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 A B S T R A C T

Therapeutic peptides offer high specificity and low toxicity, but rational design remains difficult due to their 
vast chemical diversity and conformational flexibility. In oncology, B-cell lymphoma-extra large (BCL-xL), a 
key anti-apoptotic protein, is overexpressed in various cancers, making it an important target for peptide-
based therapeutics. Existing generative models for anticancer peptide design often neglect detailed receptor 
structural context, limiting biological plausibility. We present a target-aware latent diffusion framework (T-
LDM) that conditions sequence denoising on receptor pocket context encoded by a graph-based structural 
model. Conditioning is fused into the U-Net denoiser via lightweight modulation and cross attention, enabling 
the Latent Diffusion Model to align sampling with the local interaction topology of the binding groove 
while preserving protein language model priors. We evaluate distributional calibration with Jensen–Shannon 
divergence across key physicochemical properties, sequence quality with perplexity, motif overlap with BLEU, 
and structural compatibility via protein–peptide docking. A controlled ablation was performed that varies the 
scope of structural conditioning (none, global, pocket) and the fusion into the denoiser, letting us assess the 
marginal effect of pocket-aware guidance and fusion on generation quality. Overall, the study indicates that 
explicit pocket conditioning yields peptides that are syntactically fluent, physicochemically realistic, and more 
compatible with the intended BCL-xL target, while maintaining diversity and novelty. Source code is available 
at https://github.com/tiaranatashasayuti/T-LDM.
 

1. Introduction

Therapeutic peptides offer high specificity and low toxicity com-
pared with small molecules or biologics. Anticancer peptides (ACPs), 
typically 5–50 amino acids long, induce cancer cell death through 
mechanisms such as apoptosis, membrane disruption, and inhibition 
of angiogenesis and proliferation [1–3]. Certain ACPs, such as AC-
P19M, selectively trigger apoptosis in cancer cells while sparing normal 
tissue [2].

Among key therapeutic targets, the anti-apoptotic protein B-cell 
lymphoma-extra large (BCL-xL) plays a central role in tumor survival 
by binding and neutralizing pro-apoptotic factors of the BCL-2 family. 
Its overexpression, observed in multiple malignancies including lung 
and hematologic cancers, promotes chemoresistance and survival under 
stress [4].

However, existing peptide design approaches remain limited by 
their reliance on either sequence statistics or global physicochemical 
priors, without explicit integration of receptor structural context. Con-
sequently, generating peptides with realistic BCL-xL-binding conforma-
tions remains a key challenge. In this study, we investigate whether 
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incorporating receptor-derived structural constraints into a generative 
diffusion framework can yield peptides that are both syntactically 
coherent and structurally compatible with the BH3 groove of BCL-xL.

We focus primarily on BCL-xL due to its well-characterized struc-
ture, abundance of high-resolution complexes in the Apoptosis-Inducing
Anticancer Peptide Database (ApInAPDB) [5], and its established role 
in chemoresistance. We further test model generalization across the 
BCL-2 family to assess whether conditioning on one receptor enables 
transferable binding patterns, establishing BCL-xL as both a biologically 
meaningful case study and a benchmark for cross-family selectivity.

Recent advances in deep generative modeling have markedly im-
proved rational peptide design and addressed the challenges posed by 
the vast search space of valid sequences and conformations. However, 
most methods remain purely sequence-based or use simplified struc-
tural descriptors that overlook local interaction topology. To bridge this 
gap, we integrate diffusion-based generation with graph-based struc-
tural encoding, enabling direct three-dimensional receptor guidance 
during peptide generation.
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Latent diffusion models (LDMs) [6] have recently shown strong 
potential for modeling complex biomolecular distributions through iter-
ative noise refinement. To provide biologically meaningful conditioning 
signals for such generative modeling, we integrate representations 
from both sequence and structural domains. For peptide sequences, 
we use ESM-2, a protein language model (PLM) trained on large 
datasets such as UniRef50 [7]. PLMs are used to embed amino-acid 
sequences into compact, information-rich representations that capture 
evolutionary and physicochemical dependencies across residues, of-
fering transferable priors particularly valuable when experimentally 
verified data are scarce. We further fine-tune ESM-2 on BioLiP2 [8] 
and ApInAPDB [5] via masked language modeling (MLM) [9] to adapt 
it to peptide–receptor interaction contexts.

To encode structural information, we employ a graph attention 
network (GAT) [10]. GNNs such as GAT captures spatial and topo-
graphical information of molecular graphs. Compared with convolu-
tional or message-passing GNNs, the attention mechanism allows the 
model to emphasize functionally important residues, which is critical 
for accurately representing binding pockets. The GAT operates with an 
8Å cutoff, balancing local chemical specificity with sufficient spatial 
coverage of the binding groove. By coupling PLM-derived sequence 
embeddings with GAT-based structural embeddings, the LDM can learn 
coordinated biochemical and spatial regularities, improving the realism 
and interpretability of generated peptide–receptor complexes.

These representations are fused in a Target-Aware Latent Diffusion 
Model (T-LDM) via a Modulated Prompt Network (MPN) that injects 
pocket embeddings as lightweight scale–shift prompts into the cross at-
tention block of the denoising U-Net model. This soft modulation allows 
structural cues to influence denoising without overwriting pretrained 
sequence priors, achieving stable and parameter-efficient conditioning.

Generated peptides are reverse-folded with AlphaFold3 [11] and 
docked with HADDOCK3 [12] to assess structural fidelity and receptor 
compatibility. Cross-target docking on BCL-2 and MCL-1 further evalu-
ates selectivity and transferability within the BCL-2 family. By coupling 
learned sequence priors with explicit structural cues, T-LDM produces 
peptides that are syntactically fluent and structurally compatible with 
receptor interfaces, offering a principled framework for receptor-guided 
peptide design in oncology and beyond.

To summarize, the major contributions of this study are as follows:

• Target-aware latent diffusion model. The model integrates re-
ceptor pocket embeddings via modulated prompts to guide pep-
tide denoising under structural constraint in the latent diffusion 
model.

• Graph-based pocket encoder. A GAT trained at 8Å predicts 
binding residues and provides compact, chemically informed 
pocket embeddings to use as constraints.

• Prompt-based structural modulation. The MPN injects pocket 
context as per-layer scale–shift prompts, preserving sequence pri-
ors while enabling controllable structural conditioning.

• Structure-based validation. Generated peptides are folded and 
docked to BCL-xL, and cross-evaluated on BCL-2 and MCL-1 to 
test selectivity and generalization.

2. Related work and motivation

Computational peptide therapeutics have advanced through mul-
tiple stages of development, each addressing different aspects of the 
design challenge. These can be broadly grouped into early experimental 
and heuristic frameworks, structure-based modeling, machine learning 
for sequence generation, and recent diffusion-based approaches that 
integrate structural awareness.
2 
2.1. Early experimental and heuristic design

Early peptide discovery was driven by experimental library se-
lections such as phage display, which enabled iterative panning of 
combinatorial peptide libraries against immobilized or in vivo tar-
gets [13–15]. Despite their effectiveness, phage display systems were 
limited by compositional bias and amplification artifacts, motivating re-
finements such as pattern enrichment and negative selection to improve 
hit fidelity [16,17].

In parallel, heuristic and rule-based computational frameworks 
emerged. These relied on handcrafted physicochemical descriptors and 
sequence motifs to guide de novo design. Tools such as AMP-Designer 
employed position-specific scoring and sequence-moment descriptors 
for antimicrobial peptide generation [18]. The D-descriptor and 3D-
QSAR methods identified key descriptor sets linked to organism-specific 
selectivity and substrate specificity, successfully applied to SARS-CoV 
protease substrates and MHC epitopes [19]. While these approaches 
enabled interpretable and rapid in silico prioritization, their predictive 
power was constrained by dataset bias and limited transferability.

2.2. Structure-based modeling

The introduction of structural bioinformatics enabled structure-
guided peptide optimization. Homology modeling and molecular dock-
ing helped identify peptide–receptor interactions that could improve 
stability or binding affinity. Methods such as HomoSAR combined com-
parative modeling with quantitative structure–activity relationships 
(QSAR) to enable cross-class optimization [20]. However, the effec-
tiveness of these methods depends strongly on the availability of high-
quality crystal or Nuclear Magnetic Resonance (NMR) structures, which 
restricts their generalization across diverse targets.

2.3. Machine learning for sequence design

The expansion of large-scale sequence repositories and structural 
datasets facilitated the adoption of machine learning in peptide design. 
Early models used motif mining, physicochemical descriptors, and clas-
sifiers such as support vector machines and random forests [21,22]. 
These methods achieved moderate predictive accuracy but struggled to 
capture higher-order dependencies and spatial context [23,24].

Deep learning introduced end-to-end feature extraction through 
convolutional and recurrent networks [25]. These architectures im-
proved peptide sequence learning but lacked explicit structural aware-
ness [26]. Generative models such as variational autoencoders (VAE) 
and Wasserstein autoencoders (WAE) learned smooth latent manifolds 
for peptide generation [27–29], yet often suffered from posterior col-
lapse and oversimplified sequence patterns [30]. Autoregressive archi-
tectures including transformers improved sequence fluency but exhib-
ited exposure bias and limited long-range coherence [31,32].

2.4. Diffusion and structure-conditioned generative models

Recent progress in latent diffusion modeling has provided a new 
direction for learning complex biomolecular distributions through it-
erative denoising [33,34]. Diffusion-based approaches achieve high 
generative coherence and controllability compared with autoregressive 
networks [35]. In peptide design, Diff-AMP integrated kinetic diffusion 
with attention mechanisms and reinforcement learning for controllable 
antimicrobial peptide generation [36]. SQ-DiffuPep incorporated both 
sequence and physicochemical property information for multimodal 
conditioning, improving controllability and diversity [37]. HMAMP 
further extended diffusion-based design to multiobjective optimization, 
enabling balanced control over conflicting physicochemical proper-
ties [38]. These studies illustrate the growing power of diffusion models 
in peptide generation, although they focus primarily on antimicrobial 
applications rather than apoptosis-inducing anticancer peptides.
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Despite the success of generative modeling, incorporating explicit 
three-dimensional receptor context remains rare. Structural condition-
ing can enhance binding specificity, stability, and biological real-
ism [39–41]. Graph neural networks such as Graph Convolutional 
Networks (GCN) and GAT provide natural representations for molecular 
topology and have been applied successfully in structure-informed 
modeling [10,42–44]. However, most existing peptide generators ne-
glect detailed spatial constraints and rely instead on coarse descriptors 
or residue-level distance maps.

Multimodal frameworks such as HelixDiff, ProteinMPNN, and our 
earlier diffusion-based model explored integration of physicochemical 
properties and sequence. HelixDiff employs score-based denoising to 
generate all-atom helical peptides with sub-angstrom precision [45]. 
ProteinMPNN applies message passing to recover sequences from back-
bone structures with improved accuracy [46]. Our previous diffu-
sion model conditioned generation on global physicochemical features 
rather than receptor structure [47]. For consistency and ease of ref-
erence, we refer to this prior diffusion model as the Physicochemi-
cal properties Conditioned–Latent Diffusion Model, abbreviated as PC-
LDM, although this was not its original name. Together, these frame-
works represent the current state of sequence–structure generative 
modeling.

2.5. Motivation

Building upon these foundations, we introduce the Target-Aware 
Latent Diffusion Model for the design of apoptosis-inducing anticancer 
peptides targeting BCL-xL. The model integrates receptor pocket em-
beddings derived from graph neural networks directly into the dif-
fusion denoiser to unify structural guidance, physicochemical plausi-
bility, and controllable sequence generation. This approach bridges 
the gap between sequence-based and structure-conditioned design and 
is benchmarked against representative generative baselines including 
VAE, WAE, HelixDiff, ProteinMPNN, and PC-LDM.

3. Methods

3.1. Datasets and preparation

We employed two complementary datasets to construct and train 
the generative framework: BioLiP2, which supplies structurally diverse 
peptide-protein complexes for pretraining, and ApInAPDB, which fur-
nishes experimentally validated apoptosis-inducing peptides targeting 
BCL-xL for downstream adaptation.

BioLiP2 was used for pretraining of the protein language model, 
conditioned decoder and the target-aware GAT, thereby providing 
broad coverage of structural motifs across diverse peptide–protein 
complexes. In contrast, the ApInAPDB dataset served as a target-specific 
fine-tuning set, aligning the pretrained model towards anticancer pep-
tides that specifically bind to the BH3 groove of BCL-xL. This domain-
adaptation strategy enabled the model to inherit generalizable priors 
from BioLiP2 while specializing on the target of interest.

From the BioLiP2 repository, we extracted only peptide–protein 
co-crystal structures and applied a multi-stage filtering pipeline. Com-
plexes were retained only if the crystallographic resolution was 5.0Å
or better (i.e., numerically ≤ 5.0Å), ensuring that only high-quality 
structures with reliable atomic detail were included, while lower-
resolution entries (>5.0Å) were excluded. On top of that, only peptide 
contained at least five residues are retained. Receptor and ligand chains 
were normalized to remove ambiguous amino acids, failed DSSP assign-
ments, or incomplete chains. Terminal residues were trimmed to reduce 
noise from poorly resolved ends, and duplicate entries were removed 
by enforcing one receptor–ligand pair per unique PDB ID. Binding-site 
residues were annotated as residues within an 8Å heavy-atom cutoff 
between the ligand and receptor. These residues are labeled as binding 
while all remaining residues were labeled as non-binding.
3 
After preprocessing, the number of complexes reduced from 93,389 
to 8040. To prevent both homologous leakage and pocket memoriza-
tion, we applied two additional filtering steps. First, we excluded all 
complexes containing BCL-xL, BCL-2, or MCL-1 receptors to ensure the 
structural conditioning network would not have prior exposure to the 
target binding pockets used in evaluation. Second, we constructed a 
peptide-identity graph at 75% global identity among the remaining 
complexes, extracted its connected components, and assigned entire 
components to the train/validation/test splits in a 70:15:15 proportion. 
The resulting partitions contain 5631/1209/1200 complexes drawn 
from 2900/1209/1200 clusters, respectively. This dual filtering strat-
egy caps maximum peptide identity across partitions at 75% while 
preventing pocket memorization of the evaluation targets.

The ApInAPDB database contains 1470 unique anticancer peptide 
sequences that binds to various binding target such as BCL-xL, BCL-
2 and MCL-1. We selected all entries annotated with BCL-xL as a 
binding target which resulted to 620 peptides. As structural templates 
are unavailable, each peptide was first aligned to the BH3 reference 
ligand in the BCL-xL structure (PDB ID: 4QVE) [48] using PyMOL and 
then docked into the canonical groove with HADDOCK3 [12,49].

The BID-bound 4QVE structure was selected as the native reference 
because it represents the canonical BH3 engagement of human BCL-xL 
with high-resolution geometry and well-defined side-chain orientations. 
In this complex, the BID BH3 helix binds within the classical 𝛼2–𝛼5
groove and induces an expanded adjacent pocket of about 400Å2 area 
and 578Å3 volume, the largest among known BCL-xL–BH3 complexes. 
This expansion, governed by the open orientation of Glu96 and Tyr195 
and the outward displacement of Phe105, defines a physiologically 
relevant conformation for BH3-mediated recognition and thus serves 
as the most representative binding geometry for apoptotic peptides.

All peptides were first structurally aligned to the reference BH3 
ligand from the human BCL-xL–BID complex (PDB ID: 4QVE) using 
PyMOL to ensure consistent orientation within the canonical BH3 
groove. Docking was then carried out in HADDOCK3 under a flexible 
refinement protocol guided by 5Å ambiguous interaction restraints 
(AIRs) defined from interfacial proximity. Both center-of-mass and 
surface contact restraints were applied to maintain realistic receptor–
ligand geometry during sampling. The lowest-energy structure from the 
final refinement stage was retained for downstream analysis. Binding-
site residues were annotated, designating as pocket residues all receptor 
atoms within 8Å of any peptide atom.

Quality control removed complexes lacking consistent chain con-
tacts, leaving 609 docked BCL-xL–ACP assemblies. These were clustered 
at 75% sequence identity to match the BioLiP2 protocol. The resulting 
graph was dominated by a single biologically coherent component 
containing 559 peptides, with the remaining 50 distributed across 
17 minor clusters. To maintain the same leakage guarantee, each 
component was preserved intact, yielding 559/25/25 complexes for 
the train/validation/test splits. Although imbalanced, this distribution 
reflects the real composition of validated BH3-like peptides.

3.2. Extraction of structural constraints

3.2.1. Residue-level graph construction from protein–peptide complexes
Each peptide–protein complex was converted into a residue-level 

graph 𝐺 = (𝑋,𝐸, 𝑌 ). For every residue 𝑖, the feature vector 𝑥𝑖 ∈
R𝑑𝐹  aggregates (i) a 20-way amino acid identity encoded as a cate-
gorical embedding, (ii) the DSSP secondary-structure code, (iii) seven 
physicochemical descriptors including hydrophobicity, relative solvent 
accessibility and hydrogen-bond indices, and (iv) eight backbone tor-
sion and bond-angle descriptors expressed in radians. We parameterize 
local geometry with eight backbone descriptors: four dihedral angles 
which are 𝜔 (peptide bond), 𝜙 (N–C𝛼), 𝜓 (C𝛼–C), and dihedralO (car-
bonyl orientation), and four bond angles (N–C𝛼–C, C𝛼–C–N, C–N–C𝛼 , 
and C –C–O). Together these 17 features capture the torsional and 
𝛼
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Fig. 1. Overview of the target-aware peptide generation framework. (A) Peptide–protein complexes are converted into pocket-annotated receptor graphs for 
node embedding and pocket prediction. (B) Target specific-embeddings are obtained via Attention readout pooling and injected into each cross attention block 
of the U-Net through an affine-modulated scale–shift prompt network. (C) Sequence embeddings from fine-tuned ESM-2 are compressed into a latent space and 
perturbed by forward diffusion. (D) Expanded view of the U-Net with cross-attention blocks integrating structural constraints. (E) Reverse diffusion integrates 
structural constraints and reconstructs latent vectors that are decoded into peptide sequences.
bending degrees of freedom that govern backbone conformation in a 
translation- and rotation-invariant manner [50].

After concatenation and trimming of chain termini, the resulting 
node matrix 𝑋 ∈ R𝑁×𝑑𝐹  where 𝑑𝐹 = 17 provides deterministic, 
rotation-invariant inputs. The corresponding label vector 𝑌 = {𝑦𝑖}𝑁𝑖=1
marks residues within 8Å of any ligand heavy atom as binding (𝑦𝑖 = 1)
and all others as non-binding (𝑦𝑖 = 0).

The edge set 𝐸 represents the set of edges of the residue-level graph 
with 𝑀 = |𝐸| representing the total number of edges. The edge set 𝐸 is 
encoded as a matrix 𝐸 ∈ N2×𝑀 , where each column (𝑣𝑖, 𝑣𝑗 ) denotes an 
undirected edge between residues 𝑖 and 𝑗, defined by a 8Å heavy-atom 
distance threshold [44,51], excluding chain termini.

3.2.2. GAT architecture
As shown in Fig.  1(A), we used a 3-layer GAT [10] that operates 

on 8Å residue contact graphs uses attention readout with a sigmoid 
classifier for prediction of binding residues. The 𝓁-th GAT layer updates 
node feature embedding 𝑥(𝓁)𝑖 ∈ R𝑑𝐹 ′  from 𝑥(𝓁−1)𝑖 ∈ R𝑑𝐹  through a 
learnable linear transformation via a weight matrix 𝑊 ∈ R𝑑𝐹 ′×𝑑𝐹 , 
followed by neighbor attention aggregation.

Let the 𝓁-th graph attention (GAT) layer be denoted by (𝓁), pa-
rameterized by weights 𝑊 (𝓁). Starting from 𝑋(0) = 𝑋, the three GAT 
blocks update node embeddings via multi-head masked attention, batch 
normalization 𝓁 , ReLU and dropout: 
𝑋(1) = 𝜎ReLU

(

1
(

(1)(𝑋(0), 𝐸,𝑊 (1))
))

,

𝑋(2) = 𝜎ReLU
(

2
(

(2)(𝑋(1), 𝐸,𝑊 (2))
))

,
(3) ( (3) (2) (3) )

(1)

𝑋 = 𝜎ReLU  (𝑋 ,𝐸,𝑊 ) .

4 
For node 𝑖 and neighbor 𝑗 ∈  (𝑖), the attention coefficients for head 
𝑘 are computed as: 

𝑒(𝓁,𝑘)𝑖𝑗 = 𝜎ReLu
(

𝑎(𝓁)⊤𝑘
[

𝑊 (𝓁)
𝑘 𝑥(𝓁−1)𝑖

‖

‖

‖

𝑊 (𝓁)
𝑘 𝑥(𝓁−1)𝑗

]

)

,

𝛼(𝓁,𝑘)𝑖𝑗 =
exp

(

𝑒(𝓁,𝑘)𝑖𝑗
)

∑

𝑚∈ (𝑖) exp
(

𝑒(𝓁,𝑘)𝑖𝑚
)

,

ℎ(𝓁)𝑖,𝑘 =
∑

𝑗∈ (𝑖)
𝛼(𝓁,𝑘)𝑖𝑗 𝑊 (𝓁)

𝑘 𝑥(𝓁−1)𝑗 ,

𝑥(𝓁)𝑖 = ∥𝐾𝓁
𝑘=1 ℎ

(𝓁)
𝑖,𝑘 .

(2)

Here 𝑊 (𝓁)
𝑘 ∈ R𝑑ℎ×𝑑𝓁−1  and 𝑎(𝓁)𝑘 ∈ R2𝑑ℎ  while ∥ denotes vector 

concatenation, and 𝑎(𝓁) ∈ R2𝑑𝐹 ′  is a learnable coefficient vector. For 
𝓁 = {1, 2}, 𝐾𝓁 = 8 heads and 𝑑ℎ = 𝑑𝐹 ′ , producing a concatenated 
output dimension 𝑑𝓁 = 𝑑ℎ ⋅ 𝐾𝓁 except when at 𝓁 = 3, 𝐾3 = 1 to yield 
𝑋(3) ∈ R𝑁×𝑑ℎ .

To extract the conditioning vector, we apply an attention pool-
ing [52] to the final node embeddings 𝑋(3): 

𝐶𝜙 =
𝑁𝑖
∑

𝑛=1
sof tmax(ℎgate(𝑋(3))) (3)

with ℎgate denoting the MLP that the attention pooling takes in. 𝐶𝜙
is broadcasted across the batch and concatenated with 𝑋(3) at each 
node position. This fused representation is passed through two fully 
connected output layer 1 and 2: 
𝑋̃ = 𝜎ReLU

(

1
(

[𝑋(3) ∥ 𝐶𝜙]
))

𝐿𝜙 = 2(𝑋̃)
̂

(4)

𝑌 = 𝜎(𝐿𝜙)
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The projected attention pooling output 𝐶𝜙 is the graph-level em-
bedding and is later used as the conditioning vector for the diffusion 
model.

3.2.3. Generation of structural constraint features
To derive structure-based constraints for peptide generation, the 

GAT was trained to classify binding-pocket residues in peptide–protein 
complexes. The network was first pretrained on BioLiP2 residue-level 
graphs and subsequently fine-tuned on ApInAPDB complexes, with 
pocket labels assigned to receptor residues whose heavy atoms lay 
within 8Å of any peptide atom [44]. This two-stage procedure enabled 
the network to learn general structural representations from diverse 
complexes before specializing on the BCL-xL-specific interface.

Hyperparameter tuning and model selection were conducted using 
the Weights & Biases platform, which automated the exploration of 
learning rate, batch size, number of attention heads, and focal-loss 
parameters. The optimal configuration was chosen based on validation 
balanced accuracy. The final model employed the Adam optimizer 
(learning rate 5 × 10−4, 𝛽1 = 0.9, 𝛽2 = 0.999) with focal loss [53] to 
address class imbalance (𝛼 = 1.0, 𝛾 = 2.5). Pretraining was performed 
for 80 epochs with batch size 64 and a step-based learning-rate decay 
(factor 0.5 every 15 epochs). Fine-tuning proceeded for 70 epochs using 
an adaptive scheduler with patience of 5 epochs and the same decay 
factor. These tuning strategies ensured convergence stability and robust 
generalization across unseen complexes.

The architecture applied dropout of 0.3, batch normalization, and 
ReLU in the first two GAT layers. A linear prediction head with sigmoid 
activation produced residue level pocket probabilities.

From the final tuned model, node-level embeddings were aggre-
gated via a three-step attention readout pooling to yield the structural-
constraint vector 𝐶𝜙 ∈ R𝑑𝐹 ′  where 𝑑𝐹 ′ = 256. As shown in Fig. 
1(B), these graph-level embeddings were used to condition the peptide-
generative model, guiding the diffusion process toward
BCL-xL-targeting sequences with structurally coherent binding charac-
teristics.

3.3. Generation of peptides with conditional latent diffusion model

3.3.1. Encoding using ESM-2 protein language model
To capture sequence-level biochemical representations, we em-

ployed a transformer-based ESM-2 PLM, as shown in Fig.  1(C). This 
PLM was pretrained on UniRef50 and adapted via a two-stage fine-
tuning strategy by using the MLM objective [9]. We use ESM-2 to 
extract the sequence embeddings based on prior evidence from our 
earlier work [54], where ESM-2 yielded stronger downstream perfor-
mance than ProtBERT for ACP prediction when used as a fixed feature 
extractor. This motivates its use in the present framework.

Given a tokenized sequence 𝑠 = {𝑠𝑙}𝐿𝑙=1 of length 𝐿, with masked 
positions 𝑀𝑠 ⊆ {1, 2,… , 𝐿}, the MLM objective aims to minimize 
the average negative log-likelihood of the true residues at masked 
positions, conditioned on the masked tokenized sequence 𝑠 ⧵𝑀𝑠: 

MLM = − 1
|𝑀𝑠|

∑

𝑙∈𝑀𝑠

log 𝑝(𝑠𝑙 ∣ 𝑠 ⧵𝑀𝑠). (5)

In the first stage of finetuning, peptide sequences from BioLiP2 
were tokenized and padded to 𝐿 = 64, with a fixed 15% masking 
rate, excluding special tokens. Training used Adam optimizer with a 
learning rate of 2×10−5, batch size 8, for 5 epochs with linear warm-up. 
To preserve the general knowledge captured during pretraining while 
allowing domain-specific adaptation, all parameters were frozen except 
the final transformer block and language modeling output head [55]. 
This approach mitigates overfitting, particularly important in the small-
data regime common in peptide therapeutics [47]. In the second stage, 
the BioLiP2-adapted model was further fine-tuned on ACP sequences 
targeting BCL-xL by using identical settings, refining sensitivity to 
anticancer-related residue patterns while retaining structural priors.
5 
To enable conditional peptide generation from pretrained ESM-2 
representations, we introduce encoder  as depicted in Fig.  1(C). Given 
a tokenized peptide sequence 𝑠, the ESM-2 model produces hidden 
representations 𝐵 ∈ R𝑑ESM×𝐿, where 𝑑ESM = 1280. The embeddings 
𝐵 are compressed into a lower-dimensional latent representation 𝑧0 =
(𝐵), where 𝑧0 ∈ R𝑑×𝐿 and 𝑑 = 128.

3.3.2. Forward diffusion process
Given the latent vector 𝑧 from encoder  , the forward process 𝑞

incrementally introduces Gaussian noise into latent embedding 𝑧𝑡 with 
𝑡 representing the timestep: 𝑧0, 𝑧1,… , 𝑧𝑇  over total timesteps 𝑇  depicted 
in Fig.  1(C). This process, eventually turns input embedding into a 
Gaussian distribution at 𝑧𝑇 ∼  (0, 𝐼) and is modeled as a Markov 
chain: 

𝑞(𝑧1∶𝑇 ∣ 𝑧0) ∶=
𝑇
∏

𝑡=1
𝑞(𝑧𝑡 ∣ 𝑧𝑡−1) (6)

A variance schedule 𝛽𝑡 that denotes how much Gaussian noise is 
added at a timestep 𝑡 over a range {𝛽1, 𝛽2,… 𝛽𝑇 } is introduced. Taking 
into consideration 𝛽𝑡, each transition between 𝑧𝑡−1 to 𝑧𝑡 in the forward 
process is defined as: 
𝑞(𝑧𝑡 ∣ 𝑧𝑡−1) =  (𝑧𝑡;

√

1 − 𝛽𝑡 𝑧𝑡−1, 𝛽𝑡𝐼) (7)

Defining 𝛼𝑡 ∶=
∏𝑡

𝜏=1 1−𝛽𝜏 , the marginal distribution at any timestep 
has the closed form: 
𝑞(𝑧𝑡 ∣ 𝑧0) = 

(

𝑧𝑡;
√

𝛼𝑡𝑧0,
(

1 − 𝛼𝑡
)

𝐼
)

(8)

and can be reparameterized as: 
𝑧𝑡(𝑧0, 𝜖) =

√

𝛼𝑡𝑧0 +
√

1 − 𝛼𝑡𝜖 for 𝜖 ∼  (0, 𝐼) (9)

This formulation enables direct sampling of 𝑧𝑡 given any timestep 𝑡 with 
respect to 𝑧0 without iteratively applying (7).

3.3.3. Reverse denoising with cross-attention U-Net
To reconstruct 𝑧0 from 𝑧𝑇 , the reverse process 𝑝 is applied through 

𝑇  timesteps, gradually removing noise by using a parameterized de-
noising model as portrayed in Fig.  1(E). This reverse process is initially 
defined as: 

𝑝(𝑧0∶𝑇 ) ∶= 𝑝(𝑧𝑇 )
𝑇
∏

𝑡=1
𝑝(𝑧𝑡−1 ∣ 𝑧𝑡) (10)

where each step of the reverse process 𝑝(𝑧𝑡−1 ∣ 𝑧𝑡) is the conditional 
probability of Gaussian noise that is removed incrementally given 𝑧𝑡. 
Thus, this can be approximated as follows. 
𝑝(𝑧𝑡−1 ∣ 𝑧𝑡, 𝜃) =  (𝑧𝑡−1;𝜇(𝑧𝑡, 𝑡, 𝜃), 𝛴(𝑧𝑡, 𝑡)) (11)

With 𝛴(𝑧𝑡 ,𝑡) = 𝛽𝑡𝐼 [56], the mean 𝜇 is learnt by a neural network. 
By considering the marginal distribution, The objective is to minimize 
the variational lower bound on the negative log-likelihood during 
reconstruction of 𝑧𝑇 , which can be simplified into a cost function : 

(𝜃) = E𝑧0 ,𝜖,𝑡
[

‖

‖

‖

‖

𝜖 − 𝜇
(

√

𝛼𝑡𝑧0 +
√

1 − 𝛼𝜖, 𝜃, 𝑡
)

‖

‖

‖

‖

2]

(12)

The objective of the LDM is to minimize the difference between 𝜖
and 𝜖𝑡 as expressed as a Mean Square Error (MSE) loss. We parameter-
ized 𝜇(𝑧𝑡, 𝜃, 𝑡) by using a U-Net model that is well-suited for capturing 
both coarse and fine-grained spatial dependencies [6,57]. In each U-
net block, a cross-attention block is augmented between the ResNet 
blocks to integrate conditioning information from the protein structure 
as portrayed in Fig.  1(D).

At each cross-attention block [6,58], the latent state 𝑧𝑡 is flattened 
and projected via a linear transformation 𝑊𝑄 to produce a query matrix 
𝑄: 
𝑄 = 𝑊𝑄 ⋅ 𝐹 𝑙𝑎𝑡𝑡𝑒𝑛(𝑧𝑡) (13)
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To avoid degeneracy over the cross attention mechanism, we intro-
duce a modulation prompt network which is an affine modulation scale 
and shift that takes in constrain features 𝐶𝜙 ∈ R𝑑𝐹 ′ , and expands the 
lone context into 𝑁𝑘 adaptive tokens 𝑇 (𝐶𝜙) ∈ R𝑁𝑘×𝑑𝐹 ′  by modulating 
a small, learnable prompt bank 𝑃 ∈ R𝑁𝑘×𝑑𝐹 ′ .

Concretely, we produce a per-sample scale 𝛾 and shift 𝛽 for each 
prompt dimension using a lightweight MLP: 

𝐶̃𝜙 = LN(𝐶𝜙),

[𝛾, 𝛽] = MLP(𝐶̃𝜙) ∈ R𝑁𝑘×2𝑑𝐹 ′ ,

𝑇 (𝐶𝜙) = 𝛾 ⊙ 𝑃 + 𝛽 ∈ R𝑁𝑘×𝑑𝐹 ′ ,

(14)

where ⊙ denotes elementwise multiplication with broadcasting over 
the batch and 𝐿𝑁 denotes layer normalization. This affine modulation 
lets the model gate (𝛾) and recenter (𝛽) a shared set of base tokens 𝑃
based on the constraint 𝐶𝜙, yielding a rich per-sample token sets.

The affine modulated constraint features 𝑇 (𝐶𝜙) are projected to 
form the key 𝐾 and value 𝑉  matrix: 

𝐾 = 𝑊𝐾 ⋅ 𝑇 (𝐶𝜙), 𝑉 = 𝑊𝑉 ⋅ 𝑇 (𝐶𝜙) (15)

Where 𝑊 𝑄 ∈ R𝑛𝑐×(ℎ⋅𝑑) and 𝑊 𝐾 ,𝑊 𝑉 ∈ R𝑑𝐹 ′×(ℎ⋅𝑑), with ℎ heads and 
per-head dimensionality 𝑑 and 𝑛𝑐 is the no of channels, which varies 
depending on which U-Net block the attention module is placed at. The 
attention mechanism is defined as [58]: 

Attention(𝑄,𝐾, 𝑉 ) = softmax
(

𝑄𝐾𝑇
√

𝑑0

)

𝑉 (16)

where 𝑑0 is the attention head dimension size.
We inject constraint features via cross-attention in every down and 

up block, providing conditioning at all scales while preserving the U-
Net’s local bias. To capture long-range dependencies efficiently, we 
add self-attention only at the last down, mid (bottleneck), and first up 
blocks, the points with maximal receptive field or cross-scale hand-offs. 
This concentrates global coordination where it is most effective, while 
maintaining pocket-aware guidance throughout the hierarchy.

3.3.4. Decoding the latent representations
After diffusion sampling, the LDM produces a denoised latent vector 

𝑧̃ ∈ R𝐿×𝑑 . Decoder , illustrated in Fig.  1(E), decodes 𝑧̃ into tokenized 
logits 𝑠̃ ∈ R𝐿 via 𝑠̃ = (𝑧̃), compatible with the amino acid vocabulary 
prior to detokenization.

The decoder  consists of an input feed-forward network, a GRU 
[59], and an output feed-forward network. Given the reconstructed 
embeddings 𝑧 ∈ R𝑑×𝐿, the first feed-forward layer applies a linear 
transformation 𝑊in ∈ RℎGRU×𝑑 to obtain 𝑧′ = 𝑊in𝑧. This is passed to 
a GRU layer with initial hidden state ℎ0 = 𝟎 ∈ RℎGRU , which updates 
according to: 

ℎ1 = (1 − 𝑧′)⊙ 𝑛1 + 𝑧′ ⊙ ℎ0, (17)

where the update gate 𝜏1, reset gate 𝑟1, and candidate state 𝑛1 are 
computed as:

𝑔1 = 𝜎
(

𝑊𝑖𝑔 𝑧
′ + 𝑏𝑖𝑔 +𝑊ℎ𝑔 ℎ0 + 𝑏ℎ𝑔

)

, 𝑔 ∈ {𝜏, 𝑟} (18)

𝑛1 = tanh
(

𝑊𝑖𝑛𝑧
′ + 𝑏𝑖𝑛 + 𝑟1 ⊙ (𝑊ℎ𝑛ℎ0 + 𝑏ℎ𝑛)

)

. (19)

with ⊙ denoting the Hadamard product and 𝜎 the sigmoid activation. 
Here, 𝑊∗ and 𝑏∗ are learnable weight matrices and bias vectors.

The GRU output is passed through a second feed-forward network 
𝑊out ∈ R𝑑out×ℎGRU  with batch normalization and dropout. Batch nor-
malization and dropout are applied after each layer to ensure stability 
and generalization in the learned latent manifold.
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3.3.5. Model training and optimization
The LDM 𝜃 was trained in two phases: pretraining on BioLiP2-

derived peptides for 9000 timesteps, and fine-tuning on ACP sequences 
targeting BCL-xL for 550 timesteps. A learning rate of 8×10−5 was used 
with the Adam optimizer. To address GPU memory constraints while 
maintaining effective batch size, gradient accumulation was performed 
every 8 steps.

We employ a U-Net backbone with a base channel width of 64 and 
channel multipliers (1, 2, 4, 8), yielding feature widths of 64, 128, 256, 
and 512 across the four up/down blocks. Each attention block uses 
ℎ=4 heads with per-head dimensionality 𝑑 = 32 (total attention width 
= 128). Conditioning is supplied via a modulated prompt mechanism 
with 𝑁𝑘=32 context tokens, injected through the cross-attention layers 
to guide denoising while preserving spatial detail.

The forward diffusion process used a cosine noise schedule over 
1000 noising timesteps, while denoising was performed over 500 sam-
pling steps using the Denoising Diffusion Implicit Models (DDIM) sam-
pling strategy [60]. All training was conducted on a single NVIDIA 
A100 GPU with fixed random seed to ensure reproducibility.

This strategy ensured that the final model captured the broad 
physicochemical landscape of general peptide binding and the specific 
sequence patterns associated with therapeutic inhibition of BCL-xL.

4. Results and discussion

4.1. Comparative studies with state-of-the-art methods

4.1.1. Comparative evaluation based on generated sequences
To assess the fidelity of generated sequences, we evaluated the 

generated peptides using two complementary metrics: BLEU score, 
which quantifies 𝑛-gram overlap with reference sequences, and per-
plexity, which measures the likelihood of generated sequences under a 
fine-tuned protein language model. Higher BLEU and lower perplexity 
indicate better alignment with biological priors and improved linguistic 
fluency in the amino acid domain.

We conducted a comprehensive evaluation of six representative 
generative architectures spanning autoencoding, autoregressive and 
diffusion-based frameworks to benchmark their performance in pep-
tide sequence design. All models were tested on identical datasets 
and evaluation pipelines, each contributing 2000 generated peptides 
conditioned on the test split, ensuring that the observed contrasts arise 
from architectural differences rather than disparities in sample size.

VAE and WAE [61] serve as autoencoding baselines [61]. Both 
encode peptide sequences into a latent manifold and reconstruct them 
with recurrent decoders. The VAE regularizes toward a Gaussian prior 
via Kullback–Leibler divergence, whereas the WAE replaces this with a 
Wasserstein penalty that enforces aggregate posterior matching. This 
often improves latent continuity but can still incur information loss 
or posterior collapse that limits fidelity to natural sequence statistics. 
To enable a controlled comparison against T-LDM, we augment both 
VAE and WAE with cross-attention conditioning that incorporates the 
pocket-specific graph-level embedding 𝐶𝜙. Decoder token states act 
as queries and attend to 𝐶𝜙 after a learned projection, with residual 
connections and layer normalization preserving the base dynamics.

ProteinMPNN [46] is an autoregressive message-passing network 
that predicts residue identities sequentially along a fixed protein back-
bone [46]. The model propagates information through multiple rounds 
of node and edge updates to capture residue–residue geometry and 
backbone context. It achieves high sequence recovery by explicitly 
conditioning each residue prediction on its structural neighborhood, 
resulting in strong local token conformity but limited capacity for 
global diversity.

HelixDiff [45] is a score-based diffusion framework that generates 
all-atom alpha-helical peptides through a denoising process in a joint 
sequence–structure representation [45]. It employs a U-Net backbone 
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Table 1
Comparison on 2000 generated peptides (mean ± SD) across generative 
architectures. Best value per column appears in bold.
 Model BLEU ↑ Perplexity ↓  
 VAE 0.0462 ± 0.0224 79.3162 ± 60.6885  
 WAE 0.0508 ± 0.0372 67.4029 ± 182.6618 
 PC-LDM 0.0579 ± 0.0236 13.5331 ± 4.7276  
 HelixDiff 0.0404 ± 0.0247 13.0814 ± 7.0542  
 ProteinMPNN 0.1377 ± 0.0883 7.2946 ± 5.7495  
 T-LDM 0.0728 ± 0.0248 4.8997 ± 1.3901  

to model the score function and encodes torsional, bond and side-
chain angles alongside sequence tokens in a unified tensor. A hotspot-
specific inpainting module constrains residue generation around known 
functional positions, improving local structural accuracy.

PC-LDM [47] is a conditional latent diffusion model that inte-
grates physicochemical descriptors as external constraints [47]. Seven 
molecular descriptors, including hydrophobicity, charge, and molec-
ular weight, are embedded through cross-attention to modulate the 
denoising network. This conditioning steers the diffusion process to-
ward peptides that satisfy predefined physicochemical profiles while 
maintaining statistical proximity to reference sequences.

Table  1 summarizes sequence quality across all generators using 
BLEU and perplexity. Among all methods, ProteinMPNN achieved the 
highest BLEU, reflecting its strong ability to reproduce reference se-
quence fragments with high local fidelity. T-LDM ranked second, main-
taining competitive sequence alignment despite prioritizing structural 
conditioning and generative diversity. Unlike T-LDM, ProteinMPNN 
lacks stochasticity as it predicts residues sequentially in a fully de-
terministic manner, which leads to highly similar or repeated outputs 
across generations.

In terms of perplexity, T-LDM attained the lowest score, indicat-
ing that its generated sequences are the most statistically probable. 
ProteinMPNN followed closely, reinforcing its overall strength in both 
local 𝑛-gram precision and global sequence realism. Interestingly, He-
lixDiff and PC-LDM achieved similar perplexity values, suggesting that 
diffusion-based approaches can also produce linguistically coherent 
sequences, though with reduced BLEU scores indicating less precise 
𝑛-gram overlap.

Meanwhile, the traditional autoencoder models, VAE and WAE, 
performed worst across both metrics. Their low BLEU scores and high 
perplexity values reveal a tendency to generate low-quality or overly 
diverse outputs that deviate from realistic peptide syntax. These results 
reinforce the advantage of incorporating structural priors or deter-
ministic residue selection strategies to enhance generative fidelity and 
biological plausibility.

To assess statistical significance, we applied Kruskal–Wallis omnibus 
tests to both BLEU and perplexity distributions (Supplementary Notes 
Table S1). These tests reject the null hypothesis of equal medians 
across the baseline models, indicating that the differences among model 
classes are highly significant. Non-parametric testing was chosen be-
cause the distributions are heavy-tailed and deviate markedly from 
Gaussian assumptions.

Pairwise Mann–Whitney U tests with Holm correction (Supplemen-
tary Notes Table S1) show that nearly all inter-model differences are 
statistically significant for both BLEU and perplexity, with the only non-
significant case being the BLEU comparison between VAE and WAE. For 
BLEU, ProteinMPNN achieves the highest overall score and significantly 
outperforms all other models, while T-LDM ranks second, exceeding 
PC-LDM, HelixDiff, and both autoencoder baselines. For perplexity, T-
LDM demonstrates the lowest values across all comparisons, indicating 
superior sequence fluency and consistency under the protein language 
model prior. Together, these results reveal a clear distinction between 
sequence overlap and language-model fluency.
7 
4.1.2. Distributional calibration and physicochemical fidelity
As the baselines contribute substantially more sequences than the 

training set, we require a distributional metric that is insensitive to 
unequal sample sizes when densities are estimated with identical pro-
cedures, symmetric between the model and the reference, and remains 
bounded and numerically stable even when the supports only partially 
overlap. The Jensen–Shannon (JS) divergence meets these criteria, so 
we use it to quantify how well each baseline model reproduces the 
entire empirical distribution of key physicochemical properties.

We apply this procedure to six properties that are directly relevant 
to physicochemical realism and developability: net charge at pH 7, iso-
electric point (pI), Grand Average of Hydropathy (GRAVY), instability 
index, AntiCP scores [62], and HemoPI2 score [63].

The Kernel Density Estimation (KDE) overlays in Fig.  2 illustrate the 
reference distributions and the model-induced shifts for each baseline. 
JS condenses these visual differences into a calibrated, comparable 
scalar per panel. In practice, close overlap of the colored curves with 
the gray reference, particularly in the modal regions and tails, corre-
sponds to a small JS value, whereas broadened or shifted profiles yield 
larger JS. Reporting per-property JS thus provides a faithful summary 
of the discrepancies visible in Fig.  2 and enables fair comparison across 
models despite the substantial mismatch in sample counts.

In Table  2, T-LDM attains the lowest JS for net charge at pH 7, 
isoelectric point, and AntiCP score, and achieves the best overall mean 
JS, Rank 1. These gains are substantive. For example, for net charge, 
T-LDM reduces JS by 49% relative to the next-best baseline PC-LDM, 
and by 69% relative to ProteinMPNN, indicating markedly better repro-
duction of the reference charge distribution. For pI, T-LDM improves 
on the next-best baseline by 22% (vs. 0.168 for PC-LDM), suggesting 
that the joint handling of acidic/basic residues and sequence context is 
better calibrated to the training set. For AntiCP, T-LDM again achieves 
the smallest divergence (14% lower vs. PC-LDM), capturing both the 
location and dispersion of the reference propensity distribution. While 
other models are best on individual metrics—ProteinMPNN on GRAVY, 
HelixDiff on instability index, and PC-LDM on HemoPI2, T-LDM re-
mains competitive rather than outlying on these axes, yielding the 
lowest mean JS across properties.

Net charge and pI are primary determinants of peptide electrostatic 
behavior, governing solubility, non-specific binding, and interface com-
plementarity. T-LDM’s low divergence on these axes confirms that it 
generates sequences within a realistic physicochemical range, faith-
fully capturing the reference distribution’s modes without succumbing 
to mode collapse. Its high fidelity on AntiCP and competitive be-
havior on HemoPI2 further indicate preservation of therapeutic and 
safety-relevant profiles of the reference set.

Although VAE and WAE exhibit perfect novelty scores, their gener-
ated sequences are questionable based on previous perplexity and BLEU 
analyses, which revealed low sequence quality and weak alignment. 
Consequently, their high novelty values likely reflect randomization 
rather than meaningful diversity.

Finally, T-LDM achieves this distributional fidelity without sacrific-
ing generative novelty: Novelty@75% is 0.827. ProteinMPNN shows 
lower novelty, while HelixDiff attains perfect novelty but with a higher 
mean JS than T-LDM. PC-LDM exhibits high novelty and second-best 
mean JS. Overall, T-LDM strikes the most effective balance, aligning 
with the training data’s implicit physicochemical priors while produc-
ing diverse, novel sequences.

4.1.3. Comparing baseline models by docking score
We evaluate how effectively each model generates peptides that 

favor low-energy binding conformations by docking 100 randomly sam-
pled peptides per model with HADDOCK3 and analyzing the resulting 
score distributions in Fig.  3. Lower and more negative scores indicate 
better predicted binding whereas large positive values typically reflect 
penalized, non–productively bound poses. The left plot summarizes 
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Fig. 2. Physicochemical probability across baseline models. Kernel density estimates compare the reference set (gray) to four models: PC-LDM (teal), T-LDM 
(orange), HelixDiff (green), and ProteinMPNN (red) for net charge (pH 7), isoelectric point, GRAVY, instability index, AntiCP score and HemoPI Score. Greater 
overlap with the gray curve indicates better calibration: T-LDM and PC-LDM most closely match the reference for charge and pI and track the AntiCP mode; 
HelixDiff exhibits broader, shifted hydropathy and higher variability; ProteinMPNN tends toward lower charge and higher pI with modest weight shifts. All models 
show wider molecular-weight and instability spreads than the narrow reference distribution.
Table 2
Distributional calibration of generated peptides against the training distribution via Jensen–Shannon (JS) divergence of kernel density estimates for each property.
 Model Novelty@75% (↑) JS Net Charge(↓) JS pI(↓) JS GRAVY(↓) JS Instability(↓) JS AntiCP(↓) JS HemoPI2(↓) JS Mean(↓) JS Rank(↓) 
 WAE 1.000 0.273 0.281 0.290 0.286 0.125 0.357 0.269 6  
 VAE 1.000 0.208 0.224 0.184 0.297 0.110 0.345 0.228 5  
 ProteinMPNN 0.740 0.256 0.311 0.094 0.183 0.094 0.337 0.212 4  
 HelixDiff 1.000 0.168 0.223 0.149 0.166 0.123 0.351 0.196 3  
 PC-LDM 0.975 0.153 0.168 0.272 0.211 0.043 0.281 0.188 2  
 T-LDM 0.827 0.078 0.132 0.297 0.182 0.037 0.336 0.177 1  
Table 3
Positive rate and median HADDOCK3 scores for Random 100 and Top 50 
selections per generator.
 Model Pos. rate % Median (Random 100) Median (Top 50) 
 VAE 27.0 −36.9 −60.9  
 WAE 16.0 −39.3 −61.0  
 PC-LDM 16.0 −54.2 −95.1  
 HelixDiff 17.0 −57.7 −75.3  
 ProteinMPNN 23.0 −82.6 −101.5  
 T-LDM 12.0 −86.8 −123.7  

each model’s Random-100 cohort with violins, revealing central ten-
dency and tail behavior, while the right plot focuses on the Top-50 per 
model to compare the high-affinity regime directly. A complementary 
8 
numeric summary is provided in Table  3, including the fraction of pos-
itive scores, an indicator of non-binders. Based on the Top-50 Peptide 
closest median value, Fig.  4 showcases six representative docked poses 
per baseline model,

In both views of Fig.  5, T-LDM generates more peptides in the 
favorable negative-score range and shows a visibly shorter positive tail 
than the other models. In the Top-50 boxplots it shows a compact 
inter-quartile range and a strongly negative median, while avoiding the 
extreme outliers present for several baselines. ProteinMPNN is broadly 
comparable in the top-ranked area as its boxplot largely overlaps 
T-LDM whereas HelixDiff exhibits broader dispersion and a heavier 
positive tail. The autoencoder baselines VAE and WAE and the PC-LDM 
variant skew toward less attractive energies with wider spreads.

Non-parametric tests corroborate these impressions (Supplementary 
Notes Table S2). The Kruskal–Wallis omnibus is highly significant (𝐻 =
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Fig. 3. HADDOCK3 docking-score distributions for each peptide generator. Violin plots summarize the full Random 100 cohort, while paired boxplots highlight 
the Top-𝑁 selections. Lower (more negative) scores correspond to tighter predicted binding.
Fig. 4. For each baseline model, the peptide with a docking score nearest to the median of its top-50 ranked candidates is visualized in complex with the BCL-xL 
receptor surface. Below each structure, the corresponding peptide sequence and docking score are shown. T-LDM produces conformations that insert stably into 
the canonical binding groove, while the other baselines exhibit variable alignment and binding depth.
91.273, 𝑝 = 3.630×10−18). Holm-adjusted Mann–Whitney contrasts show 
that T-LDM differs strongly from HelixDiff (𝑝 = 2.243 × 10−8) and from 
the autoencoders (VAE, 2.417 × 10−13; WAE, 1.107 × 10−11), and it also 
improves over the PC-LDM variant (4.518×10−4). The comparison with 
ProteinMPNN is not significant after adjustment (𝑝 = 8.243 × 10−2), 
consistent with the visual overlap among their top scores. Overall, 
the distributional evidence and inference indicate that T-LDM deliv-
ers reliably low docking energies with controlled tails, outperforming 
HelixDiff and the autoencoder baselines, and performing on par with 
ProteinMPNN.

4.2. Ablation studies

4.2.1. GNN backbone and spatial cutoff comparison
We conducted a controlled ablation on the validation set across 

three GNN variants, namely GCN, GAT and EGNN, and across two 
spatial cutoffs at 6 Å and 8 Å. All models used mean pooling, and 
9 
we evaluated metrics suited to class imbalance, including balanced 
accuracy, MCC, AUPRC, Brier score, and precision and recall for each 
class. Brier score, and per-class precision/recall. Full summary statistics 
(mean ± SD over 10 seeds) appear in Table  4, and the associated 
one-way ANOVA and Holm-adjusted post hoc tests are reported in 
Supplementary Notes Tables S3–S6.

At the 6Å cutoff, GAT already dominates the comparison. It delivers 
balanced accuracy 0.9815 ± 0.0024, MCC 0.9591 ± 0.0079, and a Brier 
score of 0.0146±0.0016, indicating both strong discrimination and well-
calibrated probabilities. Ranking performance is nearly perfect (AUPRC 
0.9991 ± 0.0003), and per-class precision/recall improve over the other 
backbones in tandem. ANOVA confirms a significant backbone effect 
for every metric (Supplementary Notes Table S3), while Holm-adjusted 
pairwise tests attribute those gains primarily to GAT outperforming 
both GCN and EGNN. GCN in turn retains a consistent but smaller edge 
over EGNN (Supplementary Notes Table S4). The resulting hierarchy 
is GAT > GCN > EGNN which holds across the imbalance-robust 
endpoints as well as class-wise precision and recall.
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Table 4
Validation performance (mean ± SD over 10 seeds) across architectures and spatial cutoffs.
 Model Dist. Balanced Acc. ↑ MCC ↑ Precision ↑ Recall ↑ AUPRC ↑ Brier ↓  
 Class 0 Class 1 Class 0 Class 1  
 GCN 6 Å 0.9340 ± 0.0023 0.8498 ± 0.0051 0.8594 ± 0.0102 0.9724 ± 0.0046 0.9513 ± 0.0087 0.9168 ± 0.0077 0.9901 ± 0.0008 0.0566 ± 0.0026  
 EGNN 6 Å 0.8248 ± 0.0621 0.6319 ± 0.1268 0.6994 ± 0.1163 0.9156 ± 0.0257 0.8670 ± 0.0369 0.7826 ± 0.1230 0.9356 ± 0.0271 0.2123 ± 0.0792  
 GAT 6 Å 0.9815 ± 0.0024 0.9591 ± 0.0079 0.9651 ± 0.0132 0.9903 ± 0.0025 0.9820 ± 0.0049 0.9809 ± 0.0075 0.9991 ± 0.0003 0.0146 ± 0.0016  
 GCN 8 Å 0.9734 ± 0.0013 0.9257 ± 0.0059 0.9120 ± 0.0126 0.9931 ± 0.0021 0.9817 ± 0.0058 0.9652 ± 0.0056 0.9988 ± 0.0001 0.0193 ± 0.0009  
 EGNN 8 Å 0.9506 ± 0.0237 0.8905 ± 0.0462 0.9025 ± 0.0517 0.9778 ± 0.0162 0.9397 ± 0.0449 0.9615 ± 0.0237 0.9852 ± 0.0242 0.0411 ± 0.0174  
 GAT 8 Å 0.9993 ± 0.0008 0.9985 ± 0.0016 0.9988 ± 0.0022 0.9996 ± 0.0005 0.9990 ± 0.0014 0.9996 ± 0.0008 1.0000 ± 0.0000 0.0012 ± 0.0004 
Expanding the spatial neighborhood to 8Å amplifies GAT’s lead. 
The 8Å configuration achieves balanced accuracy of 0.9993 ± 0.0008, 
MCC of 0.9985 ± 0.0016, and an AUPRC indistinguishable from unity, 
with a Brier score reduced to 0.0012 ± 0.0004, indicating consistently 
precise and well-calibrated predictions. Class-specific precision and re-
call remain uniformly high (≥0.9988), underscoring excellent specificity 
and sensitivity. ANOVA again flags significant backbone effects across 
all metrics (Supplementary Notes Table S5). Holm-adjusted contrasts 
show that GAT significantly outperforms both GCN and EGNN for every 
headline metric, with the single exception of AUPRC when comparing 
GAT and EGNN (Supplementary Notes Table S6). Differences between 
GCN and EGNN tighten relative to the 6Å setting, reflecting the latter’s 
improvements in calibration and balanced accuracy.

Comparing cutoffs within each backbone reveals that enlarging the 
spatial radius consistently benefits all models. Both GCN and EGNN 
gain in balanced accuracy and MCC while reducing Brier scores, sug-
gesting that the 8Å context captures salient residue–residue interac-
tions that were missed at 6Å. GAT, however, enjoys the largest lift as 
its calibration and ranking metrics converge to practical optima at the 
broader cutoff.

Overall, the evidence points to two conclusions. First, GAT is the 
most effective backbone in this experiment, outperforming GCN and 
EGNN on every imbalance-aware metric at both spatial cutoffs, with 
differences that remain statistically robust after multiple-comparison 
control in nearly all cases. Second, the 8Å cutoff further boosts per-
formance across architectures and exhibits especially strong synergy 
with GAT. Consequently, we adopt the 8Å GAT configuration for all 
downstream analyses.

4.2.2. Readout function ablation for 8Å GAT
With 8Å GAT established as the strongest backbone/cutoff, we ab-

late the graph readout under identical training, threshold–tuning, and 
evaluation. We compare global mean, attention-based readout [52]. 
Validation results (mean ± SD over 10 seeds) are summarized in Table 
5 whereas omnibus and pairwise statistics appear in Supplementary 
Notes Table S7–S8.

All readouts achieve performance close to the upper limit, but 
attention delivers the strongest results across the board, covering bal-
anced accuracy, precision for class 0 and class 1, recall for class 0 and 
class 1, AUPRC, and the lowest Brier score (Table  5). Mean pooling 
is close behind, while Set2Set is slightly weaker on discrimination 
and calibration. As expected at these performance level, AUPRC is 
indistinguishable across all readouts.

ANOVA detects a significant effect of pooling on balanced ac-
curacy, MCC, and Brier, with other metrics not reaching the 0.05 
threshold (Supplementary Notes Table S7). Holm-adjusted pairwise 
tests localize reliable differences primarily to Mean vs. Attention: bal-
anced accuracy (𝑝=4.487×10−2) and MCC (𝑝=4.484×10−2) are significant 
(Supplementary Notes Table S8). Other pairwise contrasts, including 
those for Brier, do not survive Holm correction given the near-ceiling 
performance.

At this operating point, attention provides the best discrimination 
and the lowest Brier, with tight variances, whereas mean and Set2Set 
offer no measurable advantage.
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4.2.3. Conditioning strategies and fusion mechanisms evaluation
We next ablate the denoising U-Net in our LDM to isolate the effect 

of the conditioning fusion block. Specifically, we compare FiLM-based 
modulation [64] versus cross-attention during denoising under three 
conditioning scopes: (i) unconstrained (no structural conditioning), (ii) 
global protein embeddings, and (iii) pocket-specific embeddings. The 
global protein embedding represents the entire structural context of the 
protein whereas pocket-specific embedding focuses solely on the spatial 
neighborhood of the binding pocket site. Each setting generates a 
validation cohort of 5000 peptides, enabling a controlled comparison of 
fusion mechanisms and conditioning scope on validation performance.

Pocket (Cross-Attention) delivers the strongest validation perfor-
mance on both metrics in Table  6. BLEU improves by roughly 17% 
relative to Pocket (FiLM) and by about 4% over the Global (FiLM). 
Perplexity falls by approximately 27% versus Pocket (FiLM) and by 
35% to 45% relative to the global baselines and the unconstrained 
LDM, indicating closer adherence to biological priors encoded by the 
language model.

The Kruskal–Wallis tests in Supplementary Notes Table S9 deci-
sively reject equal medians for both BLEU and perplexity, motivat-
ing pairwise evaluation. Holm-adjusted Mann–Whitney U outcomes in 
Supplementary Notes Table S9 confirm that Pocket (Cross-Attention) 
significantly outperforms every comparator on both endpoints. Within 
the global setting, FiLM exceeds cross-attention on BLEU while cross-
attention delivers lower perplexity, signaling that fusion choice has the 
largest impact when pocket-aware embeddings are available.

Together these observations show that pocket-aware conditioning 
supplies the most informative structural context, and cross-attention 
is the fusion mechanism that exploits it best. Pocket (Cross-Attention) 
therefore remains the preferred configuration for downstream sequence 
generation.

4.2.4. Docking performance across BCL-xL conformers and other BCL-2 
family receptors

To examine target specificity and conformational robustness, we 
re-docked the same one hundred peptides that previously bound to 
the native BCL-xL structure (4QVE). The test panel comprised three 
additional BCL-xL conformers (1R2D, 3ZLR, 4QVF) and two other 
BCL-2 family receptors (BCL-2 and MCL-1).

The 4QVF [48] structure (BIM BH3) maintains the canonical helical 
binding seen for BH3 peptides, while BID in 4QVE uniquely unwinds 
at the C-terminus. Relative to BID, BIM is associated with a closed 
orientation of Glu96 and Tyr195 (versus the open orientation observed 
with BID), reflecting local packing changes in the groove. Including 
4QVF tests whether generated peptides retain favorable binding when 
the groove contracts. The 1R2D [65] conformer captures an alternative 
BH3-groove state of BCL-xL with subtly shifted loop packing and side-
chain orientations around the P2–P4 region. Although not complexed 
with a peptide, it samples a compact binding-competent groove similar 
to BH3-bound forms, thereby testing tolerance to modest conforma-
tional rearrangements within the binding cleft. In contrast, 3ZLR [66] 
is a small-molecule complex in which a benzothiazole-hydrazone ligand 
displaces Phe105 and remodels the P2 pocket, creating a markedly 
different local geometry from any peptide-bound form. This structure 
tests robustness against non-peptidic groove conformations.
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Table 5
Validation performance (mean ± SD over 10 seeds) for GAT at 8Åacross pooling/readout functions.
 Pooling Balanced Acc. ↑ MCC ↑ Precision ↑ Recall ↑ AUPRC ↑ Brier ↓  
 Class 0 Class 1 Class 0 Class 1  
 Mean 0.9993 ± 0.0008 0.9985 ± 0.0016 0.9988 ± 0.0022 0.9996 ± 0.0005 0.9990 ± 0.0014 0.9996 ± 0.0008 1.0000 ± 0.0000 0.0012 ± 0.0004  
 Set2Set 0.9985 ± 0.0018 0.9967 ± 0.0041 0.9970 ± 0.0041 0.9993 ± 0.0008 0.9982 ± 0.0022 0.9989 ± 0.0015 1.0000 ± 0.0000 0.0015 ± 0.0008  
 Attention 0.9999 ± 0.0003 0.9999 ± 0.0004 1.0000 ± 0.0000 0.9999 ± 0.0002 0.9998 ± 0.0006 1.0000 ± 0.0000 1.0000 ± 0.0000 0.0006 ± 0.0008 
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Table 6
Comparison of conditioning strategies and fusion mechanisms. Metrics are 
reported as mean ±SD over 5,000 generated peptides. 
 Condition BLEU ↑ Perplexity ↓  
 Unconstrained 0.176 ± 0.078 10.774 ± 6.828 
 Global (FiLM) 0.221 ± 0.095 9.142 ± 7.446  
 Global (Cross-Attn) 0.173 ± 0.0970 9.183 ± 4.323  
 Pocket (FiLM) 0.198 ± 0.115 8.209 ± 6.830  
 Pocket (Cross-Attn) 0.231 ± 0.087 5.957 ± 2.514  

Table 7
Docking success rates for 100 random attempts per receptor.
 BCL-xL Other BCL-2 family
 Receptor 4QVE 1R2D 3ZLR 4QVF BCL-2 MCL-1  
 Success rate (%) 100 98 98 97 79 18  

Fig. 5. Docking score distributions (lower is better) for successful runs across 
BCL-xL conformers and other BCL-2 family receptors. Counts of successful 
docking are annotated. The main panel uses a symlog scale with a linear inset 
near zero. Binding is strongest and most consistent for 4QVE, slightly weaker 
for 1R2D, degraded for 3ZLR, and unstable for 4QVF. Cross-family transfer is 
limited, with weak binding to BCL2 and sparse but favorable cases for MCL1.

Together, these conformers span the structural spectrum from
peptide-induced compact and expanded grooves to ligand-induced 
rearrangements, while BCL-2 [67] and MCL-1 [68] provide cross-family 
comparisons for selectivity. For each receptor we measured both the 
probability of achieving a valid docking pose and the conditional 
score distribution, where lower scores indicate stronger binding. Fig. 
5 visualizes these distributions, and Table  7 summarizes success rates.

The native 4QVE structure achieved complete success with the 
most favorable and compact score distribution. The 1R2D conformer 
remained highly tractable with only mild weakening, indicating lim-
ited sensitivity to moderate structural deviations. The 3ZLR pocket 
yielded uniformly weaker scores, consistent with a less compatible 
groove geometry. The 4QVF structure produced wide and heavy-tailed 
distributions with occasional extreme penalties, suggesting unstable or 
partially collapsed docking modes.
 p
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Table 8
Docking success rates (%, 100 attempts per receptor).
 MCL-1 Cond. Peptides BCL-2 Cond. Peptides
Receptor MCL-1 BCL-xL BCL-2 BCL-xL  
Success rate (%) 100 85 100 82  

Cross-family transfer was limited. BCL-2 accepted 79 of 100 pep-
ides but produced broadly unfavorable scores with a pronounced right 
kew, while MCL-1 succeeded for only 18 peptides. Among those few 
uccesses, the scores were strong, yet the low success rate indicates 
trong selection bias toward easy cases.
Nonparametric tests found in Supplementary Notes Table S10 con-

irm these trends. The Kruskal–Wallis omnibus test detected strong 
ifferences across receptors (𝑝 = 8.690×10−18). Dunn contrasts indicate 
hat the native 4QVE binds significantly better than 3ZLR, 4QVF, 
nd BCL-2, and marginally better than 1R2D. The 1R2D conformer 
emains stronger than 3ZLR and comparable to 4QVF, while BCL2 
erforms significantly worse than both native and 1R2D. MCL-1 differs 
rom several receptors, outperforming 3ZLR, 4QVF, and BCL-2 but 
ot distinguishable from 4QVE or 1R2D. However, MCL-1 produced 
nly eighteen successful dockings, its conditional statistics should be 
nterpreted with caution.
Considering both success rates and score distributions, the gen-

rated peptides bind most consistently and favorably to the primary 
CL-xL, retain strong affinity for moderate conformational variants 
uch as 1R2D, and lose stability for ligand-free or open-pocket states 
ike 3ZLR and 4QVF. Cross-family generalization is weak, with BCL-
 showing poor compatibility and MCL-1 favorable only in a few 
elective cases. Overall, the results indicate that the target-aware latent 
iffusion model produces sequences optimally tuned for the primary 
CL-xL target while maintaining limited but interpretable robustness 
o structural variation within the family.

.2.5. Conditioned peptide docking selectivity
To evaluate whether the conditioning mechanism transfers mean-

ngful structural preferences across related receptors, we analyzed the 
ocking performance of peptides generated under distinct conditioning 
argets. Each conditioned peptide set of 100 sequences per target was 
ocked to both its native receptor and cross-family receptors using 
ADDOCK3, and the resulting score distributions were compared on 
 symmetric log scale as shown in Fig.  6.
Peptides conditioned on MCL-1 exhibited strong binding to their 

ntended receptor, achieving the most negative docking energies and a 
00% success rate as reported in Table  8. When the same peptides were 
edirected to BCL-xL, their median affinity weakened modestly with an 
5% docking success rate, indicating partial structural compatibility 
etween the two grooves. In a similar manner, BCL-2 conditioned 
eptides bound effectively to BCL-2 with 100% success but lost binding 
fficiency when redirected to BCL-xL with 82% success. These results 
how that the conditioning network captures target specific features 
hat are partly transferable to homologous BCL-2 family members but 
emain strongest at the original conditioning receptor.
Statistical testing presented in Supplementary Notes Table S11 con-

irmed significant differences among receptor and condition groups. 
he Kruskal–Wallis test yielded 𝐻 = 74.700 and 𝑝 = 4.202×10−16. Dunn 
ost hoc comparisons with Holm correction showed clear contrasts 
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Fig. 6. Cross-target docking performance of conditioned peptide sets on a 
symmetric log scale. Each box shows the distribution of HADDOCK3 scores for 
random 100 peptides conditioned on the indicated source target and evaluated 
on the target shown on the 𝑥-axis. Lower scores indicate stronger predicted 
binding.

between cognate and non-cognate pairs such as MCL-1 versus BCL-xL 
for MCL-1 conditioned peptides with 𝑝 = 1.060×10−2 and BCL-2 versus 
BCL-xL for BCL-2 conditioned peptides with 𝑝 = 2.489 × 10−15.

Taken together, these results demonstrate that the target aware 
conditioning framework preserves receptor specific preferences while 
retaining moderate flexibility toward related anti-apoptotic proteins. 
The observed selectivity patterns confirm that structural conditioning 
effectively guides peptide generation toward sequences optimized for 
the intended binding pocket, consistent with the model objective.

5. Conclusion

We presented a receptor-aware generative framework, T-LDM, that 
fuses graph-encoded pocket context with latent diffusion to design 
apoptosis-inducing peptides. By extracting residue-level constraints 
with an 8Å GAT and injecting them as modulated prompts into a 
U-Net denoiser, T-LDM aligns generative sampling with the local in-
teraction topology of the BCL-xL groove while preserving sequence 
priors from a protein language model. This design achieves three 
complementary outcomes. First, the GAT structural encoder is ac-
curate and well-calibrated, enabling reliable conditioning constraint 
embeddings. Second, pocket-centric cross-attention during denoising 
materially improves sequence quality and linguistic fluency relative 
to global or unconstrained variants (significant gains in BLEU and 
perplexity under non-parametric tests with Holm correction). Third, 
among contemporary baselines, T-LDM attains the lowest perplexity 
and the best overall JS divergence across physicochemical properties 
(best-in-class for net charge, pI, and AntiCP; lowest mean JS), while 
preserving novelty relative to the training corpus.

Functionally, docking studies show that T-LDM concentrates prob-
ability mass on low-energy BCL-xL binders and limits the fraction 
of penalized, non-productive poses, outperforming autoencoder base-
lines and complementing the strong median energies observed for Pro-
teinMPNN. Cross-family evaluations further suggest that while trans-
fer to BCL-2/MCL-1 is limited, BCL-xL conformational variants can 
be accommodated with moderate sensitivity, supporting the use of 
pocket-specific conditioning when structural heterogeneity is expected.

This work establishes T-LDM as a principled approach for peptide 
design that is simultaneously syntax-faithful, physicochemically real-
istic, and structurally compatible with a therapeutic receptor. Beyond 
ACPs, the modular design of our framework which spans across ESM-
based language modeling and structural GNN conditioning, can be 
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adapted to other therapeutic contexts, such as antimicrobial, antivi-
ral, or cell-penetrating peptides. Furthermore, the interpretability and 
robustness of the model open the door for integration with wet-lab 
screening pipelines, facilitating a loop between in silico generation and 
experimental validation.

In summary, this work establishes a target-aware, data-efficient 
framework for rational peptide design, capable of producing candi-
dates with high linguistic fidelity and biochemical realism, accelerating 
the discovery of next-generation peptide therapeutics, development 
timelines, and expanding the frontiers of precision medicine.
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