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GPTuner

 Limitation

tuning costs stem form their inefficiency in handling.

Fixed subset of parameters, sacrificing the flexibility to choose workload-relevant parameters, or execute

workloads numerous times to identity important parameters.

There are typical value ranges summarized for knobs.

Table 1: Tuning Knowledge Utilization

Knob shared_buffers random_page_cost

Default Range [0.125MB, 8192 GB] [0, 1.79769 x 10°%8]

Guidance “shared_buffers” can be “random_page_cost” can be
25% of the RAM but no more  1.x if disk has a speed similar
than 40% ...[39] to SSDs ... [41]

DBA The machine has a 16 GB The machine uses SSDs

Improved Range

RAM. Thus we can set

“shared_buffers” from 16

GB X 25% = 4 GB to 16 GB X
40% = 6.4 GB.
[4 GB, 6.4 GB]

as disks. Thus we can set

“random_page_cost” to a

value from 1.0 to 2.0.

[1.0, 2.0]

2) Rl Lo ety
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Previous studies still require hundreds to thousands iterations to reach an ideal configuration, such high
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* Motivation

How to utilize

Domain Knowledge Naive use of LLM is inadequate .
.. Structured domain knowledge?
______________________________ i 2
1 : = i : -
Shared_buffers and work_mem are crucial for most workloads. : K1 .IIEAELE:E;TFEE“E?E;EEH“"t:ﬂ: cost : d-f-r--'. sgtd.ft [sotsgt  special
Write=heavy OLTP benefits from WAL (eg. max_wal_size) and : KS: ;!ﬁ—ec'rjve_jo C;Jﬂcll;"[';n{'y m_page_| | i max
autovacuum adjustments. Read-only OLAF workloads see gains from "I T e ——————= : Previous v v = (0]
Postgres' parallel settings (max_parallel_workers_per_gather). : knob sgt  sgtmin sgt max special ?Ppma{:h
| N K1 275GB27.5GB  44cE  null ;d“‘rluduh v v vV
% PosTGRESQLCONF] K2 12 10 20 null =
Knob: random_page_cost | K3 200 1 1000 a

Set it to Lx {e.g."1.2") if your disk technology has a random
access profile similar to that of S5Ds,

-I@Puslgrusql Manual I

Knob: effective_io_concurrency
This selting contrals concurrent disk 1/ O operations in PostgreSCL)

ective_io_concurrency = 0 7

Important Knobs Extraction
K1: shared_buffers K2: random_page_cost
K3: effective_io_concurrency ......

+ How to use suggested value ?

® Trust it or not ?

knob sg.t. s.g.l. min s.gt max special & How to deviate it?

K1 275GB 275GB 44GB null

K2 1.2 null rull null

PRI f . : 75GB+d? or 27Z5GB *d
Raising it increases parallel /O requests per session. Valid range: S sk

1 to 1000 or zero to disable asynchronous /0,

|
|
|
i
|
I
|
i
|
|
|
:
i | + How to use special value ?
|
|
|
I
|
|
|
|
|
|
|
|
|
|

® [f deviate, smaller or bigger?

200 1 1000 null P! 275GB-d? or 27.5GB + d
@ Knowledge from web forums, manuals . . . defective e | S ——— ]

e

“s.g.t.” means “suggested” and “d.f.r.” means “default”, “o” means some approach handles this value manually

@ Extensive tuning knowledge helps, but not well-exploited. (Left part)
@ LLMis a notable step forward, but not adequate yet. (Middle part)

® The lack of a knowledge-aware optimization framework. (Right part)
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* Contribution

@ GPTuner, a novel manual-reading database tuning system that leverages domain knowledge automatically

and extensively to enhance the knob tuning process.

@ Develop an LLM-based pipeline to collect and refine domain knowledge, and propose a prompt ensemble

algorithm to unify a structured view of the refined knowledge.
® Workload-aware and trining-free knob selection strategy, develop an optimization method for the value

range of each knob, and propose a Coase-to-Fine Bayesian Optimization framework to explore the

optimized space.
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 Method

_______________________________________________________ .

| GPTUNER i

[ Knowledge Handler !

GPT-4 i mmm——mm e ———— !

M | Structured Knowledge 1
Manua '

knob special_value s.gt min  suggested_value  s.gd max | !

Web . 1

i random_page_cost  null 1.0 1.2 P :

et i wal_buffers -1 64 KB [1 16 MB 1

I “‘ha.r.':d m;{ﬁ-rs" o be | max_conmections  null 48 11 120 :

| 10 Usar Racuast 25% of the RAM but no O Knowledge ! jureg butfers  nul 275GB  27.5GB “ce |

| ————— more than 400% .. Structuralization | L e e i

i Target . 1 1 i 1

| Workload J | === 1 == i

i Knowledge-Based ) Knowledge-Based Search Spage Optimizer | I 1 1

it (= Config Recommender |+ * |p=gm-===m=ms=memm= f----- boccccoees po--mmmme 18

I E DBMS @ Bayesian Optimization ) Dimensionality Optimization N e Range Optimization | \I; 1

N - IE Region ] ' 0 L I

i 8 work_mem |; discard dfimie sptmin | gt max d.L mix 1
imizati i I '

I [}phl‘ﬁlli‘lllon . = . I Ti W | |

I Objective ¥ L1 jit ® work_mem 1 Tiny ) EEm AN

\ 1 hlla i i feasible ! ’ 'y

| X | 1 .- huge_pages huge_pages :: space  &LLmin sgt foin <
I - | Lo '

I @) System Output e— - wal_buffers vial_butfers E Virtual I ¢ tontrol_knob i :

: Knob e 0 — 2 trace_sort ¥ I::;II:“iDn \||,jpu-.'ial_km-h b |_kiiob i .

. RN N byt i [ ~ -y '

|G Fine Stage Coarse Stage e o

I 1

L e e e e e e e e e e = = = = = = = = = = = = = = = = =

@ User provides the DBMS to be tuned the target workload, and the optimization objective.
@ GPTuner collects and refines the knowledge from different source to construct Tuning Lake.
® Unifies the refined tuning knowledge from Tuning Lake into a structured view accessible to machines.

@ GPTuner reduces the search space dimensionality by selecting important knobs to tune.
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 Method

® GPTuner optimizes the search space in terms of the value range for each knob based on

GPT-4
Manual
Web

o User Request

|
|
|
|
Target I
. Workload |
|

I

( EDBMS |
)

[ Optimization
Objective
n J

GPTUNER

Knowledge Handler

Structured Knowledge

knob special_value s.gt min  suggested_value  s.gd max E

ob: binlog_cache_size 0 | .
1ob: shared_buffers W E random_page_cost  null 1.0 1.2 2.0
1 e | wal_buffers -l 64KE | | 16 MB

JESCRIFTION i n
“shared_buffers” can be © Knowledge E L AT | L i 1 120
25% of the RAM but no B | shared_buffers null SGB 275GB 4GB '
maore than 40% ... Structuralization :1 ______________________ b ]l ___________ _: ______________ I i

I

Knowledge-Based
Config Recommender

@ Bayesian Optimization

b | e |
o E
. — - wal_buffers wal_buffers
— Kr “ ' trace _sort

. . . e
) Dimensionality Optimization |

work_mem
jit ® work_mem
huge_pages I huge_pages

Knowledge-Based Search Spa:ﬂ' Optimizer ; I 1
< R YR N fommnanmanaa .
I :

; T
! el{ange{)ptimizqtiun I
! b4 I

discard ditmin sptmin |

Tiny
feasible
space

| Virtual |

control_knob
| knob I special_knob }ll]'lll.‘” k

i .
I extension -

L !
gL mar gLt s |

Region L 0l £ L E

structured knowledge.

® GPTuner explores the optimized space via a novel Coarse-to-Fine Bayesian Optimization framework.

@ ldentifies satisfactory knob configurations within resource limits.

YONSEI UNIVERSITY

R AXICHS o

26



R AXICHS o

YONSEI UNIVERSITY

GPTuner

« Method - Knowledge Handler

_______________________________________________________ 1
: GPTUNER 1
[ Py i Knowledge Handler !
GPT4 } || Extecigs Pempmention mowledge Handler 1
» Tuning Lake i Structured Knowledge L
Manual Knob: tmp_table_size = | ; ] 1
— — | knohb special_value s.g.t. min suggested_value s.g.t max | "
nob: binlog_cache_size ! !
d_buffers qf E random_page_cost  null 1.0 1.2 20 :
i i I st | wal_buffers -1 64 KB [1 16 MB |
I ient I ; . | max_connections  null 48 1 120 !
i . I shared_buffers” can be © Knowled | - 1
| @ User Request I 25% of the RAM but no Sl ! shared_buffers null 275GB  27.5GB 44 GRB |
e 1L moare than 40% Structuralization . L | 1 I i
i Target | N T U Y 1
. Workload — T ——
([N J | T y I
I 1 Knuwledge-]ﬂ-ased - Knnw]odgr-ﬁasod Search Spage Optimizer I I 1 1
| B Config Recommender |.* ¥ T it fo---- boccieeen pommmmmmmy 10
" g DBMS @ Bayesian Optimization ) Dimensionality Optimization I 0 Range 0pum12¢}10n J i
1 I It Region 1 fo! ! 0 Ly !
i ~ | work_mem || discard dfimin sgtwmin | sglomas ditmax ! |
| | Optimization | | ) - . (- v o
. | Objective | 1 < 4 4 - jit x workmer | | Tiny epes i
. ! ol AL i i feasible 0 ) 'y
1 ey | 1 ek huge_pages huge_pages :, space duLt min s.g.t. fnin b may At max ) .
I R | : i
) | e | buffers + — — — — — 1
I @ System Output : — el - wial_buffers el | | Virtwal | o control knob ] :
: Knob | - — gr ! . iy trace_sort i :.:;I:‘Sinn \lrm,\putial_kmlh }ll]'lll;l |_kiiob i |
. SEE . “ i . i o) " |
 (Configuration T Fine stage Coarse Stage | T
1 I
lee e === b o o o o - -

= Knowledge Preparation
@ Extracting knowledge from LLM.,

GPT is trained on a vast corpus related to database, GPT itself is an informative manual and allows to retrieve
the knowledge through prompt.

@ Filtering noisy knowledge.
With candidate tuning knowledge and an official system view, LLM evaluates whether the tuning knowledge

conflicts with the system view and discard any knowledge that does conflict. o
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« Method - Knowledge Handler

_______________________________________________________ 1
: GPTUNER 1
5 I
CPT4 | @ Knowledge Preparation Knowledge Handler N
- 1 R =1 et
P Tuning Lake Structured Knowledge 1
B
Manual Knob: tmp_table_size = | ; i - !
| knohb special_value s.g.t. min suggested_value s.g.t max | .
ob: binlog_cache_size ! !
d_buffers ﬁ! | random_page cost  null 1.0 1.2 20 :
i i I st | wal_buffers -1 64 KB [1 16 MB |
1 lent I "chared. buffers” b E max_connections null 48 11 120 i 1
| @ User Request | 5% ofthe RAM but m © Knowledge | hareq_puft 1 275GB  27.5GB 4GB I
| I 25% of the RAM but no = 1 shared_buffers nul A5G 5G : |
N e I moare than 40% Structuralization : L | 1 I i
arge | n T .y Y 1
! . Workload — T ——
[ . J | T y I
i | gnu;«'le]{i]ge-Base{] 4 e ] Knowledge-Based Search Spagce Optimizer I l 1 1
[ P onfig Recommender L.~ | I gy DTTTTTiommmees | IS freemey | !
I 1 - - - oo o i L
| I 1
1 E DBMS @ Bayesian Optimization ) Dimensionality Optimization I o Range Optimization J i
1 I It Region 1 ! 0 Ly !
| — | work_mem || discard dfimin sgtwmin | splomas ditmax || |
, | Optimization | | . - . = 0 1l
| Objective I . o | n * work merm | || CinY . s E E"‘; L !
. ! ol AL s i feasible [ '
I Ly | AN huge_pages huge_pages || gpace b min g foin FEmrEEay | | |
1 e |- i .
.\ L b ¥ wal_buffers ————— '
1 @ System Output : — - - wal_buffers ! Virtual | - contrel knob ; :
: Knob | - s e ! . Ty trace_sort % i :f;l:,;ign \k,\putial_knnh }n'mxl_k hb i .
_ & T LT | ) = L s i
| (Configuration 5T pine stage Coarse Stage t T
1 I
R L o o o o

= Knowledge Preparation

® Summarizing knowledge from various resources.
To handle conflict knowledge from different resource, setting priority for each information source based on its
reliavbility. Then summarize the non-contradictory guidance and delete the content with low priority for the

contradictory parts.
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Method - Knowledge Handler

________________________________________________________
: GPTUNER 1
R I
pin | | © Knowledge Preparation Knowledge Handler @ @ e .
Y Tuning Lake ! Structured Knowledge 1L
Manual Knob: tmp_table_size 3 | i i !
knohb special_value s.g.t. min suggested_value s.g.t max | "
Web Knob: binlog_cache_size T, | i

q! E random_page_cost  null 1.0 1.2 20 :
- _C_I'_ I i wal_buffers -1 64 KB 11 16 MB |
| zent I L | max_connections  null 48 1 120 !
i . I shared_buffers” can be © Knowled | - i
| © User Request | 25% of the RAM but no Sl i shared_buffers null TSGR 275GB 4GB |
I I moare than 40% Structuralization : L | 1 I i
i Target | - ¥ 1
Lo\ Workload | T === 1 — |
I 1 Krmw]e{]ge-Base{] - Knowlcdgc-ﬂased Search Spap’: Optimizm' I I 1 1
| I | | Config Recommender L. * - . |;-é ------- PN L oo frommeemey Al
I g DBEMS @ Bayesian Optimization o imensionality Optimization I Range Optimization : \|’ i
| I || Region d 4 1
i ~ | work_mem || discard dfimin sgtwmin | sl max L mix 1
Optimization | | i I R

I - j - f = - H
I Objective I . A e Jit " work_mem | Tiny L E EAV - | R
L I o LA s i feasible [ 0 'y
1 Ay | 1 B .- huge_pages huge_pages :. space duLt min s.g.t. fnin Bl man dftmax ) .

I | H |

) | N |_buffe -_———— 1
I @ System Output : — - - wial_buffers el | | Virtwal | o control knob ] :
| I T "1 + / trace_sort ® | knob I special_knob }m'mﬂl_kml'h i |
I Knob X P A E extension x, { o] M
| |Configuration JT, Fine Stage Coarse Stage | e ey | |
1 I
e e e

Knowledge Tranformation

v
v

R eyt

YONSEI UNIVERSITY

Converts unstructured tuning knowledge into structured knowledge for machine learning models.

Defines attributes (e.g., suggested_values, min_value, max_value) for each parameter with
few-shots learning.

Enhances tuning efficiency by narrowing search space and including special cases.
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« Method - Knowledge-Based Search Space Optimizer
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Algorithm 1: LLM-based Enob Selection

Structured Knowledge

knob special_value s.g.t. min  suggested value = s.g.t max :
i randem_page cost  null 1.0 1.2 20
ch i wal_buffers -1 64 KB [1 16 MB
It L | max_connections  null 4% 1 120
. shared_buffers” can be O« led | -
© User Request 25% of the RAM but no nowledge  shared buffers null 275GB  275GB 4GB
S more than 40% Structuralization :l L I 1 I '
Target | ' |\ —0—/—/—m—m0m™m™™0™—: trmmrmoomoommoeoooeoes P 1 Iniainiiiatiint B ity T
. Workload ) === ==

( E pBMs |

| Optimization

Knowledge-Based
Config Recommender

@ Bayesian Optimization

Objective . 4
. »
=
e System Output ,
I = /o
Knob ; fa T A
Configuration I Fine Stage

Coarse Stage

work_mem

it

trace_sort ¥

work_mem

huge_pages I huge_pages:

’ . ; - wal_buffers

wal_buffars

Knowledge-Based Search Spa;ro Optimizer I

) Dimensionality Optimization "

[~y | S
: e Range Optimization
v

IE Region L fa! L

' discard  difmin spiomin | sl max dEL mix

i I

I -

3 Tiny \J

i feasible o/ ! !

:E space AL min Lg.[."ninl_ 1;"4|_1 g % d.LE max

! Virtwal | «— control_knob

| knob I special knob mormal_kiob

| extension " 4 L
d.fx, g%, mi sgloman ALl ma

= Dimensionality Optimization

Input: Knob Set K; LLM 7F; DBMS D; Workload ‘W,
Tuning Lake £.
Output: Target Knob Set 7.

1 Configurable Knob Set C «— FILTER{'K);

/f Filter out knobs that are related to
debugging, security and path-setting
System Level Selection:

2 G« F(C,D);

Workload Level Selection:

3 Oy — TIC, W),

Ouery Level Selection:

1 Cq 0
5 for query g; in "W do
5 E; — EXECUTE( D), g; )

// Get execution plan for query g; from D

7 Cy; — F(C.E);
] Cq — C'q ] qu.;
s end

Knob Level Selection:

1 Target Knob Set 7« F(L. C; UC,, UC,):
1 return 7T

v System-Level : Optimizes global DBMS settings (e.g., memory, caching policies).

v" Workload Level: Parameters based on workload type (e.g., OLTP vs. OLAP).

v" Query Level: Adjusts parameters based on query execution plans for fine-grained optimization.
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Method - Knowledge-Based Search Space Optimizer

Client
€) User Request

Target

ed_buffers” can be
of the RAM but no
more than 40% ...

64 KB 1] 16 MB
| max_connections  null 48 11 120
O Knowledge | jpareq puffers null 175GB  275GB 44GB
Structuralization | 1 1 1
_______________________ R SR |
! 1 1 i

Structured Knowledge

knoh special_value s.g.t. min suggested_value s.g.i max

10 1.2 2.0

. Workload |

________________________________________________________

( g pEMs |

| Optimization
Objective

Knowledge-Based B
Config Recommender |.-*
@ Bayesian Optimization

Qi

Coarse Stage

work_mem

jit * work_mem | Ti
huge_pages I huge_pages | space
|_buff L
wal_buffers wa_sufters : 1
trace_sort ¥  knob 1 special_knob n.nm.ul}.h

Range Optimization

@

@

Region Discard with ‘structured knowledge’ to refine the value range of each parameter to

improve tuning efficiency.

Tiny Feasible Space (u: max or min value, V: optimized value, £ : Scale factor)

a=1+§(U—V),,BE{rl,rz,...,rn|riE [0, 1]}

Virtual Knob Extension about the special parameters value.

1 o1 M|LH St

YONSEI UNIVERSITY
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Method - Configuration Recommender

Client

Target

Objective

| Optimization

)

.
System Output
0 sys P

) User Request

L Workload J

GPTUNER

shared_buffers” can be
25% of the RAM but no

more than 40% ...

© Knowledge
Structuralization |

Knowledge Handler

i wal_buffers

| random_page cost  null

| max_connections null

shared_buffers null

Structured Knowledge

knob special_value s.g.t. min suggested_walue s.gt max !
1.0 1.2 0
64 KB [1] 16 MB
48 11 120
175 GB 175GB 44 GB
1
1 1 I

Knowledge-Based

Config Recommender f.*

@ Bayesian Optimization

work_mem

jit = work_mem
huge_pages I huge_pages
wal_buffers wal_buffers
trace_sort x

I
Knowledge-Based Search Spa:ﬂ- Optimizer I I 1

P fooeeobesooeoeas posmmemney ;
Q) Dimensionality Optimization ) e Range Oplimiz‘?(tiun : 1 H

Region
discard  4ttmin

Tiny
feasible
e

! knob | /\putial_knub orma :;}."m
[ L

________________________________________________________

model. This output is non-optimal but promising results in practice, owing to the guidance of

domain knowledge.

Extension.

Coarse-to-Fine Bayesian Optimization

@ Fine-grained Stage : Explore the space thoroughly just apply Region Discard and Virtual Knob

YONSEI UNIVERSITY

R eyt

@ Coarse-grained Stage : Explore part of the whole space (7iny Feasible Space) and train surrogate
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« Experiments - Performance Comparison (PostgreSQL, MySQL)

—e— GPTuner —e— SMAC GP  —4— DB-BERT DDPG++ ~@- GPTuner  —e— SMAC GP —#— DB-BERT DDPG++
___ TPC-H Benchmark (bottom-leftis better) ~ TPC-C Benchmark (top-left is better) ,J;TPC'H Benchmark (bottom-left is better) TPC-C Benchmark (top-left is better)
w —
T 1.50 R — > - |=s @ 1000 —e—g—o-o—o—t—a—aTeTe
9 2 7 R-o—o—0—9—0—¢ (4000000000
g Lj_' X 3200 = B
S 125 < 2 5 750
3 5 3100 T 6 5
2 1.00 S = 5
= =’ 3000 = b S 500
z 3 £ S
£ 075 ~ 2900 Saleeesrepeeey
o 0 20 40 60 80 100 0 20 40 60 80 100 @ 0 20 40 60 80 100 0 20 40 60 80 100

lteration Iteration Iteration Iteration

Figure 4: Best performance over iterations on PostgreSQL Figure 5: Best performance over iterations on MySQL

= GPTuner rapidly achieves significant performance improvement and reaches near optimal latency with
only 20 iterations in terms of TPC-H benchmark.
=  GPTuner significantly reduces the latency at the very beginning, surpassing the best performance

achieved by all other baselines within 100 iterations.

= GP and SMAC fail to have considerable performance improvement, because the default value ranges

are excessively broad, making the optimizers struggle to explore the vast search space. .
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95th %-tile Latency (s)

95th %-tile Latency (s)

Experiments - Scalability Study

—8— GPTuner —%— SMAC GP DDPG++ —4— DB-BERT

Scale Factor = 1 Scale Factor = 10 Scale Factor = 50

1.50 @ 14 w
o - )
1.25 L»L, 5 12 g 42
[14] m 38
1.00 % %’ 34
& 8 5
0.75 = e 30
0 20 40 60 80 100 & O 20 40 60 80 100 & 0O 20 40 60 80 100

Iteration Iteration Iteration

Figure 6: Effect of Database Size on Tuning Performance (bottom-left is better)

—o— GPTuner —a— SMAC GP DDPG++
1.50 Knob Number = 50 E 1.50 Knob Number = 100 E 15 Knob Number = 150

5 " 3
c |

1.25 2125 213
— —
1.00 o Qo

~ = 1.00 = 1.1
= SR 2
0.75 ‘ﬂ_\'_""*‘—o—o—o— = £

0 20 40 60 80 100 B 9790 20 40 60 80 100 2 920 20 40 60 80 100
Iteration Iteration Iteration

Figure 8: Effect of Space Dimensionality on Tuning Performance (bottom-left is better)

R AXICHS o
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GPTuner finds better configurations in much fewer
iterations in all sizes.
GPTuner learns such experience directly from domain

knowledge rather than through iterative trial and error.

GPTuner consistently showcases the best performance in
all space sizes.
Other baselines perform well in low-dimensional case, their

performance deteriorated in high-dimensional cases.
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Thank You for Listening
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