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Abstract

Understanding and leveraging the 3D structures of proteins is
central to various biological and drug discovery tasks. While
deep learning has been applied successfully for structure-
based protein function prediction tasks, current methods usu-
ally employ distinct training for each task. However, each
of the tasks is of small size, and such a single-task strategy
hinders the models’ performance and generalization ability.
As some labeled 3D protein datasets are biologically related,
combining multi-source datasets for larger-scale multi-task
learning is one way to overcome this problem. In this pa-
per, we propose a model to address multiple tasks jointly
upon the input of 3D protein structures. In particular, we
first construct a standard structure-based multi-task bench-
mark called Protein-MT, consisting of 6 biologically rele-
vant tasks, including affinity prediction and property pre-
diction, integrated from 4 public datasets. Then, we de-
velop a novel graph neural network for multi-task learning,
dubbed Heterogeneous Multichannel Equivariant Network
(HeMeNet), which is E(3) equivariant and able to capture
heterogeneous relationships between different atoms. Be-
sides, HeMeNet can achieve task-specific learning via the
task-aware readout mechanism. Extensive evaluations on our
benchmark verify the effectiveness of multi-task learning,
and our model surpasses state-of-the-art models.

Code — https://github.com/hanrthu/HeMeNet
Extended version — https://arxiv.org/abs/2404.01693

Introduction
Proteins consist of one or more chains of amino acids, and
they are vital in many biological systems. The 3D structure
of a protein sets the foundation of its interaction with other
molecules, which finally determines its functions. In recent
years, learning-based methods have been applied widely to
leverage the 3D structures of proteins for various tasks such
as property prediction (Wang et al. 2023a), affinity predic-
tion (Li et al. 2021), rigid docking (Ganea et al. 2022), and
antibody generation (Kong, Huang, and Liu 2023a), owing
to their superior efficiency and lower cost compared to those
wet-lab approaches. A major part of learning-based methods
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Figure 1: Comparison of different models with tasks.

resort to Graph Neural Networks (GNNs) (Xu et al. 2019),
which naturally encode the 3D structures of proteins by
modeling atoms or residues as nodes and the connections in
between as edges. In addition, certain GNNs are geometry-
aware and designed to capture the symmetry of E(3) trans-
formations for better predictions (Satorras, Hoogeboom, and
Welling 2021; Huang et al. 2022).

Despite significant progress in geometric-aware GNNs
for protein tasks, existing methods usually employ one
model for one task. A clear drawback of such a single-task
training strategy is that the model should be re-trained for
each new task. However, structural datasets with annota-
tions are often limited in size due to the expensive cost of
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acquiring protein 3D structures and labels via wet lab ex-
periments, especially for affinity prediction. For example,
in PDBbind (Wang et al. 2004), only 2852 complexes for
the Protein-Protein Affinity (PPA) are experimentally anno-
tated. Due to the sparsity of labeled structures, conducting
model training on a single-task dataset of small size usually
leads to defective performance and an inability to generalize.

To deal with the sparsity of labeled data issues, some
previous works leverage multi-task learning, which designs
a model and trains it with multiple related tasks. Collect-
ing samples with related tasks can bring more informa-
tion to improve the performance (Zhang et al. 2023a; Wang
et al. 2022). However, most of these works are sequence-
based (Xu et al. 2022; Capel et al. 2022), and the formu-
lations are separated annotations for different samples. The
work by(Capel, Feenstra, and Abeln 2022) is a structure-
based multi-task method, but it mainly focuses on residue-
level interface prediction.

Recent research shows that some protein properties poten-
tially imply the protein’s binding activity. For example, gene
ontology would contain knowledge for protein-protein in-
teraction (Wang et al. 2022); Enzyme commission and gene
ontology can provide molecular context for protein-ligand
binding affinity (LBA) (Zhang et al. 2023a). These indicate
that some single-chain functions may benefit the prediction
of complex-level affinity and vice versa. Motivated by this
fact, we propose combining affinity and property prediction
datasets in the framework of joint training.

A key problem hindering structural data integration is the
lack of appropriate models for various inputs and tasks. As
shown in Figure 1, many affinity prediction models (Li et al.
2021; Kong, Huang, and Liu 2023b) utilize full-atom in-
formation at the binding interface, which loses the infor-
mation of the whole chain. While many function prediction
models (Zhang et al. 2023b; Jing et al. 2021) utilize alpha-
carbon to predict chain-level functions, which loses the de-
tailed atom interaction information for affinity prediction.

In this paper, we propose a structure-based multi-task
learning paradigm. We use a heterogeneous full-atom model
for multiple tasks upon various 3D protein inputs. Never-
theless, accomplishing structural multi-task training is chal-
lenging. The first challenge is that there is no available
benchmark. The ideal benchmark should cover a sufficient
range of data and biologically related tasks, with a fully la-
beled test set to compare how a model performs on the same
input for different task outputs. The second challenge is that
it is nontrivial to design a generalist model that is capable of
processing the complicated 3D structures of input proteins
of various types, including single-chain, protein-protein, and
protein-ligand, and it should perform well across different
tasks, including protein affinity and property predictions. By
achieving structure-based full-atom protein multi-task learn-
ing, we make the following contributions:
• To the best of our knowledge, we are the first to propose

the concept of structure-based protein multi-task learn-
ing. We carefully integrate the structures and labels from
4 public datasets with our proposed standard process
and construct a new benchmark named Protein Multiple
Tasks (Protein-MT), which consists of 6 representative

tasks upon 3 different types of inputs.

• We propose a novel model for protein structure learning,
dubbed Heterogeneous Multichannel Equivariant Net-
work (HeMeNet), which is E(3) equivariant and able
to capture various relationships between different atoms
owing to the heterogeneous multichannel graph construc-
tion of proteins. Additionally, we develop a task-aware
readout mechanism by associating the output head of
each task with a learnable task prompt for different tasks.

• For the experiments on Protein-MT, HeMeNet surpasses
other state-of-the-art methods in most tasks under both
the single-task and multi-task settings. Particularly on the
LBA and PPA tasks, we find that the multi-task HeMeNet
is significantly better than its single-task counterpart.

Related Works
Protein Interaction and Property Prediction Predicting
the binding affinity and properties for proteins with compu-
tational methods is of growing interest (Wang et al. 2022;
Zhao et al. 2020). Previous research learns protein represen-
tations by information different forms, most of which take
amino acid sequence (Alley et al. 2019; Rao et al. 2019),
multiple sequence alignment (Rao et al. 2021) or 3D struc-
ture (Hermosilla et al. 2021; Zhang et al. 2023b) as input.
Many works encode the information of a protein’s 3D struc-
ture by GNNs (Gligorijević et al. 2021a; Zhang et al. 2023b).
(Li et al. 2021) take full-atom geometry at the interaction in-
terface, and (Zhang et al. 2023b) take residue-level geometry
of the protein for property prediction. Our method utilizes
full-atom geometry on the whole protein to address affinity
and property prediction tasks together.

Equivariant GNNs Many equivariant GNNs have
emerged recently with the inductive bias of 3D symmetry,
modeling various tasks including docking, molecular
function prediction and sequence design (Gasteiger, Groß,
and Günnemann 2020; Satorras, Hoogeboom, and Welling
2021; Zhang et al. 2024; Cen et al. 2024; Han et al.
2024). To empower the model with the ability to handle the
complicated full-atom geometry, some models design multi-
channel equivariant message passing for atom sets, such as
GMN (Huang et al. 2022) and dyMEAN (Kong, Huang,
and Liu 2023a). We propose a powerful heterogeneous
equivariant GNN capable of handling various incoming
message types.

Protein Multi-Task Learning Multi-task learning takes
advantage of knowledge transfer across tasks, achieving
a better generalization performance (Wu, Zhang, and Ré
2020). In the field of protein, several works leverage multi-
task learning on the task of interaction prediction and prop-
erty prediction, most of which are sequence-based. (Shi
et al. 2023) design three Enzyme Commission number-
related hierarchical tasks to train the model. (Wang et al.
2023b) introduce a multi-task protein pre-training method
with prompts. (Xu et al. 2022; Capel et al. 2022) are
sequence-based multi-task benchmarks for protein function
prediction. (Capel, Feenstra, and Abeln 2022) improves the
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Figure 2: Construction of Protein-MT. We first extract the UniProt ID for each chain and construct a UniProt-Property
dictionary to map each protein chain with functional labels. With this dictionary, we can extract each chain’s UniProt ID and
map it with its labels. The complex with one affinity label and all property labels for each chain is defined as fully labeled.

protein interaction interface prediction by structural multi-
task auxiliary learning. To our knowledge, we are the first to
combine structure-based interaction prediction and property
prediction in a multi-task setting.

New Dataset: Protein-MT
Based on the observation that protein property and binding
affinity tasks may benefit each other, we construct a new
dataset called Protein Multiple Tasks (Protein-MT) for pro-
tein multi-task learning. Protein-MT is composed of differ-
ent types of tasks on 3D protein structures: the prediction of
Ligand Binding Affinity (LBA) and Protein-Protein Affin-
ity (PPA) based on two-instance complexes and the predic-
tion of Enzyme Commission (EC) number and Gene Ontol-
ogy (GO) terms based on single-chain structures. Particu-
larly, the LBA and PPA tasks originated from the PDBbind
database (Wang et al. 2004) aim at regressing the affinity
value of a protein-ligand complex and protein-protein com-
plex, respectively. The EC task is constructed by (Gligori-
jević et al. 2021b) to describe the catalysis of biochemical
reactions consisting of samples, each with 538 binary-class
labels. The GO task aims to predict the hierarchically related
functional properties of gene products (Gligorijević et al.
2021b): Molecular Function (MF), Biological Process (BP),
and Cellular Component (CC). We treat the prediction of
MF, BP, and CC as three individual tasks, resulting in six
different prediction tasks in total.

One key difficulty in integrating these tasks from their

sourced datasets is that samples from one task may lack the
labels for others. It is crucial to obtain samples with a com-
plete set of labels across tasks for the training and evaluation
of multi-task learning methods. As shown in Figure 2, we
propose a standard matching pipeline that enables transfer-
ring the labels between EC and GO, and assigning EC and
GO labels for the chains of complexes in LBA and PPA as
well (it is impossible to conduct the inverse direction since
it is meaningless to assign LBA or PPA for those single
chains in EC and GO). Specifically, we utilize the UniProt
ID to uniquely identify a protein chain1. We first obtain the
UniProt IDs of all protein chains in Protein-MT from Pro-
tein Data Bank (Berman et al. 2000). For each UniProt ID,
we determine the EC and GO properties based on the labels
of the corresponding chains in the corresponding datasets,
resulting in a UniProt-Property dictionary. With this dictio-
nary, for a chain missing EC or GO labels (e.g., a chain of
a complex in LBA and PPA), we can supplement the labels
by searching the dictionary by its UniProt ID to retrieve any
known EC and GO labels. We define a complex (from either
LBA or PPA) as fully labeled if the complex has one affin-
ity label (LBA or PPA) and four function labels for each of
its chains. After our above matching process, we formulate
the train/validation/test split in terms of the chain-level se-
quence identity through the alignment methods commonly

1The UniProt dataset is the world’s leading protein sequence
and function dataset and it identifies proteins by their UniProt IDs.
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used in single-chain property prediction tasks (Gligorijević
et al. 2021b).

Methodology
We first introduce our heterogeneous graph representation
and the multi-task formulation. Then, we design the archi-
tecture of the proposed HeMeNet, which consists of two key
components: heterogeneous multi-channel equivariant mes-
sage passing and task-aware readout.

Heterogeneous Graph and Task Formulation
The input of our model is of various types. It could be ei-
ther a two-instance complex (protein-ligand for LBA and
protein-protein for PPA) or a single chain (for EC and GO).
Here, for consistency, we unify these two different kinds of
input as a graph G composed of two sets of nodes Vr and Vl.
For the LBA complex input, Vr and Vl denote the receptor
and the ligand, respectively, while for the PPA complex and
single-chain input, Vr refers to the receptor protein chain
and Vl becomes the corresponding binding protein chain.
And for function prediction tasks, Vr refers to the protein
chain and Vl becomes an empty set, as shown in the middle
of Figure 1. We associate each node vi with the representa-
tion (hi, X⃗i), where hi ∈ Rd denotes the node feature and it
is initialized as a learnable residue embedding, X⃗i ∈ R3×ci

indicates the 3D coordinates of all ci atoms within the node.
As for edge construction, we include various types of edges.
In detail, for residue nodes, we allow R heterogeneous types
of edge connections including sequential edges of different
distances (d = {−2,−1, 1, 2}), self-loop edges, and spa-
tial edges; for single-atom nodes from small molecules, only
spatial edges are created. We present a simplified example
from the LBA task in Figure 3, where we only draw a few
nodes and omit the self-loop edges except for the central
node for simplicity. Overall, we obtain a full-atom heteroge-
neous graph representation G for each input.

Task Formulation Given a full-atom heterogeneous
graph G, our goal is to design a model p = f(G) with
multiple-dimensional output p that can predict the complex-
level affinity and chain-level functional properties simulta-
neously. By making use of our proposed dataset Protein-MT,
we train the model with a partially labeled training set and
test it on the fully-labeled test set. Notably, the prediction
should be invariant with regard to E(3) transformation (ro-
tation/reflection/translation) of the input coordinates. To do
so, we will formulate an equivariant encoder plus an invari-
ant output layer in our model, detailed in the next subsection.

HeMeNet: Heterogeneous Multi-channel
Equivariant Network
To better cope with the 3D structures of different types for
different tasks, we propose a heterogeneous multi-channel
E(3) equivariant graph neural network with the ability to
aggregate different relational messages. After several layers
of the message passing, the node representations are trans-
formed into task-specific representations by a task-aware
readout module, generating appropriate complex-level and
chain-level predictions via different task heads.

Heterogeneous Multi-channel Equivariant Message
Passing Inspired by dyMEAN (Kong, Huang, and Liu
2023a), we leverage a multi-channel coordinate matrix
with dynamic size to record the geometric information of
a node in an input graph. Moreover, we extend the setting
to heterogeneous message passing along multiple types
of edges to capture rich relationships between nodes. We
denote the node feature and coordinates as (h

(l)
i , X⃗

(l)
i ) in

the l-th layer. The message passing is calculated as:

mijr = ϕm(h
(l)
i ,h

(l)
j ,

TR(X⃗
(l)
i , X⃗

(l)
j )

||TR(X⃗
(l)
i , X⃗

(l)
j )||F + ϵ

, er), (1)

M⃗ijr = TS(X⃗
(l)
i − 1

cj

cj∑
k=1

X⃗
(l)
j (:, k), ϕx(mijr)), (2)

where, mijr and M⃗ijr are separately the invariant and
equivariant messages from node j to i along the r-th edge;
er is the edge embedding feature; ϕm, ϕx are Multi-Layer
Perceptrons (MLPs) (Gardner and Dorling 1998) with one
hidden layer; || · ||F denotes the Frobenius norm; TR and
TS are the adaptive multichannel geometric relation extrac-
tor and geometric message scaler, in order to deal with the
issue incurred by the varying shape of X⃗(l)

i and X⃗
(l)
j since

the number of atoms could be different for different nodes.
With the messages, the node representation is updated by:

h
(l+1)
i = h

(l)
i + σ(BN(ϕh(

∑
r∈R

Wr

∑
j∈Nr(i)

mijr))), (3)

X⃗
(l+1)
i = X⃗

(l)
i +

1∑
r∈R |Nr(i)|

∑
r∈R

∑
j∈Nr(i)

wrM⃗ijr,

(4)

where, Wr, wr are a learnable matrix and a learnable scalar
to project invariant an equivariant messages, respectively, for
the r-th kind of edge; Nr(i) denotes the neighbor nodes of
i regarding the r-th kind of edges; ϕh is an MLP, BN is the
batch normalization operation, and σ is an activation func-
tion. During the message-passing process, our model gathers
information from different relations for hi and X⃗i, ensuring
the E(3) equivariance.

Task-Aware Readout After L layers of the above re-
lational message passing, we attain a set of E(3) invariant
node features H(L) ∈ Rn×dL , where n is the number of
nodes and dL is the feature dimension. To correlate the task-
specific information with each node feature, we propose
a task-aware readout function. We compute the attention
weights between each node and each task-specific query, and
then readout all weighted node features into dual-level repre-
sentations: graph level or chain level for each task. As shown
in Figure 3, the task-aware readout module is formulated as:

αt = Softmax(
Kqt√
dL

), (5)

ft = FFN(αtV + Linear(qt)), (6)

where, αt ∈ [0, 1]n defines the attention values for task
t; qt ∈ RdL is the learnable query for task t; K =
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HWK ∈ Rn×dL and V = HWV ∈ Rn×dL are the key
and value matrices, respectively; FFN is the feed-forward
network containing layer normalization and linear layers;
Linear(qt) = WQqt + b is used before the shortcut addi-
tion. In our implementation, we apply the multi-head atten-
tion strategy by defining multiple queries for each task. We
compute the attention by using the invariant features H(L)

as it has involved the geometric information from the 3D
coordinates during the previous L-layer message passing.

Multiple Task Heads We feed the above task-specific
feature fi into different task heads implemented by MLPs,
resulting in a prediction list (plba,pppa,pec,pmf ,pbp,pcc).
For regression tasks Treg = {LBA, PPA}, we use the Mean
Square Error (MSE) loss LMSE. For classification tasks
Tcls = {EC,GO-MF,GO-BP,GO-CC}, we use the Binary
Cross Entropy (BCE) loss LBCE. The training loss is formu-
lated as:

L =
∑

T∈Treg

λT1TLMSE(pT ) +
∑

T∈Tcls

λT1TLBCE(pT ),

(7)

where {λT } are hyperparameters that balance losses for dif-
ferent tasks; 1T is the indicator function evaluating to 1
when the label for task T exists and to 0 otherwise, allowing
for training on partially labeled samples. To accelerate the
training convergence, we adopt a balanced batch sampling
strategy that ensures each sampled mini-batch contains at
least one labeled sample from each task.

Experiments
In this section, we will first introduce the experimental
setup. Next, we evaluate our model on the proposed dataset
Protein-MT for affinity and property prediction in both

single-task and multi-task settings and compare it with other
baseline models. Then, we experiment with different read-
out strategies and compare their performance. At last, we
perform ablation experiments on different modules.

Experimental Setup
Task settings We compare HeMeNet with other models
under single-task and multi-task settings using the same val-
idation and test sets. For single-task training, models are
trained on samples with labels of the corresponding task. We
also remove the task-aware readout of our model for a fair
comparison. For multi-task training, the models are trained
on all partially labeled samples. We include samples with up
to 15,000 atoms for training and evaluation.

Baselines We compared our model with nine repre-
sentative baselines. GCN (Kipf and Welling 2017) ag-
gregates information weighted by the degree of nodes.
GAT (Veličković et al. 2018) utilizes an attention mecha-
nism for message passing. Schnet (Schütt et al. 2017) is
an invariant network with continuous filter convolution on
the 3D molecular graph. GearNet (Zhang et al. 2023b) de-
signs a relational message-passing network to capture in-
formation on protein function tasks. Its variant Gearnet-
fullatom (Zhang et al. 2023c) utilizes the model to the full-
atom setting. CDConv (Fan et al. 2022) models the geo-
metric sequence with a continuous-discrete convolution. Be-
sides the previous invariant models, we also compare our
method with equivariant models. EGNN (Satorras, Hooge-
boom, and Welling 2021) is a lightweight but effective E(n)
equivariant graph neural network. GVP (Jing et al. 2021) de-
signs an equivariant geometric vector perceptron for protein
representation. dyMEAN (Kong, Huang, and Liu 2023a) is
an equivariant model for antibody design; it takes a dynamic
multichannel equivariant function for full-atom coordinates.
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Method LBA PPA EC↑ GO

RMSE↓ MAE↓ RMSE↓ MAE↓ MF↑ BP↑ CC↑
Si

ng
le

-t
as

k

GCN (Kipf and Welling 2017) 2.193 1.721 7.840 7.738 0.022 0.207 0.254 0.367
GAT (Veličković et al. 2018) 2.301 1.838 7.820 7.720 0.018 0.223 0.249 0.354
SchNet (Schütt et al. 2017) 2.162 1.692 7.839 7.729 0.097 0.311 0.281 0.431

GearNet* (Zhang et al. 2023b) 1.957 1.542 2.004 1.279 0.716 0.677 0.252 0.438
GearNet-fullatom (Zhang et al. 2023b) 2.178 1.716 2.753 2.709 0.046 0.212 0.229 0.471

EGNN (Satorras, Hoogeboom, and Welling 2021) 2.282 1.849 4.854 4.756 0.039 0.206 0.253 0.357
GVP (Jing et al. 2021) 2.281 1.789 5.280 5.267 0.020 0.204 0.244 0.454

dyMEAN (Kong, Huang, and Liu 2023a) 2.410 1.987 7.309 7.182 0.115 0.436 0.292 0.477
HemeNet (Ours) 1.912 1.490 6.031 5.891 0.863 0.778 0.404 0.544

M
ul

ti-
ta

sk

SchNet (Schütt et al. 2017) 1.763 1.447 1.216 1.120 0.093 0.192 0.264 0.402
GearNet* (Zhang et al. 2023b) 2.193 1.863 1.275 1.035 0.187 0.203 0.261 0.379

GearNet-fullatom (Zhang et al. 2023b) 1.839 1.350 1.821 1.491 0.047 0.155 0.258 0.443
CDConv (Fan et al. 2022) 1.579 1.352 2.386 1.822 0.324 0.246 0.241 0.424

EGNN (Satorras, Hoogeboom, and Welling 2021) 1.777 1.441 0.999 0.821 0.048 0.169 0.244 0.352
GVP (Jing et al. 2021) 1.870 1.572 0.906 0.758 0.018 0.168 0.246 0.360

dyMEAN (Kong, Huang, and Liu 2023a) 1.777 1.446 1.725 1.523 0.038 0.164 0.263 0.449
HeMeNet* (Ours) 1.799 1.420 0.861 0.719 0.630 0.595 0.279 0.426
HeMeNet (Ours) 1.730 1.335 1.087 0.912 0.810 0.727 0.379 0.436

GPT4-turbo-1106 (ST) (Achiam et al. 2023) 2.347 1.780 1.654 1.343 - - - -
ESM2 (MT) (Lin et al. 2023) 2.009 1.334 1.692 1.333 0.917 0.764 0.389 0.533

ESM2-HeMeNet (MT) 1.867 1.661 1.846 1.418 0.921 0.796 0.455 0.567
* represents trained under the alpha-carbon atom only setting. ST, MT is the abbreviation of single-task and multi-task, respectively.

Table 1: The mean result for three runs on the full-label test set. The upper half reports the results for the single-task setting,
and the lower half reports the results for the multi-task setting. The best results are marked in bold and the second best results
are underlined. In the multi-task setting, we train the models with the same size compared to their single-task models.

ESM2 (Lin et al. 2023) is a pretrained protein language
model. We also conducted three-shot prompting to test GPT-
4 (Achiam et al. 2023) on the two affinity prediction tasks.

Evaluation For LBA and PPA tasks, we employ the
commonly used Root Mean Square Error (RMSE) and Mean
Average Error (MAE) as the evaluation metrics (Townshend
et al. 2021). For EC and GO tasks, we use maximum F-score
(Fmax) following (Zhang et al. 2023b). Each experiment is
independently run three times with different random seeds.

Results on Protein-MT
We conduct experiments under both single-task and multi-
task settings. The mean results of three runs are reported
in Table 1. According to the results, we draw conclusions
summarized in the subsequent paragraphs.

Our model outperforms the baselines on most of the
tasks under both settings. Under the single-task setting,
our model surpasses other models in five of the six tasks. Un-
der the multi-task setting, our model surpasses other models
in four of the six tasks, with the remaining two tasks reach-
ing second and third place, respectively. We also compared
our model with GPT4 and ESM2 (with multi-task head fine-
tuning). Our method outperforms GPT4 in both LBA and
PPA. ESM2 performs well on four property prediction tasks,
and combining ESM2 and HeMeNet can further improve
ESM2’s performance with geometric information. Notably,
under the single-task setting, only the models with a hetero-

geneous message passing (GearNet and ours) can perform
well on all of the four property prediction tasks. Under the
multi-task setting, our full-atom model, benefiting from joint
learning, shows superior results on different tasks, and there
are two main interesting observations discussed next.

Our model benefits from the multi-task setting, espe-
cially on LBA and PPA. We observe that almost all mod-
els improve their performance on LBA and PPA tasks under
the multi-task setting. In particular, our model significantly
improves the PPA RMSE from 6.031 to 1.087 by utilizing
a training set that is more than ten times larger (2587 for
PPA single-task and 30904 for our multi-task training set).
We also train our model with alpha C atom (HeMeNet*) as
input, resulting in a best PPA RMSE of 0.861. As shown
in Table 2, our model performs better as the training sam-
ples of PPA increase. And it performs much better than its
single-task counterpart, even with a small amount of train-
ing samples, showcasing the internal transfer of information
within the tasks. These results demonstrate that the model
can handle challenging tasks (complex-level affinity predic-
tion) better when more structural information is available
(e.g., single-chain structures and their labels).

Our model performs harmonious multi-task training
on property prediction tasks. We observe that when
switching from the single-task to multi-task setting, base-
line models experience performance degradation to some
extent across the four property prediction tasks. This is prob-
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ably because of task interference among diverse tasks, and
combining different tasks for training without careful adap-
tion can harm performance. With the guidance of our task-
aware readout module, our model is able to learn from multi-
ple tasks in a task-harmonious way, while achieving perfor-
mance on the property prediction tasks comparable to their
single-task counterparts with the same parameter size.

Ratio 0.00% 8.33% 16.67% 33.33% 100%

RMSE 7.764 1.651 1.161 1.126 1.087

Table 2: PPA performance with different training ratios.

Figure 4: Task prompt correlation heatmap

Comparison of Different Readout Methods
To verify the effectiveness of our TAR module, we take
HeMeNet and Gearnet as the backbone and compare the
task-aware readout method with sum readout and task-
prompt weighted feature (Liu et al. 2023).

Method EC↑ GO-MF↑ GO-BP↑ GO-CC↑
Gearnets 0.187 0.203 0.261 0.379
Gearnetw 0.066 0.164 0.271 0.414
Gearnett 0.421 0.310 0.287 0.403

HeMeNets 0.722 0.558 0.302 0.413
HeMeNetw 0.325 0.312 0.276 0.440
HeMeNett 0.810 0.727 0.379 0.436

Table 3: Comparison of readout functions. s, w, and t repre-
sent sum, weighted feature and task-aware readout.

The results are presented in Table 3. We can conclude with
the following observations: 1) Our task-aware readout in-
jects task-related information using an attention mechanism,
leading to overall improvements for various tasks, especially

on the Enzyme Commission task. 2) Element-wise multipli-
cation of the task prompt feature with nodes fails to provide
sufficient guidance to learning across tasks.

To further investigate the relationship between tasks, we
calculate Pearson’s correlation between prompts. As shown
in Figure 4, the correlations between tasks within the same
category (e.g. EC and MF) are high, while the correlations
between tasks from different categories (e.g. LBA and BP)
are low. A high correlation between prompts indicates sim-
ilar attention queries, leading to similar readout functions.
Therefore, with task-aware guidance, the model employs
similar readout strategies for tasks from the same category
and divergent strategies from tasks from different categories.

Method LBA↓ PPA↓ EC↑ GO

MF↑ BP↑ CC↑
Ours 1.730 1.087 0.810 0.727 0.379 0.436
- TAR 1.905 1.970 0.722 0.558 0.302 0.413
- Rs 1.790 1.446 0.547 0.663 0.359 0.391
- Atom 1.799 0.861 0.630 0.595 0.279 0.426

Table 4: Ablation study for components in HeMeNet.

Ablation Study

We perform ablation experiments to evaluate the necessity
of different components. Specifically, the ablation of TAR
replaces the TAR module with a sum readout. For er,Wr,
and wr, we remove different types of edges and the rela-
tional message passing weights. For full-atom ablation, we
represent the coordinates of residues by their alpha C atoms.

We present the results for ablation studies in Table 4, the
observations are as follows: 1) Without TAR module, signif-
icant performance degradation is observed, indicating that
the tasks can hinder each other without appropriate guid-
ance. 2) Without the heterogeneous graph, our model’s per-
formance drops on property prediction tasks, especially the
Enzyme Commission number prediction. 3) Removing the
full-atom geometry decreases the performance in multiple
tasks. However, it improves our model’s performance in
PPA. We suppose that the large number of atoms in the ful-
l-atom protein-protein complex introduces excessive noise
compared with input with alpha-carbon atoms only.

Conclusion
In this paper, we alleviate the problem of sparse data in
structured protein datasets by a multi-task setting. First,
We construct a standard multi-task benchmark Protein-
MT, consisting of 6 representative tasks integrated from
4 public datasets for joint learning. To address multiple
tasks in protein 3D learning, we propose a novel network
called HeMeNet. Comprehensive experiments demonstrate
our model’s performance on the affinity and property pre-
diction tasks. Our work brings insights for utilizing different
structural datasets to train a more powerful generalist model.
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Veličković, P.; Cucurull, G.; Casanova, A.; Romero, A.; Liò,
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