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Abstract

Semiconductor imaging and analysis are critical yet
understudied in deep learning, limiting our ability
for precise control and optimization in semicon-
ductor manufacturing. We introduce a small-scale
multimodal framework for analyzing semiconduc-
tor electron microscopy images (MAEMTI) through
vision-language instruction tuning. We generate a
customized instruction-following dataset using large
multimodal models on microscopic image analy-
sis. We perform knowledge transfer from larger
to smaller models through knowledge distillation,
resulting in improved accuracy of smaller models
on visual question answering (VQA) tasks. This
approach eliminates the need for expensive, hu-
man expert-annotated datasets for microscopic im-
age analysis tasks. MAEMI, can assist, accelerate,
and even automate the semiconductor electron mi-
croscopy image ananysis tasks. Enterprises can fur-
ther fine-tune MAEMTI on their intellectual data, en-
hancing privacy and performance on low-cost con-
sumer hardware. Our experiments show that MAEMT
outperforms traditional methods, adapts to data
distribution shifts, and supports high-throughput
screening.

1 Introduction

Semiconductors, crucial for modern electronics:, undergo a
complex multi-step production process. Fabless firms such
as Qualcomm and NVIDIA design and simulate chip func-
tionalities, while manufacturing is outsourced to foundries
like TSMC and Samsung. Foundries handle semiconductor
chip fabrication, which includes photolithography to imprint
circuit patterns on silicon wafers, etching and doping for cir-
cuit formation, and intricate layering for circuit interconnec-
tion. After fabrication, chips undergo quality assurance, in-
cluding electrical and stress testing, to confirm performance
and defect-free status. Packaged semiconductors are assem-
bled into devices like microprocessors and memory chips,
integrated into various electronic systems, such as consumer
electronics, automotive technologies, and space applications.
Miniaturization is crucial to the semiconductor industry, en-
abling the creation of smaller, more powerful, and more effi-
cient devices that advance the capabilities and functionality
of electronic products. However, this pursuit faces challenges

that require precision and control to ensure system-level per-
formance and overcoming manufacturing inaccuracies. To
tackle these obstacles, the industry leverages sophisticated
imaging techniques for thorough testing and analysis. The
relentless pursuit of miniaturization in semiconductor man-
ufacturing demands an ever-increasing focus on achieving
nanoscale precision. Advanced tools, such as scanning elec-
tron microscopy (SEM) and transmission electron microscopy
(TEM), play a vital role in the semiconductor industry’s push
for precision. These electron beam instruments offer high-
resolution micrographs (microscopic images), revealing intri-
cate details of semiconductor materials and structures at the
nanoscale. Their sophisticated imaging capabilities are crucial
for quality control, including failure analysis, allowing precise
characterization of microstructures. As indispensable assets
in ensuring semiconductors conform to design specifications,
these tools help enable subsequent process optimization or de-
sign adjustments to mitigate defects. Characterizing materials
at the nanoscale is critical to driving ongoing technological
progress. However, current technology falls short in effectively
addressing the full spectrum of complexities and specialized
requirements for material characterization in the semiconduc-
tor industry, particularly in accurate labeling and analysis of
electron micrographs. Therefore, recent advancements in Arti-
ficial Intelligence (AI), including Large Multimodal Models
(LMMs) like Gemini[Team er al., 2023] and GPT-4 Turbo
with Vision[OpenAl, 2023], which combine advanced natural
language processing with visual understanding capabilities,
can significantly impact the semiconductor manufacturing
process in several ways. These vision-language models al-
low for the analysis of high-resolution electron micrographs,
revealing intricate nanoscale structures of semiconductor ma-
terials. By identifying and providing insights into patterns, the
multimodal large language models enable quality control and
improve the precision and efficiency of semiconductor man-
ufacturing. While proprietary, general-purpose LMMs offer
benefits, their adoption faces challenges due to concerns re-
garding sharing enterprise data. Sharing sensitive information
with third-party services could expose novel designs and pro-
cesses, undermining semiconductor firms’ intellectual prop-
erty portfolio and jeopardizing future innovation. Conversely,
open-source, small-scale multimodal models (SMMs) like
LLaVAl[Liu e7 al., 2023] and MiniGPT-4[Zhu e al., 2023] can
be more cost-effective for task-specific customization on mi-
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croscopic image analysis, enabling safe, reliable, on-premises
enterprise adoption. The smaller multimodal models offer bet-
ter interpretability due to their open-source nature. However,
they may not match the reasoning and generalization capabili-
ties of proprietary LMMs, sometimes producing less coherent
and contextually relevant outputs. In addition, generating high-
quality training datasets is crucial for customizing SMMs for
microscopic image analysis, but acquiring such datasets is
scarce and expensive. The annotation process requires expert
knowledge and specialized tools, making it time-consuming
and resource-intensive. Additionally, the diverse image char-
acteristics and representations resulting from the different
imaging techniques pose a significant challenge to develop-
ing a generalizable multimodal model that can perform effec-
tively across various electron micrograph-based datasets. Fur-
thermore, electron micrograph-based image-captioning and
open-ended VQA tasks are promising but challenging due to
complex image characteristics, such as high intra-class dis-
similarity, high inter-class similarity, and spatial heterogeneity
(refer Figurel). These complexities pose obstacles to accurate
image understanding and question answering.

m \Em W

(a) High intra-dissimilarity in electron micrographs of MEMS
devices.

(b) High inter-class similarity in electron micrographs of various
nanomaterials: powders, films, porous structures, and particles.

(c) Spatial heterogeneity of uneven size distribution in nanoparti-
cle micrographs.

Figure 1: Challenges in analyzing electron micrographs from
the SEM dataset.

To address the challenges of privacy concerns, scarcity
of high-quality data, and small-scale models generalization
and interpretability, our study introduces a novel approach
called ‘On-Premises Secure Multimodal Instruction Tuning
of SMMs’. This approach enables SMMs to achieve perfor-
mance comparable to larger models through transfer learning,
all while decreasing computational requirements. It follows a
‘teaching-via-data‘ method and utilizes state-of-the-art, vision-
language models to generate custom instruction-following
data on niche tasks to train smaller models for task-specific
adaptation, avoiding the need for human-annotated data. Our
approach empowers enterprises to fine-tune small-scale, pre-
trained multimodal models on their own data within their in-
frastructure, enhancing privacy, security, and reducing compu-
tational costs, while improving their ability to respond to com-
plex multimodal inputs. Overall, it offers a promising solution
to the limitations of existing proprietary LMMs, potentially

democratizing access to their high-end capabilities and accel-
erating their adoption across a wide range of tasks. To address
the challenges of privacy concerns, scarcity of high-quality
data, and small-scale models generalization and interpretabil-
ity, our study introduces a novel approach called ‘On-Premises
Secure Multimodal Instruction Tuning of SMMs’. This ap-
proach enables SMMs to achieve performance comparable
to larger models through transfer learning, while decreasing
computational requirements. It follows a ‘teaching-via-data’
method and utilizes state-of-the-art, vision-language models
to generate custom instruction-following data on niche tasks.
This synthetic data is used to train smaller models for task-
specific customization, avoiding the need for human-annotated
data. Our approach empowers enterprises to fine-tune smaller,
pre-trained models on their own data within their infrastruc-
ture, enhancing privacy, security, and reducing computational
costs, while improving their ability to respond to complex mul-
timodal inputs. Overall, it offers a promising solution to the
limitations of existing proprietary LMMs, potentially democ-
ratizing access to their high-end capabilities and accelerating
their adoption across a wide range of tasks. In this work, we
present the Multimodal Assistant for Electron Micrograph
Analysis (MAEMI), an end-to-end trained, small-scale multi-
modal model designed for microscopic image analysis. We
utilize visual-language instruction tuning to customize MAEMT
on microscopic image analysis using GPT-4-Turbo with Vision
generated high-fidelity multimodal labeled data, eliminating
the need for additional human annotation efforts. The gener-
ated instruction-following dataset comprises image-question-
answer pairs that delve into various aspects of nanomaterials
in microscopic images, created by prompting a large-scale,
pre-trained multimodal model (like GPT-4 Turbo with Vision)
with task-specific instructions based on the target microscopic
images. The high-quality generated dataset trains the pro-
posed framework to analyze electron microscopy images of
nanomaterials, enabling it to answer questions about the con-
tent within the visual inputs. Our approach empowers smaller
models with zero-shot learning capabilities, enabling them to
grasp both the intricate context within microscopic images,
including spatial relationships and object interactions, and the
nuanced semantics and intent behind the questions. Conse-
quently, this leads to improved grounded language generation
and visual reasoning capabilities, resulting in more accurate
answers. Furthermore, our approach facilitates knowledge
distillation from larger to smaller models, ultimately enhanc-
ing their performance to be on par with larger models in mi-
croscopic image analysis tasks. Our novel encoder-decoder
multimodal framework efficiently processes and aligns im-
ages and text to generate textual responses to questions across
image captioning and open-ended VQA tasks. Key compo-
nents of MAEMI for the zero-shot image captioning task are
illustrated in Figure 2. The multimodal model, MAEMT, inte-
grates visual processing and language modeling for answering
questions about specific image features. It includes: (a) The
vision encoder, using a vision transformer[Dosovitskiy ef al.,
20201, analyzes the microscopic images by splitting them into
patches and using self-attention mechanism to capture beyond
pair-wise patch relationships. This allows for understanding
the global context and highlighting relevant visual regions and
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Output: text

The image is a scanning electron microscope (SEM) photo of spherical
nanomaterial particles of varying sizes on a textured background,
with a measurement scale indicating a nanometer range.
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Figure 2: The schematic illustrates MAEMT, a small-scale, autoregressive text generation model. It takes as input a multimodal
prompt consisting of the target image interleaved with auxiliary image descriptions and captioning instructions (or end-user
questions), and outputs visually grounded descriptive text in a zero-shot setting. MAEMTI utilizes a vision transformer and a
pre-trained language model to analyze images and interpret questions about them. Both encoders synergize through a multi-layer
structure of alternating gated cross-attention and self-attention blocks, effectively integrating both modalities — visual and textual
information — to generate accurate and contextually relevant answers. The framework is trained in a supervised learning setting
using a vision-language instruction tuning dataset to generate answers that are grounded in visual information and aligned with

the target image content.

relationships. A <cls> token attends to and aggregates
information from all patches, resulting in a higher-level vi-
sual semantic representation to capture the overall context or
summary of the input image. (b)The text encoder, crucial for
analyzing end-user questions, takes as input an interleaved
multimodal prompt. We insert <image> token in the prompt
at the image location and append an <Encode> token to facil-
itate multimodal integration, with its output embedding sym-
bolizing the fused representation. The text encoder leverages
instruction-tuned Llama-2-7b, a pretrained language model, to
capture language nuances and context. The language-only
model is customized using parameter-efficient fine tuning
technique, enhancing its ability to interpret end-user ques-
tions. Both the vision and language-only unimodal encoders
synergize to interpret end-user questions and analyze visual
input for generating answers consistent with the visual context.
(c) It utilizes a multi-layered structure with multiple blocks,
alternating between self-attention and gated cross-attention
blocks. This design facilitates complex interactions between
visual and textual modalities. By extracting and refining in-
formation from both modalities at each level, the framework
progressively builds a comprehensive understanding, enabling
coherent and contextually relevant answers to the end-user
questions. Gated cross-attention blocks integrate visual fea-
tures with textual features. The gating mechanism acts as a
non-linear filter and controls the flow of information from
the vision encoder to the language processing cross-attention

blocks, allowing the framework to focus on relevant visual
features for the text generation task. Self-attention blocks, on
the other hand, allow the framework to weigh the importance
of different parts of the fused information. Within the self-
attention blocks, this is used to refine the text features based on
their context within the text itself. We train the framework in
a supervised learning setting, minimizing language modeling
loss to ground its text generation in visual information. This
results in accurate answers closely aligned with the image
content, empowering the framework with microscopic im-
age analysis expertise. In summary, the proposed framework,
trained through vision-language instruction tuning, takes as
input a multimodal prompt of microscopic images paired with
auxiliary image descriptions, and outputs free-form text as
answers to a range of open-ended, image-related questions.

1.1 Dynamic Low-Rank Adaptation with
Activation Memory Reduction (DyQLoRA-FA)

Low-Rank Adaptation (LoRA[Hu e al., 2021]) is a deep
learning technique used to efficiently fine-tune large-scale
pre-trained language models on consumer hardware to adapt
for niche domain-specific tasks. It accomplishes this without
introducing additional inference latency and without the need
for extensive retraining. LoRA adapts these large-scale mod-
els to domain-specific tasks by preserving the vast knowledge
acquired during pretraining, thereby avoiding catastrophic
forgetting—a phenomenon where the language model loses
previously learned information while acquiring new infor-
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mation. This selective adaptation of large pre-trained lan-
guage models is achieved by inserting small pairs of trainable
low-rank weight matrices, known as adapters, into each pre-
trained model layer. By keeping the original pretrained model
weights unchanged, LoRA updates only these auxiliary pa-
rameters, achieving comparable performance to full-parameter
fine-tuning. LoRA primarily focuses on the linear layers in
Transformer-based large-scale language models [Vaswani ez
al., 2017], for several key reasons: (a) These layers are preva-
lent in such architectures and contain a significant portion of
the language model’s parameters. (b) They are well-suited for
low-rank approximations, offering a balance between language
model adaptability and computational efficiency. (c) Addition-
ally, modifying linear layers directly impacts the language
model’s learning capabilities, making them ideal targets for
efficient and effective fine-tuning. By taking advantage of the
distinct features of linear layers, LORA incorporates additional
trainable parameters (AW) to capture task-specific informa-
tion, thereby updating the pretrained language model without
altering the original weights (Wy). The low-rank adapta-
tion, in which the original weight matrices are transformed by
adding the product of pair of low-rank matrices, effectively
allows the pretrained language model to learn domain-specific
tasks, as expressed below:

Y = (Wo + AW)X = WoX + (aAB)X (1)

Here, Y € R®*dout and X € R"*dn represent the output
and input tensors, respectively. We omit the bias term for
simplicity. dj, and dy, denote the input and output dimen-
sions, respectively. b denotes the batch size. The original
weight matrix, denoted as W € R%*dou_ preserves the pre-
trained knowledge. AW, the low-rank approximation added
to Wy during language model adaptation, enables fine-tuning
for domain-specific tasks while preserving general capabili-
ties. The projection-down weight matrix A has dimensions
R%>7 and the projection-up weight matrix B has dimen-
sions R" %% The rank of the decomposition, denoted as r,
is significantly smaller than d;, or doy (i.e., 7 < diy Or dgy).
«, a positive constant, is typically valued at % The rank, 7,
is a critical hyperparameter that influences the balance be-
tween the pretrained language model’s adaptation capacity,
computational efficiency, and overall performance during the
fine-tuning process for task-specific customization. During
training, the low-rank weight matrices B and A are updated,
while W remains fixed. During the fine-tuning of pre-trained
language models, gradients for each trainable parameter are
calculated using the loss function. These gradients guide op-
timizers, such as Adam[Kingma and Ba, 2014] or SGD[Rob-
bins and Monro, 1951], in updating the trainable parameters.
Additionally, optimizers maintain extra state information for
these parameters, which includes momentum and adaptive
learning rates. Thus, fine-tuning pre-trained language models
necessitates storing not only the model parameters but also
their gradients and optimizer states in memory. LoRA pro-
portionally decreases the memory overhead associated with
the gradients and optimizer states by reducing the number
of trainable parameters through low-rank adaptation. This
reduction is crucial for task-specific fine-tuning of large-scale
language models. Consequently, LoRA requires fewer com-

putational resources than full fine-tuning, making it a more
efficient and scalable approach for adapting pre-trained lan-
guage models to specific tasks. However, substantial memory
is still necessary to store the large input activations (i.e., the
high-dimensional intermediate outputs of layers, such as X in
Equation 1) during the feed-forward pass. This is necessary for
computing the gradients of the low-rank weights during back-
propagation. High activation memory demands significantly
limit scalability, especially when computational resources are
constrained. Approaches such as selective LoRA [Hu e7 al.,
2021] or activation recomputation [Chen ¢ al., 2016] can po-
tentially alleviate these demands, but suffer from trade-offs
in terms of performance and efficiency. In conclusion, while
LoRA enables efficient adaptation of pre-trained language
models to specific tasks or domains, addressing the substan-
tial activation memory demands during fine-tuning remains
a key challenge. LoRA-FA [Zhang er al., 2023] significantly
reduces the activation memory footprint by freezing the pre-
trained weights (W), the projection-down weight (A), and
updating only the projection-up weight (B) in each linear layer.
In LoRA-FA, the frozen A is randomly initialized from a nor-
mal distribution, while B is initialized to zero and updated
during fine-tuning. This approach allows for the computation
of gradients solely for B, leading to a substantial reduction
in computational load. Moreover, it necessitates storing only
the reduced-dimensionality input to B (i.e., AX), where A
maps the high-dimensional input X to a significantly smaller
r-dimensional space, facilitating the computation of gradients
for B during backpropagation with reduced activation memory.
This approach significantly reduces the activation memory re-
quirements without compromising fine-tuning performance
and without introducing additional computational overhead
and inference latency. Consequently, it enables efficient fine-
tuning of pre-trained language models under resource con-
straints while preserving accuracy and minimizing memory
consumption. However, LoORA-FA may have potential limi-
tations, including potentially slower convergence rates in the
initial stages of fine-tuning and the need for careful hyperpa-
rameter optimization of rank r to achieve peak performance.
Furthermore, LoRA-FA is a static low-rank adapter that works
only with a specifically trained rank r. To address these limita-
tions, DyLoRA[Valipour e7 al., 2022] introduces dynamic low-
rank adapters that are trainable and deployable across a range
of ranks, thereby eliminating the need to find the optimal rank
through multiple trainings. Dynamic low-rank adapters offer
several key benefits. Firstly, their ability to dynamically adjust
their rank allows for an optimal trade-off between computa-
tional efficiency and pre-trained language model performance
on specialized domain-specific tasks. Secondly, because these
adapters can adapt their rank according to the specific task
and data distribution, they are particularly well-suited for sce-
narios involving continuous learning or frequent changes in
data distributions, especially when facing out-of-distribution
(OOD) data. We utilize DyLoRA to train and deploy LoRA-
FA across a range of ranks, 7 € Range|[rmin, "max|, With 7min
and ryax as new hyperparameters. During training at each step,
arank b is sampled from a pre-defined categorical distribution,
b ~ pp(Range[rmin, "max]) and the matrices are truncated to
A'b and B as follows:
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BY =B[1:b,]
AY = A[:,1:0]
Y = WX + (eAYBY)X

where A+ and B? are the truncated forms of A and B
at rank b, the back-propagation involves computing gradi-
ents % and %, where L is the loss function. The back-
propagation technique aims to update these matrices based
on the loss function, taking into account the dynamic adap-
tation in rank. We compute gradient with respect to B as

follows: Consider the contribution to the output Y from B:
Y5 = («AY¥B)X. The gradient of the loss £ with respect

b
to B+ is: or 9L OYs
OB

T Yy OBW
oL Al (9L &

ol ~ %\ oy,
Similarly, the gradient of the loss £ with respect to A+’ is:
oL oL 0Yp

OATY T 9Y 0A
oL oL

= N hdad
gan B <8YBX

The gradients are used to update the trainable parameters
using an optimizer like Adam or SGD as follows,
oL
Bigw = Bib -n- oBIb ) A#fw = Aib -n- m
B[l:b,:]=BY AL, 1:0] = A}
where 7 is the learning rate. We manage the computational
complexity associated with varying ranks in DyLoRA-FA
through custom gradient accumulation and rank normalization.
Gradient accumulation enables more stable and efficient learn-
ing by collecting gradients over multiple iterations, while rank
normalization equalizes the impact of different ranks on lan-
guage model fine-tuning by scaling gradients according to rank
size. We employ weight-only quantization (WOQ) for fine-
tuning pre-trained language models. WOQ compresses the
original weights of the pre-trained language model by convert-
ing its high-precision weights (usually 16-bit floating-point)
into lower-precision formats (e.g., 8-bit integers). This results
in a drastic reduction in the language model’s memory foot-
print and computational requirements. We fine-tune the quan-
tized pre-trained language model on specific datasets related
to the target domain-specific task using the parameter-efficient
fine-tuning (PEFT) technique such as DyLoRA-FA, which
compensates for any accuracy drops resulting from quantiza-
tion. DyQLoRA-FA, which involves quantization, has been
found to reduce memory requirements significantly, albeit at
the cost of a slightly longer training time. This trade-off is gen-
erally considered acceptable, especially when it allows for the
use of low-cost GPUs. In summary, DyQLoRA-FA is a flexi-
ble and efficient method for fine-tuning large language models
across various rank sizes. It maintains performance without
retraining, is highly memory-efficient, has low computational
cost, and achieves comparable performance to full-parameter
fine-tuning on diverse tasks.

1.2 Fine-Tuning, Pretrained Large Language
Models(LLMs)

Llama 2[Touvron er al., 2023], an advanced autoregressive
pretrained language transformer built for natural language pro-

cessing (NLP) tasks, leverages supervised fine-tuning (SFT)
and reinforcement learning with human feedback (RLHF) to
generate responses ideal for chat applications and various
language generation tasks. Its robust foundation in under-
standing and generating human-like text, combined with its
ability to effectively interpret and produce natural language,
makes it well-suited for complex NLP tasks. Llama-2’s ar-
chitecture comprises 32 layers and 32 attention heads, ef-
ficiently handling large token sequences of up to 4096 to-
kens. It incorporates RMSNorm pre-normalization[Zhang
and Sennrich, 2019], SwiGLU activation functions[Chowd-
hery et al., 2022], rotary positional embeddings[Shaw er al.,
2018], and a grouped-query attention mechanism[Ainslie er
al., 2023] to achieve this efficient processing. We fine-tuned
Llama-2-7B using a parameter-efficient fine-tuning technique
(PEFT) called Dynamic Adaptation with Activation Mem-
ory Reduction (DyQLoRA-FA). The fine-tuning leveraged a
vision-language instruction tuning dataset generated by GPT-4
Turbo with Vision, based on image captioning and open-ended
VQA tasks. This task-specific fine-tuning enhances Llama-2’s
ability to comprehend complex language in niche domains,
particularly evident in its improved interpretation of natural
language questions related to electron micrographs. The re-
sulting pretrained language model demonstrates advanced ca-
pabilities in question analysis and handling complex language,
leading to a stronger correspondence between images and text.
Llama-2’s seamless integration with vision encoders makes
it powerful for multimodal tasks. The proposed framework
can effortlessly process both visual and textual data, which is
particularly valuable when analyzing images and their corre-
sponding descriptions.

1.3 Pretrained Large Multimodal Models

We build upon pre-trained Large Multimodal Models (LMMs)
to generate image-question-answer triplets as instruction-
tuning datasets to train smaller multimodal models (SMMs)
through vision-language instruction tuning. This knowledge
transfer, or distillation, from LMMs accelerates and enhances
SMMs’ learning, ultimately leading to more accurate, relevant,
and contextually-aware responses in tasks demanding compre-
hension of both visual and linguistic inputs, such as zero-shot
VQA and image captioning for electron microscopy images
analysis. We utilize OpenAl’s state-of-the-art multimodal
model, GPT-4 Turbo with Vision (GPT-4-vision-preview),
which surpasses the limitations of its predecessors, to effi-
ciently generate high-quality training data for instruction tun-
ing SMMs. This allows SMMs to generalize well to new, un-
seen questions. GPT-4 Turbo boasts a significantly expanded
context window of 128k tokens (= 300 pages per prompt),
a 3x reduction in input token cost, a 2x reduction in output
token cost, and a maximum output length of 4096 tokens
for more elaborate text generation. The GPT-4 Turbo with
Vision API, accessible through Multimodal Modeling as a Ser-
vice (MMaaS), accepts both image and text inputs to generate
multimodal outputs. By leveraging MMaa$S, which utilizes
proprietary GPT-4 Turbo with Vision as an on-demand cloud
service accessed via an AP, users can design task-specific
prompts to query pre-trained LMMs for solving multimodal
tasks of interest. This approach is analogous to how users ac-
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cess LLMs via Language Modeling as a Service (LMaaS) for
language-specific tasks. Designed for large-scale, concurrent
requests, APIs are ideal for integration into automated systems.
Our exploration of small multimodal models (SMMs) for elec-
tron micrograph analysis begins by leveraging GPT-4 Turbo
with Vision (GPT-4V) to generate natural language questions
as task-specific instructions for VQA and image-captioning
tasks. By pairing these questions with the corresponding tar-
get electron micrographs, we create multimodal prompts that
guide GPT-4V to generate contextually rich textual responses
to natural language questions about the nanomaterial’s struc-
ture and patterns underlying the electron micrographs. This
approach capitalizes on GPT-4V’s inherent domain-specific
knowledge, acquired during training on a vast multimodal cor-
pus, to yield comprehensive insights into these microscopic
images. These insights helps to generate diverse multimodal
instruction-following data, vital for training SMMs to general-
ize well on electron microscopy image analysis tasks.

1.4 Multimodal Instruction-Following Data

The generation of high-quality, diverse, and task-specific mul-
timodal instruction-following data using GPT-4 Turbo with
Vision is a powerful approach for training versatile, more
efficient, and smaller multimodal models for VQA and image-
captioning on microscopic image analysis tasks. This ap-
proach offers several benefits, including: (a) Enhancing
model capabilities: GPT-4 Turbo with Vision’s, owing to
its vast pre-training knowledge can generate questions that
comprehensively investigate diverse facets of nanomaterials
underlying electron micrographs, including size, distribution,
morphology, and structure. These questions are more complex,
nuanced, and require reasoning and knowledge beyond basic
image recognition. This can expand the limits of what smaller
multimodal models can learn and enable them to answer more
challenging visual questions about these microscopic images.
(b) Improving zero-shot learning: Training smaller models
on diverse questions and answers fosters deeper insights into
the relationships between visual features, language, and task
objectives. This enhances their ability to answer new ques-
tions on unseen microscopic images without further training,
a critical element for practical applications. (c) Facilitating
knowledge distillation: GPT-4 Turbo with Vision can gen-
erate detailed, nuanced question-answer pairs that describe
microscopic images, including their visual properties such
as shape, texture, patterns, and surface characteristics. Fur-
thermore, it can draw connections to size, distribution, mor-
phology, and structural relationships, leveraging its extensive
internal knowledge acquired during pre-training. This facili-
tates knowledge distillation, transferring valuable task-specific
knowledge from larger to smaller models. As a result, smaller
models become more efficient, accurate, and transparent in
their reasoning since they don’t need to learn everything from
scratch with expensive human-annotated datasets. (d) Gener-
ating diverse question-answer pairs: Finally, the end-user
queries can be used to generate diverse question-answer pairs
that delve into various aspects, properties, and characteristics
of microscopic images. This further enriches the training data
for smaller models, equipping them to handle a wider range
of end-user queries. Our approach leverages the power of

zero-shot chain-of-thought (CoT) prompting to guide large
multimodal models (LMMs) like GPT-4 Turbo with Vision to
create a novel training dataset of image-question-and-answer
triples specifically designed for SMMs. As shown in Tables
11 - 20, the generated Q&A pairs correspond to a sample of
microscopic images of different nanomaterials from the SEM
dataset [Aversa er al., 2018]. Through knowledge distillation,
SMMs achieve performance on par with or even exceeding
that of larger, more generalized multimodal models. The high-
quality dataset, encompassing both images and corresponding
Q&A pairs extracted from LMMs, provides a clear foundation
for SMMs to understand how certain concept-based questions
and their corresponding answers are visually represented.

a ~

Prompt 1: **Basics** - What type of nanomaterial
is depicted in the image? - What is the scale of the
image? (e.g., what does one unit of measurement
represent?). Prompt 2: **Morphology and Struc-
ture** - What is the general shape or morphology
of the nanomaterials in the image? - Are there dis-
tinct layers, phases, or domains visible? - Do the
nanomaterials appear uniform in size and shape or are
they varied?. Prompt 3: **Size and Distribution**
- What is the approximate size or size range of the
individual nanostructures? - How are the nanomate-
rials distributed throughout the image? (e.g., evenly
spaced, clustered, random) - Is there any evidence of
aggregation or bundling?. Prompt 4: **Surface Char-
acteristics** - Does the nanomaterial appear smooth,
rough, or have any specific textures? - Are there any
visible defects, pores, or impurities on the surface?.
Prompt 5: **Composition and Elements** - Is there
evidence of compositional variations in the image (e.g.,
different colors, brightness, or contrasts)? - Are there
any labels or markers indicating specific elements or
compounds present?. Prompt 6: **Interactions and
Boundaries** - How do individual nanostructures in-
teract with one another? (e.g., are they touching, fused,
or separate?) - Are there clear boundaries between dif-
ferent structures or phases?. Prompt 7: **External
Environment** - Is there any evidence of the nanoma-
terial interacting with its surrounding environment or
matrix (e.g., solvents, polymers, or other materials)? -
Are there other structures or objects in the image that
are not nanomaterials? If so, what are they?. Prompt
8: **Image Technique and Modifications** - What
imaging technique was used to capture this image?
(e.g., SEM, TEM) - Were there any post-processing or
modifications made to the image (e.g., false coloring,
3D rendering)?. Prompt 9: **Functional Features** -
If applicable, are there any functional features visible
(e.g., active sites, regions with distinct properties)? -
Are there dynamic processes captured in the image or
is it a static representation?. Prompt 10: **Context
and Application** - What is the intended application
or use of the nanomaterial being depicted? - Is this
a experimental sample, or a theoretical or simulation-
based representation?
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1.5 Vision Encoder

We start with an input image I, a 3D tensor of dimensions
H x W x C, representing height H, width W, and color chan-
nels C per pixel. The image is divided into non-overlapping
patches sized P x P x C. Tokenizing the image results in

n= I;LVQV patches. These patches are linearly encoded into 1D

vectors, forming a sequence of tokens I’ € R™*?, where d is
the dimensionality of patch embeddings. Positional embed-
dings are added to each patch embedding to preserve spatial
information. A special classification token, < cls >, is ap-
pended for aggregating information across patches for global
representation. This token sequence is processed by a variant
of the Vision Transformer (ViT) with stacked encoder layers
using hierarchical attention mechanism. The stacked encoder
layers process patch embeddings through higher-order atten-
tion mechanisms for multi-scale visual comprehension, from
fine details to global context. It involves local and global multi-
head attention phases, first focusing on patch interrelationships
and then incorporating the classification token for a holistic
understanding. The output is the embedding of the classifica-
tion token h, representing the image’s unified visual context.
In summary, the vision encoder breaks down the image into
patches, converts them into tokens, and integrates them us-
ing a layered hierarchical attention mechanism to produce a
comprehensive representation, h.;, encapsulating both local
and global aspects of the image. A vision encoder analyzes
images to extract visual knowledge like objects, textures, and
patterns, encoding them into a representation understood by a
language model. This visual understanding is then fused with
a natural language question, allowing the model to accurately
interpret the question in the context of the image and generate
precise answers to visual questions. This process effectively
bridges the gap between visual and linguistic information,
leading to richer and more meaningful multimodal reasoning
and generation.

1.6 Sampling Strategies

To generate instruction-following multimodal data using GPT-
4 Turbo with vision for few-shot image classification (refer
to Figure 4) and to analyze electron micrographs for high
intra-class dissimilarity, high inter-class similarity, and spa-
tial heterogeneity (refer to Figures 5-7), we implement the
following strategies. We train a Vision Transformer (ViT)
through supervised learning to minimize cross-entropy loss
and improve multiclass classification accuracy. The output
embedding (h.j) from the (<cls$>) token provides a compre-
hensive image representation. For few-shot classification, we
use a similarity-driven sampling method. We hypothesize
that training with demonstrations that resemble the target im-
age’s data distribution will enhance adaptability and accuracy.
To achieve this, we use cosine similarity of classification to-
ken embeddings to select the top-K similar images from the
training set that are most similar to the target image. To
comprehend high inter-class similarity and conversely, high
intra-class dissimilarity, we generate question-answer pairs
using GPT-4 Turbo with vision for each target image. For
inter-class similarity, we sample highly similar images across
nanomaterial categories. Conversely, for intra-class dissim-
ilarity, we sample highly dissimilar images within the same

category. This process allows us to gain deeper insights from
the electron micrographs.

1.7 Additional Information

We investigate the effect of using training data with diverse
instruction lengths (image-question-answer triplets) generated
by GPT-4 Turbo with Vision on the performance of smaller
multimodal models. By incorporating both short (concise) and
long (detailed) answers for the same natural language question
into the training datasets, we aim to optimize these smaller
models for tasks ranging from basic classification and image
captioning to complex scenario analysis. This approach of
employing varied-length data offers several potential benefits.
Exposing a smaller model to diverse sentence structures and
visual complexities fosters greater flexibility and adaptabil-
ity. This approach enhances its ability to process real-world
scenarios with varying levels of detail, improving generaliz-
ability and reducing overfitting. Furthermore, it challenges
the smaller model’s reasoning abilities, promoting a deeper
understanding of the relationships between visual features and
textual descriptions. Consequently, the smaller multimodal
model’s performance in tasks like image captioning and Visual
Question Answering (VQA) improves, making it more robust
and versatile for practical applications. Figures 3, 4, 5, 6, and
7 illustrate MAEMI, a multimodal assistant for electron micro-
graph analysis. MAEMI takes a multimodal prompt consisting
of electron micrographs and supplementary information (e.g.,
metadata, annotations) and produces free-form text as out-
put. Figure 3 and 4 show variants of the MAEMI framework
on the zero/few-shot classification task. Figures 5, 6, and 7
illustrate how the MAEMI model can be adapted to address
specific challenges in VQA tasks on electron micrographs,
including intra-class dissimilarity, inter-class similarity, and
spatial heterogeneity.

1.8 Experimental Setup

MAEMTI is an Al assistant with an SMM (smaller multimodal
model) as its backbone, specializing in electron microscopic
image analysis. It integrates visual and textual data to under-
stand microscopic images and answer questions. The SMM,
with its vision and language capabilities, enables image cap-
tioning and visual question answering on microscopic images.
The proposed vision-and-language assistant neural network
architecture includes a vision encoder, a pretrained language-
only-instruction-tuned decoder (Llama-2-7b), and multiple
intertwined blocks of gated cross-attention and self-attention
layers, allowing for task-specific adaptation on consumer hard-
ware. This is achieved using the generated vision-language
instruction-tuning data (image-text pairs) created by a large
multimodal model (GPT-4 Turbo with Vision) to train the
SMM for microscopic image analysis tasks. The smaller
model leverages two key attention mechanisms: gated cross-
attention and self-attention, to process both visual and tex-
tual data and generate human-like descriptions. Gated cross-
attention allows the smaller model to selectively focus on rele-
vant parts of the electron micrograph based on the textual input.
Self-attention then refines the understanding by weighing dif-
ferent parts of the combined information. Despite its size,
the smaller model generates accurate, contextually relevant,
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and coherent text comparable to larger models, showcasing its
ability to interpret natural language questions, utilize visual
context, and produce effective responses. To train the SMM in
a supervised learning setting, we employed the SEM dataset
[Aversa er al., 2018], a collection of electron micrographs of
various nanomaterials with dimensions of 1024 x 768 x 3
pixels. We preprocessed the microscopic images by resizing
them to 224 x 224 x 3 pixels and applying data standardization
to normalize the data to have a mean of 0.5 and a variance of
1 across all channels. This preprocessing ensured that image
values fell within the range of -1 and 1. To capture local fea-
tures effectively, we divided the resized images into smaller
patches, representing the micrographs as sequences of patches.
Each patch was 32 pixels wide and high. We set both the
patch dimension (dps) and the position embedding dimension
(d) to 64 to capture sufficient spatial information within each
patch sequence. This approach allowed the SMMs to learn
from local features within the micrographs while maintain-
ing context through the sequence of patches, improving the
SMM’s understanding and analysis of complex nanomateri-
als. Parameter-efficient fine-tuning of the Llama-2-7b model
leverages the dynamic adaptation with activation memory re-
duction (DyQLoRA-FA) technique, characterized by three
key hyperparameters: a) Rank (r): This parameter balances
the smaller model’s capacity and complexity by controlling
the low-rank approximation of the trainable weight matrices.
During training, r is randomly selected from a predefined
range (Tmin = 4, "maz = 16). A higher rank yields a more
expressive model with more adaptable parameters, while a
lower rank promotes computational efficiency. (b) Alpha («):
This scaling factor is typically set to a small value, such as %,
based on the rank. Alpha controls the step size of the parame-
ter updates. A larger alpha enables more aggressive updates,
which can improve performance but may also cause training
instability. (c) LoRA dropout: Specifically applied to low-rank
adapter layers, this dropout mechanism combats overfitting
and enhances generalization. A typical value for this hyper-
parameter is 0.05. We utilize 8-bit weight quantization for
pre-trained model weights via the DyQLoRA-FA technique
to enable efficient fine-tuning on consumer hardware while
retaining comparable performance. The training regime for
the SMM comprised 50 epochs, employing an initial learning
rate of 1 x 103 to ensure controlled optimization, and a batch
size of 32. For the self-attention and cross-attention layers, we
configured the number of attention heads (H) to be 4 and the
dimensionality of Key/Query/Value (dy,) to be 32. To optimize
SMM performance, we implemented two key strategies: (a)
Early stopping on the validation set: We halted the training
when the SMM’s performance on the validation data plateaued,
effectively preventing overfitting; (b) Learning rate scheduler:
The learning rate was systematically reduced by half if the val-
idation loss did not improve for five consecutive epochs. This
reduction assisted the SMM in converging to a better solution
and further mitigated overfitting. Furthermore, we employed
the Adam optimization algorithm [Kingma and Ba, 2014] to
update the SMM’s trainable parameters. In our work, we
have two types of instruction-following data: (a) a multi-class
classification task - identification of nanomaterial category in
zero/few shot settings, and (b) an open-ended visual question

answering (VQA) task. For supervised fine-tuning, we mini-
mize the standard cross-entropy loss built using the PyTorch
framework. We utilize Nvidia V100 GPUs (32GB RAM) to
develop the custom SMM model.

1.9 Evaluation Metrics

In the field of image-captioning, visual question answering
(VQA), several metrics are used to evaluate the quality of
the generated text. These metrics assess different aspects
of text generation, such as its similarity to reference texts,
grammatical correctness, and semantic relevance. Here’s an
overview of some key metrics:

* BLEU Score (Bilingual Evaluation Understudy): The
BLEU score score evaluates machine-generated text qual-
ity by measuring its similarity to ground-truth references.
It compares the overlapping n-grams (word sequences)
between the translated text and reference texts, consid-
ering various n-gram lengths. BLEU mainly evaluates
translation precision, ensuring the machine translation’s
words and phrases appear in the reference texts. It counts
matching n-grams, using a clipping mechanism to avoid
over-counting in cases of n-gram repetition. The score
ranges from O to 1, with O indicating no overlap and 1 de-
noting complete similarity. Higher scores suggest better
translation quality.

e METEOR (Metric for Evaluation of Translation
with Explicit Ordering): METEOR evaluates machine-
generated text against ground-truth references, measur-
ing overlap and considering linguistic qualities like syn-
onymy and paraphrasing. It uses an alignment module
to map unigrams between the candidate and reference
texts, prioritizing exact matches, stem/lemma matching,
and semantic similarity. To evaluate performance, it ana-
lyzes both how much of the reference text is addressed
(coverage for recall) and how closely the generated text
matches the wording (alignment for precision). Scores
range from O to 1, with higher values indicating better
performance. Unlike BLEU, METEOR better aligns with
human quality judgments by considering recall, linguis-
tic variations, and stronger correlation at the sentence or
segment level.

* ROUGE Score (Recall-Oriented Understudy for Gist-
ing Evaluation): ROUGE measures the quality of gen-
erated text by comparing it with ground-truth references.
It analyzes overlapping textual elements (like words or
phrases) between the candidate and reference texts. The
basic ROUGE-N metric computes the number of overlap-
ping n-grams. Variants like ROUGE-L, ROUGE-W, and
ROUGE-S measure the longest common subsequence,
full word consecutive matches, and skip-bigram matches,
respectively. Scores range from O to 1, where 0 means no
overlap and 1 indicates complete overlap. Higher scores
suggest better quality, showing the model’s summary
captures content similar to human references.
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Figure 3: The schematic illustrates the small-scale, multimodal assistant for electron micrograph analysis (MAEMTI), a content-
aware, visually-conditioned, autoregressive text generation model that takes a multimodal prompt containing electron micrographs
interleaved with textual descriptions, and produces free-form text as output. The input consists of a target image, user-provided
supplementary text, and task-specific instruction. The goal is to categorize the image into one of ten categories in a zero-shot
setting.
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Figure 4: The schematic illustrates a small-scale, multimodal assistant for electron micrograph analysis (MAEMTI), a visually-
conditioned, autoregressive text generation model. The multimodal input conisits of microscopic images arbitrarily interleaved
with textual descriptions and produces free-form text as output. The input includes a few demonstration examples as input-output
mappings(microscopic images their corresponding labels), and a task-specific instruction. The goal is to predict the label for the
target image in a few-shot setting.



Output:text ~The electron microscopy images depict diverse films and coated >\ ________ A __________
surfaces nanomaterials: a dense uniform film, a fibrous coating, 4}7
A Trained granular particulate surface, and a smooth layered coating. l Feed Forward layer |
%’é Frozen 4 A
[ £-th SELFATTNBLOCK | D
L] I Self Attention |
| £-th GATED CROSS ATTN A—\ Parvarey S S—
A
| D

A i anh gatin i
[ 1stSELFATTNBLOCK | e :

Vision

Encoder 1 [ Feed Forward layer |
| 1% GATED CROSS ATTN )
al "y D
I DyQLORA-FA | Lamazb A" | @
[m‘ Processed text T | Cross Attention |
S G <image> <image> <image> <image> These electron microscopy bevepa || [ M|
OO0 ooo oo ooo images exhibit considerable variation within the group yet all fall
) ) X - Y
BBB BBB BBB BBB under the films and coated surfaces category of nanomaterials. Vision Language
w T Provide a brief analysis of the characteristics that define them as such. Input lngputg

e

Input: visual data and text T

These electron microscopy images exhibit considerable variation within the group yet
. all fall under the films and coated surfaces category of nanomaterials. Provide a brief
" analysis of the characteristics that define them as such.

Figure 5: The schematic illustrates the proposed small-scale multimodal assistant for electron micrograph analysis (MAEMTI).
It leverages a multimodal prompt that interleaves visual data from electron microscopy images with user-provided auxiliary
text data to generate descriptive output. The multimodal model is designed to generate accurate and concise descriptions
of the visual features in high-contrast images, linking them to the classification of the electron micrographs into a specific
nanomaterial category. During inference, MAEMT utilizes its domain-specific knowledge to interpret intertwined visual features
and query text, generating accurate and informative responses about microscopic images within the specified category. Note:
For clarity and brevity, the output text has been simplified.
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Figure 6: The schematic illustrates MAEMT, a proposed small-scale multimodal assistant for the VQA task on electron micrographs.
It leverages a multimodal prompt that interleaves visual data of similar-looking, high-resolution electron micrographs showcasing
diverse nanomaterial categories such as films and coated surfaces, particles, porous sponges, and powders with user-provided
auxiliary text data. Additionally, MAEMI receives specific user queries that prompt it to analyze and describe the unique visual
features distinguishing each category, thereby generating precise and concise responses describing the unique visual features
distinguishing each category. Note: The output text is simplified for the sake of illustration and conciseness.
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Figure 7: The schematic outlines the architecture of the small-sc

features classify them into this specific category.

mages have spatial heterogeneity and belong to particles

nanomaterial category. Give me a brief description of how their features classify them

ale multimodal assistant (MAEMI), which is tailored for the

analysis of electron microscopy images of nanomaterials. It takes both visual and textual inputs: a series of high-resolution
electron micrographs showcasing the spatial variations and diverse morphologies of the particles, combined with user-provided
auxiliary text data. The multimodal model, guided by user instructions, produces brief, precise descriptions, highlighting the

visual features unique to each nanomaterial category underlying

the images. For clarity and brevity, the output text has been

simplified. Note: We’ve presented the output text in a simplified format for better readability.

2 Experiments And Results

2.1 Datasets

Our study utilized the SEM dataset [Aversa ez al., 2018], which
comprises more than 21,000 electron micrographs covering
ten different nanomaterials. We employed this comprehensive
dataset to generate a diverse set of high-quality instruction-
tuning data in the form of question-answer pairs using GPT-4
Turbo with Vision,. Figure 8 displays representative images for
each of the ten nanomaterial categories. We trained our frame-
work exclusively on this machine-generated multimodal data,
eliminating the need for human-annotated data. In contrast
to a previous study [Modarres er al., 2017], which worked
with a subset of the data, we leveraged the entire publicly
available dataset as the subset data was not publicly accessi-
ble in its entirety, enabling more comprehensive and robust
framework training. We conducted rigorous benchmarking
resulting in demonstrably improved task performance. Fur-
ther experiments confirmed the framework’s generalizability
across open-source material datasets within its thematic area.
Please refer to the technical appendix for more discussion.

3 Experiments

We evaluated our framework on zero-shot/few-shot multi-class
classification tasks for microscopic images, image-captioning
tasks, and open-ended VQA tasks. This in-depth analysis
aimed to understand microscopic images better. Additionally,
we conducted VQA tasks to assess intra-class dissimilarity,
inter-class similarity, and spatial heterogeneity, providing a
more comprehensive understanding of the nanomaterials un-
derlying electron micrographs. In summary, we analyzed

microscopic images using the proposed framework for classi-
fication, captioning, and answering questions. This improved
understanding of image content and material properties.

3.1 Results

Our image captioning approach uses metrics like BLEU, ME-
TEOR, and ROUGE to evaluate text quality, focusing on as-
pects like similarity, language fluency, and coherence. As
shown in Table 2, our framework, MAEMT, generates detailed
and logically consistent captions, outperforming recent base-
lines like InstructBLIP[Dai et al., ], LLaVAILiu er al., 20231,
and MiniGPT-4[Zhu e al., 2023] on the image captioning
task. Table 1 showcases representative electron microscope
images with their true labels, alongside captions generated by
our framework with their BLEU-2, ROUGE-L, and METEOR
scores indicating caption similarity to the labels. Tables 8
and 9 present experimental results comparing the accuracy
of our proposed multiclass classification framework against
multiple baseline algorithms. Table 3 shows the framework’s
performance on open-ended VQA. Table 7 shows a sample of
electron microscope images with true labels, generated cap-
tions, and similarity scores (BLEU-2, ROUGE-L, METEOR)
comparing the captions to the labels. Sample questions and
answers from the instruction-tuning Q&A dataset (created by
GPT-4 Turbo with Vision) for training MAEMT are shown in
Tables 11 - 20. Figures 5, 6, and 7 showcase tailored MAEMT
variants for VQA tasks on electron micrographs, addressing
intra-class dissimilarity, inter-class similarity, and spatial het-
erogeneity respectively. Tables 4, 5, and 6 compare the perfor-
mance of different methods on the aforementioned VQA task,
respectively.
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Table 1: The table shows electron microscope images and their true captions alongside machine-generated captions. The table
also includes evaluation metrics like BLEU-2, ROGUE-L, and METEOR, which measure the similarity between true captions
and generated captions. By presenting both ground-truth and machine-generated captions side-by-side, the table enables analysis
of the framework’s performance in capturing visual details and semantics of the microscopic images. The multi-metric approach
allows precise measurement of the proposed framework’s performance on the captioning task for this scientific image dataset.

BLEU-2/
Ground Truth Answers ROGUE-L/
METEOR
This electron microscopy image dis- | This electron microscopy image ex-
plays a neuron with its dendritic tree | hibits a neuron with its dendritic tree | 0.847
and synaptic connections, magnified | and synaptic connections, magnified | 0.944
10,000 times. 10,000 times 0.941
This SEM image shows tightly wo- | This SEM image displays tightly wo-
ven fibrous material, with each fiber | ven fibrous material, with every fiber | 0.659
distinctly magnified 225 times to re- | distinctly magnified 225 times, re- | 0.821
veal its twisted structure. vealing its twisted structure. 0.852
This SEM image captures a granu- | This SEM image captures a granu-
lar film surface with a magnification | lar film surface, magnified 50,000 | 0.724
of 50,000 times, revealing the mi- | times, revealing the microstructure | 0.878
crostructure of the coated material. | of the coated material. 0.767
This SEM image shows a microelec- | This SEM image shows a microelec-
tromechanical system (MEMS) with | tromechanical system (MEMS) with | 0.795
intricate wiring and electrodes, cap- | intricate wiring and electrodes, mag- | 0.882
tured at 100 times magnification. nified 100 times 0.842
This SEM image depicts an array | This SEM image depicts an array of
of vertical nanowires, showcasing | vertical nanowires, displaying their | 0.843
their uniformity and high aspect ra- | uniformity and high aspect ratio, | 0.927
tio, magnified at 80,000 times. magnified 80,000 times. 0.902
This SEM image reveals clusters of | This SEM image shows clusters of
spherical nanoparticles, each group- | spherical nanoparticles, each cluster | 0.813
ing distinct from the others, magni- | distinct from the others, magnified | 0.889
fied 11,000 times. 11,000 times 0.879
BeTsTssgs | Lhis SEM image displays a highly | . opng imace displays a highly
=~~~ . | ordered, diamond-shaped patterned dered. di d-shaed patterned | 0.907
~:A:A:»:~:Aj surface, magnified 345 times, char- or ;,re > 1am(_)g S 4p ‘P . 0' 47
ESLTATATAT | acteristic of nano-fabrication tech- surface, magnified 345 times, typi- | 0.9
=T niques. cal of nano-fabrication techniques 0.940
This SEM image shows a porous | This SEM image shows a porous
sponge-like material with variously | sponge-like material with voids of 0616
sized and shaped voids, magnified | various sizes and shapes, magnified 0'7 60
50,000 times to reveal the texture | 50,000 times, revealing the texture 0'778
and porosity. and porosity. ’
This SEM image reveals a dense | This SEM image displays a dense
aggregation of nanoscale particles | aggregation of nanoscale particles | 0.664
forming a powder, with a magnifica- | forming a powder, magnified 13,570 | 0.760
tion of 13,570 times. times 0.679
This SEM image shows a sharply | This SEM image shows a sharply
pointed nanomaterial tip, high- | pointed nanomaterial tip, high- | 0.710
lighted against a stark background | lighted against a stark background, | 0.760
at a magnification of 100,000 times. | magnified 100,000 times. 0.737




Figure 8: The figure shows representative microscopic images of diverse nanomaterials: biological structures, fibers, films,
MEMS devices, nanowires (top); nanoparticles, patterned surfaces, porous sponges, powders, tips (bottom).

Table 2: The table summarizes the proposed framework’s performance in comparison to various methods on the image captioning
task.

Method | BLEU2 | BLEU4 | ROUGE-l | ROUGE2 | ROUGEL | METEOR

InstructBLIP[Dai eral, ] | 0.7003 £ 0.032 | 0.6501 £ 0.039 | 0.8116 = 0.016 | 0.7348 £+ 0.005 | 0.8018 = 0.021 | 0.8323 = 0.024
LLaVA[Liu eral.. 2023] | 0.7043 +0.035 | 0.6609 = 0.043 | 0.8097 £ 0.016 | 0.7456 £ 0.005 | 0.8038 £ 0.021 | 0.8244 + 0.023
MiniGPT-4[Zhu er al.. 2023] | 0.7644 £ 0.086 | 0.6757 +0.100 | 0.8264 + 0.035 | 0.7831 =+ 0.014 | 0.8146 = 0.047 | 0.8510 = 0.052
MAEMI | 0.7862 £ 0.089 | 0.6979 £ 0.115 | 0.9014 = 0.041 | 0.8410 = 0.016 | 0.8448 = 0.054 | 0.8698 = 0.062

Table 3: Table shows the performance of sLAVA compared to baselines on open-ended VQA task.

Method | BLEU-2 (1) | BLEU-4 (1) | ROUGE-1 (1) | ROUGE-2 (1) | ROUGE-L (1) | METEOR (?)
InstructBLIP[Dai er al.. ] \ 0.70440.063 \ 0.571+0.078 \ 0.808+0.032 \ 0.71040.011 \ 0.765+0.042 \ 0.82240.048
LLaVAlLiu er al., 2023] | 0.711£0.070 | 0.579+0.085 | 0.809+0.032 | 0.713+0.011 | 0.767+0.042 | 0.82340.046
MiniGPT-4[Zhu er al., 2023] | 0.735+0.075 | 0.598+0.090 | 0.823+0.033 | 0.726:0.012 | 0.780+0.043 | 0.842:+0.047
MAEMI \ 0.801+0.085 \ 0.731+0.105 \ 0.903+0.036 \ 0.785+0.014 \ 0.834+0.050 \ 0.882+£0.055

Table 4: The table shows sLAVA excels on VQA task on high intra-dissimilarity of nanomaterials.

Method | BLEU-2 (1) | BLEU-4 (1) | ROUGE-1 (1) | ROUGE-2 (1) | ROUGE-L (1) | METEOR (?)
InstructBLIP[Dai er al.. ] | 0.667+0.063 | 0.541+0.078 | 0.764+0.032 | 0.6724+0.011 | 0.724+0.042 | 0.778+0.048
LLaVAl[Liu er al., 2023] | 0.651£0.070 | 0.53040.085 | 0.740+0.032 | 0.6524+0.011 | 0.702+0.042 | 0.75440.046
MiniGPT-4[Zhu et al., 2023] | 0.673£0.075 | 0.548+0.090 | 0.754+0.033 | 0.664+0.012 | 0.71440.043 | 0.770+0.047
MAEMI | 0.73240.085 | 0.668+0.105 | 0.826+0.036 | 0.717+0.014 | 0.762+0.050 | 0.807--0.055

Table 5: The table shows sLAVA excels on VQA task on high inter-similarity of nanomaterials.

Method | BLEU-2 (1) | BLEU-4 (1) | ROUGE-1 () | ROUGE-2 (1) | ROUGE-L (1) | METEOR (1)
InstructBLIP[Dai eral. ] | 0.676:£0.063 | 0.548£0.078 | 0.775+0.032 | 0.682+0.011 | 0.73440.042 | 0.789+0.048
LLaVAILiu ef al.. 2023] | 0.675+£0.070 | 0.550£0.085 | 0.7674+0.032 | 0.677+£0.011 | 0.730+0.042 | 0.782+0.046
MiniGPT-4[Zhu et al.. 2023] | 0.690£0.075 | 0.561£0.090 | 0.773+0.033 | 0.682+0.012 | 0.733£0.043 | 0.791+0.047
MAEMI | 0.7440.085 | 0.679+0.105 | 0.841-£0.036 | 0.730+£0.014 | 0.7750.050 | 0.820-£0.055

Table 6: The table shows sLAVA excels on VQA task related to nanomaterials’ spatial heterogeneity.

Method | BLEU-2 (1) | BLEU-4(1) | ROUGE-1 () | ROUGE-2 (1) | ROUGE-L (1) | METEOR (1)
InstructBLIP[Dai er al. ] | 0.614=£0.055 | 0.496:£0.068 | 0.703£0.028 | 0.619£0.010 | 0.667+0.037 | 0.716+0.042
LLaVAILiu ef al.. 20231 | 0.620+£0.061 | 0.503+£0.074 | 0.70440.028 | 0.622+0.010 | 0.669+0.037 | 0.717+0.040

MiniGPT-4[Zhu et al., 2023] | 0.640+0.066 | 0.521£0.079 | 0.717+0.029 | 0.632+0.010 | 0.6810.037 | 0.73440.041
MAEMI | 0.698-£0.074 | 0.637+0.092 | 0.787+0.031 | 0.684+0.012 | 0.728+0.044 | 0.769+0.048




Table 7: The table shows a selection of electron microscope images with their corresponding true labels for an open-ended VQA
task that describes the overall shape and morphology of the nanomaterials underlying the electron micrographs. We also include
the framework generated responses or descriptions for each image. Additionally, the BLEU-2, ROGUE-L, and METEOR metrics
are included to evaluate their similarity to the accurate labels.

BLEU-2/
Ground Truth Answers ROGUE-L/
METEOR
The nanomaterials exhibit a | The nanomaterials exhibit a
branched, web-like structure with | branched, web-like structure with 0.786
varying strand thickness, indicative | varying strand thicknesses, sug- 0'872
of a porous, high-surface-area | gesting a porous, high-surface-area 0'9 47
morphology. morphology ’
The nanomaterials have a twisted, | The nanomaterials possess a twisted, 0.461
rope-like morphology with multiple | rope-like morphology, featuring 0.872
strands intertwined together. multiple strands intertwined 0'827
The nanomaterials are polygonal, re- | The nanomaterials appear polygo- 0.770
sembling a mosaic of tightly packed, | nal, resembling a mosaic of tightly 0'872
irregularly shaped flat plates. packed, irregular shaped flat plates. 0'8 50
The image showcases a microfabri- | This image showcases a microfabri-
cated pattern with a square central | cated pattern with a square central 0.844
area and symmetrically arranged ge- | area and symmetrically arranged ge- 0'872
ometric line patterns extending out- | ometric lines extending outward on 0'917
ward on a porous background. a porous background. )
The nanomaterials are cylindrical | The nanomaterials are cylindrical
rods standing vertically with uni- | rods, standing vertically with uni- | 0.787
form alignment and consistent spac- | form alignment and consistent spac- | 0.872
ing between them. ing among them. 0.861
The nanomaterials exhibit rod-like | The nanomaterials exhibit rod-like
and ellipsoidal shapes with smooth | and ellipsoidal shapes, featuring | 0.736
surfaces and are well-dispersed | smooth surfaces and are well- | 0.872
. across the substrate. dispersed over the substrate 0.808
B~ | The nanomaterials have a hexago- | The nanoscale materials have a
Sesssssss® | nal shape with well-defined edges | hexagonal shape with well-defined | 0.618
Eoeisissy | and are arranged in an ordered, | edges and are positioned in an or- | 0.872
~em-m m-n’ | honeycomb-like pattern. derly, honeycomb-like arrangement | 0.749
3 The nanomaterials display a porous, | The nanomaterials display a porous,
foam-like structure with irregularly | foam-like structure, having irregu- | 0.847
shaped voids and a network of inter- | larly shaped voids and a network of | 0.872
connected struts. interconnected struts 0.881
The nanomaterials appear as clus- | The nanomaterials are displayed as 0738
tered, irregularly shaped particles | clustered, irregularly shaped parti- 0.872
with a rough surface texture. cles with a rough surface textures. 0'837
The nanomaterial is conical with a | The nanomaterial is conical, featur- 0.780
pointed tip and a smooth gradient in | ing a pointed tip and a smooth gradi- 0'872
diameter from base to apex. ent in diameter from its base to apex. 0'8 31
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3.2 Empirical Insights

Our research thoroughly evaluated the proposed framework
MAEMI for classifying electron micrographs of diverse nano-
materials. These complex materials vary in composition, mor-
phology, structure, and other properties, which is evident in
their electron micrographs. The framework achieved high ac-
curacy on the imbalanced SEM dataset[Aversa er al., 2018]
using metrics like precision, recall, and F1-score, demon-
strating its effectiveness in categorizing nanomaterials with
different patterns in a zero-/few-shot setting. Table 10 reports
the experimental results. The multi-metric approach provided
a detailed analysis, highlighting MAEMI’s efficiency in han-
dling various categories, especially those with fewer labeled
instances. Overall, our findings confirm MAEMI’s robustness
in classifying nanomaterials, contributing to advancements in
materials characterization and research.

Table 8: Table shows the performance comparisons: Our
method vs. ConvNets, vision transformers (ViTs), & vision
self-supervised learning(VSL) algorithms for classification
task.

Table 9: The table shows the comparison of supervised-
learning GNNs(Graph Neural Networks), self-supervised
GCL(Graph Contrasting Learning) algorithms on the clas-
sification task.

Algorithms | Top-1 | Top-5
AlexNet([Krizhevsky er al., 2017]) 0.528 | 0.827

£ DenseNet([Huang e al., 20171) 0.569 | 0.929
Z ResNet([He e al., 2016]) 0.485 | 0.897
E VGG([Simonyan and Zisserman, 2014]) | 0.538 | 0.808
&) GoogleNet([Szegedy er al., 2015]) 0.609 | 0.969
SqueezeNet([landola ef al., 2016]) 0.404 | 0.698
Barlowtwins[Zbontar e al., 2021] 0.148 | 0.410
SimCLR[Chen et al., 2020b] 0.130 | 0.379

d byol[Grill er al., 2020] 0.143 | 0.453
> moco[He ef al., 2020] 0.169 | 0.472
simsiam[Chen and He, 2021] 0.188 | 0.535
CCTI[Hassani ef al., 2021] 0.570 | 0.981

CVT[Wu et al., 20211 0.577 | 0.930

ConViT[d’ Ascoli et al., 2021] 0.609 | 0.957
ConvVT[Wu er al., 2021] 0.319 | 0.921
CrossViT[Chen er al., 2021b] 0.442 | 0915
SwinT[Liu ez al., 2021] 0.707 | 0.993

s VanillaViT[Dosovitskiy e al., 2020] 0.655 | 0.970
& Visformer[Chen er al., 2021c] 0.398 | 0.856
B ATS[Fayyaz et al., 2021] 0.540 | 0.973
E CaiT[Touvron et al., 2021b] 0.657 | 0.989
g DeepViT[Zhou er al., 2021] 0.546 | 0.988
5 Dino[Caron ef al., 2021] 0.049 | 0.437
“‘g‘ Distillation[Touvron er al., 2021a] 0.533 | 0.955
= LeViT[Graham et al., 2021] 0.624 | 0.970
& NesT[Zhang ef al., 2022) 0.660 | 0.985
.g PatchMerger[Renggli er al., 2022] 0.578 | 0.975
§ PiT[Heo et al., 2021] 0.555 | 0.979
RegionViT[Chen e al., 2021a] 0.606 | 0.948
SMIMIXie et al., 2021] 0.171 | 0.646
T2TViT[Yuan er al., 2021] 0.749 | 0.992
ViT-SD[Lee et al., 20211 0.597 | 0.973

| Zero-Shot-Image Captioning / MAEMI | 0.773 | 0.876

| Few-Shot-Image Captioning / MAEMI | 0.965 | 0.991

Algorithms Top-1 | Top-5

GBTIBielak ef al., 2021] 0.547 | 0.706

d GRACEI[Zhu et al., 2020] 0.598 | 0.750
L) BGRL[Thakoor ez al., 2021] 0.556 | 0.696
InfoGraph[Sun e al., 2019] 0.526 | 0.702
APPNPI[Klicpera et al., 2018] 0.632 | 0.786
AGNNI[Thekumparampil ez al., 2018] | 0.538 | 0.894
ARMAI[Bianchi er al., 2021] 0.582 | 0.987

2 DNA[Fey, 2019] 0.622 | 0.916
g GAT[ Velickovic er al., 2017] 0.491 | 0.985
° GGConvl[Li er al., 2015] 0.563 | 0.992
z GraphConv[Morris ef al., 2019] 0.658 | 0.996
g GCN2ConvlChen et al., 2020al 0.732 | 0.998
z ChebConv[Defferrard ez al., 2016] 0.504 | 0.951
“ GraphConv[Morris ef al., 2019] 0.509 | 0.993
& GraphUNet[Gao and Ji, 2019] 0.657 | 0.978
> MPNNI[Gilmer ef al., 2017] 0.603 | 0.999
RGGConv[Bresson and Laurent, 2017] | 0.618 | 0.961
SuperGAT[Kim and Oh, 2022] 0.598 | 0.985
TAGConv[Du et al., 2017] 0.598 | 0.999
Zero-Shot-Image Captioning / MAEMI | 0.773 | 0.876

| Few-Shot-Image Captioning / MAEMI | 0.965 | 0.991

4 Conclusion

Our research unveils a groundbreaking method for analyz-
ing electron micrographs for the semiconductor industry. We
utilize transfer learning to distill knowledge, customizing an
instruction-following language-vision assistant trained on a
unique multimodal data created with GPT-4 Turbo for VQA
tasks on consumer hardware. The pre-trained assistant allows
further customization with private data, all without exposing
sensitive information to external, proprietary multimodal mod-
els. This secure, efficient, and cost-effective methodology
unlocks exciting possibilities for enterprise applications. Em-
pirical results confirm our framework’s superiority, achieving
notable accuracy improvements over prior techniques while

Multi-class metrics

Category

| Precision | Recall |

F1 Score

0.949£0.009
0.939£0.005
0.982+0.007
0.956+0.014
0.961£0.005
0.969+0.016
0.953£0.012
0.961+0.006
0.965+0.011
0.959+0.014

0.981+0.007
0.95240.008
0.98740.000
0.955+0.013
0.96040.009
0.968+0.006
0.965+0.007
0.959+0.011
0.953+0.008
0.960+0.009

Biological
Tips
Fibres
Porous Sponge
Films Coated Surface
Patterned Surface
Nanowires
Particles
MEMS Devices
Powder

0.954£0.013
0.936+0.011
0.982+0.000
0.955+0.010
0.961£0.008
0.953£0.014
0.977£0.011
0.942+0.023
0.953+0.009
0.940£0.011

Table 10: The table shows the effectiveness of our proposed
framework, compared to existing methods, in terms of preci-
sion, recall, and F1-score for accurately classifying nanomate-
rials of different categories.
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remaining computationally efficient.

References

[Ainslie et al., 2023] Joshua Ainslie, James Lee-Thorp,
Michiel de Jong, Yury Zemlyanskiy, Federico Lebrén, and
Sumit Sanghai. Gqa: Training generalized multi-query
transformer models from multi-head checkpoints. arXiv
preprint arXiv:2305.13245, 2023.

[Aversa et al., 2018] Rossella Aversa, Mohammad Hadi
Modarres, Stefano Cozzini, Regina Ciancio, and Alberto
Chiusole. The first annotated set of scanning electron mi-

croscopy images for nanoscience. Scientific data, 5(1):1—
10, 2018.

[Bianchi et al., 2021] Filippo Maria Bianchi, Daniele Grat-
tarola, Lorenzo Livi, and Cesare Alippi. Graph neural net-
works with convolutional arma filters. /IEEE transactions
on pattern analysis and machine intelligence, 2021.

[Bielak et al., 2021] Piotr Bielak, Tomasz Kajdanowicz, and
Nitesh V Chawla. Graph barlow twins: A self-supervised
representation learning framework for graphs. arXiv
preprint arXiv:2106.02466, 2021.

[Bresson and Laurent, 2017] Xavier Bresson and Thomas
Laurent. Residual gated graph convnets. arXiv preprint
arXiv:1711.07553, 2017.

[Caron et al., 2021] Mathilde Caron, Hugo Touvron, Ishan
Misra, Hervé Jégou, Julien Mairal, Piotr Bojanowski, and
Armand Joulin. Emerging properties in self-supervised vi-
sion transformers. In Proceedings of the IEEE/CVF Interna-
tional Conference on Computer Vision, pages 9650-9660,
2021.

[Chen and He, 2021] Xinlei Chen and Kaiming He. Explor-
ing simple siamese representation learning. In Proceedings
of the IEEE/CVF Conference on Computer Vision and Pat-
tern Recognition, pages 15750-15758, 2021.

[Chen et al., 2016] Tiangi Chen, Bing Xu, Chiyuan Zhang,
and Carlos Guestrin. Training deep nets with sublinear
memory cost. arXiv preprint arXiv:1604.06174, 2016.

[Chen et al., 2020a] Ming Chen, Zhewei Wei, Zengfeng
Huang, Bolin Ding, and Yaliang Li. Simple and deep
graph convolutional networks. In International Conference
on Machine Learning, pages 1725-1735. PMLR, 2020.

[Chen et al., 2020b] Ting Chen, Simon Kornblith, Moham-
mad Norouzi, and Geoffrey Hinton. A simple framework
for contrastive learning of visual representations. In Interna-

tional conference on machine learning, pages 1597-1607.
PMLR, 2020.

[Chen et al., 2021a] Chun-Fu Chen, Rameswar Panda, and
Quanfu Fan. Regionvit: Regional-to-local attention for vi-
sion transformers. arXiv preprint arXiv:2106.02689, 2021.

[Chen et al., 2021b] Chun-Fu Richard Chen, Quanfu Fan,
and Rameswar Panda. Crossvit: Cross-attention multi-scale
vision transformer for image classification. In Proceedings
of the IEEE/CVF International Conference on Computer
Vision, pages 357-366, 2021.

[Chen ef al., 2021c] Zhengsu Chen, Lingxi Xie, Jianwei Niu,
Xuefeng Liu, Longhui Wei, and Qi Tian. Visformer:
The vision-friendly transformer. In Proceedings of the
IEEE/CVF International Conference on Computer Vision,
pages 589-598, 2021.

[Chowdhery et al., 2022] Aakanksha Chowdhery, Sharan
Narang, Jacob Devlin, Maarten Bosma, Gaurav Mishra,
Adam Roberts, Paul Barham, Hyung Won Chung, Charles
Sutton, Sebastian Gehrmann, et al. Palm: Scaling language
modeling with pathways. arXiv preprint arXiv:2204.02311,
2022.

[Dai et al., ] W Dai, J Li, D Li, AMH Tiong, ] Zhao, W Wang,
B Li, P Fung, and S Hoi. Instructblip: Towards general-
purpose vision-language models with instruction tuning.
arxiv 2023. arXiv preprint arXiv:2305.06500.

[d’Ascoli et al., 2021] Stéphane d’Ascoli, Hugo Touvron,
Matthew Leavitt, Ari Morcos, Giulio Biroli, and Lev-
ent Sagun. Convit: Improving vision transformers
with soft convolutional inductive biases. arXiv preprint
arXiv:2103.10697, 2021.

[Defferrard et al., 2016] Michaél Defferrard, Xavier Bresson,
and Pierre Vandergheynst. Convolutional neural networks
on graphs with fast localized spectral filtering. Advances in
neural information processing systems, 29, 2016.

[Deshpande et al., 2020] Aditya M Deshpande, Ali A Minai,
and Manish Kumar. One-shot recognition of manufacturing
defects in steel surfaces. Procedia Manufacturing, 48:1064—
1071, 2020.

[Dosovitskiy et al., 2020] Alexey Dosovitskiy, Lucas Beyer,
Alexander Kolesnikov, Dirk Weissenborn, Xiaohua Zhai,
Thomas Unterthiner, Mostafa Dehghani, Matthias Min-
derer, Georg Heigold, Sylvain Gelly, et al. An image is
worth 16x16 words: Transformers for image recognition at
scale. arXiv preprint arXiv:2010.11929, 2020.

[Du et al., 2017] Jian Du, Shanghang Zhang, Guanhang
Wu, José MF Moura, and Soummya Kar. Topology
adaptive graph convolutional networks. arXiv preprint
arXiv:1710.10370, 2017.

[Fayyaz et al., 2021] Mohsen Fayyaz, Soroush Abbasi Kouh-
payegani, Farnoush Rezaei Jafari, Eric Sommerlade, Hamid
Reza Vaezi Joze, Hamed Pirsiavash, and Juergen Gall. Ats:
Adaptive token sampling for efficient vision transformers.
arXiv preprint arXiv:2111.15667, 2021.

[Fey, 2019] Matthias Fey. Just jump: Dynamic neighbor-
hood aggregation in graph neural networks. arXiv preprint
arXiv:1904.04849, 2019.

[Gao and Ji, 2019] Hongyang Gao and Shuiwang Ji. Graph
u-nets. In international conference on machine learning,
pages 2083-2092. PMLR, 2019.

[Gilmer et al., 2017] Justin Gilmer, Samuel S Schoenholz,
Patrick F Riley, Oriol Vinyals, and George E Dahl. Neural
message passing for quantum chemistry. In International
conference on machine learning, pages 1263-1272. PMLR,
2017.

903
904
905
906

908
909
910
911
912
913

914
915
916
917

918
919
920
921
922

923
924
925
926

927
928
929
930

931
932
933
934
935
936

937
938
939
940

941
942
943
944
945

946
947
948

949
950

952
953
954
955
956



957
958
959
960

962

963
964
965
966
967

969

970
971
972
973

974
975
976
977

978
979
980
981
982

983
984
985
986
987

988

990
991

992
993
994
995
996

997
998
999
1000
1001

1002
1003
1004
1005

1006
1007
1008

1009
1010
1011
1012

[Graham et al., 2021] Benjamin Graham, Alaaeldin El-
Nouby, Hugo Touvron, Pierre Stock, Armand Joulin, Hervé
Jégou, and Matthijs Douze. Levit: a vision transformer
in convnet’s clothing for faster inference. In Proceedings
of the IEEE/CVF International Conference on Computer
Vision, pages 12259-12269, 2021.

[Grill et al., 2020] Jean-Bastien Grill, Florian Strub, Flo-
rent Altché, Corentin Tallec, Pierre Richemond, Elena
Buchatskaya, Carl Doersch, Bernardo Avila Pires, Zhao-
han Guo, Mohammad Gheshlaghi Azar, et al. Bootstrap
your own latent-a new approach to self-supervised learn-
ing. Advances in Neural Information Processing Systems,
33:21271-21284, 2020.

[Hassani et al., 2021] Ali Hassani, Steven Walton, Nikhil
Shah, Abulikemu Abuduweili, Jiachen Li, and Humphrey
Shi. Escaping the big data paradigm with compact trans-
formers. arXiv preprint arXiv:2104.05704, 2021.

[He et al., 2016] Kaiming He, Xiangyu Zhang, Shaoqing
Ren, and Jian Sun. Deep residual learning for image recog-
nition. In Proceedings of the IEEE conference on computer
vision and pattern recognition, pages 770-778, 2016.

[He et al., 2020] Kaiming He, Haoqi Fan, Yuxin Wu, Saining
Xie, and Ross Girshick. Momentum contrast for unsuper-
vised visual representation learning. In Proceedings of
the IEEE/CVF conference on computer vision and pattern
recognition, pages 9729-9738, 2020.

[Heo et al., 2021] Byeongho Heo, Sangdoo Yun, Dongyoon
Han, Sanghyuk Chun, Junsuk Choe, and Seong Joon Oh.
Rethinking spatial dimensions of vision transformers. In
Proceedings of the IEEE/CVF International Conference on
Computer Vision, pages 11936-11945, 2021.

[Hu ef al., 2021] Edward J Hu, Yelong Shen, Phillip Wallis,
Zeyuan Allen-Zhu, Yuanzhi Li, Shean Wang, Lu Wang, and
Weizhu Chen. Lora: Low-rank adaptation of large language
models. arXiv preprint arXiv:2106.09685, 2021.

[Huang et al., 2017] Gao Huang, Zhuang Liu, Laurens Van
Der Maaten, and Kilian Q Weinberger. Densely connected
convolutional networks. In Proceedings of the IEEE con-
ference on computer vision and pattern recognition, pages
47004708, 2017.

[Tandola et al., 2016] Forrest N Iandola, Song Han,
Matthew W Moskewicz, Khalid Ashraf, William J Dally,
and Kurt Keutzer. Squeezenet: Alexnet-level accuracy
with 50x fewer parameters andj 0.5 mb model size. arXiv
preprint arXiv:1602.07360, 2016.

[Kim and Oh, 2022] Dongkwan Kim and Alice Oh. How to
find your friendly neighborhood: Graph attention design
with self-supervision. arXiv preprint arXiv:2204.04879,
2022.

[Kingma and Ba, 2014] Diederik P Kingma and Jimmy Ba.
Adam: A method for stochastic optimization. arXiv
preprint arXiv:1412.6980, 2014.

[Klicpera et al., 2018] Johannes Klicpera, Aleksandar Bo-
jchevski, and Stephan Giinnemann. Predict then propagate:
Graph neural networks meet personalized pagerank. arXiv
preprint arXiv:1810.05997, 2018.

[Krizhevsky et al., 2017] Alex Krizhevsky, Ilya Sutskever,
and Geoffrey E Hinton. Imagenet classification with deep
convolutional neural networks. Communications of the
ACM, 60(6):84-90, 2017.

[Lee et al., 2021] Seung Hoon Lee, Seunghyun Lee, and
Byung Cheol Song. Vision transformer for small-size
datasets. arXiv preprint arXiv:2112.13492, 2021.

[Li et al., 2015] Yujia Li, Daniel Tarlow, Marc Brockschmidt,
and Richard Zemel. Gated graph sequence neural networks.
arXiv preprint arXiv:1511.05493, 2015.

[Liu et al., 2021] Ze Liu, Yutong Lin, Yue Cao, Han Hu, Yix-
uan Wei, Zheng Zhang, Stephen Lin, and Baining Guo.
Swin transformer: Hierarchical vision transformer using
shifted windows. In Proceedings of the IEEE/CVF Inter-
national Conference on Computer Vision, pages 10012—
10022, 2021.

[Liu et al., 2023] Haotian Liu, Chunyuan Li, Qingyang Wu,
and Yong Jae Lee. Visual instruction tuning. arXiv preprint
arXiv:2304.08485, 2023.

[Modarres et al., 2017] Mohammad Hadi Modarres, Rossella
Aversa, Stefano Cozzini, Regina Ciancio, Angelo Leto, and
Giuseppe Piero Brandino. Neural network for nanoscience
scanning electron microscope image recognition. Scientific
reports, 7(1):1-12, 2017.

[Morris et al., 2019] Christopher Morris, Martin Ritzert,
Matthias Fey, William L Hamilton, Jan Eric Lenssen, Gau-
rav Rattan, and Martin Grohe. Weisfeiler and leman go neu-
ral: Higher-order graph neural networks. In Proceedings of
the AAAI conference on artificial intelligence, volume 33,
pages 4602-4609, 2019.

[OpenAl, 2023] OpenAl. Gpt-4v(ision) system card. 2023.

[Renggli et al., 2022] Cedric Renggli, André Susano Pinto,
Neil Houlsby, Basil Mustafa, Joan Puigcerver, and Carlos
Riquelme. Learning to merge tokens in vision transformers.
arXiv preprint arXiv:2202.12015, 2022.

[Robbins and Monro, 1951] Herbert Robbins and Sutton
Monro. A stochastic approximation method. The annals of
mathematical statistics, pages 400-407, 1951.

[Shaw et al., 2018] Peter Shaw, Jakob Uszkoreit, and Ashish
Vaswani. Self-attention with relative position representa-
tions. arXiv preprint arXiv:1803.02155, 2018.

[Simonyan and Zisserman, 2014] Karen Simonyan and An-
drew Zisserman. Very deep convolutional networks
for large-scale image recognition. arXiv preprint
arXiv:1409.1556, 2014.

[Sun et al., 2019] Fan-Yun Sun, Jordan Hoffmann, Vikas
Verma, and Jian Tang. Infograph: Unsupervised
and semi-supervised graph-level representation learning
via mutual information maximization. arXiv preprint
arXiv:1908.01000, 2019.

[Szegedy et al., 2015] Christian Szegedy, Wei Liu, Yangqing
Jia, Pierre Sermanet, Scott Reed, Dragomir Anguelov, Du-
mitru Erhan, Vincent Vanhoucke, and Andrew Rabinovich.
Going deeper with convolutions. In Proceedings of the

1013
1014
1015
1016

1017
1018
1019

1020
1021
1022

1023
1024
1025
1026
1027
1028

1029
1030
1031

1032
1033
1034
1035
1036

1037
1038
1039
1040
1041
1042

1043

1044
1045
1046
1047

1048
1049
1050

1051
1052
1053

1054
1055
1056
1057

1058
1059
1060
1061
1062

1063
1064
1065
1066



1067
1068

1069
1070
1071
1072
1073

1074
1075
1076
1077
1078

1079
1080
1081
1082

1083
1084
1085
1086
1087
1088

1089
1090
1091
1092
1093

1094
1095
1096
1097
1098

1099
1100
1101
1102
1103

1104
1105
1106
1107
1108

1109
1110
1111
1112

1113
1114
1115
1116
1117

1118
1119
1120
1121

IEEE conference on computer vision and pattern recogni-
tion, pages 1-9, 2015.

[Team et al., 2023] Gemini Team, Rohan Anil, Sebastian
Borgeaud, Yonghui Wu, Jean-Baptiste Alayrac, Jiahui Yu,
Radu Soricut, Johan Schalkwyk, Andrew M Dai, Anja
Hauth, et al. Gemini: a family of highly capable multi-
modal models. arXiv preprint arXiv:2312.11805, 2023.

[Thakoor et al., 2021] Shantanu Thakoor, Corentin Tallec,
Mohammad Gheshlaghi Azar, Rémi Munos, Petar
Velickovié, and Michal Valko. Bootstrapped representation
learning on graphs. In ICLR 2021 Workshop on Geometri-
cal and Topological Representation Learning, 2021.

[Thekumparampil et al., 2018] Kiran K Thekumparampil,
Chong Wang, Sewoong Oh, and Li-Jia Li. Attention-based
graph neural network for semi-supervised learning. arXiv
preprint arXiv:1803.03735, 2018.

[Touvron et al., 2021a] Hugo Touvron, Matthieu Cord,
Matthijs Douze, Francisco Massa, Alexandre Sablayrolles,
and Hervé Jégou. Training data-efficient image transform-
ers & distillation through attention. In International Con-
ference on Machine Learning, pages 10347-10357. PMLR,
2021.

[Touvron et al., 2021b] Hugo Touvron, Matthieu Cord,
Alexandre Sablayrolles, Gabriel Synnaeve, and Hervé
Jégou. Going deeper with image transformers. In Pro-
ceedings of the IEEE/CVF International Conference on
Computer Vision, pages 32-42, 2021.

[Touvron et al., 2023] Hugo Touvron, Thibaut Lavril, Gautier
Izacard, Xavier Martinet, Marie-Anne Lachaux, Timothée
Lacroix, Baptiste Roziere, Naman Goyal, Eric Hambro,
Faisal Azhar, et al. Llama: Open and efficient foundation
language models. arXiv preprint arXiv:2302.13971, 2023.

[Valipour ef al., 2022] Mojtaba Valipour, Mehdi Reza-
gholizadeh, Ivan Kobyzev, and Ali Ghodsi. Dylora:
Parameter efficient tuning of pre-trained models using
dynamic search-free low-rank adaptation. arXiv preprint
arXiv:2210.07558, 2022.

[Vaswani et al., 2017] Ashish Vaswani, Noam Shazeer, Niki
Parmar, Jakob Uszkoreit, Llion Jones, Aidan N Gomez,
Lukasz Kaiser, and Illia Polosukhin. Attention is all you

need. Advances in neural information processing systems,
30, 2017.

[Velickovié et al., 2017] Petar Velickovié, Guillem Cucurull,
Arantxa Casanova, Adriana Romero, Pietro Lio, and
Yoshua Bengio. Graph attention networks. arXiv preprint
arXiv:1710.10903, 2017.

[Wu et al., 2021] Haiping Wu, Bin Xiao, Noel Codella,
Mengchen Liu, Xiyang Dai, Lu Yuan, and Lei Zhang. Cvt:
Introducing convolutions to vision transformers. In Pro-
ceedings of the IEEE/CVF International Conference on
Computer Vision, pages 22-31, 2021.

[Xie et al., 2021] Zhenda Xie, Zheng Zhang, Yue Cao, Yu-
tong Lin, Jianmin Bao, Zhuliang Yao, Qi Dai, and Han Hu.
Simmim: A simple framework for masked image modeling.
arXiv preprint arXiv:2111.09886, 2021.

[Yuan er al., 2021] Li Yuan, Yunpeng Chen, Tao Wang, Wei-
hao Yu, Yujun Shi, Zi-Hang Jiang, Francis EH Tay, Jiashi
Feng, and Shuicheng Yan. Tokens-to-token vit: Training vi-
sion transformers from scratch on imagenet. In Proceedings
of the IEEE/CVF International Conference on Computer
Vision, pages 558-567, 2021.

[Zbontar et al., 2021] Jure Zbontar, Li Jing, Ishan Misra,
Yann LeCun, and Stéphane Deny. Barlow twins: Self-
supervised learning via redundancy reduction. In Inter-
national Conference on Machine Learning, pages 12310-
12320. PMLR, 2021.

[Zhang and Sennrich, 2019] Biao Zhang and Rico Sennrich.
Root mean square layer normalization. Advances in Neural
Information Processing Systems, 32, 2019.

[Zhang er al., 2022] Zizhao Zhang, Han Zhang, Long Zhao,
Ting Chen, Sercan Arik, and Tomas Pfister. Nested hier-
archical transformer: Towards accurate, data-efficient and
interpretable visual understanding. 2022.

[Zhang er al., 2023] Longteng Zhang, Lin Zhang, Shaohuai
Shi, Xiaowen Chu, and Bo Li. Lora-fa: Memory-efficient
low-rank adaptation for large language models fine-tuning.
arXiv preprint arXiv:2308.03303, 2023.

[Zhou et al., 2021] Daquan Zhou, Bingyi Kang, Xiaojie Jin,
Linjie Yang, Xiaochen Lian, Zihang Jiang, Qibin Hou, and
Jiashi Feng. Deepvit: Towards deeper vision transformer.
arXiv preprint arXiv:2103.11886, 2021.

[Zhu er al., 2020] Yangiao Zhu, Yichen Xu, Feng Yu, Qiang
Liu, Shu Wu, and Liang Wang. Deep graph contrastive
representation learning. arXiv preprint arXiv:2006.04131,
2020.

[Zhu et al., 2023] Deyao Zhu, Jun Chen, Xiaogian Shen, Xi-
ang Li, and Mohamed Elhoseiny. Minigpt-4: Enhancing
vision-language understanding with advanced large lan-
guage models. arXiv preprint arXiv:2304.10592, 2023.

1122
1123
1124
1125
1126
1127

1128
1129
1130
1131
1132

1133
1134
1135

1136
1137
1138
1139

1140
1141
1142
1143

1144
1145
1146
1147

1148
1149
1150
1151

1152
1153
1154
1155



Table 11: The table presents an instruction-following dataset composed of image-question-answer triples generated
using GPT-4 Turbo with vision in response to open-ended natural language prompts about a microscopic image
of patterned surface nanomaterials. In summary, this GPT-assisted vision-language dataset aids in the tuning of
smaller models for the analysis and interpretation of complex microscopic images in the context of open-ended

VQA tasks.
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Based on the provided image of patterned surface
nanomaterials, please answer the following questions.

Query prompt

GPT-4 Turbo with vision output

**Basics**

The image is a scanning electron microscope (SEM) image of a pat-
terned surface nanomaterial, with a scale bar indicating that 1 microme-
ter (um) is the unit of measurement.

**Morphology and Structure**

The nanomaterials in the image have a hexagonal shape or morphology.
There do not appear to be distinct layers, phases, or domains within
the individual hexagonal units, but there is a consistent pattern to their
arrangement. The nanomaterials appear to be uniform in size and shape,
suggesting a controlled fabrication process.

**Size and Distribution®*

The nanostructures are hexagonal and uniform in size, likely in the
hundreds of nanometers range, judging by the 1 um scale bar. They are
evenly spaced throughout the image with no evidence of aggregation or
bundling.

**Surface Characteristics**

The nanomaterial appears to have a textured surface, possibly due
to the patterning technique used to create the hexagonal shapes. No
visible defects, pores, or impurities are apparent in the image provided,
suggesting a clean and uniform fabrication process.

**Composition and Elements**

The SEM image is monochromatic, with brightness and contrast varia-
tions hinting at topographical or compositional differences. The absence
of specific labels or markers means exact composition can’t be deter-
mined. Annotations are standard SEM parameters, not compositional
data.

**Interactions and Boundaries**

The individual nanostructures are separate, with clear boundaries be-
tween them, and do not appear to be touching or fused. There is a
consistent gap that defines the boundaries of each hexagonal structure,
indicating well-defined individual units.

**External Environment**

The SEM image displays isolated nanomaterials, free from interactions
with solvents, polymers, or other substances. The uniform, featureless
background indicates either a vacuum or a non-descript solid substrate at
this magnification, with no other visible structures or objects unrelated
to the patterned nanomaterials.

**Image Technique and Modifica-
tions**

The image was taken with a Scanning Electron Microscope (SEM),
evident from typical SEM annotations like “EHT” and “WD”. It shows
no signs of post-processing, such as false coloring, and appears as a
standard monochromatic SEM output.

**Functional Features**

There are no obvious functional features like active sites with distinct
properties visible in this image.

**Context and Application**

The intended application of the nanomaterial is unclear without context.
The image is a real SEM capture of an experimental sample, not a
theoretical or simulation-based representation.
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Table 12: The table presents an instruction-following dataset, comprising image-question-answer triples generated
using GPT-4 Turbo with vision in response to open-ended natural language prompts about a microscopic image
depicting biological nanomaterials. In summary, this GPT-assisted vision-language dataset facilitates the training
of smaller models, enabling them to effectively analyze complex microscopic images for open-ended VQA tasks.

Based on the provided image of biological
nanomaterials, please answer the following questions.

¥R NG

Query prompt GPT-4 Turbo with vision output
**Basics** The biological nanomaterial shown in the image is a neuron with its den-

dritic tree. The scale bar represents two micrometers (2 pm), providing
a reference for the size of the structures in the image.

**Morphology and Structure** The nanomaterials in the image are biological in nature and exhibit a
complex morphology characteristic of neuronal cells. The neuron has a
prominent cell body from which multiple dendrites extend, forming an
intricate network. There are no distinct layers, phases, or domains in
the traditional material science sense, as this is a biological sample. The
neuron displays compartmentalization with the cell body, dendrites, and
possibly axon hillocks or initial segments visible. The nanomaterials are
varied in size and shape, as typical for biological structures. Dendrites
exhibit diverse thickness, length, and branching patterns, reflecting
inherent biological variability.

**Size and Distribution** The individual nanostructures, the dendrites, vary in size but typically
range from a few hundred nanometers to a couple of micrometers in
diameter. They are distributed throughout the image in a connected,
somewhat random pattern, emanating from a central neuron cell body.
There is no evidence of aggregation or bundling, as these structures tend
to spread out rather than cluster together.

**Surface Characteristics** The nanomaterial, which is a neuron with its dendritic tree, appears to
have a textured surface characteristic of biological structures, rather than
being smooth. The dendrites and cell body show a complex, granular
surface texture under the magnification provided. No specific defects,
pores, or impurities can be discerned from this image; such features
would require higher magnification to resolve.

**Composition and Elements** The monochromatic image, typical of electron microscopy, lacks color-
based compositional variations. Yet, it shows variations in brightness
and contrast, suggesting topographical or material density differences
in the neuron and its dendrites.

**Interactions and Boundaries** The monochromatic electron microscope image shows topographical
and density variations, but no compositional differences or labeled
elements.

**External Environment** The SEM image shows only the isolated neuron, with no evidence of

external interactions or matrix material.

**Image Technique and Modifica- The image was captured using Scanning Electron Microscopy (SEM).
tions** There is no evident post-processing or modifications like false coloring
or 3D rendering; it appears to be a standard grayscale SEM image

**Functional Features** The SEM image of the neuron does not visibly show any specific
functional features like active sites.

**Context and Application** The image is of an experimental sample, an actual neuron, captured
using Scanning Electron Microscopy (SEM), rather than a theoretical
or simulation-based representation.




Table 13: The table presents an instruction-following dataset composed of image-question-answer triples generated
using GPT-4 Turbo with vision in response to open-ended natural language prompts about a microscopic image
depicting fibers nanomaterial. In summary, this GPT-assisted vision-language dataset facilitates the training of
smaller models, enabling them to effectively analyze and interpret complex microscopic images for open-ended

VQA tasks.

Based on the provided image of fibres nanomaterials,
please answer the following questions.

Query prompt

GPT-4 Turbo with vision output

**Basics**

The image shows nanofibers, which are extremely fine fibers with diam-
eters in the nanometer range. The scale of the image is not indicated,
s0 it’s not possible to determine the exact measurement without a scale
reference. However, given that these are nanofibers, we can infer that
the width of these fibers is likely in the range of tens to hundreds of
nanometers.

**Morphology and Structure**

The nanomaterials in the image have a fibrous morphology, indicating
a long, slender shape. There are no distinct layers, phases, or domains
visible in the image provided. The fibers seem fairly uniform in shape,
suggesting a controlled synthesis process. However, due to the image’s
resolution and the absence of a scale, it is challenging to accurately
comment on the uniformity of size.

*#*Size and Distribution®*

The fibers appear to be in the range of nanometers in diameter, although
the exact size cannot be determined without a scale. They are densely
distributed, with some bundling and clustering visible.

**Surface Characteristics®*

The nanomaterial fibers appear to have a smooth texture overall. No
clear defects, pores, or impurities are visible from this image. The
resolution is not sufficient to identify finer surface details.

**Composition and Elements**

The image is in grayscale, and there are no visible labels or markers
indicating specific elements or compounds. There are no apparent color
variations that would suggest compositional differences. The uniformity
of contrast throughout the fibers suggests they are likely composed of a
single material or that any compositional variations are not discernible
at this scale and image quality.

**Interactions and Boundaries**

The nanostructures appear to be touching and interacting closely, with
some degree of fusion or entanglement, typical for fibrous networks.
There are no clear boundaries between different structures or phases; it
looks like a continuous phase of similar fibers.

**External Environment™*

The SEM image shows isolated nanofibers with no visible external
interactions or matrix.

**Image Technique and Modifica-
tions**

The grayscale image, likely captured via a standard scanning electron
microscope (SEM), showcases nanomaterials in sharp detail, typical
of SEM outputs. No evidence suggests post-processing, like false
coloring or 3D rendering, indicating a straightforward SEM image
without modifications.

**Functional Features**

The image does not show any distinct functional features like active
sites or regions with varying properties; it appears to be a uniform
structure. Since it’s an SEM image, it captures a static representation of
the nanofibers and does not depict any dynamic processes.

**Context and Application**

The intended application of the nanomaterial in the image cannot be
determined without additional context. The image appears to be of an
experimental sample, typical of real-world SEM imaging, rather than a
theoretical or simulation-based representation.

1158



1159

Table 14: The table presents an instruction-following dataset composed of image-question-answer triples generated
using GPT-4 Turbo with vision in response to open-ended natural language prompts about a microscopic image of
films and coated surfaces nanomaterials. In summary, this GPT-assisted vision-language dataset aids in the tuning
of smaller models for the analysis and interpretation of complex microscopic images in the context of open-ended

VQA tasks.

Based on the provided image of films and coated
surface nanomaterials, please answer the following
questions.

Query prompt

GPT-4 Turbo with vision output

**Basics**

The image is a Scanning Electron Microscope (SEM) image of a nano-
material, possibly metallic or ceramic nanoparticles. The scale bar
indicates that 1 micrometer (um) is represented, allowing for the size
of the particles to be estimated in relation to this scale.

**Morphology and Structure**

The nanomaterials in the image have a general morphology that appears
to be polygonal, with most particles exhibiting angular edges and flat
surfaces. There are no distinct layers, phases, or domains visible; it
appears to be a homogenous surface of similar particles. The particles
seem to be fairly uniform in size and shape, suggesting a controlled
synthesis process.

*#*Size and Distribution®*

The individual nanostructures appear to be in the sub-micron size range,
likely several hundred nanometers across, given the scale bar of 1
micrometer for reference. They are distributed throughout the image
quite densely, with little to no space between adjacent particles, which
indicates a uniform surface coverage. There seems to be minimal
aggregation or bundling; the particles mostly appear as distinct entities
with some contact points, which is typical for particles that have settled
out of a dispersion onto a substrate.

**Surface Characteristics®*

The nanomaterial surface appears to be relatively rough with a textured
appearance, which is characteristic of aggregated nanoparticles. There
are no obvious defects, pores, or impurities visible at this magnifica-
tion. The roughness is likely due to the individual particles’ edges and
surfaces rather than a feature of the particles themselves.

**Composition and Elements**

There is no evidence of compositional variations in the grayscale SEM
image, and there are no labels indicating specific elements or com-
pounds. The uniformity in color suggests a homogenous material, but
specific composition cannot be determined from this image alone.

**Interactions and Boundaries**

The individual nanostructures are touching and seem to be sintered,
with no clear gaps between them. There are clear boundaries between
individual particles, but no distinct phases or separate structures are
visible.

**External Environment**

No, there is no evidence of the nanomaterial interacting with any sur-
rounding environment or matrix in the SEM image, and no other struc-
tures or objects are present other than the nanomaterials themselves.

**Image Technique and Modifica-
tions™**

The image was captured using a Scanning Electron Microscope (SEM).
There are no indications of post-processing or modifications such as
false coloring or 3D rendering; it appears to be a standard grayscale
SEM image.

**Functional Features**

In the SEM image, functional features like active sites or regions with
distinct properties are not discernible. SEM images typically provide a
static representation and cannot capture dynamic processes, so this im-
age is a static representation of the nanomaterial at the time of imaging.

**Context and Application**

From the image alone, the nanomaterial’s purpose is indeterminate. It’s
a real, experimental Scanning Electron Microscope (SEM) image, used
for analyzing surface morphology and structure.




Table 15: The table presents an instruction-following dataset composed of image-question-answer triples generated
using GPT-4 Turbo with vision in response to open-ended natural language prompts about a microscopic image
of nanowires nanomaterials. In summary, this GPT-assisted vision-language dataset aids in the tuning of smaller
models for the analysis and interpretation of complex microscopic images in the context of open-ended VQA
tasks.

Based on the provided image of nanowire
nanomaterials, please answer the following questions.

Query prompt GPT-4 Turbo with vision output

**Basics** The image depicts nanowires, and the scale bar represents 200 nanome-
ters (nm).

**Morphology and Structure** The nanomaterials have a cylindrical, rod-like morphology, typical of

nanowires. There are no distinct layers, phases, or domains visible in
this image. The nanowires appear to be relatively uniform in size and
shape, suggesting a controlled synthesis process.

**Size and Distribution** The individual nanostructures, which are nanowires, are approximately
200 nanometers or less in length as indicated by the scale bar. They
appear to be densely packed and evenly distributed across the image
with no significant clustering or random distribution. There is no clear
evidence of aggregation or bundling; the nanowires stand individually,
which is typical for well-synthesized nanowires.

**Surface Characteristics** The nanomaterials, which are nanowires, appear to have a smooth
surface with no significant roughness or specific texture visible at this
magnification. There are no clearly visible defects, pores, or impurities
on the surface of the nanowires in the provided image. The uniformity
and smoothness suggest a high level of control in the synthesis process
of these nanostructures.

**Composition and Elements** In the grayscale electron microscope image, variations in brightness or
contrast usually show compositional differences, due to varied electron
scattering by different elements. The provided image’s uniform color
and contrast imply a homogeneous composition in the nanowires. No
labels or markers indicate specific elements or compounds, and the
image doesn’t directly reveal the nanomaterials’ chemical composition.

**Interactions and Boundaries** The individual nanostructures, which are nanowires, appear separate and
not fused together, with each nanowire standing distinct from others.
There are clear boundaries between each nanowire, with no visible
merging or blending at the bases or tips, indicating they are well-defined
individual entities.

**External Environment** There is no visible evidence in the image of the nanomaterial interacting
with an external environment or matrix such as solvents, polymers,
or other materials. The image appears to be focused solely on the
nanowires themselves. There are no other structures or objects present
that are distinguishable from the nanomaterials.

**Image Technique and Modifica- The image was captured using Scanning Electron Microscopy (SEM).

tions** There are no indications of post-processing or modifications like false
coloring or 3D rendering; it appears to be a standard grayscale SEM
image.

**Functional Features** There are no visible functional features like active sites or regions with

distinct properties in the image. The image is a static representation; it
does not capture dynamic processes, as SEM images are snapshots and
cannot depict motion or change over time.

**Context and Application** Nanomaterial application unclear. Depicted nanowires used in electron-
ics, photonics, research. SEM image suggests experimental sample, not
theoretical representation, for observation at high magnifications.
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Table 16: The table presents more informative and accurate question-answer pairs, compared to traditional
methods, generated using GPT-4 Turbo with vision in response to natural language prompts about an input
microscopic image from the porous sponge nanomaterial category. To summarize, GPT-assisted visual instruction
data generation (that is, question-answer pairs) provides in-depth insights into an image related to porous sponge
nanomaterials.

Based on the provided image of porous sponge
nanomaterials, please answer the following questions.

Query prompt GPT-4 Turbo with vision output

**Basics** The nanomaterial in the image is a porous sponge-like structure. The
scale of the image indicates that 1 micrometer (um) is the unit of
measurement.

**Morphology and Structure** The nanomaterials in the image have an irregular, highly porous mor-

phology with many voids. There are no distinct layers, phases, or
domains visible; it’s a continuous network of material. The nanomateri-
als do not appear uniform in size and shape; there’s a variety in the pore
sizes and the thickness of the material between the pores.

**Size and Distribution** The individual nanostructures vary in size, with pores ranging from
very small to relatively large in the context of the scale provided. The
pores do not have a uniform size and seem to be randomly distributed
throughout the material. There is no clear evidence of aggregation
or bundling; the material seems to be a single continuous phase with
interconnected pores.

**Surface Characteristics** The nanomaterial appears to have a rough texture with numerous visible
pores of varying sizes, which are characteristic of a highly porous
surface. The walls of the material between the pores also seem rough and
irregular. Visible defects or variations in the pore size and distribution
across the surface can be considered impurities, which are typical for
porous materials like aerogels or foam-like structures.

**Composition and Elements** There are no visible compositional variations in the image; it appears
uniform in color and contrast. No labels indicate specific elements or
compounds within the nanomaterial.

**Interactions and Boundaries** The individual nanostructures are fused, forming a continuous network
without clear boundaries between separate structures or phases. The
pores are interconnected, suggesting a single, cohesive material.

**External Environment** The image does not show any evidence of the nanomaterial interacting
with an external environment or matrix such as solvents or polymers.
The entire field of view is occupied by the nanomaterial, with no other
distinct structures or objects present that are not part of the nanomaterial
itself. All visible features appear to be intrinsic to the porous structure
of the nanomaterial.

**Image Technique and Modifica- The imaging technique used is Scanning Electron Microscopy (SEM),

tions** as indicated by the labels on the image such as "EHT” (electron high
tension), which is specific to SEM. There are no obvious signs of post-
processing or modifications such as false coloring; the image appears to
be a SEM grayscale representation.

**Functional Features** As for functional features like active sites or regions with distinct prop-
erties, these are not discernible at the resolution and format of the
image.

**Context and Application** The nanomaterial is likely intended for applications like catalysis, filtra-

tion, or insulation, given its porous structure. The image is of an actual
experimental sample, as indicated by its SEM imaging characteristics.




Table 17: The table presents an instruction-following dataset composed of image-question-answer triples generated
using GPT-4 Turbo with vision in response to open-ended natural language prompts about a microscopic image
of tips nanomaterials. In summary, this GPT-assisted vision-language dataset aids in the tuning of smaller models

for the analysis and interpretation of complex microscopic images in the context of open-ended VQA tasks.

/4
- .

Based on the provided image of tips nanomaterials,
please answer the following questions.

Query prompt

GPT-4 Turbo with vision output

**Basics**

The image shows an electron microscope image of a nanomaterial tip,
likely for scanning probe microscopy. The scale bar represents 10
micrometers.

**Morphology and Structure**

The nanomaterial in the image has a conical shape, characteristic of
a sharp tip used in microscopic probes. There are no distinct layers,
phases, or domains visible in this image. It appears to be a single,
uniform structure without visible variation in size or shape along its
length, suggesting a consistent manufacturing process.

**Size and Distribution®*

The image depicts a single nanostructure with a conical tip. The scale
bar indicates that the tip width is less than 10 micrometers, and the tip
itself tapers to a point, which is characteristic of nanomaterial tips used
for scanning probe microscopy. There is only one nanomaterial visible,
so we cannot comment on the distribution or spacing of multiple nanos-
tructures. Similarly, there is no evidence of aggregation or bundling, as
the image shows a solitary nanostructure.

**Surface Characteristics™*

The nanomaterial tip in the image appears relatively smooth, which
is typical for nanomaterials used in high-precision applications like
microscopy. There are minor variations on the surface that could be
indicative of some roughness or surface texture, but these are minimal.
There don’t seem to be any large visible defects, pores, or impurities;
however, the presence of small surface imperfections cannot be ruled
out at this magnification and resolution.

**Composition and Elements**

The grayscale image does not show compositional variations in color.
However, brightness and contrast variations can indicate differences in
composition or density. The uniform grayscale suggests homogeneous
material composition. There are no labels indicating specific elements
or compounds.

**Interactions and Boundaries**

The image shows a single nanomaterial tip with no visible interactions
or boundaries with other nanostructures.

**External Environment™*

In the image, there is no direct evidence of the nanomaterial interacting
with a surrounding environment or matrix. The background is feature-
less and uniform, which suggests that the image focuses solely on the
nanomaterial tip and does not include other materials or structures such
as solvents, polymers, or additional objects.

**Image Technique and Modifica-
tions**

The image was captured using a Scanning Electron Microscope (SEM).
There are no apparent post-processing or modifications like false color-
ing or 3D rendering; it’s a raw grayscale SEM image.

**Functional Features**

No specific functional features like active sites are visible in the image.
It’s a static representation, not capturing any dynamic processes.

**Context and Application**

The nanomaterial depicted is likely for use in scanning probe mi-
croscopy, such as Atomic Force or Scanning Tunneling Microscopy.
The image is of an experimental sample.
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Table 18: The table presents an instruction-following dataset composed of image-question-answer triples generated
using GPT-4 Turbo with vision in response to open-ended natural language prompts about a microscopic image
of particles nanomaterials. In summary, this GPT-assisted vision-language dataset aids in the tuning of smaller
models for the analysis and interpretation of complex microscopic images in the context of open-ended VQA
tasks.

Based on the provided image of particles
nanomaterials, please answer the following questions.

Query prompt GPT-4 Turbo with vision output

**Basics** The image shows spherical nanoparticles, and the scale bar at the bottom
indicates that 100 nanometers (nm) is the unit of measurement. Each
particle appears to be about 100 nm in diameter.

**Morphology and Structure** The nanomaterials in the image are generally spherical in shape and ap-
pear to be highly uniform in size and shape, suggesting a monodisperse
distribution. There are no distinct layers, phases, or domains visible;
the particles are consistent in their morphology throughout the image.

**Size and Distribution** The approximate size of the individual nanostructures, judging by the
scale bar, is about 100 nanometers in diameter. The nanomaterials are
distributed evenly throughout the image, with a uniform spacing that
suggests a well-ordered array and minimal aggregation or bundling.
There’s no visible evidence of clustering; each particle is isolated from
its neighbors, indicative of a stable colloidal system.

**Surface Characteristics** The nanomaterials appear to have a smooth surface without any notice-
able roughness or specific textures. The resolution of the image does
not allow for the identification of any defects, pores, or impurities on
the surface of the nanoparticles. The overall uniformity and smooth-
ness suggest high-quality synthesis methods without obvious defects or
contamination.

**Composition and Elements** There are no visible compositional variations in the image, and there
are no labels indicating specific elements or compounds. The particles
appear uniformly bright, suggesting a homogenous material without
visible impurities.

**Interactions and Boundaries** The nanostructures are separate and not fused together, with clear bound-
aries between each particle, indicating no significant interaction or
aggregation. There are no different structures or phases visible; all
particles appear identical and are evenly spaced.

**External Environment** The image doesn’t provide evidence of the nanomaterial interacting with
its surrounding environment or matrix; it’s a close-up with a focus solely
on the nanoparticles. There are no other structures or objects visible
that are not part of the nanomaterials themselves. The background is
consistent with what you’d expect in electron microscopy - featureless,
providing contrast to the particles being studied.

**Image Technique and Modifica- The image was captured using Scanning Electron Microscopy (SEM).
tions** There’s no apparent post-processing or modifications like false coloring
or 3D rendering; it appears to be a standard grayscale SEM image.

**Functional Features** No functional features such as active sites or regions with distinct
properties are visible in the image.

**Context and Application** The nanomaterial’s application is unclear from the image. Such nanopar-
ticles may serve in medicine, electronics, catalysis, or materials science.
This looks like an experimental sample, not a simulation.




Table 19: The table presents an instruction-following dataset composed of image-question-answer triples generated
using GPT-4 Turbo with vision in response to open-ended natural language prompts about a microscopic image
of powder nanomaterials. In summary, this GPT-assisted vision-language dataset aids in the tuning of smaller
models for the analysis and interpretation of complex microscopic images in the context of open-ended VQA
tasks.

Based on the provided image of powder
nanomaterial, please answer the following questions.

Query prompt GPT-4 Turbo with vision output

**Basics** The image is a scanning electron microscope (SEM) image showing
a powder nanomaterial. The scale bar indicates 2 micrometers (um),
meaning each unit on the scale bar represents 2 ym in the sample.

**Morphology and Structure** The nanomaterials in the image exhibit an irregular, clumped morphol-
ogy, with no distinct layers, phases, or domains readily apparent from
this view. The particles do not appear uniform in size and shape; there
is a variety of sizes and agglomerations, which is common in powdered
nanomaterials due to their high surface energy leading to aggregation.

**Size and Distribution®* The individual nanostructures vary in size, but due to the scale bar
indicating 2 micrometers, we can estimate that the particles range from
sub-micrometer to a couple of micrometers in diameter. The distribution
of nanomaterials throughout the image is clustered and random rather
than evenly spaced, which is typical for powdered materials in a SEM
image. There is evidence of aggregation or bundling, as many particles
appear to be clumped together, forming larger aggregates rather than
existing as isolated, individual particles.

**Surface Characteristics** The nanomaterials in the image have a rough and textured surface, which
is typical for powdered nanomaterials as seen under high magnification.
There are no clearly visible defects, pores, or impurities that can be
distinctly identified from the image provided. However, the granularity
and irregularity of the surfaces suggest a high surface area, which
is a common characteristic of nanomaterials. The roughness could
contribute to potential sites for chemical activity or adsorption.

**Composition and Elements** The SEM image shows uniform grayscale intensity, suggesting a ho-
mogeneous composition without visible evidence of different elements
or compounds. There are no specific labels or markers indicating the
presence of particular elements or compounds in the image.

**Interactions and Boundaries** Individual nanostructures in the image appear to be touching and fused,
forming clusters with no clear boundaries between them, indicating
a degree of agglomeration. There are no visible distinct boundaries
between different structures or phases.

**External Environment™** The SEM image shows only the nanomaterial tip, with no evidence of
interaction with or immersion in an external environment or matrix. No
other structures or materials are visible.

**Image Technique and Modifica- The image was captured using Scanning Electron Microscopy (SEM).

tions** It appears to be a standard SEM output without false coloring or 3D
rendering. SEM images are grayscale, and there are no signs of post-
processing.

**Functional Features** The SEM image does not visibly show any specific functional features

like active sites.

**Context and Application** The intended application of the nanomaterial in the SEM image cannot
be determined from the image alone. It is an experimental sample, not a
theoretical or simulation-based representation.
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Table 20: The table presents an instruction-following dataset composed of image-question-answer triples generated
using GPT-4 Turbo with vision in response to open-ended natural language prompts about a microscopic image
of MEMS devices and electrodes nanomaterials. In summary, this GPT-assisted vision-language dataset aids in
the tuning of smaller models for the analysis of complex microscopic images in the context of open-ended VQA
tasks.

Based on the provided image of MEMS devices and
electrodes nanomaterial, please answer the following

questions.
Query prompt GPT-4 Turbo with vision output
**Basics** The image shows nanoscale electrodes or conductive paths, possibly part

of a microelectromechanical system (MEMS). The scale bar indicates
that each unit of measurement represents 2 micrometers.

**Morphology and Structure** The nanomaterials in the image exhibit a linear, elongated morphology,
likely representing nanowires or nanorods. There appear to be distinct
parallel layers or strips, which could be separate phases or material
components. The uniformity in the spacing between the layers suggests
a controlled fabrication process. The nanomaterials themselves seem to
have a consistent width, indicating a uniform size and shape across the
visible structures.

**Size and Distribution** The nanostructures in the image appear as straight, parallel lines with a
consistent width less than 2 micrometers. They are evenly spaced and
aligned, indicating a controlled distribution typical of fabricated nano-
materials. There is no evidence of aggregation or bundling, supporting
the idea of deliberate design often seen in MEMS devices.

**Surface Characteristics** The nanomaterial’s surface appears relatively smooth, with minor varia-
tions that could be indicative of texture or grain boundaries. There are
some visible defects and impurities, such as particles or irregularities
on the surface between the parallel lines.

**Composition and Elements** The monochromatic SEM image shows uniform brightness along the
nanomaterial, suggesting homogeneous composition without visible
variation. No labels indicate specific elements or compounds.

**Interactions and Boundaries** The nanostructures are separate and do not appear to be touching or
fused, indicating they are likely isolated conductive paths or electrodes.
There are clear boundaries between the structures, as evidenced by the
distinct, parallel lines that separate them.

**External Environment** There is no evidence of interaction with a surrounding environment
or matrix in the image. All visible features appear to be part of the
nanomaterial system, with no other distinct objects present.

**Image Technique and Modifica- The imaging technique used is Scanning Electron Microscopy (SEM),

tions** as indicated by the details in the image. There’s no evidence of post-
processing modifications like false coloring or 3D rendering; the image
appears to be a standard grayscale SEM image.

**Functional Features** The image, being a static SEM representation, does not capture dynamic
processes. As for functional features, the parallel linear structures likely
represent active regions, such as conductive paths in a MEMS device.
However, specific active sites or regions with distinct properties are not
explicitly visible in this image.

**Context and Application** SEM image reveals nanomaterial structure suited for electronicss MEMS
(electrodes/conductors). The image is a real SEM photograph, not a
theoretical or simulation-based representation.
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4.1 Additional datasets and Experimental results

To bolster the robustness and generalizability of our frame-
work, we conducted evaluations using a diverse range of open-
source benchmark datasets. These datasets are relevant to
our research domain and encompass a broad spectrum of ap-
plications. This comprehensive evaluation strategy not only
validated the efficacy of our framework but also demonstrated
its adaptability to a wider range of datasets, extending beyond
the SEM dataset[Aversa er al., 2018].

NEU-SDD

To thoroughly evaluate the effectiveness of our proposed
method, specifically for open-ended VQA tasks involv-
ing multiple defect categories, we utilized the NEU-SDD
dataset([Deshpande er al., 2020]) !. This dataset comprises
an extensive collection of 1,800 electron microscopy images
illustrating surface defects on hot-rolled steel plates. The NEU-
SDD dataset enabled us to evaluate our framework’s ability
to comprehend complex visual information and provide in-
sightful answers to questions about the surface defects. Each
defect category in the NEU-SDD dataset is represented by
300 images, with each image having a resolution of 200200
pixels. The dataset is categorized into six distinct types of
defects, with 300 representative micrographs for each cate-
gory. These categories encompass a diverse range of surface
imperfections, including pitted surfaces, scratches, rolled-in
scale, crazing, patches, and inclusion defects. Notably, each
image in the dataset features only one type of defect. Figure 9
provides illustrative images from each category. In summary,
the NEU-SDD dataset represents a valuable resource for the
development and evaluation of surface defect-based VQA al-
gorithms. Its diverse range of defects, and high-quality images
make it a challenging and realistic benchmark for this task.

CMI

The CMI dataset?, meticulously curated by corrosion ex-
perts, comprises 600 high-resolution electron micrographs that
vividly capture the deterioration of corroded panels. These
meticulously labeled images adhere to the ASTM-D1654 stan-
dards and feature individual scores ranging from 5 to 9, corre-
sponding to 120 unique micrographs each. Each micrograph
has a spatial resolution of 512 x 512 pixels, providing a gran-
ular view of the corrosion damage. Figure 10 showcases
representative images from each score-based category. We
conducted experimental studies to evaluate the effectiveness of
our proposed technique for both multi-category classification
and open-ended VQA tasks.

KTH-Tips

The KTH-TIPS? dataset, which serves as a cornerstone in
texture analysis, comprises an extensive collection of 810 elec-
tron micrographs. Each of these images has been meticulously
categorized into one of ten distinct material classes. These

'Datasource: http://faculty.neu.edu.cn/yunhyan/NEU _surface_
defect_database.html

2https://arl.wpi.edu/corrosion_dataset

3https://www.csc.kth.se/cvap/databases/kth-tips/index.html

high-resolution images, each measuring 200 x 200 pixels, cap-
ture a diverse range of materials under varying lighting condi-
tions, orientations, and scales. The comprehensive collection
encompasses textures such as sponge, orange peel, styrofoam,
cotton, cracker, linen, crust, sandpaper, aluminum foil, and
corduroy. The representative images from each material class
can be seen in Figure 11. To evaluate the effectiveness of our
proposed method in multi-category texture-based classifica-
tion and open-ended visual question answering (VQA) tasks,
we conducted comprehensive experiments.

Additional Information

A common misconception is that GPT-4 Turbo with Vision
can handle all tasks, from image classification to visual ques-
tion answering (VQA), with a one-size-fits-all prompt. In
reality, each task requires a carefully designed prompt specific
to the dataset, leveraging our understanding of the model’s
capabilities. Diverse prompting strategies are essential in Al,
not just beneficial. By tailoring prompts to individual needs,
we unlock the full potential of advanced Al models and ensure
generation of high-quality, instruction-following datasets. We
leverage custom prompts tailored to each specific additional
datasets. This allows us to generate instruction-following
datasets focused on the material categories present in the input
microscopy images. Subsequently, smaller models trained
on this generated data can learn human intent from larger
teacher models, ultimately achieving state-of-the-art perfor-
mance on downstream tasks. To evaluate the effectiveness
of the MAEMI framework, we conducted a comprehensive
performance comparison with existing SOTA models across
various tasks. Specifically for multi-class classification tasks,
Table 21 presents classification accuracy results, demonstrat-
ing MAEMI’s performance relative to baseline models. In the
domain of open-ended VQA, Table 22 showcases MAEMI’S
performance, providing a detailed comparison with alterna-
tive approaches. To further illustrate MAEMI’s capabilities in
open-ended VQA, Tables 30, 31, and 32 offer concrete ex-
amples presenting images, corresponding questions, and the
generated answers. These tables go beyond textual compari-
son by incorporating performance evaluation metrics such as
BLEU-2, ROUGE-L, and METEOR, ensuring a quantitative
assessment. Additionally, Tables 23 - 29 present samples
from the instruction-tuning Q&A pairs dataset, generated by
GPT-4 Turbo with Vision. This dataset plays a crucial role in
the training process of smaller models.
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Figure 9: The figure displays a curated collection of electron microscopy images from the NEU-SDD dataset, also known as
the NEU Surface Defect Database. This specialized dataset is primarily used for detecting and classifying surface defects on
steel. It contains images representing six different types of steel surface defects found on hot-rolled steel strips: pitted surfaces,
scratches, rolled-in scale, crazing, patches, and inclusion defects. The database plays a crucial role in developing frameworks for
quality control in manufacturing and automated inspection systems by providing a diverse range of defect types and images for
comprehensive testing and evaluation.

Figure 10: The figure shows a curated collection of electron micrographs from the CMI dataset, which have been methodically
categorized based on the ASTM-D1654 standards. It features corrosion severity scores from 5 to 9, suggesting a scale that
measures the progression of corrosion damage on the material panels. With scores ranging from 5 to 9 indicating a progression
from moderate to less severe corrosion. The CMI dataset includes 600 images of material panels undergoing different levels of
corrosion, each evaluated and confirmed by experts through standardized laboratory testing.
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Figure 11: The figure shows a curated selection of electron micrographs from the KTH-TIPS texture dataset showcasing the ten
diverse material classes, including sponge, orange peel, styrofoam, cotton, cracker, linen, crust, sandpaper, aluminum foil, and
corduroy.

Algorithms |NEU-SDD CMI KTH-TIPS
ResNet 0906  0.928 0.941
GoogleNet 0936  0.928 0.929
SqueezeNet| 0.955  0.943 0.963
VanillaViT 0962  0.968 0.972
MAEMI 0985  0.983 0.991

Table 21: The table compares the multi-category classification performance of the proposed framework against established
benchmarks across datasets.

Baselines

Table 22: The table shows MAEMI framework excels on open-ended VQA task across benchmark datasets with their corresponding
scores in several evaluation metrics.

Method | BLEU-2 () | BLEU-4 () | ROUGE-1 (1) | ROUGE-2 () | ROUGE-L (1) | METEOR (1)
InstructBLIP[Daieral.] | 082 | 0666 | 0933 | 0832 | 0895 | 0955
LLaVA[Liueral. 20231 | 0814 | 0664 | 0956 | 0841 | 0903 | 0951
MiniGPT-4[Zhu eral 20231 | 0855 | 0687 | 0966 | 0828 | 0901 | 0982
MAEMI | 0908 | 0823 | 0984 | 0889 | 0942 | 0992
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Table 23: The table presents an instruction-following dataset composed of image-question-answer triples generated
using GPT-4 Turbo with vision in response to open-ended natural language prompts about a microscopic image
of corrosion category 5, according to ASTM-D1654 standards. In summary, this GPT-assisted vision-language
dataset aids in tuning smaller models to interpret complex microscopic images in the context of open-ended VQA

tasks.

Please answer the following questions about the provided
image of corrosion category 5, classified according to
ASTM-D1654 standards.

Query prompt

GPT-4 Turbo with vision output

What is the primary purpose of the
image?

The image is used for research on material corrosion, specifically to
classify the extent of damage according to standardized corrosion sever-
ity levels in a Visual Question Answering system. It’s a part of a dataset
for training machine learning models in corrosion detection.

How is the severity of corrosion vi-
sually represented in this rating?

The severity of corrosion in the images is determined by the extensive-
ness of the corroded area- in terms of size, depth, color changes, and
presence of rust or pitting. The lower ASTM-D1654 rating scores like a
5 here indicate more severe corrosion, with larger and more numerous
defects visible on the metal surface.

What is the dominant feature in the
image?

The image’s dominant feature is a large X-shaped mark, suggesting
severe corrosion or a deliberate assessment marking in the corrosion
dataset. Its size, shape, and contrasting color against the surface indi-
cate a lower corrosion severity rating, implying significant damage or
deterioration.

Describe the color and texture of the
X-shape.

The X-shape in the image is dark, suggesting heavy oxidation or degra-
dation. The texture is rough and uneven, hinting at flaking or pitting
typical of corroded metal. The color contrasts with the lighter back-
ground, possibly indicating early corrosion stages or intact coatings.
This is a typical appearance of a surface that has experienced significant
corrosion.

What’s notable about the back-
ground surrounding the X-shape?

The background has a mottled appearance with color variations from
lighter to darker shades, resembling rust and wear from corrosion. The
uneven surface shows pitting and discoloration, suggesting the onset of
corrosion. This context indicates the X-shape is part of a larger corroded
area being studied for material degradation.

Are there visible boundaries or divi-
sions between the X-shape and the
background?

The distinct X-shape boundaries suggest a clear division from the back-
ground, possibly due to deeper corrosion setting it apart or differences
in image processing or metal treatment in that area.

Is there a pattern to the corrosion
emanating from the X-shape?

Generally, corrosion may spread outward from points of origin, but the
exact pattern would depend on various factors including the material
and environmental conditions.

How do the dark speckles on the
background contribute to the overall
appearance of corrosion?

Dark speckles on a corroded surface indicate areas where the material
has started to pit or the protective layer has been compromised, allowing
oxidation. Their varying size and density give insights into the severity
and progression of corrosion. They create visual texture reflecting the
irregular nature of corrosion across the surface.

What does a rating of 5 signify
in terms of material integrity and
longevity?

A corrosion rating of 5 signifies severe degradation that can compromise
integrity and longevity, requiring attention, maintenance, or replacement
to ensure safety and functionality.
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Table 24: The table presents an instruction-following dataset composed of image-question-answer triples generated
using GPT-4 Turbo with vision in response to open-ended natural language prompts about a microscopic image
of corrosion category 9, according to ASTM-D1654 standards. In summary, this GPT-assisted vision-language
dataset aids in tuning smaller models to analyze and interpret complex microscopic images in the context of

1262

open-ended VQA tasks..

T 4

Please answer the following questions about the provided
image of corrosion category 9, classified according to
ASTM-D1654 standards.

Query prompt

GPT-4 Turbo with vision output

What is the primary intent of the
image?

The primary intent of the image you’ve provided, which belongs to the
corrosion 9 category from the CMI dataset, is to serve as a detailed
electron micrograph for the study of corrosion. It appears to capture
the advanced state of deterioration on metal panels, providing a high-
resolution view to analyze and understand the patterns and progression
of corrosion. This kind of image is typically used by researchers and
professionals in the field of material science and engineering to assess
the condition of metal structures, to develop better corrosion-resistant
materials, and to test the effectiveness of anti-corrosion treatments.
The image’s adherence to ASTM-D1654 standards indicates that it
has been categorized and scored based on a standardized measure of
evaluating the severity of corrosion, which is crucial for consistent
scientific analysis and research.

Can you describe the overall color
scheme of the image?

The image displays a predominantly beige or tan background with a
central feature that appears as a rust or brownish streak, indicative of cor-
rosion. This streak has variations in intensity, with some areas appearing
darker, suggesting different stages or concentrations of corrosion.

What is the main corroded feature
present in the image?

The main corroded feature in the image is a long, linear streak of
corrosion running across the field of view. This streak is characterized
by its brownish, rust-like color, which contrasts with the lighter beige
background. It likely represents a significant area of metal degradation,
with variations in color intensity indicating different levels or depths of
corrosion damage.

How does the corrosion manifest
around this scribed line?

The corrosion shows as a rust-colored line where the coating was likely
removed, allowing corrosion to start. Around this line, the corrosion
spreads outward, creating a gradient where the rust color fades away
from the central line. This indicates severe corrosion near the scribed
line, with less impact on the surrounding metal.

Given the context of corrosion rat-
ings, how does a rating of 9 com-
pare to other ratings in terms of cor-
rosion severity?

A rating of 9 in the context of corrosion severity, especially within
a scale that adheres to ASTM-D1654 standards, typically indicates
minimal corrosion, with the metal surface remaining mostly intact.
Lower ratings would denote more severe corrosion damage.

Is the corrosion consistent through-
out the scribed line?

The corrosion along the scribed line is not uniform; it varies in intensity,
suggesting different levels of corrosion severity along the line.

How does the background of the im-
age appear in comparison to the cor-
roded area?

The background of the image is a uniform beige or tan color, which
appears smooth and undamaged, contrasting with the corroded area that
shows a brownish, textured streak indicative of corrosion damage.

If one were to run their fingers
across the image, what differences
in texture might they expect be-
tween the corroded scribe and the
background?

Touching the corroded panel in the image would reveal roughness and
unevenness along the corroded line, contrasting with the smoother,
intact background. The corroded area feels irregular and pitted, while
the surrounding area is smoother. However, this texture is only visually
perceptible in the image, not tactile.
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Table 25: The table presents an instruction-following dataset composed of image-question-answer triples generated
using GPT-4 Turbo with vision in response to open-ended natural language prompts about a microscopic image
of the aluminium foil. In summary, this GPT-assisted vision-language dataset aids in tuning smaller models to

analyze and interpret complex microscopic images in the context of open-ended VQA tasks.

Referring to the provided image of aluminum foil,
please provide answers to the questions below.

Query prompt

GPT-4 Turbo with vision output

What is the primary material de-
picted in the image?

The primary material depicted in the image you provided appears to be
aluminum foil. Aluminum foil is typically characterized by its shiny
surface and its ability to crumple and fold easily, creating a range of
highlights and shadows that give it a distinctive textured appearance.
The image shows these characteristics, suggesting that it is indeed
aluminum foil.

How is the surface texture of the
material?

The surface texture of the aluminum foil in the image is highly irregular
and crinkled, characterized by sharp folds and creases that reflect light
differently. This creates a complex pattern of highlights and shadows.
The crumpled nature results in a chaotic, random texture typical of
manipulated foil. The texture varies with the degree of crumpling and
lighting angle, contributing to the foil’s unique and detailed appearance.

What color predominates in the im-
age?

The image predominantly displays shades of gray, characteristic of the
metallic sheen of aluminum foil. The varying brightness within those
shades is due to the crinkled texture and how it reflects light.

Are there any reflections or shines
visible on the material?

Yes, there are multiple reflections and shines visible on the material,
which are indicative of aluminum foil’s reflective metallic surface. The
crinkles and folds create varying degrees of brightness and contrast,
emphasizing the shiny quality of the foil.

How would you describe the overall
pattern on the foil?

The overall pattern on the aluminum foil is highly irregular and chaotic,
with no uniformity or repeating motifs. It consists of numerous random
creases and folds that create a complex and intricate texture. The
pattern is formed by the way the foil has been crumpled, resulting in a
disordered array of reflective angles and surfaces.

Is the foil flat or does it appear to
have depth and volume?

The foil appears to have depth and volume due to the pronounced creases
and folds, which create a three-dimensional effect, the crumpling gives
it a textured appearance that suggests a sense of depth.

Does the foil cover the entirety of
the image?

The foil appears to cover the entirety of the image with no other distinct
elements or objects present.

How would you describe the light-
ing on the foil?

The lighting on the foil seems to be diffuse, with no harsh or direct
reflections, suggesting a soft, indirect light source. This type of lighting
enhances the visibility of the texture by casting gentle shadows within
the creases without creating overpowering glare.

Is there any uniformity in the crin-
kles and folds, or are they random?

The crinkles and folds in the aluminum foil appear to be random and
without any discernible pattern or uniformity. Each crease and fold is
unique, contributing to the overall complex texture of the material.

Is the background distinguishable,
or does the foil cover it completely?

The foil covers the background completely, making it indistinguishable.

There are no visible elements or details beyond the foil itself in the
image.
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Table 26: The table presents an instruction-following dataset composed of image-question-answer triples generated
using GPT-4 Turbo with vision in response to open-ended natural language prompts about a microscopic image
of the corduroy fabric. In summary, this GPT-assisted vision-language dataset aids in tuning smaller models to
analyze and interpret complex microscopic images in the context of open-ended VQA tasks.

Referring to the provided image of corduroy fabric,
please provide answers to the questions below.

Query prompt GPT-4 Turbo with vision output

What type of material is depicted in ~ The image you’ve provided appears to be a texture that is consistent

the image? with the material class of corduroy. Corduroy is characterized by its
distinct pattern of raised ridges, or wales, which run in parallel lines.
The texture in the image exhibits these hallmark ridges, suggesting that
it indeed represents a corduroy material.

What color does the corduroy fabric ~ The corduroy fabric in the image primarily exhibits a brown color.
primarily exhibit?

Describe the texture and pattern no- The texture of the corduroy in the image is characterized by its dis-

ticeable on the corduroy tinctive ridges or wales, which are raised parallel lines that run along
the length of the fabric. These wales give corduroy its unique texture
that is both visual and tactile. The pattern is repetitive and consistent,
with each wale typically having a uniform width and height, creating a
corded look that is typical of this type of fabric. The valleys between
the wales appear as linear depressions that alternate with the raised
wales, contributing to the overall texture of the material. The texture
also suggests a soft and somewhat velvety feel, which is common with
corduroy fabrics.

Are these raised lines uniformly dis-  Yes, in the image of the corduroy fabric, the raised lines, or wales, are

tributed throughout the fabric? uniformly distributed, giving it a consistent texture and appearance.
The regular spacing and similar width of each wale contribute to the
material’s uniform look.

How does light interact with the fab- In the image, light interacts with the fabric’s texture, creating highlights

ric’s texture? and shadows along the corduroy’s wales. The raised ridges catch light,
enhancing brightness and sheen on the peaks, while the valleys remain
shadowed, accentuating the fabric’s depth and texture. This interplay
enhances the corduroy’s three-dimensional look and emphasizes its
tactile quality. The light’s directionality also affects texture visibility;
angled light increases the contrast between the wales and grooves,
making the texture more pronounced.

Describe the spacing between the The spacing between the ribs in the corduroy is uniform and even,
ribs. typical of the regular pattern associated with this material.

How does the fabric’s texture vary  The fabric’s texture varies between the raised lines (wales) and the gaps

between the raised lines and the (channels) in that the wales are more pronounced and may feel thicker

gaps in between? or plush, while the channels are recessed, creating a softer and smoother
feel in comparison.

Are there any visible imperfections The image of the corduroy does not exhibit any visible imperfections
or signs of wear on the corduroy? or signs of wear; the wales appear consistent and intact, indicating the
fabric is likely in good condition.

From which angle or perspective is  The fabric is being observed from a direct, overhead angle, looking
the fabric being observed? straight down onto the surface, allowing for a clear view of the texture
and pattern of the corduroy.

Is the image a full representation of =~ The image seems to represent just a section of the corduroy fabric, not
the fabric or just a section? the full extent of the material. It provides a close-up view that focuses
on the texture and pattern detail.




Table 27: The table presents an instruction-following dataset composed of image-question-answer triples generated
using GPT-4 Turbo with vision in response to open-ended natural language prompts about a microscopic image of
the linen fabric. In summary, this GPT-assisted vision-language dataset aids in tuning smaller models to analyze

and interpret complex microscopic images in the context of open-ended VQA tasks.

Referring to the provided image of the linen fabric,
please provide answers to the questions below.

Query prompt

GPT-4 Turbo with vision output

What is the primary material dis-
played in the image?

The image is a representation of a linen texture. Linen is known for
its distinctive, slightly irregular weave and natural fiber look, which is
visible in the image provided.

Can you identify the primary color
of the linen fabric in the image?

The primary color of the linen fabric in the uploaded image appears to
be a beige or light tan color. This color is often associated with natural
linen materials.

Describe the texture or pattern visi-
ble on the linen?

The linen’s texture in the image shows a distinct, woven pattern typical
of linen fabrics. The weave is tight and regular, with slight thread
thickness variation, giving it a natural, irregular appearance. The pattern
features a crisscross arrangement, creating a grid-like structure. The
surface has a matte finish, suggesting a soft, natural feel typical of linen
textiles.

How would you describe the spac-
ing between the woven threads?

The spacing between the woven threads in the image appears to be quite
close, but with enough separation to make individual threads distin-
guishable. The threads are woven in a consistent pattern, indicative of a
tightly woven fabric, yet they are not so tightly bound that they lose the
textured appearance distinctive to linen. This type of spacing is typical
for quality linen, allowing for durability while retaining breathability.

Does the linen appear soft or rigid
based on the visible texture?

Based on the visible texture in the image, the linen appears to have a
soft quality. The slight irregularities in the thread thickness and the
natural weave pattern suggest flexibility, which is characteristic of linen
fabrics. Despite its structured and tight weave, linen is known for its
natural softness and the image does not suggest any stiffness that would
indicate rigidity.

Are there any observable sheen or
reflective properties on the linen?

From the image provided, the linen does not exhibit a significant sheen
or reflective properties. The surface appears matte, with the natural,
slightly uneven texture of the weave absorbing light rather than reflect-
ing it. This lack of luster is typical for linen, which is known for its
more subdued, earthy aesthetic rather than a glossy or shiny appearance.

How consistent is the texture
throughout the displayed section?

The texture of the linen in the image is consistent, with a uniform weav-
ing pattern indicating high-quality textile production. Subtle natural
variations in thread thickness, characteristic of linen, don’t disrupt the
fabric’s overall uniformity. This consistent weave suggests a smooth,
even feel, desirable in linen fabrics.

Based on the visible attributes, how
would you describe the tactile sen-
sation of the fabric?

The linen fabric in the image would likely offer a tactile experience
that is characteristically textured and crisp to the touch, with a natural,
slightly irregular feel indicative of its organic origin. The tight yet
breathable weave suggests a fabric that is both durable and comfortable,
providing a sensation of both softness and structured quality.

Are there any discernible imperfec-
tions or unique characteristics in the
fabric?

Based on the image, the fabric is uniform, free from snags, pulls, or
discoloration. The natural variation in thread thickness, characteristic
of linen, provides a distinct, organic texture, enhancing its aesthetic and
tactile appeal. Overall, the fabric appears high quality, embodying the
nuanced details typical of woven linen.
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7 NEU-SDD

Table 28: The table presents an instruction-following dataset composed of image-question-answer triples generated
using GPT-4 Turbo with vision in response to open-ended natural language prompts about a microscopic image
of the scratches category of surface defects. In summary, this GPT-assisted vision-language dataset aids in tuning

smaller models to analyze and interpret complex microscopic images in the context of open-ended VQA tasks.

Based on the provided image from the scratches
category, please respond to the following questions.

Query prompt

GPT-4 Turbo with vision output

What category does this texture be-
long to?

The category of the texture in the provided image belongs to the
scratches category. Scratches are characterized by linear markings or
indentations on the surface, which can vary in depth and width. These
defects are typically a result of mechanical damage where an object
has come into contact with the surface with enough force to mar it. In
the context of the NEU-SDD dataset, this image would be used to train
algorithms to recognize and categorize such imperfections on hot-rolled
steel plates.

Describe the central feature in the
image?

The central feature in the image is a linear, vertical scratch mark, charac-
terized by a distinct, bright line against a darker background, indicative
of a surface defect on the material.

How would you describe the con-
trast between the scratch and the
surrounding texture?

The contrast between the scratch and the surrounding texture is quite
pronounced. The scratch appears as a bright, linear streak against a
uniformly darker background, which indicates a significant difference
in reflectivity or texture between the scratch and the rest of the surface.
This high-contrast feature makes the scratch readily identifiable.

What color tones dominate the im-
age?

The image is grayscale, so it is dominated by shades of gray. There are
no color tones in a grayscale image, only variations from black to white.

Can you define the orientation of
the scratch?

The orientation of the scratch is vertical, extending from the top to the
bottom of the image.

How would you describe the edges
of the scratch?

The edges of the scratch appear relatively straight and parallel, suggest-
ing a singular, consistent force that created it. They are well-defined,
indicating a clear demarcation between the scratch itself and the sur-
rounding unaffected material.

Is the scratch in the center or to-
wards the side of the image?

The scratch is centrally located in the image, running vertically down
the middle of the frame..

Are there multiple scratches or just
a single prominent one?

Based on the image provided, there is a single prominent scratch visible
running vertically down the center.

Is the rest of the image’s texture
smooth or grainy?

The rest of the image’s texture appears grainy, with a speckled pattern
of lighter and darker gray areas indicative of the microscopic surface
texture of the material.

How does the brightness of the
scratch compare to the overall im-
age?

The scratch is significantly brighter than the overall image. It stands
out as a distinct, lighter feature against the predominantly darker, grainy
background of the rest of the image.

If you were to touch the scratch,
would it feel raised or recessed?

Based on the visual characteristics of the scratch in the image, it would
likely feel recessed. The brightness of the scratch, in contrast to the
darker surrounding area, suggests a groove or indentation in the mate-
rial’s surface.




Table 29: The table presents an instruction-following dataset composed of image-question-answer triples generated
using GPT-4 Turbo with vision in response to open-ended natural language prompts about a microscopic image
of the patches category of surface defects. In summary, this GPT-assisted vision-language dataset aids in tuning

smaller models to analyze and interpret complex microscopic images in the context of open-ended VQA tasks.

k.

Based on the provided image from the patches
category, please respond to the following questions.

Query prompt

GPT-4 Turbo with vision output

What category does this texture be-
long to?

The texture in the image belongs to the patches category of surface
defects.

Describe the dominant features in
the image?

The image shows a grayscale texture with varied patterns of light and
dark areas. Dominant features include irregularly shaped darker patches
distributed across a lighter background, suggesting an uneven surface
typical of the “’patches” defect category in steel. These patches appear as
areas of concentration or clusters, contrasting with the lighter grayscale
background, and may indicate surface inconsistencies or repairs.

How would you characterize the
contrast between the patches and the
surrounding area?

The contrast between the patches and the surrounding area in the im-
age is quite pronounced. The patches appear as distinct, darker areas
against a lighter background, indicating a significant difference in tone.
This stark contrast helps to highlight the irregularities and the texture
differences between the defective patches and the rest of the surface.

What color tones are prevalent in
the image?

The image is in grayscale, showing black, white, and gray tones. It
lacks color, displaying intensity variations from black (low intensity or
absence of material) to white (high intensity or presence of material),
with gray shades indicating levels in between. The darker gray patches
suggest lower intensity areas compared to the lighter gray surrounding
surface.

Describe the shape and arrangement
of the patches?

The patches in the image are irregularly shaped and vary in size and
form, distributed randomly across the surface. Some cluster together,
while others are isolated, with jagged, poorly-defined edges blending
into the lighter background. This irregularity in shape and arrangement
typifies material surface defects.

How does the texture within the
patches compare to the rest of the
image?

Within the patches, the texture appears to be denser and more chaotic
compared to the rest of the image. The granularity is more pronounced,
with a rougher, less uniform appearance. In contrast, the surrounding
areas exhibit a smoother and more consistent texture with lighter shades
of gray, suggesting a less disturbed surface. The patches stand out due to
their distinct, rugged texture against the relatively uniform background.

Would you say the patches are cen-
tralized or more dispersed?

The patches appear to be dispersed throughout the image rather than
centralized. They are spread across the surface without a clear concen-
tration in any particular central area, indicating a random distribution of
the surface defects.

Do the patches have well-defined
boundaries?

The patches do not have well-defined boundaries; their edges are irregu-
lar and blend into the surrounding area.

Describe the granularity of the back-
ground texture?

The background texture in the image is relatively smooth and uniform,
with fine granularity. This contrasts with the rougher texture of the
patches, making the overall surface appear heterogeneous.

In a real-world scenario, how might
such patches form on materials?

Patches on materials can form due to corrosion, wear and tear, manufac-
turing flaws, inconsistent repairs or treatments, and chemical exposure,
often indicating areas of weakness.

Does the image lean more towards
being bright, dark, or neutral over-
all?

The image is overall neutral in tone, with a balance between light and
dark areas, neither leaning distinctly towards being bright nor dark.
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Table 30: The table displays a collection of electron microscope images that depict metal corrosion, accompanied by their
accurate labels. Additionally, it includes machine-generated descriptions for each image, which are obtained from an open-ended
VQA task that examines contributing factors. The effectiveness of these generated descriptions is assessed by comparing their

similarity to the actual labels, using BLEU-2, ROUGE-L, and METEOR evaluation metrics.

BLEU-2/
Image Ground Truth Answers ROGUE-L/
METEOR
The corrosion on this metal could be | The corrosion on this metal could be
influenced by environmental factors | due to environmental factors (mois-
(moisture, temperature, exposure to | ture, temperature, chemical expo- 0.689
chemicals), the metal’s composition, | sure), the metal’s composition, pro- 0.833
protective coating failures, and pos- | tective coating failures, and possibly 0'802
sibly physical damage that compro- | physical damage compromising the |
mised the surface. surface
The corrosion shown may be due | The corrosion shown may be due
to environmental elements, material | to environmental factors, defects in | 0.725
defects, or inadequate corrosion pro- | materials, or inadequate corrosion | 0.848
tection measures. protection measures. 0.806
Corrosion here appears influenced | Corrosion appears influenced by di-
by direct exposure to elements, pos- | rect exposure to elements, possibly 0.824
sibly exacerbated by an abrasive | exacerbated by an abrasive method 0'905
treatment that may have removed | that may have removed some protec- 0'90 1
protective coatings. tive coatings. ’
. The streakin rns indi -
The streaking patterns suggest water ¢ streaking patterns dicate wa
. ter flow, suggesting that exposure to
flow, so exposure to moisture and en- . . 0.725
. . . moisture and environmental factors
vironmental conditions likely played | .. . . 0.829
. . likely played roles in the corrosion
roles in the corrosion process. 0.886
process.
In this image, corrosion seems min- | In this image, corrosion appears min-
imal, suggesting effective protec- | imal, indicating that effective pro- 0711
tive measures, possibly the triva- | tective measures, possibly including 0'8 42
lent chromium pretreatment, are in | the trivalent chromium pretreatment, 0'931
place. are in place. ’




Table 31: This table showcases a selection of electron microscope images alongside their corresponding labels, and framework-
generated descriptions on an open-ended VQA task delving into material properties like durability, degradation, and environmental
impact. To gauge the effectiveness of the automatically generated descriptions for these images, we evaluated their similarity to

the true labels using metrics such as BLEU-2, ROUGE-L, and METEOR.

BLEU-2/
Image Ground Truth Answers ROGUE-L/
METEOR
The material shown, likely alu- | The shown material, likely alu-
minum foil, is durable and resistant | minum foil, is durable and resistant
. . . . 0.844
to degradation but can have a sig- | to degradation but can have a sig- 0.913
nificant environmental impact if not | nificant environmental impact if not 0'8 69
recycled properly. recycled correctly. )
The material appears to be bread, | The material, which appears to
with low durability, quick biodegra- | be bread, possesses low durability, | 0.736
dation, and minimal environmental | quick biodegradation, and minimal | 0.903
impact. environmental impact. 0.855
The material appears to be carpet, | The material, appearing to be car-
which is moderately durable, de- | pet, possesses moderate durability,
. 0.447
grades over years, and can be en- | degrades over time, and can be en- 0667
vironmentally impactful if synthetic | vironmentally significant if made of '
) . 0.727
and not recycled. synthetic materials and not recycled.
This textile, possibly canvas or | This textile, which could be canvas
burlap, has high durability, slow | or burlap, has high durability, de- | 0.453
degradation, and if natural, a low | grades slowly, and has a low envi- | 0.634
environmental impact. ronmental impact if it is natural 0.648
The material, likely sponge or foam, The mgterlal, prespmably sponge or
. . foam, is comparatively less durable,
is less durable, degrades variably, - . 0.500
. . degrades in various ways, and po-
and can have a higher environmental allv has a hich . 1 0.652
impact if not biodegradable tentially has a higher environmental | ) ggg
’ impact if it lacks biodegradability.
The fabric, likely a natural fiber | L0C fabric, likely comprised of a
. natural fiber weave, is moderately
weave, is moderately durable, . . 0.635
. .” | durable, biodegrades effectively, and
biodegradable, and has a low envi- L. . 0.810
. usually has a minimal environmen-
ronmental impact when untreated. . 0.865
tal impact when untreated
The material, resembling an or- The subsFanc'e, Whlch appears to be
L o1 an organic rind, exhibits moderate
ganic rind, has moderate durability, - . J 1 0.393
. . durability, has biodegradable quali-
biodegradable properties, and a low | _. . 0.615
. g ties, and generally results in a low
environmental impact. ; . 0.718
environmental impact.
The material, likely sandpaper, is de- | The substance, resembling sandpa-
signed for short-term use, degrades | per, is constructed for limited use, 0.499
with wear, and has a moderate envi- | degrades with wear, and has a mod- 0' 696
ronmental impact depending on the | erate environmental impact, varying O. 573
backing material. with the backing. ’
The material, resembling a sponge, | The substance, which looks like a
has low to moderate durability, vari- | sponge, has low to moderate durabil-
) . ) . 0.474
able degradation, and a potentially | ity, degrades variably, and can have 0615
high environmental impact if syn- | a high environmental impact if it is '
. - 0.708
thetic. synthetic.
The material, likely glittery fabric The substance, p ossibly glittery fab-
ric or paper, displays low to mod-
or paper, has low to moderate dura- D
L erate durability, tends to degrade | 0.609
bility, can degrade slowly, and often .
- i ] slowly, and often leads to a high en- | 0.696
has a high environmental impact due . . .
. . . vironmental impact from microplas- | 0.731
to microplastic pollution. . .
tic pollution.




Table 32: The table displays a selection of electron microscope images along with their corresponding labels and framework-
generated descriptions. These descriptions are evaluated for their effectiveness in a open-ended VQA task that investigates
defects and their identifying features. We assess the similarity between the automatically generated descriptions and the true
labels using metrics such as BLEU-2, ROUGE-L, and METEOR.

BLEU-2/
Ground Truth Answers ROGUE-L/
METEOR
The image displays crazing, charac- | The picture shows crazing, marked
. . . 0.378
terized by a network of fine, inter- | by a fine, interconnected network of
) . 0.600
linked cracks on the surface. cracks on its surface 0721
The image shows the defect known | The image exhibits the defect known
as inclusion, identifiable by darker | as inclusion, evident from the darker | 0.695
areas or spots embedded within the | areas or spots within the material’s | 0.800
material’s matrix. matrix. 0.820
The image shows a defect known as | The image depicts the defect re-
patches, which are characterized by | ferred to as patches, characterized | 0.460
large, dark, and irregularly shaped | by expansive, dark, and irregularly | 0.651
areas on the material’s surface. shaped regions on the surface. 0.703
The image shows a pitted surface | The image illustrates a pitted sur-
defect, characterized by numerous | face condition, with numerous small | 0.524
small, shallow depressions scattered | and shallow depressions distributed | 0.737
across the material’s surface. across the material’s surface. 0.643
The image shows the defect known The image 111u§trates the defept
. L known as rolled-in scale, recogniz-
as rolled-in scale, indicated by dark 0.511
. able by the dark streaks and embed-
streaks and spots embedded in the . 0.667
) . ded spots on its surface, often seen
surface, typical of metalworking. . . 0.741
in metalworking.
The image shows a defect called | The image reveals scratches as a de-
scratches, identifiable by the long, | fect, recognizable by the long, slen- | 0.417
thin, and straight lines running | der, and straight paths etched across | 0.619
across the material’s surface. the material’s face. 0.524
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