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Very Short Texts Hierarchical Classification Combining Semantic Interpretation and DeBERTa

CHEN Haoyang and ZHANG Lei

State Key Laboratory for Novel Software Technology.Nanjing University, Nanjing 210023, China

Abstract Text hierarchy classification has important applications in scenarios such as social comment topic classification and
search term classification. The data in these scenarios often exhibits short text features,which is reflected in the sparsity and sen-
sitivity of information. It poses great challenges for model feature representation and classification performance. The complexity
and associativity of the hierarchical label space further exacerbate the difficulties. In view of this,a method fusing semantic inter-
pretation and DeBERTa model is proposed,and the core idea of the method is as follows:introducing the semantic interpretation
of individual words or phrases in specific contexts to supplement and optimize the content information acquired by the model;
combining the disentangled attention and enhanced mask decoder of the DeBERTa model to better grasp the location information
and improve the feature extraction ability. The method firstly performs grammatical disambiguation and lexical annotation on the
training text,and then constructs the GlossDeBERTa model to perform semantic disambiguation with high accuracy to obtain the
semantic interpreted sequence. Then the SimCSE framework is used to make the interpreted sequence vectorized to better charac-
terize the sentence information in the interpreted sequence. Finally, the training text passes through the DeBERTa model neural
network to get the feature vector representations of the original text, which is then summed up with the corresponding feature
vector in the interpreted sequence,and passed into the multi-class classifier. The experiments select the very short text portion of
the short text hierarchical categorization dataset TREC and expand the data,resulting in a dataset with an average length of 12
words. Multiple sets of comparison experiments show that the DeBERTa model proposed in this paper with fused semantic inter-
pretation has the best performance,and the Accuracy,Fl-micro,and Fl-macro values on the validation and test sets are much bet-

ter than other algorithmic models, which can well cope with the task of hierarchical categorization of very short texts.
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Fig. 1 Model structure fusing semantic interpretation with DeBERTa

2.1 MBERFINER

A T35 20 3 B R LA B3 PR AR T SR R SRR A A
A A e O A R A B A R 7 1 AR BT ] expert. ai B
APT AT 1 0 i Sia AR T 25 AN 2 B S8, A

TR T 50 2% BEHLECHE i 4 BLZ5 2R L IEAf 3Kk 1002,
ADV AUX DET NOUN
Why does the tide
VERB CCONJ VERB PUNCT
rise and fall ?
& 2 8k i) 5 i) AR

Fig. 2 Syntactic parsing and part-of-speech tagging
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Table 1 Context-Gloss Pairs
Context-Gloss Pairs Label
[CLS]How - since you “reviewed” the objectives:
program? [ SEP] reviewed:a variety show with topi- False
cal--[ SEP]
[CLS]How - since you “reviewed” the objectives
program? [ SEP] reviewed: look at again; examine True

again [ SEP]

“ Why : the cause or intention underlying an action or situation,
especially in the phrase ‘the whys and wherefores” # does : engage in
# the : the # tide : the periodic rise and fall of the sea level under the
gravitational pull of the moon # rise : move upward # and : and # fall :
move downward and lower, but not necessarily all the way # ? : ?”

3 gkl
Fig. 3 Semantic interpretation
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Table 2 Sample data

XK kS
39(NUM. date)

When did the neanderthal man live ?

How can 1 enforce new rules to a group of
youngsters who have been allowed to do as they 26(DESC: manner)

please.

# 3 AR
Table 3 Partial label distribution

AR E
2(ENTY :animal) 178
4(ENTY :color) 150
9(ENTY : food) 157
20(ENTY : techmeth) 149
25(DESC: desc) 407
31(HUM:desc) 159
33(LOC: country) 208
48(NUM : volumesize) 163
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Table 4 Environmental parameters

# 4 5 B
PyTorch 1.10.0
Python 3. 8(ubuntu20. 04)
Cuda 11.3
GPU.:V100-32GB(32 GB)
CPU:10 vCPU Intel Xeon Processor(Skylake,IBRS)

3.3 XWBERSHM

N T FEAT I UE A 1 SUAR B L B DeBERTa A5 51 5 34 5%
W J1 SCAS R R A 28 R A AhE, SE I BRI T — S AT SO A
SRR I E T 11 4508 1A Bi-LSTM™, — Ff X i)
15 3R 22 o) 28 45 A0 2) /U BERT, 3 T Transformer-encoder )
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SR BERY DistilBERT; 7)1% RoBERTa, X BERT i 4 4L i 9l
A S 8) Bl 15 AR B RoBERTa;9){{ DeBERTa;10) il
A U BER) DeBERTa; 11) HIAGM #8581, — Fh 3E T 2 1k
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R HCHE A S T AR MR G TR AR, N
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Table 5 Experimental results
Model Validation Test
Accuracy Fl-micro Fl-macro AUCmicro Accuracy Fl-micro Fl-macro AUCriicro

Bi-LSTM 55.72 55.72 32.44 77.40 58.76 58.76 39.19 78.96
BERT 88. 84 88. 84 82.03 94. 30 86.28 86.28 85. 65 93.00
BERT+SI 90. 04 90. 04 83.05 94.92 90. 34 90. 34 85.98 95.07
TextCNN 69. 32 69.32 55. 89 94. 34 67.26 67.26 54.89 83.29
DistilBERT 70.11 70.11 59.79 84.75 67.56 67.56 57.18 83.45
DistilBERT + SI 74.90 74.90 71.08 87.19 77.11 77.11 72.31 88.32
RoBERTa 91.63 91.63 90. 31 95.73 90. 85 90. 85 87.91 95.33
RoBERTa+SI 92. 34 92. 34 90. 78 96.09 93.22 93.22 92.52 96. 54
DeBERTa 91.33 91.33 89.43 95.58 90. 95 90. 95 88. 25 95. 38
DeBERTa-+SI 93.14 93.14 91.78 96. 98 93.82 93.82 92.62 96. 85

HiAGM — 79.65 74.60 — — 78.09 72.22 -

6 AR AITEGN Accuracy 43
Table 6 Detailed Accuracy distribution of the optimal model

Label: Accuracy

Label: Accuracy

Label: Accuracy

Label: Accuracy

Label: Accuracy

“ABBR-abb’:1.0
“ABBR-exp’:1.0
‘ENTY-animal’ 0. 94
“ENTY-body’:1.0
‘ENTY-color’:1.0
‘ENTY-cremat”’ 0. 89
‘ENTY-currency’:1.0
‘ENTY-dismed’ :0. 78
‘ENTY-event’:1.0
“ENTY-food” ;0. 94

‘ENTY-instru’ :1. 0
‘ENTY-lang”:1.0
‘ENTY-letter” ;1.0
“ENTY-other” ;0. 80
‘ENTY-plant”:1.0
‘ENTY-product’ ;1. 0
‘ENTY-product” ;0. 83
“ENTY-sport” ;0. 94
“ENTY-substan’:0. 93
‘ENTY-symbol”:1.0

‘ENTY-techno’:0. 79
‘ENTY-termeq’:0. 75
‘ENTY-veh’:1.0
‘ENTY-word”:1. 0
DESC-def” ;0. 84
‘DESC-desc” ;0. 89
‘DESC-manner” ;1. 0
‘DESC-reason’:1. 0
‘HUM-gr’:0. 94
‘HUM-ind” ;0. 99

‘HUM-title” : 1.0
‘HUM-desc”:1. 0
“LOC-city’ :0. 88
‘LOC-country”:1.0
‘LOC-mount” ;0. 83
“LOC-other” ;0. 95
‘LOC-state” ;1.0
‘NUM-code” ;0. 85
*NUM-count” ;0. 92
‘NUM-date’ :1. 0

‘NUM-dist”:1.0
‘NUM-money” :1. 0
‘NUM-ord’:0.73
‘NUM-other” ;0. 86
‘NUM-period”:1.0
‘NUM-perc’:1.0
‘NUM-speed”:1. 0
‘NUM-temp”:1.0

“‘NUM-volsize” ;0. 94

‘NUM-weight’:1.0
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Table 7 Performance of DeBERTa+SI
RN e R Accuracy Fl-micro Fl-macro AUC
K E 1 92. 64 92. 64 91.13 96. 24
HAE % 1 92. 44 92. 44 91.10 96. 08
WK & 2 93.33 93.33 92. 45 96. 60
A% 2 93.03 93.03 91. 54 96. 45

8 HH T IR AT BEAITE X 3 A 43 R A 119 F1-mi-
cro,Fl-macro M¥EE 2. WNE 7T ME ST LIFEW .7
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TR AR LRI B R B . R T HE—
AT R AL T B G O UL v FBCA R AF Az AL RR ), S ik
Twitter US Airline Sentiment {45 42028 do & BE /N T 90 B %K
PEIEAT T AN FE S, B R E LR 9 B o, S 5 4 2R
F 10 g, F 10 sl LA L Rl 3 SCRE B R DeBERTa
B AR ALK 1H B A e 0 9 1 68 3 DA T 5 B 77 A SC 7 12 TE W)
0 A DLV O B RATRIZALRE T .
F 8 A4S R 35X B 2 B Y B (RO 22
Table 8 Mean and variance of performance of partial models

on test set

HE VE
A - ;
Fl-micro Fl-macro Fl-micro Fl-macro
DeBERTa+SI 93.26 92.07 0.23 0.44
DeBERTa 90. 49 88.12 0.15 0.12
RoBERTa+SI 92.62 91.74 0.26 0.37
RoBERTa 90. 11 87.74 0.46 0. 81
BERT+SI 89. 64 85.79 0.32 0.49
BERT 86. 37 85.58 0. 20 0.11
TextCNN 67.20 53.79 4.91 4.69
*9 HIEgEIER
Table 9 Dataset formats
FHKE %% i & R &
64 2761 578 579
# 10 AR
Table 10  Additional experimental results
Wit & U
A
Fl-micro Fl-macro Fl-micro Fl-macro
DeBERTa-+SI 94. 65 94.22 94.30 94.02
DeBERTa 93.09 92.48 92.90 92.51
RoBERTa+SI 94.47 93.95 93.42 93.06
RoBERTa 92.97 92.38 92.56 92.13
BERT+SI 93.43 92.81 93.09 92.52
BERT 91.32 90.61 89.08 88.32
TextCNN 82.74 — 78.36 —
GERIE A XRRSCARZ A M PR AR SR I T —
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