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Abstract

Existing AMP generation methods largely rely on
protein language models such as ESM-2, which
are trained on full-length proteins rather than
peptide-specific distributions, leading to represen-
tation mismatch. Moreover, current approaches
struggle to generate sequences that align with
AMP classifier signals, despite activity prediction
being the most critical objective in AMP design.
We introduce AMP-DIT, a conditional discrete
diffusion framework that generates peptides di-
rectly in sequence space, avoiding reliance on
pre-trained protein language models. Our method
uses classifier conditioning from Macrel (Santos-
Janior et al., 2020) to bias generation toward high
antimicrobial activity, improving functional qual-
ity during sampling. Conditioning on a single
predictor generalizes across multiple AMP pre-
diction models, indicating that AMP-DiT captures
underlying antimicrobial features rather than over-
fitting. Overall, AMP-DiT outperforms existing
AMP design methods across almost all available
AMP-classifier metrics while maintaining diver-
sity.

1. Introduction

Biological background and problem statement. An-
timicrobial resistance (AMR) is a major global health
threat, motivating the development of new therapeutic strate-
gies beyond conventional antibiotics. Antimicrobial pep-
tides (AMPs) are short, diverse peptides with broad activ-
ity against bacteria, fungi, parasites, and viruses, making
them promising candidates for combating drug-resistant
pathogens. (Fjell et al., 2012) However, AMP design re-
mains challenging because antimicrobial activity depends
on a delicate balance of sequence composition, charge, hy-
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drophobicity, amphipathicity, toxicity, stability, and target
specificity. Traditional discovery pipelines rely heavily on
high-throughput screening, rational modification, and post-
generation filtering, which are costly and often inefficient.
(Wan et al., 2024) These limitations highlight the need for
controllable generative models that can directly produce
peptide candidates aligned with antimicrobial activity and
suitable for downstream experimental validation.

Al-based AMP generation and protein design. Recent
advances in generative modeling have opened new oppor-
tunities for biological sequence and structure design. In
protein design, diffusion-based methods such as RFdiffu-
sion have demonstrated the ability to generate protein back-
bones, binders, and functional scaffolds by conditioning
the denoising process on structural or functional constraints
(Watson et al., 2023). More recently, binder design frame-
works such as BoltzGen (Stark et al., 2025) have extended
generative protein design toward all-atom protein and pep-
tide binders, suggesting that generative models can be used
not only to sample plausible biomolecules but also to opti-
mize them for target-specific molecular recognition. These
advances are particularly relevant to AMR, where resistance
is often mediated by bacterial proteins such as enzymes,
transporters, or regulatory factors; designing peptides that
either act as AMPs or bind and inhibit AMR-related proteins
could provide a powerful route toward new antimicrobial
therapeutics.

In parallel, several deep learning based methods have been
proposed specifically for AMP generation. AMP-Diffusion
introduced a latent diffusion framework that uses ESM-2
representations to generate candidate antimicrobial peptides
(Torres et al., 2025). OmegAMP proposed a controllable
diffusion-based AMP design framework with biological con-
ditioning and downstream classifier-based filtering (Soares
et al., 2026). These methods demonstrate the promise of
diffusion models for AMP discovery, but they also expose
important limitations. Many existing AMP generators de-
pend on protein language models such as ESM-2 (Lin et al.,
2023), which are trained primarily on full-length proteins
rather than peptide-specific distributions. This can introduce
a representation mismatch, since AMPs are short, composi-
tionally biased, often disordered, and governed by different
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functional constraints than globular proteins. Moreover,
when generation occurs in continuous latent spaces, it may
be harder to directly control discrete peptide sequences and
align them with activity predictors.

Limitations of classifier-based evaluation and filtering.
A central challenge in AMP generation is that antimicrobial
activity is difficult to evaluate computationally in a stan-
dardized way. Most generative AMP methods use their
own activity predictors, discriminators, or filtering pipelines
to select promising candidates after generation.(Szymczak
et al., 2023; Soares et al., 2026) While such classifiers are
useful, this creates a comparison problem: each method
may appear strong under the classifier it was optimized or
filtered with, but weaker under independent predictors. This
can lead to biased filtering, inflated in silico performance,
and poor comparability across methods. Therefore, an im-
portant goal for AMP generation is not only to produce di-
verse and novel sequences, but also to generate peptides that
consistently align with independent AMP classifier signals.
Since predicted AMP activity is one of the most important
computational metrics before wet-lab testing, incorporating
classifier guidance directly into the generation process may
be more effective than relying only on post hoc filtering.

AMP-DIiT In this work, we introduce AMP-DiT, a condi-
tional discrete diffusion transformer for antimicrobial pep-
tide generation. Unlike methods that sample from protein
language model latent spaces, AMP-DiT generates peptide
sequences directly in discrete token space and is trained
on AMP-specific data. To improve functional alignment,
AMP-DiT incorporates conditioning from an external AMP
predictor, Macrel (Santos-Junior et al., 2020), during gen-
eration, explicitly steering the denoising process toward
sequences with high predicted antimicrobial activity.

Our key hypothesis is that AMP activity should not be
treated only as a post-generation filtering criterion, but as
a direct conditioning signal during peptide generation. By
conditioning the diffusion process with classifier values,
AMP-DiT biases sampling toward high-fitness antimicrobial
peptides while maintaining sequence diversity. We further
show that conditioning on a single AMP predictor improves
not only the conditioning classifier score but also scores
from other independent AMP prediction models, suggest-
ing that AMP-DiT captures general antimicrobial features
rather than simply overfitting to one predictor. AMP-DiT
is a class-conditional discrete diffusion model whose de-
noiser is a standard DiT-style transformer (Peebles & Xie,
2022); apart from Macrel-based adaLLN conditioning, the
backbone closely follows the discrete diffusion design used
in AMP-Diffusion (Torres et al., 2025).

2. Methods
2.1. AMP-DiT

We model peptide design as the generation of a dis-
crete token sequence ro € {0,...,N — 1}L, where
L is a fixed maximum sequence length and N is
the token vocabulary size. We set N = 20, cor-
responding to the 20 canonical amino acids V =

{A’ R? N? D? C’ Q? E’ G7 H7 I7 L7 K7 M7 F? P7 S7 T7 W) K V}'

Each position is a categorical variable over V, and the
D3PM forward process mixes each token toward the
uniform distribution over |V| = N categories. Sequences
are encoded at the character level and padded to length L.

Data and Conditioning Signal For each training pep-
tide, we compute two external biological scores using
Macrel: (i) AMP probability and (ii) a non-hemolytic
safety score.(Santos-Junior et al., 2020) The second score
is oriented so that larger values indicate lower predicted
hemolytic risk, not higher hemolysis. These values form a
conditioning vector ¢ € R?, which is used during training
as a soft attribute signal.

Forward Diffusion Process We employ a D3PM-style
(Austin et al., 2021) categorical noising process with T’
diffusion steps. At each step ¢, a transition matrix (); mixes
each token with a near-uniform distribution according to a
cosine schedule 3;. The cumulative transition ); defines:

q(z¢ | zo) = Cat(zs; Qi o).

Sampling from this categorical distribution is implemented
via the Gumbel-max trick (Jang et al., 2017).

Reverse Model The reverse transition is modeled by a
transformer denoiser conditioned on x4, t, and c. It predicts
logits for the clean sequence:

To = fo(we, t, €).

Training Objective At each iteration, we sample a
timestep t, corrupt zy — x, and predict £o. The model is
trained using a hybrid objective:

* Variational bound term: KL divergence between
q(-1 | 21, 20) and q(x4-1 | 1, 20),

* Cross-entropy loss on predicted token logits.

The total loss is:

L= Avb Evb + ‘CCE-
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Algorithm 1 Conditional Discrete Diffusion for AMP Gen-
eration

Require: Dataset D = {(xq, ¢)}, diffusion steps T'
1: for each training step do
2:  Sample (zg,c) ~ D
Sample timestep ¢ ~ U (1,T)
Sample noisy sequence z; ~ g(x; | o)
Predict &g = fp(x¢,t,¢)
Compute loss:

AN AN

L= >\vb£vb + £CE

7 Update 6 via gradient descent

8: end for

9: Sampling:

10: Initialize z7 ~ Unif ({0,..., N — 1}¥)
11: fort =T to1do

12:  Sample x4_1 ~ pg(xs—1 | ¢, C)

13: end for

14: Return xg

Sampling and Inference Generation starts from random
discrete noise z7 ~ Unif ({0, ..., N — 1}¥) and iteratively
applies the reverse transitions from ¢t = T to 1. Gener-
ated sequences are decoded to characters. In our current
implementation, conditioning is fixed to ¢ = [1, 1] for all
samples, corresponding to high antimicrobial activity and
high non-hemolytic safety.

2.2. Classifier Conditioning

Diffusion models need to process conditional inputs, like dif-
fusion timesteps or class labels. We use transformer blocks
with adaptive layer normalization layers (adaLN), follow-
ing the DiT model. Importantly, these adaLN layers also
modulate the activations immediately prior to any residual
connections within the block, and are initialized such that
each ViT block is the identity function. The architecture is
shown in Figure 1. Apart from this conditioning mechanism,
AMP-DIiT follows a standard transformer-based discrete dif-
fusion architecture similar to prior AMP diffusion models
(Torres et al., 2025).

2.3. Evaluation

Generated peptides are assessed along three axes: activity
and safety predictors, sequence-level statistics, and struc-
ture and language-model plausibility.

e Predictors: Macrel (AMP probability and non-
hemolytic safety score) (Santos-Junior et al., 2020),
AMP-Scanner (Veltri et al., 2018), ToxinPred (Rathore
et al., 2024), HydrAMP-style AMP and MIC estimates
(Szymczak et al., 2023), AMPIify (Li et al., 2022), and

y. N
/ a
// Scale IR 2
Noise :
Z / Pointwise
4 4 / FeedtTrward
Linear and Reshape ,/ Scale, Shift Jeb2
1 / !
7 Layer Norm
Layer Norm / :
/
N x DiT Block S Y
|
\\ Multi-Head
Tokenizer Embed \ Self-Attention
L Y1.81
| | N Scale, Shift  +———|
SETED imeelen? \\ LayerlNorm MLP
Label y \ | —— |

N
K Input Tokens Conditioning )

Latent Diffusion Transformer DiT Block with adaLN-Zero

Figure 1. Architecture of AMP-DiT. Peptide sequences are tok-
enized and corrupted through a categorical diffusion process. A
DiT-style transformer denoiser predicts clean amino-acid tokens
from noisy tokens, timestep embeddings, and biological condi-
tioning values. The Macrel-derived AMP probability and non-
hemolytic safety score are embedded through an MLP and injected
into each transformer block using adalLN-Zero modulation.

APEX (Sharma et al., 2024);

* Statistics: diversity, uniqueness, entropy, k-mer com-
position (JS-k), amino-acid frequency, and ModlAMP-
derived physicochemical descriptors (Section A.1);

¢ Structure and language models: mean pLDDT from
OmegaFold-predicted peptide structures (Wu et al.,
2022), pseudo-perplexity under ProGen2 (Nijkamp
et al., 2022), and a fitness score computed from amino-
acid hydrophobicity scales (as in our analysis scripts).

This evaluation separates functional activity, toxicity-related
safety, structural confidence, and distributional quality. In
particular, using several independently trained AMP predic-
tors reduces the chance that a generated set appears strong
only because it matches the bias of a single scoring model.
Definitions of diversity, uniqueness, entropy, JS-k, fitness,
and physicochemical descriptors are given in Section A.1.

3. Dataset

We use the Therapeutic Peptides dataset (Xiao et al., 2025)
for training and evaluation. We retain only peptides com-
posed of the 20 canonical amino acids (|V| = 20) with
length between 5 and 30 residues.

4. Results

For in silico evaluation, we benchmark generated peptides
using multiple independent AMP prediction models, includ-
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Table 1. Comparison of AMP generation models across diversity, uniqueness, fitness, entropy, and k-mer distribution metrics (definitions

in Section A.1).

Method Diversity Uniq. Fitness Entropy uJS-3  JS-6
AMPGAN 41 99 0.12 2.90 0.89 0.013
PepCVAE 30 100 0.07 3.12 0.89 0.009
HydrAMP 30 100 0.09 2.82 0.89 0.011
AMP-Diffusion 36 90 0.10 3.17 0.79 0.018
DiT-AMP (Ours) 47 100 0.14 2.80 0.37  0.022

Table 2. Comparison of AMP generation methods across multiple evaluation metrics. pLDDT is the mean confidence score from
OmegaFold-predicted structures. For MACREL#pemo, higher values denote greater non-hemolytic safety, i.e., lower predicted hemolytic

risk.
Method AMP-Scanneramp rae  AMP-Scannerpro,  AMPlifyavprae AMPlifyproy,  APEXamic OmegaFold pLDDTmean HydrAMPavip  HydrAMPavic MACRELavp  MACRELgemo
AMPGAN 0.63 0.63 0.65 0.64 344 74.03 0.63 0.32 0.47 0.60
PepCVAE 0.50 0.50 0.49 0.49 426 72.11 0.52 0.21 0.36 0.41
HydrAMP 0.64 0.64 0.61 0.59 361 71.74 0.78 0.51 0.40 0.47
AMP-Diffusion 0.69 0.70 0.12 0.17 413 71.76 0.81 0.46 0.45 0.50
DiT-AMP (Ours) 1.00 0.99 1.00 0.99 236 75.25 0.97 0.80 0.81 0.94

Normalized Predictor Metrics  AMPGAN

PepCVAE
—— HydrAMP
—— AMP-Diffusion
= DIT-AMP (Ours)

AMP-Scanner
AMP Rate

HydrAMP
AMP

Figure 2. Comparison of AMP generation methods across multiple
external predictors.

ing AMP-Scanner (Veltri et al., 2018), AMPIlify (Li et al.,
2022), APEX (Sharma et al., 2024), HydrAMP (Szymczak
et al., 2023), and Macrel (Santos-Junior et al., 2020). These
models provide complementary measures of peptide quality:
AMP-Scanner and AMPIlify estimate antimicrobial likeli-
hood, APEX and HydrAMP provide MIC-related activity
estimates, and Macrel provides both AMP activity and a
non-hemolytic safety score. We additionally fold each gen-
erated peptide with OmegaFold (Wu et al., 2022) and report
mean pLDDT as a structure-confidence measure. Reporting
performance across this classifier panel allows us to assess
whether generated sequences consistently exhibit antimicro-
bial properties rather than being optimized for a single scor-
ing function. This is particularly important because AMP
generators are often evaluated using method-specific classi-
fiers, which can introduce biased filtering and make compar-

isons across methods unreliable. By using multiple exter-
nal predictors and a structure-confidence score, we obtain
a more stringent and comparable evaluation of functional
alignment, potency, potential toxicity, and foldability. In
Table 1, AMP-DiT improves diversity and hydrophobicity-
based fitness while preserving perfect uniqueness; lower
JS-3 indicates closer agreement with the training k-mer dis-
tribution (Section A.1). Table 2 shows that the same samples
also receive strong antimicrobial scores from predictors that
were not used for conditioning.

el L

Charge

AMPDiffusion
HydrAMP
PepCVAE
AMPGAN

:WEQE+%§4é5%4

Figure 3. ModlAMP-derived physicochemical descriptors for gen-
erated peptides: isoelectric point (pl), net charge at pH 7.4, Eisen-
berg hydrophobicity, and aromaticity (definitions in Section A.1).

Hydrophobicity

The physicochemical property analysis is depicted in the
figure 3. The AMP-Diffusion model generates peptides
with isoelectric point (pI) and charge distributions that are
closely aligned with those of the training dataset, exhibit-
ing a broad interquartile range. This suggests that AMP-
Diffusion can generate a diverse array of peptides with pl
values that are potentially advantageous for biological ac-
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tivity. In contrast, HydrAMP and AMPGAN exhibit higher
pl and charge values; however, these largely fall outside the
distribution of natural AMPs, which may put into question
their biological relevance. PepCVAE demonstrates a per-
formance comparable to AMP-Diffusion in terms of pI and
charge. Regarding hydrophobicity and aromaticity, AMP-
Diffusion and other models generally match the distribution
of real AMPs, with the exception of HydrAMP. Notably,
the peptides from AMP-Diffusion display a wide range of
hydrophobicity and aromaticity, indicating the model’s abil-
ity to synthesize peptides that extend beyond the diversity
found in natural AMPs. This expanded range could poten-
tially lead to novel peptides with unique properties suitable
for various therapeutic applications.

5. Conclusion

We presented a conditional discrete diffusion framework
for antimicrobial peptide design, where a DiT-style de-
noiser learns reverse transitions in sequence space under
biological conditioning from Macrel-derived AMP and non-
hemolytic safety scores. Across benchmark metrics, our
model maintains high uniqueness while improving key gen-
eration properties such as diversity and fitness relative to
baseline methods. Complementary analyses with external
AMP predictors and physicochemical descriptors further
indicate that generated sequences are both functionally plau-
sible and aligned with natural AMP-like profiles. These
results support discrete, controllable diffusion as a practical
foundation for AMP discovery. Future work will focus on
wet-lab validation, targeting specific bacteria, and extending
this framework to broader protein and peptide engineering
tasks.

Impact Statement

Our work on reliable conditional generation of AMPs has
the potential to advance antimicrobial discovery, especially
in low-data regimes. However, the ability to generate novel
bioactive sequences could be misused to design harmful pep-
tides. We do not intend for our research to be used in such a
manner and encourage responsible applications aligned with
public health and safety. Our approach also evaluates gen-
erated peptides through existing AMP prediction methods,
making the comparison more fair and rigorous.

Software and Data

Code for training, sampling, and evaluating AMP-
DiT is available at https://github.com/
Alirzeanoroozi/DiT—-AMP.
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AA h ha
A 0.25 0.00
R -1.80  0.21
N -0.64 0.65
D -0.72  0.69
C 0.04 0.68
Q -0.69  0.39
E -0.62  0.40
G 0.16  1.00
H -0.40 0.61
I 0.73 041
L 0.53  0.21
K -1.10  0.26
M 026 0.24
F 0.61 0.54
P -0.07  3.16
S -0.26  0.50
T -0.18  0.66
w 0.37 049
Y 0.02 0.53
v 0.54 0.61

Table 3. Hydrophobicity (h) and helix propensity (h.) scales used in the fitness calculation.

A. Appendix
A.1. Metrics

For a generated set of sequences S := {s;}7_;, we compute diversity as the complement of the average normalized pairwise
alignment between peptides. Alignment is defined as the largest ordered subset of characters shared by two sequences,
following Needleman—Wunsch alignment (Needleman & Wunsch, 1970). Specifically,

~1 .
— n Alignment(s;, s;)

Diversity(S) = 100 — 1 > — :
iversity(5) = 100 00(2) min (length(s;), length(s;))

1<i<j<n
‘We compute uniqueness as the percentage of distinct sequences in the generated set:

‘{Sz ‘ Si ¢ {81,...781‘71}”

n

Uniqueness(S) = x 100.

Sequence entropy. For each peptide s, let p,(s) denote the empirical frequency of amino acid @ € V in s. The
per-sequence Shannon entropy is

H(s) == pa(s)logpa(s),

acV

and we report Entropy,(S) = n~' 3" g H(s) over the generated set.

k-mer Jensen—Shannon divergence. Let P and Q5 denote the normalized frequency distributions of overlapping k-mers
pooled over all generated peptides and over the training set, respectively. We define

JS-k = JS(P:||Qk) = SKL(Py||My) + $KL(Qu|| M),

with M}, = %(Pk + Q). Lower values indicate closer agreement with the training k-mer distribution. Table 1 reports JS-3
and JS-6 for k = 3 and k = 6.

Physicochemical descriptors. Using modlAMP (Miiller et al., 2017), we compute global descriptors for each peptide.
Figure 3 compares isoelectric point (pI), net charge at pH 7.4, Eisenberg hydrophobicity, and aromaticity (fraction of F, W,

and Y residues) between generated peptides and the training distribution.

7
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For the fitness score, let § := 1007 /180, i.e., the equivalent of 100° in radians, and let h and h, denote the amino-acid
scales in Table 3. For a sequence (a1, ..., ar,), we compute amphipathic hydrophobicity along a helical projection and
normalize by helix propensity:

2 2
, 1 \/ (ZL h(ai)cos(iﬁ)) + (2; h(ai)sin(iﬁ))
Fitness(S) = o (ah.%)es ZiLZI oxp (o)) )



