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Abstract
NeuroEvolution of Augmenting Topologies
(NEAT) is a widely used neuroevolution algorithm
for learning neural network architectures and
weights for control tasks. However, standard
offline optimisation searches for connection
strengths directly, which can scale poorly in
high-dimensional weight spaces and more difficult
continuous control problems. Hybrid methods
that combine neuroevolution with online learning
can address this challenge, but their theoretical
properties remain underexplored. This paper gives
the first regret analysis for a general NeuroEvo-
lutionary Online Learning (NEOL) framework,
which decouples learning into two timescales: an
outer loop for architecture search and an inner
loop for online weight adaptation via reward-
modulated plasticity. Under mild conditions,
we prove that NEOL achieves sublinear regret.
Empirically, under fixed interaction budgets on
four standard control benchmarks, a NEAT-based
NEOL implementation achieves higher final
fitness and lower variance than pure NEAT, and
is competitive with strong reinforcement learning
(RL) baselines on several tasks. The results are
supported by Wilcoxon rank-sum tests and ablation
studies. Overall, the findings show that online
plasticity can improve the sample efficiency and
robustness of two-timescale neuroevolution. Code
is available at https://github.com/boobaa2001/
NeuroEvolution Online Learning NEOL.

1 Introduction
NeuroEvolution (NE) employs evolutionary operators, rather
than gradient descent, to optimise neural network architec-
tures and parameters [Miikkulainen, 2025; Miikkulainen et
al., 2024; Stanley et al., 2019; Khan et al., 2010; Yao, 1999;
Angeline et al., 1994]. It has been successfully applied to bi-
ologically inspired models for lifelong learning [Kudithipudi
et al., 2022], reinforcement learning (RL) tasks [Xue et
al., 2024; Chalumeau et al., 2023; Co-Reyes et al., 2021;
Khadka and Tumer, 2018; Stanley and Miikkulainen, 2002a],

and domain-specific challenges (i.e., optimisation of land-use
planning policies for carbon reduction [Young et al., 2025]).
A key limitation of pure neuroevolution is that weight opti-

misation in high-dimensional spaces relies on mutation-based
perturbations. These often provide weak fitness assignment,
leading to unstable optimisation dynamics and premature
convergence in complex continuous-control problems [Stan-
ley et al., 2009]. Furthermore, many neuroevolutionary algo-
rithms are offline: a population is evolved on a task, and the
policy is fixed at deployment. This approach is often inade-
quate in settings requiring real-time adaptation under sequen-
tial interaction and non-stationary environments [Agogino et
al., 2000; Bellman, 1966; Sutton and Barto, 1998]. These
challenges motivate hybrid methods that retain evolutionary
local search for structure and network, while introducing di-
rect mechanisms for online weight adaptation [Agogino et al.,
2000; Stanley et al., 2003; Peng et al., 2018].
Combining population-based search with lifelong learning

is a foundational goal for adaptive intelligence [Schmidhuber,
1987; Holland, 1992; Miikkulainen, 2025]. While early at-
tempts to evolve synaptic plasticity rules directly struggled as
genetic search spaces for learning rules expanded [Agogino
et al., 2000; Stanley et al., 2003], the introduction of neu-
romodulation, using Hebbian updates with reward signals,
has enabled networks to solve dynamic control tasks more
efficiently than were previously intractable for both fixed-
weight and non-modulated plastic architectures [Soltoggio et
al., 2008; Soltoggio et al., 2018; Najarro and Risi, 2020].
This established a robust two-timescale loop where an outer
evolutionary process designs an inner online learner.
Despite these empirical successes, theoretical analysis of

neuroevolution is limited. Existing studies focus entirely
on the runtime analysis of evolutionary neural architecture
search for discrete optimisation tasks [Fischer et al., 2023;
Lv et al., 2024; Lv et al., 2025], building an important block
for a rigorous understanding of neuroevolution for discrete
search spaces. Although they are an important first step, these
theoretical analyses cannot directly be applied to neuroevolu-
tion with online learning, especially in a continuous search
space. To the best of our knowledge, a formal regret analysis
of neuroevolution or its online variants remains unexplored.
This paper addresses this gap by introducing a general Neu-
roEvolutionary Online Learning (NEOL) framework. As a
reasonable starting point, we employ an exponential weight
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update mechanism, in which the algorithm selects the archi-
tecture via softmax selection (we will explain further in Sec-
tion 3, A6), using a simplified model for the selection pro-
cess rather than more complicated selection algorithms. We
do not model the full nonconvex MDP dynamics of MuJoCo
(Multi-Joint dynamics with Contact)/Box2D (2D game-like
RL environments) or other control tasks, as NEOLs (e.g.,
NEAT) might be highly intractable due to their design. In-
stead, we isolate the algorithmic roles of: (i) outer search
over network topology, and (ii) inner online weight adapta-
tion from interaction feedback via local plasticity (NEOL-
style reward-modulated, including Hebb/Oja/BCM updates),
Therefore, this paper aims to answer:
(1)Can we provide a regret guarantee for NeuroEvolutionary

Online Learning (NEOL) methods?
(2)How can we effectively decompose policy learning into

structural evolution and online weight adaptation?

1.1 Contribution
Our contributions are primarily in three folds. First, we in-
troduce a general NEOL framework and provide a first regret
analysis of this framework, showing that under mild condi-
tions and exponential-weights selection over neural architec-
tures, NEOL with reward-modulated plasticity rules (BCM,
Hebb, and Oja) achieves sublinear regret O(

p
T ), i.e., im-

plying asymptotically optimal average performance. Second,
we propose NEAT-NEOL, a practical implementation that de-
couples topology (network architecture) evolution and on-
line weight adaptation via plasticity rules. Third, we con-
duct extensive experiments on four standard control bench-
marks (CartPole, Lunar Lander, Hopper, and Bipedal Walker)
under fixed interaction budgets. We also compare NEAT-
NEOL with standard NEAT and strong RL baselines (PPO
and SAC), and validate the results through Wilcoxon rank-
sum tests and ablation studies. These findings highlight the
potential of online plasticity in improving the performance
(best fitness) and robustness of two-timescale NeuroEvolu-
tion in interactive environments.

2 Preliminaries and Notation
Notation. |A| is the cardinality of a finite set A.
We use the standard Euclidean inner product on Rd:
hw, ui :=

Pd
j=1 wj uj , kwk2 :=

p
hw,wi. We de-

fine Euclidean projection of x 2 Rd on space W by
⇧W(x) := argminw2W

1
2kw � xk

2
2. For a convex func-

tion f : Rd
! R, the subdifferential at x is @f(x) :=�

g 2 Rd : f(y) � f(x) + hg, y � xi , 8 y 2 Rd
 
. Any g 2

@f(x) is called a subgradient of f at x. An algorithm is no-
regret if its regret is sublinear E[RT ] = o(T ), i.e., its average
performance converges asymptotically to the optimal policy1.
The natural filtration, (Gn)n�0 associated with the stochastic
process (Xn)n�0 on probability space (⌦,F ,Pr) is given by
Gn = �(X0, . . . , Xn) (sigma-algebra generated by a family
of r.v.s..) for n � 0.

1Note that different no-regret bounds can differ in different con-
vergence rates. “Optimal” here does not mean the convergence rate
is the best [Orabona, 2019].

Online Learning via Synaptic Plasticity. Online learning
follows a sequential protocol: a learner repeatedly acts, ob-
serves (reward) feedback, and updates its parameters immedi-
ately, to minimise cumulative loss over time [Shalev-Shwartz,
2011]. In biological systems, life cycle adaptation is often
attributed to synaptic plasticity, in which synaptic strength
varies with changes in local neural activity [Martin et al.,
2000; Takeuchi et al., 2014]. Importantly, many plasticity
mechanisms are gated by a third factor, such as neuromodula-
tory signals correlated with reward, yielding three-factor rules
that support behaviourally relevant credit assignment without
backpropagating gradients through time [Frémaux and Gerst-
ner, 2016; Gerstner et al., 2018; Florian, 2007]. Motivated by
this, we use reward-modulated synaptic updates as the inner-
loop learning mechanism in NEOL. Let x denote presynaptic
activity, y postsynaptic activity, w a synaptic weight, ⌘ > 0 a
step size, r the scalar reward, ⌧ 2 N denote the time step in
the ROLLOUT and � > 0 a reward scaling factor. We study
three standard local rules.
Reward-modulated Hebbian rule. Following Hebb’s rule
[Hebb, 1949], correlated pre- and postsynaptic activities
strengthen a synapse. We use a reward-gated three-factor
form whose local correlation defines e⌧ = x⌧y⌧ : �w⌧ =
⌘ � r⌧ e⌧ = ⌘ � r⌧ x⌧ y⌧ . This rule is maximally local and
simple, but can be unstable without additional constraints
[Caporale and Dan, 2008].
Reward-modulated Oja rule. Oja’s rule varied from Heb-
bian learning with an additional activity-dependent nega-
tive feedback normalisation that prevents divergence [Oja,
1982]. Using the same reward-gating yields e⌧ = y⌧

�
x⌧ �

y⌧w⌧

�
,�w⌧ = ⌘ � r⌧ e⌧ = ⌘ � r⌧ y⌧

�
x⌧ � y⌧w⌧

�
. This sta-

bilises the dynamics and yields a principal-component inter-
pretation under stationary inputs.
Reward-modulated BCM rule. The BCM rule introduces
a sliding threshold ✓⌧ that separates depression from potenti-
ation and supports selectivity with homeostasis [Bienenstock
et al., 1982]. In reward-modulated form, e⌧ = y⌧

�
y⌧ �

✓⌧

�
x⌧ ,�w⌧ = ⌘ � r⌧ e⌧ = ⌘ � r⌧ y⌧

�
y⌧ � ✓⌧

�
x⌧ . The

threshold ✓⌧ is updated on a slower timescale to track recent
postsynaptic activity.

3 NeuroEvolutionary Online Learning
In this section, we present a NeuroEvolutionary Online
Learning (NEOL) framework. We begin with a high-level
overview, then describe the decoupled update strategy for
weights and topology in Section 3.1, and finally detail the
main algorithm in Section 3.2.

3.1 Decoupling Updates for Weight and Topology
We maintain a population of network architectures, each en-
coded as a genome. The flowchart in Fig. 1 shows a gen-
erational loop in which evolution and evaluation are inter-
leaved to progressively improve solutions. Unlike standard
NEAT, which mutates both topology and weights offline be-
tween episodes and evaluates policies with fixed weights dur-
ing rollouts, NEOL decouples the two update processes. Dur-
ing each rollout, synaptic plasticity performs online weight
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Figure 1: Overview of the NEOL framework. The procedure be-
gins by initialising the network structures population. In each gen-
eration, the variation operators generate offspring from the current
parent generation. Each offspring is evaluated in a separate rollout,
during which its weights are adapted online via reward-modulated
plasticity (illustrated connectivity lines colour change from blue to
orange). The cumulative reward from the rollout is used as the fit-
ness for selection to form the next generation. The best individual in
the population determines the final network structure, including its
adapted weights and evolved topology.
adaptation once the reward feedback is observed and then,
based on the current policy, the agent chooses an action to
interact with the environment until the inner loop phase ends.
Then, the outer loop uses an evolutionary variation to mod-
ify the topology/architecture of networks and select the fi-
nal offspring based on final fitness, which is the cumulative
reward of the agent interacting with the environment. Such
a separation reserves the structural innovation and adapts to
real-time feedback, thereby improving the performance of the
algorithm (in the sense of fitness) and stabilising the search
process (see Section 5).

3.2 General Outer-Inner Framework for NEOL
This section provides more detailed pseudocode for NEOL.
Algorithm 1 consists of a two-timescale learning phase. At
the outer loop (t = 1, . . . , T ), the algorithm selects an archi-
tecture ht 2 H using an outer selector state ⇥t (which might
be a probability distribution over candidates, or a popula-
tion of architectures in evolutionary algorithms such as Neu-
roEvolution of Augmenting Topologies (NEAT, a neuroevo-
lution method that evolves both neural network topology and
connection weights in an offline manner [Stanley and Mi-
ikkulainen, 2002b].). The selected architecture is then evalu-
ated by an inner ROLLOUT learning procedure (Algorithm 2),
which adapts the weights online through reward-modulated
plasticity and returns an estimated fitness bJt. “Env” de-
notes the task environment, modelled as an episodic MDP
M = (S,A, P, r, ⇢0) with horizon Tmax, where S is state
space, A is action space, P (· | s, a) is transition kernel,
r(s, a) is a reward function, and ⇢0 is the initial-state distribu-
tion. Finally, the outer state ⇥t is updated based on this eval-
uation, favouring future selections toward higher-performing
architectures.
Algorithm 2 evaluates a fixed architecture h by perform-

ing an online adaptation through reward-modulated plastic-
ity. For each of the N episodes, the environment is reset,

Algorithm 1 General OUTER-INNER framework
Input: Candidate space H (architectures/genomes); outer

rounds T . Outer selector state ⇥ (e.g., a distribution pt

on H, or a NEAT population Pt). Inner loop: learning
rule L; step size ⌘; reward scale �; episodes N ; horizon
Tmax; env.

Output: Final architecture and weights (hT , w
(hT )
T ).

1: ⇥1  OUTERINIT(H) . e.g., uniform p1(h) = 1/|H|

or random initial population P1

2: for t = 1, . . . , T do . Outer: architecture selection
3: ht  OUTERSELECT(⇥t)

4: (w(ht)
t , bJt)  ROLLOUT(ht,L, ⌘,�, N, Tmax, env)

5: `t(ht)  LOSS( bJt) . e.g., `t = � bJt
6: ⇥t+1  OUTERUPDATE(⇥t, ht, `t(ht))
7: end for
8: return (hT , w

(hT )
T )

Algorithm 2 ROLLOUT: reward-modulated plasticity
Input: Fixed architecture h; learning rule L; step size ⌘; re-

ward scale �; episodes N ; inner horizon Tmax; env.
Output: Adapted weights w(h); average return bJ(h,w(h)).
1: RETURNS  []
2: w

(h)
 null

3: for e = 1, . . . , N do
4: Instantiate net from h; initialise plastic weights w(h)

1
5: s  env.reset(), R  0
6: for ⌧ = 1, . . . , Tmax do
7: a  ⇡

w(h)
⌧

(s)

8: (s0, r, done)  env.step(a)
9: u

(h)
⌧  LOCALTRACE(s, a, s0)

10: w
(h)
⌧+1  PLASTICUPDATE(w(h)

⌧ , u
(h)
⌧ , r;L, ⌘,�)

11: R  R+ r, s  s
0

12: if done then break
13: end if
14: end for
15: RETURNS.APPEND(R)

16: w
(h)

 w
(h)
⌧+1

17: end for
18: bJ(h,w(h))  1

N

PN
e=1 RETURNS[e]

19: return (w(h)
, bJ(h,w(h)))

and the network weights are initialised uniformly at random
over candidate architectures h (line 4). At every interaction
step ⌧  Tmax, the current policy ⇡

w(h)
⌧

produces an action
a, the environment returns the next state and reward, and a
local synaptic trace u(h)

⌧ is computed from pre/post-synaptic
activity (line 9). The weights are then updated online via a
reward-gated plasticity rule (Hebb/Oja/BCM) with step size
⌘ and reward scaling � (line 11). Finally, the episode return
is accumulated as fitness, and the final output is the average
return bJ(h,w(h)) across episodes together with the adapted
weight vector w(h).
This paper presents a simplified theoretical lens for the
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outer-loop with inner-loop structure in Algorithms 1–2. We
show that under standard boundedness assumptions, the hy-
brid admits a sublinear regret bound. For simplicity of both
theoretical and empirical analysis, we consider episode N =
1 in this paper.

3.3 Simplified protocol and regret definition
LetH be a finite set of candidate genomes/architectures (e.g.,
a finite pool of NEAT topologies), withM := |H| 2 N. Each
h 2 H induces a parameter space Wh ⇢ Rdh . We consider
an online interaction protocol over outer rounds t = 1, . . . , T .
1. At outer round t, the environment defines an evaluation in-

stance (e.g., initial state distribution).
2. The outer loop selects an architecture ht 2 H according to

pt 2 �(H).
3. Given ht, the inner loop runs for N episodes at most

Tmax iterations using reward-modulated plasticity, gener-
ating adaptive weights w(ht)

t 2 Wht and a (stochastic) av-
erage return Jt

�
ht, w

(ht)
t

�
2 [0, 1] (normalised).

4. Define the (stochastic) loss at round t as `t
�
ht, w

(ht)
t

�
:=

1� Jt

�
ht, w

(ht)
t

�
2 [0, 1].

As a simplified mode, in our analysis, we consider N = 1
and Tmax is constant with respect to the outer iteration T .
We define the (expected) regret of the hybrid method as

E[RT ] := E
"

TX

t=1

`t

�
ht, w

(ht)
t

�
�min

h2H

min
w2Wh

TX

t=1

`t(h,w)

#
,

where `t(h,w) denotes the loss that would be incurred on
round t if the candidate (h,w)that is in round t if deployed
on the same evaluation instance, and the expectation is taken
from all the randomness in evaluation instances, rollouts, and
the algorithm. Regret quantifies the cost of online learning.
The use of the Regret metricR(T ) is motivated by the need to
balance structural exploration (finding the right NEOL topol-
ogy) with parametric exploitation (optimising weights for a
given topology). A sub-linear regret bound, R(T )/T ! 0
as T ! 1, guarantees that the learner’s cumulative reward
is asymptotically as good as the best possible architecture-
weight pair (h⇤

, w
⇤) in the candidate set.

3.4 Assumptions
Most NEOL algorithms, including NEAT and its variants, are
highly intractable. It is sensible to make some assumptions
before conducting regret analysis.
A1 Finite architecture. H is finite with |H| = M < 1.
A2 Bounded rewards/losses. Rewards are normalised so
that rt(h,w) 2 [0, 1] for all t, h, w, hence `t(h,w) 2 [0, 1].
A3 Bounded activities and bounded parameter domain.
For each architecture h, the (vectorised) weights lie in a con-
vex and compact set Wh with diameter at most D: kw �

w
0
k2  D, 8w,w

0
2 Wh. Moreover, for each h and each

round t, the network induces bounded local synaptic traces
(e.g., pre-/post-synaptic activity products) denoted by zt :=
xtyt 2 Rdh , there exists a constant Z such that kztk2 

Z for all t, h. For BCM, we additionally assume a bounded

sliding threshold ✓t 2 [�1, 1] and bounded post-synaptic ac-
tivity yt 2 [�1, 1].
A4 NEOL inner update is a reward-modulated local plas-
ticity rule. For each fixed architecture h, the within-lifetime
update (Algorithm 2, line 9-10) is a local rule driven by
synaptic traces and reward, implemented with projection to
keep weights in Wh:

w
(h)
t+1 = ⇧Wh

�
w

(h)
t + ⌘ u

(h)
t

�
, (1)

where u(h)
t depends only on local quantities and the reward.

Assumption 4 does not assume backpropagation or policy
gradients. It only assumes that the inner-loop update is a
bounded local synaptic rule of the form (1), which holds for
the reward-modulated Hebb/Oja/BCM updates below when
weights are clipped/projected.

u
(h)
t =

8
><

>:

rtzt Hebb,
rt

⇣
zt � ↵tw

(h)
t

⌘
Oja,

rtyt(yt � ✓t)xt BCM.

Here ↵t � 0 is bounded (e.g., ↵t = y
2
t with yt 2 [�1, 1]),

and yt, ✓t are bounded as in Assumption 3. The pre-synaptic
activity xt can be absorbed into zt if desired. We say the
plasticity rule is reward-modulated if u(h)

t = rt · local trace,
where rt is the reward.
A5 Surrogate domination almost certainly. For each ar-
chitecture h 2 H and each round t, define a linear surrogate
L
(h)
t (w) := �hw, u

(h)
t i. We assume there exists a constant

C � 1 such that for all w 2 Wh,

`t

�
h,w

(h)
t

�
� `t(h,w)  C

⇣
L
(h)
t

�
w

(h)
t

�
� L

(h)
t (w)

⌘

holds almost surely. An informal intuition for Assumption 5
is: if `t(h, ·) is locally smooth and the reward-modulated
plasticity direction u(h)

t is positively aligned with the descent
direction of `t(h, ·) at w

(h)
t , then the decrease in the true loss

can be controlled by the decrease in the linear surrogate,
A6 Selection as a soft and fitness-based reweighting. At
each outer round t, NEOL produces a population of genomes
and applies selection based on their fitness values. For the-
oretical tractability, we model this selection as maintaining
a probability distribution pt over a finite candidate set H of
genomes/architectures, and updating it by a monotone fitness-
based reweighting rule of exponential-weights form:

pt+1(h) =
pt(h) exp

�
� � b̀t(h)

�
P

h02H
pt(h0) exp

�
� � b̀t(h0)

� , (2)

where b̀t(h) is an empirical estimate of `t(h,w
(h)
t ). The ex-

ponential weight update follows the classical Hedge algo-
rithm [Freund and Schapire, 1997]. This abstraction captures
that genomes with smaller estimated loss (higher fitness)
become more likely to be selected, while ignoring NEAT-
specific mechanisms such as speciation, explicit fitness shar-
ing, and structural mutations. Exponential weights are a stan-
dard setting and starting point for such selection dynamics,
helping us conduct a clear outer-loop regret analysis.
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A7 Full-information evaluation over the candidate pool.
At each outer round t, we assume the loss values are revealed
for all candidates in the pool H: the outer update has access
to the entire loss vector

�
`t(h,w

(h)
t )

�
h2H

at round t.

4 Regret Analysis of a Simplified NEOL
First, we consider the inner-loop regret for reward-modulated
local updates.
Lemma 1. Fix any h 2 H. Under Assumptions A2–4, define
the (convex) surrogate inner loss: L

(h)
t (w) := �hw, u

(h)
t i,

where u
(h)
t is the local update direction from (1). Then the

projected update (1) satisfies
TX

t=1

L
(h)
t

�
w

(h)
t

�
� min

w2Wh

TX

t=1

L
(h)
t (w) 

D
2

2⌘
+

⌘

2

TX

t=1

ku
(h)
t k

2
2.

Moreover, if ku(h)
t k2  U for all t (implied by A2–4), then

TX

t=1

L
(h)
t

�
w

(h)
t

�
� min

w2Wh

TX

t=1

L
(h)
t (w) 

D
2

2⌘
+

⌘U
2
T

2
.

Choosing ⌘ = D/(U
p
T ) yields

TX

t=1

L
(h)
t

�
w

(h)
t

�
� min

w2Wh

TX

t=1

L
(h)
t (w)  DU

p

T .

Lemma 1 shows that under the bounded assumptions for ar-
chitecture and bounded local synaptic update, we can bound
the inner regret by DU

p
T , where the weight vectors lie in a

convex and compact setWh with diameterD and the 2-norm
of the bounded local synaptic traces is at most U . This im-
plies that the inner regret can be controlled by the size of the
space of weights and local synaptic update in a linear sense.
Next, we consider the regret of the outer-loop, assuming

the architecture uses exponential weights/Hedge.
Lemma 2. Let {Ft}t�1 be a natural filtration generated by
all randomness and loss observations up to the end of round
t � 1. If ht ⇠ pt is drawn after observing Ft and un-
der Assumptions 1,2,6,7 with losses in [0, 1], the exponential-
weights update (2) satisfies

TX

t=1

Eht⇠pt

h
`t

�
ht, w

(ht)
t

�
| Ft

i
�min

h2H

TX

t=1

`t

�
h,w

(h)
t

�


logM

�
+

�T

8
.

Choosing � =
p
8 logM/T yields

TX

t=1

Eht⇠pt

h
`t

�
ht, w

(ht)
t

�
| Ft

i
�min

h2H

TX

t=1

`t

�
h,w

(h)
t

�



r
T logM

2
.

Lemma 2 shows that we can bound the outer regret condi-
tioning on the current observation by

p
(T logM)/2, where

M is the size of the set of architectures. This implies that the
outer regret can also be controlled by the size of the set of
architectures in a square-root sense.
Finally, using Lemmas 1 and 2, we obtain:

Theorem 3. Under Assumptions 1–7, with ⌘ = D/(U
p
T )

in Lemma 1 and � =
p
8 logM/T in Lemma 2, the expected

regret is bounded as

E[RT ]  CDU

p

T +

r
T logM

2
= O

⇣p
T

⌘
.

Proof Sketch. Theorem 4 decomposes the regret into an
inner-loop term CDU

p
T (cost of weight adaptation) and

an outer-loop term
p
T logM/2 (cost of architecture search).

Both are sublinear, so their sum is sublinear.

In our analysis, we model Algorithms 1 and 2 with reward-
gated synaptic updates as an inner-loop online procedure of
the form (1) (A3–4), where the update direction u(h)

t depends
only on local traces and the scalar reward. For theoretical
tractability, we consider the outer selection as an exponential-
weights update over a finite architecture pool H (A1 and
A7). In practice, Algorithm 1 might evaluate each genome
in the population via repeated online rollouts and then ap-
ply selection pressure through reproduction/speciation, which
we investigate in Section 5. Moreover, we consider a full-
information outer update in which losses for all h 2 H

are available (A7). Under these assumptions, the hybrid
outer/inner-loop method admits a sublinear O(

p
T ) regret

guarantee, supporting this interpretation as an effective com-
bination of evolutionary architecture search and online learn-
ing via plasticity updates.

5 Experiments
If we choose the learning rule L 2 {Hebb, Oja, BCM} in
Algorithm 1, then the general NEOL framework becomes a
NEAT-based NEOL method (we give the pseudocode in the
Appendix). In this section, we evaluate this method (namely,
NEAT-NEOL) and compare it with standard NEAT and two
strong reinforcement learning baselines. We test whether on-
line weight updates from the plasticity rules help, and how the
results compare with well-tuned PPO and SAC in practice.
First, we provide a formal formulation of sequential deci-

sion making by using the Markov Decision Process (MDP).
Given an MDP defined by a tuple hS,A,P,R, �, T i where S
is the state space,A is the action space,R : S⇥A ! R is the
reward function and P : S ⇥ A ! S is the transistion func-
tion. In this paper, we consider an online RL setting where
the agent can interact with the environment repeatedly until a
certain time horizon T by using a policy ⇡ : S ! A. Such an
agent’s policy is usually represented by a neural net. Then,
the goal of the entire learning process is to find an optimal
policy ⇡

⇤ such that it can maximise the expected rewards:

⇡
⇤
2 argmax

⇡
E⇡

"
TX

t=0

R (st, at) | s0, a0

#
.

As a special setting for NeuroEvolution, this paper directly
refers to the cumulative reward as the fitness of the policy at
time horizon T , i.e., f(⇡, T ) :=

PT
t=0 R (st, at).
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5.1 Experiment setups
Benchmark Environments. We evaluate algorithms on four
control tasks from the OpenAI gym benchmark suite [Brock-
man et al., 2016], spanning diverse reward structures and ac-
tion spaces (detailed description deferred to Appendix).
Baselines. We compare NEAT-NEOL with two baseline
families. (1) NEAT [Stanley and Miikkulainen, 2002b]:
we use the same outer-loop evolutionary search as in
NEAT-NEOL, but remove online synaptic plasticity, i.e.,
synaptic weights are fixed during each evaluation rollout.
(2) Proximal Policy Optimisation (PPO) [Schulman et al.,
2017] and Soft Actor-Critic (SAC) [Haarnoja et al., 2018]:
PPO serves as a strong on-policy baseline and is used on
CartPole; for continuous-control tasks (LunarLander,
BipedalWalker, Hopper), we evaluate both PPO and
SAC to reflect standard practice for continuous action spaces.
Experimental Configuration for NEAT and NEAT-NEOL.
We ran NEAT and NEAT-NEOL with population sizes P 2

{50, 100, 200, 300}. Each run lasted for G = 500 genera-
tions. In each generation, we evaluated all P individuals on
one rollout, so each run contained P ⇥G rollouts in total (and
P ⇥G⇥ Tmax, where Tmax is the rollout length in environ-
ment steps). For NEAT-NEOL, we tuned the inner-loop learn-
ing rate lr by grid search over {2.5⇥10�4

, 2.5⇥10�3
, 2.5⇥

10�2
, 2.5⇥ 10�1

} and Tmax = 103. For each configuration,
we used 30 independent random seeds (See Figures 2 and
Figures 6-9 in Appendix).
Experimental Configuration for PPO and SAC. For PPO
and SAC, we trained each run for up to 107 environment steps
per seed. To make a fair comparison under the same interac-
tion budget as the evolutionary runs, we also report results at
P⇥G⇥Tmax = 107 environment steps for NEAT and NEOL
(i.e., P 2 {50, 100}, G 2 {100, 200} and Tmax = 103). We
used 30 random seeds and report boxplots of the best fitness
(episode return) across seeds (See Figure 3).

5.2 NEAT-NEOL vs NEAT vs RL Baselines
To systematically evaluate the role of online neural plastic-
ity in evolutionary processes, we conducted a comprehensive
comparison against NEAT. This comparison pitted the stan-
dard NEAT method against our NEOL framework, which in-
tegrates online plasticity rules (Hebb, Oja, and BCM). The re-
sults clearly demonstrate that the NEOL framework exhibits
substantial advantages across multiple test environments.
In the simpler CartPole task, all methods rapidly converge

to the maximum fitness, serving as a successful sanity check.
However, in the more complex environments, significant per-
formance disparities emerge. As shown in the convergence
plots (Figure 2, top two rows), the NEOL variants consis-
tently achieve higher final fitness scores than standard NEAT.
The boxplots (Figure 2, bottom two rows) and standard de-
viations (Table 4) further reveal that while standard NEAT
struggles, often resulting in a high variance and numerous
low-performing outliers, the NEOL methods achieve a supe-
rior median performance. Notably, in three continuous con-
trol tasks, NEOL not only outperforms NEAT but also ex-
hibits a tighter fitness distribution, indicating higher learning
reliability in terms of smaller variance.

Figure 2: Fitness comparison of NEAT-NEOL with NEAT across
four control tasks in 30 independent runs, each task is under a fixed
interaction budget P ⇥G⇥ Tmax environment steps. BCM, Hebb,
and Oja learning rules are shown in blue, orange, and green, respec-
tively, while standard NEAT is shown in red.

The observed performance gains are not coincidental.
We confirmed their statistical significance using a one-sided
Wilcoxon rank-sum test. The null hypothesis is that the two
configurations yield samples from the same distribution; the
alternative hypothesis is that the OL method tends to achieve
the larger best-fitness than NEAT. As detailed in Table 5, we
reject the null hypothesis at a significance level of p < 0.05
for all NEOL variants across all three tasks apart from Cart-
pole. This provides strong evidence that the integration of
online learning improves the performance of algorithms.

Next, we compare NEOL with PPO and SAC. As shown
in Figure 3, under the same interaction budget of 10 mil-
lion (10M) timesteps, NEOL and NEAT outperform PPO and
SAC on CartPole and LunarLander, achieving higher fitness
with smaller variance, and hence better sample efficiency. On
Hopper and BipedalWalker, PPO and SAC remain strong and
outperform both NEAT and NEOL. However, NEOL is still
more competitive against PPO than standard NEAT. Overall,
these results highlight the potential of NEOL, especially on
tasks where fast within-episode adaptation is beneficial.
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Figure 3: Fitness comparison of NEAT-NEOL with NEAT and RLs
across four control tasks in 30 independent runs under a fixed inter-
action budget of 10 million environment steps per seed. For neu-
roevolution methods, the total budget for each configuration equals
P ⇥ G ⇥ Tmax = 107; for PPO/SAC, it equals the total training
timesteps. Boxplots show episode return aggregated over seeds.

Figure 4: Ablation study comparing NEAT-NEOL with NEAT (w/o)
across four control tasks in 30 independent runs.

5.3 Ablation Studies
We ablate the online learning component by disabling weight
modulation in NEAT (“NEAT (w/o)”), and all other settings
remain unchanged. Figure 4 compares the final best-fitness
distributions over 30 independent runs on four control tasks.
On CartPole, all methods quickly reach the performance ceil-
ing 500 as expected, so disabling online learning has no clear
effect. On Lunar Lander, all NEOL variants (BCM, Hebb,
Oja) achieve clearly higher final fitness than NEAT (w/o),
with tighter distributions. On Hopper, removing online learn-
ing results in a significant drop in performance. NEAT (w/o)
has a much lower median and a wider spread, while the
NEOL variants remain stronger overall. On Bipedal Walker,
NEOL again improves the final fitness compared with NEAT
(w/o), and the results are consistent across seeds. In three
continuous control tasks, the boxplots further indicate higher

empirical means, higher medians, and tighter interquartile
ranges, which support the improvement of online learning via
synaptic plasticity. Overall, these results isolate the contribu-
tion of online synaptic plasticity: removing it impairs both
the gained fitness and the robustness of learning.

Summary. In our two-timescale setup, the outer evolution-
ary loop searches for good network topologies, while the in-
ner loop uses plasticity rules to adjust weights during online
interaction. This gives a simple, gradient-free method to as-
sign fitness and fine-tune behaviour within an agent’s life-
time. The experiment also shows a relatively competitive
performance against some strong RL baselines across several
tasks. Moreover, the ablation study supports this across tasks:
enabling online plasticity improves final fitness, reduces in-
stability across runs, and leads to better sample efficiency.
In contrast, removing it (NEAT (w/o)) generally results in
weaker final performance and less robust learning. Taken to-
gether, these findings suggest that online learning via plas-
ticity can improve the performance of NeuroEvolution and
make it more robust.

6 Conclusion and Discussion
We proposed a general NeuroEvolutionary Online Learning
(NEOL) framework, a two-timescale design that separates (i)
outer-loop topology/architecture search from (ii) inner-loop,
within-episode weight adaptation via reward-modulated lo-
cal plasticity. Using biologically motivated rules (Hebb, Oja,
and BCM), NEOL provides a simple, gradient-free mecha-
nism for online weight adaptation. Our theoretical analysis
shows that the resulting outer-inner loop guarantees an ex-
pected sublinear regret under standard boundedness and se-
lection assumptions. This serves as a first step towards a more
rigorous understanding of these hybrid online learning meth-
ods. Empirically, NEAT-NEOL improves over pure NEAT
across four control benchmarks and is relatively competitive
with strong RL baselines (PPO/SAC) on several tasks, with
notably tighter performance distributions. Additional abla-
tion studies and Wilcoxon rank-sum tests further confirm that
online plasticity is a key opponent of the improvement.
Despite these results, NEOL has limitations. Theoretically,

we only consider the exponential weight update selection for
architecture search. Extending the analysis to broader classes
of algorithms presents an exciting and challenging avenue.
Moreover, current theoretical analysis is restricted to the lo-
cal plasticity rules, including Hebb, Oja and BCM. We con-
jecture that sublinear regret is attained for more general local
plasticity rules with bounded step sizes. Empirically, test-
ing on more diverse environments can strengthen our empir-
ical analysis. It is not clear how robust our online weighted
adaptation is for more complex environments. Also, this pa-
per only uses fixed learning rules. As the performance algo-
rithm remains sensitive to hyperparameters and task structure,
adaptation of learning rules might be the next possible direc-
tion. Together, these future theoretical and empirical exten-
sions would clarify when and why reward-modulated plas-
ticity most effectively enhances neuroevolution, and would
move NEOL closer to robust adaptive agents.
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