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Abstract

Large Language Models (LLMs) offer a
promising alternative to traditional Materials
Science Text Mining (MSTM) by reducing
the need for extensive data labeling and
fine-tuning. However, existing zero-/few-shot
methods still face limitations in aligning with
personalized needs in scientific discovery. To
address this, we propose ClassMATe, an active
knowledge structuring approach for MSTM.
Specifically, we first propose a class defini-
tion stylization method to structure knowledge,
enabling explicit clustering of latent material
knowledge in LLMs for enhanced inference.
To align with the scientists’ needs, we propose
an active needs refining strategy that iteratively
clarifies needs by learning from uncertainty-
aware hard samples of LLMs, further refining
the knowledge structuring. Extensive experi-
ments on seven tasks and eight datasets show
that ClassMATe, as a plug-and-play method,
achieves performance comparable to super-
vised learning without requiring fine-tuning
or extra knowledge base, highlighting the
potential to bridge the gap between LLMs’
latent knowledge and real-world scientific
applications.!

1 Introduction

Materials science texts, including research pa-
pers, patents, and reports, contain a large amount
of valuable data, such as experimental proce-
dures, material performance metrics, and other
critical insights. This drives materials scientists to
systematically develop specialized datasets from
them to predict material properties and facili-
tate the discovery of new materials. (Tshitoyan
et al., 2019; Suvarna et al., 2023; Zhang et al.,

* Corresponding author.
"The code is available at https://github.com
/xinzcode/ClassMATe.

2024; Sun et al., 2024). To streamline this pro-
cess, Materials Science Text Mining (MSTM)
was developed to extract specific elements from
these texts that are more challenging than gen-
eral texts due to intricate property descriptions
and condition-dependent terms, including tasks
like sentence classification and synthesis action
retrieval (Gupta et al., 2022; Song et al., 2023a).

Recent advancements in Large Language Mod-
els (LLMs) have made zero-shot or few-shot
learning increasingly feasible, leading to the de-
velopment of Zero/Few-Shot MSTM (Song et al.,
2023b; Zhong et al., 2024), which significantly
improves usability by eliminating the need for
task-specific model training or fine-tuning (here-
after, Zero/Few-Shot MSTM will be called MSTM
for simplicity). This paradigm shift empowers
materials scientists, especially those aiming to
employ MSTM as a data extraction tool, to
focus on research needs, freeing them from
model adaptation and lowering barriers to material
discovery.

Current zero-shot or few-shot approaches (Song
et al., 2023b; Dagdelen et al., 2024) focus mainly
on fine-tuning LLMs with material knowledge
datasets to improve domain-specific performance.
However, our analysis reveals that a major
bottleneck in applying LLM to MSTM tasks is
not the intrinsic understanding of materials
science by LLMs but the ambiguity of task
needs. Specifically, materials scientists often
have personalized information needs due to their
different focuses in material discovery research,
making it challenging for LLMs to grasp these
needs accurately. As illustrated in Figure 1, based
on real-world observations, the diverse contexts
associated with ‘‘materials’ make it difficult
to establish a precise and comprehensive defini-
tion from the beginning, as it often needs to be
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Materials Focus : Scientific Discover ( Solid Oxide Fuel Cells )
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', Materials that are mentioned as participants
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LLMs Focus : Text Mining ( NER, RC. EAE)

{Task Introduction} ICL
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¥

Material..

Materials used at the anode to facilitate
oxidation reactions. P

Materials used for the external casing or
structural protection of the fuel cell. ?

Figure 1: Main challenges in current MSTM ap-
proaches: The gap between LLMs’ material knowledge
and scientists’ personalized needs.

determined based on specific texts, especially
when faced with large volumes of materials sci-
ence texts. Even with constraints on the materials
(e.g., ‘‘materials referred to as parti-
cipants in fuel cell experiments’’),
LLMs still struggle to accurately distinguish
between desired data (e.g., ‘‘anode mate-
rials’) and undesired data (e.g., ‘‘shell
materials’’), despite having a sufficient under-
standing of these concepts. Moreover, leverag-
ing the material knowledge embedded in rapidly
evolving LLMs will likely be more effective than
substantial investments in domain-specific fine-
tuning (Xia et al., 2024).

Thus, beyond domain enhancement through
fine-tuning, addressing needs disambiguation
while effectively leveraging internal material
knowledge could be more crucial. Based on this
observation, we propose the concept of Active
Knowledge Structuring (AKS) for LLMs in
MSTM, which aims to enable the LLM to adap-
tively organize and prioritize relevant material
knowledge for inference and actively refine its
understanding according to the specific needs
of each MSTM task, thereby improving per-
formance without relying solely on large-scale
expert-labeled data.

To further the AKS approach, two key questions
remain to be explored: (1) How to effectively
structure LLMs’ knowledge for MSTM? In-
spired by code-style in-context learning (Li et al.,
2024; Sainz et al., 2023), we propose constructing
task labels as code class definitions to effectively

structure knowledge, as task labels play a critical
role in representing scientists’ needs. Unlike exist-
ing methods that rely on external knowledge bases,
we suggest using LLMs to generate relevant mate-
rial concepts as the attributes of class, effectively
aggregating their internal associative knowledge
for inference. (2) How to naturally help iden-
tify scientists’ needs in MSTM? To accurately
align LLMs with scientists, additional supervisory
information is inevitable. We propose an active
needs refining strategy aimed at clarifying needs
through multiple rounds of few-shot annotation
and learning. This enables LLMs to gradually
refine their understanding of scientists’ needs.
Rather than requiring scientists to pre-list all pos-
sible scenarios, allowing them to make judgments
when encountering uncertain real-world exam-
ples offers a more practical approach.

In this paper, we propose ClassMATe, an ac-
tive knowledge structuring approach for MSTM,
designed to align LLMs’ material knowledge with
scientists’ personalized needs. ClassMATe first
introduces a class definition stylization method
to explicitly structure LLMS’ internal materials
knowledge. Next, an uncertainty-guided active
needs refining strategy is designed. Iterative few-
shot learning empowers LLMs to actively clarify
personalized needs and refine class definitions.
Finally, the detailed needs and key material
knowledge are accurately structured for in-context
learning, effectively enhancing the inference of
LLMs for MSTM. To verify the efficacy of Class-
MATe, we further updated the benchmark dataset
(Song et al., 2023a) to suit the era of LLMs better
and evaluated the performance under zero-shot
and few-shot conditions. In summary, the paper
makes the following contributions:

e We are the first work that proposes Ac-
tive Knowledge Structuring, a task-agnostic
in-context learning (ICL) paradigm for Zero/
Few-Shot MSTM, providing a sustainable
pathway with practical applications for
Materials Scientists.

e We propose ClassMATe, an AKS-based
MSTM approach, effectively bridging the
gap between the LLMs’ internal materials
knowledge and materials scientists’ person-
alized needs.

e We conduct extensive experiments on eight
datasets and seven tasks, showing that
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ClassMATe, employing 8B LLMs, achieves
performance comparable to supervised learn-
ing without requiring fine-tuning or external
knowledge bases.

2 Related Work

Materials Science Text Mining MSTM pri-
marily focuses on text mining in materials science,
involving various NLP tasks such as named en-
tity recognition, relation extraction, and sentence
classification. Current MSTM approaches, based
on benchmark models and task specificity, can
be categorized as follows: (1) Rule-based: Early
approaches based on rule-based systems and man-
ual ontologies (Tshitoyan et al., 2019; Kononova
et al., 2019), heavily relying on scientists for de-
sign. (2) BERT-based: To overcome the above
limitations, supervised learning approaches were
developed, adopting BERT as the backbone for
task training, including MatBERT (Walker et al.,
2021), MatSciBERT (Gupta et al., 2022), Bat-
teryBERT (Huang and Cole, 2022), MatSci-NLP
(Song et al., 2023a), and MELT (Kim et al.,
2024), still relying on annotated datasets. (3)
Task-Specific LLM Adaptation: Some recent
studies leverage LLMs to enhance MSTM via
task-specific fine-tuning or in-context learning
(Dagdelen et al., 2024; Zhong et al., 2024), de-
signing prompts tailored to specific tasks. (4)
Task-Agnostic LLM Adaptation: To reduce re-
liance on task-specific supervision, researchers
have explored zero/few-shot learning by adapting
LLMs using general materials corpora (Song et al.,
2023b). This direction is the focus of our study,
as it facilitates task generalization without costly
annotations. However, current efforts mainly en-
hance material understanding while overlooking
the personalized needs of scientists, which we
believe deserve greater attention.

In-Context Learning with LLMs ICL has
emerged as a powerful paradigm that enables
LLMs to perform tasks without fine-tuning by
leveraging context constructed from task de-
scriptions and few-shot examples. The following
categories are especially noteworthy: (1) Vanilla
ICL: Early studies demonstrate that LLMs, when
given natural language prompts along with a few
examples, can effectively perform tasks such as
text classification without parameter updates (Min
etal., 2022; Wang et al., 2023a; Liu et al., 2023; Li
etal., 2022). (2) Multi-Step Reasoning: Building

on this, chain-style methods such as CoT (Wei
et al., 2022), ToT (Yao et al., 2024), and GoT
(Besta et al., 2024) aim to decompose tasks into a
multi-step format, making them more suitable for
tasks that require complex logical reasoning. (3)
Code-Style: Meanwhile, there is increasing inter-
est in integrating code-style into task inference (Li
etal., 2024; Sainz et al., 2023; Wang et al., 2023b),
where tasks are represented with code to leverage
LLMs’ coding abilities and introduce knowledge,
making them suitable for knowledge-aware tasks
like MSTM. However, task-specific fine-tuning
and knowledge bases are still needed. Unlike these
approaches, to the best of our knowledge, we are
the first to enhance MSTM by fully leveraging
the LLMs’ internal material knowledge, offering
a plug-and-play solution that adapts to their rapid
development.

3 Method

In this section, we present ClassMATe, an active
knowledge structuring approach for MSTM. The
architecture is shown in Figure 2, comprising
three main components: ClassDefinition-based
Knowledge Structuring, Code-Style Task In-
ference, and Uncertainty-Aware Active Needs
Refining. Following the Problem Formulation in
Section 3.1, Sections 3.2— 3.4 will provide detailed
explanations of each component.

3.1 Problem Formulation

Following (Song et al., 2023a,b; Kim et al., 2024),
materials text mining spans a wide range of down-
stream tasks in materials science, including both
classification and extraction, a simple text en-
tity classification task is introduced to provide
a unified understanding, as both classification
and extraction tasks can essentially be viewed
as text labeling tasks. Given an entity e men-
tioned within a contextual text 7 and a set of
labels D = {di,ds,...,dy}, where each label
d; is associated with a corresponding description
desc(d;), the goal is to determine which label in
D best matches e. In some tasks, such as sen-
tence or paragraph classification, the e refers to
the contextual text 7" itself, which should be noted.

3.2 ClassDefinition-based
Knowledge Structuring

For many materials scientists with limited
fine-tuning experience and facing challenges in
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Figure 2: The framework of our proposed ClassMATe, an active knowledge structuring approach for Zero/Few-Shot
MSTM, aims to align LLMs with scientists’ needs and fully leverage LLMs’ knowledge for inference.

acquiring domain-specific knowledge bases in
this multidisciplinary field, leveraging the rich
materials science knowledge embedded in rapidly
advancing LLMs offers significant potential for
knowledge-sensitive MSTM tasks.

Based on this observation, we propose convert-
ing task labels into class definitions, thus fully
leveraging relevant materials science concepts re-
lated to the labels as their attributes to enhance
inference. Current approaches mainly rely on com-
bining templates with structured knowledge from
external knowledge bases (Sainz et al., 2023; Li
et al.,, 2024), which is unsuitable for MSTM.
This paper suggests addressing this challenge by
adopting LL.Ms to construct the class definitions:

Class Name. Given a set of labels D, each
label d serves as the class name, representing
the desired entity type to be recognized, such as
“Materials’’, ‘‘Property’’, etc. In sentence clas-
sification tasks, it refers to the desired sentence
type, such as ‘‘GlassScienceText’’.

Class Comment. To further enrich the meaning
of each label d, an initial description ¢ € C? is
provided and set as the class comment, such as
““‘A material is a substance, element, or class of
materials that is mentioned as a participant in a
fuel cell experiment’’, as a concrete embodiment
of the needs of scientist.

Attributes&Comments.
d and class comment c

After that, class name

d ¢ 4 are set as the

anchor to generate a set of the most relevant at-
tributes and corresponding comments using the
LLMs: (P,C?) Generator(d, c?). To guide
the generation, a concise prompt is designed
(simplified version): ‘‘Given the definition of
“{label}’’: {description}, list the {n} most com-
mon attributes in the format: [attribute name:
definition]’’. Thereby, these generated attributes,
such as “‘size’’, ‘‘shape’’, ‘‘density’’, etc., can
be regarded as the relevant material knowledge
of the label within LLMs. To provide a clearer
illustration, a simplified class definition diagram

is presented below:
Label Name Class Comment (Label Description)

Class<Material> (Entity): /,/

nun wan

A substance that is used to ...

density # The dimensions or scale ...
size # The dimensions or scale of the ...
shape # The geometric form or morphology...

\

\
Attributes&Comments (generated by LLM)

Finally, the class definition « is constructed
using the pre-designed task templates (Li et al.,
2024): v = ClassTemplate(d, c?, (P, C?)). In this
way, the scientists’ needs and the most rele-
vant material knowledge are effectively structured
through the class definition to support subsequent
task inference.

3.3 Code-Style Task Inference

After obtaining the class definitions of task labels,
the focus shifts to effectively using these class
definitions for LLLM inference.
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ICL Template:

class Entity :
def _ init_ (self, name: str):
self.name = name

# The following classes describe the entity types
class Material(Entity):
""" A substance that is used to create a ... """
def __init_ (self, name: str):
super().__init__(name=name)
self.density # The mass per unit volume
self.size # The dimensions or scale of the ...
self.shape # The geometric form or ...

class Element(Entity):

# This is a material science literature text
text = "{Text}"

Based on above classes, please determine which class
the object "{Entity}" in the above text belongs to.

Input:

Text = "A systematic study was conducted on the
fabrication, structural characterization, and magnetic
properties of MgB2 wire-like ...... "

Entity = "MgB2"
Output:
MgB2: Material

Figure 3: By transforming the task into code form,
code-style in-context learning takes full advantage of
LLMs’ powerful code understanding capabilities for
task inference.

To achieve zero-shot learning, code-style
in-context learning is introduced to leverage the
object-oriented class identification in the code
understanding capability of LLMs (Yang et al.,
2024). As shown in Figure 3, MSTM tasks are
represented in Python programming language,
where the object ¢ serves as an instance of a
class. Task labels {~1,72,...,7m} are expressed
as the corresponding class definitions. Both are
integrated into a code-style prompt using task
templates. Taking the NER task as an exam-
ple, task labels are defined as subclasses (e.g.,
“Entity’’), with the background text assigned
to the variable ‘‘Text’” along with comments.
The task goal is defined as instance class-type
judgment through annotation, thereby leveraging
the instantiation capabilities of LLMs to achieve
zero-shot learning. The code-style templates used
for the various MSTM tasks are built on the
framework in Li et al. (2024). Since task labels
can be uniformly represented as class definitions,
the templates can be easily adapted to different
tasks with minimal modifications, enabling effi-
cient task adaptation.

3.4 Uncertainty-Aware Active
Needs Refining

Although class definition stylization effectively
achieves the knowledge structuring to enhance
inference, the gap remains between LLMs and
the personalized needs of scientists. To address
this, we propose an uncertainty-aware active needs
refining strategy that enables LL.Ms to clarify these
needs through the following steps progressively:

Step 1: Uncertainty-Aware Hard Sample Se-
lection. We first evaluate the uncertainty scores
of the LLM inference results and rank the pro-
cessed samples accordingly, which is derived
from the log probabilities’ of each token pro-
vided by the LL.Ms, where lower log probabilities
indicate the higher uncertainty of LLMs. The
highest-uncertainty samples are then selected as
uncertainty-aware hard samples, reflecting the
parts where the needs are most ambiguous.

Step 2: Scientist-Guided Annotation. After se-
lection, the hard samples are then presented to
materials scientists for review, where they only
need to determine which data align with their
personalized scientific discovery needs. These an-
notated samples are then categorized according to
the assigned labels, helping to identify uncertain
labels and descriptions highlighting LLMs’ key
limitations in MSTM.

Step 3: Needs Understanding. These uncertain
labels and their corresponding samples are then
fed back to the LLM for observation and learning,
with a predefined prompt template guiding the
generation of more accurate label descriptions.
In contrast to conventional ICL, which augments
input by directly placing labeled samples into
context, our approach focuses on refining the label
descriptions. This strategy offers broader coverage
of potential cases without being constrained by
context length limitations. An example of a prompt
is shown in Figure 4. By learning from these
samples, LLM can effectively refines the label
description with scientists’ personalized needs.

Step 4: Needs Evaluation and Update. With
the clarified needs, the labels and descriptions
are updated, followed by knowledge structuring
and task inference. Inevitably, due to potential
biases in the samples, not every learning iteration

’https://cookbook.openai.com/examples
/using_logprobs.
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‘/ICL Template: \

I am working on a prompt-based entity classification
task for materials science text. Below is a label, its
description, and a set of uncertainty samples identified
based on them. Please observe and learn from the samples
to refine the label description for better entity
classification.

Label and description:
{Label_and_Description}

Uncertainty Samples:
{Context_Entity Pairs}

i Input:

Label_and_Description =

"Experiment: An experiment is a study that investigates
a solid oxide fuel cell, focusing on its material
composition, operating conditions, type, or a specific
property, such as a chemico-physical characteristic. "

and 1.01 V at 400 , 450 , and 500 C , respectively ,
excluding a possibility of short circuit although
semiconductors were used in the electrolyte layer.

Entityl: shows

Context2: Shao et al. reported that the oxygen surface
processes , gas transport and electrochemical
performance ( e.g. , power generation ability ) were
significantly improved in 3D SrNb@.1Fe@.903 - & ( SNF

3D ) cathode fabricated directly from a carbon-oxides...
Entity2: reported

Output:

Experiment: An experiment is a study that investigates a
solid oxide fuel cell, focusing on its material
composition, operating conditions, type, or a specific
property, such as a chemico-physical characteristic, and

]
]
]
]
]
]
]
]
]
1
]
]
1
]
]
]
]
]
]
]

"Contextl: The cell shows a superior OCV of 1.08 , 1.03, |
1
]
1
1
]
]
]
]
]
]
]
]
1
]
1
1
1

reports results, findings, or improvements.

i
1
1
1
1
1
1
1
1
1
1
1
1
1
i
i
1
1
1
i Context_Entity_Pairs =
1
i
1
1
1
i
1
1
1
1
1
i
1
i
1
1
i
i
i

Figure 4: The LLM presents high-uncertainty samples
to scientists for judgment and learns from these hard
cases to refine label descriptions and better align with
needs.

is perfectly accurate. After each update, the new
inference results are evaluated for uncertainty.
Effective refining is achieved when the average
uncertainty decreases, which then serves as the
foundation for further needs learning or task in-
ference. Additionally, materials experts can judge
whether the updated labels and descriptions meet
their intended needs. If the uncertainty does not
decrease or the updated results fail to meet ex-
pectations, more hard samples are added for the
learning to achieve effective updates.

The detailed process of the strategy is outlined
in Algorithm 1. Through multiple iterations, the
LLM progressively learns from the uncertain-
aware hard samples and clarifies the scientists’
personalized needs, which in turn guides more
focused knowledge structuring and enhances task
inference, thereby effectively narrowing the gap.

4 Experimental Setup

4.1 Dataset

To evaluate the effectiveness of the ClassMATe,
following the existing approaches of Song et al.

Algorithm 1 Uncertainty-Aware Active Needs
Refining Strategy

Input: classDefinitions C, taskTexts T, iterations n
Output: refinedClassDefinitions C”

1: while n > 0do

2: results R, correspondingUncertainties U = Inference
1,0)

3: hardSamples (T, R)* = TopN(SortByUncertainties
(T, R),U))

4: annotatedHardSamples ((T', R)*, A) = Scientist-
Judgment (T, R)")

3 hardLabel&Samples (a, (T, R)*),a € D = Catego-
rizeByTrueLabels (((T, R)", A))

6: newLabels&Descriptions D’ = Observe&LearnBy
LLM((a, (T, R)*),a € D)

7: newClassDefinitions C’ = Generator (D')
8: newUncertainties U’ = Inference (T', C")
9: if Average(U’) < Average(U) then

10: C«C

11: else

12: back to Step 3 and add hardSamples
13: end if

14: n<n-—1

15: end while
16: return C' // refinedClassDefinitions C’

Dataset #Tasks #Labels Duplication(%)
MatScholar 1 7 0.286
SOFC-Token 2 22 0.367
SynthProcs 3 37 0.378
SC-CoMlIcs 3 14 0.286
Glasses 1 1 -
MatSciRE 1 5 0.400
SynthActions 1 8 -
SOFC-Sent 1 1 -

Total 7 95 0.316

Table 1: The statistics of benchmark datasets and
the proportion of duplicate labels among all labels.

(2023a,b) and Kim et al. (2024), experiments
are conducted on a public MSTM benchmark
(Song et al., 2023a) consisting of eight datasets
and seven tasks, where the texts are all from
the materials science literature. The tasks include
Named Entity Recognition (NER), Relation Ex-
traction (RE), Event Attribute Extraction (EAE),
Paragraph Classification (PC), Synthesis Action
Retrieval (SAR), Sentence Classification SC), and
Slot Filling (SF). These MSTM tasks differ from
typical NLP tasks in that they are primarily based
on domain-specific materials science texts, with
task labels reflecting precise research needs that
are unique to the field of materials science. De-
tailed statistics are provided in Table 1, and further
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Dataset Focal Point Personalized Needs of Label ‘‘Material”’
MatScholar  Materials Science ‘Any inorganic solid or alloy, any non-gaseous element.”’

““A material is a substance, element, or class of materials that is
SOFC Solid Oxide Fuel Cells mentioned as a participant in a fuel cell experiment.”’
SynthProcs ~ Synthesis Procedures ‘“Materials that are used in the synthesis of the target.”’

““The terms of structural entities and sample descriptors such as te-
SC-CoMIsc  Superconductivity tragonal crystal symmetry, bulk/film sample, and grain boundary.”’

Table 2: The personalized needs of the same label across different research contexts in benchmark

datasets.

information about the tasks and datasets can be
found in Song et al. (2023a).

4.2 Label Description Supplementation

In MSTM tasks, a clear description, especially
of the labels, is essential for LLMs to effectively
understand the task. In previous supervised learn-
ing approaches (Gupta et al., 2022; Song et al.,
2023a), this was not considered a problem, as task
labels (such as ‘‘material’’, ‘‘brand’’, *‘CMT"’,
““coref_of, etc.”’) were set by the corresponding
scientists and used for one-hot style data an-
notation. Thus, the large volume of annotated
training data inherently contained the scientists’
personalized needs. However, when applied in
prompt-based LLMs, these oversimplified task
label names fail to convey such specific needs
effectively.

Furthermore, we evaluated the duplicate rate
of task labels in the benchmark datasets, which
is defined as the proportion of duplicate labels
among all labels. As shown in Table 1, it reaches
31.6% overall. These duplicate labels often have
different meanings across different datasets and
tasks. This phenomenon stems from the diverse
research focuses of materials scientists, which lead
to significant differences in information needs for
the same labels, as illustrated in Table 2. The
duplicate rate further underscores the necessity of
supplementing these labels to clarify their actual
meaning.

To address this, inspired by scientists’ practice
of establishing annotation guidelines for consis-
tency and accuracy (Friedrich et al., 2020), we
propose enhancing the labels by retrieving their
descriptions from these guidelines, as these guide-
lines can give a basic outline of the scientists’
information needs, as shown in Figure 5. Specif-
ically, Each label d in D will serve as a retrieval

= SOFC-Exp Corpus
e = Annotation
Guidelines

...... We use the type MATERIAL to annotate
text spans referring to materials, elements
or substances that are mentioned as a
participant in a fuel cell experiment ......

...... We annotate numerical values and their
respective units with the type VALUE. We
include both the numbers and the units in the
annotation span ......

Figure 5: The dataset’s annotation guidelines, exempli-
fied by the SOFC-Exp Corpus (Friedrich et al., 2020),
provide precise definitions of task labels, reflecting the
scientists’ needs in MSTM.

keyword to get its description ¢ € C? (used as
the class comment in Section 3.2, and provided
for other baselines) from annotation guideline G.

if din G,

p Retriever(d, G), (1)
if dnotin G.

cC =
Reasoner(d, G),

In this work, we use prompt-based LLMs for
retrieval by providing the annotation guideline
text as context and labels as keywords through
a pre-defined prompt template. If labels are not
found in the annotation guidelines, LLM will infer
this description based on other label descriptions
and contextual information, thereby reducing the
potential for hallucination. In this case, the LLM
functions as a reasoner rather than a retriever.
Part of the results can be found in Table 2, which
showcases the varying needs of scientists across
different studies.

4.3 Baselines and Evaluation Metrics

To analyze the performance of ClassMATe, we
present the following commonly used baseline
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approaches and several variants of ClassMATe,
categorized by their reliance on supervised data:

1. Supervised Learning

Fine-tuned BERTSs, such as MatBERT
(Walker et al., 2021), MatSciBERT (Gupta et al.,
2022), and MELT (Kim et al., 2024), are BERT
(Devlin, 2018b) variants pre-trained on the task-
specific labeled data, achieving considerable per-
formance based on the training data and strategies.

2. Zero-Shot Learning

API-Accessible LLMs, such as GPT-4o
(OpenAl, 2024), represent the state-of-the-art in
general-purpose LLLMs chosen for their superior
text performance.> Open-source LLMs, such as
LLaMA3 (Dubey et al., 2024), are widely used
LLMs. Considering the performance improve-
ment validation and low-resource advantages,
LLaMA3-8B is selected as the focus of this study.
Domain LLMs, such as HoneyBee (Song et al.,
2023b), are state-of-the-art domain LLMs for
MSTM, enhancing zero-shot via fine-tuning on
materials science knowledge base. Task-specific
methods such as ActionlE (Zhong et al., 2024),
due to their limited applicability to broader
MSTM tasks, are not included in the comparisons.
ClassMATe?*, which relies solely on knowledge
structuring without active needs refining, can be
seen as a zero-shot approach, as it requires no
learning samples.

3. Few-Shot Learning

Representative LLMs, such as GPT-40 and
LLaMA3-8B, differ from zero-shot approaches
by incorporating relevant samples with true labels
into the context to improve inference. HoneyBee
was not included as its weights are not available.
ClassMATe* builds upon ClassMATe* by in-
corporating the hard samples-aware active needs
refining. In this paper, ClassMATe refers to this
complete version by default.

Evaluation Metrics: Similar to Song et al.
(2023a,b) and Kim et al. (2024), the performance
is evaluated with two widely adopted metrics:
Micro-F1 and Macro-FI1.

4.4 Implementation Details

Because ClassMATe is a plug-and-play approach,
high-performance LLMs such as GPT-40 and

3https://openai.com/index/hello-gpt-40/.

open-source LLMs such as LLaMA3-8B were
adopted as the backbone. All LLMs referenced
in ClassMATe are based on their backbones, and
LLaMA3-8B-based approaches are evaluated on
two NVIDIA RTX-4090 GPUs. To ensure consis-
tent experimental results, LLMs were used with
a temperature setting of 0; the random seed was
fixed, and the results were averaged for the fi-
nal results. In ClassMATe, based on experimental
analysis, the attribute number of ClassDefinition
was set to 5, with 100 sampled texts for active
needs refining and a maximum of 3 refining itera-
tions. In terms of dataset configuration, our setup
follows that of Song et al. (2023a). More details of
the BERT series and Honeybee series methods in
the baseline can be found in Song et al. (2023a,b)
and Kim et al. (2024).

5 Evaluation Results

RQ1: How do existing MSTM
approaches perform?

As shown in the results in Table 3, existing
general-purpose LLMs exhibit objective perfor-
mance, which can be attributed to the extensive
material domain text included in their pre-training
datasets and their strong generalization capabili-
ties in text tasks. Although LLaMA3-8B performs
slightly worse than GPT-4o, its open-source na-
ture makes this trade-off acceptable. On the other
hand, HonnyBee, the method fine-tuned for mate-
rials science based on the original LLaMA-7B and
LLaMA-13B (Touvronetal., 2023), shows limited
advantages in zero-shot performance compared to
rapidly evolving general-purpose LLMs. We ar-
gue that fully leveraging the material knowledge
embedded in LLMs might be a more effec-
tive strategy than domain-specific fine-tuning
for materials scientists. Notably, the fine-tuned
BERT series models still exhibit a performance
advantage over the LLM-based zero-shot and
few-shot approaches, making them a viable option,
especially when labeled datasets are available.

RQ2: Is our approach competitive against
existing MSTM approaches?

Outperformance Compared to Zero-Shot or
Few-Shot Learning Baselines Our proposed
zero-shot method, ClassMATe?, using LLaMA3-
8B and GPT-40 as backbone LLMs, signifi-
cantly outperforms both general-purpose LLMs,
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Model Named Entity Relation Event Argument Paragraph Synthesis Action  Sentence Slot  Overall
Recognition Extraction Extraction Classification Retrieval Classification Filling All Tasks
Supervised Learning Performance
BERT 0.657 0.782 0.418 0.665 0.656 0.910 0.520  0.658
(Devlin, 2018a) 0.461 0.494 0.225 0.532 0.515 0.633 0.257  0.439
SciBERT 0.738 0.818 0.458 0.671 0.701 0.909 0.500  0.693
(Beltagy et al., 2019) 0.517 0.600 0.290 0.568 0.528 0.612 0.258  0.482
MatSciBERT 0.707 0.791 0.436 0.719 0.692 0914 0436  0.671
(Gupta et al., 2022) 0.470 0.507 0.251 0.623 0.484 0.660 0.194  0.456
MatBERT 0.875 0.804 0.451 0.756 0.717 0.909 0.548  0.722
(Walker et al., 2021) 0.630 0.513 0.288 0.691 0.594 0.614 0.273  0.517
DAS 0.770 0.848 0.478 0.672 0.778 0.902 0.592  0.725
(Ke et al., 2023) 0.567 0.628 0.292 0.607 0.641 0.607 0.356  0.528
MELT 0.786 0.860 0.498 0.728 0.798 0911 0.610  0.741
(Kim et al., 2024) 0.593 0.620 0.341 0.647 0.685 0.613 0.395  0.556
Zero-Shot Learning Performance
Honybee-7B 0.267 0.245 0.290 0.490 0.688 0.490 0.393  0.409
(Song et al., 2023b) 0.190 0.178 0.189 0.343 0.342 0.365 0.289  0.271
Honybee-13B 0.429 0412 0.481 0.611 0.801 0.589 0.578  0.557
(Song et al., 2023b) 0.372 0.346 0.378 0.467 0.429 0.503 0423 0417
LLaMA3-8B 0.639 0.627 0.539 0.674 0.790 0.589 0.607  0.638
(Dubey et al., 2024) 0.539 0.571 0.488 0.488 0.694 0.495 0.586  0.552
ClassMATe* 0.662 0.636 0.535 0.810 0.813 0.847 0.709  0.716
(LLaMA3-8B) 0.543 0.569 0.489 0.801 0.758 0.582 0.694  0.634
GPT-40 0.760 0.643 0.503 0.734 0.869 0.604 0.752  0.695
(OpenAl, 2024) 0.681 0.560 0.487 0.692 0.823 0.513 0.717  0.639
ClassMATe* 0.782 0.649 0.540 0.821 0.912 0.757 0.822  0.755
(GPT-40) 0.706 0.581 0.478 0.816 0.869 0.584 0.755  0.684
Few-Shot Learning Performance
LLaMA3-8B 0.645 0.636 0.526 0.689 0.785 0.615 0.595  0.642
(Dubey et al., 2024) 0.543 0.574 0.480 0.496 0.691 0.509 0.578  0.553
ClassMATe® 0.712 0.663 0.543 0.873 0.865 0.867 0.752  0.754
(LLaMA3-8B) 0.589 0.530 0.496 0.848 0.812 0.672 0.735  0.669
GPT-40 0.768 0.647 0.510 0.758 0.874 0.623 0.746  0.704
(OpenAl, 2024) 0.685 0.559 0.481 0.716 0.823 0.521 0.712  0.642
ClassMATe* 0.823 0.679 0.548 0.856 0.904 0.793 0.849  0.779
(GPT-40) 0.738 0.601 0.504 0.843 0.863 0.589 0.786  0.703

Table 3: Performance results of our proposed ClassMATe and the baseline methods under zero-shot
learning, few-shot learning and supervised learning. Macro-F1 (top) and micro-F1 (bottom) scores are
presented, with the best, second-best, and third-best zero/few-shot MSTM approaches highlighted.

achieving improvements of 7.8% and 6.0%, re-
spectively, despite the results of these LLMs are
already based on our best efforts in prompt design.
This result strongly validates the potential of lever-
aging the LLMs’ internal materials knowledge
and the effectiveness of the ClassDefinition-based
knowledge structuring for MSTM. Moreover, it
is noteworthy that by employing LLaMA3-8B as
the backbone, ClassMATe outperforms the paid
GPT-40. This makes low-cost, large-scale text
mining feasible, especially compared to the token
costs associated with API usage. Furthermore,
our proposed ClassMATe®, after introducing
the hard samples-aware active needs refining
strategy, achieves performance improvements of

11.2% and 7.5% over baseline methods in the
few-shot setting, validating the effectiveness of
our proposed active knowledge structuring, which
actively clarifies scientists’ personalized needs
and optimizes the utilization of internal knowledge
to enhance LLLM inference.

Outperformance Compared to Supervised
Learning Baselines Compared to these super-
vised learning methods, our proposed ClassMATe
(GPT-40) achieves an F1 score of 0.775, surpass-
ing the optimal supervised learning model MELT
(Kim et al., 2024). This reflects that ClassMATe
can achieve performance comparable to super-
vised learning without requiring task-specific
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Model Named Entity Relation Event Argument Paragraph Synthesis Action  Sentence Slot  Overall
Recognition Extraction Extraction Classification Retrieval Classification Filling All Tasks
Performance of ClassMATe*® and its variants (Code Style)
ClassMATe* 0.662 0.636 0.535 0.810 0.813 0.847 0.709 0.716
(LLaMA3-8B) 0.543 0.569 0.489 0.801 0.758 0.582 0.694 0.634
w/o 0.548 0.596 0.515 0.738 0.627 0.826 0.640  0.641
ClassComment 0.517 0.524 0.482 0.735 0.683 0.510 0.622 0.582
w/o 0.658 0.614 0.513 0.587 0.789 0.604 0.686 0.636
Attributes 0.562 0.543 0.467 0.563 0.726 0.493 0.642 0.571
w/o 0.513 0.648 0.538 0.564 0.589 0.356 0.656 0.552
ClassCom.&Attr. 0.418 0.574 0.497 0.563 0.530 0.337 0.639 0.508
Performance of LLaMA3-8B, GPT-40, and their variants (Natural Language Style)
LLaMA3-8B 0.639 0.627 0.539 0.674 0.790 0.589 0.607 0.638
(Dubey et al., 2024) 0.539 0.571 0.488 0.488 0.694 0.495 0.586 0.552
LLaMA3-8B 0.602 0.614 0.528 0.623 0.742 0.630 0.548 0.612
+ Attributes 0.496 0.516 0.485 0.492 0.604 0.527 0.532 0.521
GPT-40 0.760 0.643 0.503 0.734 0.869 0.604 0.752 0.695
(OpenAl, 2024) 0.681 0.560 0.487 0.692 0.823 0.513 0.717 0.639
GPT-40 0.752 0.636 0.508 0.769 0.876 0.641 0.748 0.704
+ Attributes 0.669 0.548 0.479 0.747 0.835 0.527 0.683 0.641

Table 4: Performance comparison of the variants of ClassMATe* (Code Style), as well as LLaMA3-8B
and GPT-40 (Natural Language Style). Macro-F1 (top) and micro-F1 (bottom) scores are presented.

data labeling or model fine-tuning, implying the
possibility for direct practical applications in dif-
ferent subfields based on materials scientists’
research interests. Furthermore, with only a small
amount of labeled samples, ClassMATe based
on LLaMA3-8B can achieve similar performance,
revealing the great potential in bridging the gap
between LLMs’ internal knowledge and scientists’
personalized needs.

RQ3: How does ClassDefinition-based
knowledge structuring affect performance?

To effectively evaluate the class definition-based
approach’s validity, we use the ClassMATe? as
the baseline LLM. Considering the practicality and
cost-effectiveness, the LLaMA3-8B is primarily
considered the backbone of this study.

Label Descriptions In the previous section
about the dataset, we proposed supplementing
task labels by retrieving annotation guidelines
that offer the label definitions, thereby improving
the validity of the dataset, making it more suit-
able for promot-based LLM understanding. To
analyze their contribution, an ablation experiment
was conducted with following variant:

e w/o ClassComment: It refers to the
ClassMATe? that directly generates class
comment using LLM, without employing
label descriptions as class comment.

According to the results in Table 4, when common
materials science domain meanings of labels are
generated to replace the label description as the
class comment in class definition, a performance
drop to 0.641 is observed. This reflects the neces-
sity of introducing label descriptions to support
a clear understanding of the meaning of labels
by LLMs, further emphasizing the importance of
focusing on scientists’ personalized needs.

ClassDefinition Stylization To further analyze
the contribution of ClassDefinition-based knowl-
edge structuring, another ablation experiment was
conducted:

e w/o Attributes: It refers to the ClassMATe*
that excludes attributes and their comments
in class definitions.

e w/o ClassCom.&Attr.: It refers to the
ClassMATe* that excludes both the class
comment and attributes in class definitions.

From Table 4, it can be seen that an 8.0%
overall performance decreases when attributes
are removed. These attributes, generated by the
backbone LLM, explicitly aggregate the relevant
knowledge for inference, demonstrating the ef-
fectiveness of incorporating attributes and their
comments to leverage LLMs’ material knowl-
edge. Further removal of class comments leads to
a performance decline to 0.552, below the natural
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language-based LLaMA3-8B. This drop may be
due to areduced proportion of label information in
the overall context, consistent with findings from
Sainz et al. (2023). It is worth noting that the RE
and EAE tasks maintain stable performance, prob-
ably resulting from task constraint information in
these tasks’ class definitions compensating for the
additional task knowledge.

For further analysis, an experiment was con-
ducted with the following variants of the natural
language-based approaches, including LLaMA3-
8B and GPT-4o as baselines:

e + Attributes: This refers to a variant of
the natural language-based LLaMA3-8B or
GPT-40 that incorporates attribute informa-
tion into the label descriptions.

As shown in Table 4, the addition of at-
tributes&comments caused a performance drop
for LLaMA3-8B due to ineffective use of the
extra information. GPT-4o0, benefiting from its
stronger contextual understanding, achieved a
modest gain of 0.9 by better leveraging the attri-
butes, yet remained less effective than our pro-
posed ClassMATe®. This suggests that, given
equivalent label information, our proposed Class-
Definition-based approaches offer a distinct ad-
vantage over natural language approaches. They
utilize the structured representation of class def-
initions to effectively apply material knowledge
in LLMs to enhance inference.

Number of Attributes To further validate the
effectiveness of attributes in class definitions, the
evaluation will assess how varying the number of
attributes affects knowledge aggregation perfor-
mance. As shown in Figure 6, the performance of
ClassMATe* (LLaMA3-8B) is evaluated across
varying numbers of attributes. The results indi-
cate a positive correlation between the number
of attributes and the performance. It can be seen
that performance improves as the number of at-
tributes increases, with the peak observed at 5
attributes. However, as the number of attributes
continues to rise, the benefits start to diminish.
This decline might be due to an overabundance
of attributes, which can reduce the relative im-
portance of label-specific information and lead
to negative effects from overly long contexts.
Overall, the analysis of different attribute num-
bers on performance confirms the effectiveness

Zero-Shot Learning Performance

0.74 ClassMATe (LLaMA3-8B)
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Figure 6: The performance under different attribute
numbers, revealing ClassMATe effectively aggregates
LLM knowledge for inference, as the attributes were
originally generated by the LLMs themselves.

of attributes in aggregating LLMs’ knowledge for
inference.

RQ4: How effective is the proposed
uncertainty-aware active needs refining ?

Main Limitations of LLMs in MSTM To gain
deeper insights into the main limitation of LLMs
currently faced in MSTM, we analyzed the main
sources of confusion during the inference process
of LLMs. Specifically, we additionally introduced
two possible options (Option 1: Lack of under-
standing of the current materials science text;
Option 2: Understanding the current text but fail-
ing to find a matching task label) into the prompt
context for LLMs to select during inference. De-
spite rapid progress in LLMs, domain-specific
models, even with extensive fine-tuning, often lag
behind general-purpose LLMs. Knowledge injec-
tion methods also face challenges in fields like
materials science due to limited domain knowl-
edge. This raises the question: Is it possible
to enhance inference by fully utilizing LLMS’
internal materials knowledge?

As shown in Figure 7, the statistics of the se-
lected results reveal that the main limitation in
LLM performance arises from Option 2, which
accounts for 65.3%. This finding can lead to two
key insights: 1) LLMs likely possess a reasonable
level of inherent material knowledge, suggest-
ing that they already contain sufficient material
knowledge, and 2) Current label descriptions are
insufficient, as task labels critically represent ob-
jectives and reflect scientists’ personalized needs.
Based on this, we argue that it is necessary for
LLMs to accurately capture and address scientist’
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Main Challenge for LLMs in MSTM

Lack of understanding of the
current materials science text.
Proportion: 34.7%

Failing to find a
matching task label.
Proportion: 65.3%

0% 20% 40% 60% 80% 100%
Proportion

Figure 7: The main challenge faced by LLMs in MSTM,
which stems more from failing to find a matching task
label than from a lack of understanding of the current
materials science text.
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Figure 8: Performance and uncertainty with increas-
ing iterative learning rounds. As learning progresses,
uncertainty decreases and performance improves,
demonstrating the effectiveness of uncertainty-aware
active needs refining.

needs to fully leverage their internal knowledge
for enhancing MSTM.

Effect of Uncertainty-Aware Active Needs
Refining Previous results show that label de-
scriptions provided by materials scientists at the
beginning are often insufficient relative to their
personalized needs for LLMs. To address this,
we propose an uncertainty-aware active needs re-
fining strategy, continuously learning from hard
samples and refining label descriptions to better
capture personalized research needs.

To validate the effectiveness of this method,
we evaluate the performance improvements over
multiple rounds of iterative refining, using the
complete ClassMATe (LLaMA3-8B) as the LLM
being evaluated. As shown in Figure 8, per-
formance improves with each iteration while
uncertainty decreases. This confirms the rationale
behind selecting uncertainty-aware hard samples

Performance Under Different Number of Evaluation Samples
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Performance
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] 3
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Figure 9: The performance of active needs refining
with different evaluation sample sizes. Based on the
result, around 100 samples are considered optimal for
balancing performance and inference overhead.

for scientists to label, followed by observation
and learning. It further demonstrates that the un-
certainty in LLMs’ responses can, to some extent,
reflect the clarity of scientists’ needs, address-
ing the main limitation of LLMs in MSTM.
Furthermore, the results in Figure 8 show that per-
formance improves significantly during the first 2
rounds, with diminishing gains in the 3rd round.
This suggests that most of the performance im-
provements occur early in the process. To avoid
excessive learning overhead, the refining process
of ClassMATe is limited to a maximum of 3
rounds.

Number of Evaluation Samples In the process
of active needs refining, evaluating the overall un-
certainty of the samples requires multiple rounds
of inference across all data. However, this ap-
proach is not ideal for MSTM tasks that involve
large volumes of texts. To address this challenge,
we propose a solution that randomly selects a
small subset of texts as task-specific data for the
LLM’s evaluation and learning. In this context,
the active needs refining strategy starts by learn-
ing from a small set of texts and then directly
applying the refined scientific needs (specifically,
the optimized label class definitions) to the en-
tire dataset. Therefore, a detailed analysis of the
number of texts selected is essential, as it impacts
both performance and the overhead from multiple
inference rounds.

Testing with various sample sizes, as shown in
Figure 9, reveals that around 100 texts achieve
relatively better performance while keeping the
sample size in multiple inference rounds man-
ageable. Additionally, this somewhat reflects the
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Figure 10: The number of hard samples that require
judgment by materials scientists in uncertainty-aware
active needs refining. Overall, only a small number of
samples, considered acceptable, need to be annotated.

relatively uniform data distribution of the bench-
mark dataset. Based on this, 100 text samples were
selected for our work. While increasing the sam-
ple size may result in slight performance gains, it
comes with a trade-off in inference overhead.

Number of Annotated Samples After limiting
the scope of the learning samples, we further
conduct a more detailed statistical analysis to
determine how many samples scientists need to
annotate during the refining process. This allows
for an accurate estimation of the total number
of labeled samples required under the setting of
few-shot learning. As shown in Figure 10, the
results demonstrate that the number of samples
needed for judgment generally falls between 20
and 30, which remains within an acceptable range.
This is attributed to the design in Algorithm 1,
where the number of hard samples per iteration is
not fixed but grows progressively. New samples
are only introduced for learning if the overall
uncertainty remains unchanged. Moreover, the
overlap between hard samples selected in each
round further reduces the total number of samples
that need to be annotated.

6 Further Discussion

Performance with DeepSeek-R1 As the
DeepSeek-R1 (DeepSeek-Al, 2025) has recently
gained attention for its capabilities in deep
reasoning, it is further considered an important
benchmark for evaluating our proposed methods.
In this section, we compare the performance
and time cost of representative methods and
proposed ClassMATe variants with ClassMATe®

(DeepSeek-R1-Distill-Llama-8B)* and Class-
MATe*(DeepSeek-R1).> As shown in Table 5,
ClassMATe based on DeepSeek-R1-Distill-
Llama-8B does not yield performance improve-
ments compared to its counterpart using the
original LLaMA3-8B. This may be attributed to
the limited capacity of the 8B-parameter model,
where fine-tuning with a focus on deep reasoning
potentially compromises its internal coding
ability and materials-related knowledge. Addi-
tionally, R1 may be more suitable for complex
tasks that require multi-step reasoning to reach
conclusions, thus offering limited advantages in
MSTM tasks. On the other hand, the full-scale
DeepSeek-R1-based ClassMATe* accessed via
API achieves improvements over GPT-40-based
ClassMATe®. This gain can be attributed to
its 671B parameters and enhanced reasoning
capability. However, a key drawback lies in its
prolonged inference process during generation,
which substantially slows down response time
and limits the overall inference efficiency.

Comprehensive Comparison of MSTM Ap-
proaches To understand the workflow of
various MSTM methods in real-world applica-
tions, as shown in Table 5, we divide the overall
process into two phases: preparation and infer-
ence. The preparation phase encompasses all
steps prior to task execution, including data
annotation, model training, and prompt construc-
tion and refinement. The inference phase refers
to performing the MSTM task inference once
the preparation is finalized. It can be observed
that BERT-based methods (e.g., MELT) require
extensive annotated data and task-specific train-
ing during preparation, which can take days or
weeks and pose challenges for materials scien-
tists without model training experience. In return,
they offer fast inference through classification
over vectorized text. LLM-based methods mainly
involve prompt design during preparation, with
only a small amount of labeled data needed for
refinement in more fine-grained and personalized
scenarios. As discussed in RQ4 regarding the
Number of Evaluation Samples, evaluation can be
performed on a subset of the full data. This allows
for iterative refinement without incurring substan-
tial time costs, typically staying within minutes

“https://huggingface.co/deepseeck-ai
/DeepSeek-R1.
Shttps://api-docs.deepseek.con/.
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Model Performance Time Cost Time Cost
(Macro-F1) (Preparation) (Inference)
MELT (Kim et al., 2024) 0.741 Days™Weeks (Annotation&Training)  68.2 instances/s
LLaMA3-8B (Dubey et al., 2024) 0.638 Mins (Prompt) 4.8 instances/s
GPT-40 (OpenAl, 2024) 0.695 Mins (Prompt) 1.3 instances/s
ClassMATe* (LLaMA3-8B) 0.716 Mins (Prompt) 5.1 instances/s
ClassMATe* (GPT-40) 0.755 Mins (Prompt) 1.4 instances/s
ClassMATe® (LLaMA3-8B) 0.754 Mins Hours (Prompt&Refining) 5.1 instances/s
ClassMATe® (GPT-40) 0.779 Mins Hours (Prompt&Refining) 1.4 instances/s
ClassMATe* (DeepSeek-R1-Distill-Llama-8B) 0.747 Hours (Prompt&Refining) 0.1 instances/s
ClassMATe®* (DeepSeek-R1) 0.785 Hours (Prompt&Refining) 0.1 instances/s

Table 5: The comparison covers performance, time cost of preparation, and time cost of inference
across the following methods: MELT (fine-tuned, BERT-based), LLaMA3-8B and GPT-40 (zero-shot,
natural language-based), ClassMATe* (zero-shot, under LLaMA3-8B and GPT-40), and ClassMATe®
(few-shot, under LLaMA3-8B, GPT-40, DeepSeek-R1-Distill-Llama-8B and DeepSeek-R1).

Model
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Task-Adaptability Efficiency Hardware API-Cost
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Table 6: The comparison of representative methods and proposed ClassMATe variants in terms of

effectiveness, task adaptability, efficiency, hardware requirements, and API-based token cost, where [_1

indicates the relative strength in the corresponding aspect. Different methods have their strengths and
weaknesses, allowing for selection based on specific experimental conditions and research needs.

to a few hours, as observed in our experiments.
However, their token-by-token generation leads
to slower inference, but the latency is generally
acceptable. R1-based methods are better suited
for small-scale scenarios due to their relatively
lengthy reasoning process.

To provide a comprehensive comparison, a
multi-dimensional analysis is conducted. As
shown in Table 6, for scenarios with high-
performance demands, MELT, ClassMATe*
(GPT-40), and ClassMATe* variants (particu-
larly when personalized needs are involved) are
recommended. For materials scientists who wish
to quickly get started and adapt to diverse MSTM
tasks, LLM-based methods are preferable due
to their minimal data annotation and model
training requirements. When processing texts of
considerable scale, methods other than R1 are

more suitable; in extremely large-scale scenarios,
BERT-based models like MELT remain the most
practical choice. Regarding hardware and API
cost, the choice depends on available resources. If
GPU resources are available, local deployment can
be considered, as our LLaMA3-8B-based meth-
ods require only a single RTX 4090 or even lower
without the need for significant hardware or power
investment. For cases lacking such hardware
or requiring maximum performance, API-based
ClassMATe® is recommended, but careful con-
sideration is needed as token costs can increase
with data scale. Alternatively, running Class-
MATe on rented cloud resources provides a vi-
able option, reducing infrastructure investment.
While rental fees apply, it may offer cost savings
compared to API usage, depending on computa-
tional needs.
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7 Conclusion

In this paper, we introduce ClassMATe, a simple
and effective approach for Zero/Few-Shot MSTM
tasks, which through active knowledge structur-
ing enables LLMs to effectively address the gap
between the material knowledge of LLMs and the
personalized needs of scientists. As a task-agnostic
ICL method, ClassMATe can be rapidly ap-
plied to various evolving LLMs and different
MSTM tasks, making it user-friendly for materi-
als scientists without the need of domain-specific
fine-tuning or additional knowledge bases, thus
effectively lowering the barriers to materials
discovery. Experiments show that ClassMATe
achieves performance comparable to supervised
learning approaches in zero/few-shot settings, re-
vealing the potential of the material knowledge
within LLMs.

8 Limitations

One limitation of ClassMATe lies in its
uncertainty-aware active needs refining strategy.
As noted in RQ4, this approach requires evalu-
ating a subset of task data. Although typically
only a small portion is needed, unstable data
distributions may demand more samples per
round, increasing preparation time. Moreover,
while decreasing average uncertainty generally
leads to performance gains, this is not always
guaranteed. Fortunately, the refinement results are
expressed as natural language label descriptions,
which remain interpretable and can be reviewed
by humans to mitigate potential issues. Another
limitation is the lack of empirical validation
for cross-domain use. While ClassMATe may
generalize to fields like chemistry or medicine
by relying on LLMs’ built-in knowledge, its
effectiveness beyond materials science remains
untested. Future work will explore this to support
broader scientific discovery.
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