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Figure 1. From unlabeled video, CLAW learns continuous latents + a world model for imitation and goal-directed planning.
TL;DR Visual Planning (qualitative)
CLAW jointly learns continuous latent actions and a diffusion world model from action-free video using adversarial latent Qualitative plans. MPC rollouts executed with retrieved low-level actions (see tables at left for success rates).

regularization—enabling imitation from observation [2], goal-directed planning [5], and real-robot policy learning [13] without retrain-
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Action-conditioned world models [8] struggle to scale to unlabeled internet video and to transfer across embodiments when actions F——qmmr-—dr-_qr-—ir-'ir-ir-'{
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are agent-specific [13, 7]. Latent action world models (LAWMs) infer actions from observation alone [2, 10], but continuous latents w%ﬁi*ﬁﬂwﬂwi%ﬁﬂvﬁﬂww m ] ﬁ iy
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often leak future pixels (so the dynamics model “cheats”) or collapse to uninformative codes. CLAW addresses both via end-to-end joint \ e

training with gradient-reversal regularization [6], yielding reusable latents for ILfO [12], planning, and latent-action policy pretraining. Figure 4. Successful VP2 plan on RoboDesk (upright block): start — goal via imagined latents.

Method

We learn a world model P(o;;1 | 0i, ;) from action-free video V = {or.r}" by jointly training a continuous Latent Action Model (LAM) """"---

and a diffusion forward model—no action labels, no VQ codebook.
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Figure 5. Successful Procgen Jumper plan: agent clears the gap toward the goal.
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Adversarial Latent Regularization

Figure 2. Shared LAM encodes transitions; dual diffusion paths with gradient reversal regularize latents against future-pixel leakage while preserving controllable
dynamics.
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Transferred

Similar to an inverse dynamics model [10], a ViT [4] reads consecutive frames (o;, 0;41) (patch tokens + spatial/temporal embeddings +

an action token) and maps them to z; € R", then £s-normalized onto the unit sphere. i} :"l
Diffusion world model §§
A UVIT [1] denoises a horizon of future frames given the initial observation o; and latent sequence {z;}. Training uses a variance-
preserving diffusion process on image patches; a causal attention mask lets each noised target attend only to its own frame, the start 83
frame, and actions up to its timestep—blocking peeking at future actions or later observations so sequential transfer stays well-defined. %é
=2

Adversarial latent regularization . :
Pixel predictors can “cheat” by packing future appearance into z;. CLAW doubles each batch into two shared-weight paths [6]: (i) standard %g i
(04, z;) — future frames and (ii) z; alone through a gradient-reversal layer (GRL). The GRL path is trained to predict futures from z only, "8
but gradients reverse into the LAM—so latents that leak future pixels are penalized, while the standard path still rewards transition-
informative codes. Joint end-to-end optimization ties the LAM and world model together under this adversarial constraint. 83

Latent Action Retrieval =3

Figure 6. Robosuite: by t=4, transferred action flow matches the source gripper motion; object flow adapts to the new layout (reusable control, not appearance

We probe the latent space with Ly nearest-neighbor retrieval: encode a query transition and recover the closest dataset neighbors. copy).
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Figure 7. Procgen Jumper: source (top) vs. CLAW / AdaWorld / LAPO on a target init—CLAW holds source dynamics farther into the rollout.

Emergent Structure in Latent Action Space
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- a1 : _ _ To test whether continuous latents capture action semantics—without a VQ codebook or action labels at training—we encode Crafter

- a - . L Eis: A transitions z; = LAMy(o0;, 0;,4+1) and visualize them with t-SNE. Points are colored by ground-truth actions for visualization only. Locomo-
"'r w-."'_l'l ._=-"'r,;_; ;" { i i tion (Move Left/Right/Up/Down), placement, and crafting form coherent clusters, showing that meaningful action structure emerges

-1". b :Ih" = oy " - . . from self-supervised adversarial training alone.
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Figure 3. CLAW neighbors match end-effector motion with varying objects; AdaWorld / LAPO [7, 10] more often retrieve by scene appearance (color / layout). 40
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Latent Action Policy Learning

t-SNE dim 2
o

In the imitation-from-observation setting [2, 12], we extract latents z; from expert videos and train 7(z; | 0;) by behavior cloning. At test
time each predicted latent is mapped to a real action via nearest-neighbor lookup in a small labeled reference set—no separate action
adapter. 201

Table 1. Despite task-agnostic pretraining (no wood reward), CLAW leads Crafter harvest / acquire and most OGBench [?] drawer tasks; AdaWorld edges Push
Button.
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Crafter OGBench -60 —40 -20 0 20 40
t-SNE dim 1

Method  Harvest Avg. W Acquire Open Close Push

Figure 8. t-SNE of CLAW latents on Crafter: behaviorally related transitions occupy distinct regions of the continuous action space (no action supervision during
Random 250 028 275 25 145 80 training).

LAPO 355 1.12 38.0 45 395 95

AdaWorld  43.5 1.60 46.5 75 290 16.5

CLAW 86.0 4.46 840 13,5 420 150
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