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Abstract

Humanoid robots have been increasingly deployed
in real-world environments such as intelligent man-
ufacturing, healthcare, and agriculture, from indoor
spaces to outdoor terrains where friction conditions
vary significantly. However, existing approaches
such as domain randomization or employing es-
timation struggle to handle low-friction gait con-
trol and fail to address variable friction conditions,
making it difficult to ensure control robustness.
To address these challenges, we propose Walking
on Ice (Wol), a friction-aware locomotion frame-
work that combines proactive prediction with re-
active adaptation for varying surface friction. We
introduce a VLM-based friction predictor that en-
ables the policy to take anticipatory actions be-
fore friction changing, thereby addressing variable-
friction scenarios. Additionally, we design a fric-
tion estimator combined with a joint history en-
coder that perceives proprioceptive states to handle
low-friction surfaces. Experimental results demon-
strate that Wol improves success rate by 8.5% and
reduces slip rate by 5.15% over the state-of-the-art
method Denoising World Model Learning (DWL).
Particularly, in extreme cases, Wol achieves 98.3%
success rate with 51.0% higher survival rate, 3.20%
lower slip rate, and 46.5% lower stuck rate than
DWL, demonstrating stable and efficient gait adap-
tation. Our work provides a robust and efficient gait
control framework for stable locomotion in real-
world scenarios with dynamic friction conditions.

1 Introduction

Humanoid robots hold great promise for operating in human-
centric environments, from household assistance to indus-
trial inspection[Tang et al., 2025; Chen et al., 2025; Ko-
jima et al., 2025]. A fundamental capability for such de-
ployment is robust locomotion control across diverse sce-
narios. The context of advanced control technologies such
as reinforcement learning[Li et al., 2024a; Li et al., 2024b]
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have enabled impressive humanoid walking behaviors, in-
cluding traversing stairs [Long ef al., 2025; Duan et al.,
2024], rough terrains [Cui ef al., 2024; Yu et al., 2024], and
sparse footholds [Radosavovic et al., 2024b; Gu et al., 2024,
Wang et al., 2025]. However, these methods predominantly
assume that the ground provides sufficient friction for sta-
ble foot-ground contact, or handle friction variations im-
plicitly through domain randomization [Tan et al., 2018;
Tobin et al., 2017] to stabilize gait control. Therefore, per-
ceiving ground features such as friction variations is crucial
for the gait control of humanoid robots.

Existing locomotion methods can be broadly categorized
by their treatment of friction. Methods relying solely on do-
main randomization do not explicitly address friction, instead
focusing on other aspects such as taking adaptive gaits by ter-
rain geometry[Duan et al., 2024; Hoeller et al., 2024; Lo-
quercio et al., 2023; Agarwal et al., 2023; Miki et al., 2022;
He et al., 2025]. Yet, without explicit awareness of surface
friction, these policies typically employ conservative gaits,
or fail catastrophically when encountering slippery surfaces.
While some recent works attempt to estimate terrain prop-
erties from proprioceptive perceptions[Kumar et al., 2021;
Ii et al., 2022; Gu et al., 2024], or by leveraging visual
information[Brandao et al., 2016; Peng et al., 2025]. Never-
theless, policies estimating friction from proprioception must
first step onto the slippery surface before recognizing dan-
ger. Visual approaches also have limitations: CNN-based
methods[Brandao er al., 2016] lack generalization to novel
surfaces and are sensitive to lighting variations, while using
Vision-Language Models (VLMs) with Retrieval-Augmented
Generation (RAG) introduces additional retrieval latency that
limits real-time applicability[Arslan er al., 2024].

In summary, enabling humanoid robots to walk robustly
on surfaces with varying friction coefficients faces three key
challenges: (1) Anticipating surface friction before contact.
Unlike geometric features, friction is not directly observ-
able from conventional visual representations and requires
semantic understanding of material properties. (2) Adapt-
ing gait in real-time under imperfect friction prediction. La-
tency and uncertainty require the policy to handle prediction
errors gracefully. (3) Learning a unified policy that gener-
alizes across a wide friction spectrum. The optimal walking
strategy differs between high and low-friction regimes.

To address these challenges, we propose Walking on Ice
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(a) Self-Built Dataset

(b) VLM-based Friction Predictor (c) Friction-Aware Locomotion Policy

Figure 1: Overview of Wol. (a) We build a terrain friction dataset containing 10 types of surfaces with friction ranging from high to low.
(b) We fine-tune Qwen-2.5-VL-7B-Instruct by LoRA to predict friction coefficients from images. (c) The friction-aware locomotion policy
combines VLM-based friction prediction with proprioceptive states for adaptive humanoid locomotion on varying surfaces.

(Wol), a friction-aware locomotion framework for humanoid
robots. Our approach consists of three main components: (1)
a VLM friction predictor which is fine-tuned by Low-Rank
Adaption (LoRA)[Hu er al., 2022] that anticipates upcom-
ing terrain friction from egocentric images, (2) a friction es-
timator that provides real-time friction perception, and (3) a
friction-aware locomotion policy that combines proactive vi-
sual prediction with reactive proprioceptive estimation. Our
main contributions are summarized as follows:

* We propose Wol, the first humanoid locomotion frame-
work that jointly leverages both current and anticipated
friction information, enabling proactive gait adaptation
on slippery surfaces.

e We design a friction-awareness mechanism that com-
bines proactive VLM-based prediction with reactive pro-
prioceptive estimation, allowing the robot to adapt gait
before contact and in real-time, thereby: avoiding the
overly conservative gaits caused by domain randomiza-
tion or catastrophic failures from delayed reaction.

* We introduce a VLM friction predictor, which leverages
the world knowledge of VLMs to achieve robust gener-
alization across novel surfaces and lighting variations.

2 Related Work

2.1 Handling Friction by Domain Randomization

Recent years have witnessed remarkable progress in legged
locomotion using reinforcement learning. However, most ex-
isting methods focus on traversing diverse terrain geometries
and achieving agile skills such as running, jumping, and park-
our and overlook terrain friction properties, instead relying on
domain randomization[Tobin et al., 2017] to achieve robust-
ness, both in humanoid robots [Radosavovic et al., 2024b;
Radosavovic et al., 2024a; Singh et al., 2024; Cui et al., 2024;
Yu et al.,, 2024; Long et al., 2025; Duan et al., 2024;
Bang et al., 2024; Wang et al., 2025; Siekmann et al., 2021]
and quadruped robots[Rudin et al., 2022; Miki et al., 2022;
Tan et al., 2018; Choi et al., 2023; Kumar et al., 2021; Hoeller
et al., 2024; Agarwal et al., 2023; Jenelten et al., 2024;
He et al., 2025].

While domain randomization partly enables policies to
handle friction variations ‘and enhance robustness, it leads to
inherently conservative gaits that sacrifice efficiency for sta-
bility, as the policy.cannot distinguish between high and low
friction conditions and must adopt a one-size-fits-all strategy.
[He er al., 2025] achieves impressive performance on sparse
foothold scenarios by introducing attention modules to pro-
cess height maps, but focuses primarily on terrain geometry
and assumes non-slippery surfaces. Similarly, [Radosavovic
et al., 2024b] demonstrates real-world humanoid locomotion
with causal transformer architecture, yet the training and de-
ployment environments implicitly assume sufficient ground
friction. [Long et al., 2025] proposes a perceptive internal
model for humanoid locomotion over challenging terrain, but
focusing on terrain elevation rather than friction properties.

2.2 Friction-Aware Locomotion

To address the Ilimitations of domain randomization,
some approaches estimate current friction from contact
interaction[Lee et al., 2020; Gu et al., 2024; Ji et al., 2022;
Jenelten et al., 2019], while other approaches tried vision-
based methods to predict friction[Brandao et al., 2016; Chen
et al., 2024; Peng et al., 2025].

Proprioceptive-based methods estimate friction through
force and motion analysis during ground contact. [Gu et al.,
2024] proposes a denoising world model that learns to pre-
dict terrain properties from proprioceptive history, enabling
humanoid walking on snow and ice. [Ji et al., 2022] concur-
rently trains a state estimator with the control policy to infer
ground properties. However, these methods can only estimate
friction after contact occurs, which may result in falls when
encountering sudden friction transitions.

Vision-based methods attempt to predict friction before
contact by using visual cues. [Brandao et al., 2016] em-
ploys CNNs for material classification followed by friction
database lookup, but this approach is constrained to prede-
fined material categories and cannot generalize to novel sur-
faces. [Chen et al., 2024] proposes a self-supervised frame-
work to predict terrain physical parameters from vision, yet
requires extensive real-world interaction data for training.
Recently, [Peng et al., 2025] explores VLMs with RAG for
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friction estimation in wheeled robots, but the RAG-based ap-
proach introduces retrieval latency [Arslan er al., 2024] that
may limit real-time applicability in dynamic locomotion.

3 Method

As illustrated in Fig. 1, we present Wol, a friction-aware lo-
comotion framework for humanoid robots. In contrast to ap-
proaches mentioned in Sec. 2, our key insight is to decom-
pose friction awareness into two complementary components:
anticipated visual prediction and current proprioceptive esti-
mation, enabling proactive gait adaptation while maintaining
real-time reactivity. (1) For proactive prediction, we fine-tune
Qwen-2.5-VL-7B-Instruct by LoRA to directly regress fric-
tion coefficients from egocentric images. VLMs possess rich
world knowledge about material properties, making our pre-
dictor inherently robust to lighting variations and capable of
zero-shot generalization to novel surfaces without requiring
extensive data collection across diverse environmental condi-
tions. (2) For reactive estimation, we design a proprioception-
based friction estimator within the policy network that infers
current contact friction from joint states and forces, providing
real-time correction when predictions are inaccurate. (3)We
represent joint state history as a 2D “past-state-picture” and
employ convolutional networks for temporal feature extrac-
tion, enabling the policy to capture motion patterns indicative
of surface interactions. The locomotion policy takes the pre-
dicted and estimated friction as inputs along with propriocep-
tive observations. We first formulate the problem as a Markov
Decision Process, then describe each component in detail.

3.1 Problem Formulation

We formulate friction-aware humanoid locomotion as a Par-
tially Observable Markov Decision Process (POMDP) de-
fined by the tuple (S,0, A, P,r,v), where S is the state
space, O is the observation space, A is the action space,
P :S x A— S§is the transition dynamics, 7 : S x A — R
is the reward function, and v € (0,1) is the discount fac-
tor. The goal is to learn a policy mg(a|o¢) that maximizes the
expected cumulative reward:

T
J(0) =Ery | Dy 0(st,a0) (1)
t=0

We train an actor-critic policy using Proximal Policy Opti-
mization (PPO) [Schulman er al., 2017] with an asymmetric
architecture [Pintoet al., 20181, where the actor receives only
observations available at deployment, while the critic has ac-
cess to privileged information during training.

The actor observation at time ¢ is defined as:

. d
Oy = (Ctawtagtaqt7qtaat—177-ta¢t7 Ht ) /l’lzre ) (2)
S~~~ N~

Proprioception History VLM Prediction

where ¢; € R? denotes velocity commands, w; € R3 is base
angular velocity, g; € R? is projected gravity, g;, ¢; € RNz
are joint positions and velocities, a;_1 is the previous action,
T represents joint torques, ¢¢ = [sin(y;), cos(p¢)] encodes
gait phase, H; € RE*Ni*L i the joint state history, and
1™ € [0, 1] is the VLM-predicted friction.
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Figure 2: Policy network structure. Joint state history is processed
as a 2D “past-state-picture” through a CNN. The friction estima-
tor uses LSTM to infer current contact friction from proprioception.
Both predicted and estimated friction are concatenated with other
observations and fed to the action MLP.

The critic additionally observes privileged information:

Mgontact ) ( 3 )

Ground-truth Friction

critic __ - feet contact 7, feet
Ot *(Otavtapt 7Ft 7ht )

Privileged States

where v; is base linear velocity, piet and FfoMa<t are feet ve-
locities and contact forces, hi* is feet height, and o™t is

the ground-truth friction at current contact. Notably, the actor

sees predicted future friction 2™ while the critic observes

actual contact friction p$°"", enabling the policy to learn an-
ticipatory gait adjustment.

The action a; € RY7 specifies target joint positions, con-
trolled by a PD controller. Reward function combines ve-
locity tracking, style regularization, and friction-adaptive re-
wards (details provided in supplementary material).

3.2 VLM-based Friction Predictor

We leverage the world knowledge embedded in Vision-
Language Models, which have learned associations between
visual appearances and physical properties (e.g., “rubber pro-
vides grip”) from large-scale image-text pretraining.

Dataset Construction. We construct a terrain friction
dataset containing 33261 images of 10 surface types by split-
ing online videos and label with the corresponding friction
coefficient, including dry and rainy street, wooden and ce-
ramic floors, icy, grassy, sandy, snowy, unpaved and marshy
surfaces (details see supplementary material).

Model Architecture. We adopt Qwen2.5-VL-7B-
Instruct [Bai et al., 2025] as our base VLM and fine-tune it
using Low-Rank Adaptation (LoRA) [Hu erf al., 2022]. Given
an egocentric RGB image I; capturing the terrain ahead of the

robot, the model predicts the friction coefficient zf™:

12 = furm(Ls; Ovaser AOLora) 4

where 0Oy, represents the frozen pretrained weights and
ABbra denotes the trainable low-rank adaptation matrices.
LoRA decomposes the weight update as AW = BA, where
B € R™" and A € R"™* with rank » < min(d, k), sig-
nificantly reducing the number of trainable parameters while
preserving the model’s pretrained knowledge.
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3.3 Friction-Aware Locomotion Policy

As illustrated Fig. 2, the locomotion policy receives the fric-
tion coefficient as an external input, allowing the policy to
adapt its gait based on anticipated terrain properties.

Joint History as Past-State-Picture. To capture temporal
patterns indicative of terrain interactions and slips, we main-
tain a history of joint states over the past L timesteps. We
reshape it into a 2D image-like tensor:

H; = reshape ([qt—r+1:6, @t~ Lt1:65 Te—L+1:¢]) € RE*NixL
®)
where the channels C' = 3 correspond to joint positions,

velocities, and torques. This “past-state-picture” representa-
tion treats the degrees of freedom as the height dimension
and time as the width dimension, enabling a 2D CNN to si-
multaneously capture temporal patterns hidden in history and
cross-joint correlations through spatial convolutions.

Latent Feature Extraction. The past-state-picture is pro-
cessed by a 2D CNN encoder to extract a compact latent rep-
resentation:

2 = fon(Hy) (6)

The CNN consists of 2 convolutional layers with kernel size
[3x3], followed by adaptive average pooling and ELU acti-
vations. The latent vector z/7 encodes motion patterns that
reflect terrain properties through foot-ground interactions.
Friction Estimator. In addition to the proactive VLM-

based prediction 1™, we incorporate a reactive friction esti-
mator that infers the current contact friction from propriocep-
tive observations. The estimator takes proprioceptive inputs
excluding velocity commands, as friction estimation should
be independent of the commanded motion. The estimator
uses an LSTM to capture temporal dynamics, followed by an
MLP to regress the friction coefficient. During training, the
estimator is supervised by the ground-truth contact friction

contact

g using MSE loss.

Oisl _ (wt,gt»qtv qt7at71, Tfof’ Tt, ¢t) @)
g™ = fup (fLSTM(O?—tL:t)) ©
Low = (5 — 52 )

where of* is the estimator input, u$™ is the estimated friction

coefficient, and L. is the supervision loss.
To prevent gradient interference between the estimator and
the policy, we detach uS*" before feeding it to the action head.

4 Experiments

4.1 Experimental Setup

We conduct both simulation experiments and real-world de-
plyment both with the 29-DoF Unitree G1 humanoid robot.
Simulation is performed in Genesis [Authors, 2024] and loco-
motion policy training is completed on NVIDIA A100, with
40GB of memory. During deployment, the policy is zero-shot
transferred on NVIDIA A5000.

Evaluation Metrics

We evaluate the performance using the following metrics,
where f; indicates whether the robot fell during trial 4:

 Survival Rate. The percentage of trials where the robot
does not fall, regardless of whether it reaches the target
distance in time (20s):

1 N
Bary = ; 1[-fi] (10)

* Success Rate. The percentage of trials where the robot
traverses a target distance dyrge in time, where N is the
total number of trials and d; is the distance traveled in
trial i:

N
1
Esucc = N ; 1 [dz > dtarget] (1 1)

* Stuck Rate. The percentage of trials where the robot
fails to reach the target distance but does not fall:

N
1
Estuck = N Z 1 [dz < dtarget A _'f’L] (12)

i=1

« Slip Rate. The ratio of slip events to total contact steps
during locometion, where F is the set of feet, v?‘ff“"c‘ is
the tangential velocity of foot j at time ¢, v, is the slip
velocity threshold, and c;; indicates foot-ground con-

tact:
Eqip = ZtT:l Zje}-; [vatmw||2 > vgiip A ¢j 0 = 1]
2ot Zje}‘ 1eje = 1]
(13)
Baselines

To assess the effectiveness of Wol, we compare Wol against
(1) PPE[Chen er al., 2024]; (2) FSL[Peng e al., 2025]; (3)
DLSG/Jenelten et al., 2019]; (4) MRCNNI[Brandao et al.,
2016]; (5) LeggedGym [Rudin et al., 2022]; (6) DWL [Gu
etal., 2024].

Ablations

To validate the contribution of each component, we evalu-
ate the following ablation variants: (1) w/o VLM: eemov-
ing the VLM-based friction predictor 1™, relying solely on
proprioceptive friction estimation; (2) w/o Estimator: re-
moving the proprioceptive friction estimator 4$¥, using only
VLM-predicted friction; (3) w/o Both: removing both fric-
tion inputs, equivalent to a friction-unaware baseline; (4)
Wol,p cnn: replacing the 2D CNN history encoder with a 1D
temporal convolution; (5) Wolystym: replacing the 2D CNN
history encoder with an LSTM network.

4.2 Simulation Results

Comparison with Baselines

Methods in Different Environments. Tab. 1 presents a com-
parison of methods in different environments. Unlike ap-
proaches that rely on proprioceptive estimation only (DLSG,
DWL), vision-based prediction only (PPE, FSL, MRCNN),
or domain randomization without explicit friction awareness
(LeggedGym), Wol uniquely combines both reactive pro-
prioceptive estimation and proactive VLM-based prediction,
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Algorithm
Metrics PPE FSL DLSG MRCNN LeggedGym DWL Wol
[Chen et al., 2024] [Peng et al., 2025]  [Jenelten ez al., 2019]  [Brandao et al., 2016]  [Rudin ez al., 2022]  [Gu et al., 2024] (Ours)
Applications Friction Prediction Locomotion Locomotion Locomotion Locomotion Locomotion Locomotion
Robot Type Quadruped Wheeled-Legged Quadruped Humanoid Quadruped & Biped Humanoid Humanoid
Rpriction No DR Not Provided No DR No DR [0.50,1.25] [0.20,2.00] [0.10,1.00]
Awagriction Predictive Predictive Reactive Predictive None Reactive Predictive & Reactive
Afriction Vision (DINOv2-Based) VLM+RAG Proprioception Vision (CNN-Based) None Proprioception ~ VLM+LoRA & Proprioception
Success Rate (%) - 100.0 - - 100.0 100.0 100.0
Tiriar (s) 20.0 69.8 60.0 20.0 10.0 6.1

Table 1: Comparison of different methods. Ry;iction stands for the domain randomization range of friction during training phase. No DR
means that the method does not apply domain randomization in training phase. Awa friction stands for the awareness of friction. M friction
stands for the perception method of friction. T%,44; stands for the time used to finish a trial.

Method n=0.1 =02 n=0.3 =05

Esurv Esucc Estuck Eblip Esurv Esucc Estuck Eblip Esurv Esucc Estuck Eblip Esurv Esucc Estuck Eblip
LeggedGym [Rudin et al., 2022] | 100.0 0.0 1000 0.24 | 100.0  55.1 449 011 | 1000 713 287 0.11 | 100.0  88.1 11.9  0.17
DWL [Gu ez al., 2024] 70.6 0.0 70.6  2.68 | 93.3 0.0 933 1.89 | 100.0 924 7.6 555 | 100.0 9838 1.2 6.77
‘Wol (Ours) 100.0  100.0 0.0 1.44 | 100.0 100.0 0.0 0.74 | 100.0 100.0 0.0 0.64 | 100.0 100.0 0.0 1.28
Method ‘ 1n=0.8 ‘ p=10 1.0-0.1 ‘ 1.0 0.3

Esurv Esucc Estuck Eslip Esurv Esucc Estuck Eslip Esurv Esucc Estuck Eslip Esurv Esucc Estuck Eslip
LeggedGym [Rudin et al., 2022] | 100.0  89.4 106 0.19 | 100.0 759 241 020 | 100.0 76.1 239 020 | 100.0 76.7 233 0.20
DWL [Gu ef al., 2024] 100.0 994 0.6 687 | 100.0 983 1.7 672 | 473 0.8 46.5 4.64 | 1000 915 85 578
‘Wol (Ours) 100.0  100.0 0.0 1.08 | 100.0 100.0 0.0 137| 983 983 0.0 1.44 | 100.0 100.0 0.0 0.63

Table 2: Comparison with different methods on uniform friction and friction transition scenarios. The robot is tasked to walk 5 meters within
1000 simulation steps at SOHz (20s) with a ahead command of 1.0m/s. For friction transition scenarios, the robot starts on a surface with
4 = 1.0 and encounters a friction change after traveling 0.5m. All results are averaged over 1000 episodes.

gog 0:4 0:4 \\W IAIH‘ ﬂ H oj4 0i4
e ™

Figure 3: Foot Velocity Comparison on fixed friction scenarios. The robot is tasked to walk with a ahead command of 1.0m/s, and data is
collected over 1000 episodes with per episode of 1000 steps. The X axis stands for step count, Y axis stands for the tangential velocity of

contact foot, which suggest the slip level.

achieving both anticipatory gait adjustment and real-time cor-
rection. Wol covers a more extensive low-friction range (0.1)
compared to LeggedGym (0.5) and DWL (0.2). Moreover,
our method completes trials in 6.1 seconds on average, re-
ducing trial time by approximately 90% compared to DLSG
(69.8s) and MRCNN (60.0s).

Uniform Friction Surfaces. Tab. 2 presents that Wol
achieves 100.0% survival rate and 100.0% success rate across
all friction conditions. On extremely low friction (1 = 0.1),
Wol improves survival rate by 29.4% and success rate by
100% compared to DWL, while reducing slip rate by 1.24%,
demonstrating strong effectiveness and robustness on low-
friction surfaces. As shown in Fig. 3, Wol shows lower con-
tact tangential velocity than DWL, indicating better slip con-
trol in extreme scenarios. At i = 0.2, DWL achieves 93.3%
survival rate, but has a slip rate of 1.89%, compared to 0.74%
for Wol, indicating that our method avoids overly conserva-

tive behavior while maintaining robustness. At moderate-low
friction (u = 0.3), all methods achieve 100.0% survival rate,
but Wol improves success rate by 7.6% over DWL’s 92.4%
and reduces slip rate by 4.91% from DWL’s 5.55%. On
moderate to high friction surfaces (¢ = 0.5,0.8,1.0), DWL
achieves 100.0% survival rate, but Wol further improves suc-
cess rate by 1.2%, 0.6%, and 1.7% respectively, while reduc-
ing slip rate by 5.47%, 5.79%, and 5.35%.

For LeggedGym, which relies solely on domain random-
ization without explicit friction awareness, it achieves 100%
survival rate (see Fig. 4(a)) and the lowest slip rate across
all surfaces. However, even on high friction surfaces (u =
0.8,1.0), it exhibits 10.6% and 24.1% stuck rates respec-
tively, while Wol has 0.0% stuck rate. On extremely low
friction (u = 0.1), LeggedGym reaches 100.0% stuck rate,
while Wol still has a lower max tangential velocity of con-
tact foot and similar min tangential velocity of contact foot,
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Figure 4: Comparison on Fsyrv, Fsuce, Estuck With different methods on uniform friction and friction transition scenarios. (a) Uniform
friction scenarios. The X axis is the friction coefficient and the Y axis is the rate. (b) Friction transition scenarios. The X axis stands for the
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Figure 5: Foot Velocity Comparison on friction transition scenarios.
The robot is tasked to walk with a ahead command of 1.0m/s with a
initial area of 0.5m long with friction coefficient of 1.0, and data is
collected over 1000 episodes with per episode of 1000 steps. The X
axis stands for step count, Y axis stands for the tangential velocity
of contact foot, which suggest the slip level.

indicating better control of slipping and efficiency.

These results demonstrate that'Wol effectively handles the
full spectrum of friction conditions, while baseline methods
either adopt overly conservative gaits (LeggedGym) or fail to
adequately handle low-friction surfaces (DWL).

Friction Transition ‘Scenarios. Tab. 2 presents results
on friction transition scenarios, including high-to-moderate
(1.0 — 0.3) and high-to-extreme (1.0 — 0.1) transitions.
Wol achieves the highest success rate across all methods and
scenarios. In the extreme transition (1.0 — 0.1), although
LeggedGym achieves 100.0% survival rate (See Fig. 4(b)),
it exhibits a stuck rate of 23.9% and show very low tangen-
tial velocity of contact foot (See Fig. 5), indicating conserva-
tive gaits. DWL only achieves 47.3% survival rate, and obvi-
ously high tangential contact foot velocity, demonstrating that
methods relying solely on reactive friction estimation have
limited adaptability to friction transitions. In contrast, Wol
improves success rate by 22.2% over LeggedGym and 97.5%
over DWL, and shows low but suitable tangential velocity of
contact foot, demonstrating strong robustness and traversabil-

ity under varying friction conditions. In the 1.0 — 0.3 tran-
sition, Wol achieves 100.0% survival rate and success rate,
improving success rate by 23.3% over LeggedGym and 8.5%
over DWL, while reducing slip rate by 5.15% compared to
DWL, demonstrating that Wol maintains excellent robust-
ness, efficiency, and gait stability when transitioning from
high to low friction surfaces. These results demonstrate that
LeggedGym survives through conservative gaits but fails to
make forward progress, DWL falls due to the lack of proac-
tive friction anticipation, while only Wol achieves both high
survival and traversability.

Ablation Studies

Friction Awareness Components. Tab. 3(a) presents the
ablation on friction awareness components. All methods
achieve 100.0% survival rate and success rate on uniform
friction surfaces (4 = 0.3 and p = 0.8) and moderate fric-
tion transitions (1.0 — 0.3), with w/o VLM and w/o Both
achieving the lowest slip rates at 4 = 0.3 and o = 0.8.
However, in extreme friction transitions (1.0 — 0.1), Wol
achieves the highest success rate of 98.3% and the lowest
slip rate of 1.44%. Compared to w/o VLM, Wol improves
success rate by 4.8%, demonstrating the effectiveness and
necessity of proactive friction prediction for friction transi-
tion scenarios. Compared to w/o Estimator, Wol improves
success rate by 0.6% and reduces slip rate by 0.43%, con-
firming that the proprioceptive estimator contributes to im-
proved performance in friction transition scenarios. The w/o
Both variant achieves the highest survival rate of 99.9%, but
also exhibits the highest stuck rate of 4.0%, resulting in 2.4%
lower success rate than Wol, indicating relatively conserva-
tive gaits due to the complete lack of friction awareness. In
summary, the VLM predictor enables proactive adaptation to
friction changes, the proprioceptive estimator provides real-
time refinement, and their combination achieves optimal per-
formance across all scenarios.

History Encoder Architecture. Tab. 3(b) compares different
history encoder architectures. All methods achieve 100.0%
survival rate and success rate on uniform friction surfaces
(@ = 0.3 and pr = 0.8) and moderate friction transitions
(1.0 — 0.3). Since all variants retain the dual friction aware-
ness mechanism, they exhibit 0.0% stuck rate across all sce-
narios. Additionally, Wol with LSTM encoder and Wol with
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Method n=0.3 n=038 1.0 - 0.1 1.0 - 0.3

Esurv Esucc Estuck Eslip Esurv Esucc Estuck Eslip Esurv Esucc Estuck Eslip Esurv Esucc Estuck Eslip
(a) Ablation on Friction Awareness
Wol(Ours) 100.0 100.0 0.0 0.64 | 100.0 100.0 0.0 1.08 98.3 98.3 0.0 1.44 | 100.0 100.0 0.0 0.63
w/o VLM 100.0 100.0 0.0 0.62 | 100.0 100.0 0.0 0.72 93.5 93.5 0.0 1.74 | 100.0 100.0 0.0 0.66
w/o Estimator 100.0 100.0 0.0 1.14 | 100.0 100.0 0.0 1.06 97.7 97.7 0.0 1.87 | 100.0 100.0 0.0 1.08
w/o Both 100.0 100.0 0.0 0.86 | 100.0 100.0 0.0 0.56 999 959 4.0 1.64 | 100.0 100.0 0.0 0.64
(b) Ablation on History Encoder
Wolop cnn(Ours) | 100.0  100.0 0.0 0.64 | 100.0 100.0 0.0 1.08 983 983 0.0 1.44 | 100.0 100.0 0.0 0.63
Wolp cnn 100.0 100.0 0.0 1.43 | 100.0 100.0 0.0 0.82 946 94.6 0.0 1.58 | 100.0 100.0 0.0 1.23
Wolistm 100.0 100.0 0.0 0.24 | 100.0 100.0 0.0 1.52 954 954 0.0 245 | 100.0 100.0 0.0 0.21

Table 3: Ablation study on friction awareness components and history encoder architectures. Experimental setup follows Tab. 2. All results

are averaged over 1000 episodes.

Figure 6: Real-world experiments. We conduct real-world experiments on (a) Wooden floor with the left half dry and the right half watered.
(=~ 0.4-0.6 — p =~ 0.2-0.3). (b) Normal tile floor (1 ~ 0.3-0.5). (c) Frozen outdoor surface covered with ice and snow (1 ~ 0.05—
0.15).

1D CNN encoder achieve the lowest slip rates at. u = 0.3
and p = 0.8, with LSTM achieving the lowest slip rate in the
1.0 — 0.3 transition. However, in extreme friction transitions
(1.0 — 0.1), Wol with 2D CNN encoder achieves the high-
est survival rate and success rate of 98.3% and the lowest slip
rate of 1.44%, improving success rate by 3.7% over 1D CNN
and 2.9% over LSTM. These results demonstrate that treat-
ing joint history as a 2D “past-state-picture” better captures
the motion dynamics and contact information embedded in
cross-joint correlations. In. summary, while all encoder archi-
tectures perform comparably on moderate friction conditions,
the 2D CNN encoder provides superior performance in chal-
lenging friction transitions by exploiting spatial correlations
across joints.

4.3 Real-World Experiments

We deploy Wol on a real Unitree G1 humanoid robot without
any fine-tuning. The VLM runs at 1 Hz, and the control loop
runs at 50 Hz, consistent with simulation.

Results. As Fig. 6 illustrated, Wol successfully performed
on surfaces varying from indoor to outdoor and with friction
transition, demonstrating adaptive control across various sce-
narios. In the indoor wooden floor test (Fig. 6(a)), the right
half of wood is watered to decrease friction and to create fric-
tion transition situation. Wol successfully traverse both the
dry area and the watered area, validating the ability to han-

dle varying friction surfaces in real-world. In normal indoor
tile floor test (Fig. 6(b)), Wol walks with a natural,efficient
gait. On icy surfaces, as Fig. 6(c) shown, robot encounters a
slippage at initialization and recovers immediately and suc-
cessfully navigates surfaces covered with snow and ice.

5 Conclusion

We presented Wol, a friction-aware locomotion framework
that enables humanoid robots to walk robustly on surfaces
with varying friction coefficients. Our approach combines
three key components: a VLM-based friction predictor that
leverages world knowledge to anticipate surface friction from
egocentric images, a proprioceptive friction estimator that
provides reactive correction during contact, and a 2D CNN-
based history encoder that processes joint state history as
a “past-state-picture” for effective temporal feature extrac-
tion. Experiments in simulation and real-world deployment
demonstrate that Wol achieves higher success rate both on
fixed low-friction surfaces and friction transition scenarios
compared to different methods, while maintaining robust
performance and effectiveness across diverse terrain condi-
tions. We will explore policy work both in environments with
changes both in physical properties and geometric shape in
the future.
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