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Fig. 1: (a) RGB rendering of a ReplicaCAD scene. (b) 3D latent feature map constructed by our method, visualized with principal-component
analysis (PCA). (c) Text similarity scores across the latent map relative to the text embedding of “table”. (d) Attention weights on the latent
map during policy execution highlight the regions most attended by the policy model.

Abstract—This paper investigates whether mobile manipula-
tion policies utilizing a 3D latent map achieve better spatial
and temporal understanding compared to image-based reasoning.
We introduce an end-to-end policy learning approach that
operates directly on a 3D map of latent features, which (i)
extends perception beyond the robot’s current field of view and
(ii) aggregates observations over time, resolving occlusions and
suppressing noise. Our mapping approach incrementally fuses
multiview observations into a grid of scene-specific latent fea-
tures, while a shared pre-trained scene-agnostic decoder enables
rapid online adaptation. Our policy design utilizes the feature
map by receiving both global context obtained by tokenizing
the scene-wide latent features and local perception information
that injects nearby map features into observed visual embed-
dings. Experiments demonstrate that the map-conditioned policy
reasons over the entire scene and successfully completes mobile
manipulation tasks in novel layouts where target objects lie
outside the robot’s field of view.

I. INTRODUCTION

Recent advances in robot learning have led to remark-
able progress in manipulation in semi-structured environ-
ments [1]-[3]. State-of-the-art systems harness pre-trained
large vision—language models (VLMs), whose rich semantic
priors and cross-modal reasoning translate natural language
commands directly into low-level actions. The next frontier
lies in extending these methods beyond table-top setups to
room, building, and even neighborhood scales, to support
long-term applications such as warehouse maintenance and
last-mile delivery. However, existing learning methods rely
on image-based designs that directly operates on raw video
streams. While effective for short-term action prediction, the
image-based approach inherently struggles with consistent
3D understanding and long-horizon reasoning—two critical
capabilities for spatially or temporally extended tasks.

In this work, we advocate for an alternative, 3D-based
design that conditions robot policy learning on an explicit 3D

representation of the environment. A growing body of recent
works explores 3D scene representations for manipulation.
Some methods lift 2D foundation-model features into 3D on a
per-frame basis [4]-[7]. Another line of methods encode raw
point-cloud observations directly with specialized 3D back-
bones [8]-[10]. While both families preserve metric geometry
and enhance local scene understanding, reconstructing the
scene from scratch at each timestep compromises temporal
consistency and hinders long-horizon reasoning. Complemen-
tary efforts fuse multiview observations into feature fields
offline [11]-[13]. Although these feature fields improve mul-
tiview consistency, they are confined to tabletop-scale setups
where the entire workspace remains visible at every timestep
and cannot adapt on the fly to novel views.

In this work, we aim to advance the state-of-the-art methods
for robot mobile manipulation by conditioning the robot policy
on a 3D latent map: a scene representation built incrementally
from continuous observations and maintained across tasks.
Persistent maps have long benefited navigation [14], [15],
yet their potential to enhance manipulation remains under-
explored. Such maps offer two key advantages for mobile
manipulation: (i) visibility beyond the current field of view
enables global reasoning about object locations and task
objectives, and (ii) temporal aggregation resolves occlusions
and suppresses noise from instantaneous observations, thereby
enhancing generalization. Fig. 1b illustrates a latent map
containing spatially grounded language features, generated by
our method. A policy conditioned on this map attends to
the entire latent map during task execution, demonstrating an
ability to leverage spatially and temporally extended context.

Our mapping approach incrementally fuses multiview obser-
vations into a feature grid, capturing extended horizon context.
We propose a modular design that decouples the scene-specific
feature grid from a scene-agnostic decoder, pre-trained on



diverse environments. The feature grid represents the scene
using compressed, multiview-aggregated latent features, while
the decoder is pre-trained to reconstruct target embeddings
(e.g., CLIP [16]) from these latent features to support mobile
manipulation tasks. During deployment, only the latent fea-
tures need to be inferred online, while the pre-trained decoder
is used directly, enabling rapid adaptation. To harness the main
benefits of a 3D map, our map-conditioned policy utilizes (i)
a global scene token that conveys scene-wide context, and (ii)
local feature fusion that enriches observed visual embeddings
with nearby map features.
Our contributions are summarized as follows.
We propose a mapping approach that incrementally builds
a 3D map of latent features with a modular design that
decouples scene-specific feature optimization from scene-
agnostic feature decoding to enable generalization across
different environments.
We design a policy model that augments visual observa-
tions with global and local latent map features, increasing
the spatial and temporal reasoning context of the model.
We demonstrate that the map-conditioned policy reasons
effectively over the entire scene and completes mobile
manipulation tasks under novel layouts where target ob-
jects lie outside the robot’s field of view.

II. PROBLEM FORMULATION

The first objective is to construct a dense 3D latent feature
map of the robot’s workspace. Once the map is available, we
aim to design a mobile manipulation policy that treats the
latent map as an explicit state variable to execute manipulation
tasks specified in natural language.

A. Latent Feature Mapping

Let X R3 denote the robot’s workspace, F RY a
latent feature space, and Y ~ RX a target embedding space
(e.g., of language features such as CLIP [16]). We represent
a latent feature map as M=(F ;D ), where F : X T F
is an encoder with parameters that lifts workspace points
X 2 X to the latent space and D : F ¥ Y is a decoder with
parameters that projects a latent feature to the output space
Y. The intermediate feature space F enables the map to cap-
ture the geometric and semantic structure of the environment
more effectively than a direct X ¥ Y mapping [17], [18].

Problem 1. Given a dataset D = f(X;y)g X Y of
workspace points X with associated target labels Yy, learn
encoder-decoder parameters ( ; ) for a latent map by op-
timizing the target label reconstruction:

min Eeyy o L D (F X))y (1)
where L:Y Y ¥ R g is a distance function on Y.

To instantiate Problem 1 for learning language-grounded
maps, we use dense visual features extracted from a VLM
as target labels y. Given an RGB image |, a depth image Z,
and camera pose (R;t), we compute per-patch embeddings
G 2 R (H W) by feeding | through the VLM’s vision
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Fig. 2: Visualization of per-patch VLM embeddings back-projected
into the 3D world frame using depth Z,, and camera pose (R;t).

encoder. Here, following the ViT [19] convention, we partition
the image into H W non-overlapping patches, each produc-
ing a k-dimensional feature embedding at its corresponding
spatial location. We back-project each patch p with valid depth
Z,, into the 3D world frame using the camera intrinsics K and
pose (R;t), as shown in Fig. 2:

x(p) =R K 717z, +t )

Each 3D point X(p) is then paired with its corresponding
embedding y(p) = Gp, yielding a (X;y) pair. By aggregating
these pairs across multiple viewpoints, we construct a training
set D. Minimizing (1) ensures that the latent map captures
the semantics provided by the VLM and associates them with
3D spatial locations. As shown in Fig. Ic, the learned map
localizes semantic concepts queried via text prompts, enabling
spatial grounding of language.

B. Map-Conditioned Policy Learning

We consider a mobile manipulator robot performing object-
picking tasks. We train a policy with behavior cloning (BC)
[20], though other policy learning methods could also be used.
The training data consist of expert demonstration episodes
with varying target objects and environment configurations.
For each episode, the target object label (e.g., “bowl”) is
encoded by the VLM text encoder [21], producing a text
embedding ‘. At every time step the dataset logs robot con-
figuration s (e.g., from proprioception), action a (e.g., mobile-
base and arm-joint velocities), and onboard observation 0 (e.g.,
RGB-D images). Given the robot’s state and observations, we
train the policy to imitate the expert’s actions.

Problem 2. Let T = T(0;s;a; “)g be a set of expert demon-
strations, where each tuple contains the robot observation,
state, action, and a language embedding ° that specifies
the target object in an object-picking mobile manipulation
task. Using the learned map M from Problem 1, we train
a policy , parameterized by , to imitate the expert by
minimizing the negative log-likelihood of the demonstrated

actions:
min Egsa;y v log  (@j M;0;8;%) @ 3)

III. LATENT FEATURE MAPPING

In this section, we present our latent map design, which
is grounded in two principles. (1) Incremental updates: a



B. Latent Feature Decoder

The decodeD maps a latent featuré (x) to the target
spaceY. The predicted feature of any query poinR X is

$(x)=D F (x) 2Y RX (6)

We implementD as a multilayer perceptron (MLP). The
decoder is pre-trained on scenes from diverse environment
con gurations to learn a general mapping from the latent
spaceF to the target spac®. Intuitively, F (x) serves as
Fig. 3: Instantiation of the latent mapping approach for langua muIthleW-aggregated,.com.press'ed representation of target
grounding. For each 3D point, we retrieve its coarse-level featuref€ature embeddings, whild is trained to reconstruct them
f1(x) and ne-level featuref »(x), concatenate them, and train theback into the target space.
model to align the resulting vector with the target VLM embedding During deployment, we freeze the decoder; its pre-training
by maximizing cosine similarity. procedure is detailed in Sec. V-A. Consequently, adaptation
to a new environment only updates the grid parameters
greatly accelerating optimization. The parameter&@nd , if
3D feature grid continuously integrates new multiview obnot pre-trained) are optimized by minimizing a lds# (1). In
servations, enabling the map to accumulate spatially apehctice, we align the predicted featux) with the reference
temporally extended context and act as a spatial memory. {2using cosine similarity loss, which empirically outperforms
Modularity. the encoder parameterswhich associate scene-alternatives such ds; loss. Given a datasét of point—feature
speci ¢ features with the workspace are separated from tpairs(x;y), the objective is

decoder parameters which are trained to reconstruct latent X
features into target embeddings. After pre-training the decoder min — 1 cosy(X);y : (7
on diverse environment con gurations, adapting to a new . D (x:y )2D

environment requires tuning only the latent features, maki

n . . . .
our method ef ciently generalizable to new environments. FC'Jg' 3 summarizes the overall mapping approach, instantiated

for language-grounding as described in Sec. IlI-A.

A. Multiresolution Feature Grid IV. M AP-CONDITIONED PoLicy

We represent the scene as learnable latent vectors anchoretis section details how our latent map may be used to
at the vertices of a regular 3D grid. These vectors act aC@hdition a BC policy . To harness the key bene ts of the
spatial memory that is updated incrementally as new obser{®€nt map, we enrich our policy network with bogobal
tions arrive. LetG = f(z;f;)g", , where each vertex positionconteXt information obtained by tokenizing the scene-wide
z 2 X stores a latent veclt;jri 2 RC. For a query point latent map, andocally fused perception that injects nearby
x 2 X , its feature is retrieved by trilinear interpolation of thén@p features into observed per-patch embeddings.
eight vertex features of the voxel containir
9 g A. Global Scene Token
X
f(x)= w(x; zi) fi; (4) A latent map enables a robot to reason about task-relevant
i2N (x) objects and goal positions even when they lie outside the
robot's current eld of view. We attend to the entire map and
where N (X) indexes the neighboring vertices arw( : ) distill its features into a Single global scene token using a 3D
provides (trilinear) interpolation weights. encoder adapted from Point Transformer [22]. To improve 3D
To capture information at multiple scales, we use a hierarcHgderSta”d'“gv we integrate 3D Rotary Positional Encoding
of L grids fG gl , ranging from coarse€1) to ne (I=L) (ROPE) [4], [23] into each attention layer, thereby conditioning

resolutions, based on the design proposed in [17], [18] (S@gention weights on relative spatial offsets (see Sec. B). The
Fig. 3). Letf,; 2 RC denote the latent vector at vertex of encoder operates on the vertices of the feature grid. Before

grid G = f(z; ;i )gil\ill , whereM, is the number of vertices e_nc_odi_ng, we re-weight _each vertex featu_r? by its cosine
at levell. The collection of all latent vectors = f f; j 1= Similarity to the target objects text embedding2 Y (e.g,
1.L; i =1:M,g constitutes the scene-speci c map parameter“s".‘pple")' guiding the model to focus on task-relevant regions:

The interpolated feature at levkls f|(x). Concatenating the

=S - 2 Zy; 2Y; 8
level-wise features yields the nal feature given to the decoder: Yo(2) 9(2) z o ¥(2) (8)
S(v;’)= 1+cos(v;’) v; v2Y: 9)

F (x) = M fi(x) 2 F RY d=Lc (5) Here,yo( ) is the task-aware feature fed to the encoder, and

1=1 Z, = fzy;igis the set of vertices of the coarse grid.



C. Policy Architecture

We implement our map-conditioned BC policy by adapting
the Action Chunking Transformer (ACT) [24]. At each control
step, ACT attends to the visual tokef®s the global scene
token g, and the proprioceptive state We projects to the
visual token dimension and append it® Spatial relations
among the per-patch embeddings are encoded with 3D RoPE.
A Transformer encoder processes the resulting tokens; its
output, concatenated with, provides keys and values for

Fig. 4: Overview of map-conditioned policy architecture. Our modghe ACT decoder. Fixed, learnable positional embeddings

extends ACT [24] by conditioning on both global and local features -

from the latent map. Serve as_decoder queries, Whose_ MLP head then converts
the resulting latent chunks into continuous control commands.
Fig. 4 summarizes the full architecture.

The encoder proceeds throudgh hierarchical stages. At V. EVALUATION

This section evaluates whether our map-conditioned policy
improves mobile manipulation performance. We show that it
Centroid sampling:G, =FPS Z, 1;My ; outperforms an image-based approach, particularly when the
robot begins far from its target objects. After describing the
implementation details and experiment setup, we compare our

their corresponding featurgs 1(). Each stage comprises

Ball query: N = By, Gy ; Cnj 2 Gy,

Attention: fhyy (D)geen ,; = MHA Ty, 1(D)Ghan ,; method against baselines using direct visual representations.
Max-pooling: Yn(Cnj ) = max hy; (b): 10y Al experiments are conducted with the !\/IamSkHI [25] simula-
b2N n; tor using ReplicaCAD scenes from Habitat [26]. Our codebase

whereFPS() selectsM, farthest-point centroidsB;, () is a €xtends ManiSkill-HAB [27].
ball query detailed in Sec. A, andHA( ) represents multi- A Implementation Details

head self-attention equipped with 3D RoPE. At each stage, the_ . . _ . S
new vertex set iZ,=G, with featuresy, (). After the nal This subsection outlines our mapping pipeline; implemen-

stage, we apply max-pooling to produce the scene token tation details of pqllcy architecture are prov!ded in Sec. C. We
process one ReplicaCAD [26] scene at a time. As each scene

g=max yn On; (11) comprises multiple environment con gurations with different
J2Cn object layouts, we assign a separate feature grid to every

which provides scene-wide, task-aware context to the policgon guration. The decoder is jointly pre-trained across all
con gurations within a scene and then frozen. For ef ciency,
each con guration's feature grid is pre-trained ofine and

Instantaneous observations can be noisy or occludgshded on demand during policy learning. Maps are built
whereas a temporally aggregated map supplies more robgigéctly from the robot's RGB-D observations, with dynamic
long-term context. We therefore introduce a local featurgegions masked out using depth. We use EVA-02-Large [21]
fusion module that enriches instantaneous per-patch embgg-the VLM backbone. The map is represented by a two-level
dings with spatially aligned map features. This fusion operatgfid (L=2): a coarse-level with 0.4 m voxels<(L) and a ne-

on the vertices of the ne-level grid. For each patch jevel with 0.2 m voxelslE€2). Note that each map captures
p with VLM embedding Gy, we back-project to its 3D only the initial object arrangement.

point x(p) using (2) and retrieve its neighboring vertices _
Np,=B:, x(p) \ G2. We then construct a gated token set B. Experiment Setup
_ .. L . Benchmark. We adapt the Pick subtasks of two home-
To = Fi?i’_f |Si({zzl)_} F?(ijﬁ - (12) rearrangement benchmarks, SetTable and PrepareGroceries
Up: 0 Up;1 UpiiN pi [26], [27]. Unlike the original benchmarks, our training is
Dconducted solely on demonstrations collected in a single
scene $cl1-13 ). These demonstrations are generated using
the Reinforcement Learning (RL) policy released by [27].
hpoi it hpjn,; =MHA fugezrt, i Gp = hpo (13) Subsequently, a BC policy is trained as described in Sec. IV.
Evaluation Metric. Performance is evaluated using Suc-
The rst output tokenh,.o 2 R* corresponds to the original cess Rate (SR) and Episode Reward (ER). ER is the time-
patch query modulated by local map context. We discard tahecumulated dense reward, which is dominated by ve main
remaining token#p,m (M 1) to keep the downstream tokenterms: reach shaping, a grasp bonus, post-grasp shaping, a
budget unchanged. Collectir@, over all patches yields the success bonus, and a collision penalty. We evaluate perfor-
set of map-enriched per-patch embeddifys mance on both the training scene (IE51-13 ) and a novel,

B. Local Feature Fusion

where eacly; 2 N . A self-attention layer equipped with 3
ROPE updates the token set:
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Fig. 5: Qualitative comparison on home-rearrangement tasks under out-of-distribution conditions. At the start of each episode, the robot is
placed at a distant base pose with the target object completely outside of the robot’s field of view. Image-BC (#1 and #3) fails to localize the
object in these settings, producing inefficient trajectories that never reach the target. In contrast, Map-BC (#2 and #4) successfully navigates
to and grasps the object, completing the task with direct efficient trajectories.

TABLE I: Performance of BC policies using different visual representations for the Pick subtasks of two home-rearrangement benchmarks.
For each task, we report success rate (SR1) and episode reward (ER1) on both the training scene (ID) and a novel scene (OOD), averaged
over three runs. Best and second-best results are highlighted in bold and underlined, respectively.

SetTable-Pick PrepareGroceries-Pick
Method SR (ID) SR (OOD) | ER (ID) ER (OOD) | SR (D) SR (OOD) | ER (ID) ER (OOD)
Image-BC 0.38 0.31 0.51 0.47 0.21 0.17 0.4 0.38
Uplifted [5] 0.35 0.33 0.47 0.45 0.23 0.17 0.42 0.38
Point Cloud [8] 0.39 0.34 0.47 0.46 0.19 0.16 0.39 0.38
Map-BC (ours) 0.54 0.44 0.59 0.53 0.28 0.25 0.47 0.42
unseen scene (OOD, scl1-10). For the OOD scene, we C. Results

assume access to a pre-generated latent map but no expert
demonstrations, thereby assessing the generalization capacity.
During evaluation, we sample 100 environment configurations
per scene and report results averaged over three runs.

Baselines. We compare our map-conditioned policy (Map-
BC) with three baseline policies that rely on alternative visual
representations:

Image-BC: Use raw 2D VLM embeddings directly.
Uplifted: Use 2D VLM embeddings lifted to transient 3D
tokens, following [5].

Point Cloud: Process point-cloud observations processed
using a 3D encoder, following [8].

To ensure a fair comparison, all baseline methods share the
same policy architecture as our proposed approach. Addition-
ally, 3D RoPE is applied to Uplifted and Point Cloud.

Table I shows that Map-BC achieves the highest SR and ER
in both ID and OOD scenes. The stronger scene understanding
capability of our method allows the robot to localize and reach
targets more efficiently, e.g., a 10% ER improvement over
Image-BC in the OOD setting. We attribute these gains to
the latent map’s capacity for global reasoning.

In Fig. 5 we test whether the map-conditioned policy can
perform global reasoning using the latent map. To make the
target difficult to localize, we initialize the robot at a pose
deliberately perturbed in both translation and rotation, so
that the target lies outside its field of view for an extended
period. We evaluate five translational offsets paired with four
rotational offsets. Map-BC outperforms Image-BC in every
case; for clarity, the figure visualizes the two most illustrative
runs. The robot’s pose is plotted every 0.8 s until termination.
The Image-BC baseline produces erratic, cluttered trajectories
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