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ABSTRACT

Hierarchical coarse-to-fine policy, where a coarse branch predicts a region of inter-
est to guide a fine-grained action predictor, has demonstrated significant potential
in robotic 3D manipulation tasks by especially enhancing sample efficiency and
enabling more precise manipulation. However, even augmented with pre-trained
models, these hierarchical policies still suffer from generalization issues. To en-
hance generalization to novel instructions and environment variations, we propose
Coarse-to-fine Language-Aligned manipulation Policy (CLAP), a framework that
integrates three key components: 1) task decomposition, 2) VLM fine-tuning for
3D keypoint prediction, and 3) 3D-aware representation. Through comprehen-
sive experiments in simulation and on a real robot, we demonstrate its superior
generalization capability. Specifically, on GemBench, a benchmark designed for
evaluating generalization, our approach achieves a 12% higher average success
rate than the SOTA method while using only 1/5 of the training trajectories. In
real-world experiments, our policy, trained on only 10 demonstrations, success-
fully generalizes to novel instructions and environments.

1 INTRODUCTION

Robot learning, especially via imitation learning, has demonstrated promising success in enabling
robots to solve complex 3D manipulation tasks (Intelligence et al., 2025; Liu et al., 2024). However,
scaling these methods to a broader range of real-world applications (e.g., industrial, service, or
home robotics) requires enhancing both (G1) their generalization to environment variations, and
(G2) their skill compositional generalization. Indeed, G1 is necessary, because deployed robots
need to be able to operate in new settings (e.g., object or background variation), while G2 is highly
desirable, so that trained robots can tackled new tasks by composing previously-learned skills. To
achieve G1 and G2, the robot needs to be endowed with a combination of capabilities, such as
scene understanding, reasoning or planning, and high-precision manipulation, exploiting preferably
sample efficient techniques, since robotics data is costly to collect.

In this paper, we focus on one type of 3D manipulation policies, called coarse-to-fine policies
(Gualtieri & Platt, 2020; James et al., 2022; Ling et al., 2024; Goyal et al., 2024; Gervet et al.,
2023; Liu et al., 2025), because they achieve superior precision in manipulation tasks while enjoy-
ing strong sample efficiency. These policies process 3D observations (or 3D scene representations)
using a hierarchical architecture whose higher-level coarse branch identifies a region of interest for
the lower-level fine-grained branch to focus on and predict a final action. Typically, the coarse
branch is trained to predict a 3D keypoint, which serves as the center for cropping and zooming
into the original 3D observations. To help with visual understanding and to some extent spatial
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Figure 1: Intuition of CLAP. Our method achieves strong generalization ability by decomposing
tasks into step-wise language instructions, each aligned with a 3D keypoint.

reasoning, recent work (Li et al., 2025b; Fang et al., 2025) has extended this approach to exploit
pre-trained models—Vision-Language Models (VLMs) (Beyer et al., 2024) or visual foundation
models (Ravi et al., 2025). However, the performance of these obtained methods is still limited in
terms of generalization capability (G1 and especially G2), indicating that their scene understanding
and reasoning capabilities are actually still rudimentary. Our experimental study suggests that this
is primarily due to a combination of various issues (depending on the method), such as domain shift
between pre-training and robotic images, inadequacy of pre-trained models to predict 3D keypoint,
poor adaptation to object variations, or under-exploitation of the planning ability of VLMs.

To address these limitations and issues, we propose Coarse-to-fine Language-Aligned manipulation
Policy (CLAP), a novel coarse-to-fine 3D manipulation policy. In contrast to previous coarse-to-fine
policies, CLAP includes a novel architecture for the higher-level branch, which we name coarse task
planner, and a novel implementation of the lower-level fine-grained action predictor, both leveraging
pre-trained models.

The coarse task planner, implemented as a VLM, is introduced to play the additional role of task
planning. Before the usual 3D keypoint prediction, it decomposes a task into step-wise language
instructions, representing basic skills. This change allows both 3D keypoint and action predictions
to depend on step-wise instructions instead of the whole task description, which promotes skill
compositional generalization (G2). The training of this coarse task planner consists of three parts
to reinforce its scene understanding and reasoning capabilities. First, the pre-trained VLM fine-
tuned on language plans of different tasks to directly improve compositional reasoning. Second, it
is specialized for 3D keypoint prediction by fine-tuning it to perform a sequential reasoning process:
first localizing task-related objects, then generating the step instruction, and finally predicting a
corresponding 3D keypoint. Finally, to further boost its scene understanding capability, the VLM is
further fine-tuned with an auxiliary task of 3D object detection, using an additional dataset of object
positions. Together, these components form a comprehensive pipeline that significantly enhances
the generalization ability of the coarse-to-fine policy to object variations (G1) and novel tasks (G2).

The fine-grained action predictor takes as input both the step instruction and the multi-view RGB-D
images and outputs an action. It is implemented with specialized pre-trained models to improve sam-
ple efficiency and increase its precision during manipulation. More specifically, step instruction and
RGB images are processed using a pre-trained visual-language encoder, ensuring the two modalities
are well-aligned. The depth information is processed by a dedicated encoder and augmented with
3D position embeddings to help better align 3D and 2D image information. All the obtained em-
beddings, which we call 3D-aware representation, are fused via a Multi-View Transformer (Goyal
et al., 2023) to predict the final actions.

To evaluate the performance of our method, we run experiments in both simulation and real-world.
For simulation, we use GemBench (Garcia et al., 2025), a benchmark specifically designed to assess
the generalization ability of multi-task language-conditioned policies across varying difficulty levels.
Our approach outperforms the state-of-the-art method, achieving a 12% higher average success rate
with only 1/5 of the training trajectories. In real-world experiments, our method demonstrate strong
generalization ability to novel tasks and object variations with only 10 demonstrations per task.

Contributions

1. We introduce a novel coarse-to-fine 3D manipulation policy, as shown in Figure 1, with
two main innovations: (1) tasks are decomposed into step-wise language instructions to
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promote compositional generalization ability; (2) action inference is performed via a rea-
soning step to improve generalization to object variations.

2. We design a �netuning pipeline that effectively adapts a pre-trained VLM to 3D keypoint
prediction and incorporate a 3D-aware representation in the �ne-grained action predictor,
overcoming the issues observed in previous methods.

3. Empirical evaluations in simulation and on a real robot demonstrate state-of-the-art perfor-
mance in both robustness to visual and object changes and generalization to unseen tasks.

2 RELATED WORK

In this section, we discuss the related works in the �eld, including vision-language-action models,
3D manipulation policies, and coarse-to-�ne policies.

Vision-Language-Action (VLA) models Training VLMs (OpenAI, 2024; Beyer et al., 2024; Bai
et al., 2025; AI, 2024) on vast internet-scale image-text corpora has led to remarkable capabilities
in image understanding, excelling at tasks like image classi�cation, object detection, and visual
question answering tasks. However, applying a similar training strategy directly to robotics presents
a challenge due to the relatively scarce robot trajectory data. A prominent solution is to transfer
the knowledge from pre-trained VLMs by �ne-tuning them on robot data. This approach is the
foundation for recent VLA models (Driess et al., 2023; Brohan et al., 2023; Kim et al., 2024; Octo
Model Team et al., 2024; Intelligence et al., 2025; Wen et al., 2025a; Shukor et al., 2025; Liu et al.,
2024; Wen et al., 2025b; Li et al., 2024; Cheang et al., 2025; Team et al., 2025; NVIDIA et al.,
2025), which are �ne-tuned on large diverse datasets of robot trajectories. Such extensive training
strengthens generalization to novel objects, environments, and tasks. However, since they commonly
use multi-view 2D images as visual input, learning to reason in 3D space from 2D images alone is
data-intensive. This leads to sample inef�ciency and low success rates on some tasks. Recent
work has sought to more explicitly incorporate 3D information (Li et al., 2025a; Qu et al., 2025;
Zhen et al., 2024) or introduce Chain of Thought (Mu et al., 2023; Zawalski et al., 2024; Zhao et al.,
2025) to enhance the 3D reasoning ability. However these directions remain relatively underexplored
within the VLA paradigm. Our method, which �ne-tunes a pretrained VLM as a coarse task planner
and predicts the �nal action with a �ne-grained action predictor, can also be viewed as a VLA
model. In contrast to other VLA approaches, we propose speci�c training and inference techniques
to better align pre-trained VLMs to 3D manipulation, further enhancing generalization (G1-G2)
while retaining the sample ef�ciency inherent to hierarchical coarse-to-�ne policies.

3D Manipulation Policy 3D manipulation policies (Shridhar et al., 2022; Gervet et al., 2023; Jia
et al., 2025; Zhu et al., 2025; Wang et al., 2024b; Ze et al., 2024; Wang et al., 2024a; Goyal et al.,
2024; Ke et al., 2024; Chen et al., 2025a;b; Fang et al., 2025; Li et al., 2025b; Garcia et al., 2025)
directly work with 3D inputs and outputs. They generally include structured architectures that con-
struct a 3D representation of the scene, leading to higher sample ef�ciency and better generalization
to new camera viewpoints. For example, PerAct (Shridhar et al., 2022) explicitly represents the
scene with a voxel representation. Gervet et al. (2023) and Ke et al. (2024) process RGB images
with pre-trained image encoder and lift 2D features to 3D by aggregating with depth information.
An alternative approach (Jia et al., 2025; Goyal et al., 2024) is to project point clouds into canonical
virtual views and use the resulting multi-view images as input. Explicitly exploiting 3D information
allows these models to achieve high success rates with much less training data, which can be further
reduced by enforcing a hierarchical structure like in coarse-to-�ne policies.

Coarse-to-�ne Policies Gualtieri & Platt (2018; 2020) �rst propose this coarse-to-�ne scheme
for pick-and-place tasks. Subsequent work has considered more general tasks and explored various
3D representations, such as voxel observations (James et al., 2022; Liu et al., 2025), 3D feature
�elds (Gervet et al., 2023), and multi-view images (Goyal et al., 2024). Ling et al. (2024) apply the
coarse-to-�ne architecture to handle noisy point clouds. Among these, Robotic View Transformer
2 (RVT2) (Goyal et al., 2024) is an effective language-conditioned multi-task policy, demonstrating
strong performance in both training and inference ef�ciency by using multi-view images projected
from canonical views. However, RVT2 is trained from scratch, which limits its generalization ability
to visual perturbations and task variations. Subsequent efforts built upon this work have sought to
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overcome these limitations. Existing works (Li et al., 2025b; Fang et al., 2025) have attempted to
enhance generalization through strategies such as: pre-training on object detection datasets (Yuan
et al., 2024) or integrating encoders from powerful visual foundation models like Segment Anything
Model 2 (Ravi et al., 2025). In contrast, we achieve this by introducing a novel architecture, where
tasks are decomposed into step-wise language instructions for skill compositional generalization and
design a speci�c training and inference pipeline to leverage pre-trained models in both coarse and
�ne-grained branches.

3 BACKGROUND

In this section, we �rst brie�y recall the multi-task imitation learning set-up, introduce coarse-to-�ne
policy, and then present Robotic-View-Transformer 2 (RVT2) (Goyal et al., 2024), a state-of-the-art
coarse-to-�ne policy that serves as the foundation for our method.

In multi-task imitation learning, a dataset D = f(�i ; L i ) j i = 1; :::; Ng is available for pairs
of robot demonstrations �i and task description Li . A robot demonstration is a trajectory �i =
(o0; a0; o1; a1; :::) containing a sequence of observations ot and corresponding expert actions at .
Observations include multi-view RGB-D images and gripper status indicating whether it is close or
open. Actions denote the state of the end-effector, which contains the 3D position pt = (x t ; yt ; zt )
of the gripper, the orientation of the gripper and a gripper status.

A coarse-to-�ne policy contains a coarse branch and a �ne-grained branch, where the coarse branch
predicts a 3D keypoint as the center to zoom in the 3D observation and the �ne-grained branch
uses the re�ned observation to predict the target action. Such policy is trained according to the
key-frame based imitation learning framework (Johns, 2021; Shridhar et al., 2022; Goyal et al.,
2024). Speci�cally, key-frames identi�es timesteps in a trajectory when an important action, like
grasping or placing, occurs. In practice, they are usually heuristically de�ned for each trajectory.
With these key-frames, a trajectory is segmented into K subsequences of observations and actions
(o0; a0; :::; ot 1 ; at 1 ); :::; (ot K�1 +1 ; at K�1 +1 ; :::; ot K ; at K ), where the kth key-frame occurs at time
step tk , from which we can extract a sequence of key-frame actions (at 1 ; :::; at K ). In this framework,
the goal is to train a policy � to predict the key-frame action at k at the closest next key-frame of
timestep tk given an observation ot and a task description Li :

�(o t ; L i ) ! a t k for tk�1 � t < t k : (1)

The predicted actions are executed by a motion planner, which moves the robot to the desired state,
generating thus the intermediate actions in a trajectories. In coarse-to-�ne policies, the 3D position
pt k output by the coarse branch for the next key-frame is typically used as the 3D keypoint to zoom
into the observation for the action predictor.

In RVT2, multi-view RGB-D images are �rst aggregated into a point cloud, which is then projected
into three canonical views: front, left and top. These three views are orthogonal to each other,
which allows a mapping between pixel positions in these views and a 3D position in the scene.
Each pixel in the projected images contains 3-channel RGB values, 1-channel depth value and its
corresponding 3D position in the global coordinate. In the coarse branch, the projected images are
tokenized using convolutional layers while the task description and robot states (e.g., gripper status)
are encoded by a pre-trained language encoder and a trainable Multi-Layer-Perceptron respectively.
All these tokenized features are fused via Multi-View Transformer (Goyal et al., 2023). The image
tokens in the output of the transformer are then processed by upsampling layers to predict heatmaps,
from which a 3D keypoint is extracted. The keypoint from the coarse branch is used to zoom in
and crop the point cloud while the cropped region is again projected into the canonical views. The
re�ned observations along with the same task description are processed by the �ne-grained branch,
implemented as another multi-view transformer with different weights, to predict the �nal actions.
While RVT2 achieves strong sample ef�ciency and enables precise manipulation via projections to
canonical views and its coarse-to-�ne architecture, it is trained from scratch and therefore does not
leverage recent pretrained large models. In addition, its architecture design does not fully exploit
common skills among tasks. As a result, it suffers from de�cient generalization to visual changes,
object variations, and novel tasks.
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