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Abstract Classical metaheuristics such as Particle Swarm Optimization (PSO), Genetic Algorithm (GA), and Simulated
Annealing (SA) achieve high solution quality for the Multi-Constraint Multi-Knapsack Parcel Optimization Problem
(MCMKPOP) but require full re-optimization whenever bin configurations change, making them impractical for dynamic
retail environments. This paper proposes a deep reinforcement learning framework based on Proximal Policy Optimization
(PPO) that maximizes total retail price across all bins subject to simultaneous budget and weight constraints, with three
key architectural components: action masking to enforce feasibility, a shaped dense reward function to guide item-selection
behavior at each step, and categorical feature embeddings to encode semantic product attributes. The agent is trained once
on a fixed set of bin configurations and applied to unseen configurations without retraining. Experiments use a real-world
dataset of 1,733 retail items collected from 18 Indonesian souvenir stores, allocated across 10 heterogeneous bins. On the
training configuration, PPO achieves 99.68% of the total budget capacity (4,000,000 IDR), within 0.31 percentage points
of SA and PSO, while requiring 0.30 seconds per inference compared to 82.26 seconds for SA and 45.99 seconds for
PSO. Generalization experiments across 21 unseen bin configurations show a mean quality advantage of 0.43 percentage
points over PSO re-optimization with a mean speedup of 24.5 times. An ablation study with Bonferroni-corrected Wilcoxon
signed-rank tests confirms that action masking is indispensable (removal causes a 99.12 percentage point collapse), shaped
reward contributes 1.28 percentage points, and categorical embeddings provide a statistically significant improvement of
0.12 percentage points (p < 0.001). These findings demonstrate that PPO can serve as a practical, generalizable solver for
constrained multi-knapsack problems by trading a small quality margin for orders-of-magnitude reduction in deployment-
time computation.
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generalization; retail packaging
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1. Introduction

The Multi-Constraint Multi-Knapsack Problem (MCMKP) requires allocating items across multiple bins, each
subject to several capacity constraints, such that total value is maximized while all constraints are satisfied. The
problem is NP-hard and arises in logistics, cloud resource allocation, and retail packaging, where items must be
distributed across heterogeneous containers under simultaneous physical and economic constraints [1-3]. In the
retail variant addressed in this paper, denoted the Multi-Constraint Multi-Knapsack Parcel Optimization Problem
(MCMKPOP), a merchant allocates products across multiple packaging units subject to per-bin budget and weight
limits, and the objective is to maximize total retail price packed.
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Exact methods based on branch-and-bound or integer programming guarantee optimal solutions but scale
poorly as item counts and constraint dimensionality increase [4]. Classical metaheuristics address this by trading
optimality guarantees for practical runtime, and recent work has demonstrated that well-engineered PSO, GA,
and SA formulations achieve near-optimal results on MCMKPOP instances [5]. However, both exact methods and
metaheuristics share a structural limitation in dynamic settings: every new bin configuration requires a full re-
optimization from scratch. In retail environments where packaging specifications, product availability, or seasonal
demands change frequently, this per-instance cost accumulates into a prohibitive operational burden.

Deep reinforcement learning offers a different computational paradigm for combinatorial optimization [2]. A
trained RL policy embeds an optimization strategy into its parameters and evaluates new problem instances at
inference time through a single forward pass, avoiding repeated search. Generalization to unseen instances has been
demonstrated across scheduling [6, 7], vehicle routing, and bin packing domains [8, 9], with inference speedups of
100 to 1,000 times over classical solvers [10, 11]. The primary technical challenge in applying DRL to MCMKPOP
is constraint enforcement within a large discrete action space. For 1,733 items and 10 bins, the joint action
space contains 17,330 item-bin pairs, and at any given step only approximately 2% of actions are simultaneously
feasible under both budget and weight constraints. Penalty-based constraint handling cannot effectively guide
policy learning at this action-space scale, as demonstrated by the DQN baseline in this work and documented
across multiple CO domains [11, 12]. Action masking, which restricts the policy’s sampling distribution to feasible
actions at each step, resolves this difficulty [7, 11].

A second challenge is the representation of heterogeneous product attributes. In Indonesian souvenir retail,
items carry categorical attributes including manufacturer identity, primary ingredient, moisture category, and
flavor. These attributes encode substitutability and grouping patterns that standard numeric feature vectors discard.
Learned categorical embeddings map discrete attribute indices into continuous vectors trained jointly with the
policy, allowing the agent to exploit latent product structure during item selection.

This paper addresses the gap between static optimization quality and dynamic deployment efficiency in
MCMKPOP through a MaskablePPO framework with categorical embeddings. The dataset is expanded from the
213-item single-store setting of the prior study [5] to 1,733 items from 18 stores, providing a more demanding
evaluation of generalization. The central hypothesis is that a once-trained PPO agent can solve unseen bin
configurations with a quality gap below 1 percentage point relative to PSO re-optimization while achieving at
least one order of magnitude speedup.

The contributions of this work are as follows. First, a MaskablePPO agent for MCMKPOP is formulated with an
MDP that enforces dual budget and weight constraints through deterministic action masking, guaranteeing that all
policy gradient updates involve only feasible item-bin assignments. Second, categorical product embeddings are
incorporated into the item state representation, encoding manufacturer, ingredient, moisture, and flavor attributes
alongside numerical price and weight features. Third, the generalization capability of the trained agent is evaluated
across 21 unseen bin configurations, including 20 synthetic configurations from +10% bin parameter perturbation
and one held-out original configuration, with direct comparison against PSO re-optimization in solution quality
and wall-clock time. Fourth, an ablation study with Bonferroni-corrected Wilcoxon signed-rank tests quantifies the
individual contribution of action masking, shaped reward, and categorical embeddings, establishing a component
importance hierarchy.

2. Related Work

2.1. Reinforcement Learning for Combinatorial Optimization

The application of reinforcement learning to combinatorial optimization has been formalized by several
foundational surveys. Mazyavkina et al. [1] cover RL methods for canonical CO problems including TSP,
bin packing, and scheduling, reviewing policy gradient methods such as REINFORCE and PPO, value-based
methods including DQN variants, and hybrid actor-critic architectures. Bengio et al. [2] propose a methodological
framework in which optimization problem instances are treated as data drawn from a distribution, enabling learned
policies to amortize optimization cost across instances through a single training phase. Chung et al. [3] survey
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neural CO with RL specifically in industrial engineering contexts, identifying action masking and attention-based
encoders as the dominant approaches for constrained discrete problems. Wang and Tang [13] survey DRL methods
for transportation network optimization, cataloging attention-based, GNN-based, and value-based architectures
across routing, scheduling, and network design problems. Wang et al. [14] demonstrate that a single DRL model
trained once can solve multi-objective combinatorial optimization instances across varying preference vectors
at inference time, generalizing the amortization principle to the multi-objective setting. The core computational
advantage of trained RL policies is that inference requires only a forward pass through the policy network,
independent of problem instance complexity.

2.2. Deep Reinforcement Learning for Knapsack and Bin Packing

Several studies apply DRL directly to knapsack and bin packing formulations. Sur et al. [15] apply A3C to
the multiple knapsack problem, demonstrating that an actor-critic agent trained with sequential item assignment
achieves near-optimal performance across multiple instance types. Yildiz [16] compares fully connected, attention,
and transformer DQN architectures on the single knapsack problem, finding inference times approximately 40
times faster than dynamic programming. Bushaj and Buyuktahtakin [4] address multi-dimensional knapsack with
a K-means initialized DRL framework, solving instances at least 45 times faster than CPLEX with a maximum
optimality gap of 0.28%. Charkhgard et al. [17] extend RL to bi-objective knapsack problems, approximating
Pareto frontiers at substantially lower cost than exact methods. Zhang et al. [18] apply Q-learning with function
approximation to the standard knapsack problem, demonstrating convergence to near-optimal policies on moderate-
sized instances. Zhao and Hifi [19] propose an RL-driven cooperative scatter search for the knapsack problem
with forfeits, combining global RL guidance with local perturbation operators. For bin packing, Jiang et al. [20]
combine DRL with constraint programming for three-dimensional bin packing, Yang et al. [9] integrate domain
heuristics with PPO for online packing, and Zhao et al. [21] propose a dynamic multi-modal encoder within an
A2C framework. Tian et al. [22] address multi-vehicle cooperative bin packing through a sequence-to-sequence
policy network, extending the multi-container packing formulation to cooperative assignment across heterogeneous
vehicles. Tu et al. [23] propose a DRL hyper-heuristic with feature fusion for online packing problems, showing
that combining problem-state and search-trajectory features in the state representation improves heuristic selection
across packing variants. Zhao et al. [24] learn practically feasible policies for online three-dimensional bin packing
with physics-based feasibility enforcement, reporting less than 8% quality degradation on zero-shot transfer to
unseen item distributions. Tsang et al. [25] extend DRL to concurrent bin packing with bin replacement strategies,
demonstrating that a single trained policy adapts to changing bin configurations through state re-initialization
without policy retraining. Zhang et al. [8] demonstrate that a brain-inspired RL model for bin packing transfers
to varying environment configurations without retraining, providing early evidence of RL generalization across
packing problem variants. These works collectively address single-constraint formulations or single-bin settings;
the dual-constraint multi-knapsack problem with a real-world item pool of over 1,700 items remains underexplored.

2.3. Action Masking for Constrained Reinforcement Learning

Constraint enforcement is central to applying RL to combinatorial optimization. The two dominant strategies are
penalty-based methods, which add negative reward for infeasible actions, and masking-based methods, which
exclude infeasible actions from the sampling distribution. Karimi-Mamaghan et al. [11] synthesize results across
200 studies and document that masking achieves feasibility rates above 95% compared to below 70% for penalty
methods; the superiority is attributed to the absence of conflicting gradient objectives in the policy update.
Ming et al. [12] demonstrate that constrained multi-objective optimization with RL-assisted operator selection
requires explicit feasibility enforcement to maintain constraint satisfaction across diverse problem types. Song
et al. [7] implement action masking within a GNN-PPO framework for flexible job shop scheduling, achieving
generalization from training size 6 x 6 to unseen size 15 x 15, with inference under one second versus several
minutes for metaheuristics. Liu et al. [26] employ Masked PPO with preference-based reward learning for the
flexible job shop scheduling problem, demonstrating that combining action masking with dense reward shaping
yields superior convergence and solution quality compared to either technique applied independently. Karimi-
Mamaghan et al. [27] show that integrating Q-learning for operator selection into the Iterated Greedy algorithm
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improves solution quality and convergence on permutation flowshop scheduling, further demonstrating how RL
mechanisms embedded in combinatorial solvers benefit from principled constraint handling. Kosanoglu et al. [28]
apply a DRL-assisted SA algorithm to a maintenance planning problem, illustrating that penalty gradients conflict
with SA acceptance criteria and require additional tuning relative to masking-based implementations. Wu et al. [29]
apply iterative action masking to robotic palletization, a physical bin packing problem, and report feasibility rates
approaching 100% versus 70% for penalty-based methods, reinforcing the case for masking as the default constraint
enforcement strategy in discrete packing domains. Reynoso-Donzelli and Ricardez-Sandoval [30] apply masked
PPO to chemical process flowsheet design, reporting that masked agents achieve 100% feasible designs compared
to 60-70% for penalty-based methods, establishing masking as an effective constraint mechanism across diverse
discrete optimization domains. In the present work, the action space size of 17,330 with approximately 2% valid
actions per step makes masking essential; penalty-based training is retained only as an ablation baseline to quantify
the performance gap.

2.4. Generalization of Trained RL Policies

The generalization of trained RL policies to unseen problem instances is an increasingly recognized advantage over
per-instance optimization [2]. I. Garmendia et al. [31] critically analyze neural CO methods and identify structural
similarity between training and test distributions as the primary determinant of generalization performance, with
computational cost and transferability as the main practical limitations relative to classical solvers. Luo [6]
establishes that a DRL agent for dynamic flexible job shop scheduling generalizes to unseen job arrival rates,
outperforming classical dispatching rules by 10 to 15% in makespan. Song et al. [7] demonstrate zero-shot
transfer across 2.5-fold increases in problem size with negligible quality degradation. Yuan et al. [32] apply
DRL to job shop scheduling across instances of varying size, confirming that a once-trained policy generalizes
to problem configurations outside the training distribution without retraining. Zhang et al. [10] synthesize results
across manufacturing optimization and report that RL agents achieve 5 to 15% lower quality than per-instance
metaheuristics but deliver 100 to 1,000 times faster inference. Kallestad et al. [33] propose a general DRL
hyperheuristic framework that trains a selector over low-level metaheuristic operators, demonstrating cross-
problem generalization for scheduling, routing, and packing variants. Zhang et al. [34] propose a DRL hyper-
heuristic for combinatorial optimization under uncertainty, demonstrating that a single trained agent generalizes
across problem distributions by selecting appropriate low-level heuristics at inference time. Zhu et al. [35] study
transfer learning protocols for trained RL policies across CO domains, identifying structural similarity between
training and test distributions as the primary predictor of zero-shot generalization success. The +10% perturbation
protocol used in this work follows the generalization evaluation methodology of these studies. This range is
grounded in the operational context: in Indonesian souvenir retail, packaging budget and weight specifications
change incrementally across seasonal cycles and supplier adjustments, rarely exceeding +10% in a single
reconfiguration cycle. I. Garmendia et al. [31] identify structural similarity between training and test distributions
as the primary determinant of generalization performance, supporting the choice of a moderate perturbation range
that preserves problem structure while testing transferability. Generalization under larger distributional shifts is
acknowledged as a limitation in Section 8.

2.5. Feature Representation for Combinatorial Optimization

Feature representation substantially affects the quality of learned policies for CO [2].Attention mechanisms
and transformer architectures capture pairwise item relationships, enabling context-aware selection decisions
[16,36]. Wu et al. [37] train an improvement heuristic for routing problems that iteratively refines solutions
through learned feature representations, demonstrating that the quality of node embeddings directly bounds the
improvement trajectory of the policy. Chen et al. [38] demonstrate that integrating RL into a genetic algorithm for
flexible job shop scheduling, where feature representations encode machine-operation state, substantially improves
convergence over purely evolutionary approaches. In retail optimization, products carry categorical attributes
whose numeric encoding imposes false metric relationships between semantically unrelated categories. Learned
categorical embeddings address this by mapping discrete indices to continuous vectors trained jointly with the
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policy, enabling the agent to discover latent product clusters. To the best of the authors’ knowledge, multi-attribute
categorical embeddings have not been previously integrated into a DRL policy for multi-knapsack optimization.

3. Problem Formulation

3.1. The MCMKPOP

Let/ ={1,2,...,n}bethesetof nitemsand B = {1,2,...,m} the set of mn bins. Each item ¢ € I has a retail price
p; € Ry (in IDR) and a physical weight w; € R (in grams). Each bin j € B has a budget capacity B; € Ry
(IDR) and a weight capacity W; € R+ (grams). Let z;; € {0, 1} indicate whether item ¢ is assigned to bin j, and
let S; = {i € I : x;; = 1}. The MCMKPOP maximizes total retail price across all bins:

maximize Z = Z Z D (D

jEBES;
subject to:

Z p; < Bj, Vje&B (budgetconstraint) 2)
iESj
Z w; < Wj;, Vje B (weight constraint) 3)
iESj
Z x5 <1, Vi€l (assignment constraint) “4)
jeB

Tij 6{0,1}, Viel,jeB. (&)

The objective in (1) directly maximizes the total retail price of packed items, which corresponds to maximizing
revenue for the merchant. This differs from formulations that use a derived composite value function; using raw
price as the objective simplifies the reward signal and eliminates the need for domain-specific weight calibration
in the MDP. The dual-constraint structure, where both budget and weight must be satisfied simultaneously per bin,
distinguishes MCMKPOP from single-constraint variants and from approaches that relax constraints into a penalty
term [5].

3.2. Dataset

The dataset was constructed from product catalogs of 18 Indonesian souvenir retail stores in Central Java and the
Special Region of Yogyakarta, all members of the Central Java Souvenir Entrepreneurs Association (ASPOO).
The raw catalog contains 1,850 product records; after deduplication via fuzzy string matching at a threshold of 95
with two manual corrections, the canonical item pool comprises 1,733 unique items. Each item is characterized
by six attributes: retail price p; (range 6,500 to 343,000 IDR), physical weight w; (range 25 to 1,000 grams), and
four categorical attributes: manufacturer (vocabulary size 756), primary ingredient (vocabulary size 236), moisture
category (vocabulary size 7, e.g., dry, wet, semi-wet), and flavor (vocabulary size 51). The largest contributing store
is Bandeng Juwana Erlina with 216 items, which is also the single store used in the prior work [5]; the remaining
17 stores contribute between 49 and 198 items each. The bin configuration comprises 10 heterogeneous packaging
units with total budget capacity » ; Bj = 4,000,000 IDR. Individual bin budgets range from 150,000 to 800,000
IDR and weight capacities from 800 to 4,000 grams. All solution quality results are reported as a percentage of this
global budget capacity, denoted %Budget, which corresponds to the theoretical maximum achievable value when
all bin budgets are fully utilized.
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Algorithm 1 Multi-Knapsack-Aware Upper Bound

Require: Items I, Bins B, composite values v; from (6)
Ensure: Admissible upper bound UB

1: Sort B by W; x B; descending; UB < 0; R < I

2: for each bin j in sorted order do

3: if R = () then break

4 end if

5: Compute €ij = vq/(wz/W] —|—p,/Bj) foralli € R
6: Sort R by e;; descending; b; <+ 0; w; + 0; u; <0
7 for each item i in sorted order do

8 ifwj—i-wi <W; and bj +p; < B; then

9: wj +=w;; b +=pis uj +=v;; R+ R\ {i}
10: else if u; = 0 then

11: f* (*Hliﬁ((Wj*Wj)/wi, (B] *bj)/pia 1)
12: u; += f* - v;; break

13: end if

14: end for

15: UB += Uj

16: end for

3.3. Admissible Upper Bound

The admissible upper bound used in the terminal reward and for evaluating solution quality is computed by
Algorithm 1, adapted from [5]. The algorithm processes bins in decreasing order of capacity-budget product,
assigns items greedily by decreasing bin-specific efficiency e;; = v;/(w;/W; + p;/B;) where v; is a composite
item value defined as:

i +0.3- Wi +0.3- ds R di:pi/wi (6)

pmax wmax dmax

v; = 0.4-
and applies fractional relaxation to the last item in each bin. The composite value v; in (6) is used exclusively
within the upper bound algorithm and the terminal reward normalization; the primary optimization objective in (1)

and the step reward in the MDP both operate directly on raw retail price p,;. The upper bound is admissible because
fractional relaxation overestimates the integer optimum. The global per-experiment upper bound is 4,000,000 IDR.

4. Methodology

4.1. Framework Overview

Phase 2: Training

MDP Environment\nDual- MaskablePPO\n5 seeds x Trained Policy\nbest
Bin Config\n10 bins F constraint MCMKPOP 300000 steps checkpoint
Phase 3: Inference

Unseen Bin Config
Ttem Pool\n1733 jtems Embedding Load Checkpoint\nno Allocation Solution\nsub-
8 Embedding Matrix\n1733 x

Network\nNumerical + > retraining second
Categorical

Phase 1: Representation

32 =

Figure 1. Three-phase framework overview.
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The proposed framework consists of three sequential phases, illustrated in Figure 1. In the representation phase,
each item in the pool of 1,733 products is mapped to a 32-dimensional continuous embedding by an embedding
network that processes both numerical and categorical attributes; the resulting embedding matrix is computed
once prior to training and reused without modification during all subsequent phases. In the training phase, the
embedding matrix and a fixed set of bin configurations are provided to an MDP environment that models the dual-
constraint MCMKPOP, and a MaskablePPO agent is trained over 300,000 timesteps across five random seeds; the
best-performing checkpoint is retained for deployment. In the inference phase, the trained checkpoint is loaded
without modification, a new bin configuration is injected as the initial environment state, and the policy generates
a complete item-to-bin allocation through a single sequential forward-pass; no retraining or parameter update is
performed at this stage.

The per-step decision cycle within the MDP is detailed in Figure 2. At the start of each episode, all bin remaining
capacities are reset and all items are marked as available. At each timestep, the 52-dimensional state vector is
assembled from the 20 normalized bin capacity values and the 32-dimensional mean embedding of the current
available item pool. The feasibility mask is then constructed by evaluating, for every item-bin pair simultaneously,
whether the item’s price and weight both fit within the respective bin’s remaining budget and weight capacity; any
pair failing either condition is excluded from the action distribution. The MaskablePPO policy samples an action
from the restricted distribution through a masked softmax over the 17,330-dimensional action space, the selected
item is placed into the designated bin, both remaining capacities are decremented, and the shaped step reward is
computed before the next state is assembled.

An episode terminates when no feasible action exists, at which point the terminal reward is added and the
complete episode return is submitted to the PPO rollout buffer for the policy gradient update.

The item embedding network architecture is shown in Figure 3. Numerical attributes, specifically normalized
price and normalized weight, are concatenated directly with the output of four learned embedding matrices
corresponding to manufacturer, primary ingredient, moisture category, and flavor. The embedding dimensions are
eight for manufacturer and ingredient, and four for moisture and flavor, reflecting the vocabulary size differences
across attributes. The concatenated 55-dimensional vector is passed through a single-hidden-layer MLP with a 64-
unit ReLU layer and a linear output layer projecting to 32 dimensions. At each MDP timestep, the 32-dimensional
embeddings of all currently available items are averaged to produce the mean item embedding that forms the
second component of the state vector, providing the policy with a compact, permutation-invariant summary of the
remaining item pool.

4.2. Markov Decision Process Formulation

The item-to-bin assignment problem is formulated as an episodic MDP (S, A, P, R, ). At each timestep ¢, the
agent selects one available item and assigns it to a bin, subject to feasibility under both constraints.

State. The state s; € S is a 52-dimensional vector comprising two components. The first encodes the remaining
capacity of all m = 10 bins as 20 normalized scalars: for bin j, the normalized remaining budget Bj = o /B; and
remaining weight w; = Wi*" /W;, both in [0, 1]. The second is a 32-dimensional mean embedding of the remaining
unselected items, computed as the arithmetic mean of item embeddings over the available item pool (Section 4.3).
Action. The joint action a; = (4, j) specifies item ¢ and bin j. The full action space is |.A] = 1,733 x 10 = 17,330.
An action is feasible if item ¢ is unselected and p; < V™ and w; < W;*". The feasible action mask M; €
{0,1}17330 is recomputed at each timestep and passed to MaskablePPO.

Reward. The shaped step reward (RW?2) for selecting item i for bin j is:

step  Pi Wi
L EJ ’ (1 o W;em,before) N

where W;em’before is the remaining weight capacity of bin j before the current placement. This reward uses raw retail
price p; as the value signal, consistent with the objective in (1), and penalizes weight-inefficient placements by a
factor proportional to the fraction of remaining bin weight consumed. At episode termination, a terminal reward is
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Episode Start

Assemble State s_t\n52-
dim vector

‘ T

Compute Mask M_t\nDual
constraint check

'

Valid actions?

No Yes

Terminal Reward\nsum MaskablePPO\nSelect

price / UB action i, j
Update
Environment\nDeduct price

Episode End Vi . \ ’ . pri

and weight\nMark item
used

.

Step Reward RW2

Figure 2. MDP decision loop per timestep.

added:
- s el 8
UB ®)
where UB is the per-configuration admissible upper bound from Algorithm 1, computed once at episode start. The
terminal reward provides a global quality signal normalized to the upper bound, complementing the dense per-step
feedback. The discount factor is v = 1.0, consistent with episodic CO formulations [1].

term EJGB Ziesj Pi
rr
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Normalize\np_i /
p_max\nw_i / w_max

I r\nvocab 756 [ { Embed\ndim 8

ingredient\nvocab 236 Embed\ndim 8 l—f(ﬂancatena&\n%rmm)—b
Emedineim ¢
flavor\nvocab 51 Embed\ndim 4

Ttem Embed i\n32- )
MLP\RS5 -> 64 ReLU -> 32 |—>< e Mbed?"“”gef'\ns

Mean Pool ilabl
2an Poolinover available State component 2\n32-dim
items

Figure 3. Item embedding network architecture.

Termination. An episode terminates naturally when no feasible action exists (all items selected or no item fits any
remaining bin), or via a safety cap at 2 x |I| steps to prevent loops in degenerate states.

4.3. Item Feature Representation and Categorical Embeddings

Each item ¢ is represented by a feature vector with two components: a numerical component comprising normalized
price p; /pmax and normalized weight w; /wmax, and a categorical component comprising four discrete attribute
indices for manufacturer, primary ingredient, moisture category, and flavor.

The item embedding network maps this mixed-type representation to a 32-dimensional continuous vector:

i Wy
e, = MLP<|: p ) Emanuf[cl(‘l)]a Eingr[c7(;2)]7 Emoist[cl(‘g)}, EﬂaV[Cq(;4)]:|> (9)

Pmax Wmax

where Enpanut € RT3, Ejpgr € RZ6%8 E i € R™*4, and Egyy € R51%? are learned embedding matrices. The
concatenated input dimension to the MLP is 55; the MLP has a single hidden layer of dimension 64, a ReLU
activation, and a linear output projecting to dimension 32. Total embedding network parameters are approximately
25,000. All matrices are initialized with PyTorch defaults and trained jointly with the policy network. At inference,
the mean embedding over available items, e; = IIIT\ ZZ cr, € where I, is the set of unselected items at step t,
provides a compact 32-dimensional summary of the remaining item pool without requiring a variable-length item
enumeration in the state.

4.4. Action Masking

The feasible mask M; is constructed at each step by evaluating the dual feasibility condition for every (i, j) pair:
action (i, 7) is set to 1 if and only if item ¢ is unselected, p; < b;"'m, and w; < W;"m. The masked policy distribution
is:
exp(loglt(at)) . Mt (at)

S, exp(logit(a’)) - My (a')
When all actions are masked at terminal states, a fallback mask assigning uniform probability to all actions prevents
numerical singularity in the softmax denominator; this fallback is not invoked during policy optimization because
episodes terminate before this state is reached. PyTorch distribution validation is disabled during training to avoid
runtime errors from near-zero probability entries in early training stages.

We(at | St,Mt) = (10)

4.5. Policy Architecture and Training

The policy network 79 maps the 52-dimensional state to logits over 17,330 actions through two hidden layers of
dimensions 128 and 64 with ReLU activations. The value function Vj shares the same backbone with a separate
output head. Training uses MaskablePPO from the sb3-contrib library [11] with the following hyperparameters:
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rollout buffer size 1,024, learning rate 3 x 1074, v = 1.0, GAE X = 0.95, clip range 0.2, entropy coefficient 0.0,
value loss coefficient 0.5, and maximum gradient norm 0.5. Training runs for 300,000 timesteps per seed across 5
random seeds. Each seed requires approximately 95 minutes on an Intel Xeon CPU (Kaggle Notebook, 4 cores),
for a total training budget of approximately 7.9 hours.

5. Experimental Setup

5.1. Baseline Algorithms

Five baseline algorithms are evaluated against PPO. PSO is configured to match the published parameters from
[5]: swarm size 50, maximum iterations 1,000, inertia weight 0.7, cognitive and social coefficients 1.4, with
assignment-based representation and repair-based constraint handling. GA uses crossover rate 0.8, mutation rate
0.1, tournament size 3, population 50, and maximum iterations 1,000. SA uses initial temperature 1,000, cooling
rate 0.95, final temperature 0.01, and maximum iterations 100,000. Random Search selects item-bin assignments
uniformly at random subject to feasibility. DQN with penalty-based constraint handling (penalty = —1.0 per
infeasible action) serves as a value-based DRL baseline included to illustrate the structural failure of penalty-based
constraint enforcement at this action-space scale, rather than as an exhaustive algorithmic comparison. The penalty
value of —1.0 was selected to be on the same order of magnitude as the shaped step reward in (7), ensuring that the
DOQN receives a meaningful negative signal for infeasible actions without numerically dominating the valid-action
reward. A penalty sweep was not performed because the primary claim is architectural: at 98% invalid action rate,
no fixed scalar penalty can compensate for the structural imbalance in the replay buffer. PSO, GA, SA, and Random
Search use 30 independent runs each, consistent with [5]. PPO and DQN training use 5 random seeds; inference
evaluation uses 30 runs per algorithm from the best checkpoint.

5.2. Generalization Protocol

For the generalization evaluation, 200 synthetic bin configurations are generated by independently perturbing
each of the 10 original bin parameters (budget and weight capacities) by a uniform random factor in [0.90, 1.10],
corresponding to a +10% perturbation range. This range was chosen to reflect realistic reconfiguration magnitudes
in the target retail domain, where packaging specifications change incrementally rather than drastically between
operational cycles. Generalization under larger distributional shifts, such as doubling bin count or halving
capacities, is left for future work as noted in Section 8. These are partitioned into a labeled training split (160
configurations), a validation split (20 configurations), and a test split (20 configurations). Additionally, one held-out
original configuration, identical to the training configuration but excluded from all training and validation phases,
is included as test configuration 21. PPO inference is run 10 times per test configuration; PSO is independently
re-optimized from scratch 10 times per configuration, providing a direct per-instance comparison. No fine-tuning
or retraining is performed for PPO on any test configuration.

5.3. Statistical Analysis Protocol

All pairwise comparisons use Wilcoxon signed-rank tests, chosen for robustness to non-normality in near-optimal
solution distributions. Bonferroni correction is applied with £ = 5 comparisons in the main evaluation and £ = 3 in
the ablation study. Effect sizes use Cohen’s d computed as the difference of means divided by the pooled standard
deviation. The 95% confidence interval is i + 1.960/ V30.

6. Results

6.1. Solution Quality Comparison

Table | presents main results across all algorithms. PPO achieves a mean quality of 99.68%Budget, within 0.31
percentage points of SA (100.00%) and PSO (99.99%). SA achieves perfect 100.00%Budget with zero variance
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Table 1. Solution quality comparison (30 runs).

Algorithm Best Best Mean Std  95% CI Budget Weight

(IDR) (%Bgt) (%Bgt) (IDR) (%Bgt) Util. Util.
PPO 3,993,500 99.84 99.68 4,402  £0.04  0.997 0.516
DQN 2,954,500 73.86  73.86 0 +£0.00 0.739 0.942
PSO 4,000,000  100.00 99.99 443 £0.004 1.000 0.431
GA 3,999,500 99.99 99.93 1,092 +£0.010  0.999 0.427
SA 4,000,000 100.00  100.00 0 =+0.000 1.000 0.412
Random 3,999,000 99.98 99.92 831 +0.007  0.999 0.429

%Bgt = percentage of total budget capacity (4,000,000 IDR). Util. = mean utilization across all 10 bins.
PPO: deterministic inference (std = 0 for PPO-Full; shown here is inference run variance from seed variation).

across all 30 runs, confirming that the global budget of 4,000,000 IDR is exactly achievable on the training
configuration. PSO achieves 99.99%Budget with a mean standard deviation of 443 IDR, consistent with the prior
result in [5]. GA reaches 99.93%Budget and Random Search achieves 99.92%Budget; the high quality of Random
Search reflects the item density relative to bin capacities, where many items contribute positive budget utilization
regardless of selection order. DQN achieves only 73.86%Budget, consistent across all 30 runs. This failure stems
from the 98% invalid action rate during e-greedy exploration: in a 17,330-action space with approximately 2%
valid actions per step, the replay buffer is dominated by infeasible transitions, and the penalty signal of —1.0 per
infeasible action cannot effectively distinguish valid from invalid actions under these proportions. This outcome
is consistent with the architectural argument: the failure is not a consequence of the specific penalty magnitude
but of the 49:1 imbalance between invalid and valid transitions in the replay buffer, which renders penalty-based
Q-learning structurally unsuitable at this action-space scale regardless of the penalty value. This result confirms
the finding of Karimi-Mamaghan et al. [11] that penalty-based constraint handling degrades substantially in large
action spaces. DQN is therefore excluded from the generalization evaluation; reporting a generalization comparison
for an agent achieving 73.86% on the training configuration would not provide a meaningful reference for the
unseen configuration experiment. Budget utilization for PPO is 99.68%, closely matching PSO at 99.99%, while
weight utilization for PPO is 51.57%, reflecting that the budget constraint is binding and weight capacity remains
partially available across most bins in this configuration.

Figure 4 shows the training progress of PPO and DQN. The PPO learning curve demonstrates rapid convergence,
with the 5-seed mean exceeding 95%Budget within approximately 500 episodes and stabilizing above 99%Budget
after approximately 1,000 episodes. The narrow 95% confidence band across seeds from episode 500 onward
confirms that the combination of action masking and shaped reward produces stable convergence regardless of
random initialization. DQN’s training curve exhibits high inter-seed variance throughout 100 recorded episodes
and fails to converge toward any stable policy, with performance oscillating between 70% and 82%Budget. The
contrasting trajectories reflect the architectural difference between the two approaches: MaskablePPO restricts
every gradient update to feasible transitions, while DQN must simultaneously learn Q-value assignments for
feasible and infeasible actions from a heavily imbalanced replay buffer.

6.2. Computational Efficiency

Table 2 presents wall-clock times per configuration. PPO inference requires 0.304 seconds (std 0.040 s), while
DQON requires 0.109 seconds but at substantially lower quality. Among classical algorithms, GA is fastest at 22.75
seconds, followed by PSO at 45.99 seconds, SA at 82.26 seconds, and Random Search at 84.03 seconds. The
speedup of PPO over PSO is 151 times, over GA is 75 times, over SA is 271 times, and over Random Search is
277 times. These values fall within the 100 to 1,000 times range documented across RL-versus-classical-solver
comparisons in scheduling and packing domains [10, 11]. The one-time training cost of approximately 7.9 hours
on CPU is amortized over all subsequent inference calls; for a retail operation requiring daily reconfigurations, this
cost is recovered within the first week.
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Training Progress: PPO vs DQN
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Figure 4. Training learning curves for PPO (left) and DQN (right).
Table 2. Computational time per configuration.
Algorithm  Mode Requires Mean Std  Min Max
rerun? (s) (s) (s) (s)

PPO Inference (trained model) No 0.304 0.040 0.263 0.421
DQN Inference (trained model) No 0.109 0.014 0.087 0.144
PSO Full optimization per config  Yes 45.99 0.000 45.99 45.99
GA Full optimization per config  Yes 2275 0.000 22.75 22.75
SA Full optimization per config  Yes 82.26 0.000 82.26 82.26
Random Full optimization per config  Yes 84.03 0.000 84.03 84.03

Std = 0.000 for classical algorithms because identical parameters are used across 30 runs; variance appears in solution quality, not runtime.

All times: Intel Xeon CPU, Kaggle Notebook environment, 4 cores.

6.3. Generalization to Unseen Bin Configurations

Table 3 summarizes generalization performance across all 21 test configurations. On the 20 synthetic
configurations, PPO achieves a mean quality of 99.86% of the per-configuration admissible upper bound (std
0.19%, 95% CI +0.08%), compared to PSO’s 99.43% (std 0.40%, 95% CI £0.17%). The mean quality gap is 0.43
percentage points in favor of PPO, indicating that the trained agent without retraining produces slightly higher
quality than PSO re-optimization across the +10% perturbation range. On the held-out original configuration, PPO
achieves a solution value of 3,991,000 IDR (99.775%Budget), while PSO achieves 99.34% of the per-configuration
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(A) Solution Quality on Unseen Configurations (B) Inference Speedup over PSO Re-optimization
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Figure 5. Generalization results across 21 unseen bin configurations.

upper bound. " The mean per-inference time for PPO is 0.117 seconds per configuration (total across 10 runs: 1.17
s), versus PSO’s 28.56 seconds per configuration (total across 10 runs), yielding a mean speedup of 24.5 times on
synthetic configurations and 26.2 times on the original.

Figure 5 presents four panels of the generalization results. Panel (A) shows that PPO matches or exceeds PSO
quality on all 20 synthetic configurations, with PPO values between 99.71% and 100.00% of the per-config upper
bound; PSO shows greater variance with error bars extending up to 0.80 percentage points. Panel (B) displays
PSO retrain time on a log scale, confirming that PSO requires between 27 and 32 seconds per configuration while
PPO inference remains below 2 seconds per run across all 21 configurations. Panel (C) shows the distribution of
the PPO-minus-PSO quality gap in percentage points, with a mean of 0.456 and median of 0.394; 20 out of 21
configurations show a positive gap, confirming that the trained policy outperforms PSO re-optimization in 95%
of test cases. Panel (D) plots the quality gap against speedup ratio per configuration, confirming that all 21 points
fall in the upper region indicating PPO achieves simultaneously higher quality and faster inference than PSO. The
consistently positive gap suggests that the policy’s learned item-selection heuristic transfers robustly within the
+10% perturbation range and may generalize better than PSO’s per-instance greedy convergence on configurations
that differ moderately from the training setup.

6.4. Ablation Study

Table 4 presents results for four conditions. Action masking is the most critical component: its removal (PPO-
NoMask) causes a 99.12 percentage point drop to 0.654%Budget, with budget utilization of 0.004 and weight
utilization of 0.006. The agent packs essentially nothing, confirming that a 17,330-action space with approximately
2% valid actions cannot support learning under penalty-based enforcement. The effect size is d = 1.983, and the
result is consistent with the DQN failure in the main comparison and with survey evidence from [11]. The shaped
reward (RW2) contributes 1.28 percentage points over the terminal-only baseline. PPO-SimpleReward achieves
98.50%Budget, confirming that a terminal-only reward can learn a reasonable policy on its own; the shaped reward
functions as a performance booster rather than an architectural necessity. The primary mechanism behind the gap
is a weight-efficiency bias induced by terminal-only reward: PPO-SimpleReward shows markedly higher weight
utilization (0.713 versus 0.525 for PPO-Full), indicating the policy selects heavier items indiscriminately because it
receives no within-episode signal penalizing weight-inefficient placements. In absolute terms the 1.28 percentage

The reported %UB value for PPO on the original configuration exceeds 100% (100.35%) due to the non-tight nature of the admissible
upper bound from Algorithm 1, which applies fractional relaxation and thus overestimates the integer optimum. In absolute terms, PPO
packs 3,991,000 IDR = 99.775%Budget, which is a physically valid and constraint-satisfying solution.
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Table 3. Generalization performance by configuration type.

Config N PPO PPO PPO PSO PSO Gap PPO Speedup
Type Mean Std 95%CI Mean Std (ppts) Time (s)

(%UB) (%UB)
Synthetic (£10%) 20 99.86 0.19 +0.08 99.43 040 4043 1.17 24.5x
Original (held-out) 1 100.357 — - 9934 -  +1.01 120 26.2x
Combined 21 99.88 021 +£0.09 9943 039 +046 1.17 24.6x

%UB: Percentage of the per-configuration admissible upper bound (Algorithm 1). This metric normalizes each configuration to its own
feasible ceiling because synthetic configurations have different total budget capacities, making %Budget non-comparable across rows.

PPO Time: Total time for 10 inference runs; per-inference time = 0.117 s.

T Exceeds 100% because the admissible upper bound applies fractional relaxation and overestimates the integer optimum; the absolute
solution of 3,991,000 IDR (99.775%Budget) is physically valid and constraint-satisfying.

DQN excluded from generalization: 73.86%Budget on training configuration, 98% invalid action rate at inference.
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Figure 6. Ablation study results by condition.

point improvement corresponds to approximately 51,200 IDR per configuration, a margin that is operationally
meaningful in daily retail packaging decisions. Categorical embeddings contribute 0.12 percentage points. The
effect is small but statistically significant across all 30 runs (p,g; = 0.0000, d = 1.465), confirming a consistent
benefit of encoding semantic product attributes. The small magnitude is expected: price and weight carry most of
the policy-relevant signal for maximizing IDR value, while manufacturer, ingredient, moisture, and flavor attributes
provide a marginal complementary signal through learned product groupings. All three components are significant
after Bonferroni correction (k = 3, all p,g; < 0.001).

Figure 6 visualizes the ablation results. Panel (A) shows mean quality per condition as a bar chart with
standard deviation error bars; the near-zero bar for PPO-NoMask contrasts sharply with the three well-performing
conditions. Panel (B) shows the performance drop relative to PPO-Full in percentage points, with asterisks denoting
Bonferroni-corrected significance. The PPO-Full condition is fully deterministic across all 30 runs (std = 0.000%),
confirming that inference under the trained checkpoint with the deterministic flag produces identical solutions
regardless of random seed. The standard deviation of PPO-SimpleReward (0.63%) is substantially higher than that
of PPO-NumericOnly (0.08%), indicating that the shaped reward not only improves mean quality but also reduces
inference variance, an operationally relevant property for consistent retail packaging decisions.
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Table 4. Ablation study results (30 runs, Bonferroni-corrected, k = 3).

Condition Ablated Mean Std 95%CI  Drop Bgt Wgt W Dy d
Component (%Bgt) (ppts)  Udl.  Util

PPO-Full (proposed) None 99.775 0.000 +£0.000 +0.000 0.997 0.525 - - -

PPO-NumericOnly  Cat. embed. 99.659 0.077 £0.028 —0.117 0.996 0.547 0.0 0.0000 1.465

PPO-SimpleReward Shaped reward 98.496 0.626 +0.224 —1.279 0.982 0.713 0.0 0.0000 1.643

PPO-NoMask Action masking 0.654 0.071 +0.025 —99.121 0.004 0.006 0.0 0.0000 1.983

%Bgt = percentage of 4,000,000 IDR global budget capacity. Util. = mean utilization across 10 bins.
W: Wilcoxon statistic vs PPO-Full. p,q;: Bonferroni-corrected. d: Cohen’s d effect size.
PPO-Full is fully deterministic (std = 0); statistical tests compare ablated distributions against this constant.

7. Discussion

The central result of this work is that a once-trained PPO agent solves unseen bin configurations with a mean quality
advantage of 0.43 percentage points over PSO re-optimization and a speedup of 24.5 times, without additional
training. The PSO baseline used throughout this work shares the assignment-based particle representation, the
repair-based constraint handling philosophy, and the PSO search hyperparameters (swarm size 50, 1,000 iterations,
w = 0.7, ¢y = co = 1.4) of the Enhanced PSO from the prior study [5]. It is adapted to directly optimize the raw
retail price objective defined in Equation (1) of the present formulation, rather than the prior study’s composite
value function, consistent with the objective simplification discussed in Section 3. The comparison is therefore
against a PSO formulation matched to the prior study’s search hyperparameters and constraint-handling philosophy,
applied to the expanded 1,733-item dataset and to this paper’s own objective definition. The quality gap on
the generalization set is substantially smaller than the 5 to 15% degradation reported for RL generalization in
scheduling and routing domains [10]. Two factors contribute to this outcome. First, the +10% perturbation range is
moderate, so the test configurations remain structurally close to the training distribution. Second, the optimization
objective, maximizing total price, exhibits regularity across bin configurations: items with high price relative to
their dual resource consumption remain favorable regardless of exact bin capacity values, enabling the learned
selection heuristic to transfer without distribution shift in item rankings.

The positive quality gap for PPO over PSO in 20 out of 21 configurations is an unexpected finding. A possible
explanation is that PSO’s per-instance search, which starts from a random population and converges over 1,000
iterations, may not fully escape local optima for configurations that differ moderately from its training distribution,
while the PPO policy’s learned heuristic provides a more calibrated initialization that implicitly reflects the global
item value structure. This hypothesis warrants further investigation with larger perturbation ranges and longer PSO
run budgets. Li et al. [39] survey hybrid RL and evolutionary approaches and confirm that RL and metaheuristics
typically occupy complementary positions on the solution-quality versus inference-time tradeoff, rather than one
strictly dominating the other; the results of the present work are consistent with this characterization. Danach et
al. [40] demonstrate that dynamically selecting metaheuristic operators via a DRL mechanism achieves consistent
gains over fixed-parameter approaches across routing, facility location, and scheduling problems, establishing RL-
guided heuristic selection as a practical direction for combining the strengths of both paradigms.

The ablation hierarchy reveals an important practical implication for deployment. Action masking is not a design
choice but a structural requirement at this problem scale. The shaped reward’s 1.28 percentage point contribution
and substantial variance reduction (from 0.63% to 0.000%) establish it as a valuable performance booster: the
policy remains functional without it, but the dense per-step signal eliminates weight-efficiency bias and produces
fully deterministic inference, both of which are operationally desirable in retail deployment. The categorical
embedding contribution of (.12 percentage points, while small, has practical implications for catalog management:
a deployment scenario with incomplete categorical metadata would incur only a 0.12 percentage point quality
penalty, confirming robustness to missing product attributes. The use of retail price p; as the optimization objective
(Eq. (1)) rather than the composite value v; (Eq. (6)) represents a deliberate simplification relative to the prior

Stat., Optim. Inf. Comput. Vol. x, Month 202x



I. RIZQA, A. SYUKUR, A. MARJUNI AND N. RIJATI 15

study [5], which used the composite value as the fitness function for its Enhanced PSO. In the present study,
all five solution methods, PPO and the four classical baselines (PSO, GA, SA, Random Search), optimize raw
retail price directly, consistent with the objective in Eq. (1). The composite value v; is retained only within
Algorithm 1 to compute the admissible upper bound used for percentage-of-UB reporting and the PPO terminal
reward normalization; it does not serve as the fitness function for any solver evaluated in this study. For the
PPO agent specifically, the shaped step reward in (7) encodes weight efficiency through the multiplicative factor
(1 —w;/ W;em’before), providing a comparable resource-efficiency signal to the one the composite value provided for
PSO’s fitness landscape in the prior study, without requiring the explicit composite term in the present formulation.
Using raw price as the primary signal across all methods also improves interpretability: every algorithm’s objective
directly corresponds to maximizing visible revenue, the metric most relevant to retail decision-makers.

8. Limitations

The generalization evaluation is restricted to the +10% perturbation range of the original bin configuration, selected
to reflect realistic reconfiguration magnitudes in the target retail domain. Larger distributional shifts, such as
doubling the number of bins, introducing entirely new item categories, or changing the budget-to-weight capacity
ratio substantially, are not tested. Generalization under these conditions is likely to degrade, consistent with the
findings of Zhu et al. [35] on transfer learning limits for RL policies in CO problems and with I. Garmendia et
al. [31] on structural similarity as the primary predictor of transferability. Extending the evaluation to perturbation
ranges of +£20% to +50% and to configurations with different numbers of bins remains an important direction for
future work.

The training cost of approximately 7.9 hours on CPU scales with item pool size and episode length. Applications
to significantly larger item pools would require GPU acceleration, curriculum-based training, or hierarchical action
space decomposition.

The weight constraint is not binding in the current experimental configuration, with a mean weight utilization
of 51.57% for PPO. This reflects the real-world retail dataset where budget constraints are more restrictive than
weight limits, but it limits the generality of the findings to settings where both constraints are simultaneously active.

The categorical embedding vocabulary contains long-tail distributions with many categories appearing only
once in the training data. Embedding quality for rare manufacturer or ingredient categories may be poor, and the
0.12 percentage point contribution of embeddings may underestimate the benefit in domains with more balanced
categorical distributions.

Hyperparameter sensitivity is not exhaustively analyzed. The shaped reward coefficients, embedding dimensions,
and network architecture (hidden layers 128 and 64) were selected through preliminary experiments; systematic
hyperparameter optimization may yield further improvements.

9. Conclusion

This paper presents a MaskablePPO framework for the Multi-Constraint Multi-Knapsack Parcel Optimization
Problem with dual budget and weight constraints, incorporating action masking, a shaped dense reward, and
categorical product embeddings. The formulation uses retail price as the direct optimization objective, consistent
with revenue maximization objectives in retail operations. Experiments on 1,733 items from 18 Indonesian
souvenir stores demonstrate that PPO achieves 99.68% of the total budget capacity, within 0.31 percentage points
of the best classical metaheuristic, while requiring 0.30 seconds per inference compared to 45.99 seconds for
PSO. Generalization across 21 unseen bin configurations confirms a mean quality advantage of 0.43 percentage
points over PSO re-optimization with a 24.5 times speedup. The ablation study establishes that action masking
is an architectural requirement at this problem scale, that the shaped reward contributes 1.28 percentage points
and substantially reduces inference variance, and that categorical embeddings provide a small but statistically
consistent benefit. Future work should investigate generalization under larger distributional shifts, attention-based
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architectures for explicit item-pool encoding, and curriculum strategies to extend the framework to larger item
pools.
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