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Diverse Computing Infrastructures

Heterogeneous and dynamic distributed computing
environments from devices to data centers
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Research Questions

Given a job and objectives/constraints for its execution:

1. What resources to use for a job? 10 X = ?
?
2. When and where to run the jobs? 4

3. How to set system configurations? ——
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Vision: Adaptive Resource Management

Adaptive Resource Select resource allocations to meet specific

Allocation performance objectives and constraints

CloudCom’18, EDGE’19, BigData’20, IPCCC’20, ICFEC’21, EdgeSys’21,
IC2E'21, CLUSTER’21, SAC’22, Euro-Par'22, SSDBM’22, IC2E’22

Scheduling & Adjust resource configurations at runtime as

Dynamic Scaling workloads change or components fail

CloudCom’17, BigData’18, BigDataCongress’18, CCPE journal’20, IC2E’21,
IPCCC’21, ACSOS’21, BigData’21, SPE’21, Middleware’21, ISORC’22

Automatic System Tune system configurations using monitoring

Tuning data, profiling, and performance models
BigData’19, BigData’20, IC2E’22, FedCSIS’22, ICWS’22
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Resource Allocation for Workflows

Tarema: Adaptive Resource Allocation for Scalable Scientific
Workflows in Heterogeneous Clusters. Bader, Thamsen, Kulagina,
Will, Meyerhenke, Kao. Big Data 2021.

(" )

Lotaru: Locally Estimating Runtimes of Scientific Workflow Tasks in
Heterogeneous Clusters. Bader, Lehmann, Thamsen, Will, Leser,

Kao. SSDBM 2022.

\. J

Reshi: Recommending Resources For Scientific Workflow Tasks on
Heterogeneous Infrastructures. Bader, Lehmann, Groth, Thamsen,
Scheinert, Will, Leser, Kao. Under review. 2022.
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interesting methods I I-I-c N
* However, widely used High Througgtrc]omdpl&)ngr
cluster resource managers
apply simple methods kubernetes ——
Schedule

« S0, why is that?

Starting Point

 Clusters are commonly

heterogeneous

« Scheduling research, has

put forward many

» Lack of historical

executions 5||_||'|T|

° Knowledge about task workload manager
runtimes on each machine
is required
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Our Approach “Lotaru”

Shared Heterogeneous Target Infrastructure Scheduler
p . rj Task |Machine| Time
A N1 | 120
(> A N2 | 1055 |agfm
A c2 | 100s
/ Local Target
. . Machine Cluster
(2.) Data Sampling and Local Workflow Execution Models Models
S | [ e [yt
LJ A
Target sample1_R1.fast.gz
Hardware T \{: p /
Profiling " | sample2_R1.fast.gz @ @ F 4 2 @
file_R1.fast.gz 3%& — ) =
T e =
@ sample3_R1.fast.gz v A @. @ 4 p
Local B , ol
Hardware T & | sampled_Ri.fastgz @H@ @ » / // : G
Profiling e o
— -

SN—

i

Scientist with Local Computer

July 2022

Glasgow CompBio Community — Lauritz Thamsen



Our Approach “Lotaru”

Shared Heterogeneous Target Infrastructure Scheduler
p . rj Task [Machine| Time
A N1 | 120
(> A N2 | 1055 |agfm
A c2 | 100s
j Local Target

/ ) ] Machine Cluster

- (2.) Data Sampling and Local Workflow Execution Models Models
o | N e )

LJ A
Target sample1_R1.fast.gz
Hardware & \{: . /
Profiling B sample2_R1.fast.gz @ @ ¥ 4 / @
file_R1.fast.gz 3%& — ) =
T (]
@ sample3_R1.fast.gz v A @. @ 4 2
Local B , ol
Hardware S sample4_R1.fast.gz @H@ @ ® / d G
Profiling = e
— -

—

;

Scientist with Local Computer

July 2022

Glasgow CompBio Community — Lauritz Thamsen



Our Approach “Lotaru”

Shared Heterogeneous Target Infrastructure Scheduler
Task |Machine| Time
T T
% B A N2 | 1055 (g
A c2 | 100s
Local Target
Machine Cluster
( Models Models
Y [ [
LJ N
Target sample1_R1.fast.gz
Hardware Y 4
Profiling * | sample2_R1.fastgz @ @ /// @
file_R1.fast.gz }n,sﬁ — ) =
T e 7 &
@ sample3_R1.fast.gz v A ®‘ @ 3
Coonl ;‘\T"’“‘? led_R1.fast @ @ @ P
Hardware Ed sample4_R1.1ast.gz /// G
Profiling
___-/

S~ &

i

Scientist with Local Computer

July 2022

Glasgow CompBio Community — Lauritz Thamsen

10



Our Approach “Lotaru”

Shared Heterogeneous Target Infrastructure Scheduler
rj Task |Machine| Time
Ei A N1 | 120
: B 1 I :
E A N2 | 1055 (e
o
A c2 | 100s
/ Local Target
Machine Cluster
(2.) Data Sampling and Local Workflow Execution D) Modets 1) Models
I [N N
L J A
Target sample1_R1.fast.gz
Hardware T \{: p /
Profiling " | sample2_R1.fast.gz @ @ 2 @
file_R1.fast.oz . ,.;& .. )
T e =
@ sample3_R1.fast.gz v A @. @ ‘ p
Local B , ol
Hardware T & | sampled_Ri.fastgz @H@ @ J // : G
Profiling <
— -

SN—

i

Scientist with Local Computer

July 2022

Glasgow CompBio Community — Lauritz Thamsen

11



Our Approach “Lotaru”
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1. Infrastructure Profiling 1/2

* Resources not only differ in capacities (# CPUs / cores
or amount of memory), but have different performances

 |dea: Use microbenchmarks (< 1min) to gather node
performance
« CPU
* Memory
 read/write I/O

* Rerun profiling when changes are detected
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1. Infrastructure Profiling 2/2

* All resources (local machine and cluster nodes)
profiled using sys-bench, fio, and LINPACK

* Results for a local machine and five cluster nodes:

Machine | # CPUs | Memory | Storage | CPU events/s | LINPACK | RAM score | read IOPs | write IOPS
Local 8 16 GB | HDD 458 | 3,959,800 18,700 414 415
Al 2x4 32GB | HDD 223 - 11,000 306 301
A2 2x4 32GB | HDD 223 - 11,000 341 336
N1 8 16 GB | HDD 369 | 3,620,426 13,400 481 483
N2 8 16 GB | HDD 468 | 4,045,289 17,000 481 483
C2 8 32GB | HDD 523 | 4,602,096 18,900 481 483
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2. Sampling and Local Execution

« Possibly hundreds of input files
« Select one and sample it down

» Create several small input files to
generate training data
« More samples can lead to better
models (but longer profiling)
* Run workflow locally with samples

» Decrease the CPU frequency and
run the workflow again locally
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3. Local Prediction Model Training

» Estimate runtimes given a certain input data size

 Linear correlation between uncompressed input data
size and workflow task runtime?

NOAYGS

: : : Learn Bayesian Linear Regression
Predict median runtime .
model (expresses uncertainty)

=== Bayes Posterior Prediction
=== True runtime

Probability Density
2
o
o
N

0.0000 98.0 100.0 102.0 104.0
Expected runtime in s
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4. Adjusting to Target Node

« Local machine (e.g. a scientist’'s computer) is different from
target cluster nodes

However, we want estimates for all task-node combinations
- Translate runtimes based on measured performance

. . . d _ timenormal_timeredl-'req
Deviation: ev = time,earreq @ @

mediang,,

Weighting:  w=max (° "”"( (fregoral freqnew) - %@ g

El

Factor: [f, = Plocal oy, POlocal ]

CpUtarget 10target
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Evaluation — Setup

Machine | # CPUs | Memory | Storage | CPU events/s | LINPACK | RAM score | read IOPs | write IOPS

. Local 8 16 GB | HDD 458 | 3,959,800 18,700 414 415

® 6 d Iffe rent nod eS Al 2x4 32GB | HDD 223 - 11,000 306 301
A2 2x4 32GB | HDD 223 - 11,000 341 336

N1 8 16 GB HDD 369 | 3,620,426 13,400 481 483

N2 8 16 GB | HDD 468 | 4,045,289 17,000 481 483

C2 8 32GB | HDD 523 | 4,602,096 18,900 481 483

Workflow | # Abstract Tasks | Sample Size | Uncompr. Size | Runtime Per Input

« 5 real-world workflows ; [5G snas 148 min
) ager 13 2 [ 434GB 2571 GB 211 min

(nf-core repository) | ilinal nweal  oewm
Chibse i 1]133GB 481 GB 140 min

pseq 2| 871GB 32.98 GB 948 min

Atacseq 0 1]326GB 14.09 GB 184 min

2| 240GB 11.81 GB 104 min

. 1]123GB 3.64 GB 237 min

¢ B ase I InNes: Bacass > 2| 145GB 435GB 253 min

 Naive

« Toward fine-grained online task characteristics estimation in
scientific workflows [1] - Online-M

* Online task resource consumption prediction for scientific
workflows [2] - Online-P

[1] Da Silva et al., Toward Fine-Grained Online Task Characteristics Estimation in Scientific Workflows. WORKS. 2013.
[2] Da Silva et al., Online Task Resource Consumption Prediction for Scientific Workflows. Par. Proc. Letters 25. 2015.
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Evaluation on a Heterogeneous Cluster
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Outcomes

* New online task runtime estimation method with
15.99% error (vs. 30.90% error of the best baseline)

» Working prototype implementation for Nextflow,
https://github.com/CRC-FONDA/Lotaru

* Trace repository with more than 9,000 task executions
from 5 different scientific workflows on 6 different
machine types, https://github.com/CRC-
FONDA/Lotaru-traces
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Outlook

« Application domain-specific microbenchmarks:
experimenting with common bioinformatics tasks

 How well do our runtime estimates work for SotA

scheduling methods that rely on knowing task runtimes
upfront (e.g. HEFT)?

« Our own scheduling that takes into account estimates,
uncertainty, and resource performance profiles
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