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Four-legged robots are becoming increasingly pivotal in navigating challenging environments, such as 
construction sites and disaster zones. While substantial progress in robotic mobility has been achieved 
using reinforcement learning techniques, quadruped animals exhibit superior agility by employing 
fundamentally different strategies. Bio-inspired controllers have been developed to replicate and 
understand biological locomotion strategies. However, a comprehensive understanding of the 
influence of foot trajectories on gait patterns is still necessary. This study provides a groundbreaking 
perspective on the essential impact of these trajectory shapes on robotic gait patterns and overall 
performance. By employing the Unitree A1 robot model with a bio-inspired neural control system, our 
simulations demonstrate that specific trajectory shapes effectively replicate diverse and natural gait 
patterns, such as trotting, pacing, and galloping, thereby improving adaptability to diverse terrains. 
Specifically, trajectories designed for pacing exhibit superior performance on rough terrain, excelling in 
efficiency and adaptability over other gaits. This study highlights the significance of foot trajectory in 
augmenting robotic locomotion and establishes a new benchmark for developing advanced robots that 
operate effectively in unpredictable environments.
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Quadruped robots are emerging as a new means of mobility for navigating unstructured environments, such 
as construction sites and disaster zones1–3. Recent advancements in their mobility are largely attributed to 
motor control systems based on reinforcement learning techniques4–11. In contrast, quadruped animals exhibit 
remarkable agility through a fundamentally different control strategy, allowing them to walk shortly after 
birth and adapt to unexpected situations in real time12. Replicating such biological strategies contributes to 
the development of agile robots for use in the wild and provides valuable insights into animal motor control 
mechanisms.

Quadruped animals flexibly change their locomotion modes in response to varying conditions, including 
speed13, terrain14, and load15. This versatility in locomotion strategy contributes to their exceptional agility. 
These adaptive behaviors can be generated without cerebral control, as demonstrated by decerebrate animal 
experiments12,16,17. Instead, they rely on distributed control mechanisms within the spinal neural network, 
where central pattern generators  (CPGs)18,19 and local sensory feedback20 play critical roles. Understanding 
the interplay between the CPGs and sensory feedback is essential for developing bio-inspired controllers that 
replicate the adaptability of animal locomotion.

Robotic studies have proposed bio-inspired controllers aimed at understanding and applying the principles of 
animal motor control12. These controllers often employ coupled-oscillator models, where individual oscillators 
represent CPGs and inter-oscillator couplings between them represent neural communication21–27. Additionally, 
integrating these models with sensory feedback mechanisms has successfully generated situation-dependent 
gaits28–34. Notwithstanding significant advances in bio-inspired models that incorporate CPGs for inter-leg 
coordination, current models have not effectively addressed intra-leg coordination, such as the coordination 
between the hip and knee joints, which significantly influences foot trajectory.

This study focuses on intra-leg coordination in quadruped robot locomotion and explores the effects of hip–
knee joint coordination on the adaptability of robotic gait in complex terrains. Therefore, we developed a model 
using the Unitree A1 quadrupedal robot with a load-feedback-based inter-leg coordination model31 of the CPG 
on the MuJoCo simulator35 as a testbed for verification by focusing on two key parameters: the height and width 
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of the foot trajectory. Simulation experiments revealed that adjustments in foot trajectory height, influenced by 
hip–knee coordination, directly alter the resulting gait patterns, such as trot, pace, and gallop, which are crucial 
for effective locomotion on rough terrain. Our findings suggest that foot trajectory is a crucial parameter for 
generating gait patterns in response to environmental conditions. This underscores the significance of precise 
joint coordination for effective gait patterns. It also opens new avenues for applying these insights to practical 
robotic applications and biomechanical studies.

Results
We investigated how intra-leg coordination, especially the hip–knee relationship, affected the emergent gait and 
locomotion performance on flat and rough terrain. We adopted a foot trajectory using simple trigonometric 
equations and derived hip–knee coordination according to inverse kinematics:

	
x̄i =

{
xoff − xfore cos ϕi (π/2 < ϕi ≤ 3π/2)
xoff − xhind cos ϕi (−π/2 < ϕi ≤ π/2), z̄i =

{
zoff + zztop sin ϕi (0 < ϕi ≤ π)
zoff + zzbtm sin ϕi (π < ϕi ≤ 2π), � (1)

where x̄i and z̄i are the relative target positions from the shoulder/hip joint to the foot tip, respectively. These 
target positions draw an elliptical trajectory determined by the oscillator phase ϕi implemented on each leg. 
Index i denotes the leg number (left fore (LF), i = 1; right fore (RF), i = 2; left hind (LH), i = 3; and right hind 
(RH), i = 4). The variables xoff and zoff denote the offset positions; and xfore, xhind, ztop, and zbtm are the 
amplitudes of the target foot trajectory. By adjusting these amplitude parameters, the trajectory was modified in 
a simple and intuitive manner (Fig. 1).

First, we investigated various trajectory height parameter sets of zbtm and ztop on flat terrain because these are 
the main parameters for gait sustainability. Second, we investigated the effect of the trajectory width parameters 
xfore and xhind on three representative gaits. Finally, rough-terrain experiments were conducted, with three 
representative gait trajectories examined using flat-terrain experiments. Table  1 presents the remaining 
parameters. We determined the body size and weight based on those of an actual Unitree A1 robot. The control 
parameters were selected with physically plausible values based on body size and weight, with reference to our 
previous work31. The simulations lasted 100 s, and 100 experiments were conducted for each parameter set with 
randomized initial oscillator phases.

Trajectory height experiment
We investigated the relationship between the locomotion performance and trajectory height parameters, zbtm 
and ztop. These parameters determined the foot position height during the stance and swing phases (Fig. 1). We 

Robot length 0.50 [m] Robot width 0.30 [m]

Robot height 0.37 [m] Robot weight 12.453 [kg]

xoff 0.00 [m] zoff − 2.9 ×10−1 [m]

ω 10.0 [rad/s] σ 0.131 [rad/Ns]

Table 1.  Simulation parameters for trajectory height evaluation.

 

Fig. 1.  Foot trajectory design based on oscillator phase. (A) Overview, (B) the variations in the trajectory 
height, (C) the variations in the trajectory width.
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examined zbtm from -0.03 to 0.03 m and ztop from 0.00 to 0.055 m to investigate various types of trajectories as 
shown in Fig. 1B, except for the parameter sets in ztop + zbtm < 0. This is because the trajectory involved an 
interchange between the upper and lower paths (diagonal stripes area in Fig. 1B). The trajectory width parameters 
xfore and xhind were 0.04  m. To evaluate the performance, we measured the locomotion sustainability, gait 
pattern, speed, and cost of transport (CoT), an energy efficiency metric, as shown in Fig. 2.

First, we investigated the locomotion sustainability, as shown in Fig.  2A. It analyzes the fall rate, which 
represents the proportion of falling accidents within 100 trials for each parameter set. Evidently, parameter 
combinations with higher ztop and zzbtm values result in higher fall rates. Conversely, when zbtm had negative 
values, the robot demonstrated stable locomotion even with a higher ztop. Thus, a correlation exists between 
the trajectory and fall rate, which suggests a lower foot clearance with a higher sustainability. Additionally, we 
excluded parameter combinations with a high fall rate (> 50 %) from further analysis with other metrics and 
marked them with an ‘x’ (Fig. 2B–D).

The observed gait patterns are presented in Fig. 2B. This figure shows the observed phase relationships of 
the oscillators in each leg. The white points marked with bold lines indicate the parameters corresponding to 
the representative gait patterns depicted in Fig. 3A–C. Variations in the foot trajectory height gradually changed 
the phase relationship, revealing three distinct interlimb coordination patterns: trot, pace, and gallop. Trot, 
characterized by synchronized diagonal pairs of legs36, is observed in the blue areas with lower ztop and positive 
zbtm. The pace, characterized by synchronized ipsilateral pairs of legs36, is observed in the green areas with 
intermediate ztop and negative zbtm. The rotary gallop, featuring a rotational footfall pattern such as the left 
fore-left hind-right hind-right fore or vice versa36, was observed in yellow-green areas with higher ztop and lower 
zbtm. Finally, although the parameter settings (zbtm = 0 and ztop = 0) represent a bound-like relationship 
representing red areas where contralateral pairs of legs synchronize, the legs struggle without lifting from the 
ground, and the robot model hardly moves (not shown in the results).

Figure 2C,D show the locomotion speed and CoT, respectively. The locomotion speed increased as zbtm 
decreased and zztop increased, whereas CoT maintained a relatively consistent value across a broader parameter 
range, encompassing a slower-to-faster parameter set. Locomotion speeds are related to gait patterns: trot 
corresponds to slower speeds (< 0.15 [m/s]), gallop corresponds to higher speeds (> 0.15 [m/s]), and pace 
corresponds to speeds over a wider range. In addition, the lowest CoT value for each gait was maintained within 
a certain range (CoT = 120–200). This result aligns with Hoyt and Taylor’s horse experiment13, in which gait 
changes in response to speed while maintaining a consistent CoT.

Fig. 2.  Trajectory height experiment. (A) Fall rate for 100 initial conditions. We conducted 100 experiments 
over 100 s for each parameter set with randomized initial oscillator phases. (B) Gait distribution in parameter 
space zbtm − ztop of foot trajectories. Visual colorization of gait patterns based on the phase relationship 
between oscillators (Fig. 6C). The points outlined with bold lines (blue, green, and dark green) indicate the 
parameters corresponding to Fig. 3A–C. (C) Locomotion speed: the green density indicates the magnitude 
of the locomotion speed. (D) CoT: the blue density indicates parameters with higher energy efficiency (lower 
CoT).
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Subsequently, we observed three gait patterns: trotting, pacing, and rotary galloping (see the accompanying 
video). Figure 3A–C illustrate the (top) time profiles of the oscillator phases, (center) ground reaction force 
(GRF), and (bottom) the target and generated foot trajectories for each gait pattern. The phase profiles were 
color-coded based on their values (color: ϕi = 0, white: ϕi = 2π). The target and generated trajectories are 
shown in orange and blue, respectively. Figure 3A illustrates synchronized diagonal pairs of legs, indicating a 
trot gait. The GRF profiles show that the robot drags its hind legs, which can cause slower movements. The target 
trajectory had a distorted elliptical shape (zbtm = 0.5 × 10−2 m and ztop = 2.0 × 10−2 m). The generated 
trajectory deviates from the target because of ground contact overload and the dragging of the legs.

Figure 3B shows that ipsilateral pairs of legs synchronize, indicating a paced gait. The target trajectory has a 
crescent-like shape with zbtm = −1.5 × 10−2 m and ztop = 4.0 × 10−2 m. The generated trajectory exhibits 
a stable and symmetrical bilateral pattern. The GRF profiles also showed bilateral symmetry, and the switching 
between the stance and swing phases was clear. These characteristics can be attributed to body swing. During 
the pace gait, the robot’s posture changed in the roll direction, leading to ipsilateral synchronicity and ensuring 
sufficient ground clearance (see the accompanying video).

Figure  3C illustrates a footfall pattern characterized by a rotational sequence: LF-RF-RH-LH, indicating 
a rotary gallop gait. The parameters were zbtm = −3.0 × 10−2  m and ztop = 3.5 × 10−2  m. The target 
trajectory formed a sharper crescent-like shape with a lower zbtm than the pace gait (zbtm = −1.5 × 10−2 m). 
The generated trajectory exhibited a stable pattern with bilateral asymmetry, in contrast to the paced gait. The 
GRF profiles also displayed asymmetry, with the leg that followed the ipsilateral leg (LF and RH) experiencing a 
higher GRF than the leg that followed the contralateral leg (LH and RF). This asymmetry can be attributed to the 
body swing. During the rotary gallop, the robot’s posture changed in both the pitch and roll directions. When 
the stance leg switched to the ipsilateral leg (LF to LH), the posture changed in the pitch direction. Conversely, 
when the stance leg switched to the contralateral leg (LH to RH), the posture changed in the roll direction. Pitch-
axis posture changes enhance the GRF values more than roll-axis posture changes, leading to GRF asymmetry.

Trajectory width experiment
We investigated the relationship between the locomotion performance and the trajectory width parameters, 
xfore and xhind, for the three representative gaits in Fig. 3 A–C. The parameters determine the anterior and 
posterior positions of the foot trajectory, respectively (Fig. 1). We examined xfore and xhind from -0.08 to 0.08 m, 
except for the parameter sets in xfore + xhind < 0, because the trajectory involved an interchange between 
the fore and hind paths (diagonal stripes area in Fig.  1C). The trajectory height parameters zbtm and ztop 

Fig. 3.  Steady gait patterns: oscillator phases, GRFs, and target (orange) and generated (blue) foot trajectories. 
Trajectory parameters are (A) zbtm = 0.5 × 10−2 m, ztop = 2.0 × 10−2 m (B) zbtm = −1.5 × 10−2 m, 
ztop = 4.0 × 10−2 m and (C) zbtm = −3.0 × 10−2 m, ztop = 3.5 × 10−2 m.
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are used for three gaits: trot (zbtm = 0.5 × 10−2 m, ztop = 2.0 × 10−2 m), pace (zbtm = −1.5 × 10−2 m, 
ztop = 4.0 × 10−2 m), gallop (ztop = 3.5 × 10−2 m), as shown in Fig. 3. Figure 4 shows the phase relationship, 
speed, and CoT for each condition. The conditions with a high fall rate (> 50 %) are marked with an ‘x.’

Figure 4A–C show the results for the parameter sets zbtm = 0.5 × 10−2 m and ztop = 2.0 × 10−2 m. A 
high xfore tends to have higher fall rates, and combinations of higher xfore and xhind are likely to increase speed 
and energy efficiency. Thus, a wider stride yields a higher speed, but an excessive stride length leads to instability. 
This feature is consistent with the other parameters for the pace gait (Fig. 4E) and the gallop gait (Fig. 4H), 
although the parameter set showing the highest speed/energy efficiency is different in response to the emerging 
gait. The emerged gait varies according to the trajectory width parameters (Fig. 4A), where positive xfore and 
xhind indicate the blue area, indicating trot, and negative xfore or xhind indicate the green area, indicating 
pace. However, because the parameter sets in the green area hardly moved, variations in the trajectory width 
parameters did not generate various gait patterns. This tendency was similar to that of the others, as shown in 
Fig. 4. Therefore, although the trajectory height parameters seemed to be determinants of the emerged gait, the 
trajectory width parameters had little correlation with the gait in the experiments.

Rough terrain experiment
We investigated locomotion performance on rough terrain. The rough terrain consists of blocks of various heights 
(Fig. 5A) inspired by37. The height of each block was randomly assigned with a uniform distribution. We designed 
the maximum block height (0.0–0.5  m) and block area (0.04 × 0.04-0.48 × 0.48 m2). We constructed 100 
rough terrains for each condition and conducted walking simulations using three representative foot trajectories, 
as shown in Fig. 3. The travel distance during each trial was measured as a performance metric. The raincloud 
plots in Fig. 5 show that the travel distance of each foot trajectory parameter is (D) zbtm = 0.5 × 10−2 m, 
ztop = 2.0 × 10−2 m, (E) zbtm = −1.5 × 10−2 m, ztop = 4.0 × 10−2 m, and (F) zbtm = −3.0 × 10−2 m, 
ztop = 3.5 × 10−2 m.

The common tendency is that the higher the maximum block height, the shorter the travel distance, and 
the larger the block area, the longer the travel distance, which aligns intuitively. When the maximum height 
was 0.05 m, the robot hardly navigated regardless of the foot trajectory. With the foot trajectory for the trot gait 
(Fig. 5D), the robot barely navigated even slight irregularities, with a maximum height of 0.01 m. With the foot 
trajectory for the pace gait (Fig. 5E), when the maximum height is 0.01 m, the robot can navigate the rough 
terrain and move 10 m, approximately 80 % of the distance compared to that of the flat terrain experiment, 

Fig. 4.  Trajectory width experiment. Gait distribution, locomotion speed and CoT, (A)–(C) for 
zbtm = 0.5 × 10−2 m, ztop = 2.0 × 10−2 m as shown in Fig. 3A, (D)–(F) for zbtm = −1.5 × 10−2 m, 
ztop = 4.0 × 10−2 m as shown in Fig. 3B, (G)–(I) for zbtm = −3.0 × 10−2 m, ztop = 3.5 × 10−2 m as 
shown in Fig. 3C, respectively.
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with a few exceptions. When the maximum height was 0.03 m, there was a larger variance in the travel distance, 
and some trials achieved 8 m, which is approximately 65 % of the distance compared to that of the flat terrain 
experiment. From the foot trajectory of the gallop gait (Fig. 5F), when the maximum height was 0.01 m, the travel 
distance had a larger variance, and some trials achieved a longer travel distance than the flat terrain experiment. 
When the maximum height was 0.03 m, many cases were less than 2 m, and the travel distance was likely to be 
shorter than that of the parameters, as shown in Fig. 5E.

Discussion
This study demonstrated that a sensory-feedback-based inter-leg coordination mechanism can reproduce diverse 
gait patterns by changing intra-leg coordination, that is, the foot trajectory (Fig.  1). The significance lies in 
presenting adaptive integration between inter- and intra-leg coordination for gait generation mechanisms. The 
conventional approach to gait generation mechanisms relies on the coupling of neural circuit CPGs21,23,28,32,38,39, 
which encounters the challenge of spontaneously modulating gait patterns in response to variables such as 
speed and environment, even with intra-leg coordination. Shafiee et al.34 adopted an integrated approach for 
CPG-based control and deep reinforcement learning. This study focused on terrain properties as a factor in 
gait transitions and reproduced walk-trot and trot-pronk gait transitions. The results were successful in gait 
transitions, including intra-leg coordination, in response to situations. However, inter-leg coordination is strictly 

Fig. 5.  Rough terrain experiment: (A) rough terrain consisting of variable height blocks generated by (B) 
a random bitmap image in which pixel size determines the block area and pixel brightness determines 
the block height (C). Travel distance on rough terrain experiment with foot trajectory parameters of 
(D) zbtm = 0.5 × 10−2 m, ztop = 2.0 × 10−2 m, (E) zbtm = −1.5 × 10−2 m, ztop = 4.0 × 10−2 m, 
(F) zbtm = −3.0 × 10−2 m, ztop = 3.5 × 10−2 m.
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determined by neural couplings between CPGs, and the study did not discuss the relationship between inter- 
and intra-leg coordination for gait generation. Nyakatura et al.40 reproduced extinct animal gait patterns by 
optimizing inter- and intra-leg coordination using fossil footprints as constraints. However, the correlation 
between inter-joint coordination and the resulting gait patterns has not been discussed clearly. Conversely, 
as behavioral evidence of animals, Catavitello et al.41 reported a correlation between dog gaits and vertical 
and anteroposterior changes in the foot trajectory in the sagittal plane. This correlation was consistent with 
our simulation results (Fig.  2). These findings suggest that inter-joint coordination within a leg, previously 
overlooked, is crucial in generating diverse gait patterns that depend on inter-leg coordination.

Speed-related gait transitions occur in many quadruped animals; however, the factors that trigger gait changes 
remain unclear42. Alexander presented a correlation between the gait patterns and the Froude number43. Hoyt 
and Taylor suggested that horses change their gait patterns in response to the locomotion speed to reduce energy 
expenditure (oxygen consumption)13. A similar tendency has been observed in other quadruped animals42. 
Farley and Taylor stated that the trot-gallop gait transition in horses is triggered by reaching a peak ground 
reaction force at a critical level15. Schöner et al. stated that gait transition is a phase transition phenomenon 
in a nonequilibrium system between attractors44. Granatosky et al.42 suggested that reducing instability while 
maintaining locomotion rhythms triggered a gait transition. Shafiee et al.34 stated that gait transition could be 
triggered by environmental perception to avoid falling into challenging terrain. The results in Fig. 2 show that 
gait changes result from modulating the foot trajectory height. However, foot trajectory width does not have 
a significant impact on gait changes compared to locomotion performance. These facts suggest that situation-
dependent intra-leg coordination adjusts the foot trajectory, resulting in gait transition. Although our study does 
not propose a novel hypothesis for gait transition mechanisms, it highlights the importance of foot trajectory as 
a key factor in gait transition.

The limitations and future directions of this study are as follows: First, the foot trajectory was predefined. 
Although we observed adaptive inter-leg coordination to some extent, adaptation to dynamically changing 
environments remained highly challenging. Investigating adaptive intra-leg coordination mechanisms using 
reinforcement learning methods45, Tegotae-based control46 with local sensor feedback, or their combination47 
could further enhance quadruped gait performance. Second, we need to further investigate foot trajectory 
parameters. While the study examined the impact of trajectory height and width separately, it did not explore 
the synergetic effects of these parameters (we have presented our preliminary validation for these synergetic 
effects in Supplementary Materials). The role of trajectory parameters related to the left-right direction, which 
is linked to turning and balancing, also remains unclear. Investigating the combinations of these parameters 
will aid in understanding their synergetic effects. To examine the intra-leg coordination with multi-degrees of 
freedom, the forward kinematics approach is useful, in contrast to using the target trajectory with the inverse 
kinematics approach. Figure  3 shows that the generated trajectory deviates from the target trajectory. These 
discrepancies could be due to the relatively small value of the PD control gain for the effective generation 
of robot-environment interaction; hence, we can mitigate them by increasing the gains, but this would also 
influence emergent gait with a load-dependent feedback mechanism and it needs further investigation. Finally, 
the real-world validation of the control mechanism is a topic for future work. These attempts will provide insights 
into the relationship between gait patterns and locomotion performance and enhance our understanding of gait 
transition mechanisms in animals.

Methods
Quadruped robot model
We adopted the Unitree A1 (Unitree) as the quadruped robot model, as shown in Fig. 6A. This robot model has 12 
degrees of freedom (DoFs). Each leg consists of three DoFs. Two DoFs were present in the pitch and roll axes of 
the shoulder and hip joints, and one DoF was present in the pitch axis of the elbow and knee joints. Force sensors 
were installed on the tip of each foot. The physics simulator MuJoCo35 is used in the simulation experiment. 
The collision model implemented in MuJoCo is highly accurate and can model the contact and repulsive forces 
between objects with complex shapes while considering their shape, size, and material properties. This algorithm 
allows for a precise simulation of the contact and reaction forces.

CPG-based controller
Each leg has a phase oscillator, representing CPG, and the oscillator phase determines the target foot trajectory, 
as described in Equation 1. Based on the target foot trajectory, the target angles of the robot joints (Fig. 6B) were 
calculated according to inverse kinematics, as described in24. The leg actuators achieved the target angles using 
proportional derivative (PD) control.

The time evolution of the oscillator phase is derived using the following differential equation:

	 ϕ̇i = ω − σNi cos ϕi,� (2)

where ω is the intrinsic angular frequency of the oscillator, σ is the feedback gain, and Ni is the ground reaction 
force (GRF) detected by the foot sensor. The feedback modifies the phase toward 3π/2 when the leg obtains GRF 
(Ni > 0), which helps maintain the target position in the stance phase and keeps the leg on the ground (Fig. 6C). 
The GRF information is the outcome of the intricate interplay between the robot and the environment and is 
reflected in the motion state of the other legs. Therefore, GRF feedback helps establish self-organized interlimb 
coordination without information from the other legs. It also realizes speed-dependent gait transitions similar 
to those observed in quadrupeds30,31.
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Gait classification
For gait classification, we focused on interlimb coordination and used the phase relationship ∆ϕi,j  between the 
oscillators.

	
∆ϕi,j = 1

2(1 + cos(ϕi − ϕj)) � (3)

where ∆ϕi,j  is the phase relationship between the ith and jth oscillators. The value of ∆ϕi,j  ranges from 0 to 
1, with 1 indicating the in-phase and 0 indicating anti-phase of the oscillators. Here, we evaluate the resulting 
gait using the phase relationship between the left foreleg and the other legs [∆ϕ1,2, ∆ϕ1,3, ∆ϕ1,4] and an RGB 
color model (Fig. 6D).

Evaluation indexes
We used three evaluation indexes: fall rate, locomotion speed, and CoT. The fall rate is the ratio of trials in which 
falls of the robot were detected. A fall is assessed when the height of the center of mass (CoM) is lower than a 
specified threshold. The locomotion speed was measured using the distance traveled within a certain duration. 
The CoT is an energy efficiency index described by the following equation48:

	

CoT = Σi,jei,j

MgD
,

ei,j =
∫ T ′

T

(
δ(θ̇i,j(t)τi,j(t)) + γτ2

i,j(t)
)
dt,

δ(x) = max[0, x],

� (4)

where θ̇i,j  is the angular velocity of the joint, τi,j  is the input torque of the joint, and the index j denotes the joint 
number (hip:j = 1, knee:j = 2). The evaluation begins at T and ends at T ′. A constant value γ (set to 0.005) 

Fig. 6.  Quadruped robot model (Unitree A1). (A) Overview. (B) Leg kinematics. (C) Effect of local sensory 
feedback on each phase oscillator. (D) Gait visual colorization based on the phase differences of oscillators.
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determines the maximum efficiency of the actuator48, M is the total robot weight, and D is the distance traveled 
during the evaluation period.

Rough terrain setup
We used rough terrain with blocks of various heights generated by random bitmap images, as shown in Fig. 5B. 
Each pixel corresponds to a block, and the brightness is the block height, with white being the highest and 
black the lowest. We prepared 100 random bitmap images and assigned the parameters of the block area and 
maximum block height to each image to generate a simulated environment (Fig. 5C).

Data availability
The original contributions presented in the study are included in the article/Supplementary Material, further 
inquiries can be directed to the corresponding author.
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