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Abstract

Video Joint Embedding Predictive Architecture (V-JEPA)
learns powerful spatiotemporal representations from video
through self-supervised latent feature prediction. However,
V-JEPA is built around random-mask completion and de-
terministic regression, making it fundamentally ill-suited for
autonomous driving planning that demands future-directed
prediction tightly coupled with action. To address this, we re-
think the V-JEPA paradigm and present WA-JEPA, a V-JEPA-
native world-action model designed for autonomous driving
planning. Instead of random spatiotemporal masking, WA-
JEPA employs hybrid future-masked pre-training, where the
model infers future latents from observed context. Depart-
ing from deterministic regression, we recast future predic-
tion as conditional flow matching over latent futures, which
substantially improves the model’s ability to generate plau-
sible future latents for downstream planning. Finally, a joint
future-action predictor is proposed to denoise future scene
tokens and ego trajectories together in a unified spatiotempo-
ral latent space, allowing action supervision to directly shape
planning-relevant world representations. Pre-trained on nu-
Plan videos and fine-tuned on NAVSIM, WA-JEPA reaches
91.7 EPDMS on NAVSIM-v2, surpassing the strongest end-
to-end and world-action baselines by 1.6 and 1.3 EPDMS,
and, without HUGSIM-specific fine-tuning, attains the best
HD-Score of 0.4462 on the closed-loop HUGSIM benchmark
under the same evaluation protocol. These results validate V-
JEPA-native world-action modeling as a powerful and scalable
paradigm for autonomous driving planning. Code is available
at https://github.com/AFARI-Research/WA-JEPA.

Introduction

End-to-end (E2E) autonomous driving distinguishes itself
from conventional perception-planning pipelines by learning
aunified model that directly maps raw sensor observations to
driving actions, thereby eliminating the compounding errors
and computational inefficiencies inherent in modular archi-
tectures (Hu et al. 2023). Despite this conceptual appeal,
traditional E2E methods (Jiang et al. 2023; Sun et al. 2025)
heavily rely on domain-specific perception supervision (e.g.,
object detection, semantic segmentation, and occupancy pre-
diction) and lack explicit reasoning capabilities, fundamen-
tally limiting their robustness in rare and long-tail driving
scenarios.

Recently, two emerging paradigms have sought to endow
E2E driving models with reasoning abilities that more closely

resemble human-like driving behavior. The first is the Vision-
Language-Action (VLA) paradigm (Li et al. 2025¢e; Xu et al.
2025a; Li et al. 2025d; Jia et al. 2026), which leverages the
language understanding capacity of Vision-Language Mod-
els (VLMs) to make driving decisions from sparse visual ob-
servations. In principle, this enables models to reason about
complex traffic situations through natural language. How-
ever, the majority of VLA methods (Chen, Wang, and Zhang
2025; Li et al. 2025a) simply learn a direct mapping from
dense visual inputs to sparse action outputs, suffering from a
severe supervision deficit (Li et al. 2025d): the vast informa-
tion bottleneck between rich perceptual signals and minimal
action supervision leaves the model poorly constrained.

The second paradigm, World-Action Models (WAMs) (Li
et al. 2025d; Xia et al. 2025; Huang et al. 2026; Wang et al.
2026b; Shi et al. 2026; Liu et al. 2026a), takes a funda-
mentally different approach: instead of relying on language
as the medium of reasoning, WAMs harness the visual rea-
soning capability of video generation models (Wan et al.
2025; HaCohen et al. 2024), i.e., their ability to predict
future scene dynamics at pixel level, to inform and guide
action decisions. Because future frame prediction naturally
provides dense self-supervision without requiring costly per-
ception annotations, WAMs offer a promising solution to
the supervision deficit problem (Li et al. 2025d). Critically,
this paradigm does not require linguistic reasoning, making
it arguably more aligned with the visual foresight involved
in driving. However, many video-generation-based WAMSs
perform world modeling in a latent space compressed by a
Variational Autoencoder (VAE). This impoverished repre-
sentation space with limited spatiotemporal semantics may
constrain the model’s ability to understand and reason about
the evolving driving world. A question thus arises: can we
enrich the spatiotemporal semantics of the latent represen-
tations that underpin WAMs, thereby endowing them with
stronger spatiotemporal reasoning and, ultimately, superior
driving performance?

In parallel, a major branch of world model research, the
Video Joint Embedding Predictive Architecture (V-JEPA)
family (Bardes et al. 2024; Assran et al. 2025), has developed
feature-level masked modeling for self-supervised learning
of spatiotemporal representations from massive video cor-
pora. These representations transfer effectively to a wide
range of downstream visual understanding tasks, demon-
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Figure 1: Comparison of V-JEPA, video-based world-action models, and our WA-JEPA. Our method bridges semantic repre-
sentation learning and predictive world modeling through future-frame masking.

strating remarkable spatiotemporal semantic richness. How-
ever, V-JEPA is architecturally ill-suited for planning tasks
for three reasons. First, V-JEPA pre-training applies random
spatiotemporal masking to videos and trains the model to pre-
dict the full sequence of features from partially masked con-
text. This is inherently a completion objective, which lacks
the future-directed predictive capability that is essential for
planning. Second, V-JEPA performs this masked prediction
via regression, which, while adequate for filling in missing
patches within an otherwise observed temporal context, is in-
sufficient for generating entirely unseen future tokens, a task
that inherently requires generative modeling. Third, although
V-JEPA can be fine-tuned for action-conditioned future pre-
diction (Assran et al. 2025), the gap to actionable planning
remains vast: existing approaches require a goal image and
rely on Model Predictive Control (MPC) with multi-round
optimization to recover actions, falling far short of interactive
online planning.

In this paper, we rethink the V-JEPA paradigm for world-
action modeling in autonomous driving. Our goal is to pre-
serve and leverage V-JEPA’s powerful spatiotemporal rep-
resentation capacity, while fundamentally extending it with
causal future generation abilities, and jointly modeling it
with action. This yields a novel, V-JEPA-native World-Action
Model paradigm, which we term WA-JEPA.. Our core techni-
cal innovations consist of three key designs: (1) Pre-training
with Hybrid Future Masking. In contrast to the original V-
JEPA, which employs random spatiotemporal masking to
train a context-completion model, we introduce a carefully
designed hybrid future mask strategy: the model observes
past frames and predicts the spatiotemporal features of fu-
ture frames. This endows V-JEPA with future prediction
capability, directly aligning the pre-training objective with
the forward-predictive demands of planning. (2) V-JEPA-
based World Modeling with Flow Matching. Rather than
regressing masked features from context as in the original V-
JEPA, we reformulate future prediction as a flow-based gen-
eration process over the spatiotemporal feature space. This

generative formulation substantially improves the model’s
ability to produce plausible futures, providing a richer evi-
dentiary basis for downstream planning. (3) V-JEPA-based
Joint World-Action Modeling. Whereas the original V-
JEPA models only the visually-observed world, we extend
the architecture to jointly model world states and ego actions
in a unified spatiotemporal latent space. This tight coupling
between visual representations and action representations en-
ables V-JEPA-native future reasoning and decision-making
within a single coherent framework.
Our contributions are summarized as follows:

* We propose a V-JEPA-native World-Action Model, WA-
JEPA, which harnesses V-JEPA’s powerful spatiotempo-
ral representations to strengthen joint world-action mod-
eling, achieving substantial improvements in planning ca-
pability for autonomous driving.

* We introduce a suite of architectural innovations—hybrid
future masking for pre-training, latent world modeling via
flow matching, and joint world-action modeling—that
systematically adapt the V-JEPA architecture for plan-
ning, while carefully preserving its core representation
learning strengths.

* Extensive experiments on the open-loop NAVSIM-v1 and
NAVSIM-v2 benchmarks establish a new state of the art,
and zero-shot evaluation on the closed-loop simulator
HUGSIM (Zhou et al. 2024b) shows that the gain carries
over to closed-loop driving.

Related Work

End-to-end driving and world-action models. E2E driv-
ing maps sensor observations directly to ego motion (Hu
et al. 2023; Jiang et al. 2023; Liao et al. 2025), while VLA
models incorporate language reasoning or VLM-guided tra-
jectory refinement (Shao et al. 2024; Hwang et al. 2024; Zhou
et al. 2026; Wang et al. 2026¢c). WAMs augment direct plan-
ning with learned future-scene prediction (Wang et al. 2024;
Li et al. 2025c¢; Zhu et al. 2026; Wang et al. 2026b; Hong



et al. 2026; Li et al. 2025d). As illustrated in Fig. 1(a), exist-
ing WAMs explore different choices of world representation
and the coupling between future-scene prediction and action
generation. In particular, coupled video-based WAMs jointly
model future visual content and actions within a shared gen-
erative process, using video-generation priors or video la-
tents (Liu et al. 2026a; Shi et al. 2026), as shown in Fig. 1(b).
Although this coupling provides a direct interface between
future-scene generation and planning, these methods inherit
the limitations of video-generative latent spaces: their repre-
sentations are primarily optimized for visual generation and
reconstruction, which may limit semantic abstraction and the
modeling of action-relevant future states.

Predictive representations for world-action modeling.
Recent world-action models explore predictive representa-
tions beyond pixel-level reconstruction. Latent-WAM uses
spatially aware latent scene representations for future world
modeling and trajectory planning (Wang et al. 2026b), while
DINO-WM predicts future features from a pre-trained DI-
NOv?2 encoder to support action-conditioned planning (Zhou
et al. 2024a). As shown in Fig. 1(c), JEPA-based approaches
learn powerful spatiotemporal representations by predicting
target embeddings rather than reconstructing (Bardes et al.
2024; Assran et al. 2025). However, V-JEPA primarily pro-
vides predictive visual representations and does not directly
specify how these representations should be converted into
future actions or planning decisions. Drive-JEPA attempts
to bridge this gap by introducing a V-JEPA encoder into an
end-to-end driving model, but still relies on a separate down-
stream trajectory planner (Wang et al. 2026a). WA-JEPA
instead extends predictive representation learning to jointly
predict future world features and ego trajectories within a
shared predictive representation.

Method

Preliminaries

Our method is greatly inspired by V-JEPA 2 (Assran et al.
2025), which learns predictive representations in latent space
instead of reconstructing raw pixels. As shown in Fig. 1 (c),
given a masked observation « and a target observation (3,
V-JEPA 2 trains a predictor to infer the target latent from the
context latent:

min [Py (Ep(ar)) — sg(Eq(B)); (1

where Ejy is the online encoder, Ej is the target encoder,
P, is the latent predictor, and sg(-) denotes stop-gradient.
The target encoder is updated with an exponential moving
average (EMA):

0 pf + (1 - p)f, )
where p is the EMA momentum coefficient.

Overview

We formulate end-to-end autonomous driving as conditional
future-action generation. Given historical multi-view obser-
vations Xj.j7, ego state s, and historical actions );.jz, the

model predicts future actions through the following map-
ping:

. . K
fo (X, 8, Y1:0) = Voy1nex = {(i'k,?}k’ ¢k~)}k71 ;
3)
where fy denotes the world-action model parameterized by
0, H and K represent the number of historical frames and

future frames, respectively. Here, (2, ¢ ) and ng denote the
predicted ego position and heading at the k-th future frame
over a planning horizon of K steps.

As shown in Fig. 2, WA-JEPA follows a two-stage training
scheme. Stage 1 adapts pre-trained V-JEPA 2 to multi-view
driving data by predicting future representations under a hy-
brid masking strategy. Stage 2 adds action supervision and
extends the predictor with an action stream, enabling joint
prediction of future scene representations and ego actions.

Stage 1: Hybrid Future-Masked Pre-training

Stage 1 employs a hybrid objective combining a causal Full-
mask branch with a Patch-mask completion branch on syn-
chronized multi-view driving observations, without action
supervision. The former learns strictly past-to-future dynam-
ics, while the latter retains partial future context to facili-
tate representation learning and preserve the partial-masking
paradigm of V-JEPA 2.

Multi-view spatio-temporal encoder. We adopt a pre-
trained V-JEPA 2 ViT-L as the visual backbone. Each training
sample contains historical and future frames from C' synchro-
nized cameras:

Xig+x = (X, Xui1H4K], X ={X19,, @

where X[ represents the frame from the c-th camera at the
t-th time step.

Subsequently, the model treats each camera stream as a
separate video and processes all views independently with
the shared online encoder to generate visual tokens. Dur-
ing training, history tokens remain visible, while masking
is applied only to future tokens. Specifically, we employ a
hybrid strategy that combines full future masking with patch-
masked future completion. Full masking designates all future
tokens as prediction targets and therefore requires prediction
from historical context alone. Patch masking retains a sub-
set of future tokens as visible conditions and predicts the
remaining masked tokens, reducing the learning difficulty
while retaining the partial-masking prediction style of V-
JEPA 2.

The outputs derived from historical frames serve as context
scene tokens Zgiy :

thx = E0 (Xle) . (5)

For future frames, the mask pattern M (M) where m €
{full, patch}, is applied before the online encoder, such that
only visible future patches are provided to Ey. The model
then combines the encoded visible tokens with learnable
mask tokens Zy,,sk to construct the future condition tokens:

Zégfii =o(m (Zmask, Ey (XH+1:H+K, M(m))) )
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Figure 2: Overview of WA-JEPA. Stage 1 adapts V-JEPA 2 to multi-view driving videos by predicting future representations
under full-future and patch-level masks. Stage 2 initializes from this checkpoint and jointly predicts future scene representations

and ego actions with the Joint Future-Action Flow Predictor.

where ®(")(-) denotes a mask-aware fill-and-scatter opera-
tion. It initializes a full future-token sequence with learnable
mask tokens and scatters the encoded visible future tokens
back to their original positions according to the mask pattern.
Under Full-mask, no future patch is provided to the online

encoder, and Z ™
mask tokens.

Meanwhile, the EMA target encoder provides unmasked
target representations for the future frames, yielding the clean
future scene target Z7, ..

therefore consists entirely of learnable

Zf*uture = E§ (XH+1:H+K) . @)
These target representations is used solely to provide latent
supervision for future scenes.

flow-based latent future prediction. We use flow match-
ing for future latent prediction. We use conditional flow
matching with a clean-latent (x-prediction) parameterization
for future latent prediction. First, we sample Gaussian noise
€future ~ N (0, I) with the same dimensionality as the future
scene tokens and continuous flow time ¢. The noisy future
scene tokens Z; at time ¢ is obtained via linear interpolation:

Z = (1 - t)efuture + th*uturc' ®)

The future flow predictor receives the historical context
Z.tx, future condition Z..,4, noisy future scene tokens Z;,
and temporal condition ¢, and predicts the clean future scene

tokens qumre:
2future = qu}uture (thxa Zcondv Ztv t) . (9)

The future flow predictor follows an MMDiT (Multimodal
Diffusion Transformer)-style (Esser et al. 2024) design, pri-
marily performing joint self-attention between context scene
tokens and future scene tokens.

Training objective. In Stage 1, the model is pre-trained on
multi-view driving observations from the nuPlan dataset.
During this stage, the model is optimized using a mean
squared error (MSE) loss on the clean future latent predic-
tion:

»CStagc 1= ﬁfuturc =

" 2
Zrure = 58 ()| |+ (10)

v|

N
where N denotes the number of future scene tokens in-

cluded in the loss computation. This clean-latent objective

corresponds to the z-prediction parameterization of condi-
tional flow matching described above.

Stage 2: Joint World-Action Modeling

Stage 2 introduces an action generation stream, jointly mod-
eling future scene representations and actions within a unified
model. The model is initialized using the pre-trained weights
from Stage 1 and further adapted to the action planning task
through action supervision.

Joint future-action predictor. In Stage 2, the joint predic-
tor further incorporates historical actions and the compact
ego state. Together, they serve as ego-motion conditions for
future actions generation. Different from Stage 1, only full
future mask is used in Stage 2 for consistency with the causal
nature of driving. Future images are used only to construct
supervision signals for the future scene latent prediction and
are not provided as input to the student predictor.

For the action stream, we first normalize the ground-truth
future actions and construct noisy actions in the normalized
action space:

Vi=(1—t)ey +tVus1+x, € ~N(0,I), an

Yus1.+x = Norm(Vyy1.0+4k),



where Norm(-) denotes the action normalization operation,
Yu+1:.7+x denotes the normalized ground-truth future ac-
tions, €, denotes Gaussian noise with the same dimension-
ality as the future actions, and }); denotes the noisy future
actions at time ¢. ~

Subsequently, the noisy future actions ), historical ac-
tions V1.x7, and ego state s are separately encoded and con-
catenated to form the action tokens 7Ta¢i:

7:1(3(3 = COHC&t [7:7,7771,3 7;] )
T =Fu(Dy), Th=Fu(Dru), Ts=Fs(s).

where F), is a linear projection, and F}, and F are MLP
encoders.

The joint predictor models interactions among the histori-
cal context scene tokens Z.i, future scene tokens Z.,,q and
noisy future scene tokens Z;, and action tokens 7, at time
t. Its future scene and action output streams are respectively
defined as

(12)

quture - P:Zuture (thx» Zcond7 Zta Sg(’];ct) 7t) ) (13
- )
yH+1:H+K = P:ZCt (th)u Zconda Zt7 Ecta t) .

Here, Pi}‘t“re and PijCt denote the future scene and ac-
tion output streams of the same joint predictor, which also
follows an MMDiT-style design, rather than two indepen-
dent predictors. Under the Full-mask setting used in Stage 2,
Zeond = 2, C(iilé) consists entirely of learnable mask tokens,
so no future image content is visible to the joint predictor.

y H+1:H+ K denotes the predicted normalized future actions.
We apply stop-gradient sg(+) to the action tokens only in the
future scene output stream, preventing the future scene pre-
diction loss from updating the action stream. Further details
and analysis of this design are provided in Appendix C.

Training objective. The future scene stream follows the
future scene prediction loss defined in Stage 1. This objec-
tive preserves the model’s future scene modeling capability
during action-supervised fine-tuning. The action stream pre-
dicts denoised future actions in the normalized action space
and is optimized using the MSE between the predicted and
ground-truth actions over all future steps:

A — 112
Yk _ka27

1 K
Eact = E Z
k=1

yr = Norm (2, yr, P) »

(14)

where y, denotes the normalized ground-truth action at the
k-th future frame, yj, denotes the corresponding predicted
normalized action.

Finally, the overall Stage 2 training objective is
['Stage 2 = Afutureﬁfuture + )\actﬁact- (15)

Here, Afuture and A,c¢ are the weighting coefficients for the
future scene and action losses, respectively.

Planning inference. During inference, the model takes
only historical multi-view observations, historical actions,
and ego state as inputs. The future scene latents and normal-
ized future actions are initialized from Gaussian noise. At
each sampling step, the joint predictor estimates their clean
endpoints, which are converted into velocities along the lin-
ear flow paths and iteratively integrated. Neither future im-
ages nor ground-truth future actions are required during this
process.

After sampling, the predicted normalized actions are trans-
formed back to the original action space to obtain the final
future actions:

Vi1 x = Norm™! (j)H-Q—l:H—&-K) . (16)

Here, Norm ™ (-) denotes the action denormalization opera-
tion.

Experiments
Experimental Setup

Datasets, benchmarks, and metrics. In Stage 1, the model
is pre-trained on multi-view driving videos from nuPlan,
and Stage 2 is trained on the official NAVSIM navtrain
split. Evaluation is performed on the held-out navtest split
under NAVSIM-v1 and NAVSIM-v2 (Dauner et al. 2024; Cao
et al. 2025), using the official PDMS and EPDMS scores and
their sub-metrics, which are defined in Appendix D.

Implementation details. The model takes four histori-
cal frames from the left, front, right, and rear cameras at
256 x 512 resolution and predicts eight actions at 2 Hz. The
visual encoder is initialized from the V-JEPA 2 ViT-L back-
bone pre-trained in Stage 1. The future scene and action
streams are jointly optimized with AdamW, bfloat16 preci-
sion, and DeepSpeed ZeRO-2. Stage 1 and Stage 2 use 64 and
32 NVIDIA A800 GPUs, respectively, with a per-GPU batch
size of 4. The encoder, scene projector, and joint predictor
use learning rates of 1 x 107°%,1 x 1074, and 1.5 x 104,
respectively, with weight decay 0.04. At inference, the WA-
JEPA Joint future-action predictor uses 12 sampling steps.
We evaluate its stochastic predictions using a fixed set of
10 seeds and report the mean, while deterministic baselines
are evaluated once. Detailed settings are provided in Ap-
pendix C.

Baselines. We compare WA-JEPA with representative
E2E, VLA, and WAM baselines under compatible input
modalities and evaluation protocols.

Comparison with Existing Methods

Quantitative results. As shown in Table 1, WA-JEPA
achieved an EPDMS of 91.7 on NAVSIM-v2, exceeding the
best-performing E2E method, SparseDriveV2, by 1.6 and the
best-performing WAM method, Discrete-WAM, by 1.3. On
NAVSIM-v1 (Table 3), WA-JEPA attained a PDMS of 91.8.

Zero-shot closed-loop generalization. We compare WA-
JEPA with LTF (Chitta et al. 2022), DrivoR (Kirby et al.
2026), UniAD (Hu et al. 2023), and VAD (Jiang et al. 2023)
on 436 HUGSIM scenarios (Zhou et al. 2024b). WA-JEPA’s



Method Backbone

NCt DACt DDC{ TLCt EPt TTCt LKt HCt ECt EPDMS* ¢ EPDMS?T

End-to-End Methods

TransFuser (Chitta et al. 2022) RegNetY-3.2GF 969 899 97.8 99.7 87.1 954 927 983 87.2 76.7 -
ARTEMIS (Feng et al. 2025) ResNet-34 983 951 98.6 99.8 81.5 974 96.5 93.3 - 83.1 -
Hydra-MDP++ (Li et al. 2025b) V2-99 98.8 97.8 99.1 100 84.0 953 70.1 - 96.8 84.1 -
DiffusionDrive (Liao et al. 2025)  ResNet-34 982 959 994 99.8 87.5 973 96.8 98.3 87.7 - 84.5
Drive-JEPA (Wang et al. 2026a) ResNet-34 988 974 99.0 99.8 83.5 98.0 96.2 98.1 85.6 85.4 -
Drive-JEPAT (Wang et al. 2026a)  ViT-L 984 98.6 99.1 99.8 834 97.8 97.6 97.9 8438 87.8 -
DiffusionDriveV2 (Zou et al. 2025) ResNet-34 977 96.6 99.2 99.8 839 972 96.0 97.8 91.0 85.5 87.5
DriveSuprim (Yao et al. 2025) V2-99 97.8 979 995 999 90.6 97.1 96.6 983 77.9 86.0 -
SparseDriveV2 (Sun et al. 2026) ResNet-34 98.1 98.1 99.6 99.8 91.1 973 969 982 784 86.7 90.1
VLA Methods

ReCogDrive (Li et al. 2025¢) InternVL3 983 952 995 99.8 87.1 97.5 96.6 98.3 86.5 83.6 -
WAM-Flow (Xu et al. 2025b) Janus-1.5B 98.5 945 995 99.8 869 968 974 97.6 73.9 84.7 -
WAM-Diff (Xu et al. 2025a) LLaDA-V 99.0 984 993 999 87.0 98.6 96.2 98.1 78.5 - 89.7
World-Action and World-Model Methods

DriveVLA-WO (Li et al. 2025d) Emu3-8B 98.5 99.1 98.0 99.7 86.4 98.1 93.2 979 589 86.1 -
DriveWorld-VLA (Jia et al. 2026)  InternVL 98.6 99.1 99.6 99.8 874 979 97.0 97.8 78.6 - 86.8
CoWorld-VLA (Huang et al. 2026) Qwen3 99.1 97.0 99.6 999 879 985 97.7 982 86.2 86.2 90.0
DreamerAD (Yang et al. 2026) Transformer-1.3B 98.0 972 995 99.8 87.8 974 975 983 724 - 87.7
Latent-WAM (Wang et al. 2026b) DINOv2-B 98.1 973 99.6 99.8 87.7 973 97.6 98.1 87.3 - 89.3
DriveFuture (Hong et al. 2026) V2-99 98.8 99.1 99.6 999 86.6 984 964 983 74.8 86.4 89.9
Discrete-WAM (Yao et al. 2026) Transformer-1B 98.5 98.2 99.7 99.8 90.5 979 97.2 98.3 78.1 87.0 90.4
WA-JEPA (ours) ViT-L 994 982 99.7 999 87.8 989 98.3 983 88.1 88.0 91.7

Table 1: Comparison with state-of-the-art methods on NAVSIM-v2 navtest. Methods are grouped by modeling paradigm.
Backbone lists the primary visual or vision-language backbone used by each method. T marks results using auxiliary simulator-
derived supervision. EPDMS* refers to scores obtained before correction of the human-reference penalty-filter aggregation,

whereas EPDMS reports the corrected scores.
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WA-JEPA LTF DrivoR UniAD VAD

All 436 scenarios

NC 0.6856 0.4428 0.5217 0.6555 0.4117
DAC 0.9635 0.9275 0.9559 0.9320 0.9028
TTC 0.6120 0.3751 0.4620 0.5156 0.2798
Comf. 0.6620 0.9478 0.9390 0.6633 0.9534
PDMS 0.5717 0.3653 0.4475 0.4940 0.2831
RC 0.5689 0.3804 0.4721 0.4383 0.3006
HD-Score 0.4462 0.2310 0.3252 0.3124 0.1393
HD-Score by difficulty level

Easy (n=80) 0.7977 0.6608 0.7799 0.6395 0.4197
Medium (n=157) 0.5563 0.1547 0.2911 0.3718 0.0849
Hard (n=96) 0.3060 0.1204 0.2000 0.2099 0.0770

Extreme (n=103) 0.1362 0.1167 0.1407 0.0632 0.0626

Table 2: Zero-shot closed-loop results on HUGSIM. Values
are on the [0, 1] scale; higher is better, and the best result in
each row is bold.

Method NCt DACT TTCt Comf.? EPt PDMS?T
End-to-End Methods

TransFuser 97.7 928 928 100 79.2 84.0
DiffusionDrive 982 962 947 100 82.2 88.1
Drive-JEPA 98.7 962 955 100 82.9 89.0
VLA Methods

ReCogDrive 979 973 949 100 87.3 90.8
WAM-Flow 99.2 983 97.0 99.7 82.3 90.3
WAM-Dift 99.1 983 96.5 99.9 844 91.0

World-Action and World-Model Methods

CoWorld-VLA 99.1 969 964 100 83.9 89.9
DriveVLA-WO0 98.7 99.1 953 99.3 83.3 90.2
DriveWorld-VLA 99.1 982 96.1 100 85.9 91.3
DriveLaW 99.0 97.1 96.7 100 81.3 89.1
DriveFuture 98.8 99.1 954 100 84.2 90.7

WA-JEPA (ours) 99.5 983 977 100 85.0 91.8

Table 3: Comparison on NAVSIM-vl navtest.

two training stages use neither HUGSIM-rendered observa-
tions nor any of its four source datasets; DrivoR is similarly
source-disjoint. All methods follow the common protocol de-
tailed in Appendix A, sharing the same scenarios, controller,
commands, aggregation, and metric implementation while
retaining their native sensor configurations.

As shown in Table 2, WA-JEPA achieves the best NC,
DAC, TTC,PDMS, RC, and HD-Score, improving HD-Score
from 0.3252 to 0.4462. This result demonstrates that joint
world—action pre-training transfers effectively to closed-loop
control, with the largest gains on the medium and hard levels.

Qualitative evaluation. Qualitative results are provided in
Appendix B, including closed-loop HUGSIM rollouts and
NAVSIM trajectory comparisons.

Ablation Studies

Vision encoder initialization. Table 4(a) isolates the con-
tribution of the visual encoder. Every variant is trained di-
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Figure 4: Temporal representation preservation with flow
matching (FM) and direct regression (Reg.). A lower
directional-similarity collapse gap and a change-magnitude
collapse closer to 1 indicate better preservation of the target
temporal dynamics.

rectly in Stage 2 without any Stage 1 pre-training, so the
models share the same Stage 2 architecture, training data, and
optimization protocol and differ only in how the encoder is
initialized. The publicly released V-JEPA 2 weights reach an
EPDMS of 89.5, exceeding the strongest alternatives, MAE
and DINOV3, by 5.7 EPDMS, whereas the three image-level
self-supervised and vision—language initializations lie within
0.7 EPDMS of one another. The gap therefore tracks the V-
JEPA 2 pre-training objective rather than the choice among
image-level objectives, which motivates adopting a V-JEPA
2 encoder as the backbone of our world-action model.

Encoder EPDMST Patch-mask  Full-mask EPDMST

MAE 83.8 89.5
SigLIP2 83.1 v 91.0
DINOv3 83.8 v 91.3
V-JEPA2  89.5 v v 91.7

(a) Encoder (b) Stage 1 Pre-training

Future Pred.

Joimt ~ """ EPDMS?T
FM Reg.
89.9
v 90.8
v 91.1
v v 90.7
v v 91.7

(c) Stage 2 Component

Table 4: Ablations on NAVSIM-v2 navtest. (a) Vision en-
coder selection. (b) Masking strategy in Stage 1. The first row
represents the baseline that skips Stage 1 pre-training and di-
rectly uses the original pre-trained V-JEPA 2 for Stage 2 train-
ing. (c) Joint future—action predictor and future-prediction
methods in Stage 2. FM and Reg. denote flow matching
and direct regression, respectively. The first row denotes
an action-only Stage 2 baseline initialized from the Stage 1
checkpoint and fine-tuned with aciton supervision, without
joint scene-action modeling or future prediction.



Stage 1 masking strategies. Table 4(b) ablates the mask-
ing design in Stage 1. The first row directly uses the original
pretrained V-JEPA 2 checkpoint without our Stage 1 pre-
training on nuPlan, serving as the no-Stage 1 baseline with
an EPDMS of 89.5. Applying Patch-mask alone improves
EPDMS to 91.0 by providing partial future context for rep-
resentation learning, while Full-mask achieves 91.3 by en-
forcing strictly causal past-to-future prediction. Combining
both strategies yields the best performance of 91.7, outper-
forming the individual variants by 0.7 and 0.4, respectively.
This demonstrates that Patch-mask and Full-mask provide
complementary training signals.

Stage 2 scene-action coupling and future prediction.
Table 4(c) ablates scene—action modeling and future-latent
supervision in Stage 2. The first cascaded baseline uses only
historical latent features through cross-attention and obtains
89.9 EPDMS. Adding a separate flow-based future predic-
tor and injecting its predicted future latents through the same
cross-attention design improves EPDMS to 90.8. Under joint
modeling, the baseline without explicit future-latent supervi-
sion achieves 91.1. Adding direct regression reduces EPDMS
to 90.7, whereas flow-based future prediction yields the best
result of 91.7. These results show that future-scene prediction
and joint scene—action modeling are complementary, while
the choice of prediction objective also matters.

Future representation analysis. To examine how the two
prediction objectives affect future representations, Fig. 4 re-
ports two target-referenced metrics. The directional simi-
larity collapse gap measures excessive cross-step similarity
relative to the target representations (lower is better), while
the change-magnitude collapse measures the predicted tem-
poral variation relative to the targets (closer to 1 is better).
Detailed definitions are provided in Appendix E. Compared
with direct regression, flow matching reduces the directional
similarity collapse gap from 0.30 to 0.10 and increases the
change-magnitude collapse from 0.45 to 0.80. Figure 3 pro-
vides complementary qualitative evidence: flow matching
retains clearer spatial structures over the prediction horizon,
whereas direct regression becomes progressively smoother.

Conclusion

We presented WA-JEPA, a V-JEPA-native world-action
model that extends V-JEPA 2 from visual representation
learning to future-predictive planning for autonomous driv-
ing. By combining hybrid future-masked pre-training, pre-
diction of future latents via flow matching, and joint future—
action modeling, WA-JEPA learns future scene dynamics
and actions within a shared spatiotemporal latent space. WA-
JEPA achieves 91.7 EPDMS on NAVSIM-v2 navtest and
a 0.4462 HD-Score on 436 HUGSIM closed-loop scenar-
ios, demonstrating strong open-loop planning and zero-shot
closed-loop generalization.
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A. HUGSIM Closed-Loop Evaluation

Protocol. The 436 scenarios span four source datasets and
four difficulty levels; the difficulty distribution is reported
in Table 2 of the main text and the dataset distribution in
Table 6. All methods use the same scenarios, ground-truth
driving commands, aggregation procedure, and HUGSIM
controller and evaluator. Specifically, we use HUGSIM at
commit eadl7£2, which applies the trajectory-to-heading
coordinate-order correction introduced in PR #57. Sensor
configurations follow the original methods: LTF uses three
front-view cameras, while the others use four.

We rescore all evaluated methods using this fixed code
snapshot, ensuring consistent controller and metric imple-
mentations. DrivoR was originally evaluated on an earlier
HUGSIM release containing 345 scenarios, whereas our
evaluation uses the current 436-scenario set. Its published
scores are therefore not directly comparable to those re-
ported here. For DrivoR, we report the variant trained on the
combined NAVSIM training and validation sets without the
additional simulated training data introduced in SimScale.
In contrast, Stage 2 of WA-JEPA uses only the NAVSIM
training set.

Aggregation robustness. Within each difficulty level we
average scenarios uniformly inside a source dataset and then
average the four datasets uniformly, as in the HUGSIM
benchmark. The single overall HD-Score is obtained by
weighting the four difficulty levels by their scenario counts
(80/157/96/103), following subsequent work on this bench-
mark. Table 5 reports two alternative rules, uniform averag-
ing over the four datasets and uniform averaging over all 436
scenarios. The method ranking in the main text is unchanged
under both.

Per-dataset results. Table 6 reports the HD-Score sepa-
rately for each HUGSIM source dataset. None of the four
datasets is used for either Stage 1 or Stage 2 training. WA-
JEPA achieves the highest HD-Score on every dataset, in-
dicating consistent source-disjoint generalization across di-
verse visual domains.

Aggregation WA-JEPA  LTF DrivoR UniAD VAD
Primary 0.4462 0.2310 0.3252 0.3124 0.1393
0.4483 0.2300 0.3246 0.3085 0.1304
0.4464 0.2243 0.3194 0.3082 0.1266

Dataset-uniform
Scenario-uniform

Table 5: HD-Score under three aggregation rules. Primary
is the rule described above; the other two rows average uni-
formly over the four datasets and over all 436 scenarios,
respectively. The best result in each row is bold.

Dataset n WA-JEPA LTF DrivoR UniAD VAD
0.4725 0.3334 0.3830 0.3405 0.2069
0.2963 0.0969 0.2175 0.0550 0.0272
0.5542 0.2478 0.4025 0.4372 0.1376
0.4702 0.2419 0.2955 0.4012 0.1500

nuScenes 88
KITTI-360 113
Waymo 108
PandaSet 127

Table 6: Per-dataset HD-Scores on the 436 HUGSIM sce-
narios. n denotes the number of scenarios. The best result in
each row is bold.

Statistic EPDMS
Number of seeds 10

Mean 91.7014
Standard deviation 0.0531
Standard error 0.0168

95% t-confidence interval  [91.6634, 91.7393]
Median 91.6960
Range [91.6294, 91.8070]

Table 7: Seed-level EPDMS variability for the main WA-
JEPA experiment over a fixed set of ten seeds.

B. Qualitative Results

HUGSIM closed-loop rollouts. Figure 5 visualizes zero-
shot closed-loop rollouts across turning, oncoming-vehicle
encounters, and overtaking. WA-JEPA follows the drivable
corridor and maintains lateral clearance from reactive agents
across all four source datasets despite the visual domain gap
between HUGSIM renderings and the training data.

NAVSIM trajectory predictions. Figure 6 shows repre-
sentative Stage 2 predictions on NAVSIM. Across turning,
fork and gateway navigation, stopping, and straight-driving
scenarios, the predicted trajectories agree with the references
in maneuver direction and overall geometry, with only minor
local deviations.

C. Additional Experimental Details

Details of stop-gradient design. Although the scene out-
put stream conditions on the action tokens during the forward
pass, gradients from the scene prediction loss are blocked
at the action-token interface and therefore do not update
the action stream. In contrast, the action output stream at-
tends to differentiable historical context and future scene to-
kens, allowing action supervision to shape the learned scene
representations through the joint interaction module. This
asymmetric gradient design preserves future scene predic-
tion while encouraging the scene representations to capture
future dynamics that are relevant to ego planning.

Inference details and seed-level variability. The WA-
JEPA flow predictor uses 12 sampling steps. For all experi-
ments involving stochastic noise initialization, we use a fixed
set of ten seeds. For each seed, we reinitialize the sampling
noise and run the full evaluation while keeping the model
parameters, scenarios, and inference settings unchanged. All
sub-metrics and EPDMS are computed independently for
each seed, with EPDMS following Eq. (21). We report their
arithmetic mean before rounding.

As shown in Table 7, the main WA-JEPA experiment
achieves a mean EPDMS of 91.7014, which is reported
as 91.7 in the main text after rounding. Methods without
stochastic noise initialization are evaluated once, while all
reproduced baselines use their native inference procedures.

D. NAVSIM Evaluation Metrics

Evaluation follows the official NAVSIM protocol, with all
scores computed by the pseudo-simulator on navtest. This


https://github.com/hyzhou404/HUGSIM/commit/ead17f2ad97f71fd21fa6f66237a7c05364ed98e
https://github.com/hyzhou404/HUGSIM/pull/57

Turning

PandaSet nuScenes KITTI-360

Waymo

Overtaking

Figure 5: Zero-shot closed-loop rollouts of WA-JEPA on HUGSIM. Rows correspond to the four source datasets and columns
to three scenario types. Each pair shows the front camera with the projected 4 s plan (left) and the BEV view with the planned
trajectory and detected objects (right). The green region marks the drivable corridor, the yellow—red curve the planned trajectory,

the green box the ego vehicle, and orange boxes other agents.

section defines each sub-metric and the aggregation rules
used in Tables 1 and 3 of the main text.

Sub-metrics. NAVSIM-vl uses five sub-metrics: no-at-
fault collision (NC), which is 0 if the ego vehicle causes a
collision and 1 otherwise (collisions for which the ego is not
responsible, e.g. being rear-ended, are excluded); drivable-
area compliance (DAC), which is O if any part of the ego
footprint leaves the drivable area and 1 otherwise; time-to-
collision (TTC), which is 1 when the minimum time-to-
collision along the rollout stays above a safety threshold un-
der a constant-velocity projection of the ego and surrounding
agents; comfort (Comf.), which is 1 when longitudinal and
lateral accelerations, jerk, and yaw rate remain within the
human-driving bounds estimated from the dataset; and ego
progress (EP), the ratio of the ego’s traveled distance along
the route centerline to that of the privileged PDM-Closed
planner, clipped to [0, 1].

NAVSIM-v2 additionally introduces: driving-direction
compliance (DDC), which penalizes driving against the nom-
inal direction of the current lane, with a graded penalty
depending on the magnitude of the violation; traffic-light
compliance (TLC), which is 0 if the ego crosses a stop line
under a red light and 1 otherwise; lane keeping (LK), which
measures whether the ego stays within its assigned lane cor-
ridor over the horizon; history comfort (HC), which evalu-
ates comfort bounds jointly over the past trajectory and the
planned trajectory, thereby penalizing abrupt transitions at

the planning boundary; and extended comfort (EC), which
measures the consistency of the kinematic profile across the
two stages of the pseudo-simulation, so that trajectories that
change sharply between rollouts are penalized.

Aggregation. Sub-metrics are grouped into multiplicative
penalties M., and a weighted average My,. The NAVSIM-
v1 Predictive Driver Model Score (PDMS) is

5TTC + 2 Comf. + 5 EP
12 ’

PDMS = NC - DAC - (17)
——

Mpen

so that a single safety violation drives the score to zero,
while the remaining terms trade off safety margin, comfort,
and progress.

The NAVSIM-v2 Extended PDMS (EPDMS) additionally
applies a human-reference penalty filter before aggregating
the sub-metrics. Let 575" and s"2" denote the agent and
human-reference scores, respectively, for metric m in sce-
nario ¢. For original first-stage pseudo-simulation scenarios,
the corrected sub-metric is defined as

1 TEMﬁlta
- o agent _human) __ , ghuman_q
Si,m = filtery, (Si,m ) Sim ) = agent Ztﬁl L
siom > otherwise,
(18)

where Mg, = {NC,DAC,DDC, TLC,EP, TTC, LK, HC}.
Synthetic second-stage pseudo-simulation scenarios do not
use this filter, and EC is computed subsequently from the
paired rollouts. Thus, the filter does not remove scenarios;
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Figure 6: Trajectory predictions on representative NAVSIM scenarios: (a) left and right turns, (b) fork and gateway navigation,

and (c) stopping and straight driving.

it suppresses a metric-specific penalty when the human
reference incurs the same violation.
Using the filtered sub-metrics, the per-scenario extended
score is
G; = 8; NCS;,DACSi,DDC5;, TLC
y 53;mp + 55 7TC + 25; Lk + 25 nc + 25 5C
16 '

19)

The final benchmark EPDMS follows the official two-stage

NAVSIM-v2 aggregation. Let G denote the official mapping

groups, I;Tg the scenarios assigned to branch b € {1,2}

at pseudo-simulation stage r € {1,2}, and «; the provided
scene weight. Define

Ca
Ly _ ezl

7 = — 20)
Diegtn) @i
The reported score is
2
100 1 (1)~
EPDMS = 03 53 4,00, @n

gegG  b=1

EPDMS* versus EPDMS. All corrected NAVSIM-v2 re-
sults are computed using the official NAVSIM devkit at com-
mit 359c7£7, which recomputes the multiplicative and
weighted terms after applying the human-reference filter.
EPDMS* denotes scores obtained with the pre-fix evaluator,
whereas EPDMS denotes scores obtained with this corrected
protocol. The two settings are therefore reported separately
and compared only within the same evaluation protocol.

E. Temporal Representation Metrics

We evaluate whether predicted future scene tokens preserve
the temporal variation of the corresponding EMA target to-
kens. Consistent with the main paper, the comparison uses
two target-referenced metrics: the directional similarity col-
lapse gap (lower is better) and the change-magnitude col-
lapse (closer to 1 is better). Both are computed in the pro-
jected scene-token space.

Dynamic-token selection. Let Z,,; and z;,, denote
the predicted and target features for prediction instance ¢,
camera—spatial location 7, and future token step ¢. To pre-
vent static regions from dominating the statistics, we rank
locations by the target’s mean adjacent-step change,

=
Si,r = F—1 ; 1Zi,rt4+1 — Zi,r,tHgv (22)
A; = TopK,.(s; ).

The same target-selected set .A; is used for both methods and

both metrics. Selection is performed independently for each
prediction instance.

Directional similarity collapse gap. For a feature se-
quence q, define the mean cosine similarity over all ordered


https://github.com/autonomousvision/navsim/commit/359c7f72304bfa8273e754224a213d3751bd2340

pairs of distinct future steps at the selected locations as
1

Cla)= Y S S e ().
€O i red; t#u
b
cos(a,b) = a , €e=107°.
max(||al|2, ) max(][bl|z, €)
(23)

where Nqs is the number of valid terms. The reported metric
is
Agir = C(z) — C(2). (24)

A positive value indicates that predicted future steps are
more mutually similar than the targets and therefore exhibit
additional directional collapse. Accordingly, lower values in-
dicate better target-relative temporal preservation, as stated
in the main text.

Change-magnitude collapse. We also compare the mean
adjacent-step feature change,

F-2
1
D(q) = NiA Z Z Z ||qi,r,t+1 - qi,r,t”27
i reA; t=0 (25)
__ D@
~ max(D(z),¢)’

Although referred to as change-magnitude collapse in the
main text, Ra is aratio: RA = 1 means that the prediction
preserves the target’s average temporal change, while values
below 1 indicate under-variation. Thus, values closer to 1 are
better for the comparisons reported in the main text.

Evaluation protocol. Both objectives use the same pro-
jected feature space, target-selected locations, and global av-
eraging over all valid prediction instances and token pairs.
For flow matching, the metric is computed from the one-step
z-prediction at the sampled training flow time, without run-
ning the multi-step inference sampler; regression is evaluated
from its direct latent prediction. The summary values in the
main text are arithmetic means of the raw logged metrics
over the common 0-36k training interval. For the standard
setting, eight future frames with tubelet size 2 give F' = 4
future token steps, and K = 64 target-dynamic locations are
selected from the four-camera scene-token grid.
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