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Robostral Navigate

Robostral Navigate 77.4%
One long-horizon instruction - single RGB camera - the model points, the robot follows RZng;csziE:neseen

2 Galaxea-R1

INSTRUCTION
Enter the workspace through the door ahead, continue straight and turn right just before the orange couch.

First-person (PoV)

2 Hiwonder JetAuto

INSTRUCTION
Move forward and turn left after the lockers, then continue straight toward the orange couch.

First-person (PoV)

Robostral Navigate — an 8B VLM that navigates using only a single RGB camera, pointing to target pixels. One instruction drives the full
long-horizon episode; the first-person path shows the model steering around obstacles.
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Abstract

Deploying navigation systems at scale requires a recipe that minimizes sensor
assumptions, generalizes across robot embodiments, and trains efficiently. Yet,
today’s best systems depend on depth sensors, multi-camera rigs, or pre-built maps,
limiting the hardware they support and increasing deployment cost. We introduce
Robostral Navigate, an 8B vision-language model built around this scalability
objective. The model consumes only a stream of monocular RGB images—the most
ubiquitous sensor across robotic platforms—and predicts waypoints by pointing
to the next target location in the current camera view. Operating purely in image
space, rather than robot-specific coordinates, makes the policy naturally robust to
changes in camera intrinsics and scene scale, enabling deployment across wheeled,
legged, and aerial robots without recalibration. We generate 2.4 million trajectories
across 350k simulated scenes to reduce the reliance on real-world data collection
and scale easily. We further introduce a prefix-caching training recipe that packs
entire episodes into single training sequences, reducing training tokens by 22x and
cutting training time from months to days. A tree-based attention mask prevents
conditioning on previous ground-truth actions, encouraging visually grounded
action prediction, and reinforcement learning is used to further improve exploration
and recovery capabilities. On the Room-to-Room and Room-Across-Room in
Continuous Environments (R2R-CE and RxR-CE) benchmarks, Robostral Navigate
sets a new state of the art. On R2R-CE, it achieves a 77.4% success rate, surpassing
the best monocular method by 10.5 points and the strongest depth- or multi-camera
system by 5.3 points despite using only a single RGB camera. On RxR-CE, it
reaches 75.1% success rate, outperforming all monocular baselines.

Webpage: https://mistral.ai/news/robostral-navigate
1 Introduction

Embodied navigation—the ability of a robot to move through an environment following natural
language instructions—is a foundational capability for general-purpose robotics. Recent vision-
language models have made impressive strides on this task [Zhang et al., 2024b,a, Cheng et al.,
2025, Wei et al., 2025, Wang et al., 2026], but the best-performing systems depend on depth sensors,
LiDAR, multi-camera rigs, or pre-built environment maps [Zhang et al., 2025a,b, Xue et al., 2026, Chu
et al., 2026, Zhang et al., 2026]. Each additional sensing requirement narrows the set of compatible
robots, increases per-unit cost, and demands environment-specific calibration—all of which limit
how broadly a navigation policy can be deployed. As the field moves toward general-purpose robots
that must operate across diverse hardware and novel environments [Zitkovich et al., 2023, Shah et al.,
2023], the challenge is not just building a more accurate navigator, but finding a scalable recipe for
navigation: one that minimizes sensor assumptions, generalizes across embodiments, and can be
trained efficiently from simulation alone.

This scalability lens motivates every design decision in Robostral Navigate, an 8B vision-language
model that achieves state-of-the-art performance on the Room-to-Room (R2R-CE) [Krantz et al.,
2020] and Room-Across-Room (RxR-CE) [Ku et al., 2020] in Continuous Environments benchmarks
using only a single RGB camera. A monocular RGB stream is the most universally available sensor
across robotic platforms—from warehouse wheels to delivery drones—making it the natural input
for a policy intended to scale. Rather than predicting metric displacements tied to a specific robot’s
geometry [Krantz et al., 2021, An et al., 2024], Robostral Navigate produces waypoints via pointing:
it infers the image coordinates of the next target location in the robot’s current camera view, together
with the desired orientation upon arrival. Because waypoints are expressed in image space rather
than metric coordinates, the policy avoids dependence on robot-specific geometry and transfers more
naturally across camera configurations and embodiments.

The training recipe is designed with the same scalability objective. We train entirely in simula-
tion [Savva et al., 2019, Ramakrishnan et al., 2022] on approximately 2.4 million trajectories across
350k scenes, eliminating the need for costly real-world data collection. A prefix-caching technique
based on attention masking compresses entire episodes into single training sequences, reducing
training tokens by 22 x while preserving all learning signals and transforming month-long training
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runs into days. After supervised training, we apply online reinforcement learning via CISPO [Chen
et al., 2025], training on a curated hard subset of trajectories to improve exploration and recovery
from failures, yielding an additional 4% improvement in success rate.

On R2R-CE validation unseen, Robostral Navigate achieves a 77.4% success rate, surpassing the
best single-camera method (Qwen-RobotNav-4B, 66.9%) by 10.5 points and the best system using
depth or multiple cameras (Qwen-RobotNav-8B, 72.1%) by 5.3 points—despite relying on neither.
Similarly, on the english-only RxR-CE validation unseen benchmark, it establishes a new state
of the art with a 75.1% success rate and a 68.7% SPL, outperforming all single-camera baselines
and demonstrating superior path efficiency over depth-assisted models, despite using only a single
monocular RGB camera. This result demonstrates that a scalable, minimal-sensor recipe, when
combined with efficient training and reinforcement learning, can outperform approaches that leverage
privileged sensing.

2 Modeling

“Turn right after the wooden pillar and leave
the room through the doorway.”

Go to pixel (48, 64),
m=) Move 4.5m forward,
0.7m right and

Diffusion
Policy

Tracking
Controller

Context frame + goal Current frame

Figure 1: System Architecture. Given a natural language instruction and a stream of RGB observations, the
VLM predicts the next waypoint at 0.5 hertz via pointing, metric displacement and orientation upon arrival.
When the target lies outside the field of view, pointing is omitted. A diffusion policy takes the waypoint, the
context frame (frame at which the waypoint has been inferred) and the current frame to produce a dense trajectory
at 10 hertz. Finally, a motion-tracking controller turns this trajectory into high-frequency actuator torques.

In order to develop a scalable navigation system, we decompose the navigation task into two distinct
challenges. First, the system must understand the navigation instruction, reason about the scene, and
plan a coarse path for completing the task. Second, the coarse path must be translated into motor
commands that efficiently move the robot towards the goal while avoiding obstacles. As illustrated in
Figure 1, we built different models for each of these challenges. For the first, we trained a large 8B
parameter vision-language model (VLM) called Robostral Navigate, which is needed for complex
reasoning. For the second, we use a small 121M parameter diffusion policy, which has a sufficient
capacity for the geometric understanding required for navigation. We combine these models in series
and operate them at different inference frequencies.

2.1 Architecture Overview

Robostral Navigate takes a language instruction and history of monocular RGB frames as inputs, and
outputs navigation waypoints in the form of pixel coordinates or displacement commands. The model
is initialized from a dense 8B-parameter VLM designed for spatial grounding tasks such as pointing,
counting, and object localization. Navigation is a natural extension of these grounding capabilities:
once the model understands where things are in an image, it learns how to move toward them.



The frames are encoded by a vision encoder into a sequence of visual tokens, which are appended to
the tokenized instruction to form the input sequence to the VLM. The history enables the model to
reason about previously visited locations and track progress.

As illustrated in Figure 1, the inferred waypoints are converted to robot actions via a diffusion policy
and a motion-tracking controller. Specifically, the diffusion policy outputs a low-level trajectory at
10 Hz in the form of an action chunk specifying the relative 2D displacements and 1D rotations for
the next second. Then, an embodiement-specific motion-tracking controller converts the low-level
trajectory into 100 Hz motor commands.

2.2 Navigation via Pointing with Displacement Fallback

Given a task instruction and a history of RGB frames, Robostral Navigate predicts the next destination
using two modes: a preferred visual pointing mode and a metric displacement fallback.

In pointing mode, the model infers the image coordinates (u, v) of the furthest visible waypoint along
the groundtruth trajectory, alongside the desired change of heading A6 upon arrival, defined as the
yaw rotation relative to the current frame. Pointing is highly favored because it operates in visual
space, making the policy naturally robust to changes in camera intrinsics and world scale, facilitating
deployment across diverse robotics platforms.

However, pointing alone cannot handle cases where the destination lies outside the current field of
view (e.g. when the robot should turn around). To ensure the robot can always make progress, the
system relies on a metric fallback mode consisting of local translational and rotational displacements
(Az, Ay, Af) relative to the current frame .

In practice, we formulate training as a joint prediction task: when the destination is visible, the model
predicts all five quantities

Qvis = (U7U7A$3AyvA0)' (M
Because only approximately 10% of our training data features invisible destinations, predicting the
metric displacements alongside pointing coordinates acts as an effective co-training task. When no
future position is visible from the current view, the model simply omits the image coordinates and
only predicts metric displacements

Ainvis = (A$7 A% Ag) (2)
The model also infers STOP when the task is completed.

2.3 Pointing to Actions

The Robotstral Navigate waypoints (specified via pointing or displacement) are grounded in the
robot’s camera frame. To convert these waypoints into robot actions, we use a lightweight diffusion
transformer model [Peebles and Xie, 2023] with approximately 121M parameters. The inputs to the
model are the VLM prediction a € {ayis, @invis }» the robot’s height and radius, the latest RGB frame
used by the VLM oy, , and the current RGB frame o;. Note that due to the VLM inference time,
there is a latency between the context frame o, and current frame o;. The output from the policy is
an action chunk consisting of a sequence of 30 delta coordinates (dx, dy, df) relative to the robot
base (same as the displacement waypoints) for the next second. Finally, a motion controller translates
this action chunk into high-frequency motor commands.

2.4 Cross-Robot Generalization

Formulating navigation as a pointing task naturally enables cross-robot generalization. To further
enhance cross-platform transfer, we randomize robot configurations when generating training data for
both the VLM and diffusion policies. Specifically, we randomize the robot height between 0.4 - 1.8m,
robot radius between 0.15 - 0.45m, camera placement height between 70 - 100% of the robot height,
and camera pitch between 0 - 25°. These design choices reduce dependence on any particular camera
setup, physical scale, or robot morphology, allowing the system to transfer across embodiments
without retraining the learned policies. To demonstrate cross-robot generalization, we deploy the
navigation system on two substantially different mobile robot platforms: the Galaxea R1 [Galaxea
Al, 2026] and the Hiwonder JetAuto [Hiwonder, 2026]. Notably, the same vision-language model
and diffusion policy weights are used on both of the platforms illustrated in Figure 2.



Figure 2: Cross-robot deployment of Robostral Navigate on the Galaxea R1 (left) and Hiwonder JetAuto (right).
The two platforms differ substantially in robot morphology, camera height, camera configuration, and base
geometry. Both deployments use the same Robostral Navigate vision-language model and diffusion policy
weights, with only the low-level platform controller differing between robots.

3 Training
3.1 Data Generation

3D View of Trajectories « Frame O « Frame 75

« Frame 125 « Frame 180

Figure 3: Example of training data. Left: 3D navigable area and sampled trajectories for a given scene. Right:
Four frames from a cross-floor trajectory with future positions in-painted in green and waypoint in red.

To enable rapid iteration and mitigate the reliance on costly real-world data collection, we built
an efficient simulation-based data generation pipeline. The pipeline generates expert navigation
trajectories across a diverse set of indoor and outdoor environments, producing approximately 2.4
million trajectories across 350k scenes. Each sample consists of a natural language instruction paired
with a sequence of RGB observations and corresponding navigation actions.

As illustrated in Figure 3, we use farthest point sampling to ensure diverse start and goal positions,
resulting in trajectories of various length, sometimes spanning multiple floors. The diversity of
scenes (offices, residential buildings, commercial spaces, and outdoors) is also a key factor for good



generalization. We ensure variation in layout complexity, object density, lighting conditions, and
architectural style.

3.2 Supervised Training with Prefix Trees
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Figure 4: Comparison of (a) naive representation with our (b) prefix-caching. (c) demonstrates the tree attention
mask with prefix-tree representation; I is the instruction, O; is the it observation/image, a; is the action at the
i*" time step.

A key ingredient of Robostral Navigate is an efficient training algorithm based on prefix sharing,
shown in Figure 4. Our method is inspired by the attention masking used in Molmo2 [Clark et al.,
2026], which amortizes the encoding of a context (text, image or video) shared across multiple
independent questions and answers. We push this concept further by exploiting the nested temporal
structure of sequential decision-making: each iteration extends the history by concatenating the
current observation, leading to significant redundancy between histories of the same episode.

In standard training, each time step is treated as an independent sample. To predict the action at
time step ¢, the model processes the instruction plus all the frames accumulated up to £. A trajectory
containing 7T steps therefore produces T separate training sequences, each containing an increasingly
longer context. The total number of tokens processed scales as O(T2).

Efficiency. Instead, we encode entire episodes as single training sequences consisting of an instruction
followed by observations interleaved with actions

I|Oo|a0| “ee |On\an

With this formulation, each new element in the history is encoded only once, allowing the losses for
all time steps to be computed in a single forward pass and reducing the token complexity from O(7?)

to O(T).

However, with such sequences, vanilla causal attention would allow the model to attend the
groundtruth actions associated with previous time steps during training. This is an issue because we
do not have access to groundtruth actions during deployment and the model would heavily rely on
these actions as previous groundtruth actions are often very informative of future actions (notably
because of the farthest-visible waypoint paradigm).

Attention masking. To mitigate this issue, we introduce an attention masking strategy based on
prefix trees. A prefix tree is a compact representation of a set of sequences, where shared prefixes are
merged together in a trunk, while each sequence’s specific suffix is encoded in its own branch. For
instance, if we have "AB" and "AC" then their flattened prefix-tree representation could be "ABC"
where "A" would be the shared trunk, and "B" and "C" different branches. The tree structure can
be represented by an attention mask following the rule that token; can attend to token; if (1) j <1
and (2) token; is in the trunk, or token; and token; are in the same branch. A prefix tree sample
gives provably identical training signal than the per-time-step samples used to build it, while saving
compute by avoiding redundant prefix encoding during training.

This approach is particularly vital for the RxR-CE benchmark, which features significantly longer
instructions and trajectory lengths compared to R2ZR-CE. Compared to per-time-step samples, our
approach reduces the number of training tokens by 22x without discarding any action-prediction
targets. In practice, this reduces training time from months to days.
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Figure 5: Overview of our online reinforcement learning pipeline. The trainer orchestrates the prompt sampling,
physical simulator, and action generator (vLLM) in an asynchronous loop, updating the policy via CISPO using
the —max(2, dist_to_goal) reward signal upon episode termination.

3.3 Online Reinforcement Learning via CISPO

Although supervised fine-tuning (SFT) effectively instills a foundational visual-linguistic understand-
ing and basic navigation skills, it fundamentally relies on behavioral cloning. This approach suffers
from exposure bias [Ranzato et al., 2016] and covariate shift [Ross et al., 2011]: at inference time,
compounding errors may lead the agent to out-of-distribution states. For instance, shortest-path trajec-
tories do not demonstrate information-seeking and recovery behaviors, leading to poor performance
when these abilities are needed.

To bridge this gap, we apply online reinforcement learning on top of the SFT model. By actively
interacting with a simulator, the agent can experience the consequences of its own actions and learn in
the states it actually visits. In this work, we use CISPO [Chen et al., 2025], leveraging group-relative
advantage estimation to provide a stable, self-calibrated learning signal.

The reward is defined as —max(2, dist_to_goal), where dist_to_goal is the geodesic distance between
the last position and the goal in meters, derived with a path finding algorithm. By clipping the distance
penalty at 2 meters, the reward flatlines once the agent is near the goal location. This prevents the
agent from needlessly maneuvering near the target to accumulate rewards that are unrelated to task
success, and incentivizes the agent to emit the STOP action to end the episode.

Scaling this online RL pipeline for a large VLM is a formidable systems engineering challenge
due to the intense hardware requirements. Unlike text-only RL setups, our architecture requires
orchestrating three massive GPU-bound workloads concurrently: 1) the physics and rendering
engine simulating hundreds of parallel environments, 2) the distributed inference engine (VLLM)
generating autoregressive actions, and 3) the training nodes executing distributed weight updates.
Because the simulator itself consumes substantial GPU memory and compute to render high-fidelity
observations, resource allocation had to be meticulously balanced across the cluster’s nodes. This
careful orchestration ensures that the high-throughput vLLM generators and the training ranks do not
stall while waiting for simulator rendering, maintaining optimal GPU utilization end-to-end.

Training tasks and visual curriculum. We curate a hard subset of 35k tasks by rolling out the
SFT policy and retaining only the trajectories on which it fails to reliably reach the goal. This focuses
compute on the cases where the policy most needs improvement — complex layouts, ambiguous
instructions, and long-horizon tasks, effectively filtering out episodes the model can already solve.



Table 1: Comparison on R2R-CE and RxR-CE validation unseen. Robostral Navigate achieves state-of-
the-art results using only a single RGB camera, outperforming methods that rely on depth sensors or multiple
cameras on both benchmarks. v indicates single-camera RGB-only; X indicates use of depth, LiDAR, or multiple
cameras.

Model Single R2R-CE Val Unseen RxR-CE Val Unseen
Camera \p' '™ 0st SRT SPL1 NE| SR{ SPL{

Single RGB camera

NaVid [Zhang et al., 2024b]

Uni-NaVid [Zhang et al., 2024a]
NaVILA [Cheng et al., 2025]
InternVLA-N1 [Zhang et al., 2025a]
Qwen-VLA-Base [Wang et al., 2026]
StreamVLN [Wei et al., 2025]
Qwen-VLA-Instruct [Wang et al., 2026]
Qwen-RobotNav-4B [Zhang et al., 2026]
Qwen-RobotNav-8B [Zhang et al., 2026]

Depth / multi-camera

InternVLA-N1 (S1+S2) [Zhang et al., 2025a]
NavFoM [Zhang et al., 2025b]

ABot-NO [Chu et al., 2026]

OmniNav [Xue et al., 2026]
Qwen-RobotNav-4B [Zhang et al., 2026]
Qwen-RobotNav-8B [Zhang et al., 2026]

Robostral Navigate (ours)
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374 0.746 0.695 0.661 377 0.736 0.620
380 0.772 0.695 0.636 3.80 0.752 0.650
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During data collection, we pack tasks by scene, resulting in consecutive rollouts that are from the
same scene. This induces an implicit visual curriculum: each batch contains multiple episodes sharing
the same visual context. Empirically, this scene-contiguous ordering outperforms random shuffling.

4 Results

We evaluate Robostral Navigate on the R2R-CE and RxR-CE benchmarks, which are the standard
instruction-following benchmarks for navigation. Both require an agent to follow a previously
unseen natural language instructions to navigate from a start to a goal position in previously unseen
photorealistic environments. For these evaluations, we use a pathfinder from Habitat Savva et al.
[2019], Szot et al. [2021] for navigation between the waypoints predicted by Robostral Navigate.

Metrics: We report standard navigation metrics that capture both task completion and trajectory
efficiency.

» Navigation Error (NE |) measures the geodesic distance between the agent’s final position and
the goal.

* Success Rate (SR 1) is the proportion of episodes where the agent stopped within 3 m of the goal.

* Oracle Success (OS 1) is the proportion of episodes where the agent came within 3 m of the goal
at any point along its trajectory.

* Success weighted by Path Length (SPL 1) evaluates navigation efficiency by weighting SR
using the ratio of the shortest-path length to the actual path length, penalizing unnecessary detours.

4.1 Main Results

Table 1 presents a comparison of Robostral Navigate against recent methods on R2R-CE and RxR-CE
validation unseen. We categorize methods by whether they operate from a single RGB camera or
require additional sensing modalities (depth, LIDAR, or multiple cameras).

Robostral Navigate achieves a success rate of 77.4% and SPL of 74.2% on R2R-CE validation unseen,
establishing a new state of the art across all metrics. It surpasses the best prior single-camera method
(Qwen-RobotNav-4B at 66.9% SR) by 10.5 points, and the best method using depth or multiple
cameras (Qwen-RobotNav-8B at 72.1% SR) by 5.3 points—despite using only a single RGB camera
with no auxiliary sensors.



In the R2R-CE validation seen split, Robostral Navigate achieves a 79.4% success rate, demonstrating
strong performance in both seen and unseen environments. This performance is directly unlocked by
our online RL phase, which profoundly shifts the policy from brittle to robust navigation. Compared
to our R2R-CE SFT baseline (75.96% seen, 73.40% unseen), our post-RL checkpoint achieves
a success rate of 79.43% on seen environments (+3.47%) and 77.43% on unseen environments
(+4.03%). Peak validation performance during the run reached 80.46% on seen and 77.43% on
unseen environments, highlighting the robust generalization capabilities unlocked by our online RL
pipeline. The high SPL (74.2%) shows that these successes are achieved via efficient paths, without
unnecessary exploration.

On the more challenging RxR-CE benchmark, Robostral Navigate continues to demonstrate superior
performance. It achieves a success rate of 75.1% and an SPL of 68.7%, while maintaining a low
navigation error of only 3.47 meters. Compared to the prior state-of-the-art single-camera method,
Qwen-RobotNav-8B (73.4% SR, 63.5% SPL), Robostral Navigate improves the success rate by 1.7
percentage points and significantly boosts path efficiency (SPL) by 5.2 points. Remarkably, our
single-camera, RGB-only model even outperforms the best depth- and multi-camera-assisted baseline
(Qwen-RobotNav-8B with depth) on both SPL (68.7% vs. 65.7%) and navigation error (3.47m vs.
3.58m), while remaining competitive on success rate (75.1% vs. 76.5%).

Similar to the trends on R2R-CE, on the RxR-CE benchmark, the online RL phase brings a substantial
boost over the SFT baseline. Robostral Navigate improves from 71.2% to a state-of-the-art success
rate of 75.1% (+3.9%), demonstrating that reinforcement learning generalizes well to long-horizon
instruction-following tasks. These results underscore Robostral Navigate’s exceptional ability to
handle long, complex instructions and plan highly optimal trajectories without relying on auxiliary
depth or panoramic sensors.

5 Conclusion

We introduced Robostral Navigate, an 8B vision-language model for embodied navigation that
achieves state-of-the-art performance on the R2R-CE and RxR-CE benchmarks. Robostral Navigate
is designed with scalability in mind to minimize sensor assumptions, generalize across embodiments,
and train efficiently from simulation alone. The policy predicts navigation actions via pointing and
only needs a single RGB camera to be deployed. The policy is trained with a prefix-caching technique
that cuts training tokens by 22 while preserving all learning signals, resulting in a highly efficient
supervised finetuning training recipe. Finally, the policy is finetuned using reinforcement learning
with CISPO, resulting in an agent that is very efficient at solving navigation tasks (as measured on
the R2R-CE and RxR-CE benchmarks).

Navigation is a foundational capability for general-purpose robotics. Accordingly, we view Robostral
Navigate as a first step towards building a general-purpose embodied agent. Specifically, this work
demonstrates that combining large-scale simulation, efficient training, and reinforcement learning
can produce a state-of-the-art embodied navigation model that has minimal sensing requirements.
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