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1 Introduction

Quadrupedal robots, characterized by their four-legged locomotion, possess superior
agility for navigating complex terrains where their wheeled counterparts often fail [1].
This capability has established them as promising platforms for diverse applications,
including inspection [2§], delivery [8], and farming [11].

Since quadrupeds are high-dimensional, non-linear, time-varying systems [1], clas-
sical approaches to navigation and control [1} 3,27, 21|, are fundamentally embodiment-
specific. These methods rely on explicit, hand-crafted models of the robot’s kinemat-
ics, dynamics, and sensor footprint. Consequently, a navigation stack engineered for
one robot is not readily transferable to another with a different morphology, requiring
significant re-tuning or complete redesign. This limitation has been a major catalyst
for research into learning-based methods, which aim to create more generalizable and
adaptive navigation policies that can accommodate complex embodiments [6] or even
operate across embodiments [16].

This report outlines a framework that addresses embodiment-specificity by decou-
pling navigation into a two-part, hierarchical architecture of general-purpose modules.
First, a high-level embodiment-agnostic planner, driven by a foundation model, pro-
cesses visual sensory data (i.e., RGB images) to generate a sequence of navigational
waypoints. Its planning is based solely on visual observations, making it independent
of the robot’s physical form. Second, a cross-embodied locomotion controller then exe-
cutes these waypoints. This low-level policy achieves broad adaptability by inferring a
robot’s unique physical properties from its proprioceptive sensory data, allowing it to
translate the abstract waypoints into appropriate joint torques for different morpholo-
gies. The primary contribution of this work is this synergistic, end-to-end framework
that bridges high-level, abstract visual planning with low-level, embodiment-aware
locomotion controller.

To evaluate the system, the locomotion controller’s zero-shot generalization was
tested in a simulated environment using commercially available robots that were not
seen during training. Additionally, the complete navigation stack was evaluated in
simulation. This stack was created by coupling the embodiment-agnostic planner
with the cross-embodied locomotion controller via a Proportional Derivative (PD)
controller. The full system successfully navigated an unseen environment by inferring
embodiment properties from sensory observations.

2 Related Works

Prior literature on cross-embodiment navigation can be categorized into two: Deep
Reinforcement Learning (DRL) [2, 13, 16, 5] and Imitation Learning (IL) [19, 20, 22].

Deep Reinforcement Learning (DRL) enabling agents to learn policies by opti-
mizing a reward function through environmental interaction [24]. In the context of
embodiment-specific locomotion, Lee et al. [10] demonstrated a successful quadruped
control policy using model-free RL. They introduced a student-teacher framework
where a "teacher” policy, with access to privileged information like terrain data, guides
a "student” policy that relies solely on proprioceptive inputs.

Building on these principles, subsequent research has tackled the more complex
challenge of cross-embodied locomotion. A prominent strategy involves morphology
and domain randomization. For instance, Feng et al. [2] utilized this approach, en-
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abling their model to infer robot dynamics and morphology from a history of sensor
observations and actions. Similarly, Luo et al. [13] also apply morphology randomiza-
tion to train a cross-embodiment controller. However, instead of inferring the robot
morphology, their method employs a supplementary Multi-Layer Perceptron (MLP)
to explicitly estimate the robot’s morphology and linear velocity. This randomization
paradigm has also been extended to high-level planning. Putta et al. [16] trained a
cross-embodiment model for image-goal navigation [30] by sampling the robot’s mor-
phology parameters from a continuous range at the start of each training episode.
Huang et al. [5] propose a decentralized DRL approach known as Shared Modular
Policies (SMP). In contrast to centralized policies that control all of an agent’s joints,
the SMP architecture instantiates a modular policy at each actuator. Each module
operates using only local sensory information from its corresponding actuator. The
framework incorporates a messaging system that facilitates communication between
the different modules to achieve complex coordination.

In contrast to DRL’s trial-and-error approach, Imitation Learning (IL) trains poli-
cies by learning directly from expert demonstrations [29]. For example, [17] trained
a quadruped gait controller using an expert policy generated by a Model Predictive
Controller (MPC).

This paradigm has been utilized to train cross-embodiment, image-goal navigation
models [30] by leveraging large, heterogeneous datasets from different robotic plat-
forms. For instance, in [19] Shah et al. proposed the embodiment-agnostic General
Navigation Model (GNM), a policy trained on a dataset aggregated from eight dis-
tinct robotic platforms. GNM uses visual observations to output relative waypoints
that are normalized by the robot’s top speed [19]. Building on this work, the Visual
Navigation Transformer (VINT) was introduced as a foundation model that, for ex-
ploring new environments, uses a separate image-to-image diffusion model to generate
subgoal images conditioned on the robot’s current observation [20]. Like GNM, these
subgoals are used to predict relative waypoints normalized by the robot’s top speed
[20]. To improve upon the efficiency of VINT, NoMaD was proposed. Rather than
using a diffusion model to generate high-dimensional images, NoMaD uses a diffusion
policy to directly model a distribution of future actions conditioned on the robot’s
observations [22].

A few papers have also explored the integration of DRL and IL methods to achieve
better generalization. In [25], Wang et al. proposes X-Nav, which uses DRL to train
expert policies for individual embodiments, which are then distilled into a single,
general policy using IL and a transformer architecture. In [12], Liu et al. propose
COMPASS, where IL is used to train a foundation model. Residual Reinforcement
Learning (RL) [7] is then used to fine-tune this model for specific embodiments before,
in a final step, distilling these specialized policies back into a single cross-embodiment
policy.

3 Problem Formulation

In the cross-embodiment image-goal navigation problem, a mobile robot is tasked
with navigating from a starting position I, to a goal position [, specified using an
RGB image. The objective is to learn a control policy, 7, that maps a history of
robot observations o; to robot actions a;. At each time step ¢, the policy takes as
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Figure 1: Architecture of proposed navigation stack. a) embodiment-agnostic planner and b) cross-
embodiment locomotion controller.

input the observations of the robot, o; := 0,_pg.; over the past H timesteps, composed
of multimodal sensory data. This observation vector, detailed Equation (1}, includes
a visual observation (RGB image) oyisuar € R?97*90%3 a goal image 0400 € RY9*90%3,
LiDAR-based depth measurements 04eprs, € R'9%10 ) and proprioceptive readings o, €
R3O,

Oy = [Ovisuab Ogoal s Odepth Oprio] (1)

The proprioceptive observations, oy, are sourced from the robot’s Inertial Mea-
surement Unit (IMU) and motor encoders. As shown in Equation [2, this vector
comprises the linear v, € R3?, and angular velocities w; € R3 of the robot’s base, a
projected gravity vector in the robot’s base frame g, € R?, and the positions ¢ € R'?
and velocities ¢; € R'? of the robot’s 12 joints. The base frame of the robot is specified
as the origin at the center of the robot’s trunk.

Oprio = [Vt, We, Gt» Gt Gt (2)

For a given observation o;, the action a; € R'? is sampled from a Guassian dis-
tribution NV (u, 02). The mean p is the direct output of the actor network, while the
standard deviation o is a learned action noise parameter. The resulting action a;
specifies the desired target positions for the robot’s 12 joints. These targets are then
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Table 1: Randomization ranges

(a) Morphology

Parameter Range Parameter Range
Base length  [0.24, 0.91] m  Thigh mass  [0.56, 1.69] kg
Base width ~ [0.16, 0.39) m  Calf radius ~ [0.02, 0.05
Base height  [0.06, 0.21] m  Calf length ~ [0.12, 0.39
Base mass  [4.8, 19.5] kg Calf mass  [0.12, 0.39] kg
Thigh radius [0.02, 0.05] m  Motor P gain 0.7, 1.3]

Thigh length [0.16, 0.46] m Motor D gain 0.7, 1.3]
(b) Domain

] m
] m

Parameter Range
Static friction  [0.24, 0.91] m
Dynamic friction [0.16, 0.39] m
Payload [0.06, 0.21] m
Disturbance [-0.5, 0.5] m/s

tracked by a low-level PD controller that generates the corresponding motor torques
[13].

4 Methodology

The proposed architecture, shown in Figure[I] consists of two components: an embodiment-
agnostic planner and a cross-embodied locomotion controller.

4.1 Embodiment-Agnostic Planner

To facilitate the planner, we adopt the architecture of NoMaD [22], a unified model
designed for both goal-directed navigation and undirected exploration. The model
takes as input a sequence of the robot’s most recent visual observations, 0y;sual, from
an onboard RGB camera, along with a goal image, 0404, from the desired location
[22]. EfficientNet-B0 [23] encoders process the observation and goal images to generate
input tokens [22]. These tokens are fed into a Transformer backbone to generate a
single context vector ¢; [22].

The context vector is then simultaneously fed into two separate prediction heads.
One head uses a fully-connected layer to predict the temporal distance to the goal,
d(Ovisual, Ogoar) [22], while the other head uses the context vector to condition a dif-
fusion policy, which models a distribution over future actions, as relative waypoints,
p(wy|ey). This diffusion policy iteratively refines a randomly sampled action sequence
over a series of denoising steps to produce a final, collision-free trajectory of future
waypoints, w; [22]. NoMaD is trained end-to-end using supervised learning on the
combination of GNM [19] and SACSoN [4] datasets [22].
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Figure 2: Curriculum subterrain types.

A PD controller serves as an interface between the NoMaD planner and the loco-
motion controller. It takes a relative waypoint from NoMaD and converts the resulting
positional error into a target velocity command, v, € R3. This command, defined
as Veom ‘= [Us, Uy, w] specifies the robot’s target linear velocities along the = and y
axes and its angular velocity about the z-axis. This velocity command is then passed
as input to the locomotion controller, detailed in the subsequent section.

4.2 Cross-Embodied Locomotion Controller

The cross-embodied locomotion controller is trained in simulation using DRL. The
policy is trained on a diverse population of randomly generated quadruped morpholo-
gies to enable the policy to generalize across different embodiments. The physical
parameters of each agent, such as body mass, leg lengths, and joint friction, are ran-
domized according to the ranges specified in Table [T} In addition to the embodiment
randomization, domain randomization, within pre-defined ranges, is introduced to
improve the robustness of the controller. This includes body friction coefficients and
payload at the beginning of each episode, push disturbances applied by adding ve-
locity to the agent’s base at intervals, and the addition of noise to observations and
actions. The policy is trained using PPO algorithm.

At each timestep t(0 < t < T), the policy’s input consists of the current proprio-
ceptive observation o,,;, and temporal observations p/ = [0;_1,0; 9, ..., 0;_g]|, where
pl! denotes history of state and action over the past H timesteps. This history allows
the model to infer a latent representation of the agent’s specific morphology. Condi-
tioned on both the current and temporal observations, the policy outputs an action
as, corresponding to the target positions for the quadruped’s motors.

4.2.1 Rewards

Inspired by prior work on legged locomotion 6], the reward function r is
structured as a sum of a task-oriented component r;,s, and a behavioural regulariza-
tion component 7.

T = Ttask + Treg (3)



Table 2: Reward Terms

Term Reward Equation Weight
Lin. velocity —eAlIvEy —vey |I? 3.0
tracking
Collision L eotision —40.0
Fall Lyt (tiltpase > 60°) —300.0
Lin. velocity (2) v? —2.0
Ang. velocity (zy) ||y | —0.05
Joint torque ||7][? —2¢4
Joint Accel. l4]|? —2.5e78
Action rate l|la; — a;—1||? —0.05
Smooth action l|as—2a;_1+a;_o||? —0.05
Regularization Swing phase o l(1— 50
tracking Cloot)e ™ \ \(1{);‘” 12
Stance phase D oot [Cfootewa —15.0
tracking
Feet slide |[vf oo |2 —5.0
Join deviation 1q — Qaefauttl)? —0.5

The task reward incentivizes the primary objective of accurately tracking the target
velocity command, while the regularization term helps maintain a stable and smooth
gait. Table [2] details the breakdown of the reward function.

4.2.2 Curriculum

A game-inspired curriculum [26] is used to train the locomotion policy progressively
using increasingly difficult terrains. The curriculum is structured around a training
environment composed of four distinct sub-terrain types: stairs, boxes, random rough
and slopes, as illustrated in Figure Training begins at the lowest difficulty level
and dynamically adjusts based on the agent’s performance in each episode. If the
agent successfully traverses a predefined distance threshold, it is promoted to the next
difficulty level in the subsequent episode. Conversely, failure to meet this threshold
results in the agent being demoted to the previous, easier difficulty level.

4.3 Training

The locomotion controller was trained for 10,000 iterations. 4096 agents with different
morphologies were trained in parallel using NVIDIA’s [saac Sim simulator and Isaac
Lab learning framework [15]. The policy is a 4-layer MLP with three hidden layers
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Table 3: Locomotion controller evaluation results (success rate and velocity tracking error)

(a) Stairs (b) Boxes
VTE VTE
Quadruped SR Quadruped SR
Vg Vy w Vg Uy w
GO2 76% 0.52 0.52 0.70 GO2 82% 0.51 0.50 0.75
Al 86% 0.54 0.52 0.45 Al 71% 0.51 0.51 0.66
(¢) Random Rough
VTE
Quadruped SR
Uy Uy w
GO2 100% 0.52 0.51 0.32
Al 100% 0.51 0.53 0.26

containing [512, 256, 128] units, respectively. The curriculum terrain consisted of
200 subterrains, each subterrain measuring 8 x 8 meters, and a distance threshold
of 4 meters. The policy was trained using the Adam optimizer [9] with a learning
rate of 0.001. The training was performed on a desktop PC with an NVIDIA RTX
4080 SUPER GPU, an AMD 5900X CPU, and 32GB of RAM. The training of the
controller took approximately 3 hours.

For NoMaD, the open-source model and pre-trained weights provided by the au-
thors were used.

4.4 Evaluation

The performance of both the locomotion controller and the complete, end-to-end nav-
igation stack was evaluated through two distinct sets of simulation experiments. To
assess the locomotion controller’s generalization, it was deployed on two unseen com-
mercial quadrupeds across a series of challenging terrains, quantifying its performance
using Success Rate (SR) and Velocity Tracking Error (VTE). The complete naviga-
tion stack was evaluated separately in a photorealistic hospital environment, where
its ability to perform collision-free navigation was measured by its goal-reaching SR

and Collision Rate (CR).

4.4.1 Locomotion Controller

The generalization of the locomotion controller was assessed by deploying it on two
commercially available quadruped models that were previously unseen during the
training phase: the Unitree Go2 and the Unitree Al. Performance was quantified
using two primary metrics: SR, which measures the percentage of trials where the
robot successfully traverses the terrain without falling, and VTE, calculated as the
difference between the commanded and actual base velocity along each axis. To
gather these metrics, each robot was tested for 1000 episodes on the same categories
of subterrain used during training, but with updated parameters such as step height
and box height. The aggregated results, showing the average success rate and velocity
tracking error for each robot on each subterrain type, are presented in Table [3]
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Figure 3: Quadruped navigating through Isaac Sim’s hospital environment.

The locomotion controller achieves a high success rate on both the Go2 and A1l
platforms. The slight decrease in success rate on the stairs and boxes subterrains is an
expected outcome, as these test environments were intentionally designed with greater
step and box heights than those seen during training. This was done to evaluate the
controller’s capabilities in more challenging scenarios. Similarly, the average velocity
error can be attributed to these harsher subterrains, which require the controller to
prioritize stability by taking corrective actions that may temporarily deviate from
precise velocity tracking.

4.4.2 Navigation Stack

The performance of the complete navigation stack, which combines the NoMaD plan-
ner and the locomotion controller, was evaluated in a photorealistic hospital environ-
ment in Isaac Sim. For the evaluation, a randomly generated quadruped from the
locomotion controller training set was equipped with a front-facing fisheye camera
with a 170° field of view (FOV). The navigation goal for each trial was an image, cap-
tured by an identical camera, from a position randomly sampled from six pre-defined
locations. An episode was considered a success if the robot navigated within a 5-meter
radius of the goal location. Conversely, an episode was marked as a failure if the robot
exceeded the 5-minute time limit or became irrecoverably stuck on an obstacle. The
system’s performance was evaluated over 100 episodes, and the resulting average SR,
which measures if the robot was able to successfully reach the goal location, and CR,
which is the average number of collisions per episode, are provided in Table [4

The framework was able to successfully plan and execute a collision-free path to
the goal in 55.4% of the trials, with a CR of 1.46. This SR is notably lower than
the results reported in Section [4.4.1] which initially suggested that the episode time
limit was the primary constraint. To test this hypothesis, ten additional trials were
conducted using the farthest goal location and without the time limit. In all trials, the
agent failed to reach the goal (0% SR), becoming irreversibly stuck against obstacles
in each case. This behaviour suggests a domain gap, as the NoMaD policy was trained
on real-world data, the simulation environment is an out-of-distribution setting. Fine-
tuning the policy with data gathered from the simulation environment might yield
better results.



Table 4: Navigation stack evaluation results

SR CR
55.4% 1.46

5 Conclusion

This project successfully developed and evaluated a hierarchical framework for cross-
embodied quadruped navigation, demonstrating the potential of decoupling high-level
visual planning from low-level locomotion control. The core contribution is a modular
system combining a pre-trained, embodiment-agnostic planner (NoMaD) with a novel,
cross-embodied locomotion controller trained through deep reinforcement learning
with extensive morphology and domain randomization.

Our evaluation yielded two key findings. First, the locomotion controller demon-
strated strong zero-shot generalization, successfully executing velocity commands on
two unseen commercial quadrupeds (Unitree Al and Go2) across challenging terrains
with high success rates. This result validates the effectiveness of using proprioceptive
history and randomization to learn adaptive, morphology-aware locomotion policies.
Second, while the integrated navigation stack demonstrated basic functionality, its
performance in a simulated hospital environment was limited, achieving a 55.4% suc-
cess rate. Subsequent analysis revealed that these failures were not due to time con-
straints but rather a domain gap; the planner, trained on real-world data, struggled
to navigate effectively in the simulation, leading to collisions with obstacles.

Future work should prioritize closing this domain gap by fine-tuning the NoMaD
planner with data collected from the target simulation environment. This would
likely improve obstacle avoidance and significantly increase the overall navigation
success rate. Following successful in-simulation fine-tuning, the next step would be
to deploy the complete framework on real-world hardware to validate its performance
and robustness in complex, unstructured environments.
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