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Explainable Recommendation
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Explainable Recommendation
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Retrieval Corpus
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Other: Wikipedia This paper: Reviews in the dataset



BERT
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Sentence-BERT (SBERT)
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Overview of ERRA
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Retrieval Enhancement
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Query: the average of the review 
embedding of each user

Query: the average of the 
review embedding of each item

from training set



Aspect Enhancement
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Query: the average vector 
representing all aspects 
under the item reviews

aspectuser aspectitem



Joint Enhancement Transformers
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Multi-layer Transformer

i 前一層的 output
|S| : the length of the input sequence

d: the dimension of embeddings



Rating Prediction
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Multi-layer Perceptron (MLP)



Explanation Generation
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Auto-regressive Methodology

the probability distribution 
over the vocabulary V



Loss Function of Rating Prediction
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training set

RMSE

Ground Truth Rating



Loss Function of Explanation Generation
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training set



Loss Function of Context Prediction
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training set

Gti  : only use the hidden vector of the 
position Hv to generate the i-th word 

e
e



Loss Function of Aspect Discriminator
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the aspects that interest this user

training set
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Multi-Task Learning
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the loss function of text generation

the loss function of context prediction the loss function of aspect discriminator

all the neural parametersRMSE
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Dataset
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● Amazon
○ cell phones

● Yelp
○ restaurants

● TripAdvisor
○ hotels



Evaluation

● Prediction
○ Root Mean Square Error (RMSE)
○ Mean Absolute Error (MAE)

● Explainability
○ BLEU
○ ROUGE
○ BERTscore
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N-gram
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police killed the gunman.

the gunman kill police.

Reference (R)
參考答案

Candidate (C)
生成的句子

1-gram

police killed the gunman.

the gunman kill police.

2-gram



BLEU-N－Precision
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Candidates中n-gram’的個數

Candidates中n-grams出現的次數

Reference中n-gram出現最多的次數

police killed the gunman.

the the the the the.

Reference (R)
參考答案

Candidate (C)
生成的句子

1-gram

P1 = 5/5 = 1 P1 = ⅕



BLEU-N－Precision
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Going to play basketball in the afternoon.

Going to play basketball this afternoon.

Reference (R)
參考答案

Candidate (C)
生成的句子

1-gram

BP = e ^ (1 - 7/6)

c: len(Candidate)
r: len(Reference)



ROUGE

● ROUGE-2
○ R2-P
○ R2-R
○ R2-F
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P：Precision
R：Recall
F：F1

● ROUGE-L
○ RL-P
○ RL-R
○ RL-F



ROUGE-2
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N = 2

Reference (R)
參考答案

Candidate (C)
生成的句子

police killed the gunman.

the gunman kill police.

ROUGE-2 = ⅓

gramn 在C、R中共同出現的次數



ROUGE-2
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Reference (R)
參考答案

Candidate (C)
生成的句子

police killed the gunman.

the gunman kill police.

R2-P = Count_match / Candidate_count = ⅓

R2-R = Count_match / Reference_count = ⅓

R2-F =                                        = (2 * ⅓ * ⅓) / (⅓ + ⅓)



ROUGE-L
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Reference (R)
參考答案

Candidate (C)
生成的句子

police killed the gunman.

the gunman kill police.

RL-R = ½

RL-P = ½

RL-F = (2 * ½ * ½ ) / (½ + ½ )

LCS: Longest Common Subsequence

m: len(reference)

n: len(candidate)  



Baseline

● Factorization Method
○ PMF (Probabilistic Matrix Factorization)
○ SVD++

● Deep Learning Model
○ NARRE
○ NRT
○ CAML
○ ReXPlug
○ PETER
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PMF



NARRE
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user preference item feature

review



NRT
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CAML
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ReXPlug
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review’s embedding



PETER
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Experiment - Rating Prediction

● R：RMSE
● M：MAE
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Experiment - Explanation
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TripAdvisor

Yelp

Amazon

GPT TransformerGRU

GRU + 
co-attention v.s. PETER



Experiment - Explanation
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Experiment - Case Study
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Experiment - Human Evaluation

● Randomly selected 1000 samples and invited 10 annotators to 
assign scores.
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Range: [-1, 1]
Range: [1, 5]

評分者的一致性



Ablation Analysis

● ERRA-A：removing the aspect enhancement module
● ERRA-R：removing the retrieval enhancement module
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Prediction 
Loss ↓

Explanation 
Similarly ↑
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Conclusion

● To address the issue of incorrect embedding induced by data 
sparsity, this paper incorporate personalized aspect 
information and rich review knowledge corpus into our model.
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