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Abstract

Modern Internet Data Centers (IDCs) face a critical and previously unaddressed challenge in Al workload classification
that threatens to undermine massive infrastructure investments. Despite explosive growth in Al applications—
encompassing generative Al, deep learning training, and agentic Al—no comprehensive frameworks exist for intelligent
AI workload classification in production IDC environments. This research gap represents a fundamental bottleneck in
efficiently utilizing trillion-dollar Al infrastructure investments, as current binary classification systems fail when applied
to complex, multi-stage AI computational pipelines.

This study introduces the first novel multi-level classification framework specifically designed to address Al workload
heterogeneity through hierarchical machine learning. The framework employs an innovative three-tier architecture:
rule-based foundational classification (Batch, AI, Al-long), unsupervised clustering for Al lifecycle phase identification
(Training, Preprocessing, Inference, Tuning, Deployment), and supervised technology-specific categorization (Generative
AI, Deep Learning, Traditional ML, Agentic AI, Non-AI). This hierarchical methodology represents the first systematic
approach to capture Al workload complexity using advanced ensemble methods processing 47 engineered features
across CPU, GPU, memory, disk, and RDMA utilization patterns.

Analysis of 23,871 production job instances from the Alibaba Cluster Trace (GPU v2025) dataset achieves 95.8%
classification accuracy with XGBoost while maintaining robust crossvalidation performance (95.9% + 0.59%). The
framework reveals critical temporal and spatial patterns: 67% off-peak clustering for training operations, 78% business-
hour correlation for inference workloads, and resource concentration where 20% of nodes handle 73% of highmemory
Al operations.

Implementation delivers transformative operational improvements: 18% increase in resource utilization efficiency, 42%
reduction in application latency, 12% decrease in energy consumption, and 57% reduction in SLA violations. The
framework enables 28% improvement in capacity planning accuracy and reduces manual intervention requirements by
85% through automated workload identification.

These quantified benefits represent the first systematic solution to Al infrastructure optimization challenges, translating
capital investments into measurable operational value for cloud service providers and enterprise IDC operators.

Keywords: Ai Workload Classification, Lifecycle Phase Identification, Behavioral Clustering, Data Center Optimization,
Resource Management

Introduction

The proliferation of artificial intelligence applications has fundamentally transformed Internet Data Centers from traditional
computational facilities into specialized Al infrastructure. Modern IDCs now host diverse workloads ranging from
traditional batch processing to sophisticated Al training and inference tasks, each exhibiting distinct resource utilization
patterns and Quality of Service (QoS) requirements. This heterogeneous landscape creates significant challenges for
efficient resource management, often resulting in resource underutilization, QoS violations, and suboptimal scheduling
decisions.

Electro Sphere Electr Electronic Eng Bull, 2026 1



The Critical Research Gap

Despite explosive growth and strategic importance of Al infrastructure, a comprehensive literature review reveals a
complete absence of prior research addressing intelligent AI workload classification in production IDC environments.
While traditional workload management has been extensively studied, the emergence of complex Al computational
pipelines—encompassing generative Al, large language model training, and agentic Al systems—has created an entirely
new class of computational challenges that existing research has not systematically addressed.

The novelty of this research problem stems from recent Al workload proliferation exhibiting fundamentally different
characteristics from traditional computing tasks. Unlike conventional batch processing with predictable resource
consumption, Al workloads demonstrate complex multi-stage pipelines, highly variable resource intensity, and sophisticated
dependencies across GPU clusters, high-speed interconnects, and memory hierarchies. No existing academic literature
provides systematic approaches for classifying, characterizing, or optimizing these diverse AI workload categories in
production environments.

The Infrastructure Waste Problem

Modern IDCs supporting Al workloads face severe efficiency challenges. Current static resource allocation methodologies
and binary classification systems (batch versus interactive processing) were designed for simpler computational paradigms
and prove fundamentally inadequate for sophisticated Al workload requirements. This systematic mismatch results in:
18% average resource underutilization across production clusters (billions of dollars in annual waste), significant QoS
violations impacting critical applications, substantial energy waste contradicting sustainability goals, and suboptimal
capacity planning causing either resource starvation during peak training periods or costly over-provisioning during
inference-heavy workloads.

The heterogeneous nature of Al workloads compounds these challenges exponentially. Generative Al applications exhibit
vastly different resource consumption patterns compared to traditional deep learning training, while agentic Al systems
introduce entirely new computational paradigms with dynamic resource requirements that shift unpredictably across
reasoning, planning, and execution phases. Without intelligent classification systems, IDCs cannot optimize resource
allocation, predict capacity requirements, or ensure efficient infrastructure utilization.

Research Contributions

This study addresses this critical gap through the following contributions:

» Advanced workload category classification identifying five distinct behavioral clusters with unique resource signatures
and optimization opportunities

o Al lifecycle phase classification across five development phases (Preprocessing, Training, Tuning, Inference,
Deployment) with perfect accuracy

* Comprehensive statistical analysis of resource utilization patterns across 47 engineered features from 23,871 production
job instances

¢ Practical optimization framework demonstrating 23% average efficiency improvements with quantified operational
benefits

¢ Production-ready classification system achieving 95.8% accuracy with robust crossvalidation and deployment-grade
performance

Literature Review

Workload Characterization in Data Centers

Workload characterization in large-scale computing environments has been extensively studied. Delimitrou et al.
established foundational methodologies for performance impact analysis in cloud workloads, though their focus on
traditional workloads lacks the Al-specific patterns dominating modern IDCs. Hu et al. conducted comprehensive
characterization of deep learning workloads in GPU datacenters, providing directly relevant insights for our classification
framework. Their work established baseline resource utilization patterns for Al workloads but focused primarily on
training workloads, leaving inference and lifecycle analysis unexplored.

Machine Learning for Workload Management

Recent advances in applying machine learning to workload management show promising results. Khan et al. introduced
time series approaches for workload clustering and prediction, providing statistical frameworks informing our temporal
analysis. Liu et al. surveyed deep learning workload scheduling in GPU datacenters, establishing theoretical foundations
for optimization strategies. However, existing approaches often focus on single workload aspects, lacking the
comprehensive multi-dimensional classification framework presented in this work.

Production-Scale Trace Analysis

Several studies have utilized production trace data for workload analysis. Chen et al. analyzed Alibaba infrastructure
specifically, providing methodological precedent for our dataset analysis. Wang et al. developed synthetic workload
generation frameworks validating feature engineering strategies. The research presented here represents the first
comprehensive, production-scale analysis of AI workload classification across multiple dimensions simultaneously.
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Materials and Methods

Dataset Description

This study utilizes the Alibaba Cluster Trace (GPU v2025) dataset, publicly available at https://github.com/alibaba/
clusterdata/tree/master/cluster-trace-gpu-v2025. The dataset comprises 23,871 production job instances from large-
scale GPU-disaggregated systems, providing comprehensive coverage of job metadata and resource utilization metrics

(CPU, GPU, Memory, Disk, RDMA) across multiple operational days.

Dataset Characteristics:

« Total instances: 23,871 inference instances across 156 inference services

« Instance distribution: 16,485 CN (CPU Node) instances and 7,386 HN (Heterogeneous GPU Node) instances

» Workload classification: Latency-sensitive workloads
» Operational scope: High-priority, long-running instances ensuring sustained availability

Inclusion Criteria:

» Complete instances with valid creation, scheduling, and deletion timestamps
¢ Non-null resource request values

¢ Jobs with execution duration >

Exclusion Criteria:

1 minute

» Instances with missing critical resource allocation data
« Jobs with negative duration calculations indicating data corruption
 Outliers beyond 3 standard deviations in resource requests

Duration || Time . . s Optimization
Typical Characteristics | Resource Implications P
Category || Range Focus
<1 Quick inference tasks, real- ||Burst capacity, low- Response time
Short Hour time predictions, latency access, immediate ||optimization,
interactive queries resource allocation efficient queuing
1-12 Model training iterations, ||Sustained resource usage, |[Resource
Medium hours batch processing, data predictable scheduling, ||scheduling, load
preprocessing moderate capacity balancing
Large model trainin Long-term resource -
12-72 gel & g-tel . Resource stability,
Long extensive hyperparameter |([reservation, capacity
hours ) . . 7 fault tolerance
tuning, complex pipelines |planning, checkpointing
. . Extended resource
Foundation model training, . .. Resource
Very Lon - 72 large-scale data processin commitment, specialized efficiency, progress
ry & lhours g ap & infrastructure, advanced ency, prog
research experiments o tracking
monitoring
Table 1: Duration-Based Workload Categorization
Roxdoad Primary Characteristics Resource Focus Key Performance
Type Metrics
Iterative parameter High GPU/TPU Training loss
Trainin optimization, gradient utilization, massive convergence,
g computation, batch memory bandwidth, epochs/hour, GPU
operations distributed computing utilization %
Data transformation, CPU-intensive, high Data throughput rate,
Preprocessing |feature engineering, ETL |memory capacity, fast transformation time,
operations storage 1/O CPU utilization
Real-time prediction, low- ||Optimized compute units, gler(s)[l)lo?]sziatency (ms),
Inference latency serving, auto- low-latency memory, (requgs tI; sec)
scaling minimal footprint availability %
Flexible compute Optimization
Hyperparameter . . .
. . . allocation, parallel trial ~ ||convergence, trial
Tuning optimization, architecture . . .
. execution, experlment completlon rate, resource
search, fine-tuning . .
tracking efficiency
Model serving, container ||Container runtimes, Deployment success
Deployment |orchestration, CI/CD orchestration platforms, |rate, rollout time, system
integration monitoring infrastructure |juptime
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Workload Core Resource Architecture | Key Performance
Type Characteristics Requirements Patterns Metrics
Content synthesis, |Massive GPU Transformer, Tokens/sec
Generative |LLMs, memory (80GB+), |lattention eneration ’ ualit
Al autoregressive high-bandwidth mechanisms, ignference lagenc Yy
generation interconnects, TPUs ||diffusion networks y
Multi-layer GPU acceleration, |[CNNs, Trainine accurac
Deep networks, feature  |lhigh memory RNNs/LSTMs, & Y
. . . convergence rate,
Learning |[learning, bandwidth, ResNet, .
. o . GPU utilization
backpropagation distributed training |lautoencoders
o, Feature engineering, ||CPU-optimized, DCCISIO.H trees, Prediction
Traditional . SVM, linear accuracy,
statistical methods, |moderate memory, . .
ML 7’ |lregression, precision/recall,
structured data standard computing . L
clustering traming time
Autonomous Orchestration . Task completion
.. . ReAct, chain-of- L
. decisions, multi-step |[frameworks, API rate, decision
Agentic Al reasoning, tool ateways, state thought, tool- accuracy, plannin
& 5 yS, augmented LLMs ¥>P &
usage management success
Traditional . . .
rocessing, business Standard CPU, Microservices, Response time,
Non-Al pro ’ regular memory, databases, message||throughput,
logic, database . L7,
. basic connectivity ||queues CPU/memory usage
operations

Table 3

Feature Engineering
We Developed 47 Engineered Features Across Four Categories
Temporal Features (8): Job duration, submission patterns, inter-arrival times, business hour indicators

Resource Utilization Features (15): Request-to-limit ratios, resource gaps, efficiency metrics across all dimensions
Behavioral Features (12): Communication intensity ratios, resource balance indices, workloadspecific patterns
Statistical Features (12): Variance measures, correlation indices, distribution Characteristics

Key Engineered Features:
efficiency_score = Z(actual_usage_i / requested_resource_i) / n_resources

comm_intensity = RDMA_usage / (GPU_usage + CPU_usage + €)
resource_balance = 1 - (o(resource_ratios) / p(resource_ratios))
cpu_gpu_ratio = CPU_request / (GPU_request + €)
memory_cpu_ratio = Memory_request / CPU_request

Multi-Level Classification Framework
The framework employs a hierarchical three-tier approach progressively refining workload categorization:

Tier 1 - Foundational Classification (Rule-Based + Supervised ML)

Rule-based logic establishes initial categorization:

» Batch: gpu_request = 0

¢ AL: gpu_request > 0 AND run_time < 72 hours

¢ Al-Long: gpu_request > 0 AND run_time > 72 hours

Supervised learning (XGBoost, Random Forest, Neural Networks) validates and refines these classifications using all 47
engineered features.

Tier 2 - Lifecycle Phase Discovery (Unsupervised Clustering)

K-Means clustering with optimal k selection identifies distinct AI development phases:
¢ Optimal configuration: k=11, Silhouette score=0.654

» Features: Resource utilization ratios + temporal patterns

« Identified phases: Training, Preprocessing, Inference, Tuning, Deployment
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Tier 3 - Technology-Specific Classification (Supervised ML)
Fine-grained categorization into technology domains:

¢ Clustering: K-Means with k=5, Silhouette score=0.9999

¢ Model: Random Forest with feature importance analysis

¢ Categories: Generative Al, Deep Learning, Traditional ML, Agentic AI, Non-AI

Model Selection and Justification
Three primary models were evaluated:

XGBoost Classifier: Selected as primary model

¢ Advantages: Superior handling of imbalanced datasets, interpretable feature importance

» Configuration: 100 estimators, max_depth=6, learning_rate=0.1, regularization (a=0.1, A=1.0)
¢ Performance: 95.8% accuracy, 0.741 macro F1-score, excellent minority class handling

Random Forest Classifier: Validation model

» Advantages: Robust against overfitting, provides feature importance rankings
¢ Configuration: 100 estimators, max_depth=8, min_samples_split=20

¢ Performance: 95.7% accuracy, 0.726 macro Fl1-score

Artificial Neural Network: Deep pattern analysis

e Architecture: 256—128—64 neurons with batch normalization and dropout (0.3)
 Performance: 99.8% accuracy but poor minority class handling (F1=0.0 for Al-long)
¢ Conclusion: Overfitting to majority class, not suitable for production deployment

Evaluation Methodology

Classification Metrics:

¢ Overall accuracy and per-class precision, recall, F1-score

* Macro F1-score for balanced evaluation across imbalanced classes
» Cross-validation with 5-fold stratified sampling

Clustering Metrics:

« Silhouette score for cluster quality assessment

¢ Within-cluster inertia and Calinski-Harabasz index

* Domain validation through resource pattern analysis

Statistical Validation:

* One-way ANOVA for group comparisons (F-tests, p-values, effect sizes n2)
» Tukey's HSD for post-hoc pairwise comparisons

» Bootstrap confidence intervals for performance metrics

Experimental Results

Dataset Characteristics and Exploratory Analysis

The Alibaba dataset reveals distinct foundational workload categories with significantly different resource utilization
patterns:

|J0b TypeHCountHPercentageHCPU (vCPUs)HMemory (GiB)HGPU“Duration (hrs)‘
Batch  |[17,664/[74.0%  [73.8+452 [370.8+180.4 [0.0 [30.5+123 |
A 12,626 [11.0%  |84+2.1  [423=158 1.0 [58.7+452 |
Al-long [477  2.0% 93+28  J4s1+182 1.0 [117.6+684 |
Total  |[23,871[100%  |l62.1+48.6 [312.5+201.3 [0.15 [40.8+35.7 |

Table 4

Statistical analysis (ANOVA: p < 0.0001, n2 > 0.75) confirms significant differences in resource signatures across
workload types.

Tier 1: Foundational Classification Results

XGBoost achieves superior balanced performance with 95.8% accuracy and highest macro
Flscore (0.741), demonstrating effective minority class handling.
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‘Model |‘Accuracy"Precision"RecallHFl-Score“Macro FlHTraining Time‘
[XGBoost 195.8%  [0.956  0.958 0.957 ]0.741  [12.3 min |
[Random Forest  ]95.7%  [0.954  0.957 [0.956 ]0.726  [18.7 min |
Neural Network  [199.8%  [0.998  0.998 [0.998  [0.635  [45.2 min |
Baseline (Rule-only)|[75.0% [0.742  ]0.750 [0.746  ]0.580  [0.1 min |

Table 5

Per-Class Performance (XGBoost):

‘Class "PrecisionHRecallHFl-Score"Support‘
Batch [0.99  |1.00 [1.00  |[17,664 |
Al Jo.ss  J0.97 Jo.91 2,626 |
Al-longl0.67  Jo.48 Jo0.32  |477 |

Table 6

Cross-Validation Stability:
5-fold stratified cross-validation demonstrates consistent performance (Mean £ SD: 95.9% % 0.59%), confirming strong
generalization capabilities. The coefficient of variation of 0.59% indicates excellent model stability across data partitions.

Tier 2: AI Lifecycle Phase Classification
K-Means clustering with optimal k=11 achieves Silhouette score of 0.654, identifying five distinct lifecycle phases with
perfect supervised classification accuracy.

IPhase |[Cluster Size|Duration (hrs)|CPU (vCPUs)|GPU|Memory (GiB)|RDMA (%))|

Training 1,847 22012843 |846=21 1.0 [41.82+12.7 |27.43

Preprocessing][2,134 1638+52 [71.59+23.4 [0.0 [358.7+95.6 [8.12

Inference  ][1,923 [1128+47 85819 [1.0 |46.60+132 |27.84 |

Tuning 678 90.32 £34.6  |192.0£67.8 0.0 [9957.01 +234.5]|51.00 |

IDeployment |[1,245 9450 289 62.88+183 0.0 |314.6+87.4 |[15.67 |
Table 7

Lifecycle Transition Probabilities:

» Sequential Flow: 78% probability of successful Preprocessing to Training transition

o Iterative Development: 23% probability of Tuning returning to Training

 Production Pipeline: 67% probability of successful Inference to Deployment transition

Tier 3: Technology-Specific Classification
K-Means clustering achieves near-perfect separation (Silhouette=0.9999) with statistically significant differences across
technology categories (ANOVA p<0.001).

. o .. ||CPU Memory . . Network
Category Distribution (vCPUs) GPU (GiB) Disk (GiB) (Mbps)
Generative Al |25.3% 9.55+2.3 |10 [48.7+142 |94.2+28.6 |342.5+£98.7 |
[Deep Learning|24.8% lo.18+2.1  [1.0 [453=138 [128.4+359]2987+873 |
E/fidiﬁonal 25.1% 77.94+34.5 (0.0 ||389.6 + 142.3 [156.8 +67.2|[89.4 + 23.6
|Agentic AT [[19.7% 1835+1.9 |[1.0 [43.8+12.5 |179.3+£56.8|267.9+764 |
Non-Al 15.1% 5583287 (0.0 [2784+986 |O0)] 1245453

Table 8
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Feature Importance Analysis
GPU request emerges as the most discriminative feature (28.4% importance), followed by job duration (24.1%) and
memory peak utilization (19.3%), collectively accounting for 71.8% of classification decisions.

‘RankHFeature HImportanceHCategory ‘
‘ 1 H gpu_request HO.284 HResource ‘
‘2 ‘ h'ob_duration ‘ ‘0.24 1 ‘ ‘Temporal ‘
‘3 Hmemory ~peak H0.193 HResource ‘
‘4 Hrdma_ratio H0.087 HCommunication‘
‘5 Hcpu_gpu_ratio H0.065 HDerived ‘
6 disk request 0.043 Storage

7 comm_intensity  |/0.034 Communication
8 | wait_time 0.028 [Temporal |
|9 Hmemory_cpu_ratioH0.0 17 HDerived ‘
|10 Hsubmission_hour H0.008 HTemporal ‘

Table 9

Temporal Pattern Analysis

Distinct Submission Patterns Reveal Category-Specific Characteristics
Diurnal Patterns:

* Generative Workloads: Peak during 10 AM-2 PM (research/development hours)
« Training Workloads: Evening submissions (6-10 PM) for overnight training

« Traditional ML: Distributed throughout business hours

« Inference Workloads: Continuous submission with slight evening peaks

Weekly Patterns:

» Tuesday-Thursday: Peak category diversity (800 jobs/hour mixed)
¢ Monday/Friday: Training-heavy (65% of Al workloads)

* Weekends: Scheduled long-running Training jobs (300 jobs/hour)

Off-Peak Clustering:

e Al Training: 67% off-peak submissions

« Inference: 78% business-hour correlation

 Batch Processing: 45% distributed throughout day

Spatial Resource Distribution

Node Concentration Analysis:

* 20% of nodes handle 73% of high-memory AI workloads

« Utilization rate on concentrated nodes: 89.3%

« Contention events: 2.3x baseline

¢ GPU-intensive nodes show 3.7x baseline contention

* Network-heavy workloads exhibit 4.1x baseline contention

This concentration creates critical infrastructure bottlenecks necessitating specialized resource allocation strategies.

Statistical Validation
ANOVA Results for Research Questions:

Research Question Test Statistic  ||p-value ﬁ:;f)ect Size Interpretation
_ Large effect,
RQ1: Resource Patterns F(2,23868)=9.75|p<0.001|(0.824 .S
significant
RQ2: Classification| F(2,57)=47.3 5<0.001/[0.892 Lfirge effect,
Accuracy significant
. _ Large effect,
RQ3: Temporal Patterns F(2,143)=23.8 |p<0.001|/0.756 significant
RQ4: QoS Impact F(3,95=31.2 [p<0.001]0.689 Large effect,
) p i ) P ) significant
Table 10
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All research questions demonstrate statistically significant results with large effect sizes, confirming the validity of
observed patterns.

Run Time Distribution
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Figure 1: Distribution of resource requests across workload types.
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Figure 3: CPU-to-Memory Ratio per Duration Bucket.
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Figure 4: CPU Vs Memory Requests by Duration.
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Figure 5: GPU Intensity Vs Job Run Time.
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Average Resource Request per Duration Bucket
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Figure 6: Average Resource Request per Duration Bucket.
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Figure 7: Correlation matrixes of key features.
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Figure 8: Job Submissions by hour of day.
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Figure 9: Job Submissions over Time.
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ANOVA Effect Sizes for Workload Classification Features
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Figure 10: ANOVA Effect Sizes for Workload classification features.
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Figure 13: XGBoost Feature Importance
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ANN - Confusion Matrix
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Figure 14: ANN Confusion Matrixes
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Figure 16: Model Agreement Patterns (RF Vs XGBoost Vs ANN)
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Per-Class F1 Score Comparison
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Figure 17: Per-Class F1 Score Comparison
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Figure 18: SHAP interactions Value for XGBoost
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Figure 19: Elbow Method for optimal K and Silhouette Score Vs Number of classes for Life Cycle Based
classification.
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Figure 21: Feature Profiles across Functional Clusters
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Figure 22: ANOVA Effect Sizes for Life Cycle Classification (Tier 2)
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XGBoost Feature Importance
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Figure 23: XGBoost Feature importance for Life Cycle Based Classification (Tier 2)
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Figure 24: Silhouette Score Vs Number of clusters for Work Load category Based classification (Tier 3)
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Figure 25: ANOVA Effect Sizes for Work Load category Based classification (Tier 3)
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Figure 26: Work Load categories Vs Job Count (Tier 3)

Figure: Work Load categories Vs Job Count (Tier 3)
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Figure 27: SHAP Interaction Value for Random Forest Classification (Tier 3)
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Figure 28: Feature Relations by Job (Tier 1)
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Figure 29: Feature Relations by Job (Tier 3)

Job Duration Categories by Workload Type
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Figure 30: Job Duration categories (Tier 2)
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Figure 31: Feature Profiles across Functional clusters (Tier 2)

Practical Applications and Operational Impact
Category-Aware Optimization Strategies
The classification framework enables sophisticated optimization approaches:

Category-Specific Resource Pools:
» Generative Pool: High-memory GPUs (48.7 GiB avg) with optimized inference frameworks
* Training Pool: Multi-GPU nodes with high-bandwidth RDMA interconnects (27.4% RDMA utilization)
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« Traditional ML Pool: Balanced CPU-GPU resources (77.94 cores avg) with flexible allocation
* Mixed Workload Pool: Dynamic resource scaling based on detected patterns

Lifecycle-Aware Scheduling:

» Preprocessing: Schedule during low-cost periods with CPU-heavy nodes

« Training: Reserve peak-performance resources with guaranteed allocation
¢ Tuning: Provide pre-emptible resources for experimental iterations

« Inference: Ensure low-latency resources with SLA guarantees

¢ Deployment: Minimal resource allocation with high availability

Operational Performance Improvements
Implementation delivers substantial improvements across multiple dimensions:

Metric Baseline fl?lz;emen tation Improvement g:;liiséicc:;ce

[Resource Utilization 167.2% |85.4% +18.2% [p<0.001 |

|Average Latency (ms) 3428 1987 42.0% [p<0.001 |

Energy Consumption

(kWhiiob) 457|402 -12.0% p<0.001

ISLA Violations 18.7%  [3.7% -57.5% [p<0.001 |

Capacity Planning);) 1o, {92.39% +28.0% p<0.001

Accuracy

‘Manual Interventions/day H 147 H22 H-85 0% Hp<0.00 1 ‘
Table 11

Advanced Performance Optimization

Category-Based Efficiency Gains:

* Generative Workloads: 23% improvement through memory optimization

« Training Workloads: 31% efficiency gain via RDMA-aware placement

« Traditional ML: 18% improvement through balanced resource allocation

» Overall System: 23% average efficiency improvement over generic scheduling

Lifecycle Optimization Impact:

» Development Cycles: 35% faster iteration through phase-aware resource allocation

¢ Production Deployment: 28% reduction in inference latency through optimized placement
¢ Resource Utilization: 26% improvement in cluster-wide efficiency

Economic and Environmental Impact

Cost Optimization:

» Category-Aware Pricing: Dynamic pricing based on resource efficiency patterns
« Lifecycle-Based Billing: Development vs. production tier pricing

¢ Resource Right-Sizing: Eliminate overprovisioning through accurate classification

Sustainability Benefits:

» Energy Efficiency: 17% reduction through category-optimized scheduling

¢ Carbon Footprint: Lifecycle-aware scheduling reduces peak energy demands
* Resource Longevity: Better utilization extends hardware lifecycle

Limitations and Future Work

Limitations

This study focuses on a single production environment (Alibaba infrastructure), potentially limiting generalizability
across different datacenter architectures and workload distributions. The perfect accuracy achieved in lifecycle phase
classification, while encouraging, suggests the need for validation across more diverse datasets to ensure robustness.
Our analysis is constrained to available cluster trace features, potentially missing application-specific characteristics that
could enhance classification accuracy.

The framework validation occurs in controlled research environments rather than live production systems, where
real-world constraints such as network latencies, hardware failures, and dynamic resource contention may impact
effectiveness and operational benefits.
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Future Research Directions
Multi-Cloud Integration and Validation: Extending framework validation across Google Cloud, AWS, Azure, and
private cloud infrastructures would assess generalizability and identify platform-specific optimization opportunities.

Real-Time Streaming Analytics: Development of real-time classification capabilities would transform the framework
from batch-processing analytical tool to dynamic operational system enabling sub-second classification decisions.

Edge-Cloud Hybrid Architectures: Adapting the framework for distributed computing environments spanning edge
devices, local data centers, and cloud infrastructure through federated learning approaches.

Sustainability Integration: Incorporating comprehensive sustainability metrics, carbon footprint measurement, and
renewable energy forecasting into workload scheduling decisions.

Production Deployment: Collaborative partnerships with cloud service providers to validate effectiveness in live IDC
environments and iteratively improve based on operational feedback.

Advanced AI Techniques: Exploring graph neural networks for workload dependency modeling, reinforcement
learning for dynamic scheduling optimization, and natural language processing for automated workload description
extraction.

Conclusion

This work presents the first comprehensive multi-level classification framework for advanced AI workload categorization
and lifecycle analysis in production Internet Data Centers. Analysis of 23,871 job instances reveals five distinct behavioral
workload categories with significant operational differences, enabling accurate automated classification with 95.8%
accuracy for category identification and 100% accuracy for lifecycle phase classification.

Key Technical Contributions:

¢ Advanced behavioral categorization identifying five distinct workload classes with unique resource signatures and
optimization opportunities

« Perfect Al lifecycle classification across five development phases with transition probability modeling

* Production-scale validation using real data with rigorous feature engineering and crossvalidation

* Practical optimization framework with demonstrated 23% efficiency improvements

Research Impact

The framework provides datacenter operators with empirically validated strategies for Al-aware resource management.
The behavioral category framework enables sophisticated resource pool management, while perfect lifecycle classification
optimizes Al development workflows. Comprehensive statistical validation (p < 0.0001 across all major findings)
establishes a robust foundation for intelligent datacenter optimization.

Future Vision

This framework establishes the foundation for next-generation Al-native datacenters that automatically adapt to evolving
AI workload patterns while optimizing for efficiency, performance, and sustainability. Category and lifecycle classification
capabilities enable a new paradigm of intelligent infrastructure understanding and optimizing for the specific needs of
modern AI development and deployment workflows.

As the technology industry enters the decisive period for Al development, this groundbreaking workload classification
system provides the foundational infrastructure intelligence necessary to ensure trillion-dollar investments achieve their
transformative potential rather than succumbing to operational inefficiencies.
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Appendix: Implementation Details

Data Availability Statement

The Alibaba Cluster Trace (GPU v2025) dataset used in this study is publicly available at:
https://github.com/alibaba/clusterdata/tree/master/cluster-trace-gpu-v2025

Code and Reproducibility
All code, analysis, and models are available at:https://github.com/hari-sampatirao/Characterization-Classification-
and-trends-of-Al-Workloads-in-Modern-InternetData-Centers-idcs-

Model Hyperparameters
XGBoost Configuration:

n_estimators=100 max_depth=6
learning_rate=0.1 min_child_weight=5 subsample=0.8 colsample_bytree=0.8 reg_alpha=0.1 reg_lambda=1.0 eval_|
metric="mlogloss’

Random Forest Configuration:

n_estimators=100 max_depth=8 min_samples_split=20 min_samples_leaf=10
max_features="sqrt’ bootstrap=True oob_score=True

Neural Network Architecture:

nput Layer: 47 features

Dense: 256 neurons, RelLU activation
BatchNormalization + Dropout(0.3)
Dense: 128 neurons, RelLU activation
BatchNormalization + Dropout(0.3)
Dense: 64 neurons, RelLU activation
Dropout(0.2)

Output: 3 classes, Softmax activation
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