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Progressive Self-Supervised Attention Learning
for Aspect-Level Sentiment Analysis

Jialong Tang, Ziyao Lu, Jinsong Su, Yubin Ge, Linfeng Song, Le Sun, Jiebo Luo
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Model Sentence Ans./Pred.
TNet-ATT The [folding chair] 1 was seated at was uncomfortable . Neg / Neu
TNet-ATT(+AS) | The [folding chair] 1 was seated at was uncomiortable . Neg / Neg
TNet-ATT The [food] did take a few extra minutes ... the cute waiters ... Neu / Pos
TNet-ATT(+AS) The [[food] did take a few extra minutes ... the cute waiters ... Neu / Neu
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Type Sentence Ans./Pred.
Train | The [place] is small and crowded but the service i1s quick . Neg / —
Train | The [place] 1s a bit '[DD-fDl‘ live music . Neg / —
Train | The service is decent even when this [Small [place] is packed . Neg / —
Test At lunch time ., the [place] is crowded . Neg / Pos
Test A 'small area makes for quiet [place] to study alone . Pos / Neg
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« Neural machine translation with supervised attention (Liu et al, 2016)

« Exploiting argument information to improve event detection via supervised attention
mechanisms (Liu et al, 2017)

« Who is killed by police: Introducing supervised attention for hierarchical Istms
(Nguyen and Nguyen, 2018)
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Iter Sentence Ans/Pred.| E(a(z"))| o,
1 The [place] is small and crowded but the service is quick . Neg / Neg 2.38 small
2 The [place] is (mask) and crowded but the service is quick . Neg / Neg 2.59 crowded
3 The [place] is (mask) and (mask) but the service is quick . Neg / Pos 2.66 quick
4 The [place] is (mask) and (mask) but the service is (mask) . | Neg/Neg 3.07 —
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Model LAPTOP REST TWITTER 2 03]
: Macro-F1 | Accuracy | Macro-F1 | Accuracy | Macro-F1 | Accuracy 20.62
MN (Wane etal. 2018) | 62.89 63.90 64,34 75.30 — — e
MN 63.28 68.97 65.88 77.32 66.17 67.71
MN(+KT) 63.31 68.95 65.86 77.33 66.18 67.78 0.6
MN(+AS,,) 64.37 69.60 68.40 78.13 67.20 68.90 0.50 1 | | | - . .
MN(+AS ) 64.61 69.95 68.59 7823 67.47 69.17 00 10 20 30 40 50 60 70
MN(+AS) 65.24* | 7053 | 69.15 | 7875 | 67.88* | 69.64* €q
TNet (Li et al., 2018) 71.75 76.54 71.27 80.69 73.60 74.97 MNICHBIFTARI> MNOE —BMEDRNER
TNet 71.82 76.12 71.70 80.35 76.82 77.60
TNet(+KT) 71.74 76.44 71.36 80.59 76.78 77.54 0.76
TNet-ATT 71.21 76.06 71.15 80.32 76.53 77.46 L —
TNeCATT(+KT) TT.04 76.06 TT.01 80,50 76.58 7746 0.74 - T
TNet-ATT(+AS,,) 72.39 76.89 72.04 80.96 77.42 78.08 o —e—gesT
TNet-ATT(+AS,) 73.30 77.34 72.67 81.33 77.63 78.47 5072 7 —+— TWITTER
TNet-ATT(+AS) 73.84* | 77.62* | 7290* | 81.53* | 77.72** | 78.61° E o
0.66 T T T . T . T T
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Model Sentence Ans./Pred.
TNet-ATT The [folding chair] i was seated at was uncomfortable . Neg/ Neu
TNet-ATT(+AS) | The [folding chair] i was seated at was ‘uncomfortable . Neg / Neg
TNet-ATT The [food] did take a few extra minutes ... the cute waiters ... Neu / Pos
TNet-ATT(+AS) The [food] did take a few extra minutes ... the cute waiters ... Neu / Neu
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Domain | Dataset | #Pos | #Neg | #Neu
or | o o
st | T |2 W0 e
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