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Protein language models are significantly advancing the modeling of sequence-function relationships. How-
ever, most of them are not directly informed of homology and evolutionary relationships between protein
sequences. Here, we propose a method to make them homology aware. We introduce RAG-ESM, a retrieval-
augmented-generation (RAG) framework that allows us to condition pretrained ESM2 protein language models
on homologous sequences, using a minimal number of additional cross-attention parameters and minimal
computational cost. We show that RAG-ESM models outperform larger ESM2 models for masked amino acid
prediction. We find that sequence alignment capabilities spontaneously emerge in specific cross-attention heads
of RAG-ESM. By using a discrete diffusion objective for training, and by conditioning on homologs during
inference, RAG-ESM reaches state-of-the-art performance for conditional protein sequence generation and motif
scaffolding, among sequence-based models. Our method thus possesses strong potential for scalable, efficient
and controlled protein engineering.
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I. INTRODUCTION

The three-dimensional structures and biological functions
of proteins are encoded in their amino-acid sequences. Ho-
mologous proteins share a common ancestry, and have similar
structure and function. Natural selection for function gives
rise to statistical signatures in their sequences. Homology
and evolutionary information are thus extremely useful for
modeling the sequence-function relationship, and for protein
engineering and mutational effect prediction. Experimental
approaches like directed evolution and mutational scanning
are usually restricted to the local neighborhood of an exist-
ing protein sequence. However, the expansion of large-scale
databases, such as UniProt [1], has facilitated computational
modeling leveraging evolutionary diversity [2–6].

Language models trained on large ensembles of protein
sequences produce representations of proteins that correlate
with their function [7–11], and enable sequence generation
[11,12] and mutational effect prediction [13,14]. These mod-
els can be recurrent neural networks [15], transformers [9] or
state space models [16], and are trained with objectives such
as masked language modeling, autoregressive generation, or
discrete diffusion [17,18]. While most of these protein lan-
guage models (pLMs) were trained on unstructured ensembles
of single sequences, some were trained on multiple sequence
alignments (MSAs) of homologous proteins, and can thus
directly exploit evolutionary diversity and functional con-
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straints. MSA-based pLMs include MSA Transformer [19]
and AlphaFold2’s EvoFormer [20]. Despite being trained only
on sequences, MSA Transformer was shown to encode struc-
tural contacts between amino acids in its row attention heads
[19]. The training of MSA-based pLMs to fill in masked
amino acids using the surrounding context of an MSA al-
lows them to efficiently capture coevolution between amino
acids due to structural constraints, with far fewer parameters
than models based on single sequences [19,21]. These models
are an important ingredient of AlphaFold’s major advance
in structure prediction [20,22]. However, MSA-based models
are memory-intensive [19], and may inherit the imperfections
of MSAs [23]. Recently, autoregressive models have been
trained on concatenations of nonaligned homologs [16,24].
However, starting from long sequences of concatenated ho-
mologs poses memory issues for transformer-based models.

We posit that augmenting pretrained single-sequence
pLMs by using homology could improve their performance,
thereby combining the advantages of single-sequence and
MSA-based models. To investigate this, we use Retrieval-
Augmented Generation (RAG) to improve the pLM ESM2
[21], by using homologous sequences as the retrieved ex-
ternal sources. RAG allows us to improve the accuracy of
generative large language models by integrating relevant data
from external knowledge sources (e.g., domain-specific in-
formation) into the generation process [25,26]. Our model
RAG-ESM outperforms substantially larger ESM2 models
at masked amino acid prediction. Furthermore, we find that
sequence alignment capabilities emerge in cross-attention
heads. By using a discrete diffusion objective during training
and conditioning on homologs during inference, we perform
conditional protein sequence generation and motif scaffolding
using RAG-ESM, and obtain state-of-the-art performance. We
further show that retrieval yields significant improvements
on the structural and evolutionary fidelity of generated se-
quences. RAG-ESM builds on pretrained pLMs, and improves
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FIG. 1. Left: Schematic of the RAG-ESM architecture. “Self-Attention layer” and “Cross-Attention layer” denote the concatenation of
attention and feed-forward layers. Right: Two-dimensional t-SNE visualization of the ESM2 (650M) embeddings of protein sequences from
different clusters in the test set (different colors from yellow to purple). Blue: path of a sequence generated from scratch using RAG-ESM
(165M) by denoising (see Supplemental Material Sec. C [29]); START: initial sequence of only 〈mask〉 tokens; END: sequence obtained after
denoising; CONTEXT: sequence given as context.

their performance and efficiency. It thus possesses strong po-
tential for scalable and efficient protein engineering.

II. METHODS

A. Summary of our contributions

In this work, we demonstrate that retrieval techniques can
improve pretrained single-sequence pLMs, such as ESM2
[21]. Inspired by Ref. [27], where pretrained pLMs were con-
ditioned on structural information through a structure encoder
and cross attention on the final layer, we similarly condition
pretrained pLMs, but using sequence information [see Fig. 1
(left) and Sec. II B].

We introduce RAG-ESM, an encoder-decoder model
trained with masked language modeling on pairs of homol-
ogous protein sequences. The model takes as input both a
masked sequence and a context sequence. The latter can be
one of the homologs of the former, or any sequence with spe-
cific desired properties (e.g., belonging to a particular family,
having a specific function, or binding to a specific domain).
The context sequence is embedded using an encoder model.
The resulting embeddings are provided to a decoder, in order
to improve its predictions of the masked amino acids in the
input sequence. We show that

(1) By conditioning on a homologous sequence, we dras-
tically improve the performance of pretrained pLMs at
predicting masked amino acids. The computational costs are
minimal (50 to 120 GPU hours, depending on model size) and
the number of additional parameters is small, opening new
directions for more efficient and scalable future models.

(2) By training the models using a discrete diffusion ob-
jective (see Sec. II B) and conditioning, during inference, on
sequences with specific desired properties, we transform a

pretrained single-sequence masked language model into one
that can perform conditional generation.

This second contribution addresses a key limitation in the
generative abilities of most single-sequence pLMs: their lack
of control over generated outputs. Conditioning on sequence
provides an alternative to conditioning on control tags, e.g.,
gene ontology terms [11,29], and to multimodal pLMs using
structural and functional features [18,30]. By providing a rep-
resentation of a context sequence, we guide the model to a
sample from a specific region of sequence space, significantly
reducing the dimensionality of the search space. Figure 1
(right) shows that during the denoising process (described in
Supplemental Material Sec. C [28]), the model starts from
a position of the embedding space corresponding to the
fully masked sequence, and quickly converges to a position
close to the context sequence embedding and its neighboring
homologs.

Our approach reduces the need for the model to allo-
cate parameters for memorizing protein family information
[8,30,31]. Instead, this information can be recovered from the
context embeddings. We find that this enables performance
comparable to much larger models, with substantially fewer
parameters.

Furthermore, to improve generation quality, we introduce
an Error Correction strategy that allows the model to revise
previously sampled residues during denoising. This leverages
a masked language modeling (MLM)-like training objective
(see Sec. II B and Supplemental Material Sec. C [28]), which
exposes the model to corrupted inputs and trains it to detect
and correct unlikely residues, even when they are not masked.
In Table S6, we compare different sequence generation strate-
gies used during denoising, showing that our proposed Error
Correction method improves the quality of the output se-
quences.
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B. Architecture and training

The RAG-ESM model builds upon a pretrained ESM2
model modified by adding a few additional layers. The archi-
tecture is shown in Fig. 1 (left). The model comprises two
main modules:

(1) An encoder module, which corresponds to the pre-
trained ESM2 model, and computes the embeddings of the
(unmasked) context sequences.

(2) A decoder module, built starting from the pretrained
layers of the ESM2 model, adding newly initialized cross-
attention layers to some of them. These layers integrate
information from the context embeddings (from the en-
coder) and the input ones (from the decoder) into a single
representation. This module takes as input the masked
sequence and the embeddings of the context sequence.
It provides as outputs the logits for the masked amino
acids.

The weights of the ESM2 layers (including both attention
and feed-forward layers) used by both encoder and decoder
modules are tied, i.e., the parameters are shared between
the two modules. Thus, starting with an N-parameter ESM2
model, and using M parameters in the cross-attention layers,
our RAG-ESM model has N + M parameters. In practice,
M � N , as we apply cross attention to few layers. Indeed,
few layers of cross attention suffice to transfer information
between the two sequences’ embeddings, see Supplemental
Material Sec. B. Thus motivated, we train RAG-ESM models
with 12M and 165M parameters, respectively based on the 8M
and 150M ESM2 models.

We train our models using the standard cross-entropy loss
with a discrete diffusion objective [32]. The masking frac-
tion is sampled from a uniform distribution over (0, 1) to
improve its generation capabilities during the denoising steps
(see Supplemental Material Sec. A [29]). We simultaneously
fine-tune the pretrained self-attention weights (from ESM2)
and train the newly initialized cross-attention weights with
different learning rates. At each training instance, a sequence
is selected as input, and its closest neighbor (by Hamming
distance) in the same cluster is used as context. While the
final performance of the model at inference is robust to the
similarity level of the context sequences used for training,
using the closest neighbor during training accelerates loss
convergence, see Supplemental Material Sec. B [29].

All models were trained on pairs of homologs sampled
from Uniclust30 clusters [33] present in the filtered version
of OpenProteinSet [34], which comprises maximally diverse
representative clusters. This dataset includes a total of ∼200
million protein sequences from UniprotKB [1]. More details
are given in Supplemental Material Sec. A [29].

III. RESULTS

A. Attending to close homologs drastically improves
the perplexity of pLMs

Does retrieval impact the performance of pLMs? How
much does this depend on the similarity between context and
input sequences? We address these questions by investigating
the models’ perplexity.

FIG. 2. Left: Perplexity of the RAG-ESM models on the standard MLM task (p = 0.15) versus distance between input and context
sequences (both from the same cluster). We measure distance using both Hamming and Levenshtein distances (resp. between sequences
aligned using the pairwise Smith-Waterman algorithm, and between unaligned sequences), binned in intervals of 0.1. Right: Perplexity of
ESM2 models and RAG-ESM models, both trained on the discrete diffusion task, for different masking fractions, when the closest homolog
is provided as context to RAG-ESM (mean Hamming dist ∼0.36). Perplexity is measured on 10 000 sequences sampled from the validation
set. ESM2 (650M), fine-tuned on the discrete diffusion objective, serves as baseline (see Table S5 for a comparison with RAG-ESM models
trained on other objectives).
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FIG. 3. Top: Pearson correlation between alignment matrices obtained by aligning input and context sequences (using the Needleman-
Wunsch algorithm) and each of the 60 cross-attention heads from RAG-ESM (165M) – 20 per layer across layers 10, 20, and 30. Blue and
black: mean and standard error of the correlations for each head. Red line: mean Pearson correlation obtained for the logistic regression trained
on 100 examples. Dashed black line: mean Pearson correlation between the alignment matrices and the same matices with shuffled entries
(null model). Results are obtained by feeding one pair of homologs from each of the 1000 clusters in the test set to the RAG-ESM model,
without masking the input sequences. All correlations are computed over the top 2L matrix entries, where L is sequence length. Bottom:
Visual comparison of the Needleman-Wunsch alignment matrix (center) with one of the cross-attention heads of RAG-ESM (left) and with the
alignment matrix predicted by the logistic regression (right), for a random pair of homologous sequences sampled from a cluster in the test set.
Their Hamming distance is 0.73.

Figure 2 (left) shows the effect of the distance be-
tween context and input sequences on model performance.
When the two sequences are the same, the perplexity of the
model is 1, i.e., the model perfectly predicts the masked
amino acids by looking up those in the context sequence.
Perplexity increases with the distance between the two
sequences. RAG-ESM reaches perplexities similar and some-
times slightly larger than the base ESM2 model when very
different sequences from the same cluster are used as context
and input.

In Fig. 2 (right), we compare RAG-ESM models with the
base ESM2 models they are built on. We find that the usage of
homology information leads to large performance improve-
ments. We compare the pretrained ESM2 (8M) and ESM2
(150M), fine-tuned on the discrete diffusion task, to their
RAG-ESM counterparts with 12M and 165M parameters. We
obtain, respectively, a 48% and 43% decrease in perplexity
[averaged over the different masking fractions considered in
Fig. 2 (right)] with respect to the base models, when using
the closest homolog as context. Performance decreases when
using more distant homologs (see Table S5), but it remains at
least as good as the one of ESM2 (650M). Furthermore, even
the smaller RAG-ESM (12M) model reaches a lower perplex-
ity than the much larger ESM2 (650M) model. This shows that
using homologs information can help to substantially decrease
the size of models, thus fostering computational efficiency.

B. Alignment capabilities naturally emerge
in the cross-attention heads

How interpretable are cross-attention heads in our model?
Do they learn to align input and context sequences without ex-
plicit alignment information during training? To address these
questions, we examine the cross-attention coefficients calcu-
lated by RAG-ESM when feeding it pairs of homologs, with-
out masking input sequences. Figure 3 (top) shows that some
cross-attention heads of RAG-ESM (165M) exhibit a high
Pearson correlation ρ with pairwise sequence alignment ma-
trices computed using a differentiable formulation proposed
by Ref. [35], which was shown to converge to the Needleman-
Wunsch alignment. Specifically, seven of these heads feature
ρ > 0.5. Note that given the sparsity of these matrices, we
compute correlations ρ over their top 2L entries, where L
is sequence length. Notably, the alignment-specialized heads
appear only in the first and last cross-attention layers, while
the middle layer shows little to no significant correlation. Fig-
ure 3 (bottom) shows an alignment matrix and cross-attention
matrices for two homologous sequences.

To further assess the ability of attention heads at capturing
alignment matrices, we trained a logistic regression model
(with predictions ranging continuously between 0 and 1) on
the 60 cross-attention heads to predict the alignment matrices.
Using 100 samples from the test set for training, and evalu-
ating on the remaining 900 samples, we obtained an average
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TABLE I. Quality scores for generated and natural sequences from 1000 different clusters in the test set. We report the median and
standard deviation of each distribution. Both generated and natural sequences are filtered by computing the ESM2 (650M) pseudoperplexity
and retaining only those with perplexity <8 (approximately 650 sequences out of 1000, both for natural and generated sequences). HMMER
scores are normalized by dividing each of them by the score of the corresponding context sequence. For natural sequences, Hamming distances
to the context are computed for randomly sampled sequences, either from the same cluster as the context (“Homolog”) or from a random
different cluster (“Random”). ↑ (resp. ↓) indicates that higher (resp. lower) scores are better.

Generated Natural

Score RAG-ESM (165M) ESM2 (650M) Homolog Random

ESMFold pLDDT (↑) 0.76 ± 0.12 0.52 ± 0.16 0.81 ± 0.15
scPerplexity (↓) 2.58 ± 0.44 2.96 ± 0.68 2.52 ± 0.43
ESM2 (650M) perplexity (↓) 6.69 ± 2.66 7.16 ± 2.47 6.06 ± 3.03

RMSD with context (↓) 4.49 ± 5.41 13.13 ± 7.76 9.68 ± 6.0 11.85 ± 4.5
TMscore with context (↑) 0.49 ± 0.26 0.14 ± 0.05 0.19 ± 0.15 0.15 ± 0.05
HMMER (↑) 0.96 ± 0.76 −0.01 ± 0.25 0.92 ± 0.62 −0.01 ± 0.1
Hamming to context (−) 0.50 ± 0.21 0.74 ± 0.04 0.50 ± 0.16 0.77 ± 0.05

Pearson correlation of ρ = 0.73 between the alignment matri-
ces predicted by the logistic model and the original ones, see
Fig. 3 (top). This result is reminiscent of [19], where logistic
regression on row attention matrices was shown to capture
contact maps, and of Ref. [36], where logistic regression on
column attention matrices was found to predict Hamming
distances between sequences.

These results suggest that the cross attention between the
input and context sequences enables the model to implicitly
perform sequence alignment, despite not being trained on
explicitly aligned sequences. In other words, the training ob-
jective of RAG-ESM encourages the extraction of informative
signals from homologous context sequences. This leads to the
emergence of specialized cross-attention heads that tend to
effectively align the two sequences.

C. Diffusion-based denoising enables conditional protein
sequence generation

RAG-ESM can generate protein sequences conditioned on
homologous context via a diffusion-based denoising process
that progressively reveals masked parts of the input sequences
(see Supplemental Material Sec. C for details [29]). How
does retrieval influence generative performance? To answer
this, we compare sequences generated by RAG-ESM (165M)
with those produced by a diffusion fine-tuned ESM2 (650M)
baseline, which does not directly use homolog information,
and with natural sequences from the test set. The natural
sequences consist of (i) homologous ones sampled from the
same clusters as the generated sequences, and (ii) nonhomol-
ogous ones sampled from random clusters.

To assess the quality of the generated sequences, we em-
ploy several established metrics. Sequence confidence is mea-
sured via the pseudo-perplexity of the nonfine-tuned ESM2
(650M), while structural confidence is quantified by the ESM-
Fold pLDDT [21] and the ProteinMPNN self-consistency
perplexity (scPerplexity, computed from ESMFold-predicted
structures, following Ref. [17]). In addition, structural similar-
ity between the predicted structures of generated and context
sequences is evaluated using RMSD (Root Mean Square De-
viation) and TMScore (after structural alignment) [37], and
homology is assessed using a Hidden Markov Model (HMM)
trained on the cluster’s MSA, via HMMER scores [38]. Fi-
nally, we use the Hamming distance to quantify how much
each generated sequence diverges from the corresponding
context sequence.

The results in Table I indicate that RAG-ESM (165M)
significantly outperforms the larger ESM2 baseline for condi-
tional sequence generation. This finding confirms the benefit
of incorporating homologs to improve model performance
during inference. Notably, RAG-ESM-generated sequences
have scores closer to those of natural sequences, and some-
times exceed them. Specifically, the HMMER scores of
RAG-ESM-generated sequences closely approximate those
of natural homologs, highlighting the model’s ability to
preserve key characteristics of protein families. Moreover,
the Hamming distances between generated sequences and
their corresponding context sequences are comparable to
those observed between natural homologs, indicating that our
method produces sequences that appropriately differ from the
provided context. In terms of structural plausibility, the se-
quences generated by RAG-ESM feature ESMFold pLDDT

TABLE II. Performance of RAG-ESM and other models for homolog-conditioned generation. We report the median and standard deviation
of each distribution. Two structural scores are presented: the pLDDT from ESMFold [21] and the scPerplexity from ProteinMPNN [39],
evaluated on a set of 250 protein sequences generated using each of the models, each from a distinct cluster in the test set. For other models
than RAG-ESM, results were retrieved from the Zenodo archive associated with the EvoDiff paper [17] and the ProtMamba paper [16]. ↑
(resp. ↓) indicates that higher (resp. lower) scores are better.

Model RAG-ESM ProtMamba EvoDiff-MSA MSA Trans. Potts Natural

pLDDT (↑) 0.76 ± 0.12 0.75 ± 0.13 0.60 ± 0.16 0.54 ± 0.18 0.56 ± 0.14 0.81 ± 0.15
scPerplexity (↓) 2.58 ± 0.44 2.63 ± 0.45 3.17 ± 0.58 3.37 ± 0.64 3.17 ± 0.51 2.52 ± 0.43
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1BCF

7MRX

1PRW

5YUI

pLDDT: 85    RMSD: 0.49 Å    Levenshtein: 0.65 pLDDT: 85    RMSD: 0.42 Å    Levenshtein: 0.67

pLDDT: 95    RMSD: 0.29 Å    Levenshtein: 0.58pLDDT: 93    RMSD: 0.53 Å    Levenshtein: 0.82

Designed
scaffold

Functional
motif

BLAST E-Value: 1.2x10-31
Original
scaffold

BLAST E-Value: 1.8x10-41BLAST E-Value: 3.6x10-58

BLAST E-Value: 2.7x10-45

FIG. 4. Examples of successfully scaffolded motifs. The structure of each motif is highlighted in blue, while gray denotes the reference
structures from the PDB, and orange denotes the ESMFold-predicted structures for the designed scaffolds. For each design, we report the
ESMFold pLDDT (higher is better), the RMSD—restricted to the motif region—between generated and reference structure (lower is better),
the Levenshtein distance between generated and reference sequence (higher is better), and the BLAST E-Value score when searching the
UniProtKB database [1]. Note that the similarity between the designed sequences and the closest natural sequence from UniprotKB, identified
by the BLAST search, are the following: 1BCF: 59.5%; 7MRX: 68.4%; 5YUI: 56.7%; 1PRW: 62.8%.

scores and ProteinMPNN self-consistency perplexities that
are similar to those of natural sequences, and superior to
those generated by the larger ESM2 baseline. Although the
ESM2 pseudoperplexity for RAG-ESM is marginally less fa-
vorable than that of natural sequences, it still outperforms
the ESM2 baseline. Additionally, RAG-ESM produces se-
quences that are structurally more similar to their context
than ESM2, as evidenced by significantly lower RMSD and
higher TMScore values compared to both natural homologs
and ESM2-generated sequences. Thus, the conditional gener-
ation strategy yields enhanced structural performance.

Table II further compares the performance of RAG-
ESM for conditional generation with other protein language
models. ProtMamba [16], currently state-of-the-art for con-
ditional generation, is a Mamba-based autoregressive model
that leverages evolutionary information during inference by
concatenating multiple unaligned homologous sequences as
context. EvoDiff-MSA is an MSA-based diffusion protein
language model whose capabilities have been experimentally
validated [17]. MSA Transformer is the pretrained model
used as the starting point for EvoDiff-MSA and was trained
with a masked language modeling objective [19]. Finally, we
consider Potts models trained on the MSAs of specific fam-
ilies, an experimentally validated generative model inspired
by statistical physics [5]. We compare RAG-ESM with these
baseline models using the performance reported in Refs. [17]
and [16]. Strikingly, RAG-ESM achieves the highest median
ESMFold pLDDT and the lowest ProteinMPNN scPerplexity
among the generative models considered. Thus, RAG-ESM
performs as well as the state-of-the-art method ProtMamba,

even if it conditions on single sequences instead of larger
sets of homologs from the same cluster. Furthermore, RAG-
ESM exceeds the performance of other existing models for
homolog-conditioned generation.

Together, these results, along with the high cosine sim-
ilarity observed between ESM2 (650M) embeddings of
generated and context sequences (Fig. S1), demonstrate that
the diffusion-based denoising strategy of RAG-ESM ef-
fectively leverages homologous information for conditional
generation. The approach yields protein sequences that are
both evolutionarily and structurally plausible, performing
similarly to natural sequences across the evaluated metrics.
This positions RAG-ESM as a promising alternative to ex-
isting generation methods, particularly in applications where
preserving context-specific structural and evolutionary char-
acteristics is critical.

D. RAG-ESM reaches state-of-the-art performance
for motif scaffolding

Motivated by the promising results in conditional se-
quence generation, we assess the generative performance of
RAG-ESM (165M) for the motif-scaffolding task introduced
by Ref. [40]. The goal is to design protein scaffolds that
accommodate a fixed functional motif, such as a binding or
function-determining region, by generating the surrounding
sequence that supports its structural integrity. Figure 4 shows
examples of motifs that were successfully scaffolded via de-
noising with RAG-ESM.
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TABLE III. Performance comparison of different models on the motif-scaffolding task. For each of the 17 motifs considered in [40], labeled
by the associated PDB entry, we report the success rate (out of 100 attempts for each target) of scaffold generation for five models: RAG-ESM
(165M), DPLM (650M), EvoDiff-MSA, RFDiffusion, and ESM3 (1.4B). Scaffold sequences are generated with lengths sampled uniformly
from [50, 100] plus the motif length, and subsequently folded using ESMFold, similarly to Ref. [17]. A design is considered successful if its
folded structure exhibits a pLDDT score greater than 0.70 and an RMSD to the motif (in the reference structure) smaller than 1 Angstrom. We
also report the overall pass rate (i.e., the number of tasks with at least one successful design), as well as the mean and median success rates.
Both are reported because the distribution of success rates across motifs is highly skewed. Models with the best performance are in bold, and
those with the second-best one are underlined. For ESM3, we show values reported in Ref. [42], thus omitting 6vw1.

Sequence-based
Alignment-based Structure-based Multimodal

PDB ID RAG-ESM DPLM EvoDiff-MSA RFDiffusion ESM3

1bcf 0.99 1.00 0.84 1.00 0.89
1prw 0.43 0.75 0.07 0.08 0.96
1qjg 0.01 0.00 0.11 0.00 0.02
1ycr 0.05 0.27 0.00 0.74 0.41
2kl8 0.01 0.01 0.03 0.88 0.11
3ixt 0.11 0.15 0.00 0.25 0.18
4jhw 0.00 0.00 0.00 0.00 0.00
4zyp 0.00 0.00 0.00 0.40 0.03
5ius 0.25 0.00 0.00 0.02 0.00
5tpn 0.00 0.00 0.00 0.61 0.03
5trv 0.13 0.00 0.06 0.22 0.16
5wn9 0.00 0.00 0.00 0.00 0.02
5yui 0.35 0.94 0.33 0.00 0.00
6e6r 0.36 0.79 0.73 0.71 0.24
6exz 0.31 0.01 0.81 0.42 0.31
6vw1 0.01 0.00 0.04 0.69 −
7mrx 0.38 0.54 0.57 0.07 0.65

Pass rate 13/17 9/17 10/17 13/17 13/16
Mean succ. rate 0.20 0.26 0.21 0.36 0.25
Median succ. rate 0.11 0.01 0.04 0.25 0.14

Here, we follow the procedure proposed in Ref. [17], with
one modification: we use ESMFold [21] as the structure pre-
diction model instead of OmegaFold [41], motivated by the
higher accuracy of the former. We sample the new scaffolds
by conditioning RAG-ESM on the original sequence of each
motif and using a temperature of T = 0.7.

How does RAG-ESM compare to other models for mo-
tif scaffolding? Previous approaches include sequence-based
methods like DPLM (650M) [18], the alignment-based
EvoDiff-MSA [17], structure-based models such as RFD-
iffusion [40], and large multimodal models incorporating
structural information like ESM3 (1.4B) [30]. In Table III,
we compare the success rates of RAG–ESM (165M) to these
methods for the motif-scaffolding task. Our results show that
RAG-ESM outperforms the larger DPLM (650M) model,
as well as the MSA-based EvoDiff–MSA. Although the
structure-based model RFDiffusion and the multimodal model
ESM3 remain superior on some motifs, they are outperformed
by RAG-ESM on others. Thus, we envision that RAG-ESM
could complement structure-based approaches.

How robust are the comparisons between models pre-
sented here? One challenge for detailed comparison between
sequence-based and structure-based models is that structure-
based models like RFDiffusion follow a different pipeline for
motif scaffolding. They usually generate a structural scaffold
that is subsequently inverse-folded using ProteinMPNN. We
nevertheless included these comparisons here for complete-

ness. Besides, there appear to be some differences in the
reported performance of DPLM for motif-scaffolding tasks
between [18] and the more recent study [42]. For complete-
ness, in Table S7, we compare our results with the updated
DPLM performance [42]. That comparison is even more fa-
vorable to RAG-ESM than Table III. Finally, in Table S8,
we present a similar comparison as in Table III, but using
OmegaFold instead of ESMFold as the structure prediction
method. This yields higher success rates due to OmegaFold’s
higher pLDDT scores, but does not modify our conclusions
on the comparisons between models. Thus, our conclusions
are robust, and show that RAG-ESM is very promising for
motif scaffolding.

IV. DISCUSSION

In this work, we introduced RAG-ESM, a sequence
retrieval-augmented framework that builds upon a pretrained
protein language model trained on an unstructured ensem-
ble of protein sequences, specifically ESM2. Specifically, we
augmented ESM2 with a small number of cross-attention
layers. RAG-ESM takes as input a masked sequence and
as context a homologous sequence, and computes cross-
attention between them. We showed that such conditioning on
homologous sequences dramatically reduces perplexity, and
enables relatively small models to perform on par with much
larger ones. We also found that some cross-attention heads
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of RAG-ESM spontaneously learn to align input and context
sequences. Thus, RAG-ESM efficiently learns sequence ho-
mology.

By integrating a discrete diffusion objective, we en-
abled RAG-ESM to perform conditional protein sequence
generation. We showed that RAG-ESM not only achieves
state-of-the-art performance in generating novel sequences,
but also excels in the motif–scaffolding task among sequence-
based models. In fact, it outperforms models that either use
significantly more parameters [18] or rely on additional in-
formation, such as MSA-based models [17]. An asset of
RAG-ESM is that it strongly benefits from using just one
homologous sequence as context, while other models that
perform homology-conditioned generation require MSAs [19]
or large collections of homologs [16,24], and models that
condition on control tags need annotated data for training
[10,11,43]. This makes RAG-ESM more flexible, enhancing
its applicability, e.g., to small protein families and poorly
annotated data.

Our work opens several promising future directions. For
instance, incorporating additional sources of biological in-
formation, such as structural data or functional annotations,

could further improve the controllability and accuracy of
generated sequences [30,44–46]. Moreover, exploring more
advanced denoising algorithms might enhance the generative
capabilities of the model even further [18,32]. Besides, the
emergent alignment ability of RAG-ESM suggests its po-
tential for developing new methods for unsupervised protein
alignment and evolutionary analysis. Finally, RAG-ESM es-
tablishes a scalable, efficient, and versatile protein sequence
generation method conditioned on homologous sequences. It
thus opens new avenues for controlled protein engineering.
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