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Contact Force Estimation-Guided Reinforcement Learning
Framework for Compliant Humanoid Bipedal Walking
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Yonghyun Jo!, Kwanwoo Lee!, Gyeongjae Park!, Seohyeon Lim? Jaeyong Shin!,

Hyunjun Choi’, Sanghyuk Park!, Jacheung Park®, SungMoon Hur '

Abstract: This paper presents a contact force-aware reinforcement learning framework for compliant
humanoid bipedal walking. The framework estimates foot contact forces from proprioceptive history
and incorporates them into policy learning. A history encoder is trained with auxiliary losses to infer
the current and short-horizon future contact forces, while a virtual spring reward encourages
compliant landing by inducing knee flexion when the estimated force exceeds a reference level.
Through this design, the policy learns to absorb impact forces during both nominal walking and
disturbance recovery, without relying on mechanical compliance or force/torque sensors. To transfer
the learned policy to a four-bar-linkage humanoid, we build an actuator model combining motor
parameter identification with an actuator network to reduce the sim-to-real gap. The framework
reduces the maximum foot contact force in both nominal walking and disturbance recovery, and
the policy transfers to the real robot zero-shot for stable compliant walking and push recovery.
Experimental videos can be found at https://www.youtube.com/watch?v=uU9%GgM5 8w
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[Fig. 1] Push recovery sequence of the P73 Walker. From initial posture (1), an external push displaces the robot (2-3), which responds
with a corrective step. At foot contact (4), the virtual spring mechanism induces compliant knee flexion to absorb the impact. The robot

recovers balance (5) without force sensors or mechanical compliance
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[Fig. 2] Overall architecture of the proposed framework. Training path: the history encoder extracts a latent vector from proprioceptive
history, which is split into supervised regions (velocity, foot force, target) and a free region. The critic uses privileged information for
value estimation. Deployment path: only the history encoder and actor are deployed, requiring proprioception only
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[Table 1] Reward terms summary. Penalties use negative
weights. m: robot mass, ¢: gait phase, c,: foot contact

Reward | Function | Weight
Velocity Tracking
Linear vel exp(— llv,, —v"11%/0) 3.5
Angular vel exp(—(w, —w™*)?/0?) 2.0
Contact-Force Control
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Contact schedule Xl] 1 le =c,(9)] 5.0
Air time Ztlf}i‘?l 1 [t <7l 4.0
Swing clearance Zmax(hf‘)’f —h;,0) 1 [swing ; —80
Regularization
Base height exp(—(h—hy)?*/a})) 3.0
Flat orientation g —30
Vertical vel. v -0.3
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Joint torques lt? -107°
Joint accel. g —5x1077
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(a) Overall robot configuration

(b) 4-bar linkage mechanism

[Fig. 3] Experimental humanoid robot. (a) Overall robot with 13
actuated joints (12 lower-body + 1 waist). (b) Four-bar linkage
structure of the knee and ankle joints
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[Table 2] Domain Randomization Parameters
Parameter Range Unit

Ground friction [0.2,1.4] -
Link mass scale [0.8,1.2] -
Base mass offset [—5,10] kg
Base COM offset +0.10 m
Motor strength [0.95,1.05] -
Push force (%, y) [—60,60] N
Push force (z) [—30,30] N
Push duration [0.5,2.0] s
Push interval [5,10] s
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[Fig. 4] Contact force estimation accuracy vs. ground truth, by prediction horizon, under the nominal condition (0.3 m/s, flat). Each
panel is a 2D histogram of estimated vs. actual vertical foot force (red dashed: y = x). The estimator tracks ground truth closely at all
horizons (R? = 0.92); accuracy decreases with prediction distance among the smoothed future targets (near — far). The remaining

conditions are reported in [Table 4]

- CF-Est (Ours): {52 343 7P A8 BAFS 28
At A, A A 2, oA A F e A5G
ota, 7P AT BAFS AL

%N' r&"

42 JAEE 24 A
2 HojA= Ajtol= A Y] o] Q1T 1L
87 o|gukZ o] &-sto] @A Al T A FEEE F4 ot

[Table 3] Reward configuration of the four comparison policies.
All four share the velocity-tracking, gait, and regularization
rewards, and the common contact stabilization penalties, with
identical weights; they differ only in contact-force estimation
and the rewards that depend on it

CF-Est | CF-Est

No-Est | Vel-Track
o-ks e (curr) | (Ours)

Component

Contact-force estimation
Current Fz - - v v
Future Fz - - - v

Estimation-dependent reward
Virtual spring | - ‘ - ‘ 4 | 4

Swing-phase reward
One-sided height prof. 4 - 4 4
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[Table 4] Contact-force estimation accuracy across evaluation
conditions. Each cell reports the current (t), near future (t+20-
100 ms), and far future (t+120-200 ms) horizons. The same
policy is evaluated in every condition without retraining; near
future is the most accurate horizon throughout (bold)

Quintic vel. tracking - 4 - -

Evaluation condition RMSE [N] R’

Common stabilization

current / near / far | current / near / far

Force limit 4 4 4 4 Nominal (0.3 m/s, flat) | 59.9/47.3/63.3 [0.940/0.959/0.927
Feet slide 4 4 4 4 Fast walking (0.6 m/s) | 72.0/48.7/61.7 |0.914/0.957/0.931
Ground parallel v v v v Turning (0.5 rad/s) | 61.6/47.0/63.6 [0.937/0.960/0.927
Velocity, gait, regularization Push recovery (60 N) [110.3/77.5/103.6|0.816/0.889 / 0.802
All terms IR Uneven ground (1 cm)| 128.7/87.4/ 107.7|0.760 / 0.857 / 0.783
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[Table 5] Disturbance evaluation protocol, applied identically to
all four policies

Parameter Value
Terrain Flat, uneven (+1 cm)
Command velocity 0.3 m/s (forward)
Push direction tz,ty
Push magnitude 30,60 N
Push interval 10s
Push duration 1.0s
Repetitions per condition 5
Total pushes 40
Total walking time 400 s
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[Table 6] Contact force statistics on flat and uneven (1 cm)
terrain. Each entry is flat / uneven. The disturbance protocol is
identical in both conditions, and training was performed on flat
terrain only. Best results in bold

Metric No-Est Vel-Track ((:Zfr;t fgjss)t
Mean support [N]
Mean 591/591 | 591/591 | 591/591 | 591/591
Distribution [N]
Std 133/150 | 153/164 | 141/161 | 110/130
P95 848/851 | 857/888 | 847/867 | 826/854

P99 1016/1020 | 962/ 1146 | 946/ 1055 | 901/1018

Max 5112/4907 | 4613 /5029 | 4050 / 5416 | 3225 / 3647

Per-disturbance peak [N]

Mean |2170/2379|2140/2155|1931/2267 | 1267 / 1535

Loading rate FZ [kN/s]

P95 18/29 28/35 18/33 14/27

Max 3972 /4630 | 3948 /3007 | 3475 /3691 {2030 / 3034
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[Fig. 5] Loading rate F, =dF./dt distribution under the
disturbance protocol. Each curve is the quantile function of the
per-step positive loading rate. CF-Est (Ours, red) is the lowest at
every percentile, showing that the proposed policy builds up
contact force the most gradually — the signature of a learned
compliant landing
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[Table 7] Vertical ground reaction force on the real robot during
0.2 m/s forward walking, estimated via Eq. (11)

Metric No-Est CF-Est | Reduction
Mean [N] 588 591 -
Std [N] 217 90 -58.7%
P95 [N] 950 715 -24.7%
Loading rate P95 [kN/s] 87.1 59.5 -31.7%
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