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Most recommender systems attempt to capture
simultaneous preferences:

“Users who like A tend to like B as well”

Recommender systems are effective at
exploiting current preferences, but are less
efficient at exploring.

Diversity of consumption is positively
associated with user conversion and retention.
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Users’ consumption changes
over time.

Can we learn structure
underlying users’ trajectories?

This could provide a map we can
use to introduce meaningful
diversity.
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https://www.flickr.com/people/86265563@N00
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— Research question:

“How well does preference for A at time t predict preference of B at time t+1?”

— Our proposal: Preference Transition Model (PTM).

time

dance-pop indietronica neo-psychedelic
@ Spotify
Album covers obtained from Spotify. Left: Major Lazer, “Peace Is The Mission”; Middle: Riifiis Du Sol, “Solace”; Right: Tame Impala, “The Slow Rush”.



o death metal
o brazilian thrash metal
@ hardcore punk
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BaCkg round 'experm‘leix_t?l‘_\:;.‘ 1 v. ~ ® dark hardcore

@ uptempo hardcore
o speedcore

o dutch trance

— Dynamic collaborative filtering, for example | SEL
dynamic matrix factorisation methods, or “ neocsical * "
tensor-based approaches.

— Sequential recommender systems. In this
work, we focus on obtaining interpretable ’expe”w rard ok | | rockan o
insights into how user preferences change i
the long term.

— Diversity in recommender systems.

— Estimation of relationships between
multivariate processes.

o calming instrumental

| album rock |V | dusseldorf electronic |

/

trip hop |

funk | blues rock |

electronica
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Dataset

Microgenres

> 4000 fine-grained musical genres. We
associate each song to a single genre.

pop electronico scandipop music
braindance
dance pop halftime dnb
karaoke future ambient
finnish electronic
dubstep grimewave

junior songfestival
traprun
gaming dubstep
belgian new wave
moldovan pop
australian electropop

deep dance pop
russelater

indian electrc
minimal wave
rock nica
substep south car

italian electronica
bass music

k-pop boy group chinese electronic

Longitudinal consumption traces

Stream counts for 100k UK Premium subscribers.
Spans 2016-2020, aggregated per quarter.

user3 | ¢=1 | t=2 t=T
user2 | t=1 t=2 t=T
user! | ¢=1 t=2 t=T 5
pop 40 0 3 4
rock 3 4 23 7
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Preferences Are Shifting

Density

—
3.0
ol For each user, we measure the
= > distance between streams in 2016
= | Q1 and streams in future periods.
1.0
o Users’ consumption is drifting
A over the years.

Q12016 vs. Q2 2016 Q12016 vs. Q2 20'2(;
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Total variation
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“If you listen to soul, you will likely listen to new age next”
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Cf you listen to new age, you will likely listen to blues next”

Relations between genres are not necessarily symmetric

The matrix A encodes
the graph structure
between the genres

4

Weighted adjacency
matrix of the
Genre Interaction
Graph (GIG)
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Preference Transition Model (PTM): key features

Notation

Genre counts at time t

@) _ ([, (2)
n;’ = (nil ,...,niN)
User activity at time t
(2) < (2)

t t

&= QM

j=1

Genre distribution at t

ﬂlgt) _ nlgt)/gi(t)

Preference
transition matrix

A ={aj} € [0,1]VN

gi(") ~ Poisson (é’i(t_l)) :

nl(t) | fi(t), i’tlgt_l) ~ Multinomial (gi(t), itlgt_l)A)

{

Key feature 1.
Exponentially
weighted moving
average distribution

ftl@ =(1- y)it(t_l) + ynl(t)

i
Global exploration parameter

y € [0,1]

{

Key feature 2:
Poisson-Multinomial
two-stage distribution
User activity and genre
distributions are
modelled separately.
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Model evaluation: three tasks

Minimise total variation between observed and predicted genre distributions.

Predict if the consumption of
each genre increases or

decreases (+/-).

Predict which new genres

will be streamed.

L}

with respect to t-71 or entire
streaming history

observed @ ¢

observed @ t + 1

observed change

observed @ t
observed @ ¢ + 1

observed new genres

observed @ t

predicted @ t + 1

predicted change

observed @ t
predicted @ t + 1

predicted new genres




Predictive Performance

Based on streams up to time T, can we predict discoveries at time T+1?

observed @ t observed @ t New classes (au)

. . Model ROC-AUC PR-AUC

VS. VS.
observed @ t + 1 predicted @ t + 1 PTM (y = 0.360) 0.889 0.039
. Poisson AR 0.854 0.033
U U DPF, K =5 0.849 0.016
observed new class predicted new class NMF, K = 50 0.853 0.025
1 Previous obs. = —

@ Spotii:;"



Predictive Performance

The PTM has the best performance for all tasks.

Total variation Plus-minus (+/-) New classes (t) New classes (all)
Model TV ROC-AUC ROC-AUC PR-AUC ROC-AUC PR-AUC
I_PTM (y = 0.360) 0.378 0.698 0944  0.267 0.889  0.039
Poisson AR 0.416 0.663 0.915 0.190 0.854 0.033
DPF, K =5 0.909 0.512 0.849 0.051 0.849 0.016
NMF, K = 50 0.509 0.646 0.914 0.189 0.853 0.025
Previous obs. 0.389 0.581 0.639 0.221 a— —
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Structure of the Transition Matrix

The transition matrix we learn is interpretable: diagonal elements tend to be large,
since users that liked a given genre will probably like it also in the near future.

1.0 Fomm=mmmmmmmm === 1
750
-
¥ L>;
5 § 500 -
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= 250
e e accaci 0-
0 2000 4000 0.0 0.5 1.0
Genre ID (sorted by popularity) Transition probability a;;
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Structure of the Transition Matrix

o [casscal | The transition matrix we learn
is interpretable.

“ tropical house | ] late romantic era | l

electro house | | permanent wave [ | uk dance l | new french touch | | swing scandipop | ‘ classic rock ‘\l vocal jazz | It Cou |d be used

\ as a map to

post-grunge disco house british soul viral pop | reggae .

| n | | ’ introduce users
to a new genre.

| pop rap | | alternative metal ‘ | diva house | adult standards | motown channel pop

| country [ | canadian pop | | quiet storm ‘ I rock-and-roll l | neo sou] | | acoustic chill | I contemporary vocal jazz |

18
hip hop | gospel I soul I modern blues
Spotify’
Dafna Shahaf and Carlos Guestrin. 2010. Connecting the Dots between News Articles. ACM SIGKDD International Conference on Knowledge Discovery and Data Mining po I

(KDD "10).




Other datasets

The PTM has also been tested for:

Dataset

M N T Interval Start End

— Prediction of movie tags (MovielLens), Spotify
Last.fm

— Prediction of music genres (Last.fm),  MovieLens
Yelp

10000 4430 18 Quarter Q12016 Q2 2020
450 1500 6 Quarter Q32007 Q4 2008
1320 1128 5 Year 2015 2019
1808 192 5 Year 2015 2019

— Restaurant recommendations (Yelp).

Total variation Plus-minus (+/-) New classes (t) New classes (all)
Dataset Model TV ROC-AUC ROC-AUC PR-AUC ROC-AUC PR-AUC
MovieLens | PTM (y = 0.495) 0.601 0.685 0.800 0.269 0.790 0.134
Poisson AR 0.637 0.661 0.740 0.207 0.704 0.090
DPE,K=5 0.791 0.548 0.736 0.155 0.724 0.072
NMF, K = 50 0.637 0.650 0.782 0.226 0.769 0.108
Previous obs. 0.618 0.558 0.622 0.179 - -
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Takeaways

There are consistent patterns explaining
how user preferences shift over time.

The proposed Preference Transition
Model (PTM) provides a simple and
interpretable statistical framework for
estimating users’ trajectories.

This could be used to increase diversity
within recommender systems.
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Thanks!
Questions?



