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Abstract: This paper aims at identifying limited-resourced similar languages such as Uyghur and Kazakh on short
conversational texts. Since collected Uyghur and Kazakh data are severely imbalanced, we leveraged a compensation strategy
and an assimilation method, found appropriate out-of-domain data to build a balanced Uyghur and Kazakh corpus. Then we
constructed a maximum entropy classifier based on morphologic features to discriminate between the two languages and in-
vestigated the contribution of each feature. Experimental results suggest that the MaxEnt classifier effectively discriminates
between Uyghur and Kazakh on the test set with the accuracy being 95.7%. In contrast, the CNN classifier performs much
poorer than MaxEnt classifier with accuracy being only 69.1%. Though much less preprocessing is applied, the classifier
outperforms the champion of the VarDial’2016 DSL shared task on test sets B1 and B2 by 0.6% and 1.2%.
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(n=1-2)

0.886 | =#FHi#% (string
kernel) KX 4% X 4y
4 Bt C kernel

discriminant
analysis)
XFEFENL, T
0 n JoHRAE

GW-LT3 0.920 | 0.919

nrc 0.914 | 0.913

UniBueNLP | 0.898 | 0.897

UPV_UA | 0.888

tubasfs 0.862 0.860

MFE 4 F1Z 5 AT LLE H, GW_LT3 7E 4 fiF

M2 —, ZRGMHER T F/F0 n JURHE
(n=2-6) MK n JTLRHAE (n=1-3), FI S
SEREAE AT IOAL, FEAE T E A WAL X 2 R,
ARGER T DT L, Xt Bl. B2 #ATHIITE
AU RS B 2 0l LEiZ R G 0.6%F1 1.2%. H
I, AR RGBS TE D35 KUK i SCA A 20X 4
YEAE AN, T A B Rb ) O XU R SO AR R
ERIF X 47 o

Xt Ee nre F1 tubasfs 24, XA RGEEH T
THEEA RIS, AR T E A n ook
fE, n 5k 1-6 Al 1-7, ARG A B1. B2 KIFE
WEBMRTXEAN RS, BRHEZESHEHE
A REAE 1 5 KM 3 8 28 o RO AR T8 5 1
N JCAFAE 1 SCRF R B AL 248 .

AN, ARGEABYE. BiBRE, F/H n
JUREE (n=1-4) FREUE T 95.7%FRE W 5, M 7E 4b
FEARAT S ) BL A B2 MR, n AR T 18] 7,

K i A0 ik 31 92.6% A1 89.0%. b —ANE A
fE£ T VarDial’2016DSL 3L 24T 55 FAE 55 — & L)l
ZRAB R U A AT A B GE . A5 T8 KU 6 S
AINGRERL . FHIE, RA) 08 XS JE AR B & & Fh
I, X285 18 3 (1) 18 Rk LU 37 B 0 k) B 3 A AR I 2R E R
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AT GO FEE T — AN YEE NS AT 5 KU R A
ERE, EHEERE EIGRE T — AR 2588,
XFAELE . PR IE IR B KU SR AT B AR . A
T AR R AL NS 0 )RR, FRATE T TR R
AR 7%, TR R SR T BUK FEARIT /43
AN B K SCA SR I AN 2538 ) o S0 45 SR IE B
BN R A T A A, IR BLAE X 4 B XU R SO AR
), W ds R H ) SCAR LT 8] SCAR B 3E A AE I 4B
ks

ARSLVHAE T — AN BRI 7 A8 14T XU R S
RATHIEAE S EM IR . WERERE, 772
THT 110 T 25 7 AAE A 2880 B0 3 190 40056 S T 5 850 O Rl R
s . Mhah, RREPUBEBEA KX e, 1BiE
C1iE A% 40 SCAS, 4FXF VarDial’2016DSL 3L 5 A4F 4%
TAESS 1 b =R W Jis = R0 4 o 18 1 AN A8
AR ) 0338 XK S SCAR ()98 AR A AR T R G
ROR .

TR T X 43 4 48 ARG 5 X — ZH AR T & kUi,
CNN 432528 7 A HU 75 AR (1 R0UR L 31X 55 SCiHR[18, 17]
PR —8. BATH M T — & R T,
TEARK I TAERBRATSHEIRK CNN 7 K2R AE Ak
HAEES GEEZMA. 75) AEARARME
R, FF 233 sk 7 i
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