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Aspect-Based Sentiment Analysis

Deep Context-and Relation-Aware Learning for Aspect-based Sentiment Analysis
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« Aspect-Based Sentiment Analysis (ABSA) = 22 Ll aspect 20{ =1} A=l ZHH S 2P0t = task QIL|CE ABSA= CH21}
20| 3A 37tA|2 Ltz 4= QELICE 1) Aspect Term Extraction (ATE), 2) Opinion Term Extraction (OTE), 3) Aspect-based

Sentiment Classification (ASC). 0| & =0, “Food is good, but service is dreadful” 2] 2&0|M ATE= “food”, “service” 2t
L2 aspect EBHES FE0t1, OTE= 2 aspectOf| TSt 2] A QI “good”, “dreadful’ & F&, ASC= 2} aspectOf| CHSH A

22E “food (good)”, “service (dreadful)” = ZIH4EHL|C}.

« 2|2 Pre-trained LMOj| 0] ABSA taskE joint trainingstd] 22 s SF 10 U2t ABSAN= A 3| THA|HO|
TAHELIC. B4, opinion2| & ZICHZ9| 2|07} Ot 2 MA|E BHHsh= 2|0| S O[55k= A0| BLELICE Ot
HO| £19] B “better” 7t “Japanese food” 2| S Y24 O|0|2 AEElE AMY EY & AR[T, LHZE HHE RO
O 22 342 HAt= 20|0|122, B (negative) 22 2FE|0{0F fLICt E5H, 5t 22 LHO 02 7H2| aspect/t
Y M aspect-opinion pairs S 2= Adh 21240 24 EM S ote A2 HS ofgsU

Examples (Ground Truth) Model Aspect (Polarity) ~ Opinion
Bl I've had better Japanese food (neg) ~~ RACL  Japanese food (pos)  better
at a mall food court. DCRAN Japanese food (neg)  better
B2 The sushi (neg) is cut in blocks ~ RACL sushi (neu) ~ bigger
bigger than my cell phone. DCRAN sushi (neg) bigger
bigger

smoothies (pos)

While the smoothies (neg) are a little  RACL .
fresh juices (pos)

fresh

E3  bigger for me, the fresh juices (pos) T best
, - -
are the best I have ever had ! DCRAN smoo.th.les (neg) bigger
fresh juices (pos) best

Deep Context Relation-Aware Network (DCRAN) 2 &2 H|OHStA-SLICEH YA, context& 2t subtask2|
AH0|M ZEHO 2 0|3HSHAH EF= aspect@} opinion propagation decoderS AAH|SHASLICH E5t, 0f2] 719
aspect®t opinion& E2I5t= H|0f 2t Q1 &= 719 self-supervised $EE HAH22H) 5 Teds 0|20 WS
82| benchmark H|O|E{All (REST, LAB) | M state-of-the-arte] s FU2 M, ablation A2 Salf

A otsts 20| ois ASstAgU . 28 A4 2= ot gt 25U

|0

« Self-supervised #HE DEIO| aspect-opinion pairg & L 2kst 4~ QA MASIHSLICH 1) Type-Specific Masked Term
Discrimination (TSMTD): 22+ W 2]9| Aspect, Opinion, OutsideES [MASK] token 22 2|2t5t0{, [CLS] token O repre-
sentatione S [MASK] tokenO| Ot ZdQIR| 2F6t= task RIL|Ct. 2) Pairwise Relation Discrimination (PRD): &2+ L

aspect-opinion pair% [REL] token2 2 z|2tst1 2|2tEl [REL] EZS0| AASt pair@l Z| [CLS] token representation 22

ZFote task YLICH

. Al5le of2f BQF ZH0| ABSAOlA 2 benchmark Cf|O|E{AIC 2 &R &|= REST-14, REST-15, LAB-140]| CHaH A DCRANS]
He8 7|2 baselinet Bl BIHE 2IAH5HASLICE.
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A3 HD} DCRAN-BERT,,, . 2F DCRAN-ELECTRA,, .. 7} 2E benchmark Gl O|E{AIO| A 228 OFst A BHALS BOjZ
SLCt 2t subtask®@l ATE, OTE, ASC= baseline 2 a7t ZAY35HF 2L, 0| & E&5H= ABSA-F19| A2 = HI0||A
A| 2ot DCRAN 20| F O 5 S-S B0 QASLICE

SFAL

LAPI4 RESTI4 RESTI5

ATE-FI OTE-FI ASC-FI ABSA-Fl | ATEFI OTE-FI ASC-FI ABSA-Fl | ATE-FI OTE-FI ASC-FI ABSA-FI
MNN (Wang et al., 2018) GloVe 7694 7777 65.98 53.80 8305 8455 6845 63.87 7024 6938 57.90 56.57
E2E-TBSA (Lietal.,2019) | GloVe 7734 7662 6824 55.88 8392 8497  68.38 66.60 69.40 7143 5881 57.38
DOER (Luo et al., 2019) GloVe 80.21 - 60.18 56.71 84.63 - 64.50 68.55 67.47 - 36.76 50.31
IMN— (He et al., 2019) GloVe 7846 7814  69.62 57.66 8401 8564  71.90 68.32 69.80 7211  60.65 5791
RACL (Chen and Qian, 2020) | GloVe 8199 7976 71.09 60.63 8537 8532 7446 70.67 7282 7806  68.69 6031
WHW (Peng et al., 2020) GloVe - 74.84 - 62.34 - 82.45 - 71.95 - 78.02 - 65.79
TKTN (Liang et al., 2020) BERTqs0 8089 7890 7342 62.34 86.13 8662 7435 7175 7163 1679  69.85 62.33
SPAN (Hu et al., 2019) BERT 41 ge 8234 - 62.50 6125 | 86.71 - 7175 73.68 | 74.63 - 50.28 62.29
IMN~ (He et al., 2019) BERT 410 7755 8100  75.56 61.73 8406 8510  75.67 70.72 69.90 7329  70.10 60.22
Dual-MRC (Mao et al., 2021) | BERTjqge 8251 - 7597 6594 | 86.60 - 82.04 7595 | 75.08 - 73.59 65.08
RACL (Chen and Qian, 2020) | BERTjqrge 8179 71972 7391 63.40 8638 8718  8l61 7542 7399 7600 7491  66.05
BERT . 8176 7884  77.02 65.18 8821 8636  78.67 75.77 7161 7586 7330 63.19

DCRAN (Ours) BERTjarge__ | _ 8340 7972 7875 _ 6807 | 8873 8607 8064 7728 | 7445 _ 7845 7630 67.92
ELECTRAy.,, | 85.69  80.19 7936 70.22 89.64° 8730 8412 80.00 77417 7880 7855 7167
ELECTRAuq. | 8561 7977  80.78 7147 89.67 8759  84.22 8032 | 7968 7990  77.99 73.67

AA| A OSH= self-supervised B 0| aspect-opinion pairg& 2 E25H=2X|0]| Ci5H ablationS ZISHstASL|CH A
Z1}, 2 A0 A AH|OHst B 0| Q1S [ff sentence-level accuracy 50| A ALl = A S SQISHFSL CH

REST14 RESTI15
ABSA-F1  Sent-level Acc. | ABSA-F1  Sent-level Acc.
Single- DCRAN_ELECTRApqse 78.62 74.48 66.23 67.69
Aspect w/o TSMTD & PRD 78.42 73.79 64.21 66.67
w/o TSMTD & PRD & AP & OP 77.45 73.10 62.50 64.29
Multiple- DCRAN_ELECTRAqse 81.19 64.24 68.20 52.34
Aspect w/o TSMTD & PRD 80.22 61.70 65.16 48.60
w/o TSMTD & PRD & AP & OP 79.88 61.39 64.84 46.73
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