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1. Introduction
The 3D Bin Packing Problem (3D-BPP) is an
NP-hard combinatorial optimization challenge
with direct implications for operational efficiency
in the logistics and supply chain industries [1].
Although the fundamental objective is to pack a
set of small rectangular items into larger rectan-
gular containers, there are numerous variations of
this problem. This research specifically addresses
the offline Single Knapsack Problem (SKP). In
this formulation, the objective is to pack an en-
tire given inventory of items (called an “order”)
into a single bin, minimizing the volumetric oc-
cupancy. Operating in an offline paradigm, the
decision-making agent has full prior knowledge
of the order before the packing sequence begins.
To ensure physical realizability in real-world in-
dustrial scenarios, the proposed packing frame-
work enforces a strict set of operational con-
straints. These include geometric containment
within the bin boundaries, strict non-overlapping
of items, orthogonal alignment with the container
axes, and restricted orientation (allowing rota-
tion exclusively around the vertical z-axis). The
system also enforces rigorous static stability to
prevent structural collapse under gravity. Fi-
nally, to satisfy packing complexity constraints,

the generated arrangements must be kinemati-
cally executable by a robotic manipulator with-
out causing collisions with previously packed
items.
To overcome the computational limitations of
traditional heuristic and meta-heuristic search
algorithms, the state-of-the-art has increasingly
transitioned toward Deep Reinforcement Learn-
ing (DRL).
As a foundational step, this thesis provides a
systematic taxonomy of existing DRL-based so-
lutions for the 3D-BPP, identifying a significant
gap: existing learning-based methods frequently
abstract away the physical occlusions and reach-
ability limits of real robotic manipulators and
often do not assess the structural stability of the
loaded items.
To address these limitations, this research pro-
poses a novel architecture that integrates a Hier-
archical Reinforcement Learning (HRL) frame-
work with deterministic geometric heuristics,
aiming to generate robust and strictly feasible
packing sequences.
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2. Survey of DRL-Based 3D-
BPP Solvers

The survey was conducted on 26 recent publi-
cations applying DRL to the 3D Bin Packing
Problem. The examined literature was initially
partitioned by problem formulation, identifying
9 papers addressing the offline 3D-BPP and 17
focusing on the online variant. The proposed
taxonomy categorized these methodologies based
on their core reinforcement learning components:
state and action space representations, reward
shaping strategies, algorithmic frameworks, and
the chosen neural network architectures for func-
tion approximation.
Furthermore, the analysis evaluated how these
works decompose the combinatorial action space
through the integration of deterministic heuris-
tics, and which criteria are used to assess struc-
tural stability. This review identified a distinct
gap in the current state-of-the-art, particularly
among offline solvers. Existing methodologies
systematically omit practical feasibility require-
ments, failing to enforce rigorous static stabil-
ity and ignoring the physical occlusions that
limit the reachability of real-world robotic ma-
nipulators. Additionally, while the integration
of heuristics proves effective in reducing prob-
lem complexity, current approaches often impose
rigid spatial constraints that overly restrict the
learning agent’s exploration. The architecture
proposed in this thesis was specifically designed
to address these structural and kinematic limi-
tations.

3. Problem Statement
The offline 3D-BPP is inherently a sequential
decision-making process. At each time step t, the
placement of a new item depends solely on the
current spatial topology of the container and the
remaining inventory. Consequently, the problem
is formally modeled as a Constrained Markov
Decision Process (CMDP).

3.1. Environment State
The global state of the environment is defined as
St = ⟨sut , Ct⟩, where sut represents the unpacked
inventory and Ct denotes the active container
configuration.

Unpacked Items State. To efficiently man-
age varying quantities of items and natively em-
bed rotational degrees of freedom, the unpacked
inventory sut is structured as a set of virtual ori-
ented clusters. Each physical item type is split
into two distinct clusters corresponding to its
valid orthogonal horizontal orientations. These
paired clusters share a quantity counter, ensuring
that the selection of an item in either orientation
correctly updates the global physical inventory.

sut = {ν1,0, · · · , νNk,1, },
νk,o = (wk(o), lk(o), hk, qk, o)

Container State (Ct). The container state Ct
is decomposed into an observable spatial feature
map sct and a set of heuristic action masksMc

t

in one-to-one relation with the items of sut . Fol-
lowing the methodology proposed in [4], the 3D
container volume is projected into a 5-channel 2D
spatial tensor sct ∈ ZL×W×5. The primary chan-
nel encodes the current maximum stacked height
(the heightmap). The remaining four channels
encode specific plane features, explicitly mea-
suring the contiguous distance from any grid
coordinate to the nearest topographic disconti-
nuity or edge along the four cardinal directions
(see [Fig.1]).
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Figure 1: Example of a 10× 10 feature map

The heuristic action masks Mc
t translate geo-

metric and stability conditions into boundaries
for the learning agent. For each oriented cluster,
a corresponding binary spatial mask evaluates
the topography confining the action space to
heuristically determined placements.
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Geometric Approximation: The Pseu-
do-Planar Support. In real-world scenarios,
small height differentials (steps) and narrow de-
pressions (gaps smaller than the minimum avail-
able item footprint) can still provide secure sup-
port. Introducing the approximation of a pseudo-
planar support, the raw heightmap is geometri-
cally filtered to bridge these negligible gaps. This
yields a pseudo-planar heightmap Hm

plane that ex-
pands the set of structurally viable placement
coordinates, increasing the achievable volumetric
density without violating stability constraints.

3.2. Feasibility and Rigorous Stability
Validation

To enforce the static stability constraint, the envi-
ronment implements a rigorous validation based
on the Load Bearable Convex Polygon (LBCP)
framework [2]. An item is considered stable if its
Center of Mass (CoM) region lies entirely within
its designated support polygon P△

new.
The support polygon is computed leveraging
the pseudo-planar heightmap. The new support
polygon is defined as the Convex Hull (CH) of the
intersection between the item’s pseudo-planar
contact points (PScontact) and the structurally
feasible regions (PSfeasible) extracted from the
global feasibility map Fm

t :

P△
new ← CH(PScontact ∩ PSfeasible) (1)

The placement is validated if and only if Cnew ⊆
P△

new.
Upon validation, the global feasibility map is
updated through a Structural Stability Update
(SSU) to mask out non-load-bearing regions (can-
tilevers).

3.3. Action Space Representation
The decision-making process is decomposed into
selecting an oriented item from sut and determin-
ing its planar Loading Position (x, y). Since the
vertical placement (z-coordinate) is determin-
istically established by the current heightmap
(bottom-up packing), the theoretical 3D action
space is effectively reduced to a 2D grid:

Aeff = 2Nk × L×W. (2)

Heuristic constraints are enforced directly on
this space byMc

t , deterministically masking out
any non-feasible spatial coordinate (x, y).

3.4. Reward Function
Learning is guided by a step-wise reward formu-
lated with two components:
• Gap Reduction (rgap

t ): Rewards the step-
by-step reduction of the bounding empty
space gt, mathematically driving the policy
to fill existing voids before increasing the
overall pile height H̃t:

rgap
t = gt−1 − gt,

gt =
(
LWH̃t

)
−

∑
i∈Pt

liwihi.
(3)

• Dead Space Penalty (rdead
t ): Penalizes

the creation of permanently inaccessible
voids by analyzing the topological conse-
quences of the placement. If a placement ir-
reversibly blocks lanes or covers depressions
smaller than the minimum item footprint
(wmin × wmin), the resulting empty volume
is flagged as wasted space.

The final scalar reward Rt aggregates these com-
ponents via weighting hyperparameters (wg, wd),
applying a severe fixed penalty for statically un-
stable actions:

Rt =


wgr

gap
t + wdr

dead
t if at stable;

−L×W

50
if at unstable.

(4)

4. Methodology
To solve the 3D-BPP, this research decomposes
the packing process into a layer-building strat-
egy using Hierarchical Reinforcement Learning
(HRL). By extending the CMDP into the Op-
tions framework [5], the atomic placement of
items is abstracted into temporally extended
macro-actions responsible for constructing entire
horizontal layers. Furthermore, targeted heuris-
tics are integrated to streamline the state-action
space and enforce stability.

4.1. Hierarchical Framework and The
Options Logic

The decision-making process is structured HRL
architecture based on the Options framework.
This approach abstracts the atomic placement
of single items into temporally extended macro-
actions.
The option space Ω(St) available to the agent at
decision time t is defined as:

Ω(St) = {ω(h) | h ∈ {0} ∪Hcand(St)} (5)
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where h = 0 triggers a primitive, single-step
placement (“Free Mode”), and h > 0 triggers a
temporally extended layer-building macro-action
(“Layer Mode”) parameterized by the target layer
height h.

High-Level Policy (Heuristic Manager).
The Manager is designed as a fast, heuristic-
driven module. It first evaluates the pseudo-
planarity of the current placement surface. If
the surface is pseudo-planar, the Manager calcu-
lates the potential horizontal coverage area Ah

for each candidate height subset suh available in
the inventory:

Ah =
∑
νk∈suh

(lk × wk × qk) (6)

It then greedily selects the optimal height param-
eter h∗ = argmaxh(Ah) to maximize volumetric
density and initiates the corresponding option
ω(h∗). If the surface is not pseudo-planar, it
defaults to the primitive action ω(0).

Low-Level Policy (Shared Worker). The
Worker utilizes a single shared policy πw(at |
St, ω) across all options. Behavioral differentia-
tion between options is achieved through Con-
ditional Action Masking. During a layer option
ω(h), the dynamically generated mask Mc

h re-
stricts item selection strictly to the subset suh
and locks the valid placement coordinates to the
exact elevation of the targeted pseudo-planar
surface zcurr.

4.2. Heuristic Construction of the Ac-
tion Mask

To constrain the spatial action space with-
out over-restricting the learning agent, this re-
search introduces Corner-Anchored Regions
(CAR). CAR extends the corner points (CPs)
heuristic into continuous planar regions by an-
choring a fictitious minimum-sized box footprint
(wmin × wmin) at each CP. A global preliminary
maskMCAR is constructed as the boolean union
of these regions, preventing the generation of
unfeasible coordinates while maintaining spatial
versatility for the policy.
To guarantee physical realizability, this prelimi-
nary mask is filtered through additional geomet-
ric and structural constraints. First, a contain-
ment maskM(k,o)

cont deterministically discards any

coordinate that would cause the selected item to
protrude beyond the container’s boundaries. Sec-
ond, an edge-alignment heuristic mask M(k,o)

edge is
applied to prevent the creation of unfilled gaps
near the container walls, forcing items placed
near the boundaries to align perfectly with the
edges.
Furthermore, a vectorized fast stability check is
introduced to generate a stability maskM(k,o)

stab
using the plane features and the global feasibility
map Fm

t . It heuristically guarantees static sta-
bility by verifying that the item’s Center of Mass
(CoM) is adequately supported by the pseudo-
planar surface along both spatial axes and rests
on a structurally viable region.
The final valid placement maskMc,(k,o)

t is com-
puted as the logical intersection of the masks for
each oriented physical item, mathematically:

Mc,(k,o)
t =MCAR ∩M

(k,o)
edge ∩M

(k,o)
stab ∩M

(k,o)
cont

(7)

Mc
t is the set of all theMc,(k,o)

t masks. By apply-
ing this combined boolean filter, the architecture
zeroes out all structurally unsound or geometri-
cally invalid actions, and heuristically limits the
action space.

4.3. Worker Policy Architecture
The unified Worker policy πw is structurally
decomposed into an item selection sub-policy
πsel(idx | St, w) and a spatial placement sub-
policy πpla(x, y | idx, St, w). Both components
are approximated using specialized Deep Neu-
ral Networks designed for spatial reasoning and
representation learning.
The state representations are initially processed
by dedicated encoders. The discrete inventory
state is embedded and passed through a Trans-
former Encoder. To provide immediate spatial
awareness, these embeddings are augmented with
dynamic feasibility features derived directly from
the option-specific action mask. Simultaneously,
the container’s multi-channel spatial feature map
is processed by a hybrid CNN-Transformer mod-
ule. The CNN extracts local topographic fea-
tures and downscales the spatial resolution to
reduce computational overhead. The flattened
sequence is then processed by a Transformer En-
coder, which models long-range dependencies
and aggregates the global container context into
a single classification ([CLS]) token.
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The selection sub-policy identifies the optimal
item and its horizontal orientation using a
Pointer Network. This module performs masked
cross-attention between the spatial [CLS] token
and the encoded inventory, outputting a discrete
probability distribution over the available items.
Conditioned on this selection, the placement sub-
policy computes the exact spatial coordinate for
the item. It utilizes a Transformer Decoder to
cross-attend the explicitly selected item’s embed-
ding with the downscaled spatial feature map.
To map these decisions back to the native con-
tainer resolution, the resulting coarse logits map
is upsampled via bilinear interpolation. Finally,
a masked Softmax layer applies the action mask
Mc,(k,o)

h , deterministically zeroing out unfeasible
coordinates to yield a strictly valid 2D spatial
probability distribution.

4.4. Critic Function Approximator
To stabilize the optimization of the Worker policy
within the Proximal Policy Optimization (PPO)
framework, a Critic network is employed to es-
timate the state value function V (St). To syn-
thesize a comprehensive understanding of the
environment, the Critic aggregates three distinct
information streams: the global spatial [CLS]
token from the Heightmap Encoder, the aggre-
gated latent representation from the Item En-
coder, and a highly condensed six-dimensional
vector of macroscopic state heuristics.
These explicit heuristics include the logarithmic
count and aggregate volume of the remaining in-
ventory, the mathematical mean, maximum, and
standard deviation of the container’s heightmap,
and a boolean indicator signaling the presence
of a pseudo-planar surface. The concatenated
state vector is processed through a Multi-Layer
Perceptron. The network outputs a single con-
tinuous scalar representing the expected return,
establishing a robust baseline for variance reduc-
tion during the policy gradient updates.

5. Results
The proposed HRL model is evaluated on a test
dataset comprising 1000 distinct packing orders,
statistically generated from real-world industrial
logistics data, to be loaded onto an industrial
Euro-pallet bin. To manage computational com-
plexity during training, the spatial dimensions
are scaled down, resulting in a discrete container

grid of 24× 16 units with a maximum height of
32 units.
The HRL agent was trained exclusively in a re-
stricted single-layer setup, where episodes ter-
minate immediately upon completion of the first
horizontal layer. This experimental design is
deliberately chosen to isolate the layer-building
Option and drastically reduce the computational
burden of training over the full 3D combinatorial
space. The resulting policy is evaluated in both
the single-layer setup and the full unrestricted
bin environment. This strategy tests the architec-
ture’s zero-shot generalization capabilities. The
proposed model is benchmarked against two es-
tablished baselines: a GA employed as solver in
a real logistics company and a standard basic
heuristic based on Corner Points.

5.1. Comparative Analysis: Single-
Layer Setup

For this evaluation, two KPIs are considered:
the percentage of orders in which a layer was
successfully generated, and for these instances,
the Area Utilization of the loaded items in the
layer.
The HDRL framework successfully completed a
pseudo-planar layer in 79.22% of the instances,
achieving a mean area utilization of 83.67%.
While the GA established the empirical upper
bound for spatial efficiency (80.76% success rate,
88.17% area utilization), the execution of the
HDRL model takes an average of an average
of 1.10, which is 9 times faster than the GA
(which requires 9.10 seconds). The standard
heuristic baseline proved structurally unsuited
for targeted layer-building, fulfilling the pseudo-
planar condition in only 17.81% of the evaluated
orders.

Metric GA HDRL O3DBP

Success Rate 80.76% 79.22% 17.81%
Area Util. 88.1% ± 6.3% 83.6% ± 5.9% 63.3% ± 5.3%
Exec. Time 9.10s ± 16.7s 1.10s ± 0.1s 3.14s ± 1.1s

Table 1: Performance comparison of the
layer_option across 1000 evaluated orders.

5.2. Generalization Analysis: Unre-
stricted Bin Environment

The generated packing configurations were eval-
uated using standard KPIs, including volume
utilization, physical stability (validated through
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rigid-body physics simulations) and an overall
algorithmic benchmark score proposed by [3].
The model was tested under two operational
settings: HDRL (Rigorous), which enforces
the convex hull support validation, and HDRL
(Fast-Check), which does not employ the con-
vex hull verification.
As detailed in Table 2, the HDRL (Rigorous) con-
figuration maintained physical stability in 99.9%
of the test cases. Notably, the HDRL (Fast-
Check) achieved a highly reliable 95.3% stability
rate, confirming the effectiveness of the heuristic
masking strategy. While the Fast-Check setting
yielded slightly higher volume utilization (66.4%
vs. 64.2%) due to increased spatial freedom, the
Rigorous setting achieved a higher overall score
by strictly eliminating algorithmic penalties for
unstable placements.

Model Configuration Volume Util. Final Score Stable Orders Exec. Time

GA Baseline 75.7% ± 7.1% 0.728 100.0% 717.4s ± 385.7s

HDRL (Fast Check) 66.4% ± 8.4% 0.576 95.3% 2.54s ± 0.5s
HDRL (Rigorous) 64.2% ± 8.5% 0.598 99.9% 2.54s ± 0.5s
Heuristic O3DBP 54.5% ± 3.8% 0.002 0.3% 113.9s ± 30.0s

Table 2: Performance comparison on the full
3D-BPP environment.

Compared to the baselines, the standard CP
heuristic completely fails to produce stable con-
figurations (0.3% success rate). The Genetic Al-
gorithm establishes the empirical upper bound
for volume utilization (75.73%); however, it re-
quires an average of nearly 12 minutes (717.48
seconds) per order. In stark contrast, the pro-
posed HDRL architecture successfully generates
a complete, multi-layer, and physically stable
packing plan in just 2.54 seconds. This repre-
sents a computational acceleration by a factor
of nearly 300 compared to the GA baseline.

6. Conclusion
This research successfully bridged the gap be-
tween theoretical DRL and the strict physical
constraints of industrial robotic packing. A com-
prehensive taxonomy of DRL literature within
the 3D-BPP domain was developed, systemati-
cally identifying methodological gaps regarding
structural stability and robotic reachability. To
overcome these limitations, this thesis introduced
a novel HRL architecture. This framework effec-
tively reduces combinatorial complexity through
a practical “pseudo-planar” layer approximation
and strictly enforces kinematic realizability by in-

tegrating deterministic heuristics with a Corner-
Anchored Regions (CAR) action masking mech-
anism.
The experimental results provide encouraging
evidence of the applicability of the proposed
methodology in real-world industrial scenarios.
It is demonstrated that the approach of combin-
ing DRL with a layer-building pattern is valid,
as even on a dataset of orders with a limited
number of items, the model constructs a layer in
79.22% of instances.
Moreover, the hierarchical decomposition of the
learning policy exhibits strong generalization ca-
pabilities; specifically, the model trained exclu-
sively for single-layer construction successfully
operates within the full 3D environment, outper-
forming the basic Corner Point-based heuristic.
A significant finding concerns the efficacy of the
action masking mechanism based on heuristic sta-
bility. The validity of this approach is confirmed
by the attainment of stable configurations in
95.3% of the tested orders (when not supported
by the rigorous stability check), while simultane-
ously preserving sufficient degrees of freedom to
enable learning an efficient policy.
This balance, coupled with the superior perfor-
mance of the HDRL architecture compared to
the heuristic algorithm and the significantly re-
duced computational times, establishes a robust
solution for automated logistics.
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