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Abstract

Technical analysis aims to predict stock returns based on price and volume patterns and has seen growing adoption of machine
learning methods. However, most approaches rely on hand-crafted features. This paper investigates whether deep learning
applied to stock chart images can predict future returns without manual feature engineering. Building on Jiang et al. (2023),
this study applies Convolutional Neural Networks (CNNs), a computer vision architecture, to predict stock returns from price
charts and extends their approach by implementing Vision Transformers, specifically the Class-Attention in Image Transformer
(CaiT). Stock prices, volumes, and moving averages are encoded into images, which are used to train models that classify future
stock returns as either positive or negative. Results show that both CNN and CaiT models outperform traditional technical
indicators such as momentum and reversal strategies when applied to US stocks. Moreover, combining the two models yields
incremental predictive power. An investment strategy based on their joint predictions achieves higher returns and Sharpe

ratios than either model alone.
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1 Introduction

Technical analysis is a method used to forecast future as-
set price movements based on the examination of past mar-
ket data, primarily price and volume (Brock et al., 1992,
p. 1731). Rather than relying on economic fundamentals,
technical analysis identifies patterns and trends in histori-
cal price behavior, assuming that market movements exhibit
recurring and predictable structures. This approach can be
applied qualitatively, through the interpretation of recurring
price formations on charts, or quantitatively, using technical
indicators such as moving averages, which smooth out price
fluctuations over time to reveal underlying trends (Menkhoff
& Taylor, 2007, p. 939). This reliance on historical price
patterns and market trends directly contradicts the Efficient
Market Hypothesis (EMH), particularly its weak form (Mur-
ray et al., 2024, p. 1). The weak form EMH suggests that
price changes follow a random walk, meaning that past price
movements do not provide any predictive power for future
returns (Fama, 1970, p. 389). In contrast, technical analysis
assumes that historical price behavior influences future price
movements, which implies a degree of market inefficiency.

Technical analysis is widely used in the financial industry
(Zhu & Zhou, 2009, p. 519). Most brokerages provide chart-
ing analysis, making technical tools more accessible to mar-
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ket participants (Han et al., 2021, p. 1). Menkhoff and Tay-
lor (2007) highlight its widespread adoption among foreign
exchange traders, while (Lo & Hasanhodzic, 2010) examine
how professional practitioners implement technical strate-
gies in real-world trading. However, despite its extensive use
in the industry, academics have traditionally doubted the va-
lidity of technical analysis, often questioning its reliability in
predicting asset prices. Some even compare it to astrology
or dismiss it as “voodoo finance,” emphasizing the skepti-
cism surrounding its legitimacy (Lo et al., 2000, p. 1705).
Nevertheless, several studies have provided strong empirical
evidence supporting technical analysis such as (Brock et al.,
1992; Jegadeesh & Titman, 1993; Lo et al., 2000) and (Zhu
& Zhou, 2009).

More recently, machine learning models have been
increasingly applied in technical analysis. One of the
biggest challenges in utilizing these techniques is the
need for feature engineering, as predictive signals must
be manually designed before they can be effectively used
(Jiang et al., 2023, p. 3193). To address this limitation,
(Jiang et al., 2023), in their paper “(Re-)Imag(in)ing Price
Trends” propose a novel approach that converts stock data
into images and applies Convolutional Neural Networks
(CNNs) to automatically learn predictive features without
manual intervention. Their findings show that image-based
predictive features significantly enhance return predictions
compared to traditional trend signals. The CNN models
identified previously unexplored price patterns that proved
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more effective in forecasting returns, ultimately leading to
superior portfolio performance.

This paper replicates their study by implementing the pro-
posed CNN models and extends it by integrating a state-of-
the-art image recognition architecture: Vision Transformers
(ViTs; (Dosovitskiy et al., 2020)). ViTs are built on the Trans-
former architecture, which is also used in OpenAI’s ChatGPT
(Raschka, 2024, p. 6). Unlike CNNs, which process images
by detecting local patterns such as edges and textures, ViTs
divide images into patches and use a self-attention mecha-
nism to learn relationships between different regions of the
image. This allows ViTs to capture long-range dependencies
and global context within an image, making them particu-
larly effective for tasks requiring a broader understanding of
spatial relationships (Mauricio et al., 2023, p. 13).

Jiang et al. (2023) argue that one of the reasons for
representing time series as images is that it allows models
to capture structural relationships that may be challenging
to identify using conventional time-series approaches,
much like how humans recognize trends more easily in
visual graphs than in raw numerical data. By utilizing this
structured format, an advanced pattern detection model
such as CNN can process the entire visual representation,
enabling it to uncover hidden dependencies and trends that
might otherwise go unnoticed Jiang et al. (2023, p. 3194).
Building on this logic, a model designed to capture broader
contextual relationships across an entire image may extract
even more meaningful insights. Given that CNNs specialize
in detecting local features such as edges and textures, they
excel at identifying small-scale visual patterns within stock
price images. However, ViTs may further enhance pattern
detection in stock charts. By analyzing the image holisti-
cally rather than focusing on localized features, ViTs could
improve the model’s ability to recognize overarching trends
and structural formations in stock charts. This paper tests
whether the image-based approach introduced by (Jiang
et al., 2023) can be further enhanced using ViTs.

Following (Jiang et al., 2023), I converted US stock data
from 1993 to 2019 into 5-day, 20-day, and 60-day images.
Each image is in grayscale format, incorporating price data,
trading volume, and moving averages. For the ViT mod-
els, I adapted the images to an RGB format, where each
color channel represents either price data, volume, or mov-
ing averages. Jiang et al. (2023) trained models on three
image types (5-day, 20-day, and 60-day) to predict whether
stock returns would be positive or negative over the subse-
quent week, month, or quarter, resulting in nine models. In
my implementation, I trained eight models, omitting the 60-
day image model for weekly return predictions due to stor-
age constraints. For the ViTs, I trained only three models:
two predicting weekly returns using 5-day and 20-day im-
ages, and one predicting quarterly returns using 5-day im-
ages. Given the high computational cost of training ViTs, I
limited their implementation to these three cases. I utilized
the Class-Attention in Image Transformers (CaiT) architec-
ture proposed by (Touvron et al., 2021), a specialized vari-
ant of ViT that allows for deeper network architectures. Un-

like standard ViTs, CaiT first learns the relationships within
the image and then leverages these learned relationships to
make predictions (Touvron et al., 2021). Additionally, ViTs
lack inductive bias which makes them difficult to train from
scratch or with small datasets. To address this challenge, I
applied two techniques proposed by (S. H. Lee et al., 2021).

Both CNN and CaiT models generate probability esti-
mates indicating the likelihood of a stock having a positive
return over the prediction period. Following (Jiang et al.,
2023), stocks are sorted into decile portfolios based on these
predictions, and the portfolios are rebalanced at the same
frequency as the prediction horizon to ensure consistency
in evaluation. The performance of CNN-based strategies is
assessed against traditional trend following signals, includ-
ing 2-12 momentum (MOM), monthly short-term reversal
(STR), and weekly short-term reversal (WSTR). Strategy
performance is measured using a High-Low (H-L) portfolio
and Sharpe ratios. Furthermore, I compare the performance
of CaiT-based strategies with their CNN-based counterparts.

After comparing the performance of CaiT and CNN strate-
gies, I examined their potential for integration. Since each
model may focus on different features within the same im-
age, combining them could yield superior results. To test
this hypothesis, I first calculated the simple average of both
models’ probability estimates and sorted stocks into deciles
based on these averages. This averaging process introduces
an element of agreement in the High (highest decile or decile
10) and Low (lowest decile or decile 1) deciles, ensuring that
stocks assigned a high probability by both models are posi-
tioned in the High decile, while those with low probabilities
fall into the Low decile. Analyzing these deciles along with
the H-L portfolio provides insights into the combined behav-
ior of the models.

Building on this consensus-based approach, I propose an
investment strategy that leverages both models by selecting
stocks where they agree most strongly. I evaluate the strategy
by reporting annualized returns and Sharpe ratios, assessing
its resilience to transaction costs, and analyzing its cumula-
tive returns over the out-of-sample period. This study also
investigates whether CNNs and ViTs can be effectively inte-
grated to enhance stock return predictions. To the best of my
knowledge, no prior research has explored the use of stock
charts as inputs for ViTs to predict stock returns or attempted
to combine ViTs and CNNs for improved return prediction
performance.

The remainder of this thesis is structured as follows: Sec-
tion 2 reviews the relevant literature on Technical Analysis
and Computer Vision. Section 3 introduces the fundamental
concepts of CNNs and ViTs, detailing the architectural design
choices. Section 4 outlines the data sources and methodol-
ogy employed in implementing both architectures. Section 5
presents the empirical results for CNN and CaiT models, in-
cluding the effects of averaging their predictions. Section 6
proposes the investment strategy derived from these models.
Section 7 discusses the limitations of the study and provides
a critical evaluation of the findings. Finally, Section 8 con-
cludes with key insights.
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2 Literature Review

This paper explores the intersection of technical analysis,
Convolutional Neural Networks, and Vision Transformers.
It investigates how CNN-based image analysis can enhance
technical analysis and then applies ViTs to assess whether
stock prediction can be further improved using an alterna-
tive image recognition algorithm. Accordingly, this section
reviews the relevant literature from two perspectives: first,
technical analysis, and second, computer vision.

Technical analysis has a long history, with its origins
traced back to Charles Dow in the late 1800s in the United
States Brock et al. (1992, p. 1731). Dow developed what be-
came known as Dow Theory, which aimed to predict market
trends by identifying upward or downward price movements
Zhu and Zhou (2009, p. 521). However, early empirical
studies cast doubt on the effectiveness of technical analysis.
Cowles (1933) conducted one of the first major empirical
tests, analyzing the forecasts of William Peter Hamilton, a
leading Dow Theory advocate. Cowles (1933) found that
Hamilton’s predictions between 1904 and 1929 underper-
formed a simple buy-and-hold strategy, suggesting that
technical forecasting lacked predictive power. Later studies
reinforced this skepticism—(Fama & Blume, 1966) tested 24
filter rules and found that they did not outperform passive
investing, while (Jensen & Benington, 1970) examined Levy
(1967)’s Relative Strength Index (RSI) and found that it
did not yield superior returns once transaction costs were
accounted for. The Efficient Market Hypothesis, introduced
by (Fama, 1970), further challenged technical analysis by
asserting that past prices contain no useful information for
predicting future movements—a direct contradiction to the
principles of technical analysis. As a result, early studies
were generally skeptical of technical analysis, casting doubt
on its ability to generate consistent excess returns.

Despite early skepticism, more recent research has pro-
vided empirical evidence supporting the effectiveness of tech-
nical analysis in financial markets. Lo et al. (2000) developed
a quantitative framework to systematically detect technical
patterns and rigorously tested them, finding that technical
analysis can offer incremental information beyond random
price movements, suggesting that market inefficiencies may
exist in the short term. Jegadeesh and Titman (2001) found
that momentum strategies remain highly profitable and are
not a product of data snooping. Their results indicate that
systematic mispricing, driven by behavioral biases, can cre-
ate exploitable trading opportunities. Similarly, (Neely et al.,
2014) examined the relationship between technical indica-
tors and the equity risk premium, finding that technical anal-
ysis and macroeconomic variables capture different aspects
of market dynamics. Their research shows that combining
the two yields superior out-of-sample forecasts, challenging
the traditional view that only fundamental data is valuable.
More recently, (Murray et al., 2024) tested the weak-form Ef-
ficient Market Hypothesis using machine learning (ML) mod-
els trained on historical price data. Their findings suggest
that ML-based technical analysis strategies generate signifi-

cant excess returns, which cannot be fully explained by risk
factors, further supporting the idea that technical patterns
may contain predictive power. Collectively, these studies in-
dicate that there is strong empirical evidence supporting the
effectiveness of technical analysis.

Moving averages (MAs) serve as the foundation of trend-
following strategies, which are widely used in financial mar-
kets Han et al. (2021, p. 1). One of the first major studies on
MAs, conducted by (Brock et al., 1992), analyzed 90 years
of Dow Jones Industrial Average data and found that MAs
and Trading Range Breakouts exhibited statistically signifi-
cant predictive power. However, (Sullivan et al., 1999) re-
visited this finding, testing whether MAs truly predict stock
returns or if their past performance was due to data-snooping
bias. Their results showed that while MAs appeared prof-
itable in historical data, they lost predictive power in out-
of-sample tests. Despite this skepticism, later studies still
found empirical support for MAs. Zhu and Zhou (2009) ex-
amined MAs from an asset allocation perspective and con-
cluded that they help investors make better allocation de-
cisions, especially in uncertain market conditions. Han et
al. (2016) introduced the Trend Factor, a model that inte-
grates MAs across different time horizons to capture persis-
tent price trends, making them particularly effective during
market uncertainty. More recently, (Detzel et al., 2021) ex-
amined MAs in markets where fundamental valuation is dif-
ficult, such as Bitcoin and speculative stocks, and found that
MA-based strategies generate significant excess returns, par-
ticularly in cryptocurrencies. These studies suggest that MAs
remain a valuable tool for traders and investors.

In addition to traditional technical analysis methods,
recent research has increasingly incorporated advanced
machine learning techniques such as Support Vector Ma-
chines (SVMs) and Genetic Algorithms (GAs) to improve
predictive accuracy in financial markets. SVMs, first intro-
duced by (Noble, 2006), classify data by finding an optimal
hyperplane, making them effective in financial forecasting.
Cao and Tay (2003) demonstrated that SVMs with adaptive
parameters outperform Backpropagation Neural Networks
when predicting futures contracts from the Chicago Mer-
cantile Market. M. Lee (2009) further refined SVM-based
forecasting by integrating a hybrid feature selection method
with financial data from NASDAQ, 20 futures contracts, and
9 spot indexes, achieving superior accuracy and general-
ization. Additionally, (Kercheval & Zhang, 2015) leveraged
high-frequency limit order book data from NASDAQ to build
multi-class SVM models, successfully predicting short-term
price movements and generating profitable trading signals in
real-time. Beyond SVMs, Genetic Algorithms, first developed
by (Holland, 1975), offer an evolutionary approach to fi-
nancial forecasting by optimizing trading strategies through
natural selection principles. Allen and Karjalainen (1999)
pioneered the use of GAs in technical analysis, applying
them to develop trading rules for the S&P 500, though
results indicated they did not consistently outperform a
buy-and-hold strategy after transaction costs. More recent
studies have improved GA-based approaches: (Brown et al.,
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2013) introduced the Dynamic-Radius Species-Conserving
Genetic Algorithm to select stocks from the Dow Jones
Index, significantly outperforming the index in returns. Y.
Hu et al. (2015) combined GAs with the eXtended Classifier
System in their eTrend model, which adapts trading rules
dynamically, outperforming buy-and-hold strategies with
superior risk-adjusted returns.

Neural networks have become a widely used approach
in financial forecasting due to their ability to model com-
plex, nonlinear relationships in stock price data. Tsang et al.
(2007) developed NN5, a Backpropagation Neural Network
to predict HSBC stock price movements in the Hong Kong
market, achieving over 70% accuracy, though profitability
was limited by transaction costs. Similarly, (Guresen et al.,
2011) compared various Artificial Neural Network architec-
tures for stock market index prediction, and found that the
Multi-Layer Perceptron produced the most accurate and sta-
ble forecasts for NASDAQ index movements. Further advanc-
ing the field, (Nelson et al., 2017) applied Long Short-Term
Memory (LSTM) networks to predict stock price movements
on the Brazilian stock exchange using historical price data
and technical indicators, demonstrating LSTM’s superiority
over traditional machine learning models, with an accuracy
of up to 55.9% in short-term price direction prediction. These
studies highlight the growing role of neural networks in tech-
nical analysis, offering improved predictive power and adapt-
ability compared to conventional methods.

Recent research has explored the application of CNNs in
financial market prediction, with some studies integrating
them with other models while others use CNNs indepen-
dently. Kim and Kim (2019) developed a hybrid LSTM-CNN
model, showing that combining numerical and image-based
stock data outperforms standalone CNNs or LSTMs. Simi-
larly, (Di Persio & Honchar, 2016) introduced a Wavelet-CNN
model, demonstrating that wavelet preprocessing enhances
feature extraction and that ensemble learning further
improves the accuracy of stock market price prediction.
J. Lee et al. (2019) applied CNNs within a Deep Q-Network,
demonstrating that U.S.-trained CNNs generalize well to
global markets, while (Hoseinzade & Haratizadeh, 2019)
found that multi-market CNNs outperform single-market
models for stock index movement prediction. In contrast,
other studies relied solely on CNNs, using either raw nu-
merical data or transformed financial images. Gunduz et al.
(2017) enhanced CNN accuracy by structuring input features
according to their correlation, and (G. Hu et al., 2018) used
Convolutional AutoEncoders to extract deep features from
candlestick charts, demonstrating better stock clustering
for portfolio optimization. Similarly, (Cohen et al., 2020)
used CNN-based image classification to replicate human
technical analysis, achieving 95% accuracy in detecting
buy signals, while (Chen et al., 2016) showed that CNNs
outperformed traditional market models in time-series
forecasting. However, (Jiang et al., 2023) provided the most
comprehensive demonstration of CNNs’ predictive power,
transforming stock price trends into images and proving
that CNNs outperform traditional momentum and reversal

strategies, generalize across time scales, and successfully
transfer from U.S. to global markets.

Convolutional Neural Networks have played a crucial role
in the advancement of image recognition. Introduced by (Le-
cun & Bengio, 1995), CNNs leverage spatial hierarchies and
local connectivity to effectively process image data. Over the
years, several architectures have significantly contributed to
the field. AlexNet, proposed by (Krizhevsky et al., 2012), was
a groundbreaking deep CNN that won the ImageNet compe-
tition in 2012, demonstrating the power of deep learning in
large-scale image classification. It featured multiple convo-
lutional layers, max-pooling, and the use of ReLU activations
to speed up training and improve accuracy. GoogleNet, de-
veloped by (Szegedy et al., 2014), introduced the Inception
module, which optimized computational efficiency while in-
creasing network depth and width, allowing for multi-scale
feature extraction. ResNet, proposed by (He et al., 2016a),
addressed the vanishing gradient problem in deep networks
by introducing residual connections, enabling the training of
networks with over 100 layers while maintaining high ac-
curacy. These architectures have set benchmarks for deep
learning-based image analysis and continue to inspire mod-
ern developments in computer vision.

More recently, Vision Transformers have emerged as
a powerful alternative to CNNs for image recognition.
Inspired by the Transformer architecture originally proposed
by (Vaswani et al., 2017) for natural language processing,
ViTs were introduced by (Dosovitskiy et al., 2020) as a
model that treats images as sequences of patches, similar
to words in a text sequence. Unlike CNNs, which rely
on convolutional layers to extract local features, ViTs use
self-attention mechanisms to model global dependencies
within an image, allowing them to capture long-range
interactions Mauricio et al. (2023, p. 13). However, early
ViTs required large-scale datasets for effective training,
which led to the development of optimized versions such
as Data-efficient Image Transformers (DeiT) by (Touvron
et al., 2020), which introduced a knowledge distillation
approach to make ViTs more accessible with limited data.
Other variations like Pooling-based Vision Transformers
(Heo et al., 2021) incorporated spatial dimension reduction
inspired by CNNs to improve efficiency, and Class-Attention
in Image Transformers by (Touvron et al., 2021) introduced
specialized attention mechanisms to enhance classification
accuracy. These advancements have solidified ViTs as a
competitive alternative to traditional CNNs in image analysis
tasks, pushing the boundaries of deep learning in computer
vision.

To address the limitations of ViTs on small datasets,
various strategies have been proposed to enhance their
performance without extensive pre-training on large-scale
datasets. One such approach by (S. H. Lee et al., 2021)
introduces Shifted Patch Tokenization and Locality Self-
Attention to improve locality inductive bias, making ViTs
more effective for small-scale datasets. SPT increases the
receptive field of tokens, allowing ViTs to capture more
spatial relationships between neighboring pixels, while LSA



E. Ozkul / Junior Management Science 11(1) (2026) 195-226 5

refines the attention mechanism to focus more on relevant
local features rather than distributing attention uniformly.
Similarly, (Shao & Bi, 2022) propose a hybrid transformer
model that integrates Convolutional Parameter Sharing
Multi-Head Attention and Local Feed-Forward Networks,
effectively combining the strengths of CNNs and trans-
formers. Their method incorporates convolutional layers
within the transformer structure, improving local feature
extraction while maintaining the long-range dependencies
of self-attention. Additionally, (Gani et al., 2022) present
a self-supervised weight initialization approach, leveraging
low-resolution feature prediction to pre-train ViTs on small
datasets without relying on external large-scale datasets.
These advancements contribute to making ViTs more prac-
tical for small-scale vision tasks, reducing dependency
on massive datasets while improving performance and
efficiency.

3 Theoretical Background

In this section, I will discuss the theoretical background
of CNNs and ViTs. This section has two main purposes: first,
to introduce these algorithms, explain their fundamental me-
chanics, and highlight the key ideas behind them; second, to
illustrate how they apply to stock return prediction and the
rationale behind my design choices.

I will begin with CNNs, explaining their general struc-
ture and core concepts. Next, I will discuss Transformers,
the foundation of Vision Transformers, and explain the self-
attention mechanism from a natural language processing per-
spective. Then, I will describe how this mechanism is adapted
to images by outlining the standard ViT architecture and its
potential to improve pattern recognition in stock charts. Fol-
lowing this, I will introduce the specific CaiT architecture and
justify its selection for this task. Finally, the chapter will con-
clude with an explanation of two techniques that enable ViTs
to be trained from scratch on stock image datasets, making
their application feasible for this study.

3.1 CNN Background

Convolutional Neural Networks are a specialized class of
neural networks designed to process data with grid-like struc-
tures, such as images Goodfellow et al. (2016, p. 330). In a
standard CNN layer, there are three key stages: the convo-
lution stage, involves applying learned filters to small sec-
tions of the input data; the activation stage, which applies a
non-linear function to introduce non-linearity; and the pool-
ing stage, groups nearby values together, simplifying the fea-
ture maps and helping the network ignore small changes in
the input Goodfellow et al. (2016, p. 339). Furthermore,
CNNs leverage two fundamental principles: parameter shar-
ing, which allows the same filter to be used across different
regions, reducing both the number of parameters and the
amount of computation required; and translation equivari-
ance, meaning that shifts in the input lead to corresponding
shifts in the output, thereby maintaining the spatial consis-
tency of the detected features Jiang et al. (2023, p. 3240).

In the convolution operation, a small matrix of learned
parameters, known as a kernel or filter, slides over the input
data to compute weighted sums at every position, thereby de-
tecting local patterns such as lines or edges Goodfellow et al.
(2016, p. 335). This process is used to transform raw input
into a more informative representation that highlights im-
portant features while preserving spatial relationships Jiang
et al. (2023, p. 3238). Figure 1 demonstrates this process:
each element of the kernel (labeled w, x, y, z) is multiplied
by corresponding input values (labeled a, b, c, etc.) within a
specific patch, and these products are summed to yield a sin-
gle output value. As the kernel moves across the entire input,
it produces an output map that indicates where the feature
appears and with what intensity. Importantly, the weights
of these filters are learned during training, enabling the net-
work to adapt to the specific patterns present in the data,
and in practice, many different filters are applied—not just
one—to capture a wide variety of features essential for effec-
tive analysis (Goodfellow et al., 2016, pp. 333-336).

Following the convolution operation, an activation func-
tion is applied element-wise to the resulting feature maps to
introduce non-linearity Jiang et al. (2023, p. 3240). This
non-linearity is crucial because, without it, the entire net-
work would collapse into a simple linear model, irrespective
of its depth Goodfellow et al. (2016, p. 172). By incorporat-
ing non-linearity, neural networks gain the ability to approx-
imate any function, enabling them to capture intricate rela-
tionships between inputs and outputs when given sufficient
layers. This transformation allows networks to convert linear
input data into highly complex, non-linear outputs, making
them effective for modeling complex structures that would
be unattainable with a purely linear approach Goodfellow et
al. (2016, p. 198). One of the most common activation func-
tions is the Rectified Linear Unit (ReLU; Goodfellow et al.
(2016, p. 193)), which is defined as:

f (%) = max (0, x) €]

Following the convolution and activation steps, the pool-
ing stage aggregates information from local regions of the ac-
tivation maps to simplify the overall representation. In par-
ticular, max pooling partitions the feature maps into small,
non-overlapping regions and selects the highest value from
each region Goodfellow et al. (2016, p. 339). This oper-
ation reduces the spatial dimensions of the data, lowering
computational complexity for subsequent layers, while also
emphasizing the most prominent features. By doing so, max
pooling makes the network more robust to slight shifts or dis-
tortions in the input, ensuring that key patterns are retained
even if their exact locations change slightly Jiang et al. (2023,
p. 3241).

As mentioned earlier, the convolution operation involves
sliding a filter over the input data, and the same filter is used

1 taken from Goodfellow et al. (2016, p- 334)
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Figure 1: Convolution Operation Example’

Description. This figure illustrates the convolution operation in a neural network, where a 2D input matrix is processed using a small kernel (filter) to
produce an output feature map. The input consists of a 4x3 matrix, while the kernel is a 2x2 matrix. The kernel slides over the input matrix, computing
element-wise multiplications followed by summations to generate output values. Each resulting value represents a weighted sum of overlapping regions

between the input and the kernel.

at every location. This technique is known as parameter shar-
ing. The reuse of filter weights means that the network does
not have to learn separate parameters for every region of the
input, which significantly reduces the total number of param-
eters Goodfellow et al. (2016, p. 335). Not only does this
make the model more memory- and computation-efficient,
but it also reinforces translation equivariance—meaning that
when an input is shifted, the output shifts in the same way
Goodfellow et al. (2016, p. 338). This property ensures that
if a feature is detected in one part of the image, it will still be
recognized even if it appears in a different location, which is
highly desirable for tasks like image recognition. Translation
equivariance contributes to the robustness and generaliza-
tion of the network by enabling consistent feature detection
regardless of the location Jiang et al. (2023, p. 3240).

Now that we have examined key concepts of CNNs, an
important consideration is the distinction between local and

global features in images. Through the convolution oper-
ation, CNNs excel at detecting local features by analyzing
small parts of an image, and due to translation equivariance,
they can recognize these features—like eyes—regardless of
their position Goodfellow et al. (2016, p. 342). However,
capturing global features is more challenging. In a typical
CNN, different sections of an image are not directly con-
nected; instead, they are gradually linked through successive
convolution layers Peng et al. (2023, p. 9455). Each convo-
lution reduces the size of the output relative to its input, and
although subsequent convolutions cover larger areas of the
image, this information is aggregated indirectly Goodfellow
et al. (2016, p. 337). Moreover, the application of max pool-
ing further diminishes spatial information, as it selects only
the maximum value from a given region, thereby losing pre-
cise details about where that value originated Goodfellow et
al. (2016, p. 347). For traditional image recognition tasks,
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such as face recognition, this trade-off in spatial precision is
often acceptable. Instead of recognizing an entire face as a
structured entity, CNNs can identify and classify faces based
on the presence of key local features, such as eyes, nose, and
mouth, and their approximate locations. The network does
not require an exact representation of a face to correctly clas-
sify an image as containing a face Goodfellow et al. (2016,
p. 342). However, in the context of stock charts, where the lo-
cation of a feature also represents a specific time, preserving
this spatial (and temporal) information becomes crucial. For
example, from a technical analysis perspective, it is really im-
portant to detect the intersection of the moving average line
and close price, but also where this intersection happened is
also important. Recognizing different parts of a chart, such
as the beginning and end of a period, is crucial, as they may
convey distinct information. This understanding led me to
implement an alternative image recognition model to better
capture global patterns.

3.2 Transformer Background

Vision Transformers are image analysis models built on
the Transformer architecture, sharing the fundamental mech-
anism of self-attention. While Transformers were originally
developed for natural language processing (NLP), ViTs adapt
this architecture to process images as input. Beyond this
key difference, the core principles remain largely the same.
Therefore, in this section, I will first introduce Transformers
and the self-attention mechanism from a natural language
perspective. This foundational understanding will serve as
a basis for the following section, where I will explain Vision
Transformers by building upon the concepts introduced here.

Transformers represent a major breakthrough in deep
learning, having fundamentally reshaped the field of NLP
since their introduction by (Vaswani et al., 2017). Through
an attention mechanism, the Transformer architecture com-
bines the computational parallelism of Convolutional Neural
Networks with the ability to model long-range dependencies
and process variable-length sequences, which provides
an advantage for the long texts—a strength traditionally
associated with Recurrent Neural Networks (RNNs). This in-
novative approach not only boosts efficiency during training
but also leads to superior performance across various tasks
Kamath et al. (2022, p. 19).

Before a Transformer model can process text, it must first
convert raw language into a numerical format that neural
networks can understand. Text cannot be directly processed
mathematically for training deep learning models because
it consists of categorical data. To bridge this gap, words
and symbols are represented as continuous-valued vectors
through a process known as embedding Raschka (2024,
p. 25).

Before embedding occurs, an essential preprocessing step
called tokenization is performed. Tokenization breaks the in-
put text into discrete units, known as tokens, which can be
individual words, subwords, or special characters, including
punctuation Raschka (2024, p. 27). These tokens are then
converted into numerical representations, typically integers,

which serve as a unique ID and will be the input to the em-
bedding layer Raschka (2024, p. 33).

At its core, an embedding maps discrete tokens into a con-
tinuous vector space. In the embedding layer, each token
is associated with a high-dimensional vector, drawn from a
structured matrix known as the embedding matrix Kamath et
al. (2022, p. 20). This matrix consists of a set number of vec-
tors, each corresponding to a unique token in the model’s vo-
cabulary Raschka (2024, p. 34). The dimensionality of these
vectors is predefined and chosen based on the model’s de-
sign requirements. OpenAl’'s GPT-3, for example, uses em-
beddings with 12,288 dimensions Raschka (2024, p. 28).
Higher-dimensional embeddings allow for more nuanced dis-
tinctions between words, capturing deeper semantic relation-
ships Courant et al. (2023, p. 199). When a set of tokens en-
ters the embedding layer, the model uses their unique IDs to
locate their corresponding vectors within the embedding ma-
trix, returning the appropriate embeddings Raschka (2024,
p.- 56). Initially, the values in this matrix, known as weights,
are assigned randomly. As training progresses, these values
are iteratively refined through backpropagation, allowing the
model to adjust embeddings based on conceptual relation-
ships found in the data Raschka (2024, p. 54). This opti-
mization process ensures that words frequently appearing in
similar conceptual categories develop embeddings that move
closer together in the vector space. For example, as training
continues, vectors for “king” and “queen” become more sim-
ilar, as do those for “dog” and “cat,” reflecting their semantic
connections Raschka (2024, p. 28).

One important characteristic of Transformers is that they
are permutation invariant, meaning they do not inherently
recognize word order Lin et al. (2022, p. 122). For exam-
ple, the phrases “Fox jumps over dog” and “Dog jumps over
fox” would appear identical to a Transformer Raschka (2024,
p- 57). To address this, positional embeddings are added to
token embeddings, encoding the position of each token in a
sequence, such as a sentence, to provide a sense of order Lin
et al. (2022, p. 122).

By converting discrete tokens into embedding vectors,
Transformers can process text in a mathematically meaning-
ful way, forming the foundation for all subsequent learning.
Since these embeddings are trainable, they evolve over time,
allowing the model to continuously improve its language
understanding as it learns from more data Raschka (2024,
p. 68).

The self-attention mechanism is the most important com-
ponent of a Transformer. It enables the model to focus on
long sequences of text and capture contextual relationships
between words effectively. Unlike traditional sequence-based
models, which process tokens sequentially, self-attention al-
lows each token to analyze its relationship with all other to-
kens in the sequence simultaneously Raschka (2024, p. 70).

To achieve this, the self-attention mechanism relies on
three weight matrices: query mapping, key mapping, and
value mapping. These matrices contain learnable parame-
ters that are updated during training Courant et al. (2023,
p. 195). For each token in a sequence, its embedding vector
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is multiplied by these matrices, producing the query, key, and
value representations. The query vector of a token is then
compared with the key vectors of all tokens, including itself,
to compute similarity scores using dot products Courant et al.
(2023, p. 195). A high dot product value indicates a strong
relationship, whereas a lower value suggests a weaker con-
nection Raschka (2024, p. 73).

These similarity scores, often referred to as attention
scores, determine how much focus each token should place
on others in the sequence. The attention scores are then
normalized using a softmax function, converting them into
attention weights. These weights dictate the influence each
token’s value vector has on the final representation of the
token being processed (Raschka, 2024, pp. 72-74).

To illustrate this process, consider the sentence: "Apple is
a fruit." This sentence consists of four tokens: “Apple”, “is”,
“a”, “fruit”. To calculate the final representation of “Apple”
and determine how much it is influenced by other words, we
first compute its attention scores by taking the dot product of
the query vector of “Apple” with the key vectors of all tokens
in the sequence, including itself. This results in four distinct
attention scores for “Apple”. These attention scores are then
converted into attention weights using the softmax function
Raschka (2024, p. 74).

Once the attention weights are obtained, they are used to
compute the final representation of “Apple”. Each attention
weight is multiplied by the value vector of the corresponding
token: the attention weight between “Apple” and “fruit” is
multiplied by the value vector of “fruit”, the attention weight
between “Apple” and “is” is multiplied by the value vector of
“is”, and so on. The weighted value vectors are then summed,
forming the final representation of “Apple”, also referred as
context vector, which represents how it interacts with the en-
tire sequence. This process is performed simultaneously for
every token in the sentence, allowing each word to build a
context-aware representation Raschka (2024, p. 7).

By leveraging self-attention, Transformers efficiently cap-
ture dependencies between words, regardless of their dis-
tance in the sequence. This ability to dynamically adjust at-
tention weights makes them highly effective in understand-
ing language and processing complex sequences Courant et
al. (2023, p. 195).

While self-attention allows Transformers to capture rela-
tionships between tokens, multi-head self-attention extends
this capability by enabling the model to learn multiple types
of relationships simultaneously. Instead of computing a sin-
gle self-attention, multi-head self-attention applies several
self-attention mechanisms in parallel, each with its own set
of query, key, and value matrices. These independent atten-
tion heads allow the model to focus on different aspects of
the input sequence Kamath et al. (2022, p. 24). After pro-
cessing, the outputs of all attention heads are concatenated,
ensuring that the model retains diverse contextual informa-
tion. This mechanism enhances the Transformer’s ability to

2 taken from Dosovitskiy et al. (2020, p. 3)

understand complex language structures, improving its per-
formance across various natural language processing tasks
Raschka (2024, p. 101).

Multi-head self-attention is a crucial concept in the Trans-
former architecture, enabling the model to focus on different
aspects of a sequence simultaneously. After multi-head self-
attention, the output passes through layer normalization, a
technique that stabilizes training by normalizing activations
across the layer. This helps control the variance of inputs,
ensuring that the network learns more efficiently and avoids
issues like exploding or vanishing gradients Raschka (2024,
p. 120).

Following layer normalization, the transformed embed-
dings are processed by a fully connected feedforward neural
network (FNN). Unlike self-attention, which focuses on inter-
actions between tokens, the FNN refines each token’s repre-
sentation independently Lin et al. (2022, p. 113). It consists
of two linear layers with a non-linear activation function, al-
lowing the model to capture complex features and improve
its expressiveness. The FNN ensures that the token represen-
tations remain useful for deeper layers while maintaining the
same input and output dimensions for seamless stacking of
other layers Raschka (2024, p. 130).

Finally, residual connections are applied to both the self-
attention and FNN outputs. These connections help prevent
information loss and enable better gradient flow, making it
easier to train deep architectures. By adding the original
input back to the transformed output, residual connections
ensure that important features are preserved while still ben-
efiting from the transformations introduced by self-attention
and the FNN (Raschka, 2024, pp. 132-133).

Together, these components—multi-head self-attention,
layer normalization, the feedforward network, and residual
connections—work together to form a Transformer block.
Multiple Transformer blocks can be stacked on top of each
other Raschka (2024, p. 140).

3.3 Vision Transformer Background

Now that I have explained the key mechanisms behind
Transformers, I will introduce the fundamental aspects of Vi-
sion Transformers. Vision Transformers share a similar archi-
tecture to standard Transformers but include modifications
tailored for image processing. ViTs were first proposed by
(Dosovitskiy et al., 2020) that introduced adaptations neces-
sary for handling visual data. In this section, I will outline the
key improvements made for processing images by explaining
the basic structure of ViT as proposed in (Dosovitskiy et al.,
2020). While the architecture I implemented differs slightly
from the original design, I will discuss my modifications and
design choices in the next chapter.

In the previous chapter, I explained how Transformers for
NLP process words by converting them into tokens, where
each token is assigned a unique ID. The model then uses these
IDs to retrieve corresponding embedding vectors from an em-
bedding matrix, which consists of a fixed number of vectors,
each representing a word in the training data. Since words
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Figure 2: Vision Transformer Architecture?

Description. The figure illustrates the ViT pipeline on the left and the Transformer Encoder on the right. In the left part, an input image is divided into
non-overlapping patches, flattened, and linearly projected into embeddings with positional encodings and a learnable class token. These embeddings are
processed by the Transformer Encoder, and the class token output is passed to an Multi-Layer Perceptron (MLP) Head for classification. The right part shows
the Transformer Encoder, where each layer follows a structured sequence: Layer Normalization (Norm) is applied first, followed by Multi-Head
Self-Attention and a residual connection. Another Layer Normalization is then applied before passing through a MLP block, which is followed by a second
residual connection.

are categorical, they always map to the same column in the
embedding matrix, ensuring that a word like "eye" receives
the same embedding regardless of the sentence it appears in.
However, this approach does not directly apply to images, as
there are countless pixel combinations that could resemble
an eye. Unlike words, which have a predefined vocabulary,
images do not have a fixed set of possible representations that
can be directly mapped to an embedding matrix. Instead,
Vision Transformers introduce patch embedding, where an
image is divided into smaller patches rather than being pro-
cessed as a whole Courant et al. (2023, p. 203). Figure 2
shows the basic ViT architecture that was proposed by (Doso-
vitskiy et al., 2020) and how the images are divided into
patches. First the image is divided into nine patches. Each
patch consists of raw pixel values that are first flattened into
a one-dimensional vector. Instead of using an ID to retrieve
an embedding, these flattened pixel vectors are mapped to
a fixed-dimensional space through a trainable linear projec-
tion Dosovitskiy et al. (2020, p. 3). This projection functions
similarly to an embedding matrix, ensuring that the trans-
formed pixel values are in the appropriate format for the self-
attention mechanism. During training, the model optimizes
this projection, learning how to represent pixel information
in a way that enhances its ability to process relationships be-
tween patches effectively Dosovitskiy et al. (2020, p. 4).
After generating patch embeddings, positional embed-
dings are added to retain spatial information, similar to how
word positions are incorporated in traditional Transformers
Dosovitskiy et al. (2020, p. 3). Just as positional embed-

dings help indicate word order in a sentence, they ensure that
the model understands the relative arrangement of patches
within the image. Additionally, a learnable class embedding,
known as class token, is prepended to the sequence of patch
embeddings Dosovitskiy et al. (2020, p. 3). Since this class
token will also participate in the self-attention mechanism
later, it will learn relationships between different patches,
gradually aggregating information from the entire image.
This token is designed to serve as a comprehensive repre-
sentation of the entire image, making it particularly useful
for classification tasks Courant et al. (2023, p. 203).

The prepared embeddings, consisting of the class token,
patch embeddings, and positional embeddings, are then
passed into a Transformer encoder Dosovitskiy et al. (2020,
p- 3). The term "encoder" originates from the original
Transformer architecture, which was designed for sequence-
to-sequence tasks, such as language translation Vaswani
et al. (2017, p. 3). Within the encoder, self-attention,
specifically multi-head self-attention, plays a crucial role in
capturing dependencies between different patches. Instead
of treating patches independently, self-attention enables the
model to analyze how different regions relate to one another
along with the class token, effectively learning a global
understanding of the image Touvron et al. (2020, p. 3).
Just as self-attention helps capture context in sentences or
paragraphs, it enables ViTs to extract meaningful relation-
ships between distant patches in an image (Li et al. 2023,
p- 1; Touvron et al. 2020, p. 3). This could be particularly
beneficial for stock chart analysis, where the relationships



10 E. Ozkul / Junior Management Science 11(1) (2026) 195-226

between different parts of the chart may contribute to
accurate classification.

As seen in Figure 2, after self-attention learns rela-
tionships between patches, a Multilayer Perceptron refines
the extracted information. Unlike traditional Transformer
blocks, where layer normalization is applied after attention
and feedforward layers, ViTs apply layer normalization
before both multi-head self-attention and MLP layers. Addi-
tionally, residual connections are included to ensure stable
gradient flow and efficient training Dosovitskiy et al. (2020,
p. 3). Layer normalization, multi-head self-attention, MLB
and residual connections form the Transformer encoder in
ViT. Dosovitskiy et al. proposed stacking 12 Transformer
encoder layers as a baseline. Throughout these layers, the
class token continuously updates by integrating information
from important patches, ultimately forming a global rep-
resentation of the entire image. After passing through all
Transformer encoder layers, the final class token is sent to
the MLP head, which generates the classification prediction
Courant et al. (2023, p. 203).

To conclude, in ViTs, an image is divided into patches,
and the pixel values of each patch are flattened. Through a
trainable linear projection, the model learns how to repre-
sent these pixels as patch embeddings. The positions of the
patches are also encoded and, along with their embeddings,
are fed into the multi-head self-attention mechanism. Each
self-attention head captures different relationships between
the patches. For example, in the sentence T ate pizza, and
I like it,” the self-attention mechanism learns that the word
it’ refers to ’pizza.” Similarly, in a stock chart image, differ-
ent parts of the image learn how they relate to one another
and whether those relationships influence stock returns. This
ability to model dependencies across different regions of the
image allows ViTs to potentially uncover patterns that CNNs
might overlook.

3.4 C(Class-Attention in Image Transformer

In the previous chapter, I introduced the standard Vision
Transformer architecture, which I will refer to as the base ViT.
However, the architecture I implemented is Class-Attention
in Image Transformers (CaiT), proposed by (Touvron et al.,
2021). CaiT builds upon the base ViT with two key improve-
ments: LayerScale and Class-Attention. These modifications
address the limitations of base ViT, enabling deeper network
training and improving classification efficiency.

Dosovitskiy et al. (2020) and (Touvron et al., 2020) have
shown that increasing the number of layers does not neces-
sarily enhance performance due to optimization challenges.
CaiT overcomes this with LayerScale, a learnable diagonal
matrix applied to residual connections Touvron et al. (2021,
p. 4). By starting with small initial values and gradually
learning the appropriate scaling, LayerScale stabilizes train-
ing, making it possible to train much deeper Transformers
without convergence issues Touvron et al. (2021, p. 2).

The second improvement, Class-Attention, refines how
the class token interacts with image patches. In base ViT,
the class token attends to all patches at every layer, forcing

the model to simultaneously learn both inter-patch relation-
ships and classification features Touvron et al. (2021, p. 5).
CaiT restructures this by first allowing self-attention layers to
process only patch embeddings, learning spatial relationships
without interference. The class token is introduced later in
a dedicated class-attention stage, where it aggregates infor-
mation from the learned patch representations Touvron et
al. (2021, p. 5-6). This separation improves classification
by ensuring that the class token captures global rather than
prematurely biased local information (Touvron et al., 2021,
pp. 20-21).

I chose CaiT for stock chart classification because its
architectural modifications align with my assumptions about
the nature of stock charts. Specifically, I assume that stock
charts contain abstract patterns that hold predictive power
over returns. In the base ViT, the class token is present
from the beginning, aggregating information from different
parts of the image. While this approach works well for
natural images—where distinct visual features, such as
a cat’s eyes and ears, are immediately recognizable and
crucial for classification—stock charts lack such obvious key
elements. Instead, the patterns that influence returns are
more subtle and complex. By postponing the introduction
of the class token, CaiT allows the model to first focus on
learning these abstract patterns within the image before
associating them with the final prediction. Once the model
has captured these patterns, the class-attention stage may
then predict the return direction based on the fully learned
representations. Given these assumptions, CaiT is a suitable
choice. Additionally, in the appendix, I provide results
from experiments with other architectures to compare their
effectiveness.

3.5 Lack of Inductive Bias in ViT

Inductive bias refers to the set of assumptions a learning
algorithm makes to generalize from training data to unseen
data. Since a model cannot encounter all possible examples
during training, it relies on educated guesses to make pre-
dictions. Inductive bias helps guide the model toward pat-
terns or rules that are likely to work well, rather than treat-
ing all possible explanations equally. Without inductive bias,
a model would be no better than random guessing when en-
countering new data Haussler (1988, p. 178).

CNNs have strong inductive biases, such as locality, where
small filters focus on capturing local patterns, and transla-
tion equivariance, ensuring features are recognized regard-
less of their position in the image Battaglia et al. (2018, p. 6).
However, these inductive biases are weaker in Vision Trans-
formers compared to CNNs. In ViTs, self-attention layers
are global, meaning spatially close patches do not inherently
have stronger relationships—any two patches can be related,
regardless of their position (Dosovitskiy et al., 2020, p. 4).
Only MLP layers provide some degree of locality since they
process each token independently. Additionally, MLP layers

3 Modified, taken from S. H. Lee et al. (2021, p. 3).
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Figure 3: Shifted Patch Tokenization®

Description. The figure illustrates the Shifted Patch Tokenization (SPT) process. The input image is first shifted in four directions—Left-Up, Right-Up,
Left-Down, and Right-Down—creating multiple spatially transformed versions. These shifted images are then concatenated with the original image before
being divided into patches. Each patch is flattened, normalized, and passed through a linear projection layer, converting it into visual tokens for the Vision

Transformer model.

are the only components that are translationally equivariant,
as the same transformation is applied to all patches, regard-
less of their location (Dosovitskiy et al., 2020, p. 4). Due
to this lack of inductive bias, training ViTs from scratch re-
quires large datasets, or alternatively, pretrained models are
needed to ensure effective learning (S. H. Lee et al., 2021,
p. 1). Training the model from scratch with stock chart data
is challenging in this case.

S. H. Lee et al. (2021) identify two key factors in Vi-
sion Transformers that contribute to their lack of locality in-
ductive bias: poor tokenization and a weak attention mech-
anism for locality. In ViTs, images are divided into non-
overlapping patches, meaning each patch is processed inde-
pendently without considering neighboring pixels. In con-
trast, CNNs use sliding filters that capture not only the pixels
in a specific region but also how surrounding pixels inter-
act, increasing the receptive field and enhancing local fea-
ture extraction. Since ViTs treat each patch separately, they
lack this spatial continuity, resulting in a weaker ability to en-
code fine-grained spatial relationships (S. H. Lee et al., 2021,
p.- 2). The second issue is the inefficiency of the attention
mechanism when applied to image data. Unlike text-based
Transformers, where the number of tokens is relatively small,
ViTs must process hundreds of patches, significantly increas-
ing the feature dimension and making self-attention compu-
tationally expensive. This leads to smooth attention scores,
where attention is distributed too evenly across all patches
instead of focusing on important regions. As a result, ViTs
struggle to concentrate on critical parts of an image, often
placing unnecessary attention on background details rather
than the target object (S. H. Lee et al., 2021, p. 2).

To address these issues, (S. H. Lee et al., 2021) propose

two solutions: Shifted Patch Tokenization (SPT) and Locality
Self-Attention (LSA). SPT improves the locality of tokeniza-
tion by shifting the input image in multiple directions be-
fore dividing it into patches. Figure 3 represents the shifting
process of images and how they are transformed into visual
tokens. This process embeds spatial relationships between
neighboring pixels into the patch tokens, increasing local fea-
ture extraction. The shifted images are then concatenated
with the original image, and standard patch partitioning is
applied. By incorporating additional spatial information into
the patch embeddings, SPT effectively expands the receptive
field of ViTs, making them better at capturing local structures
S. H. Lee et al. (2021, p. 3). Meanwhile, LSA enhances the
attention mechanism by sharpening the attention score distri-
bution. Instead of attention spreading too evenly across all
patches, LSA learns a temperature parameter that controls
the sharpness of the softmax function, allowing ViT to focus
more on relevant regions. Additionally, diagonal masking is
applied to remove self-token relations, ensuring that atten-
tion is directed towards meaningful patch interactions rather
than being distributed uniformly S. H. Lee et al. (2021, p. 3).
Together, SPT and LSA enhance the locality inductive bias of
ViTs, improving their ability to recognize fine-g rained spatial
details and focus on important image regions S. H. Lee et al.
(2021, p. 1). Iincorporated these two methods into the CaiT
architecture, following (S. H. Lee et al., 2021), to enable CaiT
to learn the stock image relationships from scratch.

4 Data and Methodology

In this paper, I replicate the study conducted by (Jiang
et al., 2023) in their work “(Re-)Imag(in)ing Price Trends”
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and extend it by replacing the Convolutional Neural Net-
work with a Vision Transformer architecture, CaiT. Jiang et al.
(2023) construct stock chart images from 5-day, 20-day, and
60-day periods to predict the subsequent 5-day, 20-day, and
60-day returns using CNN, resulting in a total of nine CNN
models trained for different time horizons. Following their
approach, this section describes the data used, the transfor-
mation process for generating stock chart images, and the
modifications made to adapt these images for CaiT. I then
provide an overview of the CNN and CaiT architectures, de-
tailing their specifications and structures. Finally, I outline
the training process, including optimization methods, loss
functions, and techniques used to enhance model perfor-
mance and generalization.

4.1 Data

Following (Jiang et al., 2023), the daily stock data is
sourced from the Center for Research in Security Prices
(CRSP) database and includes opening, high, low, and
closing prices for stocks listed on the NYSE, AMEX, and
NASDAQ exchanges along with volume and CRSP adjusted
returns Jiang et al. (2023, p. 3205).

I adjusted the prices using the methodology of (Jiang et
al., 2023) to represent price movements in a standardized
format. First, data is structured into 5-day, 20-day, and 60-
day periods, with each period consisting of consecutive trad-
ing days. The first closing price in each period is normal-
ized to 1, and subsequent closing prices are iteratively calcu-
lated using CRSP-adjusted returns. Once the adjusted closing
prices are determined, the opening, high, and low prices for
each day are scaled proportionally based on their original re-
lationship to that day’s actual closing price Jiang et al. (2023,
p- 3206). This step ensures price consistency across different
stocks while also accounting for stock splits and dividends
Jiang et al. (2023, p. 3199). Following (Jiang et al., 2023),
moving average prices are calculated for each day in the pe-
riod based on its length. For example, if 5-day images are
created, moving average prices for the past 5 days are calcu-
lated Jiang et al. (2023, p. 3200).

Additionally, as described by (Jiang et al., 2023), if the
return of any stock on the first day of a constructed 5-, 20-,
or 60-day period is missing, it is excluded. Moreover, if the
IPO or delisting of a stock occurs within a period, it is also
excluded. However, if any other price or volume information
is missing within those periods, the stock and period are in-
cluded, but the missing values are left blank in the images
Jiang et al. (2023, p. 3199).

4.2 Creating images of the stock charts

After processing the raw price data, I used the trans-
formed data to generate the images following the methodol-
ogy of (Jiang et al., 2023). The final image dataset consists
of three different image sizes: 32x15, 64x60, and 96x180,
corresponding to the 5-day, 20-day, and 60-day periods, re-
spectively Jiang et al. (2023, p. 3202). The width of each
image is always three times the period length, as each trad-
ing day spans three pixels. Within this structure, the first

pixel column of each day represents the opening price, the
second column represents the high and low prices, and the
last column represents the closing price Jiang et al. (2023,
p- 3199).

For the height of the price information, both the open-
ing and closing prices are represented as single-pixel heights,
while the high and low prices are marked with a single pixel
at their respective levels, with the pixels in between filled
to form a vertical bar Jiang et al. (2023, p. 3198). In addi-
tion to price data, the moving average line, derived from the
calculated moving averages, is also included in the image.
The price data and moving average line occupy the upper
four-fifths of the image, while the lower part is reserved for
volume bars, visually separating price trends from trading
activity Jiang et al. (2023, p. 3198). The entire image is con-
structed on a black background, with all information—prices,
moving averages, and volume bars—displayed in white Jiang
et al. (2023, p. 3193). Figure 4 presents an example of the
resulting 60-day images.
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Figure 4: Example of 60-day Image for CNN

Description. This figure shows a 60-day stock chart image for CNN
analysis. The lower part represents trading volume, while the upper part
displays opening, high, low, and closing prices. The moving average line

runs through the price section.

As described by (Jiang et al., 2023), in each stock chart, a
consistent image height is ensured by scaling prices and vol-
umes relative to their maximum and minimum values. For
price and moving average lines, the values are rescaled so
that their heights within the price section of the image fall
between the maximum and minimum of either the opening,
high, low, or close prices. Each price or moving average value
is then adjusted according to this new height Jiang et al.
(2023, p. 3198). Similarly, the volume bars are scaled within
their designated area based on the maximum and minimum
volume values Jiang et al. (2023, p. 3200). This scaling pro-
cess standardizes stock price representations, making them
comparable across different stocks and ensuring that they can
be effectively processed by a Convolutional Neural Network
Jiang et al. (2023, p. 3194).

I generated the images for CNN following the methodol-
ogy of (Jiang et al., 2023); however, these images differ from
those commonly used in Vision Transformer models, such as
those in (Dosovitskiy et al., 2020; Touvron et al., 2021), and
(S. H. Lee et al., 2021). The first key difference is that these
Vision Transformer models use RGB images, meaning they
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have three channels, whereas the images I created were origi-
nally grayscale, represented by a single channel. The second
difference is in the image shape—standard ViT implemen-
tations use square patches, meaning each patch has equal
width and height, while the images I created have rectan-
gular shapes, which cannot be divided into square patches
without distortion.

Figure 5: Grayscale and RGB Images of Stock Data

Description. The figure compares grayscale and RGB images of 20-day
stock data. The left image (64x60) is a grayscale version used for CNN
models, where stock prices, moving averages, and volume are represented
in white on a black background. The right image (64x64) is the
RGB-transformed and resized version for CaiT, with price data in green, the
moving average line in blue, and volume bars in red, encoding different
financial components into separate color channels.

To adapt the images for CaiT, I first converted them into
RGB format, where each channel represents a specific type
of information from the grayscale images. In this transfor-
mation, price data is represented in green, the moving aver-
age line in blue, and volume bars in red. Figure 5 shows an
example of a 20-day stock image used for CNN (left) along
with the RGB image (right) of the same stock. The original
grayscale images I generated for CNNs are essentially ma-
trices of the same shape as the image, where black pixels
correspond to 0 and white pixels correspond to 255 Jiang et
al. (2023, p. 8). In contrast, the RGB images used for CaiT
consist of three separate matrices, each corresponding to a
different color channel. These matrices are layered on top of
each other, with red at the front, green in the middle, and
blue at the back. In each channel matrix, the black areas
are encoded as 0, while the colored regions are set to 255,
effectively encoding different financial data components into
separate channels for use in CaiT models.* Subsequently, fol-
lowing (Jiang et al., 2023), the pixel values of both grayscale
and RGB images are normalized.

Secondly, to ensure compatibility with square patch parti-
tioning in Vision Transformers, I transformed the images into
a square format. Specifically, 32x15 images were resized to
32x32, and 64x60 images were adjusted to 64x64. This re-
sizing was performed using bilinear interpolation, a method
that smooths pixel values by averaging nearby pixels (Darji,
2021). The color variation in the right image of Figure 5 is a

4 In Figure 5, the price bars appear to intersect with and obscure parts of
the moving average line. However, the moving average information is
still encoded within its respective channel matrix; it is simply not visible
in this representation.

result of the resizing process. The transformation slightly al-
ters pixel intensities, causing minor shifts in color representa-
tion. Although the original images maintained a fixed three-
pixel width per trading day structure, this arrangement no
longer applies explicitly after resizing. However, this infor-
mation is still indirectly preserved, as bilinear interpolation
was applied consistently across all images. Since every image
in a given period was resized the same way, the resulting rep-
resentations retain the encoded structure of the original for-
mat, ensuring that the attention mechanism in Vision Trans-
formers can still capture meaningful relationships between
patches. I opted for resizing instead of incorporating images
with different time horizons into a single model to ensure a
direct comparison between CNN and CaiT predictions. By
applying the same preprocessing steps to both models, they
learn from identical input data, ensuring that any observed
performance differences arise from architectural distinctions
rather than disparities in data structure.

4.3 CNN Architecture Specifications

The CNN architecture used in this paper is proposed
by (Jiang et al., 2023) and designed to process stock price
charts of different time horizons—5-day, 20-day, and 60-
day—Dby progressively increasing network depth as the input
size grows. For the 5-day input image with a resolution of
32x15, the network consists of two convolutional layers
with 5x3 filters, where the first layer has 64 channels and
the second has 128 channels. Each convolutional layer is
followed by a 2x1 max-pooling layer, and the extracted
features are passed through a fully connected layer of size
15,360 before classification via a softmax layer Jiang et al.
(2023, p. 3202).

For the 20-day input image with a resolution of 64x60,
the model becomes deeper with three convolutional layers,
all using 5x3 filters, with the number of channels increasing
from 64 to 128 to 256. Each convolutional layer is followed
by a 2x1 max-pooling layer, reducing the spatial dimensions
while preserving key features. The flattened feature repre-
sentation is then passed through a fully connected layer of
size 46,080, and classification is performed using a softmax
function Jiang et al. (2023, p. 3202).

The 60-day input image, with a resolution of 96x180, is
processed by an even deeper CNN. This version of the model
consists of four convolutional layers with 5x3 filters, where
the number of channels increases from 64 to 128, then to
256, and finally to 512. As in the previous models, each
convolutional layer is followed by a 2x1 max-pooling layer,
which progressively reduces dimensionality while preserving
essential trend-related features. The extracted features are
then passed through a fully connected layer of size 184,320,
before classification with a softmax layer Jiang et al. (2023,
p- 3202).

Following (Jiang et al., 2023), all versions of the CNN
employ leaky ReLU, a variant of ReLU proposed by (Maas
et al., 2013), as the activation function after each convolu-
tional layer. This choice introduces non-linearity while miti-
gating the issue of dead neurons Jiang et al. (2023, p. 3239).
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The deeper architectures used for longer time horizons al-
low the model to capture increasingly complex patterns in
stock price movements, with the max-pooling layers ensuring
that important spatial relationships in the input images are
preserved while reducing computational complexity (Jiang et
al., 2023, pp. 3240-3242). The fully connected layers aggre-
gate extracted features before the final classification stage,
enabling the model to make predictions about future price
movements based on historical chart patterns Jiang et al.
(2023, p. 3241).

4.4 CaiT Architecture Specifications

Following (S. H. Lee et al., 2021), I used the CaiT archi-
tecture as proposed by (Touvron et al., 2021). The structure
of CaiT is implemented as outlined by (Touvron et al., 2021)
with two modifications: Locality Self-Attention and Shifted
Patch Tokenization, as suggested by (S. H. Lee et al., 2021).

Following (Touvron et al., 2021), my CaiT model consists
of 24 Transformer layers for processing patch embeddings,
followed by 2 layers dedicated to class attention. Each multi-
head self-attention layer has 4 attention heads, with each
head having a dimension of 64, resulting in a total attention
dimension of 256 per layer. The model uses a patch size of
4x4, ensuring fine-grained tokenization of the image. Each
patch is projected into an embedding dimension of 192, serv-
ing as the feature representation for further processing. The
MLP expansion ratio is set to 2, meaning the hidden dimen-
sion of the feedforward layers is 384. Similar to the CNN
model, the CaiT model is designed for a binary classifica-
tion task with two output classes, corresponding to predicting
whether stock returns will go rise or fall.

Following (Touvron et al., 2021), within each Trans-
former layer, Layer Normalization (Ba et al., 2016) is
applied before both the self-attention and MLP layers to
maintain stable activations and ensure efficient learning.
Residual connections (He et al., 2016b) are included in each
Transformer layer, facilitating for better gradient flow and
preventing vanishing gradients. To further enhance training
stability in this deep architecture, LayerScale as proposed by
(Touvron et al., 2021) is applied to residual connections. In
MLP layers, GeLU (Hendrycks & Gimpel, 2016) activation
function is used.

Following (S. H. Lee et al., 2021), Locality Self-Attention
is applied to each self-attention mechanism in both Patch and
Class Transformer layers, sharpening attention score distri-
butions through a learnable temperature parameter. In the
tokenization step, Shifted Patch Tokenization is used, where
the input image is shifted in multiple directions before being
divided into patches, ensuring that more spatial relationships
are embedded into each visual token.

With these design choices, the model is optimized for
learning complex spatial relationships within stock charts,
allowing it to capture subtle patterns and improve classifi-
cation performance. The model specifications or structure
don’t change with respect to the image size, as in CNN mod-
els.

4.5 Training

Now, I will describe the training process for both CNN and
CaiT. For the CNN models, I follow the methodology outlined
by (Jiang et al., 2023), which is itself based on the training
procedure introduced by (Gu et al., 2020). The dataset spans
from 1993 to 2000 for training, while the period from 2001
to 2019 is designated as the out-of-sample dataset for evalu-
ation. Within the training dataset (1993-2000), the data is
further split into 70% training and 30% validation sets, en-
suring proper model tuning and preventing overfitting Jiang
etal. (2023, p. 3204). These training and validation samples
are selected randomly while maintaining a balanced classi-
fication task, accounting for both bullish and bearish mar-
ket trends to avoid bias in model learning Jiang et al. (2023,
p.- 3204). I applied this same structured workflow to the CaiT
models, allowing for a direct comparison between the CNN
and Vision Transformer architectures in predicting stock price
movements.

The training process begins by feeding the training
dataset into the neural network, where the model makes
predictions based on the input images. Once the model
has been trained on this data, the validation set is passed
through the network to evaluate its performance on unseen
data Goodfellow et al. (2016, p. 204). Following (Jiang
et al., 2023), the prediction task is formulated as a binary
classification problem, where stock returns are categorized
into two classes: up or down. Labels are assigned based
on the actual return values, with positive returns labeled
as 1 and negative returns labeled as 0 Jiang et al. (2023,
p- 3204). The loss function, which the model attempts to
minimize, is set to cross-entropy loss Jiang et al. (2023,
p- 3205) in both CNN and CaiT.

Again, I followed the regularization techniques outlined
by (Jiang et al., 2023), which are based on (Gu et al.,
2020). To train the model, the Adam optimization algorithm
(Kingma & Ba, 2017) is used, dynamically adjusting learning
rates for efficient weight updates. The training begins with
an initial learning rate of 1 x 10> and the batch size is 128
Jiang et al. (2023, p. 3205). To stabilize learning, batch
normalization (Ioffe & Szegedy, 2015) is applied between
convolutional layers and activation functions, ensuring a
consistent distribution of activations and reducing internal
covariate shift Jiang et al. (2023, p. 3205). In addition,
dropout regularization (Srivastava et al., 2014) is used to
further prevent overfitting, with 50% of neurons in the
fully connected layer randomly deactivated during training.
However, dropout is not applied to convolutional layers,
as their lower parameter count naturally limits overfitting
Jiang et al. (2023, p. 3205). For weight initialization, I
use the Xavier initializer (Glorot & Bengio, 2010), which
assigns initial weight values to facilitate faster convergence
by maintaining balanced variance across layers. Further-
more, early stopping is implemented with a patience of two
epochs, meaning training stops if the validation loss does not
improve for two consecutive epochs, preventing excessive
training and reducing the risk of overfitting Jiang et al.
(2023, p. 3205). Finally, following (Gu et al., 2020) and
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(Jiang et al., 2023), five independent models are trained,
and their predictions are averaged to form the final output,
ensuring a more stable and reliable classification result.

For the CaiT models, following Lee et al. (2022), I applied
label smoothing (Szegedy et al., 2016) to the cross-entropy
loss function. Label smoothing is a regularization technique
that prevents the model from becoming overconfident in its
predictions by slightly adjusting the true class probabilities.
Instead of assigning a hard label of 0 or 1, it redistributes a
small portion of the probability mass to all classes Goodfellow
et al. (2016, p. 243). This technique helps reduce overfitting
and improves generalization, particularly in deep networks
where extreme confidence in predictions can lead to poor ro-
bustness Szegedy et al. (2016, p. 2823). Following (S. H.
Lee et al., 2021), AdamW (Loshchilov & Hutter, 2019) opti-
mizer is chosen with a weight decay of 0.05 and a warm-up
period is set to 5. Stochastic depth (Huang et al., 2016) is
also applied. For learning rate settings, I set the initial learn-
ing rate to 1 x 10~ for 20-day images and to 1 x 10 for
5-day images, following a structured adjustment for differ-
ent time horizons. Batch size is set to 128, similar to CNN.
Although (S. H. Lee et al., 2021) propose several data aug-
mentation techniques, I did not incorporate these methods
in my study. Since my task involves stock charts rather than
natural images, I was uncertain about their effectiveness for
time-series-based graphs. Unlike object classification tasks
where mixing pixels or cutting portions of an image may still
preserve semantic meaning, altering stock chart images in
such a manner could disrupt the underlying financial patterns
crucial for prediction.

5 Results

In this section, I present the performance results of the
models over the 19-year out-of-sample period. Following
(Jiang et al., 2023), stocks are first sorted into deciles
based on the probability outputs of their respective models.
Then, the annualized average returns for each holding
period, along with their annualized Sharpe ratios to assess
risk-adjusted performance, are calculated. Additionally,
long-short portfolios (H-L) are constructed by longing the
highest decile (Decile 10 or High) and shorting the lowest
decile (Decile 1 or Low) to examine the return spread
between extreme predictions.

For each model name, I use a notation format where the
number of days the images cover is followed by “D”, and
the prediction horizon for returns is followed by “R”. For
example, “20D/5R” indicates that 20-day images are used
to predict the next 5-day returns. Following (Jiang et al.,
2023), portfolios are rebalanced based on the prediction pe-
riod, meaning models that predict 5-day, 20-day, and 60-day
returns result in weekly, monthly, and quarterly rebalanc-
ing, respectively. Following (Jiang et al., 2023), I compute
the monthly turnover for each model, as described by (Gu
et al., 2020). For strategies rebalanced weekly or quarterly,
turnover is appropriately scaled to a monthly basis. A 200%
turnover indicates a complete replacement of stocks within

one period, while 0% turnover means no changes were made
Jiang et al. (2023, p. 17).

I begin by presenting the results for the CNN models,
alongside comparisons with Momentum, Short-Term Rever-
sal, and Weekly Short-Term Reversal strategies to provide ad-
ditional benchmarks following (Jiang et al., 2023). Next, I
report the results for the CaiT models, evaluating their pre-
dictive effectiveness in the same framework. Finally, I take
the simple average of the probability outputs from both CNN
and CaiT models, sort stocks based on these average proba-
bilities and analyze the results. This combined approach, re-
ferred to as the “Average” model, offers insight into whether
the integration of both architectures improves predictive ac-
curacy and portfolio performance.

5.1 CNN Results

In this section, I discuss the results of CNN models that
predict returns over 5-, 20-, and 60-day horizons, starting
with the weekly rebalanced strategies. Following (Jiang
et al.,, 2023), Table 1 focuses on short-horizon strategies
5D/5R and 20D/5R compared to traditional momentum
MOM, monthly short-term reversal STR, and weekly short-
term reversal WSTR. In the equal-weighted panel (top), the
image-based models begin with negative Sharpe ratios in
the lowest decile -1.91 for 5D/5R and -2.06 for 20D/5R but
rise monotonically to 2.91 and 2.70 in the highest decile,
underscoring a robust positive relationship between the
CNN up probabilities and subsequent returns. Moreover, the
long—short H-L portfolios deliver exceptionally high annual-
ized Sharpe ratios of 7.20 for 5D/5R and 6.96 for 20D/5R,
far exceeding the Sharpe ratios of 0.12, 1.75 and 2.91
for MOM, STR and WSTR, respectively. A similar pattern
appears in the value-weighted panel (below), though at a
lower level, where the H-L Sharpe ratios are 1.54 for 5D/5R
and 1.64 for 20D/5R, again outperforming the benchmark
signals by a wide margin. Finally, Table 1 indicates that
these short-horizon image-based strategies involve relatively
high monthly turnover. In the equal-weight panel, 5D/5R
and 20D/5R each exceed 660% turnover, matching WSTR
at 660% and contrasting with STR at 341% and MOM at
124%. The value-weighted panel follows a similar pattern,
with the image-based strategies exceeding 700%, short-term
reversal near 433%, and momentum at 164%.

At a monthly rebalancing frequency, image-based predic-
tions continue to demonstrate their superiority over tradi-
tional signals. Following (Jiang et al., 2023), Table 2 depicts
the monthly rebalanced portfolios using 5D/20R, 20D/20R
and 60D/20R, again benchmarked against MOM, STR and
WSTR. For equal-weighted portfolios, 5D/20R and 20D/20R
yield H-L Sharpe ratios of 2.44 and 2.19, respectively, which
is significantly higher than the highest traditional trend sig-
nal, WSTR, with the H-L Sharpe ratio of 1.29. The 60D/20R
model, which relies on 60-day images, achieves a Sharpe ra-
tio of 1.04. Traditional short-term reversal (STR) lags signif-
icantly with a Sharpe ratio of 0.54, and the momentum strat-
egy performs the weakest at 0.32. Furthermore, the image-
based strategies trade at relatively high turnover, roughly
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Table 1: One Week Portfolio Performance

Equal Weight
| 5D/S5R | 20D/SR | MOM/5R | STR/5R | WSTR/SR
________I__r:ef_i__gf_{__:__rét__: SR | ret | SR | ret | SR | ret | SR |
_Low_ 1027/ 1911-033 20610131040 00110051-009 041
2 170051027,-0.04:020} 0101043 0.06 | 0.37 004022 |
317002 0.1070040200.11105310.09 10.58 1 008 049 |
4100710381009 04510.11}059]0.10 | 067 | 0.0910.59 |
510101049 101471071 10.1210711 0.11 1 0.7270.09} 060 |
6101310671016 08310121079 0.11 } 071 | 0.1110.68
7101710851019 11.000.13108710.12 | 0.68 | 0131076 |
8 1 02211.09102211610.15}095]0.12 062 | 0.15 0.78 |
9 03011481027 11421015090} 0.16 | 0.68 | 019 083
| High | 0541291050 270 10161077} 037 | 117 | 0.45 | 155 |
H-L 1082720 0.83]6.96!003]0.12!0.38 | 1.75 ! 0.54; 2.91
Turnover |  681% | 663% ; 124% ; 341% | 660%
Value Weight
| 5D/5R | 20D/5R | MOM/5R | STR/5R | WSTR/5R
o G ret | SR | ret | SR |ret | SR| ret | SR | ret | SR |
___EEYL_J;QJEELf%EZJ_Qfﬁi'}1291519%'ELQE1119%_L9£!1i;9£§J;£E%£_
____2___J_QEE;LEEQ%J_QE§KLEL{£'119§15111'519§_L9:¥ii1{91_L9£§l_
____§___J_QSEELEEE?J_QEELLEL£§J£19§'El%%1519§_L9£¥li}l9§_L9£%t_
|4 1007,0451007,0461007,0.38 008 } 0.53 | 007 | 048
____§___J_QEKLLEE%ZJ_QEKLLEL%§1119§'fli%1319§_L95¥1i}l9§J_9£¥1_
____EL__J_9£¥ELEL51J_9£§CL511§'119§1£l§9'119?_L95¥;ifl92J_95¥t_
____Z;__J_QEEELE&?&J_9£§LL519%1119Z'flﬁ%13111_L95¥iifZ11J_9£?1_
____§___J_9£¥2L££§1J_9£¥1LEL§{'119§1£l§§'1119_L9£¥ii}l19j_9£¥{_
____EL__J_QEELLEEQ%J_QEELLEL§11119§'Eliﬁ1319§_L9£¥{i1l19j_9£¥t_
_jﬁé_iﬂﬁliRZLLQ%iuﬁﬁtR%ERE%d!EJBEﬁiEB%LQ%i
H-L 1006047 10.02;0.16 ! 0.04,0.28! 0.02 | 0.09 | 0.07 ;| 0.36
Turnover |  188% |  182% ; 164% ; 184% |  185%

Description. The table reports annualized average weekly returns (ret), annualized Sharpe ratios (SR), and monthly turnover for Equal-Weighted (top) and
Value-Weighted (bottom) portfolios, comparing different models across deciles, with long-short (H-L) portfolios capturing return spreads. Modified, taken
from Jiang et al. (2023, p. 3207).
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ranging between 150% and 175%, close to STR turnover of
168% and WSTR turnover of 167%, while MOM trades at a
turnover of 64%. Similar to weekly strategies, as we move up
the decile rankings, the risk-adjusted returns increase consis-
tently, showcasing a strong monotonic relationship between
the CNN’s predicted probability and actual returns. In the
value-weighted context, the 5D/20R model stands out as the
strongest performer with a H-L Sharpe ratio of 0.47, followed
by MOM and WSTR with H-L Sharpe ratios of 0.36.

Following (Jiang et al., 2023), Table 3 shows the perfor-
mance of quarterly rebalancing strategies, still outperform-
ing traditional signals but only with one strategy. In the
equal-weighted portfolios, 5D/60R gives the best H-L Sharpe
ratio with 1.16, followed by WSTR with a Sharpe ratio of
0.69. 20D/60R and 60D/60R have Sharpe ratios of 0.45 and
0.40, respectively, falling behind the WSTR. MOM and STR
give the least Sharpe ratios with 0.12 and 0.32, respectively.
Monthly turnover for image-based strategies along with STR
and WSTR falls between 57% and 60%, whereas MOM has
a slightly lower turnover of 38%. 20D/60R and 60D/60R
still show a monotonic increase going from the Low decile to
High decile.

5.2 CaiT Results

In this section, the performance of CaiT predictions is an-
alyzed in detail. Due to computational cost, only three CaiT
models are trained to assess their effectiveness in stock re-
turn prediction. The first model utilizes 5-day images to pre-
dict 60-day returns. This model was selected because it has
a more limited dataset compared to models predicting 5-day
or 20-day returns, as it only considers stock data at 60-day
intervals. Additionally, it employs the shortest image length
(5-day images), encoding minimal information. This serves
as an essential benchmark to evaluate the feasibility of ap-
plying Vision Transformers to stock classification tasks. If the
performance of CaiT is comparable to that of CNN, despite
the restricted data and limited encoded knowledge, it may
suggest that CaiT could be effectively utilized for other im-
age sizes and prediction windows.

The other two models predict 5-day returns, with one us-
ing 5-day images and the other using 20-day images. Vision
Transformers employ a global attention mechanism to iden-
tify relationships between different regions of an image. In-
tuitively, using a longer image period (20 days) while ana-
lyzing the same stocks should enable the model to capture
more meaningful relationships compared to shorter-period
images (5 days). The objective of these two models is to as-
sess how performance is influenced by incorporating addi-
tional historical data into the images of the same stocks. For
comparison, CNN models with the same configurations were
chosen as benchmarks rather than traditional price signals
to highlight the differences between the two image recogni-
tion architectures. The same notation used for CNN models
is maintained, with a prefix of “CaiT-” or “CNN-” to distin-
guish between the two. For example, “CaiT-5D/5R” repre-
sents a CaiT model that uses 5-day images to predict 5-day

returns, whereas “CNN-5D/5R” denotes the corresponding
CNN model.

Table 4 presents the portfolio performance of the CaiT
models benchmarked against their corresponding CNN mod-
els. For the 5D/60R configuration, both models exhibit com-
parable performance. In equal-weighted portfolios, CaiT-
5D/60R achieves a H-L portfolio return of 0.08 with a Sharpe
ratio of 1.23, while CNN-5D/60R yields the same return with
a slightly lower Sharpe ratio of 1.16. Additionally, the per-
formance of the Low and High deciles is similar between the
two models. However, CaiT-5D/60R demonstrates a more
distinct monotonic increase from the Low to High decile, sug-
gesting a stronger ability to differentiate between stock per-
formance categories. Both models exhibit identical turnover
rates. The similar performance could be attributed to the
limited information contained in the small images and the
Shifted Patch Tokenization mechanism described in Section
3.5, which may allow CaiT patches to function similarly to
convolutional filters, resulting in the extraction of compara-
ble local features.

For the 5D/5R configuration, the performance similar-
ity between CaiT and CNN persists, with the main differ-
ence observed in the High decile. In equal-weighted port-
folios, both models yield a Sharpe ratio of -1.91 in the Low
decile with nearly identical returns. In the High decile, both
models achieve a return of 0.54; however, the Sharpe ratio
is slightly higher for CNN-5D/5R (2.91) compared to CaiT-
5D/5R (2.78). Consequently, the H-L portfolio return re-
mains consistent at 0.82, with Sharpe ratios of 7.06 for CaiT-
5D/5R and 7.20 for CNN-5D/5R. This suggests that, for the
same level of risk, CNN delivers slightly higher returns. Re-
garding turnover, CaiT-5D/5R exhibits a lower turnover rate
(677%) compared to CNN-5D/5R (681%).

For the 20D/5R configuration, the performance dynam-
ics shift. CaiT-20D/5R achieves an H-L Sharpe ratio of 7.20,
matching that of CNN-5D/5R, while CNN-20D/5R records a
slightly lower Sharpe ratio of 6.96. In the low decile, CNN-
20D/5R has a Sharpe ratio of -2.06, indicating that it cap-
tures more negative returns per unit of risk compared to CaiT.
In the high decile, both models yield a Sharpe ratio of ap-
proximately 2.7. However, this does not translate to a higher
Sharpe ratio in the H-L portfolio. Despite having a lower H-
L return of 0.75, CaiT-20D/5R is able to predict higher re-
turns for the same level of risk as CNN. The turnover for CaiT-
20D/5R remains slightly lower than that of CNN-20D/5R.

In conclusion, for equal-weighted portfolios, CaiT and
CNN 5D/60R models produce similar returns and Sharpe ra-
tios. In the 5D/5R configuration, both models exhibit com-
parable returns; however, CNN outperforms CaiT in terms of
risk-adjusted return in the High decile, leading to a superior
risk-adjusted return for the H-L portfolio. When larger im-
ages are utilized, the performance dynamic shifts in favor of
CaiT. CaiT-20D/5R does not generate negative risk-adjusted
returns to the same extent as CNN in the Low decile, and both
models achieve equivalent risk-adjusted returns in the high
decile. However, in the H-L portfolio, CaiT-20D/5R demon-
strates a higher return for the same level of risk, highlighting
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Table 2: One Month Portfolio Performance

Equal Weight

| 5D/20R | 20D/20R | 60D/20R | MOM/20R ! STR/20R ! WSTR/20R
- 1oret | SR | ret | SR | ret | | "sf{_l_'rét' T'si{ I TSR | ret | SR |
_Low | 0.0170.05/0.0210.09 10,00} 0.01 1005 0.1510.051021{-001 1002
727005 10281005 [0:37 10.0610.29 007 10.28 10.0810.46 | 0.06 | 032 |
3100770591008 1043 10,091 045 1009104510.10}0621 009 | 057 |
41008 10421701010541010] 05210091052} 0.1010.70| G.10 | 067 |
510090511010 1057 |0.111 061101010631 0.1110.761 0111075 |
60170591011 10:63 10121067 011108110.11106910.12 1077 |
7101210621013 073 10.131075101310.9310.1210.741 0111 071 |
8101370701013 1075 0.1310791 01310971 0.1110.58} 012 068 |

9 10171090 !0.150.90 ! 0.14 0.88 .014,090.009,042. 0.13 | 0.62
“THigh | 020 | 1.10 _1_6.'1'7T'1'61'_.'()'1'4 ! '1'61_._6 1410, ?é_._o'ié 10.49 _._0_ 1971 0.65 |
"THL 10212441019 | 2191014 7'1'621 0. 66_.'0' 32 I'o'ié'.'o'gi 170197 129 |

Turnover |  176% |  174% ; 152% ; 64% ; 168% ; 167%
Value Weight

| 5D/20R | 20D/20R | 60D/20R | MOM/20R! STR/20R ! WSTR/20R
- oret | SR | ret | SR |ret | SR | ret | SR | ret "éf{{'}ét"i"s'fi B
| Low 1005033007, 038006, 027]001,002}003,0.140.01 ;005 |
2100402417006 {037 10.081 043 00310121006 0.351 .03 | 018 |
3 1005103317006 035 0051028 0.051024]0.060.38 | 0.05 | 035 |
4100710451007 04610071038 007,0.3810.081053} 007 048
5 1007103617007, 039 1010} 054 0081045010063} .10 06|
610090481008 1039 10.07]039101010.64100910.53} 008049 |
7100810441007 10371006} 0331008 1057101010581 009 057 |
810107056007 | 0.43 10.07] 039 00710501 0.091 046 0.09 | 046 |
9 100810531009 1056008} 05110081051100810.35]009 043
_High 1010 [ 0581010 {064 10.09]0550101048100710.21} 006022

HL 1004 | 0.44 | 0.04 | 036 10.02] 0.14 10.03 | 0.0910.03]0.131 0.05 | 0.24

Turmover|  62% | 60% ; 59% ; 43% ; 61% ; 62%

Description. The table reports annualized average monthly returns (ret), annualized Sharpe ratios (SR), and monthly turnover for Equal-Weighted (top)
and Value-Weighted (bottom) portfolios, comparing different models across deciles, with long-short (H-L) portfolios capturing return spreads. Modified,
taken from Jiang et al. (2023, p. 3207).
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Table 3: One Quarter Portfolio Performance

Equal Weight
| 5D/60R | 20D/60R | 60D/60R ! MOM/60R | STR/60R | WSTR/60R

Iret_i SRilret_'r SR!ret'SR!ret'SR:ret'SRiret i_SR
I I I

'"'H'-i"To' E)é '1'16 l'o'(')é '0715 |'0'65 '0'46 |6_6Af .6’1’2’ |6'0'7_ . 6'3'27 6'1'0' 6'6'9"
Turnover |  60% ; 59% ; 58% ; 38% ; 57% ; 57%
Value Weight
| 5D/60R | 20D/60R ! 60D/60R | MOM/60R | STR/60R | WSTR/60R
o | ret | SR | ret | SR | ret | SR | ret | '§ﬁ'. ret | 'sTfiT'réET's'fi"
Low :005:027:005|024'007|029'007|015'004.013'002|006
ﬁZZZ?ZZZIZ@é_COZ%@?ZOI)@_'ZOZ%?T?Zéi_@i?}??Z(i’oi1@IOZT@Z@iL@ZBZ6ZF§E>ZSZ'_§ZZZSZ

H-L ;004.044'004.036'002.014'003.009l003.013l005.024
Turnover | 62% | 60% | 59% | 43% | 61% | 62%

Description. The table reports annualized average quarterly returns (ret), annualized Sharpe ratios (SR), and monthly turnover for Equal-Weighted (top)

and Value-Weighted (bottom) portfolios, comparing different models across deciles, with long-short (H-L) portfolios capturing return spreads. Modified,
taken from Jiang et al. (2023, p. 3207).
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Table 4: Comparison of CaiT and CNN-based Portfolio Performance

Equal Weight
i CaiT Only : CNN Only

1 SD/SR_| 20D/5R | 5D/60R | 5D/SR | 20D/5R | 5D/60R |
o T'rEE'I'éli"."rét"f'éﬁ".'}é{TER'*;"ré{ TSR | ret | SR | ret | SR |
| Low 1-0.28)-1911-0.29)-1.6910.051022}-027,-191}-033}-2.06 006025
____?___J:9§¥1Lf}}§ig9}ILL}19§'519§Jfl§ﬁ'_9£¥1L51%Z'_9£¥t151%9'519§1£1%€_
____§___l-QfEiLE&l%J-QEE&LE{%%J}EQ?'}l§§'}292_L9:!Zifl?f_L9£¥11£lQ?'EL%Q_
____ﬂ;__]_9£§1L£E§§j_9JE;LEL§§'fZEQJ}lﬁﬁ'fl?Z-L?f?iif%??-L-:ﬂi'51921511{_
____§___l-QJE-LE&%@J_QJEEL__QZJ}ZEE'flﬁé'}2}9_L95¥ii}%}f_L_JELLELEE'5112_
6101310641015 080 }lejflﬁ?'f2}§_L9531iJ%}§_L95¥1 0.10, 046
____Z___l-QJELLE&%ZJ_QJELL__?%J}ZEE'}159'fZEZ-L?f%iiJ%l?-L-f%llEl{Q'5112_
____§___]_QE@_L};QQJ_QE¥LLJ;Q§'}111'fl?l'f2?2_L}f¥ii}%22_L_;!i'ELE%'ELQZ_
9 102911431025 13510121055} 030148027142 }0.11}0.52
g | 054 278 | 046 | 2.6 01410631 054 | 291 | 050 270 | 0.14 066
H-L 10.82]706!0.75720!0.08123!0.82,720!0.83]6.96!0.08;1.16

Turnover | 677% | 636% ; 60% ; 681% | 663% T 60%

Value Weight
! CaiT Only ! CNN Only

| SD/SR_ | 20D/5R | 5D/60R | 5D/5R | 20D/SR | S5D/60R |
o T'r'e{';*'éf{’,"rét"f'éf{“.'}e't'”;'éf{'*;"ré{ '; SR | ret | SR | ret | SR |
Low _1-0.02-0.13}-0.021-0.12}0.05 | 0.25 | -0.03 | -0.17 | -0.05 | -0.26 | 0.05 | 0.27
57005 0d5] 004020008038 001 003|002 | 011 1006030
3100502871004 102310071036 0,03 [0.19 | 0.03 | 0.18 10.0610.34]
4100470247006 | 0.35 100610331 0.06 | 0.33 | 0.05  0.28 | 0.070.38
____§___l_QPZ_LEE%QJ-QPZ.LEE@QJfZQ?'flﬁQ'}}9§_L9:£iiJ%QZ_L9£¥%1ELQZ'EL%Q_
____EL__]_QPZ_LEEﬁ%j_QPZ_L__%Z'}192151§§'}}9§_L9£%iij%92_L9£¥i'51921511§_
____Z___l_QEELLE&ﬁ%J-QEELL--%%JllQ?'flﬁ§'J!E?-L?f%iifll?-L?S%ilElQ%'Et%i_
____§___]_QE}_LEE§§j_9J£LLEL§§'519§J}lﬁ§'J}}ﬂ_LQL?EiJ}EE_L95¥{'ELEQLELQQ_
____?___l_QthLE&Z@J_QJELL__QQ'5119'}l§§'J!E?-L?j?iil%}%_L9}¥i'ElQ%lEL%%_
___H§¥1_]_QE§_LJ:QQJ_9JELL__§Z'5119'fl??'}}2}_L9f¥ii}l}Z_L9f¥i'ELEQ'EL§§_
H-L 10231641017 148 10.050.51!0.24 | 1.54 1 0.22 | 1.64 1 0.04 | 0.44

Turnover |  760% | 712% | 61% | 758% | 731% ; 62%

Description. The table compares CaiT-based and CNN-based portfolio strategies, with the left side showing CaiT results and the right side showing CNN
results for both equal-weighted and value-weighted portfolios. It presents annualized average period returns (ret) and annualized Sharpe ratios (SR) across
decile portfolios. The High-Low (H-L) spread represents the performance difference between the highest and lowest deciles. Monthly turnover rates are
also reported at the bottom.
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its potential advantages when incorporating more extensive
historical data.

Table 5 presents the transaction cost-adjusted perfor-
mance of equal-weighted CNN-based portfolios, reporting
returns and Sharpe ratios for the Low and High deciles, as
well as the H-L portfolio, across different prediction horizons
and image sizes. The two highest Sharpe ratios, 4.28 for
5D/5R and 4.25 for 20D/5R, correspond to the strategies
that also exhibited the highest Sharpe ratios before trans-
action costs, indicating that short-term strategies remain
robust even after accounting for trading costs. Among
monthly strategies, the highest Sharpe ratio of 1.61 is
observed for 5D/20R, while for quarterly strategies, 5D/60R
achieves the best Sharpe ratio of 0.81. These results confirm
that CNN-based strategies withstand transaction costs and
continue to generate positive returns and Sharpe ratios.

5.3 Transaction Costs

In Sections 5.1 and 5.2, I demonstrated that both CNN-
and CaiT-based strategies generate high Sharpe ratios along-
side high turnovers. In this section, I present the predic-
tion results after incorporating transaction costs into portfo-
lio construction. To account for these costs, I follow the ap-
proach of (Jiang et al., 2023), which is based on the method-
ology outlined by (Ke et al., 2021). Ke et al. (2021) assume
that each asset incurs a daily transaction cost of 10 basis
points (bps) for large stocks (those exceeding the 80th per-
centile of the NYSE size distribution) and 20 bps for smaller
stocks (those below the 80th percentile; Ke et al. (2021,
p. 31). This approach is motivated by (Frazzini et al., 2018),
who analyze $1.7 trillion in live institutional trades and find
average trading costs of 9.93 bps for large stocks and 20.18
bps for small stocks Frazzini et al. (2018, p. 53). Therefore,
I adopt these transaction cost adjustments in my replication
to ensure consistency with (Jiang et al., 2023) and prior lit-
erature on empirical trading cost estimation.

Table 5 presents the transaction cost-adjusted perfor-
mance of equal-weighted CNN-based portfolios, reporting
returns and Sharpe ratios for the Low and High deciles, as
well as the H-L portfolio, across different prediction horizons
and image sizes. The two highest Sharpe ratios, 4.28 for
5D/5R and 4.25 for 20D/5R, correspond to the strategies
that also exhibited the highest Sharpe ratios before trans-
action costs, indicating that short-term strategies remain
robust even after accounting for trading costs. Among
monthly strategies, the highest Sharpe ratio of 1.61 is
observed for 5D/20R, while for quarterly strategies, 5D/60R
achieves the best Sharpe ratio of 0.81. These results confirm
that CNN-based strategies withstand transaction costs and
continue to generate positive returns and Sharpe ratios.

Table 6 presents the transaction cost-adjusted perfor-
mance of CaiT-based strategies, structured in the same
format as Table 5 for CNN. The results show that all CaiT-
based strategies survive transaction costs, continuing to

5 modified, taken from Jiang et al. (2023, p. 3207)

generate positive returns and Sharpe ratios. CaiT-5D/5R has
a Sharpe ratio of 4.18, and CaiT-20D/5R has a Sharpe ratio
of 4.05, both of which are slightly lower than their CNN
counterparts. In contrast, CaiT-5D/60R strategy achieves
a Sharpe ratio of 0.87, which is slightly higher than the
CNN-based 5D/60R.

5.4 Average model results

As previously explained, CNN models generate probabil-
ity estimates for individual stocks at each date, indicating the
likelihood of a positive return. Similarly, CaiT models com-
pute the same probability for the same stocks on the same
dates, making a direct comparison between their outputs pos-
sible. Due to this similarity, their probabilities can also be
combined. For CNN models, five separate models are trained
on the same dataset, and their resulting probabilities are av-
eraged for each stock at each date. These final averaged
probabilities are then used to construct portfolios through-
out the paper. Following the same approach, I take the simple
average of the final CNN probabilities (average of 5 models)
and the CaiT probabilities to create a new set of probabili-
ties. In this section, I present the performance of portfolios
constructed using these simple average probabilities. To en-
sure clarity, and consistency with Section 5.2, I prefix these
models with “Average-” to distinguish them from standalone
CNN and CaiT results. Additionally, I compare these ‘Aver-
age” results with CNN-based portfolios to assess the impact
of integrating CaiT probabilities with CNN outputs.

The objective of this analysis is to assess the level of agree-
ment between the CNN and CaiT models, particularly in the
extreme decile portfolios. To illustrate this concept, consider
a simple example with three stocks: A, B, and C. Suppose the
CNN model estimates the probabilities of a positive return as
0.5 for A, 0.6 for B, and 0.9 for C, while the CaiT model as-
signs probabilities of 0.9 for A, 0.7 for B, and 0.8 for C. If we
compute the average probabilities for each stock, we obtain
0.7 for A, 0.65 for B, and 0.85 for C. When ranked, Stock C
remains the highest, as both models assign it a relatively high
probability, suggesting strong agreement. Stock A ranks sec-
ond, as it receives a high probability from at least one model.
Stock B ranks lowest, since it does not receive consistently
high probabilities from either model.

Extending this logic to the full stock universe, at each
date, stocks that receive high probabilities from both mod-
els are expected to be positioned in the higher deciles, as
decile portfolios are sorted based on the average probabili-
ties of the stocks. Stocks that receive a high probability from
one model but only a moderate probability from the other
are likely to follow. Similarly, stocks assigned low probabili-
ties by both models will be concentrated in the lower deciles.
By averaging the probabilities from the two models, this ap-
proach provides a framework to evaluate how the degree
of agreement between CNN and CaiT affects decile portfo-
lio performance. Agreement in this context refers to both
models assigning consistently high or low probabilities to the
same stocks. Therefore, this analysis will focus primarily on
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Table 5: Performance of CNN-based Strategies After Transaction Costs®
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o
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i
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_________ 1o SDER
| Ret I' SR |
Low | -0.10 ' -0.70 |
“High 17038 | 2.0
HL 170481 4281
Turnover | 681% l
_________ __SD/20R
I Ret | SR |
Low ! 0.03 ! 0.19 !
| High "} 017 1091 |
T HL 1014 1 161 .
Turnover ! 176% : 174% 152%
| 5D/60R | 20D/60R 60D/60R
- 1T Ret I SR | Ret | SR | Ret | SR |
[ Low 100717030 170.07 | 0.27 1007 1 0.26
| High T17013 17061 | 0,01 1059 1 G111 063 |
HL 17006 | 0.81 | 0.04 | 0.27 | 0.04 1 0.25
Turnover | 60% | 59% | 58%

Description. The table shows the performance of CNN-based strategies after transaction costs, with weekly strategies at the top, monthly in the middle, and

quarterly at the bottom. It reports returns (Ret), Sharpe ratios (SR), for High, Low and H-L portfolios for each configuration. Monthly turnover rates are

also reported.

Table 6: Performance of CaiT-based Strategies After Transaction Costs

o !___5D/5R 1 20D/5R | 5D/60R |
| "Ret | SR | Ret | SR ! Ret | SR
Low | -0.10 | -0.68 | -0.11 | -0.63 ! 0.07 | 0.27
| High 1038 ] 1.96 | 0.31 | 1.82 | 0.12 | 0.58 |
'_"ﬁ-_L_"T_(_)._AfEB_-!'_Zfl_S__: 6_42";"4_65":—6_66";_5_8_7_-
Turnover | 677% | 636% i 60%

Description. The table shows the performance of CaiT-based strategies after transaction costs. It reports returns (Ret), Sharpe ratios (SR), for High, Low and

H-L portfolios for each configuration. Monthly turnover rates are also reported.

the High and Low deciles, as well as the H-L decile, to de-
termine whether stocks with extreme probabilities in both
models exhibit stronger predictive power compared to CNN,
which relies on a single probability estimate.

Table 7 presents the decile portfolio performance of the
Average model for 5D/5R, 20D/5R, and 5D/60R, comparing
it with the respective CNN-only results. The findings indicate
that, in both equal-weighted and value-weighted portfolios,
the Average model consistently exhibits slightly higher H-L
returns and Sharpe ratios compared to CNN-only portfolios.

For Average-5D/5R in equal-weighted portfolios, the H-
L portfolio achieves a return of 0.86 and a Sharpe ratio of
7.25, slightly outperforming CNN-5D/5R, which records an
H-L return of 0.82 and a Sharpe ratio of 7.20. The primary
differences between the Average model and CNN-only port-
folios are concentrated in the Low and High deciles, where
the Average model tends to improve the performance of High
decile stocks while slightly reducing the performance of Low
decile stocks.

A similar trend is observed in Average-20D/5R, where the

H-L return and Sharpe ratio are marginally higher than those
of CNN-only portfolios. The differences are again most pro-
nounced in the extreme deciles, with the Low decile portfolio
showing a slightly lower return and Sharpe ratio, while the
High decile portfolio exhibits a marginally stronger perfor-
mance compared to CNN-only results.

For Average-5D/60R, the H-L return and Sharpe ratio are
again slightly higher than those of CNN, although the differ-
ences are minimal. Within the High decile portfolio, the re-
turns and Sharpe ratios remain identical to CNN-only results,
whereas the Low decile portfolio exhibits a slightly lower
Sharpe ratio.

To assess whether the observed differences between the
CNN-only H-L portfolios and the Average H-L portfolios are
statistically significant or merely due to randomness, I con-
ducted a paired t-test for 5D/60R, 5D/5R, and 20D/5R. The
results indicate varying levels of statistical significance across
different prediction horizons.

For 5D/60R, the t-statistic of 1.19 and p-value of 0.24 sug-
gest that the difference between the CNN-only and Average
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Table 7: Comparison of Average Model and CNN-based Portfolio Performance

Equal Weight
i Average model ' CNN only

________ J__;__L_;__J;QJ¥iL}1}§'}1QZJ£1§%'_9£¥1Lfl%Z;_QE¥LLE{%Q'£{Q§lfl%i_
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____EL__l_QE%LLJ:ﬁQJ_Q?Z_LJ;ﬁ%'}11%'}l§ﬁ'JZ?Q-LEf?iif%%Z-L-:@%'5111'515%_
___§§§1_]_9£§1LE&?@J-QE@;Lfkﬁﬁ'Jllﬂ'fl??'12§f_L2§ZLi}%§9_L2J@1'Elli'fléé_

H-L 10.86725!0.8673110.09;1.21!0.82;720!0.83]6.96!0.081.16
Turmover | 674% | 648% ; 60% ; 681% |  663% T 60%

Value Weight
i Average model : CNN only

| |
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6 ooy 040 006 035 T008 | 0.407 006 036 | 007 09 {009 048]
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Figh 022 {101 {017 050 101070611 621 | 095 | 017 08 | 0.10] 08|
H-L 1025 1.631023,1.79 10.05;0.521 024 1.54 | 0.22 | 1.64 10.04 | 0.44

Turmover |  759% | 726% ; 62% ; 758% | 731% ; 62%

Description. This table compares the performance of the Average model and CNN-based portfolios for equal-weighted and value-weighted strategies across
different configurations. It reports average period returns (ret), Sharpe ratios (SR), High-Low (H-L) portfolio, and turnover rates.
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H-L portfolios is not statistically significant at conventional
levels. This implies that incorporating CaiT probabilities does
not lead to a meaningful improvement over CNN for 5D/60R.

In contrast, for 5D/5R, the results are highly significant,
with a t-statistic of 8.33 and a p-value of 2.72 x 107'®, indi-
cating a strong rejection of the null hypothesis. This suggests
that averaging CNN and CaiT probabilities leads to a statisti-
cally significant improvement in portfolio performance, rein-
forcing the effectiveness of the Average model in short-term
prediction horizons. Similarly, for 20D/5R, the t-statistic of
4.43 and p-value of 1.05 x 107> confirm that the Average
model significantly outperforms the CNN-only model, albeit
with slightly lower statistical strength than in the 5D/5R case.

To conclude, I took the simple average of CNN and CaiT
probability estimates and sorted them into deciles. This ap-
proach does not necessarily provide insight into the effect of
CaiT probabilities in the middle deciles, as changes in decile
portfolio performance cannot be directly attributed to either
CaiT or CNN. However, for the High and Low deciles, the
impact of CaiT is more observable because stocks have only
two possible directions—remaining in the decile or being re-
placed. At each portfolio formation date, CNN assigns cer-
tain stocks to the High and Low deciles. In the High decile,
when probabilities are averaged, CaiT either confirms the se-
lection by also assigning high probabilities or replaces some
stocks with new ones. The same logic applies to the Low
decile, where CaiT may either reinforce the selection of low-
probability stocks or introduce new ones. Based on this,
we can hypothesize that for Average-5D/5R and Average-
20D/5R, the higher returns and Sharpe ratios compared to
CNN-only portfolios suggest that the stocks introduced by
CaiT have higher average returns than the stocks it removes.
Similarly, in the Low decile, the reverse occurs, where the
stocks CaiT replaces tend to have lower returns than those
originally selected by CNN.

This effect also applies to CaiT itself. When comparing
the results from Section 5.2, we observe that the H-L port-
folio of the Average Model outperforms the CaiT-only port-
folio, indicating that adding CNN probabilities has a positive
impact on the returns and Sharpe ratio of the CaiT-only H-L
portfolio.

To summarize, averaging CNN and CaiT probabilities re-
sults in H-L returns that are slightly higher than those of CNN-
only portfolios. While the differences in returns are small, for
5D/5R and 20D/5R, these differences are highly statistically
significant.

6 Investment strategy

In this section, I introduce the investment strategy de-
veloped using both CNN and CaiT predictions. The strategy
involves going long on stocks that both models identify as
most likely to increase in value and shorting stocks that both
models predict as most likely to decline. In Section 6.1, I will
discuss the investment thesis, explaining the rationale behind
this strategy and how it was formulated based on the find-
ings from previous sections, particularly how the agreement

between the two models strengthens stock selection and en-
hances portfolio construction. In Section 6.2, I will evaluate
the out-of-sample performance of the strategy, analyzing its
effectiveness beyond the training period and assessing its ro-
bustness in real-world market conditions.

6.1 Investment Thesis

In Section 5.2, I compared CaiT-only results with CNN-
only results. For 5D/5R, both models had the same H-L
returns, but CNN had a higher Sharpe ratio. For 20D/5R,
CaiT had lower H-L returns but a higher Sharpe ratio. These
indicate that CNN and CaiT capture and leverage different
characteristics when analyzing the same stock data. In Sec-
tion 5.4, I averaged the probability estimates of both mod-
els and sorted stocks into deciles based on these average
probabilities. The goal was to assess how the portfolios per-
formed when there was some degree of agreement between
the models, though this agreement was only implicitly de-
fined. By taking the simple average, agreement was inferred
by stocks with high probabilities from both models being
placed in higher deciles, while stocks with low probabilities
from both models were sorted into lower deciles. The results
showed that Average models consistently produced higher H-
L returns and Sharpe ratios than CNN-only results across all
three model configurations. This suggests that combining
both models’ probability estimates has the potential to im-
prove portfolio performance. To summarize, my results show
that CNN and CaiT construct portfolios differently, and com-
bining their outputs can improve performance. To achieve
this, I will integrate both models’ outputs by selecting stocks
where both models strongly agree. However, directly using
the probability estimates from both models is not ideal for
two key reasons.

The first reason is label smoothing (Szegedy et al., 2016),
a regularization technique applied in the CaiT architecture.
As explained in Section 4.5, both models optimize their prob-
ability estimates by minimizing the same loss function, cross-
entropy. However, in the CaiT model, label smoothing re-
distributes a small portion of the predicted probability mass
from the most confident class to the other class, prevent-
ing overconfidence and improving model convergence. This
means that CaiT outputs are inherently less extreme than
CNN outputs, as label smoothing systematically reduces the
probability assigned to the predicted class. Because of this
regularization, the probability estimates produced by CaiT
are not directly comparable to those from CNN, which does
not use label smoothing. While CNN may generate more ex-
treme probabilities, CaiT produces smoother, more calibrated
probabilities. As a result, directly averaging or combining
these probabilities without considering this difference could
introduce bias in portfolio construction. Therefore, an alter-
native approach is necessary to properly integrate both mod-
els’ outputs while accounting for this systematic difference in
probability distributions.

The second reason why directly using the probability esti-
mates from both models is not ideal is related to the concept
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of confidence in these probabilities. Both CaiT and CNN ar-
chitectures output two probability estimates: one represent-
ing the likelihood of the stock going up and the other repre-
senting the likelihood of the stock going down. Since these
two probabilities sum to one, the structure inherently makes
0.5 the weakest confidence signal. If a model assigns a 0.5
probability for a stock to go up, it also assigns 0.5 probability
for it to go down, indicating no clear preference and a high
degree of uncertainty in the prediction. In contrast, a higher
up probability, such as 0.7, represents a stronger confidence
that the stock will increase in value compared to 0.6, just as
a lower up probability, such as 0.3, represents stronger confi-
dence in a decline compared to 0.4. This is because a 0.3 up
probability corresponds to a 0.7 down probability, whereas a
0.4 up probability corresponds to a 0.6 down probability.

Therefore, directly using probability estimates without
considering confidence means incorporating weak signals
into the decision-making process. Throughout this paper,
as well as in (Jiang et al., 2023), portfolio construction is
based on sorting stocks into deciles using up probabilities.
Under this approach, a stock with an up probability of 0.5
would be ranked above a stock with an up probability of
0.1, despite the fact that 0.5 actually represents maximum
uncertainty rather than confidence in an upward movement.
This misinterpretation of weak signals can affect portfolio
performance. To better understand this impact, I conducted
an analysis examining how portfolio performance changes
when only more confident signals are used.

Chen et al. (2016) applied CNNs for time series analysis
of the Taiwan Stock Index Futures, setting a confidence
threshold of 0.65, where only predictions exceeding this
threshold were considered valid for classification, while
those below were discarded due to insufficient confidence
Chen et al. (2016, p. 89). Inspired by this approach, I
also incorporate confidence-based filtering but, instead of
applying a fixed threshold, I use percentile-based filtering
to observe how portfolio performance changes gradually as
less confident signals are removed.

To achieve this, I first analyze the entire probability dis-
tribution for 5D/60R, 5D/5R, and 20D/5R across the out-of-
sample period so there is a look-ahead bias in these results.
I then iteratively remove probabilities between specific per-
centiles, starting with the 45th to 55th percentile, then ex-
panding the exclusion range to 40th to 60th percentile, con-
tinuing this process until only the most confident signals—
those in the 5th and 95th percentiles—remain. For each fil-
tered dataset, I sort stocks into deciles using both CNN prob-
abilities and the average of CNN and CaiT probabilities. This
allows me to first examine how restricting the dataset to more
confident CNN signals affect portfolio performance, and then
evaluate the impact of incorporating CaiT probabilities into
these subsets of confident CNN signals.

Figure 6 visualizes the H-L returns and Sharpe ratios for
5D/60R, 5D/5R, and 20D/5R under different percentile fil-
tering thresholds. The figure also compares CNN portfolios
with those constructed using average CNN and CaiT prob-
abilities, providing insights into how increasing confidence

thresholds impact portfolio returns and whether integrating
CaiT probabilities enhances performance across varying con-
fidence levels.

For 5D/60R, CNN H-L returns start at 0.08 and exhibit a
gradual increase up to 0.13 at the 15th-85th percentile fil-
ter. However, after this point, returns decline slightly, end-
ing at 0.125 in the 5th-95th percentile. In contrast, when
CNN probabilities are averaged with CaiT probabilities, re-
turns increase more consistently at each filtering step, start-
ing at 0.085 and reaching 0.16 at the 5th-95th percentile.
Regarding Sharpe ratios, CNN results do not show a clear
upward trend, with most portfolios falling below the initial
Sharpe ratio, except for the jump at 15th-85th. Meanwhile,
the Average model’s Sharpe ratios are mostly above the start-
ing value and consistently outperform their CNN-only coun-
terparts, though there is a slight decline at the final filtering
level.

For 5D/5R and 20D/5R, the trend is notably different.
Both exhibit a clear and consistent increase in H-L returns
and Sharpe ratios for CNN and the Average model. The Av-
erage model consistently outperforms CNN portfolios at ev-
ery filtering level. For 5D/5R, CNN starts with an H-L return
of 0.82 and a Sharpe ratio of 7.2, which gradually increases
to 1.7 in returns and 9.2 in Sharpe ratio. The Average model
starts at 0.86 with a Sharpe ratio of 7.25 and increases to 1.90
in returns and 9.92 in Sharpe ratio, maintaining higher val-
ues than CNN-only portfolios at each filtering step. A similar
pattern is observed for 20D/5R, where CNN begins with an
H-L return of 0.83 and the Average model starts at 0.86. As
filtering progresses, their returns increase to 1.99 and 2.17,
respectively, while their Sharpe ratios rise from 6.95 and 7.30
to 9.19 and 9.98, respectively.

These findings are important because they demonstrate
that gradually filtering out weaker probability signals leads to
improved H-L returns and Sharpe ratios. Additionally, the Av-
erage model consistently outperforms CNN, reinforcing the
value of integrating CaiT predictions. This further supports
the hypothesis that removing uncertain predictions enhances
model effectiveness and that combining CNN and CaiT prob-
abilities produces superior portfolio performance across var-
ious confidence thresholds.

Based on these findings, I propose an investment strat-
egy that selectively integrates confident signals from both
CNN and CaiT models, using their probability estimates. This
strategy is designed to identify strong agreement between
the models while filtering out less confident signals. At each
portfolio creation date, the predicted probabilities from both
CNN and CaiT models are obtained. Each model indepen-
dently ranks all stocks, sorting them into deciles based on
their probability estimates. After this sorting, stocks that fall
into the highest decile in both models, indicating that both
CNN and CaiT assign them among the highest probabilities
for that date, are selected for long positions. Similarly, stocks
that fall into the lowest decile in both models, meaning that
both models classify them as among the least likely to per-
form well, are selected for short positions. All selected stocks
are equally weighted within the portfolio.
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Figure 6: Effect of Confidence Filtering on H-L Returns and Sharpe Ratios

Description. The figure shows how H-L returns and Sharpe ratios change as low-confidence CNN probabilities are filtered. The top, middle, and bottom
rows represent 5D/60R, 5D/5R, and 20D/5R, respectively. The CNN model is compared to the Average model, which applies filtering based on CNN
probabilities. The x-axis shows removed probability percentiles, with “Full Sample” meaning all stocks are included. Percentile ranges indicate the stocks
within those ranges are filtered out.

This approach offers two key advantages. First, it ensures
that both models strongly agree on the highest and lowest
deciles, making it possible to effectively combine their pre-
dictive strengths. At each rebalancing date, CNN captures
local features while CaiT identifies global patterns, and only
stocks that both models consistently classify as having the
highest probability to rise or fall are included in the portfo-
lio. This creates a stronger agreement than simple probabil-
ity averaging, as it directly aligns the models’ most confident
predictions.

Second, this strategy acts as an implicit confidence filter.
While it does not impose an absolute probability threshold, it
inherently removes weaker signals by requiring that stocks be

ranked in the top or bottom 10% of probabilities within both
models. This ensures that even if a signal is not exceptionally
strong, it must still be among the most confident signals rel-
ative to the full stock universe. Additionally, since probabili-
ties are ranked within each model, label smoothing does not
distort rankings, as a confident signal remains highly ranked
even if its absolute probability estimate is slightly adjusted.
This investment strategy aligns with my empirical results,
which demonstrate that removing weaker probability signals
improves performance, and that combining CNN and CaiT
probabilities leads to superior portfolio returns and Sharpe
ratios. By ensuring that only high-confidence, mutually
agreed-upon stocks are included, this strategy leverages the
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complementary strengths of both models, leading to a more
robust and reliable stock selection process.

6.2 Investment Performance

In this section, I analyze the performance of the proposed
investment strategy by evaluating its gross returns, the im-
pact of transaction costs, and cumulative performance over
time. The strategy leverages both CNN and CaiT models to
identify high-confidence long and short positions, ensuring
that only stocks with strong agreement between the mod-
els are included. The results demonstrate that this approach
consistently outperforms CNN portfolios and remains robust
even after accounting for transaction costs, while its cumula-
tive performance trajectory shows sustained long-term prof-
itability.

Table 8 presents the raw performance of the investment
strategy across different configurations (5D/5R, 20D/5R,
and 5D/60R). The strategy delivers significant positive
returns and high Sharpe ratios across all horizons. The strat-
egy portfolio returns are 1.05 for 5D/5R, 1.14 for 20D/5R,
and 0.11 for 5D/60R, with corresponding Sharpe ratios of
8.00, 8.29, and 1.33, respectively. These figures indicate
that the strategy consistently generates strong risk-adjusted
returns, with shorter-horizon models (5D/5R and 20D/5R)
delivering the highest performance. Compared to CNN
portfolios, these results show a clear improvement in both
return levels and Sharpe ratios, highlighting the advantage
of integrating CaiT’s global feature extraction with CNN’s
local pattern recognition.

Table 9 assesses the strategy’s performance after account-
ing for transaction costs. Despite the high turnover rates of
708% for 5D/5R and 700% for 20D/5R, the strategy remains
highly profitable. The strategy portfolio returns after transac-
tion costs are 0.70 for 5D/5R, 0.80 for 20D/5R, and 0.08 for
5D/60R, with Sharpe ratios of 5.37, 5.82, and 1.04, respec-
tively. While transaction costs reduce returns, the strategy
still outperforms CNN and maintains strong positive Sharpe
ratios, demonstrating its resilience to trading frictions.

Figure 7 provides further validation by displaying the cu-
mulative volatility-adjusted log returns of the strategy com-
pared to various benchmarks, including CNN H-L portfolios,
Momentum, Short-term reversal and Weekly Short-term Re-
versal strategies, and the S&P 500 (SPY). The proposed strat-
egy exhibits the highest cumulative return trajectory, con-
sistently outperforming both CNN models and other trend-
based and market-based benchmarks. This sustained outper-
formance reinforces the effectiveness of combining CNN and
CaiT models in a structured investment framework.

Overall, these results confirm that the proposed strat-
egy delivers superior returns and risk-adjusted performance
compared to CNN models. Even after incorporating transac-
tion costs, the investment strategy remains highly profitable,
highlighting its practical feasibility in real-world trading en-
vironments. The combination of deep learning-based stock

6 Modified, taken from Jiang et al. (2023, p. 3208)

selection and confidence-based filtering enhances portfolio
efficiency, making it a robust and effective approach to quan-
titative investing.

7 Discussion and Limitations

In this section, I will discuss my findings and acknowl-
edge the study’s limitations. This paper aims to achieve three
main objectives. The first objective is to replicate the study
by (Jiang et al., 2023) to evaluate whether CNNs can au-
tonomously extract meaningful features from stock chart im-
ages and whether these features possess predictive power.
The second objective is to assess whether implementing a
Vision Transformer architecture, specifically CaiT, using the
same data and structure as the CNN model, can produce su-
perior results. The final objective is to determine whether
combining CNN and Vision Transformer predictions in an in-
vestment strategy can enhance the performance beyond that
of standalone CNN or CaiT models. The discussion will be
structured around these three key points.

Jiang et al. (2023) find that CNN-based strategies exhibit
strong predictive power, particularly over short-term hori-
zons, such as on a weekly basis. Their results indicate that
the lowest decile portfolios tend to have substantially nega-
tive Sharpe ratios, while the highest decile portfolios demon-
strate significantly positive values. Furthermore, they ob-
serve a monotonic increase in Sharpe ratios from the lowest
to the highest decile Jiang et al. (2023, p. 3207).

My findings corroborate these results. In weekly
strategies, CNN-based models exhibit Sharpe ratios of
approximately -2.0 in the lowest decile, while the highest
decile exceeds 2.7. Additionally, I observe a similar mono-
tonic increase across deciles. Jiang et al. (2023) also find
that image-based strategies generate highly effective trading
signals, outperforming traditional price-based signals, albeit
at the cost of significantly higher turnover Jiang et al. (2023,
p- 3210). My results confirm that weekly CNN-based models
achieve superior portfolio performance, with the highest
H-L Sharpe ratio for equal-weighted portfolios reaching
7.2, compared to 2.91 for the best-performing traditional
trend-following strategy (WSTR). However, these high
returns are accompanied by considerable portfolio turnover,
which is slightly higher than that of WSTR, nearly four times
greater than MOM, and twice that of the STR.

To determine whether the outperformance of CNN-based
strategies is primarily driven by high turnover, (Jiang et al.,
2023) extend their analysis to longer trading horizons, exam-
ining monthly and quarterly portfolios. Their results indicate
that CNN-based strategies continue to outperform traditional
signals even at reduced turnover levels. Furthermore, they
find that CNN-based models achieve higher Sharpe ratios
than momentum strategies with comparable turnover levels
Jiang et al. (2023, p. 3211). My findings align with these
conclusions. Monthly and quarterly CNN-based strategies—
particularly 5D/20R, 20D/20R, and 5D/60R—consistently
outperform traditional approaches over extended investment
horizons. Additionally, quarterly CNN strategies maintain



28 E. Ozkul / Junior Management Science 11(1) (2026) 195-226

Table 8: Investment Strategy Performance

! 5D/SR ! 20D/5R | 5D/60R
'"'"" | ret | SR | ret T“éfi“]“?e’t_’:'éﬁ_'
|_Short |-0401-2.861-050,3.09 1004018
___L_‘lflg__J_Q??-L?fl%j_(l?f*_l_ié%  0.15 1 0.68

Strategy | 1.05 | 8.00 | 1.14 | 8.20 10.11 | 1.33
Turnover |  708% |  700% ; 63%

Description. The table presents the performance metrics of the investment strategy across three configurations: 5D/5R, 20D/5R, and 5D/60R. It reports
returns (ret) and Sharpe ratios (SR) for short positions, long positions, and the strategy, which is formed as a long-short portfolio. Additionally, turnover
rates are provided for each configuration, indicating the level of trading activity within the strategy.

Table 9: Investment Strategy Performance After Transaction Costs

! 5D/5R | 20D/5R ! 5D/60R
- 1 ret 1 SR | ret | SR | ret | SR |
| Short 10211155031 -1.93}0.0610.23
|_Long 1048 255,049 274,014]064]

Strategy ! 0.70 | 5.37 | 0.80 | 5.82 10.08 | 1.04
Turnover |  708% | 700% |  63%

Description. The table presents the performance metrics of the investment strategy after accounting for transaction costs across three configurations: 5D/5R,
20D/5R, and 5D/60R. It reports returns (ret) and Sharpe ratios (SR) for short positions, long positions, and the strategy, which is structured as a long-short
portfolio. Additionally, turnover rates are provided for each configuration, reflecting the level of trading activity after incorporating transaction costs.
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Figure 7: Cumulative Volatility Adjusted Returns of Equal-Weighted Portfolios®

Description. The figure presents the cumulative volatility-adjusted log returns of equal-weighted H-L portfolios for Strategy-20D/5R, CNN-20D/5R,
Strategy-5D/5R, CNN-5D/5R, Momentum (MOM), Short-Term Reversal (STR), and Weekly Short-Term Reversal (WSTR). The SPY index is included for
reference. All strategies have been adjusted to maintain the same volatility level as SPY over the test period.

turnover rates similar to those of monthly momentum strate- based strategies remain profitable after accounting for trans-
gies while still delivering superior Sharpe ratios for the H- action costs and continue to outperform traditional signals
L portfolio. Moreover, (Jiang et al., 2023) analyze transac- over time. My findings support this conclusion, as CNN-based

tion costs and cumulative log returns, concluding that CNN- strategies maintain their effectiveness even after transaction



E. Ozkul / Junior Management Science 11(1) (2026) 195-226 29

cost adjustments and exhibit sustained cumulative outper-
formance compared to traditional approaches, as shown in
Table 5 and Figure 7.

It is important to note that the primary objective of (Jiang
etal., 2023) is not to develop a highly accurate return predic-
tion model but rather to assess the predictive capabilities of
image-based machine learning models in financial markets
Jiang et al. (2023, p. 3204). These findings reinforce the
conclusion that CNN-based strategies exhibit strong predic-
tive power across both short-term and long-term horizons.

Now, I turn to the CaiT perspective to evaluate whether
Vision Transformers enhance predictive performance com-
pared to CNNs. The motivation for implementing a Vision
Transformer architecture stems from its ability to capture
global context, whereas CNNs are more effective at extract-
ing local features. Given this distinction, CaiT may be bet-
ter suited for identifying complex relationships in larger im-
age contexts. To test this hypothesis, I specifically examine
5D/5R and 20D/5R configurations, as both models analyze
the same stocks on the same dates but differ in the length of
historical data included in their images. This setup results
in four distinct models—CNN-5D/5R, CNN-20D/5R, CaiT-
5D/5R, and CaiT-20D/5R—all making predictions on the ex-
act same stocks. Therefore, I will compare their respective
strengths in processing the same stocks. In addition to dis-
cussing returns and Sharpe ratios, I will also mention stan-
dard deviations to provide a more comprehensive assessment
of risk. Furthermore, my discussion will focus exclusively on
equal-weighted portfolios.

In Table 4, in the Low decile, CNN-20D/5R predicts the
lowest returns and exhibits the lowest Sharpe ratio of -2.06,
whereas CaiT-20D/5R achieves the highest Sharpe ratio
among the models at -1.69. This suggests that, for the same
set of stocks, CNN provides the most effective predictions in
the lowest decile, when utilizing 20-day images.

For the High decile, CNN-5D/5R delivers the highest re-
turns along with the highest Sharpe ratio, indicating that
CNN remains the most effective predictor for stocks with
strong upward momentum. However, an analysis of stan-
dard deviations in the High decile reveals that CaiT-20D/5R
exhibits the lowest volatility among the four models. This
suggests that while CaiT does not necessarily yield higher re-
turns, it may be more effective at capturing global context,
leading to more stable predictions with reduced variability.
This ability to categorize stocks that move together more ef-
fectively could be one of CaiT’s key strengths.

When evaluating Sharpe ratios of H-L portfolios, CNN-
5D/5R and CaiT-20D/5R emerge as the top-performing mod-
els. CNN-5D/5R excels in short-term assessments by effec-
tively capturing local patterns, resulting in the highest re-
turns. In contrast, CaiT-20D/5R demonstrates an ability to
group stocks with similar movement patterns more effec-
tively in larger images, contributing to a more stable port-
folio composition. This highlights the complementary nature
of the two architectures—CNN excels in short-term feature
extraction, while CaiT enhances global pattern recognition
over extended time frames.

Recognizing that CNN and CaiT extract complementary
information from stock chart images—with CNN focusing on
predictive patterns that drive returns and CaiT emphasiz-
ing volatility reduction and stability—leads to a critical ques-
tion: Can these two architectures be effectively combined to
create an investment strategy that leverages their respective
strengths? A key insight comes from simple probability av-
eraging. In Table 7, the Average-20D/5R model achieved a
higher H-L Sharpe ratio (7.31) compared to Average-5D/5R.
This improved Sharpe ratio appears to stem from two dis-
tinct effects: a lower Sharpe ratio in the Low decile, likely at-
tributed to CNN’s ability to identify underperforming stocks,
and a lower standard deviation in the High decile, potentially
driven by CaiT’s strength in capturing global patterns and re-
ducing volatility. These observations suggest that combining
CNN and CaiT predictions may create a more balanced and
effective investment strategy, leveraging both architectures
to optimize return potential while maintaining stability.

Another important aspect to consider is the role of confi-
dent signals. As demonstrated in Figure 6, filtering out less
confident signals results in higher returns and Sharpe ratios.
This effect may be attributed to two possible explanations.
First, both CNN and CaiT architectures may struggle to ac-
curately assess certain images, indicating a potential limita-
tion in their ability to extract meaningful patterns from all
stock charts. This could suggest that some price movements
are inherently more difficult to predict using these models.
Alternatively, a more speculative but intriguing possibility is
that not all stock charts contain recognizable predictive pat-
terns. Traditional technical analysis assumes that price pat-
terns provide signals about future movements. However, the
results may suggest that such patterns only appear in a spe-
cific subset of images, while others lack predictive features al-
together. If this is the case, filtering out less confident predic-
tions could serve as a way to identify and isolate the most in-
formative patterns, improving overall strategy performance.

By combining both architectures, I develop an investment
strategy that selects stocks classified in the High and Low
deciles by both models. In Table 8, for the 20D/5R strat-
egy, the portfolio exhibits higher returns on the Short leg and
significantly lower standard deviation on the Long leg. This
mirrors the patterns observed in Section 5.2 when evaluating
individual models, in Section 5.4 when averaging their pre-
dictions. However, a key distinction arises in the investment
strategy. The improved performance is not driven solely by
one architecture but rather by the agreement between both
models. Unlike previous observations, where I suggested
that the effect might be attributed to a single model, in this
case, both models independently select the same stocks. This
alignment, rather than the influence of any individual model,
is what ultimately drives the higher performance.

Yet, this also highlights certain limitations of the strat-
egy. One key issue is that the agreement between models
is purely mechanical—it is not integrated into the training
process or loss function. A more advanced approach would
involve designing an architecture that combines CNNs and
Vision Transformers, allowing both models to influence the
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learning process and jointly optimize parameters. Another
limitation is that this strategy is inherently relative rather
than absolute. It does not evaluate individual stocks in isola-
tion but instead ranks them against each other. As a result,
the strategy is ineffective in scenarios where the number of
investable stocks is extremely limited—for instance, if only
one stock were available, the strategy would not function.
Finally, this study focuses on 5-day and 20-day images for
CaiT, but 60-day images could provide new insights as the
model may benefit from capturing longer-term dependencies
in stock movements.

8 Conclusion

This study explores the predictive power of deep learn-
ing models applied to stock chart images, comparing Convo-
lutional Neural Networks with Vision Transformers and ana-
lyzing their integration into an investment strategy. The re-
search follows three main objectives: first, replicating (Jiang
et al., 2023) to evaluate whether CNNs can autonomously
extract predictive features from stock images; second, assess-
ing whether CaiT, as a Vision Transformer model, can im-
prove predictive performance by capturing global dependen-
cies; and third, investigating whether combining CNN and
CaiT predictions can enhance portfolio performance beyond
standalone models. Using a dataset of stock images with 5-
day, 20-day, and 60-day lookback periods, I trained multi-
ple CNN and CaiT architectures, evaluated their returns, and
Sharpe ratios, and examined their performance at different
investment horizons.

For CNN-based strategies, my findings confirm those of
(Jiang et al., 2023). CNN models effectively extract local fea-
tures from stock images, generating profitable trading signals
and strong Sharpe ratios, particularly in short-term horizons,
while still maintaining predictive power in longer-term hori-
zons, albeit to a lesser extent.

The study also examines CaiT’s predictive capability,
leveraging its strength in capturing global dependencies
within stock chart images. While CNN excels at identify-
ing high-return stocks, CaiT enhances portfolio stability
by reducing volatility. Both models achieve the highest
Sharpe ratios, but through different mechanisms: CNN
focuses on shorter images, identifying stocks with strong
return potential, whereas CaiT processes longer images,
minimizing standard deviation. This suggests that CaiT may
be more effective at identifying stocks that move together,
contributing to lower portfolio volatility. These findings
indicate that CNN and CaiT extract complementary features,
supporting the hypothesis that combining both models could
enhance predictive performance.

Building on these insights, I develop an investment strat-
egy that integrates CNN and CaiT predictions by selecting
stocks classified in the High and Low deciles by both models.
This agreement-based approach effectively filters out weaker
signals, leading to higher Sharpe ratios compared to using
CNN or CaiT alone. Even after accounting for transaction

costs, the strategy remains highly profitable, reinforcing its
practical viability in real-world trading applications.

However, this strategy has limitations. The agreement be-
tween models is rule-based rather than learned during train-
ing. Additionally, the strategy is relative rather than absolute,
meaning that it ranks stocks rather than predicting their ab-
solute returns. This structure may limit its applicability in
markets with fewer investable assets.

Overall, this research highlights the effectiveness of deep
learning in financial prediction and demonstrates that CNN
and CaiT offer strong predictive power focusing on comple-
mentary things. Future research could explore more sophisti-
cated architectures that integrate both models into a unified
framework, potentially improving performance beyond the
agreement-based approach used here.
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