit information in a phase diagram, such as axes,
phase labels, and boundary curves. However, human
experts are more concerned with deeper theoretical issues
in materials science that are not directly visible, such as
thermodynamic consistency, the physical plausibility of
phase boundaries, the construction process of assessed
diagrams, and composition calculations derived from
thermodynamic rules.

« VLMs Lack Domain Problem Insight and Analytical

Experience

As shown in Table V Case 2, in phase diagram un-
derstanding, VLMs lack the problem-awareness and an-
alytical experience that human experts demonstrate in

materials science. Whereas experts focus on identifying
and analyzing critical domain-specific issues—such as
the reliability of a boundary, or comparison with ex-
perimental data—VLM outputs tend to provide broad
interpretations of the entire diagram, often overlooking
the targeted reasoning that guides expert analyses. This
gap reflects both a limitation in model understanding and
the challenge of aligning task objectives and evaluation
with domain-focused scientific reasoning.

« VLMs Lack Composite Phase Diagram Understand-
ing
As shown in Table V Case 3, some samples contain
multiple versions of a diagram for the same materials
system. In such cases, VLMs tend to summarize the
shared structure of the diagrams, but they often fail to
identify differences among versions. Expert descriptions,
by contrast, often emphasize the basis and significance
of these differences. This indicates that VLMs still
lack sufficient understanding and analytical capability for
composite phase diagrams.

« Limitations of Conventional Text Metrics in Evaluat-
ing Complex Scientific Images
As shown in Table V Case 4, automatic metrics also
exhibit limitations in this task. Some model outputs
contain valid scientific observations, but they receive low
ROUGE or BERTScore values because their organiza-
tion, terminology, granularity, or narrative order differs
from the Ground Truth. Therefore, in complex open-
ended scientific image understanding tasks, developing
evaluation methods that better approximate human expert
judgment and capture domain-specific reasoning remains
an important direction for future research.

C. Phase Diagram Understanding Results

MatPhaseBench poses significant challenges to current
VLMs.

The results in Table VI show that phase diagram description
remains highly challenging for current VLMs. Overall scores
are low across all models. Even the best-performing model,
Claude Opus 4.8, achieves only 0.407 in BERTScore Recall.
ROUGE-L scores are also low, indicating that model outputs
differ substantially from expert descriptions in long-range
discourse structure, domain-specific narrative organization,
and fine-grained materials-science semantics. These results
suggest that current VLMs still have difficulty covering the key
information contained in expert phase diagram descriptions.

Recall and F1 exhibit an inverted performance pattern.

In MatPhaseBench, the Ground Truth descriptions are de-
rived from expert literature and are not exhaustive descriptions
of all visible elements in a diagram. They usually focus
on information considered important by materials experts.
Therefore, Recall is especially relevant because it measures
how much expert-emphasized information is captured by the
model. In Table VI, Claude Opus 4.8 achieves the best
BERTScore Recall and ROUGE-1 Recall, with scores of
0.407 and 0.438, respectively, but it is not the best model



TABLE V

KEY FINDINGS FROM CLAUDE’S PHASE DIAGRAM UNDERSTANDING

Claude’s Understanding

Ground Truth

Findings

This is a complete binary Ac-B
(actinium-boron)
temperature-composition phase
diagram spanning from pure Ac
to pure B. The vertical axis shows
Temperature in °C from 600 to
2800 °C, the lower horizontal
axis is Atomic Percent Boron
(0-100), and the upper horizontal
axis is the corresponding Weight
Percent Boron, illustrating the
nonlinear scale relationship. ...

... Here we recall that the

extrapolated liquidus cannot cross
the 0 at.% solute line, because the
slope of the Gibbs energy function
of the liquid phase always (except

at 0 K) has a negative infinity
value at 0 at.% due to the
RT X log X term, which derives
from the contribution of the ideal
entropy of mixing. ...

VLMs usually focus on
surface-level and
visually explicit

information, whereas
human experts pay more
attention to deeper
materials-science
theoretical analysis.

The liquidus descends from the Fe
melting point through a series of
horizontal invariant isotherms at
1383, 1312, 1276, 1212, and 1187
°C, which bound the intermediate

phases and are consistent with
peritectic (L + solid —
intermediate) and eutectic (L —
solid + solid) reactions. ... Dashed
curves indicate uncertain or
alternative liquidus and
lower-boundary positions ...

... The slope in the diagram shown

by solid lines is much steeper
causing the liquidus composition
in the peritectic reaction of
Fe17Tbs to be too Fe rich ...

VLMs usually provide
general, global, and
surface-level
descriptions, whereas
human experts focus
more on specific domain
research questions.

The figure presents the binary
Ir-Pd (iridium-palladium) system
as a combined pair of complete
temperature-composition phase
diagrams. ... Both span the full
composition range from pure Ir
(melting point 2447 °C) to pure
Pd (melting point 1555 °C) and
the full temperature window, so

no subsystem or element-rich

region is omitted ...

In the absence of experimental
data over the entire composition
range for the liquidus and the
solidus phase boundaries, the
liquidus and the solidus are
evaluated, assuming a regular
solution behavior and the model.
... The calculated solidus
temperatures are higher than the
results of both. ...

VLMs show insufficient
capability in comparative
analysis of composite
phase diagrams.

Case Phase Diagram
L
Case 1
; "
8
Case 2 g
g
H
Fe ‘Atomic Percent Terbium Tb
Weight Percent Polladium
QE (arpa)
Case 3 "
; (ir,pd) "
i
|
b
,.“mi
|
|
5
H |
2
Case 4

... Key invariant features include a

congruent melting maximum at
~1900 °C (L — SbsZrs); a
eutectic at ~1430 °C on the
Zr-rich side (L — SbZr3 +
(BZr)), with composition markers
near 82.5/92 at.% Zr (upper) and
78/90 at.% Zr (lower); a
polymorphic transformation
[SbZra — aSbZra near
~1100 °C; and the (8Zr) —
(aZr) transformation near
~875 °C ending at ~863 °C at
the Zr edge. ...

... Because the crystal structure of
SbZrs is similar to that of Sb3Zrs
reported later, the melting point of
SbZra at ~1900 °C is regarded
as that of Sb3Zrs in the present
evaluation. ... The composition of
(BZr) at the L <> SbZr3 + (5Zr)
eutectic temperature (1430 °C) is
shown at 92 at.% Zr, which was
obtained by an extrapolation of a
plot of log [solubility of Sb in
(BZr)] vs 1 / T. The peritectoid
transformation temperature of
(BZr) +» (aZr) was estimated to
be 875 °C from an impurity-Sb-Zr
ternary phase diagram. ...

The conventional
evaluation metrics used
in this work are
inadequate for assessing
phase diagram
understanding with
complex logical
reasoning and need
further improvement.




TABLE VI
PERFORMANCE ON MATPHASEBENCH. BOLD INDICATES THE BEST RESULTS, AND UNDERLINE INDICATES THE SECOND-BEST RESULTS.

BERTScore ROUGE-1 ROUGE-L
Models
Recall F1 Recall F1 Recall F1
Closed-source Models
Claude-Opus-4.8 0.407 0.291 0.438 0.341 0.225 0.171
GLM-5V-Turbo 0.398 0.334 0.400 0.343 0.211 0.178
GPT-5.5 0.394 0.360 0.430 0.334 0.229 0.174
Gemini-3.1-Pro 0.392 0.388 0.390 0.347 0.208 0.182
Qwen3.6-Plus 0.388 0.363 0.356 0.348 0.189 0.183
Qwen3.6-Flash 0.379 0.363 0.349 0.342 0.185 0.180
Gemini-3.1-Flash-Lite 0.363 0.396 0.311 0.343 0.167 0.184
Open-source Models
Qwen3.6-27B 0.383 0.375 0.349 0.343 0.184 0.180
Qwen3.6-35B-A3B 0.380 0.369 0.350 0.342 0.187 0.181
GLM-4.6V 0.367 0.335 0.308 0.301 0.166 0.161
GLM-4.6V-Flash 0.345 0.336 0.247 0.289 0.134 0.156
Llama-4-Maverick 0.304 0.383 0.235 0.277 0.128 0.150
Llama-4-Scout 0.303 0.381 0.239 0.279 0.130 0.151
Avg. Performance 0.370 0.360 0.339 0.325 0.180 0.172

in F1. In contrast, Gemini 3.1 Flash Lite achieves the best
BERTScore F1 and ROUGE-L F1, but its Recall scores are
lower. This indicates that some models generate longer and
more comprehensive descriptions, increasing Recall while also
introducing additional content that lowers F1. Other models
generate more concise outputs that are locally closer to the
Ground Truth, leading to higher F1 but weaker coverage.

Closed-source models show an overall advantage, while
open-source and smaller models remain competitive.

The comparison between closed-source and open-source
models shows that closed-source models generally have an
advantage, but open-source and smaller models remain com-
petitive in specific metrics. For example, Qwen3.6-Plus out-
performs several larger or more general-purpose models, while
Qwen3.6-27B performs better than Llama-4-Maverick on
some metrics. These results suggest that phase diagram under-
standing cannot be explained by parameter scale alone. Model
architecture, multimodal alignment, domain knowledge, and
instruction-following behavior all influence performance.

Overall, the analyses in Sections B and C show that the low
scores on MatPhaseBench should not be interpreted merely as
failures of visual recognition. Instead, they reflect the high
degree of professionalism, openness, and multidimensional
semantics involved in phase diagram understanding. The main
gaps between current VLMs and expert-level interpretation
lie in three aspects: VLMs remain limited to surface-level
perception rather than expert deep theoretical reasoning; they
lack domain problem insight and analytical experience; and
they still show insufficient understanding of composite phase
diagrams. These findings also suggest that, for complex open-
ended scientific image understanding tasks, developing evalu-
ation methods that better approximate human expert judgment
and capture domain-specific reasoning remains an important
direction for future research.

VI. CONCLUSION

This work introduces MatPhaseBench, a benchmark for
evaluating vision-language models on materials phase diagram
understanding. Built from classic phase-equilibrium literature,
MatPhaseBench provides manually reviewed phase diagram—
text samples with document-level semantic alignment, in-
tegrating evidence from captions, explicit figure-referenced
paragraphs, and related discussions. It further organizes phase
diagram understanding into five semantic dimensions: mate-
rials system, phase diagram type, phase-diagram coverage,
phase region and phase boundary recognition, and invariant re-
actions.Experimental results on 13 representative VLMs show
that current models remain far from expert-level understand-
ing. Their outputs are largely limited to surface-level visual
perception, with insufficient thermodynamic reasoning, lim-
ited materials-domain awareness, weak alignment with expert
analytical focus, and poor discrimination of fine-grained differ-
ences in composite or multi-diagram settings.MatPhaseBench
addresses these challenges by formulating phase diagram un-
derstanding as an open-ended scientific image understanding
task, supported by comprehensive image—text matching and
human-supervised text acquisition. By combining high-quality
dataset construction, MatPhaseBench provides a reliable evalu-
ation foundation for domain-specific VLMs, highlights the im-
portance of systematically assessing complex scientific image
understanding, and offers a pathway toward more trustworthy
multimodal Al for materials-science discovery.
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TABLE VII
ANNOTATION GUIDELINES OF MATPHASEBENCH

Criterion Annotation Dimension

Completeness of basic image information

Completeness

Completeness of expert empirical description

Completeness of expert reasoning content

Accuracy of image-related information filtering

Accuracy

Accuracy of readability-oriented rewriting

Accuracy of related supplementary information
coverage

Factual consistency with the source text
Factuality

Semantic faithfulness after simplified rewriting

Sentence-level evidence traceability




