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Abstract Many Natural Language Processing (NLP) tasks have benefitted from the public availability of general-purpose vector
representations of words trained with large-scale datasets. Since pre-trained word embeddings only have general semantic features
from large corpus,it is often necessary to fine-tune these embeddings to make them more suitable for target tasks when it is ap-
plied to certain downstream tasks. But,the words with low occurrence frequencies can hardly receive stable gradient information
when fine-tuning. However,low-frequency terms are likely to convey important class-specific information in tasks for short text
classification. Therefore,it is necessary to obtain a better low-frequency word embedding on the specific task. To address the
problem, this paper proposes a model-agnostic algorithm, which optimizes the vector representations of these words according to
the task specifics. This approach leverages the update information from common words to guide the embedding updating on rare
words. It helps achieve more effective embeddings for the low-frequency words. Our evaluation on three public short-text classifi-
cation tasks shows that the proposed algorithm produces better task-specific embeddings for rarely occurring words,as a result,
the model performance is improved from 0.4 % to 1. 4% on these tasks. It proves the positive influence of low frequency words on
short-text classification tasks.which can shed light on short text classification tasks.
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Example sentences from text classification dataset

Table 1

The example sentences Label

What is considered the costliest disaster the insurance industry
ENTY:event
has ever faced?

LOC:other
LOC:other

What is the highest waterfall in the United States?

What is the best hospital for orthopedics in the country?

What are some good exercises for kids to do? ENTY :sport
What’s the largest U. S. agricultural crop by weight? ENTY :food
What is a research expedition in mountain climbing ? ENTY :sport
What are the snakes of New England? ENTY :animal
What is the world’s best selling cookie? ENTY : food
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Fig. 2 Description of K-th nearest neighbor algorithm
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Table 2 Summary statistics for datasets after tokenization

Datasets Train Test Classes Avg. L Vocab Fre. 3 Fre. 2 Avg. fre

TREC6 5452 500 6 10 8766 6443 5105 6

TREC50 5452 500 50 10 8766 6443 5105 6
TagMyNews 26084 6520 7 23598 13547 10238 11
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Table 3 Model configuration

Description Values

Pre-trained word embedding word2vec or GloVe

Filter region size (3,4,5)
Feature maps 100
Pooling 1-max pooling
Dropout rate 0.5
L2 norm constraint 3

Gradient descent method Adadelta
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Table 4 Confusion matrix of multi-classification

Predict Label
True Label

wl w2 w3
wl cll cl2 cl3
w2 c21 22 23
w3 c31 c32 ¢33
accuracy= EEELZU %100 % (5
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Table 5 Comparisons of accuracy on three benchmark datasets with

different pre-trained embedding

CRAL 20

Embedding Methods TREC6  TREC50  TagMyNews
no fine-tune 91.8 84.0 82.9
GloVe fine-tune 92.8 85.4 83.9
LeUp 94.0 86.8 84.3
no fine-tune 92.2 84.8 81.3
word2vec fine-tune 93.0 85.8 82.6
LeUp 93.6 86.8 83.0

A2 5 AT LLE il JH GloVe 1E K Fi Il 4k i) 1] 4, 1% 38
JERERI Y accuracy BEFET 1% ~1. 4 %0 , 1k B 4ol 00 45 1 fok 45
AU (1 0] o AR B T AT SRR B M W i m B T
BARE 55 (R AE . 76 S0 B9 LAt L, (8 7 LeUp 53 X I
ﬁﬂﬁﬁrﬁjiﬂ‘ﬁﬁ%ﬁ)ﬁaﬁﬂ% accuracy :lﬂ'#ﬂ::f%ﬁT
0. 4% ~1.4% RN WK T 2.5% ~16. 7% . [F
FEHL Y4 H word2vec A A UM R . 25 B, Tt
= H word2vec i 52 GloVe 1E Ry Il 5] 1] 12 , fl 4 7 - 8k
50 H BE — A R R T AR R R O HL A AR SO
9 LeUp J5 2k 1 BB A0 1] 76 1T 45 B0 His b i i) 1) 05 Jis o A8 10 3
R/ EH— LRI,

R T HE—PHR K EMEE D KX LeUp BRI
M A SCHE S B B b A A T OR[RL Y R BEAT SE 0 L U
XPLCAB B AN 3 FR . 2k BB AE B, W 4 K 48 5 kiR
[Ty A A8 H 2 R AR 26 B 1) 30, PR e A 21 S 5K A L
VG & R1,10], LERSE LeUp B ETEAR [ k18 B B9 55 5
Ak, I 3 AT LUE h, R25E i LeUp 51 %1% 431 48] 1] [n]
AT BT B AT LRSS R R RO AR T B LeUp fig
7 A5t TR T AR ) 3R] i) e A DG AT 55 O 4 YRR AR A S L AR
A Ao AR v AV AR ] 3 1] e R A 5B R 1 (] A (] B DA A
T 436 B T AV A0 300 A SO A JAT S5 R AR . 2 <4 B L B
F RO NS L X NN S S I WS SN
i, 4SS A 1) 1 23 1 BT U Bl L R R A A 3 i s )
S AR AR R 2 T SRR BLTT AN 2 ™ s 1 15 SR fBL . PR 0k B
ke THE R T RE S HG i SR 2

GLOVE-CC WORD2VEC-GN

—fll- GloVe with LeUp —fi— word2vec with LeUp

word2vec with fine-tune

GloVe with fine-tune

100
g e
S 09 X 09
§ 0% § o |-G |
3 090 S 090
1234567809101 1234567809101
K K

(a)LeUp of different K on TREC6

GLOVE-CC WORD2VEC-GN

—- GloVe with LeUp —— word2vec with LeUp

GloVe with fine-tune word2vec with fine-tune

A 090 A 090
S 088 S 088
S 086 |p-p—p-n-AA-R-n-RA S 086 | Il E
I 084 3 084
S 082 S 082
S 080 S 080

1 2345673891 11 1 234567389111
K K

(b)LeUp of different K on TREC50

GLOVE-CC WORD2VEC-GN

—#— GloVe with LeUp

GloVe with fine-tune

—— word2vec with LeUp

word2vec with fine-tune

accuracy

accuracy
Sooooo

SOESES
—>

090

088

A

082 "!"’"\"Hnnvaunc

0.80

1 234567891 11 1 234567891 11
K K

000000

(c)LeUp of different K on TagMyNews
B3 ORI kA LeUp BILFOER LR
Fig. 3 Performance comparison with LeUp of different £ on three

benchmark datasets
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