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Abstract

Foundation models have shown remarkable success across scientific domains, yet
their impact in chemistry remains limited due to the absence of diverse, large-scale,
high-quality datasets that reflect the field’s multifaceted nature. We present the

hemile, an open dataset containing over 77 billion tokens of curated chemi-
cal data, specifically built for training and evaluating general-purpose models in
the chemical sciences. The dataset mirrors the human learning journey through
chemistry—from educational foundations to specialized expertise—spanning mul-
tiple modalities and content types including structured data in diverse chemical
representations (SMILES, SELFIES, IUPAC names, InChl, molecular renderings),
scientific and educational text, executable code, and chemical images. ChemPile
integrates foundational knowledge (textbooks, lecture notes), specialized expertise
(scientific articles and language-interfaced data), visual understanding (molecu-
lar structures, diagrams), and advanced reasoning (problem-solving traces and
code)—mirroring how human chemists develop expertise through diverse learn-
ing materials and experiences. Constructed through hundreds of hours of expert
curation, the ChemPile captures both foundational concepts and domain-specific
complexity. We provide standardized training, validation, and test splits, enabling
robust benchmarking. ChemPile is openly released via HuggingFace with a consis-
tent API, permissive license, and detailed documentation. We hope the ChemPile
will serve as a catalyst for chemical Al, enabling the development of the next
generation of chemical foundation models.
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1 Introduction

Foundation models are transforming science, with particularly promising applications in the chemical
sciences [1} 2| 3[]. Progress in this field could fundamentally advance drug discovery, accelerate
materials development for energy transition, and provide new solutions for climate change mitiga-
tion [4]. The potential societal impact is immense. Recent developments demonstrate that large
language models (LLMs) can already answer chemical queries [5} |6} [7]], predict molecular proper-
ties [18,19, (10, |11} 12]] or crystal structures [[13} 14} 15]], and direct experiments [[16} |17, /18,|19]. Yet,
their performance is often brittle, with shallow reasoning and poor generalization beyond narrow
domains [20} 21} 22]]. These limitations likely stem not (only) from architectural constraints, but from
the data on which these models are trained. Current chemical datasets are fragmented and narrowly
focused. Most are confined to a single modality—such as SMILES strings [23]—and few capture
the underlying reasoning or contextual knowledge that defines chemical understanding. Moreover,
they are seldom curated with machine learning in mind, leading to issues with inconsistency, data
leakage, and poor coverage of fundamental principles [24]]. As a result, existing foundation models in
chemistry struggle to learn generalizable patterns, reason across domains, or provide interpretable
outputs.

To address this, we introduce hemile, a large, multimodal open dataset designed to support
the training and evaluation of foundation models in chemistry. The ChemPile is the result of an
extensive, community-driven effort, involving hundreds of hours of expert curation, cleaning, and
annotation. It provides a unified interface for diverse, multimodal data and is built to serve as a
foundational resource for chemical foundation models. The ChemPile mirrors the journey of chemical
expertise development in humans—from foundational concepts to specialized knowledge to advanced
reasoning—through its diverse content types collected in different subsets:

. hemile-Education: Captures foundational core knowledge through curated educational
content—similar to how students build conceptual understanding through textbooks and
lectures.

. hemile-Paper: Incorporates curated scientific literature filtered for chemical content—
allowing the models to learn from the frontiers of science.

. hemile-(m)LIFT: Provides structured factual knowledge through language-
interfaced [25]] tabular datasets with chemical information in multiple representations
(IUPAC, SELFIES, InChl, images) — allowing the model to learn nuanced structure-
property-function relationships.

. hemile-Reasoning: Compiles explicit reasoning traces for chemical problems — to
allow models to learn reasoning which is needed to solve advanced chemical problems.

. hemile-Code: Includes chemical code —reflecting that code has often been shown to
increase model capabilities [26}27].

. hemile-Caption: Compiles pairs of chemical images with the corresponding descrip-
tive text—reflecting that chemical information is typically multimodal and requires joint
reasoning over different modalities such as images or text.

. hgmilc?-ll?structiop:. Includes multi-turn chemistry conversations —since instruction
data is crucial in the training of LLMs []28]].

Just as human chemists learn through diverse materials and experiences—textbooks for foundations,
laboratory work for hands-on skills, research papers for specialized knowledge, and problem-solving
for developing reasoning—ChemPile’s varied content types aim to provide a comprehensive learning
environment for chemical Al.

The core features of the ChemPile are:
* Scale: To our knowledge, ChemPile is the largest open curated chemical corpus, providing
sufficient data volume for foundation model training and scaling studies.

* Expert curation: The ChemPile has been rigorously cleaned, annotated, and reviewed by
domain experts through an extensive collaborative effort.



» Content type diversity: The ChemPile combines different kinds of content on a spectrum
from conceptual understanding (ChemPile-Education), over detailed knowledge (ChemPile-
(M)LIFT), to advanced multimodal reasoning (ChemPile-Reasoning, ChemPile-Code,
ChemPile-Caption), covering materials that mirror the human chemist's educational journey.

» Chemical diversity: The ChemPile spans the entire spectrum from biochemistry to materials
science, enabling research on domain adaptation and knowledge transfer across chemical
sub elds that were previously siloed.

« Multimodality: The ChemPile integrates images with captions, molecular and crystal
representations in various formats, chemical drawings, and other visual elements essential
to chemical communication, providing a foundation for multimodal models.

» Ease of useThe ChemPile is hosted on HuggingFace under a consistent API for public ac-
cess with a permissive license. We provide recommended training/validation/test splits based
on analysis of chemical compounds and extensive documentation (chempile.lamalab.org) to
facilitate immediate research use.

By centralizing high-quality chemical data in a machine learning-ready format that re ects the
multifaceted nature of chemical expertise, we hope that the ChemPile will catalyze innovation at the
intersection of Al and chemistry. The ChemPile aims to not just be a dataset, but a bridge between
disciplines that will enable a new generation of researchers to contribute to chemical Al and accelerate
scienti ¢ discovery.

Figure 1:Overview of the ChemPile and its curation processThe gure illustrates the dataset
creation process. Education and Caption consist of gathering resources from online resources. Code
and (m)LIFT are based on dataset content, for the rst Itering from general datasets, while for the
second, by lling templates with the data. For ChemPile-Paper, the content is collected by Itering
and processing published open-source papers. ChemPile-Reasoning is based on distilling knowledge
from LLMs and processing data from Stack Exchange. Finally, ChemPile-Instruct has been compiled
using LLM rephrasing on three other subsets of ChemPile. The resulting datasets are published in a
format that is very easy to use on HuggingFace.



2 Related work

The ChemPile is the rst dataset that combines diverse content types and chemical subdisciplines
under a consistent interface, addressing several key limitations in existing resources. To achieve this,
ChemPile builds on a foundation of prior work.

2.1 Datasets for training of foundation models

Web-scale data has become the standard approach for pre-training foundation models [29, 30], with
empirical scaling laws suggesting that performance improves with dataset size [31, 32, 31]. However,
recent studies challenge the “more data is always better” paradigm, exploring data-effective learning
approaches that focus on quality and representativeness rather than sheer volume [33, 34, 35, 36].
Current state-of-the-art training pipelines use carefully constructed mixtures of different data types
including natural text, code, textbooks, and reasoning traces to improve model capabilities [37, 27,
38]. While this trend toward high-quality, diverse data mixtures has transformed general-purpose Al,
the chemical domain has not yet bene ted from similar approaches.

For multimodal foundation models, image-text pairs represent the primary training data format,
typically sourced from web pages containing images with associated alt-text, captions, or surrounding
text [39]. However, equivalent multimodal resources have been largely absent in the chemical domain
until the ChemPile.

2.2 Chemical datasets

Traditional chemistry datasets have largely relied on tabular formats as compiled in MoleculeNet [40]
or Therapeutic Data Commons [41]. Resources like PubChem [42] and UniProt [43] provide large
collections of molecular structures or protein sequences for tasks in (bio)molecular property prediction.
A critical limitation is that these resources cannot be directly used for training LLMs as they require
conversion into natural language through templates that demand signi cant domain knowledge to set
up properly [44].

While experimentally derived datasets are typically small or medium-sized, larger resources such
as QM9 [45] have been compiled based on computational screenings. However, these datasets may
not fully capture real-world variations and experimental noise. Other resources such as the USPTO
database [46] are, for example, patent-derived and come with corresponding biases [47, 48, 49].

A fundamental challenge remains the integration of information from different sources, chemical
sub elds, and modalities. Scienti ¢ information is frequently distributed across multiple datasets,
making it dif cult to assemble comprehensive resources that re ect the true complexity of chemical
phenomena [50]. The ChemPile explicitly addresses this fragmentation by unifying diverse chemical
information under a consistent interface.

In addition, it is important to realize that molecules can be represented in various string formats,
including IUPAC names, SMILES, DeepSMILES, SELFIES, and InChl [51]. Currently, there is no
consensus on which representation is optimal for training chemical foundation models. To enable the
systematic comparison of their effectiveness, the ChemPile includes multiple representations for the
same molecules.

2.3 Chemical text and multimodal datasets

Recent efforts to create specialized chemical datasets include the Mol-instructions dataset [52],
which provides around 2 million biomolecular and protein-related instructions. In the multimodal
space, several specialized resources such as MoMu [53], PubChemSTM [54], Llamole [55], and
MultiMat [56] have emerged.

While these specialized datasets represent important advances, they remain limited in scope and
typically focus on a single chemical subdomain or modality pairing.

The ChemPile builds upon these efforts by providing a uni ed resource that spans multiple chem-
ical sub elds and integrates all relevant modalities under a consistent framework, addressing the
fragmentation, narrow focus, modality restrictions, and inconsistent formats of existing chemical

datasets.



3 Overview of the ChemPile
The ChemPile is distinct in scale, breadth, curation quality, and ease-of-use.

Scale One of the most essential characteristics of a dataset for training foundation models is
its scale [32]. For reference, we compare ChemPile to other domain-speci ¢ foundation models
(Figure 2).ChemDF[@7] is the largest chemical foundation model that has been reported. It has
been trained on a dataset of 34B tokens which, however, has not been released. Even though it
contains general-purpose data (such as Wikipedia and the WuDao Corpora [58]), it is still more
than 50% smaller than the ChemPile. Other notable chemistry datasets, such as LlaSMol [59] and
ChemDual [60], are orders of magnitude smaller.

Figure 2:(a): Token count comparison between the ChemPile dataset and other domain-speci ¢

large datasets used to train foundation modelsChemDH€#7] is a foundation model for chemistry
trained on 34B tokens in chemistry-related papers and textbooks augmented with general text (49M
tokens), BatGPT [61] is a foundation model for chemical engineering, BioGPT [62] for biology,
and ChemGPT [63] is a foundation model trained only on SMILES string. LlaSMol [59] is an
instruction-tuning dataset for chemistry. ChemDual [60] is a 4.4 million instruction dataset for
chemical reactions. The value for BioGPT is an estimate based on: 15 M abst2dfisvordsx 1.2

tokens 4.5 B tokens. We compute the estimate for LlaSMol based on the published HuggingFace
dataset. The scale of our dataset exceeds any of the corpora used to pre-train or ne-tune existing
chemistry LLMs.(b): Embedded datapoints sampled from various subsets of ChemPile vs other
public datasets Note, only the instruction tuning data made public by the authors of Darwin [64]

is used. We embed only the rst 512 tokens of each sampled document usisggttier2-base

model provided by Singh et al. [65]. Along PCA, we provide UMAP and TSNE plots in Appendix Q.

As Figure 2a) illustrates, ChemPile is the largest open chemical dataset we are aware of and the only
one that reaches a scale that is meaningful for training foundation models.

Diversity The ChempPile is not only large but also diverse. Data mixing for training LLMs is

still not fully understood and is an active eld of research. Different mixes typically yield different
generalization performance [37, 66, 67]. To enable such research, the ChemPile was designed to be
maximally diverse. Figure 2b) illustrates this. In this gure, we showcase that the embeddings of
data from the ChemPile span a larger space than data from many other chemical datasets combined.

We achieve this in multiple ways: First, sampling and curating data from very different sources and,
second, by representing chemical entities in various modalities and text forms.

In contrast to other large chemical datasets, ChemPile is a systematic collection of multiple subsets
that were curated to encompass speci ¢ knowledge or to potentially convey speci ¢ abilities to
models trained on those subsets. These subsets, which we describe in detail in Section 4, contain data
sampled from very different sources such as structured chemical datasets, recordings of lectures, or
data we created from scratch.

In addition, ChemPile considers the fact that chemical entities, such as molecules, can be represented
in diverse forms. This includes diverse string representations, such as IUPAC names, SELFIES [68],
SMILES [23], and InChl [69], but also molecular drawings [70] in addition to images from chemical
textbooks.



This feature of the ChemPile is relevant because while SMILES are widely used in cheminformatics,
it is not obvious that they are also the best choice for building foundation models. First, SMILES and
other chemical representations are not handled in optimally in conventional pretrained tokenizers [71,
72]. This is particularly interesting for netuning and continued pretraining studies and can be seen
in a correlation analysis (see Figure 3 for details). If different chemical representations are embedded
with existing embedding models, similarity between embeddings of IUPAC names correlates much
strongly with established similarity measures—such as the Tanimoto similarity between molecular
ngerprints [73]—than the embeddings of other molecular representations.

Figure 3: Correlation between the Tanimoto similarity and the cosine similarity ( sjm ) of

the embeddings for most common chemical representation3 he correlation is shown for four
representation embeddings: SMILES (top left), IUPAC name (top right), SELFIES (bottom left), and
InChl (bottom right). For the four subplots, we show the Pearson correlatiothe top left corner

of all subplots.

In addition, one might expect bene ts from the inclusion of IUPAC names as they are not only closer
to common English text but, in particular, the text seen in chemical papers and hence might improve
training dynamics.

Quality Curation quality distinguishes ChemPile from previous chemical datasets. Domain spe-
cialists manually reviewed each subset, ensuring scienti c accuracy and relevance. For ChemPile-
(m)LIFT, we implemented a systematic veri cation protocol where chemical experts checked template
design, property assignments, and molecular representations. All datasets underwent multiple valida-
tion passes to eliminate inconsistencies, incorrect nomenclature, and formatting errors. This curation
process, representing hundreds of expert hours, delivers a dataset that captures both foundational
concepts and specialized knowledge with high delity.

Ease of use The ChemPile prioritizes accessibility for researchers from different domains through
consistent interfaces across all datasets. We host the entire data collection on HuggingFace with
uniform formatting and comprehensive documentation (chempile.lamalab.org). Each subset includes
detailed metadata, usage examples, and explicit training/validation/test splits designed to prevent
chemical structure leakage between partitions. The modular architecture allows researchers to use
speci ¢ subsets independently (Appendix S.1), or combine them as needed (Appendix S.2). This
accessibility reduces barriers to entry for researchers from both machine learning and chemistry
backgrounds, enabling immediate application to foundation model training, specialized ne-tuning,
or directed research on particular chemical domains.

3.1 Modeling with ChemPile

To demonstrate the quality of our curated data, we sample up to 100M tokens from our datasets (more
detailed description in Appendix K. We then do LoRA netuning using different subsets of ChemPile.
The evaluation of the results is done on ChemBench[5].

To best utilize our data, we explored two approaches for combining the different LORA adapters
(each trained on a subset of ChemPile). The rst approach is to treat the adapters independently and
select the generation with the lowest perplexity, while the second implies the direct linear merging
of the adapters (described in ref. [74]). As illustrated in Figure 4, our approaches outperform the



base modelQwen-2.5-7B-Instruct by 9 %, which demonstrates on one hand the quality of our
data, and on the other the effectiveness of the chosen approach, which are both novel for chemistry
foundation models. Both of these approaches represent the state-of-the7dBtfarameter models.

Figure 4:Performance of our models compared to the base Qwen-2.5-7B-Instruct model on
ChemBench.We show the results on the overall benchmark, but also at individual chemistry elds,
to assess whether the performance boost is consistent.

4 Diving into the ChemPile

The ChemPile can be used for many tasks, but the focus is on the training of general-purpose
foundation models for the chemical sciences. This section provides detailed information on the seven
datasets, detailed in Table 1, making up the ChemPile data and their curation process.

Table 1:Token count and size in GB of the datasetsThe number of tokens was estimated using
tiktoken [75] with the modelgpt2. The dataset size indicated in this table corresponds to the
compressed le size following conversion to the Parquet format. Note that the number of gures for
the multimodal datasets and the number of images is equal to the number of documents—one image
per entry.

Dataset Size (GB) Number of  Numberof  HuggingFace
text tokens documents dataset

-Education 0,25 130M 66,9K
-Paper 31,6 14,1B 11,7M
-LIFT 49.1 29,4B 185M
-mLIFT 155 15,0B 61.6M
-Code 15,6 18,0B 2,27M
-Reasoning 0,10 20,0M 72,9K
-Caption 3,23 10,3M 100K
-Instruction 2,85 396M 410K

257 77,0B 260M

4.1 ChemPile-Education

ChemPile-Education contains (foundational) knowledge exposition from lectures and textbooks as
well as worked practice problems (see Figure 6).

The data collection involved four distinct methodologies tailored to source-speci ¢ characteristics.
LibreTexts Chemistry contains open-source chemistry textbooks, which we mined using a pipeline
that systematically parses HTML documents, stripping non-content elements to compile a chemically



focused corpus of 114 million tokenslIT OpenCourseWare lecture materials were programmati-

cally retrieved through topic-speci c searches (biology, chemistry, chemical engineering, physics),
with course names and download links preserwéiTube course transcriptswere sourced via
LLM-generated keyword queries, restricted to Creative Commons-licensed videos, and re ned using
GPT-4.1to correct transcription errors and enhance coherett® Olympiad problems from

2003 to 2024 were manually processed usingd@kenini 2.0 Flash model, which aligned PDF-

based questions and solutions into JSON-structured metadata and selected solutions exceeding 250
characters.

A detailed explanation of the work ow for each of the sources can be found in Appendix P.1

4.2 ChemPile-Paper

As a resource for cutting-edge applications of chemical knowledge and reasoning, we also curated
a dataset of papers from diverse repositories in ChemPile-PaperEUi@®MC dataset [76],
comprising 27 million abstracts and 5 million full-text articles, was Itered using a BERT-based
multilabel classi er trained on the CAMEL datasets (20,000 examples per discipline) [77] and
validated against FineWebMath [78] annotationg-§Eore 0.77 on 150 entries we manually
annotated). Chemistry-related content was identi ed by analyzing the rst ve 512-token chunks per
document with 50-token overlaps, yielding 3.3 billion tokens. Preprints feiamRxiv, BioRxiv,
andMedRxiv were collected via PaperScraper [79], processed with Nougat [80] for text extraction,
and enriched with metadata (license, publication date, authors, Atl&jv submissions were ltered

by materials science and physical chemistry keywords (ecng-mat.mtrl-sci ), with PDFs
retrieved via PaperScraper. For all scienti c articles, we employed a postprocessing pipeline that
removed text that is not directly linked to chemical information (e.g., authors, acknowledgments,
page numbers) as explained in Appendix P.3.2. Additionally, we inclitigdrials Safety Data

Sheets (MSDSHhs structured tabular data (H/P statements) and natural text, ensuring comprehensive
coverage of safety information. This multi-source approach balances breadth and domain speci city
across literature, preprints, and regulatory documents. A more concise explanation about the sources
and in the data-curation procedure is in Appendix P.3.

4.3 ChemPile-(m)LIFT

In ChemPile-(m)LIFT, we compile language-interfaced tabular data about properties of molecules,
materials, and reactions to allow models to learn intricate structure-property-function relationships.

Curation process We manually collected and annotated structured chemical datasets. In the
annotation process, domain experts not only annotated the meaning (in many cases including links to
ontologies) and possible namings of columns but also created multiple templates that use the tabular
data in different language-interfaced settings such as (multiobjective) property prediction or inverse
design. The entire curation process was organized via Pull Requests on GitHub which were reviewed
by at least one other domain expert. We provide examples of some of those templates in Table 12
(a total of 1636 templates have been manually curated). All curation scripts and metadata les are
available on GitHub .

Sampling engine The language-interfaced tabular data has been generated with a sampling en-
gine that includes several functionalities: exible multiple-choice question generation (including
permutation of enumeration symbols), synonym sampling (e.g., diverse sampling of property names
or molecular representations), as well as conditional formatting (e.g., for negations). An illustrated
example and a more detailed explanation can be found in Appendix N. In the sampled datasets,
we distinguish between completion and instruction type templates and allow the user to select data
formatted in speci ¢ templates to allow systematic ablation studies [44].

ChemPile-mLIFT  Since our annotation process clearly identi ed columns containing molecular,
material, or reaction information, we could systematically compute alternative representations such
as SMILES, InChl, SELFIES, IUPAC names, and images for all entries in ChemPile-LIFT using
cheminformatics tools. In particular, images were created in various styles using a pipeline based on
RanDepict [70]. The details on the SMILES-to-IUPAC conversion are described in Appendix R.



4.4 ChemPile-Code

Programming is a crucial part of chemistry research, for example, as part of data analysis or com-
putational chemistry. Hence, it is important to cover chemistry-related code knowledge during
training. Moreover, it has been shown that including code datasets during pretraining can improve
reasoning [26, 81].

To create the ChemPile-Code subset, we Iter some of the biggest and widely used datasets. We use
regular-expression-based lters to relevant code snippets pertaining to chemistry, materials science,
and biology, as well as speci ¢ scienti ¢ software packages. The majority of the code after Itering

is related to simulations, see Figure 7 (also see the keywords used for Itering Table 13).

The collection primarily comprises a Itered version of the StarCoder and CodeParrot datasets.
StarCoder [82] is a Itered version of the Stack dataset [88]odeparrot is a subset of GitHub-code.

The datasets were deduplicated based on exact hash matching. Furthermore, entries from CodeParrot
were removed from Starcoder again based on hash string matching to avoid any overlaps between the
two datasets.

4.5 ChemPile-Reasoning

As training on worked examples and reasoning chains is known to improve the performance of
foundation models, we speci cally created such datasets.

ChemPile-Reasoning combines data from two primary sources. For the rst sources, we gathered
and ltered content from th€hemistry, Matter Modeling , andPhysics Stack Exchangéorums.

The collected data was processed using templates incorporating questions and answers in distinct
templates and linguistic styles to enhance diversity. This approach yielded datasets of 12 million, 7
million, and 1.7 million tokens for physics, chemistry, and matter modeling, respectively.

The second source involvegnthetic reasoning tracegyenerated by th€laude-3.5-Sonnet and
Deepseek-R1models [84]. These models were prompted to perform spectral elucidation tasks,
analyzing molecular spectra to identify corresponding molecules. Over 2 million tokens of distilled
synthetic reasoning data were collected through this process. We provide additional methodological
details, including data parsing and curation steps, in Appendix P.4.

4.6 ChemPile-Caption

The ChemPile-Caption dataset contains over 100,000 text-image pairs focused on foundational chem-
istry concepts. We sourced images and their corresponding captions and alt text&firenexts
Chemistry using HTML parsing. To ensure data quality, we excluded images lacking descriptive
text or with fewer than 200 combined characters in their captions and alt texts. This curation process
resulted in a high-quality multimodal dataset, as LibreTexts Chemistry content originates from
peer-reviewed college courses and textbooks, ensuring reliability and academic relevance.

4.7 ChemPile-Instruct

The Chempile-Instruction dataset comprises over 395 million tokens organized into multi-turn
conversations averaging eight turns per conversation. This resource was generated by rephrasing
the ChemPile-Reasoning, ChemPile-Education, and a 100-million-token subset of ChemPile-Paper
using thegpt-40-mini-2024-07-18  model. Mirroring the methodology of Pieler et al. [85], we
instructed the model to employ diverse stylistic approaches during rephrasing, including Wikipedia,
hard/technical, engaging, and unstyled variants. ChemPile-Instruction consequently represents the
largest available multi-turn chemistry instruction-tuning dataset. Further information about the dataset
creation process is detailed in Appendix P.5.

4.8 Splits

Depending on the representation of molecules and macromolecular structures (e.g., proteins or poly-
mers), we split the datasets differently. All SMILES across the various tabular datasets are combined
into a single list. Then, we apply scaffold splitting (based on the RDKit Murcko scaffolds) [40, 86].

At the same time, we ensure that for all datasets, the validation and test sets are not empty. This



ensures the usability of individual language-interfaced tabular datasets for other downstream tasks,
such as ne-tuning.

For amino-acid sequences (i.e., proteins), we follow the same procedure for deduplication, but apply
random splitting on all sequences across datasets. For datasets without SMILES or amino-acid
sequences, we apply random splitting for individual datasets. More details on the splitting procedure
are shown in Appendix M.

5 Future work

ChemPile establishes the essential foundation for the next generation of chemical Al, creating a
pathway for numerous exciting developments now within reach. The infrastructure we've created
enables seamless integration of organometallic chemistry datasets, which are currently underrep-
resented, as specialized representations evolve [68]. Our multimodal datasets provide the perfect
scaffold for incorporating spectroscopic data, reaction dynamics visualizations, and materials-speci ¢
representations. The robust splitting methodology in ChemPile-(m)LIFT and the ChemPile-Paper
dataset opens the door to sophisticated chemical entity recognition across papers, a capability that
will further enhance model performance through improved deduplication and knowledge integra-
tion. Our extensible sampling engine can be extended to support data generation for foundation
model architectures beyond language models, including GNNs and contrastive models, broadening
ChemPile's utility.

6 Conclusions

The chemical sciences stand at the forefront of Al's potential societal impact, with applications
ranging from drug discovery to climate change mitigation. Until now, progress — for example, in the
development of chemical foundation models — has been constrained by the absence of data resources
that re ect chemistry's multifaceted nature. ChemPile transforms this landscape by providing the
rst dataset with meaningful scale and diversity for chemistry. By mirroring the human learning
journey—from educational foundations to specialized knowledge to multimodal understanding—
ChemPile creates a comprehensive learning ecosystem for chemical Al. ChemPile serves as a bridge
between disciplines that will enable a new generation of researchers to contribute to chemical Al and
accelerate scienti c discovery.
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and the ChemPile-Instruct corpus and led the development of the ChemPile-website. Adrian Mirza
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C ChemPile Education Datasheet

Dataset Details

Purpose of the
dataset

We released ChemPile Education to make Large Language Model traini
undergraduate-level chemistry more accessible for the ML community.

ng in

ding
nding

Curated by The dataset was curated by the ChemNLP consortium.

Funded by Members of the ChemNLP consortium were supported by different fun
sources, which are detailed in the article describing the dataset. A main fu
source is the Carl Zeiss Foundation.

Language(s) English

License The dataset is released under the Creative Commons (CC) BY-NC-SA 4.0 lig

ense.

Dataset Structure

Data Instances

The following is an example from the dataset. It is part of
LibreText_Chemistry snapshot and was parsed2025-04-22T723:12:56Z :

{

url":

¢ "Bookshelves/Introductory_Chemistry/Beginning_Chemi
stry_(Ball)/03%3A_Atoms_Molecules_and_lons/\n3.01%3
A_Prelude_to_Atoms_Molecules_and_lons"

"text": "Although not an Sl unit, the angstrom (A) is a
useful unit of length. It is one ten-billionth of a
meter, or 10 -10 m. Why is it a useful unit? The
ultimate particles that compose all matter are about
10 -10 m in size, or about 1 A. This makes the
angstrom a natural---though not approved---unit for
describing these particles. The angstrom unit is
named after Anders Jonas Angstrém, a
nineteenth-century Swedish physicist. Angstrém
research dealt with light being emitted by glowing
objects, including the sun. Angstrém studied the
brightness of the different colors of light that the
sun emitted and was able to deduce that the sun is
composed of the same kinds of matter that are present
on the earth. By extension, we now know that all
matter throughout the universe is similar to the

matter that exists on our own planet. Anders Jonas
Angstrom, a Swedish physicist, studied the light

coming from the sun. His contributions to science

were sufficient to have a tiny unit of length named
after him, the angstrom, which is one ten-billionth

of a meter. Source: Photo of the sun courtesy of
NASAs Solar Dynamics Observatory."

S

the

Data Fields (Libre-
Text Chemistry)

- url (string) : Source URL for transparency and verication
text (string) : Educational content about chemistry concepts

Data Fields (MIT
OCW Lecture Tran
scripts)

- course (string) : Course name and identi er url (string) : Origi-
nal source URL for referencetepic (string) : Specic lecture topic -

text (string) : Lecture transcript contentindex (int) : Document identi

er
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Data Fields (US| - metadata (dict) Problem details (year, number, topic)
Olympiad Prob- problem_statement (string) Original  olympiad  problem
lems) options (list) Multiple choice options -solution (string) De-
tailed solution explanation eorrect_answer (string) Correct option
identi er - text (string) Combined problem and solution content
filter (bool) : Quality control ag -index (int) : Document identi er
Data Fields| -id (string) : Unique YouTube video identi er title (string) : Video ti-
(YouTube Tran tle -text (string) : Cleaned and structured transcript conteéntiex (int)

scripts as Lectures

Document identi er

Data Splits

The set is divided into Training, Validation, and Test sets in a ratio of 0.9,
and 0.1, respectively.

0.1,

Dataset Creation

Curation Rationale

With ChemPile Education, we aim to provide the open-source ML comm
with a clean dataset about chemistry educational resources for pretraining L

nity
LMs.

Source Data

The source data consists of books, course transcripts, and US Olympia
crawled by the ChemNLP consortium over the 2024-2025 period.

d data

Data
steps

processing

The data processing pipeline consists of:

- URL filtering
- Text extraction and parsing
- Text filtering and cleaning

Annotations

The dataset does not cover the broad eld of chemistry on an undergraduate

level.

Personal and Seng
tive Information

i-Certain author names may persist in the dataset despite text-parsing and cl
processes.

eaning

Considerations for Using the Data

Known Limitations

Due to the crawling, some elements might not be correctly Itered, inclug

ling

decorators from the HTML pages or information about the educational contents.

D ChemPile LIFT Datasheet

Dataset Details

Purpose of the We released ChemPile LIFT to make Large Language Model training in language-

dataset interfaced chemical properties, different nomenclatures, and a diverse set of
templates more accessible for the ML community.

Curated by The dataset was curated by the ChemNLP consortium.

Funded by Members of the ChemNLP consortium were supported by different funding
sources, which are detailed in the article describing the dataset. A main fupding
source is the Carl Zeiss Foundation.

Language(s) English

License The dataset is released under the Creative Commons (CC) BY-NC-SA 4.0 ligense.

Dataset Structure
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Data Instances

The following is an example from the dataset. It is part ofdh&#8snapshot and
was parsed 08025-04-28T12:24:43Z .

{

"text ': ' The SO -> S1 transition energy computed using

1 RI-CC2/def2TZVP of the molecule with the SMILES C is
;0433 a. u. ',

"input ': 'The SO -> S1 transition energy computed using

1 RI-CC2/def2TzVP of the molecule with the SMILES C is
;0433 a. u. ',

"output ' : None,

"answer_choices"' : [],

' correct_output_index " : Null

Data Fields

- text (string) : the text content or question. It includes the input qU
tion or prompt related to the chemical property, often formatted as a ng
language query, and the correct answemput (string) : The input text
for the model, often a question or prompt related to the chemical prope
output (string) : The expected output or answer to the input questio
answer_choices (list) : Alist of possible answer choices for the input qu
tion, if applicable. -correct_output_index (float) . The index of the
correct answer in the answer_choices list.

es-
tural

rty. -
n.
es-

Data Splits

The set is divided into Training, Validation, and Test sets in a ratio of 0.9,
and 0.1, respectively.

0.1,

Dataset Creation

Curation Rationale

With ChemPile LIFT, we aim to make accessible a broad range of langt
interfaced chemical properties, different nomenclatures, and a diverse
templates.

lage-
set of

Source Data

The source data consists of transforming into text a large amount of the cq
of several of the most used chemical datasets.

ntent

Data
steps

processing

The data processing pipeline consists of:

- Datasets identification

- Datasets cleaning and pre-processing
- Template gathering

- Template filling

Annotations

The dataset does not cover the broad eld of chemistry.

Personal and Seng
tive Information

i-NA

Considerations for Using the Data

Known Limitations

The templates used to contain the data from the datasets are probably not
enough.

liverse

E ChemPile Paper Datasheet

Dataset Details
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Purpose of the dataset

The objective of ChemPile Paper is to make t

he

open-source articles about chemistry more easily

accessible for the ML community.

Sor-

Lp-
de-
ain

Curated by The dataset was curated by the ChemNLP con
tium.

Funded by Members of the ChemNLP consortium were s
ported by different funding sources, which are
tailed in the article describing the dataset. A mg
funding source is the Carl Zeiss Foundation.

Language(s) English

License The dataset is released under the Creative C

mons (CC) BY-NC-ND 4.0 license.

Dataset Structure
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Data Instances

The following is an example from the dataset. It
part of theeuro_pmc_chemistry_papers snap-
shot and was parsed @025-05-08T14:08:25Z7 :

{

"pmcid' : None,

" pmid' : 15460519,

' topic ' : chemistry,

' confidence ' : 0.998524,

' class_distribution  ': [
0.000025639281375333667,
0.0001321481540799141,
0.0012931367382407188,
0.9985242486000061,
0.00002489764847268816

]

text ' : ' Defining the great

1 debate. Defining the great

1 debate. Treatment guidelines

1 offer a credible approach to

1 MCO management of specialty
1 pharmaceuticals by basing

1 decisions on the best

1 available scientific evidence.

i Drawbacks to using guidelines
include lack of available

1 evidence, bias on the part of
1 the expert team, a lack of

1 currency, and difficulties in

1 implementation. Treatment

1 guidelines can and often do

1 serve, along with product

. labeling, as the basis for

;. reimbursement and usage rules
'+ as specified in MCO medical
1 policies. The relationship

1 between provider-oriented
guidelines and payment

i criteria varies by payer,

+ with implications for care

1 quality, cost, and access.
Increased awareness of the

1+ advantages and disadvantages
¢+ of using treatment guidelines

1 to shape prescribing policies
 for specialty pharmaceuticals

1 may lead to worthwhile

' non-product-specific
 discussions within MCOs about
1 sources and methods used in
+  medical policy development. '
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Data Fields (arxiv-cond-mat.mtrl-sci_processed- fn (string) : ArXiv identier (e.g.,
default) 10.48550_arXiv.0708.1447) text (string)
Parsed text of the articledoi (string) : DOI
of the article (if available) title (string)
Article title - authors (string) : Article
authors index (string) : Document identi er

Data Fields (arxiv-physics.chem-ph_procesged- fn (string) : ArXiv identier (e.g.,
default) 10.48550_arXiv.0708.1447) text (string)
Parsed text of the articledoi (string) : DOI
of the article (if available) title (string)
Article title - authors (string) : Article
authors index (string) : Document identi er

Data Fields (bioRxiv) - fn (string) : Unique identier (e.g.,
014597_1e10) - text (string) : Full text
content extracted via Nougat

Data Fields (medRxiv) - fn (string) Unique identier (e.g.,
014597 1el0) - text (string) : Full text
content extracted via Nougat

Data Fields (chemrxiv) - fn (string) Unique  identier
(e.q., 10.26434_chemrxiv-2022-cgnf5) -
text (string) : Full text content extracted
via Nougat -doi (string) : DOI of the arti-
cle (if available) -title (string) . Article
titte - authors (string) : Article authors
- license (string) : Preprint license (e.g|,
CC BY-NC 4.0) - published_url (string)

Publication URL -ndex (string) : Document

identi er

Data Fields (EuroPMC) - pmcid (string) : PubMed Central identi-
er - pmid (string) : PubMed identier -
topic (string) : Main classication topic

(e.g., "Chemistry", "Physics", "Biology")
confidence (float) : Classi cation con dence
score class_distribution (string) . Multi-
label classi cation distribution text (string)

Full article text content

Data Splits The set is divided into Training, Validation, and
Test setsin aratio 0of 0.9, 0.1, and 0.1, respectively.

Dataset Creation

Curation Rationale With ChemPile Paper, we aim to provide the open-
source ML community with a focused dataset
about chemistry research articles and resources
for pretraining LLMs.

Source Data The source data consists of articles collected by|the
ChemNLP consortium over the 2022-2025 period.
Data processing steps The data processing pipeline consists of:

- Training and evaluating a

1 classifier model

- Classifying and filtering articles
; using a classifier

- Cleaning of the text

23



Annotations

The dataset does not cover the broad eld of chem-
ical research. The dataset is incomplete because

it does not contain all the information referring
the broad eld of chemical research.

to

Personal and Sensitive Information

Certain author names may persist in the dataset

despite text-parsing and cleaning processes.

Considerations for Using the Data

Known Limitations

Certain author names may persist in the datase

t de-

spite text-parsing and cleaning processes. Some of

the articles in the dataset might not include che

cal research and only be related to chemistry.

mi-

F ChemPile Code Datasheet

Dataset Details

Purpose of

the

We release the ChemPile Code dataset to make code related to chemistry accessi-

dataset ble for the ML community.

Curated by The dataset was curated by the ChemNLP consortium.

Funded by Members of the ChemNLP consortium were supported by different funding
sources, which are detailed in the article describing the dataset. A main fupding
source is the Carl Zeiss Foundation.

Language(s) English

License The dataset is released under the AGPL 3.0 license.

Dataset Structure
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Data Instances

The following is an example from the dataset. It is part of
codeparrot_github-code-chemistry-python shapshot and was parsed
2025-05-08T16:57:40Z :

{
“text ' BT A R R R T

PR AR \NE. This program s
1 copyright (c) Upinder S. Bhalla, NCBS, 2015.\n# It
1 is licenced under the GPL 2.1 or higher.\n# There is
. no warranty of any kind. You are welcome to make
;. copies under \n# the provisions of the GPL.\n# This
1 programme illustrates building a panel of multiscale
1 models to\n# test neuronal plasticity in different

L coNtextS. \nNHHHHHIHHEHHHEHHHHHHHHEHHEH
#######################################\ntry \n

import moogli\nexcept Exception as e:\n print(

"[INFO ] Could not import moogli. Quitting..." )\n
quit()\n\nimport numpy\nimport time\nimport

pylab\nimport moose\nfrom moose import neuromi\nfrom
PyQt4 import Qt, QtCore, QtGui\nimport

matplotlib.pyplot as plt\nimport sys\nimport

os\nfrom moose.neuroml.ChannelML import
ChannelML\nsys.path.append(\ '../../../Demos/util\ "Nn
|mp0rt rdesigneur as rd\n\nPl = 3.14159265359\nuseGssa =

1 True\ncombineSegments = True\n# Pick your favourite

i cell here.\n#elecFileName = "cal_minimal.p"\n## Cell

' morphology from Bannister and Larkman J Neurophys

1 2015/NeuroMorpho\nelecFileName =

1 "h10.CNG.swc"\n#elecFileName =

1 "CAl.morph.xml"\n#elecFileName =

1 "VHC-neuron.CNG.swc"\nsynSpineList = [J\nsynDendList

. = [I\nprobelnterval = 0.1\nprobeAmplitude =

1.0\ntetanusFrequency = 100.0\ntetanusAmplitude =
1000\ntetanusAmplitudeForSpines = 1000\nframeRunTime
= le-3 # 1 ms\nbaselineTime = 0.05\ntetTime =
0.01\npostTetTime = 0.01\nruntime = baselineTime +
tetTime + postTetTime\n\ndef buildRdesigneur():\n
V'V AN HHH R R
R R AN # Here we
1 define which prototypes are to be loaded in to the
1 system.\n # Each specification has the format\n
1 # source [localName]\n # source can be any of\n
1 # filename.extension, # Identify type of file by
1 extension, load it.\n # function(), #
; func( name ) builds object of specified name\n #
 file.py:function() , # load Python file, run
1 function(name) in it\n # moose.Classname #
1 Make obj moose.Classname, assign to name.\n #

path...

the
on
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Data Fields (Code
Parrot)

- - text (string) : The code snippetrepo_name (string) : The name of
the repository where the code snippet was foupdth (string) : The path
to the le within the repository danguage (string) : The programming
language of the code snippdicense (string) : The license of the repositor|
- size (integer) : The size of the code snippet in bytdseyword (list) : A
list of keywords that were used to Iter the code snipptb«t_hash (string)

A hash of the code snippet to avoid duplicates

<

Data Fields (Star
Coder)

+ - text (string)
the repository where the code snippet was foukeyaword (list)
keywords that were used to Iter the code snipp&xt_hash (string)
hash of the code snippet to avoid duplicates

: The code snippet repo_name (string) : The name of
. Alist of
A

Data Splits

The set is divided into Training, Validation, and Test sets in a ratio of 0.9,
and 0.1, respectively.

0.1,

Dataset Creation

Curation Rationale

The objective is to curate a subset from big code datasets, and Iter the
related to chemistry libraries.

data

Source Data

The source data is StarCoder and Codeparrot-Github-code

Data
steps

processing

The data processing pipeline consists of:

- Curating a big code dataset
- Filter them based on keywords
- Simple deduplication based on hashing

Annotations

The dataset does not cover all the information and data relative to the broa
of chemistry and all its coding variables and possibilities.

i eld

Personal and Seng
tive Information

i-Due to incomplete Itering, some code shippets contain information relativ
the author/s of the code.

e to

Considerations for Using the Data

Known Limitations

The accuracy of the classi er used to select the code relative to chemis
not perfect. Therefore, the dataset might contain some code that is only sl
related to chemistry.

try is
ghtly

G ChemPile Re

asoning Datasheet

Dataset Details

lean,
s50ning

ding
nding

Purpose of the The purpose of ChemPile Reasoning is to provide the community with a @

dataset well-curated, open-source, and high-quality resource to enhance the rea
capabilities in chemistry of LLMs.

Curated by The dataset was curated by the ChemNLP consortium.

Funded by Members of the ChemNLP consortium were supported by different fun
sources, which are detailed in the article describing the dataset. A main fu
source is the Carl Zeiss Foundation.

Language(s) English

License The dataset is released under the Creative Commons (CC) BY-SA license|

Dataset Structure
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Data Instances

The following is an example from the dataset. It is part of

claude-3.5-distilled-spectral-reasoning-default

shapshot and wa

parsed or2025-04-22T23:12:562Z :

{

"text ' : "\nWhich of the following is the correct

molecule that corresponds to the given spectra?\n\nA.
CC(N)=C(N)C(C)(C)C B. CC(C)=C(N)C(C)(C)N C.
CC(C)=C(N)C(C)(C)C D. CsC(C)(C)C(N)=C(C)C\nThe 1H
NMR spectrum is as follows: Deltas 1.19 (s, 9H),

1.52 (s, 6H).\nPlease PLACE YOUR ENTIRE REASONING
PATHWAY within [START_REASONING][END_REASONING]
and the correct SMILES within
[START_SMILES][END_SMILES] tags.\\n\\nLet's analyze
the 1H NMR spectrum step by step:\\n\\n1. We see two
signals in the spectrum:\n - delta 1.19 (s,

9H)\\n - delta 1.52 (s, 6H)\\n\\n2. Both signals

are singlets (s), which means they don 't couple with
any other protons.\n\n3. The signal at delta 1.19
integrates for 9 protons. This is likely a

tert-butyl group (-C(CH3)3).\\n\\n4. The signal at

delta 1.52 integrates for 6 protons. This could be

two equivalent methyl groups.\\n\\n5. We don 't see
any signals for NH2 protons, which would typically
appear at higher chemical shifts (around 1-5 ppm,
broad singlet). This suggests that if there are any
nitrogen atoms, they are likely not primary
amines.\\n\\n6. We also don 't see any signals for
alkene protons, which would typically appear at

higher chemical shifts (around 4-6 ppm).\\n\\nNow,

let 's look at the given options:\\n\\nA.
CC(N)=C(N)C(C)(C)C - This has two NH groups and
would show signals for these protons.\\nB.
CC(C)=C(N)C(C)(C)N - This also has two NH
groups.\\nC. CC(C)=C(N)C(C)(C)C - This matches our
spectrum. It has a tert-butyl group (9H) and two
equivalent methyl groups (6H).\\nD.
CSC(C)(C)C(N)=C(C)C - This has a sulfur atom and
would likely show different chemical

shifts.\\n\\nBased on this analysis, the molecule

that best matches the given 1H NMR spectrum is
option C: CC(C)=C(N)C(C)(C)C\n\\nThis molecule
has:\\n- A tert-butyl group (-C(CH3)3) accounting

for the 9H singlet at delta 1.19\\n- Two equivalent
methyl groups accounting for the 6H singlet at delta
1.52\\n- No NH protons\\n- No alkene protons (the
double bond is tetrasubstituted)\n\\n",

the

oy
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Data Fields
(DeepSeek Con gu
rations)

- smiles (string) : The SMILES representation of the molecule associa
with the spectral datareasoning (string) : The reasoning trace or explan
tion provided by the model for the spectral analygissponse (string) : The
model's response to the spectral reasoning taskponse_smiles (string)

The SMILES representation of the molecule parsed from the model's resy
- correct (boolean) : If the model's response is correct or not, based on
spectral data question (string) : The question or task related to the sp
tral data that the model is addressingxt (string)  : The joined text of the
guestion, reasoning, and response for the model's output

ted
a_

onse
the

Data Fields (Claude
3.5-Sonnet Con gu-
ration)

- - prompt (string) : The prompt or question related to the spectral d
- extracted_reasoning (string) The reasoning trace or explanatig
with the nal answer provided by the model for the spectral analys
text (string) : The joined text of the prompt and extracted reasoning
the model's output index (int) : The index of the example in the dataset

ata
DN

is -
for

Data Fields (Stack
Exchange Comple
tion and Instruction
Format)

F - text (string) The original text from the Stack Exchange pos

- input (string) @ The input text for the model, which may include the quest
or context -output (string) : The expected output or answer to the quest]
- answer_choices (list) : A list of possible answer choices for the qué
tion - correct_output_index (int) : The index of the correct answer in th
answer_choices list

[ -
on
ion
BS-
e

Data Fields (Stack

- - title (string) : The title of the Stack Exchange pogy -(string) : The

Exchange Raw question text from the Stack Exchange poat {string) : The answer text
Data) from the Stack Exchange posfsplit (string) . The split of the dataset
(train, test, or validation) index (int) : The index of the post in the dataset -
text (string) : The joined text of the title, question, and answer for the post
Data Splits The set is divided into Training, Validation, and Test sets in a ratio of 0.9,/0.1,
and 0.1, respectively.
Dataset Creation
Curation Rationale | With ChemPile Reasoning, we aim to enrich the chemical reasoning data |n the

open-source community.

Source Data

The source data consists of reasoning traces distilled from the leading mod
the ChemNLP consortium over the 2024-2025 period. Additionally, it cont
Stack Exchange discussions in the eld of Materials, Physics, and Chen
collected over the 2022-2025 period.

els by
ains
nistry

Data
steps

processing

The data processing pipeline consists of:

- URL filtering
- Text extraction

Annotations

The dataset does not cover the broad eld of chemical reasoning, and g
chemistry-related tasks.

Il the

Personal and Seng
tive Information

i-Certain user names may persist in the dataset despite text-parsing and cl
processes.

eaning

Considerations for Using the Data

Known Limitations

Due to the crawling, some elements might not be correctly ltered, inclug

ling

decorators from the HTML pages or information about the educational contents.

H ChemPile ML

IFT Datasheet

28



Dataset Details

nity

Purpose of the The purpose of the ChemPile MLIFT dataset is to provide the ML commu

dataset with a comprehensive dataset with language-interfaced chemical property text,
accompanied by an image of the molecule involved.

Curated by The dataset was curated by the ChemNLP consortium.

Funded by Members of the ChemNLP consortium were supported by different funding
sources, which are detailed in the article describing the dataset. A main funding
source is the Carl Zeiss Foundation.

Language(s) English

License The dataset is released under the Creative Commons (CC) BY-NC-SA 4.0 lig

Dataset Structure

Data Instances

The following is an example from the dataset. It is part ofBAeCE-multimodal
shapshot and was parsed2025-04-22T08:22:197 :

' SMILES:

ense.

1 " Cclccececl-cleece2ne(N)e(C[C@@H](C)C(=O)N[C@@H]3CCOC

(C)(C)C3)cc2cl ',

' pIC50' : 9.1549015,

' BACE_inhibition ': 1,

" IMAGE: <PIL.PngimagePlugin.PngimageFile image mode=RGB
;  size=300x300 at 0x15481C082A50>,

' SELFIES:

¢+ [CIC[=C][C][=C][C][=C][Ring1][=Branch1][C][=C][C]
[=C]IN]J[=C][Branch1][C][N][C][Branch2][Ring1]
[=Branch2][C][C@@H1][Branch1][C][C][C][=Branch1][C][=0]
IN[C@@H1][C][C][O][C][Branch1][C][C][Branch1][C][C][C]
[Ring1][Branch2][=C][C][Ring2][Ring1][Branch1][=C]
[Ring2][Ringl][=Branch2] ',

"InChlKey' : ' QMSHBBGXSXAGOO-XMSQKQJINSA-N

" I[UPAC:

1 ' (2R)-3-[2-azanyl-6-(2-methylphenyl)quinolin-3-yl]-
N-[(4R)-2,2-dimethyloxan-4-yl]-2-methyl-propanamide '

' template_original ': ' The {#compound|chemicall} with the

. {SMILES__description} of {SMILES#}

1 {#shows|exhibits|displays!} {BACE_inhibition#no

1 &NULLKBACE_inhibition__names__noun}. "',

"template ' : ' The compound with the SMILES of

1 Cclcceecl-cleeec2ne
(N)c(C[C@@H](C)C(=O)N[C@@H]3CCOC(C)(C)C3)cc2cl exhibits
1 inhibition of the human beta-secretase 1 (BACE-1). "1

Data Fields

- SMILES (string) : SMILES representation of the molecule
property (float) : the value of the property relative to the molecul
IMAGE (PIL object) : image of the molecule involvedSELFIES (string) :
SELFIES representation of the moleculén€hlKey (string) : InChlKey
representation of the moleculelJPAC (string) : IUPAC name of the
molecule involved template_original (string) : template to adopt with

the different representationsemplate (string) : template to adopt with the

different representations

Data Splits

The set is divided into Training, Validation, and Test sets in a ratio of 0.9,
and 0.1, respectively.

Dataset Creation
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Curation Rationale

With ChemPile Education, we aim to provide one of the rst Multimodal

Language-Interfaced datasets relative to chemistry.

Source Data

The source data consists of transforming a large amount of text content
several of the most used chemical datasets into text, providing an image
involved molecule for each of the rows.

from
of the

Data
steps

processing

The data processing pipeline consists of:

- Datasets identification

- Datasets cleaning and pre-processing
- Template gathering

- Image generation

- Representation generation

Annotations

The dataset does not cover all the information related to the broad el
chemistry.

d of

Personal and Seng
tive Information

i-NA

Considerations for Using the Data

Known Limitations

The templates used to contain the data from the datasets are probably not
enough.

liverse

ChemPile Caption Datasheet

Dataset Details

lodel
nity.

nding

Purpose of thg We released ChemPile Caption to make multimodal Large Language M
dataset training in undergraduate-level chemistry more accessible for the ML comml
Curated by The dataset was curated by the ChemNLP consortium.

Funded by Members of the ChemNLP consortium were supported by different funding
sources, which are detailed in the article describing the dataset. A main fu
source is the Carl Zeiss Foundation.

Language(s) English

License The dataset is released under the Creative Commons (CC) BY-NC-SA 4.0 lig

Dataset Structure

Data Instances

The following is an example from the dataset.
2025-05-06T18:33:36Z :

It was parsed

"text ': ' Figure \(\\Pagelndex{5)\\): Mild cognitive

y  impairment (MCI) is a state between normal ageing and
¢ dementia, where someone's mind is functioning less

¢+ well than would be expected for their age. This image
v is for illustrative purposes only. (Public Domain;

1+ Center For Functional Imaging, Lawrence Berkeley
National Laboratory. Alzheimer's Disease Neuroimaging
¢ Initiative (ADNI). Y

"image' : <PIL.JpegimagePlugin.JpegimageFile image

¢ mode=RGB size=804x400 at 0x14F34EFF7ECO>
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Data Fields -text (string) : the text contentimage (PIL object) : the image contain
ing chemical knowledge
Data Splits The set is divided into Training, Validation, and Test sets in a ratio of 0.9,

and 0.1, respectively.

Dataset Creation

Curation Rationale

0.1,

With ChemPile Caption, we aim to release an open-source image dataset with

images and text at an undergraduate chemistry level.

Source Data

The source data consists of pairs of image-caption data crawled from Libre
Chemistry by the ChemNLP consortium over the 2024-2025 period.

Data
steps

processing

The data processing pipeline consists of:

- URL filtering

- Text extraction and parsing
- Image extraction and parsing
- Dataset cleaning

Annotations

Texts

The dataset does not cover the broad eld of chemistry and is biased towards

open-source textbook data.

Personal and Seng
tive Information

i-NA

Considerations for Using the Data

Known Limitations

Due to the crawling, some elements might not be correctly ltered, including

decorators from the HTML pages or information about the educational cont

J ChemPile Inst

ruction Datasheet

Dataset Details

ents.

ding
nding

Purpose of theg ChempPile Instruction is built to push forward the instruction-following train

dataset of LLMs in the eld of chemistry.

Curated by The dataset was built by the ChemNLP consortium.

Funded by Members of the ChemNLP consortium were supported by different fun
sources, which are detailed in the article describing the dataset. A main fu
source is the Carl Zeiss Foundation.

Language(s) English

License The dataset is released under the Creative Commons (CC) BY 4.0 license|.

Dataset Structure
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Data Instances

The following is an example from the dataset. It is part of the

chempile-education snapshot and was parsed2025-05-06T18:33:36Z :

{
"first_tag": [,
"second_tag": [

"General Chemistry",
"Organic Chemistry”

]

"brigin": {
"config": "LibreText_Chemistry-default",
"dataset": "jablonkagroup/chempile-education”,
"prompt_type": "engaging",
"split"; "train"
}1
"messages": [
{
“content”: "Can you explain what molecular compounds
; are and how to name them?",

"role": "user"

"content™; "Sure! Molecular compounds are a type of

' inorganic compound that consist of discrete

¢ molecules. They 're made up of nonmetals, and you
; most likely know some typical examples like water,

¢ which has the formula \\( \\ce{H_20} \\), and

;  carbon dioxide, which is \\( \ce{CO_2} \).",

"role": "assistant"

Data Fields

- first_tag (list[str]) . list with the “requires” keywords, e.g., “['require
knowledge", "requires-calculation"]”second_tag (list[str]) : list with
the chemical domains covered, e.g., “['Analytical Chemistry”, "Organic CH

istry"]” - origin (dict[str, str]) . dict specifying the original documern

origin, including dataset, con g, split, and prompt used for the rephrasing.

messages (list[dict[str, str]] . list of messages using the LiteLLM fo
mat.

Data Splits

The set is divided into Training, Validation, and Test sets in a ratio of 0.9,
and 0.1, respectively.

Dataset Creation

Curation Rationale

With ChemPile Instruction, we aim to release the largest open-source mult
chemical dataset to advance the post-training of LLM for the chemical dom

-turn
ains.

Source Data

The source of data is other ChemPile subsets, such as ChemPile Paper, Ed
or Reasoning. The source data was then rephrased into multi-turn convers
using the proprietary LLMjpt-40-mini-2024-07-18

ucation,
ations

Data  processing
steps

The data processing pipeline consists of:

- Selection of the data to rephrase

- Curation and optimization of the prompts to use

- Rephrasing using the LLM.

- Manual review of random samples of the new data to ensure
; validity.
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Annotations The dataset does not cover the broad eld of chemistry and is biased towards
open-source textbook data.

Personal and Sensi-NA
tive Information

Considerations for Using the Data

Known Limitations | The quality of the dataset is highly dependent on the LLM used for rephrasg

ng.
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K Modeling using ChemPile

To assess the quality of our dataset, we conducted a series of experiments. As a rst step, we
randomly sampled 100M tokens from four of our subsets: -LIFT, -Education,
-Paper and -Instruct. We then employed several training approaches to

evaluate the different subsets and a combination thereof. One of our approaches is also novel in the
eld of the chemical foundation models: combining LORA adapters trained on our subsets.

In Appendix K, we refer to two distinct approaches for adapter merging: LoRA-Ensemble and
LoRA-Merge. The former involves the selection of the generation with the lowest perplexity across a
set of LORA adapters, while the latter describes a linear merge (we give equivalent weights to all the
adapters).

Table 10:Model performance on the different topics sources the ChemBench benchmajif]

Subset Token Count  Model Overall Analytical Technical Inorganic Organic General Chemical Physical Materials Toxicity &
Benchmark Chemistry ~ Chemistry ~ Chemistry ~ Chemistry ~ Chemistry ~ Preference  Chemistry  Science Safety

- - Mixtral 8x78 0.42 0.27 0.32 0.55 0.48 0.42 0.54 0.33 0.42 0.27

- - Qwen2.5-7B-Instruct  0.43 0.24 0.45 0.57 0.50 0.44 0.50 0.37 0.39 0.30

ChemPile-Paper 100M LoRA 0.45 0.29 0.60 0.59 0.49 0.44 0.54 0.32 0.41 0.31

ChemPile-

Education 100M LoRA 0.44 0.26 0.58 0.57 0.49 0.46 0.51 0.39 0.43 0.32

ChemPile-LIFT 100M LoRA 0.43 0.28 0.55 0.37 0.44 0.35 0.50 0.27 0.42 0.26

LIFT, Education,

Paper, Reasoning,  395M LoRA-Ensemble 0.47 0.34 0.58 0.57 0.52 0.46 0.55 0.36 0.48 0.33

Mix

LIFT, Education,

Paper, Reasoning ~ 315M LoRA-Merge 0.47 0.30 0.55 0.60 0.55 0.51 0.55 0.38 0.46 0.34

(Mix)

Chempile- 100M  SFT 0.43 0.25 0.48 0.50 0.49 0.41 053 0.36 0.38 0.32

Instruction

LIFT, Education,

Paper, Reasoning 415M LoRA Mix + SFT 0.46 0.34 0.58 0.57 0.52 0.46 0.55 0.36 0.48 0.33
+ Instruction
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L Licenses of the datasets

The datasets comprising ChemPile operate under heterogeneous licensing agreements re ecting their
diverse origins, detailed in Table 11. Speci cally, the mLIFT, Education, and Caption datasets are
distributed under the Creative Commons Attribution-NonCommercial-ShareAlike 4.0 International
License (CC BY-NC-SA 4.0). The Paper dataset employs the more restrictive CC BY-NC-ND 4.0
license, while the Code repository utilizes the software AGPL 3.0 license. Notably, the Reasoning
and Instruction datasets feature the most permissive terms through their CC BY-SA 4.0 and CC BY
4.0 licenses. This licensing framework preserves the original terms associated with each constituent
data source while facilitating transparent reuse guidelines.

Table 11:Different licenses of the datasets forming the ChemPiléVhile ChemPile-Instruction has

very permissive licenses such as CC BY 4.0, allowing broad reuse including for commercial purposes,
the other datasets of the ChemPile adopt more restrictive Creative Commons variants, such as CC
BY-NC-SA 4.0, which permits adaptation and sharing but only for non-commercial use and requires
derivatives to be licensed under identical terms, or CC BY-NC-ND 4.0 which further prohibits the
creation of derivative works. CC BY-SA 4.0 allows both commercial and non-commercial use but
mandates attribution and sharing under the same license.

Dataset License

-Education CC BY-NC-SA 4.0
-Paper CC BY-NC-ND 4.0
-LIFT CCBY-NC-SA 4.0

-mLIFT CCBY-NC-SA 4.0
-Code AGPL 3.0
-Reasoning CCBY-SA4.0
-Caption CC BY-NC-SA 4.0
-Instruction CCBY 4.0

M Data splitting for tabular datasets

We concatenated all molecules for the datasets containing the SMILES representation. The challenge
lies in achieving a consistent train—test—validation split across all such tabular datasets, which are
distinct both in terms of the number of molecules, and molecular diversity. We demonstrate the full
algorithm to obtain non-empty scaffold splits across tabular datasets as pseudo-code. The full Python
implementation can be found on GitHub

Pseudo-code for scaffold splitting across tabular datasetq

# STEP 1: Create global split assignments for all molecules
function CreateGlobalMoleculeSplits():
all_molecules = empty set

# Collect all unique molecules across designated datasets
for each dataset in scaffold_split_datasets:

molecules = extract_smiles_from(dataset)

add molecules to all_molecules

© 00 N O O Bs W N

=
o

# Convert to list for indexing
all_molecules_list = convert_to_list(all_molecules)

PR
[

# Shuffle list
shuffle(all_molecules_list)

B
» W
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15
16 # Assign to splits based on fractions

17 train_size = floor(length(all_molecules_list) * train_fraction)

18 val_size = floor(length(all_molecules_list) * val_fraction)

19

20 train_molecules = all_molecules_list[0 : train_size]

21 val_molecules = all_molecules_list[train_size : train_size + val_size]
22 test_molecules = all_molecules_list[train_size + val_size : end]
23

24 # Save for future reference

25 save_to_file("val_molecules.txt", val_molecules)

26 save_to_file("test_molecules.txt", test_molecules)

27

28 return train_molecules, val_molecules, test_molecules

29

30 # STEP 2: Apply consistent splits to all datasets with SMILES

1 function ApplyConsistentSplitsToAllDatasets(val_molecules, test_molecules):
32 # Load predefined splits

w

33 val_molecules = read_from_file("val_molecules.txt")

34 test_molecules = read_from_file("test_molecules.txt")

35

36 for each dataset in all_datasets_with_smiles:

37 smiles_columns = identify_smiles_columns(dataset)

38

39 # Process each row

40 for each row in dataset:

M molecules_in_row = extract_molecules_from_columns(row,

) smiles_columns)

43 # Apply split priority logic

44 if any molecule in molecules_in_row is in test_molecules:

45 row.split = "test"

46 else if any molecule in molecules_in_row is in val_molecules:
47 row.split = "valid"

48 else:

49 row.split = “train"

50

51 save_dataset_with_splits(dataset)

s4 # STEP 3: Main execution flow
s5 function main():
56 # First perform scaffold split to establish global molecule assignments
57 train_molecules, val_molecules, test_molecules =
) CreateGlobalMoleculeSplits()
58

59 # Handle amino acid sequences similarly (not shown)

60 # ...

61

62 # Apply consistent splits across all remaining datasets with SMILES
63 ApplyConsistentSplitsToAllDatasets(val_molecules, test_molecules)

64

65 # Handle remaining datasets with random splits

66 # ...
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The same concatenation approach has been implemented for amino-acid sequences, but in this case
most datasets are relatively large (at least 200k). After concatenating all sequences, we apply a
random train—test—validation split, based on the general idea presented above.

N Sampling engine

Our template sampler consists of more than 800 lines of Python code meant to cover many func-
tionalities. In Figure 5 we show an example of how the sampling engine operates. For the engine
to work as intended two les are neededeta.yam| anddata_clean.csv . The former contains

the information about the column names (with speci ¢ metadata about semantic types), the text
templates, semantic variations of how a property or a representation can be nametktalyaml

le also contains other metadata such as the URL sources, the citation, the number of points, and a
short description of the dataset.

Thedata_clean.csv le contains the raw data, with one or more columns for both representations
and properties. When sampling, the pipeline extracts the information from this le by pointing to a
speci ¢ column with the# (e.g. SMILES#BACE_inhibition#) symbol. For sampling multiple choice
questions théxsis used (e.gSMILES%® sample SMILES as options). To indicate the number of
MCQ questions, and the type of symbols indicating the different options the following syntax is used:
%multiple_choice_enum%2-5%aAlln this example we randomly sample 2 to 5 options. The
component in, for exampl¢BACE_inhibition__names__adjective}  points towards one of the
adjectives in th@amessub eld of the column with the identi eBACE_inhibition .

Figure 5:Example of how our sampling engine operatesThe sampling depends on two a metadata
le, and a raw data le containing all the correct columns as described in the metadata. The colors
match what elements of the text templates is replaced in the nal text with natural language.

In Table 12 we present the ve different template types used to generate the ChemPile-(M)LIFT
datasets. Each example uses special grammar, aforementioned. The pipeline is robust with regards to
the representation type, and can include valuable additional information such as units for properties.

O Embeddings for correlation analysis

The embeddings in Figure 3 were generated using Opentédisembedding-3-large  model.
Analysis of 5,000 molecular pairs revealed that the cosine similarity of IUPAC name embeddings
demonstrates a stronger correlation with molecular graph chemical similarity (Pearson correlation
coef cient r = 0.722) compared to SMILES embeddings (r = 0.521). The difference of 0.201
was evaluated using Fisher's r-to-z transformation, yielding a z-statistic of 16.7@p%, which
describes a statistically signi cant difference between the two Pearson correlations.
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