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space for the resource management of clouds running with
mixed workloads (such as online services and ofﬂine batch
jobs). A deep understanding of workload characterization
beneﬁts both machine capacity planning and job scheduling.
In typical production clouds, online services and ofﬂine
batch jobs are usually co-located in the same machine to
maximize resource utilization. However, co-location also
brings great challenges to the existing cluster management
methods. Resource utilization and QoS (Quality of Services)
of diverse applications should be optimized together. Currently, Alibaba uses co-location strategy to support various
application services, including online interactive services
and ofﬂine computational services [4]. The conﬂict between
different types of services on resource preemption and
contention leads to certain services to be delayed and can
not provide satisﬁed QoS for users. It is a common problem
other cloud platforms are also faced. Understanding the
workload characteristics and patterns will not only provide
workload prediction and effective scheduling for cluster
management, but also avoid resource preemption caused by
uneven resource allocation strategy.
In this paper, we perform clustering and analysis of
workloads on Alibaba cluster trace [5] which was released
on September 2017 by Alibaba, one of the largest cloud
computing companies in the world. Alibaba cloud processes
millions of jobs or instances everyday in order to provide
satisﬁed services to end-users. This dataset not only contains
batch jobs, but also contains online services, whose instances
running on containers. This paper is a follow-up work of our
previous paper [4], in which we performed a detailed statistic
studies on Alibaba trace and found multiple imbalance
phenomena in the cloud. While in this paper, we ﬁnd
many new discoveries by using machine learning methods
to deeply process the data. The main contribution of this
paper is as follows:
• Perform clustering analysis on batch jobs and online
service running on Alibaba cluster trace, and identify
workload patterns. We ﬁrst select effective feature vectors as the dimensions of clustering; then identify the
cluster boundaries of each dimension using K-Means
algorithm; After that, we cluster jobs by combining the

Abstract—Cloud computing technology is widely used in
today’s datacenters due to the beneﬁts such as high scalability,
on-demand services and low cost. An in-depth understanding of
the characteristics of workloads running in production cloud
environments is very important for improving the resource
management efﬁciency. In this paper, we make a detailed
analysis with visualization techniques and clustering methods
on the trace dataset released by Alibaba which contains 11089
online services and 12951 batch jobs running on 1313 machines.
Our methodology for clustering workloads contains: i) Select
effective feature vectors as the dimensions of clustering; ii)
Identify the cluster boundaries of each dimension using KMeans algorithm; iii) Classify jobs by combining the feature
vectors which uses the results from previous step; iv) Analyze
the characteristics of workload groups at runtime. Our analysis
reveals several insights which previous work has not found on
Alibaba cluster trace. For batch jobs: a) Average CPU cores
of all batch jobs show bimodal-distribution obviously. b) At a
random sampling time, more than 50% machines only run one
group of jobs with a short duration, medium CPU cores and
small memory utilization, the remaining machines run mixed
groups of jobs. For online instances: a) The resource usage
(CPU, Memory, and Disk) of most online instances is low;
b) There are up to six groups running on the same machine
according to our clustering method at a random sampling time.
Keywords-Alibaba Trace; Workload Pattern; K-Means Clustering

I. I NTRODUCTION
Production cloud environment usually contains a huge
number of machines, providing highly reliable services to
end users. With the development of cloud computing technology and the ever-increasing number of cloud data centers,
more and more users choose to migrate their services to
clouds. By doing so, users can greatly reduce the total cost
of ownership (TCO) and up-front commitments. However,
this beneﬁt is not free, it comes at the cost of bringing
additional complexity to cloud managements. One of the
challenges is how to implement efﬁcient resource management for diverse workloads running in the same physical
machine. Although resource management and scheduling
has been widely studied by many researchers from different
perspectives [1], [2], [3], there is still a large optimization
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III. W ORKLOAD C LUSTERING

Table I
BASIC STATISTICS OF THE SIX DATA TABLES
Table name
server event
server usage
batch task
batch instance
container event
container usage

•

Data entries
1352
187963
80553
16094656
11102
1480906

Data attributes
7
8
8
12
8
12

A. Step one: select clustering algorithm

unzipped size(kb)
47
18585
4524
838425
855
269525

K-Means clustering [6], mean shift clustering [7], densitybased clustering method [8] are commonly used clustering
algorithms in machine learning community. K-Means is usually used for workload clustering with following advantages:
i) it is a classical algorithm to solve the clustering problem,
the algorithm is simple and fast. ii) For processing large
datasets, the algorithm is relatively scalable and efﬁcient
with a complexity of O(nkt), where n is the number of all
objects, k is the number of clusters, and t is the iteration
times (usually k  n). This algorithm often ends with a
local optimum value. iii) The algorithm attempts to ﬁnd
the k partitions that minimize the value of the squared
error function. When clusters are dense, spherical or lumpy,
and the difference among clusters is obvious, the clustering
works well.
K-Means is an unsupervised clustering method. It needs to
specify the number of clusters k manually, then randomly
select the cluster center point, perform multiple iterations
until the center point is unchanged, or the euclidean distance between cluster points and the cluster center point of
their cluster is unchanged. When the distance converges, or
calculated cycle number is not less than the preset number
of iterations, the iteration stops.

feature vectors.
Analyze and identify job group characteristics and
the relationship among different job groups. Based on
the job group characteristics, we can further schedule
suitable jobs to the same machine and reduce the
interference by conﬂicted jobs.

Our analysis reveals several insights which previous work
has not found on Alibaba cluster trace.
•

•

For batch jobs: i) Average CPU cores of all batch jobs
show bimodal-distribution obviously; ii) At a random
sampling time, more than 50% machines only run jobs
with a short duration, medium CPU cores and small
memory utilization. While the remaining groups of jobs
are mixed running in other machines.
For online instances: i) The resource usage (CPU,
Memory and Disk) of most online instances are very
small; ii) There are up to six groups running on the
same machine according to our clustering method at
sampling time.

B. Step two: select feature vector
1) Batch Jobs: According to the trace data, batch
jobs run on the Alibaba cluster over 12 hours. Among
batch jobs, the task status of each batch job contains Ready/Waiting/Running/Terminated/Failed/Canceled,
we only select the tasks with the terminated status for
analysis in order to get more accurate clustering results.
• Job duration
According to trace dataset, 12,951 job samples are collected in batch jobs. The number of jobs with a status
of terminated is 11,641, the maximum running duration is
8.2181 hours, and the minimum running duration is 0.0028
hour. From Fig. 1, the job distribution of each running
duration can be seen intuitively.
It can be seen from Fig. 1 that the majority of job number
is in the interval of 0 ∼ 0.08h, the number almost reaches
8000, the number of jobs in the interval 0.08 ∼ 0.16 is
the second with more than 1000. The number of jobs in
the remaining sections is much less. As the running time
increases, the number of jobs tends to decrease, so it can
be seen that the most batch jobs are short jobs. The average
duration is 0.1009h, the maximum duration is 8.2181h, and
the minimum duration is 0.0003h.
• Average CPU cores
Statistical analysis is performed on the average CPU
usage of all jobs with the terminated status. Since a job
contains multiple tasks, and a task contains a plurality of

The rest of the paper is organized as follows: Section
II describes the Alibaba trace dataset. Section III uses KMeans algorithm to cluster workloads and identify workload
patterns. Section IV discusses related works. The conclusion
and future work are presented in Section V.
II. T RACE DATASET OVERVIEW
Alibaba released a cluster trace dataset on September
2017. This dataset contains online services and ofﬂine batch
jobs which are co-located on 1313 machines. For online services, the trace collected almost 12 hours instances running
on containers. For batch jobs, a job contains multiple tasks,
different tasks execute different computing logics. Tasks
form a DAG according to the data dependency. Instance is
the smallest scheduling unit of batch workload.
The trace contains six ﬁles in CVS format in Table I.
Server event and server usage describe the conﬁguration
information and occupancy of the machine CPU, memory,
disk, and so on. Batch task and batch instance are the description of duration and resource consumption of the tasks
and instances of the batch jobs running on the machines.
Container event and container usage describe the running
duration and resource occupation of the containers running
on the machine. The online services run in containers.
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Figure 1. Batch job number each job duration period. Note the log scale
on the plot’s y-axis.

Figure 3. Batch job number of average memory utilization. Note the
memory utilization is normalized.

It can be seen from Fig. 2 that the average utilization of
CPU cores has a bimodal distribution phenomenon, that is,
it mainly concentrates in two interval ranges: 0 ∼ 0.7 and
0.7 ∼ 1.5. The average value is 0.6075, maximum value is
2.3280 and minimum value is 0.0077.
• Average memory utilization
Fig. 3 describes the distribution of the average memory
utilization of each job. In all sampled jobs, the maximum
memory occupancy is 0.0620, the minimum is 0.0003, and
more than 90% jobs are distributed in the interval less than
0.04.
2) Online Service: Fig. 4 describes the average resource
(CPU/memory/disk) utilization distribution of an instance
running in a container over all sampling times. For CPU,
the maximum average CPU utilization is 47.8873%, the
minimum is 0%, and more than 60% instants are distributed
between 0% and 20%. For memory, the maximum average
memory utilization is 76.0%, the minimum is 1.0%, and
most instances are distributed between 25% and 50%. For
disk, the maximum average disk utilization is 100.0%, the
minimum is 2.0575%, and more than 90% instances are
distributed between 0% and 50%. As can be seen from
Fig. 4, the number of instances is about 30 when memory
utilization is the largest. The total number of instances is
10359.
We select feature vectors according to the degree of
inﬂuence of the attributes on the clustering results [9], [10].
For batch jobs, we select job duration, average CPU, average
memory utilization as the feature vectors for clustering. For
online services, we select the average CPU, average memory,
average disk as feature vectors for clustering.

Figure 2. Batch job number of average CPU cores. Note the CPU cores
is not normalized.

instances distributed on different machines. The average
CPU occupancy of jobk is calculated as:
cpu avg of taskj = avg(

n


(real cpu avg of instancei ))

i=1

avg cpu jobk = avg(

m


(cpu avg of taskj )))

j=1

Similarly, average memory utilization of jobk is calculated in the same way as CPU:

mem avg of taskj = avg(

n


(real mem avg of instance i ))

i=1

avg mem jobk = avg(

m


(mem avg of taskj )))

j=1

C. Step three: determine the boundaries of each dimension

Note: i = 1, 2, 3, ..., n, n is instance number of j-th task,
j = 1, 2, 3, ..., m, m is task number of k-th job

The group number needs to be determined artiﬁcially
when clustering groups. K-Means methodology provides
a method for evaluating the clustering results - silhouette
coefﬁcient. Its evaluation criteria of clustering is the extent
of dispersion among the objects belong to different clusters
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Figure 4.

Figure 5.
vector.

Average CPU/memory/disk utilization (%) of online service instances.

Average silhouette coefﬁcients for batch workload’s feature

Figure 6.

Table II
T HE BOUNDARIES OF FEATURE VECTORS FOR BATCH JOBS
Feature vector
job duration
average CPU
average memory

Range (short)
0.0∼0.1534
0.0∼0.6238
0.0∼0.0144

Average silhouette score for online service’s feature vector.

Table III
T HE BOUNDARIES OF FEATURE VECTORS FOR ONLINE SERVICE

Range (medium)
0.1534∼8.02181
0.6238∼2.3280
0.0144∼0.0621

Feature vector
average CPU
average memory
average disk

or belong to same cluster. It combines the cohesion and
separation where cohesion is the average distance from i-th
object to other objects in the same cluster, denoted as ai ;
the separation is the average distance of the i-th object from
all objects in the cluster that does not contain it, denoted
as bi ; and the silhouette coefﬁcient of the i-th object is
bi −ai
, while si value is between -1 and 1. The si
si = max(a
i ,bi )
value is larger, the clustering result is better. The k-values for
clustering are respectively evaluated for the feature vectors
which are selected by the two kinds of services, and the
clustering group number is generally not greater than 10.
Therefore, the selection range of k is set between 2 and 10.
1) Batch Jobs: It can be seen from Fig. 5 that when
evaluating the clustering effect of job duration, average CPU,
and average memory, the k values corresponding to maximum average silhouette coefﬁcients are 2, 2, 2 respectively.

Range (short)
0∼17.0986
0∼45.5775
0∼22.8332

Range (medium)
17.0986∼48.0
45.5775∼76.0
22.8332∼100.0

Therefore, the three feature vectors can be divided into short
and medium groups by using K-Means. Table II describes
these boundaries of feature vectors.
2) Online Service: Fig. 6 shows the average silhouette
coefﬁcient where the three lines represent the three feature
vectors of the online service which are average CPU, average
memory, and average disk utilization. It can be seen that the
clustering effect is the best when the k values of the three
feature vectors are 2, 3, and 2 respectively. However, the
number of groups classiﬁed into 12 is too large, and the
feature vector of average memory has a small difference
when the values are 2 and 3. In order to facilitate analysis,
the average memory is also divided into two intervals. The
results of the K-Means algorithm are shown in Table III.
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Figure 7.

Batch job number of per group with K-Means.
Figure 8.

D. Step four: clustering results and feature analysis

Three-dimensional map of batch job groups.

Table IV
W ORKLOAD PATTERNS FOR BATCH JOBS

1) Batch Jobs: The batch jobs can be divided into 2*2*2
clusters, and the statistical analysis of the eight groups for
batch jobs is performed according to the feature boundaries
division as shown in Fig. 7. Note that s is denoted as short
or small, m as medium, and the selected feature order is job
duration, average CPU and average memory. For example,
the group sms means short job duration, medium CPU cores
and small memory utilization.
As can be seen from Fig. 7, only four groups of job
numbers are greater than zero, which are sss, sms, mss,
mms. Fig. 8 is the three-dimensional map of ofﬂine batch
job groups. Obviously the number of sss group and sms
group almost occupies 90% while group mss only has 2
jobs, group mms has 16 jobs.
We use CDF (Cumulative Distribution Function) ﬁgures to
describe changes of resource utilizations and job execution
duration for batch job groups as shown in Fig. 9. We can
see each line of different color represents a group of batch
jobs, the job duration of sms group is very short, all of them
are less than one hour. While the average CPU cores and the
average memory utilization are more than others. And the
sss also executes about ten minutes while the utilization of
CPU and memory is less than sms. The mms group has one
job executed nearly 9 hours while its CPU is almost more
than sss and sms. But for memory, one part of it is less than
sss and sms, and the other part is more than them.
The trace collects instances whose status is running in
the batch job within 24 hours. By counting the job groups
running on each machine at a certain time, it can be seen
which types of jobs are often co-located together. We select
time 43200s as an example. From previous analysis there are
four groups of jobs: sss, sms, mss, mms. If there is a certain
group of instances running on the machine, the value of the
group is set to 1, otherwise set to 0. That is, the number of
combination of all modes is 16 (i.e., 0000, 0001, ..., 1111),
as shown in Table IV.
As shown in Fig. 10, there are ﬁve modes are greater

Group
pattern
pattern
pattern
pattern
pattern
...
pattern

1
2
3
4
5

sss
0
0
0
1
1

sms
0
1
1
1
1

mss
0
0
0
0
0

mms
0
0
1
0
1

16

1

1

1

1

than zero which are 0000, 0100, 0101, 1100, 1101. Only
757 machines (57.65%) are assigned with sms group. 468
machines (35.64%) run sms and mms, which means sms and
mms are often allocated together. 24 machines (1.83%) run
only sss and sms, 43 machines run sss, sms, and mms (3.27
%). According to these observations, we ﬁnd that sms and
mms are complementary in CPU. While in other resource
dimensions, they may also be complementary due to the
experimental result.
2) Online Service: The online service can be divided into
2*2*2=8 groups. The number of instances for each group is
shown in Fig. 11. Fig. 12 is the three-dimensional map of
online service groups.
From the ﬁgures, the number of instances with the group
sss is the highest, with 4869 instances, and the number of
sms group is 3052. These two groups occupy more than
70%. And the number of msm is the least, with only three
instants.
We also use Fig. 13 to describe the CDF resource utilizations of ofﬂine batch jobs. We ﬁnd there are three lines
which represent ssm, sms, smm are similar in the distribution
of resource utilization, while mss, msm, mms, mmm groups
have some difference.
We sample a time 43200s randomly in order to analyze
instance group pattern on machines. In Fig. 11, all groups
are more than zero, so if we calculate the combinations of
all groups, there are totally 28 = 256 groups. From Fig.
14, we ﬁnd that not all combination patterns are larger than
zero and the workload patterns 10100000 (i.e., sss-sms) and
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(a) job durations
Figure 9.

Figure 10.

(b) job average CPU cores

(c) job average memory utilization

CDF of job durations, job average CPU cores and job average memory utilization for batch job groups.

Machine distribution for job groups pattern at 43200s.

Figure 12.

•
•

Three-dimensional map of online service group.

Observation 3: sss, ssm, sms, smm are allocated
together running on about 20% physical machines.
Observation 4: there are up to six groups running on
the same machine, showing the ability to host diverse
workloads with different characteristics.
IV. R ELATED W ORK

Workload characterization has been studied in many past
works. Calzarossa et al. did a survey on workload characterization [11] in 1993. Wang et al. [12] analyzed the
workloads of distributed ﬁle system. The predictive accuracy
reaches 95% through analyzing similar workloads behavior
and features on a six months of data for 139 enterprise
applications. With the release of Google cluster dataset [13]
in 2010, many researchers carried out workload analysis
on this dataset in order to provide insights for resource
scheduling and planning in cloud environment. Reiss et al.
[14] characterized cluster’s resource requests, and the actual
resource utilization. Fan et al. [15] proposed a function based
generalized feature generation method for the analysis of
a one-month trace of Google trace. Dong et al. [16] proposed the most efﬁcient server ﬁrst (MESF) task scheduling
scheme to minimize the energy consumed by data-center
servers though analysis of Google cluster trace. Reiss et

Figure 11. Instance number distribution of online service groups using
K-Means Clustering.

10100001 (i.e., sss-sms-mmm) occupy 26% while the other
patterns occupy less number of machines. According to the
above ﬁgures, we have four observations as follows:
• Observation 1: sss and sms are often running on same
machine together, it may due to the complementary
resource demand of this two groups of workloads
running on the same machine.
•
Observation 2: sss, ssm, sms are often allocated
together running on physical machines.
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(a) average CPU utilization(%)
Figure 13.

(b) average memory utilization(%)

(c) average disk utilization(%)

CDF of average CPU utilization(%), memory utilization(%) and disk utilization(%) for online service groups.

Figure 14.

Machine distribution for online service groups pattern at 43200s.

al. [17] analyzed the workloads features and ﬁnd out that
workload characteristic is heterogeneity in resource types
(CPU cores, memory and executed duration) and their usage,
some tasks are constrained to some kind of machine types
they can use. Zhang et al. [18] suggested to model task usage
shapes using the mean values of run-time tasks resource
consumption. One traditional solution to improve the system
resource utilization is scheduling, which throws all jobs to a
process pool and relies on a scheduler to schedule the jobs
[19].
Meanwhile, there are some studies on clustering workloads on trace dataset in order to identify job groups.
Inspired by text categorization, the ”Bag of Words” model
was proposed and a job clustering method called ”Bejo” was
constructed [20] by using SVM. Rasheduzzaman et al.[21]
discussed statistical summary of the data, and performed KMeans clustering to identify common groups of job. Chen
et al. [9] offered a statistical proﬁle of the data with several
interesting discoveries regarding job arrival patterns, CPU
and memory consumption, task duration, and others. They
further performed K-Means clustering to cluster jobs and
did correlation analysis between job semantics. Alam et al.
[22] provided analysis of resource usage and requirements
in this trace and attempted to give an insight into such
kind of production trace, clustering of workload patterns

and classiﬁcation of jobs into different types based on KMeans clustering. Mishra et al. [10] modeled workloads of
Google clusters and proposed an approach to classify tasks
using K-Means clustering, represented by average resource
consumption. Zhang et al. [23] made a deep analysis on
the same dataset analyzed by Reiss. They proposed an
approach to classify tasks, represented by task size (CPU,
memory) and running time, for dynamic heterogeneity-aware
resource provisioning. Di et al. [24] characterized and modeled Google applications and jobs, also, they analyzed the
classiﬁcation of applications using K-Means with optimized
number of sets, based on task events and resource usage.
While our work is the ﬁrst to cluster workloads on
Alibaba trace and identify workload patterns on machines at
sampling time. What’s more, we also ﬁnd many interesting
insights in production cloud environment.
V. C ONCLUSIONS AND F UTURE W ORK
This paper provides a statistical proﬁle of workload
behavior and clustering based on several typical features
on the Alibaba trace dataset which was released in 2017.
Although previous work has some analysis on ofﬂine batch
jobs and online services, our analysis provides some new
discoveries, such as job groups which have similar resource
utilization or executing duration, the features of every group
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and which groups often run on the same machine together
and so on. In the future, we plan to identify the dynamic
workload characteristics which may change over time. We
are interested in optimizing job scheduling and resource
allocation algorithms in large-scale clouds based on the
discoveries of our workload characterization.
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