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Fig. 1: Spillage-aware trajectory generation with GRITS. Robotic food scooping demands exact and delicate control,
as small deviations can result in spillage. GRITS addresses this challenge by leveraging predicted spillage probabilities to
adaptively refine trajectories, leading to safer and more reliable manipulation. The adjustments are subtle, with an average
displacement of only 0.3 cm between consecutive trajectory points.

Abstract— Robotic food scooping is a critical manipulation
skill for food preparation and service robots. However, existing
robot learning algorithms, especially learn-from-demonstration
methods, still struggle to handle diverse and dynamic food
states, which often results in spillage and reduced reliabil-
ity. In this work, we introduce GRITS: A Spillage-Aware
Guided Diffusion Policy for RobotIc Food Scoop TaskS. This
framework leverages guided diffusion policy to minimize food
spillage during scooping and to ensure reliable transfer of
food items from the initial to the target location. Specifically,
we design a spillage predictor that estimates the probability
of spillage given current observation and action rollout. The
predictor is trained on a simulated dataset with food spillage
scenarios, constructed from four primitive shapes (spheres,
cubes, cones, and cylinders) with varied physical properties
such as mass, friction, and particle size. At inference time, the
predictor serves as a differentiable guidance signal, steering
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the diffusion sampling process toward safer trajectories while
preserving task success. We validate GRITS on a real-world
robotic food scooping platform. GRITS is trained on six food
categories and evaluated on ten unseen categories with different
shapes and quantities. GRITS achieves an 82% task success
rate and a 4% spillage rate, reducing spillage by over 40%
compared to baselines without guidance, thereby demonstrating
its effectiveness. More details are available on our project
website: https://hcis-lab.github.io/GRITS/.

I. INTRODUCTION

Robotic food scooping is a critical manipulation skill with
broad applications in food preparation [1]-[4] and assistive
feeding [5]-[14]. These technological advances can boost
efficiency, ease labor shortages, and improve quality of life
for care recipients and caregivers. Recently, learning from
demonstrations (LfD) has attracted great attention for robot
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food scooping [5], [10], [11], [14]. These methods have
shown great promise in learning policies for manipulating
dynamic and deformable food items. However, these methods
are limited by the coverage of available demonstrations
because collecting data across diverse food types and condi-
tions is costly and labor-intensive. This constraint prevents
methods from generalizing to unseen scenarios and adapting
to evolving deployment requirements.

Among emerging approaches, diffusion policies stand out
for their strong capability and generalization across diverse
robotic manipulation tasks, including food manipulation [15],
[16]. These models are appealing as they demonstrate strong
generalization and robustness with relatively few expert
demonstrations. While these models can favorably imitate
demonstrations, they fail to account for unseen food states
such as a bowl full of food, as shown in Fig. 1, and that
often causes unintended spillage. Recently, guided diffusion
policies have emerged. They enable test-time guidance that
refines motion trajectories based on the intended objectives,
while ensuring task success without retraining. For exam-
ple, the community has applied test-time guidance to steer
diffusion models toward specified task outcomes [17], avoid
undesirable states such as collisions [18], and ensure stability
and smoothness of robot trajectory [19]. This leads our
central question: Can guided diffusion policy be leveraged
to adjust trajectories in real-world food scooping, ensuring
task success while avoiding risky situations such as spillage?

In this work, we introduce GRITS: A Spillage-Aware
Guided Diffusion Policy for Robotlc Food Scoop TaskS.
GRITS exploits diffusion policy [15] and proposes a novel
guidance mechanism to minimize food spillage during scoop-
ing and to ensure reliable transfer of food items from
the initial to the target location. Specifically, we design a
spillage predictor that estimates the probability of spillage
given a current observation and an action rollout. However,
training such a predictor in the real world is impractical,
as data collection would require tremendous effort to create
spillage scenarios and manage cleanup. To overcome this
challenge, we utilize Isaac Lab [20], a high-fidelity simu-
lator, to construct a simulated food scooping dataset. We
design four primitive shapes (spheres, cubes, cones, and
cylinders) and assign them diverse physical properties such
as mass, friction, and particle size, which are randomized
within specified ranges during dataset collection. This design
synthesizes a broad set of controllable food-like items and
spillage scenarios. We choose point clouds as the predictor’s
input representation to mitigate the sim-to-real gap. The
trained spillage predictor is integrated into the denoising
process of a guided diffusion policy to continuously evaluate
spillage risk. This contrasts with typical classifier-based
diffusion models [21], which rely on static labels during
image generation. To the best of our knowledge, this is the
first work to apply guided diffusion policies to robotic food
scooping, a task that requires dynamic rollout adjustment.

In our experiments, we demonstrate the effectiveness of
GRITS in successfully scooping a wide range of food
items while significantly reducing spillage. We compare

GRITS against several strong baselines, including rule-based
methods, learning-based approaches without spillage guid-
ance [14], [15], and variations of guided diffusion policies.
Experiments are conducted on a real-world robotic platform
with diverse food types varying in shape, particle size,
and quantity, with six granular food categories for training
and ten unseen categories for testing. The results show
that GRITS generalizes well to novel scenarios, achieving
an 82% success rate and the lowest spillage rate of 4%,
which represents a reduction of more than 40% compared
to standard diffusion policy baselines.

In summary, our main contributions are as follows:

o We present GRITS, a novel spillage-aware guided dif-
fusion policy that refines trajectories at the test time
through continuous spillage-risk estimation for robotic
food scooping.

o We introduce a simulated data collection pipeline for
scooping diverse food shapes with varying physical
properties.

o We demonstrate that GRITS effectively scoops diverse
and unseen food items and significantly reduces spillage
compared to strong baselines in real-world experiments.

II. RELATED WORK
A. Robotic Food Manipulation

Food manipulation has attracted significant attention in
the robotics community, with increasing work on applica-
tions such as food preparation [1]-[4] and assistive feed-
ing [5]-[14]. Within this domain, robotic food scooping
has emerged as a core task, driving research on both
system design and algorithms. Recent advances focus on
addressing specific challenges: developing learning frame-
works to handle diverse food properties and types [5], [7],
[10], [11], [14], designing specialized hardware for food
acquisition [9], and creating integrated assistive feeding
systems [22]. These learning-based approaches are instances
of learning from demonstrations (LfD), relying on high-
quality expert demonstrations [23], [24]. However, collecting
demonstrations across diverse foods and conditions is costly,
and existing approaches mainly optimize for task success
without accounting for dynamic food states and fine-grained
control, often leading to spillage in real-world scenarios.
In this work, we present a new LfD framework based on
guided diffusion policies that accounts for unseen food states,
preventing spillage while ensuring successful scooping.

B. Guidance Mechanism for Diffusion Models

Diffusion models are a powerful class of generative mod-
els that have gained significant attention for image and video
generation [25]-[28]. These models employ a chain of incre-
mental updates in both forward and backward processes to
learn the underlying multimodal data distribution. Recently,
diffusion models have also shown strong potential in sequen-
tial decision-making for robotics [15], [17], [29]-[32], par-
ticularly for handling multimodal action distributions. They
have been explored in reinforcement learning [17], [29], [31]
and imitation learning [15], [30], [32] for robot manipulation.
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Fig. 2: The architecture of GRITS. GRITS is a guided diffusion policy designed for robotic food scooping. Given an
RGB-D image and an initial noisy trajectory, the diffusion policy denoises it into a refined trajectory. A spillage predictor,
which takes segmented point clouds as input to reduce the sim-to-real gap, estimates the probability of spillage for given
candidate trajectory. This probability provides a guidance signal that steers the denoising process toward safer trajectories.
The robot then follows the refined trajectory using position control to scoop food items.

More recently, the community has explored the power of
guidance mechanisms that enable the controllability of diffu-
sion models and test-time adaptation [17]-[19], [21], [33]-
[36]. In robotic manipulation, guidance has been explored
through three main objectives: goal-related objectives [17],
[19], [33], [34], [36], which guide the agent to reach a
target state; physics-related objectives [18], [19], [33], [35],
which ensure stability and smoothness of robot trajectory
while minimizing safety risks like collision to surroundings;
and rule-related objectives [17], which encourage adherence
to task rules and success criteria. While these approaches
have shown promise, there remains significant potential in
extending guidance mechanisms to more complex real-world
challenges. In this work, we take a first step by introducing
spillage-aware objectives into guided diffusion policies, en-
abling reliable rollouts for robotic food manipulation.

III. METHOD

A. Problem Formulation

In robotics food scooping, a robot is tasked to scoop food
items from a specified container (fixed) and transfer them
to the target container (randomly placed). This task can be
divided into three stages: scooping, transferring, and pouring.
Among these, scooping is the most challenging, as it involves
complex interactions with diverse food properties and thus
is formulated as a policy learning problem. We use bowl
location detection with motion planning for transferring, and
predefined trajectories for pouring.

Given a sequence of past and current m-step RGB-D
observations O; = {Vt—_m41,--.Vt—1, V¢ }, a scooping policy
outputs a sequence of the next n-step robot end-effector poses
Ay ={at,at41, ... apyn—1}. A scoop is successful if it lifts
at least one large item or covers one-third of the spoon with
small-particle foods.

B. Guided Diffusion Policy

We explore guided diffusion policy as a solution for
handling diverse food properties and minimizing spillage
in robotic scooping. Guided diffusion policy decouples
training and inference to balance generalization and task-
specific adaptation. During training, the diffusion policy
learns to imitate expert trajectories without explicit task-
oriented constraints, supporting broad generalization. At
inference, a spillage-aware objective refines trajectories to
minimize spillage and ensure scooping success. This design
simplifies training and allows flexible adaptation to real-
world conditions without retraining.

1) Diffusion Policy Training: To model the conditional
distribution P(A|O;), Diffusion Policy [15] formulates tra-
jectory generation as a reverse denoising process. A noisy
trajectory is first sampled from a Gaussian distribution, and
a noise predictor €y iteratively estimates the noise at each step
k, progressively refining the trajectory toward a clean action
sequence. The reverse process is parameterized by a noise
scheduler with hyperparameters o, «, and -, which balance
the capture of high- and low-frequency action characteristics.
Training is performed by minimizing the mean squared error
(MSE) between the predicted noise €y and the true noise e.

Ap—1 = pg +oxz, 2z~ (0,1) (1)
pr = (A — veg(Oy, Ay, k)) )

2) Guided Sampling: At inference, we incorporate a
guidance mechanism to steer generated trajectories using
an objective function J. In our case, J is defined by the
spillage predictor, which outputs a continuous risk score
given the current observation and candidate rollout. Since
the objective function is differentiable with respect to the
rollout, we can compute V.J and use it to refine trajectories
by minimizing .J. At each denoising step k, we estimate
the clean trajectory Ao, evaluate J(Agy, P), compute its
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Fig. 3: Simulated Food Scooping Data Collection. We construct a scooping dataset in simulation to train the spillage
predictor. Simulated foods are composed of four primitive shapes: spheres, cubes, cones, and cylinders, with varied physical
properties, including mass, friction, and particle size. This design enables diverse and controllable scooping and spillage
cases under different rollouts, which are impractical to collect in the real world.

gradient, and update Aj_; accordingly. The guidance weight
p controls how strongly the objective influences trajectory
generation.
Ak — /1 - akEQ(Ak)
Ao = E[Ao]Ax] = 3
ok [Ao| Ax] NS 3)
Ap_1 =, — pVJ + 012 4)

C. Spillage-Aware Guided Diffusion Policy

1) Simulated Food Scooping Data Collection: The pro-
posed spillage predictor aims to estimate the probability of
spillage given a current observation and an action rollout.
However, training it in the real world is impractical, as
generating spillage scenarios requires heavy effort for setup
and cleanup and risks damaging food items. These factors
motivate us to investigate a simulation-based solution.

We utilize Isaac Lab [20] to construct an environment with
hardware settings that closely replicate the real-world setup
to mitigate the sim-to-real gap. Fig. 3 depicts our simulation
development environment. We construct a dataset of 4,000
scooping trials, with 2,000 spillage and 2,000 non-spillage.
Trajectories are diversified by applying random shifts to
a mean trajectory derived from real-world demonstrations,
with noise ranges of 7 cm along the X-axis and +5 cm along
the Y and Z axes. To ensure feasibility, the perturbations are
constrained by both the base trajectory and bowl size. Further
diversity is introduced by varying simulated object prop-
erties, including particle shape, radius, mass, friction, and
quantity. The dataset spans four primitive shapes: spheres,
cubes, cones, and cylinders, with 1,000 trials for each.

2) Spillage Predictor Training: The spillage predictor
fspitlage estimates the probability of spillage Pipii1age by
taking a generated trajectory A; and a segmented object
point cloud P;. We use segmented point clouds P; as the
environment representation to reduce the sim-to-real gap. To
further reduce the influence of irrelevant scene elements,
we apply SAM2 [37] to segment pixels corresponding to
spoon, bowl, and food. The food point cloud is reconstructed
from depth and the spoon and bowl are represented by their
known CAD models, aligned via forward kinematics (for the

spoon, rigidly attached to the end-effector) and a predefined
calibrated pose (for the fixed bowl), and merged to form the
composite point cloud. We downsample each object’s point
cloud to 3,000 points, reducing computational cost while
keeping consistent input dimension across object types.

We encode object point clouds using the DP3 encoder [32],
a variant of PointNet++ [38] that omits the T-Net and
BatchNorm layers, which is effective for control tasks with
a fixed camera and stable viewpoint. The predicted trajec-
tory A; is encoded with a fully connected MLP, and its
embedding is concatenated with the point cloud features.
This joint representation is passed through an MLP decoder
to produce a probability distribution over spillage and non-
spillage classes via softmax. The model is trained with cross-
entropy loss between the predicted probability Pspi11ag. and
the ground-truth label y € {0, 1}.

3) Guided Diffusion Policy with Spillage Predictor: In
this work, we treat the objective function J(Agx, P;) =
fspittage(Ao|i, Pt). Given the generated trajectory and the
observed segmented point clouds, the objective is to mini-
mize the spillage probability, which can also be interpreted as
the “distance” to a safer state. The full procedure is presented
in Algorithm 1.

Algorithm 1 Spillage-Aware Guided Diffusion Policy

Require: diffusion model ¢y, spillage predictor fepiiiages
guidance weight p, threshold s
1: Ar < sample from N(0,I)
2: for k=T to 1 do

3: Ap_q1 +— Ui + Oz

4 if £ < s then

5 Ao\k « Ak—\/l\;of%keé(Ak)

6: Akfl — Akfl - /)VA;C fspillage(AO|k» Pt)
7 end if

8: end for

9: return Ay

We set a threshold s=30 to delay guidance activation,
allowing the diffusion policy to form a coarse trajectory
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Fig. 4: Food categories for training and testing sets. The training set includes six food items (top row) varying in sphere
size from small to large. The testing set (bottom row) covers ten additional food categories with diverse shapes and material
properties. Numbers below each food item indicate quantities: small-particle foods are measured by weight (g), and large-

particle foods are measured by count (pieces).

before refinement and preventing over-correction in early
denoising steps. We adopt DDIM [39] following Diffusion
Policy [15], with T'=100 training steps and 7'=16 denoising
steps for evaluation and guidance weight p=2.5. These
settings balance trajectory quality, inference efficiency, and
refinement effectiveness.

i

Fig. 5: Real-World Experimental Platform. We set up a
35 x 30 cm workspace (indicated by the red bounding box)
for the experiments.

IV. EXPERIMENTS
A. Experiment Setup

In the real-world setup, we use a 7-DoF Franka Emika
Panda robot with a spoon attachment and two fixed Orbbec
Femto Bolt RGB-D cameras, as shown in Fig. 5. One
container is fixed, and the other is randomly placed within
a 35 x 30 cm workspace. The robot controller operates
at 10 Hz. To train the scooping policy, we collect expert
demonstrations via record-and-replay procedure [14]: a hu-
man kinesthetically guides the robot to record end-effector
trajectories, which are then replayed to capture correspond-
ing sensory data. The collected dataset includes six food
categories: brown rice, soybeans, mung beans, chocolate
balls, dried jujube, and orange. For each category, three
quantity levels and five bowl configurations are used, except
for orange, which has only one quantity level. A total of

80 demonstrations are collected. For evaluation, we include
ten additional food categories spanning sphere-like items and
diverse shapes, each tested at two quantity levels with five
trials per level. Fig. 4 shows all the food categories and
corresponding quantities.

B. Baselines

We compare against rule-based or naive cloning methods
without a spillage predictor, and diffusion policies with
alternative guidance mechanisms.

Rule-based: The robot moves to the bowl center, mea-
sures food height using RGB-D images, then rotates to
a predefined pose and digs to a fixed depth of 5 cm
before executing a fixed scooping action.

Behavior Cloning (BC): Naive policy learning that
uses a CNN-based image feature extraction module. The
extracted latent features are passed through an MLP to
generate robot actions.

SCONE [14]: A powerful scooping framework that
integrates active perception to improve food understand-
ing and generalization to unseen categories. It provides
a strong baseline via perception-driven adaptability, but
does not explicitly address safety issues such as spillage.
Diffusion Policy (DP) [15]: A CNN-based diffusion
policy without guidance, representing the core policy
model used in GRITS.

Diffusion Policy (Post.): An extension of the vanilla
diffusion policy where a spillage predictor evaluates tra-
jectories after denoising and adjusts high-risk motions to
reduce spillage. This enables spillage objectives without
retraining, but since adjustments are applied post-hoc
and do not consider task success, it is less effective than
integrating guidance directly during denoising process.

C. Evaluation Metrics

We report three performance metrics evaluated over all tri-
als, defined separately and potentially overlapping to capture
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Fig. 6: Real-world experiment results. GRITS achieves the highest task success rate 82% while simultaneously maintaining
the lowest spillage rate 4% and a low scoop failure rate 14%. These results highlight the effectiveness of integrating spillage-
aware guidance into diffusion models for robust and reliable food scooping. Notably, the scoop failure rate is slightly higher
than vanilla DP, reflecting a trade-off where guidance reduces risky trajectories but may occasionally miss food collection.
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Fig. 7: Per-food comparison between vanilla diffusion policy (left) and GRITS (right). The figure clearly highlights the
effectiveness of GRITS in reducing spillage and ensuring scooping success. Unlike the previous figure, here we classify a
trial as a spillage failure if spillage occurs at any point before a scoop is completed, regardless of whether food is eventually
lifted, providing a more intuitive comparison. (SA: Sago, RB: Red Bean, MT: Mentos, MM: Marshmallow, FD: Fudge, PE:
Penne, PR: Prune, RS: Ramen Snack, NU: nuts, MK: Milk Tea)

complementary aspects of task performance:

o Task Success Rate (%): The percentage of trials where
food is successfully scooped and transferred without
spillage, with success defined as either at least one item
for large food pieces, or one-third of the spoon surface
covered for small particle foods.

« Spillage Rate (%): The percentage of trials in which
food is spilled during scooping.

e Scoop Failure Rate (%): The percentage of trials in
which the robot fails to lift food. Notably, methods with
frequent scoop failures may exhibit low spillage rates
simply because nothing is scooped.

D. Real-World Experiments

We evaluate GRITS on ten unseen food categories, span-
ning diverse shapes (spheres, cylinders, cubes, tubes, ellip-
soids, ripples) and types (solids, mixtures, liquids). Results
are summarized in Fig. 6. Overall, GRITS achieves the
highest success rate of 82% and the lowest spillage rate of
4%, significantly outperforming all strong baselines.

Baselines without spillage predictor perform poorly. The
rule-based method fails to adapt actions to different food
items, underscoring the need for learning-based approaches.
Behavior cloning and vanilla diffusion policy improve suc-
cess but still suffer from high spillage rates, raising safety
concerns. SCONE, which incorporates active perception, out-
performs naive imitation learning by reducing spillage, but

it suffers from higher scooping failure rates when handling
very small food quantities, where interaction increases food
state complexity. Adding spillage-aware guidance reduces
spillage across all baselines. The diffusion policy with post-
processing achieves a lower spillage rate of 8%. However,
it suffers from a high scoop failure rate 40% due to the
lack of task-oriented guidance, resulting in low overall suc-
cess. Among all methods, GRITS achieves the best balance,
demonstrating strong robustness across food categories. We
also observe a slightly higher scoop failure rate than the
vanilla diffusion policy, reflecting a trade-off where spillage-
aware guidance reduces risky trajectories but occasionally
misses food collection.

Fig. 7 compares the per-food performance of the vanilla
diffusion policy and GRITS, showing consistent trends across
food categories grouped by physical characteristics. For
sphere-like foods (sago, red bean, mentos), GRITS eliminates
most spillage seen in the vanilla diffusion policy, achieving
nearly perfect success. The only exception is mentos, where
dense packing still causes occasional spillage. Regular-
shaped foods (marshmallow, fudge, penne) show mixed
outcomes: guidance reduces spillage, but their properties
still limit success. Marshmallow’s soft, deformable texture
makes scooping difficult, and fudge suffers from stickiness
and dense packing, while penne is more stable and achieves
higher success. Among irregular items, prune remains chal-
lenging since its stickiness can pull neighboring pieces and
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Fig. 8: Real-world rollout of GRITS. The figure shows GRITS scooping penne, where spillage-aware guidance refines the
original trajectory into a safer one by reducing high-risk states, followed by transferring the food into the target container.

destabilize the scoop. In contrast, ramen snack benefits from
guidance, which stabilizes insertion and rotation despite its
rippled geometry, leading to high success. Finally, even for
challenging categories like mixtures (nuts) and liquids (milk
tea), GRITS consistently outperforms the vanilla policy,
demonstrating greater reliability.
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Fig. 9: Ablation study of spillage predictor. We compare
three variants: (1) raw point cloud input at real-world in-
ference, (2) encoder replaced with original PointNet++ [38],
and (3) GRITS method with composite point cloud (food
from raw camera data, spoon and bowl from known object
models) input and DP3 [32] encoder. The results show that
GRITS achieves the highest success rate and lowest spillage
by suppressing noise while preserving critical features.

E. Ablation Study of Spillage Predictor

We further study the spillage predictor design. To nar-
row the sim-to-real gap, we use composite point clouds
that combine depth-reconstructed food with known spoon
and bowl models, reducing point dropouts and geometric
distortion. We validate this choice by comparing against
raw sensory point clouds and by replacing the DP3 en-
coder [32] with original PointNet++ [38]. As shown in Fig. 9,

raw point clouds suffer from noise and missing geometry,
while PointNet++ struggles to capture spillage-relevant ob-
ject and motion patterns. We often observe that these weaker
predictors fail to raise alerts when trajectories approach
high-risk states, so corrective refinements are triggered too
late, sometimes only after spillage has already occurred.
In contrast, composite point clouds with DP3 enable more
effective feature extraction, leading to higher success rates
and significantly lower spillage. Overall, both components
are crucial for robust spillage-aware guidance.

V. LIMITATIONS AND FUTURE WORK

Our experiments reveal that failure cases often arise
from insufficient information about food physical properties
beyond visual cues. Future work could incorporate pre-
interaction strategies [14] and multimodal sensing [12], in-
cluding force-torque and tactile feedback, to build a more
comprehensive representation of food characteristics. In ad-
dition, the current approach relies on known spoon and bowl
models to enhance stabilization. Extending the framework
to handle varying settings would improve generalization.
Beyond scooping, the framework may extend to other food
manipulation tasks such as cutting and pouring, with task-
specific objectives and constraints left for future work.

VI. CONCLUSIONS

In this work, we present GRITS, a spillage-aware guided
diffusion policy framework for robotic food scooping. By
integrating a spillage predictor as a guidance mechanism,
GRITS generates adaptive trajectories that minimize spillage
while maintaining high success rates. By leveraging diffusion
models, the framework handles diverse food properties and
refines trajectories at test time with real-time feedback. Real-
world experiments show that GRITS consistently outper-
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forms existing methods in both success rate and spillage
reduction across a broad range of food categories, including
unseen and challenging cases, demonstrating its effectiveness
and generalizability.

ACKNOWLEDGMENT

The work is sponsored in part by the National Science and
Technology Council under grants 113-2634-F-002-007-, 114-
2634-F-A49-004-, the Center for Intelligent Team Robotics
and Human-Robot Collaboration under the “Top Research
Centers in Taiwan Key Fields Program” of the Ministry of
Education, Taiwan, and the Ministry of Education, and the
Yushan Fellow Program Administrative Support Grant.

REFERENCES

[1]1 A. Singletary, W. Guffey, T. G. Molnar, R. Sinnet, and A. D. Ames,
“Safety-Critical Manipulation for Collision-Free Food Preparation,”
IEEE Robotics and Automation Letters, vol. 7, no. 4, pp. 10954—
10961, 2022.

[2] Z. Xu, Z. Xian, X. Lin, C. Chi, Z. Huang, C. Gan, and S. Song,
“RoboNinja: Learning an Adaptive Cutting Policy for Multi-Material
Objects,” Robotics: Science and Systems (RSS), 2023.

[3] R.Ye, Y.Hu, Y. A. Bian, L. Kulm, and T. Bhattacharjee, “MORPHeus:
a Multimodal One-armed Robot-assisted Peeling System with Human
Users In-the-loop,” in IEEE International Conference on Robotics and
Automation (ICRA), 2024.

[4] K. Zhang, M. Sharma, M. Veloso, and O. Kroemer, “Leveraging
multimodal haptic sensory data for robust cutting,” in IEEE-RAS
International Conference on Humanoid Robots (Humanoids), 2019.

[5] A. Bhaskar, R. Liu, V. D. Sharma, G. Shi, and P. Tokekar, “LAVA:
Long-horizon Visual Action based Food Acquisition,” IEEE/RSJ Inter-
national Conference on Intelligent Robots and Systems (IROS), 2024.

[6] R. Feng, Y. Kim, G. Lee, E. K. Gordon, M. Schmittle, S. Kumar,
T. Bhattacharjee, and S. S. Srinivasa, “Robot-Assisted Feeding: Gen-
eralizing Skewering Strategies across Food Items on a Realistic Plate,”
in The International Symposium of Robotics Research, 2019.

[7] J. Grannen, Y. Wu, S. Belkhale, and D. Sadigh, “Learning Bimanual
Scooping Policies for Food Acquisition,” in Conference on Robot
Learning (CoRL), 2022.

[8] R. K. Jenamani, P. Sundaresan, M. Sakr, T. Bhattacharjee, and
D. Sadigh, “FLAIR: Feeding via Long-horizon Acqulsition of Re-
alistic Dishes,” Robotics: Science and Systems (RSS), 2024.

[9] M. Keely, B. Franco, C. Grothoff, R. K. Jenamani, T. Bhattacharjee,
D. P. Losey, and H. Nemlekar, “Kiri-Spoon: A Soft Shape-Changing
Utensil for Robot-Assisted Feeding,” in IEEE/RSJ International Con-
ference on Intelligent Robots and Systems (IROS), 2024.

[10] R. Liu, A. Bhaskar, and P. Tokekar, “Adaptive Visual Imitation
Learning for Robotic Assisted Feeding Across Varied Bowl Configu-
rations and Food Types,” in International Conference on Robotics and
Automation (ICRA) - Assistive Systems: Lab to Patient Care, 2024.

[11] R. Liu, Z. Mahammad, A. Bhaskar, and P. Tokekar, “IMRL: Integrat-
ing Visual, Physical, Temporal, and Geometric Representations for
Enhanced Food Acquisition,” arXiv preprint arXiv:2409.12092, 2024.

[12] P. Sundaresan, S. Belkhale, and D. Sadigh, “Learning Visuo-Haptic
Skewering Strategies for Robot-Assisted Feeding,” in Conference on
Robot Learning (CoRL), 2022.

[13] P. Sundaresan, J. Wu, and D. Sadigh, “Learning Sequential Acqui-
sition Policies for Robot-Assisted Feeding,” in Conference on Robot
Learning (CoRL), 2023.

[14] Y.-L. Tai, Y. C. Chiu, Y.-W. Chao, and Y.-T. Chen, “Scone: A Food
Scooping Robot Learning Framework with Active Perception,” in
Conference on Robot Learning (CoRL), 2023.

[15] C. Chi, Z. Xu, S. Feng, E. Cousineau, Y. Du, B. Burchfiel, R. Tedrake,
and S. Song, “Diffusion Policy: Visuomotor Policy Learning via
Action Diffusion,” The International Journal of Robotics Research,
2024.

[16] H. Xue, J. Ren, W. Chen, G. Zhang, Y. Fang, G. Gu, H. Xu, and
C. Lu, “Reactive Diffusion Policy: Slow-Fast Visual-Tactile Policy
Learning for Contact-Rich Manipulation,” in Robotics: Science and
Systems (RSS), 2025.

(171

[18]

[19]

[20]

[21]

[22]

(23]

[24]

[25]

[26]

[27]

(28]

[29]

(30]

(31]

[32]

[33]

[34]

[35]

[36]

[37]

[38]

[39]

3719

M. Janner, Y. Du, J. B. Tenenbaum, and S. Levine, “Planning with Dif-
fusion for Flexible Behavior Synthesis,” in International Conference
on Machine Learning (ICML), 2022.

H. Li, Q. Feng, Z. Zheng, J. Feng, and A. Knoll, “Language-
Guided Object-Centric Diffusion Policy for Collision-Aware Robotic
Manipulation,” in arXiv preprint arXiv:2407.00451, 2024.

J. Carvalho, A. T. Le, M. Baierl, D. Koert, and J. Peters, “Motion
Planning Diffusion: Learning and Planning of Robot Motions with
Diffusion Models,” in IEEE/RSJ International Conference on Intelli-
gent Robots and Systems (IROS), 2023.

M. Mittal, C. Yu, Q. Yu, J. Liu, N. Rudin, D. Hoeller, J. L. Yuan,
R. Singh, Y. Guo, H. Mazhar, A. Mandlekar, B. Babich, G. State,
M. Hutter, and A. Garg, “Orbit: A unified simulation framework for
interactive robot learning environments,” IEEE Robotics and Automa-
tion Letters, vol. 8, no. 6, pp. 3740-3747, 2023.

P. Dhariwal and A. Nichol, “Diffusion Models Beat GANs on Image
Synthesis,” in Conference on Neural Information Processing Systems
(NeurIPS), 2021.

D. Park, Y. Hoshi, H. P. Mahajan, H. K. Kim, Z. Erickson, W. A.
Rogers, and C. C. Kemp, “Active Robot-Assisted Feeding with
a General-Purpose Mobile Manipulator: Design, Evaluation, and
Lessons Learned,” in Robotics and Autonomous Systems (RSS), 2020.
B. D. Argall, S. Chernova, M. Veloso, and B. Browning, “A survey
of robot learning from demonstration,” Robotics and autonomous
systems, vol. 57, no. 5, pp. 469483, 2009.

C. G. Atkeson and S. Schaal, “Robot learning from demonstration,”
in ICML, vol. 97, 1997, pp. 12-20.

J. Ho, A. Jain, and P. Abbeel, “Denoising Diffusion Probabilistic
Models,” in Advances in Neural Information Processing Systems
(NIPS), 2020.

A. Q. Nichol and P. Dhariwal, “Improved Denoising Diffusion Prob-
abilistic Models,” in International Conference on Machine Learning
(ICML), 2021.

J. Sohl-Dickstein, E. Weiss, N. Maheswaranathan, and S. Ganguli,
“Deep Unsupervised Learning Using Nonequilibrium Thermodynam-
ics,” in International Conference on Machine Learning (ICML), 2015.
Y. Song, J. Sohl-Dickstein, D. P. Kingma, A. Kumar, S. Ermon,
and B. Poole, “Score-Based Generative Modeling Through Stochastic
Differential Equations,” International Conference on Representation
Learning (ICLR), 2021.

A. Ajay, Y. Du, A. Gupta, J. Tenenbaum, T. Jaakkola, and P. Agrawal,
“Is conditional generative modeling all you need for decision-
making?” in International Conference on Representation Learning
(ICLR), 2023.

M. Reuss, M. Li, X. Jia, and R. Lioutikov, “Goal-Conditioned Im-
itation Learning Using Score-Based Diffusion Policies,” Robotics:
Science and Systems (RSS), 2023.

Z. Wang, J. J. Hunt, and M. Zhou, “Diffusion Policies as an Expressive
Policy Class for Offline Reinforcement Learning,” in International
Conference on Representation Learning (ICLR), 2023.

Y. Ze, G. Zhang, K. Zhang, C. Hu, M. Wang, and H. Xu, “3D Diffusion
Policy Generalizable Visuomotor Policy Learning via Simple 3D
Representations,” Robotics: Science and Systems (RSS), 2024.

S. Huang, Z. Wang, P. Li, B. Jia, T. Liu, Y. Zhu, W. Liang, and S.-C.
Zhu, “Diffusion-Based Generation, Optimization, and Planning in 3D
Scenes,” in IEEE/CVF Conference on Computer Vision and Pattern
Recognition (CVPR), 2023.

K. M. Lee, S. Ye, Q. Xiao, Z. Wu, Z. Zaidi, D. B. D’Ambrosio, P. R.
Sanketi, and M. Gombolay, “Learning Diverse Robot Striking Mo-
tions with Diffusion Models and Kinematically Constrained Gradient
Guidance,” arXiv preprint arXiv:2409.15528, 2024.

K. Saha, V. Mandadi, J. Reddy, A. Srikanth, A. Agarwal, B. Sen,
A. Singh, and M. Krishna, “EDMP: Ensemble-of-costs-guided Dif-
fusion for Motion Planning,” in [EEE International Conference on
Robotics and Automation (ICRA), 2024.

X. Xu, H. Ha, and S. Song, “Dynamics-Guided Diffusion Model for
Robot Manipulator Design,” in Conference on Robot Learning (CoRL),
2024.

“SAM 2: Segment Anything in Images and Videos,” arXiv preprint
arXiv:2408.00714, 2024.

C. R. Qi, L. Yi, H. Su, and L. J. Guibas, “PointNet++: Deep
Hierarchical Feature Learning on Point Sets in a Metric Space,” in
Advances in Neural Information Processing Systems (NIPS), 2017.

J. Song, C. Meng, and S. Ermon, “Denoising diffusion implicit
models,” arXiv preprint arXiv:2010.02502, 2020.



