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ABSTRACT

Navigation world models predict future observations conditioned on navigation
actions to support planning, but their generalization across real-world environ-
ments remains constrained by the limited coverage of action-labeled data. Action-
free navigation videos provide diverse visual experience, yet lack the recorded
actions required for action-conditioned training. We introduce OpenNWM, a gen-
eralist navigation world model with latent action pretraining. It learns universal
latent actions from large-scale action-free videos through visual prediction pre-
training, and further aligns them with physical motions via action-conditioned
post-training. To support video pretraining, we curate NavAnywhere, a large-
scale action-free navigation video dataset comprising 17.5 million visual observa-
tions from 15 heterogeneous sources. It captures navigation by ground robots,
humans, and drones, with diverse viewpoints and motion patterns across five
broad scene types: residential areas, public and commercial spaces, urban set-
tings, parks, and natural landscapes. Experiments demonstrate improved visual
prediction on in-domain and out-of-domain benchmarks, together with improved
navigation performance. These results show that latent-action pretraining enables
diverse, action-free videos to improve dynamics learning and generalization for
open-world navigation.
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Figure 1: Overview of OpenNWM. OpenNWM learns navigation dynamics from heterogeneous
action-free videos via latent-action pretraining, then adapts to real waypoint actions for action-
conditioned prediction and planning.

1 INTRODUCTION

Visual navigation is a fundamental capability that enables embodied agents to autonomously navi-
gate and accomplish tasks in real world. Recent generalist navigation policies directly map visual
observations and goal images to actions, demonstrating promising generalization across diverse en-
vironments and embodiments (Shah et al., 2023b;c; Sridhar et al., 2024). Beyond direct policy
learning, navigation world models explicitly model environmental dynamics by predicting future
visual observations conditioned on candidate actions (Zhu et al., 2026; Yu et al., 2025), enabling
agents to imagine and evaluate potential trajectories for flexible planning (Bar et al., 2025; Zhang
et al., 2026b). However, existing NWMs rely heavily on action-labeled navigation trajectories, lim-
iting their ability to exploit the breadth of visual experience required for open-world navigation.

Action-labeled trajectories provide a direct connection between navigation actions and their visual
consequences, but collecting them across diverse environments and embodiments is costly (Huang
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et al., 2025). In contrast, large-scale action-free videos cover diverse egocentric, driving, and scene
exploration scenarios without requiring recorded actions (Grauman et al., 2022; Liu et al., 2025;
Ling et al., 2024; Akhtyamov et al., 2025). These videos contain rich visual and temporal informa-
tion, yet do not directly supervise the relationship between executable actions and observed transi-
tions (Wan et al., 2026). NWM partially addresses this gap through time-conditioned prediction on
unlabeled videos (Bar et al., 2025), but a temporal offset specifies when to predict rather than ex-
plicitly describing the motion underlying a transition. This reveals a central tension: action-labeled
trajectories provide control supervision but limited coverage, while action-free videos provide broad
visual experience without explicit control signals.

Latent action models (LAMs) provide a promising direction by inferring proxy actions from visual
transitions, enabling learning from videos without explicit action annotations (Schmidt & Jiang,
2024; Ye et al., 2025; Gao et al., 2025; Garrido et al., 2026). However, reconstruction-based la-
tent actions may capture appearance changes and external dynamics rather than agent-controllable
motion (Nikulin et al., 2025). Recent approaches such as villa-X and LatBot incorporate physical
supervision to better connect visual transitions with executable motion (Chen et al., 2025; Li et al.,
2025). For navigation world models, this raises two connected questions: what supervision makes
latent actions useful for learning navigation dynamics, and how can the resulting predictive dy-
namics be adapted to real navigation actions? Addressing both questions is important for turning
diverse video experience into effective action-conditioned prediction and planning.

To this end, we introduce OpenNWM (see Figure 1), a generalist navigation world model built upon
a universal latent-action space for open-world navigation. OpenNWM learns Universal Navigation
Latent Actions (UNLAs) that work as an intermediate training signal for learning predictive dy-
namics from videos. By optimizing a unified visual-physical objective, OpenNWM learns latent
representations that support both future visual prediction and physical motion prediction.

We construct NavAnywhere, an action-free navigation video dataset comprising 17.5 million vi-
sual observations from 15 sources. It aggregates public datasets and online videos spanning ground
robots, humans, and drones. The dataset covers residential environments, public and commercial
spaces, urban and transportation settings, parks and gardens, and natural and off-road environments.
We study the effects of latent-action pretraining and LAM supervision on navigation world model-
ing. As prediction quality alone does not ensure effective decision-making (Zhang et al., 2026a),
we evaluate OpenNWM on in-domain and out-of-domain prediction, autoregressive rollouts, and
planning under real actions. Our main contributions are as follows:

• We introduce OpenNWM, a generalist navigation world model that learns a universal
latent-action space from large-scale heterogeneous visual experiences, enabling scalable
navigation learning across diverse environments, embodiments, and motion patterns.

• We curate NavAnywhere, a large-scale heterogeneous navigation dataset comprising 17.5
million visual observations from 15 sources across diverse environments and embodiments.
We further propose Universal Navigation Latent Actions (UNLAs), which disentangle
agent motion from environmental dynamics and unify heterogeneous visual experiences
with navigation signals within a shared latent space.

• OpenNWM achieves state-of-the-art perceptual prediction and downstream navigation per-
formance on the evaluated benchmarks. Systematic ablations further characterize how
latent-action pretraining and different LAM supervision strategies contribute to dynamics
modeling and cross-domain generalization.

2 RELATED WORK

2.1 FROM NAVIGATION POLICIES TO NAVIGATION WORLD MODELS

Learning-based visual navigation has evolved from task-specific controllers to generalist policies
that transfer across environments and embodiments. Early visual-goal navigation systems combined
learned reachability models with topological memory, enabling long-horizon navigation from offline
visual experience (Savinov et al., 2018; Shah et al., 2021b; 2022; Shah & Levine, 2022). This line
of work subsequently converged on shared navigation interfaces: GNM provided a unified interface
across heterogeneous robot trajectories through embodiment-agnostic waypoint prediction (Shah
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Figure 2: Framework of OpenNWM.

et al., 2023b); ViNT extended this interface with large-scale Transformer pretraining (Shah et al.,
2023c); and NoMaD employed diffusion-based action generation to unify goal-conditioned navi-
gation and goal-agnostic exploration (Sridhar et al., 2024). Together, these advances highlighted
cross-dataset training for transferable navigation policies.

In parallel, pretrained vision–language models extend navigation beyond visual goals to semantic
instructions and general tasks, integrating language, vision, and navigation modules for long-horizon
reasoning and execution (Shah et al., 2023a; Zhou et al., 2024). Recent video-based navigation
models integrate temporal visual context, language understanding, and action prediction, improving
generalization across tasks, datasets, and sim-to-real transfer (Zhang et al., 2024; 2025). NaVILA
further couples high-level VLA reasoning with embodiment-specific locomotion skills, enabling
language-guided navigation for legged robots (Cheng et al., 2025). Meanwhile, automatic extraction
of motion supervision from web-scale walking and driving videos expands the coverage of scenes
and behaviors available for policy learning (Liu et al., 2025).

Unlike policy-centric methods that implicitly encode dynamics, Navigation World Models explicitly
predict action-conditioned futures for planning (Bar et al., 2025). OpenNWM adopts latent actions
as a shared control interface, enabling the learning of controllable dynamics jointly from action-
labeled trajectories and action-free videos.

2.2 UNIFIED EMBODIED LEARNING FROM HETEROGENEOUS DATA

The development of generalist embodied models increasingly relies on jointly learning from di-
verse experiences across tasks, environments, and robot embodiments. Studies on large-scale robot
datasets demonstrate that cross-dataset training facilitates knowledge transfer across robotic plat-
forms, while flexible architectures accommodate heterogeneous observation modalities and action
spaces (O’Neill et al., 2024; Octo Model Team et al., 2024). However, such unified learning
paradigms still assume that every trajectory is paired with executable robot actions. Their scala-
bility is therefore constrained by the high costs of robot deployment, teleoperated data collection,
and alignment across heterogeneous action spaces.

Human egocentric recordings and Internet videos provide large-scale embodied experiences, span-
ning substantially more diverse scenes and behaviors. Recent studies show that carefully curated
human videos can yield more transferable pretrained representations than an equivalent amount
of robot data (Ma et al., 2026). Large-scale human-video pretraining also enables world models
to acquire broad interaction and environmental priors before adaptation to specific robotic plat-
forms (Gao et al., 2026). However, human and Internet videos lack robot-compatible actions, while
embodiment-specific pose estimation and motion retargeting hinder a unified control interface.

Latent actions unify heterogeneous embodied data beyond predefined action spaces, supporting
action-free pretraining, task transfer, and visual-action alignment (Schmidt & Jiang, 2024; Ye et al.,
2025; Bu et al., 2025; Lin et al., 2026; Chen et al., 2025; Li et al., 2025). OpenNWM extends latent-
action learning beyond manipulation and task-specific models to generalist navigation, unifying
action-free videos and heterogeneous motion signals through a controllable world-model interface.
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3 METHOD

3.1 PROBLEM SETUP

Dataset. Given N heterogeneous visual observations, we construct D = {(xi,yi, ci)}Ni=1, where
xi = (xi,0, . . . , xi,Ti) denotes a visual sequence, yi contains optional camera poses, and ci encodes
the data source, embodiment, and sampling rate. For action-free videos, yi = ∅.

Learning Target. Given visual observations up to time τ , we denote the encoded visual states of
the most recent h frames as sτ−h+1:τ , where h is the visual context length. For a prediction horizon
k, the target time is defined as m = τ + k. A latent action is inferred from the visual transition
as zτ→m ∼ qϕ(· | xτ , xm), where qϕ discovers a compact latent representation of visual changes
without requiring explicit action annotations. Conditioned on the inferred latent action, OpenNWM
learns future visual dynamics by optimizing:

Jpred(θ, ϕ) = Ezτ:m∼qϕ(·|xτ ,xm) [log pθ(sm | sτ−h+1:τ , zτ :m, k)] (1)

Here, pθ denotes a diffusion-parameterized conditional distribution over future visual states. The
latent action serves as a shared interface for visual transitions, enabling OpenNWM to model multi-
modal future dynamics without explicit action labels.

Discussion. Conventional Navigation World Models rely on action-labeled trajectories, while
OpenNWM discovers and grounds latent actions from heterogeneous visual experiences, enabling
unified learning from action-free videos and robot data.

3.2 UNIVERSAL NAVIGATION LATENT ACTIONS

Visual transitions may contain a mixture of agent motion, environmental dynamics, and observation
variations. Latent actions learned solely from visual prediction may capture arbitrary changes rather
than meaningful agent behaviors. We address this ambiguity by learning a continuous latent action
representation that captures visual transitions while preserving controllable motion semantics.

Variational Transition Modeling. Given an initial observation xτ and a future observation xm,
we infer a continuous latent action representation zτ→m that captures the corresponding visual tran-
sition. The resulting variational objective is formulated as:

Lvis = −Eqϕ [log pψ(xm | xτ , zτ→m)] + βDKL (qϕ(zτ→m | xτ , xm)∥p(z)) (2)

Here, qϕ denotes a diagonal Gaussian posterior, p(z) = N (0, I) is the latent prior, and pψ is an
auxiliary transition predictor. The reconstruction term preserves transition information, while KL
regularization constrains the latent space. The predictor only regularizes latent action learning, with
high-fidelity generation handled by the Navigation World Model.

Physical Motion Grounding. Visual transitions may capture environmental and observation
changes beyond controllable agent motion. For trajectories with physical annotations, we align
latent actions with motion transitions and robot actions through the following objective:

Lphy = −Eqϕ [log pω (yτ :m | zτ→m)] (3)

Here, yτ : m contains available future motion states. The predictor pω maps latent actions to phys-
ical transitions. This objective is applied only to trajectories with available physical supervision.

Heterogeneous Supervision. We learn the latent-action representation from all visual observations,
while applying physical-motion supervision only to trajectories with available annotations. The
resulting joint objective is formulated as:

Llatent = E(x,y)∼D [Lvis] + λphyE(x,y)∼Dphy
[Lphy] (4)

Here, Dphy ⊆ D denotes the subset with available physical motion annotations, and λphy controls
the contribution of physical supervision. The objective is applied to all observation sequences, while
the physical objective is activated for motion-annotated sequences to ground latent actions in navi-
gation dynamics. The learned latent actions serve as unified conditioning variables for OpenNWM.

4
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3.3 LATENT-CONDITIONED NAVIGATION WORLD MODELING

Given the learned universal latent-action space, the posterior distribution qϕ infers latent actions
from both action-free videos and motion-annotated trajectories. Each observation xi is encoded
into a visual latent state si, and the historical context at time τ is denoted by s0:τ . We model
the conditional distribution of future visual states given historical context and latent actions (see
Figure 2).

Latent Conditioning. For a transition from τ to m, we combine the embeddings of the latent
action, temporal horizon, and diffusion timestep to construct the conditioning representation:

ξ(t)τ :m = ψz(zτ→m) + ψk(k) + ψt(t) (5)

Here, ψz , ψk, and ψt denote the embedding functions for the latent action, temporal horizon, and
diffusion timestep, respectively. The conditioning representation ξ(t)τ :m is injected through adaptive
layer normalization, while historical visual states s0:τ are incorporated via cross-attention.

Conditional Diffusion Dynamics. At diffusion timestep t, the forward process gradually perturbs
the target future state sm with Gaussian noise according to a predefined noise schedule:

s(t)m =
√
αtsm +

√
1− αtϵ, ϵ ∼ N (0, I) (6)

Here, s(t)m denotes the noisy future state at diffusion timestep t, and αt is determined by the noise
schedule. Conditioned on the historical context s0:τ and the latent-action conditioning representation
ξ
(t)
τ :m, the denoising model predicts the future state:ˆ︁sm = Fθ(s

(t)
m | sτ−h+1:τ , ξ

(t)
τ :m)

Iterating the reverse diffusion process produces a multimodal distribution of future visual states
conditioned on the inferred latent action.

Unified World-Model Learning. OpenNWM is optimized using a hybrid objective combining
future-state prediction and a variational diffusion objective:

LNWM = E
[︂
∥sm − ˆ︁sm∥22]︂+ λvlbLvlb (7)

Here, the first term supervises future-state prediction, whileLvlb denotes the variational lower bound
for learning the reverse diffusion model, and λvlb controls its contribution. Since latent actions
are available for all visual transitions, the same diffusion objective applies to both action-free and
motion-annotated data. Physical annotations only ground the latent-action space, while OpenNWM
generates multimodal future states for navigation planning.

3.4 NAVIGATION PLANNING

Given the visual context sτ−h+1:τ and goal observation sg , the post-trained OpenNWM evaluates
candidate real waypoint-action sequences through action-conditioned future visual rollouts. We
retain energy-based receding-horizon planning while optimizing directly over real waypoint actions.
Latent actions are used for world-model pretraining rather than as online planning variables.

Action-Conditioned Trajectory Optimization. Let a = (a0, . . . , aH−1) denote a candidate
real waypoint-action sequence over a planning horizon H . Conditioned on the visual context
and each candidate action sequence, OpenNWM rolls out the corresponding future visual statesˆ︁s = (ˆ︁s1, . . . , ˆ︁sH). We evaluate each candidate rollout using the following planning energy:

E(ˆ︁s,a; sg, c) = −Sgoal(ˆ︁sH , sg) + Cnav(ˆ︁s,a, c). (8)

Here, Sgoal measures the similarity between the predicted terminal state and the goal observation,
while Cnav aggregates navigation constraints, including predicted-state safety and physical-action
feasibility under the embodiment context c. The optimal action sequence is selected by minimizing
the expected trajectory energy:

a∗ = argmin
a

Eˆ︁s∼pθ(·|s0:τ ,a) [E(ˆ︁s,a; sg, c)] . (9)

Here, pθ(· | s0:τ ,a) denotes the rollout distribution induced by the post-trained, real-action-
conditioned world model, with the fixed temporal offset per planning step omitted for brevity. We
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Algorithm 1 Action-Conditioned Receding-Horizon Planning

Require: Post-trained world model pθ, visual encoder E, goal observation xg , context c
Require: Horizon H , context length h, candidates N , elites K, rollouts M , CEM iterations J

1: sg ← E(xg)
2: while the goal is not reached do
3: Observe xτ and update the encoded visual context sτ−h+1:τ using E
4: Initialize Q0 = N (µ0,Σ0)
5: for j = 0, . . . , J − 1 do
6: for n = 1, . . . , N do
7: Sample a(n) ∼ Qj , En ← 0
8: for r = 1, . . . ,M do
9: ˆ︁s(n,r) ∼ pθ(︁· | sτ−h+1:τ ,a

(n)
)︁

10: En ← En + 1
M E
(︁ˆ︁s(n,r),a(n); sg, c)︁

11: end for
12: end for
13: Ielite ← arg sortK{En}Nn=1

14: Refit Qj+1 using {a(n) : n ∈ Ielite}
15: end for
16: n⋆ ← argminn∈{1,...,N} En
17: a⋆ ← a(n

⋆)

18: a⋆τ ← a⋆0
19: Execute a⋆τ through the robot controller and advance to the next observation
20: end while

solve this optimization using the cross-entropy method (CEM) (Rubinstein, 1997), iteratively updat-
ing a proposal distribution toward elite action sequences evaluated through world-model rollouts.

Action Execution. The first optimized action a∗0 is executed by the robot. The auxiliary physical
predictor pω is used only for motion grounding during latent-action learning and is not required
for online planning. Upon receiving a new observation, OpenNWM updates its visual context and
repeats action-space optimization. This receding-horizon procedure enables predictive planning
directly in the real waypoint-action space.

Action-Conditioned Planning. OpenNWM solves goal-conditioned navigation via receding-
horizon optimization over real waypoint-action sequences. Candidates are sampled from a Gaussian
proposal distribution and evaluated through real-action-conditioned world-model rollouts. Their en-
ergies jointly account for goal similarity, predicted-state safety, and physical-action feasibility. The
lowest-energy candidates are used to update the proposal distribution over J CEM iterations. Only
the first action of the selected sequence is passed to the robot controller before replanning from
updated observations. Pseudocode is provided in Algorithm 1. We use H = 8 planning steps, cor-
responding to 2 seconds with 0.25-second intervals, and evaluate N = 80 candidate sequences with
M = 3 stochastic rollouts per candidate in each CEM iteration.

3.5 NAVANYWHERE

We construct NavAnywhere, a large-scale heterogeneous visual navigation corpus, by integrating 15
open-source datasets. It contains 17.5M frames of observations, spanning action-free videos across
diverse environments. NavAnywhere enables OpenNWM to jointly learn scalable visual dynamics
and physically grounded latent actions. NavAnywhere details are in Appendix A; preprocessing and
dataset usage are described in Appendix B.

4 EXPERIMENTS

4.1 EXPERIMENT SETUPS

Datasets. We pretrain OpenNWM on NAVANYWHERE, a large-scale action-free video corpus
covering diverse indoor, outdoor, urban, and natural environments. For downstream training, we

6



324
325
326
327
328
329
330
331
332
333
334
335
336
337
338
339
340
341
342
343
344
345
346
347
348
349
350
351
352
353
354
355
356
357
358
359
360
361
362
363
364
365
366
367
368
369
370
371
372
373
374
375
376
377

Under review as a conference paper at ICLR 2027

NavAnywhere Videos Action-labeled
Robot Videos

Action-labeled
Robot Videos

Figure 3: Three-stage training pipeline of OpenNWM. (a) Latent-action pretraining on action-free
NavAnywhere videos. (b) Action-encoder warmup with the CDiT backbone frozen. (c) Joint post-
training of the entire model.

Table 1: Direct visual prediction at 4 s. DS: Dream-
Sim; NWM†: CDiT-XL + Ego4D. ID/OOD denote in-
domain/out-of-domain evaluation. Best and second-
best results are bold and underlined, respectively.

Table 2: Navigation performance on RE-
CON, SCAND, and Office Go2 (OOD).
Lower ATE and RPE indicate better per-
formance. Best and second-best results are
bold and underlined, respectively.

Method Params.
(M)

ID OOD (PSNR↑)

LPIPS↓ DS↓ PSNR↑ Stanford TUM Rover Go2

NWM 279 0.405 0.230 13.811 11.323 8.957 11.739 10.750
NWM† 1,099 0.419 0.227 13.523 11.444 8.884 11.906 11.083
RAE-NWM 867 0.442 0.254 13.957 11.528 9.007 9.449 10.500
OpenNWM 280 0.368 0.196 14.299 11.591 9.135 12.574 11.047

Method Params.
(M)

RECON SCAND Office Go2
ATE↓RPE↓ATE↓RPE↓ATE↓RPE↓

GNM 9 1.87 0.73 2.12 0.61 – –
NoMaD 19 1.95 0.53 2.24 0.49 – –
NWM 279 1.13 0.35 1.01 0.28 3.03 0.68
RAE-NWM 867 1.36 0.37 1.14 0.28 3.01 0.67
Garrido et al. (2026) – 1.40 0.40 – – – –
CompACT – 1.33 0.39 1.36 0.34 – –
OpenNWM 280 1.12 0.35 0.98 0.27 2.89 0.65

use SCAND (Karnan et al., 2022), TartanDrive (Triest et al., 2022), RECON Shah et al. (2021a),
and HuRoN (SACSoN) (Hirose et al., 2023), whose pose annotations are converted into relative
translations and rotations. Translational displacements are normalized by the average step length of
each dataset, and backward-motion transitions are removed. We evaluate in-domain performance
on these four datasets and assess generalization to unseen environments on Go Stanford, the TUM
RGB-D SLAM Dataset, Office-Go2, and Planetary Rover. Office-Go2 contains real-world office
navigation sequences that we collected using a quadruped robot, while Planetary Rover comprises
lunar and Martian rover navigation data sourced from the Internet. Details are provided in the
Appendix B.2.

Evaluation Metrics. ATE and RPE assess trajectory accuracy and local pose consistency (Sturm
et al., 2012). PSNR, LPIPS (Zhang et al., 2018), and DreamSim (Fu et al., 2023) measure visual
fidelity, while FID (Heusel et al., 2017) assesses image distribution quality. We also evaluate LAM
reconstruction under ID and OOD settings. Details are provided in the Appendix C.2

Baselines. We compare OpenNWM with NWM (Bar et al., 2025) and RAE-NWM (Zhang et al.,
2026b) for visual prediction and planning, and include NWM CDiT-XL + Ego4D (Grauman et al.,
2022) for visual prediction. Navigation baselines additionally include GNM (Shah et al., 2023b),
NoMaD (Sridhar et al., 2024), CompACT (Kim et al., 2026), and the latent-action controller of
Garrido et al. (2026).

Implementation Details. As shown in Figure 3. we train the LAM on NavAnywhere together with
motion-annotated trajectories from RECON, HuRoN, and SCAND, and use its inferred latent actions
to pretrain the world model. We then post-train on four navigation datasets with camera poses for
physical grounding. OpenNWM uses a CDiT-B/2 backbone and a Stable Diffusion VAE (Blattmann
et al., 2023), with four context frames and four sampled prediction horizons per trajectory. Both
LAM and NWM are trained on 8 NVIDIA L20 GPUs.

4.2 COMPARISON RESULTS

Visual Prediction. Table 1 reports ID averages over RECON, SCAND, HuRoN, and TartanDrive,
and OOD PSNR on Go Stanford (Stanford), TUM RGB-D (TUM), Planetary Rover (Rover), and
Office Go2 (Go2). OpenNWM achieves the best results among the compared methods on all three

7
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Table 3: Image reconstruction performance of
LAMs. ID (in-domain): average over RECON,
SCAND, and HuRoN. OOD (out-of-domain): un-
seen Go Stanford. Best results are in bold and
second best are underlined.

Model Source ID OOD

PSNR ↑ LPIPS ↓ PSNR ↑ LPIPS ↓

villa-X Chen et al. 2026 15.327 0.516 17.560 0.550
LARA Liu et al. 2026 15.752 0.538 17.742 0.527
Olaf-World Jiang et al. 2026b 14.764 0.635 16.599 0.614
DiLA Zhang et al. 2026c 13.180 0.597 14.078 0.621
DreamDojo Gao et al. 2026 18.950 0.529 20.713 0.485

Ours 21.071 0.505 21.912 0.472

RECON SACSoN SCAND TartanDrive Go Stanford

Action-only

Pixel-only

DINO feature

Pixel + Action

70 63 45 26 27

61 45 64 54 46

60 51 65 57 44

84 70 70 39 48

ID OOD

100

50

0

Figure 4: Semantic consistency of latent ac-
tions. Detailed metric definitions are provided
in the appendix.

metrics. Relative to the strongest baseline for each metric, it reduces LPIPS and DreamSim by 9.1%
and 13.7%, respectively, and improves PSNR by 0.342 dB. These gains are obtained with a 280M-
parameter world model, comparable in size to NWM (279M) and substantially smaller than RAE-
NWM (867M) and NWM CDiT-XL + Ego4D (1,099M). These results suggest that OpenNWM
learns a more accurate model of navigation dynamics, enabling more faithful action-conditioned
predictions of future observations.

Navigation Performance. Table 2 evaluates navigation performance on RECON, SCAND, and
Office Go2 using ATE and RPE. OpenNWM achieves the lowest ATE and the best or tied-best
RPE across all three datasets. On the in-domain benchmarks, it reduces ATE from 1.13 to 1.12 on
RECON and from 1.01 to 0.98 on SCAND relative to NWM. It also ties with NWM for the best
RPE of 0.35 on RECON and achieves the lowest RPE of 0.27 on SCAND, compared with 0.28 for
both NWM and RAE-NWM. Together with the visual prediction results, these findings support the
effectiveness of OpenNWM as a predictive model for navigation planning.

Out-of-Distribution Generalization. We evaluate generalization to unseen domains through both
visual prediction and navigation planning. For visual prediction, OpenNWM achieves the highest
PSNR on three of the four OOD datasets in Table 1, outperforming the strongest baseline on Go
Stanford, TUM RGB-D, and Planetary Rover. On Office Go2, it ranks second with a PSNR of
11.047 dB, only 0.036 dB below NWM CDiT-XL + Ego4D. Beyond visual prediction, Office Go2
also serves as an OOD navigation benchmark in Table 2. OpenNWM achieves the lowest ATE of
2.89 and RPE of 0.65, improving upon the strongest navigation baseline RAE-NWM on this dataset.
Notably, OpenNWM achieves the best reported navigation accuracy on Office Go2 despite ranking
second in PSNR, highlighting the importance of assessing generalization through downstream plan-
ning as well as visual prediction. Overall, these results support the transferability of OpenNWM to
the evaluated unseen navigation domains.

LAM Reconstruction and Generalization. As shown in Table 3, our LAM achieves the best RGB
reconstruction results in both in-domain (ID) and out-of-domain (OOD) settings, demonstrating con-
sistent advantages in pixel fidelity and perceptual similarity. For ID evaluation, our method achieves
a PSNR of 21.071 dB and an LPIPS of 0.505, improving upon the strongest baseline for each metric
by 2.121 dB and 2.1%, respectively. For OOD evaluation, it achieves a PSNR of 21.912 dB and
an LPIPS of 0.472, outperforming DreamDojo by 1.199 dB and 2.7%, respectively. These results
suggest that the learned latents retain key visual information and generalize to unseen domains,
supporting downstream world-model prediction.

4.3 ABLATION STUDIES

To assess the effectiveness of our components, we focus on two questions: (1) Do latent actions ben-
efit navigation world models? (2) Which LAM supervision best supports navigation world models?
We evaluate visual prediction using LPIPS for direct prediction on Office Go2 at 4 s and autoregres-
sive prediction on Go Stanford at 4 FPS up to 4 s. Due to computational constraints, we use a smaller
subset of NavAnywhere for pretraining in these ablations. Details are provided in the Appendix C.1.
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Figure 5: Latent-action clustering under four LAM supervision paradigms.

Table 4: Pretraining ablation. Effect of different
DiT conditioning signals. Best and second-best
results are bold and underlined, respectively.

DiT Conditioning Reconstruction Navigation

Time Latent Action Direct Autoregressive RECON SCAND

LPIPS ↓ LPIPS ↓ ATE ↓ RPE ↓ ATE ↓ RPE ↓
✗ ✗ 0.628 0.667 1.198 0.367 1.252 0.316
✓ ✗ 0.595 0.678 1.174 0.365 1.045 0.286
✗ ✓ 0.609 0.667 1.198 0.359 1.067 0.289
✓ ✓ 0.587 0.658 1.117 0.356 0.950 0.267

Table 5: LAM supervision ablation. Effect of
different supervision on latent-action learning.
Best/second-best results are bold/underlined.

LAM Supervision Reconstruction Navigation

Pixel Action Direct Autoregressive RECON SCAND

LPIPS ↓ LPIPS ↓ ATE ↓ RPE ↓ ATE ↓ RPE ↓

✗ ✓ 0.598 0.670 1.138 0.365 0.981 0.274
✓ ✗ 0.605 0.674 1.176 0.352 0.982 0.274
✓ ✓ 0.587 0.658 1.117 0.356 0.950 0.267

Pretraining and Conditioning Ablation. Table 4 compares different conditioning signals during
pretraining. Joint time and latent-action conditioning performs best across all six metrics, reduc-
ing SCAND ATE from 1.045 with time conditioning alone to 0.950. This suggests that motion
information complements the temporal prediction horizon.

LAM Supervision Ablation. Table 5 compares world model performance using different LAMs
learned with pixel-only, action-only, and joint supervision. As shown in Figure 4, Pixel+Action su-
pervision achieves the highest Macro-6 Recall on four of five datasets. It consistently outperforms
action-only supervision, suggesting that visual reconstruction complements physical motion ground-
ing in aligning latent actions with navigation semantics. Joint supervision leads on five of six met-
rics. Figure 5 visualizes latent-cluster assignments in the physical motion space (∆x,∆y,∆yaw)
under four LAM supervision paradigms. Compared with pixel-only supervision, joint supervi-
sion exhibits more coherent cluster organization with respect to translation and rotation, suggesting
stronger alignment between latent actions and physical motion semantics. Together, these quanti-
tative results and qualitative patterns suggest that visual prediction and physical-motion grounding
provide complementary supervision for learning effective latent actions. The Appendix F provides
LAM paradigm definitions, qualitative analysis, and semantic-consistency evaluation.

5 CONCLUSION

We introduced OpenNWM, a generalist world model for open-world visual navigation. At its core
is a shared latent-action interface that unifies learning from heterogeneous visual trajectories with
different action spaces and levels of physical supervision. By coupling large-scale action-free video
pretraining with physical-motion grounding, OpenNWM learns transition representations that are
both predictive of future observations and aligned with executable navigation motion. These rep-
resentations condition a diffusion world model and support receding-horizon planning after post-
training. Experiments across diverse environments demonstrate strong performance in visual future
prediction, navigation planning, and generalization to unseen scenes. Taken together, our results
establish latent actions as a scalable means of converting open-domain videos into control-relevant
navigation supervision, providing a promising foundation for generalist Navigation World Models.
Future work will extend this framework to longer-horizon prediction, higher-dimensional action
spaces, and online adaptation in dynamic environments.
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In this work, we have not used generative AI tools for any tasks with required disclosure, and all
such tasks are not applicable to this work. We used generative AI tools only to polish the writing of
parts of the manuscript. The authors reviewed all AI-assisted edits to ensure that they preserve the
intended technical meaning and contain no unsupported claims. We take responsibility for the final
content of this work, including text, claims, or artifacts produced with the aid of generative AI.

REPRODUCIBILITY STATEMENT

For reproducibility, the main paper and appendices detail our methodology and implementation. We
will release the complete source code and model weights.
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A NAVANYWHERE DATASET DETAILS

We introduce NavAnywhere, a large-scale, action-free visual navigation dataset assembled from 15
sources, including public datasets and our in-house recordings. The collection consists of RGB
videos and sampled image sequences without action annotations, comprising 70,756 sequences,
17,496,570 sampled frames, and 1,188.65 hours of source video. NavAnywhere covers a broad
spectrum of environments encountered in everyday life, ranging from residential and public indoor
spaces to urban streets, parks, and natural outdoor environments. (see Figure 6)

DATASET SCALE & DIVERSITY

70,756
SEQUENCES

1,189 h
VIDEO

17.5M
SAMPLED FRAMES

15
FORMAL SOURCES

17+
COUNTRIES

97.3%
REAL-WORLD VIDEO

EMBODIMENT

Human · Ground robot · Drone

CONDITIONS
Day · Night

Spring · Summer · Autumn · Winter

SCENE COMPOSITION

12.4%12.4%
31.8%31.8%

29.2%29.2%
12.2%12.2%

14.5%14.5%
NavAnywhere

D ATA S E T

ResidentialResidential
Public & CommercialPublic & Commercial

Urban & TransportUrban & Transport

Parks & GardensParks & Gardens

Natural & Off-roadNatural & Off-road

15 SOURCES BotanicGarden · In-house Collected · CityWalker · DL3DV-10K · EgoWalk · KrishnaCam · LAVN · ROVER · RealEstate10K · SANPO · Great Outdoors · Walking Tours · i2Nav-Robot · uB-VisioGeoloc · Ego4D

OUT-OF-DOMAIN EVALUATION
TUM RGB-D SLAM Office-Go2 · in-house captured Planetary Rover · in-house web-curated

Figure 6: Overview of NavAnywhere and its complementary out-of-domain evaluation sets.
NavAnywhere covers diverse everyday navigation environments. The complementary evaluation
sets are separate from NavAnywhere and are described in Section B.2.

A.1 DATASET COMPOSITION

NavAnywhere comprises the following 15 sources:

• BotanicGarden (Liu et al., 2024): Robot-mounted observations of botanical gardens, fea-
turing vegetation, pathways, and other outdoor structures.

• CityWalker Liu et al. (2025): Urban navigation sequences featuring sidewalks, intersec-
tions, pedestrians, and vehicles.

• DL3DV-10K (Ling et al., 2024): Scene-exploration videos spanning diverse indoor and
outdoor environments, viewpoints, and camera motions.

• Ego4D Grauman et al. (2022): A navigation-related subset of egocentric videos depicting
everyday activities and movement through indoor and outdoor environments.

• EgoWalk (Akhtyamov et al., 2025): First-person walking videos covering urban, residen-
tial, public, and recreational environments.

• KrishnaCam (Singh et al., 2016): Long-term egocentric recordings of daily activities,
including walking, commuting, and visits to indoor and outdoor spaces.

• LAVN (Johnson et al., 2025): A collection combining real-world recordings with simu-
lated navigation sequences.

• ROVER (Schmidt et al., 2025): Robot navigation recordings collected in gardens, parks,
and campus environments across different seasons and illumination conditions.

• RealEstate10K (Zhou et al., 2018): Clips from real-estate videos depicting residential
interiors, building exteriors, and surrounding areas, including aerial footage captured by
drones.
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• SANPO (Waghmare et al., 2025): Real and synthetic egocentric navigation sequences
covering sidewalks, roads, parks, and other outdoor environments.

• The Great Outdoors (Jiang et al., 2026a): Robot-mounted observations of natural and
off-road environments, including forests, unpaved trails, and uneven terrain.

• Walking Tours (Venkataramanan et al., 2024): Long-form internet videos depicting
walking tours and outdoor exploration.

• i2Nav-Robot (Tang et al., 2025): Robot navigation sequences covering campus buildings,
streets, parking areas, and transitions between indoor and outdoor spaces.

• uB-VisioGeoloc (Scalvini et al., 2024): Pedestrian-view urban sequences covering streets,
public spaces, and parks, together with synthetic sequences.

• In-house collected data: Our in-house collection of nine RGB videos, covering offices,
residential neighborhoods, and public landmarks across indoor and outdoor environments
under daytime and nighttime conditions.

Figure 7: Source composition of NavAnywhere. Statistics cover the 15 action-free sources.

16



864
865
866
867
868
869
870
871
872
873
874
875
876
877
878
879
880
881
882
883
884
885
886
887
888
889
890
891
892
893
894
895
896
897
898
899
900
901
902
903
904
905
906
907
908
909
910
911
912
913
914
915
916
917

Under review as a conference paper at ICLR 2027

Table 6: NavAnywhere dataset statistics. Sequences denote processed video clips or trajectories,
and frames denote sampled RGB images. Hours measure source-video duration. All 15 sources are
used as RGB-only, action-free data.

Dataset Sequences Frames Hours

Ego4D 1,619 13,088,098 908.95
DL3DV-10K 20,352 1,180,382 81.36
KrishnaCam 436 996,666 69.21
RealEstate10K 45,010 712,145 49.44
LAVN 312 443,244 30.78
Walking Tours 10 198,097 14.40
SANPO 2,662 128,233 8.91
CityWalker 18 102,083 7.09
ROVER 39 76,442 5.31
The Great Outdoors 17 69,162 4.80
i2Nav-Robot 10 55,202 3.83
EgoWalk 239 423,389 2.94
BotanicGarden 7 12,272 0.85
uB-VisioGeoloc 16 6,382 0.44
In-house Collected 9 4,773 0.33

NavAnywhere total 70,756 17,496,570 1,188.65

Table 6 and Figure 7 reports the complete NavAnywhere dataset statistics.

A.2 SCENE AND ENVIRONMENT DIVERSITY

NavAnywhere spans five broad scene categories:

• Residential environments: Homes, residential buildings, and surrounding neighborhoods.

• Public and commercial environments: Offices, schools, shops, restaurants, and cultural
facilities.

• Urban and transportation environments: Streets, sidewalks, intersections, parking ar-
eas, and transit spaces.

• Parks and managed outdoor environments: Gardens, campuses, recreational areas, and
maintained green spaces.

• Natural and off-road environments: Forests, trails, uneven terrain, and unstructured out-
door spaces.

Across these categories, the constituent sources exhibit substantial variation in viewpoints, illumi-
nation conditions, scene layouts, and motion patterns.

B DATASET DETAILS AND PREPROCESSING

In addition to NavAnywhere, we use five action-annotated navigation datasets and three complemen-
tary out-of-domain evaluation sets. These datasets are not part of NavAnywhere and are excluded
from its corpus statistics. This section describes these datasets, the preprocessing procedures applied
to all data sources, and their respective roles in OpenNWM training and evaluation.

B.1 ACTION-ANNOTATED DATASETS

Following the dataset usage in NWM (Bar et al., 2025), we separately use RECON, HuRoN,
SCAND, TartanDrive, and Go Stanford. Their processed trajectories provide RGB observations,
planar positions, and yaw, from which relative waypoint actions (∆x,∆y,∆ψ) are derived in the
reference frame of the current observation.
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Go Stanford is reserved exclusively for unseen-environment evaluation. The other four datasets
provide motion supervision according to the LAM and OpenNWM training protocols described in
Section B.4.

Table 7: Statistics of the action-annotated datasets. Sequences denote processed trajectories, and
frames denote sampled RGB images. Go Stanford is used only for evaluation.

Dataset Sequences Frames Data used

RECON 11,835 610,911 RGB + position/yaw
HuRoN 2,839 230,911 RGB + position/yaw
Go Stanford 3,696 198,126 RGB + position/yaw
SCAND 604 103,457 RGB + position/yaw
TartanDrive 1,251 62,884 RGB + position/yaw

Table 7 summarizes the processed collections.

B.2 COMPLEMENTARY OUT-OF-DOMAIN EVALUATION SETS

We curate three challenging real-world out-of-domain evaluation sets to assess transfer beyond the
training sources: TUM RGB-D, Planetary Rover, and Office-Go2. All three are held out from
training.

TUM RGB-D. We select five sequences from the TUM RGB-D SLAM benchmark (Sturm et al.,
2012), using RGB observations and the provided ground-truth camera poses. The processed subset
contains 1,189 sampled frames.

Planetary Rover. We curate extraterrestrial navigation observations from publicly available online
sources, using released imagery and official pose metadata from the Chang’e-4/Yutu-2 lunar mission
and the Tianwen-1/Zhurong Martian mission. The collection contains 66 lunar and 173 Martian
RGB images, organized into 28 sequences with 211 adjacent transitions whose relative motions are
derived from pose metadata.

Office-Go2. We collect navigation recordings in-house using a Unitree Go2 quadruped robot in a
real office environment. The collection includes RGB videos and synchronized camera-pose mea-
surements. Its seven recordings are processed into 15 sequences containing 2,292 sampled frames.

B.3 DATA PROCESSING

Temporal sampling. We organize sampled frames in temporal order within each sequence.

Most NavAnywhere sources are sampled at 4 Hz, corresponding to a frame interval of 0.25 s.
EgoWalk, in contrast, is originally recorded at 100,Hz to capture relatively fast ego-motion. So
EgoWalk sequences have an effective sampling rate of approximately 40 Hz, corresponding to a
0.025 s interval.

Image-pair sampling for LAM training. For LAM training, image pairs are sampled within the
same sequence using signed frame offsets δ ∈ {−8, . . . , 8}. These offsets correspond to temporal
displacements of up to 2 s for 4 Hz sources and approximately 0.2 s for EgoWalk.

Context and target sampling for pretraining. For pretraining, each example contains four consec-
utive context frames and four target frames sampled at signed offsets within [−64, 64] relative to the
latest context frame. At 4 Hz, these offsets span [−16, 16] s; for EgoWalk, they span approximately
[−1.6, 1.6] s. Latent-action conditioning is available for local image pairs satisfying |δ| ≤ 8.

Processing of action-annotated and evaluation data. The five external action-annotated datasets
are processed into 4 Hz trajectories with image-aligned planar positions and yaw. TUM RGB-D
and Office-Go2 similarly associate sampled RGB frames with camera poses. Planetary Rover pre-
serves the ordering of the released observations and their endpoint poses without temporal image
interpolation.
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B.4 DATASET USAGE IN OPENNWM

Action-free learning from NavAnywhere. NavAnywhere provides action-free visual observations
for latent-action learning and world-model pretraining. Its training inputs consist only of RGB
observations, even when the original sources provide additional sensing modalities or annotations.
Latent actions are inferred from image pairs by the learned latent action model.

Physical-motion supervision and evaluation. Physical-motion grounding of the LAM uses the
training splits of RECON, HuRoN, and SCAND. Action-conditioned post-training uses RECON,
HuRoN, SCAND, and TartanDrive. Go Stanford and all three complementary out-of-domain evalu-
ation sets are excluded from these training stages.

C ARCHITECTURE AND IMPLEMENTATION DETAILS

C.1 TRAINING AND INFERENCE DETAILS

Table 8 summarizes the training and inference configurations of OpenNWM used in the main exper-
iments.

Latent-action learning. Our Pixel+Action navigation LAM follows the spatiotemporal Trans-
former architecture of Gao et al. (2026). It contains approximately 709M parameters, comprising a
24-block spatiotemporal encoder and a 24-block spatial decoder, both with a hidden width of 1,024
and 16 attention heads. The encoder maps a pair of RGB frames to a 32-dimensional variational
latent. Frames are center-cropped to a 4:3 aspect ratio and resized to 240 × 320 (height × width),
with 16× 16 patches. Frame pairs use uniformly sampled integer temporal offsets in [−8, 8].
LAM training combines NavAnywhere with the training splits of RECON, HuRoN, and SCAND, re-
serving 25% of each batch for action-labeled samples. The objective combines RGB reconstruction
MSE, action MSE on labeled samples, and KL regularization, with respective weights 1, 0.171244,
and 10−6. We train from scratch using AdamW with a global batch size of 160, a peak learning rate
of 2.5 × 10−5, and weight decay of 0.01, using BF16 on eight NVIDIA L20 GPUs. The learning-
rate schedule is configured for 100K steps, with 12.8K steps of linear warm-up followed by cosine
decay toward 10% of the peak rate. We use the 60K-step LAM checkpoint to extract deterministic
posterior means as latent actions for pretraining.

World-model pretraining. OpenNWM uses a CDiT-B/2 diffusion transformer with approximately
197M parameters and a frozen VAE tokenizer. Images are resized to 224 × 224. Each observation
provides four context frames and four sampled prediction targets. Pretraining uses the NavAnywhere
subset, with signed target frame offsets in [−64, 64]. All samples receive relative-time conditioning.
Valid pairs within [−8, 8] additionally receive their layer-normalized 32-dimensional latent actions;
pairs outside this range contribute to the diffusion objective without latent-action conditioning.

We use the 60K-step pretraining checkpoint, trained with AdamW at a learning rate of 2 × 10−4,
weight decay of 0.01, and gradient clipping at 2.0. Training uses BF16 on eight NVIDIA L20 GPUs,
with 48 observations per GPU, giving a global batch of 384 observations and 1,536 context-target
pairs per update.

World model post-training. For post-training, we replace the latent action adapter with a newly
initialized adapter for three-dimensional physical motion (∆x,∆y,∆ψ). We first train this adapter
for 3K steps with the backbone frozen, followed by 100K steps of joint post-training of the adapter
and backbone. The adapter learning rate is 10−4 throughout post-training, and the backbone learning
rate is 10−4 during the joint phase. Both phases use AdamW with weight decay of 0.01 and the same
batch size, precision, and hardware as pretraining.

Post-training uses the training splits of RECON, HuRoN, SCAND, and TartanDrive. Go Stanford
is excluded from training. Physical-motion targets are expressed relative to the latest context frame,
with translations divided by dataset-specific waypoint spacing before fixed min–max normalization.

Inference and planning. Visual prediction uses 250-step DDPM (Ho et al., 2020) sampling with
fixed evaluation windows and seeds. Planning evaluates sequences of eight physical-motion ac-
tions at 0.25 s intervals, corresponding to a 2 s horizon. The cross-entropy method (CEM) uses 80
candidates, five elites, and one proposal update. Candidate costs are computed using LPIPS-Alex
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Table 8: Training and inference configurations of OpenNWM. Batch sizes are global, and image
resolutions are reported as height × width.

Module Configuration Value

Latent Action
Model

Architecture Pixel+Action spatiotemporal Transformer
Model size ∼709M
Encoder / decoder blocks 24 / 24
Hidden width / attention heads 1,024 / 16
Latent-action dimension 32
Input frames 2
Input resolution / patch size 240× 320 / 16× 16
Temporal offsets Integers in [−8, 8]
Action-labeled batch fraction 25%
RGB / action / KL loss weights 1 / 0.171244 / 10−6

Training steps 60K
Global batch size 160
Optimizer AdamW
Peak learning rate / weight decay 2.5× 10−5 / 0.01
LR warm-up / schedule length 12.8K / 100K steps
LR decay / minimum LR ratio Cosine / 0.1
Precision / training hardware BF16 / 8× NVIDIA L20

Navigation
World Model

Backbone / model size CDiT-B/2 / ∼197M
Image tokenizer Frozen SD-VAE
Input resolution 224× 224
Context frames / targets per observation 4 / 4
Target frame offsets Integers in [−64, 64]
Latent-action conditioning range |∆t| ≤ 8
Pretraining steps 60K
Pretraining learning rate 2× 10−4

Physical-action adapter warm-up 3K steps
Joint post-training steps 100K
Post-training LR: adapter / backbone 10−4 / 10−4

Global observation / prediction batch 384 / 1,536
Optimizer / weight decay AdamW / 0.01
Gradient clipping 2.0
Precision / training hardware BF16 / 8× NVIDIA L20

Inference and
Planning

Diffusion sampler / sampling steps DDPM / 250
Planning action representation Physical motion (∆x,∆y,∆ψ)
Planning horizon 2 s
Action interval / sequence length 0.25 s / 8
CEM candidates 80
CEM elites 5
CEM updates 1
Stochastic evaluations per candidate 3
Planning cost LPIPS-Alex

and averaged over three stochastic evaluations. Planning conditions the post-trained world model
directly on physical motion.

Ablation settings. The ablations retain the same CDiT-B/2 backbone, image resolution, context
and target counts, and training data sources as the main experiments. The main difference are less
NavAnywhere data to train the LAM, 200K pretraining steps at a learning rate of 10−4, and a global
batch of 128 observations. Post-training uses a 10K-step adapter warm-up followed by 100K joint
updates, with adapter and backbone learning rates of 10−4 and 10−5, respectively. The ablations
use the same 250-step DDPM and CEM80 planning protocol described above.
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C.2 EVALUATION METRICS

We evaluate visual prediction quality using three metrics: Peak Signal-to-Noise Ratio (PSNR),
Learned Perceptual Image Patch Similarity (LPIPS), and Fréchet Inception Distance (FID), cov-
ering pixel-level fidelity, structural consistency, perceptual similarity, and distributional similarity.

Pixel-Level Fidelity. Peak Signal-to-Noise Ratio (PSNR) measures reconstruction fidelity on a
logarithmic scale. Given the predicted image Î and the ground-truth image I, it is defined as:

PSNR = 10 log10

(︄
I2max

1
N

∑︁N
i=1(Îi − Ii)2

)︄
, (10)

where N denotes the total number of image elements, including all spatial locations and color chan-
nels, and Imax denotes the maximum possible intensity value under the adopted image representa-
tion. PSNR is expressed in decibels (dB), with higher values indicating higher pixel-level fidelity.

Perceptual Similarity. Learned Perceptual Image Patch Similarity (LPIPS) measures perceptual
discrepancy in the feature space of a pretrained vision network. Given channel-normalized feature
representations ϕl(·) at layer l, it is defined as:

LPIPS(Î, I) =
∑︂
l

1

HlWl

∑︂
h,w

⃦⃦⃦
wl ⊙

(︂
ϕl(Î)hw − ϕl(I)hw

)︂⃦⃦⃦2
2
, (11)

where wl denotes the learned channel-wise weights, ⊙ denotes element-wise multiplication, and
Hl ×Wl is the spatial resolution of the corresponding feature map. Lower LPIPS indicates higher
perceptual similarity, complementing pixel-level and structural measures.

Distributional Similarity. Fréchet Inception Distance (FID) (Heusel et al., 2017) measures the
discrepancy between the feature distributions of predicted and ground-truth image sets. Features
are extracted using a pretrained Inception-v3 network, and each feature distribution is approximated
by a multivariate Gaussian. Let (µp,Σp) and (µr,Σr) denote the empirical means and covariance
matrices of the predicted and ground-truth image features, respectively. FID is defined as:

FID = ∥µp − µr∥22 +Tr
(︂
Σp +Σr − 2 (ΣpΣr)

1/2
)︂
, (12)

where Tr(·) denotes the matrix trace and (·)1/2 denotes the matrix square root. Lower FID indicates
closer agreement between the feature distributions of predicted and ground-truth images. Unlike
PSNR and LPIPS, FID is computed over image sets rather than individual image pairs and does not
directly measure prediction–target correspondence.

Together, these four metrics provide complementary assessments of visual prediction quality, from
paired reconstruction fidelity to distribution-level similarity.

D EXTENDED QUANTITATIVE RESULTS

Consistency across Datasets. Table 9 shows that OpenNWM improves over NWM on every visual
prediction metric across all four in-domain datasets. In comparison, RAE-NWM achieves stronger
results on HuRoN but underperforms NWM on TartanDrive, revealing greater variation in its relative
performance across datasets. The advantage of OpenNWM therefore extends beyond an improve-
ment in the average score: its gains are distributed across the evaluated sources without degrading
any reported dataset–metric combination relative to NWM. This consistency also extends to navi-
gation (Table 10), where OpenNWM reduces ATE on every dataset while matching or improving
RPE.

Visual Fidelity and Navigation Utility. SCAND reveals a mismatch between visual prediction
and navigation rankings: RAE-NWM achieves better PSNR and DreamSim than OpenNWM, yet
OpenNWM obtains lower ATE and RPE. Moreover, the visual metrics themselves disagree, with
LPIPS favoring OpenNWM. These results indicate that individual image-similarity metrics are in-
complete proxies for downstream navigation performance. Direct prediction measures agreement
with an observed future, but does not directly assess whether predicted transitions support effective
action selection. The navigation results therefore provide complementary evidence of the model’s
utility for control.
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Table 9: In-distribution (ID) direct visual prediction at the nominal 4 s horizon. DS: DreamSim.
Best and second-best results are bold and underlined, respectively.

Method RECON SCAND HuRoN TartanDrive

LPIPS↓ DS↓ PSNR↑ LPIPS↓ DS↓ PSNR↑ LPIPS↓ DS↓ PSNR↑ LPIPS↓ DS↓ PSNR↑
NWM 0.323 0.120 15.487 0.406 0.300 12.778 0.463 0.275 13.377 0.427 0.223 13.602
NWM XL (with Ego4D) 0.359 0.140 14.850 0.394 0.260 13.068 0.501 0.295 12.604 0.424 0.213 13.569
RAE-NWM 0.353 0.134 15.491 0.413 0.190 14.419 0.339 0.171 15.079 0.662 0.519 10.840

OpenNWM 0.320 0.116 15.614 0.385 0.271 13.247 0.362 0.193 14.329 0.405 0.203 14.005

Table 10: Navigation performance on RECON, SCAND, and TartanDrive. Best and second-best
available results are bold and underlined, respectively.

Method RECON SCAND TartanDrive

ATE↓ RPE↓ ATE↓ RPE↓ ATE↓ RPE↓
GNM 1.87 0.73 2.12 0.61 6.65 1.62
NoMaD 1.95 0.53 2.24 0.49 6.32 1.31
NWM 1.13 0.35 1.01 0.28 5.72 1.19
RAE-NWM 1.36 0.37 1.14 0.28 5.99 1.25
Garrido et al. 1.40 0.40 – – – –
CompACT 1.33 0.39 1.36 0.34 – –

OpenNWM (Ours) 1.12 0.35 0.98 0.27 5.53 1.16

E SCALING AND ABLATION STUDIES

We examine how the amount of unlabeled video used for latent-action learning affects the navigation
world model. For this ablation, we compare four latent-action pretraining settings that retain 25%,
50%, 75%, or 100% of the unlabeled data pool. We denote this percentage by U and keep the action-
label availability fixed. Each resulting model is then fine-tuned with real actions using the same
downstream architecture, hyperparameters, and fine-tuning schedule. We evaluate all four models
on the same 500 RECON windows for direct 4 s prediction. We report the mean DreamSim over
these predictions; lower values indicate greater perceptual similarity to the ground-truth images.

Figure 8 shows a monotonic decrease in RECON DreamSim at U = 25%, 50%, 75%, and 100%,
respectively. Using the full unlabeled data pool reduces DreamSim by 6.08% relative to the 25% set-
ting. The improvement continues from 75% to 100%. This supports the benefit of scaling unlabeled
video for perceptual prediction quality.

F LATENT-ACTION VISUALIZATION AND ANALYSIS

We further analyze whether learned Universal Navigation Latent Actions (UNLAs) capture phys-
ically grounded navigation semantics and generalize across heterogeneous environments. Specifi-
cally, we investigate two aspects: (1) physical alignment between latent actions and induced mo-
tions, and (2) cross-dataset consistency of latent action semantics.

F.1 LATENT ACTION LEARNING PARADIGMS.

As shown in Figure 9, we compare four paradigms for learning continuous latent actions from vi-
sual transitions (xt, xt+1). Each infers a variational latent zt and applies KL regularization toward a
standard Gaussian prior. Action predicts the observed navigation action at from zt using an action
head. Pixel reconstructs xt+1 conditioned on (xt, zt). DINO feature operates in a frozen DI-
NOv3 (Siméoni et al., 2025) feature space: its encoder infers zt from (ft, ft+1), where ft = ϕ(xt),
and its decoder predicts ft+1 from (ft, zt). Pixel + Action jointly optimizes pixel reconstruction
and action prediction from the same latent, applying action supervision only to labeled samples. All
prediction losses use mean squared error; the joint objective weights the action term by λ. These
paradigms examine how action supervision, visual reconstruction, and their combination shape the
learned representation.
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Figure 8: Scaling unlabeled data ablation. The horizontal axis gives the percentage of the unla-
beled data pool used for latent-action pretraining, with action-label availability fixed.
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Figure 9: Four latent action learning paradigms. An encoder maps a visual transition to a variational
latent zt. The prediction targets are (a) the observed action at, (b) the future image xt+1, (c) frozen
DINOv3 features ft+1, and (d) both the image and action. Reconstruction decoders additionally
receive the current image or its features. In (d), pixel reconstruction uses all samples, while the
action loss uses only labeled samples. All variants include the same form of KL regularization.

F.2 PHYSICAL ALIGNMENT OF LATENT ACTIONS

To investigate whether latent actions encode meaningful navigation dynamics, we analyze the cor-
respondence between latent actions and their associated physical motions. Given an anchor obser-
vation and a target observation, each model generates a 32-dimensional latent action representation.
For each supervision paradigm, we independently perform K-means clustering in the original 32-
dimensional latent space (rather than the projected visualization space) with K = 8, obtaining eight
latent action clusters C1, . . . , C8.

Importantly, clustering is performed solely in the original latent space, rather than the three-
dimensional motion space used for visualization. After clustering, each sample is visualized in the
physical motion space (∆x,∆y,∆yaw), where each point represents an anchor-target observation
pair and the color indicates its latent cluster assignment.

Compact clusters in the physical space indicate that samples sharing the same latent action cluster
correspond to similar navigation motions. Conversely, highly overlapping clusters suggest that the
latent action representation is affected by non-motion factors such as scene appearance, texture, or
observation variations.

Figure 5 shows the clustering results under different supervision paradigms. Action supervision
produces the most compact and clearly separated motion clusters, with different clusters aligning
well with translational and rotational motion patterns. Joint Action-Pixel supervision achieves sim-
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ilar motion-oriented structures, suggesting that visual supervision improves representation richness
while physical supervision preserves motion semantics.

DINO-based self-supervision discovers partial motion structures, but different clusters exhibit sub-
stantial overlap in the physical space. This indicates that semantic visual features can capture high-
level scene variations but are insufficient to fully distinguish controllable agent motion from other
visual changes. In contrast, Pixel-level self-supervision produces the most entangled clusters, where
different latent clusters often correspond to similar physical motions. This suggests that pixel-level
objectives tend to encode appearance-related variations rather than navigation-specific dynamics.

Note that the presence of eight clusters alone does not indicate meaningful latent actions, since K-
means always produces the predefined number of clusters. The key criterion is whether samples
within the same cluster exhibit consistent physical effects. The results demonstrate that physical
supervision plays a critical role in grounding latent actions in controllable navigation semantics.

F.3 CROSS-DATASET CONSISTENCY OF LATENT ACTION SEMANTICS

Beyond within-dataset motion alignment, we further evaluate whether latent action semantics remain
consistent across heterogeneous environments and datasets. Unlike the previous analysis, which
only examines motion structure within each dataset, this evaluation tests whether the learned latent
action space provides a transferable navigation interface.

For each supervision paradigm, K-means clustering is first performed on latent representations from
in-domain datasets using the original 32-dimensional latent space. The obtained cluster assignments
are then fixed and directly transferred to unseen datasets without additional clustering or adaptation.
Specifically, we evaluate transfer from the in-domain datasets RECON, HuRoN, and SCAND to the
out-of-domain datasets TartanDrive and Go Stanford.

To quantify semantic consistency, we discretize each continuous physical motion transition
(∆x,∆y,∆yaw) into one of six navigation categories, where ∆x and ∆y denote the two planar
displacement components and ∆yaw denotes the change in yaw angle. The category set is defined
as C = {F,B,FL,FR,BL,BR}, corresponding to forward, backward, forward-left, forward-right,
backward-left, and backward-right, respectively.

Each latent cluster is assigned the most frequent ground-truth motion category among the in-domain
samples belonging to that cluster. The predicted motion category of a sample is then determined by
the category assigned to its latent cluster. We measure the agreement between predicted and ground-
truth motion categories using Macro-6 Recall, defined as the unweighted mean of the recalls over
all six categories:

Macro-6 Recall =
1

6

∑︂
c∈C

Rc =
1

6

∑︂
c∈C

TPc
TPc + FNc

, (13)

where Rc denotes the recall for category c, TPc is the number of samples whose ground-truth and
predicted categories are both c, and FNc is the number of samples whose ground-truth category is
c but whose predicted category differs from c. This metric assigns equal weight to each motion
category, regardless of its frequency in the evaluation set.

As shown in Figure 10, Action-only supervision achieves strong motion-semantic consistency on
in-domain datasets, demonstrating that explicit motion supervision can align latent actions with nav-
igation behaviors. However, its performance decreases on unseen datasets, suggesting that motion
semantics learned from action-labeled data may still be affected by dataset-specific distributions.

Pixel-level self-supervision achieves weaker transfer performance, as visual representations may
capture scene appearance and observation variations rather than consistent motion semantics.
DINO-based self-supervision improves semantic transferability but still exhibits ambiguity in fine-
grained navigation motions.

Joint Action-Pixel supervision achieves the strongest cross-dataset consistency, combining the scal-
ability of visual supervision with the physical grounding provided by motion annotations. These
results demonstrate that physical grounding not only improves within-dataset motion alignment but
also enables latent actions to maintain consistent navigation semantics across heterogeneous envi-
ronments. Overall, the analysis demonstrates that UNLAs are not arbitrary latent codes but a shared
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and transferable interface that bridges large-scale visual experiences and physically grounded navi-
gation dynamics.

Action-only Pixel DINO Pixel + Action

1 2 3 4

RECON

1 2 3 4

SACSoN

1 2 3 4

SCAND

1 2 3 4

TartanDrive

1 2 3 4

Go Stanford

1 2 3 4

Figure 10: Visualization of the semantic separability of latent actions learned by four LAM
paradigms across different navigation action categories. TartanDrive and Go Stanford are out-of-
domain datasets.
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G QUALITATIVE RESULTS

We present qualitative examples of OpenNWM’s visual predictions, navigation trajectories, and
LAM image reconstructions across diverse environments.

Figure 11: Video generation examples on RECON. NWM, RAE-NWM and OpenNWM are condi-
tioned on a single first image, and a ground truth trajectory and autoregressively predicts the next up
to 16 seconds at 4 FPS. We plot the generated results from 0 to 16 seconds, every 2 second.

Figure 12: Video generation examples on HuRoN. NWM, RAE-NWM and OpenNWM are condi-
tioned on a single first image, and a ground truth trajectory and autoregressively predicts the next up
to 16 seconds at 4 FPS. We plot the generated results from 0 to 16 seconds, every 2 second.
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Figure 13: Video generation examples on TartanDrive. NWM, RAE-NWM and OpenNWM are
conditioned on a single first image, and a ground truth trajectory and autoregressively predicts the
next up to 16 seconds at 4 FPS. We plot the generated results from 0 to 16 seconds, every 2 second.

Figure 14: Video generation examples on Go Stanford (OOD). NWM, RAE-NWM and OpenNWM
are conditioned on a single first image, and a ground truth trajectory and autoregressively predicts
the next up to 4 seconds at 4 FPS. We plot the generated results from 0 to 4 seconds, every 1 second.
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Figure 15: Qualitative results of our LAM on HuRoN. Each row shows the input image, ground-
truth target image, reconstruction, and ground-truth versus decoded actions. Endpoint error (EPE,
m) and yaw error (◦) are reported for each example.
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Figure 16: Qualitative results of our LAM on RECON. Each row shows the input image, ground-
truth target image, reconstruction, and ground-truth versus decoded actions. Endpoint error (EPE,
m) and yaw error (◦) are reported for each example.
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Figure 17: Qualitative results of our LAM on SCAND. Each row shows the input image, ground-
truth target image, reconstruction, and ground-truth versus decoded actions. Endpoint error (EPE,
m) and yaw error (◦) are reported for each example.
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Figure 18: Qualitative results of our LAM on Go Stanford (OOD). Each row shows the input image,
ground-truth target image, reconstruction, and ground-truth versus decoded actions. Endpoint error
(EPE, m) and yaw error (◦) are reported for each example.
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Figure 19: Qualitative results of our LAM on TartanDrive (OOD). Each row shows the input image,
ground-truth target image, reconstruction, and ground-truth versus decoded actions. Endpoint error
(EPE, m) and yaw error (◦) are reported for each example.
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Figure 20: Qualitative navigation results of OpenNWM on HuRoN. The top row shows the start and
goal images alongside ground-truth and predicted trajectories, with ATE and goal error reported in
meters. The bottom rows compare ground-truth and predicted observations at 0.5-second intervals
over a 2-second horizon.
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Figure 21: Qualitative navigation results of OpenNWM on HuRoN. The top row shows the start and
goal images alongside ground-truth and predicted trajectories, with ATE and goal error reported in
meters. The bottom rows compare ground-truth and predicted observations at 0.5-second intervals
over a 2-second horizon.
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Figure 22: Qualitative navigation results of OpenNWM on Office-go2 (OOD). The top row shows
the start and goal images alongside ground-truth and predicted trajectories, with ATE and goal error
reported in meters. The bottom rows compare ground-truth and predicted observations at 0.5-second
intervals over a 2-second horizon.

Start Goal

−0.8 −0.6 −0.4 −0.2 0.0 0.2 0.4 0.6
Lateral (m)

0.0

0.2

0.4

0.6

Fo
rw

ar
d 

(m
)

ATE 0.077 m   ·   Goal error 0.081 m
GT
OpenNWM

GT

t = 0 s t = 0.5 s t = 1 s t = 1.5 s t = 2 s

OpenNWM

Office-go2

Figure 23: Qualitative navigation results of OpenNWM on Office-go2 (OOD). The top row shows
the start and goal images alongside ground-truth and predicted trajectories, with ATE and goal error
reported in meters. The bottom rows compare ground-truth and predicted observations at 0.5-second
intervals over a 2-second horizon.
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Figure 24: Qualitative navigation results of OpenNWM on RECON. The top row shows the start and
goal images alongside ground-truth and predicted trajectories, with ATE and goal error reported in
meters. The bottom rows compare ground-truth and predicted observations at 0.5-second intervals
over a 2-second horizon.
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Figure 25: Qualitative navigation results of OpenNWM on RECON. The top row shows the start and
goal images alongside ground-truth and predicted trajectories, with ATE and goal error reported in
meters. The bottom rows compare ground-truth and predicted observations at 0.5-second intervals
over a 2-second horizon.
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Figure 26: Qualitative navigation results of OpenNWM on SCAND. The top row shows the start and
goal images alongside ground-truth and predicted trajectories, with ATE and goal error reported in
meters. The bottom rows compare ground-truth and predicted observations at 0.5-second intervals
over a 2-second horizon.
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Figure 27: Qualitative navigation results of OpenNWM on SCAND. The top row shows the start and
goal images alongside ground-truth and predicted trajectories, with ATE and goal error reported in
meters. The bottom rows compare ground-truth and predicted observations at 0.5-second intervals
over a 2-second horizon.
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Figure 28: Qualitative navigation results of OpenNWM on Go Stanford (OOD). The top row shows
the start and goal images alongside ground-truth and predicted trajectories, with ATE and goal error
reported in meters. The bottom rows compare ground-truth and predicted observations at 0.5-second
intervals over a 2-second horizon.
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Figure 29: Qualitative navigation results of OpenNWM on Go Stanford (OOD). The top row shows
the start and goal images alongside ground-truth and predicted trajectories, with ATE and goal error
reported in meters. The bottom rows compare ground-truth and predicted observations at 0.5-second
intervals over a 2-second horizon.
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Figure 30: Qualitative navigation results of OpenNWM on TartanDrive. The top row shows the start
and goal images alongside ground-truth and predicted trajectories, with ATE and goal error reported
in meters. The bottom rows compare ground-truth and predicted observations at 0.5-second intervals
over a 2-second horizon.
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Figure 31: Qualitative navigation results of OpenNWM on TartanDrive. The top row shows the start
and goal images alongside ground-truth and predicted trajectories, with ATE and goal error reported
in meters. The bottom rows compare ground-truth and predicted observations at 0.5-second intervals
over a 2-second horizon.
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