Learning Visual Feature-Based World Models via Residual Latent Action
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Figure 1. Overview of our framework. We introduce the Residual Latent Action (RLA), which compresses the DINO token residual
St+h — St into a compact latent z. We discover that RLA is predictive, generalizable, and encodes temporal progression. Next, we propose
the RLA World Model (RLA-WM), which learns from offline videos and predicts RLA z instead of s;, directly. RLA-WM achieves
accurate future prediction while being more efficient than state-of-the-art feature-based and video diffusion world models. Our approach
enables two applications: learning policies from actionless videos and visual reinforcement learning via interaction entirely within RLA-WM.
Extensive visualizations, source code, and a video overview are available on our project page: https://mlzxy.github.io/rla-wm.

Abstract

Visual feature-based world models predict future visual
features rather than raw pixels, offering an efficient alterna-
tive to video diffusion. Yet existing feature-based approaches
either rely on direct regression, which collapses on com-
plex 3D interactions, while generative modeling in high-
dimensional feature spaces still remains challenging. We
introduce Residual Latent Action (RLA), a simple represen-
tation distilled from DINO token residuals that is predictive,
generalizable, and encodes temporal progression. RLA en-
ables RLA World Model (RLA-WM), which predicts RLA
values via flow matching. RLA-WM outperforms both state-
of-the-art feature-based and video-diffusion world models
on simulation and real-world datasets, while being orders
of magnitude faster than video diffusion. We further demon-
strate two applications: (1) a minimalist world action model
with RLA that learns from actionless video, (2) the first visual
RL framework trained entirely inside a world model learned
from offline videos only, using a video-aligned reward and
no online interactions or handcrafted rewards.

1. Introduction

World models have recently received increasing research at-
tention due to their great potential for policy learning and rea-

soning through future state prediction [8]. Currently, the pre-
dominant paradigm in world modeling relies on video gener-
ation, by predicting future trajectories in pixel-aligned VAE
latent spaces [4, 12, 21, 23-25]. While visually compelling,
this approach is prone to hallucination [11] and suffers from
a heavy computational overhead [29]. As a result, down-
stream applications of world models remain largely con-
strained to open-loop robot data generation [20, 22], policy
pretraining [ 14, 15], and planning for specific tasks [5, 9, 30].

Visual feature-based world models predict features of fu-
ture frames, such as DINO tokens, rather than just videos [1].
DINO-WM [2, 6, 30] shows that direct regression of future
DINO tokens leads to efficient and accurate world models for
2D manipulation tasks. However, despite these advantages,
feature-based world models remain far less adopted, as pre-
dictions often become blurry or even collapse in complex 3D
interactions [22]. A seemingly straightforward solution is
to use generative models in feature space. However, feature-
space generation is even more difficult than in pixel space
due to the higher dimensionality [26, 28]. More importantly,
heavy generative pipelines undermine the very advantages
that feature-based models should provide.

Our work answers two key questions: (1) how to develop
an efficient yet accurate world model in a visual feature space
that scales to complex 3D manipulation? (2) how to leverage
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Figure 2. RLA World Model. RLA-WM predicts future states via residual latent action z. Robot actions a;.;+» are embedded (MLP)
concatenated with DINO tokens s and learnable queries, then self-attention yields condition tokens. In flow matching, this condition is
fixed and concatenated with noisy z- (starting from Gaussian noise zo = €). The flow network predicts velocity ¢ to iteratively transform zo
to final z1. Decoder fge outputs 8¢5, from z; and s;. The model is trained with MSE loss against ground truth velocity v* = z — e.

such world models to improve downstream policies?

2. Proposed Approach and Results

Problem Formulation. Let z;; € R7*W*3 denote the raw
image observation at time t. We represent the DINO patch
tokens as s, € REXC. C is the feature dimension and L =
L I§2W is the sequence length for a given patch size P. We
define an action chunk of horizon % as a;.¢45. Our objective
is to learn a dynamics function fayn : (8¢, Ge:e4n) — Sin
using only raw offline videos. This function acts as a direct,
multi-step world model in the feature space.

Residual Latent Action. Instead of directly generating S, 1,
we propose to learn a representation that captures the transi-
tion from s; to sy, from DINO token residuals s, — S¢,
which also corresponds to the flow matching velocity of a
Schrodinger bridge [7, 18] from s; to syyp. Specifically,
we feed these residuals along with learnable queries into an
encoder fenc, project the output queries to a low-dimensional
space to obtain z, and pass z along with s; into a decoder fgec
to reconstruct s, p, (Fig. 1a). We refer to z as a Residual La-
tent Action (RLA). The RLA autoencoder uses almost only
self-attention and a single regression loss on s, ;. Three
key properties of RLA set it apart from prior work, making
it an ideal representation for dynamics modeling: (1) Predic-
tive Sufficiency; Unlike in prior work, where latent actions
serve only as weak conditioning for diffusion, RLA does not
require iterative generation. We find that our RLA decoder
faec, when conditioned on a compact RLA z, is able to re-
construct future DINO tokens with high fidelity in a single
feedforward pass. (2) Generalizability; RLA autoencoder
generalizes to novel scenes and interactions. (3) Temporal
Topology; An emergent property of RLA is the topology of
its learned latent space. Although the autoencoder is only
trained on frame pairs (s, S¢45 ), the RLA latent space natu-
rally encodes temporal progression. Interpolating between a
Gaussian noise and RLA produces frames that correspond
to temporally intermediate states.

RLA World Model. Learning neural dynamics in RLA
space encourages the model to capture state evolution rather
than absolute states. Motivated by this, instead of generating

high-dimensional s;, we propose a world model to predict
the compact RLA z, which is then decoded with current
state s; to reconstruct sy . Specifically, learnable queries
are concatenated with s; and embedded actions a;.;, and
transformed via self-attention. These query tokens are then
concatenated with a noisy RLA 2z, = 72 + (1 — 7)¢, where
e ~ N (0, T), through subsequent self-attention layers to pre-
dict the velocity v. We supervise with ground truth velocity
v* =z — ¢, where z = fene(St4n — St). At inference, we
sample zg = € and solve the ODE with 2, Ar = 2, + ATO
from 7 = 0 to 1. The final 2, is the predicted RLA, and is de-
coded via fge. with s;. Since condition network is executed
once and iterative generation remains within the compact
RLA space, the flow matching is lightweight, as shown by
the floating point operations (FLOPs) reported in Tab. 1.
Table 1. World Model Quality. We measure the quality of gener-
ated future frames. Best bold, 2nd underlined.

IWS [22]

ManiSkill [16] FLOPs

Model LPIPS| DINO-LI| LPIPS| DINO-L1] |

DINO-WM [30] 0.156 0.078 0.223 0.058 21T
RAE [26] 0.324 0.143 0.550 0.159 143T
FM-WM [13]  0.127 0.063 0.360 0.119 14.3T
Vid2World [12]  0.199 0.084 0.388 0.139 1.1P
RLA-WM (Ours) 0.071 0.030 0.196 0.053 3.5T

Table 2. (a) Learning from Actionless Videos: average SR (%)
over 5 ManiSkill tasks. (b) WMRL: 1500-seed evaluation (SR
averaged for each robot).

(a) Learning from Actionless Videos

Method Avg SRT (b) World Model-based RL (WMRL)
BC-ResNet 272 Method XArm URIOe Panda Avg
DINO CLS [19] 274

UniVLA [3] 287 BC-ResNet 899 414 628 596
AdaWorld [10] 337 RLA-WMRL 959 469 570 607
RLA (Ours) 35.6

Results (project page). On ManiSkill [16] and IWS [22],
RLA-WM beats DINO-WM [30], RAE [26], FM-WM [13],
and Vid2World [12] on LPIPS/SSIM/DINO-L1 at ~300x
fewer FLOPs (Tab. 1). A BC-ResNet with one RLA head
trained on 5-15% action-labeled plus actionless videos beats
DINO-CLS [27], UniVLA [3], and AdaWorld [10] (Tab. 2a).
PPO [17] inside RLA-WM with a video-aligned reward
yields +1.1% over BC under 1500 seeds (Tab. 2b).
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