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Abstract. Efficiently assigning vessels to berths in a busy port is a
hard scheduling problem: decisions must be made in real time, under
uncertainty about future arrivals, and with the goal of minimizing how
long ships spend in the port. We present a learning-based approach in
which an agent is trained, purely through trial and error, to perform these
assignments one at a time as the vessels arrive. The agent represents the
current port state as a graph, capturing relationships between waiting
vessels, available berths, and ships still on their way, and learns which
assignments are promising via graph-based attention. Our formulation
incorporates vessel priorities, berth-dependent handling times, and a skip
action that allows the agent to postpone assignments when beneficial.
Across a range of port congestion levels, the trained agent outperforms
classical heuristic rules, achieving on average a 20% reduction in priority-
weighted turnaround cost relative to the best heuristic baseline.

Keywords: Berth Allocation Problem - Reinforcement Learning -
Graph Neural Networks - Operational Research

1 Introduction

Berth Allocation represents one of the bottlenecks in maritime logistics, signif-
icantly increasing the time that vessels spend in virtual queues and, therefore,
contributing substantially to emissions associated with port operations [10].
Indeed, emissions associated with port calls and anchorage waiting can reach
levels comparable to the annual emissions of entire countries, as reported in
the case of the Port of Rotterdam. This highlights the critical role of efficient
berth allocation not only in improving port performance but also in advancing
decarbonization efforts within maritime transport.

Efficient and intelligent port logistics are therefore essential to ensure the
smooth operation of global supply chains while reducing both operational costs
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and environmental impact. Within this context, one of the core operational opti-
mization problems is the Berth Allocation Problem (BAP), which consists of
deciding to which berth each arriving vessel should be assigned and at what
time, taking into account berth-dependent handling times and operational con-
straints. When vessels arrive dynamically over time rather than being in the
port at the beginning of the planning horizon, the problem is referred to as the
Dynamic Berth Allocation Problem (DBAP).

The BAP is an NP-hard problem [4], and its dynamic nature makes real-time
decision-making particularly challenging. In practice, ports often rely on simple
dispatching rules due to their speed and ease of implementation. However, these
approaches typically fail to capture the global structure of the problem and may
lead to suboptimal performance.

In recent years, learning-based optimization methods have emerged as a
promising alternative to custom heuristics and metaheuristics. In particular,
reinforcement learning (RL) provides a natural framework for modelling sequen-
tial decision-making under uncertainty, enabling agents to learn policies directly
from interaction with the environment. Nevertheless, its application to maritime
logistics problems remains relatively limited. Particularly, for dynamic schedul-
ing problems, (deep) reinforcement learning approaches seem to offer advantages
that are less explored structurally similar problems as the dynamic BAP.

Motivated by these challenges, this paper proposes a size-agnostic, graph-
based reinforcement learning framework for the discrete BAP with vessel prior-
ities and berth-dependent handling times. The main contributions of this work
are as follows:

1. We introduce an MDP formulation of the discrete BAP that incorporates
vessel priorities, berth-dependent handling times, and a skip action allowing
the agent to defer assignments when beneficial.

2. We propose a Graph Neural Network (GNN)-based architecture capable of
generalizing across instances with varying numbers of vessels and berths,
integrating both local and global contextual information.

3. We conduct an empirical evaluation on 2700 randomly generated instances,
demonstrating that the proposed method consistently outperforms classical
dispatching heuristics.

2 Related Work

The BAP is classified along two axes: spatial layout (discrete, continuous, or
hybrid) and temporal setting (static, when all vessels are known upfront, or
dynamic, when they arrive over time). This work addresses the discrete dynamic
variant (DDBAP). Early exact approaches for the DDBAP include a Lagrangian
relaxation method [5] and subsequent Mixed-Integer Programming (MIP) exten-
sions [3]; while optimal for small instances, these methods do not scale. Meta-
heuristics such as hybrid genetic algorithms [1] and bee colony optimization [9]
improve scalability but still require per-instance computation and do not gener-
alize across problem configurations.
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In practice, ports rely on simple dispatching heuristics for their speed, but
these ignore global scheduling structure and yield large optimality gaps under
congestion. This has motivated the use of reinforcement learning to learn deci-
sion policies directly from experience. RL has shown strong results in combinato-
rial optimization (routing, scheduling), yet its application to maritime logistics
remains limited. In [8], the agent selects among predefined heuristics at each
step to resolve conflicts, using a fixed-size state representation tied to a specific
number of berths. More recently, [6] propose a hierarchical multi-agent MDP for
joint vessel selection, berth allocation, and crane assignment, while [7] train a
size-agnostic model via evolutionary strategies for the continuous BAP.

Only [7] and [6] propose size-agnostic approaches, but neither fully addresses
our setting: [7] lacks a skip action and explicit priority modelling, and [6] encodes
only a simplified state without vessel priorities. In contrast, this work proposes a
unified MDP with a graph-based size-agnostic state representation, explicit pri-
ority modelling, and a skip action, enabling robust generalization across varying
port configurations.

3 Problem Formulation

We address the Dynamic Discrete Berth Allocation Problem (DDBAP) with
vessel priorities and berth-dependent handling times. A port has a set of discrete
berths B = {1,..., B} and receives a set of vessels V = {1,...,V} dynamically
over a rolling planning horizon. Each vessel v is characterized by its arrival
time a, > 0, a berth-dependent handling time h,; > 0 for each berth b € B,
and an integer priority weight p, € Zx>;. Four families of decision variables
are introduced: the continuous start time ¢, > 0; the binary berth-assignment
Zyp € {0,1}; the binary sequencing variable y, ,» € {0,1}, equal to 1 iff v
is served immediately before v’ at the same berth; and the first/last-in-berth
indicators fy, 1, € {0, 1}.
The resulting MIP model is adapted to consider the service time from [8]:

min va (tv —a, + Z ho b xv,b> (1)
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The objective function (1) minimizes total priority-weighted service time.
Constraints (2) enforces a unique berth per vessel. Constraints (3)—(6) link
sequencing variables to first/last-in-berth indicators, ensuring each berth has
exactly one head and one tail. Constraints (7) couples ordering and assignment
(ypr = 1 only if v, v’ share a berth), Constraints (8) enforces non-overlap via
big-M, and Constraints (9) ensure service cannot start before arrival.

4 Markov Decision Process

In order to solve the DDBAP using reinforcement learning we formulate it as
a Markov Decision Process (MDP) (S,A,7,R,7), where decisions are made
sequentially as vessels arrive and berths become available.

4.1 State Space

At each decision step t, the state s; € S is represented by a single heterogeneous
bipartite graph G = (V, B, E) containing all vessels (both waiting and not-yet-
arrived) and all berths as nodes, with edges whose features encode assignment
costs and vessel status.

Vessel Nodes. Each vessel v € V is described by a four-dimensional feature
vector:

f(v) = [wv; Ay, Do, ij}v (10)

where w, = max(0, tcu —a,)/T is the normalized waiting time already accumu-
lated (0 for vessels not yet arrived), @, = max(0, a, — teur)/T is the normalized
time until arrival (0 for arrived vessels), p, = Py/Pmax is the normalized prior-
ity, and ¢, = maxy(py/hyb)/dmax is the vessel’s best achievable score across all
berths, with T" as the planning horizon, pyax as the maximum priority and gmax
as the maximum weighted processing time and priority in the instance. Exactly
one of w, and a, is non-zero at any time, encoding whether the vessel is already
waiting or is still in transit

Berth Nodes. Each berth b € B carries a three-dimensional feature vector:

f(b) = I:F(H Cjba 01)]7 (11)
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where 7, = max(0, fp —tcur)/T is the normalized remaining time until the berth
is free, ¢, = max, (pv/hv b)/¢max 15 the best score achievable at this berth across
all vessels, and o, € {0,1} is an occupancy indicator.

Edge Features. Every pair of (vessel, berth) is connected by an edge (v,b) € F
with a six-dimensional feature vector:

€ = [gvba Cob, hvba Lvalid, 11skipv llfuture]a (12)

where 3,5 = (Pv/hv,b)/¢max is the normalized ranking score for this (vessel,
berth) pair, é,, = (max(0, tcyr — ay) - py)/L is the weighted waiting cost already
accumulated by vessel v, normalized by a reference solution value £, and the last
three dimensions form a mutually exclusive one-hot status encoding: valid means
the vessel has arrived and the edge is not forbidden (immediately actionable),
skip means the vessel has arrived but this pair was skipped and is temporarily
blocked, and future means the vessel has not yet arrived. Figure 1 illustrates the
graph representation of a state in which three vessels have arrived, two more are
coming and one of three berths is occupied. Due to a prior Skip action, vessel 2
cannot be assigned to berth 1.

Arrived vessels Berths Future vessels Valid edge
° — = lllegal edge
S Future edge
by )
° oce. I Arrived vessel
Vs

Future vessel
° B Free berth
B Occupied berth

Fig. 1. Unified bipartite state graph example.

4.2 Action Space

At each state sy, the agent selects an action from the set A(s;) = A8 (s,) U
{Skip}. Each action has a different impact on the environment.

Assignment Actions. A feasible assignment action is a pair (v,b) where v
is an arrived vessel (i.e. a, < tcy) and b € B is a free berth such that the
corresponding edge (v,b) carries status Llyaq = 1 (not forbidden by a prior
skip).

Skip Action. The agent may also choose to Skip, advancing the clock to the
next relevant event, either a berth becoming free or a new vessel arriving, without
making an assignment. This is necessary because it can be beneficial to wait for
a future vessel before committing to an assignment.
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Forbidden-Edge Masking. To make the Skip action learnable, whenever the
Skip is taken, every edge (v,b) that is available at that step (vessel waiting,
berth free) is marked forbidden for all subsequent states until either that vessel
is assigned or berth b is re-occupied. When a vessel is assigned, all forbidden
edges involving that vessel or berth are cleared. This encodes the constraint
that re-considering a declined pair at a later time can only worsen the objective.
If no future vessels remain and all berths are free, the forbidden set is cleared
and Skip is masked. Additionally, if an available assignment dominates Skip
(the vessel could be fully processed before the next event), Skip is also masked.

Transition. In an assignment of vessel v to berth b, the vessel node is removed
from the graph and the time advances to tnext = max(min, (a,), ming (fpr), teur),
where min, (a,/) is the earliest arrival among unassigned vessels not yet in port
and miny ( ) is the earliest time any occupied berth becomes free. In other words,
the next decision point is as soon as either a new vessel is available or a berth opens
up, whichever comes first, but never before the current time. On a skip, the vessel
nodes remain unchanged and the clock advances only to the next event: whichever
of (next vessel arrival, next berth becoming free) happens first strictly after ¢y,
since by construction there is already at least one waiting vessel and one free berth
at the time of the skip.

4.3 Reward

The reward signal is an incremental penalty based on changes in the objective
function, providing a dense learning signal throughout each episode.

Assignment Reward. When the agent assigns vessel v to berth b at time ¢:

T?ssign _ _pvhv,b + AVVt7 (13)
L
where p,h,p is the priority-weighted handling cost, AW, = 3~ , “v Dy AWy ¢
is the additional waiting-time cost incurred by queued vessels when the clock
advances. Waiting time is tracked incrementally via a counter w,; only the new
increment Aw,, ; = (tcur — @y) — W, is taken into account per step to avoid double
counting.

Skip Reward. When the agent takes Skip, advancing the clock by At:
skip __ AWt
ry o = —
L
In both cases, L is a reference solution value that stabilizes training by scaling
rewards across instances of different sizes.

(14)

5 Proposed Method

In this section, we present the proposed reinforcement learning approach for
solving the berth allocation problem. The architecture is based on a Graph
Neural Network, which encodes the problem as a bipartite graph and guides the
decision-making process.
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5.1 GNN Architecture

The agent consists of an encoder that processes the unified bipartite graph G
(containing all vessels and all berths) and a decoder that assigns scores to can-
didate assignment actions via a two-branch edge scorer.

GNN Encoder. The graph is processed by a encoder consisting of L = 3
heterogeneous graph convolution layers built with Graph ATtention networks
(GAT) [2] operating on the bipartite graph. At each layer £, messages are passed
in both directions (vessel — berth and berth — vessel):

h(" = ELU(LN(GAT{;* (0, BV, ew) ). (15)
by = ELU(LN(GAT" (b, b, ew))) (16)

where e,;, € R is the edge feature vector defined in Eq. (12), LN denotes Layer
Normalization, and ELU is the Exponential Linear Unit activation. Residual
connections are added from layer 2 onwards (once the feature dimension stabilises
at dp). All attention layers use H = 4 heads with mean aggregation, yielding
output dimension dj,. The first layer projects raw features (vessel: R, berth: R?)
into R%; subsequent layers operate entirely in R% . The encoder produces:

~ Per-node embeddings H € RUVIFIBDxdn (vessels concatenated with berths).
— A global graph embedding g € R obtained via mean pooling over all nodes.

Edge Scoring (Actor). For each candidate vessel-berth pair (v,b) with edge
status Lyaiq = 1, a score is computed by summing two complementary branches:

score(v, b) = MLPjoca(€?)) + MLP([0(5) | h{PT), (17)
local ranking context
where efﬁ;‘g) = [%b,évb,ﬁvb] are the first three (numeric) edge features. The

local branch MLP)oca has layers [3 — dp — 1] and captures the immediate
assignment quality signal (WTSP score and accumulated waiting cost). The
context branch MLP .t has layers [2d;, — d;, — 1] and captures interactions such
as berth congestion and future vessel arrivals encoded in the GNN embeddings.
An additional Skip score scoregi, € R is produced by a separate MLP with
layers [d, — dp — dp/2 — 1] taking the global graph embedding g as input.

Action-Masking and Distribution. Before computing the softmax distribu-
tion, all logits corresponding to invalid actions (occupied berths, skipped edges,
future-vessel edges, or Skip when no future vessels remain and all berths are
free) are set to —oo. During training, an action is sampled from the policy;
at evaluation, the argmax is taken (deterministic greedy policy). This design is
size-agnostic: the GNN encoder operates on graphs of arbitrary size, so the same
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model can be applied to instances with different numbers of vessels and berths
without re-training. For the trained model the hidden dimension dj, is set to 64.

Value Network (Critic). A separate value network estimates V(s;) =
MLPya1ue(g) with layers [d, — dp — di/2 — 1] and ELU activations.

5.2 Training Procedure

The agent is trained with Proximal Policy Optimization. Training proceeds in
batches: at the start of each batch, a fixed random seed is set and Nj,s; BAP
instances are generated. Episodes are distributed across instances in round-robin
fashion according to Ej,gt, interleaving learning updates across different problem
realizations. For each episode the agent collects a full trajectory and computes
discounted returns and GAE advantages (v = 0.99, A = 0.95), normalized to zero
mean and unit variance. The actor and critic are then updated for K = 4 epochs
using the clipped surrogate objective (¢ = 0.2), with a value loss coefficient
c1 = 0.5 and entropy bonus ¢s = 0.01. Gradients are clipped to a max norm of
0.5 and Adam is used with learning rate o = 10~%. The final model is selected
as the checkpoint with the best performance on a held-out validation set.

6 Experimental Study

In this section, we first describe how the instances used for training, validation,
and testing were generated. We then present the performance of the trained
agent on both the validation and test sets, comparing it against an exact solver
(when feasible within the imposed time limits) and four dispatching heuristics.

Instance Generation. All instance sets (training, validation, test) share the
same generation procedure. Vessel arrivals follow the methodology of [8]: inter-
arrival times are sampled from an exponential distribution with rate A = 1/1,

where I = C'- Z%biv};”b and C' > 0 controls congestion (smaller C' = higher conges-
tion). Handling times are drawn from ¢/[10,200] and priorities from {1,...,10}.
Training batches alternate between small (10 vessels, 3 berths) and medium (30
vessels, 5 berths) instances across C' € {0.5,1.0,2.0}, generating 12 instances
per batch with Ej,s¢ = 5 episodes each. The validation set contains six fixed
instances (same sizes/congestions as training). Test instances cover all 27 com-

binations of V' € {80,100, 120}, B € {5,10,15}, and C' € {0.5,1.0,2.0}, with 100
independent replicates per combination (2700 instances total).

Baselines. For a fair comparison, we evaluate the agent against four dispatch-
ing heuristics and additionally against the MIP solver Gurobi (1800s timeout).
FCF'S assigns the earliest-arrived vessel to the available berth with the shortest
processing time. SP'T always selects the vessel-berth pair with the smallest han-
dling time. Priority dispatches vessels in decreasing priority order, assigning
each to the available berth with the shortest processing time. WTSP ranks all
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arrived-vessel/free-berth pairs by p,/h,, and selects the highest-scoring pair;
this heuristic is used as the reference solution £ for reward scaling. Regard-
ing the MIP solver Gurobi, we allow 1800s to evaluate how closely the method
approaches optimal solutions. However, ports are extremely dynamic environ-
ments, requiring frequent re-optimization, which makes exact solvers like Gurobi
impractical for real-time deployment. In contrast, both the heuristics and our
agent can handle common sources of uncertainty in port operations, such as ves-
sel delays, variable handling times, and other stochastic events, while requiring
low computational time compared to MIP solvers, making them more suitable
for operational use.

Table 1. Objective function and gap with respect to the best solution found by Gurobi
of the heuristics and the agent on the validation set. 1 Gurobi time-limit reached.

Instance Gurobi [FCFS |[SPT |Priority WTSP|Agent

1-10v3b_C05|306.50 |+136% +23%+27% +9% |+5.2%
2.10v3b_C1 |512.50 |+122%+85%|+157% |+77% |+3.5%
3.10v3b_C2 |449.40 |+71% |+43%+60% |+10% +0.0%
4.30v5b_C05329.47" +244% +59% +189% +69% +2.3%
5.30v5b_C1 1400.03" +289% +85% +254% +73% +3.6%
6_30v5b_C2 |414.071|+164%|+32%|+135% |+33% |+13%

Results on the Validation Set. Tablel reports the objective value and gap
with respect to Gurobi for each validation instance. The agent outperforms all
four heuristics on every instance; on instance 3 (C' = 2) it recovers the proven
optimal. On instances 4-6 (30 vessels) Gurobi hits its 1800s time limit yet the
agent remains competitive with or below that bound. WTSP is the strongest
heuristic baseline, but the learned policy improves further by leveraging global
context from the GNN embeddings.

Results on the Test Set. Table 2 reports the mean gap (%) with respect to the
WTSP objective across 100 replicated instances for each of the 27 configurations.
WTSP is the best-performing heuristic and is therefore used as the baseline
for computing the gaps, instead of Gurobi, which does not produce feasible
solutions for all instances within the timeout even though in some configurations
the performance of Gurobi is better than the performance of the Agent. In
addition, the table indicates, in parentheses, the percentage of instances for
which Gurobi finds a feasible solution within the time limit. It is worth noting
that Gurobi, with the given time, was only able to find the optimal solution for
one instance. The proposed agent achieves the lowest or nearly the lowest gap
in almost every configuration, consistently improving over standard heuristics.
The relative improvement of the agent is more pronounced in less congested
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Table 2. Mean gap (%) with respect to WTSP across 100 replicate instances per
configuration. Best result per row in bold.

C |VesselsBerths FCFS|SPT Priority| Agent/Gurobi
0.580 5 264 |13.2/162 —-9.4 8.2 |(97%)
10 319 6.9 214 -20.3 -23.5/(99%)
15 280 |1.5 [193 —26.9 —32.9((100%)
100 |5 283 |13.5(176 —7.8 1.7 |(85%)
10 359 |10.1239 -17.8-3.6 |(82%)
15 379 6.1 254  —19.7-16.2 (95%)
120 5 294 |14.3/185 —5.8 27.2 |(45%)
10 401 (1141265  —18.525.0 (52%)
15 416 |8.9 |285 -18.33.1 |(76%)
1.080 |5 284 |12.2/179 9.2 —11.4(100%)
10 314 2.5 204 —24.6 —32.5/(100%)
15 226 |-4.0|163 —-36.4 —47.5/(100%)
100 |5 303 |13.9/191 —7.7 1.5 |(94%)
10 385 8.0 254 —20.3-15.8 |(87%)
15 332 |-1.1/226 —-31.7 |—36.0/(100%)
120 5 312 |15.3/195 —6.5 49.6 |(43%)
10 421 9.8 273 —16.8/22.4 |(68%)
15 417 2.3 282 —27.3-2.9 |(86%)
2.0/80 5 313 |12.2/196 -10.3 —14.0{(99%)
10 298 |-3.3/192 —29.9 -45.6/(100%)
15 99.3 -6.170.6  |-46.1 |-56.7/(100%)
100 5 333 144202 -9.3 2.4 (98%)
10 393 0.8 261 —26.1 —31.8/(100%)
15 232 | -7.8/160 -41.6 -52.6/(99%)
120 5 350 |15.1|220 —6.8 81.8 |(34%)
10 468 4.1 |307 —21.3/15.8 |(70%)
15 349 |-6.3231 —-35.9 —-36.1/(97%)
Overall mean (327 6.2 |214 —20.3|-15.3 |(85%)

settings, reaching up to 50% reduction in gap for instances with 80 vessels and
15 berths at low congestion (C' = 2.0). In more congested scenarios, such as 120
vessels and 5 berths at C' = 0.5, the agent still reduces the cost by roughly 6%
relative to WTSP. Overall, across all instances, the agent yields a mean gap of
approximately 20%, confirming its effectiveness in reducing the priority-weighted
turnaround cost compared to standard heuristics.
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7 Conclusion

We presented a size-agnostic graph-based reinforcement learning approach for
the DDBAP. Representing the port state as a heterogeneous bipartite graph
and encoding it with a multi-layer GAT, the agent captures both local assign-
ment signals and global context without being limited by the number of vessels
or berths. The MDP includes vessel priorities, berth-dependent handling times,
and a skip action to defer assignments, enabling high-quality schedules. On the
validation set, the agent achieves solutions close to those obtained by Gurobi
when given 1800 s per instance. Experimental results on the test set, comprising
2,700 synthetic instances across 27 configurations, show that the agent consis-
tently outperforms classical heuristics, with the largest gains observed under
low congestion (C' = 2), where greedy methods degrade the most. Across all
instances, the agent achieves a mean gap of approximately 20% relative to the
best heuristic. Nevertheless, the results are very promising only in synthetic
data, therefore, extensive evaluation should be performed in the future, includ-
ing real world data in order to evaluate the practical contribution of the proposed
method. In addition, a large validation set with distributions different from the
one used in training should also be considered in future works to make the model
selection more robust. Finally, future work will also include extending to the con-
tinuous BAP, handling arrival-time uncertainty, and incorporating features such
as shore power.
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