
Recurrent Intensity Model for User Recommendation and Online Matching

UserRec: We aim to recommend users on behalf of item producers, 
where the users are represented by their recurrent hidden states 
from past behaviors. Our models eliminate the need of extra 
features or labels to achieve the greatest generality.
OnlnMtch: One benefit of UserRec is to allow fair exposure of all 
items in the catalog. We quantify the benefits via a constrained 
online-matching problem.

User events happen at irregular times. Unlike ItemRec, we cannot 
directly compare users at any particular time point.

(no events happen at any particular time point)

If we compare by time intervals, a user may have multiple events. 
How do we compare event sequences or sets of different sizes?

Goal is to estimate the expected future intensity in Item-y

For simplicity, decompose as {ItemRec RNN} x {User-Intensity TPP}

• RNN predicts the item type just like traditional ItemRec

• TPP (Hawkes) models the user-intensity with exponential kernels

Learn TPP by MLE                                           or MSE 

Assign Recommendations via Constrained Optimization

where PH = observed user-state distribution;
PA = observed item distribution.

Solve via greedy allocation when
all users and items are observed

Other methods
• Pop score ∝ {item visitation counts} x {user history length}
• Bayesian Personalized Ranking (BPR) learns to rank users/items in a validation window
• Hawkes-Poisson fine-tunes                                   from the Hawkes-kernel states

Datasets:
• Netflix: observe 6 months of events; predict in next 2 weeks
• Movielens: 4068 seconds of observed events => 4068s interval
• Yoochoose: 457 seconds of observed events => 457s interval

Traditional ItemRec and Proposed UserRec
• Relevance measured by precision and diversity measured by global perplexity
• RNN-TPPs show improvements in both metrics over non-personalized baselines
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Special Case k(h) c(y)
ItemRec 1% 100%
UserRec 100% 1%
OnlnMtch (1-to-1) 1% 1%

ItemRec (Top-K items per user) UserRec (Top-C users per item)

Method
Precision (x100) Item Perplexity

x User Intensity
Precision (x100) User Perplexity

NF ML YC NF ML YC NF ML YC NF ML YC
Rand 0.04 0.37 0.006 16192 3610 11423 Rand 0.04 0.37 0.006 32140 2980 71472

Pop 0.78 1.74 0.067 163 37 115
Pop 0.19 3.03 0.028

323 31 718Hawkes 0.26 4.44 0.030
Hawkes-Poisson 0.35 4.48 0.034

BPR-Item 0.71 0.73 0.222 1139 684 1774 BPR-User 0.26 0.84 0.147 1843 777 18629

RNN 0.86 2.09 0.306 1015 1049 5024

(Uniform) 0.19 1.43 0.223 8910 1952 45992
Pop 0.28 2.81 0.233 3520 1041 44620

Hawkes 0.38 5.42 0.235 2268 375 44880
Hawkes-Poisson 0.38 5.15 0.258 4720 442 34533

Proposed OnlnMtch
Set k(h)=1%; control global item diversity by c(y)=[1%, 3%, 10%, 30%, 100%];
Set c(y)=1%; control global user diversity by k(h)=[1%, 3%, 10%, 30%, 100%];
RNN-TPP models dominate the Pareto front of relevance-diversity trade-offs
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Recurrent Intensity Modeling for User Recommendation and Online Matching

isting RNN-ItemRec models. Based on Proposition 1, we
keep the RNN model for its categorical prediction of the
preference direction, p(y|h(t)), while introducing separate
estimators for the global user intensity norm, E[�NA|h(t)],
and estimate the corresponding �A and ⇤̄A by RIM for sets.

We emphasize that RNN-TPPs are able to recover the in-
tensity scores in each item type, due to the law of total
expectation as a corollary of Proposition 1: E[�Ny|h(t)] =
E[E(�Ny|�NA)|h(t)] = p(y|h(t))E[�NA|h(t)], assum-
ing relatively stable preference-direction predictions that are
independent of total event counts.

RNN-Pop is our simplest model, where we use the length
of user histories from the collected data. This approach
works due to a homogeneous intensity assumption, i.e., the
number of past events directly correlates with the future
event intensity. It also assumes that all user activities are
collected over a comparable period of time, which coinci-
dentally holds because practical RecSys often truncates the
training datasets by a fixed time for scalability concerns.

RNN-Hawkes. To extend the naive RNN-Pop models, we
may break the homogeneity assumption to consider user
state changes that affect future event intensity. In this regard,
Hawkes process assumes a positive stimulation through past
user events and a gradual churn-out effect after sustained
inactivity. It models these effects via an exponentially-
decaying kernel in the intensity parameters

�A(t) = µ+
X

j:tj<t

RX

r=1

↵r�r(t� tj), (7)

where �r(t) =
1
sr

exp
⇣
� t

sr

⌘
1t>0, and µ,↵, s > 0.

Here, we extend it with a mixture of R latent kernels with
learned coefficients and learn it with tick software package
(Bacry et al., 2017). We design the R kernels to have log-
spaced half-lives between 10�3 and 10tmax where tmax is
the largest temporal span in user histories. A large-sr kernel
approximates the RNN-Pop model with a step function after
each observation, whereas a small-sr kernel suggests a fast-
diminishing effect, often within a short browsing session.

RNN-Hawkes-Poisson. For long prediction horizons, we
may also calibrate Hawkes scores to eliminate the effects of
fast-diminishing kernels. Notice that the Hawkes states h̃(t)
are already positive. We thus model their weighted sums as

⇤̄A = h̃(t)� softplus(w) = h̃(t)� log(1+exp(w)). (8)

We further concatenate h̃(t) with the RNN partition func-
tion �̃A(h(t)), which we observe to be positively correlated
with the future user intensity. Our additive formulation is
inspired by (Mei and Eisner, 2017) and we slightly improve
it by allocating the softplus to each coordinate to improve
numerical stability.

4. Experiments
We conduct experiments in three RecSys datasets with
unique properties. We set k(h) = c(y) = 1% in the re-
spective UserRec and ItemRec problems.

• Netflix (NF)1 is a movie rental service where movie rat-
ings from a user’s past affects their personalized ItemRec
in the future. NF is widely used in rating prediction and
ItemRec, but less so in UserRec and OnlnMtch.

• Movielens (ML) (Harper and Konstan, 2015)2 is a movie
rating website that collects user preferences to study Rec-
Sys. Over time, it released several versions of datasets.
We use a small-scale ML-1M in an 2003 release with one
million rating events between six thousand users and three
thousand items to easily validate our ideas.

• Yoochoose (YC)34 is a dataset used in RecSys 2015 Chal-
lenge with six months of activities for product recommen-
dation such as general tools, toys cloths, electronics, and
much more.

4.1. Data Splits

NF ML YC

# warm users 32238 3020 71784
# warm items 16217 3669 11431
# training events 2437151 762016 1087267
# clean test events 187096 37597 49500
UserRec C(y) 323 31 718
ItemRec K(h) 163 37 115

Table 1: Data split and statistics

We aim to split the data in a way to conduct evaluation
within a time window. On NF, we simply pick a test window
between 2005/6/15 and 2005/6/28 with a training window
between 2005/1/1 and 2005/6/14. On ML and YC, however,
users typically have short browsing sessions that do not over-
lap. Instead, since we treat every user-time as an instance,

1
https://www.kaggle.com/netflix-inc/netflix-prize-data

2
https://grouplens.org/datasets/movielens/1m/

3
https://www.kaggle.com/phhasian0710/yoochoose

4
https://recsys.acm.org/recsys15/challenge/
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>:

dNy #events associated with Item-y;

dt next infinitesimal time interval;

h(t) user state at time t.
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