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ABSTRACT

Proteins are shaped by evolution under biophysical and functional constraints.
Protein language models can learn rich evolutionary constraints, and discrete
diffusion-based PLMs (DPLMs) are promising for both understanding and gen-
eration. However, existing DPLMs rely on masking-based diffusion, which is
a loose proxy for evolution, and difficult to model the edit operations that drive
sequence change in nature: substitutions and insertions/deletions (indels). In this
paper, we present DPLM-EVO, an evolutionay discrete diffusion protein language
model that explicitly predicts substitution, insertion, and deletion actions during
denoising. To make indel-aware generation tractable, we introduce a latent align-
ment formulation that supports variable-length sequences. To make substitution
corruption informative, we propose a contextual evolutionary noising kernel that
generates biologically plausible mutations. On ProteinGym, DPLM-EVO0 achieves
state-of-the-art mutation effect prediction in the single-sequence setting, and it
enables variable-length generation and post-editing via explicit edit trajectories.

1 INTRODUCTION

Today’s rapidly growing sequence databases archive the results of protein evolution over millions
of years, capturing both conserved patterns and extensive natural variation across families. For
protein engineering, the practical goal is often not only to generate “protein-like” sequences, but also
to leverage this evolutionary information to (i) predict the functional impact of mutations and (ii)
propose variants that preserve the structure while improving or reprogramming function.

Protein language models (PLMs) trained on large protein sequence corpus have become a dominant
paradigm for learning such evolutionary regularities (Lin et al., 2022; [Hayes et al.| 2024; |[Nijkamp
et al.2022; Wang et al.| | 2024bga). By modeling the statistics of natural sequence variation, PLMs
enable diverse applications including sequence-only, zero-shot mutation effect prediction (Meier et al.,
2021)) and protein structure prediction (Lin et al.| [2022)). In many real design workflows, however, the
problem is inherently edit-based: engineers start from a natural scaffold and iteratively introduce
substitutions and indels to modify loops, linkers, termini, or binding interfaces while preserving the
overall fold and key functional sites.

Diffusion-based protein language models (Sohl-Dickstein et al.,|2015;|/Austin et al., 202 1;|Hoogeboom!
et al.| 2021} Zheng et al. [2023a}; [Sahoo et al.| [2024; |Shi et al., 2024; Nie et al., 2025) provide a
powerful bidirectional modeling paradigm, but most existing methods use masked diffusion: the
forward process hides tokens and generation recovers them. Masking is a loose proxy for evolution,
which changes sequences through substitutions and indels and often requires variable-length edits
for remodeling loops, linkers, and motifs. This mismatch makes it difficult to express realistic
evolutionary trajectories and to post-edit existing proteins when length changes are needed.

We propose DPLM-EVO, an evolutionary discrete diffusion framework that predicts substitution,
insertion, and deletion actions during denoising (Fig. [I). Our key design is to introduce a latent
alignment space for diffusion, coupled to the observed sequence space, which makes indel-aware
modeling tractable. We further introduce a contextual evolutionary noising kernel for substitution
corruption to provide informative, biologically plausible mutation noise.

In short, our contributions are: (i) introducing an evolutionary discrete diffusion with explicit
substitution, insertion, and deletion predictions; (ii) decoupling a latent alignment formulation for
length-adaptive modeling; and (iii) biologically informed noising for substitution. Empirically,
DPLM-EVO0 achieves state-of-the-art single-sequence mutation effect prediction on ProteinGym and
supports variable-length generation and post-editing via explicit edit trajectories.
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Figure 1: (A) DPLM-EVO models evolution with explicit substitution, insertion, and deletion
predictions via a latent alignment space that supports variable length. (B) Sampling iteratively applies
these edits to generate sequences. (C) Applications include mutation effect prediction, simulated
evolution, optimization, and conditional motif scaffolding.

2 PRELIMINARIES

We briefly review diffusion protein language models (DPLMs) under the masked diffusion framework,
which underpins our evolutionary extension.

DPLM with masked diffusion. The masked discrete diffusion framework (Sahoo et al., 2024; Liu
et al., [2025; Nie et al., 2025) is characterized by a forward and backward Markov process. Let
Cat(x; p) be a categorical distribution on protein sequence x parameterized by a probability vector
p over the vocabulary A of K amino acids. The forward process of masked diffusion is governed by

q(x(t)|x(t*1)) = Cat (x(t); ap0yi—1) + (1 — @t)ﬂ'mask),

which gradually perturb the data xo ~ ¢(x) into an absorbing state xT) ~ mpak. The learned

backward process pg(x~1|x®)) reversely denoises x(T) towards the data distribution x.

The learning objective can be simplified into weighted cross-entropies, resembling masked language
modeling at arbitrary noise levels:

Ly = EqKL[g(x" D [x®, x)[[pg(x 1 x1)]
= Eq(x) [AtZlﬁiSL]Ixii)#xgi) -log pe (x(()l) ‘X(t))} ,

where )\; is a weighting coefficient induced by the noising schedule. For inference, DPLM samples
from an all-mask initialization and iteratively denoises in a mask-predict manner.

Motivation. The masked diffusion formulation of makes it difficult to (i) represent the elementary
evolutionary edits that biologists and engineers apply in practice—substitutions, insertions, and
deletions—and (ii) support flexible, variable-length trajectories during generation and post-editing.
To address this mismatch, we extend the DPLM framework to explicitly model evolutionary edit
operations in next section.

3 METHODOLOGY

Standard discrete diffusion is typically fixed-length and therefore cannot explicitly represent insertions
and deletions. We extend masked discrete diffusion to an evolutionary framework by coupling a
variable-length observed sequence space to a latent alignment space (Havasi et al., 2025; |Graves
et al.,|2006). The alignment is served as a latent variable for the forward noising process between
observed clean and noisy sequence, enabling variable length modeling. The model predicts a
substitution distribution together with insertion and deletion probabilities, thereby supporting explicit
edit trajectories and variable-length sampling.

3.1 AN EVOLUTIONARY DISCRETE DIFFUSION FRAMEWORK

Accomodating length-adaptive indel modeling with latent alignment. Let ) represent the amino
acid vocabulary. To handle variable-length sequences, we draw inspiration from latent-alignment
methods (Graves et al., 2006; Havasi et al.,2025) and distinguish between two spaces:
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* Observed Space X': Sequences x € VI with V = AU {m}, where m is a mask token.
* Latent Alignment Space Z: Sequences of length 2L over V* = V U {¢}, where ¢ is a
gap token.

We define a deterministic collapse function T ~%(z) : Z — X that maps a latent alignment z to an
observed sequence x by removing all ¢ tokens, i.e., T~*(z) = [z0) | z0) # ¢, Conversely,
I'(x) denotes the set of all latent alignments z that collapse to x, obtained by inserting exactly L gap
tokens ¢ into x at arbitrary positions, for example [A, B, C| — [A, ¢, ¢, B, ¢, C]. This expanded
latent canvas, which is strictly longer than observed x, enables length-changing generation through
explicit gap token transitions.
Given an observed protein xg, we treat its alignment z, as a latent variable, the training objective is
to maximize the evidence lower bound (ELBO) of the log-likelihood:

log pe(x0) = log Z P0(20) > Epperixo) |:Ezt~qt(zt|zo) [log po(zo|z:)] |- (1)
zo €l (x0)
Forward noising process for sequence with holistic edit operations. Unlike predominant masked
diffusion models that use absorbing-state (mask) noise, we introduce a new noising prior (zg) that
respects all possible sequence edit operations.

T Qg r
Zo Z
QnoiseJ{ /’at
7T(Z0)

Specifically, the forward transition ¢(z|zo) is defined as an interpolant of the original data and the
noise distribution: ¢;(z¢|z¢) = @0, + (1 — &;)7(z0), where &, is the noise schedule. The noise
distribution 7(z¢) depends on the initial state z via a transition matrix Qyise € RE+2)x(K+2)
defining transitions between K amino acids, m and ¢:

7T(ZO) = Cat(' ‘ Qnoisezo)-
To explicitly control the ratio of substitutions, insertions, and deletions, we parameterize Qpoise With
a deletion ratio wqe and an insertion ratio wjys:

—1

X0 Xt

z€A z=m z=¢
(1 — wae)(1 = pmask) Uk | Ok | wins 721
Qnoise = (]- - Wdel)p_r?ask]-E 1 0 y
wdellK 0 1 — Wins

where 1 g denotes a K -dime column vector of all ones, and Ug = % 1 Kl} denotes the uniform
transition matrix of size K x K over amino acids. Intuitively, this implies:

o If z(()j ) € A (amino acid): It is either substituted (with probability 1 — wgej) by another amino
acid or mask token (up to pmask, or deleted (becomes ¢, with probability wge)-

o If z(()J ) = ¢ (gap): It either becomes an inserted amino acid, with probability wj,s or remains
a gap (with probability 1 — wjps).

Simulating biological sequence mutations as evolutionary noising via contextualized on-policy
substitution. Uniform substitution noise ignores biophysical constraints and is often uninformative
for learning evolutionary structure. We therefore use a contextual evolutionary noising kernel that
draws substitution noise from the model’s on-policy predictions after a warmup stage, yielding more
plausible and informative corruptions. We provide the details in §A.T]
Connections to existing discrete diffusion. By setting (wgel, Wins, Pmask) i Qnoise, Our model recovers
masked diffusion and uniform diffusion as special cases, and enables initializing from pretrained
masked diffusion models. We provide a discussion in Appendix[A.2]

3.2 TRAINING

Overall Objective. We optimize a weighted sum of substitution, deletion, and insertion losses over
observed tokens (collapsed from the latent alignment), with weights A;_; and ~ controlling the
denoising schedule and edit balance:

T~ ()]

»ct = EXQ,ZO,Zt |: Z )\tfl (’Ysubﬁffg + ’Vdelﬁ((ifl) + ’)/msﬁl(i)) .
k=1
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The introduced decomposed losses enables precise control over the model’s propensity for different
evolutionary operations. We use three heads on the observed sequence x; = I'~Y(z;): a substitu-
tion head p’”b (multiclass over V), and deletion/insertion heads pgd, pg‘s (binary). We provide the

formulation of full decomposed objectives and the practical implementation in Appendix [A23]
3.3 GENERATION OF DPLM-EvVO

DPLM-EVo follows standard iterative denoising for discrete diffusion, while enabling variable-
length trajectories through explicit insertion and deletion actions in the observed sequence space. At
each step, we apply deletion/insertion decisions from the indel heads, then fill substituted and newly
inserted residues using the substitution head. Appendix [B] provides the full sampling procedure.

4 EXPERIMENTS

In this section, we evaluate DPLM-Evo across various understanding and generative tasks. We assess
variant effect prediction to validate the model’s understanding of protein evolution, and evaluate
generation capabilities through unconditional generation and motif scaffolding. Full experimental
setups, additional analyses, and case studies are provided in Appendix [C|

4.1 VARIANT EFFECT PREDICTION

Setup. Modeling the effect of sequence variation on function is fundamental for understanding and
designing proteins.

DPLM-Evo predicts variant effects using protein sequence
only, without supervision from experimental data. Unlike
the common masked-residue scoring pipeline, DPLM-Evo
is a substitution-based model that natively scores variants
without masking by evaluating the substitution distribution
at the mutated site(s). Please refer to Appendix [C.T] for

Single sequence models
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highest correlation score among all the single sequence
foundation models for variant effect prediction (Fig[JA).
We attribute this strong correlation to the model’s evo-
lutionary pretraining, which fundamentally enables it to
learn mutation preferences from natural proteins, effec-
tively capturing the constraints imposed by natural selec-
tion.
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effect prediction. This makes the scores correlate more
closely with natural mutations (Appendix [C.I)). Illustrated
in Fig[ZB, this alignment yields further enhancements, out-

Figure 2: Results of ProteinGym zero-
shot DMS substitution benchmark. * rep-
resents the model which explicitly aligns

performing SaProt (Su et al, [2023) that takes additional
structure and TranceptEVE L with supplementary MSA.

the output distribution with MSA-based
mutation effect prediction model.

4.2 UNCONDITIONAL PROTEIN SEQUENCE GENERATION

DPLM-EVO0 performs unconditional generation by applying substitution, deletion, and insertion,
enabling variable-length generation that more closely mirrors natural evolutionary trajectories. Full
experimental settings can refer to Appendix [C.2}

Fig 3| demonstrates the evaluation results of unconditional generation in various perspectives. (1)
Overall performance: Fig.[BA shows DPLM-EVO achieves consistent high foldability across length
as measured by ESMFold pLDDT. Fig3B-C demonstrates the output lengths remain concentrated
near their initial values without excessive expansion or collapse. This indicates that insertion and
deletion prediction are invoked conservatively, resulting in a refinement process that prioritizes
substitutions over drastic length changes. (2) Diversity and Reduced Mode Collapse: Compared with
DPLM based on masked diffusion, Fig[3D-F shows DPLM-EVO achieves comparable foldability
while possessing greater generation diversity and higher sequence entropy, indicating fewer repetition
patterns and alleviating the mode collapse issue. (3) Effect of Evolutionary Kernel: Training with
the contextual evolutionary noising kernel substantially outperforms uniform noising, as shown in
Fig[3D. This indicates that biologically grounded corruptions encourages DPLM-EVO to learn more
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Figure 3: Evaluation of unconditional sequence generation. (A) Unconditional generation from
length 100 to 500 evaluated by pLDDT. (B) Length distribution of DPLM-EVO generations from
fixed initial lengths. (C) Insertion/deletion head predicted probability under different timesteps. (D)
Abaltion on different substitution kernels. (E) Sequence and structure diversity of DPLM-Evo
compared with DPLM-Mask in different lengths. (F) Entropy and repetition comparison between
DPLM-Evo0 and DPLM-Mask. (G) Demonstration of the generation trajectory.

evolutionarily plausible substitution predictions, yielding higher-quality samples at generation time.
Further details and analyses about unconditional generation can be found in Appendix [C.2}

4.3 LENGTH-ADAPTIVE SCAFFOLDING OF FUNCTIONAL MOTIFS

Setup. Motif scaffolding aims to generate a protein scaffold for a given functional motif.

We evaluate DPLM-EVO in zero-shot and continued fine- 0.264

tuning settings. For finetuning, DPLM-EVO incorporates Success Rate 0.233
structural constraints for motif structure features, as il- 0.192
lustrated in Fig[TIC(4). Further details on settings and
evaluation metrics are provided in the Appendix [C.3|for

more details. 0.035
Results. In the zero-shot setting, DPLM-EVO achieves F
higher overall success rate than EvoDiff and DPLM-Mask

(FigH); we attribute this to the capability for dynamic ~ >°"*¢Frevem 15
scaffolding length adjustment and evolutionarily plausi- 11
ble mutations provided by the substitution head. In con- 7
trast, fixed-length sequence models require manually scaf-
fold length enumeration and cannot revise length once an -

. SEIRT . . . . EvoDiff DPLM DPLM-Evo DPLM-Evo-ft ESM3
unsuitable initialization is chosen. Continued finetuning seq cona only seg-struct cond
brings further improvements, highlighting the importance
of multimodal conditioning (Appendix [C.3).

4.4 CASE STUDIES

In-silico sequence family expansion. As shown in Fig.[5]and Appendix[C.4 DPLM-EVO is able to
generate diverse yet structurally similar relatives of a given protein via unconstrained post-editing.
This suggest that DPLM-EVO performs unconstrained sequence optimization that preserves a shared
structural scaffold while producing diverse sequences, with sequence identity mostly below 50%.
Directed evolution of GFP. Fig.[6|and Appendix [C.5]demonstrates that DPLM-EVO improves the
structural stability score (pTM) over iterations while keeping the chromophore site RMSD below a
strict threshold, indicating it can leverage priors from evolution-scale sequences to optimize sequences
under hard structural constraints.

Repeat Ratio
pLDDT Score

°
5

0.245

21

Figure 4: Evaluation of motif scaffold-
ing task.

5 CONCLUSION

In this work, we present DPLM-EVO, a unified framework for evolutionary discrete diffusion that
explicitly models substitutions, insertions, and deletions. We decouple the latent space from observed
sequences, enabling efficient indel-aware diffusion. We further enhance the substitution learning
through a contextual evolutionary noising kernel. Extensive empirical evaluations demonstrate
that DPLM-EVO not only achieves state-of-the-art performance in mutation effect prediction on
ProteinGym but also opens new avenues for variable-length protein generation and optimization,
bridging the gap between deep generative modeling and evolutionary biology.
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A  METHODOLOGY DETAILS.

A.1  SUBSTITUTION LEARNING WITH CONTEXTUAL EVOLUTIONARY NOISE

In this section, we discuss the noise kernel for the substitution head. Standard multinomial diffusion
models typically employ un-informative uniform noise for corruption, which ignores the biophysical
constraints of the protein fitness landscape and leads to inefficient training. To address this, we
propose a contextual evolutionary noising kernel that instantiates the substitution noise sampled
from a contextualized distribution. The contribution is obtained using the model’s own on-policy
denoising predictions, where the noise position is first noised with Qyoise, then predicted. After a
warmup stage trained with the original non-informative Q;se, this model’s on-policy substitution
prediction provides biologically plausible and evolutionarily reasonable mutation as noise, which is
more informative than random noise. Meanwhile, it encourages the model to capture evolutionary
and homologous dependencies between amino acids and sequences. We will introduce this in detail
in the following part.

A.1.1 MOTIVATION: FROM UNIFORM NOISE TO BIOLOGICAL MANIFOLDS

Standard discrete diffusion models typically employ an uniform noise kernel (Hoogeboom et al.}
2021). In the context of protein engineering, this implies that a mutation from a hydrophobic
residue (e.g., Leucine) to a charged residue (e.g., Arginine) is as probable as a mutation to another
hydrophobic residue (e.g., Isoleucine). This assumption fundamentally contradicts the biophysical
constraints of the protein fitness landscape. Training with uniform noise suffers from significant
inefficiency: the model spends a large portion of training correcting biologically obvious errors
(e.g., restoring a hydrophobic core disrupted by charged noise) rather than learning evolutionary
dependencies. To address this, we propose a contextual evolutionary noising kernel. Instead of
corrupting data towards random chaos, we utilize the model’s own prediction capability to generate
noise that lies on the protein manifold. This not only provides more informative noisy tokens, which
is helpful for denoising, but also encourages the model to capture the dependencies between the
wild-type sequence and plausible homologous variants generated by model prediction.

A.1.2 FORMALIZATION: CONSTRUCT THE CONFIDENCE-AWARE KERNEL WITH MASK
PREDICTION

We leverage mask token m (distinct from the gap token ¢ used for deletions) to represent unknown
semantic identity in the protein sequence. Let py denote the neural network parameterized by 6. At
time step ¢, we construct a contextual distribution for an amino acid at index j in latent alignment
sequence z (where z((f ) e V) by masking the input at that position:

pers(-|25”) = Softmax (pe(Ffl(Z(\)j U {m}))(j)) 2)
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where zsj U {m} represents the latent sequence with the j-th token replaced by m. Specifically,
contextual noise is sampled from p.«, then the model is trained to denoise based on contextual noise.

A.1.3 IMPLEMENTATION: ON-POLICY CONFIDENCE-AWARE KERNEL FOR MORE EFFECTIVE
TRAINING AND GENERATION

We leverage pfg"bS of DPLM-EVO0 for the mask prediction to construct p.. However, during training,
the model is trained to denoise based on the contextual noise, which consists of the standard amino
acids. As training processes, DPLM-EV0 will lost its the mask prediction capabilities. To prevent
catastrophic forgetting of the masking prediction, we construct a mixing noising kernel for the
contextual noise and the mask state. Therefore, DPLM-EVO can learn the mask prediction explicitly
during training. Specifically, we employ a confidence-aware gating mechanism to construct the
noising kernel:

w0 ] 2$) =1(e; > 7) - pa(v]2) +1(ej < 7) - 6en(v) 3)

Here, ¢; = max,ecy Peix (v\z(()j )) is the confidence score of the model’s prediction, and 7 is a dynamic
threshold. If ¢; < 7, this indicates the low confidence prediction that the model is uncertain, which
represents insufficiently valuable or evolutionarily relevant information. Therefore, we fallback to
the mask token m for these positions. This reinforces the fundamental masked prediction objective,
ensuring the model remains robust to missing information and avoid forgetting about mask prediction.
Crucially, this process is on-policy: the noise is generated by the model state 6 at the current training
step. To enhance the quality of contextual noise at the early training stage and prevent the training
instability, we initialize the model parameters from a pre-trained MLM-based pLM or an absorbing
discrete diffusion-based pLM.

A.1.4 BIOLOGICAL INTERPRETATION: TRAVERSING THE FITNESS LANDSCAPE

By replacing the static uniform kernel with our dynamic contextual kernel, we reframe the diffusion
training process as a traversal on the fitness landscape:

(1) Denoising as Error Correction (Lethal Mutations): When the contextual noise p.x generates a
residue that violates structural constraints (e.g., steric clashes), the training objective is to enable the
model to identify and correct these erroneous mutations that are evolutionarily unacceptable.

(2) Denoising as Homology Modeling (Neutral Mutations): The contextual noise sampled from
Peix May also be biologically valid substitutions. In this regime, the ground truth x( represents a
specific instance (wild type), while the noise x, represents a high-fitness neighbor (homologue). The
denoising loss encourages the model to learn the evolutionary dependencies between the original
functional sites xg and variable sites x;.

A.1.5 THE LEARNABLE PRIOR

We discuss the sampling prior of the contextual noising kernel when ¢ = T'. In standard multinomial
diffusion, the sampling prior is a uniform distribution ¢/()’), which is a poor approximation of natural
proteins. In our framework, the effective prior at T" steps becomes the model’s prediction given a
fully masked sequence:

p(zr) ~ pe(- | m") )

This learnable prior captures the natural background frequencies of amino acids and global sequence
statistics (e.g., length distributions and domain compositions) inherent in the pre-trained weights.
Consequently, the reverse generation process initializes from a biologically informed distribution
rather than random chaos, improving sampling efficiency and stability.

A.1.6 OTHER ALTERNATIVE NOISING KERNEL: BLOSUM-INFORMED SUBSTITUTION

While the contextual evolutionary noising kernel provides dynamic, instance-specific noise, it incurs
additional computational overhead due to the required forward pass of the model. For scenarios
requiring high computational efficiency, we propose a static but biologically grounded alternative
based on the BLOSUM substitution matrices.

Standard discrete diffusion typically uses a uniform transition matrix U g, which implies that all
amino acid substitutions are equally probable. In contrast, the BLOSUMG62 matrix encodes empirical
substitution frequencies observed in homologous protein alignments. Let B € RE*X be the
BLOSUMG62 scoring matrix, where B;; represents the log-odds score of substituting amino acid 4
with j.
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We construct the static substitution noise matrix Mgy osum by applying a row-wise Softmax operation
over the scaled scores:
exp(B;;/7)
[Mgrosumlij = =% “ (5)
> k=1 xp(Bi/T)

where 7 > 0 is a temperature hyperparameter that controls the entropy of the noise distribution:

* As 7 — 00, the distribution approaches the uniform distribution Ug.

* As 7 — 0, the distribution collapses to the identity matrix (no mutation).

* At moderate 7, the distribution favors physico-chemically conservative mutations (e.g.,

L « I) over radical changes (e.g., L +> K).

This static kernel can be directly plugged into our proposed evolutionary discrete diffusion framework
by replacing the uniform component in the noise transition matrix. Although less expressive than
the contextual noising kernel, it still has large potential to outperform uniform noise by respecting
fundamental biochemical properties.

A.2 CONNECTIONS TO EXISTING DISCRETE DIFFUSION

Our model can recover existing discrete diffusion models by manipulating coeffiients in Qpgise. For
example, when wge) = 0 and wy,s = 0, we disable indels and our model becomes a fixed-length
sequence diffusion model. In such circumstances,
o if pmask = 1, Qnoise Will always transits any token into m and our model reduces to classicial
masked diffusion (Sahoo et al.,[2024; [Shi et al., |2024).
o if ppnask = 0, Qnoise Will transits each token into another random token, and our model
reduces to classicial uniform diffusion (Austin et al., [2021; |Schiff et al.)).
o if pmask € (0,1), Qnoise Will transits each token into either a random token or m, and our
model reduces to a generalized diffusion with mixed masked-unifrom noising paths (Austin
et al., [2021}; |von Riitte et al., [2025)).
With these connections, we can also initialize our model from pretrained masked diffusion-based mod-
els, efficiently reprogramming classical discrete diffusion to enable the full spectrum of sequence edit
operations. We note that there are also recent work on variable-length diffusion/flow models (Havasi
et al.,|2025; Wu et al., 2025)) for text generation, and [Baron et al.|(2025) learning to shrink protein
sequences. We extend our discussion to other related work in §D}

A.3 DECOMPOSED OBJECTIVES AND PRACTICAL IMPLEMENTATIONS

The deomposed training objectives. To make the training tractable, we should solve a critical issue:
the diffusion is defined on the latent sequence z;, but in practice the neural network fy operates on the
original sequence x; = I'~*(z;), which is collapsed by z;. To bridge this gap, we define the Index
Mapping FunctionT : {1,...,L;} — {1,..., N} such that Z(k) is the index of the k-th non-gap
token in the latent sequence z;. Then, we decompose the loss defined on the latent sequence z into
three mutually exclusive components defined in the observed space x, i.e., substitution loss, deletion
loss and insertion loss, based on the token category between z; (current noisy state) and zy (ground
truth).

To more clearly decouple the prediction of the three operations, we leverage separate and independent
heads, pioub, pgel and pg‘s for the substitution, deletion and insertion prediction for each token in the
original sequence x;. We define the loss for the k-th token of the input sequence x;:

(1). Substitution Loss. It is active only when the input and target token are both valid amino acids:

) =1

sub (@ FED ey H(Zgz(m)ev) . H(Zél(k));ézil(k))) -CE (Zéz(k)),pz”b(.|xt))) .

(2). Deletion Loss. It encourages the model to predict ¢ if the current token is noise when its target is
a gapin zg:

E_((i];) = H(zgf““)):@ 'H(zﬁz(’“)ev) -CE(zéI(k)),pgel(~|xt)).

(3). Insertion Loss. Let vr(lfx)t be the first non-gap token in zo between indices Z(k) and Z(k + 1). If

no such token exists, i.e., there is no insertion needed between x¥ and xf'“, the vfm{ is (. The loss is
calculated on the positions that need insertion for reconstruction:

Ei(i) = H(Urﬁj;z;é@) -CE (vr(lfx)t)pgls('|xt)) .
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Practical considerations for L4 and Ly, In our prelimiary experiments, we find that training with
the original L4 imposes a significant risk of mode collapse, while Li,s leads to unstable training.
We find that only training L4 to predict the ¢ token poses a significant risk of mode collapse. Without
exposure to tokens that should not be deleted, the head may converge to a degenerate solution that
always predicts the gap token ¢ for any input, resulting in excessive deletion during generation.
Therefore, we introduce negative samples that represents tokens that should be preserved for deletion
training. Given that there are only two distinct prediction targets: either a gap token or retaining the
original token, deletion is essentially a binary classification task. Therefore, we parameterize the

deletion head as a binary prediction head, and define the binary deletion target ygel = ]I(z(()I(k)) = ¢).
The L4 can be formalized as the Binary Cross-Entropy (BCE) computed over all the positions:

T (z)]
Laa= Y BCE(y, pf'(-x1)) (6)
k
where BCE(y, p) = —[ylogp + (1 - y)log(1 — p)].
Meanwhile, we find that parameterize the insertion head as a binary classifier leads to more stable
training. For each token position k in the observed sequence x;, the head predicts whether an

additional token should be inserted immediately to the right of xgk). We define the binary insertion
target as yi™ = H(v[(,fx)t # (), and train the head with a BCE objective:
T ()] o
Lins= Y BCE (4", p§"(x1)) - )
k

When an insertion is triggered, we first insert a special mask token m as a noisy placeholder at that
location, and then reuse the substitution head for filling the masked position.

B SAMPLING DETAILS

B.1 OVERVIEW

The generation process of DPLM-EVO follows the standard iterative denoising paradigm of discrete
diffusion models. Starting from a completely noisy sequence xr, which is initialized with mask
tokens with length L, and sampled from the learned prior pg(-/m’), the model iteratively refines the
sequence by sampling from the reverse distribution pg(x;_1|x;). Formally, the reverse transition is
derived by marginalizing over the predicted ground truth X¢:

po(xe—1]xt) = Y a(xi—1[xs, %o)po (Rolxt) ®
Xo
In practice, since summing over the entire sequence space is intractable, we approximate this process
that we first sample a X via py(:|x¢), and then samples the previous state x;_; using the tractable
posterior g(x;_1|x¢, Xo). According to [Zheng et al.| (2023a), this can be implemented with a predict-
then-renoise strategy: first update a set of indices in x; with X, then renoise the indices with low
confidence from the noise distribution.

B.2 EVOLUTIONARY SAMPLING WITH DELETION, INSERTION AND SUBSTITUTION

We maintain a noisy state NV; during sampling, which tracks the indices of tokens that are considered
“noisy” at the current step ¢ and will be updated for the next step ¢ — 1. The denoising process at each
iteration step ¢ proceeds through four steps.

Step 1: Deletion prediction. We first modify the sequence x; by removing noise. The deletion head

is applied to the indices in the noisy set j € N;. If the model predicts deletion (i.e., pgel (xi ) > Tdel)s

the token is removed from the sequence. The noisy set N; is updated to reflect the shifted indices of
the remaining tokens.

Step 2: Insertion prediction. The insertion head scans the current noisy set. If an insertion is
predicted at index j (i.e., pi*(x7) > Tins), @ mask token m is inserted into the sequence at position
7 + 1. Crucially, since these new tokens lack semantic content, their indices are immediately added
to the noisy set NV;.

Step 3: Substitution prediction, along with the insertion content. The substitution head makes
prediction for all tokens, yielding a X, sampled from p§™ (-|x;) and the corresponding confidence
score. We update the indices in the noisy set NV; of x; with X, including the substitution prediction

and inserted content prediction. Then, we update the noisy set for the next step, i.e., N;_1, by selecting
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Algorithm 1 Evolutionary sampling with DPLM-Evo

del _ins

Require: Trained prediction heads p%®, py"® and p?,“bs, Prior length Ly, Steps T’
1: Initialize: x7 ~ pg(- | pbm), No < {1,..., Lini}
2: fort =T downto 1 do
3: // Step 1: Deletion

Predict deletion: D < {j € N | p&!(z]) > 7ga}

x4 < Delete(zy, D), Update indices in N,

/I Step 2: Insertion

Predict insertion: Z < {j € N | pif*(2]) > Tins}

xy + Insert(xy, Z, token = m)

9: N; < N; U Indices(InsertedToken)

10: /I Step 3: Substitution

A

11: Sample 2 ~ pi*s(-|z)
12: for j in \V; do
13: l‘gj) A x(()j)

14: end for

15: k¢ < Schedule(t)

16: Ni_1 « TopK Lowest_Confidence(c, k;)

17: /I Step 4: Renoise

18: Sample ;1 ~ Tyoise (*|¢) for indices in N_1.
19: end for

20: Return: z

the k;% tokens with the lowest confidence scores, where k;% follows a linear decay schedule from
100% to 0%.
Step 4: Renoising. Finally, we perform renoising for the indices in NV;_1. This also prevents the

model from collapsing into local optima. For every index j € N;_1, we sample ng_) , from the noise
distribution. This noise distribution can be instantiated as the contextual evolutionary noising kernel
(using the model’s own predictions) or the BLOSUM-based kernel, ensuring that the noise state
remains biologically plausible, which is consistent with the training.

The full procedure is summarized in Algorithm I

C FULL EXPERIMENTAL RESULTS

In this section, we evaluate DPLM-Evo across various understanding and generative tasks. First, we
assess variant effect prediction to validate the model’s understanding of protein evolution. Subse-
quently, we examine the model’s generation capabilities, including unconditional generation (covering
both substitution-only and full edit operations) and conditional motif scaffolding scenario. Finally,
we demonstrate the potential application of DPLM-Evo in protein sequence optimization.

C.1 VARIANT EFFECT PREDICTION

Setup. Modeling the effect of sequence variation on function is fundamental for understanding
and designing proteins. DPLM-Evo predicts variant effects using protein sequence only, without
supervision from experimental data. Unlike the common masked-residue scoring pipeline used by
masked language models (i.e., masking the residue(s) of interest and reading out the logits at the
masked positions), DPLM-Evo is a substitution-based model that natively scores variants without
masking. Instead, we directly input the wild-type sequence and evaluate the model’s substitution
distribution at the mutated site(s), which better matches the model design and avoids introducing an
artificial mask token.

For a variant with mutation set 7', similar to ESM-1v (Meier et al.,|2021)), we use a log-odds mutation
score that compares the mutant residue to the wild-type residue:

Z {logp(xt = mut | x) — log p(x; = wt | x)},
teT

where x denotes the wild-type sequence and p(x; = - | x) is the substitution probability at position
t predicted by DPLM-Evo conditioned on the unmodified wild-type context. In contrast, masked-
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residue approaches typically score mutations via

Z [logp(xt =mut | x\7) — log p(x; = wt | x\T)},

teT
where x\ 7 indicates that the mutated positions are masked/removed from the input; DPLM-Evo does
not require this step.

Results. We evaluate the performance on the ProteinGym DMS substitution zero-shot bench-
mark (Notin et al.,2023)) by calculating the correlation between DPLM-EVO’s score and experimental
fitness score across all 217 DMS assays. As shown in Fig[2]upper figure, (1) DPLM-EVO achieves
the highest correlation score among all the single sequence foundation models for variant effect
prediction in ProteinGym. DPLM-EVO outperforms the ESM model series, including ESM-2 (Lin
et al., [2022), ESM-C (ESM Team, [2024), ESM-1v (Meier et al.,[2021), and DPLM (Wang et al.|
2024b). According to Figgkb), DPLM-EVO even surpasses ESM-IF1 (Hsu et al., [2022), which
utilizes additional structure information, despite DPLM-EVO using a single sequence. Crucially,
we observe that scaling up the model leads to further improvements, as evidenced by the 3B model
outperforming the 650M model. This scalability stands in contrast to ESM-2, which exhibits a
performance regression as model size increases (with ESM-2 3B underperforming ESM-2 650M by
approximately 0.01 in correlation). We attribute this strong correlation to the model’s evolutionary
pretraining, which fundamentally enables it to learn mutation preferences from natural proteins,
effectively capturing the constraints imposed by natural selection.

(2) Explicitly aligning with evolutionary kernel further unlocks the potential of DPLM-EVO in
mutation effect prediction. We adopted the strategy proposed by VespaG Marquet et al.| (2024) to
explicitly align DPLM-EVO0 output distribution with GEMME (Laine et al., 2019), a state-of-the-art
evolutionary-informed prediction model. Leveraging multiple sequence alignment information (De
orowicz et al., [2016), GEMME analyzes the evolutionary mutation sensitivity of individual sites,
thereby providing a substitution distribution at each position. By aligning the substitution kernel
of DPLM-Evo0 with that of GEMME, the scores correlate more closely with natural mutations.
Ilustrated in Fig[2B, this alignment yields further enhancements, outperforming SaProt (Su et al.,
2023) that takes additional structure, TranceptEVE L with supplementary MSA, and the original
VespaG method (based on ESM2-3B).

C.2 UNCONDITIONAL PROTEIN SEQUENCE GENERATION

Setup. We initialize DPLM-EVO from a pretrained DPLM-650M model (Wang et al., [2024b)).
Specifically, the backbone parameters (token embeddings and Transformer blocks) and the substitution
head are initialized from DPLM, while the two binary operation heads for indel prediction (deletion
and insertion) are randomly initialized. We train on the UniRef50 dataset for 100,000 steps, using
2,000 warmup steps to a peak learning rate of 10~4, followed by linear decay to 0.1 x 10~ by the
end of training. The diffusion timestep is set to 7" = 500. For unconditional generation, we consider
initial lengths Ly, € {100, 200, 300, 400, 500}.

Results. DPLM-EVo0 performs iterative denoising by jointly applying substitution, deletion, and
insertion, enabling variable-length generation that more closely mirrors natural evolutionary trajecto-
ries. DPLM-EVO generation starts from corrupted sequences sampled from the learnable diffusion
prior rather than all-mask initialization used in masked diffusion. Fig[3|demonstrates the evaluation
results of unconditional generation in various perspectives: (1) Diversity and Foldability: Fig.
shows DPLM-EVO0 achieves consistent high foldability across length as measured by ESMFold
pLDDT. Compared with DPLM based on masked diffusion, Fig[3D-E shows DPLM-EVO achieves
comparable foldability while possessing greater generation diversity, reflected by a larger number
of clusters in both sequence and structure. (2) Reduced Mode Collapse: DPLM-EVO produces
higher sequence entropy than DPLM, as is shown in Fig[3F, indicating fewer repetition patterns and
alleviating the mode collapse issue. (3) Effect of Evolutionary Kernel: Training with the contextual
evolutionary noising kernel substantially outperforms uniform noising, as shown in Fig[3D. This
indicates that biologically grounded corruptions encourages DPLM-EVO to learn more evolutionarily
plausible substitution predictions, yielding higher-quality samples at generation time. (4) Length
Control: Output lengths remain concentrated near their initial values without excessive expansion or
collapse. The distribution is visualized in Fig[3B. This indicates that insertion and deletion prediction
are invoked conservatively, resulting in a refinement process that prioritizes substitutions over drastic
length changes.

To better understand how indel operations are scheduled over the diffusion trajectory, we probe
the deletion and insertion heads across timesteps on a representative natural sequence (Fig[3[C).
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RMSD: 3.83 Seq Identity: 33.33%

Figure 5: Unconstrained in-silico family expansion by DPLM-Evo. 50 candidates are sampled from
the original sequence show an overall high pLDDT, structure consistency and sequence diversity.
One case is visualized to show structure alignment with low RMSD below 4 and sequence alignment
with low identity at 33%.

The predicted indel probabilities decrease as the timestep decreases towards clean, suggesting the
model primarily uses indels for coarse adjustments during high-noise stages, and gradually shifts
to fine-grained refinements later. This behavior indicates that indel operations can be manipulated
through timestep control, e.g., fixing thedeletion timestep to O for insertion-only tasks.

C.3 LENGTH-ADAPTIVE SCAFFOLDING OF FUNCTIONAL MOTIFS

Setup. Motif scaffolding aims to generate a protein scaffold for a given functional motif. We evaluate
DPLM-EVO in zero-shot and continued finetuning settings. For finetuning, DPLM-EVO incorporates
structural constraints for motif structure features, as illustrated in Fig(4).

During generation, DPLM-EVO edits only the scaffold region and never modifies motif residues,
allowing dynamic length adjustment to better accommodate the motif. In contrast, fixed-length
sequence models require manually scaffold length enumeration and cannot revise length once an
unsuitable initialization is chosen. For each motif instance, we sample 100 candidate scaffolds.
Success is defined as pLDDT > 70, and motif RMSD < 1 A.

Results. As shown in FigH] in the zero-shot setting, DPLM-EVO solves more motif problems
than EvoDiff and DPLM-Mask, and achieves higher overall success rate (0.23). We attribute this
to the capability for dynamic scaffolding length adjustment and evolutionarily plausible mutations
provided by the substitution head. Continued finetuning brings further improvements, highlighting the
importance of multimodal conditioning. Compared to multi-modal models like ESM-3 (Hayes et al.|
2024), the finetuned DPLM-EVO achieves a higher overall success rate but resolves slightly less
targets. We hypothesize this gap arises because DPLM-EVO only supports multimodal conditioning,
without native end-to-end training for structural understanding. We leave multimodal evolutionary
discrete diffusion modeling as an exciting direction for future work.

C.4 CASE STUDY: IN-SILICO SEQUENCE FAMILY EXPANSION

Setup. To assess whether DPLM-EVO can generate diverse yet structurally consistent relatives of a
given protein, we perform unconstrained post-editing starting from natural sequences. Specifically,
we randomly select sequences from the CAMEO dataset and let DPLM-EVO refine them without
imposing explicit functional constraints. We evaluate both structural preservation relative to the
starting sequence and sequence diversification.

Results. DPLM-EVO generates diverse, yet structurally similar protein sequences in the uncon-
strained optimization setting. Structural preservation: We find that DPLM-EVO preserves structural
plausibility (evaluated via comparing predicted structure to wild type structure) and at the same time
introduces substantial edits. While it does not necessarily increase the initial pLDDT, it effectively ex-
plores the sequence space around a given fold without catastrophic structural degradation. Sequence
diversification and family expansion: Meanwhile, DPLM-EVO modifies a large proportion of the
initial sequence(with sequence identity mostly below 50%). Fig[5|shows a case where the highly
modified sequence still aligns structurally with the original. These results suggest that DPLM-EvoO
performs unconstrained sequence optimization that preserves a shared structural scaffold while

15



Under review as a conference paper at ICLR 2026

producing diverse sequences. This implies that DPLM-EVO captures latent regularities of natural
proteins, including constraints related to fold and stability. In this way, the generated sequences can
be potentially viewed as in silico expanded homologs of the starting protein, holding the potential for
purely sequence based orpha protein understanding.

C.5 CASE STUDY: DIRECTED EVOLUTION OF GFP

Setup. We optimize the green fluorescent protein (GFP) via directed evolution using DPLM-EVO as
illustrated in Algorithm

Starting from the template, we adopt the beam
search strategy to maintain a candidate set: in
each iteration, 10 optimized sequences are gen-
erated for each sequence in the candidate set.
In each step, we employ the Chai-1 model for
filtering and structure scoring to keep only the
top-scoring candidates retained for the next it-
eration. Following ESM3 (Hayes et al., [2024),
The criteria for filter is that the template chro- HlANEPEBEgpE PR |
mophore site RMSD is less than 1.5A, while Y TTTTTTT

the scoring term is the pTM score produced by "012345678091011121314151617181920
Chai-1. Iteration step

. . . . B Original Template C Optimized 100
Results. Figl6]A depicts the trajectory of opti- , r
70

A Motif RMSD and pTM over iteration steps

RMSD
pT™M H(
pTM (random) L

RMSD

IS °
mization. We observed that as the iteration pro- . 'ﬁi? / E
cesses, the pTM value gradually increases, while : > 'é
the RMSD remained consistently below 1.5A. ‘ / U 2
After 20 iterations, the pTM increased from BAY) 0
an initial 0.263 to 0.792 while a random mu- pTM:0263 oTM:0792

tation baseline converges below 0.6. Fig[6B and motif RMSD: 5.818 motif RMSD: 1.335

Figl6[C visualize the structures of the GFP before
and after optimization, respectively. Residues
are colored according to its pLDDT value, and
indicate a significant increase in stability. These
results prove that DPLM-EVO can leverage the
priors learned from evolution-scale protein se-
quences to optimize the GFP sequence toward
greater overall structural stability, while pre-
serving the structure of the chromophore site
to maintain its fluorescence effect.

Figure 6: A case study of sequence optimization:
directed evolution for GFP. (A) The motif RMSD
and pTM scores are monitored through time step.
DPLM-EVO maintains low motif RMSD while
boosting pTM to over 0.8, compared to a random
mutation baseline having pTM capped at 0.6. (B-
C) Visualization of the optimization starting tem-
plate and the final result.

D RELATED WORK

Discrete diffusion model are diffusion models operating in discrete state space (Sohl-Dickstein et al.}
2015 |Austin et al.,2021)). They noises samples with discrete transistion probabilities and learn to
denoise them iteratively, in comparison to their continuous counterpart using continuous distribution
such as Gaussian kernels (Ho et al., 2020; [Song et al., [2020azb)). Various transition kernels have been
explored, typically uniform transitions (Austin et al.,2021;|Sahoo et al.) and masking (He et al.|[2023
Ye et al.,[2023a; Zheng et al.|[2023a}; [Sahoo et al., [2024} Shi et al., [2024; Nie et al.,[2024). Among
the variants, masked diffusion has attracted the most recent interest for their simplicity (Zheng et al.|
2023a; |Ou et al. [2024), scalability (Ye et al., 2023a; Nie et al.,|2024)), and empirical effectiveness,
gaining success as protein language models (Zheng et al.,[2023bj; Wang et al., [2024bjaj; Hsieh et al.
2025) and large language models (Ye et al., [2023a; [Nie et al., 2025} |Ye et al., 2025} |Gong et al.,
2025)).

Flexible length generative model. Pre-deciding the length of a answer to many problems can be hard
due to the uncertain computation budget and answer shapes required. While autoregressive models,
which iteratively produce one token each step, naturally provide flexible length generation, they
peforms inferiorly in generating data without fixed-order structure such as protein sequences (Zheng
et al.| 2023b). Non-autogressive geneartive models (e.g., diffusion models), on the other hand, does
not require presumtion on the orders but mostly require preset or predicted answer lengths (Guo et al.,
2019;|Gu & Kongl 2021)). To address this, researchers have explored enabling non-autoregressive
models to vary the output lengths by introducing indels operations in their predictions, which are
also referred to as edit-based models. As early attempt, Levenshtein Transformer (Gu et al.,[2019)

16



Under review as a conference paper at ICLR 2026

studies non-autoregressive machine translations and show edit-based models perform on par with
autoregressive models while showing much lower sampling latency thanks to parallel generation.
Later progress revisit edit-based models under the formulation of diffusion models (Reid et al.,
2022). More recently, DreamOn (Wu et al.| 2025)) introduces a large diffusion language model with
indels as speical tokens in vocabulary to vary the length during sampling, tailored for coding tasks.
EditFlow (Havasi et al.,|[2025), most related to our work, takes a flow-based model perspective to
construct indels training signals by aligninig the noisy samples, which are interpolations between
clean samples and noises, with ground truth target. Although our work also extend fixed-length
diffusion to supports indels, we highlight the perspective of diffusion transition kernels and their
evolutionary significance.

Protein language model. Motivated by the success of large language models (LLMs), similar
practice has been extended to the development of protein language models. ESM-1b [Rives et al.
(2019) utilizes self-supervised masked language modeling on 250 million protein sequences spanning
evolutionary diversity, later leading to the development of ESM-2 [Lin et al.| (2023) scales further.
ProtTrans Elnaggar et al.[(2021), ProteinBERT |Brandes et al.| (2022)), PRoBERTa Nambiar et al.
(2020), ProtAlbert Behjati et al.|(2022), TAPE Rao et al.|(2019)), ProteinL.M [Xiao et al.| (2021)), and
CARP |Yang et al.[(2022) involve several other representative masked language modeling (MLM)
paradigm. These sequence-based PLMs perform competitively with classic methods that rely on mul-
tiple sequence alignments, indicating that PLMs have captured some of the evolutionary information
from sequences alone. In particular, these protein language models achieve powerful generalization
on various downstream tasks involving the secondary and tertiary structures. Recent findings further
showcase their capabilities in predicting protein functions [Meier et al.| (2021)), structure folding |Lin
et al.[(2023)), and de novo designs|Verkuil et al.| (2022). Beyond representation learning, DPLM (Wang
et al.} 2024b) unlocks the generation capabilities of protein MLM through scalable discrete diffusion
training process (Ye et al.| 2023bfa; Zheng et al.,|2023b), enabling generating high-quality protein
sequences. Buiding upon DPLM, DPLM-2 (Wang et al.}2024a) and DPLM-2.1 (Hsieh et al.,[2025)
further enhance the model with multimodal understanding and generation capablities. The series lay
the foundation of pretrained models and diffusion algorithms for ours.

E GFP OPTIMIZATION PIPELINE

Algorithm 2 GFP Directed Evolution by DPLM-EvV0

1: Initialization: Starting from the GFP template sequence, add it to the candidate set C.
2: Hyperparameters:

3:  max iteration 7' = 20

4 search width w = 100

5. beamsize b = 10
6
7

cfori=1,...,Tdo
: Generate mutated sequences: For each sequence in C, generate w mutated sequences (one
position is mutated at a time).
8: Obtain a total of |C| x w samples.
9: Filter candidates: Filter the generated samples by {Common Filters}.
10: Sort candidates: Sort the filtered candidates according to {Common Score Terms}.
11: Update candidate set: Select the sequences with top b scores as the next-iteration candidate
set C.
12: end for
13: Return: The final candidate set C
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