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ASPECT BASED SENTIMENT ANALYSIS (ABSA)

PREDICT SENTIMENT CORRESPONDING TO ASPECT(S) IN A REVIEW

*SEMEVAL 2014 TASK 4 : SUBTASK 2

ABSA challenge for reviews from Restaurant and Laptop domain
Classify aspects to Positive, Negative and Neutral Sentiments

* alt.qcri.org/semevald014/task4
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IMPORTANT MODELS

-~ RECURRENT NEURAL NETWORKS
- MEMORY NETWORKS

-~ TRANSFORMERS (BERT)



RECURRENT NEURAL NETS
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CAPTURE SEQUENTIALITY
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POPULAR VARIANTS
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MEMORY NETWORKS



CORE IDEA: MEMORY WHICH CAN BE

- READ FROM
- WRITTEN INTO
- JOINTLY LEARNED

COMPONENTS

- INPUT (D)

- GENERALIZATION (G)
- OUTPUT (O)

- RESPONSE (R)
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*COMPONENTS OF A MEMORY NETWORK

MEMORY NETWORKS,
WESTON ET AL., ICLR 2015

END-TO-END MEMORY NETWORKS,
SUKHBAATAR ET AL., NIPS 2015

* borrowed from Adrian Colyer’s blog
blog.acolyer.org/2016/03/10/memory-networks/
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USING PRE-TRAINED LANGUAGE REPRESENTATIONS

- FEATURE-BASED
- FINE-TUNING

BERT - BIDIRECTIONAL ENCODER REPRESENTATIONS FROM TRANSFORMERS

PRE-TRAINING

-~ TASK #1: MASKED LANGUAGE MODEL (MLM)
- TASK #2: NEXT SENTENCE PREDICTION (NSP)

FINE-TUNING

-~ PLUG IN TASK SPECIFIC INPUTS AND FINE TUNE PARAMETERS END-TO-END

RESULTING EMBEDDINGS ARE CONTEXTUAL AND CAN BE ADAPTED TO NEW DOWNSTREAM
TASKS

BERT: PRE-TRAINING OF DEEP BIDIRECTIONAL TRANSFORMERS FOR LANGUAGE
UNDERSTANDING,
DEVLIN ET AL., NAACL 2019
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LSTM BASED MODELS



LSTM MODEL
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EFFECTIVE LSTMS FOR TARGET-DEPENDENT SENTIMENT CLASSIFICATION,

TANG ET AL., COLING 2016




TARGET DEPENDENT TD-LSTM MODEL

sortMax |[O O O
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CONCAT

ASPECT PHRASE ASPECT PHRASE
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EFFECTIVE LSTMS FOR TARGET-DEPENDENT SENTIMENT CLASSIFICATION,
TANG ET AL., COLING 2016



TARGET CONNECTION TC-LSTM MODEL
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REVIEW SENTENCE

WisWoy oo o g Wi (s Wiy oo e g Wiy Wi g5 ee iy W

s 1 W, *AVERAGED FOR PHRASES

EFFECTIVE LSTMS FOR TARGET-DEPENDENT SENTIMENT CLASSIFICATION,
TANG ET AL., COLING 2016



MODEL ASPECT
(TARGET)

CONTEXT AROUND
ASPECT

ASPECT INFO. AT
EACH TOKEN

INPUT SENTENCE - SEQUENCE OF TOKENS

LSTM

TD-LSTM

TC-LSTM
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ATTENTION BASED LSTM

(I 1)

M = tanh([ Wit ])

Wyve @ en
o = softmaz(w? M)
r=Hal

ATTENTION
COMPUTATION

h* = tanh(Wpr + Wxhy)

FINAL
REPRESENTATION

ATTENTION BASED LSTM FOR ASPECT-LEVEL SENTIMENT CLASSIFICATION,
WANG ET AL., EMNLP 2016



ATAE-LSTM
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ATTENTION BASED LSTM WITH ASPECT EMBEDDING

Wyve @ en
o = softmaz(w? M)

r=Haol

M = tanh([ Wit ])

ATTENTION
COMPUTATION

h* = tanh(Wpr + Wxhy)

FINAL
REPRESENTATION

ATTENTION BASED LSTM FOR ASPECT-LEVEL SENTIMENT CLASSIFICATION,

WANG ET AL., EMNLP 2016



IDEA: CAPTURE IMPORTANT INFORMATION IN RESPONSE TO A GIVEN ASPECT

USE APPROPRIATE ATTENTION WEIGHTING SCHEME

AT-LSTM ATAE-LSTM

ASPECT REPRESENTATION
USED TO DERIVE LSTM
STATES

v

ASPECT REPRESENTATION
USED TO DERIVE ATTENTION

WEIGHTS



Sentiment

exp(y(he, tavg))
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CONTEXT AND
TARGET
REPRESENTATION

INTERACTIVE ATTENTION NETWORKS FOR ASPECT-LEVEL SENTIMENT CLASSIFICATION,
MA ET AL., IJCAI 2017



IDEA: CAPTURE BOTH TARGETS AND CONTEXTS AND MODEL INTERACTION THEM

TARGET

CONTEXT

INTERACTION

REPRESENT TARGET SEQUENCE USING AN LSTM

REPRESENT CONTEXT SEQUENCE USING AN LSTM

USE TANH NON-LINEARITY TO CAPTURE SIMILARITY
BETWEEN TOKEN (CONTEXT) REPRESENTATION
AND AVERAGE CONTEXT (TOKEN) REPRESENTATION
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ATTENTION EQUATIONS

Sentiment Class

Local Attention

Linear layer + Softmax$

Auto-encoder
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INPUT REPRESENTATION

EFFECTIVE ATTENTION MODELLING FOR ASPECT-LEVEL SENTIMENT CLASSIFICATION,
HE ET AL., COLING 2018



IDEA: TARGET REPRESENTED AS A WEIGHTED SUMMATION OF META-ASPECT EMBEDDINGS

META-ASPECT - CAN BE THOUGHT OF AS A GROUPING OF ACTUAL ASPECTS MENTIONED

SYNTACTIC INFORMATION IS IMPORTANT TO DETERMINE TARGET POLARITY

WORDS THAT ARE NEAR THE TARGET, OR HAVE A MODIFIER RELATION TO TARGET SHOULD
GET HIGHER ATTENTION WEIGHT



MEMORY NETWORK BASED
MODELS



9i = tanh(Watt [mi; Uaspect] + batt)
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DEEP MEMORY NETWORK

LOCATION ATTENTION

ASPECT-LEVEL SENTIMENT CLASSIFICATION WITH DEEP MEMORY NETWORK,
TANG ET AL., EMNLP 2016



IDEA: ITERATIVELY REFINE MEMORY USING CONTEXT AND LOCATION WEIGHTED MEMORY

CELLS
CONTENT ATTENTION LOCATION ATTENTION
COMPUTE IMPORTANCE OF MODEL THE IMPORTANCE OF THE
EACH WORD IN THE INPUT WORDS IN THE INPUT BASED ON
WITH RESPECT TO THE ASPECT ITS “DISTANCE” FROM THE ASPECT

MULTIPLE HOPS

DERIVE PROGRESSIVELY ABSTRACT
REPRESENTATIONS OF INPUT
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CONTEXT VECTOR

RECURRENT ATTENTION ON MEMORY FOR ASPECT SENTIMENT CLASSIFICATION,
CHEN ET AL., EMNLP 2017



IDEA: REFINE LOCATION-WEIGHTED MEMORY ITERATIVELY TO DERIVE INPUT
REPRESENTATION

MEMORY: BILSTM STATES WEIGHTED DEPENDING ON THE DISTANCE FROM TARGET WORD

UsSE A GRU TO (RECURRENTLY) REFINE ATTENTION WEIGHTED MEMORY



TRANSFORMER BASED
MODELS



Positive/Negative/Neutral

x = ([CLSL, ¢, ....q.,[SEP\.d,, ....d , [SEP))
hcLsl | hql | .. | hgm | hISEPl | hdl ..  hdn | hISEP] h = BERT(x)

BERT [ = softmax(W. hyc; g+ D)

ES1 EX B K E21 KX B A 5
ASPECT PHRASE dis -9,

REVIEW SENTENCE di,...,d,

BERT POST-TRAINING

BERT POST-TRAINING FOR REVIEW READING COMPREHENSION AND ASPECT BASED
SENTIMENT ANALYSIS,
XU ET AL., NAACL 2019



IDEA: FINE TUNED CONTEXTUAL REPRESENTATIONS HELP WITH
SENTIMENT CLASSIFICATION

FINE TUNING: DOMAIN KNOWLEDGE (REVIEW DATA) AND
REVIEW READING COMPREHENSION (RRC*)

- TUNE BERT MODEL TO LEARN BETTER REPRESENTATION OF WORDS

APPEARING IN REVIEWS
-~ ASPECT SENTIMENT CLASSIFICATION IS VERY SIMILAR TO RRC
PREDICTING SENTIMENT EQUIVALENT TO ANSWERING THE QUESTION ABOUT

THE POLARITY OF THE ASPECT

* RRC - Task and dataset introduced in the paper



LEADERBOARD

MODEL LAPTOP (ACC) RESTAURANT (AcCC)
TD-LSTM 68.13 75.63
ATAE-LSTM 68.7 77.2
IAN 72.1 78.6
LSTM+SYNATT+TARREP 71.94 80.63
MEMNET 72.21 80.95
RAM 74.49 80.23
BERT-PT 78.07 84.95
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