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Hot Topic Discovery Research of Stack Overflow Programming Website Based on CBOW-LDA Topic Model
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Abstract Stack Overflow is a popular programming question and answer(Q&.A) website, we can gather the hot pro-
gramming knowledge which the developers focus on by studying the programming question text semantic mining. Owing
to the high dimensionality problem which hinders processing efficiency and the topic distribution which makes topics
unclear,it is difficult to detect topics from a large number of short texts in social network. To overcome these problems,
this paper proposed a new LDA (Latent Dirichlet Allocation) model based topic detection method called CBOW-LDA
topic modeling method. Using the model to target language and clustering similar words by vectors similarity before
topic detection can decrease the dimensions of LDA output and make topics more clearly. Through the analysis of topic
perplexity in the experiment dataset with different data collection capacity about the POST on Stack Overflow in 2010—
2015,it is obvious that topics detected by our method has a lower perplexity,comparing with word frequency weighing
based vectors named TF-LDA. In a condition of same number of topic words from the corpus, perplexity is reduced by
about 4. 87 % , which means CBOW-LDA model performs better. When acting CBOW-LDA method in hot topic on Stack
Overflow, TF-LLDA method was used to be compared as well,and this paper established a manual annotation standard
evaluation set and used Recall,Precision and F1 to contrast experiment results. This paper confirmed that the CBOW-
LDA method has better effect because each measuring value of CBOW-LDA is better than TF-LDA,which proves that
the hot spot mining effect of CBOW-LDA is good. Through ourexperiment, this paper effectively found out the hot is-
sues of the theme and hot words in nearly six years. This paper drew the conclusion that “Java” is the hottest topic in
the website,and “JavaScript” and “C” are the favorite words mentioned in questions from the users.

Keywords Stack Overflow, LDA-CBOW language model, Topic detection, Hot topic, Perplexity

PN FE H 1 :2017-03-21 & & H I .2017-06-11 A 307 B ZRHE TR (2012BAHO1F02) B2 i .
W = (1992—), & A, FEBFIE T ) N SCA B 42 38 - E-mail ; zhangjinghere @ whu. edu. cn; R B E (1965 —) . 1+, 4%, 1+ 4E S0,
FHWFFTTT 10 N B L B(E B R 4L, E-mail : bgzhu@whu. edu. enGEFEH) .



55 4 3]

B4 LHET CBOW-LDA FEHERIEIAY Stack Overflow 42 M ub 48 £ 8 L BAFSE 209

1 3l

il

Stack Overflow f&—A~ #1771 [ 41 g B2 7] 25 035, &2
FHP AL T — AN g Kk SR R R A 16 . b R
T 35 KB g R PO AT E R . LA Stack Overflow ] 8 i
B SCAS 5080 S W % 2, 2 B0 LT v 0 45 1R il o 2 4 AT [
RN AR AR ARV RE AR 2 P G G g RR AL 5 P R g
HEAT A 2G40 380 1 17 B S T B B 53 ok S 2% (g A,

p T TF 9% % 2 0 1% I 3l 1 Y S AR AR I, PR ok L L
Al A B T 48 8 SCAS R AT 5 BN SOAS 3 i e 32 8 A R B
SEIn) A5 JF B LA ME 3 Ak 1A I Bl B Ch 3k il ) LDA (Latent
Dirichlet Allocation) &= @A #FH & H B 14 )& IR M, 5 87E X
%2 SCAR HEAT T2 R A0 ) ) A7 AE SR e 4 M DA R 32 43 A A
B ), A SCHE Y T —Fp 3% F CBOW-LDA (1% 3 8 gt i 7
B, BISESR H 3L T CBOW i) 1] 2t 1) 7 2 % E A o ek 2 47 A8 {81
T R DL R IS RAE i A B RN R 82 LDA 3 i Al
SCA Y T SR, DT A 08 A L i 2 R ) B U v 3 K
R R A R, LI R R, S M AT
TF-IDF(Term Frequency-Inverse Document Frequency) fi¥) id]
fitfk LDA 7% TF-LDA # tt . CBOW-LDA B % 7% £ 4~ K [H
G - 25 RN AR TR R X LE ST P B R I S AR A R, B
FESCI T R R AL 4 B A TR R E R T 4
4.87% ,%H] CBOW-LDA ik HA B4t ae. [Wad, R
CBOW-LDA #f Stack Overflow #E4T #5442 i, 3 % TF-
LDA J7 @ 4 Lo S5, K 5 B 75 3 4K R [ BT 3 R
POAUANE 5 AR PRI AR AT X 1, 45 ) R ] CBOW-LDA
J7 i I A A A EROR FL(H 34 000, 150 B 52 36 19 RS 4
RRAA B AR, TS T CBOW-LDA T iR B A R 4
PR B ok A T R S R A 1

2 BERsSMEFRILIK

F R R Y HT AR RN SR 1 E Nz — FE A
T SCIEHE L& B DL S B FE S A B 2
iz
TEAH W ST TAE b, Blei Z:1Y 78 PLSI(Probability Latent
Semantic Analysis) it 3 fill [ $& H T — Fl B8 0% 38 B SCAS B
F R AR W 2 ) B LDA F AL AY, H 5 2 —
i) R SR Y =) DU R SR F A U R, LDA
FEEE R T BRI S I A R R i, B A TR T
B e T IR DR RSy R 9 Bl e ) Y 3 R
o PR BN A W 4 SCAR HEAT I S L O T
P K LAY OB R E R B L 22 BT 5 A T B SE 1Y
FESCRICLL LDA 3 BUBL TR Sy S il I 45 4 b 530 10 4 48 1) T
2, IR BRI 3 G SCAR B 2 IR R A A B Y Ok ok Bl
B FRUEAT R SORTE XRR B M R A A SR, 1
of 2 U A R TR HE SR A BB I, Miao 5T R T —Fh B A AR
AR AR R GEMESL L G5 G 09 F P AT RO 5 oA
Sk e U e A 32 0 L DA SR Twitter 55 31 R 45 19 32 8
HaF, Lee SEUR I T —Fh 45 & 32 U B 18 2800 SR B A
43 3T CosPC A B35 S A 850U 3 i 25 19 = R0 . W 260

T —Fh 2 I 4k BoW BRI 8 07 58, 415 SOR S RRAF B
S5 BAH )] 1 DL T 32 AR P R RSB SO A B 2
Wit 2 9% 5% 7 T Sharifi™) 5 B AR S8 SO (1 17 SC 4k BE v L, fif
FH— AN F Sk 4% SO T 32 326 14 32 00, DAGE P 0 Al Bk it
PG R AT A . Lee™ 38 3k 48 MR 19— Fh 7E 4R SUAR R
D5 A S R P S i R AR R SCERCT R T
— k% LDA 5 VSM(Vector Space Model) 4 4% & 1t 7 1 3k
T 5% Aok A A & TR, % 7 6 3 T TF-1DF (9 A 2 ] 1) &, 38 5
THE SCA (] A AR B BE SE BEAT SRS, AT IR A . LR TT
R BOTE S SOAS 2 T o B — LDA AR 7 VA T ek
REAIG T 1) it 1) 4% DD 44 2, B2 T T Ak BTk 8, (R 7 R 3R A
31 v T A 3T ) 5% 0 A R B i SO AT R S AR A
T AR 1 43 TR Ak B AR R v I )

EEXT LDA S BUBL R, 36 T4 2 4k 1) B ) il L 12 5 = 3
SCAR R4 TR VA B A B AR A e Y [ L A SCHE R 5T R OR
JH CBOW (Continuous Bag-of-Words) # 4 ) i) ] £ 77 ¥ , 5
SE CHE LA Y B2, B b AT R 2 R AL, CBOW i 5 A Al
J& Mikolov %17 F 2013 454 H 1y — Fh J& F 2L 11 5% 4 48 7 45
BT AR AR L 2R R R R SCAS TR B T SO Ll s A AR
YRS R R I (R (Y A [ i) e AR A 5@ o 1) ) e JR) f) 5 [ AR
6L Sfe Al 2 SCACTE ) B AR . SR AT AL T CBOW-LDA 1
FEEMIT 5 A CBOW 58 8 56 o 47 40 0 1) 28 26, 1 k47
J5 SR SO T B, BE R A A AT UAE S TR e AR A
P Job 3 2 R (8 A5 AR IR 3 R A3 A O T

3 CBOW-LDA & ksl

3.1 Word2vec 223 & 9

Word2vec J& Mikolov 45 3 T b £5 W £ B 8 F1 2 IR soft-
max J7 B OLAL R 0 — A~ FH, AT ATk s B R I 25 1)
i, Word2vee L3 T W5 Fh Il 2R AL RL, 43 i 2 1B 1 BT R 1Y
CBOW #il Skip-gram %,

Input Projection Output Input  Projection Output
w(t-2) w(t-2)

w(t) sum

w(t)

w(t+2) w(t+2)

(a) CBOW (b) Skip-gram

1 CBOW Fil Skip-gram f %1
Fig.1 CBOW and Skip-gram model

A& 1 A%, CBOW FI1 Skip-gram A5 8 4 40, & i A2 %X
R R, A, CBOW £ B 5@ i b~ 3k B 24wy
i, Skip-gram A A1 W i@ i 4 ET A Ok 0 K B R 3
Word2vec #2441 P E (L AL J5 122 8 42 v 3nl o] &2 1) VI 2R 3, o3
B2 A BE R % 9% (Hierachy Softmax) Fl 11 5 #£ ( Negative
Sampling) . ¥ Y ZRATRY AL A6 T7 05 #E4T 414, 43 3 4 Fhll 25
) [a) A AE SR, AN 3% 1 BT,



210 AN I A =

2018 4F

#£ 1 Word2vec iu] [ f2 Il 2 HE 42

Table 1  Word2vec word vector training framework
A CBOW Skip-gram
Hierachy Softmax CBOW-+HS Skip-gram+ HS
Negative Sampling CBOW-+NS Skip-gram—+ NS

N T RF R B A OB YNGR AE 4L, 5 5E 5 AR AL A

RBERIMEET . IR AT AR A E SCANT
O=Ex*T*Q (D

Hoh  E FR I s, T F2om 48R a5, Q |
PRI S . T S0 2 b 5%, H(E K 450 20 gt il v A
CBOW BRI Il Sk B2 FE N .

Q=N=+*D+D=* |V| (2)

Skip-gram B35 & 22 B R

Q=Cx (D+D=* |V (3)
Her, N £/R CBOW BB A Z M6 0K, o £ Skip-
gram & OB KN T ZR NG SCA R KN, D Fm & 52 4%
B IV 2R U 2B Rk Y 3 3 K/ o RIVAS [R] 381 35 (9 -4

L BT R 2% B 9 5 A U AT 40, Skip-gram (91153 & 24
FERE L FEI K . M Z T, CBOW [ Y1l 25k FH&J%U
LI G B R AR KA L CBOW AR B 48 i, i ad b 45 I
TVWA*ﬁﬁ%ﬂ%HUWW+HSWSMmmm+HSE

TR N 10 W 9 S 1 R 1 e FR AR N A 2% . B BRI R RS T R
RSz B ERFIREEFH. CBOW+NS Al Skip-gram +
NSHE 48 R T — Fp e AR A 7 15, B R AR K 7 SR 7 670 BB
S in-pRea T e A YN 2 R . B, A £ SR A 1Y O Tk e S R
a7 £k SR A o £ i IR AR

25 1 BB SN GRS B R B IR
B A R B SR A 4R N B CBOW + NS $2 R 18 9 #F 52
Word2vec #4353 L HESE
3.2 CBOW E LRl

CBOW B33 0 2 e £ 00 24 17 1) 1 7 SC i i 4 F B
2T 38 o A R ] e () ) 23 (R)AH LB St 52 R AH AL R 1 R
e, B L) Hulfman #f 4 F Al 4 # 4 Hulfman &, %7 44
A58 4 18] kS 8 T 4R i A SR o kAT N S, 20t A2
WE 2 Fias, EEA & AZE (Input) L % 52 2 (Projection) Fl i
H 2 (Output) 3 4B BE. 1 LLEE A (Context (w) » w) N ]
GX BB 5 Conteat (w) M w MHTIE ¢ AN BO , XYl it
FEAE R E LA

v(Context(w),)  v(Context(w),) v(Context(w)a.)
ANE — —— ——
Input @
B E ‘:’ summation

Projection G

W E
Output

Sample:v(Context(w),w)

Bl 2 CBOW #5026 25 1 7R B R

Fig. 2 Network structure schematic diagram of CBOW model

D AJZ & Context (w) W 2¢ /1) 1y 1d] [1] £ v (Con-

text(w) ) sv(Context(w)y) s+ yv(Context(w), ) ER" ym F
7 1) ) 2 1K B,

DB E AR 2c A m o Zmek A, i X, =
Ev((onte.zt(u) )ER”

30 % H 2 0 R — AR IR TR DA R S 1 3R
45 5 DL ) A T R T B0 OB BUME R R R Y
Huffman # . MARIY 8 FF 4f , B I 2 09 7% Z i % Hullman
BN L E 1T logistic 432, I HAS W A& 1F 4% o [1] [a] 42 1 1)
)i, B A8 TE o B 2 BROSCRRC10] . AL Y 5 vk A PR R R
LU
1.e=0;

2. Xy = > v(u;

u€ Context(w)
3.FOR j=2:1" DO
{
3.1 q=a(Xy 62
3.2 g=n(1—d—a);
3.3 er=etgl’,;
3.4 05 =0"; +gXu;
}
4. FOR u€ Context(w) DO
{
viw:=v(u +e;

XL A DG AT S BT

P AR 25 5 2 B3R 3] wo Xof B I 25 A B AR
1(w) R p o) LB 55 S I3

o * sigmoid PREL.

12 2 20 28 (EBR, X [ 1] A ) 16 T B R RO

O 05 s, 0p €R™BEAR pv T AR M- 55 20K B Ay ) 4,
0¢ R PEAE p HEE j AR S5 SO N R 1

dy s dy s dy € 10,1} 0 w B Huffman #ifS, & H 4 —1
DL RASFY L, dy KR BEAE pe WA AN G SO LY S A

Y pE sy BEAR P EPE‘J [ AGE R H P p FORIR
25 5, pi FRoN AR w XF I A 45 A

CBOW 4‘5'&&8"]1%1%E?I‘/ﬁl?l?ﬁ(EXEXﬂ‘i?ﬁ({U\?ﬁer%ﬂ(:

:Wg(‘ In P(W (2) | Context (W (1)) )

HRAE R AE SR, In P (o | w ) BRI A 2Rl

Wiy * o)+ DE-
HA L Ey, o 278 Huffman B H 1 7F SO H303E A 3] 79 4]
BE P 2% 78 B AN T8 B A 38 308 4 A, we 3R ORI R FE
Huffman # £5 )2 F1 3k B AR R 4L A 35 5 it M. 74 %] Huffman

o InGa(—2k * v ) (5)

TR B A% A B e R Y 1) [l it U 5 o I R A SCAR R A5 B
a2 JIUNTIIR =N
3.3 LDA EHi&s

LDA 8 R A i — AN SR - R =2

UL S ﬂﬁmﬁﬁkﬂiﬁ¢%@ﬁ£
73 (0] & 1K 1) STAY 24 1 Sy 38 R 2 [0) 1G4 3 ik
RKEWME 3 fiR,

F5 5 1] i)
o IR 1) AR



B4 sk 54 AET CBOW-LDA BRI Stack Overflow % 2 9o 5 UL BATFE 211
cefox] TERFREAR 22 54 )8 T CBOW-LDA 83k i 32 AU 3008
€1,

4.2 EHIER
C) - A6 1 SR I AR B R A R 1) 2 O
LER & Hi—— TR AR (Perplexity) fF 9 V7 47 #6657 . R A% 1 B
AN [remm,T) meft, v N R AL W) BT R R L R A i s
(1) Co)— () SR ()R
EZ 1 L émwu%»

€3 LDA 858 AL YA 1] #3218
Fig. 3 Directed probability diagram of LDA theme model
B3 K A KGM RSO BBG N, 25 m A
R4 A PR IR) B B A B T R Ay 2 343 4 19 Dirichlet g
BB H e 25D T Topic B9 22 W 43 £ #) Dirichlet 5% 16
S 2, 8 m A SCR P e A EE) B W, R m A SR
S n AN TR ASR 9, Mo AR E m A SR
T H) Topic 43 #i F1%E &k A4~ Topic I 43 A , il % 52 & 4 (%
4 Topic MO M &, J§ & & o 410 & (v R i o term 5
0O o LDA MR 32 R 80 A i SCA f i B A0 T
// topic plate
for all topics k€[1,K] do
sample mixture components ¢, ~Dir()
end for
for all documents m €[1,M] do
sample mixture proportion 9, ~ Dir(a)
sample documents length N, ~Poiss(&)
for all words n €[1.N] do
sample topic index z,,,, ~Mult(9,)
sample term for word w,, ,~Mult(e, )
end for
end for
LDA B¢ 2 U AU AR 5 SCAS 19 AH G A RN F
DX T E B =, # 4 Dirichelt 4347 Dir(®) 15 5% & & I
B — A~ B3] 22 351 503 A 1) B s
D MRYEIAS 4340 P A4S B SCAR BRI H N
3) #4E Dirichlet 43 i Dir(a) 15 3% A 1 — A~ F 1843 Aii
HEZE ] & 95
O X TIZSCARR N A B iy g — A m W, A9 1Y
Z I 734 Multinomial (9) W BEALZE £ — 4> T8 =, N F 48 =
1 2 X % A 44 53 7 Multinomial () H 28 £ — A BRLR A
w..

4 LWELERSN

4.1 ERAIRE

AR ICAH T sax B9 xml fif B 07 L AT R BE T ORVE T
SCHk [11] 89 StackOverflow = 2010 — 2015 4 F F* #2 7] i
POST #4451 R AR 25 tags F RS AR A8 citle SCAS 40 .
BHE W K2y 400 T3 IFHHE 2010 4F 1 H —2015 4 6 X 6 4F
R R ILY 730 T AR , 23 Bk Jo B X SCAR JG BEHL A 60
T3 A SCARAE g S 30 R

T — ARG CBOW-LDA B3k 78 K [Al A 7R 25 1 4 )
T P RE L A SE B 1 R A B BE ML IR 1 T .5 T .10 T3, 30
T3 A - SCAS BN A S %o b B 4 00 0 AT X B S S D IE

m

Perplexity(W)=exp{ } (6)

2N,
Horp oW RS sw, KA SO o v AT SO0 2 A 2R 3A]
P Cw, ) R BEHL A SR v, BAER N, Ry SO m (9 BRI
4.3 XWiEE
4.3.1 Ak A

SE AR 4 BTN . B S K AT E 09 8Os R AT 4
A 25 45 A AR BUIA] T 45 SCAR WAL B 5 SR U5 B AL B A %
A 1R J i B i A CBOW-LDA K #3947 SCA 3 15 g 45 ik
JF i Python F1 Matlab 45 % & 504 , 42 48 #4032 M8 A 44
EL RN

XA Eh

XA A

CBOW s
EEH A

Gibbs R # 1
LTX4 xt-EEaA | | ERAALLF
unans ||| | Lo |

#RHE ]

PET T
ehlal BES £

A
R0

Fig.4 Experimental flowchart

4.3.2 CBOW #§ A4 B R MY sk R
FIHT CBOW 18 5 1 Bl #E 4T SCA ] # f6 4b 3L, 152 8 A ¢
ZRFE 2 By, Hef CBOW=1,NS=1, HS=0 %1 R
14 J2 B SR B T SR S T vk
#2 CBOW WSHikE
Table 2 Parameter setting of CBOW

£ & M
Window FETxX#E I AN 5
Sample B A A TR AR 0
CBOW R E R Cbow H 3% 1

NS 2 % £ | Negative Sampling 77 3% 1

HsS & % X Softmax & % 0

CBOW J8 3k [ 4 1) 52 50 1) JH i 28 00 458 1) 5 9 8 IR AT
8 R ik SO B A5 5 B A Sy 1o ok 2 ) L LA e 4 2 ()
14 T8 3T B e, PR 3 T 9] 1) A SO R A Bk L i
5] i ek ] £ A% 52 B 9 A S0 OB 95 5 AR EE DT 2 ARG A0
A SRS LUTE BT B35 5 A SO B 28 ) B9 i 1 R A
LDA U5 o AR R

A5 X1 1) bk HEAT RO, 275 SCHRL 12, FEAR DL 9 1 (
BRE N 0. 75, 43 75 S 8 1 R4 A [a] e 7 2 o 19 X LE 4



212 AN I A =

2018 4F

YRE b oRAT 5256 B SCAS 151 Ak BR S B9 SCAS 4k 0R 8 5F CBOW
BN G5 A BRI [ AE S 0 SCAS 25 Ta) 4l B0k AT X H L 45 R
[ 5 s,

XA/ T

Y RBANTERT
5 SR A I 4 B A AR AL
Fig.5 Change of text dimension

i &5 AT AN R REAS 25 30 9 SCAS 4 76 38 i CBOW 46 7Y
WAL Z )5, SCAR A MG BIH T RIE T B AT T84 1
FEAER . B S 60 T FRLH XA ERE RIS
It PR RSO B I, LUE L — A B R XA R 4 )
FT B AL BB A LDA S USRI 347 SOAR 32 A A5
4.4 RS
4.4.1 AL FR

PRI S HP Y o R B 430 B 52 0.2 1 0. 01, Gibbs il
BESEAR KA 500, K R la e AR A, BEECE R 60 U7
AN 1) S5 0 1 RHEE RN 4 S 1 07 .5 U7 .10 U5 .30 T3
TR OB B AE A R B s R A i R AT 2 N Sk
¥, WE EEK K 2 BEE 5.10,15,20,25,30,35,40,45,
50, Xt H Bk vk SCHR(13 ] (9 3 F TF-IDF A9 A 5 7] ) &
LDA J5¥: (ffi5 2 TF-LDA 535  f6 A R AR A 75 & 48 2 AN
[Fi) 2 REE A AT %o L VO o 5 0 11 R R, A o A5 8 1Y) A 3R
B, CBOW-LDA Il TF-LDA 8 0 4k B3R 23 ) dn & 6
FE 7 s,

50
40

30
20
HREWTER/F O o0 B Y ES T8

K6 CBOW-LDA (1 [ 2% B 25 1k
Fig. 6 Perplexity changes of CBOW-LDA

30
20
PEEWTER/T 0 o 0 B E2 ¢

7 TF-LDA Y& 2% 25 4k
Fig. 7 Perplexity changes of TF-LDA

&l 6 s 7 w0, 78 55 5 0 #2 b, CBOW-LDA il TF-
LDA 35k 1 IR 2% 32 e A 25 10 R ™ i o A5 [ KK, il 6 AR
1438 i 2 ISR RIS 1S R AR Akt B, Horh, 7 A [ 1 S0
AR 2 B AN B B AR AL VS LY CBOW-LDA 5535 i) IR 2% i
151~ 260, 1 TE-LDA % v i B 2% BF Jy 162 ~ 302, A ik
CBOW-LDA ¥ Rl &% & 1) 7% sh v B 5B /I OF HL, 76 A5 [ S04 46
250 R R) 32 R84 14F T, CBOW-LDA # K 2 i % K T TF-
LDA 5k, & BiE W], 72 A W #E A 45 1 f4E £ T, CBOW-
LDA B3k B 3 B A Al o

T AE Jpe A 32 BB 3 % L 7 A TR) S I B AR A & &
B E T Ll 40 BT CBOW-LDA i % 76 K 5] 3 840 T 19 IR
RO R S R AU . AR ST IE R 60 T3 I T
AT R 6 A LA Y S5 B 45 R T, CBOW-LDA £
AR W 0 TR R OBE 7E X BB S 19, 77 B HUS /MR {E
1513, PR 3 J0R0 T IR A AR S 06 10 TF 109 de A 2 R
20,

g — R F A LR CBOW-LDA 5 TF-LDA &
B EAMERE 2 R RN T A I 60 JT R AR He T i
5 i 14 TR 2 R I S A B AR A i B B COLTEL 8 R 3D

250

——e—— CBOW-LDA%} 3%

oot TE-LDAJL 3

5 10 15 20 25 30 3 40 45 50

ST 4
[ N Y% O W R R R A D R
Fig. 8 Comparison of perplexity changes in different topic numbers
3 PIF TR RE
Table 3 Perplexity of CBOW-LDA and TF-LDA

EXiE- 4 5 10 15 20 25 30 35 40 45 50
CBOW-LDA 188 173 160 151 156 162 166 171 175 178
TF-LDA 197 189 176 162 160 165 170 178 182 188

3R T 2 A BB S B AR L AR RO
JLE (5~50) 9, M1 I T TF-LDA J5 &, A& 30 R B H CBOW-
LDA J7 i 1 IR X B BEAIR T 20 4. 87 %,

TEA RIS HOR 6 T 88 K 8 8 & ALME 20,6 Gibbs il
B 2 AR VR B4y B B R 1,100, 200,300,400, 500, U 22 R 2%
JE B 3 AR B A B L A B 9 TR . FR S B 5 BT A, T
#2 CBOW-LDA J ik B8R A T H TF-LDA 3y 4 2% iy ] 4
Ak T s o LI 5 ST R - 08 A AR R R T U 2 T
22 B HH A 1 I 7 R

CBOW-LDA 3%
TF-LDA 3%

0 100 200 300 400 500 600

HERAK
B9 IR R L Bk QU RO AR B 1

Fig. 9 Variation of perplexity when iteration number changes



55 4 3]

B4 HT CBOW-LDA FEHERIEIAY Stack Overflow 42 M ub 4 8 £ 8 L AFSE 213

LE4 bR 22 41X B B2 I BT, AR R TR R A 2R R 3 R
HEJE T ,CBOW-LDA J7 ik ¥ B 30 i3 L TF-LDA % A9 [ 2
JE FNFE 4 (4 Wi R BE 7, AT GIE B CBOW-LDA 53 1 44 g
HAE,

4.4.2 Stack Overflow # & 2 &

IBNEPERI

7E BB K BURAEME 20 (B R 00 F4 = 60 J7
B S2 36 1R BOHE HE AT 2 T CBOW-LDA 3 UK 8 (14 32 A 3 1
FREARE 75 B0 0 NI SR - B Ay A R RN A . AR R
& 20 AORIA] 3B 3 B4 A L AR iCET A B R R R &
R AN A SR $407T 32 R B 3R - O R O S 1T
AL . [, SR LT TE-LDA #9551 X 5236 35 Rk #E 47 32 8
B, IR AR BOZ O i T A 10 AT E B 10 SR,
R GE AE  SLg X AR

SR FHN T e 11 20 50 36 T ok 8 57 b o PRI 48, 808 & R
AT AR . FRIEFH WY 2010 — 2015 4F P4 4% i 381 % AH ¢
T, e AT 20 AN FATT A 3 M SR I AT AR i R L
FERTELE R I 40 G 80 31 08 808 J5 e AT HE )Y e, 1A o
10 AT F2 AR 10 A A 3R A b o PRI AE . N bR
S7 BRG] 3 RN B R A R o DT A A 10 R .

F Y i

Java los Android Sql C Python
Javascript Bk ETE giRE ) TAb B
A .

Java C Javascript Sql Php

los Android Data Error Python

Bl 10 N T Aw i v 4
Fig. 10 Manual annotation evaluation set
DV FE bR
PIE B RG24y U 12 R B JE 2 (E-4 &
R r(Recal) B HER p(Precision) Ml F1 {HAE b ¥FA 38 F5 2 PF M
POSIZIR I S PRROR . PR S BUIT J B 0 R AN 3R 4 g,
F 4 A REORE X

Table 4 Definition of evaluation coefficient

S IF R T Ak
ERESTES &3

SR F ARk
RELEL L

A0 0BT Ao

BT Y E ¢ b
HH AR T R E ( ,

AT E L E AL

RHABELR » FHER p S F1E X 0S5 3R IR 4
I AR BOR BT PR O A ST

r=—2— <)
a C
_a
p_aer (8
_2rp
Fl=2 (9
DRI

SR 2 F CBOW-LDA fy 3= 8 HE 458 J7 3 X Stack Over-
flow = 2010—2015 4F % A2 42 0] Wl A 44 17 32 A0 A8 48 1R Y 3k
AT A ISR o 5250 AR IR AT 1 (9 AT =8 AR A8 1) Y 45 51
35 4.

%5 2010—1015 4F Stack Overflow 1T [R]85 0 2448 33 30
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2010 to 2015

FARES E- 3 foEE 8! SR & -
Java 0.06101 C 25754
Sql 0.05281 Javascript 24381

A2 RiE 0.05173 Sql 18969

Android 0.05153 Php 17526

R %k 0.05134 Android 14716
H% 0.05115 Phone 13916
Tos 0.05104 Data 9928

NGRS 0. 05008 File 9462

XA AL FE 0.04972 Erro 9336

Java 4 % 0.04923 Jquery 5651

FH CBOW-LDA #l TF-LDA % 1% 52 36 15 Rk k47 $4 85
P24 8 ARG AT 32 R A R A5 AR 5N TR v T AR
PEAT S B B R O vk A A A R A E R P 45 R
%6 Jirg.

F 6 HOCIPMN R bR BE

Table 6 Values of related evaluation indexes
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