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Abstract— Animals possess a remarkable ability to navigate
challenging terrains, achieved through the interplay of various
pathways between the brain, central pattern generators (CPGs)
in the spinal cord, and musculoskeletal system. Traditional
bioinspired control frameworks often rely on a singular control
policy that models both higher (supraspinal) and spinal cord
functions. In this work, we build upon our previous research
by introducing two distinct neural networks: one tasked with
modulating the frequency and amplitude of CPGs to generate
the basic locomotor rhythm (referred to as the spinal policy),
and the other responsible for receiving environmental percep-
tion data and directly modulating the rhythmic output from
the spinal policy to execute precise movements on challenging
terrains (referred to as the descending modulation policy). This
division of labor more closely mimics the hierarchical locomotor
control systems observed in legged animals, thereby enhancing
the robot’s ability to navigate various uneven surfaces, including
steps, high obstacles, and terrains with gaps. Additionally, we
investigate the impact of sensorimotor delays within our frame-
work, validating several biological assumptions about animal
locomotion systems. Specifically, we demonstrate that spinal
circuits play a crucial role in generating the basic locomotor
rhythm, while descending pathways are essential for enabling
appropriate gait modifications to accommodate uneven terrain.
Notably, our findings also reveal that the multi-layered control
inherent in animals exhibits remarkable robustness against
sensorimotor delays. These findings advance our understanding
of the fundamental principles governing the interplay between
spinal and supraspinal mechanisms in biological locomotion.
Moreover, they inform the design of bioinspired locomotion
controllers that emulate these biological structures, facilitating
natural movement in complex and realistic environments.

I. INTRODUCTION

Recent advances in bioinspired robotics have focused
on the development of robots that either explore specific
biological questions or mimic the mechanisms and designs
of biological systems found in nature [1]–[3]. This interest
is driven by the impressive feats exhibited by many ani-
mals, which have evolved sophisticated morphological struc-
tures and cognitive capabilities over millennia. For instance,
legged animals have honed in their abilities and demonstrate
extraordinary capabilities to maneuver across a wide variety
of terrains [4]. This remarkable adaptability depends on
complex interactions between many areas of the nervous
system, the musculoskeletal system, and the environment.
The agility of animals is even more remarkable given the
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Fig. 1. Learning-based hierarchical control framework that emulates the
mechanisms of the locomotor neural circuits in legged mammals.

fact that conduction delays are rather large in neurons [5],
and orders of magnitude higher than in robots’ electrical
circuits [6]. At the nervous system level, despite the complex
mechanisms at play in animals, locomotion can be primarily
attributed to the interplay of three main components: spinal
central pattern generators (CPGs), descending modulation,
and sensory feedback [7]. Specifically, CPGs, located in the
spinal cord, play a crucial role in animal locomotion as they
are responsible for generating coordinated rhythmic muscle
movements without rhythmic input. However, higher brain
centers, including the motor cortex, cerebellum, and basal
ganglia, refine these rhythmic patterns with descending con-
trol signals. This process enables the adaptation of locomo-
tion to changing environmental conditions, guided by adjust-
ments informed by sensory feedback, such as proprioception
and vision. In this work, we propose a neural structure for
locomotion control comprising of two independent networks
designed to closely mimic the aforementioned biological
structure (Fig. 1).

Studies have shown that the central nervous system hier-
archically governs animal locomotion, with control spanning
multiple levels, from the cerebral cortex and brainstem down
to the spinal cord [8]. Firstly, biological evidence highlights
the critical role of CPGs located in the spinal cord in
providing foundational movement patterns for locomotion,
essential for an animal’s rapid acquisition of locomotion
skills post-birth [9], [10]. Further research demonstrates that
self-adaptation can lead to enhancements in spinal circuitry
(spinal plasticity), indicating the spinal cord’s capacity for
learning and memorization [11], [12]. Moreover, in mam-
mals, specific descending pathways, known as the corti-
cospinal tracts, form a crucial link between the cerebral
cortex and the spinal cord. These tracts, unique to mammals,
play a vital role in visuomotor coordination, enabling the pre-
cise adjustment of movements based on perception feedback
to navigate through various terrains and overcome environ-
mental challenges [13]. This innate capacity for rapid learn-
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Fig. 2. The control diagram of our hierarchical control framework
replicates the mechanisms found within the locomotor neural circuits of
legged mammals. The spinal network, emulating the spinal cord, generates
basic rhythmic gait patterns through CPGs based on internal states. The
descending modulation network, representing high-level brain functions,
produces signals (offset components) that refine these rhythmic movements
in response to internal and environmental information (terrain height map),
thereby enabling the robot to navigate complex terrains.

ing and adaptation not only sheds light on the fundamental
principles of biology, but also fuels considerable interest in
the development of robotic locomotion control systems [14].
In particular, we believe that the dynamic interplay between
spinal CPGs and supraspinal descending modulation, which
is critical for facilitating animal locomotion across diverse
terrains, offers a compelling model for controlling robotic
locomotion.

Drawing inspiration from biology, numerous studies have
aimed at replicating the control mechanisms that legged
vertebrates use for locomotion [15]. However, most CPG-
based locomotion controllers primarily focus on generating
rhythmic motions, which makes it challenging for robots
to navigate difficult terrains, which require multiple non-
rhythmic adjustments [16]–[18]. Additionally, these methods
often involve a large number of parameters that require opti-
mization, leading to a time-consuming tuning process. With
the widespread adoption of deep learning in robot controller
design, several studies have utilized learning-based methods
to fine-tune the parameters and, consequently, the behavior
of oscillators, which are used to represent CPGs [19]–
[25]. These adjustments enable improved velocity tracking
and omnidirectional locomotion capabilities. Nevertheless,
their ability to traverse challenging environments remains
relatively limited.

In this work, we develop a hierarchical control framework
that mimics the mechanisms found within the locomotor
neural circuits of legged mammals, extending previous work
[19]. Specifically, we employ a learning-based spinal neural
network, in conjunction with CPGs, as a fundamental gait
pattern generator to represent the spinal cord’s function. We
then introduce a supraspinal neural network to modulate the
gait patterns generated by the spinal policy, representing the

brain’s descending pathways, which is integrated with visual
information feedback. We validate our framework through
several experiments in simulation, demonstrating that the
robot can adapt to various complex terrains such as stairs,
high obstacles, and gaps. Furthermore, we demonstrate that
the spinal policy relies less on sensory feedback to generate
rhythmic movements, primarily facilitating locomotion on
flat terrain. In contrast, the descending modulation policy
is more dependent on sensory feedback to modulate gait
patterns for challenging terrain, especially for terrains that
require discrete and precise movements, such as stairs, high
obstacles, and gaps. Our main contributions can be summa-
rized as follows:

• We introduce a learning-based hierarchical structure that
independently mimics the functions of the spinal cord
and descending modulation mechanisms, utilizing a
straightforward and intuitive reward structure. This bio-
inspired framework allows the robot to navigate across
challenging terrains, including climbing high platforms,
traversing areas with random unevenness and gaps, and
ascending stairs that were unachievable with previous
neural structures.

• Our framework offers a platform for testing biological
hypotheses related to animal locomotion on challenging
terrains. In particular, our work explores the unique
control mechanisms of rhythmic and discrete move-
ments to enhance the versatility and efficiency of robotic
locomotion. Furthermore, this framework allows us to
investigate the effects of sensorimotor delays on the
spinal policy and descending modulation policy for
robot behavior on different terrains, shedding light on
key biological control principles.

• This work not only deepens our understanding of the
function of the central nervous system in biological
locomotion, emphasizing the roles of the spinal cord and
descending modulation in animal movement strategies,
but also facilitates the development of bio-inspired loco-
motion controllers to enable robots to perform complex
and natural movements.

II. BACKGROUND

Neural networks in the spinal cord, known as CPGs, play
a pivotal role in animal locomotion by producing coordinated
rhythmic signals, even in the absence of input from the
brain and sensory organs [26]. In this work, we employ non-
linear phase oscillators to model the CPG circuits, enabling
the generation of rhythmic patterns similar to those in our
previous works [19], [27]:

r̈i = α
(α
4
(µi − ri)− ṙi

)
(1)

θ̇i = νi (2)

where ri represents the amplitude of the oscillator, θi denotes
the phase of the oscillator, νi and µi are the intrinsic
frequency and amplitude, respectively, and α is a factor that
represents the convergence rate.
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For animals, rhythmic neural activities governed by CPGs
are translated into muscle activities, ultimately resulting in
rhythmic behaviors [28]. Building on this principle, we map
the outputs of the oscillators to joint positions by first
determining the desired positions of the feet in Cartesian
space relative to the body frame. Then, we employ inverse
kinematics to calculate the desired joint angles. Furthermore,
to simulate how signals from higher-level brain regions
modulate locomotion behavior in vertebrates, we directly add
an offset to the nominal positions of the feet [25], [29]. The
formulation of the desired foot positions is as follows:

xi,foot = −Lstep(ri) cos(θi) + xoff,i (3)

zi,foot =

{
−h+ Lclrnc sin(θi) + zoff,i if sin(θi) > 0

−h+ Lpntr sin(θi) + zoff,i otherwise
(4)

where Lstep represents the nominal step length, h is the
nominal body height, Lclrnc and Lpntr denote the maximum
ground clearance during the swing phase and the maximum
ground penetration during the stance phase, respectively, and
xoff and zoff directly adjust the desired foot position in
the x and z directions, respectively. These parameters are
illustrated in Fig. 2.

III. LEARNING FRAMEWORK

Our bio-inspired locomotion control framework consists
of a spinal policy and a descending modulation policy, both
trained through reinforcement learning. The spinal policy
emulates the spinal cord’s function, generating basic gait
patterns in conjunction with the CPG, based on internal states
and sensory feedback. The descending modulation policy
simulates high-level brain functions to produce descending
modulation signals [30]. These signals fine-tune the move-
ments initiated by the spinal policy, adapting to both internal
states and environmental cues, thus enhancing the robot’s
adaptability in complex settings. Fig. 2 depicts the control
diagram of our approach, and we detail it further in this
section.

A. Spinal Policy

Biological evidence indicates that the spinal cord’s ca-
pacity to perform rhythmic motor patterns, coupled with its
access to sensory information specific to activities, enables it
to operate with a high degree of automaticity, requiring little
to no input from the brain [31]. These findings highlight that
the circuits in the spinal cord responsible for locomotion can
operate independently of brain control. Therefore, we employ
a spinal policy to represent the learnable circuits in the
spinal cord, incorporating the CPGs to produce natural cyclic
movements. To ensure the spinal policy works cooperatively
with the descending modulation policy, we enable the spinal
policy to access linear velocity commands and proprioceptive
information in its observation space. The velocity command
biologically mimics the signal from the mesencephalic loco-
motor region (MLR) in the higher brain regions. It is widely
acknowledged that the MLR plays an active role in initiating
and modulating spinal neural circuitry to control locomotion

speed [32]. Furthermore, studies show that proprioceptive
information, representing the sense of balance and spatial
orientation, can be projected to the spinal cord from the
vestibular system in vertebrates [33]. Thus, the spinal policy
can dynamically adjust the CPG’s parameters based on the
robot’s velocity command and proprioceptive feedback from
the joint encoders and the Inertial Measurement Unit (IMU),
thereby generating a stable and efficient gait.

1) Action Space: To generate basic gait patterns, the
spinal policy focuses on adjusting CPG parameters aspinal =
{µ,ν} ∈ R8 which primarily control the frequency and
phase difference between the legs and the step length (refer to
Eq. 1 and Eq. 2). This design allows the module to not only
generate basic gait patterns but also track the commanded
velocity, thus enhancing both the adaptability and stability
of the locomotion (refer to Table I).

2) Observation Space: The observation space includes
the operational state of the CPG, denoted as xcpg,t =
{r, ṙ,θ, θ̇} ∈ R16 (refer to Eq. 1 and Eq. 2), and previous
actions aspinal ∈ R8. Additionally, it encompasses velocity
commands {vx, vy, ω} ∈ R3 in the body frame (x and
y directions, as well as yaw rate); contact force booleans
FGRF ∈ {0, 1}4; and the current state of the robot’s base
{eg,vb,ωb} ∈ R9, as measured by the Inertial Measurement
Unit (IMU), along with the joint states (positions and veloci-
ties) represented as {pjoint, ṗjoint} ∈ R24. Here, eg denotes
the projected gravity vector, while vb and ωb represent the
body’s linear and angular velocities, respectively.

B. Descending Modulation Policy

It should be emphasized that the spinal cord alone is
insufficient for locomotion in complex environments. The
involvement of supraspinal control is crucial, as it provides
the necessary drive for movement and the sensorimotor inte-
gration required for navigating challenging terrains, as well
as performing anticipatory behaviors (as opposed to reactive
behaviors) [34]. There is now accumulating evidence sug-
gesting that supraspinal structures are essential in modulating
locomotion, with an emphasis on descending modulation
arising from various regions of the supraspinal network [35].
Moreover, these structures are capable of integrating sensory
inputs to modify locomotor behavior in response to both
internal and external environmental conditions. Therefore,
we introduce a descending modulation policy to replicate
the function by which high-level brain activity modulates
rhythmic motion generated by the spinal policy and CPGs.

1) Action Space: In our framework, the descending mod-
ulation policy fine-tunes the rhythmic movements produced
by the spinal policy and CPGs by introducing specific
alterations to the foot’s positioning in the horizontal (x)
and vertical (z) planes, adesc = {xoff , zoff} ∈ R8 as
shown in Eq. 3 and Eq. 4. These modifications directly
impact the robot’s leg movements by altering rhythmic
patterns when traversing rough terrain. Such adjustments to
the rhythmic movements can accommodate uneven terrains,
such as stairs. Furthermore, it compensates for the limitations
of rhythmic gait patterns during locomotion on unstructured
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terrains, like high obstacles and gaps, which require precise
foothold control and discrete movements such as jumping.
Consequently, the descending modulation policy enhances
the robot’s adaptability and precision in navigating a variety
of terrains.

2) Observation Space: The supraspinal structures in-
volved in controlling locomotion in vertebrates, such as
the motor cortex, MLR (Mesencephalic Locomotor Re-
gion), and DLR (Diencephalic Locomotor Region), are
very complex [8]. To simplify the descending modulation
mechanism, we enable the descending modulation policy
to directly access the velocity command and proprioceptive
sensory information, which originate from the MLR and the
vestibular system, respectively, in vertebrates. Additionally,
the descending modulation policy can access joint states
and ground contact forces through descending spinal tracts,
which are the pathways that carry information up and down
the spinal cord between the brain and the body. Furthermore,
by replicating the perceptual capabilities of the higher-
level brain regions which process sensory data about the
surroundings, we allow the descending modulation policy
to access visual information of the environment. This is
achieved by utilizing a terrain height map, Hmap ∈ R17∗11,
which represents a 16 × 10 grid spaced at intervals of 0.05 m,
located in front of the robot. Consequently, the observation
space includes both the spinal policy’s observations and
the terrain height map. This observation space enables the
robot to proactively and adeptly respond to environmental
variations. Furthermore, it aids in the precise monitoring
of each joint’s status, ensuring that the robot’s movements
are responsive and finely tuned to the complexities of the
external environment.

TABLE I
Observation and Action Spaces

Observation Space Action Space

Spinal Policy

CPG states ∈ R16,
last action ∈ R8,
commands ∈ R3,

contact force ∈ {0, 1}4,
robot states ∈ R9,
joint states ∈ R24

µ,ν ∈ R8

Descending
Modulation Policy

Spinal Policy Observation,
Hmap ∈ R17∗11 xoff ,zoff ∈ R8

C. Training Details

To train the spinal policy and descending modulation
policy, we employ a two-step training process. For the first
training phase, the robot is trained on flat terrain with
the spinal policy only. As shown in Table II, we reward
velocity tracking and locomotion distance, and we penal-
ize the robot’s orientation (to ensure stability), as well as
power to promote energy efficiency. In the second phase,
we train the descending modulation policy in conjunction
with the spinal policy, whose parameters are frozen, on
complex terrains. To ensure continuity between the two
training phases, we make only minor adjustments to the
reward function, keeping the reward structures for the two
policies as similar as possible, while allowing the robot to

TABLE II
Reward function for the two training phases: the reward terms for the first

phase (spinal policy) are detailed at the top, and the second training

phase (descending modulation policy) follows the same structure as the

first, with additional reward terms introduced at the bottom. ϕ(x) denotes

the squared exponential e−||x||2/σ , where σ = 0.25. Φ represents the

orientation information of the base link, Pbase indicates the position of

the base, and F represents the foot contact force, with Fmax = 180 N. dt

denotes the time step of the control loop.

Reward term Expression w
linear velocity ϕ(vcmd

t − vt) 10dt
orientation −(||Φpitch||2 + ||Φroll||2) 20dt

orientationyaw −||Φyaw||2 30dt
power −||τt · q̇t|| 0.01dt

locomotion distance min(Pbase,t − Pbase,t−1,v
cmd
t · dt) 800dt

feet contact forces −
∑

i max(∥Fi∥ − Fmax, 0) 0.1dt(0.01dt)

feet stumble −Any
(√

F 2
x + F 2

y > 5× |Fz |
)

1dt

action −||adesc||2 0.001dt

explore and adapt to challenging environments. Specifically,
we reduce the penalty for foot contact forces from 0.1dt
to 0.01dt for rough terrain locomotion. Additionally, we
introduce a penalty for actions generated by the descending
modulation policy to minimize unnecessary impacts on basic
gait patterns, and another penalty term that penalizes foot
contacts with vertical surfaces. The second phase focuses
on various uneven terrains, including steps (up to 18 cm in
height for each step), high platforms (up to 50 cm high),
randomly varying terrains (with heights within a range of [-
10cm, 10cm]), and gaps (up to 50 cm in width), as illustrated
in Fig. 4. Velocity commands vcmd

x are randomly sampled
from 0.5 m/s to 2 m/s. Both policies operate at a control
frequency of 100 Hz, while the torques, derived from desired
joint positions, are updated at a frequency of 1 kHz.

We simulate the Unitree quadruped robot A1 in Isaac
Gym, which utilizes PhysX as the physics engine, on a
single NVIDIA RTX 4090 GPU [36]. We employ Proximal
Policy Optimization (PPO) to train both policies [37] using
the same hyperparameters as in our previous work [19].
The spinal policy and the descending modulation policy are
implemented with a 3-layer Multi-Layer Perceptron (MLP)
with hidden layers of dimensions [512, 256, 128].

IV. EXPERIMENTS AND DISCUSSION

In this section, we present simulation results of deploying
our learned policies on a quadruped robot to traverse various
terrains. These experiments explore the interaction between
the spinal cord policy and the descending modulation policy
across different terrains, while also verifying certain biolog-
ical assumptions. Furthermore, we examine the impact of
sensorimotor delay on these two policies during locomotion.
A supplementary video offers clear visualizations of the
discussed experiments.

A. Flat Terrain Locomotion

We first investigate the roles of the spinal and descending
modulation policies in regulating locomotion across flat
terrain. Initially, the robot is commanded to walk forward at
speeds ranging from 0.5 m/s to 2 m/s on flat terrain. While
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Fig. 3. Flat Terrain Locomotion Experiment: Initially, the robot’s movement
on flat terrain is governed by both the spinal policy and the descending
modulation policy. The descending modulation policy is deactivated at t=5s
and reactivated at t=10s. The top figure illustrates the robot’s tracking ve-
locity across varying commanded velocities. Meanwhile, the middle section
compares the output positions from the spinal policy and the descending
modulation policy to the robot’s actual executed position (front right leg) in
the Z dimension, with a commanded speed of 1.0 m/s. The bottom section
presents this comparison in the X dimension. This indicates that the robot’s
movement on flat terrain is primarily controlled by the spinal policy.

the spinal policy remains activated, the descending modu-
lation policy is deactivated at t = 5s and then re-activated
at t = 10s. We observe that neither the robot’s velocity
nor its behavior are significantly altered, as demonstrated
in Fig. 3, indicating that for basic locomotion (movement
on flat terrain), the behavior is primarily governed by the
spinal cord neural network. The top figure shows that,
with only the spinal policy active, the robot can still track
the commanded velocity through quick self-adjustment. The
bottom plots show the outputs for the front right leg from the
spinal policy and descending modulation policy, alongside
the executed position of the front right leg. We observe
that the executed trajectory (indicated by the green dotted
line) largely overlaps with the output of the spinal neural
network (represented by the orange line). This indicates that
the descending modulation policy exerts minimal influence
on locomotion across flat terrain, supporting the biological
perspective that basic locomotion patterns are governed by
the spinal cord [38].

B. Rough Terrain Locomotion

We further test the framework across four different types
of rough terrains: uneven surfaces (randomly generated ele-
vations ranging in [-0.08, 0.08] meters), stairs (with a step
width of 31 cm and step height of 18 cm), high obstacles
(up to 30 cm), and gaps (with lengths up to 25 cm),
which are similar but randomized compared with the training
environment, as illustrated in Fig. 4(a). In comparison, the
dimensions of the Unitree A1, when in the nominal standing
configuration, are 50 cm x 30 cm x 40 cm [39]. Starting from
different initial positions on flat terrain with commanded
speeds ranging from 0.5 m/s to 2 m/s, the robot successfully

traverses all of these terrains without a single fall in 10
trials. To examine the contributions of the spinal policy
and descending modulation policy to locomotion on rough
terrain, we plot the outputs of both neural networks alongside
the executed positions of the front right leg and rear left
leg in Fig. 4(f). This analysis reveals that, on rough terrain,
the spinal policy (indicated by the orange line) continues
to generate rhythmic outputs that represent the basic gait
patterns, while the descending modulation policy (indicated
by the blue line) significantly modulates the movements
produced by the spinal policy. Our observations indicate that,
during rough terrain locomotion, the step height and footfall
are primarily managed by the descending modulation policy,
as evidenced by the outputs in the z and x dimensions,
respectively.

To facilitate ascending up stairs, the movements of the
front legs are modulated by the descending modulation
policy to draw them nearer to the body, thus lowering the
forebody (see the plot of the front right leg in the z dimension
around t = 5s). Similarly, to descend down stairs, the
movements of the rear legs are modulated by the descending
modulation policy to bring them closer to the body (see the
plot of the rear left leg in the z dimension around t = 12s).
Interestingly, a dynamic jumping behavior is observed when
crossing a high obstacle of the same height as the robot, with
the descending modulation policy modulating the movement
by sending an impulse signal to the rear legs (see the plot of
the rear left leg in the z dimension around t = 17s). For gap
crossing, the descending modulation policy contributes not
only to the foot trajectory in the z dimension to lower the
body height for stable crossing, but also to the foot trajectory
in the x dimension to control the foothold placement to avoid
stepping into the gaps (see the plots of both legs in the z and
x dimensions around t = 23s). These experimental results
corroborate the biological view that the basic locomotor
rhythm is centrally generated by spinal circuits, and that
descending pathways are crucial for ensuring appropriate
modifications of gait to accommodate uneven terrain [40].

C. Sensorimotor Delay

Whether an animal is engaging in dynamic gait locomo-
tion in complex environments or moving on flat terrain,
the effectiveness of its sensory feedback is constrained by
sensorimotor delays, which are non-negligible in animals [5].
To investigate the influence of sensorimotor delay on the
spinal policy and descending modulation policy, we assess
the robot’s performance across six types of terrain: flat,
uneven, upstairs, downstairs, high obstacles, and gaps. We
assess the robot’s performance across terrains similar to those
in the previous experiment, but introduce varying amounts of
sensorimotor delays. Sensory delays vary in duration, with
delay times ranging from 10 ms to 330 ms across different
experiments. The robot’s commanded speed is consistently
set at 0.9 m/s. It is important to note that both policies
are trained without sensorimotor delay and are activated
throughout all experiments. Each experiment consists of 5
trials, with the robot starting from different initial positions
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Fig. 4. Rough Terrain Locomotion Experiment: The robot is commanded to move at a speed of 0.9 m/s to travel through the environment. The duration
for traversing each terrain type is indicated by different colors in the plot: yellow for upstairs, red for downstairs, blue for high obstacles, and purple for
gaps. The plot illustrates the output positions from the spinal policy (orange line) and descending modulation policy (blue line), compared to the robot’s
actual executed position (green dotted line) in both the Z and X dimensions for the front right leg (FR) and the rear left leg (RL). We observe that flat
terrain locomotion is mainly governed by the spinal policy, whereas traversal of rough terrains relies mainly on the descending modulation policy.

on each terrain. Successfully traversing the entire specified
terrain is considered a success, and we record the success
rate for each experiment. Sensory information is categorized
into three groups: IMU (vestibular sensory information),
joint states (proprioceptive sensory information), and visual
sensory information (terrain height map, analogous to visual
sensory information in animals). Additionally, we test the
impact of delays across all sensory groups. The success rate
for each experiment is depicted as a heat map in Fig. 5.

Firstly, we find that the descending modulation policy is
particularly sensitive to IMU sensory delays, especially on
complex terrains such as stairs, high obstacles, and gaps.
With a delay time of 30 ms, the robot falls while traversing
these terrains. In contrast, the spinal policy exhibits relative
robustness to IMU sensory delays. The robot still has the
capability to successfully travel through all the terrains with
IMU sensory delays up to 330 ms, which is equal to one gait
cycle time. Furthermore, IMU sensory delays in the spinal
policy have less effect on traversing simple terrains like flat
and uneven terrains.

Secondly, we observe that delays in sensing joint states
adversely affects the robot, particularly when navigating
stairs, over high obstacles, and across gaps. Such terrains
require precise movements in order to successfully traverse
them. Interestingly, we observe that the performance with a
delay time equal to one gait cycle (330 ms) is better than
that with half a gait cycle (170 ms) for joint state sensory
delays. We believe that the one gait cycle delay time makes
the delayed joint state sensory feedback mostly coincide with

the current joint states because of the rhythmic movement.
Moreover, the spinal policy is more sensitive to delays in
joint states than to IMU sensory feedback. Since the spinal
policy lacks access to visual information, visual sensory
delays are applied exclusively to the descending modulation
policy. Surprisingly, visual sensory delays have a more minor
impact on crossing stairs, especially when descending, which
can still be managed with a specific rhythmic locomotion
pattern. However, terrains requiring discrete motions, such as
jumping over high obstacles and precise foothold placement
for gaps, are significantly affected by visual sensory delays.
For all types of sensory delays, we find that the descending
modulation policy is more adversely affected than the spinal
policy. With all sensory feedback delayed, the descending
modulation policy can even impact the gait on flat terrain.

Overall, we conclude that, as could be expected, for
flat terrain locomotion, the spinal policy relies less on
sensory feedback to generate rhythmic movements, as its
performance on flat terrain is nearly unaffected by sensory
delays. In contrast, the descending modulation policy is
more sensitive to sensorimotor delays, indicating a greater
reliance on sensory feedback to modulate gait patterns.
This is particularly true for terrains requiring discrete and
precise movements, such as climbing stairs, navigating over
high obstacles, and traversing gaps. Our experimental results
align with the biological perspective that sensory feedback
is integrated at multiple levels [6], and the relative contri-
butions of feedforward (as provided by the CPG, and to
some extent by the descending policy) and feedback (as
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Fig. 5. Success rates for sensorimotor delay experiments: The robot is commanded to travel at 0.9 m/s across six types of terrain—flat, uneven, upstairs,
downstairs, high obstacles, and gaps. Each terrain tests the impact of varying sensory delays on two control policies: the spinal policy and the descending
modulation policy. Each experiment involves five trials, activating both policies simultaneously, with the robot initiating each trial from distinct starting
positions (for example, a success rate of 0.6 indicates three successes and two failures). It’s important to note that both policies tested were trained without
sensorimotor delays. Additionally, the figure displays the delay time and its corresponding percentage of a single gait cycle.

provided by the spinal and descending policies) control can
vary depending on the terrain and the risks of falling [14].
Specifically, the spinal cord can produce rhythmic output
even when movement-related afferent input is eliminated
[11], and sensory signals contribute to shaping locomotor
output and adapting it to environmental demands through
descending pathways [41].

V. CONCLUSION

In this work, we propose a hierarchical, bio-inspired
control framework for legged robot locomotion that mimics
the central nervous system of animals. This framework
integrates a spinal neural network tasked with adapting the
key parameters of a conventional CPG model, emulating the
spinal cord’s role in generating basic rhythmic locomotion
patterns. Additionally, our framework includes a descend-
ing modulation policy that learns to directly modulate this
rhythmic movement, representing the descending pathway
between the brain and spinal cord. We verified the trained
framework’s performance across various rough terrains and
examined the contributions of the two policies to locomotion
on these terrains. Additionally, we investigated the effects
of sensorimotor delay on both policies. Our experimental
results indicate that the spinal policy is less sensitive to
sensory feedback when generating rhythmic movements for
locomotion on flat terrain, whereas the descending modula-
tion policy relies more on sensory feedback, especially for
terrains requiring discrete and precise movements, such as

climbing stairs, navigating over high obstacles, and travers-
ing gaps. Our control architecture proves quite robust against
sensorimotor delays, even without being trained with any
delays. We speculate that training with delays (fixed or
random) could potentially enhance this robustness, a hypoth-
esis warranting future investigation. Furthermore, mechanical
properties can also aid in handling sensorimotor delays,
as demonstrated in [42]. Overall, the proposed framework
not only demonstrates effectiveness on a robotic platform,
but also validates several biological assumptions concerning
animal locomotion systems.

Future work will focus on investigating the inner signal
passing between the spinal policy and the descending mod-
ulation policy by concurrently training both policies online,
thereby aiming to replicate the intricate connections between
the spinal cord and supraspinal structures. Specifically, we
will delve into how descending modulation can infer changes
and adjust the central pattern generator (CPG), such as its
frequency, amplitude, or even gait, and modulate reflexes
by altering feedback gains, reflecting mechanisms observed
in animals. We will also further investigate the role of
delays, particularly how the policies perform when trained
with these delays. We expect that training with delays will
result in policies that are even more robust against them.
This approach could also enable the policies to develop
internal models, similar to those in mammals, that allow for
better compensation of delays [14]. Additionally, we plan
to apply our control framework to a hardware platform to
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comprehensively assess its reliability and performance.
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