Scalable Recommendation with Hierarchical
Poisson Factorization
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Poisson Recommendation
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Figure 1: The hierarchical Poisson factorization model.

. For each user u:

(a) Sample activity &, ~ Gamma(a’.a’ /b’).
(b) For each component k. sample preference

Our ~ Gamma(a, &, ).

. For each item i:

(a) Sample popularity 7; ~ Gamma(c’, ¢’ /d’).
(b) For each component k. sample attribute

Bir ~ Gamma(c, 1;).
. For each user u and item i, sample rating

Yui ~ Poisson(f,! ;).

score,; = E[f,] 5 | y].
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Variational inference
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It is universally true that:
In (p(X)) = In(p(X. 2)) — In(p(£]|X))
lt's also true (a bit silly) that:
In(p(X)) = [In(p(X, Z)) — In(q(£))] — [In(p(£]|X)) —In(q(£))]
The above is so that we can insert an arbitrary pdf g(Z) into, now we get:
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Taking the expectation on both sides, given g(Z£):

In (p(X)) = /q(Z) In (p()((;]>dz— / g(Z)In (‘D(f;)(}>d2

[q(z VIn(p(X, Z))dZ — /q Z)In( Z))d2+( /q (

L£(q) (qllp]

7))

-

= £(q) + KL(q||p)
we can find approximate and optimal q;" (Z;), such that:

In (g7 (Z)) = Eig [ In(p(X. Z))]
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Fig.2 Poisson Factorization Model
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According to mean-field:
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Update the user weight parameters:

(/"'ua.k > /‘"ub.k )<_ (/"}m.k + Z Vaik ﬂ/"'ub.k + Z Hi.k )
I I .
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Poisson Factorization
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Poisson Factorization

2. For each user, update the user weight and activity

parameters:
Inference for HPF
shp

Tule — @ =+ Z yuz‘;buzk:
shp

For all users and items, initialize the user parameters ’T'ni — T E )\shp rte
Yus K and item parameters A;, 71° to the prior with !

a small random offset. Set the user activity and item .ood '};hrf
popularity shape parameters: Pu = 77 + Z

P — o' 4 Ka; 7™ =¢ + Ke
3. For each item, update the item weight and popu-

Repeat until convergence: larity parameters:
1. For each user/item such that vy,; > 0, update the )\Shp =c+ Y. YuiOuik
multinomial: sh
h
e A?E . p/r}uk
dui o< exp{¥ (7, )—log v, +1If()\ ") —log )\ ) 7




The Mendeley data set of is a binary matrix of 80,000 users and
260,000 articles, with 5 million observations.

The Echo Nest data set is a matrix of 1 million users and 385,000 songs, with 48
million observations.

The New York Times data set is a matrix of 1,615,675 users and 103,390 , with 80
million observations.

The Netflix data set contains 480,000 users and 17,770 , with 100 million

observations.



Empirical Study
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Figure 4: Predictive performance on data sets. The top and bottom plots show normalized mean precision and mean recall
at 20 recommendations, respectively. While the relative performance of the competing methods varies across data sets,
HPF consistently outperforms each of them.



Empirical Study
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Figure 5: Predictive performance across users. The top and bottom plots show the mean difference in precision and recall
to HPF at 20 recommendations, respectively, by user activity.
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