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Predicting the backbone torsion angles corresponding to each residue of a protein from its amino acid 
sequence alone is a challenging problem in computational biology. Existing torsion angle predictors 
mainly use profile features, which are generated by performing time-consuming multiple sequence 
alignments, for torsion angle prediction. Compared with traditional profile features, embedding 
features from pretrained protein language models have significant advantages in prediction 
performance and computational speed. However, embedding features usually have higher dimensions 
and different embedding features have significantly different dimensions. To this end, we design a 
novel parameter-efficient deep torsion angle predictor, PHAngle, specifically for embedding features. 
PHAngle is a parameterized hypercomplex convolutional network consisting of parameterized 
hypercomplex linear and convolutional layers whose weight parameters can be characterized as the 
sum of Kronecker products. Experimental results on six benchmark test sets including TEST2016, 
TEST2018, TEST2020_HQ, CASP12, CASP13 and CASP-FM demonstrate that PHAngle achieves the 
state-of-the-art torsion angle performance with the fewest parameters compared to the nine existing 
methods. The source code and datasets are available at https://github.com/fengtuan/PHAngle.
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The protein backbone torsion angles (ϕ and ψ) are an important protein structural property. For each protein, 
the bond lengths and bond angles between adjacent backbone atoms are fixed, while the variable torsion angles 
define its backbone structure. The torsion angles determine the overall shape and stability of proteins and affect 
various interactions within a protein molecule. Moreover, the torsion angles have a high correlation with the 
secondary structures of proteins (especially helical and sheet structures), and this correlation helps to determine 
the local conformation of proteins. In particular, the torsion angles can also help define highly variable loop 
conformations. Accurately predicted torsion angles can not only greatly reduce conformational search space and 
thereby aid in reconstructing the three-dimensional structure of proteins1, but can also be applied to improve 
protein fold recognition2 and sequence alignment3.

Since protein torsion angles are continuous real values from -180 to 180 degrees, torsion angle prediction is 
usually regarded as a regression problem. For a given protein, the goal of torsion angle prediction is to predict the 
two torsion angles ϕ and ψ corresponding to each residue in it based only on its amino acid sequence. According 
to the data form of the prediction output, existing torsion angle prediction algorithms can be divided into 
two categories: discrete-valued torsion angle prediction and continuous-valued torsion angle prediction. For 
discrete-valued torsion angle prediction, continuous torsion angle values are converted into discrete class states 
to reduce the difficulty of prediction. Representative methods include SHIFTOR4, DHPRED5 and SpiderBin6. 
For continuous-valued torsion angle prediction, it can be further categorized into sliding-window based 
prediction and sequence-to-sequence prediction. The sliding window-based prediction algorithms assume that 
the two torsion angles corresponding to central amino acid residue are determined by all the amino acids in 
the local window in which they are located. In particular, the performance of these algorithms depends on the 
size of the sliding window. Smaller windows usually cannot obtain better prediction results because they do not 
contain enough information, while larger windows increase the computational cost of the prediction model. 
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For the sliding window-based algorithms, the pioneering work is Real-SPINE7 proposed by Dor et al., which 
combines the outputs of two multilayer perceptron predictors for torsion angle prediction. Subsequently, Wu 
et al. proposed ANGLOR8 by combining support vector machine and multilayer perceptron. SPINE X9 used a 
multistep learning strategy for torsion angle prediction based on multilayer perceptron. TANGLE10 adopted a 
two-level support vector regression method to perform real-value torsion angle prediction. In addition, other 
method variants have been proposed to perform sliding window-based torsion angle prediction11–15.

Unlike the sliding window-based prediction, sequence-to-sequence prediction algorithms perform torsion 
angle prediction based on the entire amino acid sequence of a given protein chain. This approach has two 
advantages: (1) it can capture both local and global interactions between residues during prediction since 
the full information of the amino acid sequence can be exploited; (2) it eliminates the need to perform time-
consuming sliding-window operations in predicting the torsion angles. Currently, deep learning techniques are 
mainly used to perform sequence-to-sequence torsion angle prediction. DeepRIN16 employed deep inception 
residual convolutional network and hybrid profile features for protein torsion angle prediction. Based on a 
multitask learning strategy, SPOT-1D17 designed an ensemble model of bidirectional recurrent and residual 
convolutional neural networks to simultaneously predict backbone torsion angles, secondary structure, half-
sphere exposure, contact numbers and solvent accessible surface area. OPUS-TASS18 proposed a deep prediction 
model that integrates a convolutional network module, a bidirectional LSTM module and a Transformer module. 
ESIDEN19 developed four novel features from evolutionary signatures and the Ramachandran basins to improve 
the prediction performance of torsion angles. It should be noted that the main feature adopted by the above 
methods is the position-specific scoring matrix (PSSM). However, generating PSSM profile features requires 
performing time-consuming multiple sequence alignments against a large-scale protein sequence database. 
Recently, pretrained protein language models such as ProtTrans20 and ESM-1b21 have been shown to be able 
to learn useful biological information from large-scale protein sequence data based on self-supervised learning 
techniques. In particular, embedding features derived from these pretrained models have achieved better 
performance in several downstream tasks. As a result, some works including SPOT-1D-LM22, NetSurfP-3.023 
and SAINT-Angle24 have started to employ embedding features for torsion angle prediction. For a more detailed 
review of protein torsion angle prediction can be found in the literature25.

Recently, hypercomplex neural networks have gained much attention in the field of deep learning due to 
their better theoretical properties and their ability to maintain valuable network performance with significantly 
fewer parameters. To generalize the hypercomplex multiplication to arbitrary nD hypercomplex space, Zhang 
et al.26 designed a novel parameterized hypercomplex linear layer based on the sum of Kronecker products. 
Subsequently, Grassucci et al.27 proposed a parameterized hypercomplex convolutional layer and devised some 
lightweight and more efficient large-scale hypercomplex models. Nowadays, hypercomplex neural networks 
have been successfully applied in many domains such as Image-to-Image translation28, graph classification29, 
speech recognition30 and breast cancer classification31.

In this study, we devise a novel parameterized hypercomplex convolutional network architecture, called 
PHAngle, for protein torsion angle prediction. PHAngle is composed of parameterized hypercomplex linear 
and convolutional layers whose weight parameters can be characterized as the sum of Kronecker products. 
In particular, to ensure the consistency of the torsion angle prediction results under different batch sizes, we 
introduce 1-dimensional batch normalization with a mask matrix, which eliminates the impact of padded 
residue positions on nonpadded residue positions during network forward propagation. Experimental results 
on six benchmark test sets demonstrate that PHAngle achieves the state-of-the-art torsion angle performance 
with the fewest parameters compared to the nine existing methods. In addition, we compare the performance 
difference between direct and indirect torsion angle prediction by using three different loss functions.

Methods
Overview
In this section, we design a novel parameter-efficient convolutional network model to perform protein torsion 
angle prediction. In particular, by using parameterized hypercomplex linear and convolutional layers instead 
of the traditional fully-connected and convolutional layers, respectively, in the designed network model, we 
significantly reduce the parameters of the model while maintaining the prediction performance. We named the 
proposed torsion angle prediction method PHAngle. In the following, we will first introduce two parameterized 
hypercomplex network layers based on Kronceker product, then describe the proposed protein torsion angle 
prediction framework, and finally give the loss function used for model training.

Parameterized hypercomplex linear and convolutional layers
In this subsection, we will introduce two parameterized hypercomplex network layers: a hypercomplex linear 
layer and a hypercomplex convolutional layer. In particular, they are able to better capture the internal latent 
relationships of multidimensional data compared to traditional fully connected and convolutional layers.

Parameterized hypercomplex liner layer The parameterized hypercomplex linear layer26 is defined as:

	 PHLinear(x) = Wx + b,� (1)

where x ∈ Rd is an input vector. Note that different from the traditional fully connected layer, the weight matrix 
W ∈ Rm×d is obtained by computing the sum of R Kronceker products:

	
W =

R∑
r=1

Ar ⊗ Br,� (2)
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where the symbol ⊗ denotes the Kronecker product, d is the dimension of input features, m is the dimension of 
output features, the positive integer R controls the number of parameters used to represent the weight matrix, 
and the matrixes Ar ∈ R(m/n)×n and Br ∈ Rn×(d/n) and the bias vector b ∈ Rm are learnable parameters. In 
particular, both m and d are assumed to be divisible by the hyperparameter n ∈ Z>0. Note that this Kronecker 
product-based weight representation allows PHLinear to capture intra- and inter-channel correlations.

Parameterized hypercomplex convolutional layer Here we only introduce the 1-dimensional hypercomplex 
convolutional layer27, which can be formalized as:

	 PHConv1D(x) = K ∗ x + b,� (3)

where the kernel tensor K ∈ Rd×m×s is computed as follows:

	
K =

R∑
r=1

Cr ⊗ Dr,� (4)

where d is the dimension of the input channel, m is the dimension of the output channel, and s is the convolutional 
kernel size. The tensors Cr ∈ R(d/n)×n×s and Dr ∈ Rn×(m/n )×s and the bias vector b ∈ Rm are parameters that 
need to be learned during training.

Initialization of parameters Appropriate parameter initialization methods are very important for the convergence 
of deep models. In this study, the parameter n is set as 2

⌊
log2

√
max(d,m)

⌋
 and the hyperparameter R is determined 

by the performance on the validation set. For PHLinear and PHConv1D, we need to initialize the two parameter 
sets {Ar,Br}Rr=1 and {Cr,Dr}Rr=1, which implicitly determine the initial values of W and K. Obviously, such 
implicitly determined initial values should be close to those obtained by the initialization strategies such as 
kaiming_uniform that are usually adopted for standard fully connected and convolutional layers, since the 
latter have been proven to be effective in practice and theory. To this end, we first generate W and K using 
kaiming_uniform or other random initialization methods, and then determine the parameter sets {Ar,Br}Rr=1 
and {Cr,Dr}Rr=1. Without loss of generality, let W0 ∈ Rm×d be a matrix randomly generated based on a uniform 
distribution U

(
− 1√

d
, 1√

d

)
. To obtain the initial values of parameter set {Ar,Br}Rr=1, we solve the following 

multidimensional nearest Kronecker product problem32:

	
min

{Ar,Br}Rr=1

∥∥∥∥∥W0 −
R∑
r=1

Ar ⊗ Br

∥∥∥∥∥
2

F

,� (5)

where ∥�∥2F  represents the square of the Frobenius norm of a matrix. By converting W0 to W̃0 ∈ Rm×d using the 
rearrangement operation in the literature33, the optimization problem in Eq. (5) can be equivalently transformed 
into the following form:

	
argmin

{Ar,Br}Rr=1

∥∥∥∥∥W̃0 −
R∑
r=1

vec(Ar)vec(Br)
T

∥∥∥∥∥
2

F

,� (6)

where vec(.) denotes stacking the elements of a matrix into a vector in row-major order. In particular, the 
optimization problem in Eq. (6) can be solved using singular value decomposition. Specifically, let the 
singular value decomposition of matrix W̃0 be W̃0 =

∑min{m,d}
r=1 σrurvr, where σr is a singular value, and 

σ1 ≥ σ2 ≥ · · · ≥ σmin{m,d}, and ur and vr are called left-singular vector and right-singular vector of σr, 
respectively. Then the initial values of matrices Ar and Br can be computed by:

	

{
Ar = ϕ(m/n)×n

(√
σrur

)
Br = ϕn×(d/n)

(√
σrvr

) ,� (7)

where ϕ (�) is the inverse operation of vec(·) that restores a vector back into a matrix of specified dimensions. For 
the parameter set {Cr,Dr}Rr=1, their initial values can be determined by the same method based on s randomly 
generated matrices.

The protein torsion angle prediction framework
The proposed protein torsion angle prediction framework is shown in Fig. 1. The input of our network framework 
includes two parts: a feature tensor X ∈ ℜN×L×Cin and a binary mask matrix M ∈ ℜN×L, where N denotes the 
number of protein chains in a minibatch, L denotes the maximum length of N protein chains, and Cin denotes 
the dimension of the input features. For the binary mask matrix, the entry Mij = 1 if the jth residue in the 
ith protein chain is a nonpadded residue position, and 0 otherwise. The purpose of introducing the binary 
matrix M is to eliminate the impact of padded residue positions on nonpadded residue positions during the 
forward propagation process. As shown in Fig. 1, the binary matrix M is fed into both the backbone network 
and the “Masked BN” layer. Here, “Masked BN” denotes 1D batch normalization with a mask matrix34, which 
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first uses the features corresponding to the nonpadded positions to calculate the mean and variance, and then 
further converts the feature vectors corresponding to all padded positions into zero vector after performing 
affine transformation. Note that the output channel size of the backbone network is C. Moreover, the output of 
the “Masked BN” layer is passed through a PHLinear layer and a fully connected layer (FC). The PHLinear layer 
is followed by a Hardswish activation layer. The FC uses K output units to predict the torsion angles ϕ and ψ, and 
its output is further fed into the function Hardtanh to limit the predicted values of torsion angles between -1 and 
1. In particular, K = 4 or 2, and its specific value depends on the loss function employed. If the target values of 
the loss function are the sines and cosines of the two torsion angles, then K = 4. Otherwise, K = 2, which means 
that the network directly predicts the values of the two torsion angles. In addition, the backbone network is built 
based on the parameterized hypercomplex linear and convolutional layers. We will describe it in the following 
subsection.

The backbone network
To build the convolution-based backbone, we first designed a building block, PHBlock, as shown in Fig. 2. The 
input of PHBlock includes two parts: a feature tensor X ∈ ℜN×Min×L and a binary mask matrix M, where Min 
represents the input channel size. The feature tensor X is fed into the first convolutional block with residual 
connection, which consists of a “masked BN” layer, a PHConv1D layer with M filters of kernel size 1, and 
a Hardswish activation layer. In particular, when Min ̸= M , the dashed line in Fig.  2 represents a linear 
transformation that converts the channel size from Min to M. Otherwise, it represents an identity mapping. In 
this study, we use PHConv1D with kernel size 1 to perform the linear transformation. The output of the first 
convolutional block is then divided equally into two parts along the channel dimension. The first part is kept 
unchanged and the second part is further fed into a dropout layer, which is followed by the second convolutional 
block with residual connection. In the second convolutional block, the kernel size and the output channel size 
are set to 3 and M/2, respectively. Finally, the outputs of the two branches are merged using a concatenate 
operation and the merged result is further fed into another dropout layer to overcome the overfitting.

Building on the designed block PHBlock, we present the architecture of backbone network in Fig. 3. The 
backbone employs l stacked dual-branch modules to capture nonlocal and local interactions between residues. 
In each dual-branch module, one branch contains only one PHBlock and the other branch contains two stacked 
PHBlocks with residual connection. Moreover, a concatenate operation is used to merge the outputs of the two 
branches. Note that the output channel size of all dual-branch modules is C, which implies that M = C/2  and 
C must be divisible by 4. The hyperparameters C and l control the capacity of the backbone.

Loss function
The torsion angles ϕ and ψ are the dihedral angles formed by four consecutive atoms C(i−1) −N (i) − C

(i)

α − C(i) 
and N (i) − C

(i)

α − C(i) −N (i+1) in the protein backbone, respectively. The value range of torsion angles is [−180◦

,180◦]. Note that the proposed method can perform direct torsion angle prediction by outputting the value of 

Fig. 1.  The framework for protein torsion angle prediction.
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the torsion angle or indirect torsion angle prediction by outputting both the sine and cosine values of the torsion 
angle. In both cases, the range of network output values is [-1,1].

For direct prediction, let y and z be the target and predicted values of a given torsion angle, respectively. Note 
that y belongs to -180 to 180, while z belongs to -1–1. To eliminate the problem of periodicity of angles, the loss 
function for a single angle can be defined as:

	
ρ (y, z) = min

(∣∣∣z − y

180

∣∣∣ , 2−
∣∣∣z − y

180

∣∣∣
)

� (8)

Due to the characteristics of structure determination methods, the coordinates of some atoms in proteins with 
known structures may be missing. For example, flexible regions are not observable in X-ray crystallization 
experiments. This will result in missing actual values for some torsion angles in proteins with known structures. 
In addition, the torsion angles ϕ and ψ are undefined at the beginning and end of a protein chain, respectively. 
Obviously, these torsion angles should be ignored during model training and evaluation. To this end, we set 
the target value of these torsion angles to NaN to facilitate filtering. Furthermore, to construct a minibatch 
containing N protein chains, we need to pad several residues on the right of the shorter protein chains to make 
their lengths reach the maximum length of the N protein chains. In particular, we set the feature vector and 
target value corresponding to a padding position to zero vector and NaN, respectively. For a given minibatch, let 
Y ∈ ℜN×L×2 be its corresponding target tensor and Z ∈ ℜN×L×2 be the corresponding predicted output. Then 
the loss function for direct prediction can be defined as:

	
ξdirect =

1∑
k=0

(∑N−1
i=0

∑L−1
j=0 1{Yijk ̸= NaN} ρ (Yijk, Zijk)

2
∑N−1

i=0

∑L−1
j=0 1{Yijk ̸= NaN}

)
,� (9)

Fig. 2.  The building block PHBlock.
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where the variable k is used to index the two torsion angles ϕ(k = 0) and ψ(k = 1), and the indicator function 
1{Yijk ̸= NaN} outputs 1 if Yijk ̸= NaN; otherwise, it outputs 0.

For indirect prediction, the prediction network needs to provide two output values for each torsion angle. 
Assuming that z1 and z2 correspond to the sine and cosine output values of a given torsion angle, respectively, 
then its predicted value can be computed by tan−1(z1/z2 ). For a given minibatch, let Z̄ ∈ ℜN×L×4 be the 
corresponding predicted output. Then the loss function for indirect prediction can be defined as:

	
ξindirect =

1∑
k=0

(∑N−1
i=0

∑L−1
j=0 1{Yijk ̸= NaN}

[∣∣sin(Yijk)− Z̄ij(2k)

∣∣α + ∣∣cos(Yijk)− Z̄ij(2k+1)

∣∣α]

2
∑N−1

i=0

∑L−1
j=0 1{Yijk ̸= NaN}

)
,� (10)

where we limit α to 1 or 2, with α = 1 indicating that the mean absolute error is used, and α = 2 indicating that 
the mean squared error is used.

Experimental results
Datasets
In this study, we adopt the widely used nonhomologous dataset SPOT-1D17 to train the proposed method. The 
dataset SPOT-1D consists of a training set containing 10029 protein chains and a validation set containing 
983 protein chains, and all protein chains do not exceed 700 amino acid residues in length. In particular, these 
protein chains were culled from the PISCES server on February 2017 with the constraints of resolution < 2.5 Å, 
R-free < 1, and percent sequence identity ≤ 25% according to BlastClust. Moreover, to evaluate the proposed 
method, we conduct experiments on six publicly available test sets: TEST2016, TEST2018, TEST2020_HQ, 
CASP12, CASP13 and CASP-FM. Table 1 summarizes the detailed dataset statistics. TEST2016 consists of 1213 
protein chains released between June 2015 and February 2017 in the PDB database. TEST2018 is composed 

Dataset #Chains #Residues #Max #Min

TEST2016 1213 287877 699 30

TEST2018 250 56654 615 31

TEST2020_HQ 121 18978 601 30

CASP12 55 10283 462 55

CASP13 32 5354 718 31

CASPFM 56 8100 356 67

Table 1.  Statistics for the six test sets. #Chains = Number of protein chains; #Residues =Number of residues; 
#Max = Maximum chain length; #Min = Minimum chain length.

 

Fig. 3.  The architecture of backbone network.
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of 250 high-quality protein chains with a resolution of < 2.5 Å and R-free < 0.25 that were released between 
January 2018 and July 2018 in the PDB database. Both TEST2016 and TEST2018 have ≤ 25% sequence identity 
with the training and validation sets. TEST2020_HQ22 consists of 121 protein chains released between May 
2018 and April 2020, which was obtained by first removing close and remote homologs of all proteins released 
before 2018 using HMM models, followed by filtering using the same constraints as for TEST2018, and finally 
deleting protein chains greater than 700 in length. The remaining three test sets CASP12, CASP13, and CASP-
FM were collected from the website http://predictioncenter.org/ by the literature35, where CASP stands for 
Critical Assessment of protein Structure Prediction and FM stands for template-Free Modeling. Note that 
homology reduction has been performed to remove sequences that have more than 25% sequence similarity to 
the sequences in the training set. There are 55 protein chains in CASP12, 32 protein chains in CASP13 and 56 
protein chains in CASP-FM. For the 56 FM proteins in CASP-FM, 8 of them are from CASP10, 16 from CASP11, 
22 from CASP12, and 10 from CASP13.

Feature representation
To predict protein torsion angles based on amino acid sequences, each amino acid residue in the sequence needs 
to be converted into a numerical vector. In this study, we adopt eight feature representations to perform such 
conversion: one base feature representation and seven embedding feature representations. For the base feature 
representation, the feature matrix of each protein chain consists of PSSM profile feature, HMM profile feature 
and physicochemical property feature. In particular, for a protein chain of length L, its PSSM profile feature 
is a matrix of size L × 20, which was generated by performing three iterations of the PSI-BLAST program 
with default parameters against the UniRef90 database updated in April 2018. The corresponding HMM profile 
feature is a matrix of size L × 30 generated by running HHblitsv3.0.3 against the Uniprot database updated in 
October 2017. The physicochemical property feature is a matrix of size L × 7 involving seven property values 
for each amino acid: hydrophobicity, van der Waals volume, isoelectric point, sheet probability, helix probability, 
polarizability and graph shape index. Thus, the base feature is a matrix of size L × 57. Moreover, for each 
embedding feature representation, its feature matrix is generated by feeding the amino acid sequence of a given 
protein chain into a pretrained protein language model, which is obtained by training a Transformer model on a 
large-scale non-redundant protein sequence dataset using self-supervised learning techniques. To investigate the 
impact of different embedding feature representations on torsion angle prediction performance, we constructed 
seven different embedding features based on seven pretrained protein language models prot_t5_xl_uniref5020, 
ankh-base36, ankh-large36, esm-1b21, esm2_t33_650M_UR50D37, esm2_t36_3B_UR50D37 and esm2_t48_15B_
UR50D37. In particular, the embedding feature dimensions of these models are 1024, 768, 1536, 1280, 1280, 
2560, and 5120, respectively. It should be noted that, among the above seven pretrained protein language models, 
the first three use the T5 model based on the encoder-decoder architecture, while the last four employ the BERT 
model based on the encoder architecture. For the T5 models, we only use its encoder to generate embedding 
features.

Experimental settings
All our experiments are conducted based on PyTorch. For training, we use the AdamW optimizer with learning 
rate 1e-3 and weight decay 1e-5. The batch size is set to 32. In particular, the indirect prediction loss with α = 2 
and the embedding representation generated by ankh-large will serve as our default loss function and feature, 
respectively, if not specified. For the proposed method, the default values of its hyperparameters R and l are set 
to 96 and 2, respectively. The dropout ratio is set to 0.2. For embedding features with feature dimension greater 
than 1024, the output channel parameter C is set to its feature dimension, otherwise C is set to 1024. To evaluate 
the performance of different protein torsion angle prediction methods, we adopt the widely used evaluation 
metric mean absolute error (MAE). Let y and z be the observed and predicted values of a given torsion angle, 
respectively, then its absolute error is defined as min (|z − y| , 360− |z − y|). Note that at this point both y and 
z are in the range [-180, 180]. For a given test set, the final reported MAE is the average of the absolute errors 
across all valid torsion angles. Moreover, to alleviate overfitting and reduce training costs, we adopt an early 
stopping strategy with a patience value of 5 based on the average MAE of two torsion angles on the validation set.

Comparison to state-of-the-art methods
In this section, we compare PHAngle with the nine representative torsion angle prediction networks 
BiLSTM22, MS-ResNet22, MS-Res-LSTM22, OPUS-TASS18, ESIDEN19, NetSurfP3.023, DeepRIN16, SAINT-
Angle (ProtTrans)24 and SAINT-Angle (Residual)24 on the six test sets, TEST2016, TEST2018, TEST2020_HQ, 
CASP12, CASP13, and CASP-FM. Among the nine prediction networks, the first three networks were first 
proposed in the literature38 and were subsequently used to construct the ensemble prediction methods SPOT-
1D17 and SPOT-1D-LM22. BiLSTM is a two-layer bidirectional Long Short-Term Memory network (LSTM). MS-
ResNet is a multiscale residual network with a pre-activation architecture. MS-Res-LSTM is a hybrid network 
consisting of bidirectional LSTM and multiscale residual network. OPUS-TASS is a hybrid network stacked by 
a convolutional network, a Transformer network and a bidirectional LSTM. ESIDEN is a prediction network 
consisting of three LSTM modules. NetSurfP3.0 is constructed by stacking two 1-dimensional convolutional 
layers with huge convolutional kernels (129 and 257) and two layers of bidirectional LSTM. DeepRIN is a deep 
residual inception network architecture capable of capturing local and global interactions between amino acids. 
SAINT-Angle (ProtTrans) is a network based on the attention augmented inception-inside-inception (2A3I) 
module35, while SAINT-Angle (Residual) adopts a novel RES-2A3I module, which is obtained by extending 
the 2A3I module by placing residual connections in each of the inception and self-attention modules. For a fair 
comparison, all methods should use the same training data and feature representation. Therefore, we trained all 
existing networks according to their default training settings and the SPOT-1D dataset, and used the embedding 
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features generated by the pretrained protein language model ankh-large as feature inputs for each network. In 
particular, to study the impact of network architecture on torsion angle prediction performance, we did not use 
techniques such as ensemble learning and multitask learning.

The comparison results on the six test sets are given in Tables 2 and 3. As can be seen from Table 2, the 
performance of the proposed method PHAngle on the three larger test sets TEST2016, TEST2018 and 
TEST2020_HQ is significantly better than that of the nine existing methods. On the largest test set TEST2016, 
PHAngle’s mean absolute errors for torsion angles ϕ and ψ are 0.36 and 0.47 lower than those of the second 
best method DeepRIN, respectively. On the three smaller test sets CASP12, CASP13, and CASP-FM, PHAngle 
outperforms other nine existing methods in most cases. Note that although SAINT-Angle (Residual) is a 
complex convolutional network incorporating inception-inside-inception module, attention mechanism, and 
residual connection, it is obviously inferior to the relatively simple networks DeepRIN and PHAngle in terms of 
torsion angle prediction performance. This shows that blindly increasing the complexity of the network does not 
improve the prediction accuracy of the torsion angle. In addition, Table 4 lists the model sizes of the proposed 
method with the nine state-of-the-art methods. As can be seen from the table, the model size of PHAngle is 
only 14.6 MB, which is significantly smaller than that of the other nine methods. This means that the proposed 
method achieves state-of-the-art performance with fewest parameters.

In addition, for the proposed method PHAngle, we can replace network layers PHLinear and PHConv1D in its 
backbone network using standard fully connected layers and 1-dimensional convolutional layers, respectively. In 
particular, we refer to the replaced method as PHAngle(standard). As can be seen from Tables 2 and 3, PHAngle 
(standard) is only slightly better than PHLinear in predicting the torsion angle ϕ of the test sets TEST2016 and 
CASP12, while the latter outperforms the former in most cases. Moreover, it should be noted that the model 
size of PHAngle (standard) is 56.5 MB, which is 3.87 times the size of the PHAngle model. This implies that the 
proposed parameter-efficient model maintains and even improves the torsion angle prediction performance 
while reducing the network parameter redundancy.

In order to objectively evaluate the proposed method, we further executed a 10-fold cross-validation 
experiment. Specifically, we first merged the three datasets (the training and validation sets of SPOT-1D and 

Method

CASP12 CASP13 CASP-FM

MAE(ϕ) MAE(ψ) MAE(ϕ) MAE(ψ) MAE(ϕ) MAE(ψ)

BiLSTM 18.18 26.23 17.5 24.83 19.95 30.89

MS-ResNet 18.09 26.11 17.55 24.43 20.02 31.27

MS-Res-LSTM 17.98 25.76 17.46 24.32 19.84 30.19

OPUS-TASS 17.96 25.45 17.42 23.85 19.87 30.17

ESIDEN 18.35 26.04 17.31 24.33 20.12 30.79

NetSurfP3.0 18.03 25.46 17.48 23.96 19.86 30.87

DeepRIN 17.87 25.23 17.2 24.35 19.88 30.51

SAINT-Angle(ProtTrans) 18.26 26.45 17.38 23.99 19.9 30.89

SAINT-Angle(Residual) 17.94 26.1 17.41 24.09 19.95 30.82

PHAngle 17.78 25.22 17.13 23.55 19.64 30.19

PHAngle(standard) 17.70 25.38 17.31 23.71 19.81 30.50

Table 3.  Comparison of prediction results on the three smaller test sets CASP12, CASP13, and CASP-FM. Best 
results are shown in boldface.

 

Method

TEST2016 TEST2018 TEST2020_HQ

MAE(ϕ) MAE(ψ) MAE(ϕ) MAE(ψ) MAE(ϕ) MAE(ψ)

BiLSTM 15.37 21.37 15.94 22.80 18.24 29.06

MS-ResNet 15.22 21.09 15.90 22.75 18.45 29.41

MS-Res-LSTM 15.17 21.06 15.77 22.59 18.21 29.07

OPUS-TASS 14.97 20.78 15.54 22.29 18.15 29.00

ESIDEN 15.66 21.20 16.17 22.64 18.62 28.98

NetSurfP3.0 15.01 20.64 15.67 22.12 18.24 28.96

DeepRIN 14.96 20.63 15.62 22.21 18.20 29.49

SAINT-Angle(ProtTrans) 15.28 21.13 15.87 22.73 18.36 29.26

SAINT-Angle(Residual) 15.15 20.84 15.77 22.44 18.27 28.93

PHAngle 14.60 20.16 15.30 21.78 17.91 28.58

PHAngle(standard) 14.54 20.19 15.38 21.91 18.06 29.19

Table 2.  Comparison of prediction results on the three larger test sets TEST2016, TEST2018, and TEST2020_
HQ. Best results are shown in boldface.
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TEST2016) into a single dataset, which contains 12225 protein chains. Then, we randomly divided this dataset 
into 10 subsets, where each of the first 5 subsets contained 1223 protein chains and each of the last 5 subsets 
contained 1222 protein chains. Finally, we iteratively select each subset as the test set. In particular, for the 9 
subsets left after selecting a test set, we use one of them as the validation set and put the other 8 together as 
the training set. Table 5 gives the mean and standard deviation of the proposed method and nine state-of-the-
art methods on the 10-fold cross-validation experiment. As can be seen from the table, PHAngle consistently 
outperforms the other nine methods.

Ablation study
To analyze the impact of feature representation, hyperparameter R, channel size, network depth and loss function 
on the performance of the proposed method, we conduct extensive experiments on the TEST2016 test set and 
validation set. In particular, we only change the parameters of interest in each experiment, while the other 
hyperparameters keep their default values.

Impact of feature representation To investigate the impact of different feature representations on the torsion 
angle prediction performance of the proposed method, we perform comparative experiment on the test set 
TEST2016. Note that the dimension of the base feature is 57, which is significantly lower than that of the seven 
embedding features. For the sake of fairness in comparison, we first project it to 1024 dimensions using a fully 
connected layer, and then feed the projected feature into our backbone network. In particular, we use the name 
of the pretrained models to indicate the type of embedding features. The mean absolute errors of the proposed 
method under eight feature representations for torsion angles ϕ and ψ are shown in Fig. 4. As can be seen from 
the figure, the embedding feature esm-1b obtains the worst prediction performance, and its prediction errors 
on both torsion angles are consistently higher than those of other seven feature representations. In terms of 
prediction error, the base feature is only marginally better than esm-1b, but significantly inferior to the other 
six embedding features. Among the eight feature representations, ankh-large achieves the best prediction 
performance, which is why we use it as the default feature representation. The mean absolute errors of anke-
large on the torsion angles ϕ and ψ are 0.51 and 0.8 lower than those of esm2_t48_15B_UR50D, respectively. 
Note that the size of the pretrained model esm2_t48_15B_UR50D is 60.5 GB, while the size of ankh-large is 
11.4 GB. This suggests that the embedding features generated by the larger pretrained model are not guaranteed 
to yield better torsion angle prediction performance. Moreover, the prediction performance of the other five 
embedding features esm2_t36_3B_UR50D, esm2_t33_650M_UR50D, ankh-base, prot_t5_xl_uniref50, and 
esm-1b decreases in this order.

Methods MAE(ϕ) MAE(ψ)

BiLSTM 14.63±0.10 19.71±0.21

MS-ResNet 14.89±0.10 20.06±0.23

MS-Res-LSTM 14.89±0.09 20.08±0.23

OPUS-TASS 14.66±0.08 19.77±0.22

ESIDEN 15.13±0.14 20.09±0.23

NetSurfP3.0 14.69±0.09 19.79±0.21

DeepRIN 14.72±0.10 19.86±0.20

SAINT-Angle(ProtTrans) 14.98±0.10 20.09±0.22

SAINT-Angle(Residual) 14.79±0.11 19.87±0.21

PHAngle 14.40±0.09 19.40±0.20

Table 5.  Experimental results of the 10-fold cross-validation. Best results are shown in boldface.

 

Methods Model size (MB)

BiLSTM 196.9

MS-ResNet 105.3

MS-Res-LSTM 87.6

OPUS-TASS 356.7

ESIDEN 44.7

NetSurfP3.0 262.7

DeepRIN 22.7

SAINT-Angle(ProtTrans) 59.3

SAINT-Angle(Residual) 51.8

PHAngle 14.6

PHAngle(standard) 56.5

Table 4.  Comparison of the model size of the proposed method with state-of-the-art methods.
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Impact of the hyperparameter R The hyperparameter R controls the number of parameters in the network 
layers PHLinear and PHConv1D. The mean absolute errors of the proposed method PHAngle under different R 
values are shown in Fig. 5. We can see from the figure that the mean absolute errors of the torsion angles ϕ and 
ψ on the validation set are lowest at R = 96. Therefore, we set the default value of the hyperparameter R to 96. In 
addition, it should be noted that when R > 96, further increasing R not only does not guarantee a reduction in 
the prediction errors of torsion angles, but also increases the model size of the proposed method.

Impact of the channel size To explore the impact of the channel size on the performance of PHAngle, we 
perform comparative experiments under different C values 512, 768, 1024, 1280, 1536, 1792, and 2048. The 
mean absolute errors of PHAngle on the validation set and test set TEST2016 are shown in Fig. 6. As can be seen 
from the figure, when C >= 1024, the MAEs of the two torsion angles on both the validation set and the test set 
fluctuate within the 0.1 interval. This means that PHAngle’s torsion angle prediction performance is not sensitive 
to changes in channel size.

Impact of the network depth The hyperparameter l controls the depth of our backbone network. The prediction 
errors of the proposed method with varying l values are shown in Fig. 7. As can be seen from the figure, the 
prediction errors of the torsion angles ϕ and ψ on the validation set reached the minimum simultaneously at l 
= 3. Moreover, further increasing the network depth does not guarantee to reduce the prediction error of the 
torsion angles. Note that for inference speed considerations, we set the default value of l to 2.

Impact of the loss function In this work, three loss functions, direct prediction loss, indirect prediction loss 
(α = 1) and indirect prediction loss (α = 2), can be used to train the proposed method. To investigate their 
impact on the performance of PHAngle, we perform comparative experiments on the validation set and test 

Fig. 5.  The mean absolute errors of the proposed method under different R values on the validation set and 
test set TEST2016.

 

Fig. 4.  The mean absolute errors of the proposed method under different feature representations on the test set 
TEST2016.
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set TEST2016. The prediction results of PHAngle under different loss functions are shown in Table 6. It can be 
observed that indirect prediction loss (α = 1) outperforms direct prediction loss and indirect prediction loss (α 
= 2). In particular, since many existing works such as SPOT-1D17, DeepRIN16, and OPUS-TASS18, adopt the 
mean square error to define the regression loss of torsion angles, we use the indirect prediction loss (α = 2) as 
the default loss function. Moreover, compared with indirect prediction, the advantage of direct prediction is that 
there is no need to calculate the sine and cosine values of the angles during training and evaluation.

Conclusion
In this paper, we propose a novel parameter-efficient protein torsion angle predictor, named PHAngle. The 
PHAngle utilizes parameterized hypercomplex linear and convolutional layers instead of the standard fully 
connected and convolutional layers to construct the multibranch torsion angle prediction network. This allows 
it to represent network parameters based on the sum of Kronecker products, thus endowing it with the ability to 
capture intra- and inter-channel correlations. In particular, PHAngle also significantly reduces the redundancy of 
network parameters through weight sharing. To eliminate the impact of padded residue positions on nonpadded 
residue positions during network forward propagation, PHAngle adopts 1-dimensional batch normalization 
with a mask matrix. Experimental results on the six test sets, TEST2016, TEST2018, TEST2020_HQ, CASP12, 
CASP13, and CASP-FM, demonstrate that the proposed PHAngle achieves the state-of-the-art performance with 
the fewest number of parameters compared to the nine existing methods. Moreover, comparison experiments of 
the proposed method under eight different feature representations show that the embedding feature generated 
by the pretrained protein language model ankh-large obtain the best torsion angle prediction performance. 

Loss function

Validation set TEST2016

MAE(ϕ) MAE(ψ) MAE(ϕ) MAE(ψ)

Direct prediction loss 14.55 19.77 14.64 20.31

Indirect prediction loss (α = 1 ) 14.30 19.49 14.39 20.15

Indirect prediction loss (α = 2 ) 14.48 19.60 14.60 20.16

Table 6.  The mean absolute errors of the proposed method under different loss functions on the validation set 
and test set TEST2016. Best results are shown in boldface.

 

Fig. 7.  The mean absolute errors of the proposed method at different network depths on the validation set and 
test set TEST2016.

 

Fig. 6.  The mean absolute errors of the proposed method at different channel sizes on the validation set and 
test set TEST2016.
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Comparison of the three torsion angle loss functions suggests that indirect prediction is superior to direct 
prediction in terms of prediction error.

Data availability
The source code and datasets are publicly available in the GitHub repository at ​h​t​t​p​s​:​/​/​g​i​t​h​u​b​.​c​o​m​/​f​e​n​g​t​u​a​n​/​P​
H​A​n​g​l​e​​​​​.​​
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