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Explainable Recommendation

« Recommender systems have achieved great success in feeding the right content to the right users.

Online Shopping

Best Restaurants in Paris, France W @y l\,- B
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» Transparency

« System: how the customized results should be presented to a user?  wsm *
« User: why this item is recommended to me?
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Explainable Recommendation

« Explanation in recommender system
* Allow the users to make more informed and accurate decisions about which results to utilize.

Its comfort and sound

performance matches your

preference.

Its light weight, and fantastic () ﬂi_ m \
appearance matches your - -—_k ’ >
preference. _

\

Its low price, and great comfort m
matches your preference.

The fidelity of explanations is a prerequisite for explainable recommendations to be useful in
practice.

« Improve transparency, increase recommendation effectiveness, user satisfaction and trust, etc.



Recommendation vs. Explanation

« Recommendation quality and explanation fidelity have long been considered irreconcilablel"]
« Content-based collaborative filtering
« Easy to explain, limited recommendation quality.
« Latent factor models
» Promising performance, hard to explain.

« Neighbor-based: similarity in learned latent spacel2l.

The latent space is not constructed for explanation!



Recommendation vs. Explanation

« Recommendation quality and explanation fidelity have long been considered irreconcilablel"]
« Content-based collaborative filtering
« Easy to explain, limited recommendation quality.
« Latent factor models

» Promising performance, hard to explain.

« Neighbor-based: similarity in learned latent spacel2l.
- Feature-based: incorporate sentiment analysis[314],

The feature representation learning is only a companion task of recommendation learning.

Recommendation quality vs. Explanation fidelity



Insight

» The tension between recommendation quality and explanation fidelity is not necessarily inevitable.

Rule-based Decision Making % Latent Factor Model Learning

Easy to perceive and justify Effectiveness in recommendation

 Treat the latent factors as a function of the rules
« Users who provide the same responses to the rules would share the
same latent factors. Same for the items.

\ Users and items can be grouped according to the rules.

Share Similar characteristics
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Feature
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4 Do you like dessert? ]

| don’t know
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4 Do you like burger? ] Burger l ‘2
W No | don’t know) ? Sentiment
D4 * Analysis

e 6 ﬁ [None]
 Construct user tree and item tree.

« Explanation for the recommendation:
« We recommend [restaurant X] because it matches your preference
on dessert and burger. And it performs well on cake.



Sentiment Analysis in Reviews

Feature & Opinion Extraction
» User reviews provide a fine-grained understanding of a user’s evaluation of an item.
« Feature-level sentiment analysis techniques can be readily applied to reviews[31e],

ARRRA — The food is good, great burger, crispy potato fries.
‘ | L But the service is awful and we waited for a long time
to get the drink and they didn't come by ever to ask us
Customer A if we need refill.

Restaurant B

Feature, Opinion, Sentiment Polarity

food, good, +1) d With all reviews
burger, great, +1)

(
(
User A— Item B (potato fries, crlspy,@g d ser, Feature, Opinion)
(
( &

service, awful
wait time, long, -1)



Tree Construction: Rule Induction

How to select the features?

Same for the items.

Find the best feature to divide the users!

Generate the minimum
® reconstruction error.

Treat the latent factors as a function of the rules.
Users who provide the same responses to the rules would share the same latent factors.

For feature [

All
/ T \
Group Group Group
P Positive UN  Negative Uy Unknown
X 4

4
Oy, 1s positive  p, ; is negative/' 0, 1s unknown
\ I

\ I
\
I
\ I /
\ /

Group-level latent representation

/
/

Learned with matrix factorization
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Tree Construction: Rule Induction

How to select the features?

 Treat the latent factors as a function of the rules.

» Users who provide the same responses to the rules would share the same latent factors.

Same for the items.

Find the best feature to divide the users! For feature [
All
Generate the minimum users
® reconstruction error. / l \
Group Group Group
Up  positive UN  Negative Uy Unknown

0, is positive (o, is negative  Ou, 1S Unknown

Error(l,)
= L(u,V,R) + L(ug,V,Rg) + L(ug,V,Rg)
- Ab(B(qu V,Ry) + B(ug,V,Rg) + B(ug,V, RE)) + Au(“uﬂl + ||uR|| + [|ugl])
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Tree Construction: Rule Induction

How to select the features?

 Treat the latent factors as a function of the rules.

» Users who provide the same responses to the rules would share the same latent factors.
Same for the items.

Find the best feature to divide the users! For feature [

All
Generate the minimum users
® reconstruction error. / l \
Group Group Group
P Positive UN  Negative Uy Unknown

0, is positive (o, is negative  Ou, 1S Unknown

rror(l)
=|L(u.,V,R;) + L(ug,V,Rg) + L(ug,V,Rg)
— Ab(B(qu V, RL) + B(uR'Vr RR) + B(uEi V' RE)) + Au(“uLl' + ||uR|| + ”uE”)

Pointwise loss (MSE)




Tree Construction: Rule Induction

How to select the features?

« Treat the latent factors as a function of the rules.
» Users who provide the same responses to the rules would share the same latent factors.
Same for the items.

Find the best feature to divide the users! For feature [
All
Generate the minimum users
® reconstruction error. / l \
Group Group Group
Up  positive UN  Negative Uy Unknown

0, is positive (o, is negative  Ou, 1S Unknown

Error(l)

= L(u;,V,R;) + L(ugp,V,Rp) + L(ug,V,Rg)

— Ab(B(qu V,R.) + B(ug,V,Rg) + B(ug,V, RE)) + Au(“uLl' + ||uR|| + [|ugl|)
Pairwise loss (BPR)
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Tree Construction: Rule Induction

How to select the features?

 Treat the latent factors as a function of the rules.

» Users who provide the same responses to the rules would share the same latent factors.

Same for the items.

Find the best feature to divide the users!

Generate the minimum
® reconstruction error.

Ly L I3

7N N N

11 I1 l1 12 12 12 13
up  uy W up  uy U u ul uy

Error(ly) Error(ly) Error(l3)

Lk

71N

lk
W ul ol

Error(ly)
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Tree Construction: Rule Induction

How to select the features?

« Treat the latent factors as a function of the rules.
» Users who provide the same responses to the rules would share the same latent factors.
Same for the items.

Find the best feature to divide the users!

Generate the minimum

) — [ = argmin,-rError(l
® reconstruction error. best gmitier O

Best feature for current set of users

Ly L ls < i
N N N 7N
Error(ly) Error(ly) Error(l3)€— Minimum error Error(ly)
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Tree Construction: Alternative Optimization

Initialization
« Perform a plain matrix factorization to obtain the initial item factors V.

User Tree Item Tree

)

fi i

/ l \l‘Jser latent factors Item latent factors :
fz[ I U &_/ v fzf/ f£ \;4

it i s : i i o

Factorization Tree (FacT)
« Alternate the optimization of explanation rule construction and latent factor learning under a
recommendation quality based metric.
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Explanation Generation

/

User A

Dataset: Yelp User Tree
Dessert
!
Burger Egg Beer
!
Drinks Crust Cake
!
Table Wait Inside
!
Cream-] Breakfast Service

The FacT: Taming Latent Factor Models for Explainability with Factorization Trees

/

Restaurant B

ltem Tree
Price
!
Server | | Service Spot
!
Drinks | | Drinks Spicy
!
Buffet Wings | | Review
!
Burger Visit Rice
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Explanation Generation

/

User A

Dataset: Yelp User Tree
Dessert
!
Burger Egg Beer
!
Drinks Crust Cake
!
Table Wait Inside
!
Cream-] Breakfast Service

The FacT: Taming Latent Factor Models for Explainability with Factorization Trees

/

Restaurant B

ltem Tree
Price
!
Server | | Service Spot
!
Drinks | | Drinks Spicy
!
Buffet Wings | | Review
!
Burger Visit Rice
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Explanation Generation

Dataset: Yelp User Tree ltem Tree
Dessert Price
Burger Egg Beer Server | | Service Spot

/ T\ / 1\

We recommend Restaurant B to you because you prefer [burger], and
[good service], and this restaurant provides [great burger] and
[excellent service].

Table Wait Inside Buffet | | Wings | | Review
Cream Breakfast Service Burger Visit Rice
User A Restaurant B

19



Experiment: Setup

Dataset | #users | #items | #features | #opinions | #reviews
Amazon | 6,285 | 12,626 101 591 55,388
Yelp 10,719 | 10,410 104 1,019 285,346

Most Popular (MP): Rank items by popularity.

NMF: Non-negative Matrix Factorization[’l.

BPRMF: Bayesian Personalized Raking (BPR) optimization for Matrix Factorization(8l,

JMARS: Jointly models aspects, ratings, and sentiments by collaborative filtering and topic modeling[®l.
EFM: Explicit Factor Models!'9],

FMF: Functional Matrix Factorization('1],

MTER: A multi-task learning model that integrates user preference modeling and opiniated content
modeling via a joint tensor factorization['2l,
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Quantitative Evaluation

» Top-K recommendation
 NDCG: items ranked higher should be more relevant to a user’s preference.
* Depth = 6, latent dimension = 20

Table 2: Comparison of recommendation performance.

NDCG Amazon Improvement
@K | FMF NMF | BP JMARS | EFM MTER | FacT best v.s. second best
10 0.1009 | 0.0961 | 0.0649 | 0.1185 0.1064 | 0.1109 | 0.1351 | 0.1482 9.70%"
20 0.1331 | 0.1310 | 0.0877 | 0.1490 0.1348 | 0.1464 | 0.1653 | 0.1795 8.59%"
50 0.1976 | 0.1886 | 0.1601 | 0.2070 0.1992 | 0.2056 | 0.2234 | 0.2367 5.95%"
100 0.2529 | 0.2481 | 0.2144 | 0.2669 0.2575 | 0.2772 | 0.2803 | 0.2869 2.35%"*
NDCG Yelp Improvement
@K | FMF MP NMF | BPRMF|| JMARS | EFM MTER | FacT best v.s. second best
10 0.0931 | 0.1060 | 0.0564 | 0.1266 0.1155 | 0.1071 | 0.1380 | 0.1499 8.62%"
20 0.1243 | 0.1333 | 0.0825 | 0.1643 0.1553 | 0.1354 | 0.1825 | 0.1991 9.10%"
50 0.1871 [§0.1944 | 0.1345 | 0.2214 0.2111 | 0.1903 | 0.2365 | 0.2488 5.20%"
100 0.2509 2502 | 0.2175 | 0.266 0.2575 | 0.2674 | 0.2783 | 0.2867 3.02%"

Traditional factorization methods.
No explanation.

* p-value < 0.05
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Quantitative Evaluation

» Top-K recommendation
 NDCG: items ranked higher should be more relevant to a user’s preference.
* Depth = 6, latent_dimension = 20

Table 2: Comparison of recommendation performance.

NDCG Amazon Improvement
@K | FMF MP NMF | BPRMF /JMARS | EFM MTER | FacT best v.s. second best
10 0.1009 | 0.0961 | 0.0649 | 0.1185 0.1064 | 0.1109 | 0.1351) | 0.1482 9.70%"
20 0.1331 | 0.1310 | 0.0877 | 0.1490 0.1348 | 0.1464 | 0.1653 | 0.1795 8.59%"
50 0.1976 | 0.1886 | 0.1601 | 0.2070 0.1992 | 0.2056 | 0.2234 | 0.2367 5.95%"
100 0.2529 | 0.2481 | 0.2144 | 0.2669 0.2575 | 0.2772 | 0.2803 | 0.2869 2.35%"
NDCG Yelp Improvement
@K | FMF MP NMF | BPRMF|| JMARS | EFM MTER | FacT best v.s. second best
10 0.0931 | 0.1060 | 0.0564 | 0.1266 0.1155 | 0.1071 | 0.1380 | 0.1499 8.62%"
20 0.1243 | 0.1333 | 0.0825 | 0.1643 0.1553 | 0.1354 | 0.1825 | 0.1991 9.10%"
50 0.1871 | 0.1944 | 0.1345 | 0.2214 0.2111 | 0.1903 | 0.2365 | 0.2488 5.20%"
100 0.2509 | 0.2502 | 0.2175 | 0.2668 | 0.2575 | 0.2674 . 0.2723 | 0.2867 3.02%"*

* p-value < 0.05
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Quantitative Evaluation

» Top-K recommendation
 NDCG: items ranked higher should be more relevant to a user’s preference.
* Depth = 6, latent_dimension = 20

Table 2: Comparison of recommendation performance.

NDCG Amazon Improvement
@K "FMF MP NMF | BPRMF | JMARS | EFM MTER | FacT best v.s. second best
10 0.1009 || 0.0961 | 0.0649 | 0.1185 0.1064 | 0.1109 | 0.1351 | 0.1482 9.70%"
20 0.1331§| 0.1310 | 0.0877 | 0.1490 0.1348 | 0.1464 | 0.1653 | 0.1795 8.59%"
50 0.1976 || 0.1886 | 0.1601 | 0.2070 0.1992 | 0.2056 | 0.2234 | 0.2367 5.95%"
100 0.2529 | 0.2481 | 0.2144 | 0.2669 0.2575 | 0.2772 | 0.2803 | 0.2869 2.35%"*
NDCG Yelp Improvement
@K | FMF MP NMF | BPRMF | JMARS | EFM MTER | FacT best v.s. second best
10 0.0931 | 0.1060 | 0.0564 | 0.1266 0.1155 | 0.1071 | 0.1380 | 0.1499 8.62%"
20 0.1243 | 0.1333 | 0.0825 | 0.1643 0.1553 | 0.1354 | 0.1825 | 0.1991 9.10%"
50 0.1871 | 0.1944 | 0.1345 | 0.2214 0.2111 | 0.1903 | 0.2365 | 0.2488 5.20%"
100 § 0.2509)| 0.2502 | 0.2175 | 0.2668 0.2575 | 0.2674 | 0.2783 | 0.2867 3.02%"

Tree-based factorization.
Use item to group users.

* p-value < 0.05
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Quantitative Evaluation

Top-K recommendation
NDCG: items ranked higher should be more relevant to a user’s preference.
Depth = 6, latent_dimension = 20

Table 2: Comparison of recommendation performance.

NDCG Amazon Improvement
@K | FMF MP NMF | BPRMF | JMARS | EFM MTER | FacT best v.s. second best
10 0.1009 | 0.0961 | 0.0649 | 0.1185 0.1064 | 0.1109 | 0.1351 | 0.1482 [ 9.70%" ]
20 0.1331 | 0.1310 | 0.0877 | 0.1490 0.1348 | 0.1464 | 0.1653 | 0.1795 | | 8.59%" )
50 0.1976 | 0.1886 | 0.1601 | 0.2070 0.1992 | 0.2056 | 0.2234 | 0.2367 5.95%"
100 0.2529 | 0.2481 | 0.2144 | 0.2669 0.2575 | 0.2772 | 0.2803 | 0.2869 2.35%"*
NDCG Yelp Improvement
@K | FMF MP NMF | BPRMF | JMARS | EFM MTER | FacT best v.s. second best
10 0.0931 | 0.1060 | 0.0564 | 0.1266 0.1155 | 0.1071 | 0.1380 | 0.1499 f 8.62%" ]
20 0.1243 | 0.1333 | 0.0825 | 0.1643 0.1553 | 0.1354 | 0.1825 | 0.1991 l 9.10%" '
50 0.1871 | 0.1944 | 0.1345 | 0.2214 0.2111 | 0.1903 | 0.2365 | 0.2488 5.20%"
100 0.2509 | 0.2502 | 0.2175 | 0.2668 0.2575 | 0.2674 | 0.2783 | 0.2867 3.02%"*

* p-value < 0.05
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Cold-start Recommendation

Cold-start problem: without sufficient information about new users, it’s hard to provide
recommendation with high quality
A by-product of FacT:

* Rules: a set of interview questions to solicit user preference

Does the user prefer Dessert?

« Training: 95% users
e Build user tree and item tree

Burger) Beer Test: 5% users
— o e
N SN « Use first k reviews to construct
Drink | | Crust ‘ | Cake H . e |Pizza H | Cake ” | Table | user proﬁ le.
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Cold-start Recommendation

» Cold-start problem: without sufficient information about new users, it’s hard to provide
recommendation with high quality
* A by-product of FacT:
* Rules: a set of interview questions to solicit user preference

o
I.é)) 0.0425 - 8
8 0.0400 ® 0.040 -
A 0.0375 1 8
0.035 -
< (.0350 - g
c
© 0.0325 -
N L 030-
® 4.0300- —&— FMF - % FMF
< 0.0275 - T T T T T T 0.025 T T T T T T
0 1 2 3 4 5 0 1 2 3 4 5

Number of observations Number of observations



User Study: Setup

Dataset: Amazon and Yelp

Recruit participants on Amazon Mechanical Turk

Settings
« Warm-start users: the ratings and reviews are known to the system beforehand.
* Cold-start users: totally new to the system.

27



User Study: Warm-start users

User A
Review1

« Select a user in the training set. "

Review3

< \ Recommendation
. 3 : Rec1, Explanation1t
[\_ Recommendation and explanation ¢ ¢ o0 2iion

Rec3, Explanation3

Participant

Evaluation
Q1, Rating1
- Evaluate the model. Q2, Rating2
Q3, Rating3

Baseline: EFM, MTER (both can provide textual explanations)
A/B test: ensure the evaluation is unbiased.
Valid response: 300
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User Study: Warm-start users

Q1: Generally, are you satisfied with our recommendations?
Q2: Do the explanations presented to you really match your preference?
Q3: Do you have any idea about how we make recommendations for you?

Score:
1.Strongly negative 2.Negative 3.Neutral 4. Positive 5.Strongly positive

Amazon

wFacT mMTER =EFM wFacT mMTER =EFM

The FacT: Taming Latent Factor Models for Explainability with Factorization Trees



User Study: Cold-start users

» No review history for cold-start users
» We progressively query user responses through an interview process.
» Develop the user profile according to the responses.
» Baseline: FMF
» Address the cold-start problem.
» Use items to construct the tree.
* Interleaved test
» Participants were asked to interact with two models one after the other in a random order.

Does the user prefer Dessert?

Dessert

((ono ) [rove] (‘oo ]

30



User Study: Cold-start users

Explanation Recommendation System
Attention X

Please rate each feature according to your

0 System A System B preference. Your behavior on this page will
be recorded, and no token will be given to

acquire reward on MTurk if you just

. . randomly assign scores. Thanks!
2 Questions © Recommendations vassig

Q1. How much do you like Rare Earth ['Beer’, 'Wine & Spirits',
'Restaurants’, 'Food', 'Nightlife', 'Pizza', 'Wine Bars', 'Bars']?

X

Please answer the questions first

0 items

Human-Centric Data Mining Group @ UVa

https://aobo-y.github.io/explanation-recommendation/



User Study: Cold-start users

Q1: Generally, between system A and system B, whose recommendations are you more satisfied with?
Q2: Between system A and B, whose explanations do you think can better help you understand the
recommendation?

Q3: Between system A and B, whose explanations can better help you make a more informed decision?

» Valid response: 100

Table 5: Results of cold-start interleaved test.

number of votes Amazon Yelp
FMF | FacT | FMF | FacT
01 44 | 63* | 40 | 64"
Q2 43 | 64* | 34 | 70*
Q3 45 62 33 71*

* p-value < 0.05
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Conclusion

Conclusion

We seamlessly integrate latent factor learning with explanation rule learning for explainable
recommendation.

» The fidelity of explanation is optimized.

« The quality of recommendation is ensured.
Both offline experiments and user studies have shown the effectiveness of our model in
recommendation and explanation.

Future Work

Use more complex forms of the threshold predicates, such as nonlinear function, for better
explainability.

Develop other hybrid factorization models to integrate sentiment analysis with rules.

Use features as key words and retrieve sentences from items’ reviews to generate more natural
explanation.
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Q&A

The FacT
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https://github.com/yilingjia/TheFacT

Backup
Slides
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Quantitative Evaluation

Maximum Tree Depth

B 0.23- o/ — 0.24 .* -

8 : - a| S o o a

8 0.22 1 —8— FacT § 0.22 —8— FacT

= == MTER /) == MTER

5 0.21 —— FMF i —— FMF

g 0.20 ‘ . ;.3 0.20

< 0.19 / | a— 2 —

4 de;s)th 6 4 de;s)th 6
Amazon NDCG@50 Yelp NDCG@50
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3 0 -
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Sentiment Analysis in Reviews

Obtain user opinion
Count the number of positive and

Feature, Opinion, Sentiment Polarity negative sentiment polarity in the
review r for user A, and item B.

food, good, +1)

(burger, great, +1) Prafood = uPraooa = 1
. . Pr Aburger = 1:pr,B,burger =1
(potato fries, crispy, +1)

SerVice, anUl, -1 ) Ny Await time = 1:nr,B,wait time = 1
wait time, long, -1)




Sentiment Analysis in Reviews

Obtain user opinion

Feature, Opinion, Sentiment Polarity From all the reviews

(food, good, +1) For feature [:

(burger, great, +1) pY,: #positive sentiment polarity.
(potato fries, crispy, +1)

(service, awful, -1) ny,: #negative sentiment polarity.
(wait time, long, -1)

. u __ ,,u __
u_((z)» if py =ny =
For user il = 1 u m ]
lpl-l + "iz] otherwise

Frequency: capture the relative emphasis that the user i has given to the feature f;.

(
Foritem F} = {—— f pir = i _
P — Ny otherwise

Sentiment opinion: reflect the aggregated user sentiment evaluation about feature f; of item j.



Tree Construction

User Tree

fi Uq

7 1\

e | N\
Uy f2 f3 fa s

/1 . Us
P ¥ W
fs fe f7
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Tree Construction

User Tree
The factors of intermediate nodes are discarded.
i )77
7 1\ "
D
) [ f3 fa (ua)
IZ N 73
v v N\
fs fe f7
Us Ug U7 |«

—_—
L]
—
o

Only the latent factor of leaf nodes are kept
for next round.
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Tree Construction

User Tree
i (o
7 1\
i } N\
U, f2 f3 fa =
N [us
NV 1 N « The intermedia nodes capture the
f : information about homogeneity
fs L ¢ ' within the identified user cluster
Us Ug Uz
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Tree Construction

User Tree
f1 Uq
7 1\
N ! .
U, = Uy +Up, f2 f3 fo  us Huy,s
A N O R '
NS - \
P V N\ S o \
So \
fs fe f7 ~.
Residual corrections added to
Up T Upy Uy tuy,; Uy HUpy==—===== » the shared representation from

parent nodes.
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Tree Construction

User Tree
fi Uy
7 1\
N !
u2: ul+uP,1 fZ f3
S N. uptuyg
e J \
fs fe f7
Uy + Up o Uy + Uy Uy + Uy

Apply the residual corrections to
.7 get personalized representation
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Quantitative Evaluation

Inclusion of factors from parent nodes.
PF: Parent Factor

NDCG@50 Amazon NDCG@50 Yelp
0.300 0.300
0.200 0.200
0.100 0.100
0.000 0.000
4 5 6 4 5
Maximum Depth Maximum Depth

mw/ PF mw/oPF mw/ PF mw/o PF

The FacT: Taming Latent Factor Models for Explainability with Factorization Trees
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