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Abstract— Quadruped animal locomotion emerges from
the interactions between the spinal central pattern generator
(CPG), sensory feedback, and supraspinal drive signals from
the brain. Computational models of CPGs have been widely
used for investigating the spinal cord contribution to animal
locomotion control in computational neuroscience and in
bio-inspired robotics. However, the contribution of supraspinal
drive to anticipatory behavior, i.e. motor behavior that involves
planning ahead of time (e.g. of footstep placements), is not
yet properly understood. In particular, it is not clear whether
the brain modulates CPG activity and/or directly modulates
muscle activity (hence bypassing the CPG) for accurate foot
placements. In this paper, we investigate the interaction of
supraspinal drive and a CPG in an anticipatory locomotion
scenario that involves stepping over gaps. By employing deep
reinforcement learning (DRL), we train a neural network
policy that replicates the supraspinal drive behavior. This
policy can either modulate the CPG dynamics, or directly
change actuation signals to bypass the CPG dynamics. Our
results indicate that the direct supraspinal contribution to the
actuation signal is a key component for a high gap crossing
success rate. However, the CPG dynamics in the spinal cord
are beneficial for gait smoothness and energy efficiency.
Moreover, our investigation shows that sensing the front feet
distances to the gap is the most important and sufficient
sensory information for learning gap crossing. Our results
support the biological hypothesis that cats and horses mainly
control the front legs for obstacle avoidance, and that hind
limbs follow an internal memory based on the front limbs’
information. Our method enables the quadruped robot to cross
gaps of up to 20 cm (50% of body-length) without any explicit
dynamics modeling or Model Predictive Control (MPC).

I. INTRODUCTION AND RELATED WORK

Quadruped animals can perform highly agile motions
including running, jumping over hurdles, and leaping over
gaps. Performing such anticipatory motor behaviors at high
speeds requires complex interactions between the supraspinal
drive, spinal cord dynamics, and sensory feedback [1].
Through recent advances in machine learning and optimal
control, animals’ legged robot counterparts are becoming
increasingly capable of traversing complex terrains [2].
Robots can also be used as scientific tools to investigate
biological hypotheses of animal adaptive behavior [3], and
conversely we can take inspiration from the underlying
mechanisms of animal locomotion to develop robotic
systems that approach the agility of animals [4], [5]. In this
paper, by leveraging recent robotics tools, we investigate the
interaction between the supraspinal drive, the central pattern
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Fig. 1: A: Crossing a 15 cm gap with Unitree Go1. B: We represent the
motor control system as a Puppeteer and Marionette, where the supraspinal
higher control centers work as a Puppeteer to manipulate the movement
of the body (Marionette) with limited strings. The supraspinal drive
controls movement by either modulating the frequency and amplitude of
the CPG oscillators, or directly sending actuation signals to bypass the
CPG dynamics. C: Testing policy robustness by crossing variable gaps
between 14 and 20 cm with an unknown 5 kg load. Videos: https:
//miladshafiee.github.io/puppeteer-and-marionette/

generator (CPG), and sensory information to generate
anticipatory locomotion control for a gap crossing task.
We propose a hierarchical biologically-inspired framework,
where higher control centers in the brain (represented by
an artificial neural network) send supraspinal drive signals
to either modulate the CPG dynamics, or directly output
actuation signals which bypass the CPG dynamics.

A. Central Pattern Generators

It is widely accepted that the mammalian spinal cord con-
tains a central pattern generator (CPG) that can produce basic
locomotor rhythm in the absence of input from supraspinal
drive and peripheral sensory feedback [6]. In robotics,
abstract models of CPGs are commonly used for locomotion
pattern generation [4], [7]–[9], as well as to investigate
biological hypotheses [10], [11]. Besides the intrinsic
oscillatory behavior of CPGs, several other properties such
as robustness and implementation simplicity make CPGs
desirable for locomotion control [12]. For legged robots, the
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CPG is usually designed for feedforward rhythm generation,
and dynamic balancing is achieved with optimization [4] or
hand-tuned feedback [7], [13]. CPGs also provide an intuitive
formulation for specifying different gaits [14], and spon-
taneous gait transitions can arise by increasing descending
drive signals and incorporating contact force feedback [15],
[16] or vestibular feedback [17]. In addition to proprioceptive
feedback, incorporating exteroceptive feedback information
allows for CPG-based locomotion over uneven terrains [18],
[19] and navigation in complex environments [20], [21].

Most of these studies consider the CPG to be isolated
from higher control centers located in the brain. However,
the interaction between supraspinal drive and the Central
Pattern Generator during learning and planning leads to
fascinating anticipatory locomotion in animals (i.e. motor
behavior that involves planning ahead of time). In this
article, we investigate the roles of supraspinal drive and the
CPG in learning such anticipatory behaviors.

B. Learning Legged Locomotion

Deep Reinforcement Learning (DRL) has emerged as a
powerful approach for training robust legged locomotion
control policies in simulation, and deploying these sim-to-
real on hardware [2], [22]–[31]. To facilitate this sim-to-real
transfer, a variety of techniques can be employed such
as online parameter adaptation [26], [27], learned state
estimation modules [28], teacher-student training [2], [24],
[27], and careful Markov Decision Process choices [30]–
[33]. Most of these works view the trained artificial neural
network (ANN) as a “brain” which has full access to
complete whole-body proprioceptive sensing, which it
queries at a high rate to update motor commands. Therefore,
different gaits emerge through the combination of reward
function tuning (i.e. minimizing energy consumption [34]),
incorporating phase biases [35], [36], or imitating animal
reference data to replicate bio-inspired movements [26],
[37]. However, here and in CPG-RL [31], we represent the
ANN as a higher level control center which sends descending
drive signals to modulate the central pattern generator in
the spinal cord, and map this rhythm generation network
to a pattern formation layer. Moreover, here we study the
interplay between the ANN modulating the CPG directly, or
bypassing the CPG to directly control lower level circuits.

Beyond “blind” terrain locomotion, recent works
incorporate exteroceptive sensing in the learning loop, for
example for obstacle avoidance [38] or walking over rough
terrain by employing height maps [2], [39]. Gap crossing
has been demonstrated by employing MPC and dynamic
models for motion planning during learning [40]–[43]. For
difficult simulation tasks, curriculum learning is helpful
for surmounting increasingly challenging terrain [44], and
jumping over large hurdles has been demonstrated by
employing a mentor during the learning process [45].

C. Contribution

Despite advances in understanding motor control of
mammalian locomotion [1], little is known about the

emergence of anticipatory locomotion skills through the
interaction of supraspinal drive and CPGs. In this work, we
investigate two broad neuroscience research questions:

• What are the plausible contributions of supraspinal
drive and CPG circuits in the spinal cord for producing
anticipatory locomotion skills?

• What are the necessary sensory feedback features for
learning anticipatory locomotion skills?

Although these research questions are broad, we view this
work as a starting point for leveraging robotics techniques
and biological inspiration to investigate the interaction
of supraspinal drive (from the brain) with the CPG. We
employ CPG models and a neural network (NN) policy
trained with deep reinforcement learning to investigate this
interaction for a gap-crossing task. For the first question, our
results indicate that the direct supraspinal contribution to
the actuation signal is a key component for a high success
rate. However, the CPG dynamics in the spinal cord are
beneficial for gait smoothness and energy efficiency.

Regarding the second question, our investigation shows
that the front foot distance to the gap is the most important
visually-extracted sensory information to successfully cross
variable gaps. Our results show that front limb information is
sufficient for learning gap-crossing, and that DRL can learn
to create and encode an internal kinematic model by combin-
ing proprioceptive information with the internal CPG states
to modulate the hind leg motion for gap crossing. This sup-
ports the biological hypothesis that cats and horses control
their front legs for obstacle avoidance, and that hind legs fol-
low an internal memory based on front foot information [46],
[47]. Furthermore, in contrast to previous robotics works, to
the best of our knowledge, this is the first learning-based
framework with gap-crossing abilities which does not have a
dynamical model, MPC, curriculum, or mentor in the loop.
This illustrates the versatility of the proposed framework,
which requires minimum expert knowledge (i.e. no model
of the system dynamics or more traditional optimal control).

The rest of this paper is organized as follows. Section II
describes the CPG topology. Section III details the DRL
framework and design of the Markov Decision Process.
Section IV presents results and analysis regarding the two
mentioned research questions, and a brief conclusion is
given in Section V.

II. CENTRAL PATTERN GENERATORS

The locomotor system of vertebrates is organized such
that the spinal CPGs are responsible for producing basic
rhythmic patterns, while higher-level centers (i.e. the motor
cortex, cerebellum, and basal ganglia) are responsible for
modulating the resulting patterns according to environmental
conditions [1]. Rybak et al. [48] propose that biological
CPGs have a two-level functional organization, with
a half-center rhythm generator (RG) that determines
movement frequency, and pattern formation (PF) circuits
that determine the exact shapes of muscle activation signals.
Similar organizations have also been used in robotics, for
example in our previous work [31], and in [49].
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A. Rhythm Generator (RG) Layer

We employ amplitude-controlled phase oscillators to
model the RG layer of the CPG circuits in the spinal cord.
Such oscillators have been successfully used for locomotion
control of legged robots [4], [10], [31] with the following
dynamics:

r̈i=α

(
α

4
(µi−ri)−ṙi

)
(1)

θ̇i=ωi+
∑
j

rjwijsin(θj−θi−ϕij) (2)

where ri is the amplitude of the oscillator, θi is the phase of
the oscillator, µi and ωi are the intrinsic amplitude and fre-
quency, α is a positive constant representing the convergence
factor. Couplings between oscillators are defined by the
weights wij and phase biases ϕij . In this paper, we use the
oscillators without neural coupling (wij =0), and gaits (i.e.
phase relationships between limbs) are thus determined by
the supraspinal control policy. As in [31], we will investigate
the modulation of the intrinsic amplitude and frequency (µi

and ωi) for each limb as control signals for the CPG.

B. Pattern Formation (PF) Layer

To map from the RG layer to joint commands, we first
compute corresponding desired foot positions, and then cal-
culate the desired joint positions with inverse kinematics. The
desired foot position coordinates are formed as follows:

xi,foot= xoff,i−Lstep(ri)cos(θi) (3)

zi,foot=

{
zoff,i−h+Lclrncsin(θi) if sin(θi)>0

zoff,i−h+Lpntrsin(θi) otherwise
(4)

where Lstep is the step length, h is the nominal leg length,
Lclrnc is the max ground clearance during swing, Lpntr

is the max ground penetration during stance, and xoff and
zoff are set-points that change the equilibrium point of
oscillation in the x and z directions. Modulating the foot
horizontal offset xoff and vertical offset zoff represents
direct supraspinal control of the general position of the limb,
bypassing the rhythm generation layer. A description and
visualization of the foot trajectory is illustrated in Figure 2.

III. HIERARCHICAL BIO-INSPIRED
LEARNING OF ANTICIPATORY GAP CROSSING TASKS

In this section we describe our hierarchical bio-inspired
learning framework for learning anticipatory gap crossing
abilities for quadruped robots. We represent the supraspinal
controller as an artificial neural network which is trained
with DRL to modulate both the feet positions (CPG offsets)
and/or the intrinsic frequencies and amplitudes of oscillation
for each limb to produce anticipatory behavior. The problem
is represented as a Markov Decision Process (MDP), and
we describe each of its components below.

A. Action Space

We consider one RG layer for each limb based on
Equations (1) and (2), where the RG output will be used in
a PF layer to generate the spatio-temporal foot trajectories

O O

Z

X

Z

X

Fig. 2: Visualization of the task space foot trajectories generated by the
PF layer. The oscillatory trajectory is built around a central point O. The
offsets xoff and zoff are used to change the central point of oscillation.
xoff is a horizontal offset between the oscillation set-point and the center
of the hip coordinate, and controlled directly by the supraspinal drive,
bypassing the CPG dynamics. zoff + h is the vertical distance between
the oscillation set-point, O, and the center of the hip coordinate. Lstepr

is the step length multiplied by the oscillator amplitude, h is the nominal
leg length, Lclrnc is the max ground clearance during leg swing phase,
and Lpntr is the max ground penetration during stance.

in Cartesian space (Equations (3) and (4)). We do not
consider any explicit neural coupling (i.e. wij=0), with the
intuition that inter-limb coordination will be managed by
the supraspinal drive.

As in [31], our action space modulates the intrinsic
amplitudes and frequencies of the CPG, by continuously
updating µi and ωi for each leg. However, unlike [31],
we also consider modulating the oscillation set-points
by directly learning foot Cartesian offsets xoffi , zoffi
for each leg. Thus, our action space can be summarized
as a = [µ,ω,xoff ,zoff ] ∈ R16. We divide the descending
drive modulation into two categories: oscillatory components
of the CPG dynamics aosc = [µ, ω] ∈ R8, and offset
components aoff = [xoff ,zoff ]∈R8, shown in Equations
(1)-(4). This separation allows us to investigate how gap
crossing can best be accomplished, i.e. by modulating CPG
activity (by changing µi and ωi) and/or by directly updating
the limb posture (by changing xoffi or zoffi ). Based on this
investigation, we use a = [µ,ω,xoff ] ∈ R12 for analyzing
the roles of sensory feedback features in Section IV-B.
The agent selects these parameters at 100 Hz, which will
therefore vary during each step according to sensory inputs.
We use the following limits for each input during training:
µ∈ [0.5,4], ω∈ [0,5] Hz, xoffi ∈ [−7,7]cm, zoffi ∈ [−7,7]cm.

B. Observation Space

We consider two different observation space types based
on (1) only proprioceptive sensing (enough for locomotion
on flat terrain) and (2) also including exteroceptive
anticipatory features. Various exteroceptive anticipatory
features will be investigated to understand the roles and
importance of different sensory quantities.
Flat terrain observation: We consider body orientation,
body linear and angular velocity, joint positions and
velocities, foot contact booleans, the previous action chosen
by the policy network, and CPG states {r, ṙ,θ, θ̇} as the
flat terrain (proprioceptive sensing) observation space.
Exteroceptive Feedback Features: We assume that the
visual system and brain can extract important geometrical
information such as foot distance to a gap, and we call
such information exteroceptive feedback features. We are
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Fig. 3: Quantitative results from testing 16 policies trained with different combinations of exteroceptive feedback features consisting of feet distance to
the gap, base distance to the gap, feet vertical distance with the ground, and contact/penetration with the gap. All policies also include the flat terrain
(proprioceptive sensing) observation, and the action space consists of both oscillatory and offset terms. We report the average results of testing the polices
for 4000 samples each (100 attempts of crossing 7 gaps with randomized lengths between [14,20] cm). We characterize the viability performance of the
system by the success rate, which is the proportion of the gaps in front of the robot that it could successfully cross. Energy efficiency is characterized
by the Cost of Transport (CoT), mean velocity is characterized by the Froude number, and gait smoothness is evaluated by the mean angular velocity.

interested in investigating which exteroceptive feedback
features are most useful for the emergence of anticipatory
locomotion skills. To reverse engineer this process, we divide
the exteroceptive feedback features into two categories:
predictive and instantaneous feedback features. Predictive
features consist of foot distance and/or base distance to
the beginning and end of a gap. Instantaneous feedback
features consist of boolean indicators of stepping into a gap
(foot contact/penetration into the gap), as well as vertical
distance of the foot with the ground (larger values over a
gap). These features are instantaneous feedback, so they
cannot be used to predict information about upcoming gaps.

C. Reward Function

Our reward function promotes forward progress, gap
crossing ability, maintaining base stability, and energy
efficiency with the following terms:

r=α1 ·min(fx,dmax)+(Sgap+ngap)+α3 ·|ybase|
+α4 ·||obase−ozero||+α5 ·|τ ·(q̇t−q̇t−1)|

• Forward progress: In the first term, fx corresponds to
forward progress in the world (along the x-direction).
We limit this term to avoid exploiting simulator
dynamics and achieving unrealistic speeds, where dmax

is the maximum distance the robot will be rewarded
for moving forward during each control cycle (α1=2).

• Gap reward: The agent receives a sparse reward
(Sgap = 3) if it crosses a gap, and a negative reward
of ngap=−0.03 for each control cycle during which a
foot penetrates below ground level into a gap.

• Base y direction penalty: The third term penalizes
lateral deviation of the body (α3=−0.05).

• Base orientation penalty: The fourth term penalizes
non-zero body orientation (α4=−0.02).

• Power: The fifth term penalizes power in order to find
energy efficient gaits, where τ and q̇ are joint torques
and velocities (α5=−0.00008).

TABLE I: PPO Hyperparameters and neural network architecture.
Parameter Value Parameter Value
Batch size 4096 SGD Iterations 10

SGD Mini-bach size 128 Discount factor 0.99
Desired KL-divergence kl∗ 0.01 Learning rate α 0.0001

GAE discount factor 0.95 Hidden Layers 2
Clipping Threshold 0.2 Nodes [256,256]
Entropy coefficient 0.01 Activation tanh

D. Training details

We use PyBullet [50] as our physics engine for training
and simulation purposes, and the Unitree A1 and Go1
quadruped robots [51]. To train the policies, we use
Proximal Policy Optimization (PPO) [52], and Table I lists
the PPO hyperparameters and neural network architecture.
The control frequency of the policy is 100 Hz, and the
torques computed from the desired joint positions are
updated at 1 kHz. The equations for each of the oscillators
(Equations 1 and 2) are thus also integrated at 1 kHz. The
joint PD controller gains are Kp = 100 and Kd = 2. All
policies are trained for 3.5×107 samples.

IV. RESULTS

In this section, we present results of our proposed frame-
work for quadruped gap crossing scenarios. In Section IV-
A, we investigate the role of the supraspinal drive and CPG
based on three criteria: success rate, energy efficiency, and
gait smoothness. Furthermore, we investigate the effects of
including varying exteroceptive sensory features on these cri-
teria in Section IV-B. Section IV-C presents results for a more
challenging task of crossing successive narrowly-spaced
gaps, and Section IV-D discusses sim-to-real hardware re-
sults. The reader is encouraged to watch the supplementary
video for clear visualizations of all discussed experiments.

A. Contribution of CPG and Supraspinal Drive to Actuation

In this section we train locomotion policies for the
following scenarios and action spaces:

1. Flat terrain. CPG only in xz directions.
2. Gap terrain. CPG only in xz directions.
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3. Gap terrain. CPG in z direction and offset in x direction.
4. Gap terrain. CPG in xz and offset in x direction.
5. Gap terrain. Offsets only in xz directions.
6. Gap terrain. CPG and offsets both in xz directions.

The CPG in these cases means the agent (supraspinal drive)
modulates the frequency and amplitude of Equations (1)
and (2). The offset terms are considered as a part of the
actuation signal applied directly by the supraspinal drive,
bypassing the spinal cord dynamics. Cases 5 and 6 are the
only cases in which we modulate the offset in the z direction.

We train policies for each case for 3.5×107 samples for
episodes of 10 s on terrains with 7 consecutive gaps (except
for Case 1, which is trained on flat terrain only) with all ex-
teroceptive feedback features in the observation space. Each
gap length is randomized in [14,20] cm during both training
and test time, with 1.4m distances between gaps. An episode
terminates early because of a fall, i.e. if the body height drops
below 15 cm. We define the success rate as the number of
gaps successfully crossed out of the total number of gaps. In
order to test the six policies, we perform 30 policy rollouts
on a test environment of locomoting over 7 randomized
gaps. Table II summarizes the results from investigating how
supraspinal drive can modulate locomotion in these six cases.

1) Gap Crossing Success Rate: Case 5 has the highest
success rate of 99%, indicating the benefit of direct
supraspinal actuation in anticipatory scenarios. Case 4, with
both oscillatory and offset terms in the x direction, has the
second highest success rate of 97%. The third highest success
rate is for Case 6 with both oscillatory and offset terms in
both x and z directions. The fourth highest success rate is
Case 3 (with only the offset component in the x direction),
and Case 2 (with only the CPG components) has the fifth
best success rate of 17%. These results show that direct
supraspinal actuation of the foot offset/position is critical
for successful gap-crossing, though the CPG can contribute
to a high success rate in the absence of z offset modulation.

2) Gait Smoothness: To compare the gait smoothness be-
tween policies, we analyze the robot body oscillations during
locomotion, and in particular the average angular velocity of
the robot body ω̄Body=(

∑N
t=1

∣∣ωx,t

∣∣+∣∣ωy,t

∣∣+∣∣ωz,t

∣∣)/(3N).
Body orientation deviations are penalized in the reward

function, as high (absolute) angular velocities tend to
correspond to shaky gait patterns. As shown in Table II,
the first case has the smoothest gait. This is expected since
it corresponds to steady-state locomotion behavior on flat
terrain. A comparison of the third and fourth cases indicates
a 45% reduction in body oscillation when the agent can also
modulate CPG amplitudes. The gait smoothness of case 5
is drastically reduced by removing the CPG dynamics. This
result shows the importance of spinal cord dynamics (limit-
cycle oscillatory dynamics) for obtaining smooth locomotion.

3) Cost of Transport (CoT) and Froude number: We
investigate gait efficiency by comparing the CoT, and mean
velocity with the Froude number [4]. We observe that the
fourth case (with both oscillatory and offset components),
has the best combined CoT, Froude number, and gait
smoothness (low ω̄Body). This demonstrates the benefit

TABLE II: Testing policies trained with different combinations of
oscillatory and offset terms in the action space. ω̄Body is the average body
angular velocity. Case 1 is for walking on flat terrain without gaps. We
only show mean values since the standard deviations are small (i.e. less
than 10% of the means).

Case xosc xoff zosc zoff Success[%] CoT Froude ω̄Body

1 ✓ × ✓ × × 0.92 0.34 0.36
2 ✓ × ✓ × 17 1.45 0.29 0.73
3 × ✓ ✓ × 60 0.84 0.29 0.77
4 ✓ ✓ ✓ × 97 0.94 0.55 0.42
5 × ✓ × ✓ 99 1.24 0.56 0.96
6 ✓ ✓ ✓ ✓ 93 1.35 0.88 0.85

of having both supraspinal drive and CPG dynamics for
coordinating locomotion. Case 3, which has the CPG
oscillatory component in z and offset in x, has the lowest
CoT, and we observe significant added energy expenditure
by removing the CPG dynamics (Case 5). Case 6 shows that
having both oscillatory and offset terms leads to the highest
Froude number, but also a high CoT and ω̄Body, suggesting
that overparameterizing the action space can make it difficult
for the agent to converge to an optimal policy.

B. Roles of Feedback Features for Anticipatory Locomotion

In this section we investigate which exteroceptive sensory
feedback information is necessary and sufficient for learning
and planning anticipatory tasks. As shown in Figure 3,
we consider 16 different combinations of predictive and
instantaneous feedback features as described in Section III-
B. We train 16 different policies with the Case 4 action space
from Section IV-A (i.e. with CPG and x offset modulation).

For evaluation, we rollout each policy 100 times and
present mean results across all tests. Fig. 3-A shows the gap
crossing success rate (by bar height) and CoT (by color). Our
results show that policy 1, which has the front feet distances
to the gap in the observation space, has both one of the best
success rates as well as one of the lowest CoTs. These results
show that front leg information is sufficient for learning the
gap-crossing task. As the agent is explicitly blind about hind
leg positions, this forces it to learn an internal kinematic
model by combining exteroceptive front feet positions to
the gap, internal CPG states, and proprioceptive sensing to
modulate the hind leg motions for gap crossing. This result
supports the biological hypothesis that cats and horses con-
trol the front legs for obstacle avoidance, and that hind legs
follow based on an internal kinematic memory [46], [47].

Notably, as could be expected, the 8 policies with the
highest success rates contain the feet and/or base distances
to the gap in the observation space, which indicates the
importance of predictive feedback features in the observation
space. Interestingly, policy 7, which observes all discussed
exteroceptive sensing in the observation space, has a slightly
lower success rate with respect to the first 6 policies with
subsets of the full sensing. This suggests that including
supererogatory information in the observation space may
not necessarily improve the quality of the learned policy,
and may even prevent the convergence of the RL algorithm
in finding the optimal policy.

Figure 3-B shows the CoT as the bar height, with the
color indicating the Froude number. The lowest CoT and
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Fig. 4: Crossing 8 gaps with randomized lengths between [14,20] cm, with only 30 cm contact surfaces. Top: simulation snapshots. Middle: body velocity
and foot positions in the XZ plane. Bottom: CPG frequency, amplitude, and offset for the front left limb. The shadow bars indicate when the foot is over a gap.

highest Froude number are for the first three policies, which
include the front feet positions in the observation space. The
first 10 policies show that having predictive information in
the observation space helps to learn an energy-efficient gait
for the gap-crossing task.

Figure 3-C shows the average body angular velocity to
investigate gait smoothness. We observe that having feet dis-
tances to the gap in the observation space leads to lower av-
erage body angular velocities, and as a result smoother gaits.

C. Training for a More Challenging Gap-Crossing Scenario

In this section, we train the robot to cross 8 gaps with the
front feet distances to the gap in the observation space (the
same as policy 1 from Section IV-B), with 30 cm platforms
between each gap. The gaps have randomized lengths
between [14,20] cm, and the first gap position is randomized
between [1.25,2.25]m. As shown in Figure 4, the supraspinal
drive increases the velocity of the robot by increasing the
frequency of the CPG. The desired velocity for the robot
is 1 m/s, however, the agent has learned to increase the
velocity of the robot to up to 3 m/s to overcome the gaps.
We observe that the policy increases the limb frequency to
near its maximum limits for all legs as soon as it reaches the
first gap. This indicates that the supraspinal drive modulates
the locomotion speed by increasing the CPG frequencies.
The oscillation amplitude also changes the step position and
reaches maximum values for each foot to cross the gaps.

As seen in bottom right of Figure 4, the offset term is an
important component for inter-limb coordination and can
explicitly modulate the step position. On average it has the
highest and lowest values when the foot starts and stops
crossing a gap. Figure 4 (middle) interestingly shows the
robot places its HL limb approximately where the FL limb
was located in the previous stride.

D. Hardware Experiment

We perform a sim-to-real transfer of policy 1 from
Section IV-B to the Go1 hardware for a two gap scenario
with widths of 15 cm and 7 cm. We simplify the sim-to-real
transfer by using a trained neural network to capture the
actuator dynamics [23], [53], and we assume knowledge of
the relative gap distance to the robot from an equivalent sce-
nario completed in simulation. Figure 1-A shows snapshots
of trotting over the gaps with a mean velocity of 0.7 m/s.

V. CONCLUSION

In this work, we have proposed a framework to investigate
the interactions between supraspinal drive and the CPG to
generate anticipatory quadruped locomotion in gap crossing
scenarios. Our results show that supraspinal drive is critical
for high success rates for gap crossing, but CPG dynamics
are beneficial for energy efficiency and gait smoothness.
Moreover, our results show that the front foot distance to the
gap is the most important and sufficient visually-extracted
sensory information for learning gap crossing scenarios.
This supports the biological hypothesis that cats and horses
control their front legs for obstacle avoidance, and that
hind legs follow an internal memory based on the front
feet information [46], [47]. This shows that DRL is able
to create and encode an internal kinematic model with
proprioceptive sensing to modulate the hind leg motion for
gap crossing. Furthermore, in contrast to previous work, to
the best of our knowledge, this is the first RL framework
with gap-crossing capability without having a dynamical
model, MPC, curriculum, or mentor in the loop.
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