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Cross-Behavior Learning with

Object Flow Prediction for Robotic Manipulation

Longrui Chen, Student Member, David Russell, Yulei Qiu, Mehmet Dogar, Member

Abstract—Cross-embodiment learning enables robots to ac-
quire manipulation skills by learning from demonstrations pro-
vided by different embodiments. However, most existing research
on cross-embodiment learning focuses on transferring similar
manipulation behaviors. For the same task, different embodi-
ments may need different behaviors; e.g., it may be easier for
a human to push an object to a goal position, while a robot
may use a pick-and-place to perform the same task. Making
use of such cross-embodiment and cross-behavior demonstrations
becomes essential for large-scale imitation learning. In this work,
we propose a novel framework for cross-behavior learning based
on object flow. Object flow represents the task in a manner that
is independent from the embodiment and the particular behavior
used during the demonstration. By shifting the focus from the
manipulator to objects, our framework enables learning from
cross-behavior manipulation data rather than merely imitating
the behavior of a specific embodiment. Our results on task
representations show that, with only 20 robot demonstrations,
integrating object flow prediction improves success rates by up
to 91% in-domain and 87% out-of-domain. Adding 40 human
demonstrations in addition to the 20 robot demonstrations
further boosts out-of-domain performance by 143%.

Index Terms—Learning from Demonstration, Task Planning,
Manipulation Planning, Cross-Behavior Learning

I. INTRODUCTION

ENERALIZATION ability [1]-[4] is a fundamental chal-

lenge hindering the transition of robotic manipulation
from laboratory settings to real-world applications, and even
between different lab environments. Unlike humans, who
develop object manipulation skills through innate training [5],
[6], robots typically learn from scratch through a limited set of
predefined tasks. The constrained environment and experience
make it difficult to transfer robotic skills across different
scenes [7]-[9] and objects [10], thereby restricting robots to
operate effectively only within the domains they have been
explicitly trained on.

To bridge the generalization gap, two primary approaches
have emerged: learning from large-scale robotic datasets [11]-
[13] and leveraging online human data [14]-[16]. While the
success of scaling laws in large language models (LLMs)
[17]-[19] raises hopes for similar advancements in robotics
[20]-[24], fundamental differences exist. Unlike LLMs, which
process sequences of words with a uniform probabilistic
framework, robotic learning systems exhibit significant vari-
ations in observation and action spaces due to differences in
system configurations, robot types, and end-effector designs.
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Fig. 1: (a) Cross-embodiment learning transfers skills across
different embodiments with similar behaviors. (b) Cross-
behavior learning can improve a policy even if the demon-
strations use a different behavior to complete the same task;
e.g., the human can use flicking behavior to move the block
onto the blue point, while the learned robot policy may use a
grasping behavior.

To expand the training dataset available for policy learning,
cross-embodiment learning [25]-[28] extends learning across
different robotic embodiments. Similar tasks or embodiments
share underlying properties that can be exploited to extract
high-level guidance for policy learning. Many studies attempt
to pair manipulation trajectories across different embodiments
to learn task representations [29], [30]. Temporal pairing
generates similar trajectories, while spatial pairing links skills
across tasks. However, pairing is effective only under high
behavior similarity; otherwise, it requires expensive human
annotation or additional model training to establish meaningful
correspondences. To generalize further, latent space alignment
[28], [31] constructs a shared latent space from one embod-
iment or task and reuses it across different domains. This
method reduces the requirement for direct behavioral sim-
ilarity, though adaptability remains proportional to behavior
similarity.

When robotic manipulators vary [32] (e.g., transitioning
from two-finger grippers to multi-finger dexterous hands)
and manipulation behaviors shift [33] (e.g., from picking
to flicking), manipulator-specific motion patterns become in-



creasingly diverse, while the task objective remains invariant
(Fig. 1). This motivates task-centric representations that prior-
itize task completion over behavior imitation.

We formalize this perspective as cross-behavior learning,
which aims to transfer task understanding across distinct
manipulation behaviors arising from different embodiments or
control strategies (e.g., a human hand throwing versus a robot
gripper pushing), without requiring motion-level similarity.

To this end, we adopt an object-centric task representation
based on object flow, which captures essential task information
while discarding embodiment-specific motion and other task-
irrelevant information, enabling efficient and generalizable
policy learning across behaviors.

Our methodology consists of three stages: (i) Extract-
ing object flow from cross-embodiment and cross-behavior
demonstrations (Fig. 2). (ii) Building an object flow predictor
to guide task execution. (iii) Training an action policy that
utilizes the object flow to complete the task.

In the first stage, we collect a cross-embodiment and cross-
behavior dataset. Objects’ 2D shapes and positions are then
extracted using an off-the-shelf tracking model, with the first
frame of each demonstration manually labeled to ensure high-
quality results. In the second stage, we train a transformer-
based prediction model to infer the object flow in the environ-
ment. The predicted object flow serves as a structured guide
for task execution, effectively breaking long-horizon tasks into
shorter, more manageable steps. In the third stage, the action
policy is designed to encode the object flow predicted in the
previous stage, generating actions that manipulate objects in
accordance with the predicted object flow sequence.

The contributions of this paper are as follows. We:

1) propose a novel pipeline for learning cross-behavior,
as well as cross-embodiment manipulation from diverse
embodiments. Our task-centric information extraction
approach significantly enhances the utility of existing
datasets, including action-free cross-embodiment and
cross-behavior videos featuring various manipulators;

2) develop a robust and efficient object extraction pipeline,
which generates reliable task-level representations from
video data with minimal human effort;

3) demonstrate that incorporating object flow into guided
policies improves policy performance by 38% on aver-
age. Moreover, cross-behavior learning enhances gener-
alization to unseen scenarios with limited robot demon-
strations;

4) investigate the role of object flow prediction horizon,
human demonstration, and analyze the generalization
capabilities of the proposed method.

II. RELATED WORK
A. Cross-embodiment Learning

Learning from demonstrations across different embodiments
has been widely studied in robotic manipulation. Most prior
work on cross-embodiment imitation learning [34], [35] as-
sumes strong behavioral similarity between the source and
target domains, typically treating the human hand as a direct
analogue of a robot gripper. Representative approaches align

demonstrations via shared visual features [35], graph-based
correspondence [36], [37], or explicitly designed embodiment-
invariant representations [27]. While effective, these meth-
ods implicitly constrain the learning setting to behaviorally
matched demonstrations, where the interaction patterns, con-
tact modes, and temporal structure are largely preserved.

In practice, however, in human demonstrations and/or
Internet-scale human videos, the same task can be achieved
with substantial behavioral diversity, e.g., via pushing, flicking,
throwing, or tool-assisted interactions that differ fundamentally
from robotic manipulation primitives. Learning from such data
without manual filtering or behavior alignment remains largely
unexplored.

This gap motivates the cross-behavior learning setting con-
sidered in this work. Unlike prior cross-embodiment ap-
proaches that assume behavior-level correspondence, we ex-
plicitly address scenarios where the same task objective is
achieved through heterogeneous behaviors across embodi-
ments. Rather than translating human motions into robot ac-
tions, we discard manipulator-specific information altogether
and focus on learning task-relevant object motions. This shift
enables the use of diverse, weakly structured human demon-
strations that are otherwise incompatible with standard cross-
embodiment imitation learning.

B. Task Representation for Generalizable Manipulation

The choice of task representation is critical for enabling gen-
eralization across tasks, embodiments, and behaviors. Pure be-
havior cloning [38] often suffers from long-horizon execution
failures [39] and poor multi-task generalization [40], as it lacks
explicit task structure and tends to entangle task objectives
with embodiment-specific motion patterns. To address this
limitation, prior work has introduced task-level guidance in the
form of goals [41], language instructions [42], or intermediate
abstractions such as skills and subgoals [43], [44]. These
approaches highlight the importance of representations that
explicitly encode task progress rather than raw actions.

Among existing representations, language-based task spec-
ifications [45] provide a compact and intuitive interface, but
often function as static task identifiers when not grounded in
execution dynamics [46]. Image- or mesh-based predictions
[41], [47], [48] preserve rich spatial information but require
high-dimensional representations, making them data-intensive
and difficult to scale to multi-object settings. Furthermore,
full image-based representations entangle task-relevant motion
with background appearance and manipulator geometry.

To better capture task dynamics, recent work has explored
flow-based representations derived from trajectory or ob-
ject motion. Trajectory-guided representations, including RT-
Trajectory [49] and HAMSTER [50], encode robot-centric
trajectories or 2D sketches as intermediate supervision signals.
Although successful for similar-embodiment transfer, these
methods rely on robot data or explicit trajectory annotations,
limiting their applicability to learning from heterogeneous
human demonstrations with diverse interaction strategies.

General Flow [51] and Im2Flow2Act [52] represent tasks
by predicting point-level object flow from 3D point clouds
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Fig. 2: An example of cross-behavior and cross-embodiment object-centric learning. Left: The figure shows how the same task
(transporting a blue object to the blue sticker) can be completed using different manipulators/embodiments (top row showing a
human hand, bottom row showing a black litter picker) and different manipulation behaviors (grasping, flicking, pushing, etc.).
Middle: To transfer such cross-behavior and cross-embodiment manipulation data to the target robot domain, information of
manipulator position and configuration are filtered out, and the task/object information is kept (object-centric learning). Right:
The filtered task/object information works as the task representation and guides the robot to finish the task.

or 2D images, demonstrating improved transfer across em-
bodiments. However, these methods typically rely on pre-
selected object regions, explicit object grounding, or separate
segmentation modules. In particular, Im2Flow2Act depends
on external grounding and segmentation models at test time
to generate bounding boxes and sample object points, mak-
ing inference sensitive to perception errors under occlusion,
clutter, or illumination changes. Moreover, extending point-
based representations to multi-object manipulation requires
additional mechanisms for point selection, association, and
disambiguation, substantially increasing system complexity.

Other approaches, such as Track2Act [53] and ATM [54],
leverage dense point tracking as task guidance for cross-
embodiment imitation. While effective, point-level flow repre-
sentations are inherently sensitive to tracking noise and point
drift, especially when objects have many similar looking points
(e.g., repeated textures or large uniform regions, which are
extremely common on everyday objects), or occlusion.

In contrast to prior work, we introduce segment-level ob-
ject flow as a task representation that captures task-relevant
objects’ motion while discarding manipulator-specific infor-
mation. Compared to image-based representations, object flow
significantly reduces irrelevant background information and re-
moves appearance details that are hard to predict. Compared to
point-level flow, segment-level flow avoids point sampling and
enables tracking relevant objects altogether, provides richer
information about object position and shape, and naturally
extends to multi-object settings. Our object flow is predicted
directly from RGB observations, using object masks only
during offline dataset preparation; at training or inference
time, no object localization or external perception modules
are required.

C. Object-centric Learning

Object-centric learning has proven to be effective in both
task reasoning [55], [56] and modeling object dynamics [57],
[58]. By incorporating object-relevant information, rather than
relying solely on end-to-end training, this approach enhances
the generalization capabilities of learned policies. However,
most existing methods focus on a limited set of known
object categories, often requiring detailed object textures or
physical properties. In contrast, we propose a novel approach
that leverages off-the-shelf object segmentation and tracking
models to extract object information from the scene. Rather
than relying on detailed object-specific attributes or explicitly
estimating full physical dynamics, our method uses object flow
as a lightweight representation that captures only the essential
motion and spatial relations needed for task execution. This
design reduces the required object information while still pro-
viding a scalable object-centric interface for policy learning.

III. PROBLEM FORMULATION

We define the control environment as a partially ob-
servable Markov decision process (POMDP), denoted by
M = (S, A, P,O). Here, S represents the state space, i.e.,
the information defining the current environment state, which
includes observable and unobservable information. A C R”
defines the robot action space, which includes gripper width
and relative 6D motion of the end-effector with respect to its
current pose. P(sy11 | s¢,a:) represents the state transition
probability. O is the observation space representing the infor-
mation that can be observed. The observation o € O includes
robot proprioception x, task instruction /; and RGB images
I; from two cameras, one from the agent-view I and one
from the hand-view I}'. The robot’s proprioception includes
the gripper width and end-effector pose in the base frame. The
orientations in observation and action are represented using



Euler angles. The initial state of the environment is represented
as s, which follows the distribution p(sg).

The control problem is to model the action distribution
based on the observation, giving the action policy a; = 7(0;).
If the observation also includes past observations, and the
action is an action chunk [59] predicting a sequence of actions,
the action policy is formulated as a.¢+pn, = m(0¢—p,.¢), Where
h, and h, are the action horizon and observation horizon re-
spectively. During policy evaluation, we execute only the first
he steps of the predicted action chunk a¢.;qp,. Building the
action distribution based on past observations helps improve
task understanding, and the action chunk smooths the actions
learned from imperfect expert data.

A. Cross-Embodiment Learning

Cross-embodiment learning aims to leverage behaviorally
similar data collected from different embodiments to improve
policy performance on target embodiments. It is widely used
in scenarios where data collected from one manipulator (e.g.,
a human hand or a simulated robot) can benefit another
manipulator with different kinematics or control constraints.
The key idea is that, despite embodiment differences, demon-
strations may share common behavioral structures—such as
manipulator motion patterns, task goals, and temporal action
dependencies—that can be transferred to improve the target
policy.

Given a dataset D, with a source embodiment, and another
dataset D, with a target embodiment, cross-embodiment learn-
ing exploits the shared behavioral patterns between the two to
train a policy for the target embodiment. In order to make the
source dataset D, useful for the target embodiment, often a
conversion operation is performed, such as kinematic conver-
sion and visual impainting between embodiments, generating
an aligned dataset DJ. The learning objective is then to train
a policy 7, for the target embodiment by minimizing the loss
over the combined dataset from both embodiments:

arg min E(o,a)~nsuD, [L(Tg(01-hoet), ar:ein, )], (1)

where L denotes the training loss function. This formu-
lation enables the target policy to benefit from additional
data provided by the source embodiment dataset, potentially
improving generalization and reducing data collection on the
target embodiment.

There are two major issues in current cross-embodiment
learning approaches. First, when the source embodiment
dataset lacks explicit action labels (which is often the case, for
example with humans as the source embodiment), additional
techniques are required to infer the corresponding actions.
If the source embodiment is trackable (e.g., a human hand),
motion tracking methods can be used to extract action labels
[60]. Otherwise, one must synthesize a surrogate dataset by
replacing the source embodiment with a simulated or proxy
version of the target embodiment [61], [62] to enable imitation
learning. Alternatively, behavior representation methods [34],
[63] can be used to extract task-relevant features from the
source embodiment, which can then be leveraged to guide the
target policy.

Second, existing cross-embodiment learning methods typ-
ically assume that either the embodiments or the behav-
iors are closely aligned. This restricts the diversity of
usable source data and limits the generalization capac-
ity of the learned policies. Consider a source dataset
Dy = {Dgrasp y Dflick y Dthrow y |} consisting of di-
verse behaviors such as grasping, flicking, and throwing to per-
form the same task (Fig. 2-Left). If the target embodiment is a
speed-limited robot, then throwing data (which demonstrates
fast motion) would be useless. Similarly, flicking data may
not be useful for a target robot that has a parallel two-finger
gripper. In such cases, each behavioral subset must be either
fine-tuned for the target embodiment or discarded entirely due
to incompatibility.

B. Cross-Behavior Learning

One way to bypass these two issues is to extract information
about the task, instead of the embodiment or behavior. To
enable effective cross-behavior policy learning across diverse
embodiments, a key challenge lies in capturing task intent
in a form that is transferable across embodiment-specific
constraints, as shown in Fig. 2.

We propose an object-centric policy learning framework
that leverages a shared representation R to distill task intent
from the source (D) or combined (D, U D,) dataset and
guide the learning of the target policy. This approach avoids
explicit dataset conversion and instead learns a high-level
representation that encapsulates future object-centric changes,
serving as a latent task descriptor across behaviors.

Specifically, instead of the typical cross-embodiment for-
mulation (Eq. 1), we propose a target policy 7, conditioned
on both recent observations and a learned task representation:

arg H}rln E(o,a)ng [‘C(ﬂ-g (Ot—ho:ta Rt)a At:t+h, )} ) (2)

where R, is the task representation at timestep ¢, which
incorporates the object-centric task-related features, and can
be learned from the source or combined datasets. £ is the BC
loss.

IV. METHOD

In this work, as task representation R;, we propose to use
an object flow, ft;tJrhf, where hy is the object flow horizon,
and each f; represents objects’ information at time ¢. This
future-centric representation encodes task intent in a way that
is invariant to specific embodiment dynamics, enabling policy
g to condition on a task-level goal signal rather than raw
observations alone.

For objects’ information f;, we use 2D segmentations of
all task-relevant objects (i.e., each f; is a binary mask), as
segmentation provides a combination of position and shape
information that are crucial in manipulation. The object flow
R; constructed from these segmentations serves as a compact,
embodiment-agnostic representation, focusing on how objects
move and interact within the scene.

This object-centric representation does not exclude other
types of task information. In practice, the policy 7, (Eq. 2), in
addition to Ry, also receives the raw multi-modal observations,



including the agent-view and hand-view RGB images, the
end-effector pose, gripper state, and the task instruction. This
design ensures that the policy can still access fine-grained
interaction cues—such as contact geometry, object texture,
and manipulator motion—while leveraging the object flow as
a high-level prior to guide task reasoning. In this way, object
flow complements rather than replaces interaction information,
helping the policy disentangle manipulator-specific behaviors
from general task dynamics and improving transferability
across different embodiments.

During policy execution, the object flow is predicted from
the agent-view images, /¢, in the raw observations using a
high-level predictor 7 y:

Ry = ft:t+hf = (L g4 lt)s 3

where ft:,H_h , represents the predicted object flow. We con-
struct the object flow using the agent-view observation only,
since the task representation primarily depends on the global
scene context provided by the agent-view camera rather than
the local hand-view image [51], [52]. The agent-view cap-
tures holistic spatial information—including object layout,
inter-object relations, and global motion cues—that are cru-
cial. In contrast, the hand-view camera mainly reflects local
ego-motion of the end-effector and often suffers from self-
occlusion, which introduces unstable or noisy flow estimation.
Therefore, the agent-view flow is adopted as a stable and task-
informative representation for modeling object-centric motion.

Agent-view Data Processing

. Agent-view Video Tracking
First Frame 18 12 a Visualization
— | ‘o t -1 ,
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Agent-view Tracking Result
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Fig. 3: Data process for agent-view images. The segment
tracker takes in the agent-view video and the first frame mask,
predicting the agent-view object flow.

Both the object flow predictor and the action policy are
trained in a multi-task setting. As such, both models take a
task instruction as input to distinguish between tasks. The task
instruction [; is encoded via a pretrained BERT model [64].

Section IV-A details the extraction of object flow from
the source (or combined) dataset using off-the-shelf models.
Section IV-B then describes the training of the object flow
predictor, ¢, based on the extracted object flows. Finally,
Section IV-C presents the training procedure for the action
policy .

A. Object Flow Extraction

To train 7y, we first generate an object flow dataset using
the demonstrations in the source (or combined) dataset. This
involves associating an object flow f;.;4n, with each timestep
of each demonstration in the source (or combined) dataset.

To extract such segmentations from the demonstration im-
ages, we initially experimented with SAM [65], Grounding
DINO [66], and Grounded SAM [67] for object segmentation.
However, these models struggled to segment objects accu-
rately: the parameters of the models and text descriptions
needed to be tuned carefully to match each object in each
task. In some cases even fine-tuned parameters failed to detect
target objects.

Instead, we formulate the problem as object-based segment
tracking with object IDs, which provides more temporally
robust segmentation. Rather than directly extracting unlabeled
binary masks f;, we first track labeled object segments. We
denote the labeled mask as f/, which differs from f; only
in that pixels belonging to the same object segment share a
consistent object ID within each demonstration. The IDs are
arbitrary and need not be consistent across demonstrations.
Given a demonstration of length L, the tracking problem is
defined as

f(/):L—l = f(lg:L—1af6)v €]

where I§.; _; denotes the agent-view images and f{ is the seed
segmentation mask with object IDs. The tracker F then prop-
agates the labeled segments through the full demonstration.

The method requires a seed mask, which we obtain using
a lightweight RITM-based labeling interface [68]. A human
annotator marks task-relevant objects in the first frame with
a few clicks, taking about one second per demonstration on
average and producing high-quality masks for flow estimation.
If the target object is not visible in the first frame, an interme-
diate visible frame is selected as the seed, and bidirectional
propagation is used to obtain consistent masks over the full
trajectory. We use the off-the-shelf tracker Cutie [69] as F, as
illustrated in Fig. 3.

Once we have f{.; _; for all demonstrations, we remove the
object IDs from the segments and assign a value of 1 instead,
yielding the binary object flow fo.—1. Retaining distinct
object IDs could resolve overlaps but would require a fixed
object-ID list; thus, we discard them to keep the representation
object-agnostic.

B. Object Flow Prediction

We use a transformer model to predict the object flow from
the observation, as shown in Fig. 4. The object flow prediction
transformer 7 is trained in a supervised manner:

arg II;lfIl £ﬂ0W(7Tf(Ita—hO:t7 lt)a ft:t-i-hf) &)

over all timesteps t for all demonstrations in the source
embodiment dataset D or the combined dataset DU D,.
Large-scale external video datasets can also be used to create a
more general object flow predictor, even though we did not do
that in this paper. Incorporating the target embodiment dataset
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to predict the object flow in the next hy steps. The action policy takes all observations and the object flow from the predictor
and outputs an action chunk. The action interpolator generates a tool center point (TCP) trajectory to the desired pose.

into training allows the predictor to fine-tune the object flow
predictions for the specific target embodiment.

The loss function Lg,, needs to be well designed, as we
want the shape reconstruction and prediction to be sufficient
to infer the objects’ movement, and small objects are easy to be
ignored. We use a combination of focal and dice loss as a basic
loss function [70]. Focal loss addresses class imbalance by
focusing on hard examples, while dice loss improves overlap
quality in segmentation tasks:

Liocal(p,y) = ﬁ Z [(p+y— (poy)?] Lace(p,y), (©6)

~2)(poy) te
ZijPJrZijvaE’

where p and y are binary images of the same dimensions (h
and w), (poy) denotes element-wise (Hadamard) multiplica-
tion, >, ; sums over all pixels, the square operation is applied
element-wise, Lpcg is the binary cross entropy loss with logits,
and € is a small number (we use 107).

As we are predicting the object flow, objects that remain
static for a long time can cause the network to overfit to a
local optima that outputs a prediction which is the same as the
current observation. To enforce motion prediction, we combine
frame-by-frame loss with frame-combination loss:

Edice (p7 y) = (7)

£ﬂ0W = O[ﬁff + ﬁfCa (8)
t+hy

Ly = Z [1+ Laice (fis f) + Lrocal (fr fr)]; ©)
k=t

Lte = 1+ Laice (¢, ¢) + Lrocal (¢, €), (10)

where « is a scaling factor (a value of 5 is used in this
work), and fi and fj denote the predicted and ground-truth

object segmentations, respectively. ¢ and ¢ denote the merged
predictions and targets across hy frames, defined as:

t+hf t+hf
=\ fr, e=\ f
k=t k=t

where \/ denotes elementwise logical OR.

The effect of each component is illustrated in Fig. 5. We
plot the object flow above current agent-view image, with
the left image being the ground truth merged c (object flow
extracted as in Section IV-A) and the right image being the
merged prediction ¢. The motion speed gap between different
demonstrations is lessened using the frame-combination loss.

(1)

Focal+[11ice
+FC

=

Fig. 5: Examples of the importance of different loss functions
for object flow prediction. In each block, the left image is
the ground truth (GT) and the right image shows the output
of our object flow predictor. Each block shows a different
combination of loss functions (MSE, Focal+Dice, Focal and
Focal+Dice+FC). With MSE, the predictor fails to capture the
object information. With only focal loss, the predictor could
not capture the objects’ shape well. With focal and dice, the
flow has the trend of moving but on a small scale. With the
frame-combination loss, the flow shows the future trajectory.



In practice, demonstrations collected from human teleopera-
tion and robot control exhibit distinct execution speeds (e.g.,
the average duration of a human demonstration is 2.42 s,
whereas that of a robot demonstration is 6.61 s). Under
the frame-by-frame loss, each human demonstration advances
faster through the sequence than its robot counterpart, resulting
in temporal misalignment between the two. In contrast, the
frame-combination loss jointly considers overlapping temporal
windows, effectively increasing the correspondence between
frames of different speeds and thereby reducing the inconsis-
tency caused by temporal variations across demonstrations.

To improve generalization during training, we apply data
augmentation techniques to the input images. Specifically,
we randomize brightness, contrast, and saturation to simulate
varying visual conditions, thereby enhancing the model’s ro-
bustness to appearance changes. Additionally, we introduce
random spatial translations to both the input images and
corresponding object flow maps, which promotes invariance
to object displacement and camera motion.

C. Action Policy

The action policy 7, is trained following Eq. 2, where IZ;
denotes the object flow predicted by 7. Formally, the action
policy is defined as:

7Tg(®t:t+ha | LTt—hg:ts ly, Ry, [t‘lhom Ith—hozt) (12)

where a:.:1pn, represents a sequence of delta end-effector
poses and target gripper states over a prediction horizon
h,. The generated sequence thus corresponds to an action
chunk, which are later interpolated into a smooth, continuous
trajectory executable by the low-level controller.

Network architecture We employ a diffusion policy network
[71] as the base policy, composed of a CNN-based denoiser
and a DDPM scheduler. Unlike the original implementation,
we adopt Dino-v2 [16] as the visual encoder. We use the
smallest Dino-v2 variant and freeze its parameters during train-
ing for computational efficiency. Empirically, Dino-v2 yields
superior performance compared to R3M—whether pretrained,
trained from scratch, or frozen—suggesting stronger visual
feature transferability.

The predicted object flow R, is processed through a CNN
trained from scratch. The robot proprioceptive states are
mapped to the latent space using a lightweight MLP.

Training Objective The policy m, is implemented as a
conditional diffusion model, where the denoising network
€p predicts the injected Gaussian noise, thereby implicitly
defining the conditional action distribution. During training,
the policy is optimized using the standard diffusion denoising
objective:

Lr, =K H|€ — €9(at:tn, + Utﬁ)”%] ) (13)

where o; is determined by the diffusion noise schedule. This
objective trains the policy to predict the added noise, enabling
iterative reverse diffusion to sample coherent action chunks
conditioned on multimodal observations.

V. RESEARCH QUESTIONS

This section formulates the research questions that guide
our experimental evaluation. Our goal is to understand whether
object flow can serve as a general, manipulator-agnostic task
representation for learning and transferring manipulation skills
across embodiments and behaviors.

Specifically, we aim to answer the following questions:

1) Task representation effectiveness: How does ob-
ject flow compare with alternative task representa-
tions—such as image-based planning and point-based
flow—in guiding manipulation policies?

2) Cross-behavior generalization: Can a single object-
flow representation capture task semantics shared across
distinct manipulation strategies, rather than overfitting to
a specific behavior pattern?

3) Cross-embodiment transfer: Can object flow learned
from human demonstrations be directly transferred to
robot execution while preserving task-relevant informa-
tion?

4) Robustness and scalability: Is object flow robust to vi-
sual distractions, distribution shifts, and clutter, and does
it generalize to long-horizon, multi-object, or precision-
critical manipulation tasks?

To address these questions systematically, we organize our
experiments into three groups that correspond to the structure
of the experimental section.

Experiments comparing Task Representations: In Sec-
tion VI, we investigate the effectiveness of object flow as a
task representation. Using five non-prehensile pushing tasks,
we compare object flow against image-based planning and
point-flow baselines under different dataset sizes and con-
figurations (Section VI-C). We further analyze key factors
that influence representation quality, including cross-behavior
supervision, flow prediction accuracy, temporal horizon, and
policy smoothness through controlled ablation studies (Sec-
tion VI-D).

Cross-Behavior Generalization: In Section VII-Al, we
explicitly evaluate whether object flow captures task-level
structure beyond specific behaviors. We design demonstrations
with aligned and distinct human behaviors and examine how
these differences affect prediction and policy learning. We
further study whether object flow learned solely from human
demonstrations can be transferred to robots without additional
task-specific adaptation (Section VII-A2).

Generalization Tests: Finally, in Section VII-B and Sec-
tion VII-C, we assess the robustness and scalability of the
learned object-flow representation. These tests include per-
formance under visual distractions, deployment in cluttered
scenes, and execution of complex tasks involving multiple
objects, articulated mechanisms, and long-horizon planning.
Together, these experiments evaluate whether object flow
remains stable and interpretable when applied beyond the
original training conditions.

VI. EXPERIMENTS COMPARING TASK REPRESENTATIONS

This section focuses on comparing object flow with other
task representations under identical training and evaluation
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Fig. 6: Three representations of task flow. (a) Image-based: Predicts future visual observations in pixel space using an
autoencoder. While expressive, this representation is high-dimensional, often containing noise, and is computationally expensive.
(b) Point tracking: Models task flow by tracking the movement of 2D pixel points in an image over the horizon. (c) Object
flow: Represents task flow as a sequence of object translations and shapes over the horizon.

protocols. Task descriptions are provided in Sec. VI-A and
baselines are in Sec. VI-B. Results are presented in Sec. VI-C.
Ablation studies and analysis are presented in Sec. VI-D.

A. Tasks and Dataset

We designed five tasks to evaluate the effectiveness and
transferability of the proposed pipeline facing different behav-
iors. Each task is defined by a natural task instruction, which
is also used as input to the language-conditioned modules. The
instructions are as follows:

1) “Push the black jello box to the left red point.”

2) “Push the black jello box past the red jello box to the
left red point.”

“Push the black jello box to the right blue point.”
“Push the black jello box past the red jello box to the
right blue point.”

“Wipe the green pea off the table with the yellow towel.”

3)
4)

5)
The objects used in the experiments are shown in Fig. 7.
The task trajectory design for training and testing is shown in
Fig. 8. Tasks 1 and 3 are easier to learn, but distinguishing
between them is crucial, as different goals require the robot
to approach the corresponding object corner and move in the

Green Pea

@
Red Jello Box
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° ot Tg

e = g
ack Jello Box

Task 2&4

[ ]
Yellow Towel

Experiment Objects

Fig. 7: The left image shows the general experiment setup.
There are two cameras, an agent view camera statically ob-
serving the scene and a hand-view camera attached to the robot
(URS5). The current layout of objects is an example starting
position for tasks 2&4. The right image shows the different
experimental objects used in our real-world experiments.

correct direction. The training samples cover all 8 black points,
and the goal is either the red or blue point.

Tasks 2 and 4 are more challenging, as the policy must
infer the relationship between the two jello boxes. In data
collection, the red jello box (acting as an obstacle) is placed
in the second row, while the black jello box starts in the first
row. The obstacle’s position is randomized, and it may either
block the path or not. During testing, we consistently placed
the red jello box in the path of the black jello box.

Task 5 differs from the first four in the action and language
feature domain. During data collection for task 5, the yellow
towel is randomly placed on the black points in the first row,
while the pea is placed at either of the two goal points. In
testing, both the towel and pea positions are randomized.

We collected a total of 200 human demonstrations (Dy)
and 100 robot demonstrations (D) for each of the manipula-
tion tasks. Each demonstration consists of time-synchronized
multi-modal observations, including agent-view and hand-
view RGB images at 30 Hz, and robot proprioceptive states.

Half of the human demonstrations are performed with a
bare hand, while the other half use a black litter picker
to emulate a robot gripper (Fig. 2). Human demonstrations
are intentionally collected to provide approximately balanced
coverage of diverse behaviors (including grasping, pushing,
rotating, and throwing) so that the policy is exposed to a broad
range of motion primitives. Robot demonstrations are collected
via a 6-DoF SpaceMouse controller that teleoperates the robot
in Cartesian space.

To reduce the effect of static frames at the beginning
and end of demonstrations—caused by delays in starting or
stopping teleoperation—we remove these segments. Pauses
during execution are kept, as they reflect cautious human
teleoperator behavior.

B. Baselines and Implementations

The proposed framework comprises two design choices
that are evaluated through comparative experiments. The first
is the high-level task representation, R;, instantiated in this
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Fig. 8: The five tasks designed for the real-world experiments. Eight black circle stickers are placed on the table to mark the
initial state, and one blue and one red circle mark the goal states. Tasks 1&3 involve pushing the black jello box to the goal,
tasks 2&4 introduce an obstacle, and task 5 involves wiping the pea off the table with a towel.

Observation

Task 2 Task 1

Task 5

Image-based Planning

Point Flow

Object Flow

Fig. 9: Visualization of subgoal, point flow, and object flow predictions for tasks 1, 2, and 5. The leftmost images represent the
observations, including both agent-view and hand-view perspectives. The image-based planning exhibits significant uncertainty
around the robot and experimental regions. The point flow captures the robot’s movement trajectory but misjudges the table
and fails hand view. meaningful movements in the hand-view. The object flow focuses on experimental objects, providing a

more accurate representation of future movements.

work as an object-flow representation. The second is the low-
level action policy, 74, which in our implementation adopts a
modified diffusion-based policy network (see Sec. IV-C).

High-level Task Representation For the high-level task rep-
resentation, R;, we compare our proposed object flow to
commonly used image-based planning and point flow methods
(shown in Fig. 6 and 9), as well as pure behavior cloning, as
baselines. These are:

« BC: Behavior cloning without task guidance (R?;), serving
as a no-task-representation baseline.

o« IMAGE: Image-based planning, which predicts fu-
ture visual observations as task guidance. We adopt a
transformer-based architecture for implementation.

o« ATM [54]: One of our point-flow baselines, which pre-
dicts grid-based point flow to infer task-relevant motion
features. ATM serves as a point-flow baseline represent-
ing structured visual motion reasoning.

o Im2Flow2Act [52]: An object-centric point-flow method,
which constructs object-level point flow to transfer mo-
tion features across different embodiments.

o OF: Object flow (ours), which models the motion of task-
relevant objects as a manipulator-agnostic task represen-

tation to guide the action policy.

We visualize the learned task representations for some tasks
in Fig. 9 as comparison. All methods use an observation
horizon of h, = 3 and a prediction horizon of h; = 16.

Low-level Action Policy For the low-level action policy, we
refer to our modified diffusion policy as DP. DP was trained
with an action horizon of h, = 16. During execution, we
executed h, = 4 of these actions. The baseline we compare
against is the open-source ATM’s transformer-based action
policy architecture [54].

The above high-level task representation methods and low-
level action policy methods can be combined in different ways
to give us different overall methods (Table I). For example,
OF-DP employs object flow as the task representation gen-
erator and diffusion policy as the action policy. The high-
level task representation can be trained on the same or a
different dataset from that used for the action policy (Eq. 2).
Therefore, when naming the different baselines we used, after
each method’s name, we also indicate the number of Robot
and Human demonstrations used to train that method. For
example, OF-100Robot-200Human-DP-100Robot indicates a
method where the object flow predictor is trained with 100



TABLE I: Success rates for policies under different task representations.

Task Representation Action Policy Evaluation setting Task-1 Task-2 Task-3 Task-4 Task-5 \ Total
No Task Representation
seen scenarios 7/10 1/10 10/10 3/10 3/10 24/50
BC-0 DP-20Robot  prerryerrm 510 1/10 810 110 1/10 | 16/50
seen scenarios 8/10 6/10 7/10 7/10 8/10 36/50
BC-0 DP-100Robot ey 6/10  5/10 710 410  2/10 | 24/50
Image Prediction as Task Representation
. seen scenarios 10/10 5/10 9/10 4/10 10/10 38/50
IMAGE-100Robot-2views DP-100Robot ey 6/10 410  6/10 210 3/10 | 21/50
Point Flow as Task Representation
. seen scenarios 1/10 1/10 1/10 1/10 1/10 5/50
ATM-100Robot-2views ATM-100R0bot gy 010 010 O/10 010  O/10 | 0/50
seen scenarios 10/10 8/10 10/10 9/10 9/10 46/50
ATM-100Robot DP-100R0bot ey 6/10  5/10  10/10 510  1/10 | 27/50
. seen scenarios 9/10 9/10 8/10 5/10 10/10 41/50
ATM-100Robot-2views DP-100Robot  /ccen scenarios ~ 10/10  4/10  10/10 410  3/10 | 31/50
seen scenarios 10/10 9/10 10/10 7/10 9/10 45/50
ATM-100Robot-200Fuman DP-100Robot ey 6/10 410 710 310 110 | 21/50
seen scenarios 6/10 2/10 1/10 1/10 6/10 16/50
Im2Flow2Act-100Robot-200Human  DP-100Rebot ey 310 310 1/10 1/10  6/10 | 14/50
Object Flow as Task Representation
seen scenarios 10/10 10/10 10/10 7/10 9/10 46/50
OF-20Robot DP-20Robot unseen scenarios 710 810  6/10 610  3/10 | 30/50
seen scenarios 9/10 10/10 10/10 10/10 10/10 49/50
OF-100Robot DP-100Robot gy 610 710 610 710 710 | 33/50
seen scenarios 10/10 9/10 10/10 9/10 10/10 48/50
OF-20Robot-40Human DP-20Robot  armreryermrre 9/10 910 810 710  6/10 | 39/50
seen scenarios 10/10 10/10 10/10 10/10 10/10 50/50
OF-100Robot-200Human DP-100Robot ey 710 8/10 810 910  8/10 | 40/50

robot and 200 human demonstrations and the action policy
is trained with 100 robot demonstrations. Since the hand-view
image is not available in human demonstrations, incorporating
human data for task-representation training sacrifices the task
representation in the hand-view. When using only Robot data
to train the task representations we could use both views,
shown with a label of 2views at the end of the method names.

C. Results

As shown in Table I, we evaluated 12 different methods
(where each method is a combination of a Task Representation
and a low-level Action Policy). We evaluated each method over
100 rollouts, totaling to 1200 real robot evaluations. Out of
the 100 for each method, 50 are tested from states included in
the seen scenarios, and the remaining 50 are used to evaluate
generalization in previously unseen scenarios. In each case,
the 50 runs are divided over the five tasks (i.e., 10 runs per
task).

With 20 robot demonstrations, BC-0-DP-20Robot succeeds
on Tasks 1 and 3 in both in-distribution and out-of-distribution
settings, but fails on Tasks 2, 4, and 5. Increasing the number
of demonstrations to 100 improves performance on the more

demanding Tasks 2, 4, and 5. Despite this improvement, BC-
0-DP-100Robot still shows limited generalization to unseen
configurations, particularly on Task 5.

The image-based planning baseline IMAGE) achieves per-
formance comparable to BC-0-DP-100Robot, which is trained
with the same number of robot demonstrations. The predicted
image-based subgoals exhibit high uncertainty, particularly in
dynamic regions, limiting their effectiveness as guidance for
the action policy.

The ATM model [54], trained with 100 robot demonstra-
tions, performs poorly across both in-distribution and out-
of-distribution scenarios. To verify the correctness of our
implementation, we additionally evaluated ATM in simulation
under the same task in the original work, obtaining results
consistent with those reported.

Replacing the transformer-based policy in ATM with the
proposed diffusion-based policy leads to consistent perfor-
mance improvements. In particular, ATM-100Robot-2views-
DP-100Robot outperforms BC-0-DP-100Robot, highlighting
the benefit of incorporating task representation. Removing the
hand-view input causes ATM-100Robot-DP-100Robot to over-
fit to in-distribution settings, reducing generalization. More-
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Fig. 10: IoU accuracy of object flow prediction under different
settings.

over, incorporating human demonstrations with diverse manip-
ulation strategies (ATM-100Robot-200Human-DP-100Robot)
degrades out-of-distribution performance, indicating sensitiv-
ity to distribution mismatch.

Im2Flow2Act [52], which relies on Grounding-DINO [16]
for object localization and point sampling, performs reason-
ably when the target object is large and visually distinct from
the background (e.g., Task 5). However, the method is not
end-to-end and is highly sensitive to the quality of external
segmentation. In scenarios involving illumination changes,
clutter, occlusion, or small objects (Tasks 1-4), segmentation
failures frequently lead to inaccurate point-flow estimation and
degraded policy performance, in some cases falling below be-
havior cloning. In addition, the method requires manual tuning
of object-specific textual prompts and confidence thresholds,
and is limited to single-object settings.

Integrating object flow prediction leads to substantial perfor-
mance gains. With only 20 robot demonstrations, OF-20Robot-
DP-20Robot outperforms BC-0-DP-100Robot by 91% in-
domain and 87% out-of-domain, despite using one-fifth of the
training data. Moreover, OF-20Robot-DP-20Robot achieves
performance comparable to OF-100Robot-DP-100Robot, in-
dicating that object flow significantly reduces the dependence
on large-scale demonstrations.

Augmenting training with out-of-distribution human demon-
strations further improves robustness. With 40 additional hu-
man demonstrations, OF-20Robot-40Human-DP-20Robot im-
proves performance by 100% in-domain and 143% out-of-
domain. When trained with 100 robot and 200 human demon-
strations, the policy achieves perfect performance on training

TABLE 1II: Dice and focal loss of flow prediction under
different settings.

Type Lg-Dice  Lg-Focal L .-Dice  Lg-Focal
OF-20Robot-0Human 0.515 0.0446 0.528 0.0646
OF-20Robot-40Human 0.514 0.0447 0.531 0.1579
OF-100Robot-0Human 0.515 0.0446 0.527 0.0697
OF-100Robot-200Human 0.514 0.0447 0.531 0.1623
OF-20Robot-1-timestep 0.514 0.0447 0.516 0.0645
OF-20Robot-4-timestep 0.514 0.0447 0.517 0.0631
OF-20Robot-8-timestep 0.514 0.0446 0.520 0.0635

TABLE III: Action jerkiness of low-level policies.

Type Action Jerkiness (J)
Dataset 0.2712
OF-20Robot-DP-20Robot 0.0715
OF-20Robot-40Human-DP-20Robot 0.0712
OF-100Robot-DP-100Robot 0.0736
OF-100Robot-200Human-DP-100Robot 0.0734

tasks and strong generalization to unseen configurations.
Overall, these results demonstrate that object flow substan-
tially enhances policy robustness and data efficiency, enabling
effective learning from limited and cross-behavior demonstra-
tions without requiring strict temporal or spatial alignment.

D. Ablation Studies and Analysis

In this section, we provide further analysis and ablation
studies of the proposed method.

1) Object Flow Prediction Accuracy: We evaluate object
flow prediction using dice and focal losses across all object
flow—based policies (Table II), with results reported for 100
robot demonstrations. The frame-wise Dice and focal losses
remain consistent across different prediction settings, indicat-
ing that as few as 20 demonstrations suffice for learning object
flow within the domain.

When human demonstrations are incorporated, the frame-
by-combination focal loss increases, reflecting greater tempo-
ral variability in object motion. While such demonstrations
improve downstream policy generalization, they introduce
higher uncertainty in long-horizon flow prediction due to non-
uniform motion patterns.

To further analyze this effect, we measure the average frame
IoU for the first four object flow—based policies (Fig. 10).
Incorporating human demonstrations improves IoU in early
timesteps, but degrades accuracy at later stages. Across all
policies, long-horizon predictions are more accurate than
short-horizon ones, which may be influenced by mask quality
from Cutie [69] and occlusion effects.

2) Policy Action Jerkiness: To examine whether incorporat-
ing human demonstrations affects action stability, we evaluate
action jerkiness for object flow—guided policies across all five
tasks, with averaged results reported in Table III.

Action jerkiness is defined as the average squared norm of
the second-order finite difference of the action sequence:

T—1

J = ﬁ Z ||at+1 — 2at + at,1||2 N (14)
t=2

where a; denotes the executed action at timestep ¢ and 7 is

the rollout length. Higher values indicate less smooth action

trajectories.

Across all settings, object flow—guided policies exhibit
substantially lower jerkiness than the demonstration data. As
the number of robot demonstrations increases, action jerkiness
shows a mild upward trend, whereas augmenting training with
human demonstrations slightly reduces jerkiness. These results
indicate that incorporating human demonstrations does not



TABLE IV: Success rates of the ablation study on object flow prediction horizon, the base model is OF-20Robot-DP-20Robot.

Prediction Horizon

Evaluation setting  Task-1

Task-2  Task-3

Task-4  Task-5 | Total

1t ‘ seen scenarios 8/10 5/10 10/10 4/10 4/10 31/50
-timestep unseen scenarios 4/10  1/10  6/10  3/10  3/10 | 17/50
A-timeste seen scenarios 10/10 5/10 10/10 4/10 8/10 37/50
P unseen scenarios 5/10 3/10 5/10 5/10 4/10 | 22/50
8-timeste seen scenarios 10/10 8/10 9/10 6/10 8/10 41/50
step unseen scenarios 7/10 5/10 6/10 5/10 3/10 26/50
16-timeste seen scenarios 10/10 10/10 10/10 7/10 9/10 46/50
p unseen scenarios 7/10 8/10 6/10 6/10 3/10 | 30/50
32-timeste seen scenarios 9/10 6/10 9/10 6/10 10/10 | 40/50
! P unseen scenarios 7/10 4/10 3/10 5/10 4/10 22/50

TABLE V: Success rates of policies that learns task representation from pure human demonstrations.

Task Representation Action Policy Evaluation setting Task-1 Task-2 Task-3 Task-4  Task-5 \ Total
BC0 DP-20Robot 0 rios 510 110 10 110 110 | 1650
Ot s DR SR N0 we e |
Ors oo Draow eSO G0 e e
T I T e

introduce instability and can contribute to smoother action tra-
jectories. Notably, learned policies are consistently smoother
than teleoperated robot demonstrations, suggesting that policy
learning attenuates high-frequency control noise present in raw
demonstrations.

3) Flow Prediction Horizon: We ablate the object flow
prediction horizon using OF-20Robot-DP-20Robot without
human demonstrations, varying the horizon over {1,4,8,16}
timesteps. A one-step horizon provides detection-like object
localization, whereas longer horizons provide multi-step task
guidance. The results are summarized in Table IV.

Longer horizons consistently improve policy performance
and execution stability in both in-distribution and out-of-
distribution settings, indicating that multi-step object flow is
more robust to observation noise and uncertainty. Increasing
the horizon does not noticeably affect the inference time of
either the object flow model or the action policy.

VII. GENERALIZATION TESTS

A. Cross-Behavior Ablation Study

To further assess the cross-behavior learning capability
of the proposed pipeline, we conduct ablation studies using
human demonstrations collected under three distinct manipu-
lation strategies: Aligned, Distinct-1, and Distinct-2. These
strategies are designed to vary the degree of behavioral align-
ment between human demonstrations and robot execution,
while preserving the underlying task intent.

o Aligned: Human demonstrations that closely mirror the
robot’s manipulation behavior, serving as behaviorally
aligned references.

« Distinct-1: Human demonstrations that achieve the same
task objective using an alternative but consistent strategy.
Examples include intermittent 2D sliding of a jello box
instead of continuous pushing, or wiping by grasping the
top center of a towel to allow stable vertical contact and
wider motion range.

o Distinct-2: Human demonstrations that employ a sub-
stantially different manipulation strategy, such as trans-
porting objects via pick-and-place or wiping by grasping
the edge or corner of a towel.

Each task in every group comprised 40 newly collected hu-

man demonstrations, distinct from previously mixed behaviors.
The ablation studies were structured as follows:

1) Learning from Distinct Behaviors: Followed the gen-
eral comparison outlined in Table I.

2) Human to Robot Transfer: The object flow predictor is
trained with only the human data, without seeing robot
motion and how robot executes the task beforehand.

1) Learning from Distinct Behaviors: We evaluate cross-
behavior learning primarily on Task 5 under unseen config-
urations, as OF-20Robot-DP-20Robot already achieves near-
saturated performance on Tasks 1-4 without human demon-
strations (Table I). Results for Tasks 1-4 are therefore omitted
for brevity.

In unseen scenarios of Task 5, OF-20Robot-DP-20Robot



Aligned Distinct-1 Distinct-2

Fig. 11: Visualization of object flow from separate human
demonstrated manipulation behaviors. The motion of objects
in Aligned is slow as the robot; Distinct-1 shows longer
object flow as motion is faster, while Distinct-2 presents 3D
transferring and obstacle-crossing flow.
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Task 5

achieves 3/10 successes (Table I), indicating limited gener-
alization when the target object is placed outside the training
distribution. Incorporating human demonstrations substantially
improves performance: Aligned and Distinct-1 strategies both
achieve 7/10 successes, while Distinct-2 reaches 5/10. Despite
the large behavioral differences across these strategies, all
human-augmented settings yield clear gains over the robot-
only baseline, demonstrating the ability of the proposed frame-
work to learn from diverse manipulation behaviors.

2) Human to Robot Transfer: We evaluate human-to-robot
transfer by training object flow predictors exclusively on
human demonstrations, without any exposure to robot data
(rows 2—4 in Table V). In this setting, the high-level predictors
(OFH variants) encode task-level object motion without access
to robot-specific motion or end-effector trajectories. This setup
allows us to assess whether object flow can provide meaningful
guidance for robot policy learning across embodiments. Rep-
resentative object flow visualizations are shown in Fig. 11.

Across all tasks, human-trained OFH models consistently
outperform the baseline without object flow (BC-0, row 1),
demonstrating that the learned object flow captures trans-
ferable task structure. Performance varies across manipula-
tion strategies: predictors trained on behaviorally aligned or
moderately distinct human demonstrations yield more stable
improvements, while predictors trained on highly distinct
strategies exhibit greater sensitivity to task variations. For ex-
ample, OFH-40Human-Distinct-1-DP-20Robot improves per-
formance on Task 2 but degrades on the structurally similar
Task 4, highlighting limitations of purely human-trained pre-
dictors under distribution shift.

When the object flow predictor is trained with both human
and robot demonstrations (see Table. I), performance improves
further, indicating better adaptation to robot-specific execution

patterns. Importantly, even in this setting, human demonstra-
tions continue to contribute positively, as object flow preserves
task-level motion—such as object trajectories and goal states.
Overall, these results show that object flow enables effective
human-to-robot transfer, with robustness increasing as limited
robot data is incorporated.

B. Performance under Distraction

To evaluate the robustness of the learned policy under visual
distractions, we conduct an additional test on Task 1 and
Task 3 by introducing various irrelevant objects into the scene
at test time. These distractors are placed such that they do not
physically obstruct the intended manipulation trajectory, but
increase visual clutter. As illustrated in Fig. 12, the distractors
include objects of different shapes, colors, and sizes, as well
as a visually similar variant of the target jello box.

This experiment is designed to assess whether the policy
can (i) maintain task performance in the presence of unseen,
irrelevant objects, and (ii) correctly identify and act on the
original task-relevant object without being confused by visu-
ally similar distractors. For each task, we evaluate the policy
on 20 randomized distraction configurations.

Across all trials, the policy maintains similar success rate
(90%) as in the original (92.5%), distraction-free setting.
Notably, even when the original jello box is placed at an out-
of-distribution location and an additional, visually similar jello
box is positioned at an in-distribution location, the policy con-
sistently identifies the original target and successfully pushes it
to the goal. This behavior demonstrates that the learned object-
flow-based task representation is robust to visual distractions
and spatial biases.

C. Policy on Diverse and Complex Tasks

To further evaluate the generalization capability of the pro-
posed approach, we design three additional manipulation tasks
that go beyond the original benchmark settings. The tasks are
shown in Fig. 13 These tasks collectively cover a wide range of
real-world challenges, including high-precision manipulation
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Fig. 12: Distraction test samples. Various irrelevant objects are
introduced into the scene during testing, including a visually
similar but dimensionally different jello box.



Task 6: Stack Irregular Object

Task 7: Pick Object from Clutter

Task 8: Prepare Bread for Breakfast

Fig. 13: Illustrations of task 6-8. Task 6 (Stack Irregular Object): The robot stacks an irregularly shaped object, requiring
precise pose control and accurate contact handling. Task 7 (Pick Object from Clutter): The robot selects and picks a specific
target object (banana) from a cluttered container, demonstrating robustness to occlusion and distractors. Task 8 (Prepare Bread
for Breakfast): The robot pushes a plate to a target location, ejects toasted bread from a toaster, retrieves the bread, and places
it onto the plate, illustrating multi-stage task execution and generalization to long-horizon object interactions.

TABLE VI: Success rates of task-stage execution under increasingly challenging generalization settings.

Policy Evaluation setting Task-6 Task-7 Task-8 Total
pick stack approach pick plate button take bread place bread \ all

BC.0 seen scenarios 2/10  1/10 0/10 0/10  2/10  1/10 0/10 0/10 6/80
unseen scenarios 0/10  0/10 0/10 0/10  1/10  0/10 0/10 0/10 1/80

seen scenarios 1/10  0/10 1/10 0/10  1/10 0/10 0/10 0/10 3/80

ATM-100Robot unseen scenarios  0/10  0/10  O/10  0/10  0/10  0/10 0/10 0/10 0/80
OF-100Robot seen scenarios 6/10  5/10 4/10 3/10 410  3/10 110 0/10 26/80
0bo unseen scenarios 1/10  0/10 3/10  2/10 2/10  1/10 0/10 0/10 9/80

seen scenarios 7/10  6/10 6/10 4/10  5/10 3/10 2/10 2/10 35/80

OF-100Robot-200Human /oo " ccenarios  6/10  4/10  5/10  3/10 4/10  5/10 1710 1/10 29/80

(Task 6), cluttered scenes with distractors (Task 7), and long-
horizon, multi-stage execution involving multiple objects and
articulated mechanisms (Task 8). Compared to the original
tasks, these settings require accurate contact handling, robust
object selection, and temporally coordinated control across
multiple subtasks.

In the stacking task (Task 6), training data are collected by
placing the wooden blocks on predefined marked locations
(black dots) on the table, referred to as seen scenarios.
During evaluation, blocks are instead initialized at random
continuous positions that do not coincide with these marked
locations, forming the unseen setting. For the pick-from-clutter
task (Task 7), the distinction between training and unseen
configurations is defined by the position of the container.
The container is placed at fixed locations during training
and moved to novel locations during evaluation, while the
positions of all objects inside the container are randomized
in both training and testing. For the breakfast preparation task

(Task 8), training and unseen settings are determined by the
spatial arrangement of the plate and the bread machine. Their
positions vary across training and evaluation.

For all policies, the low-level action policy is instantiated
as the same diffusion policy and trained using 100 robot
demonstrations. The key difference across methods lies in
how the task representation is obtained and provided to the
policy. Specifically, BC-0 corresponds to behavior cloning
without any task-level guidance, ATM-100Robot uses grid-
based point-flow representations, and OF variants condition
the policy on object-flow-based task representations. The
OF-100Robot-200Human setting further incorporates human
demonstrations to enrich the diversity of task-level motion
patterns.

Quantitative results are reported in Table VI, where success
is measured at each task stage as well as overall task com-
pletion. Across all three tasks, policies without explicit task
representations (BC-0) or with point-flow guidance (ATM)
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Fig. 14: Evaluation of object flow prediction in four chal-
lenging scenarios: overlapping objects, fast motion, persistent
occlusion, and shape-guided manipulation under occlusion.
Ground-truth object flow is obtained using Cutie [69]. Unified
object masks introduce ambiguity under overlap, while fast
motion causes temporal discontinuities. The model remains
robust to occlusion and can recover object flow after occlusion-
induced disturbances.

fail to reliably complete even the early stages, particularly
under unseen scenarios. In contrast, object-flow-based policies
achieve substantially higher success rates across all stages.
Notably, incorporating human demonstrations further improves
robustness, especially in unseen settings, leading to the highest
overall success rate. These results indicate that learning a
manipulator-agnostic object-flow task representation enables
effective generalization to precision-critical, cluttered, and
long-horizon manipulation tasks that were not encountered
during training.

D. Generalization of Object Flow

Beyond real-world policy execution, we evaluate object
flow prediction under four challenging conditions: overlapping
objects, fast motion, persistent occlusion, and shape-guided
manipulation under occlusion, as shown in Fig. 14.

When multiple objects overlap, object flow predicted from
a unified object mask cannot distinguish category-specific
motion and tends to follow the dominant visible object region.
This limitation suggests the need for incorporating object-
category information in complex multi-object interactions.

Fast motion introduces temporal discontinuities in both
ground-truth and predicted object flow. Although the predic-
tion captures the coarse motion direction, high-speed displace-
ment increases uncertainty, which may be mitigated by object
velocity estimation or temporal interpolation.

Under persistent occlusion, the object remains trackable
using Cutie [69], and the predicted flow recovers the post-

occlusion object state. However, estimating flow during com-
plete occlusion would require additional motion inference. In
shape-guided manipulation, the prediction may temporarily
drift to the human hand under heavy occlusion, but it refocuses
on the object once visibility is restored, indicating robustness
to transient occlusion-induced disturbances.

VIII. CONCLUSION

We introduce object flow as a novel task representation to
enable learning from multimodal cross-behavior manipulation
data. Unlike conventional approaches that rely on detailed
object and robot modeling, object flow encodes essential
object motion information in a compact and structured manner,
serving as a low-dimensional yet effective guidance for action
policy learning. Our experiments demonstrate that learning
object flow significantly outperforms state-of-the-art visual
subgoal and point flow methods, leading to improved policy
performance both within and beyond the training domain.

To further validate the effectiveness of our method, we
conduct an in-depth analysis of object flow prediction accuracy
and perform ablation studies on key components, including
object flow length and cross-behavior learning. Our results
indicate that predicting future object motion enables more
robust action generation, thereby improving policy reliability.
Moreover, the task representation extracted from pure human
data could be seamlessly used for the robot policy, demonstrat-
ing its compatibility with diverse demonstration modalities. As
the similarity between human and robot behaviors increases,
the object flow becomes more informative, resulting in a more
generalizable policy.

Finally, we discuss limitations and directions for future
work. Our current approach treats all objects in a scene as
belonging to a single category to promote broad general-
ization across tasks. However, this assumption can introduce
ambiguity in scenarios with significant object overlap, thereby
reducing the effectiveness of object flow estimation. In addi-
tion, object flow prediction remains challenging in high-speed
human demonstrations, where capturing fine-grained motion
states accurately is difficult. Despite these limitations, our
results demonstrate that object flow remains effective even
under severe occlusions, highlighting the robustness of the
approach in complex manipulation scenarios.
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