Humanoid Whole-Body Manipulation
via Active Spatial Brain and
Generalizable Action Cerebellum

Zhizhao Liang!*, Yi-Lin Wei'*, Xuhang Chen'*, Mu Lin!, Yi-Xiang He!,
Zhexi Luo', Jun-Hui Liu', Kun-Yu Lin!, and Wei-Shi Zheng!231

1 School of Computer Science and Engineering, Sun Yat-sen University, China
2 Shenzhen Loop Area Institute, China
3 Key Laboratory of Machine Intelligence and Advanced Computing, Ministry of
Education, China
https://leungchaos.github.io/Humanoid-WMAG /
liangzhzh26@mail2.sysu.edu.cn, wszheng@ieee.org

Fig. 1: This work enables generalizable humanoid whole-body manipulation in complex
spatial environments through a multi-agent multimodal framework composed of an
Active Spatial Brain and a Generalizable Action Cerebellum, without relying on task-

specific data.

Abstract. In this paper, we explore spatial-aware humanoid whole-
body manipulation task. Compared with tabletop settings, this task
poses two key challenges: 1) Spatial understanding is challenging in com-
plex 3D environments with diverse spatial relations. 2) Action generation
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is difficult to generalize, as limited and costly real-robot data restricts
data-driven models generalization. To address these challenges, we pro-
pose a generalizable humanoid loco-manipulation framework that lever-
ages the spatial perception and action generation capabilities of multi-
agent large models. Specifically, our framework includes two components:
Active Spatial Brain for active spatial perception and decision-making,
and Generalizable Action Cerebellum for executable robot action genera-
tion. The first component actively perceives the spatial scene and makes
decisions on task planning and subtask decomposition. The second com-
ponent generates executable robot actions based on the decisions made
by the first module without needs of task-specific real robot data. To
benchmark our framework, we design a set of spatial manipulation tasks
from two perspectives: evaluating spatial perception and understand-
ing, and assessing real-robot task performance. The results demonstrate
strong performance on both aspects across diverse tasks and environ-
ments.

Keywords: Humanoid - Loco-Manipulation - Active Perception - Em-
bodied Al

1 Introduction

Enabling robots to autonomously execute complex tasks in spatial environments
stands as a foundational yet challenging problem in robotics and computer vision
communities. Among various embodiments, humanoid robots are particularly
promising due to their whole-body mobility and dexterous manipulation capa-
bilities, which allow them to operate in complex 3D spaces. Therefore humanoid
whole-body manipulation is essential for real-world applications, including home
assistance and industrial scenarios.

With the development of deep learning, data-driven works have achieved
remarkable success in tabletop scenarios, evolving from early parallel-jaw grasp-
ing and manipulation [9}/24,|47,/53|, to dexterous-hand grasping and manipula-
tion [31}/50,/51,[55], and more recently to tabletop manipulation on humanoid
embodiments [2l/4,/28[411/59], typically assuming fixed camera positions and con-
strained workspaces. Recent research extends these works to mobile manipula-
tion platforms, including wheeled robots [11,/54./60], quadrupeds [22L38./48|, and
humanoids [1}{7}/32]. Compared to tabletop settings and other robotic platforms,
humanoid whole-body manipulation significantly enlarges both the observation
and action spaces due to complex spatial environments and whole-body dexter-
ity, resulting in much higher demands for large-scale, high-quality training data.
Although prior efforts [12}16,29,|37,[58,/68,/70] attempt to mitigate this issue
by leveraging human motion capture data, simulation data, or tabletop data, as
well as editing existing data to augment training for better generalization [25/57],
these strategies still suffer from sim-to-real gaps, embodiment discrepancies, and
spatial distribution shifts. As a result, learned policies exhibit limited robustness
and poor generalization in diverse and unstructured real-world environments,
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and even VLA models trained on diverse datasets are shown to struggle with
cross-task generalization to unseen tasks [69].

To address these challenges, we propose a real-robot-data-free humanoid
whole-body manipulation framework by leveraging the spatial intelligence and
generalizable knowledge of current vision-language models (VLMs). Fig. [1] high-
lights the diverse tasks our framework can accomplish. The framework comprises
two coupled components: the Active Spatial Brain and the Generalizable Action
Cerebellum. Together, they form a closed-loop system where the Brain decom-
poses the goal into manageable sub-tasks and continuously invokes proper agents
in Cerebellum to solve them step-by-step.

Specifically, the Active Spatial Brain operates fundamentally as an active
spatial observer and dynamic planner. To enable active spatial perception, the
humanoid is equipped with a camera capable of two degrees of freedom, whose
viewpoint is dynamically controlled by the VLM for active spatial understanding.
We further design a memory bank to archive visual and historical context. On
top of these, we introduce an adaptive task planning module that integrates
closed-loop spatial reasoning with long-horizon planning, decomposing high-level
instructions into specific sub-task commands.

Building on the sub-task commands produced from the brain, the General-
izable Action Cerebellum addresses the challenge of how to generate executable
humanoid action in a generalizable manner. To this end, we employ several
robotic action agents by leveraging the ability of foundation models without the
need of task-specific robot data. Specifically, we decouple the action into lower-
body and upper-body. For the lower body, two agents are provided to move the
robot to where the target object lies within the dexterous hand’s workspace.
For the upper body, we develop another two VLM-driven action agents that
predict feasible dexterous grasp and corresponding arm motions to complete the
manipulation.

To benchmark spatial-aware humanoid whole-body manipulation, we curate
a set of real-world, whole-body tasks that explicitly require active spatial per-
ception (e.g., resolving occlusions via viewpoint changes), 3D spatial reason-
ing (e.g., inferring relative object locations), and coordinated loco-manipulation
(e.g., re-positioning the base to make targets reachable).On this benchmark,we
first systematically evaluate representative VLMs in terms of complex spatial
understanding. We then assess our proposed framework through real-robot ex-
periments. The results show that our system combines reliable spatial perception
and decision-making with generalizable, physically feasible whole-body action
generation. Our framework achieves consistently higher success rates than ex-
isting data-driven baselines while requiring no real-robot data for training or
fine-tuning.
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2 Related Work

2.1 Whole-Body Manipulation

Humanoid whole-body manipulation is an active and challenging research area
in embodied Al. To overcome the data bottleneck in learning-based methods,
recent works utilize human teleoperation [1}|13},29,37,/63] for Imitation Learn-
ing [23,/56,(61}/64]. TrajBooster [32] retargets trajectories from wheeled robots
to humanoids and integrates the teleoperation data for whole-body control.
ResMimic [67] and R?S? |66] employ task-specific residual learning or structural
skill priors on top of human motion tracking. In the context of Reinforcement
Learning, alongside unified controllers |[45] and force-adaptive frameworks [65],
AMO |27] combines sim-to-real RL with trajectory optimization, and VIRAL [14]
uses large-scale visual distillation for zero-shot RL policy deployment in the real-
world. However, most methods are only applied in simplified settings, lacking
active environmental interaction and reasoning by the robot. Also, they are con-
strained by the costly real robot data or synthetic data, making it difficult to
adapt to environmental changes and limit the generalization capabilities. In con-
trast, our approach leverages large models for active spatial perception. By dy-
namically understanding 3D scenes, our multi-agent architecture autonomously
decomposes tasks into executable whole-body actions, achieving superior gener-
alization across diverse environments.

2.2 LLMs-driven Manipulation

The emergent capabilities of Large Language Models (LLMs) in sematic reason-
ing and zero-shot generalization [3}[8l[26}/36] have driven their extensive applica-
tion in robotic manipulation. Early works in this domain primarily utilized LLMs
to translate semantic instructions into structured sub-goals sequences [19,[21].
To further bridge the semantic gap between planning and execution, researchers
explored the synthesis of manipulation policies directly through LLMs’ code
generation ability [30}/43]. Upon this, recent works seek to enhance physical
grounding by extracting geometric representations from the tabletop workspace
[17/18391/44]. These methods effectively convert language into spatial constraints
and cost maps to guide the motion planning. While these approaches achieve
promising manipulation capabilities, they are primarily designed for static table-
top scenarios with fixed camera perspectives. They inherently lack the active
spatial reasoning ability and whole-body coordination mechanisms required to
manage complex 3D scene-level environments and integrate locomotion and ma-
nipulation. By decoupling the problem into active spatial perception and multi-
agent action generation, our system enables humanoids to dynamically reason
the current scenarios and execute the whole-body action.

2.3 Spatial Intelligence for Robotics

Recent advances in robotic manipulation have increasingly focused on spatial
intelligence to enable robust 3D perception, spatial reasoning, and precise inter-
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action under complex real-world conditions. Existing methods can be generally
divided into three categories. The first line [1540,|42] focuses on explicit spatial
modeling and geometric-semantic disentanglement, which decouples and fuses
geometric and semantic information to infer actionable 3D structures and poses
for accurate manipulation. The second [5}/33}/35] adopts spatial-aware vision-
language-action (VLA) frameworks, unifying spatial grounding, language under-
standing, and action generation in an end-to-end pipeline to improve generaliza-
tion via embedded spatial reasoning. The third [6,|10}/62| exploits spatial affor-
dance and keypoint prediction, often using lightweight augmentation or vision-
language model fine-tuning to localize operable regions with low computational
overhead. Although these efforts lay the foundation for advanced embodied intel-
ligence, they are mostly limited to tabletop scenarios or simple loco-manipulation
tasks. In contrast, this work targets spatial-aware humanoid whole-body manip-
ulation, which integrates active spatial perception and complex decision-making
by fully exploiting the strong spatial reasoning and decision-making capabilities
of multimodal large language models.

3 Methods

3.1 Framework Overview

Problem Formulation In this paper, we focus on the humanoid whole-body
manipulation task. Given user language commands, RGB-D observations, and
the proprioceptive state, the framework aims to generate the whole-body action
of the humanoid, denoted as A = {acam, Adew, Gupper Glower |, €ach referring to
the active camera action a¢qm,, dexterous hand poses age,, upper-body joint poses
Qupper, and lower-body joint poses ajower. Finally, A is sent to PD controllers to
output joint torques.

Architecture Our framework adopts a hierarchical multi-agent architecture for
humanoid whole-body manipulation in complex environments, as illustrated in
Fig.[2] It consists of two tightly coupled components: an Active Spatial Brain and
a Generalizable Action Cerebellum. Operating as a high-level policy, the Brain
actively explores the spatial environment, decomposes the goal into sub-tasks,
and invokes specific action agents within the Cerebellum to execute low-level
robot actions to complete them. Once action agents are invoked, feedback is
routed back to the Brain. Together, these two components work in a perception-
planning-control closed-loop until the goal is successfully completed.

3.2 Active Spatial Brain

To enable the humanoid robot to autonomously perceive complex 3D environ-
ments, understand natural language instructions and make manipulation plan-
ing, we propose the Active Spatial Brain empowered by the mainstream VLM.
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Fig.2: The overview of our humanoid whole-body manipulation framework. Our
framework consists of two components: an Active Spatial Brain for active spatial per-
ception, understanding and planing; and a Generalizable Action Cerebellum for exe-
cutable action generation.

The Brain integrates three modules: Active Spatial Perception for active sur-
rounding perception, Memory Bank archiving perceived observations to support
spatial awareness consistency, and Adaptive Task Planning leveraging them to
generate spatially adaptive task plans.

Active Spatial Perception In complex real-world scenes, objects are fre-
quently occluded or arranged in intricate spatial configurations, making fixed-
perspective perception inadequate for accurate localization and manipulation.
To address this challenge, we propose an active spatial perception agent to dy-
namically adjust the camera viewpoint to improve spatial understanding in un-
structured 3D environments. We fully leverage the spatial reasoning capability
of VLM to make viewpoint decisions directly from visual observations and task
instructions. Specifically, we prompt the VLM with a pre-defined robot action
space and its corresponding effects, where the space consists of a 2-DoF camera
neck motion and a 4-DoF humanoid base movement including translations along
the z, y, and z axes and z-axis rotation (Fig. [3]). With this capability, the agent
can actively explore complex environments to locate task-relevant targets.

Memory Bank In loco-manipulation, drastic shifts in the robot’s base position
can cause inherent viewpoint inconsistencies that mislead the VLM. To address
this, we implement a hybrid recording movement-conditioned strategy. Specif-
ically, the bank archives only the images captured by the perception module
since the last base movement, pairing each with its corresponding camera pose.
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(a) 2-DoF Camera Neck Motions (b) 4-DoF Humanoid Base Movements

Fig. 3: The illustration of the degrees of freedom in the active camera, consisting of
two parts: 2-DoF camera neck motions and 4-DoF camera base changes induced by
humanoid body movements.

Coupled with constrained visuals, it maintains a textual log recording all com-
mands dispatched from the Brain to the Cerebellum, alongside their respective
feedback. By synthesizing these selectively archived images and the global text-
based execution history, the framework enables the VLM to accurately infer the
task stage and maintain consistent spatial awareness.

Adaptive Task Planning Building upon the active spatial perception mod-
ule and the memory bank, the adaptive task planning agent integrates spatial
reasoning, sub-task decomposition, and dynamic replanning. Given a user in-
struction, the agent first decomposes the long-horizon goal into a sequence of
sub-tasks, followed by an iterative closed-loop execution. At each step, the plan-
ner evaluates the sequence against the memory bank to determine the current
task stage and triggers one of two behaviors: (i) active viewpoint adjustment
to achieve more comprehensive spatial perception, or (ii) invoking downstream
agents in the Cerebellum to progress the overall plan.

However, the initial plan may be partially infeasible due to insufficient obser-
vations, and environmental disturbances can result in agent execution failures.
To mitigate these issues, the planner dynamically replans its sub-tasks based on
the memory bank at each step. For instance, upon detecting a failed grasp, it
autonomously re-invokes the manipulation agent to execute a second attempt
(Fig. [4). This unified replanning process achieves robust closed-loop control in
complex, unstructured 3D environments.

3.3 Generalizable Action Cerebellum

To translate high-level commands from the Spatial Brain into executable and
physically feasible humanoid action sequences in a generalizable manner, we
introduce the Generalizable Action Cerebellum, which decomposes whole-body
control into lower-body and upper-body control, executed by multiple special-
ized action agents. The lower-body locomotion module handles obstacle-aware
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Fig. 4: The planner adjusts the plan via execution history and visual validation. Left
to right: the robot misses the target, readjusts its pose, and successfully grasps it.

navigation and base adjustments to ensure end-effector reachability. The upper-
body dexterous manipulation module generates physically feasible upper-body
motions for manipulating the objects. By coordinating specialized action agents
for both components without requiring task-specific demonstrations, the system
achieves robust and generalizable whole-body humanoid manipulation.

3.3.1 Humanoid Lower-Body Locomotion

To achieve reliable and precise robot locomotion for subsequent manipulation,
the lower-body locomotion module is built around two agents that can be in-
voked by the Brain based on perceived spatial relationships. In terms of their
roles, a navigation agent manages long-range obstacle-aware coarse approach,
while a reachable space solving agent provides short-range positioning to secure
the object within the manipulation workspace. Beneath them, an RL policy is
trained to convert the base movements from the agents into executable joint
actions.

Spatial Navigation For obstacle-aware navigation, this agent requests an
RGB-D observation which manifests the target along with the ground, and the
2D image coordinate of the target Utarget = (Utar, Vtar). We first lift the depth
map into a 3D point set in the camera frame. The resulting point cloud is then
projected onto the ground plane to construct a discretized grid map with cell
size d.

A grid cell is marked as occupied if there exists a point within the cell whose
height exceeds a threshold h:

L. 1, dxe Ci]‘ s.t. Z(X) > h,
J) = 1
G(i.J) {0, otherwise. M)

The target coordinate Utarger undergoes the same lifting and projection pro-
cess to determine the corresponding goal cell in the grid map.

After constructing the grid map, we apply the A* algorithm to compute a
collision-free path from the robot origin to the goal cell. The resulting path is
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then simplified using the Ramer-Douglas—Peucker (RDP) algorithm, producing
a waypoint sequence {p; } Y, that serves as the final trajectory. The robot tracks
pi using closed-loop feedback, computing v, ¢ and wy; from the relative pose to
the next waypoint while maintaining a nominal base height h;.

End-Effector Reachable Space Solver To ensure the EE’s reachability at
close range, the robot should make precise adjustments to its base position. We
therefore introduce an optimization based solver that computes the required base
adjustment.

Given the target object position in the original robot’s base frame p; =
[z, Yt 2] T, let Pobj(pr, Ad, Az) denote the target object position expressed in
the adjusted base frame, where Ad € R? and Az represent the horizontal and
vertical base adjustments. The solver minimizes the adjustment magnitude while
bringing the object closer to the shoulder workspace:

min  Arf Ad|3 +A2(42)° + As [Pob; (Pe; Ad, A2) — Pahoutder(42) 5~ (2)

To ensure reachability, we impose a constraint on the shoulder-to-object dis-
tance:

||p0bj (pta Ad, AZ) - pshoulder(AZ)||2 S nLa (3>

where L is the arm length and n = 0.8 defines a safety margin.

Changing the base height alters the relative pose between the base and the
shoulder due to the humanoid kinematic structure. To account for this effect, we
estimate a kinematic offset model @(z) using MuJoCo [46] simulation:

P(2) = (62(2), 02(2)), (4)

which predicts the horizontal and vertical offsets of the shoulder relative to the
base at height z.
The shoulder position in the base frame is therefore

Pshoulder (A2) = [0z(20 + Az), 0, dz(20 + Az)]T (5)

where zy is the nominal base height. Solving this optimization yields the
refined base displacement and height that place the object within a safe and
reachable region for subsequent manipulation. We then compute the v, ¢, wy,
h corresponding to Ad and Az for the RL policy.

Reinforcement Learning-Based Humanoid Locomotion We finally adopt
a policy Toeo following HOMIE [1] to translate the base commands from agents
above to actual lower-body joints actions. Given the proprioception state s; and
base command ¢; = [vg¢,wy ¢, k], the policy outputs Aigwer,t = Mioco(St, Ct) tO
achieve stable lower-body locomotion.
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3.3.2 Humanoid Upper-Body Dexterous Manipulation

Humanoid upper-body dexterous manipulation requires precise control of both
arm and dexterous hand joints, posing challenges due to the high degrees of
freedom and limited generalization across tasks and objects. To address these
challenges, we decompose manipulation into grasp generation and post-grasp
trajectory generation implemented by two agents empowered by MLLM. One
synthesizes object-specific grasp poses, while the other one produces manipula-
tion trajectories after grasp acquisition.

Grasp Pose Generation Inspired by the paradigm of leveraging foundation
models to generate human grasp images and transferring them into executable
robot actions [52], the grasp pose generation agent leverages the multimodal
foundation generative models to synthesize hand—object interaction images Ino
conditioned on the visual observation I and task instruction £. By harnessing
the foundation model’s ability to learn generalizable grasp patterns from large-
scale data, these images encode transferable human grasp strategies that serve
as a strong prior for subsequent robot grasp generation, even though they cannot
be executed directly due to embodiment and physical constraints.

To bridge this gap, the agent performs a human-image-to-robot grasp transfer
via hand—object reconstruction and dexterous retargeting. In the hand—object
reconstruction stage, the agent first invokes the pretrained Hyper3D [20] model
to generate a 3D object mesh M, from the observation I. Given M, and Ij,, the
agent then applies EasyHOI [34] to estimate the human hand pose G, ano. The
reconstructed human grasp is then retargeted to the dexterous hand by aligning

the fingertip positions piex’f " with the corresponding human fingertip positions

p;n‘mo’f ! and the optimization objective is formulated as:

. dex, ft mano, ft 2
min D) — Dy
Gdex A

(6)

.
The optimized piew’f ! are then retargeted to dexterous hand actions Gy, as the
hand pose output.

Post-grasp Trajectory Generation This agent identifies the post-grasp tra-
jectory through parameterized action primitives (Fig. |5). Given a visual obser-
vation and language instruction, the large model predicts semantic 2D keypoints
and selects a corresponding action primitive. After lifting these keypoints to 3D
coordinates, we derive the target 6-DoF EE poses by applying the primitive’s
specific kinematic rules. All primitives begin with an alignment phase, moving
the EE to a target keypoint or preparatory pose. Subsequently, Pushing (Fig.
and Pulling (Fig. apply linear translation to manipulate articulated objects
like drawers. Placing (Fig. preserves the initial hand-object spatial offset at
the new location, while Rotating (Fig. |pd]) executes a pivot-based local rota-
tion. Finally, an IK solver converts these sequential poses into continuous joint
commands for whole-body execution.
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(c) Place (d) Rotate

Fig. 5: Implementation of fundamental manipulation primitives. Red dots denote tar-
get spatial keypoints, and blue arrows indicate trajectory directions.

4 Experiments

4.1 Spatial Intelligence Benchmark for Manipulation Tasks

Spatial intelligence constitutes one of the cores of our framework. To investi-
gate the spatial intelligence capabilities of mainstream VLMs, we systematically
evaluate them through several tasks. These tasks assess spatial relationship un-
derstanding, 3D scene modeling, and active perception, respectively.

Task 1 Map a shuffled set of nine adjacent images back to their original 3 x 3
spatial grid, where proficiency is quantified by structural matching accuracy.

Task 2 The VLM drives the active camera to locate an initially out-of-view
or occluded target, continuing until successful detection or running out budget.

Task 3 Predict a sequence of ground waypoints leading to the target within
an obstacle-cluttered scene. Trajectory formed by waypoints is graded by ob-
stacle clearance as Appropriate (moderate distance), Inappropriate (excessively
close/far) or Fail (collision).

4.2 Real World Experiments Setting

Robot Platform We conduct real world experiments on a Unitree G1 hu-
manoid equipped with two 6-DoF Inspire FTP hands and a 2-DoF active Re-
alsense D435i camera (Fig. [6a)). The set of objects used for manipulation is
shown in Fig. [6[(b).

Task Description To evaluate the proposed humanoid mobile manipulation
framework under diverse conditions, we design five task settings. Each setting
includes an easy and a hard mode.
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Fig. 6: Real-world experimental setup. (a) The robot hardware platform. (b) The
objects to be grasped in our experiments.

1. Different Heights. The robot performs manipulation without base trans-
lation while adjusting its body height. The easy mode uses moderate heights,
while the hard mode includes more extreme height variations.

2. Different Positions. The robot maintains a fixed height but navigates
to the target without obstacles. The easy mode requires short-range motion,
whereas the hard mode involves longer distances.

3. Different Heights and Positions. The robot must adjust both height
and position. The easy mode corresponds to the intersection of the easy cases
above, and the hard mode to the union of their hard cases.

4. Obstacle Avoidance. The robot avoids obstacles during navigation, with
one obstacle in the easy mode and multiple obstacles in the hard mode.

5. Occlusion Handling. The robot removes occluding objects before ma-
nipulating the target. The easy mode uses a fixed occluder, while the hard mode
includes diverse occluding objects.

For each setting, we conduct 10-30 trials and report the success rate, ensuring
that the number of trials is identical across methods for fair comparison. A trial is
considered successful only if the robot completes the manipulation task without
any collision with obstacles.

4.3 Can our framework surpass data-driven methods?

Reproduction of Data-driven Method. We select TrajBooster [32] and
"2 as the learning-based baseline for comparison. We initialize the model
with the officially released post-pre-trained weights and fine-tune it on our task
settings. For each setting, we collect at least 20 trajectories under the easy con-
figuration for post-training. The fine-tuned model is then evaluated on both the
easy (in-domain) and hard (out-of-domain) configurations to assess its general-
ization performance.
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Table 1: Comparison with data-driven (TrajBooster, ¥) and VLM-driven (CaP) base-
lines on diverse tasks. Easy denotes in-domain tasks, while Hard denotes more complex
out-of-distribution tasks.

Method Task 1 Task 2 Task 3 Task 4 Task 5
FEasy Setting

TrajBooster 70.0 75.0 55.0 60.0 40.0
') 80.0 75.0 70.0 70.0 60.0
CaP 75.0 70.0 70.0 80.0 65.0
Ours 85.0 75.0 80.0 80.0 70.0
Hard Setting

TrajBooster 20.0 40.0 10.0 0 20.0
Yy 35.0 45.0 25.0 0 30.0
CaP 50.0 55.0 35.0 30.0 35.0
Ours 60.0 70.0 55.0 60.0 60.0

Trajbooster Wo CaP Ours

Training Data

Height Origin (0. Height Origin (0.75m)

Spatial
Generalization 20
1 2 3 10 1 2 3 40 1 2 3
Distance (m) Distance (m) Distance (m)

Fails to
e generalize

Success Rate (%)

2 3 4 0

1
Distance (m)

Fig. 7: Spatial reachability heatmaps across methods. The heatmap visualizes the
reachable regions under different target locations, showing that our framework main-
tains more robust reachability than the data-driven baseline.

Comparison Results. As shown in Table [1} our framework consistently out-
performs both data-driven baselines (TrajBooster, %) and the VLM-driven base-
line (CaP ) on spatial humanoid manipulation tasks. To analyze performance
under different difficulty levels, we divide the tasks into easy and hard settings.
The easy setting involves simple spatial relationships and limited generaliza-
tion demands, whereas the hard setting requires stronger spatial reasoning and
broader generalization in complex environments. We observe that data-driven
methods remain competitive on the easy tasks, but their performance drops sig-
nificantly on the hard tasks. This is likely because such methods depend heavily
on the quality and diversity of training data, making them less robust to out-
of-distribution scenarios and complex spatial relationships not covered during
training. Notably, the performance gap between the easy and hard settings is far
more pronounced for the data-driven baselines than for our framework, indicat-
ing that their learned policies are tightly coupled to the training distribution.
Additionally, existing VLM methods (e.g., CaP) generalize well but underper-
form on humanoids without specific designs. In contrast, our framework main-
tains strong performance in both settings, demonstrating better generalization
through the multi-agent design.
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4.4 Can our framework achieve generalization?

We further analyze the generalization ca-
pability of our framework from two com-
plementary perspectives: spatial reacha-
bility and object categories. Fig. |Z| vi- Table 2: Generalization across object
sualizes the reachable regions across dif- categories. * indicates objects unseen in
ferent target locations, showing that our the fine-tuning dataset of TrajBooster.

framework maintains a broader and more Objects Ours Traj.

reliable reachable region than the data- Tools  77.8  50.0
: 3 Lk

driven baseline. Table [2| further demon- Tools™ ~ 52.0  50.0

e Items  60.0  60.0

strates strong generalization across both Items* 69.6  50.0

seen and unseen object categories. In con-
trast, data-driven methods perform rea-
sonably well when the test scenarios are similar to the training domain, but their
performance degrades significantly when encountering unseen spatial layouts or
novel objects. These results highlight the advantage of our approach in han-
dling both reachability variations in space and category variations in real-world
environments.

4.5 Is each component of our framework effective?

We conduct an ablation study to evaluate the key modules: Active Perception
(AP) and End-Effector Reachable Space Solver (EES). In detail, Robot’s view-
point is fixed without AP, and it maintains a predefined distance and relative
height difference with the target object without EES. Shown in Table [3] Task
3 performance is consistently low without AP, confirming that AP significantly
expands the robot’s observation space to maintain visual context during long-
distance base movements. Success rates all drop without EES in the experiment,
especially in Task 4 where sensor errors accumulated during non-linear move-
ment, showing that EES further improves manipulation by refining object align-
ment and positioning. Results demonstrate that our design effectively improves
humanoid ability in whole-body manipulation tasks.

Table 3: Ablation study of our framework on two representative tasks.

AP EES Diff. Heights and Positions Obstacle Avoidance
X X 18.8 0

v X 55.6 16.7

X v 24.9 33.4

v v 67.5 70.0
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Table 4: Spatial intelligence benchmark of VLMs. Time: average seconds per task.

Models Correctness Time Models Success Observe Times Time
gpt5.1 94.12 94.59  gpt5.1 82.35 2.53 45.75
gemini-3-flash 95.21 54.93 gemini-3-flash 88.23 2.00 27.07
gemini-3.1-pro 98.84 94.50 gemini-3.1-pro 94.11 2.00 44.73
qwen3.5-plus 93.29 155.63 qwen3.5-plus 70.00 4.80 32.15
(a) Map images back to grid (b) Active perception
Models Appropriate Inappropriate Fail Time
gpt5.1 30.35 25.00 44.64 118.38
gemini-3-flash 57.89 26.31 15.78 33.76
gemini-3.1-pro 64.91 14.03 21.05 35.12
qwen3.5-plus 17.54 15.78 66.67 33.03

(c) Waypoints generation

4.6 How is the spatial intelligence of VLMs?

Table 4] highlights a distinct spatial intelligence gap in current VLMs. While they
excel at coarse, relational spatial reasoning (Tasks 1 and 2), they struggle with
fine-grained metric perception from 2D observations (Task 3). This validates
our framework: by decoupling VLM-based high-level planning from fine-grained
action generation, we leverage their perceptual strengths while ensuring precise,
generalizable locomotion and manipulation.

5 Conclusion

In this work, we study spatial-aware humanoid whole-body manipulation in com-
plex 3D environments, which requires strong spatial understanding and robust
action generalization. To address these challenges, we propose a generalizable hu-
manoid loco-manipulation framework composed of two components: an Active
Spatial Brain for active spatial perception, task planning, and subtask decom-
position, and a Generalizable Action Cerebellum for executable action genera-
tion without task-specific real-robot data. Experiments on diverse spatial ma-
nipulation tasks demonstrate strong performance in both spatial perception and
real-robot task execution across varied environments. Our results highlight the
potential of integrating large-model-driven active spatial perception and decision
making for generalizable humanoid manipulation.
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