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Fig. 1. LightNav-0: a compact generalist embodied navigation model. A single autoregressive model expresses spatial intent through
affordance and object points and predicts RVQ-tokenized trajectories without task- or embodiment-specific prediction heads. The single model
achieves state-of-the-art monocular success rates across 10 public simulation settings spanning instruction following, object goal navigation,
and embodied visual tracking, and transfers zero-shot to humanoid, quadruped, aerial, and wheeled robots. Blue bars denote LightNav-0,
whereas gray bars denote prior methods.

Abstract—Embodied navigation requires agents to translate
heterogeneous goals and visual observations into actions across
tasks, environments, and robot embodiments. Modern vision-
language models (VLMs) already encode spatial priors for visual
grounding, spatial reasoning, and pointing, but these capabilities
are rarely elicited directly for robot control. Existing navigation
systems instead rely on task- or embodiment-specific components,
fragmenting perception, reasoning, and action while offering
limited generalization. Here we present LightNav-0, a compact
generalist embodied navigation model that elicits the spatial intel-
ligence of a pretrained VLM and aligns it with navigation, with-
out task-specific prediction heads. LightNav-0 represents diverse
navigation tasks through a unified token interface: dual-channel
pointing expresses task-, scene-, and embodiment-agnostic spatial
intent, while a residual vector-quantized action tokenizer maps
this intent to precise, embodiment-specific trajectories. Together
with temporally aware visual history compression, ER mid-
training, supervised fine-tuning, and reinforcement learning,
this formulation supports instruction following, open-vocabulary
object navigation, and visual tracking within a single model. The
navigation training corpus spans 2K+ scenes and 4K+ hours of
embodied navigation data. LightNav-ER, the embodied-reasoning
checkpoint used to initialize LightNav-0, attains the highest
complete-set average across 8 embodied-reasoning benchmarks,

while LightNav-0 achieves state-of-the-art monocular success
rates across all 10 public navigation simulation settings. Real-
world evaluations further demonstrate zero-shot generalization
across robot embodiments, diverse scenes, and static and dynamic
targets. These results establish compact VLMs as a unified and
transferable backbone for generalist embodied navigation.

I. INTRODUCTION

Embodied navigation is the capability that enables an agent
to move through the physical world and reach a location
appropriate for accomplishing a given goal. It encompasses a
range of goal-directed behaviors, including following natural-
language instructions, searching for specified objects or places,
and tracking moving targets [4, 66, 84]. Across these tasks,
the agent must ground linguistic or visual goals in its obser-
vations, maintain spatial and temporal context, and translate
multimodal understanding into executable actions. A general
navigation model should therefore transfer not only across
environments, but also across tasks and robot embodiments.
Most existing systems, however, are optimized for a single
task or benchmark and rely on specialized components such as
waypoint predictors, topological maps, or action heads [2, 38,
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66, 69]. This fragmentation limits open-vocabulary transfer,
hinders the reuse of learned reasoning across platforms, and
isolates embodied navigation from the scaling benefits of
modern vision-language models (VLMs).

Modern VLMs already encode many capabilities required
for navigation, including open-vocabulary recognition, spa-
tial reasoning, instruction understanding, and temporal video
interpretation [5, 29, 63]. This suggests a different design
principle: a compact VLM can serve as a shared reasoning
backbone for general embodied navigation. We instantiate
this principle with Qwen3-VL-4B-Instruct [5], retaining its
pretrained architecture without introducing task-specific pre-
diction heads for individual tasks or embodiments. Navigation
capabilities are acquired through vocabulary extension, unified
supervision, and staged training, keeping the model compact
while preserving its semantic and spatial priors.

Bridging a general-purpose VLM and heterogeneous em-
bodied navigation policies requires an intermediate represen-
tation that is both spatially meaningful and independent of any
particular action space. We argue that pointing naturally pro-
vides such an interface. Recent VLMs can express grounded
spatial decisions directly as image-plane points [17, 86], allow-
ing a navigation model to preserve and exploit the backbone’s
pretrained capabilities in visual grounding, spatial reasoning,
and scene understanding. We therefore formulate dual-channel
pointing with channel-specific image-grid tokens as a shared
interface across tasks and robot embodiments. An affordance
point indicates a feasible direction or free-space waypoint,
whereas an object point localizes the task goal, either a target
object or a goal location. Predicting this grounded spatial
intent before action decoding provides an explicit reasoning
step that guides the generation of precise, embodiment-specific
navigation actions. This shared representation consequently
supports instruction following, object search, and target track-
ing without separate task-specific designs.

Building on this interface, we construct an end-to-end
system using only the compact VLM backbone and token-
based outputs. An automatic dual-channel annotation pipeline
projects navigation targets into the shared pointing space. Tem-
porally aware visual history compression preserves both recent
detail and long-horizon context within a bounded visual-token
budget. An RVQ-based action tokenizer converts short-horizon
trajectories into language-model tokens, which are subse-
quently mapped by an execution layer to platform-specific
controls. Embodied-reasoning mid-training, supervised fine-
tuning with DAgger [60], and online reinforcement learning
progressively align perception, reasoning, and control.

We evaluate LightNav-0 across 10 public navigation simula-
tion settings covering instruction-following VLN, object goal
navigation, and embodied visual tracking. Complementary
pointing and spatial-VQA evaluations test whether navigation
adaptation preserves the VLM’s original grounding abilities.
Real-world demonstrations further probe transfer across robot
embodiments, outdoor scenes, and dynamic targets. Together,
these experiments demonstrate a central hypothesis: a compact
VLM backbone can provide a unified, transferable basis for

cross-task and cross-embodiment navigation.

II. RELATED WORK

A. Generalist Embodied Navigation

Embodied navigation has long been studied as separate
problems, including instruction-following VLN [4, 37, 39],
object navigation [6, 84], and embodied visual tracking [66].
Solutions either chain perception, mapping, and planning
modules through hand-designed interfaces [50, 80, 81, 83]
or train a task-specific end-to-end policy [58, 88], and both
transfer poorly once the task, the sensor suite, or the robot
changes.

Video-based vision-language-action (VLA) models replaced
these pipelines with a single vision-language backbone.
NaVid [90] first showed that a video VLM can predict
navigation actions from monocular RGB alone, and subse-
quent models unified more tasks and improved streaming
efficiency [16, 76, 92]. Recent navigation foundation mod-
els further scale this recipe across tasks, environments, and
embodiments, including NavFoM [91], ABot-N0/N1 [18, 27],
Qwen-RobotNav [93], and Qwen-VLA [56]. Their action
interfaces, however, differ sharply. Discrete atomic commands
decoded as language tokens [53, 76, 90] quantize motion
coarsely. Waypoint predictors on panoramic observations or
topological graphs [2, 38, 69, 70] follow instructions well,
but demand extra sensing and an explicit map. Continuous
action modules built on anchor-based diffusion [66], flow
matching [7, 8], or regression heads [35, 93] act smoothly,
yet they place action generation outside the language model.
Purely autoregressive quantization [34, 54] keeps generation
inside the model, but trades precision for token efficiency.

Across these designs, transferable navigation capability of-
ten relies on structure added outside the pretrained back-
bone: panoramic or multi-camera front ends, task and em-
bodiment identifier tokens, and separate action heads or ex-
perts. LightNav-0 keeps a single compact backbone driven by
monocular RGB, compresses its observation history under a
fixed visual-token budget, and introduces neither task identifier
nor auxiliary prediction head. Its residual vector-quantized
tokenizer decodes 10 SE(2) waypoints from three tokens
of the original language-model head, enabling high-precision
continuous control without a diffusion planner, flow-matching
expert, or embodiment-specific action head.

B. Linguistic and Visual Chain-of-Thought

Chain-of-thought prompting [74] has been extended to
embodied action by producing an explicit reasoning trace
before acting. On the linguistic side, embodied chain-of-
thought generates grounded language plans before low-level
commands [87, 99]. In navigation, OctoNav [25] and Nav-
R1 [48] cold-start think-before-action behavior from synthe-
sized chains of thought, and VLingNav [67] triggers reason-
ing adaptively rather than at a fixed rate. Hydra-Nav [71]
unifies slow temporal-spatial deliberation and fast reactive
execution within a single VLM, learning to invoke the slow



system selectively at critical navigation stagnation points. Aux-
Think [68] reports that textual reasoning helps most as an
auxiliary training signal, because decoding long rationales at
every step is costly and can degrade control.

A second family expresses the trace visually rather than
in words. CoT-VLA [97] reasons through predicted future
frames, ThinkAct [30] reinforces latent visual plans, and
NavForesee [45] plans hierarchically inside a vision-language
world model. Several methods place the trace on the im-
age plane: AO-Planner [13] selects affordance-grounded pixel
waypoints with a VLM and delegates execution to a low-level
planner. The dual-system models DualVLN and InternVLA-
N1 [32, 75] ground a farthest reachable pixel goal with a slow
7B planner, then hand it to a fast diffusion-style trajectory
policy. Robostral Navigate [9] keeps the trace inside one
monocular model, predicting the next waypoint by pointing
in the current camera view. Others make the trace geomet-
ric instead of positional, using priors from a 3D geometry
foundation model [89] or a single occupancy token supervised
by volumetric prediction and re-injected as a spatial chain of
thought [47].

LightNav-0 combines explicit reasoning with visual ground-
ing in a fixed-length trace. Its dual-channel pointing prefix
predicts an affordance point for feasible local motion and an
object point for a target object or goal location. Both are
represented with channel-specific image-grid tokens that lever-
age the backbone’s pretrained spatial grounding rather than
replacing it, and the same representation supports instruction-
following VLN, open-vocabulary object navigation, and em-
bodied visual tracking. The prefix is supervised in the same
token space as the action and costs a constant number of
tokens per decision. It therefore keeps the interpretability of an
explicit reasoning step, without the variable decoding latency
of free-form textual deliberation or a second planning system.

C. Reinforcement Learning Post-Training

Reinforcement learning has long complemented imitation in
embodied navigation, from large-scale distributed on-policy
training [77] and its transformer-scale successors [88] to
imitation pretraining followed by RL fine-tuning [59]. Those
policies are task-specific and act over a handful of discrete
primitives, so an action probability is immediate and a roll-
out is cheap. Neither property is automatic once the policy
becomes a generalist VLA.

For VLM-based policies the dominant recipe is verifiable-
reward post-training. Group-relative policy optimization [28,
61] removed the learned critic and made a second RL stage
practical at scale, and the same recipe was carried into multi-
modal reasoning [24, 31]. Navigation adopted it quickly. VLN-
R1 [53] shapes a time-decayed reward over multi-step action
predictions, and Nav-R1 [48] combines format, understanding,
and trajectory rewards. OctoNav [25] refines its reasoning
traces with verifiable rewards before an online exploration
stage, and ActiveVLN [96] extends optimization to multi-turn
on-policy rollouts. ABot-N1 [27] moves the same machinery
one level up. It treats the joint chain-of-thought and pixel-goal

output of its slow system as the action, and shapes format,
target, and safety-clearance rewards over that output, though
only for its point-goal task. Robostral Navigate [9] instead
reduces the reward to a single terminal distance to the goal,
and optimizes it with CISPO under group-relative advantage
estimation. It also mines its rollout pool, keeping only the tasks
that its supervised policy fails to solve. These systems differ
in reward design, yet they agree on the action interface: what
the optimizer sees is always a discrete language token. That
choice is what keeps the update cheap, because the quantity
a policy gradient needs is already a token log-probability. Its
cost is a coarse action space.

Policies that attach a continuous head recover precision
and lose that quantity. SimpleVLA-RL [42] therefore keeps
an autoregressive policy and supplies outcome-only rewards,
whereas flow-based policies must first recast their denoising
process as a Markov decision process before policy gradients
apply [14, 95].

The open question is therefore not how to reshape reward,
but whether a policy can expose a tractable per-action proba-
bility while still acting precisely. The residual vector-quantized
interface of LightNav-0 supplies both at once. The trajectory
at each decision step is three RVQ tokens emitted by the
same head that produces language, so their log-probabilities
are exact and group-relative updates apply unchanged. No
auxiliary MDP, denoising reformulation, or separate critic is
required, yet decoding still recovers 10 continuous SE(2)
waypoints. Because a whole trajectory costs three tokens, the
credit-assignment horizon stays short and each rollout stays
cheap.

III. MODEL ARCHITECTURE

A. Architecture Overview

LightNav-0 formulates heterogeneous embodied navigation
tasks as conditional token generation. At decision step t, the
model receives a natural-language instruction I and an ego-
centric RGB history O1:t = {o1, . . . ,ot}. It generates a dual-
channel pointing prefix followed by a short-horizon action
sequence. The decoded action is a trajectory of 10 future SE(2)
waypoints, which provides a common geometric interface
to the low-level controllers of different robot embodiments.
Task semantics are specified entirely by the instruction and
supervision format; we introduce no task-identification token.

We instantiate LightNav-0 from Qwen3-VL-4B-Instruct [5],
whose backbone comprises a native-resolution vision trans-
former and a 36-layer language model. Rather than intro-
ducing navigation-specific modules, we retain the pretrained
architecture and augment only its vocabulary with indexed
⟨aposi⟩, ⟨oposi⟩, and RVQ action tokens. Both intermedi-
ate spatial predictions and action codes are consequently
decoded through the original autoregressive language-model
head, with no waypoint predictor, task-specific action head,
or embodiment-specific expert. As shown in Fig. 2, tokens
from the timestamped visual history, current observation, and
instruction are interleaved within a single causal sequence at
each decision step. This compact formulation preserves the
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Fig. 2. Overview of LightNav-0. A compact pretrained VLM consumes a temporally compressed egocentric RGB history and a natural-
language goal. It first emits pointing as an explicit spatial reasoning trace, followed by three residual vector-quantized (RVQ) action tokens.
The action tokens decode to 10 future SE(2) waypoints and are executed by an embodiment-specific low-level controller. The same backbone,
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Fig. 3. Automatic dual-channel pointing annotation. The af-
fordance channel indicates a feasible local direction or free-space
waypoint, whereas the object channel localizes the task goal, either
a target object or a goal location.

backbone’s pretrained visual-grounding and spatial-reasoning
capabilities while aligning them with a unified control inter-
face shared across tasks and embodiments.

B. Temporally Aware Visual History Compression

Navigation requires both recent geometric detail and long-
horizon context, but encoding every historical frame at native
resolution causes the visual-token count to grow without
bound. We therefore compress history according to tempo-
ral recency. The design follows the qualitative form of the
Ebbinghaus forgetting curve [21]: recent observations receive

a higher sampling rate and finer spatial resolution, whereas
older observations are sampled less frequently and pooled
more aggressively.

For a historical frame acquired at time ti, we define its age
as ∆Ti = t− ti. Its sampling rate decays exponentially,

fs(i) = fmax
s exp

(
−∆Ti

τs

)
(1)

where fmax
s is the maximum sampling rate and τs controls

the temporal decay. The selected frames are encoded indepen-
dently by the native-resolution vision transformer. Given the
resulting patch grid Vi, we set the spatial pooling stride to

si = max

{
1,
⌊
exp

(
∆Ti

τp

)⌋}
Ṽi = Gsi(Vi)

(2)

where τp controls the rate of spatial compression and Gsi

denotes grid pooling with stride si. Thus, temporally distant
observations contribute fewer and coarser tokens, while the
current observation retains the finest visual detail. Timestamp
tokens preserve the temporal ordering after pooling.

The compressor operates after the vision transformer and
supports variable-length, native-resolution inputs under con-
figurable pixel budgets of 256K, 576K, and 1M. Within
the selected budget, frame sampling and tier-wise adaptive
pooling jointly allocate tokens across long-, middle-, and
short-term history. This slow-fast allocation bounds the context
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length without collapsing the entire history to a single fixed-
resolution representation.

C. Dual-Channel Pointing as Latent Spatial Reasoning
A VLM represents visual evidence on a 2D token lattice,

whereas navigation requires geometrically precise actions in
metric space. We therefore encode each projected point as
one channel-specific image-grid token rather than as separate
horizontal and vertical coordinate tokens. Let the current view
be partitioned into Hg rows and Wg columns. A projected
point p = (u, v) ∈ [0, 1]2 is assigned a flattened grid index

r(p) = min{Hg − 1, ⌊Hgv⌋}

c(p) = min{Wg − 1, ⌊Wgu⌋}

i(p) = r(p)Wg + c(p)

(3)

The affordance and object channels use distinct token families
indexed over this shared lattice. An affordance point pa is en-
coded directly as the single token ⟨aposia⟩, where ia = i(pa).
The token family ⟨aposi⟩ represents affordance points, and
the selected cell indicates a feasible local direction or landing
location in free space. An object point po is encoded directly
as ⟨oposio⟩, where io = i(po). The token family ⟨oposi⟩
represents object points and localizes the task goal, either a
target object or a goal location. Reserved indices within the
corresponding token family represent cases without a valid
image-grid cell, including in-place turns, stopping, and target
invisibility.

At each decision step, the complete navigation output is
serialized as

yt = [⟨aposiat ⟩, ⟨oposiot ⟩,

⟨act L0k0,t⟩, ⟨act L1k1,t⟩, ⟨act L2k2,t⟩]
(4)

The pointing prefix therefore contains exactly two atomic
tokens, followed immediately by three RVQ action tokens;

no separate channel-marker or coordinate token is generated.
Causal attention makes this compact prefix an explicit latent
spatial trace that conditions trajectory generation. The same
grid indexing scheme is shared across navigation, pointing,
and spatial-VQA supervision, allowing navigation training to
reuse the backbone’s visual grounding capability. As illustrated
in Fig. 3, automatic annotation projects the affordance target
and the task-relevant object or goal location into the current
view. Each valid affordance projection is assigned an indexed
⟨aposi⟩ token, whereas each valid object or goal projection
is assigned an indexed ⟨oposi⟩ token. Because the lattice is
defined in the image plane rather than in an embodiment-
specific control space, the representation remains common
across navigation tasks and robot platforms.

D. Residual Vector-Quantized Action Tokenizer

Directly emitting continuous controls from a language-
model head creates a mismatch between token prediction and
geometric precision. We instead represent each action chunk
as 10 future SE(2) waypoints and tokenize the complete trajec-
tory with residual vector quantization, as visualized in Fig. 4.
Let zt ∈ R10×3 denote the vectorized waypoint sequence. The
tokenizer contains 3 level-specific codebooks C(0), C(1), C(2),
each with 256 codewords. The first level captures the coarse
trajectory, and the next two levels successively quantize its
residual:

kℓ = argmin
k

dJ

(
r(ℓ), e

(ℓ)
k

)
(5)

r(ℓ+1) = r(ℓ) − e
(ℓ)
kℓ

r(0) = zt (6)

where dJ is a Jacobian-weighted trajectory distance used
during residual k-means fitting. Weighting in the integrated
trajectory space balances translation and heading errors when



forming the codebooks. We assign trajectories using

dtraj(z, ẑ) = ADE(z, ẑ) + λ |∆θ(z)−∆θ(ẑ)| (7)

which measures both positional deviation and accumulated
heading error at the trajectory level. Based on the trajectory-
error analysis, we set λ = 0.3 throughout all experiments.

The three level-specific indices are emitted as level-specific
action tokens [⟨act L0k0,t⟩, ⟨act L1k1,t⟩, ⟨act L2k2,t⟩]. For a
generated prefix of length L, we reconstruct

ẑ
(L)
t =

L−1∑
ℓ=0

e
(ℓ)
kℓ

L ∈ {1, 2, 3} (8)

and integrate ẑ
(L)
t in SE(2) to recover 10 waypoints. The first

token specifies a coarse trajectory, and each additional token
corrects the residual left by the preceding levels. Every non-
empty prefix is reshaped and integrated by the same decoder,
so it yields an executable trajectory rather than an incomplete
action representation. Under tight compute or latency budgets,
generation can therefore stop after the first RVQ token or
after two tokens and trade geometric precision for lower
autoregressive cost. Full 3-level decoding provides the highest
precision and represents up to 2563 code combinations with
only 3 tokens. It achieves an average displacement error of
0.72 cm, compared with 2.48 cm for a single-level K = 4096
VADv2-style planning vocabulary [15]. This baseline follows
the vectorized planning formulation introduced by VAD [33],
but uses a single trajectory token without residual refinement.
The shared trajectory is finally converted to platform-specific
commands by the robot’s low-level controller.

E. Unified Autoregressive Objective

Navigation and auxiliary VQA examples are trained with the
same causal language-model objective. For an input context x
and supervised output positions M, we minimize

LCE = −
∑
j∈M

log pθ(yj | x, y<j) . (9)

For navigation, the supervised sequence contains one
⟨aposi⟩ token, one ⟨oposi⟩ token, and 3 RVQ action tokens; for
pointing or spatial VQA, it contains the corresponding indexed
token or language response. This formulation exposes every
task through a shared token space and prediction head. It also
avoids separately balanced navigation losses and permits all
samples to share the same packed autoregressive training loop.

F. Training and Inference Efficiency

The compact, purely autoregressive interface allows
variable-length samples to be packed without padding each
sample to a common maximum. We dynamically pack approx-
imately 8.6 samples into each 8,192-token training sequence.
Fused vision rotary-position-embedding operations and an
LM-head dimension aligned to a multiple of 8 further re-
duce kernel and memory overhead. These optimizations apply
uniformly because the model contains no task-specific action
modules.

At inference time, the vision transformer and language
model run in a single process, and autoregressive decoding is
served with vLLM [41]. This single-process implementation
avoids inter-process transfer of visual features and achieves
an inference latency of approximately 4 ms per generated
token on an NVIDIA GeForce RTX 4090. Each inference
step requires the ⟨aposi⟩ and ⟨oposi⟩ prefix followed by at
most 3 RVQ action tokens. Resource-constrained deployments
may stop after the first or second RVQ level and execute
the corresponding coarse trajectory, whereas the third level
is generated when maximum geometric precision is required.

IV. DATA & BENCHMARKS

Our data design follows the same principle as the model:
heterogeneous embodied tasks should share a common per-
ceptual and spatial basis before they are mapped to actions.
We therefore organize training data into two coupled mixtures.
The navigation corpus spans 2K+ scenes and 4K+ hours of
embodied trajectories. Embodied-reasoning (ER) mid-training
draws from 36 sources to strengthen spatial understanding,
temporal reasoning, and visual grounding. Supervised fine-
tuning (SFT) then combines 16 navigation sources with 33
auxiliary ER and VQA sources. Under the active sampling
schedule, 77.6% of optimization samples carry navigation-
action supervision and 22.4% rehearse the perceptual and
reasoning capabilities acquired during ER mid-training. These
proportions describe the task-balanced optimization mixture
rather than unique corpus coverage. This separation lets us
increase task and scene diversity without changing the unified
pointing–action interface.

A. Embodied Reasoning Data

Following the capability-oriented organization of Molmo2-
ER [22], we construct the ER corpus around the competencies
that most directly support navigation. The two-stage data
curriculum is shown in Fig. 5. The mixture allocates 35.14%
of its sampling mass to pointing, 25.05% to single-image
VQA, 19.81% to video reasoning, and 20.00% to general
visual and abstract reasoning. Rather than optimizing for any
single benchmark format, these sources expose the model
to complementary supervision across synthetic scenes, real
images, egocentric video, multi-view observations, and robot
interaction data.

1) Image Embodied QA: Eleven single-image VQA sources
provide indexed supervision. Three standalone collections are
SenseNova-SI Spatial, CLEVR Spatial VQA, and SAT Spatial
VQA. The remaining eight are VSTP-SI Depth Compari-
son, VSTP-SI Distance, VSTP-SI Scene Caption, VSTP-SI
Measurement, VSTP-MI Correspondence, VSTP-MI Object–
Object Relation, VSTP-MI Camera Motion, and VSTP-MI
Scene Caption. Their questions cover relative position, metric
depth and distance, object–object relations, camera motion,
physical measurement, scene description, and affordance-
oriented reasoning. This mixture teaches the model to recover
both qualitative relations, such as left/right and in front/behind,
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Fig. 5. 2-stage embodied-reasoning data curriculum. Stage I covers spatial reasoning, general VQA, image pointing, video QA, multi-
image reasoning, situated 3D QA, affordance and failure understanding, and scene description. Stage II retains these capabilities through a
rebalanced ER mixture during supervised co-training.

and quantitative cues needed to distinguish traversable free
space from visually plausible but geometrically invalid targets.

2) Video Embodied QA: Nine video sources provide in-
dexed supervision. Robot-centric supervision comes from
RoboVQA-Reasoning, RoboVQA-Understanding, and Robo-
FAC Failure-VQA. Broader video and situated-spatial supervi-
sion comes from VSI-590K Spatial, SIMS-VSI Spatial, ViCA-
322K, LLaVA-Video-VQA, SQA3D-Situated, and SpatialLad-
der Spatial. The data span short robot interactions and clips
of up to 64 frames, with supervision for temporal order-
ing, trajectory-aware spatial relations, planning, affordance
prediction, future-state reasoning, and failure understanding.
Video supervision is important for navigation because action
feasibility depends not only on the current view but also on
how objects, people, and the agent itself evolve over time.

3) Pointing and Grounding: Pointing is the largest spe-
cialized component of ER mid-training: 13 sources account
for 35.14% of the sampling probability. Object and referring-
point supervision is drawn from RefSpatial-2D and RefSpatial-
3D [98], PixMo Points Single, PixMo Points Multi, COCO
Pointing [44], CoSyn Point, RefL4, and RoboRefIt. Af-
fordance, free-space, and trajectory-point supervision comes
from RoboPoint [86], RoboAfford, HANDAL, FSD Free-
Point, and FSD Visual-Trace. Together, these sources cover
referred-object localization, free-space selection, interaction
affordances, and visual trajectory traces. They teach the VLM
to express spatial decisions directly in the image plane. During
navigation SFT stage, the same capability is instantiated as the
grid used by the affordance-point token ⟨aposi⟩ and object-
point token ⟨oposi⟩.

4) Multi-image and Ego–Exo Correspondence: Multi-
image samples are drawn from both the image-VQA and video
pools. The explicitly multi-image subset comprises VSTP-MI
Correspondence, VSTP-MI Object–Object Relation, VSTP-MI
Camera Motion, and VSTP-MI Scene Caption, while temporal
cross-view samples are inherited from the 9 video sources
listed above. They require the model to associate objects across
viewpoints, reconcile egocentric and exocentric observations,

estimate camera motion, and preserve spatial relations when
the visual frame changes. This supervision complements his-
tory compression: although the navigation policy receives a
temporally compressed context, it must still recognize that
observations captured at different times or viewpoints refer
to the same scene structure.

5) Abstract Embodied Reasoning: 3 general sources ac-
count for 20.00% of the ER sampling mass: LLaVA-
OneVision Spatial VQA, Euclid30K-Math, and MMIF-23K-
Instruct. They cover broad visual question answering, in-
struction understanding, mathematical reasoning, and compo-
sitional spatial relations. We retain this component to pre-
vent specialization from collapsing the linguistic and visual
breadth inherited from the pretrained VLM. Synthetic relation
problems additionally isolate frame-of-reference and multi-
step composition from the appearance biases of natural images.

B. Navigation Data

Navigation supervision is organized by task objective rather
than by robot platform. It spans instruction following, object
goal navigation, and embodied visual tracking. The task-level
composition of the supervised mixture is summarized in Fig. 6.
To reduce dependence on a fixed sensor configuration, we
apply camera randomization throughout navigation-data gener-
ation. The field of view, camera height, and pitch are sampled
from [90◦, 130◦], [0.5, 1.5]m, and [−15◦, 15◦], respectively.
This augmentation broadens the visual geometries and view-
points represented by the training trajectories. All samples are
converted to the same output sequence: an affordance point,
an object point, and three residual vector-quantized trajectory
tokens. Consequently, instruction following, object search, and
target following can be interleaved in a single autoregressive
training stream even though they differ in goal semantics,
temporal structure, and termination conditions.

1) Instruction Following: The instruction-following mix-
ture combines randomized-camera expert trajectories from
R2R [4] and RxR [39] with self-distilled routes and ScaleVLN
data. The synthesized and self-distilled sources provide sub-
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word cloud illustrate the diversity of the unified training corpus.

stantially broader scene and instruction diversity than the
human-annotated corpora alone. Together, expert, synthesized,
and self-distilled routes expose the model to both fine-grained
linguistic alignment and large-scale geometric variation.

2) Object-Goal Navigation: The object-goal mixture con-
tains semantic and expert demonstrations derived from PIRL-
Nav [59], HM3D [57], MP3D [12], VLNVerse [43], Habitat-
GS [78], and InteriorGS [51]. We further self-collect explo-
ration trajectories from HM3D-OVON [84] and MP3D, jointly
supervising a feasible landing region and the referred object.
Finally, in-loop DAgger samples expose the policy to states
induced by its own actions rather than only states visited by
an expert.

3) Embodied Visual Tracking: Tracking data contain
randomized-camera person-following trajectories derived from
EVT-Bench [66]. Unlike goal-reaching tasks, tracking requires
persistent target identity and continuous relative-position con-
trol; including it in the same mixture therefore broadens the
temporal behavior learned by the shared policy.

4) Quality Control and Sampling: We apply task-aware
filters before constructing the balanced training index. For
instruction following and object navigation, stop supervision
is retained only at the final frame and only when the target
is visible; episodes in which the target is never observed
are removed. Stop samples are capped at 2% of the mix-
ture to prevent premature termination from dominating token
prediction. Dual-channel pointing labels use a shared grid
format, while each 10-waypoint action chunk is encoded
by three K = 256 RVQ levels. To reduce domination by
common motion patterns, trajectory clusters are balanced with
a maximum cluster share of 5%.

C. Evaluation Benchmarks

We evaluate the ER checkpoint on 8 benchmarks that
isolate complementary spatial capabilities: Point-Bench [17],
RefSpatial [98], the POI and VQA tracks of RoboSpatial [62],

Where2Place [86], CV-Bench [64], ERQA [26], and Emb-
Spatial [20]. Together they measure visual pointing, spatial
referring, interaction-site prediction, affordance grounding,
geometric perception, and embodied question answering.

Navigation evaluation comprises 10 simulation settings
across three task families. Continuous instruction following is
measured on the R2R and RxR val-unseen splits [37]. Closed-
vocabulary ObjectNav is evaluated on MP3D and HM3D
v1/v2, and open-vocabulary generalization is measured on
HM3D-OVON. Embodied visual tracking is evaluated on the
STT and DT settings of EVT-Bench [66]. All navigation
benchmarks use the same checkpoint without benchmark-
specific fine-tuning.

D. INSIGHT-Bench

INSIGHT-Bench extends the data distribution with hetero-
geneous mesh-based and 3D Gaussian-splatting environments.
It contains 1,683 scenes and 53,090 training episodes, together
with 210 scenes and 1,097 evaluation episodes. Fig. 10 details
the source composition of both splits.

1) Pre-annotation: Scene sources enter the target-inventory
stage through two routes. Unlabeled Habitat-GS captures,
together with HM3D/MP3D and VLNVerse, use the automatic
multi-view pre-annotation pipeline in Fig. 7, whereas Interi-
orGS bypasses visual discovery and directly supplies official
ground-truth boxes. Both routes are converted to the same
3D target representation before episode synthesis. For these
sources, the orange dots in Stage 1 mark sampled navigable
viewpoints, each of which provides RGB and metric-depth
observations in 4 headings. We use Molmo2 [19] for open-
set pointing, localizing candidate targets in the rendered views
from open-vocabulary object prompts. Metric depth lifts every
image-space prediction into 3D. Stage 4 groups category-
compatible observations with nearby 3D locations and retains
a merged instance only when it is supported by at least two
observations from at least two distinct viewpoints and its 3D
localization spread is below 0.6 m. Each accepted cluster is



Stage1 Viewpoint selection Stage2 Panoramic rendering Stage3 Open-vocab pointing & 3D lift Stage4 Target merging

Cluster results across viewsSample navigable viewpoints

Open-vocabulary grounding

RGB pixel (u,v)

metric depth d

world XYZ

30.9 m

Collect RGB + metric depth RGB + depth → world XYZ

180° 270°

0° 90°

Fig. 7. Automatic pre-annotation pipeline for INSIGHT-Bench. The pipeline first samples navigable viewpoints (orange dots) and renders
RGB and metric-depth observations in 4 headings. Molmo2 then produces open-set image-space pointing predictions, which are lifted into
3D and merged across views. The green dots denote the resulting spatially consistent 3D target instances.
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Fig. 8. Automatic data-generation and instruction-labeling pipeline for INSIGHT-Bench. All scene sources are converted to a common
3D target inventory; we then draw a target and a start pose from which it is visible in at least one offline inventory view, plan a route on
the navigation mesh, anchor the stop, and render an egocentric clip with action labels. The evaluated policy remains monocular, and the
target need not appear in its initial forward-facing observation. Instructions are drafted by either a rule-template route or a video-VLM route,
rewritten by an LLM under semantic checks, and confirmed by a visual goal-arrival check on the final frames.

represented as one target instance, shown by a green dot in the
figure. This cross-view consistency gate removes single-view
detections and geometrically unstable matches before episode
generation. The resulting target geometry is projected back
to the agent view to construct object-point supervision, while
navigable free space provides the corresponding affordance-

point target.
2) Data Generation and Instruction Labeling: We then

sample a target together with a starting pose from which the
target is visible in at least one offline inventory view. This
construction-time constraint enables geometric labeling but
does not guarantee target visibility to the policy: evaluation
uses only the forward-facing monocular stream, and the target
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Fig. 10. Composition of INSIGHT-Bench. The training split contains 1,683 scenes and 53,090 episodes collected from HM3D/MP3D,
Habitat-GS, InteriorGS, and VLNVerse, whereas the evaluation split contains 210 scenes and 1,097 episodes from Habitat-GS, InteriorGS,
HM3D, and MP3D. The lower histograms show the Top-50 navigation-target frequencies on a logarithmic scale.

need not appear in the initial observation. We plan a route on
the navigation mesh, anchor the stopping location, and render
egocentric video frames with action labels, as shown in Fig. 8.
This common interface makes mesh-based simulators and
Gaussian-splatting scenes compatible with the same trajectory
format while increasing visual diversity without introducing a
scene-specific model component.

Each instruction is then produced by one of two alternative
drafting routes, followed by a shared rewriter and a final
visual check. The rule-based route reuses evidence that the
target inventory already carries: every grounded target records
the camera view in which it was detected and the horizontal
position of its goal pixel inside that view. Together these
determine the direction of the target relative to the agent’s
starting heading, so the direction word is read off the recorded
geometry rather than inferred from appearance.

The wording is then chosen in two steps. The detected view
first fixes the turn family: a target found in the left view is
reached by turning left, and a target found in the rear view
by turning around. The goal pixel then only refines the phrase

within that family, separating ahead from front-left and front-
right, or behind-left from behind-right. The resulting sectors
are therefore view-aware rather than uniform angular bins, and
letting the view dominate is what keeps the wording faithful: a
target seen in the rear view whose bearing falls inside the left
range is behind the agent on its left, and describing it as a left
turn would send the agent the wrong way. Each sector carries
a turn-verb phrasing and a locative phrasing, so that “Turn left
and go to the chair and stop.” and “The chair is on your left;
go to it and stop.” both occur. Episodes whose planned route
departs substantially from the straight line to the target always
take the locative form, because it describes the direction of the
target, whereas a turn verb is read as describing the path that
is actually executed.

The video-conditioned route describes the same episode
from its recording instead of its geometry. 6 frames evenly
spaced over the rendered clip are submitted together with a
summary of the executed trajectory to Seed2.0 [10], which is
asked to describe the motion along the route rather than only
the static position of the target. Its drafts therefore mention



TABLE I
EPISODE DISTRIBUTION OF THE INSIGHT-BENCH EVALUATION SPLIT ACROSS TWO DIAGNOSTIC AXES. ROWS GROUP SCENES BY

DOMINANT FUNCTION AND LAYOUT; COLUMNS GROUP INSTRUCTIONS BY THE SPATIAL MECHANISM REQUIRED TO IDENTIFY THE
TARGET. “SCENES” COUNTS UNIQUE EVALUATION ENVIRONMENTS, WHILE THE REMAINING CELLS COUNT EVALUATION EPISODES.

Scene type Scenes Episodes Base Direction Relation Extremum Ordinal

Apartment 120 239 50 50 50 50 39
House 61 216 50 50 31 50 35
Commercial 10 195 42 40 30 50 33
Institution 11 219 50 49 32 50 38
Outdoor 8 228 45 50 50 50 33

Total 210 1,097 237 239 193 250 178

landmarks passed on the way and are phrased more freely
than any template allows.

Both routes emit drafts rather than final instructions. The
same model then rewrites every draft to broaden its vocabulary
without changing what it denotes, and each rewrite is accepted
only if it passes the semantic checks illustrated in the image:
it must keep the head noun of the target, keep the direction
implied by its sector, and never introduce the opposite direc-
tion. A rewrite that fails falls back to the corresponding source
draft, so no episode is lost to rewriting.

Finally, a visual arrival check closes the loop on the
rendered episode. The same pointing model is applied to the
last frames of the rendered clip (by default the 1st, 3rd, 6th,
and 10th frames counted back from the end) and asked to
locate the instructed target; an episode is confirmed as soon
as any frame contains it, and episodes in which none does
are flagged as suspect for review. The 4 components play
complementary roles across the benchmark: the rule route
supplies exact egocentric direction, the video route supplies
route-level language, the rewriter supplies lexical variety, and
the checks preserve target identity and trajectory semantics.

3) Diagnostic Taxonomy: We organize INSIGHT-Bench
along two independent axes. Each episode inherits one of
5 scene-level labels from the frozen scene-class mapping:
apartments contain compact rooms and frequent doors; houses
have longer multi-room topologies; commercial scenes contain
open floor plans and repeated object instances; institutions
emphasize corridors and repeated rooms or workspaces; and
outdoor scenes contain open traversable regions with com-
paratively sparse landmarks. These labels describe functional
layout rather than the source dataset or rendering representa-
tion.

Instruction labels are assigned at the episode level from
the geometric proof used to instantiate the target, rather than
inferred post hoc from surface wording. A base instruction
names a uniquely resolvable target without a spatial modifier;
direction adds an egocentric side or bearing; relation identifies
the target through a unique anchor object; extremum selects
an argmin or argmax instance such as the nearest or leftmost
target; and ordinal selects a ranked instance from a stable
ordered set. Fig. 9 illustrates both axes, and Tab. I reports
their complete 5 × 5 episode distribution.

The taxonomy turns a single aggregate success rate into a

diagnostic result. Row-wise differences expose sensitivity to
scene function and layout, column-wise differences isolate the
underlying language mechanism, and individual cells reveal
interactions such as ordinal references in repeated commercial
layouts. The lower counts for relation and ordinal episodes
reflect stricter uniqueness and ordering gates, rather than silent
truncation. We therefore treat aggregate success rate as an
overall health indicator and use the scene, instruction, and
cross-category results for substantive conclusions.

4) Benchmark Statistics: The training and evaluation scene
sets are strictly disjoint. Specifically, none of the 210 evalu-
ation scenes overlaps with any of the 1,683 training scenes
across data sources. The Habitat-GS captures are partitioned
contiguously into 55 training and 10 evaluation scenes, Inte-
riorGS contributes 817 training and 75 evaluation scenes, and
the HM3D partition is fixed by a frozen scene allowlist that
every collection run consumes. The training split averages 31.5
episodes per scene, whereas the evaluation split averages 5.2.
Because the benchmark combines conventional indoor meshes
with Gaussian-splatting reconstructions, it also tests whether a
policy trained under a unified visual interface transfers across
rendering representations and scene types.

V. TRAINING RECIPE

A. Embodied-Reasoning Mid-training

Although the pretrained VLM already encodes broad se-
mantic and spatial priors, these priors are not consistently ex-
posed in the forms required for embodied decision-making. We
therefore begin with embodied-reasoning (ER) mid-training,
which specializes the backbone before introducing navigation
actions. As summarized in Fig. 5, Stage I uses a task-
balanced mixture spanning spatial reasoning, general VQA,
image pointing, video QA, multi-image reasoning, situated
3D QA, affordance and failure understanding, and scene
description. These complementary tasks jointly train the model
to localize visual evidence, reason across viewpoints and time,
identify feasible free space, and anticipate the consequences of
embodied interactions. Importantly, this stage operates entirely
through the native autoregressive interface and introduces no
navigation-specific prediction head. We refer to the resulting
embodied-reasoning checkpoint as LightNav-ER and use it to
initialize subsequent navigation alignment.



Specialization alone can narrow the general visual-language
competence inherited from the backbone. We therefore adopt
a specialize-then-retain curriculum: during the subsequent su-
pervised stage, a rebalanced ER mixture is rehearsed together
with navigation data. This second stage preserves the point-
ing, grounding, and spatial-reasoning skills acquired during
ER mid-training while aligning them with embodied action
generation. The resulting curriculum establishes a common
perceptual and reasoning basis before cross-task navigation
supervision is introduced.

For ER mid-training, we use a learning rate of 1 × 10−5

and a warmup ratio of 0.01. The global batch size is 128, and
the maximum sequence length is 10,240 tokens. This stage is
trained on NVIDIA H100 GPUs and consumes approximately
170 H100 GPU-hours of compute.

B. Supervised Fine-tuning

We next perform supervised fine-tuning (SFT) to align the
LightNav-ER checkpoint with the unified navigation token
space. The task-balanced optimization mixture in Fig. 6 com-
bines retained ER and VQA data with instruction following,
object navigation, and embodied visual tracking. Navigation
examples are serialized using the same target structure across
tasks: one ⟨aposi⟩ token and one ⟨oposi⟩ token provide the
latent spatial trace, followed by three RVQ tokens specifying
the short-horizon trajectory. Auxiliary reasoning examples
and navigation trajectories are optimized with the shared
causal language-model objective described above, allowing
the shared backbone and output head to learn across tasks,
scenes, and embodiments. The navigation mixture additionally
includes DAgger-collected examples [60], exposing the policy
to states induced by its own predictions and reducing the train-
deployment state-distribution gap.

We train with a learning rate of 1.5 × 10−5 and a warmup
ratio of 0.01. The global batch size is 320, and the maximum
sequence length is 8,192 tokens. Training is conducted on
NVIDIA H100 GPUs and consumes approximately 950 H100
GPU-hours of compute. Together with dynamic sequence
packing, this configuration accommodates long visual histories
while retaining a large and diverse global batch.

C. Online RL Post-training

Although DAgger augments SFT with policy-induced states,
the resulting objective remains token-level imitation and does
not directly optimize the closed-loop behaviors that determine
task success. We therefore introduce online reinforcement
learning to optimize complete policy rollouts against task-level
objectives, as shown in Fig. 11. This stage refines long-horizon
behavior, including sustained tracking, route-consistent goal
reaching, efficient search, and appropriate termination. The
same backbone, token interface, and rollout machinery support
embodied visual tracking, instruction-following VLN, and
open-vocabulary object goal navigation; only the task-specific
reward function differs.

1) Problem Setup and Group-Relative Objective: An
episode is a trajectory τ = (s1,a1, . . . , sT ,aT ). Its state st
pairs the instruction I with the compressed history O1:t, and
its action at is the token block emitted at step t: the dual-
channel pointing prefix followed by three RVQ action tokens.

We optimize with Group Relative Policy Optimization
(GRPO) [61], which replaces a learned value function by a
group baseline. For each episode seed we roll out G indepen-
dent trajectories, score each with a single scalar R(τ (g)), and
take the within-group standardized reward as the advantage,

A(g) =
R(τ (g))− µR

σR + ϵnum

µR =
1
G

∑
g

R(τ (g))

(10)

where σR is the group standard deviation and ϵnum = 10−6 is
a numerical stability constant. Standardizing inside the group
removes the scene-difficulty offset, so only the ranking of the
G attempts on the same start state carries gradient.

Each task is scored by one terminal scalar that is assigned
to every decision step, rt = R(τ) for all t, so all tokens of a
trajectory share the advantage A(g). Per-step shaping would
instead need a hand-designed potential defined three times
over three incompatible geometries. The surrogate is applied
at token level, with ρ the importance ratio of a response token,

LRL = −E
[
min

(
ρA, clip(ρ, 1 − ε, 1 + ε)A

)]
+ β DKL(πθ ∥πref) ,

(11)

where πref is the frozen supervised policy and β anchors the
update to it.

2) Rollout Infrastructure and Training-Set Construction:
Online RL is bounded by simulation throughput rather than
by gradient computation, so we decouple simulation from
optimization. Each simulator is an independent process hold-
ing one resident scene, and action generation is served by
a separate inference server. A scene hash assigns all G
rollouts from the same episode seed to a simulator holding
the corresponding scene, thereby avoiding redundant scene
loading.

Uniform sampling of the training set would waste most of
this budget, since an episode the supervised policy always
solves and one it never solves both yield σR ≈ 0 and no gra-
dient. We therefore run K rollouts of every candidate with the
supervised checkpoint and bin it as always-solved, mixed, or
never-solved. Mixed episodes sit on the decision boundary and
are the only ones guaranteed to produce within-group variance,
so they dominate the pool. Robostral Navigate [9] applies a
related filter, though it retains only the tasks its supervised
policy fails to solve. We instead keep a small fraction of both
extremes: always-solved episodes preserve acquired behavior,
whereas never-solved episodes provide challenging cases for
exploration. The continuous terminal signals described below
still rank these failures and thereby support graded trial-and-
error learning.
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Fig. 11. Online multi-task reinforcement-learning pipeline. We initialize online optimization from the supervised policy and collect large-
scale rollouts for all navigation tasks. Task-specific rewards evaluate visibility, position, and persistence for EVT; alignment, arrival, and
termination for instruction following; and discovery, efficiency, and progress for object goal navigation. Rewards are normalized within each
rollout group to compute advantages for GRPO policy updates.

3) Task-Specific Terminal Rewards: We define a separate
terminal reward for each navigation task, tailored to its objec-
tive and success criteria. All distances are reported in meters
and bearings in radians.

a) Embodied visual tracking: The target here is a moving
agent rather than a fixed location, so there is no goal coordinate
to arrive at and no terminating stop for the policy to emit.
An all-zero plan holds the follower in place, and following
resumes as soon as the target moves again. Termination is
decided by the environment: the target finishes its route,
the follower loses it beyond recovery, or the step budget
is exhausted. The environment declares success only if the
follower is still 1 to 3 m behind the target and oriented towards
it at that moment, so closing in too tightly does not count.
What matters over the episode is therefore sustained visibility
at a correct standoff rather than a terminal event. At each step
we read the target’s visibility vt ∈ {0, 1}, bearing αt, and
range δt. These give a per-step quality qt = vt c(αt) b(δt),
whose two position factors are a flat-topped bearing term and
a two-sided range band,
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The bearing factor uses a dead zone α0 = 0.14 rad and a width
σα = 0.35 rad. The range band is [δlow, δhigh] = [1.5, 3.0]m,
with σnear = 0.35 m and σfar = 1.0 m. Inside the flat top and
the flat band the factors are exactly 1, so fine-grained jitter
produces no group variance. A second per-step term scores
the motion rather than the view. Let mt ∈ [0, 1] measure
how closely the 10-waypoint plan emitted at step t matches

a privileged oracle plan from the same state. Writing 1[·] for
the indicator function, combining the two per-step terms with
a collision charge gives

REVT = 1[success]− 0.5 × 1[collision]

+
1

Tnorm

T∑
t=1

(
0.7 qt + 0.3mt

)
.

(14)

Persistence comes from the normalizer

Tnorm =

{
T, natural end,

max(T, T0), early end,
(15)

a natural end being the target finishing or the budget being
reached, an early end the target being lost or a collision.
Averaging over executed steps alone would reward early
termination, since a follower that crashes early stops the clock
while its average is high. Charging an early end against the
constant horizon T0 = 300 steps counts the unexecuted steps
as zero quality, which turns average quality into persistence.

b) Instruction following: Let dT be the geodesic distance
from the final pose to the goal, and nDTW the normalized
dynamic-time-warping similarity between the executed and the
annotated reference path. With a success radius of 3.0 m we
use

RVLN =
(
1 + nDTW

)
1[success]

+ exp
(
− max(dT , dclip)

2

σ2
d

)
− 0.25 × 1[timeout].

(16)
The first term pays arrival once, and pays up to twice as much
when the executed path also kept alignment with the described
route. That bonus prevents a shortcut that reaches the goal
while ignoring the instruction. The Gaussian kernel, of width
σd = 3.0 m, grades that arrival on both sides of the success
boundary and ranks a near miss above a distant stop. The clip
dclip = 2.0 m flattens it inside that radius.



c) Object goal navigation: Object goal navigation names
a category instead of a route, so path fidelity is meaningless
and only reaching the object matters. Let d0 be the initial
geodesic distance to the goal and ℓ̃ the length of the executed
path. We write PL = d0/max(d0, ℓ̃) for the per-episode
path-length efficiency, the quantity that SPL averages over a
dataset [3]. With a success radius of 1.0 m we use

ROBJ =
(
1 + 0.25 PL

)
1[success]

+ 0.25 exp
(
− max(dT , dclip)

2

σ2
d

)
.

(17)

The first term mirrors Eq. (16). Arrival is paid once, and
paid more when the object was reached along a short path,
which discourages exhaustive sweeping of the building. Only
the measured quality differs: path efficiency here, path fi-
delity there, because object navigation prescribes no route.
The graded proximity term then carries the whole failure
population, ranking a run that halved its distance to the
object above one that never left the starting room. Without
it every failure would share one reward value and contribute
nothing to Eq. (10). Because that radius is 1.0 m rather than
the 3.0 m used for instruction following, the clip tightens to
dclip = 1.0 m, while σd is unchanged.

4) Optimization Details: Each iteration draws B episode
seeds with pairwise-distinct scenes and rolls out G trajectories
per seed. Because each decision step constitutes one training
sample, a single iteration generates far more samples than
one update needs. We therefore cap the number retained
per episode and select them by event stratification. The first
and last decisions are always kept, together with decisions
carrying a discrete event such as stop emission, stuck de-
tection, collision, or a large-angle turn, and their immediate
neighbors. Any remaining quota is spread uniformly over the
timeline. Uniform subsampling would discard these decisions
in proportion to their rarity, yet they are where the terminal
reward is actually earned.

The group size is G = 8 and each iteration draws B = 32
seeds, giving 256 episodes per update. The clip range is ε =
0.2 and the KL coefficient is β = 0.01. Training runs on a
single node with 8 H100 GPUs.

VI. EXPERIMENTS

A. Experimental Setup

1) Benchmarks: We evaluate spatial intelligence, simu-
lated navigation, and real-world transfer. For spatial intel-
ligence, LightNav-ER is tested on 8 embodied-reasoning
benchmarks: Point-Bench [17], RefSpatial [98], the POI and
VQA tracks of RoboSpatial [62], Where2Place [86], CV-
Bench [64], ERQA [26], and EmbSpatial [20]. For navigation,
a single shared LightNav-0 checkpoint is evaluated with-
out benchmark-specific fine-tuning on 10 public simulation
settings spanning three task families and INSIGHT-Bench.
Instruction following is measured on the R2R [4] and RxR [39]
val-unseen splits in VLN-CE [37]; object goal navigation is
evaluated on MP3D [12], HM3D v1/v2 [57], and HM3D-
OVON [84]; and embodied visual tracking is evaluated on

the STT and DT splits of EVT-Bench [66]. We further deploy
the same checkpoint on four physical robot embodiments to
assess zero-shot real-world deployment beyond simulation.

INSIGHT-Bench is evaluated under a shared deployment
protocol. All models see the same 1,097 episodes from 210
scenes, receive a 120◦, 480×270 forward RGB stream from a
camera at 1.0 m height, and are given a budget of 300 actions.
An episode succeeds only if the model stops within the goal
radius and the target lies inside the 120◦ field of view of the
final frame. The radius is 2.0 m for indoor scenes and 3.0 m
for outdoor scenes, because outdoor environments are consid-
erably larger and their navigable targets are correspondingly
farther apart.

2) Baselines: For embodied reasoning, we compare with
two general-purpose 4B VLMs, Qwen3-VL and the post-
trained Qwen3.5-4B checkpoint [55], and the spatially special-
ized 8B Molmo2-ER model. Navigation comparisons cover
three representative families: modular systems that separate
perception, mapping, and planning; task-specific end-to-end
policies, including methods with learned waypoint predictors;
and generalist VLM/VLA navigation policies. For INSIGHT-
Bench, we additionally run 6 open-source navigation poli-
cies through a common action interface: JanusVLN [89],
NaVid [90], Uni-NaVid [92], TAMP-Nav [23], InternVLA-
N1 [32], and StreamVLN [76]. Each policy receives the shared
forward stream through an adapter that may center-crop it to
the model’s native training field of view, as used by NaVid
and StreamVLN. TAMP-Nav was designed for 4-camera 360◦

observations and depth-assisted pixel-to-3D execution, but we
restrict its visual input to the shared forward view. InternVLA-
N1 follows its released RGB-only path with constant depth.
The episode set, simulator, action budget, and success crite-
rion are identical across these runs. Every navigation result
explicitly identifies the use of single-view RGB, panoramic or
multi-camera RGB, depth, and odometry.

3) Metrics: For embodied reasoning, we report each bench-
mark’s primary score as a percentage and compute an un-
weighted macro average across all 8 benchmarks only when
every result is available. For continuous VLN, we report
navigation error (NE), oracle success rate (OS), success rate
(SR), success weighted by path length (SPL), and normal-
ized dynamic time warping (nDTW). ObjectNav and HM3D-
OVON are evaluated with SR and SPL. INSIGHT-Bench
is evaluated with SR, SPL, and terminal NE. EVT-Bench
reports success rate (SR), tracking rate (TR) and collision rate
(CR). Higher values indicate better performance for all metrics
except NE and CR, as marked by the arrows in each table.

B. Embodied Reasoning Benchmark Evaluation

We first evaluate whether embodied-reasoning (ER) mid-
training strengthens the spatial capabilities of the VLM before
downstream navigation alignment. We test the 4B ER check-
point on 8 benchmarks covering language-guided pointing,
spatial referring, robotic spatial reasoning, affordance pre-
diction, visual perception, and embodied question answering.



TABLE II
EMBODIED-REASONING AND SPATIAL-INTELLIGENCE EVALUATION. WE COMPARE 4B GENERAL-PURPOSE VLMS, THE 8B

MOLMO2-ER MODEL, AND OUR 4B LIGHTNAV-ER CHECKPOINT ON POINT-BENCH [17], REFSPATIAL [98], ROBOSPATIAL [62],
WHERE2PLACE [86], CV-BENCH [64], ERQA [26], AND EMBSPATIAL [20]. ALL VALUES ARE PERCENTAGES AND HIGHER IS BETTER.

AVG. IS THE UNWEIGHTED MEAN OVER ALL 8 BENCHMARKS. BOLD AND UNDERLINED DENOTE BEST AND SECOND BEST.

Method Params.
Point-
Bench RefSpatial

RoboSpatial
POI

RoboSpatial
VQA Where2Place CV-Bench ERQA EmbSpatial Avg.

Qwen3-VL [5] 4B 58.2 45.5 64.8 69.7 64.0 85.6 39.5 77.6 63.1
Qwen3.5-4B [55] 4B 60.4 54.6 47.9 59.7 61.3 85.0 40.8 76.8 60.8
Molmo2-ER [22] 8B 77.3 52.5 32.0 73.4 54.0 87.8 46.8 78.8 62.8

LightNav-ER 4B 64.5 57.4 56.5 71.9 76.6 88.4 43.8 79.8 67.4

Tab. II reports each benchmark’s primary score as a percent-
age, with higher values indicating better performance. The
macro average is computed only for models with results on
all 8 benchmarks.

LightNav-ER ranks first on 4 of the 8 benchmarks and
second on the remaining 4, attaining the highest complete-set
average of 67.4. This exceeds the strongest baseline average,
achieved by Qwen3-VL-4B, by +4.3 (6.8%) and the 8B
Molmo2-ER average by +4.6 (7.3%), despite using only 50%
of the parameters. LightNav-ER also outperforms Qwen3.5-4B
on all 8 benchmarks. Molmo2-ER remains stronger on Point-
Bench, RoboSpatial-VQA, and ERQA, while Qwen3-VL leads
on RoboSpatial-POI. The comparison therefore demonstrates
broad and balanced spatial competence rather than uniform
dominance on every individual task.

Relative to the Qwen3-VL-4B initialization, ER mid-
training improves 7 of the 8 benchmark scores and raises the
macro average from 63.1 to 67.4, an absolute improvement of
+4.3 (6.8%). The largest gains occur on Where2Place (+12.6;
19.7%) and RefSpatial (+11.9; 26.2%), which directly exercise
free-space grounding and multi-step spatial referring.

C. Simulation Benchmark Evaluation

We compare LightNav-0 with reported state-of-the-art sys-
tems across instruction following, object goal navigation, and
embodied visual tracking. To make the sensing assumptions
explicit, all comparisons report whether each method uses
single-view RGB, panoramic or multi-camera RGB, depth, and
odometry inputs.

1) Vision-Language Navigation: As shown in Tab. III,
LightNav-0 achieves the strongest monocular R2R result on
all 4 metrics. Relative to the best prior monocular entries, SR
increases from 66.9 to 68.5 (+1.6; 2.4%) and SPL from 62.3
to 62.8 (+0.5; 0.8%), while NE decreases from 4.05 to 3.91
(-0.14 m; 3.5% reduction). OS reaches 73.7, marginally above
Qwen-RobotNav-4B at 73.6. The simultaneous gains in SR,
SPL, and NE indicate that the improved goal-reaching relia-
bility is retained under path-efficiency and terminal-precision
criteria.

On the longer RxR benchmark, LightNav-0 likewise obtains
the best monocular NE, SR, and SPL. It improves SR over
Qwen-RobotNav-8B from 73.4 to 73.6 (+0.2; 0.3%) and SPL
from 63.5 to 64.5 (+1.0; 1.6%), while reducing NE from 4.09

to 3.66 (-0.43 m; 10.5% reduction). Its nDTW of 67.4 remains
below DualVLN’s 70.0, revealing that the higher success and
terminal accuracy do not translate uniformly to trajectory
fidelity. Panoramic methods retain small advantages on both
datasets, but LightNav-0 remains competitive while using only
a forward RGB view and no depth or odometry.

2) Object Goal Navigation: LightNav-0 attains the
strongest monocular SR and SPL across all three closed-
vocabulary ObjectNav settings in Tab. IV, despite using neither
depth nor odometry. On MP3D, it raises SR over CogNav from
46.6 to 53.3 (+6.7; 14.4%) and SPL over VLFM from 17.5 to
21.2 (+3.7; 21.1%). On HM3D v1, SR increases from 73.7 to
74.5 (+0.8; 1.1%), while SPL rises from 37.3 to 43.9 (+6.6;
17.7%). On HM3D v2, LightNav-0 improves SR from 77.0 to
79.5 (+2.5; 3.2%) and SPL from 41.3 to 43.7 (+2.4; 5.8%).

The same RGB-only policy also exceeds the listed multi-
view systems. On MP3D, its SR is 1.1 points above Qwen-
RobotNav-4B and its SPL is 3.5 points above Qwen-
RobotNav-8B. On HM3D v1, it outperforms the depth- and
odometry-assisted WMNav by +16.4 SR and +12.7 SPL; on
HM3D v2, it exceeds the best multi-view entries by +3.9 SR
and +10.7 SPL. These comparisons rule out a wider field of
view or privileged geometry as the source of the advantage.

Open-vocabulary evaluation exhibits the same pattern
(Tab. V). On val seen categories, LightNav-0 improves the
strongest prior monocular SR from 55.0 to 55.3 (+0.3; 0.5%).
The SR gain widens to +8.3 (18.4%) on val synonyms and
+6.2 (15.2%) on val unseen categories. SPL also rises from
23.6 to 30.4 (+6.8; 28.8%) on seen categories and from 21.8 to
29.3 (+7.5; 34.4%) on synonyms. On unseen categories, SPL
increases from 19.8 to 24.1 (+4.3; 21.7%). These margins are
measured against monocular methods that may additionally
use depth and odometry, making the result particularly notable
for a single-RGB-input policy.

3) INSIGHT-Bench: As shown in Tab. VI, LightNav-0
attains the best result on every aggregate metric. It improves
SR over JanusVLN from 27.4 to 43.7 (+16.3; 59.5%) and
SPL from 24.0 to 41.5 (+17.5; 72.9%), and reduces NE from
NaVid’s 4.25 m to 3.88 m (-0.37 m; 8.7%).

The instruction axis of Tab. VII shows where that advantage
is concentrated. LightNav-0 leads every instruction type, and
the margin is largest on Direction, which rises from NaVid’s
29.7 to 57.7 (+28.0; 94.3%). Direction is also the only type on



TABLE III
PERFORMANCE ON CONTINUOUS VISION-AND-LANGUAGE NAVIGATION. COMPARISON ON THE R2R [4] AND RXR [39] VAL-UNSEEN

SPLITS IN CONTINUOUS ENVIRONMENTS [37]. S.RGB, PANO., DEPTH, AND ODOM. INDICATE SINGLE-VIEW RGB, PANORAMIC OR
MULTI-CAMERA RGB, DEPTH, AND ODOMETRY INPUTS, RESPECTIVELY. ∗ DENOTES METHODS USING A WAYPOINT PREDICTOR. IN

MONOCULAR SETTING, BOLD AND UNDERLINED DENOTE BEST AND SECOND BEST.

Method Observation R2R Val-Unseen RxR Val-Unseen

S.RGB Pano. Depth Odom. NE↓ OS↑ SR↑ SPL↑ NE↓ SR↑ SPL↑ nDTW↑
Multi-view methods
CMA∗ [37] ✓ ✓ ✓ 6.20 52.0 41.0 36.0 8.76 26.5 22.1 –
HPN+DN∗ [38] ✓ ✓ ✓ 6.31 40.0 36.0 34.0 – – – –
Sim2Sim∗ [36] ✓ ✓ ✓ 6.07 52.0 43.0 36.0 8.76 26.5 22.1 –
Reborn∗ [1] ✓ ✓ ✓ 5.40 57.0 50.0 46.0 5.98 48.6 42.0 –
GridMM∗ [69] ✓ ✓ ✓ 5.11 61.0 49.0 41.0 – – – –
DreamWalker∗ [65] ✓ ✓ ✓ 5.53 59.0 49.0 44.0 – – – –
ETPNav∗ [2] ✓ ✓ ✓ 4.71 65.0 57.0 49.0 5.64 54.7 44.8 –
HNR∗ [70] ✓ ✓ ✓ 4.42 67.0 61.0 51.0 5.50 56.3 46.7 –
InstructNav [50] ✓ ✓ ✓ 6.89 – 31.0 24.0 – – – –
AO-Planner [13] ✓ ✓ 5.55 59.0 47.0 33.0 – – – –
NavFoM [91] ✓ 4.61 72.1 61.7 55.3 4.74 64.4 56.2 65.8
NavForesee [45] ✓ 3.94 78.4 66.2 59.7 4.20 66.3 53.2 –
SPAN-Nav [47] ✓ 4.07 75.3 66.3 59.3 4.20 69.7 60.1 67.9
ABot-N0 [18] ✓ 3.80 70.8 66.4 63.9 3.83 69.3 60.0 –
Qwen-RobotNav-4B [93] ✓ 3.80 77.2 69.5 63.6 3.80 75.2 65.0 71.9
Qwen-RobotNav-8B [93] ✓ 3.53 78.5 72.1 66.6 3.58 76.5 65.7 72.5
ABot-N1 [27] ✓ 3.91 71.7 68.3 66.6 3.43 70.9 61.4 –

Monocular methods
NaVid [90] ✓ 5.47 49.0 37.0 35.0 – – – –
Uni-NaVid [92] ✓ 5.58 53.5 47.0 42.7 6.24 48.7 40.9 –
NaVILA [16] ✓ 5.22 62.5 54.0 49.0 6.77 49.3 44.0 –
StreamVLN [76] ✓ 4.98 64.2 56.9 51.9 6.22 52.9 46.0 –
CorrectNav [85] ✓ 4.24 67.5 65.1 62.3 4.09 69.3 63.3 –
DualVLN [75] ✓ 4.05 70.7 64.3 58.5 4.58 61.4 51.8 70.0
InternVLA-N1 [32] ✓ ✓ 4.83 63.3 58.2 54.0 5.91 53.5 46.1 65.3
Qwen-VLA [56] ✓ 5.10 69.0 57.3 51.2 5.80 59.6 47.8 –
Qwen-RobotNav-4B [93] ✓ 4.22 73.6 66.9 60.5 4.15 71.3 61.5 68.6
Qwen-RobotNav-8B [93] ✓ 4.36 72.7 65.7 59.6 4.16 73.4 63.5 69.9
LightNav-0 ✓ 3.91 73.7 68.5 62.8 3.66 73.6 64.5 67.4

which LightNav-0 exceeds its own Base score of 45.1, whereas
all 6 baselines fall below their Base score once an egocentric
bearing is added. This is consistent with the route-conditioned
supervision of Sec. IV, in which egocentric bearings are
stated explicitly in the rule templates and preserved through
rewriting. Extremum remains the hardest type at 37.2, ahead
of NaVid by +14.8 (66.1%), because selecting an argmin or
argmax instance requires detecting several candidates before
their positions can be compared.

The scene axis follows the same pattern. LightNav-0 is
strongest in Apartment scenes at 61.1, exceeding the best
open-source result by +21.4 (53.9%), and gains its largest
relative margin outdoors, improving on JanusVLN from 16.7
to 34.2 (+17.5; 104.8%). The outdoor result is consistent with
the inclusion of outdoor 3DGS trajectories during training,
whereas the evaluated open-source policies are predominantly
trained on indoor Habitat environments. Institution is the
weakest scene type at 29.2, although it still exceeds the
best open-source result by +10.9 (59.6%); its large spaces
and repeated doors, chairs, and workstations make distant
recognition and instance disambiguation difficult.

The joint matrix in Fig. 12 shows that the two axes inter-
act rather than contributing independent, uniform penalties.
House–Direction reaches 74.0% (37/50), while Institution–
Extremum falls to 18.0% (9/50), a 56.0-point range against
marginal spans of only 31.9 points across scene types and
20.5 points across instruction types. The larger cross-cell span
indicates that difficult language compounds scene-specific
ambiguity: familiar residential topology and explicit egocentric
cues favor House–Direction, whereas repeated instances in
large institutional spaces make the global comparison required
by Extremum particularly brittle.

4) Embodied Visual Tracking: On EVT-Bench (Tab. VIII),
LightNav-0 achieves the highest SR on both tracking regimes.
For single-target tracking, it raises SR from ReferTrack’s 89.4
to 91.7 (+2.3; 2.6%). Under distracted tracking, where the
agent must preserve target identity among distractors, the mar-
gin increases from 73.3 to 82.6 (+9.3; 12.7%). LightNav-0 also
reduces the best prior monocular distracted-tracking CR from
5.51 to 4.62 (-0.89; 16.2% reduction). ReferTrack retains the
highest TR in both regimes and the lowest single-target CR,
indicating that persistent visual lock remains a complementary



TABLE IV
PERFORMANCE ON OBJECT-GOAL NAVIGATION. COMPARISON ON MP3D [12] AND HM3D [57] OBJECTNAV [6]. IN MONOCULAR

SETTING, BOLD AND UNDERLINED DENOTE BEST AND SECOND BEST.

Method Observation MP3D HM3D v1 HM3D v2

S.RGB Pano. Depth Odom. SR↑ SPL↑ SR↑ SPL↑ SR↑ SPL↑
Multi-view methods
WMNav [52] ✓ ✓ ✓ 45.4 17.2 58.1 31.2 – –
Qwen-RobotNav-4B [93] ✓ 52.2 16.0 – – 75.6 30.6
Qwen-RobotNav-8B [93] ✓ 48.8 17.7 – – 71.2 33.0

Monocular methods
VLFM [83] ✓ ✓ ✓ 36.4 17.5 52.5 30.4 63.6 32.5
OpenFMNav [40] ✓ ✓ ✓ 37.2 15.7 52.5 24.1 – –
SG-Nav [80] ✓ ✓ ✓ 40.2 16.0 54.0 24.9 49.6 25.5
TriHelper [94] ✓ ✓ ✓ – – 56.5 25.3 – –
FiLM-Nav [82] ✓ ✓ ✓ – – 61.7 37.3 77.0 41.3
CogNav [11] ✓ ✓ ✓ 46.6 16.1 72.5 26.2 – –
Uni-NaVid [92] ✓ – – 73.7 37.1 – –
LightNav-0 ✓ 53.3 21.2 74.5 43.9 79.5 43.7

TABLE V
PERFORMANCE ON OPEN-VOCABULARY OBJECT NAVIGATION. COMPARISON ON THE HM3D-OVON BENCHMARK [84] UNDER

SEEN-CATEGORY, SYNONYM, AND UNSEEN-CATEGORY SETTINGS. IN MONOCULAR SETTING, BOLD AND UNDERLINED DENOTE BEST
AND SECOND BEST.

Method Observation Seen Synonyms Unseen

S.RGB Pano. Depth Odom. SR↑ SPL↑ SR↑ SPL↑ SR↑ SPL↑
Multi-view methods
NavFoM [91] ✓ 37.7 25.5 43.3 29.9 43.6 31.3
Qwen-RobotNav-4B [93] ✓ 57.7 24.4 60.1 25.1 53.1 20.9
Qwen-RobotNav-8B [93] ✓ 56.1 28.5 57.8 28.8 51.2 24.0
ABot-N0 [18] ✓ 55.3 32.1 55.4 33.2 54.0 30.5

Monocular methods
VLFM [83] ✓ ✓ ✓ 35.2 18.6 32.4 17.3 35.2 19.6
DAgRL+OD [84] ✓ ✓ ✓ 38.5 21.1 39.0 21.4 37.1 19.8
MTU3D [100] ✓ ✓ ✓ 55.0 23.6 45.0 14.7 40.8 12.1
Uni-NaVid [92] ✓ 41.3 21.1 43.9 21.8 39.5 19.8
LightNav-0 ✓ 55.3 30.4 53.3 29.3 47.0 24.1

TABLE VI
OVERALL PERFORMANCE ON INSIGHT-BENCH. BOLD AND

UNDERLINED DENOTE BEST AND SECOND BEST.

Method SR↑ SPL↑ NE↓ (m)

JanusVLN [89] 27.4 24.0 4.89
NaVid [90] 26.9 23.0 4.25
Uni-NaVid [92] 24.3 22.1 4.91
TAMP-Nav [23] 16.0 15.8 6.29
InternVLA-N1 [32] 11.7 11.0 5.45
StreamVLN [76] 11.6 10.8 6.56

LightNav-0 43.7 41.5 3.88

strength of the specialist tracker.
The cross-modality comparison is especially strong under

distraction: LightNav-0 achieves 82.6 SR, exceeding the best
multi-view result, CoMaTrack’s 74.2, by +8.4 (11.3%), while
its single-target SR is within 0.4 of CoMaTrack’s 92.1. Co-
MaTrack still attains a lower CR, and ReferTrack retains a
higher distracted-tracking TR, so the result establishes stronger

episode-level success rather than uniform dominance on every
tracking metric. Together with the VLN and ObjectNav re-
sults, this supports the use of one compact RGB-only policy
across instruction following, search, and following tasks under
markedly different sensing and temporal demands.

D. Cross-Domain and Real-World Generalization

We qualitatively evaluate whether the unified spatial inter-
face transfers beyond the simulation domains used for training.
These demonstrations use the same LightNav-0 checkpoint
without domain-specific fine-tuning. Because the virtual and
physical environments do not share a standardized action space
or success protocol, we use the rollouts to assess the breadth
of transfer rather than to make a quantitative benchmark
comparison.

1) Cross-Domain Generalization: As shown in Fig. 13,
LightNav-0 operates across 4 game domains with markedly
different visual styles, scene structures, and control dynamics.
The model follows multi-step spatial instructions in Counter-
Strike 1.6 and VizDoom, maintains a moving Creeper as the



TABLE VII
FINE-GRAINED SUCCESS RATE ON INSIGHT-BENCH. THE FIRST 5 COLUMNS GROUP EPISODES BY INSTRUCTION TYPE AND THE

NEXT 5 BY SCENE TYPE. BOLD AND UNDERLINED DENOTE BEST AND SECOND BEST.

Method Instruction type Scene type Avg.
Base Direction Relation Extremum Ordinal Apartment House Commercial Institution Outdoor

JanusVLN [89] 32.5 28.5 28.5 22.0 25.8 39.7 35.2 26.7 18.3 16.7 27.4
NaVid [90] 37.6 29.7 18.7 22.4 24.2 37.7 39.8 24.6 18.3 13.6 26.9
Uni-NaVid [92] 32.9 29.3 21.8 16.8 19.7 39.3 28.7 23.1 15.5 14.0 24.3
TAMP-Nav [23] 18.1 14.2 17.6 10.8 20.8 26.8 18.5 15.9 9.6 8.3 16.0
InternVLA-N1 [32] 18.1 13.0 9.8 8.4 7.9 12.1 19.0 12.3 7.8 7.5 11.7
StreamVLN [76] 15.6 9.6 14.5 8.0 10.7 19.7 15.7 12.8 4.1 5.3 11.6

LightNav-0 45.1 57.7 37.8 37.2 38.2 61.1 50.5 42.1 29.2 34.2 43.7
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Fig. 12. Joint scene–instruction capability matrix of LightNav-0 on the INSIGHT-Bench evaluation split. Each cell reports
SR and successful episodes over evaluated episodes. Warm cells fall below the overall SR of 43.66%, whereas cool cells exceed
it; saturation encodes the magnitude of this deviation on the colorbar scale, and thin borders mark row, column, and overall totals.
The bottom-right cell is the aggregate result (479/1,097). The best and worst intersections are House–Direction (74.0%, 37/50)
and Institution–Extremum (18.0%, 9/50), respectively.

TABLE VIII
PERFORMANCE ON EMBODIED VISUAL TRACKING.

COMPARISON ON EVT-BENCH [66]. IN MONOCULAR SETTING,
BOLD AND UNDERLINED DENOTE BEST AND SECOND BEST.

Method STT DT

SR↑ TR↑ CR↓ SR↑ TR↑ CR↓
Multi-view methods
TrackVLA++ [46] 86.0 81.0 2.10 66.5 68.8 4.71
NavFoM [91] 86.0 80.5 – 61.4 68.2 –
CoMaTrack [49] 92.1 90.3 0.90 74.2 80.5 2.10
Qwen-RobotNav-4B [93] 77.4 90.0 6.40 – – –
Qwen-RobotNav-8B [93] 78.6 89.7 5.70 – – –
ABot-N0 [18] 86.9 87.6 8.54 66.7 75.4 11.60
ABot-N1 [27] 87.0 86.9 6.83 65.2 72.7 14.70

Monocular methods
TrackVLA [66] 85.1 78.6 1.65 57.6 63.2 5.80
Uni-NaVid [92] 53.3 67.2 12.60 31.9 50.1 21.30
VLingNav [67] 88.4 81.2 2.07 67.6 73.5 5.51
ReferTrack [79] 89.4 92.5 1.60 73.3 81.8 7.60
LightNav-0 91.7 87.7 1.87 82.6 80.1 4.62

target in Minecraft, and follows a sequence of checkpoints
while driving in Trigger Rally. Across these settings, the

affordance point provides a transferable intermediate target in
navigable space, while the object point identifies the referred
target or landmark when applicable. The coherent rollouts
across first-person navigation, target following, and vehicle
control indicate that the learned pointing-and-trajectory in-
terface is not tied to the appearance statistics or locomotion
dynamics of the training simulators.

2) Real-World Generalization: The same checkpoint is
deployed in physical environments without task- or scene-
specific adaptation. As shown in Fig. 15, it supports vi-
sual tracking, instruction following, and object search under
substantial visual variation. The tracking transfer provides a
particularly stringent test of zero-shot generalization. Although
tracking supervision contains only human targets, LightNav-0
follows previously unseen classes of dynamic targets, in-
cluding humanoid robots, wheeled robots, and carts, without
additional training. Across these rollouts, the model preserves
target identity despite changes in viewpoint, background clut-
ter, and illumination, while grounding free-space destinations
for navigation and search. These results demonstrate that the
learned spatial interface generalizes beyond the scenes, task
semantics, and target categories represented during training.

We deploy LightNav-0 across four heterogeneous robot



CS 1.6: Turn left around the crates and follow the upper tunnel to the B-marked passage

MINECRAFT: Follow the creeper and keep it centered

VIZDOOM: Turn right, then walk up the stairs to the blue-lit doorway

Trigger rally: Keep the green checkpoint ring centered and drive uphill through it

Fig. 13. Zero-shot generalization across game domains. The same LightNav-0 checkpoint follows language instructions in Counter-Strike
1.6 and VizDoom, tracks a moving target in Minecraft, and performs checkpoint-conditioned driving in Trigger Rally. Cyan and magenta
markers visualize the predicted affordance and object points, respectively.
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Fig. 14. Robot platforms and communication framework.
LightNav-0 receives RGB streams from humanoid, quadruped, aerial,
and wheeled platforms and predicts trajectories that are executed
by a shared trajectory follower interfacing with each robot’s built-
in locomotion policy through odometry and velocity commands.

embodiments through the unified platform and communication
interface shown in Fig. 14. This separation keeps the high-
level RGB-to-trajectory policy unchanged, while a shared
trajectory follower converts its predictions into the odometry
and velocity commands required by each platform’s built-
in locomotion policy. The qualitative results therefore test
transfer of a shared navigation model across both domains and
embodiments, rather than separate policies tuned for individual
robots.

E. Ablation Study

We ablate two components that connect spatial reasoning to
embodied control: embodied-reasoning initialization and dual-
channel pointing. Each variant is evaluated across the same 8
simulation settings used by the full model, covering instruction
following, closed-vocabulary ObjectNav, and open-vocabulary
ObjectNav.

a) Embodied-reasoning initialization: Tab. IX compares
policies initialized from the original Qwen3-VL checkpoint
and from LightNav-ER. ER initialization raises the mean SR
across the 8 settings from 60.8 to 63.1 (+2.4; 3.9%) and the
mean SPL from 39.0 to 40.0 (+1.0; 2.6%). SR improves in
all 8 settings and is largest on MP3D (+4.2), followed by
OVON Unseen (+4.0) and HM3D v1 (+3.1), indicating that
the spatial priors acquired during ER mid-training transfer
consistently to goal-reaching reliability. The smaller and less
uniform SPL change suggests that ER initialization primarily
improves semantic and spatial decision making, whereas path
efficiency remains more dependent on downstream navigation
alignment.

b) Dual-channel pointing: Removing affordance-point
and object-point supervision degrades both SR and SPL on
every benchmark in Tab. X. Dual-channel pointing raises mean
SR from 54.7 to 63.1 (+8.4; 15.4%) and mean SPL from 34.3
to 40.0 (+5.7; 16.6%). The largest improvements occur on
HM3D v1, with +13.5 SR and +12.7 SPL; MP3D shows the
next-largest SR gain (+12.0), while HM3D v2 shows the next-
largest SPL gain (+10.3). The gains also persist across the
seen, synonym, and unseen OVON splits, supporting pointing
as a task-agnostic spatial interface rather than a cue specialized
to instruction following or a fixed object taxonomy.

F. Scaling Analysis

Fig. 16 reveals distinct scaling behavior across model ca-
pacity, data volume, and environment coverage. Increasing the
backbone from 2B to 4B raises R2R SR/SPL from 59.9/55.4
to 68.5/62.8 and RxR SR/SPL from 64.0/57.9 to 73.6/64.5,
corresponding to gains of 6.6–9.6 points across the 4 measures.
Scaling further to 8B is not consistently beneficial: R2R
SR/SPL decrease by 1.6/0.5 points and RxR SR decreases by
0.5 points, although RxR SPL increases by 2.0 points. Among
the tested checkpoints, the 4B model therefore provides the
strongest capacity–performance trade-off; the mixed 8B result



Fig. 15. Zero-shot real-world generalization across tasks and scenes. LightNav-0 follows people and robotic targets, executes indoor and
outdoor navigation instructions, and searches for open-vocabulary objects without model adaptation. Each rollout combines external views
of the robot with the corresponding egocentric observations used by the policy.

indicates that additional parameters alone do not guarantee
better navigation performance at this scale.

Data scaling produces monotonic but saturating improve-
ments. Moving from 1/16 to the full training set raises R2R
SR/SPL from 53.0/47.1 to 68.5/62.8 and RxR SR/SPL from
56.2/49.5 to 73.6/64.5, yielding gains of 15.0–17.4 points.
Most of this improvement is obtained before the final dou-
bling: increasing the data fraction from 1/2 to the full set
adds only 0.8/0.9 points on R2R and 1.4/0.4 points on RxR.
Thus, additional training data remain beneficial over the tested
range, but their marginal return diminishes as the training set

approaches full scale.

Environment scaling is also monotonic and remains com-
paratively strong at matched data fractions. Increasing the
training environments from 1/8 to the full set improves R2R
SR/SPL by 16.7/16.2 points and RxR SR/SPL by 21.1/19.1
points, with every intermediate increment improving all 4
measures. Over the matched 1/8-to-full range, these gains
exceed those from data scaling alone (13.2/13.1 points on R2R
and 12.3/8.7 points on RxR). Within the tested sweeps, broader
environment coverage is therefore the most reliable scaling
axis, whereas model scaling saturates beyond 4B and data



TABLE IX
EFFECT OF EMBODIED-REASONING INITIALIZATION. WE COMPARE NAVIGATION POLICIES INITIALIZED FROM THE ORIGINAL

QWEN3-VL CHECKPOINT AND FROM LIGHTNAV-ER ACROSS INSTRUCTION FOLLOWING, CLOSED-VOCABULARY OBJECTNAV, AND
OPEN-VOCABULARY OBJECTNAV. ALL RESULTS ARE OBTAINED WITH SINGLE-VIEW RGB OBSERVATIONS. BOLD DENOTES THE

BETTER RESULT IN EACH COLUMN.

Initialization R2R RxR HM3D v1 HM3D v2 MP3D OVON Seen OVON Synonyms OVON Unseen

SR↑ SPL↑ SR↑ SPL↑ SR↑ SPL↑ SR↑ SPL↑ SR↑ SPL↑ SR↑ SPL↑ SR↑ SPL↑ SR↑ SPL↑

Qwen3-VL 65.8 59.9 72.6 64.9 71.4 42.0 78.0 41.9 49.1 19.8 53.7 31.2 52.5 29.7 43.0 22.4
LightNav-ER 68.5 62.8 73.6 64.5 74.5 43.9 79.5 43.7 53.3 21.2 55.3 30.4 53.3 29.3 47.0 24.1

TABLE X
EFFECT OF DUAL-CHANNEL POINTING. WE REMOVE THE AFFORDANCE-POINT AND OBJECT-POINT SUPERVISION WHILE RETAINING

THE REMAINING MODEL AND ACTION REPRESENTATION. ALL RESULTS ARE OBTAINED WITH SINGLE-VIEW RGB OBSERVATIONS.
BOLD DENOTES THE BETTER RESULT IN EACH COLUMN.

Variant R2R RxR HM3D v1 HM3D v2 MP3D OVON Seen OVON Synonyms OVON Unseen

SR↑ SPL↑ SR↑ SPL↑ SR↑ SPL↑ SR↑ SPL↑ SR↑ SPL↑ SR↑ SPL↑ SR↑ SPL↑ SR↑ SPL↑

w/o pointing 59.5 55.8 70.8 64.2 61.0 31.2 67.9 33.4 41.3 15.2 48.2 26.1 45.8 25.6 43.1 22.8
LightNav-0 68.5 62.8 73.6 64.5 74.5 43.9 79.5 43.7 53.3 21.2 55.3 30.4 53.3 29.3 47.0 24.1
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Fig. 16. Model, data, and environment scaling on continuous VLN. The left and right vertical axes report SR and SPL, respectively.
(a) Scaling the backbone from 2B to 4B parameters improves both metrics on R2R and RxR, whereas the 8B checkpoint produces mixed
changes. (b) Increasing the fraction of training data yields monotonic gains with diminishing returns near the full-data regime. (c) Expanding
the fraction of training environments consistently improves both metrics on both benchmarks.

scaling shows diminishing returns near the full-data regime.

VII. CONCLUSION

We presented LightNav-0, a compact generalist embodied
navigation model that elicits the spatial intelligence of a
pretrained VLM rather than introducing task-specific navi-
gation architectures. Dual-channel pointing expresses task-
and embodiment-agnostic spatial intent, while temporal his-
tory compression and hierarchical RVQ action tokens con-
nect long-horizon visual context to precise short-horizon tra-
jectories through the original autoregressive language-model
head. Training on a unified corpus spanning 2K+ scenes
and 4K+ hours of embodied trajectories aligns the same
monocular RGB policy across instruction following, object
goal navigation, and embodied visual tracking. LightNav-ER,
the embodied-reasoning checkpoint from which LightNav-0

is initialized, attains the highest complete-set average across
8 embodied-reasoning benchmarks. The resulting LightNav-0
checkpoint achieves the strongest monocular success rates
across all 10 public navigation simulation settings and trans-
fers without task- or robot-specific model adaptation to four
real-world robot embodiments. Together, these results indicate
that compact VLMs can provide a unified and transferable
substrate for generalist embodied navigation without relying
on separate prediction heads for each task or platform.

Several directions can extend this framework. First, the
current model uses a single decision pathway and does not
explicitly separate high-frequency local control from slower
semantic deliberation. A dual system could pair a lightweight
reactive policy for obstacle avoidance and frequent trajectory
correction with a slower VLM planner for long-horizon rea-
soning. Second, stronger pretraining on Internet-scale video



could broaden open-world concept coverage and expose the
model to rarer scenes, interactions, and motion patterns than
curated embodied datasets alone.
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