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ResTune: Resource Oriented Tuning Boosted
by Meta-Learning for Cloud Databases
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Figure 1: TPS and CPU Usage for Real Workload with 2 Knobs
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What is ResTune?

* Reslune
» | Resource OrientedTuning Boosted by Meta-Learning for Cloud Databases

* Goal
- KA AE 7Y S E
- SLA XS =40| = =[N3t &4
©=01% 0% ... X Omwith ©:€ [0, 1].
arg;ninfres((?),
st fips(0) > Asps (1)
f1at(0) < Ajgy

Let fres, ftps, flat denote the resource utilization (e.g., fcpu, fmemory or fio) 6






Design Overview
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SOLVING CONSTRAINED OPTIMIZATION

Modeling Constrained Functions using CBO

arg ;nin fres(0),

o, Fioslt) &l O WP fr@mdfu® fe®)
f1at(0) < Ajq;

H= {00 fres 0. fips (0 fiar 00)]}

Feasible configurations
Infeasible configurations

w(8) 62(0), u € {res,tps,lat}



SOLVING CONSTRAINED OPTIMIZATION

Guiding Search in Feasible Region

agr(0) =E [max (0, fres(Opest) — fres(0)] (2)

Ic(6) ax(O Jres(0)) (3)

Ic(6) = A(0)max(0, fres(Opest) — fres(0)) = AOI(O)  (4)



SOLVING CONSTRAINED OPTIMIZATION

Guiding Search in Feasible Region

fC(G) = A(9) max (0, ﬁ'es(gbest) ];res(g)) = A(@)f(@) (4)

IE[A(9)] Pr(fips(0) > Atps, far(6) < Atar]

Pr(fips(0) = Atpss f1at(0) < Ajgs]

Prifips(8) = Atps]-Prlfiar(6) < Aras]

acer(0) =E [Ic(e) |9] E [A(Q)I(G) |9] E [A(G) |9] E [I(@) |9]
= Pr[ﬁ‘ps(e) 2 Atps] Pr[ﬂat(a) < AMat] - agr(0)




BOOSTING TUNING PROCESS

Solving resource-oriented tuning problem

correlation among them. Intuitively, the same workloads running
on different hardware share information for tuning knobs. Even for
different tasks, the relationship between hidden features can lead
to knowledge sharing. As cloud providers, we can collect abundant

learner Ly,



BOOSTING TUNING PROCESS

s VI TSI EEL 1A

oo . | — |

Scale Unification ; @ ——L' L scale Uniﬂcation r—° |~ Gaussing Process :r B ?
. Observations , “““““““““““““““““ 4 Base Model

t i of Target Task I

= 0L fu(OL W)}y i =1, T

Proor. If meta-learner predicts the relative performance value
of @ to be a smaller value than that of 8; .ie. L}, (0) < LY (84),
then it's predicted that f, (0, w;) < fu,(04, w) leﬁ,(() w,) < Au-
A_ can be Set as L (0 d) If meta-learner predicts the the relative performance value of ¢ to
be a larger value than that of 0, .ie. L}, (8) = LY, (04), then it’s
predicted that f;, (6, w;) > £,(04, w¢) de fu,(0,w:) 2 Ay. There the

re-scaled constraint /1; can be set as L'&(Gd).

u = fu(edawtarget): AIu == Lﬂl(ed)



BOOSTING TUNING PROCESS

Workload Characterization |

Workload

———

Meta-feature
of Target Task
]

— el -4

I
Y™ Workload Characterization :r @ :
|
1

Feature Extraction

- calculate the TF-IDF feature vector for each query
Classification Model

-random forest model to classify each query

Workload Embedding Procedure

input workload. The averaged probability distribution represents
the meta-feature for the input workload by characterizing the ap-
pearance frequencies of the queries.



BOOSTING TUNING PROCESS

Knowledge Extraction

Problem
1. 0tH Al =71 BOLX|&H =8 £X| Y=
) BE OIAE A ThEA P2 S5 SHE A2 70 ol Eehs K
Base-learners Meta-learner
S gipi(0)
Gii=1,,T up(6) = == (©6)
Z;I‘] gi

o3 (0) = ) 0ic}(0), (7)

i=1

" lo otherwise

‘ o)
T+1 {1 i=T+1
Uj =



BOOSTING TUNING PROCESS

Base-Learner Evaluation - Learning from Meta-feature

6.4.1 Learning from meta-feature. At initialization, we measure the
similarity for tuning tasks based on the meta-feature of workload. If
a workload is more similar to the target workload, a larger weight is
assigned to its base-learner. Therefore, the weight g; of base-learner

Epanechnikov quadratic kernel

3 2
o 3(1-12) t<1
gi = y( |m; mT+1||2)’ = {4 @)

p 0 otherwise




BOOSTING TUNING PROCESS

Base-Learner Evaluation - Learning from Model Predictions

Ry(L) = 3054 2okt Y4 (6;) < L(0n))|® 1) £u(6;, wri1) < fulk, wri1))




BOOSTING TUNING PROCESS

Base-Learner Evaluation - Adaptive Weight Schema
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03 Implementation & Evaluation
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Implementation

1.Setting.

- implement ResTune using BoTorch

- use version 5.7 of MySQL RDS
Table 1: Hardware Configurations for Database Instances

A B C D E F
CPU | 48 cores | 8cores | 4cores | 16 cores | 32 cores | 64 cores
RAM 12GB 12GB 8GB 32GB 64GB 128GB
2. Workload.

Table 2: Workloads

Name SYSBENCH | TPC-C | Twitter | Hotel | Sales
Size(G) 10,30,100 13,100 29 14 10
#Thread 64 56 512 256 256

R/W Ratio 7:2 19:10 116:1 19:1 154:1
Request Rate(txn/s) 21K 2K 30K / /




Implementation

3. Data Repository.

Category Details
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Evaluation - Efficiency Comparison
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Evaluation - Evaluation on Generalization

—== Default o ResTulrgje0 —+— ResTune-w/o-ML  —=— OtterTune-w-Con
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Figure 4: Performance Adapting to Different Hardware Environments



Evaluation - Evaluation on Generalization
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Evaluation - Evaluation on Generalization

Table 4: Workload Adaptation on More Instances

Instance C D E F
Improvement Restune 5.02% | 8.13% |17.16% | 20.38%
Restune-w/o-ML | 3.34% | 7.58% |16.76% | 19.96%
SYSBENCH Restune 37 64 100 35
Iteration |Restune-w/o-ML| 57 80 115 53
Speed Up 35% | 20% 14% | 34%
Improvement Restune 4.96% |19.22% |33.26% | 47.60%
Restune-w/o-ML | 2.78% | 18.28% | 33.09% | 42.62%
TPC-C Restune 12 25 45 18
Iteration |Restune-w/o-ML| 99 47 79 25
Speed Up 87.87% | 46.80% | 43.03% | 28%




Evaluation - Evaluation on Generalization
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Evaluation - case Study

= Default == ResTune-w/o-ML =+ OtterTune-w-Con == ResTune-w/o-Workload

mWeEmWE WE W
== ResTune == iTuned ~+ CDBTune-w-Con
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(a)Tuning Evaluation (b)Ablation Study of (c)ResTune's Weight (d)W+'s Response (e)W;'s Response
of Different Methods Workload Charaterization Assignment Surface for TPS Surface for TPS

Figure 6: Case Study on Twitter Workload with 3 Tuning Knobs
Table 5: Statistics about Workload Variations

Workload WT W1 w2 W3 W4 W5

R/W Ratio 116:1 32:1 19:1 14:1 11:1 9:1
Distance to Wt 0 0.075 0.156 0.191 0.278 0.342
Static Weight 53.57% | 46.00% | 20.98% 4.80% 0% 0%
Ranking Loss / 17.93% | 22.71% 27.75% | 34.04% 60.91%




Evaluation - case Study

Table 6: Best Configurations Found by Different Methods

thread_concurrency|spin_wait_delay|lru_scan_depth| CPU
Default 0 6 1024 75%
Grid Search 17 0 100 14.43%
ResTune 13 0 356 11.22%
ResTune-w/o-ML 14 1 100 12.97%
OtterTune-w-Con 30 2 2244 20.59%
CDBTune-w-Con 122 3 180 45.03%
iTuned 43 21 100 65.10%
11.25
CPU (%) : — * <« thread_concumency = 13
30,406 <€ spin_wait_delay=0
Throughput o
(trx/s) : : 4 <& |u_scan_depth =356
0.339 % Default Value
La*(o;:;y) * : Y Current Value

Figure 7: SHAP Path: Features Contributions from Default Knobs



Evaluation - sensitivity Analysis

—f— Default =—e=— ResTune

- 3 Table 7: Sensitivity Analysis of Data Size
o o
$100 £ 180 #Warehouses | Size(GB) | Hit Ratio | Default CPU | best CPU | Improvement
2 75 2 o 100 7.29 0.996 90.21 58.51 35.13%
% 50 - g 200 16.26 0.995 87.78 43.95 49.93%
8 55 ./’,.—o—‘/_‘-‘ - . 500 35.26 0.991 88.60 40.48 50.77%
s © 300 56.59 0.984 78.59 3453 58.52%
DT T T T 5 1 o T T T T T T T

1000 117.06 0.946 46.00 36.62 44.80%

1.5K1.6K1.7K1.8K1.9K 2K 2.1K2.2K 16K 17K 18K 19K 20K 21K 22K 23K
Rate (txn/s) Rate (txn/s)

Figure 8: Sensitivity Analysis of Request Rate



Evaluation - Tuning other types of Resources

=== Default - ResTune = OtterTune-w-Con == ResTune-w/o-ML ~—— CDBTune-Con = {Tuned
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Figure 9: Tuning Other Types of Resources



Evaluation - Tco Analysis

Table 8: 1-year-TCO Reduction Optimizing CPU Usage

Workload

InstanceAllnstanceB

InstanceC

InstanceD|InstanceE[InstanceF

Original CPU

43 Cores

7 Cores

4 Cores

16 Cores

29 Cores

58 Cores

SYSBENCH

Optimized CPU]

21 Cores

6 Cores

4 Cores

15 Cores

24 Cores

46 Cores

Avg TCO]

$8,749

$398

$0

$398

$1,988

$4,772

Original CPU

44 Cores

8 Cores

4 Cores

16 Cores

30 Cores

52 Cores

TPCC

Optimized CPU

38 Cores

7 Cores

4 Cores

13 Cores

20 Cores

27 Cores

Avg TCO]

$2,386

$398

$0

$1,193

$3,977

$9,942

Table 9: 1-year-TCO Reduction Optimizing Memory on Instance E

Original MEM [Optimized MEM[TCO |[(AWS)[TCO | (Azure)| TCO | (Aliyun)
SYSBENCH 25.4GB 12.64GB $983 $855 $2144
TPCC 22.5GB 16.34GB $475 $412 $1035
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* Pros

Efficient Resource Optimization
Adaptability to Different Hardware and Workloads
Dynamic Weight Adjustment Mechanism

* (Cons
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Appendix




TF - IDF ( Term Frequency-Inverse Document Frequency)

TE EMO FAEE St ZYOAM ALE
=Al:d, EHol : t, A2 B 7= n

td,1) : S8 2 M a0l M 2| £ THof 10| S &
df(t) : S5 THO| 7} S A2 M| &
f(t) : (e Ofl HHH| 2| Bh 2

number of times t appears in d

TF(t,d) =
(%9) total number of terms in d
N
ITDF(t) =1
() = log 73

TF — IDF(t,d) = TF(t,d) x IDF(t)

https://wikidocs.net/31698
https://kinder-chen.medium.com/introduction-to-natural-language-processing-tf-idf-1507e907¢19
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