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Abstract 

We proposed a new Joint User and Product Memory Network (JUPMN) utilizing user profile and product information in separate ways into sentiment 
classification. Inspired by the successful utilization of memory network, our model first creates document representations using hierarchical LSTM model and 
then feeds the document vectors into new carefully designed user and product memory networks to reflect corresponding features. The evaluation of JUPMN 
on three benchmark review datasets shows that JUPMN outperforms the state-of-the-art model and further analysis of experimental results is employed. 

Introduction Related Works 

Task: Sentiment Analysis. 
Input: a paragraph of reviewing text 
Output: ratings/sentiment * 
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Benchmark datasets: IMDB, Yelp13 and Yelp14 Part I: Hierarchical LSTM network with Attention 
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JUPMN vs Comparison Models 
JMDB Yc!p13 Yclpl4 

Model Aoc RMSE MAE "' RMSE MAE Aoc RMSE 
M&jority 0.196 2.495 1.838 0.392 1.097 0.779 0.411 1.06 

1l"iK"'m 0.399 1.783 1.147 0.577 0.804 0.487 0.569 0.814 

TcxtfC11ture !l,__4Q2_ Lll!1 .Ll..31 !L>ll MOO MOO = !UH> 
AvgWOTd,..c 0.304 1.985 l.361 0.5:JO 0.893 0.562 0.526 0.898 

SSWE 0.312 1.973 N/A 0.549 0.849 N/A 0.557 0.851 
JL.VTN+ltNN 0.400 1.734 N/A 0.574 0.804 N/A 0.582 0.821 
CLSTM 0.421 1.549 NA 0.592 0.7'9 NA 0.637 0.686 
LSTM+LA 0.443 1.465 NA 0.627 0.701 NIA 0.637 0.686 
LSTM+CBA lillJ! .u,,; N/A = QJfil N/A Mil !LlITl! 
urNr-(KJ 0.435 1.602 0.979 0.608 0.764 0.447 0.596 0.784 

UPD'.\IN{K) 0.465 l.351 0.853 0.613 0.720 0.425 0.639 0.662 
lnterSub 0.476 1.392 N;A 0.623 0.714 NA 0.635 0.690 

LSTM+UPA l1;;J;! 1.281 N/A "-"" QJfil NA QJfil lLl&I 
'" " o.tiJ!l _:-! 0.72."i 0.fiU2 O.flU7 0.375 O.ti7fl (I.fl-II 

Outperforms the state-of-the-art 
model 
Best accuracy, RMSE and MAE 
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Config ©: Importance of User 

vs Product Memory Network 

• User profile influences sentiments of movie
reviews more

• Product information influences sentiments of
restaurants reviews more

JMDB Yelpl3 Yelpl4 
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JUPMNwith 
Different Configurations 
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Config ®: Number of Hops 

• Smaller hop works better 

Config @: Memory Size
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• Larger memory helps until 75 Performance vs Memory Size 

Config ©: Joint Weights 

• Weighted version works better 
• Weight help to balance the

influences of UMN and PMN




