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Problems & Ideas

* Problems of conventional stereo matching approaches:

— The accuracy of the dependency parser cannot be determined, which

may keep aspect words away from its related opinion words in a depen
dency tree.

— Existing research does not effectively integrate the affective nowledge
into the graph convolution network.
* |deas: A heterogeneous model that takes into account the
emotional information of the words themselves.

Update node gt

i features 1+1
Graph input g5
entimen e
entimes
i node \
i - node R \
— I ——— » (A
WO V4
node ,;/
N /

node]
Sentiment
node
Word
raw text: but the staff was so horrible to us . m:)(:e E ﬁ
syntactic . ‘ f
N oy g % " T
parsor l iy — nm‘!u! T Ry © g
Semantic ] = P —"‘/:/" ;
. y Heterogeneous Graph 1 e
@ ) . ‘J ) 9)
: o O At
—— — ) — O
hof@ple e p) 1 i O
i) — | iy

it - -

dependency trees Homogeneous graphs Text Bi-LSTM

based on dependency trees

Left: Heterogeneous graphs formed by introducing the sentiment information of words; Right: The training framework of the
whole model (Semantic-HGCN).



Main Conclusions

* (Conclusions:

— We introduce sentiment information of words to construct heterogeneous
graphs for aspect-level sentiment analysis.

— Our method consistently outperforms all compared models in both of
accuracy and macro-F1 scores on datasets Rest14, Laptop and Rest16. It
1s worth noting that our method outperforms all other methods for
Accuracy on all data sets.
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Left: Comparision results for all methods on the five datasets, where Acc means Accuracy, Mac-F1 means Macro-F1.Right:
Visualization of robustness evaluation of Semantic-HGCN.



