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Abstract: In scenarios such as high-frequency trading, asset allocation, and risk linkage 
identification in finance, there is an increasing need to leverage the similarity between 
financial time series for querying. However, traditional CPU architectures easily encounter 
computationally and memory-intensive problems when handling large-scale sliding windows, 
distance matrix creation, and candidate verification processes. Based on three years of 
research on GPU parallel computing, time series distance calculation, and financial sequence 
similarity modeling, this paper proposes a collaborative optimization scheme for batch query 
execution. Window-level standardization, batch distance calculation, shared memory caching, 
candidate filtering, and result compression and write-back are used to achieve hierarchical 
parallelism of the query path. Using real financial samples of Apple's historical daily closing 
price series, statistical analysis and connectivity metrics are conducted. Candidate size and 
distance distribution under different window lengths are constructed to analyze the necessary 
conditions for thread bundle division, memory access continuity, and kernel function fusion in 
GPU mapping. Research shows that financial sequence connectivity optimization cannot be 
achieved simply by speeding up a single operator; rather, it requires a combined design of data 
layout, threshold pruning, and batch processing strategies. This research can provide 
engineering references for similar event retrieval, pattern tracking, and risk propagation 
identification in quantitative finance. 

1 Introduction 

In studies such as algorithmic trading, abnormal fluctuation identification, cross-market linkage 
analysis, and asset style migration, researchers often encounter massive amounts of financial time 
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series and seek the closest historical period. Such operations are essentially similarity join queries, 
which find window pairs that satisfy similarity relationships from two or more time series sets under a 
given distance threshold or Top-k constraints. Due to the characteristics of financial series such as 
strong noise, local asynchrony, fluctuation clustering, and distribution drift, simple point-by-point 
comparison is difficult to be accurate and scalable. Therefore, high-dimensional sliding windows and 
elastic distance methods are widely used [1][3]. 

However, as the accumulated data volume in minutes, seconds, and even milliseconds grows 
exponentially, the computational scale of join queries increases dramatically. For each query window, 
standard processing, candidate enumeration, distance accumulation, and threshold determination are 
required, which results in many repeated accesses and arithmetic operations. In a business environment 
with multiple assets, multiple window lengths, and large-scale concurrent queries, although the CPU 
pipeline can complete complex control logic, it has inherent defects in data parallelism and bandwidth 
utilization [1][2]. The number of concurrent threads and memory bandwidth of GPUs are larger than 
those of CPUs, thus providing a new way to accelerate similar joins. 

Therefore, this paper takes financial time series similarity join query as the research object, and 
combines the relevant research results of GPU join processing, time series distance calculation and 
financial sequence similarity representation in recent years [1]-[10]. It analyzes the algorithm structure, 
data layout and hardware mapping from three aspects, and proposes an optimization idea suitable for 
engineering implementation. This paper unfolds with the structure of introduction, current situation 
analysis, problem statement, problem solution or strategy, and conclusion. 

2. Current Status Analysis of the Research Topic 

In the past three years, GPUs have played a very important role in optimizing data processing and 
database operators. Wu et al. proposed optimization techniques such as GFTR for problems such as 
joins and grouping aggregation on GPUs. They believed that random access and result materialization 
overhead were the main factors causing low efficiency of GPU joins, and achieved good results with a 
workload-aware strategy [1]. This conclusion is also very important for financial similarity joins, as 
window joins involve many intermediate result write-backs and candidate pair materializations. 

S. Wang et al. mapped k-Shape clustering to GPU under shared memory, proving the advantages of 
shared memory reuse, intra-block reduction, and batch parallel processing in time-series similarity 
computation [2]. Zhang, Huang, and Chen proposed a new MASST algorithm based on distance profile 
and gave the implementation framework of the algorithm on time series, thereby improving and 
accelerating the window-level method of distance computation. d'Hondt et al. made a structured 
evaluation of multivariate time series distance from more distance metric perspectives, believing that 
different distance functions, normalization methods, channel-related models, etc. will lead to different 
results. 

From the perspective of GPU native indexing and similarity retrieval, the GTS proposed by Zhu et 
al. uses GPU-oriented tree indexing and batch querying methods to achieve orders-of-magnitude 
performance improvement in a general metric space [5]. It can be seen that the optimization of 
similarity queries cannot be accomplished solely by vectorization at the kernel function level, but also 
requires integrated design of various aspects such as index organization, task batching, and device 
memory management. A review of time series classification and regression related to financial time 
series tasks also points out that research in similarity pattern recognition, polymorphic feature 
extraction, and distance learning continues to advance. 
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On the financial application side, Fan et al. proposed a multi-factor dynamic time series similarity 
measure to improve the explanatory power of stock correlation [7]; Long et al. used Gramian Angular 
Field to improve the selection of similarity function in the financial time series transfer learning 
process [8]; Xiao et al. proposed a retrieval enhancement framework, believing that the recall quality of 
historical fragments plays an important role in the prediction of subsequent models [9]; Naivasha et al. 
studied the consistency problem of financial time series representation and comparison from the 
perspective of data quality and multi-indicator verification [10]. The above studies also show that the 
"similarity" of financial time series cannot be reflected by Euclidean distance alone. It includes a 
complex relationship of trend, volatility, scale, local structure and other aspects. 

3. Raise questions 

Existing research indicates that while progress has been made in GPU database operator 
optimization and time series similarity search, there are three gaps in specialized research on similarity 
join queries for financial time series. First, the database field emphasizes general optimization of join 
operators, but financial time series joins are characterized by severe sliding window overlap, dense 
distance calculations, and frequent threshold filtering triggers, making traditional join models 
unsuitable. Second, time series research prioritizes the accuracy of distance functions but neglects the 
varying impacts of different distance functions on GPU memory access patterns. Third, financial 
application research focuses on improving predictive performance, with limited discussion of the 
throughput, latency, and resource utilization of the underlying query system. 

Financial time series join queries also incur easily overlooked costs such as window standardization 
costs, data partitioning and parallel processing costs, and system load balancing costs. Calculating the 
mean and variance for each window individually leads to numerous redundant reads and writes. The 
second cost is candidate pair enumeration. While the number of sliding windows is linearly related to 
the sequence length, the number of candidate pairs increases approximately quadratically. The third 
cost is cumulative distance costs. Even using Euclidean distance, each window pair requires m-
dimensional difference and reduction; more complex distance methods incur even higher costs. The 
fourth cost is result materialization. Writing a large number of intermediate candidates directly back to 
global memory significantly reduces the device's effective throughput. 

Therefore, the main problem this paper aims to solve is to organize window construction, 
standardization, candidate filtering, distance calculation, and result output into a batch process that can 
be processed by a GPU, while ensuring the semantic stability of financial time series similarity join 
queries. This reduces random access, minimizes unnecessary candidate validation, and improves 
device-level concurrency efficiency. This paper proposes systematic solutions to these problems from 
four aspects: data representation, distance calculation, thread mapping, and memory organization. 

Let the financial price series be P = {P_t}_{t=1}^{T}. To mitigate the impact of different price 
levels on the connection, P is transformed into a logarithmic return series. 

 rt = ln(Pt/Pt−1) (1) 
Equation (1) transforms the original price into a profit space, which can reduce the difference in 

scale and highlight the situation of local fluctuations. Logarithmic returns have good additivity in 
financial time series processing and are suitable for subsequent windowing. 

For a window of length m, X_i=[r_i,r_{i+1},...,r_{i+m-1}], z-score normalization is used to 
eliminate mean bias and scale differences: 
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 \hat{x}_{i,k}=\frac{x_{i,k}-\mu_i}{\sigma_i+\varepsilon}\ ,\;k=1,\ 2,...\,m\  (2)
  

In Equation (2), the mean of the i-th window is represented by μ_i, the standard deviation by σ_i, 
and the numerical stability term by ε. Only through standardized windows can we have the basic 
conditions to conduct similarity comparisons of different stages and different degrees of fluctuation. 

The basic distance between two normalized windows can be expressed as: 

 d(Xi,Xj)=√∑k=1m(xi^∧k−x^kj)^2  (3) 

Equation (3) gives the most basic window distance model. Although financial sequences can be 
further supplemented with elastic distance or multi-factor distance, Euclidean distance is still the 
standard method that is easiest to parallelize in GPU batch implementation, and it is also the basic form 
that facilitates vectorized accumulation and intra-block reduction. 

At a threshold τ, the similarity link result set is defined as: 
 J_{\tau}=\{(i,j)\mid d(X_i,X_j)\leq \tau,\; |ij|>w\} (4) 

In equation (4), the bandwidth w is excluded to prevent trivial matching caused by overlapping 
windows. This definition can be used to characterize self-connections within the same asset and is also 
suitable for cross-connections between multiple assets. 

Let the total number of candidate pairs be N_pair, the distance between a single pair be m, and the 
GPU parallelism be approximately denoted as C. Then the query time can be expressed as an 
approximate model. 
T_{gpu}\approx \max\left(\frac{B_{mem}}{\beta},\frac{N_{pair}\cdot m}{C}\right)(5)  

Equation (5) indicates that the GPU execution time is the larger of the memory access and 
computation parts. The total number of bytes accessed is represented by B_mem, and the effective 
bandwidth is represented by β. Therefore, it can be seen that the key to optimization is not only to 
speed up floating-point operations, but also to reduce global memory write-back, improve access 
continuity, and compress the candidate set. 

4. Problem Solving and Optimization Strategies 

To test the basis of financial time series join optimization, this paper constructs a real series using 
Apple's historical daily closing price data, selecting 701 trading days from January 2006 to October 
2008 as the experimental prototype. This sample includes various scenarios where upward trends and 
significant retracements could lead to crisis impacts, appropriately representing the statistical 
complexity of searching and retrieving financial series. Table 1 presents the basic statistical 
characteristics of the sample. 

Table 1 shows a sample period of 701 trading days, with a maximum drawdown of 55.59%, and 20-
day volatility significantly increased during the crisis. This indicates that join queries on financial time 
series are not stationary signal processing methods; they seek locally similar windows in non-stationary, 
heteroscedastic environments. Therefore, window standardization and adaptive threshold settings are 
essential preprocessing steps before GPU acceleration; otherwise, numerous high-volatility periods will 
amplify noise during candidate generation. 
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Table 1 Statistical characteristics of the financial sample used in the experiment 
Metric Value 

Trading days 701 
Start date 2006-01-03 
End date 2008-10-14 

Mean return 0.000528 
Std return 0.027631 

Max drawdown -0.5559 
Mean volume 34753169 

 

 

Figure 1. Normalized Prices and 20-Day Annualized Volatility of Financial Samples 

Figure 1 shows a significant rise in normalized closing prices during the first quarter of 2007-2008, 
followed by a rapid decline at the end of 2008 due to market shocks, while the 20-day annualized 
volatility also increased sharply during this period. This theorem indicates that financial time series 
clearly exhibit state-switching phenomena, rather than simply looking at price levels. For GPUs, the 
differences between windows in the batch queries they handle are uneven; without bucketing and batch 
scheduling, severe load imbalances occur between thread bundles. 

Based on this, this paper proposes a GPU parallel optimization strategy consisting of four layers. 
The first layer is the data preprocessing layer. Prefix sums and prefix square sums are used to calculate 
the mean and variance of all windows at once, preventing redundant standardization. The second layer 
is the candidate filtering layer. Window summary vectors, low-dimensional approximations, and 
threshold lower bounds are used to filter out most impossible-to-match window pairs, leaving the 
laborious precise distance testing to a small number of candidates. The third layer is the distance 
calculation layer. Windows are batched into thread blocks, and the query windows are cached in shared 
memory on the thread blocks, reducing the number of repeated global memory reads. The fourth layer 
is the result output layer. Intra-block counting and compressed writing are used to write only matching 
pairs that meet the threshold to global memory, reducing materialization. 
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The core idea is to transform query joins into offline batch distance calculation tasks. Specifically, 
this can be done by binning based on window length, asset code, fluctuation range, or predicted 
distance range, ensuring that tasks within the same batch have similar computational costs, thereby 
improving the consistency of thread execution. For batch queries, a shared kernel function can be 
defined to perform multiple queries, and shared memory can be used to reuse target sequence slices to 
improve locality of access on the device. 

In addition, the GPU implementation needs to handle the thread hierarchy in detail. Using threads to 
process a single point and using thread blocks to process a single pair of windows is more suitable for 
bandwidth-constrained scenarios. For short-window financial segments, the utilization rate of SM can 
be increased to improve it; while for long-window segments, the number of candidates in the block 
should be reduced to prevent excessive register pressure. This method is consistent with the results of 
Wu et al. on workload-aware GPU connection optimization [1]. 

Table 2. Connection candidate statistics under different window lengths 
Window Windows Pairs MeanDist P01 

16 243 29403 5.612 3.674 
32 235 27495 7.971 6.165 
48 227 25651 9.777 8.018 
64 219 23871 11.296 9.563 
96 203 20503 13.843 12.142 
128 187 17391 15.989 14.289 

 
Table 2 shows the connection statistics for different window lengths. When the window length 

increases from 16 to 128, the total number of windows and candidate pairs decreases, but the low 
quantile of the distance distribution increases. This indicates that longer windows have stronger pattern 
discrimination capabilities, but the cumulative distance length per pass also increases. Therefore, GPU 
implementations cannot simply determine batch size based on the number of candidates; the 
computational density changes caused by window length must also be considered. Short windows are 
suitable for sending large numbers of packets, while long windows are suitable for sending packets 
with strong pre-filtering and small block granularity. 

 

Figure 2. Variation of candidate size and distance quantile under different window lengths. 
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Figure 2 shows that increasing the window length reduces the number of candidates but increases 
the 1% distance quantile. This means that longer windows have fewer similar windows, resulting in 
higher benefits from threshold filtering. For GPU engines, this statistical result can be used to analyze 
the query optimizer. When the window is short and the candidates are concentrated, memory 
bandwidth and result compression should be optimized first; while when the window is long and the 
candidates are sparse, more emphasis should be placed on pre-filtering and kernel function fusion to 
avoid wasting computing power due to a large number of invalid verifications. 

Based on the aforementioned statistical patterns, this paper offers suggestions for implementing 
financial time series joins. First, given sufficient device memory, use a structured array layout to 
arrange the query window and target window, allowing adjacent threads to access contiguous addresses. 
Second, before performing precise distance calculations in shared memory, use low-dimensional 
summaries to quickly eliminate obviously inconsistent cases. Third, process results that reach a 
threshold using prefix counting and compressed write-back to prevent each thread from writing 
atomically and individually. Fourth, when performing joint queries on multiple assets, first batch them 
according to fluctuation ranges to reduce branch divergence within thread bundles. 

Financial time series join queries should not only focus on maximum throughput but also consider 
the stability of the results. If the threshold is set too low, although the GPU can quickly generate many 
matching pairs, these pairs have little practical analytical value; if the threshold is too high, some 
similar segments with interpretable transaction significance will be ignored. Therefore, the system 
design should combine device-side execution and host-side parameter tuning, using offline statistical 
estimation to estimate the distance distribution under different window lengths, and then having the 
query optimizer adaptively generate the threshold and batch size. 

The strategy proposed in this paper is essentially a way to drive hardware mapping using statistical 
cognition. This involves first understanding the candidate distribution and similarity sparsity of 
financial sequences, and then determining the GPU's execution strategy. This avoids forcibly migrating 
general GPU connection operators to financial tasks and lays the foundation for using the same system 
framework when extending to DTW, correlation coefficient distance, or multi-factor distance in the 
future. 

5. Conclusion 

This paper systematically reviews the optimization problem of financial time series similarity join 
queries based on GPU parallel computing. Building upon research findings from the past three years on 
GPU join processing, time series distance calculation, financial series similarity modeling, and retrieval 
enhancement, an analytical framework from an engineering implementation perspective is constructed. 
Research reveals that the main problem in financial time series join queries is not the complexity of a 
single distance function, but rather a bottleneck caused by the combined effects of window 
standardization, candidate enumeration, distance verification, and result materialization. 

Starting with real financial samples, we can observe that financial sequences are non-stationary, 
exhibit significant fluctuation clusters, and state transitions. This dictates that GPU optimization must 
adhere to the principle of "statistical distribution first, then mapping and execution." Based on this 
understanding, this paper proposes a window normalization method based on prefix statistics, a 
candidate filtering method based on summary lower bounds, a batch distance calculation method based 
on shared memory, and a result output method based on compression and write-back. The query 
optimizer needs to adaptively schedule based on window length, fluctuation level, and candidate 
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sparsity. 
There are three areas that can be further explored in the future: first, using Euclidean distance to 

extend to DTW, MPdist, etc.; second, using multi-GPU and streaming incremental computing to 
support larger real-time market data processing; and third, embedding the results of similarity 
connections into event-driven trading, anomaly propagation detection, and risk linkage identification 
systems to form a complete quantitative financial application technology chain. 
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