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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-NO/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. Aurutput of its slow system as the action, and shapes format,
Think [68] reports that textual reasoning helps most as aarget, and safety-clearance rewards over that output, though
auxiliary training signal, because decoding long rationales atly for its point-goal task. Robostral Navigate [9] instead
every step is costly and can degrade control. reduces the reward to a single terminal distance to the goal,
A second family expresses the trace visually rather thamd optimizes it with CISPO under group-relative advantage
in words. CoT-VLA [97] reasons through predicted futur@stimation. It also mines its rollout pool, keeping only the tasks
frames, ThinkAct [30] reinforces latent visual plans, anthat its supervised policy fails to solve. These systems differ
NavForesee [45] plans hierarchically inside a vision-languagereward design, yet they agree on the action interface: what
world model. Several methods place the trace on the irie optimizer sees is always a discrete language token. That
age plane: AO-Planner [13] selects affordance-grounded pixdloice is what keeps the update cheap, because the quantity
waypoints with a VLM and delegates execution to a low-level policy gradient needs is already a token log-probability. Its
planner. The dual-system models DualVLN and InternVLAecost is a coarse action space.
N1 [32, 75] ground a farthest reachable pixel goal with a slow Policies that attach a continuous head recover precision
7B planner, then hand it to a fast diffusion-style trajectorgnd lose that quantity. SimpleVLA-RL [42] therefore keeps
policy. Robostral Navigate [9] keeps the trace inside oran autoregressive policy and supplies outcome-only rewards,
monocular model, predicting the next waypoint by pointinghereas ow-based policies must rst recast their denoising
in the current camera view. Others make the trace geomptecess as a Markov decision process before policy gradients
ric instead of positional, using priors from a 3D geometrgpply [14, 95].
foundation model [89] or a single occupancy token supervisedThe open question is therefore not how to reshape reward,
by volumetric prediction and re-injected as a spatial chain bfit whether a policy can expose a tractable per-action proba-
thought [47]. bility while still acting precisely. The residual vector-quantized
LightNav-0 combines explicit reasoning with visual groundinterface of LightNav-0 supplies both at once. The trajectory
ing in a xed-length trace. Its dual-channel pointing pre xat each decision step is three RVQ tokens emitted by the
predicts an affordance point for feasible local motion and @ame head that produces language, so their log-probabilities
object point for a target object or goal location. Both arare exact and group-relative updates apply unchanged. No
represented with channel-speci c image-grid tokens that leveatixiliary MDP, denoising reformulation, or separate critic is
age the backbone's pretrained spatial grounding rather thaguired, yet decoding still recovers 10 continuous SE(2)
replacing it, and the same representation supports instructigraypoints. Because a whole trajectory costs three tokens, the
following VLN, open-vocabulary object navigation, and emeredit-assignment horizon stays short and each rollout stays
bodied visual tracking. The pre x is supervised in the sameheap.
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 latenéy Architecture Overview
of free-form textual deliberation or a second planning system.LightNav-0 formulates heterogeneous embodied navigation
tasks as conditional token generation. At decision step t, the
model receives a natural-language instruction |1 and an ego-

Ill. MODEL ARCHITECTURE

C. Reinforcement Learning Post-Training

embodied navigation, from large-scale distributed on-polighannel pointing pre x followed by a short-horizon action
training [77] and its transformer-scale successors [88] #sequence. The decoded action is a trajectory of 10 future SE(2)
imitation pretraining followed by RL ne-tuning [59]. Those waypoints, which provides a common geometric interface
policies are task-speci c and act over a handful of discrete the low-level controllers of different robot embodiments.
primitives, so an action probability is immediate and a rolfask semantics are specied entirely by the instruction and
out is cheap. Neither property is automatic once the polisupervision format; we introduce no task-identi cation token.
becomes a generalist VLA. We instantiate LightNav-0 from Qwen3-VL-4B-Instruct [5],
For VLM-based policies the dominant recipe is veri ablewhose backbone comprises a native-resolution vision trans-
reward post-training. Group-relative policy optimization [28former and a 36-layer language model. Rather than intro-
61] removed the learned critic and made a second RL stagdigcing navigation-speci ¢ modules, we retain the pretrained
practical at scale, and the same recipe was carried into mudtichitecture and augment only its vocabulary with indexed
modal reasoning [24, 31]. Navigation adopted it quickly. VLNhapos, hoposi, and RVQ action tokens. Both intermedi-
R1 [53] shapes a time-decayed reward over multi-step actiate spatial predictions and action codes are consequently
predictions, and Nav-R1 [48] combines format, understandindgcoded through the original autoregressive language-model
and trajectory rewards. OctoNav [25] re nes its reasoninigead, with no waypoint predictor, task-specic action head,
traces with veri able rewards before an online explorationor embodiment-speci ¢ expert. As shown in Fig. 2, tokens
stage, and ActiveVLN [96] extends optimization to multi-turrirom the timestamped visual history, current observation, and
on-policy rollouts. ABot-N1 [27] moves the same machinerinstruction are interleaved within a single causal sequence at
one level up. It treats the joint chain-of-thought and pixel-go&lach decision step. This compact formulation preserves the



Fig. 2. Overview of LightNav-0. A compact pretrained VLM consumes a temporally compressed egocentric RGB history and a natural-
language goal. It rst 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-speci ¢ low-level controller. The same backbone,
token interface, and objective are used for all navigation tasks.

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

For a historical frame acquired at timg tve de ne its age
as T;=t t j.Its sampling rate decays exponentially,

T

S

fs() =1 I exp 1)
where f"® is the maximum sampling rate and controls

the temporal decay. The selected frames are encoded indepen-
dently by the native-resolution vision transformer. Given the

: _ o _ resulting patch grid Y, we set the spatial pooling stride to
Fig. 3. Automatic dual-channel pointing annotation. The af-

fordance channel indicates a feasible local direction or free-space _ ) T ;

waypoint, whereas the object channel localizes the task goal, either si=max 1; exp —

a target object or a goal location. P 2
®i =G (Vi)

backbone's pretrained visual-grounding and spatial-reasoniff§€ré p controls the rate of spatial compression angd G
capabilities while aligning them with a uni ed control inter-denotes grid pooling with stride; sThus, temporally distant

face shared across tasks and embodiments. observations contribute fewer and coarser tokens, while the
) ) current observation retains the nest visual detail. Timestamp
B. Temporally Aware Visual History Compression tokens preserve the temporal ordering after pooling.

Navigation requires both recent geometric detail and long- The compressor operates after the vision transformer and
horizon context, but encoding every historical frame at natiwipports variable-length, native-resolution inputs under con-
resolution causes the visual-token count to grow withowjurable pixel budgets of 256K, 576K, and 1M. Within
bound. We therefore compress history according to tempie selected budget, frame sampling and tier-wise adaptive
ral recency. The design follows the qualitative form of thpooling jointly allocate tokens across long-, middle-, and
Ebbinghaus forgetting curve [21]: recent observations receishort-term history. This slow-fast allocation bounds the context



Fig. 4. Hierarchical residual vector-quantized action tokenizer. A 10-step SE(2) trajectory is quantized by a coarse 256-entry codebook
and two residual 256-entry codebooks. Each level visualizes all 256 candidates and highlights the selected codeword. Any non-empty token
pre x decodes into an executable coarse trajectory, while successive residual levels progressively re ne geometric precision.

length without collapsing the entire history to a single xedno separate channel-marker or coordinate token is generated.
resolution representation. Causal attention makes this compact pre x an explicit latent
C. Dual-Channel Pointing as Latent Spatial Reasoning sp_atlgl trape that condl_tlons trajectory gener_atlo_n. The.s?‘me
) , _grid indexing scheme is shared across navigation, pointing,
rf‘ VLM represents visual evidence _on”a 2D token latticgy, gpatial-VQA supervision, allowing navigation training to
whereas navigation requires geometrically precise actions ly,se the packbone's visual grounding capability. As illustrated
metric space. We therefore encode each projected pointiasiy 3 automatic annotation projects the affordance target
one channel-speci ¢ image-grid token rather than as separgigy e task-relevant object or goal location into the current
horizontal and vertical coordinate tokens. Let the current VieWa, Each valid affordance projection is assigned an indexed
be partitioned into tf yows and Wy columns. A projected o544 token, whereas each valid object or goal projection
point p = (u;v) 2[0;1] “ is assigned a attened grid index g asgigned an indexed hopiomken. Because the lattice is
r(p) =minfH 4 1;bH gvcg de ned in the image plane rather than in an embodiment-
o ) speci c control space, the representation remains common
c(p) = minfW 4 1;bW gucg ) across navigation tasks and robot platforms.
i(p) =r(P)W ¢ +c(p)

The affordance and object channels use distinct token famili@s Residual Vector-Quantized Action Tokenizer
indexed over this shared lattice. An affordance poittigpen-
coded directly as the single token haposwvhere i# = i(p 2).
The token family hapgsrepresents affordance points, an
the selected cell indicates a feasible local direction or landi
location in free space. An object poinf fis encoded directly t

Directly emitting continuous controls from a language-
odel head creates a mismatch between token prediction and
eometric precision. We instead represent each action chunk
2 10 future SE(2) waypoints and tokenize the complete trajec-
. T . .7 tory with residual vector quantization, as visualized in Fig. 4.
as_hopgsi, Where IO. = 1P °). Thg token family hODQI.S Let z 2 R'93 denote the vectorized waypoint sequence. The
represents object points and localizes the task goal, eithe oRenizer contains 3 level-speci ¢ codebook® o0 ; 02 |

f;rrgri ogr]fj?; Ort:kgr?i!rgﬁatlfen'r;isnir\éigézd\'lsﬁo\gtﬂznvg.ﬁ%ch with 256 codewords. The rst level captures the coarse
b g y rep jectory, and the next two levels successively quantize its

image-grid cell, including in-place turns, stopping, and targ?ésidual'
invisibility. '
At _each decision step, the complete navigation output is k- =argmind; rO ;e(k) )
serialized as k
yt = [haposai; hopos. ; @ r(D =r0 e 0 r® =z, (6)
hactLOx,, i; hact L1y,, i; hact L2y,, ] where ¢ is a Jacobian-weighted trajectory distance used

The pointing pre x therefore contains exactly two atomiaduring residual k-means tting. Weighting in the integrated
tokens, followed immediately by three RVQ action tokengrajectory space balances translation and heading errors when



forming the codebooks. We assign trajectories using At inference time, the vision transformer and language
. _ model run in a single process, and autoregressive decoding is
diaj(z: 2) = ADE(z; 2)+ | (2) ( 2) 7 served with vLLM [41]. This single-process implementation
which measures both positional deviation and accumulat@¥oids inter-process transfer of visual features and achieves
heading error at the trajectory level. Based on the trajectof inference latency of approximately 4ms per generated
error ana|y5i5, we set =0:3 throughout all experiments. token on an NVIDIA GeForce RTX 4090. Each inference
The three level-speci ¢ indices are emitted as level-speci &€p requires the haposnd hopog pre x followed by at
action tokens [hactOy,, i; hact L1, i;hact L2y, i]. For a Mmost3 RVQ action tokens. Resource-constrained deployments
generated pre x of length L, we reconstruct may stop after the rst or second RVQ level and execute
the corresponding coarse trajectory, whereas the third level

QEL) — e(k) L2fl:2: 39 (8) IS generated when maximum geometric precision IS requwed.

=0 V. DATA & BENCHMARKS

and integratéf") in SE(2) to recover 10 waypoints. The rst
token speci es a coarse trajectory, and each additional tokﬁ
corrects the residual left by the preceding levels. Every no
empty pre x is reshaped and integrated by the same deco

Our data design follows the same principle as the model:
Qterogeneous embodied tasks should share a common per-
eptual and spatial basis before they are mapped to actions.

D . ) e therefore organize training data into two coupled mixtures.
so it yields an executable trajectory rather than an incompl

" tation. Under tiaht ' lat bud fie navigation corpus spans 2K+ scenes and 4K+ hours of
action representation. Under tight compute oratency bu get;I*ﬁ'lbodied trajectories. Embodied-reasoning (ER) mid-training
generation can therefore stop after the rst RVQ token

Yraws from 36 sources to strengthen spatial understanding,

after two tokens and trade geometric precision for Iow? mporal reasoning, and visual grounding. Supervised ne-

autoregressive cost. Full 3-level decoding provides the high?&ﬁing (SFT) then combines 16 navigation sources with 33
precision and represents up to 35&de combinations with

aLY:iliary ER and VQA sources. Under the active sampling

only 3 tokens. It achieves an average displacement error b edule, 77:6% of optimization samples carry navigation-

0:72.cm, compared with 2:48 cm for a single-level K = 4096action supervision and 22:4% rehearse the perceptual and

VADv2-style planning vocabulary [15]. This baseline foIIowsr . iliti . ina ER mid-training. Th
the vectorized planning formulation introduced by VAD [33] easoning capabilities acquired during mid-training. These

. : . R roportions describe the task-balanced optimization mixture
but uses a single trajectory token without residual re neme

The shared traiectory i I ted 1o platf . hther than unique corpus coverage. This separation lets us
€ shared trajectory 'S, nally converted 1o platlorm-Spect G, e ase task and scene diversity without changing the uni ed
commands by the robot's low-level controller.

pointing—action interface.
E. Uni ed Autoregressive Objective

Navigation and auxiliary VQA examples are trained with th
same causal language-model objective. For an input context ¥-ollowing the capability-oriented organization of Molmo2-

é\. Embodied Reasoning Data

and supervised output positions M, we minimize ER [22], we construct the ER corpus around the competencies
) that most directly support navigation. The two-stage data

Lce= logp (y; J Xy ): (9)  curriculum is shown in Fig. 5. The mixture allocates 35:14%

j2m of its sampling mass to pointing, 25:05% to single-image

For navigation, the supervised sequence contains OW@A, 19:81% to video reasoning, and 20:00% to general
hapod token, one hopgstoken, and 3 RVQ action tokens; for visual and abstract reasoning. Rather than optimizing for any
pointing or spatial VQA, it contains the corresponding indexegingle benchmark format, these sources expose the model
token or language response. This formulation exposes evé@ycomplementary supervision across synthetic scenes, real
task through a shared token space and prediction head. It dla@ges, egocentric video, multi-view observations, and robot
avoids separately balanced navigation losses and permitsirfgraction data.
samples to share the same packed autoregressive training loop) Image Embodied QA: Eleven single-image VQA sources

o ) provide indexed supervision. Three standalone collections are
F. Training and Inference Ef ciency SenseNova-S| Spatial, CLEVR Spatial VQA, and SAT Spatial

The compact, purely autoregressive interface allowsQA. The remaining eight are VSTP-SI Depth Compari-
variable-length samples to be packed without padding ea®bn, VSTP-SI Distance, VSTP-SI Scene Caption, VSTP-SI
sample to a common maximum. We dynamically pack approkteasurement, VSTP-MI Correspondence, VSTP-MI Object—
imately 8.6 samples into each 8,192-token training sequen@hject Relation, VSTP-MI Camera Motion, and VSTP-MI
Fused vision rotary-position-embedding operations and &gene Caption. Their questions cover relative position, metric
LM-head dimension aligned to a multiple of 8 further redepth and distance, object—object relations, camera motion,
duce kernel and memory overhead. These optimizations applyysical measurement, scene description, and affordance-
uniformly because the model contains no task-speci ¢ acti@mriented reasoning. This mixture teaches the model to recover
modules. both qualitative relations, such as left/right and in front/behind,



Fig. 5. 2-stage embodied-reasoning data curriculum. Stage | covers spatial reasoning, general VQA, image pointing, video QA, multi-
image reasoning, situated 3D QA, affordance and failure understanding, and scene description. Stage Il retains these capabilities through ¢
rebalanced ER mixture during supervised co-training.

and quantitative cues needed to distinguish traversable festimate camera motion, and preserve spatial relations when
space from visually plausible but geometrically invalid targetthe visual frame changes. This supervision complements his-
2) Video Embodied QA: Nine video sources provide irtory compression: although the navigation policy receives a
dexed supervision. Robot-centric supervision comes frommporally compressed context, it must still recognize that
RoboVQA-Reasoning, RoboVQA-Understanding, and Robobservations captured at different times or viewpoints refer
FAC Failure-VQA. Broader video and situated-spatial supervie the same scene structure.
sion comes from VSI-590K Spatial, SIMS-VSI Spatial, VICA- 5) Abstract Embodied Reasoning: 3 general sources ac-
322K, LLaVA-Video-VQA, SQA3D-Situated, and SpatialLad-count for 20:00% of the ER sampling mass: LLaVA-
der Spatial. The data span short robot interactions and clipseVision Spatial VQA, Euclid30K-Math, and MMIF-23K-
of up to 64 frames, with supervision for temporal ordernstruct. They cover broad visual question answering, in-
ing, trajectory-aware spatial relations, planning, affordanstruction understanding, mathematical reasoning, and compo-
prediction, future-state reasoning, and failure understandirgitional spatial relations. We retain this component to pre-
Video supervision is important for navigation because actiofent specialization from collapsing the linguistic and visual
feasibility depends not only on the current view but also doreadth inherited from the pretrained VLM. Synthetic relation
how objects, people, and the agent itself evolve over time. problems additionally isolate frame-of-reference and multi-
3) Pointing and Grounding: Pointing is the largest spestep composition from the appearance biases of natural images.
cialized component of ER mid-training: 13 sources account o
for 35:14% of the sampling probability. Object and referring®: Navigation Data
point supervision is drawn from RefSpatial-2D and RefSpatial- Navigation supervision is organized by task objective rather
3D [98], PixMo Points Single, PixMo Points Multi, COCOthan by robot platform. It spans instruction following, object
Pointing [44], CoSyn Point, RefL4, and RoboReflt. Af-goal navigation, and embodied visual tracking. The task-level
fordance, free-space, and trajectory-point supervision con@snposition of the supervised mixture is summarized in Fig. 6.
from RoboPoint [86], RoboAfford, HANDAL, FSD Free- To reduce dependence on a xed sensor con guration, we
Point, and FSD Visual-Trace. Together, these sources coapply camera randomization throughout navigation-data gener-
referred-object localization, free-space selection, interactiation. The eld of view, camera height, and pitch are sampled
affordances, and visual trajectory traces. They teach the VLfkbm [90 ;130 ], [0:5;1:5]m, and [ 15 ;15 ], respectively.
to express spatial decisions directly in the image plane. Durii@jis augmentation broadens the visual geometries and view-
navigation SFT stage, the same capability is instantiated as guénts represented by the training trajectories. All samples are
grid used by the affordance-point token hapasd object- converted to the same output sequence: an affordance point,
point token hopgs an object point, and three residual vector-quantized trajectory
4) Multi-image and Ego-Exo Correspondence: Multitokens. Consequently, instruction following, object search, and
image samples are drawn from both the image-VQA and vidéarget following can be interleaved in a single autoregressive
pools. The explicitly multi-image subset comprises VSTP-Mtaining stream even though they differ in goal semantics,
Correspondence, VSTP-MI Object—Object Relation, VSTP-Mémporal structure, and termination conditions.
Camera Motion, and VSTP-MI Scene Caption, while temporal 1) Instruction Following: The instruction-following mix-
cross-view samples are inherited from the 9 video sourcese combines randomized-camera expert trajectories from
listed above. They require the model to associate objects acrB&R [4] and RxR [39] with self-distilled routes and ScaleVLN
viewpoints, reconcile egocentric and exocentric observatiomgta. The synthesized and self-distilled sources provide sub-



Fig. 6. Composition of the supervised ne-tuning corpus. The task-balanced optimization mixture combines VQA with instruction
following, object navigation, tracking, VLN-CE, ScaleVLN [72], SRDF [73], and INSIGHT-Bench data. The task proportions and instruction
word cloud illustrate the diversity of the uni ed training corpus.

stantially broader scene and instruction diversity than thWghere2Place [86], CV-Bench [64], ERQA [26], and Emb-
human-annotated corpora alone. Together, expert, synthesiZghtial [20]. Together they measure visual pointing, spatial
and self-distilled routes expose the model to both ne-grainedferring, interaction-site prediction, affordance grounding,
linguistic alignment and large-scale geometric variation.  geometric perception, and embodied question answering.

2) Object-Goal Navigation: The object-goal mixture con- Navigation evaluation comprises 10 simulation settings
tains semantic and expert demonstrations derived from PIRacross three task families. Continuous instruction following is
Nav [59], HM3D [57], MP3D [12], VLNVerse [43], Habitat- measured on the R2R and RxR val-unseen splits [37]. Closed-
GS [78], and InteriorGS [51]. We further self-collect explovocabulary ObjectNav is evaluated on MP3D and HM3D
ration trajectories from HM3D-OVON [84] and MP3D, jointly v1/v2, and open-vocabulary generalization is measured on
supervising a feasible landing region and the referred objeciM3D-OVON. Embodied visual tracking is evaluated on the
Finally, in-loop DAgger samples expose the policy to statésTT and DT settings of EVT-Bench [66]. All navigation
induced by its own actions rather than only states visited pgnchmarks use the same checkpoint without benchmark-
an expert. speci ¢ ne-tuning.

3();1 Emb(:jdied Visual TrafckI:ng:_ Ttragkirgg _ da(';a _codn:cairb_ INSIGHT-Bench
randomized-camera person-following trajectories derived from o .
EVT-Bench [66]. Unlike goal-reaching tasks, tracking requires INSIGHT-Bench extends the data distribution with hetero-

persistent target identity and continuous relative-position co eneous mesh-based and 3D Gaussian-splatting environments.

trol; including it in the same mixture therefore broadens t écontains 1,683 scenes and 53,090 training episodes, together
tem’poral behavior learned by the shared policy with 210 scenes and 1,097 evaluation episodes. Fig. 10 details
’ the source composition of both splits.

4) Quality Control ‘"’!”d Sampling: We apply tgsk-aware 1) Pre-annotation: Scene sources enter the target-inventory
Iters before constructing the balanced training index. Faor .
instruction following and object navigation, stop su ervisioStalge through two routes. Unlabeled Habitat-GS captures,
: : 9 ) 9 ' P sup P?gether with HM3D/MP3D and VLNVerse, use the automatic
is retained only at the nal frame and only when the targe

o T : . ; ulti-view pre-annotation pipeline in Fig. 7, whereas Interi-
is visible; episodes in which the target is never observ%rﬁrGS bypasses visual discovery and directly supplies of cial

are removed. Stop samples are capped at 2% of the mix-

- oo round-truth boxes. Both routes are converted to the same
ture to prevent premature termination from dominating tok . . .
. - target representation before episode synthesis. For these
prediction. Dual-channel pointing labels use a shared gri

. . . . saources, the orange dots in Stage 1 mark sampled navigable
format, while each 10-waypoint action chunk is encode . h of which ides RGB and ic-deoth
by three K = 256 RVQ levels. To reduce domination byVIeWpom.tS’ ceach of Which provides and metric-dept
cg)/mmon motion patterns tra'ec'éor clusters are balanced Wlotplservatlons In 4 headings. We use Molmo2 [19] for open-
. P ray y set pointing, localizing candidate targets in the rendered views
a maximum cluster share of 5%. : . :
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
We evaluate the ER checkpoint on 8 benchmarks thatmerged instance only when it is supported by at least two
isolate complementary spatial capabilities: Point-Bench [L§bservations from at least two distinct viewpoints and its 3D

RefSpatial [98], the POI and VQA tracks of RoboSpatial [62]pcalization spread is below 0:6 m. Each accepted cluster is

C. Evaluation Benchmarks
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