[c IS e Y|

10
11
12
13
14
15

16

17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33

34

35
36
37
38
39

bioRxiv preprint doi: https://doi.org/10.1101/2024.05.07.593067; this version posted July 3, 2024. The copyright holder for this preprint (which
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY 4.0 International license.

FAPM: Functional Annotation of Proteins using
Multi-Modal Models Beyond Structural Modeling

Wenkai Xiang" > T, Zhaoping Xiong® ™ T, Huan Chen*#, Jiacheng Xiong'*, Wei Zhang'®, Zunyun
Fu!, Mingyue Zheng'*®, Bing Liu* " and Qian Shi* "

! Drug Discovery and Design Center, State Key Laboratory of Drug Research, Shanghai Institute
of Materia Medica, Chinese Academy of Sciences, 555 Zuchongzhi Road, Shanghai 201203, China.
? Lingang Laboratory, Shanghai 200031, China

3 ProtonUnfold Technology Co., Ltd, Suzhou 215000, China.

4 BioBank, The First Affiliated Hospital of Xi’an Jiaotong University, Yanta District, Xi’an 710061,
China

3 University of Chinese Academy of Sciences, 19A Yuquan Road, Beijing 100049, China.

* Correspondence author.

Email address: xiongzhaoping@protonunfold.com (Zhaoping Xiong), shigian@lglab.ac.cn (Qian
Shi) and bliu2018@xjtu.edu.cn (Bing Liu)

1 These authors contributed equally to this work.

Abstract

Assigning accurate property labels to proteins, like functional terms and catalytic activity, is
challenging, especially for proteins without homologs and “tail labels” with few known examples.
Unlike previous methods that mainly focused on protein sequence features, we use a pretrained
large natural language model to understand the semantic meaning of protein labels. Specifically,
we introduce FAPM, a contrastive multi-modal model that links natural language with protein
sequence language. This model combines a pretrained protein sequence model with a pretrained
large language model to generate labels, such as Gene Ontology (GO) functional terms and
catalytic activity predictions, in natural language. Our results show that FAPM excels in
understanding protein properties, outperforming models based solely on protein sequences or
structures. It achieves state-of-the-art performance on public benchmarks and in-house
experimentally annotated phage proteins, which often have few known homologs. Additionally,
FAPM's flexibility allows it to incorporate extra text prompts, like taxonomy information,
enhancing both its predictive performance and explainability. This novel approach offers a
promising alternative to current methods that rely on multiple sequence alignment for protein
annotation. The online demo is at: https://huggingface.co/spaces/wenkai/FAPM demo.

Introduction

Proteins are essential components of cells and tissues, as they play key roles in various biological
processes that sustain life. Understanding their functions is vital for decoding the molecular
intricacies of biological systems and curing disease. Acquiring protein sequences from natural
sources is generally straightforward, meanwhile, advancements in computational techniques, such
as AlphaFold(/), have significantly improved the precision of predicting their three-dimensional
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structures(2). However, only fewer than 1% of the proteins, are accompanied by reviewed
functional annotations(3) in global sequence databases such as UniProt(4). The majority that
remains, with their functions still need to be experimentally characterized, are subject to high
costs and logistical challenges. Furthermore, proteins demonstrate intricate variability and
interactions as parts of their inherent complexity for their experimental validations. Therefore,
predicting protein functions, while still challenging due to their complexity, is an important
approach to elucidate their roles in pioneering studies.

Currently, protein functions can be described using the Gene Ontology (GO) (5), which is
recognized as one of the most successful ontologies in biology. GO encompasses three sub-
ontologies: molecular functions (MFO) characterizing the functions of individual proteins,
biological processes (BPO) in which proteins participate, and cellular components (CCO) where
proteins are active. The GO system facilitates a standardized approach to catalog the vast
diversity of protein activities across different organisms. And the functions of these proteins are
initially obtained from experimental evidences that published in the scientific literatures. These
findings, once validated, are curated by database administrators into annotations within databases
like UniProtKB/Swiss-Prot(3), ensuring that the information is accessible and standardized
according to GO terms. Currently, the UniProtKB/Swiss-Prot database, known for its manually
curated entries, encompasses GO annotations for over 560,000 proteins across thousands of
organisms.

Various protein sequence-based methods have been proposed for predicating functions of
proteins. As early in 1990, tools like BLAST(6) were developed, which allow researchers to
compare an unknown protein sequence against a database of sequences with known annotations to
find potential sequence similarities. The underlying assumption is that homologous sequences
(those sharing a common evolutionary origin) will be of similar functions. Later, signature-based
approaches(7-9) were introduced, which catalog domains and motifs within the proteins with
similar functions based on scoring against large databases of statistical models for each sequence
family with experimentally verified functions. These methods are now employed to update
widely-used databases like InterPro(/0). Despite their significant impact, these computational
modeling approaches primarily rely on sequence similarity for prediction, leaving a considerable
number of proteins unannotated.

Recent research has introduced a variety of deep neural network models to harvest multiple data
simultaneously for functional predictions of protein, leveraging diverse sources of information,
including sequence data, interactions and domain annotations. For example, DeepGOPlus(/7),
DeepGOZero(/2) and DeepGraphGO(/3) utilize domain features extracted from InterPro to train
a classification model. In particular, DeepGraphGO uses graph convolutional layers(/4) to
capture neighboring information within the protein-protein interaction (PPI(/5)) network
extracted from STRING(/6). Inspired by the success of convolutional neural networks(CNN)(/7)
in image, DeepGOCNN(/ /), DeepGOPlus and Protelnfer(/8) utilize convolutional layers in CNN
to extract features from protein sequences. Notably, ProteInfer inputs each amino acid after one-
hot coding into the CNN network structure. Transformers(/9) have achieved great success in
many artificial intelligence fields(20, 21). Recently, it has also been discovered to have potential
in protein modeling. ProteinBert(22) utilises protein sequences and semantic features of GO tags
for pre-training. GoProFormer(23) combines sequence transformer and graph transformer to learn
sequence features and GO network features for predicting GO tags. ESM-2 (Evolutionary Scale
Modeling-2)(24) learns patterns and properties in protein sequences through pre-training on a
large number of unlabeled protein sequences. These trained models are then applied to specific
tasks of predicting protein structure and properties using fine-tuning and transfer learning, leading
to improved performance in biomedical research, drug design, and other related fields(25-27).
Many large language models (LLMs) are capable of multitasking, including tasks related to
proteins. For example, Galactica(28) is a LLM trained on scientific knowledge corpus, which can
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be applied to multi-modal tasks involving SMILES chemical formulas and protein sequences.

And Mol-Instructions(29) combine construction methods of self-instruct, template-based

conversion, and human-crafted task descriptions to cover a wider range of biomolecular tasks.

The methods mentioned above primarily depend on sequence similarity or sequence feature

modeling. However, the semantic information inherent in the functional description of proteins is

rarely used, which is key to establish a comprehensive sequence-to-function link.

Here, we use a contrastive learning framework to jointly model protein sequences and functional

texts in our model. To be specific, we consider protein sequences as a modality, and the natural

language of functional annotations as another modality. We align the protein sequence modality
to natural language modality using contrastive learning approach. This leads to our framework

FAPM (Functional Annotation of Proteins using Multi-modal models) shown in Figure 1, a

contrastive learning method that generates functional descriptions for proteins by leveraging a

pre-trained protein sequence model and large language model. FAPM efficiently harnesses the

generative capabilities of language models to articulate and generate the functional-semantic
information inherent in protein sequences. The notable features of our work are as follows:

(1) Through the integration of multi-modal modeling, we effectively combine protein sequence
modeling with language generation frameworks. The analysis in “the explainability of multi-
modal representation” section shows the natural connection between the learned representations
and their property descriptions, allowing for the direct generation of accurate annotations.

(2) Comparative evaluations on the Swiss-Prot dataset and dozens of phage proteins demonstrate
FAPM's superior predictive performance over existing methods, underscoring the model’s
effectiveness in accurately predicting protein functions.

(3) Optional information, such as taxonomy, can be used as the additional input for the model to
improve the generation quality, demonstrating a more flexible way to annotate proteins.

O ESM?2 O Mistral-7B
* I:camed Queri?:s |
i *

Large Example:
Protein L : Molecular The protein appears to
Squence Q-Former — . have functions of
q . Model DNA binding (0.42),
Querying Transformer . =
Encoder (LLM) Biological petidase activity (0.15)
Process and toxin activity
(0.08) ...
T T _ '
Functional \T("'\/_Y‘
| Annotation /— i Human
M A K S . e Text /Taxommy )
e _ _ - . Prompt 7 Mouse
UmPfQ.t.-' Reviewed proteins lnput. t % Virus \
Queries
OInteer Domains and sites & . e
A\
Sequence-and-Language Sequence-to-Language
Representation Learning Generative Learning

Figure 1 The overview of the framework of FAPM. In the Sequence-and-Language
Representation Learning stage, FAPM use ESM2 to encode protein sequence and Q-Former to
align them with function text (GO terms). In the Sequence-to-Language Generative Learning
stage, Mistral-7B processes the learned queries from the prior stage, optionally incorporating
prompts (taxonomy), to generate GO term predictions (MFO, BPO and CCO) with associated
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probabilities. The protein domain dataset from the InterPRO database and reviewed proteins from
the UniProt database are utilized to enhance prediction performance.

Results

We evaluate FAPM's overall performance through two comparisons: (1) against other language
models for multi-task prediction in the Instruction dataset (see “Datasets” section), and (2) with
other popular methods, including InterPRO, DeepGOCNN, DeepGraphGO, DeepGOZero,
DeepGO-SE, Protelnfer, ProtNLM, DeepFRI and AnnoPRO, on functional annotation tasks.
These competing methods have been briefly described in the “Competing methods™ section.
Unfortunately, limitations in model open-source availability and training resources prevented us
from reproducing some methods or making large-scale predictions, leading to the unavailability
of test results on the Swiss-Prot test set. we conducted testing of these methods using a collection
of bacteriophage and their bacterial host proteins. Since the experimental annotations for these
bacteriophage/bacteria proteins have not been publicly updated, ensuring data integrity, a fair
comparison could be conducted.

Comparative Performance Against Other Language Models

Since the FAPM framework incorporates a language model, a straightforward idea is to compare
FAPM with other language models to evaluate its performance in protein prediction tasks. We
leverage the protein-oriented instruction dataset along with its train/test split to train our model
from the beginning. Figure 2 (A) demonstrates the rouge-L metrics of eight methods across four
tasks: protein function, functional description, catalytic activity and domain/motif prediction. The
protein instance "UMP-CMP kinase" in Figure 2 (B) highlights that FAPM exhibits fewer errors
in the generation, better alignment with the ground truth in functional descriptions, and
successfully predicts functions (‘phosphorylation’ and 'nucleus') that the second-best method
(Mol-Instructions) failed to capture.
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A B

Protein function

Alpaca
Baize
ChatGLM

LLama

Protein function prediction

Instruction: Analyze the following amino acid sequence, and determine
the function of the resulting protein, its subcellular localization, and any
biological processes it may be part of:

Input:
MNGTVNASAPSKMSEVAVERLSNDKALKVIFVLGGPGSGKGTOC
AKIAKHFGFTHLSVGDLLRAEINSGSKNGTMIESMINEGKIVRSEV
TIKLLQRAMHESGNDKFLIDGFPRNEENRAAFENLEKIEPEFVLFF
DCPMEEMERRILNRNQGRDDDKMETIRKRFKVFIESTLPVIEFYNL
KGKLYKIDACKPADEVFEDVKAIFSRFRAKEDSSQQTNICTAKRFE

——
——
—
Galactica
—
—
——

Mol instruction

LVMCLIKRLFREIKRMWSSFFCKAL

Output (ground truth): The protein characterized by the amino acid
sequence demonstrates ATP binding, cytidylate kinase activity, uridylate
kinase activity and is implicated in the ‘de novo' pyrimidine nucleobase
biosynthetic process, phosphorylation, pyrimidine nucleotide biosynthetic
process. Its subcellular localization is primarily within the cytoplasm,

FAPM

Functional
description

Domain/motif
prediction

nucleus.

Output (FAPM): Based on the given amino acid sequence, the protein
appears to have a primary function of atp binding, cmp kinase activity,
ump kinase activity. It is likely involved in the 'de novo' pyrimidine
nucleobase biosynthetic process, phosphorylation, pyrimidine nucleotide
biosynthetic process, uridine metabolic process, and its subcellular
localization is within the cytoplasm, nucleus,

Output (Mol-Instructions): Based on the given amino acid sequence, the
protein appears to have a primary function of ATP binding, cytidylate
kinase activity, UMP kinase activity. It is likely involved in the 'de novo'
pyrimidine nucleobaseline cyclization, pyrimidine ribonucleoside
biosynthetic process, uridine metabolic process, UMP catabolic process,
and its subcellular localization is within the cytoplasm.

Figure 2 Performance against other language models. (A) The performance comparison on
protein understanding tasks. (B) Examples of predicting protein function using instructions.

Catalytic activity

Comparison with competing methods on the Swiss-Prot dataset

As shown in table 1, we made a comparison of FAPM with competing methods: Naive,
DeepGOCNN, DeepGraphGO and DeepGOZero. It's important to note that due to open-source or
computing resource limitations, ProteInfer, DeepFRI and AnnoPRO cannot be retrained, while
ProtNLM is primarily used for predicting protein names and does not easily compute evaluation
metrics. As a result, we did not compare these methods in this section. According to table 1, we
have five findings:

(1) FAPMEsm2-38+prompt has the best performance of Fmax, WFmax, AUPR and Smin in MFO, BPO and
CCO. For example, it achieved the highest Fmax 0f 0.586 in MFO, which was 5.2% improvement
over DeepGO-SE (0.534).

(2) FAPMEsm2-38+prompt achieves relatively small advantage across some metrics in the BPO domain,
with 2.4% improvement over DeepGraphGO in AUPR. The explanation can be inferred from
Figure 4(A): when the recall value is approximately between 0 and 0.3, the precision value of
DeepGraphGO is significantly higher than that of other methods, leading to its higher AUPR
value. This could be attributed to its effective utilization of PPI network information(/3).

(3) Compared to the Naive method, other models achieve a more significant advantage in the WFmax
metric other than Fmax, as improved predictive performance for rare annotations leads to higher
WF max scores. For example, in CCO, the Fmax of DeepGOZero (0.593) is close to Naive (0.565),
however, the WFmax of DeepGOZero (0.474) is far more than Naive (0.351). As we can see,
FAPM achieved both advantages in Fmax and WFmax, showing its proficiency in predicting both
common and rare GO annotations.

(4) The sequence-based deep learning method, DeepGOCNN, performed poorly across all three
GO domains. This suggests that using a basic convolutional neural network to encode protein
sequences may struggle to capture the most relevant information for protein function prediction.

(5) Compared to FAPMesmz-6som, FAPMesmz-ssom+prompe Performs better, especially in the bp and cc
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domain. We guess that the species information in the prompt is related to special functions. The
case of homologues proteins with distinct functions in Figure 3 supports our suspicions.
Inputting taxonomy (such as “Homo”) in the form of a prompt as exterior supplementary to the
language side of FAPM, we monitored the changes of the model’s generated abilities.
Encouragingly, we noticed improvements in the generated content, such as avoiding some basic
errors and enhancing the quality of our predictions. For instance, considering a pair of
homologous proteins, TRPV1 HUMAN and AOA452GR26 9SAUR, categorized as Homo and
Phasianus (a type of turkey) in the taxonomic hierarchy. They exhibit a high degree of similarity,
with a sequence similarity of 70.76% and a structural RMSD value down to 1.593. However, a
crucial difference lies in their abilities to function as capsaicin receptors (TRPV1), which is a
heat-activated cation channel that is modulated by inflammatory agents and contributes to acute
and persistent pain(30). As we know, the seeds of Capsicum plants are dispersed predominantly
by birds. In birds, the TRPV1 channel does not respond to capsaicin or related chemicals but
mammalian TRPV1 is very sensitive to it, in contrast, mammalian TRPV1 channels are
responsive to capsaicin due to their functional diversity and selective sensitivity, resulting in a
spicy taste sensation. The function of TRPV1 is associated with “behavioral response to pain”
(GO:0048266) in the GO system. With the species information, our model correctly annotated
TRPV1 _HUMAN with GO:0048266 while not for AOA452GR26_9SAUR, which is consistent
with the aforementioned knowledge.
The precision-recall curves of six methods on the test set of UniProtKB-SwissProt dataset are
plotted in Figure 4(A). It is worth noting that DeepGOCNN did not outperform the Naive method
by much, while other deep learning methods significantly surpassed the Naive method, especially
in the MFO domain. Interestingly, in the BPO domain, if one aims for high precision in prediction
results (at the cost of low recall), then DeepGraphGO is preferable. However, FAPM tends to
perform better in general. In the CCO domain, the precision-recall curve of the Naive method
crosses with that of other methods, indicating its prediction advantage in some cases (when recall
is around or below 0.5).
Figure 4(B) illustrates the relationship between the frequency of GO term occurrences and the
predictive performance of the models. We counted the occurrences of each GO term on the
training set and grouped them into five categories: 0-20, 20-50, 50-200, 200-1000, and 1000+.
The average F1 score for the predicted GO terms in each group was then calculated to compare
the performance of four models: DeepGraphGO, DeepGOZero, DeepGO-SE and FAPM. When
predicting high-frequency GO terms (1000+), the three methods show similar performance, with
FAPM slightly ahead. However, for GO terms occurring less than 1000 times, FAPM
demonstrates a more significant advantage, especially in BPO and CCO categories, highlighting
FAPM's strength in predicting rare GO terms.

MFO Frax (1) WFmax (1) AUPR (1)
Naive 0.292 0.18 0.148
DeepGOCNN 0.306 0.211 0.187
DeepGraphGO 0.501 0.441 0.382
DeepGOZero 0.523 0.474 0.416
DeepGO-SE 0.534 0.495 0.428
FAPMEgsm2-650M 0.569 0.536 0.45
FAPMESM2-650M+prOmpt 0.574 0.539 0.45

F APMEsM2-3B+prompt 0.586 0.556 0.462
BPO Frmax (1) WFmax (1) AUPR (1)
Naive 0.322 0.2 0.224
DeepGOCNN 0.339 0.216 0.236
DeepGraphGO 0.438 0.336 0.414
DeepGOZero 0.415 0.31 0.318
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DeepGO-SE 0.437 0.336 0.353
FAPMEsm2-650M 0.507 0.425 0.414
FAPMEsM2-650M+prompt 0.509 0.431 0.419
FAPMESM2-3B +prompt 0.527 0.453 0.438
CCO Frnax (1) WFmax (1) AUPR (1)
Naive 0.565 0.351 0.437
DeepGOCNN 0.586 0.448 0.457
DeepGraphGO 0.593 0.466 0.459
DeepGOZero 0.593 0.474 0.454
DeepGO-SE 0.651 0.571 0.519
FAPMEsm2-650m 0.673 0.609 0.533
F APMESsm2-650M+prompt 0.696 0.643 0.547
FAPMESM2-3B+pr0mpt 0.703 0.652 0.544

Table 1 Prediction results for MFO, BPO and CCO on the test set of UniProtKB Swiss-Prot
dataset.

¢~ behavioral response to pain

v <

e . ) M TRPVI_HUMAN
£ [T A0A4S2GR26 9SAUR

Structural alignment
, Sequence similarity: 70.76%
PN cuolb RMSD: 1.593

L R

L_f- 0
A0A452GR26_9SAUR

Figure 3 Case of functional prediction of homologous proteins from different species.
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219
220  Figure 4 Performance against other models. (A) Recall-precision curve of various methods for

221  Molecular Function, Biological Process and Cellular Component prediction on the test set of
222 UniProtKB Swiss-Prot dataset. (B) The relationship between the frequency of Gene Ontology
223 (GO) labels on the training set and the F1 scores of predictions on the test set of UniProtKB
224 Swiss-Prot dataset.

225
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The explainability of multi-modal representation

FAPM achieves better quality protein representations in terms of properties compared to
pretrained protein language model such as ESM2. Figure 5 visualizes the 2D projections of
proteins with specific functions from the test set of the Swiss-Prot dataset using UMAP(37). The
figure consists of three parts (A, B, and C), each comparing FAPM to ESM2. Part A focuses on
most common functions (proteins with multi functions removed), while parts B and C show
proteins annotated with similar and contrasting functions, respectively. In all three scenarios, the
representations derived from ESM2 exhibit weak clustering, whereas FAPM yields significantly
distinct and intriguing results. Specifically, part B (right) presents two closely positioned clusters,
and part C (right) presents two relatively wider separated clusters, demonstrating that our model
effectively captures the functional relationships of protein sequences. Overall, the representations
learned by FAPM not only outperform those of ESM2 but also align with intuitive expectations
about cluster distances, suggesting that our model successfully incorporates semantic information
from property descriptions.
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A UMAP of ESM2-3B embeddings UMAP of FAPM embeddings

v activity
cysteine-type deubiquitinase activity
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-
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ubiquitin protein ligase activity
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Figure S The comparisons of protein representations with specific GO functions between
ESM2 and FAPM. All samples are from test set of Swiss-Prot dataset. (A) proteins annotated
with most common functions. (B) proteins annotated with DNA/RNA binding (similar functions).
(C) proteins annotated with kinase/phosphatase activity (contrast functions).

Bacteriophage protein prediction cases

Predicting the functions of proteins without close homologs is challenging for both homology
search and Al-based methods. To fully exploit the potential of our model, we chose bacteria and
bacteriophage (phage) proteins to experimentally validate our predictions. Bacteria are the leading
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cause of pathogenic diseases and commensal microorganisms of human. Our understandings on

bacteria are largely based on model bacteria, yet Escherichia coli (E. coli)(32) and Bacillus

subtilis (B. subtilis)(33), representing Gram-negatives and Gram-positives, still requires vigorous
further investigation as more than half of their genes still need functional assignment. Phages

have an estimated population of 10°!, more than all other lives combined on earth. The

enormous population and variety of phage make their gene products largest reservoir of proteins

with unknown functions, which are impossible to be annotated manually based on current
experimental skill sets. We selected a wide range of bacteria and phage proteins, including those
from E. coli, B. subtilis, phages for common bacteria, and rare RNA phage. Out of the 29 proteins

(24 from phage and 5 from bacteria) selected, 3 recently assigned, and 5 are experimental

validated but not described in the database uniport (Supplementary Table S1).

we evaluated FAPM against other six methods in predicting experimental GO annotations of

bacteriophage proteins that mostly have no homology information available. Our analysis steps

are as follows:

(1) For these proteins, we conducted a search in the InterPRO database to obtain homology
information, and also assessed their similarity with sequences in Swiss-Prot. This analysis aids
in understanding the predictability of the sequence. For example, in InterPRO we can search
that Gp57B has been annotated [IPR009097 (Cyclic phosphodiesterase), which is defined as -
barrel domain consisting of a duplication of a 8/o/B/a/pB motif found in cyclic phosphodiesterase
(CNPase)(35-37). And this definition can be considered as GO:0016787 (hydrolase activity).
For similarity-based algorithms and Al algorithms, proteins with identifiable homology
information, like Gp57B, are relatively easier to predict. However, there are many other
proteins lacking homology information, such as Gp27, present a greater challenge for function
prediction.

(2) We employ various methods to predict protein functions, which can be classified into three
categories. The first category consists of a single method that utilizes the homology search
results from InterPRO for prediction, serving as our baseline method. The second category
includes DeepGOZero, which are based on sequence annotation. We excluded DeepGOCNN
due to its poor performance and DeepGraphGO because of the lack of protein interaction data.
The third category focuses on purely sequence or structure-based methods, such as Protelnfer,
ProtNLM, DeepFRI and AnnoPRO, all of which are trained on large scale datasets.

(3) It's important to note that, DeepGOZero, DeepGO-SE, ProtNLM, and AnnoPRO provide
probabilities for nearly all GO labels, prompting us to select the top 10 predictions based on
their scores. Protelnfer and DeepFRI only output the most likely predictions, so we did not
further filter their predictions, which could be either more or fewer than 10.

We tabulated the occurrences of experimental annotations on the bacteriophage proteins, with
"DNA binding" being the most frequent annotation, appearing 11 times. "RNA binding"
appeared twice, while "Nuclease activity," "Catalase activity," and "Peptidase inhibitor activity"
each appeared once. The recall, precision, and fl score for these annotations across various
methods are computed and presented in Table 2. However, due to the lack of predictive results
of some methods for some GO labels, part of results is therefore not given.

For prediction of DNA binding, FAPMeswmz-38+prompt achieved F1 score of 88%, followed by
DeepGO-SE with 69%. Notice that although both ProtNLM and DeepFRI have 100% precision,
their recall values are too low, resulting in lower F1 scores. In the case of RNA binding, FAPM
gave a successful prediction for Gp49, and none of the other methods gave a correct prediction
for this annotation. The remaining 3 annotations (“Nuclease activity”, “Catalase activity” and
“Peptidase inhibitor activity””) were successfully predicted by FAPM, whereas ProtNLM,
AnnoPRO and DeepGO-SE made accurate predictions for two of them.

The test results from these cases demonstrate that FAPM exhibits consistent and outstanding

performance in annotation prediction, even in some challenging cases.
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GO annotations Methods Recall Precision F1 score
InterPRO / / /
DeepGOZero / / /
Protelnfer / / /
ProtNLM 27% 100% 43%
DNA binding DeepFRI 18% 100% 31%
AnnoPRO 36% 67% 47%
DeepGO-SE 82% 69% 69%
FAPMESsM2-650M+prompt 82% 75% 78%
F APMESM2-3B+prompt 100% 79% 88%
InterPRO / / /
DeepGOZero / / /
Protelnfer 0% 0% 0%
ProtNLM 0% 0% 0%
RNA binding DeepFRI 0% 0% 0%
AnnoPRO 0% 0% 0%
DeepGO-SE 0% 0% 0%
F APMEsM2-650M+prompt 50% 33% 40%
FAPMESM2-3B+pr0mpt 50% 25% 33%
InterPRO 100% 100% 100%
DeepGOZero 33% 100% 50%
Protelnfer 33% 100% 50%
Others (Nuclease  p e\ 67%  100%  80%
activity, gata.lgse DeepFRI 0% 0% 0%
fgﬁ)ﬁ’r aeclt’i%i ta;s)e AnnoPRO 67%  100%  80%
DeepGO-SE 67% 100% 80%
FAPMESM2-650M+prompt 100% 100% 100%
F APMEsM2-3B+prompt 100% 100% 100%

Table 2 Recall, Precision and F1 Score of different methods for predicting GO terms of different
bacteriophage proteins.

Discussion

FAPM utilizes a protein pre-training model, ESM2, to extract sequence information. And by
aligning the sequence information with the natural language information, FAPM can use language
model Mistral-7b to generate functional text. Therefore, it is a sequence-based protein function
prediction model based on contrastive learning. In general, FAPM has three advancements in
field:

(1) Protein sequence is the only required input, and the output is easy to interpret due to the
utilization of a language model.

(2) Millions of protein domain data and hundreds of thousands of manually labeled data were
used for model training. Our model demonstrates superior performance when compared to the
alternative methods. While predicting the unannotated bacteriophage/bacteria proteins, our
model exhibits better accuracy and generalization capabilities in predicting non-homologous
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proteins.

(3) Users can interact conveniently with the model through prompt. In this study, we take
taxonomy information as a kind of prompt, which significantly enhances the coherence of the
output. Theoretically, more diverse prompts could be introduced to meet the demands of
complex real-world scenarios.

For comparison and testing purposes, we have temporarily restricted the text generated by the
model to the GO labelling system, which constrained the model’s flexibilities. However, FAPM
holds significant potential for further development, with appropriate improvements, it may make
richer predictions, including protein modification and generation. Moreover, enhancing the
overall performance can be conveniently achieved by utilizing more powerful protein models and
language models.

Materials and Methods

FAPM utilizes a Querying Transformer (Q-Former) to address the modality gap in frozen pre-
trained unimodal models. Q-Former are pre-trained in two stages: (1) protein-language
representation learning stage with a frozen protein encoder and (2) protein-to-language generative
learning stage with a frozen Large Language Model (LLM).

Methods

Model Architecture overview

Figure 1 shows a schematic procedure of FAPM, two frozen pre-train models connected by Q-
Former. Specially, we use ESM2 for protein sequence encoding and Mistral-7B(38) for text
generation due to their outstanding performance. Q-Former, initialized with pre-trained weights of
BERTbase(39), comprises transformer modules for extracting features from the frozen protein
model and encoding/decoding the text. The total learnable parameters in Q-Former amount to
approximately 188 million.

Protein Representation learning

In the representation learning stage, a raw amino acid sequence is first passed through ESM?2
(3B), producing 2560-dimensional protein embeddings for each amino acid. Simultaneously, a set
number of learnable query embeddings are generated as input to the Q-former along with the
sequence embeddings. The queries will interact with frozen protein features through cross-
attention structure and interact with input protein function text through self-attention structure. By
default, the number of queries is set to 32, its size (32 x 768) is significantly smaller than the size
of protein embeddings (sequence length x 2560) generated by ESM2 (3B). This approach enables
the model to learn more compact representations while decreasing the total number of parameters.
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351  Protein function generation learning

352 In the generation stage, we use LLM to generate functional labels such as GO terms. The GO file
353 is of version 1.4 (http://purl.obolibrary.org/obo/go/go-basic.obo), ensuring that the graph is

354  acyclic and allowing for the propagation of annotations up the graph. Specially, LLM processes
355  learned queries from stage 1, along with an additional taxonomy prompt, and then generates text
356  based on this information for molecular function, biological process, and cellular component.

357  Note that the learned queries are preceded by a full connected network, and the taxonomy prompt
358  can also be null.

359  Interms of the LLM option, instead of OPT-2.7B used in BLIP2, we choose Mistral-7B, a widely
360  used open-source large language model developed by Mistral Al, as a core component of FAPM,
361  due to its superior performance and better development ecosystem. Although Mistral-7B has over
362 twice the number of parameters than OPT-2.7B, the frozen nature of these parameters does not
363 impose a significant burden on the training and inference of the model.

364  We have included an additional input prompt, not primarily intended to enhance the model's

365  prediction accuracy. For instance, certain prompt categories (e.g., taxonomy) may not

366  substantially improve model performance. Our goal is to introduce interactivity and flexibility to
367  the model. In practical prediction scenarios, proteins are often accompanied by supplementary
368  information, which we aim for the model to engage with and comprehend through prompts,

369  resulting in more precise content. For instance, the inclusion of basic taxonomy information

370  prompts can lead to more reasonable output content and reduce the likelihood of conflicting

371 information.

372 Pre-Training Objectives

373 Inspired by BLIP2, we jointly optimize three pre-training objectives that share the same input
374  format and model parameters.

375  Protein-Text Contrastive Learning (PTC) aims to align the feature space of the protein encoder
376 and the text decoder, encouraging parallel protein-text pairs have higher similarity scores. This
377  objective has been demonstrated to be effective in ALBEF(40) in image-text learning task.

378  Language Modeling Loss (LM) assess the efficacy of the language model to generate function
379 text given a protein sequence. This metric quantifies the model's proficiency in forecasting the
380 likelihood of subsequent tokens in a sequence, based on the discrepancy between the predicted
381  probabilities and the actual token occurrences.

382 Protein-Text Matching (PTM) predicts whether a pair of protein and text is positive (matched)
383  or negative (not matched). We follow the negative sampling strategy(40), where negative pairs
384  with higher contrastive similarity in a batch have a higher chance to be sampled. It aims to learn
385  protein-text multimodal representation for protein-text pair that share similar semantics but differ
386  in fine-grained details.

387
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Datasets

UniProtKB/Swiss-Prot Dataset

We downloaded the Swiss-Prot version 2023 04(4), released on October 25, 2023, from the FTP
site (https://ftp.uniprot.org/pub/databases/uniprot/previous_releases/), which is a comprehensive
resource of protein sequence and annotation information. We filtered sequences shorter than 10 or
longer than 1024, then we divided these protein sequences into two parts, the portion
automatically annotated was utilized as pre-training samples along with the domain-scale
sequences, while the remaining part was used for fine-tuning. Experimental functional annotated
proteins can be filtered with evidence codes EXP, IDA, IPI, IMP, IGI, IEP, TAS, IC, HTP, HDA,
HMP, HGI and HEP, which contains 71239 reviewed and manually annotated proteins. To fine-
tune our model on this dataset and guarantee effective generalization to new proteins, we
partitioned the proteins into training, validation, and testing sets. We employed DIAMOND(47)
to compute sequence similarity, grouping the proteins based on their similarity before executing a
random split. Proteins with sequence identity exceeding 50% were grouped together, with 90% of
the groups allocated for training, 5% for validation, and 5% for testing. Table 3 shows the number
of samples under the sub-ontologies of GO in the pre-training and fine-tuning phase, as well as
the number of GO terms.

To improve the model's ability to learn domain-scale information from sequence, we pre-train the
model using domain data generated by InterPro. We utilized data version 95.0 (2023-07),
available for download from the InterPro FTP site (https://ftp.ebi.ac.uk/pub/databases/interpro/).
However, as these domain sequences are annotated with domain number (such as IPR000001), we
utilize the undergoing mapping provided by InterPro to assign GO terms to these sequences.

Stage MFO BPO CCo
Pre-training train 2173147 1631712 898685
train 34589 46422 45298

Fine-tuning val 1818 2454 2442

test 1858 2417 2388

terms 8242 21091 2985

Table 3 Summary of pre-training and fine-tuning dataset.

Instruction dataset

We use the protein-oriented instructions introduced by Mol-Instructions
(https://huggingface.co/datasets/zjunlp/Mol-Instructions), which covers 505K instructions
spanning five categories of tasks. These tasks aim to predict the structure, function, and activity of
proteins, and facilitate protein design based on textual directives. In this study, we exclude protein
design task due to model limitation. Performance evaluation is conducted using the ROUGE-
L(42) metric on all test samples to measure the quality of the model's output against reference
answers.
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422 Competing methods

423 A variety of compared methods are summarized in Table 4, from simplest naive methods to
424  newest state-of-the-art method DeepGO-SE(43). Al-based methods mainly rely on protein
425  features or protein sequences as inputs, supplemented with information like PPI or semantic
426  sometimes.

427  Naive baseline

428  In a straightforward scenario, we estimate the GO probability of each protein based on the

429  frequency of GO occurrences in the data. This basic approach offers advantages in predicting
430  high-frequency GO tags due to the imbalanced nature of GO category annotations and can serve
431  as abaseline called “naive” method(44). The prediction scores for GO class f in protein p are
432 computed as:

Ny
433 Sp.f) =
Ntotal

434 Where Ny is the number of training proteins annotated by GO class f and Ny, is a total number
435  of training proteins.

436  Other methods

437 W InterPRO is a resource that provides functional analysis of protein sequences by classifying

438 them into families and predicting the presence of domains and important sites through
439 collaboration with multiple member databases (referred to as member databases). Additionally,
440 InterPro provides detailed functional annotations as well as adding relevant GO terms that
441 enable automatic annotation of millions of GO terms across the protein sequence databases.
442 B DeepGOZero integrates protein function prediction with ELEmbeddings(45), a model-
443 theoretic approach for embedding ontologies into a distributed space. It uses InterPro domain
444 annotations as input and employs two layers of MLPBIlock to generate embeddings, then the
445 model learns the embedding space for GO classes using ELEmbeddings' loss functions.

446 W DeepGraphGO is a multi-species graph neural network-based method for protein function
447 prediction, designed to leverage sequence features (InterPRO domain annotations) and high-
448 order protein network information in an end-to-end manner.

449 B Protelnfer predicts protein function directly from unaligned amino acid sequences using deep
450 convolutional neural networks. This method could predict Enzyme Commission (EC) numbers
451 and Gene Ontology (GO) terms, while also placing amino acid sequences into a functional
452 space to assist in downstream analysis and interpretation.

453 W ProtNLM aimed to develop a model that connects amino acid sequences with natural language
454 descriptions of their functional properties. This model was trained to predict free text captions
455 describing these properties. Expert curators evaluated model predictions, leading to
456 performance enhancements. The refined model was then used to predict protein names for
457 around 49 million unknown proteins, now included in the UniProt database.

458 W DeepFRI(46) is a Graph Convolutional Network that predicts protein functions by utilizing
459 sequence features from a protein language model and structures. DeepFRI uses LSTM(47)
460 language model to extract residue-level features of PDB(48) sequence and GCN(49) with three
461 graph convolutional layers to learn complex structure—function relationships.

462 B AnnoPRO(50) incorporates sequence-based multi-scale protein representation, dual-path
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463 protein encoding through pre-training, and function annotation using long short-term memory-
464 based decoding. It aims to address the challenge of long-tail problem(57).
465 W DeepGO-SE predicts GO functions from protein sequences. It integrates a pre-trained protein
466 language model with a neuro-symbolic model that leverages GO axioms to perform protein
467 function prediction through approximate semantic entailment.
468

Methods Input

Naive Statistic information

InterPRO Homology information

DeepGraphGO Protein features and PPI information

DeepGOZero Protein features and semantic information

DeepGO-SE Protein features and semantic information

DeepGOCNN Sequence

Protelnfer Sequence

ProtNLM Sequence

AnnoPRO Sequence

DeepFRI Sequence and structure

Mol-Instructions Sequence
469  Table 4 Summary of comparable methods.
470

471 Experimental settings

472 We train and evaluate models for each of the sub-ontologies of GO separately. Initially, our

473 methodology employs millions of domain level sequences and several hundred thousand

474  automatically annotated full-chain level sequences in pre-training phase. This phase encompasses
475  atwo-stage training process: a 5-epoch protein-text alignment training, followed by a 5-epoch

476  training focused on generating protein functional text outputs. Subsequently, model selection is
477  guided by the validation set's performance metrics. Building upon the pre-trained model, we

478  further refine its performance through a 5-epoch fine-tuning process, utilizing manually annotated
479  data and adopting a lower learning rate of 1e-5.

480 Evaluation metrics

481  To summarize model performance as a single scalar, we compute the Fmax, AUPR and WFmax.
482 Fmax, the maximum F1 score (the geometric mean of precision and recall) across all thresholds, is
483  protein-centric, which has been used in CAFA as the main evaluation metric(52). AUPR, the area
484  under the precision-recall curve, is pair-centric and widely used for performance evaluation of
485  multi-label classification including automated function prediction(/ 7, 53). WFmax is weighted

486  version of Fmax, and the weight of GO annotation is calculated as information accretion (IA)(54).
487
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Demo:
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Figures and Tables

Figure 1 The overview of the framework of FAPM. In the Sequence-and-Language
Representation Learning stage, FAPM use ESM2 to encode protein sequence and Q-Former to
align them with function text (GO terms). In the Sequence-to-Language Generative Learning
stage, Mistral-7B processes the learned queries from the prior stage, optionally incorporating
prompts (taxonomy), to generate GO term predictions (MFO, BPO and CCO) with associated
probabilities. The protein domain dataset from the InterPRO database and reviewed proteins from
the UniProt database are utilized to enhance prediction performance.

Figure 2 Performance against other language models. (A) The performance comparison on
protein understanding tasks. (B) Examples of predicting protein function using instructions.

Figure 3 Case of functional prediction of homologous proteins from different species.
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Figure 4 Performance against other models. (A) Recall-precision curve of various methods for
Molecular Function, Biological Process and Cellular Component prediction on the test set of
UniProtKB Swiss-Prot dataset. (B) The relationship between the frequency of Gene Ontology
(GO) labels on the training set and the F1 scores of predictions on the test set of UniProtKB
Swiss-Prot dataset.

Figure 5 The comparisons of protein representations with specific GO functions between
ESM2 and FAPM. All samples are from test set of Swiss-Prot dataset. (A) proteins annotated
with most common functions. (B) proteins annotated with DNA/RNA binding (similar functions).
(C) proteins annotated with kinase/phosphatase activity (contrast functions).

Table 1 Prediction results for MFO, BPO and CCO on the test set of UniProtKB Swiss-Prot
dataset.

Table 2 Recall, Precision and F1 Score of different methods for predicting GO terms of different
bacteriophage proteins.

Table 3 Summary of pre-training and fine-tuning dataset.

Table 4 Summary of comparable methods.

Supplementary Materials

Table S1 The experimentally verified bacteriophage and bacteria proteins that are unannotated in
UniProt. Proteins are bacteriophage protein unless listed otherwise.

Name location Functional labels

Gp4l  cytosol DNA binding; protein-protein interaction

Gp44  cytosol DNA binding

Gp45  cytosol DNA binding

Gp46  cytosol Protein-protein interaction

Gp49  cytosol RNA binding

Gp60  cytosol Protein-protein interaction

Gp33  cytosol Protein-protein interaction

Gp27  cytosol DNA binding

Gp35.1 cytosol Toxin activity

RpbA  cytosol Protein-protein interaction

Exod  cytosol Dual nuclease activity

Gp57B  cytosol Catalase activity

Pin cytosol Peptidase inhibitor activity; Protein-protein interaction
Mrh cytosol DNA binding; Protein-protein interaction

Cef cytosol RNA binding; Protein-protein interaction

MsyB  cytosol Protein-protein interaction, E. coli

YciZ cytosol Signal transduction; Protein-protein interaction, B. subtilis

YlaB inner membrane  Signal transduction; Protein-protein interaction, B. subtilis
Ysdb inner membrane Signal transduction; Protein-protein interaction, B. subtilis
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RsiW  transmembrane  Signal transduction; Protein-protein interaction, B. subtilis

Gp2 cytosol Protein-protein interaction
Gp6 cytosol DNA binding
Gp8 cytosol DNA binding
Gpl2  cytosol DNA binding
ssl DNA binding
sm2 cytosol Protein-protein interaction
sl cytosol Protein-protein interaction
75 cytosol DNA binding
235 cytosol DNA binding

658
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Instruction: Analyze the following amino acid sequence, and determine
the function of the resulting protein, its subcellular localization, and any
biological processes it may be part of:

Input:
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Output (ground truth): The protein characterized by the amino acid
sequence demonstrates ATP binding, cytidylate kinase activity, uridylate
kinase activity and is implicated in the 'de novo' pyrimidine nucleobase
biosynthetic process, phosphorylation, pyrimidine nucleotide biosynthetic
process. Its subcellular localization is primarily within the cytoplasm,
nucleus.

Output (FAPM): Based on the given amino acid sequence, the protein
appears to have a primary function of atp binding, cmp kinase activity,
ump kinase activity. It is likely involved in the 'de novo' pyrimidine
nucleobase biosynthetic process, phosphorylation, pyrimidine nucleotide
biosynthetic process, uridine metabolic process, and its subcellular
localization is within the cytoplasm, nucleus.

Output (Mol-Instructions): Based on the given amino acid sequence, the
protein appears to have a primary function of ATP binding, cytidylate
kinase activity, UMP kinase activity. It is likely involved in the 'de novo'
pyrimidine nucleobaseline cyclization, pyrimidine ribonucleoside
biosynthetic process, uridine metabolic process, UMP catabolic process,
and its subcellular localization is within the cytoplasm.
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