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Abstract. Quantitative microstructural characterization is fundamen-
tal to materials science, and electron micrographs (EMs) provide indis-
pensable high-resolution insights. However, progress in deep learning-
based analysis of EMs has been hampered by the scarcity of large-scale,
expert-annotated public datasets. To address this issue, we introduce
EM3M, a large-scale and multimodal dataset for instance-level under-
standing of EMs. EM3M comprises 5,091 high-quality EMs, approxi-
mately 3 million instance segmentation annotations, and image-level
textual descriptions with disentangled attributes. The dataset is con-
structed through a rigorous multi-stage curation and validation pipeline,
with comprehensive statistical analyses to ensure reliability and repro-
ducibility. Building upon these curated image-text pairs, we further pro-
vide a text-to-image diffusion model that serves as a controllable data
augmentation engine, demonstrating that synthetic augmentation con-
sistently improves downstream segmentation performance. To establish a
systematic benchmark, we evaluate representative instance segmentation
methods on EM3M. Our results reveal that conventional detection-based
and query-based methods struggle with the extreme instance densities
and textural complexities inherent in EMs. We additionally provide an
optimized flow-based baseline to facilitate fair comparison and future re-
search. EM3ME|, the generative engineﬂ and an online dem(ﬂ are publicly
available to support future research in automated materials analysis.

Keywords: Dataset and Benchmark - Electron Microscopy - Instance
Segmentation - Microstructural Characterization

1 Introduction

Quantitative microstructural characterization underpins advances in materials
design, diagnostics, and fabrication. Electron microscopy techniques such as
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! Dataset: https://huggingface.co/datasets/UniParser/EM3M

2 Generation: https://huggingface.co/UniParser/EM3M-Gen

3 Segmentation demo: https://www.bohrium.com/apps/uni-aims
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Fig. 1: Visualization of the EM3M. Left: Diverse raw EMs from different materials and
morphologies. Right: A WO3 sample exhibiting dense particulate features, along with
its instance segmentation masks containing 2,445 annotated particles, and structured
textual annotations describing material type, morphology, diameter distribution, and
other attributes.

scanning electron microscopy (SEM) and transmission electron microscopy (TEM)
are widely employed to capture microstructural details, enabling precise mea-

surement of grain size, density, and distribution [7/[10,[19]. However, large-scale

EM analysis remains challenging due to the need for domain expertise, costly

licensing, and limited transferability of existing tools, such as ImagelJ and

MountainsSEM.

Despite the promise of deep learning for automated EM analysis [16], most
models are typically developed for specific tasks and struggle to generalize across
the vast heterogeneity of real-world EM data. Previous studies have applied
learning-based methods to nanomaterial classification [3| . microstructural seg-
mentation || ..... and micrograph generation ... However, these
efforts are often confined to particular imaging modalities, operational modes,
or material types, and therefore lack the universality required to address the
broader spectrum of EMs. Additionally, costly EM acquisition, expert annota-
tion, and IP /privacy restrictions limit the availability of large, diverse
public datasets, which in turn hinders the development of Segment Anything-
style foundation models (SAM) for materials science.

The multimodal domain presents additional challenges. A comprehensive un-
derstanding of material microstructures requires correlating visual patterns with
precise scientific interpretations—yet existing datasets fall short. For instance,
MMSci has harvested vast volumes of micrographs and associated text from
scientific literature, but its figures are post-processed for publication and its
captions are often noisy and incomplete. Datasets such as MicroVQA and
MicroBench include electron microscopy modalities but focus on biological
and medical domains, leaving a gap for materials-oriented multimodal resources.

To address these issues, we present EM3M, a large-scale and multimodal
EM dataset designed for instance-level materials understanding. Through ex-
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Table 1: Summary of EM datasets. *Estimated upper bound of EMs in MMSci.
"Images were extracted from literature figures rather than raw experimental data.
Abbreviations: Mixed-synthetic and experimental data; Ins—instance segmentation;
Cls—classification; # Ins.—number of annotated instances.

Dataset Source # Images Label # Ins. Scene Text Available
EMPS [58] Literature’ 465 Ins 11596 Diverse x v
Aversa et al. |3]  Experiment 22000 Cls - Diverse x v
Stuckner et al. [52]  Mixed 110,861  Cls - Diverse x X
Okunev et al. [42] Experiment 26 Ins 5852  Single x v
Bin et al. [49] Experiment 237 Ins 605 3 scenes X X
Bals et al. [5| Experiment 93 Ins - 3 scenes X X
MMSci |33] Literature < 100,000* - - Diverse v v
EM3M (Ours) Experiment 5,091 Ins 2,985,660 Diverse v/ v

tensive academic and industrial collaborations, we curated a collection of 5,091
high-quality electron micrographs, covering a wide range of material types, fab-
rication processes, and imaging modalities across SEM and TEM instruments,
which capture representative microstructural morphologies. Crucially, via a ded-
icated human-in-the-loop pipeline, we have annotated approximately 3 million
instance masks in total, achieving unprecedented annotation density with cer-
tain images exceeding 2,000 instances. Fig. [1] illustrates the diversity of our
dataset and the richness of its annotations. Unlike MMSci, EM3M is built on
raw experimental micrographs and uses an expert-defined protocol to produce
structured, disentangled attribute descriptions for each image. To further en-
hance the dataset’s utility, we leverage the curated image-text pairs to train
a text-to-image diffusion model that functions as a controllable augmentation
engine, enabling scalable synthesis of realistic micrographs for the annotation
pipeline. We also note that the decoupled attributes provide the secondary ben-
efit of creating novel samples through recombination. While our primary focus
is dataset construction, the structured descriptions provide a natural foundation
for future materials-oriented vision-language modeling.

Finally, we benchmark various instance segmentation methods on EM3M, re-
vealing that models originally designed for natural images [6,9,/12L|15}/21,/22}[29]
32./55] suffer accuracy degradation and become computationally and memory-
intensive under extreme instance density. In contrast, micrograph-specific ap-
proaches that rely on flow- or embedding-based intermediate representations re-
main both accurate and resource efficient [141/20,25/48./51]; we group these into a
“bottom-up” family. Building on these insights, we revisit and improve the flow-
based framework and train it on a mixture of synthetic and real micrographs,
establishing a strong baseline called UniAIMS (Unified AI-assisted Microscopy
Segmentation). We summarize the contribution of this work as follows:

— We propose the EM3M, a large-scale and multimodal EM dataset for mi-
crostructural segmentation and generation. It comprises 5,091 high-quality
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EMs, about 3 million instance segmentation labels, and image-level attribute-
disentangled textual descriptions.

— We release a text-to-image diffusion model trained on the EM3M to serve
as a powerful data augmentation tool. Quantitative evaluation metrics and
downstream segmentation tasks validate the effectiveness of the generated
data.

— We benchmark various instance segmentation methods on EM3M, and im-
prove the flow-based framework on both synthetic and real micrographs,
establishing a strong EM-tailored baseline that serves as a foundation for
future microstructural research.

2 Related Work

2.1 Material EM Dataset

Tab[I] summarizes representative EM datasets used in prior work. The EMPS
dataset [58| contains 465 EMs with pixel-level segmentation masks, featuring
only particle-type microstructures with low instance density and simple scenes.
Although Aversa et al. |3] introduced the first large-scale annotated SEM dataset
comprising 22,000 images, and Stuckner et al. [52] used over 100,000 EMs for pre-
training, their datasets provide only image-level labels without pixel-level anno-
tations. Additionally, several studies [5,42,[49] still rely on datasets too small for
comprehensive instance-level learning. Other recent efforts draw on EM images
extracted from scientific literature, such as MMSci [33] and OmniSci [53]. This
dataset contains post-processed images tailored for publication figures, exhibit-
ing reduced realism and lacking raw structural complexity. Moreover, given the
scarcity of manually annotated EM datasets, a number of studies [341[36}/40} 54|
have explored synthetic data generation to alleviate the annotation burden and
improve model performance. However, they typically focus on simplistic, single-
material scenarios with limited structural diversity and fail to capture the high-
density, heterogeneous microstructural complexity found in real-world EMs.

2.2 Instance Segmentation

Instance segmentation aims to delineate and distinguish individual object in-
stances within an image. Detection-based two-stage methods, such as Mask R-
CNN |[22]| and its variants [9,|12], are intuitive but often degrade in crowded or
highly overlapping scenes. In contrast, one-stage methods |6[291/38./55| prioritize
efficiency by directly predicting instance masks in a single pass, often at the
cost of mask quality. More recently, query-based transformers [15}/21,32] have
achieved state-of-the-art performance by reformulating the task as a direct set
prediction problem. However, their reliance on complex bipartite matching for
label assignment and a fixed number of learned object queries make them both
computationally intensive and difficult to optimize, especially in scenarios with
extremely high instance counts. To address this scalability challenge, a funda-
mentally different bottom-up, proxy-based paradigm has proven highly effective,
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particularly for dense imagery in biological microscopy [14,20128.[48L51]. These
methods predict intermediate pixel-level proxies, such as the geometric poly-
gons in StarDist [48] and CPP-Net [14], or vector fields like the distance maps
in HoverNet |20L[25] and the gradient flows in Cellpose [44,[51], which are then
used to group pixels into individual instances. This bottom-up design bypasses
the memory-intensive proposal matching overhead during training, and hence
scales better in extreme instance-density scenarios. Lastly, interactive methods
like SAM [31] excel at user-guided segmentation, but their reliance on prompts
makes them less effective for fully automatic segmentation in dense scenes.

3 EM3M Dataset

3.1 Data Engine

Data collection and processing. We constructed EM3M by aggregating
real-world EMs sourced from three primary channels: (1) high-quality, original
EMs from academic collaborations, (2) automated web crawling, and (3) 300
representative images selected from Aversa et al. |3] and newly annotated for
instance segmentation. The consolidated data underwent a rigorous curation
pipeline, including perceptual hash deduplication and a quality filtering process.
This process discarded low-resolution images (<200px) and employed a GPT-
based [1| assessment to remove severely blurred images where any embedded
text was illegible. After curation, the final dataset comprises approximately 84%
images from academic collaborations, 10% from web crawling, and 6% from the
public dataset.

Specifically, for training our text-to-image diffusion model, we performed an

additional data sanitation step to remove textual artifacts, which could other-
wise cause hallucinations and degrade image quality. To eliminate embedded
metadata that introduces such artifacts, we trained a YOLO11 [29] model to
detect and remove these regions, ensuring the training data contains only pure
microstructural content.
Structured description generation. To enable fine-grained and structured
descriptions of EMs, we designed a descriptive framework based on nine largely
disentangled dimensions that characterize the key aspects of a micrograph. These
dimensions include metadata (material and microscopy type), visual appearance
attributes (color configuration), and microstructural characteristics (morphol-
ogy, density, distribution, layering in Z-axis, surface texture, and diameter distri-
bution, as shown in Fig. . Subsequently, we developed a semi-automated anno-
tation pipeline leveraging Gemini [18] and GPT. Each model independently ex-
tracts nine image attributes into a unified JSON schema, and then cross-validates
the peer’s output to identify inconsistent predictions. Detailed prompts are pro-
vided in the supplementary material Sec. [I0} Subsequently, all outputs undergo
a mandatory human review. Discrepancies identified between the models are re-
solved by materials science experts to ensure high-fidelity, attribute-decoupled
annotations.
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Table 2: Inter-annotator agreement and evaluation metrics across stages.

M Inter-annotator agreement Evaluation across stages (vs. GT)
etric

AvsB BvsC Avs C Pseudo Label Peer Review Final Validation
KA 0.823  0.810 0.816 0.695 0.801 0.818
PQ 0.795  0.779 0.783 0.553 0.738 0.784

Segmentation annotation and quality assessment. We adopted an itera-
tive, human-in-the-loop workflow: domain experts first annotated a high-quality
seed set to train an initial segmentation model. To maximize the model’s per-
formance and the quality of its predictions in each iteration, we leveraged a dif-
fusion model to augment the training data with diverse, realistic samples. This
enhanced model then generated pseudo-labels for the remaining data, which were
subsequently refined by trained annotators. To ensure label quality, all annota-
tions underwent a rigorous, multi-stage quality control pipeline, including peer
review and final validation by a materials science expert. Additional details are
available in the supplementary material Sec. To rigorously validate annota-
tion reliability and the efficacy of this pipeline, we established a stratified subset
(N = 300). This subset was independently re-annotated by three annotators
to serve as a benchmark. We measured inter-annotator agreement and assessed
the reduction of model bias using pixel-level Krippendorff’s Alpha (KA) [2] and
Panoptic Quality (PQ). As shown in Tab [2| the results indicate consistency
among experts, and the steady metric improvements observed across pipeline
stages confirm that our protocol effectively mitigates model bias and guarantee
expert-level annotation quality.

3.2 Dataset Analysis

Through the multi-stage pipeline described above, we constructed the EM3M
dataset, comprising 5,091 EMs with 2,985,660 instance-level segmentation an-
notations. The dataset is randomly divided into 4,128 training images and 963
test images.

Comparison with other EM datasets. As summarized in Tab. [l previous
EM datasets either focus on classification tasks with a large number of images
but no instance-level labels, or provide instance segmentation annotations for
a very limited number of images and scenes. While MMSci offers a large-scale
collection with textual data, it is sourced from literature, and it lacks precise
instance-level annotations. Our EM3M dataset uniquely addresses these limita-
tions by providing the first large-scale collection of nearly 3 million instance seg-
mentation labels derived directly from raw experimental images. Furthermore,
it is the only dataset that combines high-density instance labels with structured
textual descriptions, providing a crucial resource for developing and evaluating
future models for both complex segmentation and multimodal understanding in
materials science.
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Fig. 2: Statistical distribution of three representative attributes from EM3M, illustrat-
ing its diversity: (a) Material categories, (b) Morphologies, and (c) Particle densities.
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Fig. 3: Statistical distribution of instances in EM3M (log scale). (a) Distribution of
instance counts per image. (b) Distribution of instance areas.

Universality of EM3M. We visualized three key attributes—material cat-
egories, microstructure morphology, and density—by applying a coarse cate-
gorical scheme to accommodate the dataset’s broad coverage and aggregating
the corresponding frequencies, as shown in Fig. [2l Despite a naturally long-tail
distribution across individual categories, the combined coverage encompasses in-
organic and organic materials, a wide spectrum of particle shapes (from highly
irregular aggregates to well-defined geometries), and varying degrees of feature
density (from isolated particles to heavily overlapped clusters). This breadth of
diversity underpins the dataset’s value for developing robust computer-vision
models across challenging EM scenarios. Additional attribute visualizations are
available in the supplementary material Sec.

Instance-level complexity and scale variation. As shown in Fig.[3] instance-
level statistics reveal highly heterogeneous and challenging scene complexity.
The number of annotated microstructures per image spans over four orders of
magnitude: while many micrographs contain a few hundred microstructures, a
non-negligible portion exhibits extreme crowding (over 1,000 instances), posing
significant challenges for segmentation algorithms. Similarly, the distribution
of instance areas—from ten-pixel segments to over 10° pixels on a logarithmic
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scale—indicates substantial scale variation. Additional statistical visualizations
are provided in the supplementary material Sec. [I3]

4 Methodology

4.1 Benchmarking Baseline

To identify a suitable framework for microstructural analysis, we benchmark
representative instance segmentation paradigms on EM3M. Our empirical re-
sults (Sec. demonstrate that flow-based approaches, exemplified by Cell-
pose [44,51], provide a more stable and competitive reference than detection-
and query-based methods under extreme instance density. This advantage stems
from their pixel-wise flow representation, which directly aggregates local gradi-
ents into object instances and is less constrained by proposal or query mecha-
nisms in crowded scenarios. A summary of the principle is in the supplementary
material Sec. Bl

Guided by this empirical observation, we construct a strong baseline, termed
UniAIMS, based on the Cellpose flow formulation. To better match the charac-
teristics of EM3M, we introduce several practical adaptations: we remove the
built-in size model to accommodate substantial scale variation, adopt scale-
robust data augmentation, enable distributed training with large-resolution in-
puts, and modernize the backbone for stronger feature representation. These ad-
justments are implementation-level refinements tailored to large-scale EM data,
with further details provided in the supplementary material Sec. [9]

4.2 SDXL Finetune

Diffusion models |24}27.145//59,60], especially Stable Diffusion and its advanced
variant SDXL, have recently achieved remarkable progress in text-guided image
generation. Methods such as Textual Inversion [41] and DreamBooth [47] fur-
ther adapt these pretrained models to specific subjects. Moreover, LoRA-based
methods [26] significantly reduce the computational cost of fine-tuning, enabling
efficient content and style customization.

In this work, we adopt the LoRA training scheme and introduce several
learnable tokens to represent different categories within EM3M. Each token is
initialized with a rare word and optimized during LoRA fine-tuning, allowing
it to better capture category-specific representations. This training process is
guided by a carefully prepared dataset of paired images and structured descrip-
tions. On the image side, micrographs from EM3M are processed to remove any
regions containing text, ensuring a clean, high-quality dataset free from textual
artifacts (see Sec. for details). On the text side, each image is paired with
a structured prompt constructed from a set of quasi-orthogonal attributes (see
Fig. . The prompt follows the consistent template shown below:

<microscopy_type> of <material>: <morphology>. <texture>. <density>. <distribution>.
<layering>. <diameters>. <color>.
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Table 3: Baseline performance comparison of various instance segmentation methods
on the sparse subset and the full dataset.

Sparse All
mAP@O0.5 PQQ@O0.5 mAP@0.5 PQQ@O0.5

Mask R-CNN ‘ ResNeXt101 101M 0.620 0.610 - -
Two-stage  Cascade R-CNN @ ResNeXt101 135M 0.624 0.622 - -

Class Method Backbone Params

HTC [12] ResNeXt101 137M 0.497 0.538 - -
YOLACT (6] ResNeXt101  93M 0.538 0.537 - -

One-stage  YOLO11-seg [29]  ResNeXt101 116M 0.619 0.605 - -
SOLOv2 ResNeXt101 113M  0.339 0.454 - -

FastInst ResNeXt101 93M 0.332 0.466 - -
Query-based MastForme Swin-Base 107M 0.296 0.301 - -

MaskDINO Swin-Base 115M 0.395 0.515 - -

ViT-Base 93M 0.670 0.559 0.668 0.582
ViT-Base 96M 0.663 0.602 0.647 0.528
ViT-Base 104M 0.620 0.549 0.594 0.554
ViT-Base 131M 0.608 0.625 0.672 0.600
ViT-Base 93M 0.650 0.692 0.711 0.691

UniAIMS (Ours) ViT-Base 93M 0.818 0.769 0.800 0.704

Bottom-up

The structured format is crucial for achieving fine-grained control over the
synthesis process. By leveraging LoR A-based fine-tuning of both adapter weights
and word embeddings, our model can generate plausible variations when sam-
pling attributes based on their observed correlations, resulting in microstructures
that adhere to realistic material properties. Furthermore, this attribute-level con-
trol allows for the exploratory synthesis of novel images by randomly recombining
attributes, which can generate diverse, sometimes physically implausible, sam-
ples potentially useful for enriching the data distribution. Visualization examples
of controllable synthesis, as well as the impact of synthetic data on instance seg-
mentation performance, are provided in Sec.

5 Experiment

5.1 Instance Segmentation

Comparison methods. For our benchmark, we select representative instance
segmentation methods, including four major architectural paradigms. We eval-
uate classic detection-based approaches, including two-stage models that fol-
low a “detect-then-segment” strategy (Mask R-CNN , Cascade R-CNN IEH,
HTC [12]) and faster one-stage models (YOLACT [6], YOLO11-seg [29], SOLO-
v2 ) We also include query-based architectures (Mask2Former , Mask-
DINO , FastInst )7 which treat segmentation as a direct set prediction
task. Finally, to specifically address the challenges of dense imagery, we assess
a group of bottom-up, proxy-based methods, including StarDist (polygon-
based) and its variant CPPNet [14], HoverNet and CellViT (embedding-
based), and Cellpose (flow-based) [51], which predict intermediate pixel-level
representations before reconstructing instances.
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Mask R-CNN Mask DINO Cellpose UniAIMS GT

Fig. 4: Ground truth and predictions of different methods on the sparse subset.

Implementation details. To ensure rigor and reproducibility, all benchmarked
methods are implemented using their official public codebases, primarily through
the MMDetection and Detectron2 framework, with specialized repos-
itories integrated as needed. Following CellViT , we equip all bottom-up
methods with a SAM-pretrained ViT-B backbone to ensure fair comparison.
Correspondingly, other methods are benchmarked using backbones of compara-
ble scale, such as ResNeXt101 and Swin-B . Given that detection-based
and query-based architectures struggle with the extreme instance densities found
in our dataset, we benchmarked them exclusively on a sparse subset contain-
ing images with fewer than 100 instances. Conversely, all bottom-up methods,
including UniAIMS, were evaluated on the full dataset to demonstrate their
scalability. A detailed justification for this evaluation strategy, along with other
implementation specifics, is provided in the supplementary material Sec. [I4]

Evaluation metrics. We evaluate instance segmentation performance using
mean Average Precision (mAP) for mask detection accuracy and Panoptic Qual-
ity (PQ) [30] at 0.5 IoU for combined segmentation and recognition quality.
Following prior work in bioimage analysis , we report AP as AP =
%, where predictions with IoU above a threshold T are counted
as true positives. Mean AP is obtained by averaging AP across images. This
definition differs from the COCO-style AP, but has become a standard practice
in microscopy instance segmentation.

Main results. Tab. [3| presents a comprehensive quantitative comparison of
representative instance segmentation paradigms on EM3M, and the qualitative
examples in Fig. [] corroborate these trends while revealing characteristic failure
modes. Additional visualizations and analysis are provided in the supplementary
material Sec. [15

Query-based models generally underperform on our benchmark: for instance,
Mask DINO attains a mAP of only 0.395 on the sparse split, and frequently pro-



Fig. 5: Visualization of our prediction result for images with dense instances.

duces fragmented or non-cohesive masks that fail to separate adjacent instances
in cluttered regions (Fig. E column 3). For microstructures with complex sur-
face topographies and high-frequency texture, the direct set-prediction strategy
in these architectures may be less effective at recovering continuous, fine-grained
boundaries that are important for morphological analysis.

Detection-based methods (e.g., Mask R-CNN, Cascade R-CNN) remain com-
petitive, which indicates their utility for simpler scenes with a lower density of
objects. However, bottom-up approaches show a consistent advantage overall.
Notably, Cellpose achieves a strong balance between instance recall and mask fi-
delity, as evidenced by the relatively small gap between its mAP and PQ scores.
This motivated our decision to adopt its flow-based mechanism as the foun-
dation for our model. A key vulnerability of bottom-up pipelines, however, is
their iterative pixel-grouping post-processing, which can accumulate errors and
occasionally lead to the complete omission of very large instances (Fig. EI, row
2).

Building upon the flow-based paradigm, our proposed UniAIMS mitigates
these limitations by improving multi-scale processing and feature representa-
tion. The resulting model achieves a state-of-the-art mAP of 0.818 on the sparse
subset and maintains robust performance (0.800 mAP) on the full, more chal-
lenging dataset. The quantitative and qualitative evidence strongly indicates
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Finetune Experiment
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(a) Comparison of fine-tuning performance. (b) t-SNE visualization of data distribution.

Fig. 6: Evaluation of the generated dataset quality. (a) Comparison of models pre-
trained on SA1B versus our 30K generated images (Gen30K). (b) t-SNE visualization
showing the substantial feature space overlap between real (orange) and generated
(blue) data, indicating high domain fidelity.

that proxy-based designs, particularly when augmented for scale robustness, are
exceptionally well-suited for dense, texture-rich electron micrographs. The supe-
riority of our method is most pronounced in highly dense scenarios. As visualized
in Fig.[p] UniAIMS delivers highly accurate segmentation for densely packed and
irregularly shaped instances, with predictions that closely align with the ground
truth, confirming the effectiveness of our approach in addressing these unique
challenges.

Varying amounts of data. Tab. [f] demonstrates a clear positive correla-
tion between the amount of real training data and model performance, with
mAP steadily increasing from 0.767 (1K images) to 0.800 (4K images). A simi-
lar trend is observed for generated data, where performance also increases with
data volume but shows diminishing gains at larger scales. Training solely on 30K
generated images (0.791 mAP) yields performance approaching that of 3K real
images (0.795 mAP), underscoring the high quality of our synthesized data. The
best results, 0.809 mAP and 0.707 PQ, are obtained when real and generated
data are jointly used, confirming that our synthetic data serves as a powerful
and effective tool for data augmentation.

Pretraining with generated data. To further assess the utility of the syn-
thesized dataset, we pretrain our model on 30K generated images and finetune it
with varying amounts of real data, as illustrated in Fig. [6al Compared with the
SA1B-pretrained [31] counterpart, the model pretrained on our generated data
consistently achieves superior performance across all real-data scales, demon-
strating the strong transferability and pretraining potential of our synthetic
dataset.

Cross-Dataset Evaluation and Benchmark Saturation. We evaluated
UniAIMS on external public datasets (EMPS [58|, Okunev et al. [42]). As shown
in Tab. bl UniAIMS achieves strong zero-shot performance, significantly outper-
forming existing baselines even without domain-specific training. Moreover, with
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Table 4: Performance metrics for models  Table 5: UniAIMS Performance on ex-
trained on varying amounts of real data, ternal datasets.
generated data, and their combination.

Dataset Reported Zero-shot Finetune

Modality Amount mAP@0.5 PQQ0.5 EMPS [58] 0.92 0.89 0.92

1K 0.767 0.682 Okunev [42] 0.75 0.81 0.84
Real 2 K 0.786 0.696
3K 0.795 0.700 Table 6: Generative metrics between the
41K 0.800 0.704 real datasets and the generative dataset.
5K 0.760 0.669
Gen 10 K 0.771 0.676 Metric Real Base Ours

20 K 0.785 0.686
30 K 0.791 0.690

Gen+Real 30+4 K 0.809 0.707

FID(]) 28.06 213.16 34.03
Style(t) 0.985 0.669 0.958

fine-tuning, performance on these datasets saturates at near-perfect levels. This
performance ceiling suggests that prior datasets may be insufficiently challeng-
ing for state-of-the-art models due to limited structural complexity. In contrast,
EM3M poses substantially greater difficulty, underscoring its necessity as a ro-
bust benchmark to drive future advances in EM segmentation.

5.2 Synthesized Data

This section presents qualitative and quantitative analysis of the generative
model (finetuned SDXL), focusing on aspects such as fidelity and distribution
consistency.

Quantitative analysis. We quantitatively assess our generative model in
Tab. [6] where Real Data denotes the processed real micrographs without text
regions, and SDXL (base) refers to the synthetic dataset produced by the vanilla
SDXL model without fine-tuning. To measure distributional consistency, we
adopt the Fréchet Inception Distance (FID) [23|. Since the standard FID re-
lies on an ImageNet-trained feature extractor that is suboptimal for EMs, we
first establish a domain-specific reference by computing the FID between real
images and their spatially augmented counterparts (rotation, scaling, and flip-
ping). This reference value of 28.06 reflects the inherent sensitivity of FID within
our domain and serves as a baseline for meaningful comparison. Our fine-tuned
model achieves an FID of 34.03, substantially improving over the SDXL base-
line (213.16) and approaching the domain reference, indicating strong generative
fidelity. We further evaluate style similarity by extracting the [CLS| tokens of
both real and generated images using a pre-trained DINO-ViT [11] and com-
puting their cosine similarity. As shown in Tab. @ the high Style score (0.958)
confirms that our synthesized images closely align with the stylistic distribu-
tion of real micrographs. This, combined with the analysis from segmentation
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Material: Metal material
Type: SEM token: <snhj>
Color: Bright grain boundaries and
precipitates on a gray background
Morphology: Grains
Density: Dense distribution (particles
close but not overlapping)
Distribution: Random distribution
Layering: Flat (single plane)
Texture: Mostly smooth with fine parallel
lines and small pits/precipitates
Diameters:  Wide range distribution

Material: Inorganic mineral material

Type: SEM token: <fzs>

Color: Light gray particles on dark
background

Morphology: Angular polyhedral, 3D particles

Density: Stacked (particles partially
occluded or overlapping)

Distribution: Aggregated

Layering: Multi-layer (clear stacking)

Texture: Composed of fine, stacked layers
or columnar structures

Diameters:  Wide range distribution

Text prompts Generated image 2

Material: Polymer material
Type: SEM token: <chjwtd>
Color: Light gray particles on

dark background
Morphology: Biconcave and toroidal
Density: Agglomerated (particles

stuck together in clusters)
Distribution: Densely packed
Layering: Multi-layer (clear stacking)
Texture: Smooth

> Color: Colorful particles on

> Density : Spa
dark background > Distribution: Isolated

Diameters:  Wide range distribution

Material: Particulate Film
Type: SEM token: <fjzyl>
Color: Medium gray particles with bright

edges on a dark background
Morphology: Irregular polygonal
Density: High density, Stacked (particles
occluded or overlapping)
Distribution: Aggregated

Layering: Multi-layer (clear stacking) A 2 f 1 7 y

Texture: Smooth i N s | e AL RO 5

Diameters:  Wide range distribution [ B | S e
Text prompts Generated image 1 Generated image 2 Generated image 3

(b)

Fig. 7: Visual samples of generated data. (a) demonstrates distributional consistency
between real images and text-conditioned generated samples, while (b) illustrates novel
out-of-distribution examples produced through attribute recombination.

experiments, further validates the effectiveness of the synthesized data and its
generalization capability for downstream tasks.

Qualitative analysis. Fig. [6D]illustrates the t-SNE visualization results com-
paring the synthesized and real datasets, where the highly overlapping distribu-
tions confirm their consistency. Furthermore, visual samples in Fig. [7j(a) demon-
strate that our model can produce high-quality, realistic EM data. Notably,
generative EM samples from different categories show obvious distinctions and
exhibit visual attributes highly similar to real samples. Meanwhile, Fig. m(b)
shows the capability of generative model to generate novel, out-of-distribution
images via attribute recombination. This further demonstrates the model’s abil-
ity to learn representations across various categories and attributes. Overall,
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both qualitative and quantitative analyses confirm the potential of our synthetic
dataset to replace and augment real datasets.

6 Open Problems

Despite the strong performance of UniAIMS and the scale of EM3M, several
important challenges remain unsolved. First, extremely dense micrographs con-
taining heavily clustered and stacked instances continue to be difficult even for
flow-based methods. Moreover, while AP/PQ@50 provides a useful benchmark,
these metrics may be overly lenient in crowded scenarios and do not fully reflect
fine-grained boundary quality. For example, although UniAIMS achieves 0.704
PQ@50, its performance drops substantially to 0.340 under the stricter PQ@90
criterion, indicating considerable room for improvement in precise instance de-
lineation. Second, microstructures with fibrous textures, weak contrast, and am-
biguous boundaries remain challenging due to the lack of reliable structural cues
for instance separation (Fig. . Third, substantial intra-image scale variation,
where particle sizes may span several orders of magnitude within a single micro-
graph, continues to challenge current architectures despite scale-aware training
strategies. Furthermore, a noticeable gap remains between human annotation
consistency and model performance: under the same P(Q metric, average hu-
man agreement reaches 0.786, whereas the best model attains 0.704. Together,
these findings suggest that future research should explore more effective dense-
scene representations, boundary-aware learning objectives, scale-adaptive archi-
tectures, and evaluation protocols that better capture segmentation quality in
highly crowded micrographs.

7 Conclusion

In this study, we introduce EM3M, a large-scale and multimodal electron mi-
croscopy dataset for microstructural segmentation and generation in materials
science. Building on this foundation, we release a text-to-image diffusion model
that serves as an effective data augmentation engine, with quantitative and
downstream results validating the utility of the generated samples. Through com-
prehensive benchmarking, we demonstrate that an improved flow-based frame-
work performs robustly on synthetic and real micrographs, establishing a strong
EM-tailored baseline. Together, EM3M, the UniAIMS baseline, and the genera-
tive diffusion model form a unified toolkit that we expect will accelerate progress
in automated materials analysis and material-oriented vision—language research.
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