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ABSTRACT

Sparse and intermittent demand forecasting in supply chains presents
a critical challenge, as frequent zero-demand periods hinder tra-
ditional model accuracy and impact inventory management. We
propose and evaluate a Model-Router framework that dynamically
selects the most suitable forecasting model—spanning classical, ML,
and DL methods—for each product based on its unique demand
pattern. By comparing rule-based, LightGBM, and InceptionTime
routers, our approach learns to assign appropriate forecasting strate-
gies, effectively differentiating between smooth, lumpy, or intermit-
tent demand regimes to optimize predictions. Experiments on the
large-scale Favorita dataset show our deep learning (InceptionTime)
router improves forecasting accuracy by up to 11.8% (NWRMSLE)
over strong, single-model benchmarks with 4.67x faster inference
time. Ultimately, these gains in forecasting precision will drive
substantial reductions in both stockouts and wasteful excess in-
ventory, underscoring the critical role of intelligent, adaptive Al in
optimizing contemporary supply chain operations.
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1 INTRODUCTION

Accurate demand forecasting is pivotal in supply chain manage-
ment, directly influencing inventory control, procurement strate-
gies, and overall operational efficiency. However, sparse and inter-
mittent demand patterns, characterized by irregular occurrences
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and prolonged periods of zero demand, present significant forecast-
ing challenges. Traditional forecasting methods such as exponential
smoothing and simple regression models typically assume continu-
ous or regular demand patterns, which limits their effectiveness in
sparse scenarios[3].

Addressing this limitation, recent advancements have introduced
specialized approaches such as Croston’s method [3] and various
machine learning (ML) and deep learning (DL) algorithms. Nev-
ertheless, due to the diversity in sparsity patterns across different
products and stores, no single forecasting model consistently per-
forms best across all scenarios [10]. Therefore, a promising direction
is to dynamically select the optimal forecasting method tailored to
each time series.

In this paper, we address the challenge of selecting the opti-
mal forecasting model by developing and comparing three distinct
meta-model routing approaches. These routers are designed to
intelligently select the most suitable forecasting method for each in-
dividual demand series from a diverse model bank. This model bank
was strategically assembled to include models with complementary
strengths, spanning classical methods tailored for specific patterns
(e.g., Croston[3], ETS[7]), a robust ML model (LightGBM[9]), and
state-of-the-art DL approaches capable of learning complex de-
pendencies (DeepAR[15], PatchTST[13]). The necessity of routing
among these models stems from the well-documented observa-
tion that no single forecasting method consistently outperforms
others across the wide variety of demand patterns found in real-
world retail data [10]. Our investigated routing mechanisms include:
(1) a rule-based system leveraging specific demand characteris-
tics (variability and autocorrelation), (2) a machine learning router
(LightGBM) trained on a comprehensive set of extracted time series
features, and (3) a deep learning router (InceptionTime[8]) which
operates directly on the raw time series data. We extensively evalu-
ate these routing strategies using the Favorita[1] dataset, demon-
strating their effectiveness and potential for significant accuracy
improvements over conventional single-model forecasting meth-
ods.

The main contributions of our study include:

o A comprehensive feature extraction strategy specifically de-
signed to capture sparsity and intermittency in demand data.

o Implementation of a novel model-routing framework incor-
porating rule-based, ML-based (LightGBM), and DL-based
(InceptionTime) selection mechanisms.

o Empirical validation on a large-scale dataset, highlighting
significant forecasting accuracy improvements.
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2 RELATED WORK

Forecasting intermittent and sparse demand has been extensively
studied in supply chain management literature. Croston’s method
[3] remains a classical and widely-adopted approach specifically
designed to handle intermittent demand by separately forecasting
demand size and intervals between demands.

Recent advances in machine learning and deep learning have
further expanded the toolkit for sparse demand forecasting. Mod-
els such as LightGBM [9] have demonstrated strong performance
due to their efficiency and robustness in handling heterogeneous
data. Deep learning models, including recurrent neural networks
(RNNs[5]), attention-based models such as DeepAR [15] and PatchTST
[13], leverage temporal dependencies and complex patterns within
the data to enhance forecasting accuracy. Furthermore, architec-
tures like InceptionTime [8] have shown exceptional performance
in time series classification tasks by effectively capturing features
at different temporal scales, a capability that can be adapted for
model selection based on time series characteristics.

However, given the heterogeneous nature of sparsity across dif-
ferent products and stores, reliance on a single forecasting approach
often proves insufficient [10]. This has motivated research into meta-
learning and model-routing frameworks, which dynamically select
optimal forecasting models based on specific data characteristics.
Recent studies [12, 18] have employed meta-learning techniques
for time series forecasting, highlighting improvements by selecting
forecasting methods tailored to individual time series.

Despite these advancements, the comparative performance of
distinct rule-based, machine learning-based, and deep learning-
based routing strategies, particularly when applied to the challenge
of sparse demand forecasting, has not been comprehensively ex-
plored. Our study addresses this by systematically evaluating these
three individual model-routing approaches, offering insights into
their respective strengths and weaknesses in this domain.

3 METHODOLOGY

The overall methodology, from data preparation to the evaluation
of different model routing strategies, is depicted in Figure 1.

3.1 Problem Definition

We define the sparse demand forecasting problem as follows: given
historical daily sales data for product-store combinations, our goal is
to forecast future sales accurately, despite intermittent zero-demand
periods and high variability. Formally, for each time series {yt}thl,
we aim to predict future values {yr41, ..., Y744}, where h denotes
the forecast horizon.

Given the diverse nature of these series and the observation
that no single forecasting model excels across all of them, we in-
troduce a secondary, meta-problem: the model selection task.
For each series i, our objective is to identify the optimal fore-
casting model, M}, from a pre-defined bank of candidate models
M ={My, ..., M. }. The goal is to select Mf such that it minimizes
a given forecasting error metric (in our case, NWRMSLE) for the
horizon h. Our proposed model routers aim to learn a function f
such that M’ ~ f(characteristics;) or M ~ f({yt}thl).
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Figure 1: Model routing overview. Data flows into (1) model
training and evaluation for each time series to generate the
Best Model per Series target, and (2) feature engineering as
the input for the LightGBM and Rule-Based routers. The
InceptionTime router uses raw time series as input; both it
and LightGBM Router predict the Best Model per Series as
their target.

3.2 Data Preparation and Feature Engineering

We utilize the Favorita dataset[1], sourced from a Kaggle com-
petition, consisting of daily sales data at the most granular level
(product-store combinations). We define a unique identifier series_id
combining store and item numbers. We randomly sampled 19,646
time series from the Favorita dataset for model training and meta-
model router development. Additionally, we sampled 5,000 unique
time series as an independent holdout set for offline evaluation,
ensuring these series were not observed during the training phase.
This approach ensures unbiased evaluation and generalizability of
our model-routing strategy.

For each time series, we extract comprehensive features using the
tsfresh library and additional custom features capturing sparsity
characteristics.

The features extracted from tsfresh include basic statistics
(mean, variance), seasonality and trend features (FFT coefficients),
autocorrelation, entropy measures, and trend indicators. Addition-
ally, we calculate custom sparsity-focused features:

e Demand frequency (percentage of non-zero demand)

e Intermittency (mean interval between non-zero demands)
e Variability (coefficient of variation)

e Mean demand

This comprehensive feature extraction yields a total of 34 fea-
tures for each time series.

3.3 Data Overview

A thorough exploratory data analysis (EDA) was conducted on the
prepared dataset, comprising 24,646 time series (19,646 for train-
ing and 5,000 for holdout evaluation), to understand its inherent
characteristics, particularly concerning demand sparsity and fea-
ture interactions. Key findings from this EDA informed subsequent
modeling choices.
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o Feature Correlation Analysis: To assess the relationships
and redundancy among the 34 engineered time series fea-
tures (Section 3.2), a correlation heatmap was generated (see
Figure 2). The heatmap visually represents the Pearson corre-
lation coefficients between all pairs of features. The analysis
indicated that while some features exhibited expected corre-
lations (e.g., different lags of autocorrelation), the majority
of features displayed low to moderate correlations with each
other. This general lack of strong multicollinearity validated
the feature set’s diversity, suggesting that the features cap-
ture distinct aspects of the time series dynamics, which is
beneficial for training robust machine learning models for
the routing task.
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Figure 2: Correlation heatmap of extracted features.

e Distribution of Zero-Sales Percentages: The prevalence
of sparsity was quantified by analyzing the distribution of
zero-sales percentages for each individual time series. A
histogram of these percentages (see Figure 3) revealed a
significant level of sparsity across the dataset. The mean
percentage of zero sales per time series was found to be
57.2%, with a median of 62.2%. Such high figures underscore
the intermittent nature of the demand, posing a substantial
challenge for traditional forecasting models that assume
more continuous data and highlighting the necessity for
models adept at handling periods of no demand.
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Figure 3: Distribution of Zero Sales Percentage
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e Demand Pattern Classification (ADI vs. CV?2): To further
characterize the demand patterns, a scatter plot of Aver-
age Demand Interval (ADI) versus the squared Coefficient
of Variation (CVZ) was utilized, following established in-
ventory management literature for classifying demand [17].
Outliers were removed using the Interquartile Range (IQR)
method prior to plotting to ensure a clearer representation
of the dominant patterns. The analysis (see Figure 4) cate-
gorized the time series into four distinct demand patterns:
smooth (30% of series), erratic (18%), lumpy (24%), and inter-
mittent (28%). The significant presence of erratic, lumpy, and
intermittent patterns (collectively 70% of the data) further
confirmed the dataset’s sparse and irregular nature, reinforc-
ing the need for a model selection strategy that can adapt to
such diverse behaviors.
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Figure 4: ADI vs. CV? classification of demand patterns.

3.4 Model Bank Formulation and Evaluation

3.4.1 Rationale for Model Selection. A critical component of our
framework is the model bank, which serves as a pool of candidate
experts for the router. The selection of models was guided by the
principle of **complementarity**, aiming to include a diverse set of
methods, each with distinct theoretical underpinnings and strengths
suited to different types of time series patterns observed in sparse
demand data. This diversity is essential for the routing concept to
be effective, as it ensures that for any given time series, a potentially
suitable ’expert’ exists within the bank. Our goal was not to create
an exhaustive list of all possible forecasting models, but rather to
construct a representative and varied pool to rigorously test the
efficacy of different routing strategies.

The model bank comprises seven forecasting methods, catego-
rized as follows:

o Classical Statistical Models: This group forms a founda-
tion of well-understood and interpretable methods.

- Exponential Smoothing (ETS): Chosen for its robust-
ness and effectiveness in capturing underlying trend and
seasonality, making it a strong candidate for more regular,
’smooth’ demand patterns [6].

— Croston’s Method: Included specifically for its theoret-
ical design to handle intermittent demand. It separately
models the time between demands and the demand size,
making it a specialized expert for 'intermittent’ and lumpy’
series [3].
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- Naive and Moving Average: These serve as essential,
computationally inexpensive baselines. Their inclusion
provides a "simple but robust" option, which can often
outperform more complex models on highly erratic or
unpredictable series.

e Machine Learning Model:

- LightGBM: Represents the class of gradient boosting ma-
chines, which have proven highly effective in forecasting
competitions [9]. It was chosen for its ability to model
complex, non-linear relationships between a rich set of en-
gineered time series features (as described in Section 3.2)
and the forecast target. It acts as a feature-based expert in
the bank.

e Deep Learning Models: This category includes modern,
state-of-the-art architectures capable of learning representa-
tions directly from raw time series.

— DeepAR: A probabilistic forecasting model based on re-
current neural networks (RNNs). It was selected for its
ability to learn global models from large panels of related
time series and handle temporal dependencies [15].

— PatchTST: A Transformer-based model that has recently
demonstrated state-of-the-art performance on long-sequence
forecasting tasks [13]. Its inclusion tests whether cutting-
edge attention mechanisms, which analyze data in "patches’,
provide a distinct advantage for certain series within our
dataset.

While this selection represents a strong and diverse pool, we
acknowledge that the efficacy of the routing system is inherently
tied to the strength of its constituent models. For instance, the deep
learning models (DeepAR and PatchTST) were trained with a lim-
ited number of iterations (100) due to computational constraints.
While this may underestimate their full potential, it creates a real-
istic testbed for the router, whose task is to select the best model
given the available trained instances. The primary objective of
this study is to demonstrate the value of the routing mechanism
itself, and this curated bank provides the necessary diversity to
validate that concept.

3.4.2  Best Model Identification for Router Training. With the model
bank established, the next step is to generate the ground-truth labels
required for training our supervised learning routers (LightGBM
and InceptionTime). The primary objective of the model bank at
this stage is not to forecast directly, but to serve as a pool of experts
from which we can determine the optimal model for each time
series a priori within our training set (19,646 series).

To achieve this, each of the seven models was individually trained
and evaluated on every time series. This evaluation was conducted
for two separate forecasting horizons: 14 days and 30 days.

Forecast accuracy was evaluated using the Normalized Weighted
Root Mean Squared Logarithmic Error (NWRMSLE). We specifically
selected this metric because it was the official evaluation criterion
for the original Kaggle “Corporacién Favorita Grocery Sales Fore-
casting” competition, ensuring our performance assessment aligns
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with the dataset’s established benchmark. The NWRMSLE is de-
fined as:

> wi (In(g; + 1) — In(y; +1))?

n .
Zl‘=1 Wi

where n is the number of forecast points, §; is the predicted sales,
y; is the actual sales, and w; is the weight. Following the compe-
tition’s rules, w; is set to 1.25 for perishable items and 1.00 for all
others, giving higher importance to accurately forecasting perish-
able goods.

For each time series and each forecast horizon, the model achiev-
ing the lowest NWRMSLE was identified and recorded. This created
our "best model" label, a categorical feature indicating the most suit-
able forecasting method (out of the seven) for a specific series and
horizon. This label serves as the ground truth and the target vari-
able for training our classification-based model routers (LightGBM
and InceptionTime), as detailed in the following section.

NWRMSLE = \/ (1

3.5 Model Routing Approaches

To dynamically select the most appropriate forecasting model from
the bank for each time series, we developed and evaluated three
distinct routing strategies. These strategies range from a simple
heuristic approach to more complex machine learning and deep
learning models. For the LightGBM and InceptionTime routers,
separate models were trained for the 14-day and 30-day forecast
horizons.

¢ Rule-Based Router: This approach employs predefined
rules based on two key time series characteristics: variability
(coefficient of variation, variability) and weekly seasonal-
ity (autocorrelation atlag 7, value_autocorrelation_lag_7).
The rules are:

- If variability < 0.8 (relatively stable demand):

* If value_autocorrelation_lag_7 > @. 3 (strong weekly
seasonality): Route to ETS. ETS models are well-suited
for series with clear trend and seasonal components [6].

* Else (weak/no weekly seasonality): Route to Moving
Average. For stable series without strong seasonality, a
simple Moving Average can provide robust forecasts by
smoothing out noise [6].

— Else (variability >= 0.8, more variable demand):

* If value_autocorrelation_lag_7 > 0.4 (strong tem-
poral dependence): Route to PatchTST. PatchTST, as a
Transformer-based model, is designed to capture com-
plex temporal dependencies and can be effective for
variable series that still exhibit underlying patterns.

* Else (high variability, no clear structure): Route to Mov-
ing Average. This serves as a conservative baseline for
highly unpredictable series, as it was observed to be
effective in preliminary analyses.

The selected models (ETS, Moving Average, PatchTST) align
with these heuristically defined segments of time series char-
acteristics.

e LightGBM Router: A machine learning router using Light-
GBM, known for its efficiency and performance on tabular
data. It uses the 34 engineered time series features (see Sec-
tion 3.2) as input. The target is the "best model" label from the
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model bank evaluation. LightGBM was chosen for its ability
to handle heterogeneous features, model non-linearities, and
address class imbalance using the class_weight parameter.

e InceptionTime Router: A deep learning router using Incep-
tionTime [8], a strong performer in time series classification.
It processes raw time series data directly, enabling end-to-
end learning for the routing task. InceptionTime predicts the
"best model" label by learning discriminative features across
multiple temporal scales.

4 EXPERIMENTAL SETUP
4.1 Model Bank Training Configurations

The seven forecasting models comprising our model bank were
trained to generate the 'best model’ labels for each time series and
horizon. The training configurations and sources were as follows:

o Classical Models:

— Exponential Smoothing (ETS) was implemented using the
statsmodels Python package [16].

- Croston’s method was implemented using the croston
Python package [11].

— Naive (last value) and Moving Average methods were
custom-implemented for this study.

o LightGBM (as forecaster): When used as a direct forecast-
ing model within the bank, LightGBM was implemented
using the official 1ightgbm Python package [9] and trained
using its default hyperparameters for a regression task.

e Deep Learning Models: Both DeepAR and PatchTST were
implemented using the neuralforecast Python package
[14]. They were trained using their respective standard archi-
tectures but were constrained to only 100 training iterations.
This limitation was necessary due to computational resource
constraints, balancing model potential with practical feasi-
bility across thousands of series.

These configurations ensured that we could establish a baseline
performance for each model type across all series, which is crucial
for generating meaningful target labels for the subsequent router
training.

4.2 Model Router Training Configurations

The meta-models, or routers, were trained as classifiers to predict
the ’best model’ label identified in the previous step. Two primary
routers were developed:

e LightGBM Router: This model was trained as a multi-class
classifier using the lightgbm package [9]. It utilized the 34
engineered time series features (see Section 3.2) as input.
While most hyperparameters were kept at their default set-
tings, the class_weight="balanced’ parameter was cru-
cial. This setting was enabled to counteract the inherent class
imbalance, ensuring that the router did not become biased
towards predicting only the most frequently occurring ’best
models’.

e InceptionTime Router: This deep learning router was also
trained as a multi-class classifier, taking the raw time series
as input. It employed a standard training regimen suitable
for deep time series classification, including an appropriate
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optimizer (e.g., Adam) and loss function (e.g., categorical
cross-entropy). Similar to the LightGBM router, strategies to
handle potential class imbalance were considered during its
training process.

Separate instances of both the LightGBM and InceptionTime
routers were trained for the 14-day and 30-day forecasting horizons,
as the ’best model’ labels can differ depending on the forecast
length.

4.3 Benchmarking Model Selection

To effectively evaluate the performance gains achieved by our pro-
posed model routing strategies, it is crucial to establish strong
baselines. We achieve this through single-model benchmarking.
This process involves selecting a single, representative forecasting
model and applying it uniformly across all 5,000 time series in our
holdout set. We then calculate the overall NWRMSLE achieved by
this single model.

This approach provides a clear answer to the question: “How well
would we perform if we simply chose one ’best’ or 'representative’
model and used it everywhere, without any dynamic selection?” By
comparing the NWRMSLE achieved by our model routers against
these single-model benchmarks, we can directly quantify the value
added by our intelligent, series-specific model selection process.

For this benchmarking, we selected three models representing
different forecasting paradigms present in our model bank:

e Croston: A classical method specifically designed for sparse
and intermittent demand, known for its specialized handling
of zero-demand intervals [3].

e LightGBM: A powerful machine learning model, represent-
ing gradient boosting approaches known for their efficiency
and predictive strength on structured data [9].

o PatchTST: A state-of-the-art deep learning model, repre-
senting Transformer-based architectures that can effectively
capture complex temporal dependencies [13].

These models were chosen to provide a comprehensive and chal-
lenging set of benchmarks, covering traditional, ML-based, and
DL-based forecasting methods, against which our routing strate-
gies can be rigorously evaluated.

4.4 Forecasting Performance Evaluation

The forecasting efficacy of our model routers was evaluated on
an independent holdout set of 5,000 time series. Performance was
measured using the Normalized Weighted Root Mean Squared Log-
arithmic Error NWRMSLE), as defined in Equation 1. We compared
the NWRMSLE achieved by our Rule-Based, LightGBM, and Incep-
tionTime routers against three single-model benchmarks: Croston,
LightGBM (as a forecaster), and PatchTST, each applied uniformly
to all series. This evaluation was conducted for both 14-day and 30-
day forecast horizons, with results analyzed overall and segmented
by demand patterns (smooth, erratic, intermittent, lumpy).

4.5 Model Router Classification Performance

To assess how well the LightGBM and InceptionTime routers iden-
tify the optimal forecasting model for each series, we evaluated
their classification performance on a validation set. The metrics
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used were overall accuracy, macro-average F1 score, and weighted-
average F1 score. The F1 score, being the harmonic mean of pre-
cision and recall, offers a balanced measure, while its macro and
weighted variants provide insights into performance across poten-
tially imbalanced classes (i.e., different ’best models’). These metrics
were reported for routers trained for both 14-day and 30-day hori-
zons.

5 RESULTS

5.1 Forecasting Accuracy Results

The forecasting performance of the single-model benchmarks and
our proposed model routers on the 5,000-series holdout set is sum-
marized in Table 1. The results clearly demonstrate a substantial
advantage in employing adaptive model selection via routers, as all
three router configurations consistently outperformed the all of the
single-model approachs across both 14-day and 30-day horizons.

Overall, the InceptionTime router achieved the lowest NWRM-
SLE, with scores of 2.051 for the 14-day horizon and 3.134 for the
30-day horizon. This represents an improvement of approximately
11.7% and 11.8%, respectively, compared to the strongest single-
model benchmark, PatchTST (NWRMSLE of 2.323 and 3.555). The
LightGBM router also showed strong performance with overall
NWRMSLE:s of 2.168 (14-day) and 3.282 (30-day), followed by the
Rule-based router (2.209 and 3.382).

The superior performance of the InceptionTime router, which
operates directly on raw time series data, underscores the poten-
tial of end-to-end deep learning models to automatically extract
salient features for complex model selection tasks in forecasting.
This router demonstrated robustness by achieving the best NWRM-
SLE across all individual demand patterns (Smooth, Intermittent,
Lumpy, and Erratic) for both forecast horizons. For instance, in fore-
casting Intermittent demand, a key challenge in sparse scenarios,
the InceptionTime router achieved NWRMSLEs of 1.748 (14-day)
and 2.633 (30-day), outperforming all other methods. Similarly, for
Smooth demand, it achieved scores of 2.053 and 3.085. These find-
ings align with a growing body of research highlighting the efficacy
of deep learning techniques for recognizing and modeling complex,
non-linear patterns in intermittent and sparse demand data [2, 4].

While single models like PatchTST performed competitively, par-
ticularly for ‘Intermittent’ and ‘Lumpy* patterns compared to other
single models, they were consistently surpassed by the dynamic
selection capabilities of the routers. This highlights the inherent
limitation of a one-size-fits-all forecasting strategy when dealing
with heterogeneous time series datasets typical in supply chain
management.

5.2 Classification Performance of Model
Routers

The ability of the LightGBM and InceptionTime routers to correctly
identify the optimal forecasting model for each series was assessed
using accuracy, macro-average F1, and weighted-average F1 scores,
with results presented in Table 2.

The InceptionTime router demonstrated superior classification
capabilities, particularly for the 14-day forecast horizon, achieving
an accuracy of 0.43 and a weighted-average F1 score of 0.40. For the
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Table 1: Forecasting Performance (NWRMSLE) by Demand
Pattern and Overall. Best performance in each category is
highlighted in bold.

Model Demand Pattern Horizon 14 Days Horizon 30 Days
Croston Erratic 3.228 4.866
Intermittent 1.999 2.975
Lumpy 2.677 3.977
Smooth 2.641 3.964
Overall 2.568 3.837
LightGBM Erratic 3.265 5.051
Intermittent 1.949 2.974
Lumpy 2.793 4.416
Smooth 2.346 3.531
Overall 2.528 3.905
PatchTST Erratic 2.864 4.479
Intermittent 1.877 2.833
Lumpy 2.399 3.700
Smooth 2.372 3.570
Overall 2.323 3.555
Rule-based Router Erratic 2.723 4.270
Intermittent 1.811 2.717
Lumpy 2.172 3.357
Smooth 2.369 3.579
Overall 2.209 3.382
LightGBM Router Erratic 2.674 3.922
Intermittent 1.790 2.839
Lumpy 2.135 3.313
Smooth 2303 3.315
Overall 2.168 3.282
InceptionTime Router Erratic 2.467 3.791
Intermittent 1.748 2.633
Lumpy 2.100 3.270
Smooth 2.053 3.085
Overall 2.051 3.134

30-day horizon, its accuracy remained at 0.43, though the macro-
average F1 score was 0.28. The LightGBM router yielded accuracies
of 0.34 (14-day) and 0.37 (30-day), with corresponding weighted-
average F1 scores of 0.35 and 0.37.

While these absolute classification metrics might appear mod-
erate, they are significantly better than random selection (which
would be approximately 0.14, given seven models in the bank). More
importantly, these results indicate that the routers are effectively
learning to discern patterns that guide the selection towards better-
performing models. The macro-average F1 scores, being generally
lower than accuracy and weighted-average F1, suggest that pre-
dicting the optimal model for rarer or more difficult-to-distinguish
series characteristics remains challenging.

Crucially, the forecasting performance improvements detailed
in Section 5.1 demonstrate that even this level of classification
accuracy is sufficient to yield substantial gains over any single-
model approach. This underscores a key finding: the model router
does not need to achieve perfect classification to be highly effective.
By correctly guiding the model choice a significant portion of the
time, or by selecting a ’good enough’ model from the bank, the
routers consistently enhance overall forecasting accuracy. This
aligns with findings in meta-learning for time series forecasting,
where imperfect but informed model selection has been shown to
provide practical benefits [12, 18].
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Table 2: Classification Performance of Model Routers

Router Model Forecast Horizon Accuracy Macro-avgF1 Weighted-avg F1
LightGBM Router 14 days 0.34 0.30 0.35

30 days 0.37 0.33 0.37
InceptionTime Router 14 days 0.43 0.33 0.40

30 days 0.43 0.28 0.37

5.3 Computational Efficiency

The inference runtimes for forecasting the 14-day horizon across
all 5,000 holdout series are presented in Table 3. These results high-
light significant differences in computational overhead between
the various approaches.

Among the single-model benchmarks, Croston’s method was
the fastest (323.19 seconds), while the more complex LightGBM
(13,124.86 seconds) and PatchTST (16,997.25 seconds) models in-
curred substantially higher computational costs.

Our model routers exhibited varied efficiencies. The Inception-
Time router stands out, requiring only 3,637.81 seconds. This is
notably faster than directly applying PatchTST (a reduction of ap-
proximately 78.6%) or LightGBM (a reduction of approximately
72.3%) to all series. This efficiency, coupled with its superior fore-
casting accuracy (as discussed in Section 5.1), positions the Incep-
tionTime router as offering an excellent balance between predictive
power and computational feasibility.

The Rule-based router also demonstrated reasonable efficiency
(5,639.36 seconds), being faster than the standalone ML/DL bench-
marks. In contrast, the LightGBM router (14,104.94 seconds) was
comparable in runtime to using LightGBM as a direct forecaster,
reflecting the overhead of feature computation and the LightGBM
inference step for routing.

These findings underscore a key practical advantage: employing
a sophisticated router like InceptionTime can lead to state-of-the-
art forecasting accuracy without necessitating the deployment of
the most computationally intensive models across every single time
series. This efficient allocation of modeling resources is particularly
valuable in large-scale supply chain forecasting environments.

Table 3: Model Inference Time for 14-Day Forecast

Model Computation Time (seconds)
Croston 323.19

LightGBM 13,124.86

PatchTST 16,997.25
Rule-based Router 5,639.36

LightGBM Router 14,104.94
InceptionTime Router 3,637.81

6 DISCUSSION

Our study provides strong evidence for the efficacy of model rout-
ing systems in tackling the challenges of sparse and intermittent
demand forecasting. The primary insight is that dynamically select-
ing forecasting models based on time series characteristics yields
significantly better accuracy than relying on any single model, even
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a state-of-the-art one like PatchTST. Specifically, our InceptionTime
router reduced the overall NWRMSLE by approximately 12% com-
pared to the best single-model benchmark for both 14-day and
30-day horizon. This underscores the value of tailoring forecasting
approaches to the diverse patterns inherent in large-scale retail
datasets.

Interestingly, we found that even with moderate classification
performance (accuracies around 0.34-0.43), the routers achieved
substantial forecasting improvements. This suggests that the rout-
ing task benefits more from identifying a ’good’ or ’better-than-
average’ model than from achieving perfect classification, which is
a promising result for practical implementation. The success of the
InceptionTime router, which leverages raw time series data, aligns
with the growing consensus on the power of deep learning to cap-
ture complex temporal dynamics without extensive manual feature
engineering [2]. Our work extends these findings by demonstrating
the successful application of a DL architecture (InceptionTime),
originally noted for classification [8], to the meta-task of model
selection, outperforming both feature-based ML (LightGBM router)
and heuristic (Rule-based) approaches in both accuracy and compu-
tational efficiency. This comparative analysis across rule-based, ML,
and DL routing methods addresses a notable gap in the existing
literature, which often focuses on a single type of meta-learning
strategy [12, 18].

However, we acknowledge several limitations in our current
study. Firstly, while our dataset is substantial, the training set size
(approx. 20,000 series) might still constrain the full potential of
deep learning routers; larger datasets could yield further improve-
ments. Secondly, the ’best model’ classification task is inherently
challenging, especially given the potential for multiple models to
perform similarly well on certain series, making the ’ground truth’
somewhat ambiguous. Thirdly, the deep learning models within
our model bank were trained with limited iterations (100) due to
computational constraints, potentially underestimating their true
forecasting capability and affecting the labels used for router train-
ing. Finally, our evaluation is based on a single, albeit large and
complex, dataset (Favorita); further validation on datasets with
different characteristics is warranted.

The problems or shortcomings we found in our study open up
many interesting new questions and areas that researchers can
explore in the future. Expanding the model bank to include a wider
array of more diverse or fully-tuned forecasting techniques, par-
ticularly newer hybrid or DL models, would be a valuable next
step. Developing more sophisticated routing architectures, poten-
tially incorporating attention mechanisms or graph-based methods
(if a relationship between series can be established), could fur-
ther enhance selection accuracy. Exploring cost-sensitive learning
for the routers, where misclassifying to a particularly poor model
incurs a higher penalty, could improve robustness. Furthermore,
implementing explainable AI (XAI) techniques could provide valu-
able insights into why a router selects a specific model, increasing
trust and understanding. Additionally, since the LightGBM and
InceptionTime routers output class probabilities, exploring their
use to create weighted average ensemble forecasts—multiplying
each model’s forecast by its predicted probability—offers another
promising direction beyond single-model selection. Finally, extend-
ing the framework to an online learning setting, where routers can
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adapt to evolving demand patterns over time, presents a significant
opportunity for real-world supply chain applications.

7 CONCLUSION

This paper tackled sparse demand forecasting by systematically
evaluating three model routing strategies: rule-based, LightGBM,
and InceptionTime. On the large-scale Favorita dataset, all routers
significantly outperformed single-model benchmarks. The Incep-
tionTime router, using raw time series, notably achieved the best
balance of forecasting accuracy and computational efficiency. Our
findings demonstrate that intelligent model selection provides sub-
stantial forecasting improvements even with imperfect classifica-
tion, highlighting the practical value of meta-learning. Future work
will explore enhanced router architectures, expanded model banks,
and online learning to further advance model routing systems for
dynamic supply chains.
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