Item Recommendation on Monotonic Behavior Chains
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Figure 1: Illustration of monotonic behavior chains and the
associated item recommendation problems.
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Goal: Given historical observations of users’ behav-
ior chains, we seek to estimate their responses toward
unobserved items by appropriately leveraging the mono-
tonicity assumption implied by the data.
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Figure 2: Illustration of different optimization criteria.
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Figure 3: Illustration of our monotonic preference scoring
function. In this example, only the behavioral intention
&', is activated. The observation y,; = 1 directly comes

from its activated associated intention 5;1. , while yy;1 =1
is derived by its subsequent behavioral intention 57, .
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Figure 4: Results of item recommendation tasks on all stages
in terms of AUC.
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Figure 5: Sensitivity analysis w.r.t. dimensionality K on two
datasets for the primary item recommendation task.
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5.4 Qualitative Analysis
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(a) (b) (c)
Dataset |Metric|itemPop bprMF WRMF logMF|condMF condTF sliceTF sliceTF cha.mRec chainRec %impr. %impr.
(m.) |(uniform) (stage.) vs.(a) vs.(b)
s 1 ' ' 4 44
e G 1 1 14, 1 1 ’ 1 11 4,
14 4 4 1 11
s G 14 1 1 4 1 1 4 1 1 1 4 1 1 ’ '
1 1 1 11 1
» G 1 1 1 1 1
1 1 1 4 1
G s o 4 : 4 I
G 1 1 4, 4 4 ’ 117 1
vos G| 14 1 1 : 14 1 11 1 11 4

Table 3: Results of the primary item recommendation task, which is evaluated based on users’ most explicit feedback. The
best performance is underlined and the last two columns show the percentage improvement of chainRec over the strongest
baseline within each group.
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Figure 6: 2d t-SNE visualizations of item embeddings projected on different interaction stages (i.e., y; o y;, where y; = y;/||y||
is the normalized stage-specific scalar). Different languages and genres of books are highlighted using different colors.
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