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Abstract. District-based planning is commonly used to make city-scale
last-mile delivery more tractable, but the intermediate task of predicting
district visitation order is still di�cult to model in a way that is both
data-driven and operationally simple. This paper studies hierarchical
district sequencing as a supervised recurrent prediction problem rather
than as an end-to-end routing optimisation problem. From 1,268,337
historical delivery records in Porto, delivery stops are assigned to a
three-level polygon hierarchy and converted into route-level and parent-
conditioned district sequences. We train gated recurrent unit (GRU) pre-
dictors for the three hierarchy levels, using parent-district information at
the child levels, and evaluate them with route-disjoint train, validation,
and test partitions. The models are compared with three lightweight op-
erational baselines: a global frequency rule, a �rst-order transition rule,
and a geometry-based permanent visitation order. The GRU provides
the largest bene�t at the macro-district level, improving Level 1 accu-
racy from 0.291 to 0.520 and top-5 accuracy from 0.712 to 0.877. At �ner
resolutions, the recurrent model remains competitive, but the smaller
feasible child sets make transition-frequency baselines harder to surpass.
These results provide a compact GRU-based recurrent baseline for hier-
archical district-sequence prediction and clarify where recurrent memory
appears most useful in district-based delivery planning.

Keywords: last-mile delivery · recurrent neural networks · district se-
quencing · hierarchical planning · vehicle routing

1 Introduction

Urban delivery operators repeatedly serve the same metropolitan territory, but
the order in which service regions are visited can vary from route to route. These
realised district orders are not arbitrary: they re�ect geography, depot departure
patterns, driver routines, demand distribution, and operational constraints that
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are only partially captured by static distance-based rules. This makes histor-
ical route traces a useful source of information for learning district visitation
behaviour.

This paper focuses on one speci�c decision inside hierarchical last-mile deliv-
ery planning: predicting the next district in a visitation sequence. The objective
is not to solve the complete vehicle routing problem, nor to replace detailed stop-
level optimisation. Instead, we isolate the sequencing layer and ask whether a
compact recurrent model can reproduce district-order patterns more accurately
than simple operational rules. This framing is useful because district order can
be predicted before detailed routing and can later be used as a warm start,
ordering prior, or constraint for downstream optimisation.

The study is carried out on a three-level polygon hierarchy for the city
of Porto. At the coarsest level, the model predicts transitions between macro-
districts along full routes. At the two �ner levels, predictions are made within
the currently active parent district, so that child-level decisions remain con-
sistent with the hierarchy. This produces three related but di�erent prediction
tasks: route-level Level 1 sequencing, Level 2 sequencing conditioned on Level 1
parents, and Level 3 sequencing conditioned on Level 2 parents.

The central research question is therefore: at which spatial resolution does re-
current sequence memory add value beyond frequency-based and geometry-based
baselines? This question is important because the bene�t of machine learning is
not expected to be uniform across the hierarchy. Coarse districts may require
longer contextual memory, while �ne-grained child districts may be largely gov-
erned by local transition regularities.

Contributions. This paper makes three contributions. First, it provides a GRU-
based recurrent study of hierarchical district-sequence prediction in last-mile
delivery, using the same compact architecture across three nested spatial res-
olutions. Second, it introduces a simple parent-conditioned recurrent formula-
tion for Level 2 and Level 3 prediction, allowing child-district sequences to be
learned within their active parent districts without requiring a joint multi-level
decoder. Third, it provides an empirical scale-level analysis showing that recur-
rent modelling is most bene�cial for coarse district sequencing, while �ne-grained
sequencing is often already well approximated by �rst-order transition statistics.

Paper organisation. The remainder of this paper is organised as follows. Sec-
tion 2 reviews district-based decomposition, cluster ordering, and recurrent se-
quence models for operational prediction. Section 3 describes the data prepara-
tion pipeline and GRU-based prediction models. Section 4 reports the experi-
mental protocol and quantitative results. Section 5 discusses the scale-dependent
behaviour of recurrent modelling, and Section 6 concludes the paper.
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2 Related Work

2.1 District-based decomposition in last-mile delivery

Large urban delivery instances are often too large to treat as a single monolithic
routing problem. Decomposition approaches therefore partition the service terri-
tory into smaller geographic units before detailed routes are constructed. In last-
mile delivery, this is particularly useful because operational decisions are shaped
not only by distance, but also by service density, time pressure, driver familiarity,
and repeated daily execution patterns [1]. The integrated Porto framework in
[2] follows this logic by separating the planning process into districting, district
sequencing, and detailed routing.

The present paper uses this hierarchical view but studies only the sequencing
layer. This distinction is important: we do not claim to produce complete vehicle
routes. Instead, we learn district-order information that can be used before, or
together with, downstream route construction.

2.2 Cluster ordering as an intermediate routing decision

When customers are grouped into districts or clusters, the order of these groups
becomes a separate planning decision. This connects the present problem to
clustered routing models, including the Clustered Traveling Salesman Problem
and clustered variants of the Vehicle Routing Problem [3, 4]. In such models,
cluster order in�uences the structure of the detailed route because customers in
the same cluster are usually served contiguously or under related constraints.

Classical approaches often de�ne this order using geometric summaries, ag-
gregated travel costs, or decomposition procedures [5]. These methods are attrac-
tive because they are interpretable and computationally e�cient. However, they
may ignore recurring patterns in executed routes, such as driver-speci�c habits,
depot departure preferences, or systematic district-order motifs. This motivates
learning district sequences directly from historical operations.

2.3 Recurrent sequence models for operational prediction

District visitation can be represented as a symbolic sequence: each token is a
district identi�er, and the learning task is to predict the next token given the
previous visits. Recurrent neural networks are a natural baseline for this set-
ting because they process the pre�x sequentially and maintain a hidden state
summarising previous decisions. Among recurrent architectures, gated recurrent
units (GRUs) provide a compact alternative to more complex sequence mod-
els, with fewer parameters than many attention-based architectures and a direct
autoregressive interpretation.

In routing and logistics, learning-based methods have been used to approxi-
mate decisions, capture hidden preferences, and support large-scale optimisation
work�ows [6, 7]. The contribution of the present paper is narrower: it evaluates
whether GRU models are useful for district-level sequence prediction inside a
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hierarchical delivery pipeline. This makes the GRU not an end-to-end optimiser,
but a data-driven sequencing component.

2.4 Positioning of this paper

The paper is positioned as a recurrent benchmark for hierarchical district se-
quencing. It di�ers from classical clustered-routing algorithms because it predicts
historically observed district orders rather than solving a full clustered routing
instance. It also di�ers from higher-capacity neural routing approaches because
it deliberately uses a compact GRU architecture and evaluates where such a
model is su�cient. The resulting analysis is intended to identify the hierarchy
levels at which recurrent memory provides practical value over simple frequency,
transition, and static-order baselines.

3 Methodology

This work follows the hierarchical structure of the reference framework (districting�
sequencing�routing) and focuses on the sequencing task. The service region
has already been partitioned into a three-level hierarchy of polygonal districts
(Level 1, Level 2, and Level 3). Using historical delivery traces, we learn se-
quence models that predict plausible district visitation orders at each level, with
the goal of providing a data-driven sequencing component that can be integrated
into the downstream routing stage.

3.1 Data preparation and hierarchical assignment

Each delivery record includes geographic coordinates (longitude, latitude) and
operational descriptors that identify the route (in our data, a service date and
a circuit identi�er), as well as a visit time used to order stops. All polygon
layers and delivery points are transformed to a common coordinate reference
system prior to matching. Each stop is assigned to polygon identi�ers using a
spatial join with the predicate within. Data pre-processing stage is similar to
the reference [2]. After that, polygon identi�ers are normalised to string tokens
(e.g., converting �oat-encoded IDs to integer-like strings) to ensure consistent
representation during vocabulary construction.

3.2 Route construction and sequence extraction

Stops are grouped into routes using the operational route key (date and cir-
cuit), and are ordered using the recorded visit time. From each route, we extract
district visitation sequences at multiple resolutions. The Level 1 sequence is
obtained by recording the ordered list of visited Level 1 districts. To build con-
ditional sequences at �ner levels, we segment each route according to the hierar-
chy: Level 2 sequences are constructed within contiguous Level 1 segments, and
Level 3 sequences are constructed within contiguous Level 2 segments. To avoid
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over-representing repeated stops within the same district, we apply consecutive-
collapsing (enabled in our experiments), which removes only consecutive dupli-
cates in the extracted sequences. Districts that never appear in the historical
data are naturally excluded from the learning problem.

3.3 Learning setup and data splitting

Sequencing is formulated as an autoregressive next-token prediction task. For
each hierarchy level, we build a vocabulary consisting of all observed district
tokens and four special tokens for padding, sequence start, sequence end, and
unknown identi�ers. Training examples are constructed by shifting each sequence
by one position, so that the input contains the start token followed by the se-
quence, and the target contains the sequence followed by the end token. To en-
sure a fair evaluation and prevent leakage across partitions, we split the dataset
by route: all sequences (and all segments at all levels) derived from the same
route are assigned to the same split. We use an 80%/10%/10% split for train-
ing/validation/test.

3.4 Recurrent prediction model

The GRU architecture is used deliberately as a compact recurrent baseline
rather than as a claim of architectural novelty. This choice allows us to test
whether sequential memory improves district prediction beyond frequency-based
and transition-based rules, while keeping the model simple enough to compare
across hierarchy levels. More expressive architectures, such as attention-based
decoders, may improve performance at coarse levels, but they also introduce ad-
ditional modelling choices. We therefore treat the GRU as a controlled recurrent
reference model for evaluating the usefulness of sequence memory in this setting.

For each hierarchy level, we train an independent GRU predictor. Let xt

denote the district token observed at position t in a sequence and let E(·) be the
corresponding token-embedding matrix. At Level 1, the input at time t is the
district embedding

zt = E(xt).

The hidden state is updated recurrently as

ht = GRU(zt, ht−1),

and the next-token distribution is obtained through a linear output layer followed
by a softmax:

p(xt+1 | x≤t) = softmax(Woht + bo).

For Level 2 and Level 3, the prediction is conditioned on the active par-
ent district. If p denotes the parent token and Ep(·) its embedding matrix, the
recurrent input becomes

zt = [E(xt) ||Ep(p)],
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where || denotes concatenation. The same parent embedding is provided at every
time step of the segment, so the model learns child-level transitions under a �xed
parent context. This design keeps the model simple while preventing child-level
prediction from being treated as a �at vocabulary problem.

The three models are trained separately rather than jointly. This choice sup-
ports a diagnostic comparison across hierarchy levels: each model is evaluated
only on the prediction task associated with its own spatial resolution.

3.5 Training procedure and evaluation

Models are trained with teacher forcing using a padding-masked next-token clas-
si�cation loss. Optimisation uses Adam, with gradient clipping to stabilise train-
ing and early stopping based on validation loss. We report token-level accuracy
and top-5 accuracy computed over non-padding positions. All reported metrics
are computed in a teacher-forced evaluation setting on the held-out test routes.

3.6 Implementation details

All experiments are implemented in PyTorch with a �xed random seed of 42.
We use an embedding dimension of 32 and a GRU hidden size of 64 across
all hierarchy levels, with a single recurrent layer and no dropout. Models are
trained for up to 200 epochs with batch size 64 and an initial learning rate of
10−2. We apply gradient clipping with maximum norm 1.0. Early stopping uses
a patience of 8 epochs with a minimum validation improvement threshold of
10−4. When enabled suggesting no further improvements, a Reduce-on-Plateau
scheduler reduces the learning rate by a factor of 0.5 after 2 validation plateaus.
Training runs on a GPU.

4 Experimental Results

This section reports the predictive performance of the proposed GRU-based
sequencing models. All results are computed on the held-out test split using
the route-level partitioning described in Section 3. Metrics are evaluated under
teacher forcing and exclude padding positions.

Dataset. The experiments use the same operational dataset described in [2], col-
lected from last-mile delivery activities in the city of Porto. The raw data com-
prise 1,268,337 delivery records, and 9,559 routes where each record corresponds
to a single destination (stop) and includes a unique identi�er, delivery times-
tamp, package size attributes, route identi�ers (e.g., circuit/route ID), service
date, and performance-related variables. Following the preprocessing pipeline
in Section 3, each stop is mapped to a three-level polygon hierarchy and then
aggregated into route-level district sequences used for training and evaluation.
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4.1 Evaluation protocol

We evaluate next-district prediction at three spatial resolutions (Level 1, Level 2,
Level 3) using token-level accuracy and top-5 accuracy. Accuracy measures whether
the most probable predicted token matches the ground truth next token, while
top-5 accuracy measures whether the ground truth token is among the �ve most
probable predictions. To avoid data leakage, all sequences derived from the same
operational route are assigned to the same data split, as described in Section 3.

4.2 Baselines

To contextualise the learned models, we compare against three lightweight base-
lines computed from the training split.

Most-frequent predicts the same candidates at every position: the �ve most
common next-district tokens observed in the training targets for the correspond-
ing hierarchy level.

Transition-frequency is a �rst-order transition baseline built from empir-
ical next-token counts. At Level 1 it uses the previously visited district to select
the most frequent successors, while at Levels 2 and 3 it is additionally condi-
tioned on the parent district (i.e., transitions are learned separately within each
parent). For each state, it returns the top-5 most frequent next districts; if a
state was not observed in training, it falls back to the global most-frequent list.

Permanent sequence is a static-policy baseline that constructs a �xed
visitation order using centroid-based Euclidean distances in the projected coor-
dinate system and a greedy nearest-neighbour tour. For Level 1, a single order
over Level 1 districts is computed starting from the depot location; for Levels 2
and 3, a separate static order is computed per parent district (Level 1→Level 2
and Level 2→Level 3). During evaluation, the predicted next district is taken
as the successor in the corresponding static order (cyclic), and the top-5 list is
de�ned by the next �ve successors.

These baselines re�ect common choices in scalable hierarchical planning pipelines,
where sequencing is often treated as a static rule or approximated through ag-
gregated transition statistics.

4.3 Main quantitative results

Table 1 summarises test performance across hierarchy levels. The main empirical
�nding is not that neural models dominate all hierarchy levels, but that the value
of recurrent memory is scale-dependent.

At Level 1, the GRU substantially improves over the �rst-order transition
baseline, increasing accuracy from 0.291 to 0.520 and top-5 accuracy from 0.712
to 0.877. This indicates that macro-district order depends on more than the im-
mediately preceding district, and that the recurrent hidden state captures useful
route-level structure. However, this result should be interpreted as predictive
evidence only; it does not by itself prove that the resulting sequences reduce
downstream routing cost or runtime.
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Table 1: Main test results. Metrics are token-level and exclude padding. Higher
is better.

Model Level Acc. Top-5

Most-frequent L1 0.0960 0.3040
Transition-frequency L1 0.2912 0.7122
Permanent sequence L1 0.1247 0.1878
GRU (ours) L1 0.5201 0.8770

Most-frequent L2 0.3240 0.3540
Transition-frequency L2 0.4400 0.8470
Permanent sequence L2 0.1050 0.3250
GRU + parent (ours) L2 0.4690 0.8590

Most-frequent L3 0.4420 0.4520
Transition-frequency L3 0.6260 0.9510
Permanent sequence L3 0.1050 0.5140
GRU + parent (ours) L3 0.6330 0.9630

At Level 2, the improvement is smaller but still positive: accuracy increases
from 0.440 to 0.469, while top-5 accuracy increases from 0.847 to 0.859. This
suggests that parent conditioning and local transition structure already explain
a large part of the prediction problem, leaving less room for recurrent modelling
to improve over empirical transition counts.

At Level 3, the transition-frequency baseline is very di�cult to improve upon.
The GRU obtains a slightly higher accuracy, 0.633 compared with 0.626, and a
higher top-5 accuracy, 0.963 compared with 0.951. However, the gain is modest
because the �nest-level task is close to a local child-selection problem within a
restricted parent district.

This pattern is useful from an operational perspective. It suggests that re-
current models should be prioritised where the sequencing decision has broader
spatial scope, while simpler empirical transition rules may be su�cient for highly
local child-level decisions.

4.4 Training dynamics

Figure 1 shows the training and validation cross-entropy curves for the three hi-
erarchy levels. In all cases, training loss decreases steadily, while validation loss
improves rapidly in the �rst epochs and then plateaus, indicating convergence.
The growing gap between training and validation loss at later epochs suggests
mild over�tting, which motivates the use of early stopping and, potentially, ad-
ditional regularisation (e.g., dropout) in future experiments.

Summary. Overall, the results con�rm that district-level sequencing is learnable
from historical traces, with the clearest gains at the coarsest level. At �ner granu-
larities, strong transition-based baselines reduce the performance gap, indicating
that additional context or model capacity may be necessary to consistently out-
perform �rst-order policies.
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(a) Level 1 (b) Level 2 (c) Level 3

Fig. 1: Training and validation cross-entropy loss for GRU sequencing models at
each hierarchy level.

5 Discussion

The experiments show that the usefulness of recurrent modelling depends strongly
on the spatial resolution of the sequencing task. At Level 1, the GRU clearly
improves over the transition-frequency baseline, suggesting that macro-district
prediction bene�ts from information stored in the recurrent hidden state. This
indicates that the immediately previous district is not su�cient to explain many
coarse-level transitions.

At Level 2, the improvement becomes smaller. This suggests that once the
active Level 1 parent is known, many child-district transitions are already cap-
tured by empirical transition counts. The GRU still improves over the transition-
frequency baseline, but the margin is modest, indicating that the recurrent model
adds useful but limited information at this resolution.

At Level 3, the task becomes even more local. The transition-frequency base-
line is already very strong, and the GRU provides only a small improvement.
This result is important because it shows that more complex sequence models
are not automatically preferable at every level of the hierarchy. In highly re-
stricted child-level prediction tasks, simple transition statistics may be su�cient
for many operational cases.

The main implication is therefore diagnostic rather than universal: recur-
rent sequence memory is most useful when the district-order decision has wider
spatial scope. For very local child-level prediction, the additional complexity of
a GRU may only be justi�ed if extra covariates are introduced, such as day-
of-week, time-of-day, demand intensity, vehicle information, or estimated travel
conditions.

Several limitations should be noted. The evaluation is restricted to teacher-
forced next-token prediction, which means that improved predictive accuracy is
not automatically equivalent to improved routing performance. This distinction
is important because routing objectives may be misaligned with next-token pre-
diction objectives: a model can reproduce historical district transitions more ac-
curately without necessarily producing lower-cost downstream routes. We there-
fore interpret the results as evidence that recurrent models can learn district-
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order regularities, not as direct evidence of routing-cost improvement. Full au-
toregressive rollout, centroid-based macro-order distance, and downstream rout-
ing evaluation require an additional decoding and routing layer and are outside
the scope of this GRU-focused study. In addition, the current models use only
district identi�ers and parent context, so future work should test whether op-
erational covariates improve recurrent prediction, especially at �ner hierarchy
levels.

6 Conclusion

This paper presented a GRU-based recurrent benchmark for hierarchical district-
sequence prediction in last-mile delivery. Using historical delivery data from
Porto, we converted executed routes into district sequences over a three-level
polygon hierarchy and trained separate recurrent models for each spatial res-
olution. Parent-district conditioning was used at the two �ner levels to keep
child-level predictions consistent with the hierarchy.

The results show that recurrent modelling is most valuable at the coarsest
level, where the GRU clearly improves over frequency-based, transition-based,
and static-order baselines. At �ner levels, the performance gap narrows because
parent conditioning restricts the feasible child districts and makes local transi-
tion statistics highly informative. This indicates that the usefulness of recurrent
sequence memory is not uniform across the hierarchy. At the same time, these
�ndings should be viewed as prediction-level results rather than as direct evi-
dence of improved routing solutions.

Future work should evaluate the predicted sequences under free-running de-
coding, measure their e�ect on downstream routing cost and runtime, and in-
corporate additional operational covariates such as day-of-week, time-of-day, de-
mand intensity, and estimated travel conditions. Another direction is to compare
recurrent models with alternative sequence architectures under the same route-
disjoint evaluation protocol.
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