Bio-inspired controller achieving
forward speed modulation with a

3D bipedal walker

Van der Noot et al. - 2018
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After impact, the walker recovers its previous
gait, thanks to the CPG entrainment.

Robustness against external perturbation:
https://www.youtube.com/watch?v=volLoG7IhbE&Iist=PLpRT1DySTGyw9S SMs23 V3-LEwdnWUXi&index=5

N

Group 15 : Elias Da Ros | Selim Kellou |[Julien Mangiatordi


https://www.youtube.com/watch?v=volLoG7IhbE&list=PLpRT1DySTGyw9S_SMs23_V3-LEwdnWUXi&index=5
http://www.youtube.com/watch?v=volLoG7IhbE&t=25

Yo
N
o
N
%)
'_
o
@
o
o
[a)
w
U]
O]
m
—
=
o
2
o
o
Q
=
=

(d) Lateral muscles (arm, torso, and leg)

(e) Transverse muscles (arm, torso, and leg)
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Main ldeas

- Bio-inspiration to achieve robust, energy-efficient and natural

gaits

- Mix of Central Pattern Generator and reflexes-based

controller
Inspirational papers:

- Reflexes-based controller: Geyer and Herr - 2010 [1]
- CPG: Matsuoka - 1985/1987 [2] [3], Taga - 1994 [4]

- Forward speed modulation

Group 15 : Elias Da Ros | Selim Kellou |Julien Mangiatordi 4



=PrL

B MICRO-507| LEGGED ROBOTS | 2025

Key Aspects

- Biped robot: COMAN model

- Torque control - Virtual Hill-type muscles forces

- Tuned using optimization - Particle Swarm Optimization
- Walking gait, with different speed

- Use of IMU, encoders and torque/force sensors
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Key Aspects
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CPG: 12 neurons Matsuoka oscillator [2] [3]

Reflexes: closed-loop PD controller
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Virtual muscles: Hill-type muscles (Hill - 1938) [5]

23 Joints - 27 Muscles



=PrL

B MICRO-507| LEGGED ROBOTS | 2025

CPG

- Rhythm Generator neurons (RG):

Neurons N1 - N4 - provide the main
frequency and phasing of the gait cycle

- Pattern Formation neurons (PF):

Neurons NA - NH - rely on RG to generate
signals to shape muscles stimulation, each

neuron corresponds to the activation of specific
muscle(s)

State equation: Ba

Xi = %(_wz — B vi — Zﬂk @] + Uz)

Self-inhibition:

D = —— (—v; + [25]"
0 ’ij(v [w])

PF

RG

PF
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L

CPG

N1-N4:

- rhythm generation and
upper-body control

NA-NB:

- knee bending and torso
sagittal stabilization

NC-ND:

- hip flexion

NE-NF:

- torso lateral stabilizatior

NG-NH:

- late swing leg retraction
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=L Optimization

= Method of optimization :
* Algorithm: PSO
* Max episode: 60 seconds or robot falling

% 2
* Fitness function: f = 100 e~ @(x-x)

WEILd)le

The objective of this
stage is to make the
robot move forward.
We use a reward
proportional to
distance traveled.

B MICRO-507| LEGGED ROBOTS | 2025

Walking for 60
seconds

The objective of this
stage is to make the
robot walk for the
entire episode. We
use a reward
proportional to the
walked time.

Reaching
target speed

We use the fitness
function with a =
100 and x* the
respective target
speed. x is the
speed of the robot,

Metabolic Efficiency, Gait Timing Accuracy,
and Lateral Foot Placement Stability

We do three parallel optimizations.

» Metabolic efficiency: x is the metabolic
energy consumption. @ = 1073 and x* = 0.

» Gait Timing Accuracy: x is the mean error
between the CPG predicted strike times and
the actual ones . @ = 250 and x* = 0.

+ Lateral Foot Placement Stability: x is
average lateral distance between strike

0, x<9cm

footprints. f(x) = {100. ¥ =14cm

149

©
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. Table 1. The parameters to be optimized in the controller and their ranges. The speed-dependent parameters are computed as follows:

u EXperl ment 1 T = K¢ + Lo vy + Mo V23 kpag = Kpag + Luagve + Mg v kirr = Kurn + LurL ves keruy = Kerug + LoLu, ve
kezar,1 = Keiama,1 + Leartn ves keans2 = Krang 2 + Lans 2 ve+ Mean 2 V3 kv 3 = Keam 3 + Lar 3 ves Orer = Ko + Lo v

Avefh = Kap + Lapve + Mpp V,zk, where vx = Vo — 0.65 and v,y is the target forward speed. When only a single speed was

. . optimized, all the terms related to vy« and v2 were removed. On top of that, the remaining speed parameters (i.e. labeled as K, ) received

O ptl m |Ze a | I th ese a higher range, close to the bounds of the vertical axes of Figure 7. The parameters optimized for the reference controller are provided

[
(=}
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Optimization

Experiment 2:

Apply the optimization
for the same speed
range with all
parameters fixed
except speed related
ones and analyse the
dependency. We
select linear or
quadratic function.
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=L Optimization

=  Experiment 3:

We do a final optimization over all the speed range so we can have a
single and stable controller. We optimize, this time, the linear or/and
quadratic coefficients for the speed related parameters and all the
others that we fixed in experiment 2 again.

Group 15 : Elias Da Ros | Selim Kellou |[Julien Mangiatordi

=  We have these formulas for the speed related parameters:

T = K¢ + Ly ve + M V25 kyap = Kpap + Lyapvs + Myapv2; kurr = Kurr + Lurr ve; korua = KeLua + Leru.1 ves

kpan,1 = Kpan, +Lezam,1 ves kane 2 = Krana 2 + Lian 2 Ve + Mpan 2 V3 ka3 = Keiam 3 + Liang 3 Ve Orep = Ko + Lg vs;
Avorh = Ko+ Lapve + Mpy vﬁ, where vi = v,y — 0.65 and v, is the target forward speed. When only a single speed was
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Results
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] 07
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(e) Stride length

Fast adaptation: accelerations up to £0.25 m/s?
and less than two steps to go from minimum to
maximum speed

Energy per distance decreases as speed
increases — faster gaits are more efficient.

Stride length and frequency both increase with
speed

Adaptive controller is nearly as efficient as
single-speed controllers, with consistent results
across all speeds
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w
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=PFL - Comparison with LIP controller and
Human data

E [ human data
@ 15 I LIP-based
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(b) Square torques per gait cycle, divided by traveled distance

Knee and ankle angle profiles match human data; LIP controller shows significant deviations.

Hip torques: neuromuscular R = 0.97 vs human; LIP produces larger peaks and phase shifts.

Energy per distance : neuromuscular controller is ~2x more efficient than LIP across all speeds.

At low speeds (< 0.64 m/s), neuromuscular joint torques are substantially lower than LIP, reducing energy demand.
Ground reaction forces: neuromuscular produces human-like M-shaped vertical pattern; LIP shows quasi-flat profile.
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Gaits Robustness

e  Multi-environment robustness: no controller
parameter changes required.

e CPG + reflexes: automatic synchronization after
perturbations (phase entrainment).

e Stairs: automatic stride length adaptation, even
when foot lands between steps.

e Slopes: up to 2.58° uphill, 2.29° downhill (scaled by
speed).

e Irregular ground: walks over 25 mm tall obstacles
without falling.

e  External pushes: resists up to ~20 N at
intermediate speeds.

e Blind walking: no environmental perception, full
adaptation via sensory reflexes.
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=PFL Results

After impact, the walker recovers its previous
gait, thanks to the CPG entrainment,

hgiatordi

The biped walks blindly on an
irregular ground made up of triangles.

- Robustness against external perturbation:
https://www.youtube.com/watch?v=volLoG7IhbE&list=PLpRT1DySTGyw9S SMs23 V3-LEwdnWUXi&index=5

- Blind walking on irregular ground
https://www.youtube.com/watch?v=xvsswU4ikgw&list=PLpRT1DySTGyw9S SMs23 V3-LEwdnWUXi&index=2
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https://www.youtube.com/watch?v=volLoG7IhbE&list=PLpRT1DySTGyw9S_SMs23_V3-LEwdnWUXi&index=5
https://www.youtube.com/watch?v=xvsswU4ikqw&list=PLpRT1DySTGyw9S_SMs23_V3-LEwdnWUXi&index=2
http://www.youtube.com/watch?v=volLoG7IhbE&t=25
http://www.youtube.com/watch?v=xvsswU4ikqw&t=25
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Conclusion

Pros:
- More robust and energy efficient
than model-based controllers

- Low computational cost, good for
real-time applications

- Generated gaits are closer to
human-like locomotion
(proximo-distal hypothesis)

- No need to know the dynamic
model of the robot

Cons (or possible improvement):

Use of rigid feet with very different
mechanical properties with regard to
human feet

Upper body muscles controlled directly
by the RG neurons, extra PF neurons
could offer better performances

Adding fall detection to increase the
robustness

Implementing a high-level controller to
modulate the CPG inputs to generate
desired gaits

Only walking gait

[y
~
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Conclusion

- Citation: 29 citations, mostly cited as example of CPG and
reflex implementation or to mention the use of Hill muscles

Examples of similar approaches:
- Addition of preactivation reflex to increase robustness: Bunz et al. - 2023 [6]
- The inverse CPG model is constructed based on neural network along with
autoencoder: Park et al. - 2020 [11]
- Adaptive oscillators used for locomotive assistance: Ronsse - 2022 [7]
- 8 neurons CPG for increased gaits diversity in quadruped robots: Liu et al. -
2025 [8]

- Follow-up work:
- Steering implemented in Van der Noot et al. - 2019 [9]
- Modulation of step height and length in Greiner et al. - 2018
[10]

=
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Any questions ?

“By embracing the concept of limit cycle walking, it relaxes
constraints inherent to more traditional locomotion controllers.”
N. Van der Noot
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