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Fig. 1: Long-horizon robot mobile manipulation task utilizing a 4D latent map, with latent features visualized via PCA. The map represents
the robot and the environment jointly in a shared latent space and is updated online from egocentric observations and proprioceptive state.

Abstract— Long-horizon mobile manipulation requires contin-
ual reasoning about self-localization, environmental changes, and
task progress, all of which are challenging to infer from image
observations alone. In this paper, we show that conditioning
a mobile manipulation policy on a 4D latent map improves
spatiotemporal reasoning over long horizons. The map represents
the environment and the articulated robot body as neural points
in a shared latent space. At each step, we update the map online
from egocentric observations and proprioceptive state. To track
scene changes, we estimate per-object rigid transforms from
3D keypoint correspondences between consecutive frames and
use them to reposition the corresponding environment points.
Given a robot kinematic model, forward kinematics updates
robot points from the proprioceptive state. To condition a VLA
model on this representation, we extract map tokens across
multiple coordinate frames and resolutions, providing the policy
both local and global context. Experiments on long-horizon
mobile manipulation tasks show that the map-conditioned policy
outperforms image-only VLA baselines.
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I. INTRODUCTION

Motivation. Recent advances in robot learning have enabled
impressive manipulation capabilities in short-horizon tabletop
settings. Yet extending these successes to long-horizon mobile
manipulation in large environments remains an open challenge.
For example, consider a mobile manipulator tasked with
tidying up a child’s room (Fig. 1). It must pick up scattered
toys, navigate around furniture while carrying them, and
place them on the shelves of a bookcase. To achieve this, the
robot must localize itself, remember which objects have been
collected, track how the scene has changed, and decide which
subgoal to pursue next. These requirements can be formulated
as three questions for the robot: Where am I? What has
changed around me? and How far along am I in my task?
Answering them jointly requires coherent spatiotemporal
reasoning: maintaining a unified model of the robot’s motion
and the evolving environment over long horizons.

Related Work. Vision-language-action (VLA) models have
demonstrated strong potential for mobile manipulation by
mapping visual observations and language instructions directly
to robot actions [1], [2], [3], [4], [5], [6], [7]. However,
most VLA policies encode spatial and temporal context only
implicitly, without an explicit mechanism for maintaining
information beyond the current observation or a short history.
This limitation becomes critical in mobile manipulation,
where action prediction depends on long-term context that
evolves with the robot’s interactions.


