
Exploiting the interplay among products for efficient
recommendations

Anbarasu S
Guide: Sutanu Chakraborti

DC Mentor: Jean Lieber

Department of Computer Science and Engineering
IIT Madras

September 24, 2019

Anbarasu S Guide: Sutanu Chakraborti DC Mentor: Jean Lieber (IIT Madras)Exploiting the interplay among products September 24, 2019 1 / 33



Motivation

Every year the number of people who use online mode for shopping
keeps increasing

It is imperative that users don’t spend much time in finding a product
of his/her interest

Anbarasu S Guide: Sutanu Chakraborti DC Mentor: Jean Lieber (IIT Madras)Exploiting the interplay among products September 24, 2019 2 / 33



Context
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Recommender systems

A product recommender system

A software that helps a user identify his/her product of interest from a
pool of products
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Recommender systems

Major approaches

Collaborative filtering: People who agreed in the past will agree in the
future too
Content-based filtering: Use the knowledge about products to create
user profiles and recommend products that is relevant to the given user
profile. (More related)

COLD START

Anbarasu S Guide: Sutanu Chakraborti DC Mentor: Jean Lieber (IIT Madras)Exploiting the interplay among products September 24, 2019 5 / 33



Recommender systems

Major approaches

Collaborative filtering: People who agreed in the past will agree in the
future too
Content-based filtering: Use the knowledge about products to create
user profiles and recommend products that is relevant to the given user
profile. (More related)
COLD START

Anbarasu S Guide: Sutanu Chakraborti DC Mentor: Jean Lieber (IIT Madras)Exploiting the interplay among products September 24, 2019 5 / 33



Case-Based Reasoning - Recommender Systems
(CBR-RSs)

A CBR-RS treats every user as new to the system

A CBR-RS uses rich domain knowledge to approximate the utility of a
product
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Product representation: An example product domain

LIB MIB MIB
Product Price(Rs. in Thousands) Top Speed(Kmph.) Mileage(Kmpl.)

P1 80 150 50

P2 50 175 30

P3 50 125 55

P4 80 180 30

P5 75 150 30

P6 75 145 40
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Single shot CBR-RSs

Mona wants to buy a motorcycle

She keys in her preferences

The system recommends her a set of products

If Mona is not satisfied with the results she modifies her query and
performs a new search

The system takes no feedback from the user
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Conversational CBR-RSs (CCBR-RSs)
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Conversational CBR-RSs (CCBR-RSs)

Most often users do not begin a shopping episode with the exact
specifications of what they want

RSs should facilitate the users to incrementally refine their preferences
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CCBR-RSs Phase 1/2: Recommendation phase

Price(Rs. in Thousands) Top Speed(Kmph.) Mileage(Kmpl.)

Query - - 55

3 Closest Matches
P3 50 125 55

P1 80 150 50

P6 75 145 40
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CCBR-RSs Phase 2/2: Feedback phase- Preference-based
feedback (PBF)

Price(Rs. in Thousands) Top Speed(Kmph.) Mileage(Kmpl.)

Query - - 55

3 Closest Matches
P3 50 125 55

P1 80 150 50

P6 75 145 40
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Goal

To exploit the interplay among the products to improve the efficiency of
Conversational CBR-RSs
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Contributions
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Contribution 1: Augmenting dominance criteria along with
cases: Prospective buyers

Each product has its prospective buyers

Under what circumstances does a product fare better than its
competitors?
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Dominance Criteria: Dominance region

Utility (P) =
nX

i =1

wi � util (Pi )
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Predicted Preference Region-based Method (PPRM)1

1Anbarasu Sekar and Sutanu Chakraborti, \Towards bridging the gap between manufacturer and users to facilitate better
recommendation", in Florida Arti�cial Intelligence Research Society Conference, FLAIRS, 468-473, AAAI Press 2018
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Contribution 2: Trade-o� based recommendations

A compromise made on certain attributes for the sake of desirable
values in other attributes

Feature weights are not enough to capture trade-o�s
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User model based on tradeo�s: User pro�le

What features will the user likely prefer over what other features?

Comparing the preferred product and the rejected products

Ex. In a car domain: Fuel e�ciency vs Luxury
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Trade-o� representation

price(Rs. in Thousands) mileage (kmpl) top speed (kmph)
A 50 100 120
B 50 80 150
C 70 60 250

TAB 0 1 -1
TAC 1 1 -1
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Similarity between a pair of tradeo�s

tradSim(T 1; T 2) =

P

a2 Attributes
1(T 1a = T 2a)

jAttributesj

price(Rs. in Thousands) mileage (kmpl) top speed (kmph)
A 50 100 120
B 50 80 150
C 70 60 250

TAB 0 1 -1
TAC 1 1 -1

tradSim(TAB , TAC ) (0+1+1)/3 = 0.67
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Utility based on tradeo�s
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Utility based on tradeo�s: Similarity
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Utility based on tradeo�s: Tradeo�s
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Utility based on tradeo�s: Similarity and Tradeo�
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More Like This with Tradeo� Matching (MLT TM)1

P: Product preferred in previous interaction cycle

RejectedList: Recommendation Set -P

C: Candidate product

tradU(C; P) =

P
X 2 RejectedList(tradSim(TCX ; TPX ))

jRejectedListj

TotalScore(C; P) = � � tradU(C; P) + (1 � � ) � Sim(C; P)

1Anbarasu Sekar, Devi Ganesan and Sutanu Chakraborti. \Why did Naethan pick Android over Apple?: Exploiting Trade-o�s
in Learning User Preferences" in 26th ICCBR 354-368, Springer 2018
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Evaluation

Leave-one-out methodology1

Results establish that using trade-o�s o�ers better e�ciency when
compared against feature weights based similarity methods.

1L. Mc Ginty and B. Smyth. \Evaluating preference-based feedback in recommender systems". In Arti�cial Intelligence and
Cognitive Science, Springer, pp. 209-214. (2002)
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Contribution 3: Evidence-based recommendations

\One or more reasons for believing that
something is or is not true"1

Conversation as a process of collecting
and utilizing evidence

1https://dictionary.cambridge.org/dictionary/english/evidence
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