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Abstract
This paper addresses a fundamental problem of
visuomotor policy learning for robotic manip-
ulation: how to enhance robustness in out-of-
distribution execution errors or dynamically re-
routing trajectories, where the model relies solely
on the original expert demonstrations for training.
We introduce the Referring-Aware Visuomotor
Policy (ReV), a closed-loop framework that can
adapt to unforeseen circumstances by instantly
incorporating sparse referring points provided
by a human or a high-level reasoning planner.
Specifically, ReV leverages the coupled diffusion
heads to preserve standard task execution patterns
while seamlessly integrating sparse referring via
a trajectory-steering strategy. Upon receiving a
specific referring point, the global diffusion head
firstly generates a sequence of globally consistent
yet temporally sparse action anchors, while identi-
fies the precise temporal position for the referring
point within this sequence. Subsequently, the lo-
cal diffusion head adaptively interpolates adjacent
anchors based on the current temporal position for
specific tasks. This closed-loop process repeats at
every execution step, enabling real-time trajectory
replanning in response to dynamic changes in the
scene. In practice, rather than relying on elabo-
rate annotations, ReV is trained only by applying
targeted perturbations to expert demonstrations.
Without any additional data or fine-tuning scheme,
ReV achieve higher success rates across challeng-
ing simulated and real-world tasks. Project page:
https://gaavama.github.io/ReV/.

1. Introduction
With the development of large-scale simulated and real-
world robotic datasets (O’Neill et al., 2024; Nasiriany et al.,
2024; Walke et al., 2023; Chen et al., 2025), imitation learn-
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ing based visuomotor policy models (Xue et al., 2025; Singh
et al., 2025; Yang et al., 2024; Avigal et al., 2022; Zhang
et al., 2026) have shown the ability to perform a wide range
of daily tasks. However, the imitation objective of these vi-
suomotor policy models provides no explicit mechanism for
recovery. Consequently, while these data-driven visuomotor
policies excel at executing instructed tasks, they become
very fragile to out-of-distribution (OOD) situations once
states and observations drift outside the demonstrated dis-
tribution. As shown in Fig. 1, they cannot recover from
execution errors or replan trajectories to choose safer, more
reasonable paths.

To address such an issue, one possible solution is to expand
the training distribution with large datasets of errors and
human corrections, explicitly training the policy model to
recover from errors (Florence et al., 2020; Mandlekar et al.,
2021; 2023). However, these approaches require enormous
human effort, do not scale well, and may even compromise
success rates by introducing suboptimal trajectories. An-
other line of research leverages carefully designed cost or
reward functions to guide robots toward collision-free and
constraint-satisfying trajectories in unseen scenarios (Jan-
ner et al., 2022; Carvalho et al., 2025; Zhao et al., 2024).
But in dynamic environments, manually specifying such
functions becomes impractical—they often fail to general-
ize to novel constrained settings. To address this limitation,
(Huang et al., 2023) introduce reasoning planners that in-
terpret constraints and generate intermediate robot poses
by exploiting strong priors from high-level models such as
large language models, to generate the trajectory globally.
Nonetheless, these approaches still rely on the rule-based
execution modules, whose low-frequency rule-based inter-
actions still make them ill-suited in dynamic environments.
Given this, one question naturally arise: when limited to
expert demonstration data for imitation learning, how can
we enhance the robustness of the policy model in out-of-
distribution situations within dynamic environments?

In this paper, we introduce a referring-awareness visuo-
motor policy model termed ReV, which is a closed-loop
framework that can incorporate external referring informa-
tion (e.g., from humans or high-level reasoning planners) to
enhance both adaptability and generalization. By receiving
referring information into carefully designed architecture,
ReV enables the model to flexibly handle error recovery
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Figure 1. The role of the proposed Referring-Aware Visuomotor Policy (ReV) in mitigating out-of-distribution failures. In executing the
task “Grabbing the steak from the kitchen table”, several challenges can be encountered. Case A: a small covariate shift at tk quickly
leads to a compounding misalignment with expert demonstrations, driving the robot into unseen states and resulting in task failure. Case
B: an unforeseen obstacle (e.g., a pot) emerges at tk to dynamically block the robot’s path, leading to failure as well. Unlike traditional
imitation learning methods that often struggle to generalize to unseen states or observations, the proposed ReV employs coupled diffusion
heads to online react to external sparse referring provided by a human or a high-level reasoning planner. Without requiring additional
training data or complex fine-tuning in post-processing, the model can effectively address Case A and Case B in real-world applications.

(leading the robot back to the expert distribution) or perform
precise goal-oriented adjustments (navigating to safer or
more optimal regions), without requiring additional training
data or complex fine-tuning in post-processing.

In practice, ReV employs a diffusion-based planner with
3D referring-point guidance to generate manipulation tra-
jectories, thereby enabling sub-centimeter spatial precision.
Specifically, we introduce a novel architecture for ReV that
employs coupled diffusion heads to achieve a more effective
response to referring points. Specifically, upon receiving a
referring point, a Temporal-Position Prediction module is
firstly adopted to estimate its plausible location along the
execution trajectory. Then the trajectory-steering strategy
feeds this temporally-positioned point into the Global Diffu-
sion Head, producing a series of sparse but precise action an-
chors that reliably reach the specified targets. Subsequently,
a Local Diffusion Head conducts temporal-dependent inter-
polation strategies between consecutive anchors, progres-
sively refining them into a smooth and fine-grained trajec-
tory. The full model operates recurrently at each inference
step, enabling dynamic online replanning in response to
evolving scene conditions.

The main contributions can be summarized as follows. 1)
We present a referring-aware visuomotor policy that oper-
ates within an imitation learning framework. By integrat-
ing point-level referring cues with task-specific execution
patterns, it enables robots to effectively handle challeng-
ing out-of-distribution scenarios. 2) We introduce a novel
policy model with coupled diffusion heads that generates
actions in a coarse-to-fine manner, well supporting closed-
loop inference. 3) Extensive experiments in both simulation
and real-world settings show that ReV outperforms other
state-of-the-art visuomotor policies in referring-aware ma-
nipulation tasks.

2. Related Works
2.1. Visuomotor Policy Models for Manipulation

Visuomotor policy models integrate visual perception with
motor control, enabling robots to perform manipulation
tasks in complex and unstructured environments (Shridhar
et al., 2023; Wang et al., 2023; Ze et al., 2023; Peng et al.,
2020; Agarwal et al., 2023; Haldar et al., 2023). Two gener-
ative paradigms have recently gained significant attention
for addressing challenges in this domain. Autoregressive
models (Zhao et al., 2023; Xian et al., 2023; Gong et al.,
2024; Cui et al., 2022; Shafiullah et al., 2022; Lee et al.,
2024; Zhang et al., 2025) decompose the trajectory dis-
tribution into a sequence of next-step conditionals. This
factorization enables efficient training and fast inference
at deployment. However, this token-by-token generation
process lacks the ability to revise earlier decisions, causing
small deviations to accumulate and degrade global coher-
ence over time. Recently, diffusion models (Ho et al., 2020;
Song et al., 2020), have proven remarkably effective for tra-
jectory synthesis (Chi et al., 2023; Ze et al., 2024; Ma et al.,
2025; Su et al., 2025; Wei et al., 2024; Wang et al., 2025).
Their ability to model intricate, multimodal distributions
lets them generate more accurate and flexible robot motions.
However, these methods struggle to handle OOD situations
because of their reliance on imitation learning.

2.2. Robotic Motion Planning

Traditional motion planning approaches are broadly catego-
rized into sampling-based and optimization-based planning.
Sampling-based planners (Karaman & Frazzoli, 2011; Gam-
mell et al., 2014; 2020; Strub & Gammell, 2020) explore
feasible trajectories by randomly sampling and connecting
collision-free nodes in the configuration space, typically
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producing trajectories composed of straight-line segments,
which lack smoothness. In contrast, optimization-based
planners (Urain et al., 2022; Petrović et al., 2022; Le et al.,
2023) formulate planning as a numerical optimization prob-
lem, directly solving for trajectories that minimize objec-
tive functions incorporating collision and smoothness costs.
However, their performance heavily relies on the initial
planning priors and is prone to local optima. Recently,
diffusion models with their strong multimodal generative
capability, have been introduced into robot motion plan-
ning. MPD (Carvalho et al., 2025) employed a diffusion
model as a trajectory prior and utilized classifier guidance
to incorporate collision costs during inference for trajectory
refinement. Similarly, EDMP (Saha et al., 2024) adopted
an ensemble of cost functions to enhance robustness. Nev-
ertheless, existing diffusion-based planning methods gener-
ally rely on predefined and fixed reward or loss functions
to guide the generation process. This reveals significant
limitations when dealing with dynamically changing en-
vironments or OOD scenarios: handcrafted, static reward
functions struggle to accurately and flexibly encode the full
spectrum of constraints and high-level semantics involved
in real-world manipulation tasks resulting in limited adapt-
ability and generalization in rapidly evolving settings.

3. Methodology
While Diffusion Policy (Chi et al., 2023) effectively imi-
tates expert demonstrations for low-level execution, it strug-
gles to precisely reach the specified target point provided
by external reasoning planners. Our goal is to develop a
diffusion-based policy that can effectively incorporate exter-
nal guidance provided by humans or high-level reasoning
planners, generating trajectories online that accurately sat-
isfy complex spatial constraints specified in the guidance.

3.1. Problem Formulation

We consider the problem of learning a diffusion-based pol-
icy πθ. Given a 3D referring point P (from a high-level
reasoning planner such as RoboRefer (Zhou et al., 2025)),
the current visual observation O and the robot propriocep-
tion history A−, πθ generates a trajectory A satisfying the
criteria collectively termed Manipulation Steering Choreog-
raphy.

πθ(P,O,A−) −→ A (1)

Manipulation Steering Choreography. Guided by the
high-level reasoning planner, the end-effector must glide
through the 3D referring point P while guaranteeing suc-
cessful task completion. Thus, we require every generated
trajectory to satisfy: 1) Steering Fidelity: the trajectory must
establish contact within the spatial region nearby the spe-
cific 3D referring point. 2) Task Success: the trajectory must

accomplish the designated manipulation task. 3) Smooth-
ness: the end-effector pose must vary uniformly, yielding
low-jerk transitions along the entire trajectory.

Referring-Aware Policy Model. To effectively handle the
OOD situations, we propose ReV, described below in two
parts. Part 1: We first build a policy model with coupled dif-
fusion heads to learn standard task execution patterns from
demonstrations: its global diffusion head (GDH) produces
sparse action anchors encoding long-range motion intent,
while the local diffusion head (LDH) interpolates these an-
chors into a fine-grained trajectory, conditioned on the cur-
rent temporal position for each task. During inference, the
entire model is invoked repeatedly, enabling the robot to re-
plan as the scene changes. Part 2: Subsequently, we embed
a referring-aware design into the aforementioned model,
which centers on a temporal-position prediction module as
shown in Fig. 2 and a trajectory-steering strategy. The for-
mer assigns a temporal position along the entire trajectory to
the 3D referring point based on the robot current observation
and robot proprioception history. And the latter injects this
temporally-positioned point into our policy model, enabling
the generation of a trajectory that fulfills the Manipulation
Steering Choreography.

3.2. Policy Model with Coupled Diffusion Heads

To generate a trajectory that adheres to the Manipulation
Steering Choreography, we must schedule the referring
point P coherently across the entire manipulation trajectory,
which demands a global understanding of the long-range
task structure. While previous methods (Chi et al., 2023;
Ma et al., 2025; Ze et al., 2024; Zhao et al., 2023) model
“observation–policy” coupling only within a sliding-window
horizon, their local scope prevents them from capturing the
full-horizon dependencies essential for this purpose. To
overcome this limitation, we propose a policy model with
coupled diffusion heads which can learn standard execution
pattern from expert demonstration in a close-loop manner.

Coupled Diffusion Heads. In robotic manipulation, trajec-
tories are prohibitively long, and their length grows with
task complexity. Learning a single Diffusion Policy that
captures execution pattern of an entire trajectory is therefore
impractical. In this paper, we introduce a coupled diffusion
heads: A GDH is first deployed to generate a globally con-
sistent yet temporally sparse action anchors A′ = {a′i}

N1
i=1

of length N1. As illustrated in Fig. 2, GDH predicts A′ con-
ditioned on the current observation O and the previously
executed anchors A′

−, i.e.,

A′ ∼ f GDH(A′|O,A′
−) (2)

Subsequently, a LDH densifies these anchors, producing a
fine-grained trajectory ready for direct deployment on the
robot. Following Eq. (2), once the neighboring anchor pair
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Figure 2. Overview of our Referring-Aware Visuomotor Policy. Given the observation O and robot proprioception history A−, the
Temporal-Position Prediction Module on the left assign the optimal temporal position k for the referring point P . This temporally-
positioned referring point P is then transformed into a temporally-positioned partially-constrained referring action Pa (detailed in Sec. 3.3)
and injected into the right Policy Model with Coupled Diffusion Heads to generate the final trajectory A satisfying the Manipulation
Steering Choreography. Specifically, at step i, the GDH incorporates both anchor history A′

− and partially-constrained referring action
Pa via the trajectory-steering strategy to yield a sparse yet globally consistent anchor sequence A′ = {a′

j}N1
j=1, in which {a′

j}i−1
j=1 is

anchor history A′
−, {a′

j}i+1
j=i is interpolated by the LDH through a learnable, temporal-dependent interpolation strategy, and {a′

j}N1
j=i+1 is

discarded and will be updated at upcoming inference step. At inference step i+1, the anchor history A′
− is updated by appending the

newly generated anchor a′
i+1 at step i, and the entire policy model repeats, continuously updating A.

(a′i, a
′
i+1) for step i is available, LDH interpolates between

them conditioned on the corresponding observation Oi, i.e.,

Ai ∼ f LDH(Ai | Oi, a
′
i, a

′
i+1, i) (3)

where Ai = {aij}N2
j=1 is the fine-grained sub-trajectory of

length N2 in step i, and the entire manipulation trajectory is
simply the concatenation A = {Ai}N1

i=1. It is worth noting
that, in Eq. (3), the step index i is explicitly fed into f LDH so
that the network can learn temporal-dependent interpolation
strategies that vary with the temporal position inside A′.
Here, we apply our trajectory-steering strategy (Sec. 3.3)
to (i) historical anchors A′

− that guides GDH prediction
and (ii) the neighboring anchor pair (a′i, a

′
i+1) that steers

LDH interpolation, ensuring the generated trajectory strictly
continues the already-executed motion while fulfilling the
remaining task objectives. Since the output of our policy
model is a fixed-length trajectory, we must select the total
horizon N = N1 + (N1 − 2) ∗N2 for each task once at the
outset, according to its execution complexity. Fortunately,
this mild restriction is easily accommodated in concurrent
robotic manipulation pipelines, where an upper bound can
be set without impairing deployment.

Closed-Loop Inference. To remain robust to the dynamic
environment, we invoke the entire policy model iteratively
during inference. As illustrated in Fig. 2, the sparse action
anchors A′ is updated online by continuously incorporating
the latest observation O and the ever-growing anchor his-
tory A′

−. Specifically, at step i we generate A′ with GDH

(Eq. (2)), extract the neighboring anchor pair (a′i, a
′
i+1) and

produce the fine-grained sub-trajectory Ai via LDH (Eq. (3))
for immediate execution. Once the corresponding execution
process is completed, the executed anchor a′i+1 is appended
to build the anchor history at step i+1, i.e.,

A′
−, i+1 =

{
A′

−, i, a
′
i+1

}
(4)

where A′
−, i = {a′j}ij=1 is the anchor history at step i. This

A′
−, i+1 is then used to update anchors A′ at step i+1.

3.3. Referring-Aware Design

We now detail how to embed the referring-aware design into
the aforementioned policy model in order to schedule the
referring point P along the entire trajectory.

Temporal-Position Prediction. As shown in Fig. 3, we
formulate the temporal localization of the referring point
P as an N1-way classification problem. Concretely, we
construct a fixed-length timeline by creating a buffer of N1

temporal-position slots (T-P Slots) S, covering both
retained history and extrapolated future steps. In step
i, we build S as follows: The first (1, . . . , i) slots are
loaded with the historical action anchors {a′j}ij=1, and the
remaining (i+ 1, . . . , N1) slots are padded with copies
of the last action anchor a′i, yielding a slot sequence
[a′1, a

′
2, . . . , a

′
i, . . . , a

′
i ]. This slot sequence is then

augmented with the monotonically-increasing temporal-
position embeddings. Specifically, the historical slots
(1, . . . , i) share the same temporal-position embedding PE1,
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Figure 3. Temporal-Position Prediction. The slots buffer S cov-
ers both retained history and extrapolated future steps. Specifically,
at step i, we load the historical action anchors {a′

j}ij=1 to initialize
history part, and the future part is padded by copies of the last
action anchor a′

i. Then, the whole slots buffer is augmented with a
monotonically-increasing temporal-position embeddings.

while the padded slots (i+1, . . . , N1) receive distinct em-
beddings PE2<PE3<. . .<PEN1−i. These embeddings
encode the temporal distance from the action in each slot
to the referring point P: PE1 marks the nearest moment,
and larger embeddings indicate progressively more distant
future times. A transformer-based encoder processes the
augmented S together with P and outputs a probability vec-
tor p = {pk}N1

k=1 over the entire slots buffer. The predicted
temporal position is taken as the slot index with the highest
probability, i.e.,

k = arg max
0<k≤N1

pk (5)

Trajectory-Steering Strategy. Before detailing its me-
chanics, it is worth noting that all states and actions are
represented in end-effector Cartesian space, rather than in
joint space. Formally, the actions considered in this paper
are decomposed into: 1) an end-effector pose component
aee = (atrans, arot), where atrans ∈ R3 and arot ∈ R4

denote the position and rotation respectively. 2) a binary
gripper component agripper ∈ {0, 1} that opens or closes
the parallel jaw. This representation allows us to convert the
constraint on the referring point P into a partial constraint
on the referring action Pa: we simply force its transla-
tion component atrans to coincide with the referring point
P , while leaving the rotation component arot free to be
optimized by the policy model. We then implement our
trajectory-steering strategy through a masked-denoising
process (Tseng et al., 2023; Kim et al., 2023), i.e.,

zt = M⊙Aknown + (1−M)⊙ zt (6)

where zt denotes the intermediate noisy action vector at
diffusion timestep t, ⊙ represents the Hadamard (element-
wise) product, Aknown is a known action vector used to
steer the denoising, and M is a binary mask indicating
the indices to replace within the full noisy trajectory. As

stated in Sec. 3.2, this strategy is applied in two stages: (i)
sparse-anchor A′ generation in GDH,

zt = MGDH ⊙A′
− + (1−MGDH)⊙ zt (7)

and (ii) anchor interpolation in LDH,

zt = MLDH ⊙ (a′i, a
′
i+1) + (1−MLDH)⊙ zt (8)

used to generate the fine-grained sub-trajectory Ai. Fur-
thermore, in our referring-aware design, we incorporate the
referring action Pa to Eq. (7) as follows,

zt = M′
GDH ⊙ {A′

−,Pa}+ (1−M′
GDH)⊙ zt (9)

thereby guiding the generation toward trajectories that sat-
isfy the Manipulation Steering Choreography. Here, MGDH,
MGDH and M′

GDH denote the binary masks corresponding
to A′

−, (a′i, a
′
i+1), {A′

−,Pa}, respectively. Detailed defini-
tions of these masks are provided in Appendix. A.2.

3.4. Training Strategy

Data Recipe. To enlarge the effective range of P and pro-
mote generalization, we perform on-the-fly augmentation:
we randomly sample an action from the expert demonstra-
tions, perturb it with noise drawn from a broad distribution,
and obtain a synthetic referring action Pa. A seventh-order
polynomial spline then smoothly blends this synthetic action
with its temporal neighborhood, yielding a jerk-bounded
trajectory. These augmented trajectories are fed to both GDH
and LDH, enabling the system to handle a richer spectrum
of referring points P at inference time.

Temporal-Position Prediction Loss. The transformer-
based encoder used for temporal-position prediction is
trained with the following categorical cross-entropy loss

LCCE = −
N1∑
i=1

yi log pi (10)

where yi ∈ {0, 1} is the ground-truth that indicates whether
slot i corresponds to the referring action Pa.

Coupled Diffusion Heads Loss. Besides, the demonstra-
tion trajectory Â is first down-sampled to yield the sparse
anchors label Â′. Using the down-sampling indices, Â is
then split into N1 contiguous segments {Âi}N1

i=1, which
serve as labels for LDH supervision. The loss

LMSE = E
[
∥A′ − Â′∥22

]
+ γ E

[
∥Ai − Âi∥22

]
(11)

jointly supervises GDH and LDH, where the scalar γ balances
their relative importance. During training, LDH is updated
by uniformly sampling one segment index i per iteration.

Total Loss. The overall training objective is

L = LCCE + αLMSE (12)

with the scalar hyper-parameter α balancing the two terms.
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Table 1. Quantitative results on modified simulated benchmark, highlighting the effectiveness of ReV in referring-aware manipulation.

Method
Pick Meat-via Lift Barrier-via Place Food-via Camera Alignment-via

RePR(↑) SuR(↑) SmS(↑) RePR(↑) SuR(↑) SmS(↑) RePR(↑) SuR(↑) SmS(↑) RePR(↑) SuR(↑) SmS(↑)

ACT 2% 1% 0.9890 1% 1% 0.9904 0% 0% - 0% 0% -

DP3 80% 1% 0.9899 99% 25% 0.9945 1% 1% 0.9883 0% 0% -

CDP 14% 14% 0.9924 99% 99% 0.9933 47% 33% 0.9878 0% 0% -

OCTO 18% 9% 0.9606 32% 32% 0.9702 1% 1% 0.9597 0% 0% -

MPD 20% 3% 0.9903 39% 39% 0.9949 3% 3% 0.9887 1% 1% 0.9861

ReV (Linear) 100% 80% 0.9875 100% 63% 0.9867 100% 21% 0.9834 100% 87% 0.9760

ReV (Cubic Spline) 100% 85% 0.9907 100% 86% 0.9927 100% 17% 0.9821 100% 85% 0.9810

ReV (Minimum Snap) 100% 18% 0.9855 100% 80% 0.9914 100% 23% 0.9828 100% 76% 0.9799

ReV 100% 91% 0.9882 100% 100% 0.9899 100% 50% 0.9812 100% 92% 0.9804

4. Experiments
This section evaluates the ability of our ReV to respond to
the referring point P provided by the human or high-level
planner. Through a series of experiments, we investigate the
following questions: Q1. Does our ReV outperform other
visuomotor policies in referring-aware manipulation? Q2.
How does ReV compare to prior representative conditioning
methods in accurately adhering to the provided referring
point? Q3. Is our ReV robust to referring points deviating
from the expert trajectory distribution? Q4. Does the pro-
posed Couple Diffusion Heads architecture (which captures
long-horizon task execution motion) improve task success,
independent of referring awareness? Q5. For generating
dense action trajectories between anchors, does the learnable
LDP outperform traditional interpolation and constrained
optimization methods in robotic manipulation domain? Q6.
Which design decisions in ReV matter most for building ro-
bust referring-aware policies? Q7. Can ReV be successfully
deployed in real-world settings?

4.1. Referring-Awareness Evaluation

Evaluation Metrics. According to the Manipulation Steer-
ing Choreography, we derive the following three metrics,
each averaged over M independent roll-outs.

• Region Penetration Rate (RePR) measures the fraction
of trajectories in which the robot’s end-effector passes
through the referring point P . For trajectory i, let

di = min
0<t≤N

∥pi(t)− P∥2 (13)

denote the minimum Euclidean distance between the
end-effector position pi(t) and P over the entire tra-
jectory (0 < t ≤ N ). We count a penetration if di ≤ ϵ
and define

RePR =
1

M

M∑
i=1

I
[
di ≤ ϵ

]
(14)

The threshold ϵ specifies the penetration tolerance, and
in our experiments it is fixed at 0.05m.

• Success Rate (SuR). In contrast to (Ze et al., 2024; Ma
et al., 2025; Su et al., 2025), a roll-out is considered suc-
cessful in this experiment only if the robot completes
the assigned task and its end-effector passes through
the designated referring point P during execution, i.e.,

SuR =
1

M

M∑
i=1

I
[
di ≤ ϵ ∧ Si = 1

]
(15)

where Si∈{0, 1} is the task-completion label.

• Smoothness Score (SmS). For trajectory i, we compute

Ji =
1

N − 1

N−1∑
t=1

∥∥pi,t+1 − pi,t

∥∥
2

(16)

To map the unbounded Ji to [0, 1], we use

si = exp(−Ji/λ) (17)

with temperature λ>0, thus smooth trajectories yield
si≈1 and jittery ones si≈0. Subsequently, we define

SmS =
1

M ′

M ′∑
i=1

si (18)

where M ′ denotes the number of roll-outs that satisfy
the success criterion used in the definition of SuR.

Baselines. We select four representative conditioning poli-
cies—ACT (Zhao et al., 2023), DP3 (Ze et al., 2024),
CDP (Ma et al., 2025) and Octo (Octo Model Team et al.,
2024), MPD (Carvalho et al., 2025)—as baselines. For the
first three baseline methods, we concatenate the referring
point P directly with the visual and proprioception observa-
tions as an additional condition. For the forth approach, we
embed P as a natural language instruction to condition the
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Figure 4. Visualization of the trajectories generated by ReV on Pick-Meat-via and Lift-Barrier-via. Here, we use green bounding
boxes to mark the frames in which the end-effector passes through the designated via-point (green ball).

generative model. As for the final method, we formulate a
guidance cost based on the referring point P , which steers
the denoising process via classifier-guided sampling.

Benchmarks. We augment four representative tasks from
RoboFactory (Qin et al., 2025)—Pick Meat, Lift Barrier,
Place Food, and Camera Alignment—by introducing a via-
point that the robot’s end-effector must traverse en route to
successful completion. This yields the modified benchmark
suite: Pick Meat-via, Lift Barrier-via, Place Food-via, and
Camera Alignment-via. The via-point generation strategy is
detailed in Appendix A.3.

Quantitative and Qualitative Results (Q1). Tab. 1 shows
that our ReV yields the highest proportion of trajectories
that satisfy Manipulation Steering Choreography. Thanks
to the trajectory-steering strategy, our ReV guarantees that
100% of roll-outs pass through the designated referring
point P (cf. RePR); and its success rate SuR is mainly
influenced by the capability of policy model (cf. Tab. 3).
In contrast, the baselines overwhelmingly ignores P and
proceeds directly to the final goal, exposing its weakness in
referring-aware manipulation. Fig. 4 overlays representative
trajectories produced by our ReV across the aforementioned
tasks, which simultaneously accomplishes the task while
smoothly traversing P , demonstrating markedly superior
referring-awareness.

4.2. Ablation Study

Fidelity to Referring Points (Q2). As shown in Tab. 1,
while baseline methods largely ignore the provided guid-
ance, our ReV strictly follows the referring point P , thereby
maintaining high precision in reaching them (cf. RePR). To
further verify that our ReV’s behavior is causally governed
by the provided referring points, we deliberately introduce
infeasible referring points—guidance signals that contradict
successful task completion. The design of these infeasible
points is detailed in Appendix B.3. And its corresponding
quantitative results as listed in Tab. 5. Specifically, in the

Table 2. Ablation study on OOD-yet-feasible referring points.
0.1, 0.2, 0.3, and 0.4 indicate the degree of deviation from the cen-
ter of the expert distribution. Details are provided in Appendix B.4.

Method
0.1 0.2 0.3 0.4

RePR(↑) SuR(↑) RePR(↑) SuR(↑) RePR(↑) SuR(↑) RePR(↑) SuR(↑)

ReV 100% 93% 100% 92% 100% 89% 100% 87%

first two tasks, our ReV physically pushes aside the cam-
era or pot to reach the point, achieving RePR = 100%. In
contrast, for the latter two tasks, the robot fails to reach the
points due to physical constraints (occlusion or workspace
limits), leading to RePR = 0%.

Generalization to Out-of-Distribution Referring Points
(Q3). We conduct an ablation study to evaluate the robust-
ness of our ReV to OOD referring points. In contrast to the
deliberately infeasible points in Tab. 5, all referring points
in this ablation are feasible for task completion despite be-
ing OOD, allowing us to isolate the impact of distribution
shift from inherent infeasibility. The design of these OOD-
yet-feasible points is detailed in Appendix B.4. As shown
in Tab. 2, while the performance of our ReV gracefully
degrades as the referring points deviate further from the ex-
pert trajectory distribution, it still maintains a high success
rate, demonstrating strong generalization capability under
significant distributional shift.

Effectiveness of our Coupled Diffusion Heads Architec-
ture (Q4). Tab. 3 quantitatively shows that our Coupled
Diffusion Heads architecture consistently outperforms base-
line methods across a diverse set of grasping tasks. These
results highlight the decisive importance of the global execu-
tion pattern for successful task completion: (1) by modeling
long-range dependencies, our policy model ensures consis-
tency along the entire generated trajectory; (2) this strategy
endows the model with a macroscopic understanding of task-
specific execution motion, thereby avoiding failure cases
caused by falling into locally ambiguous robot states.

Effectiveness of Our Learnable Local Diffusion Head
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Table 3. Quantitative results across simulated benchmarks, highlighting the effectiveness of our Coupled Diffusion Heads architecture.

Method
Adroit DexArt MetaWorld RoboFactory

Pen Door Laptop Toilet Bucket Reach Soccer Sweep Into Shelf Place Pick Meat Lift Barrier Place Food Camera Alignment

ACT 47% 66% 35% 8% 6% 21% 28% 23% 43% 91% 40% 13% 21%

DP3 53% 69% 81% 65% 32% 28% 30% 15% 37% 81% 90% 30% 87%

CDP 68% 74% 84% 68% 32% 22% 23% 24% 35% 84% 93% 51% 90%

ReV 73% 79% 87% 71% 61% 36% 33% 27% 47% 94% 99% 57% 94%

Table 4. Quantitative results on real-world tasks, highlighting the robustness of our ReV in real-world settings.

Method

Single-Agent Dual-Agent

Collecting Objects-via Push T-via Stacking Playing Card-via Grabbing Rod-via Handing Eraser Over-via

PeRP ↑ SuR ↑ PeRP ↑ SuR ↑ PeRP ↑ SuR ↑ PeRP ↑ SuR ↑ PeRP ↑ SuR ↑

ACT 3 / 30 1 / 30 5 / 30 3 / 30 3 / 30 0 / 30 2 / 30 0 / 30 3 / 30 1 / 30

DP 6 / 30 5 / 30 12 / 30 9 / 30 9 / 30 3 / 30 3 / 30 1 / 30 6 / 30 2 / 30

ReV 30 / 30 20 / 30 30 / 30 21 / 30 30 / 30 15 / 30 30 / 30 18 / 30 30 / 30 12 / 30

(Q5). We ablate our learnable LDH against interpola-
tion and optimization baselines after GDH anchor gener-
ation (cf. Tab. 1). The results highlight that the fixed
or optimization-based interpolation strategies cannot adapt
to the non-uniform densification needed during the entire
robotic manipulation trajectory (e.g., coarse early motion vs.
fine-grained later adjustments). Our LDH overcomes both
limitations. Not only is its densification strategy conditioned
on the anchor’s temporal position i (Eq. 3), enabling adap-
tive, non-uniform refinement across the manipulation se-
quence, but its implementation is also fundamentally rooted
in a trajectory-steering mechanism. This ensures that the
generated trajectory strictly passes through every anchor
point, thereby preserving explicit referring-awareness.

Hyperparameters (Q6). We ablate all hyperparameters in
Appendix B.1. Key findings (Fig. 7) are: (1) Use moderate
trajectory lengths N adapted to task complexity. (2) A bal-
anced allocation ratio between N1 and N2—ranging from
1 : 2 to 2 : 1—generally yields the most robust results. (3)
When referring points change abruptly (e.g., due to external
disturbances or re-planning), the system should re-initialize
by resetting our ReV with the robot’s current state as the
new start point, re-estimate the temporal position of the
referring point, and re-run our coupled diffusion heads to
generate a consistent trajectory.

4.3. Real-World Experiments

Settings. The real-world platform, task specifications, and
demonstration data used in our real-world experiments are
described in detail in Appendix D.

Quantitative Results (Q7). For each task we constructed
a fixed set of 30 diverse real-world trials, and every model

was evaluated on the same 30-trial split, ensuring identical
test conditions for all comparisons. Tab. 4 yield that ReV
outperforms all baselines, demonstrating the effectiveness
of our approach. Here, success rate SuR jointly considers
penetration success and final task completion.

5. Conclusion
In this paper, we introduce referring-aware visuomotor pol-
icy, a novel close-loop scheme to effectively respond to
the external referring information provided by humans or
high-level reasoning planners. It robustly handles out-of-
distribution perturbations in dynamic environments, only
trained by using expert demonstrations under the imitation
learning framework without any fine-tuning in the post-
processing. To realize this, a carefully designed policy
model with coupled diffusion heads is leveraged to gener-
ate the detailed action trajectory progressively. Extensive
simulated and real-world experiments show that our method
outperforms baseline methods in referring-aware manipula-
tion. In future work, ReV can be coupled with VLMs and
world models to tackle more complex and flexible tasks,
thanks to their awareness of the reasoning signals.

Limitation. The proposed ReV supports the use of multiple
referring points. However, all experiments in this paper
only focus on a single referring point due to the naive archi-
tecture design of the temporal position prediction module.
Additionally, all experiments presented in this paper focus
on evaluating the model’s ability to faithfully respond to the
referring point, without addressing how the referring point
is generated by the underlying foundational model. In fu-
ture work, we plan to investigate the aforementioned issues
further to develop more robust and generalizable solutions.
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Impact Statement
This work aims to advance the field of embodied intelli-
gence, with a core objective of enhancing agents’ decision-
making and interactive capabilities in physical environments.
Given that our research involves agents interacting with the
real world, we acknowledge the associated safety concerns,
accountability issues, and potential risks of misuse. The
experiments conducted in this study are performed in con-
trolled settings; however, we emphasize that any future
real-world deployment of such technologies must incor-
porate rigorous safety testing frameworks, fault-tolerant
redundancy mechanisms, and human oversight to prevent
unintended harm or property damage.
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A. Implementation Details of Our ReV
This section details the experimental setup for evaluating our ReV across simulation and real-world environments. A
comprehensive description of the baseline methods and their configurations is provided in the following sections.

A.1. Demonstration For Training

As previously mentioned, our diffusion policy with coupled diffusion heads outputs a fixed-length trajectory of N , where
N is determined by the sparse-action horizon N1 and the interpolation horizon N2, as illustrated in Fig. 5(a). And their
relationship is given by:

N = N1 + (N1 − 2) ∗N2 (19)

During training, we downsample the expert demonstration Â to generate sparse anchor labels Â′, which are used to supervise
the GDH, as shown in Fig. 5(b). To enable closed-loop inference of GDH in dynamic environments, we further divide the
sparse anchor labels into historical and future parts by randomly sampling a Gaussian-distributed index. Subsequently,
as depicted in Fig. 5(c), the entire expert demonstration is segmented into N1 contiguous segments {Âi}N1

i=1 using the
downsampling indices. These segments serve as supervision labels for the LDH.

(a) Strategy for Trajectory-Length Allocation

random index = t

Temporal Direction

(b) Strategy for Constructing the GDH Demonstrations

random index = t

Temporal Direction

(c) Strategy for Constructing the LDH Demonstrations

Figure 5. Demonstration Construction Strategy for GDH and LDH. The orange blocks represent the sparse action anchors. Among
them, the lighter orange exemplifies the historical context, while the darker orange exemplifies the future targets. The green blocks

denote the fine-grained interpolation actions.

A.2. Binary Mask Used in Trajectory-Steering Strategy

In this section, we formally define the three binary masks used in Eq. (7), Eq. (8), and Eq. (9):

• Global Denoising Mask MGDH: This mask with the length of N1 is used to inject the previously executed anchors A′
−

into the denoising process of GDH at current step i. All entries up to step i are set to 1, and the remaining entries are set
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to 0. i.e.,

MGDH[j] =

{
1, j < i,

0, j ≥ i.
(20)

• Local Denoising Mask MLDH: This mask with the length of N2 is used to inject the neighboring anchor pair (a′i, a
′
i+1)

into the denoising process of LDH at current step i. Only the first and the last entries are set to 1, and all other entries
are set to 0. i.e.,

MLDH[j] =

{
1, j = 1 or j = N2,

0, otherwise.
(21)

• Referring-Augmented Global Mask M′
GDH: This mask with the length of N1 is used to inject the referring action Pa

into the denoising process of referring-aware GDH at current step i. It extends MGDH by additionally setting the entry at
index k to 1, while preserving all entries equal to 1 in MGDH. Here k denotes the temporal position of the referring
action Pa as predicted by Eq. (5). i.e.,

M′
GDH[j] =

{
1, j ≤ i or j = k,

0, otherwise.
(22)

A.3. Benchmark Modification For Evaluation

The centroid of the via-point set

Figure 6. Via-Points Generation. Via-points are generated via Gaussian sampling around a centroid derived from the robot’s initial
configuration.

As discussed previously, we evaluate the referring-awareness capability of ReV by augmenting the involved simulation and
real-world benchmarks with randomized via-points. These via-points are constrained to the robot’s operational workspace to
ensure reachability. The detailed procedure for this is outlined in Fig. 6: (1) defining a centroid for the via-point set based on
the robot’s initial configuration in each task, and (2) generating via-points via Gaussian sampling around this centroid for
evaluation.

B. Ablation Study
B.1. Ablation Study on Hyperparameters

Total Trajectory Length. As noted in Sec. 3.2, our ReV generates fixed-length trajectories of N , which must be selected a
priori for each task. To quantify sensitivity to this choice, we sweep N across tasks of increasing complexity, and the results
are summarized in Fig. 7a. Quantitatively, an overly short N prevents our ReV from capturing the complete execution
pattern required for each task, whereas an excessively long N injects redundant and ineffective information during training,
degrading performance.

Trajectory-Length Allocation. The total trajectory length N is determined by the sparse-action horizon N1 produced
by GDH and the interpolation horizon N2 inserted by LDH. We perform an ablation to quantify the sensitivity of ReV to
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(a) Total Trajectory Length (b) Trajectory-Length Allocation (c) Update Frequencies of T-P Prediction

Pick Meat-via Place-Food-via Lift Barrier-via Camera Alignment-via 

Figure 7. Visualization of ablation studies on key hyperparameters. (a) Total trajectory length N : performance peaks when N matches
task complexity, enabling the model to capture task-specific execution patterns. (b) Trajectory-length allocation N1 :N2: balanced ratios
(1:2 ∼ 2:1) allow our policy model to learn the entire trajectory most effectively. (c) Update Frequencies of T-P prediction: excessive
updates cause anchor drift and degrade performance. Here, success rate is defined as the fraction of trials that simultaneously achieve task
completion and pass through the designated referring point, and all ablations were conducted under controlled variables.

the balance between these two components while keeping the overall length N fixed for each task. As shown in Fig. 7b,
performance peaks around balanced ratios (i.e., 1 : 2 ∼ 2 : 1), whereas larger imbalances consistently degrade results.
We attribute this decline to two capacity-mismatch effects: 1) GDH overload. A large N1 :N2 ratio places the burden of
modeling complex execution patterns almost entirely on GDH, making it difficult to fit the highly non-linear action manifold.
2) Supervision dilution. When the trajectory is over-segmented (i.e., N2 is too small), the differences between adjacent
segments fall below the noise floor. Although LDH employs a learnable, temporal-dependent interpolation strategy, the
regression targets become vanishingly simply and the network cannot learn meaningful interpolation kernels for each
temporal position.

Temporal-Position Prediction. In the preceding experiments, the temporal-position prediction module is invoked only
once at the beginning of inference. Although it could in principle be updated every inference step (Fig. 3), recomputing the
temporal position for the same P repeatedly causes the anchor to drift, producing unstable trajectories. To quantify this
effect, we ablate this module by invoking it every i steps (i ∈ {1, 2, 4, N}). Fig. 7c shows that the more often we re-predict
the position for an unchanged P , the larger the performance drop. However, this does not imply that our model is unable
to cope with moving or newly-appearing referring points. Whenever the referring point changes—either because objects
move or because new ones appear—we simply reset the sparse anchor history A′

− and restart trajectory generation from the
current observation. In this way, ReV immediately adapts to the new configuration without suffering from anchor jitter.

B.2. Experimental Setup for Ablating the Coupled Diffusion Heads

Baselines. Following the protocol in Sec. 4.1, we retain ACT, DP3 and CDP as baselines. In this experiment, we withhold
P from all methods—including our ReV—in order to evaluate the intrinsic capability of our policy model with coupled
diffusion heads against the myopic window-sliding paradigms employed by the baselines. All involved methods are trained
on an identical set of expert demonstrations for the same number of epochs, guaranteeing that any performance discrepancy
is attributable solely to architectural factors.

Benchmarks. Following (Ze et al., 2024; Ma et al., 2025; Su et al., 2025), we curate a cross-benchmark suite that spans
Adroit (Rajeswaran et al., 2017), DexArt (Bao et al., 2023), MetaWorld (Yu et al., 2020), and RoboFactory to evaluate the
effectiveness of our policy model in various aspects: gripper-based and dexterous manipulation, articulated and rigid objects
manipulation, and single- and multi-agent cooperation.

B.3. Ablation Study on Infeasible Referring Points

As shown in Tab. 5, we introduce a set of deliberately infeasible referring points to rigorously evaluate whether ReV can
faithfully adhere to the provided guidance even in these challenging scenarios. The definition of these infeasible referring
points are as follows.

Inside Camera. In the Camera Alignment task, referring points are adversarially placed on the camera body itself. We
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Table 5. Ablation study on infeasible referring points.

Method Inside Camera Inside Pot Under Table Out of Reach

DP3 0% 0% 0% 0%

CDP 0% 11% 0% 0%

ReV 100% 100% 0% 0%

uniformly sample 3D locations on the visible surface of the camera to test if the model blindly follows guidance that logically
conflicts with the task objective.

Inside Pot. For the Place Food task, referring points are constrained inside the pot’s volume. Points are randomly sampled
within the pot’s cylindrical cavity (excluding the bottom center to avoid trivial solutions), simulating an erroneous instruction
to place food.

Under Table. In the Pick Meat task, referring points are hidden beneath the table. The points are randomly distributed
within a rectangular region under the tabletop, creating a persistent occlusion that requires the model to reconcile the
guidance with the impossibility of direct reaching.

Out of Reach. Also in the Pick Meat task, referring points are placed beyond the robot’s workspace. Each point is fixed at 2
meters height above the table, with its (x, y) coordinates uniformly randomized within a 0.5m × 0.5m area centered above
the workspace boundary, ensuring unambiguous physical infeasibility.

B.4. Design of OOD-yet-feasible Referring Points

As illustrated in Fig. 8, the OOD-yet-feasible referring points are generated through the following two-step procedure:

table

Figure 8. OOD-yet-Feasible Referring Points Generation.

1. Baseline Definition: Compute the midpoint pm of the line segment connecting the robot end-effector’s position pe

and the geometric center po of the target object:

pm =
pe + po

2

2. Horizontal Sampling: On the plane parallel to the table surface, define a direction d⊥ that is perpendicular to the
vector po − pe (i.e., d⊥ ⊥ (po − pe)). Then, generate a set of referring points:

{pm + λ · d⊥ | λ ∈ Λ}

where Λ is a predefined set of offsets that places the generated points outside the training data distribution while
ensuring they remain kinematically reachable by the robot. And In this papaer, we set Λ = {0.1, 0.2, 0.3, 0.4} m.
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C. Simulation Experiments Details
C.1. Training Settings

Each policy is trained independently on a single NVIDIA GeForce RTX 4090 GPU. We employ the AdamW optimizer with
a learning rate of 1.0× 10−4, betas of (0.95, 0.999), and ϵ = 1.0× 10−8. The learning rate undergoes a warmup phase for
the first 500 steps, followed by training for the designated number of epochs specific to each benchmark task. The complete
set of training parameters for all simulation experiments is provided in Tab. 6.

Table 6. All Training Settings for simulation experiments.

Benchmark Parameter Value

Adroit

Demonstrations Number 10
Size of Point Clouds (512, 3)

Size of Images (84, 84, 3)
Batch Size 32

Epoch 3000

Dexart

Demonstrations Number 100
Size of Point Clouds (1024, 3)

Size of Images (84, 84, 3)
Batch Size 32

Epoch 3000

MetaWorld

Demonstrations Number 10
Size of Point Clouds (512, 3)

Size of Images (128, 128, 3)
Batch Size 32

Epoch 3000

RoboFactory

Demonstrations Number 150
Size of Point Clouds (512, 3)

Size of Images (128, 128, 3)
Batch Size 128

Epoch 500

C.2. Trajectory Length Allocation of our ReV

For each task in our simulation and real-world experiments, we set the values of N , N1, and N2 based on its execution
complexity (cf. Tab. 7).

C.3. Evaluation Metric

We follow the evaluation protocol from DP3. For the Adroit, DexArt, and MetaWorld benchmarks, each experiment is run
over three seeds (0, 1, 2). For each seed, the policy is evaluated over 20 episodes every 200 epochs, with the mean of the
top-5 success rates recorded. The final performance is reported as the mean and standard deviation across the three seeds.
For the RoboFactory benchmark, each experiment is conducted with a single seed (0) and evaluated over 100 episodes at
epoch 300. This consistent protocol ensures a fair comparison between ReV and the baseline methods.

C.4. Additional Qualitative Results

In this section, we visualize the additional qualitative results of the proposed ReV in Fig. 9, which demonstrate the
effectiveness of our model in referring-aware robotic manipulation.
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Table 7. Trajectory-Length Allocation for each task in simulation and real-world experiments.

Benchmark Task N N1 N2

Adroit Door 54 6 12
Pen 70 6 16

Dexart
Bucket 11 3 8
Laptop 20 4 8
Toilet 70 6 16

MetaWorld

Shelf Place 11 3 8
Soccer 158 14 12

Sweep Into 164 20 8
Reach 200 24 8

RoboFactory

Pick Meat 65 9 8
Lift Barrier 74 10 8

Camera Alignment 74 10 8
Place Food 164 20 8

Real-World

Collect Objects 128 16 8
Moving Playing Card Away 128 16 8

Grabbing Rod 200 24 8

P
lace Food-via
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am

era A
lignm

ent-via

Temporal Direction

Figure 9. Visualization of the trajectories generated by ReV on Place-Food-via and Camera-Alignment-via. Here, we use green
bounding boxes to mark the frames in which the end-effector passes through the designated via-point (green ball).

D. Real-world Experiments Details
D.1. Platform

As illustrated in Fig. 10, we conducted the real-world experiments with a dual-arm setup composed of two ORBBEC
PiPER 6-DOF lightweight manipulators, each fitted with a two-finger gripper. An externally mounted, top-down ORBBEC
DaBaiDC1 RGB-D sensor delivered a global view of the workspace. Demonstrations were collected through two factory
PiPER Teach Pendants that allow simultaneous teleoperation of both arms. A single workstation (NVIDIA GeForce RTX
4090) handles the entire data pipeline: recording observations, performing policy inference and streaming commands to the
arm controllers at 30 Hz.

D.2. Tasks

We construct out real-world modified benchmark based on five original tasks: Collecting Objects, Push T, Stacking Playing
Card, Grabbing Rod and Handing Eraser Over. The specific description for each original task is provided in Tab. 8.
Following this, we inject a mandatory via-point into these original tasks to assess the referring-awareness of all involved
methods. The resulting tasks are termed Collecting Objects-via, Push T-via, Stacking Playing Card-via, Grabbing Rod-via
and Handing Eraser Over-via.
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ORBBEC PiPER 6-DOF Lightweight Robotic Arms

ORBBEC DaBaiDC1 RGB-D Camera

PiPER Teach Pendant

Workspace

Figure 10. Real-world Experimental Platform. The setup comprises a dual-robot arm system, a top-down RGB-D camera, and a black
table serving as the workspace.

Table 8. Original Task Descriptions for real-world experiments.

Task Agent Number Description

Collecting Objects 1 A doll is placed on the table. The robotic manipulator first grasps it and then
transports it into the green box.

Push T 1 A T-shaped object is initially positioned on the table. The robotic arm pushes it
into a predefined T-shaped location.

Stacking Playing Card 1 A playing card is placed flat in the central region of the table. The robotic arm
first grasps it precisely and then places it vertically into another playing card to
achieve a stacking effect.

Grabbing Rod 2 A long rod is placed on a block. The two robotic arms first simultaneously grasp
each end of the rod and then collaboratively lift it to a specified height.

Handing Eraser Over 2 One robotic arm first grasps an eraser precisely. It then passes the eraser to
another robotic arm through a coordinated handover motion.

D.3. Demonstrations.

The demonstrations utilized in our real-world experiments were generated by teleoperating the dual-arm system with the
PiPER Teach Pendants. For each task, we collected a total of 50 demonstrations, each carefully selected to explicitly exhibit
the salient motion and object contacts required for reliable success; episodes that deviated from these criteria were discarded
and re-recorded.
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