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Protein structure prediction in the deep learning era
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Abstract

Significant advances have been achieved in protein structure
prediction, especially with the recent development of the
AlphaFold2 and the RoseTTAFold systems. This article re-
views the progress in deep learning-based protein structure
prediction methods in the past two years. First, we divide the
representative methods into two categories: the two-step
approach and the end-to-end approach. Then, we show that
the two-step approach is possible to achieve similar accuracy
to the state-of-the-art end-to-end approach AlphaFold2.
Compared to the end-to-end approach, the two-step approach
requires fewer computing resources. We conclude that it is
valuable to keep developing both approaches. Finally, a few
outstanding challenges in function-orientated protein structure
prediction are pointed out for future development.
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Introduction

Protein structure prediction aims to predict the 3D
structure from amino acid sequence, which is regarded
as one of the grand challenges in computational biology
[1]. The progress in protein structure prediction is very
slow until the last decade. Especially, the deep learning-
based AlphaFold2 system increases the accuracy of
protein structure prediction to an unprecedented level
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[2]. AlphaFold2 is thus well accepted as one of the
milestones in the field [3].

There are three essential factors contributing to the
breakthrough in protein structure prediction. The first
one is the availability of big biological data, including
experimentally determined protein sequences and
structures. The second one is the significant advance in
the development of computer hardware, including
Graphics Processing Unit (GPU) and Tensor Processing
Unit (TPU). The last one is the rapid progress of deep
learning algorithm, such as residual convolutional
network (ResNet) [4] and attention-based trans-
former [5].

This article presents a brief review of the representa-
tive deep learning-based protein structure prediction
methods developed in the past two years. A more
comprehensive review can be found in the studies by
Pearce et al. [6,7]. Figure 1 shows the major steps
involved in deep learning-based protein structure pre-
diction methods. Starting from the amino acid
sequence of a protein, homologous sequences are first
collected with sequence alignment tools such as
HHblits [8] and MMseqs2 [9], to construct a multiple
sequence alignment (MSA). Either the raw MSA or
MSA-derived co-evolution features are then fed into a
deep neural network for structure prediction. Homol-
ogous structure templates (when available) can be also
included in the network. Depending on how the
structure is predicted, the methods can be classified
into two categories: two-step approach and end-to-end
approach ("lTable 1).

Two-step approach

The two-step approach divides the task of protein
structure prediction into inter-residue 2D geometry
prediction with deep learning (step 1) and 3D structure
realization (step 2). Correspondingly, there are two key
components here. One is what 2D geometry to predict
in the first step, and the other one is how to convert the
predicted 2D geometry into 3D structure in the second
step. Representative methods include RaptorX-Contact
[10,11], AlphaFold [12], trRosetta [13,14], trRosettaX
[15], ProFOLD [16], tFold [17], DMPfold [18], D-I-
TASSER [19], MULTICOM [20], and so on.
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Major steps in deep learning-based protein structure prediction methods. Homologous templates are optional, which is reflected by dashed arrows.
The two-step and the end-to-end approaches are indicated by straight and curved arrows, respectively.

For the first component, the inter-residue contact map
is used in the earlier works [11,21], which is later
extended to the distance map [10]. trRosetta takes one
step further by predicting both distance and orienta-
tions. The application of the ResNet in RaptorX-
Contact successfully doubled the precision of predic-
ted contacts [11]. This improvement is mostly because
the contact map is predicted globally rather than locally.
That is to say, the network predicts the whole contact
map run rather than a few selected elements [11] in
each run. After this work, ResNet and its variants are
then used extensively in almost all subsequent methods
to predict 2D geometry [12—20] (see Table 1).

The second component is to build 3D structure model
from the predicted 2D geometry. With native 2D ge-
ometry, it is straightforward to construct 3D structure
using the distance geometry-based CNS package [22],
by converting the 2D geometry into constraints.
However, what we have in hand is not experimental but
predicted 2D geometry, which usually contains noises
and conflicted contacts/distances (e.g., not satisfying
the triangle inequality). As a result, we need to specify
an appropriate set of constraints, making it very incon-
venient to use. In addition, it becomes very slow for
CNS to construct reasonable 3D structure models for
large proteins (e.g., with more than 500 amino acids). In
D-I-TASSER, the constraints are used to guide the
Replica Exchange Monte Carlo (REMC) simulations
[23] to generate 3D structure models, which are usually
more accurate than CNS at the expense of more running
time. In AlphaFold, gradient descent energy minimiza-
tion with L-BFGS [24] is applied; but its implementa-
tions are largely unknown. An efficient solution is given
in trRosetta, which converts predicted distance and
orientations into smooth energy functions and builds 3D
structure models quickly with the quasi-Newton
method LL-BFGS with PyRosetta. trRosetta was shown

to outperform all previously described methods in
benchmark tests on the CASP13 and the CAMEO-
derived datasets [13]. In addition, both web server
and open-source codes are provided for trRosetta, which
greatly benefits subsequent research in the
field [15—17,25,26].

End-to-end approach

The end-to-end approach predicts 3D structure directly
within one unified network in one step. Compared to
the two-step approach, end-to-end structure prediction
is attractive but more difficult to implement. For
example, AlQuraishi developed an end-to-end differ-
entiable model (named RGN) with the recurrent geo-
metric network, which takes the input of amino acid
sequence and position-specific scoring matrix (PSSM,
derived from MSA) and outputs 3D structure [27]. As
shown in a recent study that does not use co-evolution
information [26], RGN is not comparable to other
state-of-the-art two-step methods.

The first working version of the end-to-end approach is
AlphaFold2 from DeepMind [2], which outperforms all
existing methods by a large margin according to the
CASP14 experiment. AlphaFold2’s ablation study shows
that its success can be attributed to the combination of a
few key components (Figure 2). The first one is the
attention-based network (termed as Evoformer, 48
blocks), which takes the input of raw MSA and structure
templates and outputs two representations (MSA and
pair). From the input, the MSA and pair representations
are first initialized and then exchanged and updated
iteratively through attention and triangle update. The
second one is its attention-based structure module
termed Invariant Point Attention (IPA, 8 blocks), which
takes the output from Evoformer and outputs 3D
structure. Unlike the two-step approach, this network
(module) is connected with the first network, enabling
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L-BFGS in PyRosetta https://robetta.bakerlab.org/
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RoseTTAFold (pyRosetta) [25]

https://github.com/RosettaCommons/RoseTTAFold/

https://github.com/deepmind/alphafol/
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direct reasoning about the spatial and evolutionary re-
lationships. The last one is the recycling iterations (kind
of structure refinement), which is especially useful in
improving the modeling for hard targets with more
number of iterations. Of course, a few other factors, such
as self-distillation, enriched MSA from metagenome
database, MSA clustering, structure relaxation, and
extensive training with the TPU facility also help.

Unlike AlphaFold, AlphaFold?2 is available to the public
with open source codes for inference (though the
training codes are not released yet). The methodology
and the source codes are well documented with details,
which is especially helpful for computational re-
searchers. Meanwhile, with the Colab resource, the
ColabFold web server is available, which integrates
AlphaFold2, Rose T'TAFold, and MMseqs2 for fast and
accurate structure modeling [28]. This is especially
useful for researchers from the experimental commu-
nity. To make it even more convenient, AlphaFold2 was
applied to predict >23, 000 structures for the human
proteome [29]. The first release (November 2021) of
the AlphaFold DB covers more than 360, 000 predicted
structures for 21 model organisms. The database now
contains structure models for more than 200 million
proteins from the protein universe (as of July 2022).

Inspired by AlphaFold2, the Baker group developed
RoseTTAFold using a three-track network [25].
Rose'T'TAFold is less accurate than AlphaFold2 but uses
fewer computing resources. DMPfold2 is another end-
to-end method for ultrafast structure prediction,
though less accurate than other state-of-the-art
methods [30]. We believe that more end-to-end
methods will be developed based on these advances.

Remarks on two-step and end-to-end
approaches

From what is described above, it seems that the end-to-
end approach outperforms the two-step approach
significantly. Does this mean that shall we give up the
two-step approach? In our opinion, the answer is ‘no’
based on the following observations.

First, we adapt a few components (i.e., Evoformer) from
AlphaFold2 and incorporate them into the first step of
trRosettaX. The second step of structure realization
remains unchanged. We name the new version by
trRosettaX2. Preliminary tests on the CASP14 targets
(Figure 3a) show that the predicted structure models by
trRosettaX2 are >10% more accurate than trRosettaX.
In addition, trRosettaX2 outperforms Rose T"TAFold and
approaches Alphakold2 (Figure 3b). The ~5% differ-
ence with AlphaFold2 may be explained by AlphaFold2’s
structure module, larger network (48 vs 12 Evoformer
blocks), extensive training on TPU; self-distillation, and
recycling, which are not fully considered in trRosettaX2
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Key components of the AlphaFold2 system for protein structure prediction. The variables n, L, and ¢ are the number of sequences in MSA, the
length of the query protein, and the number of feature channels, respectively.

due to the limit of our computing resource. Thus, we
conclude that with a more accurate 2D geometry pre-
diction in the first step, the two-step approach is
possible to achieve similar accuracy of the end-to-
end approach.

Second, the two-step approach has its merit that is less
obvious in the end-to-end approach. The first is in the
model training. In general, the two-step approach takes
fewer computing resources to train than the end-to-end
approach, due to the reduced complexity of tasks. For
example, trRosettaX2 took only one A100 GPU card

(40 GB) to train for about 10 days. In comparison,
AlpahFold2 took 128 TPU v3 cores to train for about two
weeks. The second is in the inference and applications.
For the two-step approach, the major running time is in
the second step of 3D structure generation, which is not
always needed in some applications, such as in protein
design [31]. In general, thousands of proteins are
designed in a project while only a small portion of them
are foldable. It is enough to filter out those designs that
are not foldable using the predicted 2D geometry in the
first step only, which is very fast. In comparison, the end-
to-end approach like AlphaFold2 can also output 2D

Figure 3
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Performance of the representative protein structure prediction methods on 91 CASP14 targets. a, comparison between the two-step approach
trRosettaX and its improved version trRosettaX2. The red and blue points refer to the FM + FM/TBM targets and the TBM targets, respectively. b,
comparison between the two-step and the end-to-end methods. End-to-end: AlphaFold2; two-step: trRosettaX, trRosettaX2, RoseTTAFold (pyRosetta

version), Zhang-Server (i.e., D-I-TASSER).
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geometry but with lower speed and more computing
resources [15].

To summarize, the end-to-end approach is appealing
and has achieved tremendous success. Nevertheless, it
is worthwhile of keeping developing the two-step
approach, which usually takes fewer computing re-
sources and is thus friendly for labs with limited hard-
ware conditions.

Outstanding challenges in protein structure
prediction

AlphaFold2 is recognized as one of the milestones in
protein structure prediction, which “will change every-
thing” [3]. However, the protein structure prediction
problem has not been solved [32]. There are still many
outstanding challenges [33], especially in biological
function-oriented protein structure prediction, which
are outlined below.

(1) The existing methods rely on the availability of
MSA. There are many orphan proteins without any
sequence homologies in the existing sequence da-
tabases (such as some proteins from viruses). The
modeling accuracy for such proteins is in general
poor. For example, in the predicted structure
models for the human proteome, about 42% of res-
idues are predicted with low accuracy (with
pLDDT<70) [29]. Some of such residues/proteins
are disordered, which is also challenging for exper-
imental determination. For other low-accuracy res-
idues/proteins, lacking high-quality MSA is the key.
Thus, it is valuable to develop new methods to
improve the accuracy for orphan proteins. A few
groups are trying to develop single-sequence
methods using pre-trained language models
[34—37]. However, these methods need to be
explained with caution. Though MSA is not used
directly, the pre-trained language models may
contain implicit statistics from MSA [38]. Thus, it is
mandatory to test them on orphan proteins rigor-
ously to verify their performance.

(2) Dynamic structures and folding pathway. Protein
function is closely related to dynamic structures and
folding pathway [39], such as alternative confor-
mations and disordered proteins. Usually conven-
tional molecular dynamics is applied for studying
protein dynamics, but with limited success. Due to
the lack of enough experimental data for dynamics,
we do not anticipate significant progress shortly. In a
recent study, Outeiral et al. demonstrated that the
state-of-the-art structure prediction methods failed
to generate meaningful folding pathways [40].
Nevertheless, we believe that more new methods
will be developed in the future, with the rapid
development of deep learning algorithms and the
progress in experimental techniques.

Protein structure prediction with deep learning Peng etal. 5

(3) Protein-ligand/drug interactions. The improved ac-
curacy of predicted structures was anticipated to
have implications to pharmaceutical research.
However, scientists in the field of drug discovery are
not so optimistic [41]. The first concern is the un-
certainty about the accuracy of the active site and
the side chains. The second concern is that protein
structures are dynamic and thus some may undergo
significant conformation changes upon binding to
ligand/drug. This makes molecular docking an
inappropriate solution to predicting protein-ligand/
drug complex structure. An ideal way is to predict
protein and ligand/drug structures simultaneously
to better reflect their interactions. Based on the
advance from AlphaFold2, there would be some new
methods in this direction.

(4) Protein—protein interactions. Conventional
methods apply molecular docking to construct
protein—protein complex structures, with the input
of monomer structures [42,43]. Like protein-ligand
interactions, the protein structure conformation
may be changed upon binding to other proteins. In
addition, accurate docking depends on the avail-
ability of high-accuracy monomer structure models,
which is not always true. To address these issues,
the Baker and the Elofsson groups demonstrate that
the ‘fold-and-dock’ approach seems promising to
predict accurate protein—protein complex structure
from sequence inputs [44—46]. Based on a combi-
nation of RoseT'TAFold and AlphaFold2, the Baker
group generated structure models for 106 previously
unidentified core eukaryotic protein complexes
[47]. Recently, AlphaFold-Multimer [48] was
developed following a similar architecture to
AlphaFold2, which outperforms the docking
approach [43] and AlphaFold2-based approach [45].
Nevertheless, the accuracy of AlphaFold-Multimer
and its variant AF2Complex [49] is not stable,
making proteome-wide predictions much more
difficult than monomers. It is even more challenging
to assemble large protein complexes [50]. Probably,
the interplay between experimental data and deep
learning algorithms may be an effective way to solve
the problem of structure assembly for multimers in
the future [51].

(5) Effects of missense mutations. Precision prediction
of the effects of missense mutations is a challenging
task, partly due to the lack of large-scale and high-
quality experimental data [52]. The structure-
based prediction approaches might be improved
using Al-predicted structures. However, it was
shown that no significant correlation was observed
between the mutation effects and the modeling
confidence scores [53]. This is probably because the
structure prediction algorithms were not designed/
trained for this purpose. More sophisticated algo-
rithms, such as self-distillation and deep transfer
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learning, are needed to take the advantage of Al-
predicted structures.

Conclusions

With the accumulation of big biological data, the
progress in deep learning algorithms, and advance in
computer hardware, the last decade has witnessed
breakthroughs in protein structure prediction. In this
article, we reviewed the representative protein struc-
ture prediction methods in the past two years. Specif-
ically, we classify existing methods into two groups, i.e.,
the two-step approach and the end-to-end approach.
The end-to-end approach AlphaFold2 has substantially
increased the accuracy of protein structure prediction.
Based on the experimental assessment of the trRo-
settaX and its improved version trRosettaX2, we show
that the two-step approach may have the potential to
achieve comparable accuracy to AlphaFold2, but with a
significantly lower requirement of computing re-
sources. We conclude that it is valuable to keep
developing both groups of approaches. We point out a
few outstanding challenges in function-orientated
protein structure prediction, which may be the direc-
tion for future development.
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