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Abstract

Continued pre-training on domain-specific cor-
pora has become the prevailing approach for
adapting pre-trained language models (PLMs)
to materials science. However, existing strate-
gies typically treat scientific literature as inde-
pendent samples, thereby overlooking the cu-
mulative nature of scientific knowledge where
novel discoveries systematically build upon
prior research. To address this limitation, we
propose Chronology-grounded continued pre-
training for materials science (CHRONOS'),
which explicitly considers the chronological
knowledge in terms of data construction and
training schemes. Specifically, our frame-
work traces the relevant prior articles by us-
ing citation-based information and constructs
a chronological curriculum to progressively
learn the materials knowledge. The comprehen-
sive experiments demonstrate that CHRONOS
outperforms state-of-the-art (SOTA) baselines
on various materials science benchmarks and
backbone models, achieving improvements of
4.7% on the Macro-F1 score. In-depth analysis
shows that considering the camulative nature of
knowledge enhances both the quality of the cor-
pus and the effectiveness of training schemes.

1 Introduction

Materials science comprises an interdisciplinary
scientific field that requires research on the behav-
iors, properties, and applications of diverse mate-
rials. Regarding the vast search space in materials
science, natural language processing (NLP) holds
significant promise in advancing the discovery of
novel materials by providing informative knowl-
edge extraction tools, such as entity recognition
(Weston et al., 2019; Friedrich et al., 2020) or syn-
thesis action retrieval (Wang et al., 2022). However,
the scarce and limited datasets in materials sciences
pose substantial challenges for developing models

* These authors contributed equally to this work.
'Our code is available at Official CHRONOS GitHub

that generalize well across a broad range of materi-
als sciences (Song et al., 2023; Kim et al., 2024).

Continued pre-training has become the prevail-
ing approach to address such challenges by adapt-
ing general-domain PLMs on materials science cor-
pora. These methods usually focus on building
domain-specific corpora by collecting materials
science-related articles (Gupta et al., 2022; Huang
and Cole, 2022; Oh et al., 2025) or material-specific
training strategies, such as masked language mod-
eling based on materials knowledge graph (Kim
et al., 2024). These domain-specific continued
pre-training methods can significantly improve the
performance of PLMs across a wide range of low-
resource materials science downstream tasks (Song
et al., 2023; Zaki et al., 2024).

However, previous continued pre-training ap-
proaches neglect the cumulative nature of knowl-
edge in materials science. As shown in Figure 1,
scientific research is usually built upon prior dis-
coveries (Kuhn, 1962; della Briotta Parolo et al.,
2020). For example, without understanding the ba-
sic concepts of silicon solar cells and perovskite
structures, it is difficult to understand the advanced
techniques in monolithic tandem solar cells that
combine both materials to surpass single-junction
efficiency limits. By tracing these semantic rela-
tionships backward from current materials research
papers, PLMs can learn informative foundational
prior works that underpin current research during
pre-training. Hence, considering the nature of cu-
mulative knowledge in pre-training can lead to
better materials science understanding and accord-
ingly benefit diverse materials-driven applications.

For incorporating the cumulative knowledge into
the pre-training process, there are two main chal-
lenges: (1) Chronological corpus construction:
since most previous works rely on randomly col-
lected domain corpus for pre-training, it is impor-
tant to consider how to construct corpus that entails
both temporal and semantic relations among vari-
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Figure 1: Illustration of the cumulative nature of scientific knowledge in materials science. Recent advances such as
monolithic perovskite/silicon tandem solar cells (Al-Ashouri et al., 2020) build upon foundational semiconductor
and photovoltaic discoveries (Bardeen and Brattain, 1948; Chapin et al., 1954; Bednorz and Miiller, 1986) and
subsequent solar cell platform innovations (O’Regan and Gritzel, 1991; Kojima et al., 2009).

ous articles; (2) Chronological training scheme:
current pre-training processes for materials science
usually treat each article as independent samples,
neglecting the directional prerequisite relations
where foundational knowledge underpin contem-
porary, high-level research. Thus, these challenges
pose a necessity to design a specific pre-training
framework that reflects the temporal relevance and
importance among articles.

In this paper, we introduce CHRONOS
(Chronology-grounded continued pre-training for
materials science), which incorporates coherent
cumulative materials knowledge in respects of
both corpus construction and training schemes: (1)
Chronological data construction that traces the rel-
evant prior articles from contemporary research
backward by leveraging the diverse citation-based
information, including references and citation num-
bers; (2) Chronological curriculum learning that
organizes corpora in temporal order to progres-
sively train the cumulated knowledge from the
prior foundation works. By utilizing citation links,
CHRONOS entails not merely temporal signals, but
also encodes more semantically related lineage be-
tween prior discoveries and subsequent advances
in continued pre-training.

To validate the efficacy of our framework, we
evaluate CHRONOS on a broad range of models
and materials science benchmarks, including gener-
ation and classification tasks. Our comprehensive
results clearly demonstrate that CHRONOS outper-
forms other strong continued pre-training baselines
and achieves the SOTA performance by a large
margin of up to about 2.9% and 4.7% in Micro-F1
and Macro-F1 scores, respectively. Moreover, we
verify that our CHRONOS not only provides diverse
and informative corpus but also represents general-
izability of curriculum learning designs compared
to previous approaches.

To summarize the contributions of our paper:

* We investigate the effectiveness of explicitly
incorporating the cumulative knowledge dur-
ing continued pre-training for language model
adaptation in materials science.

* We propose CHRONOS, a novel framework
that incorporates the cumulative knowledge
for pre-training through constructing a chrono-
logical corpus and curriculum learning.

* We demonstrate CHRONOS significantly im-
proves the performance compared to previous
SOTA baselines in a broad range of materials
science downstream tasks and models.

2 Related Work

2.1 Materials Science Continued Pre-training

Building domain-specific PLMs from scratch re-
quires substantial computational costs. Thus, con-
tinued pre-training has been standard practice to
adapt general PLMs by performing language mod-
eling on the target domain corpus (Gururangan
et al., 2020). Early efforts like SciBERT (Belt-
agy et al., 2019) demonstrated the value of contin-
ued pre-training on a broad range of scientific cor-
pora. Subsequently, materials-specific approaches
have proposed further specialized to materials sci-
ence domain by training on randomly collected
corpus by using materials-specific terms (Gupta
et al., 2022; Huang and Cole, 2022; Mishra et al.,
2024). Building on this foundation, recent research
has advanced the adaptation process by investigat-
ing domain-specific data construction or training
schemes. ETS-DACP (Xie et al., 2024) highlighted
the efficiency of targeted domain data selection
based on information density, while MELT (Kim
et al., 2024) incorporated materials science knowl-
edge through semantic graph-based curriculum
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Figure 2: Overview of the CHRONOS framework. The framework consists of chronology-grounded data construction
that traces semantic relevance backward through citations from articles, followed by chronological curriculum
learning that reorganizes selected documents in forward temporal order.

learning. While recent works (Mishra et al., 2024;
Xie et al., 2025; Park et al., 2025) emphasized the
importance of instruction tuning datasets for materi-
als science, the impact of data quality and diversity
during pre-training has not been well explored.

Previous studies have demonstrated promising
results in adapting PLMs to materials science.
However, previous approaches typically treat all
scientific literature as a static collection in pre-
training, overlooking the cumulative nature of sci-
entific knowledge. In contrast, CHRONOS explic-
itly incorporates the cumulative nature of scientific
knowledge in the pre-training process with respect
of both data construction and training schemes.

2.2 Curriculum Learning for PLMs

Curriculum learning is a training strategy that or-
ganizes training into a progression from easier to
harder examples, rather than learning all data simul-
taneously (Bengio et al., 2009). The effectiveness
of curriculum learning critically depends on how
difficulty is measured (Kumar et al., 2010). In the
NLP area, previous studies measure difficulty com-
monly estimated from model-based signals in train-
ing dynamics (Graves et al., 2017; Xu et al., 2020)
or heuristic linguistic measures such as sentence
length or word rarity (Platanios et al., 2019; Zhang
et al., 2018). However, previous works have usu-
ally focused on PLM fine-tuning for improving op-
timization speed or generalizability in downstream
tasks (Chen et al., 2023; Pouransari et al., 2024)
due to the challenges of designing an effective dif-
ficulty measure for large-scale training (Soviany

et al., 2022). Several studies have introduced cur-
riculum designs for language model pre-training
by utilizing the relations in knowledge graphs as
difficulty measures. Lee et al. (2022) first proposed
a knowledge graph-based masking strategy by uti-
lizing the depth of hops in ConceptNet (Speer et al.,
2017), which reflects the connectivity of language
concepts. In the materials science domain, Kim
et al. (2024) constructs materials-aware semantic
graphs and employs the node degree of the entities
to build the multi-stage curriculum learning.

However, previous approaches primarily exploit
intra-document relations among entities and do not
explicitly capture inter-document knowledge rela-
tions. Different from the previous works, we focus
on exploring the effectiveness of the chronologi-
cal relations among inter-documents as a difficulty
measure in continued pre-training for materials sci-
ence domain adaptation.

3 CHRONOS

We elaborate our CHRONOS, which incorporates
the nature of scientific knowledge to pre-training
process. Our key idea is to leverage the citation-
based information for both chronological datasets
and a curriculum. To this end, we first collect
a chronologically structured corpus by construct-
ing reference-based graphs from expanding the re-
cent publications. We then organize the corpus in
chronological order, building a curriculum where
models first learn foundational materials knowl-
edge, and progressively advance to recent research.
The overall framework is illustrated in Figure 2.
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3.1 Chronological Data Construction

We begin by constructing a corpus that captures the
chronological evolution of scientific knowledge in
materials science. Since the citation information en-
tails both relevance and significance of each article,
we leverage the reference relations and the number
of citations to filter out important articles. Specif-
ically, we suggest a multi-hop expansion strategy,
where each hop represents progressively earlier pa-
pers in the reference relations, naturally yielding a
knowledge-cumulative dataset. Moreover, we fil-
ter out the articles by utilizing citation counts and
temporal constraints, ensuring the dataset is com-
posed of core foundational articles while maintain-
ing alignment with the chronological progression.

Contemporary seed collection. We first iden-
tify recent research papers that represent the latest
research topics in materials science. To ensure
domain specificity, we extract materials science
keywords from the PubChem database (Kim et al.,
2023; Oh et al., 2025), a comprehensive resource
for chemical compounds and materials. These
keywords capture a broad range of core concepts,
including specific compounds (e.g., lithium-ion,
graphene), material classes (e.g., perovskites, semi-
conductors), and domain-specific terminology?.

Using these materials-specific keywords, we
query Semantic Scholar to retrieve materials sci-
ence candidate papers based on their titles and ab-
stracts. We then query the Scopus API (National
Center for Science and Engineering Statistics and
Science-Metrix and Elsevier, 2025) by DOI to ob-
tain publication-year and citation-count metadata
and retain publications from 2020 onward as con-
temporary seed papers. This temporal cutoff en-
sures that the seed set reflects recent research direc-
tions and advances in materials science.

Citation-based corpus expansion. From the
seed set (i.e., Hop), we iteratively expand the cor-
pus through citation networks following the refer-
ence relations in the papers. For each parent paper
p € H; inhop 7, we collect its reference list and use
it as the candidate pool for the next-hop expansion:

Cp = R(p), (1

where R(p) denotes the reference list of p. To
ensure data quality and coverage, we employ a
multi-source API strategy. In this pipeline, we

2We collect 2.6k keywords for queries

use Semantic Scholar for keyword-based discovery,
query Scopus by DOI to retrieve and validate meta-
data for recency and citation-based filtering, and
retrieve and validate reference relations through
OpenCitations (Peroni and Shotton, 2020). We col-
lect abstracts through a sequential source pipeline
(e.g., OpenAlex and Europe PMC), with Semantic
Scholar used as a fallback source®. We report the
one-time corpus-construction cost in Appendix A.

We then apply two-stage filtering strategies to
ensure temporal coherence and quality. For tem-
poral coherence, we enforce a relative temporal
constraint on citation gaps. Since research papers
often cite very old foundational studies that are not
closely relevant or have multi-hop relations (e.g.,
as background literature), we constrain each candi-
date to be published no later than its parent, within
a At-year window, and no earlier than yin:

Cp={ceClm<y <y}, 2

where 7, = max(Ymin, yp — At) is the per-parent
temporal lower bound, and y,, y. are publication
years of the parent p and a candidate ¢, respec-
tively* This process preserves temporal proximity
to each parent paper while progressively expanding
toward earlier foundational studies. We compare
the hop-level publication-year distributions with
and without this constraint in Appendix A.S5.

After temporal filtering, we apply citation-based
quality filtering to prioritize influential works.
Since citation count reflects scholarly influence,
we rank the valid candidates for each parent paper
by citation count and select the top-K papers:

Sp = Top-K (C’

1, ¢ cites(c)), 3)

where Top-K (A, s) returns the K elements of A
with the largest values of the score function s, and
cites(c) denotes the citation count of candidate c.

The constructed hop ¢ + 1 aggregates the per-
parent selections with deduplication against earlier
hops:

Hit1 =

U s

pEH;

(U H; (4)
=0

This guarantees each paper appears only in its
first discovered hop, preserving a clean chrono-
logical structure for the curriculum. Finally, we

3Detailed settings are provided in Appendix A
*We set Ymin = 1980 and At = 10 years.
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Algorithm 1 CHRONOS Framework

1: Input: Seed papers Ho, max hops NV, temporal window
At, top-K, min year ymin, PLM parameters 6, epoch
number E

2: Output: PLM parameters

3:

4: // Chronological Data Construction

5: fori =0to N —1do

6:  for each parent p € H; do

7: // Candidate pool from references
8: Cp < R(p)

9: // Per-parent temporal filtering
10: Cp < {c € Cp | max(Ymin, Yp—AL) < ye < yp}
11: // Impact-based top-K selection
12: 8p + Top-K (C,, cites)

13:  end for

14: Hip1 < (UpeHi Sp) \U;:O H;
15: end for

16:

17: // Chronological Curriculum Learning
18: for epoch = 1to E do
19:  for stage ¢ = N down to 0 do

20: Train PLM 6 on o(H;)
21: end for
22: end for

23: return PLM 6 =0

preserve citation relations, which enable the analy-
sis of knowledge flow patterns and the validation
of semantic coherence across temporal boundaries.

3.2 Chronological Curriculum Learning

The corpus construction naturally yields a hop-
based structure where each hop represents progres-
sively earlier papers. Since this structure reflects
the knowledge accumulation, we directly leverage
it to construct the multi-stage curriculum.
Formally, let H; denote papers in hop ¢, where
hop-0 contains recent papers and higher hop num-
bers indicate earlier foundational works. We denote
the random shuffle operation in each hop as o(-)
and define the stage-wise curriculum schedule as:

(c(Hn),0(HN-1),-..,0(H0)) 5)

where each stage is trained sequentially from foun-
dational works (Hy) to contemporary research
(Hop), iterating from ¢ = N down to 0. Within
each stage, papers are randomly shuffled before
mini-batch construction.

This stage-wise curriculum organization enables
our method to utilize all datasets in the corpora
while maintaining clear chronological progression.
Our curriculum design aligns with how scientific
understanding naturally accumulates (Kuhn, 1962;
della Briotta Parolo et al., 2020). For instance, fun-
damental studies on solid oxide fuel cells from the

1990s establish core principles that inform recent
work on advanced electrode materials. By follow-
ing such cumulative progression, models can learn
contemporary advanced material concepts with in-
formative prior knowledge. The overall process is
shown in Algorithm 1.

4 Experiments

We conduct comprehensive experiments to verify
the efficacy of CHRONOS. Specifically, we address
the following research questions:

Q1. (Generalizability) Does CHRONOS enable
better adaptation compared to existing continued
pre-training methods across diverse materials sci-
ence tasks and models? (§4.2, §4.5, §4.6)

Q2. (Explainability) How do the chronologi-
cal data construction and curriculum learning con-
tribute to the overall performance? (§4.3, §4.4)

Q3. (Efficiency) Does the chronological curricu-
lum learning enable more efficient learning dynam-
ics and better knowledge accumulation? (§4.7)

4.1 Experimental Setups

Baselines. Consistent with the previous works
settings (Kim et al., 2024), we compare with strong
continued pre-training baselines, including both
general domain adaptations: DSP (Gururangan
et al., 2020), ETS-DACP (Xie et al., 2024), and
materials-specific domain adaptation baselines: En-
tityBERT (Lin et al., 2021), MELT (Kim et al.,
2024). Detailed baseline configurations are pro-
vided in Appendix B.

Data construction. For our model, we construct
the training corpus through citation network traver-
sal as described in §3.1. Starting from 10,888 post-
filtered hop-0 seed papers, the corpus spans five
hop levels (hop-0 through hop-4), with a 10-year
temporal gap and top-5 citation-based selection,
yielding 183,202 unique papers (approximately
183k). For the baselines, we construct materials sci-
ence corpora of matched scale using the term-based
collection strategy adopted in prior work (Gupta
et al., 2022; Oh et al., 2025). Detailed corpus statis-
tics are in Appendix A.

Pre-training configuration. To demonstrate the
broad applicability of our framework, we adapt
the SciBERT (Beltagy et al., 2019) as an encoder-
based PLM and Llama-3.2-1B (Grattafiori et al.,
2024) as a decoder-based PLM. We perform lan-
guage modeling with a chronological curriculum
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MatSci-NLP

Method Metc  \ER  RC EAE PC SAR SC SF  Overall
SciBERT Micro-F1  0.738 0.818 0.458 0.671 0.701 0901 0.500 0.693
(Beltagy et al., 2019) Macro-F1 0.517 0.600 0.290 0.568 0.528 0.612 0.258 0.482
DSP Micro-F1  0.769 0.852 0.503 0.713 0.827 0.904 0.568 0.734
(Gururangan et al., 2020) Macro-F1  0.556 0.637 0.327 0.576 0.729 0.604 0.308 0.534
EntityBERT Micro-F1  0.789 0.856 0.489 0.744 0.852 0903 0.584 0.745
(Lin et al., 2021) Macro-F1  0.575 0.652 0.318 0.683 0.756 0.643 0.352 0.568
ETS-DACP Micro-F1  0.784 0.866 0.479 0.732 0.816 0.834 0.590 0.729
(Xie et al., 2024) Macro-F1  0.577 0.643 0.310 0.686 0.735 0.569 0.327 0.550
MELT Micro-F1  0.797 0.856 0.499 0.787 0.806 0.895 0.593 0.748

(Kim et al., 2024) Macro-F1  0.572 0.651 0.339 0.666 0.766 0.616 0.353 0.571
CHRONOS (ours) Micro-F1 0.811 0.877 0.523 0.815 0.839 0.908 0.621 0.770
Macro-F1 0.611 0.659 0.341 0.765 0.747 0.569 0.498 0.598

Table 1: Evaluation results on MatSci-NLP. NER: Named-Entity Recognition, RC: Relation Classification, EAE:
Event Argument Extraction, PC: Paragraph Classification, SAR: Synthesis Action Retrieval, SC: Sentence Classifi-
cation, SF: Slot Filling. The best and the second best results are highlighted in boldface and underline, respectively.

MatSci-NLP (Overall)

Method
Micro-F1 ~ Macro-F1
CHRONOS (ours) 0.770 0.598
Components in CHRONOS
CHRONOS w/o CCL 0.745 0.560
CHRONOS w/o CDC, CCL 0.715 0.523

Curriculum Learning in CHRONOS

CHRONOS w/ CCL (ours) 0.770 0.598
CHRONOS w/ Reverse 0.738 0.542
CHRONOS w/ MELT 0.748 0.568
CHRONOS w/ Masking Ratio 0.741 0.564
CHRONOS w/ Non-curriculum 0.745 0.560

Table 2: Ablation results for each component in
CHRONOS on MatSci-NLP. CCL and CDC indicate
chronological curriculum learning and chronological
data construction, respectively.

where papers from higher hops are presented first,
followed by progressively more recent hops, with
random shuffling within each hop. More detailed
training settings are in Appendix C.

Downstream tasks and evaluation. To demon-
strate effectiveness across diverse applications, we
evaluate on three different benchmark categories.
For comprehensive assessment, we adopt MatSci-
NLP (Song et al., 2023), comprising seven tasks
including entity recognition, relation classification,
and synthesis action retrieval. For classification-
specific evaluation, we use three tasks: NER and

slot filling on SOFC (Friedrich et al., 2020), and
NER on MatScholar (Weston et al., 2019). For
decoder-based models, we conduct fine-tuning ex-
periments on MatSci-NLP and zero-shot evaluation
on MaScQA (Zaki et al., 2024), a materials science
question-answering benchmark. We report aver-
age scores for all metrics across five random seeds.
More detailed settings are in Appendix B.

4.2 Main Results

For a fair comparison to the previous works on
materials science (Kim et al., 2024; Gupta et al.,
2022), we mainly investigate the performance of
the encoder-based model. Specifically, we evaluate
CHRONOS by comparing its performance on the
MatSci-NLP benchmark. The results are shown in
Table 1. We observe that our CHRONOS yields the
best performance on various materials science tasks
compared to the previous baselines. Specifically,
CHRONOS enhances the performance of the back-
bone models by an average of 2.9% and 4.7% in
terms of Micro-F1 and Macro-F1 scores compared
to the SOTA method MELT, respectively. These
results demonstrate the importance of considering
the nature of cumulative knowledge when adapting
PLMs to the materials science domain.

5The results for same corpus are shown in Appendix D
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4.3 Ablation Study

We perform ablation studies to assess the contribu-
tions of chronological data construction and cur-
riculum learning in CHRONOS®.

Data construction and curriculum learning As
shown in the upper part of Table 2, we observe that
omitting chronological data construction (CDC)
and curriculum learning (CCL) adversely affects
both Micro-F1 and Macro-F1 scores. For CDC, we
randomly collect the papers following the previous
work (Beltagy et al., 2019). Specifically, eliminat-
ing both curriculum learning and data construction
significantly degrades performance by 7.6% and
14% on Micro-F1 and Macro-F1 scores, respec-
tively. These results indicate that both data con-
struction and the training scheme in our framework
are essential to adopt PLMs in materials science.

Curriculum design comparisons To further in-
vestigate the design choices for curriculum learn-
ing, we compare our method with four curriculum
learning methods: 1) Reverse, which trains the
model with the reverse order of the curriculum
in CHRONOS, 2) MELT, which uses the node de-
gree of a materials knowledge graph (Kim et al.,
2024), 3) Masking Ratio, which gradually in-
creases the masking ratio in the pre-training corpus,
and 4) Non-curriculum, which trains the model
with a random order. As shown in the lower
part of Table 2, the chronological curriculum in
CHRONOS achieves the strongest aggregate per-
formance among the evaluated strategies. The re-
verse and non-curriculum variants use the same
CHRONOS corpus and therefore provide direct evi-
dence for the contribution of training order.

4.4 Effect of Chronological Data Selection

Comparison to other data construction To ver-
ify the efficacy of our data construction, we com-
pared to three strong baselines: 1) API-based ran-
dom selection (Beltagy et al., 2019), 2) materi-
als term-based selection (Gupta et al., 2022; Oh
et al., 2025), and 3) ETS-DACP that selects the
informative subset for each downstream task from
corpora (Xie et al., 2024). For a fair comparison,
we utilize the same corpus scale for all data con-
struction methods’. The results are shown in Table
3. While the material-related corpus construction
baselines achieved better than random selection,

SFurther ablations are provided in Appendix D.
"Detailed settings are shown in Appendix A.6

MatSci-NLP (Overall)

Method

Micro-F1 = Macro-F1
Random 0715 0523
Term-based 0.734 0.534
ETS-DACP 0.729 0.550
CHRONOS (ours) 0.745 0.560

Table 3: Comparison of different data construction
strategies with CHRONOS. The best results are high-
lighted in boldface.
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Figure 3: Analysis of citation-based selection. Panel (a)
shows the number of papers, and Panel (b) shows the
MatSci-NLP performance for different values of top- /.

our proposed CHRONOS achieve the best perfor-
mance compared to other baselines on both F1
scores. These results highlight that it is crucial
to consider chronological relations for building the

pre-training corpus in materials science domain®.

Effects of citation-based selection To investi-
gate the effectiveness of our citation-based docu-
ment selection, we evaluate the performance of our
methods by varying the number of top-K citations.
The results are shown in Figure 3. We observe that
performance increases as the number of top-K doc-
uments grows, but it saturates at over 5 documents
and begins to decline. These results demonstrate
that including all documents for pre-training is not
always helpful and highlight the necessity of se-
lecting informative document sets. This may be
due to the noisy and irrelevant documents, which
align with previous data selection methods in pre-
training (Xie et al., 2024). Overall, the results
clearly demonstrate that our citation-based top-K
document selection can not only enhance the qual-
ity of the corpus, but also improve the efficiency for
collecting corpora in the materials science domain.

8Corpus impact and diversity analysis in Appendix F.
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MatSci-NLP (Overall)

Method MaScQA
Micro-F1  Macro-F1
Llama-3.2-1B 0207  0.135 1815
DSP 0.229 0.165 20.77
ETS-DACP 0.194 0.153 19.69
CHRONOS (ours) 0.265 0.186 21.69

Table 4: Evaluation results of Llama-3.2-1B backbones
on MatSci-NLP and MaScQA benchmarks. The best
and second best results are highlighted in boldface and
underline, respectively.

4.5 Analysis on Decoder-based Models

To further investigate the adaptability of CHRONOS,
we apply our framework to the decoder-based PLM
Llama-3.2-1B (Grattafiori et al., 2024). Most pre-
vious works on materials science adaptation focus
on encoder-based models through domain-specific
masked language modeling (Lin et al., 2021; Kim
et al., 2024). Thus, we compare CHRONOS with
two strong general domain adaptation baselines
(Gururangan et al., 2020; Xie et al., 2024) on gen-
eration and question answering tasks (Song et al.,
2023; Zaki et al., 2024). As shown in Table 4,
CHRONOS consistently outperforms the baselines
on both MatSci-NLP and MaScQA benchmarks.
Specifically, our CHRONOS enhance the perfor-
mance by an average on 15.7% and 12.7% for
Micro- and Macro-F1 scores. Moreover, we ob-
serve a similar trend in the Llama-3.1-8B MaScQA
setting, where CHRONOS achieves 31.38 compared
with 30.46 for DSP°. These results not only demon-
strate the adaptability of our CHRONOS on decoder-
based PLMs, but also highlight the scalability on
the larger models.

4.6 Evaluation on Classification Tasks

To evaluate the generality of our CHRONOS, we
additionally compare to each baseline on three ma-
terials science classification tasks, including two
different named entity recognition and slot filling
tasks (Weston et al., 2019; Friedrich et al., 2020),
following the settings of previous works settings
(Gupta et al., 2022; Kim et al., 2024)'9. The results
are shown in Table 5. We observe that CHRONOS
achieved the SOTA performance, similar to the
generation task. Specifically, CHRONOS consis-
tently outperforms SOTA baselines by 0.6 aver-

°Detailed results are provided in Appendix H
%Detailed settings are in Appendix B.2

Method NERsorc NERMs SF Avg.
SGBERT 03 853 91 749
DSP 80.4 84.6 59.8 74.9
EntityBERT 80.8 85.2 60.8 75.6
ETS-DACP 79.7 85.5 584 745
MELT 80.3 85.4 61.7 75.8
CHRONOS (ours) 81.2 86.0 619 764

Table 5: Evaluation results on three classification tasks.
The best and second best results are highlighted in bold-
face and underline, respectively.

81.51 _e— CHRONOS (ours)

DsP
81.01 — MELT

/N

Macro F1-Score (%)
s 8 3
w o w

~
©
<)

ok 2k 4k 6k 8k
Continual Pre-training Steps

Figure 4: Training dynamics of performance on SFsorc
test set during continued pre-training.

age points on three different information extraction
tasks. These results underscore the effectiveness of
CHRONOS across diverse types of materials science
downstream tasks.

4.7 Analysis of Training Dynamics

To examine how chronological curriculum learning
affects training dynamics, we evaluate the perfor-
mance of CHRONOS according to the steps dur-
ing pre-training. Figure 4 shows Macro-F1 score
on the SFsorc test set for CHRONOS compared
to SOTA baselines. We observe that CHRONOS
converges faster and yields more stable perfor-
mance improvements across the pre-training pro-
cess. Specifically, CHRONOS achieves higher per-
formance at 2k steps compared to other baseline’s
final scores by only utilizing 25% of the training
steps. Moreover, while other baselines saturated
early in the steps, CHRONOS continues to improve
steadily, and reaches its best performance in the
later steps. These results demonstrate that con-
sidering chronological orders in the pre-training
process not only further improves the generaliz-
ability but also the training efficiency of continued
pre-training on materials science.

53180



5 Conclusion

We have proposed CHRONOS, a novel chronology-
grounded continued pre-training framework to ef-
fectively adapt PLMs for materials science. To
this end, we have introduced a chronological data
construction and curriculum learning to reflect the
cumulative nature of scientific knowledge in the
pre-training process. Specifically, CHRONOS has
traced foundational prior works through citation
networks and organized them into a chronological
curriculum to progressively learn materials science
regarding the priority of knowledge. Through ex-
tensive experiments, we have demonstrated that
CHRONOS has significantly outperformed the pre-
vious SOTA baselines across various materials sci-
ence benchmarks and backbone models. Moreover,
we have verified the effectiveness of considering
the cumulative knowledge on the pre-training stage
for both corpora construction and training schemes.

Limitations

While we have demonstrated the effectiveness of
CHRONOS for both data construction and training
schemes on materials science, we identify several
limitations that present valuable opportunities for
future research.

Potential Risk on citation-based selection
While we have clearly demonstrated that citation-
based data selection improves data quality in the
pre-training corpus construction, relying only on
citation-based metrics might cause a potential issue
in limiting the diversity of the topics or journals
for corpora. To mitigate this, we have introduced
materials-term-based seed data collection methods
for recent works, which first collect papers cover-
ing diverse topics and current issues in materials
science (§F). Nevertheless, regarding the metric-
agnostic designs of our framework, adopting the
advanced citation-based metrics, such as impact
factor or field-weighted citation impact, can further
improve our framework. We will consider the adap-
tations for other fine-grained metrics as promising
future research directions.

Exploration on Diverse Domain Adaptation
We have mainly focused on the materials science
domain, which is characterized by a strong cu-
mulative knowledge structure following previous
materials-specific works for PLMs (Gupta et al.,
2022; Kim et al., 2024; Oh et al., 2025). How-
ever, the applicability of our framework to other

scientific domains, such as biomedical science and
computer science, remains underexplored in this
work. We leave the exploration of PLM adaptations
for diverse academic domains as a future research
direction in this field.

Exploration on Larger Models Although
we have demonstrated the generalizability of
CHRONOS on diverse PLMs, including both
encoder-based and decoder-based models, the ap-
plicability of our framework on larger PLMs, re-
mains under-explored in this work. Nevertheless,
considering the consistent performance improve-
ments of CHRONOS on the 1B and 8B Llama
models (Grattafiori et al., 2024), we believe that
CHRONOS is expected to work well within other
larger PLMs. We leave the exploration of the scala-
bility as a promising future research direction.
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Appendix

A Details for Data Construction

A.1 Seed Collection

We construct our hop-0 seed set following previous
work (Oh et al., 2025). Specifically, we extract
2.6k materials-related concepts from the PubChem
database (Kim et al., 2023), including chemical
names, [UPAC names, synonyms, and molecular
formulas. Using these concepts as keywords, we
query Semantic Scholar for materials science can-
didate papers based on their titles and abstracts.
We then query the Scopus API by DOI to obtain
publication-year and citation-count metadata and
retain publications from 2020 onward up to the
time of corpus construction. This process yields
10,888 post-filtered papers, which form the hop-0
seed set. This temporal cutoff ensures that the seed
set reflects recent research directions in materials
science.

A.2 Citation-based Expansion

We expand the corpus through citation network
traversal with two-stage filtering. For each pa-
per in hop i, we retrieve and validate its ref-
erence list through the OpenCitations API (Per-
oni and Shotton, 2020) and apply temporal co-
herence filtering: candidate papers must satisfy
Ye > max(Ymin, Yp — At), where y, and y. denote
publication years of parent and candidate papers, re-
spectively. We set ymin = 1980 and At = 10 years
to maintain relevance while ensuring comprehen-
sive historical coverage, aligning with established
materials corpora (Tshitoyan et al., 2019; Gupta
et al., 2022). For quality filtering, we rank candi-
dates by citation count and select the top-k cited
references per parent paper, prioritizing influential
foundational works. We set kK = 5 in our main ex-
periments, with ablation studies presented in §4.4.
This process produces five hop levels (i.e., hop-0
through hop-4), with deduplication ensuring each
paper appears only in its first discovered hop.

A.3 Dataset Statistics

Table 7 shows the detailed distribution of papers
across hops used in our main experiments (i.e., top-
5 configuration). The exponential growth pattern
reflects the cumulative nature of scientific knowl-
edge, where each paper references multiple earlier
works. Considering computational efficiency, we

Hop Papers Cumulative
Hop 0 (>2020) 10,888 10,888
Hop 1 21,683 32,571
Hop 2 26,946 59,517
Hop 3 29,516 89,033
Hop 4 31,360 120,393
Total 120,393 -

Table 6: Distribution of papers across hops in the
CHRONOS corpus (Top-3 configuration).

Hop Papers Cumulative
Hop 0 (>2020) 10,888 10,888
Hop 1 34,034 44,922
Hop 2 47,363 92,285
Hop 3 44,761 137,046
Hop 4 46,156 183,202
Total 183,202 -

Table 7: Distribution of papers across hops in the
CHRONOS corpus (Top-5 configuration, main).

Hop Papers Cumulative
Hop 0 (>2020) 10,888 10,888
Hop 1 69,731 80,619
Hop 2 172,674 253,293
Hop 3 298,903 552,196
Hop 4 576,124 1,128,320
Total 1,128,320 -

Table 8: Distribution of papers across hops in the
CHRONOS corpus (Top-10 configuration).

select the top-5 configuration, containing approxi-
mately 183k papers, for our main experiments. For
reference, we also provide the statistics of top-3
and top-10 configurations used for analysis in Table
8 and Table 6, respectively.

A.4 API Implementation

We employ a multi-source API strategy to maxi-
mize data coverage and quality. The three sources
have distinct roles in corpus construction: we use
Semantic Scholar for keyword-based candidate dis-
covery, query Scopus (National Center for Sci-
ence and Engineering Statistics and Science-Metrix
and Elsevier, 2025) in batches of 25 DOIs for
publication-year and citation-count metadata, and
retrieve and validate reference relations through
OpenCitations (Peroni and Shotton, 2020). For
abstract collection, we implement a sequential
pipeline prioritizing OpenAlex, Europe PMC, Else-
vier, Semantic Scholar, CORE, and PubMed. The
pipeline selects the longest available abstract (pre-
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Citation-year gap Hop

>2020 2010-2019 2000-2009 1990-1999 1980-1989

HO  100.0% 0.0% 0.0% 0.0% 0.0%
H1 13.8% 86.2% 0.0% 0.0% 0.0%
10-year limit H2 1.1% 47.7% 51.2% 0.0% 0.0%
H3 0.2% 12.3% 66.1% 21.4% 0.0%
H4 0.1% 2.8% 36.9% 54.0% 6.2%
HO  100.0% 0.0% 0.0% 0.0% 0.0%
H1 9.6% 49.0% 30.2% 8.2% 3.1%
No gap limit H2 0.7% 20.0% 42.4% 25.6% 11.2%
H3 0.1% 7.6% 30.8% 34.9% 26.7%
H4 0.0% 2.1% 18.4% 34.1% 45.4%

Table 9: Distribution of publication-year ranges across citation hops with and without the 10-year citation-gap limit.

Values denote percentages within each hop and may not sum to 100 due to rounding.

Term-based CHRONOS

346,618 674,113
17h 36h

API calls
Collection time

Table 10: One-time corpus-construction cost under our
collection setup.

ferring >100 characters) to ensure text quality,
achieving approximately 98% coverage across the
corpus.

Construction overhead To assess the additional
cost of citation-graph construction, we compare the
number of API calls and collection time with term-
based collection. Both methods share keyword-
based candidate discovery and same-scale abstract
collection, while citation-graph resolution is unique
to CHRONOS. As shown in Table 10, CHRONOS
requires 674,113 API calls and 36 hours, compared
with 346,618 calls and 17 hours for term-based
collection. This one-time overhead is confined to
corpus construction, and the resulting corpus can
be reused across subsequent pre-training runs.

A.5 Effect of the Citation-Year Gap Limit

To assess the effect of limiting the publication-
year gap along each citation edge, we compare the
publication-year distributions across citation hops
with and without the 10-year gap limit. As shown
in Table 9, removing the citation-gap limit pro-
duces substantial overlap between adjacent hops,
whereas applying the 10-year limit yields clearer
separation across hop-specific publication periods.
This result demonstrates that the citation-gap limit
provides clearer chronological separation across

hops.

A.6 Data Construction Baselines

To demonstrate the efficacy of our data construc-
tion, we adopt two different data construction base-
lines, consisting of random (Beltagy et al., 2019)
and term-based methods (Gupta et al., 2022; Oh
et al., 2025), which are widely used for materials
science corpus construction.

Random To collect the broad range of scientific
papers, previous works utilize the category restric-
tion for API-based random search, such as the ma-
terials science topic in Semantic Scholar (Beltagy
et al., 2019). Following the previous work, we
leverage our three-tier API implementation for col-
lecting diverse types of materials science papers.

Term-based To collect papers that are more re-
lated to the materials science domain, previous
works utilize the materials-specific terms, such as
glass, cement, or inorganic as a query for search-
ing papers (Gupta et al., 2022; Oh et al., 2025).
Consistent with the prior works, we leverage the
materials terms that we utilize to construct seed
datasets (i.e., 2.6k keywords) and randomly collect
the same scale with a temporal restriction.

B Baselines and Evaluation

B.1 Baseline Configurations

We compare CHRONOS with four strong contin-
ued pre-training methods for domain adaptation.
All baselines use the same backbone models (i.e.,
SciBERT (Beltagy et al., 2019) and Llama-3.2-
1B (Grattafiori et al., 2024)) and are trained on
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matched-scale materials science corpora of approx-
imately 183k papers each to ensure a fair compari-
Som.

Baseline Corpus Following the standard domain-
adaptive pre-training for materials science (Gupta
etal.,2022; Oh et al., 2025), we mainly utilize term-
based collected corpora for the baseline dataset.

DSP (Gururangan et al., 2020) performs domain-
adaptive pre-training using standard masked lan-
guage modeling (MLM) with random token mask-
ing. Following the previous work, we utilize the
whole word masking and original implementation
with 15% masking ratio.

EntityBERT (Linetal.,2021) employs an entity-
centric masking strategy where identified domain
entities are preferentially masked. To compare
more strong baseline, we use the large scale chemi-
cal entity datasets from MELT (Kim et al., 2024),
consisting of 71k entities. We utilize them for pre-
training with 15% masking ratio.

ETS-DACP (Xie et al., 2024) applies continued
pre-training with efficient task-aware data selec-
tion. Following the original settings, we utilize the
cosine similarity between the embeddings of the
target task data (i.e., MatSci-NLP) and the domain
corpus to select relevant subsets.

MELT (Kim et al., 2024) performs materials-
aware curriculum masked language modeling
guided by a materials semantic graph. Following
the previous settings, we utilize the three-stage cur-
riculum, which progressively masks entities based
on their node degrees in the semantic graph.

B.2 Evaluation Benchmarks

MatSci-NLP. We evaluate generation perfor-
mance on MatSci-NLP (Song et al., 2023), a low-
resource multitask materials science benchmark
comprising seven task types across 13 datasets.
It covers named entity recognition (NER), rela-
tion classification (RC), event argument extraction
(EAE), paragraph classification (PC), synthesis ac-
tion retrieval (SAR), sentence classification (SC),
and slot filling (SF). Following the original settings
in MatSci-NLP, we evaluate domain-specific en-
coders using a transformer-based schema decoder
tailored for generation-based tasks.

Classification Tasks. For encoder-only evalua-
tion, we adopt standard materials-domain classifica-
tion benchmarks following prior work (Gupta et al.,

2022; Kim et al., 2024), focusing on NERgoFc,
NERpys (MatScholar NER), and SF (SOFC slot
filling). These tasks have been widely used to as-
sess domain-adapted encoders under standard fine-
tuning settings in prior work.

MaScQA. We additionally evaluate materials-
domain question answering on MaScQA (Zaki
et al., 2024), which contains 650 undergraduate-
level materials science questions curated from the
GATE examination and categorized into four struc-
tural types (MCQ, MATCH, MCQN, NUM) across
14 domain categories. We report accuracy follow-
ing the evaluation protocol described in Zaki et al.
(2024).

C Training Configuration

All experiments are conducted on a single NVIDIA
RTX A6000 GPU (48GB). Unless otherwise spec-
ified, we use AdamW optimization and keep the
backbone model and overall training budget fixed
across comparisons, varying only the data construc-
tion and training strategy.

C.1 Continual Pre-training

Encoder We continually pre-train SciBERT
(Beltagy et al., 2019) on our chronologically or-
dered corpus. Following standard materials science
domain-adaptation settings (Gupta et al., 2022;
Kim et al., 2024), we train for 3 epochs using a
hop-4 to hop-0 curriculum and apply whole-word
masking with a 15% ratio.

Decoder We continually pre-train Llama-3.2-1B
(Grattafiori et al., 2024) with Low-Rank Adaptation
(LoRA) (Hu et al., 2022). LoRA modules are ap-
plied to both attention and MLP layers. Consistent
with the encoder setting, training follows the hop-4
— hop-0 curriculum. We use bf16 mixed-precision
training and gradient accumulation.

C.2 Fine-tuning

Encoder We followed the settings for generation
tasks on MatSci-NLP (Song et al., 2023). We adopt
an encoder-decoder architecture: the encoder is
initialized from our continually pre-trained check-
point, while the decoder (a 3-layer Transformer) is
trained from scratch. We fine-tune for 20 epochs
and train on 1% of the available training data. We
report the average score over five different random
seeds. For classification tasks, we fine-tune the
encoder with task-specific classification heads. We
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MatSci-NLP

Method Metc  \ER  RC EAE PC SAR SC SF  Overall
SciBERT Micro-F1  0.738 0.818 0.458 0.671 0.701 0901 0.500 0.693
(Beltagy et al., 2019) Macro-F1 0.517 0.600 0.290 0.568 0.528 0.612 0.258 0.482
DSP Micro-F1  0.792 0.868 0.482 0.725 0.837 0.904 0.606 0.745
(Gururangan et al., 2020) Macro-F1 0.595 0.646 0.304 0.632 0.745 0.616 0.379 0.560
EntityBERT Micro-F1  0.796 0.854 0.516 0.784 0.796 0908 0.591 0.749
(Lin et al., 2021) Macro-F1  0.595 0.637 0.357 0.709 0.689 0.596 0.377 0.566
MELT Micro-F1  0.780 0.862 0.529 0.753 0.818 0912 0.581 0.748

(Kim et al., 2024) Macro-F1  0.558 0.655 0.324 0.688 0.698 0.676 0.348 0.568
CHRONOS (olrs) Micro-F1  0.811 0.877 0.523 0.815 0.839 0.908 0.621 0.770
Macro-F1  0.611 0.659 0.341 0.765 0.747 0.569 0.498 0.598

Table 11: Evaluation results on MatSci-NLP for the CHRONOS corpus. The best and the second best results are

highlighted in boldface and underline, respectively.

MatSci-NLP (Overall)

Method MaScQA
Micro-F1 Macro-F1

Year-ordered curriculum 0.243 0.178 20.92

CHRONOS (ours) 0.265 0.186 21.69

Table 12: Comparison between the citation-hop cur-
riculum in CHRONOS and the publication-year-ordered
curriculum on the same CHRONOS corpus.

select the learning rate from a small candidate set
and choose epoch counts per task. For SOFC tasks,
we report results averaged over five-fold cross-
validation and three different seeds.

Decoder For decoder models, we fine-tune the
decoder using LoRA targeting the attention lay-
ers. To simulate low-resource settings, we train
on 1% of the available training data for 5 epochs,
and constrain generation to a maximum of 64 out-
put tokens. We report the average score over five
different random seeds.

D Further Ablations

Results on CHRONOS corpus To further verify
the effectiveness of our curriculum learning, we
compared the other baselines on the same corpus.
The results are shown in Table 11. Similar to the
main results, we observe that our CHRONOS con-
sistently achieves the best performance even in the
same corpus. These results demonstrate that our
chronological curriculum learning can further en-
hance the effectiveness of continued pre-training
for materials science by incorporating cumulative
knowledge.

Configuration Micro-F1 Macro-F1
5 hops (At = 10) 0.770 0.598
3 hops (At = 15) 0.743 0.563
7 hops (At =17) 0.756 0.583

Table 13: Aggregate MatSci-NLP performance under
jointly varied hop counts and temporal gaps. All settings
cover the same 1980-2025 period.

Comparison with Year-Ordered Curriculum
To compare two ways of organizing a chronolog-
ical curriculum, we evaluate CHRONOS against a
publication-year-ordered curriculum on the same
CHRONOS corpus. The year-ordered curriculum
uses the same backbone model, corpus, and train-
ing budget as CHRONOS, while organizing the cur-
riculum stages according to publication years with
stage sizes matched to the hop-based curriculum.
As shown in Table 12, the citation-hop curriculum
consistently achieves better performance than the
year-ordered curriculum across all evaluation met-
rics on the same corpus. These results demonstrate
the effectiveness of organizing the chronological
curriculum based on citation hops rather than pub-
lication years.

Sensitivity analysis for time gap and hops To
assess sensitivity to temporal schedule granular-
ity, we compare three configurations that cover the
same 1980-2025 period by jointly varying the hop
count and temporal gap. As shown in Table 13,
the main five-hop setting achieves the strongest
aggregate performance among the evaluated con-
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MatSci-NLP

Method Metric kR RC EAE  PC  SAR  SC  SF  Overall
MatSciBERT Micro-F1 0769 0.845 0483 0712 0814 0906 0.614 0.735
(Guptaetal,2022)  Macro-F1 0.596 0.650 0321 0672 0.715 0.645 0378 0.568
MatBERT Micro-F1  0.806 0.870 0493 0731 0.832 0907 0.610 0.750
(Trewartha et al., 2022) Macro-F1  0.605 0.671 0.317 0.655 0.710 0.654 0.391 0.572
Chronos (oursy  MIcTOFL 0811 0.877 0523 0815 0839 0908 0.621 0770
u Macro-F1  0.610 0659 0341 0.765 0747 0569 0.498 0.598

Table 14: Comparison with domain-specific PLMs (MatSciBERT, MatBERT) on MatSci-NLP. The best and the
second best results are highlighted in boldface and underline, respectively.

figurations.

E Further Analysis

Comparison with Domain-Specific PLMs
To further contextualize the effectiveness of
CHRONOS relative to existing domain-specific
pre-trained models, we additionally compare
CHRONOS with MatSciBERT (Gupta et al., 2022)
and MatBERT (Trewartha et al., 2022) on the
MatSci-NLP benchmark. Both baselines are
SciBERT-based PLMs further pre-trained on
materials science corpora that are larger than the
corpus used for CHRONOS. As shown in Table 14,
CHRONOS achieves better overall performance
than both MatSciBERT and MatBERT on the
MatSci-NLP benchmark, despite these baselines
being pre-trained on larger materials science
corpora. These results further demonstrate the
effectiveness of incorporating chronological
knowledge into PLMs in continued pre-training
for the materials science domain.

Structured Information Inference (SII) To
evaluate the model’s capability in extracting struc-
tured relational knowledge, we tested the Llama-
3.2-1B models on SII tasks (Ye et al., 2024). Ta-
bles 15 and 16 show that CHRONOS consistently
outperforms the DSP baseline in precision, recall,
F1-score, and accuracy across various relational
tasks.

F Corpus Impact and Diversity Analysis

To examine whether citation-based selection in
CHRONOS introduces venue or topic bias, we com-
pare the impact and diversity profiles of our corpus
against the term-based random selection baseline at
the same scale. We jointly use paper-level impact
(FWCI, citation percentile, Semantic Scholar cita-

Task Method Precision Recall F1
NER CHRONOS 91.21 89.50  90.28
DSP 80.56 8581 87.60
CHRONOS  82.60 8321 8278
RE (A-B) DSP 7470 7115 7270
CHRONOS 80.53 74.66  76.79
RE(A-C) pop 7812 6865 7265
CHRONOS 7178 74.66 69.82
RE (ABC-D)  pgp 6801  60.02 6334

Table 15: NER and RE results on the SII benchmark.

Task Method Support  Accuracy
I CHRONOS 76 82.89
DSP 76 82.89
CHRONOS 42 71.43
ENU" psp 4 66.67
CHRONOS 167 79.64
EN.T - psp 167 71.86

Table 16: II and EN results on the SII benchmark.

tions, SNIP), venue concentration, and field/topic
breadth metrics, since impact scores alone cannot
distinguish high-quality selection from prestige-
driven narrowing.'!

As shown in Table 17, CHRONOS achieves a
substantially higher impact profile than the term-
based baseline across FWCI, citation percentile,
Semantic Scholar citations, and SNIP (e.g., FWCI
median 12.50 vs. 1.46), without inducing venue or
topic collapse: CHRONOS retains a lower top-10
venue share (13.9% vs. 16.9%), a larger effective
number of venues (1,321 vs. 952) and OpenAlex
topics (1,147 vs. 685), and a lower top-10 topic
share (4.3% vs. 9.9%).

"Metadata coverage exceeds 96% across all reported met-
rics, except for Elsevier SNIP on the term-based baseline
(88.4%).
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Aspect Metric CHRONOS Term-based
Scale # papers 183,202 183,133
OpenAlex FWCI median / p90 12.50/55.16 1.46/9.92
Impact profile OpenAlex citation percentile median 0.992 0.815
pactp Semantic Scholar citationCount median 377 13
Elsevier SNIP median 1.64 1.00
Unique OpenAlex sources 7,973 10,353
Venue concentration Effective # OpenAlex sources 1,321 952
Top-10 source share 13.9% 16.9%
Effective # Semantic Scholar fields 7.09 5.81
Broad field breadth Top Semantic Scholar field share 37.0% 32.7%
Unique OpenAlex topics 3,000 2,727
Fine-grained topic breadth Effective # OpenAlex topics 1,147 685
Top-10 OpenAlex topic share 4.3% 9.9%
OpenAlex FWCI top-10% threshold 55.16 9.92
High-impact subset Unique sources in FWCI top-10% 2,079 1,572
Unique topics / top-10 topic share in FWCI top-10% 1,835/73% 1,307/22.9%

Table 17: Impact and diversity comparison with the term-based baseline.

Method Micro-F1 Macro-F1
Term-based 0.728 0.553
CHRONOS (ours) 0.743 0.567

Table 18: Overall MatSci-NLP results for the FWCI-
matched corpus control. Both corpora contain 9,701
papers and have a rounded median FWCI of 16.87.

To test whether the impact gain is concentrated
in a narrow set of prestigious sources, we fur-
ther inspect the high-impact subset (top 10% by
FWCI) within each corpus. Even within this sub-
set, CHRONOS retains broader coverage (2,079 vs.
1,572 venues, 1,835 vs. 1,307 topics, top-10 topic
share 7.3% vs. 22.9%). These results demon-
strate that the citation-based selection in CHRONOS
improves corpus impact without sacrificing diver-
sity, supporting the effectiveness of incorporating
chronological knowledge into PLMs in continued
pre-training for the materials science domain. Our
framework is metric-agnostic and can readily incor-
porate finer-grained citation metrics (e.g., FWCI,
impact factor) as the selection criterion in future
extensions.

FWCI-matched corpus control To control for
differences in scholarly impact, we construct two
corpora matched in size and FWCI distribution
without using downstream results. We shuffle the
hop-0 papers using a fixed random seed and select
a root-paper subset that satisfies the corpus-size
and FWCI-matching criteria. Expanding this sub-

Method 8-gram 13-gram
CHRONOS (ours) 1.71% 0.05%
Random 3.11% 0.28%

Table 19: N-gram overlap ratio on MatSci-NLP tasks.

Method Micro-F1 p-value  Macro-F1 p-value
MELT 0.03 0.02
ETS-DACP 0.009 0.007
EntityBERT 0.03 0.05

DSP 0.0005 0.0006

Table 20: Paired t-test p-values comparing CHRONOS
with each continued-pretraining baseline on aggregate
MatSci-NLP performance across five random seeds.

set through the citation links used in the original
CHRONOS corpus construction yields 9,800 unique
papers, of which 9,701 have valid FWCI, publica-
tion year, title, and abstract. We use these papers
as the CHRONOS subset. After removing duplicate
and overlapping DOIs from the term-based corpus,
we select the same number of papers without re-
placement based on FWCI. Both corpora have a
rounded median FWCI of 16.87. We require the dif-
ference in median FWCI to be at most 0.05 and the
standardized mean difference (SMD), Kolmogorov—
Smirnov (KS) statistic, and normalized Wasserstein
distance computed on log(1 + FWCI) to be at
most 0.10. Both corpora use the same backbone
model, continued pre-training budget, and down-
stream evaluation setup.

As shown in Table 18, CHRONOS achieves
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MatSci-NLP

Method Metric \ER  RC EAE PC SAR SC  SF  Overall
Llama-3.2-1B Micro-F1  0.006 0.104 0.166 0.500 0.119 0483 0.070 0.207
(Grattafiori et al., 2024)  Macro-F1  0.003 0.020 0.067 0.459 0.054 0.333 0.010 0.135
DSP Micro-F1  0.012 0.072 0.300 0.357 0.210 0473 0.177 0.229
(Gururangan et al., 2020) Macro-F1  0.018 0.038 0.183 0.318 0.096 0.441 0.057 0.165
ETS-DACP Micro-F1  0.003 0.081 0.303 0.500 0.184 0.170 0.118 0.194

(Xie et al., 2024) Macro-F1  0.004 0.066 0.199 0.499 0.092 0.170 0.037 0.153
CHRONOS (ours) Micro-F1  0.012 0.054 0.366 0.454 0.217 0.575 0.177 0.265

u Macro-F1 0.017 0.028 0.229 0.348 0.085 0.526 0.069 0.186

Table 21: Evaluation results on MatSci-NLP for the Llama-3.2-1B backbone. The best and the second best results

are highlighted in boldface and underline, respectively.

Method MaScQA
Llama-3.1-8B 30.00
DSP 30.46
CHRONOS (ours) 31.38

Table 22: Zero-shot MaScQA results for methods based
on Llama-3.1-8B.

higher overall Micro-F1 and Macro-F1 scores than
the term-based control under the matched corpus
setting. These results demonstrate the effective-
ness of CHRONOS after controlling for corpus size
and scholarly impact. Together with the results
on the same corpus in Table 2, this comparison
further demonstrates the effectiveness of our data
construction and curriculum learning.

G Further Analysis on Stability

Data Leakage Analysis To verify that the down-
stream performance gains are not a result of
data leakage between the pre-training corpus and
MatSci-NLP evaluation sets, we measured the /V-
gram overlap ratio. As shown in Table 19, our
corpus exhibits equal or lower overlap compared
to the random baseline.

Statistical Significance To assess the statistical
reliability of the aggregate improvements, we con-
duct paired t-tests over the same five random seeds.
As shown in Table 20, the reported p-values are
at or below 0.05 for all four continued-pretraining
baselines. These results support the aggregate per-
formance advantage of CHRONOS over the evalu-
ated continued-pretraining baselines.

H Detailed results for Decoder

The detailed results for Llama-3.2-1B are shown
in Table 21. We observe that CHRONOS achieves
better performance than the baselines on most eval-
uated materials science tasks. These results support
the applicability of our method to the evaluated
decoder setting. To evaluate CHRONOS beyond
the 1B decoder, we additionally use the Llama-
3.1-8B base model as a common backbone under
the same zero-shot MaScQA setting. As shown
in Table 22, CHRONOS achieves 31.38, compared
with 30.46 for DSP and 30.00 for the base model.
This result further demonstrates the effectiveness
of CHRONOS on the larger model.

I Case Studies

To validate that our citation-based multi-hop
data construction captures meaningful cumulative
knowledge, we examine a representative case from
the collected corpus. Specifically, we trace the ci-
tation network starting from a recent high-impact
paper on perovskite/silicon tandem solar cells (Al-
Ashouri et al., 2020) and analyze whether the col-
lected papers across hops provide essential prior
knowledge for understanding the target research.

Table 23 presents the representative papers col-
lected through our hop-based expansion. The target
paper (Hop 0) achieves >29% efficiency in mono-
lithic tandem solar cells through enhanced hole
extraction at the perovskite interface. We observe
that papers collected in earlier hops systematically
provide the foundational knowledge required to
understand this achievement.

In Hop 1, the collected papers establish direct
technical prerequisites: Bush et al. (2017) demon-
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strates the monolithic tandem architecture that Hop
0 improves upon, while Zhou et al. (2014) intro-
duces the interface engineering principles central
to the target paper’s contribution. Moving to Hop
2, Kojima et al. (2009) represents the origin of
perovskite photovoltaics, without which the en-
tire field would not exist. Hop 3 captures the
platform technology—the dye-sensitized solar cell
(O’Regan and Gritzel, 1991)—whose mesoporous
electrode architecture directly influenced early per-
ovskite device designs. Finally, Hop 4 contains
the foundational discoveries: Mitzi et al. (1994)
first demonstrated that halide perovskites exhibit
semiconducting properties, and Weber (1978) es-
tablished the crystal structure definition itself.

These results demonstrate that our citation-based
data construction effectively captures the chrono-
logical evolution of knowledge, from fundamental
material properties to state-of-the-art device engi-
neering. By including such semantically coherent
prior works in the training corpus, PLMs can pro-
gressively learn the cumulative materials science
knowledge rather than encountering disconnected
facts, thereby facilitating more effective domain
adaptation.
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Hop Paper Title / Contribution

Hop O Monolithic perovskite/silicon tandem solar cell with >29% efficiency by enhanced hole
extraction (Al-Ashouri et al., 2020)
Contribution: SAM-based hole extraction; Monolithic tandem architecture

23.6%-efficient monolithic perovskite/silicon tandem solar cells with improved stability
(Bush et al., 2017)

Hop 1 Contribution: Monolithic tandem architecture; Direct predecessor to Hop 0 paper

Interface engineering of highly efficient perovskite solar cells (Zhou et al., 2014)
Contribution: Interface recombination suppression; Selective charge extraction

Electron-hole diffusion lengths exceeding 1 micrometer in organometal trihalide perovskites
(Stranks et al., 2013)
Contribution: Long carrier diffusion length; Thick absorber feasibility

Efficient planar heterojunction perovskite solar cells by vapour deposition (Liu et al., 2013)
Contribution: Planar device architecture; Scaffold-free structure

Hop 2 Organometal halide perovskites as visible-light sensitizers for photovoltaic cells (Kojima
et al., 2009)
Contribution: First perovskite solar cell; Origin of the field

Photoelectrochemical cells (Gritzel, 2001)
Contribution: Photoconversion framework; Charge separation principles

A low-cost, high-efficiency solar cell based on dye-sensitized colloidal TiO» films (O’Regan
and Gritzel, 1991)

Hop 3 Contribution: DSSC platform; Mesoporous electrode concept

Solid-state dye-sensitized mesoporous TiOz solar cells with high photon-to-electron conver-
sion efficiencies (Bach et al., 1998)
Contribution: Spiro-OMeTAD as HTL; Solid-state hole transport

Conducting tin halides with a layered organic-based perovskite structure (Mitzi et al., 1994)
Contribution: Halide perovskite as semiconductor; Electronic conductivity discovery

Hop 4 Organic electroluminescent diodes (Tang and VanSlyke, 1987)
Contribution: Foundation of organic optoelectronics; Organic heterojunction principles

Two-layer organic photovoltaic cell (Tang, 1986)
Contribution: Bilayer heterojunction PV; Thin-film stacking concept

Table 23: Representative papers collected through citation-based multi-hop expansion from the target paper (Hop 0).
Each hop contains foundational works whose knowledge directly contributed to understanding and developing the
target research.
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