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Abstract. Deep learning has emerging and numerous applications for most areas, including finance, 
physics and medical science, etc. The deep-based models achieve satisfying performance on those 
tasks. In this paper, we aim to provide a summary of deep learning-based temporal stock prediction. 
Specifically, we first categorize the models into three aspects, including CNN-based models, RNN-
based models, and hybrid models, by combining CNN and RNN. Then, we detail the preliminary 
knowledge for deep-based models, including the components of CNN and RNN. Furthermore, we 
provide an in-depth review of those methods. Finally, we provide a perspective discussion on the 
stock prediction tasks for further research. We hope our method can be useful for future research 
and provide a brief introduction to beginners. 

Keywords: Deep Learning; Temporal Stock Prediction; Convolutional Neural Network; Recurrent 
Neural Network. 

1. Introduction 

The paper will provide a state-of-the-art snapshot of the development of stock prediction using the 

CNN network, RNN network, and combined CNN and RNN network. The stock prediction problem 

is as follows: Given some information about the stock market, construct a potential model to predict 

its future trend. The provided information includes but is not limited to, open price, closing price, 

highest price, lowest price, and trading volume. The model also needs to predict these values in the 

future stock market. Such a model helps investors prepare for future risk management, analyze the 

company’s operation status, and, most importantly, give additional suggestions for future investment. 

Stock prediction is vital in data analysis and time series data prediction, and interest is still strong. 

Numerous overviews exist for this field. Scholars are combining deep learning and machine learning 

models with the financial industry and making viable solutions for financial problems based on the 

models developed[1-4]. The financial industry has applications of genetic algorithms, rule-based 

systems, evolutionary Algorithms, and artificial neural networks. Deep learning has enormous 

potential in the financial industry. There might be applications of NLP, semantics and text mining-

based models, and hybrid models based on spatio-temporal data representations. 

In this paper, we aim to summarize the existing deep-based methods for temporal stock prediction. 

We first provide the basic concept of deep-based methods, including CNN and RNN. Then, we 

describe each paper briefly according to its category. The following sections can be arranged as 

follows. In section 2, we first describe the basic knowledge of Convolutional Neural Networks and 

Recurrent Neural Networks. In section 3, we introduce those methods sequentially and provide an in-

depth analysis of this task. 

2. Preliminary 

2.1. Convolutional Neural Network 

As shown in Figure 1, the structure of CNN has several layers, which can be divided into four different 

layers: convolution, ReLU layer, pooling layer, and fully connected layer. 
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Figure 1. The framework of CNN models. The figure is from [6]. 

Convolutional and activation layers. Considering the input of the CNN network as an N × 𝑁 matrix 

and a V × 𝑉filter matrix, the convolution layer will apply these two matrices to produce a new matrix 

with the size of (N + V − 1 × 𝑁 + V − 1), whose entry is given by 𝑘𝑖,𝑗 = ∑ ∑ 𝑣𝑝,𝑙 ⋅ 𝑛𝑖+𝑝,𝑗+𝑙
𝑉−1
𝑙=0

𝑉−1
𝑝=0 , 

where 𝑣𝑝,𝑙is the entry of the V × 𝑉matrix at row p and column l, and 𝑛𝑖+𝑝,𝑗+𝑙is the entry of the 

N × 𝑁 matrix at row i + p and column j + l. The filter matrix in this layer will extract a particular 

"feature" from the input matrix by setting the filter matrix’s higher weight to some specific entries. 

There might also be multiple filter matrices in a CNN model whose output will be possessed layer by 

layer. The matrix M will be the input of the ReLU layer. In this layer, the activation function f(x) =
max(0, x)  will be applied entry-wise to the M. The primary purpose of using the function is to 

introduce non-linearity. The result from the Relu layer will be fed to the pooling layer. 

Pooling layer. The pooling layer extracts some information from the matrix given by the ReLU layer. 

The pooling layer can have different sizes of filters and pooling methods. Suppose the matrix is of 

size K × 𝐾, and the pooling method is a function g(x), where x is a matrix. 

The entry of the resulting matrix from the pooling layer is given by 𝑞𝑖,𝑗 = g([𝑥𝑢,𝑣]), where 𝑥𝑢,𝑣is 

the sub-matrix of the matrix given ReLU layer from row (i − 1) × 𝑘 + 1 to row i × 𝑘 and column 

(j − 1) × 𝑘 + 1 to the column j × 𝑘. The result of the pooling layer will be fed to the fully connected 

layer. Function 𝑔(⋅) usually extracts the most significant entry from x (max pooling) or calculates 

the average of all entries (average pooling). The incentive of having a pooling layer is primarily to 

reduce the calculation’s complexity. It also reduces the risk of over-fitting the model. 

Fully-connected layer. The convolutional and pooling layers extract the input’s local features, while 

the fully connected layer produces an output by considering all previously extracted features. A CNN 

network might have multiple fully connected layers, each taking an output from the result of the 

previous fully connected layers. All inputs for fully connected layers are obtained by flattening a 

matrix from multiple pooling layers and making a high-dimension vector. Each fully connected layer 

has activation functions, varying depending on the purpose. A fully connected layer will output a 

vector obtained by a function in the form of z(x) = ϕ(𝑊 ⋅ 𝑥 + 𝑏), where 𝑊 and 𝑏 are learnable 

matrix and bias vector; each component of the vector is called a neuron. Mathematically, a neuron is 

obtained by 𝑎𝑗 = ϕ(∑ 𝑣𝑖
𝑛
𝑖=0 ⋅ 𝑤𝑗,𝑖 + 𝑏𝑗), where ϕ is the activation function and 𝑤𝑖,𝑗 is the entry of 

the matrix in this fully connected layer of row i, column j, 𝑏𝑗 is the j-th component of the bias vector 

𝒃. The matrix of a fully connected layer is produced during the training process of a CNN model to 

minimize the loss function. 

2.2. Recurrent Neural Networks and Long Short-Term Memory Network 

Recurrent Neural Network. As shown in Figure 2, a recurrent neural network processes a sequence 

of inputs where the previous input might influence the current output. Mathematically, the input can 
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be viewed as a sequence of vectors 𝒙1, 𝒙2, … , 𝒙𝑛, where 𝒙𝑖 ∈ 𝑅𝑘. Each vector is linearly dependent 

on the ones that precede it. At the same time, the emergence of the entire sequence follows an identical 

and independent distribution P(X), where X ∈ 𝑅𝑘 × … × 𝑅𝑘. 

 

Figure 2. The framework of RNN models. The figure is from [6]. 

There are three main design patterns of the recurrent neural network in general [5,6]: (i) Recurrent 

neural networks produce an output after inputting elements of the input sequence. (ii) Recurrent 

neural networks whose hidden state only has a connection with the output of the previous time. (iii) 

Recurrent neural networks produce an output after passing all of the sequence of inputs. Generally, a 

design of (i) requires more calculation expense but is strictly more powerful than the one design under 

(ii), which makes less connection with the previous stage. 

A recurrent neural network generates output based on time series. For any input 𝑥𝑡, which denotes 

the input at time t, RNN has a hidden state 𝑎𝑡−1 generated based on the previous input. The new 

state is generalized by 𝑎𝑡 = ϕ1(𝑎𝑡−1, 𝑥𝑡). 𝑎𝑡 will be passed to the activation function h(x) before 

applying to the function 𝜙2 𝑡o produce the o𝑢𝑡𝑝𝑢t y = ϕ2(h(𝑎𝑡)). 𝑎𝑡could also serve as the state 

f𝑜𝑟 𝑡he i𝑛𝑝𝑢t 𝑥𝑡+1. 

For a model design𝑒𝑑 𝑢nder (i), the function ϕ1is of the 𝑓𝑜𝑟m, 

 

ϕ1(𝑎𝑡−1, 𝑥𝑡) = [𝑤11 𝑤12] ⋅ [
𝑎𝑡−1

𝑥𝑡
] + [

𝑏1

𝑏2
]                    (1) 

 

Where 𝑤11, 𝑤12 are weight-assigned matrices, and [
𝑏1

𝑏2
]is the bias vector. 

The function ϕ2 is of the form, 

 

ϕ2(𝒙) = 𝑽 ⋅ 𝒙 + [
𝑐1

𝑐2
]                             (2) 

 

Where 𝑽is a pre-trained matrix that maps the state vector 𝒙to potential output before adding the bias 

vector [
𝑐1

𝑐2
]. 

An RNN network is usually trained using the backpropagation through time (BPTT) algorithm. The 

problem with the recurrent neural network under this algorithm is that information cannot be retained 

over the long term. This is because of the vanishing/exploding gradient problem while training. This 

problem happens because the training considers too many steps, which will result in the model’s 

constant/unstable results. The side effect of the limited training step is the loss of information in the 

long term. The problem emerges for certain in RNN trained under the BPTT algorithm. 

A long short-term memory (LSTM) model addresses this problem. The main difference is LSTM 

introduces different gates to the previous RNN model: forget gate, input gate and output gate, which 
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controls the impact of the previous state in the model, reassigning the input weight contributing to 

the current state 𝑎𝑡 , reassigning the newly produced h(𝑎𝑡)  before applying to ϕ2 . These gates 

efficiently filter out the impact of previous information on the current state and output, which enables 

the model to retain the memory of previous information. The training of LSTM usually takes longer 

time than other CNN and RNN networks. 

3. Methods of Temporal Stock Prediction 

3.1. CNN-based Methods 

In [7], the research explores potential variables that can enhance the extraction of critical features 

from the stock market besides technical indicators and historical data. The study also investigates the 

correlation between different stock markets. 

In specific, the proposed method consists of two variants, including 2D-CNNpred and 3D-CNNpred, 

to model input data from different dimensions. The network then predicts the trend of closing prices. 

The method has been validated on various public data, such as the S&P 500, NASDAQ, DJL, etc. It 

demonstrates that CNN has great potential for stock trend prediction, which can be used in real-world 

applications. This paper aims to predict Apple's stock price over the past ten years. In this method, 

the data is first scaled to the range [0,1]. The paper uses a traditional RNN with one hidden layer to 

handle this task. In experimental results, the RNN with proper timestep shows favourable 

performance, which states that not all data is helpful for current data prediction. This paper aims to 

build a model-independent approach that can be deployed in most existing methods. The method first 

uses the NlFTY-IT index and NIFTY-Pharma index to identify the stock data. Then, those indicators 

are sent to the network for training. This paper introduces three different architectures: RNN, CNN, 

and LSTM. From the experiments, CNN performed best in handling time-series stock data. Also, the 

most current history is more critical in the prediction process. 

In [8], the author also improved the CNNpred method and proposed a U-CNNpred. The author claims 

that the stock trend has similar characteristics over time, which can be modelled by transfer learning. 

To this end, this paper compares three versions with different training strategies, including base 

predictor without fine-tuning, partially fine-tuned predictor and complete fine-tuned predictor. Those 

predictors have different numbers of layers to be fine-tuned. The proposed layer-wise training method 

produces superior results compared to the supervised training method. 

3.2. RNN-based Methods 

In [9], given the data from the previous day, the article addresses the following problem: How can 

the prediction of the Chinese stock price direction change the next day to be more precise. The 

research also provides a potential solution for choosing the sample size for training. The stock market 

is sensitive to environmental factors, especially economic and political trends. The choice of the 

sample size is relatively unclear. The research uses the five-minute bars of one day as the input for 

the model, including open price, high price, low price, and close price. According to the Chinese 

stocking market regulations, the input shape is 48*5= 240. The data was normalized. To test the 

model on Year Y, the data on years Y-2 and Y-3 are used as training data and the data from Year Y-

1 is used for validation. The LSTM gives a binary output, 1 for up, 0 for down. The research model 

combines a deep belief network(DBN) and a long short-term memory model (LSTM). In particular, 

a 2-layered DBN is used to extract the stock features from the given input and provide the input for 

LSTM to predict the stock price direction. The DSN is pre-trained using the unsupervised method. 

After that, DSN and LSTM are trained using the backpropagation(BP) method. The proposed DBN-

LSTM model results are compared with the multi-layer perception and pure LSTM models. The DSN-

LSTM model performs better than other models (MLP, LSTM). Extracting key features of input data 

before proceeding to the neural network is a newly developed method for stock price prediction, 

which leads to better performance of the DSN-LSTM architecture in stock price direction prediction 
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than other models. Additional data, such as news articles, can be incorporated into the model to make 

better predictions. 

In [10], the researcher wants to predict the closing price of a stock. Stock prediction is hard to conduct 

because of plenty of affecting factors. It is easy to make human errors when conducting a prediction. 

The researchers used the closing price of Advanced Micro Devices for 168 working days. The model 

is trained using the first 156 data points and predicts the next 12. The researcher used the RNN model 

to predict training using the back-propagation(BP) method. They also develop the LSTM cell. The 

generated values with the true values have the same trend, and the prediction error is within 5%. 

3.3. Combining CNN and RNN for Stock Prediction 

In [11], the author improves the general model and generates a CNN-BiLSTM-AM architecture. In 

this method, the data was processed first. Then, the data was sent to CNN to extract the key features 

of the data. BiLSTM and AM calculated the result from the previous layer. The paper compared the 

results with MLP, CNN, RNN, LSTM, BiLSTM, CNN-RNN, BiLSTM-AM. In general, CNN-

BiLSTM-AM produced a model with the lowest error but the highest percentage of the explained 

data, which indicates this method is the best model among all the models. 

In [12], this paper uses the previous 5 day data to predict the next day trend of Shenzhen Component 

Index. The paper proposed a new model by using CNN-BiSLSTM, which is a special variation of the 

general BiLSTM by replacing last function of producing the result of the model, which made the 

model more suitable for predicting the stock market. The model was trained by the data from 1991-

2021 of Shenzhen Stock component Index. The model was compared with other models including 

CNN-BiLSTM, RNN, LSTM, while the model shows the most favorable results. 

In [13], this paper proposed an easier way to extract the information from the data. This paper 

incorporates the PCA into the data processing before training the CNN and LSTM models to predict 

the future trend of stock market. From the experiment results, the combination produced by PCA with 

highest variation of the dataset takes the lowest time for training, while remaining the lowest error 

for training compared to the process training using other combination produced by PCA. 

In [14], in this paper, the authors generated a CNN-LSTM model to predict the stock price in the next 

day. The data for the training was pre-processed and as an input for the CNN. As CNN can extract 

key feature of the input data, the output of CNN is passed to LSTM for training. The paper also 

produces a comparison of the model including RNN, LSTM and CNN-RNN. The CNN-LSTM shows 

the most desirable result. 

4. Conclusion 

In this paper, we aim to provide a board comparison on different models for temporal stock prediction. 

First, the models can be categorized into three parts, including CNN-based models, RNN-based 

models and Hybrid models by combining CNN and RNN. We also detail the pre-knowledge on deep 

learning techniques, such as the components of CNN, RNN and LSTM. Then, we provide a brief 

introduction on those models and compare them in terms of accuracy, complexity and training and 

inference time. We conclude that the RNN based models using temporal coherence obtain better 

performance but has inferior results on inference time. The increasing cost mainly comes from the 

BPTT method, which needs to train the model sequentially. We claim that our paper can be widely 

used for the beginners who are interested in the stock prediction and can help the beginners to select 

the proper methods for their specific goals. 
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