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Abstract

Diffusion processes on networks are central to social network anal-
ysis and data mining, where influence maximization provides a
canonical framework for identifying influential nodes. However,
many real-world diffusion processes are competitive and reversible,
making classical irreversible influence maximization models inad-
equate. The positional Moran process captures such dynamics by
modeling stochastic competition with position-dependent fitness
and motivates the fixation maximization problem: selecting an ini-
tial active set that maximizes the probability of eventual population-
wide dominance. Existing methods rely on static structural heuris-
tics or simulation-intensive greedy search. These approaches either
ignore long-horizon evolutionary effects or scale poorly because
they require repeated stochastic simulations. This limitation raises
a fundamental question: Can we learn scalable active node selection
policies that capture the evolutionary dynamics governing fixation?
We answer this question with LEAP, a deep reinforcement learning
framework for amortized fixation maximization under the posi-
tional Moran process. LEAP formulates active node selection as a
Markov decision problem and learns fixation-aware representations
that combine graph structure with mutant invasion and stability
signals. Its fixation-modulated message passing mechanism models
selection pressure through learned fitness contrasts, while fixation-
weighted pooling constructs a global evolutionary representation.
Experiments on real-world networks show that LEAP matches the
solution quality of simulation-based greedy methods with approxi-
mately five orders of magnitude faster inference and outperforms
all baselines in at least two-thirds of experimental settings. These
results show that deep reinforcement learning can optimize long-
horizon competitive diffusion when equipped with fixation-aware
mechanisms that capture evolutionary dynamics.

CCS Concepts

• Human-centered computing → Social network analysis;
Social networks; • Networks→ Online social networks.
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1 Introduction

The spread of behaviors, information, pathogens, traits, and inno-
vations over networks is a central problem in data mining, social
network analysis, and network science. Many such phenomena
are modeled as stochastic diffusion or invasion processes, where
entities propagate through repeated interactions constrained by
network structure. Understanding and controlling these dynamics
supports applications ranging from viral marketing and platform
design to public health intervention and evolutionary control.

Within this landscape, influence maximization (IM) has emerged
as a canonical optimization problem for network intervention.
Given a network and a diffusion model, IM selects a small seed
set whose initial activation maximizes expected influence spread
[7, 20, 39, 50, 84]. This formulation has led to submodularity-based
algorithms, greedy approximations, and sampling-based estimators
with both theoretical guarantees and practical scalability. How-
ever, classical IM relies on an irreversibility assumption: once a
node becomes activated, it remains active. This assumption breaks
down in competitive settings, where hashtags, products, standards,
pathogens, or traits can replace one another over time. In such
systems, early exposure does not ensure long-run dominance, and
subsequent competition can erase short-term gains.

This limitation motivates diffusion models that explicitly capture
replacement and long-horizon competition. Competitive dynamics
arise in population genetics, where mutations or engineered gene
drives compete in natural populations [19, 33]; in epidemiology,
where pathogens or vaccines spread through contact networks
[49, 74, 78]; and in technological and social systems, where incom-
patible standards, products, or narratives diffuse under structural
and behavioral constraints [48]. Across these domains, the relevant
objective is not maximizing short-term exposure, but achieving
long-run dominance under persistent competition.

The Moran process models competitive invasion through re-
peated stochastic replacement events between a mutant trait and
residents [6, 28, 62]. Unlike cascade-based diffusion, it studies fixa-
tion probability: the probability that the mutant eventually takes
over the population [61]. This perspective links network topology to
long-run evolutionary outcomes, including the design of amplifiers
that systematically increase fixation probability [36, 38, 72, 81, 94].
In spatially heterogeneous systems, selective advantage depends
on where a trait originates and propagates, such as through dense
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communities or strategic hubs. To model this setting, Brendborg
et al. [16] introduced the positional Moran process, where a fitness
advantage (𝛿) applies only to a designated node subset. This for-
mulation shifts the intervention objective from selecting initial
adopters to allocating positional advantage: given a graph𝐺 , select
𝑘 nodes that maximize fixation probability.

This fixation maximization (FM) problem is difficult because the
objective is non-submodular, highly stochastic, and computationally
intractable to evaluate exactly. Simulation-based greedy methods
require repeated objective evaluations and lack bounded approxi-
mation guarantees outside restrictive regimes [16, 34]. Topology-
driven heuristics avoid this cost but ignore evolutionary dynamics,
while learning-based methods for related problems such as IM do
not model reversible competition, stochastic replacement, or long-
horizon fixation. These limitations expose a central question: how
can we learn to allocate positional advantage when the objective is
non-submodular, gradients are unavailable, dynamics are stochastic,
and exact optimization is infeasible?

We address this question with fixation-aware policy learning, a
deep reinforcement learning (DRL) approach realized by LEAP for
fixation maximization in the positional Moran process. The key ben-
efit is amortization: during training, LEAP uses offline simulations
on small synthetic graphs, where Monte Carlo fixation estimates
are tractable, to learn a reusable policy for selecting advantaged
nodes. At inference time, the learned policy selects nodes on unseen
networks through a forward pass, avoiding repeated Monte Carlo
evaluation on large target graphs. We formulate node selection
as a Markov Decision Process, where states encode the partially
selected advantage set and actions select additional nodes. Each se-
lection reshapes the evolutionary landscape and changes the gains
of subsequent choices, so the agent learns from simulation-based
feedback to estimate long-horizon fixation gains under stochastic
competition, positional advantage, and delayed rewards.

This formulation directly captures the sequential and history-
dependent structure of fixation maximization: a node’s value de-
pends not only on its local topology but also on previously selected
nodes and their induced evolutionary effects. Fixation maximiza-
tion further introduces structural asymmetries absent from clas-
sical IM. Early suboptimal selections can suppress future spread,
while distinct selected sets may achieve similar fixation probabilities
through different evolutionary trajectories [16]. Fixation rewards
can also exhibit high variance, complicating policy optimization.
LEAP addresses these challenges through ECE, a fixation-aware
graph representation; a fixation-aware aggregation module; and
curriculum-driven training that stabilizes learning across increas-
ingly complex topological and dynamical regimes.

Our contributions are summarized as follows:
• We introduce LEAP, a deep reinforcement learning frame-
work for fixation maximization under the positional Moran
process. To the best of our knowledge, LEAP is the first DRL
formulation for this setting, casting active node selection as
a sequential decision problem that learns transferable fix-
ation policies from Moran-induced rewards and amortizes
selection through a single forward-pass inference.
• We propose ECE, a fixation-modulated graph representation
that integrates structural, evolutionary, and spectral proper-
ties with mutant invasion and stability signals, which prior

work has shown to be informative for the task. We further
introduce a fixation-aware aggregation module that refines
these representations through fixation-modulated message
passing and fixation-weighted pooling to obtain selection-
pressure-aware node and graph representations for effective
active node selection.
• Wedevelop a phased training curriculum that stabilizes learn-
ing under high-variance fixation rewards by progressively
increasing topological complexity.
• Extensive experiments on real-world networks show that

LEAP consistently outperforms heuristic, process-aware gre-
edy, and learning-based baselines across selection regimes
and budgets, maintains low variance under stochastic fix-
ation dynamics, achieves more than 105× faster inference
on average than the simulation-driven greedy baseline, and
scales to large networks where repeated fixation-score esti-
mation becomes computationally prohibitive.

2 Related Work

Evolutionary Dynamics on Graphs. The Moran process [73] is
the canonical model of stochastic competition in finite populations,
characterizing birth–death dynamics driven by relative fitness. In
evolutionary graph theory, network topology critically shapes these
dynamics; in particular, amplifiers systematically increase the fixa-
tion probability of advantageous mutants [1, 36, 38, 61]. Most prior
work estimates fixation probabilities on static graphs via algorith-
mic approximations or Monte Carlo methods under uniform fitness
assumptions [22, 29, 30]. These methods evaluate evolutionary out-
comes rather than optimize them. The positional Moran process
[16] introduces heterogeneous node fitness, yielding the Fixation
Maximization (FM) problem: selecting an active set that maximizes
eventual fixation probability. In general regimes, FM is analyti-
cally intractable due to stochastic absorption and high-variance
outcomes. Although closed-form results exist in extreme selection
limits, scalable optimization for arbitrary networks remains limited.
Influence Maximization. Influence Maximization (IM) selects
seed nodes to maximize expected spread under stochastic diffusion
models such as Independent Cascade and Linear Threshold [50].
Their submodularity enables greedy (1 − 1/𝑒) approximations and
large-scale algorithms [14, 59, 91]. Recent DRL-based IM methods
learn seeding policies for non-submodular or partially observable
settings [60, 96], with extensions to group influence [37], rumor
containment [56], competitive diffusion [27], and trust-aware prop-
agation [55]. Despite structural similarities, FM and IM differ funda-
mentally: IM assumes progressive, irreversible diffusion, whereas
the Moran process induces reversible stochastic replacement be-
fore absorption. Thus, FM depends on long-run stochastic fixation
rather than monotone cascade spread, making classical IM guaran-
tees inapplicable.
Learning for Graph Combinatorial Optimization. DRL has be-
come a standard framework for graph combinatorial optimization,
combining graph neural networks with RL to learn constructive
or local-improvement policies for problems such as Maximum Cut,
Minimum Vertex Cover, and Traveling Salesman [51, 54, 66]. These
methods encode structural information via message passing and
primarily optimize deterministic or low-variance objectives, with
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Figure 1: Positional Moran process dynamics with active

nodes and mutant reproduction.

extensions to resource allocation and coverage tasks. Applying this
paradigm to evolutionary dynamics is challenging: fixation rewards
are highly variable due to stochastic absorption, leading to unstable
gradients and slow convergence, while optimization depends on
long-term equilibrium behavior. We address these challenges by
coupling fixation-aware representations with simulation-driven
reinforcement learning and curriculum design, enabling efficient
policy learning under high-variance evolutionary feedback.

3 Preliminaries

Structured Populations and Graphs. A structured population can
be modeled as a finite, connected graph 𝐺 = (𝑉 , 𝐸) with |𝑉 | = 𝑛

vertices, where each vertex represents an individual and edges
encode potential reproduction or interaction opportunities. For a
vertex 𝑣 , let 𝑁 (𝑣) = {𝑢 | (𝑢, 𝑣) ∈ 𝐸} denote its neighbors and
𝑑 (𝑣) = |𝑁 (𝑣) | its degree. The graph is equivalently represented
by an adjacency matrix 𝐴 ∈ {0, 1}𝑛×𝑛 , where 𝐴𝑢𝑣 = 1 if (𝑢, 𝑣) ∈ 𝐸
and 0 otherwise. Each edge is also associated with a weight 𝑤𝑢𝑣 ,
representing the interaction probability between nodes 𝑢 and 𝑣 .
The population comprises of two entities: mutants and residents,
with all entities of the same type considered indistinguishable.

Active node sets and fitness. Positional fitness restricts the mutant
advantage to a subset of vertices 𝑆 ⊆ 𝑉 , called the active node
set [16]. Given a mutant set 𝑋 ⊆ 𝑉 , the fitness of node 𝑢 is

𝑓𝑋,𝑆 (𝑢) =
{

1 + 𝛿, 𝑢 ∈ 𝑋 ∩ 𝑆,
1, otherwise.

(1)

where 𝛿 ≥ 0 is the mutant fitness advantage. Fitness measures
reproductive potential, with resident fitness normalized to 1 and 𝛿
capturing the relative competitive benefit of mutation.

The Positional Moran Process. The positional Moran process [16]
extends the classical Moran model by allowing fitness to depend
on node position. At 𝑡 = 0, a single mutant is placed uniformly at
random: P[𝑋0 = {𝑢}] = 1/𝑛 for all𝑢 ∈ 𝑉 . At each discrete time step,
the population evolves from X𝑡 to X𝑡+1 by executing two stochastic
events in succession.
(1) Birth: Select 𝑢 with probability 𝑓𝑋𝑡 ,𝑆

(𝑢 )∑
𝑣∈𝑉 𝑓𝑋𝑡 ,𝑆

(𝑣) .
(2) Death: Sample 𝑣 ∈ 𝑁 (𝑢) proportional to𝑤𝑢,𝑣 , then replace the

entity at 𝑣 with a copy of that at 𝑢.
If 𝑢 is a mutant and 𝑣 a resident, the mutant spreads (𝑋𝑡+1 =

𝑋𝑡 ∪ {𝑣}); if 𝑢 is a resident and 𝑣 a mutant, the mutant is replaced
(𝑋𝑡+1 = 𝑋𝑡 \ {𝑣}); otherwise, 𝑋𝑡+1 = 𝑋𝑡 . The process forms a finite

Markov chain that almost surely reaches a homogeneous state:
lim𝑡→∞ P[𝑋𝑡 ∈ {∅,𝑉 }] = 1. Mutants fixate if 𝑋𝜏 = 𝑉 for some
𝜏 ≥ 0; otherwise, they go extinct.

Example 1. Figure 1 illustrates the positional Moran process. Nodes
represent individuals in a structured population, with mutants (red)
and residents (blue). Yellow rings denote active nodes where mutants
receive a fitness advantage (1+ 𝛿). At 𝑡 = 0 (left), a mutant at node 𝑎
is active and reproduces with probability proportional to its fitness, re-
placing a neighboring resident (node 𝑑). As the process evolves (right),
both mutants and residents reproduce, allowing residents to reconvert
mutants, as indicated by blue arrows. This stochastic reproduction
and replacement continues until mutants either fixate or go extinct.

The fixation probability for an initial mutant set 𝐴 ⊆ 𝑉 is

𝑓 𝑝 (𝐺𝑆 , 𝛿, 𝐴) = P[∃𝜏 ≥ 0 : 𝑋𝜏 =𝑉 | 𝑋0 = 𝐴], (2)

and, for a uniformly random initial mutant,

𝑓 𝑝 (𝐺𝑆 , 𝛿) = 1
𝑛

∑︁
𝑢∈𝑉

𝑓 𝑝 (𝐺𝑆 , 𝛿, {𝑢}) . (3)

Because the underlying Markov chain is finite with transition
probabilities rational in 𝛿 , 𝑓 𝑝 (𝐺𝑆 , 𝛿) is continuous and infinitely dif-
ferentiable for all 𝛿 ≥ 0. In the neutral case (𝛿 = 0), 𝑓 𝑝 (𝐺𝑆 , 0) = 1/𝑛
for any graph 𝐺 [18]. For 𝛿 > 0, exact computation of 𝑓 𝑝 (𝐺𝑆 , 𝛿)
remains open even when 𝑆 = 𝑉 . However, for undirected graphs
with 𝑆 =𝑉 , fully polynomial randomized approximation schemes
(FPRAS) exist [5, 22, 29] due to polynomial absorption times, en-
abling efficient Monte Carlo estimation.

Fixation Maximization via Node Activation. We study Fixation
Maximization (FM) under the positional Moran process and denote
it by FM(𝐺, 𝛿, 𝑘). Given a graph 𝐺 = (𝑉 , 𝐸), mutant fitness advan-
tage 𝛿 ≥ 0, and budget 𝑘 , FM seeks an active set 𝑆 ⊆ 𝑉 with |𝑆 | ≤ 𝑘
that maximizes the fixation probability 𝑓 𝑝 (𝐺𝑆 , 𝛿):

𝑆∗ = arg max
𝑆⊆𝑉 , |𝑆 | ≤𝑘

𝑓 𝑝 (𝐺𝑆 , 𝛿) . (4)

Since 𝑓 𝑝 (𝐺𝑆 , 𝛿) is monotone in 𝑆 , the constraint is tight (|𝑆 | =
𝑘) [16]. The decision variant askswhether some 𝑆 satisfies 𝑓 𝑝 (𝐺𝑆 , 𝛿) ≥
𝑝 for a threshold 𝑝 ∈ [0, 1]. Even on simple graphs, activation pat-
terns can yield substantially different fixation probabilities depend-
ing on 𝛿 and 𝑘 [16].

Selection regimes. Brendborg et al. [16] analyzed two limiting
regimes. Under strong selection (𝛿 → ∞), reproduction becomes
nearly deterministic and fixation probability converges to

𝑓 𝑝∞ (𝐺𝑆 ) = lim
𝛿→∞

𝑓 𝑝 (𝐺𝑆 , 𝛿),

yielding FM∞ (𝐺,𝑘), which maximizes 𝑓 𝑝∞ (𝐺𝑆 ). Under weak selec-
tion (𝛿 → 0+), fixation probability admits the first-order approxi-
mation

𝑓 𝑝 (𝐺𝑆 , 𝛿) ≈ 1
𝑛
+ 𝛿 𝑓 𝑝′ (𝐺𝑆 , 0),

where 𝑓 𝑝′ (𝐺𝑆 , 0) = 𝑑
𝑑𝛿

𝑓 𝑝 (𝐺𝑆 , 𝛿)
��
𝛿=0. Maximizing this term defines

FM0 (𝐺,𝑘), which admits a closed-form solution. In contrast, inter-
mediate selection regimes remain analytically intractable.
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4 Fixation-Aware Representation Learning

Effective sequential mutant placement requires node representa-
tions that capture both graph structure and the evolutionary mech-
anisms that govern fixation. We introduce a fixation-aware repre-
sentation learning framework that conditions policy learning on
complementary structural, dynamical, and game-theoretic signals.
The framework has two stages. First, we construct Evolutionary
Conditioning Embeddings (ECE) that organize fixation-relevant
information into interpretable feature blocks: topology, centrality,
selection-limit proxies, fixation heuristics, evolutionary dynamics,
game-theoretic indicators, and global structural geometry. Second,
we aggregate these embeddings with a fixation-modulated message-
passing architecture that produces node-level representations, a
graph-level summary, and node-wise Q-values for sequential ac-
tion selection. We now describe the embedding construction and
the aggregation architecture used to transform these signals into
fixation-aware Q-value predictions.

4.1 Evolutionary Conditioning Embeddings

Let 𝐺 = (𝑉 , 𝐸) denote the population graph with |𝑉 | = 𝑛. For each
feature block𝑚, we construct a matrix F(𝑚) ∈ R𝑛×𝑑𝑚 , where row
𝑖 contains the features associated with node 𝑖 . We normalize each
block separately and concatenate the resulting representations. This
design treats fixation as a multi-mechanism process rather than
reducing the graph to a single descriptor.
Degree-based. Degree captures local connectivity, which influ-
ences mutant propagation [6, 58, 61, 70]. For each node 𝑖 , we use
fdeg
𝑖

= [𝑑𝑖 , log(1+𝑑 (𝑖)), 𝑑 (𝑖)/max𝑗 𝑑 𝑗 ,
√︁
𝑑 (𝑖)],where 𝑑 (𝑖) denotes

the degree of node 𝑖 , and 𝑑𝑖 =
𝑑 (𝑖 )−𝜇𝑑
𝜎𝑑+𝜀 is the normalized degree,

with 𝜇𝑑 and 𝜎𝑑 denoting the empirical mean and standard deviation
of node degrees. These transformations preserve connectivity in-
formation while distinguishing moderate hubs from extreme hubs.
Centrality. Centrality features measure how strongly a node con-
nects and influences different regions of the graph [52, 53]. We
combine three normalized measures, fcent

𝑖 = [b̂et𝑖 , êig𝑖 , p̂r𝑖 ],
where betweenness centrality captures shortest-path control [15],
eigenvector centrality measures influence through well-connected
neighbors [98], and PageRank reflects steady-state visitation un-
der neutral drift [77]. Together, these features identify structurally
influential positions for Fixation Maximization (FM).
Selection-limit proxies.We use neutral-drift quantities to approx-
imate fixation-relevant node properties in the weak- and strong-
selection limits. Under weak selection (𝛿 → 0), we estimate each
node’s reproductive value [65] as fweak

𝑖 = [êr𝑖 , ĉt𝑖 , âbs𝑖 ], where er𝑖
denotes effective resistance, capturing connectivity-driven genetic
drift and spread potential [31]; ct𝑖 denotes commute time, cap-
turing the expected neutral round trip [21]; and abs𝑖 denotes the
absorption probability for walks initialized elsewhere [29]. These
proxies summarize reachability and persistence under weak se-
lection [16]. Under strong selection (𝛿 → ∞), we estimate the
probability that a neutral mutant reaches each node before ex-
tinction [61, 80, 83]. We simulate 𝑇 neutral random walks with
per-step extinction probability 𝜀ext and maximum length 𝐿max, and
compute f strong

𝑖
= 1

𝑇

∑𝑇
𝑡=1 1{𝑖 ∈ Vis(𝜔 (𝑡 ) )}, where Vis(𝜔 (𝑡 ) ) con-

tains vertices visited before termination or truncation. Large f strong
𝑖

indicates frequent reachability under neutral drift, serving as an
early-reachability proxy for strong-selection fixation [4, 61, 80].
Fixation-specific heuristics. This block aggregates interpretable
fixation-oriented features, ffix

𝑖 = [âmp𝑖 , b̂ar𝑖 , �prop𝑖 , d̂rift𝑖 ] [61,
67]. Here, amp𝑖 measures mutant amplification potential through
degree-weighted neighbor strength and local expansion [9, 61];
bar𝑖 estimates fixation barriers from distances and clustering that
can trap mutants [42, 46, 57]; prop𝑖 estimates selective-advantage
propagation by combining influence with core-periphery position
[13, 52]; and drift𝑖 estimates how local structure dissipates neutral
lineages [17, 46, 57]. These features identify nodes that initiate,
sustain, or obstruct mutant spread [61, 67].
Evolutionary dynamics. This block summarizes process-level
evolutionary behavior through fevo

𝑖 = [b̂d𝑖 , d̂iff𝑖 , înv𝑖 , �ftime𝑖 ].
The feature bd𝑖 combines out-degree with neighbor quality to quan-
tify reproductive advantage under birth–death dynamics [61]; diff𝑖

captures short-step diffusion of fitness effects through local random
walks [2]; inv𝑖 integrates local dominance with network closeness
to estimate mutant invasion potential [71]; and ftime𝑖 uses eccen-
tricity and local mixing-time surrogates to approximate time to
global fixation [44, 57, 93]. These signals characterize both the
speed and robustness of evolutionary spread.
Game-theoretic indicators. This block encodes strategic stabil-
ity and competitive resilience under frequency-dependent fitness,
treating fixation as an evolutionary game on the graph [3, 90]:
fgame
𝑖

= [�nash𝑖 , êss𝑖 , flow𝑖 ] . Here, nash𝑖 quantifies the stability of
placing a mutant at node 𝑖 under neighbors’ strategic responses,
combining local dominance with global connectivity [3, 92]. The
feature ess𝑖 estimates resistance to invasion by alternative strategies
and rewards nodes that remain advantageous after selection [95].
The feature flow𝑖 measures how effectively selective advantage
propagates through one- and two-hop neighborhoods, approximat-
ing payoff diffusion and resource accessibility [75, 76].
Structural embeddings. To capture global geometry beyond hand-
crafted statistics, we compute spectral features from the 𝑘 smallest
nontrivial eigenvectors of the normalized Laplacian [10, 25, 87] and
multi-step random-walk signatures following Node2Vec [40, 82].
We concatenate these features and reduce them by PCA [47] to𝑑struc

dimensions: S ∈ R𝑛×𝑝 PCA−−−−→ S̃ ∈ R𝑛×𝑑struc . Spectral embeddings en-
code global connectivity and community structure [26, 87], whereas
random-walk features capture higher-order reachability and dif-
fusion patterns [40, 82]. These representations complement scalar
graph statistics and support generalization across graph topologies.

Normalization and Final Embedding.We normalize each scalar
feature 𝑥 as 𝑥 =

𝑥−𝜇
𝜎+𝜀 ,where 𝜇 and𝜎 are the empirical mean and stan-

dard deviation computed within each graph and feature block, and
𝜀 > 0 ensures numerical stability. We then concatenate all normal-
ized blocks Z =

[
Fdeg, Fcent, Fweak, Fstrong, Ffix, Fevo, Fgame, S̃

]
∈ R𝑛×𝑑 .

The resulting evolutionary conditioning embedding unifies local
connectivity, global influence, selection-limit behavior, fixation
heuristics, evolutionary dynamics, game-theoretic stability, and
spectral/random-walk geometry for fixation-aware policy learning.

4.2 Fixation-Aware Embedding Aggregation

Given the evolutionary conditioning embeddingsZ, we use Learning
EvolutionaryAdvantage Policies (LEAP) to produce evolution-informed
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Figure 2: Overview of Learning Evolutionary Advantage Policies (LEAP): node embeddings are aggregated to predict Q-values,

and the top-scoring node is selected iteratively under a 𝑘-budget.

representations for action selection. As shown in Figure 2, themodel
mapsZ to node-level embeddingsH ∈ R𝑛×ℎ , a graph-level summary
g ∈ Rℎ , and node-wise Q-values 𝑞𝑖 . The architecture integrates evo-
lutionary priors through fixation-modulated message passing and
fixation-weighted pooling.

4.2.1 Input Projection. We first project Z to a width ℎ latent space:

H(0) = 𝜙
(
ZWin + 1b⊤in

)
, (5)

where Win ∈ R𝑑×ℎ and bin ∈ Rℎ are trainable parameters, and
𝜙 (𝑥) = max(0, 𝑥).

4.2.2 Fixation-Modulated Message Passing. We stack 𝐿 message-
passing layersΦℓ , each coupling node features with a learned fitness
landscape and selection-gated propagation controlled by 𝛼 > 0. At
layer ℓ , node states are H(ℓ ) = [h(ℓ )1 ; . . . ;h(ℓ )𝑛 ]. Given weighted
edges E = {(𝑢, 𝑣,𝑤𝑢𝑣)},(

H(ℓ+1) , 𝝅 (ℓ )
)
= Φℓ

(
H(ℓ ) , E;𝛼

)
, (6)

where 𝝅 (ℓ ) ∈ [0, 1]𝑛 are auxiliary fixation scores.
Each layer contains three components:

Selection potential and birth transform. Each node 𝑖 receives
two learned quantities: a scalar fitness potential defining a latent
selection order and a birth-transformed representation for node
updates:

𝑓
(ℓ )
𝑖

= 𝜎
(
v⊤
𝑓
h(ℓ )
𝑖
+ 𝑐 𝑓

)
, b(ℓ )

𝑖
= 𝜙

(
W𝑏 h

(ℓ )
𝑖

)
. (7)

Selection-pressure propagation. For each edge ( 𝑗→𝑖), the mes-
sage depends on source and target features, the edge weight, a
learned gate, and the learned fitness contrast between nodes:

s(ℓ )
𝑗→𝑖

=W𝑠 [h(ℓ )𝑗 ∥h
(ℓ )
𝑖
], 𝑔

(ℓ )
𝑗→𝑖

= 𝜎
(
v⊤𝑔 s
(ℓ )
𝑗→𝑖
+ 𝑐𝑔

)
,

a(ℓ )
𝑖

=
∑︁

𝑗∈N(𝑖 )
𝑤 𝑗𝑖 𝑔

(ℓ )
𝑗→𝑖

𝜎
(
𝛼 (𝑓 (ℓ )

𝑗
− 𝑓
(ℓ )
𝑖
)
)
s(ℓ )
𝑗→𝑖

.
(8)

The term 𝜎 (𝛼 (𝑓 (ℓ )
𝑗
− 𝑓 (ℓ )

𝑖
)) increases the contribution of neighbors

with higher latent fitness potential and suppresses messages from
lower-potential neighbors. This mechanism aligns message passing
with selection pressure rather than purely structural adjacency.
Amplification and update. Let 𝜌𝑖 = 𝑑𝑖/max𝑘 𝑑𝑘 . Structural am-
plification combines self, neighbor, and density channels, followed

by dropout for regularization.

u(ℓ )
𝑖

= 𝜙
(
W𝑎h

(ℓ )
𝑖

)
, h̃(ℓ )

𝑖
= 𝛾0u

(ℓ )
𝑖
+ 𝛾1a

(ℓ )
𝑖
+ 𝛾2𝜌𝑖u

(ℓ )
𝑖

,

h(ℓ+1)
𝑖

= LN
(
b(ℓ )
𝑖
+ h̃(ℓ )

𝑖

)
.

(9)

Each layer also outputs fixation relevance scores

𝜋
(ℓ )
𝑖

= 𝜎
(
v⊤𝑝h

(ℓ+1)
𝑖

+ 𝑐𝑝
)
, 𝜋𝑖 =

1
𝐿

𝐿−1∑︁
ℓ=0

𝜋
(ℓ )
𝑖

. (10)

We use 𝜎 (𝑥) = 1/(1 + 𝑒−𝑥 ) and LN for layer normalization over
the ℎ features, with concatenation denoted by [·∥·]. The trainable
parameters and their dimensions are

v𝑓 , v𝑔, v𝑝 ∈ Rℎ, 𝑐 𝑓 , 𝑐𝑔, 𝑐𝑝 ∈ R, W𝑏 ,W𝑎,W𝑡 ∈ Rℎ×ℎ,

W𝑠 ∈ Rℎ×2ℎ, 𝛾0, 𝛾1, 𝛾2 ∈ R.

4.2.3 Graph-Level Fixation Pooling. Given final node states H =

H(𝐿) and averaged scores 𝝅̄ , we compute a fixation-aligned graph
representation:

g =

∑
𝑖 𝜋𝑖 W𝑡h𝑖∑
𝑖 𝜋𝑖 + 𝜀

, (11)

with trainableW𝑡 ∈ Rℎ×ℎ . This pooling assigns higher weight to
nodes predicted to be fixation-relevant, producing a graph-level
summary tailored to fixation-aware action selection.

Summary. The proposed fixation-aware representation learning
pipeline combines two complementary stages. First, the ECE en-
code node-level structural, dynamical, game-theoretic, and fixation-
specific signals into a representation Z. Second, LEAP transforms Z
through fixation-modulated message passing and fixation-weighted
pooling, embedding evolutionary priors at the edge, node, and graph
levels: (i) edge-level selection pressure via fitness contrast (Eq. 8),
(ii) node-level amplification via degree-normalized updates (Eq. 9),
and (iii) graph-level fixation-weighted pooling (Eq. 11). Together,
these components produce compact fixation-aware representations
for sequential node selection under a budget.

5 Learning Node Selection via Q-Learning

Fixation maximization poses three coupled challenges: the objec-
tive is non-submodular, node-selection decisions are combinatorial
and therefore non-differentiable, and exact optimization becomes
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intractable on large graphs. We address these challenges by formu-
lating node selection as a finite-horizon Markov decision process
(MDP), where an agent sequentially selects nodes under a cardi-
nality budget. The agent receives fixation-aware marginal rewards
and learns an action-value function 𝑄𝜃 , parameterized by LEAP
(Section 4), over evolutionary graph embeddings. This formulation
converts a difficult combinatorial optimization problem into a se-
quential decision-making task that can be trained using value-based
reinforcement learning.

5.1 MDP Formulation

Let 𝐺 = (𝑉 , 𝐸) be the input graph, 𝛿 ≥ 0 the mutant fitness advan-
tage, and 𝑘 the node-activation budget. The goal is to find an active
set 𝑆 ⊆ 𝑉 , with |𝑆 | ≤ 𝑘 , that maximizes 𝑓 𝑝 (𝐺𝑆 , 𝛿). We model this
optimization problem as a finite-horizon MDP (Ω,A,T , 𝑟 , 𝛾), with
horizon𝑀 = 𝑘 and discount factor 𝛾 ∈ [0, 1].
State. The state space is Ω = {0, 1} |𝑉 | . At decision step𝑚, the state
s𝑚 ∈ Ω encodes the current active set 𝑆𝑚 ⊆ 𝑉 :

s𝑚,𝑖 = 1⇔ 𝑖 ∈ 𝑆𝑚 . (12)

Each episode starts from 𝑆0 = ∅, equivalently s0 = 0, and terminates
when |𝑆𝑚 | = 𝑘 .
Actions. At decision step𝑚, the feasible actions are the inactive
nodes:

A(s𝑚) = {𝑖 ∈ 𝑉 : s𝑚,𝑖 = 0}. (13)
Selecting action 𝑎𝑚 ∈ A(s𝑚) activates node 𝑎𝑚 .
Transition. The transition is deterministic:

𝑆𝑚+1 = 𝑆𝑚 ∪ {𝑎𝑚}, s𝑚+1 = s𝑚 ∨ e𝑎𝑚 , (14)

where e𝑎𝑚 ∈ {0, 1} |𝑉 | is the one-hot vector for node 𝑎𝑚 , and ∨
denotes elementwise logical OR.
Reward. The reward measures the marginal improvement in fixa-
tion probability from activating one additional node. For a partial
active set 𝑆𝑚 , the corresponding positional Moran process is defined
on 𝐺𝑆𝑚 , where active nodes receive the fitness advantage specified
in Sec. 3. We estimate the fixation probability 𝑓 𝑝 (𝐺𝑆𝑚 , 𝛿) (Eq. (3))
using 𝑁trials Monte Carlo trials:

𝑓 𝑝 (𝐺𝑆𝑚 , 𝛿) = 1
𝑁trials

𝑁trials∑︁
ℓ=1

I[fixation occurs in trial ℓ] . (15)

Each trial samples the initial mutant uniformly at random, consis-
tent with the definition of 𝑓 𝑝 (𝐺𝑆𝑚 , 𝛿). The immediate reward is
the estimated marginal gain:

𝑟𝑚 = 𝑓 𝑝 (𝐺𝑆𝑚+1 , 𝛿) − 𝑓 𝑝 (𝐺𝑆𝑚 , 𝛿). (16)
Objective. The policy 𝜋 maximizes the expected discounted return:

max
𝜋

E𝜋

[
𝑀−1∑︁
𝑚=0

𝛾𝑚𝑟 (s𝑚, 𝑎𝑚)
]
, 𝑎𝑚 ∼ 𝜋 (· | s𝑚), s𝑚+1 = T (s𝑚, 𝑎𝑚) .

When 𝛾 = 1 and rewards are unclipped, the return telescopes to

𝑓 𝑝 (𝐺𝑆𝑀 , 𝛿) − 𝑓 𝑝 (𝐺𝑆0 , 𝛿) .
Since 𝑆0 = ∅, maximizing this return is equivalent tomaximizing the
final estimated fixation probability 𝑓 𝑝 (𝐺𝑆𝑀 , 𝛿). For𝛾 < 1 or clipped
rewards, the training objective becomes a shaped approximation of
the original fixation maximization objective.

5.2 State-Conditioned Action-Value Estimation

LEAP estimates 𝑄𝜃 (s𝑚, 𝑎;𝐺) for each feasible node action. Given
the graph representation Z and activation state s𝑚 , the model pro-
duces node embeddings h(𝑚)

𝑖
and a pooled graph summary g(𝑚) .

For each candidate node 𝑖 , the Q-head computes

𝑞𝑖 =𝑄𝜃 (s𝑚, 𝑖;𝐺) = MLP
(
[h(𝑚)

𝑖
∥g(𝑚) ]

)
, (17)

where the MLP is a two-layer network with ReLU activation and
dropout. Before selecting an action, we mask active nodes and
choose

𝑎∗𝑚 = arg max
𝑖∈𝑉 \𝑆𝑚

𝑄𝜃 (s𝑚, 𝑖;𝐺) . (18)

This masking prevents repeated activations and enforces the cardi-
nality constraint over the active set.

5.3 Training with 𝑛-Step Double Q-Learning

We train𝑄𝜃 using 𝑛-step Double Deep Q-learning (DDQN) [43, 69].
The method maintains an online network 𝑄𝜃 and a target network
𝑄𝜃− . For a sampled transition sequence beginning at (s𝑚, 𝑎𝑚), with
rewards 𝑟𝑚, . . . , 𝑟𝑚+𝑛−1 and resulting state s𝑚+𝑛 , the target is

𝑦𝑚 =

𝑛−1∑︁
ℓ=0

𝛾 ℓ𝑟𝑚+ℓ + 𝛾𝑛𝑄𝜃−

(
s𝑚+𝑛, arg max

𝑎′∈A(s𝑚+𝑛 )
𝑄𝜃 (s𝑚+𝑛, 𝑎′;𝐺);𝐺

)
.

The feasible-action mask in the inner maximization prevents the
target from bootstrapping on already active nodes. We minimize
the mean-squared temporal-difference error over a minibatch of
size 𝐵:

L(𝜃 ) = 1
𝐵

𝐵∑︁
𝑖=1

(
𝑄𝜃 (s𝑚,𝑖 , 𝑎𝑚,𝑖 ;𝐺) − 𝑦𝑚,𝑖

)2
. (19)

We update the target network using an exponential moving average,
𝜃− ← 𝜏𝜃 + (1 − 𝜏)𝜃−, and use an 𝜖-greedy policy for exploration.

5.4 Curriculum for Fixation-Aware Q-Learning

Directly training on fixationmaximization can produce high-variance
TD targets because fixation rewards are estimated from stochastic
simulations and depend strongly on graph topology. We address
this challenge by using curriculum learning [11] to structure the
training distribution over graphs while optimizing a single action-
value function across all phases.

Let {𝑃𝑐 }3𝑐=1 denote phase-specific graph distributions over G, or-
dered by increasing structural complexity. The curriculum exposes
the agent first to fixation patterns driven by local connectivity,
then to mesoscopic community structure, and finally to global mo-
tifs with long-range dependencies and bottleneck effects. Phase 1
samples Erdős–Rényi graphs [32] and Barabási–Albert preferen-
tial attachment networks [8], where local neighborhoods, edge
density, and degree heterogeneity largely determine fixation be-
havior, enabling the agent to learn basic activation preferences
such as selecting nodes that influence many reproduction events.
Phase 2 introduces Stochastic Block Models [45], whose modu-
lar structure requires reasoning about fixation within and across
communities, including inter-community bridges, community-size
imbalance, and interactions between local advantage and global
spread. Phase 3 uses motif-rich topologies, including barbell, star,
and Watts–Strogatz small-world graphs [97], which contain hubs,
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shortcuts, peripheral leaves, and structural bottlenecks where fix-
ation can depend on non-local propagation paths rather than de-
gree alone. Thus, the curriculum progressively increases credit-
assignment difficulty while training a single fixation-aware value
function.

At curriculum phase 𝑐 , we sample training graphs from the
cumulative mixture

𝑃1:𝑐 =

𝑐∑︁
𝑗=1

𝜆 𝑗𝑃 𝑗 ,

𝑐∑︁
𝑗=1

𝜆 𝑗 = 1, 𝜆𝑐 > 𝜆𝑐−1 > · · · > 𝜆1 . (20)

The mixture weights are scheduled linearly during each phase
transition. Training proceeds sequentially with warm-start initial-
ization: 𝜃 (𝑐 ) ← 𝜃 (𝑐−1) for 𝑐 > 1, where 𝜃 (𝑐 ) denotes the model
parameters at the end of curriculum phase 𝑐 . This strategy preserves
exposure to earlier graph families while gradually increasing the
frequency of structurally complex topologies.

5.5 Test-Time Policy Execution

At test time, the trained LEAP greedily constructs an active set of
size 𝑘 on a given graph 𝐺 = (𝑉 , 𝐸). Starting from 𝑆0 = ∅, equiv-
alently s0 = 0, the model computes node-wise Q-values at each
decision step, masks active nodes, and selects

𝑎∗𝑚 = arg max
𝑖∈𝑉 \𝑆𝑚

𝑄𝜃 (s𝑚, 𝑖;𝐺) . (21)

It then updates the active set (𝑆𝑚) and state vector (s𝑚) and repeats
this procedure until |𝑆𝑚 | = 𝑘 or no feasible action remains. Unlike
greedy active node selection, test-time execution avoids evaluating
exact marginal gains for every candidate at each step. Instead, the
learned Q-function amortizes this computation by directly estimat-
ing candidate utilities from the current leader-selection state.

6 Experiments

We evaluate Learning Evolutionary Advantage Policies (LEAP)
for fixation maximization under the positional Moran process.
Our experiments address three questions: (i) whether LEAP im-
proves fixation probability relative to structural, process-aware,
and learning-based baselines; (ii) whether it amortizes expensive
fixation-probability estimation into efficient test-time node selec-
tion; and (iii) which architectural components and feature groups
contribute most to performance.

6.1 Experimental Setup

TrainingGraphs.We train LEAP using the three-phase curriculum
in Section 5.4, which progresses from simple random graphs to
structured and motif-rich topologies. The curriculum contains 270
synthetic graphs: 80 in Phase 1, 40 in Phase 2, and 150 in Phase 3.
For each phase, we uniformly subsample 𝑁𝑡 = 50 graphs and train
sequentially, warm-starting each phase from the preceding one.
Evaluation graphs.We evaluate all methods on 20 real-world net-
works [85], which we refer to as the quality-evaluation benchmark.
These datasets span diverse domains and structural regimes, includ-
ing neural, biological, ecological, organizational, communication,
web, and transportation networks: mouse-visual-cortex-1, firm-hi-
tech, karate, stmarks, dolphins, everglades, sandi-auths, ENZYMES8,

ENZYMES123, bn-macaque-rhesus-brain-2, ENZYMES118, mang-
wet, ENZYMES297, ENZYMES295, ENZYMES296, email-Enron-
only, bn-mouse-visual-cortex-2, webkb-wisc, DD244, and USAir97.
They range from 29 to 332 nodes and from 44 to 2,125 edges. This
scale permits reliable fixation-score estimation through repeated
positional Moran simulations while preserving substantial variation
in graph size and topology.

We evaluate scalability on 8 larger real-world networks used
only for runtime analysis: Anybeat [35], Gplus [68], Epinions [41],
EmailEU [85], GemsecRO [86], Brightkite [24], DBLP2010 [85], and
Delicious [99]. These graphs contain 12,645 to 536,108 nodes and
39,182 to 1,365,961 edges. We exclude them from fixation-quality
comparisons because estimating fixation probability requires re-
peated positional Moran simulations until absorption, which is
computationally prohibitive at this scale [16]. This separation iso-
lates solution quality on graphs where fixation can be measured
from deployment cost on graphs where direct simulation-based
evaluation is impractical.
Heuristic and process-aware baselines. We compare against six
heuristic and process-aware baselines from Brendborg et al. [16]:
Random, High Degree (HD), Centrality (Cent.), Temperature
(Temp.), Vertex Cover (VC), and Lazy Greedy (LG)1. These base-
lines cover static graph heuristics and simulation-driven optimiza-
tion under the positional Moran process. We use the implementa-
tion details, hyperparameters, and simulation budgets of Brendborg
et al. [16].
Learning-based baselines.Wealso compare against three learning-
based node-selection methods originally developed for influence
maximization: S2V-DQN [51], GCOMB [66], and ToupleGDD [23].
Because these methods target irreversible diffusion rather than fixa-
tion dynamics, we adapt them to fixation maximization by retaining
objective-independent components, including their original state
features and architectures, and replacing task-specific rewards and
feasible-action constraints as described in Section 5.1.
Training configuration.We train LEAP with 𝑛-step Double Deep
Q-Learning [43, 69], experience replay, and EMA target updates
with 𝜏 = 0.01. The agent uses 𝐿 = 3 fixation-aware message-passing
layers, hidden widthℎ = 128, ReLU activations, and dropout 𝑝 = 0.1.
We use 𝑛 = 5-step returns, AdamW with learning rate 10−4 and
weight decay 10−5 [64], gradient clipping at ∥∇𝜃 ∥2 ≤ 3, and mini-
batches of 𝐵 = 128 transitions sampled from a replay buffer of size
105. Exploration follows a linearly decaying 𝜖-greedy schedule from
0.9 to 0.05 [88]. We select hyperparameters using held-out synthetic
graphs from the curriculum and reserve real-world graphs exclu-
sively for final evaluation. We train for 𝐸𝑡 = 500 epochs in Phase 1
and increase the budget by 250 epochs in each subsequent phase.
We train one LEAP instance per evolutionary regime and reuse it
across all activation budgets. All experiments use PyTorch [79] on
a workstation with an NVIDIA A40 GPU and an Intel(R) Xeon(R)
Silver 4314 CPU.
Evaluation Protocol.We estimate fixation probabilities by Monte
Carlo simulation of the positional Moran process defined in Sec-
tion 3. We evaluate the strong-selection objective FM∞ (𝐺,𝑘) and

1We exclude weak selection because Brendborg et al. [16] showed that, as 𝛿 → 0,
fixation maximization admits a closed-form approximation computable in𝑂 (𝑛2𝜔 )
time, where 𝜔 is the matrix multiplication exponent.
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Figure 3: Average normalized fixation probability for each

method.

an intermediate-selection setting FM𝛿 (𝐺,𝑘) with 𝛿 = 0.33, fol-
lowing prior work [12, 16, 17, 63, 89]. For each graph, budget
𝑘 ∈ {10%, 30%, 50%}, regime, and method, we run 10,000 indepen-
dent trials and report the empirical fixation probability, i.e., the
fraction of trials ending in fixation.
Metrics. For solution quality, we first estimate the fixation proba-
bility in Eq. (3) over 120 configurations, corresponding to 20 graphs,
two evolutionary regimes, and three activation budgets. Based
on these estimates, we report two quality metrics: (i) Normal-

ized average fixation probability measures each method’s fixa-
tion probability normalized by the maximum fixation probability
achieved on the same graph-budget pair; and (ii) Win rate mea-
sures the pairwise fraction of configurations in which one method
achieves a higher fixation probability than another, assigning 0.5
points for ties. We also report wall-clock node-selection time on
the 20 quality-evaluation graphs and the 8 large runtime graphs.
For learning-based methods, we separately report offline training
time to distinguish one-time training cost from amortized inference
cost.

6.2 Fixation Quality

Wefirst compare LEAPwith structural, process-aware, and learning-
based baselines on the 20 quality-evaluation graphs. Because raw
fixation probabilities vary across topologies, regimes, and budgets,
we follow Brendborg et al. [16] and normalize each score by the
best fixation probability achieved on the same configuration.

Figures 3a and 3b summarize normalized fixation probabilities
under FM∞ and FM𝛿 , respectively. Figure 4 reports budget-dependent
behavior on representative networks, with FM∞ in the top row and
FM𝛿 in the bottom row.

Q1. How do baselines and LEAP perform under strong selection?
Under strong selection (Fig. 3a), fixation dynamics depend heav-
ily on graph connectivity and high-degree regions. The process-
aware LG baseline performs well, consistent with its constant-factor
approximation guarantee in this regime [16]. Several structural
heuristics achieve competitive scores on some graphs, but their
wider lower tails indicate topology-sensitive failures. The adapted
learning-based baselines usually improve over simple heuristics in

several cases, but they do not consistently dominate structural or
process-aware methods.

LEAP achieves consistently high normalized fixation probabil-
ities across all activation budgets and remains close to the best
method even when it does not rank first. Its thinner lower tails
indicate fewer severe failures, including in the low-budget regime
where selecting a small set of nodes is most constrained. Across
𝑘 ∈ {10%, 30%, 50%}, LEAP matches or surpasses LG in solution
quality while avoiding repeated Monte Carlo simulations at infer-
ence time. The per-graph results in Figure 4 show the same trend:
LEAP remains among the strongest methods across representative
networks, selection regimes, and activation budgets.

Q2. How do baselines and LEAP perform under intermediate se-
lection? Under intermediate selection, fixation outcomes become
more stochastic, and strong-selection approximation guarantees
no longer apply directly. Structural heuristics such as HD, Cent.,
Temp., and VC degrade more substantially, suggesting that static
connectivity-based signals are insufficient when stochastic replace-
ment dynamics become more prominent. LG also shows higher
variance across graphs and budgets, indicating sensitivity to selec-
tion intensity. The adapted learning-based baselines exhibit mixed
performance. S2V-DQN generally attains lower normalized fixation
probabilities with broad dispersion. GCOMB and ToupleGDD re-
main competitive in aggregate, but their violin plots show broader
lower tails, especially at smaller budgets.

In contrast, LEAP shows the same stability observed under strong
selection, maintaining high normalized fixation probabilities with
lower variance across budgets. This consistency is notable because
intermediate selection introduces stronger stochasticity, making
fixation outcomes less directly determined by static graph struc-
ture. Together, the aggregate and per-graph results indicate that
fixation-aware representations better capture stochastic replace-
ment dynamics than generic structural features or architectures
designed for irreversible influence maximization.

Pairwise win rates. Figure 5 reports pairwise win rates over the
120 quality-evaluation configurations. Each cell for an ordered
method pair (𝑖, 𝑗) gives the score of method 𝑖 against method 𝑗 ,
assigning 1 point for a higher fixation probability and 0.5 for a tie.
Symmetric entries therefore sum to 120. This metric tests whether
improvements are consistent across graph families, activation bud-
gets, and selection regimes rather than concentrated on a small
subset of favorable cases.

LEAP obtains the highest cumulative pairwise score. It scores
above 90 out of 120 against most structural heuristics, including
HD, Cent., and VC. It also outperforms the adapted learning-based
baselines, scoring 106, 90, and 84 against S2V-DQN, GCOMB, and
ToupleGDD, respectively. Against LG, LEAP scores 80 out of 120,
indicating higher fixation probability on most configurations while
avoiding repeated test-time simulations. These results support the
main empirical claim that fixation-aware learning provides a fa-
vorable quality-efficiency tradeoff across heterogeneous graphs,
budgets, and selection regimes.

6.3 Runtime and Amortized Inference

We evaluate runtime on the same 20 real-world networks used for
fixation-quality comparisons and on 8 additional larger networks

1332



LEAP: Learning Evolutionary Advantage Policies for Fixation Maximization via Deep Reinforcement Learning CIKM ’26, November 07–11, 2026, Rome, Italy

Random Cent. HD Temp. VC LG S2V-DQN GCOMB ToupleGDD LEAP

1

10% 30% 50%
Budget

0.00

0.25

0.50

0.75

1.00

N
or

m
al

iz
ed

Fi
xa

tio
n

Pr
ob

ab
ili

ty

1

10% 30% 50%
Budget

0.00

0.25

0.50

0.75

1.00

N
or

m
al

iz
ed

Fi
xa

tio
n

Pr
ob

ab
ili

ty
1

10% 30% 50%
Budget

0.00

0.25

0.50

0.75

1.00

N
or

m
al

iz
ed

Fi
xa

tio
n

Pr
ob

ab
ili

ty

1

10% 30% 50%
Budget

0.00

0.25

0.50

0.75

1.00

N
or

m
al

iz
ed

Fi
xa

tio
n

Pr
ob

ab
ili

ty

1

10% 30% 50%
Budget

0.00

0.25

0.50

0.75

1.00

N
or

m
al

iz
ed

Fi
xa

tio
n

Pr
ob

ab
ili

ty

1
(a) bn-macaque

10% 30% 50%
Budget

0.00

0.25

0.50

0.75

1.00
N

or
m

al
iz

ed
Fi

xa
tio

n
Pr

ob
ab

ili
ty

1
(b) ENZYMES

10% 30% 50%
Budget

0.00

0.25

0.50

0.75

1.00

N
or

m
al

iz
ed

Fi
xa

tio
n

Pr
ob

ab
ili

ty

1
(c) eco-mangwet

10% 30% 50%
Budget

0.00

0.25

0.50

0.75

1.00

N
or

m
al

iz
ed

Fi
xa

tio
n

Pr
ob

ab
ili

ty

1
(d) enron

Figure 4: Per-graph normalized fixation probability versus budget. Top: FM∞, Bottom: FM𝛿 .
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Figure 5: Pairwise win rates of baselines versus LEAP. Each
cell shows the row method’s total score against the column;

darker blue indicates better performance.
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Figure 6: Average runtime for each method.

where fixation-score evaluation is computationally prohibitive. We
report average node-selection time per run in seconds, which mea-
sures deployment cost after any required training. On the small
networks, we include LG; on the large networks, LG does not com-
plete and is therefore excluded.

On the small graphs (Figure 6a), lightweight heuristics are fastest:
Random and HD average 0.0002 s and 0.0005 s per run, respectively.
Temp., VC, and Cent. average 0.0032 s, 0.0356 s, and 0.2706 s, respec-
tively. The learning-based baselines also infer efficiently: S2V-DQN
and GCOMB average 0.0481 s and 0.0665 s, while ToupleGDD aver-
ages 5.0861 s. In contrast, LG averages approximately 2500 s because
it repeatedly simulates the Moran process to estimate marginal
gains. LEAP averages 0.0226 s, making it faster than all learning-
based baselines in this setting and several orders of magnitude
faster than LG.

On the large graphs (Figure 6b), Random, HD, and Temp. remain
fast, averaging 0.002 s, 0.039 s, and 0.268 s, respectively. More ex-
pensive graph-analytic heuristics scale poorly: VC averages 289.9 s,
and Cent. averages 1641.4 s. Among learning-based baselines, S2V-
DQN and GCOMB average 0.234 s and 0.534 s, respectively, whereas
ToupleGDD increases to 200.9 s. LEAP averages 0.146 s, outper-
forming all learning-based baselines in runtime and remaining
orders of magnitude faster than VC, Cent., and ToupleGDD.

For all learning-based methods, training is a one-time offline cost
amortized at inference time. LEAP requires 8,229 s per regime, com-
pared with 2,030 s for GCOMB, 3,888 s for S2V-DQN, and 3,906 s
for ToupleGDD. This higher training cost reflects the fixation-
aware embedding and aggregation modules and curriculum learn-
ing. Once trained, all learning-based methods select nodes without
repeated fixation-probability estimation. However, only LEAP com-
bines fixation-specific architecture and embeddings, yielding the
strongest observed quality-efficiency tradeoff for the positional
Moran process.
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6.4 Component and Feature Ablations

Figure 7 summarizes component and feature ablations. Each cell
reports Gap% = 100(LEAP − abl.)/LEAP, where positive values
indicate degradation after removing a component. The left block
ablates curriculum learning (CL; Section 5.4), evolutionary condi-
tioning embeddings (ECE; Section 4.1), fixation-modulated mes-
sage passing (MP; Section 4.2.2), and graph-level fixation pooling
(Pool; Section 4.2.3). The right block ablates ECE feature groups:
degree and centrality features (DC), fixation-specific heuristics (FS),
selection-limit proxies (SLP), evolutionary dynamics features (ED),
game-theoretic indicators (GT), and structural embeddings (SE).
These ablations test whether the gains arise from fixation-aware
design choices rather than a single module or generic graph repre-
sentation.

At the model level, removing ECE causes the largest and most
consistent degradation across datasets and regimes, identifying
ECE as the most important component among those tested. Cur-
riculum learning also contributes substantially, especially under
FM∞. Fixation-modulated message passing provides a moderate
but stable gain. Pooling is more regime-dependent: it improves per-
formance under FM𝛿 but yields negative gaps on a small number
of datasets under FM∞.

The feature-group ablations show that fixation-specific signals
contribute more reliably than generic structural embeddings. Un-
der FM𝛿 , fixation-specific heuristics (FS) and selection-limit proxies
(SLP) have the strongest average effects. Under FM∞, degree and
centrality features (DC), fixation-specific heuristics (FS), selection-
limit proxies (SLP), and evolutionary dynamics features (ED) remain
broadly useful. In contrast, structural embeddings (SE) have smaller
average contributions and occasionally yield negative gaps. This
pattern suggests that generic structural representations, such as
Node2Vec-style embeddings, are less reliable for fixation maximiza-
tion than conditioning signals tailored to the Moran process.

Summary. The results suggest that transfer from synthetic train-
ing graphs to real-world networks improves when the policy en-
codes fixation dynamics rather than relying only on static graph
structure. Structural heuristics identify locally important nodes
but do not model mutant survival, stochastic replacement, or long-
horizon fixation probability, which makes them sensitive to graph
topology and selection regime. Simulation-based methods such as
LG directly estimate fixation gains but incur high test-time cost
and remain myopic. Learning-based IM baselines amortize node
selection, but their architectures target progressive irreversible dif-
fusion rather than competitive and reversible Moran dynamics. This
mismatch is consistent with their higher variance and weaker pair-
wise win rates, especially under FM𝛿 . In contrast, LEAP combines a
fixation-aware value function with dynamics-specific embeddings,
message passing, pooling, and curriculum training. The ablations
indicate that these components, especially ECE, contribute to its
accuracy, while the runtime results show that the learned policy
preserves low inference cost after offline training.

7 Conclusion and Future Work

This paper introduced Learning Evolutionary Advantage Policies
(LEAP), a deep reinforcement learning framework for fixation max-
imization under the positional Moran process. To our knowledge,
LEAP is the first method to formulate fixation maximization as
sequential node activation and learn fixation-aware policies for this
setting. It integrates fixation-aware graph embeddings, fixation-
modulated message passing, fixation-weighted pooling, and cur-
riculum learning to model how network topology shapes stochas-
tic fixation dynamics. Experiments on real-world networks show
that LEAP transfers reliably from synthetic training graphs across
selection regimes and activation budgets. It improves fixation prob-
ability over structural, process-aware, and learning-based baselines
while achieving orders-of-magnitude faster test-time inference than
simulation-driven greedy optimization. Ablations further show
that fixation-specific representations and curriculum learning drive
these gains.

Although LEAP performs fast inference after training, fixation-
probability estimation still requires repeated stochastic simula-
tions, limiting solution-quality evaluation and comparison with
simulation-driven greedy methods. Future work should develop
faster fixation-probability estimators or approximation schemes for
large-scale validation, and extend the framework to dynamic and
co-evolving networks, competitive multi-agent fixation, and tighter
connections between reinforcement learning and amplification the-
ory.
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8 GenAI Usage Disclosure

We used generative AI tools solely for language editing, such as
grammar, punctuation, and clarity improvements, comparable to
conventional writing assistants such as Grammarly. These tools
were not used to generate original content, ideas, analyses, or claims.
All substantive content was authored, reviewed, and verified by the
authors.
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