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 Cloud data centres require shared services that are highly available, elastic 

capacity, managed operations, and robust recovery capabilities to facilitate 

the next generation of efficient, reliable, and diverse connected computing 

environments. Nevertheless, large-scale cloud infrastructures continue to fail 

regularly despite their availability, scalability, and cost efficiency, primarily 

due to low resource utilisation and inadequate early-stage failure 

management. The key to effective resource management and minimizing 

failures in such settings is understanding the nature of the workload and its 

failure modes. The current review considers the Google cluster workload 

trace 2019 to investigate workload and failure patterns and to generalise the 

results of 24 articles. The analysis is also compared with other major 

datasets, such as Microsoft Azure Trace, Tencent Trace, and Alibaba Trace. 

The paper establishes the relevance of Google cluster traces, describes the 

key contents of the 2019 dataset, and contrasts prior literature with respect to 

research objectives, trace datasets, significant results, and limitations. 

Moreover, it briefly describes methods for analyzing and modeling cluster 

traces and identifies gaps in the research that should be addressed to advance 

the study of cluster traces. 
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1. INTRODUCTION 

In commercial settings, large-scale data centers have become the standard solution for a vast range 

of applications. This is mainly attributable to the fact that these centers offer significant potential for 

availability, scalability, and cost-effective operational expenses. Cloud computing systems fail due to their 

complexity, heterogeneity, openness, and dispersion. These failures can degrade cloud system dependability 

and cost users and providers a lot of money. Cloud providers may incur substantial losses from these errors. 

https://creativecommons.org/licenses/by-sa/4.0/
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Thus, data analysis on real-world sources is essential to solving the problems facing large-scale cloud data 

centers. 

This paper presents an analysis and survey of the 2019 Google Cluster traces dataset [1], which 

Google provides. It includes 2.4 terabytes of workload traces collected from eight clusters throughout May 

2019. This dataset has enabled a comparison of the development of scheduling decisions made by cluster 

managers, opening up novel opportunities. The new dataset covers alloc sets, best-effort batch scheduler, 

vertical scalability, and task dependencies. This information aids in job scheduling explanations. Unlike the 

2011 trace dataset [2], the 2019 dataset allows us to extend our hypothesis to eight clusters across three 

continents and to examine nonconformist tendencies [3]. 

A wide range of research articles have been published to date on the Google cloud traces 2019 

dataset. Additionally, some of these articles have compared this dataset with other publicly available cloud 

datasets. When it comes to research publications, however, there is a lack of high-quality articles. 

In cloud computing research, several real-world data center trace datasets have been released, along 

with their respective performance standards. 2011 featured the release of Google cluster trace [2], which was 

considered to be one of the earliest and most significant datasets. Furthermore, the Alibaba Cluster Dataset 

[4] is another dataset recently made available. The purpose of this resource-consumption dataset is to 

enhance utilization and reduce infrastructure costs. It comes from the production cluster of Alibaba, which 

operates both online services and batch processes. On the other hand, the diverse requirements of workloads 

necessitate the development of novel scheduling algorithms to manage co-located heterogeneous application 

groups effectively [5]. 

This paper consists of the following sections. Section 1 is an Introduction. Section 2 describes the 

significance of Google cluster traces. Section 3 discusses the Google cluster trace 2019 dataset. Section 4 

presents a comparative analysis using alternative datasets. Section 5 describes methods for analyzing and 

modeling cluster traces. Section 6 describes research challenges and open areas. The final section, 7, presents 

the conclusion. 

Research objectives: 

− Presents a systematic literature review of 29 articles that deploy the Google cluster workload trace 2019 

dataset, which summarizes evidence on workload as well as failure behaviour in real-world cloud 

clusters. 

− Gives a comparative study of the Google cluster traces with the MS Azure, Tencent and Alibaba traces 

including their similarities, differences and their complementary advantages to cloud research. 

− Explains the meaning and contents of the Google cluster dataset on 2019 such as what kind of workloads, 

resources, and events are being recorded, and how these have been exploited in previous literature. 

− Determines solutions to unresolved issues and underinvestigated findings in the current body of literature 

on cluster trace and outlines future research questions in cluster trace analysis specifically within the 

context of AI- and GPU-based workload constraint prediction. 

 

 

2. SIGNIFICANCE OF GOOGLE CLUSTER TRACES 

They conducted an in-depth analysis of the 2019 Google cluster trace dataset, comprising  

workload traces totaling 2.4 gigabytes from eight clusters located in different parts of the world. Google’s 

production cloud has been tasked with examining the characteristics of aborted or failed jobs and correlating 

them with significant factors. These factors include resource utilization, work priority, scheduling class, job 

duration, and the number of times the task was resubmitted. According to our findings, several significant 

features of failed tasks contributed to the work’s failure and could be used to develop an early failure 

prediction system [1]. 

Several researchers have used GARCH and ARIMA models to develop techniques for predicting the 

reliability and response times of online services. In addition, several prior studies found that virtual machines 

exhibited relatively consistent workload patterns. Using Hidden Markov Modeling, they developed a method 

to describe and predict virtual machine workload patterns. They developed several approaches, and this 

strategy was among them. The use of statistical techniques based on Google Cluster traces has led to 

comparisons of Google data centers with grid or high-performance computing (HPC) systems [6].  

This comparison is made even though Google data centers are classified as cloud stages. 

A thorough multi-view assessment strategy for dual-cloud workloads was described, and a case 

study on Google Cluster Tracing was used to illustrate the concept [4]. Several studies used the workload of 

the Google cluster to determine the distribution of cloud servers’ maintenance time and time-to-failure [6]. 

These analyses were conducted to determine the likelihood of failure. 

The Google Cluster trace Dataset comprises eight Borg cells, each located in a different time zone, 

such as New York, Helsinki, and Singapore. Machine tables, Collection tables, and Instance tables are the 
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three primary types of tables that are included in each Borg cell, which is comprised of five tables.  

To be more explicit, Machines are divided into two tables: the MachineEvents table describes events 

associated with machines, and the MachineAttributes table provides information on machine features. 

Collections are what Google refers to as jobs and alloc sets, instances are what they call tasks and alloc 

instances, and items are what they use to refer to collections or instances. The CollectionEvents and 

InstanceEvents tables, respectively, record the lifecycle of collections and instances [7]. 

The 2019 traces include only resource requests and utilization; they do not capture end users, data, 

or access patterns to storage systems and other services. Each record contains a microsecond timestamp 

relative to a reference point 600 seconds before the start of the trace period. The timestamps are 64-bit 

integers. For example, a 20-second event occurring 620 seconds after the trace begins would have a 

timestamp of 620 seconds. Two exceptional timestamp values are available for events beyond the trace 

window: 0 for pre-trace events and 263 − 1 (MAXINT) for post-trace events. Limiting use measurement 

times to 300 seconds, offset rules are used to detect occurrences relative to the trace period. Measurements 

are accurate to the nearest second but presented in microseconds for clarity. These timestamps are generally 

accurate, although small variations may occur due to clock drift across cluster nodes, rather than scheduling 

or usage concerns [8]. 

When conducting research on the cloud, it is essential to ensure the availability of empirical datasets 

that demonstrate the extent to which the cloud meets customer requirements. For example, numerous public 

cloud platform traces for cluster trace analysis have been made available. These include the Facebook trace, 

the Taobao dataset, the Google cluster trace, and the Alibaba trace 2018.  In November 2011, Google 

released a “cluster usage trace dataset”. There is a remarkable amount of detail in this trace, as well as a wide 

variety of tasks. The positions encompass a wider range of responsibilities, including providing online 

services such as search queries and other uses of MapReduce methods. The term “workload” refers to the 

number of jobs being received, the tasks associated with those jobs that users have submitted, and the load a 

particular system experiences when conducting tasks. Within the scope of this study, the trace dataset is 

characterized with respect to how tasks are processed and terminated within the cluster, how terminated jobs 

are distributed, and how scheduling class and priority influence terminated jobs [9], [10]. 

To capture long-range dependencies in cloud workloads, this analysis is conducted using workloads 

derived from a standard real-world dataset, Google Cluster trace. The research shows that the metrics under 

analysis are heavy-tailed; moreover, a mathematical form is derived to characterize long-range dependencies 

in aggregate workloads. The workloads in the Google cluster trace are analyzed in prior work, depending on 

the characteristics of the tasks and the resources used. They observed that occupations in the forest industry 

can be classified into three categories: short, medium, and long tasks. This classification is based on the 

resource-intensive nature of the jobs. Additionally, they worked on clustering workload patterns. On the 

other hand, their research does not focus on understanding the nature of cloud workloads that are dependent 

on an extended period of time. The varied nature of workloads in Google cluster trace is the subject of 

discussion in another piece of research. The report observes that the workload is highly dynamic, meaning it 

changes over time and is driven by numerous brief assignments that require rapid scheduling decisions.  

The research that they have done, on the other hand, does not analyze the long-range reliance that cloud 

workloads have [11]. 

A base predictor is a term that is widely used to refer to each of the numerous prediction models that 

are utilized in an ensemble method. This includes the use of multiple prediction models to forecast future 

outcomes. In Google Cluster trace 2011, the workload is analyzed by partitioning it into three domains: 

positive domain (POS), negative domain (NEG), and border domain. A three-way decision is the tool 

employed for this type of workload analysis. EMA prediction methodology is utilized for the given stable 

period. For the volatile period, the Holt-Winters prediction model is applied, and this is sensitive to jump 

patterns in the data. For the volatility period, a weighted prediction technique forms the core prediction 

model within the predictive framework, as the model responsible for determining the relevant outcomes. 

Outcome weighting is used to estimate the final projected workload based on weights obtained using 

reciprocal error techniques. Hence, models with higher accuracy are given greater weight, whereas those with 

low accuracy receive minimal weight [12]. 
 

 

3. OVERVIEW OF GOOGLE CLUSTER TRACES 2019 DATASET 

An extensive dataset that is made accessible to the general public is known as Google cluster traces. 

More than 12,500 nodes were used to generate the data for this large dataset. During the period from 

February 8 to March 28, Google’s cluster traces comprise approximately 28 million tasks and 672,074 jobs. 

Each job has unique characteristics based on its scheduling category, priority, resource requirements, and 

resource utilization.  The following summary covers Google Traces’ key statistics. The links between failed 

tasks, scheduled courses, and resource demands are broken to eliminate them.  Basic information was derived 



                ISSN: 2252-8776 

Int J Inf & Commun Technol, Vol. 15, No. 3, September 2026: 1167-1178 

1170 

by analyzing failure patterns over a 29-day period. The Google Trace of 29 days reveals significant 

differences in patterns of failures of jobs and tasks. Incomplete activities in Google Trace went highly 

between days 2 and 10, which shows significant destruction of particular data centre resources [6]. 

Google has only recently released new trace data applicable at a large scale. Compared with the 

prior version, the May 2019 dataset contains eight distinct Google computer clusters, referred to as cells.  

In contrast to earlier research, this approach enables inter-cluster analysis, which was previously difficult. 

Jobs, machine events, and other utilization data are included in the Google Trace 2019 dataset. Jobs and 

machine events contain information on job and allocation scheduling, as well as on machine life-cycle 

operating processes. Use the provided data to compute the normalized CPU and memory usage for each 

activity, ranging from 0 to 1. The computation divides actual usage by the maximum number of Google 

compute units (GCUs) or memory capacity of all computers in a cell [13]. 

Google released its third and latest dataset. It was released in early 2020 and records cloud  

resource usage from eight clusters, one of which had more than 12,000 computers in May 2019. This dataset 

focuses on resource requests and consumption and does not include end users, unlike the 2011 dataset.  

The 2019 dataset adds task-reserved shared resources, CPU-use histograms for each five minutes,  

and job-parent relationships for master-worker relationships, such as MapReduce jobs [14]. Table 1 shows a 

comparison between the Google cluster trace 2011 and the Google cluster trace 2019 datasets. 

The dataset of Google cluster 2019 can be successfully applied in the development of the predictive 

models to optimize cluster performance and resource utilization since it includes abundant metrics that can be 

used to analyze workload patterns and resource requirement within the cloud environment. These 

understandings facilitate more sophisticated methods like reinforcement learning (RL), in which frameworks 

like Q-learning and deep Q-networks may optimize the resource allocation dynamically by balancing the 

workloads and enhancing the efficiency of the systems. Also, predictive systems can use forecasting 

techniques like NARX and ARIMA to predict future workloads using past data to enable the proactive 

allocation of resources, minimize costs, and achieve high performance. Machine learning solutions are  

also instrumental in task assignment where artificial neural networks, as well as, ensemble algorithms  

can be used to determine the best node-task assignments resulting in an efficient use of resources. 

Nevertheless, regardless of its potential, the model accuracy and performance may be influenced by 

challenges, including data quality problems, and the dynamic and unpredictable nature of workloads, and to 

maximize the benefits of predictive analytics in cluster management, it is important to mitigate these 

limitations [15]-[17]. 

 

 

Table 1. Comparison between Google Cluster trace 2011 (v2) and 2019 (v3) datasets 
 Version 2 (cell) Version 3 (total) Version 3 (cell avg) 

Total events 37780 309833 38729 

Initial machines 12477 91902 11487 
New ADD 106 4653 582 

REMOVE 8957 153779 19222 

UPDATE 7380 324 40 
REJOIN 8860 151077 18884 

REMOVE (permanently) 98 2702 338 

Repair probability 0.98917 0.98243 - 

 

 

4. COMPARATIVE ANALYSIS WITH ALTERNATIVE DATASETS 

Recent studies on cloud computing and workload trace analysis have focused on improving resource 

utilization, scheduling efficiency, workload prediction, and system reliability in large-scale distributed 

environments. These studies utilize real-world cluster trace datasets from major cloud providers such as 

Alibaba, Google, Tencent, and Microsoft Azure to evaluate different models, scheduling techniques, and 

workload generation frameworks. Table 2 in the Appendix [18]-[22]. Comparative analysis presented below 

highlights the objectives, datasets, major findings, and identified limitations of existing research works, 

thereby providing a clear understanding of current advancements and potential future research directions in 

cloud workload trace analysis. 

 

 

5. METHODS FOR ANALYZING AND MODELING CLUSTER TRACES 

A comprehensive collection of workload data that was collected from eight Google Borg compute 

clusters over the month of May 2019 is provided by the Google cluster workload traces 2019 dataset,  

which serves as a landmark to the development of cloud computing research. It is a cornerstone for 
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understanding the dynamics of large-scale cluster management and workload scheduling inside a cloud 

environment, and the dataset obtained from Kaggle is the source of the information. Given that the project is 

primarily concerned with the management of heavy traffic, the Google cluster workload traces 2019 dataset 

has emerged as an important resource that can be utilized for job submission, scheduling choices, and 

resource utilization across a variety of clusters. The purpose of this component is to conduct an analysis in 

order to evaluate the efficacy and outcome of our algorithm. A comparison of the method with more 

conventional load balancing techniques, such as least connections and least response time, is used to analyze 

the effectiveness of the algorithm. In order to do the comparison, critical variables such as resource usage, 

latency, throughput, and error rate were taken into consideration. The efficiency and dependability of  

load-balancing algorithms in real-world circumstances may be analyzed using these measures, which are 

acceptable for the purpose. This analysis is carried out by distributing 500 tasks to each of the algorithms, 

beginning with 100 tasks and increasing the number of tasks by 100 in each successive stage. In this,  

the metrics were watched and kept closely in a manner for analysis to determine which implementation had 

an effective outcome from all of them [7]. 

This research analyzed the Google Trace Dataset. This dataset is extremely valuable due to the fact 

that it is currently being worked on by a large number of academics, and the findings of this research have 

the potential to influence the next generation of cloud computing and data centers. Four perspectives were 

used to analyze the Google Trace to enhance cluster performance. Memory affects work performance more 

than the CPU, according to our initial data research. Despite memory being the barrier, Google recently 

updated servers with full CPUs to have full memory. Borg performance will improve by reducing RAM by 

25% from 2218 full CPU and memory systems to 10,188 with 0.5 CPU and 0.2493 memory. It can be seen 

that more restrictive professions tend to delay less in the second experiment, although the third trial has given 

results showing that lower-priority jobs contribute a lot in terms of rescheduling and augment cloud 

overhead, which were not expected. It was proposed to minimize the time spent on each job and let the 

lower-priority jobs finish for optimal use of resources. Finally, it was observed that the cloud management 

system puts the maximum constraints to KILLED jobs, and this is the main observation of this study.  

It should be broken down into jobs with subtasks in order to minimize the number of jobs eliminated and 

improve performance [9]. 

Although Google cluster dataset of 2019 has been widely explored, there are still major operational 

insights to be made. In this paper, the authors suggest artificial intelligence models that are run on graphics 

processing units to forecast the workload limitations, which is one of the primary bottlenecks in cloud 

environments at the scale. The approach would help in better provisioning of its resources, lessening 

performance degradation, and extracting more value out of the existing cluster trace information by 

anticipating such constraints in the future. Research suggests combining machine learning algorithms like 

XGBoost with hyperparameter tuning approaches like swarm-based artificial bee colony optimization to save 

energy and time. Accurate constraint number forecasting saves time and energy. Our research endeavors to 

push the limits of the capability of this dataset, with the goal of discovering significant knowledge that has an 

influence in the actual world. Also, the Borg system should optimize its efficiency by analyzing an option 

that disregards VMs that have an unusually low number of resources: either CPU or RAM. Therefore, the 

future research area is providing sophisticated ideas to Borg about resource allocation techniques, with the 

aim to eliminate potential bottleneck effects such under-provisioned virtual machines create. It is further 

highly recommended that other major cloud service providers including Amazon Web Services (AWS), 

Microsoft Azure, and Alibaba be considered in subsequent research efforts. Comparative studies across these 

platforms can therefore provide the research community as a whole with valuable findings [9]. 

Within the realm of current cluster management systems, trace analysis has been performing a 

significant role in providing an understanding of the behaviors that they exhibit. This paper presents the 

findings of our inter-cluster analysis of the recently disclosed Google trace 2019 data set. Our analysis 

focused on the distribution of underlying physical machines, such as the number of machines and resources, 

and computational task request metrics, such as work duration, time used, and cycles per instruction.  

This further reveal that the cells possessing almost the same composition of machine resource could consume 

those resources in an entirely different manner by considering the pattern of request of tasks. A shape has 

been figured out through an unsupervised learning algorithm from various clusters; such shapes appear to be 

two types - concave and convex forms. In case of the convex shape, it would be the presence of coherent 

scale variation for all dimension, but concave depicts missing variance along with any dimension. 

Provide a characterization analysis of a workload trace that was obtained over a period of two 

months from a production machine learning as a service cluster in Alibaba that had more than 6,000 GPUs. 

The explanation of cluster scheduling challenges is given. Such issues include low utilization of graphical 

processing units, long times to wait in the queues, the existence of certain hard-to-schedule applications 

requiring high-end GPUs but have specific scheduling requirements and may cause imbalanced loading 

across heterogeneous machines, causing bottlenecks on CPUs. These current solutions include a scheduler, 
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which allows for GPU sharing and uses a reserving-and-packing strategy in separating high-GPU jobs from 

low-GPU tasks to better manage the scheduling of PAI workloads. The observation is that most of the jobs 

are usually running and scheduled by groups, with less than one GPU per instance. Only very few  

business-critical jobs use the high-end GPUs in one system connected via NVLinks. The CPU seems to be a 

bottleneck for such low GPU resource jobs; in fact, it also hosts data pre-processing and simulation.  

Some problems remain, including possible CPU bottleneck and load imbalance for heterogeneous devices. 

The trace-the most detailed in terms of workloads and cluster scale-is published to promote further research 

on better GPU scheduling [17]. 

Within the scope of this research, A comprehensive strategy for the task failure detection model is 

proposed. Five traditional models of machine learning and three deep learning models were created using the 

GCT dataset to assess the performance of these different models in job and task failure prediction. The best 

model is the XGBoost classifier, which gives an accuracy score of 94.35% and an F-score of 0.9310 as 

obtained by the performance analysis. Two models were found at the task level that are at excellent levels. 

These models are based on decision tree and random forest. A score of 89.75% for accuracy and a score of 

0.9154 for the F-score have been calculated for both models. Taking everything into consideration, the 

findings have demonstrated that the traditional ML models perform significantly better than the DL models 

when it comes to classifying the termination status of jobs and tasks. Furthermore, according to the findings 

of our research of the significance of features, the scheduling class and the CPU request are the most 

important characteristics for Traditional ML, whereas the disk space request and the memory request are the 

most important features for DL in terms of the prediction of task failure. On the other hand, when it comes to 

task-level prediction, the most essential element for traditional ML is resource demands, whereas priority is 

the most critical factor for DL models. In conclusion, our scalability analysis revealed that Traditional ML 

models are capable of making predictions in a reasonable amount of time, despite the fact that they are 

implemented on consumer-level hardware [14]. 

In the field of cloud computing, several studies have made use of clustering to analyze cloud trace 

data in order to improve resource management. Much of this research have been successful. During the 

clustering process, the dimensions and the approach that are utilized can have a significant impact on the 

quality of the cloud traces that are clustered. The paper presented two contributions: an in-depth analysis, 

considering the possibility of improving clustering quality using dimensions that are more efficient than 

traditional ones and procedures different from the usual ones used. The challenge of predicting which of the 

two elements will occur is something that has not yet been anticipated, so a detection method, EFection, was 

invented. A comparison of the performance of three internal validation measures-Davies-Bouldin, Silhouette 

Coefficient, and Calinski–Harabasz—was conducted to find the most suitable validation method for this 

technique while developing the EFection approach. This method allows one to find which dimension and 

method will produce the highest quality clustering of a particular cloud trace without an analysis of the entire 

dataset. In doing so, the Davies–Boulden index as well as the Pearson correlation coefficient is used. 

Performance metrics: Initially, the testability of EFection started with a verification of accuracy and precision 

to identify instances over various combinations of attributes with different methods. Then its utility is shown 

by making two applications in related analysis. A comparison with the most recent documented efforts in the 

literature revealed that EFection was potentially applicable in almost 83% of cases and had the highest 

accuracy preference. Additionally, it surpassed the most recent attempt by eleven percentage points and had 

higher stability than the previous approach [23], [24]. 

Using the Google cluster trace data set version 3, which was acquired from about 96,000 computers, 

Failure statistics and machine lifetimes over time were studied. In less than a minute from the previous 

failure of the machine, it was calculated that 13% that another machine on the same network switch will fail. 

A Markov chain model was designed in order to predict which machines are in which states at any time. With 

this model and computed probability estimates, very accurate predictions about machine status could be done 

for several days. Using the estimated machine states, the trend of the active machine was generated and 

compared to the trend provided in the Google cluster workload traces dataset. The error obtained was 1.76%. 

Within the compressed format, the data set version 3 has a size of 2.7 terabytes. The data collection was 

made available by Google in both the JSON format and as BigQuery tables. Regarding JSON, the size of the 

data collection is greater than 7 terabytes. With such a large data set comes a set of challenges that are 

entirely unique. The majority of the challenges that are related with the JSON format may be resolved by 

using the version of the data set that is hosted on Google BigQuery. BigQuery is quite expensive, but due to 

the JSON format, it can run on commodity hardware. For this research work, the data set was retrieved from 

the Google Storage bucket, and then it was downloaded compressed in JSON format. To increase memory 

efficiency, the compressed JSON was imported into the Spark Cluster and saved in Apache Parquet format 

because uncompressed JSON occupies too much of the system’s memory. Only the needed data from the 

Apache Spark Parquet file was read, converted, and saved to a CSV file for further processing with  
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Python [22]. In order to increase the accuracy of the forecast, First, present a three-way ensemble data center 

workload prediction. It was stated that workloads were continuous, varying, and delays. Thus, using the 

annealing scheme, workload-division thresholding was discovered. Subsequently, by making a three-way 

decision principle to assign one of three types of forecasting models depending upon workload type and prior 

a priori error prediction, accuracy can be improved upon. Lastly, TWD-RCPM enhanced workload forecast 

accuracy by 69.0%, 68.6%, and 72.6% when tested on Google cluster trace CPU load monitoring logs 

compared to ARIMA, NN, and DMASVR-3WD [12]. 

The analysis of Google cluster traces needs to utilize sophisticated clustering techniques that can 

efficiently operate with high-dimensional and dynamically changing data. Incorporating current algorithms 

and models, researchers will be able to enhance the accuracy and interpretability of the results of clustering, 

which is necessary to analyze data meaningfully. Trimmed and sparse clustering are automated methods of 

clustering that emphasize important features and deemphasize noise so that the process is less sensitive to 

outliers and the parameters are more easily chosen by users. Frameworks such as BURST, too, are tailored to 

streaming time-series data, allowing real-time analysis through dynamically adapting to changes and 

estimating the best number of clusters. Besides accuracy, explainability is an important part of clustering and 

such tools as Cluster-Explorer can be used to improve interpretability by determining patterns and 

characteristics that are important in clusters and employ methods such as frequent-itemset mining. 

Nevertheless, some problems are still present, especially in the problem of guaranteeing easy and 

understandable outcomes with complex data, so more research is necessary to enhance the efficiency and 

versatility of clustering approaches [25]-[28]. 

 

 

6. RESEARCH CHALLENGES IN CLUSTER TRACE ANALYSIS 
There are several challenges in the Google cluster workload traces dataset and its alternative datasets 

namely Alibaba Trace, MS Azure Trace, and Tencent Trace. 

− Edge cloud AI inference on IoT data presents novel challenges. Edge clouds, like conventional cloud 

platforms, will operate numerous tenant apps on each server. These applications utilize edge server 

hardware, such as accelerators. Traditional resources like CPUs and server GPUs accept virtualization for 

application multiplexing, while edge accelerators do not. Using a DNN accelerator for several tenant 

applications might cause performance interference owing to a lack of isolation methods, such as 

virtualization. This can negatively impact response times for latency-sensitive IoT applications. 

Developing novel cluster resource management strategies is necessary to efficiently multiplex shared 

edge cloud resources for latency-sensitive applications [23]. 

− Several researchers found that analyzing cluster workload traces on a single platform might be 

challenging due to variability, limiting the applicability of an approach. Most microservices in the 

Alibaba cluster are more sensitive to CPU than memory, according to an analysis of Alibaba trace. Such 

exploration is encouraged by trace cross-platform comparison [25]. 

− Although the Google cluster dataset 2019 has been analyzed, insights remain unexplored. Our solution 

involves using AI and GPU power to estimate job limits, a significant challenge in cloud systems [9]. 

− The search for new clusters was attempted in the 2019 Google Cluster dataset, measured at 2.4 terabytes, 

huge in comparison with its predecessor that measured only at 44 gigabytes. Therefore, proper effort has 

to be put behind time and resources to maneuver the amount of data processed. To overcome these 

challenges, a Google cloud tool called BigQuery was used. It enables complex searches on the Google 

Cluster dataset without having to download the entire trace [9]. 

− Google Cluster trace is an image of their data center operations. As infrastructure develops, this trace may 

become outdated and limited. Without standards or procedures, decision-making might be challenging to 

understand. Privacy and confidentiality concerns make Google Trace challenging. It is challenging to 

manage and analyze huge amounts of data in large-scale systems, detect valuable patterns, and generate 

trustworthy results. Generalizability may be restricted by Google’s rules, which may differ significantly 

from those of other businesses. Analyzing and categorizing the Google Cluster trace provides valuable 

insights into managing large-scale distributed systems, such as cloud computing and data centers [10]. 

− Researchers want to use unsupervised learning techniques to analyze work categories. A challenge arises 

when dealing with millions of multi-dimensional data items. Due to the curse of dimensionality, with 

larger data sets, each dimension greatly increases processing costs. Additionally, data with severe outliers 

and heavy bias might bias the clustering algorithm. These challenges are overcome by reducing the 

metrics to three based on the outcome of correlation analysis. Other strategies include scaling of outliers 

using Box-Cox transformation and centering the data by a standard scaler which also eliminates standard 

deviation [13]. 
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− Our scheduler policy design has challenges, many of which are yet unaddressed. Next, some open 

challenges that may arise in GPU clusters with heterogeneous machines are going to be dealt  

with: mismatched specifications and request for instances, overcrowding low-performance GPU 

computers, and imbalanced loads in high-end machines [17]. 

− This challenge helps cloud service companies save expenses. The sustainable development goals are also 

supported. To train this model, consider using alternative datasets. Transfer learning techniques may be 

used to create high-quality prediction models for cloud resource management [14]. 

− Straggler tasks, which are sometimes related to the long tail problem, is still a burning issue in cluster 

computing since only a few slow running tasks can greatly postpone the execution of a whole job. These 

stragglers have adverse effects on the performance and resource efficiency of the system as a whole. 

Consequently, proper identification and control of such activities are critical, and superior frameworks 

and strategies are necessary to maximize resource allocation and enhance the efficiency of the system in 

general [29]. 

 

 

7. CONCLUSION 

The survey has examined Google cluster workload trace datasets of 2011 and 2019, and the other 

data sets including the Alibaba, MS Azure and Tencent cluster traces. It compares the 2019 Google trace to 

be larger, more varied, and closer to the modern production workloads compared to the 2011 trace, with the 

alternative datasets offering supplementary insights of co-located workloads, cloud operations, and large-

scale scheduling behavior. Nevertheless, there are a number of gaps in research in the literature. To begin 

with, the majority of the current studies are dedicated to one dataset, and there is no commonly adopted 

cross-trace benchmarking framework to assess the workload analysis techniques in various cloud settings. 

Second, preprocessing conventions, schema mapping, and trace filtering vary significantly between datasets 

restricting reproducibility and direct comparison. Third, the temporal variations in the nature of workloads, 

schedule patterns and resource consumption are not yet adequately investigated, particularly between the 

2011 and 2019 Google traces. Lastly, future studies ought to focus on transferability, standardized 

measurements and standardized evaluation procedures to ensure that trace-based models can be tested 

efficiently using heterogeneous production datasets. 

Overall, cluster trace datasets continue to be crucial in comprehending cloud workload behavior, yet 

the discipline still lacks standardized practices in analysis and validation across datasets. The fill-in of these 

gaps will ensure that future trace-based scheduling, prediction, and resource-management studies become 

more generalizable and useful in practice. 
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APPENDIX 
 

 

Table 2. Comparative analysis 
Reference 

and 

publication 

with year 

Objectives of the research 

Cluster 

trace dataset 

used 

Findings of the research Limitations/future work 

[18] 

Elsevier, 
2024 

To provide STWGEN, a 

unique approach that uses 
statistical trace data to 

generate workload, to 

solve this challenge. 

Alibaba 

Trace 2018 

STWGEN accurately simulates batch 

task resource utilization by integrating 
task-level data with machine-level 

challenges. Extensive experiments 

confirm the superiority of the 
STWGEN method over existing 

baselines. 

The scope of our research will 

be expanded in the future to 
account for work dependencies 

in workforce development. 

[19] ACM, 
2024 

This research aims to fill 
the gap by creating a 

method for fitting open-

source workloads from 
FaaS benchmarking suites 

to operational FaaS 

workload traces while 
preserving their essential 

statistical aspects. 

MS Azure 
Trace 

It analyses the execution modes of 
Faas Rail and compares load 

representativity with Azure Functions, 

Huawei’s production-scale traces, and 
existing serverless literature. 

FaaSRail currently does not 
modify function inputs, 

resulting in consistent expected 

execution times. Experimenting 
with different inputs is a 

potential next step.  

Not all experiments benefit 
from scaling the input trace 

over time. Experiments 

analyzing sandbox caching 
strategies or predictive 

preallocation optimizations may 
benefit from FaaSRail’s Minute 

Range mode, which does not 

scale request over time. 
[20] ACM, 

2023 

The research below 

compares operational 

cloud block storage 
workloads using block-

level I/O traces from 

Alibaba Cloud and 
Tencent Cloud Block 

Storage, analyzing billions 

of requests. 

Alibaba 

Cloud & 

Tencent 
Cloud 

Block 

Storage 

Cloud block storage workloads and 

prominent public block-level I/O 

workloads from corporate data centers 
at Microsoft Research Cambridge are 

compared to determine their 

similarities and differences. These 
objectives are achieved through the 

overall provision of sixteen detailed 

data points and six high-level data 
points, talking about load intensity, 

geographical patterns, and temporal 

patterns. The analysis focuses on how 

the findings influence load balancing 

in cloud block storage, the efficiency 

of caching, and the administration of 
clusters. 

Trace analysis has various 

limitations. Because the traces 

collected by AliCloud and 
Tencent Cloud capture the 

response time differently than 

the traces captured by MSRC, 
it’s impossible to do latency 

analysis for I/O requests during 

a real deployment. Both of 
them also do not expose which 

programs are running on a 

particular disk, thus leaving out 

the association of individual 

workloads of an application to 

their corresponding I/O pattern. 

[21] IEEE, 

2023 

Harmony is a deep 

learning-driven ML 
cluster scheduler that 

optimizes performance by 

scheduling heterogeneous 
training tasks using 

parameter server or all-

reduce architecture to 
minimize interference and 

increase performance (i.e., 

training completion time 
reduction). 

Real ML 

Workloads 
in 

Kubernetes 

Cluster 

The model is built for online job 

arrival using a parameter server or all-
reduce architecture. A two-step 

learning mechanism is applied to learn 

the placement policy without an 
interference model of workload. 

Initially, the scarce historical data is 

used for training a reward neural 
network, and then DRL is trained on 

placement decision with reward 

samples obtained from the reward 
model. According to the evaluation of 

a Kubernetes cluster, Harmony 

reduces the completion time for jobs 
by 16%-42% compared with 

representative scheduling methods. 

- 
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Table 2. Comparative analysis (Continued) 
Reference 

and 

publication 

with year 

Objectives of the research 

Cluster 

trace dataset 
used 

Findings of the research Limitations/future work 

[17] IEEE, 
2022 

This research introduces a 
three-way ensemble 

forecast for data center 

workload to enhance 
accuracy. 

Google 
Cluster 

trace 

Simulated annealing was utilised 
to obtain the workload split cutoff 

value for stable, volatile and jitter 

periods. The three-way decision 
idea was used to assign prediction 

models based on workload 

characteristics and a priori error 
prediction to improve accuracy. 

In workload prediction accuracy 

trials utilizing CPU load 
monitoring logs from Google 

cluster trace, TWD-RCPM 

surpasses ARIMA, NN, and 

DMASVR-3WD by 69.0%, 

68.6%, and 72.6%. 

Our approach is broad, scalable, 
and adaptable to many settings. 

Future work involves extending 

it. Further improvements of the 
system will include the analysis 

of memory, I/O, and disk usage, 

along with the introduction of 
new workload prediction 

models. Future research will 

also be based on energy 
consumption, with the 

prediction model applied to 

analyze energy savings in data 

center resource allocation. 

[16] 
ORCA, 

Cardiff 
University 

Our research analyzes 
workload traces to 

understand machine 
operations across 

platforms in Google data 

centers. 

Google 
Cluster 

trace 
Version3 

On average, 98.24% of machines 
recover/join in 47 minutes, with a 

standard variation of 4.5 hours. 
While the number of active 

machines fluctuates over the 

collecting period, the overall 
trend remains consistent if new 

machines are not included. 

Failures occur often, yet less than 
2% of computers join the cluster. 

Using machine state 
predictions, an active machine 

timeline can be generated. The 
model predicts the machine 

state with an accuracy of 

MAPE at 1.76% compared to 
the actual machine timeline. 

[21] IEEE, 

2019 

Learn about the features 

of co-allocated online 
services and batch 

processes in an Alibaba 

Cloud production cluster 
with 1.3k servers. 

Alibaba 

Cloud 

This research presents insights 

that can help communities and 
data center operators in 

understanding workload 

characteristics, resource use, and 
failure recovery architecture. 

Predict work failures and 

transfer instances to other 
computers to prevent problems. 

[22] IEEE, 

2022 

According to our research, 

both cloud architectures 
have advantages and 

drawbacks, and their route 

inflations have distinct 
causes. The architecture of 

the ISP cloud can 

outperform the DC-cloud 
due to its advantages in 

data centers and large-

scale network 
infrastructure. 

Alibaba and 

Tencent 
Cloud Trace 

The findings minimize latency by 

11.0% to 30.5% for Alibaba, 
9.8% to 18.6% for Tencent, and 

54.1% to external destinations for 

CTYun. The results indicate that 
both cloud systems have 

opportunity for development, 

although the ISP-cloud may have 
better performance due to its 

inherited benefits from the ISP 

infrastructure. 

The tools of measurement will 

be deployed on the platforms 
like OpenNetLab for launching 

queries from the network edge, 

such as a university, home, and 
cellular networks. The purpose 

is to do long-term measurement 

research tracking the evolution 
of cloud routing regulations, 

with the flattening trend of the 

Internet in consideration. 
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