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Abstract

Accurately measuring protein-RNA binding affinity is cru-
cial in many biological processes and drug design. Previ-
ous computational methods for protein-RNA binding affin-
ity prediction rely on either sequence or structure features,
unable to capture the binding mechanisms comprehensively.
The recent emerging pre-trained language models trained on
massive unsupervised sequences of protein and RNA have
shown strong representation ability for various in-domain
downstream tasks, including binding site prediction. How-
ever, applying different-domain language models collabora-
tively for complex-level tasks remains unexplored. In this pa-
per, we propose CoPRA to bridge pre-trained language mod-
els from different biological domains via Complex structure
for Protein-RNA binding Affinity prediction. We demonstrate
for the first time that cross-biological modal language mod-
els can collaborate to improve binding affinity prediction. We
propose a Co-Former to combine the cross-modal sequence
and structure information and a bi-scope pre-training strat-
egy for improving Co-Former’s interaction understanding.
Meanwhile, we build the largest protein-RNA binding affinity
dataset PRA310 for performance evaluation. We also test our
model on a public dataset for mutation effect prediction. Co-
PRA reaches state-of-the-art performance on all the datasets.
We provide extensive analyses and verify that CoOPRA can
(1) accurately predict the protein-RNA binding affinity; (2)
understand the binding affinity change caused by mutations;
and (3) benefit from scaling data and model size.

Code — https://github.com/hanrthu/CoPRA
Extended version — https://arxiv.org/abs/2409.03773

Introduction

Protein-RNA interactions are crucial in various biological
processes, including gene expression and regulation (Cor-
ley, Burns, and Yeo 2020), protein translocation, and the cell
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Figure 1: CoPRA combines Protein and RNA language
models with structure information by pre-training on bi-
scope tasks with different special embeddings. CPRI: Con-
trastive Protein-RNA interaction modeling; MIDM: Mask
interface distance modeling. The dashed line represents
downstream tasks.

cycle (Zhou et al. 2020). Understanding the mechanism of
protein-RNA binding is the cornerstone of unraveling com-
plex gene regulatory processes and deciphering the genetic
underpinning of diseases, such as neurodegenerative disor-
ders (Gebauer et al. 2021) and kidney disease (Seufert et al.
2022), leading to the advancement of RNA-based therapies
and the design of protein inhibitors that specifically target
these interactions. However, protein-RNA binding is highly
flexible. Some proteins bind with RNA through canonical
regions while others bind with RNA through intrinsically
disordered regions - protein domains characterized by low
sequence complexity and highly variable structures (Seufert
et al. 2022), making it challenging to model the mechanism.

Several computational methods have been proposed
for protein-RNA binding affinity prediction, includ-
ing sequence-based and structure-based methods. The
sequence-based approaches process the protein and RNA se-
quence separately with different sequence encoders (Yang
and Deng 2019a; Pandey et al. 2024), and subsequently
model the interactions. However, their performance is often
limited because the binding affinity is mainly determined by



the binding interface structure (Deng et al. 2019). Other re-
cent methods are structure-based (Hong et al. 2023; Harini,
Sekijima, and Gromiha 2024a), focusing on extracting struc-
tural features at the binding interface, such as energy and
contact distance. Based on the extracted features, they devel-
oped structure-based machine-learning approaches for affin-
ity prediction. However, these methods are highly dependent
on feature engineering with limited generalization ability on
new samples due to the limited development dataset size.
Recently, many protein language models (PLMs) (Lin
et al. 2022; Rao et al. 2021) and RNA language models
(RLMs) (Peni¢ et al. 2024; Chen et al. 2022) have been
developed, most of which utilize a mask language model-
ing strategy (Devlin 2018) to pre-train the models with mas-
sive unlabeled sequences. They’ve shown great performance
and generalization ability in various downstream tasks. As
the 3D structure of protein/RNA is crucial for understand-
ing their functions, combining structure information into the
LMs has recently become a new trend. For example, SaProt
(Su et al. 2024) pre-trains PLMs with structure information
and shows increased performance on different tasks. Instead
of adding structure information into pre-training directly,
other methods use a much lighter way by combining it with a
pre-trained sequence model, such as (Jing et al. 2024), show-
casing a strong performance gain compared to the sequence-
only counterparts. Most of these models are trained and used
in single biological modal tasks (i.e. protein or RNA only).
Although the current works show the prosperous potential
of structure-informed biological language models for inter-
action tasks, there are still few works combining pre-trained
models from different biological domains. Integrating pre-
trained models for multiperspective information extraction
has received much attention recently (Li et al. 2024). Mod-
eling cross-modal complex structures for single-modal LMs
requires a suitable model design. In the protein-RNA bind-
ing affinity prediction task, one key challenge is the limited
size of labeled complex structures, as there are only several
datasets that contain a small number of protein-RNA affin-
ity labels, e.g. 135 samples in PRBABv2. Meanwhile, some
affinity labels from different datasets may conflict with each
other, making it hard to develop and evaluate the models.
Therefore, applying different-domain language models col-
laboratively for complex-level tasks remains less explored.
In this paper, we propose CoPRA, the first attempt to
bridge a PLM and an RLM via Complex structure for
Protein-RNA binding Affinity prediction, as shown in Fig-
ure 1. Specifically, the overall pipeline of CoPRA is: The
protein and RNA sequences are first input into a PLM and
an RLM, respectively. Then, we select the embeddings from
the two LMs’ outputs that are at the interaction interface as
the sequence embedding for the subsequent cross-modality
learning. The structure information is also extracted from
the interaction interface as the pair embedding. We design a
lightweight Co-Former to bridge the interface sequence em-
bedding from two LMs together with the complex structure
information. Co-Former combines the sequence and struc-
ture information with a structure-sequence fusion module.
We also propose a bi-scope pre-training strategy for Co-
Former to model coarse-grained contrastive interaction clas-
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sification (CPRI) and fine-grained interface distance predic-
tion (MIDM) at atom-wise precision'. To deal with the lack
of a unified labeled standard dataset issue, we curated the
largest protein-RNA binding affinity dataset PRA310 from
three public datasets and evaluated CoPRA and other mod-
els’ performance. To further demonstrate CoPRA’ ability to
understand protein-RNA binding, we adopt it to predict the
binding affinity change caused by protein mutation. In sum-
mary, our main contributions are listed as follows:

* We propose CoPRA, the first attempt to combine protein
and RNA language models with complex structure infor-
mation for protein-RNA binding affinity prediction.

* We design a Co-Former to bridge the embedding of the
interface sequence from two LMs together with the com-
plex structure information and design a bi-scope pre-
training method, including CPRI and MIDM for under-
standing the binding from different aspects. Co-Former
is trained on our curated unsupervised dataset PRI30k.

e We curate the largest protein-RNA binding affinity
dataset PRA310 from multiple data sources. And eval-
uate the model’s performance on three datasets. CoOPRA
reaches state-of-the-art performance on multiple datasets,
including PRA310 and its subset PRA201 for binding
affinity prediction, and a mCSM blind-test set for mu-
tation effect on binding affinity prediction.

Related Work
Protein-RNA Binding Affinity Prediction

Several sequence- or structure-based machine learning-
based methods have been applied to predict protein-RNA
binding affinity. For example, PNAB (Yang and Deng
2019b) is a stacking heterogeneous ensemble framework
based on multiple machine learning methods, e.g. SVR and
Random Forest. They manually extract different biochemi-
cal features from the protein and RNA sequences. DeePNAP
(Pandey et al. 2024) is another sequence-based method,
leveraging 1D Convolution networks for feature extraction.
PredPRBA and PRdeltaGPred (Deng et al. 2019; Hong et al.
2023) employ interface structure features for better predic-
tion. Besides, PRA-Pred (Harini, Sekijima, and Gromiha
2024b) is a multiple linear regression model, which utilizes
protein-RNA interaction information as features in addition
to the protein and RNA information. These studies demon-
strate that the sequence feature of RNA/protein, and the in-
terface structure feature both contribute to more accurate
prediction. However, most of them only employ part of the
information, and it is demanding to develop a method to
leverage both sequence and interface structure information.

Protein and RNA Language Models

Many efforts have emerged to develop foundation language
models to leverage the massive biological sequence data.
One of the first papers is ESM-1b (Rives et al. 2021) trained
on 250 million protein sequences with a BERT-style strat-
egy. Several other PLMs are proposed and perform well on

'The distance of nodes is by the nearest atom between them.
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Figure 2: Overview of CoPRA. Given a protein-RNA complex as input, the sequence information are fed into a PLM and an
RLM, respectively. The output embeddings at binding interface are fed into Co-Former with pairwise information. The Co-
Former fuses the 1D and pair embedding. CN, PN, and RN are special nodes for complex, protein, and RNA, respectively.

various downstream tasks(Rao et al. 2021; Elnaggar et al.
2021; Brandes et al. 2022). Especially, ESMFold (Lin et al.
2022) and OmegaFold (Wu et al. 2022) show the power
of PLMs on protein structure prediction, without multiple
sequence alignment information as in AlphaFold2 (Jumper
et al. 2021). The PLM from ESMFold is named ESM-2,
which contains various parameter sizes, from 8M up to 15B.
Meanwhile, most RLMs employ a similar paradigm of that
in PLMs. The RLMs are trained on massive non-coding
RNA sequences. RNA-FM (Chen et al. 2022), Uni-RNA
(Wang et al. 2023) and RiNaLMo (Peni¢ et al. 2024) are
three representative RLMs. They show great ability in RNA
function and secondary structure prediction. While PLMs
and RLMs have succeeded in many biological tasks, apply-
ing them together remains an unexplored area of research.

Multi-Modal Learning in Language Models

Learning from multiple modals can provide the model with
multi-source information of the given context (Huang et al.
2021). Multi-modal learning achieves impressive perfor-
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mance improvement compared to its single-modal coun-
terparts and brings new applications(Luo et al. 2024; Li
et al. 2023). Contrastive learning is one efficient unsuper-
vised way to align multi-modal representation to the same
semantic space. CLIP (Radford et al. 2021) used an in-batch
contrastive strategy to train visual encoders with the text
encoders. BLIP-2 (Li et al. 2023) introduces a lightweight
QFormer for visual-language pretraining with frozen image
encoders and LLMs. In the field of protein, many efforts
have been made to integrate the 3D structure information
into PLMs. LM-design (Zheng et al. 2023) adds a structure
adapter to ESM-2, enabling the structure-informed PLMs on
conditional protein design. Recently, SaProt (Su et al. 2024)
and ESM-3 (Hayes et al. 2024) pretrain the PLM with pro-
tein sequence and its structural information, increasing the
models’ overall performance. Existing multi-modal PLMs
were trained with the protein structure and sequence modals.
It is still an open problem for combining multiple biological
modals (e.g. protein and RNA) with complex structure in-
formation for complex-level interaction tasks.



Methods

In this section, we introduce the details of CoPRA. First, we
introduce the overview of CoPRA and some -RNA complex.
Next, we present Co-Former for bridging the multi-modal
information from protein and RNA. Later, we will describe
the pre-training task design, including CPRI and MIDM. At
last, we will introduce the formulation of downstream tasks,
including binding affinity prediction and mutation effect on
affinity change prediction. The overall workflow of CoPRA
is described in Figure 2.

CoPRA Overview

CoPRA is designed to leverage the PLM and RLM for bind-
ing affinity prediction. Given a protein-RNA complex C, we
input the sequence of each protein chain P; into a PLM, and
each RNA chain R; into an RLM. We generate a sequence
embedding and a pair embedding at the binding interface for
Co-Former. The Co-Former performs structure-sequence fu-
sion and outputs multi-level representations. To develop Co-
Former’s multi-modal understanding, we propose a bi-scope
pre-training approach, including CPRI and MIDM, enhanc-
ing the model’s understanding of protein-RNA complex in
different granularity.

Notations of the Protein-RNA Complex

The input is a protein-RNA complex with at least one protein
chain and one RNA chain each. We define the protein as a set
of chains P = {Py, ..., P,},andRNA as R = {Ry, ..., R, }.

Protein. Each protein chain contains 1D sequence infor-
mation p; and 3D structure information X; as input, noted as
P; = {p;, X;}. For a chain of length L,, we have p; € Aﬁ”
and X; € RE»*k*3 where A, is the alphabet of protein
residue types, including 20 normal amino acids and an un-
known token ‘X’. And k is the number of atoms for repre-

sentation, we have k = 4 for CoOPRA modules, containing
backbone atoms {N, C4, C, O}.

RNA. The input of an RNA chain of length L, is similar
to that of proteins, noted as R; = {r;, X;}, where r; € A,JET
and X; € RL~*k¥" %3 The alphabet A, of RNA contains only
4 types of base types {4, G, C,U} and an unknown token
‘_’. Here k' = 4 for CoPRA modules, containing backbone
atoms {P,C},Cy, N1} for pyrimidine base types {C,U}
and { P, C}j, C1, Ny} for purine base types {A, G}.

Protein-RNA complex. The protein-RNA complex in-
cludes sequence and structure information of each chain,
and a complex distance map D, noted as C = {P, R, D}.
D € REXL where L is the total node number of the com-
plex. D is generated by full-atom geometry to get the precise
pair-wise distance between nodes.

Protein-RNA Interface Representation

Given a protein-RNA complex input C' = {P, R, D}, we de-
scribe here the process for preparing protein-RNA interface
representation for Co-Former. In general, Co-Former takes
a mixed representation at the binding interface, noted as
Cr ={S,Z}. § € R"3)xds gnd 7 € RnF3)x(n43)xds
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where n is the interface size, d; is the sequence embedding
size and d,, is the pair embedding size.

Interface sequence embedding. The full sequence of P
and R are fed into PLM and RLM separately to get the full
sequence embedding. We select n nodes near the interface
according to D. Moreover, we design three special nodes as
different-level representation aggregators, including a com-
plex node C®, a protein node P°, and an RNA node R*. C*®
can attend to all nodes, while P? can only attend to nodes
from proteins and R° can only attend to nodes from RNAs.
These special nodes are randomly initialized and concate-
nated in front of the interface node embeddings to form
S=CPP PR PP"PR", where P" and R™ are
embeddings for each protein and RNA node.

Interface structure extraction. Given the interface
nodes’ (including special nodes) positions of the complex C,
we can extract invariant pair-wise structure embeddings for
Co-Former. We initialize the special nodes’ positions at the
geometric center of the interface, the protein, and the RNA,
respectively. Inspired by Invariant Point Attention (IPA) in
AlphaFold2 (Jumper et al. 2021) for protein feature extrac-
tion, we extract four types of pair-wise features from back-
bone atoms of the complex, including node pair type fea-
ture, relative sequential position, distance information, and
angular information. The pair-wise information is fed into
an embedding layer to form Z. As we take the backbone
atom positions, Z is unchanged when mutation affects the
sidechain conformation.

Co-Former

Co-Former is an N-block dual-path transformer. Each block
contains a Structure-Sequence Fusion module SSF, a layer
normalization module LN, and a feed-forward module
FFN. The form of the It block is {SU+1D, Z(U+D} =
{FFN(LN(S®)), FFN(LN(Z®))}, where {S®), Z1} =
SSF({S®, Z(}). In this section, we will describe the SSF
module in detail.

The SSF module consists of two components, a structure-
guided multi-head self-attention module and an outer-
product update module, as shown in Figure 2. Given the [*"
layer’s input {S®), Z(}, the pair embedding Z() is first
projected to the head size and added to the attention embed-
ding, guiding attention with structural information. Then, we
take a pair-wise outer product for the updated sequence em-
bedding SO to get the pair embedding Z®_The module can
be formulated as:

QU KO v = sOwd wP wi, @
O gOT

PICIE A S + Linear(Z®), 2)
Vs Z)

S = (Softmax(AD) @ M) -V, 3)

o =4 @ s, )

731(]1) = zl(jl) + T_Jineaur(oijl))7 %)



where, W, Wi and Wy are the projection matrices, and

M is the task-dependent mask. § A(l) AE” R*: are the
" and j" feature of SO, 3\ @ (l)T is the outer product,
resulting in oy) € Rdsxds, zi(;-), Al(])

of ZW and Z®), respectively. We simplify the multi-head
attention in the equation for easy understanding.

is from position (3, j)

Bi-scope Pre-training

In this section, we will describe the pre-training tasks, in-
cluding a cross-modal contrastive protein-RNA interaction
(CPRI) task for understanding interaction pairs (whether
they interact) and a mask interface distance modeling
(MIDM) for understanding the atom-precision node distance
(how they interact) given only backbone structure as input.

Contrastive interaction modeling. Utilizing protein and
RNA representations for cross-modal matching is similar to
image-text matching. We formulate this problem in an in-
batch way, inspired by CLIP (Radford et al. 2021). Specifi-
cally, for a protein P and an RNA R from a complex C, we
mask the interface structure information of the pair embed-
ding Z and get the output protein and RNA special node em-
bedding from Co-Former, denoted as P*, R®. Given a batch
of protein-RNA complexes of batch size K, we generate K2
pairs (P?, R?), where 7, j € {1, ..., K'}. The pair is positive
when ¢ = j and the other pairs are negative. We adopted a
symmetric contrastive loss function for the training'

£P (P ARIYC,) = —log Zex;((pg 3 1%/)7/)) (©)

£ P = —gloss i g 1 ()
1< j

Leprz = 5 doel+Lh, ®)

i=1
where, s denotes the similarity of the embeddings and we
adopt cosine similarity in practice, and 7 is the temperature.

Mask interface modeling. Modeling the atom-precision
distance is crucial for understanding how the protein-RNA
nodes interact. We design a coarse- to fine-grained pre-
training method. Specifically, 50% of the pair embedding
Z will be masked with a ratio of 15%, and the other 50%
will be unchanged. The model is required to reconstruct the
interface distance. The ground truth distance of two nodes is
defined by the nearest atoms from each node, thus the model
needs to infer the interface detail from sequence embedding
and partially masked pair embedding Z. All the distance at
the interface will be used for loss calculation. To make the
training more stable, we divide the distance into multiple
bins, where the bins at the close part are dense and at the re-
mote part are sparse, converting the task into a classification
task with a cross-entropy loss:

0; = Interface(Linear(ZW)), 9)
exp(0ik,1/T)

Cartpai = — E: cn s, (10

MIDM, L2 ZbeXp Oun] T )yjk,t (10)

7,k=1
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where, O; is the distance prediction of the ith complex,
and y;;x,. is the distance for the ith complex at position
(4, k), with the label ¢, and 7 is the temperature. With a hy-
perparameter «, the in-batch bi-scope pre-training loss is :

1K
7§ L, A).
(Ki:1 MIDM,)

Protein-RNA Affinity Prediction Tasks

The downstream tasks consist of protein-RNA binding affin-
ity prediction and protein mutation effect on binding affinity
prediction. Here is the formulation of these two tasks. We
take MSE loss for both tasks.

L=Lcprr+a- (11

Binding affinity prediction. Given a complex C as input,
we fed the output special node’s embedding C*® into an MLP
to predict AG, noted as AG = MLP(C*).

Mutation effect on binding affinity prediction . This
task predicts the binding affinity change between the mutant
and the wild complex?, noted as AAG = AG nut—AG wild-
Since Co-Former only requires backbone structure informa-
tion, we can input the same backbone structure and different

sequences to get C; ..., C» ., making it convenient for pre-

diction, note as AAG = MLP(C3, ;) — MLP(C: ...
Experiments

Exeriment Setup

Pre-training dataset. The pre-training dataset used here
is curated by ourselves, capturing protein-RNA pairs of mul-
tiple poses. There are in total 5,909 protein-RNA complexes
in the Protein Data Bank (PDB), which were collected in
a pair-wise form in BioLiP2. They define each interacting
protein-RNA chain pair in the complex as an entry, result-
ing in 150k chain pairs. We create the non-redundant pre-
training dataset PRI30k with the annotation of BioLiP2 by
finding the maximum connected subgraph in each complex.

Affinity datasets. Existing affinity datasets only contain
a small number of protein-RNA affinity data with inconsis-
tent labels across datasets. It is necessary to build a standard
dataset for benchmarking. We collect samples from three
public datasets, PDBbind (Wang et al. 2004), PRBABv2
(Hong et al. 2023), and ProNAB (Harini et al. 2022). Af-
ter removing duplication we get 435 unique complexes. We
carefully compare the inconsistent labels from the raw liter-
ature and calibrate the annotations. We then filter complexes
with length and chain number limits, resulting in 310 com-
plexes. We name our dataset PRA310, which is the largest
and most reliable dataset under the same settings. We utilize
CD-HIT (Fu et al. 2012) to generate complex clusters, with
a sequence identity threshold of 70%. We split these clusters
for a standard 5-fold cross-validation setting. PRA201 is a
subset of PRA310, containing only one protein chain and
one RNA chain in each complex with a stricter length limit.
The mCSM blind test set is a dataset from mCSM (Pires,

This is the common representation, while in mCSM, the label
is defined as AAG = AGwitga — AGmut.



PRA3I0 PRAZ01
Method Struc  Seq LM | RMSE| MAE] PCCt SCCt | RMSE, MAE] PCCt SCCt
LM+LR X vV /| 1801 1472 0365 0348 | 1750 1383 0370 0.362
LM+RF X v/ | 1561 1248 0418 0457 | 1569 1252 0437 0.467
LM+MLP X VvV v/ | 1688 1388 0412 0428 | 1.638 1282 0403 0412
LM+SVR X v/ | 1506 1209 0475 0489 | 1476  1.192 0454 0.456
LM-+Transformer X v e 1.481 1.192  0.489 0.485 1.433 1.172 0.492  0.487
DeepNAP* (Pandey et al. 2024) | X X - - - - 1.964  1.600 0345 0349
PredPRBA* (Deng et al. 2019) v X X - - - - 2238 1.695 0370 0316
FoldX' (Delgado et al. 2019) v X X - - 0212  0.283 - - 0212 0.268
GCN (Kipf and Welling 2016) v X X 1,705 1378 0.145 0.144 | 1.631 1322 0201 0.203
GAT (Velickovié et al. 2017) v X X 1.644 1337 0238 0.174 | 1542 1235 0262 0221
EGNN (Satorras et al. 2021) v X X 1.634 1340 0226 0212 | 1.639 1345 0241 0217
GVP (Jing et al. 2020) v X X 1.678 1361 0262 0283 | 1702 1372 0240 0.305
IPA (Jumper et al. 2021) v X X 1462 1208 0495 0496 | 1464 1191 0510 0514
LM-+IPA v X /| 1454  1.198 0514 0496 | 1405  1.159 0532 0.507
CoPRA (scratch) v vV v/ | 1446  1.188 0.522 0520 | 1428 1172 0.534 0.526
CoPRA v Vv o/ | 1391 1129 058 0589 | 1339 1059 0.569 0.587

Table 1: The mean metrics of 5-fold cross-validation on the PRA310 and PRA201 datasets. * They only provide web servers
with restrictions, so we only test them on PRA201. ¥ The FoldX prediction is the energy change, thus we only compare the
correlation coefficient. LM is ESM-2 + RiNALMo. CoPRA (scratch) represents CoPRA not pre-training with CPRI and MIDM.

Ascher, and Blundell 2014), containing 79 non-redundant
single-point mutations from 14 protein-RNA complexes.

Metrics and implementation details. Following (Pandey
et al. 2024), we take 4 metrics for evaluation, including
the root mean square error (RMSE), the mean absolute er-
ror (MAE), the Pearson correlation coefficient (PCC), and
the Spearman correlation coefficient (SCC). We take ESM-
2 650M (Lin et al. 2023) and RiNALMo 650M (Peni¢ et al.
2024) as our LMs. All the experiments are conducted on 4
NVIDIA A100-80G GPUs. The block number of Co-Former
is 6, with a sequence and pair embedding size of 320 and
40, respectively. In pre-training, we set MIDM’s mask ratio
to 15%. We use the Adam optimizer with an initial learning
rate of 3e-5. The node number of the interface is 256. The
introduction of baselines is in the extended version.

Predicting Protein-RNA Binding Affinity

We first evaluate our model’s performance on PRA310 and
PRA201. We divide the baseline methods into sequence- and
structure-based. As illustrated in Table 1, the scratch ver-
sion of CoPRA reaches the best performance on the PRA310
dataset. IPA is the best-performed model without LMs, and
we replace the sequential input of IPA with the embeddings
from LMs, improving its performance with 0.19 on PCC.
Moreover, most methods with LM embedding as input per-
form better than others, indicating the great power of com-
bining pre-trained unimodal LMs for affinity prediction. We
then pre-train our model with PRI30k, increasing the over-
all performance significantly on both datasets. On PRA310,
CoPRA gets an RMSE of 1.391, MAE of 1.129, PCC of
0.580, and SCC of 0.589, much better than the second-
best model CoPRA (scratch). The PredPRBA and Deep-
NAP only provide web servers and support protein-RNA
pair affinity prediction, and we compared the methods on the
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PRA201 dataset with them. Although at least 100 samples
in PRA201 appear in their training set, their performance on
PRA 201 is significantly lower than that they reported, indi-
cating the less generalization ability of these methods. This
phenomenon can be explained by the experiment of PRdelt-
aGPred (Hong et al. 2023) that removes worst-performed
samples. Moreover, we observe a consistent performance
improvement of most models from PRA310 to PRA201, in-
dicating that PRA310 is more challenging. The experiments
in PRA310 and PRA201 show CoPRA’s ability to precisely
predict the binding affinity, especially when equipped with
the proposed bi-scope pre-training.

Method RMSE| MAE| PCCt SCCt
FoldX (zero-shot) 1.727 1496 0474 0.548
CoPRA (zero-shot) 0.994 0.737 0314 0411
DeepNAP* 1.106 1.004  0.428 0.339
mCSM 1.814 1478 0.528 0.466
CoPRA 0.957 0.833 0.550 0.570

Table 2: Per-structure performance on mCSM blind test set.
* DeePNAP’s training set overlaps with this test set.

Predicting Mutation Effects on Binding Affinity

To further evaluate our model’s understanding of affinity in
a fine-grained way, we redirect our model to predict the pro-
tein’s single-point mutation effect on the protein-RNA com-
plex. Following works in protein mutation effects prediction
(Luo et al. 2023), the metrics are averaged at a per-complex
level. We evaluate both zero-shot and fine-tuned perfor-
mance of CoPRA, after pre-training on PRI30k and tuning
on PRA310. As shown in Table 2, Notably, ours (zero-shot)



has a competitive performance, outperforming other mod-
els under the RMSE and MAE metrics. After fine-tuning
with the cross-validation set used by mCSM, our model out-
performs other models in all four metrics, with RMSE of
0.957, MAE of 0.833, PCC of 0.550, and SCC of 0.570.
This superior performance comes from the bi-scope pre-
training targets, although not see any mutational complex
structures. The performance demonstrates CoPRA’s gener-
alization ability on different affinity-related tasks.

Ablation Study

In this section, we present extensive ablation studies of our
model to explore its performance on PRA310, including the
module parts, the pertaining strategy, and the model size.

Method RMSE| MAE| PCCt SCCt
CoPRA 1.391 1.129  0.580 0.589
- Pre-train 1.446 1.188  0.522 0.520
- Pair info 1.454 1.177 0518 0.519
- Crop patch 1.481 1.192  0.489 0.485
- Special nodes 1.497 1.211 0.456  0.469
- Co-Former 1.688 1.388  0.412 0.479

Table 3: Ablation study on modules

Modules ablation. We progressively delete the modules
of CoPRA. As shown in Table 3, removing each compo-
nent of CoPRA will cause a performance decrease, demon-
strating the necessity and importance of the modules we
designed. The removal of pre-training causes a significant
loss of performance, indicating that our pre-training strat-
egy is crucial for affinity prediction. However, the removal
of pair information from the scratch version of CoPRA does
not cause a significant loss of performance while removing
the patch cropping will cause an obvious decrease. Because
the interface information can help the model directly, adding
more information on top of the interface cropping may not
be helpful when the sample number is limited and the bind-
ing mode is flexible. The special nodes also increase the
model’s performance because they are indeed different lev-
els of attention-based readout functions, effective for multi-
level representation of the complex. If we remove all the
components and only feed the LMs’ output into an MLP, the
performance will be much poorer, thus brutally combining
embeddings without a suitable model is impracticable.

Method RMSE| MAE| PCCt SCCt
Scratch 1.446 1.188  0.522 0.520
CPRI 1.442 1.165 0.528 0.522
DM 1.445 1.167 0542 0.535
CPRI+DM 1.418 1.167  0.558 0.541
CPRI+IDM 1.421 1.142  0.560 0.542
CPRI+MIDM 1.391 1.129  0.580 0.589

Table 4: Ablation study on pretraining strategy
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Pretraining strategy ablation. Based on Table 4, we can
observe that when only trained with one pre-training tar-
get, the distance modeling (DM) brings better performance
than CPRI. The distance modeling task is more fine-grained
and provides more information for affinity tasks. Combining
CPRI with various DM tasks improves the overall perfor-
mance. Moreover, the results suggest that distance at the in-
terface is more important than that within protein and RNA,
thus directly modeling the interface is better. After masking
some of the pair embeddings, the task becomes more chal-
lenging, urging the model to get an in-depth understanding
of the relationship between the node type and distance.

Correlation

35M 150M
ESM-2 size

650M

Figure 3: Ablation study of ESM-2 model size.

Model size ablation Since RiINALMo only provides a
650M pre-trained model, we ablate the size of ESM-2 and
train CoPRA from scratch. As shown in Figure 3, increas-
ing the model size brings improvement in performance, and
the best-performed model is the ESM-2 650M model. Larger
pre-trained models can provide larger embedding dims, con-
taining better representation ability gained from unsuper-
vised sequences. This is consistent with the performance
trends observed in the unimodal models. We demonstrate
that when doing cross-modal tasks, the collaborator model’s
size is also of important consideration, and the larger model
will probably result in better complex-level performance.

Conclusion

In this work, we present CoPRA, the first attempt to combine
different biological language models with structural infor-
mation for protein-RNA binding affinity prediction. We de-
sign a Co-Former for sequence and structure feature fusion
and propose an effective bi-scope pre-training approach.
Meanwhile, we curate the largest standard protein-RNA
binding affinity dataset PRA310, and a pre-training dataset
PRI30k. Our model achieves state-of-the-art performance on
binding affinity and mutation effect prediction.

Future research can be applied to more biological do-
mains, such as protein-DNA binding. While our model per-
forms well in predicting the protein’s single-point mutation
effect on the complex, it is also important to extend the ap-
plication to multi-point mutation and RNA mutations.
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