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Abstract. Existing vision-and-language navigation (VLN) models pri-
marily reason over past and current visual observations, while largely
ignoring the future visual dynamics induced by actions. As a result,
they often lack an effective understanding of the causal relationship be-
tween actions and how the visual world changes, limiting robust decision-
making. Humans, in contrast, can “imagine” the near future by leveraging
action—dynamics causality, which improves both environmental under-
standing and navigation choices. Inspired by this capability, we propose
LatentPilot, a new paradigm that exploits future observations during
training as a valuable data source to learn action-conditioned visual dy-
namics, while requiring no access to future frames at inference. Con-
cretely, we propose a flywheel-style training mechanism that iteratively
collects on-policy trajectories and retrains the model to better match the
agent’s behavior distribution, with an expert takeover triggered when
the agent deviates excessively. LatentPilot further learns visual latent
tokens without explicit supervision; these latent tokens attend globally
in a continuous latent space and are carried across steps, serving as
both the current output and the next input, which enabling the agent
to “dream ahead” and reason about how actions will affect subsequent
observations. Experiments on R2R-CE, RxR-CE, and R2R-PE bench-
marks achieve new SOTA results, and real-robot tests across diverse
environments demonstrate LatentPilot’s superior understanding of envi-
ronment—action dynamics in scene.
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1 Introduction

Vision-and-Language Navigation (VLN) requires an embodied agent to move
through a 3D environment by following natural-language instructions and reach-
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ing a target location [3}/13}27,/28]. Solving VLN demands more than aligning lan-
guage with the current visual observation. The agent must accumulate spatial
memory, interpret scene semantics, and correct itself under uncertainty during
sequential decision making. Crucially, VLN is not a static “perceive then act”
problem. It is an interactive process in which every action changes what will
be observed next. Therefore, robust navigation is tightly linked to the ability
to understand the environment and to anticipate how it will evolve under the
agent’s actions, namely an ability to imagine near-future observations.

Most existing VLN approaches formulate navigation as conditional policy
learning [3}/27]. Given an instruction and past or current observations, the model
predicts the next action, typically trained via imitation learning on expert tra-
jectories [41] that fit “what to do now.” As shown in Fig. [} although training
trajectories inherently contain rich future frames that reflect the consequences
of actions, mainstream training pipelines usually treat them only as later ob-
servations in a sequence. They are seldom used as explicit supervision to shape
representations that are predictive and anticipatory at the current step. A com-
plementary line of work equips agents with explicit lookahead via world models
or imagination modules that predict or synthesize future observations and then
plan, rerank, or prompt decisions accordingly (e.g., Pathdreamer [24], future-
view generation objectives [30], diffusion-based imagination for VLN [18}|19],
and scene-imagination prompting pipelines [361/68|, as well as world-model-based
VLN-CE frameworks [59]). While effective, these approaches typically external-
ize imagination as separate predictors, planners, or sampling procedures, intro-
ducing additional computation and exposing the agent to compounding predic-
tion errors and policy—model mismatch. In contrast, we argue that it is beneficial
to internalize imagination: distilling action—observation causality into the nav-
igator itself so that anticipatory reasoning becomes an amortized, end-to-end
capability of the same backbone that makes decisions.

If decisions depend only on past and current observations, policies can become
myopic, behaving in a “step and see” manner, and may commit to erroneous
branches that are difficult to recover from in complex layouts. In contrast, if a
model can anticipate how a candidate action will shape near-future observations,
it becomes more likely to avoid inefficient exploration, reduce collisions and
backtracking, and improve overall stability. Although future observations are not
available at decision time, they are fully recorded in offline training trajectories.
This raises a central question: can we use these recorded future observations
during training to learn how actions change future visual inputs, while keeping
inference strictly causal?

When moving in the real world, people rarely make decisions purely on what
is visible at the moment. Instead, they perform quick mental simulation before
acting, for example, whether turning left will reveal a corridor or a doorway,
or whether moving forward will lead to an open area or a dead end. This abil-
ity is not innate. It is acquired through experience and reflection on the true
consequences of past actions, gradually forming an internal forward model that
supports pre-action simulation. By comparison, many VLN methods are effective
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Fig. 1: Prior VLN pipelines optimize next-action prediction from past/current ob-
servations, leaving future observations in trajectories largely unused as supervision.
LatentPilot uses future observations only as training-time privileged supervision to
internalize action-conditioned visual dynamics while inference remains strictly causal
and requires neither future frames nor an external world-model rollout.

at extracting cues from past and current observations, yet they rarely model the
causal relation between actions, environment change explicitly. Fig. [I] suggests
a more natural direction. During training, trajectories already include what the
agent actually sees after taking actions. If these future observations are used
as supervision, the “hindsight” consequences can be converted into “foresight”
representations, allowing the model to learn more anticipatory decision making
without requiring access to any future images at test time.

Building on this insight, we propose Latent Visual Reasoning-based Dream-
ing ahead Policy for Scene-Aware Vision-and-Language Navigation, LatentPi-
lot. It is an end-to-end VLM navigator that maintains a step-propagated visual
latent, termed the Pilot Token, to carry compact near-future imagination across
decisions. Unlike explicit imagination/world-model pipelines that rely on sep-
arate predictors or rollouts at inference , LatentPilot amortizes
lookahead into the same decision backbone via the step-propagated Pilot To-
ken. The key observation is that while future observations are unavailable before
an action is executed at test time, they are naturally recorded in pre-collected
navigation trajectories. We therefore treat these future views as training-only
privileged supervision, encouraging the model to produce Pilot Tokens that are
predictive of the visual evidence it will encounter after acting. Importantly, La-
tentPilot remains strictly causal at inference: it never accesses future frames, and
instead relies on the current observation, the instruction, and the propagated Pi-
lot Token for decision making. To reduce the mismatch between offline training
and interactive deployment, we further adopt a flywheel-style learning loop called
PilotLoop that repeatedly collects rollouts and updates the model .

To summarize, our contributions are as follows:
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— LatentPilot framework: We introduce an end-to-end LMM-based navigator
with a propagated visual latent (Pilot Token) that internalizes future-aware
reasoning within the decision backbone, without requiring any external imag-
ination module, world-model rollout, or planning procedure at inference.

— We introduce a training-only privileged supervision objective that leverages
future observations in trajectories to learn action-conditioned visual dynam-
ics in latent space, effectively converting trajectory hindsight into test-time
foresight while keeping inference strictly causal. It does not introduce future
information leakage at test time.

— We demonstrate consistent gains in both simulator benchmarks like R2R-CE,
RxR-CE, and R2R-PE, and real-robot settings, indicating strong generaliza-
tion and practical potential.

2 Related Work

Vision-and-Language Navigation (VLN) studies embodied agents that navi-
gate in 3D environments by following natural-language instructions and reaching
a target location. Early benchmarks such as Room-to-Room (R2R) are built on
the discretized viewpoints and navigation graphs of Matterport3D [3l/5]. RxR ex-
tends this setting with multilingual instructions and denser annotations, further
increasing coverage and difficulty [28]. VLN-CE moves evaluation to continu-
ous environments, making the task more deployment-oriented [27]. Large-scale
indoor 3D datasets such as HM3D substantially increase scene diversity for train-
ing and evaluation [37]. ScaleVLN synthesizes large-scale instruction—trajectory
pairs via data generation [53,/57]. VLN-PE systematically characterizes per-
formance degradation caused by physical and visual disparities and provides
a more realistic evaluation platform across different robot embodiments [50].
ETPNav performs online topological mapping and separates long-horizon plan-
ning from low-level control to improve executability in continuous environments
[2]. BEVBert advances multimodal pretraining from a map-centric perspective,
strengthening spatially aware representations for navigation [1]. NaVid formu-
lates continuous navigation as video-conditioned next-step planning and outputs
actions from streaming visual observations |64], while Uni-NaVid further unifies
multiple embodied navigation tasks under a video-based VLA formulation [63].

Some works build world models that synthesize unobserved or future views
to support planning or action evaluation, such as Pathdreamer [25] and Nav-
Morph [59]. Other approaches treat future views as learning targets and in-
troduce auxiliary objectives that predict or align with next-step observation
semantics, such as future-view image semantics generation |21%30]. While these
methods demonstrate the value of future-aware signals, anticipatory reasoning is
often implemented as separate predictors, generative models, or inference-time
rollouts and fusion procedures, which may introduce additional computation and
policy—model mismatch during closed-loop execution. In contrast, our work aims
to integrate this capability into a single end-to-end navigator.

Latent reasoning aims to allocate multi-step computation in continuous
latent space rather than emitting long explicit chain-of-thought texts, thereby
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reducing token overhead while retaining iterative internal computation. In lan-
guage models, Think Before introduces learnable pause tokens to trigger extra
forward computation without producing visible tokens [12], and Quiet-STaR
learns implicit rationales that generalize across text generation settings [60]. Co-
conut further promotes continuous thought by feeding hidden states back as
reasoning states [14]. CoDi distills chain-of-thought into continuous space via
self-distillation [43], SIM-CoT highlights potential instability when scaling im-
plicit reasoning tokens |56], and Think Silently, Think Fast reduces reasoning
cost through dynamic latent compression [45]. In multimodal large models, la-
tent reasoning has expanded from purely language latent states to vision or joint
vision—language latent spaces. LVR performs autoregressive reasoning directly in
visual embedding space |29]. Reasoning in the Dark interleaves vision—text latent
reasoning steps to reduce reliance on explicit intermediate annotations [6]. Co-
CoVa leverages continuous cross-modal “thought chains” for iterative multimodal
refinement [34], while Latent Implicit Visual Reasoning emphasizes learning vi-
sual reasoning tokens without explicit intermediate supervision, allowing the
model to discover task-adaptive visual abstractions end-to-end [31]. Collectively,
these studies suggest that continuous latents can serve as flexible internal car-
riers of computation and abstraction, offering a useful perspective for embodied
tasks that require memory, prediction, and planning across sequential decisions.

3 Method

3.1 Task Definition

We consider instruction-following Vision-and-Language Navigation in continu-
ous 3D environments as an instruction-conditioned partially observable Markov
decision process (POMDP) [23]. Formally, let M = (S, A, 0, T, §2), where s; € S
denotes the (latent) environment state at time ¢. Given a natural-language in-
struction x = (wy,...,wy), the agent receives an egocentric monocular observa-
tion o; € O ¢ REXWXC (with C'=3 for RGB and optionally C' =4 for RGB-D),
and outputs a low-level action a; € A. The environment evolves according to

St+1 ™~ T(' | 5t7at)7 O¢1 ™~ Q( | 5t+1)> (1)

where 7 and {2 are the state transition and observation models, respectively.
This interaction repeats over time, producing a trajectory

T = (X7 o171, al:T)a 014 = (01,...,0¢), a1y £ (ar,...,a), (2)

and terminates when a; = STOP or t = Tax. We adopt the standard discrete
action set:
A = {FWD, LEFT, RIGHT, STOP}, (3)

where each action corresponds to a small motion primitive in continuous space.
Our goal is to learn a policy mg(ay | x,01.+) such that its rollouts reach the goal
region G C S and terminate by predicting STOP at the target.
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Fig. 2: Overview of LatentPilot. The vision encoder extracts visual tokens from the
current observation, the LLM backbone predicts the action, and a lightweight Pilot
module updates a propagated Pilot Token that is cached and reused as the Pilot slot
input at the next step, enabling strictly causal dreaming-ahead.

3.2 LatentPilot

As illustrated in Fig.[2] LatentPilot is an end-to-end navigator composed of three
components: a vision encoder Ey4, a lightweight Pilot module Gy, and a LLM
decision backbone Fy. The core idea is to maintain a step-propagated continuous
latent state z, € R?, termed the Pilot Token. Pilot Token serves as a compact,
persistent internal reasoning state throughout navigation, enabling the policy to
carry forward anticipatory cues without generating verbose textual rationales.

Pilot initial. Given the egocentric observation o, € RE*WXC at step t, we adopt
a SigLIP [62]-initialized vision encoder to obtain a sequence of visual tokens

Vi = Ey(o) € RV, (4)

where N, is the number of visual tokens and d matches the hidden size of the
backbone. We initialize the decision backbone Fy from the 7B LLaVA-Video
model . At each step, the backbone consumes a concatenated multimodal
sequence u; consisting of instruction tokens, current visual tokens, and the Pilot
Token z;_;carried from the previous step:

u; = [Tok(x) ; v¢ ; PILOT(z¢—1) } (5)

Here PILOT(:) denotes placing z;—; at a dedicated token positions, called Pilot
slot. Pilot slot is implemented by a special placeholder token <|placeholder|>
whose embedding provides zy at the first step. Unlike discrete language tokens,
z; lies in a continuous latent space and is carried across steps, making it a natural
vehicle for long-horizon, trajectory-level internal computation.

Pilot propagation. The LLM backbone computes hidden states with causal at-
tention,
H; = Fy(u;) € RV*% (6)
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Let h?* and hP" denote the action and Pilot-position hidden states from Hy,
respectively. We obtain the low-level action distribution via a linear action head,

mo(at | X,0¢,24—1) = SoftmaX(Wa h?“) , az €A (7)

The Pilot Token is then updated by a lightweight projection-only Pilot module
Gw:

2 = Gy (hf“) € RY, 8)

where Gy, is implemented as a simple linear layer, with only a few parameters
that projects the Pilot-position hidden state back to the latent space. Here “ac-
tion head” is simply the VLM’s native linear projection, only a naming distinc-
tion from the Pilot Token prediction branch. Importantly, G, does not introduce
any additional observations or external predictive components (e.g., world-model
rollouts); it merely performs a compact latent projection to support cross-step
propagation. Overall, one navigation step can be summarized as

(G;t,Zt) = ]:Oﬂll (X) O¢, Zt—l)a (9)

where Fj  denotes the overall step transition induced by the model: given the
instruction, the current observation, and the previous Pilot Token, it outputs
the next action and the updated Pilot Token. The action a; is executed in the
environment to yield the next observation o041, while z; is fed into the next
step through the Pilot slot. This recurrent latent propagation links stepwise
decisions into a coherent, trajectory-level internal reasoning process within a
single backbone. So far we have described the architecture and information flow
of LatentPilot. In the next subsection, we introduce how training-time supervi-
sion derived from future observations shapes z; into an anticipatory latent that
captures action-conditioned visual dynamics, while keeping test-time inputs un-
changed. V11 and z, is supervised toward v s.

3.3 Training with Future-Privileged Supervision

We train LatentPilot in a flywheel-style closed-loop procedure (Fig. [3), where
data collection and model updates iterate in multiple rounds. Each round cycles
through four stages: (i) rollout collection under the current policy, (ii) deviation-
aware correction where an expert takes over when the agent drifts too far from a
reference trajectory, (iii) privileged target generation from the collected rollouts,
and (iv) fine-tuning with a joint objective. The key supervision signal comes
from future observations recorded in these trajectories, used as training-only
privileged information in the spirit of LUPT [46].

Flywheel data collection with expert takeover. Let D = {r(}N  denote the
trajectory buffer collected in the current flywheel round, where

T = (x, o1.7, aﬁo}) (10)



8 H. Hao et al.

(Rollout Collection (ii) Deviation-aware Correction

Expert Path =

..“_D_gwat/on!

Target Expert

[ 78002 O

Collect trajectories in continuous 3D
environment using current policy.

Expert policy overrides agent when
deviation exceeds.

Observation Opyp

1
1
i
1
Vloss L= Lot A Ly
1
1
1
1

L ! Target Vyypb-=mmmmmm—pmmm oo i
Minimizing weighted and update our policy, remains V\_/

strictly causal at inference.

(iv) Fine-Tuning (iii) Privileged Target Generation
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lection, expert takeover for deviation-aware correction, future-privileged target con-
struction, and fine-tuning with joint action imitation and Pilot supervision.

Here a$°' is the collected action at step t. By default it is produced by the
current model, while an expert policy may override it when the deviation from
the reference becomes large . We then unroll LatentPilot along 7 using the
same recurrent interface as Eq. @D and optimize a standard action cross-entropy
loss, here actions are decoded by the backbone’s native LLM output projection.

Two-step future privilege. A central design choice is to explicitly distinguish
two future steps: t+1 as input, t+2 as target. At training step t, we treat the
next observation o;41 as a privileged input to the Pilot slot, and the next-next
observation o2 as a privileged target for supervising the predicted Pilot Token.
Concretely, we first compress an observation into a single latent vector by mean
pooling the vision tokens:

Vir1 2 Pool(Eg(041)) € RY. (11)

During training, we fill the Pilot slot with the one-step future latent v,y
as training-only privileged input. So multimodal input sequence u; consisting of
instruction tokens, current visual tokens, and one-step future:

ul’ = [Tok(x) ; v ; PILOT(Vet1) |, (12)
where v, = E4(0;) is the visual token sequence . A forward pass yields hidden

states H, = Fy(u}") (Eq. (6)). Let h{* and hP! denote the action and Pilot-
position hidden states from H;. We supervise the action via:

T
po() = Softmax (Wryhi®), Lot 2 — ng po(af® | x,04,Vis1) . (13)
t=1
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To shape the Pilot Token into an anticipatory latent, we regress the predicted
Pilot Token to match the two-step future latent. Concretely, the Pilot module
projects the Pilot-position hidden state into the continuous latent space and the
privileged target is defined from the two-step future observation:

T—2
22 Gy(WP") R L 2 Y 7 - Vel (14)
t=1

Overall objective and train—test interface. We fine-tune the model in each fly-
wheel round by minimizing

61',r<lj>l,111b ETN’D [ﬁact (T) + )‘ﬁpil(,r)] ’ (15)

where A balances imitation learning and future-privileged supervision and we
set 0.1 in practice. Finally, note the train—test interface is simple and strictly
causal at evaluation: during training, the Pilot slot is teacher-forced with We
train LatentPilot on a mixed corpus of instruction-following trajectories from
Matterport3D (MP3D) scenes, including R2R [3], RxR [28], and the EnvDrop-
augmented R2R set [44], and further include ScaleVLN trajectories synthesized
on HM3D scenes [37,53]. We first bootstrap the policy with imitation learning
using Habitat’s shortest-path follower as the expert policy [27,/42|, and then
perform flywheel-style closed-loop fine-tuning.

Inference with stored pilot.

During inference, the model per- ! H o CR A

forms a purely recurrent rollout a . R oRA R

PilotCache, without accessing any - 00000000000

future frames or computing addi- . H' DD%%%%%%%%
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o 000000

the model directly reuses the previ-
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portantly, no separate Pilot computation is required at test time as the cached
latent itself serves as the Pilot representation. As a result, cross-step Pilot prop-
agation is achieved using only the current observation and a single cached latent.
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Fig. 4: Visibility matrix of LatentPilot.
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Table 1: Comparison with state-of-the-art methods on VLN-CE R2R and RxR Val-
Unseen splits. Pano, Odo and D respectively represent panoramic view, odometry and
depth, SRGB denotes monocular RGB.

H. Hao et al.

M ‘ Observation ‘ R2R Val-Unseen ‘ RxR Val-Unseen
ethod
[Pano.Odo.D.SRGB|NE| OSt SRt SPLT|NE| SRt SPLtnDTW1

CMA |[15] v v v 6.20 52.0 41.0 36.0 | 8.76 26.5 22.1 47.0
VLN-BERT |15] v vV 5.74 53.0 44.0 39.0 | 8.98 27.0 22.6 46.7
Sim2Sim |26] v vV 6.07 52.0 43.0 36.0 | — - - -
Ego®-Map [16! S v 5.54 56.0 47.0 410 -~ -~ - -
DreamWalker [48] v vV 5.563 59.049.0 44.0| - - - -
GridMM |51] v vV 5.11 61.0 49.0 41.0 | - - - —
ETPNav |2 v vV 4.71 65.0 57.0 49.0 | 5.64 54.7 44.8 61.9
ScaleVLN [53] VA 480 - 550 510 - - - -
InstructNav [33] v v v v |68 - 310240 - - - -
R2R-CMTP |g] v vV 7.90 38.0 26.4 22.7| - - - -
LAW |38] v v v [6.8344.035.0 31.0(10.90 8.0 8.0 38.0
CM2 |11] v v v [7.02415343 276 | - - - -
WS-MGMap |9 v v v [6.2847.638.9 343| - - - -
Sim2Real |52 v v v |5.9555.844.9 30.4|8.79 25.5 18.1 -
Seq2Seq |27] v v |7.77 37.025.0 22.0(12.1013.9 11.9 30.8
CMA |27] v v |7.37 40.0 32.0 30.0| — - - -
NaVid [64] v 547 49.1374 359 | — - - -
AO-Planner |7] v v 5.55 59.0 47.0 33.0 | 7.06 43.3 30.5 50.1
COSMO |66/ v ~ 56.047.0 00| - - - -
MapNav [65] v 1493530397 372 - - - -
NaVid-4D |32 v v 1599 55.743.8 37.1| — - - —
NavMorph [59] v v |5.7556.947.9 33.2|8.85 30.8 22.8 44.2
Uni-NaVid (63| v |5.58 53.347.0 42.7 | 6.24 48.7 40.9 -
NaVILA |10] v’ 15.22 62.554.0 49.0 | 6.77 49.3 44.0 58.8
StreamVLN [55] v’ 14.98 64.2 56.9 51.9 |6.22 52.9 46.0 61.9
JanusVLN [61] v’ |4.78 65.2 60.5 56.8 | 6.06 56.2 47.5 62.1
LatentPilot (Ours) v |4.41 66.3 62.0 58.0 | 5.19 58.2 49.9 67.5

4 Experiments

We conduct experiments to answer the following questions: (1) Can we use these
recorded future observations during training to learn how actions change future
visual inputs, while keeping inference strictly causal? (2)What are the benefits
of integrating future information and “imagination” directly into the decision-
making LLM, compared to relying on external predictive models or auxiliary
modules? We evaluate our method across representative robot embodiments, in-
cluding humanoid robots, wheeled platforms, and quadruped robots, to
demonstrate the broad applicability of LatentPilot. VLN-PE enables controlled
experiments with simulated humanoid robots, and our real-world deployments
further showcase LatentPilot on wheeled and quadruped robots.
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Table 2: Evaluation Metrics on VLN-PE benchmark with physical locomotion con-
troller. +: model is first trained on Habitat and fine-tuned on VLN-PE. {: model is
trained with data augmentation.

Method R2R Validation Seen R2R Validation Unseen
Metho
NE| FR] StR] OSt SRt SPLt|NE| FR| StRl OSt SRt SPLt
Train-free Map-based Exploration and Navigation
VLMaps f17) | - - - - - - |698 2300 000 2000 2000 1270

Train on VLN-PE

Seq2Seq |27] 7.73 2219 3.04 30.55 19.60 15.67 | 7.91 19.67 3.71 27.62 15.89 12.58
Seq2Seq+ [27] | 7.54 26.11 5.59 31.93 19.58 15.13 | 7.64 21.82 5.12 30.47 18.13 14.06

CMA |27] 7.59 23.71 3.19 34.94 21.58 16.10 | 7.98 22.64 3.27 33.11 19.15 14.05
CMA+ |27 7.14 2356 3.50 36.17 25.84 21.75|7.26 21.75 3.27 3140 22.12 18.65
RDP |50] 6.76 27.51 1.82 38.60 25.08 17.07 |6.72 24.57 3.11 36.90 2524 17.73

Zero-shot Transfer Evaluation from VLN-CE

Seq2Seq [27] T | 7.62 20.21 3.04 19.30 15.20 12.79 | 7.18 18.04 3.04 2242 16.48 14.11
CMA |27t 7.37 20.06 3.95 1854 16.11 14.64 | 7.09 17.07 3.79 20.86 16.93 15.24
NaVid |64] 6.20 11.25 0.46 24.32 21.58 17.45|594 8.61 045 27.32 2242 18.58
DualVLN |[54]| 4.13 17.78 1.82 62.31 58.97 47.78 | 4.66 12.32 2.23 55.90 51.60 42.49
Ours 4.10 11.09 1.08 63.87 59.01 49.65|4.33 10.65 0.97 60.31 56.42 47.74

4.1 Environment and Metrics.

We evaluate LatentPilot in both the standard continuous VLN setting and a
physically realistic navigation setting. For continuous navigation, we follow the
VLN-CE [27] and report results on the Val-Unseen splits of R2R-CE [3] and
RxR-CE |28] and executed in the Habitat simulator [42]. Following prior work,
we use the standard VLN metrics. Navigation Error (NE) measures the final
geodesic distance (in meters) from the agent’s stopping location to the goal.
Success Rate (SR) is the fraction of episodes where the agent stops within
3 meters of the goal. Oracle Success Rate (OSR) considers the closest point
along the trajectory as the stopping point. Success weighted by Path Length
(SPL) [3] accounts for both success and path efficiency. Normalized Dynamic
Time Warping (nDTW) [20] measures trajectory fidelity to the reference path.

We additionally report results on VLN-PE [50] follow DualVLN [54]. VLN-
PE evaluation is executed on the physically realistic simulation stack built on
NVIDIA Isaac Lab [35], which models robot dynamics and locomotion execution
imperfections. We report four primary VLN metrics: NE, SR, OS and SPL.
To explicitly measure physical robustness, we further report Fall Rate (FR)
measures the frequency of robot falls and Stuck Rate (StR) occurrences where
the agent is unable to move. For humanoid evaluation in VLN-PE, we adopt
the Unitree H1 embodiment, a full-size humanoid platform, about 1.8m tall
and equipped with depth camera [40] in simulator. We perform on-policy rollout
collection using 16 x RTX 4090 GPUs and training using 8xNVIDIA A100 GPUs.
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Table 3: Ablation study of supervision modality for the Pilot Token. NaN removes
any extra Pilot supervision and optimizes only the action cross-entropy, serving as a
baseline that tests whether the propagated latent becomes predictive by itself.

Modalit R2R Validation Unseen R2R Validation Seen

y SRt SPLtT NE| OSt | SRt SPLT NE| OSt
NaN 51.7 47.1 5.3 57.0 | 53.1 46.9 4.6 60.7
3D 50.3 45.6 5.4 55.8 | 51.5 45.1 4.9 59.9
Text 53.2 48.7 5.2 59.6 | 54.9 48.6 4.5 63.9
Vision(ours) ‘ 62.0 58.0 44  66.3 ‘ 65.1  59.6 43 716

4.2 Main result

Results on VLN-CE benchmark. Table [[l summarizes results on the VLN-
CE benchmarks. We compare against classic recurrent baselines (Seq2Seq/CMA)
as well as stronger pipelines that rely on richer observations such as panoramic
views, odometry, and depth (e.g., ETPNav and ScaleVLN) |2,[27,/53]. Despite
using only monocular RGB, LatentPilot achieves the strongest overall perfor-
mance, surpassing prior single-RGB VLM navigators such as NaVid [64] and re-
maining competitive with several sensor-heavy methods. LatentPilot compares
favorably with existing approaches across standard VLN benchmarks while re-
quiring a simpler observation setup, supporting the motivation that internalizing
action-conditioned foresight into the decision backbone can reduce myopic “step-
and-see” behavior.

Results on VLN-PE benchmark. Tablereports results on VLN-PE [50],
which evaluates continuous navigation under physically realistic humanoid loco-
motion with explicit robustness metrics (falls and deadlocks). Across all baselines
our method achieves the best overall performance, especially on the challenging
Val-Unseen split. LatentPilot not only more accurate at reaching goals but also
more stable and safer under realistic execution noise.

4.3 Ablation Study

Supervision modality for the Pilot Token. We keep the LatentPilot archi-
tecture and inference interface unchanged and vary only the supervision signal
used to shape the Pilot Token (Table . NaN removes any extra Pilot supervi-
sion and optimizes only the action cross-entropy, serving as a baseline that tests
whether the propagated latent becomes predictive by itself. 3D uses geometry-
aware features extracted by a 3D foundation model (VGGT [49]) as the privi-
leged target, and Text uses textual descriptions of future views generated by a
strong VLM (Qwen2.5-VL [4]) and then tokenized as supervision. We find that
supervision choice matters substantially: proxy targets such as 3D embeddings
or text provide limited improvements and can even degrade performance.
Internalized imagination vs. plug-in world models. To further answer
Question (2), we compare LatentPilot with a representative class of external
attach a video world model [47}/58] to predict future views and then use these
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Table 4: Internalized future supervision vs. plug-in video world models on R2R. T /Act
denotes latency per action; Mem denotes peak GPU memory.

R2R Val-Seen R2R Val-Unseen

‘World Model ‘T/Act (ms)] Mem (GB)¢‘ SRt SPLt NE| OST|SRt SPLt NE| OSt

Wan2.1 1.3B 2040 41.5 56.6 51.7 5.1 64.5|53.9 48.6 5.3 62.4
CogVideoX1.5 5B 5460 32.4 59.3 53.9 4.9 66.8| — - - -
V-JEPA2 plug-in 143 23.6 60.8 54.9 4.5 68.2|58.1 525 4.9 65.6
Ours \ 130 22.8 |65.1 59.6 4.3 71.6/62.0 58.0 4.4 66.3

predictions to guide action selection (Table Ié—_l[) Although such plug-in designs
can provide explicit foresight, they also introduce an additional generative back-
bone at inference time, substantially increasing per-step latency and memory
footprint. In contrast, LatentPilot internalizes the action-observation dynamics
into the decision backbone via training-only future supervision, so inference re-
mains a single forward pass with a lightweight latent propagation. As a result,
our approach achieves markedly lower time-per-action and peak memory, while
also delivering stronger navigation performance. Integrated imagination are not
only improved success but also faster and more resource-efficient deployment.

Effect of flywheel it-
erations (PilotLoop). Fig-
ure [ plots performance on
R2R Val-Unseen after each
PilotLoop round. We observe
a clear, steady improvement
in both success (SR) and path
efficiency (SPL) as the fly- Flywheel Round
wheel progresses, with the Fig. 5: Performance over PilotLoop.
largest gains appearing in the
early rounds and gradually saturating later. The expert-takeover mechanism
stabilizes the loop by preventing severe drift when the policy deviates too far,
echoing the dataset-aggregation intuition in DAgger-style training .

Latent collapse analysis. A
common failure mode of latent-

60

Score (%)
w
w

50

Pilot Token Space Visualization via Dimensionality Reduction

token methods is latent collapse, i ’ . Fwp
where the latent vectors degen- st | RIGHT ]
erate into near-constant, uninfor- A

mative representations. To diag- . :
nose this, we collect the propa- L

gated Pilot Tokens z; from roll-
outs and project them to 2D us-
ing principal component analy-
sis (PCA) [22]. We then color |
each point by the executed action :
(LEFT, FWD, RIGHT); STOP is ex- | : -
cluded due to its low frequency. R
As shown in Fig. [6] Pilot Tokens

Fig. 6: Latent collapse Analysis via PCA.
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R’J Instruction: Go straight to the doorway. Exit and turn right, Go straight past the sofa on your left and stop next to the wall.

-
-----.

\ Rj Instruction: Starting from the stairs, walk forward past the couch on your right, then turn left and continue straight until you reach the elevator.
/

Fig. 7: Real-world Cross-Embodiment Experiments: Wheeled and Quadruped Robots.
LatentPilot successfully follows long, multi-step instructions on both Robots.

form action-correlated and struc-

tured clusters rather than collapsing to a single mode, indicating that z; preserves
meaningful variation and remains strongly grounded in control-relevant informa-
tion. This supports that action grounding together with predictive supervision
can maintain a non-degenerate latent space, enabling the Pilot Token to serve
as a compact internal state instead of an empty placeholder.

4.4 Real-world Experiments

To further assess practical deployability beyond simulation, we deploy LatentPi-
lot on two mainstream robot embodiments in indoor corridors: a wheeled AgileX
LiMO Pro and a quadruped Unitree Go2. LiMO Pro is equipped with LiDAR and
a Intel Realsense D435 depth camera , while Go2 is a bionic quadruped fea-
turing a wide-angle camera. Both robots run ROS 2 for I/O and control. During
execution, the robot streams egocentric observations to a remote workstation
with RTX 4090 GPU over a local network; the server performs inference and
sends back the predicted navigation action, which is then executed by the robot-
specific low-level controller. As shown in Fig. [7} LatentPilot successfully follows
long, multi-step instructions on both wheeled and legged platforms, suggesting
that the learned Pilot Token provides a deployment-friendly form of internalized
“dreaming ahead” without requiring any plug-in world-model rollout.

5 Conclusion

In this work, we presented LatentPilot, an end-to-end VLM-based navigator that
internalizes lookahead for vision-and-language navigation. Instead of relying on
external imagination modules or world-model rollouts at inference, LatentPi-
lot leverages a simple yet effective principle: although future observations are
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unavailable when an action is chosen, they are naturally recorded in offline tra-
jectories and can serve as training-only privileged supervision. By distilling these
action-conditioned future visual consequences into a compact Pilot Token, our
model learns anticipatory representations that support more stable sequential
decision making while keeping inference strictly causal.
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