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Abstract—The high similarities between protein sequences and
natural language, particularly in their sequential data structures,
have driven parallel advancements in deep learning models
for both domains. In natural language processing (NLP), large
language models (LLMs) have achieved remarkable success in
tasks such as text generation, translation, and conversational
agents, owing to their extensive training on diverse datasets that
enable them to capture complex language patterns and generate
human-like text. Inspired by these advancements, researchers
have attempted to adapt LLMs for protein understanding by
integrating a protein sequence encoder with a pre-trained LLM,
following designs like LLaVa. However, this adaptation raises a
fundamental question: “Can LLMs, originally designed for NLP,
effectively comprehend protein sequences as a form of language?”
Current datasets fall short in addressing this question due to the
lack of a direct correlation between protein sequences and corre-
sponding text descriptions, limiting the ability to train and eval-
uate LLMs for protein understanding effectively. To bridge this
gap, we introduce ProteinLMDataset, a dataset specifically
designed for further self-supervised pretraining and supervised
fine-tuning (SFT) of LLMs to enhance their capability for protein
sequence comprehension. Specifically, ProteinLMDataset in-
cludes 17.46 billion tokens for pretraining and 893K instructions
for SFT. Additionally, we present ProteinLMBench, the first
benchmark dataset consisting of 944 manually verified multiple-
choice questions for assessing the protein understanding capabil-
ities of LLMs. ProteinLMBench incorporates protein-related
details and sequences in multiple languages, establishing a new
standard for evaluating LLMs’ abilities in protein comprehen-
sion. The large language model InternLM2-7B, pretrained and
fine-tuned on the ProteinLMDataset, outperforms GPT-4 on
ProteinLMBench, achieving the highest accuracy score. The
dataset and the benchmark are available at https://huggingface.
co/datasets/tsynbio/ProteinLMDataset/ and https://huggingface.
co/datasets/tsynbio/ProteinLMBench. The code is available at
https://github.com/tsynbio/ProteinLMDataset/.

Index Terms—Deep Learning, Dataset, Benchmark, Large
Language Model, Protein Engineering.

I. INTRODUCTION

Protein science offers insights into biological processes at
the molecular level, driving progress in medicine, biotech-
nology, and our understanding of life. Given the similar

sequential data structures of protein sequences and natural
language, there have been parallel advancements in deep
learning models, such as protein language models [1] and large
language models (LLMs) [2]. LLMs have already demon-
strated their strong capabilities in text understanding across
various tasks, prompting researchers to explore their potential
in protein understanding from the perspective of multi-modal
language models (MMLMs) by integrating protein sequences
or structures with textual content using separate encoders.
Specifically, they encode each modality (protein sequence or
protein structure) independently before combining them with
a frozen LLM [3], [4]. However, this approach poses chal-
lenges in fully leveraging the intricate connections between
protein sequences and textual information. As far as we can
ascertain, there is no comprehensive dataset that seamlessly
integrates protein sequences and their corresponding textual
descriptions, enabling effective training of language models
to comprehend protein information. This gap limits the ability
to train LLMs to fully utilize the intricate connections between
protein sequences and textual information.

To address these limitations, we introduce a comprehen-
sive large-scale protein sequence and text (seq-text) hybrid
dataset named ProteinLMDataset. This dataset is de-
signed to train LLMs to learn the correspondence between
textual descriptions and protein sequences, enabling them to
effectively understand and leverage the intricate connections
between these two forms of data. Furthermore, we propose
a novel benchmark ProteinLMBench comprising meticu-
lously curated multiple-choice questions to rigorously evaluate
the LLMs’ proficiency to comprehend protein sequences. To
the best of our knowledge, this is the first dataset of its
kind, combining the largest dataset for both self-supervised
learning (SSL) and supervised fine-tuning (SFT) specifically
in the protein science domain, along with the first manually
annotated multiple-choice questions benchmark for evaluating
protein understanding capability with LLMs.

The ProteinLMDataset comprises 17.46 billion tokens
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for self-supervised learning and 893K instructions for super-
vised fine-tuning. ProteinLMBench contains 944 manually
annotated multiple-choice questions for evaluation. The self-
supervised dataset is structured into three segments: 0.69%
Chinese-English text pairs in protein science, 41.51% protein
sequence-English text pairs, and 57.80% protein-related En-
glish text. The supervised fine-tuning dataset includes seven
tasks: a novel enzyme chain of thought (ECoT), protein func-
tionality, induction, disease involvement, post-translational
modifications, sub-unit structure, and tissue specificity. The
ECoT approach aims to innovatively enable LLMs to think
step-by-step and generate well-founded protein knowledge,
thereby enhancing the reliability and accuracy of outputs in
protein science and engineering [5]. Unlike the plain chain
of thought, ECoT incorporates prior knowledge of protein
science by guiding LLMs to infer protein functions based
on the reactions they are involved in. This approach en-
hances logical reasoning capabilities in the protein domain.
ProteinLMDataset aims to bridge existing dataset gaps
and unlock the potential of LLMs in protein data analysis by
seamlessly integrating protein sequences with their relevant
textual information.

The major contributions of this work are three-fold. Firstly,
we present the first large-scale protein-text dataset designed
to enable LLMs to comprehend protein sequences without an
extra encoder. Secondly, we introduce the Enzyme Chain of
Thought (ECoT), a novel mechanism specifically for protein
understanding, allowing LLMs to generate reliable and ac-
curate protein knowledge step-by-step. Thirdly, we introduce
ProteinLMBench, the first comprehensive, manually anno-
tated benchmark for thoroughly evaluating LLMs’ comprehen-
sion and representation of protein sequences.

II. DATASET AND BENCHMARK COMPOSITION

A. ProteinLMDataset

The ProteinLMDataset includes both self-supervised
and supervised fine-tuning components. The self-supervised
part is strategically categorized into three primary segments,
each contributing distinct dimensions to our objectives of
empowering the LLMs to understand protein sequence. The
first segment focuses on comparing biological science in
Chinese and English, encompassing 7,000 entries and yielding
over 120 million tokens for training and tuning purposes. The
second segment contains protein sequence and English text
pairs, derived from a weakly linked PMC full-text dataset.
Associations are established using the Structure Integration
with Function, Taxonomy, and Sequence (SIFTS) database
(https://www.ebi.ac.uk/pdbe/docs/sifts/), which maps PDB to
UniProt IDs and subsequently to protein names, guiding our
search for relevant literature within the PMC database. The
full-text component comprises 320,000 entries, providing an
extensive corpus exceeding 2.9 billion tokens. Moreover, the
PubMed abstract contributes over 30 million entries and 7.0
billion tokens for comprehensive training and tuning. For
protein sequence and text pairs, we leverage a highly relevant
PMC full-text dataset totaling 18,000 entries and surpassing

195 million tokens for nuanced training and tuning. The inte-
gration of the UniProtKB Swiss-Prot dataset further enriches
this category with an additional 349 million tokens. The final
segment involves extracting insights from a PubMed abstract
dataset, boasting more than 3 million entries, and generating
over 7.0 billion tokens for robust training and tuning. This
strategic categorization ensures a diverse and versatile dataset,
addressing the limitations of existing benchmarks and facil-
itating advancements in cross-lingual language models and
protein sequence understanding.

The supervised fine-tuning component in
ProteinLMDataset is a collection of 893,000 instructions,
spanning seven different segments: enzyme Chain of Thought
(10.8k), protein functionality (465k), induction (25.4k),
disease involvement (5.58k), post-translational modifications
(45.8k), sub-unit structure (291k), and tissue specificity
(50.3k). It includes analytical instructions, input tokens,
and ground truth prediction outputs for fine-tuning and
performance score determination. The primary source of data
collection is UniProtKB.

B. ProteinLMBench

Our proposed benchmark, ProteinLMBench, features
an evaluation dataset consisting of 944 six-choice questions,
each accompanied by an explanation of the correct answer.
These questions cover a range of topics including protein-
based property prediction, protein descriptions, and protein
sequence understanding. This benchmark is designed to assess
the ability of large language models to interpret and analyze
protein sequences in conjunction with their associated textual
descriptions.

III. COLLECTION METHODOLOGY

A. The self-supervised dataset collection

a) Biology Chinese and English text pair collection.: We
extracted Chinese-English text pairs from articles published in
the Chinese Journal of Biotechnology and the Chinese Journal
of Cell Biology. This extraction process ensures a diverse and
authentic representation of scientific language. The selected
time interval, 2013-2024, enhances the dataset’s relevance by
capturing contemporary scientific discourse in both Chinese
and English languages.

Fig. 1. Process for pairing proteins with the corresponding PMC articles’ text
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b) Protein sequence and English text pair.: We retrieved
Protein Data Bank (PDB) IDs of proteins and their cor-
responding PubMed IDs from the SIFTS database (https:
//www.ebi.ac.uk/pdbe/docs/sifts/). Using a weakly linked
PMC full-text dataset, we established associations through
the protein name to pmcid.json index file derived from
pdb chain uniprot.csv. This mapping, connecting PDB to
UniProt IDs and subsequently to protein names, guided our
literature search within the PMC database. In this manner, we
can associate a specific protein sequence with the complete
texts of the most relevant articles in PMC. We examined
the PubMed articles for PubMed Central (PMC) IDs; when
available, we accessed the full text. This enabled us to ac-
quire protein sequences using PDB IDs and retrieved detailed
research articles on the proteins, creating pairs to describe the
protein sequences in human language (Fig. 1).

Protein sequence collection. We employed BERN2 [6]
which is a Named Entity Recognition (NER) model to extract
NERs from the titles and abstracts of all PubMed articles,
identifying nouns potentially referring to proteins or genes
(since it is challenging to distinguish whether a single word
refers to a protein or gene without context) and recorded
their confidence scores for further analysis (Fig. 2). We then
linked all extracted nouns to specific entities in the NCBI Gene
database [7] through Named Entity Normalization (NEN) and
obtained their NCBI Gene IDs. For these Gene IDs, we could
map them to specific protein sequences via the NCBI’s RefSeq
database. Afterward, we extracted all article titles and the
results from the NER & NEN models with a confidence score
above a certain threshold (here, 98%), inputting them into a
large language model to determine whether these nouns are
referred to as proteins or genes in the given context. We
assumed that protein names appearing in titles are likely the
focus of the research and used the abstracts to help describe
these proteins. Finally, we located the first occurrence of each
noun in the abstracts that matched the protein names identified
in the titles with the same NCBI Gene ID and inserted the
previously obtained protein sequences after these nouns. This
way, we created a dataset of textual descriptions wrapping
protein sequences.

B. The supervised fine-tuning dataset collection

The primary source for the supervised fine-tuning dataset is
UniProtKB. Through a comprehensive analysis of the locally
downloaded raw data, we identified a substantial corpus of
curated and verified protein information. This encompasses a
diverse range of attributes, including protein functionality, in-
duction, disease associations, post-translational modifications,
sub-unit structures, and tissue specificity. For each protein, we
crafted a dedicated template. The protein sequence was em-
bedded within the question template, while its corresponding
properties were incorporated into the answer template. This
approach facilitated the creation of effective question-answer
pairs to understand protein and its properties. In total, we
generated approximately 883k such data entries.

To create the Chain of Thought (CoT) data, we utilized
the IUBMB Enzyme Nomenclature as the raw source. We
extracted the name, nickname, reaction formula, and com-
ments (typically describing the enzyme’s function) for each
enzyme entry. The response generation process followed a
systematic thinking process: first, the model outputted the
reactions the enzyme would catalyze, and then provided the
enzyme’s comments, forming a chain of thought. During
data creation, we generated multiple suitable templates and
inserted the obtained information, resulting in an effective CoT
supervised fine-tuning dataset comprising 10,800 entries.

C. The benchmark multi-choice questionnaire collection

The evaluation questionnaire, ProteinLMBench, com-
prises six choices for each question, accompanied by an
explanation of the correct answer. The questions span var-
ious domains, including protein-based property prediction,
protein descriptions, and protein sequence understanding. The
questionnaire consists of a synthetic dataset generated by
Retrieval-Augmented Generation (RAG; [8]) and GPT-4 [2].
We implemented a two-round verification scheme involving
RAG to generate the initial questions, choices, and answers,
followed by GPT-4 to validate the answers. Questions with
inconsistencies between the two rounds were discarded, en-
suring the consistency, robustness, and reproducibility of the
questionnaire. Despite starting with 1,000 questions, the veri-
fication process yielded a final set of 944 questions.

D. Text input filtering and tokenization procedure

To preprocess the text inputs from three collections, we
employed a filter cleaner to eliminate citations, references,
tables, figures, commas, and any symbols unrelated to the
task of interest. This filter was systematically applied to
both titles and abstracts within the collected manuscripts.
The resulting filtered outputs were stored in ”.json” for-
mat. Subsequently, this json files serve as input for ex-
tracting tokens of various sizes associated with the collec-
tion and the task of interest, such as protein sequences,
pairs of English and Chinese text, protein descriptions, and
design elements. The implementation source code for the
filters is available on our GitHub repository at the follow-
ing link: https://github.com/tsynbio/Protein LM/blob/main/
src/PMC data collector.py. The tokenization is performed us-
ing the open-source coding of the Interlm tokenizer based on
byte-level byte-pair-encoding (https://huggingface.co/internlm/
internlm-7b/blob/main/tokenization internlm.py), which pro-
cesses the filtered text inputs.

IV. QUALITY OF DATASET AND BENCHMARK

a) Diversity and statistics of ProteinLMDataset.: The
diversity and multi-source curation of the dataset are presented
in Tab. I, highlighting the document collection based on the
token length. The three segments of the proposed dataset
includes manuscripts, abstracts, protein sequences, and taxon-
omy, divided into five collections: ’Biology Chinese/English
text pair’, ’PMC full-text manuscripts’, ’PubMed Abstracts’,
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Fig. 2. Process for Inserting Protein Sequences into Text

’UniProtKB Swiss-Prot’, and ’Protein Sequence/PubMed Ab-
stracts’ and a variability ranges from minimum lengths of 49
to 549 characters to maximum lengths of 39,239 to 8,390,807
characters. Tab. I highlights the extracted tokens from the
documentation characters after the filtering and noise reduction
process (citations, references, tables, etc. unrelated to the task
of interest). The produced tokens exhibit variability, ranging
from minimum lengths of 21 to 101 characters to maximum
lengths of 1,017 to 2,351,194 characters. These variations
across different tokens, texts and combinations validate the
unbiased and comprehensive content of our dataset. Fig. 3 il-
lustrates the statistics regarding the different sources and ratios
within our three segment datasets. Our dataset predominantly
represents protein sequences, with the primary source being
PubMed abstracts (6.9B), followed by UniProtKB Swiss-Prot
collection (349M). Regarding protein design and information,
the primary resources are derived from PubMed abstracts of
scientific manuscripts (7.0B), followed by weakly linked PMC
full manuscripts and highly relevant PMC full texts (2.9B;
see Fig. 3a.). Additionally, the Chinese-English collection
comprises a substantial of 200M tokens. To delve deeper,
the UniProtKB Swiss-Prot collection consists of 62% pro-
tein sequences and 38% text relevant to protein design and
scientific biology documentation tokens, contrasting with the
Protein Seq/PubMed Abstract collection, which includes 16%
text documentation and 84% protein sequences tokens (see
Fig. 3b).

Tab. II presents the diversity of multi-design topics and cura-
tion of the fine-tuning dataset, highlighting the different tasks
and analyzing the statistics based on token length. The pro-
posed benchmark comprises seven segments: ’Enzyme CoT’,
’UniProt Function’, ’UniProt Induction’, ’UniProt Involvement
in disease’, ’UniProt Post-translational modification’, ’UniProt
Sub-unit structure’, and ’UniProt Tissue specificity’. These
segments exhibit a wide range of token lengths, varying from
a minimum of 65 to 88 characters to a maximum of 2,310 to
70,500 tokens. Tab. II highlights the extracted token counts for
each segment. After filtering and noise reduction, the instruc-

a.

b.

Protein Sequence tokens
62%

Text tokens
38%

UniProtKB Swiss-Prot Format Dataset 

Protein Sequence tokens
84%

Text tokens
16%

Protein Sequence-PubMed Abstract Dataset

Fig. 3. Statistics of the sources and ratios of the three segments of
ProteinLMDataset: Chinese-English pairs, protein sequences, and protein
sequence-text pairs.

tions and output of the benchmark are provided on the website
https://huggingface.co/datasets/tsynbio/ProteinLMBench. The
variations across different token lengths, fine-tuning tasks, and
combinations validate the unbiased and comprehensive nature
of our benchmark.

b) Diversity and statistics of the ProteinLMBench.: The
evaluation dataset consists of 944 questions with a median
string length of 98-124 tokens, with a minimum of 46 and a
maximum of 305 tokens. There are six answer choices, with
an average string length of 77-114 tokens, with a minimum
of 3 and a maximum of 368 tokens. The answers are well-

https://huggingface.co/datasets/tsynbio/ProteinLMBench


TABLE I
THE OVERALL STATISTICS OF EXTRACTED TOKENS FROM THE PROPOSED SELF-SUPERVISED DATASET. THE NUMBERS ARE REPRESENTATION OF THE

LENGTH (LEN.) TOKEN PER DOCUMENT. THE DATASET CLASSIFY IN THREE SEGMENTS-BIOLOGY CHINESE/ENGLISH (CHI/ENG) TEXT PAIR, PROTEIN
SEQUENCE AND ENGLISH (SEQ/ENG) TEXT PAIR AND PROTEIN SEQUENCE (SEQ)-. THE STATISTICS ARE AGGREGATED OVER THE ENTIRE COHORT.

Tokens statistic of the self-supervised dataset

Segment Collection Min Len. Average Len. Max Len.

Biology Chi/Eng text pair Chinese/English text 54/48 245/267 1017/1165
Protein Seq/Eng text pair PMC Full text 101 9954 2351194

PubMed Abstract 21 282 13983
UniProtKB Swiss-Prot 69 591 35751

Protein Seq Protein Seq 65 1650 70500

TABLE II
THE OVERALL STATISTICS OF EXTRACTED TOKENS FROM THE PROPOSED FINE-TUNING DATASET REPRESENT THE TOKEN LENGTH PER DOCUMENT. THE

DATASET IS CATEGORIZED INTO SEVEN SEGMENTS: ENZYME CHAIN OF THOUGHT (ECOT), PROTEIN FUNCTIONALITY, INDUCTION OF PROTEIN
EXPRESSION, DISEASE INVOLVEMENT, POST-TRANSLATIONAL MODIFICATIONS, SUB-UNIT STRUCTURE, AND TISSUE SPECIFICITY. THESE STATISTICS

ARE AGGREGATED ACROSS THE ENTIRE COHORT.

Tokens statistic of the fine-tuning dataset

Segment Scope Min Len. Average Len. Max Len.

Enzyme CoT molecule’s expression 84 800 15300
UniProt Function protein functionality 74 3610 70500
UniProt Induction protein induction 82 1650 31300
UniProt Involvement in disease protein diseases 88 3495 68800
Uniprot Post-translational modification protein translation 88 361 6420
UniProt Sub-unit structure protein structure 74 3560 70500
UniProt Tissue specificity tissue gene expression 65 145 2310

balanced, with the correct answer being option 1 in 16.3% of
the cases, option 2 in 17.9%, option 3 in 19.9%, option 4 in
16.1%, option 5 in 15.6%, and option 6 in 14.0% of the cases.

c) Safety during collection.: In ensuring the safety and
reliability of our proposed dataset, we have implemented
rigorous measures and levels of filtering to address potential
issues related to data integrity and quality. Given the inherent
imperfections in structural and textual data, we acknowledge
the importance of safeguarding against corrupted or erroneous
information. Our dataset curation process includes thorough
validation checks and quality control procedures to identify
and rectify any anomalies that may compromise the integrity
of the data. We are committed to transparency in our approach,
encouraging users to report any instances of suspected data
corruption or safety concerns through our designated channels.
This proactive engagement with the research community is in-
tegral to maintaining the credibility of the dataset and fostering
a collaborative environment for continual improvement. Addi-
tionally, our strategic categorization approach facilitates the
identification and isolation of potential outliers, contributing
to the overall safety and reliability of the dataset by providing
users with a clear understanding of the distinct dimensions
and sources within each segment. The ethical statement of
this work is presented in Appendix Section ??.

d) Technical limitations.: Even when systematically col-
lecting protein sequence data through scientific filtering and
established resources, inherent technical limitations persist.
Achieving perfection in structural data is rare, as experimental
uncertainties stem from the limited resolution of techniques

like X-ray crystallography or electron cryo-microscopy.

V. EXPERIMENT

a) Experiment setup.: We conducted three different ex-
periments: no training, supervised fine-tuning training (SFT),
and self-supervised learning combined with supervised fine-
tuning training (SSL-SFT) using ProteinLMDataset. For
the no training experiment, we employed various large lan-
guage models, including Falcon-7b [9], Qwen1.5-7B [10],
Moonshot [11], Mistral-7B-Instruct-v0.2 [12], Baichuan2-
7B-Chat [13], Llama-2-7B-Chat-hf [14], InternLM-Chat-
20B, InternLM2-Chat-7B, and variations [15], ChatGLM3-
6B [16], Yi-6B-Chat [17], GPT3.5-turbo, and GPT4.0-turbo
[2]. For the SFT and SSL-SFT experiments, we utilized the
InternLM2-7B model, naming them InternLM2-Protein-7B
(w/o SSL) and InternLM2-Protein-7B, respectively. All the
experiments were evaluated for accuracy using our proposed
ProteinLMBench. For detailed training procedures and
LLM architectures, please refer to Appendix C.

b) Experiment results.: The results of all experiments are
presented in Fig. 4. In the no-training experiment (depicted by
green box plots), GPT-4.0-turbo achieved the highest accuracy
with a correct rate of 57.94%, followed by InternLM2-20B
with a score of 57.52%. Falcon-7B exhibited the poorest
performance, achieving a correct rate of 19.17%. In the
supervised fine-tuning experiment (illustrated by pink box
plots), InternLM2-7B delivered accuracy scores of 58.26%
(Fig. 4; InternLM2-Protein-7B (w/o SSL)). This is an im-
provement from the no training experiment, where its accuracy



Fig. 4. Model performence of LLMs on ProteinLMBench. The pur-
ple box plot represents the model performance combined training on
ProteinLMDataset SSL and SFT datasets. The pink box plot represents
the model performance obtained by only conducting SFT without SSL
training. The green box plots represent the performance of other comparative
models.

was 54.98%. Notably, when we initially trained InternLM2-
7B model on the self-supervised dataset and subsequently
fine-tuned it (Fig. 4; InternLM2-Protein-7B), the accuracy
increased significantly to 62.18%. This underscores the im-
portance of the proposed ProteinLMDataset for more
efficient and accurate protein understanding.

VI. CONCLUSION

Our proposed dataset-benchmark tandem offers a com-
prehensive platform for training, fine-tuning, and evaluating
language models on both Chinese-English text pairs and
protein sequences, addressing limitations in existing datasets.
The strategic classification approach ensures diversity and
adaptability, tackling constraints within protein science and
language model benchmarking. By curating a diverse col-
lection from various sources, we reinforce the impartiality
of our dataset. Incorporating both Chinese and English in
detailing protein characteristics introduces a novel cross-
lingual perspective, mitigating biases and enhancing multi-
lingual understanding. Moreover, our proposed fine-tuning
dataset enhances language models’ capabilities in understand-
ing, designing, and analyzing protein sequences. Experimenta-
tion within our ProteinLMBench benchmark validates the
efficacy of our dataset. The InternLM2-7B language model
achieved an accuracy of less than 55.00% without further
training on the ProteinLMDataset. When fine-tuned, its
accuracy increased to 58.26%. Notably, when InternLM2-
7B was trained on both the self-supervised and fine-tuning
datasets of ProteinLMDataset, it exhibited an exceptional
improvement in accuracy, reaching 62.18%. Our dataset and
benchmark contribute to advancing artificial intelligence for
biological sciences. It enables groundbreaking research and
applications with the potential to transform diverse fields.
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