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Fetch My Beer: Synthetic-to-Real Hierarchical Policy
for Smooth Pick-and-Place

Yingyue Li"Y, Chenyangguang Zhang"”, Ruida Zhang

Abstract—Many real-world robotic applications require dynam-
ically sensitive manipulation, where success depends not only on
reaching a target state but on maintaining stable object dynamics
throughout execution. We study the stable transport of liquid-filled
containers, where a robot must move objects to target locations
while suppressing sloshing and preventing spillage. Unlike conven-
tional pick-and-place, this task imposes stringent requirements on
motion smoothness and trajectory-level stability, exposing clear
limitations in existing systems. Specifically, fluid simulation re-
mains too costly for online reinforcement learning; human teleop-
eration introduces unintended accelerations that induce sloshing
during imitation learning; and current policy pipelines optimize
for task completion rather than dynamic stability. We propose
a synthetic-to-real framework coupling physically validated data
generation with a hierarchical, diffusion-based controller. The
scalable data pipeline synthesizes grasps, filters unstable poses
via a vision-language model, and validates transport trajectories
through fluid simulation. The policy is organized with a high-level
module that translates language and visual observations into SE(3)
control targets, and a latent diffusion controller that first plans
efficiently in a compact latent space and then decodes dense action
chunks, enabling the high control frequency needed for smooth and
stable motion. Extensive experiments show our system outperforms
state-of-the-art manipulation policies in transport smoothness and
dynamic stability.

Index Terms—Deep learning in grasping and manipulation,
learning from demonstration, machine learning for robot control.

1. INTRODUCTION

ECENT advances in robot manipulation [1], [2], [3], [4],
[5], [6], [7] have enabled remarkable progress in table-
top manipulation such as pick-and-place, rearrangement, and
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Fig. 1. Indynamically sensitive tasks such as liquid transport, abrupt accelera-

tion and excessive tilt lead to sloshing and spillage, whereas smooth, temporally
consistent motion enables stable, spill-free transport.

tool use. However, many real-world tasks require dynamically
sensitive manipulation, where success depends not only on
reaching a goal pose, but also on maintaining stable object
dynamics throughout execution. Representative examples in-
clude transporting liquid-filled containers, carrying fragile or
deformable objects, and manipulating items with unstable con-
tents, which is highly relevant to service robotics, laboratory
automation, and industrial delivery scenarios. In these tasks,
even small undesired accelerations, jitter, or abrupt corrective
motions can induce irreversible dynamic disturbances, leading
to failure despite correct final positioning. In this work, we
study stable robotic transport of liquid-filled containers, where
a robot must move objects to target locations while suppressing
sloshing and preventing spillage. Compared with conventional
pick-and-place tasks, such dynamically sensitive manipulation
imposes substantially stricter constraints on motion smoothness
and stability, requiring joint reasoning over semantics, geometry,
and fine-grained control (See Fig. 1).

Despite its practical importance, stable and smooth robotic
manipulation remains highly challenging for existing robot
learning systems. For Reinforcement Learning (RL) methods,
the computational expense of fluid simulation poses a severe
bottleneck. Because computing fluid dynamics is significantly
slower than rigid-body simulation, performing the millions of
online, interactive steps required for RL convergence is com-
putationally prohibitive. Conversely, Imitation Learning (IL)
allows for offline training but faces a fundamental difficulty
in data collection. Human teleoperation for dynamically sen-
sitive tasks is highly error-prone, since even small unintended
accelerations can induce severe sloshing or instability. Although
simulation-based data generation provides a scalable alternative,
existing pipelines [8], [9], [10], [11], [12], [13] primarily opti-
mize for rigid-body task completion and geometric feasibility,
while overlooking motion stability and smoothness. On the
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policy side, recent diffusion-based visuomotor policies [3], [14],
[15],[16], [17] and Vision-Language-Action (VLA) models [4],
[5], [6], [7] perform well on general manipulation benchmarks,
but primarily optimize geometric accuracy rather than dynamic
stability. In particular, dynamically sensitive manipulation tasks
require policies to jointly perform semantic reasoning, long-
horizon motion planning, and high-frequency smooth control
under stringent stability constraints. This multi-scale require-
ment remains difficult for existing flat, end-to-end architectures
to balance. As aresult, enabling reliable and stable manipulation
requires not only physically grounded data generation pipelines,
but also control architectures explicitly designed for temporally
coherent and stability-aware manipulation.

To address these challenges, we propose a comprehensive
synthetic-to-real framework that combines physically validated
synthetic data generation with a hierarchical, diffusion-based
control architecture for stable and smooth robotic manipulation.
On the data generation side, we develop a scalable pipeline
in NVIDIA Isaac Sim and Isaac Lab [18] to automatically
produce high-quality demonstrations across diverse scenes and
container categories. Specifically, we generate diverse grasp
candidates using state-of-the-art grasp models and leverage a
Vision-Language Model (VLM) to filter out physically infeasi-
ble or geometrically unstable poses. We then compute smooth
trajectories using motion planning and rigorously validate them
through fluid simulation. This ensures that the collected dataset
satisfies both geometric feasibility and stringent trajectory-level
stability constraints. On the policy side, we introduce a hierarchi-
cal control framework that decouples semantic task reasoning
from high-frequency motion generation. At the high level, a
keyframe policy infers task-relevant SE(3) sub-goals from lan-
guage instructions and multi-view RGB-D observations. Con-
ditioned on these sub-goals, the low-level controller employs a
latent diffusion architecture: compact latent action sequences
are efficiently generated in a lower-dimensional space, then
subsequently refined into dense, executable trajectories via a
decoder. This hierarchical design promotes temporally coherent,
smooth motion generation while maintaining high-frequency
responsiveness.

To evaluate manipulation under fluid-induced dynamics, we
introduce a simulation benchmark and metrics that prioritize
trajectory-level stability over mere task success. Our benchmark
assesses policy generalization across diverse object geometries,
workspace layouts, and visual shifts. To quantify performance,
we introduce metrics that jointly measure task success, tra-
jectory smoothness, container orientation stability, and worst-
case tilt. Experiments demonstrate that our method consistently
outperforms strong hierarchical diffusion and VLA baselines
across both in-domain and out-of-domain settings. Furthermore,
trained solely on synthetic demonstrations, our policy achieves
effective zero-shot sim-to-real transfer without any real-world
fine-tuning.

Our main contributions are summarized as follows:

e We develop a scalable synthetic data generation pipeline
with physics-based fluid validation, enabling efficient col-
lection of dynamically stable manipulation demonstrations
and reliable sim-to-real transfer.

® We introduce a simulation benchmark together with evalu-
ation metrics that capture both task success and trajectory-
level dynamic stability, enabling systematic evaluation un-
der in-domain and out-of-domain settings.

IEEE ROBOTICS AND AUTOMATION LETTERS, VOL. 11, NO. 11, NOVEMBER 2026

® We design a hierarchical latent diffusion framework that
decouples semantic reasoning from high-frequency motion
generation, achieving stable and smooth manipulation in
simulation and zero-shot real-world scenarios.

II. RELATED WORK

A. Dynamically Sensitive Manipulation

Manipulating dynamically sensitive objects is a long-standing
problem in robotics, where task success depends on both ge-
ometric accuracy and stable physical evolution. Early studies
on liquid transport [19], [20], [21], [22], [23] primarily relied
on model-based control, trajectory optimization, and vibra-
tion suppression techniques to reduce fluid oscillation. While
these methods demonstrate strong performance in carefully
modeled settings, they often require accurate fluid dynamics
priors, handcrafted controllers, or fixed robot configurations,
limiting their generalization to unstructured settings. This has
motivated increasing interest in learning-based approaches for
stability-aware manipulation.

B. Visuomotor Policy and Hierarchical Robot Control

Behavior cloning (BC) methods [1], [2], [3] learn policies
from expert demonstrations, enabling robots to directly map
visual observations and language instructions to continuous
actions. Large VLA models [4], [5], [6], [7] further improve
task generalization through vision-language pretraining. Direct
dense action prediction, however, can be computationally ex-
pensive and temporally inconsistent, which is problematic when
small action errors disturb object dynamics. Hierarchical control
mitigates this issue by decomposing manipulation across tem-
poral abstraction levels. Prior works have explored hierarchical
learning through sub-tasks, sub-goals, and multi-stage poli-
cies [24],[25], [26], [27], which improve long-horizon reasoning
and simplify low-level action generation. We follow this prin-
ciple and use event-labeled keyframes for task-level reasoning
and latent diffusion for smooth, high-frequency control.

C. Synthetic Data Generation

Large-scale demonstration data is essential for training ro-
bust visuomotor policies, yet real-world collection of dynami-
cally stable manipulation trajectories is expensive and difficult
to scale. Recent robotic simulation frameworks and synthetic
data generation benchmarks, such as RoboTwin [9], [10] and
ManiSkill [11], [12], [13], have enabled scalable demonstration
generation through scripted expert policies, dense-reward RL,
or human teleoperation. However, most pipelines emphasize
rigid-body completion and collision-free motion rather than dy-
namic stability along the full trajectory. Our pipeline additionally
applies physics-based validation, retaining trajectories that are
both geometrically feasible and dynamically stable.

III. SIMULATION

Training stable and precise manipulation policies requires
a large volume of high-quality demonstrations that are kine-
matically feasible, smooth, and dynamically safe. Real-world
teleoperation is expensive and unreliable for this purpose, as
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Stability-aware synthetic data generation pipeline. We sample diverse objects and scenes, generate 6-DoF grasp candidates from segmented point clouds,

and use a vision-language model to score each rendered grasp proposal with a short feasibility reason. Selected grasps are passed to a smooth trajectory planner,
which enforces kinematic feasibility and collision avoidance. Candidate trajectories are then filtered by tilt screening and physics-based fluid simulation to remove

unstable or spill-prone motions.

small control errors can easily destabilize the manipulated ob-
ject. While simulation offers a scalable alternative, existing
pipelines primarily target rigid-body collision avoidance and
goal reaching. For dynamically sensitive tasks, such geometric
checks are insufficient: trajectories that reach the goal can still
fail due to abrupt acceleration or invalid intermediate poses.
We therefore build a stability-aware synthetic data generation
pipeline in NVIDIA Isaac Sim [18], shown in Fig. 2. For each
scene configuration, the pipeline proposes grasp candidates, fil-
ters implausible ones via a VLM, plans and optimizes grasp-to-
place trajectories with cuRobo [28], and validates them through
rule-based tilt screening and physics-based fluid simulation.
This pipeline enables scalable collection of high-quality demon-
strations that satisfy semantic consistency, kinematic feasibility,
and trajectory-level dynamic stability.

A. Grasping Proposals

We use AnyGrasp [29], a state-of-the-art grasp pose estima-
tion model, to generate diverse 6-DoF grasp hypotheses from
rendered scene point clouds. Given the target object geometry,
the grasp model produces a ranked set of candidate gripper poses
that covers multiple approach directions and contact regions.
Retaining multiple candidates is important for stable manipula-
tion: a grasp that is reachable and force-closure feasible may still
lead to poor downstream motion if it constrains the wrist, induces
unfavorable object poses during transport, or leaves little margin
for smooth placement. We therefore keep a diverse candidate set
rather than committing to the top geometric grasp directly. This
design allows the following stages to select grasps according to
task-level plausibility and trajectory feasibility, not only local
contact geometry.

B. VLM-Based Filtering

Purely geometric grasp models do not account for whether a
grasp is suitable for stable downstream motion, and their con-
fidence scores may not reflect transport feasibility in a specific
scene. We therefore use Qwen3-VL [30] as a feasibility filter be-
fore motion planning. Since the VLM operates on 2D inputs, we
render each 6-DoF grasp by projecting a simplified gripper mesh
onto the scene image, thereby explicitly visualizing the pro-
posed gripper-object interaction. Given this composite image,

the VLM predicts a confidence score with a brief justification.
This stage filters out candidates that are visually implausible or
unsuitable for the task, such as grasps that collide with the table,
insert the gripper into the container, approach the object from
an infeasible direction, contact unstable regions, or result in an
unfavorable object pose for subsequent transport. The remaining
candidates are sorted by VLM confidence and passed to the
motion planning stage. In this way, the pipeline combines the
geometric coverage of grasp proposal networks with the visual
reasoning and commonsense feasibility assessment of a VLM
before costly trajectory execution and stability validation.

C. Smooth Path Planning With Stability-Aware Filtering

To obtain high-quality robot end-effector trajectories that
satisfy the stringent smoothness requirements for manipulating
liquid-filled containers, we employ cuRobo [28], a CUDA-
accelerated library, as an efficient motion generation backend for
inverse kinematics and trajectory optimization. Given the grasp
candidates filtered and ranked by VLM, we randomly sample
multiple candidate placement poses on the target platform for
each selected grasp and use cuRobo to solve the corresponding
grasp-to-place motions. Among all these feasible motions, we
select the trajectory with the best optimization quality, consid-
ering IK feasibility, collision avoidance, and trajectory cost.

To ensure that the collected data satisfy the strict smoothness
and stability requirements of stable and smooth manipulation,
we further apply two complementary filtering mechanisms: a
rule-based screening criterion and physics-based fluid simula-
tion. The rule-based screening serves as a lightweight prelim-
inary filter to quickly eliminate clearly unsuitable trajectories
during execution. Specifically, we monitor a dedicated Z-axis
cup angle metric and reject trajectories in which the cup deviates
from the vertical direction by more than an experimentally
determined threshold of 15 degrees. This criterion provides
an efficient way to remove motions that are highly likely to
cause spillage during transport. Beyond the tilt-based geometric
heuristic, we further evaluate the remaining trajectories with
particle-based fluid simulation in Isaac Sim. This step is de-
signed to capture spill-prone motions that cannot be detected by
cup orientation alone. In particular, a trajectory may keep the
container nearly upright while still inducing strong liquid slosh-
ing due to abrupt velocity changes, high accelerations, or jerky
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Architecture of the proposed hierarchical latent diffusion policy. The high-level policy predicts task-relevant SE(3) sub-goals Py, from language

instructions and multi-view RGB-D observations. Conditioned on the predicted target pose, recent visual observations, and proprioceptive state history, the
low-level latent diffusion policy iteratively denoises in the learned latent action space to generate a latent action sequence Zg. A lightweight decoder then maps zg

into dense executable action chunks a for smooth and high-frequency execution.

motions during transport. Such dynamic effects are difficult to
identify using rule-based tilt screening, but they are critical for
stable liquid manipulation. We therefore use the Position Based
Dynamics (PBD) [31] solver in Isaac Sim as a physics-based
validation stage to reject trajectories that complete the geometric
task yet cause excessive liquid oscillation or spillage. Only
trajectories that pass both filters are stored as demonstrations.
As aresult, the dataset contains motions that are geometrically
feasible, smooth at the trajectory level, and dynamically stable
under the fluid-sensitive setting.

IV. HIERARCHICAL LATENT DIFFUSION POLICY

We propose a hierarchical control framework for stable and
smooth pick-and-place tasks, as illustrated in Fig. 3. The key
motivation is that dynamically sensitive manipulation involves
heterogeneous requirements across temporal scales. Task-level
reasoning determines where to grasp and place from language
and multi-view observations, while execution-level control must
generate high-frequency, temporally coherent actions without
abrupt corrections. Coupling these requirements into a mono-
lithic observation-to-action policy makes it difficult to balance
low-frequency semantic reasoning with high-frequency smooth
control. Moreover, directly applying diffusion to dense action
chunks in the original action space can be computationally
expensive and may introduce temporally inconsistent low-level
motions, which are undesirable for stability-sensitive execution.
We therefore decompose control into a high-level keyframe
policy and a low-level latent diffusion policy. The high-level
policy predicts SE(3) sub-goals for the current manipulation
stage. Conditioned on each sub-goal, the low-level policy first
generates compact latent action sequences through diffusion and
then decodes them into dense executable action chunks for stable
execution.

A. High-Level Keyframe Pose Prediction Policy

The high-level policy 7z maps language instructions ! and
multi-view RGB-D observations O, to the next keyframe end-
effector pose Py € SE(3), which represents task-level sub-
goals such as grasping or placing poses:

Pgoal = ﬂ—H((Qtvl)' (D

During data generation, we directly record the end-effector
poses at the successful grasp and placement events as the two
keyframe annotations, requiring neither manual labeling nor
velocity-based post-processing. We employ RVT-2 [1] as the
high-level policy and retain its original architecture. RVT-2’s
design features a virtual-view re-rendering mechanism that
enhances camera-viewpoint generalization, alongside a multi-
stage refinement pipeline that improves pose predictions. The
predicted sub-goals are passed to the low-level policy, decou-
pling semantic reasoning from smooth motion generation.

B. Low-Level Latent Diffusion Policy

The primary objective of the low-level policy is to trans-
late the sparse SE(3) sub-goals predicted by the high-level
policy into smooth, high-frequency end-effector trajectories.
A straightforward solution is to employ the standard Diffu-
sion Policy [3] to directly generate dense action chunks in the
raw action space. However, its iterative denoising process is
computationally costly for high-frequency control, and small
inconsistencies across successive predicted chunks can lead to
oscillatory motions, increasing the risk of fluid spillage.

Inspired by recent latent-space diffusion [15], [25], we pro-
pose a Latent Diffusion Policy that separates efficient motion
generation from dense trajectory reconstruction. Specifically, we
train an action autoencoder that compresses a dense action chunk
into a lower-dimensional latent action sequence along both
the temporal and action-feature dimensions, and reconstructs
it back into a dense, executable trajectory. The diffusion policy
generates a motion plan in this compact latent space, reducing
inference latency compared to raw-action diffusion. Then, a
lightweight decoder decodes the predicted latent representations
into dense, high-frequency action chunks for execution. This
design preserves the generative flexibility of diffusion models
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while improving both computational efficiency and temporal
consistency for stable manipulation.

Action Autoencoder: The action autoencoder is formulated as
a variational autoencoder (VAE) that compresses dense action
chunks along both the temporal and action-feature dimensions,
constructing a compact latent space for downstream diffusion-
based trajectory generation. Given a dense action chunk a €
RT*Pa | the encoder &, predicts the parameters of a diagonal
Gaussian posterior:

qp(z | 2) = N (py(a), diag(o7(a)) , 2

where z € RT*P= T' < T, and D, < D,. During training, a
latent action sequence z is sampled from this posterior using the
reparameterization trick and then reconstructed by a lightweight
decoder:

a="Dy(z), acR™*Pa, (3)

where Dy is implemented as a multilayer perceptron (MLP).
The encoder and decoder are trained jointly with reconstruction
and KL regularization losses:

Lag = M lla—al; + 1z ]a—al3
+ Ak Dke (q4(z | @) [| NV(0,1)). “4)

The reconstruction terms encourage accurate recovery of dense
executable trajectories, while the KL term regularizes the latent
posterior toward a standard Gaussian prior, yielding a continuous
latent space for diffusion-based generation.

Latent Diffusion Policy: We formulate action generation as a
goal-conditioned diffusion process in a continuous latent action
space. After training the action autoencoder, each demonstration
action chunk a is encoded into a deterministic latent action
representation as the clean target for diffusion by taking the
posterior mean of the encoder:

7o = py(a). &)

To guide the generation process of zg, the policy is condi-
tioned on a multi-modal temporal context c¢ that integrates
visual perception, proprioceptive state history, and goal spec-
iﬁcation Formally, the conditioning signal is defined as ¢ =
{ot et OF b Pooa 1, where: (i) 0, h , denotes a short-horizon
sequence of RGB observations that provides recent visual feed-
back from the scene; (i) o} 7., represents a longer history of
robot proprioceptive states, capturing past motion dynamics and
trajectory evolution; and (iii) Py € SE(3) specifies the target
end-effector pose predicted by the high-level policy. Together,
these conditioning inputs enable the policy to adapt to short-term
visual changes, maintain temporal consistency with the motion
history, and generate actions directed toward the target pose.

We model the distribution of latent action sequences
with a conditional Denoising Diffusion Probabilistic Model
(DDPM) [32]. During training, we perturb the clean latent action
sequence zg defined in (5) with Gaussian noise at diffusion step
k:

Zp = @ZO + v 1- €, € N(Ovl)a (6)

where @, denotes the cumulative noise schedule. A conditional
noise prediction network €y, implemented as a 1D U-Net, takes
the noisy latent sequence z;, the conditioning context c, and
the diffusion step k as input, and predicts the injected noise.
The latent diffusion policy is trained with the standard noise
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prediction objective:

‘CLDP — Ezo,c,e,k ||6 - €9(Zk, C, k)iig} . (7)

During inference, we sample an initial latent noise sequence
zx ~ N(0,1I) and iteratively denoise it conditioned on ¢ for
K steps to generate the predicted latent action sequence Zg.
The resulting latent sequence is then fed into the decoder Dy, to
generate dense executable action chunks. Following ACT [2], we
apply temporal ensemble across consecutive decoded chunks,
where overlapping predictions for the same execution timestep
are aggregated with exponentially decayed weights. This re-
duces chunk-boundary discontinuities and improves execution
smoothness.

V. EXPERIMENTS

A. Experimental Setup

Benchmark: We evaluate stable manipulation on a liquid
transport benchmark, where a robot is required to grasp a liquid-
filled container, transport it to a designated target platform, and
place it successfully while suppressing sloshing and preventing
spillage. We construct the benchmark using the synthetic data
generation pipeline described in Section III. We use diverse cup
assets from Isaac Sim and Objaverse [33], covering different
materials, shapes, and visual appearances, together with ran-
domized tabletop textures and scene settings. We introduce a
raised target platform to increase spatial difficulty and evaluate
stable transport across height variations. In total, we generate
12 scene variations with 100 demonstrations each, resulting in
1200 training episodes.

To evaluate both in-distribution performance and out-of-
domain (OOD) robustness, we test all methods on 50 config-
urations for each of four distinct splits:

1) In-domain, following the training distribution;

2) OOD-Object, utilizing unseen cup instances;

3) OOD-Scene, using unseen tabletop textures and back-

grounds; and

4) OOD-Object+Scene, combining both shifts to assess

compound generalization.

For a fair comparison, all evaluations use the same fixed
initializations and are reported over three random seeds.

Implementation Details: The high-level RVT-2 policy is
trained on the generated keyframe annotations using the original
training recipe. The low-level policy is trained sequentially in
two stages.

Stage 1: Action Autoencoder: A CNN encoder compresses a
32 x 10 action chunk into an 8 X § latent action representation,
which an MLP decoder reconstructs into raw actions (3D posi-
tion, 6D rotation, and 1D gripper width). We optimize this model
using the autoencoder loss Lag defined in (4) with AdamW for
600 epochs with a batch size of 64, a learning rate of 1 x 1073,
and a weight decay of 1 x 1074,

Stage 2: Latent Diffusion Policy: The policy predicts these
8 x 8 latent action representations conditioned on four visual
steps, a 20-step proprioceptive history, and the target keyframe
pose. It uses a ResNet-18 image encoder and a 100-step DDIM
scheduler. Optimization is performed using the latent diffusion
loss Ly pp defined in (7) with AdamW for 400 epochs with a
batch size of 64, a learning rate of 1 x 10~%, a weight decay of
1 x 10~%, EMA, and a cosine decay schedule.
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Inference efficiency: On an RTX 3090, LDP uses 300 M
parameters, 93.94 ms per inference, and 1.19 GB peak GPU
memory, versus 330 M, 107.06 ms, and 1.33 GB for raw-action
DP, reducing latency by 12.3% and memory usage by 10.5%.

Baselines: We compare our method against three represen-
tative baselines. First, RVT-2 + DP is a hierarchical baseline
that shares our high-level module but replaces the low-level
latent diffusion with a standard Diffusion Policy [3] operating
in the raw action space. This baseline isolates the impact of
our latent-space action generation design while keeping the
hierarchical structure identical. Next, mg 5 (few-shot) evaluates
the pre-trained generalist VLA model 7y 5 [7] fine-tuned on
10% of our training data, assessing whether general VLA priors
canrapidly adapt to dynamically sensitive manipulation. Finally,
7.5 (full data) fine-tunes the same VLA model on the complete
training dataset. This setting evaluates whether a monolithic
VLA model can achieve comparable stability and smoothness
when trained with the same task-specific demonstrations.

Metrics: To evaluate stable and smooth manipulation, we
use four metrics that jointly measure task completion, object
stability, and motion smoothness. To ensure meaningful and fair
comparisons, the latter three metrics (OE, MTA, and TS) are
computed exclusively over successful trials.

Success Rate: (SR, %) measures the percentage of trials in
which the robot successfully grasps the cup, transports it to the
target platform, and maintains the fluid loss below 5% of the
total fluid particles.

Orientation Error: (OE, rad - s) evaluates the cumulative cup
deviation from the upright direction during execution:

T
Eorient = /0 etilt(t) dta (8)
where 0, (t) is the angle between the cup’s central axis and the
global vertical axis at time ¢, and 7 is the task duration. Lower
OE indicates more consistent maintenance of the upright pose
throughout transport.

Maximum Tilt Angle: (MTA, °) measures the worst-case cup
deviation during execution:

amax = max atill(t)-
te[0,T7
This metric captures transient instability that may be averaged
out or missed by the cumulative orientation error.
Trajectory Smoothness: (TS, m?/s®) measures the average
squared jerk of the end-effector trajectory:

J1/T 15 (8)|2 dt
=y > 4

where X (¢) denotes the end-effector jerk. Lower TS indicates
smoother motion with fewer abrupt acceleration changes, which
is critical for reducing liquid sloshing.

€))

(10)

B. Simulation Evaluation

We first evaluate the proposed framework against the base-
lines in simulation, assessing both in-domain performance and
out-of-domain robustness across four evaluation splits.

In-domain Evaluation: As shown in Table I, our method
achieves the best overall performance among all methods. Com-
pared with RVT-2 + DP, which shares the same high-level
module but generates actions in the raw action space, our method
improves the success rate by 10.49%. It also achieves lower

IEEE ROBOTICS AND AUTOMATION LETTERS, VOL. 11, NO. 11, NOVEMBER 2026

TABLE I
IN-DOMAIN AND OUT-OF-DOMAIN SIMULATION EVALUATION

Method SR 1 OE | MTA | TS |
In-Domain Evaluation
0.5 (few-shot) 11134052 1.33+033 18.53+422 277.29+11565
7o.5 (full data) 49.03+475 1.23+000 17.29+035 2724342024
RVT-2 + DP 69.74+971  0.62+006 9.71+063  80.19+648
RVT-2 + LDP (Ours) 80.23+0s5 0.55+003 8.87+020  61.98+4.10
Out-of-Domain Evaluation (Object)
0.5 (few-shot) 5.33+462  0.96+004 16514112 1554541076
0.5 (full data) 41.60+146 0.91+007 15344062 207.92457.91
RVT-2 + DP 69.45+760 0.80+000 11.52+107 83.02+8389
RVT-2 + LDP (Ours) 76.42+020 0.67+002 9.57+011  68.35+578
Out-of-Domain Evaluation (Scene)
0.5 (few-shot) 2974257 2.02+069 23.124257 226.48+4072
0.5 (full data) 30.22+640 1.28+017 18.83+099 178.30+2134
RVT-2 + DP 71.79+s858 0.75+014 9.48+077  86.23+1298
RVT-2 + LDP (Ours) 73.30+441 0.61+005 8.34+038  65.13+59
Out-of-Domain Evaluation (Object + Scene)

0.5 (few-shot) 9.94+121 0.61+04s 11924545 191.61+507
0.5 (full data) 27.58+774 1.03+011 16.07+0s2 147214042
RVT-2 + DP 48.42+156 0.74+007 10.04+084 85.03+15.14
RVT-2 + LDP (Ours) 70.08+10s83 0.63+0.11 8.58+103  58.13+501

OE, MTA, and TS, indicating better upright-pose maintenance
and reduced transient instability during transport. These results
show that generating low-level motions in a compact latent space
is more effective than directly diffusing dense raw actions for
stable manipulation. The VLA baselines perform substantially
worse in this dynamically sensitive setting. Although full-data
fine-tuning improves m( 5 over the few-shot variant, its success
rate remains far below that of the hierarchical methods. This
indicates that general VLA priors alone are insufficient for sta-
ble manipulation, and that directly learning end-to-end actions
remains challenging even with task-specific demonstrations.
Qualitative rollouts of our policy, provided in the attached video
and Fig. 4(a), demonstrate its ability to transport the container
with minimal sloshing while maintaining a consistent upright
pose throughout execution.

Out-of-domain Evaluation: As shown in Table I, our method
consistently achieves the highest success rate across all OOD
splits, indicating strong generalization of the learned stability-
aware behavior. This advantage becomes most pronounced in
the challenging OOD-object+scene setting, where our method
improves upon RVT-2 + DP by 21.66% in success rate. The
stability metrics also show consistent gains. Compared with
RVT-2 + DP, our method generally achieves lower OE, MTA, and
TS, suggesting that latent-space action generation provides more
robust low-level control under distribution shifts. In contrast,
the VLA baselines exhibit limited OOD robustness, especially
under the compound shift, indicating that general VLA priors
alone are insufficient for stable manipulation. Qualitative results
of our policy in the attached video and Fig. 4(b) illustrate its
robust performance under distribution shifts, showcasing stable
transport with minimized tilt and smooth motion.

C. Real-World Evaluation

We further evaluate our framework on a physical robotic
platform to examine its zero-shot sim-to-real transfer capability.
The platform consists of a KUKA LBR iiwa 14 R820 robot arm
equipped with a Robotiq 2F-140 gripper. For perception, we

Authorized licensed use limited to: Tsinghua University. Downloaded on October 19,2026 at 12:54:23 UTC from IEEE Xplore. Restrictions apply.



LI et al.: FETCH MY BEER: SYNTHETIC-TO-REAL HIERARCHICAL POLICY FOR SMOOTH PICK-AND-PLACE

13165

Fig. 4.

AT 4 “2
(¢) Zero-shot Real-world Evaluation

7

Qualitative results in simulation and the real world. (a) In-domain simulation evaluation on seen distributions. (b) Out-of-domain simulation evaluation

on unseen objects and scene configurations. (c) Zero-shot real-world evaluation, demonstrating the sim-to-real transfer of the learned policy.

TABLE I
REAL-WORLD EVALUATION

Method SR+ OE, MTA| TS
705 (full data) 36.67 098 10.56 150.58
RVT-2 + DP 50.00 0.70 5.88  63.46
RVT-2 + LDP (Ours) 7333 0.65 3.96 50.73

utilize two ZED 2i RGB-D cameras: a front camera observing
the workspace and a wrist camera.

During real-world deployment, we adopt a latency-aware
asynchronous execution strategy [34] to avoid inference-induced
pauses, which are particularly harmful for liquid transport.
While the robot executes the current action chunk, the policy
infers the next chunk from the latest observations. Once the new
chunk is available, actions corresponding to timesteps already
elapsed during inference are discarded, and the remaining future
actions are temporally ensembled with overlapping predictions
for smooth continuous execution.

We evaluate the policies on a diverse set of real-world cups
made of glass, plastic, and metal, which vary significantly in
shape, size, reflectance, and visual appearance. Each policy is
evaluated over 30 real-world trials. We omit 7 5 (few-shot)
from the real-world evaluation because its preliminary rollouts
were highly unstable and unsafe for liquid transport. Crucially,
all reported policies are trained purely on synthetic demonstra-
tions, without any real-world demonstrations, fine-tuning, or
adaptation. Thus, the real-world evaluation serves as a direct
test of both the quality of our stability-aware synthetic data and
the sim-to-real generalization of the learned policy. Qualitative
real-world rollouts of our policy are provided in the attached
video and Fig. 4(c).

As shown in Table II, our method achieves the best overall
real-world performance among all compared methods. Since all
policies are deployed without real-world adaptation, the results
indicate that our simulation pipeline generates demonstrations
that capture transferable stability-aware behaviors. Compared
with RVT-2 + DP, our method achieves better task success,
stability, and smoothness, demonstrating the advantage of
the latent-space action generation over raw-action diffusion
for high-frequency real-world execution. The gap over 7 5
further suggests that dynamically sensitive manipulation
requires more than generalist semantic and visual priors; it
demands an architecture capable of generating temporally
coherent, stability-aware actions. Overall, the real-world
results demonstrate the zero-shot sim-to-real capability of our

TABLE III
ABLATION STUDIES

Component  Variant SR 1 OE| MTA | TS |
70.08+1083 0.63+0.11 8.58+103 58.13+501

Data pipeline w/o Traj. Filter 54.02+1108 0.72+005 10.07+034 59.42+647

Full model -

Hierarchy LDP-only 29.714999 0.89+008 10.77+1.23 158.89-+38.10
Histo Hist-4 55.484391 0.67+015 9.14+002  64.14+304
story Hist-12 57.40+1145 0.61+004 8.90+077 58.784527

Aggregation w/o Ensemble 18.37+1.06 2.11+037 16.38+128 218.47 4711

hierarchical policy and validate the effectiveness of training
purely on synthetic, stability-aware demonstrations.

D. Ablation Study

We evaluate the contribution of each key component under
the OOD-object+scene setting, as reported in Table III.

Stability-aware data filtering: Removing both tilt screening
and fluid simulation (w/o Traj. Filter) degrades both success
rate and stability. This indicates that geometric and kinematic
feasibility alone is insufficient for stable dynamics, underscoring
the necessity of trajectory-level dynamic validation.

Hierarchical keyframe prediction: Removing the high-level
keyframe policy (LDP-only) causes a substantial performance
drop. This confirms that the low-level policy alone struggles to
infer both task-level goals and smooth executable trajectories
under compound shifts, justifying the decomposition of seman-
tic reasoning and motion generation.

Proprioceptive history length: Shortening proprioceptive his-
tory (Hist-4, Hist-12) reduces success rates compared to our full
Hist-20 model. While Hist-12 maintains comparable stability,
Hist-20 achieves the strongest overall performance, demonstrat-
ing that longer history provides crucial temporal context for
execution under distribution shifts.

Temporal ensemble: Removing temporal ensembling (w/o
Ensemble) causes the most significant performance degrada-
tion. This component is critical for stable closed-loop execution
as it suppresses abrupt chunk-boundary transitions, thereby re-
ducing spill-inducing motions under unseen configurations.

VI. CONCLUSION

In this work, we present a synthetic-to-real framework for
the dynamically stable and smooth manipulation of liquid-filled
containers. Our approach combines a stability-aware synthetic
data pipeline with a hierarchical latent diffusion policy, enabling
the generation of smooth trajectories. Evaluations show that
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our framework improves success rates, trajectory stability, and
motion smoothness in both simulation and real world com-
pared to representative baselines. Notably, real-world experi-
ments demonstrate zero-shot sim-to-real generalization without
any real-world demonstrations. Future work will extend this
framework to other dynamically sensitive manipulation tasks
beyond liquid transport.
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