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Outlier Document Detection via Optimal Transport and k-nearest Neighbor

SHUI Ze-nong,ZHANG Xing-yu and SHA Chao-feng
School of Computer Science, Fudan University, Shanghai 200433, China

Abstract Outlier or anomaly detection is one of the research hotspots in areas such as data mining and machine learning,and re-
searchers have proposed a variety of outlier detection methods that can be applied to problems such as intrusion detection and
anomalous transaction detection. However, most outlier detection methods mainly target tabular data or time series data,etc. and
cannot be directly applied to outlier document detection. Existing outlier detection methods based on proximity generally measure
proximity by the distance of a document to the entire document set,failing to find outliers based on local considerations,and may
not be able to characterize semantic proximity between documents using Euclidean distance. Probabilistic model-based outlier do-
cument detection methods are too complex and define document outliers only globally. In response to these questions, this paper
proposes a new proximity-based outlier document detection method where we measure the outlier of a document by the distance
between the document and its k-nearest neighbor document. We introduce the optimal transport algorithm to calculate the dis-
tance between documents,based on the semantic information of the document obtained from word embedding vector and the topic
model. The method defines document outliers from a local perspective, using document distances that reflect the semantic proxi-
mity between documents. This paper conducts extensive experiments on two open source document datasets,and the results show
that the proposed methods outperform the benchmark outlier document detection methods in terms of four evaluation metrics. Ex-
periments also demonstrate the effectiveness of proposal of k-nearest neighbor based outliers and the impact of value k.

Keywords Outlier document detection, Optimal transport, Word mover’s distance, Hierarchical optimal topic transport
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ASHE A AL vME SR SCRY 48 JEA, py e SCREAS SCRY Y B
(B AR A AR S 52 2, BN & R A % B8 T SO Y
P T SCHRE6 100 SR FH 3k T B 0 B A R 0 s, DX i &R
G5 rp 0 AT 4 O SOAS B a8 S SR ) R AR A
M 2 6] B9 BR IS B (Euclidean Distance, EUC) 3 £
)T BT . A SC 32 T G T S R M A T SR 4G
Fk.

T 25 B0 B ARG T B B T B TR 1 B R . AR
AR 0 AT S5 SR H PCA 8 SVD X8 #E A7 [ 4 , SR I 7 33k
FT BT SR o T SCOA S 2 Al 5 4 A B Ui o AR E
SCRY R dn A Ak . AT RLSR PR 1A 3 s (A AR R (Al SC RS R
7~k TF-IDF [ &) , 8 % R FH 3 88 5 LDA (Latent Dirichlet
Allocation) ™ e £5 B 4 4~ SCHY 1 3 843 A7 , B3 FH J508 10 0%8 E
2 W 2% 2% 3937 (N word2vec™ ) | a] F (U1 sentenceZvec™) L)
B SCRY CnsR F 36T B 0 ALH i LSTM BEAD (i R, KR
S5 o BT SO ) B R R L VB SORY 22 R Y R B B U S
R B B . AR SO e Sk (10 B0 B B 5 L R T LT
SO BB A B R SOR A T i, S SORS B SR R 4R
JoB 22 TH] 1 BE 2 1 Dy B AR, OF B e Sobik (6 ] b o 12 i T Sk
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AT . AR SCR AT AR [ B ) i AR RN 3 R R Sk 3
N SR S iR T 5 e A i 32 0 SORY B B R UL L TR B
PE B (Word Mover’s Distance, WMD) ™ F1 /2 ¥ B % 4 3 i
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S SCRY 5 T R R 2 O v AR A SR B ) A A B S
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HA B 2 ALY 2 T AG I 7 12 Sk S8 N A T 228 SOk (1] 36
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TP 28 5 SCAR 3R R RS A 3 T S R SO A T i
FRAFH SCRY 5B A SORY 4R 1 BE B R A B B RE L O Tk R I3
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J/BATF N (DR 3CR d 19 k AR A

for i=1 to | DI

K AR /M S A SN, (d)
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Lh oC R SRS d /4 56 4%, R il da B 26 9 BA 51 3 T3] i 0 A
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TE R LA b B B SRS A T vk B, FRATT T L E A S Y
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(BoW) 165 78 ) K Wk JL LA 9 1% A 5% BE 5 v 58 I 1% 7R B0 S0 Ay
PR T8 SCAR I 1 o A1 O A SR T 6503 ) 2 T e U i o 179 SC
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B AL #IZ (Optimal Transport, OT) € 5% HL 2% 2% 3 45 45,
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Fig.1 Word mover’s distance
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R TR B AS SOy v AE R ST R T A T R
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HER R 1 FH, Ave. | DI 944> F3 % 40 8 (Y SCRY B0
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F1 HEESITFER

Table 1 Dataset statistics
Dataset Avg. | D] Avg. |d| V]
CLASSIC 1769.5 42.0 15640
REUTERSS 959. 25 35.3 15950

4.1.1 CLASSIC % # %

SR A R SOk [11 ] op 3040 3RS 9 R AR (R
7075 e SCRYRT 4 SRR I MG IR — AR 4 T 1 BT A SCRY B
A — A SR BSR4 A SR ED={D, , Dy ,D: D5 } .

D http: / www. dataminingresearch. com/index. php/2010/09/classic3-classic4-datasets

2 http: / www. daviddlewis. com/resources/testcollections/reuters21578/
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(DFTFHLFRMITEGER .. 3% k6 M & 1A
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B BRI A SO X b 2 SRR S R A AT
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fiE 22 5 PPAN S [R] SCAR 3278 T 4% R L 8 132 A5k o B80T 3 1 SO
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S50 F Hofh 5 v L 60 35 2 T 1 45 3 5 BT A9 NBoW-WMD J5
5, AT AR A R AR X L SO AR A b A 2] 45 B 32 A A L S £
B SCAGE X AE B R HOTT AE 5 4 3t & B8 SC A% = fa) iy B8
B . X T LDA-HOTT i & . R H GloVe i) [n] it #ix A J7 204
M BEAE T3 T Word2vec BY A [ fH80 A7 58,

(2) ¥£ CLASSIC %4 4 b, R A il 48 % /R ) NBoW-
WMD 7 #: t F NBoW-EUC #1 NBoW-COS, i it B i #fi 5
L B b DO EG L 8 0 A 5% B 8 A O A M R R SOAR IR R B B, T
KM LDA iy LDA-HOTT it F LDA-EUC, LDA-KL
LDA-COS, Ut B T J2 K B f5 {32 80 iy iz BE 3 LU R PG I 3 KL
RS R A % E BS BB O 4 M R R SCR R A9 BE B . i LDA-
HOTT HZ7E MAP T NBoW-WMD, f] fig & K % F
XA SRS A B SCRY T TR By AR % 1R B SO 1 B Ak
SR B AR ESURKE UER . SRS, AR T 5
Pk a2 B B (WMD Il HOTT) 76 A [R) 8045 4 Fl SCAR 7R F 4
FHLH T BRI R, WOR T B i B R RE A SO
Z IR T SC 22 5 L3 R T 3 T I R 0 S B SO AR AT 55

F 2 HT ORI BE A B R SORY G 1 BB X L

(DA SCR Y F £ 30040 BE 85 00 K60 J 325 78 14 B 1 IR
TEET B O s S 1 2RI T 1
(2 7= SCAE 1 d5c A0 i 32 B 85 2 7 o 88 B SORY o O R
I T e DL A DU SBOR 2 B AS SR Y B9 B O i 1 BE R 2
YRR E S 52 M /)N REAS AR 4 1 3R 7R SCAS ) 1) B
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Table 3 Outlier document detection performance comparison

based on different definition

X VRS MAP AUC Pre Rec
NBoW-EUC-C 0.011 0.385 0. 005 0.022
NBoW-COS-C 0. 204 0.916 0.327 0.401
NBoW-WMD-C 0. 307 0.925 0.433 0. 430

T LDA-EUC-C 0.061 0.673 0.113 0.091

NGy LDA-KL-C 0.271 0. 894 0.413 0.403
i LDA-COS-C 0.329 0.926 0. 446 0.479
LDA-HOTT-C 0. 446 0.932 0.543 0.596
P2V-EUC-C 0.037 0.734 0.042 0. 086
P2V-COS-C 0.298 0. 946 0.389 0.427
4.4.3  BEABNESH

TETTSCHY & 35482 100 2 596 b, AR 4R J5 A% £ HIE
K k=0.015|Cl. RERM kLI EEM R £ 17 XT

Table 2 Outlier documents detection performance comparison
) ) B8 0B e, — B Ve B 5 R : N e A == —
L o e B B — A 5 0 9 K/ T K O L 0
e .y 1= Ny Ay /‘ VL A
- 10,20, -+ AR T k5 5CEHS MK 0B TR K
NBoW-EUC  0.231  0.647  0.333  0.214 AR BRI RHE 0. 01 7% B SCRS AR b B SCAY L [ B 2K o
NBoW-COS 0.525 0.962 0.595 0.669 o v \ w
© o ’ o BRSO F] k20, 01 AL WEAP R JEBHECR ., RAFIHET
NBoW-WMD 0.633 0.979 0.804 0.737 . . .. R
LDA-EUC 0.582 0.876 0.667 0.611 k WANTE] 9 5 AR B, X LU B 88 1 SCRY A I 5 ik i Mg . W)
LDAKL 0431 0860 0501 0.5% L% B BAAE A LA B SCRY A B S T
LDA-COS 0.632 0.910 0.643 0.673 . . . N T )
crassic T TR, X5RATSZI B RV A/ £ 09 BUE S /N R
- 0.638 0.935 0.667 0.697 sl S LAE M N2 .
(GloVe) Z BB SO SR IEH (BRI . (R & i s, |
LDAHOTT oo 0. 880 0.667 0.655 o7 2 TE 8 1 SRS A 2 a5 T SR B B SRS (IR FH D
(Word2vec)
P2V-EUC 0.118 0. 564 0.202 0.148 T4 OARFEITBEM kAL HURERT
P2V-COS 0.455 0.852 0.513 0.574 Table 4 Sensitivity performance comparison based on different
NBoW-EUC 0.015 0.476 0.026 0.056 hods and & val
NBoW-COS ~ 0.348  0.933 0. 186 0.567 methods and £ value
NBoW-WMD  0.391 0. 962 0.515 0.576 k fh VS MAP AUC Pre Rec
LDA-EUC 0.429 0. 946 0.405 0.439 LDA-EUC 0.096 0.720 0.155 0.152
LDA-KL 0.183 0.908 0.242 0.396 h—0. 005 LDA-KL 0.047 0.778 0.595 0.669
LDA-COS 0.430 0.938 0.568 0.525 R LDA-COS 0.028 0.584 0.047 0.062
REUTERSS8
LDA-HOTT LDA-OT 0.094 0.777 0.121 0.158
(GloVe) 0.584 0. 964 0.692 0653 LDA-EUC 0.432 0. 941 0.561 0.528
LDA-HOTT LDA-KL 0.129 0. 886 0.171 0.225
0.527 0. 949 0. 634 0.618 £=0.01 o
(Word2vec) LDA-COS 0.261 0. 882 0. 342 0.363
P2V-EUC 0.053 0. 806 0.099 0.104 LDA-OT 0.490 0.958 0.569 0. 605
P2V-COS 0.327 0.951 0.429 0.469 LDA-EUC 0.429 0.946 0.568 0.557
0,015 LDA-KL 0.182 0.908 0. 225 0.330
4.4.2 BEAELE LT e LDA-COS 0.430 0.938 0.555 0.504
AN 58T A5 AL 2 W BRI T S 1 Je 4 A LDAOL  0.584 0964 0.892  0.699
. s N . e ) LDA-EUC 0.351 0.926 0. 486 0.513
PR 9 0 AN ] 5 0 SRS e SO R R T 9k B Tk e 2 R D R LDAKL 0. 248 0. 909 0,332 0. 399
5] k30T A0 0 B A rh 0 A0 B R A SR Y R o LDACOS 0,458 0.931  0.532 0.5
EVSENGRN NI ey N NN LDA-OT 0.563 0.953 0. 689 0. 648
B2, WSO IR .S IROSCHRC6 ], A SORE o 5 S SORY AR > .
] LDA-EUC 0.290 0.917 0.433 0. 450
PRI A SCRY 1Y ) e R R 0T A — R SO  SOR AR e AR oo LDA-KL 0.253 0.917 0. 337 0.500
By MR B Ak, B B B B . 22 3 %I il T 7 REUTERSS %% ’ LDA-COS 0.421 0.932 0. 489 0.542
LDA-OT 0.567 0.953 0.684 0. 642

P L BT Pl RRE B A I 7 U B PR RE L 3 3 H A Bl T Ik
JF8 C.RRETRPOLAWER. 55K 2 Y M1 REU-
TERSS #4481 3T £ 3 <8 05 2 4G 0 &5 5 #E 47 XF L, Al LA
S

AR SCIE Xof HE T AN [A) R B U EAT T A BT
A LDA £78 1977 ¥ 78 REUTERSS 3045 £ 1 1% £ ) 4
REDL T HoAt 7 325, Hvh i B0 R T=30, 3 T ok 45 X 3T



110

Computer Science FTHEMLFI2:  Vol. 48,No. 7, July 2021

3840 % F A E GRS B0 B2 m AT Ui, |2 4
H T 7 REUTERSS ¥4l 4 [ 32 17 4% A 56 1 15 3 B = A0 46 )
T B B A TEAR 38 AR BEAS 6] 3 8B AR 1k

~ EUC
- KL
05 |-+ cosT

- HOTT)

04
03
) /\/\
01
10 15 20 25 30 35 40 45 50
Topic number

MAP:Mean avelage precision

(a) MAP
~EOC [ ———0u
0950 {|-»- KL
0925 :%%?r'l_‘r/\\
0900
0875 /
0850

0825
0.800

AUC:Area nuder the
ROC curve

100 15 20 25 30 35 40 45 50
Topic number

() AUC

-~ EUC
—— KL
-e- COST

|~ HOTT|

7
/—”\

10 15 20 25 30 35 40 45 50
Topic number

e
[

=4
=Y

o
o

05% of docurments
s o
& =

Pes@.5%:Precision at rank
o
I

e

()Pre@. 5%
- EUC /-\\
[~ KL
-e- COST

10 15 20 25 30 35 40 45 50
Topic number

=4
>

1=
o

of docurments
s o
& R

[
S

Rcl@2%:Recall at rank 2%

(DRec@2%

Bl 2 R[] 5 R S A
Sensitivity analysis based on different topic numbers
A SCHE T 3 TF IS R R A 4B A0 B B SR
Kol 7 . SR T 8 XCTE SCAR B Rl 48 3R OR 1 04 1) W 3h R B
(WMD) , 325 4 i) [) & A 3= 804 A (14 )2 W R 35 4 3= 081 o a2
(HOTT) FE B K 2 m SCAR M BE S 0 SO 5B 19 £ 348 2 15
A L P R A 2 SC RS A B R AL, OR300 7 & X 9 R SRS A
GESLSE IR AR SCTE AN TF IR SCAS BOHE 4 B lE AT TR EE ST
B, R T AR SOy A At I R T 4 TR 4 SR 1 R R SO
R S O . RS RAT N ek 22] k(23] —# L B R
LT o AR 3 R R AR 45 G s LT g R R SO L 4 A B A g
B HEAT B T SRS A I A

% X M

[1] AGGARWALC C. Outlier Analysis[ M]. Springer Publishing

Fig. 2

HRIE

Company, Incorporated,2015:237-263.
[2] LI CJ.ZHAO S N, CHI Y X. Outlier Detection Algorithm

[4]

(5]

(6]

[7]

L8]

9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

Based on Spectral Embedding and Local Density[]J]. Computer
Science,2019,46(3) :260-266.

GOU J.MA Z T,ZHANG Z C. PODKNN: A Parallel Outlier
Detection Algorithm for Large Dataset[ ]J]. Computer Science,
2016,43(7):251-274.

YIN N,ZHANG L. Research on Application of Outlier Mining
Based on Hybrid Clustering Algorithm in Anomaly Detection
[J]. Computer Science,2017,44 (5):116-119.

ZHUANG H,WANG C,TAO F,et al. Identifying semantically
deviating outlier documents[ C] // Proceedings of the 2017 Con-
ference on Empirical Methods in Natural Language Processing,
2017:2748-2757.

LARSON S,MAHENDRAN A,LEE A,et al. Outlier Detection
for Improved Data Quality and Diversity in Dialog Systems
[C]/NAACL. 2019.517-527.

BLEI D M,NG A Y,JORDAN M 1. Latent dirichlet allocation
[J]. Journal of Machine Learning Research,2003,3(Jan. ):993-
1022.

MIKOLOV T,SUTSKEVER I,CHEN K.,et al. Distributed rep-
resentations of words and phrases and their compositionality
[C]// Advances in Neural Information Processing Systems.
2013:3111-3119.

ARORA S,LIANG Y,MA T. A simple but tough-to-beat base-
line for sentence embeddings[ C]// 5th International Conference
on Learning Representations, ICLR. 2017.

RAMASWAMY S,RASTOGI R,SHIM K. Efficient algorithms
for mining outliers from large data sets[ C]// Proceedings of the
2000 ACM SIGMOD International Conference on Management
of Data. 2000:427-438.

KUSNER M,SUN Y,KOLKIN N,et al. From word embeddings
to document distances [ C] // International Conference on Ma-
chine Learning. 2015:957-966.

YUROCHKIN M, CLAICI S,CHIEN E, et al. Hierarchical opti-
mal transport for document representation[ CJ // Advances in
Neural Information Processing Systems,2019:1599-1609.

LE Q, MIKOLOV T. Distributed representations of sentences
and documents [ C] // International Conference on Machine
Learning. 2014:1188-1196.

ROUSSEEUW P J,DRIESSEN K V. A fast algorithm for the
minimum covariance determinant estimator[ J]. Technometrics,
1999,41(3):212-223.

PEYRE G.CUTURI M. Computational optimal transport[]].
Foundations and Trends in Machine Learning,2019,11(5/6):
355-607.

CUTURI M. Sinkhorn distances: Lightspeed computation of op-
timal transport[ C] // Advances in Neural Information Proces-
sing Systems. 2013:2292-2300.

XU X X.Research on Text Similarity Algorithm Based on
WMD Distance [ D]. Taiyuan: Taiyuan University of Techno-
logy,2019.

JESUS A M D,CACHOPO C. Improving methods for single-la-
bel text categorization[ D]. Instituto Superior Técnico,Portugal,
2007:1-141.

LAU ] H,BALDWIN T. An Empirical Evaluation of doc2vec



KA 55 T T I8 R - 30T 408 Y 25 T SCR A6 )

111

[20]

[21]

[22]

[23]

with Practical Insights into Document Embedding Generation
[C] // Proceedings of the 1st Workshop on Representation
Learning for NLP. 2016 .78-86.

PENNINGTON J,SOCHER R,MANNING C D. Glove:Global
vectors for word representation[ C] // Conference on Empirical
Methods in Natural Language Processing. 2014 :1532-1543.
CAMPOS G O,ZIMEK A,SANDER J,et al. On the evaluation
of unsupervised outlier detection: measures,datasets,and an em-
pirical study[ ] ]. Data Mining and Knowledge Discovery, 2016,
30(4):891-927.

XU H,WANG W, LIU W,et al. Distilled wasserstein learning
for word embedding and topic modeling[ C] // Advances in Neu-
ral Information Processing Systems. 2018:1716-1725.

DIENG A B,RUIZ F ] R,BLEI D M. Topic modeling in embed-

ding spaces[J]. arXiv:1907. 04907,2019.

—
- >
R
-

SHUI Ze-nong, born in 1994, postgra-
duate. His main research interests in-
clude natural language processing, data

mining and software engineering.

SHA Chao-feng,born in 1976, Ph.D, as-
sociate professor. His main research in-
terests include machine learning and da-

ta mining,natural language processing.



