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Abstract. Vision–language models (VLMs) achieve strong performance
on general-domain tasks but can degrade when visual distributions, ter-
minology, and reasoning requirements diverge from general-domain pre-
training assumptions, including in scientific imaging. We study this chal-
lenge in materials-science transmission electron microscopy (TEM), a
data-scarce setting that requires nanoscale visual grounding, modality-
specific interpretation, and specialized materials-science knowledge. We
introduce ATOMIC (Assistant for TEM Oriented Multimodal Instruc-
tion and Conversation), a TEM-oriented vision–language model adapted
using peer-reviewed, literature-derived data without manual annotation.
Our pipeline extracts figure–caption pairs, isolates TEM subfigures, and
generates multimodal instruction data via GPT-based instruction gen-
eration. The training strategy separates two complementary supervision
signals: VisionGround, which enforces image-only grounding, and Do-
mainContext, which injects caption-conditioned scientific context. Their
combination, Blend, yields consistent improvements across perception-
and knowledge-intensive queries. ATOMIC-7B-Blend achieves 75.2% ac-
curacy on TEM-MCQ and 37.5% recall-oriented Answer Word Cover-
age (AWC) on TEM-VQA, narrowing the gap to GPT-4o on AWC
(40.4%) while enabling local deployment. On the TEM subset of MatCha,
an independent external benchmark, ATOMIC-7B-Blend+FT outper-
forms LLaVA-v1.5-7B+FT by 18.1 percentage points under identical
fine-tuning conditions. We release TEM-MCQ/TEM-VQA annotations,
article URLs, figure IDs, normalized crop coordinates for sub-figure re-
construction, the data-curation pipeline, and model weights to support
reproducibility within copyright constraints. These results show that
structured literature-derived supervision offers an effective data-centric
strategy for adapting VLMs to materials-science TEM and may provide a
reproducible foundation for future studies of VLM adaptation in related
data-scarce scientific-imaging domains.
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1 Introduction

Scientific domain shift in vision–language models. Large-scale vision–language
models (VLMs) achieve strong performance on general-domain tasks [1, 24, 25,
39,42], yet their behavior under domain shift—especially in scientific imaging—
remains insufficiently understood. Scientific domains differ from natural-image
corpora along multiple axes: (i) distribution shift in visual statistics (e.g., modality-
dependent contrast mechanisms, grayscale textures, atomic-scale lattices), (ii)
vocabulary shift toward specialized terminology, and (iii) reasoning shift requir-
ing experimental interpretation rather than object-centric recognition. Together,
these shifts make scientific imaging a challenging setting for evaluating and
adapting vision–language models.

Materials-science TEM as a domain-shift setting. Transmission electron mi-
croscopy (TEM) provides a representative testbed for studying scientific domain
shift in VLMs [3, 26, 37]. Widely used in materials science and semiconductor
research, TEM enables atomic-scale characterization of lattice structures, inter-
faces, and nanoscale defects. While deep learning methods have been applied to
TEM for specific tasks such as denoising [17], defect detection [7, 11, 33], and
segmentation [12, 15, 32, 38], these approaches typically optimize single-purpose
outputs and do not support interactive, language-conditioned interpretation of
scientific images. Furthermore, acquiring large-scale annotated datasets for TEM
remains difficult, creating a fundamental bottleneck for adapting and evaluating
vision–language models in this domain.

Research question. This setting raises the following question, which we study in
the context of materials-science TEM:

How can vision–language models be adapted to a scientific imaging do-
main where both visual statistics and domain vocabulary lie outside the
distributions seen during multimodal pretraining, particularly when la-
beled data are scarce?

Our approach. ATOMIC addresses this challenge from a data-centric perspec-
tive, demonstrating that structured literature mining combined with a GPT-
based self-instruct data generation strategy [28, 36] can induce domain-aligned
multimodal representations without architectural modification. A key design de-
cision is the separation of two complementary training signal sources: Vision-
Ground, which enforces pure visual grounding, and DomainContext, which in-
jects domain context from parent figure captions. ATOMIC is designed for open,
locally deployable inference, offering an API-free alternative that avoids sending
proprietary microscopy data to cloud-based services.

Findings. To evaluate the effectiveness of this structured pipeline, we construct
TEM-MCQ and TEM-VQA as reproducible evaluation datasets spanning visual
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perception, scientific reasoning, and experimental methodology. ATOMIC-7B-
Blend achieves 75.2% accuracy on TEM-MCQ and outperforms all locally de-
ployable baselines [10, 20, 22] on TEM-VQA across all evaluation metrics. We
further evaluate on the TEM subset of MatCha [18], an independent external
benchmark, where ATOMIC-7B-Blend+FT improves over LLaVA-v1.5-7B+FT
by 18.1 percentage points. While frontier models (GPT-4o, Gemini-2.5-Flash-
Lite) serve as upper-bound references, ATOMIC narrows the open-ended TEM-
VQA AWC gap while enabling local deployment without API dependency.

Contributions.

– Data-centric adaptation framework for TEM VLMs. We demon-
strate a practical route for reducing annotation barriers in data-scarce TEM
VLM adaptation: peer-reviewed materials-science literature provides a scal-
able source of multimodal supervision, and systematic figure–caption mining
can construct TEM-specific training data without manual annotation.

– Complementary training signals from scientific literature. We show
that VisionGround, which enforces image-only grounding, and DomainCon-
text, which injects caption-derived scientific context, address distinct capa-
bility dimensions under TEM domain shift. Their combination, Blend, yields
more consistent performance across perception- and knowledge-intensive queries.

– Evaluation protocol for TEM VLM adaptation. We establish a repli-
cable TEM evaluation dataset construction pipeline spanning visual per-
ception, scientific reasoning, and experimental methodology across multiple-
choice and open-ended formats, enabling controlled assessment of both closed-
ended decision making and free-form scientific explanation.

2 Related Work

General-purpose and domain-specific vision–language models. Large-scale VLMs
have advanced through cross-modal alignment and instruction tuning, including
BLIP-2 [20], InstructBLIP [10], LLaVA [23], and LLaVA-v1.5 [22]. However,
because these general-purpose models are trained largely on natural-image cor-
pora, their behavior under materials-science microscopy domain shift—where
visual distributions, specialized terminology, and scientific reasoning require-
ments depart from general-domain pretraining—remains insufficiently charac-
terized [5, 34]. Domain-specific VLMs and biomedical image–text foundation
models, such as LLaVA-Med [19] and BiomedCLIP [41], illustrate a parallel
line of domain-adaptive multimodal training for specialized image distributions.
These systems target biomedical images and clinical or biomedical language
rather than TEM-specific materials characterization. ATOMIC instead focuses
on data-centric adaptation for materials-science TEM, holding the LLaVA-v1.5
architecture fixed to isolate the effect of supervision design rather than architec-
tural changes.
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Instruction tuning with GPT. LLM-generated instruction data has become widely
used for instruction tuning [4], beginning with Self-Instruct [36] and Alpaca [35]
and further strengthened by GPT-4-generated data [28]. This recipe was adopted
in multimodal settings by LLaVA [23] and LLaVA-Med [19]. For TEM, however,
generic visual-instruction templates are insufficient: interpretation depends on
modality-specific contrast, lattice and defect morphology, crystallographic cues,
and experimental context from expert captions. GPT-based generation in such
specialized settings can also introduce hallucination risk [40]. ATOMIC addresses
this by conditioning generation on expert-written captions and separating image-
only VisionGround supervision from caption-conditioned DomainContext su-
pervision, enabling analysis of how visual evidence and domain context support
TEM VLM adaptation.

Scientific imaging and multimodal reasoning. Machine learning methods in mi-
croscopy have largely focused on task-specific objectives. Although effective,
these approaches optimize single-purpose outputs and do not support inter-
active, language-conditioned interpretation of microscopy evidence. More re-
cently, MicroscopyGPT [8] explored VLM-based atomic structure prediction
from simulated STEM images of 2D materials, representing an important step
toward language-conditioned microscopy understanding. Its task formulation dif-
fers from ours: MicroscopyGPT requires chemical-formula input and produces
POSCAR-format atomic structures, whereas TEM-MCQ and TEM-VQA evalu-
ate natural-language responses to TEM images. Direct quantitative comparison
would therefore require substantial task reformulation. Our work complements
this direction by studying open-ended VLM adaptation across multiple TEM
modalities, with evaluation spanning visual perception, scientific reasoning, and
experimental methodology in both multiple-choice and free-form VQA formats.

3 Method

3.1 ATOMIC Training Framework

We build ATOMIC on LLaVA-v1.5 without modifying the underlying archi-
tecture, focusing on data-centric adaptation for materials-science TEM. Our
training design decomposes supervision into two complementary signals: Vision-
Ground, derived from TEM images for visual grounding, and DomainContext,
derived from figure captions for domain-specific scientific context. This decom-
position enables controlled analysis of how structured supervision affects vision–
language alignment under TEM domain shift.

The core objective is to bridge the mismatch between general-domain VLM
pretraining and TEM interpretation. General vision encoders have limited ex-
posure to TEM-specific visual primitives, such as lattice fringes, diffraction pat-
terns, and STEM contrast, while generic instruction data rarely captures mi-
croscopy terminology or reasoning patterns. We therefore use structured literature-
derived supervision to evaluate whether data-centric supervision design can im-
prove TEM VLM adaptation while keeping the base architecture fixed.
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Fig. 1: Overview of ATOMIC model training pipeline. Stage 1 (TEM Concept Align-
ment) trains only the Vision-language connector while keeping the Vision Encoder and
Language model frozen. Stage 2 (TEM Instruction Tuning) unfreezes the Language
model for joint training using multi-turn conversational data. The resulting ATOMIC
model can be adapted to downstream tasks such as TEM-MCQ and TEM-VQA.

We follow LLaVA-v1.5, using Vicuna-7B [6] as the language backbone and
CLIP-ViT-L-336px [29] as the vision tower. The resulting model, ATOMIC, is
adapted for materials-science TEM, as summarized in Fig. 1.

Stage 1: Image–Text Alignment. Stage 1 freezes the Vision Tower and lan-
guage model, training only the MLP Connector to project visual features into
the language space and establish image–text correspondence.

Stage 2: Visual Instruction Tuning. Stage 2 keeps the Vision Tower frozen
while jointly training the language model and MLP Connector on multi-turn
visual conversations, enabling image-conditioned instruction following.

Downstream: Task-Specific Fine-Tuning. After Stage 2, we fine-tune ATOMIC
on downstream tasks including visual question answering (VQA) and multiple-
choice questions (MCQ), adapting the model to open-ended and multiple-choice
response formats.

3.2 Data Source: Peer-Reviewed Figure–Caption Pairs

We crawl TEM-related articles from four Nature-series journals (Nature, Nature
Communications, Nature Materials, and Nature Nanotechnology) and extract
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figure elements along with their corresponding captions using Selenium-based
browser automation and HTML parsing, yielding 34,073 figure–caption pairs.
Captions provide expert-written context (materials, processing conditions, imag-
ing mode) that is difficult to annotate manually and is essential for generat-
ing domain-aligned training data. For each figure, we retain article URL, figure
ID, caption association, and sub-figure crop metadata to support reconstruction
without redistributing publisher-owned images.

3.3 TEM Sub-Figure Extraction and Modality Verification

Raw paper figures are often compound, mixing TEM panels with plots, schemat-
ics, and other non-TEM characterization panels. We isolate TEM regions with
a two-stage pipeline: YOLOv11 [16] localizes candidate subfigures, and ResNet-
50 [13] retains four commonly used TEM modalities (CTEM, HRTEM, STEM,
SAED). This filters 34,073 figure–caption pairs to 9,513 pairs and 32,564 modality-
verified TEM subimages. Before instruction generation, we split these into 29,950
images for Stages 1–2 and 2,614 held-out images for evaluation dataset construc-
tion; no held-out evaluation image is used to generate Stage 1 or Stage 2 training
data. The complete data construction pipeline is shown in Fig. 2.

3.4 Stage 1: TEM-Oriented Image–Text Alignment

Stage 1 trains only the vision–language connector to map visual tokens into the
language space while keeping the vision encoder and language model frozen. A
central challenge in TEM is the semantic gap between pretrained visual features
and domain-specific terminology.

To address this, we generate single-turn alignment targets with GPT using a
two-dimensional target-generation design: response granularity (Brief vs. Detail)
and conditioning regime (VisionGround vs. DomainContext):

– Brief vs. Detail. Brief responses provide concise visual alignment signals,
forcing the MLP Connector to map visual tokens to core semantics, while
Detail responses provide fine-grained feature representations, ensuring align-
ment richness.

– VisionGround vs. DomainContext. VisionGround conditions solely on
the TEM image to enforce image-grounded alignment and avoid textual
shortcuts. DomainContext additionally incorporates the parent figure cap-
tion when generating the target response, injecting domain-consistent termi-
nology and expert-level contextual information that pure visual observation
cannot provide. The parent caption is used as supervision-generation con-
text, not as an auxiliary input supplied to the evaluated model.

For each training sub-image, we generate four alignment targets: Brief and
Detail responses under VisionGround and DomainContext conditioning. These
targets form the VisionGround-60k, DomainContext-60k, and Blend-120k Stage
1 datasets in Tab. 1.
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Fig. 2: Overview of data construction pipeline. Scientific articles are automatically con-
verted into multimodal training data through figure–caption mining, modality-aware
filtering, and GPT-based instruction generation. The resulting dataset comprises visual
grounding signals and domain-context signals, enabling controlled analysis of training
signal composition for vision–language domain adaptation.

3.5 Stage 2: Multi-Turn TEM Instruction Tuning

Stage 2 unfreezes the language model and jointly trains it with the MLP Con-
nector on GPT-generated multi-turn conversations derived from Stage 1 Detail
responses. We retain the VisionGround/DomainContext split when forming the
Stage 2 datasets summarized in Tab. 1. Detail responses are selected over Brief
responses because they provide richer visual descriptions and, for DomainCon-
text, caption-derived scientific context for generating meaningful multi-turn in-
teractions. This stage adapts the model’s response style to microscopy-specific
discourse, enabling interactive question answering and scientifically grounded
explanations. Captions influence Stage 2 only through DomainContext-derived
generated responses; at inference time, the model receives the image and prompt,
not the parent caption.
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Table 1: Dataset versions and their composition.

Version Composition Size

Stage 1 VisionGround-60k Brief + Detail 60k
DomainContext-60k Brief + Detail 60k
Blend-120k VisionGround-60k + DomainContext-60k 120k

Stage 2 VisionGround-30k Converted from VisionGround Detail 30k
DomainContext-30k Converted from DomainContext Detail 30k
Blend-60k VisionGround-30k + DomainContext-30k 60k

3.6 Evaluation Dataset Construction

We construct TEM-MCQ and TEM-VQA using 2,614 TEM subimages held
out from all training stages. TEM-MCQ enables objective accuracy measure-
ment through closed-ended multiple-choice questions, while TEM-VQA assesses
open-ended scientific dialogue capability through free-form responses. For each
image, an LLM generates multiple questions spanning three capability dimen-
sions: visual perception (observable morphology, contrast, and texture), scientific
reasoning (structure, defects, mechanisms, and property inference), and experi-
mental methodology (imaging mode identification, artifacts, calibration, and ac-
quisition considerations). When domain context is required to make a question
well-posed, we apply context injection by embedding the minimal necessary non-
answer-revealing information directly into the question stem.

TEM-VQA is formed by converting a randomly selected half of TEM-MCQ
questions into open-ended VQA by removing answer choices and requiring free-
form responses. This paired design preserves the visual distribution and capabil-
ity taxonomy while changing the response format. TEM-MCQ and TEM-VQA
comprise 23,526 QA pairs; dataset statistics are reported in Sec. 4.

Leakage Control. During evaluation-dataset generation, the GPT-based gener-
ator has access to the image and parent caption to support factually grounded
question generation. At inference time, however, all evaluated models receive
only the TEM image and task prompt. Parent captions, article metadata, source
indices, and reconstruction metadata are never supplied to the evaluated model.
This design preserves realistic scientific question content while preventing the
evaluated model from solving the task through textual source cues alone.

4 Experiments

4.1 Experimental Setup

Dataset Split. We divide the 32,564 TEM subimages into two subsets: 29,950
images are used for Stage 1 and Stage 2 training, and 2,614 images are reserved
for TEM-MCQ/TEM-VQA construction as described in Sec. 3.6. No image from
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Table 2: Hyperparameter configurations for each training stage.

Hyperparameter Stage 1 Stage 2 Task FT

Learning Rate 1e-3 2e-5 2e-5
Batch Size (per device) 32 16 16
Gradient Accumulation 1 1 1
Epochs 1 3 1
LR Scheduler Cosine Cosine Cosine
Warmup Ratio 0.03 0.03 0.03
Max Sequence Length 2,048 2,048 2,048
DeepSpeed Stage ZeRO-2 ZeRO-3 ZeRO-3

the 2,614-image pool is used during Stage 1 or Stage 2 training. The training data
is further organized into multiple versions according to different data generation
strategies, as detailed in Sec. 3.4 and Sec. 3.5.

The evaluation-construction pool is further divided into a downstream fine-
tuning split and a final test split. The test split (TEM-VQA: 2,349 pairs; TEM-
MCQ: 2,358 pairs) is used for the final evaluation of all models, and all experi-
mental results are reported on this final test split exclusively. The task-training
split (TEM-VQA: 9,405 pairs; TEM-MCQ: 9,414 pairs; 18,819 pairs in total) is
reserved exclusively for the downstream task fine-tuning (+FT) stage to train
ATOMIC-7B-Blend+FT, and is kept fully independent from the Stage 1 and
Stage 2 adaptation data.

Training Setup. All models are trained on 4 × NVIDIA RTX PRO 6000 Black-
well GPUs with BF16 mixed precision, using the DeepSpeed [30,31] framework
for distributed training. The hyperparameter configurations for the three train-
ing stages are summarized in Tab. 2.

Using the Blend dataset as a reference, Stage 1 training (120k samples) takes
approximately 2 hours, Stage 2 training (60k samples) approximately 4.5 hours,
and downstream fine-tuning approximately 45 minutes.

In this work, we train two model scales: the ATOMIC-7B series uses Vicuna-
7B-v1.5 as the base language model, and the ATOMIC-13B series uses Vicuna-
13B-v1.5 as the base language model. Both series adopt CLIP-ViT-L-336px as
the Vision Tower and undergo the complete Stage 1 and Stage 2 training pipeline.
For downstream task fine-tuning (+FT), we initialize from the Stage 2 checkpoint
of ATOMIC-7B-Blend and further fine-tune on the TEM-MCQ and TEM-VQA
training data, yielding ATOMIC-7B-Blend+FT. Frontier VLMs are evaluated
zero-shot as upper-bound API references and are not task fine-tuned.

Evaluation Metrics. For the open-ended question answering task (TEM-
VQA), we adopt the following four evaluation metrics.
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Table 3: Overall performance on TEM-VQA and TEM-MCQ.

Model TEM-VQA TEM-MCQ

BLEU-1 [27] ROUGE-L [21] METEOR [2] AWC Accuracy

Frontier VLMs
GPT-4o [14] 21.9% 26.1% 29.3% 40.4% 92.3%
Gemini-2.5-Flash-Lite [9] 17.8% 22.2% 26.0% 37.7% 90.3%

ATOMIC (Ours)
ATOMIC-13B-Blend 11.7% 15.5% 21.7% 36.6% 76.5%
ATOMIC-7B-Blend 12.2% 16.2% 22.8% 37.5% 75.2%

Baselines
LLaVA-v1.5-13B [22] 10.5% 15.0% 17.8% 31.0% 74.0%
LLaVA-v1.5-7B [22] 9.6% 13.6% 18.2% 33.3% 70.9%
BLIP-2 [20] 9.7% 14.3% 9.1% 12.3% 73.5%
InstructBLIP [10] 9.0% 14.4% 9.1% 12.6% 61.6%

BLEU-1 [27] measures the unigram precision between the model’s response
and the reference answer, reflecting the degree of lexical overlap.

ROUGE-L [21] computes recall based on the Longest Common Subsequence
(LCS), reflecting the degree of structural similarity between the model’s response
and the reference answer at the sequence level.

METEOR [2] extends BLEU with stemming and synonym matching, cap-
turing overlap beyond exact n-gram matches.

Answer Word Coverage (AWC) is a reference-token coverage metric that
measures the proportion of reference-answer tokens covered by the model re-
sponse. It indicates whether the response includes expected technical content,
rather than serving as a full semantic-quality metric. AWC is defined as:

AWC =

∑
w∈Vref

min(countref(w), counthyp(w))∑
w∈Vref

countref(w)
, (1)

where Vref is the set of unique reference tokens, and countref(w) and counthyp(w)
denote token counts in the reference answer and model response. Because TEM-
VQA reference answers are often short and terminology-dense, while model re-
sponses can vary substantially in length, AWC complements BLEU, ROUGE-L,
and METEOR by emphasizing coverage of expected technical content rather
than exact phrasing or fluency. We further examine its correlation with TEM-
specialist scores in Sec. 4.4.

For the closed-ended multiple-choice task (TEM-MCQ), we report the accu-
racy of each of the three capability dimensions — Visual Perception, Reasoning,
and Experimental Methodology — as well as the overall average accuracy.

4.2 Main Results

Table 3 presents results across all models. GPT-4o and Gemini-2.5-Flash-Lite are
included as zero-shot frontier references rather than locally deployable baselines.
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Table 4: Performance on the TEM subset of MatCha [18], an independent materials-
characterization benchmark not generated by our pipeline. All scores are accuracy (%).

Model

Processing
Correlation

(PC)
(n=77)

Morphology
Analysis
(MA)
(n=90)

Structure
Analysis

(SA)
(n=165)

Property
Analysis

(PA)
(n=6)

Defect Type
Classification

(DTC)
(n=33)

ALL
(n=371)

Frontier VLMs
GPT-4o [14] 83.1 73.3 72.1 66.7 57.6 73.3
Gemini-2.5-Flash-Lite [9] 83.1 60.0 67.9 100.0 54.5 68.5

ATOMIC (Ours)
ATOMIC-7B-Blend+FT 72.7 63.3 52.7 50.0 21.2 56.6
ATOMIC-7B-Blend 59.7 47.8 47.9 33.3 21.2 47.7

Baselines
LLaVA-v1.5-7B+FT 35.1 46.7 39.4 50.0 18.2 38.5
LLaVA-v1.5-7B [22] 22.1 44.4 39.4 33.3 18.2 35.0
BLIP-2 [20] 16.9 25.6 33.9 33.3 21.2 27.2
InstructBLIP [10] 59.7 20.0 32.7 0.0 24.2 34.0

They achieve TEM-MCQ accuracy of 92.3%/90.3% and TEM-VQA AWC of
40.4%/37.7%. Among locally deployable models, ATOMIC-7B-Blend achieves
the best TEM-VQA performance and ATOMIC-13B-Blend the highest MCQ
accuracy (76.5%), both outperforming all locally deployable baselines. ATOMIC-
7B-Blend reaches 37.5% AWC, narrowing the gap to GPT-4o (40.4%) while
enabling local, API-free deployment for privacy-sensitive proprietary microscopy
workflows.

To assess generalization beyond our internal evaluation set, we evaluate on
the TEM subset of MatCha [18], an independent benchmark not generated by our
pipeline. ATOMIC-7B-Blend+FT achieves 56.6% overall accuracy, outperform-
ing LLaVA-v1.5-7B+FT by 18.1 percentage points under identical fine-tuning
conditions, suggesting that staged TEM adaptation provides a more effective
task-fine-tuning initialization than the corresponding general-domain LLaVA-
v1.5-7B checkpoint. Without task fine-tuning, ATOMIC-7B-Blend reaches 47.7%,
outperforming all non-fine-tuned local baselines. Given the small PA category
(n = 6), its per-category accuracy is reported for completeness and should be
treated as descriptive rather than conclusive.

4.3 Ablation Study

To evaluate the impact of different supervision strategies, we compare Vision-
Ground, DomainContext, and Blend, as well as the effect of downstream task
fine-tuning (+FT). The detailed results are presented in Tab. 5 and Tab. 6.

Effect of Data Strategy (VisionGround vs. DomainContext vs. Blend).
Combining the results of Tab. 5 and Tab. 6, VisionGround and DomainCon-
text exhibit complementary strengths across tasks and capability dimensions.
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Blend consistently improves robustness by combining image-only grounding with
caption-conditioned domain context.

On TEM-VQA, DomainContext outperforms VisionGround on both Rea-
soning (25.0 vs. 23.7) and Experimental Methodology (18.3 vs. 17.7), while Vi-
sionGround performs slightly better on Visual Perception (22.2 vs. 20.7). This
pattern is intuitive: open-ended question answering requires the model to gener-
ate free-form responses containing accurate terminology and experimental con-
text, and the caption-derived materials-science context in DomainContext data
helps the model produce more precise descriptions for reasoning and experimen-
tal methodology questions. Visual Perception questions, by contrast, primarily
test directly observable image features, where the image-only training signal of
VisionGround holds a natural advantage. Blend improves consistency across all
three dimensions by integrating both supervision sources.

On TEM-MCQ, the patterns for Visual Perception and Experimental Method-
ology are consistent with TEM-VQA — DomainContext outperforms Vision-
Ground on Experimental Methodology (73.3% vs. 71.4%), while VisionGround
performs better on Visual Perception (64.8% vs. 62.9%). However, a noteworthy
reversal is observed in the Reasoning dimension: VisionGround (86.1%) outper-
forms DomainContext (83.0%), which is opposite to the pattern observed in
TEM-VQA. We attribute this discrepancy to the fundamentally different de-
mands the two tasks place on reasoning capability: MCQ Reasoning questions
require the model to directly discriminate between answer options based on vi-
sual evidence, relying more heavily on precise visual feature judgment; whereas
VQA Reasoning questions require the generation of free-form text incorporat-
ing reasoning processes, relying more on domain knowledge expression at the
language level. This pattern highlights the distinct strengths of VisionGround
and DomainContext, and further explains why the Blend strategy achieves more
consistent performance across both tasks.

Effect of Model Scale (7B vs. 13B). Scaling ATOMIC-Blend from 7B to
13B yields only a small TEM-MCQ gain (75.2% to 76.5%) and does not improve
TEM-VQA, where ATOMIC-7B-Blend remains stronger. These results suggest
that, in this data-scarce TEM setting, performance is not governed by param-

Table 5: Ablation results on TEM-MCQ.

Model Perception Reasoning Methodology

ATOMIC Variants ATOMIC-7B-Blend+FT 84.6% 94.3% 94.5%
ATOMIC-7B-Blend 66.5% 85.6% 73.3%
ATOMIC-7B-DomainContext 62.9% 83.0% 73.3%
ATOMIC-7B-VisionGround 64.8% 86.1% 71.4%
ATOMIC-13B-Blend 66.5% 87.7% 75.3%

Baselines LLaVA-v1.5-13B [22] 65.5% 83.8% 72.5%
LLaVA-v1.5-7B [22] 60.9% 84.2% 67.6%
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Table 6: Ablation results on TEM-VQA. Scores averaged over BLEU-1, ROUGE-L,
METEOR, and AWC.

Model Perception Reasoning Methodology

ATOMIC Variants ATOMIC-7B-Blend+FT 41.9% 36.9% 47.9%
ATOMIC-7B-Blend 22.5% 25.1% 19.0%
ATOMIC-7B-DomainContext 20.7% 25.0% 18.3%
ATOMIC-7B-VisionGround 22.2% 23.7% 17.7%
ATOMIC-13B-Blend 21.0% 24.6% 18.5%

Baselines LLaVA-v1.5-13B [22] 17.0% 21.6% 17.2%
LLaVA-v1.5-7B [22] 16.9% 21.9% 17.2%

eter scaling alone; carefully structured domain-specific supervision is a major
contributor to TEM VLM adaptation.

Effect of Downstream Task Fine-tuning (Blend vs. Blend+FT). Down-
stream task fine-tuning yields the largest gains across both closed-ended and
open-ended tasks. These gains reflect both task-format adaptation and the ben-
efit of ATOMIC’s Stage 1/2 TEM-adapted initialization. On the independent
TEM subset of MatCha (Tab. 4), ATOMIC-7B-Blend+FT outperforms LLaVA-
v1.5-7B+FT by 18.1 percentage points under identical fine-tuning conditions,
suggesting that staged TEM adaptation provides a more effective initialization
for task-specific fine-tuning than the corresponding general-domain LLaVA-v1.5-
7B checkpoint.

4.4 Human Evaluation and Data Quality

Human evaluation of open-ended responses. A TEM domain specialist scored
810 responses to 270 TEM-VQA questions (0–10) across GPT-4o, ATOMIC-
7B-Blend, and LLaVA-v1.5-7B. As shown in Tab. 7, AWC achieves the highest
Pearson correlation with specialist scores in every model subset, and all AWC
correlations are statistically significant (p < 0.05). This supports AWC as a use-
ful reference-token coverage metric for TEM-VQA, while TEM-specialist scores
provide an independent assessment of overall response quality. Human average
scores (GPT-4o: 6.27, ATOMIC: 5.75, LLaVA: 4.57) are consistent with the
ranking established by automatic metrics.

GPT training data quality. A TEM domain specialist independently scored
962 Stage 2 QA pairs (479 VisionGround / 483 DomainContext) on a factual-
accuracy rubric (0–10), where ≥7 indicates high-quality responses and ≤3 indi-
cates clear factual errors. Of the 962 pairs, 961 (99.9%) were rated ≥7 and none
were rated ≤3. This sampled audit indicates a low observed severe factual-error
rate in the generated TEM instruction data. It should not be interpreted as an
error-free guarantee for the entire generated corpus.
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Table 7: Pearson correlations between automatic metrics and TEM-specialist scores
across three models. ∗ denotes p < 0.05.

Model Human Avg. AWC BLEU-1 ROUGE-L METEOR

GPT-4o 6.27 +0.516∗ +0.398∗ +0.422∗ +0.478∗

ATOMIC-7B-Blend 5.75 +0.394∗ +0.259∗ +0.286∗ +0.328∗

LLaVA-v1.5-7B 4.57 +0.424∗ +0.214∗ +0.141 +0.325∗

Failure mode analysis. Drawing on the TEM specialist scores, we observe three
systematic failure categories in ATOMIC: inaccurate quantitative scale estima-
tion, difficulty in periodic structure interpretation, and overgeneralization of lo-
cal contrast differences. As these failure patterns are also observed in LLaVA-
v1.5-7B, they may reflect limitations not fully addressed by data-level adaptation
alone, suggesting that further improvements may require architectural advances
in addition to data-level adaptation.

4.5 ATOMIC Response Examples

Figure 3 presents a qualitative comparison of model outputs on a representa-
tive TEM image. Given the prompt “Describe the following scientific image in
detail,” general-purpose models fail to recognize the domain-specific nature of
the input: LLaVA-v1.5-7B describes the image as “possibly a microscope slide”
with “visually intriguing patterns,” while InstructBLIP likens the content to “a
snowy landscape” caused by “dirt, dust, or other substances.” BLIP-2 produces a
degenerate response with no meaningful content. In contrast, ATOMIC correctly
identifies the image as a transmission electron microscopy image and accurately
describes the key visual features — nanoparticle distribution, size uniformity,
and dispersion — using domain-appropriate terminology. This qualitative com-
parison illustrates the benefit of TEM-specific supervision for interpreting TEM
images that general-purpose VLMs otherwise describe using natural-image pri-
ors.

5 Conclusion

This work introduces ATOMIC, a TEM-oriented vision–language model built
via a data-centric framework that converts peer-reviewed materials-science lit-
erature into structured multimodal training data without manual annotation. A
key finding is that VisionGround and DomainContext signals address distinct ca-
pability dimensions under TEM domain shift, and that their combination yields
consistent improvements across task types and formats. ATOMIC outperforms
all locally deployable baselines on TEM-MCQ and TEM-VQA, with further gains
from downstream fine-tuning. Evaluation on the TEM subset of MatCha pro-
vides additional evidence beyond our internal evaluation set, with ATOMIC-7B-
Blend+FT outperforming LLaVA-v1.5-7B+FT by 18.1 percentage points under
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Input TEM image:

This is a transmission electron microscopy image showing a dense distribution of nanoparticles.
The particles are small and vary slightly in size but are generally uniform and well-dispersed.

The image features a close-up view of a black and white photograph, possibly a microscope slide,
with numerous small black dots scattered throughout the scene. The dots are of various sizes and
are spread across the entire image, creating a visually intriguing pattern. The photograph appears
to be a detailed study of the dots, possibly related to scientific research or artistic expression.

a black and white image of a black and white image.

The image is a black and white photograph of a large, white surface covered in small black dots,
resembling a snowy landscape. The dots are scattered across the surface, creating a unique texture
and appearance. The photograph captures the intricate details of the dots, highlighting their size
and density. The image is likely a close-up view of a surface, possibly a wall or a piece of fabric,
with the dots covering the entire surface. The dots are likely to be small, dark spots, which could
be caused by various factors, such as dirt, dust, or other substances.

BLIP-2
(Generic description)

InstructBLIP
(Incorrect interpretation)

LLaVA-v1.5-7B
(Ambiguous description)

Describe the following scientific image 
in detail.

Human:

(Correct TEM interpretation)

Fig. 3: Qualitative comparison of model responses to the prompt “Describe the fol-
lowing scientific image in detail” on a representative TEM image. General-purpose
models fail to recognize the TEM domain, producing generic or erroneous descriptions.
ATOMIC correctly identifies the imaging modality and accurately characterizes the
nanoparticle distribution using domain-appropriate terminology.

identical conditions. Overall, our results suggest that, for materials-science TEM,
structured literature-derived supervision is an effective data-centric strategy for
VLM adaptation without architectural modification. More broadly, ATOMIC of-
fers a reproducible, TEM-grounded template that may inform data-centric VLM
adaptation in related scientific-imaging settings.

Limitations and Dataset Availability. Our literature-derived training data and
internal evaluation datasets are derived from published figures, which intro-
duces distribution bias toward well-curated, publication-quality images and may
underrepresent challenging acquisition conditions in real-world laboratory set-
tings. To support reproducibility within copyright constraints, we release TEM-
MCQ/TEM-VQA annotations, article URLs, figure IDs, normalized crop coor-
dinates for sub-figure reconstruction, the complete data-curation pipeline, and
fine-tuned model weights at https://github.com/SemiMIRTLab/ATOMIC.git.
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