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ABSTRACT

Proteins, central to biological systems, exhibit complex interactions between
sequences, structures, and functions shaped by physics and evolution, posing a
challenge for accurate function prediction. Recent advances in deep learning
techniques demonstrate substantial potential for precise function prediction
through learning representations from extensive protein sequences and structures.
Nevertheless, practical function annotation heavily relies on modeling protein
similarity using sequence or structure retrieval tools, given their accuracy and
interpretability. To study the effect of inter-protein similarity modeling, in
this paper, we comprehensively benchmark the retriever-based methods against
predictors on protein function tasks, demonstrating the potency of retriever-based
approaches. Inspired by these findings, we first introduce an innovative variational
pseudo-likelihood framework, ProtIR, designed to improve function prediction
through iterative refinement between predictors and retrievers. ProtIR combines the
strengths of both predictors and retrievers, showcasing around 10% improvement
over vanilla predictor-based methods. Additionally, it delivers performance on
par with protein language model-based methods, yet without the need for massive
pre-training, underscoring the efficiency of our framework. We also discover that
integrating structural information into protein language model-based retrievers
significantly enhances their function annotation capabilities. When ensembled with
predictors, this approach achieves top results in two function annotation tasks.

1 INTRODUCTION

Proteins, being fundamental components in biological systems, hold a central position in a myriad of
biological activities, spanning from catalytic reactions to cell signaling processes. The complexity of
these macromolecules arises from the intricate interactions between their sequences, structures, and
functionalities, influenced by both physical principles and evolutionary processes (Sadowski & Jones|
2009)). Despite decades of research, understanding protein function remains a challenge, with a large
portion of proteins either lacking characterization or having incomplete understanding of their roles.

Recent progress in Next Generation Sequencing (NGS) technology (Behjati & Tarpeyl, 2013 and
breakthroughs in structure prediction tools (Jumper et al., 2021) have facilitated the accumulation
of a vast repository of protein sequences and structures. Harnessing these extensive data, protein
representation learning from sequences or structures has emerged as a promising approach for
accurate function prediction. Sequence-based methods treat protein sequences as the language of life
and train protein language models on billions of natural protein sequences (Elnaggar et al., 2021}
2023 |Rives et al.} 2021} |Lin et al., [2023)), while structure-based methods model protein structures
as graphs and employ 3D graph neural networks to facilitate message passing between various
residues (Gligorijevié et al.,2021;|Zhang et al.,[2023a; |[Fan et al.| 2023).

Despite the impressive performance of machine learning techniques in predicting protein functions,
practical function annotation primarily relies on modeling the similarity between different
proteins. This is achieved through the use of widely adopted sequence comparison tools such
as BLAST (McGinnis & Madden, 2004; (Conesa et al., |2005). These tools operate under the
evolutionary assumption that proteins with similar sequences likely possess similar functions,
offering interpretability by identifying the most closely related reference example for function
prediction (Dickson & Mofrad, 2023). Beyond function prediction by retrieving similar sequences,
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a probably more plausible assumption is that proteins with similar structures also exhibit similar
functions, as protein structures have a more direct influence on determining function (Roy et al.|
2015). Recent advancements in structure retrievers (van Kempen et al.| [2023)), along with progress in
structure prediction protocols (Jumper et al., 2021} |Lin et al.| 2023)), have paved the way to explore
function prediction methods based on various structure retrievers.

To study the effect of inter-protein similarity modeling, in this paper, we comprehensively benchmark
various sequence and structure retriever-based methods against predictor-based approaches on
standard protein function annotation tasks, namely Enzyme Commission number and Gene Ontology
term prediction. To address the need for robust neural structure retrievers, we introduce a novel
strategy wherein we train general protein structure encoders on fold classification tasks, ensuring
that the resulting protein representations encapsulate essential structural insights. The experimental
results show that retriever-based methods can yield comparable or superior performance compared to
predictor-based approaches without massive pre-training. However, it remains a challenge to design a
universal retriever that can match the state-of-the-art performance of predictor-based methods across
all functions, regardless of whether the retriever is based on sequences or structures.

Inspired by the principles of retriever-based methods in modeling inter-protein similarity, we introduce
two distinct strategies aimed at enhancing function prediction accuracy for predictors, with and
without protein language models (PLMs), respectively. We first present an innovative variational
pseudo-likelihood framework to model the joint distribution of functional labels across different
proteins, ultimately improving predictors without massive pre-training. Utilizing the EM algorithm
to optimize the evidence lower bound, we develop an iterative refinement framework that iterates
between function predictors and retrievers. This flexible framework, named ProtIR, harnesses the
advantages of both protein predictors and retrievers and can be applied to any protein encoder. Our
experimental results on two state-of-the-art protein structure encoders, GearNet (Zhang et al. 2023a)
and CDConv (Fan et al.| [2023)), clearly demonstrate that the ProtIR framework improves vanilla
predictors by an average improvement of approximately 10% across different datasets. Moreover, it
achieves comparable performance to protein language model-based methods without large-scale pre-
training, underscoring the efficacy of our approach. For enhancing PLM-based methods, we propose a
time-efficient alternative. We show that complementing a PLM-based retriever with structural insights
makes it better capture protein functional similarity, significantly improving its performance. An
ensemble of this enhanced PLM-based retriever and predictor achieves state-of-the-art results in two
function annotation tasks, demonstrating the effect of combining inter-protein structural similarity
with PLM-based approaches. Our contributions are three-fold:

1. We systematically evaluate retriever- and predictor-based methods and introduce a novel approach
for training general protein structure retrievers based on arbitrary protein encoders.

2. We formulate an iterative refinement framework, ProtIR, that operates between predictors and
retrievers, significantly enhancing the predictors without massive pre-training.

3. We novelly find that injecting structural details to PLM-based retrievers improves their ability to
annotate functions. This method, ensembled with predictors, achieves top results in two tasks.

2 FUNCTION PREDICTION WITH RETRIEVER-BASED METHODS

2.1 PRELIMINARY

Proteins. Proteins are macromolecules formed through the linkage of residues via dehydration
reactions and peptide bonds. While only 20 standard residue types exist, their exponential
combinations play a pivotal role in the extensive diversity of proteins found in the natural world. The
specific ordering of these residues determines the 3D positions of all the atoms within the protein,
i.e., the protein structure. Following the common practice, we utilize only the alpha carbon atoms
to represent the backbone structure of each protein. Each protein @ can be expressed as a pair of
a sequence and structure, and is associated with function labels y € {0, 1}"¢, where there are n,.
distinct functional terms, and each element indicates whether the protein performs a specific function.

Problem Definition. In this paper, we delve into the problem of protein function prediction. Given
a set of proteins xy = @, |y and the labels y;, of a few labeled proteins L C V, our objective
is to predict the labels yg; for the remaining unlabeled set U = V'\ L. Typically, methods based on
supervised learning train an encoder denoted as v to maximize the log likelihood of the ground truth
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labels in the training set, known as predictor-based methods. This optimization can be formulated as:

maxy logpy(yr|er) = D ner Yn 108Dy (YnlTn) + (1 — yn)log(1 — py(ynlzn)), (1)

where py, (Y, |€,) = o (MLP(¢)(2,,))), and o(-) represents the sigmoid function. The ultimate goal is
to generalize the knowledge learned by the encoder to unlabeled proteins and maximize the likelihood
py (Yo |zy) for the function labels in the test set.

2.2 RETRIEVER-BASED FUNCTION PREDICTION

Despite the success of machine learning in protein function prediction, practical annotation often uses
sequence similarity tools like BLAST (Altschul et al.,|[1997; |Conesa et al.,|2005). These methods,
based on the assumption that similar sequences imply similar functions, offer interpretability by
presenting closely related reference examples for function prediction.

These retriever-based methods exhibit a close connection with kernel methods commonly studied in
machine learning (Shawe-Taylor & Cristianini, [2003)). In this context, the prediction for an unlabeled
protein ¢ € U leverages the labels from the labeled set L through the following expression:

Ui =3 jen o K@i x)) -y, with K@, @) = K@i, 2,) /3 e, ) K@i m) ()

where the kernel function (-, -) quantifies the similarity between two proteins, and Ny (i) C L
represents the top-k most similar proteins to protein ¢ in the labeled set. For efficiency, we consider
only a subset of labeled proteins and re-normalize the similarity within the retrieved set N (7). It is
important to note that various methods differ in their specific definitions of the similarity kernel.

2.3 NEURAL STRUCTURE RETRIEVER

While sequence retrievers are popular, the assumption that structurally similar proteins share functions
is more plausible due to the direct impact of structure on function (Roy et al.l 2015). Recent
developments in structure retrievers and prediction protocols like AlphaFold2 (Jumper et al., 2021)
have opened up promising avenues for exploring various structure-based retrieval methods.

Moving beyond traditional retrievers that compare protein structures in Euclidean space, we adopt
advanced protein structure representation learning techniques. Our method uses a protein structure
encoder to map proteins into a high-dimensional latent space, where their similarities are measured
using cosine similarity. To guarantee that these representations reflect structural information, we
pre-train the encoder on a fold classification task (Hou et al.,|2018)) using 16,712 proteins from 1,195
different folds in the SCOPe 1.75 database (Murzin et al., [1995). This pre-training helps ensure
proteins within the same fold are similarly represented.

Formally, our objective is to learn a protein encoder ¢ through pre-training on a protein database x p
with associated fold labels ¢p. The encoder optimization involves maximizing the log likelihood:

maxy logps(cplEp) =D, cp 2 clen = c]logpg(c, = clx,). 3)
Subsequently, we define the kernel function in (2)) as a Gaussian kernel on the cosine similarity:
K@i, ;) = exp(cos(p(x:), d(h;))/T), )

where 7 serves as the temperature parameter, controlling the scale of similarity values and is typically
set to 0.03 in practice. In this work, we will consider GearNet (Zhang et al.,2023a) and CDConv (Fan
et al.,|2023) as our choice of encoder ¢. A notable advantage of these neural retrievers over traditional
methods is their flexibility in fine-tuning for specific functions, as will discuss in next section.

3  PROTIR: ITERATIVE REFINEMENT BETWEEN PREDICTOR AND RETRIEVER

Retriever-based methods offer interpretable function prediction, but face challenges in accurately
predicting all functions due to the diverse factors influencing protein functions. Predictor-based
methods, on the other hand, excel by using labeled data to learn and predict functions for new proteins.
To combine the best of both, in this section, we introduce an iterative refinement framework based on
the EM algorithm, alternating between function predictors and retrievers. In the E-step, we fix the
retriever ¢ while allowing the predictor ) to mimic the labels inferred from the retriever, improving
the precision of function prediction with inter-protein similarity. In the M-step, we freeze the predictor
1) and optimize the retriever ¢ with the labels inferred from the predictor as the target, effectively
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Figure 1: Overview of ProtIR. In the E-step and M-step, the neural predictor 1/ and retriever ¢ are
trained, respectively, and their predictions iteratively refine each other. Before iterative refinement, the
predictor ¢ and retriever ¢ are pre-trained on function prediction and fold classification, respectively.

distilling the predictor’s global protein function knowledge into the retriever. This collaborative
process mutually strengthens the performance of both the predictor and retriever.

3.1 A PSEUDOLIKELIHOOD VARIATIONAL EM FRAMEWORK

The effectiveness of retriever-based methods highlights the importance of modeling the relationship
between proteins. Therefore, our framework is designed to model the joint distribution of observed
function labels given the whole protein set, denoted as p(y |y ). However, directly maximizing
this log-likelihood function is challenging due to the presence of unobserved protein function labels.
Thus, we opt to optimize the evidence lower bound (ELBO) of the log-likelihood function instead:

p(yLlev) = Eqyy e log p(yr, yulzyv) — log ¢(yu|zu)], ©)
where ¢(yu|xy) denotes a proposal distribution over y;;. The equality is achieved when the proposal
distribution aligns with the posterior distribution, i.e., ¢(yu|zy) = p(yulyr, Tv).

The ELBO is maximized through alternating optimization between the model distribution p (M-
step) and the proposal distribution g (E-step). In the M-step, we keep the distribution ¢ fixed and
optimize the retriever-based distribution p to maximize the log-likelihood function. However, direct
optimization involves calculating the partition function in p, which is computationally intensive. To
circumvent this, we optimize the pseudo-likelihood function (Besag, |[1975):

Eq(yulzo)logp(yr, yulev)] = Eqyyja0) Doner 102 P(Ynlv, yy\n)] (6)

In the E-step, we hold the distribution p fixed and optimize ¢ to minimize the KL divergence
KL(q(yu|zv)||lp(yu|ey,yr)), aiming to tighten the lower bound.

3.2 PARAMETERIZATION

We now discuss how to parameterize the distributions p and ¢ with retrievers and predictors,
respectively. For the proposal distribution g, we adopt a mean-field assumption, assuming
independence among function labels for different proteins. This leads to the factorization:

qp(yulzo) = I cv @ (YnlTn), @)

where each term gy (Y, |,,) is parameterized using an MLP head applied to the representations
outputted from a protein encoder ¢ as introduced in Sec.

On the other hand, the conditional distribution p(y, |y, yy\») aims to utilize the protein set v
and other node labels yy-\,, to characterize the label distribution of each protein n. This formulation
aligns naturally with a retriever-based method by retrieving similar proteins from the labeled set.
Hence, we model pg(yn|Tv, yv\,) With a retriever ¢ as in and (E[) to effectively model the

4



Under review as a conference paper at ICLR 2024

relationship between different proteins. In the following sections, we elaborate on the optimization of
both the predictor distribution ¢, and the retriever distribution pg.

3.3 E-STEP: PREDICTOR OPTIMIZATION

In the E-step, we keep the retriever ¢ fixed and optimize the predictor 1) to maximize the evidence
lower bound, allowing the retriever’s understanding of global protein relationships to be distilled
into the predictor. The goal is to minimize the KL divergence between the proposal distribution and
the posterior distribution, expressed as , KL(qy (yu|zuv)||pg (Yu |2y, yr)). Directly optimizing this
divergence proves challenging due to the reliance on the entropy of gy, (yy |z ), the gradient of which
is difficult to handle. To circumvent this, we adopt the wake-sleep algorithm (Hinton et al., [1995) to
minimize the reverse KL divergence, leading to the following objective function to maximize:

—KL(po(yulzv, yo)llay (yulzv)) = Ep, (yy|ey yi) 108 @y (Yulzu)] + const ®)
= nev Epy(ynlwv y) (108 @y (Yn|xn)] + const,  (9)

where const denotes the terms irrelevant with 1. This is more tractable as it avoids the need
for the entropy of ¢y (yu|zy). To sample from the distribution pg(yu|xy, Y1), we annotate the
unlabeled proteins by employing ¢ to retrieve the most similar proteins from the labeled set using
(2). Additionally, the labeled proteins can be used to train the predictor and prevent catastrophic
forgetting (McCloskey & Cohenl |{1989). Combining this with the pseudo-labeling objective, we
arrive at the final objective function for training the predictor:

[ E-step: maxy 30, cp By, (y, oy ) 108 4w (Unl®n)] + 2, 108 4y (Yn|®n)- ]
(10)

Intuitively, the second term is a supervised training objective, and the first term acts as a knowledge

distillation process, making the predictor align with the label distribution from the retriever.

3.4 M-STEP: RETRIEVER OPTIMIZATION

In the M-step, our objective is to keep the predictor v fixed and fine-tune the retriever ¢ to maximize
the pseudo-likelihood, as introduced in (6). Similar to Sec. we sample the pseudo-labels ¢ from
the predictor distribution gy, for unlabeled proteins. Consequently, the pseudo-likelihood objective
can be reformulated as follows:

> e 10816 (UnlTv, YL, Yun) + D ncr 108 e (YnlTv, Yr\n, YU)- (11)
Again, the first term represents a knowledge distillation process from the predictor to the retriever via
all the pseudo-labels, while the second is a straightforward supervised loss involving observed labels.

The optimization of the retriever distribution py involves learning the kernel functions K(-, ) by
aligning representations of proteins with identical function labels and pushing apart those with
different labels. One potential approach to the problem is supervised contrastive learning (Khosla
et al.| 2020). However, defining and balancing positive and negative samples in contrastive learning
becomes challenging when dealing with the multiple binary labels in (TI). To simplify the training
of the retriever ¢, we transform the contrastive learning into a straightforward multiple binary
classification problem akin to the predictor ¢). We accomplish this by introducing an MLP head over
the representations outputted by ¢, denoted as g (Y, |x,) = o (MLP(¢p(x,,))) and optimize it using
binary cross entropy loss as outlined in (I). Formally, the M-step can be expressed as:

M-step:  maxy Y. ;108 Py (YnlTn) + >, 1 108 Py (Ynl|xn).

(12)
By training the model for binary classification, proteins with similar function labels are assigned with
similar representations, enhancing the distinction between various function classes. During inference,
we integrate the trained retriever ¢ back into the orignial formulation in (2).

Finally, the workflow of the EM algorithm is summarized in Fig.[T]and Alg.[T] In practice, we start
from a pre-trained predictor g, using labeled function data as in (1)) and a retriever p infused with
structrual information from the fold classfication task as in (3). We use validation performance as a
criterion for tuning hyperparameters and early stopping. The iterative refinement process typically
converges within five rounds, resulting in minimal additional training time.
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4 RELATED WORK

Protein Representation Learning. Previous research focuses on learning protein representations
from diverse modalities, including sequences (Lin et all 2023)), multiple sequence alignments
[2021), and structures (Zhang et al.,[2023a). Sequence-based methods treat protein sequences
as the fundamental language of life, pre-training large models on billions of sequences
2019; [Elnaggar et al} 2021} [Rives et al.[2021)). Structure-based methods capture different levels of
protein structures, including residue-level (Gligorijevic€ et al., 2021}, [Zhang et al.} 20234), atom-level
structures (Jing et al}, 2021} [Hermosilla et al., 2021)), and protein surfaces (Gainza et al., [2020).
Diverse self-supervised learning algorithms have been developed to pre-train structure encoders, such
as contrastive learning (Zhang et al, 2023a)), self-prediction (Chen et al.} 2022), denoising score

matching 2022), and diffusion 2023c). Recent efforts have been devoted to
integrating sequence- and structure-based methods (Wang et al} 2022} [Zhang et all,[2023D).

Retriever-Based Methods. Retriever-based methods, starting with the k-nearest neighbors (k-

NN) approach (Fix & Hodges), [1989; [Cover & Hart, [1967), represent a critical paradigm in the

field of machine learning and information retrieval, with application in text (Khandelwal et al.,
2020} Borgeaud et al.| 202T)), image (Papernot & Mcdaniel, 2018, [Borgeaud et al., 2021), and video
generation (Jin et al., 2023). Designing protein retrievers to capture similar evolutionary and structural
information has been an important topic for decades (Chen et al., 2018)). These retrievers can be
employed for improving function annotation (Conesa et al.} [2005; Ma et all,[2023} [Yu et al.} [2023).

In this study, we take the first systematic evaluation of modern methods from both categories for
function annotation. Different from existing works, we develop a simple strategy to train a general
neural structure retriever. Moreover, we propose a novel iterative refinement framework to combine
the predictor- and retriever-based methods, maximizing the utility of scarce function labels.

5 EXPERIMENTS

In this section, we address two main research questions: the advantages of both predictor- and
retriever-based methods, and how retriever-based insights can enhance predictor-based methods. To
tackle these questions, experiments are conducted on function annotation tasks (see Sec.[5.I). For the
first question, we benchmark standard baselines from both approaches (Sec.[5.2). For the second, we
explore incorporating inter-protein similarity in predictors, first by applying the ProtIR framework to
pre-trained predictors without pre-training (Sec.[5.3), and then by adding structural information to
predictors with protein language models (Sec. [5.4).

5.1 EXPERIMENTAL SETUP

We evaluate the methods using two function annotation tasks in [Gligorijevi¢ et al| (2021). The
first task, Enzyme Commission (EC) prediction, involves predicting the EC numbers for proteins,
indicating their role in biochemical reactions, focusing on the third and fourth levels of the EC
tree [1992). The second task, Gene Ontology (GO) prediction, determines if a protein is
associated with specific GO terms, classifying them into molecular function (MF), biological process
(BP), and cellular component (CC) categories, each reflecting different aspects of protein function.

To ensure a rigorous evaluation, we follow the multi-cutoff split methods outlined in
(2021)). Specifically, we ensure that the test set only contain PDB chains with a sequence identity of

no more than 30%, 50%, and 95% to the training set, aligning with the approach used inWang et al.|
(2022). The evaluation of performance is based on the protein-centric maximum F-score, denoted as

Fumax, @ commonly used metric in the CAFA challenges (Radivojac et al.,[2013). Details in App.

5.2 BENCHMARK RESULTS OF PREDICTOR- AND RETRIEVER-BASED METHODS

Baselines. We select two categories of predictor-based baselines for comparison: (1) Protein Encoders
without Pre-training: This category includes four sequence-based encoders (CNN, ResNet, LSTM
and Transformer (Rao et al}2019))) and three structure-based encoders (GCN (Kipf & Welling| 2017),
GearNet (Zhang et al.,[2023a), CDConv 2023)). (2) Protein Encoders with Massive Pre-
training: This includes methods based on protein language models (PLM) pre-trained on millions to
billions of protein sequences, such as DeepFRI (Gligorijevic et al., 2021)), ProtBERT-BFD
2021), ESM-2 2023) and PromptProtein (Wang et al.l 2023). Due to computational

constraints, we exclude ESM-2-3B and ESM-2-15B from the benchmark.
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Table 1: Fy,x on EC and GO prediction with predictor- and retriever-based methods.

Method PLM EC GO-BP GO-MF GO-CC
30%  50%  95% 30% 50%  95% 30%  50%  95% 30%  50%  95%
CNN 0.366 0372 0.545 0.197 0.197 0.244 0238 0.256 0.354 0.258 0.260 0.387
ResNet 0.409 0.450 0.605 0230 0.234 0280 0282  0.308 0.405 0277 0.280 0.304
< LST™M 0.247 0270 0.425 0.194  0.195 0.225 0223 0245 0.321 0263 0.269 0.283
] Transformer X 0167 0.175 0238 0267 0262 0.264 0.184 0.195 0.211 0.378 0.388 0.405
A GCN 0245 0246 0.320 0251 0248 0.252 0.180 0.187 0.195 0318 0320 0.329
E GearNet 0.700 0.769 0.854 0.348 0359 0.406 0482 0525 0.613 0.407 0.418 0.458
-_E CDConv 0.634 0.702  0.820 0.381 0.401 0.453 0.533 0.577 0.654 0.428 0.440 0.479
E DeepFRI 0.470 0.545 0.631 0361 0371 0.399 0.374 0.409 0.465 0.440 0.444  0.460
ProtBERT-BFD v 0.691 0.752 0.838 0.308 0321  0.361 0.497 0.541 0.613 0.287 0.293  0.308
ESM-2-650M 0.763  0.816 0.877 0423 0438 0.484 0.563  0.604 0.661 0.497 0.509 0.535
PromptProtein 0.765 0.823 0.888 0.439 0.453 0.495 0.577  0.600 0.677 0.532 0.533 0.551
MMseqs 0.781 0.833 0.887 0.323 0359 0.444 0.502  0.557 0.647 0237 0255 0.332
= BLAST 0.740  0.806 0.872 0.344 0373 0.448 0.505 0.557 0.640 0275 0284 0.347
2 PSI-BLAST 0.642 0.705 0.798 0.341 0364 0.442 0.433 0482 0.573 0.354 0365 0.420
= TMAlign 0.674 0.744 0817 0.403  0.426 0.480 0.487 0.533  0.597 0.410 0.424 0.456
) Foldseek X 0781 0834 0885 0.328 0.359 0435 0.525 0573  0.651 0245 0254 0312
2 Progres 0.535 0.634 0.727 0.353 0379 0.448 0.428 0.480 0.573 0.374 0390 0.438
‘E GearNet w/ struct. 0.671 0.744 0.822 0.391 0419 0482 0.497 0.548 0.626 0.377 0387 0.434
& CDConv w/ struct. 0.719 0.784 0.843 0.409 0.434 0.494 0.536 0.584 0.661 0.387 0397 0438

ESM-2-650M v 0.585 0.656 0.753 0.398 0.415 0.477 0.462 0.510 0.607 0.427 0.436 0.472
TM-Vec 0.676 0.745 0.817 0.377 0399 0.461 0.552 0.593 0.663 0.328 0328 0.369

“ Red: the best results among all; blue: the second best results among all; bold: the best results within blocks.
" Two proposed neural retrievers are denoted as GearNet w/ struct. and CDConv w/ struct., respectively.

For retriever-based methods, we considered retrievers with and without protein language models.
For those without PLMs, we select three sequence retrievers, MMSeqs (Steinegger & Soding, [2017)),
BLAST (Altschul et al., [1990) and PSI-BLAST (Altschul et al.,|1997), and three structure retrievers,
TMAlign (Zhang & Skolnick, [2005)), Foldseek (van Kempen et al.| 2023)) and Progres (Greener &
Jamali, 2022). Additionally, we train two neural structure retrievers by using GearNet and CDConv
on fold classification tasks as in (E[) For retrievers with PLMs, we consider using ESM-2-650M (Lin
et al.| 2023)) and recently proposed TM-Vec (Hamamsy et al., |2023) for retrieving similar proteins.

Training. For predictor-based methods, except for GearNet and ESM-2-650M, all results were
obtained from a previous benchmark (Zhang et al.| 2023a). We re-implement GearNet, optimizing it
following CDConv’s implementation with a 500-epoch training, leading to significant improvements
over the original paper (Zhang et al., 2023a)). For ESM-2-650M, we fine-tune the model for 50 epochs.
For GearNet and CDConv retrievers, we train them on the fold dataset for 500 epochs, selecting the
checkpoint with the best validation performance as the final retrievers. Detailed training setup for
other retriever-based methods is provided in App.[E:2] All these models are trained on 1 A100 GPU.

Results. The benchmark results are presented in Table (1] Here is an analysis of the ﬁndingsﬂ

Firstly, retriever-based methods exhibit comparable or superior performance to predictor-based
methods without pre-training. A comparison between the first and third blocks in Table [T reveals
that retrievers can outperform predictors even without training on function labels. This supports the
hypothesis that proteins sharing evolutionary or structural information have similar functions.

Secondly, when fine-tuned, predictor-based methods using Protein Language Models (PLMs)
significantly outperform retrievers. This aligns with the principle that deep learning techniques
efficiently leverage large pre-training datasets, enabling neural predictors to capture more evolutionary
information than traditional, hard-coded retrievers.

Thirdly, contrary to expectations, structure retrievers do not always outperform sequence retrievers.
As shown in the third block of the table, sequence retrievers like MMSeqs and BLAST perform better
than structure retrievers like GearNet and CDConv on EC tasks but are less effective for GO tasks.
This discrepancy may underscore the importance of evolutionary information for enzyme catalysis,
while structural aspects are more crucial for molecular functions.

Fourthly, a universal retriever excelling across all functions is still lacking. For instance, the best
structure retriever, CDConv, underperforms in EC number predictions, whereas sequence retrievers
struggle with GO predictions. This suggests that different functions rely on varying factors, which
may not be fully captured by these general-purpose sequence and structure retrievers.

"Notably, the results for GO-CC differ significantly from other tasks. GO-CC aims to predict the cellular
compartment where the protein functions, which is less directly related to the protein’s function itself.
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Table 2: Fp,x on EC and GO prediction with iterative refinement and transductive learning baselines.

Model | Method EC GO-BP GO-MF GO-CC
| 30% 50% 95% 30% 50% 95% 30%  50%  95% 30%  50%  95%
| Predictor 0.700  0.769  0.854 0.348 0359  0.406 0482 0.525 0.613 0.407 0418 0.458
Pseudo-labeling 0.699  0.767 0.852 0.344 0355  0.403 0.490 0.532 0.617 0.420 0427 0.466
GearNet | Temporal ensemble  0.698  0.765  0.850 0339  0.348  0.399 0.480 0.526 0.613 0402 0412 0454
Graph conv network ~ 0.658  0.732  0.817 0379 0395  0.443 0.479 0.528 0.609 0.437 0452 0483
ProtIR 0.743  0.810 0.881 0.409  0.431  0.488 0.518 0.564 0.650 0.439 0452 0.501
Improvement 61% 53% 31% 175% 20.0% 20.1% 74% 74% 6.0% 78% 81% 9.3%
| Predictor 0.634  0.702  0.820 0.381 0.401 0.453 0.533  0.577 0.654 0.428 0.440 0479
Pseudo-labeling 0722 0.784 0.861 0397 0413  0.465 0.529 0.573 0.653 0.445 0458 0.495
CDConv | Temporal ensemble  0.721 0.785  0.862 0.381 0.394  0.446 0.523  0.567 0.647 0.444 0455 0492
Graph conv network ~ 0.673  0.742  0.818 0380  0.399  0.455 0.496 0.545 0.627 0.417 0429 0.465
ProtIR 0.769  0.820 0.885 0.434 0453 0503 0.567 0.608 0.678 0.447  0.460 0.499
Improvement 21.2% 16.8% 4.2% 139% 129% 23.8% 63% 53% 3.6% 44% 45% 41%
PromptProtein 0.765  0.823  0.888 0.439 0453  0.495 0.577 0.600 0.677 0.532  0.533 0551

* Red: >20% improvement; blue: 10%-20% improvement; bold: 3%-10% improvement.
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Figure 2: Fy,,x on function annotation tasks vs. number of rounds in iterative refinement. Besides the
default iterative refinement models, we also depict curves for models with a retriever not pre-trained
on fold classification, highlighting the impact of incorporating structural information.

In conclusion, while retriever-based methods demonstrate potential for accurate function prediction
without extensive pre-training, a universal retriever with state-of-the-art performance across all
functions is yet to be developed. Nonetheless, the concept of inter-protein similarity modeling shows
potential for enhancing function annotation accuracy, as will be shown in next section.

5.3 RESULTS OF ITERATIVE REFINEMENT FRAMEWORK

Setup. We employ the GearNet and CDConv trained on EC and GO as our backbone model and
conduct a comprehensive evaluation by comparing our proposed iterative refinement framework
with several baseline methods. As the iterative refinement framework falls under the category of
transductive learning (Vapnik, |2000), we benchmark our approach against three well-established deep
semi-supervised learning baselines: pseudo-labeling (Lee, 2013, temporal ensemble (Laine & Ailal
2017), and graph convolutional networks (Kipf & Welling}, 2017). These baselines are trained for 50
epochs. For our method, we iterate the refinement process for up to 5 rounds, halting when no further
improvements are observed. In each iteration, both the E-step and M-step are trained for 30 epochs.

Results. The results are summarized in Table Notably, our proposed iterative refinement
consistently demonstrates substantial improvements across various tasks and different backbone
models when compared to both vanilla predictors and other transductive learning baselines. On
average, GearNet showcases a remarkable improvement of 9.84%, while CDConv exhibits an
impressive 10.08% enhancement, underscoring the effectiveness of our approach.

Moreover, in comparison to the state-of-the-art predictor-based method, PromptProtein, CDConv
achieves similar performance on EC, GO-BP, and GO-MF tasks while reducing the need for pre-
training on millions of sequences. Our method demands less than 24 hours on a single GPU for
additional training (500 epochs for retriever and 300 epochs for refinement, taking 1 minute per
epoch), whereas pre-training a protein language model typically costs thousands of GPU hours. This
efficiency underscores the practicality of our approach for maximizing the utility of limited data.

Analysis and Ablation Study. To analyze the iterative refinement process, we present the test
performance curve as a function of the number of rounds in Fig. 2] The results reveal a consistent
enhancement in test performance for both models, with convergence typically occurring within five
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Table 3: Fj,x on EC and GO prediction with predictors and retrievers based on PLMs.

Method EC GO-BP GO-MF GO-CC
30% 50%  95% 30%  50%  95% 30%  50%  95% 30%  50%  95%
5 ESM-2-8M 0.510 0.565 0.658 0.323  0.331 0.368 0395 0.427 0.502 0417 0431 0457
2 ESM-2-35M 0.678 0.744 0818 0382 0393 0.443 0.493 0533 0.610 0.444 0457 0.481
E ESM-2-150M 0.749 0.802 0.865 0.397 0413 0.460 0.558 0.599 0.667 0.481 0493 0.523
&~ ESM-2-650M 0.763 0.816 0.877 0.423  0.438 0.484 0.563 0.604 0.661 0.497 0.509 0.535
ESM-2-8M 0423 0449 0.581 0.337 0355 0.423 0.420 0.455 0.553 0.359 0367 0413
ESM-2-35M 0.428 0.436 0.560 0390 0411 0471 0.485 0.531 0.618 0402 0410 0.448
5 ESM-2-150M 0.482 0.538 0.656 0.383 0.404 0.468 0.467 0516 0.611 0415 0427 0.462
_E ESM-2-650M 0.585 0.656 0.753 0.398 0.415 0477 0.462 0.510 0.607 0.427 0.436 0.472
E ESM-2-8M w/ struct. 0.482  0.499 0.620 0.368 0.389 0.453 0.461 0.504 0.596 0377 0392 0433
ESM-2-35M w/ struct. 0.502  0.553 0.658 0.417 0439 0.494 0522 0.570 0.649 0414 0425 0459
ESM-2-150M w/ struct. 0.547 0.598 0.690 0.434 0455 0.506 0.548 0.594 0.666 0424 0436 0472
ESM-2-650M w/ struct. 0.676 0.742 0.817 0.455 0.472 0.519 0.570 0.612 0.678 0.448 0.455 0.485
PromptProtein 0.765 0.823  0.888 0.439 0453 0.495 0.577 0.600 0.677 0532 0.533  0.551
ESM-2-650M ensemble 0.768 0.819 0.879 0.459 0472 0.516 0.588 0.627 0.690 0.506 0.514 0.540

* Red: the best results among all; blue: the second best results among all; bold: the best results within blocks.

rounds. This underscores the efficiency of our iterative framework in yielding performance gains
relatively swiftly. Additionally, we examine the impact of injecting structural information into the
retriever by comparing results with and without a fold classification pre-trained retriever. Notably,
while improvements are observed without fold pre-training, the performance is significantly superior
with this pre-training, emphasizing the importance of incorporating structural insights.

5.4 INJECTING STRUCTURAL INFORMATION INTO PROTEIN LANGUAGE MODELS

While effective, our iterative refinement relies on structure encoders and requires structures as input,
posing a challenge for datasets lacking such structural information. Furthermore, the process of
fine-tuning Protein Language Model (PLM)-based predictors through multiple iterations, as outlined
in ProtIR, can be notably time-consuming. To address these limitations, we investigate an alternative
approach to enhance PLM-based predictors. We first pre-train a PLM-based retriever that incorporates
structural insights by pre-training the models on fold classification, as suggested in (3. Then, this
retriever is ensemble with the corresponding PLM-based predictor by taking the average of their
prediction. We employ various sizes of ESM-2 as backbone models and assess their performance
when used as predictors and retrievers for function prediction. The results are presented in Table[3]
with ESM-2 models incorporating fold classification pre-training denoted as ESM-2 w/ struct.

In Table [3] a comparison between the second and third blocks highlights a significant boost in
performance for all examined PLM-based retrievers by incorporating structural information. This
presents a potential solution for enhancing protein language models. Notably, this method outperforms
predictor-based methods in GO-BP and GO-MF tasks, albeit showing slightly lower performance in
EC and GO-CC. This shows the distinct nature of protein functions and suggests that the efficacy
of retriever-based methods should not overshadow the essential role of predictor-based approaches.
After ensembling the ESM-2-650M-based predictor and retriever, we are able to further improve the
predictor’s performance easily and achieve the state-of-the-art performance on GO-BP and GO-MF.

6 CONCLUSION

In this study, we comprehensively evaluated various sequence and structure retriever-based methods
against predictor-based approaches for protein function annotation tasks. We introduced a novel
training strategy by training general protein structure encoders on fold classification tasks, to build
neural structure retrievers. Our experimental results revealed that retriever-based methods, even
without extensive pre-training, could rival or surpass predictor-based approaches using protein
language models. We further introduced a novel framework, named ProtIR, significantly enhancing
function prediction accuracy by modeling inter-protein similarity. The ProtIR framework, harnessing
predictor and retriever advantages, demonstrated substantial performance improvements and efficiency
compared to state-of-the-art methods. Our discovery also reveals that complementing protein language
models retrievers with structural insights can greatly boost the accuracy. Future works include the
application on other protein tasks, e.g., protein engineering and docking.
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REPRODUCIBILITY STATEMENT

For reproducibility, we provide the implementation details for all baselines and our methods in
Section[5]and Appendix [D} Specifically, for benchmarking retriever-based methods, the configuration
of retrievers and prediction methods can be found in Sections[5.1]and[5.2] The pseudo-code of ProtIR
are provided in Appendix [B]and the training details of are given in[5.3] The source code of the paper
will be released upon acceptance.

REFERENCES

José Juan Almagro Armenteros, Casper Kaae Sgnderby, Sgren Kaae Sgnderby, Henrik Nielsen,
and Ole Winther. Deeploc: prediction of protein subcellular localization using deep learning.
Bioinformatics, 33(21):3387-3395, 2017.

Stephen F Altschul, Warren Gish, Webb Miller, Eugene W Myers, and David J Lipman. Basic local
alignment search tool. Journal of molecular biology, 215(3):403—-410, 1990.

Stephen F Altschul, Thomas L. Madden, Alejandro A Schiffer, Jinghui Zhang, Zheng Zhang, Webb
Miller, and David J Lipman. Gapped blast and psi-blast: a new generation of protein database
search programs. Nucleic acids research, 25(17):3389-3402, 1997.

Sam Behjati and Patrick Tarpey. What is next generation sequencing? Archives of Disease in
Childhood. Education and Practice Edition, 98:236 — 238, 2013.

David Berthelot, Nicholas Carlini, Ian Goodfellow, Nicolas Papernot, Avital Oliver, and Colin A
Raffel. Mixmatch: A holistic approach to semi-supervised learning. Advances in neural information
processing systems, 32, 2019.

Julian Besag. Statistical analysis of non-lattice data. Journal of the Royal Statistical Society Series D:
The Statistician, 24(3):179-195, 1975.

Sebastian Borgeaud, Arthur Mensch, Jordan Hoffmann, Trevor Cai, Eliza Rutherford, Katie
Millican, George van den Driessche, Jean-Baptiste Lespiau, Bogdan Damoc, Aidan Clark, Diego
de Las Casas, Aurelia Guy, Jacob Menick, Roman Ring, T. W. Hennigan, Saffron Huang, Lorenzo
Maggiore, Chris Jones, Albin Cassirer, Andy Brock, Michela Paganini, Geoffrey Irving, Oriol
Vinyals, Simon Osindero, Karen Simonyan, Jack W. Rae, Erich Elsen, and L. Sifre. Improving
language models by retrieving from trillions of tokens. In International Conference on Machine
Learning, 2021.

Benjamin Buchfink, Klaus Reuter, and Hajk-Georg Drost. Sensitive protein alignments at tree-of-life
scale using diamond. Nature methods, 18(4):366-368, 2021.

Christiam Camacho, George Coulouris, Vahram Avagyan, Ning Ma, Jason Papadopoulos, Kevin
Bealer, and Thomas L. Madden. Blast+: architecture and applications. BMC bioinformatics, 10:
1-9, 20009.

Can (Sam) Chen, Jingbo Zhou, Fan Wang, Xue Liu, and Dejing Dou. Structure-aware protein
self-supervised learning. Bioinformatics, 39, 2022.

Junjie Chen, Mingyue Guo, Xiaolong Wang, and Bin Liu. A comprehensive review and comparison
of different computational methods for protein remote homology detection. Briefings in
bioinformatics, 19(2):231-244, 2018.

Lin Chen, Zehong Zhang, Zhenghao Li, Rui Li, Ruifeng Huo, Lifan Chen, Dingyan Wang, Xiaomin
Luo, Kaixian Chen, Cangsong Liao, et al. Learning protein fitness landscapes with deep mutational
scanning data from multiple sources. Cell Systems, 14(8):706-721, 2023.

Hyunghoon Cho, Bonnie Berger, and Jian Peng. Compact integration of multi-network topology for
functional analysis of genes. Cell systems, 3(6):540-548, 2016.

Ana Conesa, Stefan Gotz, Juan Miguel Garcia-Gémez, Javier Terol, Manuel Tal6n, and Montserrat
Robles. Blast2go: a universal tool for annotation, visualization and analysis in functional genomics
research. Bioinformatics, 21(18):3674-3676, 2005.

10



Under review as a conference paper at ICLR 2024

Thomas M. Cover and Peter E. Hart. Nearest neighbor pattern classification. IEEE Trans. Inf. Theory,
13:21-27, 1967.

Alperen Dalkiran, Ahmet Sureyya Rifaioglu, Maria Jesus Martin, Rengul Cetin-Atalay, Volkan
Atalay, and Tunca Dogan. Ecpred: a tool for the prediction of the enzymatic functions of protein
sequences based on the ec nomenclature. BMC bioinformatics, 19(1):1-13, 2018.

Christian Dallago, Jody Mou, Kadina E Johnston, Bruce J Wittmann, Nicholas Bhattacharya, Samuel
Goldman, Ali Madani, and Kevin K Yang. Flip: Benchmark tasks in fitness landscape inference
for proteins. bioRxiv, 2021.

Andrew M Dickson and Mohammad RK Mofrad. Fine-tuning protein embeddings for generalizable
annotation propagation. bioRxiv, pp. 2023-06, 2023.

Ahmed Elnaggar, Michael Heinzinger, Christian Dallago, Ghalia Rehawi, Wang Yu, Llion Jones, Tom
Gibbs, Tamas Feher, Christoph Angerer, Martin Steinegger, Debsindhu Bhowmik, and Burkhard
Rost. Prottrans: Towards cracking the language of lifes code through self-supervised deep learning
and high performance computing. I[EEE Transactions on Pattern Analysis and Machine Intelligence,
pp. 1-1, 2021. doi: 10.1109/TPAMI.2021.3095381.

Ahmed Elnaggar, Hazem Essam, Wafaa Salah-Eldin, Walid Moustafa, Mohamed Elkerdawy,
Charlotte Rochereau, and Burkhard Rost. Ankh: Optimized protein language model unlocks
general-purpose modelling. bioRxiv, pp. 2023-01, 2023.

Hehe Fan, Zhangyang Wang, Yi Yang, and Mohan Kankanhalli. Continuous-discrete convolution for
geometry-sequence modeling in proteins. In The Eleventh International Conference on Learning
Representations, 2023. URL https://openreview.net/forum?id=P52-219XJ7.

Evelyn Fix and Joseph L. Hodges. Discriminatory analysis - nonparametric discrimination:
Consistency properties. International Statistical Review, 57:238, 1989.

Pablo Gainza, Freyr Sverrisson, Frederico Monti, Emanuele Rodola, D Boscaini, MM Bronstein, and
BE Correia. Deciphering interaction fingerprints from protein molecular surfaces using geometric
deep learning. Nature Methods, 17(2):184-192, 2020.

Justin Gilmer, Samuel S Schoenholz, Patrick F Riley, Oriol Vinyals, and George E Dahl. Neural
message passing for quantum chemistry. In International conference on machine learning, pp.

1263-1272. PMLR, 2017.

Vladimir Gligorijevié, P Douglas Renfrew, Tomasz Kosciolek, Julia Koehler Leman, Daniel
Berenberg, Tommi Vatanen, Chris Chandler, Bryn C Taylor, lan M Fisk, Hera Vlamakis,
et al. Structure-based protein function prediction using graph convolutional networks. Nature
communications, 12(1):1-14, 2021.

Vanessa E Gray, Ronald J Hause, Jens Luebeck, Jay Shendure, and Douglas M Fowler. Quantitative
missense variant effect prediction using large-scale mutagenesis data. Cell Systems, 6(1):116-124,
2018.

Joe G Greener and Kiarash Jamali. Fast protein structure searching using structure graph embeddings.
bioRxiv, pp. 2022-11, 2022.

Yuzhi Guo, Jiaxiang Wu, Hehuan Ma, and Junzhou Huang. Self-supervised pre-training for protein
embeddings using tertiary structures. In AAAI, 2022.

Tymor Hamamsy, James T Morton, Daniel Berenberg, Nicholas Carriero, Vladimir Gligorijevic,
Robert Blackwell, Charlie EM Strauss, Julia Koehler Leman, Kyunghyun Cho, and Richard
Bonneau. Tm-vec: template modeling vectors for fast homology detection and alignment. bioRxiv,
pp. 2022-07, 2022.

Tymor Hamamsy, James T Morton, Robert Blackwell, Daniel Berenberg, Nicholas Carriero,
Vladimir Gligorijevi¢, Charlie E M Strauss, Julia Koehler Leman, Kyunghyun Cho, and Richard
Bonneau. Protein remote homology detection and structural alignment using deep learning. Nature
biotechnology, 2023.

11


https://openreview.net/forum?id=P5Z-Zl9XJ7

Under review as a conference paper at ICLR 2024

Pedro Hermosilla, Marco Schifer, Mat¢j Lang, Gloria Fackelmann, Pere Pau Vazquez, Barbora
Kozlikova, Michael Krone, Tobias Ritschel, and Timo Ropinski. Intrinsic-extrinsic convolution
and pooling for learning on 3d protein structures. International Conference on Learning
Representations, 2021.

Geoffrey E Hinton, Peter Dayan, Brendan J Frey, and Radford M Neal. The" wake-sleep" algorithm
for unsupervised neural networks. Science, 268(5214):1158-1161, 1995.

Liisa Holm. Benchmarking fold detection by dalilite v.5. Bioinformatics, 2019.

Jie Hou, Badri Adhikari, and Jianlin Cheng. Deepsf: deep convolutional neural network for mapping
protein sequences to folds. Bioinformatics, 34(8):1295-1303, 2018.

Peng Jin, Hao Li, Ze-Long Cheng, Kehan Li, Xiang Ji, Chang Liu, Li ming Yuan, and Jie Chen.
Diffusionret: Generative text-video retrieval with diffusion model. ArXiv, abs/2303.09867, 2023.

Bowen Jing, Stephan Eismann, Pratham N. Soni, and Ron O. Dror. Learning from protein structure
with geometric vector perceptrons. In International Conference on Learning Representations,
2021. URL https://openreview.net/forum?id=1YLJDvSx6J4.

John Jumper, Richard Evans, Alexander Pritzel, Tim Green, Michael Figurnov, Olaf Ronneberger,
Kathryn Tunyasuvunakool, Russ Bates, Augustin Zidek, Anna Potapenko, et al. Highly accurate
protein structure prediction with alphafold. Nature, 596(7873):583-589, 2021.

Urvashi Khandelwal, Omer Levy, Dan Jurafsky, Luke Zettlemoyer, and Mike Lewis. Generalization
through memorization: Nearest neighbor language models. In International Conference on
Learning Representations, 2020.

Prannay Khosla, Piotr Teterwak, Chen Wang, Aaron Sarna, Yonglong Tian, Phillip Isola, Aaron
Maschinot, Ce Liu, and Dilip Krishnan. Supervised contrastive learning. Advances in neural
information processing systems, 33:18661-18673, 2020.

Sameer Khurana, Reda Rawi, Khalid Kunji, Gwo-Yu Chuang, Halima Bensmail, and Raghvendra
Mall. Deepsol: a deep learning framework for sequence-based protein solubility prediction.
Bioinformatics, 34(15):2605-2613, 2018.

Mesih Kilinc, Kejue Jia, and Robert L Jernigan. Improved global protein homolog detection with
major gains in function identification. Proceedings of the National Academy of Sciences, 120(9):
€2211823120, 2023.

Durk P Kingma, Shakir Mohamed, Danilo Jimenez Rezende, and Max Welling. Semi-supervised
learning with deep generative models. Advances in neural information processing systems, 27,
2014.

Thomas N. Kipf and Max Welling. Semi-supervised classification with graph convolutional networks.
In International Conference on Learning Representations, 2017.

Maxat Kulmanov, Mohammed Asif Khan, and Robert Hoehndorf. Deepgo: predicting protein
functions from sequence and interactions using a deep ontology-aware classifier. Bioinformatics,
34(4):660-668, 2018.

Samuli Laine and Timo Aila. Temporal ensembling for semi-supervised learning. In International
Conference on Learning Representations, 2017.

Dong-Hyun Lee. Pseudo-label : The simple and efficient semi-supervised learning method for deep
neural networks. In ICML workshop on challenges in representation learning, 2013.

Yu Li, Sheng Wang, Ramzan Umarov, Bingqing Xie, Ming Fan, Lihua Li, and Xin Gao. Deepre:
sequence-based enzyme ec number prediction by deep learning. Bioinformatics, 34(5):760-769,
2018.

Zeming Lin, Halil Akin, Roshan Rao, Brian Hie, Zhongkai Zhu, Wenting Lu, Nikita Smetanin,
Robert Verkuil, Ori Kabeli, Yaniv Shmueli, et al. Evolutionary-scale prediction of atomic-level
protein structure with a language model. Science, 379(6637):1123-1130, 2023.

12


https://openreview.net/forum?id=1YLJDvSx6J4

Under review as a conference paper at ICLR 2024

Chang Ma, Haiteng Zhao, Lin Zheng, Jiayi Xin, Qintong Li, Lijun Wu, Zhihong Deng, Yang Lu,
Qi Liu, and Lingpeng Kong. Retrieved sequence augmentation for protein representation learning.
bioRxiv, pp. 2023-02, 2023.

Michael McCloskey and Neal J Cohen. Catastrophic interference in connectionist networks: The
sequential learning problem. In Psychology of learning and motivation, volume 24, pp. 109-165.
Elsevier, 1989.

Scott McGinnis and Thomas L. Madden. Blast: at the core of a powerful and diverse set of sequence
analysis tools. Nucleic acids research, 32(suppl_2):W20-W25, 2004.

lain Melvin, Jason Weston, William Stafford Noble, and Christina Leslie. Detecting remote
evolutionary relationships among proteins by large-scale semantic embedding. PLoS computational
biology, 7(1):e1001047, 2011.

Sara Mostafavi, Debajyoti Ray, David Warde-Farley, Chris Grouios, and Quaid Morris. Genemania: a
real-time multiple association network integration algorithm for predicting gene function. Genome
biology, 9:1-15, 2008.

Alexey G Murzin, Steven E Brenner, Tim Hubbard, and Cyrus Chothia. Scop: a structural

classification of proteins database for the investigation of sequences and structures. Journal
of molecular biology, 247(4):536-540, 1995.

Nicolas Papernot and Patrick Mcdaniel. Deep k-nearest neighbors: Towards confident, interpretable
and robust deep learning. ArXiv, abs/1803.04765, 2018.

Morgan N Price, Kelly M Wetmore, R Jordan Waters, Mark Callaghan, Jayashree Ray, Hualan Liu,
Jennifer V Kuehl, Ryan A Melnyk, Jacob S Lamson, Yumi Suh, et al. Mutant phenotypes for
thousands of bacterial genes of unknown function. Nature, 557(7706):503-509, 2018.

Predrag Radivojac, Wyatt T Clark, Tal Ronnen Oron, Alexandra M Schnoes, Tobias Wittkop, Artem
Sokolov, Kiley Graim, Christopher Funk, Karin Verspoor, Asa Ben-Hur, et al. A large-scale
evaluation of computational protein function prediction. Nature methods, 10(3):221-227, 2013.

Roshan Rao, Nicholas Bhattacharya, Neil Thomas, Yan Duan, Xi Chen, John Canny, Pieter Abbeel,
and Yun S Song. Evaluating protein transfer learning with tape. In Advances in Neural Information
Processing Systems, 2019.

Roshan M Rao, Jason Liu, Robert Verkuil, Joshua Meier, John Canny, Pieter Abbeel, Tom Sercu,
and Alexander Rives. Msa transformer. In Marina Meila and Tong Zhang (eds.), Proceedings of
the 38th International Conference on Machine Learning, volume 139 of Proceedings of Machine
Learning Research, pp. 8844-8856. PMLR, 18-24 Jul 2021.

Antti Rasmus, Mathias Berglund, Mikko Honkala, Harri Valpola, and Tapani Raiko. Semi-supervised
learning with ladder networks. Advances in neural information processing systems, 28, 2015.

Alexander Rives, Joshua Meier, Tom Sercu, Siddharth Goyal, Zeming Lin, Jason Liu, Demi Guo,
Mpyle Ott, C Lawrence Zitnick, Jerry Ma, et al. Biological structure and function emerge from
scaling unsupervised learning to 250 million protein sequences. Proceedings of the National
Academy of Sciences, 118(15), 2021.

Gabriel J Rocklin et al. Global analysis of protein folding using massively parallel design, synthesis,
and testing. Science, 357(6347):168-175, 2017.

Kunal Roy, Supratik Kar, and Rudra Narayan Das. A primer on gsar/qspr modeling:
Fundamental concepts. A Primer on QSAR/QSPR Modeling, 2015. URL https://api|
semanticscholar.org/CorpusID:102481493.

Jae Yong Ryu, Hyun Uk Kim, and Sang Yup Lee. Deep learning enables high-quality and high-
throughput prediction of enzyme commission numbers. Proceedings of the National Academy of
Sciences, 116(28):13996-14001, 2019.

Michael 1. Sadowski and D. T. Jones. The sequence-structure relationship and protein function
prediction. Current opinion in structural biology, 19 3:357-62, 2009.

13


https://api.semanticscholar.org/CorpusID:102481493
https://api.semanticscholar.org/CorpusID:102481493

Under review as a conference paper at ICLR 2024

Theo Sanderson, Maxwell L Bileschi, David Belanger, and Lucy J Colwell. Proteinfer: deep networks
for protein functional inference. Biorxiv, pp. 2021-09, 2021.

Karen S Sarkisyan, Dmitry A Bolotin, Margarita V Meer, Dinara R Usmanova, Alexander S Mishin,
George V Sharonov, Dmitry N Ivankov, Nina G Bozhanova, Mikhail S Baranov, Onuralp Soylemez,
et al. Local fitness landscape of the green fluorescent protein. Nature, 533(7603):397-401, 2016.

John Shawe-Taylor and Nello Cristianini. Kernel methods for pattern analysis. In [EEE
International Conference on Tools with Artificial Intelligence, 2003. URL https://api.
semanticscholar.org/CorpusID:35730151.

Ilya N. Shindyalov and Philip E. Bourne. Protein structure alignment by incremental combinatorial
extension (ce) of the optimal path. Protein engineering, 11 9:739-47, 1998.

Jost Tobias Springenberg. Unsupervised and semi-supervised learning with categorical generative
adversarial networks. arXiv preprint arXiv:1511.06390, 2015.

Martin Steinegger and Johannes Soding. Mmseqs2 enables sensitive protein sequence searching for
the analysis of massive data sets. Nature biotechnology, 35(11):1026-1028, 2017.

Damian Szklarczyk, Annika L Gable, David Lyon, Alexander Junge, Stefan Wyder, Jaime Huerta-
Cepas, Milan Simonovic, Nadezhda T Doncheva, John H Morris, Peer Bork, et al. String v11:
protein—protein association networks with increased coverage, supporting functional discovery in
genome-wide experimental datasets. Nucleic acids research, 47(D1):D607-D613, 2019.

Mateo Torres, Haixuan Yang, Alfonso E Romero, and Alberto Paccanaro. Protein function prediction
for newly sequenced organisms. Nature Machine Intelligence, 3(12):1050-1060, 2021.

Jeanne Trinquier, Samantha Petti, Shihao Feng, Johannes Soding, Martin Steinegger, and Sergey
Ovchinnikov. Swampnn: End-to-end protein structures alignment. In Machine Learning for
Structural Biology Workshop, NeurIPS, 2022.

Michel van Kempen, Stephanie S Kim, Charlotte Tumescheit, Milot Mirdita, Jeongjae Lee,
Cameron LM Gilchrist, Johannes Soding, and Martin Steinegger. Fast and accurate protein
structure search with foldseek. Nature Biotechnology, pp. 1-4, 2023.

Vladimir Naumovich Vapnik. The nature of statistical learning theory. In Statistics for Engineering
and Information Science, 2000.

Vladimir Naumovich Vapnik. Estimation of dependences based on empirical data. Estimation of
Dependences Based on Empirical Data, 2006.

Mihaly Varadi, Stephen Anyango, Mandar Deshpande, Sreenath Nair, Cindy Natassia, Galabina
Yordanova, David Yuan, Oana Stroe, Gemma Wood, Agata Laydon, et al. Alphafold protein
structure database: massively expanding the structural coverage of protein-sequence space with
high-accuracy models. Nucleic acids research, 50(D1):D439-D444, 2022.

Vikas Verma, Kenji Kawaguchi, Alex Lamb, Juho Kannala, Arno Solin, Yoshua Bengio, and David
Lopez-Paz. Interpolation consistency training for semi-supervised learning. Neural Networks, 145:
90-106, 2022.

Sheng Wang, Meng Qu, and Jian Peng. Prosnet: integrating homology with molecular networks for
protein function prediction. In PSB, pp. 27-38. World Scientific, 2017.

Zeyuan Wang, Qiang Zhang, Shuang-Wei HU, Haoran Yu, Xurui Jin, Zhichen Gong, and Huajun
Chen. Multi-level Protein Structure Pre-training via Prompt Learning. In The Eleventh International
Conference on Learning Representations, 2023.

Zichen Wang, Steven A Combs, Ryan Brand, Miguel Romero Calvo, Panpan Xu, George Price,
Nataliya Golovach, Emmanuel O Salawu, Colby J Wise, Sri Priya Ponnapalli, et al. Lm-gvp:
an extensible sequence and structure informed deep learning framework for protein property
prediction. Scientific reports, 12(1):6832, 2022.

14


https://api.semanticscholar.org/CorpusID:35730151
https://api.semanticscholar.org/CorpusID:35730151

Under review as a conference paper at ICLR 2024

Oren F Webb, Tommy J Phelps, Paul R Bienkowski, Philip M Digrazia, David C White, and Gary S
Sayler. Enzyme nomenclature. 1992.

Minghao Xu, Zuobai Zhang, Jiarui Lu, Zhaocheng Zhu, Yangtian Zhang, Chang Ma, Runcheng
Liu, and Jian Tang. PEER: A comprehensive and multi-task benchmark for protein sequence
understanding. In Thirty-sixth Conference on Neural Information Processing Systems Datasets
and Benchmarks Track, 2022.

Jinn-Moon Yang and Chi-Hua Tung. Protein structure database search and evolutionary classification.
Nucleic Acids Research, 34:3646 — 3659, 2006.

Shuwei Yao, Ronghui You, Shaojun Wang, Yi Xiong, Xiaodi Huang, and Shanfeng Zhu. Netgo 2.0:
improving large-scale protein function prediction with massive sequence, text, domain, family and
network information. Nucleic acids research, 49(W1):W469-W475, 2021.

Ronghui You, Shuwei Yao, Yi Xiong, Xiaodi Huang, Fengzhu Sun, Hiroshi Mamitsuka, and Shanfeng
Zhu. Netgo: improving large-scale protein function prediction with massive network information.
Nucleic acids research, 47(W1):W379-W387, 2019.

Ronghui You, Shuwei Yao, Hiroshi Mamitsuka, and Shanfeng Zhu. Deepgraphgo: graph
neural network for large-scale, multispecies protein function prediction. Bioinformatics, 37
(Supplement_1):1262-i271, 2021.

Tianhao Yu, Haiyang Cui, Jianan Canal Li, Yunan Luo, Guangde Jiang, and Huimin Zhao. Enzyme
function prediction using contrastive learning. Science, 379(6639):1358-1363, 2023.

Yang Zhang and Jeffrey Skolnick. Tm-align: a protein structure alignment algorithm based on the
tm-score. Nucleic acids research, 33(7):2302-2309, 2005.

Zuobai Zhang, Minghao Xu, Arian Jamasb, Vijil Chenthamarakshan, Aurelie Lozano, Payel Das,
and Jian Tang. Protein representation learning by geometric structure pretraining. In The Eleventh
International Conference on Learning Representations, 2023a.

Zuobai Zhang, Minghao Xu, Aurelie Lozano, Vijil Chenthamarakshan, Payel Das, and Jian Tang.
Enhancing protein language model with structure-based encoder and pre-training. In ICLR Machine
Learning for Drug Discovery workshop, 2023b.

Zuobai Zhang, Minghao Xu, Aurélie Lozano, Vijil Chenthamarakshan, Payel Das, and Jian Tang.
Physics-inspired protein encoder pre-training via siamese sequence-structure diffusion trajectory
prediction. arXiv preprint arXiv:2301.12068, 2023c.

Mengyao Zhao, Wan-Ping Lee, Erik P Garrison, and Gabor T. Marth. Ssw library: An simd
smith-waterman c/c++ library for use in genomic applications. PLoS ONE, 8, 2013.

Honggang Zou, Rongqing Yuan, Boqgiao Lai, Yang Dou, Li Wei, and Jinbo Xu. Antibody
humanization via protein language model and neighbor retrieval. bioRxiv, 2023.

15



Under review as a conference paper at ICLR 2024

A MORE RELATED WORK AND BROADER IMPACT

Protein Retriever. In the domain of proteins, retriever-based methods have long been employed for
function annotation (Conesa et al.| 2005)), utilizing both sequence (Altschul et al} [T990; Melvin et al}
2011}, Buchfink et al., [2021; Hamamsy et al.l 2023)) and structure-based approaches (Shindyalov &;
Bourne, [1998; [Yang & Tung|, [2006; [Zhao et al., 2013}, [HoIm| 2019 [Trinquier et al.| 2022} Greener
& Jamalil 2022 [van Kempen et al.,[2023). Recent endeavors have extended retrievers to retrieve
similar sequences from expansive databases, augmenting inputs and subsequently enhancing function
prediction performance (Ma et al., 2023} [Zou et al 2023}, [Dickson & Mofrad}, 2023} [Kilinc et al.]
2023; [Chen et al},[2023)). Instead of designing a new protein retriever, our work proposes a general
strategy to train a neural structure retriever and studies how to use the idea of inter-protein similarity
modeling to improve function annotation accruacy.

Protein Network Propagation for Function Prediction. Besides directly measuring inter-protein
similarities based on sequences and structures, there is a parallel line of research that focuses on
function annotation through protein-protein interaction (PPI) networks, exemplified by tools like
STRING (Szklarczyk et all [2019). These networks map both direct physical and indirect functional
interactions among proteins. Recent approaches in this domain involve functional label propagation
within these networks (Mostafavi et al.| 2008} [Wang et al.}, 2017} [You et al., 2019; [Cho et al.| 2016;
|[Kulmanov et al.} 2018} [Yao et al.l [2021]), and adapting these methods to PPI networks of newly
sequenced species (You et al., 2021} [Torres et al} 202T)). However, a key limitation of these methods
is that they are not able to make predictions for newly sequenced proteins absent in existing PPI
networks. Moreover, knowing protein-protein interactions is essentially a more difficult challenge, as
it requires a more comprehensive understanding of protein properties. These problems make this line
of work hard to use in real-world settings.

Transductive Learning. Our iterative refinement framework falls into the category of transductive
learning, focusing on optimizing performance for specific sets of interest rather than reasoning general
rules applicable to any test cases (Vapnik, 2006). Typical transductive learning methods encompass
generative techniques (Springenberg, [2015; [Kingma et al), 2014), consistency regularization
approaches (Rasmus et al., 2015} [Laine & Aila, [2017)), graph-based algorithms
2017;|Gilmer et al., 2017), pseudo-labeling strategies 2013)), and hybrid methodologies
et al.l 2022} Berthelot et all,[2019). In contrast to existing approaches, our work develops a novel
iterative refinement framework for mutual enhancement between predictors and retrievers.

Broader Impact and Ethical Considerations. The main objective of this research project is to enable
more accurate protein function annotation by modeling inter-protein similarity. Unlike traditional
protein retrievers, our approach utilizes structural information in the CATH dataset to build a neural
structure retriever. This advantage allows for more comprehensive analysis of protein research and
holds potential benefits for various real-world applications, including protein optimization, sequence
and structure design. It is important to acknowledge that powerful function annotation models can
potentially be misused for harmful purposes, such as the design of dangerous drugs. We anticipate
that future studies will address and mitigate these concerns.

Limitations. In this study, we explore the design of a general neural structure retriever and conduct
benchmarks on existing retrievers and predictors for function annotation. However, given the extensive
history of protein retriever development in the bioinformatics field, it is impractical to include every
retriever in our benchmark. We have chosen baselines that are typical and widely recognized within
the community, acknowledging that the investigation of other promising retrievers remains a task
for future research. Our focus in this work is strictly on the application of retrievers for function
annotation tasks. However, it is crucial to consider other downstream applications in future studies.
For instance, protein engineering tasks, where the goal is to annotate proteins with minor sequence
variations, present an important area for application. Another limitation of our current approach is
the exclusive use of the ProtIR framework with the encoder, without integrating protein language
models, primarily to minimize computational expenses. Exploring the integration of this framework
with larger models could yield significant insights and advancements in the field.

B PSEUDO-CODE FOR PROTIR

The pseudo-code of ProtIR is shown in Alg. [I]
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Algorithm 1 EM Iterative Refinement Algorithm

Input: Labeled proteins a1, and their function labels y;,, unlabeled proteins xy .
Output: Function labels yy for unlabeled proteins xy.

1: Pre-train g, with yz, according to (m);

2: Pre-train py on fold classification according to @);
3: while not converge do

[ E-step: Predictor Learning

Annotate unlabeled proteins with pg and yr, according to @);
Update g with (T0);

(] M-step: Retriever Learning

Annotate unlabeled proteins with g ;

: Denote the sampled labeled as g/

10: Set ¥ = (yr,yuv) and update p, with ;

11: end while

12: Classify each unlabeled protein x,, with p,, and g4

LNk

C DATASET DETAILS

Table 4: Dataset statistics.

Dataset # Proteins

# Train # Validation # 30% Test / # 50% Test / # 95% Test
Enzyme Commission 15,550 1,729 720/1,117/1,919
Gene Ontology 29,898 3,322 1,717/2,199/ 3,416

Fold Classification 12,312 - -

Dataset statistics are summarized in Table[dl Details are introduced as follows.

For evaluation, we adopt two standard function annotation tasks as in previous works
et all}, 2021}, [Zhang et al, [2023a). The first task, Enzyme Commission (EC) number prediction,
involves forecasting the EC numbers for proteins, categorizing their role in catalyzing biochemical
reactions. We have focused on the third and fourth levels of the EC hierarchy (Webb et al., [1992),
forming 538 distinct binary classification challenges. The second task, Gene Ontology (GO) term
prediction, targets the identification of protein associations with specific GO terms. We select GO
terms that have a training sample size between 50 and 5000. These terms are part of a classification
that organizes proteins into functionally related groups within three ontological categories: molecular
function (MF), biological process (BP), and cellular component (CC).

To construct a non-redundant dataset, all PDB chains are clustered, setting a 95% sequence identity
threshold. From each cluster, a representative PDB chain is chosen based on two criteria: annotation
presence (at least one GO term from any of the three ontologies) and high-quality structural resolution.
The non-redundant sets are divided into training, validation and test sets with approximate ratios
80/10/10%. The test set exclusively contains experimentally verified PDB structures and annotations.
We ensure that these PDB chains exhibit a varied sequence identity spectrum relative to the training
set, specifically at 30%, 50%, and 95% sequence identity levels. Moreover, each PDB chain in the
test set is guaranteed to have at least one experimentally validated GO term from each GO category.

For pre-training a protein structure retriever, we adopt the fold classfication task 2018),
which holds significant relevance in analyzing the relationship between protein structure and function,
as well as in the exploration of protein evolution 2018). This classification groups proteins
based on the similarity of their secondary structures, their spatial orientations, and the sequence of
their connections. The task requires predicting the fold class to which a given protein belongs.

For the training of our model, we utilize the main dataset obtained from the SCOP 1.75 database,
which includes genetically distinct domain sequence subsets that share less than 95% identity, updated
in 2009 (Murzin et al.}[1995)). This dataset encompasses 12,312 proteins sorted into 1,195 unique
folds. The distribution of proteins across these folds is highly skewed: about 5% of the folds (61 out
of 1,195) contain more than 50 proteins each; 26% (314 out of 1,195) have between 6 to 50 proteins
each; and the majority, 69% (820 out of 1,195), consist of 5 or fewer proteins per fold. The sequence
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lengths of the proteins in these folds vary, ranging from 9 to 1,419 residues, with most falling within
the 9 to 600 range.

D IMPLEMENTATION DETAILS
In this subsection, we describe implementation details of retriever-based baselines and our methods.

BLAST and PSI-BLAST. We obtained the BLAST+ Version 2.14.0 (Altschul et al., [1990;
Camacho et al.,|2009) as its command line application to retrieve similar sequences for proteins in
test set. For each task, we firstly built a BLAST database using ~dtype prot (indicating "protein”
sequences) for the training sequences. We then searched against the database for similar sequences
using blastp and psiblast to query with —evalue 10 (default). The alignment score is used
to rank the retrieved proteins.

MMSeqs. We ran the MMSeqs2 (Steinegger & Sodingl 2017) as another sequence-based
retriever. ~ The sequence database was built for both training set and test set using
mmseqs createdb command and the alignment results were obtained by searching the test
database against the training database with mmseqgs search with the default configuration:
-s 5.7 —e 0.001 --max-seqgs 300. Finally, the alignment results were converted into
readable table using the mmseqgs convertalis and the (alignment) bit score was used to rank
the retrieved records.

TMAIlign. TM-align (Zhang & Skolnick} 2005) is a pairwise structure alignment tools for proteins
based on TM-score. TM-score is a normalized similarity score in (0, 1] and can be used to rank the
retrieved results. We ran the TM-align by enumerating all pairs between test set and training set,
which forms a complete bipartite graph. Due to the intensive computational overhead, we executed
the alignment with the flag —fast and then rank the results using TM-score.

Foldseek. Foldseek (van Kempen et al., 2023)) is run to obtain structure-based retrieved results.
We created a Foldseek database for all structures in the training set using foldseek createdb
and created search index with foldseek createindex. Then we searched for each structure in
test set against the training database using command foldseek easy-search. All commands
above were executed using 3Di+AA Gotoh-Smith-Waterman (-—alignment—-type 2) with the
default parameters: —s 9.5 --max-seqgs 1000 -e 0.001 -c 0.0 and the alignment bit
scores are used for ranking.

Progres. Progres (Greener & Jamali, [2022) is a structure-based protein retrieval method based
on a neural graph encoder. Firstly, we downloaded the code from the official repository as well as
the trained model weights. Then we computed the graph embeddings for all the protein structures
in both training and test set and all-vs-all pairwise similarity scores between them. The similarity
score, as defined by Greener & Jamali| (2022)), is a normalized version of cosine similarity or formally
(v1 - va/||v1]||Jv2|| + 1)/2. The similarity scores are used for ranking.

TM-Vec. TM-vec (Hamamsy et all 2022) is a neural sequence alignments tool that leverages
structure-base similarity data in protein databases for training. To search the retrieved results between
test and training set, we downloaded and ran the codes from its official repository. Specifically, we
downloaded the pretrained weights for encoders named as tm_vec_cath_model_large.ckpt.
We then built up the search database for the protein sequences in training set by running
tmvec-build-database and build-fasta-index with default parameters. Finally,
the search was performed against the database above by setting query as test set with
-—k-nearest-neighbors 10. The predicted TM-score from the model is used for ranking.

For all retriever-based methods, we choose the top-{1, 3, 5, 10} similar proteins from the training
set and tune the temperature 7 € {0.03,0.1, 1, 10,100} according to the performance on validation
sets. For neural methods, we use a batch size of 8 and an SGD optimizer with learning rate le-3,
weight decay 5e-4 and momentum 0.9 for training. The models will be trained for 500 epochs and
the learning rate will decay to one tenth at the 300-th and 400-th epoch. Other training details have
been introduced in Sec.
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E ADDITIONAL EXPERIMENTS
E.1 APPLYING RETRIEVER TO REAL-WORLD FUNCTION ANNOTATION

1.04

BN ESM-2-650M w/ struct ~ EEEE GearNet w/struct [ DeepEC 0.8 EEE ESM-2-650M w/ struct ~ EEE BLASTp 3 DEEPre
3 ESM-2-650M B CLEAN = ECPred 3 ESM-2-650M 3 Protelinfer [ ECPred
B CDConv w/ struct 3 Protelnfer I CLEAN [ DeepEC

Benchmark score on NEW-392
Benchmark score on Price-149

Precision Recall Precision Recall

(a) (b)

Figure 3: Quantitative comparison of the proposed retrievers with other EC number prediction tools
on NEW-392 and Price-149 test sets. Results of our four neural retrievers are highlighted as bold.

In addition to the benchmark results presented in Sec.[5.2] we now extend to studies that explore EC
number prediction under more real-world and challenging settings (Yu et al., 2023} [Sanderson et all}
[2021). Specifically, CLEAN introduces a contrastive supervised learning approach
that aligns protein representations with analogous enzyme commission numbers, an approach which
has been substantiated through empirical validation. In this work, we deploy our proposed retrievers
on their test sets without any fine-tuning on their respective training sets. This methodological choice
is made to demonstrate the effectiveness of our retrieval-based approach in realistic settings.

Setup. We closely follow CLEAN settings for evaluation. Baselines are trained on or
retrieved against the collected Swiss-Prot dataset in|Yu et al.| (2023) with 227,363 protein sequences.
Two independent test sets are used for a fair and rigorous benchmark study. The first, an enzyme
sequence dataset, includes 392 sequences that span 177 different EC numbers. These sequences
were released post-April 2022, subsequent to the proteins in our training set, reflecting a real-world
scenario where the Swiss-Prot database serves as the labeled knowledge base, and the functions
of the query sequences remain unidentified. The second test set, known as Price-149, consists of
experimentally validated findings detailed by [Price et al| (2018). This dataset, initially curated
by [Sanderson et al| (2021)) as a benchmark for challenge, features sequences that were previously
mislabeled or inconsistently annotated in automated systems.

Methods. We select six EC number prediction tools as baselines: CLEAN 2023]
ProteInfer (Sanderson et all [2021)), BLASTp (Altschul et al. [1990), ECPred (Dalkiran et al., 2018),
DeepEC (Ryu et al., 2019), DEEPre (Li et al.L|2018]), the results of which are directly taken from the
CLEAN paper 12023)). For comparison, we test the peformance of four neural retrievers
presented in our paper : GearNet w/ struct, CDConv w/ struct, ESM-2-650M, ESM-2-650M w/ struct.
Due to the large size of Swiss-Prot training set, we do not consider predictor-based methods and
the ProtIR framework that requires training. This decision allows for a focused comparison on the
effectiveness of retrieval-based approaches.

It is important to note that structure-based retrievers, such as GearNet and CDConv, require protein
structures for input, which are not experimentally available for most proteins in Swiss-Prot. However,
with the advent of the AlphaFold Database (Varadi et al.} 2022)), accurate structure predictions for
the Swiss-Prot proteins made by AlphaFold2 are now accessible. For the purposes of our model,
we search the available structures directly from the AlphaFold Database, successfully retrieving
structures for 224,515 out of 227,363 proteins in the training (retrieved) set. A similar approach was
adopted for the NEW-392 test set, from which structures for 384 proteins were obtained. In the case
of the Price-149 dataset, the lack of UniProt IDs complicates the retrieval of corresponding structures
from the AlphaFold Database. Additionally, running AlphaFold2 predictions for these proteins would
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Table 5: Fp,x on sequence-based tasks with predictors and retrievers based on PLMs.

Method Subloc. Binloc. & Beta. Fluoresence Stability AAV GB1 Thermo.
Acc. Acc. Acc. Spearmanr Spearmanr Spearmanr Spearmanr Spearmanr Spearmanr
P ESM-2-650M 82.5 92.5 74.7 0.898 0.680 0.695 0.800 0.678 0.645
R ESM-2-650M 67.8 83.6 55.7 0.778 0.354 0.587 0.311 0.356 0.561
ESM-2-650M w/ struct. 68.9 84.6 51.6 0.805 0.438 0.498 0.447 0.490 0.603

P predictor-based; R: retriever-based; bold: the best results.

be a time-consuming process. Therefore, we have chosen to exclude the two structure-based retriever
baselines from our evaluation of the Price-149 test set.

Results. The results are plotted in Fig.[3] Here is our analysis of the findings:

First, it is evident that all four of our retrievers surpass the performance of CLEAN on the NEW-392
test set in F1 score, despite not undergoing any supervised training on the training set—a process that
CLEAN underwent. This underscores the potency of retriever-based approaches.

Second, despite the lack of experimentally determined structures, neural structure retrievers
demonstrate high performance with AlphaFold2-predicted structures, as shown in Fig. [3[a). Here,
GearNet retrievers exhibit superior performance over the supervised retriever CLEAN and the PLM-
based retriever ESM-2-650M. This exemplifies the data efficiency of structure-based retrieval methods
in function determination, circumventing the need for large-scale training datasets.

Furthermore, the strategy of integrating structural data into PLM-based retrievers proves to be
effective for EC number prediction, with observable enhancements on both test sets. Specifically, on
the more challenging Price-149 set, while CLEAN slightly outperforms ESM-2-650M, it falls short
against ESM-2-650M when structural information is incorporated. This reaffirms the significance of
structural similarity in function similarity assessments.

To conclude, retriever-based methods continue to demonstrate their potential in practical scenarios,
emphasizing the critical role of modeling similarities between proteins.

E.2 RESULTS ON SEQUENCE-BASED PROPERTY PREDICTION TASKS

In addition to the experiments discussed in Sec.[5.4] where we evaluate PLM-based retrievers using
only EC and GO, we extend our evaluation to test the ESM-2-650M model on a broader range of
sequence-based function prediction tasks. We select nine tasks from the PEER benchmark (Xu
et al 2022), including GBI fitness (Dallago et al.| [2021), AAV fitness (Dallago et al.l [2021)),
Thermostability (Dallago et al.| 2021)), Fluorescence (Sarkisyan et al.,[2016), Stability (Rocklin et
al.l2017)), beta-lactamase activity (Gray et al.,|2018), Solubility (Khurana et al.l 2018)), Subcellular
localization (Almagro Armenteros et al.,2017), and Binary localization (Almagro Armenteros et al.,
2017). Following the default dataset split in the PEER benchmark, we employ ESM-2-650M as a
predictor, retriever, and retriever with structural information.

Our results, present in Table[5] reveal consistent benefits in injecting structural information into protein
language models to enhance retriever performance, even when the datasets lack protein structures.
However, we note a notable performance gap between retriever-based methods and predictor-based
methods for these sequence-based tasks. This discrepancy may stem from the limited diversity in
the training set, where the considered protein engineering tasks primarily involve sequences with
only one or two mutations, making it challenging to generalize to high-order mutants using simple
retriever-based methods. Future research should focus on refining retriever-based approaches to
surpass predictor-based methods on these sequence-based benchmarks, potentially requiring further
exploration and enhancements.

E.3 ANALYSIS ON PROTIR FRAMEWORK
E.3.1 COMPARISON WITH ENSEMBLE BASELINE

To demonstrate the efficacy of the ProtIR framework, we conducted a comparison involving the
ProtIR-augmented GearNet and CDConv predictors against a basic ensemble baseline. This ensemble
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Table 6: F,x on EC and GO prediction with iterative refinement and ensembling baselines.

Model | Method EC GO-BP GO-MF GO-CC
‘ 30% 50% 95% 30% 50% 95% 30% 50% 95% 30% 50% 95%
Predictor  0.700 0.769 0.854 0.348 0.359 0.406 0.482 0.525 0.613 0.407 0.418 0458
GearNet Retriever  0.671 0.744 0.822 0.391 0.419 0.482 0.497 0.548 0.626 0.377 0.387 0434
Ensemble 0.720 0.797 0.861 0.394 0.421 0.486 0.512 0.551 0.630 0.423 0437 0.464
\ ProtIR 0.743 0.810 0.881 0.409 0.431 0.488 0.518 0.564 0.650 0.439 0.452 0.501
Predictor  0.634 0.702 0.820 0.381 0.401 0453 0.533 0.577 0.654 0.428 0.440 0479
CDCony Retriever 0.719 0.784 0.843 0.409 0434 0.49% 0.536 0.584 0.661 0.387 0397 0.438
Ensemble 0.724 0.802 0.864 0.414 0438 0495 0.555 0.596 0.665 0.431 0.443 0478
‘ ProtIR 0.769 0.820 0.885 0.434 0.453 0.503 0.567 0.608 0.678 0.447 0.460 0.499
PromptProtein 0.765 0.823 0.888 0.439 0.453 0.495 0.577 0.600 0.677 0.532  0.533 0.551
Table 7: Training time comparison of different methods.
Model \ Pre-training Time Pre-training Dataset Fine-tuning Time Total Time
ESM-2-650M predictor | >1K GPU hours 60M sequences (UniRef50) 50 GPU hours >1K GPU hours
ESM-2-650M retriever | >1K GPU hours 60M sequences (UniRef50) - >1K GPU hours
GearNet predictor - - 6 GPU hours 6 GPU hours
GearNet retriever 6 GPU hours 10K structures (SCOPe) - 6 GPU hours
GearNet ProtIR ‘ 12 GPU hours 10K structures (SCOPe) 4 GPU hours 16 GPU hours

10K-20K structures (EC or GO)

approach involves averaging the predictions made by the predictor and its corresponding retriever,
with the results presented in Table 6]

The results in the table reveal that while ensembling serves as a robust baseline for most tasks,
our method is able to consistently enhance this baseline, achieving an improvement in the range
of approximately 2% to 4% in terms of F,x. This improvement highlights the added value and
effectiveness of the ProtIR framework in enhancing prediction accuracy across various tasks.

E.3.2 TIME ANALYSIS

To evaluate the efficiency of the ProtIR framework, we list the training times for various function
annotation methods, both with and without protein language models (PLMs), in Table[7} Notably,
since the inference time for all methods typically does not exceed 1 GPU hour, we exclude it from
our comparison. The table indicates that PLM-based methods, such as ESM-2-650M, often require
massive pre-training, involving thousands of hours on millions of protein sequences. In contrast,
structure-based methods utilizing the ProtIR framework can attain comparable performance levels
without such time-consuming pre-training phases. These methods, by merely pre-training on datasets
of the order of tens of thousands and applying iterative refinement in downstream tasks, demonstrate
competitive performance when compare against PLM-based approaches. This finding underscores
the efficiency and effectiveness of structure-based methods and the ProtIR framework in the realm of
protein function annotation.

E.4 HYPERPARAMETER CONFIGURATION

Hyperparameter analysis for retriever-based methods. To investigate the impact of the number of
retrieved neighbors (k) and the temperature parameter (7) on the performance of function annotation
in retriever-based methods, we plot a heatmap for this hyperparameter analysis, as shown in Fig. 4]
We observe that a temperature of 7 = (.03 yields the most effective results for scaling the cosine
similarity between protein representations. This optimal setting can be attributed to the nature of
cosine similarity, which ranges between [—1, 1]; without amplification by the temperature, there is
minimal variation in the weights assigned to different proteins.

Furthermore, we note that at lower values of k, the effect of the temperature parameter is relatively
minor, primarily because most of the retrieved proteins tend to have the same EC number. However,
as k increases, leading to a wider variety of retrieved EC numbers, the temperature becomes more
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Fmax Scores for GearNet retriever on EC Fmax for CDConv retriever on EC
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Figure 4: Change of F,,x on EC with respect to k£ and 7 in Eqs.@)(EI) for two retrievers.

influential. In such scenarios, it serves to emphasize proteins that are more similar to the query protein,
thereby refining the function annotation process. This understanding highlights the importance of
carefully selecting the values of k£ and 7 to optimize the performance of retriever-based methods.

Hyperparameter tuning for ProtIR framework. The tuning process for the ProtIR framework is
divided into two main stages: the pre-training stage and the refinement stage.

In the pre-training stage, for both predictors and retrievers, we adhere to the optimal hyperparameters
established in prior research (Zhang et al.,[2023a). This includes settings for the learning rate, batch
size, and the number of epochs. The model that achieves the best performance on the validation set is
then selected to proceed to the refinement stage.

During the refinement stage, the predictor and retriever are iteratively refined. In each iteration, it is
crucial to balance the models’ convergence with the goal of fitting pseudo-labels, while also being
mindful of potential overfitting. To maintain this balance, we closely monitor performance metrics
on the validation set and halt training when no further improvements are observed. Notably, test set
performance is not considered during training to ensure a fair comparison.

Based on our experience, training for approximately 30 epochs during both the E-step and M-step is
typically sufficient for the convergence of both the predictor and retriever. Moreover, the validation
performance often stabilizes after around five rounds. The final step involves selecting the model
with the best performance on the validation set and subsequently evaluating it on the test set.
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