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Abstract

Quadruped robots are increasingly required to operate in complex, unstructured
terrains for tasks such as inspection and exploration. In harsh environments,
exteroceptive sensors often provide only partial or noisy observations, making
proprioceptive terrain estimation and motion stability even more critical. In addi-
tion, simulation-based policy training must efficiently balance exploration and
exploitation. In this paper, we make two main contributions. (1) Building on the
terrain-imagination framework (CENet) of DreamWaQ, we introduce stability-
oriented rewards based on the Variable Height Inverted Pendulum (VHIP) model
and a stand-still pose reward, improving both static and dynamic stability on
complex terrains. (2) We extend PPO with a multi-metric dynamic entropy coef-
ficient that adapts to performance gaps (velocity tracking and terrain utilization),
yielding faster convergence and improved final performance in simulation. Abla-
tion studies in MuJoCo show that VHIP rewards significantly reduce fall rates
on challenging terrain levels; comparison with DreamWaQ in Isaac Gym shows
statistically significant gains in linear velocity tracking and convergence speed.
We further deploy the policy on a DeepRobotics Lite3 robot; real-world tests on
stairs, rough and smooth surfaces, and grassland provide qualitative evidence of
deployment feasibility.

Keywords: Reinforcement learning, Quadrupedal robot, PPO, Dynamic entropy
coefficient, VHIP model, Terrain imagination, Sim-to-real



1 Introduction

Due to their agile mobility and environmental adaptability, quadruped robots have
become core platforms for executing high-value tasks in complex unstructured sce-
narios (e.g., mountain inspection, rescue operations in ruins, and field exploration).
Such tasks often require the robots to carry high-precision sensors (such as LiDAR
and multispectral cameras) while coping with disturbances from dynamic terrains like
soft ground, slopes, and gravel. In some scenarios, sensors may only provide sparse,
noisy observations due to occlusions or harsh conditions (e.g., dust, low light) [1].
Against this background, the robot’s terrain estimation capability and locomotion sta-
bility under complex disturbances directly determine the reliability of task execution.
Furthermore, the control policies for quadruped robots rely heavily on large-scale sim-
ulation training; thus, improving the efficiency of simulation training and shortening
the policy iteration cycle are also critical bottlenecks for practical deployment.

Although significant progress has been made in recent years in quadruped robot
motion control and terrain perception, robustness in complex dynamic environments
still faces two core challenges.

1.1 The Coupling Challenge Between Terrain Perception and
Motion Control

Traditional methods often rely on explicit terrain reconstruction (e.g., visual SLAM)
to support motion planning. However, sensor noise and dynamic terrain changes (e.g.,
rolling stones and loose gravel) can accumulate reconstruction errors and lead to gait
instability. Lee et al. [2] used proprioceptive feedback and reinforcement learning for
simulation training and zero-shot sim-to-real transfer, producing locomotion policies
that traverse many challenging terrains. DreamWaQ [3] further demonstrated that
proprioception-only locomotion can be improved through implicit terrain imagination
with CENet. In highly dynamic terrains, however, trajectory-level adaptation alone
can still produce unstable body motion if no explicit dynamics-oriented stability signal
is provided during policy optimization.

1.2 The Efficiency Versus Generalization Trade-off in
Simulation Training

Reinforcement learning (RL)-based policy training requires a careful balance between
exploration and exploitation. A static entropy coefficient can lead to insufficient explo-
ration in early training (policies trapped in local optima) or redundant exploration
in later training (slow convergence). Meanwhile, distribution discrepancies between
simulation environments and real-world terrains (e.g., friction coeflicients and terrain
stiffness) may degrade robustness after policy transfer. Existing works often address
this issue through manual parameter tuning or fixed entropy-decay schedules, but
these approaches provide limited adaptation across training phases.

To address these challenges, this paper positions itself as a direct extension of
the DreamWaQ pipeline under the same proprioception-centered setting. Specifically,
we preserve the CENet-based framework and introduce two targeted modifications:



(1) a dynamics-informed stability reward design (VHIP and stand-still pose), and
(2) a multi-metric dynamic entropy-adjustment mechanism for PPO. Our concrete
contributions are as follows.

1.2.1 Reward Design Based on CENet Terrain Imagination and
Dynamics Enhancement

We build on the Context-Encoded Network (CENet) terrain-imagination framework
proposed by DreamWaQ to learn implicit terrain features. In addition, we intro-
duce stability-oriented reward terms based on the Variable Height Inverted Pendulum
(VHIP) dynamic model [4] and a stand-still pose reward for static stability. This
reward design provides additional physics-motivated training signals for balance
control under uncertain terrain conditions.

1.2.2 PPO Optimization Algorithm with Dynamic Entropy
Coefficient

Inspired by the annealing idea (high exploration early, lower later), we design a
performance-driven entropy coefficient mechanism for PPO. Unlike classical simulated
annealing, which schedules temperature by iteration count, our mechanism adjusts
the entropy coefficient based on multi-metric performance gaps, so that exploration
increases when performance degrades and decreases when the policy matures. A larger
entropy coeflicient is used in the early training stage to encourage exploration, while a
smaller coefficient is applied later to stabilize policy updates. This mechanism does not
change the policy architecture and can be integrated into the original PPO training
pipeline with limited additional implementation overhead.

2 Related Work

Recent quadruped locomotion studies increasingly rely on reinforcement learning
with proprioceptive sensing and large-scale simulation. Lee et al. [2] demonstrated
zero-shot sim-to-real locomotion on challenging terrains, and DreamWaQ [3] further
improved adaptation through implicit terrain imagination. In addition, disturbance-
aware internal modeling has been shown to improve robustness in complex conditions
[1].

To improve stability on uneven terrains, model-informed reward design has become
a practical direction. Representative works integrate VHIP, cart-table, or SLIP-style
priors into the learning objective [4-8]. These approaches indicate that physics-
informed reward terms can reduce unstable gait behaviors and improve robustness
under disturbance.

For policy optimization, entropy regularization is commonly used to balance explo-
ration and exploitation. Existing adaptive entropy methods suggest that fixed entropy
settings can be suboptimal across training phases [9, 10]. Motivated by this line, our
work introduces a multi-metric dynamic entropy mechanism tailored to quadruped
locomotion training, while keeping the policy architecture unchanged.



Compared with DreamWaQ), our method keeps the same proprioception-only learn-
ing paradigm and CENet-centered architecture, but differs in two aspects. First, we
introduce explicit dynamics-oriented stability rewards (VHIP and stand-still pose)
to complement implicit terrain imagination. Second, we replace fixed entropy han-
dling with a performance-driven dynamic entropy-adjustment strategy in PPO. This
design allows a like-for-like comparison against DreamWaQ while isolating the effects
of reward and optimization modifications.

Beyond the core baseline, recent legged-robot studies have explored broader direc-
tions in robustness and skill learning, including rapid adaptation, morphology-aware
control, aggressive locomotion, and multi-stage reflexive learning [11-19]. Related
advances in robust locomotion optimization and torque-level control further highlight
the practical importance of stability-exploration trade-offs in highly dynamic regimes
[20-22]. In the context of generalization, behavior multiplicity has been shown to
improve policy robustness across diverse terrains and conditions [23].

We also note that adaptive entropy tuning has been studied in broader reinforce-
ment learning contexts, including algorithmic optimization and application-driven
control tasks [24-27]. Although these works are not all developed for quadruped
locomotion, they provide useful methodological motivation for performance-driven
entropy adjustment. In a related direction, reward shaping and priors in robot learn-
ing have shown that better exploration regularization can materially influence training
outcomes [28, 29].

Table 1 Comparison with representative proprioception-based baselines.

Method Prop. CENet Stability Entropy Evidence
DreamWaQ [3] Yes Yes None Fixed Sim.+qual. RW
RMA [11] Yes No None Fixed Sim.+transfer
EstimatorNet [30]  Yes No None Fixed State-est.+sim.
Ours Yes Yes Enhanced Dynamic Fall-rate+conv.+qual. RW

Table 1 places our method in the context of representative proprioception-based
baselines. Relative to these methods, our approach combines the DreamWaQ-style
CENet setting with explicit dynamics-informed stability rewards and a performance-
driven dynamic entropy-adjustment strategy.

3 Materials & Methods
3.1 Task Definition

In this study, the environment is modeled as a partially observable Markov decision
process (POMDP), formally defined by the tuple M = (5,0, A, dy, p,r,7). The full
state, partial observation, and action are all continuous, denoted by s € S, 0 € O, and
a € A, respectively. The environment evolution starts from the initial state distribution



do(s0); state transitions follow the state transition probability p(si11]|s¢, at); and each
state transition is assigned a corresponding reward feedback via the reward function
r: S x A— R. The discount factor v ranges within [0, 1).

Our overall framework is illustrated in Figure 1. We adopt the context-aided
estimation framework CENet proposed by DreamWaQ [3], whose advantage lies in
significantly improving the accuracy of body state estimation by modeling the interac-
tion between latent terrain features z; and body velocity estimates v; using historical
dimensional data from the past 5 timesteps as input. We employ an asymmetric
actor-critic architecture to learn a robust locomotion policy through the interaction
between the policy and value networks. This policy can implicitly imagine privi-
leged observations given partial temporal observations. Additionally, we incorporate
a dynamics model-based reward function to enhance stability assessment. Finally, we
utilize an improved PPO algorithm with a dynamic entropy coefficient, which adjusts
the entropy coefficient adaptively based on provided performance metrics to facilitate
better policy optimization and updates. In summary, our proposed method enables
the rapid training of a stable locomotion control policy for quadruped robots.

-
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Fig. 1 Our overall framework.

In our framework, we adopt an approach that combines partial historical obser-
vations with current proprioceptive observations. First, we define the proprioceptive
observation at a single time step as o;, where o; is an n X 1 vector defined as follows:

0 = [, wi, g1, O, 0, ar—1]" (1)



Furthermore, in this paper, we define the temporal observation at time ¢, based on
the past H measurements, as

0{1 = [Ot,Otfl,..th,H]T (2)

where the superscript 7" denotes matrix transposition. c;, wy, gz, 6, 9t, and a;_, repre-
sent the 3-dimensional torso velocity command, 3-dimensional torso angular velocity,
3-dimensional gravity vector in the torso coordinate system, 12-dimensional joint
angles, 12-dimensional joint angular velocities, and 12-dimensional previous action,
respectively, totaling 45 dimensions. Additionally, we define the privileged observation
as s¢, and the definition of s; is as follows:

St = [Ot,vt,dt, ht]T (3)

where d; is the 3-dimensional external disturbance force, h; is the 187-dimensional
height scan points, totaling 238 dimensions.

The input to the CENet consists of historical observations from five time steps
and the current time step’s observation. The policy (Actor) takes the current obser-
vation o; together with the CENet outputs v; and z; as its input. It then outputs a
12-dimensional joint action via a PD controller, which ultimately interacts with the
simulation environment to obtain a reward. The value network (Critic) receives the
complete privileged observation s; and outputs a 1-dimensional value.

3.2 CENet

To enhance the environmental perception ability of reinforcement learning policies, this
paper designs a variational autoencoder (VAE) as an environmental encoder compo-
nent based on the terrain imagination framework CENet (Context-Encoded Network)
proposed by DreamWaQ [3]. This component can extract environmental features from
historical observation sequences and provide rich environmental information for the
policy network.

The environmental encoder adopts an encoder-decoder architecture, as shown in
Figure 2.
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Fig. 2 CENet architecture.



The encoder network maps the sequence off € R2™ consisting of 5 time-step

historical observations + 1 time-step current observation into the latent space, which
contains two branches: the speed estimation branch and the latent feature branch.
Specifically, the encoder network first passes through the shared hidden layer:

h = ELU(Linear(ELU(Linear(of’)))) (4)
Then, calculate the mean and variance of the speed branch and the potential
feature branch respectively:

Hvel = Lingel(h)v log 012,61 = Lin7,,(h) (5)
Hiatent = Linétatent(h)v log Jl2atent = Lin?atent(h) (6)

where h € R% is a shared hidden representation, Loel € R? and Wiatent € R16
respectively represent the estimated speed and the mean value of the latent features.

To maintain the gradient differentiability, the reparameterization technique is
employed to sample from the latent distribution:

Zvel = Hyel + Opel © €vely €vel ™~ N(Oa I) (7)

Zlatent = Mlatent + Tlatent © €latent;  Elatent ™~ N((); I) (8)
where 0, = exp(logo?,; - 0.5), ® indicates element-wise multiplication. The final
environment encoding is:

z = [Zvela Zlatent] S ng (9)
The decoder network reconstructs the environment encoding into a single-step
observation:

o+ = Linear(ELU(Linear(ELU(Linear(z))))) (10)
where 0, € R*® is a single-step observation for reconstruction, used to verify the
encoding quality.
The training of the environmental encoder adopts the loss function of the
variational autoencoder, which consists of three components:
Estimated speed loss:

Evel = ||Zvel - vtarget”% (11)
Reconstruction Loss:
Lrecon = ||0t - Otarget”% (12)
KL divergence loss:
1 d
ﬁKL=—§ 2(1+10g012_ﬂ?_‘7i2) (13)
i=

where d is the dimension of potential characteristics, viqrger is the actual speed
extracted from the privileged observation, o¢qrge is the first step of the historical
observation sequence.



Total loss function:

ECENet = ‘Cvel + E'recon + BEKL (14>

where 3 is the KL divergence weight coefficient, and in this paper, it is set to 1.0.
The output of the environment encoder is used to enhance the policy network.
Specifically, the environment encoding z is blended with the current observation

Ocurrent:

Oenhanced = [Z, Ocurrent] S R64 (15)
Then, the enhanced observations are input into the Actor network:

a = Actor(Oenhanced) (16)

This design enables the policy to simultaneously utilize the immediate informa-
tion observed at present and the historical information encoded by the environment
encoder, thereby making more intelligent decisions in complex environments. Through
this design of the environment encoder, the intelligent agent can learn the potential
representations of the environment from historical observations, including terrain fea-
tures and dynamic changes, enhancing the adaptability and robustness of the policy
in complex environments.

3.3 Network Architecture

Our framework employs an asymmetric actor-critic architecture with a separate
environment encoder (CENet). The detailed network architectures are as follows.

Actor Network: The actor network takes as input the concatenation of the
CENet output z € R!Y (consisting of 3-dimensional velocity estimate and 16-
dimensional latent features) and the current observation o; € R*, resulting in an
input dimension of 64. The network consists of three hidden layers with dimensions
[512, 256, 128], each followed by an ELU (Exponential Linear Unit) activation func-
tion. The output layer produces 12-dimensional joint angle targets, which are then
tracked by a PD controller.

Critic Network: The critic network receives the privileged observation s; € R?3®
as input. It shares the same architecture as the actor network, with three hidden layers
of dimensions [512, 256, 128] and ELU activations. The output layer produces a scalar
value estimate.

CENet Encoder: The encoder processes the historical observation sequence of! €
R?70 (6 timesteps: 5 historical + 1 current, each with 45 dimensions). It first passes
through two shared linear layers with dimensions [270, 128] and [128, 64], each followed
by ELU activation. The shared representation h € R4 is then split into two branches:
(1) velocity estimation branch outputs mean and log-variance for a 3-dimensional
velocity estimate, and (2) latent feature branch outputs mean and log-variance for a
16-dimensional latent feature vector.

CENet Decoder: The decoder reconstructs the single-step observation from the
encoded representation z € RY. It consists of three linear layers with dimensions



[19, 64], [64, 128], and [128, 45], with ELU activations between layers. The output
reconstructs the original 45-dimensional observation for the VAE reconstruction loss.

All networks are initialized using standard PyTorch initialization schemes. The
CENet encoder and decoder are updated together with the actor and critic in each
PPO iteration. The actor receives the CENet output z as input, so gradients from the
policy loss flow back into CENet; we do not use stop-gradient between CENet and the
actor. Thus the entire pipeline (CENet, actor, and critic) is trained end-to-end using
the PPO algorithm with the dynamic entropy coefficient mechanism.

3.4 Reward Function Engineering

Our reward function is designed to align with established methodologies while
introducing components aimed at enhancing dynamic stability. We integrate the
VHIP-based reward terms proposed by Xiao et al. [4] into our reward framework,
together with terms for tracking accuracy, smooth joint motion, and minimal foot
impact. The VHIP-based terms, derived from the Variable Height Inverted Pendu-
lum (VHIP) model, penalize excessive torso tilt and angular acceleration, providing
a physics-based incentive for balance. The overall reward tracks the torso’s orienta-
tion and velocity, joint positions and torques, and foot contact states and clearances.
This structure guides the policy toward stable, energy-efficient gaits while optimizing
for tracking accuracy, smooth motion, minimal foot impact, and dynamic stability on
complex, unstructured terrains. The specific formulation and corresponding weights
w; for each reward component are detailed in Table 2.
The VHIP model and its dynamic modeling are shown in Figure 3:

Fig. 3 VHIP model.

where pcom represents the 3D position of the center of mass, pcop represents the
3D position of the pressure center (on a plane, its Z-axis coordinate is usually 0), and
PcoM,z is the Z-axis component of pcom.

Following Xiao et al. [4], we adopt two VHIP-based reward terms: the VHIP angle
reward function and the VHIP angular acceleration reward function. The pendulum
angle 6 can be directly used as a criterion for judging the robot’s stability. Following
their approach, we use the threshold €¢pyeshold = 0.1 rad (approximately 5.7°), which
corresponds to a reasonable stability margin for quadruped robots—beyond this angle,



Table 2 Reward Function Details

Reward Term Expression (r;) Weight (w;) Type

Lin. velocity tracking exp {7(1”077“} 1.0 Reward
Ang. velocity tracking exp {_(“’”%W 0.5 Reward
Lin. velocity(z) v2 -2.0 Penalty
Ang. velocity(xy) w2, -0.05 Penalty
Orientation lg|? -0.2 Penalty
Joint accelerations <%) 2 -2.5e-7 Penalty
Joint power S X T -2e-5 Penalty
Body height (hactual — Ptarget)? -1.0 Penalty
Foot clearance S (hfoot — Rfoot_target)? X Vfoot -0.01 Penalty
Action rate (at —ar—1)? -0.01 Penalty
Smoothness (ar —2a1—1 +at—2)?2 -0.01 Penalty
Power distribution S(1:)? -le-5 Penalty
VHIP angle max(0, |0] — O¢nreshold) -0.1 Penalty
VHIP angular acc max(0, 0] — Ginreshord) -0.001 Penalty
Stand still pose — > (g — i, defauts)? - 1(JJvay|| < 0.15) 1.0 Reward

Type: “Reward” indicates terms that encourage desired behaviors (positive weights), while “Penalty”
indicates terms that discourage undesired behaviors (negative weights). The total reward is computed
as r¢(st,at) = Y riw;. exp() denotes the exponential operator, max() denotes the maximum oper-
ator, ()emda and ()actual represent command and actual values, v denotes linear velocity, w denotes
angular velocity, g denotes the gravity vector projected onto the robot body coordinate system,
hactual and htarget denote the actual body height and target body height, 7 denotes joint torque, 6
denotes pendulum angle, 6 denotes pendulum angular acceleration. g; represents the current angle of
the i-th joint, ¢; defauls represents the default angle of the i-th joint, n is the total number of joints,
1(-) denotes the indicator function, vs, denotes the horizontal velocity vector, and || - || denotes the
Euclidean norm.
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the robot’s center of mass deviates significantly from the support polygon, increasing
the risk of tipping over. The angle 6 can be calculated using the following formula:

0 = arccos (pCOMZ|> (17)
[pcom — poopl|
When 6 increases, it indicates that the robot is tilting to the sides or forward /back-

ward. The larger the 6 angle, the more likely it is to tip over, and the worse the
stability of the body becomes.

Similarly, we use the threshold éthreshold = 0.01 as proposed in [4]. This threshold
captures the angular acceleration of the pendulum, representing the rate at which
the robot is losing balance. A value exceeding this threshold indicates that the robot
is accelerating toward an unstable configuration and requires immediate corrective
action. The angular acceleration 6 can be calculated using the formula:

gsinf

6= (18)

HpCOM — PCoP H
where g represents the acceleration due to gravity. Following Xiao et al. [4], we

adopt this expression for the VHIP angular acceleration; see their work for the deriva-
tion. A sudden increase in 6 indicates that the robot is accelerating to tilt to either
side or forward/backward. The larger the 6 value, the poorer the stability of the robot
body.

Furthermore, we observed that trained policies often fail to maintain a stable
standing posture when initialized or when given zero velocity commands, instead con-
tinuously shifting forward or backward. We attribute this behavior to the training
process: policies are consistently rewarded for maintaining balance during locomo-
tion, but receive insufficient training signals for static stability when the commanded
velocity is zero. To address this issue, we introduce a conditional reward function that
penalizes deviations from the default joint configuration only when the robot’s hori-
zontal velocity is below a threshold. This ensures that the policy learns to maintain a
stable standing posture during low-speed or zero-velocity scenarios without interfering
with normal locomotion. The conditional reward function is formulated as follows:

n
T'stand-still = — & Z(% - qi,default)2 : 1(H’UmyH < Uthreshold) (19)
i=1

where 1(||vgy|l < Uthreshold) is an indicator function that equals 1 when the hori-
zontal velocity magnitude ||vg, | is below the threshold v¢hreshola = 0.15 m/s, and 0
otherwise. This conditional formulation allows the policy to freely adjust joint angles
during normal locomotion while encouraging a stable standing posture when the
robot should remain stationary. The weight w = 1.0 was determined through experi-
mental validation, balancing the need for static stability without hindering dynamic
locomotion performance.

Finally, the total reward for a policy taking a specific action in each state is
expressed as follows:

re(se,ar) = > riw; (20)

where i is the positional index of each reward as shown in Table 2.
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3.5 Dynamic Entropy Coefficient Design

To address the issue of the fixed entropy coefficient in traditional PPO being insuf-
ficient for balancing the exploration-exploitation trade-off, this section proposes a
multi-metric-driven dynamic entropy coefficient mechanism. This mechanism adap-
tively adjusts the strength of entropy regularization by quantifying task performance
and performing a weighted fusion of multi-dimensional gaps, ensuring that the policy
maintains high exploration in the early stages of training and shifts towards efficient
exploitation upon maturity.

In this study, the loss function of the PPO algorithm is composed of the policy
clipping loss, the value function loss, the entropy regularization loss, and the CENet
network update loss, formulated as:

Lypo = EtlLorip + 1Ly — c2LENT + LOENet] (21)

where Lo rp denotes the policy clipping loss, Ly denotes the value function loss,

Lpnt denotes the entropy regularization loss, Lopner denotes the CENet network

update loss, c; denotes the value function loss weight coefficient, and co denotes the
dynamic entropy regularization coefficient.

To quantify the agent’s task performance and drive the adjustment of the entropy
coefficient, we define three key performance indicators and their corresponding preset
target thresholds: Py, Pang, and Pierrqin, representing linear velocity tracking per-
formance, angular velocity tracking performance, and terrain utilization performance,
respectively. Specifically, Py, is the mean linear velocity tracking reward (same as the
reward term in Table 2, in [0, 1], higher is better); P,,4 is the mean angular velocity
tracking reward (in [0, 1], higher is better); Pierrain 1S the mean terrain difficulty level
achieved by the policy in the current iteration, i.e., the curriculum terrain level (same
scale as in Section 3.6) averaged over all parallel environments, with higher values
indicating better utilization of challenging terrains. The corresponding thresholds are:
Tiin = 0.7, Tang = 0.3, and Tierrain = 5. These thresholds for the performance indica-
tors were not preset arbitrarily but were determined through preliminary parameter
sensitivity analysis. We conducted multiple rounds of small-scale training, with each
round consisting of 500 episodes, systematically adjusting these thresholds and observ-
ing their impact on the convergence speed of the learning curve and the stability of
the final policy. The ultimately selected thresholds were proven to provide a good bal-
ance between encouraging exploration and ensuring learning stability, demonstrating
consistent effectiveness in subsequent full-scale training.

For each performance indicator, the performance gap is calculated if the target is
not met; if the target is met, the gap is 0 to avoid invalid penalties:

Gi = max((), T; — pl) (22)
where GG; represents the gap between the i-th indicator and its target value. To

eliminate the influence of different units, the gap needs to be normalized to the interval
[0,1]:

G,
_ 2
9=7 (23)
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where g; € [0,1] indicates the degree to which the i-th indicator fails to meet the
target (g; = 0 indicates the target is fully met, g; = 1 indicates complete failure to
meet the target). Furthermore, to achieve synergistic driving of the entropy coefficient
by multiple indicators, we employ the Softmax function to weight the normalized
gaps. Compared to simple methods like taking the average (w; = 1/3) or manually
setting fixed weights, this weighting method possesses self-adaptive capability. During
different stages of training, the robot’s performance bottlenecks change dynamically
(e.g., velocity tracking might be the issue initially, while stability on complex terrain
becomes critical later). The Softmax weighting can automatically capture this change,
ensuring that the adjustment of the entropy coefficient always addresses the most
critical bottleneck problem, thereby making the exploration process more targeted.

The normalized gap column vector is constructed as:

g = [glin; Jangs gterrain] € RB (24)
A temperature parameter 7 > 0 is introduced to control the sharpness of the
weight distribution. The temperature parameter 7 governs the concentration degree of
the weight allocation. Through preliminary testing, we found that when the value of
7 is too small (e.g., 7 = 0.1), the weights become overly concentrated, leading to dras-
tic changes in the entropy coefficient and consequently unstable training. Conversely,
when the value of 7 is too large (e.g., 7 = 10), the weights become excessively aver-
aged, losing the short-board-driven effect. Ultimately, we selected 7 = 2, as this value
provides a robust balance between focusing on the primary performance shortcoming
and appropriately considering other metrics. Its effectiveness has been verified in the
main experiments.
The overall form of the weight calculation is:

g
w = softmax <Q) = Sexp# (25)
T > exp (£)
The expanded component form is:
. gi
Wi = softmax (&> = %T)gk (26)
T >hor exp (%)

where w; € [0, 1] represents the influence weight of the i-th category of indicator
on the entropy coefficient, satisfying Zle w; = 1.

Finally, based on the weighted average gap g, the dynamic entropy coefficient is
calculated as:

C2 (t) = Clow t+ g : (Chigh - Clow) (27)
where c¢joy, = 0.01 and cpigr, = 0.02 define the lower and upper bounds of the
entropy coefficient range, respectively, and g is calculated as follows:

g = (wlinglin + WangYJang + wterraingterrain) (28)

The selection of the entropy coefficient range co € [0.01,0.02] is based on empirical
observations and the stability requirement of quadrupedal locomotion. In standard
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PPO implementations, the entropy coefficient typically ranges from 0.01 to 0.1. We
adopt a narrower range to avoid excessive action randomness while preserving adaptive
exploration through the proposed metric-driven mechanism.

Relation to Existing Adaptive Entropy Methods: A representative line of
work in maximum-entropy reinforcement learning is the automatic temperature tuning
used in Soft Actor-Critic (SAC), where the entropy temperature is adjusted to match
a target entropy level. Such methods are effective for balancing global exploration-
exploitation behavior with a single entropy objective. In contrast, our target task is
quadrupedal locomotion under multi-factor constraints, where training bottlenecks
may shift across different dimensions (e.g., velocity tracking versus terrain adaptation).
Therefore, we adopt a multi-metric mechanism that adjusts entropy according to fused
performance gaps from multiple task indicators, allowing the policy to react to the
currently dominant bottleneck rather than relying on a single entropy target signal.

Implementation Details for Reproducibility: The dynamic entropy coeffi-
cient is updated once per PPO iteration. For each metric, we first compute the raw
iteration-level performance P;(t) and then smooth it using exponential moving average
(EMA): } )

P(t)y=aP(t—-1)+(1—-a)P(t), a=0.9 (29)
The smoothed values le(t), Pang (t), and pterrain(t) are used in the equations above
to compute g;, w;, and g. Then, co(f) is computed, clipped into [cjow, Chign), and
applied in the next PPO iteration. To prevent abrupt oscillations, we additionally
limit per-iteration change by:

ACQ(t) = CQ(t) - C2(t - 1), ‘ACQ(t)| S 0.002 (30)

This implementation keeps the entropy adjustment smooth and straightforward to
reproduce in standard PPO codebases.

3.6 Experimental Setup

We utilized the open-source implementation of the Isaac Gym simulator [31] for train-
ing. The simulation runs 4096 parallel robot environments simultaneously on a single
NVIDIA RTX 4070Ti GPU (16GB VRAM). Each environment is an independent
instance of the quadruped robot simulation, enabling massive parallel data collection.
The policy network, value network, and CENet were trained synchronously for 4000
iterations. We applied domain randomization across all 4096 environments. Detailed
information on the randomized parameters is listed in Table 4. The code for this
project is available at https://github.com/defineyumi/rl_training_dwaq.git.

Simulation Configuration: The simulation time step is set to dt = 0.005 sec-
onds, resulting in a simulation frequency of 200 Hz. The control frequency is 50 Hz,
achieved through a decimation factor of 4 (i.e., the policy is updated every 4 simu-
lation steps). Each episode has a maximum length of 20 seconds, corresponding to
4000 simulation steps per episode. The Isaac Gym simulator is configured with PhysX
physics engine using 10 threads for parallel computation, with position iterations set
to 4 and velocity iterations set to 0 for efficient simulation.
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Training Budget: During each training iteration, we collect 100 environment
steps from each of the 4096 parallel environments, resulting in 409,600 samples per
iteration. Over 4000 training iterations, this yields a total of approximately 1.64 bil-
lion environment samples. The policy achieves successful locomotion capability after
approximately 500 iterations (corresponding to approximately 200 million samples),
and converges to stable performance after the full 4000 iterations. The complete
training process requires approximately 4 hours on a single NVIDIA RTX 4070Ti
GPU.

PPO Hyperparameters: The complete hyperparameter configuration is detailed
in Table 3. For all algorithms, the policy network was trained using PPO with a clip
range of 0.2, generalized advantage estimate (GAE) factor A = 0.95, and discount
factor v = 0.99. The networks were optimized using the Adam optimizer with a
learning rate of 1 x 1073 and default momentum parameters (8; = 0.9, 82 = 0.999,
e = 107%). Gradient clipping is applied with a maximum gradient norm of 1.0 to
ensure training stability.

Table 3 PPO Training Hyperparameters

Hyperparameter Value Description

Clip range (€) 0.2 PPO clip threshold

GAE factor (\) 0.95 Advantage estimation factor
Discount factor (vy) 0.99 Reward discount

Learning rate 1x 103 Adam learning rate

Value loss coefficient (c¢1) 1.0 Value loss weight

Entropy coefficient range (c2) [0.01, 0.02] Entropy coefficient bounds
Softmax temperature (7) 2.0 Multi-metric weighting temperature
PPO epochs per update 5 Epochs per iteration
Mini-batch size 102,400 Samples per mini-batch
Batch size (per iteration) 409,600 Samples per iteration

Max gradient norm 1.0 Gradient clip threshold
Adam f; 0.9 First moment decay

Adam f2 0.999 Second moment decay
Adam € 10—8 Numerical stability

Domain Randomization: To bridge the sim-to-real gap and improve robust-
ness to real-world uncertainty, we apply comprehensive domain randomization across
all 4096 parallel environments during training. The randomization covers multiple
aspects of the simulation setup, including robot dynamics, ground properties, and
external disturbances. Specifically, we randomize body mass (0.8-1.2x nominal), link
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Table 4 Domain Randomization Range

Parameters Range[Min, Max] Unit
Body Mass [0.8, 1.2] X nominal value kg
Link Mass [0.9, 1.1] X nominal value kg
CoM [—0.05,0.05] (each axis) m
Payload Mass [-1, 2] kgt
Ground Friction [0.2, 1.25] -
Ground Restitution [0.0, 1.0] -
Motor Strength [0.9, 1.1] x motor torque Nm
Joint Kp [0.9, 1.1] x 40 -
Joint Kd (0.9, 1.1] x 1 -
Initial Joint Positions [0.5, 1.5] X nominal value rad
System Delay [0, 3At] s
External Force [—30,30] (each axis) N

I Negative payload mass values represent reduced robot mass (simulating scenarios with reduced load
capacity).

masses (0.9-1.1x nominal), center-of-mass position (+0.05 m per axis), and payload
mass (-1 to 2 kg, where negative values simulate reduced load-capacity scenarios).
Ground properties are randomized with friction coefficients in [0.2, 1.25] and restitu-
tion coefficients in [0.0, 1.0], enabling adaptation to surfaces ranging from slippery to
high-friction. Motor characteristics are randomized through strength variations (0.9—
1.1x nominal torque) and joint-controller gains (Kp: 0.9-1.1x 40, Kd: 0.9-1.1x 1). We
also randomize initial joint positions (0.5-1.5x nominal), system delays (0-3At), and
apply random external forces (£30 N per axis) to emulate disturbances and modeling
uncertainty. This strategy improves robustness to parameter variation and supports
generalization to real-world deployment. Detailed parameter ranges are summarized
in Table 4.

Curriculum Learning: For policy training, we adopted a curriculum learning
approach, facilitating progressive learning from simple to complex scenarios across two
dimensions: terrain and command velocity.

The command velocity curriculum learning aims to enable the policy to gradually
adapt to locomotion at higher speeds. The initial ranges for both linear and angular
velocities are set to [-1.0, 1.0]. The key mechanism for updating the velocity curriculum
involves monitoring the linear velocity tracking reward: when this reward reaches
80% of its maximum possible value consistently over multiple episodes, the system
automatically expands the velocity range boundaries by 0.2 m/s until the preset upper
limit of 3.0 m/s is reached. Concurrently, we employ an environment grouping strategy:
20% of the environments consistently receive higher velocity commands to encourage
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exploration, while the remaining 80% are assigned velocities according to the current
curriculum level, thus balancing training stability and challenge.

The terrain is generated using triangular meshes with the following core parame-
ters: horizontal scaling of 0.1 m/pixel, vertical scaling of 0.005 m/pixel, and a single
environment size of 8m x 8m. The terrain curriculum comprises 10 difficulty levels,
with the progressively increasing difficulty strategy quantitatively controlled by the
following formulas:

Slope = difficulty x 0.4
Step Height = 0.05 + 0.14 x difficulty
Discrete Obstacle Height = 0.05 + difficulty x 0.1

where difficulty represents the difficulty level. The terrain types are distributed
by proportion as follows: smooth slopes (10%), rough slopes (20%), ascending stairs
(30%), descending stairs (30%), and discrete terrain (10%) to ensure training diver-
sity. The trigger condition for updating the curriculum is based on the robot’s traveled
distance: the terrain level increases when the distance traveled exceeds half the envi-
ronment length, and decreases when the distance traveled falls below half the product
of the command velocity and the maximum episode length, thereby achieving adaptive
difficulty adjustment.

Fig. 4 Simulation environment overview.

4 Results

4.1 Comparative Experiments

To systematically validate the effectiveness of each component in our proposed method,
we conduct comprehensive ablation studies and comparative experiments. All experi-
ments are conducted under identical training conditions (same random seeds, training
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iterations, and hyperparameters) to ensure fair comparison. For the training-based
comparisons, we report mean performance with standard deviation across repeated
runs.

4.1.1 Stability Reward Validation via MuJoCo Simulation

All main policy training and the DreamWa(Q baseline comparison (Section 4.1.3) are
conducted in Isaac Gym. To isolate the effect of the stability reward terms under a
different physics engine and to align with the evaluation setup of Xiao et al. [4], we
conduct the stability reward ablation in this subsection using the MuJoCo physics
engine. We compare four method variants: (1) our complete method with both stand-
still pose and VHIP rewards, (2) our method without stand-still pose reward, (3) our
method without VHIP rewards, and (4) our method without both reward components.

The evaluation is conducted in two scenarios: (1) Static stability test: The
robot receives zero-velocity commands and is initialized at the default pose. We record
the body orientation (roll and pitch angles) over a 10-second simulation period to
assess static stability. (2) Dynamic stability test: The robot performs locomotion
on complex terrains with varying difficulty levels. We record the body orientation
trajectories and VHIP metrics (angle § and angular acceleration 9) during locomotion
to assess dynamic stability.

Body Orientation During Static Stability Test (Zero-Velocity Command)

0.10 —— Complete Method (Ours)
Without Stand-Still Pose Reward

6= 0.004 rad . ) \

Roll Angle (rad)
s
g

6\0.024 rad

0.15
——  Complete Method (Ours)

0.10 Without Stand-Still Pose Reward
0.05
o =0.001 rad

0.00 _— S e e e

0.05

Pitch Angle (rad)

¢=0.031 rad
0.10

-0.15

0 2 4 6 8 10
Time (s)

Fig. 5 Body orientation (roll and pitch angles) trajectories during the static-stability test (zero-
velocity command). The complete method maintains stable body orientation, whereas methods
without the stand-still pose reward show larger drift.

Figure 5 shows the body-orientation trajectories during the static-stability test.
The complete method maintains stable orientation, with roll-angle variance of 0.001 +
0.001 rad and pitch-angle variance of 0.001 £ 0.001 rad, while the method without the
stand-still pose reward exhibits substantially larger drift (roll: 0.024 4 0.006 rad, pitch:
0.031 4 0.008 rad). These results suggest that the stand-still pose reward helps reduce
forward /backward body shift under zero-velocity commands, partially addressing the
static-stability issue identified in Section 3.4.
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For dynamic-stability validation, Table 5 reports fall rates across terrain difficulty
levels 0-6 based on 100 independent simulation trials. Both methods achieve 0% fall
rate on levels 0—4. Starting from level 5, the method without VHIP rewards shows
higher fall rates (5% at level 5, 15% at level 6), while the complete method remains
lower (2% at level 5, 6% at level 6). A two-sample proportion test at terrain level 6
(6% vs. 15%, n = 100 per group) yields a p-value of approximately 0.03 (p i 0.05),
supporting a statistically significant difference at this level. At terrain level 5 (2% vs.
5%), the p-value is approximately 0.25 (p ¢ 0.05), suggesting a non-significant trend.
Taken together, these observations suggest that explicit dynamic-stability constraints
can help reduce failure risk on harder terrains. Through the reward terms in Table 2,
the VHIP model provides a physics-informed stability signal by penalizing unstable
center-of-mass motion.

Table 5 Dynamic Stability Comparison Across Terrain Difficulty Levels (100 simulation trials)

Metric / Level 0 1 2 3 4 5 6
Fall Rate (With VHIP) 0% 0% 0% 0% 0% 2% 6%
Fall Rate (Without VHIP) 0% 0% 0% 0% 0% 5% 15%

4.1.2 Dynamic Entropy Coefficient Experiments

To further illustrate the behavior of the adaptive entropy mechanism, we visualize the
entropy coeflicient trajectory during policy optimization, as shown in Figure 6. The
curve is stage-dependent rather than purely monotonic. In the early stage, a relatively
high coefficient maintains sufficient exploration and accelerates policy discovery. In the
middle stage, as task performance improves and tracking gaps shrink, the coefficient
gradually decreases, corresponding to a transition toward policy refinement. Impor-
tantly, the figure also shows local rebounds: around iteration 2000, the model learned a
poor policy that led to significant performance degradation. At this point, the entropy
coefficient adaptively increases to re-introduce exploration pressure. After approx-
imately 700 iterations, the model recovers from these local degradations, and the
coefficient decreases again and stabilizes, indicating a return to exploitation-dominant
optimization.

Building on the adaptive behavior illustrated in Figure 6, we further evaluate the
selected entropy-coefficient range ¢z € [0.01,0.02] (Section 3.5) through small-scale
training (400 iterations per run). We compare our dynamic entropy-coefficient method
with several baselines: (1) dynamic range [0.01,0.02], (2) dynamic range [0.01, 0.03], (3)
dynamic range [0.01,0.015], (4) dynamic range [0.005,0.01], (5) fixed value c¢o = 0.02,
and (6) fixed value co = 0.01. All methods use the same reward function and network
architecture. Each configuration is run with 5 independent random seeds (each run
trains from scratch for 400 iterations). We define convergence as the first iteration at
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Fig. 6 Adaptive entropy response during training. When policy performance degrades due to unfa-
vorable updates, the entropy coefficient increases automatically to promote re-exploration and support
recovery; after performance improves, the coefficient decreases again to stabilize optimization.

which the mean terrain level (averaged over the last 50 iterations) reaches or exceeds
5.0; configurations that do not reach this threshold within 400 iterations are reported
as “>4007.

The evaluation metrics include: (1) convergence speed (iterations to reach the con-
vergence criterion above), and (2) standard deviation of the mean terrain level across
the 5 runs, which evaluates the training stability of different parameter configurations.

Episode/terrain_level B o 3

ar

Value Step Time Relative

7

Fig. 7 Impact of entropy coefficient range on early-stage training acceleration. The figure shows
that a reasonable entropy coefficient range helps improve training efficiency in the early stage.
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Experimental results (Table 6) show that, among the tested settings, the dynamic
entropy-coefficient range [0.01,0.02] provides the most favorable trade-off, requiring
the fewest iterations and the shortest convergence time. The other tested configura-
tions do not reach the convergence criterion within 400 iterations, and wider ranges
converge more slowly in this setup. In addition, fixed entropy coeflicients cannot adapt
to changing training conditions. Figure 7 illustrates the adaptive behavior of the pro-
posed mechanism, with gradual decay during performance improvement and rebounds
when performance degrades.

Table 6 Comparison of Different Entropy Coefficient Configurations (5 independent training runs
per configuration). Convergence: first iteration at which mean terrain level > 5.0 (over the last 50
iterations); “>400” indicates not converged within 400 iterations.

Method Convergence Iterations Mean Terrain Level Level Std
[0.01,0.02] (Ours) <400 5.06 0.10
[0.01,0.03] >400 4.28 0.15
[0.01,0.015] >400 4.69 0.12
[0.005,0.01] >400 4.10 0.18
Fixed ca = 0.02 >400 3.74 0.20
Fixed ¢z = 0.01 >400 4.74 0.14

4.1.3 Overall Performance Comparison

To evaluate the overall effectiveness of our complete method, we compare it with the
baseline method DreamWaQ [3] used in this study. Both methods are evaluated on
the same terrain curriculum learning task in Isaac Gym, trained for 4000 iterations.
Each method was run with 5 independent random seeds; we report mean + standard
deviation across these 5 runs. Convergence is defined as the first iteration at which
the smoothed mean terrain level reaches or exceeds 5.9.

The comparison results show that our complete method performs slightly better
than DreamWaQ in final terrain level (6.0 £ 0.03 vs. 5.8 £ 0.1) and linear veloc-
ity tracking accuracy (0.8 £+ 0.015 vs. 0.75 £ 0.01), while maintaining comparable
angular velocity tracking accuracy. Statistical testing shows that the final-terrain-level
difference (6.0 vs. 5.8, n = 5 per method) yields a p-value of approximately 0.08,
which does not meet the conventional significance threshold (p j 0.05) but indicates
a positive trend. For linear-velocity tracking accuracy (0.8 vs. 0.75), the p-value is
approximately 0.02 (p j 0.05), supporting a statistically significant difference. In addi-
tion, our method converges faster (3000 £ 23 vs. 3500 + 38 iterations to reach terrain
level 6), with p j 0.001 for the convergence-speed difference. This faster convergence
is consistent with the intended role of the dynamic entropy-coefficient mechanism in
improving the exploration-exploitation balance during training.
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Fig. 8 Compared with the baseline method, the figure shows the results of linear velocity and angular
velocity tracking rewards and terrain curriculum learning levels after 4000 iterations.

4.2 Model Deployment
4.2.1 MuJoCo Simulation Deployment

A MuJoCo  simulation test video is  available at  https://www.
bilibili.com/video/BV1aFypBoE3N /?share_source=copy_web&vd_source=
5915f7024dc31b4ddba8b43albe23a213. The video demonstrates locomotion perfor-
mance on flat ground (straight motion and turning), stairs, and sloped terrain.
The simulation environment is provided by Deep Robotics, and the related code is
available on the official website.

4.2.2 Real-World Deployment

We conducted real-world experiments using the Deep Robotics Lite3 robot. All con-
trol and inference processes were executed on the robot’s onboard computer. Control
commands were issued via a handheld controller, and policy inference was performed
at 50 Hz. The joint-angle commands produced by the policy were tracked by a PD
controller with gains k, = 40 and kg = 1. In this manuscript, the real-world evalua-
tion is qualitative and is intended primarily to demonstrate deployment feasibility on
representative terrains.

The physical deployment results (Figures 9-13) indicate that the learned policy
executes stably in the tested scenarios. We attribute this behavior mainly to two
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design choices. First, the proprioceptive-only policy reduces dependence on difficult-
to-simulate visual attributes. Second, domain randomization exposes the policy to
broad dynamic-parameter variation during training, improving adaptability to real-
world uncertainty. For example, on rough woven-bag surfaces (Figure 10) and smooth
marble surfaces (Figure 11), the policy adjusts its gait to handle friction changes. The
policy also remains executable on terrains not explicitly represented in simulation, such
as those in Figures 12 and 13. These observations should be interpreted as qualitative
deployment evidence rather than a full quantitative benchmark.

As shown in Figure 9, the Lite3 robot executes our policy and traverses a 16 cm
step.

Fig. 9 The Lite3 robot climbing stairs.

Figure 10 shows the Lite3 robot walking on rough ground covered with woven bags.

Fig. 10 The Lite3 robot walking on rough ground.

Figure 11 shows the Lite3 robot walking on a smooth marble floor.
Figure 12 shows the Lite3 robot walking through bushes.
Figure 13 shows the Lite3 robot walking in deeper grassland.
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Fig. 11 The Lite3 robot walking on smooth ground.

Fig. 13 The Lite3 robot walking in deep grassland.
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5 Discussion

The results suggest that the proposed method provides a practical balance between
exploration and exploitation, with improved locomotion performance in the evaluated
complex-terrain settings. The dynamic entropy-coefficient mechanism supports effi-
cient early-stage exploration and is associated with statistically significant gains in
convergence speed and linear velocity tracking (Section 4.1.3). The VHIP-based reward
provides an explicit stability-oriented signal that helps reduce dynamically unstable
gaits; the MuJoCo ablation (Section 4.1.1) shows a statistically significant reduction
in fall rate at the highest terrain level.

The ablation studies suggest that both components are beneficial in our setup.
Removing the VHIP reward weakens stability on harder terrains, while removing the
dynamic entropy mechanism leads to slower convergence and lower final performance
in the tested training pipeline. The stability-reward ablation was conducted in MuJoCo
for direct comparability with Xiao et al. [4]; the main training and DreamWaQ com-
parison were conducted in Isaac Gym. Therefore, the benefit of our reward design
in the main pipeline is supported jointly by the overall comparison and the MuJoCo
ablation.

The real-world deployment results provide qualitative evidence that the policy
remains deployable across the tested scenarios, including rough woven-bag surfaces,
smooth marble floors, bushes, and deep grassland. We attribute this behavior mainly
to two factors: (1) proprioceptive-only perception reduces reliance on hard-to-simulate
visual appearance, and (2) domain randomization exposes the policy to broad dynamic
variation during training.

The overall comparison with DreamWa(Q uses five random seeds per method; the
non-significant result for final terrain level (p &~ 0.08) may reflect limited statistical
power for this metric, whereas linear velocity tracking and convergence speed show
significant gains. This proprioceptive-only control method has an inherent limitation:
the robot typically needs physical contact before adapting its gait, which can reduce
performance under sudden terrain transitions. In future work, we plan to incorporate
exteroceptive inputs (e.g., elevation maps) through multi-modal fusion for anticipatory
adjustment, and to explore compliant motor control (e.g., virtual spring-based joint
control) for more adaptive motion behaviors.

6 Conclusions

In this work, we present a DreamWaQ-aligned extension that augments the baseline
with dynamics-informed reward terms (VHIP and stand-still pose) and a multi-metric
dynamic entropy-adjustment mechanism for PPO. Under the evaluated simulation
settings, this extension improves training behavior and locomotion performance rela-
tive to the DreamWaQ baseline, with statistically significant gains in linear velocity
tracking and convergence speed and a positive trend in final terrain level. The real-
world section provides qualitative deployment evidence on stairs, rough and smooth
surfaces, and grassland. These results suggest that, within a DreamWa(Q-consistent
pipeline, combining stability-oriented reward design with adaptive entropy control is
a practical direction for improving proprioception-based quadruped locomotion.
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