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Abstract—Criminal incidents have complex socio-economic
impacts and reduce the population’s perceived security. Accurate
short-term crime-rate forecasting enables more efficient alloca-
tion of policing resources and better strategic decisions to mitigate
criminal activity. Transformer-based architectures are effective
at capturing complex temporal dependencies in time series fore-
casting; however, model behaviour and the structure of learned
representations are strongly influenced by the training loss. In
this work, we present a comparative analysis of Transformer
and recurrent architectures trained with two different losses,
the Mean Squared Error (MSE) and the Soft Dynamic Time
Warping (Soft-DTW), with focus on short-term forecasting of
vehicle thefts in Sao Paulo. Our goal is to produce embeddings
that are more representative of crime dynamics and thus more
useful for downstream tasks such as visualization and pattern
analysis. We evaluate Autoformer, ITransformer, and Informer
alongside LSTM and GRU baselines, using three performance
metrics: MSE, MAE and DTW. Overall, models trained with
the DTW-based loss achieved performance similar to, or slightly
worse than, those trained with MSE; an important exception
is the Autoformer, which showed improved accuracy with Soft-
DTW at the 14-day horizon. We discuss several factors that likely
affected these results: (i) the short forecasting horizons studied,
(ii) the formulation of the prediction task (forecasting the entire
aggregated series may not be optimal), and (iii) aggregation
to daily city-level counts, which discards spatial heterogeneity
and may remove salient signal. These findings motivate further
experiments (e.g., multi-scale and spatially resolved forecasting)
to more comprehensively assess the comparative effectiveness of
Soft-DTW and MSE for criminal time series prediction.

I. INTRODUCTION

Crime is a pervasive challenge that affects societies world-
wide. Elevated crime rates undermine urban functionality,
harm local economies, and reduce population well-being [1].
They erode citizens’ sense of security and diminish trust
in institutions for maintaining public order. Consequently,
accurate forecasting of crime incidence at regional scales
enables strategic allocation of resources, supports preventive
interventions, and helps mitigate future occurrences [2].

Recent advances in artificial intelligence have produced
models capable of extracting complex patterns, identifying

trends, and forecasting crimes. However, crime dynamics
are intrinsically complex, featuring temporal dependencies,
spatial heterogeneity, and seasonal effects, requiring robust
modeling approaches for accurate prediction [2]. Transformer-
based methods have emerged as a leading class of approaches:
originally developed for natural language processing, the
Transformer architecture has attracted widespread attention
for its strong performance in sequence modeling [3]. The
attention mechanism at the core of Transformers captures
long-range, context-dependent relationships in sequential data,
making these models well suited to time series forecasting and
often improving predictive accuracy [4], [5].

Model performance depends critically on the choice of train-
ing loss, as the loss defines how prediction errors are measured
and minimized. In time series forecasting, errors are typically
evaluated via sequence-similarity measures. The Euclidean
distance, implicitly assumed by the MSE is limited when series
exhibit temporal shifts or local distortions [6]. DTW addresses
this limitation by finding an optimal alignment between two
sequences, allowing matches despite temporal stretching or
compression, and is therefore a robust similarity metric for
many forecasting tasks [6], [7]. Motivated by this property, a
differentiable DTW-based loss, Soft-DTW, was proposed [6],
it replaces the non-differentiable minimum operator in DTW
with a soft-minimum that weights possible alignments; this
makes the loss value and its gradient computable and efficient
for gradient-based optimization [8], [9].

This study performs a comparative analysis of Transformer-
based models trained with MSE loss and Soft-DTW loss
for short-term forecasting of vehicle theft time series in Sdo
Paulo (SP), Brazil. Our objective is to learn embeddings
that faithfully represent crime dynamics and can be used in
visualization tools for effective analysis of criminal patterns.

II. RELATED WORK

In the domain of time series forecasting for crimes, there
are several notable studies. The work [10] provides an analysis



of crime prediction in Los Angeles and Chicago. They ex-
amine predictive performance across eight Machine Learning
(ML) algorithms, including Random Forest (RF), Multilayer
Perceptron (MLP), and Logistic Regression; they also evaluate
specialized time series models such as LSTM and ARIMA.
LSTM performance was reported using Root Mean Squared
Error (RMSE) and Mean Absolute Error (MAE). The number
of epochs and batch size hyperparameters were configured
similarly across cities: both used 40 epochs, with a batch
size of 33 for Chicago (CHI) and 31 for Los Angeles (LA).
The authors observed that fewer epochs sufficed for loss
stabilization (13 for Chicago’s loss). They as well identified
trends in average crime density, notably a decline in LA toward
the end of the dataset. ARIMA was fitted for projections
through 2024 across major crime types and hotspots after
seasonality was assessed via the Dickey—Fuller test. For CHI,
ARIMA produced an RMSE of 31.8, indicating substantial
variability but a stable downward trend; for LA, ARIMA
achieved an RMSE of 24.65 and forecasted a pronounced
decline in crime. Overall, ARIMA outperformed LSTM on
the evaluated metrics.

A 6 stage methodology was proposed [11], including the
development of predictive models for crimes with traditional
ML algorithms and deep learning time series methods such
as LSTM and Bidirectional LSTM (BLSTM). They perform
forecasting at a five year horizon using statistical techniques.
The dataset covers 3 U.S. cities: San Francisco, Chicago,
and Philadelphia. The LSTM and BLSTM were trained for
256 epochs and used MSE as the loss function. For monthly
and weekly aggregated series, BLSTM performed slightly
better (e.g., for Chicago’s monthly series LSTM: RMSE =
30.7510 vs. BLSTM: RMSE = 28.9522). By contrast, for daily
series LSTM outperformed BLSTM (daily RMSE: 50.2144 vs.
62.3348). The authors additionally evaluated trend forecasting
with statistical models, they are Seasonal ARIMA (SARIMA),
Prophet, and Holt—Winters Exponential Smoothing (HWES),
to project trends over the next five years. SARIMA achieved
the lowest RMSE for San Francisco (RMSE = 11.2357),
while Chicago produced the highest SARIMA error (RMSE =
38.73).

Complementing these studies, a methodology for analysis
and forecasting of criminal time series using spatio-temporal
data was proposed [12]. For prediction, the authors employed
a dataset of approximately 1.2 million crime events recorded
in Poland between 2013-2016. The dataset contained daily
information on event counts, location, category, date, and time.
For forecasting, they applied the Prophet model and evaluated
using the Mean Absolute Percentage Error (MAPE) at a daily
resolution. Results varied by crime type: MAPE was around
10% for traffic violations, approximately 20% for theft and
robbery, and about 40% for hooliganism.

In the Brazilian context, a study [13] developed predictive
models to identify trends in spatio-temporal crime data for the
city of Sao Paulo. They evaluated RF and Support Vector Re-
gression (SVR), as well as an ARIMA model, on data covering
2022-2023, focusing on the top 100 and top 1,000 most violent

areas. ARIMA fitted using the Box—Jenkins methodology
achieved the best performance for weekly-resolution forecasts.
For the top 100 areas, ARIMA and SVR produced similar
and satisfactory MSE values; for the top 1,000 areas, all
models showed comparable MSE performance, the authors
attributed this to the larger data volume. In a related Brazilian
study [14] was forecasted a violent-lethality indicator using
data from the state of Rio de Janeiro (2021-2023). Before
modeling, they applied several diagnostic tests, including nor-
mality tests (Shapiro—Wilk, Anderson-Darling), stationarity
tests (Dickey—Fuller, Phillips—Perron), and seasonality tests
(Kruskal-Wallis, Friedman). Their implementations evaluated
ARIMA, ETS (Exponential Smoothing State Space), and AR-
NN (Autoregressive Neural Networks). According to MAE
and MAPE, ARIMA performed best (MAE = 42.67; MAPE
= 10.84%) and ETS had the lowest RMSE (RMSE = 55.05).

The reviewed studies demonstrate the diversity of ap-
proaches applied to crime forecasting. The range of models,
parameters, and evaluation metrics encourages further exper-
imentation, aiming to enhance predictive performance. Such
advances can significantly contribute to more effective and
evidence-based public policies for crime prevention.

For time series forecasting, prior research [15] proposed
a fine-scale deep forecasting architecture that enhances
Transformer-style decomposition by separately interpolating
the trend-cyclical component to generate a smoothed, high-
resolution representation of short-term oscillations prior to
prediction. This enables the model to capture irregular cyclical
patterns often overlooked. Furthermore, the authors replaced
conventional MSE training with a Dynamic Time Warp-
ing—based loss, leveraging the differentiable Soft-DTW formu-
lation to align predicted and true sequences by shape rather
than point-wise correspondence. This yielded forecasts that
more faithfully reproduced underlying fluctuations under high
uncertainty. Results on ETT and weather benchmarks demon-
strated that their interpolation-augmented, DTW-trained model
consistently outperformed MSE-only variants and reduced the
gap with state-of-the-art Transformer models, particularly on
short-horizon tasks.

The DILATE model [16] introduces a differentiable loss
function for multi-step time series forecasting that explicitly
combines a Soft-DTW-based shape dissimilarity term with
a relaxed Temporal Distortion Index (TDI) component. This
enables deep models to generate predictions with precise
temporal alignment, an advance over traditional MSE-based
training, which often fails to capture abrupt non-stationary
changes. By formulating the Soft-DTW term as a smooth
approximation of the classical DTW cost and decoupling shape
and temporal penalties through a tunable trade-off parameter,
DILATE bridges the gap between training and evaluation
criteria. For probabilistic forecasting the authors proposed
STRIPE++, a framework that leverages determinant point
processes with shape and time sensitive kernels to enforce
diversity and accuracy in trajectory ensembles, marking a
significant step toward structured and interpretable uncertainty
quantification in deep time series models.



A systematic comparative study of loss functions for short-
term residential load forecasting [17], demonstrated that re-
placing conventional MSE/MAE with Soft-DTW improves the
model’s ability to capture and predict peak loads. This effect
was quantified through their newly proposed confusion-matrix
framework and bespoke peak position and peak load error met-
rics. They implemented a residual LSTM architecture trained
under Soft-DTW and hybrid losses, showing that pure Soft-
DTW produced the greatest improvement in true-positive peak
forecasts, despite a marginal increase in false positives, while
combined losses offered limited additional gains. By intro-
ducing peak-centric evaluation measures grounded in optimal
warping path alignments, this work validates the alignment-
aware advantages of Soft-DTW over pointwise losses and
establishes a robust benchmark for assessing peak prediction
performance in smart-grid applications.

III. DATA VISUALIZATION PANORAMA

Over the past decade, advances in internet technologies
have enabled the digitization of various types of urban data,
including crime incident records, socioeconomic indicators,
points of interest, and urban environment characteristics,
thereby making them more accessible to researchers [18]. In
this context, visualization tools play a central role in large-
scale data analysis. Combined with advanced machine learning
models developed in recent years, these tools facilitate the
exploration and identification of complex patterns in criminal
activity.

Furthermore, criminology has increasingly emphasized the
importance of spatio-temporal crime analysis, as this approach
enables the identification of trends, the understanding of
crime dynamics, and the anticipation of potential occurrences
[19], [20]. Consequently, the development of visualization
tools specifically designed for spatio-temporal crime analysis
has attracted growing attention. For instance, CriPAV (Crime
Pattern Analysis and Visualization) [19], a tool developed
for visualizing spatio-temporal crime patterns at street-level
granularity. The system employs street network graphs, where
intersections are represented as vertices that serve as the unit
of analysis. Among its components, the hotspot2vec deep
learning mechanism stands out, as it generates embeddings
from crime time series associated with vertices classified as
hotspots. These embeddings are projected into a Cartesian
space and subsequently clustered to identify groups of vertices
with similar temporal patterns. This procedure enables the
detection of comparable crime dynamics across geographically
distant locations.

Similarly, the Space-Time Urban Explorer [20], a tool for
analyzing spatio-temporal data on crime and police patrol
activities. Like CriPAYV, it employs street network graphs for
spatial discretization, where each intersection, represented as
a graph vertex, is associated with two main time series: (i)
records of nearby crimes over time and (ii) records of patrol
activities within the same temporal window. The tool provides
a set of visualizations that support the identification of patterns
and correlations across large volumes of crime and patrol data.

In this work, we investigate prediction models and, in partic-
ular, the use of different loss functions to generate embeddings.
Based on the results obtained, we intend, in future research,
to develop a visualization tool for street-level spatio-temporal
crime analysis. Inspired by the functionalities of CriPAV and
the Space-Time Urban Explorer, this tool will distinguish
itself by enabling the visualization of higher-quality temporal
embeddings derived from the forecasting methods evaluated in
this study, while also allowing users to select which model and
loss function to explore. The approach will employ spatial dis-
cretization through street network graphs, where each vertex
will represent an intersection and be associated with the time
series of crime incidents recorded in its vicinity. These series
will be processed by the selected forecasting model, producing
more expressive latent representations. Subsequently, these
representations will be clustered to identify groups of vertices
with similar temporal patterns. The tool’s interface will enable
users to click on a vertex within a cluster to visualize its
spatial information, thereby facilitating the exploration and
interpretation of patterns detected in the latent space.

IV. METHODOLOGY

A. Data preprocessing

Data on vehicle theft crimes from 2022 to 2025 were
obtained from the public repository of the Sao Paulo
Public Security Secretariat [21]. The dataset was fil-
tered to include only incidents recorded within the city
of Sdo Paulo. Additionally, columns containing descrip-
tive information related to the crime and its institu-
tional context, such as ‘NOME_DEPARTAMENTO’, ‘DE-
SCR_TIPO_VEICULO’, and ‘DESCR_TIPOLOCAL’, were
removed, reducing the 50 attributes in the dataset to a single
attribute representing, for each instance, the date of the crime
occurrence, as recorded in the police report. This procedure
was carried out as an initial step to organize the dataset into
a time series format. Crimes registered on each day were
then aggregated, with the daily total stored in the attribute
‘quantity’. Thus, the final dataset used by the models contained
only two attributes: ‘date’ and ‘quantity’. Finally, the data
were normalized using the StandardScaler from the Scikit-
Learn library [22]. In a dataset .S, for each column ¢; C S,
the StandardScaler standardizes the values x of column c¢;
according to the following expression:

L= [
05

where z is the standardized value, and p; and o; correspond to
the mean and the standard deviation of column ¢;, respectively.
In other words, it centers the data around the mean and scales
it according to the standard deviation.

B. Models for Time Series Forecasting

Given a past series, the time series forecasting problem
consists of predicting the most probable future series. In
general, these models take an I-length series as input and



attempt to predict an O-length series as output. For our com-
parison, we selected two well-established models in time series
forecasting tasks, the Autoformer [23] and the ITransformer
[24], along with an earlier model used in their original works
for comparison, the Informer [25]. In addition to these, we
employed two baseline models: the Long Short-Term Memory
(LSTM) network and the Gated Recurrent Unit (GRU). We
conclude this subsection with an overview of the two main
models and a brief description of the Informer.

The Autoformer is an encoder—decoder forecasting archi-
tecture built around two core ideas: (1) progressive series
decomposition (trend versus seasonal) as an internal model
operation, and (2) an Auto-Correlation module that replaces
pointwise self-attention with delay- or period-based aggrega-
tion. The model ingests past series and initializes the decoder
with seasonal and trend placeholders derived from recent
encoder values, providing the decoder with positions to refine.
This combination explicitly reduces non-stationarity (through
trend removal) and focuses dependency modeling on the
predictable seasonal structure.

The SeriesDecomp block splits a sequence X into a
smoothed trend component X; and a residual/seasonal com-
ponent X, (e.g., Xy = AvgPool(Pad(X)), X, = X — X).
It is applied repeatedly within layers to isolate components
for targeted processing. The Auto-Correlation module iden-
tifies significant time delays 7; by computing autocorre-
lations (using FFT/Wiener—Khinchin for efficiency), selects
the top-k delays, and aggregates by time-rolling the values:
AutoCorr(Q, K, V) = Ele Roll(V, 7;)w;. FFT computes
autocorrelations for all lags in O(L log L). The design is
extended to a multi-head configuration by computing several
parallel Auto-Correlation heads and projecting their concate-
nation.

An encoder layer repeatedly applies the Auto-Correlation
module and a Feed-Forward Network (FFN) block with
residual connections, each followed by SeriesDecomp, allow-
ing the encoder to progressively extract and refine seasonal
signals (encoder output = seasonal features). The decoder
layer employs (a) self Auto-Correlation on decoder states,
(b) encoder—decoder Auto-Correlation cross-aggregation to
incorporate encoder seasonal information, and (c) FFN blocks,
all interleaved with SeriesDecomp. Importantly, the decoder
accumulates trend estimates across sublayers, i.e., trend accu-
mulation via learned linear weights, while producing progres-
sively refined seasonal outputs.

Supporting modules include standard position-wise FFNs
and linear projections (for multi-head output and final readout).
Residual connections and stacking (N encoder / M decoder
layers) help stabilize learning. The final forecast combines
the decoder’s seasonal output and accumulated trend: Y =
WsX) + TM. Computationally, Autoformer reduces the
O(L?) cost of attention to approximately O(L log L) through
FFT and top-k delay aggregation, while its decomposition
explicitly handles non-stationarity, together enhancing long-
horizon forecasting robustness and efficiency.

The ITransformer first re-tokenizes the input by treating each

variate’s entire lookback series as a single token rather than a
sequence of time-step tokens. A small embedding MLP then
compresses each variate-series token into a fixed-length vector.
This embedding aggregates temporal information within each
variate, allowing downstream layers to operate over variates
(columns) instead of timestamps, thereby making the cross-
variate structure explicit from the start.

Next, the core consists of a stack of identical Transformer
blocks applied across the variate tokens. Each block performs
multi-head self-attention across tokens to capture pairwise and
higher-order relationships between variates, employs residual
connections with Layer Normalization (applied per token)
to stabilize gradients and preserve token-level statistics, and
applies a shared feed-forward network per token to introduce
nonlinear transformations and extract higher-level features
from each variate’s embedded history. In practice, this combi-
nation renders the attention maps interpretable as an N x N
variate-interaction structure, while the FEN refines per-variate
representations.

Finally, a lightweight projection MLP decodes each final to-
ken back into its forecasted horizon, allowing forecasting to be
performed per variate from its refined token. Architecturally,
the model is encoder-only, relies on per-token LayerNorm
to preserve temporal structure, and omits explicit positional
encodings because temporal order is captured within the em-
bedding and FFN transformations. For scalability and practical
training, the original work notes straightforward replacements
(efficient attention kernels) and batching strategies (sampling
variates) to handle large numbers of variates without altering
the logical role of any component.

The Informer is designed for long-sequence time series fore-
casting. It introduces ProbSparse self-attention, which selects
dominant queries to approximate attention with an O(L log L)
computational cost, and an attention-distilling mechanism that
progressively shortens intermediate representations, providing
both computational efficiency and enhanced long-horizon pre-
diction capability.

V. RESULTS AND DISCUSSION

Table I presents, for each combination of model and loss
function, the two best results, including the Sequence Predic-
tion Length parameter, the performance metrics MSE, MAE,
and DTW, and the average time per epoch in seconds. One
notable observation from the table is that LSTM_MSE was the
only model whose best result occurred with a prediction length
of 14 days. Furthermore, the results indicate that although
Autoformer_MSE with a prediction length of 28 days achieved
the second-best performance in the MSE and MAE metrics,
it recorded the worst DTW result for this model. Similarly,
iTransformer_DTW with Seq_Pred len 14_14 obtained the
highest MAE value among all Seq_Pred len configurations
tested for this model.

In addition to the data presented in Table I, Figure 1 illus-
trates the metric results obtained by the models in combination
with different loss functions, considering each Seq_Pred len



value evaluated. Figure la presents the MSE values, while
Figure 1b displays the DTW values.

Regarding MSE as a performance metric, Figure 1a shows
that Autoformer exhibits the smallest overall disparity between
the results of the model trained with MSE and the one
trained with DTW. For instance, with a prediction length of
14 days, the absolute difference between the MSE values
of Autoformer DTW and Autoformer_MSE is smaller than
or equal to the absolute differences observed for all other
models. Within the context of these experiments, this result
suggests that replacing the MSE loss function with DTW in the
Autoformer model does not significantly affect performance as
measured by MSE.

Regarding DTW as a performance metric, whose interpre-
tation, similarly to MSE, indicates that lower values represent
better model performance [26], the results shown in Figure
1b indicate that LSTM exhibits the smallest overall disparity
between the two tested loss functions. However, the analysis
of the MSE values in Figure la reveals that, despite this
stability in DTW, LSTM demonstrates the highest accumulated
disparity between loss functions compared to all other models.
In other words, by summing the absolute differences between
the results obtained for each loss function at each Seq_Pred
len value, LSTM achieved the largest total sum.

TOP TWO METRICS PER Fl{/?gggstOSS WITH SEQUENCE
PREDICTION LENGTH
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Overall, it can be observed that models using Soft-DTW
as the loss function achieved similar or slightly lower perfor-
mance compared to those using MSE, with some exceptions
in which DTW yielded superior results, such as in the case of
Autoformer with a prediction length of 14 days compared to
Autoformer using MSE for the same prediction length. Several
factors may explain this behavior. First, the forecasts corre-
spond to a short-range scenario, which may have favored the
use of MSE, as the work [17] also reported lower performance
for DTW compared to MSE in short-term prediction contexts.
However, the same study found that models trained with DTW
loss performed better when the forecasting task focused on

predicting peaks. Therefore, another factor that may have neg-
atively impacted the results is the type of prediction chosen.
Furthermore, the granularity of the crime data may have influ-
enced the results. Criminal dynamics are notoriously complex,
affected not only by temporal factors but also by spatial ones,
such as variations in the type and quantity of crimes across
different regions. Thus, by aggregating data for the entire city
of Sao Paulo solely by the day of the criminal occurrence and
disregarding the spatial context, relevant information may have
been lost, impacting the performance of models under both
loss functions. In this sense, the results reinforce the need for
further experiments to more comprehensively evaluate DTW’s
behavior in comparison to MSE.

VI. FINAL CONSIDERATIONS

In conclusion, we observed that the models did not respond
well to the use of Soft-DTW during training in this short-
range prediction scenario for crime data. Although similar
studies exist regarding the use of Soft-DTW in training and
comparisons of loss functions, to the best of our knowledge,
the literature remains scarce for experiments conducted under
the specific prediction conditions we adopted. In this study
[17], we also note again, where the predictive results for the
time series as a whole were similar to ours, with training using
Soft-DTW performing worse than training with MSE in most
cases, except when the task focused on peak prediction in
the series. This suggests that the embedding generation in our
experiments may have been influenced by the specific task
adopted, which warrants further investigation in future work.

A. Future Work

We intend to explore additional experimental configurations,
such as the peak prediction approach [17], as well as alterna-
tive training and testing regimes. The main future contribution
is the development of a visualization tool capable of leveraging
the generated embeddings. Variations in training objectives,
along with further hyperparameter tuning will be investigated.
We plan to incorporate spatial information into the model,
since the data used represent an average for the entire city
of Sdo Paulo and therefore do not accurately capture the
criminal dynamics that the model should be able to observe.
Furthermore, the experiments can be extended to models better
suited for the configurations we aim to achieve with respect
to embedding generation for visualization tools.
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