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Abstract

Latent diffusion has proven successful in conditional generative Al, especially in
image generation, for producing varied yet controlled samples. Such a method
could also prove useful for functional Computational Protein Design. While
sequence based diffusion for protein design is computationally more efficient than
structure based approaches, these methods have been focused on discrete diffusion.
However, such methods are susceptible to rounding errors and limited in terms of
conditional design. Latent diffusion promises the elimination of rounding errors
and greater potential for design prompting. One area with significant potential is
the design of new antibodies.

We show that a latent diffusion model over the ESMFold embedding space can
be used to generate T-Cell Receptor Sequences. Our approach can successfully
reconstruct fully noised sequences (96.84% Residue Accuracy and 3.67 Minimum
Edit Distance). We extend this method towards conditional denoising with the goal
of designing TCR sequences with high binding affinity towards a target antigen.
Conditional generation of de novo antibodies demonstrate up to 42.08% match to
known binding TCRs in the VDIdb.

1 Introduction

Diffusion Denoising networks have shown great success in image, music and video generation
[19]. They represent a new paradigm for generative Al, one which brings varied yet controlled
samples with greater fidelity than GANs or VAEs [6]. Recently, these models have been
applied to the problem of Computational Protein Design. Two major classes of models have
been introduced, structure based diffusion models and sequence based diffusion models [25]], [20], [1]].

Structure based diffusion applies the diffusion denoising framework to a 3D point cloud representing
the C,, backbone of the polypeptide chain. At inference time, a 3D Gaussian sample or a sample
from a prior distribution, is then denoised until the backbone structure of a protein is produced
[25] . The sequence of the generated protein can be inferred from the structure through inverse
folding techniques, such as ProteinMPNN [5]. One major problem for structure diffusion is the
Many-To-One property of structure to sequence, where each sequence represents a distribution of
possible folds [[12]. Furthermore, protein sequences with intrinsically disordered regions (IDRs) or
hyper-variable regions are not well reconstructed by structure only methods [[1]].

Sequence diffusion works directly on the amino acid sequence of the protein and therefore can
maintain some of the unique properties not inferred by structure. Discrete diffusion models, such
as EvoDiff, perform forward masked corruption based on a transition matrix and learn a backwards
transition kernel [[1]] . While this method can model IDRs, discrete diffusion is limited in its ability



for conditional generation. At each stage, a rounding error is introduced - some elements of the
sequence are still corrupted while others are fixed. Since the diffusion is not performed over a latent
space, classifier based diffusion has to guide the loss. However, semi-corrupted sequences may make
the classifier task difficult, as previously realised in text generation tasks [8]].

A possible solution would be the application of Latent Diffusion. Introduced originally for image
generation [[19]], the input sample is encoded and continuous diffusion is performed over this latent
space representation. Then a decoder is trained to predict the original image from the denoised
representation. One benefit of Latent Diffusion is that the embedding space can be a joint embedding
space, such as CLIP [17]. Conditional generation can therefore be prompted during the denoising
process using the same embedding space. In image generation, this allows for conditional generation
based on a text prompt or based on images of a similar style. In a similar way as CLIP jointly
embeds text and image, potentially a joint embedding space for structure and sequence bridges the
gap between the two above approaches. Furthermore, this allows for greater fidelity in prompting
while avoiding rounding errors. We could use this joint embedding space to conditionally generate
for desired functional properties or infill with respect to other proteins in a complex.

Recently, Protein Language Models (PLMs) have seen increased development. Typically, such
PLMs are trained using analogous training tasks as Large Language Models (LLMs), primarily
Masked Language Modelling. At train time, residues are masked and the model predicts the missing
residue [9]. Potentially, the masked language modelling task allows for the model to understand local
structure elements of proteins. The ability for such models to recognise structural characteristics was
confirmed in the development of ESMFold, where the attention weights of the model could predict
protein contact maps [9]] [23]. We believe that such a structural aware embedding space could be
used for a latent diffusion framework for protein design.

2 Method

2.1 Latent Diffusion

We consider the general case for a diffusion process over some data space = € R"¢, the goal of which
is to sample from the distribution x ~ py(X). We follow the original formulation for the Diffusion
Denoising Probabilistic Model Framework (DDPM) [[10]]. We assume this distribution decomposes
as a Markov chain across latent variables X, ...X such that X ~ N(0, 1), a standard normal
distribution. This decomposition gives us the following

q(zrr|wo) = plar)I_ po(wi—1|w¢) (1)

In the DDPM framework, we train a forward diffusion network py to perform this step-wise denoising.
At sample time, we can sample any Gaussian Y7 ~ N (0, 1) and denoise to Yj such that Yj is now a
representation of a possible new generation.

We consider an analogous task, where this generation step is aided by sample from some prior
distribution Y7 ~ 7. Generation from prior distributions help produce samples more characteristic
of the data, although at the expense of diversity. They have shown success before in computational
protein design tasks, [[L3]], to avoid bad local minima in the beginning of the denoising process. We
construct 7 by taking the mean representation of a sample of known sequences and fully noise over
T steps. This ensures that the prior distribution still allows for general samples.



2.2 Architecture

The ESMDiff architecture has three main components: an encoder, the denoising network and the
decoder.

Encoder For the latent space encoding, we use ESM2-T6-8M. As demonstrated in [23]] and [9],
structural characteristics can be inferred from the latent space. We hypothesise that using the pre-
trained ESM protein language model allows for diffusion over a structure aware embedding space.
ESM2-T6-8M produces a per-residue embedding with dimension 320, leading to an embedding size
of Ny, x 320 per sequence, where Ny, is the sequence length.

As noted in [4], diffusion over this latent space is improved with a reduced bottleneck dimension.
We train a fully connected encoder to reduce this to a bottleneck dimension of 64, resulting in an
embedding size of Ny, X 64.

Decoder The decoder is a feed forward network pre-trained on varied protein family sequences
with weights frozen at inference time. The decoder takes the representation and predicts logits for
each residue position over the possible residue labels. In returning a predicted sequence, we take the
maximum logit for each label. However, beam search or other more sophisticated language model
decoding strategies could be used. The encoder decoder structure is seen in Figure|[T]
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Figure 1: Encoder Decoder Architecture

Denoising Network We perform the latent diffusion using a stack of Multihead Attention Blocks
followed by a fully connected layer with residual connections, a ResNet Block (see Figure[Z). We
consider the typical Attention Network design as demonstrated in [22]. Time and peptide embeddings
are fed into separate MLPs. These predict scale and shift matrices, each Ny, x 64, which adjust
the predicted noise depending on conditional generation prompting and time sampled. We perform
diffusion over 500 time steps with noise schedule 3; € [0.0001, 0.015].

2.3 Training and Sampling

Train Time For each sequence, we sample a time step randomly, ¢y, and noise according to the
noise schedule. The noised representation can be decomposed as the original representation and noise
matrix €,. The denoising network predicts this noise matrix from the noised representation as in
Figure 2} In unconditional mode, the denoising network takes as input the noised representation and
the time embedding, which is the standard sinusoidal time embedding [[18]]. In conditional mode, the
peptide ESM embedding is passed through an MLP and then added to the time embedding. As per
[2], we use conditional mode for 60% of train time.

Sample Time At inference, we perform the sampling algorithm as specified in [10]]. First, we
sample a Ny, x 64 joint Gaussian, or from a prior distribution. We assume that this is a true
representation fully noised to time 7". For each of the noising steps, we predict the €, rescale by the
B term and subtract the noise from the representation. Unlike the original sampling algorithm in
[LO], we don’t re-introduce noise into the sampling step due to training stability. After 7" denoising
steps, we decode the fully denoised representation using the decoder.

2.4 Data

PFam In training the encoder and decoder model, we use a large class of protein families represented
in the PFam database [[14]]. As demonstrated in [3], training the decoder with a larger set of



Denoising St
Diffusion Training and Sampling enoising Step

~ Y
Train Time Noised Predicted
Nigr % 64 Noise
Sequence =
9 § l: Forward Noising Embedding Nigr x 64
= Pro
<
DAGVIQS——| @ Ny % 320 :>wa320
PRHEVTE < Embedding Embedd
MGQEVTL —
CKPISGE g p ~
NS LE‘WYF<:: = = —_— — Denoising
QTMMRGL k| — Dencising Network Network
LLIYFNK E8 | . Timestep
VPIDDSC EE = N
=0 x
EDRFSAK 35 | [Nexoo e
NASFSTL chlll  Prior
mbedding
QPSEPRL E " Sample
VYFCASS i SIbwD Target Peptide >
TNTAVYER L
SR
Conditional Denoising Layer Denoising Network Layer
Predicted Noise
Nx64 Per Layer Preﬁ:cledsl‘:oise
her X Per Layer
,"\\
arc N
% 8
“Scale and Shift
el B \\_J =T ResNet Block </1 Scale and Shift
N
I [
Multihead Attention MLP /I_ MLP Multihead Attention e
Block N Block
[ L L
Noised Embedding Time Embedding Peptide Embedding Noised Embedding Time Embedding
Ngge X 64 1%256 Npap X 256 Nigr X 64 1 x 256

Figure 2: Diffusion Information Flow and Denoising Network

sequences ensures that the model accurately translates the ESM embedding back to the residue labels.
Training the decoder solely on TCR sequences may limit the model’s expressivity in generating novel
sequences.

VDJdb For the diffusion network, we take 800 known TCR Antigen pairs with known binding
specificities from VDJdb [[L6]. We use the full TCR sequence and each TCR-peptide pair has at least
15 associated TCR sequences. We first select only positive binded pairs and perform an 80:20 train to
test split.

3 Evaluation Metrics

‘We consider two class of metrics:

* Reconstruction Metrics: Measure of how the network denoises known TCR sequences

* Conditional Generation: Measure of how the network conditionally generates TCRs with
high binding affinity to a known peptide, completely de novo

3.1 Reconstruction Metrics

MSE of Predicted Noise The training metric is the L? norm of the predicted to true noise of the
latent representation at a sampled time point.

MSE(é) = ||e; — &)? 2)



Residue Accuracy RA Similar to [4], we calculate the percentage of residues correctly recon-
structed by the network. At each time step, we sample a number of sequences, noise them to the
maximum noising step and iterate through each stage of the network (a full forward pass). We then
predict the residue tokens using the token classifier and calculate the reconstruction accuracy. Since
the network also predicts the end of sequence tokens and padding - this metric is a measure of both
residue reconstruction and sequence length prediction.

Zai€seq ]ldi:ai
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Minimum Edit Distance MED We calculate a constant cost edit distance for each sequence based
on the Levenshtein distance. The metric penalises each insertion, deletion or residue edit with a
constant penalty. We consider this representative of insertions, deletions and mutations within the
protein encoding gene. Furthermore, a reconstructed sequence out of alignment is penalised by a
constant whereas recovery accuracy would return 0%.

3.2 Generation Metrics

Amino Acid Recovery Accuracy @ k samples We conditionally sample k¥ TCR sequences
prompted by the target peptide. We then report the highest RA to the known matched TCR se-
quence in the VDJdb.

Amino Acid Recovery Accuracy @ k samples Similar to the above, we calculate the MDE to the
closest known binded TCR sequence in the VDJdb.

4 Results

ESMDiff Successfully Denoises known sequences We demonstrate that latent diffusion models
are able to accurately reconstruct noised representations. We report high recovery accuracy and low
minimum edit distance for fully denoised samples.

It is possible that the decoder is noise resistant - regardless of the denoising, the sequence would be
recovered just from the decoder. This would demonstrate a collapse in the denoising network task
and thus generation would no longer be accurate. We show that this is not the case, with a decoder
only model reporting a significantly lower RA and a higher MED. We report the change in RA and
and MED from including the denoising network in Table[T]

RA ARA MED A MED
Decoder Only Train | 46.85 +3.72% | - 64.40 +4.84 | -
Test | 49.92 £ 4.39% | - 600571 |-
Full Network Train | 97.10 £ 1.82% | 50.30% | 3.47 £2.11 —60.93
Test | 96.84 £1.83% | 46.94% | 3.67 £2.02 —56.4

Table 1: Reconstruction Accuracy and Edit Distance across Decoder Only and Full Network Models



ESMDiff Generates Conditional and Uncondition generations ESMDiff unconditionally gener-
ates sequences characteristic of TCRs

Figure 3: Unconditional de novo TCR Structures, Predicted AlphaFold Structures, Coloured by
pLDDT

While unconditional generation is a heuristic validation that the model understands key structural
components of TCRs (see Figure [3)), the conditional generation task is more important from
an immunotherapy perspective. We also demonstrate the ability for conditional generation.
Conditionally generating from a prior distribution using the peptide embedding demonstrates large
portions of the TCR sequence is reconstructed. Furthermore, we demonstrate the benefit of including
the prior distribution and report the increase in RA and MED, see Table 2.

RA ARA [RA ARA [RA ARA
K=10 K=10 | K=50 K=50 | K=100 K =100
Prior Sampling Train | 36.93 £ 5.48% | 30.75% | 42.26 £3.72% | 33.87% | 42.76 £2.59% | 33.4%
Test | 34.75£6.26% | 28.17% | 40.27 £ 3.89% | 32.37% | 42.08 £4.25% | 33.46%
No Prior Samoling | Tin | 6.18 = 1.53% 839 1.74% 936 = 1.48%
T SamMpiNg et 1 6.58 = 1.71% 790+ 1.65% 862=1.51%

Table 2: Conditional Generation Accuracy using Prior and Non-Prior Sampling

The use of the prior distribution in sampling does drastically increase the RA and lower the MED for
the conditional generation task. Since this prior was constructed only from the train data, there is
a possibility sequences would be representative of the train data. However, we see in Table 2, that
the model doesn’t show signs of over-fitting. It should be noted, that potentially the use of the prior
eliminates some possible sequences otherwise generated through complete Gaussian sampling as
specified in [10].

Predicted Structures

Target Peptide: IYSKHTPINL

True TCR Predicted TCR True and Predicted Alligned

Figure 4: Conditional Generation for a target peptide



5 Conclusion

ESMDiff explores a potentially new paradigm for functional, computational protein design. After
surveying the limitations of structural and sequence diffusion models, our approach remedies such
limitations and allows for complex conditional generation.

We demonstrate that ESMDiff has the ability to successfully reconstruct noised protein sequences
with high residue recovery. ESMDiff can unconditionally generate sequences characteristic of TCRs
and can recover large portions of known binding TCRs prompted only by the peptide embedding.

As PLMs are trained on a greater range of property and structure prediction tasks, latent diffusion
represents an extensible framework for computational protein design. Potentially PLM embeddings
allow for reliable property predictions such as solubility, theromostabilitiy and binding affinity. This
would allow for greater breadth of conditions for generating samples.

Future work could include specific architectural changes for the antibody design task. We recognise
that certain regions (such as the CDR3 loop) have a greater importance for binding affinity and
are hyper variable [21]. Potentially a 2 stage architecture approach could be used. Other work
could include a more sophisticated decoding strategy - potentially implementing from the language
modelling framework. Finally, further scaling could improve results, i.e. remove the need for the
prior, allow for the original formulation of the sampling algorithm and in turn generate a greater
range of novel samples.
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