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Abstract
The rapid advancement of sensor and network technologies has led to the prolif-
eration of extensive historical time series data, rendering efficient and accurate
time series forecasting increasingly critical. In recent years, approaches incor-
porating deep learning concepts and techniques for time series forecasting tasks
have advanced swiftly, yielding substantial achievements. This paper analyzes
the current research status of time series forecasting methods both domestically
and internationally, expounds upon the relevant theories underlying time series
forecasting, and systematically summarizes the traditional methods, machine
learning-based methods, and deep learning-based methods utilized for this task.
It places particular emphasis on a comparative analysis of the strengths and
weaknesses of various deep learning-based approaches, thereby offering perspec-
tives on the future development of deep learning-based time series forecasting
methods.
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Abstract
A Survey of Deep Learning Applications in Time Series Forecasting
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The rapid advancement of sensor and network technologies has generated vast
amounts of historical time series data, making efficient and accurate time series
forecasting increasingly critical. In recent years, the application of deep learning
concepts and techniques to time series forecasting has developed rapidly and
achieved numerous significant results.

This paper analyzes the current state of time series forecasting research both
domestically and internationally, discusses the relevant theories involved in time
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series forecasting, and systematically summarizes the traditional methods, ma-
chine learning-based methods, and deep learning-based methods employed for
this task. The paper focuses on comparing and analyzing the advantages and
disadvantages of various deep learning-based approaches, and consequently pro-
vides an outlook on deep learning-based time series forecasting methods.

Keywords: time series forecasting, deep learning, machine learning

1.1 Background and Significance
Time series data finds extensive applications across numerous domains including
finance, meteorology, agriculture, industry, and healthcare [?]. In recent years,
the rapid development of sensor and network technologies has made it possible to
generate and accumulate massive amounts of time series data. Within the field
of time series data analysis, research typically addresses multiple problems such
as classification, anomaly detection, and forecasting, with time series prediction
being a primary focus. Unlike conventional regression-based predictive models,
time series models rely more heavily on the temporal ordering of data. Time
series forecasting encompasses both continuous predictions (numerical forecast-
ing or range estimation) and discrete predictions (event forecasting), with its
core objective being to extract patterns from historical temporal data and uti-
lize these patterns to estimate future development trends. Due to its ability to
analyze underlying patterns and predict future trends, time series forecasting
research holds substantial academic significance and practical value for guiding
decision-making processes across various industries.

As the volume of temporal data and the dimensionality of features continue to
grow, research methodologies for time series forecasting have undergone continu-
ous improvement, evolving from initial mathematical and statistical approaches
to machine learning methods, and subsequently to deep learning techniques.
Since natural language processing inherently requires sequential modeling, the
remarkable successes of deep learning in NLP tasks have inspired the adapta-
tion of these widely-used techniques to time series research. Consequently, deep
learning-based time series forecasting methods have experienced rapid develop-
ment, necessitating a comprehensive analysis and discussion of their historical
evolution and current state. This paper first examines the time series forecast-
ing problem, then systematically reviews its research methodologies, provides
detailed analysis and discussion of deep learning-based approaches categorized
by network architecture type, and concludes with a forward-looking perspective
on the future development of time series forecasting technology.

1.2 Time Series
Time series generally refers to a set of random variables collected by observing
the development and change process of a phenomenon at a certain frequency.
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Due to inherent potential relationships among the variables in time series data,
they often exhibit one or more characteristic properties.

To provide a comprehensive understanding of time series forecasting, this sec-
tion details several common characteristics. First, massiveness: with the up-
grading of IoT sensor devices, increased measurement frequency, and expanded
measurement dimensions, time series data has grown explosively, with high-
dimensional data becoming mainstream. Effective preprocessing at the dataset
level is crucial for high-quality time series forecasting. Second, trend: current
data points are often closely related to previous ones, indicating that time series
data typically follows certain patterns influenced by various factors, exhibiting
long-term stable increase, decrease, or horizontal trends. Third, periodicity:
influenced by external factors, data in time series may display alternating fluc-
tuations over extended periods—for instance, tidal heights throughout a week
do not follow a simple trend but rather show regular rises and falls. Fourth,
volatility: over time and under multiple external influences, the variance and
mean of time series may undergo systematic changes, affecting prediction accu-
racy. Fifth, stationarity: while time series data may appear randomly variable
at individual time points, they exhibit statistical regularity across different time
periods, maintaining relatively stable variance and mean. Sixth, symmetry:
if the distance between an original time series and its reversed version within a
certain period falls below a specific threshold, with curves aligning substantially,
the series is considered symmetric—for example, in the repetitive operations of
port transport vehicles or crane arm movements.

1.3 Time Series Forecasting
Time series forecasting aims to extract core patterns from vast amounts of data
and make accurate estimates of future values based on known factors.

For single-step time series forecasting, historical observations and covariates
serve as input variables to predict the value at the next time step—a process
known as single-step forecasting. However, many forecasting applications re-
quire predicting trends over future time intervals, such as electricity consump-
tion in a region, degradation trends of components, or stock price movements.
This scenario necessitates forecasting multiple future time steps, typically using
historical observations and covariates as inputs to predict values for the next 𝑛
time steps—a task known as multi-step forecasting.

Multi-step time series forecasting employs five primary strategies: Direct Multi-
step Forecast, Recursive Multi-step Forecast, Direct-Recursive Hybrid Forecast,
Multiple Output Forecast, and seq2seq Forecast.

2.1 Traditional Time Series Modeling Methods
Traditional time series forecasting methods primarily involve determining para-
metric models and solving their parameters for future predictions. Representa-
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tive approaches include ARIMA and Holt-Winters. ARIMA (Auto-Regressive
Integrated Moving Averages) is a widely used statistical method [?] that requires
stationarity testing, white noise examination, and calculation of ACF (autocorre-
lation function) and PACF (partial autocorrelation function) for model identifi-
cation and forecasting. Numerous ARIMA variants exist, such as SARIMA and
SARIMAX [?]. The Holt-Winters method extends traditional Holt’s method
to capture seasonality through prediction equations and three smoothing pa-
rameters (𝛼, 𝛽, and 𝛾) for level, trend, and seasonal components [?]. While
effective for simple forecasting problems, traditional models struggle with high
dimensionality and complex patterns, where more sophisticated models become
necessary.

2.2 Time Series Decomposition Methods
Time series decomposition has long been a valuable analytical approach, positing
that a time series represents the superposition or coupling of multiple compo-
nents: long-term secular trend (𝑇 ), seasonal variation (𝑆), cyclical variation
(𝐶), and irregular variation (𝐼). Depending on the application, decomposition
follows either additive or multiplicative principles. In additive models, compo-
nents are independent with identical units, while multiplicative models main-
tain interdependent relationships, typically expressing trend in absolute terms
and other components relatively. A prominent decomposition method is Face-
book’s open-source Prophet model [?], which decomposes time series into trend,
seasonal (weekly/monthly), holiday, and noise components. Beyond its direct
application, decomposition provides a valuable analytical framework that has
influenced the design of many subsequent machine learning and deep learning
approaches.

2.3 Machine Learning Methods
Time series forecasting is fundamentally connected to regression analysis in ma-
chine learning. Major algorithm categories include Support Vector Regression
(SVR), which employs kernel methods to map inputs to high-dimensional space
without increased computational complexity, effectively overcoming the curse
of dimensionality and demonstrating stable predictive capability for nonlinear
time series [?]. Gradient Boosting Regression Trees (GBRT) introduces gradient
descent for regression, iteratively computing the negative gradient of the loss
function to find optimal models with high robustness to outliers [?]. Hidden
Markov Models (HMM) provide a probabilistic framework for multivariate time
series forecasting, representing a dual stochastic process with an unobservable
Markov chain and observable random functions [?]. As the simplest dynamic
Bayesian network, HMM calculates observation sequence probabilities and iden-
tifies optimal state sequences.
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2.4 Deep Learning Methods
Following deep learning’s remarkable achievements in computer vision and nat-
ural language processing, these methods have been increasingly applied to time
series forecasting. Deep neural networks enable better high-dimensional data
representation through various architectures, reducing manual feature engineer-
ing requirements and facilitating end-to-end training through defined loss func-
tions. By constructing multiple nonlinear layers, deep neural networks build
feature representations of historical time series to learn internal variation pat-
terns, effectively encoding relevant historical information into hidden variables
for prediction.

2.4.1 Convolutional Neural Network-Based Methods
Convolutional Neural Networks (CNNs), widely used in computer vision for ex-
tracting spatially-invariant local features, can similarly extract local temporal
features. Through hierarchical aggregation across layers, CNNs capture hidden
information from longer historical sequences. However, traditional CNNs have
limited connections between distant inputs and outputs, restricting their fore-
casting capability. To expand the receptive field, DeepMind proposed WaveNet
[?], based on dilated causal convolution for speech generation, which experts
later adapted for time series forecasting. Dilated convolution aggregates in-
formation from increasingly distant time points by increasing dilation rates
layer-by-layer, effectively utilizing long-range historical information [?]. Tempo-
ral Convolutional Networks (TCN) treat sequences as one-dimensional objects,
capturing long-term relationships through iterative convolutions using causal,
dilated, and residual skip connections [?], enabling parallel computation for
improved efficiency. Building on this foundation, SCINet employs a hierarchi-
cal convolutional structure that iteratively extracts and aggregates features at
different temporal resolutions, learning effective representations with enhanced
predictability [?]. Its binary tree architecture splits time series into two parts
at each SCI-Block, extracting finer temporal information with increasing depth
to capture both short- and long-term dependencies.

2.4.2 Recurrent Neural Network-Based Methods
Recurrent Neural Networks (RNNs) have been extensively used for sequence
modeling, achieving excellent results in natural language processing tasks.
RNNs learn hidden states from all previous time steps as feature representa-
tions of past information, combining them with current inputs for next-step
predictions. Hidden states are recursively updated with new observations at
each time step, making RNN architectures among the earliest deep learning
approaches applied to time series forecasting. Early RNN variants faced
gradient explosion and vanishing issues when learning long-term dependencies.
Long Short-Term Memory (LSTM) networks [?] addressed this through gating
mechanisms inspired by logical control gates—output gates control sequence
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output, input gates determine data reading, and forget gates manage content
resetting. Through learned weights, LSTM decides when to remember or ignore
inputs, becoming essential for RNN-based forecasting.

DeepAR employs LSTM for time series forecasting [?], using previous actual val-
ues and covariates as inputs during training, then substituting predicted values
for actual values during forecasting. The Deep State Space model [?] provides a
state-space transformation approach that estimates relationships between con-
secutive hidden states, enabling predictions from current hidden states without
requiring previous actual or predicted values, thus resolving training-inference
inconsistency. To address data duplication and memory issues during training,
interleaved training methods [?] achieve sliding-window-like effects without data
replication, balancing short- and long-term forecasting. Additionally, hybrid
models combining exponential smoothing with RNNs [?] leverage complemen-
tary strengths to improve forecasting performance.

2.4.3 Self-Attention Network-Based Methods
Self-attention networks originated in natural language processing, with Trans-
former introduced in the 2017 paper “Attention is All You Need” [?], achieving
state-of-the-art results for machine translation through parallel computation in
the encoder, significantly reducing training and inference time. Current main-
stream language models like GPT and BERT are Transformer-based. Due to
similarities with NLP tasks, Transformer methods were quickly adapted for
time series forecasting. While RNNs must process sequences sequentially from
𝑡−𝑛 to 𝑡, making distant time point connections weak and inefficient, attention
mechanisms enable pairwise associations between all input units, with weighted
representations passed to subsequent layers for better temporal context interac-
tion.

Literature [?] applied GPT-like Transformer structures to time series forecasting
with promising results, though limitations in computation, memory usage, and
encoder-decoder architecture hindered direct application to longer sequences.
Literature [?] proposed convolutional self-attention, reducing complexity by gen-
erating Queries and Keys using causal convolutions. Informer [?] improved
computational complexity to 𝑂(log 𝐿) by selecting dominant queries and em-
ployed a generative decoder for direct long-term forecasting, avoiding cumula-
tive errors in single-step forward prediction. Researchers have also explored
frequency-domain attention mechanisms. Autoformer [?] designed a short-term
trend decomposition architecture using autocorrelation as an attention module,
measuring delay similarity between input signals and aggregating top-k simi-
lar subsequences with 𝑂(𝐿 log 𝐿) complexity. FEDformer [?] applies attention
operations in the frequency domain through Fourier and wavelet transforms,
achieving linear complexity by randomly selecting fixed-size frequency subsets.
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2.4.4 Graph Neural Network-Based Methods
In multivariate time series forecasting, variables exhibit interdependencies that
existing methods cannot fully exploit. Graph Neural Networks (GNNs) have
demonstrated strong capability in handling relational dependencies. Typically,
a graph structure learning layer defines information propagation structures, fol-
lowed by convolutional operations that capture spatial and temporal depen-
dencies for multivariate forecasting. Literature [?] proposed a general GNN
framework for multivariate time series that automatically extracts variable re-
lationships through a graph learning module, interleaving graph convolutional
and temporal convolutional modules to capture spatial-temporal correlations
using hybrid skip propagation layers. Literature [?] employed fully-connected
graphs with 𝑁 nodes, mapping them to 𝐾-node connection graphs based on
internal correlations, reducing complexity from 𝑂(𝑁2) to 𝑂(𝑁𝐾) while balanc-
ing accuracy and computational cost. Graph WaveNet [?] introduced adaptive
graph modeling through node embedding to capture hidden spatial dependen-
cies, replacing RNNs with dilated causal 1D convolutions for easier long-term
temporal relationship extraction.

2.4.5 Fully Connected Network-Based Methods with Resid-
ual Learning
The N-BEATS model [?] achieves excellent forecasting performance using only
fully connected layers without RNN, CNN, or Attention mechanisms. Its core
concept involves serially connected fully connected blocks (FC Blocks), where
each block learns a portion of the input time series information. The input to
subsequent blocks excludes information already learned by previous blocks, forc-
ing later blocks to focus on residual information—similar to GBDT’s iterative
fitting approach. Final predictions aggregate outputs from all blocks, enabling
each layer to concentrate on residuals that previous layers could not fit prop-
erly, thereby decomposing the time series from trend to details progressively.
Specifically, N-BEATS comprises multiple Stacks, each containing several FC
Blocks as fundamental modules built from fully connected layers.

To incorporate external features such as date information, holidays, and at-
tributes, N-BEATSx [?] extends the original model by introducing exogenous
variables 𝑥. GAGA [?] further extends N-BEATS to spatio-temporal forecast-
ing, handling multiple time series with spatial relationships by adding Time
Gate and Graph Gate structures to the architecture. Compared to other fore-
casting models, N-BEATS pioneered an all-fully-connected architecture that
decomposes temporal information from coarse to fine granularity through con-
tinuous refinement, achieving accurate predictions.

Chapter 3 Summary and Outlook
This paper comprehensively introduced the background of time series forecast-
ing, reviewed early methods including traditional and machine learning ap-
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proaches, analyzed their connections and limitations, and focused on comparing
various deep learning-based model designs. Although deep learning-based time
series forecasting has achieved significant progress, future applications demand
higher performance. Several key research directions emerge:

First, integrating domain knowledge: deep learning models must incorpo-
rate domain-specific knowledge to achieve higher accuracy and efficiency, con-
sidering particularities and leveraging specialized expertise during model con-
struction. Second, causal inference: current forecasting primarily relies on
correlation analysis within sequences, but future applications require greater
emphasis on causal inference and improved model interpretability to ensure
users understand decision processes. Third, anomaly handling: real-world
data often contains anomalies; improving robustness requires mechanisms to
ignore these points and reduce prediction errors. Fourth, online learning:
current methods primarily use offline batch training, necessitating incremental
learning approaches for real-time online analysis and adaptation to new data.
Fifth, hyperparameter optimization using stochastic nature-inspired
algorithms: as deep learning complexity increases, hyperparameter selection
critically impacts performance. Nature-inspired optimization algorithms, draw-
ing from swarm intelligence and natural phenomena, randomly generate solu-
tions in the feasible space and iteratively seek global optima, representing a
promising research direction. Sixth, architectures for irregularly-sampled
small datasets: while Transformers excel on large periodic datasets, they un-
derperform on small, irregularly-sampled data. Future research could introduce
resampling, interpolation, filtering, or other methods into model architectures
to address overfitting. Seventh, GNN for multivariate forecasting: given
the complex and dynamic correlations in multivariate time series, GNNs offer
superior modeling capabilities, with recent temporal polynomial graph neural
networks achieving state-of-the-art results in short- and long-term forecasting.
Eighth, differentiable loss functions for shape and temporal dynamics:
existing loss functions often lack invariance to shape distortions and temporal
delays; future research should explore differentiable loss functions that simulta-
neously support precise shape and temporal dynamics for more comprehensive
model evaluation.

Through in-depth investigation of these directions, deep learning-based time
series forecasting will become more reliable, efficient, and flexible in solving
practical problems. As the information era advances, all domains will generate
massive temporal data, and discovering patterns within this data to forecast fu-
ture trends holds enormous economic and scientific value. This paper reviewed
the evolution from traditional statistics through machine learning to deep learn-
ing, identified underlying development patterns, and provided future research
perspectives.
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