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Abstract

User interests are usually dynamic in the real world, which poses both
theoretical and practical challenges for learning accurate preferences from
rich behavior data. Among existing user behavior modeling solutions,
attention networks are widely adopted for its effectiveness and relative
simplicity. Despite being extensively studied, existing attentions still suffer
from two limitations: i) conventional attentions mainly take into account the
spatial correlation between user behaviors, regardless the distance
between those behaviors in the continuous time space; and ii) these
attentions mostly provide a dense and undistinguished distribution over all
past behaviors then attentively encode them into the output latent
representations. This is however not suitable in practical scenarios where a
user's future actions are relevant to a small subset of her/his historical
behaviors. In this paper, we propose a novel attention network, named self-
modulating attention, that models the complex and non-linearly evolving
dynamic user preferences. We empirically demonstrate the effectiveness of
our method on top-N sequential recommendation tasks, and the results on
three large-scale real-world datasets show that our model can achieve
state-of-the-art performance.

Self-modulating Attention

The motivation for designing attention in continuous time space is to directly
inform the correlation p(v; | H;) with the expected number of occurrence
E[N(t,t+dt) | | H-,v;;], conditional on the history H;_, where
Hi-=H U {t;+1/ € (t;, t)} and N(t, t+dt) € {0,1} denotes the number of
occurrences for item i; in an infinitesimal interval.
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The dynamic processes will be characterized by conditional intensity

function A*(t | H;). The generalized self-modulating attention could be
formulated as:

Att (q, ‘ Ht) = EP(V|Ht)V)\* (t | 7‘[75, V)

Self-modulating Layer (SMLayer)

We introduce a specific implementation, self-modulating layer (SMLayer)
with application to sequential recommendation.

The widely used self-attention in Sequential recommendation has following
form: X = concat(|Y, Z|)
Q=XW¢ K=XWF< Vv*=XW"

-
H = softmax (QK ) V4SS
Vd

where all W are projection matrices, Q, K, V44 are separately the query, key
and values matrices obtained by different transformations of the input X, and
H is the output representations of conventional attentions. Further we

present the formulation of conditional intensity function:
g(t) = o(Wih (t;) + b (¢t — 1))

Endogenous Exogenous

At Hevi) = fir (Wi gn(t) + )
where g,(t) signifies continuous time temporal dynamics, and f, is the
softplus activation function:

fi(xz) = ¢rlog (1 + exp (v/dy))

Continuous Time Regularization (CTReg)

In preference learning, the model parameters are usually optimized by
minimizing the reconstruction error. The only source of supervised signal is
from the behavior data (i.e.,R) that is independent of time Intensity function
learned in protocol above might probably diverge from the complex
continuous-time patterns contained in the data. CTReg (continuous time
regularization) is defined by:
L tr
RO) = log Ay (t; | H,) —/ At | Hy) dt

j=1 i

The final objective function is minimization of empirical risk with CTReg as:
m@mE(R, R) — VEue[l,m]R((a? U)

Theoretical Results

Generalization Bound. Suppose that the loss function is L-Lipschitz, and for
the estimate R on an random example set Q, we bound p|Q| =
SUPp c e iy allPi.llo and p=supik ¢ olPux(VB)x,l, then with probability at
least 1-0, we have the bound:

E[(R,R)] < Eq[I(R,R)] + O (LM\/Cp|1£|IQ N /ln%/‘é))

where C' = d(m + n) log(48emn)
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Empirical Results

Quantitative Analysis

We present experimental results on three large-scale datasets (Amazon,
Koubei, Tmall) against sequential SOTA recommendation baselines.

Amazan Koubel T mall
M odel HER NDOCS HFR. NDOCS HERE NDCiS
=SHAN 0.19250 011724 028150 02025k 037316 025840
DI 021855 0.13443 032665 0.24 18R 048460 033855
CRU4AREC 0.24 380 015822 032655 027052 O4BETT 03374k
SASREC 025585 016131 035455 027070 050433 034322k
=AREECH 025820 016204 035680 027148 050607 034328

SASREC w/ ours. 0.26545 0.16529 0.36235 0.280583 0.51347 0.35811

Comparison to state-of-the-art Baselines on three benchmark Datasets

We further conduct ablation study to equip generalized self-modulating
attention on DIN (Deep interest network) with proposed SMLayer and
CTReg (Continuous time regularization) to validate our methods:

DIN SASREC
Dataset Crigin  +SMLayer +CTReg Chigin  +SMLayver +CTReg
. Amazon 021855  0.22085 D.21985 0.25685  0.28545 D.260568
7 Koubei 032668  0.33940 D.33780 0.35455 036164 0.36235
Tmall 0.48460 048033 D.49157 0.50433 D.51218 0.51347
U Amazon 0.13443 0.13383 0.13296 0.16131 016475 0.16529
E Koubei 024186  0.25444 D.25411 0.27070 D.27862 0.28083
7z Tmall 0.33855 034580 0.35062 0.34326 035214 N0.35811

Ablation Study
Qualitative Analysis

Example of user preference intensities on Koubei. The user usually
purchases the items from category c4 for all the time, and he/she starts to
repeatedly buy the items from category c6 after time t9. The darker color
corresponds to the higher intensity
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