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In-database Al Model Optimization

NIU Ze-Ping, LI Guo-Liang

(Department of Computer Science and Technology, Tsinghua University, Beijing 100084, China)

Abstract: In a large number of changing data, data analysts often only care about a small amount of data with specific prediction results.
However, users must query all the data by SQL before inference step, even if a large amount of data will be dropped, because the machine
learning algorithm libraries always assume that the data is organized in a single table. This study points out that in this process, if some
hints can be gotten from model in advance, it is expected that unnecessary data can be quickly eliminated in the data acquisition phase,
thus reducing the cost of multi-table join, inter-process communication, and model prediction. This work takes a specific kind of machine
learning model, i.e., decision tree, as an example. Firstly, a pre-filtering and validation execution workflow is proposed. Then, an offline
algorithm is used to extract pre-filtering predicates from the decision tree. Finally, the algorithm is tested on real world dataset.
Experiments show that the method proposed in this study can accelerate the execution of SQL queries containing predicates on decision
tree prediction result.
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SELECT StoreName

FROM store, sales, features AS f

WHERE (store.id=sales.storeid AND sales.time=f.time) AND

predict (store.dept,f.CPI,...)>200000;
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Fig.2 In-database decision tree optimization workflow
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Fig.3 An example of decision tree for predicting length of stay
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V1<j<m(Pj1 A sz) = (V1<j<m Pji) A (V1§j<m sz) A (V1<j<m,ie{1,2} Pji)'
W n<<2 W) iy AL
(2) MR n=ne—1 B Al 1 o7,
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(3) 2 n=ng I, Vi i (Apicn, P = Vic jem (P A (Ageicn, 1 P)) JBIE n=2 (R E LA KA T (2) i A a2,
A F%; n=ng I AT O
i 1 6 T AR AE 51 L1 3 ], AT I OR 38 S AT & JF AU 4~
BEERIE. W T B HRAE, Py Y908 DRI 2, T 3 S 485 1] 110 B BRI A 1 5003 4 X i) () 4. T LB i 9%
PR BB BEAT A IR X 8] 72 i 8R4 T HE 3 J5 EAT — W [, 38 g o I 30 F X () 22 b g e
ERASE. AT EHFIE, P, MITEAA featureeS B featureeS, Al M4 &K 4 BEAT 1L 1.

Table 4 Rules to merge predicates on categorical columns
R4 ERIEA P, APL, IR

EE U] s
(feset;)vTRUE TRUE
(feset))vTRUE TRUE
(fesety)v(fesety) feset;uset,
(fesety)v(fesety) feset;nset,
(fesety)v(fesety) feset,—set;

3.3.2 S IR i Bl A HC Y
SR, L A I 7 AT AE A — 2 1) B B ANRFAE § #5471 Py = TRUE I I 2 B 26 42 5 1 ] #1543 4
LN T Re g 0T BEIEE S XA NG 00, T HLATS RER REAT 1R R 4, BTN URFAE A B AL BEAT 75 JF % D LA Ao
BEAT A .1 1] — A1 B A 481 5 1 B
W 5 Fron AR ZRR Ty M To LLE 4 ANHRAE fi~f, B 4702 — AN Eoeh I A 1 3
Table 5 An example in which predicates are all eliminated after merging

RS U A A R DL

Tify Tof Tof3 To.fy
leaf; P! p? TRUE R’
leaf, P} TRUE P P}
leafs P P? N TRUE
leaf, TRUE P? TRUE P,
leafs TRUE pP? R R
leafs P P? [N TRUE

K —F3 % TRUEBETEE 3.3.1 W W& IFE RAER T TRUE,JT A Re AT 4040 51 4k 1) 15 1] 4 0 4
TR T AR AT A 0 S LA G RN B L8 WIARAEAEAE Ty B T, h O T I AR AR 1B R R 2 TRUE
(it B EAERAT T AT BASG e 48— /N AGE B 705 i IR AR SX AR AE IR IR 2 15 24 8 5 TRUE 23 A PR 43 6f
29 TRUE 38 2348 F AR AIE 1) 18R 2R AT Rk B0, B R b B R v A JF

(R*VvP VB VRV (PEVR) AR VR VR VRV (R v PY).

FEA I G, AN ) 00 R R AR AL AN Sl b by BCHEA T 3% 2, K 4R 7T LA Lo A 3R 1 1R A 280 5 R 4 21
3.4 REFERIFAMEAIER

SO B A A I R ER A T W SR HE U G A AT 8 A8 B NOT B . LA KR 1) — RO n SR R SR 4
PR UE R B NOT 240, 1) FRATY B 4220 Jt T 1 425 46k A8 Y i R A5 380 1 YOS e 2 08 2, B 4 el o 2 SR AR 2 A W 7 4
FE B GO DR A A e S U A8 e S B HE U ) 0 1 B B EE B R Siree, T FH AR I HS ORI 075 1
T P 45 B I BRI BN Stieer, I 2 T 2R AR 45 BRG] (1) 75 78 HEAT 7 16 15 B BB R &0 U\Syree, 8 T W1 97518
T 75 5 7 e H IR B 2R 6 A UNSiger- BT Sitter2Stree JT LA Sresutt=U\Stree2U\Sireer, B 85 480 5, 975 166 15 21 (1) B 41
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TR T 80 A A 5 6 4 2R rh 1) 5l 3 T A7 100 10 98 R IR AN DR - B e SR A B 7 45 R B Sieaves, HRH 2R
SR HE LI A3 B R 5N Stargen I A 2 A BUHEPLUH 1A B NOT 245 A8 1] Sicaves—Starger I 71 iiSE &
XF I R R BEAT O 8 T ORAE A 075 o R A s it de 4 45 R

4 LI5S
41 IEEE

411 HIENH

A TAEAT ] Kaggle /22 FF 1) Walmart 45 5 7500 4548 48 (https://www.kaggle.com/c/walmart-recruiting-store-
sales-forecasting) it 17 5246 5 P RE IR Z B0 PR S 3 AN EH R A A, 4351 2 Sales(FLll H #r & 44 5t), Features(#%
T JE BT AE ML X, 45 ) S 2 PR . RAEE R 280, Store (B8 117 K/, 288).3 MR IER R WK 4 PR,
Pl rh iR S S 4 5 TP O Bl A B

* Features(8190)

. = Store
-
- 1 e Date
J Sili;s{"fﬁm?ﬂ] ___+—" = Temperature
#Store  __— * Fuel_Price
“~—Pate = CPI
; ] Dr:pl_ * Unemployment
/ * |cHoliday * |sHoliday
! * Weekiy Sales (target)
{
\ * Store(45)
— — ———t— Store
* Type
+ Size

Fig.4 Join graph of Walmart sales prediction dataset
B4 Walmart & & 70 B0Hs 2 B2 06 &

JE A, BN H AR Weekly_Sales SV ni %50, 24 17 B i3 I3 e SRS SRE02%, LA BT 9 A S PP 300 50 1 45 SR A
Pid 2 /D s AT R0 ATIXT Weekly_Sales 34T 45 VR 7048, JF 1 U Tt N B B ROAC O S5 20 1,2, kS5 8cdis
H P8 3 T A B e 2, AT T T A P~ S (B AT T e

412 SERINE SIS

AT AEAE 1] PostgreSQL 12.2 il [, ¥ Sales,Features,Store iX 3 44 26 S AR ] SQL v ity 1 v 5
PR B U ] 7 A B A = AR IR R S S E B

SELECT s.store, s.dept, s.date

FROM sales s, features f, store st

WHERE DecisionTree.predict(‘cart_weekly sale’,5)

AND (s.store=f.store AND s.date=f.date AND s.store=st.store);

SEIGACHE A ] python %i 5 & B moz_sql_parser(https://github.com/mozilla/moz-sql-parser) ¥4 SQL 2 i i

TEARHT LR T SR I G Gini $8207E by 3 IR 2 (R 38 b, 35 R U ) e SRR P N 48 52 1L (Sales,

Store,Features).

4.1.3 JFIFEAR

KT RN 7 A3 B A AL 5 CART #e SR A AR HRY 1) 6f bl AR AR A AR AR /N (7748 R 40
ROBA DT 3ANRMEE RN BRI A 2 0BT P

o e S AR A1 BT ) I A 25 R e T P S i b 2 BE AT B AT IS TR A A B BUR JUAS BT IS ) D
AN SQL S HEHHE 504 075 )5 B aiz [0] (1) I 8] toin, 2 2L 52 B AT R 55 22 0 T 4 T I 5% ) A7 FH) e S B 2R AT
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PR SFER HE PH FR I I 8] toregicn A FH I tootar-

PostgreSQL 37 il il 78 i EXPLAIN(ANALYZE ON)3R 15 5E B AT T &l A T4 388 3 o b A\ 400 9 18 17 i
JEPAT U RIZB A0 5 HT 2 e B T TR A
4.2 AR

421 PATHS PR

5 Dy 75 A FH e SRR AR 20 v SR B H (] 97 U 1 B SR ER SQL 7R FE P BRAT 20 I 5 A AR A AR Ky
SYRECH T T SR 58, R SQL i I — AN, Mo 8B K OBR, B 4 4 R P B D B v
W] H N TE A O e i R, 3 b k=20 IS I Lk Rl DR B 43%. R I UE AR R HER SRR N T IERIE A
T .

40

- iR R
R EREEL

is

SIS TR i s
- = n o

=
L

0.5 1

0.0
3 4 3 ] 15 Fa

BEL
Fig.5 Data fetch time comparision between with/without using extracted predicates
Pl 5 )0 1 ] ok Al 3 DL e 1 ok 2k R
6 A TSR E A T g L (SR Pl g B ) « IR I DR R o B A0+ 6 R 0 e SRR A B
TR N b 22 R A S8 FR T A A e D I A B B 2 AR I R B, A B R R

Table 6 Relationship between speedup ration and proportion of result data

R6 N LL LS5 BB A R R

45 FEHE 4y L (%) IR SEEE E 4y (%) Jinid Lt (%)
333 9.8 48
25.0 20.0 17.9
20.0 21.2 13.7
16.7 238 185
6.7 43.6 37.1

422 BAT RIS Bk R AR T

S RBH k=15 i, 6 5P 7 43 5 A A8 SR IUCE R SQL H 2 7 N A A1 G 1 iR 45 2 1 B AN AT TE R, AN IAT
5 s rhactual _time 287 S BR S ATV FE 14 I [R], R 2k YR % IS R) AT I ) AAERAT o Rl o Rl B R A T
G 15 1 B, % sales FHEATFIIE AL FE TP IR BE T 183 942 S H ¥R, A 226.513ms; A FH 471 97 11 6] A, % sales &
HEAT 2R Pk REFERT 63.202ms, (5 FH A7) 918 1] 15 5 23 B9 040 5 203 R (AR M 19 0 .sales 55 features M 75 3% #:
HI R features AT T £ M4 5 1A A, 1IX AP BRI VE e 55 & 5 A8 F A1 9% 18 380 6 26, — & AT 437k 6.069ms
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5 5.837ms. X} T sales 5 features 3 AT WA A JE B AR, AT LA ik 2 I ] 9 25 sales & (19 £k L34 LA X features
T L MR 0 5 (0 isF ) A5 P A0 5 1 1) FH B 125.976ms, oA A I 40 5 1 1) 2 233.789ms. [ B m] 55153 21 &gt )i
55 store FHEAT I BN, A8 A0 075 1 1) T I 83.686ms, A AL 419 1 15 FH I 114.258ms. S UE 470 97 17 1 2 In i
FEERAE ARV,
Hash Join (actuwal time=6.213..442.384 rows=237628 loops=1)
Hash Cond: (s.store = st.store)
-3 Hash Join (actual time=6.139..358.558 rows=237628 loops=1)
Hash Cond: ((s.store = f.store) AND (s.date_time = f.date_time))
-» Seq Scan on sales s (actual time=9.032,.226.513 rows=237628 loops=1)
Filter: (dept <» ALL {"{12,1%,28,..,98} ' ::integer[])})
Rows Removed by Filter: 183342
-» Hash (actual time=6.86B..6.869 rows=8198 loops=1)
-» 5eq Scan on features f (actual time=9.812..2.642 rows=81%0 loops=1)
-» Hash (actual time=0.BE0..2.068 rows=45 loops=1)
-» Seq Scan on stores st (actual time=8.817..8.828 rows=45 loops=1)
Fig.6 Execution plan of SQL with extracted predicates
KlL6 Al 057 18 18 (4R AT il
Hash Join (actual time=6.856..447.217 rows=421578 loops=1)
Hazh Cond: (s.store = st.stape)
-3 Hash Join (actual time=5.928..382.828 rows=421578 loops=1)
Hash Cond: ((s.store = f.store) AND (s.date_time = f.date_time))
-» Seq Scan on sales s (actual time=©.841..63.282 rows=42157@ loops=1)
-» Hash (actual time=5.837..5.837 rows=819@ loops=1)
-» Seq Scan on features f (actual time=9.813..2.522 rows=B199 loops=1l)
-» Hash (actual time=8.184..8.184 rows=45 loops=1)
-» Seq Scan on stores st (actual time=8.858..8.861 rows=45 loops=1)

Fig.7 Execution plan of SQL without extracted predicates
7 ARAE R A U R AT TR

MIAT TRl o] LU A ] T 00 075 08 ] S, 2 8 I e 1 0 2 ) P AR, PR AR e 18 4 Py AR A 1 ) 491
R A A0 975 1 ] I 0 AR L 9 A A TR B 28 L B R AR T BT R R AR Ky Bms, £E R SL B
BBl A AT EARRAE T2 22 501

SR S B k=15 I A4 FH 490 075 30 ] SR H B ot A 0 i L ik 21 T 33.9%. 3% 2 IR 28 S 56 AL A i F A
by PostgreSQL 1147 Ji& 08 43, A Bl S7. (1 1R AR HCHS A Jek 8 v 2 77 AR R R [R) 0000 4 DL AR, Sk AN AR L5 4 dn 4
5 R0 Ll A 0 U R 1R SR R T R T 44% 1 0 e R O AR AR D R i A AR R R
B B T 3 e 4 F A al.

A P FANASEE P 00 97 08 1) B8 RAT 7 25 AE IR A 0 I, 180 5 AT R SO AR B oh T o B TR SRR AR R] X A
TERE AT IS ) ARR T 85 S R A 40 B 0 800 4% B, WA P 08 1 0 075 R A 4 B S ok S RN T AN R AT A
71538 T SCRFIZA M AL

Table 7 Influence of prefilter predicates on inference execution time
F T W0 U R A ELPAT IR T 5 e
I L PE A 4 (%) RIS () WIS B I (s) I L (%)

9.8 7.4 7.1 4.3
20.0 7.3 5.9 19.1
21.2 7.5 6.5 12.8
23.8 7.8 6.3 18.4
43.6 8.8 55 38.2

50.4 9.0 5.0 44.4
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4.3 HEREW ARSI
B 8 H LR Y Ky S R SR IR, L5 CART e SR P 0 7 Ay 2 1 3 ADUA [ 16y, R 3 b e P 7 A 28 i vy

Table 8 Accurcy comparision between table-order constructed tree and CART

F 8 ILRIUTEN E CART P e % L AL

Sy REH k CART Acc(%) R IUT R Acc(%)
2 93.31 93.04
3 87.53 86.13
4 91.97 84.41
5 78.38 81.26
FERNT B 0 H 2 A I 215 2 1) e S B T 22 45 32 B 8 b 3 v B AT, % T S5 B 003 R 2

R AT 9 b 4% U A B 5, A 5 5 20 3 o 1 i 8 e AN DR, 4 K 2 B R R T 3 78R 5 4
3 N A& P R IEAR 5%
Table 9 Difference of extracted predicates between CART and table-order constructed tree
O YRIB F EOGE 18 ] A G I B R v B
IR MG E  CART (k=3) Tab (k=3) CART (k=4) Tab(k=4) CART (k=5) Tab (k=5)

sales 0 9 0 10 0 8
sales,store 48 257 43 388 35 380
sales,features 0 0 0 19 0 3
sales,features,store 23679 20197 32850 33241 40555 41290
Bl 23727 20463 32893 34658 40590 41681

TR (1 5 K A8 A AN DK I 7 17 T T b e e SHE T (1 7 O 28 A 3 2 0y e 280 R A R O HL A - B 0T
DA HE 42 3R 2 AR 0 2 3 e A 20 1 17 450 0 08 o, RITASE 20 53 2% 55 18 0, 3 0 36 3o 2 (R 3R T RIRe 2 7 AR £
SEWA N 10 FT LU H 45 4 NG A At ) SRR PAET B A W I 1R e AT 9 S A8 T CART S A4 2 g v
S
Table 10 Influence of decision tree construction method on query execution time
2R 10 LRy s 37 R SRR NS AT AT 2R AR S
CART (k=3) Tab (k=3) CART (k=4) Tab (k=4) CART (k=5) Tab (k=5)

HHE SIS [ (5) 2.8 2.8 2.3 2.4 2.3 2.3
56 UF I5F 18] (s) 5.9 5.7 5.2 5.3 5.7 5.3
S A (s) 8.7 8.5 75 7.7 8.0 7.6

5 Hith Al ‘REGERMAL

AN ST A8 7532 AP FR 4D U 3] o MRS P G, PR SRR TR AR A P (1 DG B D BR—— 3R R Y
B R AR L U A 5 LSRR PR DDA OC X T LA AR B2 X AR P AR A R O 08
SR TR P A TR e 55 R R B R R AT 0 25 11 7 4O TV LA SR R L 2 X R ATl A 2 A A g e =
22 8 AN S HEAT FEARR T30 O A7 AR e £ B A TUI ST 51 4 R A1 e A 282 i 2 A i e 0Ly Sy 1 AR
TR e R 5 SR ) o L 7 2 S 9 ) AR ik, el 1 AR AR I 1 2 B e BEAT 14, T D RSO R Ik = 1] o i
A7 38 JEE R A LAY S J) S A AR R FRV IR, X T T T A AR AR R

A LA S >0 AT AT 5 £ O D) 9 o R PR TR AR P (1 2k SRR [28] P B2t T T I ) SR R AL
IR, I 25 Y17 KT I PR Ao 8 90 4% 5 R RIORS I (R0 I 2 7 3% e 5 A 2 A Bt B B ER FE S RE A T2 4R M1
SVM. MLP. GBDT ZEH MY A TN Jhy /3K ST (10 AT B A e A R0 v G S R R 2R A ST S PR E 21 4
J 0 FL Bt WL 2 >0 AU i 28 ) S AL 8 o A B A A R L 38 B 22 X SR,
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6 BESREKRIE

A TARYR T 38 1L PO+ 4 e 3 AL AR IE B HEAT DU AOHEZR 28 B EAT T e e B A, I 5 T Atb At
BEPE AR5 (B DA S AT T R A TAR S I ™ i SQUL SZRE T R SR I 25 L5 HE B, it By HE ZRO0T e SR 4
T o 5t BLAE I8 P K AW AT TR T SEBLTE A ARG BT RS rh BRI 1A OF AT I 2 A O
(K SIE A0 AR T At A BT 1 92 JE Ry g sl e SRR (1 11 2 02 JEC A0 5% 2 5 s R ) e SR 53 AT B
& 220 AL Walmart 85 58 FUIAE 55 b, FIR ARSI T 3 im0 5 g SR HE P 1A 9 SQL AT B3 1 H s,

AR TAERGE T BAT— LB 1 A AR TARRE A LUR JLAS T TR TT 8 4 T AR SCER R I ] SR IS 15
I B3 T V] B AU ) 5 328 28R A R AR T RE A A S K 5 S A R BB R R SRR A R L R 2 R
T e A S ) S AR RS 2R 4 R R ) IR 2R SR U v A 2R T O FR) TR ] R MR SR e B R T A R
BRI, ¥ v T PR 18 ] e OB
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