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1 Introduction

Robotic manipulation policies are often trained with strong supervision on actions, which limits
scalability when action-labeled data is scarce or expensive to obtain. At the same time, large-scale
video data, such as human videos from the internet or other robot demonstrations, contains rich
information about object motion and task dynamics but lacks explicit action annotations.

Recent work has explored trajectory-based representations (Wen et al.,2023), where future pixel-level
movement serves as an intermediate abstraction between perception and control. Such representations
are largely embodiment-agnostic and can potentially bridge pre-trained vision models with robot
learning.

However, a key limitation of the existing trajectory modeling method is that it only relies on
uniformly sampled grid points across the image. In manipulation tasks, most of these points lie on
the background and contribute little to task execution, while the motion of the robot’s end effector
and task-relevant objects is more informative.

In this project, we propose a trajectory modeling pipeline that incorporates semantic segmentation to
guide point sampling. By using Grounded SAM 2 (Ren et al., 2024) with text prompts, we obtain
masks for robot arms and relevant objects, then sample points within these regions. The predicted
trajectories of these points are then used to condition a low-level policy. We evaluate this approach
on a standard pick-and-place benchmark and a self-defined dual-arm articulated object task.

2 Related Work

Trajectory, also called point flow representations, have emerged as a promising interface for policy
learning. Any-point Trajectory Modeling (ATM) (Wen et al., [2023)) formulates policy learning
as a two-stage process: first predicting future trajectories of image points, and then using these
trajectories to guide action generation. This framework allows learning from diverse data sources
without requiring accurate action labels.

Gao et al.|(2024) treats flow as an action representation within a world model, performing model-
based planning to derive the optimal flow. |Gu et al.| (2023)) further explores using manually drawn or
LLM-generated trajectory sketches to provide effective guidance.

Other works treat motion or flow as a universal manipulation interface across domains. Methods
such as Hudor |Guzey et al.|(2025)), GenFlowRL (Yu et al.l2025), and HinFlow (Zheng et al., 2025)
demonstrate that trajectory or flow representations can be applied to reinforcement learning and
online imitation learning. A common insight from these works is that object-centric representations
are often more informative than uniform spatial sampling.
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Recent advances in segmentation foundation models further enable object-centric perception. SAM

2 (Ravi et al} [2024)) extends the Segment Anything (Kirillov et al.,[2023) framework to videos with a

memory attention mechanism, making it suitable for online processing and long-horizon tasks. Its
text-guided variant, Grounded SAM 2 (Ren et al.| [2024), allows segmentation of task-relevant entities
using natural language prompts, which is particularly convenient in robotic manipulation scenarios.

Our work builds on these ideas by combining trajectory modeling with task-relevant segmentation,
and by evaluating the resulting framework in simulation settings.

3 Methodology: SAM-Based Task-Relevant Trajectory Modeling
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Figure 1: Overall Pipeline.

As shown in Fig[T] our framework follows a hierarchical design consisting of two main components:
a Track-Planner (Sec[3.2)) and a Track-guided Policy (Sec[3.3). Given RGB observations, the Track-
Planner predicts future trajectories of sampled points within task-relavent masks from Grounded
SAM 2 2024), while the Track-guided Policy maps RGB observations, point tracks,
together with proprioception, to robot actions.

3.1 Task-Relevant Point Sampling

Instead of uniformly sampling points on a fixed image grid, we use Grounded SAM 2 to segment
task-relevant regions, such as robot grippers and manipulated objects. Within the region of each mask,
we randomly sample a fixed number of points, ensuring that all predicted trajectories correspond to
semantically meaningful regions. This design significantly reduces the proportion of background
points and focuses the representation on task-critical motions. For the wrist-mounted camera, since
the task-relevant objects may not consistently appear in this view, we simply use a fixed set of points
on a grid. To improve the robustness of the resulting trajectories, we apply this sampling strategy
multiple times per image during training phases.

3.2 Track-Planner

The track-planner predicts the future trajectories of task-relevant points based on the current image
input o;. This process can be formally described as: G; = F(o;, p;) where F—parameterized by
&—denotes the trajectory prediction function, and p; represents the current coordinates of the query
points. By forecasting the positions of these points over the subsequent /1 frames, the model ensures
that the high-level planner delivers comprehensive guidance for task execution.

To implement the track-planner, we first collect a suite of demonstration videos using the motion plan-

ner in ManiSkill3 2025). Ground-truth trajectories are extracted via CoTracker3
2024), a state-of-the-art tracking model. These image-trajectory pairs are then stored in an

annotated video dataset denoted as Dy,.

Following the acquisition of flow annotations, we proceed with the training of the track-planner.
Drawing on the Track Transformer architecture proposed in ATM [2023), we tokenize
both the images and query points before feeding them into a multi-modal transformer model. The
model is trained using a flow prediction loss, which is formally defined as:
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where £ stands for the flow prediction loss function, and Dy, refers to the annotated video dataset.

3.3 Track-Guided Policy Learning

Upon completing the training of the Track-Planner, we freeze its parameters and train a track-guided
policy using an action-labeled dataset D,.. Building on the high-level planner, our goal is to map the
implicit motion information encapsulated in the trajectories into an executable low-level policy. This
low-level policy is formulated as a track-guided policy 7 (o, F(o¢, pt)) parameterized by 6.

The architecture of the track-guided policy adheres to a transformer-based design
2023). It takes RGB observations, predicted trajectories, and the robot’s proprioceptive
state as inputs, and outputs low-level control actions. Specifically, images and proprioceptive data are
encoded into spatial tokens via a spatial transformer. Track tokens are then fused with these spatial
tokens to fully integrate the guiding information from the trajectories. The combined token set is
subsequently passed through a series of MLPs to generate control actions. The optimization objective
is formally expressed as:
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where Lo denotes the action prediction loss function, and D, represents the action-labeled dataset.

Furthermore, we integrate action chunking and temporal ensemble into policy learning — two
techniques widely adopted in prior work (Zhao et al., 2023; Chi et al., 2023; Zhao et al., 2024).
Specifically, the agent generates the next k actions every k steps based on current observations and
flow predictions, while our temporal ensemble mechanism computes a weighted average of these
predictions using an exponential weighting scheme: w; = exp(—m X ).

4 Experiment Results

4.1 Experimental Setup

We conduct all experiments in ManiSkill3 2025), which provides GPU-parallelized
simulation, flexible task configuration, and support for diverse robot models, such as Franka Emika
Panda arm and SO-101 dual-arm (Cadene et al,[2024).

Tasks. Our experiments includes multiple tasks:

* A pick-and-place in implemented by ManiSkill3 benchmark. (Sec f.2)
* A custom task involving a SO-101 dual-arm robot with an articulated drawer. (Sec[4.3)
* SO-101 dual-arm benchmark tasks required by the project. (Sec[4.4)
Metrics. For simulation experiments, Performance is primarily measured by task success rate over

40 evaluation episodes across random initializations. For real-world deployment, success rates are
computed over a fixed number of trials following the course evaluation protocol.

4.2 Pick-and-Place

Figure 2: Visualizations of the pullcubetool task.

This is a standard manipulation task implemented by ManiSkill3. As show in Fig[2] the task involves
a Franka Panda arm picking up the “L” shape tool to pull the blue cube to the circle range. The



robot’s observations consist of images from an external camera and a wrist-mounted camera (both at
128x128 resolution), along with its end effector pose as proprioceptive states. We sample 32 points in
total, with 16 points on the robot gripper, 8 points on the stick, and 8 points on the cube.

Our baselines include: behaviour cloning (BC) and ATM.

BC denotes traditional behavior cloning strategy, which trains an observation-to-action policy only
on the limited action-labeled demonstrations. It shares the same model architecture as ATM except
that the predicted flow is zero-out in both training and evaluation.

ATM first pretrains a track transformer on large-scale video dataset to predict the future flow of the
query points. The official implementation queries a set of 32 points on a fixed grid.

We use the motion planner provided by ManiSkill3 to collect 250 demos. We
use dataset mixure following ATM 2023), where the number of videos data is 50 times
that of action-labeled demonstrations. Therefore, 250 videos are used to train Track-Planner and 5
action-labeled demonstrations are used to train Track-guided Policy for both ATM and our method.
For BC, we only use 5 action-labeled demonstrations for training. The simulation evaluation results
are shown in table[T]

Table 1: Pick-and-Place Task Success Rates
Method BC ATM | Ours
Success Rate 1 | 0.225 | 0.550 | 0.650

On this task, trajectory-guided policies consistently outperform standard behavior cloning under the
same policy architecture. Both ATM-style and our task-relevant trajectory methods show higher
success rates when only a small number of action-labeled demonstrations are available. Moreover,
our method achieves better performance than uniform grid-based trajectory modeling, indicating that
focusing on task-relevant regions leads to more informative guidance.

4.3 Self-Deifined Dual-Arm Task

Initialize Pick Place Close

Figure 3: Visualizations of the self-defined task

This is a custom task involving a SO-101 dual-arm robot interacting with an articulated drawer. The
right arm need to pick up target object in the table, put it in the drawer, and then the left arm need
to close the drawer. We develop a series of tasks to include different colors and shapes of target
objects distinguished by task instruction. The instruction-related subtasks includes manipulating
three categories of objects: green cube, green sphere, and red cube.

For this dual-arm task, the robot’s observations includes one external camera and a wrist-mounted
camera on its right arm. All cameras capture images at a resolution of 128x128, complemented
by the joint pose as the proprioceptive states and a language embedding processed by a pre-trained

BERT (Devlin et al., 2019).

For self-defined dual-arm task, we use totally 150 videos of all 3 tasks to train Track-Planner and
only 50 action-labeled demonstrations of green cube task to train Track-guided Policy. Our method
can solve this task with 55% success rate in simulation environment.
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Figure 5: Visualizations of the motion planning demonstrations.

4.4 Simulation Reproduction and Real-World Deployment

As shown in Fig[d] we successfully reproduce benchmark tasks required by the project, including
lifting, stacking, and sorting in ManiSkill3 2025). As shown in Fig[5] we also implemented
motion planners for each task to collect high quality expert demonstrations efficiently. Each of these
motion planner can achieve a success rate higher than 50%. For these tasks, we collect 50, 100, and

100 demos respectively, and use these demos to train ACT policy [2023)), which provided
by LeRobot (Cadene et al., [2024).

For the lifting and stacking, the robot’s observations includes one external camera and a wrist-mounted
camera on its right arm. For the dual arm task, a wrist-mounted camera on each of its two arms are
included, making a total of three cameras. All cameras capture images at a resolution of 640x480,
complemented by the joint pose.

The evaluation results are shown in table [2] with all three tasks get success rates higher than 50%. For
real-world deployment, we directly train our policy with real-data provided by TA. All three tasks are
successfully executed in the real-world setup provided by TA.

Table 2: Success Rates of Reproduce Tasks
Task Lifting | Stacking | Sorting
Success Rate 1 | 0.55 0.65 0.50

5 Conclusion and Discussion

In this project, we propose a task-relevant trajectory modeling framework for embodied manipulation
that integrates semantic segmentation with trajectory-guided policy learning. We demonstrate that
focusing on task-relevant trajectories improves performance and data efficiency over prior methods.
Through experiments in simulation and real-world deployment, we finished all requirements of this
project assignment.

However, we observe several limitations. First, points are randomly sampled within masks at each
frame, which may introduce temporal inconsistency. Tracking fixed semantic keypoints, such as
gripper tips or object handles, could further improve stability. Second, trajectories from different
camera views are predicted independently, which may lead to inconsistencies in multi-view settings.
A unified multi-view trajectory representation is a promising direction for future work.



6 Appendix

Our code is hosted in private GitHub repositories at the following addresses https://github,
com/yzc0731/eai_project|and https://github.com/yzc0731/lerobot. Both repositories
remain private, and we have added the GitHub accounts of all TAs as collaborators to ensure access.
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