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Abstract
algorithm named deep denoise sparse auto-encoder. The algorithm takes the advantage of deep learning,

According to the characteristics of short texts, the authors propose a feature extraction and clustering

transforming those high-dimensional, sparse vectors into new, low-dimensional, essential ones. Firstly, L1
paradigm is introduced to avoid overfitting, and the noises is added to improve the robustness. Experimental result
shows that applying extracted text features can significantly improve the effectiveness of clustering. It is a valid

method to solve the high-dimensional, sparse problem in the short text vector.
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2



XA JE T 3 o A% B9 SCAS R AR 4R O SR 25T

t1=0,
22 EAEIHMHEHR
B A Shmge ez — M A x J5, B
SR AT LML, TR SRR T A 3 —
NI ZE Ry, PEHL sigmoid PREIE R I PR,
MR REERLER y STEMD L
RVERT, #3 2SR & 2, HAEAXILAE),
Y= Jo(x)=s(Wx+b), ()
2=, () =sWy+b') . 3)
G SHUE 0=(W, b}, BISEIE 0= (W,
b'yo Hoh WR—A d' xd WEEMFE, Wi Wi
e, W owr=w T, bR b R A
3l g o 1y 2 2] o B e T E 0y, ik B
PRl EA S m o REEREm AR x, B
MEE R R R, GBSO Ao, WX
(4) o ASSCHE TR 525 Bl Kullback-Leibler
B, m=(5).
6.0" = ar% r;}in L(x,z)= ar% r;}in L(x,g2,(f,(x)) (4)

L(x,2)=KL(x|z) - (%)
3l gt 25 >R 2 BB ARG B R S ik g A il
Zk, TEBA BT, A (6) T B A
W e w —1x LD 6)
oW
Horp [ 220 b M bRAMEIR . B
SRR A FNE 2 s, gt A igas i e 52
BT SCAAE S B RRE R R, 2 2] 3o B R 15 25 4 ol {2
UE T % 45 SR i S Wity A SCAS (1) 5 HEHRAE .
2.3 L13ENIEM4L
H 3wt 25 om R E LR iB R i Eas
P B B A B LA, BRSBTS
FEA MR IR R T 78 70 08 o B SOAR R 2540 25 7 4
K, FAMREE Z . R HEHE H B SR E
5, W T B A U R AE ) AN BB S SCAR 1Y
WA AYERE AL, USRI R AR AL ) A 2z,

4]
B |<— RS <—I

| &t
BEATLBE B F WAL 1 iRy

—] @A
Mgy " R

B2 EANBIREHREN

Fig. 2 Structure for auto-encoder
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