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Fast, sensitive detection of protein homologs 
using deep dense retrieval

Liang Hong1,15, Zhihang Hu1,15, Siqi Sun2,3,15,16  , Xiangru Tang4,15, Jiuming Wang1,5, 
Qingxiong Tan1, Liangzhen Zheng6,7, Sheng Wang6,7, Sheng Xu2,3, Irwin King1, 
Mark Gerstein4,8,9,10,16   & Yu Li    1,3,11,12,13,14,15,16 

The identification of protein homologs in large databases using 
conventional methods, such as protein sequence comparison, often misses 
remote homologs. Here, we offer an ultrafast, highly sensitive method, 
dense homolog retriever (DHR), for detecting homologs on the basis of a 
protein language model and dense retrieval techniques. Its dual-encoder 
architecture generates different embeddings for the same protein sequence 
and easily locates homologs by comparing these representations. Its 
alignment-free nature improves speed and the protein language model 
incorporates rich evolutionary and structural information within DHR 
embeddings. DHR achieves a >10% increase in sensitivity compared to 
previous methods and a >56% increase in sensitivity at the superfamily 
level for samples that are challenging to identify using alignment-based 
approaches. It is up to 22 times faster than traditional methods such as 
PSI-BLAST and DIAMOND and up to 28,700 times faster than HMMER.  
The new remote homologs exclusively found by DHR are useful for revealing 
connections between well-characterized proteins and improving our 
knowledge of protein evolution, structure and function.

Protein homolog detection is a critical and fundamental compo-
nent in computational biology, essential for almost all biological 
sequence-related research, such as protein structure predictions, 
biomolecular functional analysis, transcription regulation study, 
novel enzyme discovery and phylogenetic reconstruction1–5. In the 
biological sequence database, homologs represent evolution-related 
protein sequences with similar structures and functions. Thus, detect-
ing homologs has been widely used as a primary step in evolutionary 

analysis and benefits drug discovery, disease diagnosis, biomarker 
prediction6,7 and protein structure prediction1. Before the publication 
of AlphaFold2 (AF2)1, protein homolog identification8 and threading 
were considered efficient ways to predict protein three-dimensional 
(3D) structures9,10. Despite the impressive power of deep learning in 
AF2, people have realized the importance of protein homologs and 
multiple-sequence alignments (MSAs) in the AF2 framework from the 
CASP15 (Critical Assessment of Structure Prediction)11 competition; 
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The system leverages advanced protein language models to encode 
query sequences and databases for homology comparison through 
ranking simple similarity metrics on embedded representations. 
Furthermore, we also incorporate a contrastive learning strategy 
to aid in training performance enhancement. As an alignment-free 
method, DHR is orthogonal to most of the aforementioned traditional 
methods. DHR is not limited to known families nor does it require 
sequences to be of similar length, making it versatile and broadly 
applicable for sequence searching and MSA construction. Further-
more, it is efficient enough to retrieve a query from a dataset of  
70 million entries in a few seconds on a single graphics processing unit 
(GPU) and scales up linearly with increased database size. It is 22 times 
faster than BLAST30. In comparison to profile-based methods such as 
JackHMMER13, it is up to 28,700 times faster. DHR’s trained encoders 
empowered with protein language models23,24 capture rich structural 
and coevolution information24,25,31,32, enabling us to achieve a >10% 
increase in sensitivity compared to previous traditional methods. 
To further showcase the potency of DHR and its usage, we conducted 
a comprehensive benchmark for homology detection downstream 
application. When concatenating our alignment-free DHR with Jack-
HMMER, it proved to be 93 times faster than the aforementioned 
methods while constructing highly consistent MSAs with the AF2 
default MSAs on the CASP13 and CASP14 datasets. In addition, DHR 
together with JackHMMER created a more diverse and comprehen-
sive MSA when considering the number of MSAs and their associated 
effective number of sequences (Meff; Eq. (2)). Additionally, to dem-
onstrate the efficacy of DHR, we thoroughly assessed the applica-
tion of DHR-constructed MSAs to the AF2 pipeline, further boosting 
the prediction accuracy with a 0.4-Å root-mean-square deviation 
(r.m.s.d.) on average when merged with AF2 default MSA. In our 
final exploration of DHR’s potential, we expanded its application to 
substantially larger datasets (specifically, BFD/MGnify) and bench-
marked our results against an integrative and well-regarded tool, 
ColabFold-MMseqs2. Notably, DHR shared a 75% sequence overlap 
with MMseqs2—a profile-based method leveraging BFD/MGnify. 
Structure predictions using DHR not only compared favorably but 
also slightly outperformed ColabFold.

Results
An ultrafast and sensitive protein homolog searching pipeline
The main idea underlying the proposed pipeline to detect homologs 
is to encode the protein sequences into dense embedding vectors and 
the similarity among sequences can be computed in a very effective 
manner. To be more specific, we empowered our method with a protein 
language model by initializing with ESM23,24 and integrating the con-
trastive learning technique as a way to effectively train our sequence 
encoder (database encoder and query encoder). This allows DHR to 
incorporate rich coevolutionary and structural information24,25,31,32 
with great efficacy in retrieving homologs. Our dual-encoder archi-
tecture then offers greater flexibility in our model, allowing the same 
protein sequence to generate different embeddings depending on its 
role as a query or candidate sequence (Fig. 1a). Contrastive learning 
then seeks to learn encoder transformations that embed positive input 
pairs nearby while pushing negative pairs far apart (Fig. 1b). Follow-
ing the completion of the training phase in our dual-encoder frame-
work, we are able to generate offline protein sequence embeddings of  
high quality.

We then leverage these embeddings and similarity search algo-
rithms to retrieve homologs for each query protein (Fig. 1a). By des-
ignating similarity as the retrieval metric, we are able to find similar 
proteins in a much more accurate fashion than with traditional methods 
and use the similarity between two proteins for further analysis. Then, 
JackHMMER is incorporated to construct an MSA for our retrieved 
homologs. Our rapid and effective technique of discovering homologs, 
named DHR, harnesses dense retrieval to simplify searching within 

AF2-based models with a mixture of MSAs remain top rankers com-
pared to single-sequence-based approaches. Identifying homologs 
in a sensitive and fast way remains critical. Homolog detection has 
been extensively studied throughout the past decades with several 
methods proposed in three main categories. The most popular category 
constitutes traditional alignment-based methods, such as PSI-BLAST8, 
MMseqs2 (ref. 12) and HMMER13. The classical algorithm BLAST (basic 
local alignment search tool) features high speed but fails to take the 
overall dependency into consideration, missing remote homologs 
with low sequence similarity. HMMER13 can implicitly learn complex 
position-specific rules indicating evolution but is highly dependent on 
the quality of the profile, which can only be obtained from MSAs that are 
not always available. Other areas for improvement include the inability 
to detect structural homology and an insufficient account of protein 
domain information. The second category constitutes the use of the 
ranking method for homolog detection. For example, RankProp14 was 
inspired by PageRank15 to use BLASTp to build an all-versus-all sequence 
similarity network. Although it outperforms BLASTp, such a method 
cannot be scaled to large databases because of the quadratic growth 
of link data. Additionally, DeepRank16 applies convolutional neural 
networks to represent protein sequences as embedding vectors in 
feature space and predicts homologous proteins by applying ranking 
algorithms. However, it is still limited to detecting homologs on the 
basis of sequence similarity while ignoring the structural information. 
The third category constitutes the detection of protein homologs by 
exploiting structural information1,17–20. This route has also encountered 
drawbacks such as a lack of speed and scalability because of structure 
searching accuracy or the structures themselves needing to be more 
trustworthy. Finding perfect matches among multiple sequences 
remains an immensely complex computational task18,21; traditional 
methods are often inadequate in their results and any flaws that 
may arise remain untouched, making for a less promising alignment  
of data18,21.

Further research is needed to develop more advanced models to 
better tackle these challenges and capture the structural and functional 
information of proteins while also being computationally efficient. 
Recently, the approach of pretraining on extensive datasets of protein 
sequences and subsequently fine-tuning for specific downstream tasks 
related to sequencing, structure or function has shown promise. Bepler 
and Berger22 proposed using a bidirectional long short-term memory 
(LSTM) model and a multitask framework to encode structural informa-
tion enabling the transfer of knowledge between structurally related 
proteins. Rao et al. introduced a transformer-based language model, 
evolutionary scale modeling (ESM)23–25, which demonstrated that 
information learned from protein sequences alone can greatly benefit 
various downstream tasks, such as secondary-structure prediction and 
contact prediction, outperforming LSTM-based models26 by a large 
margin. Rao et al. also found that integrating MSAs into the model, 
referred to as the MSA transformer, led to state-of-the-art results on 
multiple structure-related benchmarks. A similar language model 
objective was also applied in AF2 (ref. 1), further improving structure 
prediction accuracy. In the domain of sequencing homology, Bileschi27 
leveraged embeddings from protein language models to concentrate 
on classification tasks within specific families, facilitating the anno-
tation of novel proteins. Heinzinger28 and Hamamsy29 used protein 
language models to calculate embedding similarity and fit structural 
similarity measures such as the template modeling score (TM-score). As 
a result, they inherently exhibit the limitation of performing optimally 
only when comparing sequences of similar lengths. Although these 
approaches are innovative in their respective fields, they also manifest 
certain limitations in their application.

We propose the dense homolog retriever (DHR) framework, 
based on an advanced protein language model and dense retrieval, 
to detect remote protein homologs with speed and sensitivity, con-
sidering protein structural information implicitly during the process. 
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the protein sequence embeddings without spending excessive time 
on progressive alignment or dynamic programming that is used in 
conventional methods. Our alignment-free approach is faster com-
pared to alignment-based methods by avoiding the need to compute 
pairwise alignment scores over large datasets, with higher accuracy 
in comparison (Fig. 1a). Moreover, with great efficiency compared to 
AF2 default MSA construction, DHR can produce diverse MSAs that 
contain more information when considering their Meff (Eq. (2)). Such 
information has been proven to be beneficial in protein 3D structure 
modeling: AF2 with DHR MSA inputs may achieve comparable results to 
AF2 with default MSA settings. These results suggest that this method 
can act as an effective and efficient replacement for existing MSA pipe-
lines. Furthermore, diverse MSAs from DHR can complement existing 

pipelines. We developed a hybrid model, DHR-meta, combining DHR 
and AF2 default, which outperformed both individual pipelines on 
CASP13DM (domain sequence) and CASP14DM targets. Additionally, 
DHR can scale to search large databases such as BFD/MGnify, produc-
ing high-quality MSAs33–36. These MSAs enhance protein structure 
prediction, rivaling ColabFold’s performance in the CASP15 contest 
and the New-Protein dataset.

Highly sensitive homolog extraction with structure-aware 
information
Having obtained the generated protein embeddings, we assessed DHR 
by comparing it to methods on the standard SCOPe (structural clas-
sification of proteins) dataset37,38. SCOPe is a database of protein 
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Fig. 1 | Overview of the proposed DHR framework. a, We leveraged a three-level 
hierarchical structure for our new framework—DHR. The main focus during 
training is to obtain the protein database encoder and query encoder. Through 
offline inference on the protein database and caching of embeddings thereafter, 
we are able to carry out vector-level similarity calculations on the basis of our set 
query representation, allowing us to generate an ordering for these sequences. 
For two consecutive downstream tasks, the inference pipeline uses the dot 
product to acquire the K most related sequences. Subsequently, JackHMMER is 
used on this small retrieved dataset to construct an MSA for further tasks such as 

3D structure prediction or protein function forecasting. Before running retrieval, 
it is possible to encode the UniRef90 into vectors offline without compromising 
the speed of building MSA. b, Training pipeline for the proposed method. In the 
data sampling module, a batch of positive pairs, (q1, c1), …, (qb, cb), are sampled 
from MSAs. Then, a similarity matrix S is computed using the contrastive loss, in 
which each element sij = fΘ(qi)

tfΨ(cj). Intuitively, the diagonal of the similarity 
matrix is trained to be larger than the corresponding off-diagonal elements in the 
same row because they represent all of the positive pairs.
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structural interactions that include the carefully curated ordering of 
domains from most known proteins in a hierarchy based on structural 
and evolutionary ties. We conducted studies to investigate how exist-
ing homolog retrieval methods and DHR aligned with these curated 
domain labels. While based solely on sequences, DHR can be compared 
to other previous sequence-level matching homolog extraction meth-
ods such as PSI-BLAST39, MMseqs2 (ref. 12) and DIAMOND40 (configu-
rations are detailed in the Methods). We also included a profile-based 
method, HMMER41, and a structure-based method, Foldseek42, to bet-
ter illustrate DHR’s effectiveness. Because the SCOPe dataset groups 
sequences into families on the basis of structural similarities, the 
sensitivity for SCOPe families reveals how much structural information 
these homolog extraction methods will capture. To begin, we used a 
representative sequence from each family as the query when search-
ing the entirety of SCOPe. To locate all homologs belonging to the 
same family, we searched the database using representative sequences 
of each family. Hits (true positives, TPs) are sequences in the retrieved 
sequences that belong to the same family as the query. False positives 
(FPs) are defined as hits that are not within the family. Thus, a general 
comparison can be made between our approach and the baseline 
methods using their sensitivity rate ( TP

TP+FN
, where FN is the number of 

false negatives; Methods).
To ensure a fair and comprehensive comparison, we limited our 

analysis to the top 200 sequences retrieved by each method. DHR 
demonstrated exceptional performance, detecting notably more 
homologs (with a sensitivity of 93%) than any other method tested. 
Another widely used and sensitive method, HMMER, achieved the 
second-best result with a sensitivity of 91%. In contrast, Foldseek, 
despite relying solely on structural information, performed similarly to 
the sequence-based PSI-BLAST (both at ~88% sensitivity). This finding 
suggests that sequence-based methods, including DHR, are capable 
of incorporating rich structural information. When using MMseqs2 
as a baseline for all sequences and categorizing cases with MMseqs2 
sensitivity below 0.34 as hard cases for further investigation, DHR still 
showed a high average sensitivity over 80% with a perfect sensitivity 
of 100% in many cases (Fig. 2b). We show that, on several sequences 
among these hard cases (Fig. 2b), such as d1w0ha, only DHR was able to 
identify the proper homologs while other methods could not (Fig. 2b 
and Supplementary Fig. 1). In addition to being ahead in terms of the 
average results, DHR outperformed the baseline methods in sensitivity 
for most SCOPe families (Fig. 2c). Moreover, we observed that all meth-
ods struggled as SCOPe family sizes increased while DHR maintained 
a more robust performance (Fig. 2e).

To strengthen our results, we also incorporated another standard 
metric, the area under the curve before the first FP (AUC-1FP; Meth-
ods), on the SCOPe dataset, which is independent of the sequences 
retrieved by DHR. Both DHR and HMMER showcased the best results, 
achieving scores of 89% and 88%, respectively (Fig. 2d). Interestingly, 
the performance of PSI-BLAST and Foldseek was also comparable to 
that of DHR, a deviation from what we observed with the sensitivity 
metric. Meanwhile, MMseqs2 showed a slight improvement, reaching 
82%, yet still trailing behind DHR by approximately 7%. Although dif-
ferent metrics may yield slightly varied performances, DHR consist-
ently maintained a high level of performance. Furthermore, when 
considering execution time, DHR greatly outperformed its counter-
parts. Despite Foldseek, PSI-BLAST and HMMER showing comparable 
results in terms of AUC-1FP, their execution times were markedly 
longer. DHR was twice as fast as Foldseek, over 20 times faster than 
PSI-BLAST and substantially quicker than the profile-based method 
HMMER, which requires a time-consuming process to build profiles 
(Supplementary Table 1). On the other hand, MMseqs2, while compa-
rable to DHR in terms of execution time when limited to two iterations, 
greatly lagged in performance (Fig. 2b,d and Supplementary Table 1). 
Importantly, the superiority of DHR was not merely a result of repli-
cating our training and searching data. When using BLAST to explore 

the SCOPe database against our training set UniRef90, we found that 
most samples yielded fewer than 100 hits (Fig. 2f and Supplementary 
Table 3). Interestingly, approximately 500 samples returned no hits 
at all, indicating that they are ‘unseen’ structures with respect to our 
dataset. While these structures might pose challenges to DHR, they 
did not impact other alignment-based methods that are not based on 
deep learning. Nevertheless, DHR continued to produce high-quality 
predictions, achieving an AUC-1FP score of 89% (Fig. 2f). This high-
lights DHR’s robustness and efficiency, proving its ability to handle 
data to which it has not been previously exposed. When extending 
our analysis to the superfamily level with more challenging remote 
homologs, all methods (DHR, HMMER, Foldseek and PSI-BLAST) expe-
rienced a notable performance decline, with an approximately 10% 
decrease across the board (Fig. 2d). Despite this drop, DHR managed 
to maintain a leading performance, achieving an AUC-1FP score of 
80%, with HMMER, Foldseek and PSI-BLAST showing slightly lower 
results (Fig. 2d). We did not include HHblits43, another mainstream 
method for homology searching, in previous comparisons because 
it requires a database of hidden Markov models (HMMs) provided by 
HH-suite. We additionally benchmarked HHblits on its curated SCOP95 
dataset intersected with the SCOPe superfamily dataset and DHR still 
achieved highly accurate performance and faster computing speed 
on this dataset (Supplementary Fig. 8).

During homolog retrieval, it was shown that DHR sequence 
embeddings include massive structural information (Fig. 2a) and 
that DHR’s accuracy on these retrieved homologs even surpasses 
that of structure-based alignment methods. This intriguing finding 
prompted us to explore further and revealed a correlation between 
DHR’s sequence similarity rankings and structural similarity. Struc-
tural similarity between two distinct proteins is computed by Dee-
pAlign44, a protein structure analysis toolkit. DeepAlign superposes 
two protein structures and calculates the TM-score45 according to a 
specified residue mapping. Studies based on the average across all 
SCOPe samples suggested that the TM-score decreases and r.m.s.d. 
increases monotonously along with DHR rank, determined by the 
embedding similarity between queries (Fig. 2g). A concrete example 
on query d1w0ha shows the reliability of DHR and the potential cause 
of failure of k-mer-based methods (PSI-BLAST and MMseqs2; Sup-
plementary Fig. 1). Because PSI-BLAST and MMseqs2 did not yield 
any hits for d1w0ha, we looked at the top five retrieved homologs 
of DHR, which all belonged to the same family as d1w0ha in SCOPe. 
When we use PSI-BLAST to align the mapping, the structure similar-
ity only yielded about 0.3 on these top five homologs compared to 
the structure alignment (Fig. 2h). As a result, the top five homologs 
that achieved higher scores were classified into the same family by 
DHR yet undetected by PSI-BLAST. This implies that DHR can capture 
more structural information (>0.5) than sequence-similarity-based 
methods (<0.5)46, providing further evidence of its effectiveness in 
homolog retrieval.

Lastly, it is interesting to observe that DHR can offer structural 
information beyond the SCOPe families. We discovered two homologs 
scoring highly in DHR that mismatched with SCOPe labels, which were 
ranked third and fourth among the top five (Fig. 2i). When we look 
at the homologs retrieved from query d1w0ha, the TM-align score 
suggests that their similarity was strong enough to be classified into 
the same family and they were indeed clustered with the query in the 
‘δ-endotoxin C-terminal domain’ family in the updated SCOP2 dataset47 
(Supplementary Table 2). This suggests a potential misclassification in 
SCOPe and that DHR-learned embeddings could contain supplemen-
tary and diverse structural information. We also performed a thorough 
scan on all 10,000 SCOPe families and calculated the TM-score of the 
top 20 target structures retrieved by DHR against the query target 
structures. The results showed several cases of inconsistent classifi-
cation at the superfamily level between SCOPe and other structure 
classification datasets (Supplementary Table 2).
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Rapid construction of rich and diverse MSAs
As a direct and critical downstream application of retrieving homologs, 
we could create an MSA with JackHMMER from homologs given by DHR 
and then compare it to the conventional AF2 default pipeline. Here, DHR 
served as a prefiltering method while JackHMMER used its multiple 
ungapped segment Viterbi (MSV) as a filtering method. This allowed 
us to assess both the quantity and the quality of MSAs constructed 
by DHR + JackHMMER in comparison to AF2 default (vanilla JackHM-
MER). Here, all MSA constructions were conducted using the same  

UniRef90 dataset. To accurately evaluate our performance, we also took 
into account different DHR or JackHMMER configurations, including 
DHR top {100k, 200k, 400k, 1M} and JackHMMER iteration {1, 2, 3}. We 
also included a DHR version without contrastive learning, ‘DHR-w/o 
con’, to demonstrate the necessity of our learning module. As JackHM-
MER’s search time is mainly dedicated to scanning and aligning, by 
leveraging the alignment-free nature of DHR, this process can be greatly 
expedited for a remarkable increase in overall efficiency. All configu-
rations of DHR + JackHMMER ran faster than vanilla JackHMMER, AF2 
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Fig. 2 | DHR outperforms previous methods on the SCOPe dataset regarding 
both speed and sensitivity. All methods used a single sequence as input 
unless especially mentioned. a, A t-distributed stochastic neighbor embedding 
visualization of the seven largest SCOPe family embeddings from DHR.  
b, Violin plot of recall (sensitivity) rate comparison of DHR to other methods 
on the SCOPe dataset of 5,065 queries. Right, the detailed performance of 
these methods within the hard cases (MMseqs2 recall rate below 0.34, colored 
in red). c, Head-to-head comparison of sensitivity between DHR and other 
methods. d, AUC-1FP metric comparison of different methods on the SCOPe 
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Data are presented as bar plots where the height of each bar represents the mean 
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SCOPe family size. f, Scatter plot of AUC-1FP against the number of sequence 
hits with the SCOPe dataset on UniRef90 (training set). Further visualization of 

the AUC-1FP of the zero-hit samples (n = 990) is provided as the mean value, with 
error bars indicating the s.d. g, The r.m.s.d. and TM-score relationship between 
the structure retrieved by DHR and the query structure according to the rank. 
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structural similarity. h, Failure of k-mer-based methods on the c.55.3.5 family.  
The predicted structure similarity using DHR is much higher than that using  
k-mer-based methods, indicating that sequence-based methods using k-mers  
do not consider structural information. i, Two samples ranked highly by DHR for 
the c.55.3.5 family. SCOPe did not include them in the family but SCOP2 did.  
More potential problematic classification examples are shown in Supplementary 
Figs. 1–3 and Supplementary Table 2.
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default, on average (Fig. 3a). Our projections on UniRef90 at a 70M rate 
brought a 93-fold acceleration in the lightest configuration (DHR-iter1 
(100k)) on average (Fig. 3b). We anticipate even greater improvements 
if our proposed strategy is applied to broader sequence pools.

Surprisingly, despite being trained on a notably smaller data-
set and using HHblits, DHR demonstrated an approximately 80% 
overlap with vanilla JackHMMER in constructing MSAs on UniRef90. 
This suggests that many MSA-related downstream tasks can be per-
formed using DHR, yielding similar outcomes but with greater speed. 
We conducted this study on two test datasets, CASP13 and CASP14 
domain sequences48. To ensure accuracy and reliability, our method 
only considers sequences with at least ten matching MSA homologs as 
valid and eliminates the remaining sequences. When using the top-1M 
configuration, DHR found around 90% of the same sequences as AF2 

default JackHMMER at a greater speed. On the other hand, without 
contrastive learning and relying solely on ESM protein embedding, 
‘DHR-w/o con’ achieved an overlap rate of only ~35% (Fig. 3c). As the 
quality of the MSAs is not directly associated with its overlap rate with 
JackHMMER, we continued to evaluate the quality of its MSAs using 
subsequent structure prediction applications. We discovered that DHR, 
when configured with 1M configurations and having the highest overlap 
rate, not only aligned closely with JackHMMER but also produced a 
variety of distinct MSAs, yielding the best outcomes (Fig. 6).

Not only did DHR obtain impressive computational acceleration 
and considerable overlapping rates but it was also capable of deliver-
ing increased homologs and MSAs for a query when compared to 
AF2 default (Fig. 3f). Because more and diverse MSAs could lead to 
a potential improvement of protein structure prediction1, such an 
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Fig. 3 | Performance of DHR on MSA construction and analysis of speed and 
quality on CASP13 dataset with n = 106 queries. a, Time expense at each step. 
Note that the y axis is set to a logarithmic scale. b, Overall improvement in speed 
of our method under different sensitivity settings compared to JackHMMER. 
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the fastest setting, we achieved a 93-fold acceleration. c, Overlap ratio between 
our retrieved sequences and JackHMMER results. We conducted experiments 
on the CASP13DM and CASP14DM datasets with the highest overlap ratio above 
90%, clearly demonstrating that our method builds MSAs rather similar to 
JackHMMER. d. Time consumption of searching two iterations with JackHMMER 

on CASP13DM samples relative to query sequence length and final homolog 
number. e, Selected samples (red arrow in d) with APPROXIMATELY 10,000 
homologs in the MSA showing the effect of sequence length on searching time 
consumption. f, Logarithmic number of sequences in MSAs using DHR under 
different settings. The default MSAs built by the AF2 pipeline served as the 
baseline. g, The log Meff in the MSAs produced by DHR under different settings. 
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values of DHR and default AF2 in different CASP13 classes. Samples included 
queries with a good template (right) or with a poor or no template (left).
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increase is desired in MSA construction. Depending on the configura-
tion, various levels of growth can be achieved. Among them, DHR-iter 
(1M) would experience the highest increase and a larger DHR top-K 
with more JackHMMER iterations would build more homologs. Fur-
thermore, acquiring coevolutionary data from shorter sequences is 
more challenging because of fewer homologs in the database, which 
leads to a lower number of homologs collected with DHR (Fig. 3d). 
Nevertheless, another benefit of DHR is that it constructs the same 
number of homologs with varying lengths in a constant time, whereas 
JackHMMER scales linearly (Fig. 3e). Given that homologs or MSA may 
include redundant information, we used Meff introduced by Morcos 
et al.49 to further provide preliminary data where we believed that 
more nonredundant MSAs may lead to better quality and diversity. Our 
research indicated that DHR-iter1 and AF2 default produced a similar 
Meff, while the highest Meff was yielded by DHR-iter3, superior to the 
performance of AF2 default by a margin up to 1.5-fold (Fig. 3g). While 
fewer homologs were retrieved for shorter sequences, a similar trend 
could be also observed in MSA log Meff; for sequences under 50 amino 
acids, their computed MSA log Meff values were below 2, while the 
maximum log Meff was achieved on sequences between 250 and 300 
amino acids (Fig. 3h). We also assessed DHR using several hand-crafted 
categories from CASP13 and CASP14 (Fig. 3i). The results were unequiv-
ocal; all categories experienced substantial benefits from using DHR, 
with notably greater increases in TBM-hard cases (hard-to-find from 
template-based modeling) than in other areas. This reinforces our 
conclusion that DHR is a promising approach for constructing MSAs 
across all categories.

DHR-constructed MSA boosts AF2-based structure prediction
We previously revealed some statistical results of MSA log Meff to 
evaluate the quality of our MSAs built on retrieved homologs (Fig. 3g). 
Nevertheless, these evaluations mainly address diversity rather than 
quality. While there is no established standard for directly measuring 
MSA quality, we can indirectly estimate it by examining associated 
downstream applications, such as protein structure prediction. Here, 
we compared our results to those obtained by vanilla JackHMMER for 
predicting 3D structures using AF2 on the CASP13DM dataset. Consist-
ent CASP target dataset results are detailed in Supplementary Table 6. 
We skipped the template searching phase and solely used UniRef90 to 
construct MSAs to prevent the feature stacking oriented from many 
databases and other potential impacts. An input query was given to 
obtain the top-K sequences (100k–1M) filtered by DHR and MSAs were 
constructed on these top-K sequences. To evaluate the accuracy of 
AF2’s prediction, five models were produced and only that with the 
highest predicted local distance difference test (lDDT), which denotes 
confidence ranging from 0 to 100, was taken into consideration. To 
further assess their quality, we calculated the TM-score and global lDDT 
score50 between native structures and modeled the results to measure 
how well our retrieved MSAs could aid in reconstructing a 3D structure. 
Then, we carried out a thorough analysis comparing all DHR setups 
to AF2 default. Standalone DHR performed similarly to AF2 default 
(TM-score ±0.02) and top-1M usually performed the best among all 
iterations (Fig. 4a,b and Supplementary Tables 5 and 7). While DHR 
produced a diverse MSA, we investigated whether it could be a sup-
plement to AF2 default MSA and further boost the prediction results. 

We discovered that the merged MSA resulted in a performance boost 
(TM-score ±0.03) for DHR-merged-iter2 (top-400k), which merges 
MSAs from AF2 default with DHR-iter2 (top-400k). Moreover, the 
best performance was achieved by merging all MSAs from different 
DHR settings with AF2 default (DHR-merged-meta; Fig. 4a,b). These 
results suggest that, when used alone, DHR can be a fast and accurate 
replacement for the AF2 default MSA pipeline. When used in combi-
nation with the AF2 default MSA pipeline, DHR’s improvement over 
vanilla JackHMMER on MSA log Meff offers AF2 default with diverse 
and useful ‘structural’ information that aids in the structure recon-
struction process.

In addition, we analyzed the performance of standalone DHR and 
DHR-meta in comparison to AF2 default on several types of CASP13DM 
structures. Because all models displayed nearly perfect accuracy (<3-Å 
r.m.s.d.) on the TBM-easy class, we investigated the two remaining chal-
lenging classes. T1022s1-D2 demonstrated that DHR-meta is superior 
to DHR-iter2 (400k) and AF2 default by 5-Å and 14-Å r.m.s.d., respec-
tively (Fig. 4d). As a consequence, DHR-meta showed the highest MSA 
log Meff; such an accurate prediction may have been because of its 
diversified MSA (Fig. 4e). This conclusion may not apply to all protein 
cases but it is generally supported by average statistical evidence. This 
investigation was undertaken by comparing the average MSA log Meff 
to the average TM-score generated by various DHR configurations 
and merged models for all CASP13 targets (Fig. 4g). The regression 
line indicated a monotonously increasing trend between these two 
variables. We also analyzed a potential failure case T0990-D2, in which 
DHR-meta folded a helix in the incorrect position, resulting in an 11-Å 
increase in r.m.s.d. compared to AF2 default (Fig. 4f ). After careful 
examination, we observed that the DHR-retrieved MSA was not neces-
sarily the reason for this result. We tested an MSA-encoding pipeline 
with an identical MSA and found notably better performance, which we 
then dubbed DHR-distill. DHR-distill achieved 0.03-Å lower r.m.s.d. and 
0.01 higher TM-score compared to AF2 default, which we did not inves-
tigate in detail. We believe that the AF2-like and JackHMMER black-box 
effect was the cause of this difference and further research could be 
conducted to gain a better understanding of this observation. Our 
trials revealed that, when MSA is combined with customized protein 
structure prediction techniques, it can boost accuracy in models. This 
approach allows us to quickly identify MSAs and use them for precise 
protein construct prediction from sequences.

MSA is an essential component for accurate protein structure 
prediction
Recent advancements, such as RGN2 (ref. 36), ESMFold25 and Omega-
Fold32, use language models to bypass the process of producing MSAs. 
By doing so, they claim that MSAs are not necessarily needed for pro-
tein structures to be predicted successfully. These approaches also 
greatly reduce the processing time by eliminating the step of manually 
constructing MSAs. To examine the potential benefits that these lan-
guage models could bring to protein structure prediction, we evaluated 
whether substituting MSA construction with language models on all 
CASP14DM targets would generate better results. To that end, we chose 
ESMFold and OmegaFold as our primary validation methods because 
they are open source with no data leakage related to any of the CASP 
datasets. AF2 Single-Seq was also included to conduct a model-based 

Fig. 4 | Comparison of 3D structural modeling precision for each protein 
between the AF2 default MSAs and MSAs obtained from our method on 
CASP13DM with n = 106 queries. a,b, Bar plots where the height of each bar 
represents the mean and error bars indicate the s.d. Plots show the all-atom 
TM-score (a) and lDDT (b) evaluation of different DHR configurations through 
their downstream structure prediction result. The default AF2 pipeline is set 
as a baseline to show the gain in performance. c, The DHR-produced MSA in 
structure prediction compared to AF2 default MSA. We show three head-to-head 
comparisons of different classes using the r.m.s.d. as an evaluation metric.  

d, Case study on the outlier case T1022s1-D2 identified as good by DHR. We show 
that the DHR-built MSA can produce a better structure than the default and  
that, by merging them, we can get even better predictions. e., The log Meff of the 
three MSAs in d. A large number of sequences may lack a quality guarantee.  
f, Case study on the outlier case T0990-D2 identified as bad by DHR. The merged 
result has a chain lying in the wrong position compared to the default prediction, 
leading to overall failure. We distilled each MSA and merged them again to get  
the correct prediction. g, The overall relationship between Meff and TM-score. 
Each blue point corresponds to one configuration of DHR.
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ablation study. They were compared to MSA-guided AF2 models, such 
as AF2 default, AF2-DHR-iter2 (400k) and DHR-meta. As anticipated, 
we achieved an r.m.s.d. improvement of 2.1 Å for DHR-meta over 
ESMFold and OmegaFold, where ESMFold performed slightly better.  

Moreover, the superior performance of DHR-meta did not arise from 
the AF2 default-constructed MSA as AF2-DHR-iter2 (400k) achieved 
a 0.03-Å lower r.m.s.d. compared to AF2 default (Fig. 5a,b and Sup-
plementary Tables 6, 8 and 9).
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Fig. 5 | Comparison between MSA-based methods and MSA-free methods 
on CASP14DM with n = 92 queries. a, Violin plot of r.m.s.d. comparison using 
different methods. b, Bar plot of lDDT score comparison, setting the AF2 result 
on CASP14 as the baseline, where the height of each bar represents the mean 
improvement of each method over AF2 default and error bars indicate the s.d.  
c, Relationship between MSA log Meff and TM-score on the predicted structures. 
d, Relationship between query sequence length and TM-score on the predicted 
structure. e, Relationship between the CASP14 sequence hits on UniRef90 
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log Meff, where the central curve shows the fitted mode and the two additional 
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the custom method result and the y axis showing the AF2 default distance. Dots 
above the reference line indicate that the method performed better than AF2 
default. h, Head-to-head comparison between AF2 default and our method with 
merged MSAs on different classes using r.m.s.d. as the metric. Dots above the 
reference line indicate that our method achieved higher precision. Two outliers 
are shown in g,h. i, Case study of an outlier case T1049-D1 identified as good by 
DHR. j. Case study of an outlier case T1070-D1 identified as bad by DHR.
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Furthermore, we investigated each case in CASP14DM to deter-
mine the causes for such disparity. In the more challenging cases where 
only a few MSAs were detectable, DHR-meta was observed to surpass 
language model-based methods (Fig. 5g), indicating that MSAs cre-
ated by DHR can provide more critical structural information for 3D 
modeling. On simple cases with a large number of available MSAs, a 
language model could convey as much information as MSAs, result-
ing in the same performance (Fig. 5c). Examining yet another element 
impacting the reconstruction standard (sequence length), DHR-meta 
benefited from a slight TM-score boost as the sequence size increased. 
On the other hand, ESMFold remained stable while OmegaFold suffered 
from dramatic declines (Fig. 5d). We also noticed that algorithms such 
as OmegaFold exhaust the 32-GB memory of V100 GPUs, preventing 
them from completing the prediction pipeline for sequences longer 
than 650 amino acids, whereas our algorithm processed the sequence 
accurately. This indicates that a DHR-constructed MSA is indeed essen-
tial for high-resolution models, especially in cases with limited training 
data or long sequences.

To strengthen our claim, we conducted similarity tests using 
BLAST to search CASP14 targets against UniRef90 (our search data-
base) and analyzed the number of hits. We observed that, on average, 
DHR achieved a higher TM-score than AF2 default and all methods 
showed increasing performance with more hits in the search database 
(Fig. 5e). For CASP14 samples that either had no hits or very few hits 
against UniRef90, DHR still managed to generate effective MSAs that 
enhanced structure prediction (Fig. 5e,f and Supplementary Tables 10 
and 11). This resulted in an approximate increase of 0.01 in TM-score for 
CASP14 samples with zero hits. Furthermore, a detailed head-to-head 
comparison between DHR-meta and the most efficient single-sequence 
approach, ESMFold, was conducted for all CASP14 targets. Our analysis 
showed that DHR-meta outperformed ESMFold in nearly every case, 
especially in the most challenging category (free modeling (FM); no 
hit targets) (Fig. 5h). In particular, we demonstrate a specific sample 
where DHR-meta could identify more MSAs for such a challenging class, 
thus resulting in a more accurate prediction (Fig. 5i and Supplementary 
Table 11). Despite the few exceptions where DHR-meta lagged behind 
ESMFold, our study revealed that, in cases without any MSA, DHR-meta 
and AF2 default would underperform to the level of AF2 Single-Seq 
(Fig. 5j). Overall, our results demonstrated that MSA-based models can 
greatly improve prediction accuracy and efficacy when compared to 
language model-based approaches. We show that the use of MSAs is 
beneficial and should not be overlooked in protein structure predic-
tion pipelines. Furthermore, we highlight the greater performance 
potential of our method in challenging cases with limited MSA data.

Scalability in large datasets and high-quality MSA generation
DHR proved its efficacy and ability in assisting structural prediction 
using the million-scale dataset UniRef90. We further present here 
that DHR is scalable to other datasets that are 100 times larger than 
UniRef90 and can still generate high-quality homologs or MSAs.  

Here, we performed our studies on BFM/MGnify, a combination of BFD 
and MGnify (2019_05), and included hundreds of millions of sequences 
in line with another standardized pipeline, ColabFold, which is a repro-
duction of AF2 using MMseqs2 to generate MSAs on BFM/MGnify by 
default. Specifically, we assessed the quality of DHR-generated MSAs 
through ColabFold on protein structure prediction against its default 
setting using CASP15 dataset. It is important to note that we did not 
retrain DHR on the large-scale dataset. Instead, the UniRef90-trained 
version was directly applied for MSA search inference. In contrast, 
within ColabFold, MMseqs2-BFD/MGnify was established with a profile 
database of BFD/MGnify, which is expected to offer natural advantages 
over DHR.

In evaluating the 50 CASP15 targets made available up to October 
31, 2023 in terms of TM-score, DHR-ColabFold demonstrated a perfor-
mance comparable to its default setting, MMseqs2, with a marginal 
improvement of approximately 0.01 (Fig. 6a, Supplementary Fig. 8 and 
Supplementary Table 9). Additionally, for most of the targets (36 of 50), 
DHR-ColabFold slightly outperformed ColabFold-MMseqs2. Despite 
this subtle enhancement, a review of the distinct MSAs generated by 
both methods (overlapping rate = 0.72) revealed varying rankings for 
each target. The observed variance suggests that DHR and existing 
homolog detection methodologies may serve similar roles. Notably, 
we included ESMFold, featured on the CASP15 leaderboard, to under-
score the assertion that MSA is an indispensable component for precise 
structure prediction (Fig. 6a and Supplementary Table 12). While ESM-
Fold showed an enhancement relative to its previous open version, it 
still lagged behind the MSA-based ColabFold (AF2) by approximately 
0.09 in TM-score.

Predicting the structure of FM targets, especially those without 
structural templates in the Protein Data Bank (PDB) or with only limited 
MSAs, poses a great challenge in the field of structure prediction. In 
these complex scenarios, DHR stands out by generating meaningful 
MSAs, which improve structural predictions. DHR exceeded the per-
formance of ColabFold, which uses MSAs constructed by MMseqs2, by 
0.007 in terms of TM-score (Fig. 6b). Across all targets, DHR showed a 
slight increase in performance, evidenced by approximately 1.2-fold 
higher Meff compared to MMseqs2, translating to improved accu-
racy with a reduction of 0.15 Å in r.m.s.d. (Fig. 6c). Notably, for target 
T1129s2, DHR provided a 1.1 increase in Meff and an enhancement of 
1.5 Å relative to ColabFold-MMseqs2 (Fig. 6c). Following the similarity 
tests in CASP14 and SCOPe, we also emphasize that the proficiency of 
DHR is not a consequence of simply memorizing query or hit pairs from 
its training data. We conducted a comprehensive similarity assessment 
of all targets against our training dataset with BLAST (Fig. 6d). Although 
it is anticipated that targets with greater similarity (larger hits) would 
enhance structure prediction, it is noteworthy that DHR’s performance 
remained relatively consistent even for the least similar targets (with 
zero hits), with an average r.m.s.d. of 4.8 Å (Fig. 6d).

While DHR scaled well on the large-scale BFD/MGnify datasets, we 
further show that DHR is ‘interpretable’, as a larger dataset improved its 

Fig. 6 | Scaling up DHR and assessing it on CASP15 with n = 50 queries.  
a, Comparative analysis of TM-score performance across 50 targets in CASP15. 
We used DHR-iter2 (top-400k) as the primary procedure for the MSA search, 
followed by ColabFold for downstream protein structure prediction. In contrast, 
ColabFold features its default pipeline using MMseqs2 for MSA search and 
ColabFold for structure prediction. Additionally, we included the results of 
ESMFold, an MSA-independent method based on single-sequence information, 
as extracted from the official results. b, Performance on nine FM targets in 
CASP15. c, Head-to-head r.m.s.d. comparison between ColabFold-MMseqs2 and 
ColabFold-DHR and their MSA log Meff results (represented as bar plots, where 
the height of each bar represents the mean and error bars indicate the s.d.).  
d, Regression plot of relationship between BLAST hits of a query (in CASP15) on 
our training set, UniRef90, against prediction r.m.s.d. values. More hits suggest 
a more similar query to our training set. The plots are presented as a central 

curve showing the fitted mode, with two additional curves surrounding the 
central curve showing the 95% intervals. e, Ablation studies of different DHR 
datasets and models on CASP14 + CASP15 (n = 77) targets, where DHR-iter2 
(top-400k) was used. The results are presented as bar plots where the height 
of each bar represents the mean and error bars indicate the s.d. f. Visualization 
of a case study on CASP15 targets. This particular case was chosen on the basis 
of the notable increase in Meff observed when transitioning from the use of 
DHR-UniRef90 to DHR-BFD/MGnify. g–i, The results on our collected New-
Protein dataset, which consists of 650 targets: head-to-head comparison of 
ColabFold-MMseqs2, ColabFold-DHR and DHR-MMseqs2 (merged) (g); MSA 
log Meff comparison (h); regression plot of the relationship between TM-score 
performance and MSA log Meff (i). The plots are presented as a central curve 
showing the fitted mode, with two additional curves surrounding the central 
curve showing the 95% intervals.
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MSA quality, indicating that contrastive training is a necessary compo-
nent within DHR (Fig. 6e). When benchmarked against different data 
scales, DHR combined with ColabFold (AF2) offered performance on 
par with (subtle improvement) JackHMMER or MMseqs2. The TM-score 

disparity across the two datasets reached up to 0.12 points, implying 
DHR’s scalability potential upon a subsequent increase in size of our 
training set. Notably, a DHR variant without contrastive training and 
relying solely on embedding similarity for homolog extraction had 
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the most inferior performance (Fig. 6e). This underscores the impor-
tance of our designed learning mechanisms for optimal performance. 
Beyond statistical results, the interesting case of T1037-D1 actually 
showed that the variations between datasets and DHR models were 
sometimes large (Fig. 6f). When leveraging the UniRef90 dataset, DHR 
alongside AF2 default exhibited diminished efficacy, equating to MSAs 
constructed solely using protein embeddings, labeled ‘DHR-w/o con’. 
However, upon transitioning to the BFD/MGnify database, both DHR 
and MMseqs2 yielded notably higher MSA Meff scores, culminating 
in a 5.49-Å r.m.s.d. for ColabFold-MMseqs2 and an even lower r.m.s.d. 
for DHR accompanied by an increased extracted Meff (Fig. 6f and Sup-
plementary Table 11).

While the CASP15 targets served as a blind test for DHR, the dataset 
comprised only 50 structures, which is relatively limited for extensive 
analysis. To address this, we introduced a new benchmark dataset, the 
New-Protein dataset, assembled from recently disclosed PDB struc-
tures with a cutoff date of January 1, 2022 to January 1, 2023, as well 
as a 70% similarity filter, ensuring that the 650 selected proteins were 
absent from our search and training set. On these targets, DHR was also 
able to generate more comprehensive and meaningful MSAs, achieving 
a log Meff approximately 1.0 higher than those created by MMseqs2 
(Fig. 6h). Additionally, the integration of MSAs generated by DHR 
with those from JackHMMER in AF2 demonstrated similar effects; this 
integration approach was also successfully applied between DHR and 
MMseqs2, where their combined MSAs produced the highest log Meff 
and prediction accuracy across our dataset of 650 new protein targets, 
achieving a TM-score of 0.909 (Fig. 6g and Supplementary Table 13). 
Our statistical analysis on the New-Protein dataset confirmed that an 
increased MSA log Meff is indicative of better prediction performance 
(Fig. 6i). The above experiments demonstrated DHR’s scalability in 
constructing high-quality MSAs on large-scale datasets for normal 
proteins (CASP targets and PDB data), which include resolved protein 
structures. Additionally, we further investigated the challenges of 
disordered proteins, which are involved in various essential biological 
processes51. DHR exhibited robust capabilities by constructing MSAs 
for disordered proteins on a large-scale search database with high 
diversity (Supplementary Fig. 9).

Discussion and Conclusions
Here, we presented DHR, a framework for efficient and accurate 
homolog detection. We used a contrastive learning strategy to train 
dual encoders to create fixed-dimensional embeddings. This method 
of embedding proteins allowed us to accurately and quickly identify 
related sequences by taking into account long-range dependency 
information across various protein families. Through the use of dot 
products, we were able to retrieve pertinent relationships with high 
precision—a capability that surpassed existing methods in terms 
of speed, with an over 10% increase in sensitivity and AUC-1FP rate 
and a 28,700-fold acceleration compared to profile-based methods. 
In addition, the homologs we obtained could improve efficiency 
and performance for downstream tasks. Specifically, MSAs con-
structed purely by DHR enabled AF2/ColabFold to match the perfor-
mance of their default settings. Furthermore, integrating DHR with  
other MSA pipelines enhanced the performance, resulting in an 
approximate improvement of 0.4 Å on CASP14 over the standard AF2/ 
ColabFold pipeline.

Despite its merits, DHR encountered challenges with sequences 
exceeding 1,000 nt, leading to a decline in the quality of retrieved 
homologs. This could be attributed to the constraints of the ESM 
embedding. Moreover, while DHR aims to replicate the behavior of 
JackHMMER using contrastive learning in a teacher–student paradigm, 
merely emulating JackHMMER might fall short in capturing profound 
biological insights. For future endeavors, limitations associated with 
longer sequences will be addressed. We also aim to refine protein 
embedding dimensions, balancing efficacy and memory optimization. 

Furthermore, a broader array of methods could be integrated into our 
learning framework.

Ultimately, DHR provides a solution to an important computa-
tional challenge in the area of computational biology and bioinformat-
ics. It has the potential to unlock a wide range of applications in protein 
analysis, such as homology detection and sequence alignment.
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Methods
DHR
DHR is built around three key elements. Firstly, it leverages a large pro-
tein language model to create rich embeddings. Secondly, a bi-encoder 
architecture is used to project the embeddings of queries and candi-
dates into distinct spaces. Thirdly, through contrastive learning, the 
model differentiates between nonhomologous pairs by distancing 
them, while bringing closer the sequences that are homologous.

Unsupervised protein language model. The recent success of 
large-scale language model pretraining techniques, such as BERT 
(bidirectional encoder representations from transformers)52, has led 
to notable breakthroughs in a variety of natural language processing 
tasks53,54, The process of using such a model consists of two stages: 
pretraining and fine-tuning. During pretraining, the language model is 
trained in an unsupervised manner on a large dataset. In the fine-tuning 
stage, the pretrained model is further trained on a smaller dataset 
with human-labeled data, which can be used for tasks such as dialog 
response generation55 and sentiment analysis56–59. Pretrained models 
generally perform better on downstream tasks than models that are 
randomly initialized, as they have already learned about the underlying 
data distribution before fine-tuning.

Pretraining on large protein sequence datasets followed by 
fine-tuning for downstream tasks related to protein structure or 
function has emerged as a promising strategy. Rao et al. introduced a 
transformer-based language model, ESM-1b23,24, which demonstrated 
that information learned from protein sequences alone can greatly 
benefit various downstream tasks, outperforming LSTM-based mod-
els26,60 by a large margin. Rao et al. also found that integrating MSAs into 
the model, referred to as the MSA transformer, led to state-of-the-art 
results on multiple structure-related benchmarks. The same language 
model objective was also applied in AF21, further improving the accu-
racy of structure prediction.

Dense retrieval, a method that uses a pretrained language model 
to efficiently retrieve documents with a relatively high recall rate, has 
gained recent attention in the text domain. In this approach, the query 
or document is transformed into a low-dimensional vector space by 
averaging the embeddings of each word, preserving its semantic mean-
ing. The bi-encoder architecture, which includes a query encoder and a 
document encoder, maps both the query and the documents into the 
same low-dimensional space in the language processing area56. The 
similarity score between a query and a document is then defined as 
the dot product of the encoded vectors. Documents with high similar-
ity scores to the query are retrieved. ANCE57 suggests that using hard 
negatives can improve retrieval performance.

Pretraining. In the training stage, the model is initialized with param-
eters from ESM and iterates for ten epochs. ESM is based on the 
transformer and each outputs a series of vectors matching the num-
ber of tokens in the input sequence. We select the first vector as the 
fixed-dimension representation of the whole sequence. We train 
DHR with eight Nvidia V100 32-GB GPUs. Each GPU hosts 136 paired 
data in one training batch. We also implemented a cross-batch nega-
tive strategy to extend the batch size to 544. To build the training 
dataset for the proposed method, we first used the query sequence 
(denoted as q) to search from UniClust30 using HHblits43 and build 
the MSA as the ground truth. The resulting MSA is denoted as 
Mq

(n+1)×l = [q,Cq] = [q, cq1 , c
q
2 ,… , cqn], where l is the sequence length, the 

first sequence q is the query and the remaining n sequences Cq = cq1∶n 
are searched homologs (1:n denotes set {1, 2, …, n}). For simplicity, 
we drop the superscript q if the context is clear. Because q and c1∶n 
are from the same MSA, (q, c) are treated as a positive pair for any 
c ∈ {c1,… , cn}. Note that the amount of training data could be enor-
mous considering that the data construction process only depends 
on JackHMMER to build the MSA.

Bi-encoder model and contrastive learning. We denote the 
transformer-based query sequence and candidate encoder as fΘ and 
fΨ, respectively, where Θ and Ψ are learnable model parameters. Given 

paired data, say (q, c) from the previous section, the query encoder fϴ 
maps q into a d-dimensional vector, fΘ (q) = hq ∈ Rd, and the candidate 
encoder maps c into a vector with same dimension, that is, 
fΨ (c) = zc ∈ Rd . In fact, when using the transformer-based encoder, 

targets with a series of n residuals are embedded into a series of vectors 
with the dimension of (n + 1) × 768. Then, we fetch the vector embed-
ding with dimension 1 × 768 as the sequence representation. We rely 
on the training procedure to learn the sequence embedding, reducing 
all information from the long sequence to a fixed-length vector. Finally, 
the inner product between the embeddings

sqc = hT
q × zc

is computed as the similarity score between query q and candidate c.  
In addition, both the query encoder and candidate encoder are initial-
ized with ESM-1b because the model is already well pretrained with 
billions of protein sequences.

Self-supervised representation learning has made notable leaps  
fueled by progress in contrastive learning, which seeks to learn  
transformations that embed positive input pairs nearby while push-
ing negative pairs far apart61–64. Regarding our contrastive learning 
strategy, we further use in-batch data as negative examples. Com-
pared to the actual sampling of negatives, this can greatly improve  
the training efficiency. More specifically, for a batch of paired data 
(q1, c1) ,… , (qb, cb), where b is the batch size, the negative samples for 
query qi are all other candidates within the same batch, that is, all cj   
where i ≠ j . We demonstrate this in Fig. 1 with more detail. We get  
query–context pairs when a random homolog is drawn from the MSA 
with a query. The examples in diagonal lines are all positive examples 
and the others are negative examples. Suppose that the query and 
candidate encoder map these queries and their corresponding can-
didates into matrices [h1,h2,… ,hb] = [ fΘ (q1) , fΘ (q2) ,… , fΘ (qb)] ∈ Rb×d  
and [z1, z2,… , zb] = [ fΨ (c1) , fΨ (c2) ,… , fΨ (cb)] ∈ Rb×d ; then, the simila
r i t y  between all queries and homologs is denoted by 
Sb×b = [sij]i, j∈1∶b = [hT

i ⋅ zj]i, j∈1∶b, which can be computed efficiently by a 
simple matrix multiplication. Then, for each query, say for qi, the  
task is to identify the homolog ci  among all the other negative can-
didates cj, where i ≠ j , which is a b-way classification problem. The 
objective function for query qi  can, therefore, be computed as 
Li = − log (esii /∑b

j=1esij ) . The final objective function for the batch is  
the average of all queries, which is L = 1

b
∑b

i=1Li . An illustration is pre-
sented for the contrastive loss module in Fig. 1.

Online inference. During the online inference stage, we use the candi-
date encoder to transform all the sequences from UniRef90 into vectors 
and store them in memory. Although this process is time consuming 
for millions of sequences, it only needs to be done once and can be 
completed offline. We then compute the similarity scores between 
the encoded query and all the sequences in the database using Eq. 
(1). Finally, the sequences are ranked by the similarity score and the 
top-K most similar sequences are retrieved using FAISS (Facebook 
artificial intelligence similarity search)64. It is worth noting that, to use 
the fast search algorithm in FAISS, the similarity score in Eq. (1) must 
be decomposable, which is why we use the dot product as the metric 
instead of a more complex neural network. The retrieved sequences 
are then used as inputs to JackHMMER for the final MSA of the input 
query, as shown in Fig. 1.

MSA construction. We use JackHMMER to construct MSAs on the 
retrieved dataset. Search parameters are fixed to the same as AF2 
default settings. We only change the search iterations to get various 
outputs. The JackHMMER iterative search pipeline can be summarized  
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in a few steps. Firstly, it takes a single sequence as the query and a 
sequence database as a library. The probability of each amino acid 
appearing at a specific position of the sequence is inferred from the 
query and the distribution in the library and is processed as a position- 
specific scoring matrix (PSSM). Secondly, the library is searched 
with PSSM and output hits and alignments. Thirdly, the overall MSA 
is counted to build the new PSSM before repeating the second step.

Two parts of the output are stored for further usage, the MSA and 
hit sequence set. The MSAs can be directly used as input for the AF2 E2E 
module. For further exploration, we repeat the previous JackHMMER 
pipeline on the output sequence set to get new MSAs. This forces the 
JackHMMER program to initialize and construct on the hits given by the 
previous building iterations. We label them as ‘distilled’ MSAs because 
this repetitive approach forces the JackHMMER pipeline to converge.

Hyperparameters. In our study, to ensure a fair comparison, we 
adopted the highest-performing default parameters for MMseqs2, 
PSI-BLAST and DIAMOND. Specifically, we used the default settings 
for PSI-BLAST, the easy-search (all default) for MMseqs2 and the 
very-sensitive mode for DIAMOND; the search parameters incE and E for 
JackHMMER were set to 1 × 10−3, F1 = 5 × 10−4, F2 = 5 × 10−5 and F3 = 5 × 10−7.

Dataset selection
The train set we constructed included 2 million sequences selected 
from UR90 as queries65 (version 2021, March). The JackHMMER algo-
rithm was used to iteratively search for candidate sequences in Uni-
Clust30 and align these candidate sequences to the MSA. Each MSA was 
then truncated to 1,000 homologs. These sequences were referred back 
from the top-1k similar subsequences of each MSA. After conducting 
filtering, JackHMMER was then adopted to process the obtained dis-
tinct sequences13. In our implementation, the hyperparameters were 
set to the same as for AF2 except for the number iterations for a fair 
comparison. For the larger dataset, we used the BFD/MGnify dataset 
(version 2019, May) that contained around 300 million proteins as the 
candidate database.

Redundancy examination
To investigate potential redundancy between our training and testing 
datasets, we used PSI-BLAST for conducting searches. Specifically, the 
test dataset (referred to as the query dataset) was searched against our 
candidate datasets (UR90 or BFD/MGnify) and the resulting hits were 
meticulously recorded. A higher number of hits would suggest greater 
redundancy between the datasets, while fewer hits would indicate less 
overlap. Our analysis included the test sets CASP15 and a New-Protein 
set, both of which were chronologically posterior to the candidate 
datasets, thereby minimizing the chance of redundancy. Other datasets 
might share timeframes with our candidate sets, potentially increasing 
the likelihood of overlap. However, across our investigation, there was 
a general trend of receiving very few hits in SCOPe, CASP13 and CASP14, 
suggesting little redundancy.

Structural similarity
We use TM-score as the backbone and a pass in specific residue align-
ment for a customized structural similarity calculation. The TM-score 
is defined as follows:

TM − score = max [ 1L

Lali
∑
i=1

1
1 + d 2

i /d
2
0
]

where L is the length of the amino acid sequence of the target protein 
and Lali is the number of aligned residues that appear in both structures. 
di  is the distance between the ith pair of aligned residues, which is 
dependent on the superposition of two structures. Here, ‘max’ refers 
to finding the optimal superposition to maximize this score. In the case 
of passing in a specified residue alignment, the superposition is 

performed accordingly and outputs a structural similarity score based 
on a sequence alignment.

MSA log Meff
Meff has a crucial role in quantifying the diversity and informational 
content of the alignment. Meff adjusts for redundancy by downweight-
ing similar sequences, thus providing a more accurate representation 
of the unique information within the MSA. To address the broad range 
of Meff values and facilitate their comparison, the log Meff is commonly 
used. This normalization technique is especially useful in the analysis 
of large datasets, allowing for an effective comparison of the diversity 
present across different MSAs. The calculation of Meff is based on the 
following formula:

Meff =
N
∑
i=1

1
∑N

j=1S (i, j )

where N represents the total number of sequences in the MSA and S(i, j) 
denotes a similarity score between sequences i and j. Here, S(i, j) = 1 if 
i = j  and 0 ≤ S(i, j) ≤ 1  for sequences that are not identical, typically 
reflecting the percentage of identical residues or using a more complex 
scoring function for conservative substitutions. The log Meff is calcu-
lated as follows:

logMeff = log(Meff )

In the domain of protein structure prediction and bioinformatics, the 
log Meff indicator is invaluable for assessing MSA quality. High log 
Meff values indicate a diverse sequence set, conducive to accurate 
predictions of protein structures and functions. In contrast, low log 
Meff values may suggest a lack of diversity, potentially undermining 
the effectiveness of the computational predictions.

Execution of comparative baseline methods
In our study, we included both sequence-based methods and a 
structural-based alignment method, Foldseek. Moreover, HHblits 
could not be directly applied because it requires a database of HMMs 
such as those provided by HH-suite (for example, Uniclust or HHblits 
database derived from UniProt), where the sequences have already 
been converted into profile HMMs. In contrast, UniRef90 is a collection 
of individual protein sequences clustered at 90% sequence identity, 
which cannot be directly used in HHblits. The configurations for each 
method in our comparison were meticulously selected to ensure a fair 
and meaningful analysis. The specific parameters used were as follows:

•	 MMseqs2, with the parameters ‘-e 1.0 --e-profile 1.0 --num- 
iterations 3 -s 7.5’, optimizing the balance between sensitivity 
and specificity for detecting sequence similarities.

•	 FoldSeek, with the parameter ‘-e 1 × 10−3’, allowing for 
high-precision structural alignment by leveraging its efficient 
search algorithm.

•	 HMMER, with the options ‘--noali -E 10,000 --F1 2 × 10−2 --F2 
1 × 10−2 --F3 7 × 10−3 --cpu 4 --incE 10,000’, designed to maximize 
the detection of microbial sequences under stringent criteria.

•	 PSI-BLAST, with an E value of 1,000, facilitating broad, explora-
tive sequence similarity searches across a wide array of protein 
databases.

•	 DIAMOND, with ‘--very-sensitive’ and an E value of 1,000, com-
bining high sensitivity with the practicality of an elevated E value 
to encompass a comprehensive range of potential matches.

Evaluation metrics
Sensitivity can be computed as TP

TP+FN . TP here refers to the correctly 
retrieved homologs. AUC-1FP refers to the area under the receiver 
operating characteristic (ROC) curve up to the point where the first FP 
is encountered. Focusing on AUC-1FP emphasizes the classifier’s 
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precision in the early threshold or ranking settings, where the goal is 
to maximize TP identifications without incurring any FPs.

Memory usage
To tackle the substantial memory demands involved in storing embed-
dings, particularly when representing multiple domains within a single 
embedding framework, we integrated an efficient strategy leveraging 
the FAISS library. FAISS is specifically designed for scalability and 
efficiency, enabling the handling of large vector databases contain-
ing billions of vectors. It is optimized for both central processing 
unit and GPU usage, greatly reducing the memory footprint while 
maintaining high performance. Specifically, for the UR100 database 
with 277 million sequences and the BFD/MGnify database with 513 
million sequences, we successfully used FAISS to achieve notable 
reductions in memory requirements. The reduced memory usage is 
shown in Supplementary Table 17.

Selection of protein language models
In the process of selecting an appropriate protein language model as 
our foundation, we considered both ESM-1 and ESM-2. To assess their 
performance in the context of our training, we randomly sampled a 
small subset from the SCOPe dataset for validation. For this validation, 
we used ESM-1 and ESM-2 as the embedding sources and calculated 
the recall for the top 200,000 iterations (iter1-top200k). The recall 
rates were 0.87 for ESM-1 and 0.86 for ESM-2, indicating no notable 
difference between the two models. Consequently, in this article, we 
opted for ESM-1 because of its slightly better performance in our tests. 
However, we also provide a version that uses ESM-2 for completeness.

Reporting summary
Further information on research design is available in the Nature 
Portfolio Reporting Summary linked to this article.

Data availability
All data used in our work were obtained from related public datasets. 
We obtained all the protein targets and domain sequences from CASP 
(https://predictioncenter.org/) and structures from the PDB (https://
www.rcsb.org/). For DHR pretraining, we downloaded UniRef50 from 
UniProt (https://www.uniprot.org/) and UniClust30 from UniClust 
(https://uniclust.mmseqs.com/). For homolog searching, we bench-
marked on the SCOPe dataset (https://scop.berkeley.edu/astral/
subsets/ver=2.08). For domain sequence MSA construction, we used 
UniRef90 from UniProt (https://www.uniprot.or g/). For the target 
sequence MSA construction benchmark, we downloaded bfd_mgy_
colabfold from ColabFold (https://colabfold.mmseqs.com/).

Code availability
Source code for the DHR model, trained weights, inference scripts and 
server are available under an open-source license from GitHub (https://
github.com/ml4bio/Dense-Homolog-Retrieval). The MSA construction 
pipeline used HMMER (https://hmmer.org/). We also used AF2 (https://
github.com/deepmind/alphafold) and ColabFold (https://github.com/
sokrypton/ColabFold) as our protein structure prediction modules. 
In addition, we used the software with the indicated version num-
bers in this work: Python 3.8.12, pytorch 1.11.0, numpy 1.21.2, Pandas 
1.3.1, fair-esm 1.0.0, FAISS 1.7.2, Phylopandas commit cbb4a58, Colab-
Fold 1.3.0, MMseqs2 13.45111, BLAST 2.5.0, DIAMOND 2.1.8.162 and  
Foldseek 7.04e0ec8.
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