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OCORP: Online Job Scheduling with 
Resource Packing  on a Cluster of 

Heterogeneous Servers 



Introduction of Online Job Scheduling Problem

1/8

§ A sequence of jobs keep arriving in a cluster. Scheduler allocates jobs to machines.
§ Machine 𝑖 can provide 𝐶! CPU cores (extended system model considers the multi-

dimension resource case).
§ Job 𝑗 arrives at time slot 𝑎" . It needs 𝑝" units of time to finish, if the demand of
𝑑" CPU cores is fully satisfied. 𝑐" is the completion time of job 𝑗.

• 𝐶!: machine i CPU resource ;
• 𝑎": job j arriving time;
• 𝑑": job j CPU resource demand;

• 𝑝": job j processing time;
• 𝑐": job j; completion time



Basic System Model of OCORP

2/8

§ Varaible: CPU allocation rate 𝑥"! 𝑡 ∈ 0,1 , whether job j works in machine 𝑖 at
time slot t.

§ Job completion constraint (long-term constraint): guarantee the completion of all the 
jobs before time slot T. 

∑)*+, ∑!*+- 𝑥"! 𝑡 ≥ 𝑝" & 𝑐" ≤ 𝑇, ∀𝑖, 𝑡

§ CPU resource constraint: the total demand of CPU cores cannot exceed the capacity
of machine 𝑖.

∑"*+. 𝑥"! 𝑡 𝑑" ≤ 𝐶!, ∀𝑖, 𝑡

§ Goal: minimize the overall 𝐿/ − 𝑛𝑜𝑟𝑚 job flowtime: min∑"*+. 𝑐" − 𝑎"
/
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§ �«¬­%4~®(SRPT) [Infocom 2013 - 2017]:
•´µ¶��·¸¹Gº»'¬�¼ª&½¾

•¿Àr8ÁÂÃÄÅÆ¼Ç�'¬!Gº»'¬!TÈUQ¾
ÉÊ starvingË ÌÍz{

§ Tetris, the-state-of-art heuristic scheduler [Sigcomm 2014, Berkeley]:
• Sorting:¦ÎÏSÈLÐÑÒ}Ó�Àr£¤GÔÕÖ 𝛼%�ÀrTÈUQ¾

• Packing×ÎÏ 任务所需资源 # 机器剩余资源Ø8ÀrÂ'¬¾

§ -¯>?°±(DRF)[NSDI 2011]:
•Ð}ÓÙÚ�Ø¡z{G|ÛÜÝz{ÑÞßàáâ¾
•ãäå»ÙÚæ±Isharing-incentivel strategy-proofl envy-freel Pareto-efficient¤

ç~èGéêëìmíî



[Infocom 2017] Tan, Haisheng, et al. "Online job dispatching and scheduling in edge-clouds." in IEEE Infocom, 2017.
[Perform. Evaluation 2017] Gebrehiwot, Misikir Eyob, Samuli Aalto, and Pasi Lassila. "Energy-aware SRPT server with batch arrivals: Analysis and
optimization." in Performance Evaluation, 2017.
[Infocom 2014] Y. Yuan, D. Wang, and J. Liu, “Joint scheduling of MapReduce jobs with servers: Performance bounds and experiments,” in IEEE
Infocom, 2014.
[IFIP Perform. 2013] M. Lin, L. Zhang, A. Wierman, and J. Tan, “Joint optimization of overlapping phases in MapReduce,” in IFIP Performance,
2013.
[Infocom 2013] Y. Zheng, N. Shroff, and P. Sinha, “A new analytical technique for designing provably efficient MapReduce schedulers,” in Proc. of
IEEE Infocom, 2013.
[NSDI 2011] Ghodsi, Ali, et al. "Dominant Resource Fairness: Fair Allocation of Multiple Resource Types." in NSDI, 2011.
[TEAC 2015] Parkes D C, Procaccia A D, Shah N. Beyond dominant resource fairness: Extensions, limitations, and indivisibilities[J]. ACM
Transactions on Economics and Computation (TEAC), 2015.
[STOC 2014] S. Im, J. Kulkarni, and K. Munagala, “Competitive algorithms from competitive equilibria: non-clairvoyant scheduling under
polyhedral constraints,” in STOC, 2014.
[APPROX-RANDOM 2016] S. Im, J. Kulkarni, B. Moseley, and K. Munagala, “A competitive flow time algorithm for heterogeneous clusters under
polytope constraints,” in APPROX-RANDOM, 2016.

Related Works of Job Scheduling Problem

backup
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§ �2²�³´2µ:
<latexit sha1_base64="ekrlbLjNeG/3ZYm3Kixq0z2njWA="></latexit>

TX

t=1

ft(x
i
j(t)) =

TX

t=1

X

j:aj�t

MX

i=1

(
(t� aj)k

pj
� pk�1

j )xi
j(t)

•Àrëìm ïðëìmí¾
•ÀrÂñPëìmGò�óô¾

•õöª�G÷��,øGùú%&mí¾

•ûÌmüG'¬ïðÀrëìýþ¾
•ÿ!��"#óô¾

•"#öª�G$%&%&mí¾

§ ¶·¸g dynamic regret: R𝑒𝑔$ =;
%&'

$

𝑓% 𝑥"! 𝑡 − 𝑂𝑃𝑇 ≤ 𝑂𝑃𝑇 × 𝑜 𝑇( , 0 ≤ 𝛽 ≤ 1

§ ¹º>?»�N�N( 𝜔" 𝑡 = (
𝑡 − 𝑎"

#

𝑝"
+ 𝑝"#)')/𝑑" − 𝜆"(𝑡)/𝑑"

• '= 𝜔" 𝑡 ÐÀr ( �).*ª¦&¾
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Performance Evaluation in Hadoop Yarn

8/8

§ Evaluation Result of Basic System Model:
• Driven by Google cluster-usage trace (6000 jobs arriving in 10 hours).
• The curve of fractional job flowtime is close to that of job flowtime.
• Reduce the overall job flowtime by 34% and the makespan by 20%.
• Better fairness between small jobs and huge jobs.



Accordia: Adaptive Cloud Configuration 
Optimization for Recurring Data-

Intensive Applications



基于多臂赌博机的最优资源配置算法 - 背景介绍

1/8

§ ¿À²���~>?]^
•Õ.��Àræ1�tGý2343567¾
•89�z{¡¢G:;<=/�>�ëìmíG?@ù�>A!�]B。

§ ÁÂ
•ÀrëìmíCDz{¡¢E�GFA¨G¾

•µ%&4!lþ�HCmíI.¾



基于多臂赌博机的最优资源配置算法 - 基础模型

2/8

Start with initial 
cloud config.

Update perf. Model
(update the confidence
interval for candidate
cloud config.)

Select a new config.
(select the cloud
config. for next-run
using Accordia)

step-1
step-2 step-3

§ Accordia: |}¿ÀÃ ²���~>?]^ª
§ ¿À³´²��ÄÅ�>?]^8ÆÇ�ÈÉÊ²�³´2µË©ª

min
𝒙
𝑔 𝒙 ⋅ 𝑝% 𝒙

𝑠. 𝑡. 𝑔 𝒙 ≤ 𝑇+,-
• 𝑔 𝒙 0z{¡¢𝒙¹�Àrëìmí¾
• 𝑝"(𝒙)" JmüGº¯mí�z{Ñ��H¾

• 𝑇#$%¼îÀrëìmí¾

(𝑃1)



基于多臂赌博机的最优资源配置算法 - 相关工作

3/8

§ ÌËÍÎÏ8ÐÑÌËÒ2µÓÔ8ÕÖ×Ø1ÙÚÛÜ2µÝ�ª

§ ÖÞßà\�á�¿À7¨
• Wrangler[1]， Paris[2]|}TKOLC'MN&½G�tOP¾

§ âã7¨5äåæ~�7¨
• LinkedIn[3]， Saboori et. al[4]|}QR&½STUVª�WX¾
• CherryPick[5], Boat[6] |}YZ[ª� \J&½G]^¼ªz{。

[1] Neeraja J Yadwadkar, Ganesh Ananthanarayanan, and Randy Katz. ACM SoCC 2014.
[2] Neeraja J Yadwadkar, Bharath Hariharan, Joseph E Gonzalez, Burton Smith, and Randy H Katz. 2017. Selecting the best vm across multiple 
public clouds: A data driven performance modeling approach. ACM SoCC 2017.
[3] Linkedin. 2016. Open Sourcing Dr. Elephant: Self-Serve Performance Tunning for Hadoop and Spark. https://github.com/linkedin/dr-elephant.
[4] Anooshiravan Saboori, Guofei Jiang, and Haifeng Chen. 2008. Autotuning configurations in distributed systems for performance 
improvements using evolutionary strategies. IEEE ICDCS 2008.
[5] Omid Alipourfard, Hongqiang Harry Liu, Jianshu Chen, Shivaram Venkataraman, Minlan Yu, and Ming Zhang. 2017. CherryPick: Adaptively 
Unearthing the Best Cloud Configurations for Big Data Analytics.. In NSDI 2017.
[6] Valentin Dalibard, Michael Schaarschmidt, and Eiko Yoneki. 2017. BOAT: Building auto-tuners with structured Bayesian optimization. In 
Proceedings of the 26th International Conference on World Wide Web. International World Wide Web Conferences Steering Committee, 479–488.



Related Work of Cloud Configuration Optimization Problem

backup

Reference Search Algorithm Learning Mechanism Handling Time-
varying Price

Performance 
Guarantee

Wrangler [SoCC 2014] Use cloud config. to predict running time via SVM Offline pre-training No No

Paris [SoCC 2017] Use cloud config. to predict running time via random forest. Offline pre-training No No

Selecta [USENIX ATC 
2018]

Use collaborative filtering across config. and running time to
reduce the overhead.

Offline pre-training No No

LinkedIn [LinkedIn] Use genetic algorithm to search the cloud config. with
minimum running time

Online learning No No

Saboori et. Al [ICDCS 
2008] 

Use evolutionary algorithm to search the cloud config. with
minimum completion cost

Online learning No No

CherryPick[NSDI 2017]
Boat [WWW 2017]
Arrow [ICDCS 2018]

Use expectation improvement (EI) algorithm to search the
cloud config. with minimum completion cost in Bayesian
optimization framework

Online learning No No

Accordia Extend the Gaussian Process UCB algorithm to search the
cloud config. with minimum completion cost

Online learning Yes 𝑶 𝑻𝒍𝒐𝒈𝑻 sub-
linear regret

§ Accordia is online-learning based algorithm and can handle the time-varying price case.



Multi-armed Bandit Framework

§ Problem setting
• A gambler must decide which arm of N different slot machines to play in a sequence of trails so

as to maximize his overall reward.

§ Multi-armed bandit framework
• Number of arms N, arm 𝑖 has a fixed but unknown reward distribution 𝑃& with expectation 𝜇&.
• Number of rounds T, for 𝑡 = 1, 2, …, 𝑇:

• The player chooses an arm 𝑖%;
• Arm 𝑖% generates a random reward 𝑋!,% ∈ 0,1 drawing from 𝑃! ;

4/8



基于多臂赌博机的最优资源配置算法 - 算法设计

5/80

§ çÚèé=|} regret _yH`

µAab Pr 𝑅𝑒𝑔'( ≤
# log 𝛿 𝑋 𝑇 𝑙𝑜𝑔𝑇 )*+ ≥ 1 − ⁄1 𝛿

𝑅𝑒𝑔$% ≔ )
&'(

$

⁄𝑓 𝒙∗ 𝑝(𝒙∗) −)
&'(

$

⁄𝑓 𝒙& 𝑝(𝒙&)

§ ê�e�ëìíà��(P2)

• 𝑓 𝒙 L 𝑝"(𝒙)cdG´e]^Â¼ªS 𝒙,∗。

min
𝒙
𝑔 𝒙 ⋅ 𝑝" 𝒙

𝑠. 𝑡. 𝑔 𝒙 ≤ 𝑇#$%

m𝑎𝑥
𝒙

⁄𝑓 𝒙 𝑝" 𝒙
𝑠. 𝑡. 𝑓 𝒙 ≥ ⁄1 𝑇#$%

inverse
(𝑃1) (𝑃2)𝑓 𝒙 ≔ ⁄1 𝑔(𝒙)

§ @Aîï� Gaussian-Process UCB 7¨8©N (P2)
•fg 𝑓(𝒙)qh�[x: 𝒩(𝜇" 𝒙" , 𝜎"/ 𝒙" ).
•©i2¹z{¡¢:

• 𝛽" = 2log( 𝑋 𝑡/𝜋/𝛿/6)，𝛿 ∈ 1,∞ . \𝑝" 𝒙" 0¨G�lþ�H。

max
𝒙!

⁄𝜇% 𝒙% _𝑝%(𝒙%) + `𝛽%
⁄' 0𝜎% 𝒙% _𝑝%(𝒙%)

𝑠. 𝑡. 𝜇% 𝒙% − 𝛽%
⁄' 0𝜎% 𝒙% ≥ ⁄1 𝑇+,-



Implement Accordia for Spark over Kubernetes

Figure 1. System architecture of Accordia for Spark 
applications over Kubernetes

§ Use Accordia to optimize:
• The no. of Spark executors.
• The no. of CPU cores and Memory (RAM)

size for the driver and executor pods
• A 5-dimensional search space with 7000

candidate cloud config..

§ Four components:
• Database stores history information and has a

sliding window to focus on recent history.
• Price Predictor collects the real-time price

and predict the future price.
• Optimization Engine implements Accordia

algorithm to select the next-run cloud config..
• Job Monitor aborts a partially-run job with

30% larger completion cost than the best one.

6/8



Insight of Gaussian Process UCB Algorithm

§ Gaussian Process model
• Job completion time 𝑓 𝒙 is highly correlated with cloud configuration 𝒙.

§ Upper Confidence Bound (UCB) algorithm:
• Balance exploitation ⁄𝜇" 𝒙" \𝑝"(𝒙") and exploration ⁄𝜎" 𝒙" \𝑝"(𝒙").

7/8

Figure 1. Sequence of cloud configurations chosen by Accordia with/ without a deadline constraint.

§ Spark WordCount example

1

2

3

4

5, 7

6

Number of Executor PodsN
um

be
r o

f C
PU

 C
or

es
 in

 E
ac

h 
Ex

ec
ut

or

1

4 2

35
6

Number of Executor PodsN
um

be
r o

f C
PU

 C
or

es
 in

 E
ac

h 
Ex

ec
ut

or

1

2

3, 6
5

4

Number of Executor PodsN
um

be
r o

f C
PU

 C
or

es
 in

 E
ac

h 
Ex

ec
ut

or



Evaluate Accordia Performance in Public Clouds

8/8

§ Figure 1 and Figure 2 show Accordia can find the near-optimal configuration among 7000 candidate
configurations within 20 runs, 2X-speedup and 20.9% cost-savings comparing to CherryPick.

§ Accordia submits one recurring job every day and dynamic switches job types without notifying the
system every 30 days in Figure 3.

§ Accordia still can obtain up to 18.6% cost-savings under dynamic switching job types over
exponentially-distributed time-intervals (i.e., Poisson distribution with 𝜆 = 20).

Figure 1. Abort mechanism in 
SparkPi example.

Figure 3. Different window sizes 
under dynamic switching job types.

Figure 2. Cost-savings achieved 
by Accordia.



Dragster: Online Resource Optimization 
for Elastic Stream Processing with Regret 

Guarantee



Introduction of Distributed Stream-processing Systems

1/11

Map
GroupByKey

Join

Input Map GroupByKey Join Result

§ Stream processing application process
incoming data via a data stream graph.

§ Node is an operator which can run on
multiple servers in parallel.

§ Edge indicates how tuples are passed
around operators/ servers.

§ The data stream graph provides a logic view
of the data transformation.

Figure 1. A data stream graph example.



Cloud Config. Optimization for Elastic Stream-processing

2/11

§ Dragster: dynamically adjust cloud configuration for each operator to maximize the 
application streaming throughput with varying workloads under a budget constraint.

§ Challenge :
• The performance of an application critically depends on its data stream graph.
• The non-trivial relationship between the performance and its resource configuration.

Figure 1.  Dragster Workflow

Start with initial 
cloud config.

Identify bottleneck
operators according
to the service capacity.

Dynamically adjust 
the configuration of 

bottleneck operators.

Step 1 Step 2 Step 3

§ Two-level online learning approach:
• Model-driven approach: identify the bottleneck operator according to the service capacity.
• Data-driven approach: Adjust the configuration of bottleneck operator.



Related Work of Cloud Configuration Optimization Problem

§ Rule-based algorithm
• Dhalion[VLDB 2017] in Heron linearly increases the no. of executors for bottleneck operators

according to the backpressure.
§ Learning-based algorithm

• ML and RL algorithms have been applied to optimize the latency in [ALPOS 2019, 2021].
• Black-box online optimization algorithms, e.g., Bayesian optimization and hill climbing algorithm,

appeared in [MASCOTS 2016] [SoCC 2017][HPDC 2014][Sigmetrics 2003].
• They ignore the DAG information of the data stream graph.

§ Model-based algorithm
• Re-storm[J.Inf.Sci. 2015] defines the critical path and adjusts its config. to optimize the latency.
• DS2[OSDI 2018] in Flink linearly increases the no. of executors according to the service capacity.
• They assume the operator performance following a simple or fixed mapping with candidate config..

3/11



Related Work of Cloud Configuration Optimization Problem

4/11

Reference Search Algorithm Optimization 
Mechanism

Consider 
DAG Info

Handling Time-
varying Workload

Performance 
Guarantee

Dynamic Allocation 
[Spark]

Exponentially increase the no. of executors and remove the
idle one. Implemented in Spark

Rule-based No Yes No

Dhalion [VLDB 
2017]

Linearly increase the no. of executors and remove the idle
one. Implemented in Heron.

Rule-based No Yes No

BO4CO [MASCOTS 
2016]

Use Bayesian optimization framework to search the cloud
config. with the optimal latency.

Learning-based No No No

Sinan [ALPOS 2021] Use CNN+LSTM to predict the latency under the candidate
cloud configurations.

Learning-based No No No

Re-storm [Tsinghua 
2015]

Define the critical path and iteratively update the config.
among the critical path to minimize the latency.

Model-based Yes Yes No

DS2 [OSDI 2018] Linear increase the no. of executor according to the service
capacity. Implemented in Flink.

Model-based Yes Yes No

Dragster Combine online-optimization and GP-UCB techniques to
identify the bottleneck operator and update its configuration.

Model-based +
Learning-based

Yes Yes 𝑂 𝑇𝑙𝑜𝑔𝑇
sub-linear regret



Related Works

[Spark] Spark Dynamic Allocation. https://jaceklaskowski.gitbooks.io/mastering-apache-spark/spark-dynamicallocation.html.
[VLDB 2017] Avrilia Floratou, Ashvin Agrawal, Bill Graham, Sriram Rao, and Karthik Ramasamy. 2017. Dhalion: self-regulating stream
processing in heron. Proceedings of the VLDB Endowment 10, 12 (2017), 1825–1836.
[MASCOTS 2016] Pooyan Jamshidi and Giuliano Casale. 2016. An uncertainty-aware approach to optimal configuration of stream processing
systems. In 2016 IEEE 24th International Symposium on Modeling, Analysis and Simulation of Computer and Telecommunication Systems
(MASCOTS). IEEE, 39–48.
[SoCC 2017] Muhammad Bilal and Marco Canini. 2017. Towards automatic parameter tuning of stream processing systems. In Proceedings of
the 2017 Symposium on Cloud Computing. 189–200.
[Sigmetrics 2003] Tao Ye and Shivkumar Kalyanaraman. 2003. A recursive random search algorithm for large-scale network parameter
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Level 1: Identify the Bottleneck Operator – Operator Wise
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§ Unlimited service capacity: operator 𝑖 can process all
the received tuples.
• 𝑒!&: throughput from operator 𝑖 to operator 𝑗.
• 𝑒& : the received throughput vector.
• The throughput function ℎ&,! captures the input and output

throughput mapping under unlimited service capacity case.

op 1

op 2

op 3

op 4

op 5

op 6

op 7

𝒆𝟕𝟓

𝒆𝟓𝟏

𝒆𝟓𝟐

𝒆𝒋𝒊 = 𝒎𝒊𝒏 𝒚𝒊, 𝒉𝒊,𝒋 𝒆𝒊

§ Limited service capacity 𝑦!: maximum processing rate
of operator 𝑖.

§ Service capacity 𝑦! truncates the throughput function ℎ!,":

𝑒"! = min 𝑦!, ℎ!," 𝑒!𝒉𝒊,𝒋(𝒆𝒊)

𝒆𝒋𝒊

𝒆𝒊
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𝑓% 𝒚%

§ The application throughput 𝑓) 𝒚) is a composition of the operator throughput 
function ℎ!,", where 𝒚) is the service capacity vector.

§ Object: maximize the accumulated throughput. max
𝒚+

∑)*+, 𝑓) 𝒚)

𝒆𝒋𝒊

𝒆𝒋𝒊 = 𝒎𝒊𝒏 𝒚𝒊, 𝒉𝒊,𝒋 𝒆𝒊

𝒆𝒊

Level 1: Identify the Bottleneck Operator – Application Wise

§ Constraint: operator 𝑖 can process all the received tuples over time T.

∑)*+, ∑" ℎ!," 𝑒! − 𝑦! 𝑡 ≤ 0

§ The solution is the target service capacity for each operator.
Bottleneck operator



Level 2: Adjust the Config. of Bottleneck Operator
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§ The service capacity 𝑦! can not be set directly since it depends on its resource
configuration 𝒙! in an unknown manner.

§ Take an online learning-based technique, Gaussian-Process multi-armed bandit.
§ Assume the service capacity 𝑦! following a Gaussian Process model.

𝑦! ∼ 𝐺𝑃(𝜇!,) 𝒙!(𝑡) , 𝜎!,)d 𝒙𝒊(𝑡) )
§ Update the posterior distribution to capture the mapping between configuration and

service capacity.

Go Back to Accordia



Two-Level Online Optimization Framework – Summary
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Goal: maximize the accumulated throughput.

Long-term constraint: operator buffer constraint.
• Physical meaning: the service capacity should be

greater than the average incoming rate

The service capacity follows a GP model.

Resource budget constraint.

Level 1: Identify the bottleneck operator

Level 2: Adjust the configuration of the bottleneck operator

§ Identify the bottleneck operator according to the service capacity, i.e., processing rate
• Downstream operator needs to consume all the received tuples
• Model-based techniques: formulate into an online optimization problem

§ Adjust the configuration of  bottleneck operator
• Allocate just enough computing resources to obtain the target service capacity, no wasting
• Learning-based techniques: formulate into a multi-armed bandit problem



Implement Dragster for Apache Flink over Kubernetes

Figure 1. System architecture of Dragster for Apache 
Flink applications over Kubernetes
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§ Use Dragster to optimize:
• Every 10 mins, adjust the no. of executors for

each operator.
• Re-configuring via Checkpoint takes among 30s.

§ Three components:
• Database stores history information, including

resource configuration, throughput and etc.
• Optimization Engine implements Dragster

algorithm to adjust the current time-slot config..
• Job Monitor uses REST API and Kubernetes

metrics server to collect running time information.



Performance Evaluation under a Diverse Set of Workloads

10/11

Figure 1. Convergence time under a diverse set of workloads.

§ 6 application: Group, AsynclIO, Join, Window, WordCount, Yahoo streaming benchmark.

§ The number of operator ranges from 1 to 6. Two different source inputting rate.
§ Dragster performs more and more better with the increasing number of operators.



Performance Evaluation – More Complex Application
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Figure 1. Throughput achieved by Dragster under workload changing running Yahoo streaming benchmark.

§ Yahoo streaming benchmark: 6 operators, 1 million candidate configurations.
§ Dragster with saddle point converges 2.2X-speedup and processes 23.7% more tuples.
§ Dragster with gradient descent converges 1.6X-speedup and processes 25.8% more

tuples.



DRAM: API-aware Dynamic Resource 
Allocation for Microservices



Introduction of Microservice(MS) architecture
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§ Microservice application process incoming
requests via a MS call graph.

§ Node is a MS component which can run on
multiple containers in parallel.

§ Edge indicates how request invokes the
downstream components.

§ A request invokes several paths of
components across the MS call graph.

Figure 1. MS Call graph of Social Network.



API-aware Config. Optimization for Microservice
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§ ADRAM: dynamically adjust configuration for each MS component to minimize the
number of SLA violations for critical requests with varying workloads under a
budget constraint.

§ Challenge compared to streaming processing system:
• MS call graph is very large, hundreds of components, millions of containers, billions of requests.
• Focus on critical requests (e.g., focus on e-payment request NOT log processing).
• Request invokes downstream components in parallel/ series (can not capture in MS call graph).



Level 1: Identify the Bottleneck Component – Component Wise

3/6

§ Use span graph in distributed tracing system to capture
the temporal order of invocations.

§ The duration 𝑑! of component 𝑖 can be separated as
queuing time 𝑞! + processing time 𝑝! .

𝑑! = qf + pf
§ The queuing time 𝑞! results from invocations of

downstream components in parallel / series.
𝑞! = ma𝑥"∈gh4{𝑑"} / 𝑞! = ∑"∈gh4 𝑑"

§ If the downstream invocations are in mixture parallel
and series, then virtual components can fix it.
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Level 1: Identify the Bottleneck Component – Request Wise

§ The solution is the target processing time for each component.

§ The latency of a request 𝑘 is the duration of root component , represent by 𝑓/ 𝒑) , 
where 𝒑) is the processing time vector.

§ Object: minimize the accumulated SLA violations.
m𝑖𝑛
𝒑+

∑/ 𝑎/ 𝑟/ U max{0, 𝑓/ 𝒑) − 𝑆𝐿𝐴/}

where 𝑎/ is the weight, 𝑟/ is the request arriving rate.



Level 2: Adjust the Config. of Bottleneck Operator
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§ The processing time 𝑝! can not be set directly since it depends on its resource
configuration 𝒙! and offered workloads 𝒛! in an unknown manner.

§ Take an online learning-based technique, contextual Gaussian-Process multi-armed
bandit.

§ Assume the processing time 𝑝_𝑖 following a Gaussian Process model.
𝑝! ∼ 𝐺𝑃(𝜇!,) 𝒙! 𝑡 , 𝑧!(𝑡) , 𝜎!,)d 𝒙𝒊 𝑡 , 𝑧!(𝑡) )

§ Update the posterior distribution to capture the mapping between configuration and
processing rate.



Two-Level Online Optimization Framework – Summary
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Goal: minimize the accumulated SLA violations.

The service capacity follows a GP model.

Resource budget constraint.

Level 1: Identify the bottleneck component

Level 2: Adjust the configuration of the bottleneck component

m𝑖𝑛
𝒑1

∑2 𝑎2 𝑟2 # max{0, 𝑓2 𝒑" − 𝑆𝐿𝐴2)}

𝑝& ∼ 𝐺𝑃(𝜇&," 𝒙& 𝑡 , 𝑧&(𝑡) , 𝜎&,"/ 𝒙𝒊 𝑡 , 𝑧&(𝑡) )

∑& 𝒙& ≤ 𝐵

Go Back to Dragster

§ Identify the bottleneck operator according to the processing time
• Model-based techniques: the end-to-end latency depends on the critical path
• Model-based techniques: requests compete for resources

§ Adjust the configuration of  bottleneck operator
• Allocate just enough computing resources to obtain the target processing time, no wasting
• Learning-based techniques: formulate into a contextual multi-armed bandit problem


