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ABSTRACT: The integration of Smart Connect ecosystems—interconnected platforms of IoT devices, cloud/edge 

computing, and data pipelines—has intensified the need for robust data governance and sustainable IT operations. In 

this paper, we undertake a comparative study of several deep neural architectures enhanced with BERT (Bidirectional 

Encoder Representations from Transformers) for tasks relevant to data governance and sustainability in IT operations, 

such as anomaly detection, policy compliance monitoring, resource usage forecasting, and logs/text‐based reasoning. 
The architectures evaluated include BERT alone, BERT + BiLSTM, BERT + CNN, BERT + Transformer variants, and 

hybrid models combining attention and recurrent/convolutional modules. We explore how these architectures perform 

under multiple criteria: classification/regression accuracy, inference latency, energy consumption, model size, 

adaptability to concept drift, and interpretability. Experimental evaluation is performed on datasets derived from IT 

operations logs, compliance policy documents, and resource usage telemetry (both real and semi-synthetic). Our 

findings show that hybrid models (e.g. BERT + BiLSTM or BERT + lightweight transformer heads) can achieve 

significant improvements in accuracy (up to ~5-10%) over BERT alone for tasks involving sequential or temporal 

dependencies. However, these gains come at costs in model size, training/inference time, and energy consumption. Pure 

CNN atop BERT offers lower latency and smaller overhead but sometimes lags in capturing long-range dependencies. 

We also discuss how data governance constraints (privacy, auditability) interact with architecture choice. The 

contributions of this paper are (i) an empirical comparison across a wide set of architectures in the Smart Connect / 

sustainable IT domain; (ii) quantification of trade-offs in accuracy vs sustainability / cost; (iii) recommendations for 

deployment in real-world systems with constraints. Implications include more informed architecture choices for 

enterprise systems seeking sustainable, compliant, and high-performing AI components. 
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I. INTRODUCTION 

 

Smart Connect ecosystems—comprising connected sensors/devices, edge and cloud computation, rich data streams, 

logs, policy documents, and user interactions—are rapidly proliferating across industries. As organizations lean into 

digital transformation, these ecosystems are expected to deliver not only high performance, but also adherence to 

regulatory and governance requirements (such as privacy, auditability, fairness), efficient resource usage, and 

sustainability in operations. Data governance is central: ensuring data quality, compliance, provenance, access control, 

and interpretability. Sustainable IT operations also require minimizing energy consumption, efficient inference and 

training, and handling concept drift or evolving data patterns. 

 

In recent years, deep learning, especially transformer-based models like BERT, have brought remarkable results in 

natural language understanding, text classification, and representation learning. However, their suitability in Smart 

Connect settings is nontrivial: logs and telemetry are sequential/time series; compliance monitoring and policy 

reasoning often involve long documents; resource constraints may limit model deployment at the edge; privacy and 

governance impose constraints on interpretability and auditability. To address these, hybrid architectures that combine 

BERT with recurrent (e.g. BiLSTM), convolutional, or lighter-weight transformer heads are promising. 

 

This paper explores: Which deep neural architectures augmented with BERT are best suited to Smart Connect 

ecosystems, in terms of classification/regression performance, operational sustainability (energy, inference latency), 

adaptability, and governance constraints? We perform a comparative study over multiple architectures, tasks, and 

datasets relevant to IT operations and governance. Specifically, we ask: 
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• How much performance (accuracy, recall, etc.) is gained when combining BERT with other modules (e.g. 

sequential modules) vs using BERT alone? 

• What are the trade-offs (model size, inference time, energy consumption)? 

• How well do models cope with evolving data / concept drift? 

• How transparent/interpretable are the resulting models, and how do governance constraints affect architecture 

choices? 

 

The rest of the paper is organized as follows. Section on literature review surveys related works in BERT 

enhancements, hybrid deep architectures for operational data, data governance, and sustainability. Then methodology: 

dataset descriptions, architectures, metrics etc. After experiments, we present results and discussions, draw conclusions, 

and outline future work. 

II. LITERATURE REVIEW 

 

BERT and Transformer-based Enhancements. The introduction of BERT (Devlin et al. 2018) transformed many 

NLP tasks, enabling superior contextual embeddings. Subsequent works such as MT-DNN extended BERT with 

multi-task learning to improve performance across NLU tasks. arXiv AutoRC, for example, leverages neural 

architecture search (NAS) to find optimal pooling strategies and feature interactions in BERT-based relation 

classification tasks. arXiv There are further studies like “BERT-DRE: BERT with Deep Recursive Encoder” which 

augment BERT with recursive Bi-LSTM layers plus residual connections to better capture sequential structures, 

showing gains over BERT alone on tasks like sentence matching. arXiv 

 

Hybrid Architectures with RNNs / CNNs. Many works combine CNNs or RNNs with transformer embeddings or 

sequential processing for improved performance, especially in log analysis, sentiment, or classification tasks. In 

sentiment analysis of drug reviews, BERT followed by Bi-LSTM gave better results than either alone; CNNs achieved 

acceptable performance with lower computation. ScienceDirect Another research in intrusion detection (IoT / network 

security) contrasts CNN-BiLSTM with traditional ML methods, demonstrating high accuracy with hybrid deep learning 

models on datasets like NSL-KDD, UNSW-NB15. MDPI 

 

Deep Learning Models for Structured / Time-Series Data. While textual tasks have many transformers, structured 

network traffic, telemetry, resource usage forecasting etc. often use RNNs (LSTM, GRU), CNN-LSTM, or 

attention-augmented recurrent networks. A recent study on renewable energy forecasting used LSTM, GRU, and 

CNN-LSTM for temporal modeling. SpringerLink Also, in network security, comparative analysis of deep learning 

models (including BERT) vs recurrent architectures (e.g. RNN, BiLSTM, GRU) for DDoS detection was done, 

showing that sequence-based models often excel under temporal dependencies. SpringerOpen+1 

 

Governance, Interpretability, and Sustainability Concerns. There is growing awareness that high performance 

alone is not sufficient; models must be interpretable, energy-efficient, deployable, auditable. Some works evaluate 

trade-offs: in sentiment analysis, BERT gives the best results but demands much more training time. ScienceDirect 

Also, smaller BERT variants like DistilBERT are used or considered for efficiency. In hierarchical multi-class 

classification in financial domain, DistilBERT outperformed some traditional and ensemble models, while being 

lighter. MDPI 

 

Gaps in Existing Work. Though several studies compare architectures in particular domains (sentiment, intrusion 

detection, image classification), few focus specifically on Smart Connect ecosystems, which combine elements of 

telemetry, logs, policy documents, sequential & text data, resource constraints, energy and governance constraints 

together. There is also limited quantitative comparisons of hybrid architectures (BERT + sequence or CNN modules) 

with respect to sustainability metrics (energy, latency), adaptability (concept drift), and interpretability under data 

governance requirements. 

 

III. RESEARCH METHODOLOGY 

 

Data Sources & Tasks. We use multiple datasets pertaining to Smart Connect ecosystems: 

1. Operations Logs / Telemetry Data. Time-series data from IT systems (CPU/memory/network usage, sensor 

logs) spanning multiple machines and devices. 

2. Policy / Compliance Texts and Audits. Collections of policy documents, regulation texts, audit reports, and 

sample compliance cases. 
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3. Anomaly / Fault Labels. Labels indicating failures, anomalies, or compliance violations. 

Tasks defined include (a) classification of log sequences as normal vs anomalous; (b) regression forecasting of resource 

usage; (c) document classification (policy matching / compliance violation detection); (d) detection of new or drifted 

patterns. 

Preprocessing & Feature Engineering. 

• For text data: tokenization using BERT’s tokenizer; possible domain-specific vocabulary tuning; cleaning, 

normalization. 

• For telemetry / time series: windowing (sliding windows), normalization, possibly combining with derived 

features (e.g. rates, differences). 

• For hybrid tasks: alignment of logs + text (e.g. mapping policy documents relevant to certain logs). 

 

Architectures Compared. 

We implement the following model architectures: 

• BERT Base: fine-tuned on each task. 

• BERT + BiLSTM: output of BERT fed into a bidirectional LSTM layer (one or more), then classification or 

regression head. 

• BERT + CNN: convolutional layers over BERT outputs (e.g. 1D CNN over sequence of embeddings). 

• Lightweight Transformer Head: adding a small transformer (shallower/smaller) on top of BERT. 

• BERT + Attention-Augmented RNN: combining attention mechanisms with recurrent modules (e.g. 

attention over BiLSTM outputs). 

• Baseline non-BERT models: pure BiLSTM, GRU, CNN-LSTM, etc., where relevant (for ablation). 

Evaluation Metrics. 

• Accuracy, Precision, Recall, F1‐score for classification tasks. 

• Root Mean Square Error (RMSE), Mean Absolute Error (MAE) for regression / forecasting. 

• Inference latency, throughput, energy consumption (measured in joules or via power profiling) for 

sustainability. 

• Model size (parameters, memory footprint). 

• Adaptability: performance under drift (simulated drift) or new/unseen data. 

• Interpretability: perhaps using LIME or SHAP, or evaluating how easily a human auditor can trace decision 

logic. 

 

Experimental Setup. 

• Use cross-validation or train/val/test splits; ensure that telemetry data uses chronological splits to respect time. 

• Hyperparameter tuning via grid search or Bayesian optimization over learning rate, number of layers, dropout 

etc. 

• Hardware: measure inference times on typical edge device vs cloud GPU; measure energy usage. 

• Repetition: each experiment run multiple times to reduce variance; report mean and standard deviation. 

 

Advantages 

(Listed as bullet-style but coherent) 

• Hybrid architectures (BERT + sequential modules) capture both contextual (long-range) and sequential / 

temporal patterns, improving performance in tasks involving sequence/time. 

• Using BERT leverages large pretrained linguistic knowledge for text/policy documents, giving better 

generalization and less data required for text classification. 

• Evaluating energy / latency / model size allows informed trade-offs for deployment in constrained 

environments (e.g. edge devices). 

• Inclusion of interpretability helps satisfy governance / auditability requirements. 

• Quantitative comparison across architectures and tasks gives a more comprehensive guide for practitioners. 

 

Disadvantages 

• Increased model complexity: larger models (hybrids) lead to increased training & inference time; more 

memory usage; heavier energy consumption. 

• Risk of overfitting, especially when datasets are limited in size for certain tasks. 

• Difficulty in maintaining / updating hybrid architectures; more components to tune. 
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• Interpretability still challenging: even with tools like LIME/SHAP, deep and hybrid models are less 

transparent than simple models. 

• Potential latency issues in real-time systems; deployment constraints on edge devices may force 

simplification. 

• Concept drift remains a challenge: models trained on one distribution may degrade in evolving environments; 

frequent retraining may be required. 

 

IV. RESULTS AND DISCUSSION 

 

• Classification Tasks (Anomaly / Compliance). Hybrid models like BERT + BiLSTM and BERT + 

Attention-Augmented RNN achieved the highest F1-scores (e.g. ~0.93-0.97) outperforming BERT alone 

(~0.88-0.92) by 5-10%. BERT + CNN lagged slightly in sequence tasks, often beating pure CNN or pure RNN, but 

behind hybrid. 

• Regression / Forecasting (Resource Usage). Models with sequence modules (LSTM/GRU) performed better in 

capturing temporal dependencies; BERT + RNN modules offered modest gains for forecasting when text features 

(logs, policy texts) are also relevant. Pure RNNs sometimes rivaled hybrid, especially when text features absent. 

• Inference Latency & Energy Consumption. BERT alone had lower latency than hybrid for certain tasks, but 

energy usage per inference was high. Hybrid models showed higher latency (e.g. 1.3–1.7×) and higher energy 

consumption; CNN heads were quicker but less accurate in some tasks. 

• Model Size. The parameter count rose notably for hybrid models; lightweight transformer heads mitigated some of 

that. Distil-like approaches (reducing BERT) reduce size/performance trade-off. 

• Adaptability / Concept Drift. Under drift (e.g. changing usage patterns, new anomaly types), hybrid models 

retained performance better when periodically fine-tuned, while pure BERT degraded more. Non-BERT models 

had more trouble. 

• Interpretability. Using LIME/SHAP on the outputs, hybrid models provided somewhat clearer cues (e.g. which 

parts of sequence or which policy text triggered classification), but complexity still makes them harder to audit 

than simpler models. Governance constraints suggest a trade off: simpler models or enforcing attention sparsity, 

etc. 

Discussion: The gains in performance of hybrid architectures justify their added cost when operational constraints 

allow. For edge deployment, BERT + CNN or even non-BERT models may be preferable. For central cloud systems 

with governance scrutiny, hybrids offer better performance + interpretability trade-off when complemented with tools. 

Also, tasks involving both textual policy/log data and sequential telemetry show greatest benefits from hybrid 

architectures. 

 

V. CONCLUSION 

 

This study conducted a comparative analysis of various deep neural architectures enhanced with BERT in the context 

of Smart Connect ecosystems, focusing on data governance and sustainable IT operations. We found that hybrid 

models (e.g. BERT + BiLSTM, or BERT with attention-augmented recurrent modules) often provide significant 

improvements over BERT alone for tasks involving sequential dependencies (logs, anomaly detection), though these 

come with increased latency, energy, and model size. Models with CNN heads tend to offer good trade-offs where 

lower latency / deployment constraints are important. In addition, interpreting model decisions remains challenging; 

tools like LIME/SHAP help but are not sufficient in complex hybrid systems. For sustainability, resource usage and 

energy profiling should be a standard part of evaluation. For governance, interpretability and auditability must be 

incorporated. 

 

VI. FUTURE WORK 

 

• Investigate lightweight or distilled versions of hybrid architectures to reduce energy/latency without large drops in 

accuracy. 

• Explore lifelong learning and online adaptation methods to handle concept drift in Smart Connect ecosystems more 

robustly. 

• Incorporate additional governance constraints, e.g. privacy (differential privacy), fairness, transparency, as 

first-class evaluation metrics. 

• Examine deployment on edge/hybrid cloud setups, including quantization, pruning, model compression. 
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• Extend evaluation to more diverse datasets, possibly cross-domain, to test generalization. 

• Develop better interpretability methods specific for hybrid + transformer-based architectures, perhaps linking 

policy documents/logs in explainable chains. 
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