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Abstract

Agentic navigation systems require a base navigation model whose observation strategy
can be externally reconfigured at inference time, because instruction following, object
search, target tracking, and autonomous driving share the same perception-planning
backbone yet demand fundamentally different strategies for consuming the visual stream.
We present Qwen-RobotNav, a scalable navigation model built on Qwen3-VL that
addresses it through a parameterised interface with two complementary dimensions:
multiple task modes that select the navigation behaviour, and controllable observation
parameters (e.g., token budget, per-camera weights) that govern how visual history
is encoded. With training-time randomization over all parameters, Qwen-RobotNav
is robust to any inference-time configuration requiring zero architectural modification
to the Qwen3-VL backbone. We train Qwen-RobotNav on 15.6M samples; co-training
with vision-language data prevents the collapse into reactive action-sequence mappers
observed in trajectory-only training. The parameterised interface also makes Qwen-
RobotNav a natural building block for agentic systems: for long-horizon scenarios,
an upper-level planner decomposes goals into sub-tasks and dynamically switches
Qwen-RobotNav’s task mode and context strategy mid-episode, composing complex
behaviours from repeated calls to the same model. Extensive experiments show that
Qwen-RobotNav sets new state-of-the-art results across major navigation benchmarks,
achieving 76.5% success rate on VLN-CE RxR, 90.0% tracking rate on EVT-Bench, and 91.4
PDMS on NAVSIM. Beyond these standalone results, an agentic navigation system built
with Qwen-RobotNav set a new state of the art on Embodied Question Answering,
improving over the best prior method by 10.8% on HM-EQA and 15.4% on EXPRESS-
Bench while requiring 77% fewer navigation steps. The model exhibits favourable
scaling from 2B to 8B parameters, with joint multi-task training developing a shared
spatial-planning substrate that transfers across task families, and demonstrates strong
zero-shot generalisation to real-world robots across diverse environments.
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Visual Context Control
𝐵, 𝛾, 𝑤!

Cross-Episode MemoryNavigation Context Protocol

Diverse Tasks, Embodiment and Sources

Q: Where should I go 
if I want to turn right 
and exit the room?
A: <think>The door is 
at my front view now 
…</think>
<act>A</act>.

Synthetic Videos Real World Videos Generated Videos

“Go to the living room, turn
left, and stop near the kitchen.” “Go to (x, y).” “Navigate to the sofa.”

“Follow the Iron Man.” “Turn left at the crossing.”
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“Go to (5, 2).” “Follow the man in black.” “Go to the living room, turn
left, and stop near the kitchen.”

Plan over long horizon using
memory across many steps.

Q: “Is the TV remote on the 
blue sofa?”

Data and Model scaling behavior on instruction following.Driving safely.A: “Yes, I find it on the sofa.”
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Figure 1: Benchmark summary. Across instruction following, object search, target tracking, embodied
question answering, and autonomous driving, Qwen-RobotNav-4B and Qwen-RobotNav-8B achieve
state-of-the-art or competitive performance against specialist and navigation foundation model baselines.
Trophy icons mark the best result in each benchmark group.

1 Introduction

Embodied navigation spans a remarkably diverse family of tasks, including instruction following (An-
derson et al., 2018; Krantz et al., 2020; Ku et al., 2020; Yin et al., 2025a), point-goal navigation (Savva et al.,
2019; Wijmans et al., 2020), object searching (Batra et al., 2020; Yokoyama et al., 2024b;a; Yin et al., 2025b),
target tracking (Zhong et al., 2024; Wang et al., 2025b; Liu et al., 2025), and autonomous driving (Caesar
et al., 2020; Sun et al., 2020), each coupling perception with purposeful movement through open-world
environments. Recent unified navigation models (Zhang et al., 2024a; 2025b;a; AMAP CV Lab, 2025;
Cheng et al., 2025; Wang et al., 2026; Cai et al., 2025; Zhou et al., 2025a; Zhong et al., 2025; Yin et al., 2026)
and navigation-oriented evaluation suites (Lin et al., 2025; Zhao et al., 2025) have demonstrated that a
single architecture can handle multiple task families.

However, complex real-world scenarios, such as Embodied Question Answering (Das et al., 2018; Ma-
jumdar et al., 2024; Ren et al., 2024; Yang et al., 2025b; Zhang et al., 2026), demand more: the navigation
model must serve as a core module within larger agentic systems, where an outer planner dynamically
orchestrates navigation capabilities to accomplish long-horizon, multi-step goals. This requires not only
multi-task capability, but also a controllable interface whose observation strategy can be reconfigured by
an external agent at inference time. Currently, no existing model meets this requirement: NavFoM (Zhang
et al., 2025a) uniformly sub-samples frames; ABot-N0 (AMAP CV Lab, 2025) retains only a sliding
window, each embedding a single assumption about which observations matter that cannot be adjusted
at deployment time. The root cause is that different navigation tasks demand fundamentally different
temporal context and memory strategies. Instruction following requires retaining observations spanning
dozens of prior steps to re-reference distant landmarks (An et al., 2024; Wang et al., 2024; Wei et al.,
2025b;a), whereas target tracking is governed by the most recent few frames and treats stale history as
noise (Zhong et al., 2024; Wang et al., 2025b; Liu et al., 2025). Object searching further complicates the
picture by shifting its own requirements within a single episode, from broad global memory during
exploration to tight recency-focused attention during approach (Yokoyama et al., 2024a; Yin et al., 2024;
Kuang et al., 2024; Cao et al., 2024). No single fixed context strategy can serve this full spectrum, let alone
adapt mid-episode.

We introduce Qwen-RobotNav, a scalable navigation model built on Qwen3-VL (Yang et al., 2025a) that
reframes the central challenge of multi-task navigation as observation context modelling rather than
architecture design. Qwen-RobotNav formulates all tasks as unified waypoint trajectory prediction and
exposes a parameterised interface with two complementary configuration dimensions. First, multiple
task modes (VLN, PointNav, ObjNav, Tracking) allow an upper-level planner to select the navigation
behaviour appropriate for each sub-goal. Second, controllable observation parameters, including visual
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token budget, temporal decay, and per-camera importance weighting, govern how the model consumes
the observation stream, enabling dynamic adjustment of the context strategy at inference time without
task-specific retraining. Training-time randomisation over all parameters ensures that Qwen-RobotNav
generalises to any inference-time configuration without task-specific tuning: the model never trains at
a fixed setting, so it cannot overfit to one regime. Camera identity, temporal order, and embodiment
type are communicated entirely through natural-language tags and prompt preambles, requiring zero
architectural modification to the Qwen3-VL backbone; supporting a new platform requires only a new
prompt template, not new parameters.

The parameterised interface makes Qwen-RobotNav a natural building block for agentic navigation
systems. For long-horizon scenarios such as Embodied Question Answering, where prior systems
rely on explicit reasoning, exploration, and memory modules (Zhou et al., 2024b;a; Long et al., 2024;
Ren et al., 2024; Saxena et al., 2024; Yang et al., 2025b; Zhang et al., 2026), we deploy Qwen-RobotNav
within a two-tier hierarchical system. An upper-tier planner (Qwen3.6-Plus) decomposes complex goals
into sub-goals and dispatches configurable navigation calls, each specifying a task mode, a sub-goal
instruction, and an observation configuration; Qwen-RobotNav serves as the reactive executor, predicting
waypoint trajectories at high frequency. The planner can dynamically reconfigure Qwen-RobotNav’s
task mode and context strategy mid-episode, and the two tiers communicate exclusively through natural
language, keeping the system modular and extensible. To support long-horizon reasoning, the system
maintains a two-level memory: compact single-episode memory summarising each navigation rollout,
and a persistent cross-episode memory that accumulates durable conclusions such as searched regions,
candidate object locations, and rejected hypotheses, enabling effective context compression over extended
episodes.

To train Qwen-RobotNav, we curate 15.6M samples comprising navigation trajectory planning data
(85%) spanning five task families (instruction following, point-goal navigation, object searching, target
tracking, and autonomous driving) across diverse embodiments, and navigation-related vision-language
reasoning data (15%). Co-training with vision-language data preserves the language understanding that
underpins Qwen-RobotNav’s natural-language camera and temporal tags and mitigates the degradation
of open-world perception that can occur when vision-language models are adapted only to action
prediction (Zhou et al., 2024a; Zhang et al., 2024a; 2025b; Cheng et al., 2025).

Without any task-specific fine-tuning, Qwen-RobotNav achieves state-of-the-art results across diverse
navigation benchmarks. On VLN-CE, Qwen-RobotNav-8B attains 72.1% SR on R2R and 76.5% SR on RxR
Val-Unseen, surpassing NavFoM by 10.4% and 12.1% SR respectively. On EVT-Bench, Qwen-RobotNav
achieves the highest tracking rate (90.0% TR) among all evaluated methods. Strong cross-embodiment
generalisation is also observed on HM3Dv2 object-goal navigation (75.6% SR) and NAVSIM autonomous
driving (91.4 PDMS). The model exhibits favourable scaling properties: performance improves from 2B to
8B parameters, with particularly pronounced gains on long-horizon reasoning tasks. Equipped with the
agentic system, Qwen-RobotNav sets new state-of-the-art results on three EQA benchmarks (HM-EQA,
MT-EQA, and EXPRESS-Bench), and further demonstrates zero-shot transfer to real-world robots across
diverse environments.

2 Navigation Model

Task Formulation. We consider a general mobile navigation setting (Zhang et al., 2025a; AMAP CV Lab,
2025; Zhou et al., 2025a) in which an embodied agent receives a textual instruction L and a sequence of
multi-view observations I1:N

1:T ∈ RH×W×3 captured from N cameras at T timesteps. Given these inputs,
the navigation policy π must predict a waypoint trajectory

W = {(xk, yk, θk)}K
k=1, (1)

where K=8 waypoints each encode a 2D position (xk, yk) and heading θk. A central challenge is that T
grows online as navigation proceeds, N varies across robot platforms, and the total visual token count
scales as O(T · N), rapidly exceeding the context budget of any LLM backbone without a principled
compression strategy. Moreover, different tasks impose fundamentally different demands on how
observations should be modelled: target tracking requires only a short recency window of high-resolution
frames to maintain lock on a moving object, whereas object-goal navigation must retain long-horizon
episode history to recall previously explored regions and avoid redundant revisits. A single, task-agnostic
observation encoding therefore cannot serve all navigation tasks well, motivating the task-adaptive
strategy described in Section 2.2.
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Agentic Navigation System
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𝑉𝑖𝑒𝑤" 𝑉𝑖𝑒𝑤# 𝑉𝑖𝑒𝑤$

Camera w!	×	Token Budget B

Action Planning Head

Predicted waypoints
(𝑥, 𝑦, 𝜃)×8

Lightweight MLP 
Head

Normalize during training, 
denormalize during inference

(with scaling factor 𝛼!"#"$)

Viewpoint and 
Temporal Identification

+Time step 1
Camera: Front <image>

+Time step 1
Camera: Right <image>

+Time step 1
Camera: Back <image>
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+Time step T
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…
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Model Architecture

Qwen3-VL

Action Prediction
Instruction Tokens + Visual Tokens

Trajectory Hidden States

Qwen3-VL

Instruction Tokens + Visual Tokens

Question Answering

Textual Hidden States 

Camera w!	×	Token Budget B
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Figure 2: Qwen-RobotNav architecture. Top: In the agentic navigation system, an upper planner LLM
decomposes long-horizon goals into sub-goals and controls Qwen-RobotNav through task-adaptive
context parameters such as token budget B, temporal decay γ, camera weights wc, and frame sampling
mode. Bottom: Qwen-RobotNav receives multi-view RGB observations, an embodied prompt, and a
navigation instruction; allocates visual tokens across cameras and timesteps; inserts natural-language
temporal and viewpoint tags; and feeds the resulting visual-language sequence into the Qwen3-VL
backbone. A lightweight MLP action head maps trajectory hidden states to eight waypoint predictions
(x, y, θ).

2.1 Model Architecture

Qwen-RobotNav inherits the Qwen3-VL architecture (Yang et al., 2025a) and augments it with a
lightweight action head for trajectory regression. The overall system consists of three components:

• Vision Encoder. The vision encoder, inherited from Qwen3-VL, is built on a SigLIP-2 (Tschannen
et al., 2025) Vision Transformer with native dynamic-resolution support via 2D-RoPE (Chen et al.,
2025a), enabling the token allocation strategy (Section 2.2) to freely rescale each camera view to its
allocated pixel budget. A two-layer MLP patch merger compresses s2

m adjacent spatial tokens into a
single vector aligned to the LLM hidden dimension, and the DeepStack mechanism (Meng et al., 2024)
injects visual tokens from multiple ViT layers into early LLM layers, preserving multi-level visual
representations critical for spatial reasoning.

• Language Backbone. The LLM, also inherited from Qwen3-VL, processes the concatenation of
visual tokens (organised by the strategy described in Sections 2.2 and 2.3) and language tokens from
L. Through large-scale vision-language pretraining, the backbone has already acquired rich world
knowledge, spatial understanding, and cross-modal reasoning capabilities that transfer directly to
navigation.

• Action Head. A lightweight 4-layer MLP maps the LLM’s final hidden state to K=8 waypoints, each
with 3 degrees of freedom (xk, yk, θk), yielding a 24-dimensional output (Section 2.5). By keeping the
action head minimal, the bulk of spatial reasoning remains within the LLM, allowing the model to
benefit from the pretrained language backbone’s world knowledge when planning trajectories in
unseen environments.

2.2 Task-Adaptive Observation Encoding

Navigation is inherently a sequential decision-making process under partial observability: the agent
cannot see the full environment at once and must accumulate spatial knowledge from a stream of
egocentric observations. How much history to retain, and at what fidelity, depends fundamentally on the
task’s decision structure. Tasks that require plan verification, such as instruction following, demand global
episode memory so the agent can re-reference previously observed landmarks against the instruction;
tasks driven by reactive pursuit, such as target tracking, depend almost entirely on the most recent frames
to maintain a tight perception loop around the moving target. Fixed context strategies, such as uniform
sampling (Zhang et al., 2024a; 2025b;a) or sliding windows (AMAP CV Lab, 2025), commit to a single
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Algorithm 1 Task-Adaptive Observation Encoding

Require: Observations I1:N
1:T , instruction L, config Φ=(B, γ, {wc}, m, bmin, bmax)

Ensure: Token sequence fed to the LLM backbone
1: I′ ← SAMPLEFRAMES(I1:N

1:T , m, T′) ▷ T′≤T frames
2: ωt ← exp

(
γ · t / (T′−1)

)
, t=0, . . . , T′−1

3: W[t, c]← ωt · wc for all (t, c) ▷ Eq. 3
4: A← CONSTRAINEDALLOC(W, B, bmin, bmax)
5: for each frame (t, c) do
6: Î′t,c ← RESIZE(I′t,c, A[t, c]× (p · sm)2)
7: end for
8: V← VISIONENCODE(Î′) ▷ ViT + patch merger
9: S← INTERLEAVE(V, viewpoint/temporal tags) ▷ Sec. 2.3

10: return Concat(S, Tokenize(L))

11: function CONSTRAINEDALLOC(W, B, bmin, bmax)
12: A← bmin · 1T′×N ; U ← all cells
13: repeat
14: Distribute B−∑A to U proportionally to W
15: Clamp cells exceeding bmax; remove from U
16: until no cell exceeds bmax
17: return A
18: end function

regime and cannot adapt across tasks without retraining. Qwen-RobotNav instead provides a unified,
parameterised interface with four orthogonal control axes:

Parameter Symbol Range Effect

Visual token budget B 2048–4096 Total tokens across all cameras and timesteps
Temporal decay γ [1, 3] Recency bias toward the latest frames
Camera weights wc per-robot defaults Per-camera importance multiplier
Frame sample mode - random / latest History coverage vs. recency window

Token Allocation Algorithm. Given T timesteps and N cameras, we first sub-sample or select T′≤T
frames according to the frame sample mode, and then compute a temporal weight for each retained
frame:

ωt =

{
1, T′ = 1,

exp
(

γ · t
T′−1

)
, T′ > 1,

t = 0, . . . , T′−1, (2)

so that γ=0 recovers uniform weighting and larger γ allocates disproportionately more tokens to recent
frames (at γ=2 the most recent frame receives≈ 7.4× the budget of the oldest), as visualised in Figure 3(a).
A joint weight matrix is then formed as:

W[t, c] = ωt · wc, t ∈ {0, . . . , T′−1}, c ∈ {1, . . . , N}, (3)

where wc is a per-camera importance weight that reflects the asymmetric information density across
viewpoints: the forward-facing camera, which captures the richest actionable cues such as obstacles,
navigable paths, and goal landmarks, is assigned the highest weight, while the rear camera receives the
lowest as it primarily provides contextual redundancy (e.g. wc=[2.0, 1.0, 0.5, 1.0] for front, right, back,
left). During training, wc is randomly sampled from its own range (e.g. the front camera from U [1.5, 2.5]);
see Section 2.6 for full randomisation details.

For a given token budget B and the frame (t, c) at time step t and camera c, token allocation proceeds
in three stages: (1) each cell (t, c) receives a minimum floor of bmin tokens; (2) the remaining budget
B− T′Nbmin is distributed proportionally to W; (3) any cell exceeding the per-image ceiling bmax releases
its surplus, which is redistributed iteratively until stable. We require T′Nbmin ≤ B ≤ T′Nbmax; if a
sampled configuration violates this constraint, B is clipped to the feasible interval before allocation. The
allocated token count for each image then determines its pixel resolution through the patch size and
spatial merge size of the vision encoder, and the image is rescaled to this pixel budget while preserving the
original aspect ratio. Note that this token allocation is an empirically proven heuristic to expose a unified
interface to control the token context of the model, which is also used in our agentic system (Section 3).
We believe this strategy could be further improved by a more principled token allocation algorithm. The
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Figure 3: Visualization of task-adaptive observation encoding. (a) Normalized temporal weights
ωt = exp(γ · t/(T′−1)) for varying decay factors γ when T′>1; annotations show the newest-to-oldest
weight ratio. (b) Resulting per-timestep token budget (summed across all cameras) under a fixed total
budget B=3072 with camera weights wc=[2.0, 1.0, 0.5, 1.0] for front, right, back, and left views. The
dashed line marks the uniform baseline B/T′. (c, d, e) Token allocation matrices across timesteps and
cameras for three budget levels (B=1024, 3072, 4096) at fixed γ=2.0, with per-image constraints bmin=4
and bmax=256. Higher γ concentrates tokens on the most recent frames, while larger B increases overall
fidelity until the per-image ceiling bmax saturates the highest-weight cells.

full procedure is summarised in Algorithm 1. Figure 3(c, d, e) illustrates how the constrained allocation
distributes tokens across timesteps and cameras under three representative budget levels.

Training-Time Randomisation. At training time, all observation hyperparameters are independently
randomised per sample: γ ∼ U [1, 3], B ∼ U [2048, 4096], each camera weight wc sampled from its own
range (e.g. the front camera from U [1.5, 2.5]), and the per-image token floor and ceiling bmin ∼ UZ[1, 8],
bmax ∼ UZ[128, 256]. This ensures the model is never trained at a fixed configuration and supports robust
generalisation across configurations within the randomised training range, with moderate extrapolation
beyond it, without task-specific tuning.

2.3 Viewpoint and Temporal Identification

After encoding, visual tokens from different cameras and timesteps are indistinguishable to the LLM: the
backbone has no built-in mechanism to associate a token with “front camera, step 12” versus “left camera,
step 3”. Without explicit identity signals, the model cannot learn camera-specific or temporally-ordered
representations, limiting its ability to reason about spatial layout or episode history.

Qwen-RobotNav resolves this by interleaving natural-language viewpoint and timestep tags with the
visual tokens before they enter the LLM. Concretely, each timestep group is introduced by a Time step t
header, followed by each camera’s name and its corresponding <image> token. For example, a two-step,
six-camera input is serialised as:

Time step 0 Front View 〈image〉 Front Right View 〈image〉 . . . Front Left View 〈image〉
Time step 1 Front View 〈image〉 . . .

Camera identity and temporal order are thus communicated entirely through ordinary vocabulary tokens
already present in Qwen3-VL, requiring zero architectural modification. The model’s existing open-world
language grounding handles viewpoint semantics naturally: words like “Front”, “Left”, and “Back Right”
carry spatial meaning that the pretrained LLM has already internalised from its pretraining corpus. An
alternative representation is to specify each camera by its numeric azimuth (e.g. “right 90 degrees”);
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however, we find that descriptive names yield slightly better performance, likely because they carry
richer semantic associations that the language model can leverage for spatial reasoning.

2.4 Embodiment-Aware Prompt Design

Since Qwen-RobotNav operates across fundamentally different physical platforms, it must distinguish
between embodiments such as indoor mobile robots and autonomous vehicles. Rather than encoding
embodiment information through learned embeddings or separate model heads, Qwen-RobotNav
communicates the agent’s physical identity through a natural-language preamble in the system prompt.
For example, an indoor robot sample begins with “Imagine you are a robot programmed for navigation
tasks”, whereas an autonomous driving sample begins with “Imagine you are a car programmed for
autonomous driving”.

This embodiment preamble acts as a task prior: by identifying itself as a “robot” or a “car”, the model
recruits different subsets of its pretrained world knowledge (e.g., indoor spatial layouts versus traffic
rules and road geometry) to inform trajectory prediction. The text-based approach is also inherently
extensible: supporting a new platform, such as a drone, a wheeled robot, or a quadruped robot, requires
only defining a new prompt template, with no architectural changes or additional parameters.

2.5 Action Planning

The action planning module maps the LLM’s final hidden state EA ∈ Rd to a waypoint trajectory. We use
a lightweight 4-layer MLP head with hidden dimension 512 and GELU activations. The 24-dimensional
output encodes K=8 waypoints each with 3 DOF (xk, yk, θk). Waypoints are normalised to [−1, 1] during
training using per-dataset scale factors computed as the 99th percentile of each coordinate across all
training trajectories, and training minimises the MSE loss between predicted and ground-truth trajectories.
At inference, the predicted waypoints are de-normalised using the same scale factors.

2.6 Training Strategy

Training Objective. Qwen-RobotNav is trained with a composite loss that jointly optimises trajectory
regression and vision-language alignment:

L = Ltraj + λLVL, (4)

where Ltraj = ∥Ŵ −W∗∥2
2 is the MSE loss between predicted and ground-truth waypoints (active only on

navigation trajectory samples), and LVL is the standard next-token prediction loss on navigation-related
vision-language reasoning samples. The two objectives share the same forward pass; λ is set to 1.0 in all
experiments.

Configuration Randomisation. A central principle of Qwen-RobotNav’s training is that no observation
configuration is fixed. At each training step, all continuous control parameters of the task-adaptive interface
(B, γ, wc, bmin, bmax; ranges detailed in Section 2.2) are independently sampled per sample, and the frame
sample mode alternates between random and latest with equal probability.

By exposing the model to a broad combinatorial space of these parameters during training, Qwen-
RobotNav generalises across configurations within the randomised training range without task-specific
tuning. In particular, training with both random (global coverage) and latest (recency window) frame
sampling in equal proportion supports zero-shot context-strategy switching at deployment time, a
property exploited by the agentic system described in Section 3.

Co-training. The training corpus mixes 85% navigation trajectory planning data with 15% navigation-
related vision-language reasoning data (Section 4). Datasets are sampled at the batch level using per-
dataset rates defined in a dataset registry, ensuring balanced exposure across all navigation task types
(instruction following, point-goal navigation, object searching, target tracking, and autonomous driving)
within every training epoch. The vision-language component prevents catastrophic forgetting of Qwen3-
VL’s open-world perception capabilities: models trained on navigation trajectory data alone tend to
collapse toward reactive action sequences and lose general-purpose spatial reasoning, while co-training
preserves the rich language grounding that underpins Qwen-RobotNav’s zero-shot generalisation to
unseen environments and instruction styles.

Optimisation Details. Qwen-RobotNav is initialised from the pretrained Qwen3-VL checkpoint and
fine-tuned end-to-end. We use the AdamW optimiser (Loshchilov &Hutter, 2019) with β1=0.9, β2=0.95,
and weight decay 10−2. A cosine learning rate schedule is applied with a linear warm-up over the first
3% of training steps; the peak learning rate is 2×10−5 for the vision encoder and LLM backbone and
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1×10−4 for the action head. Gradient norms are clipped to 1.0. The 8B model is trained with a global
batch size of 256 for a total of 2,816 H100 GPU hours.

3 Qwen-RobotNav for Agentic Navigation

3.1 Overview

The navigation model described in Section 2 is designed not only for standalone benchmark evaluation,
but also for deployment as a navigation module inside general-purpose embodied agents (Zhou et al.,
2024b; Long et al., 2024). In this setting, the upper-level agent should be able to decide not only what
navigation sub-goal to execute, but also which navigation task mode, which observation configuration, and
when to query auxiliary visual evidence should be used for the current phase of the task. For example, a long-
horizon search episode may alternate between instruction following, object-goal search, point-to-point
movement, and target tracking, while also changing how much visual history should be retained.

We therefore expose Qwen-RobotNav as an agent-ready navigation model through a lightweight tool
interface. At each navigation step, the upper-level planner provides a sub-goal instruction Li, se-
lects a task mode τi, and specifies an observation configuration Φi. The task mode τi describes the
navigation behavior to be invoked, such as VLN, PointNav, ObjNav, or Tracking. The configuration
Φi = (B, γ, {wc}, m, bmin, bmax) follows the notation in Section 2.2: B controls the total visual-token bud-
get, γ controls the recency bias, {wc} specifies camera weights, m specifies the frame sample mode, and
bmin, bmax define the per-image allocation constraints. Given the selected task mode and configuration,
Qwen-RobotNav predicts a waypoint trajectoryWi in the same form as Eq. (1).

Besides navigation calls, the planner may issue auxiliary vision-tool calls over the current observations
or stored key frames. In our interface, these tools include object detection, scene understanding, and
semantic grounding. They provide additional evidence for deciding the next sub-goal or verifying
candidate observations, but they do not predict waypoints and do not replace Qwen-RobotNav as the
core navigation executor.

The resulting system uses Qwen-RobotNav as the core navigation executor. The upper-level planner
is responsible for decomposing long-horizon goals, selecting task modes and context configurations,
querying auxiliary visual evidence when needed, and reasoning over the evidence returned by previous
navigation calls. A lightweight harness connects the two sides: it converts planner decisions into
Qwen-RobotNav calls, and converts completed navigation rollouts into compact trajectory evidence for
subsequent planning. This keeps the agentic layer simple while allowing it to access the controllable
interfaces already built into Qwen-RobotNav.

3.2 Agent-Facing Qwen-RobotNav Interface

The key agent-facing property of Qwen-RobotNav is that its navigation behavior is externally configurable
at inference time. This configurability comes from two complementary navigation interfaces.

First, Qwen-RobotNav supports multiple navigation task modes. In VLN mode, the model follows natural-
language route instructions and grounds them in visual observations. In PointNav mode, it moves toward
a specified spatial target or waypoint-like goal. In ObjNav mode, it searches for an object category or
instance using accumulated visual evidence. In Tracking mode, it prioritizes recent observations to
maintain lock on a moving or recently observed target. These modes are not separate navigation policies;
they are different task interfaces to the same Qwen-RobotNav model.

Second, each navigation call can specify an observation configuration Φ. The model section has already
described the full task-adaptive observation encoding algorithm in Section 2.2, so here we only emphasize
how it is used by the planner. The planner can increase B and use a weaker recency bias when the current
sub-goal needs broader episode history, such as object search or revisiting a previously explored region. It
can instead use a smaller B, larger γ, and latest frame sampling when the sub-goal is local and reactive,
such as approaching a visible object or tracking a moving target. In practice, wc, bmin, and bmax are usually
kept at platform-level defaults, while B, γ, and m are the main controls exposed to the planner.

A navigation call can therefore be written abstractly as:

Wi = nav_qwennav
(
Li, τi, Φi

)
, (5)

where Li is the current sub-goal, τi is the selected task mode, and Φi is the observation configuration.
This interface gives the planner access to Qwen-RobotNav’s internal context controls without requiring
architectural changes, task-specific fine-tuning, or a separate routing model. The same model weights
can be used across different task phases; only the tool-call arguments change.
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Figure 4: Qwen-RobotNav for agentic navigation. An upper-level planner decomposes a long-horizon
task into sub-goals and dispatches either auxiliary vision-tool calls or Qwen-RobotNav navigation calls.
Each navigation call is parameterized by a sub-goal instruction Li, a task mode τi, and an observation
configuration Φi. Qwen-RobotNav uses the selected task mode and configuration to predict waypoints
Wi, which are executed in the environment. The harness converts the resulting rollout into source-
indexed key frames, trajectory summaries, and evidence-notebook updates, providing compact context
for the next planning step.

For example, when searching for an object in a large indoor scene, the planner may call Qwen-RobotNav
in ObjNav mode with a larger token budget and history-covering frame sampling. After a candidate object
is observed, the planner can switch to Tracking or local PointNav behavior with a more recency-focused
configuration. This illustrates the main role of the agent-facing interface: it allows the upper-level planner
to compose long-horizon behavior from repeated, configurable calls to the same navigation foundation
model.

3.3 Navigation Harness: Trajectory Evidence and Context Compression

The interface above controls how Qwen-RobotNav is called. The remaining question is how the result of
each navigation call is returned to the planner. A raw Qwen-RobotNav rollout contains dense egocentric
observations, sampled history frames, low-level control traces, and a predicted waypoint trajectory.
Passing this full stream back into the planner dialogue would quickly exhaust the context budget. On the
other hand, returning only a success flag would discard the evidence needed for future planning. We
therefore use a lightweight trajectory-to-evidence interface.

For each navigation call, the harness converts the executed rollout into a compact evidence record:

{
subgoal: “Search the kitchen area for a mug”,
task_mode: ObjNav,
config: Φi (main controls: B, γ, m ),
progress: “entered kitchen, checked countertop and dining table”,
salient: [“sink”, “countertop”, “round table”, “no mug observed”],
outcome: “target not found”,
key_frames: [#18, #31]

}

This record is not intended to replace visual evidence. Instead, it acts as a source-indexed summary of
what happened during the navigation segment. The textual fields tell the planner what was attempted,
where the agent moved, what was observed, and how the sub-goal ended. The key-frame identifiers
point back to stored visual observations that can be retrieved later if the planner needs to re-inspect a
scene or verify a candidate target.

The harness maintains a compact evidence notebook for long-horizon reasoning. The notebook stores
durable conclusions such as searched regions, candidate object locations, rejected hypotheses, landmark
cues, and layout assumptions. Unlike raw dialogue history, notebook entries are designed to survive
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context compression. Later entries may revise earlier beliefs, but the update history remains auditable. A
typical entry might be:

[step 47] Kitchen entered and searched; countertop and dining table checked. No mug observed.
Corridor shelf remains a possible candidate region from key frame #12.

Together, trajectory evidence and the evidence notebook form a two-level memory. By default, the
planner reasons over compact textual records and notebook entries. When text is insufficient, it can
retrieve source images through visual recall using the stored key-frame identifiers. This keeps the planner
context concise while preserving access to detailed visual evidence.

The harness can also expose auxiliary vision-tool calls, such as object detection, scene understanding, and
semantic grounding. These tools support the planner’s situational awareness, but they do not replace
Qwen-RobotNav as the core navigation model. Their role is to provide additional evidence channels
around the same planner–Qwen-RobotNav loop: the planner selects a task mode and configuration,
Qwen-RobotNav executes the navigation segment, and the harness returns compact trajectory evidence
for the next decision.

In summary, the agentic layer does not introduce a separate navigation policy. Its main function is
to make Qwen-RobotNav’s existing task modes and observation controls accessible to an upper-level
planner, and to make completed rollouts usable for long-horizon reasoning through trajectory evidence,
notebook memory, and context compression.

4 Data

Figure 5: Training data distribution. Left: Per-dataset sample counts across all navigation trajectory and
vision-language sources. Right: Aggregated distribution over task categories, totalling 15.6M training
samples.

4.1 Navigation Trajectory Planning

A key design principle of Qwen-RobotNav is to train on a deliberately broad spectrum of navigation tasks
rather than specialising in any single paradigm. We structure the trajectory planning corpus around four
capability dimensions that broaden the operational demands placed on the model: grounding language or
geometric guidance into executable motion, exploring partially observed spaces to locate targets (Zheng
et al., 2025; 2024; Peng et al., 2025), interacting with dynamic agents whose future states must be
anticipated in real time, and planning under high-speed, multi-agent, safety-critical dynamics in open-
world environments. These dimensions roughly span increasing environmental uncertainty, temporal
dependence, and embodiment diversity, but they are not mutually exclusive in practice. Rather, more
complex navigation regimes often reuse simpler competencies while introducing additional perception,
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planning, and control requirements. Jointly training across this spectrum encourages the model to develop
a shared spatial-planning substrate that generalises beyond any single task family. The full training
corpus comprises 15.6M samples; Figure 5 summarises the per-dataset and per-category distributions.

Guided by these dimensions, we select five concrete task families as the instantiation of our training
corpus:

• Instruction following and point-goal navigation jointly ground guided navigation by pairing rich
procedural language with compact directional or coordinate-based commands, thereby spanning the
full granularity spectrum of task specification.

• Object-goal navigation realises the exploration dimension, requiring the agent to build implicit
spatial maps and hypothesise target locations without step-by-step instructions.

• Active target tracking introduces dynamic interaction, demanding real-time motion anticipation and
re-identification of moving persons in crowded scenes.

• Autonomous driving realises cross-embodiment planning under high-speed, multi-agent traffic
dynamics with stringent safety constraints, an operational regime that shares the same underlying
spatial-planning principles as indoor navigation yet demands substantially different perception range,
action granularity, and decision latency.

These five tasks are chosen because they are mutually non-redundant: each exercises a distinct combination
of perception, planning, and control that the others leave undertrained, while together they provide
sufficient coverage for these capability dimensions to reinforce one another during joint optimisation.

4.1.1 Instruction Following

Instruction following represents the language-rich form of guided navigation. The agent must interpret
natural language instructions alongside egocentric visual observations and plan waypoint trajectories to
reach the described destination while adhering to the procedural milestones specified in the instruction.
This supervision trains fine-grained language-to-control grounding: spatial relations, landmark references,
and temporal ordering in the instruction must be translated into executable motion. We construct 5.63M
instruction-following training samples from two VLN-CE benchmarks (Krantz et al., 2020), building on
Matterport3D (Chang et al., 2017) scenes.

VLN-CE R2R (1,491K). The Room-to-Room benchmark (Krantz et al., 2020) provides approximately 10K
continuous navigation clips in indoor environments, each paired with a concise goal-oriented instruction.
We unroll each ground-truth trajectory with teacher forcing and record RGB observations in both single-
camera (front only) and multi-camera (front, left, right, and rear) configurations at every discrete step,
yielding 1,491K training samples after data balancing across view configurations, instruction refinement,
and image quality enhancement.

VLN-CE RxR (4,140K). The Room-Across-Room benchmark (Ku et al., 2020) significantly expands R2R
in both scale and complexity, featuring longer paths, richer spatial relationships, and multilingual
instructions with dense landmark references. Following the same teacher-forcing protocol, we extract
4,140K training samples from approximately 20K continuous clips across view configurations and
augmentation variants.

All instruction-following samples from both sources undergo the image quality enhancement and
instruction refinement pipelines described in Section 4.2.1: simulator renders are transformed into
photorealistic images via Qwen-Image-Edit (Wu et al., 2025) style transfer, and each instruction is
paraphrased into multiple linguistically diverse variants using an LLM (Yang et al., 2025a); the sample
counts above include all resulting augmentation variants.

4.1.2 Point Goal Navigation

Point-goal navigation provides the language-sparse counterpart to instruction following. The agent must
reach a specified target given only its current visual observation and a compact task specification, without
detailed natural language guidance. Whereas instruction-following data emphasise procedural language
grounding, point-goal data isolate geometric path planning, local obstacle avoidance, and smooth goal
approach from minimal coordinate or command inputs. We generate 984K point-goal navigation training
samples from Matterport3D (Chang et al., 2017) and HM3D (Ramakrishnan et al., 2021) scenes using
the Habitat simulator (Savva et al., 2019), and organise them into a curriculum from primitive motion
grounding to long-horizon path search.

Coordinate-based point goals (922K). The agent receives the target position as a numeric coordinate in
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Figure 6: Visualization of the three coordinate-based point-goal navigation categories. Direct Approach
(348K) targets near-straight paths along canonical egocentric directions. Short Range (174K) introduces
local obstacle avoidance within cluttered indoor geometry. Long Range (400K) requires multi-room path
search over extended horizons, navigating around walls and furniture.

its egocentric frame together with its current pose, distance, and bearing angle to the goal. We allocate
this subset according to difficulty rather than sampling uniformly.

• Direct-approach point goals (348K). Targets are placed along canonical egocentric directions or on an
integer grid within [−5, 5]× [−5, 5]m, and paths whose geodesic-to-euclidean ratio exceeds 1.15 are
rejected. This group corresponds to simplified point-of-interest navigation in which the target can be
reached by a near-straight trajectory, focusing supervision on basic coordinate grounding, heading
control, and smooth approach behaviour.

• Short-range point goals (174K; geodesic distance 0.5–6 m). These episodes introduce cluttered
indoor geometry and local obstacle avoidance while keeping the destination within a limited spatial
neighbourhood. Because they are relatively local and the visual evidence is often sufficient to infer a
feasible detour, a moderate sample budget is sufficient.

• Long-range point goals (400K; geodesic distance 6–10 m). These episodes receive the largest allocation
because they frequently lack direct line of sight to the target and require the agent to search over
alternative routes, navigate around walls and furniture, and plan across rooms over extended horizons.

This distribution implements a curriculum in which the model first learns reliable coordinate-to-motion
grounding, then local collision avoidance, and finally the more difficult path-searching behaviour needed
for non-myopic navigation.

Command-based motion primitives (62K). Instead of explicit coordinates, the agent receives a textual
motion primitive. Parameterised commands specify both action and magnitude (e.g., “Move forward 2.0
meters”, “Turn left 90 degrees”), while bare commands provide only the direction without a numeric
target (e.g., “Move forward”, “Turn left”), requiring the model to infer an appropriate displacement from
visual context. This subset is intentionally small because such commands primarily anchor basic action
semantics, such as moving forward by a specified distance or rotating by a specified angle; extensive
repetition yields limited additional path-planning diversity compared with coordinate-based long-range
episodes.

Point-goal navigation (PointNav) also serves as a controlled baseline for studying navigation competence
because the goal specification is simple and the required behaviour can be evaluated without the
confounding effect of complex language. This simplicity makes PointNav particularly suitable for
controlled observation-configuration and motion-dynamics augmentation; the corresponding front-view-
only training protocol and simulator perturbations are described in Section 4.2.1.

Each training sample contains a uniformly sampled set of history frames, the task specification (coordi-
nates or command), and an 8-waypoint future trajectory. Within 1.5 m of the goal, deceleration trajectories
with linearly decreasing step sizes are generated to teach smooth stopping behaviour. Forward steps are
subsampled at a 45% inclusion rate to rebalance the action distribution, while turns and stop actions are
always retained.

12



1 2 3 4Binarization Dilation and Erosion

Expands 
navigation 
regions and 
bridge small 
gaps.

Shrinks 
regions and 
remove thin 
noise.

Convert the 
top-down 
occupancy 
map into a 
binary 
navigability 
mask.

Skeletonization

Top-down BEV Map
Qwen-3.6 Plus

Connectivity Map Morphological Skeleton

Template
“Navigate to [goal]”,
“Find a [goal]”, …

Backtracking

Exploration

5 Annotation

“Navigate to a four-tier 
bookshelf filled with books.”

Figure 7: Object-goal navigation data generation pipeline. (1) The top-down occupancy map is binarised
into a navigability mask. (2) Morphological dilation and erosion expand navigable regions and remove
thin noise. (3) Skeletonisation extracts the medial-axis graph of the navigable space. (4) An exploration
trajectory is generated by traversing the skeleton with backtracking at dead ends. (5) A VLM annotates
the goal object at the terminal viewpoint, producing open-vocabulary goal specifications embedded in
diverse instruction templates.

4.1.3 Object-Goal Navigation

Object-goal navigation addresses goal-directed exploration under partial observability. The agent receives
a semantic object category or open-vocabulary object description, rather than a complete route, and must
search the environment until an instance of the target is reached. This setting exercises capabilities that
are difficult to induce from route-following data alone: maintaining an implicit memory of explored
regions, using scene priors to hypothesise likely object locations, and revising the route when the target
is absent from the current field of view.

We construct 2,000K object-goal navigation training samples from Matterport3D (Chang et al., 2017) and
HM3D (Ramakrishnan et al., 2021) reconstructed scenes, including open-vocabulary object annotations
from HM3D-OVON (Yokoyama et al., 2024b).

Skeleton-based exploration trajectories. A key challenge is that standard shortest-path followers
produce straight-to-goal trajectories that do not reflect realistic search behaviour: in practice, an agent
exploring for an unseen object must traverse corridors, inspect rooms, and backtrack from dead ends
before locating the target. We therefore generate trajectories using a skeleton-based exploration strategy
over the scene’s navigable space. Given the simulator’s top-down occupancy map, we first extract the
largest connected component of the navigable area and then apply morphological skeletonisation (Zhang
&Suen, 1984) to reduce it to a one-pixel-wide medial-axis graph. Short spurious branches are pruned to
suppress redundant bifurcation points. On this skeleton graph, a goal location is sampled at random,
and the agent starts from a random navigable position. The path is planned by traversing the skeleton: at
each junction the agent randomly selects a branch; upon reaching a dead end it backtracks and explores
an alternative branch, continuing until the branch containing the goal is reached. Because the skeleton
lies along the medial axis of navigable regions, the resulting paths maintain a safe distance from walls
and obstacles. The raw skeleton path is then smoothed via cubic-spline interpolation: waypoints sampled
at regular intervals along the skeleton are fitted with a parametric cubic spline, and the final trajectory
points are sampled from this spline at a fixed step size of 0.25 m, producing smooth, physically plausible
motion.

VLM-based goal annotation. Each trajectory requires an associated object goal. Rather than relying
on a fixed category taxonomy, we adopt a VLM-in-the-loop annotation strategy that produces open-
vocabulary goals by construction. At the terminal point of a generated trajectory, the agent is oriented
towards a random direction and the resulting egocentric image is submitted to a vision-language model,
which is asked to identify a salient, reachable object in the scene. If the VLM confirms the presence
of a suitable target, the trajectory is retained and the object name returned by the VLM is used as the
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goal specification; otherwise the trajectory is discarded. Because the VLM is free to name any visible
object without a predefined label set, the resulting goal vocabulary is inherently open and covers a long
tail of everyday objects beyond the fixed categories of standard ObjectNav benchmarks. The goal is
then embedded into diverse natural-language instruction templates (e.g., “navigate to the {goal_object}”,
“find and reach the {goal_object}”) to provide linguistic variation during training. Each training sample
contains uniformly sampled history frames, the task specification, and an 8-waypoint future trajectory,
following the same format used by the other navigation task families. The same observation-configuration
and image-quality augmentations described in Section 4.2.1 are applied, including camera height and
field-of-view randomisation.

4.1.4 Target Tracking

Active visual tracking extends the trajectory corpus from static goal reaching to dynamic interaction.
The agent must identify a person described by a natural language query (e.g., “Follow the man in the blue
t-shirt”), maintain pursuit in crowded indoor environments, and keep an appropriate following distance
while avoiding obstacles. Compared with object-goal navigation, this setting introduces time-critical
requirements including motion anticipation, occlusion handling, target re-identification, and balancing
pursuit with safety constraints. We collect 1,486K training samples from the EVT-Bench dataset (Wang
et al., 2025b), which covers diverse indoor scenes populated with hundreds of digital avatars whose
appearance and motion are controlled independently. Following the benchmark protocol (Wang et al.,
2025b), we focus on the Single Target Tracking (STT) split, where a unique target is specified per episode
and no distractors are introduced.

Each training sample contains the current egocentric observation, a short history of past frames, the
textual target description, and the ground-truth future trajectory. We additionally apply the same image-
quality and observation-configuration augmentations used in the instruction-following data to improve
cross-scene and cross-sensor generalisation.

4.1.5 Autonomous Driving

Autonomous driving is incorporated as a cross-embodiment source of trajectory supervision rather than
as a separate top-level capability class (Hu et al., 2023; Li et al., 2025c; Peng et al., 2026; Liang et al., 2026). It
requires an agent to reason over complex, dynamic, and safety-critical traffic environments and to predict
feasible future trajectories under diverse road geometries, traffic rules, and agent interactions. Unlike
indoor embodied navigation, driving scenarios involve higher-speed motion, structured lane topology,
long-range perception, and dense multi-agent dynamics. These differences stress the same spatial-
planning substrate under a substantially different operating regime, exposing the model to long-horizon
planning, interaction-aware motion prediction, and safety-constrained control. To equip the model with
transferable planning capabilities across both embodied and vehicle-centric settings, we incorporate
large-scale driving data into training and cast autonomous driving as a unified waypoint prediction
problem conditioned on multimodal observations. We construct the autonomous driving training set from
two complementary sources: nuScenes (78K) (Caesar et al., 2020) and OpenScene (3,138K) (Contributors,
2023). Together, these datasets provide diverse urban scenes, rich sensor observations, map-aware traffic
contexts, and a broad spectrum of driving behaviours ranging from routine lane following to complex
maneuvers such as turning, merging, yielding, and obstacle avoidance. By integrating them into a
common trajectory-planning format, we obtain approximately 3.2M autonomous-driving trajectory-
supervision instances. Here, the reported number refers to the total number of annotated supervision
variants rather than the number of distinct raw driving trajectories. Specifically, a single underlying
trajectory may be instantiated into multiple conditioning variants, depending on whether navigation
instructions, ego-state information, and historical ground-truth trajectory priors are provided. This
design allows the same driving behavior to be observed under different levels of prior information,
thereby encouraging the model to learn trajectory planning that is robust to heterogeneous inputs and
transferable across different settings.

Each supervision instance is centered on predicting the ground-truth future trajectory at the current frame,
conditioned on multimodal observations and a configurable set of auxiliary priors. All instances include
multi-view camera observations, while different annotation variants may additionally provide navigation
instructions, the current ego-vehicle state, and/or a short history of past ground-truth trajectories. Thus,
the autonomous-driving data is not treated as a single fixed-input prediction task, but as a family of
trajectory-planning tasks with different available context. This unified yet flexible representation enables
the model to reason over visual scene context, vehicle motion, temporal dynamics, and high-level route
intent when available, while also learning to remain effective when some priors are absent.
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Move to the side of the buffet cabinet and stop, positioning yourself to see the decorative 
items on top and the cabinet door details. Remain stationary for a few seconds.

Follow the woman in the light green top as she moves from the window to the bookshelf, then 
into the adjacent study room; maintain tracking when she exits and proceeds down the hallway.

Instruction Following

Target Tracking

Video 
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Prompt 
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Navigation 
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……
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Figure 8: Autogenerated navigation data pipeline. Right: A large language model first generates paired
video prompts and navigation instructions; a text-to-video model then synthesises first-person egocentric
videos, which are filtered by a vision-language model for quality before a monocular depth-and-pose
estimator extracts 2-D trajectories; a final kinematic filter removes physically implausible samples. Left:
Two example outputs covering instruction following (top) and target tracking (bottom), each showing a
generated video frame alongside the recovered bird’s-eye-view trajectory.

4.2 Autogenerated Navigation Data with a Video Generator

While simulator-derived trajectories provide precise ground-truth supervision, they are constrained
by the availability of reconstructed 3-D assets and exhibit a persistent visual domain gap relative to
real-world observations. To complement the simulator corpus with diverse, photorealistic training data
that does not require 3-D scene reconstruction, we introduce a fully automated pipeline that converts text-
to-video (T2V) generations into navigation trajectory samples. The pipeline covers two core capabilities,
instruction following and target tracking, and produces 40K training samples through five sequential stages
illustrated in Figure 8.

• Stage 1: Prompt and instruction generation. A large language model generates paired outputs for
each sample: a detailed video prompt describing a first-person navigation scenario, and a correspond-
ing natural-language navigation instruction. Prompts are drawn from a scene-complexity matrix
spanning 12 scene categories (e.g., home, office, shopping mall, hospital, park, street) and 7 inter-
action complexities (e.g., obstacle avoidance, target occlusion and reappearance, crowd navigation,
sudden direction changes), yielding 29 distinct combinations that ensure broad environmental and
behavioural coverage.

• Stage 2: Text-to-video synthesis. Each video prompt is fed to a T2V model, which renders a first-
person egocentric navigation video of approximately five seconds. The resulting clips depict the agent
moving through the described scene with realistic lighting, textures, and dynamic elements such as
pedestrians, without requiring any 3-D assets or physics simulation.

• Stage 3: VLM-based video quality filtering. A vision-language model evaluates every generated
video against capability-specific quality dimensions. For instruction-following videos the assessment
covers scene consistency, navigation correctness, goal arrival, stopping behaviour, motion continuity,
and collision avoidance; target-tracking videos are additionally evaluated on target visibility, pursuit
behaviour, and identity consistency across frames. Only videos that pass all applicable criteria are
retained.

• Stage 4: Trajectory extraction. A monocular depth-and-pose estimation model recovers per-frame
camera-to-world poses from each retained video. The estimated poses are converted from camera
coordinates into the robot-centric ground-plane frame, producing a 2-D trajectory [ x, y, yaw ] per
frame, where x and y denote forward and lateral displacement in metres and yaw is the heading
angle in radians, all relative to the first frame.

• Stage 5: Trajectory quality filtering. A rule-based kinematic filter removes trajectories that exhibit
physically implausible characteristics, including near-zero total displacement, excessive positional or
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Figure 9: Visual comparison between original Habitat simulator renders (top) and Qwen-Image-Edit (Wu
et al., 2025) (bottom).

heading jitter, single-step teleportation, abnormal acceleration, and high-frequency noise detected via
spectral analysis. Each check uses a tunable threshold, and a trajectory is discarded if it triggers any
single criterion.

The resulting dataset provides trajectory supervision grounded in photorealistic, T2V-generated imagery
across a wide variety of real-world-like scenes, complementing the simulator-derived corpus with greater
visual diversity and reduced domain gap.

4.2.1 Navigation Data Augmentation

To enhance robustness and data diversity, we apply task-dependent augmentation strategies to simulator-
derived navigation data. Instruction refinement is restricted to language-conditioned trajectories, whereas
visual refinement, observation-configuration perturbation, and speed variation are applied to simulator-
derived trajectory samples when supported by the source data.

• Instruction refinement. We employ an LLM-based paraphrasing pipeline (Yang et al., 2025a) that first
deduplicates instructions by trajectory identifier and then generates multiple paraphrased variants
per unique instruction. The generation prompt instructs the model to preserve all spatial directions
and relative landmarks, vary landmark nouns with synonyms or hypernyms, diversify sentence
structure and action verbs, and correct any grammatical noise, so that each variant reads as if written
by a different annotator. Three variants are generated per unique instruction, effectively tripling the
linguistic diversity of the corpus.

• Image quality enhancement. The sim-to-real visual gap remains a major bottleneck for transferring
simulation-trained policies to real environments. We build a scalable refinement pipeline based
on Qwen-Image-Edit (Wu et al., 2025), which applies prompt-guided diffusion-based style transfer
to every rendered observation. Given a source image and a natural-language editing prompt (e.g.,
“Convert the rendered image into a photorealistic photograph while preserving spatial layout”), the model
generates a visually refined version that retains the original geometric layout while exhibiting more
realistic textures, lighting, and material appearance.

• Observation and camera augmentation. Camera height is uniformly sampled in [0.5, 1.5]m, hori-
zontal field of view (HFoV) in [90◦, 120◦], and image aspect ratio between 2:1 and 4:3, so the model
learns to navigate under diverse sensor configurations without task-specific retraining. For PointNav,
we additionally perturb the robot’s initial heading and egocentric viewpoint, and explicitly construct
front-view-only variants in which the model receives only the front camera observation rather than
panoramic inputs. This setting matches deployment scenarios where only a forward-facing camera is
available.

• Speed augmentation. We generate trajectory data at multiple speed regimes to expose the model to
diverse motion dynamics. The standard-speed variant uses the default Habitat action discretisation
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(0.25 m forward steps, 15◦ turns). The low-speed variant replays the same planned trajectories at finer
temporal granularity with randomised sub-step sizes (0.05 to 0.25 m), while PointNav trajectories are
further replayed under varied motion scales to improve robustness across robot actuation speeds.

4.3 Vision Language Data

Robust action prediction rests on perceptual and reasoning capabilities that cut across all navigation
task families and cannot be acquired reliably from trajectory supervision alone. Recognising objects in
cluttered scenes, reading text on signs, reasoning about spatial layouts, comparing multiple views, and
interpreting novel visual contexts are prerequisites for navigation in unseen environments. We co-train
navigation trajectories with approximately 1.0M general vision-language samples and 873K navigation-
specific reasoning samples, organised into two complementary groups that collectively maintain and
strengthen the perceptual substrate required for the VLM-to-VLA transfer.

General vision-language data (∼1.0M). We incorporate training samples spanning eight complementary
categories: visual question answering (∼669K; VQAv2 (Goyal et al., 2017), DVQA (Kafle et al., 2018),
FigureQA (Kahou et al., 2018), CLEVR (Johnson et al., 2017), etc.), image captioning (∼6K), visual
grounding (∼178K; RefCOCO (Kazemzadeh et al., 2014), COCO (Lin et al., 2014), Objects365 (Shao et al.,
2019)), instruction following (∼30K), multi-image reasoning and comparison (∼38K), general visual
question answering (∼76K), object and landmark recognition (∼16K), and STEM problem solving (∼14K).
Rather than serving merely as a regulariser against catastrophic forgetting, these samples preserve and
extend the in-the-wild visual understanding that underpins downstream action prediction—object and
landmark recognition, spatial reasoning, text parsing, and multi-image analysis. All samples follow a
unified conversation format and are co-trained with navigation data, so that this perceptual substrate
remains intact as the model acquires embodied competence.

Navigation-specific reasoning (873K). Navigation reasoning is inherently domain-specific: deciding
whether to turn left at a hallway intersection demands spatial understanding that differs qualitatively
from general visual question answering. We extend NavGPT-2 (Zhou et al., 2024a) and construct two
complementary reasoning formats from existing VLN trajectory data. Free-form QA targets key decision
points within each trajectory, the start step, the final step, and transition points where the dominant
action category switches between forward motion and turning. Each sample’s 8-step future trajectory
is classified into one of twelve fine-grained action classes (six pure turns: slight, medium, and large
in both left and right directions: four forward-with-turn combinations, straight-ahead movement, and
stop) and cast as a question–answer pair, training the model to articulate spatial reasoning in natural
language before committing to actions. Structured multi-perspective reasoning extends this idea to multi-
view contextual analysis. For each selected sample, the agent’s historical front-view observations (up
to eight uniformly sampled frames) and current four-view panoramic images (front, right, back, left)
are combined with the navigation instruction, ground-truth action label, and trajectory statistics into a
structured prompt. A vision-language model then generates a structured reasoning chain comprising
four components:

• History reasoning. A first-person narrative summarising the journey so far based on historical views.
• Scene analysis. A description of what is visible in each of the four current views.
• Instruction progress. An assessment of completed and remaining sub-goals relative to the original

instruction.
• Action reasoning. A concise reasoning chain concluding with the predicted action and a confidence

score.

Each sample is subsequently decomposed into four independent question–answer pairs, yielding separate
fine-tuning signals for history comprehension, scene understanding, progress tracking, and action
prediction. By requiring the model to reconstruct its trajectory context, analyse the current scene, and
assess instruction progress before deriving an action, both formats enforce a systematic reasoning process
that serves as an inductive bias for the VLM-to-VLA transfer: the language-mediated reasoning, once
internalised, acts as a transferable scaffold that improves both QA accuracy and the quality of predicted
action trajectories.

Discrete multi-round navigation data (362K). To complement the continuous-environment trajectory
data, we incorporate approximately 362K training samples derived from discrete VLN datasets by re-
formulating graph-based navigation trajectories into a multi-round, multi-image conversation format.
Following the VLN-MME evaluation framework (Zhao et al., 2025), each navigation step is formulated
as a single-step action prediction task cast in a multiple-choice question format: the agent receives four
perspective-view images (front, right, back, left) extracted from the panoramic observation rendered
by the Matterport3D Simulator (Chang et al., 2017), together with a set of candidate next-viewpoints
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History  Just started in a modern dining area 
with a long wooden table and white chairs.

Scene Analysis  Front: dining room with large 
window. Right: bright open space with light wood flooring. 
Back: hallway with round mirror. Left: starburst artwork.

Instruction Progress  In the dining area. 
Need to transition into the large open space to find 
the door.

Action Reasoning  Facing a wall/window. 
Must reorient toward the main living area by 
turning right significantly.

History  Rotating and moving along the dining 
table, transitioning toward the open living area.

Scene Analysis  Front: end of table and vast open-
plan area. Right: blue armchairs and circular mirror. 
Behind: sunburst fixture. Left: window and table.

Instruction Progress  Entering the open 
space. Can see a doorway on the right leading to a 
space with a black doormat.

Action Reasoning  At the living area 
threshold. Moving forward while turning right to 
enter the open space.

History  Walked alongside the table and 
past it. Moving into the larger open-plan 
living area.

Scene Analysis  Front: open area with blue 
chairs and round mirror. Right: hallway toward 
kitchen. Back: dining area. Left: windowed wall.

Instruction Progress  Entered the 
open space. Next: find the door on the 
right near the fireplace area.

Action Reasoning  In the open space. 
Turning toward the fireplace to approach 
the doorway with the black doormat.

History  Walked alongside the table and 
past it. Moving into the larger open-plan 
living area.

Scene Analysis  Front: open area with blue 
chairs and round mirror. Right: hallway toward 
kitchen. Back: dining area. Left: windowed wall.

Instruction Progress  Entered the 
open space. Next: find the door on the 
right near the fireplace area.

Action Reasoning  In the open space. 
Turning toward the fireplace to approach 
the doorway with the black doormat.

History  Walked across the open space, 
approaching the large wooden pivot door on the 
right wall.

Scene Analysis  Front: hallway with clock and 
thermostat. Right: black doormat at the base of the 
wooden door. Back/left: living and kitchen area.

Instruction Progress  Going through the 
door on the right. Identified the black doormat. 
Next: position just past it.

Action Reasoning  Moving forward through 
the door. Turning right to align properly and be 
'just past' the doormat.

History  Walked alongside the table and past it. 
Moving into the larger open-plan living area.

Scene Analysis  Front: open area with blue 
chairs and round mirror. Right: hallway toward 
kitchen. Back: dining area. Left: windowed wall.

Instruction Progress  Entered the open 
space. Next: find the door on the right near the 
fireplace area.

Action Reasoning  In the open space. Turning 
toward the fireplace to approach the doorway with 
the black doormat.

History  Navigated the full path: dining 
area → open living → hallway → through 
the wooden doors → doormat.

Scene Analysis  Front: dark recessed area with 
wooden ceiling. Right: dining room through 
window. Back: wooden double doors. Left: white 
wall, chandelier.

Instruction Progress  Completed all 
parts. Now positioned just past the black 
doormat. Goal: wait.

Action Reasoning  Fulfilled the entire 
navigation request. The correct action is to 
stop here.

History  Moved through the open space 
toward the wooden doors at the far end of 
the room.

Scene Analysis  Front: entryway/foyer with 
dark ceiling and black mat ahead. Right/Left: 
solid dark wood door panels. Back: living area 
with wall clock.

Instruction Progress  Passing 
through the door. Next: reach and cross 
the black doormat.

Action Reasoning  Facing the foyer 
with the black mat. Moving straight 
forward to position just past it.
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“Enter the open space, then go 
through the door on the right. Wait 
just past the black doormat.”

Figure 10: Visualization of structured multi-perspective reasoning along a complete navigation trajectory.
Given the instruction “Enter the open space, then go through the door on the right. Wait just past the black
doormat,” the agent executes eight sequential steps (numbered on the floor plan). At each step, a four-
component reasoning chain is produced: History summarises the journey so far, Scene Analysis describes
the current multi-view observations, Instruction Progress tracks completed and remaining sub-goals, and
Action Reasoning derives the next action. This structured decomposition is used to generate navigation-
specific reasoning supervision for VLM-to-VLA transfer.

annotated with visual markers as answer options, and selects the correct action among them. Rather
than rendering observations in the Habitat simulator, we use the Matterport3D Simulator, which pro-
duces higher-definition photorealistic panoramic views directly from the original 3-D scans. Unlike
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Figure 11: Deployment architecture and latency comparison of Qwen-RobotNav-4B on Unitree Go2.
Left: remote-server and edge deployment pipelines, where edge inference runs on Jetson Thor with
FP8 quantization and TensorRT acceleration. Right: latency evaluation, including (a) per-frame latency
fluctuations and (b) average latency breakdown for both deployments.

the continuous-environment action data, which are decomposed into independent single-step samples,
this discrete formulation allows each trajectory to be maintained as a complete multi-turn dialogue,
preserving the full decision history within the conversation context and enabling the model to leverage
prior turns for spatial reasoning without requiring an explicit history encoding module. Through this
pipeline, we incorporate additional VLN datasets beyond R2R and RxR: CVDN (Thomason et al., 2020),
which introduces dialog-conditioned navigation requiring multi-turn linguistic grounding; SOON (Zhu
et al., 2021), which targets situated object-oriented navigation with fine-grained spatial goal specifica-
tions; REVERIE (Qi et al., 2020), which pairs remote referring expressions with object localisation; and
SRDF (Wang et al., 2025c), which bootstraps large-scale augmented trajectories via a self-refining data
flywheel across diverse indoor environments. This approach enables us to significantly scale the number
of training trajectories and their linguistic diversity while preserving the multi-turn reasoning capabilities
that single-step formulations sacrifice.

5 Experiments

5.1 Deployment

For real-world deployment, we explore both cloud-based and on-device inference for Qwen-RobotNav.
In the cloud setting, the robot uploads compressed observations and text instructions over the network
to a remote server for trajectory prediction, and receives the planned actions for execution. This setup
supports larger models with strong inference capability and faster server-side inference, but introduces
communication overhead and relies on network stability. In the on-device setting, inference runs directly
on the robot via an NVIDIA Jetson Thor, eliminating transmission delay and improving robustness, at
the cost of being constrained by onboard compute and bandwidth resources.

Taking network transmission into account, the remote-server deployment still achieves lower average
end-to-end latency than on-device inference, with 196 ms (5.1 Hz) versus 204 ms (4.9 Hz). The trade-off is
higher sensitivity to network conditions, leading to larger latency variance and occasional spikes. By
eliminating network transmission, on-device inference provides more consistent latency and is therefore
more robust for latency-sensitive tasks such as tracking. Overall, remote-server inference is faster on
average, whereas on-device inference is more stable and reliable in real-world deployment.

5.2 Evaluation

We evaluate Qwen-RobotNav on three standard embodied navigation benchmarks: vision-and-language
navigation in continuous environments (VLN-CE), open-vocabulary object-goal navigation (OVON),
and active visual tracking (EVT-Bench). Results are compared against two recent navigation foundation
model baselines (NavFoM (Zhang et al., 2025a) and ABot-N0 (AMAP CV Lab, 2025)) as well as established
specialist methods.

5.2.1 Vision-and-Language Navigation

VLN-CE. Table 1 reports VLN-CE R2R and RxR Val-Unseen results under both monocular and panoramic
observation settings. Under the panoramic setting, Qwen-RobotNav-8B achieves 72.1% SR and 66.6%
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Table 1: VLN-CE Val-Unseen results under monocular and panoramic observation settings. Bold: best
within each setting; underline: second best.

Method R2R Val-Unseen RxR Val-Unseen

NE↓ OS↑ SR↑ SPL↑ NE↓ nDTW↑ SR↑ SPL↑
Monocular
NaVid (Zhang et al., 2024a) 5.72 49.2 41.9 36.5 5.72 – 45.7 38.2
Uni-NaVid (Zhang et al., 2025b) 5.58 53.3 47.0 42.7 6.24 – 48.7 40.9
NaVILA (Cheng et al., 2025) 5.22 62.5 54.0 49.0 6.77 58.8 49.3 44.0
StreamVLN (Wei et al., 2025b) 4.98 64.2 56.9 51.9 6.22 61.9 52.9 46.0
DualVLN (Wei et al., 2025a) 4.05 70.7 64.3 58.5 4.58 70.0 61.4 51.8
InternVLA-N1 (Cai et al., 2025) 4.83 63.3 58.2 54.0 5.91 65.3 53.5 46.1
Qwen-RobotNav-4B 4.22 73.6 66.9 60.5 4.15 68.6 71.3 61.5
Qwen-RobotNav-8B 4.36 72.7 65.7 59.6 4.16 69.9 73.4 63.5

Panoramic
NavFoM (Zhang et al., 2025a) 4.61 72.1 61.7 55.3 4.74 65.8 64.4 56.2
ABot-N0 (AMAP CV Lab, 2025) 3.78 70.8 66.4 63.9 3.83 – 69.3 60.0
OmniNav (Hu et al., 2025) 3.74 74.6 69.5 66.1 3.77 – 73.6 62.0
AstraNav-World (Hu et al., 2026) 3.86 73.9 67.9 65.4 3.82 – 72.9 61.5
Qwen-RobotNav-4B 3.80 77.2 69.5 63.6 3.80 71.9 75.2 65.0
Qwen-RobotNav-8B 3.53 78.5 72.1 66.6 3.58 72.5 76.5 65.7

Table 2: Navigation foundation model comparison on VLNVerse (Lin et al., 2025) test split. TL:
Trajectory Length; NE: Navigation Error; SR: Success Rate; OSR: Oracle Success Rate; SPL: Success
weighted by Path Length. Bold: best; underline: second best.

Method Fine-grained Coarse-grained

TL NE↓ OSR↑ SR↑ SPL↑ TL NE↓ OSR↑ SR↑ SPL↑
InternVLA-N1 (Cai et al., 2025) 9.23 5.68 38.69 28.95 25.00 4.00 5.71 23.32 17.51 16.54
Uni-NaVid (Zhang et al., 2025b) 12.35 4.11 67.02 45.74 26.91 10.33 5.05 42.70 29.68 13.47
NavFoM (Zhang et al., 2025a) 8.58 4.13 69.68 51.59 32.40 6.52 4.93 45.93 38.02 23.15

Qwen-RobotNav-4B 7.99 3.05 70.36 62.61 56.22 7.39 4.40 51.03 41.25 37.37
Qwen-RobotNav-8B 8.16 3.00 72.81 63.75 57.93 7.68 4.08 55.97 46.59 41.54

SPL on R2R, surpassing NavFoM by 10.4% SR and ABot-N0 by 5.7% SR. On the longer-horizon RxR
benchmark, Qwen-RobotNav-8B reaches 76.5% SR and 72.5 nDTW, outperforming NavFoM by 12.1% SR
and ABot-N0 by 7.2% SR. Under the monocular setting, Qwen-RobotNav remains competitive despite
the significantly reduced field of view. Qwen-RobotNav-4B achieves 66.9% SR and 60.5% SPL on R2R,
surpassing the strongest monocular baseline DualVLN by 2.6% SR and 2.0% SPL. On RxR, Qwen-
RobotNav-8B reaches 73.4% SR and 63.5% SPL, outperforming DualVLN by 12.0% SR and 11.7% SPL,
demonstrating particularly strong gains on long-horizon instructions. The consistent improvements
across both observation settings validate the effectiveness of task-adaptive token allocation and the
generality of Qwen-RobotNav: it delivers state-of-the-art performance regardless of the input modality,
whether operating with a single forward-facing camera or a full panoramic observation.

VLNVerse. Table 2 reports results on VLNVerse (Lin et al., 2025), a large-scale benchmark that unifies
previously fragmented VLN tasks into a single evaluation framework and replaces teleporting “ghost”
agents with full-kinematics embodied locomotion driven by a physics engine. We evaluate under
both fine-grained and coarse-grained instruction settings, thereby probing whether an agent can follow
detailed step-by-step guidance as well as interpret high-level goal descriptions. Qwen-RobotNav-8B
achieves 63.75% SR and 57.93% SPL on the fine-grained split, surpassing NavFoM by 12.2% SR and
25.5% SPL, and Uni-NaVid by 18.0% SR and 31.0% SPL. On the more challenging coarse-grained split,
where instructions omit procedural detail and require the agent to infer intermediate waypoints, Qwen-
RobotNav-8B reaches 46.59% SR and 41.54% SPL, outperforming NavFoM by 8.6% SR and 18.4% SPL.
Notably, the SPL margins are substantially larger than the SR margins in both settings, indicating that
Qwen-RobotNav not only reaches the goal more often but follows markedly more efficient paths. The
4B variant also surpasses all baselines, confirming that the performance advantage is not merely a
consequence of model scale.

VLN-PE. Table 3 further evaluates on VLN-PE (Wang et al., 2025a) using the flash controller, which
decouples high-level navigation planning from low-level locomotion control and thereby provides a
more direct assessment of spatial reasoning quality. Qwen-RobotNav-8B achieves 65.50% SR and 61.19%
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Table 3: VLN-PE results with flash controller (R2R Val-Unseen) (Wang et al., 2025a). TL: Trajectory
Length; NE: Navigation Error; FR: Fall Rate; OS: Oracle Success Rate; SR: Success Rate; SPL: Success
weighted by Path Length. Bold: best; underline: second best.

Method TL NE↓ FR↓ OS↑ SR↑ SPL↑
Seq2Seq (Krantz et al., 2020) 19.24 8.27 0.22 43.05 15.74 9.70
CMA (Krantz et al., 2020) 40.21 31.24 0.22 45.06 20.94 14.06
RDP (Wang et al., 2025a) 15.12 6.98 0.30 42.54 24.94 17.54
InternVLA-N1 (Cai et al., 2025) 10.11 4.13 0.45 67.63 60.36 54.93

Qwen-RobotNav-4B 10.39 4.24 3.83 72.70 60.28 55.24
Qwen-RobotNav-8B 9.17 3.73 4.05 72.99 65.50 61.19

Table 4: Closed-vocabulary object-goal navigation on MP3D and HM3Dv2. †: uses depth or odometry.
Bold: best; underline: second best.

Method MP3D HM3Dv2

SR↑ SPL↑ SR↑ SPL↑

VLFM† (Yokoyama et al., 2024a) 36.4 17.5 52.5 30.4
OpenFMNav† (Kuang et al., 2024) 37.2 15.7 52.5 24.1
SG-Nav† (Yin et al., 2024) 40.2 16.0 54.0 24.9
TriHelper† (Zhang et al., 2024b) – – 56.5 25.3
WMNav† (Nie et al., 2025) 45.4 17.2 58.1 31.2
CogNav† (Cao et al., 2024) 46.6 16.1 72.5 26.2
Uni-NaVid (Zhang et al., 2025b) – – 73.7 37.1

Qwen-RobotNav-4B 52.2 16.0 75.6 30.6
Qwen-RobotNav-8B 48.8 17.7 71.2 33.0

SPL, surpassing InternVLA-N1 by 5.1% SR and 6.3% SPL, while also attaining the lowest navigation error
(3.73 m) and the highest oracle success rate (72.99%) among all methods. Qwen-RobotNav-4B performs
comparably to InternVLA-N1 in SR (60.28% vs. 60.36%) but achieves higher oracle success (72.70% vs.
67.63%), suggesting stronger goal-proximate planning even at smaller model capacity.

5.2.2 Object-Goal Navigation

MP3D & HM3Dv2. Table 4 reports closed-vocabulary ObjectNav results on MP3D and HM3Dv2.
Notably, most prior methods in this space rely on depth sensors or odometry (marked with †), whereas
Qwen-RobotNav operates from RGB observations alone. Despite this disadvantage, Qwen-RobotNav-
4B achieves 52.2% SR on MP3D, surpassing all depth-based baselines including CogNav (46.6%) and
WMNav (45.4%). On HM3Dv2, Qwen-RobotNav-4B reaches 75.6% SR with a distance-to-goal of only
1.72 m, surpassing even the vision-only Uni-NaVid (73.7%) and establishing a new state of the art on this
benchmark. The 8B variant achieves the best SPL on MP3D (17.7%) and competitive SPL on HM3Dv2
(33.0%), indicating more efficient paths at larger model scale.

HM3D-OVON. Table 5 reports open-vocabulary results on HM3D-OVON, where the agent must locate
objects described by free-form category names rather than a fixed label set. Qwen-RobotNav-4B achieves
57.7% / 60.1% / 53.1% SR on the Seen / Synonyms / Unseen splits, attaining the best success rate on
two of three splits and ranking a close second on Unseen (53.1% vs. ABot-N0’s 54.0%). Importantly,
Qwen-RobotNav uses only a single forward-facing camera in this evaluation, whereas ABot-N0 consumes
panoramic multi-view observations that provide 360◦ scene coverage and substantially reduce the need
for active exploration—yet Qwen-RobotNav still surpasses it on both Seen and Synonyms by 2.4% and
4.7% SR respectively. The 8B variant also outperforms ABot-N0 on these two splits while achieving
higher SPL (28.5% / 28.8%), reflecting more efficient goal approach at larger model capacity. The lower
SPL of Qwen-RobotNav relative to NavFoM and ABot-N0 reflects a reach-first exploration behaviour:
the skeleton-based training trajectories encourage thorough room-by-room search, which improves
goal-finding rate but at the cost of longer paths.

5.2.3 Active Visual Tracking

Table 6 reports single-target tracking performance on EVT-Bench. Qwen-RobotNav achieves the highest
tracking rates among all methods (90.0% TR for 4B and 89.7% TR for 8B), surpassing ABot-N0 (87.6%)
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Table 5: Open-vocabulary object-goal navigation on HM3D-OVON (Yokoyama et al., 2024b). †: uses
depth or odometry. Bold: best; underline: second best.

Method Seen Synonyms Unseen

SR↑ SPL↑ SR↑ SPL↑ SR↑ SPL↑

VLFM† (Yokoyama et al., 2024a) 35.2 18.6 32.4 17.3 35.2 19.6
DAgRL+OD† (Yokoyama et al., 2024b) 38.5 21.1 39.0 21.4 37.1 19.8
MTU3D† (Zhu et al., 2025) 55.0 23.6 45.0 14.7 40.8 12.1
Uni-NaVid (Zhang et al., 2025b) 41.3 21.1 43.9 21.8 39.5 19.8
NavFoM (Zhang et al., 2025a) 40.1 27.1 45.4 32.6 45.2 31.9
ABot-N0 (AMAP CV Lab, 2025) 55.3 32.1 55.4 33.2 54.0 30.5

Qwen-RobotNav-4B 57.7 24.4 60.1 25.1 53.1 20.9
Qwen-RobotNav-8B 56.1 28.5 57.8 28.8 51.2 24.0

Table 6: Active visual tracking on EVT-Bench (Wang et al., 2025b) (Single Target split, single-view). SR:
Success Rate; TR: Tracking Rate; CR: Collision Rate. †: uses GroundingDINO; ‡: uses SoM+GPT-4o. Bold:
best; underline: second best.

Method TR↑ CR↓ SR↑

IBVS† (Gupta et al., 2016) 56.2 3.75 42.9
PoliFormer† (Zeng et al., 2024) 15.5 40.1 4.67
EVT (Zhong et al., 2024) 39.1 42.5 24.4
EVT‡ (Zhong et al., 2024) 49.9 40.5 32.5
Uni-NaVid (Zhang et al., 2025b) 39.5 41.9 25.7
TrackVLA (Wang et al., 2025b) 78.6 1.65 85.1
TrackVLA++ (Liu et al., 2025) 81.0 2.10 86.0

NavFoM (Zhang et al., 2025a) 80.5 – 85.0
ABot-N0 (AMAP CV Lab, 2025) 87.6 8.54 86.9

Qwen-RobotNav-4B 90.0 6.40 77.4
Qwen-RobotNav-8B 89.7 5.70 78.6

by 2.4%, NavFoM (80.5%) by 9.5%, and the dedicated tracker TrackVLA++ (81.0%) by 9.0%. Qwen-
RobotNav-8B also achieves the lowest collision rate among generalist models (5.70% CR), substantially
below ABot-N0 (8.54%). However, the success rate of Qwen-RobotNav (77.4% / 78.6%) trails that of
ABot-N0 (86.9%) and TrackVLA++ (86.0%), which are specifically optimised for tracking tasks. We
hypothesise that the broader multi-task training of Qwen-RobotNav introduces a trade-off where the
model maintains tighter following behaviour (superior TR) while being more conservative in declaring
episode success.

5.3 Embodied Question Answering

Table 7 summarises embodied question answering results on HM-EQA, MT-HM3D, and EXPRESS-
Bench. Our Qwen-RobotNav-based variants outperform prior methods across all three benchmarks.
In particular, Qwen3.6-Plus+Qwen-RobotNav achieves the best overall performance, reaching 76.7 SR
on HM-EQA, 54.4 SR on MT-HM3D, and 79.27 LLM Score on EXPRESS-Bench, consistently surpassing
recent strong baselines such as FAST-EQA and Memory-EQA. Compared with FAST-EQA, Qwen3.6-
Plus+Qwen-RobotNav improves absolute performance by 7.5 points on HM-EQA, 3.9 points on MT-
HM3D, and 10.57 points on EXPRESS-Bench. It also reduces normalized equivalent steps on HM-EQA
and MT-EQA and improves EXPRESS-Bench Epath by 4.71 points, indicating that the learned executor
supports more targeted physical exploration. These results suggest that the multimodal reasoning and
navigation capabilities of Qwen-RobotNav transfer effectively to embodied question answering, enabling
both stronger scene exploration and more accurate answer prediction. Furthermore, the substantial
improvement in navigation efficiency achieved by Qwen-RobotNav enables our system to reach target
locations using significantly fewer equivalent steps. This further demonstrates its viability as an effective
physical-world tool for general-purpose multimodal agents.
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Table 7: Performance comparison on embodied question answering benchmarks. Results are compared
against prior state-of-the-art methods on HM-EQA, MT-HM3D, and EXPRESS-Bench. ∗: result reported
by prior work. †: results are on the full A-EQA split. Bold: best; underline: second best.

Method HM-EQA MT-EQA EXPRESS-Bench

Acc. (↑) Steps (↓) Acc. (↑) Steps (↓) LLM Score (↑) Epath (↑)
Explore-EQA (Ren et al., 2024) 58.4 0.52 36.2∗ 0.64 – –
Graph-EQA (Saxena et al., 2024) 63.5 0.20 45.6∗ 0.45 – –
Memory-EQA (Li et al., 2026a) 61.4 0.40 43.1 0.41 – –
Fine-EQA (Jiang et al., 2025) 56.0 0.54 – – 63.95 25.58
3D-Mem (Yang et al., 2025b) 50.4 0.63 – – – –
FAST-EQA (Zhang et al., 2026) 69.2 0.65 50.5 0.52 68.7 29.25

Qwen3.5-Plus+QwenNav-8B 74.1 0.17 52.1 0.22 77.66 31.73
Qwen3.6-Plus+QwenNav-8B 76.7 0.15 54.4 0.19 79.27 33.96

Table 8: Performance comparison on NAVSIM navtest using closed-loop metrics. NC: Navigation
Compliance; DAC: Drivable Area Compliance; TTC: Time-to-Collision; Comf.: Comfort; EP: Ego Progress;
PDMS: PDM Score. †: uses additional LiDAR information. ‡: our model evaluated without historical
ego-status prior. Bold: best; underline: second best.

Method NC↑ DAC↑ TTC↑ Comf.↑ EP↑ PDMS↑
Human 100 100 100 99.9 87.5 94.8
Constant Velocity 68.0 57.8 50.0 100 19.4 20.6
Ego Status MLP 93.0 77.3 83.6 100 62.8 65.6

UniAD (Hu et al., 2023) 97.8 91.9 92.9 100 78.8 83.4
TransFuser† (Chitta et al., 2022) 97.7 92.8 92.8 100 79.2 84.0
PARA-Drive (Weng et al., 2024) 97.9 92.4 93.0 99.8 79.3 84.0
LAW (Li et al., 2024) 96.4 95.4 88.7 99.9 81.7 84.6
DRAMA† (Yuan et al., 2024) 98.0 93.1 94.8 100 80.1 85.5
Hydra-MDP++ (Li et al., 2025a) 97.6 96.0 93.1 100 80.4 86.6
DiffusionDrive† 98.2 96.2 94.7 100 82.2 88.1
WoTE† (Li et al., 2025b) 98.5 96.8 94.9 99.9 81.9 88.3
Hydra-NeXt† (Li et al., 2025d) 98.1 97.7 94.6 100 81.8 88.6
VADv2 (Jiang et al., 2024) 98.3 97.4 95.7 100 82.3 89.3
GoalFlow† (Xing et al., 2025) 98.4 98.3 94.6 100 85.0 90.3

DrivingGPT (Chen et al., 2025b) 98.9 90.7 94.9 95.6 79.7 82.4
NavFoM (Zhang et al., 2025a) 97.7 93.5 92.3 100 79.6 84.3
AutoVLA (Zhou et al., 2025b) 98.4 95.6 98.0 99.9 81.9 89.1
ReCogDrive (Li et al., 2025c) 97.9 97.3 94.9 100 87.3 90.8
ReflectDrive (Li et al., 2026b) 97.7 99.3 93.5 100 86.9 91.1

Qwen-RobotNav-4B‡ 96.4 90.9 89.0 99.9 75.2 79.5
Qwen-RobotNav-8B‡ 95.9 91.3 88.4 100 75.5 79.5
Qwen-RobotNav-4B 99.8 97.5 98.5 99.9 84.4 91.4
Qwen-RobotNav-8B 99.8 96.9 98.2 99.9 84.2 90.9

5.4 Autonomous Driving

NAVSIM. Table 8 reports trajectory planning results with closed-loop metrics on NAVSIM navtest.
During evaluation, we provide the ground-truth trajectories of the previous three frames in the prompt
as historical priors, allowing the model to condition its prediction on short-term ego-motion context.
Qwen-RobotNav achieves strong performance among vision-language driving models. In particular,
Qwen-RobotNav-4B reaches 91.4 PDMS, outperforming NavFoM by 7.1 points, AutoVLA by 2.3 points,
ReCogDrive by 0.6 points, and ReflectDrive by 0.3 points. It also achieves highly competitive safety-
related scores, with 99.8 NC and 98.5 TTC, while maintaining strong DAC and EP performance. Qwen-
RobotNav-8B obtains similarly strong results, reaching 90.9 PDMS with 99.8 NC and 98.2 TTC. Compared
with the variants evaluated without historical ego-status priors, both models obtain a substantial gain of
more than 11 points in PDMS, highlighting the importance of short-term trajectory history for closed-loop
driving prediction.

As shown in Figure 12, the qualitative NAVSIM visualization further illustrates the closed-loop behavior
of Qwen-RobotNav in a left-turn scenario. The model leverages multi-view observations together
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 Step 1 
Turn Left ...... (ego state infomation and history trajectories)

 Step 15 

 Step 30 

Figure 12: Qualitative closed-loop planning visualization on NAVSIM. We visualize a representative
left-turn case in an annular road scene. For each timestep, the figure shows the multi-view camera
observations, the predicted future trajectory overlaid on the front-view image, and the corresponding
BEV scene. Qwen-RobotNav produces temporally consistent curved trajectories from Step 1 to Step 30,
progressively completing the left turn while remaining aligned with the drivable lane.

Table 9: AlpaSim closed-loop evaluation on the PhysicalAI-AV NuRec dataset. Results are evaluated on
920 scenarios using at-fault closed-loop metrics, where close encounters are counted only when the ego
vehicle is deemed responsible, excluding rear-end close encounters. Bold: best; underline: second best.

Method Close Encounter Rate↓ (%) Off-Road Rate↓ (%) AlpaSim Score↑
Alpamayo-R1-0.5B 9.0 19.0 0.35
Alpamayo-R1-10B 4.0 16.0 0.72

Qwen-RobotNav-4B 22.0 34.0 0.15
Qwen-RobotNav-8B 22.0 27.0 0.17

with ego-state and historical trajectory information to predict a smooth turning trajectory. Across
different timesteps, the predicted path adapts to the changing scene context, follows the curvature of
the annular road, and gradually transitions from entering the turn to aligning with the outgoing lane.
This demonstrates that Qwen-RobotNav can maintain temporally coherent planning behavior under
multi-view driving observations.

AlpaSim. Table 9 presents closed-loop evaluation on the PhysicalAI-AV NuRec dataset using AlpaSim.
This benchmark evaluates driving performance with at-fault metrics, where close encounters are counted
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Turn Right ...... (ego state infomation and history trajectories)

Go Straight ...... (ego state infomation and history trajectories)
 Step 1   Step 30 

 Step 60   Step 90 

 Step 1   Step 20 

 Step 50   Step 70 

Figure 13: Qualitative zero-shot closed-loop simulation visualization on AlpaSim. We show two
representative cases from the PhysicalAI-AV NuRec dataset. In the first right-turn case, Qwen-RobotNav
slows down and proceeds straight after approaching an intersection, then performs a right turn while
keeping away from the road boundary, and finally continues forward along the outgoing lane. In the
second straight-driving case, the ego vehicle starts from a stopped state after the traffic light turns green
and safely passes through a complex intersection while avoiding surrounding traffic participants.

only when the ego vehicle is deemed responsible. We include AlpaSim as an additional autonomous
driving benchmark to examine closed-loop safety and long-horizon driving robustness beyond NAVSIM.

Importantly, Qwen-RobotNav is evaluated in a zero-shot setting on AlpaSim: the model is directly rolled
out in the simulator without AlpaSim-specific training or closed-loop adaptation on the PhysicalAI-AV
NuRec scenarios. Therefore, this benchmark mainly measures the out-of-domain transfer ability of a
general vision-language navigation model under long-horizon autonomous driving simulation. Although
Qwen-RobotNav still lags behind the Alpamayo-R1 models that are designed for this evaluation setting,
it achieves non-trivial zero-shot closed-loop performance. Moreover, increasing the model scale from 4B
to 8B improves the off-road rate from 34.0% to 27.0% and the AlpaSim score from 0.15 to 0.17, suggesting
that larger backbones provide better closed-loop stability and scene-level generalization under this
challenging transfer setting.

Figure 13 provides qualitative examples of Qwen-RobotNav in zero-shot AlpaSim closed-loop simulation.
In the right-turn scenario, the ego vehicle first approaches the intersection cautiously and proceeds
straight at a reduced speed, then executes a right turn while avoiding the road boundary, and finally
aligns with the outgoing lane to continue driving forward. In the intersection scenario, the vehicle
correctly reacts to the green traffic light, starts from a stopped state, and proceeds through a complex
multi-agent intersection without colliding with other vehicles. These cases suggest that, despite the
remaining quantitative gap on aggregate AlpaSim metrics, Qwen-RobotNav can still exhibit meaningful
reactive planning behaviors when transferred zero-shot to challenging closed-loop driving scenes.
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Figure 14: Data scaling behavior of Qwen-RobotNav. Performance on representative navigation
benchmarks as a function of the training data fraction. Increasing the amount of navigation training data
yields clear gains on most tasks, with especially strong improvements on long-horizon tasks such as
VLN-CE RxR, while short-horizon tracking saturates earlier and exhibits mild non-monotonicity.
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Figure 15: Ablation on token budget B and temporal decay γ. We evaluate Qwen-RobotNav-4B on 500
VLN-CE R2R Val-Unseen episodes under varying configurations. Left: Sweeping the token budget from
2048 to 4608 at fixed γ=2.0. Right: Sweeping the temporal decay from 0.5 to 3.5 at fixed B=3072.

5.5 Ablation Study

Effect of training data scale. Figure 14 shows how Qwen-RobotNav performance scales with the fraction
of navigation training data used during training. Across representative benchmarks, increasing the
data fraction from 12.5% to 100% leads to clear overall gains, most notably on instruction-following and
driving tasks. The gains are particularly pronounced on long-horizon instruction-following tasks such
as VLN-CE RxR, suggesting that broader trajectory coverage improves grounding between linguistic
instructions and extended visual histories. On shorter-horizon tasks such as target tracking (EVT-Bench),
performance improves rapidly with moderate data and then saturates with mild fluctuations, indicating
that these tasks are less sensitive to additional training data once basic tracking behavior has been learned.
Importantly, the full-data model remains competitive while preserving the stronger gains obtained on
long-horizon and cross-embodiment tasks.
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Effect of token budget and temporal decay. Figure 15 examines the two primary control parameters
of the task-adaptive observation encoding: the total visual token budget B and the temporal decay
factor γ. We evaluate Qwen-RobotNav-4B on 500 VLN-CE R2R Val-Unseen episodes, reporting SR, SPL,
nDTW, and OSR. In the token budget sweep (left panel, γ=2.0), increasing B substantially improves
performance over the low-budget setting, though the benefit is not strictly monotonic once the budget
becomes large. SR improves from 70.8% at B=2048 to 74.6% at B=4608, while OSR rises from 78.9% and
peaks at 82.7% when B=3584 before slightly decreasing at the largest budget. This pattern indicates that
retaining more visual tokens generally provides richer spatial context and improves goal-reaching ability,
but excessive or poorly allocated visual context can yield diminishing returns. In the gamma sweep (right
panel, B=3072), OSR shows a clear overall improvement from 78.8% (γ=0.5) to 82.6% (γ=3.5), while SR
peaks at 72.5% (γ=3.0) before slightly declining. Larger γ concentrates more tokens on recent frames,
enhancing the model’s ability to resolve the current scene at the expense of early-history context. For
instruction-following tasks such as VLN-CE, where the agent must react to its immediate surroundings
while still respecting earlier landmarks, this recency bias is beneficial but exhibits a trade-off: oracle
success continues to improve at high γ, whereas strict success and path-quality metrics saturate or
fluctuate slightly.

5.6 Real-World Deployment Results

To further validate the practical applicability of Qwen-RobotNav, we deploy it on a quadruped robot
in a previously unseen, real-world exhibition hall. This environment is highly out-of-distribution, as
the hall encompasses various types of environments such as living rooms, medical rooms, and open
corridors, presenting a rich mixture of heterogeneous scenes and objects that are absent from the training
distribution.

As shown in Figure 16, we evaluate a vision-and-language navigation task using pure language instructions
without any goal images or coordinates. The robot is commanded to navigate from a living room area to
a medical room located 21.78 m away. Throughout the trajectory, the model leverages different visual
landmarks, such as furniture, doorways, and signage, to ground language instructions into spatial
decisions, successfully traversing multiple visually distinct zones to reach the designated target area.

We further demonstrate fine-grained language-based control by issuing a reverse language command
that instructs the robot to walk backward. Upon receiving this command, the model switches its
locomotion mode and accurately executes the reverse trajectory, retracing the entire route until it returns
to a position closely matching its initial starting pose. This result highlights three key capabilities:
(1) Qwen-RobotNav can faithfully interpret and execute diverse motion primitives, including non-
standard behaviors such as backward locomotion, purely from natural language; (2) the model effectively
utilizes visual landmarks encountered during forward navigation to maintain spatial awareness along the
return path; and (3) when directed to a previously visited location, the model can accurately return to that
exact position, demonstrating precise spatial grounding in a cluttered, previously unseen environment.

We also evaluate Qwen-RobotNav in an indoor apartment setting, as shown in Figure 17. The key
finding is that the model’s behavior can be precisely controlled through natural language commands.
For instance, when instructed to stop at the nightstand on the left side of the bed, the robot navigates
into the bedroom and halts at the exact specified side; when instructed to turn around before exiting to
the living room, the robot faithfully completes the detour rather than taking a direct path. In the four
representative examples we showcase, the robot consistently translates fine-grained verbal directives
into accurate navigation behaviors across multiple rooms, confirming that Qwen-RobotNav provides
reliable and precise language-based control in complex indoor environments. We further evaluate the
agentic navigation interface in a real indoor environment with a mobile robot. As shown in Figure 18,
the user gives an open-ended instruction: the robot should check whether a green umbrella was left at
Cotti Coffee and also report salient observations along the way. Unlike a short route-following command,
this task requires the system to infer the destination from language, maintain task progress over many
decision turns, use visual landmarks for localization, and update its plan as new evidence is collected.
The selected turns in Figure 18 summarize the high-level agent loop rather than every low-level control
step. The agent first parses the user request and observes the initial scene to establish its starting position.
It then updates its memory, identifies useful landmarks, and decides to follow the corridor toward the
likely store area. During navigation, the agent records intermediate cues such as the Alibaba logo, uses
them to refine its localization, and continues searching for the exact Cotti Coffee location. After reaching
the store area, the robot inspects the scene and observes a green umbrella, allowing the agent to produce
the final response that the umbrella appears to still be there.

This example illustrates the intended division of labor in the agentic Qwen-RobotNav system. The
upper-level agent decomposes the open-ended user request into successive sub-goals and maintains
an evidence notebook across turns, while Qwen-RobotNav executes grounded navigation segments

27



You are currently in a hospital room. Please turn around and walk straight ahead. You will see a robot sitting on the chair; turn left there and continue 
walking forward. Ahead of you, there will be a standing a green zone. Before you enter the green zone, you will see a black table on your left. Walk past the 
black table and turn left, and you will see a living room. Enter the living room and stop beside the sofa.

You are currently in the living room. Turn around and walk straight ahead. Keep walking until you see a supermarket. Just before entering the 
supermarket, turn right. You will see a large glass sign that says "Training zone". Continue walking straight forward. On your left, you will see a black desk. 
After you reach the black desk, turn right. You will see a hospital room. Walk straight into the room and stop next to the bed.

Figure 16: Real-world VLN deployment in an unseen exhibition hall. The robot dog navigates 21.78 m
from a living room to a medical room following pure language instructions, leveraging different visual
landmarks along the route. Upon receiving a reverse language command, the robot precisely walks
backward to its original starting position.

and returns trajectory evidence for subsequent planning. The real-world episode shows that the same
interface can support long-horizon navigation, landmark-based reasoning, memory update, and final
evidence-grounded response generation outside simulated benchmark settings.
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Walk straight to the front of the table, turn left, and go around the bed. When you reach the door, turn right and head out into the living room. Once you are there, you will see a chair. Walk 
straight toward the side of the chair, turn slightly to the right, and pass the chair. Finally, come to a stop in front of the sofa.

Turn around and walk straight to head out the door. Turn left in front of the coffee table and continue straight ahead. Pass between the cabinet on your left and the mirror on your right. Once 
you reach the bathroom, turn right to enter. Stop in front of the toilet.

Move forward, then turn right at the cabinet, and go into the bedroom. Once you are in the bedroom, turn left cross the bed, then turn right, please stop in front of the nightstand on the left 
side of the bed.

You are currently in the bathroom. Turn left, exit the door, then turn left. Walk straight into the living room and continue forward until you reach the small sofa, then stop.

Figure 17: Indoor deployment with verbal commands. The robot executes navigation tasks in an
apartment setting using step-by-step verbal instructions, traversing between the bedroom, living room,
and bathroom while responding to fine-grained spatial directives.

6 Conclusion

We have presented Qwen-RobotNav, a unified navigation model built on Qwen3-VL that reframes the
central challenge of multi-task navigation as a context modeling problem rather than an architecture
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Figure 18: Real-world long-horizon navigation with agentic Qwen-RobotNav. On a real robot, the
agent answers an open-ended request by decomposing the task into sub-goals, following landmarks to
Cotti Coffee, and verifying the green umbrella from visual evidence. Selected turns show the loop of
upper-level planning, Qwen-RobotNav execution, memory updates, and final response generation.

or task-head problem. Our key insight is that diverse navigation tasks, from instruction following to
target tracking to autonomous driving, share the same perception and planning backbone but demand
fundamentally different strategies for consuming the observation stream. Rather than committing
to a single fixed strategy, Qwen-RobotNav exposes a parameterised observation encoding interface
that allows an outer agent or human operator to dynamically select the appropriate context modeling
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strategy for each sub-task at inference time, with training-time randomisation ensuring robustness to any
configuration without retraining.

This design principle yields two broader implications. First, it transforms a navigation model from
a fixed policy into a reconfigurable navigation primitive: the same model seamlessly switches between
global-history mode for exploration and recency-focused mode for precise local manoeuvring, enabling
complex long-horizon behaviours to emerge from the composition of simple, well-defined working
modes. Second, natural-language viewpoint and temporal identification demonstrate that architectural
simplicity can be a strength: by communicating structure through ordinary vocabulary tokens rather
than learned positional embeddings, the model preserves its open-world language grounding at zero
additional cost.

Extensive experiments across navigation, tracking, autonomous driving, and embodied question answer-
ing validate these principles, and zero-shot transfer to real-world robots confirms that the unified design
generalises beyond simulation. We believe the task-adaptive observation encoding introduced here,
treating observation context as a first-class, externally controllable degree of freedom, offers a promis-
ing direction for building navigation foundation models that are both broadly capable and practically
deployable within agentic navigation systems.
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