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Fig. 1: Hebbian neural networks are updated during the lifetime based on correlations between pre- and postsynaptic activations and do
not rely on gradient information. By introducing a slower rate of Hebbian updates than the action inference or averaging of the synaptic

history, we can induce different attractor dynamics in weight space.

Abstract— Biological neural networks continuously adapt
and modify themselves in response to experiences throughout
their lifetime—a capability largely absent in artificial neural
networks. Hebbian plasticity offers a promising path toward
rapid adaptation in changing environments. Here, we introduce
Hebbian Attractor Networks (HAN), a class of plastic neural
networks in which local weight update normalization induces
emergent attractor dynamics. Unlike prior approaches, HANs
employ dual-timescale plasticity and temporal averaging of pre-
and postsynaptic activations to induce either co-dynamic limit
cycles or fixed-point weight attractors. Using simulated loco-
motion benchmarks, we gain insight into how Hebbian update
frequency and activation averaging influence weight dynamics
and control performance. Our results show that slower updates,
combined with averaged pre- and postsynaptic activations,
promote convergence to stable weight configurations, while
faster updates yield oscillatory co-dynamic systems. We further
demonstrate that these findings generalize to high-dimensional
quadrupedal locomotion with a simulated Unitree Gol robot.
These results highlight how the timing of plasticity shapes
neural dynamics in embodied systems, providing a principled
characterization of the attractor regimes that emerge in self-
modifying networks.

I. INTRODUCTION

Robot learning approaches follow a train-deploy paradigm:
a neural network policy is trained in simulation to master a
pre-defined task, by optimizing a static set of weight values.
During deployment, these weights remain fixed, preventing

Code and supplementary material at https://github.com/
alexanderdittrich/hebbian-attractor-networks
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adaptation to novel or changing conditions [1], [2], [3]. How-
ever, real-world environments are dynamic—sensors drift,
terrain conditions vary, and actuator responses degrade. This
brittleness contrasts sharply with biological nervous systems,
which leverage continuous synaptic plasticity to self-modify
throughout the organism’s lifetime. Inspired by the adaptiv-
ity of biological systems, we investigate continuously self-
modifying networks in the form of Hebbian learning.
Hebbian neural networks (HNNs) display continuous
adaptation of connection weights according to the co-
activation of pre- and postsynaptic neurons [4]. When in-
tegrated into artificial neural networks, Hebbian plasticity
introduces dynamic, self-modifying behaviors during deploy-
ment. Prior work has shown that Hebbian learning can pro-
duce effective controllers [5], [6], [7], [8], [9], [10]. However,
how weight changes interact with control, stabilize behavior,
and prevent runaway dynamics remain poorly understood.
In this work, we introduce Hebbian Attractor Networks
(HANs)—a class of Hebbian neural networks where weight
normalization induces emergent attractor dynamics. We show
that max-normalized plasticity does more than prevent un-
bounded weight growth: it enables structured, recurring
weight behaviors such as limit cycles and fixed-point attrac-
tors. These attractor dynamics are shaped by the temporal
structure of the plasticity—specifically, the frequency of
Hebbian updates and the averaging window of synaptic
activations (Figure 1). Our method draws inspiration from
the multi-timescale architecture of biological systems [11],
[12]. We implement Hebbian updates that are decoupled
from the control loop and based on temporally averaged
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activation traces. These modifications result in qualitatively
distinct weight dynamics. Fast updates promote oscillatory
co-dynamic systems, where weight changes and motor con-
trol are tightly coupled. Slower updates with longer aver-
aging windows induce stable fixed-points in weight space.
Using standard locomotion benchmarks, we show that HANs
support qualitatively distinct attractor regimes—fixed points
and limit cycles—whereas prior Hebbian approaches with
synchronized updates produce only co-dynamic limit cy-
cles [5], [9]. By leveraging dual-timescale plasticity and
activation averaging, HANs enable both co-dynamic and
fixed-point attractor regimes—offering improved robustness
and adaptability in robot locomotion. Here, plasticity is con-
sidered both in its role in meta-learning and as a mechanism
that can give rise to characteristic network dynamics.

The contribution of this paper is three-fold: (i) We pro-
vide a systematic analysis of HANs on continuous-control
locomotion tasks, situating them relative to static evolu-
tionary controllers and gradient-based RL baselines. (ii) We
characterize the emergence of distinct attractor regimes in
weight space, showing how update frequency and activation
averaging shape the onset of oscillatory versus fixed-point
dynamics. (iii) We demonstrate that the resulting attractor
dynamics support adaptive control beyond toy benchmarks,
scaling to quadrupedal locomotion on a simulated Unitree
Gol robot.

II. RELATED WORK

Self-modifying networks and meta-learning: From a
wider perspective, Hebbian learning can be considered as
a meta-learning approach. Other meta-learning methods like
MAML [13] or fast weights [14], [15] enable rapid adap-
tation by performing gradient-based updates during deploy-
ment. These systems require explicit error signals and back-
propagation to fine-tune parameters in real time. In contrast,
Hebbian learning provides a bio-inspired alternative: adapta-
tion occurs through local, activity-dependent plasticity with-
out relying on global error signals or gradient computations.

Hebbian learning and weight dynamics: Hebbian plas-
ticity utilizes local synaptic updates dependent solely on
the activities of pre- and postsynaptic neurons, making it
computationally simple and biologically plausible. Exten-
sive research on Hebbian weight dynamics, such as Oja’s
rule [16] and the BCM theory [17], has provided insights
into how synaptic weights can self-modify toward stable
configurations. However, these classical models primarily
address static tasks or stationary input distributions, whereas
in our work, we focus on dynamic, continuously evolving
environments. While in its principal form (a product of
pre- and postsynaptic activations), Hebbian learning can be
optimized using backpropagation [18], [19], other work has
explored the evolution of more expressive Hebbian rule
formulations [20], [21], [22], [6]. Evolutionary algorithms
are capable of exploring high-dimensional search spaces
without imposing restrictive constraints on rule formula-
tion [23], [24]. Several studies [8], [5], [9], [10] commonly
use a generalized Hebbian formulation, known as the ABCD

rule, where synaptic weight updates depend linearly on
combinations of pre- and postsynaptic neuron activations. To
mitigate unstable weight growth, Max Normalization (MN)
by rescaling the weights has been employed, improving
performance and stability [9]. Najarro et al. [5] demonstrated
that evolved Hebbian rules can enable networks to rapidly
recover from physical damage, effectively self-organizing
during deployment. Ferigo et al. [7] further showed in voxel-
based robots the emergence of oscillatory weights with MN
enabled, indicating a co-dynamic system in which the plastic
weights act more as intrinsic pattern generators rather than
mechanisms of learning. While prior work has demonstrated
the utility of Hebbian learning in adaptive control, the
role of update timing and temporal structure in shaping
converging versus oscillatory behaviors in embodied systems
remains largely unexplored — a gap we address through the
framework of HANS.

III. HEBBIAN ATTRACTOR NETWORKS
A. Hebbian Neural Networks

The NNs used in this paper have a feedforward architec-
ture consisting of L layers. Let (*)(¢) denote the vector of
activations at layer k and time ¢ € N, and let W) (¢) be the
matrix of weights connecting layer £ — 1 to k. The network
receives a state s; and produces a deterministic action a; as
follows:

O (t) = sy, )
M (1) = ¢ (W(k) (t)a;(k-l)(t)) . fork=1,...,L, (2)
a; =z (1), 3)

where ¢ is a nonlinear activation function (in our case, tanh).
The synaptic weights W) (¢) are updated online during
deployment via local Hebbian rules. Each connection (i, j)
in layer k is associated with a parameterized Hebbian update
function he““) and a local learning rate 771(]) The scalar

Hebbian upcfate at discrete time step ¢ is computed as:
Awl(t) =0 by (200,580 0), @

. S (k-
where the presynaptic activation Z;

activation i:( )( t) are computed as a moving average (MA)

of length M of the neuron’s activation values:

b (t) and postsynaptic

M—-1

Z 2Pt —m) (5)

m=0

_(k)

The update function h,x) follows the commonly used
generalized ABCD rule and is defined as:

? ’L

N N R I

where (‘)ij’ = (a Ef),bgf), gf),dfj)) are the Hebbian co-
efficients of the update function. Both these coefficients

and the associated local learning rates {6, 7} are optimized

h9§f>( ( 1) (k))
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using Evolutionary Strategies (ES) [25]. After each Hebbian
update, we apply a layerwise MN to prevent unbounded
growth and enable more complex weight dynamics [7], [9].
HNNs that utilize MN are denoted as HANs. Namely, for
each layer k, we scale weights by their maximum absolute

value: .
wi (¢ +1)

Mt +1)|

max; j |wz(j
B. Dual-timescale in Hebbian Attractor Networks

wg?) (t+1) «

)

Unlike previous works [5], [9], we do not apply Hebbian
updates at every time step. Instead, we define a fast NN con-
troller frequency fyn and a slow Hebbian update frequency

fhebb and apply updates every Thebb = | fNN/ fhebb] Steps:

wgf) (t) + Awgc)(t), if t mod Thewy = 0,

w(’?) a2
w,;” (1),

otherwise.

®)
This decoupling introduces a dual-timescale structure, as
displayed in Figure 2. We aggregate pre- and postsynaptic
activations over multiple forward passes and compute a
moving average (Equation 5). This averaging enables the
learning rule to operate on smoothed activation signals that
reflect longer temporal dynamics rather than relying solely
on instantaneous activations.
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Fig. 2: Dual-timescale structure of HNN. Hebbian updates are
executed at a lower frequency than the forward pass (here, Thevy =
3 X 7nN), and the moving average of pre- and postsynaptic activa-
tions is applied (here, M = 2).

In the following, we denote the variations of HANs

in (M = ..) superscript for the moving average and
the timescale in (fxn = ... X fhebb) subscript, e.g.
HAN}=10

NN=4X fhebb *
IV. EXPERIMENTAL RESULTS

We now investigate empirically how different structural
components of Hebbian learning affect performance and
weight dynamics.

Specifically, we perform an ablation on the effects of MN,
dual-timescale plasticity (fnn > fhebb), and MA (M > 1)
across a selected set of Hebbian learning conditions. Table I
lists the ablation conditions of HANSs. For instance, the
work of Najarro et al. [5] uses the HAN condition (B)
(HANJ{JL ;) with MN, without MA (M = 1), and a
single-timescale (fxn = fhebb)-

TABLE I: Overview of tested HAN conditions.

Condition

(A) HNN
M=1
(B) HANfNN=fhebb

M=1
© HANfNN:4 X fhebb

MN M fun/ fhebb
1 1

1
1

NN N N %
A = B o~

M=10
&) HANfNN = fhebb 10
(E) HANM =10 10

SNN=4X fhebb

A. Hebbian learning conditions influence performance

We evaluate HNNs and HANs on the standard
continuous-control benchmarks from Gymnasium [26],
namely Swimmer-v5, HalfCheetah-v5, Hopper-v5, and
Walker2d-v5. These environments provide widely used refer-
ence tasks for assessing the utility of learning algorithms in
locomotion and allow us to situate the behavior of Hebbian
plasticity in relation to established methods. For all Hebbian
architectures, we employ a compact network with a single
hidden layer of 16 units, resulting in 800-1840 parameters
depending on the task. Initial weights W are sampled
from ¢/ (—0.1,0.1), while Hebbian coefficients and learning
rates 0,7n are drawn from U(—1.0,1.0). Optimization is
performed with ES using evosax [27]. The most important
hyperparameters include a population size of 128, mutation
rate of 0.5, and selection ratio of 10 % over 1000 generations
(500 for Swimmer). Each setting is evaluated four times
per run, and results are averaged over 16 independent seeds
(random initializations of network weights and environment
seeds).

TABLE II: Average accumulated episodic return / fitness on
Gymnasium locomotion benchmarks (n = 16 for HNN/HAN
and MLP/GRU; n = 10 for PPO), where + captures a 95%
confidence interval. MLP' omits bias terms to match the parameter
count of HNNs/HANs. PPO* matches the number of optimization
parameters of HNNs/HANS.

. Fitness (-)
Algorithm .
Swimmer Hopper HalfCheetah Walker2D

PPO? 1344418 2641.24 11331 3722.94 18424 4022.8 192537
PPO 135.7135 4068.8 1795 9644.7+1084.4 7947.81599.6
MLPT 361.410.4 34709411952 3496.713826 3292.31121.6
MLP 361.910.3 4186.0t129.8 3168.711155 4310.94330.1
GRU 363.7+0.4 3676.84+1595 4454.6+4135 4066.114189
(A) HNN  359.510¢6 2466.01382.1 3370.31601.7 3033.31127.4
(B) HAN  363.64+0.2 3713.14320.6 6385.34601.9 4532.54831.1
(C) HAN  363.74+02 3697.01276.3 5055.517606 4261.114171
(D) HAN  363.94+02 3729.71330.2 7239.64430.2 4548.54 492 4
(E) HAN ~ 363.9+0.3 4100.0+172.3 7394.04301.5 4046.91250.9

To isolate the contribution of plasticity, we compare HANs

against several directly evolved static baselines using the
same ES. These include (i) MLP controllers without plas-
ticity but matched in parameter count (without bias terms),
(ii)) MLP and GRU controllers with bias parameters, where
the GRU provides behavioral adaptation through recurrent
hidden state rather than synaptic plasticity. This design
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Fig. 3: Analysis of weight dynamics under three Hebbian learning

—50
PC 2 (-)

conditions (A, B, E). The first row shows trajectories of 10 randomly

selected plastic weights over time. The second row presents the total network plasticity, quantified as the summed ¢>-norm of weight
changes at each timestep. The third row depicts the evolution of plastic weights projected onto the first two principal components via

Principal component analysis (PCA).

allows us to assess how much of the observed performance
stems from within-lifetime Hebbian adaptation, beyond what
can be captured by recurrence or direct optimization.

For additional context, we also report results with PPO
[28], using Stable-Baselines3 [29]. Two architectures are
considered: (a) a “tiny” variant matching the HANs (single
hidden layer with 16 units for the actor), and (b) the default
PPO architecture with two 64-unit hidden layers for the actor.
In both cases, the critic uses the default two-layer 64-unit
architecture. PPO is trained for 80 million environment steps
with default hyperparameters, and results are averaged over
10 seeds. These PPO runs provide reference points, not direct
benchmarks, as the optimization algorithms and inductive
biases differ substantially.

Table II reports mean performance across conditions. The
ablation study shows that adding max-normalization (MN)

substantially improves performance across all tasks. Incor-
porating either activation averaging, dual timescales, or both
yields further gains. As a result, HANs outperform directly
comparable static MLPs without bias, and in most cases also
surpass MLPs and GRUs with bias, except for Hopper where
static baselines remain competitive. When compared to PPO,
HANSs achieve comparable returns on simpler environments
such as Swimmer, while gradient-based PPO with its larger
default architecture attains the highest scores on Hopper,
HalfCheetah, and Walker2D. These differences reflect the
respective strengths of the methods: PPO leverages gradient
updates and larger networks, whereas HANs exploit within-
lifetime plasticity to enrich the expressivity of compact
architectures. Importantly, HANs demonstrate that Hebbian
rules can be harnessed to improve performance beyond
what is achievable with static evolution or direct gradient
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Fig. 4: The non-zero frequencies of action and weight signals exhibit peaks at approximately 4 Hz and 8 Hz. Interrupting the Hebbian
update causes a pronounced drop in step rewards during deployment for the HAN condition (B). The HNN in condition (E) shows a

minor effect in step rewards.

optimization on the same small architectures.

B. Fixed-point attractors emerge with decoupled Hebbian
updates and averaging of activations

For further investigation of the attractor dynamics, we
select the best-performing Hebbian coefficients in the HAN
conditions (A), (B) and (E) of the HalfCheetah task. Figure 3
shows the weight dynamics during a single lifetime over
10s. The first row depicts 10 randomly selected plastic
weights. For the second row, we compute the elementwise
{5 distances of the weight matrices between the current ¢,
and the previous time step ¢,,—1, and we sum them over the
network. This metric gives an indication of overall network
plasticity, where a value of 0 signifies no change in network
weights. In the third row, we use a PCA to reduce the plastic
weights at each time step to two dimensions.

For reference, HNN in condition (A) shows the expected
unbounded growth: individual weights diverge and no dis-
tinct attractor behavior emerges, as confirmed by the PCA
embedding. Similarly, we observe sustained high plasticity in
HANSs under condition (B), with single weights oscillating
periodically. The plastic weights remain within a (—1,1)-
bound. In the PCA embedding, we observe that the plastic
weights form an oscillatory pattern, where the principal
components jump between several states. In condition (E),
the total plastic weight change decreases after a short phase,
remaining close to 0 thereafter. We observe that single
weights remain constant after an initial jump. In the PCA
embedding, the compressed weights remain within a region
of the weight space after a strong initial change.

C. Attractor analysis

The results of Section IV-B show the onset of distinct
weight dynamics conditioned on the different HAN condi-
tions. We investigate the design of these different weight dy-
namics through additional ablation studies by altering Heb-
bian update frequency fhenp and averaging window length
M. We use HANs in condition (E) for the HalfCheetah
task and perform 16 randomly initialized evolutions for each
combination of window lengths M = 1,2,4,10,20 and
Hebbian update frequencies fhepy = 1,5, 10, 20.

Figure 5 shows the fitness of the best performing individ-
ual at the final generation over different random seeds.

) I window M
~ 6000 F A0 TTHHE- L S R—
2 Il 2
= 000 -l 5 4
s ! e 1 . 10
I 20
2000 ||
1.0 5.0 10.0 20.0
fhevy (Hz)

Fig. 5: Fitness at 1000 generations with different fiheop and M
(n = 16). A window length of M = 1 corresponds to no moving
average, and fiepp = 20 corresponds to no reduction in update
frequency.

To assess whether a HAN converges to a fixed-point attrac-
tor, we track the weight change over time in the early and late
phase of an episode. We compare the difference of the total
weight change AW = >, HWt(k) - Wt(f)l |2, where early
denotes the first 5% of the rollout, and late the remaining
rollout. We classify the HAN condition as converged if
AWige < p- AW carry. For robustness, we added the threshold
factor p = 0.9 and evaluate 3 population members at the last
generation of 16 seeds for 30 independent rollouts. Each
combination of fue,, and M is evaluated 1440 times.

TABLE III: Ratio of HANs satisfying the convergence criterion
for different fheop and M values over 1440 different evaluations.

Hebbian update frequency fhebb

M 1Hz 5Hz 10Hz 20Hz
1 99.9%  64.4% 219%  21.4%
2 99.9%  64.9% 16.1% 17.8%
4 99.9% 81.7% 55.0%  36.6%
10 999% 94.4% 75.7%  66.0%
20 99.9% 100.0% 100.0% 92.9%

The results show that convergence to a fixed-point attractor
depends on the choice of fhepp and M. To achieve converging
plastic weights, either low Hebbian update frequencies fhebp,
large average window lengths M or a combination of both
is effective. Low fhepp consistently results in converging
weights; however, it has negative impacts on performance
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Fig. 6: Stepwise rewards summed weight changes during a 50 s deployment. A collision around 19s causes a drop in reward, followed by
recovery. Weight changes decrease over time, with a brief spike after the collision. The network returns to a similar weight configuration

after the disturbance, indicating a stable attractor.

compared to higher fiep,. We found that M > 4 mitigated the
decrease in performance while maintaining the convergence
properties.

We continue by analyzing the different properties of the
weight attractors. A Fourier analysis on 30 randomly selected
plastic weights wl(-;-c) of the HANSs in condition (B) shows that
the dynamics of the weights are in tune with the locomotion
pattern of the agent. The main non-zero frequencies of the
plastic weights and the action signal are highly correlated
(Figure 4, left). When we pause Hebbian updates during the
lifetime, we see that the oscillatory attractor drives a vital
part of locomotion as the agent is unable to move (Figure 4
middle, a substantial drop in reward after ¢ = 20). This is
not the case for the condition (E) which indicates a more
robust attractor behavior.

The stability of the attractor is analyzed in a final per-
turbation experiment. Here, we randomly place a hanging
pendulum with a mass of 50 kg in the locomotion path as a
force perturbation (Figure 6, left). This condition has not
been part of the training process; it thus requires online
adaptation of the network. HANs in condition (E) show high
plasticity at the start of periodic locomotion until a steady-
state periodic gait is reached. Perturbations from this gait
result in an increase in plasticity. Figure 6 (right) shows
the summed /¢, distance of weight snapshots between each
timestep of the lifetime. This allows the comparison of all
weight snapshots during the lifetime. The summed distance
between plastic weights before and after the perturbation
is close to zero, indicating the existence of a single fixed-
point attractor and therefore a single weight configuration
the network converges to.

D. Unitree Gol locomotion

To assess whether our findings generalize to higher-
dimensional systems, we extend to quadrupedal locomotion
using a Unitree Gol robot simulated in MuJoCo XLA
MIJX) [30], modified from the Joystick task in MuJoCo
Playground [31]. The reward consists of a Gaussian tracking
term for target forward velocities of 1.0ms~—!, 1.5ms~!
and 2.0ms~! and a Gaussian term for maintaining zero
yaw. We employ OpenAI-ES [23] with a population size
of 512, exponential decay schedules for learning rate (0.1,
decay 0.999) and mutation rate (0.2, decay 0.995) over 500

generations, with four repeats per evaluation and 1000-step
episodes at fyn = 50 Hz.

(B) HANY=1 (E) HAN}=20

SNN=Fnebs SNN=10X freby

PC 2 ()

Fig. 7: PCA of HANS in conditions (B) and (E).

The observation space includes trunk angular and linear
velocities, joint angles and velocities, and the gravity vector.
The network outputs desired joint angles for each leg’s hip,
thigh, and calf motors, tracked by a PD controller (k, = 50,
kq = 1) at 1000 Hz. We train 10 randomly initialized HAN’s
per target velocity under condition (B) (HAN%:jfhebb) and
condition (E) (HAN%;ZQ?OX P in Section IV-A.

T

[ ]
~ 0.125 ]
()
E ° . N °
= 0.100 I n
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@ Fixed-point, HAN (B) (n = 0)
I Fixed-point, HAN (E) (n =9)

@ Limit-cycle, HAN (B) (n = 22)
B Limit-cycle, HAN (E) (n = 16)

Fig. 8: Mean foot air time versus forward velocity for HANs
in conditions (B) and (E) across 60 Unitree Gol training runs,
classified as fixed-point or limit-cycle attractors.

Consistent with the Gymnasium results (Section IV-B),
condition (B) produces oscillatory weight trajectories cou-
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pled to the gait cycle (Figure 7, left), while condition (E)
converges to stable fixed-point attractors after an initial
adaptation phase (Figure 7, right). Across 60 training runs,
condition (B) produced sustained locomotion in 22 cases
(36.7 %), all exhibiting limit-cycle dynamics. Condition (E)
yielded stable locomotion in 25 cases (41.7 %), of which 9
(36.0 %) converged to fixed-point attractors and 16 (64.0 %)
remained limit-cycle; the remaining 13 runs (21.7 %) did not
produce stable locomotion. The parsimonious reward design
— rewarding only target speed and yaw — allows diverse
gaits to emerge, summarized via mean forward velocity and
foot air time in Figure 8, with attractors classified using the
convergence criterion from Section IV-B (p = 0.4).

E. Morphological adaptation

Having established that conditions (B) and (E) give rise
to distinct attractor dynamics, we now ask whether these
differences affect adaptive capabilities under morphological
damage. Following Najarro et al. [5], we evaluate adaptation
capabilities on Ant-v5 [26] by significantly shortening the
distal shin segment of one of the four legs. We compare PPO
against HANs condition (B) (HAN%N::lfhebb) and condition
(B) (HAN%N:jloOX foay) acTOss three training scenarios (no
leg mutilation; front-right (FR) mutilated; front-left (FL)
mutilated) and two unseen test scenarios (rear-left (RL)
mutilated; rear-right (RR) mutilated) with an episode length
of 500.

Train Test (unseen)
T T T T T
4000 - Em PPO
—~ EEE HAN (B)
= EEE HAN (E)
E
&~ 2000 [ -
g
) “
0
None FR FL RL RR
Mutilated Leg

Fig. 9: Mean accumulated returns with 95 % confidence intervals
for each scenario. The left side shows training scenarios, while the
right side shows unseen test scenarios. PPO significantly outper-
forms HANs within the training distribution, while HANs achieve
higher returns on unseen test scenarios.

PPO is trained for 1B time steps with default hyper-
parameters, and both HAN conditions for 6B time steps
with 15 random initializations using the same OpenAI-ES
configuration as in Section IV-D. Mutilations are presented
to PPO by dividing the 1536 training environments evenly,
while HANs perform 4 repeated fitness evaluations per mu-
tilation during meta-training. We evaluate the final policy or
Hebbian rules of each seed 30 times per scenario (Figure 9).
PPO significantly outperforms HANs within the training
distribution. Despite dual-timescale plasticity and averaging,
all HAN runs converge to limit-cycle attractors in this setting,
with no significant differences between conditions (B) and

(E). Consistent with prior work [5], [9], the oscillatory
weight dynamics may facilitate adaptation, as HANs main-
tain more consistent performance across seen and unseen
morphologies.

V. DISCUSSION

In this work, we elucidate the effects of several Heb-
bian learning conditions on the dynamics of the weights.
While plain HNN can solve simple benchmarks, we find
that introducing MN yields HANs that achieve significantly
higher average performance on all investigated benchmarks,
confirming previous studies [7], [9] on different locomo-
tion problems. It might be expected that a lower HAN
update frequency would reduce responsiveness and therefore
performance. Contrary to this intuition, decoupling HAN
updates results in improved performance over the given
benchmarks. Furthermore, averaging synaptic activations can
achieve higher average performance (see HalfCheetah and
Hopper). On common locomotion benchmarks, decoupled
HANs allow identification of operating conditions with
emerging fixed-point attractors that show comparable or
higher performance than co-dynamic instances and static
NNs. The timing of Hebbian updates strongly influences the
evolution of Hebbian coefficients and gives rise to distinct
plastic weight and attractor dynamics. A commonly used
HAN configuration involving MN [5], [9], [8] introduces
a limit cycle attractor with oscillating plastic weights in
tandem with the periodic gait. This co-dynamic system drives
the effective gait, as interrupting the Hebbian update during
operational lifetime causes the agent to stumble (Figure 4,
middle). These findings suggest that, in our setting, evolution
tunes a co-dynamic system rather than creating a meta-
learning mechanism. More importantly, the introduction of
different timescales and moving average with reduced Heb-
bian update frequency fhep, decouples the co-dynamics and
results in the emergence of fixed-point attractors, which
do not suffer from this weakness. In our perturbation test,
neither freezing the weights nor applying a force perturbation
disrupted the gait, suggesting robustness of the fixed-point
attractor in this scenario. In the latter, the weights showed
adaptation to regain stable locomotion before converging
back to the same attractor (Figure 6). Under permanent
morphological damage, both HAN conditions converge to
limit-cycle attractors — even under the strong configuration
of condition (E) — suggesting that evolution preferentially
discovers oscillatory dynamics when adaptation across qual-
itatively different locomotion modes is required.

VI. CONCLUSION

This work provides a principled understanding of Hebbian
learning and elucidates the role of dual-timescales and ac-
tivation averaging. Specifically, weight analysis reveals the
onset of different attractor dynamics, allowing us to design
different adaptive properties in HANs. While the results
highlight the potential of HANs for adaptive control, several
limitations remain. ES, though effective for discovering plas-
ticity rules, are sample-inefficient and have limited usability
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for complex tasks; more sophisticated optimization methods
could expand applicability. We use feedforward networks, yet
introducing recurrence may yield richer dynamics through
interactions between Hebbian updates and recurrent activ-
ity. Furthermore, this paper centers on periodic locomo-
tion; generalization of HANSs to more complex tasks—such
as navigation, manipulation, or complex terrains—remains
an open question. Future work will explore multi-attractor
HANSs, where autonomous transitions between attractors
enable adaptation to sudden environmental changes. We
hypothesize that such switching could be achieved by incor-
porating reward signals into the local Hebbian update, e.g.
inspired by neuromodulation [32], [33], [34], helping bridge
the sim-to-real gap. Finally, real-world experiments will be
essential to assess HANs under noise, mechanical variation,
and sensor drift.
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