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TABLE I: Unified summary of WAMs in Sec. IV, grouped by application domain. Category labels: VAM Video-Action Models,
Uni Unified WAMs (joint observation and action generation), WM-Plan WMs-guided Planning (predictions from WMs and
action generated by external planner), RL WM-RL (imagination-based RL), 3D 3D/Geometry-based.

Method Paradigm Backbone Eval / Note Method Paradigm Backbone Eval / Note

Manipulation
GR-1 [13] VAM GPT LIBERO, CALVIN EVA [65] RL video WM RoboTwin 2.0
GR-2 [38] VAM GPT, 38M LIBERO, CALVIN RISE [154] RL latent contact-rich
PAD [103] Uni DiT LIBERO VLA-MBPO [155] RL video WM LIBERO-Plus
UWM [19] Uni 4-mode DiT LIBERO GPC [156] RL rollout WM Push-T
VPP [20] VAM video pred. dexterous WMPO [130] RL pixel WM LIBERO
Seer [60] VAM GPT+mask 100K demos RoboHorizon [47] RL LLM+WM sparse reward
VidMan [67] VAM vid. diff.+adapt. Bridge World-VLA-Loop [64] RL feedback ManiSkill
Cosmos Policy [21] VAM Cosmos-P2 bimanual IWS [55] RL video WM 10-min @15FPS
ViPRA [97] VAM flow-match 100-200 demos ManiGaussian++ [133] 3D Gaussian bimanual
GigaWorld-Policy [25] Uni action-cent. DROID ParticleFormer [132] 3D particles deformable
Fast-WAM [22] VAM video pred. LIBERO, RoboTwin GWM [135] 3D VAE+diff MetaWorld
WorldVLA [39] Uni Chameleon AR LIBERO PointWorld [157] 3D point cloud 2M+ traj
Motus [99] Uni MoT RoboTwin PIN-WM [158] 3D physics-inf. non-prehensile
LingBot-VA [24] Uni causal-diff MoT AgiBot VT-WM [143] 3D visuo-tactile contact
World2Act [159] Uni LLM+skill RoboCasa Cloth-WM [160] 3D DreamerV2 cloth
Act2Goal [102] VAM goal-cond. RoboTwin 2.0 Audio-WM [142] 3D acoustic liquid pour
VLA-JEPA [115] VAM JEPA+flow LIBERO World4RL [66] RL diff. WM frozen env
LAWM [161] VAM latent action LIBERO DreamPlan [162] RL video WM VLA finetune
HiLAM [163] VAM hier. latent long-horizon VAMPO [164] RL GRPO/denoise LIBERO, CALVIN
PRWM [165] RL contrastive RL DROID

Navigation
Pathdreamer [2] WM-Plan panoramic gen. R2R MonoDream [166] WM-Plan monocular R2R-CE, RxR-CE
DreamWalker [167] WM-Plan latent+MCTS R2R, VLN-CE X-MOBILITY [168] RL latent WM env mobile robot
NWM [169] WM-Plan multi-domain Habitat, Ego4D InternVLA-N1 [170] VAM dual-system latent R2R-CE
perceptive FDM [171] WM-Plan GRU ANYmal, quadruped RWM [172] RL GRU A1, quadruped
WMP [173] RL RSSM Isaac

Autonomous Driving
DriveDreamer [174] WM-Plan video gen. nuScenes ADriver-I [175] Uni AR img+act nuScenes
GAIA-1 [68] WM-Plan text-video large-scale DrivingGPT [176] Uni large AR video NAVSIM
DriveDreamer-2 [177] WM-Plan multi-cam. gen. nuScenes Doe-1 [178] Uni autoregressive nuScenes
GAIA-2 [179] WM-Plan multi-cam. scaled OpenDV OccLLaMA [180] Uni occ.+language nuScenes-QA
DrivingWorld [181] WM-Plan long-horizon AR nuScenes ProphetDWM [182] Uni long-horizon NAVSIM, nuPlan
DrivingGen [183] WM-Plan policy-cont. eval nuScenes VaViM/VaVAM [184] Uni video AR+action AR OpenDV
OccWorld [59] WM-Plan voxel tokens nuScenes-Occ DriveLaW [185] Uni language-action nuScenes
Drive-OccWorld [134] WM-Plan multi-step occ. nuScenes-Occ AutoMoT [186] Uni async. MoT Bench2Drive
DreamerAD [187] RL Dreamer-AD nuScenes, nuPlan World4Drive [188] RL virtual env RL NAVSIM, nuPlan

commands to support MPPI-based navigation [171]. These
methods keep planning modular: the world model supplies
candidate futures, and a downstream planner selects actions.

2) Latent Planning and WM-RL: Other systems reduce
the predictive interface to latent plans or imagined training
environments. X-MOBILITY [168] trains a mobile policy
with reinforcement learning inside a latent world model,
whereas InternVLA-N1 [170] learns compact latent plans from
unlabeled navigation trajectories and translates them into real-
time commands. WMP [173] uses the recurrent latent state
of a world model trained on depth images and proprioception
to guide visual legged locomotion. RWM [172] serves as a
learned neural simulator for optimizing robotic control policies
over long autoregressive imagined rollouts. Thus, these navi-
gation WAMs need not generate explicit images; their practical
value is measured by improved waypoint selection, long-
horizon consistency, and robustness under partial observability.

C. Autonomous Driving

Driving WAMs must satisfy real-time, safety, and multi-
agent constraints. Prediction is used not only for control, but
also for scenario synthesis and structured scene evolution.
This leads to three recurring roles: controllable video gen-
eration, occupancy-based forecasting, and unified perception-
prediction-planning.

1) Generation and Structured Scene Prediction: Genera-
tive driving WAMs synthesize future traffic scenes condi-
tioned on commands, trajectories, or text. DriveDreamer [174],

GAIA-1 [68], DriveDreamer-2 [177], GAIA-2 [179], Driving-
World [181], and DrivingGen [183] use this capability for
data augmentation, scenario coverage, or policy-conditioned
evaluation. DriveVLA-W0 [189] further studies how such gen-
erated data affects downstream driving policies. Occupancy-
based WAMs replace pixel futures with planning-oriented
3D states. OccWorld [59] and Driving in the Occupancy
World [134] forecast semantic occupancy under action or
temporal conditioning, aligning prediction with free space,
dynamic agents, and collision-related evaluation.

2) Unified Driving Agents and WM-RL: Unified driv-
ing WAMs couple scene prediction and action generation.
ADriver-I [175], DrivingGPT [176], Doe-1 [178], and Oc-
cLLaMA [180] integrate future observation, trajectory, oc-
cupancy, or language-conditioned action modeling. Prophet-
DWM [182], VaViM/VaVAM [184], DriveLaW [185], and
AutoMoT [186] further emphasize long-horizon consistency,
structured latents, and efficient control. Driving also motivates
world-model RL. DreamerAD [187] and World4Drive [188]
train policies through imagined rollouts, which is attractive for
rare and safety-critical events but depends strongly on action-
conditioned dynamics fidelity. The main evaluation challenge
is to connect visual realism, traffic consistency, safety, and
closed-loop driving performance.

V. DATASETS, BENCHMARKS, AND EVALUATION METRICS

Evaluation resources for WAMs have different purposes.
Datasets provide offline demonstrations, trajectories, or video-


