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Abstract:  Skiplist is a widely used indexing technology in the database systems. The advantage is that the complexity of skiplist is
O(log(n)). However, in the standard skiplist algorithm, the level of each nodes is generated by a random generator, thus, the performance
of the skiplist is unstable. In extreme case, the searching complexity deceases to O(n) which is similar to the list searching time. This is
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because the classic skiplist do not combine data features to generate its structure. It is believed that a stable skiplist structure should fully
consider the distribution characteristics of the data to determine the number of node levels. This study estimates the data cumulative
distribution function based on the kernel density estimation method, and predicts the position of the data in the skiplist, determines the
number of node levels. In addition, it is found that the node with a higher level has a higher probability of being accessed. This study also
focuses on the access frequency and the hot data of frequent access, make sure that the upper level of the skiplist is hot data, and access
the less cold data in the lower level of skiplist. Finally, a comprehensive experimental evaluation of the six kinds of skiplist algorithms is
performed based on the synthesis dataset and real dataset, besides, the source code is open. The results show that the best skiplist
algorithm can achieve a 60% performance improvement, which points out a authentic direction for the future researchers and system
developers.

Key words: in-memory index; skiplist; machine learning; density estimation
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1: Function random_level(maxlevel)

2: level=1;

3: While (random(0,1)<0.5)

4 level++;
5:  Return min(level,maxlevel);
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Function build_array(N)
level_array=new int[N+1]

set_zero(level_array);
step=1;

For (i=0; i<=N; i=i+step)

1:

2

3

4:

5. While (step<=N)
6

7 level_array[i]++;
8 EndFor

9 step=step<<1;

10: Return level_array;
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Function get_level(key)

location=CDF(key)xN;

lower_bound=max(location-bound,1);

level=0;

For (i=lower_bound; i<=upper_bound; i++)

If (level_array[i]>=level)

1:
2
3
4: upper_bound=min (location+bound, N);
5
6
7
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8: level=level_array[il;
9: level_array[i]=1,;
10:  EndIf

11: EndFor

12: Return level;
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Function get_level(key)
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Else
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End If
Return level;
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EWEESHCE 747). 8RR R IE i L1 p B AERE—A partition B # AT ME— 1 key, 7 H.fx LI p 21 key
(1 5 SE AN o AT BE AL T 18] 1 1) BRARIR L.
il 3: %4 45 {6,7,8,9,10,5,4,3,2,1,14,13,12, 11} W] 4R I partition-list 24 4%, 5 K B2 24 6.5 1% p=3, A HE 2L
Pt oy i 28-1 431X .24 key=6 I, partition=3, %} W (115 ) get_level(5)=1+(6-3)=4.>4 key=5 I}, LI} partition=3,
partition3 W CL& 4 — AN E KT 3 K key, BT LA key=5 X W ) 8 i@ 5k random_level (3) 42 i — AN BE AR K
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Fig.7 Example of partition-based skiplist
7 BT R BRI

4 FEEFERERBER

4.1 Hot-list

AR key M)A RIS RE D AR TEMN LRGSR IR TR S R AR R 5 5 56 A U2
H ) 45 A 1 HR KRR AR G & AR A AR 48 5 v T e, AT T B A A LA RO Bk hot-list.

BATHRHE 1 5 500 1 Ui ] A4, 30 B0 4 U7 10 A3 5 20 i 1 201 A B0 40 g A3 M B 1 3o 9 6,
RR AN T h 2 R A, maxlevel—h 2 B DL 2 G 1K 41 A V4 Kt

H3% 6. Hot-list 1) )2 Hr e sS4

BRI key, Z 4 h;

B AN key 125
1: Function get_level(key)

2:  If (key is hot key)

3 level=random_level(h)+maxlevel-h;
4: Else

5 level=random_level(maxlevel-h);

6: EndIf

7: Return level;

0 6 A N2 A NI key B2 h, SRR 2R level (9 random J7 S8 AHFATTRS key (5 T — ok 2.
L HOE 1) =805 B 2 G 247 58 3AT) W B HAE FE (R 4 47~58 6 17). 3l iR AR, 54K vl DA f
Rt 2 AR EAR R MR I Boh 2 BL R # YA it h 2 DL R3S A .

1] 4: 2500451 1 13 20 $dli 4 05 {5,4,3,2,1,6,7,8,9,10,12, 11} W1 45 11 hot-list 2 4%, fet K B 4 6,415 1% 1,2,3,4,
51X 5 A key B¢ AT U7 1), gt 2 o T I B FRATTRE h O 30T 1,2,3,4,5 X LA key, FRATTR A5 3 AT4RAG
175 A JZ 2 level level —3E KT 360 T HAl (1 key, H 3 5 4780 5 XA level JZ240E B A KT 31X B IR IE
SR EHOR T4 T 3, 5dls /N T4 T 3.3k i 5 B i Uy ).

4.2 Mix-list

R partition-list F1 hot-list 7] LA&5 S AR T IR 59% 7, IR I, 45 & partition J7 R4 A4 E 11 7 R it
AT Bevt, R S AUME AN S IT A 495U U bound-list [FAE R LLFD hot-list HEAT 5 S 454 (HIRATTIA y partition-list
[ P LG bound-list 24 (bound-list 75 2 %01 HHE 42 11 K /1N), R b 3 AT 1 2% 1 partition-list 1 hot-list 45 & 11
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BE 7. TR O AT R ) R B SR S

i B0 s BT o A R B0 CDF R 1 key, i 25 Bl bound, /2 £ %141 partition_array, Z %1 h Al p;
B RN key HOJE 5L

1: Function get_level(key)

2: partition=CDF(key)x(2°-1);
3:  If (key is hot key)

4: level=random_level(h)+maxlevel-h;
5: level_array[partition]=0;
6: Else If (level_array[partition]!=0)

7 level=level_array[partition]+maxlevel—p;
8: level_array[partition]=0;

9: Else

10:  level=random_level(maxlevel—p);

11: End If

12: Return level;

43 BREEFTLE

F L0 FIRBERHT B AR e R BUAR TR A D & VS T (HER 48 8  cdf-list 1 bound-list 7]
DAL TS5 11K CDF {5 5 BA J Hid 82 K/ 25 ) 5 J2 400 AF R B A1) 5 24 i 0 080 48 /0 sk T 3 H I v 1.
partition-list 27 24k v+ CDF e& 50 nf LLAT % 2285 p 1) ¢ 75 ik — 2 PP Ak . hot-list 25 & £t 1) ¥4 #uE Bk
19 250, B30 h FIRES i Pk BE. mix-list J2& partition-list F1 hot-list ({454

Table 1 Summary of algorithms
T 1 EEXH RS
ik SRR R R & AR PR
SkipList LA A BEHLAE
Cdf-list A CDF {5 B Al vl J8 CDF fili VAR 4R K/
Bound-list 2. CDF i Z Wi vk 77 ik CDF il v R4 45 K/

W

Partition-list HeF i 4y X 11 77 X CDF il p
Hot-list BTV B 43 2 R BE AL A IHRAE B h
mix-list 454y partition-list Al hot-list ~ CDF fli it A #EdE (5 & p, h

5 KBRS

5.1 BEHINE

AL S8 HE T T X HP ProLiant DL380p Gen8 i 45 %t £ 47 11 BB VP Al Mk 45 25 5 IC (1 AL B 25 4 E5-2620,
#4548 15MB =% 247, N 70 256GB [¥) DDR4.1Z1T & 4t A CentOS 7 x86_64(linux 3.10). k&K % T C++5L L, g++
4.8.5 %i ¥, K I CLion 2019.1 JT &, Googletest 17 H1 i, Spdlog BEAT H kAT B, SKILACHS IT I A5 =7 F 65
(https://gitee.com/bombel/cdf_skiplist). A5 17 S %t 5k T CDF b4k ) 572 (skiplist,cdf-list,bound-list,partition-list)
HEAT PE BE I, SR J5 1 5o B B H 4 At A 1) 459 (skiplist, hot-list, mix-list) 3£ 77 300 7. 2R A 4% &0 N, partition-list 1 [1)
p=13,hot-list #1 ) h=20.

52 MiXEIEE

ANIE 53 AT B SR 6 CDF FRVRFAE A AR W A2 1R 52 W0, A ST SE AT R AN [R) 40 A0 B A o s &R 1B AT PERE VAL,
IR AT B FERSA RN FHI R,

(1) Ao A FRATT I T3 50 50 A BE ML AR e 2% A2 )R i HE 4. T s W B 45 KN A TR Bk 114 47 g
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S, A AR A 1 21,218,271 224 AN BRI NS (1) B 42, 3 Hp key I value #5ZTF s R

() IEESAKINIEE DA R E R 5 M 22BN 104 J5 25 508 1,3,5,7,9). K/AN#EN 22
(B 2, DR A 7 22 SR I T B (AR R R, 2 K, B AR

(3)  FF R AT I A3 & — i S WRESCHRE M L (R M 4R, vz A 50 2 1 3 5 AT 40 ) A
2% 0.1,0.3,0.5,0.7 (5% I 43 Aii Hudi 42 (1) KN Oy 22,

(4) FUSEHURLE.FATIET Amazon Al Youtube fit T 52 5 4 (http://snap.stanford.edu/data/index.htmI) % 51
Pk BEHEAT VP B /N 0k 334 863 il 1 134 890,44 K i 11 C A 142 43 Sl 2 YouTube JH 1
id A1 Amazon i )" [ id.

T3N3 S 56 FRATT T LA I, HCHR (5 R SR B P B S WA S K, R X T3 Sy b T YouTube 1554 43

AT A B A 2200 W At B 5 W3 2.
Table 2 Dataset

*z2 HiEsE
e K/ ZH
l/}]/g %’ﬁ] 215’ 218Y 221y 224
E A7 22 1,3,5,7,9
35 F 53 A 2% 0.1,0.3,05,0.7
Amazon 334 863
YouTube 1134 890

5.3 CDFE{LRIELER

AATVEAL CDF A0S 1 2% A, 32 B3R 2 1) 75 1 26 (QPS) Rl v i 2 Mk 6 L. 11 8 &1 9 43 ) I 1) 2 2k
TE A 4347 FN 55 I 43 A0 Kl 2 T (V1 B 10 2 SRR 23 S0l J2 LE28 23 A1 (¥ 5 28 R 55 5% 43 1 2 80, Pl 43 il 2 4 i
B 77 i 221 B (QPS, B 2 ki/s) I cdf-list,bound-list,partition-list A% skiplist 7% i 24 g L.

N SES 25 S n] LR I

(1) ARV SRS D0 N AN R IE A A0 2 55 00, R SR (K PR R 5L AR AN 52 43 A0 2 501 52 i

(2) MHAETT 7R L FFRSASHCA 0.7 N IEERE T BN SRR 1 Be HEmE AT 38 I, 3 2 R 2k Se g 19

BERAFVFEST key HIL, BRI SEIEN T, 4 F80E £ key EE, T HBR L SHE N AR

a4 m;
(3) #R#E [l 8(b), Kl 9(b),bound-list 1] LLEE & 60%I¥ 1%k i cdf-list F1 partition-list (¥ 4H Lt skiplist 1 G845 KL
25% M $E T
1000 T T T T T T T b T T T T I
e o
- g
st g
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Fig.8 Performance influenced by the parameter of normal distribution’s variance
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Fig.9 Performance influenced by the parameter of Zipfian distribution
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PERE L. T2 E0 45 R e 3 A5

)

O]
(©)

Ak LR BT SR 10 7 v P A 0 B 5 H i 5 N B T T BRI R TR B R R Bk R 1 2
B, o AR LU key BN B0 2, 3 BOMEBE T B4 B4R skiplist £ B+p A X 1) (HIX th & 4
fI4 MySQL,Postgresql &54% B+h 41 23R 45 A4 (1 50088 P2, St 1300 8 (AT BUAS 2 K IR JRU AL
ARV 2 Tt b v DA B, P BE R 2 12 bound-list, H: vk 2 cdf-list A1 partition-list,skiplist 5% 22;
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3500 T T . ——
¢ =S
2800 L7 : : 1
a -}
j‘: 2100 __J 1 CY’/J g
?: 1400 1.28 —'
" samaron " wmaoon

(2) AFEBHRERAN T B i et A (b) ASFEE RN T IO RE

Fig.10 Performance influenced by dataset size with uniform distribution
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Fig.11 Performance influenced by parameter p
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Fig.12 Performance under real dataset
K12 et a P rtEae
54 MEHE/IULER

AN LG skiplist, partition-list,hot-list,mix-list X JLANEkZR. A T KBS 2 1) U7 0] 3088 ke iE, BRAT 14 5 24
FRrh 1900 H0dl A 1 80 Uk, LA I Bt R Ay ity 1 ki) 7 sCURBEHLYA S

13 BRI R IE T IE & AT AR 7 22 M B0E 2R I 2E fe ) L &1, 18 14 [ B it 2 35 155 R A AN R 2 501
PR AR T B REXT LU B S 56 45 R AR I (1) hot-list 7] LASRICOK 3 50%[1 2 BE$& T1(2) hot-list JEANAS 2 £ #8454
i B 5% 94;(3) mix-list #HEL hot-list JLP %A PERER T)



676 Journal of Software #kf% 4R Vol.31, No.3, March 2020

P linl —ip—
— [: ti s +
— g —_— L : | ——
B - — ° ; L. 76 |- win-ling =g
= ) — ——]
= '“"""'--_._YL & - ] L AP 3
u - - B — - »
B = v
= R = Lmt g
200 7 e Y & ' 3
] L — I L L L L A [ %] L L 'S L L L 'l
@ 3 i 5 [ i 5 '] 1 ] 3 '] 5 [ i i ]
i ik
(a) B 2T IR (b) TEREELZTT 22 1 5
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Fig.16 Performance under different Zipfian distribution dataset
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