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3D HAMSTER: Bridging Planning and Control in Hierarchical Vision
Language Action Models through 3D Trajectory Guidance
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Minho Park!, Hojoon Lee®, Hyunseung Kim'#, and Jaegul Choo'f

Abstract— Hierarchical Vision-Language-Action (VLA) mod-
els decouple high-level planning from low-level control to
improve generalization in robot manipulation. Recent work in
this paradigm uses 2D end-effector trajectories predicted by
a Vision-Language Model (VLM) as explicit guidance for a
downstream policy. However, state-of-the-art low-level policies
operate in 3D metric space on point clouds, and feeding them 2D
guidance that lacks depth forces each waypoint to be assigned
the depth of whatever scene surface lies beneath it, producing
geometrically distorted trajectories. We propose 3D HAMSTER,
a hierarchical framework that closes this gap by having the
planner directly output metrically reliable 3D trajectories.
We augment a VLM with a dedicated depth encoder and a
dense depth reconstruction objective to predict 3D waypoint
sequences, which are directly integrated into a pointcloud-
based low-level policy. Across 3D trajectory prediction, simula-
tion, and real-world manipulation, 3D HAMSTER consistently
outperforms proprietary VLMs and 2D-guided baselines, with
the largest gains under appearance-altering shifts and unseen
language, spatial, and visual conditions. The project page
is available at https://davian-robotics.github.io/
3D_HAMSTER/.

I. INTRODUCTION

A long-standing challenge in robot manipulation is bridg-
ing the gap between high-level semantic reasoning and low-
level motor control. The strong semantic understanding ca-
pabilities of Vision-Language Models (VLMs) [1]-[3] have
inspired the development of end-to-end Vision-Language-
Action (VLA) architectures that directly map visual observa-
tions and language instructions to continuous actions [4]-[7].
However, end-to-end VLA architectures, also referred to as
monolithic models [5]-[7], have shown limited performance
due to the scarcity of robot demonstration data, which
remains costly to collect at scale on physical hardware. Fine-
tuning on this limited data erodes the broad generalizability
of the underlying VLM, leaving these models vulnerable to
out-of-distribution (OOD) visual shifts across novel objects,
viewpoints, and environments [8].
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Fig. 1. Comparison of 2D and 3D guidance in hierarchical VLAs.
(a) 2D planners create representational misalignment: unprojecting
2D plans yields flawed 3D guidance, leading to brittle execution. (b)
Our 3D-aware planner generates metrically reliable 3D guidance,
establishing a shared metric space for robust manipulation.

To better leverage the generalization capability of VLMs,
hierarchical VLA frameworks [9]-[11] have been proposed
as a compelling alternative that explicitly decouples semantic
reasoning from low-level motor control. Specifically, they
utilize a VLM as a high-level planner that produces 2D
keypoints on a camera image (System 2), while a low-level
controller receives this guidance to generate motor com-
mands (System 1). This decoupling provides a critical scaling
advantage. Because the planner predicts visual targets rather
than robot-specific actions, it can be trained on abundant non-
robot data encompassing spatial reasoning, visual grounding,
2D bounding boxes, and general VQA, preserving the broad
generalizability of the underlying VLM.

While this 2D formulation is a natural fit for VLM-based
planners, recent research on low-level policies has increas-
ingly favored 3D-native architectures that operate on point
clouds, consistently outperforming 2D alternatives in spatial
precision and robustness to viewpoint changes [12]-[15].
This creates a fundamental representational misalignment in
current hierarchical VLAs: the planner would reason in 2D
pixel coordinates, while the controller operates in 3D space.

For instance, HAMSTER [9], pairs a 2D VLM planner
with a pointcloud-based 3D controller (Fig. 1a). To bridge
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the gap between 2D plans and 3D execution, the planner’s
2D waypoints must be lifted into 3D by sampling depth
from the scene surface at each pixel location. However,
since the planner itself provides no depth information, the
result is determined entirely by whatever geometry happens
to lie beneath each waypoint. This produces a graffiti effect
(Fig. 1a): the trajectory clings to the scene surface rather than
passing freely through 3D space, making it difficult for the
controller to distinguish the intended path from the geometry
itself. If, instead, the planner directly outputs 3D coordinates,
no such projection is needed: the trajectory exists in the
same metric space as the controller from the start, faithfully
reflecting the planner’s intent (Fig. 1b).

Fortunately, recent VLMs have acquired substantial 3D
spatial knowledge through large-scale geometry-rich pre-
training, making 3D-aware planning increasingly feasible [2],
[16]. Building on this foundation, we propose 3D HAMSTER,
a hierarchical VLA framework that trains a VLM backbone
to predict metrically reliable 3D end-effector trajectories
in (u;v;d) form, where (u;V) are image-plane coordinates
and d is metric depth, producing guidance directly aligned
with the operating space of 3D low-level policies. Since
RGB features alone cannot reliably recover metric depth
from a single view, we augment the VLM with a dedicated
depth encoder and introduce a dense depth reconstruction
objective that regularizes the model’s internal representations
to preserve faithful scene geometry, complementing sparse
trajectory supervision with a scene-level 3D prior. To main-
tain broad generalization, we train the planner on a mixture
of 3D capability data and 2D preservation data. The predicted
trajectories are then transformed into world coordinates and
executed by a pointcloud-based low-level policy, ensuring a
unified metric interface from planning through execution.

We evaluate 3D HAMSTER across three settings. (1) On
DroidSpatial-Bench, a benchmark we construct from held-
out DROID pick-and-place episodes [17], our depth-encoder-
augmented VLM produces more accurate 3D trajectories
than strong baselines including Gemini-3.0-Pro and Robo-
Brain 2.5. (2) On 11 tasks from the Colosseum simulation
benchmark [18], which stress-tests policies under 14 pertur-
bation axes, 3D trajectory guidance consistently outperforms
2D alternatives, with the largest gains under appearance-
altering shifts such as lighting and texture changes. (3) On a
real Franka Panda arm across three tasks of increasing spatial
precision (button pressing, pouring, and pick-and-place), 3D
guidance improves performance across four generalization
axes: unseen language, spatial references, visual conditions,
and their combination. Our contributions are as follows:

A framework that closes the 2D-3D representational gap in

hierarchical VL As by having the planner output 3D trajec-

tories directly consumable by pointcloud-based policies.

A training recipe combining a depth encoder, dense re-

construction loss, and a curated data mixture that enables

a pretrained VLM to generate metric 3D trajectories.

Experimental validation across three complementary set-

tings showing that aligning planning and execution in 3D

metric space yields robust manipulation under distribution

shifts where 2D guidance fails.

II. RELATED WORK
A. Hierarchical Vision-Language-Action (VLA) Models

Existing hierarchical VLA frameworks decouple high-
level planning from low-level control through VLM-friendly
intermediate representations such as language [19], 2D key-
points [20], and 2D end-effector trajectories [9]-[11]. How-
ever, since fine-grained manipulation fundamentally operates
in 3D space, these 2D representations introduce ambiguity
under 3D-sensitive shifts such as occlusion or viewpoint
changes. This limitation has motivated a shift toward 3D-
aware planning. Concurrent to our work, RoboTracer [21]
and RoboBrain 2.5 [22] take a step in this direction by
producing depth-aware keypoint sequences in (u; v; d) form.
RoboTracer further incorporates depth input and predicts
metric scale via a regression-supervised decoder, but remains
a standalone motion planner that does not integrate its pre-
dicted trajectories with a downstream controller for closed-
loop manipulation. In contrast, 3D HAMSTER enforces
scene-level geometric understanding through a dense depth
reconstruction loss and investigates how to effectively couple
the predicted 3D trajectories with a pointcloud-based low-
level policy, closing the full loop from 3D-aware planning
to 3D-native execution.

B. Vision-Language Models (VLMs) for Spatial Reasoning

VLMs are increasingly used for spatial prediction in
embodied robotics, with outputs evolving from point es-
timates [20], [23]-[26] to trajectory-level guidance [21],
[22], [27]. Beyond 2D spatial reasoning, recent VLMs have
also acquired rough 3D spatial knowledge through large-
scale pretraining on geometry-rich data, as evidenced by
capabilities such as 3D bounding box prediction in Qwen3-
VL [2] and joint 3D scene reconstruction and spatial question
answering in G?VLM [16]. Other works go further by
injecting explicit geometric priors into VLMs through 3D
grounding data [28], 3D geometry encoders [29], or 3D
vision-language-action instruction tuning [30]. These results
collectively demonstrate that modern VLMs possess a mean-
ingful foundation of 3D spatial understanding. However,
prior robotic planning methods have not fully leveraged this
pretrained 3D knowledge, largely confining VLM planners to
2D outputs. Our work shows that this latent 3D capability can
be effectively channeled into metrically reliable trajectory
prediction for robotic manipulation through targeted fine-
tuning and architectural augmentation.

C. 3D Low-Level Manipulation Policies

Earlier manipulation policies such as Diffusion Pol-
icy [31] operate on 2D image observations and struggle with
depth ambiguities and perspective distortions in contact-rich
tasks [32]. The field has shifted toward 3D-native architec-
tures that operate directly on metric representations such as
point clouds. DP3 [12] adopts pointcloud-based state rep-
resentations within diffusion-based frameworks. Act3D [13]
and RVT-2 [33] leverage 3D feature fields and multi-view



Fig. 2. Overview of 3D HAMSTER. The framework decouples semantic planning and motor execution with two-stage training strategy:
Stage 1 aligns depth features with the VLM space using a dense reconstructiondggs)(while preserving VLM capabilities; Stage 2
ne-tunes for trajectory prediction. The 3D trajectory planner fuses RGB and depth to generate metrically reliable 3D trajectories, which
the trajectory-conditioned 3D low-level policy executes as robust closed-loop actionBden the scene point cloud.

rendering for precise spatial prediction. 3D Diffuser Ac-preserve metrically accurate scene geometry. The trajectory-
tor [14] uni es diffusion policies with 3D scene represen-conditioned 3D low-level policy (Fig. 2b) then unprojects
tations through a relative position denoising transformer. 3D into world coordinates using known camera intrinsics
FlowMatch Actor (3DFA) [15] extends 3DDA by replacing and extrinsics, appends the resulting 3D waypoints to the
diffusion with rectied ow matching for faster and more scene point cloud constructed from RGB-D observations, and
ef cient end-effector trajectory prediction. The consistenpredicts a chunk of Jactions fa.g.3 through recti ed ow
gains of these 3D controllers motivate our choice of anatching [34] over this uni ed 3D representation.
pointcloud-based low-level policy, and more broadly, the _
need for a high-level planner that produces guidance in tfe 3D Trajectory Planner
same 3D space. We build on Qwen3-VL [2], which possesses broad 3D
spatial knowledge from large-scale pretraining, including the
1. METHOD ability to predict 3D bounding boxes from a single image.
A 3D HAMSTER HOW(_aver, this knowledge was aqured through object—leyel
localization tasks and does not directly transfer to generating
a) Problem Formulation: Given calibrated RGB-D coherent sequences of 3D waypoints for end-effector trajec-
cameras and a natural language instruction, our goal is tory prediction. Without targeted adaptation, the base model
produce motor actions that accomplish the described manigehieves near-zero accuracy on this task (Table II, row 1
ulation task. At each timestep, the robot observes an RG# ours). We bridge this gap through three complementary
image | 2RHW3 adepth map D2RW |, and atask components: (i) a curated training mixture, (ii) a dedicated
instruction |. We decompose this into a high-level plannedepth encoder, and (iii) a dense depth reconstruction loss,
that predicts an end-effector trajectory = f@uvi;di)gl;  whose individual contributions we isolate in Sec. IV-B.
in pixel coordinates (y v;) with metric depth ¢, where T is a) Training Data: We train the planner on a mixture
the number of waypoints and t indexes each waypoint alongf eight data sources grouped into two categories (Table 1),
the trajectory, and a low-level policyiow(P; ) =fa (g%  designed to channel the base VLM's 3D knowledge into
that produces a chunk of;Tactions from the current point metric trajectory prediction without eroding its existing
cloud observation P conditioned on , executing closed-loowision-language understanding. (i) 3D capability data (RGB
control at each re-planning step. + depth) consists of end-effector trajectories from real and
b) Overall Framework: As illustrated in Fig. 2, 3D simulated robot demonstrations and spatial reasoning data
HAMSTER consists of a 3D trajectory planner and &om RefSpatial [26]. Each trajectory sample pairs an RGB
trajectory-conditioned 3D low-level policy. The 3D trajectoryimage and depth map with a (u;v;d) waypoint sequence
planner (Fig. 2a) takes a single RGB image |, a depth magnd gripper actions. We include three supervision variants:
D, and a task instruction | as input, and autoregressivel2D-only, 3D-only, and a chain-of-thought variant that rst
generates a metrically reliable end-effector trajectory predicts the 2D trajectory and then lifts it to 3D, encourag-
To produce geometrically faithful predictions, we augmening the model to learn consistent pixel-to-depth mappings.
the VLM with a dedicated depth encoder that produceRefSpatial, originally a 2D-only dataset, is augmented with
depth features alongside the RGB features from the visiagenerated depth maps and extended to include depth-aware
encoder. These two feature sets are then fused into uni egpatial reasoning and vacant-space localization, providing
visual tokens and passed to the LLM backbone, which iadditional supervision for the depth encoder. Ground-truth
further regularized by a dense depth reconstruction loss tlepth is used for RLBench [35] and DROID [17]; for
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