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Recommender System

The system is an information filtering system dealing with information overload.

1 Amazon: an estimated 30% of page views from product recommendations
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User-centric sequential recommender systems

They predict the next items to capture the sequential dynamics of consumed items.

@ The sequential dynamics enable the models to track personalized interest drift.

@ The models do not explicitly consider the time at which recommendation is performed.
[ E.g., auser who consumed up to 2019 represents the user’s interest only up to 2019.
[ Itisinaccurate to recommend in 2022 (future) due to the prolonged absence of consumption.
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Item-centric sequential recommender systems (1/2)

Recent research studies users’ global interest drift in items.

It predicts whether each item will be consumed in a recent period of training data.
[ More recent interest can be captured than user-centric models based on next item prediction.

Interest sustainability: how much users’ global interest in items will sustain in the future.
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Item-centric sequential recommender systems (1/2)

Recent research studies users’ global interest drift in items.

It predicts whether each item will be consumed in a recent period of training data.
[ More recent interest can be captured than user-centric models based on next item prediction.

Interest sustainability: how much users’ global interest in items will sustain in the future.
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Item-centric sequential recommender systems (2/2)

Recent research studies users’ global interest drift in items.

@ The models can explicitly consider the time at which recommendation is performed.

(%) They neglect each user’s preference.
(d E.g., the same interest sustainability score of an item for different users
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Proposed model & conceptual comparison

We propose a sequential model capturing the benefits of both user- and item-centric models.

« User-centric model (a): personalized interest drift (but no interest sustainability)

« ltem-centric model (b): Interest sustainability of items (no personalization)

> Proposed model (c): personalized interest sustainability

[ 1t predicts which items each user will consume in the recent period of the training time.
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Proposed model & conceptual comparison

We propose a sequential model capturing the benefits of both user- and item-centric models.
« User-centric model (a): personalized interest drift (but no interest sustainability)
« Item-centric model (b): Interest sustainability of items (no personalization)

> Proposed model (c): personalized interest sustainability
[ 1t predicts which items each user will consume in the recent period of the training time.
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Personalized interest sustainability prediction

It requires predicting whether a user consumed items in a recent period: ,l?u,i = fe(bu,i)
The past part h?, for defining features of items (Consumption frequency bins: bu i € RN )
The recent part h; for defining labels of items (Consumed or not: Yy, ; = 1[i € hl,])

After training, we predict users’ interest beyond the training time by expanding the frequency
bins up to the whole training time.

A user’s history h,,
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Personalized interest sustainability prediction

It requires predicting whether a user consumed items in a recent period: Qu,i = fe(bu,i)
The past part h?, for defining features of items (Consumption frequency bins: bu i € RN )
The recent part h; for defining labels of items (Consumed or not: Yy, ; = 1[i € hl,])

After training, we predict users’ interest beyond the training time by expanding the frequency
bins up to the whole training time.

A user’s history h,, PIS prediction task
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Personalized interest sustainability prediction

It requires predicting whether a user consumed items in a recent period: ,l?u,i = fe(bu,i)
The past part h?, for defining features of items (Consumption frequency bins: bu,i e RN )
The recent part h; for defining labels of items (Consumed or not: Yy, ; = 1[i € hl,])

After training, we predict users’ interest beyond the training time by expanding the frequency
bins up to the whole training time.
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Personalized interest sustainability prediction

It requires predicting whether a user consumed items in a recent period: Qu,i = fe(bu,i)
The past part h?, for defining features of items (Consumption frequency bins: bu i € RN)
The recent part 1/, for defining labels of items (Consumed or not: yy,; = 1[i € hi,])

This task is feasible to solve based on the temporal consumption patterns (freq. bins).

A user’s history h, PIS prediction task E
— hu —ar hg - - = g
I iy .|=||=| Yuiy 0 S

. &1 b
1 \°'I !
N 1 A 2004 Nov 2008 Jan 2011 Mar 2014 May 2017 Jul 2020 Sep
i ﬁ'ﬁ by, =,.=,|:|3’u,i2 <> 1
2 1
' b
b

(@) yu,i =1
i t@ 1 wis =.|=|-9yu13<_>0
3 1
) : Uiy =|=||=--9y’“46>‘I
lg @
1
1

Consumption

N Frequency bins Seg. ' Pred. Label 2004 Nov 2008 Jan 2011 Mar 2014 May 2017 Jul 2020 Sep
Training time T - HHSE (b) yui =0
(a) Data split (b) Model training

12



Personalized interest sustainability prediction

It requires predicting whether a user consumed items in a recent period: Qu,i = fe(bu,i)
The past part h?, for defining features of items (Consumption frequency bins: bu,,- € RN)
The recent part 1/, for defining labels of items (Consumed or not: yy,; = 1[i € hi,])

This task is feasible to solve based on the temporal consumption patterns (freq. bins).
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Data Sparsity & Solutions

The proposed task is challenging due to the data sparsity.
Most users have insufficient consumption history per item.

In Yelp data, users have 2.6 interactions per item on average.

» Intrinsic supplementation scheme

* augments each user’s consumption history for an item based
on other items consumed by the user.

» Extrinsic supplementation scheme

* supplements a user’s consumption history by referring to
other like-minded users’ consumption history.
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Intrinsic Supplementation Scheme

It augments each user’s consumption history for an item
based on other items consumed by the user.

A user’s interest in an item (espresso) is assumed to sustain
if the user recently consumes a similar item (cappuccino).

I
bu,i = bu,i + Z ai,j - bu,j

Feature jenb\{i}

augmentation )
ajj = sim(vi, vj)

L= ﬁ 2ucl Ziehu (Yu,i — gil)z)

9% = fs(bl; +eus)
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Extrinsic Supplementation Scheme

The goal is to infer a target user’s interest in items through the

Extrinsic scheme

: , , : . V> yE,
like-minded users’ interest in the items. A A eing
f-;' (Eqn.6)
. . = I':]E (45 R R ;
It supplements the consumption history of each user (vegan) by ui [ f
referring to the history of other like-minded users (other vegans). ,_,2
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Model Training

The label y,, ; can be noisy because a user can still prefer an item even though the user
does not consume the item in the recent period.
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To complement the label noise, we train our model along with conventional preference
learning, which utilizes ground-truth labels (consumed items).

! v
Lr=MpLr+(1-pLe}+(1-1)Lp  BPR CML, ...

Recommendation score at the inference time.

rui = Mpdl, ; + (1= gy} + (1= Dy,
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Experimental Settings

Datasets

Amazon, Yelp, and Google data

D #users  #items # data Int./ .Int./ Tiffiespan
(U1 (*2)) (IDl)  wuser item

Cell phones 8,192 47,671 118,323 1444 2.48 2000.10-2014.05
Digital music 6,062 65,094 127,484 21.03 1.96 1998.05-2014.05
Tools 8,971 61,271 150,780  16.81 2.46 1999.11-2014.05
Grocery 8,215 54,452 168,933  20.56 3.10 2000.08-2014.05
Toys 12,636 99,051 230,473 1824 2.33  1999.10-2014.05
Health 14,149 68,810 252,356  17.84 3.67 2000.12-2014.05
Sports 16,959 99,927 276,214 16.29 276 2000.07-2014.05
Clothing 35,824 315,818 578,135 16.14 1.83 2000.11-2014.05
CDs 40,339 330,179 1,278,176 31.69 3.87 1997.11-2014.05
Yelp 18,284 83,871 384,330 21.02 4.58 2004.10-2020.11
Google 125,341 1,552,812 3,066,438 24.46 1.97 1990.12-2014.01

Ranking metrics
Hit ratio and normalized discounted cumulative gain (nDCG)
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Recommendation Accuracy

PERIS outperforms baseline models
including general, user-centric, and item-
centric sequential models.

An item-centric sequential model shows
better performance than user-centric
models thanks to the interest sustainability.

Recent general models reach the
performance of sequential models without
considering sequence signals.

Setting General RS User-centric Sequential RS I-SRS Proposed RS

Dataset ~ Metric BPR CML SML SimX SSR TSSR Caser HGN LSAN CRIS| PERIS Ag As
H@5 48.17 4891 50.85 5289 4579 50.15 4378 5195 5421 5607 63.68 204% 13.6%

Cell  H@10 5961 60.68 6357 6384 5932 6331 5673 63.63 6555 68380 76.28 195% 11.6%
Phones N@5 3534 3650 3802 3957 3244 3636 3228 39.63 4079 43.19| 48.74 232% 12.9%
N@10 39.06 4032 4216 43.09 3684 40.62 3646 4342 4447 4720 52.84 22.6% 11.9%

H@5 3521 3449 3846 3722 2410 2500 2556 2538 3483 2778 47.31 23.0% 35.8%

Digital H@10 4453 4449 50.21 4654 3197 3637 36.28 3453 4479 37.78| 5850 165% 30.6%
Music N@5 2571 2530 2832 2798 1653 1699 1856 18.64 2546 1938 3531 24.7% 38.7%
N@10 2873 2853 3202 3098 19.06 20.52 2205 2158 2870 2262 3893 212% 35.6%

H@5 3655 3653 37.78 39.83 3479 3296 30.70 3492 3795 3561 43.64 9.6% 15.0%

o H@10 48.89 47.86 5050 5269 4803 4745 44.95 4745 4893 49.77| 57.15 85% 14.8%
0018 N@5 2567 2580 2639 2813 2348 2265 20.66 2435 2640 24.19§ 3135 11.4% 18.8%
N@10 29.66 2946 3050 3230 2778 2731 2527 2841 2994 2875| 3573 10.6% 19.3%

H@5 46.85 4627 47.61 4678 4536 46.12 4346 4524 4627 49500 51.86 89%  4.8%

G H@10 5693 5664 5832 57.98 57.10 57.19 5536 5628 57.26 60.60§ 62.91 7.9%  3.8%
TOCETY  N@5  33.91 3391 3486 3499 3398 3400 30.03 3441 3433 37.13] 4055 159% 9.2%
N@10 3717 3727 3832 3861 3778 37.56 33.88 37.98 37.88 40.73| 44.13 143% 83%

H@5 4587 4589 46.84 4853 3422 3511 3587 4241 4873 4954 53.21 9.6% 7.4%

o H@10 57.08 57.28 5873 6174 4873 5202 4861 5528 6146 6263 66.61 7.9%  6.4%
OYS  N@5 3399 3367 3491 3546 2262 2370 2537 3128 36.18 3668 39.64 11.8% 8.1%
N@10 37.61 3735 3875 3975 2697 2911 2950 3542 4031 4092 43.99 10.7% 7.5%

H@5 4643 4797 4907 5118 4350 4492 46.06 49.03 5031 52430 53.99 55%  3.0%

Health ~H@10 6020 6035 6157 6278 57.93 5860 5620 59.99 6181 6492 6638 57%  22%
N@5 3271 3455 3509 37.68 3172 3223 3442 3772 37.64 3877 4248 127% 9.6%

N@10 3717 3855 39.14 4143 3637 3667 37.70 4124 4138 4282 4648 122% 8.5%

H@5 4790 4873 49.18 50.85 39.59 39.81 40.78 46.82 4889 4981 54.30 68%  9.0%

sports  H@10 5853 6023 60.66 6412 5238 5435 5338 5907 60.39 6138) 6682 42%  89%
POTLS  N@5 3595 3633 3669 37.00 2743 2826 29.50 3456 3678 3752 40.62 9.8%  8.3%
N@10 39.38 4004 4041 4130 3157 3274 3357 3851 4051 41.27| 44.68 82%  83%

H@5 39.26 40.01 3683 4695 40.17 4351 39.88 3878 3899 4536 5048 7.5% 11.3%

Clothi H@10 4821 50.14 4689 5845 5125 57.18 5291 50.64 5023 57.07| 64.70 10.7% 13.2%
OtINg  N@5  30.06 2997 27.06 3518 2815 3151 2831 27.79 2847 3343] 3631 32% 8.6%
N@10 3295 3324 3030 3890 3174 3592 3253 3163 3210 37.22] 40.90 51%  9.9%

H@5 6296 6216 6296 59.58 37.32 4204 56.15 56.96 63050 65.13 3.4% 33%

- H@10 7553 7483 7557 7128 5029 53.68 67.87 68.44 7390f 7625 09% 32%
S N@5 4757 4740 4851 4530 2619 3032 4318 44.15 4937 5145 6.1% 4.2%
N@10 5165 5151 5263 49.12 3007 3412 4698 47.87 52880 55.06 4.6% 4.1%

H@5 66.13 6360 6521 6521 4341 4636 6238 64.34 66.09f 73.93 118% 75%

Yel H@10 8453 8274 8242 8411 6175 6375 7821 80.02 8438 87.29 33% 1.9%
P N@5 4766 4598 47.19 4650 2859 3193 4520 46.60 4690 5506 155% 8.8%
N@10 5366 5220 5278 5265 3455 37.58 5037 5173 5284 59.45 108% 6.0%

H@5 6038 7440 7583 7301 3309 3776 4263 6731 7401f 81.01 68% 95%

Google H@10 6869 8108 B251 7862 4454 4801 5397 7383 81.94) 86.83 52% 6.0%
008 N@5 4943 6327 6467 6149 2323 2803 3130 57.65 61.88] 7033 88% 13.7%
N@10 5212 6544 6685 6333 2693 3135 3497 59.76 6447\ 72.23  8.0% 12.0%
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Personalized Interest Sustainability in Baseline Models

Baseline models that learn users’ future interests cannot fully capture the PIS.

Depending solely on the PIS score can result in inaccurate recommendations.
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Personalized Interest Sustainability in Baseline Models

Baseline models that learn users’ future interests cannot fully capture the PIS.

Depending solely on the PIS score can result in inaccurate recommendations.
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Elapsed Time Since Users’ Last Consumption

The performance of the models is generally degraded when the elapsed time since their last
consumption becomes long.

PIS is beneficial to infer users’ interest even though they have a long elapsed time since
their last consumption.
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Sensitivity to Shifted Consumption History

We shift users’ item sequences by month from its start time to the relative past or future.

Shifted to the past <— Original sequence — Shifted to the future
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LR | ol , q
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PERIS is sensitive to the temporal change of sequences, which supports the superior
performance of PERIS.

—@— PERIS —-= LSAN, CRIS, SimpleX
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Ablation Study on Supplementation Schemes

The vanilla PIS prediction task (PIS) suffers from the sparsity of users’ consumption history.

The intrinsic (Int.) and extrinsic (Ext.) supplementation schemes are vital to successfully
perform the PIS prediction task.

Components Tools Toys Yelp

Int. Ext. PIS | H@10 N@10 | HQ10 N@10 | H@10 N@10

60.34 39.16 | 71.73 51.36 | 89.85 59.53
59.39 38.24 69.55 49.57 8179 58.94
46.60 25.03 64.62 44.12 86.77 53.96
46.41 24.95 64.25 43.15 88.10 54.10
52.01 31.96 65.92 46.23 85.15 53.87

MEINWN
x XI>x N\ N\
MARINSK
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Conclusion

* New training objective for sequential RSs instead of next item prediction.
* Simple yet effective supplementation schemes for the proposed prediction task.
* Superior performance compared to 10 baseline models on 11 real-world datasets.

* More personalized recommendation thanks to the personalized interest sustainability.

Source code: https://qithub.com/dmhyun/peris

Contact information: dm.hyun@postech.ac.kr
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