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Abstract
Designing functional protein sequences that satisfy
multiple desired properties is a core research fo-
cus of protein engineering. Prior methods strug-
gle with inability or inefficiency when dealing with
numerous, often conflicting, properties. We pro-
pose Multi-Property Protein Diffusion, (MP2D),
a unified framework for multi-objective protein se-
quence optimization that integrates conditional dis-
crete diffusion with constrained MCTS and global
iterative refinement. MP2D formulates diffusion
denoising as a constrained sequential decision-
making process and employs MCTS to explore
diverse denoising trajectories guided by Pareto-
based rewards. A global iterative refinement strat-
egy further enables repeated remasking and re-
optimization of candidate sequences, while a dy-
namic Pareto constraint prevents candidate bloat
and maintains balanced trade-offs across objec-
tives. We evaluate MP2D on two challenging multi-
objective protein design tasks: antimicrobial pep-
tide and protein binder optimization, involving four
to five conflicting properties. Experimental results
demonstrate that MP2D consistently outperforms
existing multi-objective baselines, achieving robust
and balanced improvements across all objectives
without retraining generative models. These results
highlight MP2D as a practical and scalable solution
for multi-objective functional protein design.

1 Introduction
1The design of functional protein sequences often requires
the simultaneous optimization of multiple properties, such as
activity, stability, toxicity, and specificity. In many real-world
applications, including antimicrobial peptides (AMPs) [Wang
et al., 2025] and therapeutic protein binders (PBs) [Fleish-
man et al., 2011], these properties are inherently conflict-
ing [Tokuriki and Tawfik, 2009], making multi-objective op-
timization a fundamental challenge in protein engineering.

*Corresponding authors.
1Appendices are avaliable at https://arxiv.org/abs/2605.05829

Consequently, developing computational methods that can
efficiently balance multiple protein properties is critical for
practical protein design [Nanda et al., 2017].

Traditional multi-objective optimization approaches typ-
ically extend single-property optimization by applying
static weighting schemes or hierarchical optimization strate-
gies [Liu et al., 2025c; Yu et al., 2023]. However, such
methods are highly sensitive to weight selection and of-
ten fail to maintain balanced trade-offs among conflicting
objectives [Chen and Li, 2023; Lu et al., 2025]. Pareto-
based optimization offers a more principled alternative by
explicitly modeling trade-offs among objectives. Never-
theless, as optimization progresses, the Pareto frontier can
rapidly bloat and sparsify, which significantly hinders effi-
cient search and makes it difficult to identify high-quality
solutions—especially when optimizing more than three or
strongly conflicting properties [Giovanelli et al., 2024]. As
a result, existing methods struggle to scale to realistic multi-
objective protein design problems.

Recent advances in generative models have substantially
improved the efficiency of protein sequence design [Alamdari
et al., 2023]. To further guide generation toward desirable
outcomes, several studies integrate planning algorithms, such
as Monte Carlo Tree Search (MCTS), into the inference pro-
cess of generative models [Liu et al., 2025c]. These training-
free approaches enable flexible optimization with plug-and-
play reward functions. However, they heavily rely on the
initial quality of the generative model and typically perform
only single-shot generation, which limits their ability to cor-
rect early suboptimal decisions and explore diverse trade-
offs [Zhao et al., 2024; Jensen, 2019].

A key observation is that multi-objective protein design
inherently admits multiple valid optimization paths, while
global property evaluations are often noisy and imperfect.
This motivates a search-based and iterative optimization
paradigm that can both explore diverse trade-offs and pro-
gressively refine candidate solutions. Moreover, effective
multi-objective optimization requires explicit mechanisms to
control the growth and balance of Pareto candidates.

Here, we propose Multi-Property Protein Diffusion
(MP2D), a training-free framework for multi-objective pro-
tein sequence optimization. MP2D combines a classifier-free
conditional discrete masked diffusion language model for se-
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Figure 1: Overview of MP2D. (A) Illustration of global-level iterative refinement process. (B) Visualization of the constrained MCTS-guided
diffusion process and the CMDLM model structure.

quence generation with a constrained MCTS-based diffusion
refinement process at inference time. A global iterative re-
finement strategy repeatedly reselects, partially remasks, and
re-optimizes candidate sequences, enabling continuous cor-
rection of earlier decisions. In addition, MP2D integrates a
dynamic constraint on Pareto frontier updates to prevent can-
didate bloat and maintain balanced optimization across ob-
jectives. Our contributions are summarized as follows:

• A unified design framework for multi-objective pro-
tein sequence optimization. We propose MP2D, a uni-
fied framework that balances multiple conflicting protein
properties without retraining generative models through
constrained MCTS-guided conditional discrete diffusion
with global iterative refinement.

• Conditional masked diffusion language model for
protein sequence generation (CMDLM). We intro-
duce a classifier-free label-guided conditional masked
diffusion language model that provides high-quality,
task-specific protein sequence generation as a founda-
tion for optimization.

• Iterable training-free multi-objective optimization
with MCTS. We propose an inference-time MCTS-
guided diffusion framework that supports iterative re-
finement through global resampling and remasking, en-
abling robust exploration of multi-objective trade-offs
without retraining.

• Dynamic Pareto frontier constraint for MCTS dif-
fusion (CMCTD). We develop a strategy to constrain
Pareto frontier updates during MCTS diffusion, prevent-
ing optimization collapse caused by frontier bloat.

• Remarkable empirical performance on functional
protein design. We demonstrate that MP2D effectively
balances four to five conflicting properties on antimicro-
bial peptide and protein binder design tasks, consistently
outperforming existing multi-objective baselines.

2 Preliminaries
This section provides a brief overview of the key concepts
underlying our approach, including discrete masked diffusion
language models, Pareto-based multi-objective optimization,
and Monte Carlo Tree Search (MCTS). These preliminaries
introduce the notation and standard formulations required for
the subsequent sections.

2.1 Discrete Masked Diffusion Language Models
Let Cat(x; p) denote a categorical distribution over a discrete
sequence x = [x0, x1, . . . , xL], parameterized by a proba-
bility simplex vector p ∈ R|V|. The unconditional masked
diffusion framework for discrete sequence generation [Ho et
al., 2020] defines a forward noising process q(x(t)|x(t−1))
as a Markov process for t = 0, . . . , T , which progressively
corrupts the input sequence. The reverse denosing process
pθ(x

(t−1)|x(t)) is parameterized by a neural network with pa-
rameters θ, and aims to recover less corrupted sequences.

q(x(t)|x(t−1)) = Cat(x(t);βtx
(t−1) + (1− βt)qnosie(x

(t)) (1)

where qnosie denotes a stationary noise distribution over the
vocabulary, and 0 ≪ βt < 1 is a noise schedule controlling
the corruption level at diffusion step t. The marginal distri-
bution from the original sequence x(0) admits a closed-form
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expression with αt =
∏t

i=1 βi:

q(x(t)|x(0)) = Cat(x(t);αtx
(0) + (1− αt)qnosie(x

(t)) (2)
During inference, new sequences are generated by itera-

tively applying the learned reverse process

pθ(x
(t−1)|x(t)) =

∑
x̂0

q(x(t−1)|x(t), x̂0)pθ(x̂0|x(t)) (3)

where x̂0 is first sampled from pθ(·|x(t)) and a less noisy
x(t−1) is subsequently sampled by q(·|x(t), x(0) = x̂0).

2.2 Pareto Optimization
Optimizing multiple objectives, especially conflicting prop-
erties in functional protein design, typically involves severe
trade-offs. A widely adopted solution is to identify a set
of sequences that cannot be further improved in any sin-
gle objective without degrading performance in at least one
other objective; such sequences are referred to as Pareto-
optimal [Ngatchou et al., 2005]. Suppose each sequence x
is evaluated on M objectives with corresponding score func-
tions, denoted by a vector s(x) = [s1(x), . . . , sM (x)] ∈ RM ,
A sequence x∗ is said to dominate another sequence x as
s(x∗) ≻ s(x) iff ∀m ∈ [1, . . . ,M ] s.t. sm(x∗) ≥ sm(x)

∧ ∃m′ ∈ [1, . . . ,M ] s.t. sm′(x∗) > sm′(x)
(4)

The set of all sequences that are not dominated by any other
sequence is called the Pareto front, defined as

P∗ = {x|∄x∗ ∈ P∗ s.t. s(x∗) ≻ s(x)} (5)

2.3 Monte Carlo Tree Search
MCTS [Chaslot et al., 2008] is a planning algorithm that
combines tree search with stochastic simulation. It balances
exploration and exploitation in the decision space and itera-
tively refines the search toward high-reward regions. A stan-
dard MCTS procedure consists of four stages: selection, ex-
pansion, simulation, and backpropagation. Starting from the
root node, the selection stage recursively chooses child nodes
according to the Upper Confidence Bound (UCB) criterion

UCB = Q(s, a) + c

√
logN(s)

N(s, a)
(6)

where Q denotes the estimated reward, c controls the explo-
ration strength, and N represents the visit counts, respec-
tively. In the expansion stage, new child nodes corresponding
to previously unvisited actions are added to the tree. The sim-
ulation stage performs rollouts from the expanded node to a
terminal state to obtain an evaluation. The backpropagation
stage updates the Q and N values along the visited path.

3 Methods
In this section, we propose a training-free framework for
multi-objective protein sequence optimization based on con-
ditional discrete diffusion, shown in Figure 1. We cast dif-
fusion denoising as a sequential decision-making problem
and guided by a dynamically constrained MCTS with Pareto-
based rewards. We design a global iterative refinement, which
further improves robustness by repeatedly masking and re-
optimizing candidate sequences. The implementation details
and hyperparameter settings can be found in Appendix A.

3.1 Conditional masked diffusion language model
Directly applying pretrained diffusion language models
trained on large-scale, general protein corpora often results in
an excessively large search space, which makes subsequent
reward-guided generation inefficient and may hinder explo-
ration of valid local protein regions. To address this issue, we
extend the unconditional masked diffusion language model
for discrete sequences to CMDLM, a label-guided, classifier-
free conditional diffusion model tailored to specific func-
tional protein design tasks. We introduce a condition label
c, representing the protein type, into the diffusion model and
parameterize the reverse process as pθ(x

(0)|x(t), c). To en-
able classifier-free guidance, the model combines conditional
and unconditional predictions [Ho and Salimans, 2022] with

l̂ = (1 + w)pθ(x
(0)|x(t), c)− wpθ(x

(0)|x(t), ∅) (7)

where w ≥ 0 controls the guidance strength and ∅ denotes the
unconditional condition. The resulting guided distribution is

p̃θ(x
(0)|x(t), c) = softmax(̂l) ∝ pθ(x

(0)|x(t), c)1+w

pθ(x(0)|x(t), ∅)w
(8)

In practice, we jointly train the conditional and uncondi-
tional models by randomly replacing c with the unconditional
identifier ∅ with probability puncond. The training objective
is a reweighted cross-entropy loss

Lt = Eq(x(0))[λ
(t)

L∑
i=1

bi(t) log p̃θ(x
(0)
i |x(t), c)] (9)

where λ(t) is a timestep-dependent weight induced by the
noise schedule, and bi(t) = I[x(t)

i ̸= x
(0)
i ] indicates cor-

rupted positions. During generation, the initial sequence is
fully masked. At each diffusion step, a subset of masked to-
kens is updated by sampling

pθ(x
(t−1)|x(t)) =

∑
x̂0

q(x(t−1)|x(t), x̂0)p̃θ(x̂0|x(t), c) (10)

This conditional model serves as the backbone for our subse-
quent constrained MCTS-based diffusion framework.

3.2 Constrained MCTS Diffusion
Given the conditional diffusion backbone, we formulate the
denoising process as a sequential decision-making problem
and employ MCTS to explore multiple denoising trajecto-
ries under flexible multi-objective constraints. The proposed
framework relies exclusively on pretrained models and exter-
nal property evaluators, requiring no additional training while
enabling scalable optimization over an arbitrary number of
objectives through constraint-based filtering. By integrating
global objective evaluation with local diffusion transitions,
this module supports efficient exploration of the constrained
protein design space. Detailed algorithm is in Appendix C.4
Initialization Let zt denote a partially unmasked sequence
at diffusion step t, and let child(zt) = {zt−1,0, . . . , zt−1,J}
denote its child nodes generated by one-step denoising. To
enable global iterative refinement from candidate proteins,
we initialize the MCTS root as a partially masked sequence
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zT ∈ |V|L with noise level T . The Pareto set P∗ is initial-
ized as empty. We assume M pretrained or selected scoring
functions {sm(·)}Mm=1. To control optimization trade-offs,
we construct a set of direction vectors ω ∈ RM using the
Das–Dennis simplex lattice with H subdivisions:

ωi =
qi
H

, where qi ∈ Z≥0,
M∑
i=1

qi = H (11)

Selection Starting from the root, the tree is traversed until a
leaf node is reached. At each intermediate node zt, we restrict
candidate actions to its Pareto non-dominated children:

P∗
zt ={zt−1,i|∄zt−1,j ∈ child(zt)

s.t. UCB(zt, zt−1,j) ≻ UCB(zt, zt−1,i)}
(12)

One child is uniformly sampled from P∗
zt and the modified

UCB score is defined as

UCB(zt, zt−1,i) =
R(zt−1,i)
N(zt−1,i)

+ cpθ(zt−1,i|zt)
√

N(zt)

1+N(zt−1,i)

(13)
where R(·) and N(·) denote the cumulative reward vector and
visit count, respectively. The first term promotes exploitation
of high-reward nodes, while the second term encourages ex-
ploration guided by the diffusion posterior to ensure validity.
Expansion For a selected leaf node zt that is not fully un-
masked, we generate J child nodes zt−1 by sampling from
the diffusion model pθ(zt−1,i|zt). To avoid duplicate gener-
ations, we inject independent Gumbel noise into the token-
level logits [Tang et al., 2025]:

pθ,i(z
l
t−1,i|zlt) = log pθ(z

l
t−1,i|zlt) + Gl

i (14)

where Gl
i = − log(−log(ul

i,j+ϵ)+ϵ), ul
i,j ∼ Uniform(0, 1).

Simulation and Constraint Filtering Each child node zt−1,i

is fully denoised via greedy decoding to obtain a clean se-
quence xt−1,i, which is evaluated by all scoring functions to
yield s(xt−1,i) = [s1(xt−1,i), . . . , sM (xt−1,i)].

To prevent rapid expansion of the search tree and uncon-
trolled growth of the Pareto set, we constrain candidate addi-
tions using predefined optimization directions. We compute
the improvement vector

∆sm(xt−1,i) = sm(xt−1,i)− sm(xt) (15)

and its cosine similarity with direction ω:

γ(zt−1,i) =
∆s(xt−1,i) · ω

∥∆s(xt−1,i)∥ ∥ω∥
(16)

Only candidates satisfying arccos(γ) ≤ Ψ are retained; fall-
back rules are applied when no such candidates exist (see Ap-
pendix C.1). To avoid excessive rejection or overly permis-
sive filtering during different stages of the search, the angular
threshold Ψ can be adaptively adjusted to maintain a stable
acceptance rate (see Appendix C.2).

For each retained sequence, the reward vector r(xt−1,i) =

[r1(xt−1,i), . . . , rM (xt−1,i)] ∈ RM is computed as

rm(xt−1,i) =
1

|P∗|

|P∗|∑
n=1

1[sm(xt−1,i) ≥ sm(x∗
n)] (17)

indicating its relative dominance over current Pareto candi-
dates. Finally, the Pareto set is updated by adding non-
dominated sequences and removing dominated ones

P∗ = P∗ ∪ {xt−1,i|∀x∗
n ∈ P∗ s(xt−1,i) ⪰ s(x∗

n)} (18)

P∗ = P∗/{x∗
n|∃xt−1,i s.t. s(xt−1,i) ⪰ s(x∗

n)} (19)
Back-propagation For a newly explored node zt−1,i, we up-
date the cumulative reward vector as R(zt−1,i) = r(xt−1,i)
and its visit count as N(zt−1,i) = 1. For each ancestor node
zt along the path to the root, we update

R(zt) = R(zt) +
J∑

i=1

r(xt−1,i) (20)

N(zt) = N(zt) + 1 (21)

3.3 Global-Level Iterative Refinement
Although a single-shot CMCTD step can produce improved
sequences, it still faces two limitations. First, global prop-
erty evaluators may introduce noisy or inconsistent assess-
ments, and once a token is unmasked, the decision cannot
be revised within the same denoising trajectory. This makes
single-pass optimization vulnerable to early errors. Second,
different masking patterns can lead to different optimization
paths, and relying on a single denoising trajectory reduces
candidate diversity and may miss better solutions. Detailed
algorithm can be found in Appendix C.3.

To address these issues, we introduce a global iterative re-
finement framework, where sequences are progressively im-
proved through multiple cycles of partial masking and con-
strained MCTS-based denoising. This enables more robust
optimization of global properties and allows continual cor-
rection of earlier decisions.
Initialization Let the refinement process start with W seed
protein sequences {xτ,1, . . . , xτ,W } ∈ VW×L, with τ = 0,
where τ ∈ [0, τmax] denotes the refinement iteration. At each
iteration, a noise level Tτ,i is sampled for each sequence.
Partial Masking For every sequence xτ,i, we construct a par-
tially masked sequence zTτ,i

with

q(zTτ,i
|xτ,i) = Cat(zTτ,i

;αTτ,i
xτ,i + (1− αTτ,i

)qnoise(zTτ,i
)

(22)
where αTτ,i =

∏Tτ,i

i=1 βi. This masked sequence serves as the
starting point for constrained MCTS diffusion.
MCTS-Based Denoising A single constrained MCTS diffu-
sion step is applied to each partially masked sequence, pro-
ducing a set of Pareto non-dominated candidates P∗.
Next Iteration Selection Despite the constraint mechanism,
the Pareto set may still grow large (|P∗| > W ). To select
a representative next-iteration seed, we evaluate each can-
didate x∗

n,τ,i ∈ P∗ by computing the improvement vector
∆s(x∗

n,τ,i) with

∆sm(x∗
n,τ,i) = sm(x∗

n,τ,i)− sm(xτ,i) (23)

We then define a multi-property improvement (MPI) score

MPI(x∗
n,τ,i) = z-score(

1

M

M∑
m=1

µmRankm(x∗
n,τ,i))

+ λz-score(D(x∗
n,τ,i))

(24)
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Methods Uniprot Peptide Protein Binder AMP
pLDDT(↑) pppl(↓) FPD(↓) pLDDT(↑) pppl(↓) FPD(↓) pLDDT(↑) pppl(↓) FPD(↓)

dataset 71.35 12.57 0.2317 71.45 12.58 0.1961 73.69 12.05 0.2617
ProteinGAN 67.84 15.13 1.5067 65.15 15.90 2.3336 60.23 14.37 2.7669
ProtGPT2 70.86 12.68 3.3646 70.14 13.39 3.1198 70.61 13.19 3.5444
EvoDiff 64.99 14.25 0.6011 68.96 14.39 0.5944 69.68 13.51 0.6352
CMDLM 73.12 11.44 0.3280 70.68 13.32 0.4106 71.84 13.33 0.5423

Table 1: Performance comparison between CMDLM and baseline models on three tasks: Uniprot peptides, protein binders and AMPs.

where

Rankm(x∗
n,τ,i) =

rank(∆sm(x∗
n,τ,i))

Tτ,i
(25)

D(x∗
n,τ,i) = ∆s(x∗

n,τ,i) · ω (26)

Here, µ is normalized weights (
∑M

m=1 µm = 1), Rankm(·)
measures the relative improvement on each objective, where
the Tτ,i division is to ensure comparability across different
corruption levels. D(·) measures alignment with the prede-
fined optimization direction. Finally, the next-iteration se-
quence is sampled from the Pareto set according to:

xτ+1,i ∼
expMPI(x∗

n,τ,i)∑
x∈P∗ expMPI(x)

(27)

4 Experiments
We pretrained CMDLM on general peptides and performed
conditional finetunes and multi-property optimizations on
two important protein medicines, protein binders (PBs) and
antimicrobial peptides (AMPs). In this section, we first dis-
cuss the benchmarks used. Then we introduce and analysis
the performance of the CMDLM generation and the CMCTD
optimization on both cases. Additional visualization analysis
can be found in Appendix D.

4.1 Experimental Setup
Datasets
For pretraining CMDLM, we collected peptide sequences of
length 2–50 from UniProt [Consortium, 2019], yielding 2.6M
sequences after removing those containing uncommon amino
acids. For antimicrobial peptide (AMP) design, we followed
the data collection procedure in [Chen et al., 2024] and com-
bined sequences from dbAMP [Yao et al., 2025], AMP Scan-
ner [Veltri et al., 2018], and DRAMP [Shi et al., 2022]. Af-
ter filtering for length (< 40) and standard amino acids, we
obtained 195k peptides. For protein binder (PB) design, we
adopted the dataset from [Chen et al., 2025], which includes
15.5k peptides curated from PepNN, BioLip2, and PPIRef.
Sequences range from 6 to 49 residues, and those with un-
common amino acids were removed. All datasets are splited
into training and validation sets with a ratio of 9:1.

Baselines
To evaluate CMDLM, we followed the benchmark protocol
of [Meshchaninov et al., 2024], comparing against: Protein-
GAN [Repecka et al., 2021] (GAN-based), EvoDiff [Alam-
dari et al., 2023] (discrete diffusion), ProtGPT2 [Ferruz et al.,

2022] (autoregressive). All baseline models were configured
with comparable parameter sizes and standard character-level
tokenization to ensure fairness.

For the PB optimization task, we followed the bench-
mark of [Chen et al., 2025], including four classical multi-
objective evolutionary algorithms—NSGA-III, SMS-EMOA,
SPEA2, and MOPSO—and a recent discrete flow match-
ing–based method MOG-DFM, specifically introduced for
protein binder optimization.

To the best of our knowledge, no established benchmark
exists for multi-objective AMP optimization. We therefore
constructed one using advanced AMP design models that are
reported to be able to optimize over 3 properties, including
Multi-CGAN [Yu et al., 2023], MPOGAN [Liu et al., 2025a],
HMAMP [Wang et al., 2025], and the multimodal fusion
model MoFormer [Wang et al., 2024].

Detailed descriptions and selection reasons of baseline
methods can be found in Appendix E.

Metrics
Foundation Model Evaluation We used three metrics to
assess CMDLM’s performance: ESM-2 perplexity [Lin et
al., 2022] for sequence plausibility, pLDDT [Jumper et al.,
2021] for structural foldability, and Frechet ProtT5 Distance
(FPD) for distributional similarity.

Protein Binder Optimization We evaluated five therapeu-
tically relevant properties: hemolysis, non-fouling, solubil-
ity, half-life, and binding affinity. Predictions were made
using the public classifiers provided in [Liu et al., 2025a].

AMP Optimization We used publicly available predictors
to evaluate key properties: AMP-Scanner [Veltri et al., 2018]
for antimicrobial probability, HemoPI [Chaudhary et al.,
2016] for hemolysis, and ToxinPred2 [Rathore et al., 2024]
for toxicity. we also evaluated MIC values using a regres-
sor trained on MIC data collected from GRAMPA [Plisson,
2022] and DBAASP [Pirtskhalava et al., 2021] (see Appendix
B). In addition, detailed definitions and selection criteria can
be found in Appendix F.

4.2 Evaluation of Conditional Diffusion Backbone
As the generative backbone for subsequent optimization,
CMDLM is expected to capture class-specific sequence pat-
terns while producing valid and realistic protein sequences.
Due to the limited availability of labeled AMP and protein
binder data, we first pretrain the model unconditionally on
large-scale peptide sequences to learn general peptide syntax,
and then fine-tune it with LoRA under conditional supervi-
sion to specialize in target protein classes.
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Target Methods Hemolysis(↓) Non-Fouling(↑) Solubility(↑) Half-Life(↑) Affinity(↑)

1B8Q

MOPSO† 0.1066 0.4763 0.4684 4.449 6.0594

NSGA-III† 0.0862 0.5715 0.5825 7.324 7.2178

SMS-EMOA† 0.1196 0.3450 0.3511 3.023 5.9550

SPEA2† 0.0819 0.4973 0.5057 4.126 7.3240

MOG-DFM† 0.0785 0.8445 0.8455 27.227 5.9094

MP2D 0.0460 0.8928 0.8977 29.032 6.7794

PPP5

MOPSO† 0.0883 0.4711 0.4255 1.769 6.6958

NSGA-III† 0.0479 0.7138 0.7066 2.901 7.3789

SMS-EMOA† 0.1242 0.4269 0.4334 1.031 6.2854

SPEA2† 0.0555 0.6221 0.6098 2.613 7.6253

MOG-DFM† 0.0617 0.7738 0.7510 27.775 6.8197

MP2D 0.0472 0.8900 0.8866 41.5726 7.2007

Table 2: Performance on protein binder design of MP2D and base-
line methods. †: benchmark results quoted from [Liu et al., 2025a].

We evaluate CMDLM from three complementary aspects:
sequence plausibility, structural foldability, and distributional
alignment. Sequence quality is assessed using ESM-2 per-
plexity, which measures consistency with natural protein
statistics. Structural plausibility is evaluated by the pre-
dicted local distance difference test (pLDDT) score. Distri-
butional similarity is measured via the Frechet ProtT5 Dis-
tance (FPD) between generated sequences and real proteins
from the corresponding classes. Across all evaluation set-
tings, CMDLM almost consistently achieves lower ESM-2
perplexity and FPD, together with higher pLDDT, compared
to baseline methods. These results indicate that CMDLM
generates sequences that are statistically reliable, structurally
foldable, and well aligned with natural protein distributions,
making it a strong foundation for downstream optimization
through diffusion-based denoising.

4.3 Evaluation of Multi-objective Optimization
MP2D Generates PBs Satisfying Multiple Properties
Following the benchmark of [Liu et al., 2025a], we designed
peptide binders for two target proteins: 1B8Q, a smaller pro-
tein with a known binder, and PPP5, a larger protein with-
out characterized binders. We first sampled 100 binder can-
didates of random lengths from CMDLM conditioned on
the PB label, and optimized five key therapeutic proper-
ties—hemolysis, non-fouling, solubility, half-life, and bind-
ing affinity—for 100 refinement iterations. Each baseline
method generated the same number of candidates per tar-
get for a fair comparison. As shown in Table 2, MP2D
achieves the lowest hemolysis, the highest non-fouling, solu-
bility, half-life, and competitive binding affinity, consistently
outperforming all baselines. Figure S2 shows that MP2D-
designed binders surpass natural ones across all properties.

Importantly, classical baseline methods are unable to opti-
mize all five conflicting properties simultaneously, often col-
lapsing one or more properties when improving others. In
contrast, MP2D remains stable across all objectives, demon-
strating its ability to navigate complex trade-offs and main-
tain balanced improvements.

MP2D Designs Optimized AMPs on Scalar Properties
We performed a parallel procedure for AMP optimization.
CMDLM generated 100 candidate peptides under the AMP

Method Pamp(↑) MIC(↓) Hemolysis(↓) Toxicity(↓)
Multi-CGAN 0.3785 1.3214 0.5813 0.7698

MPOGAN 0.6201 1.2346 0.6107 0.6166
MoFormer 0.4326 1.3398 0.5761 0.8198
HMAMP 0.6714 1.4266 0.5613 0.7641

MP2D 0.9949 0.2689 0.4077 0.2968

Table 3: Performance on AMP of MP2D and baseline methods.

condition with random lengths, which were then optimized
jointly for four critical properties: antimicrobial activity, MIC
value, hemolysis, and toxicity. Baseline models were used
to generate 100 AMP candidates under the same settings.
As summarized in Table 3, MP2D produces AMPs with the
highest antimicrobial probability and the lowest MIC, hemol-
ysis and toxicity. Consistently with the binder case, MP2D-
designed AMPs also outperform natural AMPs across all four
properties (Figure S2).

Across baselines, we again observe that no existing method
can simultaneously improve all four conflicting AMP proper-
ties, often leading to performance degradation in at least one
objective. MP2D avoids this collapse and produces balanced
improvements across all objectives, underscoring its robust-
ness in handling strongly conflicting biological properties.

Moreover, MP2D is training-free and plug-and-play dur-
ing optimization. By simply replacing the property predictor,
MP2D can be directly applied without collecting additional
training data or retraining any model—highlighting its prac-
ticality and broad applicability.

4.4 Ablation Studies
We conduct ablation studies on both protein binder and AMP
tasks to examine the contribution of each component in
MP2D. Results are summarized in Table 4 and Table 5.

Conditional Base Model Narrows the Optimization Gap
We first analyze the impact of initialization strategies and
conditional diffusion. Using random peptides as starting
points together with the unconditional diffusion model pre-
trained on general peptides yields the weakest performance
across all objectives. Initializing from AMP or protein binder
sequences improves optimization quality, indicating that rea-
sonable starting points can partially facilitate search.

In contrast, replacing the unconditional diffusion model
with a conditional one leads to substantially larger improve-
ments, even when starting from generic peptides. This
demonstrates that conditional diffusion plays a more critical
role than initialization alone by constraining the search space
to task-relevant protein distributions. Combining AMP or PB
initialization with conditional diffusion achieves the best per-
formance, highlighting their complementary effects.

Constrained Optimization Prevents Property Collapse
To evaluate the role of constraint filtering, we remove this
component while keeping all other modules unchanged.
Without constraint filtering, optimization performance de-
grades noticeably, and several objectives deteriorate despite
improvements in others. This indicates that constraint filter-
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Target
start w/

PBs

conditional

model
constraint refined

Hemolysis

(↓)

Non-Fouling

(↑)

Solubility

(↑)

Half-Life

(↑)

Affinity

(↑)

1B8Q

✓ ✓ 0.1313 0.4660 0.4723 9.2736 5.4521

✓ ✓ ✓ 0.0821 0.7174 0.7130 19.4659 5.9339

✓ ✓ ✓ 0.0940 0.6442 0.6416 12.7857 5.6422

✓ ✓ ✓ 0.0460 0.8928 0.8977 15.0126 6.1130

✓ ✓ ✓ 0.1289 0.3377 0.3585 3.4126 5.2340

PPP5

✓ ✓ 0.1290 0.4575 0.4654 8.2453 5.9767

✓ ✓ ✓ 0.0823 0.7155 0.7174 18.0461 6.4319

✓ ✓ ✓ 0.1089 0.5889 0.5995 7.8438 6.0806

✓ ✓ ✓ 0.0590 0.8681 0.8684 27.3747 6.7360

✓ ✓ ✓ 0.1138 0.4102 0.4226 2.0140 5.0023

Table 4: Ablation study results on protein binder design task.

start w/

AMPs

conditional

model
constrained refined Pamp(↑) MIC(↓) Hemolysis(↓) Toxicity(↓)

✓ ✓ 0.3302 0.9842 0.4466 0.0064

✓ ✓ ✓ 0.6104 0.9035 0.4274 0.1415

✓ ✓ ✓ 0.7986 0.9526 0.4746 0.4012

✓ ✓ ✓ 0.9712 0.6533 0.5400 0.3319

✓ ✓ ✓ 0.8489 0.7749 0.5244 0.4774

Table 5: Ablation study results on the AMP design task.

ing is essential for preventing Pareto front collapse and main-
taining balanced trade-offs among conflicting properties.

Iterative Refinement Gives Further Improvements
Finally, we assess the effect of global iterative refinement by
disabling the remasking-and-reoptimization process. With-
out iterative refinement, optimization quickly saturates and
fails to correct early suboptimal decisions. As a result, both
AMP and PB tasks exhibit inferior overall performance com-
pared to the full MP2D framework. These results confirm
that global iterative refinement is crucial for robust multi-
objective optimization under noisy global evaluations.

5 Related Work
Generation models for de novo protein sequence design
aim to produce novel protein sequences from scratch. Re-
cent advances have demonstrated promising results using au-
toregressive models such as ProtGPT2 [Ferruz et al., 2022],
GAN-based approaches such as ProteinGAN [Repecka et al.,
2021], and diffusion-based models such as EvoDiff [Alam-
dari et al., 2023]. These models are effective at capturing the
statistical patterns of natural protein sequences and generat-
ing realistic candidates. However, they do not explicitly opti-
mize sequences toward multiple objectives during inference.
As a result, additional optimization mechanisms are often re-
quired to steer generation toward desired property trade-offs.

Planning-based generation models processes toward
high-quality outputs under task-specific objectives. MCTS
and related lookahead techniques are widely used general
mechanism. RethinkMCTS [Li et al., 2025] applies MCTS
to refine reasoning steps in LLMs, while MCTD [Yoon et
al., 2025] integrates diffusion denoising with tree search. In
biomolecular design, ProtInvTree [Liu et al., 2025b] and Pep-
Tune [Tang et al., 2025] similarly combine tree search with
denoising processes for inverse folding and molecular design

tasks. However, these methods can become inefficient due
to the combinatorial growth of candidate expansions and the
accumulation of weakly non-dominated solutions when ex-
tended to numerous objectives.

Multi-objective protein sequence design seeks sequences
that satisfy several desired, and often conflicting, properties.
A common strategy is scalarization, which reduces multi-
ple objectives to a single score via weighted sums or hier-
archical priorities. MCTD-ME [Liu et al., 2025c] extends
MCTD by aggregating multiple properties into a weighted
evaluation score. Multi-CGAN [Yu et al., 2023] conditions
generative models on combinations of property labels, while
HMAMP [Wang et al., 2025] employs multiple discrimina-
tors to enforce property constraints during training. Another
paradigm performs model-based sequence optimization us-
ing learned predictors. MPOGAN [Liu et al., 2025a] itera-
tively retrains generators with classifier-filtered samples, and
MOG-DFM [Chen et al., 2025] guides flow matching with
adaptive probability paths for multi-objective optimization.
These methods typically rely on repeated retraining or careful
tuning of optimization signals, and may struggle to maintain
balanced trade-offs as the number of objectives increases.

Iterative training-free optimization focuses on progres-
sively refining candidate solutions without retraining under-
lying models. Classical population-based methods, includ-
ing swarm-based approaches such as MOPSO [Coello and
Lechuga, 2002] and evolutionary algorithms such as NSGA-
III [Ishibuchi et al., 2016], SMS-EMOA [Beume et al., 2007],
and SPEA2 [Zitzler et al., 2001], exemplify this paradigm
through repeated selection and variation. These methods have
long been used as generic multi-objective optimizers. In mod-
ern protein design pipelines, similar iterative schemes are
combined with deep generative models. RERD [Uehara et
al., 2025] repeatedly denoises protein sequences along a sin-
gle optimization direction. Nevertheless,integrating iterative
search with conditional diffusion under Pareto constraints re-
mains underexplored for multi-objective optimization.

6 Conclusions
In this paper, we presented MP2D, a unified framework for
multi-objective protein sequence generation and optimiza-
tion that combines conditional diffusion with constrained
MCTS and iterative refinement. By explicitly controlling
Pareto candidate evolution and enabling iterative correction
during inference, MP2D effectively addresses the challenges
of optimizing multiple conflicting properties. Experiments
on AMP and PB design tasks show that MP2D consistently
achieves balanced improvements across multiple objectives
and outperforms existing task-specific multi-objective base-
lines without retraining generative models. In future work,
MP2D can be extended to other protein design tasks. We be-
lieve this work provides a practical step toward scalable and
reliable protein engineering.
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