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summarizing user opinion from reviews             with subjective emotions  about an entity 
(e.g., a product, hotel, or restaurant).
 

Opinion Summarization 
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Summary

Reviews
Multi-document input 

Hard to obtain



Previous Research 
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Architectures: Encoder-decoder based on AE\VAE\DAE

Training: Reconstruction Loss

Inferece: Review aggregation  



Emotional bias 

6/21

The postive is too many !

83.5% in Amazon

72.3% in Yelp



Our Work
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Contribution:
Ø Discover the sentiment  bias in opinion summarization.

Ø Propose the model-specific debias model DE-VAE based on sentiment 

disentanglement. 

Ø Propose the model-agnostic debias methods PairDA based on counterfactual 

data augmentation via LLM.

Existing bias mitigation methods can be broadly classified into two categories: 

model-specific and model-agnostic approaches.
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DE-VAE
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Encoder Emotion 
Classifier

Decoder



DE-VAE
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Kullback-Leibler loss based on the Kullback-Leibler (KL) divergence:



DE-VAE
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Emotion relevent loss:

Emotion adversarial loss:



DE-VAE
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Reconstruction loss:



PairDA
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Your task is to generate a counterfactual that retains internal coherence and 
avoids unnecessary changes.

Example: Really good movie. Maybe the best I’ve ever seen. Alien invasion, a 
la The Blob, with crazy good acting……

Counterfactual: Really bad movie. Maybe the worst I’ve ever seen. Alien 
invasion, a la The Blob, without the acting……

Example: This is one of the most awesome movies ever……
……
Text:Excellent and fresh ingredients, make this a must go to for tasty sushi. 

Staff is unfriendly, but restaurant is spacious.
Counterfactual: 

Mediocre and stale ingredients, make this a place to avoid for tasty sushi. 
Although the staff is friendly, the restaurant is cramped.

Foundational Prompt

Learning The Difference That Makes A 
Difference With Counterfactually-
Augmented Data



Prompt Optimization
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Selection

Annotation

Creation

Evaluation

Update End

InitializationStep:

(1) Initialize test set I, candidate set C  and 

example sequence S.

(2) Select a review � from C.

(3) Annotate counterfactual �.

(4) Insert (�, �) into S  to create prompts.

(5) Evaluate  prompts based on I  and 

manual assessment.

(6) Based on the maximum score, decide 

whether to stop. 

(7) If not, update C  and S  based on �. 

Update I  based on corresponding failed 

example from step (5). Then, to step (2).

  



Prompt Optimization
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Consider the position of 
examples.
Evaluation based on 
coherence and the success 
rate of sentiment reversal.

Based on the base prompt 
and the current dataset, 
ensuring containing samples 
of varying generation difficulty. 

Based on the current prompt 
to reconstruct the test set, 
reducing the number of tests 
while requiring subsequent 
additions to optimize the 
current generation.
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Debias Performance 

To conduct better sentiment testing, we have extracted additional sets of positive 
products (Pos) and negative products (Neg).

• Our PairDA and DE-VAE perform consistently well in almost all metrics, 
ranking first and second. 

• DE-VAE exhibits better performance in sentiment debiasing compared to 
PiarDA.

Analysis
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Summarization Performance 

• PairDA outperforms PairDA notably in terms of ROUGE, and even brought 
about slight gains with the base model, Coop. 

Analysis

We applied our pair wise counterfactual data augmentation method to
enhance the reviews and summaries in the validation and test sets of both 
datasets. 
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Data Augmentation Performance 

• The data generated LLM has almost no coherence issues, but there is 
some discrepancy compared to the original data. 

• There is still room for improvement in the success rate of sentiment 
transformation.

Analysis
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Methodology
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Conclusion 

Conclusion:
• Found noticeable sentiment bias in current opinion 

summarization models. 
• Designed the Emotional Disentanglement VAE (DE-VAE). 
• Introduced the method of counterfactual data augmentation 

through large models, PairDA. 



Thank you


