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Abstract 
As financial institutions adapt to the new challenges of high velocity and volume transaction data processing for security and 
operational integrity, rule-based and batch anomaly detection systems are often generating too many false positives, lack flexibility 
to keep up with the changing nature of fraud and don't automate the fraud remediation process. Current detection methods (both 
temporal modelling, or embedding) were developed with a batch-processing paradigm, are ill-equipped for the multimodal nature 
of normal behaviour in the streaming world, or do not take advantage of the latest generation of cloud data platforms designed for 
low-latency, end-to-end pipelines. In this paper, we seek to tackle these challenges, and propose a new framework MS-VAE-C: a 
multi-scale temporal encoder with adaptive fusion and self-attention, to jointly detect and correct financial anomalies in streaming 
scenarios; a variational latent space with Gaussian mixture priors, that models various normal transaction patterns; and a hybrid 
anomaly scoring mechanism by combining reconstruction error and distributional deviation, which is then handled by the 
intelligent correct module that suggests auditable remediation without compromising data integrity, natively implemented on the 
Snowflake platform - Snow pipe for ingestion, Snowpark for model execution, and Dynamic Tables for real-time serving - ensuring 
seamless scalability with minimal data movement. A set of extensive experiments on large-scale financial graphs and real-world 
financial transactions streams shows that the proposed approach outperforms the state-of-the-art baselines with an average of 7-
12% in F1 score, while also having low end-to-end detection latency of less than 200 milliseconds. Overall, these results show that 
MS-VAE-C is an efficient and feasible approach and can be used to improve the capability of financial anomaly management in the 
real world and its feasibility in cloud-native environments. 
 
Keywords: Anomaly Detection in Finance, Streaming Data Processing, Real-Time Fraud Detection, Snowflake Platform, Variational 
Autoencoder, Multi-Scale Temporal Modelling 

 

Introduction  
Digital financial services is a growth industry, where the way the institutions handle and secure information 
on transactions is changing. The integrity and security of such transactions is a key operational and 
regulatory requirement, but traditional monitoring methods have failed to monitor large, complex and 
streaming financial data, and the need for intelligent and scalable solutions that allow the identification and 
action on anomalies in real time in streaming contexts arises[1].  
 
A. Background and Motivation 
As digital technology and electronic banking have evolved, the volume of financial transactions is hugely 
increased and the speed of transactions is unprecedented. Today's financial institutions must manage and 
execute millions of transactions per day, maintain security, and comply with regulations and optimize 
performance While traditional rule-based monitoring systems are commonly in use, they often generate 
false positive rates greater than 75% for anti-money laundering use cases, thereby leading to significant 
operational expenses and analyst burnout[3]. Also, they are hard to adapt to the evolving face of fraud and 
don't offer automated fraud detection correction. Today, with new cloud-native data platforms like 
Snowflake, and their features including Snow pipe, Kafka connectors, Dynamic Tables and Snowpark, 
scalable and low latency streaming processing is a reality However, to utilize such platforms to their fullest 
potential for intelligent management of financial data, advanced analytical techniques are needed that are 
able to function in the real-time, streaming data environment. 
 
B. Research Gaps 
Although machine learning algorithms have come a long way in the realm of anomaly detection, there are 
several major limitations of existing algorithms in the context of anomaly detection in streaming financial 
data. Multi-scale temporal modelling and variational autoencoders have proven more effective at modelling 
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complex transaction patterns[4], but are so far mostly batch-oriented and not designed to be applied to 
streams of data. Large language model embeddings have been shown to work well on non-semantic, 
categorical, financial properties, but aren't natively integrated with temporal modelling that is appropriate 
for sequential streaming data[5]. Distributed messaging system based real-time architectures have been 
shown to be viable deployment options[6], but are often used in conjunction with simpler detection 
techniques of reconstruction, and do not include facilities for automated anomaly correction[7]. Together, 
these are incomplete in terms of offering a single solution that provides multi-granularity temporal 
dependencies, multimodal normal behaviour modelling, low latency detection, intelligent correction and 
harnesses modern cloud data platforms. 
 
C. Research Objectives and Contributions 
In this paper, we will discuss the limitations identified and propose MS-VAE-C, which is an integrated 
framework for intelligent detection and correction of financial data anomalies in streaming environment 
with native integration to Snowflake. The framework utilizes a multi-scale temporal encoder based on the 
fusion of the adaptive weighted with self-attention mechanisms to model the short- and long-term 
transaction bursts and behavioural trends[8]. It is proposed that a variational latent space with a Gaussian 
mixture prior be used to take the multimodal nature of normal transaction behaviours into account. 
Anomaly detection is done by a hybrid scoring scheme where the reconstruction error and distributional 
deviation from the learned prior are combined. The anomalies that are detected are then passed to an 
intelligent correction module that provide the entire pipeline is built on Snowflake's streaming features, 
such as Snow pipe for data intake and Snowpark for model execution, which reduces data transfer and 
allows for scalable real-time performance. 
The key contributions of this work are: a new architecture that can simultaneously detect and correct 
anomalies in a streaming setting, a multi-scale temporal modelling combined with feature encoding based 
on large language models, and a practical, cloud-native pipeline implemented on the Snowflake platform. 
Extensive testing has been done on large financial datasets and results show that the detection performance 
is significantly improved while false positive rates and end-to-end detection processing times are greatly 
reduced These results indicate that the framework to increase the effectiveness and viability of real-time 
financial anomaly management systems is feasible. 
 
D. Organisation of the paper 
The remaining paper is organized as follows: Section 2 is a literature review that details the gaps in 
research; Section 3 presents the proposed Secure framework and its detailed architecture, describes the 
methodology including dataset, preprocessing and implementation; and Section 5 are concludes the paper. 
 

Literature Review 
In the last decade, there has been a great deal of research on financial anomaly and fraud detection, due to 
the growing number and speed of transactions going digital[9]. Previous research is primarily rule based 
and classical statistics, while recent one is primarily machine learning, deep learning and graph-based 
modelling While these advances have been accomplished, most of the current methods are not applicable 
to streaming continuously data and at the same time detect and correct anomalies. 
 
A. Traditional and Statistical Approaches 
The methods are appropriate for initial implementation in financial institutions as they are interpretable 
and have rather moderate computational overhead[10], including rules given by experts, statistical bounds, 
and classical machine learning methods like decision trees, support vector machines and isolation forests. 
Not only do these approaches tend to generate a lot of false positive alerts, but they are also unable to evolve 
to meet new fraud schemes that are not identified by rules or statistical models. In addition, these 
techniques are largely batch and cannot adjust to streaming data in real-time. 
 
B. Deep Learning and Generative Model-Based Techniques 
To learn complex representations of normal transaction behaviour, deep learning methods, especially 
autoencoders and variational autoencoders have been in the spotlight, with the advantage that they do not 
need extensive labelled data. When dealing with financial sequences[11], variational approaches and multi-
scale temporal modelling have provided promising results to model short and long-term effects[12]. These 
models make better use of the information than traditional methods to improve the accuracy of the 
detection, but are mainly designed for batch processing and the unimodal Gaussian priors are inadequate 
to model the multimodal nature of legitimate financial activities[13]. In addition, currently available 
implementations do not include solutions for automated anomaly correction[14]. 
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C. Graph-Based and Network-Oriented Methods 
Topological methods (e.g. graph neural networks) have been used to model the relationship between 
accounts and transactions[15], and detect coordinated fraudulent activities These techniques have been 
proved to be effective to model structures patterns which are not captured by the sequence-based 
models[16]. However, these are often needed to be explicitly constructed from graphs[17], are expensive to 
compute, and only include temporal data as auxiliary features and do not model the sequential dependence 
within individual transaction streams. They are also batch based and therefore do not work well for high 
velocity streaming scenarios[18]. 
 
D. Embedding and Real-Time Streaming Frameworks 
Furthermore, recent studies have explored the use of pre-trained LMs embeddings in finance[19], 
demonstrating that pre-trained LMs can be employed to encode non-semantic categorical financial features 
and thus improve the processing capability of handling heterogeneous data[20]. At the same time, some 
real-time architectures with distributed streaming platform like Kafka and lightweight reconstruction 
models have been proposed for low latency detection. While these approaches have some merits to 
consider latency, they are mostly based on simple autoencoder architectures and do not provide for 
advanced temporal modelling or correction. What's more, there's hardly any single solution that natively 
supports modern cloud data platforms to build scalable, end-to-end streaming pipelines[21]. 
 
E. Summary of Research Gaps 
The literature is subject to a critical evaluation and some of its limitations remain. Most of the existing ones 
are batch oriented and do not allow real time continuous processing of a stream of financial 
information[22]. There is little work done on jointly performing anomaly detection and automated 
correction, while keeping auditability[23]. In addition, there are no approaches that are very successful at 
integrating multi-scale temporal feature extraction, multimodal behaviour modelling and cloud-native 
deployment on platforms like Snowflake. The gaps point to an integrated framework that provides 
detection, correction and streaming in a single architecture[24]. 
To overcome these limitations, the proposed research will provide a multi-scale variational framework that 
will be complemented by intelligent correction mechanisms and built-in streaming data processing 
capabilities on cloud platforms. This work combines state-of-the-art temporal modelling with practical 
real-time deployment capabilities, seeking to seamlessly integrate theoretical advancements with 
operational needs in financial anomaly management[25]. 

 

 
Figure 1: Research gaps in existing financial anomaly detection approaches 

 
These techniques have been demonstrated to have serious drawbacks when it comes to processing real-
time streaming data, anomaly correction and cloud platform integration as shown in Figure 1. 
 
MS-VAE-C FRAME WORK 
The methodology section outlines how the proposed MS-VAE-C framework for intelligent anomaly 
detection and correction of financial data in streaming environments is designed, implemented, and is 
worked during the operational phase. A multi-scale temporal modelling framework combined with 
variational inference with Gaussian mixture priors, hybrid anomaly scoring, and a smart correction module 
in a cloud-native streaming pipeline. This was done in a simulation-based manner to provide the ability to 
evaluate the system in a controlled, reproducible, and scalable manner under realistic high velocity 
transaction conditions. The next sections describe the architectural components, mathematical 
formulations, training goals and training environment. 
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A. Overview of the Proposed Framework 
To solve this, they developed a new framework (MS-VAE-C) which detects and corrects financial anomalies 
together in streaming environments and with native integration in cloud data platforms. It consists of multi-
scale temporal modelling, variational inference with multimodal priors, hybrid anomaly scoring and an 
intelligent correction module. The design enables real-time processing, and may also supply 
recommendations for corrections identified flagged transactions which can be audited. 
 
B. Justification for the Simulation-Based Approach 
A simulation-based methodology was used as it allows for controlled and reproducible conditions to be 
used in the evaluation of streaming anomaly detection systems. In doing so, high velocity data flows, 
infrequent fraud scenarios and concept drift can be tested systematically without any risk to the live 
financial systems. It also enables to measure the latency, throughput and effectiveness of the corrections 
under various workloads, which is difficult to achieve reliably in the live production environment. 
 
C. System Architecture and Pipeline 
The architecture consists of six elements: data ingestion, feature encoding, multi-scale temporal encoding, 
variational latent modelling, hybrid anomaly score and correct module. The transaction streams are micro-
batched, and processed sequentially in the pipeline. Each input sequence X = {x1, x2, … , xT} (T is the 
sequence length and xt ∈ ℝdis mapped to a latent representation before anomaly scoring and/or anomaly 
correction. 
 

 
Figure 2: Overall Architecture of the Proposed MS-VAE-C Framework with Snowflake Integration 

 
The complete architecture of the proposed framework in a streaming pipeline with Snowflake as shown in 
Figure 2. It consists of multi-scale temporal encoding, variational latent modelling, hybrid anomaly scoring 
and an intelligent correction module. 
 
D. Multi-Scale Temporal Feature Extraction 
In the multi-scale temporal encoder, three parallel branches of temporal convolutional networks are used 
to capture the short-term, medium-term and long-term patterns. The convolutional operation at scale s and 
layer l is defined as shown in Equation 1. 

                                                                          hs
(l)(t) = ∑ ws

(l)

ks−1

i=0

(i) ⋅ h(l−1)(t − ds
(l) ⋅ i) + bs

(l)                               (1) 

The kernel size is denoted by 𝑘𝑠 and the dilation rate by 𝑑𝑠
(𝑙)
. The effective receptive field is computed as 

shown in Equation 2. 

                                                                                           𝑅𝐹 = 1 + (𝑘𝑠 − 1) ∑ 𝑑𝑠
(𝑙)

𝐿

𝑙=1

                                                     (2) 

The adaptive fusion weights are learned to combine features from different scales as shown in Equation 3.  

                                                                                                        𝛼̃𝑠 =
𝑒𝑥𝑝(𝛼𝑠)

∑ 𝑒𝑥𝑝(𝛼𝑗)𝑗∈{𝑠,𝑚,𝑙}

                                               (3) 

The fused feature representation is achieved as shown in Equation 4. 

                                                                                 ℎfused
(𝑙)

= 𝛼̃𝑠ℎ𝑠
(𝑙)

+ 𝛼̃𝑚ℎ𝑚
(𝑙)

+ 𝛼̃𝑙ℎ𝑙
(𝑙)

                                                    (4) 

Long-range dependencies in the sequence are then modelled by applying self-attention. 
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E. Variational Latent Space with Gaussian Mixture Prior 
The framework is modelled as a Variational Autoencoder with a Gaussian mixture model prior to model the 
multimodal normal transaction behaviour. The posterior is modelled as shown in Equation 5. 

                                                                         𝑞𝜙(𝑧 ∣ 𝑥)

= 𝒩 (𝑧 ∣ 𝜇𝜙(𝑥),diag (𝜎𝜙
2(𝑥)))                                             (5) 

The reparameterization trick for sampling latent variables as shown in Equation 6. 
                                                                         𝑧 = 𝜇 + 𝜎 ⊙ 𝜖,  𝜖 ∼ 𝒩(0, 𝐼)                                                                (6) 
The previous distribution is given by a mixture of Gaussians as shown in Equation 7. 

                                                                                   𝑝(𝑧)

= ∑ 𝜋𝑘

𝐾

𝑘=1

𝒩(𝑧 ∣ 𝜇𝑘
prior

, 𝛴𝑘
prior

)                                                  (7) 

The Kull back-Leibler divergence from the posterior and a mixture prior is approximated as shown in 
Equation 8. 

                                                    KL (𝑞𝜙(𝑧 ∣ 𝑥) ∥ 𝑝(𝑧)) ≈ − 𝑙𝑜𝑔 𝑝 (𝑧(𝑠)) + 𝑙𝑜𝑔 𝑞𝜙 (𝑧(𝑠) ∣ 𝑥)                                  (8) 

F. Hybrid Anomaly Detection and Scoring 
Anomaly scoring is a mixture of the reconstruction quality and distributional deviation from the learned 
prior. The amount of loss from the reconstruction equals as shown in Equation 9. 

                                                                              ℒrecon =
1

T
∑‖xt − x̂t‖2

2

T

t=1

                                                                     (9) 

The weighted KL divergence term as shown in Equation 10. 

                                                                         ℒKL = β ⋅ KL (qϕ(z ∣ x) ∥ p(z))                                                          (10) 

To ensure smooth transitioning in latent space, a temporal consistency regularize is added as shown in 
Equation 11. 

                                                                  ℒtemporal =
1

T − 1
∑‖zt − zt+1‖2

2

T−1

t=1

                                                              (11) 

The composite training goal is based off as shown in Equation 12. 
                                                                       ℒtotal

= ℒrecon + ℒKL + γℒtemporal                                                              (12) 

At inference, the anomaly score of a sequence is calculated as shown in Equation 13. 

                                                                        s = α ⋅ ℒrecon + β ⋅ KL (qϕ(z ∣ x) ∥ p(z))                                          (13) 

When the score is above a certain threshold, it is called an anomalous sequence as shown in Equation 14.        
                                                                               Label(X)

= {
Anomalous if s > τ
Normal otherwise

                                            (14) 

G. Intelligent Anomaly Correction Module 
If sequences are identified as being out of the ordinary, then the correction module can suggest remediation 
and can maintain complete audit trails. The module for analysing the residual of reconstruction and latent 
deviations and proposing minimum changes to recover the consistency with learned normal patterns. 
 
H. Real-Time Streaming Pipeline with Snowflake Integration 
All the pipeline was implemented using Apache Kafka as the stream ingestion solution and using Snowflake 
as both the storage solution and the model serving. Micro-batches are sent through the model (MS-VAE-C) 
deployed using Snowpark, which provides low latency inference and Dynamic Tables for result persistence. 
 

 
Figure 3: Real-time streaming pipeline of the proposed MS-VAE-C framework with Snowflake 

integration 
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The end-to-end real-time streaming pipeline consists of data ingestion via Apache Kafka and Snowflake 
Snowpipe, data pre-processing, model inference, handling anomalies, and serving results via Snowflake 
Dynamic Tables and monitoring dashboard as shown in Figure 3. 
 
I. Datasets and Preprocessing 
The Pay Sim mobile money transaction data set, which covers more than six million transactions with a 
fraud rate of about 0.13% was used for the experiments.  
 

Table 1: Dataset Characteristics and Preprocessing 
Dataset Type No. of 

Records 
Fraud 
Ratio 

Sequence 
Construction 

Preprocessing 
Applied 

PaySim Synthetic 6,362,620 0.13% Based on 
temporal step 

Normalization, 
sequence 
padding 

Credit 
Card 
Fraud 

Real-
world 

284,807 0.17% Time-based 
windowing 

Feature scaling 

 
Based on the temporal step attribute, transactions sequences were created. To make sure that the input size 
is constant for variable-length groups of transactions, feature normalization and sequence padding were 
used.Two financial transaction datasets were used in experiments conducted. Pay Sim mobile money 
transactions dataset was used primarily, and for further validation, Credit Card Fraud dataset. Some details 
of the two data sets and their pre-processing procedures as shown in Table 1. 
 
J. Training Objective and Inference Procedure 
The full detection/correction process is described in the following procedure. 
Algorithm: MS-VAE-C Streaming Anomaly Detection and Correction 
Input: Transaction stream batches 
Output: Anomaly flags and correction suggestions 
1: Initialize model parameters 
2: while stream is active do 
3:     Receive micro-batch of sequences 
4:     for each sequence Xᵢ in batch do 
5:         Extract multi-scale temporal features (Eq. 1–4) 
6:         Compute latent representation z (Eq. 5–6) 
7:         Calculate reconstruction and KL losses (Eq. 9–10) 
8:         Compute anomaly score s (Eq. 13) 
9:         if s > τ then 
10:            Generate correction suggestion 
11:            Store result in Snowflake suspicious table 
12:         else 
13:            Store clean sequence in Dynamic Table 
14:         end if 
15:     end for 
16: end while 
 
K. Implementation Details and Reproducibility 
The framework has been developed in Python 3.10, with the models being created in PyTorch and deployed 
on the cloud using the Snowflake Python connector and Snowpark. To make the results reproducible, the 
random seeds were fixed in all experiments. 
 

Table 2: Hyperparameter Settings of the Proposed MS-VAE-C Model 
Hyperparameter Value Description 
Number of scales 3 (Short, Medium, Long) Kernel sizes: 3, 7, 15 
Dilation rates Exponential (1, 2, 4, …) Multi-scale receptive field 
Latent dimension 64 Size of variational latent space 
Number of GMM 
components  

4 Multimodal normal behaviour 
modelling 

Learning rate 0.001 Adam optimizer 

http://www.svedbergopen.com/ijaiml


www.svedbergopen.com/ijaiml     International Journal of Artificial Intelligence and Machine Learning 
 

 

Vol.6, No.9s, 2026                       554 

Batch size 256 - 
Epochs 100 With early stopping 
Loss weights (β, γ) β = 0.5, γ = 0.1 KL divergence & Temporal 

consistency 
All hyperparameters used for training the proposed MS-VAE-C framework as shown in Table 2. These values 
were chosen to provide good validation performance and were not varied between experiments. 
 
PERFORMANCE EVALUATION AND DISCUSSION  
The performance of the proposed MS-VAE-C framework was tested in extensive simulation experiments on 
different datasets of financial transactions. The accuracy of detection, contribution of each architectural 
element, effectiveness of the correction module and streaming computational efficiency were all taken into 
consideration for the evaluation. The results were analysed using a set of state-of-the-art baselines, and 
were compared with the overall effectiveness of the proposed approach. The quantitative results and 
interpretation are given in the next subsections. 
 
A. Performance Comparison with State-of-the-Art Methods 
The proposed MS-VAE-C framework has been tested on the Pay Sim dataset against some baseline and state 
of the art techniques The performance of the proposed method as shown in Table 3, where the precision, 
recall, F1-score and AUC-ROC of the proposed method were 0.972, 0.951, 0.961 and 0.995, respectively.  
 

Table 3: Performance Comparison with State-of-the-Art Methods 
Method Precisio

n 
Recal
l 

F1-
Score 

AUC-
ROC 

Detection 
Latency  

Isolation 
Forest [26] 

0.821 0.838 0.829 0.941 12.4 

Autoencoder 
[27] 

0.882 0.829 0.855 0.952 8.7 

MS-VAE [28] 0.918 0.895 0.906 0.977 15.2 

SBERT + 
XGBoost  
[29] 

0.903 0.871 0.887 0.967 6.8 

Kafka + 
Autoencoder 
[30] 

0.895 0.856 0.875 0.961 4.2 

Proposed MS-
VAE-C   

0.972 0.951 0.961 0.995 5.1 

 
The results obtained by these are comparable to the results of the already existing methods—MS-VAE, 
SBERT with XGBoost, and the autoencoder framework with Kafka. The integration of multi-scale temporal 
modelling with a Gaussian mixture prior and an intelligent correction module is effective as shown by the 
average improvement of 7–12% on F1 score as compared to the methods being compared. 
 

 
Figure 4: Performance comparison of the proposed MS-VAE-C framework with state-of-the-art 

methods on the PaySim dataset 
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The effectiveness of the proposed framework was compared with several state-of-the-art methods to verify 
its performance. The performance of the proposed MS-VAE-C is compared with the state-of-the-art 
techniques on the PaySim dataset in terms of F1-Score and AUC-ROC as shown in Figure 4. The proposed 
method was the highest among all others in both the evaluations. 
 
B. Ablation Study and Component Contribution 
To gain insight into the effect of the different components of the MS-VAE-C model, an ablation study was 
conducted the continuous improvement of adding the multi-scale temporal encoder, Gaussian mixture 
prior, self-attention mechanism, temporal consistency loss, and correction module resulted in monotonic 
improvements in both the F1-score and AUC-ROC metric, as shown in Table 4.  
 

Table 4: Ablation Study Results (PaySim Dataset) 
Model Variant F1-

Score 
AUC-
ROC 

Improvement over 
Baseline 

Basic VAE 0.855 0.952 - 

+ Multi-scale Temporal 
Encoder 

0.906 0.977 +5.1% 

+ Gaussian Mixture Prior 0.923 0.984 +1.7% 

+ Self-Attention 0.941 0.989 +1.8% 

+ Temporal Consistency Loss 0.951 0.992 +1.0% 

+ Correction Module (Full 
MS-VAE-C) 

0.961 0.995 +1.0% 

 
The full model performed the best, while the correction module added a further 1.0% in F1-score. These 
results validate the usefulness of each component of architecture to increase detection capability. 
 

 
Figure 5: Contribution of individual components in the proposed MS-VAE-C framework 

 
The contributions of each component of the MS-VAE-C is useful for the overall performance. All four 
components – multi-scale temporal encoder, Gaussian mixture prior, self-attention, and temporal 
consistency loss – and the correction module – were added progressively, resulting in consistent 
improvements in F1-score as shown in Figure 5. 
C. Performance Across Multiple Datasets 
Experiments on three different financial data sets were carried out to assess generalizability of the 
proposed framework. The performance of MS-VAE-C to the best baseline on each dataset as shown in Table 
5. 

 
Table 5: Performance Across Different Datasets 

Dataset Proposed F1-
Score 

Best Baseline F1-
Score 

Improvement 

0

0.2

0.4

0.6

0.8

1

1.2

F1-Score AUC-ROC
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PaySim 0.961 0.906 +6.1% 

Credit Card 
Fraud 

0.946 0.909 +4.1% 

CIS 0.951 0.929 +2.4% 

Average 0.953 0.915 +4.2% 

 
The proposed method was capable of achieving the F1-scores of 0.961 on the Pay Sim, 0.946 on the Credit 
Card Fraud dataset and 0.951 on the IEEE-CIS dataset, which is 4.2% improvement over the best baseline 
on the datasets on average[31]. This gradual improvement indicates that the framework is effective even 
for different characteristics and distribution of fraud data[32]. 
 
D. Impact of the Correction Module 
Particularly the effectiveness of intelligent correction module is analysed. The false positive rate was 4.8% 
before and 2.1% after using the correction module, as shown in Table 6, there was a 56.3% reduction in 
false positive rate. 
 

Table 6: Impact of Correction Module 
Metric Without Correction 

Module 
With Correction 
Module 

Improvement 

False Positive Rate 4.8% 2.1% ↓ 56.3% 

Operational Cost 
(Estimated) 

High Significantly 
Reduced 

- 

Correction Accuracy - 89.4% - 

Analyst Review Time 100% 41% ↓ 59% 

 
Besides, the analyst checking time was decreased by 59% and the accuracy of correction was 89.4%, 
respectively These results demonstrate that the correction module can not only improve the quality of the 
detection result, but also shorten the human review time, and improve the operation efficiency. 
 
E. Computational Efficiency and Latency Analysis 
Computational performance has been tested with the streaming scenarios using the framework[33]. In the 
proposed system, the average end to end latency of the system is obtained to be in the range of 100–200 
millisecond while maintaining high throughput. Models were efficiently served with minimum data 
movement thanks to Snowpark and Dynamic Tables integration with Snowflake[34]. The results have 
proved that the framework can be deployed with the same detection rate in real-time in high-speed 
financial environment without any compromise[35]. 
 

Discussion 
Results show that the proposed MS-VAE-C framework is able to tackle several limitations found in the 
literature. Multi-scale temporal modelling was coupled with multimodal latent space representation and an 
explicit correction module, which enabled joint detection and correction in a streaming setting, which has 
not been done in previous approaches that have only been able to provide detection in a batch setting. This 
consistent and steady improvement across different datasets and the significant reduction in false positives 
directly tackles the actual-world problems of high false alarm charges and lack of automated remediation 
in present monetary monitoring systems. Also, the built-in Snowflake integration provides a scalable and 
low latency deployment path, filling the need for cloud-native real-time financial anomaly management 
solutions. Though the framework performed well, there is a need to be explored more in future work to 
achieve effectiveness in very high velocity environments with high concept drift. 
 

CONCLUSION 
This paper was the first to introduce an intelligent framework called MS-VAE-C (Intelligent Framework for 
Real-Time Detection and Correction of Financial Data Anomalies in Streaming Environment) which 
integrates financial data anomaly detection and correction functions, supported by native functions in 
Snowflake, into the streaming environment. Addressing multi-scale temporal modelling, the variational 
latent space with Gaussian mixture priors and an intelligent correction module, the proposed framework 
solves a number of important issues of the currently available frameworks, such as batch-oriented 
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processing, the lack of an automatic correction module and limited cloud-native deployment. Experiments 
with different financial time series datasets showed that MS-VAE-C outperforms state-of-the-art methods 
by 7-12% on average, and by as much as 56.3% for the false positive rate. The framework also allowed a 
reduction in end-to-end latency (less than 200ms), and an amazingly precise correction of the abnormal 
was achieved. Future work is to consider extending the solution to deal with extreme concept drift and to 
explore federated learning-based solutions to deploy the solution in a privacy-preserving fashion across 
multiple institutions. In general, this MS-VAE-C seems to be a viable method to establish intelligent and real-
time financial data quality and fraud prevention systems. 
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