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Abstract

Antibodies defend our health by binding to antigens with
high specificity, primarily relying on the Complementarity-
Determining Region (CDR). Yet, current experimental meth-
ods of discovering new antibody CDRs are heavily time-
consuming. Computational design could alleviate this bur-
den, with protein language models demonstrating remarkable
utility in many recent studies. However, most existing mod-
els solely focus on antibody developability and struggle to
encapsulate the diverse range of plausible CDR candidates,
limiting their effectiveness in real-world scenarios as binding
is only one factor in the multitude of drug-forming criteria. In
this paper, we introduce PG-AbD, a framework uniting Gen-
erative Flow Networks (GFlowNets) and pretrained Protein
Language Models (PLMs) to successfully generate highly
potent, diverse and novel antibody candidates. We innova-
tively construct a Products of Experts (PoE) composed by the
global-distribution-modeling PLM and the local-distribution-
modeling Potts Model to serve as the reward function of
GFlowNet. The joint training paradigm is introduced, where
PoE is trained by contrastive divergence with the negative
samples generated by GFlowNet, and then guides GFlowNet
to sample diverse antibody candidates. We evaluate PG-
AbD on extensive antibody design benchmarks. It signifi-
cantly outperforms existing methods in diversity (13.5% on
RabDab, 31.1% on SabDab) while maintaining optimal de-
velopability and novelty. Generated antibodies are also found
to form stable and regular 3D structures with their corre-
sponding antigens, demonstrating the great potential of PG-
ADbD to accelerate real-world antibody discovery.

1 Introduction

Antibodies, also known as immunoglobulins, are specialized
proteins produced by the immune system to safeguard and
combat a variety of diseases by specifically binding to anti-
gens (Zhu et al. 2022). As shown in Figure 1, an antibody
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Figure 1: Overview of antibody Y-shape structure.

is a Y-shaped molecule composed of two identical heavy
chains and two identical light chains linked by disulfide
bonds. On each chain, the Complementarity-Determining
Region (CDR), also known as the hypervariable region, pri-
marily determines the antibody’s affinity and specificity for
its target. Given the crucial role of CDRs in antigen bind-
ing, computational antibody design primarily focuses on de-
signing these regions. However, this presents a significant
challenge due to the enormous combinatorial search space of
over O(20%°) possible CDRs and the limited solution space
satisfying the desired constraints of binding affinity, stabil-
ity, and synthesizability (Raybould et al. 2019).

Current antibody discovery procedures still heavily rely
on a laborious combination of high-throughput screening
and experimental heuristics. The impressive progress of
deep learning methods has recently enabled computational
predictions (Jin et al. 2021; Fu and Sun 2022) that could
potentially improve wet-lab antibody discovery. Despite the
versatility and claimed high prediction accuracy (often de-
fined as “reconstructing the ground truth in training or test
datasets”) of contemporary deep learning models, there re-
mains room for improvement. Rather than solely focusing



on prediction accuracy, we advocate considering three cru-
cial factors simultaneously when evaluating generated an-
tibody candidates: (1) developability: This is a key factor
for efficient and economical antibody discovery. Evaluating
a candidate’s ability to be developed into a real, functional
antibody reduces wasted resources in downstream experi-
mental validation. (2) diversity: Diversity is essential in real-
world design due to the variety of biological targets, bind-
ing modes, and structures. Moreover, in antibody design, se-
quence similarity does not always guarantee similar binding
behavior. During ideation, the goal is to produce antibody
candidates as diverse as possible, facilitating multi-attribute
evaluation to identify antibodies with distinct functionali-
ties. Therefore, generating diverse CDR candidates is a sig-
nificant and challenging aspect for computational antibody
design. (3) novelry: Ideally, antibody discovery aims to iden-
tify not only effective binders but also those with novel anti-
gen recognition mechanisms. This is crucial for developing
vaccines against new or resistant pathogens. While achiev-
ing “out-of-distribution generation” is challenging, mod-
els should strive to create novel antibody candidates with
unique binding modes outside the training data set.

To better incorporate the aforementioned factors in a gen-
erative model, exploring new techniques is worthwhile. Pro-
tein Language Models (PLMs) have been significantly suc-
cessful, achieving state-of-the-art performance in various
protein-related tasks, including structure prediction (Rives
et al. 2021; Lin et al. 2023), evolution-aware predic-
tion (Wang, Ye, and Zhou 2023), and protein function pre-
diction (Xu et al. 2023). However, in this paper, we ar-
gue that prevailing approaches, directly applying pretrained
PLMs for antibody design, are not at the their best in
generating diverse and novel antibody CDRs because low-
temperature sampling obstructs the ability to capture the ex-
tensive variety of plausible solutions. This observation leads
to an important yet challenging research question: “Can we
leverage powerful pretrained PLMs to generate diverse and
novel CDR candidates for antibody discovery?”

In this paper, we propose the PG-AbD framework, which
unifies Protein language model and Generative flow net-
work for computational Antibody Design. We leverage the
Generative Flow Networks (GFlowNets) to fully unleash
the potential of pretrained PLMs, adapting them for anti-
body CDR design while simultaneously ensuring the devel-
opability, novelty, and diversity. The pretrained PLM evalu-
ates antibody sequences sampled by GFlowNet and guides
its subsequent exploration. Alternatively, GFlowNet thor-
oughly explores the target antibody distribution space, effi-
ciently generating a diverse set of antibody CDR sequences
with high rationality as indicated by their reward scores.

Our PG-ADbD framework avoids training data dependency
thanks to GFlowNet’s exploration capabilities. This allows
it to tackle both novel antibody design and antibody opti-
mization. For novel design: GFlowNet can independently
explore and identify rational design trajectories for antibod-
ies, even without additional training data. This opens the
door for using PLMs to design completely new antibod-
ies with desired functions, even when limited antibody data
is available for LLM pretraining and fine-tuning. Addition-
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ally, to manage the vast search space (over O(20°°) possi-
ble CDRs), the template CDR with the desired function is
incorporated into the policy network using the FiLM (Vin-
cent et al. 2018) feature fusion module. For antibody opti-
mization: When sufficient training sequences are available,
GFlowNet leverages both exploration and exploitation. We
combine a fixed PLM with a trainable Potts Model (Hopf
et al. 2017; Russ et al. 2020) to construct a Products of
Experts (PoE) (Hinton 1999, 2002) reward function for
GFlowNet. This PoE integrates global constraints from gen-
eral protein domains with local constraints specific to anti-
body domains. GFlowNet and PoE are trained jointly, with
PoE exploiting contrastive divergence and negative samples
provided by GFlowNet through an MCMC transition pro-
posal. Meanwhile, GFlowNet employs trajectory balancing,
utilizing training data trajectories and exploring optimized
antibody trajectories proportional to the PoE probability.
In summary, our main contributions are as follows:

e We introduce PG-AbD framework, effectively leveraging
the synergy of GFlowNet and PLM to construct a diverse
antibody designer.

PG-ADbD is training-data-free. GFlowNet can operate in
a self-exploring mode guided by the pretrained PLM,
even without training data. Alternatively, GFlowNet can
explore and exploit based on existing data trajectories,
enabling joint training with a Products of Experts con-
structed from the pretrained PLM and a Potts Model.

PG-AbD demonstrates promising performance on multi-
ple antibody design benchmarks. PG-AbD achieves op-
timal developability and novelty while significantly im-
proving the diversity of generated candidates (13.5% on
RabDab and 31.1% on SabDab), offering a valuable tool
for future real-world antibody discovery endeavors.

We execute the complex structural binding simulation of
generated antibodies and corresponding antigens, obtain-
ing regular and stable antigen-antibody 3D structures.

2 Related Work
2.1 Antibody design

The design of antibodies primarily focuses on generating
CDRs, which are the most important regions determining
the binding affinity. Traditional computational methods (Li,
Pantazes, and Maranas 2014; Adolf-Bryfogle et al. 2018)
iteratively optimize the energy of antibodies to achieve the
most stable states. Deep generative models (Shin et al. 2021;
Fu and Sun 2022; Luo et al. 2022) have also been adopted
as the antibody designer. And multiple GNN-based meth-
ods are proposed to co-design antibody sequences and struc-
tures (Jin et al. 2021; Jin, Barzilay, and Jaakkola 2022;
Kong, Huang, and Liu 2023). Pioneering works (Melnyk
et al. 2023; Gao et al. 2023) have explored to employ pow-
erful LLMs for antibody design, but fail to simultaneously
balance the developability, novelty, and diversity.

2.2 GFlowNets (Generative Flow Networks)

Initially inspired by the reinforcement learning, (Ben-
gio et al. 2021) lays out the theoretical foundations of
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Figure 2: (a) Traditional approaches using pretrained PLM for antibody design. (b) Our PG-AbD framework that performs
self-exploring towards pretrained PLM. Given pretrained PLM as the reward function, GFlowNet independently explores the
rational design trajectories of antibody sequences. The FiLM module on the bottom exploits the template sequence to guide the
internal exploration direction of GFlowNet. (Best viewed in color.)

GFlowNets, and trains the policy network with a fixed re-
ward function. Additionally, intrinsic rewards could be in-
troduced to help exploration in sparse reward tasks, where
the policy network is jointly trained with the reward func-
tion (Ren et al. 2022; Zhang et al. 2022). And the exten-
sions of GFlowNets for variational EM (Hu et al. 2023),
multi-objective optimization (Jain et al. 2023; Zhu et al.
2024), continuous spaces (Lahlou et al. 2023) and stochastic
spaces (Pan et al. 2023b) have also been studied. GFlowNet
is very appealing to many applications, owing to its de-
sign philosophy to generate a greater diversity of solutions.
(Pan et al. 2023a) shows the efficacy of GFlowNets in
molecule generation. (Jain et al. 2022; Ghari et al. 2023)
exploit GFlowNets within an active learning loop to design
biological sequences. GFlowNets have also been applied
to robust combinatorial optimization (Zhang et al. 2023).
But until now, there has been no work effectively applying
GFlowNets for antibody CDR design.

2.3 Protein Language Models

Protein Language Models (PLMs) pretrained on large-scale
protein sequence corpus acquire powerful representations
based on evolutionary information. PLMs have shown great
promise in numerous protein downstream tasks, including
function classification (Elnaggar et al. 2022; Yin et al. 2024),
mutation effects prediction (Meier et al. 2021), structure pre-
diction (Lin et al. 2023), and designing diverse and novel
protein sequences (Nijkamp et al. 2023; Olsen, Moal, and
Deane 2022; Melnyk et al. 2023). But directly exploiting
pretrained PLMs for antibody CDR design often fails to cap-
ture the extensive variety of plausible sequences, limiting the
generation diversity and novelty of feasible solutions.
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3 Methodology
3.1 Preliminaries

We denote an antibody sequence as s =< $1, S3, ..., S, >,
where s; represents the ¢th residue in an antibody sequence
s of length n. Compared to Monte-Carlo Markov chains
(MCMC), GFlowNet amortizes the expensive computa-
tional cost in a single but trained generative pass. GFlowNet
models the generation process of antibody sequences by
discrete actions, incrementally modifying a partially con-
structed object. The compositional objects are sampled se-
quentially, with each step involving the addition of a build-
ing block a € A (action space) to the current partially con-
structed object x € X (state space). A complete trajectory
T (xo = #1 — ... = Tp_1 — x,) is accomplished
by a sequence of state transitions dictated by a series of ac-
tions. z,, is the terminal state, corresponding to a sample
from the target space S of antibody sequences. The gen-
erative process of GFlowNet can be defined as a directed
acyclic graph (DAG) G = (X,.A), with nodes and edges
formed by partially constructed objects and action-decided
states transitions, respectively. Note that, during the gener-
ative process of GFlowNet, multiple trajectories may lead
to the same terminal state which provides GFlowNet de-
tailed global probability modeling over the objective space.
The forward policy Pr(z'|x) is the collection of distribu-
tions over the children of states while the backward policy
Pp(x|z') is the collection of distributions over the parents
of states. Given a non-negative reward function to score ter-
minal state R(z,) : S — R, the policy of GFlowNet is
trained to sample objects with the probability proportional to
reward (7(s) o« R(s)). GFlowNet learns stochastic policies
to sequentially generate compositional objects in proportion
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domain are modeled by the pretrained PLM and a Potts Model, respectively. (Best viewed in color.)

to the given reward function and is well-suited to generate a
diverse set of high-reward objects.

3.2 Overview

In this paper, we propose PG-AbD, which utilizes the syn-
ergy of GFlowNet and PLM for antibody design. Our frame-
work is training-data-free. On the one hand, GFlowNet can
operate in a self-exploring mode under the guidance of
pretrained PLM, without training data. On the other hand,
GFlowNet can execute both exploration and exploitation
based on the training data trajectories, enabling the joint
training with the PoE, constructed from the pretrained PLM
and a Potts Model. Such unique property makes PG-AbD
suitable not only for novel antibody design with limited
training data, but also for antibody optimization when suffi-
cient training sequences are available.

3.3 GFlowNet self-exploring towards PLM

GFlowNets generate antibody sequences s € S with proba-
bility which is in proportion to a positive probability reward
function 7(s) o< R(s). The reward function of GFlowNet
can be parameterized and its parameters need to be learned
by maximum likelihood, which requires GFlowNet to sam-
ple from objective distribution. Moreover, the reward func-
tion can also take the form of a pretrained model acting as
an external oracle to score samples derived by GFlowNet. In
this paper, we leverage the pretrained auto-regressive pro-
tein language model ProGen2 (Nijkamp et al. 2023) as the
reward function of GFlowNet, reflecting naturalness of the
designed antibody sequences. As shown in Figure 2, the
pretrained PLM with all-parameter fixed evaluates the nat-
uralness of antibody sequences sampled by GFlowNet and

guides GFlowNet to freely explore the rational generative
trajectory of antibody sequences. Unlike typical neural net-
works, GFlowNet’s training does not rely on external (real)
data, it can take advantage of internally generated (pseudo)
data, which means GFlowNet can automatically explore
within the objective distribution without training data. Addi-
tionally, the FILM module exploits the template sequence to
guide the internal exploration direction of GFlowNet. Based
on the feedback of constructed reward function, GFlowNet
keeps on seeking and sampling rational antibody sequences.
Ultimately, GFlowNet generates a diverse set of samples
with high evaluated reward scores.

3.4 Joint training of PoE and GFlowNet

As described in Section 3.3, GFlowNet can independently
explore the rational design trajectory of antibody sequences
given a fixed PLM as reward function. However, the PLM
pretrained on general protein data is not powerful enough
to model antibody specific constraints. For comprehensively
modeling constraints in both general protein domain and
specific antibody domain, constructing a new reward func-
tion is worthwhile. Here, we further design a holistic re-
ward function by exploiting a Products of Experts (PoE)
constructed from the pretrained PLM and a Potts Model.

Potts Model The Potts Model, also known as Direct Cou-
pling Analysis (DCA), has found numerous applications in
protein biology, as a statistical model for the evolution-
ary process of protein sequences (Russ et al. 2020; Hopf
et al. 2017; Trinquier et al. 2021). The Potts Model mod-
els pairwise constraints describing co-dependencies in com-
binations of amino acids for each pair of sites, and site-
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specific constraints reflecting bias toward or away from spe-
cific amino acids at each position (Hopf et al. 2017).

exp(D_; hi(si) + 225 Jij(si, 85))
= 7 , (D

where h; and J;; represent site-wise bias terms and coupling
terms, respectively. Z normalizes the distribution. Here, we
exploit the Potts Model to explicitly model the antibody se-
quences probability distribution considering both the residue
conservation and co-evolution.

Products of Experts The Products of Experts (PoE) com-
bines multiple probabilistic models of the same data by
multiplying their probability distributions together and then
renormalizing (Hinton 1999, 2002). PoE acts as an effec-
tive and efficient probability function, where each individ-
ual expert model focuses on modeling distributions in a spe-
cific low-dimension space. Given global constraints learned
by pretrained PLM in the general protein domain, we addi-
tionally introduce the Potts Model to model the local con-
straints in the specific antibody domain. As illustrated in
Figure 3, we construct the PoE by multiplying the proba-
bilities of global-distribution-modeling PLM and the local-
distribution-modeling Potts Model together and then renor-
malizing. Serving as the reward function, PoE holistically
models the probability distribution over antibody databases.
Note that only samples simultaneously satisfying constraints
in two distributional spaces (i.e., global PLM and local Potts
Model) will be assigned high probability.

Interleaved updating of PoE and GFlowNet Given the
constructed PoE for comprehensive probabilistic modeling,
now we can model the generative process under the guidance
of PoE. Instead of the vanilla thoughts to sequentially train
PoE and GFlowNet, we innovatively propose to jointly up-
date constructed PoE and the policy network of GFlowNet
motivated by (Zhang et al. 2022). With PoE acting as the
intermediate reward function, GFlowNet is trained to con-
vert the flow consistency equations, ensuring m(s) o« R(s).
Updated GFlowNet also serves as a MCMC transition ker-
nel to sample negative samples for PoE updating. Specifi-
cally, GFlowNet utilizes training data trajectories and per-
forms back-and-forth transition proposal (Zhang et al. 2022;
Kim et al. 2024). As illustrated in Figure 3, given the tra-
jectories of antibody sequences in training database, we
sample a K-step back trajectory with the backward policy
X; ~ PB(Xi‘XiJrl):

@

Then we sample a forward trajectory with the forward policy
to achieve a new terminal state, referring to as the negative
sample of the antibody sequence x| ~ Pp(x], |x]):

T = (S =Xp ——*>Xp_1 ——>...-——> XD—K)~

3

Similar to traditional MCMC methods, the Metropolis-
Hastings (MH) rejection rule is applied to decide whether
to accept the negative sample generated by GFlowNet.

e=Es(s") Pgp(7'|s")Pr(T)
6_84’(5) PB(T‘S)PF(T/)

=&y g ... > xp_ > xp=5¢),

“

As (s —s') £ min |1,
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where e~ refers to the constructed PoE for energy proba-
bilistic modeling. We train PoE using the contrastive diver-
gence, exploiting the positive-negative sample pairs gener-
ated by GFlowNet.

IE:SNP(S) [V¢S¢ (S) - ES/NqK(S’\S)V¢€¢(SI)} @)

Trained with this approximate MLE gradient, PoE be-
comes the comprehensive probability function, modeling
both global constraints in the general protein domain and lo-
cal constraints in the specific antibody domain. While PoE
is gradually trained towards the likelihood of generating an-
tibodies database, GFlowNet explores the generated trajec-
tories of optimized antibody sequences under the guidance
of updated PoE.

4 Experiments

We conduct three important yet challenging tasks to compre-
hensively evaluate the antibody generative capacity of PG-
AbD framework: (1) Novel antibody Design with desired
antigen binding modes (Section 4.1). (2) Antibody optimiza-
tion by redesigning CDRs (Section 4.2). (3) Generated anti-
bodies and antigens structural binding (Section 4.3).

CDR-H3
w/o additional
raining data Method ‘ RMSD, TM?T ‘ AARtT PPL|, DIVt
| RabD | | 2853  8.72
LSTM - 21.97 8.07 -
X AR-GNN 3.60 19.74  8.00  20.06
refine-GNN 3499 654 27.87
ProtBert 2.83 80.1 726 1325
X AbLang-H 2.65 79.7 | 53.58 830 17.09
AbLang-L 2.74 79.2 | 50.13 8,70  28.50
ProtBert 2.78 78.6 | 3329 5.11 [ 5529
AbLang-H 3.43 784 | 623 13.96 -
AbLang-L 3.77 78.1 | 4.64 1052 -
ESM-2 2.72 79.5 | 3037 7.03 54.25
X | reprogBERT | 3.34 79.9 | 349 5.08 5526
| PG-AbD (w/o FILM) | 2.63 80.1 | 35.17 [NSO6NINIGSN

| PG-AbD (w/ FILM)

Table 1: Performance on RabDab. For pretrained PLMs, we
simultaneously report the fine-tuned and zero-shot results.

Implement details. Our model is trained upon PyTorch
framework using 4 NVIDIA GeForce RTX 4090 GPUs.
For the deployment of model architecture, we exploit pre-
trained ProGen2-base (Nijkamp et al. 2023) with 764 mil-
lion parameters for reward function, and a 4-layer trans-
former for policy network. We use learning rates of 1 x 10~4
and 5 x 102 to train PoE (i.e., reward function) and pol-
icy network of GFlowNet respectively, with both being up-
dated via the Adam optimizer. The code is available at
https://github.com/KDurant-123/PG-AbD.

Baselines. We adopt LSTM from (Saka et al. 2021; Ak-
bar et al. 2022), the energy-based model CEM (Fu and Sun
2022), and the diffusion probabilistic model AntibodyD-
iff (Luo et al. 2022). GNN-based antibody co-design meth-
ods, including AR-GNN, refine-GNN (Jin et al. 2021),
are employed as baselines. Additionally, on the antigen-
specific antibody design task, we include the physics-based



CDR-H1

Method | AARt PPL| NOV{ DIV
LSTM' - 6.1 - -

AR-GNN' - 6.0 - -

refine-GNN 61.2 3.5 23.1 473
CEM' 39.8 6.1 - 5.3
AntibodyDiff" | 41.2 6.9 - 23.5
ProtBert 64.7 3.5 18.0 4.6
AbLang-H 47.7 - - 42.8
ESM-21 50.1 42 29.9 37.7
reprogBERT 56.0 33 - 29.1
PG-AbD | 663 2.9 31.8 475

CDR-H2

Method | AARt PPL| NOV{ DIV}
LSTM' - 6.5 - -

AR-GNNT - 6.1 - -

refine-GNN 48.9 34 286 387
CEM' 31.2 5.2 - 174
AntibodyDiff! | 19.2 5.9 - 26.0
ProtBert 59.5 3.6 14.7 5.5
AbLang-H 46.7 - - 449
ESM-21 34.1 47 359 483
reprogBERT 53.0 39 - 37.9
PG-AbD | 612 3.5 370 49.1

CDR-H3

Method | AART PPL| NOV{ DIV}
LSTM' - 8.2 - -

AR-GNNf - 8.5 - -

refine-GNN 28.2 7.2 41.8 25.7
CEM' 23.7 7.9 - 26.1
AntibodyDiff! | 37.6 9.0 - 23.9
ProtBert 41.5 6.8 33.7 14.5
AbLang-H 22.0 - - 71.3
ESM-2f 324 5.9 35.9 334
reprogBERT 32.6 54 - 67.4
PG-AbD | 39.5 5.1 463 678

Table 2: Performance on SabDab benchmark. ¥

implemented models from the released codes.

.ore-

baseline called RosettaAntibodyDesign (RAbD) (Adolf-
Bryfogle et al. 2018). Moreover, we focus on comparing
with four performant PLMs (i.e., ProtBert (Elnaggar et al.
2022), ESM-2 (Lin et al. 2023), AbLang (Olsen, Moal, and
Deane 2022), and reprogBERT (Melnyk et al. 2023)).

Metrics. We adopt four metrics to thoroughly evaluate the
developability, diversity and novelty of generated antibody
sequences. we exploit perplexity (PPL) and amino acid re-
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Figure 4: Results of Alphafold-Multimer structural confi-
dence of generated antigen-antibody complexes.

covery (AAR) for developability. Novelty (NOV) demon-
strates the percent of generated antibodies with large amount
of novel amino acids (i.e., inconsistent with original amino
acids). Diversity (DIV) computes the average recovery of all
pairwise comparisons of the generated antibodies.

4.1 Antigen-specific antibody design

Setup. This experiment is a real-world design task to gen-
erate antibodies binding to specific antigens based on limited
antigen-antibody complex data. We select RabDab (Adolf-
Bryfogle et al. 2018) as the benchmark (60 antibody se-
quences for test without training data). Most of existing ap-
proaches need additional training data (usually use antibody
sequences from SabDab database (Dunbar et al. 2014)). In
contrast, we exploit GFlowNet to perform self-exploring
mode (introduced in Section 3.3) without requiring any ad-
ditional training data.

Results. As shown in Table 1, our proposed framework pro-
vides convincing results of utilizing the pretrained PLM to
generate diverse candidates for antibody discovery, simul-
taneously balancing the developability (high AAR and low
PPL) and the diversity of the generated antibodies. In de-
tail, PG-AbD obtains 62.73 DIV, which outperforms state-
of-the-art methods by a large margin of 13.5%, while main-
taining optimal 58.40 AAR and 4.26 PPL.

4.2 Antibody optimization

Setup. This experiment targets on the optimization of an-
tibody CDRs from the SabDab (Dunbar et al. 2014). We
jointly train PoE and GFlowNet (introduced in Section 3.4),
where PoE models the antibody distribution probability
over SabDab, and GFlowNet generates diverse CDR can-
didates for antibody optimization. The experimental results
on SabDab are presented in Table 2.

Results. ProtBert generates candidates with high developa-
bility (high AAR and low PPL), but lacks diversity and nov-
elty. AbLang and ESM-2 generate antibodies with high di-
versity and novelty, but seriously suffers from low devel-
opability. In contrast, our PG-AbD framework balances the
developability, diversity and novelty of the generated anti-
bodies and improves reprogBERT results by a large margin,
leading to 18.3% AAR and 31.1% DIV gains on average.
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Figure 5: The structures of designed complexes, formed by the binding of PG-AbD generated antibodies and corresponding
antigens. The detailed structures of antigen-antibody binding interfaces are visualized in the right top corner.

4.3 Structural binding of generated complex

Setup. In order to further evaluate the structural rational-
ity and functionality of generated antibodies, complex struc-
tural binding experiments are incorporated to evaluate the
binding effectiveness. Specifically, we collect a diverse com-
plex dataset selected from (Adolf-Bryfogle et al. 2018). For
each antigen-antibody complex, 100 CDR-H3 samples are
generated. We select the top 10 antibody heavy chains with
the minimum perplexity. Then Alphafold-Multimer (Evans
et al. 2021) is used to predict the 3D structure of com-
plexes comprising antigen and generated antibodies (includ-
ing light chains and selected heavy chains), and record the
average and maximum pLDDT values.

Results. As shown in Figure 4, PG-AbD generates complex
structures with extremely higher confidence compared to
traditional PLM methods, achieving 85.68 average pLDDT
and 91.59 maximum pLDDT. Additionally, our PG-AbD
framework, which is an antibody sequences based frame-
work, surprisingly achieves the same level of structural ra-
tionality compared to the co-design method refineGNN,
which simultaneously considering antibody sequence and
structure constraints during the training process. Further-
more, some successful designed complex cases against are
illustrated in Figure 5.

4.4 Ablation study

Ablation Study on PLMs Selection To select the most
suitable pretrained PLM serving as the reward function
of GFlowNet, we incorporate five widely-used PLMs (i.e.,
ESM-2, ProtBert, AbLang-H, reprogBERT, and ProGen2)
for comparison. The experimental results are presented in
Table 3, exploiting the experimental setting of Section 4.1.

Ablation Study on PoE Components We execute abla-
tion study to evaluate the necessity of multiple components
of the constructed PoE, exploiting the experimental setting
of Section 4.2. The pretrained PLM models the global con-
straints in general protein domain, and the Potts Model mod-
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els the local constraints in specific antibody domain. The
experimental results are shown in Table 4. Overall, the per-
formance will decay if any one of the components is absent.

PLMs | AART PPL] DIV}
ESM-2 (Lin et al. 2023) 5421 6.12  31.26
ProtBert (Elnaggar et al. 2022) 4423 590 4231
AbLang-H (Olsen, Moal, and Deane 2022) | 21.93 6.32 52.11
reprogBERT (Melnyk et al. 2023) 19.74 891 5442
ProGen2 (Nijkamp et al. 2023) | 58.40 426 62.73

Table 3: Ablation results of various PLMs.

Method ‘ AART PPL] NOVT DIVYT
PG-AbD \ 55.67 3.83 38.37 54.80
w/o Potts Model | 46.38  4.48 32.51 39.26
w/o PLM 3329 579 29.13 45.70

Table 4: Ablation results of multiple PoE components.

5 Conclusion

In this paper, we propose PG-AbD, demonstrating that the
synergy of GFlowNet and protein language model makes a
diverse antibody designer. We first exploit GFlowNet self-
exploring under the guidance of pretrained PLM to accom-
plish novel antibody design. Then we construct a Prod-
ucts of Experts (PoE) composed by the global-distribution-
modeling PLM and the local-distribution-modeling Potts
Model. PG-AbD jointly trains GFlowNet and the PoE, suc-
cessfully generating optimized antibodies. Extensive exper-
iments show the effectiveness of PG-AbD on multiple tasks,
significantly improving the diversity of generated antibody
candidates by a large margin, while maintaining optimal
developability and novelty. We believe that PG-AbD and
follow-up methods may potentially accelerate antibody dis-
covery projects in real-world scenarios.
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