
Digital
Discovery

PAPER

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 3

0 
M

ar
ch

 2
02

6.
 D

ow
nl

oa
de

d 
on

 3
/3

1/
20

26
 3

:3
2:

40
 P

M
. 

 T
hi

s 
ar

tic
le

 is
 li

ce
ns

ed
 u

nd
er

 a
 C

re
at

iv
e 

C
om

m
on

s 
A

ttr
ib

ut
io

n-
N

on
C

om
m

er
ci

al
 3

.0
 U

np
or

te
d 

L
ic

en
ce

.

View Article Online
View Journal
POLARIS: perovs
aInstitute for Advanced Materials and Manuf

and Engineering, The University of Tennesse

USA. E-mail: mahmadi3@utk.edu
bSchool of Materials Engineering, Purdue Un

† These authors contributed equally.

Cite this: DOI: 10.1039/d5dd00378d

Received 20th August 2025
Accepted 12th March 2026

DOI: 10.1039/d5dd00378d

rsc.li/digitaldiscovery

© 2026 The Author(s). Published b
kite optimization using LLM-
assisted refinement and intelligent screening

Jordan Marshall,†a Sheryl L. Sanchez, †a Rushik Desai,b Elham Foadian,a

Utkarsh Pratiush,a Arun Mannodi-Kanakkithodi, b Sergei V. Kalinina

and Mahshid Ahmadi *a

We present a comprehensive and reproducible pipeline that unites literature mining, molecular graph

generation, and uncertainty-aware predictive modeling to accelerate the design of organic spacer

cations for two-dimensional (2D) halide perovskites (HPs). Despite the critical influence of spacer

chemistry on phase stability, excitonic behavior, transport properties and environmental robustness, the

chemical space of HPs remains underexplored due to inconsistent reporting and limited structured

datasets. To overcome this, we curated a diverse set of 200 experimental papers from various publishers

and research groups into Google's NotebookLM powered by Gemini, utilizing its retrieval-augmented

generation (RAG) framework to extract synthesis-relevant metadata with high accuracy and

reproducibility. To ensure data quality and consistency, we limited our selection to papers published in

peer-reviewed journals with an impact factor above 10, focusing on studies with well-documented

experimental protocols. Benchmarking against five other large language models (LLMs) confirmed

NotebookLM's superior stability and minimal hallucination rate, making it ideal for hypothesis-driven data

curation. From extracted IUPAC names, we constructed SMILES representations and augmented the

dataset with over 10 000 ammonium-containing molecules from QM9. These were converted into

graph-based molecular embeddings and used to train a multitask graph neural network coupled with

a Gaussian process (GNN–GP) backend to predict optoelectronic and structural properties with

uncertainty quantification. The latent space clustering of the learned embeddings revealed chemically

interpretable families of spacer candidates, which we cross-validated against ChatGPT-generated design

heuristics. The convergence between unsupervised clustering and transformer-derived guidance

highlights the power of combining LLMs with active learning to generate, test, and refine design

hypotheses in underexplored chemical domains. This study demonstrates how fragmented literature can

be transformed into actionable, structure–property insights through a tightly integrated informatics

pipeline available to a broad experimental community, and demonstrates the value of open repositories

that can be mined for information. Our approach lays the foundation for closed-loop, autonomous

materials discovery and design and provides a scalable strategy for targeted development of next-

generation HP optoelectronics.
Introduction

Organic spacers fundamentally determine structure–function
relationships in two-dimensional (2D) and quasi-2D halide
perovskites (HPs), yet molecular mechanisms governing their
nucleation pathways, phase formation dynamics, electronic
coupling mechanisms, and environmental stability remain
inadequately characterized.1,2 These spacer cations introduce
acturing, Department of Materials Science

e Knoxville, Knoxville, Tennessee 37996,

iversity, West Lafayette, IN 47907, USA

y the Royal Society of Chemistry
critical structural elements through aromatic versus aliphatic
backbones, conformational exibility, hydrogen-bonding capa-
bilities, and permanent dipole orientations that collectively
regulate octahedral slab separation distances, preferential
crystal orientations, defect passivation efficiencies, and dielec-
tric interfaces.3,4

In conventional Ruddlesden–Popper (RP) 2D HP architec-
tures, monovalent organic spacers establish discrete van der
Waals gaps between individual octahedral sheets; with
increasing octahedral layer indices (n), quasi-2D systems evolve
toward multiple-quantum-well congurations exhibiting tail-
orable exciton connement properties and directionally-
dependent charge transport mechanisms.3,5–7 In contrast,
Dion–Jacobson (DJ) phases incorporate divalent cations that
Digital Discovery
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form covalent bridges between adjacent slabs. This congura-
tion can enhance mechanical integrity, improve moisture
resistance, and, under appropriate processing conditions,
promote favorable out-of-plane orientation and charge
transport.5,8

While organic spacers play a central role in determining the
structure, stability, and optoelectronic behavior of 2D and
quasi-2D HPs, systematic exploration of spacer chemistry is
hindered by fragmented and inconsistently reported experi-
mental literature. Critical synthesis parameters including
precursor stoichiometry, solvent selection, deposition proto-
cols, and thermal processing are oen embedded within
heterogeneous, narrative Methods sections that vary widely
across journals and research groups. Existing literature-mining
and information-extraction approaches either rely on rigid
document assumptions, require extensive manual congura-
tion, or lack reproducible validation against human-annotated
ground truth, limiting their scalability and reliability. More
recent prompt-based LLM workows offer greater exibility but
suffer from session-to-session inconsistency, user-to-user vari-
ability, and limited benchmarking of extraction delity. These
limitations motivated the development of POLARIS: a repro-
ducible, retrieval-augmented literature mining platform
designed to systematically extract synthesis-relevant experi-
mental parameters from diverse perovskite publications and to
rigorously benchmark extraction performance across models,
users, and runs. The primary contribution of this work is not
the introduction of a new language model, but the establish-
ment of a defensible, scalable framework for transforming
unstructured perovskite literature into reliable, machine-
actionable data.

This mechanistic gap, specically the limited understanding
of how spacer cation chemistry governs nucleation pathways,
phase formation, electronic coupling, and environmental
stability, arises from two interrelated challenges; the vast
chemical design space of potential organic spacers, and
inconsistent reporting practices across the HP literature.9,10

Substantial variations in precursor stoichiometry, solvent
selection criteria, lm deposition techniques, and thermal
processing protocols signicantly complicate cross-study
comparisons, thereby impeding development of generalizable
design principles.4,9,11 Particularly, odd-even layer number
effects12,13 and cooperative hydrogen-bonding networks can
profoundly inuence phase purity and defect
concentrations,7,14–17 yet these phenomena remain inadequately
quantied due to heterogeneous experimental methodologies
and incomplete metadata reporting.6,10,18

Automated scientic literature analysis has progressed from
rule-based systems to modern ML methods, with early
approaches relying heavily on topic modeling and named entity
recognition (NER).19–24 Tools like Latent Dirichlet Allocation
(LDA) enabled coarse clustering of research topics, while
domain-specic transformers such as SciBERT and BioBERT
signicantly improved the extraction of technical terms,
chemical names, and entities from biomedical and materials
science publications.25–27 BioBERT, trained on over 18 million
PubMed abstracts and 750 000 full-text articles, demonstrated
Digital Discovery
substantial improvements over generic language models in
biomedical NER tasks, achieving F1 scores exceeding 0.85. The
F1 score represents the harmonic mean of precision and recall,
balancing how many relevant instances are correctly extracted
(recall) against how many extracted instances are actually
correct (precision).19,27 Similarly, MatBERT and BatteryBERT
established specialized capabilities for materials science
domains, with particular strength in identifying synthesis
conditions and performance metrics.28,29 In prior literature,
XML-based pipelines were commonly used to structure scien-
tic documents for downstream processing.30,31 These formats
enabled sentence-level tokenization, allowing rule-based or
ne-tuned language models to identify whether specic sen-
tences contained quantitative synthesis data such as precursor
ratios or annealing conditions. While effective in constrained
environments, such approaches oen require strict document
formatting and rigid preprocessing protocols. The XML pipe-
lines typically involve aggressive metadata pruning to reduce
token count before submission to language models, which is
especially important when using API-based services where costs
are scaled with input and output size. While this can reduce
overhead, it may also discard valuable contextual information.

Despite these advancements, earlier methods have several
limitations. They oen require extensive manual labeling,
retraining on specialized datasets, and complex infrastructure,
making them difficult to scale or adapt across diverse literature
formats. ChemDataExtractor and similar systems demand
signicant computational resources and domain-specic
ontologies, creating barriers to widespread adoption.32 More
critically, these systems lack interactive and modular control
and users cannot easily adapt to new research questions or data
types without signicant reconguration. Even minor shis in
task objectives such as transitioning from extracting synthesis
methods to identifying degradation pathways oen necessitate
rewriting prompts, reengineering internal logic, or redeploying
entire pipelines.33,34 This rigidity limits their scalability and
hinders rapid iteration during exploratory research. Recent
work demonstrated that conventional NLP pipelines require
approximately 40–60 hours of expert conguration to adapt
extraction workows between closely related materials
subdisciplines.35

These constraints make consistent and reproducible infor-
mation extraction from scientic papers especially challenging
in rapidly evolving elds like HP research.31,36 Most recently,
LLMs have offered a more exible and democratized alternative
by allowing users to pose natural language questions directly to
full-text documents.33,34 When paired with well-structured
prompts, these models can extract precise data such as chem-
ical compositions, synthesis conditions, and material names
without specialized training.31However, prompt-based querying
introduces its own challenges, for instance, minor changes in
phrasing can yield inconsistent or contradictory outputs,
a phenomenon known as prompt dri. Previous work shows
that variations in prompt temperature, prex wording, and
example ordering can cause output variations exceeding 20%
for identical information extraction tasks.37 Iterative renement
and carefully designed prompt templates help reduce this
© 2026 The Author(s). Published by the Royal Society of Chemistry
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effect. However, ensuring consistent outputs across different
sessions and users remains a major challenge. The same
prompt can yield different responses when run at various times
(session-to-session inconsistency) or by different users (user-to-
user variability), making it difficult to reproduce results reliably
in collaborative or automated workows. Earlier research
quantied this variability, nding that even advanced prompt-
ing strategies such as self-consistency prompting applied to
models like ChatGPT produced extraction consistency metrics
below 75% when evaluated across multiple sessions and user
groups. This underscores the limitations of purely prompt-
based approaches and highlights the need for more robust
solutions like retrieval augmentation or automated validation
mechanisms.38

To address these limitations, we have developed and
implemented a scalable literature mining framework leveraging
Retrieval-Augmented Generation (RAG) techniques.39 By inte-
grating targeted document retrieval with LLM interrogation
protocols, our RAG methodology enables systematic extraction
of IUPAC nomenclature, precise precursor formulations,
solvent compositions, deposition methodologies, and thermal
treatment parameters from extensive publication databases. We
have rigorously benchmarked multiple LLM architectures
including GPT-4o, NotebookLM, DeepSeek, Elicit, perplexity
which uses different LLMs but selects the best model based on
the given prompt, and Publication Analyzer against manually
curated datasets to quantify extraction accuracy, session
consistency, and prompt robustness.

In this study, all references to ChatGPT correspond speci-
cally to the GPT-4o model accessed through the ChatGPT
interface, while all benchmarking experiments utilized the GPT-
4o to ensure consistent versioning and reproducibility across
extraction runs. To maintain uniformity in model attribution,
we adopt standardized naming throughout the manuscript for
all evaluated LLM architectures, including GPT-4o, DeepSeek-
V3, Perplexity, Elicit, NotebookLM, and Publication Analyzer.
NotebookLM, used as the primary tool for large-scale literature
extraction, refers to the Gemini-based retrieval-augmented
platform available during February–May 2025. Its implementa-
tion in this study included a 50-document notebook capacity,
document-grounded retrieval, and a conservative extraction
strategy designed to minimize hallucinations while preserving
contextual delity, as described in the literature-mining section.
Publication Analyzer refers to a custom GPT-based system
developed for structured literature mining within the ChatGPT
environment. It is designed to process uploaded PDFs, perform
section-aware extraction (e.g., abstract, methods, results), and
generate grounded summaries and structured outputs while
avoiding unsupported information. The system supports con-
gurable analysis depth (summary-only, standard, or exhaus-
tive), phrase- and token-level extraction relevant to perovskite
materials, and cross-document comparison to identify recur-
ring themes and patterns. It further incorporates retrieval-
augmented generation to keep outputs traceable to the uploa-
ded sources. Importantly, in the present implementation,
Publication Analyzer operates within the standard ChatGPT
document-upload constraints (up to 10 les per run/session),
© 2026 The Author(s). Published by the Royal Society of Chemistry
and thus was used as a controlled, text-grounded comparator
rather than a truly unlimited-corpus mining system. For clarity,
we further distinguish between LLMs used for source-grounded
extraction and benchmarking (GPT-4o, NotebookLM,
DeepSeek-V3, perplexity, Elicit, and Publication Analyzer) and
the ChatGPT interface, which was used exclusively for hypoth-
esis generation and qualitative reasoning tasks. All gures,
tables, andmodel descriptions have been updated to reect this
consistent nomenclature and usage.

The present literature-mining workow is restricted to text-
based extraction, and all benchmarking analyses were con-
ducted on information contained within the main body of each
manuscript, including experimental sections, results descrip-
tions, and chemical nomenclature. Although modern vision-
language models permit multimodal extraction from gures,
tables, and schematics, we focus here on text-only inputs to
ensure reproducibility, controlled model comparison, and
consistent ground-truth evaluation. The 200-paper dataset
consists of PDFs drawn from a diverse range of publication
venues, selected to reect heterogeneity in document structure,
formatting, and reporting conventions rather than the absence
of gure-embedded data. The targeted metadata precursor
formulations, deposition protocols, solvent systems,
temperature-time proles, and IUPAC nomenclature are typi-
cally reported explicitly in text across journals, enabling direct
and traceable comparison of extraction performance across
large language model architectures. As a result, some quanti-
tative or graphical information available only in gures, tables,
or schematics lies outside the scope of the current pipeline.
Extending the framework to incorporate multimodal extraction
remains an important direction for future development and
would enable broader capture of synthesis parameters and
structure–property relationships reported visually, as well as
phrase- and token-level information currently inaccessible
through text alone. Concurrently, we evaluated prompt dri
phenomena through systematic variation of query phrasing and
implemented iterative prompt renement workows, with each
prompt validation conducted against representative literature
samples (Table S1), ensuring reproducible performance across
heterogeneous reporting contexts.38

Our comprehensive platform integrates four functional
modules, as schematically illustrated in Fig. 1, to enable
a closed-loop system for data-driven spacer discovery in HPs.
Fig. 1a presents the overarching workow, which begins with
literature mining facilitated by LLMs to extract structured
metadata on synthesis conditions, chemical compositions,
performance outcomes, and spacer structure–property rela-
tionships. This metadata provides the basis for hypothesis
generation and candidate selection. The subsequent digital
processing stage, shown in Fig. 1b, converts the extracted
synthetic protocols into standardized molecular formats such
as SMILES strings, which are then analyzed using RDKit and
enriched with quantum-mechanical featurization to yield
property-relevant molecular descriptors. Fig. 1c highlights the
high-throughput experimental platform, where automated
synthesis and optical characterizations are employed to
systematically evaluate perovskite–spacer formulations under
Digital Discovery
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Fig. 1 (a) Overall POLARIS workflow for AI driven research and optimization of HPs, schematic for (b) LLM datamining/deep kernel learning (DKL)
workflow, (c) high throughput automated synthesis workflow and (d) autonomous machine-learning integration, where acquisition functions
guide active learning and closed-loop experimental optimization. Current stage is (b) while the other stages are under performance.

Digital Discovery Paper

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 3

0 
M

ar
ch

 2
02

6.
 D

ow
nl

oa
de

d 
on

 3
/3

1/
20

26
 3

:3
2:

40
 P

M
. 

 T
hi

s 
ar

tic
le

 is
 li

ce
ns

ed
 u

nd
er

 a
 C

re
at

iv
e 

C
om

m
on

s 
A

ttr
ib

ut
io

n-
N

on
C

om
m

er
ci

al
 3

.0
 U

np
or

te
d 

L
ic

en
ce

.
View Article Online
controlled conditions. Finally, Fig. 1d depicts the automated
data analysis and model training pipeline, which incorporates
spectral deconvolution, hierarchical clustering, acquisition
function optimization, and multidimensional visualization.
These processed outputs inform a deep-kernel learning (DKL)
algorithm that drives iterative candidate renement,
completing the self-improving discovery loop.40–43 The auto-
mated synthesis, characterization, and active learning-based
ML methods as illustrated in Fig. 1 are well established in our
group; a recent addition to our workow is the use of LLMs for
literature curation and hypothesis generation, leveraging the
rich scientic knowledge embedded in published research.44–47

While Fig. 1 illustrates a closed-loop integration of these
components in our research, the present work focuses speci-
cally on development and validation of the LLM-driven litera-
ture mining and information extraction methodologies.
Through demonstration of scalable, reproducible data curation
workows, we establish foundational capabilities for future
expansion toward fully autonomous, closed-loop discovery
platforms targeting robust, high-efficiency HPs for different
functionality.
Digital Discovery
Results and discussion

Fig. 2 details the end-to-end workow established in this study to
systematically benchmark and validate prompt-based large-
language models (LLMs) for extracting critical synthesis meta-
data from 2D and quasi 2D HPs research publications. The
heterogeneity of journal formats, stylistic variations in methodo-
logical descriptions, and the proliferation of synonyms for iden-
tical reagents and processes pose signicant challenges for
manual or rule-based text-mining approaches. Our pipeline
addresses these challenges by emphasizing reproducibility, scal-
ability, and modularity through a series of interconnected stages
including prompt formulation, ground-truth annotation, perfor-
mance metric computation, and model selection. In contrast to
early research, our methodology leverages Retrieval-Augmented
Generation (RAG) with large language models (LLMs), elimi-
nating the need for XML parsing and enabling more exible,
prompt-driven interaction with heterogeneous document formats.
In this study, our approach instead applies to strategic prompt
engineering and targeted section ltering to optimize information
density while preserving context. Importantly, OpenAI's currently
© 2026 The Author(s). Published by the Royal Society of Chemistry
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Fig. 2 (a) Query-driven LLM workflow: ingest documents, structured prompt interaction, iterative refinement, (b) benchmarking and descriptor
output, and (c) model selection.
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charges for usage of their API.48 This makes high-throughput
extraction workows signicantly more expensive than at-rate
ChatGPT subscriptions. However, API access affords critical
advantages, including reproducibility across runs, consistent
model versioning, and full control over prompt architecture
capabilities that are essential for scalable, automated extraction
pipelines. Ultimately, the framework studied here provides
a modern, modular, and source-grounded alternative to tradi-
tional XML-based approaches. By removing reliance on rigid
document structures and enabling controlled LLM interrogation,
our scalable strategy balances performance, interpretability, and
operational cost supporting rigorous, high-integrity data curation
inmaterials science domains. As shown in Table S2, our approach
achieves higher recall and improved extraction stability, particu-
larly when applied across diverse publishing styles and experi-
mental reporting formats. Our framework is designed with
modularity and extensibility in mind, because we integrate
a retrieval-augmented LLM environment (e.g., NotebookLM) with
structured metadata indexing, researchers can exibly reframe
queries, substitute context documents, or recongure downstream
featurization and modeling components without altering the
overall architecture. This enables rapid adaptation to evolving
research goals with minimal system-level changes.

In the prompt formulation stage, we developed an extensible
library of queries targeting key experimental parameters con-
taining precursor stoichiometries, solvent compositions, depo-
sition techniques (e.g., spin-coating vs. drop-casting), annealing
temperatures and time, and auxiliary processing steps (e.g.,
ligand addition, aging protocols, etc.). Each prompt was itera-
tively rened over multiple cycles using a representative subset
of articles to resolve ambiguities arising from chemical
nomenclature (e.g., “DMF” vs. “dimethylformamide”), nested
procedural narratives, and overlapping domain-specic termi-
nology. Renements included adding context-specic quali-
ers, adjusting prompt structure to focus on paper section
headings such as extracting the results and experimental
sections, and implementing fallback patterns to capture unex-
pected phrasing.
© 2026 The Author(s). Published by the Royal Society of Chemistry
Concurrently, we assembled a ground-truth (GT) dataset by
manually annotating ten HPs studies selected for their diversity
in reporting style (ranging from terse bullet-point protocols to
narrative experimental sections). Annotators recorded all rele-
vant materials, operational parameters, and processing condi-
tions, then supplemented each entry with synonyms,
abbreviations, and alternate spellings in a structured excel
database. For robust evaluation, we dened two critical
performance metrics. The rst metric is GT phrase recall (%)
and the second is GT token recall (%). The GT phrase recall (%)
measures the fraction of multi-word ground-truth phrases
(complete terminological units) successfully retrieved by each
model. This metric assesses the model's ability to capture
compound technical terms intact, for example, identifying
“methylammonium lead iodide” as a complete entity rather
than fragmentary components. GT token recall (%) quanties
the proportion of individual tokens (words, subwords, or the
smallest unit of language) from ground-truth phrases that
appear in the model outputs. This more granular measure
accommodates partial matches, revealing cases where models
capture essential information but with minor lexical variations
or incomplete terminology. For ground-truth benchmarking, 10
papers were randomly selected from the 200-paper dataset, with
the sole requirement being the presence of a clearly identiable
Methods section to enable consistent manual annotation of
synthesis-relevant metadata. To ensure diversity in reporting
formats, each of the 10 papers originated from a different
journal, thereby capturing variation in structure, terminology,
and experimental narrative style. This random, cross-journal
sampling provides a representative evaluation of extraction
performance across heterogeneous literature sources. Although
this approach offers broad coverage, a more systematic strati-
cation of papers by extraction difficulty such as contrasting
journals with highly structured Methods sections against those
with more integrated or narrative-style reporting would enable
a more explicit assessment of model robustness. We therefore
identify difficulty-aware benchmarking as an important direc-
tion for future renement of the evaluation framework. All
Digital Discovery
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Fig. 3 LLM performance on our prompts (a) raw responses from three models, illustrating differences in response length, accuracy and
completeness, (b) violin plots of GT phrase recall % and (c) GT token recall %.
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documents in this study were processed as directly downloaded
PDF les, and no XML or HTML sources were used in any stage
of the pipeline. As a result, the workow does not depend on
journal-specic markup conventions or structural schemas, and
model performance reects the LLMs' ability to interpret text
extracted from heterogeneous PDF layouts rather than
publisher metadata formats. The 200-paper dataset encom-
passes a wide range of journals with differing formatting styles,
section structures, and typographic conventions, enabling
evaluation of extraction robustness under realistic variability.
Across this corpus, models such as NotebookLM and Publica-
tion Analyzer demonstrated stable, source-grounded extraction
independent of PDF layout, whereas models like GPT-4o and
perplexity exhibited greater sensitivity to formatting differences
and narrative structure. This PDF-based design ensures that
generalizability assessments center on the LLMs' text-
processing capabilities rather than on variations in publisher
markup systems.

For performance benchmarking, six LLM architectures
including GPT-4o, NotebookLM, DeepSeek-V3, Elicit, perplexity
Digital Discovery
which uses different LLMs and chooses the best model for the
given prompt, and Publication Analyzer were evaluated on the
ground-truth dataset of literature across three repeated execu-
tions of identical queries. The multiple runs were conducted to
ensure that prior interactions or user history from different
accounts did not inuence the outcomes, thereby maintaining
consistency and fairness in model comparisons. We captured
raw outputs and associated metadata for each run, including
character count, word count, line count, and a cleaned version
of the response (normalized by lowercasing, punctuation
removal, and whitespace standardization). This preprocessing
ensured fair comparison across models and eliminated artifacts
arising from formatting differences.

We computed six quantitative performance measures for
each model-run combination. Beyond GT phrase recall and GT
token recall, we measured GT token precision (fraction of
output tokens matching the ground-truth tokens), the
composite GT token F1 score balancing precision and recall,
cosine similarity between vector embeddings of ground truth
and model responses, and verbosity ratio (response length
© 2026 The Author(s). Published by the Royal Society of Chemistry
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relative to ground-truth annotation length). Model-prompt
pairings were ranked by F1 score, with statistical signicance
across runs evaluated using paired t-tests (p < 0.05). Further
information on benchmarking metrics calculations can be
found in SI, Note S1.

Fig. 3a demonstrates marked differences in response struc-
ture and content when identical prompts were submitted to
three different LLMs. For example, when tasked with “List all
perovskite compounds mentioned in the Experimental or
results sections,” models exhibited distinctive response
patterns. ChatGPT produced structured outputs with categor-
ical organization, correctly identifying “(BA)2(MA)4Pb5I16” as the
main compound while including reference materials like
“CH3NH3PbI3” with explanatory notes about their contextual
relevance. Perplexity generated verbose explanations, elabo-
rating on chemical notations (e.g., noting that “(BA)2(MA)4Pb5-
I16” can be written as “BA2MA4Pb5I16”) and providing functional
descriptions of each compound's role in experimental work-
ows. DeepSeek offeres concise, enumerated lists prioritizing
factual extraction over contextual elaboration, maintaining
a focus on direct identication of perovskite compounds while
minimizing ancillary information.

The violin plots in Fig. 3b and c reveal distinctive perfor-
mance proles across models. For GT phrase recall (Fig. 3b),
Publication Analyzer and NotebookLM achieved the highest
median values (85–95%), indicating consistent retrieval of
complete technical terms across papers and runs. The narrow
distribution width for these models demonstrates remarkable
stability across diverse document formats and reporting styles.
Elicit exhibited intermediate performance across both GT
phrase recall and token recall metrics, with median values
around 70% and 50% respectively. While its recall rates sur-
passed those of perplexity, Elicit showed considerable variance
and lacked the consistency observed in top-performing models.
In contrast, ChatGPT and DeepSeek displayed lower median
values (65–80%) with elongated distribution tails, suggesting
inconsistent performance with pronounced paper-to-paper and
run-to-run variability. Perplexity exhibited the lowest median
phrase recall (∼65%) and widest distribution, highlighting
substantial instability in technical term extraction. GT token
recall measurements (Fig. 3c) reveal a systematic performance
reduction across all models compared to phrase-level metrics,
emphasizing the challenges of retrieving complete term-based
inventory without omissions or substitutions. NotebookLM
and Publication Analyzer maintained relatively better perfor-
mance (55–75%median token recall) despite this general trend.
The decline was most pronounced for perplexity, with median
token recall falling to approximately 45%, indicating frequent
omission or misrepresentation of individual terms even when
broader concepts were identied. In contrast to models that
occasionally produced higher raw precision scores through
unsupported assumptions or inferred content, NotebookLM
delivered stable, grounded, and highly reproducible extractions.
Its deliberately conservative extraction strategy limits outputs to
content explicitly present in the source text. This restraint
virtually eliminated hallucinations and ensured traceability,
aligning well with our objective of veriable, hypothesis-driven
© 2026 The Author(s). Published by the Royal Society of Chemistry
discovery. Its lower precision score, relative to some models,
reected cautious omissions rather than factual inaccuracies,
which is a favorable trade-off for downstream modeling appli-
cations where erroneous inputs can propagate and amplify
modeling errors.

Along with the results of Fig. 3, and S1 presents four sup-
porting plots that offer a comprehensive comparison of the ve
LLMs under evaluation in this study. Fig. S1a shows the total
number of extracted phrases per model, categorized by extrac-
tion quality with fully correct in (blue), partially correct in (red),
and incorrect or hallucinated in (cyan) color bars. While each
model extracted a similar total number of phrases, there are
subtle but important differences in quality. NotebookLM and
DeepSeek-V3 stand out with a larger proportion of fully correct
extractions and fewer incorrect responses, suggesting they
maintain a better balance between recall and precision. For
NotebookLM, this performance likely reects its document-
grounded architecture, such as a retrieval-augmented genera-
tion (RAG) system that helps prevent hallucination. In contrast,
perplexity shows the lowest number of fully correct extractions
and the largest number of incorrect or hallucinated outputs,
indicating poor precision. ChatGPT4o and Publication Analyzer
fall in between. ChatGPT4o tends to produce more partially
correct (but incomplete or paraphrased) extractions, while
Publication Analyzer leans towardmore incorrect outputs, likely
due to overgeneration or loose alignment with the source
content. Models that produce longer responses naturally
generate larger absolute numbers of both correct and incorrect
phrases, Fig. S1a alone cannot be used to assess extraction
delity. Instead, relative metrics including GT phrase recall, GT
token recall, and coefficient of variation across runs provide the
appropriate basis for comparison and indicate that Note-
bookLM and DeepSeek exhibit lower hallucination rates and
more stable performance than other models. Although Publi-
cation Analyzer shows comparable recall values, its use is con-
strained by a 10-document upload limit and attempts to exceed
this capacity within a single chat session resulted in loss of
document tracking, duplication of extracted content, and
increased hallucination frequency in multi-document contexts.
Representative verbatim extraction outputs from all evaluated
models in response to an identical prompt are provided in Note
S3.

Fig. S1b presents the coefficient of variation (CV) for each
model, a metric reecting output stability across multiple
benchmarking runs. Lower CV values indicate that a model
performs consistently across runs, while higher CV values
suggest that performance varies signicantly depending on
prompt phrasing, context, or randomness. Publication Analyzer
exhibits the lowest CV, making it the most stable model. Its
output is reproducible across sessions, which is especially
important for high-integrity extraction workows. NotebookLM
and perplexity follow, with moderate CV values indicating
reasonable but imperfect consistency. DeepSeek-V3 and espe-
cially ChatGPT4o show the highest CVs, highlighting substan-
tial run-to-run variability despite solid average performance in
other metrics. This suggests that even if these models perform
well in some runs, they may be unreliable or sensitive to slight
Digital Discovery
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prompt variations. Fig. S1c explores the efficiency trade-off
between verbosity and GT phrase recall. Ideally, a model
should extract correct phrases with as little output as possible.
In this plot, Publication Analyzer emerges as the most efficient
model, achieving the highest GT phrase recall with the lowest
verbosity, meaning it says less but hits the ground truth more
oen. NotebookLM ranks second in phrase recall but is the
most verbose, suggesting that while it successfully identies
many correct phrases, it oen produces long or redundant
responses to get there. DeepSeek-V3 and perplexity show similar
performance proles, with relatively high verbosity but lower
GT phrase recall, indicating a less efficient extraction style.
Finally, ChatGPT4o performs the worst on this metric, despite
having lower verbosity than some other models, it recovers the
fewest ground truth phrases, revealing inefficiency in both
content selection and phrasing. Lastly, Fig. S1d displays the
total number of GT phrases missed by each model. As expected
from earlier plots, Publication Analyzer misses the fewest
phrases overall, followed by NotebookLM, then DeepSeek-V3,
with Perplexity and ChatGPT4o missing the most. This plot
reinforces earlier ndings about each model's recall strength
and further conrms that Publication Analyzer and Note-
bookLM are the strongest performers in terms of retrieving
relevant, source-grounded information from full-text
documents.

These benchmarking results highlight a critical distinction
in LLM performance for scientic information extraction. The
models optimized for general conversational tasks oen prior-
itize comprehensive responses over factual precision, intro-
ducing potential confounds through elaboration and inference.
In contrast, models like NotebookLM that prioritize source
delity and output stability demonstrate superior performance
for literature mining in sensitive scientic domains, particu-
larly when integrated within RAG frameworks that emphasize
veriable extraction over generative completeness. Based on
these ndings, NotebookLM was selected for literature extrac-
tion because its RAG-based architecture minimizes hallucina-
tions and preserves source delity, as conrmed by
benchmarking (Fig. 3 and Table S2). For hypothesis generation,
ChatGPT was used because it consistently produced chemically
interpretable heuristic rules when prompted in a generative
setting. The two LLMs serve distinct roles factual extraction
versus design ideation and benchmarking showed no single
model performed both tasks optimally.

To support large-scale extraction across the full 200-paper
dataset, we therefore employed NotebookLM, which accom-
modates up to 50 documents per notebook, maintains internal
document provenance, and avoids cross-document dri
through its retrieval-grounded architecture. All large-language-
model interactions in this study were performed through
freely accessible or institutionally licensed user interfaces
rather than metered APIs, the pipeline incurred no token-based
usage costs during benchmarking or large-scale extraction. This
distinction is important, as the economic feasibility of LLM-
enabled workows depends strongly on whether models are
accessed through subscription-based interfaces or usage-
metered APIs. In the context of this work, NotebookLM
Digital Discovery
operates under a at-rate model with document-number limits,
while perplexity, Elicit, and Publication Analyzer can be used at
no direct cost for moderate-scale extraction tasks. GPT-4o only
introduces substantial expense when accessed via the API for
automated high-throughput extraction; however, such API-
based workows were not employed here. As a result, the
present pipeline can be replicated without signicant nancial
barriers, though future deployments that incorporate auto-
mated or multimodal extraction would require careful cost-
performance considerations. The impact factor >10 criterion
used to construct the 200-paper corpus reects the publication
landscape of the halide perovskite community, where the most
methodologically rigorous studies and the most complete
synthesis metadata are concentrated in high-impact journals
that enforce standardized reporting practices. In this eld, the
threshold therefore serves as a practical quality lter rather
than a general measure of prestige, ensuring that extracted
parameters such as precursor stoichiometry, solvent composi-
tion, and thermal processing conditions are documented with
sufficient clarity for benchmarking. However, reliance on
impact factor alone can introduce selection bias, and inuential
contributions may also appear in high-quality mid-impact
venues. Future extensions of this dataset may incorporate
additional metrics, such as citation counts, citation-rate
normalization, or composite scoring schemes, to produce
a more comprehensive and representative literature set while
maintaining methodological rigor. The 200 papers ingested
into NotebookLM were divided into four batches of 50 docu-
ments each through simple random grouping, reecting the
platform's notebook capacity limit rather than a cross-
validation or stratied sampling procedure. This random par-
titioning ensured that each batch contained a heterogeneous
mixture of journals, reporting styles, and experimental formats
representative of the broader dataset. NotebookLM processes
each notebook independently using its retrieval-grounded
mechanism, and extraction stability was evaluated by
comparing performance across these four randomly assembled
groups. Although this approach was sufficient for assessing
batch-to-batch consistency, more formal grouping strategies
such as difficulty-aware stratication may be incorporated in
future iterations of the workow. This approach aligns with how
typical researchers without premium subscriptions would
utilize the platform, providing insight into real-world applica-
bility of our methodology. Through systematic application of
our validated prompts across these paper batches, we con-
structed a comprehensive database of perovskite organic
spacers that have been researched, synthesized, or are
commercially available. This dataset forms the foundation for
subsequent analysis of structure–property relationships and
identication of promising candidates for further experimental
investigation. For this list of organic spacers, we performed
density functional theory (DFT) computations to calculate their
HOMO–LUMO gaps and dipole moments. These properties are
then utilized in the next exercise onmolecular graph-based data
visualization.

To address the limited size of our organic spacer dataset (106
molecules), we augmented it with over 10 000 ammonium-
© 2026 The Author(s). Published by the Royal Society of Chemistry

http://creativecommons.org/licenses/by-nc/3.0/
http://creativecommons.org/licenses/by-nc/3.0/
https://doi.org/10.1039/d5dd00378d


Fig. 4 (a) Molecular graph data preparation for GNN input (b) active learning workflow.
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containing molecules from the QM9 database, processed using
identical featurization protocols. We supplemented our organic
spacer dataset with 10 000 QM9 molecules to reduce the risk of
severe overtting and poor generalization when training the
GNN model. To ensure that the augmented dataset reects the
chemistry of experimentally reported spacer cations, we ltered
QM9 to retain only molecules containing protonated or proto-
natable amine groups. All 106 literature-extracted spacers
contain ammonium motifs (primary, secondary, cyclic, or
aromatic), and restricting QM9 accordingly produces a chemi-
cally coherent training set. Without this lter, the GNN is
exposed to structures (e.g., unfunctionalized hydrocarbons,
aldehydes, ketones, carboxylates) that never appear in perov-
skite spacers and would introduce irrelevant inductive biases.
By utilizing the QM9 database we can expose the model to
a higher variety of graph topologies and chemical environ-
ments. This approach can help us regularize the multi-task
process, since related property predictions on the QM9 subset
can help constrain the shared network layers and improve the
performance on the perovskite targets. Although the QM9-
derived molecules numerically dominate the dataset, they
primarily serve to inform the GNN's representation learning,
whereas the literature-derived perovskite spacers provide the
high-delity experimental signal that anchors the uncertainty-
aware regression and downstream analysis. This pipeline
constructs a graph-basedmolecular dataset suitable for training
© 2026 The Author(s). Published by the Royal Society of Chemistry
GNNs using molecular representations derived from SMILES
strings shown in Fig. 4a. Each SMILES string is parsed into an
RDKit Mol, sanitized, and explicitly hydrogenated before Gas-
teiger partial charges are computed. We construct an
unweighted adjacency matrix and, via NetworkX, compute
shortest-path distances from the charged ammonium nitrogen
to every atom. Atom-level embeddings (x) concatenate element
one-hot vectors (H, C, N, O, F, P, S, Cl, Br, I), atomic degree,
formal charge, implicit valence, hybridization one-hots (SP/SP2/
SP3/SP3D/SP3D2), aromaticity ags, SMARTS-derived hydrogen-
bond donor/acceptor indicators, Gasteiger charge, van der
Waals radius, atomic mass, Pauling electronegativity, nitrogen-
distance, and ring-membership counts (sizes 3–6). For each
directed bond, edge_attr encodes bond order, aromaticity,
conjugation, stereochemistry (none/any/Z/E), and estimated
bond length (Å). Global descriptors including molecular weight,
octanol–water partition coefficient (log P), and detailed ring
statistics (total, aromatic, aliphatic counts; maximum, mean,
and per-size counts for rings 3–8) form the graph-level feature
vector u. Finally, each data object carries an eleven-dimensional
target vector y, in order: band_gap, HOMO energy, LUMO
energy, dipole_moment, TPSA, total ring count (n_rings),
hydrogen-bond donor count (n_hbd), hydrogen-bond acceptor
count (n_hba), conjugated bond count (n_conj_bonds), molec-
ular_weight, and log P. By training the shared GNN encoder and
sparse-GP heads on both QM9 and perovskite graphs leveraging
Digital Discovery
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the broad chemical diversity of QM9 we regularize multi-task
learning and signicantly improve predictive accuracy on
perovskite-specic properties. These properties were chosen to
capture key aspects of spacer-inorganic interactions, such as
orbital alignment,5,49 dielectric screening,5,49 steric
hindrance,50,51 hydrogen bonding capacity52,53 and solubility,
which are factors that are known to inuence octahedral
connectivity,54 defect passivation,55 lm morphology56 and
charge transport57 in HPs. Each molecule is thus represented as
a PyTorch Geometric Data object.

Our multitask Deep Kernel Learning (DKL) framework inte-
grates a graph neural network (GNN) encoder with a sparse
Gaussian process (GP) backend to generate expressive molec-
ular representations alongside principled uncertainty esti-
mates. Each molecular graph is encoded with atom-level
features (element identity, hybridization, formal charge), bond-
level attributes (bond type, estimated bond length, aromaticity,
and conjugation), and global molecular descriptors, all assem-
bled into a unied graph data structure. The encoder projects
node features into a 256-dimensional hidden space, followed by
four Graph Isomorphism Network (GINE) convolutional layers.
Nonlinear activation via ReLU and dropout (20%) are applied
aer each layer to introduce regularization. The nal node
embeddings are aggregated using global mean pooling to
produce a xed-size graph-level representation. This vector is
concatenated with global molecular descriptors and normalized
through layer normalization, yielding a composite latent
representation that combines local structural detail with
holistic molecular information.

A related approach employing DKL for molecular represen-
tation learning was recently explored by Ghosh et al.,58 and
other similar deep learning framworks59 who demonstrated that
active learning with DKL on the QM9 dataset can produce latent
spaces that capture molecular functionality more effectively
than variational autoencoders (VAEs). Their model used
SELFIES-based molecular embeddings as input and showed
that DKL's structure–property correlations result in more
interpretable and task-aligned latent spaces. Notably, they
observed that predictive uncertainty correlated well with error,
and that latent spaces contained concentrated maxima associ-
ated with specic functionalities. Their ndings highlight the
utility of DKL in guiding active molecular discovery through
meaningful organization of chemical space. While their
embeddings were derived from string-based molecular encod-
ings, our framework instead uses graph-based message passing
and handcraed global descriptors to provide a chemically-
informed latent representation. Nonetheless, both approaches
demonstrate the value of DKL in learning predictive and inter-
pretable molecular embeddings within active learning
pipelines.

The sparse GP backend constructs an individual probabi-
listic regression head for each of the 11 target properties. Each
head is instantiated with 128 learnable inducing points in the
latent space and utilizes an RBF kernel with automatic rele-
vance determination to capture feature-wise length scales.
During training, the GP heads maximize variational evidence
lower bound (ELBO) under a Gaussian likelihood, enabling
Digital Discovery
efficient learning of both predictive means and covariances. We
jointly optimize the GNN encoder and all GP parameters via
stochastic gradient descent using the Adam optimizer with
a learning rate of 1 × e−3, applying early stopping based on
validation root-mean-squared error and patience of 30 epochs.
To accelerate data-efficient learning, we embed this GNN-GP
model within an active learning loop. Starting from a small
seed set stratied by perovskite versus non-perovskite samples,
we iteratively train the model, query posterior variances for
unlabeled graphs, and select high-uncertainty candidates via
minibatch K-means clustering in the latent space shown in
Fig. 4b. During each acquisition iteration, candidate molecules
are clustered in the identical latent space that the Gaussian-
process regression heads receive as input. The graph neural
network encoder produces a 256-dimensional embedding h for
each molecule by mean-pooling the nal node representations.
This learned vector is concatenated with the handcraed global
descriptor vector u which contains properties such as molecular
weight, log P, and ring statistics yielding a composite repre-
sentation z˛Rf256þgg, where g is the length of u. A feature-wise
layer normalization is then applied to standardize scale across
dimensions. The set of z vectors for all molecules still in the
pool is supplied directly to the K-means algorithm without any
intermediate dimensionality-reduction step. Because clustering
is performed on this fully normalized concatenation of learned
and xed features, the acquisition strategy probes the same
representation that determines both predicted means and
posterior variances, ensuring that selected molecules occupy
genuinely uncertain regions of the model's feature space. This
acquisition strategy balances exploration and exploitation,
adding diverse, information-rich samples to the training pool.
At each iteration, we record per-task R2, RMSE on a held-out test
set, andmodel training loss, allowing continuous monitoring of
performance gains. The resulting pipeline delivers calibrated
predictions and uncertainty quantication, facilitating robust
property estimation and informed decision-making in high-
throughput HP discovery.

Fig. S2 presents the performance evolution across 30 active
learning iterations for eleven molecular targets using a multi-
task DKL framework with graph neural network encoding.
Performance is assessed through R2 and RMSE heatmaps eval-
uated against a held-out test set throughout the training
process. The results reveal distinct learning trajectories that
correlate with the underlying nature of eachmolecular property.
Discrete structural descriptors (n_rings, log p, and n_con-
j_bonds) demonstrate rapid convergence to high predictive
accuracy (R2 $ 0.9), reecting the model's capacity to effectively
encode and quantify graph-topological features through
message-passing mechanisms. In contrast, continuous
quantum mechanical properties (band_gap, HOMO, and
LUMO) exhibit more gradual improvement trajectories, ulti-
mately achieving robust performance (R2 z 0.8–0.9). This
delayed convergence is consistent with the computational
complexity of electronic structure properties, which require the
model to learn subtle orbital interactions and electronic corre-
lations that benet substantially from iterative data acquisition.
© 2026 The Author(s). Published by the Royal Society of Chemistry
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The dipole_moment prediction presents a notable limita-
tion, plateauing at R2 z 0.5 across all learning rounds. This
performance ceiling likely stems from the fundamental
mismatch between the property's geometric dependence and
the model's reliance on 2D molecular representations. Dipole
moments are inherently sensitive to three-dimensional molec-
ular conformations and spatial charge distributions informa-
tion that remains inaccessible to graph-based encoders
operating solely on connectivity patterns. The observed learning
dynamics for LUMO further support the presence of inter-task
dependencies, as its improvement appears contingent upon
homo stabilization, suggesting benecial knowledge transfer
through the shared encoder architecture.

A striking asymmetry emerges in hydrogen bonding predic-
tions: while n_hbd achieves near-perfect accuracy (R2 z 1.0),
n_hba performance remains consistently poor. This disparity
likely reects the structural unambiguity of hydrogen bond
donors typically manifested as explicit –OH or –NH functional
groups compared to the more complex and context-dependent
nature of acceptor sites, which encompass diverse electron-
rich moieties that may not be readily captured by current
message-passing protocols.

TPSA and molecular_weight predictions exhibit distinct
behavior, showing minimal improvement across active learning
rounds despite being deterministic functions of molecular
structure. This observation suggests that these properties may
require different representational approaches than those natu-
rally captured by the current graph neural network architecture.
The apparent difficulty in learning these targets likely reects
the need for more specialized feature extraction mechanisms or
alternative inductive biases that better align with the compu-
tational pathways required for these specic molecular
descriptors.

These ndings demonstrate the selective efficacy of
uncertainty-based acquisition functions, which effectively
prioritize tasks exhibiting both measurable epistemic uncer-
tainty and favorable representational alignment (e.g.,
band_gap, HOMO). The pronounced improvement in specic
tasks validates the efficiency of task-aware uncertainty sampling
and highlights opportunities for targeted architectural
enhancements. Properties requiring global structural informa-
tion or geometric features present natural directions for meth-
odological advancement through enhanced input
representations such as three-dimensional molecular geome-
tries or physics-informed descriptors complementing the
existing framework. Future iterations could benet from task-
conditioned feature augmentation strategies to expand the
model's representational capacity for a broader range of
molecular targets, potentially through specialized encoder
branches or multi-modal input processing.

The t-SNE projections and unsupervised clustering of
molecular embeddings reveal that the Graph Neural Network
(GNN) has learned chemically meaningful representations
across a combined dataset comprising over 10 000 ammonium-
containing molecules from QM9 and 106 experimentally
studied perovskite organic spacers. The two-dimensional
embeddings show distinct and compact clusters, indicating
© 2026 The Author(s). Published by the Royal Society of Chemistry
that molecules with similar chemical features and functional
groups are positioned adjacently in the learned latent space.
Notably, the GNN model successfully differentiates between the
QM9 and perovskite spacer molecules, while preserving chem-
ically relevant substructure relationships within each group.

To visualize and interpret the learned molecular space, we
perform t-SNE on the GNN-learned latent embedding h, rather
than the full GP input vector z = [h; u] which includes concat-
enated global descriptors. This choice is motivated by the fact
that h is the sole output of the GNN encoder and directly reects
the message-passing over the molecular graph structure. In
contrast, the global descriptor vector u consists of features that
are xed and not learned from data. Including u in the t-SNE
projection would confound the learned representation with
prior feature design, potentially obscuring the model's internal
structural understanding.

Moreover, the sparse GP backend operates on the composite
input z, and its kernel structure encourages local smoothness in
function space. While this is desirable for calibrated prediction,
it can also homogenize nearby points in the latent space,
potentially diminishing local diversity that reects ne-grained
chemical distinctions. By projecting only h, we isolate the
component of the representation that captures learned topo-
logical and electronic patterns from graph connectivity, without
the smoothing effect imposed by GP regularization. This makes
the t-SNE projections better suited for analyzing how the GNN
encoder organizes molecular structures based purely on rela-
tional and learned attributes. In this sense, using h aligns with
the goal of probing the model's internal inductive biases and
understanding how chemical space is structured by the encoder
prior to probabilistic inference.

Beyond visualization, the learned latent space also under-
pins the active learning component of our framework, enabling
the principled selection of new, unseen molecules. Because the
GNN encoder maps each molecular graph to a continuous
embedding that captures structural and functional informa-
tion, the latent space provides a chemically meaningful coor-
dinate system over which model uncertainty can be assessed. By
combining the encoder output with global descriptors to form
the full representation z = [h; u], and feeding this into task-
specic Gaussian processes, we obtain posterior variance esti-
mates that reect epistemic uncertainty in prediction. This
allows us to identify regions of latent space where the model is
uncertain either due to lack of training data, structural novelty,
or target-specic complexity. During each acquisition round, we
cluster the latent representations of unlabeled molecules and
select points with high uncertainty from each cluster, ensuring
that acquisitions are both diverse and informative. Crucially,
this approach allows us to not only rene predictions for known
perovskite-relevant molecules, but also to explore chemically
distinct candidates that fall outside the original training
distribution. In this way, the latent space supports generaliza-
tion beyond interpolation, guiding the discovery of new mole-
cules whose structural and electronic features may be relevant
to perovskite performance, yet were not explicitly represented in
the initial dataset. This dual role as both an interpretable
molecular map and a sampling surface for targeted acquisition
Digital Discovery
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Fig. 5 Latent space with t-SNE reduction with clustered k-means and representative perovskite spacermolecules chosen from each cluster with
each position marked by a black star.
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demonstrates the broader utility of the latent representation
learned by the DKL model.

Cluster labels assigned in the fourth t-SNE projection show
that the model identies several discrete molecular families.
These clusters reect both chemical similarity and functional
group diversity, conrming that the model captures domain-
relevant features required for structure–property learning in
the context of 2D and quasi-2D HPs. The visual separation of
clusters suggests that the GNN's learned representations are
sensitive to functional group patterns that inuence intermo-
lecular interactions, electronic structure, and potential spacer
behavior, as shown in Fig. 5. The latent space visualization
colored by target properties reveals substantial information
about the clustering structure and validates the chemical
coherence of themolecular groupings shown in Fig. S3–5. When
examining electronic properties, clusters 0 and 4 form the
hottest regions in the band-gap visualization, both lacking
extended p paths and giving the widest gaps (7–9 eV and 6–8 eV
respectively), with cluster 0 dominated by long saturated alkyl
ammoniums and cluster 4 by bifunctional diammonium/
dithiol species where two cationic ends li every frontier level.
The coolest patch sits on the brominated fringe (isolated cyan-
green arm), reecting halogen substitution's ability to compress
the gap to 2–3 eV by stabilizing the acceptor level through heavy-
atom polarization that pulls LUMO down to #−3 eV. HOMO
visualization shows aromatic clusters appearing in yellow
orange with shallower values (−6 to −5 eV) consistent with
electron delocalization along rings, while saturated chains
remain blue-cyan as s-bond frameworks keep ionization energy
deep (−8 to −7 eV). LUMO coloring reveals diammoniums and
long alkyls giving the warmest shades with positive or near-
vacuum energies (0 to +2 eV for cluster 0, 0 to +1.5 eV for
cluster 4) reecting strong cationic character, while bromine-
bearing members turn blue green through s–p mixing effects.
Digital Discovery
The physicochemical property visualization demonstrates
a continuous blue-to-red sweep from lower-le to upper-right
across all panels, with deep blue points at 0–20 Å2 TPSA
carrying one donor/acceptor, while red points exceed 80 Å2 with
four donors/acceptors, perfectly aligning cluster 0 (long alkyl
ammoniums) in the low-polarity corner and cluster 4
(diammonium/dithiol) in the high-polarity corner. Structural
descriptors show ring count and conjugated bonds creating
identical spatial patterns that isolate the aromatic island
(cluster 1 polycyclics and ring-bearing cluster 2), while molec-
ular weight creates two distinct red patches—one for aromatic
systems where extra ring carbons add mass, another for long-
alkyl zones with additional methylenes. Log P separates hydro-
phobic species (cluster 0 linear chains and cluster 1 aromatics)
in red regions from polar diammoniums (cluster 4) in deep-blue
corners.

However, not all property visualizations provide equally
interpretable information. Dipole moment follows the same
spatial trend as other polar descriptors, though its hottest
region is slightly displaced because dipole requires both polar
bonds and their vector alignment symmetric placement can
mute the overall value even when hetero-atom count is high,
making this property less predictable from structural position
alone. The reduced accuracy observed for dipole moment
(Fig. S2) is expected, because dipole magnitude cannot be
inferred reliably from 2D molecular topology alone. It requires
3D conformer geometry, including internal rotation barriers,
aromatic plane tilts, and side-chain folding patterns. Our
message-passing encoder cannot recover this information from
2D SMILES-derived graphs, which explains the persistent
performance ceiling. Incorporating learned 3D geometries or
equivariant GNNs (E(n)-GNN, MACE, or SE(3) models) is
a natural next step for improving prediction of conformation-
dependent descriptors which can be taken from other
© 2026 The Author(s). Published by the Royal Society of Chemistry
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databases available.60 Molecular weight presents another chal-
lenge as it splits along two structural directions rather than
tagging any single cluster, creating two separate red patches
that don't correspond to a single chemical motif, limiting its
utility for systematic design guidance. Additionally, while deep-
LUMO traps in the blue zones can be identied, these regions
need careful stoichiometry control as they may problematically
pull electrons out of the perovskite system. The visualization
method itself has inherent limitations since t-SNE preserves
local neighborhoods while distorting large-scale distances,
meaning that while smooth color transitions across tens of
neighbors indicate meaningful chemical relationships, global
patterns should be interpreted cautiously. Despite these limi-
tations, the smooth color transitions across most property
visualizations, combined with identical geometric neighbor-
hoods sharing similar shades across different target properties,
demonstrates that the latent embedding has successfully
rankedmolecules by their underlying chemical physics, making
the clusters chemically coherent and providing reliable visual
cues for molecular design in cases where clear spatial–property
relationships emerge.

Representative spacers from each cluster (Fig. 5) illustrate
the range of structural motifs relevant to 2D and quasi-2D HP
design. For each cluster, we isolated the organic-spacer entries
identied in our literature survey and computed the Euclidean
distance between each spacer's 11-dimensional property vector
and the cluster centroid, the property distributions for each
cluster can be observed in Fig. S6–11. The spacer with the
smallest distance was chosen as that cluster's representative.
Although only one spacer per cluster is shown, multiple spacers
may occupy the same cluster.61 Across all clusters, molecules
contain nitrogen-based functional groups, typically primary
amines or cyclic derivatives, which are known to facilitate
interaction with the HP lattice.62 Despite overlapping molecular
weight ranges, the chemical backbones vary signicantly across
the six clusters. Cluster 0 features long, linear alkyl ammoniums
like heptylamine that provide excellent moisture barriers with
limited electronic interaction.61 Cluster 1 encompasses bulky p-
systems exemplied by 2-methyl-1-naphthylamine, offering
good surface-oriented band offsets and UV ltering capabil-
ities.63 Cluster 2 comprises compact cyclic spacers such as
cyclopentylammonium that pack densely and suppress phase
transitions.62 Cluster 3 contains very small cations like allyl-
amine with single C]C bonds, useful as co-spacers or orien-
tation seeds.64 Cluster 4 includes chelating diammoniums or
dithiols such as 2,20-dithioethanediammonium that bind
simultaneously to two surface Pb sites for strong defect
passivation.65 Cluster 5 features halogenated propyl chains like
3-bromopropylamine that act as intermediate-polarity spacers
with enhanced lattice polarizability.65

These structural variations produce distinct electronic
signatures that directly inuence optoelectronic and morpho-
logical behavior in 2D HPs including both RP and DJ phases.66,67

The calculated band gaps of our representative spacers range
from approximately 3.0 to 4.5 eV, reecting variations in elec-
tronic structure that inuence optical properties of 2D HPs.68,69

The broad range of dipole moments across clusters (0.2–30 D in
© 2026 The Author(s). Published by the Royal Society of Chemistry
the full QM9 envelope, narrowing to 1–5 D in perovskite-
relevant subsets) parallels enhanced dielectric screening and
suppressed ionmigration reported for high-dipole cations.61,70,71

In Cluster 4, the diammonium spacers with their bifunctional
anchoring capability reproduce marked improvements in
moisture tolerance and reduced Pb leakage.72,73 Aromatic
spacers in Cluster 1 foster p–p stacking and lattice rigidity,
mirroring thermal and moisture stability enhancements ach-
ieved with conjugated cations in both RP and DJ
architectures.74–76 Conversely, the exible aliphatic frameworks
in Clusters 0 and 2 facilitate defect passivation, improve lm
uniformity, and maintain lattice integrity at elevated tempera-
tures.77,78 The halogenated species in Cluster 5 offer tunable
polarity while potentially improving lm orientation.50,79

Together, these clustering-derived insights validate established
structure–property relationships and demonstrate that our
approach can effectively identify and prioritize cation chemis-
tries to tune optical, electronic, and morphological properties
across layered HPs.

While fundamentally data-driven, our pipeline also func-
tions as a hypothesis-generation engine: by mapping each
molecule into an interpretable latent manifold and isolating
clusters with distinct electronic, steric, and dipolar signatures,
we can formulate precise, experimentally testable hypotheses.
For example, high-dipole spacers have been shown to enhance
interfacial charge separation, improving energy level alignment
and carrier extraction efficiency in HP solar cells.80,81 Aromatic
backbones have also been reported to increase lattice rigidity
and thermal stability under thermal cycling. This hypothesis-
driven selection of mechanistically inspired spacer molecules
promises to accelerate design cycles and guide synthetic efforts
toward high-performance DJ and RP HPs.82 These structural
variations have direct implications for the functionality of the
corresponding HPs. To assess whether LLMs can support
hypothesis generation in molecular design for 2D HPs, we
compared the qualitative suggestions from ChatGPT with the
structural groupings identied by our GNN-based clustering of
organic spacer cations. Unlike our separate literature-mining
model which extracts grounded, source-linked information
from primary articles, we engaged ChatGPT specically for its
capacity to generate hypotheses, not veried facts. In response
to the question “What type of organic molecule should I use to
make stable 2D HPs with high photovoltaic efficiency?” and the
follow-up clarication “Ruddlesden–Popper iodide-based lead
perovskites,” ChatGPT outlined general design principles: (1)
use of large-n phases to reduce exciton binding; (2) vertical layer
orientation for better charge transport; and (3) near-linear Pb–I–
Pb angles for stronger coupling. It then connected these struc-
tural goals to organic spacer properties suggesting rigid, polar,
moderately bulky, and hydrogen-bonding-capable molecules
and listed several example cations, including phenyl-
ethylammonium, butylammonium, and
cyclopentylammonium.

Although ChatGPT does not evaluate chemical feasibility or
rank candidates, it demonstrates potential as a hypothesis-
forming tool: offering plausible mechanistic rationales and
proposing candidate classes that can be independently
Digital Discovery
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examined.83,84 We then compared its qualitative suggestions to
the chemical families identied by our unsupervised GNN
clustering, which was trained on a merged dataset of >10 000
QM9 molecules and literature-reported spacers, using struc-
tural and electronic descriptors. Without using phase or
performance labels, our model learned six distinct clusters with
clear chemical features. Notably, Cluster 1 was enriched in
bulky p-systems like 2-methyl-1-naphthylamine, consistent
with ChatGPT's emphasis on aromatic structures for surface-
oriented band offsets and UV ltering.50 Cluster 4 included
chelating diammoniums such as 2,20-di-
thioethanediammonium with high dipole moments and
bifunctional binding capability, matching ChatGPT's sugges-
tion that polar spacers can aid defect passivation and charge
separation. Cluster 2 contained compact cyclic spacers like
cyclopentylammonium that suppress phase transitions, align-
ing with ChatGPT's recommendation for moderately bulky
molecules. Meanwhile, Cluster 0 featured long linear alkyl
chains like heptylamine that provide excellent moisture
barriers, while Cluster 5 included halogenated species like 3-
bromopropylamine offering tunable polarity and enhanced
lattice polarizability.

This cross-comparison between ChatGPT-generated
hypotheses and our unsupervised GNN clustering suggests
that transformer-based language models can contribute
meaningfully to hypothesis formation when prompted with
well-posed scientic queries. Although ChatGPT does not
perform molecular selection based on data or embeddings, it
proposed specic spacer molecules alongside general phase-
stabilizing strategies and chemical parameter ranges,
including spacer rigidity, polarity, hydrogen-bonding capacity,
and steric volume. These qualitative suggestions showed partial
alignment with structural and electronic trends captured in our
GNN-derived clusters, including correlations with dipole
moment, log P, TPSA, and conjugation extent across the latent
space.85,86 The correspondence between ChatGPT's mechanistic
intuitions and our data-driven cluster properties such as the
hydrophobic alkyl chains in Cluster 0, aromatic p-systems in
Cluster 1, and high-dipole bifunctional molecules in Cluster 4
validates both the chemical coherence of our unsupervised
clustering and the potential utility of LLMs as hypothesis
generators. Rather than serving as a factual source, ChatGPT
functioned here as a hypothesis generator offering a scaffold of
chemically intuitive heuristics that can be validated or rened
through data-driven clustering. As such, integrating LLMs into
materials informatics workows can enhance the interpret-
ability of unsupervised model outputs and help prioritize
rational candidates for experimental follow-up, especially in
data-sparse design spaces. This demonstrates how combining
learned molecular representations with LLM-driven knowledge
synthesis can enable a more guided and mechanistically
informed exploration of chemical design space.

Conclusion

This work establishes an integrated framework combining
literature-mined experimental data, high-throughput molecular
Digital Discovery
graph construction, and multitask GNN–DKL modeling to
analyze and predict structure–property relationships in 2D HPs.
We augmented a curated set of 106 known perovskite organic
spacers with over 10 000 chemically diverse, ammonium-
containing compounds from the QM9 database, enabling
multi-task training across eleven molecular properties selected
to probe key aspects of spacer–inorganic interactions—
including orbital alignment (band gap, HOMO, LUMO),
dielectric response (dipole moment), steric hindrance (molec-
ular weight, log P), hydrogen bonding potential, and detailed
ring statistics (aromatic/aliphatic ring counts, size distribu-
tion). Each molecule is encoded as a graph with chemically rich
atom-, bond-, and global-level features, including formal
charge, valence, hybridization state, Gasteiger partial charges,
electronegativity, ring membership, and nitrogen proximity,
allowing the model to capture molecular factors known to affect
octahedral tilt, layer orientation, and phase stability in HPs.

Clustering in the learned latent space reveals chemically
meaningful groupings, where each cluster aggregates spacer
candidates with shared structural or electronic motifs such as
rigid conjugated aromatics, highly polar cyano-substituted
molecules, or exible alkyl chains. These clusters provide
a basis for hypothesis formation: by identifying representative
molecules from each group, we generate a manageable set of
candidates that span the design space and offer targeted func-
tionalities. In parallel, we employed ChatGPT as a generative
tool for literature-informed hypothesis framing. Although not
grounded in curated data, ChatGPT rapidly articulated struc-
tural heuristics (e.g., favoring vertical orientation via rigidity
and dipole alignment) and suggested plausible molecular
scaffolds. Comparing these LLM-derived suggestions with our
GNN clusters revealed partial alignment validating the utility of
LLMs for conceptual guidance, while reserving molecular
ranking and diversity assessment for model-based evaluation.
Together, the ML–LLM integration supports a hybrid
hypothesis-generation strategy: ChatGPT proposes mechanism-
linked design principles, while GNN clustering lters and
expands on them quantitatively across large chemical spaces.

Our future work will deploy this pipeline in an automated
high-throughput synthesis and in situ characterization work-
ow to fabricate and evaluate cluster-representative spacer
candidates. By closing the loop between data-driven molecular
embeddings, language model hypotheses, and experimental
feedback, this framework offers a scalable route for rational
discovery and optimization of organic spacers in 2D HPs and
other materials systems.
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