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NaVILA: Legged Robot Vision-Language-Action
Model for Navigation
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Turn left 1rnrned1ately Go straight forward. Step on the mat. Keep going forward.
Stop when you are very close to the trash can.

Walk forward when seerng the stair bars, turn rrght and walk around the stairs until reachrng the hallway.
Turn rrght and walk along the hallway, stop in front of a bathroom.
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Walk forward alongthe way. Turn a httle left and keep going strarght Stop n front ofthe red door.
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Move forward along the way. Turn left at the yellow fire hydrant.
Go forward along the slope and stop in front of the door.

Fig. 1: Real-world demonstration of NaVILA: Upon receiving human instructions, NaVILA uses a vision-language model to process RGB
video frames and employs locomotion skills to execute the task on a robot. The robot successfully handles long-horizon navigation tasks

and operates safely in challenging environments.

Abstract—This paper proposes to solve the problem of Vision-
and-Language Navigation with legged robots, which not only
provides a flexible way for humans to command but also allows
the robot to navigate through more challenging and cluttered
scenes. However, it is non-trivial to translate human language
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instructions all the way to low-level leg joint actions. We propose
NaVILA, a 2-level framework that unifies a Vision-Language-
Action model (VLA) with locomotion skills. Instead of directly
predicting low-level actions from VLA, NaVILA first generates
mid-level actions with spatial information in the form of language,
(e.g., “moving forward 75cm’), which serves as an input for a
visual locomotion RL policy for execution. NaVILA substantially



improves previous approaches on existing benchmarks. The
same advantages are demonstrated in our newly developed
benchmarks with IsaacLab, featuring more realistic scenes, low-
level controls, and real-world robot experiments.

1. INTRODUCTION

The ability to perform Vision-and-Language Navigation
(VLN) has become a foundational component in modern
robotics systems. With VLN, a robot is expected to navigate
around unseen environments without a provided map following
a language instruction [1—6]. This not only offers a better inter-
face for humans, but also strengthen cross-scene generalization
through languages. In this paper, we further extend the study
of VLN with legged robots (e.g., quadruped or humanoid).
Using legs instead of wheels allows robots to navigate in more
challenging and cluttered scenarios. As the examples shown
in Fig. 1, our robot can navigate through a messy laboratory
space with narrow walkways, transition from room to room in
a house, as well as tackle outdoor challenging environments
such as uneven terrains with small rocks, holes, and troughs.

To translate language to action, the robot needs to reason
about the input language, and perform closed-loop planning
as well as low-level control. With the recent advancement in
Large Language Models (LLMs) and Vision-Language Models
(VLMs), several end-to-end Vision-Language-Action (VLA)
systems have been developed [7-9]. These systems fine-tune
a general-propose VLM with large-scale robot manipulation
demonstrations to produce low-level actions. While unifying
reasoning and execution in a single model is fascinating and
shows encouraging results, it is worth diving deeper into the
question: Is there a better way to represent actions beyond
the quantized low-level commands? After all, LLMs and
VLMs were primarily trained with natural language. Unifying
reasoning and execution becomes challenging when we need
to convert that reasoning into precise, non-verbal actions.

Inspired by the recent progress on VLM [10, 11] for spatial
location and distance reasoning, we propose NaVILA, a two-
level framework for legged robot VLN: A VLM is fine-
tuned to output a mid-level action (VLA) in the form of
language such as “turn right 30 degrees”, and a low-level
visual locomotion policy is trained to follow this instruction
for execution. The mid-level action output of the VLA conveys
the location and direction information without the low-level
commands. The advantages of this framework are three-fold:
(i) By decoupling low-level execution from VLAs, the same
VLA can be applied across different robots by swapping
the low-level policy; (ii) Representing actions as mid-level
language instructions enables VLA training with diverse data
sources, including real human videos and reasoning QA tasks.
This enhances reasoning capabilities without overfitting out-
puts to specific low-level commands and can leverage real-
world data for generalization; (iii) NaVILA operates on two
distinct timescales: the VLA, typically a large and computa-
tionally intensive model, runs at a lower frequency, providing
high-level navigation commands; while the locomotion policy
operates in real-time. This dual-frequency approach allows the

locomotion policy to handle sophisticated obstacle avoidance
and increases overall robustness.

To train the VLA, we demonstrate how to (i) integrate
historical context and current observations in VLN within
existing VLM frameworks, (ii) create a specialized navigation
prompt tailored for VLN tasks, (iii) utilize real-world data
from YouTube human touring videos to improve navigation
in continuous environments, and (iv) introduce a carefully cu-
rated dataset blend designed to enhance VLN generalizability.
These strategies allow us to fine-tune a general-purpose image-
based VLM into a navigation-focused agent while simultane-
ously training it on general vision-language datasets, thereby
maintaining its broad generalization capabilities. Moreover,
this is the first work to show that direct training on human
videos improves navigation in continuous environments.

To train robust locomotion skills, we employ a single-
stage approach to learn vision-based locomotion policy. We
construct a height map from raw LiDAR point clouds and
introduce randomization to bridge the sim-to-real gap. This
controller takes the output from our VLA model, converts
it into command velocities, and tracks these velocities by
controlling the positions of the joints. This end-to-end ap-
proach enables the training of visual locomotion skills that
are both robust and safe, facilitating deployment in real-world,
challenging environments (e.g., strong sunlight or near certain
transparent surfaces).

In our experiments, we show that our VLA significantly
outperforms the state-of-the-arts on classic VLN benchmarks,
with over 17% improvement in success rate. Additionally, our
single-stage locomotion policy outperforms previous policy
distillation-based methods by a substantial margin. To better
simulate the challenges of locomotion navigation in VLN, we
introduce a new benchmark, VLN-CE-Isaac, using Isaac Sim.
This benchmark considers detailed robotic joint movements
and interactions with environments, which prior VLN works
have not explored. In our VLN-CE-Isaac experiments, our
vision-based policy outperforms the blind policy by a signif-
icant margin, showing a 14% improvement in success rate.
We also demonstrate that our VLA can be deployed across
different robots (Unitree Go2, Unitree H1, Booster T1), each
using distinct locomotion skills. Finally, we deploy NaVILA in
the real world, exhibiting impressive robustness and achieving
an 88% success rate on 25 instructions, including a 75%
success rate on complex instructions across diverse scenes.

II. METHOD

NaVILA integrates high-level visual language understand-
ing with low-level locomotion control (Fig.2). It employs a
VLM to process single-view images and generate waypoint
instructions in natural language, which a locomotion policy
translates into precise joint movements for real-time robot
control. The synergy between the VLM’s reasoning and the
locomotion policy’s execution enables NaVILA to generalize
across diverse environments. We first describe how we tame
VLMs for high-level VLN in Sec.II-A, then outline our robot
configuration and locomotion policy in Sec. II-B.
















































