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Abstract 

The landscape of digital threat intelligence has undergone a fundamental 
transformation as contemporary threat actors leverage social platforms 

and messaging channels to coordinate activities at unprecedented speeds, 
rendering traditional post-incident forensics inadequate for addressing 
threats that materialize within minutes. This article presents a 

comprehensive framework for engineering distributed machine learning 
pipelines that process high-velocity unstructured text streams in real-

time, enabling proactive threat detection before security incidents 
escalate. The proposed architecture integrates distributed stream 
processing frameworks with sophisticated natural language processing 

models, leveraging bidirectional transformer architectures and attention 
mechanisms to extract semantic threat indicators from social media feeds, 

web scrapes, and forum discussions. Advanced anomaly detection 
methodologies combine statistical baselines, graph-based network 
analysis, and ensemble learning approaches to identify subtle deviations 

in communication patterns, sentiment trajectories, and narrative 
structures that signal coordinated threat campaigns. The system employs 

multi-class classification models with active learning strategies to 
categorize detected anomalies into threat intelligence taxonomies while 
continuously adapting to evolving attack patterns through feedback loops 

incorporating analyst corrections and incident outcomes. Implementation 
considerations address computational overhead through model 

quantization, batch processing strategies, and horizontal scalability 
mechanisms that enable throughput growth from thousands to millions of 

messages per second while maintaining sub-second latency requirements 
essential for real-time threat mitigation. 
 

Keywords: Real-Time Threat Detection, Distributed Stream Processing, 
Natural Language Processing, Anomaly Detection, Machine Learning 
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Introduction 

The speed of communication and connectivity has changed dramatically, and so have the 

conditions under which threats emerge. Platforms such as social media, forums, and 

messaging applications are used by cybercriminals and other malicious actors to organize 

themselves, leak data, and increase a crisis event. As the emergence of social media has 

provided cybercriminals with a main distribution method, security teams have struggled to 

analyze the unstructured content dynamically created through social media, such as threat 

groups discussing vulnerabilities, documenting their exploitation, and planning attacks [1]. 

Customary forensic and batch-processing models do not work on threats that may start and 

expand within minutes, and threat intelligence requires the extraction of semantic meaning 

from natural language, technical language, and coded language present in benign social media 
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posts and discussion forums. To this end, this shift implies novel architectures that can, at the 

speed of publication, reduce an ocean of linguistic data to actionable intelligence, by means of 

distributed machine learning frameworks to distinguish bona fide security discussion from 

security indicators. 

By adopting newer stream processing technologies, coupled with advanced natural language 

processing, organizations can detect anomalies, sentiment fluctuations, and trends in the 

making before the actual security breach occurs. Studies show that most social media 

platforms act as a good source of early warning. Threat actors publicly disclose information 

about newly discovered vulnerabilities, data breaches, and distributed attacks before 

announcing general or public disclosure [1]. Extracting valuable threat intelligence data from 

social media is challenging. Systems with semantic analysis, entity extraction, and context 

analysis capabilities must discern potential attacks from benign signals. Thus, the current 

approach typically involves natural language processing (NLP) methods and machine learning 

(ML) classifiers to detect relevant content. This entails extracting indicators of the threat, 

stitching together the fragments of information into a coherent story. The research of 

cybersecurity is continuously evolving in this area [1]. Combining real-time analytics with 

historical threat data enables security teams to anticipate possible attack vectors based on the 

progression of information exchanges or technical details within the communities of threat 

actors. 

Distributed machine learning pipelines can fulfill the demands of a low-latency processing of 

these fast-moving data streams to enable proactive threat response. Social media streams, web 

scrapes, and dark web monitoring outputs can be continuously ingested and analyzed by 

stream processing frameworks, such as natural language processing (NLP) models to conduct 

feature extraction for technical terms and named entities like software vulnerabilities and 

targeted companies, as well as emotion scoring for threat activity spikes [2]. The architecture 

must be balanced between throughput and accuracy (detecting a threat while processing 

millions of incoming messages) to avoid alert fatigue on the part of security analysts. Moving 

from a reactive to a predictive security model allows security analysts to disrupt a threat 

during a reconnaissance phase (i.e., probing for weaknesses) rather than when the threat is 

actively being exploited. 

 

Distributed Stream Processing Architecture 

The foundation of real-time threat detection rests upon distributed stream processing 

frameworks capable of ingesting massive volumes of unstructured text without bottlenecks. 

Stream processing architectures partition incoming data across computational clusters, 

enabling parallel processing of social media feeds, web scrapes, forum discussions, and news 

sources simultaneously. Modern distributed stream processing engines provide unified 

frameworks that handle both real-time streaming data and batch processing workloads within 

a single architectural paradigm, eliminating the complexity of maintaining separate systems 

for different data velocity requirements [3]. These frameworks employ sophisticated data flow 

programming models where computations are expressed as directed acyclic graphs, with data 

flowing through operators that perform transformations, aggregations, and stateful operations 

across distributed nodes. The system maintains stateful operations across distributed nodes, 

allowing temporal pattern recognition and context preservation across message sequences, 

which proves essential for threat detection scenarios requiring correlation of events across 

time windows spanning seconds to hours. State management mechanisms enable operators to 

maintain information about previously observed patterns, user behaviors, and historical 

baselines, with this state being partitioned and distributed across cluster nodes to enable 

parallel processing while preserving the consistency required for accurate anomaly detection 

[3]. 

Backpressure mechanisms ensure stability during traffic spikes by dynamically adjusting data 

ingestion rates when downstream processing operators become overwhelmed, preventing 

cascade failures and memory exhaustion that could compromise system availability during 

critical threat events. Checkpoint protocols guarantee fault tolerance and exactly-once 

processing semantics through periodic snapshotting of operator state and message positions, 
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enabling recovery from node failures without data loss or duplicate processing [4]. Research 

demonstrates that checkpoint intervals can be tuned to balance recovery time objectives 

against the overhead of state serialization, with typical production deployments achieving 

checkpoint completion times measured in seconds even for state sizes reaching gigabytes [4]. 

The architecture separates ingestion layers from processing layers, creating modularity that 

accommodates diverse data sources ranging from API streams to message queues, each with 

distinct velocity characteristics and schema requirements. This separation enables 

independent scaling of ingestion and processing components, allowing organizations to add 

data sources without redesigning core processing logic. 

The distributed nature of stream processing frameworks enables horizontal scalability where 

computational capacity expands by adding nodes to the cluster rather than upgrading 

individual machines, supporting throughput growth from thousands to millions of messages 

per second as monitoring scope expands [3]. Discretized stream processing approaches divide 

continuous data streams into small batches processed at sub-second intervals, providing a 

programming model that simplifies reasoning about streaming computations while achieving 

latencies low enough for real-time threat detection applications [4]. These micro-batches 

enable efficient recovery from failures by recomputing only the affected batch rather than 

replaying entire event streams, with lineage tracking mechanisms automatically identifying 

which computations require re-execution [4]. The combination of fault tolerance guarantees, 

stateful processing capabilities, and elastic scalability creates architectures capable of 

maintaining continuous threat monitoring operations despite hardware failures, network 

partitions, or extreme traffic variations that would overwhelm traditional batch processing 

systems. 

 

 
 

Table 1:  Distributed Stream Processing Architecture Performance Characteristics [3, 4] 

 

Metric Capability Performance Range 

Throughput Scalability 
Horizontal scaling through 

node addition 

Thousands to millions of 

messages/second 

Checkpoint Completion 

Time 

State serialization for fault 

tolerance 

Seconds (even for gigabyte-sized 

states) 

Processing Latency Micro-batch interval duration Sub-second intervals 

State Management Distributed stateful operations Partitioned across cluster nodes 

Recovery Granularity Batch-level recomputation 
Single affected batch (not entire 

stream) 

Fault Tolerance 
Exactly-once processing 

semantics 
Zero data loss or duplication 
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Natural Language Processing Model Integration 

Integrating sophisticated NLP models into streaming pipelines demands careful consideration 

of latency constraints and computational overhead. The system employs pre-trained language 

models fine-tuned for threat detection domains, including sentiment analysis, named entity 

recognition, topic classification, and semantic similarity matching. Bidirectional transformer 

architectures have revolutionized natural language understanding by introducing deep 

bidirectional representations that capture contextual information from both left and right 

directions simultaneously, enabling models to understand nuanced linguistic patterns essential 

for threat detection [5]. These pre-trained language models leverage masked language 

modeling techniques where random tokens are masked during training, and the model learns 

to predict them based on surrounding context, creating representations that understand 

semantic relationships, syntactic structures, and domain-specific terminology [5]. Model 

deployment strategies balance accuracy against inference speed, utilizing quantization 

techniques and model distillation to reduce computational footprints without sacrificing 

detection capabilities. The base architecture typically consists of twelve transformer layers 

with hidden sizes of 768 dimensions and twelve attention heads, resulting in models 

containing approximately 110 million parameters that require substantial computational 

resources during inference [5]. Fine-tuning these models for specific threat detection tasks 

involves additional training on domain-specific corpora, adjusting the pre-trained weights to 

recognize cybersecurity terminology, vulnerability descriptions, and threat actor 

communication patterns. 

Feature extraction pipelines transform raw text into numerical representations through 

tokenization, embedding generation, and contextual encoding, creating high-dimensional 

feature spaces that capture linguistic nuances critical for threat identification. The 

tokenization process employs WordPiece vocabulary containing 30,000 tokens, enabling 

efficient representation of technical terminology and rare words through subword 

decomposition that breaks unfamiliar terms into known components [5]. This approach proves 

particularly valuable for cybersecurity applications where new vulnerability names, malware 

variants, and attack techniques constantly emerge, requiring models to generalize beyond 

their training vocabulary. The architecture supports dynamic model updates, enabling 

continuous learning from emerging threat patterns while maintaining service availability 

across the processing pipeline. Attention mechanisms within transformer architectures enable 

models to weigh the importance of different words when processing each token, allowing the 

system to focus computational resources on semantically significant portions of text while 

maintaining awareness of broader context [6]. Research demonstrates that attention-based 

models can capture long-range dependencies spanning entire documents, essential for 

understanding threat narratives that unfold across multiple sentences or paragraphs [6]. 

The integration of these sophisticated language models into real-time streaming pipelines 

requires optimization strategies that reduce inference latency without compromising detection 

accuracy. Transformer architectures employ multi-head attention mechanisms that parallelize 

computation across multiple representation subspaces, enabling efficient processing on 

modern hardware while capturing diverse linguistic patterns simultaneously [6]. The self-

attention mechanism computes relationships between all pairs of positions in the input 

sequence, creating rich contextual representations that understand how different parts of a 

threat description relate to each other [6]. Implementation considerations include batch 

processing strategies where multiple text samples are encoded simultaneously to amortize 

computational overhead, and model caching mechanisms that reuse embeddings for 

frequently observed text patterns, collectively enabling throughput sufficient for processing 

high-velocity social media and web data streams in near real-time. 
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Table 2: Transformer-Based NLP Model Architecture Specifications [5, 6] 

 

Component Specification Value/Description 

Transformer Layers Model depth 12 layers 

Hidden Size Feature dimensions 768 dimensions 

Attention Heads Parallel attention mechanisms 12 heads 

Total Parameters Model complexity ~110 million parameters 

Vocabulary Size WordPiece tokenization 30,000 tokens 

Bidirectional Processing Contextual understanding Left and right direction capture 

 

Anomaly Detection and Pattern Recognition 

Real-time anomaly detection extends beyond simple keyword matching to identify subtle 

deviations in communication patterns, sentiment trajectories, and narrative structures. 

Statistical baselines establish normal behavior profiles for monitored channels, accounts, and 

topic clusters, enabling deviation scoring that triggers alerts when anomalous patterns emerge. 

Anomaly detection encompasses a broad spectrum of techniques designed to identify patterns 

in data that do not conform to expected normal behavior, with these non-conforming patterns 

referred to as anomalies, outliers, discordant observations, or exceptions [7]. Temporal 

windowing techniques aggregate features across sliding time intervals, detecting sudden 

sentiment shifts, vocabulary changes, or interaction pattern anomalies that signal coordinated 

activities or information cascades. The fundamental challenge in anomaly detection lies in 

defining normal regions that encompass every possible normal behavior while ensuring that 

anomalies fall outside these boundaries, requiring sophisticated modeling approaches that can 

capture the complexity of legitimate communication patterns while remaining sensitive to 

subtle deviations indicative of threats [7]. Statistical methods establish probabilistic models of 

normal behavior by analyzing historical data distributions, computing parameters that 

characterize typical patterns, and then identifying observations that have low probability 

under the learned models as potential anomalies requiring further investigation [7]. 

Graph-based approaches model relationship networks and information flow patterns, 

identifying structural anomalies that indicate coordinated campaigns or artificial 

amplification. Network analysis of social media platforms reveals complex interaction 
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structures where information propagates through follower relationships, retweet cascades, and 

mention patterns that can be represented as directed graphs capturing the flow of 

communication [8]. These graph-based representations enable detection of coordinated 

behavior through analysis of network topology, where groups of accounts exhibiting 

synchronized posting patterns, shared follower bases, or coordinated amplification of specific 

narratives manifest as distinctive structural signatures distinguishable from organic 

community formations [8]. Community detection algorithms partition these networks into 

clusters of densely connected nodes, with sudden emergence of new communities or rapid 

restructuring of existing ones serving as indicators of coordinated campaigns launched by 

threat actors [8]. The temporal evolution of network structures provides additional analytical 

dimensions, as legitimate communities typically exhibit gradual organic growth while 

artificial networks often appear suddenly with fully formed structures lacking the 

evolutionary patterns characteristic of authentic social connections [8]. 

Ensemble methods combine multiple detection algorithms, reducing false positive rates while 

maintaining sensitivity to diverse threat manifestations ranging from subtle reconnaissance to 

overt attack coordination. The ensemble approach addresses the inherent limitation that no 

single anomaly detection algorithm performs optimally across all threat scenarios, with 

different techniques exhibiting varying strengths depending on data characteristics, threat 

types, and operational contexts [7]. Classification-based anomaly detection trains models on 

labeled examples of normal and anomalous behavior, learning decision boundaries that 

separate threat indicators from benign communication patterns, though this approach requires 

substantial labeled training data representing diverse threat manifestations [7]. Clustering-

based methods group similar data points together and identify instances that do not belong to 

any cluster or form unusually small clusters as potential anomalies, operating under the 

assumption that normal data instances belong to large dense clusters while anomalies either 

exist in isolation or form small sparse groups [7]. Statistical approaches model normal data 

using probability distributions and flag observations with low likelihood as anomalies, while 

nearest-neighbor techniques compute distances between data points and identify instances far 

from their neighbors as potential threats, with ensemble methods synthesizing these diverse 

perspectives into robust detection systems [7]. 

 

 
 

Table 3: Anomaly Detection Methodologies and Approaches [7, 8] 

 

Detection Method Technique Detection Mechanism 

Statistical Methods Probabilistic modeling Low probability observation identification 

Classification-Based Supervised learning Decision boundary separation of threats 

Clustering-Based Unsupervised grouping Isolation or small cluster identification 

Nearest-Neighbor Distance computation Far-from-neighbor instance flagging 

Temporal Windowing Sliding time intervals Sudden shift and change detection 
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Graph-Based 
Network topology 

analysis 
Structural anomaly identification 

Ensemble Methods 
Multiple algorithm 

combination 
Synthesis of diverse detection perspectives 

 

Threat Intelligence Classification and Prioritization 

The system categorizes detected anomalies into threat intelligence taxonomies, distinguishing 

security leaks from crisis indicators, coordinated disinformation from organic sentiment 

shifts, and imminent threats from background noise. Multi-class classification models trained 

on historical incident data assign probability scores across threat categories, while contextual 

enrichment layers incorporate domain knowledge and situational awareness. Machine 

learning approaches to cybersecurity intrusion detection have demonstrated significant 

effectiveness, with ensemble methods combining multiple classifiers achieving detection rates 

exceeding 99% on benchmark datasets while maintaining false positive rates below 1% [9]. 

The classification process employs diverse algorithmic approaches, including decision trees, 

support vector machines, neural networks, and Bayesian classifiers, each offering distinct 

advantages for different threat detection scenarios [9]. Priority scoring mechanisms consider 

threat severity, source credibility, potential impact scope, and temporal urgency, routing high-

priority alerts through accelerated response channels. Research indicates that hybrid systems 

combining multiple machine learning techniques outperform single-algorithm approaches, 

with studies showing that ensemble methods can improve detection accuracy by 5-15% 

compared to individual classifiers while simultaneously reducing false alarm rates [9]. The 

integration of feature selection algorithms proves critical for classification performance, as 

cybersecurity datasets often contain hundreds or thousands of potential features, with 

dimensionality reduction techniques identifying the most discriminative attributes that 

maximize classification accuracy while minimizing computational overhead [9]. 

The classification framework adapts to evolving threat landscapes through continuous 

feedback loops, incorporating analyst corrections and incident outcomes to refine model 

parameters and decision boundaries over time. Active learning strategies enable models to 

improve efficiency by selectively querying human annotators for labels on the most 

informative instances rather than requiring exhaustive labeling of entire datasets [10]. 

Theoretical analysis demonstrates that active learning can achieve equivalent model 

performance to passive supervised learning while using fewer labeled examples 

exponentially, with empirical studies showing label complexity reductions ranging from 25% 

to 95% depending on the dataset characteristics and learning algorithm employed [10]. The 

fundamental premise underlying active learning is that learners can achieve higher accuracy 

with fewer training labels if they actively select which instances to label rather than passively 

accept randomly sampled training data [10]. Pool-based active learning scenarios prove 

particularly relevant for threat intelligence classification, where large volumes of unlabeled 

security events accumulate continuously and expert analyst time for labeling represents a 

scarce resource [10]. Query strategies determine which unlabeled instances the learner should 

request labels for, with uncertainty sampling selecting instances where the current model 

exhibits the lowest prediction confidence, thereby focusing human expertise on the most 

ambiguous cases that provide maximum information gain [10]. 

Contextual enrichment layers incorporate domain knowledge through integration with 

external threat intelligence feeds, vulnerability databases, and organizational asset inventories, 

augmenting automated classifications with situational awareness that considers current 

security posture and known adversary capabilities. Deep learning architectures, including 

convolutional neural networks and recurrent neural networks, have achieved notable success 

in intrusion detection applications, automatically learning hierarchical feature representations 

from raw data without requiring manual feature engineering [9]. The temporal dynamics of 

cybersecurity threats necessitate continuous model adaptation, as attack patterns evolve 

rapidly with new vulnerabilities discovered, exploitation techniques refined, and adversary 

capabilities advancing, requiring classification systems that incorporate mechanisms for drift 
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detection and incremental learning to maintain effectiveness over extended operational 

periods [9]. 

 

 
 

Table 4: Machine Learning Classification Performance Metrics [9, 10] 

 

Conclusion 

The engineering of distributed natural language processing pipelines for real-time threat 

intelligence represents a paradigm shift from reactive security postures to proactive threat 

neutralization capabilities that intercept malicious activities during their formative stages. The 

convergence of stream processing architectures with transformer-based language models 

creates systems capable of processing high-velocity unstructured text streams while 

maintaining the semantic understanding necessary to distinguish genuine threats from 

background noise and false positives. Advanced anomaly detection methodologies combining 

statistical approaches, graph-based network analysis, and ensemble learning techniques 

enable the identification of coordinated threat campaigns through subtle deviations in 

communication patterns, sentiment shifts, and structural network anomalies that precede 

formal security disclosures. The integration of active learning frameworks and continuous 

feedback mechanisms ensures classification models adapt dynamically to evolving threat 

landscapes, maintaining detection effectiveness despite rapidly changing attack techniques 

and adversary capabilities. As digital communication velocity continues accelerating and 

threat actors increasingly leverage public platforms for coordination and information 

dissemination, the capacity to transform raw linguistic data into immediate actionable 

intelligence becomes essential for organizational resilience in complex threat environments 

where temporal advantages measured in minutes or seconds determine the difference between 

threat prevention and incident response.  

Performance 

Metric 
Ensemble Methods Individual Classifiers Improvement 

Detection Rate 
>99% on 

benchmarks 

~94% (estimated 

baseline) 
5-15% accuracy gain 

False Positive Rate <1% Higher baseline Simultaneous reduction 

Classification 

Accuracy 

Maximum 

optimization 
Standard performance 5-15% improvement 

Feature Handling 
Hundreds to 

thousands 

Limited 

dimensionality 
Dimensionality reduction 



Real-Time Nlp Pipelines For Proactive Threat Detection In High-Velocity Data Streams 

 

59 

References 

[1] Sudip Mittal et al., "CyberTwitter: Using Twitter to generate alerts for Cybersecurity 

Threats and Vulnerabilities," ResearchGate, August 2016. Available: 

https://www.researchgate.net/publication/305387112_CyberTwitter_Using_Twitter_to_gener

ate_alerts_for_Cybersecurity_Threats_and_Vulnerabilities 

[2] Prasasthy Balasubramanian et al., "A cognitive platform for collecting cyber threat 

intelligence and real-time detection using cloud computing," ScienceDirect, March 2025. 

Available: https://www.sciencedirect.com/science/article/pii/S2772662225000013 

[3] Paris Carbone et al., "Apache Flink: Stream and Batch Processing in a Single Engine," 

ResearchGate, January 2015. Available:  

https://www.researchgate.net/publication/308993790_Apache_Flink_Stream_and_Batch_Pro

cessing_in_a_Single_Engine 

[4] Matei Zaharia et al., "Discretized Streams: Fault-tolerant Streaming Computation at 

Scale," ResearchGate, November 2013. Available:  

https://www.researchgate.net/publication/262166616_Discretized_streams_Fault-

tolerant_streaming_computation_at_scale 

[5] Jacob Devlin et al., "BERT: Pre-training of Deep Bidirectional Transformers for Language 

Understanding," arXiv, 24 May 2019. Available: https://arxiv.org/abs/1810.04805 

[6] Shreyansh Chordia et al., "Attention Is All You Need to Tell Transformer-Based Image 

Captioning," ResearchGate, July 2022. Available:  

https://www.researchgate.net/publication/362306578_Attention_Is_All_You_Need_to_Tell_

Transformer-Based_Image_Captioning 

[7] Varun Chandola et al., "Anomaly Detection: A Survey," ResearchGate, July 2009. 

Available: 

https://www.researchgate.net/publication/220565847_Anomaly_Detection_A_Survey 

[8] Klavdia Bochenina et al., " A Parallel Algorithm for Modeling of Dynamical Processes on 

Large Stochastic Kronecker Graphs," ScienceDirect, 2016. Available:  

https://www.sciencedirect.com/science/article/pii/S1877050916310304 

[9] Anna L. Buczak et al., "A Survey of Data Mining and Machine Learning Methods for 

Cyber Security Intrusion Detection," IEEE Xplore, 26 October 2015. Available:  

https://ieeexplore.ieee.org/document/7307098 

[10] Anita Krishnakumar, "Active Learning Literature Survey," ResearchGate, July 2007. 

Available: 

https://www.researchgate.net/publication/228971426_Active_Learning_Literature_Survey 

 

https://www.researchgate.net/publication/305387112_CyberTwitter_Using_Twitter_to_generate_alerts_for_Cybersecurity_Threats_and_Vulnerabilities
https://www.researchgate.net/publication/305387112_CyberTwitter_Using_Twitter_to_generate_alerts_for_Cybersecurity_Threats_and_Vulnerabilities
https://www.researchgate.net/publication/305387112_CyberTwitter_Using_Twitter_to_generate_alerts_for_Cybersecurity_Threats_and_Vulnerabilities
https://www.researchgate.net/publication/305387112_CyberTwitter_Using_Twitter_to_generate_alerts_for_Cybersecurity_Threats_and_Vulnerabilities
https://www.sciencedirect.com/science/article/pii/S2772662225000013
https://www.sciencedirect.com/science/article/pii/S2772662225000013
https://www.researchgate.net/publication/308993790_Apache_Flink_Stream_and_Batch_Processing_in_a_Single_Engine
https://www.researchgate.net/publication/308993790_Apache_Flink_Stream_and_Batch_Processing_in_a_Single_Engine
https://www.researchgate.net/publication/308993790_Apache_Flink_Stream_and_Batch_Processing_in_a_Single_Engine
https://www.researchgate.net/publication/262166616_Discretized_streams_Fault-tolerant_streaming_computation_at_scale
https://www.researchgate.net/publication/262166616_Discretized_streams_Fault-tolerant_streaming_computation_at_scale
https://www.researchgate.net/publication/262166616_Discretized_streams_Fault-tolerant_streaming_computation_at_scale
https://arxiv.org/abs/1810.04805
https://arxiv.org/abs/1810.04805
https://www.researchgate.net/publication/362306578_Attention_Is_All_You_Need_to_Tell_Transformer-Based_Image_Captioning
https://www.researchgate.net/publication/362306578_Attention_Is_All_You_Need_to_Tell_Transformer-Based_Image_Captioning
https://www.researchgate.net/publication/362306578_Attention_Is_All_You_Need_to_Tell_Transformer-Based_Image_Captioning
https://www.researchgate.net/publication/220565847_Anomaly_Detection_A_Survey
https://www.researchgate.net/publication/220565847_Anomaly_Detection_A_Survey
https://www.researchgate.net/publication/220565847_Anomaly_Detection_A_Survey
https://www.sciencedirect.com/science/article/pii/S1877050916310304
https://www.sciencedirect.com/science/article/pii/S1877050916310304
https://ieeexplore.ieee.org/document/7307098
https://ieeexplore.ieee.org/document/7307098
https://www.researchgate.net/publication/228971426_Active_Learning_Literature_Survey
https://www.researchgate.net/publication/228971426_Active_Learning_Literature_Survey
https://www.researchgate.net/publication/228971426_Active_Learning_Literature_Survey

