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ABSTRACT

Peptides, short chains of amino acids, interact with target proteins, making them a
unique class of protein-based therapeutics for treating human diseases. Recently,
deep generative models have shown great promise in peptide generation. How-
ever, several challenges remain in designing effective peptide binders. First, not
all residues contribute equally to peptide-target interactions. Second, the gener-
ated peptides must adopt valid geometries due to the constraints of peptide bonds.
Third, realistic tasks for peptide drug development are still lacking. To address
these challenges, we introduce PepHAR, a hot-spot-driven autoregressive gen-
erative model for designing peptides targeting specific proteins. Building on the
observation that certain hot spot residues have higher interaction potentials, we
first use an energy-based density model to fit and sample these key residues. Next,
to ensure proper peptide geometry, we autoregressively extend peptide fragments
by estimating dihedral angles between residue frames. Finally, we apply an opti-
mization process to iteratively refine fragment assembly, ensuring correct peptide
structures. By combining hot spot sampling with fragment-based extension, our
approach enables de novo peptide design tailored to a target protein and allows
the incorporation of key hot spot residues into peptide scaffolds. Extensive exper-
iments, including peptide design and peptide scaffold generation, demonstrate the
strong potential of PepHAR in computational peptide binder design. The source
code will be available at https://github.com/Ced3-han/PepHAR.

1 INTRODUCTION

Peptides, typically composed of 3 to 20 amino acid residues, are short single-chain proteins inter-
acting with target proteins. (Bodanszky, 1988). Peptides play essential roles in various biological
processes, including cellular signaling and immune responses (Petsalaki & Russell, 2008). They are
emerging as a promising class of therapeutic drugs for complex diseases such as diabetes, obesity,
hepatitis, and cancer (Kaspar & Reichert, 2013). Currently, there are approximately 80 peptide drugs
on the global market, 150 in clinical development, and 400− 600 undergoing preclinical evaluation
(Craik et al., 2013; Fosgerau & Hoffmann, 2015; Muttenthaler et al., 2021; Wang et al., 2022). Tra-
ditional peptide discovery methods rely on labor-intensive techniques like phage/yeast display for
screening mutagenesis libraries (Boder & Wittrup, 1997; Wu et al., 2016), or energy-based compu-
tational tools to score candidate peptides (Raveh et al., 2011; Lee et al., 2018; Cao et al., 2022), both
of which face limitations due to the immense combinatorial design space.

Recently, deep generative models, particularly diffusion and flow-based methods, have shown sub-
stantial promise in de novo protein design (Huang et al., 2016; Luo et al., 2022; Watson et al., 2022;
Yim et al., 2023a; Bose et al., 2023). Given the compact relationship between the structure and
sequence of peptides and their target proteins (Grathwohl & Wüthrich, 1976; Vanhee et al., 2011),
a few methods have successfully designed peptides conditioned on target information (Xie et al.,
2023; Li et al., 2024a; Lin et al., 2024). These approaches typically represent peptide residues as
rigid frames in the SE(3) manifold, angles in a torus manifold, and types in a statistical manifold
(Cheng et al., 2024; Davis et al., 2024). Encoder-decoder architectures, particularly flow-matching
methods Lipman et al. (2022), are then used to generate all residues simultaneously.
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Figure 1: Left: Hot spot residues are a small number of critical residues in the peptide-target binding
interface, while the remaining residues act as scaffolds. In peptide design, we first sample the hot
spots and then use scaffold residues to link them. Right: Each residue in the protein consists of
backbone heavy atoms and side-chain groups. Adjacent residues are connected by peptide bonds,
which establish a planar conformation around neighboring atoms. The backbone structure of adja-
cent residues can be reconstructed using dihedral angles through the operations Left and Right.

Although these methods have initially succeeded in generating peptide binders with native-like struc-
tures and high affinities, several challenges remain. First, not all peptide residues contribute equally
to binding. As shown in Figure 1, some residues establish key functional interactions with the target,
possessing high stability and affinity. These are referred to as hot spot residues and are critical in
drug discovery (Bogan & Thorn, 1998; Keskin et al., 2005; Moreira et al., 2007). Other residues,
known as scaffolds, help position the hot spots in the binding region and stabilize the peptide (Mat-
son & Stupp, 2012; Hosseinzadeh et al., 2021). Considering the different roles of these residues,
generating all of them in one step may be inefficient. Second, the generated peptides must respect
the non-rotatable constraints imposed by peptide bonds, which enforce fixed bond lengths and planar
structures (Fisher, 2001). As illustrated in Figure 1, adjacent residues must maintain specific rela-
tive positions to form proper peptide bonds. A model that represents peptide backbone structures
independently as local frames (Jumper et al., 2021) may neglect these geometric constraints. Third,
peptides are not always designed from scratch in practical drug discovery. Initial peptide candidates
are often optimized, or key hot spot residues are linked via scaffold residues (Zhang et al., 2009; Yu
et al., 2023). Thus, more realistic in-silico benchmarks are needed to simulate these scenarios.

To tackle these challenges, we propose PepHAR, a hot-spot-driven autoregressive generative model.
By distinguishing between hot spot and scaffold residues, we break down the generation process into
three stages. First, we use an energy-based density model to capture the residue distribution around
the target and apply Langevin dynamics to sample statistically favorable and feasible hot spots.
Next, instead of generating all residues simultaneously, we autoregressively extend fragments step
by step, modeling dihedral angles parameterized by a von Mises distribution to maintain peptide
bond geometry. Finally, since the generated fragments may not align perfectly, we apply a hybrid
optimization function to assemble the fragments into a complete peptide. To simulate practical
peptide drug discovery scenarios, we evaluate our method not only in de novo peptide design but
also in scaffold generation, where the model scaffolds known hot spot residues into a functional
peptide, akin to peptide design based on prior knowledge.

In summary, our key contributions are:

• We introduce PepHAR, an autoregressive generative model based on hot spot residues for
peptide binder design;

• We address current challenges in peptide design by using an energy-based model for hot
spot identification, autoregressive fragment extension for maintaining peptide geometry,
and an optimization step for fragment assembly;

• We propose a new experimental setting, scaffold generation, to mimic practical scenarios
and demonstrate the competitive performance of our method in both peptide binder design
and scaffold generation tasks.
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2 RELATED WORK

Generative Models for Protein DesignGenerative models have shown signi�cant promise in de-
signing functional proteins (Yeh et al., 2023; Dauparas et al., 2023; Zhang et al., 2023c; Wang et al.,
2021; Trippe et al., 2022; Yim et al., 2024). Some approaches focus on generating protein sequences
using protein language models (Madani et al., 2020; Verkuil et al., 2022; Nijkamp et al., 2023) or
through methods like directed evolution (Jain et al., 2022; Ren et al., 2022; Khan et al., 2022; Stan-
ton et al., 2022). Others aim to design sequences based on backbone structures (Ingraham et al.,
2019; Jing et al., 2020; Hsu et al., 2022; Li et al., 2022; Gao et al., 2022; Dauparas et al., 2022). For
protein structures, which are crucial for determining protein function, diffusion-based (Luo et al.,
2022; Watson et al., 2022; Yim et al., 2023b) and �ow-based models (Yim et al., 2023a; Bose et al.,
2023; Li et al., 2024a; Cheng et al., 2024) have been successfully applied to both unconditional
(Campbell et al., 2024) and conditional protein design (Yim et al., 2024). However, these generative
models typically treat all residues as equal, generating them simultaneously and overlooking the
distinct roles of residues, such as those involved in catalytic sites (Giessel et al., 2022) or binding
regions (Li et al., 2024a).

Computational Peptide DesignThe earliest methods for peptide design rely on protein or peptide
templates for design (Bhardwaj et al., 2016; Hosseinzadeh et al., 2021; Swanson et al., 2022). These
approaches use heuristic rules to search for similar sequences or structures in the PDB database as
seeds for peptide design. A more prevalent class of models focuses on optimizing hand-crafted or
statistical energy functions for peptide design (Cao et al., 2022; Bryant & Elofsson, 2023). While
effective, these methods are computationally expensive and tend to get stuck in local minima (Raveh
et al., 2011; Alford et al., 2017). Recently, deep generative models, such as GANs (Xie et al., 2023),
diffusion models (Xie12 et al.; Wang et al., 2024), and �ow models (Li et al., 2024a; Lin et al.,
2024), have been applied to design peptide structures and sequences, conditioned on target protein
information, offering more �exibility and ef�ciency in the design process.

3 PRELIMINARY

Protein CompositionA protein or peptide is composed of multiple amino acid residues, each char-
acterized by its type and backbone structure, which includes both position and orientation (Jumper
et al., 2021). For thei -th residue, denoted asRi = ( ci ; x i ; O i ), its typeci 2 f 1:::20g refers to the
class of its side-chain R group. The backbone positionx i 2 R3 represents the coordinates of the
central C� atom, while the backbone orientationO i 2 SO(3) is de�ned by the spatial con�guration
of the heavy backbone atoms (N-C� -C). In this way, a protein can be represented as a sequence of
N residues:[R1; : : : ; RN ].

Problem Formation The goal of this work is to generate a peptideD = [ R1; : : : ; RN ], consisting
of N residues, based on a target proteinT = [ R1; : : : ; RM ] of lengthM . We also de�ne fragments,
where thek-th fragment is denoted asF(k;i k ;l k ) = [ Ri k ; : : : ; Ri k + l k � 1], a contiguous subset of
residues. Fragments are sequentially connected within the protein, wherei k indicates the N-terminal
residue's index of the fragment in the original peptide, andlk represents the fragment's length.
Multiple fragments can be assembled into a complete protein based on their residue indices.

Directional RelationsThe sequential ordering from the N-terminal to the C-terminal residue, along
with the covalent bonds between adjacent residues, is fundamental in our approach. As illustrated in
Fig 1, residues are linked via covalent peptide bonds (CO-NH), with each residueRi connecting to
its neighboring residuesRi � 1 andRi +1 . These peptide bonds are partially double bonds, limiting
their rotational freedom and resulting in a planar con�guration for atoms between adjacent residues
(C� , C� , O, and H atoms). The backbone structure of a protein can thus be described using dihedral
angles, which de�ne the spatial relations between these planes in 3D space. Each residue has three
associated dihedrals: i , � i , and ! i . The �rst two angles determine the geometric relationship
between adjacent residues, while the third controls the position of the O atom. Given a protein's
backbone structure, we can calculate the dihedral angles for each residue. Conversely, the backbone
structure of neighboring residues can also be derived from the dihedral angles, which serve as the
building blocks in our model. Speci�cally, given the backbone positionx i and orientationO i , we
can approximate the backbone structures of neighboring residuesRi � 1 andRi +1 using coordinate
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Figure 2: Overview of our three-stage approach: In the �rst foudning stage,k hot-spot residues
are generated (k = 2 in this example) from learned residue distribution around the target. New
residues are extended to the fragments' left or right in the second stage based on dihedral angle
distributions. Finally, in the correction stage, gradients from the objective functions are applied to
re�ne the complete peptide.

transformations. Details are included in the Appendix B.

(x i � 1; O i � 1) = Left (x i ; O i ;  i � 1; � i ); (1)
(x i +1 ; O i +1 ) = Right(x i ; O i ;  i ; � i +1 ): (2)

4 METHODS

To tackle the challenges in peptide design, we propose a three-stage approach to generate peptides
D based on their target proteinT. Our method generates hot-spot residues, extends fragments, and
corrects peptide structures. As shown in Figure 2 and Algorithm 1, the �rst stage, theFounding
Stage, independently generates a small numberk of hot-spot residuesRi 1 ; :::; Ri k from the learned
residue distributionP(R j T). In the second stage, theExtension Stage, these hot-spot residues
are used as starting points to progressively extendk fragmentsF1; :::; Fk by adding new residues
to theLeft or Right in an autoregressive manner, until the total peptide reaches the desired length
L . Finally, since each fragment is extended independently, the third stage, theCorrection Stage,
adjusts the sequences and structures of the fragments, re�ning them based on the gradients of the
objective function to ensure valid geometries and meaningful peptide sequences.

4.1 FOUNDING STAGE

The founding stage �rst generatesk hot-spot residues based on the target proteinT. By introduc-
ing the residue distributionP(R j T), hot-spot residues represent those with higher probabilities
(i.e., lower energies) of appearing near the binding pocket compared to other backbone structures
and residue types. The generation of hot-spot residues focuses on �nding regions with high prob-
abilities, where residues are more likely to interact directly with the target. Conversely, regions
with low probabilities (i.e., high energies) will have fewer peptide residues. For example, peptide
residues should neither occur far from nor close to the pocket (Cao et al., 2022; Li et al., 2024a), as
such regions may have near-zero probabilities (high energies) of residue occurrence. We parame-
terizeP(R j T) using an energy-based model, which is a conditional joint distribution of backbone
positionx , orientationO, and residue typec:

P� (c;x ; O j T) =
1
Z

exp (g�;c (x ; O j T)) : (3)

hereg� is a scoring function parameterized by an equivariant network, which quanti�es the score of
residue typec occurring at a given backbone structure with positionx and orientationO In other
words,g�;c is the unnormalized probability of typec. And Z is the normalizing constant associated
with sequence and structure information, which we do not explicitly estimate.
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Algorithm 1: Peptide Sampling Outline

Data: Target proteinT, peptide lengthN , hot-spot residue countk, and indices[i 1; :::; i k ]
1 Founding Stage
2 for j  1 to k do
3 Sample a hot-spot residueRi j � P� (c;x ; O j T) based on Eq. 6, 7, and 8;
4 Initialize fragmentF( j;i j ;l j =1)  

�
Ri j

�
;

5 Extension Stage
6 while l1 + ::: + lk < N do
7 Randomly choose a fragment indexi 2 1; :::; k and directiond 2 f L; Rg;
8 Set the starting residue as either the N-terminalRi j or the C-terminalRi j + l j � 1 ;
9 Sample a new residue on the leftRi j � 1 or on the rightRi j + l j

based on Eq. 15 and 16;
10 Add the new residue to fragmentFj ;
11 Merge fragments into the peptideD  F1 + ::: + Fk
12 Correction Stage
13 for t  1; ::: do
14 Calculate the objectiveJ based on the current peptide using Eq.22;
15 Update the peptide using gradients from Eq.23 and 24;
16 return D = [ R1; :::; RN ]

Network Implementation The density modelg� is parameterized by the Invariant Point Attention
backbone network (Jumper et al., 2021; Luo et al., 2022; Yim et al., 2023b), which isSE(3) invari-
ant. It takes positive residues (peptide residues) and negative residues (perturbed residues) along
with the target protein as input, encoding them into hidden representations. A shallow Multi-Layer
Perceptron (MLP) is then used to classify residue types for likelihood evaluation.

Training We use the Noise Contrastive Estimation (NCE) to train this parameterized energy-based
model (Gutmann & Hyv̈arinen, 2010). NCE distinguishes between samples from the true data
distribution (positive points) and samples from a noise distribution (negative points). The posi-
tive distribution corresponds to the ground truth residue distribution of the peptide over the tar-
get (c;x ; O) � p(R j T), while the negative samples are drawn from the disturbed distribution
(cneg ; x � ; O � ) � p( ~R j T) by adding large spatial noises to the ground truth positions and orien-
tations, labeled as typecneg . As positive and negative data are sampled equally, the NCE objective
for a single positive data point is:

l (c;x ; O; j T) = log
expg�;c (x ; O j T)

P
c0 expg�;c 0(x ; O j T) + p(cneg ; x ; O j T)

: (4)

As a common practice (Gutmann & Hyvärinen, 2012), we �x the negative probabilityp(cneg ; x ; O j
T) as a constant, simplifying the evaluation of log-likelihoods for negative samples. The �nal loss
function is given by:

L NCE = � E+ [l (c;x ; O j T)] � E�
�
l (cneg ; x � ; O � j T)

�
: (5)

Sampling In the founding stage, we samplek hot-spot residues from the learned energy-based
distribution, wherek is kept small relative to the peptide length (e.g.,k = 1 � 3 in our experiments).
Since hot-spots are assumed to be sparsely distributed along the peptide (Bogan & Thorn, 1998), we
approximately sample them independently. For each hot-spot residue, we employ the Langevin
MCMC Sampling algorithm (Welling & Teh, 2011), starting from an initial guessed positionx 0 and
orientationO0, and iteratively update them using the following gradients:

x t +1  x t +
� 2

2

X

c0

r x g�;c 0(x t ; O t j T) + � z t
x ; z t

x � N (0; I3); (6)

O t +1  expO t (
� 2

2

X

c0

r O g�;c 0(x t ; O t j T) + � Z t
O ); Z t

O � T N O t (0; I3); (7)

ct +1 � softmaxg� (x t ; O t j T): (8)

Since orientation lies in theSO(3) space, we employ the exponential map and a Riemannian random
walk on the tangent space for updates (De Bortoli et al., 2022). The summation of all possible
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residue types ensures that we transition from regions of low occurrence probability to regions of
higher probability. Finally, after each iteration, the residue typec is sampled conditioned on the
updated position and orientation.

4.2 EXTENSION STAGE

The extension stage expands fragments into longer sequences, starting from the sampled hot-spot
residues. At each extension step, we add a new residue to either the left or right of fragmentF .
Based on the relationship between adjacent residues (Eq.1,2), the backbone structure of the new
residue is inferred from its dihedral angles and the structure of the adjacent residue, which is either
the N-terminal or C-terminal residue of the fragment. Speci�cally, when connecting a new residue
to residueRi j in thej th fragmentFj , we model the dihedral angle distributionP( ; � j d; Ri j ; E ),
whered 2 f L; Rg indicates the extension direction andE represents the surrounding residues,
including targetT and other residues in the currently generated fragments.

P( ; � j d; Ri j ; E ) =
�

P( i j � 1; � i j ); d = L;
P( i j ; � i j +1 ); d = R:

(9)

Since multiple angles are involved, the dihedral angle distribution is modeled as a product of pa-
rameterized von Mises distributions (Lennox et al., 2009), which use cosine distance instead of L2
distance to measure the difference between angles, behaving like circular normal distributions. For
example, whend = L, we have:

P( i j � 1; � i j ) = f VM ( ; �  i j � 1 ; �  i j � 1 )f VM (� i j ; � � i j
; � � i j

); (10)

f VM ( i j � 1; �  i j � 1 ; �  i j � 1 ) =
1

2�I 0(�  i j � 1 )
exp

�
�  i j � 1 � cos(�  i j � 1 �  i j � 1)

�
; (11)

f VM (� i j ; � � i j
; � � i j

) =
1

2�I 0(� � i j
)

exp
�

� � i j
� cos(� � i j

� � i j )
�

: (12)

Here,I 0(�) denotes the modi�ed Bessel function of the �rst kind of order 0. The four distribution
parameters are predicted by a neural networkh� , called the prediction network. Similarly, ford = R,
the network predicts another set of four parameters:

h� (d; Ri j ; E ) =
�

(�  i j � 1 ; �  i j � 1 ; � � i j
; � � i j

); d = L;
(�  i j

; �  i j
; � � i j +1 ; � � i j +1 ); d = R: (13)

Network Implementation The prediction networkh� uses the same IPA backbone to extract fea-
tures. However, to avoid data leakage during training, we employ directional masks in the Attention
module since the neighboring backbone structures are known and dihedral angles can be derived
analytically. For instance, if the direction isLeft , residues can only attend to their neighbors on the
right during attention updates, and vice versa forRight.

Training We optimize the network parameters using Maximum Likelihood Estimation (MLE) over
directionsd � f L ; Rg and peptides in the peptide-target complex dataset. The MLE objective is
given by:

L MLE = � E
�
logP( ; � j d; Ri j ; E )

�
: (14)

SamplingDuring the extension stage, we generatek fragments corresponding tok hot-spot residues
from the founding stage. The extension process is iterative, where fragments are autoregressively
extended until the total peptide length (the sum of fragment lengths) reaches a prede�ned value
(e.g., the length of the native peptide). Consider a one-step extension of fragmentF in direction
d. The starting residueRi j depends on the direction:d = L implies adding a residue to the left of
the fragment, makingRi j the N-terminal residue (�rst residue);d = R implies adding to the right,
makingRi j the C-terminal residue (last residue). The other residues in the fragment and target form
the environmentE . We then sample the dihedral angles for the new residue in the chosen direction
from the predicted distribution, usingh� . For example, whend = L:

 i j � 1 � f VM ( i j � 1; h� (d = L; Ri j ; E )) ; (15)

� i j � f VM (� i j ; h� (d = R; Ri j ; E )) : (16)
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Next, the backbone structure of the newly added residueRi j � 1 is reconstructed using the transfor-
mations in Eq 1. The residue type is then estimated by the density modelg� used during the founding
stage:

(x i j � 1; O i j � 1) = Left (x i j ; O i j ;  i j � 1; � i j ); (17)

ci j � 1 � softmaxg� (x i j � 1; O i j � 1 j E ): (18)

Finally, the process is repeated for another randomly selected fragment and direction.

4.3 CORRECTION STAGE

Although we autoregressively extended each fragment, the resulting fragments may not form a valid
peptide with accurate geometry. For example, some fragments may not maintain proper distances
between each other, leading to broken peptide bonds, while others may have incorrect dihedrals
or residue types in relation to the whole peptide and the target protein. Some fragments may also
exhibit atom clashes within the target protein. Inspired by traditional methods using hand-crafted
energy functions (Alford et al., 2017), we introduce a correction stage as a post-processing step
to re�ne the generated peptides. Rather than relying on empirical functions, we use the learned,
network-parameterized distributions from the �rst two stages to regularize the peptides.

For a generated peptideD = [( c1; x 1; O1); :::; (cN ; x N ; ON )], the dihedrals of each residue are
derived based on the backbone structures of adjacent residues. To ensure self-consistency between
dihedrals and backbone structures, we use them to estimate new backbone structures and compare
them with the original ones. The distance between these backbone structures re�ects the validity of
the generated peptide with respect to peptide bond properties and planarity. We de�ne the distance
between two residues' backbone structures separately for position and orientation and derive the
backbone objective considering both directions:

d((x i ; O i ); (x j ; O j )) = kx i � x j k2+ klog(O i ) � log(O j )k2; (19)

J bb = �
NX

i =2

d(Left (x i ; O i ;  i � 1; � i ) � (x i � 1; O i � 1)) �
N � 1X

i =1

d(Right(x i ; O i ;  i ; � i +1 ) � (x i +1 ; O i +1 )) :

(20)

Additionally, the dihedral angles must conform to the learned distributionP( ; � ) to ensure correct
geometric relationships between neighboring residues. This leads to the dihedral objective, which
is similar to Eq. 14. However, in Eq. 14, we optimize the network parameters to �t the angle
distribution, whereas here, we keep the learned networks �xed and update the dihedrals instead:

J ang = �
NX

i =2

logP( i � 1; � i ) �
N � 1X

i =1

logP( i ; � i +1 ): (21)

The �nal optimization objective is a weighted sum of the backbone and dihedral objectives. We
iteratively update the peptide's backbone structures by taking gradients, similar to the founding
stage, but we optimize the entire peptide at each timestep. The density modelg� predicts the residue
types at the end of each update step. Unlike the founding stage, where we started from random
structures, the correction stage begins with the complete peptide.

J corr = � bbJ bb + � ang J ang ; (22)

(x t +1
i ; O t +1

i )  update(x t
i ; O t

i ; r x i J ; r O i J ; ); (23)

ct +1 � softmax(x t ; O t j E ): (24)

5 EXPERIMENTS

Overview We evaluate PepHAR and several baseline methods on two main tasks: (1) Peptide Binder
Design and (2) Peptide Scaffold Generation. In Peptide Design, we co-generate both the structure
and sequence of peptides based on their binding pockets within the target protein. However, in real-
world drug discovery, prior knowledge—such as key interaction residues at the binding interface or
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initial peptides for optimization—is often available. Therefore, we introduce Peptide Scaffold Gen-
eration to assess how well models can scaffold and link these key residues into complete peptides,
re�ecting more practical applications. Details are included in the Appendix E.

DatasetFollowing Li et al. (2024a), we construct our training and test datasets. This moderate-
length benchmark is derived from PepBDB (Wen et al., 2019) and Q-BioLip (Wei et al., 2024), with
duplicates and low-quality entries removed. The binding pocket is de�ned as the residues in the
target protein which has heavy atoms lying in the10	Aradius of any heavy atom in the peptide. The
dataset consists of158complexes across10 clusters from mmseqs2 (Steinegger & Söding, 2017),
with an additional8; 207non-homologous examples used for training and validation.

5.1 PEPTIDE BINDER DESIGN

In Peptide Binder Design, we co-generate peptide sequences and structures conditioned on the bind-
ing pockets of their target proteins. The models are provided with both the sequence and structure
of the target protein pockets and tasked with generating bound-state peptides.

Table 1: Evaluation of methods in the peptide design task.K = 1 ; 2; 3 is the number of hot spots.

Valid % " RMSD 	A # SSR% " BSR% " Stability % " Af�nity % " Novelty% " Diversity % " Success% "

RFDiffusion 66.04 4.17 63.86 26.71 26.82 16.53 53.74 25.39 25.38
ProteinGenerator 65.88 4.35 29.15 24.62 23.84 13.47 52.39 22.57 24.43
PepFlow 40.27 2.07 83.46 86.89 18.15 21.37 50.26 20.23 27.96
PepGLAD 55.20 3.83 80.24 19.34 20.39 10.47 75.07 32.10 14.05
PepHAR (K = 1 ) 57.99 3.73 79.93 84.17 15.69 18.56 81.21 32.69 23.00
PepHAR (K = 2 ) 55.67 3.19 80.12 84.57 15.91 19.82 79.07 31.57 22.85
PepHAR (K = 3 ) 59.31 2.68 84.91 86.74 16.62 20.53 79.11 29.58 25.54

Figure 3: RMSD of generated pep-
tides, considering different tasks and
numbers of hotspots. More hotspot
residues lead to better results.

Figure 4: Two examples of generated peptides,
along with RMSD and binding energy. PepHAR
can generate native-like peptides with better bind-
ing af�nities.

Metrics A robust generative model should produce diverse, valid peptides with favorable stability
and af�nity. The following metrics are employed: (1)Valid measures whether the distance be-
tween adjacent residues is consistent with peptide bond formation, consideringC� atoms within
3:8 	A as valid (Chelvanayagam et al., 1998; Zhang et al., 2012). (2)RMSD (Root-Mean-Square
Deviation) compares the generated peptide structures to the native ones based onC� distances af-
ter alignment. (3)SSR(Secondary Structure Ratio) evaluates the proportion of shared secondary
structures between the generated and native peptides labeled by DSSP (Kabsch & Sander, 1983).
(4) BSR (Binding Site Rate) assesses the similarity of peptide-target interactions by measuring the
overlap of binding sites. (5)Stability calculates the percentage of generated complexes that are
more stable (lower total energy) than their native counterparts, based on rosetta energy functions
(Chaudhury et al., 2010; Alford et al., 2017). (6)Af�nity measures the percentage of peptides with
higher binding af�nities (lower binding energies) than the native peptide. Beyond geometric and en-
ergetic factors, the model should also exhibit strong generalizability in discovering novel peptides.
(7) Novelty is the ratio of novel peptides, de�ned by two criteria: (a) TM-score� 0:5 (Zhang &
Skolnick, 2005) and (b) sequence identity� 0:5. (8) Diversity quanti�es structural and sequence
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variability, calculated as the product of pairwise (1-TM-score) and (1-sequence identity) across all
generated peptides for a given target. (9)Successrate evaluates the proportion of AF2-predicted
complex structures with a wholeipTM value higher than0:6.

BaselinesWe compare PepHAR against three state-of-the-art peptide design models. RFDiffusion
(Watson et al., 2022) uses pre-trained weights from RoseTTAFold (Baek et al., 2021) and generates
protein backbone structures through a denoising diffusion process. Peptide sequences are then re-
covered using ProteinMPNN (Dauparas et al., 2022). ProteinGenerator augment RFDiffusion with
sequence-structure jointly generation (Lisanza et al., 2023). PepFlow (Li et al., 2024a) models full-
atom peptides and samples peptides using a �ow-matching framework on a Riemannian manifold.
PepGLAD (Kong et al., 2024) employs equivariant latent diffusion networks to generate full-atom
peptide structures.

ResultsAs shown in Table 1, PepHAR effectively generates peptides that exhibit valid geome-
tries, native-like structures, and improved energies. While RFDiffusion produces valid peptides
due to its pre-trained protein folding weights, PepFlow, which is trained solely on peptide datasets,
struggles with generating valid peptides, making it challenging for practical applications. In con-
trast, PepHAR's autoregressive generation based on dihedral angles ensures the production of valid
peptides and allows for precise placement at the binding site with accurate secondary structures.
Similar to previous work (Li et al., 2024a), RFDiffusion excels at generating stable peptide-target
structures, while PepHAR demonstrates competitive performance compared to PepFlow. Addition-
ally, PepHAR shows impressive results in terms of novelty and diversity, highlighting its potential
for exploring peptide distributions and designing a wide range of peptides for real-world applica-
tions. Figure 3 illustrates two examples of peptides generated by PepHAR, which closely resemble
the structures and binding sites of native peptides while exhibiting low binding energies, indicating
high af�nities for the target.

5.2 PEPTIDE SCAFFOLD GENERATION

Compared to designing peptides from scratch, a more practical approach involves leveraging prior
knowledge, such as key interaction residues. We introduce this as the task of scaffold generation,
where certain hot spot residues in the peptide are �xed, and the model must generate a complete
peptide by connecting these residues. In this context, the generated peptide should incorporate
the hot spot residues in the correct positions, effectively scaffolding them. Hot spot residues are
selected based on their higher potential for interacting with the target protein. To identify these,
we �rst calculate the energy of each residue using an energy function (Alford et al., 2017), then
manually select residues that are both energetically favorable and sparsely distributed along the
peptide sequence. These selected residues are �xed as the condition for scaffold generation.

Table 2: Evaluation of methods in the scaffold generation task.K = 1 ; 2; 3 is the number of hot
spots.

Valid % " RMSD 	A # SSR% " BSR% " Stability% " Af�nity % " Novelty% " Diversity% " Success% "

RFDiffusion (K = 3 ) 69.88 4.09 63.66 26.83 20.07 21.26 55.03 26.67 23.15
ProteinGenerator (K = 3 ) 68.52 3.95 65.86 24.17 20.40 22.80 50.73 20.82 20.42
PepFlow (K = 3 ) 42.68 2.45 81.00 82.76 11.17 18.27 50.93 16.97 24.54
PepGLAD (K = 3 ) 53.51 3.84 76.26 19.61 12.22 18.27 50.93 30.99 14.85
PepHAR (K = 1 ) 56.01 3.72 80.61 78.18 17.89 19.94 80.61 29.79 20.43
PepHAR (K = 2 ) 55.36 2.85 82.79 85.80 19.18 19.17 74.76 25.32 22.09
PepHAR (K = 3 ) 55.41 2.15 83.02 88.02 20.50 20.65 72.56 19.68 21.45

Baselines and MetricsWe use the same baselines and metrics as in the Peptide Design task. Specif-
ically, for RFDiffusion and Protein Generator, the known hot spot residues, along with the target,
are provided as an additional condition. For PepFlow, we modify the ODE sampling process by
initializing it with the ground truth hot spot residues and ensuring the model only modi�es the re-
maining residues. In our method, we replace the sampled hot spot residues with the known ground
truth residue.

ResultsAs shown in Table 2, PepHAR demonstrates excellent performance in scaffolding hot spot
residues into complete peptides. Given that the hot spot residues have functional binding capa-
bilities. In contrast, the scaffold residues contribute primarily to structural integrity, the generated
peptides are expected to possess valid, native structures with high stability. PepHAR successfully
generates valid and native-like structures, ensuring that scaffold residues do not disrupt interactions
between hot spot residues, achieving the best scores in SSR and BSR. Moreover, PepHAR achieves
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