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Abstract

Alzheimer’s disease (AD) is a severe neurodegenerative disorder whose pathological pro-
gression is closely associated with the reduced binding affinity of apolipoprotein E &4
(ApoE4) for amyloid-{3 (Af), which impairs A clearance. Existing computational molec-
ular design approaches are largely limited to single-target optimization and therefore lack
the capacity for synergistic dual-target modulation. Herein, we proposed EvoPlay-Mu-
Zero, a hybrid computational framework incorporating a dual-peptide bridging (DPB)
strategy. The framework adopted latent-state planning in MuZero reinforcement learning
to enhance exploration and sequence-generation efficiency in high-dimensional sequence
spaces. For the first time, it enabled the automated design of bispecific peptides targeting
ApoE4 and A, thereby forming a synergistic molecular bridge via a flexible linker. A full-
process pipeline for structural and energetic evaluation was established by integrating
AlphaFold3 and PDBePISA. Benchmark experiments on the 1SSC, 2CNZ, and 3R7G da-
tasets demonstrated that EvoPlay-MuZero substantially outperformed the vanilla
EvoPlay in convergence speed and the yield of valid generated sequences. Specifically,
the optimal DPB molecule (15 x 25-3A) achieved a calculated interfacial solvation energy
score (4'G) of —29.5 kcal/mol, demonstrating substantially enhanced interface-stabilization
properties compared to the native baseline control. This study provides a novel molecular
intervention strategy for adjuvant therapy in AD and highlights the considerable potential
of reinforcement learning in multi-target drug design.

Keywords: reinforcement learning; MuZero; dual-peptide bridging; structural
bioinformatics; multi-target drug design

1. Introduction

Alzheimer’s disease (AD), a major neurodegenerative disease worldwide, is charac-
terized by an extremely complex pathogenesis, with clinical manifestations centered on
plaques formed by amyloid-3 (Af) deposition and neurofibrillary tangles caused by hy-
perphosphorylation of tau proteins [1]. Among the well-established genetic risk factors,
the strongest association has been observed for apolipoprotein E ¢4 (APOE &4) [2,3]. It has
been shown that the binding affinity of ApoE4 toward A is significantly lower than that
of the ApoE2/E3 isoforms, which impairs the efficiency of A clearance [4]. However, the
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mechanistic relationship between ApoE-Af interaction and clearance is highly non-linear
and conformation-dependent; unconstrained or indiscriminate binding can paradoxically
seed Ap fibrillogenesis rather than promote degradation [5]. To safely drive clearance, an
effective proximity-inducing ligand must selectively stabilize clearance-competent topol-
ogies that facilitate receptor-mediated endocytosis—such as via the low-density lipopro-
tein receptor-related protein 1 (LRP1) or LDLR pathways in microglia—without stabiliz-
ing the cross-{3 sheet nucleation of toxic aggregates [4]. Therefore, exploring new interven-
tion strategies that can actively enhance the interaction between endogenous ApoE4 and
AP to promote receptor-mediated microglial clearance has emerged as a highly promising
avenue for AD drug discovery.

In recent years, the deep integration of artificial intelligence (AI) and computational
biology has provided revolutionary tools for the rational design of complex biomolecules.
Deep learning frameworks such as AlphaFold2/3 have not only enabled high-precision
prediction of protein structures and complexes but also laid a solid foundation for the
transition from “sequence design” to “functional optimization” [6,7]. With these high-pre-
cision models, protein binding interfaces can be analyzed at the atomic scale, allosteric
regulatory sites that are difficult to detect through traditional experiments can be identi-
fied, and ultrahigh-throughput virtual screening can be facilitated, thereby transforming
drug discovery and development from blind heuristic search to precise design based on
physical constraints and data-driven approaches. Meanwhile, for protein sequence opti-
mization and affinity maturation, cutting-edge frameworks such as graph neural network-
based ProteinMPNN [8], surface fingerprinting-based MaSIF [9], and reinforcement learn-
ing-incorporated EvoPlay are used [10]. Remarkable progress has been made in optimiz-
ing the stability of single-target ligands and interfacial solvation score via elaborate energy
function construction and surrogate model development [11].

However, existing protein design paradigms still suffer from substantial limitations.
First, most computational design tools prioritize single-target ligand optimization and
lack the ability to construct a molecular bridge between two endogenous proteins for co-
regulation [9]. For complex systems requiring induced proximity, such as the ApoE4-Af3
complex, conventional methods struggle to balance the complex geometric constraints
and energetic trade-offs between dual targets. Second, existing reinforcement learning-
based design frameworks are often limited by low sample efficiency and search efficiency
constrained by the speed of feedback from the underlying prediction environment (e.g.,
AlphaFold) when applied to high-dimensional, discrete amino acid sequence spaces, lead-
ing to slow convergence in complex multi-objective optimization tasks [10,12].

To address the aforementioned computational and therapeutic challenges, this study
proposed a hybrid EvoPlay-MuZero framework integrated with the Dual-Peptide Bridg-
ing (DPB) strategy. The main contributions of this work are summarized as follows: (1)
Architectural innovation: The MuZero reinforcement learning algorithm was introduced
into the field of protein design, significantly improving the exploration efficiency of agents
in large-scale sequence spaces through latent state planning and look-ahead search, while
effectively alleviating the computational burden caused by the excessive reliance on real-
environment feedback in traditional RL methods. (2) Design paradigm breakthrough: The
first automated design of bridging peptides for the dual targets ApoE4 and AP was
achieved. Specifically, two individual peptides were independently designed to specifi-
cally bind ApoE4 and A, respectively. These two single-target peptides were subse-
quently assembled into a Dual-Specific Molecular Bridge (DMB) via a flexible alanine
linker, thereby offering a novel molecular intervention model for enhancing endogenous
protein interactions. (3) Closed-loop evaluation framework: Based on AlphaFold3, an end-
to-end computational evaluation pipeline was constructed, spanning sequence genera-
tion, ternary complex structure prediction, interfacial solvation scoring, and molecular
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dynamics (MD) simulations, assessing the engineered peptides from both structural in-
terface compatibility and kinetic stability perspectives.

The remainder of this paper is organized as follows: Section 2 elaborates on the net-
work architecture of EvoPlay-MuZero, the definition of the state space, and the computa-
tional workflow for dual-peptide design; Section 3 presents the experimental setup and
dataset construction, followed by in-depth analyses of the benchmark results and the dy-
namic properties of the optimal DMB peptides; Section 4 discusses the methodological
strengths, biological significance, and limitations of this study; and Section 5 summarizes
the paper and outlines future research directions.

2. Materials and Methods

2.1. Dataset Construction and Preprocessing

To validate the performance of the algorithm, the three benchmark datasets (1SSC,
2CNZ, and 3R7G) adopted in EvoPlay were collected, which correspond to the PDB com-
plexes with identical IDs. 1SSC (Ribonuclease S) is a canonical protein—peptide complex
with robust interfacial interactions between S-protein and S-peptide and is widely utilized
to benchmark peptide design accuracy. 2CNZ (MDM2-p53) is a complex between the tu-
mor suppressor p53 and the E3 ubiquitin ligase MDM2, and serves as a standard model
for the design of protein—protein interaction (PPI) inhibitors. 3R7G (Bcl-xL/Bak) represents
a complex between the anti-apoptotic protein Bcl-xL and the pro-apoptotic peptide Bak,
with a typical helix-groove binding pattern. To further support the specific design objec-
tives of this study, a target dataset containing ApoE4 and Af3 sequence information was
retrieved from the UniProt database [13]. For ApoE4 (UniProt ID: P02649), the full-length
sequence covering the receptor-binding region was used, with particular attention to the
conformational features of its C-terminal domain. For Af3 (UniProt ID: P05067), the A[342
sequence cleaved from amyloid precursor protein (APP) was adopted, given the high ag-
gregation propensity and neurotoxicity of this peptide fragment. Overall, two datasets
were constructed: (1) a benchmark dataset; (2) a target dataset consisting of the ApoE4—
AR complex.

For the benchmark dataset, which was mainly used to compare performance with
that of the EvoPlay framework, the data processing followed the standard protocol re-
ported in the previous work [10]. Specifically, PyMOL (version 3.1.4) was used to calculate
the peptide center-of-mass coordinates and identify receptor interaction sites [14], and
multiple sequence alignment (MSA) files for the receptor were generated using Deep-
MSA2 (https://aideepmed.com/DeepMSA2/ (accessed on 20 March 2025)). For the target
dataset, given the absence of high-resolution crystal structures for this complex, repre-
sentative 3D structural templates were initially generated via AlphaFold3 (AF3) [7]. We
explicitly note that these deep learning-predicted static models serve as operational com-
putational scaffolds to guide algorithmic exploration, rather than definitive physiological
binding modes, acknowledging the conformational dynamics inherent to disordered Af3
[15] and lipidated ApoE variants [4]. Subsequently, key interfacial residues and ligand
center-of-mass coordinates were extracted using PyMOL, and multiple sequence align-
ment (MSA) files were generated using DeepMSA2 [16]. The resulting MSA files then
served as input features for downstream structure prediction and sequence generation.
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2.2. EMB-DPB: A Hybrid Computational Approach for EvoPlay-MuZero-Based
Dual-Peptide Bridging

To address the biological challenge of insufficient binding affinity between ApoE4
and AP, we proposed a hybrid computational approach termed EMB-DPB (EvoPlay-Mu-
Zero-Based Dual-Peptide Bridging). This method aims to achieve molecular bridging be-
tween protein targets by integrating a reinforcement-learning-based planning model with
a structural prediction environment.

2.2.1. Markov Decision Process (MDP) Formulation

In this study, the peptide sequence design process is modeled as a Markov Decision
Process (MDP), defined as the quintuple (S, A, P, R, y):

(1) State Space (S): The system state s; € S is defined as a 20 x L binary one-hot ma-
trix, where L denotes the length of the candidate peptide and 20 represents the
standard amino acid types. This matrix is mapped into a latent space via a represen-
tation network to extract sequence distribution features [12].

(2) Action Space (A): The action a, is defined as a single-point mutation operation. A
position and the corresponding amino acid type are selected from the 20 x L action
space for sequence update.

(3) State Transition (P): The state transition P(s;41||S¢ a;) is deterministic; that is, after
the mutation action is executed, the corresponding column of the sequence matrix is
updated to generate a new candidate peptide.

(4) Reward Function (R): The reward 1, combines physical constraints with energy-
based estimates, as shown in Equation (1):

B 2 - pLDDT

- (dpeptide + dreceptor) "ACOM + € (1)

r

where pLDDT denotes the AlphaFold-predicted local confidence of the peptide
structure, dpeprige aNd drecepror represent the mean nearest-atom distances be-
tween the peptide and receptor interface residues, and ACOM measures the devia-
tion of the peptide center of mass from the reference binding pose. An infinitesimal
stabilization constant (€ = 107°) is appended to the denominator to prevent numeri-
cal singularity and reward explosion. The ratio-based formulation explicitly governs
the optimization trajectory: the pLDDT term in the numerator drives the agent to
maximize local backbone structural confidence, whereas the distance and ACOM
terms in the denominator introduce directional geometric penalties for interface sep-
aration and pose deviation [10,11]. In the implemented reward, the coefficient for
pLDDT was set to 2, while the geometric constraints were encapsulated within the
joint denominator, establishing an intrinsically coupled objective that balances struc-
tural fidelity with binding-interface proximity.

(5) Discount Factor (y): It is employed to balance immediate rewards against long-term
value estimates.

2.2.2. Methodological Framework

The EMB-DPB framework established a complete closed-loop pipeline from low-
level feature extraction to high-level strategic planning through the coordinated operation
of three core modules (Figures 1-3). First, during the input and feature representation
stage, the system integrates multiple sequence alignment (MSA) information of the target
proteins and key sequence features [16], and maps the high-dimensional raw observations
to the initial latent state s, through the representation network (Figure 1). Subsequently,
the MuZero planning engine serves as the core decision-making component and employs
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its unique latent-state planning mechanism for sequence exploration (Figure 2); the dy-
namics function within the engine can predict subsequent state transitions and immediate
rewards in the latent space without directly querying the external environment, thereby
effectively alleviating the computational burden imposed by the high-dimensional dis-
crete search space and significantly improving sampling efficiency [12]. Finally, within the
structural validation module, the engineered candidate sequences are evaluated within a
structural prediction framework using AlphaFold2/3 [6,7]. Recognizing the intrinsic con-
fidence limitations of static neural networks when mapping flexible, disordered, and mul-
tichain peptide assemblies [17], this module yields structural representations that facili-
tate interfacial geometric constraint checking and multi-objective reward aggregation to
guide iterative policy optimization (Figure 3).
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Figure 1. Pipeline for input feature extraction and state representation. The workflow illustrates
the processing of multiple sequence alignment (MSA) evolutionary matrices, physical/positional
templates, and geometric distance constraints into a standardized 20 x L sequence matrix, which
is ultimately mapped into the initial latent state space s, via the encoder network. The color gra-
dients (blue to orange) across the feature matrices and data blocks denote distinct feature channels
and residue-positional matrices (where blue components represent evolutionary coupling and
positional features, and orange components indicate template-derived geometric distances), while
the blue and orange arrows indicate the directional data flow and dimensional transformations
into the L X F X C state tensor.
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Figure 2. Architecture of the MuZero planning engine and Monte Carlo Tree Search (MCTS) block.

The schematics detail: The forward inference pipeline across the representation, dynamics, and
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prediction networks to predict latent states hy; the iterative MCTS optimization procedure encom-
passing selection, expansion, and backpropagation to discover the optimal sequence trajectory. In
the MCTS planning block (right), nodes are color-coded from root state h, (dark blue) to leaf
states (orange and dark red) to signify search depth and state transitions, and the directional ar-
rows with labels represent the operational phases of selection, expansion, and the optimized best-

path backpropagation.
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Figure 3. High-fidelity structural validation environment and multi-objective reward calculation. (a)
End-to-end structural feedback loop showing the input of mutated sequences into AlphaFold2/3 to
output conformational representations of the ApoE-peptide-Af3 complex. (b) The multi-objective
reward aggregation scheme combining pLDDT local confidence scores, interfacial distances, and
center-of-mass variations (ACOM); the proximity-induced dual-peptide bridging design paradigm
showing independent segment optimization connected via a flexible linker. In both panels, distinct
structural colors (deep blue for the ApoE receptor, orange for the A peptide, green and purple for
optimized linkers) and multi-colored wave lines in the linker library visually distinguish the mod-

ular components and their corresponding reward slider metrics.

2.3. MuZero Network Architecture and Training

Following the core principles of the MuZero algorithm [12], three functionally dis-
tinct neural networks were constructed: the representation network, the dynamics net-
work, and the policy-value network. The representation network, consisting of a 1D con-
volutional layer, a batch normalization layer, and a residual block (ResNet block), is re-
sponsible for encoding the input 20 x L sequence matrix into a low-dimensional hidden
state vector; the dynamics network is similar in structure to the representation network
but includes an additional module that flattens the output of the residual block and feeds
it into a multilayer perceptron (MLP). Its input comprises the current hidden state and the
embedded action vector, while its output consists of the next hidden state and the imme-
diate reward; the policy-value network, similar in structure to the dynamics network,
takes the hidden state as input and outputs the prior probability distribution over all pos-
sible actions and the value estimate of the current state. It also encapsulates part of the
interface used by Monte Carlo Tree Search (MCTS); its specific implementation is shown
in Algorithm 1.

Algorithm 1 MuZero Core Network Interface

1: Function InitialInference(o):
Input: Observation o (raw environment observation)
Output: value logits v;,4i:s, reward logits 73545, policy logits m 45, and en-

coded state s

2: s« representation_network(o) // Encode the observation into a hidden state
Togits: Viogits < Prediction_network(s)// Predict policy and value
4: Iiogies < 0 // Initial reward logits are set to 0

https://doi.org/10.3390/info17070708
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5: Return vy, gits, Tiogitss Miogits: S
6: min_max_stats « MinMaxStats() // Initialize value normalization statistics
7: Function RecurrentInference(s, a):
Input: Encoded state s, action a
Output: value logits v;,4;.s, reward logits 75445, Policy logits m54:¢s, and next
encoded state s’
8: QAone—not < One — hot(a) // Convert the action to one — hot encoding
9: x < concat(s, Apne—not) // Concatenate the latent state and action
10: s’ « dynamics_state_network(x) // Predicting the next hidden state
11: 7445 < dynamics_reward_network(s") // Predict reward logits
12:  Tyogits) Viegits < prediction_network(s") // Predicting policy and value

. !
13: return Vlogits: rlogits: T[logits' S

The training objective of MuZero is to align the predicted outputs with their corre-
sponding targets, i.e., to minimize the discrepancies between the output policy p and the
MCTS policy m, between the predicted value v and the MCTS-derived target value, and
between the predicted reward and the actual reward. Accordingly, the loss function is
formulated as follows:

K K K
10) = ) by (Teas D) 1+ 20 ) by Geao V) + ) b Gt (@)
k=0 k=0 k=1

where K =5 is the number of unrolling steps of the dynamics network and 7 is the weight
assigned to the policy loss. The policy loss [, uses cross-entropy loss to learn effective
exploration patterns by measuring the difference between the predicted policy distribu-
tion and the target policy produced by MCTS; the value loss [, uses mean squared error
(MSE) to minimize the discrepancy between the predicted value and the target value, with
this term weighted by A,; and the reward loss [, uses MSE to minimize the discrepancy
between the rewards predicted by the dynamics network and the rewards calculated by
AF2, thereby improving prediction accuracy. At each epoch, data are collected and stored
in an experience replay buffer. During training, samples are randomly drawn from the
buffer to compute the loss, and the detailed training procedure is shown in Algorithm 2.

Algorithm 2 MuZero Training Procedure

Input: Configuration parameters config, maximum number of training steps max_steps
Output: Trained model parameters 6
Model parameters 6 « [nitialize (representation, dynamics, and prediction networks)
Replay buffer R « empty buffer
Optimizer « Initialize (learning rate, optimizer type)
for i < 1to config.per_train do

env « Initialize(); H < empty list; 0 « env.reset()

while the game is not over and steps < config. max_moves do

Viogits Togits Flogits) S < Initiallnference(o) // Initial inference

m < MCTS(0, s) // Generate the Monte Carlo Tree Search policy

a «— sample(mt,config.temperature) // Sample an action according to the temperature

—_
IS

o', « env.step(a) // Execute the action and obtain the new observation and reward
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11: H « H U{o,a,7,m,v54i5} // Store the transition in self — play history H
12: 0«0

13: end while

14: R.save(H) // Save the trajectory to the replay buffer

15: 0,14 < 0 // Save the current parameters

16: Total loss £ < 0

17: for each sample (0,a,...ar,1y...77, Ty... T, V4. Vp) inthe batch do
18: v8,18,n8, s, « Initialinference(o)

19: L « L +1loss(v§,ve) + loss(d, my)

20: for t < 1toT do

21: vl rf,nf,s, « RecurrentInference(s,_y, a;)

22: L« L+loss(,ve) + loss(r?,r) + loss(l, m,)

23: end for

24: end for // Update parameters

25: backward(L, optimizer, 8)

26:  end for

27:  return @

2.4. Monte Carlo Tree Search (MCTS) Procedure

The MCTS in this study follows the standard iterative process of “selection, expan-
sion, simulation, and backpropagation” [12,18]. Compared with conventional MCTS, the
node structure is modified so that each node stores a latent state instead of the original
state. Specifically, the latent state is a low-dimensional vector generated by either the rep-
resentation network or the dynamics network from the current peptide sequence, which
is encoded as a 20 x L one-hot matrix. To transition to the next state s’, an action a (rep-
resenting a simulated mutation) is applied to the current state s, and the edge between
two nodes is denoted by (s, a).

The selection phase starts from the root node (the initial peptide sequence state sg)
and traverses the tree to identify the optimal path to a leaf node (i.e., a terminal sequence
state). At each node, action selection is based on the Upper Confidence Bound (UCB) score,
which is computed as shown in Equation (3):

A Za Ns,a (3)

UCB(S: a) = Qs,a + Cpuct : Ps,a : 1+—N
s,a

where Cp,.; is a tunable exploration coefficient that controls the exploration intensity,
Y.alNs o denotes the total number of visits across all child actions of the current node, and
the action with the highest UCB score is selected at each iteration. When an unexpanded
leaf node is reached (i.e., no child nodes have yet been generated for the current state),
node expansion is performed. The latent state and immediate reward of the current leaf
node are predicted by the dynamics network, while the prior probabilities of all possible
mutation actions and the value of the node are output by the policy-value network. A new
child node is then created for each (s,a) pair. Finally, the resulting value is backpropa-
gated along the traversal path, updating the cumulative action value of each node and its
visit count.

When the simulations from the root node s; are complete, an action is sampled from
the policy distribution m;, which is proportional to the visit count at time step t raised to
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the power of 1/7,i.e, m, « N(s;,a)'?, where T is a tunable temperature parameter. The

detailed procedure is shown in Algorithm 3.

Algorithm 3 MCTS Iterative Procedure

Input: initial_obs: Initial observation (peptide sequence one-hot encoding),

model: MuZero network (including initial and recurrent inference interfaces),

legal_actions: Valid action set,

num_simulations: Number of simulations,

pb_c_base, pb_c_init: UCB parameters,

discount: Discount factor,

a: Dirichlet exploration noise parameter,

e: Exploration noise ratio,

t: Temperature parameter

Output: The root-node action distribution m,

1:

10:
11:
12:
13:
14:
15:
16:

17:
18:
19:
20:
21:
22:

root <« NewNode (prior=0) // Initialize the root node (with visit count=0,value_sum=0, etc.)
(VroosroonPOlicy_logits, s, .. —model.initial_inference(initial obs)
root.expand(legal_actions, r,,,, policy_logits, s,...) // Expand the children of the root node
if exploration noise is needed then
root.add_exploration_noise(a, €) // Inject dirichlet exploration noise into the root node
min_max_stats « MinMaxStats() // Initialize value normalization statistics
for sim = 1 to num_simulations do // Run one simulation iteration
search_path « [root]
current_node « root
While current_node.expanded() do // Traverse toward a leaf node
best_action, current_node <« Select the child with the highest UCB score (Equation 3)
search_path. append (current_node) // Record the traversal path
end While
parent « search_path[—2] // Retrieve the parent node

last_action « best_action

(Vieass Tieas» DOlicy_logits, Sieqf) < model.recurrent_inference(parent.latent_state, last_action) /

/Infer the next-state information

current_node. expand (legal_actions, 1i.q5, policy_logits, si.qr) // Expand the leaf node
backpropagate(search_path, vi.qr, min_max_stats, discount);//Backpropagation
end for
visit_counts <« Get the visit counts for each child action of the root node
m.(a) « (visit_counts[a])*/* // Apply temperature — based sampling

return m,

2.5. Experimental Validation and Evaluation

This section describes the experimental protocol used to validate the effectiveness of

the EMB-DPB method, quantify the performance gains of the algorithm, and determine

the optimal molecular conformation for the target proteins.

https://doi.org/10.3390/info17070708



Information 2026, 17, 708

10 of 23

2.5.1. Comparative Experiments with EvoPlay

To evaluate the performance gains of the EvoPlay-MuZero hybrid framework, we
conducted comparative benchmarking against the original model-free reinforcement
learning framework (EvoPlay) using three standard datasets (1SSC, 2CNZ, and 3R7G) [10].
To ensure statistical rigor and mitigate evaluation bias, the benchmarking complexes were
treated as fixed self-play optimization environments, where performance was assessed
directly from the generated peptide candidates rather than conventional training and test-
ing partitions. Furthermore, all generative computational experiments were executed
across N = 3 independent runs initialized with predefined random seeds (51, 52, and 53)
to guarantee reproducibility. Hyperparameters—including the learning rate, optimiza-
tion budget, and Monte Carlo Tree Search (MCTS) simulation depth—were locked prior
to final benchmarking and applied uniformly across all target complexes. The EvoPlay-
MuZero agent was trained using the Adam optimizer with an initial learning rate (Iry) of
0.05 and a weight decay of 1.0 x 10-% The learning rate followed an exponential decay
schedule:

Iry = lry x y&/%0 4)

where y = 0.8, K = 1000, and t denotes the training update step. The optimization
budget was set to 1000 self-play episodes with a batch size of 32, unroll steps of 5, and TD
steps of 10. The Monte Carlo Tree Search depth was fixed to 30 simulations per move. The
evaluation focuses on three primary dimensions: first, analyzing convergence profiles
through loss trajectories across independent runs to explicitly illustrate run-level variabil-
ity and statistical standard deviations (+SD); second, evaluating computational efficiency
by measuring the runtime of different tasks; and third, calculating the “hit rate” of valid
sequences under the same optimization budget of 1000 self-play iterations, with up to 30
moves per episode and 30 Monte Carlo Tree Search (MCTS) simulations per move, corre-
sponding to an upper bound of 9.0 x 10> MCTS simulations per run. In the benchmark
experiments, the hit rate was defined according to the loss-based thresholds used in the
original evaluation pipeline, namely the cumulative number of generated sequences sat-
isfying loss < 0.1, loss < 0.05, or loss < 0.01. AlphaFold3 structure prediction and
PDBePISA-derived interfacial solvation scores were not used as binary filters for the
benchmark hit-rate calculation; instead, they were applied in the subsequent ApoE-Af3
DPB candidate-screening stage to evaluate structural interface compatibility and priori-
tize the final designed sequences [12]. In addition, the consistency validation step was
included, in which extended 300 ns all-atom molecular dynamics simulations were per-
formed to compare the backbone root-mean-square deviation (RMSD) and hydrogen-
bond stability of peptides generated by the two frameworks under the same conditions,
thereby confirming the reliability of the algorithmic improvements from a dynamic per-
spective [19-21].

2.5.2. Rational Design and Conformational Optimization of Molecules

For all optimized peptide candidates, AF3 was used to predict the structures of their
ternary complexes with ApoE and A, and the interfacial solvation energy effect (4'G)
upon interface formation was estimated using the PDBePISA server. All structural visu-
alization and energy analyses were performed using PyMOL and Python (version 3.9). To
systematically address target specificity and mitigate the risk of nonspecific binding (i.e.,
generic hydrophobic “stickiness”), the reinforcement learning exploration trajectory was
analyzed as an intrinsic negative selection process. Rather than evaluating standalone
scrambled or misaligned sequences post hoc, the ratio-based reward function (Equation
(1)) explicitly treats all unfavorable sequence mutations and structural disorientations
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generated during the 1000 self-play episodes as continuous negative controls, dynami-
cally penalizing and weeding out non-specific candidates. Based on these analyses, two
sets of comparative experiments were designed to identify the optimal peptide designs.

Nine peptide-length combinations were designed (ApoE-binding peptide length x
AB-binding peptide length: 15 x 15, 15 x 20, 15 x 25, 20 x 15, 20 x 20, 20 x 25, 25 x 15, 25 x
20, and 25 x 25), all of which used a fixed flexible linker of three alanine residues (3A). For
the top five candidate peptides generated by the model under each combination, the struc-
tures of the respective binary complexes with ApoE and Af3 were predicted using AF3,
and the interfacial solvation score (4'G) was estimated using the PDBePISA server [22] to
evaluate structural interface compatibility and rank the candidate length combinations.

Based on the selected optimal peptide-length combination, the effect of linker length
on binding efficacy was further evaluated. Six linker variants containing 0-5 alanine resi-
dues (0 A-5 A) were evaluated, and the interfacial solvation score of the resulting ternary
complexes were calculated to determine the optimal linker configuration, while keeping
the peptide sequences unchanged.

2.5.3. Computational Protocols for Dynamic Stability Validation

To assess the dynamic stability and interface behavior of the complexes, extended
300 ns all-atom molecular dynamics simulations were executed using GROMACS 2022.3
[19]. The complexes were placed in a cubic water box, with the Amber99SB-ILDN force
field and the TIP3P water model employed throughout the simulations [20,21]. Following
equilibration at 310 K and 1 bar, production runs were monitored. Structural and interfa-
cial properties were systematically extracted across the trajectories, tracking the backbone
root-mean-square deviation (RMSD), protein radius of gyration (R;), solvent-accessible
surface area (SASA), interface hydrogen bonds, interface minimum distances, interface
residue contacts, and short-range non-bonded interaction energies (including Coulomb,
Lennard-Jones, and total short-range components).

3. Results
3.1. Performance of the MuZero Algorithm in Terms of Sequence Space Exploration Efficiency

In order to systematically evaluate the performance gain of introducing model-based
RL for the peptide design task, comparative experiments were conducted between the
EvoPlay-MuZero framework, which integrates the MuZero algorithm, and the original
EvoPlay framework, which is based on model-free RL [12]. Crucially, this cross-frame-
work baseline comparison serves as a formalized ablation study isolating the program-
matic contribution of the MuZero lookahead planning engine. The 1SSC, 2CNZ, and 3R7G
complexes were selected as benchmark datasets, AlphaFold2 (AF2) was used as the struc-
ture prediction surrogate [6], and 1000 rounds of iterative optimization were performed
under identical initial conditions. Student’s t-tests demonstrated that EvoPlay-MuZero
achieved significantly higher sequence-generation hit rates than EvoPlay, with p-values
below 0.01 and the 95% confidence interval (CI) excluding zero difference, indicating a
highly significant improvement. Convergence analysis results (Figure 4a) show that
EvoPlay-MuZero achieves a rapid decrease in the loss value at the beginning of the opti-
mization process and significantly outperforms the original EvoPlay in terms of stability
at later stages of the search process, demonstrating that the latent state planning mecha-
nism is effective in identifying regions of high-potential sequences and reducing redun-
dant searches. Statistical analysis of the sequence loss distributions across the three da-
tasets (Figure 4b) reveals that EvoPlay-MuZero generates a significantly lower median
loss for the solution set, further confirming its advantage in improving overall design
quality. To evaluate the contribution of each term in the ratio-based reward under an
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identical computing budget, a component-wise ablation analysis was performed within
the benchmark optimization setting. The analysis showed that removing the structural-
confidence term weakened the selection pressure toward locally reliable peptide confor-
mations, whereas suppressing the geometric penalty terms allowed the planning engine
to generate candidates with poorer alignment to the designated receptor-interface region.
Consistent with this interpretation, among the 1SSC MuZero benchmark output sets with
at least 1000 generated structures, the highest mean pLDDT was observed in the out-
put2_M3 run, with a mean pLDDT of 59.13 + 16.85 over the first 1000 structures; only 9 of
1000 generated structures exceeded the pLDDT > 85 threshold. These empirical observa-
tions indicate that the ratio-based reward formulation couples structural confidence with
interface alignment, thereby providing a practical trade-off between local structural relia-
bility and binding-site proximity.
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Figure 4. Comparative performance evaluation of EvoPlay and EvoPlay-MuZero on the benchmark
datasets. (a) Convergence analysis: The evolution curves of the loss function (Loss) of the two frame-
works during iterations on the 1SSC dataset. (b) Loss value distribution statistics: Boxplot of loss
value distributions over 1000 iterations for generated sequences, comparing the quality of solution
space exploration by the algorithms. (c) Effective sequence hit rate: Cumulative number comparison
of effective sequences under different threshold levels (0.1, 0.05, 0.01) on the 1SSC dataset, where
the superiority of EvoPlay-MuZero is statistically significant (p < 0.01, Student’s t-test). (d) Compu-
tational efficiency analysis: Comparison of the average runtime required by the two algorithms to
complete the tasks across the three experimental settings. (e) Sequence logos of the top 10% peptides
generated by EvoPlay on the 1SSC, 2CNZ, and 3R7G datasets. (f) Sequence logos of the top 1%
peptides generated by EvoPlay-MuZero on the 1SSC, 2CNZ, and 3R7G datasets, where the height
of each letter reflects the information content (measured in bits) at a given residue position. The
standard color coding in subfigures (e f) represents standard amino acid chemical properties: polar
amino acids (green), basic amino acids (blue), acidic amino acids (red), neutral/polar amides (pur-

ple), and hydrophobic/aromatic residues (black/dark grey).

A quantitative evaluation of the “hit rate” further reveals the superiority of the pro-
posed algorithm (Figure 4c). Under a loss threshold of 0.01, corresponding to high-affinity
requirements, the number of qualified sequences generated by EvoPlay-MuZero is signif-
icantly higher than that of the baseline model, demonstrating its ability to accurately lo-
cate optimal solutions in the high-dimensional discrete search space. Sequence logo anal-
ysis (Figure 4e,f) also shows that high-scoring sequences generated by EvoPlay-MuZero
exhibit stronger amino acid conservation at key interaction sites. In addition, with respect
to computational resource consumption (Figure 4d), the overall runtime of the framework
is significantly reduced, thereby improving computational efficiency for practical appli-
cations. Consistency validation using extended 300 ns all-atom MD simulations further
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supported the dynamic reliability of the generated complexes (Figure 5). During the equil-
ibrated 210-300 ns interval, the EvoPlay-MuZero complex maintained a backbone RMSD
of 0.275 + 0.028 nm, R, of 1.450 + 0.011 nm, SASA of 74.26 + 2.04 nm?, 182.63 + 9.34 inter-
facial residue contacts, and 15.07 + 2.69 interface hydrogen bonds. The corresponding
EvoPlay values were 0.225 + 0.023 nm, 1.470 + 0.014 nm, 79.36 + 1.70 nm?, 177.57 + 6.66
contacts, and 12.81 + 2.05 hydrogen bonds, respectively. Although both complexes re-
mained structurally stable, EvoPlay-MuZero showed a more compact and interaction-rich
interface, with a more favorable mean short-range interaction energy than EvoPlay
(—1024.63 + 140.51 vs. -958.17 + 97.55 kJ/mol) [12,19-21].
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Figure 5. Molecular dynamics validation of the generated complexes over representative 300 ns tra-

jectories. (a) Backbone RMSD. (b) Interface hydrogen bonds. (¢) Coulomb short-range interaction
energy. (d) Lennard—Jones short-range interaction energy. (e) Total short-range interaction energy.
(f) Interface minimum distance. (g) Interface residue contacts. (h) Protein radius of gyration (Ry). (i)

Protein solvent-accessible surface area (SASA).

3.2. Rational Design and Optimization of the DPB Molecule

After validating the effectiveness of the algorithmic framework, a “divide-and-con-
quer” design strategy was applied to optimize the conformation of dual-peptide bridging
(DPB) molecules targeting ApoE4 and Af3. The process begins with the generation of high-
affinity monomeric peptides for each of the two targets using EvoPlay-MuZero, followed
by systematic combinatorial experiments to identify optimal spatial configurations.

3.2.1. Peptide Length Combination Screening

During the peptide length combination screening stage (Figure 6a), nine different sets
of length pairs were systematically evaluated, and the generated candidate sequences
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were subsequently used for complex structure prediction using AlphaFold3 (AF3) [7],
with the interfacial solvation stabilization score (4'G) calculated using the PDBePISA
server [22]. The results show that the 15 x 25 configuration (i.e., Pep-ApoE length of 15
and Pep-Ap length of 25) yields the strongest performance in mediating dual-target bind-
ing, with the overall interfacial solvation score of the ternary complex reaching as low as
-29.5 kcal/mol (Figure 6b). In this configuration, the individual interface-energy estimates
of the two component peptides to their respective targets reach —23.1 kcal/mol and -19.3
kcal/mol, respectively, both of which satisfy the predefined stringent structural interface
selection thresholds.
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Figure 6. Conformational optimization and interfacial solvation score evaluation of DPB molecules.
(a) Binary interfacial solvation score (4'G) heatmap of individual component peptides: Interfacial
solvation score (4{G) evaluation of component peptides of various lengths when bound to ApoE or
AR, with color intensity indicating the binding strength. (b) Overall interfacial solvation score of the
ternary complex: The total interfacial solvation score (4'G) is compared across ternary systems
formed by intact DPB molecules with different length combinations. (c) Linker effect analysis I: The
effect of alanine linker length on the binary binding stability of component peptides is shown. (d)
Linker effect analysis II: The overall binding efficacy of the final ternary complex is modulated by
linker length variations.

3.2.2. Linker Length Fine-Tuning

Optimization experiments were conducted to fine-tune the linker length in the 15 x
25 configuration (Figure 6¢,d). By analyzing the binding energies of six different alanine
linker configurations from 0 A to 5 A, it was found that an overly short linker leads to
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significant steric hindrance, while an excessively long linker introduces an additional en-
tropy penalty, leading to reduced binding affinity. When the linker length was set to three
alanine residues (3A), the system energy reached a global minimum. Therefore, the “15 x
25-3A” configuration was selected as the final optimal DPB molecular scheme. To ensure
complete transparency and reproducibility, the primary sequence of the engineered opti-
mal 15 x 25-3A bispecific peptide is explicitly reported here: Pep-ApoE domain (15-mer:
DWLQWYRDWWDYYWD), followed by the flexible 3A linker (AAA), and the Pep-Ap
domain (25-mer: RHYDIKFIMQYCFNIAAMRQCLESM).

3.3. Dynamic Stability Validation

To verify the binding mode and stability of the optimal DPB molecule (15 x 25-3A) in
a dynamic environment, representative 300 ns MD simulations were performed for the
ApoE4-Af complex in the absence of DPB and the DPB-bound ternary system.

The degree of equilibration of the system was assessed using backbone RMSD, R,
and SASA. The structural specificity of the optimized 15 x 25-3A molecule is further sup-
ported by sequence-level complementarity. During live training, anytime the engine gen-
erated scrambled sequence variations or reversed-linker topologies, they triggered imme-
diate reward collapse due to severe center-of-mass drifting (ACOM) or structural inflation
in the denominator of Equation (1). Furthermore, structural interface alignment indicates
that the designed peptide binds specifically to the COOH-terminal lipid-binding domain
of ApoE4 (specifically encompassing residues ALA272, PHE275, GLN276, LYS280,
PHE283, VAL287, GLN293, TRP294, and LEU297). To quantitatively evaluate the func-
tional compatibility of this engineered interface and ensure it does not compromise
ApoE4’s endogenous clearance infrastructure, a residue-level spatial mapping was exe-
cuted against ApoE4’s canonical receptor-binding epitope (residues 136-150, critical for
LRP1/LDLR interaction) [23]. Interfacial calculations implemented via PDBePISA and MD
ensemble contact maps demonstrated zero spatial overlap between the two distinct topo-
logical domains. Specifically, the designed peptide fragments occupy a total buried sur-
face area (BSA) of 1893.8 A? centered strictly within the COOH-terminal alpha-helical
bundle, maintaining a vast, highly protective spatial exclusion distance of over 37.9 A
from the Lys143/Argl147-driven basic helical core of the functional receptor epitope at the
NH>-terminus. This quantitative spatial decoupling structurally substantiates that the en-
gineered proximity strategy preserves ApoE4’s physiological receptor-binding availabil-
ity completely intact, achieving downstream multi-target synergy without inducing any
functional clearance blockade.

As shown in Figure 7a—i, both systems reached stable plateau behavior during the
late trajectory stage. During the equilibrated 210-300 ns interval, the native ApoE4-Af3
complex showed a backbone RMSD of 2.304 +0.030 nm, R, of 2.369 +£0.017 nm, and SASA
of 200.89 + 3.41 nm?. In contrast, the DPB-bound ternary system stabilized at a lower back-
bone RMSD of 0.805 + 0.044 nm, with R; and SASA values of 2.724 + 0.011 nm and 213.48
+ 3.45 nm?, respectively. To systematically ensure the physical continuity of the reported
metrics and guarantee the absolute exclusion of periodic boundary condition (PBC) wrap-
ping artifacts, all production trajectories were rigorously handled using a standardized
post-processing unwrapping and centering protocol (gmx trjconv -pbc nojump -center).
As shown in Figure 7a, the trajectory demonstrates smooth and continuous structural con-
vergence, where the localized transitions represent genuine thermodynamic conforma-
tional sampling of the flexible peptide linkers rather than unphysical geometric boundary
steps [24]. The higher R; and SASA values are consistent with the larger ternary assem-
bly formed after DPB binding rather than continued structural drift. Interface hydrogen-
bond analysis further supported the stabilizing effect of DPB: the DPB-bound system
maintained 21.46 + 2.71 interface hydrogen bonds, higher than the native complex (17.83
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+ 2.65), while the minimum interfacial distance remained stable in both systems (0.166—
0.167 nm). To complement the trajectory-based stability analyses, Molecular Mechanics
Poisson-Boltzmann Surface Area (MM-PBSA) calculations were performed using 151
frames extracted from the equilibrated 150-300 ns segment at 1 ns intervals [25]. The DPB-
bound ternary complex achieved a favorable ensemble-averaged binding free energy
(AGpyp—-ppsa) of —141.84 + 17.42 kcal/mol, supporting the thermodynamic stability of the
designed complex. These results suggest that the introduction of the DPB molecule not
only stabilizes the overall conformation but also strengthens the interfacial hydrogen-
bonding network.

To clarify the specific binding sites of the DPB molecule on the receptor, atomic con-
tacts and hydrogen bond formation were analyzed in the simulated trajectories. Using a
distance cutoff of 3.5 A and selecting residues involved in stabilizing hydrogen bonds, 21
key residues located at the binding interface were identified: TRP2, TRP5, TYR6, TRP9,
TRP10, TYR12, TYR13, TRP14, ALAl6, ALA17, ALA18, HIS20, TYR21, PHE25, ILE26,
GLN28, PHE31, ASN32, ILE33, MET36, and ARG37. These residues constitute the struc-
tural basis for the interactions between the DPB molecule and ApoE and A (Figure 7j).
Notably, the high abundance of aromatic residues (24% Trp and 52% total aromatics) at
the interface reflects a biologically plausible driving force rather than an algorithmic arti-
fact. Both the ligand-binding domain of ApoE4 and the core aggregation segments of A3
are inherently hydrophobic, aromatic-rich domains where molecular proximity is heavily
mediated by 7t-7t stacking and hydrophobic collapse [26]. Leveraging aromatic-dense mo-
tifs has been a well-established biochemical strategy to effectively disaggregate and in-
hibit amyloid fibril propagation [27]. The MD simulation results provide kinetic evidence

that the designed DPB molecule forms stable and specific complexes with the target pro-
teins [28,29].
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)
Figure 7. Molecular dynamics (MD) simulations and interaction-pattern analysis of the complex
formed by the optimal DPB molecule. (a—i) Dynamic stability and interfacial interaction profiles
from representative 300 ns MD trajectories comparing the Native Protein and Protein + 15 x 25 Pep-
tide systems: (a) Backbone RMSD. (b) Interface hydrogen bonds. (¢) Coulomb short-range interac-
tion energy. (d) Lennard-Jones short-range interaction energy. (e) Total short-range interaction en-
ergy. (f) Interface minimum distance. (g) Interface residue contacts. (h) Protein radius of gyration
(Rg)- (i) Protein solvent-accessible surface area (SASA). Dashed horizontal lines indicate the mean
values during the equilibrated 210-300 ns interval. (j) Atomic-level binding-mode view: Three-di-
mensional structural representation of the optimal DPB molecule (15 x 25-3A) bound to the receptor
protein. In this subfigure, the receptor protein is rendered in cyan cartoon, the component peptides
of the dual-peptide system are highlighted in green and magenta, and key interacting residues at
the binding interface are explicitly illustrated in yellow stick representations with dashed hydrogen-

bond interactions.

4. Discussion
4.1. Methodological Innovations and Key Findings

In this study, a hybrid EvoPlay-MuZero framework is proposed that incorporates a
dual-peptide bridging strategy to enhance the binding affinity between ApoE4 and A by
constructing an artificial “molecular bridge”. The methodological innovation of this strat-
egy is threefold.

First, the MuZero reinforcement learning algorithm is incorporated into the protein-
design framework. Experimental results demonstrate that EvoPlay-MuZero exhibits su-
perior convergence behavior and higher sequence-generation efficiency on the 1SSC
benchmark. This validates the effectiveness of model-based planning in exploring protein
sequence space and provides a new route for addressing high-dimensional discrete opti-
mization problems [10,12]. Compared with conventional model-free reinforcement learn-
ing, such as PPO, MuZero enables lookahead planning without relying on a fully specified
simulator by learning a latent-state representation of the environment, thereby signifi-
cantly improving sample efficiency.

Second, the limitation of traditional single-target ligand design is overcome. Unlike
existing Af-targeting antibodies or ApoE regulators [30-32], the DPB strategy enables
synergistic modulation of two protein targets through the rational design of bispecific
peptides. This design concept is analogous to the induced-proximity mechanism of mo-
lecular glues [33], but utilizes a more tunable peptide scaffold, thereby providing a new
paradigm for protein—protein interaction (PPI) engineering. Notably, the proposed ap-
proach exhibits strong generalizability: the computational framework can be generalized
to other disease systems involving aberrant PPIs, such as p53—-MDM2 interactions in can-
cer [34].

Third, a complete computational design and validation pipeline has been established.
The pipeline integrates multiple computational components, including Al-based se-
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quence generation (EvoPlay-MuZero), high-accuracy structure prediction (AF3) [7], inter-
face-energy estimate (PDBePISA) [22], and molecular dynamics simulations, thereby
forming a closed-loop validation framework from sequence design to functional evalua-
tion. The excellent performance of the optimal DPB molecule (15 x 25-3A), in terms of
interfacial solvation score (4'G =-29.5 kcal/mol) and dynamic stability, demonstrates the
effectiveness of the proposed pipeline.

4.2. Limitations and Future Directions

Despite the positive results achieved in this study, several limitations remain to be
addressed in future work. The primary limitation lies in the necessary simplification of
the dynamic biological system within static computational models. Our current pipeline
relies on structural predictions from AF2/AF3, which present recognized uncertainty and
constrained confidence when handling flexible, disordered, and multichain peptide as-
semblies [6,7,17]. While our framework offers robust exploration efficiency, alternative
paradigms like ProteinMPNN [8], RFdiffusion [35], and EVOLVEpro [36] excel primarily
at unconstrained global topology sampling. However, these generative models often en-
counter severe optimization bottlenecks when subjected to the strict multi-target, proxim-
ity-inducing geometric constraints required for dual-peptide bridging (DPB) strategies.
Future extensions of our EvoPlay-MuZero framework will integrate deep inverse-folding
decoders (e.g., ProteinMPNN) within the reward nodes and execute large-scale, cross-
platform empirical benchmarking to further elevate design fidelity. From an algorithmic
perspective, the observed aromatic crowding (24% Trp and 52% total aromatics) illustrates
a reward exploitation paradigm (Goodhart’s Law) where static structural scoring envi-
ronments over-reward aromatic packing enthalpies. To alleviate this limitation, future
framework iterations will integrate explicit composition-penalized negative design con-
straints to enhance sequence diversity. Meanwhile, evaluation fidelity against such heu-
ristic gaming was safeguarded via independent validation nodes, specifically PDBePISA
solvation free energies (4'G) [22] and GROMACS molecular dynamics (MD) trajectories
[19]. Because A is intrinsically disordered and aggregation-prone [15], and ApoE4 exhib-
its highly dynamic conformations dependent on its lipidation state [4], a single predicted
ternary structure cannot fully capture the physiological binding ensemble. To strengthen
the biological plausibility of our findings, these predicted topologies were qualitatively
cross-referenced and calibrated against existing experimental data regarding known
ApoE-Af mutational interaction domains [2]. Future iterations of the EvoPlay-MuZero
framework will transition toward structural ensemble modeling, incorporating multiple
AP disordered conformers and distinct lipidated ApoE states to better reflect in vivo phys-
iological environments. Nevertheless, we acknowledge that expanding post hoc negative
screening remains a key milestone for downstream translation. Future scaling of the eval-
uation pipeline will introduce automated off-target docking modules against a broader
decoy panel (e.g., Bovine Serum Albumin or structural homologs) to explicitly optimize
the cross-reactivity frontiers of the generated policies.

The molecular dynamics simulations performed in this study do not fully capture the
complex intracellular biochemical environment, including macromolecular crowding,
chaperone-mediated effects, and post-translational modifications [24]. These factors may
substantially influence the biological behavior of DPB molecules. More physiologically
relevant simulation systems should be adopted in future work, such as all-atom simula-
tions incorporating phospholipid bilayers; alternatively, coarse-grained models could be
employed to extend accessible timescales, thereby enabling a more accurate assessment
of the stability and function of DPB molecules in cellular environments.

The druggability of DPB molecules has not yet been comprehensively evaluated.
Given the computational nature of this study, the analysis focuses on binding affinity and
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stability, whereas clinical translation requires systematic evaluation of key properties, in-
cluding protease stability, blood-brain barrier permeability, and immunogenicity [37].
Peptide therapeutics typically exhibit short in vivo half-lives and poor oral bioavailability.
These challenges must be addressed through medicinal chemistry strategies, including
cyclization, PEGylation, and D-amino acid substitutions, followed by rigorous preclinical
evaluation [38].

4.3. Practical Implications and Future Perspectives

The findings of this study have significant theoretical implications and practical rel-
evance. From a translational medicine perspective, the DPB strategy provides a novel ap-
proach to targeted treatment for APOE ¢4 carriers, a high-risk population for AD [2]. By
enhancing ApoE4-Af interactions, this strategy is expected to restore ApoE4’s physiolog-
ical role in Af3 clearance, thereby modulating the pathological progression of AD. From a
computational methodology perspective, this study demonstrates the considerable poten-
tial of integrating artificial intelligence with structural biology for the design of complex
biomolecular systems. This “smart bridging” design paradigm may be extended to other
disease contexts driven by aberrant protein—protein interactions, providing a new tech-
nical route for targeting traditionally “undruggable” proteins [9,34]. Future work should
proceed along three directions: first, the optimal DPB molecules should be chemically syn-
thesized, and their functional properties should be validated through biophysical and cell-
based assays; second, emerging Al methods, such as diffusion-based generative protein
models [39], should be explored to further enhance the efficiency of sequence design and
linker optimization; and finally, the current workflow should be systematized to establish
a computational platform capable of automatically generating bridging schemes for arbi-
trary protein pairs, thereby facilitating the development of personalized precision medi-
cine.

5. Conclusions

In this study, a computational strategy termed EMB-DPB was developed and vali-
dated for Alzheimer’s disease (AD) treatment to address the core pathological mechanism
of insufficient binding affinity of ApoE4 for A{3. By integrating the latent-state planning
mechanism of the MuZero reinforcement learning algorithm into a protein-design frame-
work, this study not only significantly improved search efficiency and the quality of gen-
erated sequences in large-scale, high-dimensional discrete sequence spaces but also over-
came the limitations of single-target optimization in conventional computational drug de-
sign and enabled the synergistic modulation of multi-target interactions.

In summary, the established closed-loop validation pipeline successfully demon-
strated the biophysical viability and dynamic stability of the engineered dual-peptide
bridge under simulated physiological conditions. This comprehensive in silico baseline
provides a solid structural and energetic foundation for downstream drug development.

Future work will pursue experimental translation through in vitro characterization
and cell-based functional assays, alongside integrating generative diffusion models to
scale this multi-target proximity paradigm to broader disease contexts driven by aberrant
protein interactions [39].
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