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Abstract
With the increasing growth of data scale and computing complexity, Flink, a novel 
distributed computing system, has been applied in various scenarios (e.g., machine 
learning) due to its excellent iterative nature. Predicting the runtime of Flink 
iterative jobs is critical to optimizing their performance. However, existing offline 
works generally ignore relevant runtime information, such as cluster state variations 
and inter-iteration dependencies, resulting in high actual prediction errors. Online 
methods, on the other hand, have a non-negligible time overhead. In light of this, 
we propose TimeLink, a dynamic runtime prediction algorithm for Flink iterative 
jobs. Its key idea consists of three stages: (1) TimeLink incorporates both offline and 
online execution features during runtime to measure the fine-grained similarity of 
iterative jobs, (2) it matches historical jobs with similar performance consumption 
to the current running iterative job in real time, and (3) its remaining runtime is 
predicted by combining the continuity of runtime bias between completed supersteps 
of matched jobs and the current iterative job. We implement TimeLink and evaluate 
it using realistic iterative workloads. The experimental results show that TimeLink 
exhibits relative average prediction errors of 5.91–12.86%. Moreover, it outperforms 
existing solutions with an improvement of over 6.24% in prediction accuracy.

Keywords  Iterative job · Runtime prediction · Fine-grained similarity · Job 
matching · Flink system

1  Introduction

Iterative computing poses the essential foundation for machine learning (ML) 
[18] and graph processing [16], serving as a critical enabler in numerous domains 
such as artificial intelligence, social networks, and data mining. As the volume of 
data and computing complexity continue to surge, distributed iterative comput-
ing has emerged as a powerful driver of productivity improvement [6]. Flink [5], a 
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cutting-edge distributed system renowned for its robust support of iterative comput-
ing, has gained immense popularity in recent years. Leading Internet enterprises, 
such as Amazon and Twitter, rely on Flink for performing extensive iterative analyt-
ics atop vast datasets (e.g., user and system session logs).

In practice, these batch processing jobs generally require adherence to the service 
level objectives (SLO) in terms of runtime; otherwise, the results obtained may be 
outdated [26]. User profiles (i.e., Flink-conf.yaml) that lack expert guidance are 
susceptible to mismatches between resource configuration and SLO demand. For 
instance, resource under-provisioning directly offends SLOs, whereas defensive 
over-provisioning wastes a significant amount of resources (due to early completion). 
This makes the system unable to guarantee continuous resource availability, which 
in turn affects the completion of other colocated jobs. It is reported that as much as 
60% of analytics applications in operational clusters are recurring on various datasets 
[15], some of which are highly repetitive [1, 9]. Estimating the runtime of jobs in 
advance to guide their resource configurations has received widespread attention 
and recognition [13, 17, 31]. However, the majority of analytics applications operate 
for brief durations (e.g., 80% of jobs in Google’s production cluster run for less 
than 10 min [23]), and timely and accurate runtime prediction becomes crucial for 
downstream optimization methods.

As for an iterative job, its runtime is influenced by many factors, including 
program parameters, input data sizes, cluster status, and inter-iteration dependencies. 
Accurately predicting the runtime of these jobs is a challenging task. Some studies 
[3, 11, 22, 28, 30] delve inside iterative jobs and propose fine-grained methods 
for job execution time prediction. They generally fit runtime functions based on 
key features (e.g., shuffling, parallelism, and resource allocation) obtained from 
sampling execution or job history. Several works [2, 10, 12, 32, 33] leverage 
recent execution logs to train ML models for black-box prediction of end-to-end 
job completion times. However, most of them are offline algorithms that lack real-
time feedback and do not consider dynamic factors, such as changes in the cluster 
state, which may affect their performance. In addition, other works [12, 34] propose 
online prediction methods, which incorporate runtime features to train models, 
by utilizing real-time data from previous executions. However, online training is 
generally quite time-consuming, even with incremental techniques. To address these 
limitations, there is a growing need to adapt to dynamic cluster environments and 
provide accurate and timely feedback on the runtime of iterative jobs. Fortunately, 
we observe that certain features that affect the performance of iterative jobs can be 
obtained offline (e.g., resource allocation and input data volume), while others (e.g., 
resource utilization and convergence) need to be monitored at runtime. Thus, we are 
eager to incorporate the advantages of both offline and online prediction to provide 
accurate runtime prediction with low latency.

In this paper, we present TimeLink, a novel dynamic runtime prediction algorithm 
for Flink iterative jobs. Unlike existing offline or online prediction algorithms, 
TimeLink commences upon receipt of a user’s prediction request. It constructs a fine-
grained job similarity model utilizing a combination of offline job features captured 
via early-stage sampling execution, and online features continuously collected during 
the execution of iterative jobs. Based on this model, TimeLink then performs real-time 
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matching to identify historical jobs that exhibit similar performance consumption 
as the current iterative jobs. Finally, the matched jobs are leveraged to dynamically 
predict the remaining runtime of the current iterative job.

Contributions: To the best of our knowledge, we are the first to consider the 
dynamic runtime prediction for Flink iterative jobs. This paper makes three main 
contributions in the following aspects:

•	 We present TimeLink, a dynamic prediction algorithm that offers real-time 
feedback on the remaining runtime of a Flink iterative job. It uses a similarity-
based iterative job-matching algorithm to filter out historical jobs with similar 
performance consumption to the current job, and then predicts its remaining 
runtime based on the continuity of runtime bias within matched jobs.

•	 Based on the execution structure and characteristics of Flink iterative jobs, a 
combination of static and dynamic fine-grained metrics is carefully designed 
to measure the similarity in job performance consumption. Further, we propose 
evaluation criteria core to the similarity quality function to verify the validity of 
these similarities for runtime prediction.

•	 We develop a prototype system of TimeLink and evaluate it by executing realistic 
iterative workloads. The experimental results reveal that TimeLink exhibits 
relative average errors of 5.91% and 12.86% in the optimal and worst cases, 
respectively. Moreover, it outperforms state-of-the-art solutions in terms of the 
prediction accuracy improvement of over 6.24%.

Organization: The remaining sections are organized as follows. Section 2 provides 
a summary of the background knowledge and current related work is summarized 
and analyzed. Section 3 shows the similarity-based iterative job-matching algorithm, 
and further proposes the dynamic runtime prediction algorithm. The implementation 
of the prototype system for TimeLink is described in Sect.  4. Section  5 evaluates 
the proposed approach by conducting comparison experiments on multiple datasets. 
Finally, conclusions and future research are addressed in Sect. 6.

2 � Background and related work

In this section, we provide a brief overview of the background of Flink iterative 
computing. Next, we dive into the related works to further motivate our proposed 
dynamic runtime prediction.

2.1 � Iterative computing in Flink

Flink employs a distinctive approach to iterative computing, whereby it executes the 
same step function in a loop. As shown in Fig. 1, the step function containing user-
defined iteration logic is embedded in the Flink iteration operator. Specifically, Flink 
establishes iteration “head” and “tail” tasks to optimize input and output efficiency, 
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while also facilitating intensive intermediate data transfer between iterations through 
interconnected feedback channels. Moreover, Flink offers coordination in the feed-
back channel using control events that indicate the initiation and completion of an 
iteration, thereby ensuring a directed acyclic graph-based runtime [5].

2.2 � BSP model

The bulk synchronous parallel (BSP) model serves as the fundament for distributed 
iterative computing in Flink. An example is the “vertex-centric” model, which is 
the most universal iteration model in Flink, and essentially is an implementation 
of the BSP-based Pregel [19] framework. As Fig.  2 illustrates, the BSP-based 
iterative computing process in Flink can be represented as a sequence of continuous 
supersteps. A superstep refers to the complete execution of all parallel subtasks in 
the current iteration, with synchronization barriers between adjacent supersteps 
to prevent overlapping executions. To better reflect the distributed nature of Flink 
iterative computing, this paper analyzes the iterative process using the superstep as 
the basic unit. Specifically, the runtime of a superstep is defined as the time interval 
between the earliest start time and the latest completion time of subtasks.

Fig. 1   Basic structure of Flink iterative computing

Fig. 2   Distributed iterative computing based on BSP model in Flink
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Each superstep consists of three phases, as shown in Fig. 3, and concludes upon 
satisfying the iteration termination condition.

•	 Local computing. Each processor independently performs a computing task 
using the data partitioned by the system.

•	 Messaging. Different processors communicate with each other to exchange data 
and control information.

•	 Barrier synchronization. All processors synchronize at the synchronization 
barrier to ensure data consistency and correctness.

2.3 � Related work

Runtime prediction is widely used to optimize resource allocation and job 
scheduling strategies of distributed systems, as well as for feasibility analysis. In 
recent years, this area has gained a great deal of attention from researchers.

2.3.1 � Offline runtime prediction

Offline runtime prediction methods consist of two categories: (i) fine-grained predic-
tion methods that consider the job’s internal structure; and (ii) black-box prediction 
methods that rely on ML models and do not need to delve into the job internals.

Fine-grained method: Starfish [11] is a self-tuning framework atop Hadoop that 
analyzes job runtime metrics obtained from sampling execution (i.e., rapid running 
on small sample datasets). It adjusts job configuration based on estimated job runt-
ime. Similarly, Predict [22] captures the key features of Giraph iterative jobs by sam-
pling execution to identify the critical path and predict the end-to-end completion 
time. Ernest [28] designs a performance prediction model to estimate the runtime 
of communication-intensive Spark jobs, relying on computing and communication 
modes observed in various numbers of cloud instances. Wang et al. [30] use partial 

Fig. 3   Execution phase of a superstep in the BSP model
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input data to simulate the actual job execution, and continuously collect fine-grained 
metrics (e.g., I/O overhead and resource consumption) to predict the runtime of each 
stage in the Spark job. Masha [4] enables the runtime prediction of big data applica-
tions in resource-constrained cluster environments through sampling execution. Jug-
gler [3] considers the impact of cache constraints in each iteration and application 
parameters on runtime, configuring the cluster for optimal execution time and cost.

Black-box method: Benefiting from the flourishing of artificial intelligence, 
the ML models trained with recent job histories can make black-box predictions 
about the runtime via their powerful information abstraction and mining abilities. 
Sayeh et.al [2] propose a gray-box modeling approach, which includes a white-box 
model to predict the size of resilient distributed datasets and a black-box model 
to further estimate the end-to-end runtime of Spark jobs. Fu et  al. [10] identify 
the limitations of prediction accuracy in applications by assessing the impact of 
multiple ML models on performance prediction, and enhanced average accuracy 
through system-level modifications. Yadwadkar et  al. [33] develop a black-box 
performance modeling tool named Paris, which selected the best instance type by 
training a random forest model for each instance, and analyzed the cold-start test 
application on a small number of instances to obtain the model input. Xiao et  al. 
[32] monitor the performance of simulation applications to calculate features such as 
CPU and memory utilization, which were then fed into an ML model with a stacking 
ensemble to make predictions.

2.3.2 � Online runtime prediction

Since Dongen et  al. [8] proposed a nonparametric regression method to predict 
the remaining runtime for a given situation, many researchers have extended this 
research using different ML algorithms (e.g., clustering techniques, individual and 
ensemble regressors, see [29]). Recently, more and more research has shifted its 
focus to deep learning algorithms (e.g., recurrent neural networks such as LSTM) 
to improve applicability to different jobs. Most relevantly, Hilman et al. [12] con-
struct runtime feature sequences by monitoring the resource consumption of dis-
tributed jobs, and then used an LSTM network trained in an online manner to pre-
dict the runtime of scientific workflows in cloud environments. Pham et al. [21] 
propose a two-stage deep learning model-based prediction approach to predict the 
runtime of a continuous workflow task. Yue et al. [34] further extend this way to 
iterative jobs. When (t − 1) th iteration ends, it first estimates the runtime feature of 
tth iteration, then predicts its runtime according to iterations in the latest sliding 
count window.

The existing research offers valuable insights into predicting the runtime of dis-
tributed iterative jobs. However, only a few works [3, 22, 28] focus on iterative 
jobs while considering their unique characteristics. Specifically, the offline meth-
ods among them primarily focus on resource consumption and execution structure, 
overlooking other relevant information crucial for dynamic prediction. The online 
methods still have not escaped the high latency of online training. In contrast, 
TimeLink overcomes these limitations by taking into account comprehensive offline 
and runtime information about the iterative job execution. Relying on the design 
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of fine-grained job matching, TimeLink eliminates the necessity for frequent model 
training, and the training overhead can be shared by subsequent executions.

3 � Scheme of TimeLink

In what follows, we present the general procedure of TimeLink, which consists of 
similarity-based iterative job matching and dynamic runtime prediction algorithms.

3.1 � Overview

We propose TimeLink, a dynamic runtime prediction scheme for Flink iterative jobs, 
as illustrated in Fig. 4. When a Fink user requests a prediction during the execution 
of iterative jobs, TimeLink immediately responds via the following four stages and 
outputs a prediction of its remaining runtime:

•	 Building the static and dynamic similarity models for iterative jobs, which 
are based on offline features captured through sampling execution and online 
features continuously collected during runtime, respectively (Sect. 3.2).

•	 Training the similarity-based job-matching algorithm that identifies historical 
jobs with comparable performance consumption for the current job, thereby 
forming a matched job set (Sect. 3.3).

•	 Given the continuity of runtime bias, the remaining runtime of the current 
iterative job can be estimated independently according to each historical job in 
the matched job set (Sect. 3.4).

•	 Deriving the final prediction by weight-averaging the individual predictions, 
with each weight reflecting the similarity between the corresponding historical 
job and the current job (Sect. 3.4).

Fig. 4   Execution framework diagram of TimeLink 
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3.2 � Job similarity

In fact, the more similar the historical and current iterative jobs are, the closer they 
are in terms of runtime consumption. The selection of similarity metrics is crucial 
for accurately predicting the runtime of the current job based on recent job history. 
We thus characterize the fine-grained similarity between historical and current jobs 
using several metrics, which are divided into static and dynamic similarities. For 
clarity, the important symbols are listed in Table 1.

3.2.1 � Static similarity

Production analytics jobs are generally running periodically on an hourly or daily 
basis [15]. However, the resource allocation, program parameters, and the amount 
of input data are usually various for different executions of each job. This difference 
will affect the performance of each superstep in its lifecycle and will be exacerbated 
due to inter-iteration dependencies. These meta-data of job configurations are 
constant and their impact on each superstep is reflected in their processing power 
and is independent of the runtime environment.

Considering the BSP-based Flink iterative process, we capture the offline 
performance features of the current job through sampling execution. These fea-
tures will be utilized to construct the static similarity that measures the extent 
of similarity between the current job prior to formal execution and the historical 
jobs. Specifically, for the graph datasets, we adopt the bias random jump (BRJ) 
sampling method [22] and set the sampling rate to 10% to reflect the distribu-
tion of the original dataset in the sample dataset as much as possible. For other 
datasets, we directly sample randomly according to the same ratio. Moreover, 
the parameters utilized in the execution sampling must account for scaling tun-
ing to maintain a constant iteration number after sampling, as per the proposed 
scale function [22].

Table 1   Main notation

Symbol Description

Jrun The current iterative job is being executed
Jcomp Any completed historical iterative job
m The number of supersteps completed by the current iterative job
[m] The form of set {1, 2… ,m}

M The total number of supersteps for the current iterative job
S
i

The ith similarity between the historical and current iterative job
DoS The overall similarity of the historical and current iterative job
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With the above sampling execution, the offline features shown in Table 2 are cap-
tured and combined with the BSP model to construct static similarities. The data 
unit in Table 2 represents a node (for graph data), or a data record (for structured 
data). Concretely, the static similarity is as follows:

Calculation similarity: The calculation similarity compares the number 
of active data units in each superstep. In the local computing phase, assuming 
uniform computing costs for each data unit, then the time spent on the computation 
is proportional to the number of active data units. The calculation similarity S1 is 
defined as:

where ratei
J
= d i

act
(J)∕d i

tot
(J) denotes the fraction of active data units in the ith 

superstep of iterative job J.
Communication similarity: Communication similarity compares the amount of 

remotely transmitted data in each superstep. During the messaging phase, all nodes 
generate intermediate data that must be transmitted to the destination node via the 
network. Therefore, the duration is directly proportional to the amount of remotely 
delivered data. In particular, Flink employs an efficient shared memory mechanism 
for inter-process communication, resulting in negligible communication costs for 
local messages. The communication similarity S2 is defined as:

where Msgi
J
=
∑

k∈[msgi(J)] �
i
k
(J) denotes the total amount of data remotely 

transferred by the ith superstep of iterative job J.
Note that the synchronization phase is essentially an information interaction pro-

cess among different nodes, which is implicitly covered in the communication simi-
larity without explicit expression.

(1)S1 = max

⎧
⎪⎪⎨⎪⎪⎩

0,

∑
i∈[M]

�
ratei

Jrun
⋅ ratei

Jcomp

�
�∑

i∈[M]

�
ratei

Jrun

�2

⋅

�∑
i∈[M]

�
ratei

Jcomp

�2

⎫
⎪⎪⎬⎪⎪⎭

,

(2)S2 = max

⎧
⎪⎪⎨⎪⎪⎩

0,

∑
i∈[M]

�
Msgi

Jrun
⋅Msgi

Jcomp

�
�∑

i∈[M]

�
Msgi

Jrun

�2

⋅

�∑
i∈[M]

�
Msgi

Jcomp

�2

⎫
⎪⎪⎬⎪⎪⎭

,

Table 2   Offline execution features for iterative jobs

Feature Description

di
act

The Number of active data units in the ith superstep
di
tot

The Number of input data units in the ith superstep
msgi

k
The Number of messages passed remotely in the ith superstep

�i

k
Data size passed by the kth message in the ith superstep
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3.2.2 � Dynamic similarity

To estimate the effect of the execution environment on job runtime, we continuously 
monitor runtime statistics at the granularity of supersteps to construct dynamic 
similarity. It measures the degree of similarity (DoS) between the currently running 
job and a historical job, which is shown below.

Runtime similarity: Runtime similarity compares the duration of each superstep 
from the beginning of job execution to the current state. If the completed supersteps 
of the current iterative job exhibit a high similarity in terms of duration to the 
historical jobs, it is reasonable to infer that the remaining supersteps are also likely 
to display similar performance characteristics. The runtime similarity S3 is defined 
as:

where timei
J
 is the runtime of the ith superstep in iterative job J.

Convergence similarity: Convergence similarity compares the amount of data 
processed by each superstep from the beginning of job execution to the current state. 
The convergence behavior of Flink iterative jobs is influenced by various factors, 
such as data distribution, algorithm parameters, and cluster status. These factors 
are difficult to directly capture. However, the amount of processed data provides an 
intuitive expression. For instance, if a superstep processes only a small amount of 
data, it can be reasonably considered that the iterative job has converged [14]. The 
convergence similarity S4 is defined as:

where datai
J
 is the amount of data processed by the ith superstep in iterative job J.

Resource utilization similarity. Resource utilization similarity compares the 
resource utilization of each superstep from the beginning of job execution to the 
current state. In Yarn [27], a popular resource management system, computing 
resources (e.g., CPU and memory) are represented abstractly as containers and 
utilized as basic units for resource allocation. Thus, we regard these containers as 
objects to gather information on resource utilization. These utilizations are stored in 
the array UtilJ[hr, sp, cid] , where hr represents the type of computing resources, and 
sp and cid denote the index of supersteps and containers, respectively. For instance, 
UtilJ[i, n, k] denotes the utilization of computing resource i in kth container when 

(3)S3 = max

⎧
⎪⎪⎨⎪⎪⎩

0,

∑
i∈[m]

�
timei

Jrun
⋅ timei

Jcomp

�
�∑

i∈[m]

�
timei

Jrun

�2

⋅

�∑
i∈[m]

�
timei

Jcomp

�2

⎫
⎪⎪⎬⎪⎪⎭

,

(4)S4 = max

⎧
⎪⎪⎨⎪⎪⎩

0,

∑
i∈[m]

�
datai

Jrun
⋅ datai

Jcomp

�
�∑

i∈[m]

�
datai

Jrun

�2

⋅

�∑
i∈[m]

�
datai

Jcomp

�2

⎫
⎪⎪⎬⎪⎪⎭

,
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iterative job J executes the nth superstep. We classify resource utilization similarity 
into two categories: 

A.	 The CPU utilization similarity S5 is defined as: 

B.	 The memory utilization similarity S6 is defined as: 

 where ctNum is the number of containers allocated by Yarn for iterative jobs, 
and Δrsc(hr, j) is calculated as: 

Algorithm 1   Similarity-based iterative job-matching algorithm.

Input
Output

It is noteworthy that Eq. (5) and (6) provide a full measurement of resource dis-
tribution within the node by comparing the resource utilization of pairs of containers 
with equal numbers in each superstep, which solely applies to iterative jobs utilizing 
identical container quantities. In cases where the number of containers used by two 

(5)S5 = max
{
0,

1

ctNum
⋅

∑
j∈[ctNum]

Δrsc(cpu, j)
}
,

(6)S6 = max
{
0,

1

ctNum
⋅

∑
j∈[ctNum]

Δrsc(mem, j)
}
,

(7)Δrsc(hr, j) =

∑
i∈[m]

�
UtilJrun [hr, i, j] ⋅ UtilJcomp

[hr, i, j]
�

�∑
i∈[m]

�
UtilJrun [hr, i, j]

�2
⋅

�∑
i∈[m]

�
UtilJcomp

[hr, i, j]
�2

.
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iterative jobs differs, we will directly compute the similarity between the average 
resource utilization of each iterative job across all containers.

3.3 � Similarity‑based iterative job matching

When a Flink user requests a runtime prediction for the current iterative job that has 
completed the mth superstep, TimeLink filters a batch of historical jobs with similar 
performance consumption to the current job. These matched jobs serve as the 
foundation for subsequent runtime predictions. The iterative job-matching algorithm 
based on similarity consists of three steps, as described in Algorithm 1. 

Step 1:	 Multiple similarities S =
{
S1,… , S6

}
 between each historical job and the 

current job are calculated using the job similarity model in Sect. 3.2 at the mth 
superstep.

Step 2:	 These discrete similarities are combined into a single metric, called overall 
similarity, to measure the value of similarity between two iterative jobs. It is 
defined as DoS =

1

W

∑6

i=1
wi ⋅ Si , where W =

∑6

i=1
wi and wi is a nonnegative 

parameter that weights the priority of similarity Si.
Step 3:	 Historical jobs that match the condition DoS > t , where t is a threshold, are 

screened and stored in the matched job set C. Meanwhile, their overall similarities 
compose the set DOS.

The performance of Algorithm 1 mainly depends on two hyperparameters in the job 
similarity model, i.e., weight vector � =

(
w1,… ,w6

)
 and threshold t. They control the 

quality and quantity of matching results, respectively. The training process of these two 
parameters will be introduced below.

Dataset generation: Firstly, two iterative jobs j and k are randomly selected 
from the historical iterative jobs set H. Suppose job j is running and has just 
completed the mth superstep, and job k is a historical job that matches job j. 
Secondly, the random weight vector w is used to calculate the overall job simi-
larity DoS between job k and j when their mth superstep is completed. Finally, 
TimeLink predicts the remaining runtime 𝜏 of job j based on job k and its DoS. 
The accuracy of the prediction acc is determined by utilizing the actual value � 
of the remaining execution time for job j. By repeating the above operation for 
each pair of historical iterative jobs j, k ∈ H , the parameter training dataset P 
with the element form of ⟨DoS, 𝜏, 𝜏, acc⟩ can be obtained.

Parameter training: It is essential to identify the optimal weight vector and 
threshold, ensuring that a sufficient number of high-similarity matches are filtered 
out.

(i) weight vector. A set P(w) with elements form of the (𝜏(�), 𝜏) is extracted from 
the set P as the weight training set. Additionally, the stochastic gradient descent (SGD) 
algorithm is employed to optimize the hyperparameters of weight vector w while mini-
mizing mean square error (MSE) as the loss function:
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where 𝜏(�) is the remaining runtime predicted using w as the weight.
(ii) threshold. We utilize the optimal weight vector wopt to construct the training 

data, and derive a sequence of points P(wopt) with the elements form of (DoS, acc) as 
the threshold training set. Further, we establish the subsequent function to guide the 
search of threshold t:

where the optimal accuracy function h(t) represents the mean accuracy correspond-
ing to all overall similarities greater than the threshold t, while the optimal similar-
ity ratio function n(t) denotes the proportion of all points whose overall similarities 
exceed the threshold t.

Figure 5 illustrates an example of threshold selection using functions h(t) and n(t), 
with the scatter points representing the distribution of elements within set P(wopt) . A 
high threshold value t2 results in a mean accuracy close to 1, but limits the available 
iterations for matching and ultimately reduces the generalization capability of the 
prediction algorithm. A relatively low threshold t1 ensures that sufficient historical 
jobs are selected to obtain a similar prediction accuracy, thereby improving the 
prediction algorithm’s robustness. Based on these observations, we set the following 
threshold search objective:

(8)MSE(�) = avg
{
(𝜏(�) − 𝜏)2|(𝜏(�), 𝜏) ∈ P(�)

}
,

(9)

⎧
⎪⎨⎪⎩

h(t) = avg
�
acc�(DoS, acc) ∈ P

�
����

�
,DoS ≥ t

�
,

n(t) =
��acc�(DoS, acc) ∈ P

�
����

�
,DoS ≥ t

��
�P�����

�� ,

Fig. 5   An example of threshold selection using functions n(t) and h(t)
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where the minimum average precision hmin (default of 0.8) is utilized to prevent 
excessively low similarity in matched jobs due to a low threshold. Similarly, the 
minimum proportion of similarity nmin (default of 0.2) is employed to avoid an insuf-
ficient number of historical jobs resulting from a high threshold. The highest thresh-
old that satisfies constraints in Eq. (10) is selected, and if no historical jobs meet 
this criterion, the threshold is gradually lowered until a historical job is matched by 
Algorithm 1.

3.4 � Runtime prediction

TimeLink utilizes a matched job set to predict the remaining runtime of the 
current iterative job. Specifically, it first uses each matched job to independently 
predict the remaining runtime, and then combines these individual predictions 
through weighted averaging to obtain a final prediction.

It is assumed that the historical job and the current job have comparable 
iteration numbers, which is based on the fact that iterative jobs or other batch 
jobs often require periodic analysis and processing of historical data with similar 
distribution in actual production [7]. Algorithm  2 demonstrates the dynamic 
runtime prediction for Flink iterative jobs. Upon completion of the mth superstep 
by the current iterative job, the following steps are executed.

Algorithm 2   Dynamic runtime prediction algorithm for Flink iterative jobs.

Input

Output

(10)

max t

s.t.

⎧
⎪⎨⎪⎩

h(t) ≥ hmin,

n(t) ≥ nmin,

0 ≤ t ≤ 1.
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Step 1 - TimeLink first calculates the average bias of elapsed time for 
completed supersteps between each matched job and the current iterative job. 
Given that the cluster state and input data size of the current job may differ from 
those of historical jobs, even with high overall similarity, significant differences 
in runtime may exist. Hence, the average runtime bias �i between the current job 
and the ith matched job is utilized to quantify this gap.

where �run[k] and � i
comp

[k] represents the actual runtime of the kth superstep in the 
current job and the ith matched job, respectively.

Step 2 - Relying on the continuity of runtime bias, TimeLink independently 
predicts the remaining runtime of the current iterative jobs using each matched 
job. Specifically, it assumes that the variances in runtime between completed 
supersteps will persist uniformly until the end of job execution. Thus, the 
individual prediction 𝜏i for the ith matched job can be formulated as follows.

where M is the total number of supersteps in the current job. Then we can yield an 
estimate set of the same size as the matched job set, where the elements are a series 
of individual prediction results.

Step 3 - TimeLink obtains the final prediction through a weighted average 
of all individual results in the estimate set. Each utilizes the overall similarity 
between its corresponding historical job and current job as its weight, meaning 
that a historical job with higher similarity to the current job contributes more 
significantly to the final prediction. The final remaining runtime 𝜏remain of the 
current iterative job is calculated as follows:

where DoSi represents the overall similarity between the ith matched job and the 
current job, |�| is the size of the matched job set.

Anomalous supersteps: The runtime of each superstep in the Flink iterative 
job should be non-absolutely decreasing in order, i.e., the closer to convergence, 
the shorter the runtime. However, there are inevitable conditions in the Flink 
cluster such as resource competition among multiple jobs or system failures, 
which make the runtime of some supersteps in historical jobs much higher than 
expected. This irregularity causes two types of anomalous supersteps that need to 
be preprocessed before algorithm execution.

For the historical job j =
{
sp1,… , spm,… , spM

}
 , if the average runtime bias 

of the top i supersteps is more than twice that of the top i − 1 supersteps, then 
spi(i ≤ m) is the anomalous superstep before the current iteration. If we ignore 
the handling of such supersteps, the presence of just a few outliers with large 

(11)�i =
1

m
⋅

∑
k∈[m]

�run[k] − � i
comp

[k]

� i
comp

[k]
,

(12)𝜏i =

M∑
k=m+1

𝜏 i
comp

[k] ⋅ (1 + 𝛿i),

(13)𝜏remain =
∑

i∈[|�|](DoSi ⋅ 𝜏i)∕
∑

i∈[|�|] DoSi,
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deviations will make the average bias highly inaccurate and thus indirectly affect 
the remaining supersteps to be predicted, and we thus eliminate these anomalous 
supersteps to solve it.

For the historical job j =
{
sp1,… , spm,… , spM

}
 , if the runtime of superstep spi 

is more than twice that of the spi−1 , then spi(i > m) is an anomalous superstep after 
the current iteration. Such supersteps are used for individual prediction in Eq. 
(12), so their anomalies can directly distort the results. However, they only interfere 
with the runtime prediction of a single superstep and have a small impact compared 
to the anomalous supersteps before the current iteration. Hence, TimeLink adjusts 
by reducing the overall similarity between the historical jobs with such anomalous 
supersteps and the current job, as follows:

where fj is the percentage of such anomalous supersteps in job j and DoS∗
j
 indicates 

the adjusted overall similarity. Combined with Eq. (13), historical jobs with anoma-
lous supersteps after the current iteration only have less contribution to the final pre-
diction rather than being discarded.

Complexity analytics: Algorithm 2 outlines the dynamic prediction process of 
TimeLink. Let the set of historical jobs be H, the matched job set be C, the total 
number of supersteps be p, and the number of recently completed supersteps be q. 
Notably, Algorithm 1, a subalgorithm of Algorithm 2, only requires traversing the 
set of historical jobs to compute the job similarity and performing the job filtering, 
with a time complexity of O(|H|). Therefore, the main performance bottleneck of 
TimeLink lies in the individual prediction part, which consists of two steps: (i) 
traversing each job in the set C to compute the average deviation coefficients of 
the q completed supersteps and (ii) making individual predictions for the p − q 
unexecuted supersteps. Therefore, Algorithm 2 traverses the whole matched job set 
and the supersteps of all jobs in it, so its time complexity is O(|C| ⋅ (q + (p − q))) . 
Notably, the algorithm only works on few but high-quality matched jobs after 
screening, with low space complexity and relatively small computation, so the 
overall time overhead is not high.

4 � Implementation

In this section, we implement TimeLink atop Flink on Yarn by adding several 
components, which are seamlessly integrated into the JobManager and 
TaskManagers within Flink. Notably, Yarn is a popular resource manager who 
oversees the resource scheduling function of Flink. It utilizes containers (i.e., an 
abstraction of resources such as CPU, memory, and network) as the fundamental 
unit for resource allocation, which conveniently enables us to access resource 
statistics information in the shared cluster. Otherwise, accurately pinpointing the 
resource usage of each job is difficult, due to the presence of coexisting jobs within 
the multi-tenant Flink system.

(14)DoS∗
j
= DoSj ⋅

(
1 − fj

)
,
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4.1 � System design

As illustrated in Fig.  6, each component of TimeLink operates as an independent 
JVM class. Designed with modularity in mind, these components can be effortlessly 
adapted to other frameworks utilizing Yarn as a resource manager with minimal 
adjustments. Their specific functions is described below.

Job matcher: Job matcher implements the proposed job-matching algorithm that 
filters historical jobs with similar performance consumption for the current iterative 
job to be evaluated. It fetches the historical job information stored on HDFS and uses 
the GradientDescentOptimizer in the Flink-ml library to train the parameters within 
Algorithm 1. Note that the parameters are updated incrementally rather than being 
trained frequently, which occurs automatically once a certain amount of historical 
job information has been accumulated. In general, the job matcher calculates the 
similarity between the current job and each historical job separately. The static and 
dynamic similarities rely on offline statistics obtained from sampled executions 
and runtime statistics (e.g., resource utilization and convergence of supersteps) 
continuously acquired during formal executions. Finally, it outputs the matched job 
set filtered by the Algorithm 1 to the runtime predictor.

Runtime predictor: Runtime predictor implements the proposed dynamic 
runtime prediction algorithm. It triggers the job matcher to obtain the matched job 
set, and then runs Algorithm 2 to continuously output an estimate of the remaining 
job runtime. As the iterative process advances, the availability of runtime statistics 
for successive supersteps increases. Consequently, the matching of similar historical 
jobs becomes more accurate. In turn, these small but high-quality matched jobs 
contribute to increasingly accurate predictions of the remaining runtime.

Since these two core components rely on real-time statistics in terms of the 
system and the job, a distributed monitoring subsystem integrated with Flink needs 
to be deployed. It uses Akka for inter-node communication and HDFS for statistical 
information storage to ensure compatibility with Flink. Resource utilization of each 
container is obtained through MetricReport [20], a native performance monitoring 

Fig. 6   Architecture overview of TimeLink 
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library provided by Flink, while job runtime statistics at superstep granularity 
are collected by embedding the statistics code in Flink’s iteration operator. The 
monitoring subsystem consists of two components with the following design details.

Resource monitor: Resource monitor consists of multiple agent sides and a mas-
ter side. Each agent side is deployed on a TaskManager (i.e., container) to collect its 
resource usage information, such as CPU and memory utilization. More specifically, 
each TaskManager configures MetricReport to fetch utilization information of the 
containers it belongs to on a second-by-second basis, and push it to the master side 
within the JobManager via the “heartbeat” mechanism continuously. At the end of 
a superstep, the master side aggregates equally the utilization records for each con-
tainer in supersteps to obtain the desired CPUMetric and MemoryMetric.

Statistics collector: Statistics collector is essentially a code segment integrated 
into the step function in an iterative job to monitor the runtime statistics for each 
TaskManager. For instance, we log the commencement and conclusion time 
stamps for the parallel instance in each TaskManager, determining its runtime by 
evaluating the time difference. The processed data volume can be obtained in a 
similar way. These statistics are transmitted to the JobManager via Akka, where 
they are aggregated by superstep. Note that the overall runtime of a superstep 
is determined by identifying the maximum runtime among its parallel instances, 
and its actively processed data volume is obtained through summation.

The jobListener class is natively supported in the Flink system to obtain the 
contextual state of a job and trigger operations when the job satisfies a certain 
state. We thus design the sampling execution process as a jobListener and register 
it manually through the API when the user writes the job codes. When an iterative 
job is submitted, its sampling execution process is automatically triggered 
by notifying the onJobSubmitted method within the corresponding listener to 
quickly get and store the offline job information. Similarly, the runtime predictor 
component is also implemented as a jobListener. When a superstep is completed, 
it is triggered to work via the onSuperstepEnd method, thus providing immediate 
feedback on the prediction result.

4.2 � Running process of TimeLink

We developed a job submission tool based on the “Yarn per-job” way. It simulates 
users submitting iterative jobs via invoking the “flink run” command within the 
client. The Flink on Yarn system starts as a short-standing cluster that provides 
isolation between jobs. Specifically, Yarn allocates a container to deploy 
AppMaster (master) responsible for initiating the Flink JobManager. It then 
assigns a preconfigured number of containers to deploy NodeManagers (slave), 
which, in turn, start the Flink TaskManagers. As shown in Fig. 6, the components 
of TimeLink are also launched in these two types of containers.

When a job is submitted, its sampling execution is automatically triggered by 
the jobListener. The tasks are scheduled to the corresponding TaskManager to 
execute based on the user-configured number of containers for this job. When a 
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superstep ends, the job matcher calculates the similarity of the current job to each 
historical job, based on offline statistics stored in HDFS and runtime statistics 
obtained in real time. It then outputs the matched job set via Algorithm 1. Finally, 
the runtime predictor feedbacks the user in real time the evaluated value of the 
remaining running time via Algorithm 2. Note that the model training process for 
the job matcher is done manually at regular intervals, and the automated process 
described above only requires the loading of updated parameters.

5 � Experiment evaluation

In this section, we present the experimental methodology, and evaluate the pre-
diction accuracy and time overhead of TimeLink.

5.1 � Cluster settings

Experiment environment: Technical specifications outlined in the experiment 
were implemented in Flink 1.8.0 and coded in Java. The Flink cluster comprises 
nine homogeneous physical nodes, consisting of one master node for deploying the 
JobManager and eight slave nodes for deploying the TaskManagers, each configured 
with 16 slots. All nodes are connected with 10-Gigabit Ethernet, and each has two 
Intel Xeon Silver 4210 CPUs @ 2.20GHz (10 cores × 2 threads), 128 GB memory, 
and 1 TB SSD. Hadoop version 2.7.0 (for storing data on HDFS and managing 
resources through Yarn) is chosen. Each Yarn container is configured with 8 CPU 
cores (with hyperthreading technology) and 20GB memory, allowing up to 5 
containers (i.e., TaskManager) to run simultaneously on each node. Consequently, 
our cluster can offer a maximum job parallelism of 640 across 40 TaskManagers. 
Moreover, all iterative jobs involved in the experiments were implemented using 
Flink’s standard iteration operators, and their default parallelism is 128.

Baselines: Based on a comprehensive review of relevant works, we have selected 
the following three algorithms to compare their performance with TimeLink:

•	 Juggler [3]: the optimal approach for supporting iterative jobs is a pioneer in 
an offline prediction that takes into account cache limitations and the impact of 
application parameters on runtime.

•	 OffOpt [10]: the optimal offline approach that supports generic jobs identifies 
program-internal limitations on the predictive accuracy of ML models and then 
makes system-level modifications to improve average accuracy.

•	 OnOpt [21]: the optimal online method that supports generic jobs monitors their 
resource consumptions to construct runtime feature sequences and then uses an 
LSTM trained in an incremental learning manner to make online predictions.

Evaluation metrics: In this paper, the relative average error (RAE) is utilized to 
assess the accuracy of runtime prediction. RAE provides a more reliable reflection 
of the predictive effect and facilitates comparison across different methods. Let n 
denote the total number of predictions, and RAE is calculated method as follows:
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Jobs and datasets: We select four typical iterative jobs, with each job evaluated on 
various datasets. The detailed information is presented in Table 3.

(i) Real dataset: The LiveJournal dataset is a large-scale collection of mutual 
relation data among users on the LiveJournal social network, encompassing both 
friend and interest connections. The UK-2006 dataset pertains to web link networks 
in the United Kingdom and contains key information such as web meta-data and 
jump link relationships. The WikiPedia dataset comprises articles, pages, and 
associated information from the Wikipedia website, which is maintained by the 
KONECT project [25]. The Friendster dataset encompasses a network structure 
of Friendster social network users and their friendship relationships, as well as 
group relationships involving more than three individuals. RoadNet-CA dataset is 
composed of road network data from southern California, including road network 
topology information such as road starting points and bifurcated intersections, which 
are maintained by Stanford large network dataset [24].

(ii) Simulated dataset: The Points-n dataset is a series of randomly generated 
point sets with different data sizes based on the Gaussian mixture model. The data 
in each point set conform to Gaussian distribution as a whole, with random clus-
ter centers and an equal probability of mutation. Compared to other iterative algo-
rithms, K-means has a relatively simple iterative process and deals with straightfor-
ward data relations, making it suitable for running on randomly generated Point-n 
datasets.

(15)RAE =
1

n

n∑
i=1

|actuali − predicti|
actuali

⋅ 100%

Table 3   Iterative jobs and their datasets

Job Dataset Size [GB] Parameter

Pagerank (PR) Wikipedia 5.74 d = 0.85 , 150 iterations
Friendster 31.16
LiveJournal 10
UK-2006 4.7

Connected Component (CC) LiveJournal 10 150 iterations
Wikipedia 5.74
Friendster 31.16
RoadNet-CA 6.9

Single-Source Shortest Path (SSSP) UK-2006 4.7 150 iterations
RoadNet-CA 6.9
LiveJournal 10
Wikipedia 5.74

K-Means (KM) Points-1 10 5 clusters, 150 iterations
Points-2 15
Points-3 20
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5.2 � Overall performance

To evaluate the overall performance improvement of TimeLink, we compared its 
RAE with three baselines, maintaining identical cluster configurations and default 
parameters. Table  4 displays the RAE of various runtime prediction algorithms. 
Here, k represents the RIP of iterative jobs during online prediction requests, and 
“#” serves as a data separator.

When k = 5% , TimeLink essentially operates in an offline prediction state, result-
ing in an RAE close to that of OffOpt, but notably distinct from Juggler. The rea-
son is that we solely focus on critical features during sampling execution, contrary to 
Juggler’s emphasis on the impact of fine-grained offline performance features (e.g., 
cache limitation and application parameters) in their presented execution time mod-
els. However, TimeLink’s performance does not necessitate reliance on full offline 
features, due to the inherent differences between offline and online prediction. When 
k = 25% , TimeLink achieves its lowest average RAE, showcasing a 3.5% improve-
ment in prediction accuracy over Juggler. This highlights the substantial potential for 
enhanced accuracy through the utilization of iterative job statistics during runtime. 
Notably, for Pagerank and SSSP, OnOpt, designed for general jobs, experiences more 
pronounced performance degradation. This is mainly attributed to the high complex-
ity of the business logic and the increased number of iterations compared to other 
jobs, while OnOpt cannot consider fine-grained iterative features during runtime. 
When k > 25% , the RAE of TimeLink experiences a modest increase but consist-
ently remains within the range of 8% to 12%, consistently outperforming the base-
lines. As OnOpt treats iterative jobs as intricate batch jobs, its RAE decreases with 
accumulating runtime information (i.e., as k increases). However, the influence of the 
convergence nature becomes more pronounced during later iterations, resulting in an 
increase in RAE. TimeLink achieves its lowest average RAE at k = 45% , presenting 
an improvement of approximately 6.24% in average prediction accuracy over Juggler, 
the best-performing baseline. This improvement is attributed to Juggler’s reliance on 
a customized set of parametric models for predicting the running time of each itera-
tion. Consequently, when the cluster environment changes, the prediction accuracy of 
all models is affected, even with cross-validation.

It is worth noting that OffOpt is not intended for offline prediction of iterative 
jobs, resulting in higher RAE compared to Juggler and TimeLink under all iterative 

Table 4   RAE for different runtime prediction algorithms (%)

Job OffOpt Juggler OnOpt # TimeLink (Ours)

k = 5% k = 25% k = 45% k = 65% k = 85%

PR 21.2 15.4 16.6 # 20.5 18.23 # 8.7 16.3 # 9.5 13.6 # 12.8 19.5 # 11.9
CC 19.9 15.7 17.3 # 18.5 13.3 # 15.4 15.2 # 6.9 13.1 # 11.5 16.5 # 12.4
SSSP 18.1 14.9 15.2 # 17.7 16.6 # 9.8 14.4 # 7.7 13.5 # 9.3 18.8 # 14.3
KM 16.3 12.3 16.9 # 17.3 10.1 # 11.3 13.5 # 9.3 13.7 # 7.6 15.2 # 8.5
Average 18.9 14.6 16.5 # 18.5 15.5 # 11.3 14.8 # 8.3 13.4 # 10.3 17.5 # 11.8
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jobs. As such, predicting the runtime of iterative jobs is more intricate than that of 
regular batch jobs.

5.3 � Deep dive of TimeLink

We conduct a deep dive into TimeLink to validate the effectiveness of the proposed 
job similarity. We also present the accuracy of TimeLink at various iteration moments 
to gain a better understanding of the benefits of dynamic runtime prediction.

Impact of job progress on prediction accuracy: TimeLink conducts the job 
matching at the end of each superstep and uses the obtained matched job set to pre-
dict the remaining runtime. The execution process of iterative jobs is denoted by 
relative iterative progress (RIP), which is defined as the ratio of the number of com-
pleted iterations to the total number of iterations.

As shown in Fig. 7, TimeLink’s relative error exhibits a stable trend when RIP 
ranges from 30% to 70%, maintaining a range between 7.57% and 13.21%. At the 
early stages of iterative job execution, the relative error shows a short and rapid 
upward trend due to the limited availability of runtime statistical information, cou-
pled with a significant proportion of static similarity in TimeLink, resulting in an 
almost offline prediction state that causes the relative error to increase. As the RIP 

Fig. 7   Relative errors for iterative jobs with different RIPs
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increases, more runtime statistical information is captured by TimeLink to build 
dynamic similarity, resulting in an improvement in the quality of the matched job 
set and a gradual decrease in relative error, reaching minimum values between 25% 
and 30%. However, toward the end of the iterative job execution, the relative error 
experiences a rapid increase due to the limited remaining runtime. As such, even 
a small absolute error could translate into a significant relative error. Furthermore, 
while differences in data distribution and sizes may cause slight variations in rela-
tive errors for these four iterative jobs when using different datasets, their overall 
trends remain consistent and insignificant.

Prediction accuracy with various workloads: For each workload (i.e., a com-
bination of a dataset and an iterative job) in Fig. 7, we calculate its RAE using a 
series of representative samples. Specifically, we choose these samples according to 
specific criteria, starting at 5% of the total number of supersteps and taking five con-
secutive points at 20% intervals. Figure 8 shows the RAE comparison for the four 
iterative jobs across different datasets, where “all” represents the average RAE of 
the iterative job across all datasets. It can be seen that the RAE of all iterative jobs 
remains relatively stable, maintaining around 9%, with a fluctuation range of less 
than 5%. Specifically, the PageRank demonstrates the lowest RAE of 5.91% under 
the Friendster dataset. It should be noted that the CC has a short end-to-end runtime, 

Fig. 8   RAE for iterative jobs under different datasets

Fig. 9   RAE for iterative jobs 
with different parallelisms
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even a low absolute error can lead to a high relative error, resulting in the highest 
RAE of 12.86% in the RoadNet-CA dataset.

Scalability evaluation: In practice, jobs are generally run at regular intervals. 
Due to the uncertain resource (e.g., slot) constraints available in the shared cluster, 
accurately predicting the runtime of jobs with different parallelism is crucial, espe-
cially when serving the performance optimization algorithms [3] (e.g., searching for 
optimal parallelism that can achieve a certain runtime limit). To evaluate such scal-
ability of TimeLink, we submit an iterative job multiple times and vary its parallel-
ism. The results are shown in Fig. 9. There is an increase in RAE attributed to the 
decrease in absolute time. Moreover, TimeLink exhibits no significant performance 
degradation as the job parallelism increases. This is because these meta-data of job 
configurations are constant and their impact on each superstep is reflected in their 
processing power and is independent of the runtime environment. Considering the 
BSP-based Flink iterative process, we have captured the static similarity of iterative 
job consumption at two levels: computation and communication, by sampling exe-
cutions. In particular, they are designed in the form of ratios. As such, performance 
discrepancies resulting from variations in job parallelism have been quantified and 
integrated into TimeLink.

Fig. 10   Job-matching model 
building overhead of TimeLink 
for different jobs

Table 5   Prediction overhead of 
TimeLink under different RIP

Job Prediction Overhead

25% 45% 65% 85%

PageRank 25.6ms 23.6ms 17.8ms 15.8ms
CC 21.6ms 25.4ms 23.4ms 19.2ms
SSSP 24.3ms 24.7ms 23.8ms 21.3ms
K-Means 19.2ms 18.4ms 18.2ms 16.8ms
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5.4 � TimeLink overhead

Prediction overhead: The main goal of TimeLink is to provide runtime predictions 
with low time overheads online, as high prediction accuracy alone may be challeng-
ing to apply in downstream optimization algorithms. As mentioned in Sect.  3.4, 
TimeLink has a time complexity of O(n2) . To further quantify its runtime overhead, 
we measure the prediction overhead of each job under RIPs from 25% to 85%. 
Table 5 shows that the prediction overhead for all jobs is in the millisecond range, 
which is negligible compared to the job runtimes that generally span hundreds of 
seconds. Specifically, as the iteration progresses, the matched job set of TimeLink 
becomes more accurate, and the number of them gradually converges to nmin . Thus, 
the time overhead of runtime prediction on this basis also decreases. Moreover, the 
prediction times of different jobs are very close to each other. This uniformity arises 
because TimeLink’s time complexity is independent of the job type and only related 
to the matching accuracy.

Building job-matching model: We assess the offline time to build the job-
matching model, i.e., the relative training time spent on each iterative job. The 
results are depicted in Fig.  10, where the scales are presented as ratios to the 
actual job end-to-end runtimes. As shown, TimeLink is capable of maintaining the 
training time under all jobs within 5% of the actual runtime while ensuring high 
prediction accuracy. This suggests that TimeLink has a negligible impact on the end-
to-end runtime (hundreds of seconds) of the iterative jobs. Additionally, the model 
training is infrequent, occurring only after a significant accumulation of job history. 
Therefore, TimeLink supports the prediction of the remaining runtime of an iterative 
job as it runs, and provides accurate predictions promptly.

6 � Conclusion

This paper presents TimeLink, an advanced dynamic runtime prediction algorithm for 
Flink iterative jobs. Upon receiving a prediction request from the user, TimeLink uti-
lizes historical iterative jobs matched in real time to predict the remaining runtime of 
the current job. The fine-grained similarity between iterative jobs is established via 
the captured offline and online features, serving as the foundation for job matching 
and final prediction. The parameters of the job-matching model were trained to enable 
the automatic adaptation of the matching algorithm to various iterative jobs. We con-
ducted extensive experiments using various iterative algorithms and datasets within 
the Flink system. The results indicate that TimeLink has a relative average error of 
5.91% and 12.86% in the best and worst cases, respectively. Compared with the opti-
mal baselines, it improves the average prediction accuracy by 6.24%.

In the future, we will consider more complex scenarios, such as multi-job situ-
ations with interference and uncertainty. Meanwhile, this paper describes the 
important role of runtime prediction in resource provisioning, we thus plan to 
design a dynamic resource scaling mechanism for Flink iterative jobs based on 
TimeLink to maximize resource utilization and minimize operating costs.
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