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In recent years, the advancements of information technology made it possible to collect, store and analyze 

data on a large scale. However, the vast amount of information originating from diverse sources is not 

simple to explore. Having the means does not imply a full understanding of the underlying process, as in 

some cases, it has extremely complex dynamics, such financial markets do. Nonetheless, being able to 

develop a better understanding of those complex phenomena could be of enormous advantage, as it may 

help to detect anomalies or even to prevent financial emergencies, as witnessed in the last decade.  

Recently, significant research interest was devoted to the topic in the machine learning/deep learning 

community as well, thus the new generation of methods was introduced into finance besides traditional 

statistics, operating generally with linear models like ARMA or ARIMA. Besides regression, the other 

common task is to try to predict the direction of the change in the price of an asset 

(increasing/decreasing/stagnating). [1] investigated price arbitrage on the S&P500 dataset using random 

forests, gradient-boosted trees, and deep neural networks. [2] carried out a large-scale study with 500 

GPUs to extract information from stock prices. The authors of [3] used Variational Autoencoders to detect 

anomalies in time series, i.e. local sequences which cannot be well explained by the process generating the 

majority of the sequence. Besides that, several researchers have focused on a specific segment of financial 

data, i.e. onto LOB (Limit Order Book). LOB is a multilevel representation of the available bid (buy) and 

ask (sell) orders at given prices and timesteps. LOB is suitable for capturing high-frequency information, 

thus its gain of popularity (see [4], [5], [6], [7] ). Besides that, some authors have used another approach: 

they – emphasizing the information captured by the visualized LOBs – utilized 2D convolutional neural 

networks, which are common in image processing ( [8], [9]). 

Despite the significant progress in the field, a common bottleneck is hard to overcome as the phenomena 

being modeled are rather complex, a huge amount of data should be used. However, researchers do not 

have access to high-quality datasets in general. Nonetheless, [10] introduced an open-source, anonymized 

dataset from Nasdaq Nordic, which can be utilized for benchmarking. The same research group tested 

several models from linear regression to MLP or recurrent neural networks ( [10], [7], [6]), but they 

excluded from their research the newest advancements regarding recurrent architectures.  

Thus, this work aims to extend the benchmarks on the dataset of [10] to novel architectures. As the 

benchmark dataset mentioned above consists of multiple variants of the same data, we opted for the 

version excluding the auction period. Furthermore, our experiments did not equalize the classes. The focus 

of our research interest was, besides multilayer LSTM [11] and 1D convolutional VAE, the Transformer 

architecture of [12], which utilizes the attention mechanism. Besides using their vanilla variants, both the 

Convolutional VAE and the Transformer have undergone some architectural tailoring. In case of the 

former, attention mechanism was introduced to 1) make the training cycle of the VAE simpler by 

eliminating the need of a separate training phase to minimize MSE reconstruction error and 2) to utilize 

the selectivity of attention during prediction to capture the most important information and neglect less 

important. Regarding the Transformer architecture, as it was proposed for Natural Language Processing 

tasks, more significant changes were made. First, as in [13], the decoder part was removed due to the 

different nature of the task – this former our baseline for the Transformer. Furthermore, we created a 

downscaling variant of this Transformer, as we argue that it is not computationally efficient to make the 

downscaling in one step with the classifier head. 



As a result of our experiments on the database of [10] utilizing the architecture mentioned above, we 

report a significant increase in the F1-score compared to the results of [7] and [6]. Furthermore, we even 

achieved the performance of [6] on balanced data (where the authors have used technical features for their 

best results), although we restricted ourselves to the unbalanced case, and used only LOB data (which 

includes the raw prices and volumes for 10 levels and other features calculated from those, for details see 

[10]). Comparing different architectures, the Transformer baseline performed the best (0.583), followed 

by its downscaled variant (0.556) – note that as the latter had 25% fewer parameters, the change is not that 

significant. The Convolutional VAEs performed quite the same (vanilla: 0.535, attention variant:0.513), 

while the LSTM was the worst (but had higher F1 than the networks in the benchmarks) by achieving 

0.466. 
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