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Abstract

We present the monomer and multimer structure prediction results of our methods

in CASP15. We first designed an elaborate pipeline that leverages complementary

sequence databases and advanced database searching algorithms to generate high-

quality multiple sequence alignments (MSAs). Top MSAs were then selected for the

subsequent step of structure prediction. We utilized trRosettaX2 and AlphaFold2 for

monomer structure prediction (group name Yang-Server), and AlphaFold-Multimer

for multimer structure prediction (group name Yang-Multimer). Yang-Server and

Yang-Multimer are ranked at the top and the fourth, respectively, for monomer and

multimer structure prediction. For 94 monomers, the average TM-score of the pre-

dicted structure models by Yang-Server is 0.876, compared to 0.798 by the default

AlphaFold2 (i.e., the group NBIS-AF2-standard). For 42 multimers, the average

DockQ score of the predicted structure models by Yang-Multimer is 0.464, compared

to 0.389 by the default AlphaFold-Multimer (i.e., the group NBIS-AF2-multimer).

Detailed analysis of the results shows that several factors contribute to the improve-

ment, including improved MSAs, iterated modeling for large targets, interplay

between monomer and multimer structure prediction for intertwined structures, etc.

However, the structure predictions for orphan proteins and multimers remain chal-

lenging, and breakthroughs in this area are anticipated in the future.
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AlphaFold2, multiple sequence alignment, multimer structure prediction, protein structure
prediction, trRosetta

1 | INTRODUCTION

The accuracy of protein structure prediction has reached an unprece-

dented level due to the development of artificial intelligence

(AI) algorithms, the accumulation of big protein sequence/structure

data, and the advance of hardware.1 The major methods for protein

structure prediction are shifting from template-based modeling (e.g., I-

TASSER2) and fragment assembly (e.g., Rosetta3) to AI-based predic-

tion (e.g., AlphaFold2,4 RoseTTAFold,5 and trRosetta6).

However, multimer structure prediction remains notoriously diffi-

cult. Traditionally, protein–protein docking is used to generate the

multimer structure with the input of monomer structures.

The docking-based approach relies on highly accurate monomer struc-

ture models, and conformational flexibility is hardly captured. Inspired

by the success in monomer structure prediction, AI is introduced to

improve multimer structure prediction. One example is the ‘fold-and-
dock’ approach, in which folding and docking are used alternatively to

predict the multimer structure.7 The ‘simultaneous folding’ approach
represents a significant advancement as it eliminates the need for the

docking step, as exemplified by AlphaFold-Multimer8 and RoseTTA-

Fold.5 Like monomer structure prediction, these methods also dependZhenling Peng, Wenkai Wang, and Hong Wei are co-first authors.
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on the availability of high-quality multiple sequence alignments, which

significantly restricts their potential applications.

Our group participated in the CASP15 experiment for both mono-

mer and multimer structure prediction. During CASP15, we submitted

predictions as both server (Yang-Server, Yang-Multimer) and human

(Yang) groups. The methods used by the human group are similar to

the server groups. Our human interventions are mainly in terms of

more model generation and model order adjustment, which work well

for a few targets. Nevertheless, on average, the submitted models

from our human group are slightly worse than the models from our

server groups. The analyses in this article are for the server

groups only.

2 | METHODS

2.1 | trRosettaX2

We develop trRosettaX2 (denoted by trRX2 below), an improved ver-

sion of trRosettaX,9 inspired by the success of AlphaFold2 (AF2).

trRX2 uses a transformer-based neural network, called trFormer, to

predict inter-residue geometry from the raw multiple sequence

alignment (MSA) to reduce information loss caused by handcrafted

features (e.g., the MSA cannot be recovered from the MSA-derived

co-evolution features in trRosetta). The network trFormer is similar to

Evoformer in AF2 but has only 12 blocks due to limited hardware con-

ditions. A few modifications were made in trFormer compared with

Evoformer. The first one involves utilizing tied row-wise attention for

updating the MSA representation. The second one is the parallel orga-

nization of row- and column-wise operations in the MSA updating,

rather than the sequential manner in Evoformer. The third one incor-

porates convolution operations as a complement to the triangle

updates.

The predicted inter-residue geometry is used to generate tertiary

structure models based on energy minimization, as done in trRosetta.6

The major reason for using the energy minimization step is to reduce

the complexity of the network training, so that we could implement

the algorithm under limited computer hardware condition. Tests on

the CASP14 targets suggest that trRX2 outperforms RoseTTAFold

and has comparable accuracy to AF2.1 More details about the trRX2

methodology and benchmark results will be published elsewhere

(Wang et al., in preparation).

2.2 | MSA generation

Three different methods are used to generate MSAs for regular tar-

gets (Figure 1). (i) The first one is based on HHblits search against

three HMM profile databases (uniclust30_2018_08, uni-

ref30_2202_02, and bfd).10 A maximum of 25 MSAs are obtained

from this search with various cutoffs for e-value (10�40, 10�10, 10�3,

1), coverage (50%, 75%) and sequence identity (90% and 100%).6,11

The top MSA is selected based on the average probability of the top

15L residue pairs in the predicted distance map, that is, with the met-

rics mP20 defined in ref. [12]. (ii) The second one is based on

MMseqs2 search against two expandable profile databases (uni-

ref30_2202 and colabfold_envdb_202108),13 which generates three

MSAs (one from each database and a combined version). In general,

the above MSAs are enough to build accurate models for easy targets.

(iii) The last one is mainly designed for hard targets. A FASTA

MMseqs2
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+
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Expandable
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models
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F IGURE 1 The MSA curation and structure prediction protocol by Yang-Server in CASP15. A maximum of 30 MSAs are generated from three
different sequence databases. To speed up, the top MSA from the HMM profile database is selected by trRosettaX2 (trRX2) before running the
structure prediction pipeline trRX2/AF2. In our benchmark tests, inclusion of homologous templates did not bring significant improvement (for
both trRX2 and AF2, unpublished data), which may suggest that the template information is already implied in the MSAs. As a result, structure
templates are not used in our monomer structure prediction pipeline.
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sequence database was collected manually from various resources,

which is searched with the procedure described below.

To generate MSAs from the FASTA database, we adopted a

three-step approach. (a) We use the program jackhmmer14 to search

against the FASTA database to detect sequence relatives. Full-length

hits are then extracted, forming a smaller database of candidate

homologues. (b) The candidate homologues are converted into HMM

profile database using the software uniclust.15 (c) Two MSAs are then

generated by the HHblits search against this custom-built HMM pro-

file database with two e-value cutoffs (10�3, 1).

2.3 | MSA curation for large targets

We developed a composite modeling approach for large targets,

which involves running DISOPRED316 to predict disordered residues.

We then remove disordered regions and generate an initial MSA

(MSA_i) for the new target sequence. An initial model is built with

MSA_i, and a two-step approach is introduced to improve the model

if it is predicted with low confidence, inspired by the fact that accu-

rate domain-based models could be built after splitting multi-domain

targets into domains.

First, we cut the target into domains based on UniDoc,17 and

each domain is submitted to the default pipeline for both MSA gener-

ation and structure prediction. The MSAs of the domains are

concatenated to construct a full-length MSA (MSA_d), which is com-

bined with the original MSA (MSA_i) to construct the final MSA

(MSA_f) in case MSA_i is shallow (i.e., with a limited number of homol-

ogous sequences). Second, final models are generated using the

MSA_f. High-accuracy domain models are also used as custom tem-

plates in this step. This protocol was used to build improved models

for a few targets.

2.4 | Monomer structure prediction by Yang-
Server

In total, the six MSAs (see Figure 1 for the source) from the MSA

search engine are submitted to trX2 and AF2 to predict structure

models. A total of 10 models (5 from trX2 and 5 from AF2) are

obtained from each MSA. Templates are not used in both trX2 and

AF2 as they did not seem to improve the predictions significantly in

our benchmark tests (unpublished observation, and the discussions

in Section 3.3). Default values are used for other AF2 options

(e.g., ‘num_recycles’). The 60 models from all MSAs are then ranked

based on the quality assessment (QA) scores from two QA methods,

DeepUMQA18 and QDistance.19 To increase the diversity of the

submitted models, the models are clustered into at least five clus-

ters based on their pairwise structural similarity. In each cluster, the

model with the highest QA score is selected for submission. Note

that the best models are not necessarily selected based on the

above protocol, probably because the QA methods are not

perfect yet.

2.5 | Multimer structure prediction by Yang-
Multimer

In Yang-Multimer, we utilize AlphaFold-Multimer (AFM) to predict the

structure of multimers. A few modifications were made on the original

version of AlphaFold (v2.0), including the use of custom MSAs and

skipping of the MSA pairing step. The MSA pairing was skipped based

on our benchmark with AFM. We did not observe significant differ-

ence in AFM's modeling results between using and not using MSA

pairing, which as supported in a recent study.20 The MSAs of the

monomers are obtained from Yang-Server. For some large targets

(e.g. H1111) that surpass the modeling capacity of AFM, the multimer

structures were predicted based on superimposition over

multimer templates, with predicted monomer structures from Yang-

Server.

3 | RESULTS AND DISCUSSION

We mainly compare our predictions with those by the default AF2,

which was implemented by the server group NBIS-AF2-standard/

NBIS-AF2-multimer. Note that the NBIS-AF2-standard/NBIS-

AF2-multimer submissions were run in a quite modest/simple config-

uration and so do not necessarily represent the best performance that

can be achieved with AlpahFold2/AlphaFold-Multimer. In addition, to

compare with NBIS-AF2-standard conveniently, the accuracies of the

NBIS-AF2-standard models are used to define the target difficulties,

which are different with CASP's definitions.

3.1 | Overall results of monomer structure
prediction

A total of 132 groups participated in the TS prediction category of the

CASP15 experiment. Our group, named Yang-Server, is ranked at

the top (the top 10 groups are shown in Figure 2A), according to the

default ranking scheme (https://predictioncenter.org/casp15/zscores_

final.cgi). As stated in the CASP15 Abstract book, the top 20 groups

used either the original AF2 or a retrained version, except for the

BAKER group, which is based on an improved version of RoseTTA-

Fold5 and ranked 13th.

A total of 109 targets were included in the official assessment;

but the experimental structures of 15 targets are not available to the

predictors. For the 94 targets (shown in Figure 3A), the average TM-

score21 of the submitted models by Yang-Server is 0.876, compared

to 0.798 by NBIS-AF2-standard (ranked 44th). There is no significant

difference between the Yang-Server and the NBIS-AF2-standard

models when the NBIS-AF2-standard models are accurate (TM-

score > 0.8), with the exception of the target T1137s4-D3 (0.17

vs. 0.89, the green point in Figure 3A). The low TM-score of the Yang-

Server model for this target was due to the removal of the wrongly

predicted disordered residues at the C-terminus, which is trivial to fix.

However, when the NBIS-AF2-standard models are less accurate
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(TM-score ≤ 0.8), the Yang-Server models are much more accurate

than the NBIS-AF2-standard models for most targets. A detailed anal-

ysis on the modeling results for a few example targets is given below.

3.2 | What went right?

There are 31 targets which the TM-scores of the NBIS-AF2-standard

models are lower than or equal to 0.8. The mean TM-score of the

Yang-Server models for these targets is 0.76, which is compared to

0.48 of the NBIS-AF2-standard models. For 27 out of the 31 targets,

the Yang-Server models are more accurate than the NBIS-

AF2-standard models. A few factors contribute to the improvement,

which are explained with a few examples below.

3.2.1 | Improved MSA

For target T1130 (highlighted in red point in Figure 3A), no homolo-

gous sequences could be detected from the first two profile databases

and the predicted model by AF2/trRX2 has a low accuracy (TM-score

of �0.4). Other protein language model-based single-sequence folding
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F IGURE 2 Top 10 structure prediction groups for monomers (A) and multimers (B). The ranking scores are taken from the official website of
CASP15. Yang-Server and Yang-Multimer are highlighted in red bars.
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F IGURE 3 Results of monomer structure prediction by Yang-Server and NBIS-AF2-standard. (A) TM-scores of the predicted models for
94 targets. Special targets are highlighted in red/green points. (B–D) The predicted structure models for a large target (T1169) with different
methods. (B) NBIS-AF2-standard model. (C) AF2 model predicted locally with the Yang-Server_MSA. The highlighted region is the N-terminal
domain of the target (T1169-D1). (D) Yang-Server model. The predicted models and the native structure are shown in magenta and gray cartoons,
respectively. Note that only the assessed residues (1–2735) are shown in (B–D).
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protocols, such as trRosettaX-Single,22 could not produce reliable

models as well. However, 397 homologous sequences were detected

from the FASTA sequence database, which resulted in a highly accu-

rate model with a TM-score greater than 0.9 by both AF2 and trRX2.

3.2.2 | A composite modeling approach for large
targets

We developed a composite modeling approach for large targets,

which involves running DISOPRED316 to predict disordered residues.

We then remove disordered regions and generate MSAs with the

approach described in Section 2.3. This approach works well for a few

large targets. For example, T1169 is the largest monomer target in

CASP15 with 3364 amino acids, which was proved challenging for the

default AF2. This target was cut into four domains in the official

assessment (the red points in Figure 3A). The predicted full-length

model by NBIS-AF2-standard has a low TM-score of �0.5 (Figure 3B).

After deleting disordered residues at both termini, the size of the tar-

get was reduced to 2900, and other regions were predicted correctly

resulting in an improved model with a TM-score of �0.8 (see

Figure 3C). With our composite modeling approach, the orientation of

the N-terminal domain (i.e., T1169-D1) was fixed, and other regions

were also improved. The final model matched the native structure

very well (Figure 3D), with a TM-score of 0.95 for the assessed

regions (1–2753).

3.3 | What went wrong?

To concentrate on the impact of MSA, we re-ran AF2 on different

MSAs with identical configurations. The MSAs for NBIS-AF2-standard

were downloaded from the website http://duffman.it.liu.se/casp15/.

For each target, the three MSAs (bfd_uniclust_hits, mgnify_hits, and

uniref90_hits) are combined and filtered to remove identical

sequences by HHblits (with options ‘-id 99 -cov 0.1’). The processed

MSAs (denoted by NBIS-AF2-standard_MSA) are available together

with our MSAs (denoted by Yang-Server_MSA) at the trRosetta

server: https://yanglab.nankai.edu.cn/trRosetta/benchmark/.

It turns out that Yang-Server_MSAs yield more accurate models

than NBIS-AF2-standard_MSAs for most targets. The average TM-

score of the predicted models by AF2 is 0.832 and 0.796 for Yang-

Server_MSAs and NBIS-AF2-standard_MSAs, respectively (see

Figure 4A). However, there are a few targets (e.g., T1157s2-D2 and

T1180-D1, highlighted in red points in Figure 4A) that the Yang-Ser-

ver_MSAs result in less accurate models than the NBIS-AF2-stan-

dard_MSAs (Figure 4B,C). Though the pLDDTs (Figure 4D,E) of the

models from the Yang-Server_MSAs are slightly higher than those

from the NBIS-AF2-standard_MSAs, the models by the former are

less accurate than the latter (TM-score: 0.779 vs. 0.883 for

T1157s2-D2; 0.7 vs. 0.954 for T1180-D1). Note that both targets

contain two domains, and the domain-level TM-scores for individual

domain models are similar for both MSAs. This reflects the issue of

our strategy in MSA curation for multi-domain targets, which will be

fixed in the future.

Based on the above observation, we would like to make a con-

cluding remark on MSA. There is no single way to generate optimal

MSAs for all targets. A researcher should be encouraged to try various

MSA generation methods (as done in this work). Then an unsolved

issue is how to effectively select the optimal MSA from several candi-

date MSAs, especially for multi-domain targets, which deserves more

attention in future.

In addition, the models generated from the NBIS-AF2-stan-

dard_MSAs locally (without templates) are similar to the submitted
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NBIS-AF2-standard models (with templates), as indicated by the aver-

age TM-score of 0.796 versus 0.798. This suggests that the inclusion

of templates does not make a big difference overall, though it may be

helpful for certain targets. For example, for the above target

T1180-D1, the domain orientation could be fixed by including tem-

plates in the modeling (when using the Yang-Server_MSA). However,

the use of templates might hurt as well (e.g., limit the sampling of con-

formational space), especially for targets with multiple conformations.

As a result, we prefer not using templates during the CASP season.

3.4 | Results of multimer structure prediction

Our multimer structure prediction method, Yang-Multimer, predicts

the multimer structure based on AFM with the input of MSAs gener-

ated by Yang-Server. A total of 43 targets are included in the official

assessment (Yang-Multimer submitted models for 42 targets). Overall,

Yang-Multimer is ranked fourth among 87 participating groups (the

top 10 groups are shown in Figure 2B), outperforming NBIS-

AF2-multimer (ranked 31st) significantly.

When the DockQ scores of the NBIS-AF2-multimer models are

higher than 0.4, there is no significant difference between our models

and NBIS-AF2-multimer models (Figure 5A). For 11 targets, the

DockQ scores23 for the predicted models by both Yang-Multimer and

NBIS-AF2-multimer are less than 0.2. This indicates that multimer

structure prediction is in general more difficult than monomers.24 Pro-

gress is expected to be made in this area in the future. Nevertheless,

Yang-Multimer improves the modeling for a few challenging targets

that NBIS-AF2-multimer does not work well, which is explained with

a few examples below.

3.4.1 | Improved MSA

The target T1173 is a homo-trimer and each chain consists of two

domains: T1173-D1 (1–62) and T1173-D2 (63–204). The NBIS-

AF2-standard MSA (2702 sequences) contains more homologous

sequences than the Yang-Server MSA (1743 sequences, from the

FASTA database). For the first domain, the predicted structure models

are all accurate with both MSAs. However, for residues 63–105 in the
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F IGURE 5 Results of the multimer structure prediction by Yang-Multimer and NBIS-AF2-multimer. (A) DockQ scores of the predicted models
for 42 multimeric targets. (B)/(C) The predicted models superimposed onto native structure (native structure is in gray cartoon, while predicted
models are in blue/red cartoon) for the homo-trimmer target T1173. (D) MSA coverage for the target T1173.
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second domain, the coverage of the NBIS-AF2-standard_MSA is lower

than the Yang-Server_MSA (Figure 5D). These residues are the linker

between both domains (inside each chain) and are located at the inter-

face between chains. A high-quality alignment for these residues is

necessary to generate models with high accuracy. It turns out that the

Yang-Multimer model (Figure 5B) are significantly more accurate than

the NBIS-AF2-multimer model (Figure 5C) for this target (DockQ

score 0.847 vs. 0.25).

3.4.2 | Iterative modeling

The target H1137 is an ATP-binding cassette transporter complex con-

sisting of 10 chains, with the first six chains (s1–s6, Figure 6A) forming

a hetero hexamer with intertwined interactions in the second domain

(D2). The NBIS-AF2-multimer model has low accuracy, especially for

the residues in D2 (Figure 6B), probably due to the large size of this

target (2731 amino acids). On the other hand, when predicting the

structures separately for individual chains with AF2, only the first

domains (D1) can be predicted correctly, and the orientations of the

second domains are wrong.

To address the above issue, we predicted the structure for

H1137 based on an iterative modeling. In the first iteration, a hexamer

model for the domains D2 was predicted with AFM (after removing

predicted disordered residues in chains C, D, and F). In the second

iteration, the hexamer structure for both D1 and D2 was predicted by

AFM with the D2 models as custom templates. With this procedure,

the models for chains in D2 were improved dramatically (TM-score

increases by 0.4–0.5). For the whole hexamer structure, the average

DockQ score of the model predicted by Yang-Multimer is >0.4, com-

pared to 0.243 by NBIS-AF2-multimer.

There are several other factors that may improve the structure pre-

diction for multimers, such as more sampling for antibody

structure prediction (H1140–H1144) with the option ‘-num_multimer_-

predictions_per_model’, specifying monomer models (after removing

low-confidence regions) as custom templates (H1129) by adding them

into the template library, and the use of homologous templates for

larger targets (H1111), etc. Details for these examples are skipped here.

Interface A-B B-C C-D D-E E-F F-A Average

NBIS-AF2-multimer 0.289 0.25 0.189 0.267 0.197 0.197 0.243

Yang-Multimer 0.37 0.418 0.369 0.455 0.409 0.434 0.409

(A) (B) (C)

(D)

D1

D2

F IGURE 6 Comparison between the Yang-Multimer and NBIS-AF2-multimer models for the first six chains of the target H1137. (A–C) The
experimental structure, the Yang-Multimer model and the NBIS-AF2-multimer model, respectively. Chains (A–F) are indicated by different colors.
Table (D) lists the DockQ scores of the predicted interfaces between different chains.
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4 | CONCLUSIONS

The recent CASP15 experiments provide a way to track progress in

protein structure prediction over the past 2 years. We have con-

ducted an in-depth analysis of the modeling results made by our

group (Yang-Server and Yang-Multimer). Overall, the predicted

models by Yang-Server is about 10% more accurate than AF2. For

easy targets, highly accurate structure models can be built with most

of the existing methods. For hard targets, it is beneficial to generate

high-quality MSAs with complementary algorithms and sequence

databases. However, consistently predicting multimer structures with

high accuracy remains a challenge, and breakthroughs in this area are

anticipated in the future.
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