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Abstract
Advancements in deep generative models have en-
abled the joint modeling of antibody sequence and
structure, given the antigen-antibody complex as
context. However, existing approaches for optimiz-
ing complementarity-determining regions (CDRs)
to improve developability properties operate in the
raw data space, leading to excessively costly evalu-
ations due to the inefficient search process. To ad-
dress this, we propose LatEnt blAck-box Design
(LEAD), a sequence-structure co-design frame-
work that optimizes both sequence and structure
within their shared latent space. Optimizing shared
latent codes can not only break through the limi-
tations of existing methods, but also ensure syn-
chronization of different modality designs. Par-
ticularly, we design a black-box guidance strategy
to accommodate real-world scenarios where many
property evaluators are non-differentiable. Experi-
mental results demonstrate that our LEAD achieves
superior optimization performance for both single
and multi-property objectives. Notably, LEAD re-
duces query consumption by a half while surpass-
ing baseline methods in property optimization. The
code is available at https://github.com/EvaFlower/
LatEnt-blAck-box-Design.

1 Introduction
Antibodies are glycoproteins produced by the immune sys-
tem that specifically bind to antigens—foreign molecules that
trigger immune responses. Antigen recognition and bind-
ing arise primarily from the complementarity-determining re-
gions (CDRs) of antibodies [Janeway et al., 2001; Presta,
1992]. As such, the design of CDRs is a pivotal step in devel-
oping effective therapeutic antibodies and plays a key role in
advancing drug discovery.

The space of possible antibodies is vast and discrete, and
experimental validation is slow and costly [Larman et al.,
2012]. This drives a significant development of in silico anti-
body design approaches to help build a small, enriched library
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of candidates to identify viable options with minimal ex-
perimental measurements. Traditional computational meth-
ods sample antibody sequences/structures based on hand-
crafted and statistical energy functions [Lapidoth et al., 2015;
Adolf-Bryfogle et al., 2018; Warszawski et al., 2019], which
are inefficient and easily trapped in local optima. Recent ad-
vancements in diffusion-based deep generative models enable
the simultaneous distribution modeling of both the sequence
and structure of CDRs [Jin et al., 2022; Luo et al., 2022;
Kong et al., 2023], thereby improving design efficiency.
These models have the advantage of incorporating both anti-
gen epitopes and antibody framework structures during the
design process, which is essential to enhance binding affinity.

The clinical effectiveness of antibody-based therapeutics
relies not only on their biological performance—such as tar-
get specificity and potency—but also on their biophysical and
chemical characteristics, collectively referred to as “devel-
opability”. Critical aspects of developability, including sol-
ubility, thermal stability, aggregation tendency, and immuno-
genicity, must be carefully optimized to guarantee both man-
ufacturability and safety in clinical applications [Villegas-
Morcillo et al., 2024; Sumida et al., 2024]. While most
efforts primarily focus on enhancing antigen-binding prop-
erties, some recent works [Villegas-Morcillo et al., 2024;
Kulytė et al., 2024; Zhou et al., 2024] incorporate devel-
opability into antibody design by guiding either the sequence
or structure in the raw data space, or fine-tuning the model,
which usually requires extensive property evaluations.

In this work, we employ deep generative models that learn
a joint antibody sequence and structure distribution to de-
sign antibody CDRs de novo, optimizing not only for anti-
gen affinity but also for enhanced developability. Following
the principle that sequence determines structure, and struc-
ture determines function [Branden and Tooze, 2012], we pro-
pose a novel LatEnt blAck-box Design (LEAD) framework
(Fig. 1), which guides property optimization through the
shared latent space of sequences and structures. Specifically,
to address real-world scenarios where many property evalu-
ators are not differentiable, we design our guidance strategy
based on black-box techniques, allowing flexible and general-
purpose optimization across diverse antibody design tasks.
The contributions are summarized as follows:

• We propose LatEnt blAck-box Design (LEAD), a
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Figure 1: Overall framework. Left panel describes the whole process of our guided sampling. Right panel details the black-box guidance
incorporated in the shared latent space of sequence and structure.

method that jointly optimizes sequence and structure
within the shared latent space of a diffusion model for
antigen-specific antibody design. LEAD establishes a
general framework, and different variants of LEAD are
proposed for single and multiple property optimization.

• LEAD enables property guidance by incorporating
black-box optimization into the denoising process, with-
out any additional training of diffusion models.

• Experimental results demonstrate that LEAD achieves
superior optimization efficiency compared to existing
approaches that perform guidance in the raw antibody
space. Specifically, it requires fewer property evalu-
ations while maintaining or exceeding performance in
both single and multiple-property optimization.

2 Related Work
Antibody Design Deep learning methods have achieved
great success in antibody design. Large Language Model
(LLM)-based approaches are efficient in generating protein
sequences [Saka et al., 2021; Shuai et al., 2023], but they
struggle to design antibodies for specific antigens since pro-
tein function is usually shaped by a complex interplay be-
tween sequence and structural features. The first CDR
sequence-structure co-design model is introduced for design-
ing antibodies against SARS-CoV-2 [Jin et al., 2022], but
its reliance on an antigen-specific predictor limits its gen-
eralizability to other antigens. Recently, diffusion mod-
els have shown significant potential in both continuous and
categorical data domains and have been successfully ap-
plied to generating high-quality protein sequences or pro-
tein backbones [Watson et al., 2023; Ingraham et al., 2023;
Lisanza et al., 2024; Gruver et al., 2024]. DiffAb [Luo et al.,
2022] proposed the first diffusion model to perform joint de-
sign of sequence and structure of the antibody CDR regions
while conditioning on the antigen-antibody complex. AbDif-
fuser [Martinkus et al., 2024] improved this further by incor-
porating strong priors and being more memory efficient with
side chain generation. DiffAbXL [Ucar et al., 2024b] is an
advanced version of DiffAb, with an improved architecture.

Property Optimization Sequence-structure co-design
methods enhance the antigen-targeting performance of

antibodies. Recent studies further incorporate property
optimization to improve their developability. DIFF-
FORCE [Kulytė et al., 2024] introduces a differentiable force
field w.r.t. the 3D atom coordinates to guide the sampling
process. ABDPO [Zhou et al., 2024] fine-tunes DiffAb
via direct preference optimization to optimize energies
of generated antibodies. [Villegas-Morcillo et al., 2024]
performs guidance in the raw space of antibodies according
to developability properties during diffusion sampling. How-
ever, these methods require extensive property evaluations,
limiting their scalability and efficiency.

3 Black-box Antibody Design in the Shared
Latent Space of Diffusion Model

In this section, we first introduce the background of diffusion
model for antibody sequence and structure co-design. Then
we develop our black-box guidance strategy in the shared la-
tent space of this co-design model.

3.1 Diffusion Model for Antibody Co-design
Our work builds upon the diffusion model for antibody
sequence and structure co-design. It enables the joint
generation of Complementarity-Determining Region (CDR)
sequences and structures conditioning on the antibody
framework and its corresponding bound antigen. Specif-
ically, each amino acid is represented by its type si ∈
{ACDEFGHIKLMNPQRSTVWY}, Cα atom coordinate
xi ∈ R3, and amino acid orientation Oi ∈ SO(3), where
i = 1, 2, . . . , N and N is the total number of the amino acids
in the antibody-antigen complex.

The target CDR loop is denoted as A = {(si, xi, Oi) |i =
1, 2, . . . ,m}, given the rest of the antibody-antigen complex
R = {(sj , xj , Oj) |j ̸= i, j ∈ {1, 2, . . . , N}}. For the sake
of notation, let s = {si}mi=1,x = {xi}mi=1,O = {Oi}mi=1
denote the whole feature of each modality of the target CDR
loop, respectively. Then, we have A = (s,x,O). The anti-
body generation task can be then formulated as modeling the
conditional distribution P (A|R). DiffAb [Luo et al., 2022]
represents the first application of Denoising Diffusion Prob-
abilistic Model (DDPM) [Ho et al., 2020] to antibody gen-
eration, which consists of a forward diffusion process and a
reverse generative process.
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Forward diffusion process (t = 1, . . . , T ) The antibody
sequence-structure co-design framework initially assumes the
three modalities are conditionally independent. Namely,

q(At|A0) = q
(
st|s0

)
q
(
xt|x0

)
q
(
Ot|O0

)
, (1)

whereA0 =
(
s0 = {s0i }mi=1,x

0 = {x0
i }mi=1,O

0 = {O0
i }mi=1

)
is the noisy-free CDR loop at time step 0. Similarly,
At = (st,xt,Ot) is the noisy CDR loop at time step t.

Then, the forward diffusion process gradually introduces
noise into each modality through different distributions to-
wards the prior distributions. Namely,

q
(
sti|s0i

)
= C

(
I(sti)|ᾱtI(s0i ) + β̄t1/20

)
, (2a)

q
(
xt
i|x0

i

)
= N

(
xt
i|
√
ᾱtx0

i , β̄
tI
)
, (2b)

q
(
Ot

i |O0
i

)
= IGSO(3)

(
Ot

i |ScaleRot(
√
ᾱt, O

0
i ), β̄

t
)
, (2c)

where i = 1, 2, . . . ,m is the index for the amino acid. I(·)
is the one-hot operation that converts each amino acid type to
a 20-dimensional one-hot vector and 1 is an all-one vector.
{βt}Tt=1 is the noise schedule for the diffusion process, and
we define ᾱt =

∏t
τ=1(1 − βτ ) and β̄t = 1 − ᾱt. Here,

C(·),N (·), and IGSO(3)(·) are the categorical distribution,
Gaussian distribution on R3, and isotropic Gaussian distri-
bution on SO(3) [Leach et al., 2022] respectively. ScaleRot
scales the rotation angle with a fixed rotation axis to modify
the rotation matrix [Gallier and Xu, 2003].
Reverse generative process (t = T, T − 1, . . . , 1) The
reverse generative diffusion process learns to recover data
by iteratively denoising from the prior distributions. The
parametric models pθ

(
At−1|At,R

)
are employed to ap-

proximate the posterior distributions at each generation time
step. To model the interplay between sequences and struc-
tures, a three-output neural network for the three modali-
ties with a shared encoder and separate decoders [Luo et al.,
2022] is adopted, which takes the whole sequence-structure
context R and the noisy antibody at the previous denois-
ing step At = (st,xt,Ot) as input and predicts At−1 =(
st−1,xt−1,Ot−1

)
. Namely,

pθ
(
At−1|At,R

)
= pθ

(
st−1|At,R

)
pθ

(
xt−1|At,R

)
(3)

×pθ
(
Ot−1|At,R

)
.

In particular, the denoising process of three modalities from
time step t to time step t− 1 can be defined as follows:

pθ
(
st−1
i |At,R

)
= C

(
I(st−1

i )|f1,i
(
At,R

))
, (4a)

pθ
(
xt−1
i |At,R

)
= N

(
xt−1
i |f2,i

(
At,R

)
, βtI

)
, (4b)

pθ
(
Ot−1

i |At,R
)
= IGSO(3)

(
Ot−1

i |f3,i
(
At,R

)
, βt

)
,
(4c)

where i = 1, 2, . . . ,m is the index for the amino acid.
f1, f2, f3 are parameterized by SE(3)-equivariant neural net-
works, whose i-th entry denotes the output for the i-th amino
acid, respectively.

3.2 Function-guided Latent Optimization
With the pre-trained joint diffusion model defined in Sec-
tion 3.1, we explore how to incorporate the functional guid-
ance F(At) (without loss of generality, we assume higher

function reward is better), defined with respect to sequence
and structure, into the denoising sampling process to gener-
ate antibodies with targeted properties.

To enable more efficient functional guidance, we no longer
implement guidance in the raw data space. Instead, we con-
sider the shared latent space of sequences and structures.

First of all, we define the shared latent space of multiple
modalities. According to the definition of the three-output
denoising neural network, we reformulate it as follows:

f1
(
At,R

)
= D1

(
E
(
At,R

))
= D1(Zt), (5a)

f2
(
At,R

)
= D2

(
E
(
At,R

))
= D2(Zt), (5b)

f3
(
At,R

)
= D3

(
E
(
At,R

))
= D3(Zt), (5c)

where E(·) denotes the shared encoder while D∗(·) denotes
the modality-specific decoder. Denoting E (At,R) as Zt, we
consider the space whereZt resides as the shared latent space
of multiple modalities.

To avoid extra noise distraction, we adopt the determinis-
tic version of the reverse generative process, a.k.a. Denoising
Diffusion Implicit Models (DDIM) [Song et al., 2020]. For
simplicity of notation, let DDIM also denote a one-step re-
verse generative process consisting of a three-output denois-
ing network with a shared encoder (E ,D1,D2,D3).

Definition 1. [DDIM for deterministic sampling] Given
the noisy antibody At and the rest antigen-antibody con-
text R, the subsequent denoised antibody At−1 can
be obtained deterministically via DDIM, i.e., At−1 ∼
DDIM (D1,D2,D3,Zt, βt) where Zt = E (At,R) and βt

is the t-step noise schedule as in Eq. (4). For simplicity, we
denote At−1 = G(Zt), t = 1, 2, . . . , T .

In order to obtain high reward design, we propose opti-
mizing the shared latent code Zt to obtain the high-reward
denoising CDR loop At−1 = G(Zt) at each sampling step.
Namely,

max
Zt
F
(
G(Zt)

)
, ∀ t = T, T − 1, . . . , 1. (6)

Since the shared embedding Zt encodes both sequence and
structure, any updates toZt affect all three modalities simul-
taneously, ensuring their synchronization throughout the op-
timization process.

3.3 Reward-guided Updates
Most property evaluators and denoising sampling for the
CDRs are not differentiable, so we cannot perform white-box
functional guidance. Motivated by the black-box optimiza-
tion technique [Wierstra et al., 2014; Nesterov and Spokoiny,
2017], we propose learning the distribution of latent codesZt

to enable black-box gradient updates, thereby facilitating an
efficient optimization of Zt. Let π(Zt;Wt) denote the distri-
bution of latent code, whereWt is the distribution parameter.
We can reformulate Eq. (6) as

max
π(Zt;Wt)

J(Wt) = EZt∼π(Zt;Wt)

[
F
(
G(Zt)

)]
,

∀ t = T, T − 1, . . . , 1.
(7)

Proceedings of the Thirty-Fourth International Joint Conference on Artificial Intelligence (IJCAI-25)
Special Track on AI4Tech: AI Enabling Critical Technologies

9449



Algorithm 1 LatEnt blAck-box Design (LEAD)

1: Input: a pre-trained antibody diffusion model fea-
turing three-output denosing network with shared en-
coder (E ,D1,D2,D3), the antibody-antigen backboneR,
the dynamic step size {βt}Tt=1, the property evalua-
tor F(↑), number of evaluations per time step K, initial
guidance step Tinit <= T , the step size δ.

2: Initialize: AT =
(
sT ∼ C

(
I(sT )|1/M

)
,xT ∼

N (xT |0, I),OT ∼ IGSO(3) (I, 1)
)
.

3: for t = T, T − 1, . . . , 1 do
4: if t > Tinit then
5: At−1 ∼ DDPM (D1,D2,D3, E (At,R) , βt);
6: else
7: Zt = E (At,R);
8: for k = 1, 2, . . . ,K do
9: Zt

k = Zt + σδtk where δtk ∼ N (0, I);
10: At−1

k ∼ DDIM (D1,D2,D3,Zt
k, βt);

11: end for
12: Obtain the optimal noise δt⋆ based on Section 3.3;
13: At−1

⋆ ∼ DDIM (D1,D2,D3,Zt + σδt⋆, βt);
14: end if
15: end for
16: Output: generated CDR loop A0

⋆.

Using the log-likelihood trick, the Monte Carlo gradient esti-
mation w.r.t. Wt is estimated as:

∇WtJ(Wt) ≈ 1

K

K∑
k=1

F
(
G(Zt

k)
)
∇Wt log π(Zt

k;Wt),

(8)
where Zt

k is sampled from π(Zt;Wt). K is the number of
function queries used to refineWt.

To further simplify, we instantiate the population distribu-
tion π as an isotropic multivariate Gaussian with mean Wt

and fixed covariance σ2I, allowing us to write J(Wt) in
terms of Wt directly. Denoting Wt = Zt = E(At,R),
Eq. (7) can be reformulated as:

max
Zt

J(Zt) = Eδt∼N (0,I)

[
F
(
G(Zt + σδt)

)]
,

∀ t = T, T − 1, . . . , 1.
(9)

Based on Eq. (8) and Eq. (9), we obtain the gradient w.r.t. Zt:

∇ZtE
[
F
(
G(Zt)

)]
≈ 1

σK

K∑
k=1

δtkF
(
G(Zt + σδtk)

)
. (10)

Thus, the latent code Zt can be updated as follows:

Zt ← Zt +
1

σK

K∑
k=1

δtkF
(
G(Zt + σδtk)

)
. (11)

However, we find that Eq. (11) fails to achieve an effective
optimization in the case of sequence derived properties (see
empirical study). We hypothesize that it may result from the
discrete nature of sequence space. Inspired from the fact that
Eq. (11) actually updates Zt with a reward-weighted noise,
we propose sampling an optimal noise based on probability

derived from function rewards to be compatible with the dis-
crete nature of data. Specifically, the K reward values can be
converted into probabilities via the softmax function:

P t
k =

exp (F (G(Zt + σδtk)))∑K
j=1 exp

(
F
(
G(Zt + σδtj)

)) . (12)

The optimized noise index is sampled from this distribution:

γt ∼ Categorical(P t
1 , P

t
2 , . . . , P

t
K), (13)

which is a one-hot vector. The optimized noise can be derived
by δt⋆ =

∑K
j=1 γ

t
jδ

t
j . The latent code is updated by:

Zt ← Zt + σδt⋆. (14)

It is intuitive to derive a hard selection version of the above
strategy by defining:

δt⋆ = argmax
δtk

{F
(
G(Zt + σδtk)

)
}Kk=1. (15)

We refer to this strategy as the hard selection version of
LEAD, termed LEAD-H, and to Eq. (13) as the soft selec-
tion version of LEAD, termed LEAD-S.

Additionally, we find that combining LEAD-H/LEAD-S
with the weighted version of LEAD (termed LEAD-W) yields
better results, respectively. We hypothesize that LEAD-W
can explore a larger search space, thereby enhancing the ad-
vantages of LEAD-H/LEAD-S. The combining strategy is as
the following. With a slight abuse of annotation, we re-denote
the optimal noise obtained by LEAD-H or LEAD-S as ζt1.
Defining ζt2 = 1

σK

∑K
k=1 δ

t
kF (G(Zt + σδtk)), we further de-

fine the optimal noise as:

δt⋆ = argmax
ζt
i

{F
(
G(Zt + σζti )

)
}2i=1. (16)

We perform LEAD guidance from the later stage of reverse
diffusion process, namely, from Tinit (≤ T ) steps. Before
the guidance (t > Tinit), the denoising process replicates the
original one, namely

At−1 ∼ DDPM
(
D1,D2,D3, E

(
At,R

)
, βt

)
. (17)

The whole algorithm is summarized in Algorithm 1.

4 Experiment
We follow [Villegas-Morcillo et al., 2024] to consider two
developability properties, i.e., hydropathy score and folding
energy for antibody design.
• Hydropathy score (abbr. Hydro). It averages the hydropa-

thy values over the generated CDR sequences and serves
as a proxy for solubility and aggregation [Kyte and Doolit-
tle, 1982]. Negative scores indicate hydrophilicity while
positive scores indicate hydrophobicity, and small score is
preferred.

• Folding energy difference (abbr. ∆∆G). It denotes the
structural stability of generated antibodies relative to the
reference. Following [Villegas-Morcillo et al., 2024], we
predict ∆∆G (abbr. Pred ∆∆G) using an existing predic-
tor released by [Shan et al., 2022], which takes as input the
amino acid sequence and Cα atom coordinates. A lower
value suggests improved structural stability.
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Guidance Model AAR (%) RMSD (Å) Hydro Pred ∆∆G AAR (%) RMSD (Å) Hydro Pred ∆∆G
CDR H1 CDR L1

Unconditional DiffAb 65.8 0.88 -0.23 -0.04 56.4 1.22 -0.54 -0.57

Pred ∆∆G
GuideRaw 65.1 1.14 -0.31 -0.38 56.5 1.34 -0.65 -1.28

LEAD 38.7 0.89 -0.88* -0.67 31.1 1.25 -0.72 -3.11*

Hydro
GuideRaw 24.0 0.91 -2.93 -0.07 37.4 1.45 -2.78 -1.14

LEAD 16.1 0.92 -3.22* -0.05 24.4 1.28 -3.04* -1.45

(∆∆G+ Hydro)
GuideRaw 58.4 1.05 -0.78 -0.56 55.2 1.24 -0.99 -1.32

LEAD 27.0 0.86 -2.31* -0.66 30.7 1.26 -1.79* -2.83*
CDR H2 CDR L2

Unconditional DiffAb 49.0 0.77 -1.18 0.45 58.2 1.06 -0.46 -0.02

Pred ∆∆G
GuideRaw 47.6 1.59 -1.31 0.02 55.6 1.76 -0.65 -0.36

LEAD 21.5 0.70 -1.33 -1.34* 26.1 1.34 -0.66 -1.52*

Hydro
GuideRaw 6.10 0.76 -4.07 -0.24 22.9 1.05 -3.77 -0.46

LEAD 3.68 0.74 -4.17* -0.39 11.2 1.34 -4.01* -0.57

(∆∆G+ Hydro)
GuideRaw 37.6 1.24 -2.17 -0.05 52.2 1.30 -1.83 -0.41

LEAD 16.4 0.73 -3.02* -0.95* 18.9 1.18 -2.68* -1.45*
CDR H3 CDR L3

Unconditional DiffAb 26.3 3.35 -0.73 0.14 46.5 1.07 -1.31 -2.19

Pred ∆∆G
GuideRaw 25.8 3.41 -1.03 -1.99 44.5 1.16 -1.39* -2.94

LEAD 21.1 3.38 -1.15 -2.16 20.1 1.18 -1.12 -3.52*

Hydro
GuideRaw 11.7 3.39 -3.87 -1.06 32.2 1.10 -3.63 -2.04

LEAD 8.88 3.37 -3.96* -0.94 21.4 1.20 -3.87* -2.22

(∆∆G+ Hydro)
GuideRaw 26.0 3.63 -1.62 -2.20 45.3 1.16 -1.93 -2.84

LEAD 20.8 3.39 -2.26* -2.35 26.5 1.20 -2.28* -3.25*

Table 1: Average AAR, RMSD, Hydro, and Pred ∆∆G on 19 test complexes, evaluated for each CDR. (∆∆G + Hydro) refers to a two-
objective optimization with equal weight. The best results w.r.t different types of guidance are highlighted in bold. “*” denotes the difference
is considered to be statistically significant with a significance level α = 0.05. Results of GuideRaw are copied from the original paper, and
its property guidance is incorporated from the first denoising step, i.e., Tinit = 100. In contrast, our LEAD adopts Tinit = 50, using fewer
evaluation queries.

CDR-H3: TRGRGLYDYVWGSKDY

Pred : 0
Hydropathy: -1.21

(a) Reference

Pred : -0.93
Hydropathy: -0.56

CDR-H3: DYNDGYDYWYYYPFDY

Pred : -5.96
Hydropathy: -1.66

CDR-H3: DQYLNYRDYYDYYPDY

Pred : -6.18
Hydropathy: -2.03

(b) DiffAb (d) LEAD(c) GuideRaw

CDR-H3: RPRGPYVGFYSYLFDY

Figure 2: Visualization of sequence-structure designs generated by various methods for optimizing Pred ∆∆G. The presented test complex
is 7chf A B R. The antigen epitope is displayed in red color. The other colored one is the designed CDR-H3.

Dataset We utilize the test set described in [Luo et al.,
2022], which consists of 19 antibody-antigen complexes de-
rived from the SabDab database [Dunbar et al., 2014]. The
test set includes protein antigens from various pathogens,
such as influenza and SARS-CoV-2.

Hyperparameters Unless otherwise specified, the latent
noise scale σ is adaptively set to βt (as in Eq. (3)) and the
number of evaluation per time step K is set to 20, the initial
guidance step Tinit is set to 50. It is more effective to add
guidance at a later stage of the denoising process as samples
from the earlier steps can be too noisy to evaluate accurately.

Baselines We employ the widely adopted antibody
sequence-structure co-design diffusion model framework,

DiffAb [Luo et al., 2022] as the pretrained model. We
consider the relevant work, property optimization under the
framework of sequence-structure co-design as baselines1.
[Villegas-Morcillo et al., 2024] performs guidance similar to
our hard/soft selection strategy, but on the raw data space.
We name it as GuideRaw-H and GuideRaw-S for hard and
soft selection version, respectively. Except where mentioned,
the experimental setup follows the setting of the original

1Other baselines DIFFFORCE [Kulytė et al., 2024] and AB-
DPO [Zhou et al., 2024] do not release their codes. Nevertheless,
DIFFFORCE requires a differential force field model, which is inap-
plicable to the black-box setting of this work. ABDPO needs to fine-
tunes DIFFAB, requiring a large amount of property evaluations.
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Figure 3: Trade-off in multi-property optimization. Each point represents the average Hydro and Pred ∆∆G on 19 test complexes, evaluated
for each CDR. Different weights are used to combine the two objectives, i.e., w ∗∆∆G+ (1− w) ∗ Hydro, with w = 0, 0.25, 0.5, 0.75, 1.

work. That is, the initial guidance step Tinit is set to 100 and
the number of evaluation per time step K is set to 20.
Evaluation In addition to the properties mentioned above,
we evaluate these designs using the following metrics: (i)
Amino Acid Recovery (AAR), which measures the sequence
identity between the reference and generated CDR sequences;
(ii) Root Mean Square Deviation (RMSD), which computes
the Cα atom distance between the reference and generated
CDR structures. AAR and RMSD are reported for reference
purposes and are not bolded in Table results. For a detailed
explanation, please refer to point (4) in Section 4.1.

4.1 Single Property Optimization
For all methods, we generate 100 designs per CDR (six CDRs
in total) for each of the 19 test antigen-antibody complexes.
The guidance method is to optimize the hydropathy score and
the predicted ∆∆G, respectively. Here, both GuideRaw and
our LEAD adopt the hard selection version for a fair compar-
ison. Other guidance strategies are studied in Section 4.4.

We report the evaluation results in Table 1. (1) The re-
sults show that our LEAD outperforms GuideRaw in terms
of both target properties, which is attributed to our optimiza-
tion over the shared latent code ensuring the synchronization
of different modalities. (2) LEAD conducts guidance in only
50 steps, compared to the 100 steps required by GuideRaw.
This demonstrates that our method achieves better perfor-
mance while requiring fewer black-box function evaluations.
(3) DiffAb performs unconditional generation and exhibits
strong AAR and RMSD scores. This indicates that the an-
tibody generated by this sequence-structure co-design model
can recover CDR structures similar to the given reference.
However, the target properties of the antibodies produced by
DiffAb fall below expectations. (4) Property optimization of-
ten leads to a degradation of AAR and RMSD, as it requires

adjusting the generated CDRs to meet property requirements.
Specifically, the hydropathy score is determined by the se-
quences only. As a result, we observe that antibodies opti-
mized by all property guidance methods exhibit significant
AAR degradation but improved hydropathy scores. Notably,
the RMSD scores remain relatively low across all genera-
tions, indicating that the generated CDR structures are still
similar to the references.

Fig. 2 visualizes the generated antibodies. It shows that
all methods can generate valid sequences and structures.
GuideRaw and our LEAD obtain better hydropathy score and
predicted ∆∆G than natural antibodies.

4.2 Multi-property Optimization

Optimizing multiple properties presents challenges because
each property can have different value scales and units. To
address this, we normalize property values to ensure they con-
tribute comparably during optimization. We adopt a weighted
sum with adjustable weights to balance trade-offs according
to design priorities. Here, we optimize both the hydropathy
score and ∆∆G with w ∗ ∆∆G + (1 − w) ∗ Hydro. The
weight w is set as 0, 0.25, 0.5, 0.75, 1, respectively. For a fair
comparison, we set up the same number of function queries
for our LEAD and GuideRaw in this setting. That is, both
methods set Tinit = 50 and K = 20. Still, we generate 100
generated designs per CDR for each of the 19 test antigen-
antibody complexes.

The results are summarized in Fig. 3. The hydropathy and
energy properties exhibit a trade-off, where improving one of-
ten comes at the expense of the other. Our LEAD effectively
navigates this balance, achieving superior solutions compared
to the baseline approaches.
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Figure 4: Query-efficient comparison on the test complex 5xku C B A (design H-CDR1) between GuideRaw and our LEAD w.r.t. two
selection strategies. For a fair comparison, property guidance is incorporated for all methods after 50 time steps respectively.

Guidance Pred ∆∆G Hydro
Metric AAR (%) RMSD (Å) Hydro Pred ∆∆G AAR (%) RMSD (Å) Hydro Pred ∆∆G

DiffAb 58.4 ± 13.9 1.28 ± 0.20 -0.43 ± 0.39 -0.75 ± 0.87 58.4 ± 13.9 1.28 ± 0.20 -0.43 ± 0.39 -0.75 ± 0.87
GuideRaw-H 66.1 ± 11.2 1.62 ± 0.40 -0.57 ± 0.34 -1.01 ± 0.93 15.2 ± 12.3 1.37 ± 0.29 -3.25 ± 0.28 -0.99 ± 0.79
GuideRaw-S 66.8 ± 12.2 1.53 ± 0.33 -0.50 ± 0.35 -0.81 ± 0.97 68.4 ± 10.8 1.39 ± 0.29 -0.59 ± 0.31 -0.11 ± 0.91

LEAD-H 13.3 ± 5.12 1.35 ± 0.24 -1.10 ± 0.56 -2.66 ± 0.69 4.78 ± 5.84 1.33 ± 0.24 -3.75 ± 0.25 -1.73 ± 0.76
LEAD-S 12.2 ± 2.29 1.35 ± 0.23 -0.83 ± 0.56 -2.65 ± 0.71 10.4 ± 9.05 1.33 ± 0.27 -3.22 ± 0.33 -1.65 ± 0.84
LEAD-W 37.0 ± 17.4 1.67 ± 0.21 -0.28 ± 0.62 -2.64 ± 0.93 35.1 ± 17.2 1.47 ± 0.26 -0.77 ± 0.44 -1.21 ± 0.93

LEAD-(W+H) 14.1 ± 7.70 1.43 ± 0.23 -0.97 ± 0.55 -2.89 ± 0.81 3.80 ± 3.72 1.30 ± 0.26 -3.78 ± 0.23 -1.78 ± 0.70
LEAD-(W+S) 14.4 ± 8.48 1.45 ± 0.24 -0.83 ± 0.65 -2.90 ± 0.80 7.34 ± 6.48 1.29 ± 0.21 -3.38 ± 0.34 -1.88 ± 0.68

Table 2: Average AAR, RMSD, Hydro, and Pred ∆∆G on the test complex 5xku C B A (design H-CDR1). For a fair comparison, property
guidance is incorporated for all methods after 50 time steps respectively.

4.3 Query Efficiency
By guiding optimization in the shared latent space, our LEAD
captures property semantics effectively and preserves the cor-
respondence between sequence and structure, leading to more
efficient guidance. We conduct experiments with different
numbers of queries, 20, 21, 22, 23, 24, 25 per guided denois-
ing step. In this experiment, all methods generate 100 de-
signs for H-CDR1 from one of the test complexes and per-
form property-guided denoising after 50 denoising steps.

The results in Fig. 4 demonstrate the efficiency of our
method. To be specific, with an increased number of black-
box evaluations, the optimization process explores a wider
range of possibilities, leading to a more thorough refinement
of the target property. It is interesting to see that our LEAD
achieves a much larger performance gain in optimizing the
predicted ∆∆G than in optimizing the hydropathy score. The
predicted ∆∆G is relevant to both sequences and structures,
while the hydropathy score is only determined by sequences.
This particularly demonstrates our method’s superiority on
those sequence-structure derived properties.

4.4 Guidance Strategies
Here, we explore the efficacy of different guidance strate-
gies demonstrated in Section 3.3, namely, LEAD-H, LEAD-
S, LEAD-W, LEAD-(W+H), LEAD-(W+S).

(1) Our LEAD with different guidance strategies achieves
better results in terms of optimizing predicted ∆∆G. This
property is relevant to both antibody sequence and structure.

The guidance over the shared latent space indeed enhances its
optimization. (2) In terms of the hydropathy score, LEAD-W
does not achieve efficient optimization, resulting in a score
similar to that of unconditional generation. This is because
the hydropathy score is a sequence derived property, and its
gradient space is not continuous. As a result, the weighted
strategy fails to perform an effective search. Instead, the dis-
crete search strategies, LEAD-H and LEAD-S, are effective
in this case. (3) The weighted strategy (Eq. (16)) can slightly
boost the discrete search strategies, as demonstrated by the
results of LEAD-(W+H) and LEAD-(W+S).

5 Conclusion
In this work, we introduce LEAD, a black-box guidance
framework that operates in a shared latent space of sequence
and structure, enabling efficient property optimization for an-
tibody CDRs without model retraining. LEAD is generally
effective at maintaining sequence-structure synchronization;
however, its performance is limited by the capacity of DiffAb,
which may fail to preserve meaningful alignment between
sequence and structure. More advanced co-design frame-
works [Yang et al., 2025; Uçar et al., 2024a] may offer im-
proved capabilities in this regard. Future work will also incor-
porate wet-lab experiments to validate computational designs
and provide feedback to further guide optimization. Beyond
antibody design, LEAD is broadly applicable to other AI-
driven co-design tasks involving coupled sequence-structure
modalities, e.g., protein, RNA, and small-molecule design.
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