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Abstract

Diffusion and flow matching models have recently emerged
as promising approaches for peptide binder design. Despite
their progress, these models still face two major challenges.
First, categorical sampling of discrete residue types collapses
their continuous parameters into one-hot assignments, while
continuous variables (e.g., atom positions) evolve smoothly
throughout the generation process. This mismatch disrupts
the update dynamics and results in suboptimal performance.
Second, current models assume unimodal distributions for
side-chain torsion angles, which conflicts with the inherently
multimodal nature of side-chain rotameric states and limits
prediction accuracy. To address these limitations, we intro-
duce PepBFN, the first Bayesian flow network for full-atom
peptide design that directly models parameter distributions in
fully continuous space. Specifically, PepBFNmodels discrete
residue types by learning their continuous parameter distribu-
tions, enabling joint and smooth Bayesian updates with other
continuous structural parameters. It further employs a novel
Gaussian mixture–based Bayesian flow to capture the multi-
modal side-chain rotameric states and a Matrix Fisher-based
Riemannian flow to directly model residue orientations on the
SO(3) manifold. Together, these parameter distributions are
progressively refined via Bayesian updates, yielding smooth
and coherent peptide generation. Experiments on side-chain
packing, reverse folding, and binder design tasks demonstrate
the strong potential of PepBFN in computational peptide de-
sign.

Code — https://github.com/CMACH508/PepBFN

1 Introduction
Peptides, short chains of amino acids, can be engineered
to specifically bind to protein targets. This specific bind-
ing modulates protein activity and can influence key bio-
logical processes (Craik et al. 2013; Henninot, Collins, and
Nuss 2018; Wang et al. 2022). Compared to macromolecu-
lar biologics, such as proteins and RNAs, peptides exhibit
lower immunogenicity and are less costly to produce (Gior-
dano et al. 2014; Fosgerau and Hoffmann 2015; Davda et al.
2019). Relative to small molecule drugs, peptides typically
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offer greater safety and enhanced tolerance (Di 2015; Mut-
tenthaler et al. 2021). Hence, peptides serve as an effective
bridge between small molecules and biomacromolecules.
Traditional peptide design starts by analyzing the known

crystal structures to understand their primary and secondary
structures. Subsequently, methods such as alanine scanning
(Alascan) (Lefèvre, Rémy, and Masson 1997) and the uti-
lization of small, focused libraries (Quartararo et al. 2020)
help to systematically develop the structure-activity relation-
ship (SAR) (Fosgerau and Hoffmann 2015). However, the
efficiency of these methods is significantly reduced by the
combinatorial explosion of amino acid sequences. As ex-
perimental limitations persist, there is an increasing demand
for computational approaches that enhance in silico peptide
binder design (Bryant and Elofsson 2022; Swanson et al.
2022; Cao et al. 2022; Bhat et al. 2023; Chen et al. 2024).
Recently, deep generative models, such as auto-regressive

models, diffusion models (Song et al. 2020; Song, Meng,
and Ermon 2020; Dhariwal and Nichol 2021), and flow
matching models (Lipman et al. 2022; Liu, Gong, and Liu
2022), have demonstrated their potential in peptide binder
design (Li et al. 2024b; Lin et al. 2024; Kong et al. 2024;
Wang et al. 2024). PepHAR (Li et al. 2024a), an auto-
regressive model, efficiently generates peptide residues in a
sequential manner within 3D space, guided by learned an-
chor hotspots. However, it tends to produce severe steric
clashes between the generated peptide and the target. Dif-
fusion and flow matching models, such as PepFlow (Li et al.
2024b) and PepGLAD (Kong et al. 2024), alleviate steric
clashes through non-autoregressive generation.
Despite these advances, there still remain two limitations

in existing models. Firstly, discrete residue types are sam-
pled categorically, which collapses their continuous param-
eters into one-hot assignments and discards distributional in-
formation, while continuous structural variables are sampled
smoothly. This mismatch leads to inconsistent samplings,
causing sequence fluctuations and slow convergence, as also
observed in previous studies on structure-based molecule
design (Peng et al. 2023; Song et al. 2023; Qu et al. 2024).
Secondly, existing approaches typically assume a unimodal
distribution for side-chain angles, whereas their true distri-
butions are inherently multimodal due to diverse rotameric
states. This assumption negatively impacts the accuracy of
side-chain prediction (see Sec. 5.1).
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To overcome these limitations, we introduce PepBFN, a
Riemannian–Euclidean Bayesian flow network that jointly
models sequences and structures in fully continuous param-
eter space. Bayesian Flow Networks (Graves et al. 2023)
(BFNs) iteratively refine continuous parameter distributions
via Bayesian inference, leading to smooth updates that re-
solve the mismatch problem. Moreover, unlike prior gen-
erative approaches that utilize unimodal distributions for
modeling side-chain angles, we propose a novel Gaussian
mixture-based Bayesian flow inference process. This de-
sign enables an effective representation of diverse rotameric
states throughout the generation, leading to more accurate
side-chain prediction. In addition, to model residue orienta-
tions, we introduce a new Riemannian Bayesian flow based
on the Matrix Fisher distribution (Downs 1972; Khatri and
Mardia 1977). As an exponential family distribution on the
SO(3) manifold, Matrix Fisher enables tractable Bayesian
updates, allowing residue orientations to be seamlessly inte-
grated into the Bayesian flow framework.
Our main contributions are as follows:
• We propose PepBFN, the first Bayesian Flow Network
for full-atom peptide binder design, which jointly models
four key modalities, i.e., discrete residue types, contin-
uous residue orientations, centroids, and side-chain tor-
sions, within fully continuous parameter space.

• PepBFN incorporates a novel Gaussian mixture–based
Bayesian flow for accurately capturing multimodal side-
chain conformations, and a Matrix Fisher–based Rie-
mannian flow for residue rotations, enabling tractable
Bayesian updates on the SO(3) manifold.

• PepBFN achieves state-of-the-art performance on mul-
tiple benchmarks, including de novo peptide binder de-
sign, side-chain prediction, and reverse folding tasks,
demonstrating its effectiveness as a unified framework
for computational peptide design.

2 Related Works
2.1 Bayesian Flow Networks
Bayesian Flow Networks (BFNs) (Graves et al. 2023) are
a recently proposed generative modeling framework that
integrates Bayesian inference with neural networks. BFNs
evolve parameter distributions through iterative Bayesian
updates guided by a noise scheduler, rather than perturb-
ing data directly as in diffusion models with predefined
forward processes. BFNs demonstrate competitive perfor-
mance across diverse domains, showing notable advan-
tages in discrete settings such as protein language model-
ing (Atkinson et al. 2025) and molecule design (Song et al.
2024; Qu et al. 2024).

2.2 Generative Models for Protein and Peptide
Binder Design

Generative models have recently emerged as powerful tools
for protein and peptide binder design. Models such as
PepFlow (Li et al. 2024b), SurfFlow (Wu et al. 2025) and
PPFlow (Lin et al. 2024) leverage multi-modal flow match-
ing to perform full-atom peptide generation conditioned

on target protein structures. Additionally, diffusion-based
models like PepGLAD (Kong et al. 2024) and DiffPep-
Builder (Wang et al. 2024) explore joint diffusion processes
to design peptide sequences and structures. Autoregressive
approaches such as PepHAR (Li et al. 2024a) sequentially
generate peptide residues in 3D space, guided by learned
anchor hotspots.

3 Preliminaries
3.1 Problem Formulation
Protein–peptide complexes are denoted by {P,G}, where
P and G represent the protein and peptide respectively.
Each component is described as a sequence of local residue
frames. For the i-th residue, we represent its geometry by the
position of residue centroid (i.e., Cω position) x(i) → R3 and
an orientation matrix o

(i) → SO(3), consistent with the rep-
resentation used in AlphaFold 3 (Abramson et al. 2024). The
torsional angle set ω(i)

= {ε(i)
,ω

(i)

1
, . . . ,ω

(i)

4
} includes the

backbone angle ε
(i), which determines the position of the

backbone oxygen atom, and up to four side-chain ω
(i)

1→4
an-

gles. The amino acid type is encoded as a one-hot vector
c
(i) → R20. Thus, a protein or peptide with N residues can

be expressed as {R(i)}N
i=1

, where each residue is defined by
R(i)

= {x(i)
,o

(i)
,ω

(i)
, c

(i)}.
Given a target protein pocket P , PepBFN designs new

peptides G that bind effectively to the target protein by
jointly modeling their sequences and 3D structures.

3.2 Peptide Design via BFNs
We define ω as the parameters of the input data distribution
pI(G | ω). The peptide generation process is formulated as
a Bayesian communication between a sender and a receiver.
At each time step ti, the sender generates a noisy peptide yi

by perturbing the clean peptide G with a known noise factor
ϑi, resulting in the sender distribution:

pS(yi | G;ϑi),

which resembles the idea of forward process in diffusion
models. The receiver acts as the decoder, conditioned on the
protein context P and previously inferred parameters ωi→1,
aiming to reconstruct the clean peptide Ĝ, yielding the out-
put distribution:

pO(Ĝ | ωi→1,P; ti) = !(ωi→1,P, ti).

Here, ! denotes a neural network conditioned on the protein
target P , the previous-step parameters ωi→1, and the current
time step ti. Given the known noise factor ϑi, the receiver is
able to generate the noisy peptide yi by injecting noise into
its estimate Ĝ, thereby forming the receiver distribution:

pR(yi | ωi→1,P; ti) = EĜ↑pO

[
pS(yi | Ĝ;ϑi)

]
.

During generation, the receiver applies Bayesian infer-
ence to iteratively refine the peptide parameters ω in closed
form. Specifically, the Bayesian update distribution pU is
derived from the Bayesian update function h as:

pU (ωi | ωi→1,G,P;ϑi) = Eyi↑pS

[
ϖ
(
ωi ↑ h(ωi→1,yi,ϑi)

)]
. (1)
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Figure 1: The overview of PepBFN.

Here, ϖ(·) denotes the Dirac delta distribution, and h maps
the previous parameters ωi→1 and noisy observation yi to
the updated parameters ωi.

In addition, the Bayesian flow distribution pF can be
achieved to support simulation-free training as follows:
pF (ωi | G,P; ti) = Eω1:i→1↑pU

pU (ωi | ωi→1,G,P;ϑi)

= pU (ωi | ω0,G,P;ϱ(ti)), (2)

where ϱ(ti) =
∑

i

j=1
ϑj represents the accumulated noise

scheduler based on the additive property of the noise fac-
tors (Graves et al. 2023). The model is trained by minimizing
the expected KL divergence between the sender and receiver
distributions over n time steps:

Ln(G,P) = nEi↑U(1,n), ωi→1↑pF
DKL(pS ↓ pR). (3)

We summarize the key similarities and differences among
different generative models in Table 5 in the Appendix.
Difficulties for Peptide Design under the BFN Frame-

work A key theoretical challenge in applying BFNs to pep-
tide design is the requirement for conjugate prior–posterior
distributions. However, the commonly used distributions
for side-chain angles (e.g., unimodal wrapped Gaus-
sians (Zhang et al. 2023)) and residue orientations (e.g.,
Brownian motion on SO(3) (Leach et al. 2022)) violate this
requirement, making principled training and inference dif-
ficult to implement in practice. Moreover, as we mentioned
before, unimodal Gaussian distribution can not accurately
model side-chain rotameric states. In this paper, we address
these issues by devising two new BFNs for side-chain angles
and residue orientations, respectively, and they both support
conjugate-aligned formulations tailored to peptide design.

4 Methods
4.1 The Overview of PepBFN
As shown in Fig. 1, we construct PepBFN to jointly cap-
ture four key modalities involved in peptide design. Specif-
ically, for residue orientations, we develop a Matrix Fisher-
based Riemannian BFN, allowing for direct Bayesian update

Figure 2: Distribution of peptide torus angles.

on the SO(3) manifold. For torsional angles, we propose a
novel Gaussian mixture-based BFN on the toric manifold,
enabling accurate modeling of multimodal angular distri-
butions. Residue centroids are modeled based on unimodal
Gaussian distributions, and residue types are modeled with
categorical distributions, inspired by the original BFN pa-
per (Graves et al. 2023). Together, these four components
form a unified BFN framework for peptide binder design.
During generation, the SE(3) neural network takes the

protein context P and previous parameters ωi→1 as inputs,
and predicts the denoised peptide Ĝ, which serves as param-
eters of the receiver distribution pR. Samples drawn from pR

are combined with the previous parameters ωi→1 through the
Bayesian update operator h(·), producing the posterior pa-
rameters ωi, which are then propagated to the next time step.
The entire generative process is carried out in fully contin-
uous parameter space, ensuring smooth and consistent pa-
rameter updates. To the best of our knowledge, PepBFN is
the first Bayesian Flow Network specifically designed for
the full-atom peptide design.

4.2 Gaussian Mixture-based BFN for Angles

Side-chain ω angles in proteins are often modeled using
a single wrapped Gaussian distribution to account for ro-
tational periodicity (Zhang et al. 2023). However, such
unimodal approximations fail to capture their true confor-
mational heterogeneity. Our analysis on prior distribution
(see Fig. 2) shows that ω angles cluster around three dis-
tinct rotameric states corresponding to gauche+ , trans,
and gauche→1. To accurately capture the multimodal nature
of side-chain torsion angles, we employ a novel Gaussian
mixture-based BFN, which effectively learns multiple ro-
tameric states throughout the time steps.

1Here, gauche→ and gauche+ denote staggered rotameric states
where the torsion angle ω is near 300

↑ (or equivalently →60
↑)

and 60
↑, respectively. The trans state corresponds to another low-

energy staggered conformation near 180↑, commonly observed in
rotamer libraries.
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The input distribution is given by

ωang def
=

{
µ
k
, ς

k
,φ

k
}K

k=1
,

pI(ω | ωang
)
def
=

K∑

k=1

φ
k N

(
ω | µk

, (ς
k
)
→1

)
, (4)

where φk ↔ 0,
∑

K

k=1
φ
k
= 1 are the mixture weights, and

ς
k is the known precision for k-th Gaussian. The sender dis-

tribution is defined as a single Gaussian:
pS(y

ang

i
| ω) = N (y

ang

i
| ω,P,ϑi; ti), (5)

where ϑi is a noise factor at ti time step.
Lemma 4.1 (Conjugacy of a Gaussian Mixture Prior with
a Gaussian Likelihood). Let the prior p(x) be a Gaussian
mixture distribution and the likelihood p(y | x) be a single
Gaussian distribution. By Bayes’ rule, the posterior p(x | y)
retains the Gaussian mixture form.
Proposition 4.2 (Bayesian Flow for Gaussian Mixture Dis-
tribution). Given the input distribution defined in Eq. 4 and
the sender distribution defined in Eq. 5, the Bayesian flow
distribution pF for the mean parameter µk

i
of the k-th com-

ponent at time step ti is

pF (µ
k
i | ω,P; ti) = N

(
µk
i

∣∣∣∣
ε(ti)ω+ µk

0ϑ
k
0

ϑki
,
ε(ti)

(ϑki )
2

)
, (6)

where the k-th precision of input distribution pI(·) at ti time
step is ς

k

i
= ς

k
0
+ ϱ(ti) and the precision scheduler is

ϱ(ti) =
∑

i

m=1
ϑm. The Bayesian flow distribution of the

mixture weights φk

i
at time step ti does not admit a closed-

form expression and requires numerical simulation.
Proposition 4.2 provides an analytical expression for the

mean parameters µi and a simulation-based procedure for
the weight parameters φi in the Bayesian flow distribution
pF . We next design the precision scheduler ϱ(·) to ensure
that the expected entropy of the input distribution pI(·) un-
der pF decreases linearly over time as suggested in (Graves
et al. 2023). Specifically, the expected entropy is defined as:

H(ti)
def
= EpF (ωang

i
|ε,P;ti)

[
H(pI(· | ωang

i
))
]
. (7)

Proposition 4.3 (Time-Dependent Linear Decrease of the
Expected Entropy Upper Bound). Given the expected en-
tropy H(ti) defined in Eq. 7 and the Gaussian likelihood
precision parameter ϑi = ς

1→i/n

0
· ςi/n

1

[
1↑ (

ϑ0

ϑ1
)
1/n

]
at the

time step ti, the upper bound of the expected entropy H(ti)

decreases linearly with the time step ti.
Given the Gaussian likelihood precision parameter ϑi de-

fined in Proposition 4.3, the receiver distribution can be
achieved:

pR(y
ang

i
| ωang

i→1
,P; ti) = Eε̂↑pO

[pS(y
ang

i
| ω̂;ϑi)] ,

where pO(ω̂ | ωang

i→1
,P; ti) = !

ang
(ωang

i→1
,P, ti).

Here, !ang denotes a neural network conditioned on protein
target P , parameters ωang

i→1
and time step ti. Substituting into

Eq. 3, the loss function becomes:
L
ang

n
(ω,P) = nEi↑U(1,n), ωang

i→1↑pF
DKL(pS ↓ pR)

=
n

2
Ei↑U(1,n), ωang

i→1↑pF
ϑi↓ω↑ ω̂↓2. (8)

The integration of Gaussian mixture distributions into the
BFN framework allows principled and stable modeling of
multimodal torsion angles, well-suited for Bayesian infer-
ence. Please refer to Algorithm 4 in the Appendix for infer-
ence details.

4.3 Matrix Fisher-based BFN for Orientations
We represent the orientations of N residues in a peptide
as O = {o(i)}N

i=1
↗ M(O;ωori

), where i-th residue
orientation is denoted as a rotation matrix o

(i) and ωori

is the parameter of the Matrix Fisher distribution. Specifi-
cally, we define the input distribution as pI(O | ωori

) =

M(O;ωori
) =

1

c(ωori)
exp

(
tr((ωori

)
↓
O)

)
, where c(ωori

)

is a normalizing constant and matrix ωori → R3↔3 (see
Sec. 1 in the Appendix for details).
Lemma 4.4 (Conjugacy of Matrix Fisher Distributions). Let
the prior distribution over rotation matrices O → SO(3) be
a Matrix Fisher distribution given by

p(O) ↘ exp

(
tr

(
ω↓
a
O

))
,

and the likelihood of an observation Y
ori → SO(3) be

p(Y
ori | O) ↘ exp

(
tr
(
(O!)

↓
Y

ori
))

,

where ! denotes a diagonal matrix with identical diago-
nal entries. Then, the posterior distribution is also a Matrix
Fisher distribution M(O | Yori

;ωb):

p(O | Yori
) ↘ exp

(
tr
(
(ωa +Y

ori
!)

↓
O
))

,

where
ωb = ωa +Y

ori
!. (9)

Solving the Bayesian update distribution pU (ω
ori

i
|

ωori

i→1
,G,P; ti) in closed form is non-trivial because the Ma-

trix Fisher distribution family is not closed under operations
in Bayesian update function h(·) (see Eq. 9). Here, we intro-
duce an auxiliary variable Ti, which resolves this difficulty
and yields a newMatrix Fisher distribution that is both com-
putationally tractable (see Proposition 4.5) and straightfor-
ward to sample from (see Sec. 1.3 in the Appendix).
Proposition 4.5 (Bayesian Flow for Matrix Fisher Distribu-
tion). Assume that the input distribution over residue ori-
entations in dataset follows the Matrix Fisher distribution
on SO(3), i.e., pI(O | ωori

)
def
= M(O;ωori

). At time step
ti, we define the sender distribution as pS(Yori

i
|O;!i) =

M(Y
ori

i
;O!i). We introduce an auxiliary variable Ti de-

fined as the SO(3) projection of Yori

i
!i, and the Bayesian

flow distribution on Ti is given by

pF (Ti | O,P; ti) = M(Ti;O!
2

i
). (10)

Next, we define the receiver distribution as:

pR(Y
ori

i
| ωori

i→1
,P; ti) = E

Ô↑pO

[
pS(Y

ori

i
| Ô;!i)

]
,

where pO(Ô | ωori

i→1
,P; ti) = !

ori
(T

ori

i→1
,P, ti).
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Here, !ori denotes a neural network conditioned on protein
target P , parameters Ti→1 and time step ti. Since both Ma-
trix Fisher distributions of pS and pR are isotropic around
the rotation matrix O, the loss function can be defined as:

L
ori

n
(O,P) = nEi↑U(1,n),Ti→1↑pF

DKL(pS ↓ pR)
= nEi↑U(1,n),Ti→1↑pF

↼ia(↼i)
(
3↑ tr(Ô

↓
O)

)
, (11)

where a(↼i) is a scalar depending only on ↼i. Please refer to
Sec. 1 in the Appendix for more details.
For the inference process, we generate the final

residue rotations O by sampling from the prior T0 ↗
Uniform(SO(3)) and evolving through discrete time steps
i → {0, 1, . . . , N}:

T0

!
ori

↑↑↑≃ Ô
PF↑↑≃ T1 ≃ · · · ≃ TN

!
ori

↑↑↑≃ Ofinal.

4.4 Euclidean BFN for Centroids and Categorical
BFN for Types

In this section, we briefly describe the construction of
the Bayesian flow for Gaussian centroids and discrete
residue types, mainly following the methodology of previ-
ous works (Graves et al. 2023; Qu et al. 2024).
The centroids (i.e., Cω positions) of N residues in a pep-

tide, denoted as X, can be characterized by Gaussian dis-
tribution, i.e., X = {x(i)}N

i=1
↗ pI(· | ωpos

) = N (X |
µpos

, (ς
pos

)
→1

I), where ωpos def
= {µpos

, ς
pos}.

The amino acid types in a peptide can be denoted as C =

{c(i)}D
i=1

where c(i) → {c → Z+ | 1 ⇐ c ⇐ 20}. Here, we
utilize a categorical distribution ωtype

= (ω(1)
, · · · ,ω(D)

)

with ω(d)
=

(
↽
(d)

1
, · · · , ↽(d)

K

)
→ ”

K→1, where ↽
(d)

k
is the

probability assigned to class k for d-th residue type. Then the
input distribution gives pI(C | ωtype

) =
∏

D

d=1
↽
(d)

c(d)
. Other

key components for constructing a complete Bayesian flow,
including the sender and receiver distributions, Bayesian
flow distributions and loss functions are summarized in
Sec. 3 in the Appendix.
The final centroids Xfinal and residue types Cfinal can be

sampled by initializing from simple priors. Specifically, cen-
troids are initialized with parameters ωpos

0
= 0 → R3↔3,

and residue types with ωtype

0
=

1

K
1. Both parameters fol-

low similar Bayesian update trajectories:

ωpos

0

!
pos

↑↑↑≃ X̂
PF↑↑≃ ωpos

1
≃ · · · ≃ ωpos

N

!
pos

↑↑↑≃ Xfinal,

ωtype

0

!
type

↑↑↑↑≃ Ĉ
PF↑↑≃ ωtype

1
≃ · · · ≃ ωtype

N

!
type

↑↑↑↑≃ Cfinal.

4.5 Summary of PepBFN
By integrating all multimodal Bayesian flow objectives, the
overall loss function is defined as follows:

Lall

n
= ↼1Lpos

n
+ ↼2Lori

n
+ ↼3Ltype

n
+ ↼4Lang

n
, (12)

where ↼1,↼2,↼3, and ↼4 represent the respective weights of
each component in the loss function. These four modality-
specific modules are coupled through a single SE(3)-aware
neural network to predict a denoised peptide Ĝ under the
Bayesian flow framework. We next evaluate this unified
pipeline on side-chain packing, reverse folding, and binder
co-design tasks. We provide complete training and sampling
details of PepBFN in Sec. 4 in the Appendix.

MAE (deg)⇒ Correct % ⇑
ω1 ω2 ω3 ω4

Rosetta 38.31 43.23 53.61 71.67 57.03
SCWRL4 30.06 40.40 49.71 53.79 60.54
DLPacker 22.44 35.65 58.53 61.70 60.91
AttnPacker 19.04 28.49 40.16 60.04 61.46
DiffPack 17.92 26.08 36.20 67.82 62.58
PepBFN sc 10.75 12.26 34.25 53.21 75.24

Table 1: Evaluation of methods in side-chain packing task.

5 Experiments
In this section, we conduct a comprehensive evaluation of
PepBFN across three tasks: (1) side-chain packing, (2) pep-
tide reverse folding, and (3) sequence-structure co-design.
Following previous works (Li et al. 2024b,a), we curated
moderate-length sequences from PepBDB (Wen et al. 2019)
and Q-BioLip (Wei et al. 2024). Our dataset consists of
158 complexes for testing, and 8,207 samples designated for
training and validation.

5.1 Side-chain Packing
This task aims to predict the side-chain torsion angles
of each peptide, given fixed backbone structures and se-
quences. For evaluation, each model generates 64 side-chain
conformations per peptide to recover the target angles. Our
model PepBFN sc is trained under the same fixed backbone
and sequence settings.
Metrics We evaluate performance using the mean ab-

solute error (MAE) over the four predicted torsion angles.
Given the inherent flexibility of side-chains, we additionally
report the proportion of correct predictions whose deviations
fall within 20

↗ of the ground truth.
Baselines Two traditional energy-based methods: Rosetta

Packer (Leman et al. 2020), SCWRL4 (Krivov, Shapovalov,
and Dunbrack Jr 2009), and three learning-based models:
DLPacker (Misiura et al. 2022), AttnPacker (McPartlon and
Xu 2023), DiffPack (Zhang et al. 2023).
Results As shown in Table 1, our method consistently

outperforms all baselines in the side-chain packing task. It
achieves the lowest MAE for the four torsion angles. Fur-
thermore, our method achieves the highest proportion of cor-
rectly predicted side-chains within 20

↗ of the ground truth,
which exceeds the second-best method by a substantial mar-
gin. A key insight is that our neural network directly takes
K Gaussian parameters as expressive inputs and yields accu-
rate predictions of the angles. Subsequent Bayesian updates
then leverage these predictions to refine the posterior distri-
bution while simultaneously preserving and sharpening its
multi-peak structure. This integration of an expressive Gaus-
sian mixture prior with principled Bayesian inference yields
more stable and accurate torsion angle predictions than uni-
modal alternatives.

5.2 Peptide Reverse Folding
This task designs peptide sequences from backbone-only
complex structures. Each model generates 64 sequences per
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Method AAR % ↘ Worst % ↘
Likeness Hamming
error ≃ Diversity ↘

ProteinMPNN 53.28 45.99 2.70 15.33
ESM-IF 43.51 36.18 2.67 13.76
PepFlow 53.98 43.32 0.59 26.40
PepBFN seq 62.46 47.82 0.45 13.21

Table 2: Evaluations of methods in reverse folding task.

peptide. We trained PepBFN seq with fixed backbones to
predict the sequences.
BaselinesWe use three baselines for peptide sequence de-

sign: ProteinMPNN (Dauparas et al. 2022), ESM-IF (Hsu
et al. 2022), and PepFlow (partial sampling) (Li et al.
2024b).
Metrics The amino acid recovery rate (AAR) measures

the sequence identity between the generated and the ground
truth. Worst denotes, for each protein target, the low-
est AAR among the generated peptides. Likeness error
is assessed via the mean absolute errors of negative log-
likelihood computed by ProtGPT2 (Ferruz, Schmidt, and
Höcker 2022) between peptides in test set and the generated
peptides, which captures how well the generated sequences
conform to the native peptide distribution. Hamming Di-
versity is evaluated as the mean pairwise Hamming distance
among the generated sequences.
Results As shown in Table 2, our method significantly

outperforms all baselines in terms of AAR and the worst
rate recovery across generated sequences, demonstrating its
strong capability to recover peptide sequences under fixed
backbone constraints. Moreover, our model achieves the
smallest likeness error score compared to other methods,
indicating that the generated sequences align most closely
with native peptide distributions. The model exhibits com-
paratively low sequence diversity, which is expected since
its high recovery rate restricts the exploration of sequence
space. Overall, by modeling discrete data in continuous pa-
rameter space, our approach effectively captures the under-
lying data manifold, which in turn leads to improved perfor-
mance.

5.3 Sequence-structure Co-design
This task involves generating both the sequence and the
binding gesture of a peptide given its target protein. Each
model takes the full-atom structure of the target protein as
input and outputs peptide binder structures. For evaluation,
we generate 64 peptides for each target protein.
Metrics (1)Geometry.RMSD (Root-Mean-Square De-

viation) computes the Cω distances between the generated
peptide structures and the native structures after alignment.
SSR (Secondary Structure Ratio) calculates the overlap
in secondary structures between the generated and native
peptides. BSR (Binding Site Rate) quantifies the similar-
ity in peptide-target interactions by evaluating the overlap of
the binding sites. (2) Energy. Affinity evaluates the frac-
tion of peptides that exhibit lower binding energies com-
pared to the native peptide. Stability assesses the percent-
age of generated complexes that exhibit lower total energy

Figure 3: Two examples of PepBFN-generated peptides with
improved binding affinities. Top row: native peptides; bot-
tom row: peptides generated by our method.

than native complexes, using the Rosetta energy function
(Chaudhury, Lyskov, and Gray 2010). (3) Novelty is mea-
sured as the ratio of novel peptides, defined by two crite-
ria: (a) TM-score ⇐ 0.5 (Zhang and Skolnick 2005; Xu and
Zhang 2010) and (b) sequence identity ⇐ 0.5. (4) Diver-
sity quantifies the structural and sequence variability among
generated peptides for each target, computed as pairwise
(1↑ TM-score)⇓ (1↑ sequence identity).
Baselines We evaluate PepBFN against five powerful

peptide design models. RFDiffusion (Watson et al. 2023)
leverages pre-trained weights from RoseTTAFold (Baek
et al. 2021) to generate protein backbone structures through
a denoising diffusion process. The peptide sequences are
subsequently reconstructed using ProteinMPNN (Dauparas
et al. 2022). ProteinGenerator enhances RFDiffusion by
incorporating joint sequence-structure generation (Lisanza
et al. 2023). PepFlow (Li et al. 2024b) generates full-
atom peptides using a flowmatching framework. PepGLAD
(Kong et al. 2024) utilizes equivariant latent diffusion net-
works to generate full-atom peptide structures. PepHAR
(Li et al. 2024a) generates peptide residues autoregressively,
based on a learned prior distribution for hotspot residues.
Results As shown in Table 3, PepBFN effectively gener-

ates diverse and novel peptides with strong binding affini-
ties. Specifically, PepBFN achieves the best binding affin-
ity (22.26%) and binding site rate (86.97%), indicating ef-
fective modeling of peptide–protein interactions. In addi-
tion, it also achieves the highest novelty (79.79%) and di-
versity (32.47%). These improvements can be attributed to
the smooth and expressive generative process of BFN, which
accurately models the underlying parameter manifold and
facilitates diverse yet plausible peptide generation. Inter-
estingly, RFDiffusion exhibits better stability, probably be-
cause it was trained on a large corpus of proteins with more
stable motifs (Li et al. 2024b). Compared with PepFlow and
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Experiments Geometry Energy Design

RMSD Å SSR % ⇑ BSR % ⇑ Affinity % ⇑ Stability % ⇑ Novelty % ⇑ Diversity % ⇑
RFDiffusion 4.17 63.86 26.71 16.53 26.82 53.74 25.39

ProteinGenerator 4.35 29.15 24.62 13.47 23.84 52.39 22.57
PepFlow 2.07 83.46 86.89 21.37 18.15 50.26 20.23
PepGLAD 3.83 80.24 19.34 10.47 20.39 75.07 32.10
PepHAR 2.68 84.91 86.74 20.53 16.62 79.11 29.58
PepBFN 3.58 80.40 86.97 22.26 17.56 79.79 32.47

Table 3: Evaluation of six different methods for the peptide de novo design task.

(a) (b)

Figure 4: (a) Sequence stability of peptides during genera-
tion in peptide binder design task, measured by the fraction
of sequences that no longer change. (b) Trajectories of Gaus-
sian mixture component means for side-chain torsion angles.

PepHAR, our method achieves lower binding energies de-
spite exhibiting slightly higher RMSD values. This suggests
that achieving strong binding affinity does not require mini-
mal RMSD, as moderate deviations, particularly outside the
binding interface, do not significantly disrupt critical bind-
ing interactions. As shown in Fig. 3, our method can gener-
ate peptides with different binding gestures while maintain-
ing better binding affinities.
Together, experiments across three distinct tasks highlight

the advantages of fully continuous parameterization for mul-
timodal peptide modeling and underscore the effectiveness
of the PepBFN framework.

6 Ablation Studies
6.1 Fast Convergence and High Sequence

Stability
We first investigate whether modeling continuous-discrete
data distributions in fully continuous parameter space can al-
leviate the aforementioned data-type mismatch. As shown in
Fig. 4a, PepBFN converges significantly faster and achieves
higher sequence stability than PepFlow, which directly mod-
els peptide distributions in hybrid continuous-discrete data
space. This finding confirms that a fully continuous param-
eterization helps resolve the mismatch issue and facilitates
faster, more stable generation.

6.2 Effective Gaussian Mixture-based Modeling
To further evaluate the role of Gaussian mixture distributions
in modeling side-chain torsions, we replace the mixture with

MAE (deg) ⇒ Correct % ⇑
ω1 ω2 ω3 ω4

PepBFN uni 24.50 32.44 56.22 60.35 59.54
PepBFN sc 10.75 12.26 34.25 53.21 75.24

Table 4: Unimodal Gaussian vs Gaussian mixture in side-
chain packing task.

a single Gaussian (PepBFN uni) while keeping all other
components unchanged. Both PepBFN uni and PepBFN sc
are trained with fixed backbones and sequences (without
side-chain contexts) under the Bayesian flow framework. As
shown in Table 4, replacing the Gaussian mixture distribu-
tions with a single Gaussian significantly reduces side-chain
prediction accuracy. In addition, as shown in Fig. 4b, al-
though no explicit periodicity constraint was applied, the
initialization, sampling, and Bayesian update mechanism
naturally constrain all Gaussian mixture component means
within the [0, 2φ] interval, implicitly preserving the periodic
nature of torsion angles.

7 Conclusion

We introduce PepBFN, the first Bayesian Flow Network
designed for full-atom peptide generation. Our Gaussian
mixture-based Bayesian flow framework effectively cap-
tures the multimodal nature of side-chain torsion angle dis-
tributions. Besides, by jointly modeling residue orientations,
torsional angles, centroids, and amino acid types in fully
continuous parameter space, PepBFN enables smooth pa-
rameter updates and exhibits stable peptide sequence gen-
eration. Evaluated across three peptide design benchmarks,
PepBFN consistently outperforms existing methods. While
this work establishes the potential of Bayesian flow net-
works for peptide design, there remains room for improve-
ment. For instance, incorporating backbone generation in
earlier steps and modeling sequence and side-chain genera-
tions in later steps may reduce the complexity of the task and
further enhance performance. Overall, PepBFN establishes a
principled and unified Bayesian flow framework for peptide
design, providing a foundational tool to advance peptide en-
gineering.
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