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Abstract—Generalizing robotic manipulation across object
poses, viewpoints, and dynamic disturbances is difficult, espe-
cially with only a few demonstrations. End-to-end visuomotor
policies are expressive but data-hungry, while planning and op-
timization satisfy explicit constraints but do not directly capture
the interaction strategies demonstrated by humans. We propose
Sliding into Distribution (SID), a structured framework that
learns an object-centric motion field from canonicalized demon-
strations to iteratively slide the system toward the demonstrated
manifold and into the reliable operating region of a lightweight
egocentric execution policy, mitigating out-of-distribution (OOD)
execution. The motion field provides large corrective motions
when far from the demonstration manifold and naturally van-
ishes near convergence, enabling robust reaching under sub-
stantial pose and viewpoint shifts. Within the reached regime,
an egocentric policy trained with conditioned flow matching
performs task-specific manipulation, supported by kinematically
consistent point-cloud reprojection augmentation that preserves
action–observation consistency. Across six real-world tasks, SID
achieves approximately 90% success under OOD initializations
with only two demonstrations, with under a 10% drop under
distractors and external disturbances. Overall, SID provides a
new paradigm for few-shot manipulation: explicitly managing
distribution shift via online distribution recovery. Project website:
https://sliding-into-distribution.github.io/.

I. INTRODUCTION

Robust robotic manipulation requires policies that remain
reliable under changes in object pose, camera viewpoint, and
dynamic disturbances. Achieving such robustness from limited
demonstrations is highly desirable in real deployments but re-
mains challenging [8, 47]. In low-coverage datasets, a common
failure mode is distribution shift—policies encounter states
or observations not supported by the demonstrations—often
dominating over architectural expressivity limitations [30, 29].
Moreover, a manipulation episode is rarely homogeneous: it
typically contains two qualitatively different regimes (e.g., the
approach phase versus execution).

During the approach phase, the robot must recover global
geometry to approach a task-relevant target (e.g., a handle
or an edge). This stage is often underdetermined, admitting
multiple feasible approach trajectories and alignments that are
consistent with the demonstrations. During execution, behav-
ior becomes local and interaction-rich, operating in a more
constrained regime where it is sensitive to small deviations.
When a single end-to-end visuomotor policy [23, 6] is trained
to cover both regimes with limited demonstrations, it must
simultaneously resolve approach-phase ambiguity and execute
precise interaction, making generalization under pose shifts

Fig. 1: SID combines an object-centric motion field with an
egocentric execution policy. From a few demonstrations, the
field defines a smooth descent that slides OOD states toward
the demonstrated support, bringing execution back into the
policy’s reliable operating region.

and perturbations brittle—a failure mode frequently observed
in offline imitation with low-coverage data [30].

Existing learning-based approaches have made steady
progress on generalization and data efficiency, including long-
horizon imitation from demonstrations [29, 42] and multi-
task policy architectures such as transformer-based visuomotor
policies [37]. These methods often treat the episode as a
homogeneous control problem. Meanwhile, diffusion-based
visuomotor policies [6, 51] can represent complex, multi-
modal behaviors, but typically require substantial coverage
of approach and interaction variations to remain reliable.
Equivariant policy designs [49, 50, 44, 55] often provide strong
OOD robustness when the dominant test-time shift aligns with
an underlying symmetry (e.g., rigid SE(3) transforms). That
said, enforcing equivariance usually comes with architectural
commitments that restrict the hypothesis class and introduce
additional design/implementation complexity, potentially trad-
ing off some expressive power and ease of deployment for
symmetry-consistent generalization. Coarse-to-fine decompo-
sition is particularly effective in one-shot settings [20, 7],
suggesting that explicitly structuring the control problem can
mitigate OOD failures when data are scarce. However, such
coarse-to-fine pipelines are often open-loop at execution time
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and can be sensitive to the initial state being close to the first
demonstrated waypoint.

Building on this observation, we propose SID, a structured
framework that combines (i) an object-centric motion field
learned from a small set of canonicalized demonstrations
and (ii) an egocentric execution policy. We first canonicalize
demonstrations, yielding a consistent motion manifold that
suppresses scene- and camera-specific variation. In practice,
this canonicalization can be supported by modern 6D pose
estimation and tracking [46] and object-level segmentation [2].

From the resulting manifold, we learn a continuous motion
field over monotonic approach-phase segments, implemented
as a gradient-descent-style dynamical system that attracts
states toward the demonstrated support. At test time, inte-
grating the field produces large corrective motions when far
from demonstrations and naturally vanishes near convergence,
thereby sliding the system back into the reliable operating
region of the execution policy—a process we refer to as sliding
into distribution.

To make the egocentric policy robust under sparse data with-
out corrupting supervision, we introduce kinematically consis-
tent augmentation through point cloud reprojection: we perturb
the end-effector pose, reproject segmented wrist-camera point
clouds using fixed hand–eye calibration, and update relative
actions consistently to preserve action–observation validity.
This design is aligned with counterfactual and controllable
augmentation paradigms for robot learning [4, 5, 1], while
explicitly enforcing geometric consistency. Augmentation is
applied only to approach-phase segments, leaving interaction-
heavy execution segments unchanged. We also sample a dis-
joint outer perturbation range to generate OOD observations,
which provide negative examples for learning when observa-
tions leave the policy’s local support.

Finally, within the reached regime, an egocentric execution
policy trained via conditioned flow matching performs task-
specific manipulation, building on recent progress in flow-
based visuomotor policies [53, 15, 38]. Beyond a simple
open-loop handoff from the motion field to the policy, SID
also supports a closed-loop variant that uses an auxiliary ID-
confidence head, trained from augmentation-induced ID/OOD
labels, to trigger field-based re-alignment when observations
drift from the policy’s local support. Experiments show that
SID achieves strong spatial generalization and robustness to
object displacement and disturbances with as few as one to
two demonstrations per task.

Overall, we make the following contributions:
• We propose SID, a structured framework that combines

an object-centric motion field for distribution alignment
with an egocentric execution policy for task-specific
control, and instantiate it with two inference pipelines:
an open-loop field-to-policy handoff and a closed-loop
re-alignment variant.

• We formulate distribution alignment from few demon-
strations as an energy-based dynamical system in object-
centric SE(3) space, and learn a smooth motion field
that performs gradient-descent-style sliding toward the

demonstrated approach manifold.
• We introduce a reprojection-based, stage-aware ego-

centric augmentation scheme that preserves action–
observation consistency under pose perturbations and
provides ID/OOD labels for the auxiliary ID-confidence
head used in the closed-loop variant.

• We demonstrate robust generalization across poses, dis-
turbances, cluttered scenes, and long-horizon skill com-
positions on real-world manipulation tasks with only one
to two demonstrations per task.

II. RELATED WORK

A. Visuomotor Policy Learning

Visuomotor policy learning trains action-generation poli-
cies conditioned on visual observations (e.g., RGB, depth,
or point clouds), enabling manipulation with visual feed-
back [29, 20, 30, 18, 42, 17, 37]. Prior work includes end-
to-end image-to-action learning [23, 24], temporally-extended
control via sequence modeling [35] or action chunking [56],
and diffusion/flow-based policy formulations for multimodal
behaviors [6, 51, 53, 38, 15]. Recent methods also incorporate
3D representations to capture geometric structure [51, 21, 43].
Building on these advances, we adopt an egocentric execution
policy (trained with conditioned flow matching) and focus on
improving its reliability under sparse supervision.

B. Data-Efficient Manipulation Learning

Data-efficient manipulation learning aims to reduce demon-
stration requirements. Structured policy representations with
explicit spatial/geometric inductive biases (e.g., keypoints,
transport operators, discretized 3D actions) improve general-
ization from limited data [52, 36, 37, 45, 31, 12]. Equivariant
architectures encode symmetry constraints to improve sample
efficiency for pose variations [49, 50, 44, 55]. Other directions
include one-/few-shot adaptation via meta-learning [11, 9, 54]
and synthetic data/augmentation to expand perceptual and
behavioral coverage [57, 48, 4, 5, 1]. Coarse-to-fine decompo-
sition is also effective in one-/few-shot settings by explicitly
structuring the control problem [20, 7, 28]. In this spirit, our
approach combines a distribution-alignment stage with a task-
execution stage to improve data efficiency without increasing
the number of demonstrations.

C. Object-centric Policy Learning

Object-centric policy learning improves robustness by rep-
resenting goals and behaviors relative to objects rather than the
global scene. Prior work obtains object-aligned representations
via detectors [3, 25, 39], part/affordance segmentation [33, 13,
27, 22], or keypoint-based geometric cues [40, 41, 14, 10,
34, 26], and may further use latent slots [58] or relational
abstractions such as scene graphs [19]. These object-centric
representations are commonly used to parameterize skills,
define subgoals, or condition policies in long-horizon tasks.
We similarly leverage object-centric structure, but use it to
define and learn a motion field that aligns states back toward
the neighborhood of demonstrated trajectories.



Fig. 2: SID Overview: SID comprises three components: (a) an object-centric motion field that predicts sliding steps in object-
centric space; (b) an egocentric data augmentation module that generates augmented ID/OOD point-cloud observations via
projection and reconstruction; and (c) an egocentric execution policy that predicts actions from point clouds, gripper width,
and a task key, with an auxiliary ID-confidence head.

III. METHOD

We present Sliding into Distribution (SID), a structured
manipulation framework illustrated in Fig. 2, designed to
generalize from extremely few demonstrations across large
object-pose variation, changing wrist viewpoints, and dy-
namic disturbances. SID consists of four components: (i)
an object-centric motion field fθ learned from a small set
of canonicalized approach demonstrations, (ii) an egocentric
data augmentation module that expands perceptual diversity
via kinematically consistent point-cloud reprojection, (iii) an
egocentric execution policy πθ that performs task-specific
manipulation once the system is within its reliable operating
region, and (iv) two inference pipeline variants: open-loop and
closed-loop.

A. Problem Formulation

We study few-demonstration robot manipulation under
workspace-wide variation and external disturbances. A task is
specified by a small demonstration set Dtask = {ζ(i)}Mi=1 with
M ≤ 2, where each demonstration is a time-indexed sequence
ζ(i) = {(o(i)t , a

(i)
t )}Ti

t=1. At time t, the egocentric observation
is ot = (Pt, gt), where Pt denotes a wrist-centric colored point
cloud reconstructed from the wrist-mounted RGB-D camera,
and gt ∈ R is the gripper-width signal. The action at is a per-
step relative end-effector motion between neighboring frames
(represented in SE(3)). Our goal is to learn a control system
that succeeds under large spatial variation and disturbances
while using only Dtask as supervision.

B. Object-Centric Motion Field

Why a motion field. A major failure mode of egocentric
policies under sparse data is distribution shift: at test time,
the robot may start from observations that are far from the
demonstrated approach states, causing the policy to operate
out of distribution. SID addresses this by learning an object-
centric motion field fθ that funnels the system toward the
demonstrated approach manifold (see Fig. 1).

Canonicalization. We use a canonicalization operator C to
extract an object-centric representation xt and its associated
anchor pose x̄t from an observation:

(xt, x̄t) = C(ot; ξt), xt ∈ X , x̄t ∈ Ω. (1)

Here, ξt is a target-object specifier, such as a text prompt. Intu-
itively, the anchor pose specifies the pose of the target object,
and thus anchors an object-centered frame in the egocentric
frame. The representation xt is associated with this anchor,
either as an explicit pose or as an object-centric observation,
such as segmented RGB or point clouds, associated with the
anchor frame.

In general, x̄t ∈ Ω ⊂ SE(3) provides the pose used for
pose-aligned geometry, and X denotes the space of object-
centric representations anchored by poses in Ω (see Fig. 3).
In this work, we use a simple and interpretable instantiation
by taking X = Ω, estimating the target-object pose T c

obj(t) ∈
SE(3) in the wrist-camera frame, and setting

xt ≜ x̄t ≜ T c
obj(t) ∈ Ω. (2)



This pose is used to construct and execute the motion field
and to keep the augmentation geometrically consistent, but is
not provided as input to the execution policy.

Demonstrated approach manifold. We restrict the motion
field to the monotonic approach portion of each demonstration,
where a single-valued corrective behavior toward an approach
goal is well defined. Let Xdemo = {xj}Nj=1 ⊂ X denote the set
of object-centric approach states aggregated from Dtask, with
corresponding anchor poses x̄j ∈ Ω. We use the term manifold
to refer to the lower-dimensional, task-relevant support formed
by the approach-phase states in the demonstrations.

Distance-induced sliding field. We define a pose-aligned
potential E(x) using an SE(3) distance between anchor poses.
For notational simplicity, we drop the time index and write
x ∈ X with anchor pose x̄ = [p, q] ∈ Ω, and similarly x̄j =
[pj , qj ] ∈ Ω for each xj ∈ Xdemo. We measure similarity with
the normalized SE(3) distance between anchor poses

d(x, xj) ≜ dSE(3)(x̄, x̄j) =

√∥∥∥∥p− pj
σp

∥∥∥∥2 + (
θ(q, qj)

σr

)2

,

(3)
where θ(q, qj) is the quaternion geodesic angle, and σp, σr

balance translation and rotation.
We want the field to be well defined not only near demon-

strations but everywhere in the bounded pose domain Ω. To
this end, we sample anchor poses x̄ = [p, q] ∼ Unif(Ω)
and instantiate the corresponding input x ∈ X (the network
input) anchored at x̄ (e.g., via reconstruction/rendering; when
X = Ω, we simply take x = x̄).

We define a potential induced by the demonstrated set,

E(x) ≜ 1
2 d(x,Xdemo)

2, d(x,Xdemo) ≜ min
xj∈Xdemo

d(x, xj),

(4)
and perform a gradient-descent-like update without explicitly
computing −∇xE(x). For any query state x, let its nearest
demonstrated state be

x∗(x) = arg min
xj∈Xdemo

d(x, xj). (5)

We compute the SE(3) displacement between anchor poses as
a 6D twist

∆̃(x→x∗) =
[
p∗ − p, ω(q∗, q)

]⊤ ∈ R6, (6)

where x̄∗ = [p∗, q∗] ∈ Ω is the anchor pose of x∗(x), and
ω(q∗, q) ∈ R3 is the axis-angle representation of the relative
rotation from q to q∗. We then form a unit descent direction

∆̂(x→x∗) =
∆̃(x→x∗)

∥∆̃(x→x∗)∥
, (7)

and define the target sliding step

v∗(x) = η(d(x, x∗(x))) ∆̂(x→x∗(x)) ∈ R6. (8)

Here η(·) is a distance-scheduled step size consistent with
the quadratic potential E(x) = 1

2d
2, e.g., η(d) ∝ d with

clipping. Thus, ∆̂ determines the descent direction while η(·)
determines the magnitude.

Fig. 3: Illustration of the object-centric representation space X
anchored in SE(3): different instantiations (e.g., wrist-camera
segmented images, segmented point clouds, or explicit object
poses) share a common anchor pose in Ω ⊂ SE(3), enabling
pose-aligned distance computations while keeping the network
input in the chosen modality.

Learning and execution. We parameterize the field as fθ :
X → R6 and regress the target steps

Lfield = Ex∼P(X )

[
∥fθ(x)− v∗(x)∥2

]
, (9)

where P(X ) is the induced sampling mixture obtained by sam-
pling anchor poses x̄ ∈ Ω and instantiating the corresponding
inputs x ∈ X . At inference time, we obtain the current state xt,
query vt = fθ(xt), and execute the corresponding end-effector
command with step size α. We repeat until ∥fθ(xt)∥ < ϵfield,
indicating that the system has slid near the demonstrated
approach manifold, where ϵfield is a small threshold indicating
that the predicted sliding step magnitude is negligible.

Object key for multi-object fields. In practice, the motion
field additionally conditions on an object key kobj ∈ K
that identifies the target object (or instance) within the task,
enabling a single network to represent fields for multiple
objects:

fθ : X ×K → R6. (10)

C. Egocentric Data Augmentation

Egocentric Observation Representation. Following the
formulation in Sec. III-A, we use point clouds in the camera
frame as the observation, yielding an egocentric represen-
tation. This egocentric viewpoint is particularly convenient
for data augmentation: we can apply rigid transformations—
constrained by the hand–eye calibration—to the non-body
component of the observation and the end-effector pose,
thereby synthesizing new observations and corresponding end-
effector states.

Data Augmentation via Point Cloud Reprojection. To
synthesize an egocentric observation under a perturbed view-
point, we sample a random perturbation from a certain range
in the end-effector frame, T ee

eeaug
∈ SE(3), and convert it to

the corresponding camera-frame perturbation using the fixed
hand–eye calibration T ee

c :

T c
caug

= (T ee
c )−1 T ee

eeaug
T ee
c , (11)

which induces the reprojection transform T
caug
c = (T c

caug
)−1

mapping points from the original camera frame to the aug-
mented camera frame.



Crucially, to obtain a physically consistent egocentric ob-
servation under viewpoint perturbation, we transform only the
target-object point cloud while keeping the gripper point cloud
unchanged. We apply a segmentation model to Pt to extract
the object point cloud P obj

t and the gripper point cloud P grip
t ,

and define their union as P seg
t = P obj

t ∪P grip
t . For each point

pc
i (t) ∈ P obj

t , we compute

p
caug
i (t) = T

caug
c pc

i (t), (12)

where points are represented in homogeneous coordinates. We
leave the gripper points unchanged, i.e.,

P
grip, caug
t = P grip, c

t , (13)

and form the augmented segmented observation by

P
seg, caug
t = P

obj, caug
t ∪ P

grip, caug
t . (14)

while keeping the gripper width unchanged, i.e., gaug
t = gt.

To preserve action–observation consistency under per-frame
perturbations, if we sample T ee

eeaug
(t) and T ee′

ee′aug
(t+1) at con-

secutive time steps, we update the relative action by

aaug
t =

(
T ee
eeaug

(t)
)−1

T ee
ee′(t→ t+1)T ee′

ee′aug
(t+1). (15)

where T ee
ee′(t→ t+1) = at.

Finally, we control the sampling space of T ee
eeaug

to generate
both in-distribution and out-of-distribution augmentations. We
define ID/OOD relative to the local egocentric support induced
by the demonstrations. ID samples are generated from small
bounded perturbations around demonstrated end-effector poses
and are used, with their geometrically updated actions, to
train the execution policy. OOD samples are generated from a
disjoint outer perturbation range outside the ID support; they
are not used for action-supervised policy training, but serve as
negative examples for the auxiliary ID-confidence head. After
augmentation, we attach a binary label pID ∈ {0, 1} to each
sample, where pID=1 indicates ID and pID=0 indicates OOD.

D. Egocentric Execution Policy

Egocentric, Base-Free Policy Interface. To promote gener-
alization, the execution policy is defined in a purely egocentric,
base-free manner (no global views or base-frame states are
used as inputs). This design decouples execution from absolute
workspace placement; a detailed generalization analysis is
provided in Appendix B.

It conditions only on osegt = (P seg
t , gt) and predicts an

action sequence At = [at, at+1, . . . , at+H−1] ∈ RH×da ,
where H is the action horizon and da is the action dimension.
Each per-step action at comprises (i) a relative end-effector
motion in SE(3), (ii) low-dimensional control scalars for the
gripper command, and (iii) a termination signal; the rollout
stops when this signal exceeds a threshold. To support multiple
subtasks with a single model, we additionally condition the
policy on a task key ktask (embedded as a global conditioning
vector).

Conditional Flow Matching over Action Chunks. Follow-
ing conditional flow matching, we sample a data action chunk

Fig. 4: Inference pipelines. (a) Open-loop switches from
motion-field sliding (stopped by a field-norm threshold) to
policy execution. (b) Closed-loop uses ID/pose confidence to
route between policy, motion-field sliding, and recovery.

At ∼ pdata(· | osegt , ktask) and a base sample A0
t ∼ p0(·) with

p0 = N (0, I). We define a linear probability path indexed by
the flow time τ ∈ [0, 1]:

Aτ
t = (1− τ)A0

t + τ At, τ ∼ U [0, 1]. (16)

The target velocity field along this path is constant:

u∗(Aτ
t | At, A

0
t ) =

dAτ
t

dτ
= At −A0

t . (17)

We train a conditional velocity network uθ(A
τ
t , ot, ktask, τ)

by minimizing

LCFM = EAt, A0
t , τ

[∥∥uθ(A
τ
t , o

seg
t , ktask, τ)− (At −A0

t )
∥∥2
2

]
.

(18)
At inference time, we sample A0

t ∼ N (0, I) and integrate the
learned ODE dAτ

t

dτ = uθ(A
τ
t , o

seg
t , ktask, τ) from τ = 0 to

τ = 1 using Euler updates.
Network Architecture. The velocity network uθ encodes

the egocentric observation using a PointNet-style visuomotor
encoder that jointly embeds the segmented point cloud and
gripper width into a conditioning feature. Conditioned on this
feature, the task embedding, and the flow time, an action head
predicts the action-space velocity field over the action chunk.

We additionally attach an auxiliary ID-confidence head cϕ
to the shared observation encoder. We write its prediction
as pID = cϕ(o

seg
t , ktask), denoting an MLP head applied

to the encoder feature produced from osegt and ktask. The
output pID ∈ [0, 1] estimates whether the current observation
lies within the policy’s in-distribution region for the current
task/stage. ID samples are used for both action-supervised
policy training and ID-confidence prediction, while OOD
samples serve only as negative examples for this head. We
apply stop-gradient from the auxiliary head to the shared
encoder to avoid changing the action-prediction representation.



Algorithm 1 Open-Loop Inference Pipeline

Require: Canonicalization operator C, object alignment an-
chor ξt, motion field fθ, execution policy πθ, field-norm
threshold ϵfield, termination threshold ϵterm, step size α,
object key kobj , task key ktask.

Ensure: Task termination
1: Observe ot
2: xt ← C(ot; ξt)
3: while ∥fθ(xt, kobj)∥ > ϵfield do ▷ Motion field
4: vt ← fθ(xt, kobj)
5: Execute sliding step α · vt
6: Observe ot
7: xt ← C(ot; ξt)
8: end while
9: TERMINATED ← FALSE

10: while not TERMINATED do ▷ Execution Policy
11: Observe ot
12: At ← πθ(ot, ktask)
13: Execute action At

14: TERMINATED ← (TERMDIM(At) > ϵterm)
15: end while

E. Inference Procedures of SID

SID supports two inference pipelines: an Open-Loop Infer-
ence Pipeline and a Closed-Loop Inference Pipeline. The cor-
responding procedures are summarized in Alg. 1 and Alg. 2.

Open-Loop Inference Pipeline. As shown in Alg. 1, we
first iterate the motion field: the system repeatedly observes
ot, canonicalizes to obtain xt, queries vt = fθ(xt, kobj), and
executes the sliding step α · vt until ∥fθ(xt, kobj)∥ ≤ ϵfield.
It then switches to the execution policy, executing action
chunks At = πθ(ot, ktask) until termination. Termination
is determined by the termination signal embedded as one
dimension of the da-dim action, extracted by TERMDIM(At)
and thresholded by ϵterm.

Closed-Loop Inference Pipeline. As shown in Alg. 2, the
closed-loop pipeline uses the ID confidence pID to decide
whether to execute the policy. If pID > ϵID, the policy action
At = πθ(ot, ktask) is executed and termination is updated
via TERMDIM(At). Otherwise, we canonicalize to obtain
xt and evaluate the pose confidence ppose = s(xt), where
s(·) is the score returned by the foundation pose estimator
during pose detection. If ppose > ϵpose, we execute sliding
steps from the motion field until ∥fθ(xt, kobj)∥ ≤ ϵfield;
otherwise, we execute a RECOVERY action and continue the
loop. RECOVERY is a hand-designed fallback that moves the
end-effector to a predefined safe observation pose, typically
a lifted wrist-camera viewpoint with the target workspace in
view. It does not perform task manipulation; instead, it is used
to reacquire a more reliable segmentation and pose estimate
before re-evaluating pID and ppose.

IV. EXPERIMENTS

We design experiments to answer the following questions.

Algorithm 2 Closed-Loop Inference Pipeline

Require: Canonicalization operator C, target-object specifier
ξt, pose score model s, pose confidence threshold ϵpose,
motion field fθ, field-norm threshold ϵfield, execution
policy πθ, observation encoder with ID confidence head
cϕ, ID confidence threshold ϵID, termination threshold
ϵterm, step size α, object key kobj , task key ktask.

Ensure: Task termination
1: TERMINATED ← FALSE
2: while not TERMINATED do
3: Observe ot
4: pID ← cϕ ▷ ID confidence
5: if pID > ϵID then
6: At ← πθ(ot, ktask) ▷ Execution Policy
7: Execute action At

8: TERMINATED ← (TERMDIM(At) > ϵterm)
9: else

10: xt ← C(ot; ξt)
11: ppose ← s(xt) ▷ Pose confidence
12: if ppose > ϵpose then
13: while ∥fθ(xt, kobj)∥ > ϵfield do
14: vt ← fθ(xt, kobj)
15: Execute sliding step α · vt
16: Observe ot
17: xt ← C(ot; ξt)
18: end while
19: else
20: Execute RECOVERY action
21: continue
22: end if
23: end if
24: end while

• Q1: Can SID achieve workspace-wide generalization
with at most two demonstrations per task, using only
augmentation to expand training samples?

• Q2: Can SID handle dynamic settings with external
disturbances?

• Q3: Does SID remain reliable in unstructured, cluttered
scenes without carefully curated layouts?

• Q4: Can SID scale to long-horizon manipulation tasks
that require sustained, multi-step execution?

• Q5: Can SID reuse and compose sub-skills across tasks,
enabling modular combination of sub-tasks beyond the
original demonstrations?

A. Experiment Setups

1) Tasks: To cover the above questions, we evaluate SID
on six real-world manipulation tasks: OPEN DRAWER, POUR
WATER, HANG CUP, HANG TAPE, PNP-BOX, and MULTI-
PNP-BOX. These tasks cover articulated objects, deformable
containers, and cluttered scenes, and require both prehensile
and non-prehensile manipulation skills, including approaching,
grasping, non-prehensile nudging (to open a fabric container),
hanging, pouring, and placing.



Fig. 5: Visualization of the selected tasks. For each task, the robot motion is decomposed into multiple sub-steps, visualized
by trajectories whose colors encode the execution order: blue → orange → yellow → dark red → light red → dark green →
light green.

2) Evaluation Protocol: Across all experiments, SID uses
only two raw demonstrations per task, which are expanded
through data augmentation to form 100 training samples. We
provide MT3 and Ret-BC with 10 demonstrations per task,
as retrieval-based methods benefit from a larger demonstration
memory for alignment and interaction. All remaining trainable
baselines are trained with 100 demonstrations per task to
ensure stable learning and competitive performance under
their standard training regime. We consider five evaluation
settings corresponding to Q1–Q5. First, to test workspace-
wide generalization (Q1), each task is executed from varied
initial object poses and camera viewpoints across the reachable
workspace, while limiting data collection to at most two
human demonstrations per task. Second, to assess robustness
to dynamics and disturbances (Q2),we apply perturbations to
four tasks. For a fair comparison, we evaluate all methods
except MT3, Ret-BC, and SID with states constrained to the
ID region. Third, to evaluate unstructured and cluttered scenes
(Q3), we place distractor objects and vary scene layouts with-
out careful curation. Fourth, our task suite includes settings
that require long-horizon, multi-step execution (Q4). Finally,
we include cross-task settings that probe sub-skill reuse and
composition (Q5) by combining previously seen sub-steps into
new task variants. Concretely, we evaluate SID on two novel
long-sequence tasks. The first, BOX RETRIEVAL & HANGING,
is recomposed from three previously learned skills: PNP-

BOX, HANG TAPE, and HANG CUP. The second, PICK NEW
OBJECTS INTO BOX, is recomposed from PNP-BOX and PICK
OBJECTS (a multi-object picking skill that involves grasping
several objects).

3) Baselines: We compare our method against five rep-
resentative and strong baselines. (1) π0.5 [16], a vision-
language-action (VLA) model trained via co-training on het-
erogeneous data sources across robot platforms and language-
conditioned behaviors to generalize to new environments. (2)
MT3 [7], a fully retrieval-based decomposition method that
performs both alignment and interaction via demonstration
retrieval at test time. (3) Ret-BC [7], a hybrid decomposition
baseline that uses retrieval-based alignment followed by be-
havioral cloning (BC) for interaction. (4) 3D Diffusion Policy
(DP3) [51], a point-cloud diffusion policy that integrates a
simplified 3D encoder with robot proprioception for gener-
alizable manipulation. (5) Action Chunking Transformer
(ACT) [56], a transformer-based policy that predicts tempo-
rally extended action chunks from visual observations. All
baselines are evaluated under identical experimental conditions
for a fair comparison.

4) Metrics: We report Success Rate for all tasks. Addition-
ally, we report Average Length [32] for long-horizon tasks,
which measures execution progress as the number of stages
successfully completed. Formally, for a K-stage task, each
trial is assigned l ∈ {0, 1, . . . ,K}, where l is the index (count)



TABLE I: Results in the static setting under both in-distribution (ID) and out-of-distribution (OOD) evaluations. We report the success rate (%) over 50 trials
for each task. Training Demos denotes the number of demonstrations used for training. SID-O and SID-C denote SID-open and SID-closed, respectively. †
denotes our method.

Methods Training
Demos

Open Drawer Pour Water Hang Tape Hang Cup PnP-Box Multi-PnP-Box
ID OOD ID OOD ID OOD ID OOD ID OOD ID OOD

ACT 100 82 0 68 0 62 0 52 0 56 0 18 0
DP3 100 86 10 74 6 56 2 46 4 72 12 24 0
π0.5 100 92 14 82 4 84 6 78 6 76 10 64 0

Ret-BC 10 — 56 — 54 — 36 — 62 — 44 — 36
MT3 10 — 76 — 78 — 46 — 74 — 58 — 52

SID-O† 2 — 90 — 86 — 82 — 86 — 84 — 82
SID-C† 2 — 92 — 90 — 88 — 90 — 92 — 86

of the last successfully completed stage; l = K indicates full
task completion.

B. Results Comparison

(Q1)SID achieves workspace-wide generalization under
OOD initializations with at most two demonstrations per
task, consistently outperforming strong baselines. Results
are summarized in Table I. Under the OOD setting, all base-
lines other than MT3 and Ret-BC suffer pronounced perfor-
mance degradation. By comparison, both SID-open and SID-
closed remain robust in OOD, and outperform these baselines
not only in OOD but also relative to their ID performance.

We further observe that SID consistently surpasses MT3
and Ret-BC across tasks. We attribute this improvement to
SID’s ability to update its motion field online using the latest
egocentric observations while transitioning from OOD regions
toward the ID manifold, enabling more accurate re-entry into
the training distribution. In contrast, MT3 and Ret-BC perform
trajectory alignment based on object poses estimated from a
single first-frame global observation, making them sensitive
to pose estimation errors that can propagate to downstream
manipulation accuracy. We also observe from Table I that
SID-closed consistently outperforms SID-open. We attribute
this gain to the fact that SID-closed corrects distribution shifts
not only during the approach phase, but also continues to
mitigate distribution drift in the post-contact phase, where
inaccuracies in policy actions can otherwise accumulate and
push the system further away from the training distribution.

Overall, these results provide clear evidence that SID
delivers strong workspace-wide generalization with minimal
demonstrations: OOD-to-ID motion and augmentation enable
effective learning from only two demos per task, and the
closed-loop variant further improves robustness by continu-
ously correcting distribution drift throughout execution.

(Q2) SID performs robustly under external disturbances
by correcting deviations online. As shown in Table II, π0.5

exhibits the strongest dynamic robustness across all baselines,
which we attribute to its closed-loop hierarchical policy with
re-planning from fresh observations and its continuous action-
expert design. MT3 and Ret-BC suffer substantial performance
drops in dynamic scenarios; both degrade severely when
perturbations are present, because retrieval-based methods
perform alignment only w.r.t. the first observation frame and

TABLE II: Results in the dynamic setting. We report the success rate (%)
over 50 trials per task (aggregated over perturbation cases).

Task ACT DP3 π0.5 Ret-BC MT3 SID-O† SID-C†

Hang Tape 6 14 80 12 4 44 84
Hang Cup 2 8 68 4 0 36 88
PnP-Box 2 10 74 8 2 52 86

Pour Water 4 10 78 6 2 40 82

do not update the alignment online. Ret-BC performs relatively
better, likely because the BC-based execution stage provides
additional robustness.

SID-open is more robust to disturbances since its motion
field is continuously updated from the latest observations in
approach phases, guiding the robot back toward in-distribution
states. However, SID-open can still degrade under stronger
disturbances in execution phases: once the disturbance pushes
observations outside the in-distribution region, the execution
policy alone often fails to recover. In contrast, SID-closed
remains robust across both approach and execution phases;
its OOD detection module provides a closed-loop safeguard
that effectively handles OOD events induced by disturbances.

(Q3) SID remains reliable in unstructured, cluttered
scenes. As shown in Table III, MT3, Ret-BC, and both
SID variants maintain strong performance under cluttered,
unstructured layouts. We attribute this robustness primarily to
the use of vision foundation models: SAM2/SAM3 provide
explicit target-object segmentation, which filters out back-
ground clutter and distractors and yields more stable, target-
centric visual inputs for downstream planning and control. As
a result, these methods are less sensitive to layout curation
and remain reliable even with non-canonical object arrange-
ments. In contrast, the remaining baselines degrade markedly
in clutter, since their visual representations are more easily
dominated by irrelevant objects and occlusions when explicit
target segmentation is unavailable, leading to mis-localization
and cascading execution errors.

(Q4) SID can handle long-horizon manipulation tasks
that require sustained, multi-step execution. As shown
in Table I, SID achieves consistently strong performance
on two long-horizon tasks with more than three sequential
stages, outperforming the baselines. We attribute this advan-
tage to SID’s decomposition design: the motion field facilitates



TABLE III: Results in cluttered environments with added distractor objects.
For each task, we report the success rate (%) over 50 trials per task for each
method.

Task ACT DP3 π0.5 Ret-BC MT3 SID-O† SID-C†

Hang Cup 42 24 72 58 72 86 88
PnP-Box 44 28 74 40 54 84 90

transitions between the subtask-specific state distributions of
consecutive stages, while the execution policy only needs to
operate within each subtask-relevant, narrow distribution. This
separation substantially reduces the learning burden of the
neural policy, enabling reliable multi-stage execution with a
relatively compact model. Overall, the results suggest that de-
composing long-horizon manipulation into distribution-aware
subtask transitions is key to sustained, multi-step control.

(Q5) SID can reuse and compose sub-skills across tasks,
enabling modular combination of sub-tasks beyond the
original demonstrations. Since both components in SID are
lightweight, we can load multiple previously trained SID
models when solving a new task and invoke them stage-
by-stage, enabling practical skill reuse and re-composition.
As shown in Fig. 6, SID achieves competitive performance
on both recomposed tasks by reusing pre-trained sub-skill
models and invoking them on demand at each stage. This result
highlights SID’s ability to recombine existing skills to solve
novel long-horizon sequences without retraining an end-to-end
policy.

Meanwhile, the per-stage success rates in Fig. 6 indicate
a consistent gap between reuse and the original single-skill
success rates. The degradation is most pronounced for Pick
tape and Pick cup, because grasping in the original tasks
is performed without occlusions, whereas in the recomposed
setting the box introduces additional clutter and partial oc-
clusion that interferes with perception and approach. We also
observe reduced performance in the Place stages: since the
manipulated objects differ from those seen in the original
PNP-BOX demonstration, the resulting distribution shift fur-
ther degrades placement quality.

In summary, SID enables effective skill reuse and modular
re-composition for new long-horizon tasks, while the remain-
ing performance gap is largely explained by occlusion-induced
grasping difficulty and distribution deviations introduced by
novel objects and interactions.

V. CONCLUSIONS AND LIMITATIONS

We presented Sliding into Distribution (SID), a few-
demonstration manipulation framework that mitigates distribu-
tion shift by pairing an object-centric motion field for online
alignment with an egocentric execution policy trained via
conditioned flow matching. SID learns a smooth descent field
from canonicalized approach demonstrations to slide OOD
states back toward the demonstrated manifold, and improves
data efficiency through kinematically consistent point-cloud
reprojection augmentation. Across real-world tasks, SID shows
strong workspace-wide generalization and robustness to distur-
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Fig. 6: Results on recomposed tasks. We report the success
rate for each sub-skill and the Average Length for the overall
recomposed tasks, which counts the number of stages success-
fully completed.

bances with only one to two demonstrations, while the closed-
loop variant further uses an auxiliary ID-confidence signal to
monitor policy-side distribution drift and route control back to
field-based re-alignment or recovery when needed. SID also
supports skill reuse and composition for modular long-horizon
manipulation.

Limitations: Pose estimation dependency. SID relies on
an off-the-shelf 6D pose estimator; when pose estimates are
unreliable, such as for transparent objects or rapid motion,
the motion field can degrade. Future work could reduce this
dependency by conditioning on object-centric inputs such as
segmented point clouds or RGB. Limited scene awareness
and approach feasibility. Our method does not explicitly
model obstacles or collision constraints, and its motion-field
alignment assumes that the demonstrated approach manifold
remains observable and reachable. Performance may degrade
when feasible approach regions are occluded, blocked, or
constrained by cluttered environments. Limited cross-object
generalization. We do not yet demonstrate strong general-
ization to unseen objects or categories; more object-agnostic
representations are a natural next step.
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