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Abstract—In this paper, we propose an autonomous robot
packing system named RoboPacker designed to tightly store
cluttered general objects into shipping boxes with high space
utilization, which is a fundamental process in numerous indus-
trial applications. However, achieving tight packaging for general
objects often demands significant labor from human packers,
particularly in high-throughput scenes. Compared to existing
robot packing approaches, RoboPacker effectively overcomes
challenges such as diverse object appearances, severe occlusion,
and crowded packing spaces. Specifically, we propose an open-
vocabulary shape estimation method to reconstruct complete
point clouds for cluttered objects. We also design effective
interactions with object clutter to gather informative visual clues
for shape estimation under high uncertainty. Additionally, we
introduce a hierarchical reinforcement learning framework to
optimize packing order, location, and orientation for maximum
space utilization. The robotic packing system integrates these
techniques with feasible manipulation methods for real-world im-
plementation. In this way, RoboPacker achieves efficient packing
of novel and irregular objects, which is more suitable for real
deployment environments. The Real-world experiments demon-
strate RoboPacker can tightly pack 20 densely cluttered everyday
objects from 8 seen and 4 novel classes into the 40x40x20 cm
shipping box with a 73.3% success rate. The demonstration video
can be found at https://gary3410.github.io/RoboPacker/.

Note to Practitioners—In fields such as logistics warehousing
and manufacturing, which have stringent requirements for high
productivity, efficiently packing disordered items into limited
spaces is a core operational process. However, manually packing
objects generates high labor costs due to long hours of high-
intensity work. While robots handle some tasks, fully automated
general item packaging remains challenging due to variable
object shapes, occlusions, and space constraints. The RoboPacker
industrial-grade system addresses these issues by optimizing
space use and reducing human reliance, which employs ad-
vanced computer vision and reinforcement learning to achieve
general object packing in complex scenes. The modular design
of RoboPacker integrates easily with existing robot arms, making
it ideal for e-commerce, food, and pharmaceutical industries
seeking intelligent upgrades. Future work will focus on expanding
the system to enable more accurate and safer autonomous object
packaging by incorporating additional sensors (e.g., tactile).

Index Terms—Autonomous packing systems, open-vocabulary
shape estimation, interactive object information collection, pack-
ing planning.
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I. INTRODUCTION

UTONOMOUS robots have achieved human-level per-

formance in many complex tasks such as driving vehicles
[1], [2], playing games [3] and medical treatment [4], and
they also reduced the workload of humans in industrial man-
ufacturing and daily life. For example, with the fast growth
in E-commerce, automation in warehouse management and
cargo transportation has great potential in saving the labor
cost with increased throughput and lower accident rate. Since
object packaging is crucial in many industrial manufacturing
tasks, an autonomous robotic packing system is demanded to
achieve high efficiency and low cost [5], [6]. Fig. 1(a) provides
the definition of the robotic packing task where cluttered
objects are required to be stored in a confined space with high
utilization ratio.

Currently, robotic picking and stowing systems [7] only
loosely place a set of objects in oversized containers, which
is infeasible in industrial and daily tasks because of numerous
items and excessive packing box cost. Dense packing for
general objects is proposed in [8] for warehouse automation.
The overall system consists of the visual perception module
that predicts the object geometry, the packing planning module
that generates the object arrangement in the packing box, and
the object manipulation module to pick and place objects
based on plans. Although the robotic packing system in
[8] achieves satisfactory performance in lab settings, it still
faces several challenges in practical deployment scenarios.
First, objects from novel categories that are not seen in the
training stage may appear in deployment, and conventional
geometry prediction methods fail to accurately estimate the
object shape for out-of-distribution instances. Second, objects
for packaging are usually piled in dense clutters in realistic
scenarios, and directly performing visual recognition algo-
rithms on clutters cannot extract effective information for
object geometry prediction due to severe occlusion among
objects. Third, searching for the optimal packing plan with
the highest bin utilization is an NP-hard problem, and existing
search algorithms lead to search inefficiency because of the
extremely large search space.

In this paper, we propose an autonomous robotic packing
system, RoboPacker, for general object packaging in practical
industrial and daily tasks. Since practical robotic systems
require strong generalization ability in geometry estimation
for unseen categories, informative visual clue collection for
densely cluttered objects, and effective search for satisfactory
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Fig. 1. (a) The definition of autonomous robotic packing. (b) The workspace
configurations of RoboPacker.

packing plans, we present open-vocabulary shape estima-
tion, interactive object information collection, and hierarchical
reinforcement learning-based packing planning. The overall
pipeline is demonstrated in Figure 2. For open-vocabulary
shape estimation, we segment object instances in multi-view
RGB images and assign instance labels to each point in the
clutter point cloud to obtain the 3D object partitions. With
cropped instances in multi-view RGB images, we extract
features from the pre-trained CLIP visual encoder [9], which
can be used to retrieve templates with similar geometry from
a large template pool. Based on the 3D partial point cloud
and the template, we predict the deformation regarding the
template, including scaling factors and point-wise offsets, for
shape recovery. For interactive object information collection,
we compute the visual perception uncertainty consisting of
segmentation entropy, multi-view object disagreement, and
shape uncertainty in the top-down view. Based on this un-
certainty, we generate effective interactions with the clutter to
break up its structure for informative visual clue collection. For
hierarchical reinforcement learning-based packing planning,
we construct a top-level agent to select the next object for
packaging and a bottom-level agent to determine the location
and orientation of the selected instance. The reward function
considers space utilization ratio to save packaging costs,
stability to guarantee consistency between the planned and
actual placement, perception error tolerance to enhance system
robustness, and manipulation feasibility to boost practicabil-
ity in system implementation. We build the robotic packing
system by integrating the presented techniques with practical
manipulation techniques including grasping, placement, and
rearrangement. Extensive experiments show that our system

achieves a space utilization ratio of 0.355 and a 73.3% success
rate for 20 densely cluttered general objects from 8 seen and 4
novel classes. Our main contributions can be listed as follows:

1) To the best of our knowledge, we first construct an
autonomous robotic packing system for densely cluttered
general objects.

2) We present an open-vocabulary shape estimation ap-
proach to recover the complete point cloud for objects
from both seen and novel categories.

3) We propose an interactive object information collection
method to provide effective visual clues for shape esti-
mation of densely cluttered objects.

4) We construct a packing planning framework to generate
the sequence, location and orientation for object package
in the packing box with high space utilization ratio.

II. RELATED WORK

In this section, we briefly review three related topics includ-
ing visual perception for densely cluttered objects, packing
planning, robot picking and stowing.

A. Visual Perception for Densely Cluttered Objects

Visual perception for densely cluttered objects is very chal-
lenging due to the significant occlusion among instances and
is also very important to complex robotic manipulation tasks
such as grasping [10] and placement [11]. Object correlation
mining discovers the possible occluded objects based on
the learned geometric or semantic information, where graph
neural networks [12] were leveraged to mine the implicit
object correlation. Instance template matching computes the
correspondence between the partial observation and the pre-
defined object templates, and the definition of correspondence
includes the centroid position [13] and difference of local
shape descriptors [14]. By receiving the feedback of robot
actions, performing physical interaction with the clutter [15]-
[17] can efficiently discover the unseen target. Danielczuk et
al. [18] presented push, suction and grasp as action primitives
in the modeled Partially Observable Markov Decision Process,
and the actions were taken iteratively until discovering the
target object. Novkovic et al. [19] diversified the action
primitives for interactive exploration, and they also leveraged
reinforcement learning algorithms to efficiently search the
optimal interaction policy. However, existing densely cluttered
objects perception frameworks mainly focus on single-target
search, such as retrieving categories or searching for target
objects, which cannot satisfy the high generalization ability
required for objects with novel appearances that appear in
actual deployment scenes.

B. Packing Planning

Packing planning aims to generate the optimal object pack-
ing sequence, location and orientation for placement in the
packing box. The minimization of height, surface area and
volume have been leveraged as the objective for greedy
search in bin packing [20]. El et al. [21] generalized squir-
rel search algorithm to search the best heuristics for large-
scale instances in a reasonable time. Data-driven methods
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Fig. 2. Compositions of our robotic packing system including open-vocabulary shape estimation, interactive object information collection and hierarchical
reinforcement learning based packing planning. Feasible manipulation techniques containing grasping, placement and rearrangement are integrated with the

presented approaches to build the complete system.

[22] employ efficient search algorithms to avoid sub-optimal
solutions and high computational costs in heuristic approaches.
Since irregular objects instead of cuboids are usually packed
in realistic applications, generating packing plans for general
objects becomes important for many industrial manufacturing
and daily life tasks. To yield the optimal packing sequence
and location for general objects in realistic packing tasks,
the objective of empty maximal space [23], heightmap mini-
mization [24] further strengthens the stability and space uti-
lization ratio by physically simulating the packing procedure.
Huang et al. [25] utilize hierarchical reinforcement learning
to achieve efficient packing planning generation. However,
existing methods ignore the perception errors usually found
in real-world packaging systems, which enforces the planned
sequence and location to deviate from the optimal ones due
to the discrepancy between the estimated and actual object
shapes. Moreover, constrained by geometric restrictions in
packed boxes, conventional planning approaches often over-
look placement feasibility for robotic manipulation during plan
generation.

C. Robotic Picking and Stowing

The Amazon Robotics Challenge 2017 (ARC) contains sim-
ilar tasks including picking and stowing, which aims to place
objects in an oversized container instead of limited space.
Zeng et al. predicted the object-agnostic grasp affordance
to pick a wide range of objects, and recognized known and
unseen instances by cross-domain image matching. Schwarz
et al. [26] heuristically selected the grasp with clutter graph
construction and object pose estimation, and planned the place-
ment with total stack height minimization by modeling objects
as bounding boxes. However, they fail to generate effective
packing plans to maximize the space utilization ratio due to
the huge search space, and the necessary geometric shape

estimation of all cluttered objects for packing plan generation
cannot be achieved in conventional methods. General object
grasping heuristically models the physical dynamics of both
objects and grippers [27] or learns valid grasps in a data-
driven manner [28] for isolated objects. Valid grasps may
be non-existent due to the object occlusion in clutter, and
auxiliary manipulation such as pushing [29] and non-targeted
grasping [30] singulates the target object by breaking the
clutter structure to prepare enough space for grippers. Yang
et al. [29] marked the target object via presented visual seg-
mentation modules and made the decision of action primitives
based on the domain knowledge for successfully grasping. By
adjusting the gripper according to the difference between the
estimated in-hand object pose [31] and the planned one, the
objects are placed in open space with the desired pose in
many tasks such as rearrangement [32]. Because some object
surface is inaccessible for the gripper in target grasping, extra
action primitives containing reorientation and regrasp [11] are
employed to generate feasible placement paths for achieving
the planned object orientation. In this paper, we integrate fea-
sible manipulation techniques including grasping, placement
and rearrangement implement the generated packing plan, so
that the general object package in limited box space can be
achieved.

III. APPROACH
A. Open-vocabulary Shape Estimation

Fig. 3 demonstrates the framework of instance segmentation
and shape recovery for shape estimation of all objects in the
clutter. The shape of all objects in the dense clutter should
be accurately estimated to provide necessary information for
packing planning, so that a high space utilization ratio can
be achieved with a tight package. Since the robotic packing
system is usually deployed in diverse scenes, objects from



IEEE Transactions on Automation Science and Engineering (T-ASE) paper, presented at ICRA 2026, Vienna, Austria.

Instance Segmentation

Template Retrieval

[}

o—0®

—_—

Cross Retrieval
: etrieval

Attention >

N\
S

Object Crops

= Fused Features Templates
[=R
£ | | {
Instance Point Cloud | OGS : |
» A 4
| Offset )
- " 4 (B By, )
) . : : w \ :
Clutter Point Cloud Point Cloud Partition Shape Estimation Cracker Box_| Paper Towel | Baseball 1 Pear |

Fig. 3. The framework of open-vocabulary shape estimation, which aims to recover the complete shape of all cluttered objects based on the partial observation.
The multi-view RGB images are input to the 2D instance segmentation model to acquire the object masks in each view, which are projected to the point cloud
to obtain the instance-wise partition. The fused features of object crops in image patches are leveraged to retrieve the template in the large pool to provide
rich geometric priors. The shape estimation network predicts the scaling factor and the point-wise offset with respect to the templates to recover the actual

shape of each cluttered object.

categories that are unseen during the training stage may appear.
Therefore, we present an open-vocabulary shape estimation
method to precisely recover the geometry of objects from
both seen and novel classes, which consists of three stages:
instance-wise point cloud segmentation, object template re-
trieval, and deformation prediction regarding templates. The
instance-wise point cloud segmentation partitions the clutter
point cloud into observation for each object. Object template
retrieval compares the features of partially observed object and
templates in the large pool with aligned embedding space to
select the similar one. Deformation regarding the templates
are predicted by regressing the scaling factors and point-wise
offset to acquire the fine-grained geometry of each object.

(1) Instance-wise point cloud segmentation: We leverage
the pre-trained Mask R-CNN framework [33] with fine-tuning
to predict instance-wise masks on multi-view RGB images.
Since objects from novel classes may exist, we do not predict
mask categories. Masks with low confidence and relevance
are filtered out. We then assign instance labels to the clutter
point cloud generated from depth images. To avoid over-
segmentation, point cloud partitions that significantly overlap
in occupancy are merged.

(2) Object template retrieval: Since severe occlusion in
the object clutter prevents the acquisition of sufficient visual
clues, directly reconstructing the object geometry based on
the extremely limited point cloud is infeasible. Leveraging
geometric priors, providing a similar template for object shape
estimation is beneficial. Because objects in deployment scenar-
ios may come from novel categories unseen during training,
we retrieve object templates from the large pool constructed
in OpenShape [34] to enhance the generalization capability of
shape estimation for diverse objects. RGB images in different
camera views provide various geometric information to locate

the accurate object template. Thus, we first fuse the features
of cropped object patches across multi-view RGB images via
cross-attention:

j—i)WVXQ 1)

where X° is the fused feature for template retrieval and X7
shows the CLIP [9] features of the cropped image patches for
object o acquired from the ¢;;, camera view. Wg, Wy, Wy
respectively represent the learnable query, key and value com-
putation matrix, and K is the number of cameras observing
the clutter. o represents the softmax function, and d is the
dimension of the feature vectors. The embedding spaces of
the 3D point cloud representation, extracted by the backbone
OpenShape [34], and the 2D image representation extracted by
CLIP are aligned. We compare the template features acquired
by OpenShape and the fused features of cropped object patches
to retrieve similar templates. The computation matrix in cross-
attention is trained with the following object template retrieval
objective L. to minimize the distance between the fused
features X© of observed objects and those of the ground-truth
complete point cloud from OpenShape X°:

Loty = || X° = X°||2 2)

By imposing the similarity constraint, the cross-attention tends
to generate fused features of observed objects that can pre-
cisely demonstrate the geometric appearances to retrieve more
similar templates.

(3) Deformation prediction regarding templates: With the
geometric priors provided by the retrieved templates, the shape
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of observed instances can be recovered by re-scaling and point-
wise offset in the following way:

S=a,T+AS 3)
where § is the predicted shape and T means the point cloud of
retrieved templates. o, € R? represents the scaling operation
that scales the coordinates of templates in each axis. The point-
wise offset AS € RP*3 indicates the shift of each point in the
template with p points. The scaling factor o and the point-
wise offset AS are predicted by shape recovery networks
which consider the features of both the templates and the
partially observed objects:

(e, AS) = MLP([¢(X°),1(X")]) &)

where X° and X' are features of the observed object and
corresponding templates acquired via OpenShape. ¢ and ¢ are
transformation functions of the features for deformation pre-
diction, which are parameterized by one fully-connected layer
with activations. We also leverage 3D graph convolutional net-
works to implement the MLPs in the prediction. The training
objective includes minimizing the Chamfer distance between
the predicted shape and the actual one, and minimizing the
average point-wise offset with hyperparameter 7:

1AS]]2
U

Lest = den (S, S) + 5)

where d.;, denotes the Chamfer distance between the predicted
shape S and the ground-truth shape S, and p represents
the number of points in the predicted shape. The objective
encourages the shape recovery networks to reconstruct accu-
rate object shapes from partial observations while preventing
network overfitting.

B. Interactive Object Information Collection

The severe occlusion in the dense clutter prevents the
packing system to recover satisfying object shape due to
the extremely limited observation. Therefore, we generate
interactive actions that are executed by robots to the clutter,
and uncover more informative visual clues for estimation
of the uncertain shape. Our goal is to obtain the maximal
information gain with the least interaction cost. We leverage
push actions to effectively break the clutter structure for
accurate visual perception, because push actions are highly ef-
ficient in execution. Since the perception uncertainty provides
guidance for effective interaction generation, we evaluate the
perception uncertainty of the clutter in the top-down view. The
perception uncertainty U;; for the pixel in the ¢, row and
Jen column is composed of the segmentation entropy U{}”t,
the object inconsistency U;;"* and the shape uncertainty Ufjha
with hyperparameters A\; and )y for balance:

Uiy = UM + \MUZC + MU (6)
The segmentation entropy represents the Shannon entropy of

object detection and foreground segmentation in the multi-
view RGB-D images:

K
Ut =33 kWPl =)

k=1 rs

where P;;(x) demonstrates the coordination where the center
of pixel z in other views is mapped to the top-down view. p¥,
and pf.i represent the pixel in the 7, row and s;, column in the
ki, view and in the top-down view respectively. Meanwhile,
I(x) is the indicator function that equals to one for true x and
zero otherwise. The segmentation entropy contributed by pF,
is as follows:

upy =D Pl log Y+ ol log @)

t
where pi{z;f and pi’ZZp respectively demonstrate the prob-
ability being classified into the foreground and background
probability of the t,;, bounding box that contains the pixel in
the ry;, row and sy, column for the ky,-view image. Accurately
recognizing objects in the regions with high entropy for
instance segmentation is usually difficult, because the instance
segmentation networks are uncertain about the prediction. The
object inconsistency depicts the number of predicted instances

within one pixel:
U’ = N{ep | Palpry) € pif}) ©

where c, means the predicted instance index of the pixel

in the r4, row and sy, column from the kq; view, and N(s)
stands for the number of non-repeating elements in the set {s}.
Regions with high object inconsistency represent contradictory
segmentation masks, which also suggests high uncertainty in
the prediction. The shape uncertainty for a pixel represents the
standard errors of scaling factors and the shape distortion for
the object whose observed point cloud occupies the pixel in the
top-down view. Since the standard errors of scaling factors and
the shape distortion are not statistically correlated, the shape
uncertainty can be regarded as their linear combination:

U = op .+ oy +0or . + (@ + 97 + 2°%)

s.t. pf;-i C Pa(PCy,) (10)

where PC,, means the point cloud observation of the nyy
object. 0y 4, On.y, On,. Tespectively represent the standard
errors of scaling factors in z, y, z axis for the n,;, object, which
are predicted by the extra branch in shape recovery networks.
z, 9, 2 are the principal axis length in different directions of
the predicted shape, and oy is the pre-defined deformability
coefficient assigned to the retrieved templates. Objects in large
size or with high deformability achieve higher uncertainty in
the estimated shape. More details in APPENDIX C.

The interaction with the clutter is generated for the pre-
diction of shapes with high uncertainty. We select the start
point of interaction by considering the average perception
uncertainty in square regions with fixed size, and the region
whose center is the pixel in the iy row and jy column is
denoted as A;;. The square regions with the highest average
perception uncertainty are selected to generate an interaction
if grippers can descend significantly to effectively break the
clutter structure for visual clue discovery. The square region
Aj; for start point selection is formulated as follows with the
hyperparameter hg:

Aj; = argmax U(Aij) - I(hee — hfjes < ho)

3

Y
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the space utilization ratio.

where U(A;;) is the average perception uncertainty in the
region A;;. The largest height and the gripper descent height
in A;; are denoted as hii™ and h‘g;s, respectively. To ensure the
validity of the interaction, we require a significant difference
between the largest height and the gripper descent height, and
the region with the highest perception uncertainty is selected
for interaction to maximize information gain. We enumerate
Aj; to select the position with the lowest gripper descent
height as the start point, because grippers can be inserted into
the clutter to the largest depth to most significantly change the
clutter structure for visual clue discovery.

We utilize the direction from the start point to the pixel
with the largest perception uncertainty as the push direction.
When the start point is close to the pixel with the largest
uncertainty, a random direction is chosen for push actions.
The push distance is set to a constant and scaled twice if the
distance between the start points of consecutive push actions
is close. The interaction with the clutter is generated only
when the largest average perception uncertainty of the square
regions A;; across all locations surpasses a threshold, because
perception with high reliability does not require interactive
object information collection to enhance efficiency.

C. Packing Planning

Packing planning generates object order, position, and ori-
entation to maximize box space utilization based on object
shape estimates. Additionally, it must consider stability, ma-
nipulation feasibility, and perception error robustness for real-
world deployment. High spatial resolution for fine-grained
positioning expands the search space, causing search inef-
ficiency. Therefore, we follow [25] to leverage hierarchical
reinforcement learning algorithms to effectively search for
the optimal plan. However, existing methods ignore visual
information noise and manipulation safety constraints in prac-
tical deployment scenes, resulting in generated plans that are
not applicable to complex and diverse factory deployment
environments. Compared to [25], we have improved the reward
function design by introducing visual perception errors and
manipulation feasibility to further ensure that the packing plan
meets physical constraints, enabling it to better adapt to real-
world deployment scenes. Hierarchical reinforcement learning

usually consists of agents from two hierarchies including a top-
level agent and a bottom-level agent. The top-level agent sets
sub-goals for the bottom-level agent as the search objective,
and the bottom-level agent searches the optimal sub-policy to
accomplish the given sub-goal in each decomposed space. In
packing planning, the top-level agent predicts the object index
to be packed next based on the heightmaps of in-box objects
and each unpacked object, and the bottom-level agent selects
the optimal location and orientation for the selected object.
Fig. 4 shows the pipeline of packing planning.

1) Sequence Planning: The top-level agent predicts the
packing sequence which sets the sub-goal for placement
planning. The states and actions for the sequence prediction
agent are introduced as follows:

State: The state space represents all unpacked objects
and the current object arrangement in the packing box. The
standardized packing box heightmap in the top-down view and
the six-view heightmaps of each remaining object in the clutter
are leveraged as the input for the top-level agent. The six-
view heightmaps are collected for each object at a pose where
objects are placed stably on the plane, and the zero plane of the
heightmap is set as the opposite plane of the object bounding
box for each view. The top-down view heightmap is utilized
to represent the object arrangement in the packing box.

Action: The action space of the sequence planning agent
includes the selection of the optimal object to pack next.
We extract the visual features of unpacked objects by con-
volutional neural networks based on the six-view heightmap
of unpacked objects and the top-down view heightmap of
the packing box. By concatenating feature maps across all
objects, the sequence planning agent predicts the score for
each unpakced object where the object with the highest score is
selected for package. To keep the channel number consistency
in convolutional neural networks, we pre-define the number
of input channels (e.g. K=100), and set the feature maps of
packed or non-existing objects to be all-zero matrix. The score
of packed and non-existing objects are manually selected to
zero so that they will not be selected to pack next. After the
location and orientation of the selected object is decided by
the placement planning agent, the heightmap of the packing
box is modified and feature maps of the selected object are
set to all-zero matrix in subsequent sequence planning.
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2) Placement Planning: The bottom-level agent generates
the location and orientation for placement, and we describe
the states and actions in the following.

State: The state space is demonstrated by the index of the
object for package and the current object arrangement in the
packing box. Similar to the sequence agent, we use the six-
view heightmap of the selected object for representation, and
leverage the top-down view heightmap of the packing box to
depict the object arrangement.

Action: We use heuristic discrete action spaces to improve
search efficiency. The action space consists of the orientation
and the location of the selected object in the packing box.
We first scan the object with different rolls and pitches to
acquire the heightmap of the selected object in the top-down
and bottom-up views. The roll and pitch are equally discretized
into n? grids for the search space of [0,27] x [0,27], and
those in the i, grid are represented by (¢;, ;). We rotate
the obtained heightmaps with various yaws, and 1); means the
Jen discrete grid for yaw that is equally discretized into m
grids. The top-down and bottom-up view heightmaps for the
orientation (¢;, 6;,1);) are concatenated with the heightmap of
the packing box for the placement planning agent to generate
the placement score matrix W;;. The element in the z, row
and g, column of W;; means the score of putting the object in
the location (x,y) with the orientation (¢;,6;,;). The score
of the invalid region is manually set to zero if a collision
appears between objects and box walls. The orientation and
horizontal location with the highest placement score is selected
for the object package, and the vertical location of the object
is decided by the lowest height where the selected object does
not collide with other in-box objects.

3) Reward Function: We apply the Q-learning framework
[35] to train our hierarchical agents, and the reward function
includes compactness C, stability .S, perception error tolerance
T and placement feasibility F', which are demonstrated in Fig.
5. Denoting the packing state at the t;; step as s, the overall
objective at s; can be written as follows:

max J(st) = a1C + aaS + a3T + ay F (12)

We detail different terms in the overall reward and their goals
in the following.

Compactness: The compactness depicts the ratio between
the occupied volume to that of the smallest box that can
contain all packed objects, where the bottom area is fixed:

t
V;o
¢= ; LW Haw

where V,° means the volume of the ¢, packed objects in
the box, and L and W are the length and width of the
box respectively. H{"** represents the maximum height of
packed objects in the box after putting the ¢;;, object into the
container, which can be depicted by the largest value in the
box heightmap. The compactness is expected to be maximized
to enhance the space utilization ratio and save package cost.
More details in APPENDIX C.

Stability: The stability represents whether the object is
stable against the formerly packed objects and the packing

13)

box without pile shift. The analytical solution is intractable
because of the inaccessible contact points among objects. We
alternatively leverage the difference between the planned and
the actual object location and orientation for stability checking,
and the plan is regarded as stable for the difference less than
the threshold:

S =1(6¢ < hg) - I(6F < hy) (14)
The differences between the actual and planned object position
and rotation for the t;, object are denoted as &6 and &7
respectively, and the threshold for stability definition is hg
and h,.. The consistency between planned and actual object
location and orientation means the balance of force and torque,
and the small difference indicates that the state of in-box
objects is only modified slightly with negligible decrease on
space utilization ratio.

Perception error tolerance: Perception errors of object
shape estimation can be caused by the severe occlusion in
the dense clutter and the object deformability, and the incon-
sistency between the estimated and actual shape can decrease
the space utilization ratio of the packing plan. Robustifying the
packing plan to perception errors is necessary in the robotic
packing system, and we require the margin to the nearest
object should be positively correlated of the shape uncertainty:

nea
dt

T =~
||UtSh’a

— dgl2 (15)

where d°® is the distance to the nearest in-box object or
box walls for the ¢;, packed instance, and the corresponding
perception errors U are with similar definition in (10) to
represent the shape uncertainty. The slight difference is that we
consider the standard errors of scaling factors and deformation
for the t;;, object instead of the pixel pfjl in the top-down view.
dye® is a hyperparameter to balance perception error tolerance
and space utilization ratio, and large dj°* leads to more
margins among objects with higher robustness to perception
errors while the space waste is also more significant. In the
reward, more tolerance should be provided for objects with
more uncertain shape to prevent collision during placement.

Manipulation feasibility: Manipulation feasibility demon-
strates whether the manipulator can achieve the planned lo-
cation and orientation without collision among the in-box
objects, box walls and grippers. The manipulation feasibility is
set to one if there is at least one possible one-stage or two-stage
collision-free placement path and is set to zero otherwise. The
one-stage top-down placement paths to the planned location
are selected if the object and the grippers are free of collision
with the box walls and other in-box objects. Otherwise, the
intermediate position is first selected for top-down placement
followed by push actions to the planned location.

The existence of collision-free one-stage placement paths is
judged by the rule that the heightmap pixels at the grippers
should be smaller than the calculated gripper height in the final
state, so that the grippers are collision-free during the descent.
The existence of two-stage collision-free placement paths is
equivalent to that of one-stage collision-free placement in
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Fig. 6. (a) Objects adopted in training scenarios. (b) Novel objects in testing
where some of them are from unseen classes. Numbers beside objects mean

the deformability coefficients, and those without numbers are rigid objects.

intermediate positions, where L represents the region covered
by grippers in descending:

{L|sup h(z) < hy,sup h(z) — inf h(z) < hg}
zeL zeLl zeLl

(16)

where h(z) is the height value for the pixel ;, and L represents
the region covered by closed grippers when pushing objects
from the intermediate location to the planned packing position.
hg and h{ stand for the gripper height and the smoothness
threshold. The first condition ensures that the existence of
the top-down placement for the intermediate position, and the
second condition prevents the height fluctuation during object
pushing for manipulation stability.

IV. EXPERIMENTS

In this section, we first introduce the algorithmic details of
RoboPacker. Then we evaluate each modules of RoboPacker
for autonomous general object packaging, including open-
vocabulary shape estimation, interactive object information
collection, and packing planning. Finally, we compare the
performance in general object packaging between RoboPacker
and baselines. More experimental results in APPENDIX E.

TABLE I
THE CHAMFER DISTANCE (X 10~3) BETWEEN THE PREDICTED AND THE
GROUNDTRUTH SHAPE W.R.T. DIFFERENT TEMPLATE SETTINGS.

Method None Training Template Ours
CD 27.7 2.7 0.7 0.3
TABLE I

THE CHAMFER DISTANCE (X 10~5) BETWEEN THE PREDICTED AND THE
GROUNDTRUTH SHAPE W.R.T. DIFFERENT CAMERA NUMBERS AND
FEATURE FUSION METHODS.

#Cameras 1 2 3 4 5
Sum 26.9 32.0 35.0 35.9 39.5

MaxPool 26.9 27.0 27.3 28.2 28.6
Ours 26.9 26.9 26.5 26.5 27.5

A. Algorithm Details

We employ the Mask R-CNN [33] framework for instance
mask generation, where the backbone networks are pre-trained
on the COCO dataset [36]. The segmentation confidence
threshold and the IoU threshold for positive prediction are
0.35 and 0.8, respectively. Instances in different views that
occupy more than 64 voxels are merged during point cloud
partitioning. For deformation prediction, we adopt 3D graph
convolutional networks for feature extraction, followed by
three fully-connected layers to predict the deformation relative
to templates. The hyperparameter 7 in the training objective
(5) is set to 0.01. The interactive exploration is executed when
the largest perception uncertainty shown in (6) is higher than
2.7, where the hyperparameters \; and A, are set to 0.1
and 0.2, respectively. All templates in the pool are divided
into three deformability types: rigid, slightly deformable, and
deformable, where the deformable coefficients o, are set to
0, 1.05, and 1.85, respectively. The size of the square region
A;; for start point generation in interactive object information
collection is set to 64x64. Random directions for pushing
are selected if the distance between the start point and the
pixel with the largest uncertainty is less than 2 cm. The initial
pushing distance in interactive exploration is set to 5 cm and
scaled twice when the distance between start points of two
consecutive push actions is less than 2 cm. To avoid trivial
exploration, the maximum number of push actions in one
round of interactive exploration is set to 3.

For packing planning, we leverage ResNetl8 [37] as the
backbone for visual feature extraction in the top-level agent,
which predicts the score for each unpacked object via three-
layer fully-connected networks. In the bottom-level agent, the
orientation search intervals for roll, pitch, and yaw are all set to
7 /2 by default. We employ a U-Net [38] architecture network
to generate the score matrix with the same size as the box
heightmap for each discrete orientation, enabling the selection
of packing location and orientation. In the objective function,
the hyperparameters o ~ a4 are set to 0.75, 0.25, 0.1,
and 0.05, respectively. The thresholds hg and h,. for stability
judgement are 2 cm and 7/6, and the hyperparameter dj*,
which balances perception error tolerance and space utilization
ratio, is set to 50. To simulate the perception error e in packing
planning module training, all objects are rescaled by a factor
a, which is sampled from the normal distribution o ~ N'(1, e)
with e = 0.1.

We follow [30] in target grasping, and the minimal height
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not increase significantly with action steps over three.

differences between objects and contact points for grasping
and pushing candidate generation are set to 1.5cm and 2.5cm
respectively. For placement path generation, the smoothness
threshold h§ in two-stage placement is assigned to lcm. To
evaluate the space utilization ratio of the packing box, we
leverage the compactness and the success rate as the metric
for physical experiments, and report the compactness and the
maximal number of objects in the simulator. Compactness
represents the ratio between the occupied volume to the
volume of the minimal box that can contain all given objects,
as depicted in Fig. 5. The success rate means the ratio of the
cases that successfully packing all objects into the box with
fixed sizes. The maximal number of objects demonstrate the
object number that can be contained in the box with fixed
sizes in unlimited settings, where the objects are generated
with random index and scaling factors. We selected the latest
irregular object packing as the baseline HM [8] to verify
the superiority of RoboPacker. Further, we added the latest
packing planning algorithm PacklIt [39] as the baseline to
verify the effectiveness of the hierarchical packing planning
module. More deployment details are in APPENDIX D.

B. Evaluating Different Modules in the System

1) Open-vocabulary Shape Estimation: Since objects from
novel classes usually appear in deployment, we retrieve the
object templates from the large pool with the aligned repre-
sentation for open-vocabulary shape estimation. Fig. 7 demon-
strates an example of the instance segmentation masks, the
retrieved templates, the estimated shape, and the groundtruth
shape for the dense object clutter. Objects that are never
seen in the training stage such as the paper roll and the
sponge can be matched with the template whose geometry
is still very similar to the object shape. The fused CLIP
features of observed objects are aligned with the representation
extracted by OpenShape method because of the large-scale
pre-training, so that the generalization ability to unseen objects
in template retrieval can be boosted. All experiments in the
evaluation of the proposed open-vocabulary shape estimation
are conducted with 10 pre-defined clutters. We show the
quantitative influence of the template retrieval with the aligned
pre-trained representation space on the open-vocabulary shape
estimation. We conduct experiments in the scenarios where we
directly predict the complete point cloud without considering
templates (none), leverage the category-level templates of the
training objects (training) and employ the retrieved template
as the estimated shape without deformation (templates), and
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Fig. 9. Visualization of the generated packing plan including the object sequence, orientation and location in the packing box. Our method learns effective
packing policies such as putting cups on plates and placing balls in cups to enhance the space utilization ratio.

Table I reports the Chamfer distance between the predicted
and the groundtruth. Without priors from the templates, the
predicted object shape is significantly different from the groun-
truth one because the limited observation of objects in the
dense clutter fail to provide sufficient visual information for
shape estimation. The templates retrieved from the large pool
can enhance the accuracy of shape estimation, because the
category-level templates of training objects cannot provide
informative geometric priors for unseen objects. Deformation
regarding the retrieved templates also contributes to the shape
estimation accuracy due to the existed shape variances among
different instances.

We also investigate the influence of camera numbers and
multi-view object crop feature fusion methods, and we demon-
strate the Chamfer distance between the predicted and the
groundtruth shape with different experimental settings in Table
II. We changed the number of cameras and mount them
evenly on the same horizontal plane, and we adopt summation
(sum) and maxpooling (maxpool) over features from different
views for the fusion methods for comparison. Increasing the
camera numbers can significantly enhance the performance of
shape estimation when the camera number is low, because
the marginal information provided by extra views is high
for visual clue collection. The performance increase is slight
for camera numbers over three, and adding more views for
instance segmentation causes more computational cost. There-
fore, we choose the number of cameras observing the object
clutter to be three to achieve the satisfying trade-off between
the segmentation accuracy and computational cost. Moreover,
leveraging the cross-attention for feature fusion across views
outperforms other methods.

2) Interactive Object Information Collection: Since shape
estimation for densely cluttered objects usually suffers from
severe occlusion, we generate interactions to clutter to break
up the clutter structure to uncover informative visual clues.
Fig. 7 shows an example of the the instance segmentation
masks and the predicted complete shape before and after
interactive exploration. The start point, direction and distance
depicted by the arrows are decided according to the overall
uncertainty in order to maximize the information gain. The
dense regions with the highest ambiguity in perception are
broken for informative visual clue discovery. Comparing the
estimated shape before and after interaction, we can conclude
that the interactive exploration can discover the occluded
instances with more accurate shape recovery for subsequent
packing planning.

TABLE III
THE SPACE UTILIZATION RATIO OF OUR GENERATED PACKING PLANS
W.R.T. DIFFERENT PERCEPTION ERRORS.

Perception Errors Compactness #Objects
0 0.431 38.94
0.1 0.419 36.85
0.2 0.403 35.26
TABLE IV

THE SPACE UTILIZATION RATIO OF OUR GENERATED PACKING PLAN AND
THAT WITHOUT CONSIDERING PERCEPTION ERROR TOLERANCE (PET) OR
PLACEMENT FEASIBILITY (PF).

Method Compactness #Objects
Ours 0.419 36.85
Ours without PET 0.385 33.79
Ours without PF 0.396 34.66

The quantitative evaluation is conducted in 10 pre-defined
easy clutter scenarios with 10-20 objects for each clutter.
We leverage the precision and recall of instance recogni-
tion and utilize Chamfer distance between the predicted and
groundtruth object point cloud to evaluate the generated in-
teraction. Fig. 8 shows the performance variance with ex-
ploration steps, and other baselines include random pushing
(Random), and push generation without segmentation entropy
(Obj+Shape), without object disagreement (Seg+Shape) or
without shape uncertainty (Seg+Obj). Our interactive explo-
ration can enhance the recall by 37% (91% vs. 54%) and
reduce the Chamfer distance by 61% (0.00069 vs. 0.00027) via
only 3 push actions. The information gain revealed by recall,
precision and Chamfer distance decreases rapidly when the
number of actions is larger than three, and our interactive
exploration efficiently mines the visual information in the
clutter with least actions. With three push actions, the recall
and Chamfer distance advantages compared with the random
methods clearly show the effectiveness of uncertainty-based
exploration on the recall and Chamfer distance (36% and
0.031). Different terms in the definition of the perception
uncertainty all influence shape estimation accuracy, where seg-
mentation uncertainty makes the most significant contribution
because of the fine-grained informativeness measurement.

3) Packing Sequence and Location Generation: Fig. 9
illustrates an example of the generated packing plan including
the object sequence, orientation and location. Our method
learns effective packing policies such as putting cups on plates
and placing balls in cups to enhance the space utilization
ratio. Objects are separated by a suitable margin to achieve the
robustness to perception errors and manipulation incapability
without ineffective space utilization. We apply the compact-
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Fig. 11. The compactness (C), the success rate (SR) and the average time
cost of our robotic packing system regarding different numbers of objects and
box side lengths.

ness and the maximal number of packing objects to evaluate
the space utilization ratio in the simulator across 50 object
combinations, where the size of the packing box for evaluation
is 40 x 40 x 40cm.

Visual perception errors lead to inaccurate estimated object
shape, and we evaluate the robustness to perception errors of
our packing planning module in Table III. In order to prevent
the performance fluctuation of the visual perception on the
evaluation, we simulate the perception errors by deforming
the object scale, which is introduced in implementation details.
Increasing perception errors only slightly influence the space
utilization ratio. The results shown in Table IV suggest that the
space utilization ratio drops significantly without considering
the tolerance to perception errors.

The spatial occupancy of grippers disables top-down place-
ment into the packing box for tightly arranged objects, so
that the in-hand objects should be placed in the intermedi-
ate position followed by push actions to achieve the goal.
Therefore, the space between the intermediate and the goal
position should be clear in the packing plan for successful
execution of the above manipulation. Table IV depicts the
space utilization ratio for our packing plan and that generated
without considering the placement feasibility. The second
optimal position is applied in the experiment if no collision-
free placement path exists for the optimal one in the simulated
environment. The reason why we utilize the simulated place-
ment instead of the actual one is that the influence caused by
the robot arm control should be removed for fair evaluation of
packing planning algorithms. Without considering placement
feasibility, the space utilization ratio sizably decreases because
of the collision in placement.

C. Evaluating the Overall System

Table V shows the quantitative experimental results on
10 pre-defined clutter scenarios that verify the effectiveness
of each presented technique on the space utilization ratio,

TABLE V
THE COMPACTNESS (C) AND SUCCESS RATE (SR) OF PACKING RESULTS,
THE AVERAGE EXECUTION TIME (EXE.), INFERENCE TIME (INF.) AND
TOTAL TIME (TOT.) FOR PACKING ONE OBJECT.

Method C SR Exe. Inf. Tot.
Random 0.264 33.3 - - -
HM Search [8] 0.314 53.3 32.0 7.3 39.3
SHM Search [8] 0.321 60.0 32.2 6.5 38.7
PackIt Search [39] 0.306 46.7 323 7.6 39.9
Fixed Template 0.297 46.7 29.0 2.7 31.7
No Deformation 0.307 46.7 29.0 3.0 32.0
No Tolerance 0.334 60.0 27.8 33 31.1
No Feasibility 0.320 46.7 28.3 3.6 31.9
No Interaction 0.311 53.3 36.7 2.7 394
No Regrasp 0.281 40.0 23.1 35 26.6
One-stage Only 0.299 46.7 24.8 3.5 28.3
RoboPacker 0.355 73.3 26.9 34 30.3

where each clutter contains 10-20 objects. The latency is also
provided to show the influence on efficiency. The baseline
methods include our RoboPacker (a) leveraging the fixed tem-
plates of training objects in shape estimation (fixed template),
(b) estimating object shape by templates without deformation
(no deformation), (c) removing interactive exploration (no
interaction), (d) leveraging heightmap maximization search
method [8] (HM search), (e) leveraging stable heightmap max-
imization search method (SHM search), (f) leveraging Packlt
search method (Packlt search) (g) removing the perception
error tolerance in planning reward (no tolerance), (h) removing
manipulation feasibility in planning reward (no feasibility), (i)
removing regrasp operations (no regrasp), (j) placing objects
only with one-stage top-down paths (one-stage only). We
report the compactness and the success rate revealing the space
utilization ratio, and also provide the performance of randomly
stacking objects into the packing box (Random). The sizes of
the packing boxes are 40 x40 x 20cm for evaluating the success
of the packing process. All presented techniques in open-
vocabulary shape estimation, interactive instance segmenta-
tion, packing planning and system implementation improve
the space utilization ratio of robotic packing. Specifically,
levering templates of training objects fail to provide infor-
mative geometric priors for unseen objects in deployment for
shape estimation, and estimating the object shape without
deformation fail to acquire the precise object shape. They
both significantly degrade the space utilization ratio due to
the infeasible packing plan caused by inaccurately estimated
shape. Meanwhile, the execution time increases because the
inaccurate visual perception reduces the efficiency of actual
manipulation. Removing the learning based packing plan
generation, the perception error tolerance and manipulation
feasibility in planning reward underperforms our RoboPacker
because of the inferiority of the search algorithm and the weak
robustness to clutter occlusion and placement incapability.
Moreover, searching with the heuristic algorithms such as
heightmap maximization increases the inference time by a
large margin due to the plan enumeration, and conventional
reinforcement learning strategy such as Packlt cannot effec-
tively search the plan in the large search space. Remov-
ing regrasp operations and two-stage placement disables the
robotic packing systems completely, as the manipulation to
achieve the planned location and orientation is infeasible. Our
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RoboPacker outperforms random object stacking by a sizable
margin, which verifies the effectiveness of autonomous robotic
packing.

Fig. 10 visualizes several packing results across different
object numbers, and Fig. 11 demonstrates the space utilization
ratio and the average packing time cost of each object with
different box sizes and object numbers. Enlarging the box
sizes strengthens the space utilization ratio because the larger
margin between objects in the packing plan leads to higher
robustness to perception errors and manipulation infeasibility,
and decreases the implementation latency because the regrasp
operations and two-stage placement are less required with
lower crowdedness in the box. Meanwhile, increasing the
number of objects degrades the space utilization ratio because
the grippers are more likely to be collided with other objects
or the box walls due to the crowdedness.

V. CONCLUSION

Object packaging plays an important role in industrial
applications and daily tasks, and requires a large amount of ex-
perienced human packers with exhaustive labor. In this work,
we have proposed an autonomous robotic packing system,
RoboPacker, to store general objects into a confined space
with high utilization ratio. We design an open-vocabulary
shape estimation pipeline to recover the point cloud for objects
from both seen and novel classes, where we also generate
interactions to the clutter to uncover more informative visual
clues to enhance the shape estimation of cluttered objects.
Meanwhile, we propose a hierarchical reinforcement learn-
ing based packing planning framework to acquire the order,
location and orientation for object package with the goal of
maximizing space utilization. Moreover, we build a robotic
packing system by combining the presented methods with ad-
vanced manipulation techniques for realistic implementation.
Extensive experiments in both the simulator and the real world
demonstrate the effectiveness of the robotic packing system.
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