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Abstract. With the development of cloud computing in recent years, the quantity and types of log data have rapidly
increased, making issues related to timely anomaly detection and operational security increasingly severe. The purpose of
this paper is to construct a large-scale solution for automatic anomaly detection in cloud-generated log streams with full
climate protection. Combining Convolutional Recurrent Neural Networks (CRNN) for integrating advanced feature
engineering and deep learning to extract local spatial features and long-term temporal dependencies from heterogeneous
log data. Rigorous experiments were conducted on a real-world dataset of over 80 million log entries from multiple cloud
sources. The proposed model achieved an F1 score of 0.88 and an AUC of 0.974, surpassing previous baseline performances
such as PCA, traditional machine learning, and independent deep learning methods. According to comprehensive
experiments, CRNN can efficiently handle large amounts of data, is less sensitive to noise and changes in log formats, and
performs well in cross-domain situations. This model meets the current requirements of cloud environments and can provide
near-real-time detection and adaptation in distributed systems. The CRNN-based framework can automatically and reliably
address log anomaly detection issues, providing strong support for future research and development in cloud security
monitoring and intelligent event response.
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Introduction

With the widespread adoption of cloud computing, the number, speed, and format of enterprise-level
applications and system logs are rapidly increasing [1]. In modern cloud environments, virtualized computing
clusters and microservices-driven architectures generate a large volume of logs for global digital platforms,
recording events, statuses, user activities, and security incidents [2]. These log files typically reach several TB per
day in a single data center and have proven to be temporally complex and heterogeneous in a distributed cloud
model [3]. These logs have various formats, nested fields, and sources because they are hierarchical and semi-
structured. Storage, parsing, aggregation, and subsequent analysis have all become more complex [4]. With the
widespread adoption of multi-cloud and hybrid cloud models, recording and auditing logs need to consider
cross-domain and various log formats [5]. Intelligent mining and efficient processing of cloud logs have become
crucial to ensure the stable operation and security of modern IT infrastructure in the face of increasing data
volumes [6]. In order to quickly obtain large amounts of cloud log data, new automated methods are needed
[7]. This is because the scalability and efficiency of traditional rule-based filtering and manual inspection have
been limited.

Automatic anomaly detection in cloud logs is a key issue in maintaining business continuity and ensuring
information security in complex large-scale digital environments [8]. The abnormal patterns that appear in
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system logs may be the result of various issues. These include hardware failures, software errors, and
coordinated network attacks exploiting vulnerabilities [9]. Since these issues will be detected and resolved
promptly, the likelihood of service interruptions will be very low. This will affect the company's finances and
image. Traditional statistical and signature-based heuristic methods are widely used; due to the lack of prior
knowledge and clear pattern definitions, they cannot flexibly respond to evolving threats [10]. Due to the high
costs and error rates, it is impossible to manually modify detection rules or label large amounts of data in the
cloud. Due to the numerous log patterns and the instability of cloud workloads, manually crafted anomaly
detection rules are difficult to generalize and effectively apply. Based on the aforementioned operational
realities, research directions have shifted toward constructing data-driven adaptive computing models to
enhance the ability to process complex and massive data.

Automation and artificial intelligence have recently begun to benefit from new advancements in deep learning
for identifying anomalies in cloud systems. Deep neural networks can simultaneously model the sequential
dependencies of raw log data and learn its high-level features in parallel. For example, convolutional neural
networks and recurrent neural networks have made significant progress in extracting log events under pattern
changes or noisy conditions, both in terms of temporal patterns and contextual meaning. Applying this model
to large-scale real-world cloud log scenarios remains an open question, but active efforts are being made to
address issues such as model scalability, interpretability, and online learning capabilities. Due to the
aforementioned limitations, this paper proposes a novel high-scale framework based on CRNN for large-scale
cloud log anomaly detection. In order to reliably identify cloud service anomalies, the aforementioned method
is based on high-quality feature extraction and a hybrid deep neural network structure. These methods,
experiments, and analyzes lay the foundation for the future research and development of highly reliable and
secure cloud infrastructure.

Related Work and Background

Log Anomaly Detection in Cloud Environments

With the rapid development and increasing complexity of modern cloud systems, log anomaly detection in the
cloud is also continuously advancing. Early work was based on manual inspection and simple rule-based
paradigms. These methods were suitable for small-scale systems but could not handle the volume, diversity, and
velocity of data in large-scale distributed environments [11]. With the development of cloud operations, some
statistical methods for anomaly detection have been proposed; these methods generally perform poorly and
have a high false positive rate, especially when dealing with changes in load or log formats [12]. The diversity of
log schemes and events has increased the challenges, prompting the industry and academia to develop more
adaptive solutions. Early machine learning methods such as support vector machines and unsupervised
clustering have been used to enhance the scalability and automation of traditional techniques in log event
modeling [13]. These methods are overly reliant on inherent features and predefined patterns, making them
unsuitable for application in cloud systems and under concept drift conditions [14]. With the widespread
adoption of resilient, multi-cloud, and hybrid cloud architectures, there is a need for adaptive and resilient
detection strategies that can be broadly applicable to various cloud service providers and operational
environments [15].

Deep Learning Approaches for Sequence Analysis

Deep learning has changed the way we handle sequential data. There are now various methods to address the
structural and temporal issues of log data [16]. Convolutional Neural Networks (CNNs) excel at extracting local
data patterns. Recurrent Neural Networks (RNNs) and their improved versions, such as Long Short-Term
Memory (LSTM) networks, have been used to model long-range dependencies in time series data [17]. By using
the aforementioned models for log anomaly detection, it is possible to avoid the manual feature extraction of
traditional methods, thereby achieving automatic representation learning. Deep models are more accurate than
traditional machine learning algorithms and are more sensitive to noise and the variability of cloud data streams
[18]. Using local feature extraction and global sequence modeling in a hybrid deep learning framework to
identify subtle anomalies in large-scale, multi-type log data systems has achieved good results so far [19]. The
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aforementioned technology still has some issues. It requires a large amount of labeled data, is computationally
intensive, and lacks interpretability. Currently, it is very difficult to apply in dynamic cloud environments [20].

CRNN Frameworks in Time-Series Applications

Convolutional Recurrent Neural Networks (CRNN) are advanced models used for time series and sequence
learning. Combining the spatial feature extraction capabilities of CNNs with the sequential learning capabilities
of RNNs [21]. Log anomalies can be detected by CRNN [22]. Extract high-level patterns from event sequences or
windowed log fragments through convolutional layers, and use recurrent layers to capture the temporal
relationships between these features. Since cloud log data is usually bursty, with irregular intervals, and often
involves multiple time scales in correlation analysis, the aforementioned structure is relatively suitable for cloud
environments. Compared to using RNNs or CNNs alone, CRNNs have better detection capabilities and are more
robust to noise, non-stationarity, and pattern drift [23]. CRNN addresses cloud log analysis issues such as latency
constraints and continuous learning requirements by adding mechanisms like attention layers, residual
connections, and transfer learning modules [24]. The model and operations of CRNN are relatively simple,
making it suitable for decentralized real-time log monitoring in distributed cloud and large-scale centralized big
data processing environments [25].

Proposed CRNN-based Anomaly Detection Model

System Architecture

In a large-scale cloud log environment, the design of the automatic anomaly detection system aims to ensure
the smooth integration of structured data preprocessing, advanced deep learning models, and low-latency
decision delivery. The system begins the log ingestion part with high-throughput, multi-source collection
modules. These modules are suitable for distributed cloud platforms. Quickly collect logs, perform time sorting
and normalization, and then parse semi-structured and unstructured fields. This standardized event stream is
processed by the log preprocessing engine. Use adaptive heuristics and statistical operators for tokenization,
pattern extraction, and noise reduction. Display the processed data to the next component for feature
computation.

The core of the system is a deep mixed anomaly detection engine, which includes a new CRNN model.
Convolutional feature maps, sequence encoders, and anomaly state inference constitute the three modules of
this structure. The local features of the event-standardized log traces are extracted by the initial convolutional
layers to reduce the number of spatially uniform areas and rare anomaly signals. These local representations are
passed to the gated recurrent layer, where the time memory unit simulates the co-evolution of events in the
cloud system under different, usually asynchronous, operational times.

An attention mechanism-based selector can be added to weigh features strongly correlated with event
occurrences, thereby enhancing anomaly detection and interpretability, and subsequently improving system
performance and learning dynamics. The data integration routine is designed to reduce latency and increase
throughput, with the feature extraction, representation, and model inference modules using the same data
pipeline. The abnormal state output is directly connected from the last decoding layer of the CRNN to the alert
and decision assurance interface. In the post-processing stage of this interface, false alarms are eliminated, and
timely information is provided to operators through real-time displays and automated response plans.

In order to meet the scalability and stability requirements of cloud deployment, the system architecture will
provide support. Through the interface of online learning and feedback collection, the internal parameters of
the CRNN-based module can be continuously updated. This helps to quickly adapt to new operational modes or
new log patterns. The security orchestration system and external log management can be continuously collected
through modular architectural connections. Figure 1 shows the complete structure of the system data flow, as
well as the spatial layout of the core analysis and operation modules. These modules make end-to-end real-time
anomaly detection in heterogeneous cloud environments possible.
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Figure 1. Overall Architecture of CRNN-based Log Anomaly Detection System

Feature Engineering and Data Representation

In large-scale cloud environments, it is necessary to perform feature extraction on log anomalies. At this stage,
the highly variable and semi-structured characteristics of log data should be transformed into structured and
information-rich tensors for use in deep neural networks. While considering the syntactic and semantic
boundaries of modern cloud-native logs, adaptively preprocess the incoming raw log streams to analyze
timestamped entries, nested fields, and to segment complex message bodies into standardized tokens.

Convert tokens and structured features into high-dimensional latent vectors using hierarchical and domain-
aware encoding mechanisms. Mathematically, the first embedding operation is represented as

X =[xy, %0, o, Xn] = Z = [P(x1), p(x2), .., ()] Eq.(1)
where X denotes the token sequence extracted from a raw log, and ¢ () maps discrete or categorical tokens
into a continuous vector space of dimension d.

Weighted aggregation is used to precisely determine the contextual and semantic weights of each token:

n
v= z w; - ¢ (x;) Eq.(2)
i=1
where w; are adaptive weights reflecting the contextual significance of each log token within the message body.

In order to avoid biases from heterogeneous log sources and ensure the stability of model training performance,
all quantitative and event-related attributes have been standardized:

A f- Ur
f =T Eq.(3)

where pr and oy represent the empirical mean and standard deviation of feature f across the training corpus.
To construct syntactic templates, systematically abstracting repeated normal behaviors:
T = arg maxSim(M, C
g me M, Cy) Eq.(4)

with M the message instance, C;, a candidate template, and Sim( ) a structural similarity metric optimized over
the observed corpus.

Constructed overlapping context windows to model time and capture co-evolving event patterns:

W; = [v), V41, s Vjrm-1] Eq.(5)
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where each window W; encapsulates a subsequence of event-wise feature vectors, maintaining both local and
temporal dependencies as input to the CRNN.

These high-quality feature engineering stages ensure the good transferability of the change log patterns and
maximize the signal for subsequent modeling. Figure 2 shows the workflow of the log ingestion and
normalization, feature construction, and the integration pipeline of the CRNN model.
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Figure 2. Log Data Preprocessing and Feature Construction Flow

Model Training and Optimization

In order to enhance the representation capability of heterogeneous cloud log patterns in the real world, the
proposed anomaly detection model is trained based on a multi-layer mathematical system, surpassing
traditional sequence models.

Convolutional blocks are used to initiate multi-channel operations on each log embedding. For an input window
X € R™*4 (window length m, feature dimension d), the feature response for the k-th channel at position j is:

P I-1
HE=y( )Y WP 0 Xy, + bW E.(6)

p=1 s=0
Here, W ®%P) is the kernel in channel k and dimension p,  is kernel length, ¥( ) is a parametric activation (e.g.,
PReLU), and (® denotes element-wise multiplication. This structure allows for adaptive, learnable conic
projections across all features.

The extracted multi-channel maps are stacked and temporally encoded by multi-layer gated recurrent units. For
each GRU layer g, the hidden state propagation involves dynamically reweighted gates:

D = o (WOH, + UORD, + b@) @ 4t £a.(7)

where A9 is an adaptive attention mask, and @ denotes broadcast addition, channel-wise.
The update gate becomes:

9 = (WO, + UOHD, + b) © 51 £a.0

where 57 is a learnable selection mask initializing attention regularization.

The candidate state is modulated by both reset and the non-linearly transformed previous state:

R = n(WPH, + UL (P © hP) + b + DY) Eq.(9)

163



CRNN-Based Automated Log Anomaly Detection for Large-Scale Cloud Environments
https://doi.org/10.64972/jaat.2025v3.185p13e:159-172

Here, n() is a layer-adaptive, normalized activation and Df is auxiliary drift correction.

The hidden state dynamics of each layer blend memory and update gates, with cross-layer residual terms for
enhanced long-range stability:

B =a((1-27) O h®, + 2 © h?) + pr*™ Eq.(10)
where a, § are trainable coefficients and hgo) =0.

The anomaly output is then computed by passing the last layer's final state through a multi-task attention fusion
and fully connected transformation:

y=x|w, z £1hD | + b, Eq.(11)
q
with task attention £? and complex nonlinearity k() (e.g., Swish) to facilitate nuanced anomaly grading.

The optimized model is based on a joint multi-objective function, which includes structural regularization,
temporal consistency constraints, and cross-entropy loss:

Ligtar = A Lcg + A2 Lre + A3Lsr + A Rkr, Eq.(12)
In imbalanced binary classification, cross-entropy is adjusted through a class balance factor:
Leg = —myy’log (y) — mo(1 — yHlog (1 —y) Eq.(13)

where 1, 7, are class weights.

Temporal consistency is enforced by penalizing state discontinuities:

T
1 2
Lyc = m; 1 =R, Eq.(14)

with Q the top recurrent layer. Regularization Lgg and Kullback-Leibler term Ry, (details omitted) stabilize
learning.

In order to achieve real-time anomaly detection for complex, high-noise cloud log data, the aforementioned
theoretical system will be used to construct a high-precision and flexible CRNN.

Experimental Evaluation and Analysis

Datasets and Preprocessing

In order to evaluate the reliability and feasibility of the proposed CRNN-based log anomaly detection method,
real-world log data was used. Some of the larger datasets come from open cloud system repositories and
internal production clusters. These clusters include public data such as HDFS and BGL, as well as proprietary
cross-source controllers and application logs collected from enterprise hybrid cloud deployments. The merged
dataset corpus contains over 80 million log entries, divided into six main categories: storage, network,
computing, orchestration, security, and other services.

The differences in data patterns, sequence granularity, and label sparsity are referred to as data heterogeneity.
Semi-structured and free-text records require template abstraction and pattern inference, while structured logs
have event classification. The distribution of operational environments is highly uneven, and the proportion of
entries marked as anomalies is still less than 0.05%.

All preprocessing steps help make the data suitable for model training. To correct for clock skew across systems,
the raw logs will be timestamped. Duplicate and uninformative heartbeats will be filtered out. The multi-stage
parser extracts fields and separates message content and static attributes (such as event source, severity, node
ID) through adaptive pattern matching and regular expression trees. To create a uniform tensor shape, perform
outlier cleaning at the sample level, remove corrupted and empty lines, and handle systematic missing values
using a custom interpolation strategy.
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As shown in Figure 3(a), the statistical overview indicates that the log volume for storage and network categories
is relatively high, while the log volume for long-tail services and orchestration records is relatively low. This
indicates an imbalance in the operational workload. In the legacy module, the most common issues are field
missing rates, sequence identifiers, and severity levels, as shown in Figure 3(b). This helps in using targeted
imputation and feature selection in feature engineering. Figure 3(c) shows the trend of the sample over time.
Seasonality and fluctuations correspond to the weekly workload cycle and event surges. This is the structure of
the experiment. The data will cover all environments and usage cycles, which will lay a solid foundation for
anomaly detection benchmarking.
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Figure 3. Statistical Overview and Preprocessing of Log Dataset: (a) Log category distribution; (b) Missing value statistics by field; (c) Time-
series sample volume trends

Performance Metrics and Results

The evaluation of the anomaly detection model based on CRNN will comply with the existing quantitative
standards for log analysis and will consider distinguishing ability and operational reliability. When evaluating the
accuracy and completeness of the detection object, there are three commonly used metrics: precision, recall,
and F1-score, which are combined into the F1-score. Recall is the percentage of actual anomalies found by the
model in the logs, while precision is the percentage of accurately identified anomalies among all labeled entries.
The F1 score can be used to address the issue of data imbalance. False positives are normal logs incorrectly
identified, and false negatives are missed abnormal events. Correctly identified anomalies are called true
positives. The aforementioned metrics provide a comprehensive and feasible foundation for evaluating the
reliability and effectiveness of log anomaly detection in large-scale, real-world cloud environments.

The ROC curve and its area under the curve (AUC) are often used to demonstrate the discriminative ability of a
model. By changing the threshold to alter the ratio of true positive rate to false positive rate, it can frequently
distinguish between different samples. In the absence of a threshold, the AUC value can be used to rank models
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across different logs. In order to reduce the result bias caused by class imbalance and event drift, all the
aforementioned experiments used cross-validation and stratified anomaly sampling.

Figure 4(a) shows the comparison bar chart of the Fl-score, accuracy, and recall of the CRNN method with
classical machine learning and deep learning baselines. The three main metrics of the CRNN method are all
higher than those of other methods. Figure 4(b) shows the multi-model ROC curves, where the CRNN curve is
steeper than the other curves. This indicates high sensitivity and specificity. Figure 4(c) shows the confusion
matrix heatmap, with relatively small reductions in false negatives and false positives. As shown in Figure 4(d),
the CRNN exhibits relatively stable cross-source AUC in the fields of storage, computation, and network logs.
The proposed CRNN-based method is technically feasible and generally applicable in practical applications.

(a) Main Metrics (b) ROC Curves
Bl Precision 1.0 1 RF (AUC=0.88)
m Recall LSTM (AUC=0.93)
F1 === CNN (AUC=0.93)
0.8 A == CRNN (AUC=0.97)
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Figure 4. Detection Metrics Evaluation: (a) Main metrics by model; (b) Multi-model ROC comparison; (c) Confusion matrix heatmap; (d)
AUC comparison by source

Comparative Analysis with Baseline Methods

The CRNN-based framework was compared with statistical methods, old machine learning models, and new
deep learning models, selecting common log anomaly detection methods at different levels. Rule-based analysis
and PCA are relatively effective statistical baselines, but in dynamic or unstructured environments, the recall
rate is low and the false positive rate is high. Machine learning models such as support vector machines, random
forests, and logistic regression can improve the accuracy and recall of structured data, but they are less suitable
for cross-domain or rare patterns. Stacked LSTM and CNN are deep learning baselines; they are strong in

166



CRNN-Based Automated Log Anomaly Detection for Large-Scale Cloud Environments
https://doi.org/10.64972/jaat.2025v3.185p13e:159-172

temporal or spatial modeling but lack robustness. As shown in Figure 5(a), the hybrid CRNN method can
simultaneously maintain both local and long-range dependency information in log data, achieving the highest
F1 score. This method simultaneously integrates convolutional layers and recurrent layers.

Table 1 is used to quantitatively display the following baseline and CRNN metrics: precision, recall, F1-score, and
AUC. Compared to the best non-mixed baseline, the F1-scores of CRNN improved by 7.3% and 17.5% on cross-
validation and unseen test sets, respectively. The average AUC of this dataset is 0.974, and it is not very sensitive
to threshold changes. In highly imbalanced situations, there is a risk of false positives.

Table 1. Comparative metrics summary (selected excerpt)

Method Precision Recall F1 AUC
PCA 0.61 0.52 0.56 0.781
Stat. Profiling 0.65 0.46 0.54 0.802
RF 0.76 0.72 0.74 0.880
LSTM 0.82 0.80 0.81 0.933
CNN 0.81 0.77 0.79 0.929
CRNN (ours) 0.89 0.87 0.88 0.974
(a) Ablation Impact on Fl-score (b) Performance vs. Data Size
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Figure 5. Baseline and Ablation Study: (a) Precision/Recall comparison across models; (b) Feature ablation experiment results; (c) Model
performance scaling with data size

Ablation studies use feature engineering and hybrid architectures to thoroughly investigate performance
dependencies. Figure 5(b) shows that the marginal value of key engineering features is relatively small. Unless
explicit template clustering attributes or attention-based contextual weights are excluded, the F1-score will drop
by 6-13%. Strong detection requires sequence and locality; without using time window models or multi-channel
convolutional blocks, performance will be poor. In logs with clustered, correlated anomaly patterns, the above
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phenomenon is more pronounced. Evaluate the parameter sensitivity of the model. By modifying the width of
the convolutional kernel, the depth of the recurrent layers, and the attention resolution, the performance of the
CRNN can be maintained within £3% of the peak across all operational ranges, and it does not require the use
of multiple parameter sets, thereby achieving optimal results.

The impact of sample size on model performance is shown in Figure 5(c). As the size of the dataset increases,
the traditional baseline tends to stabilize. CRNN continues to improve in F1 and AUC, especially when rare
anomaly samples are added. This expansion advantage can be attributed to network capacity and end-to-end
feature integration, both of which achieve good generalization in various high-noise environments. Compared
to the best-performing LSTM and SVM benchmarks, at the inflection point of over 20 million data points, the
convergence speed of CRNN has accelerated, and the standard error of retained anomalous samples has been
reduced by half.

In quantitative analysis, CRNN has stronger discriminative power for qualitative analysis of challenging log
segments (e.g., event chains exhibiting adversarial noise or out-of-pattern behavior). Hybrid methods can
identify and handle minor multi-event anomalies through spatiotemporal encoding fusion, whereas RF and LSTM
models failed to detect these anomalies. According to the above multi-faceted analysis, CRNN outperforms
traditional and advanced baseline methods in terms of accuracy, recall rate, and operational scalability. This
breadth of distinction exists in benchmark tests as well as in streaming production-level log datasets, which
contain frequently changing anomalies.

Scalability and Robustness Analysis

Evaluate the scalability and robustness of the CRNN model when facing real production-level workloads in
enterprise and multi-cloud environments. Optimized recurrent layers and parallelizable convolutional frontends
can still be used for inference and training on large datasets and complex distributed deployments.

Figure 6(a) shows the relationship between the end-to-end runtime of the model and the log volume, with the
test covering distributed nodes having 1 million to 60 million records. The input size has a linear relationship
with the processing time. This may be the result of the model's efficient batch processing and time windowing.
Although the number of distributed worker nodes has increased, the running efficiency remains very high, and
for a 32-node cluster, the increase in overhead is almost negligible. CRNN can run almost in real-time in critical
task applications, thereby achieving high throughput.

Figure 6(b) shows the system resource usage of the main baseline. The computational and storage efficiency of
CRNN is higher. Using a deep LSTM stack, peak memory is less than 70%, and GPU utilization exceeds 85% at all
scales. Due to the modular pipeline and staged feature compression model, long-term operation on cost-
sensitive, resource-constrained cloud infrastructure is practically feasible.
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Figure 6. Scalability Evaluation: (a) Runtime vs. data volume; (b) Resource consumption across models

By adding synthetic noise, various types of anomalies, and high heterogeneity in log formats, the robustness was
further evaluated. As shown in Figure 7(a), when the token-level and field-level noise rates increase to 25%, the
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F1 and AUC performance of anomaly detection both decline relatively steadily. Convolutional filters in CRNN can
effectively suppress random and periodic noise. Temporal recursion can partially correct local input damage.

Figure 7(b) shows the recall rates of the model for all types of anomalies, including sustained drifts, short-term
spikes, and multi-event chains. The recall rate of CRNN is relatively low, with deviations below 8% across all
categories. Compared to machine learning (ML) and basic deep learning (DL) baselines, it is more suitable for
detecting anomalies in heterogeneous operations.

Figure 7(c) shows the results of cross-platform generalization testing in a heterogeneous environment, which
includes legacy host exports and logs from different cloud service providers. After changes in the pattern and
event flow, the model still performs well, with AUC and F1 within 5% of the in-domain results.

(a) Performance vs. Noise (b) Recall by Anomaly Type
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Figure 7. Robustness and Generalization: (a) Performance under noise perturbation; (b) Detection by anomaly type; (c) Cross-environment
test

Limitations and Future Directions

The previous sections demonstrated good empirical results and a scalable architecture, but CRNN-based log
anomaly detection still has some inherent flaws and unresolved issues in production cloud environments. In-
depth analysis shows that identifying some rare or very subtle anomalies, such as prolonged, covert attacks and
semantic changes in log meanings, remains very difficult. Deep mixture models are very sensitive to noise and
general types of anomalies, but without explicit semi-supervised labeling or domain knowledge embedding, they
may be insensitive to low-frequency time-dependent or context-sensitive log transformations [26].

Deploying models in cross-cloud or multi-tenant environments is also very challenging. Due to its recursive
nature and feature extraction capabilities, CRNN requires strict control of resource management and
orchestration in large-scale environments to prevent bottlenecks during high traffic periods. Containerization
and edge inference provide partial solutions, but lack complete model retraining and pattern adaptation to
ensure the continuous DevOps cycle [27]. Post-incident investigations and compliance checks require
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interpretability; statistical or rule-based models are not suitable. Even with attention mechanisms, the internal
representations of CRNN remain opaque, making it difficult to identify anomalous causal paths in complex multi-
source log streams [28].

At the data level, the severe class imbalance between abnormal log data and normal log data will increase the
risk of missing rapidly evolving attacks. Label-efficient and unsupervised anomaly learning still require more
research to achieve comprehensive real-time coverage [29]. Hybrid augmentation and anomaly reweighting
have already been experimentally validated.

The future development direction of log anomaly analysis based on CRNN has been determined. In order to help
the model identify semantic and statistical anomalies in distributed cloud topologies, external knowledge bases
and causal graphs are used in the runtime detection path. Another approach is to introduce an online continuous
learning mechanism through a federated protocol to adapt to the new log patterns and attack vectors that
frequently appear in industrial environments. Research is being conducted on interpretable hybrid architectures
to enhance governance and reliability, while simultaneously providing real-time contextual explanations and
decision traces from operators and automated response systems [30]. The current CRNN framework excels in
accuracy, adaptability, and operational efficiency, but due to shortcomings in label efficiency, interpretability,
and semantic integration anomaly detection, its full potential in the cloud has yet to be realized.

Conclusion

This paper introduces an anomaly detection model based on CRNN. This model is specifically designed to address
the challenges in large-scale heterogeneous cloud log environments. Compared to traditional statistical,
machine learning, and deep learning baseline methods, the combination of convolutional spatial abstraction and
recurrent temporal encoding improves the model's accuracy, recall rate, and overall detection robustness.
According to the experiments, CRNN operates normally under high-load conditions and is capable of handling
various changes in the log stream. This architecture can perform high-performance, low-latency inference in a
cloud environment while accommodating various feature extraction and data preprocessing methods.

The meticulous design of feature engineering and model optimization is an advantage of this study. By using
semantic template mining, high-dimensional context vectorization, and hybrid deep network layers, it is possible
to accurately identify complex and rare anomaly patterns that are difficult to detect through traditional methods.
In large-scale benchmark tests, CRNN outperformed all other baselines. Ablation and scalability analyze also
confirm robustness against log noise, data imbalance, and environmental changes. Enterprise-level log security
monitoring and intelligent incident response models will be supported by the aforementioned features.

This work also raises some issues that may need improvement in the future. With the development of dynamic
multi-tenant cloud environments, the strong demand for interpretability and automatic adaptability has also
increased. Anomalous behavior, whether subtle or context-dependent, will be difficult to detect in a timely
manner. Future research will focus on developing an intelligent, transparent, and fully adaptive cloud log
anomaly detection platform by incorporating causal inference, online continuous learning, and real-time
interpretability mechanisms into the model.
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