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Fig. 1: Overview of our work. Left: We use 30 human videos and 10 robot demonstrations to train the cross-embodiment flow prediction
model SFCr and the flow-conditioned policy FCrP. Right: The point cloud observation from a single third-person-view camera and the
predicted flow during execution. The images on the right are the beginning and success states of each task.

Abstract— Imitation Learning (IL) enables robots to learn
complex skills from demonstrations without explicit task mod-
eling, but it typically requires large amounts of demonstrations,
creating significant collection costs. Prior work has investigated
using flow as an intermediate representation to enable the use
of human videos as a substitute, thereby reducing the amount
of required robot demonstrations. However, most prior work
has focused on the flow, either on the object or on specific points
of the robot/hand, which cannot describe the motion of inter-
action. Meanwhile, relying on flow to achieve generalization to
scenarios observed only in human videos remains limited, as
flow alone cannot capture precise motion details. Furthermore,
conditioning on scene observation to produce precise actions
may cause the flow-conditioned policy to overfit to training
tasks and weaken the generalization indicated by the flow. To
address these gaps, we propose SFCrP, which includes a Scene
Flow prediction model for Cross-embodiment learning (SFCr)
and a Flow and Cropped point cloud conditioned Policy (FCrP).
SFCr learns from both robot and human videos and predicts
any point trajectories. FCrP follows the general flow motion and
adjusts the action based on observations for precision tasks. Our
method outperforms SOTA baselines across various real-world
task settings, while also exhibiting strong spatial and instance
generalization to scenarios seen only in human videos.

I. INTRODUCTION

As a fundamental subclass of Imitation Learning (IL),
behavior cloning (BC) is a widely adopted strategy for
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offline policy learning from demonstrations [1]. While BC
can address tasks with complex dynamics, it usually re-
quires dozens of demonstrations for simple tasks [2—4],
and thousands to achieve robust generalization [5, 6]. How-
ever, collecting large-scale datasets is often cost-prohibitive
given the specialized equipment for each demonstrator [5—
7]. Therefore, many studies focus on using videos of human
manipulation as a substitute for robot demonstrations [8—10].

With 3D spatial information, point cloud-based methods
generally have better data efficiency and generalization ca-
pabilities than image-based methods [11]. The image con-
volution features of the robot and human hand regions are
inevitably different. Therefore, distribution adaptation meth-
ods are required to align image representations [9, 12]. While
in a point cloud, the robot or human hand is represented
by points in the air. Combined with segmentation methods,
point clouds become a well-suited representation for cross-
embodiment learning [10]. Flow, that is, the trajectories of
points, has been confirmed to be an effective representation
that describes motions to bridge human and robot demon-
strations [9, 10, 13-15]. However, most prior work has
focused on flow on the object or robot arm solely to achieve
cross-embodiment learning. Focusing solely on the object’s
motion often overlooks the robot’s pre-grasp motion [10].
Conversely, only considering the motion of the robot omits
the details of the interaction with the object [9]. In this work,
we present a point cloud-based method that enables any-point
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flow prediction and cross-embodiment learning.

For point cloud scene perception, using a Transformer
model to process the point cloud represented by tokens
could effectively capture the spatial information of objects
in the scene [2, 4], but lacks point-level details. Point-level
perception methods, such as DP3 [16], often struggle in
identifying scene changes, resulting in limited generalization
[17]. Moreover, diffusion policy is shown to tend to overfit
the training tasks and lacks generalization ability [18, 19].
To address these issues, we use flow as an intermediate
representation to bridge a Transformer-based flow prediction
model and a flow-conditioned action policy with point-level
perception. We crop the point cloud observation of the policy
and balance the reliance between the point cloud and the flow
to reduce overfitting. In summary, our main contributions are:

o A flow prediction model SFCr that predicts any point
trajectories with high cross-embodiment data efficiency.

e« A flow and cropped point cloud conditioned policy
FCrP that achieves spatial and instance generalization.

o Comprehensive experiments that demonstrate flow is a
representation that can (1) bridge group-level spatial re-
lationship perception and point-level detail recognition,
(2) align robot demonstrations and human videos, and
(3) significantly reduce overfitting of diffusion policy to
achieve stable generalization.

Furthermore, we discuss our method, including the un-
derlying mechanisms, and the aforementioned issues in the
broader field through four research questions: RQ1: How
effectively does segmentation narrow the cross-embodiment
appearance gap? RQ2: Through what mechanism does crop-
ping the point cloud enhance the policy performance in pre-
cision tasks? RQ3: How does conditioning on flow enhance
policy generalization? RQ4: How effective is balancing the
reliance in alleviating overfitting of the diffusion policy?

II. RELATED WORK

Behavior cloning in imitation learning is a framework
where agents acquire skills by observing and replicating
expert behaviors [20, 21]. In behavior cloning for robot
manipulation, RGB images [3, 22-25] and point clouds
[2, 4, 16, 24, 26-28] are two typical types of observations.
Some previous work has combined RGB image features and
point clouds to obtain both pixel-level perception and depth
information [17, 29-32], but it required multiple cameras to
mitigate the impact of convolution background blending and
view-dependent features. In this work, we focus on the point
cloud obtained from a single third-person view camera.

To enhance performance, many papers went beyond using
manipulation task data. Some leveraged large-scale image or
point cloud datasets for pretraining [4, 5, 31, 33-36], while
others directly used pre-trained visual models as feature
extractors [6, 14, 25, 28-30, 37, 38]. Alternatively, some
papers relied on in-domain manipulation task data but trained
on more diverse forms, such as data collected from different
robot embodiments [5, 39-41] or human videos [42] through
visual embeddings [8, 34, 35, 43, 44], object flow [10, 13—
15, 45], or human hand trajectory [9, 12, 46—48].

Existing approaches to predict flow can be classified
into three main categories: predicting flow on the object
[10, 13-15, 45, 49, 50], predicting the flow on the robot
arm [9, 12, 39, 51], and predicting trajectories of any points
in the scene [52-54]. Considering only the flow of the
object could easily achieve cross-embodiment learning, but it
lacks information about the robot motion, especially before
grasping [10]. While the trajectory of points only on the
robot cannot capture the interaction with objects. Although
predicting the flow of the entire scene could capture any
motion in the scene, it has a larger cross-embodiment gap
[13]. Prior work has shown that using large-scale video
datasets with diverse embodiments could address the cross-
embodiment gap in predicting any-point trajectories [53]. In
this paper, we address this gap with a small-scale dataset
using a well-designed flow prediction method.

The choice of observation can be critical for the action
policy [55]. Relying solely on the predicted flow as ob-
servation, some researchers compute actions in a heuristic
way [9, 10, 15, 45, 49, 50]. In contrast, other methods
used a policy network to produce actions conditioned on
the predicted flow and scene observation [12, 13, 52, 53].
Policies that use both flow and scene observation as con-
ditions are capable of performing more precise actions
and correcting potential inaccuracies in the input flow. In
comparison, heuristic methods highly rely on the accuracy
of the predicted flow. However, the scene observation can
undermine the generalization ability of the action policy. In
contrast, many flow-conditioned heuristic action policies that
are not conditioned on the scene observation show a stronger
generalization ability [9, 10, 15, 45, 49].

Most of the flow-conditioned policy models are actually
conditioned on the flow feature vector rather than the raw
flow [12, 13, 52]. They use flow as a training target of the
flow prediction model, rather than a representation that truly
bridges the flow prediction and the action policy. This could
further mitigate the failure caused by inaccurate flow, but
could lead to potential overfitting to the training task and a
strong binding between the flow model and policy model.
Our approach uses the raw flow and a local cropped point
cloud as the condition for the action policy. In this way, we
ensure heuristic-level generalization based on the flow and
obtain enough observations for precision-demanding tasks.

III. APPROACH

Our method consists of two parts: the flow prediction
model SFCr and the flow-conditioned policy FCrP. SFCr can
learn from human videos, while FCrP is trained solely on
robot demonstrations. Each robot demonstration includes an
RGBD video, the corresponding robot proprioception, and
the associated actions. We use the position of the gripper and
its two fingers as proprioception data g € R3*3. The human
demonstrations contain only the RGBD videos. We first build
the raw point cloud of each RGBD image, then use voxel
downsampling to reduce the number of points. To obtain
the ground truth flow, we use CoTracker [56] to track grid-
sampled query points in the RGB video and map them to the
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raw point cloud to obtain 3D point trajectories Fp.p € RT*3
to form the flow F of the whole scene. To segment the robot
and human hand, we apply FastSam [57] to each frame of
the RGB videos. We segment human videos using a language
prompt at the first frame and bounding boxes for the rest.
The robot video is segmented using bounding boxes based
on the April tag on the robot gripper as prompts.

A. SFCr: Cross-Embodiment Scene Flow Prediction Model

The general architecture of our flow prediction network
is shown in Fig. 1. We use a Transformer decoder [58] as
its main component. The input tokens include point cloud
tokens, task embedding, and flow query tokens. Each point
cloud token is the PointNet [59] features of a local group of
points, adding the spatial encoding. We sample the center x(
of each group by farthest point sampling and select points
near the center to form the group x¢.;. Each flow query
token is the spatial encoding of the starting point Fj of
the corresponding trajectory Fy.r. The point cloud group
center o and the flow query points F{, share the same
spatial encoder. The output of each flow query token is fed
into a shared multi-layer perceptron (MLP) to obtain the
predicted trajectory. By using the Transformer decoder to
process all these inputs, we expect the model to match the
task embedding and the query points with the point cloud
group tokens, learn a rough motion for each group, align
across flow tokens, and finally provide a refined query point
motion represented by trajectories.

We evaluate the predicted flow based on the absolute
position. But for each trajectory point, we use the position
related to its query point as the predicting target F; — Fy and
minimize the L1-norm loss. Empirically, this representation
has a lower prediction error than position related to the
previous point F; — F;_1 [10] or absolute position Fj.

To prevent the model from overfitting to the spatial
distribution of query points, our flow prediction model is
trained on a trajectory subset of N, = 64 query points for
each point cloud observation. However, more than half of
the points in the scene remain static. Randomly sampling
from all trajectories will result in an imbalanced distribution
of trajectory lengths. Therefore, for each sample, we first
sample a moving ratio p,, ~ U(0,1), then select p,, N,
points whose future trajectory is not static and (1 — p,,, )N,
static points as query points. We determine whether a query
point is static or not based on the width of a trajectory, which
is defined as max; jcpo,7) [|[F; — Fjl|2, the largest distance
between any two points F;, F; on trajectory F'. This metric
is more noise-robust than the accumulated displacement.
During execution, the query points are selected via grid-
based sampling from the box-shaped cropped point cloud
centered at the robot gripper. We feed all the in-box query
points in at once to maintain consistency among trajectories.

To minimize the visual difference between the robot and
the hand and enable cross-embodiment flow prediction, we
segment the image to obtain robot/hand segmentation. We
replace the point cloud color in the robot/hand region with
(1,0,1) and add a dimension after the XYZRGB values to

indicate whether a point belongs to the robot/hand or not.
Moreover, we randomly remove a fraction of point cloud
group tokens where most points are marked as robot/hand.
This aims to train the flow prediction model not to remember
the exact shape of the robot/hand, but to make inferences
based on their approximate position.

B. FCrP: Flow and Croped Point Cloud Conditioned Policy

Our diffusion-based [3, 60] action policy produces actions
by progressive denoising, conditioned [61] on the predicted
flow F and state observations {sy, s;—1, s;}, as Fig. 1 shows.
The observation horizon includes three states: (1) the flow
state sy, at which the flow F is predicted, (2) the state before
the current state s;_1, and (3) the current state s;, where
t > f. Each state observation includes the local cropped
point cloud X and proprioception data g. We use the DP3
[16] encoder as the point cloud perception model, which first
calculates the features of each point using shared MLPs, then
applies max pooling to the feature dimension, followed by
another MLP layer to obtain a compact representation.

Instead of using the point cloud observation of the whole
scene, we crop the point cloud observation X to keep only a
box-shaped region around the robot gripper and center it with
the robot gripper as the origin for each state {sy, s;—1,s:}.
For the proprioception points {gs, g:—1, g+ } at each state and
the flow F at the flow state sy, we center them around the
gripper position at the flow state sy, to keep the related
spatial information within the observation horizon. In this
way, the observation of our action policy is fully localized
with the robot gripper as origin without any absolute spatial
information, which enables the generalization following the
flow and action adjustment conditioned on the local point
cloud. In execution, we select query points within the box-
shaped cropped point cloud for flow prediction.

To decouple our action policy from the flow prediction
network in terms of inference frequency, we introduce a
flow-state-action alignment mechanism. Our action policy
predicts a sequence of actions starting from the flow state
sy with an execution mask that matches the motion between
the flow state sy and the current state s; with the flow F.
The execution mask indicates which actions were performed
from the flow state s; to reach the current state s;, and
which actions should be performed next. This enables the
prediction of an arbitrary number of actions from the same
predicted flow. Predicting actions starting from the flow state
temporally aligns the motion in flow and the actions, enabling
our action policy to produce actions that follow the same
motion as the flow to enable generalization.

Apart from enabling parallel inference and asynchronous
flow condition updating by conditioning on the previous flow
and replacing it whenever the new one is predicted, our flow-
state-action alignment mechanism could also enable heuristic
flow prediction skipping at error-prone states. For example,
when the gripper is close to the object before grasping, if the
flow prediction model mistakenly thinks that the robot has
already grasped the object and gives a flow with an upward
direction, the action policy may fail to grasp the object.
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TABLE I: Task Properties

Key Property Fold Cloth  Open Drawer  Pick Bowl
Multi-Task No No Yes
Object Type Deformable Articulated Rigid
Include Grasp Action Yes No Yes
Action Accuracy Req. Medium High Low
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Fig. 2: The bowl position (warm color rectangles) and instances of
Pick Bowl tasks. There are no robot demonstrations for #4-6.

Many prior approaches use the predicted flow embeddings
as the condition of the policy network. In this way, the policy
network becomes more robust to the inaccurately predicted
flow. To achieve a similar goal using the raw flow, we let a
trained flow prediction model predict the flow for each robot
demonstration, to replace the ground-truth flow during action
policy training. Empirically, we do not observe a significant
performance drop using different flow prediction models for
predicted flow generation and execution. Moreover, we bal-
ance the condition reliance between the point cloud and the
flow to reduce overfitting caused by point cloud conditioning.
We randomly mask the point cloud (MP) by replacing the
entire point cloud with zero with a probability of 0.5. Thus,
the policy is forced to rely more on the flow.

IV. REAL-WORLD EVALUATION

Fig. 1 and Table I list the settings and description of the
real-world tasks. Fig. 2 shows seven versions #0-6 of the Pick
Bowl task. For each task, we collect 10 robot demonstrations
(R10) and 30 human videos (H30) for training, except Pick
Bowl #4-6, which have 30 human videos only.

We compare the flow prediction accuracy of ours with
ScaleFlow-L [10], which is a 3D trajectory prediction model
based on PointNeXt [62] and VAE [63, 64]. We compare
the manipulation task success rate of our method with DP3
[16], RISE [2], and SUGAR [4]. DP3 uses a well-designed
point cloud encoder followed by a diffusion policy [3] to
predict actions. RISE uses spatial convolution [65] followed
by a Transformer [58] to extract point cloud features for
the final diffusion policy. SUGAR samples and groups the
point cloud, extracting the group features as tokens for Trans-
former calculations. The decoder of SUGAR was designed
for keypose action prediction. We adopted the action head
of ACT [22] that is also based on the Transformer decoder,
to enable SUGAR for micro-step action prediction. SUGAR
pretrains the Transformer encoder on five pretraining tasks
with four datasets (~940K samples). We evaluate SUGAR
pre-trained using the ensemble of four datasets and from
scratch. We also assess the ablated variants of our method,
where the flow prediction network does not have robot/hand
segmentation (w/o SG), the action policy has no point cloud
observation (w/o PC), is not trained on the predicted flows
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Fig. 3: Logarithmic scale flow ADE and FDE over five seeds.
(w/o PF), and does not mask the point cloud (w/o MP).

A. Flow Prediction Evaluation

Our predicted flow during execution shows correct motion
information. In the middle column of the flow plots shown
in Fig. 1, we can observe that the trajectory of points on the
object remains static when the robot is approaching (green to
red) and then starts moving with the same motion as the robot
(red to magenta). Fig. 3 shows the average displacement
error (ADE) and final displacement error (FDE) of the
predicted flow of randomly selected query points (Random)
and in-box around the robot gripper (Box) on the test robot
demonstrations. The 4-Fold validation involves sequentially
excluding robot demonstrations from one of the four Pick
Bowl tasks (#0-3) in each fold, evaluating the model on
the task that does not have robot demonstrations. Compared
to ScaleFlow-L [10], our method shows a lower error in
both the full dataset (R10+H30) and the 4-Fold settings.
Moreover, our method trained with R10+HO, R1+H9, and
R1+H30 achieves similarly low errors, comparable to using
the full dataset (R10+H30). These results underscore the high
cross-embodiment data efficiency of our method.

RQ1: How effectively does segmentation narrow the
cross-embodiment appearance gap? When no robot data
is available (RO+H30), our method shows a substantial
error drop compared to the version not using robot/hand
segmentation (w/o SG). We note that the higher flow error
of our method without robot data (RO+H30) is primarily due
to human videos having a higher speed and longer flow,
rather than incorrect motion in the predicted flow. However,
the difference between with and without segmentation is not
notable when robot data are available (R10+H30 and 4-Fold).
We attribute Ours (4-Fold) having a slightly higher error
than without segmentation (w/o SG) to the information loss
caused by the segmentation-based point cloud removal aug-
mentation. In summary, (1) our flow prediction model could
generalize to scenarios only seen in human videos (4-Fold)
without the need for segmentation, (2) with segmentation
narrowing the appearance gap, our model could predict the
flow of unseen embodiment with correct motion.
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TABLE II: Success rate with full dataset (R10+H30). The seen average success rate does not include Pick Bowl #4-6. We conduct
20 trials for each task with different seeds, except for tasks that are almost impossible to complete, which have 10 trials. The figures in
parentheses are the number of failures in which the first stage was completed but failed the final stage.

Method Seen Fold Open Pick Bowl
Succ %. Cloth Drawer #0 #1 #2 #3 #4 #5 #6

DP3 [16] 74.17 11720 15/20 12/20 (+5) 20/20 20/20 11/20 0/10 0/10 0/10
RISE [2] 50.00 3/20 (+14) 9/20 (+2) 3/20 (+15)  17/20 (+2)  10/20 (+3)  18/20 0/10 0/10 0/10
SUGAR [4] 75.83 7120 (+1) 8/20 (+1) 1920 20/20 19/20 18/20 19/20 (+1) 9/20 0/10
SUGAR (pre-trained) 88.33 18/20 9/20 20/20 20/20 20/20 19/20 19/20 (+1) 8/20 0/10
Ours (w/o PC) 63.33 2/20 (+15) 1720 20/20 19/20 (+1)  16/20 18/20 (+2)  19/20 1720 18/20
Ours (w/o PF&MP) 90.00 13/20 (+7) 19/20 (+1)  20/20 19/20 18/20 19/20 19/20 1720 13/20 (+1)
Ours 96.67 18/20 (+1) 18/20 (+1)"  20/20 20/20 20/20 20/20 19/20 (+1)  20/20  20/20

" This task requires high action precision, which highly relies on the point cloud observation. We did not apply the MP augmentation.

TABLE III: Success rate of Pick Bowl #0-3 with limited demon-
strations. We conduct 10 trials for each task with different seeds.
The figures in parentheses are the number of failures in which the

task was completed halfway but failed at the final stage.

# Demo Pick Bowl
Method per Task  #0 #1 #2  #3 Aveg.
DP3 [16] R1+HO 1 (+3) 0 (+3) 3 0 10%
RISE [2] R1+HO 0 0 0 0 0%
SUGAR [4] R1+HO 7 (+2) 0 (+1) 6 3 40%
Ours (w/o MP)  R1+HO 6 6 (+1) 4 2 45%
Ours (w/o MP)  RI+H30 7 5 6 4 55%
Ours R1+HO 9 (+1) 2 (+5) 8 9 70%
Ours R1+H30 7 (+2) 6 (+1) 10 7 75%

TABLE IV: First stage success rate of Open Drawer. The first-try
and retry success rate of the first stage of the Open Drawer task,
that is, hooking the drawer handle.

# First-Try ~ # Retry  First-try Retry
Method Success Success  Succ %.  Succ %.
DP3 [16] 11 4 55.0 44.4
RISE [2] 10 1 50.0 10.0
SUGAR [4] 9 0 45.0 0.0
SUGAR (pre-trained) 9 0 45.0 0.0
Ours (w/o PC) 0 1 0.0 5.0
Ours (w/o PF&MP) 17 3 85.0 100.0
Ours (w/o MP) 17 2 85.0 66.7

B. Real-World Robot Manipulation

Table II lists the success rate of all tasks using the
full dataset (R10+H30), except for Pick Bowl #4-6 tasks
(RO+H30). Our method achieves the highest success rate
compared to baseline methods across all tasks, and demon-
strates strong spatial and instance generalization to scenarios
that are only seen in human videos (Pick Bowl #4-6).

Table III lists the success rate of Pick Bowl #0-3 tasks
with limited robot demonstrations. The corresponding flow
prediction error is shown in Fig. 3. Our method achieves a
70% average success rate with only one robot demonstration
per task. For flow prediction, our training flow sampling
method exploits the trajectories even in a single demonstra-
tion to increase the amount of training samples indirectly.
For our policy network, the conditioned flow guides the
approximate motion when the gripper is far from the target
object. Moreover, the cropped point cloud when the robot
gripper approaches the bowl in Pick Bowl #0 and #1 is very
similar, which also holds for #2 and #3. The similarity of
observations across different tasks allows the policy to learn
a shared representation. All of these enable our method to
achieve high data efficiency. Moreover, Fig. 3 shows that
the in-box flow prediction error of R1+HO is much higher

than R1+H30, while in Table III the success rate difference
between R1+HO and R1+H30 is not significant. This suggests
that our action policy is robust to imprecise flow, due to using
predicted flow for training.

C. Failure Modes Analyze

DP3 shows a high success rate on single tasks but struggles
to distinguish between the bowl positions in Pick Bowl #0-3
(Table II), resulting in occasionally moving to incorrect po-
sitions that correspond to another Pick Bowl task. This issue
becomes more severe with fewer demonstrations (Table III).

RISE, which also uses the diffusion policy as DP3, does
not experience similar failures in Pick Bowl #0-3. However,
both RISE and DP3 failed to show generalization in #4-6
but consistently moved to the bowl’s position as in training.
Furthermore, RISE occasionally triggers safety violations by
crashing into the table in the Pick Bowl and Fold Cloth tasks.
RISE also tends to lift the bowl with insufficient height, caus-
ing failures in Pick Bowl #0. We attribute these issues to the
insufficient number of demonstrations for RISE, considering
that the original work employed 50 demonstrations per task.

SUGAR, using a Transformer decoder as the action head,
shows good spatial generalization in Pick Bowl #4,5 even
without pretraining. The pretraining of SUGAR increases the
general success rate, especially for the deformable object
task Fold Cloth. However, SUGAR consistently struggles in
the Open Drawer task, which requires a detailed point cloud
perception to produce accurate actions. Table IV shows the
first-stage success rate of the Open Drawer task, where RISE
and SUGAR have a lower retry success rate than Ours and
DP3, which have point-level perception.

Ours (w/o PC) consistently fails to hook the drawer handle
in the Open Drawer task and fails put the trousers down
in the Fold Cloth task. Ours (w/o PC) also occasionally
triggers safety violations by colliding with the table. These
issues highlight the importance of incorporating point cloud
observations to adjust actions, rather than relying solely on
the flow. Ours (w/o PF&MP) has point cloud observation
as a condition. Therefore, it shows a high success rate in
the precision-demanding tasks: Open Drawer and Fold Cloth.
However, we note a drop in the success rate in Pick Bowl #4-
6 caused by moving to the bowl positions as in training. This
training-task overfitting is also observed in DP3 and RISE.
Nonetheless, our method exhibits stronger generalization as
a result of following the general motion provided by the flow.
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Fig. 4: Max-pooling referenced points (red) in Open Drawer.

V. DISCUSSION

In this section, we discuss the underlying mechanisms of
our method and how they address the issues in the prior work
by answering the following research questions.

RQ2: Through what mechanism does cropping the
point cloud enhance the policy performance in precision
tasks? Compared to the DP3 point cloud encoder that pro-
vides point-level perception, RISE and SUGAR’s group-level
method is coarser-grained. Although this improves their over-
all scene understanding, they remain incapable of discerning
small changes, which prevents them from completing tasks
that require more than just coarse-level actions, such as Open
Drawer. DP3 encoder uses max-pooling to extract features
from the referencing points, providing precise point-level
descriptions of the scene. However, selecting referencing
points from the point cloud of the entire scene results in
sparse, redundant, or even uninformative points. In Pick
Bowl tasks, sometimes there are even no referencing points
on the bowl. Fig. 4 compares the referencing points chosen
from the whole scene and a local cropped point cloud. This
explains why the original work of DP3 crops the table point
cloud. The cropped point cloud has fewer points, resulting
in more concentrated referencing points. Although the DP3
encoder still tends to select edge points as reference points
in the cropped point cloud, the internal reference points
become more densely distributed. The more reference points
on the target object, the better its position and shape can be
represented, especially for a noisy point cloud.

RQ3: How does conditioning on flow enhance policy
generalization? Diffusion policy tends to overfit the training
tasks [18, 19]. Therefore, DP3 and RISE always move to
a position associated with the training tasks and fail to
generalize to unseen bowl positions in Pick Bowl #4-6. The
DP3 encoder with sparse referencing points is insensitive
to variations in the scene, producing similar embeddings

despite changes in the position of the bowl. This aggravates
the overfitting of the diffusion policy. As a result, DP3
occasionally moves to a wrong position that is associated
with another training task in Pick Bowl #0-3, while RISE
does not. Although our action policy also employs the diffu-
sion policy, enabled by the flow, our method achieves both
spatial and instance generalization. Our action policy without
point cloud observation (w/o PC) shows generalization in
Pick Bowl #4-6 following the flow condition. These findings
suggest that, rather than treating the flow as a dense label-like
condition, the action is calculated based on the flow to follow
the same motion, thereby achieving the generalization.
RQ4: How effective is balancing the reliance in alleviat-
ing overfitting of the diffusion policy? The ablated version
of our flow-condition policy with point cloud observation
but without PF and MP (Ours w/o PF&MP) tends to move
towards an incorrect bowl position corresponding to the
training Pick Bowl tasks. While the ablated version with
PF but without point cloud observation (Ours w/o PC) and
the full version of our action policy that uses MP do not
have such an overfitting problem. These results indicate
that (1) training the policy with predicted flow (PF) does
not introduce notable overfitting, (2) the primary cause of
the overfitting is the reliance on point cloud observations.
Therefore, it is necessary to undermine the point cloud
by random masking (MP), thereby balancing the reliance
between the point cloud and the flow to reduce overfitting.
In summary, for the policy network, it is essential to (1)
leverage flow to guide the motion for generalization, (2)
apply centering and cropping to the point cloud to enable
fine-grained action adjustment based on the concentrated
observation, and (3) randomly mask out the point cloud to
achieve a balanced conditioning and reduced overfitting.

VI. CONCLUSION

We propose a cross-embodiment scene flow prediction
model SFCr, which could generalize to unseen embodiments
with segmentation and achieve high cross-embodiment data
efficiency without segmentation. We propose a flow and
cropped point cloud conditioned action policy, FCrP, that
achieves high data efficiency and both spatial and instance
generalization. The overall system SFCrP reduces the IL data
requirement, making it possible to generalize to scenarios
only seen in human videos. We empirically analyze group-
level and point-level perception of point clouds, as well as
the source of diffusion policy overfitting. We thoroughly
ablated our method to illustrate how our method addresses
the issues in the prior work, providing valuable insights for
future research. However, we did not consider the flow-length
variations caused by demonstrations having different speeds
and motions. We train the flow prediction model SFCr using
random query points, but execute it with in-box queries.
The resulting difference in query point distribution causes an
increase in the flow prediction error. Moreover, we mask the
point cloud to balance the condition, while this method could
reduce the policy performance on precision tasks. These
problems remain open challenges for future research.
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