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ABSTRACT

Antibodies are among the most versatile molecules in therapeutic discovery,
yet computational antibody library design remains challenging when evolution-
ary signals from multiple sequence alignments are sparse or unreliable. We
present DiffAntiSeq, a controllable diffusion-based generative framework for ef-
ficient, target-specific antibody sequence design. DiffAntiSeq performs non-
autoregressive denoising in a continuous latent residue embedding space, enabling
global sequence refinement beyond the limitations of autoregressive or discrete
diffusion models. To steer generation toward desired functional outcomes, we in-
corporate gradient-based classifier guidance derived from protein language mod-
els trained to predict antibody—antigen binding affinity and specificity. We eval-
uate DiffAntiSeq using large-scale antibody sequence and binding data from the
AlphaSeq platform, and apply it to the design of thousands of single-chain vari-
able fragment antibodies targeting a SARS-CoV-2 peptide. Across extensive in
silico analyses and structure-based validation, DiffAntiSeq consistently outper-
forms state-of-the-art machine-learning-driven evolution methods, producing an-
tibody libraries with substantially stronger binding while maintaining meaning-
ful sequence diversity. These results demonstrate that controllable diffusion in
continuous latent sequence space provides an effective and scalable paradigm for
antibody library design in data-sparse and structure-limited settings.

1 INTRODUCTION

Therapeutic antibodies are among the most successful classes of biologics due to their high bind-
ing specificity, favorable safety profiles, and broad applicability across oncology, immunology, and
infectious diseases. However, the space of possible antibody sequences is astronomically large, ren-
dering exhaustive experimental screening infeasible. As a result, efficient computational methods
for antibody library design are critical for accelerating early-stage discovery by prioritizing diverse
yet functionally optimized candidates [18}31].

A central challenge in antibody design is modeling the complementarity-determining regions
(CDRs), which govern antigen recognition and exhibit high variability in both length and se-
quence [40]. Traditional approaches often rely on multiple sequence alignments (MSAs) to infer
positional constraints and co-evolutionary signals. While effective for conserved protein families,
alignment-based methods struggle in antibody settings where evolutionary signals are sparse, CDRs
are hypermutated, and insertions and deletions are common. These limitations substantially restrict
their ability to guide target-specific optimization.

Recent advances in deep learning have opened new avenues for molecular, antibody and protein
design [14} 22, 51} 42} 52| 143| 45| 1441 48 141}, 39| 150} 47, 1491 15| [1} 37]]. Structure-aware models
leverage geometric deep learning to co-design antibody sequences and structures or optimize binding
interfaces directly [[12} 2315, [17]. Although powerful, these methods typically require high-quality
antigen or antibody-antigen complex structures, limiting their scalability and applicability in early
discovery stages where such structures are unavailable or uncertain. In contrast, sequence-only
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Figure 1: Tllustration of the antibody library design task. Given a target antigen, the goal is to
generate a diverse set of antibody sequences that can bind to the epitope with high affinity. This
involves designing the complementarity-determining regions (CDRs) of the antibody while ensuring
structural stability and manufacturability. Subsequently, active learning is employed iteratively to
refine the antibody library by selecting high-quality candidates for further optimization.

approaches based on protein language models (PLMs) [46, 2| 32] avoid explicit structural inputs
and scale well with data, but they are predominantly autoregressive. This design choice imposes a
fixed generation order, introduces exposure bias through cumulative decoding errors, and makes it
difficult to globally revise sequences during optimization.

Diffusion-based generative models offer a compelling alternative by enabling non-autoregressive,
full-shot generation through iterative denoising. Recent work has successfully applied diffusion to
protein structures and sequences, demonstrating improved global coherence and controllability [10,
25, [36l]. However, existing diffusion approaches for proteins either operate in discrete token spaces
with limited expressiveness or lack effective mechanisms for target-specific functional control. As a
result, unconditional or weakly conditioned diffusion models often fail to generate antibodies with
strong, specific binding properties.

This work introduces DiffAntiSeq, a controllable diffusion framework for antibody library design
that operates in a continuous latent sequence space. DiffAntiSeq performs denoising diffusion over
learned residue embeddings rather than discrete amino acid tokens, enabling richer noise modeling
and more flexible sequence refinement. To steer generation toward desired functional outcomes, we
integrate gradient-based classifier guidance derived from protein language models trained to predict
antibody-antigen binding affinity and specificity. This plug-and-play control mechanism allows
DiffAntiSeq to balance functional optimization with evolutionary plausibility during sampling.

We evaluate DiffAntiSeq on large-scale antibody sequence and binding data from AlphaSeq, fo-
cusing on the design of single-chain variable fragment (scFv) libraries targeting a SARS-CoV-2
peptide. Across extensive in silico and structure-based evaluations, DiffAntiSeq consistently out-
performs state-of-the-art machine-learning-driven evolution methods, producing antibody libraries
with stronger binding affinity while maintaining substantial sequence diversity. In summary, our
contributions are threefold:

* We propose a continuous latent diffusion model for antibody sequence generation that
avoids the limitations of autoregressive decoding and discrete diffusion.

* We introduce a target-specific, gradient-guided control strategy using protein language
models to steer antibody generation toward improved binding properties.

* We demonstrate, through large-scale experiments and structural validation, that DiffAn-
tiSeq enables efficient construction of high-quality, diverse antibody libraries.

2 METHOD

2.1 PRELIMINARY

Task Formulation. An antibody sequence is composed of n residues as a = [ay,...,a,] € A,
where a; € V is an amino acid. V is the token vocabulary that consists of twenty amino acids and
four auxiliary tokens (i.e., "PAD’, ’END’, "START’, "UNKNOWN"). The CDRs of this antibody are
a m-length subsequence of a denoted as b = [by, ..., b,], where b; = a., and e; is the index of
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Figure 2: A. The diffusion iteratively denoises the antibody’s CDR sequence in the latent space,
yielding an intermediate latent variable of decreasing noise level x7...xg. A final rounding layer
then transfers the residue vectors to discrete antibody sequences. B. Designed antibody sequences
are forwarded into protein language models with a fully-connected layer to forecast the functionality.
Quantitative affinity data obtained from high-throughput experiments are used to guide training.

CDR residue b; in the antibody a. The antigen sequence consists of n’ amino acids, represented as
¢ = [c1,...,cn7] € C, and its corresponding structure is denoted as G,, which can be obtained by
X-ray crystallography or computational tools like AlphaFold [14]].

Controllable antibody generation refers to the task of sampling antibody sequences b from a PLM,
represented as a conditional distribution ppry(a | ¢). In some settings, the antibody sequence a
is partially known, and the goal shifts to optimizing specific regions. This leads to conditional
generation of CDRs b via pprm(b | a,¢) or ppry(b | a—b, ¢), where a — b denotes the framework
region. We extend this formulation by introducing a ground-truth mapping function f : A x C —
Y C R, where A and C denote the spaces of antibody and antigen sequences, respectively, and f(-)
evaluates properties such as binding affinity or specificity for an antibody-antigen pair (a, c).

Our objective is to train a generative model 14 (- | ¢, G,g) that, conditioned on the antigen sequence
c and its structure G,g, can construct a virtual antibody library V, of size at most K. The goal is
to maximize the average binding score across the generated antibodies while promoting diversity.
Formally, we solve maxy, Eacy,[f(a, ¢, Gag)], s.t., card(Va) < K, where card(-) computes the
element number of the set V,.

Diffusion Models. DDPMs [10} 25} 53] are latent variable models that generate data xg € R by
reversing a Markovian diffusion process. Starting from Gaussian noise x3 ~ A(0,1), DDPMs
iteratively denoise a latent trajectory xp — - - - — Xq to recover samples from the data distribution.
Each reverse step is a transition py(x;—1 | x¢) = N (pe(x¢,t),20(x¢,t)), where g and Xy are
predicted by networks. The forward (noising) process adds Gaussian noise to data over T' steps
via q(x; | x4-1) = N(V1 = Bixi—1, 8:I), with a predefined variance schedule {3;,}7 ;. This
process produces tractable posteriors ¢(x;—1 | X¢,Xo), enabling efficient training by minimizing
a variational bound on the log-likelihood. To improve training stability, [L0] proposes simplifying
the loss using closed-form KL divergences between Gaussians, yielding a weighted mean-squared
error:
T
LrLeo(X0) = Z% B, ~g(xe|x0) [HN@(Xnt) - ﬂ(Xt,Xo)||2] ) (1

t=1

where [i(x¢,X() is the mean of the posterior g(x;—1 | X¢,Xg), and 7, is a weighting schedule.
Although no longer a true ELBO, this objective empirically improves sample quality and stabilizes
training [25].

2.2 DIFFUSION MODELS FOR ANTIBODY SEQUENCE DESIGN

Applying a continuous diffusion model to a discrete antibody sequence is challenging. Prior stud-
ies [23]] converts the multinomial distribution over 20 residue types into a uniform distribution dur-
ing the forward process. This is inevitably suboptimal because it constrains the noise to lie in
a 20-dimensional vector space. Here, we perturb the distribution of residues in a much higher-
dimensional vector space, where the noise can be more complex and unconstrained.
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Algorithm 1 DiffAntiSeq Sampling Process

1: Input: diffusion model py(-), classifier f;(-), initial noise level o, gradient scale s, antigen
sequence c and structure Gyg
xr + sample from A (0, ooT)
for ¢ from 7T to 1 do
Bi—1, 21 4 po (X¢, 1| €, Gag)
x¢—1 < sample from N (pi—1 + s21—1Vy, logp, (y | x¢), Xi—1) > Gradients
from an extra binding affinity classifier f,(-) is used as guidance
end for
a + py(xp) > Rounding function maps x( from latent space X to discrete token space A
8: Return a

A

To begin with, an embedding function hg(-) maps each amino acid to a vector in R?. Then
sequence embeddings are obtained as hy(a) = [hy(ar),...,hg(an)] € R™ and hy(c) =
[h(c1), -y hg(cm)] € R™E. Ttis worth noting that we propose jointly training the diffusion model
parameters 6 and the residue embeddings ¢. In preliminary experiments, we explored pretrained
residue embeddings based on ESM-2 [21]] but found that fixed embeddings were inferior to end-to-
end training. After that, a Markov transition is implemented to transfer from discrete amino acids a
to X in the forward process, as ¢, (X0 | @) = N (hg(a), ool).

In the reverse process, we add a trainable rounding step, parameterized by py (a|x¢) =
[T, po (ai | xi), where pg (a; | x;) is a Softmax distribution. The training loss is therefore:

L(a) = Ex, 1 ~q, (xorra) [LELBO (X0) + [[hp(a) — po(x1,1 | ¢, Gog) || — logpa(a | x0)],  (2)

where Lg1Bo (Xo) is from Equ.|1| As the learned embeddings h4(-) define a mapping from discrete
residue types a to continuous latent space X, the inverse process requires a similar operation to
round a predicted X back to a discrete antibody sequence. In particular, [20] demonstrate that to
directly predict the mean of pg(x;—1 | x¢) by pg(x¢,t | ¢,Gae) for each denoising step ¢ needs
careful tuning, and empirical results show that the model often fails to generate x( that commits to
a sequence with high probability pg. Alternatively, we re-parameterize Lg,po to force our model
to explicitly emphasize x( in every term of the loss objective, and it takes the following form:

T
E?ELBO (XO) = Z’ytExth(xt\Xo) ||/1"9 (Xt7t | ¢, gag) - XOH2 ) (3)
t=1

where [1g (X¢,t | ¢, Gag) forecasts xo immediately. This forces the network to quickly converge to
the token embeddings x¢ [20].

2.3 TARGET-SPECIFIC GENERATION WITH DESIRED PROPERTIES

The construction of an antibody library must satisfy several essential requirements. For instance,
generated antibodies should exhibit improved binding affinity or specificity toward a target antigen,
while simultaneously maintaining sufficient sequence diversity for downstream screening. Thus, we
formulate antibody design as a controllable generation problem within the diffusion framework.

Predictor-based guidance. We introduce a plug-and-play guidance mechanism that incorporates
antigen-specific functional information into the reverse diffusion process. Specifically, we first train
a PLM predictor f, : A x C — ), which estimates a biological property y (e.g., binding affinity
or specificity) for an antibody—antigen pair (a,c). Because diffusion operates in the continuous
latent space, we extend this predictor to latent variables by evaluating it on the representation x;.
We interpret f. as parameterizing a conditional likelihood p,(y | x;). Concretely, we adopt an
energy-based interpretation in which logp,(y | x;) o fr(Xt,c), so that higher predicted affinity
corresponds to higher log-likelihood under the guidance model.

Posterior-guided diffusion. Our goal is to guide the reverse diffusion trajectory x — X toward
sequences with desirable biological properties. From a probabilistic perspective, this corresponds to

approximately sampling from the posterior p(xo.1 | y) = szl p(x¢—1 | X¢,y). Thus, controllable
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generation can be viewed as modifying each reverse diffusion step to incorporate information about
y. Using Bayes’ rule, each controlled transition can be written as p(x;—1 | X¢,y) X p(Xt—1 |
x¢) pr(y | X¢—1,%¢). To simplify this expression, we make a conditional independence assumption:
the biological property y depends only on the underlying antibody representation at step ¢ — 1 and
is conditionally independent of the previous noisy state x;. Formally, we assume y 1 x; | x¢—1,
which yields p, (y | x¢—1,%¢) = - (y | X¢—1).

Under this assumption, the gradient of the controlled reverse transition becomes Vy, , log p(x;—1 |
Xt,Y) = Vx,_,logp(xi—1 | x¢) + Vx,_, logp,(y | x¢—1). The first term corresponds to the
standard diffusion score, parameterized by the denoising network ¢ (+) together with the embedding
function h4(-). The second term is the guidance signal derived from the biological property predictor
f-() through the likelihood p,(y | x;—1). In practice, at each reverse diffusion step, we perform
a single gradient update in the latent space along the direction Vy, , logp,(y | x¢—1), thereby
steering the denoising trajectory toward antibody sequences with improved predicted properties.

When the target antigen is fixed and unique, we simplify notation by omitting the antigen argument
and directly predicting y from the antibody representation, i.e., f; : A — ). In this case, antigen
information is implicitly encoded during training. The sampling procedure is depicted in Alg.

Evolutionary regularization. While strong guidance can improve predicted affinity, excessive
steering may distort the underlying sequence distribution and lead to biologically implausible anti-
bodies. To mitigate this issue, we introduce an additional evolutionary regularization term that bal-
ances fidelity to the pretrained diffusion model and property optimization. Specifically, we consider
the combined objective A log p(x:—1 | x¢)+1og p,(y | x¢—1), where A > 0 is a hyperparameter con-
trolling the trade-off between maintaining evolutionary plausibility (modeled by the unconditional
diffusion transition) and optimizing the desired biological property.

Unlike standard classifier-guided diffusion methods, which typically rely solely on the property gra-
dient, our formulation explicitly preserves the contribution of the generative prior. Empirically, we
find that retaining the Alog p(x:—1 | x¢) term is crucial for generating structurally and biologically
reasonable antibody sequences [20]. Overall, the resulting controllable generation procedure can
be interpreted as a stochastic decoding process that balances sampling from the learned antibody
distribution with targeted optimization toward improved binding properties.

2.4 REPROGRAMMING PROTEIN LANGUAGE MODELS

PLMs encode rich evolutionary and structural priors, making them effective backbones for structure-
conditioned sequence generation. Recent work, including LM-Design [54]], InstructPLM [28]], KW-
Design [9]], and VEN-IF-ESM [24]], demonstrates huge gains in structure-aware sequence modeling,
with improvements of 10.8% (recovery 50.22% — 55.65%), 73.9% (perplexity 10.28 — 2.68),
14.4% (recovery 54.74% — 62.67%), and 17.6% (recovery 51.66% — 60.77%), respectively, on
the CATH 4.2 benchmark.

In DiffAntiSeq, we repurpose PLMs as the sequence decoder fug(x¢, ¢ | ¢, Gag), conditioned jointly
on the diffusion state and antigen structure. To adapt PLMs efficiently while preserving their pre-
trained capacity, we employ parameter-efficient fine-tuning (PEFT). Specifically, we combine struc-
tural adapters [54]] with LoRA [11] using a low-rank configuration (r = 4, o = 8). Antigen
structural context G,, is encoded using a GVP-GNN [13]. Although the optimal PEFT strategy for
PLMs remains an open question [[30], we empirically find that this hybrid adapter-plus-LoRA design
consistently outperforms either approach in isolation for structure-conditioned antibody generation.

3 EXPERIMENTS

3.1 EXPERIMENTAL SETUPS

Data and Split. We use AlphaSeq [7] as the database, which contains quantitative binding scores
of scFv-format antibodies against a SARS-CoV-2 target peptide collected via an AlphaSeq assay [8]].
It begins with three seed sequences identified in a phage display campaign using a human naive
library. Sets of 29,900 antibodies were designed in silico by creating all k¥ = 1 mutations and ran-
dom k = 2 and £ = 3 mutations throughout CDRs. Diversity was introduced in the heavy-chain
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Table 1: Performance of different PLMs in predicting the measured binding affinity in AlphaSeq.
Results shown as mean =+ std over 3 runs.

Model | Fine-tune | MAE | RMSE | R* 4 Spearman{  Pearson 1
Transformer | - | 1..031£0.043 1.205+0.051 0.170£0.015 0.375+£0.018 0.412 %+ 0.021
General PLMs
ProtTrans X 0.648£0.028 0.803£0.034 0.382£0.019 0.546 £0.022 0.612 = 0.024
ESM-1 X 0.540£0.023 0.68240.029 0.581£0.018 0.701+0.015 0.767 =0.013
ESM-2 X 0.499 £0.021 0.622+0.025 0.594+£0.016 0.720£0.012 0.774 £ 0.011
MSA-1b X 0.508 £0.022 0.632£0.027 0.562£0.020 0.712+0.014 0.753 £0.013
MINT X 0.437£0.019 0.5434£0.023 0.627£0.014 0.758 £0.011  0.803 = 0.009
Antibody PLMs
AbLang X 0.456 £0.020 0.562+0.024 0.638£0.013 0.749 £0.012  0.797 £ 0.010
AntiBERTa X 0.421£0.018 0.530 £0.022 0.662=£0.012 0.768 £0.010  0.805 = 0.009
EATLM X 0.395£0.017 0.4974£0.020 0.708£0.011 0.818 +0.008 0.850 & 0.007
EATLM | v/ | 0.182£0.008 0.235£0.010 0.951£0.004 0.939+0.005 0.975+0.003

Table 2: The affinity statistics of different designed antibody datasets in Kd (the lower the better),
including the original AlphaSeq and other DL-generated libraries.

Method | mean std min 25% 50% 75% max

AlphaSeq 3.6810 1.2385 -1.4271 3.0367 3.8399 4.5104 7.3483
dyMEAN [15] | 4.0691 0.9336 1.9605 3.4207 4.0640 4.7341 6.5002
DiffAb [23] 3.9879 1.0258 1.5485 3.3315 39742 4.6649 6.5322
ProGen2 [26] 0.8658 1.0297 -2.6447 0.1149 0.6385 1.4354 6.0774
BioTransfer [18] | 0.6655 1.0103 -2.6903 -0.0696 0.4282 1.2141 5.5576

DPLM [35] 0.6201 1.0215 -2.7542 -0.0124 0.3855 1.1687 5.7315
DPLM-2 [36] 0.5743 1.0189 -2.8108 -0.1285 0.3264 1.0952 5.6221
DiffAntiSeq 0.4650 1.0300 -2.9571 -0.2706 0.2409 1.0274 5.5098

CDRs for seed sequence one, in the light-chain CDRs for seed sequence two, and independently
in the heavy- and light-chain CDRs of seed sequence three, yielding four sets. Of the 119,600 de-
signs, 104,972 were successfully incorporated into the AlphaSeq library and subsequently measured,
yielding 71,384 designs with predicted affinity values for at least one of the triplicate measurements.
The data include antibodies with predicted affinity measurements ranging from -1.43 to 7.35. We
use Kd in AlphaSeq as the metric for binding affinity. Lower Kd values indicate stronger binding.

Baselines. Antibody library design is an emerging field, and we select several strong baselines
for comparison. To be specific, BioTransfer [19] is the first DL-driven algorithm for antibody li-
brary design. It collected training data by randomly mutating the candidate scFv antibody across the
entire CDR and by quantifying high-throughput binding. Then, it performs supervised fine-tuning
of pretrained PLMs to predict binding affinities with uncertainty assessment. In silicon, scFv an-
tibody design is conducted via Bayesian optimization over an ML-extrapolated fitness landscape,
yielding 248,921 new scFvs. DiffAb [23] is among the earliest diffusion-based probabilistic models
for protein structures that target specific antigen structures. Here, we discard the structure-recovery
component and retain only the sequence diffusion module for our antibody library design, yield-
ing 25k antibodies. Moreover, as SARS-CoV-2 is identified and its structural information is widely
accessible, we include another algorithm, dyMEAN [15]], for comparison. It is an end-to-end, full-
atom model for E(3)-equivariant antibody design, given the epitope and an incomplete antibody
sequence, and does not require complex structures. We feed the epitope information into dyyMEAN
and randomly select 100 antibody sequences, with the CDRs masked, as the model input. Pro-
Gen2 [20] is a decoder-only PLM trained on datasets collectively totaling 1B protein sequences
from genomic, metagenomic, and immune repertoire databases. A ProteinGen2-small with 151M
parameters is used. Two diffusion PLM, DPLM [35]] and DPLM-2 [36], are also included.

3.2 RESULTS AND ANALYSIS

Binding Affinity Prediction. We evaluate the accuracy of PLMs for predicting antibody-antigen
binding affinity on AlphaSeq [7], as these predictors serve a dual role: (i) validating the quality
of the generated antibody libraries, and (ii) acting as gradient-based classifiers to guide the diffu-
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Figure 3: Measured affinity distributions of antibodies in different datasets. A DiffAntiSeq-
optimized antibody library outperforms other ML-directed evolution approaches.

sion process. We benchmark both general-purpose PLMs, including ProtTrans [6]], ESM-1, ESM-2,
MSA-1b [29], and MINT [33]], as well as antibody-specialized models such as AbLang [27], An-
tiBERTa [16], and EATLM [34]]. All models are evaluated under linear-probing and fully fine-tuned
settings, with results summarized in Tab. m

Across all metrics, antibody-specific PLMs consistently outperform general-purpose counterparts,
highlighting the importance of immunoglobulin-aware pretraining. Among the models evaluated,
EATLM achieves the lowest RMSE (0.4966) and the highest rank and linear correlations. When
fully fine-tuned, EATLM further reduces RMSE to 0.2352 and improves Spearman’s and Pearson’s
correlations to 0.93 and 0.97, respectively. These establish EATLM as a highly reliable affinity
estimator and justify its use as the guidance predictor.

Antibody Library Design. We next compare DiffAntiSeq with diverse antibody design methods
by analyzing the distribution of binding affinities across generated libraries. Tab. 2]reports the mean,
standard deviation, and percentile statistics of predicted dissociation constant (/;), where lower
values indicate stronger binding. Baselines include BioTransfer [18], ProGen2 [26], DiffAb [23]],
dyMEAN [15], and diffusion-based PLMs such as DPLM and DPLM-2 [35.[36].

DiffAntiSeq achieves the lowest mean K, (0.4650) among all evaluated methods, outperforming
BioTransfer, ProGen2, DPLM, and DPLM-2 by a clear margin. In addition, DiffAntiSeq produces
a heavier left tail in the affinity distribution, as reflected by more favorable minimum and lower-
quartile values. These results indicate that DiffAntiSeq not only improves average binding strength
but also increases the frequency of highly potent antibody candidates.

Interestingly, DiffAb [23] yields worse affinity statistics than the original AlphaSeq library. This
suggests that unconditional or weakly conditioned diffusion models are insufficient for target-
specific antibody optimization. In contrast, DiffAntiSeq explicitly incorporates target-conditioned
guidance in a continuous latent space, enabling more effective exploration of functionally relevant
sequence regions. Overall, these findings demonstrate the advantage of controllable diffusion over
both autoregressive PLMs and structure-only diffusion baselines for antibody library design.

Structure-Based Affinity Evaluation. To validate the functional quality of designed antibodies
beyond sequence-level predictors, we perform structure-based affinity estimation on the top-10 can-
didates from each library. Specifically, we predict antibody structures using ESMFold [21], con-
struct antibody-antigen complexes with HADDOCK [4], and estimate binding free energies using
Rosetta [3]]. DiffAntiSeq-designed antibodies achieve an average AAG of —31.5 kcal/mol, sub-
stantially outperforming AlphaSeq (—25.4 kcal/mol) and BioTransfer [18]] (—24.7 kcal/mol). Visual
inspection of binding interfaces reveals improved hydrophobic packing and more favorable electro-
static interactions in DiffAntiSeq-generated complexes. These results provide orthogonal structural
evidence that DiffAntiSeq produces antibodies with stronger and more stable antigen binding.

Summary. Results show that DiffAntiSeq consistently outperforms existing antibody design
methods across predictor-based, distributional, and structure-based evaluations. By combining con-
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tinuous latent diffusion with target-specific gradient guidance, DiffAntiSeq effectively balances op-
timization and exploration, yielding antibody libraries with superior affinity and practical diversity.

3.3 ADDITIONAL RESULTS

Library Diversity. Beyond binding affin- Table 3: Quantitative evaluation of sequence diver-
ity, we conduct a comprehensive evaluation sities among different library design algorithms.

of the sequence diversity of the designed an- Method | Average Aff. Normalized ED
tibody libraries. We quantify diversity us-

ing the edit distance (Levenshtein distance), AlphaSeq 3.682 0.545

. . . dyMEAN [15] 4.060 0.223
which measures the minimum number of DiffAb 23] 3984 0287
single-residue edits (insertions, deletions, or ProGen? [26] 0861 0.649
substitutions) required to transform one se- BioTransfer [[19] 0.661 0.452
quence into another. Lower pairwise similar- DPLM [38] 0.812 0.571
ity corresponds to higher library diversity. DPLM-2 [36] 0.855 0.583
Because designed antibodies may exhibit DiffAntiSeq | 0.463 0.496

varying CDR lengths, we adopt the normal-

ized edit distance, which accounts for length differences and enables fair comparison across li-

braries. Specifically, the normalized edit distance is defined as Normalized Edit Distance =
Edit Di . . . . qs . .

rmax(Cengh Of'tsecisltfl‘jgigth oFSeq ) yielding values in the range [0, 1], where 0 indicates identical se-

quences and 1 indicates maximally dissimilar sequences.

Tab. Breveals clear trade-offs between sequence diversity and binding affinity across antibody design
methods. ProGen2 achieves the highest diversity (normalized edit distance = 0.64), exceeding even
the original AlphaSeq dataset (0.54), which can be attributed to its large-scale pretraining on diverse
protein corpora spanning genomic, metagenomic, and immune repertoire data. However, this high
diversity comes at the expense of reduced binding affinity (mean Ky = 0.86).

In contrast, structure-driven methods such as DiffAb and dyMEAN exhibit substantially lower di-
versity (0.28 and 0.22, respectively) but achieve higher binding affinities (3.98 and 4.06), reflecting
their emphasis on structural optimization over broad sequence exploration. DiffAntiSeq strikes a
favorable balance between these extremes, maintaining moderate diversity (0.49) while achieving
the strongest binding affinity among all methods (mean K; = 0.46). This balance highlights Dif-
fAntiSeq’s ability to generate antibody libraries that are both functionally optimized and sufficiently
diverse for downstream discovery.

Ablation Studies. We examine the contribu-
tions of key components of DiffAntiSeq through
two ablation studies, each sampling 25K antibod-
ies. Fig. |4] shows that the removal of either the
continuous diffusion or the controllable mecha-
nism induces performance detriment. This is rea- o
sonable, as the control technique provides spe- 2
cific guidance to diffusion models for sampling
high-affinity scFvs. In addition, continuous dif-
fusion makes the binding affinity distributions of
generated scFvs more compact. We expect more Figure 4: Ablation results, where we remove
advanced conditional diffusion techniques to be the continuous diffusion and controllable gen-
developed for this essential design problem. eration, separately.

Binding Affinity

wio continuous wio control DiffAntiSeq
Method

4 CONCLUSION

Despite the importance of therapeutic antibodies, designing early-stage antibody therapeutics re-
mains a time and cost-intensive endeavor. In this paper, we propose a controllable denoising diffu-
sion algorithm, DiffAntiSeq, with two main innovations. Comprehensive experiments demonstrate
the ability of DiffAntiSeq to rapidly design large libraries of potently binding antibodies.



Published as a workshop paper in ReALM-GEN @ ICLR 2026

LIMITATIONS AND FUTURE WORKS

Despite the progress of DiffAntiSeq in constructing large-scale antibody libraries targeting specific
receptors, several limitations impede the extension of our mechanism to real-world applications.
First, our model was evaluated using a DL model rather than wet experiments. Those binding
affinity data may not be available for the pair of antigen and antibody where the antibody needs
to be redesigned. Secondly, we only demonstrated the efficacy of DiffAntiSeq for a single antigen
(e.g., SARS-CoV-2), which limits the model’s generalizability.
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