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 Correlation-Sensitive Recommendation
e Basket-Sequence Correlation Networks (Beacon)
* |tem-ltem Correlation Matrix

* Correlation-Sensitive Components
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. S
Information Systems UNIVERSITY

MENT



Correlation-Sensitive Recommendation

Fresh Oyster,
Fresh Milk, Wasabi

- s o

Salmon, Wasabi, Crab, Pepper,
Japanese Rice Melted Butter, Garlic

=1 = =3 Fresh Oyster,

Lemon, Mint Leaf

TASK:

Modeling concurrently correlative & sequential associations in
basket sequences to predict the next basket of correlated items.
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Correlation-Sensitive Next-Basket Recommendation
with Basket-Sequence Correlation Networks (Beacon)
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ltem-Item Correlation Matrix C

Objective: Leverage correlations between item-item pairs

{Milk, E__g_g__s_zgread} = B aec = 8 &
E Count =
& é =|0(0]|2]1 & |0|0]67].33
> % Co-occurrence Normalize
_________________ — €lolofo]1 — £lo|o|o]|ss
“““ _ """"" B o 12101011 « |67, 0| 0 |.33
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M | Co-occurrence Correlation
{Mﬂk Eggs}{Jam Bread} Matrix F Matrix C

e A pair with frequent co-occurrence has a higher score than less frequent pairs.

* A pair with exclusive connection have a higher score than non-exclusive pairs.

C=D:FD 2, C - C+ XN uNorm(C™),
D;; = Zj Cij N-th order matrix € (0.1)
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Correlation-Sensitive Basket Encoder

* |nput: Given a basket B;
x; € {0,1}VI ¢ e RrIVIxIVI

* The immediate representation of B;:

7, = X4 ow + ReLU(x,C — nl),
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Sequence Encoder

* Input: Given the L-dimensional latent
representation of basket B, at time t

b, € RE

* The recurrent hidden output h; at time t:

U c RLXH,\P’ c RHXH
Y € RY h, e RH
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Correlation-Sensitive Score Predictor

—————————————————————————

’ ftem Scores y* %« Input: Given the hidden output of the last
E 3 E basket Br:
: Correlation-Sensiti've Score Predictor : h ¢ E RH
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Next-Basket Recommendation Strategy

* The predicted ranking r’®) of the item set based on y()
r&:.y®) - 11,2, ..., N}
(S)

i

* Approximately recommended basket B, of size K:
(S

Bry1|K = {l|1"i( ) < K}

where r;”’ is the ranking of item i.

O }TOD'K # Next-basket Recommendation

9400§

¢ —————————-

O

Ranked Item List
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Experimental Setup

* Task: Next-basket recommendation
— For each testing sequence S, hide the last target basket B.
— Given S’ = S\B, require each model to the next-basket
recommendation with the ground-truth basket.

* Datasets

TaFeng

77209 9964 7.0 5.9
(E-commerce)

Delicious

(Bookmark Tag) 61908 6520 21.4 3.8

Foursquare

(Check-ins) 100980 5527 22.2 1.8

Pre-processing: Filter out too few items; sequences < 2 baskets.

* Metric: F1@K, Half-life utility (HLU)




RQ1: Does Beacon outperform against baselines?

FI@K (%)
Dataset Model L H @5 @10 HLU
POP - - 1466 402 |6.64
MC - - 1411 3.61 |5.78
TaFeng MCN 8 - 456 402 |6.34
DREAM | 8 - | 585 490 |6.96
BSEQ 32 16 448 4.04 |6.34
triple2vec | 64 - | 466 3.88 |4.85
.
POP - - 1388 4.04 |6.05
MC - - 1427 459 |6.52
Delicious MCN 32 - 1420 4,59 |6.50
DREAM |32 - |3.13 347 |493
BSEQ 64 32|38 397 |595
triple2vec | 32 - | 3776 4.04 |S5.16
Beacon | 64 64 | 4937 5477 | 7.76'
POP - - 1273 290 |4.84
MC - - | 358 343 |5.53
Foursquare MCN 64 - |3.09 289 |5.08
DREAM |64 - | 284 3.00 |4.98
BSEQ 64 32280 2.89 |4.82
triple2vec | 64 - | 2,73 290 | 4.53
Beacon | 64 64 | 3.61 3.59" [ 6.327 o~
' SMU
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RQ2: Is the learning of item importance w useful?

Dataset | Model @F sl@Kg{i)o HLU
Beaconcorr-impt- | 3.87 344 | 5.13
TaFeng ([ Beacon.yy. 578" 4.86" | 7.187

Beacon (full) | 6.36% 5.26% | 7.838
[ Beaconcorr-impt- 402 443 [6338)
Delicious || Beaconcor- 4.677  5.107 | 7.15T
Beacon (full) | 4945 5473 | 7.763
‘Beacohcor-impt- | 2.98 329 | 5.39
Foursquare || Beacon o 3.587 3.521 6.16T]
Beacon (full) | 3.61 3.59% | 6.32%

'I" denotes statistically significant improvements (p<0.05)

Beaconcorimpt-  Without correlations, fix w = 1
Beacon q. Without correlations, learn w
Beacon (full)  With correlations, learn @
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RQ3: Is the modeling of correlations useful?

Dataset | Model @F sl@Kg{i)o HLU
Beacongor-impr- | 3.87 3.44 5.13
TaFeng |(Beacongs. 5.787  4.867 | 7.18T

Beacon (full)) | 6.365 5.26% | 7.83%
Beacongorimp. | 4.02  4.43 6.38
Delicious |(Beacongr. 4,677 5.107 | 7.157)
Beacon (full) | 4.94° 547 | 7.76°
Beaconcorrimp- | 298  3.29 | 5.39
Foursquare |( Beacon g 3.58T 3.527 | 6.167
[Beacon (ful) | 3.61 3.59% | 6.328

§ denotes statistically significant improvements (p<0.05)

Beaconcorimpt-  Without correlations, fix w = 1
Beacon q. Without correlations, learn w

Beacon (full)  With correlations, learn @

Information Systems . W UNVERS] v

MENT



A Qualitative Example on Delicious

Target Tag basket prediction (K = 5)
bookmark Beacon MC POP
Manual web, design, digital,. sociales, | art, des.ign,
de jQuery o progra.mmmg, web,. mt.ernet, e:ducatlon,
Yavascript, too periodismo |video, tools
The $300 twitter; u.x, design, peace, | art, design,
Million < propinquity, education, education,
Button 7 \\critical, writi blog, tips  |video, tools
6 . : =
o “npeariles e comfies hundmillon buttor ¢ oMU
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Conclusion

* Modeling concurrently correlative & sequential
associations in basket sequences to predict next-

basket of correlated items.
* Propose Beacon show statistically significant
Improvements over:
* Traditional Basket Sequence Models (MCN,
DRM, BSEQ, triple2vec)

in terms of top-K recommendations.
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RQ4: How does «a affect the performance?

——TaFeng -+Delicious -*Foursquare

3.0 9.0 0.048
4.0 ° 8.0
s - 0.040
0 =
® 3.0 T 7.0
29 0.032
2.0 6.0
1.0 x—x‘*—@_x\*—’* 5.0 0.024
0.0 0.2 0.4 0.6 0.8 1. 0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
o o o
a) F1@5 b) HLU ¢) MRR
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