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Abstract
The rapid advancement of perovskite solar cells
(PSCs) has led to an exponential growth in re-
search publications, creating an urgent need
for efficient knowledge management and rea-
soning systems in this domain. We present
a comprehensive knowledge-enhanced system
for PSCs that integrates three key components.
First, we develop Perovskite-KG, a domain-
specific knowledge graph constructed from
1,517 research papers, containing 23,789 en-
tities and 22,272 relationships. Second, we
create two complementary datasets: Perovskite-
Chat, comprising 55,101 high-quality question-
answer pairs generated through a novel multi-
agent framework, and Perovskite-Reasoning,
containing 2,217 carefully curated materials
science problems. Third, we introduce two
specialized large language models: Perovskite-
Chat-LLM is used for domain-specific knowl-
edge assistance, and Perovskite-Reasoning-
LLM is used for scientific reasoning tasks. Ex-
perimental results demonstrate that our system
significantly outperforms existing models in
domain-specific knowledge retrieval and sci-
entific reasoning tasks, providing researchers
with effective tools for literature review, exper-
imental design, and complex problem solving
in PSC research.

1 Introduction

Perovskite solar cells (PSCs) have emerged as one
of the most promising next-generation photovoltaic
technologies, achieving remarkable progress with
power conversion efficiencies (PCEs) exceeding
27.0% within just over a decade (National Re-
newable Energy Laboratory, 2025; Snaith, 2018;
Correa-Baena et al., 2017; Wu et al., 2021; Ang
et al., 2022; Sathaye et al., 2011; Bogdanov et al.,
2019). The rapid development of PSCs has gener-
ated an exponential growth in research publications,
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making it increasingly challenging for researchers
to efficiently access and utilize the vast amount of
knowledge in this field. This challenge is partic-
ularly acute given the complex interplay between
material composition, fabrication processes, and
device structure that characterizes PSC research.

Traditional approaches to scientific knowledge
management, such as literature reviews and
databases, while valuable, are limited in their abil-
ity to capture the intricate relationships between dif-
ferent aspects of PSC research (Yang et al., 2024b;
Han et al., 2025). Furthermore, existing artificial
intelligence systems in materials science typically
focus on specific prediction tasks or general scien-
tific knowledge, lacking the specialized capability
to handle the unique characteristics of the research
of perovskite solar cells and more general mate-
rials science research (Han et al., 2025; Seifrid
et al., 2022; Mishra et al., 2024; Song et al., 2023a;
Schilling-Wilhelmi et al., 2025; Miret and Krish-
nan, 2024). This gap highlights the need for an
integrated system that can both systematically or-
ganize domain knowledge and provide intelligent
assistance to researchers.

To address these challenges, we present a com-
prehensive knowledge-enhanced system specifi-
cally designed for the perovskite solar cell domain,
consisting of three key components. First, we de-
velop Perovskite-KG, a domain-specific knowl-
edge graph constructed from 1,517 research arti-
cles, containing 23,789 entities and 22,272 relation-
ships between manufacturing processes, parame-
ters, and performance metrics. Second, we create a
multi-agent framework for generating high-quality
instruction-tuning data, which not only reduces
annotation costs but also ensures high reliability
and low hallucination through the synergy of mul-
tiple specialized agents and expert guidance. This
framework generates two complementary datasets:
(1) Perovskite-Chat, an instruction-tuning dataset
comprising 55,101 high-quality question-answer
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pairs generated from 2,214 high-impact papers
using a novel multi-agent framework, and (2)
Perovskite-Reasoning, a collection of 2,217 care-
fully curated materials science problems designed
to enhance scientific reasoning capabilities. Third,
we introduce two specialized large language mod-
els: Perovskite-Chat-LLM for domain-specific
knowledge assistance and Perovskite-Reasoning-
LLM for tackling complex materials science rea-
soning tasks. Our work makes the following key
contributions:
❶ Construction of a comprehensive perovskite
knowledge graph. We construct the first com-
prehensive knowledge graph for perovskite solar
cells, organizing domain knowledge into a struc-
tured format that captures the relationships between
materials, processes, and device performance.
❷ Multi-agent framework for high-quality data
generation. We propose an effective multi-agent
framework for generating high-quality instruction-
tuning data, resulting in two specialized datasets:
a diverse domain-specific dataset covering seven
research categories and a focused reasoning dataset
for enhancing scientific problem solving capabili-
ties.
❸ Specialized LLMs for perovskite research.
We develop and evaluate two specialized large lan-
guage models for perovskite solar cells that demon-
strate superior performance compared to baseline
models: one optimized for domain-specific queries
and another for scientific reasoning tasks.
❹ Extensive experimental validation. We pro-
vide extensive experimental results showing the
effectiveness of our integrated system in support-
ing various research tasks, from literature review to
experimental design and complex problem solving
in materials science.

2 Related Work

2.1 LLM in Materials Science
The convergence of language modeling and com-
putational materials science has unlocked transfor-
mative potential for rapid discovery. Recent break-
throughs in domain-specific architectures (e.g. hi-
erarchical attention mechanisms (Kononova et al.,
2021) and multimodal fusion networks (Swain and
Cole, 2016)) have addressed critical challenges in
crystal structure prediction (Walker et al., 2021)
and phase diagram analysis (Trewartha et al., 2022).
As evidenced by the Materials Genome Initiative
benchmarks (Tshitoyan et al., 2019), three main

research thrusts have emerged: (1) structured in-
formation extraction from heterogeneous corpora,
(2) knowledge graph embeddings for composition-
property relationships, and (3) neurosymbolic rea-
soning for synthesis pathway optimization (Seifrid
et al., 2022; Mishra et al., 2024; Song et al., 2023a;
Schilling-Wilhelmi et al., 2025; Miret and Krish-
nan, 2024).

Building upon these foundations, knowledge-
enhanced systems have achieved state-of-the-
art performance through two complementary
paradigms: graph-based approaches employing het-
erogeneous graph neural networks (HGNNs) now
attain 89.7% accuracy on multi-hop material prop-
erty queries (An et al., 2024), while agent-based
frameworks demonstrate 18.7% improvement in
autonomous experimental design through chain-of-
thought prompting (Zhang et al., 2024a; Song et al.,
2023b; Gupta et al., 2022; Hira et al., 2024).

The field’s maturation is further evidenced by
systematic resource development: (i) The SciQAG
framework (Wan et al., 2024) introduces a novel
curriculum learning paradigm for generating 120K
domain-specific QA pairs, reducing expert annota-
tion requirements by 78%; (ii) Standardized eval-
uation now spans chemical synthesis (ChemLLM-
Bench’s reaction yield prediction task (Guo et al.,
2023)), biomedical applications (MultiMedQA’s
toxicity prediction challenge (Singhal et al., 2023)),
and cross-domain reasoning (SciEval’s materials-
device co-design track (Sun et al., 2023)).

2.2 Knowledge Graph in Materials Science
Domain-specific knowledge graphs have evolved
into structured semantic frameworks that system-
atically consolidate heterogeneous multi-source
data through machine-readable representations, al-
lowing cross-domain knowledge integration to ac-
celerate discovery pipelines (Pan et al., 2024c;
Song et al., 2024; Zhu et al., 2022; Bordes et al.,
2013; Galkin et al.). In materials informatics,
current implementations manifest two distinct
paradigms: literature-derived systems exemplified
by MatKG (Venugopal and Olivetti, 2024) and
DISCOMAT (Gupta et al., 2023), which employ
NLP and graph techniques to extract material com-
positions from textual sources, while empirical
architectures represented by MatSciKB (Zhang
et al., 2024b), Propnet (Mrdjenovich et al., 2020),
MekG (Statt et al., 2023), and MOF-KG (An et al.,
2022) focus on encoding experimental provenance
and computational models through graph-based
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representations of material lineages. However,
these approaches face the challenges that man-
ual curation processes face with resource burdens,
while existing extraction methods exhibit limited
granularity in resolving complex synthesis-process-
property relationships from unstructured text. To
address these limitations, we propose an LLM-
driven framework specifically optimized for per-
ovskite materials research that features a hybrid ar-
chitecture that synergizes domain ontologies with
self-supervised relationship extraction, augmented
by automated quality control pipelines that enforce
materials science constraints.

2.3 Multi-agent systems
The landscape of AI system architectures encom-
passes two distinct paradigms: multi-agent systems
and autonomous agents (Zhuge et al., 2023; Hong
et al., 2024a; Zhang et al., 2024c; Wang et al., 2023;
Su et al., 2025). While autonomous agents rely on
independent decision-making capabilities, multi-
agent systems excel through structured collabora-
tion between specialized components. The latter
approach offers practical advantages by building
upon established expertise rather than requiring
complex behavioral modeling.

Research in multi-agent frameworks has evolved
along two primary trajectories. The first focuses
on domain-agnostic systems that leverage collec-
tive intelligence for general problem-solving (Wei
et al., 2022; Diao et al., 2024; Wang et al., 2022;
Madaan et al., 2023; Wang et al., 2024). The sec-
ond pathway explores domain-specific applications,
with notable implementations in: Code generation
and debugging (Hong et al., 2024b; Ridnik et al.,
2024; Zhong et al., 2024a), Data analytics (Xie
et al., 2024; Ye et al., 2024; Li et al., 2024; Zhou
et al., 2023b), Mathematical reasoning (Zhong
et al., 2024b; Xu et al., 2024; Pan et al., 2024b),
Knowledge retrieval (Nori et al., 2023; Zhou et al.,
2024)

Despite significant progress in identifying effec-
tive agent configurations for specific use cases, the
field still faces the challenge of developing system-
atic approaches for new domains. This highlights
the importance of research into automated methods
for framework design and optimization.

In this section, we collect 1, 517 paper in per-
ovskite domain to build Perovskite-KG and de-
sign the automatic knowledge graph construction
pipeline including three stages document filtering,
knowledge extracting and knowledge graph organi-

zation (Mrdjenovich et al., 2020), as shown in the
Appendix A.

2.4 Reasoning alignment
Recent advances in parameter-efficient alignment
have witnessed multiple research teams pursue dif-
ferent methodologies to align the performance of
o1 (OpenAI, 2024). Contemporary approaches bi-
furcate along two technical axes: (1) reinforcement
learning paradigms exemplified by DeepSeek-R1’s
adversarial preference optimization (Guo et al.,
2025) and K1.5’s multi-objective reward shaping
(Team et al., 2025), versus (2) supervised fine-
tuning strategies employing distilled datasets at
scale (≥ 104 examples) as demonstrated in (Team,
2025; Xu et al., 2025; Labs, 2025). In particular,
S1 (Muennighoff et al., 2025) and LIMO (Ye et al.,
2025) operationalize the Superficial Alignment Hy-
pothesis (Zhou et al., 2023a) through curriculum-
based sparse fine-tuning, achieving comparable rea-
soning capabilities with merely 1,000-2,000 care-
fully curated examples, a 92% reduction in annota-
tion costs relative to conventional SFT approaches.

3 Perovskite-KG

• Document Filtering. Drawing upon expert
knowledge, we have developed the schema for per-
ovskite materials. This schema, shown in the Ap-
pendix Table 6, integrates three ontologies {oi |
oi ∈ schema}: fabrication, parameters, and perfor-
mance. The fabrication ontology encompasses the
procedures and conditions required to synthesize
perovskite materials. The parameters ontology de-
fines the ingredients, structural components, and
other compositional aspects of the device. The
performance ontology is concerned with the effi-
ciency and functional characteristics of perovskite
devices. Each ontology oi is further divided into
sub-ontologies so

(j)
i , where oi = ⋃ni

j=1 so
(j)
i and

ni represents the number of sub-ontologies within
oi. Each sub-ontology so

(j)
i provides a domain-

specific description, denoted as d
(j)
i , along with

a corresponding data type, denoted as t
(j)
i , that is

relevant to its particular scope.
For each sub-ontology [so

(j)
i , d

(j)
i , t

(j)
i ] (e.g.,

”Coating Parameter” - ”Details about the coating
method used in the material deposition process” -

”Float”), we create the prompts to query documents
D = {Dk | k = 1, . . . , m} using a large language
model. These prompts facilitate the extraction of
relevant information for each sub-ontology. The
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Figure 1: The pipeline of Perovskite-KG construction and Perovskite-LLM.

output D
(i,j)
filtered is defined as:

D
(i,j)
filtered = {Dk ∈ D | so

(j)
i ⊂ Dk}, (1)

where D
(i,j)
filtered represents the set of filtered docu-

ments containing pertinent details for sub-ontology
so

(j)
i across the collection. This approach ensures

a systematic and efficient retrieval of targeted in-
formation for each sub-ontology.
• Knowledge Extracting. We employ a prompt
function, denoted as fprompt(·), to transform the
sub-ontology [so

(j)
i , d

(j)
i , t

(j)
i ] into a document

prompt, represented as fprompt(so
(j)
i , d

(j)
i , t

(j)
i ). To

extract the potential domain knowledge K, we uti-
lize a pre-trained large language model (LLM),
expressed as LLM(·; θ), under a zero-shot setting
where the parameters θ remain fixed. The whole
pipeline can be formulated as below:

K = search
D

(i,j)
filtered

LLM(fprompt(so
(j)
i , d

(j)
i , t

(j)
i ); θ), (2)

where the search function search(·) may involve
an argmax operation to identify the highest-scoring
output or a sampling approach to generate outputs
according to the probability distribution specified
by the adopted LLM(·; θ).

After extracting knowledge, we conduct qual-
ity control procedures to ensure accuracy and re-
liability. These procedures include entity disam-
biguation and relationship deduplication. Entity
disambiguation in a knowledge graph aims to re-
solve ambiguity by identifying the unique entity
that corresponds to an ambiguous mention, denoted
as emention, within a subgraph. The objective is to
determine a distinct entity e∗ that accurately repre-
sents emention. Relationship deduplication involves

identifying and merging redundant relations in the
knowledge graph. For instance, given two relations
ri = (e1, r, e2) and rj = (e′

1, r′, e′
2), if they convey

the same semantic meaning—that is, if (e1, e2) and
(e′

1, e′
2) refer to identical entities and the relations

r and r′ are equivalent.
• Knowledge Graph Organization. We construct
the Perovskite Knowledge Graph (Perovskite-KG)
using a graph database. The Perovskite-KG con-
sists of 23, 789 entities and 22, 272 relationships.
By incorporating citation relationships between pa-
pers, we enable our LLM to provide references for
its responses, enhancing credibility and reducing
hallucination.

4 Instruction Tuning Dataset Generation

In this section, we collect 2, 214 the top level publi-
cations papers in the perovskite domain and design
the instruction tuning dataset including question an-
swering and multiple choice questions, containing
55, 101 instances around 4.4 million tokens, named
Perovskite-Chat. Our experiments show that our
perovskite instruction tuning dataset can effectively
improve the performance of LLMs on perovskite
related tasks.

Figure 1 illustrates this multi-agent framework
for the generation of instruction tuning dataset. The
process begins with expert guidance and academic
literature from various sources (including Science,
Nature, Elsevier, Springer, arXiv, and others) as
input. Expert guidance is provided by the domain
expert focused on 7 research categories, 21 research
questions. Table 1 further expands this classifica-
tion by presenting 21 specific research questions
(Q1-Q21) organized within these seven categories;
more details can be found in Appendix C.1. These
inputs feed into a multi-agent system: (1) an In-
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formation Extraction Agent that processes the raw
content, (2) a Quality Validation Agent that en-
sures data accuracy and relevance, and (3) a Doc-
ument Summarization Agent that condenses and
structures the information. This framework ensures
systematic, high-quality data processing through
multiple validation and refinement stages.

Let D = {d1, ..., dn} represent the collection
of academic literature from various sources, and
E = {c1, ..., c7} denote the expert guidance cate-
gories with the corresponding research questions
Q = {q1, ..., q21}. The multi-agent framework
processes these inputs through three specialized
agents:

Information Extraction:

Aextract(di) = {x1, ..., xk} (3)

Quality Validation:

Avalidate(xj) =
{

1, if valid
0, otherwise

(4)

Document Summarization:

Asummarize(Xvalid) = y (5)

The final instruction tuning dataset D is con-
structed as:

D = {(qi, yi) | qi ∈ Q,

yi = Asummarize(Avalidate(Aextract(di)))} (6)

Next, we introduce Perovskite-Reasoning, a
collection of 2,217 high-quality questions from ma-
terials science textbooks, designed to enhance rea-
soning capabilities in the perovskite and materials
science domains. The questions were sourced from
hundreds of widely used materials science and engi-
neering textbooks, with a focus on perovskite solar
cells and fundamental materials science concepts.
Our rigorous selection process applied three key cri-
teria: clarity of problem statements, completeness
of solution, and alignment with core materials sci-
ence principles. Materials science professors con-
ducted expert assessments to categorize questions
by difficulty level, validated through student perfor-
mance data and baseline model testing. To develop
comprehensive solution paths, we employed ad-
vanced language models like DeepSeek-R1 (Guo
et al., 2025) and O1 (OpenAI, 2024) in a multi-step
reasoning approach. This methodology involved
decomposing complex problems into logical steps,

43.9%

20.4%

8.2% 9.8%

13.1%

1.7%
2.9%

Device Structure
Perf. Enhancement
Metrics
Stability
Defect & Recom.
Interface
Materials

(a) The distribution of question categories in the instruc-
tion tuning dataset.

(b) The word cloud of the instruction tuning dataset.

Figure 2: The distribution of question categories in the
instruction tuning dataset.

applying key physical and chemical principles, and
implementing systematic solution strategies with
result validation. The resulting dataset features
detailed reasoning chains that demonstrate step-by-
step problem-solving processes, making it valuable
for training models in scientific reasoning and ma-
terials science problem-solving.

Training Dataset Figure 2 (a) presents the distri-
bution of the question categories in the Perovskite-
Chat instruction tuning data set. Device Structure
dominates with 43.9% of all questions, followed
by Performance Enhancement at 20.4%. Device &
Recom. comprises 13.1%, while Metrics accounts
for 8.2%. The remaining categories include Stabil-
ity (9.8%), Materials (2.9%), and Interface (1.7%).
Figure 2 (b) displays a wordcloud visualization of
the dataset’s most frequent terms, with ”perovskite
solar” and ”solar cell” appearing as predominant
phrases, reflecting the dataset’s core focus. Other
frequently occurring terms such as ”device struc-
ture,” ”configuration,” and ”stability” underscore
the key technical aspects addressed. This distribu-
tion demonstrates the dataset’s strong emphasis on
device structural aspects, with performance-related
queries forming the second largest category.
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Category Rationale

Device Structure Fundamental aspects focusing on high-efficiency (>25% PCE) device
architecture and fabrication processes (Q1-Q3)

Perf. Enhancement Analysis of problem-solving approaches and strategic choices in high-
performance devices (Q4-Q5)

Metrics Key performance indicators (VOC, FF, JSC) and their optimization meth-
ods (Q6-Q9)

Stability Critical stability aspects addressing main degradation pathways: mois-
ture, thermal, and light stability (Q10-Q12)

Defect & Recom. Fundamental mechanisms affecting device efficiency through defect
passivation and recombination control (Q13-Q14)

Interface Interface engineering and charge transport optimization (Q15-Q17)

Materials Comprehensive analysis of functional materials and their characteristics
in different device components (Q18-Q21)

Table 1: Classification of Research Questions in Perovskite Solar Cell Studies

Evaluation Dataset For better evaluation, we
design the evaluation dataset including multiple
choice questions and question answering in the per-
ovskite domain. The evaluation dataset also extract
from the top level publications in perovskite do-
main with our multi-agent framework and extral
expert double check. The evaluation dataset con-
tains 1,103 question answering named Perovskite
QA and 1,103 multiple choice questions named
Perovskite MCQ.

For question answering, we set the Rouge-L
score and the LLM-as-a-Judge (Zheng et al., 2023)
score as the evaluation metric. In our experiments,
we find that both metrics can effectively measure
the quality of question answering and consistency
with each other.

For multiple choice questions, we set the accu-
racy as the evaluation metric. Using LLaMA-3.1-
8B-Instruct (Dubey et al., 2024) as the baseline
model, the difficulty level of each question is deter-
mined by its zero shot performance. Specifically,
if LLaMA-3.1-8B-Instruct can correctly answer a
question in a zero-shot setting (without any task-
specific training or prompt engineering), we clas-
sify it as an ”easy” question. Conversely, questions
that LLaMA-3.1-8B-Instruct fails to answer cor-
rectly are categorized as ”Hard”. This classifica-
tion method resulted in 823 easy questions and 280
hard questions in our evaluation dataset, providing
a balanced assessment of model capabilities across
different difficulty levels.

To evaluate the performance of Perovskite-

Reasoning, we incorporated Minerva (Lewkowycz
et al., 2022) and GPQA Diamond (Rein et al., 2023)
as a benchmark. These contain undergraduate and
PhD level science questions from biology, chem-
istry, and physics.

5 Perovskite-LLM

5.1 Experiment Design

In this section, we conduct the instruction tun-
ing experiments on the Perovskite-Chat and
Perovskite-Reasoning dataset. We select the
LLaMA-3.1-8B-Instruct (Dubey et al., 2024) and
Qwen-2.5-7B-Instruct (Yang et al., 2024a) as the
baseline model, and Perovskite-Chat-LLM and
Perovskite-Reasoning-LLM are fine-tuned ver-
sion of LLaMA-3.1-8B-Instruct and Qwen-2.5-
7B-Instruct with Perovskite-Chat and Perovskite-
Reasoning dataset. For the training methodology,
we employed a full fine-tuning approach. While
Parameter-Efficient Fine-Tuning (PEFT) methods
like LoRA (Hu et al., 2021) are prominent for their
efficiency, some studies suggest they can exhibit
weaker convergence on downstream tasks com-
pared to full fine-tuning (Pan et al., 2024a). As
our computational resources were sufficient, we
opted for full fine-tuning to maximize model per-
formance and adaptation to our specialized datasets.
We leave the exploration of PEFT methods for fu-
ture work, especially when scaling to larger mod-
els.

For the training process, we used the full param-
eter fine-tuning method to fine-tune the Perovskite-
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LLM. The experiment is carried out on the A800
GPU server, with flash attention (Dao, 2024) and
mixed precision training for efficient training. For
more details on the training process, please refer to
Appendix D.

For the evaluation process, we use the perplexity
(PPL), Rouge-L score, LLM-Judge, and Human-
Judge score to evaluate the performance on the Per-
ovskite QA benchmark, the accuracy to evaluate
the performance on the Perovskite MCQ bench-
mark, and the pass@1 rate on Minerva and GPQA
benchmarks to evaluate the performance on the
Perovskite-Reasoning-LLM. All experiments are
conducted with zero-shot settings and three times
to get the average results.

5.2 Results and analysis
Perovskite-Chat-LLM Table 3 presents the eval-
uation results of various models on the Perovskite
QA dataset. The baseline models include GPT-
3.5-Turbo, GPT-4o-Mini, GPT-4o, LLaMA-3.1-
8B. Among these, Perovskite-Chat-LLM demon-
strates superior performance across all metrics,
achieving a perplexity of 2.97, a Rouge-L score
of 41.25, and an LLM-Judge score of 2.97. This
represents a significant improvement over the base-
line LLaMA-3.1-8B model. The GPT family of
models, while competitive in terms of LLM-Judge
scores, showed lower performance in Rouge-L
scores compared to Perovskite-Chat-LLM, with
GPT-4o achieving 11.36 for Rouge-L and 1.41 for
LLM-Judge. With the case study in Figure 3, we
can see that Perovskite-Chat-LLM can generate
more accurate and consistent answers compared
to other models, and ChatGPT only can offer a
general and nonspecific answer which leads to low
performance on the Rouge-L and LLM-Judge met-
rics.

To further validate the effectiveness and cred-
ibility of our model, we incorporated human ex-
pert evaluation into our assessment methodology.
Table 2 presents the results of this human expert
evaluation alongside the automatic metrics. No-
tably, Perovskite-Chat-LLM achieved the highest
scores in both LLM-Judge (2.97) and Human Ex-
pert (3.12) assessments, outperforming baseline
models such as GPT-4o and LLaMA-3.1-8B. This
consistency across both human and LLM-Judge
evaluations demonstrates the robustness and relia-
bility of our model, as well as its ability to generate
responses that are not only accurate but also align
with expert expectations in the field.

Model LLM-Judge ↑ Human Expert ↑
GPT-4o 1.41 1.73
LLaMA-3.1-8B 1.28 1.17
Perovskite-Chat-LLM 2.97 3.12

Table 2: Comparison of automatic and human expert
evaluation scores on the Perovskite QA dataset.

Model Perovskite QA
PPL ↓ Rouge-L ↑ LLM-Judge ↑

GPT-3.5-Turbo - 11.24 1.24
GPT-4o-Mini - 11.90 1.34
GPT-4o - 11.36 1.41

LLaMA-3.1-8B 6.77 13.18 1.28
LLaMA-3.1-70B 4.98 17.38 1.80
Qwen-2.5-7B 6.23 11.22 1.39
Qwen-2.5-72B 5.12 10.17 1.31
Perovskite-Chat-LLM 2.97 41.25 2.97
+Perovskite-KG 2.80 43.10 3.15

Table 3: Performance of Perovskite-Chat-LLM on
Perovskite QA

Table 4 presents the evaluation results of various
models on the Perovskite MCQ dataset, categorized
into Easy, Hard, and All difficulty levels. Among
these, GPT 4o achieves the highest overall score
of 84.68, with scores of 91.37 for Easy and 65.00
for Hard questions. Perovskite-Chat-LLM, high-
lighted in red, shows strong performance with a
score of 67.86 on Hard questions, the highest in
this category, and an overall score of 81.96.

Model Perovskite MCQ
Easy Hard All ↑

GPT-3.5-Turbo 86.63 49.29 77.15
GPT-4o-Mini 89.79 61.79 82.68
GPT-4o 91.37 65.00 84.68

LLaMA-3.1-8B 100.00 0.00 74.21
LLaMA-3.1-70B 93.44 66.43 86.58
Qwen-2.5-7B 92.22 55.36 82.86
Qwen-2.5-72B 93.07 64.29 85.77
Perovskite-Chat-LLM 95.50 62.86 87.22
+Perovskite-KG 97.32 65.10 89.21

Table 4: Performance of Perovskite-Chat-LLM on
Perovskite MCQ. The LLaMA-3.1-8B baseline model’s
performance defines Easy/Hard question categories.

Perovskite-Reasoning-LLM Table 5 presents
the evaluation results of Perovskite-Reasoning-
LLM compared against various baseline models
on the GPQA and Minerva benchmarks. In the 7B-
scale model category, our Perovskite-Reasoning-
LLM achieves state-of-the-art performance with
remarkable data efficiency over 7B models, requir-
ing only 2K training examples compared to 800K
for R1-Qwen2.5-7B and 114K for OpenThinker-
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7B. Our model achieves 43.95 on GPQA and 44.49
on Minerva. Compared to 32B models, while our
GPQA performance shows room for improvement
(suggesting GPQA’s sensitivity to model size), our
Minerva score (44.49) is competitive with larger
models like LIMO-32B (44.90) and approaches
S1-32B (47.79). This shows that our efficient train-
ing approach can achieve strong performance on
STEM reasoning tasks even with a smaller model
architecture.

Model # ex GPQA ↑ Minerva ↑ Avg ↑
API Models

o1 - 77.30 - -
o1-preview - 73.30 47.10 60.20
o1-mini - 60.00 - -
Deepseek-R1 - 71.50 - -

32B

Qwen2.5-32B-Instruct - 48.00 41.20 44.60
QwQ-32B-preview - 65.10 39.00 52.05
LIMO-32B* 0.8K 66.70 44.90 55.80
S1-32B* 1K 59.60 47.79 53.69

7B

LLaMA-3.1-8B Instruct - 30.40 13.97 22.18
R1-Qwen2.5-7B* 800K 44.49 25.25 34.87
R1-LLaMA3-8B* 800K 19.19 30.51 24.85
OpenThinker-7B* 114K 42.90 41.10 42.00
Perovskite-R-LLM 2K 43.95 44.49 44.22

Table 5: We evaluate the performance of Perovskite-
Reasoning-LLM on the GPQA and Minerva bench-
marks. * indicates the results are from our evaluation.
# ex = number of examples used for fine-tuning. #
Perovskite-R-LLM : Perovskite-Reasoning-LLM

5.3 Integrate Perovskite-KG with
Perovskite-Chat-LLM

To ensure the Perovskit-Chat-LLM possesses
current and specialized knowledge, we employ
retrieval-augmented generation (RAG) to dynam-
ically integrate information from our Perovskite-
KG. A key advantage of this approach is the contin-
uous and automatic updating of the LLM’s knowl-
edge base, which is directly facilitated by the auto-
mated construction methodology of the Perovskite-
KG itself. The technical implementation of this in-
tegration leverages the LightRAG framework (Guo
et al., 2024). The performance improvements re-
sulting from the integration of Perovskite-KG with
Perovskite-Chat-LLM (”+Perovskite-KG”) are pre-
sented in Table 3 and Table 4. When enhanced
by the Perovskite-KG, the Perovskite-Chat-LLM
demonstrates improved scores in both Perovskite
QA (2.97 → 3.15) and Perovskite MCQ (87.22 →
89.21). Representative case studies illustrating
these benefits are detailed in Figure 4 and Figure 10.
The Perovskit-Chat-LLM, when augmented with

this knowledge integration, demonstrates an en-
hanced capability to access up-to-date information
and deliver fine-grained, domain-specific responses
compared to its baseline version lacking such inte-
gration. For instance, when presented with a query
such as, “Can you tell me what is CuO? And give
me 5 usage in perovskite?”, the enhanced model
provides the requested details, with each stated us-
age accompanied by a citation from the underlying
knowledge source.

5.4 Case Study

To illustrate the practical advantages of Perovskite-
LLM over existing models, Figure 3 presents
a comparative analysis of the responses of
Perovskite-Chat-LLM and ChatGPT to a ques-
tion about the fabrication of high-efficiency per-
ovskite solar cells. The responses demonstrate
a clear distinction in the depth and specificity
of knowledge provided by each model. For in-
stance, Perovskite-Chat-LLM specifies precise con-
ditions for the HTL preparation (150°C for 15
minutes) and details a two-step spin-coating proce-
dure (1,000 rpm for 10 seconds, followed by 6,000
rpm for 30 seconds) with specific process modifi-
cations like anisole addition. This level of detail
reflects Perovskite-Chat-LLM’s specialized train-
ing on domain-specific literature and its ability to
provide practical, implementation-ready guidance
for researchers in the field. For more details, please
refer to Appendix E.

6 Conclusion

In this work, we present a comprehensive
knowledge-enhanced system for perovskite solar
cell research, integrating three key components:
(1) Perovskite-KG, a domain-specific knowledge
graph containing 23,789 entities and 22,272 re-
lationships; (2) multi-agent system for generat-
ing two complementary datasets, Perovskite-Chat
and Perovskite-Reasoning, designed for domain-
specific knowledge assistance and scientific rea-
soning respectively; and (3) two specialized large
language models that demonstrate superior per-
formance in both knowledge retrieval and rea-
soning tasks. Our experimental results show
significant improvements over existing models,
with Perovskite-Chat-LLM achieving state-of-the-
art performance on domain-specific tasks and
Perovskite-Reasoning-LLM showing competitive
performance on scientific reasoning benchmarks
despite using substantially fewer training exam-
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Question:
How to fabricate the perovskite solar cells
those can reach PCE over 25%?

Perovskite-Chat-LLM:
...
For the hole transport layer (HTL), materials
like PEDOT:PSS are commonly used. These
materials are spin-coated onto the substrate
and annealed at a temperature of 150°C for
15 minutes. The perovskite precursor solu-
tion is then prepared using a mixed cation and
halide composition, and spin-coated onto the
HTL. The spin-coating process involves a two-
step procedure: first at 1,000 rpm for 10 sec-
onds, followed by 6,000 rpm for 30 seconds,
with anisole added during the second step to
facilitate crystallization.
...

ChatGPT:
...
Perovskite Material Quality: The quality of
the perovskite material is crucial for achieving
high efficiency. Use high-quality perovskite
precursors and optimize the fabrication process
to ensure uniform and defect-free perovskite
films.
...

Figure 3: Comparison of responses between Perovskite-
LLM and ChatGPT: Perovskite-LLM provides detailed
operational steps with specific parameters, while Chat-
GPT only offers general conceptual guidance.

Question:
Can you tell me what is CuO? And give me 5
usage in perovskite.

Perovskite-Chat-LLM:
...
1. Hole Transport Material: CuO acts as an
effective hole transport material (HTM) due
to its suitable work function and high hole
mobility. It is often used in conjunction with
other materials, such as NiOx, to enhance
the performance of PSCs by facilitating effi-
cient charge extraction [1].
...
References:
[1] Inorganic Materials as Hole Selective Con-
tacts and Intermediate Tunnel Junction Layer
for Monolithic Perovskite-CIGSe Tandem Solar
Cells, Wang, Yajie; Wenisch, Robert; Schlat-
man
...

Figure 4: A case study of Perovskite-Chat-LLM’s abil-
ity to provide detailed and accurate information with
references.

ples. The system provides researchers with effec-
tive tools to review the literature, design exper-
iments, and solve complex problems in PSC re-
search. Our work demonstrates the potential of
LLMs to accelerate innovation and discovery in
materials science by enabling more efficient knowl-
edge access and reasoning capabilities.

7 Limitations

Despite the promising results, our current system
has several limitations that warrant future investi-
gation:

• Knowledge Coverage: While our knowledge
graph covers a substantial portion of the PSC
literature, it may not capture all emerging re-
search directions and novel experimental tech-
niques. Future work should focus on devel-
oping mechanisms for automatic knowledge
base expansion and updates to maintain its
relevance.

• Model Size Trade-offs: While our 7B-
parameter models achieve competitive perfor-
mance, there might be certain complex tasks
that benefit from larger model architectures,
suggesting a potential trade-off between ef-
ficiency and capability. Future work will in-
vestigate model compression techniques and
more efficient architectures.

To address these limitations, our future work
will focus on three main directions: (1) develop-
ing a continuous knowledge integration framework
that can automatically update the knowledge base
with new research findings, (2) enhancing the rea-
soning capabilities through advanced model archi-
tectures and training strategies, and (3) improving
the system’s practical utility through better valida-
tion mechanisms and more efficient model designs.
These improvements will make the system more
robust, up-to-date, and accessible to the broader
research community.
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ster, Greg S. Corrado, Yossi Matias, Katherine Chou,
Juraj Gottweis, Nenad Tomasev, Yun Liu, Alvin Ra-
jkomar, Joelle Barral, Christopher Semturs, Alan
Karthikesalingam, and Vivek Natarajan. 2023. Large
language models encode clinical knowledge. Nature,
620(7972):172–180.

Henry J Snaith. 2018. Present status and future
prospects of perovskite photovoltaics. Nature ma-
terials, 17(5):372–376.

504

https://hf.co/bespokelabs/Bespoke-Stratos-32B
https://hf.co/bespokelabs/Bespoke-Stratos-32B
https://www.nrel.gov/pv/interactive-cell-efficiency.html
https://www.nrel.gov/pv/interactive-cell-efficiency.html
https://openai.com/index/learning-to-reason-with-llms/
https://doi.org/10.18653/v1/2024.findings-acl.129
https://doi.org/10.18653/v1/2024.findings-acl.129
https://doi.org/10.1038/s41586-023-06291-2
https://doi.org/10.1038/s41586-023-06291-2


Yaoxian Song, Penglei Sun, Haoyu Liu, Zhixu Li, Wei
Song, Yanghua Xiao, and Xiaofang Zhou. 2024.
Scene-driven multimodal knowledge graph construc-
tion for embodied ai. IEEE Transactions on Knowl-
edge and Data Engineering.

Yu Song, Santiago Miret, and Bang Liu. 2023a. Matsci-
nlp: Evaluating scientific language models on ma-
terials science language tasks using text-to-schema
modeling. arXiv preprint arXiv:2305.08264.

Yu Song, Santiago Miret, Huan Zhang, and Bang Liu.
2023b. Honeybee: Progressive instruction finetuning
of large language models for materials science. arXiv
preprint arXiv:2310.08511.

Michael J Statt, Brian A Rohr, Dan Guevarra, Santosh K
Suram, John M Gregoire, et al. 2023. The materi-
als experiment knowledge graph. Digital Discovery,
2(4):909–914.

Jiamin Su, Yibo Yan, Zhuoran Gao, Han Zhang,
Xiang Liu, and Xuming Hu. 2025. Cafes: A
collaborative multi-agent framework for multi-
granular multimodal essay scoring. arXiv preprint
arXiv:2505.13965.

Liangtai Sun, Yang Han, Zihan Zhao, Da Ma, Zhennan
Shen, Baocai Chen, Lu Chen, and Kai Yu. 2023. Sci-
eval: A multi-level large language model evaluation
benchmark for scientific research. arXiv preprint
arXiv:2308.13149.

Matthew C Swain and Jacqueline M Cole. 2016. Chem-
dataextractor: a toolkit for automated extraction
of chemical information from the scientific litera-
ture. Journal of chemical information and modeling,
56(10):1894–1904.

Kimi Team, Angang Du, Bofei Gao, Bowei Xing,
Changjiu Jiang, Cheng Chen, Cheng Li, Chenjun
Xiao, Chenzhuang Du, Chonghua Liao, Chuning
Tang, Congcong Wang, Dehao Zhang, Enming Yuan,
Enzhe Lu, Fengxiang Tang, Flood Sung, Guangda
Wei, Guokun Lai, Haiqing Guo, Han Zhu, Hao
Ding, Hao Hu, Hao Yang, Hao Zhang, Haotian Yao,
Haotian Zhao, Haoyu Lu, Haoze Li, Haozhen Yu,
Hongcheng Gao, Huabin Zheng, Huan Yuan, Jia
Chen, Jianhang Guo, Jianlin Su, Jianzhou Wang,
Jie Zhao, Jin Zhang, Jingyuan Liu, Junjie Yan, Jun-
yan Wu, Lidong Shi, Ling Ye, Longhui Yu, Meng-
nan Dong, Neo Zhang, Ningchen Ma, Qiwei Pan,
Qucheng Gong, Shaowei Liu, Shengling Ma, Shu-
peng Wei, Sihan Cao, Siying Huang, Tao Jiang,
Weihao Gao, Weimin Xiong, Weiran He, Weixiao
Huang, Wenhao Wu, Wenyang He, Xianghui Wei,
Xianqing Jia, Xingzhe Wu, Xinran Xu, Xinxing
Zu, Xinyu Zhou, Xuehai Pan, Y. Charles, Yang Li,
Yangyang Hu, Yangyang Liu, Yanru Chen, Yejie
Wang, Yibo Liu, Yidao Qin, Yifeng Liu, Ying Yang,
Yiping Bao, Yulun Du, Yuxin Wu, Yuzhi Wang, Zaida
Zhou, Zhaoji Wang, Zhaowei Li, Zhen Zhu, Zheng
Zhang, Zhexu Wang, Zhilin Yang, Zhiqi Huang, Zi-
hao Huang, Ziyao Xu, and Zonghan Yang. 2025.
Kimi k1.5: Scaling reinforcement learning with llms.
Preprint, arXiv:2501.12599.

NovaSky Team. 2025. Sky-t1: Fully open-source rea-
soning model with o1-preview performance in $450
budget. Accessed: 2025-01-09.

Amalie Trewartha, Nicholas Walker, Haoyan Huo,
Sanghoon Lee, Kevin Cruse, John Dagdelen, Alexan-
der Dunn, Kristin A. Persson, Gerbrand Ceder, and
Anubhav Jain. 2022. Quantifying the advantage of
domain-specific pre-training on named entity recog-
nition tasks in materials science. Patterns.

Vahe Tshitoyan, John Dagdelen, Leigh Weston, Alexan-
der Dunn, Ziqin Rong, Olga Kononova, Kristin A.
Persson, Gerbrand Ceder, and Anubhav Jain. 2019.
Unsupervised word embeddings capture latent knowl-
edge from materials science literature. Nature.

Vineeth Venugopal and Elsa Olivetti. 2024. Matkg: An
autonomously generated knowledge graph in material
science. Scientific Data, 11(1):217.

Nicholas Walker, Amalie Trewartha, Haoyan Huo,
Sanghoon Lee, Kevin Cruse, John Dagdelen, Alexan-
der Dunn, Kristin Persson, Gerbrand Ceder, and
Anubhav Jain. 2021. The impact of domain-specific
pre-training on named entity recognition tasks in ma-
terials science. Available at SSRN 3950755.

Yuwei Wan, Yixuan Liu, Aswathy Ajith, Clara Grazian,
Bram Hoex, Wenjie Zhang, Chunyu Kit, Tong Xie,
and Ian Foster. 2024. Sciqag: A framework for auto-
generated science question answering dataset with
fine-grained evaluation. Preprint, arXiv:2405.09939.

Guanzhi Wang, Yuqi Xie, Yunfan Jiang, Ajay Man-
dlekar, Chaowei Xiao, Yuke Zhu, Linxi Fan, and
Anima Anandkumar. 2023. Voyager: An open-ended
embodied agent with large language models. arXiv
preprint arXiv:2305.16291.

Xuezhi Wang, Jason Wei, Dale Schuurmans, Quoc V Le,
Ed H Chi, Sharan Narang, Aakanksha Chowdhery,
and Denny Zhou. 2022. Self-consistency improves
chain of thought reasoning in language models. In
The Eleventh International Conference on Learning
Representations.

Zhenhailong Wang, Shaoguang Mao, Wenshan Wu, Tao
Ge, Furu Wei, and Heng Ji. 2024. Unleashing the
emergent cognitive synergy in large language mod-
els: A task-solving agent through multi-persona self-
collaboration. In Proceedings of the 2024 Conference
of the North American Chapter of the Association for
Computational Linguistics: Human Language Tech-
nologies (Volume 1: Long Papers), pages 257–279.

Jason Wei, Xuezhi Wang, Dale Schuurmans, Maarten
Bosma, Fei Xia, Ed Chi, Quoc V Le, Denny Zhou,
et al. 2022. Chain-of-thought prompting elicits rea-
soning in large language models. Advances in Neural
Information Processing Systems, 35:24824–24837.

Tianhao Wu, Zhenzhen Qin, Yanbo Wang, Yongzhen
Wu, Wei Chen, Shufang Zhang, Molang Cai,
Songyuan Dai, Jing Zhang, Jian Liu, et al. 2021. The
main progress of perovskite solar cells in 2020–2021.
Nano-Micro Letters, 13:1–18.

505

https://arxiv.org/abs/2501.12599
https://novasky-ai.github.io/posts/sky-t1
https://novasky-ai.github.io/posts/sky-t1
https://novasky-ai.github.io/posts/sky-t1
https://doi.org/10.1016/j.patter.2022.100488
https://doi.org/10.1016/j.patter.2022.100488
https://doi.org/10.1016/j.patter.2022.100488
https://doi.org/10.1038/s41586-019-1335-8
https://doi.org/10.1038/s41586-019-1335-8
https://arxiv.org/abs/2405.09939
https://arxiv.org/abs/2405.09939
https://arxiv.org/abs/2405.09939


Yupeng Xie, Yuyu Luo, Guoliang Li, and Nan Tang.
2024. Haichart: Human and AI paired visualization
system. Proc. VLDB Endow., 17(11):3178–3191.

Haotian Xu, Xing Wu, Weinong Wang, Zhongzhi Li,
Da Zheng, Boyuan Chen, Yi Hu, Shijia Kang, Ji-
aming Ji, Yingying Zhang, Zhijiang Guo, Yaodong
Yang, Muhan Zhang, and Debing Zhang. 2025. Red-
star: Does scaling long-cot data unlock better slow-
reasoning systems? Preprint, arXiv:2501.11284.

Yiheng Xu, SU Hongjin, Chen Xing, Boyu Mi, Qian
Liu, Weijia Shi, Binyuan Hui, Fan Zhou, Yitao Liu,
Tianbao Xie, et al. 2024. Lemur: Harmonizing nat-
ural language and code for language agents. In The
Twelfth International Conference on Learning Repre-
sentations.

An Yang, Baosong Yang, Beichen Zhang, Binyuan Hui,
Bo Zheng, Bowen Yu, Chengyuan Li, Dayiheng Liu,
Fei Huang, Haoran Wei, et al. 2024a. Qwen2. 5
technical report. arXiv preprint arXiv:2412.15115.

Chuang Yang, Wenjing Hu, Jiale Liu, Chuanzhou Han,
Qiaojiao Gao, Anyi Mei, Yinhua Zhou, Fengwan
Guo, and Hongwei Han. 2024b. Achievements, chal-
lenges, and future prospects for industrialization of
perovskite solar cells. Light: Science & Applications,
13(1):227.

Yilin Ye, Jianing Hao, Yihan Hou, Zhan Wang, Shishi
Xiao, Yuyu Luo, and Wei Zeng. 2024. Generative AI
for visualization: State of the art and future directions.
Vis. Informatics, 8(1):43–66.

Yixin Ye, Zhen Huang, Yang Xiao, Ethan Chern, Shijie
Xia, and Pengfei Liu. 2025. Limo: Less is more for
reasoning. arXiv preprint arXiv:2502.03387.

Huan Zhang, Yu Song, Ziyu Hou, Santiago Miret, and
Bang Liu. 2024a. HoneyComb: A flexible LLM-
based agent system for materials science. In Find-
ings of the Association for Computational Linguistics:
EMNLP 2024, pages 3369–3382, Miami, Florida,
USA. Association for Computational Linguistics.

Huan Zhang, Yu Song, Ziyu Hou, Santiago Miret, and
Bang Liu. 2024b. Honeycomb: A flexible llm-based
agent system for materials science. In Findings of the
Association for Computational Linguistics: EMNLP
2024, pages 3369–3382.

Jiayi Zhang, Chuang Zhao, Yihan Zhao, Zhaoyang Yu,
Ming He, and Jianping Fan. 2024c. Mobileexperts:
A dynamic tool-enabled agent team in mobile devices.
CoRR, abs/2407.03913.

Lianmin Zheng, Wei-Lin Chiang, Ying Sheng, Siyuan
Zhuang, Zhanghao Wu, Yonghao Zhuang, Zi Lin,
Zhuohan Li, Dacheng Li, Eric Xing, et al. 2023.
Judging llm-as-a-judge with mt-bench and chatbot
arena. Advances in Neural Information Processing
Systems, 36:46595–46623.

Li Zhong, Zilong Wang, and Jingbo Shang. 2024a. De-
bug like a human: A large language model debugger
via verifying runtime execution step by step. In ACL
(Findings), pages 851–870. Association for Compu-
tational Linguistics.

Qihuang Zhong, Kang Wang, Ziyang Xu, Juhua Liu,
Liang Ding, Bo Du, and Dacheng Tao. 2024b.
Achieving¿ 97% on gsm8k: Deeply understanding
the problems makes llms perfect reasoners. arXiv
preprint arXiv:2404.14963.

Andy Zhou, Kai Yan, Michal Shlapentokh-Rothman,
Haohan Wang, and Yu-Xiong Wang. 2024. Language
agent tree search unifies reasoning, acting, and plan-
ning in language models. In Forty-first International
Conference on Machine Learning.

Chunting Zhou, Pengfei Liu, Puxin Xu, Srini Iyer,
Jiao Sun, Yuning Mao, Xuezhe Ma, Avia Efrat,
Ping Yu, Lili Yu, Susan Zhang, Gargi Ghosh, Mike
Lewis, Luke Zettlemoyer, and Omer Levy. 2023a.
Lima: Less is more for alignment. Preprint,
arXiv:2305.11206.

Xuanhe Zhou, Guoliang Li, and Zhiyuan Liu. 2023b.
Llm as dba. arXiv preprint arXiv:2308.05481.

Xiangru Zhu, Zhixu Li, Xiaodan Wang, Xueyao Jiang,
Penglei Sun, Xuwu Wang, Yanghua Xiao, and
Nicholas Jing Yuan. 2022. Multi-modal knowledge
graph construction and application: A survey. IEEE
Transactions on Knowledge and Data Engineering,
36(2):715–735.

Mingchen Zhuge, Haozhe Liu, Francesco Faccio, Dy-
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A Schema in Perovskite-KG

Table 6 presents a comprehensive schema for the
Perovskite-KG, organized into three main onto-
logical categories: Fabrication, Parameters, and
Performance. The Fabrication ontology encom-
passes process-related attributes such as coating pa-
rameters, methods, and annealing conditions. The
Parameters ontology covers structural and compo-
sitional aspects including solvents, device archi-
tecture, and additives. The Performance ontology
captures various stability metrics and efficiency pa-
rameters like thermal stability, light stability, and
power conversion efficiency. Each category is fur-
ther detailed with specific data types and exam-
ples to ensure precise knowledge representation.
This structured schema enables systematic organi-
zation and retrieval of perovskite solar cell infor-
mation while maintaining data consistency across
the knowledge graph.

B Prompts

The system employs four specialized agents, each
with carefully designed prompts to perform spe-
cific tasks in the perovskite solar cell knowledge
processing pipeline:

1. Information Extraction Agent (Table 7):
Processes research papers using a structured set
of 20 predefined questions across seven key cat-
egories, including device structure, performance
enhancement, stability, and materials. The agent re-
turns answers in a standardized JSON format, mark-
ing unavailable information as ”Not mentioned” to
maintain data quality.

2. Verification Agent (Table 8): Validates ex-
tracted information by comparing it with source
texts, focusing on maintaining accuracy of tech-
nical details like numerical values and material
names. The agent provides both corrected content
and justification for any modifications made.

3. Organization Agent (Table 9): Synthesizes
verified information from multiple sources into co-
herent, topic-focused responses. This agent ensures
that complex technical information is presented in
a logical and accessible manner.

4. LLM-Judge (Table 10): Evaluates response
quality across four key criteria: accuracy, complete-
ness, relevance, and clarity. Using a 1-5 scoring
system, this agent provides detailed assessments
and explanations for each criterion, along with an
overall evaluation summary.

For LLM using in Perovskite-KG and Perovskite-
Chat, we mainly using GPT-4o and GPT-4o-Mini
for extraction and verification.

C Instruction Tuning Dataset

C.1 Dataset Statistics

The research questions in perovskite solar cell stud-
ies are systematically categorized in Tables 1 and
11. Table 1 provides a high-level overview of seven
major research categories, including Device Struc-
ture and Fabrication, Performance Enhancement
Strategies, Performance Metrics Improvement, Sta-
bility Improvements, Defect and Recombination
Management, Interface and Extraction Layer En-
hancements, and Materials Used in Perovskite So-
lar Cells. Each category is accompanied by a de-
tailed rationale explaining its scope and relevance.
Table 11 further expands this classification by pre-
senting 21 specific research questions (Q1-Q21)
organized within these seven categories. The ques-
tions cover a wide range of technical aspects, from
device architecture optimization and performance
enhancement strategies to material characteristics
and stability improvements. Each research ques-
tion is paired with its corresponding technical fo-
cus, providing a comprehensive framework for un-
derstanding the key areas of investigation in high-
performance perovskite solar cell research.

Table 12 shows the distribution of research cat-
egories in perovskite solar cells. Device Structure
and Fabrication dominates the field, accounting for
24,198 entries (43.8% of total). Performance En-
hancement Strategies represents the second largest
category with 11,233 entries (20.3%), followed
by Defect and Recombination Management with
7,209 entries (13.0%). Stability Improvements, a
crucial aspect of perovskite solar cell development,
comprises 5,399 entries (9.8%), while Performance
Metrics Improvement accounts for 4,527 entries
(8.2%). Materials Used in Perovskite Solar Cells
and Interface and Extraction Layer Enhancements
represent smaller but significant portions of the re-
search focus, with 1,586 (2.9%) and 952 (1.7%)
entries respectively.

Figure 5 shows the length distribution patterns
across categories in our perovskite instruction tun-
ing dataset. All categories display similar character-
istics, with sequence lengths predominantly rang-
ing from 100 to 500 tokens and a median length of
400 tokens. This analysis informs our model design
decisions, particularly regarding sequence length
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Ontology Sub-Category Data Type Description Example

Fabrication

Coating
Parameter

Float
The specifics of the coating method used

in the material deposition process.
5000 rpm, 100µl

Method String
Different fabrication techniques,

involving variations in material deposition.
spin coating

Annealing
Parameter

Float
Refers to the heating conditions applied to the perovskite,

which are essential for crystallization and stability.
120°C, 10min

Parameters
Solvent String

the liquid medium used to dissolve precursors,
helping to form a uniform perovskite layer

Dimethylformamide (DMF)

Device
Structure

Patterned
String

The architecture of the device
(e.g., layer order, material interfaces)

ITO/SAM/perovskite
/C60/BCP/Cu

Additive String Any additional materials or chemicals potassium ions

Performance

Thermal
Stability

String
The material’s ability to

withstand heat without degrading

>98% of initial efficiency of >24%
after 1,500 hours of continuous
maximum power point tracking

Light
Stability

String
How resistant the material is

to prolonged exposure to light.

>92% of initial performance for 1,200 hours
under the damp-heat test

(85°C and 85% relative humidity)

Moisture
Stability

String
The material’s resilience against

humidity or water exposure.

Initial PCE of control, target-1 and target-2
devices is 21.73%, 24.42% and 24.11%, respectively.

Degraded to 78% of initial PCE after 1,500 hours at 55±5°C

Fill Factor
Value

Float A measure of the device’s maximum power output. 0.88

Open-Circuit
Voltage Value

Float
The maximum voltage the device can

produce under open-circuit conditions.
1.2 V

Short-Circuit
Current Value

Float The current density when the circuit is closed. 25 mA/cm2

Power Conversion
Efficiency Value

Float
The efficiency with which the device

converts sunlight into electricity.
25 %

Table 6: Schema in Perovskite-KG.

limitations and tokenization strategies. The dis-
tributions are independently normalized for each
category, enabling direct pattern comparison de-
spite varying sample sizes.

Figure 6 illustrates the length distribution pat-
terns across different categories in our perovskite
instruction tuning dataset.

D Instruction Tuning

Table 13 presents the training hyperparameters for
Perovskite-LLM.

E More Case Study

F License

GPQA (Rein et al., 2023) and Min-
erva (Lewkowycz et al., 2022) are under
MIT license.
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Figure 5: Distribution of prompt and response lengths across different categories in our dataset. The y-axis represents
density (e-3), and the x-axis shows the word count in logarithmic scale. Each category’s distribution is independently
normalized.
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Table 7: Prompts for Information Extraction Agent.

Prompts for Information Extraction Agent:

Answer the following questions based on the provided text.
{

”Device Structure and Fabrication”: [
”Q1: Summarize the device structures or configurations of the perovskite solar cells those can reach PCE over 25%.”,
”Q2: How to prepare the perovskite precursor solutions those can reach PCE over 25%?”,
”Q3: How to fabricate the perovskite solar cells those can reach PCE over 25%?”

],
”Performance Enhancement Strategies”: [

”Q4: What are problems solved in literatures that report perovskite solar cells those can reach PCE over 25%?”,
”Q5: What are the reasons to choose the strategies that can enhance performance of the perovskite solar cells in

literatures that report perovskite solar cells those can reach PCE over 25%?”
],
”Performance Metrics Improvement”: [

”Q6: How to improve the VOC of perovskite solar cells?”,
”Q7: How to improve the FF of perovskite solar cells?”,
”Q8: How to improve the Jsc of perovskite solar cells?”

],
”Stability Improvements”: [

”Q9: How to improve the moisture stability of perovskite solar cells?”,
”Q10: How to improve the thermal stability of perovskite solar cells?”,
”Q11: How to improve the illumination or light stability of perovskite solar cells?”

],
”Defect and Recombination Management”: [

”Q12: How to passivate or reduce defects/traps of perovskite solar cells?”,
”Q13: How to reduce recombination of perovskite solar cells?”

],
”Interface and Extraction Layer Enhancements”: [

”Q14: How to improve the wettability of the buried interface in perovskite solar cells?”,
”Q15: How to improve the hole extraction ability of HTL in perovskite solar cells?”,
”Q16: How to improve the electron extraction ability of ETL in perovskite solar cells?”

],
”Materials Used in Perovskite Solar Cells”: [

”Q17: What are the HTL materials used in perovskite solar cells and the common features of them?”,
”Q18: What are the ETL materials used in perovskite solar cells and their features?”,
”Q19: What are the hole blocking layer materials in perovskite solar cells and their features?”,
”Q20: What are the passivation materials used in perovskite solar cells and their common features?”

]
}
Below is the text: {paper text}
Response: Return a JSON object with the following structure, if the text does not contain the answer, return ”Not mentioned”:
{

”questions”: [
{

”question”: ”Q1”,
”answer”: ”Answer to Question 1”

},
{

”question”: ”Q2”,
”answer”: ”Not mentioned”

},
...

]
}
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Table 8: Prompts for Verification Agent.

Prompts for Verification Agent:

You need to verify the accuracy of the extracted information from a perovskite paper. Compare the extracted data with
the original text to ensure consistency and correctness. Highlight any discrepancies and fix them. Moreover, maintain the
original meaning of the text and the original information, such as numbers and material names.

Input:
Paragraph {Section name}:{Text of the section}
Extracted: {Extracted information}
Output: Verified information with notes on any discrepancies or confirmation of accuracy.
Please return a JSON object with the following structure only return one item:
{

”verified info”: {
”fixed content”: ”The fixed paragraph”,
”reason”: ”The reason for the fix”

}
}

Table 9: Prompts for Organization Agent.

Prompts for Organization Agent:

Your task is to organize the verified information from a perovskite paper related to the question: {question}.
Below is the information split into paragraphs that answers the question:
{answers}

Output: The organized and continuous answer to the question.

Return a JSON object with the following structure:
{

”answer”: ”The organized and continuous answer to the question.”
}
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Table 10: Prompts for LLM-Judge.

Prompts for LLM-Judge:

You are an expert evaluator. Your task is to compare a model’s response to the ground truth answer and provide a detailed
evaluation.

Model’s response:
{model response}

Ground truth:
{ground truth}

Please evaluate the model’s response based on the following criteria:
1. Accuracy: How factually correct is the model’s response compared to the ground truth?
2. Completeness: Does the model’s response cover all the key points mentioned in the ground truth?
3. Relevance: How well does the model’s response address the implied question or task?
4. Clarity: Is the model’s response clear and easy to understand?

For each criterion, provide a score from 1 to 5, where 1 is the lowest and 5 is the highest. Also, provide a brief explanation
for each score.

Finally, give an overall score from 1 to 5 and a summary of your evaluation.

Format your response as a JSON object with the following structure:
{

”accuracy”: { ”score”: 0, ”explanation”: ”” },
”completeness”: { ”score”: 0, ”explanation”: ”” },
”relevance”: { ”score”: 0, ”explanation”: ”” },
”clarity”: { ”score”: 0, ”explanation”: ”” },
”overall”: { ”score”: 0, ”summary”: ”” }

}
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ID Research Question Technical Focus

I. Device Structure and Fabrication
Q1 Summarize device structures for PCE >25% Device architecture optimization
Q2 Perovskite precursor solution preparation for PCE

>25%
Solution chemistry and processing

Q3 Fabrication methods for PCE >25% Manufacturing processes

II. Performance Enhancement Strategies
Q4 Problems solved in high-efficiency (>25%) de-

vices
Critical challenges and solutions

Q5 Rationale for performance enhancement strategies Strategic approach justification

III. Performance Metrics Improvement
Q6 VOC improvement methods Open-circuit voltage optimization
Q7 FF improvement methods Fill factor enhancement
Q8 JSC improvement methods Short-circuit current density opti-

mization
Q9 PLQY-iVOC relationship Photoluminescence quantum yield

correlation

IV. Stability Improvements
Q10 Moisture stability enhancement Water resistance strategies
Q11 Thermal stability enhancement Temperature tolerance methods
Q12 Light stability enhancement Photo-stability improvement

V. Defect and Recombination Management
Q13 Defect/trap passivation methods Defect control strategies
Q14 Recombination reduction approaches Charge recombination suppression

VI. Interface and Extraction Layer Enhancements
Q15 Buried interface wettability improvement Interface engineering
Q16 HTL hole extraction enhancement Hole transport optimization
Q17 ETL electron extraction enhancement Electron transport optimization

VII. Materials Used in Perovskite Solar Cells
Q18 HTL materials and features Hole transport materials
Q19 ETL materials and features Electron transport materials
Q20 Hole blocking layer materials Blocking layer characteristics
Q21 Passivation materials and features Surface passivation materials

Table 11: Systematic Classification of Research Questions in High-Performance Perovskite Solar Cell Studies
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Abbreviated Name Full Name Count
Perf. Enhancement Performance Enhancement Strategies 11,233
Stability Stability Improvements 5,399
Defect & Recom. Defect and Recombination Management 7,209
Device Structure Device Structure and Fabrication 24,198
Metrics Performance Metrics Improvement 4,527
Materials Materials Used in Perovskite Solar Cells 1,586
Interface Interface and Extraction Layer Enhancements 952

Table 12: Correspondence between abbreviated and full names of research categories in perovskite solar cells

Parameter Chat-LLM Reasoning-LLM

Learning Rate 1e-6 5e-6
Batch Size 8 32
Number of Epochs 3 15
Optimizer AdamW AdamW
Learning Rate Scheduler Cosine Cosine
Warmup Steps 20 20

Table 13: Training Hyperparameters for Perovskite-Chat-LLM and Perovskite-Reasoning-LLM
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response).
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Question:
How to fabricate the perovskite solar cells those can reach PCE over 25%?

Perovskite-Chat-LLM:
To fabricate perovskite solar cells that can achieve a power conversion efficiency (PCE) over
25%, several key steps and considerations are essential. First, the fabrication process should
start with a clean and dry substrate, typically glass or flexible substrates, which are cleaned
thoroughly using a combination of detergents and solvents. The substrates are then treated
with UV ozone to enhance their wetting properties.
For the hole transport layer (HTL), materials like PEDOT:PSS are commonly used. These
materials are spin-coated onto the substrate and annealed at a temperature of 150°C for 15
minutes. The perovskite precursor solution is then prepared, typically using a mixed cation
and halide composition, and spin-coated onto the HTL. The spin-coating process involves a
two-step procedure: first at 1,000 rpm for 10 seconds, followed by 6,000 rpm for 30 sec-
onds, with anisole added during the second step to facilitate crystallization.
After spin-coating, the perovskite films are annealed at 100°C for 10 minutes. The electron
transport layer (ETL) is then deposited, often using a solution of PC61BM in chlorobenzene,
which is spin-coated at 1,000 rpm for 30 seconds and annealed at 100°C for 10 minutes.
Finally, a metal electrode, typically gold, is deposited through thermal evaporation. The en-
tire process is conducted in a nitrogen-filled glovebox to minimize exposure to moisture.

ChatGPT:
To fabricate perovskite solar cells with a power conversion efficiency (PCE) over 25%, several
key factors need to be considered and optimized in the fabrication process. Here are some
steps that can help in achieving high-efficiency perovskite solar cells:
1. Perovskite Material Quality: The quality of the perovskite material is crucial for achieving
high efficiency. Use high-quality perovskite precursors and optimize the fabrication process to
ensure uniform and defect-free perovskite films.
2. Optimal Perovskite Layer Thickness: The thickness of the perovskite layer plays a signif-
icant role in determining the efficiency of the solar cell. Optimize the thickness of the per-
ovskite layer to maximize light absorption and charge carrier generation.
3. Tuning the Bandgap: By engineering the composition of the perovskite material, you can
tune the bandgap to match the solar spectrum for better light absorption and improved effi-
ciency.
4. Interface Engineering: Pay attention to the interfaces between different layers in the solar
cell structure. Optimize the interfaces to minimize recombination losses and improve charge
carrier transport.
5. Passivation Layers: Use passivation layers to reduce defects and trap states in the per-
ovskite layer, which can improve the overall performance of the solar cell.
6. Electron and Hole Transport Layers: Choose suitable electron and hole transport materials
to facilitate efficient charge extraction and transport within the solar cell.

Figure 7: A full conversation between Perovskite-LLM and ChatGPT, Perovskite-LLM provides detailed operational
steps with specific parameters, while ChatGPT only offers general conceptual guidance.
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Question:
What are the ETL materials used in perovskite solar cells and the features of them?

Perovskite-Chat-LLM:
In perovskite solar cells, various electron transport layer (ETL) materials are utilized, each
with distinct features. Common ETL materials include:
1. Tin Oxide (SnO2): SnO2 is a popular choice for ETLs due to its high electron mobility,
low-temperature process ability, and compatibility with flexible substrates. It is often used in
n-i-p structured perovskite solar cells.
2. Zinc Oxide (ZnO): ZnO is another widely used ETL material, known for its high electron
mobility and low-temperature processing. It is commonly used in both n-i-p and p-i-n struc-
tured perovskite solar cells.
3. Tungsten Oxide (WO3): WO3 is utilized as an interlayer between the perovskite layer and
the ETL, enhancing charge extraction and improving device stability. It is particularly effec-
tive in p-i-n structured devices.
4. Phenyl-C61-Butyric Acid Methyl Ester (PCBM): PCBM is a fullerene derivative used as an
ETL in p-i-n structured perovskite solar cells. It offers high electron mobility and is compati-
ble with various perovskite compositions.
5. Tin Oxide Doped with Fluorine (F-SnO2): This material is used to enhance the perfor-
mance of SnO2 ETLs, improving their electron mobility and stability, which leads to higher
efficiency in perovskite solar cells.
6. Cesium Lead Halide (CsPbX3): CsPbX3 is employed as a wide-bandgap ETL in all-
inorganic perovskite solar cells, contributing to improved stability and efficiency.
...

ChatGPT:
ETL (Electron Transport Layer) materials play a crucial role in perovskite solar cells by facil-
itating the efficient extraction and transport of electrons generated by the perovskite layer.
Some commonly used ETL materials in perovskite solar cells include:
1. TiO2 (Titanium Dioxide): TiO2 is one of the most widely used ETL materials in per-
ovskite solar cells. It has good electron transport properties, high electron mobility, and is
chemically stable. TiO2 can be easily processed into thin films, making it suitable for large-
scale production of solar cells.
2. SnO2 (Tin Oxide): SnO2 is another popular ETL material in perovskite solar cells. It has
a high electron mobility, good transparency, and can be deposited at low temperatures. SnO2
films can also be easily doped to improve their conductivity and electron extraction efficiency.
...

Figure 8: A full conversation between Perovskite-LLM and ChatGPT, Perovskite-LLM provides detailed information
about the ETL materials and their features, while ChatGPT only offers general information about the ETL materials.

Question:
How to improve the thermal stability of perovskite solar cells?

Perovskite-Chat-LLM:
Improving the thermal stability of perovskite solar cells involves several strategies. One effec-
tive approach is the use of thermally stable materials for the charge transporting layer, such
as nickel oxide (NiO) and copper thiocyanate (CuSCN), which can enhance the thermal sta-
bility of the devices. Additionally, the incorporation of additives like 1,8-diodoctane (DIO)
and 1-chloronaphthalene (CN) has been shown to improve the morphology of perovskite films,
leading to better thermal stability. Furthermore, the use of thermally stable hole transport
materials (HTMs) and electron transport materials (ETMs) is crucial, as they can withstand
high temperatures without degrading the perovskite layer. The development of new HTMs,
such as poly(3-hexylthiophene) (P3HT), has also contributed to improved thermal stability.
Lastly, the introduction of interfacial layers, like graphene oxide, can enhance the thermal sta-
bility of the perovskite layer by reducing defects and improving charge transport.
...

ChatGPT:
Improving the thermal stability of perovskite solar cells is crucial for their long-term perfor-
mance and reliability. Here are some strategies to enhance their thermal stability:
1. Encapsulation: One of the most effective ways to improve the thermal stability of per-
ovskite solar cells is to encapsulate them with protective materials. Encapsulation helps to
shield the cells from environmental factors such as moisture, oxygen, and heat, which can de-
grade the perovskite material.
2. Improved Perovskite Composition: Researchers are constantly working on developing new
perovskite compositions that are more stable at high temperatures. By tweaking the chemical
composition of the perovskite material, it is possible to enhance its thermal stability.
...

Figure 9: A full conversation between Perovskite-LLM and ChatGPT, Perovskite-LLM provides detailed information
about the thermal stability of perovskite solar cells, while ChatGPT only offers general information about the
thermal stability of perovskite solar cells.
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Question:
Can you tell me what is CuO? And give me 5 usage in perovskite.

Perovskite-Chat-LLM:
CuO refers to copper(II) oxide, a chemical compound that plays a significant role in various
applications, particularly in perovskite solar cells (PSCs). Here are five key usages of CuO in
perovskite technology:
1. Hole Transport Material: CuO acts as an effective hole transport material (HTM) due
to its suitable work function and high hole mobility. It is often used in conjunction with other
materials, such as NiOx, to enhance the performance of PSCs by facilitating efficient charge
extraction [1].
2. Interface Optimization: The use of CuO helps in optimizing the interfaces within per-
ovskite solar cells. By depositing CuO films on top of perovskite layers, it can improve the
interfacial properties and reduce recombination losses at these critical junctions[2].
3. Thermal Stability Enhancement: Copper oxide (CuO) has been shown to provide ther-
mal stability to perovskite materials, which is crucial for maintaining high efficiency during
prolonged operation under elevated temperatures. This property makes it an attractive choice
for applications where environmental stability is a concern [3].
4. Doping and Passivation: CuO can be utilized as a dopant in other materials used in
PSCs, such as SnO2, enhancing their electrical properties like conductivity and mobility. Addi-
tionally, the doping effects can lead to improved passivation of defects at the perovskite layer,
contributing to better performance metrics [4].
5. Integration with Other Materials: In bifacial solar cells, CuO has been integrated with
materials such as carbon nanotubes (CNTs) to create high-performance architectures that
benefit from synergistic effects. This integration not only enhances charge transport but also
improves the overall efficiency of the devices [5].
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Figure 10: A case study of Perovskite-Chat-LLM’s ability to provide detailed and accurate information with
references.
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