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HTAP Workload Identification Method Based on Hybrid Feature Coding
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I(Institute of Software, Chinese Academy of Sciences, Beijing 100190, China)
*(University of Chinese Academy of Sciences, Beijing 100049, China)

Abstract: HTAP databases are capable of simultaneously supporting OLTP and OLAP workloads within a set of systems. The workload
identification is a critical entry point for routing distribution in query execution. The only way to reasonably optimize the queries and
allocate resources is to accurately identify whether a query belongs to OLTP or OLAP. Therefore, accurate identification of workload
types is a key factor in the performance of HTAP databases. However, existing workload identification methods are mainly based on rules
and cost-based measures in SQL statements, as well as machine learning approaches to differentiate workloads. These methods do not
consider the inherent characteristics of query statements and utilize structural information in execution plans, resulting in low workload
identification accuracy. To improve workload identification accuracy, this study proposes an intelligent method for identifying OLTP and
OLAP workloads. This method extracts and encodes features from SQL statements and execution plans, builds the SQL statement encoder
based on BERT, and combines the convolutional neural networks and attention mechanisms to construct the encoder of execution plans,
with two types of features integrated to build a classifier. The model enables intelligent identification of workloads in HTAP hybrid
workloads. Experimental verification shows that the proposed model can accurately identify OLTP and OLAP workloads with high
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identification accuracy. Additionally, the robustness of the model has been validated across multiple datasets, and the model is integrated
into the TiDB database to verify its performance improvement on the database.
Key words: HTAP workload identification; execution plan encoding; tree convolutional neural network; mixed workload classification;

database performance optimization
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MEX 5 RARIEGAG) HTAP T4 f B3R5 7 & 3

TR DA b ) BRI AR i AR SR EOR B i e, AT T —Fh AR S #R A 5% PS-ATCNN (plan-SQL-
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BE AT,

FATXH BERT BT BT AMEER, JR 4R 1 BERT {3 4 SR EmAt >k 3 i 2 A F I N, A0 F 4R A
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MR IARIC ((END]), @i 1 3 MR, NEA LA E S RN, SR 5K 5L B gD R, DA R
SQL i&AJ [ 72 K FE I ) FE R OR.
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Input [CLS] SELECT supplier - s_suppkey FROM supplier WHERE supplier - s suppkey > 23827 ORDER BY supplier - s suppkey [END]
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. t[CLSJ fseLecT tsupphcr L tsisuppkcy terom tsupphcr tyherE tsupphcr t. tsisuppkcy t sy foroER tgy t,
embeddings

s_suppkey fienn)

+ + + + + + + + + + + + + + + + + + +
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oIS sy % o e 15 5 5 sl Bt [n s e oo e St S i | 5
+ + + + + + + + + + + + + + + + + +
emb‘;‘;ji‘:;‘; o o B W s P P e Beo B o B ool ol o] ool o B o2
[ [ T | | ! | [ B | (| | [ T | ! !
SQLEncoder
Kl 4 SQLEncoder #i%%m A\
# 1 SQL EALEMZETY
SQL&E M AL & 1E i
SQLIF UG4S AR IR TF [CLS]. [END] 0000
A SELECT. UPDATE. INSERT. FROM... 0100
SELECT#5#4) E N E N} EA 0201, 0202. 0203
FROMZE#4 Kx. K 0301, 0302
WHERE45#4) K4, 4. KRR H 0401, 0402. 0403. 0404
HAVINGZ: 1 x4 H%. KR H 0501. 0502. 0503. 0504
ORDER BY % x4, 54 0601, 0602
GROUP BY4: ) x4, W4 0701. 0702
LIMIT45 %4 x4, 54 0801, 0802
INSERT INTO%5#4 x4, H4%. EH 0901. 0902. 0903
UPDATE#; 1) EE N EAN | 1001 1002. 1003
DELETE45#4 x4 H4%. H 1101, 1102, 1103
ONZE K4, 4. KR H 1201, 1202, 1203. 1204
Rt R (s Wi 1300

1T SQL &4 (i YA AR E 5 AT A R K X 1, SQL 84 i & K& B0 5 & G 441, think 4
“lineitem”. %4 “s_suppkey” 415 K R FF>="%, BERT #5245 H 1) WordPiece 1] #R A JE 4f BRI HF 2 B/
FIE AR, 7 Bs_suppkey” 23770 N« “su H##tpp” Fl“#itkey”iX 5 AT, AT IR B BHE R LA 4 5
AT i, AR SQL A4 (195 F AT SQL 40 Iy £ 4 5 SCAMA B, 5 SQL il S8 5RF 5
FAR SAF 5354, 401 J5 48 F WordPiece #4454 BT 4 A0 g0 N A B £ (¢,). RIS, 327145 P B0 2 1) % e 3 AN 503
JEE JCHCE 2 R SR 555, Y 2R B8 1 iRV R A 50000 ], 5 FF T At 08 24 B4 (4R 55, 7 TR SR 28 R g Atk I
ST OR, BEALHER 15% ELBIH ANBRIC, SR TI I Eel HE i 1 b, K I 2R 47 (BB SQLEncoder.
3.3 PS-ATCNN ##3% 3t

T A 2% (fully connected neural network, FCNN). 5 #1 4 %% (convolutional neural network,
CNN) 722 [l 58 RN N TR, A 7 DR BE AT THRI o ) g5 A e e, AV RS AR 2 I 2% (tree convolutional
neural network, TreeCNN)POUH 2t 73 A58 SZFL OLTP 1 OLAP f % (3R 1. B FA0 dhr 51 N —Fb ] 264 7] 4k i
T BB AR 2 A B AT R 2 I 2% BT, 5 MR I AR S SR L, B ) AR AR B B BN B0 Rt 3 —
A I ERS, AR — A SR AR R /N BAT T RIS 3 S i 3 T DA R S e S, B R — A
EHADNIRR EHATRT AR MEREEARERN, F—MNEEREE L E—/MRE R p 23
I, B8 1 AN B AR 2R A ST T R AR, T RS — D S FRUE NG 5 ) BRI RHE.

SRHUEAPAT R R R B A PR, OB 5 AR M 3R T B 45 5. I [ TreeCNN J7 ik B2



8 BB oo e b g e

{5 P 3 it AL B Bh A AL 7 72 AT mUH SRS RHAIE . X Seth Ak B A DL D7 A 1) 5 NS B R AT T RAE, I8 S
BRI E. B, P A Bra 5 st RS0 FE, AN BB AT SR AT BAS. SR1, RN T s o0 i 28 2 R AE
TR ANAHSE, A 7 9 J2 Z0AE SRR B B SR B2 AN ], L An/E INSERT. UPDATE M DELETE 15 A1) H$4
A7 TR, B AU ModifyTable 57, i H 47 S — M A 1% SQL 1R AJIRAIN OLTP K8, N5 s e R
FErb BT AL AR, A T e R A, BATE R 5N T A IR AR ML O, S AR AL — R TS
TR 22 I 2% A3 B J B, AT DA 5 D) 2 T 3 BERFAE (9 GV, AT SRR s . BT 5, 2 e = ML
i3 I ST E TR BT R A Ao B B LT, DU X 24 B DG o A B R RRALE, T M A EE A
B IRFE. @i A7 20, 2R AL RS 1R X 4 T 55 BRRAE 4R ENRE 0, BT CAFRATITE A G R 45 ) 28 v
RN 2 [ R TP

PS-ATCNN # B ] 5, #8435 3 &84, 28 1 3 RPAT TR R4 s+ M 2%, 28 2 #8409 SQL iEAJ 1)
i1 W 2%, 55 3 FA NP ID T M Rl 2 JE 3 AT 0 AR S BT A%, 55 1 #5 i SQL B A) 9w 1 SQL-
Encoder 5 1% 4 A5 330 AT RFAE SR EN F X 48 )2 2 iR, SQLEncoder 43 NN JZE i 240 H E, N JE Ff ok
T 3 AR R e(r) FIFRIN, 4Rt )Z H 8 /> Transformer HZ4mi% 2, B—EZ0E5— N2 LBEFEBAEN—
AR EERR, WREKE R 768, 13 /3L EON 12. G ER Skl 5 B Asi 5 6) 7 9 1 T g "V A
R, o H AR B F A, 3 AN A FE X AN 1 20 1) AR AR ik, 4 AIAE A query. key Al value 3X 3 NHTIY
JFF MR, &SR query [A1 5 235l AT B BT A R key ) (AR, 759 3098 5 i8] 2 (A AE G BE, SR 51X/
AAOCBE B I Softmax AT IA—4k, A—4 5 BIRCE SEINBCR AN, 18 24ANRHT R 4atd, ia sk (5):

OK"
Attention(Q,K,V) = Soﬁmax( \% %)
Vd,
f T T T T T T T T T T T T T T T T T T T T T T T T T T T T T T T T T T T T T T T T T T T T T T T T T s T T e T T Em T T m T T 1
1 1
Plan vector 1 !
1
. 1x265 1x256 1x128 1x64 1x32 1x16 1x16 N
1 s o 1
! o %] —
1 7 - X X X
—— —» | Spatial | |5 — e —_— —»| Spatial —» — — —
1 attention attentio s :
; 5| |5 '
: gl 2|
= = g
! b=l = = M
1 Q 53 o |1
: e L E |
I === === e ———e-- £l | g 2l
¥ (18] gl
h
oy ' = — o ) =] > > '
5 ': &0 3 g = %D % 4“—*; = = =1
sl 1, |E el = | , .2 = 1) ) =2 2 !
5| 1! |8 8 § E g £ g |
= 9 = 2 5] A S I A
< |53 T E . = o ]
z| 1, |8 2= = = S 154 1
ol v |E =l & ol s o > !
ol = =3 o S .:5 % 1
(7] : : — 5 2 = B :
i SQLEncoder !
] |

5 PS-ATCNN HE 7 45Ky

G TS 2K A IR g AT A 768 K F . SQL 1B A)4 1t SQLEncoder 4% 2 Jofii A % PS-ATCNN ##
B i8R 2 AN A2 RSP SR T R — A TR, TR AN A B R BRI I 4%, i L2 15—
A ETE BA— A I [ B K — 4R i e

552 o RS PAT TR AT RS U TR, ARG AE A ERE, BRUZ M 5 EMBR 2 E
TR SIWUEIRA 5, Rtil i ARRAEARS 7 AR NS 1 ERSAUEN, SEIERRAZN 3, B — B AREr — kA
—A, AT — Z A R IR AT 25 (AR SR B, KRN 4 JE RS RUATRRE R AL, SR UG ER )
WL — PR AE SR AR, TEBUR — EB R T, 3 FH B A 1AL PR () G5 A B A6 R B S8 KB I — S T e,

53 #Ar SR SQL A K ] 1 K FEARFAE ) 5 e, AIHAT THRIBh A i Al o H 1) [ 5 K BEARRAE 1] 2 e, HEAT B



MEX 5 RARIEGAG) HTAP T4 f B3R5 7 & 9

HERh G TE U A RHE R &y, A (6):
y = Concat ey, e,) 6)
BRFAE ) 2[R A BRAT T RIAD SQL B A IRFIESS 2. P A AE 8 E MG & 1 1 s e B — A~ — 5
TR, £ J5 A8 Sigmoid X &5 it A L.

4 £ W

4.1 SKIWIME

AT B TAELE— & M55 28 L5E Rk, IR%S 38 A E S 400 T

® Z4i: CentOS Linux release 7.9.2009 (Core) 64 {i.

e CPU: 10 # Intel(R) Xeon(R) Silver 4210R CPU @ 2.40 GHz.

® GPU: NVIDIA GeForce RTX 3080.

o N 7£: 128 GB.

o % 16 TB.

i FHl PostgreSQL 14.0 £# KA R & AT 111, M H TiDB v8.5.1 £ FE&E i PS-ATCNN #2%). PyTorch 5K
PR L84 RY, 748 ] Python 3.7 fRRR 38 FIBATHATY,
4.2 BiREFEAENR RIFNIRE
421 HiEsE

L IS ISR BE SE RN IR UE BR 4. I SR8 HE 45 B i3 SQL 1B A4 : OLTP T4 11 OLAP T.
R4 3. 3% TPC-C M AR 247 1) SQL 154, FE(EF 1000 AMBEHLEEER SQL iEAJ{EH OLTP TAEf#K. H
F TPC-H W5 S HF R HE MR R A 22 AN, AT LearnedSQLGen " J7v K 2E B 1000 4~ TPC-H FI 7
WG, SUEHE QG4 OLAP TAE (1384 48 (TPC-H A1 JOBP™Y) LUK 3 A~ OLTP T-AE S8 B4 4 (Small-
Bank"®, TATPE"H1 Epinions®®™), ‘& 14#i | OLTP-Bench™4: i, 3£ SQL &G MIFENLEEA, BAknFE 2 fis.

%2 NGRS

EAE/ T (S e RAK AN
Ik OLTP workload 9 1000
Ik OLAP workload 8 1000
ISHIE TPC-H 8 22
ISHIE JOB 21 113
Loani SmallBank 3 1529
ISHIE TATP 4 20017
IR IE Epinions 5 21244

422 FEAENHK

6 FH 2T 5 & XU A 75 (heuristic rule, RULE). 3 /M F LA 5 31 43 BN LA N 4% (artificial
neural network, ANN). 3 [A &AL (support vector machine, SVM). #Mz& THH7 (naive Bayes, NB). 3 N5 AT
52 (AWPP!', QueryFormer' 411 Stage™") FPHTATFIEKIE SR (DeepSeek-V3. Qwen2.5-32B-Instruct™) & PS-
ATCNN AT PR BEXT B

RULE: $A 148 F 5 FH (9 AR 47 350000 288 2 s 8 — Gl e 8 3R Sl TAE 1300 295, 1 %62 F SQL
TEVEERHEREAT P B, 25 A5 0% GROUP BY . HAVING %55 4Bk & 11 of 50U B #4510 9 OLAP 287, 75
£% INSERT/UPDATE £ 5 8 /E 15 1 ) #) 5E J9 OLTP 2854, Hyk 45 &35 47 I 3 VBT #E B AR 0E 47 SR s 1 i 17| 2
CPU i H1Z£220% SN A7 5 HI1>1 GB BT I (8] 2300 ms I 5E y OLAP, [ #I5E 3 OLTP.

ANN: HRE T 8L (FRET0) 2, 19 s (AL % 4 (SR ) AH FLAE FH . ANN B ZRocd P o 2R i v 4%



SR, BB AN W At U R A SR AT ANN Bt 45 S5 S il SR 2 R )R 22 /K. BB TP RIS AR R &
FI PS-ATCNN #E8 fR4F—5, FAMER 5 AFisUZ KA ANN BB, ReLU 1E e eR 24, YI1Zk 2000 IX.

SVM: —Fi WL 7V, FELEE 55 20 A0, & — N W B 2 SO B Y, S8 T SR AT RN . 43R BA R
51 U3 53 A7, FATE PR A% 1) B R B 9%, 18 T AR 2R 1 22 AR 1 73 2835 572

NB: — kT T 5 B 1) 7 SR80, BRI T A IAFE AR ML 1, I BLAANRRE i) H A A, [FE, Ah
F U TR BT 75 Al T S BUR S i R SO A R BRURR, SRk LR T B E T A i A 2 R AE I 0 2K ) R
PAVERAALF) U 5.

AWPP: F8AT1S2IL T AWPP HEZE Hb (1) RRAE SR BORN 67 28 TR 73, 78 I SRR S Hh SREL 7 ANRRAE 1) A SR
FE A R PR NG HER AN ARSI BRI AL RS RRE AL RETERAD
BORN BB AN B 9 57 3R AHAE, AWPP ) 5 38 T 49 25 52487 B CBR BE%Y.

QueryFormer: —™2& T4 2544 Transformer (AT T RIR R R, AT F T & AU FELAS 2 ST 5, BATMER
AB R 25 250 0m 46 BT I8 QueryFormer, K YII 2547 1) QueryFormer 1281348 PS-ATCNN [H14mA5 5577

StageGlobal: FATLHL T Stage A A ) 4 R B StageGlobal, ZAE RUK AT HH-RIF B FEARAE, i FH
GCN AT VH BAL 3%, SHPATTHRIEAT S tiD. 480 F A R I SR 005 S BBl 25 StageGlobal, Kl 2547 1) StageGlobal
A AR B PS-ATCNN 2w 845

DeepSeek-V3: — KA 6710 1SRG &K (mixture of experts, MoE) & 5 L , FpAN4 IS 370 125
B, B E S RO S AR RAS I 2. Qwen?2.5-32B-Instruct (J5 3L RIFR A Qwen2.5-32B) f&Fil L 7 I & (5 AR Y
AR, HE T Qwen2.5 224, ZHOMEL 320 12, BA R BRI AMEE 7. K EF SCSCRFFI 2 838 B H 657 .
DeepSeek-V3 f1 Qwen?2.5-32B JEil i FI#E AL AP, fii N\ SQL 57 & H 478, Sl B e )5, iR [F1i% SQL &
f]J&F OLTP =k OLAP 2571,

PS-ATCNN: f§ | ReLU B0 R 4L, Adam fEARAER, 5231309 0.01, #7038 XA (binary cross-
entropy, BCE), Il Zrid F2 48 F AR /N A 8, BEANE IR TH A0 2l f ) 4 18 T 3 P 28 40, Sl AN SR Aok 242
IEYIZRIE AR (1) YIZRIE ) 20 ALK, (2) & BIUcsh Gl I ZR380 2k I8 20 Sk i &=, il 3 ANk i bl 1
0.01%).

423 BTFOMARAE

308 3 W) A ARG A8 o SR PP 2 e TR RTE L. S o R AN T (4 28T LA TR B AR . S BR )R
IS, T2 B, IRARR B IR 1p, B, A3 IERAI04E JY; 4 sLBRit SR E 2, T 00282 62, IXREMRIA
P fi, BRBRIC IS5 5. S, 24 SERRI S A2 5 ST, AW SR AN P S 1R 2, IXARRARBAE fp, BRI APEE A, 24 55hR
FRAE, TR, RACREA tm, A BRI S, Hod o NEBIE, p AR, fin IR, m HE
B

B LA AN AR B RE E . BER. F-measure M EAERAUENZR, BT . fp. fu. m iIFHSF,
HiFEA R AR ()220 10) iR,
FEEEA R
.. tp
P = 7
recision P 7
AREH AR
__
Recall = p+fn (8)
F-measure WEAHAUT:
Fomeasire = 2% PrecisionxRecall ©)

Precision + Recall

IR/ W/



M & RAYFAE S AL H) HTAP TAE §i B2 5 F ik 11

tp+in

Accuracy = —————
Y tp+tn+fp+fn

(10)

43 IGLER
43.1 FEBIHEREXTEL

S8 1000 25 OLTP Fa kA1 1000 25 OLAP £ 24 4 B 42, 80% IMIEIR1E NIIZREE, 20% %L
EVEMREE. X LG PS-ATCNN AU 5 Fp L fE B PR REIG L. S T 1& R, ANNL SVM I NB iX 3 P4, 4%
TE SR PAT VR4 8 — 4 ) &, 8 5 ST PAT RIS A 9 ANER TR bR 09 HBLIR SR, FEI1 5 7 A sl Tabs
1 S IAN, CAEAE B — A 16 ZERFE ) & AR NPT TF R IRIARFAE ) &, 58 AR 3 PRy (1 I 25,

% 3 I 6 9 10 IR Seab & B BEXT EL, PS-ATCNN A5 . HERA R A Fomeasure W B AH Y 9% 5, ANN,
SVM 1 NB #AUS I IR E &I R 2 JE IR T S AN H T HRIBERG B, $UT MM S HE B R R, S8R T
Fe A1 PS-ATCNN. QueryFormer R A% FH AT THRIAE 8 TAE S8R MRFAE #E R 22K T PS-ATCNN [R] 8 F AT o
RIFN SQL B FIFFE. AWPP FIHERGZR B, FIHMBAIALL, AWPP H4RHE T SQL &A1 7 M Gilfs B A&
BUBAT I 72 P A B ASHEAE, AN BB S M R AE T fu3. S i i BARAT THRIAG 45 MR SQL iB-A) 45 & 1T LIAE AR
%] OPTP £l OLAP T.{E G #% in) 3 (R AE 15 2. ; H¥X QueryFormer Al ANN A {1 AL 4L T SVM. AWPP 1 NB,
TR LUAL BEHL 382 ST & & T AT 5. FIF, ANN. SVM H1 NB 42 2R R v 1 2 B SR¥E A PS-ATCNN =, {2
ST AR T N 3 R AT B BAT T R AE i B8 A L [X 4> OLTP Al OLAP T4 471 %K. StageGlobal.
DeepSeek-V3 Fll Qwen2.5-32B iX 3 MR A B i ] T SQL iR %N OLTP 51 #5355, StageGlobal 18I 48 J& 35 A1
TSRS A5 2, PAT TR G5 M B 50 14 05 2% B A4 55 15 IR AR B A A2 DAY RA R W A2 IR G M D3
X. Qwen2.5-32B FZHi@ T SQL ¥ A (1 5 = MERBAT T RIFARN Al vk X 4 TAE S8 8L, SbHATTHRISE#
PSS B DeepSeek-V3 M HU R KT Qwen2.5-32B, ffi HAEHEFL T /F 61 2 1SS A i o3 58 2 404515
B, B0, BAT RIS A DA R AT B 24545 2, DeepSeek-V3 73 8RR, T 5 & s N J7 vk B B B
0.97 B Precision, 1B Recall { N 0.64, W KE OLAP 75 1) Kl B8 I B A8 ol A5 v R Ay vh A v 35 45 L. A LL
2N, PS-ATCNN 7£ FREER 45 b Recall F1 Accuracy HIHERE 0.99, 45 %G8 G 1 H0 0192 P 122 34 R R 41 1) R

R3 HIEMEREG LR

B Precision Recall Accuracy F-measure
PS-ATCNN 0.978 0.988 0.985 0.983
RULE 0.97 0.64 0.81 0.77
ANN 0.885 0.9825 0.93 0.9312
SVM 0.88 0.95 09175 09136
NB 0.825 0.92 0.855 0.8699
AWPP 0.78 0.985 0.855 0.8705
QueryFormer 0.9475 0.9775 0.9625 0.9623
StageGlobal 0.68 0.9925 0.7575 0.8079
DeepSeek-V3 09125 0.995 0.9525 0.9522
Qwen2.5-32B 0.79 0.9925 0.8625 0.8802

F 4 I 3 AN W S5 HOUUE R PS-ATCNN AL FR-AE Zm B AL 5 4 2R pe s i A2, L A R i 2 B 1) i
16 4EAPAT TR RHERR, 5 16 454 SQL B A IAFIER R, 2 1 4% SQL G AR I S AT 1 X i o
REETHRHE (58 3 4 2.5904. 5 4 4 2.602 6 55 =y UG H), X265k B 7 & SELECT AVG ¥ OLAP FHIEHE#
THNE R AR OLTP K iE s R ;5 45 2 46 SQL B A @ AT HHRIEIE 1R 51 FH U E (55 6 4E 1.9386.
512 4 3.4919) 5 SQL i@ M T E LR (WHERE i_id=14048) & B3R 1 5 208 R IR ) A OLTP 352, 45
3 % SQL BB PATHH RIEIE I TR BI R A H T (55 3 4 2.8271) SR (G 5 4 1.8425) A A8 K, SQL
TETEAG I )15 P 0 TR A R BOHERR 1A OLAP 2821,



12 AR AR wrrrdp xR G )

1.0
‘ ® PS-ATCNN
09} = RULE
» = ANN
08l = SVM
= NB
= AWPP
0.7 F
= QueryFormer
= StageGlobal
0.6 = DeepSeek-V3
. = Qwen2.5-32B

Precision Recall Accuracy F-measure

6 BRMEEENT HE

® 4 BARISEGI T

SQLiEA] RHE S AL AR R R
SELECT supplier.s_acctbal FROM
supplier WHERE supplier.s_nationkey <=
(SELECT AVG(supplier.s_nationkey)
FROM supplier WHERE
supplier.s_nationkey != 1 AND
supplier.s_suppkey = 24976)

[-0.0036, —0.0042, 2.5904, 2.6026, 2.1867, —0.0042, —0.004 1,

—0.0042, 2.1955, 1.768 5, —0.0042, —0.004 2, —0.0042, —0.004 1,

—0.0042, —0.003 8, —0.4745, —0.4646, 0.3691, —0.0794, —0.0127,  OLTP 0.1
0.1430, —0.2191, 0.1322, 0.3971, —0.1362, —0.0661, 0.0892,

—0.3551,-0.0699, —0.0859, —0.058 0]

[-0.0040, —0.0040, —0.004 0, 0.7116, —0.004 0, 1.9386, —0.0040,

0.9080, —0.0040, —0.0035, —0.0040, 3.4919, 3.0238, —0.0033,

—0.0040, 0.4860, —0.5256, —0.4638, 0.3015, —0.1887, —0.0281, OLTP 0.997
0.1043, —0.1734, 0.1677, 0.3582, —0.1358, —0.1347, 0.1188,

—0.3313,-0.1504, -0.0278, 0.0100]

SELECT supplier.s_suppkey FROM [0.0969, 0.4736, 1.6036, 2.8271, 1.8425, —0.0025, —0.0023,

supplier WHERE supplier.s_suppkey =  0.2197, 2.6132, 1.7728, 0.0161, —0.0007, —0.0051, —0.00238,

SELECT i_price, i_name, i_data FROM
item WHERE i_id = 14048

(SELECT AVG(supplier.s_suppkey) —0.0051, -0.0041, —0.5490, —0.3549, 0.3716, —0.2656, —0.0121, OLAP 0.0161
FROM supplier WHERE 0.1457, —0.1304, 0.1753, 0.2558, —0.2381, —0.0980, 0.2050,
supplier.s_acctbal > 9 683) —0.2401,-0.2446, —0.0054, —0.061 3]

432 EFEMHRIF

T HAMEHE S BE I 2RI (1) PS-ATCNN A5 {44 1%, 43 BI7E OLAP 38 1F4E: TPC-H 1 JOB; OLTP 1%
WE£E: TATP. SmallBank #1 Epinions, 3X 5 Fft B0 SE %548 42 (5000 X, 88 ik A7 T 45 P 404 42 OLAP f3 T
L.

J& P 7 NHRALYE TPC-H, JOB. TATP. SmallBank F1 Epinions iX 5 P38 4 (0 500F 45 3, IR AR R 1Y
153 86% M LA -, JOB il SmallBank B IAZHE 7T LA 5642150, TPC-H. TATP F Epinions iX 3 Fhill i &4
B /N SR R EE 1R Epinions $4E A KRR 5 4LRLIME, &% SQL W5 ) K143 1 AR S, 52 SQL &
A gmAD AR 18I 50 UE PS-ATCNN #5071 BE AS B A% 1 B A [ R 20 (1 TAE £ 28, Bt
433 RIRA MR

TG PS-ATCNN AU RIIAD 4 ANXT LU B I SR 45 RSSO BE . DI S ) A7 A 2 Sk 38 E PS-ATCNN
Rt AN LA o R A P R IR AR 55—, 6 LU TG A 3 ML B PS-TCNIN A5 28 SR8 I v 73 I ML A S B
STRETRY P B (2 55—, XTELTE SQL 4MAS 1 P-ATCNN A RUSRIGAIE SQL 4w B <ot B B P R RS20 ; 55 =, XKLL AE
P Word2Vec™"%ifi% SQL 15 AJff] PS-WATCNN #RL K AIE SQLBERT 4 3ot A5 R 1 G (g2 mi; 48 DU, 22 BdhAT it
RIB A A2 4 a5 2R A i AN ep (R SRR, (6 AT AL AN 2 A I B R AT BT T R IE SR S ) PS-MLP
PR SR B0 IE LM ¢ 2 0 BB M B 1 52 .

& 8(a) A 5 AMELARY R AR 1] S35 25 WAL Si BE X EL, PS-ATCNN AR AU PS-TCNN AR A ()45 2 e $ICE B, 20 it



ML G RA AR AL HTAP TAE i K425 5 % 13

YO BN NG AF, T P-ATCNN B T ZI1 45 50 LUK, 368 SQL 4mfity mT LA TE 4 M B HUREAE I B L ik,
T PS-WATCNN #5781 31| 535 e Ut SIGH B 5%, Word2Vee Rt %) SQL & A AE $2 B R B AR, PS-MLP 575 /1>
PATTHRIFIR 258915 B S BON G 38 K. Bl 8(b) A 5 AMERL I ZRI B % EL 45 &, PS-ATCNN 24 F1 PS-TCNN
PR (I A ) B, SQL 4w % SQL #4431 A1 SQLBERT #4784 ¢ i (1 3k A2 75 B4 A1 (I Af 1], PS-WATCNN A5
RN RA TR T PS-ATCNN A7 {5 i 5 44) {7 B0 Word2Vece Zmid SQL 4] bt SQLBERT #4574 ¢ fiZh fT 75 Fif 1]
B HE. PS-MLP A5 38 o fif A0 A% ) 25 R I 25 B R] 45 75 42 PS-ATCNN [ 18.7%. [FIB}, PS-ATCNN B8 Al PS-
TCNN A7 (R34 S YT S50 P AN I 2B [ B AR — 35, 50 BB RS e A in (443 5 LRSS RO A B )1 i AR e 5/

1.0

1

0.863 6
0.8

0.6 |

04 |

OLAPJT 5 LL 47

02 |
0.092 6

0.004 8 0 ._

TPC-H JOB TATP SmallBank Epinions
Bl 7 PS-ATCNN FiAL &ML IR IE

PS-ATCNN © PS-WATCNN o P-ATCNN o PS-TCNN o PS-MLP

0.6 1000
051 800 | /
z i 2 600 |
it £
£ 03 éb
';E q Ig 400 |
02 | 3\ &
200
0.1 + §\ s
—~—~———— / B
0 L — PR S S S 0 e e W ) L L L L
0 5 10 15 20 25 30 35 40 45 0 5 10 15 20 25 30 35 40 45
Epochs Epochs
(a) WALVt SR WSSO X L (b) ARSI GRS ()% EL

K8 4RI ZRid REXS EL

F 5 0P 5 AR TN AR ZRALE 5 PSR EARAE ) OLTP Sk i Lb 1, 4 /AR I TN v 1t 2R 2014 3
94% K UL L, {H2 PS-TCNN #5471 PS-WATCNN #E7Y7E Epinions #4558 B #ERA 28K, 349 Epinions i 1)
FEFRAF S 0 SQL ZRiD iR s K, HLIAT 210 Word2Vec 4l oA o4 il 52 4419 SQL i), PS-TCNN 1R 7l
P-ATCNN #AU7E JOB s 52 1) i 28 AR AU MK 10 B RS FH AT THRIME SN X 43 AR SO R ANGE 2 T, 2 A0 PR AL
7. [FB S A AT TR SQL 1 A g, 18I i = A ML AT RAE SR B AT DUR I b 58 i AR S 8RN X 4. B, AR
B AT TH R S5 1 Zm L (¥ PS-ATCNN BB 7E B A% 41 8087 5t (JOB/TPC-H) " AH b P AL AL 3 1K) PS-MLP SE8L
12.4%-50.1% HIHERA 242 T, IEIA AR08 R 2 OLAP S iR i i DS RRALE.



14 BB AR R B B )

RS 5 PR AER A E R TEXT L

Model Precision JOB TPC-H TATP SmallBank Epinions
PS-ATCNN 0.978 0 0.1363 0.9952 1 0.9074
PS-TCNN 0.965 0.8318 0.2727 0.8999 1 0.1981
P-ATCNN 0.9367 0.8495 0.409 0.9977 1 0.8134
PS-WATCNN 0.8954 0 0.1363 0.9938 1 0.5951
PS-MLP 0.9428 0.7079 0.3636 0.9921 1 0.8724

43.4  SQL iBR) L5 il (1) R

TEILTE SQL Zmht Hh {5 FH 45 44 S B RS A F 45 K gm A ikt b, 78 TPC-H #UE 4 F3810F SQL 15 A1) Y 45 44 4w il
o R P R PRI 5 .

F 6 PP A A 4 R G B PRV BRI R G 5 A 2 B (R R TPC-H #EAT IR, 45 50 22 4% SQL A & T
OLTP HJsRJBFE, R4 A S, T &S BT 0.5 42805 OLTP 8AY ., Fitill &5 /T 0.5 142505 OLAP 8. 7
A SIS B LE TPC-H 2R S MIHER A 86%, To4E M4 i MBI AL FIHERT RN 59%, [RII S5 Migmin s s 1 45
% Query MUMERGR, UL F AR BERT A HANIE T SQL &EA) FImAD, I\ 451 4 Y A% 58 47 i3 B SQL &
FIRFAE. Jorb QLS AR T8 WAL B, ZE I ZRE0E 55 b 3 R AE FA AL B, SQL 5 1) 4 B %ot 397 181 1) 2 A A HE A i 1 1R
SRR, PN SQL 5] 4 Fo AR bR xof 35 17 () SRR B 2 . Q3 R QU8 WA & RN PIAT THRIAN SQL & ) W F i fi &
2 JEREE AR R B, A G2 R R A RRAE A B R 1R

# 6 TPC-H ¥ 22 %¢ Query 45 R

TPC-H GESCEE LK gt TPC-H GECEE T A5G
Q1 0.3926 0.4694 Q12 0.4023 0.4062
Q2 0.3843 0.4847 Q13 0.3691 0.5884
Q3 0.5076 0.5043 Q14 0.3749 0.4971
Q4 0.4212 0.4567 Q15 0.6451 0.6397
Q5 0.4219 0.5132 Ql6 0.4518 0.4696
Q6 0.3845 0.5393 Q17 0.2363 0.3589
Q7 0.2624 0.4758 Q18 0.5339 0.6225
Q8 0.2741 0.463 1 Q19 0.2993 0.3535
Q9 0.3252 0.5431 Q20 0.3275 0.5312
Q10 0.4784 0.4926 Q21 0.2528 0.5867
Q11 0.2384 0.4719 Q22 0.2357 0.4052

4.3.5 SQLEncoder ' Transformer =% 1521

FRATTAE FH HEAD T 2S5 E NG AR JZ2 (4. 6. 8. 10+ 12) Transformer [ SQL &) 4w i #5 SQLEncoder,
IS IF Transformer /2 2% % SQLEncoder 155 7Y 5 )il 5 i A LA J 455 7Y 1) 1R 31 4 A 28 A0 T S 58 A sz o, Nl 2558 T
10.

BT ER 7, AV IR R R S THE AR Z AR AE B35 AR R R, M2 HN 4 ZHNE] 8 2, HERIZ M
92.8% W EHETHE 97.8%, VIZRI RGN 0.71 h, B 1% HEFRRIETFIIARA A 0.14 h; SR770 42 HN 8 JZ 4k 838
B 12 28], HEFRIE 0.8%, YIZRET [A1EIIE AN 0.64 h, B 1% AEFZRIE T 09 RA 208 7+ 2] 0.8 h, [F] A Fi 4t
IRIEK 43%. XK 8 JZHRAUTE 97.8% HINERIFK KT I3 T BB A -ME Re P o, BR3E AE = TR B0 b 5
R, XBRFE T R A I i B R S HE R E 77, 3 A HTAP S48 122 S50t 1 1R BURK IR 7E 26 5 B 3% 5. i H. SQL-
Encoder {ENTRIIZERL, HSHAE PS-ATCNN AR Zrid #2 rp AR RRR S, (UE N B SRR E SR ER S, (R A
I BT I S BUR BT ST,

4.3.6 PS-ATCNN AU 553 Hr
FRA DR AR5 AR (PS-ACNN) £E R E TiDB 4 2 1 At A i e, il PS-ACNN iR SQL J& T



ML G RA AR AL HTAP TAE i K425 5 % 15

OLTP ok OLAP 2%, ¢ OLTP 57U £ 35 1) % i 2 TiKV 4717 51 AT, K OLAP 2870 () 2 i 5 1 % ey 31
TiFlash 5475 %4447, 55 TiDB JRAEF T AL 2% (cost-based optimizer, CBO) FJ R GEFHAT T K158 35 55 & T e 5o
Lhsizag. AU 7 4 &0, FATE SR A TPC-H Z MR 4L, # % 1 GB (SF=1), 10 GB (SF=10) 1 50 GB
(SF=50) iX 3 Ft Z2 S A BOHE UAR, IAPRAT IF SE 5 PN A7 30 38 T A48 B DAl R Gk e 45255 A OLTP A0 OLAP A&
B AR fuaxt e TiDB J5i4: CBO FIAN AL B ) PS-ATCNN #4575 (4/8/12 /2 Transformer) F 47 % 15 71 A 2 &% H:
o B FE 1 B 1) R

%7 SQLEncoder H' Transformer /2 $5HRE T 31| 25 A0 1 BE 1 52 1

L YIZRIN [8] (h) Accuracy (%) F-measure TR AER (ms/2E i)
4 3.12 92.8 0.924 8.3
3.39 953 0.949 10.6
3.83 97.8 0.983 13.9
10 4.28 98.4 0.988 16.5
12 4.47 98.6 0.992 19.9

P&l 9(a) AN ) B4 MRS TR 9 254 Ak SRS A TPC-H [ 22 26 P W AT IS IR EE. 78 1 GB R E 3L
P53 54, PS-ACNN “FRHATH A4 2.61 s, B CBO 7 2.12 s 31 23.11%, BT /MR EE T CBO 4iil 5 &
BB e IR PR R, T PS-ACNN f R 70 3 38 5 A2 77 A2 24 25 ms/ 25 0 110 [ 58 T4, 5 505 B 20 M0 11 B0 B 1k R 3R
FE. S ACIE S B 10 GB M1 50 GB ISR B, PS-ACNN [0 AL 2050 8.3, 7 347 1 18] 23 391 BE A 88.77%
1 86.92%, HA% L2 AR T PS-ACNN H 2 # ik CBO 7E K £ 4 & T Ml 1 G ik (5 B 5 17 & (50 GB ¥t 4uit (s
BT EIR 1K 18 min), JF 8 i 5 1) % B L HI(E 91% B OLAP £ kS #E v o TiFlash %147 51 #. &l 9(b) ¥ TPC-
H AT I F2 A1 3 A A7 R P B, 3 3 o 50 A U L PN A7 V4 R 29 30l B A1 20.69% 69.5% 1 67.3%, Il 47 5
% TiFlash % OLAP % i) i) P9 17 & BILBE w1 4%, 8k G217 47 51 2 TiKV B FEHLIEL UK 5 300 A 772 IR 27, S2 50 R BF PS-
ACNN 3 51 370 28 5 AT B R R IR S8 52, & R T TiDB $0dE 4 75 Sebr 25 #0h O 14 B, J0H 78 KB OLAP
WA R,

o = PS-ATCNN @ CBO 120 = PS-ATCNN = CBO
5636 111.18
50 100
_ o
2 40 f 38.8 S 80t
= - 68.46
= 30 & 60 |
£ ol
20 & 40
=
10 b 20
212 261 4.38‘
0 — 0
1GB 10 GB 50 GB
(a) TPC-HAHAT i [F)F 341 (b) TPC-H# FH P9 £7-F 318

K9 PS-ACNN 4Rk TiDB 4 fg /47

it 10 AT BUF H, 72 TiDB 1) HTAP IR & Fdidg s T, HaER Rl ERH 2 A TiDB JE4: CBO 1) 82% 127
% 12 JZ PS-ATCNN ] 98.6% I, R Gt REIR1F 407 4@ Tt T35 2 ) 138 KIE PRI 30.2%, & i Frnt & B 87t
39.0%, [FIBT AR A A7V FE IR/ 31.3%. IX — R AL EEEAF 25 T PS-ATCNN BEELEL AR 12 2%t 2 A 18% P& Z 2%,
e RS T OLAP B AAT A7 51 % (TIKV) B 5 80 SRR 2% F1 OLTP 73 if1% FH %147 5] % (TiFlash) i& A1
PEREBURE, A AL T SRR A R etk Be.
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ASLHE H — Pl T W 5 AR 2 I 2 4 By = ML O 5 BB 1R 3 OLTP AT OLAP TAE fi#k 155! PS-ATCNN.
FEALE LS SQL 15 AR H AT TR 2 AR TAE £, IR0 H S R 28 8L, AT D JG 82 B BT I R e
148 T8 2. Fln, AESEAGIR AT LA B AR E R Sl SR FE A NPT SRIE AL 77 2. Re il th, A SCil it
SIS G AE AT VR AP R B IR A OLTP Al OLAP TAE SUsk IAFAE, JH501AE 1 FrHe UG AE B A 1R 1 IR 51 B,
B2, SRR AR IR AT gD, BT T — R gmAD TV, RENSAE I S R RN Y SRR S A A — A A AR
. ARy SQL A g it 7 Tl Zrgm i 4 ! SQLEncoder, BEW A AIREL SQL & 615 X 5 B # 5 B
I I S UG BGIE, AT 1 HE R ZR I B 97%, FE 2 N EUR R RIRAE T B S, &S, % PS-ATCNN 23
TiDB ##f FEH, it 5 TiDB JR4G 1) CBO Ak 23 %F L PS-ATCNN BEB A 40 B8 Fe 1) 25 160 14 .

References

[1] Ozcan F, Tian YY, Toziin P. Hybrid transactional/analytical processing: A survey. In: Proc. of the 2017 ACM Int’l Conf. on Management
of Data. Chicago: ACM, 2017. 1771-1775. [doi: 10.1145/3035918.3054784]

[2] Lahiri T, Chavan S, Colgan M, Das D, Ganesh A, Gleeson M, Hase S, Holloway A, Kamp J, Lee TH, Loaiza J, Macnaughton N, Marwah
V, Mukherjee N, Mullick A, Muthulingam S, Raja V, Roth M, Soylemez E, Zait M. Oracle database in-memory: A dual format in-
memory database. In: Proc. of the 31st IEEE Int’l Conf. on Data Engineering. Seoul: IEEE, 2015. 1253-1258. [doi: 10.1109/ICDE.2015.
7113373]

[3] LiC,Markl V, Larson PA, Birka A, Hanson EN, Huang WY, Nowakiewicz M, Papadimos V. Real-time analytical processing with SQL
server. Proc. of the VLDB Endowment, 2015, 8(12): 1740-1751. [doi: 10.14778/2824032.2824071]

[4] Huang DX, Liu Q, Cui Q, Fang ZH, Ma XY, Xu F, Shen L, Tang L, Zhou YX, Huang ML, Wei W, Liu C, Zhang J, Li JJ, Wu XL, Song
LY, Sun RX, Yu SP, Zhao L, Cameron N, Pei LQ, Tang X. TiDB: A raft-based HTAP database. Proc. of the VLDB Endowment, 2020,
13(12): 3072-3084. [doi: 10.14778/3415478.3415535]

[5] Verbitski A, Gupta A, Saha D, Brahmadesam M, Gupta K, Mittal R, Krishnamurthy S, Maurice S, Kharatishvili T, Bao XF. Amazon
aurora: Design considerations for high throughput cloud-native relational databases. In: Proc. of the 2017 ACM Int’l Conf. on
Management of Data. Chicago: ACM, 2017. 1041-1052. [doi: 10.1145/3035918.3056101]

[6] Cao W, Li FF, Huang G, Lou JH, ef al. PolarDB-X: An elastic distributed relational database for cloud-native applications. In: Proc. of
the 38th IEEE Int’l Conf. on Data Engineering. Kuala Lumpur: IEEE, 2022. 2859-2872. [doi: 10.1109/ICDE53745.2022.00259]

[71 Zhang C, Li GL, Feng JH, Zhang JT. Survey of key techniques of HTAP databases. Ruan Jian Xue Bao/Journal of Software, 2023, 34(2):
761-785 (in Chinese with English abstract). http://www.jos.org.cn/1000-9825/6713.htm [doi: 10.13328/j.cnki.jos.006713]

[8] Elnaffar S, Martin P, Schiefer B, Lightstone S. Is it DSS or OLTP: Automatically identifying DBMS workloads. Journal of Intelligent
Information Systems, 2008, 30(3): 249-271. [doi: 10.1007/510844-006-0036-6]

[91 Sen R, Ramachandra K. Characterizing resource sensitivity of database workloads. In: Proc. of the 2018 IEEE Int’l Symp. on High
Performance Computer Architecture. Vienna: IEEE, 2018. 657-669. [doi: 10.1109/HPCA.2018.00062]


https://doi.org/10.1145/3035918.3054784
https://doi.org/10.1109/ICDE.2015.7113373
https://doi.org/10.1109/ICDE.2015.7113373
https://doi.org/10.14778/2824032.2824071
https://doi.org/10.14778/3415478.3415535
https://doi.org/10.1145/3035918.3056101
https://doi.org/10.1109/ICDE53745.2022.00259
http://www.jos.org.cn/1000-9825/6713.htm
http://www.jos.org.cn/1000-9825/6713.htm
http://www.jos.org.cn/1000-9825/6713.htm
https://doi.org/10.13328/j.cnki.jos.006713
https://doi.org/10.1007/s10844-006-0036-6
https://doi.org/10.1007/s10844-006-0036-6
https://doi.org/10.1007/s10844-006-0036-6
https://doi.org/10.1007/s10844-006-0036-6
https://doi.org/10.1007/s10844-006-0036-6
https://doi.org/10.1007/s10844-006-0036-6
https://doi.org/10.1007/s10844-006-0036-6
https://doi.org/10.1109/HPCA.2018.00062

M & RAYFAE S AL H) HTAP TAE §i B2 5 F ik 17

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

[30]

[31]

Raza B, Kumar YJ, Malik AK, Anjum A, Faheem M. Performance prediction and adaptation for database management system workload
using case-based reasoning approach. Information Systems, 2018, 76: 46-58. [doi: 10.1016/j.i5.2018.04.005]

Elnaffar S, Martin P, Horman R. Automatically classifying database workloads. In: Proc. of the 11th Int’l Conf. on Information and
Knowledge Management. McLean: ACM, 2002. 622—-624. [doi: 10.1145/584792.584898]

Shaheen N, Raza B, Malik AK. A CBR model for workload characterization in autonomic database management system. In: Proc. of the
14th Int’] Conf. on Emerging Technologies. Islamabad: IEEE, 2018. 1-6. [doi: 10.1109/ICET.2018.8603615]

Tang X, Wu S, Song ML, Ying SS, Li FF, Chen G. PreQR: Pre-training representation for SQL understanding. In: Proc. of the 2022 Int’l
Conf. on Management of Data. Philadelphia: ACM, 2022. 204-216. [doi: 10.1145/3514221.3517878]

Zhao Y, Cong G, Shi JC, Miao CY. QueryFormer: A tree Transformer model for query plan representation. Proc. of the VLDB
Endowment, 2022, 15(8): 1658—1670. [doi: 10.14778/3529337.3529349]

Sun J, Li GL. An end-to-end learning-based cost estimator. Proc. of the VLDB Endowment, 2019, 13(3): 307-319. [doi: 10.14778/
3368289.3368296]

Marcus R, Papaemmanouil O. Deep reinforcement learning for join order enumeration. In: Proc. of the 1st Int’l Workshop on Exploiting
Artificial Intelligence Techniques for Data Management. Houston: ACM, 2018. 3. [doi: 10.1145/3211954.3211957]

Ding BL, Das S, Marcus R, Wu WT, Chaudhuri S, Narasayya VR. Al meets Al: Leveraging query executions to improve index
recommendations. In: Proc. of the 2019 Int’l Conf. on Management of Data. Amsterdam: ACM, 2019. 1241-1258. [doi: 10.1145/3299869.
3324957]

John LK, Maynard AMG. Workload Characterization for Computer System Design. New York: Springer, 2000. [doi: 10.1007/978-1-
4615-4387-9]

Yu PS, Chen MS, Heiss HU, Lee S. On workload characterization of relational database environments. IEEE Trans. on Software
Engineering, 1992, 18(4): 347-355. [doi: 10.1109/32.129222]

Zewdu Z, Denko MK, Libsie M. Workload characterization of autonomic DBMSs using statistical and data mining techniques. In: Proc.
of the 2009 Int’] Conf. on Advanced Information Networking and Applications Workshops. Bradford: IEEE, 2009. 244-249. [doi: 10.
1109/WAINA.2009.159]

Zhao Y, Li ZDH, Cong C. A comparative study and component analysis of query plan representation techniques in ML4DB studies. Proc.
of the VLDB Endowment, 2023, 17(4): 823-835. [doi: 10.14778/3636218.3636235]

Vaswani A, Shazeer N, Parmar N, Uszkoreit J, Jones L, Gomez AN, Kaiser L, Polosukhin I. Attention is all you need. In: Proc. of the
31st Int’l Conf. on Neural Information Processing Systems. Long Beach: Curran Associates Inc., 2017. 6000-6010.

Hilprecht B, Binnig C. Zero-shot cost models for out-of-the-box learned cost prediction. Proc. of the VLDB Endowment, 2022, 15(11):
2361-2374. [doi: 10.14778/3551793.3551799]

Wu ZN, Marcus R, Liu ZC, Negi P, Nathan V, Pfeil P, Saxena G, Rahman M, Narayanaswamy B, Kraska T. Stage: Query execution time
prediction in Amazon redshift. In: Proc. of Companion of the 2024 Int’l Conf. on Management of Data. Santiago: ACM, 2024. 280-294.
[doi: 10.1145/3626246.3653391]

Shaheen N, Raza B, Shahid AR, Malik AK. Autonomic workload performance modeling for large-scale databases and data warehouses
through deep belief network with data augmentation using conditional generative adversarial networks. IEEE Access, 2021, 9:
97603-97620. [doi: 10.1109/ACCESS.2021.3096039]

Ma L, Van Aken D, Hefny A, Mezerhane G, Pavlo A, Gordon GJ. Query-based workload forecasting for self-driving database
management systems. In: Proc. of the 2018 Int’l Conf. on Management of Data. Houston: ACM, 2018. 631-645. [DOI: 10.1145/3183713.
3196908]

Zhou XH, Sun J, Li GL, Feng JH. Query performance prediction for concurrent queries using graph embedding. Proc. of the VLDB
Endowment, 2020, 13(9): 1416-1428. [doi: 10.14778/3397230.3397238]

Juszczak P, Tax DMJ, Duin RPW. Feature scaling in support vector data description. In: Proc. of the 14th National Conf. on Artificial
Intelligence and 9th Conf. on Innovative Applications of Artificial Intelligence. AAAI Press, 1997. 199-204.

Devlin J, Chang MW, Lee K, Toutanova K. BERT: Pre-training of deep bidirectional Transformers for language understanding. In: Proc.
of the 2019 Conf. of the North American Chapter of the Association for Computational Linguistics. Minneapolis: ACL, 2019. 4171-4186.
[doi: 10.18653/v1/N19-1423]

Mou LL, Li G, Zhang L, Wang T, Jin Z. Convolutional neural networks over tree structures for programming language processing. In:
Proc. of the 30th AAAI Conf. on Artificial Intelligence. Phoenix: AAAI 2016. 1287-1296. [doi: 10.1609/aaai.v30i1.10139]

Marcus R, Negi P, Mao HZ, Tatbul N, Alizadeh M, Kraska T. Bao: Making learned query optimization practical. In: Proc. of the 2021 Int’1
Conf. on Management of Data. ACM, 2021. 1275-1288. [doi: 10.1145/3448016.3452838]


https://doi.org/10.1016/j.is.2018.04.005
https://doi.org/10.1145/584792.584898
https://doi.org/10.1109/ICET.2018.8603615
https://doi.org/10.1145/3514221.3517878
https://doi.org/10.14778/3529337.3529349
https://doi.org/10.14778/3368289.3368296
https://doi.org/10.14778/3368289.3368296
https://doi.org/10.1145/3211954.3211957
https://doi.org/10.1145/3299869.3324957
https://doi.org/10.1145/3299869.3324957
https://doi.org/10.1007/978-1-4615-4387-9
https://doi.org/10.1007/978-1-4615-4387-9
https://doi.org/10.1007/978-1-4615-4387-9
https://doi.org/10.1007/978-1-4615-4387-9
https://doi.org/10.1007/978-1-4615-4387-9
https://doi.org/10.1007/978-1-4615-4387-9
https://doi.org/10.1007/978-1-4615-4387-9
https://doi.org/10.1007/978-1-4615-4387-9
https://doi.org/10.1007/978-1-4615-4387-9
https://doi.org/10.1109/32.129222
https://doi.org/10.1109/WAINA.2009.159
https://doi.org/10.1109/WAINA.2009.159
https://doi.org/10.14778/3636218.3636235
https://doi.org/10.14778/3551793.3551799
https://doi.org/10.1145/3626246.3653391
https://doi.org/10.1109/ACCESS.2021.3096039
https://doi.org/10.1145/3183713.3196908
https://doi.org/10.1145/3183713.3196908
https://doi.org/10.14778/3397230.3397238
https://doi.org/10.18653/v1/N19-1423
https://doi.org/10.18653/v1/N19-1423
https://doi.org/10.18653/v1/N19-1423
https://doi.org/10.1609/aaai.v30i1.10139
https://doi.org/10.1145/3448016.3452838

18

[32]

A T

Marcus R, Negi P, Mao HZ, Zhang C, Alizadeh M, Kraska T, Papaemmanouil O, Tatbul N. Neo: A learned query optimizer. Proc. of the
VLDB Endowment, 2019, 12(11): 1705-1718. [doi: 10.14778/3342263.3342644]

[33] Woo S, Park J, Lee JY, Kweon IS. CBAM: Convolutional block attention module. In: Proc. of the 15th European Conf. on Computer
Vision. Munich: Springer, 2018. 3—19. [doi: 10.1007/978-3-030-01234-2_1]

[34] Zhang LX, Chai CL, Zhou XH, Li GL. LearnedSQLGen: Constraint-aware SQL generation using reinforcement learning. In: Proc. of the
2022 Int’l Conf. on Management of Data. Philadelphia: ACM, 2022. 945-958. [doi: 10.1145/3514221.3526155]

[35] Chaudhuri S, Haritsa J, Leis V, Gubichev A, Mirchev A, Boncz P, Kemper A, Neumann T. How good are query optimizers, really? Proc.
of the VLDB Endowment, 2015, 9(3): 204-215. [doi: 10.14778/2850583.2850594]

[36] Cahill MJ, R6hm U, Fekete AD. Serializable isolation for snapshot databases. In: Proc. of the 2008 ACM SIGMOD Int’l Conf. on
Management of Data. Vancouver: ACM, 2018. 729-738. [doi: 10.1145/1376616.1376690]

[37] IBM Software Group. Telecommunication application transaction processing (TATP) benchmark description. 2009. https://tatpbenchmark.
sourceforge.net/ TATP_Description.pdf

[38] Massa P, Avesani P. Controversial users demand local trust metrics: An experimental study on Epinions. com community. In: Proc. of the
20th National Conf. on Artificial Intelligence. Pittsburgh: AAAI 2005. 121-126.

[39] Jagadish HV, Zhou AY, Difallah DE, Pavlo A, Curino C, Cudre-Mauroux P. OLTP-bench: An extensible testbed for benchmarking
relational databases. Proc. of the VLDB Endowment, 2013, 7(4): 277-288. [doi: 10.14778/2732240.2732246]

[40] Victoria L. DeepSeek-V3 and Qwen2.5-max in solving resource and process optimization problems. In: Proc. of the 2025 Int’l
Teleconference of Young Researchers. Chisindu, 2025. 30-34. [doi: 10.53486/csc2025.06]

[41] Mikolov T, Chen K, Corrado G, Dean J. Efficient estimation of word representations in vector space. arXiv:1301.3781, 2013.

Mt e 3535 SOk

[7]1 38, Z=E R, M, eV, HTAP B & B R SRR . 244, 2023, 34(2): 761-785. http://www.jos.org.cn/1000-9825/6713.

htm [doi: 10.13328/j.cnki.jos.006713]

EEEN

RIESC, [, R SO B R B P, ML S, I s Hn R

TiaRA, [, BEFT G, LRSI, CCF mighe 0y, BB S E  5 RIR R R G, 325 M B 2, ), KRB 5 =it 5, (5
AR,

T, W, RSO IR b, i e AR B, S IR 2 AT

SKERIS, W2k, CCF “#AE & by, AT FE AU AL 37, B Re i e, 2 e i B

RER, WL, TEHT TGO ENIE, 2RI, 2 IR B & e 2 W ab B, IR B SEms 204 55 SR L.


https://doi.org/10.14778/3342263.3342644
https://doi.org/10.1007/978-3-030-01234-2_1
https://doi.org/10.1007/978-3-030-01234-2_1
https://doi.org/10.1007/978-3-030-01234-2_1
https://doi.org/10.1007/978-3-030-01234-2_1
https://doi.org/10.1007/978-3-030-01234-2_1
https://doi.org/10.1007/978-3-030-01234-2_1
https://doi.org/10.1007/978-3-030-01234-2_1
https://doi.org/10.1007/978-3-030-01234-2_1
https://doi.org/10.1007/978-3-030-01234-2_1
https://doi.org/10.1145/3514221.3526155
https://doi.org/10.14778/2850583.2850594
https://doi.org/10.1145/1376616.1376690
https://tatpbenchmark.sourceforge.net/TATP_Description.pdf
https://tatpbenchmark.sourceforge.net/TATP_Description.pdf
https://doi.org/10.14778/2732240.2732246
https://doi.org/10.53486/csc2025.06
http://www.jos.org.cn/1000-9825/6713.htm
http://www.jos.org.cn/1000-9825/6713.htm
http://www.jos.org.cn/1000-9825/6713.htm
http://www.jos.org.cn/1000-9825/6713.htm
https://doi.org/10.13328/j.cnki.jos.006713

	1 相关工作
	1.1 工作负载的表征
	1.2 工作负载的预测
	1.3 HTAP数据库中的工作负载识别

	2 问题定义
	3 PS-ATCNN智能识别方法
	3.1 执行计划编码
	3.2 SQL语句编码
	3.3 PS-ATCNN模型设计

	4 实　验
	4.1 实验环境
	4.2 数据集和基准测试及评价标准
	4.2.1 数据集
	4.2.2 基准测试
	4.2.3 模型评价标准

	4.3 实验结果
	4.3.1 模型性能对比
	4.3.2 鲁棒性验证
	4.3.3 模型组件的影响
	4.3.4 SQL语句结构编码的影响
	4.3.5 SQLEncoder中Transformer层数的影响
	4.3.6 PS-ATCNN模型集成分析


	5 总　结
	参考文献

