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What i1s the ALSC?
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The atmosphere is nice , but the dessert was dreadful.
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Peng Qi, Yuhao Zhang, Yuhui Zhang, Jason Bolton and Christopher D. Manning. 2020. Stanza: A Python Natural Language Processing Toolkit for Many Human Languages. In
Association for Computational Linguistics (ACL) System Demonstrations. 2020.
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https://arxiv.org/abs/2003.07082

Kok #

FUDAN UNIVERSITY

ALSC models
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ASGCN: Aspect-Level Sentiment Analysis Via Convolution over Dependency Tree, Sun et al. (2019)
RGAT: Relational Graph Attention Network for Aspect-based Sentiment Analysis, Wang et al. (2020)
PWCN: Syntax-Aware Aspect-Level Sentiment Classification with Proximity-Weighted Convolution Network, Zhang et al. (2019)



https://www.aclweb.org/anthology/D19-1569.pdf
https://www.aclweb.org/anthology/2020.acl-main.295.pdf
https://dl.acm.org/doi/pdf/10.1145/3331184.3331351
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PTMSs

PTMs

The chef who ran to the stores is out of food

f@ixg)=|[Ho(x\{z:})i — Hp(x\{zi,25})il|2
Structural Probe

Impact Matrix

Tree decoding algorithm

Dependency tree

Perturbed Masking Method
Structural Probe on Chinese

A Structural Probe for Finding Syntax in Word Representations, Hewitt and Manning (2019)
Perturbed Masking: Parameter-free Probing for Analyzing and Interpreting BERT, Wu et al. (2020)
FEIFK. (Jun. 10, 2020). (LB EBDEFEEDT ERBERTIA T PLXAER ) [Blog post]. Retrieved from https://spaces.ac.cn/archives/7476



https://www.aclweb.org/anthology/N19-1419/
https://www.aclweb.org/anthology/2020.acl-main.383/
https://spaces.ac.cn/archives/7476

Questions

What about the comparison between:
1. Tree induced from PTMs vs. Tree from dependency parser ?

2. Tree Induced from PTMs vs. Tree from task fine-tuned PTMs ?
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Experiments:

 Task: Aspect-level Sentiment Classification

 Datasets:
Rest14 pontiki et al., (2014)
Laptopl4 Pontiki et al., (2014)
Twitter Dong et al. (2014)
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ALSC models / \ Trees
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Experiments:
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Model Tree Features Tree Structure Restl14 Laptopl4 Twitter
Acec. F Acc. Fi Acc. Fi
BiLSTM - - 77.59 67.05 7006 6446 7139 69.45
Zhang et al. (2019a) 80.86 72.19 7555 71.05 72.15 7040
Dep. 8142 7287 7554 7166 7236 70.32
Topological Left-chain 80.89 7192 7398 6981 7196 7047
. .4
ASGCN Structure Right-chain 80.89 7192 7398 69.81 7196 7047
BERT Induced Tree 81.07 7287 7429 7042 7239 70.25
RoBERTa Induced Tree 81.16 7233 7476 70.0 72776 71.17
FT-BERT Induced Tree 81.87 72890 7485 7071 73.36 71.61
FT-RoBERTa Induced Tree 82.31 7353 7633 7276 7384 72.66
Zhang et al. (2019b) 8096 7221 76.12 72.12 - -
Dep. 80.89 7216 7586 7194 7210 70.75
Tree-based Left-chain 80.78 7237 7335 6941 7124 6942
- . . 4
PWCN Distance Right-chain 80.78 7237 7335 6941 7124 6942
BERT Induced Tree 8098 7204 7382 6935 7210 69.90
RoBERTa Induced Tree 81.16 7320 7398 69.94 7211 70.74
FT-BERT Induced Tree 81.33 73,57 7496 7093 7254 70.75
FT-RoBERTa Induced Tree 8240 73.69 7695 7321 73.84 7143
Wang et al. (2020) 8330 76.08 7742 7376 75.57 73.82
Dep. 82.14 74.62 7649 72.63 7457 72.57
Structure Left-chain 80.53 69.63 74.14 70.04 7341 71.99
RGAT & Right-chain® 80.53 69.63 74.14 70.04 7341 7199
Dist
istanee BERT Induced Tree 8127 71.76 7523 7047 7349 72.19
RoBERTa Induced Tree 8142 7179 7536 71.11 73.78 72.37
FT-BERT Induced Tree 81.60 7248 7596 7196 74.13 7247
FT-RoBERTa Induced Tree 82.76 7525 7743 74.21 7543 74.04

» Left/Right
Chain

* Dep.

BERT/RoBERTa
Induced Tree

VS

VS

VS

BERT/RoBERTa
Induced Tree

BERT/RoBERTa
Induced Tree

FT-BERT/ROBERTa
Induced Tree
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Analysis: Discussions

Great é but he serv1ce was W W

dreadful ‘ tons of great |wine| | desserts |

(a) The parser-provided Tree

/ 1/ N Vo Yeun Yam Y

Great service was dreadful ! We had tons of great food \wine| desserts

(b) The RoBERTa Induced Tree

m\([éirx(ffﬁ\ W

but dreadful ! tons great |food wme , desserts

(c) The FT-RoBERTa Induced Tree
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Analysis: Discussions

Kok #

FUDAN UNIVERSITY

 Proportion of Neighboring Connections

« calculate the proportion of neighboring
connections in the sentence.

» A neighboring connection links the word to its
left/right neighbor word.

Tree Structure Restl4 Laptopl4 Twitter
Dep. 0.509 0.500 0.509
Left-chain 1.000 1.000 1.000
Right-chain 1.000 1.000 1.000
BERT 0.710 0.690 0.741
RoBERTa 0.702 0.705 0.722
FT-BERT 0.606 0.519 0.666
FT-RoBERTa 0.506 0.480 0.485
* Left/Right /g BERT/RoBERTa

chain

« BERT/RoBERTa \/S

Induced Tree

Induced Tree

FT-BERT/RoBERTa
Induced Tree
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Analysis: Discussions
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 Aspects-sentiment Distance (AsD)

* the average distance between aspect and
sentiment words.

7

w;  C}
>y dist(Clw)

w C'=5,NC
AsD(S;) = .
(51) ] [C]
Si
AsD = S
S|

« C sentiment words set
» For Twitter —— pre-defined words set

» For Restl4 and Laptopl4 —— paired sentiment

words to aspect (pAsD)

Tree Structure Restl4 Laptop14 Twitter
Dep. 446/3.19  3.77/3.13 4.26
Left-chain 749/6.06  6.48/5.97 7.90
Right-chain 749/6.06  6.48/5.97 7.90
BERT 5.85/420 5.06/4.19 5.87
RoBERTa 5.05/3.61 4.49/3.67 5.39
FT-BERT 3.85/358  3.65/3.22 5.06
FT-RoBERTa 3.56/2.92  3.35/2.88 3.55

« BERT/RoBERTa \/S

Induced Tree

More sentimentword-oriented!

FT-BERT/RoBERTa
Induced Tree

12 ——



Analysis: Surprise
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Embedding Model Tree Structure it " Caiiact
Acc. Fi Acc. Fi Acc. Fi
BiLSTM | - 7759 67.05 70.06 64.46 7139 69.45
Static Embedding ~ LSTM+SynATT ? Dep. 8045 7126 7257 69.13 - -
AdaRNN * Dep. - - - - 66.30  65.90
TD-GAT * Dep. 80.35 76.13 74.13 7201 7268 71.15
MLP . 8535 7838 7836 74.16 7592 7441
BERT DGEDT * Dep. 8630 80.0 79.80 75.60 77.90 75.40
RGAT * Dep. 86.60 81.35 7821 74.07 76.15 74.88
RACL* - ; 81.61 - 73.91 : 81.61
MLP . 87.37 80.96 83.78 80.73 77.17 76.20
RoBERTa-ASC * Dep. 82.82 75.12 74.12 70.52 = =
LCFS-ASC-CDW * Dep. 86.71 80.31 80.52 77.13 - -
ASGCN Dep. 86.90 80.75 81.66 7831 7528 74.38
RoBERTa FT-RoBERTa 86.87 80.59 83.33 8032 76.10 75.07
PWCN Dep. 87.41 81.07 84.16 81.18 76.63 75.60
FT-RoBERTa §7.35 8085 8401 8108 T892 .52
RGAT Dep. 87.43 80.61 8343 8028 7442 7293
FT-RoBERTa 87.52 8129 8333 7995 7581 7491
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Conclusion

What about the comparison between:

1. Tree induced from PTMs vs. Tree from dependency parser ?
* Proportion of Neighboring Connections
 Aspects-sentiment Distance (AsD)

2. Tree induced from PTMs vs. Tree from task fine-tuned PTMs ?

« PTMSs adapt the implicitly entailed tree structure during the finetuning
» Tree from task fine-tuned PTMSs is more sentiment-word-oriented even than the

Z/ Tree given by parser
I
\ YES |
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Thanks !
Q&A
Paper link

Github link

Paerwithcode

Explainaboard

jqdail9@fudan.edu.cn
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https://arxiv.org/abs/2104.04986
https://github.com/ROGERDJQ/RoBERTaABSA
https://www.paperswithcode.com/sota/aspect-based-sentiment-analysis-on-semeval
http://explainaboard.nlpedia.ai/leaderboard/task-absa/
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embeddings [CLS] The crab cakes are | delicious | and the BBQ rib was perfect . [SEP]
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