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Abstract

Fine-grained sentiment analysis analyzes the emotional polarity of text from multiple angles, and
it has become a hot issue in the field of sentiment analysis. Different from previous LSTM net-
works in which the algorithm uses attribute information as the embedded vector and single-layer
attention mechanism, this paper proposes a multi-layer network based on hierarchical attention
mechanism, which can give different attention weights to words and sentences. To help the model
increase the attention to important parts, on the other hand use the entity information as the em-
bedded vector, which is more representative of the meaning of the target phrase than the attribute
information. The experimental results show that the model has achieved excellent results on the
SemEval 2014 dataset and is superior to the existing algorithms.
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Figure 1. Standard LSTM network architecture
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Figure 2. Layered attention network
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IR [ B R4 2R/ 300, J7 THIHR N ] M B 2 e 42 JT O H 0 300 B3] 28001 A3 e A LA AR R
a, KSR & I REUHE, )70 RE BN E K E o, SRR IS EE AT .
AR H tensorflow SKiEAT S5, Hor batch size K/NA 64, L, IEMIMLRECH 0.5, %2155 0.001.

4.1. BIE&E

A S0 K F B 5 & SemEval 2014 Task 4. HiE4E APPSR, B IFex R —NsEik
B I LR N P 17 B 1 o FRATTIPT A il 2 45 1o o SIS W A 87 P 155 SRR 2 o AR TR s G v L 1

Table 1. Data set emotional polarity classification statistics table

= 1. BEERRRIE S KGR

Positive Negative Neural
Asp
Train Test Train Test Train Test
Fo 867 302 209 69 90 31
Pr 179 51 115 28 10 1
Se 324 101 218 63 20 3
Am 263 76 98 21 23 8
An 546 127 199 41 357 51
Total 2179 657 839 222 500 94

4.2. STWEER

4.2.1. ERHRIIEE

AL S U IR 5 TC-LSTM, TD-LSTM %5347 74 oo SR I/& SemEval 2014 Task 4 1]
“restaurants” HELE, ZEIRLEE T aspect 5 aspect-term MR AN(E B, X BIRL “SLAR” IR
FE. M THEMA)T, RALEEEENRNE S, KAWL E ST 1A 1B . e, “ix
FARITEAERKN T, SRMEEX MR “Iis” , BERESILES T A AER, 20 Ew,
Wik, Mg, B, HAh, %2 R R.

Table 2. Entity information as the classification accuracy of each model of embedded information

2. IIMERIERBANE RN ERE S IEHR

Models Three-way Two-way
LSTM 82.0 88.3
TD-LSTM 82.6 89.1
TC-LSTM 81.9 89.2
AE-LSTM 82.5 88.9
AT-LSTM 83.1 89.6
ATAE-LSTM 84.0 89.9
HAT-LSTM 85.1 91.3
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4.2.2. MANERHRRILE
SEIG I JE K SemEval 2014 Task 4 N “restaurants” ¥4, A ER 2 AT fSEAAR [, ASFA) 2
THEMAT, KHBHEEBMENRNGEE, KAWL E SR S A 75 Bk k. b, “RXRET
SAERKRTT T B CRIT7 AERBANGEE, SRAW RS . 3 RS gi i,

Table 3. Attribute information as the classification accuracy of each model of embedded information

3. BHERIEABRNERH SRR FEHE

Models Three-way Two-way
TD-LSTM 75.6
TC-LSTM 74.3
AE-LSTM 76.6 89.6
ATAE-LSTM 77.2 90.9
HAT-LSTM 78.3 90.3

UL D TSk fE B, RIS BN IRAE B SRR A IR AT, U W ESIRLE 17 18
Brep SR (5 BB MG B B 2,
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ASCR T B TN R T A 8] (4 B 3m] AN]SR AR, SRS L AR AT 15 AR ek () i et A 5K
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XFF1514),  “The noodles tastes good, and the price is reasonable, but the service is not good” , [ 3 &
I~ VRS SRR “food” HIRSAEE, AJ H &R BRI BE K T~ (1033 = I8, ATLAE H “noodles” , “good”
BT 7 B R, B ) A A M R b R B T AR, X S ERAT UHAR T .
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Figure 3. Word level attention weight distribution diagram
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Figure 4. Sentence level attention weight distribution diagram
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Figure 5. Word level attention weight distribution diagram
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Figure 6. Sentence level attention weight distribution diagram
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