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A common business issue: Identify successful products at an early stage
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What characteristic better represents a product?

What features make a product popular?




A common business issue: Identify successful products at an early stage

T- ?

What characteristic better represents a product?

Userfeedbacks

What features make a product popular?




Several studies [ 2l show that descriptions are useful features for predicting product success.

Royce’s chocolate has become a standard Hokkaido
souvenir. They are packaged one by one so your
hands won’t get dirty! Also, our staff recommends
this product!
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Four types of nuts: almonds, cashews, pecans, macadamia,
as well as cookie crunch and almond puff were
packed carefully into each chocolate bar. This item

is shipped with a refrigerated courier service dur-

ing the summer.
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* In[1], two descriptions for the same product were compared.
The item with the former description was preferred by customers.

* |t demonstrate that product descriptions are vital factors for sales in Japanese e-commerce.

[1] Predicting Sales from the Language of Product Descriptions. SIGIR 2017

[2] Automatic generation of pattern-controlled product description in e-commerce. WWW 2019 3




Several studies [ 2l show that descriptions are useful features for predicting product success.

+ The Dark_ Knight (2008) #* 9.0

g B Description

* We utilize descriptions as features to predict product success.
When the menace known

as The Joker emerges

from his mysterious past, « Text -> Ratings: a text regression problem
he wreaks havoc and

chaos on the people of

Gotham. The Dark Knight

must accept one of the

greatest psychological

and physical tests of his

ability to fight injustice.

[1] Predicting Sales from the Language of Product Descriptions. SIGIR 2017
[2] Automatic generation of pattern-controlled product description in e-commerce. WWW 2019 3




Problem Setting

We formulate the early prediction of product success as follows:

Given a set of products J = Iold U fnew

J,1q denotes the set of mature products associated with user reviews

Jew denotes the set of upcoming products for which user reviews are unavailable

Task: Estimate the overall ratings for products in Thew
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Proposed Method

A joint learning framework that leverage the power of both descriptions and user feedbacks
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Proposed Method

A joint learning framework that leverage the power of both descriptions and user feedbacks
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Proposed Method

Main Network

Text

L] L

Description
When the menace known
as The Joker emerges
from his mysterious past,
he wreaks havoc and
chaos on the people of
Gotham. The Dark Knight
must accept one of the
greatest psychological
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ability to fight injustice.
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Proposed Method

Main Network

Text = Word Embedding

+ The Dark Knight
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Description
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from his mysterious past,
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Gotham. The Dark Knight
must accept one of the
greatest psychological
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Proposed Method

Main Network

L] L]
Description
When the menace known
as The Joker emerges
from his mysterious past,
he wreaks havoc and
chaos on the people of
Gotham. The Dark Knight
must accept one of the
greatest psychologicaII

and physical tests of his
ability to fight injustice.
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Proposed Method

Main Network

Text = Word Embedding = Document Embedding =» Rating

Main task network

Overall rating prediction
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Proposed Method

Review rating prediction

User Review

Regression-based Auxiliary Network

Text = Word Embedding = Document Embedding = Rating
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Review rating prediction

«o (Jser Review

Im just gonna start off by saying I LOVE this
movie.Its one of my favorites of all time. I
honestly cant think of too much wrong with this
movie other than its a little long and Batmans
by now infamous voice. But everything else is
top notch. The acting,story,atmosphere,and
actions scenes are all amazing. If you haven't
seen this movie see it right now! I went into
this not expecting to much but I came out
blown away, I cant imagine any movie being
much better. I'll just have to wait for The Dark
Knight Rises to release to see if anything can
be better. Until then, this stands as the best
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movie I've ever seen




Proposed Method

Word Embedding
o ——

Regression-based Auxiliary Network

Review rating prediction

Text = Word Embedding = Document Embedding =» Rating
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Proposed Method

Rank-based Auxiliary Network

Review rating prediction

(moviel, Textl = Word Embedding = Document Embedding =» Ratingl
movie2) Text2 = Word Embedding = Document Embedding =» Rating2
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The rank-based network predicts the relative rank of two documents in a given document pair




Proposed Method

Full Network at training stage

Main task network
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Document
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Proposed Method

At inference stage

Main task network
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Experiments




Datasets - IMDB

Evaluate our framework on 2 real-world datasets

. IMDB:

Dataset IMDB  Filmarks
# movies 1,452 1,900 *  We crawled the descriptions and the overall ratings of the movies via the
# User reviews 20111 2.665.130 OMDB API, and filtered out movies with fewer than ten reviews.
Rating range 0-10 0-5 The IMDE dataset onlv has at most 30 revi

. ® e ataset on as at mos reviews.
Average rating 5.93 3.45 Y
Average description length 26 75
Average review length 232 46 Preprocessing
Average # reviews per movie 20 1,402

* We tokenized the movie descriptions and reviews using NLTK.

* The pre-trained word embeddings were obtained from Word2Vec.

11




Datasets - Filmarks

Evaluate our framework on 2 real-world datasets

: Filmarks [/ ;
Dataset IMDB  Filmarks
# movies 1,452 1,900 *  The biggest online review platform for films in Japan.
# user reviews 29,111 2,665,130
Ratine rance 0—10 0-5 ¢ We crawled the movies from 2001 to 2019 and filtered out those with
(e F) (8 f ) ~ .
. fewer than 300 reviews.
Average rating 5.93 3.45
Average description length 26 75
Average review length 232 46 Preprocessing
Average # reviews per movie 20 1,402

*  We tokenized the texts using MeCab.

* The pre-trained Japanese word embeddings were obtained from
Wikipedia2Vec.

[3Thttps://filmarks.com/ 11




Dataset

IMDB

Filmarks

ST approach ST* approach

MT approach

Regression-based

Rank-based

ST approach  ST* approach

MT approach

Regression-based

Rank-based

Mean 0.764 0.764
KNN 0.718 0.760
MLP 0.743 2.067
CNN 0.738 1.424
Self-attention 0.902 2.567
BERT 0.347 1.026

0.680+5.5¢ — 03
0.474+9.1e - 03
0.765+2.2¢ — 02
0.227+2.1e — 02

0.665+1.7¢ — 03
0.479+8.0e — 03
0.763+1.1e — 02
0.218+2.7¢ — 02

0.354

0.354

0.281+1.4e — 02
0.214+1.0e - 03
0.353+2.2¢ - 03
0.168+1.8¢ — 02

0.290+9.6¢ — 03
0.204+7.0e — 03
0.356+8.8¢ — 03
0.173+7.1e - 03

* Simple Baseline Models:
* Mean
e KNN

Overall Score Prediction

Evaluation Metric: RMSE

ST/MT stands for single task/multi-task, respectively
ST+ is a variation of the single task approach that concatenates the movie description and review texts together for training




Dataset IMDB Filmarks

ST approach ST* approach MT approach ST approach  ST* approach MT approach
Regression-based Rank-based Regression-based Rank-based
Mean 0.764 0.764 . - 0.354 0.354 . .
KN 0718 0760 - T 03% 03, - .
MLP 0.743 2.067 0.680+5.5¢ —03  0.665+1.7¢ — 03 0.356 2.157 0.281+1.4e—-02 0.290+9.6e — 03
CNN 0.738 1.424 0.474+9.1e—03 0.479+8.0e — 03 0.360 0.936 0.214+1.0e—03  0.204+7.0e — 03
Self-attention 0.902 2.567 0.765+2.2¢—02 0.763+1.1e—02 0.373 1.628 0.353+2.2¢-03 0.356+8.8¢ — 03
BERT 0.347 1.026 0.227+2.1e—02 0.218+2.7¢ — 02 0.233 0.458 0.168+1.8¢—02 0.173+7.1e — 03
* Neural Models: Overall Score Prediction

e MLP

* CNN Evaluation Metric: RMSE

* Self-attention

* BERT

ST/MT stands for single task/multi-task, respectively
ST+ is a variation of the single task approach that concatenates the movie description and review texts together for training




Dataset IMDB Filmarks
ST approach ST* approach MT approach ST approach  ST* approach MT approach
Regression-based Rank-based Regression-based Rank-based
Mean 0.764 0.764 - - 0.354 0.354 - -
KN __ 0718 ___07160 _____ - I _____ 0336 __ 0315 - _______ T

MLP 0.743 2.067 0.680+5.5¢e —03  0.665+1.7¢ — 03 0.356 2.157 0.281+1.4e—02  0.290+9.6¢ — 03
CNN 0.738 1.424 0.474+9.1e-03  0.479+8.0e — 03 0.360 0.936 0.214+1.0e—03  0.204+7.0e — 03
Self-attention 0.902 2.567 0.765+2.2¢ —02  0.763+1.1e— 02 0.373 1.628 0.353+2.2¢—03  0.356+8.8¢ — 03
BERT 0.347 1.026 0.227+2.1e-02 0.218+2.7¢ — 02 0.233 0.458 0.168+1.8¢—02  0.173+7.1e — 03

* Effectiveness of auxiliary network:

* MT approach consistently outperforms the ST approach.

* BERT demonstrates the best performance improving ST approach by
35%—37% and 26%—28% for IMDB and Filmarks

ST/MT stands for single task/multi-task, respectively
ST+ is a variation of the single task approach that concatenates the movie description and review texts together for training




Effect of Review Size

Larger user reviews pools generally improves performance
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Effectiveness on Blockbuster Predictions

Blockbuster Predictions in testing sets

Main task network

Encod Document
Word Embedding - Embedding G
)

Efe
\

BERT as the encoder

Overall rating prediction

Predicted top X%-rated list

Top X%-rated movies

~
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Effectiveness on Blockbuster Predictions

Loj=—== z Lom= 7
= ‘.”/ = r/, . . . .
t s 208 Blockbuster Predictions in testing sets
O 0.41¢ - ST 8 0.4 —-- ST
£o2 o, & 02 g
0.0 10 20 30 40 50 0075 20 30 40 50
X(%) X(%) . .
* MT approaches consistently obtain
S e o T ST much better results
0.8, ,/‘ ©0.8 » o g
g 0.6 //l S 0.6 //
Boai 7 - Doafs s * Reach 100% precision for top 30%- to
[T | v.. MT-re [ ca¥e- MT-re . . .
£ 02 e MErank & 2 i} 50%-rated movies predictions
00 10 20 30 40 50 0075 20 30 40 50
X(%) X(%)
R o I e MT approaches identifies blockbusters
SQosl e %os e . at an early stage.
.§06 /’—’ .§06 v ’/,/
Doy - . 2041 - -
8 0.2 ¢ v PS41';’~reg 8 0.2 «” v ;‘:’Areg
o —a-- MT-rank E —a-- MT-rank
. 10 20 30 40 50 . 10 20 30 40 50
X(%) X (%)
(a) IMDB (b) Filmark
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Advantage of Rank-based Auxiliary Network

The regression network vs. The rank network

When only a limited number (N) of user reviews are exposed:

Nreg =N
Nrank = O(CN)

2
0.4 0.4
e * Both types show improvements in IMDB & Filmarks
03{ T inIIg .- 0.3
s 02 Tt v s 02|V rrnnen L ey * The improvement is more significant for the rank network in IMDB;
e e but almost identical in Filmarks.
0.1 —e=- MT-reg 0.11 - MT-reg
=¥== MT-rank ==¥== MT-rank
0.0 z E 10 0.073 z 7 10 * Rank-based auxiliary network has the potential to further exploits
N N information from the limited user reviews.
(a) IMDB (b) Filmark
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CASE STUDY

Movie: Gunga Din (1939)
Rating: 7.40/10

Predicted Rating: 5.92/10 Predicted Rating: 7.62/10
In 19th century India three British soldiers and a native waterbearer must | In 19th century India three British soldiers and a [[lllllwaterbearer must
stop a secret mass revival of the murderous Thuggee cult before it [Jil] stop a secret mass revival of the murderous Thuggee cult before it can
rampage across the land. rampage across the land.

Movie: REI 54 5 —FilY 1 XL -3V X Dr\v IV IITEA R I—-Akwith LY TV RS54 45—
Roting: 3.70/5

v

Predicted Rating: 3.41/5 Predicted Rating: 3.61/5

Firc i 745 — hE0 FHRAERZ 45— 800 @E R R R RE 54— G0 FHR RIS A - Ko @S R R
PlEhE D BEWRIEZ 4 & —x{REIZ 4 % — MOV I E Ki§ > B HE D BN RH T A5 — xRl 45— MOV IE K >
—XRMS A5 — g 4 5 FFERL 2 0 1 6 4 Ffz &% 5 —XRMZ A F—HEH 4 5 MFERE 2 01 6 48 Hf % 5
2R VARVT YT Ricy HRET [ S — PR ALV—V 2 SRS VANVT YT Ricd HREF AL TP T A V—T 3
VA N—2 2 KAEET 45— BRI 5 ARETA 7~ F | vxR—2 2 K RHTA 5— KB —%k 5 AGES 45— K
)= LF—h NBUEH s ¥ 7 20— B il ) — LF— o NEfEHE ohiy &Y 77 25— B0 i

(a) Single-task approach (b) Multi-task approach
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Conclusions




Take Home Messages

(1) We propose a learning framework to address a vital task for business—early prediction of product success
when limited information is available during inference.

(2) The framework effectively combines a main task network and a disposable auxiliary network,
the latter of which can be either a regression or a ranking model.

(3) The proposed framework yields an over-20% performance improvement on two real-world datasets in different languages.
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Thank You!

Are there any questions you’d like to ask?

Chih-Ting Yeh  justinyeh1995@citi.sinica.edu.tw

Ming-Feng Tsai mftsai@nccu.edu.tw

Chuan-JuWang cjwang@citi.sinica.edu.tw
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