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Abstract

Imitation learning from demonstrations is a promising paradigm in robot learning.

However, it requires a large amount of robot demonstration data, which is laborious to
collect. To address this challenge, recent methods leverage action-free video data to ex-
tract skill knowledge and generate latent plans, which contain the predicted future states
and guide policy learning. In this paper, we introduce Mask2Act, a novel framework that
leverages action-free videos to train a predictive multi-object tracking model to predict
future masks of any task-relevant objects in the video as the latent plans. The transition of
object masks enriches the latent plans with accurate task-relevant motion knowledge and
eliminates distracting information. The latent plans are subsequently utilized to guide
policy learning with limited training data. Experiments across 50 manipulation tasks in 2
simulated environments show that our method significantly outperforms other video pre-
training methods. Furthermore, Mask2Act inherently guides the model to focus on task-
relevant knowledge rather than irrelevant background and distractor information, thus
demonstrating superior capability in extracting skill knowledge from cross-task videos
and generalizing to new tasks and environments.

1 Introduction

Imitation learning has demonstrated signif-
icant potential in robotic tasks. By collect-
ing human demonstrations with observa-
tions and robot actions, a policy model can
be trained to accomplish various robotic
manipulation tasks. However, collecting
such demonstrations is laborious, espe-
cially for action data [6, 7], which leads to
a severe lack of generalization of the pol-
icy. Therefore, previous studies have inves-
tigated methods to learn from more readily
available action-free video data, aiming to
extract its transition dynamics knowledge
and facilitate policy learning with a mini-
mal amount of robot action data [8, 37, 40].
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Figure 1: The planner is trained to generate
latent plans with action-free video data. The
executor is trained to produce actions condi-
tioned on the latent plan.
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To better leverage action-free video data, recent studies propose decoupling end-to-end
deep imitation learning into two distinct stages: the planning and executing stage [12, 35,
37]. In the first stage, a planner is trained with large-scale video data to predict future transi-
tion dynamics based on current state and task goal. In the second stage, an executor is trained
with limited robot action data to produce low-level actions based on generated plans from the
planner. This paradigm can be abstracted as in Figure 1, where the planner generating latent
plans is trained with various supervision signals. In this process, the intermediate plan rep-
resentation serves as the bridge between the image frames and robot actions. Thus, the most
critical aspect is: how to enrich the plan representation with a wealth of task-relevant motion
knowledge and eliminate distracting information? Some studies propose directly predicting
future image frames as plan representations [12, 13, 40]. However, this video prediction task
requires reconstructing all image pixels, including texture, lighting, and distractor informa-
tion, which is unrelated to robot motion. This significantly increases the computational cost
for training and inference, often leading to hallucinations that confuse the policy [12, 39].
Other studies propose to encode future trajectories of the embodiment coordinates or key
points into plan representations [15, 25, 36, 39]. However, only 2D trajectory information
can be extracted from video data, which is visually ambiguous along depth axis and lacks
information about the object morphology and motion details [15, 37].

In this paper, we propose a novel intermediate representation that better connects the im-
age frames with the robot’s motion in the physical world —— object mask. We formulate
the training of the planner as a predictive multi-object tracking task, injecting the transi-
tion of task-relevant object masks into the plan representation. Specifically, we train the
planner to take any object mask in the current frame as input and predict the object’s mask
in the future. As a prerequisite, it is feasible to obtain accurate task-relevant object masks
from videos using current multi-modal foundation models, like Grounded-SAM [22, 26] (as
shown in Figure 2 and previous work [20, 54]) . Most importantly, modeling object masks as
the plan representations has three advantages over previous approaches, as discussed bellow
and shown in Figure 2:

¢ Object-Centric Planning: Object masks encapsulate the information that is task-
relevant and motion-relevant within the scene, introducing the inductive bias of ob-
ject shape/boundary consistency and reducing the impacts of visual distractors. In
contrast, video prediction models unnecessarily expend computational resources on
irrelevant distractor information and often produce unfaithful object boundaries and
hallucination of movements [12, 35, 39].

* Rich Motion Information: The transition of object masks retains both translation and
rotation motion information in original image. And the accurate description of the
objects’ morphology reflects a prosperous state of task completion, facilitating the
policy model to decode robot actions. In contrast, 2D trajectories depicted from video
contain only the translation information, lack descriptions of object morphology and
suffer from the ambiguities of depth dynamics and occlusions [15, 37].

Potential for Generalization: The transition of task-relevant object masks abstracts
high-level planning and object manipulation knowledge, which is vital for skill learn-
ing. It excludes the background and appearance differences of different scenes and
objects, making generalization easier between different tasks and environments.
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With the object masks extracted ing Masks for Task-Relevant Objects from Action-free Video Data
from the video, we first pre-train the “Q&T&“ .
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erate the plan representations that can
be decoded into corresponding masks in
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results on 40 tasks from LIBERO [24] = Fjgure 2: Top: Examples of object masks ex-
and 10 tasks from Meta-World [52] (racted from videos. Bottom: Three advantages

show that Mask2Act significantly out-  of modeling object masks as the latent plans.
performs other video pre-training meth-

ods, indicating that modeling object masks enriches the plan representation with the most
comprehensive visuomotor knowledge. Moreover, experiments of cross-task video pre-
training and generalization tests with new tasks and unseen environments demonstrate that
Mask2Act is more efficient at learning skill knowledge from cross-task data and beneficial
for generalization. Our contributions can be summarized as follows:

“cabinet”

* We propose modeling object masks as latent plans to connect image frames with robot
actions, which contain richer task-relevant object and motion information.

» With extensive experiments across 50 manipulation tasks in 2 simulated environments,
we demonstrate that Mask2Act makes a better use of action-free video data than other
video pre-training methods.

¢ By training the model to focus on task-relevant knowledge and neglect distracting
information, Mask2Act effectively learns from cross-task videos and generalizes to
new tasks and environments.

2 Related Work

2.1 Hierarchical imitation learning.

Imitation learning is effective at learning various policies from robot demonstration data.
However, the requirement of a large amount of training data limits its ability to learn gen-
eral skills. To mitigate this issue, hierarchical training framework proposes first to learn a
latent plan from play data [11, 16], and next learn low-level visuomotor control from a small
number of teleoperated demonstrations [17, 28]. Sub-goals and robot skills can be extracted
in the latent plans to enable transfer and meta-learning [14, 17, 30]. Recent works propose
an effective planner-executor structure [3, 12, 35, 37, 39], a two-stage training framework to
learn rich latent plans from robot play data. This paper studies how to enrich the latent plans
with task-relevant motion knowledge that better promote policy learning.

Prior works learn an inverse dynamics model from video and produce pseudo action la-
bels for policy learning [1, 34]. The effectiveness of such methods is severely constrained by
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Figure 3: Two-stage training with planner-executor framework and formulating the planner
as a multi-object tracking model. Stage 1: We train the planner to take any object mask as
input and predict the object’s mask in future frames as latent plans. Stage 2: Conditioned on
latent plans, we learn a task-agnostic policy (executor) with robot action data.

the quantity of robot action data, which is laborious to collect. Recent works have demon-
strated the great potential of the planner-executor architecture for learning from actionless
video data. The planner is trained to predict future latent plans with various supervision sig-
nals extracted from video frames. A line of works leverages the video prediction model to
reconstruct future image frames as the plan representations [12, 13, 18, 23, 35, 40, 47, 48].
However, video prediction requires extensive computational cost and often leads to halluci-
nations and unfaithful object shapes. Another line of works predict future flow or trajectory
of 2D points as the plan representations [4, 15, 36, 37, 39, 45, 53]. However, 2D point tra-
jectory is visually ambiguous along the depth axis and lacks the information about object
morphology and motion details [15, 37]. In this paper, we propose to use object masks as
plan representations and formulate the planner as a multi-object tracking model, which better
models the object-centric motion knowledge related to the task.

2.2 Generalizable policy learning.

Generalization over new tasks [3, 8], environments [2], object instances [41, 50] and robot
morphologies [5, 33, 39] is crucial for the application of robots. Recent works have explored
several generalization factors in manipulation tasks [2, 42, 43], such as background, distrac-
tors, lighting and camera pose. Recent video pre-training methods [35, 40, 44] also show the
capability of extracting knowledge from cross-task videos and generalize to new tasks. By
modeling task-relevant object morphology as latent plans and excluding distracting infor-
mation of background and appearance, our method shows great potential for learning from
cross-task videos and generalizing to new tasks and environments.

3 Method

We adopt the widely-used planner-executor structure as in previous works [35, 37, 39]. First,
the planner predicts future latent plans based on current state and task specification, benefit-
ing from learning through video-only data that are easy to obtain. In our method, we model
the transition of task-relevant object masks into the plan representations to enrich a wealth
of task-relevant motion information. Second, the execuror takes the predicted plan repre-
sentations and produces the robot actions, which can efficiently learn accurate policies from
limited robot action data. An overview of Mask2Act framework is shown in Figure 3.

In Mask2Act framework, we formulate the planner as a predictive multi-object tracking
model: Given any object masks in the current state, the model learns to predict new masks
corresponding to each object in the future frames. Note that the number of objects that
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can be tracked simultaneously is arbitrary in the multi-object tracking framework. We first
describe how to extract the task-relevant objects’ masks from the pre-training video data.
Next, we describe how to train the planner as a multi-object tracking model to obtain plan
representations enriched with task-relevant motion information. Finally, we describe how to
train the executor with limited robot action data with the guidance of plan representations.

3.1 Extracting Task-Relevant Object Masks from Video Data

We first introduce the pipeline for extracting object masks from all video frames for pre-
training. Specifically, we first used an open-vocabulary detector, Grounding-DINO [27], to
obtain bounding boxes and feed them into Segment Anything (SAM) [22] to obtain the robot
mask and object masks referenced in the task description for a single video frame. We ensure
that the task-relevant objects are visible in this annotated video frame, and the robot is always
considered an object in the scene. Then, we employ a Video Object Segmentation (VOS)
model, XMem [9], to take the single annotated frame and track the corresponding objects
in all the other frames, which is proved to be effective in robotic video data [20, 38, 55].
This way, we obtain the 2D segmentation masks for target objects in all video frames. The
extracted object mask for frame i is depicted as M; € R”*W_ Each element of M; is an
integer ranging from O to N, where O represents the background, and N represents N target
objects. We can further improve the quality of object segmentation and tracking with more
advanced models such as S2M [10, 55] and Track-Anything [46]. In practice, we find that
the current approach can produce sufficiently accurate masks, as shown in Figure 2. XMem
can effectively handle occlusions, and even when the annotated frame contains occlusions or
incomplete masks, it can complete the masks during the tracking for other frames.

3.2 Learning Object-Centric Latent Plans By Multi-Object Tracking

The planner is designed to learn from action-free video data and predict the latent plan that
encodes the future motion information. This plan representation is concretized into different
forms in different methods, such as image frames and flow. In this paper, it is trained to
decoded into future object masks extracted from the video. Specifically, at time step ¢, the
planner P takes the latest & steps of observations o, and the task specification g as inputs.
It then outputs a sequence of plan representations p;_j.;, each of which corresponds to the
predicted plans of future states from its current time step:

Pt—h:t :P(g» 0t—h:t)~ (D

The predicted plan representations are trained to track the target objects in future frames.
Taking the time step ¢ as an example, given a target object mask M; € R¥*W in current time
step as introduced above, we first translate it into n binary object masks, m!" € R>*W 5 —
1,2,...,N, where 0 represents the background and 1 represents the object, N is the number
of target objects. The object masks in the next future frame are generated via a decoder D,
which takes binary object masks and the plan representation in current time step as inputs:

I’h;‘+] = D(plv m;l)a n= 1727"'5N7 (2)

where /| € RA*W contains the predicted probability of each pixel belonging to the target
object. We then use the soft-aggregation [32] used in multi-object tracking scenarios to fuse
the predicted logits from different objects into one logit:

~1 ~2 ~N ) N+1)xHxW
(s gy gy oo iy ) = My € R+ ) 3)
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Figure 5: Visualization of different LIBERO task suites and Meta-World tasks.

Unseen Distractor

Unseen Background

where each value represents the prob-
ability of each pixel belonging to the
background or the N objects. The
mask generation process of each fu-
ture At step remains consistent with
the above. With the ground-truth fu-
ture masks extracted beforehand, we
use bootstrapped cross entropy loss and
dice loss with equal weighting following multi-object tracking methods [9, 49] to train the
planner P and decoder D. This way, we leverage the video and extracted object masks to
inject rich task-relevant motion information into the latent plan.

.IIE

Figure 4: The environments for generalization
tests with unseen backgrounds and distractors.

3.3 Policy Learning Guided by Latent Plans

After training the planner with video data, the executor is trained to infer actions based
on robot data and the predicted latent plans. At time step ¢, given the latest & steps of
observations o;_j., robot states s;_p., and the predicted plan representations produced by the
planner, the executor £ infers an action a, at the current step:

a; = E(0r—p:t» St—hit> Pi—h:t)- “4)

This policy model is trained in a task-agnostic way following PLEX [35] and Mimic-
Play [37]. The task specification for multi-task learning is no longer needed since the task
knowledge is already incorporated in latent plans. The executor is trained with MSE loss. In
this way, the executor has specific role of inferring inverse dynamics from the future plans.

3.4 Implementation Details

We implement planner and executor with GPT-style transformer structure following PLEX [35]
and GR-1 [40]. We process different input modalities with corresponding encoders, using
ResNet-18 [19] as image encoders and linear layers as robot state encoders.

During the training of planner P, all image features are input to the transformer modules
and translated into corresponding plan tokens. Then, the decoder D concatenates the mask
features and plan features to obtain fused features. Note that the number of objects in the
mask M; provided to the decoder D can be arbitrary as in XMem [9]. We set the maximum
number of tracked objects in one task to 3 in LIBERO and 2 in Meta-World, including the
robot. During the training of executor &£, the planner P and image encoder are frozen.
During inference, the decoder D is discarded as in MimicPlay [37].
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Method Latent . . LIBERO Meta-World
Plan Spatial Object Goal Long | MTI0
BC-R3M - 5216 £79 4756+5.1 3868+33 13.08+22 | 6344+33
PLEX Image 69.24 +2.3 5244+6.8 21.68+2.0 1484+3.1 | 67.92+3.8
MimicPlay Trajectory | 60.52 £2.6 62.04+42 63.00+51 17.88+19 | 67.08 £3.1
UniPi Image 72.04 £3.5 6052+2.7 2820+29 1096+ 1.8 | 70.12+4.7
ATM Trajectory | 6692 £1.6 61.12+53 64.84+44 2436+48 | 71.76£3.9
Mask2Act (Ours) Mask 7612 £ 2.3 68.76 £5.7 75.16+3.8 30.64+6.1 | 78.24 +5.1

Table 1: Multi-task learning results on four LIBERO task suites and Meta-World MT10.
Mask2Act extracts richer task-relevant knowledge from video data compared with other
methods that modeling images or point trajectories as plan representations.

4 Experiments

We first conduct experiments to answer the following questions: 1) Is modeling the transition
of object masks better encoding motion information and more effective at learning from
action-free video compared with previous video pre-training method? 2) How does our
method learn from cross-task pre-training videos and generalize to new tasks and unseen
environments during inference? Next, we provide ablation and visualization results to better
comprehend our method.

4.1 Experimental Setup

Environments and Tasks. We conduct experiments on the LIBERO [24] and Meta-World [52]
benchmark. LIBERO has 130 language-conditioned manipulation tasks with various ob-
jects and environments. LIBERO has four task suites shown in Figure 5: LIBERO-Spatial,
LIBERO-Object, LIBERO-Goal, and LIBERO-100. Meta-World is a collection of 50
manipulation tasks. We consider the official benchmarks of Multi-Task 10 (MT10) and
Meta-Learning 10 (ML10) for video pre-training and cross-task learning.

We train multi-task policies for all benchmarks. Our model is compatible with any form
of task specification, such as goal image [37], videos of a task accomplishment [29, 51]
and language description [12]. In our experiments, we use goal images following PLEX.
Each single task has 50 expert demonstrations containing two camera views, robot states,
robot actions and a language instruction. In the first training stage, we utilize each task’s 50
demonstration data for action-free video pre-training. We only predict the latent plans on the
third-person view following MimicPlay [37] because it contains all the scene information
necessary for task planning. In the second stage, we utilize 10 demonstration trajectories
with robot states and actions for each task to train a multi-task policy.

Baseline Methods. We evaluate five video pre-training baselines within the planner-
executor architecture, which encode different intermediate representations into the latent
plan: 1) BC-R3M: a vanilla behavioral cloning baseline with the same policy architecture, in
which the plan representations are masked with zero. The pre-trained R3M [31] weights are
used to initialize the image encoder. 2) PLEX[35]: a method that learns from video data and
noisy action data. The planner of PLEX predicts future image features as latent plans instead
of raw image frames. In our experiments, we do not use the noisy action data (Dygq in [35]) for
training. 3) MimicPlay [37]: a method that predicts the future trajectory of the human hand
or robot end-effector as latent plans. Since the pre-training video data in our experiments
only contain robot demonstrations, we formulate the future trajectory of the robot as the 2D
end-effector trajectory following the simulation experiments in MimicPlay [37] because 3D
locations cannot be obtained solely from video data. We denote this baseline as MimicPlay-
robot. 4) UniPi [12]: a method that trains a text-conditioned video diffusion model to predict
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future image frames as latent plans. We follow the implementation of UniPi in AVDC [23],
which significantly saves the computational cost and remains high fidelity. 5) ATM [39]: a
method that predicts the future trajectory of sampled points of current image as latent plans.
It uses Co-Tracker [21] to obtain ground-truth 2D point trajectories from video data. The
generated image frames or 2D point trajectories serve as latent plan representations, which
are only used in the training of the planner.

4.2 Experimental Results

Learning from action-free video data and HEEROtons g, e (Mm'l

limited robot action data. The results of four ] n I [
LIBERO task suites and Meta-World’s Multi- ™ 50 oo
Task 10 (MT10) benchmark are shown in Ta- % ] :2 .

ble 4.1. Our method of modeling multiple 1o » Maskaet Ours)
object masks as plan representations signifi- o 0

cantly outperforms all the video pre-training
baselines on all task suites. The comparison
with MimicPlay-robot and ATM indicates that
the transition of object masks encodes richer
task-relevant motion information than the 2D trajectories. Besides, predicting the whole im-
age contents as latent plans as PLEX and UniPi shows significant flaws in more complex
tasks, such as LIBERO-Goal and LIBERO-Long, in which the scene and object morphology
change more dramatically. In this situation, video prediction may fail to accurately model
the task-relevant motion information, leading to unfaithful object shapes or hallucinations.
In contrast, object tracking in Mask2Act introduces better object shape consistency and gen-
erates object masks with high fidelity, as shown in the visualization in Figure 8.

Learning from cross-task pre-training video data. To explore the ability to extract
skill knowledge from larger-scale and richer video data and generalize to new tasks, we fur-
ther conduct experiments in which we pre-train the planner on cross-task video and fine-tune
the executor on different downstream tasks. For LIBERO, the video data from LIBERO-
90 serves as the data source for pre-training, and the long-horizon tasks of LIBERO-Long
are used for downstream fine-tuning and evaluation. For Meta-World, we consider the of-
ficial Meta-Learning 10 (ML10) split consisting of 10 tasks for pre-training and 5 tasks
for fine-tuning and evaluation. In this scenario, the pre-training data encompasses a wider
variety of objects, tasks, and layouts, while the unseen downstream tasks share some gen-
eralizable skills and knowledge with the pre-training data. The results in Figure 6 indicate
that Mask2Act better captures the task-relevant motion and object manipulation knowledge
from cross-task video and has better potential for generalizing to various downstream tasks.
Modeling the 2D point trajectories or image frames as latent plans are confronted with the
problem of losing motion details and unnecessarily focusing on task-irrelevant information.

Generalizing to unseen environments. By modeling object masks as the intermediate
representation between image and motion, the model is trained to focus on task-relevant
information and ignore the distracting factors. This facilitates the ability to generalize in
unseen environments during inference. To further investigate this aspect, we modify the
LIBERO simulation environments to change the background (e.g., the texture and color of
table and floor), and add task-related distractors into the scene as shown in Figure 4. We
add the distractor that is "task-related", e.g., an additional bowl! in the task of "pick up the
black bowl from table center and place it on the plate.". We test the policy model trained
with different plan representations in these unseen environments. The results in Figure 7

Figure 6: Cross-task video pre-training on
LIBERO-Long and Meta-World ML10.
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Figure 7: Results of generalization experiments. The gray bars show original results in seen
canonical settings.

show that our method maintains a success rate superior to other video pre-training methods
in all generalization test, and also has the least performance degradation compared with the
canonical settings. This indicates that the object-centric prior effectively guides the model
to focus on task-relevant objects, enhancing its ability to handle background changes and
mitigate the impact of visual distractors.

Generalizing to novel object instances.
To further investigate the benefit of tracking
task-relevant objects as latent plans, we test
the policy model with novel object instances
during inference. We choose all 6 cabinet-
related tasks and 14 plate-related tasks from
the LIBERO and replace the target objects with
novel cabinet and plate instances from the object assets. Results in Table 4.2 demonstrate
the benefit of tracking targets in latent plans. By tracking the target object during planning,
the model is guided to focus on generalizable knowledge of object morphology rather than
its appearance. Without tracking the object, the policy is fully conditioned on the images,
which suffers in generalizing to unseen objects.

Tracking Target ‘ Novel Cabinet  Novel Plate

X 51.73 £3.8 40.97 £4.9
v 66.53 + 4.3 51.31 + 3.7

Table 2: Generalizing to novel objects
with/without tracking target objects.

4.3 Analysis and Ablation Study

In Figure 8, we visualize the 1n1tlal task Pick up the bbq sauce and place it in the basket
states and predicted object masks from m.-..-.
the planner. Our method produces high- Put the W,ne bottle o,, the rack

fidelity object masks, which capture accu- E

rate object shape consistency and object o*

morphology under conditions of contact ﬂ T“’”O"‘”““’V””d ”””e’”""‘"’ e

and occlusion. These object masks enrich g .t -- .
the latent plans with rich task-relevant mo-

tion and skill knowledge, providing good
guidance for data-efficient policy learning.

Pick up the black bowl! between the plate and the ramekin and place it on the plate

For ablation, we evaluate our model
with different numbers of objects being Figure 8: Visualization of the initial task states

tracked in one task. We randomly se- and predicted object masks.

lect one or two objects to be tracked in a

demonstration trajectory. Besides, we ex-

plore the impact of different numbers of robot data used in each task’s training.
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