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Recommender systems
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Click-throughs
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Two natural questions to ask:

1. How many advertisements will be clicked?
2. How many clicks will be purchased?
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Click-Through Rate Prediction (CTR)

o CTR:
o Important role in recommendation system

o Revenue of advertisements

5

Image: https://www.lyfemarketing.com/blog/average-click-through-rate/



Background

o CTR: binary prediction
o Pre-Deep Learning Model
o FM: Factorization Machine
oMF: Matrix Factorization
o LR: Logistic Regression

o Deep learning based CTR model
o DeepFM = FM module + Deep module
o xDeepFM = CIN module + Deep module

o CIN: Compressed Interest Network

o and more …
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SOTA models with DNN
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Deep neural network (DNN) module

o DNN
oWidely used in CTR models
o Unjustifiable element-wise computation within
representations of input or hidden features
o Unaffordable complexity for big feature dim or size
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Image: https://hackernoon.com/challenges-in-deep-learning-57bbf6e73bb
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Concerns of DNN

o Okay for online shopping
with general purposes
o Shopping on Amazon ...

o NOT okay for:
oMedicine recommendation
o Financial service
recommendation

o Criteo:
o 4 billions clicks in 24 hrs
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Images: https://www.fajarmag.com/an-increasing-trend-of-online-shopping/;
https://www.tes.com/lessons/arP_sMT1GxDxHQ/medicine-by-the-minute;
https://www.wealthandfinance-news.com/awards/



Our idea -- InterHAt

o Interpretability
o Attention mechanism
o Avoid flat concatenation of features
o Avoid DNN and dim-wise computation

o Efficiency
o Shrunk problem size
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Interpretable CTR via Hierarchical Attention
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Field-aware Embedding Layers

Categorical features 
in one-hot encoding

Numerical features
in buckets

…

Transformer with Multi-head Self-attention

Attentional Aggregation Layer - 2

Attentional Aggregation Layer - 1

1st-order 
Agg. Features

1st-order 
Features (V)

2nd-order 
Agg. Features

Attentional Scoring Function

Attentional Aggregation Layer - k 

…… …

…
kth-order 

Agg. Features

P
re

d
ic

ti
o
n
 I
n
te

rp
re

ta
ti
o
n

…

X0 = (x(1)
0 ,x(2)

0 , . . . ,x(m)
0 )

<latexit sha1_base64="U0mr9JT4G0wbY+eJ3itwT3PM/R0=">AAACT3icbVFNS8MwGE7r1za/qh69FIewgYx2CnoRhl48TnAfsNWSpukWlrQlScVR+g+96M2/4cWDIqazh7ntgZCH53mTvO8TL6ZESMt61/S19Y3NrVK5sr2zu7dvHBx2RZRwhDsoohHve1BgSkLckURS3I85hsyjuOdNbnO/94S5IFH4IKcxdhgchSQgCEoluUYw9CLqiylTWzpkUI45S/tZ5lrXtXnrWSmPac2uZ2cr5GYu+5EUq0xWz+quUbUa1gzmMrELUgUF2q7xpu5DCcOhRBQKMbCtWDop5JIgirPKMBE4hmgCR3igaAgZFk46yyMzT5Xim0HE1QqlOVPnT6SQibxHVZlPLBa9XFzlDRIZXDkpCeNE4hD9PRQk1JSRmYdr+oRjJOlUEYg4Ub2aaAw5RFJ9QUWFYC+OvEy6zYZ93rDuL6qtmyKOEjgGJ6AGbHAJWuAOtEEHIPACPsAX+NZetU/tRy9Kda0gR+Af9PIvLQC1nQ==</latexit>

↵1
<latexit sha1_base64="C2bhYAeCeOxcFnaxRV2/h9+A5wI=">AAAB/nicbVDLSsNAFJ3UV62vqLhyM1gEVyVRQZdFNy4r2Ac0IdxMpu3QySTMTIQSCv6KGxeKuPU73Pk3TtostPXAMIdz7mXOnDDlTGnH+bYqK6tr6xvVzdrW9s7unr1/0FFJJgltk4QnsheCopwJ2tZMc9pLJYU45LQbjm8Lv/tIpWKJeNCTlPoxDAUbMALaSIF95IUJj9QkNlfuAU9HMA3cwK47DWcGvEzcktRRiVZgf3lRQrKYCk04KNV3nVT7OUjNCKfTmpcpmgIZw5D2DRUQU+Xns/hTfGqUCA8SaY7QeKb+3sghVkVCMxmDHqlFrxD/8/qZHlz7ORNppqkg84cGGcc6wUUXOGKSEs0nhgCRzGTFZAQSiDaN1UwJ7uKXl0nnvOFeNJz7y3rzpqyjio7RCTpDLrpCTXSHWqiNCMrRM3pFb9aT9WK9Wx/z0YpV7hyiP7A+fwDB+ZX8</latexit>

↵2
<latexit sha1_base64="lz2Sdir5AvCSEMfZqX/reIPemrA=">AAAB/nicbVDLSsNAFL3xWesrKq7cBIvgqiRV0GXRjcsK9gFNCJPJtB06mQkzE6GEgr/ixoUibv0Od/6NkzYLbT0wzOGce5kzJ0oZVdp1v62V1bX1jc3KVnV7Z3dv3z447CiRSUzaWDAhexFShFFO2ppqRnqpJCiJGOlG49vC7z4SqajgD3qSkiBBQ04HFCNtpNA+9iPBYjVJzJX7iKUjNA0boV1z6+4MzjLxSlKDEq3Q/vJjgbOEcI0ZUqrvuakOciQ1xYxMq36mSIrwGA1J31COEqKCfBZ/6pwZJXYGQprDtTNTf2/kKFFFQjOZID1Si14h/uf1Mz24DnLK00wTjucPDTLmaOEUXTgxlQRrNjEEYUlNVgePkERYm8aqpgRv8cvLpNOoexd19/6y1rwp66jACZzCOXhwBU24gxa0AUMOz/AKb9aT9WK9Wx/z0RWr3DmCP7A+fwDDfZX9</latexit>

↵k
<latexit sha1_base64="MDUtDkE7OcBMQF1bFp8mJZu4O38=">AAAB/nicbVDLSsNAFJ3UV62vqLhyM1gEVyVRQZdFNy4r2Ac0IdxMJu3QySTMTIQSCv6KGxeKuPU73Pk3TtoutPXAMIdz7mXOnDDjTGnH+bYqK6tr6xvVzdrW9s7unr1/0FFpLgltk5SnsheCopwJ2tZMc9rLJIUk5LQbjm5Lv/tIpWKpeNDjjPoJDASLGQFtpMA+8sKUR2qcmKvwgGdDmASjwK47DWcKvEzcOamjOVqB/eVFKckTKjThoFTfdTLtFyA1I5xOal6uaAZkBAPaN1RAQpVfTONP8KlRIhyn0hyh8VT9vVFAosqEZjIBPVSLXin+5/VzHV/7BRNZrqkgs4finGOd4rILHDFJieZjQ4BIZrJiMgQJRJvGaqYEd/HLy6Rz3nAvGs79Zb15M6+jio7RCTpDLrpCTXSHWqiNCCrQM3pFb9aT9WK9Wx+z0Yo13zlEf2B9/gAZ8JY2</latexit>

↵f
<latexit sha1_base64="ZHaAlR7b/7xiDP/L4QozSE3+9LY=">AAAB/nicbVDLSsNAFJ3UV62vqLhyM1gEVyVRQZdFNy4r2Ac0IdxMJ+3QySTMTIQSCv6KGxeKuPU73Pk3TtostPXAMIdz7mXOnDDlTGnH+bYqK6tr6xvVzdrW9s7unr1/0FFJJgltk4QnsheCopwJ2tZMc9pLJYU45LQbjm8Lv/tIpWKJeNCTlPoxDAWLGAFtpMA+8sKED9QkNlfuAU9HMA2iwK47DWcGvEzcktRRiVZgf3mDhGQxFZpwUKrvOqn2c5CaEU6nNS9TNAUyhiHtGyogpsrPZ/Gn+NQoAxwl0hyh8Uz9vZFDrIqEZjIGPVKLXiH+5/UzHV37ORNppqkg84eijGOd4KILPGCSEs0nhgCRzGTFZAQSiDaN1UwJ7uKXl0nnvOFeNJz7y3rzpqyjio7RCTpDLrpCTXSHWqiNCMrRM3pFb9aT9WK9Wx/z0YpV7hyiP7A+fwASXJYx</latexit>

u1
<latexit sha1_base64="+uNA8rVTYejEoYDp7lV8KTEr6Fk=">AAAB+XicbVDLSgMxFL1TX7W+Rl26CRbBVZlRQZdFNy4r2Ae0w5DJpG1oJhmSTKEM/RM3LhRx65+482/MtLPQ6oGQwzn3kpMTpZxp43lfTmVtfWNzq7pd29nd2z9wD486WmaK0DaRXKpehDXlTNC2YYbTXqooTiJOu9HkrvC7U6o0k+LRzFIaJHgk2JARbKwUuu4gkjzWs8ReeTYP/dCtew1vAfSX+CWpQ4lW6H4OYkmyhApDONa673upCXKsDCOczmuDTNMUkwke0b6lAidUB/ki+RydWSVGQ6nsEQYt1J8bOU50Ec5OJtiM9apXiP95/cwMb4KciTQzVJDlQ8OMIyNRUQOKmaLE8JklmChmsyIyxgoTY8uq2RL81S//JZ2Lhn/Z8B6u6s3bso4qnMApnIMP19CEe2hBGwhM4Qle4NXJnWfnzXlfjlaccucYfsH5+Ab355Pd</latexit>

u2
<latexit sha1_base64="lP+e8xtH5mqGkJds7vKwdFu7sKY=">AAAB+nicbVC7TsMwFL0pr1JeKYwsFhUSU5UUJBgrWBiLRB9SG0WO47ZWHSeyHVAV+iksDCDEypew8Tc4bQZoOZLlo3PulY9PkHCmtON8W6W19Y3NrfJ2ZWd3b//Arh52VJxKQtsk5rHsBVhRzgRta6Y57SWS4ijgtBtMbnK/+0ClYrG419OEehEeCTZkBGsj+XZ1EMQ8VNPIXFk68xsV3645dWcOtErcgtSgQMu3vwZhTNKICk04VqrvOon2Miw1I5zOKoNU0QSTCR7RvqECR1R52Tz6DJ0aJUTDWJojNJqrvzcyHKk8nZmMsB6rZS8X//P6qR5eeRkTSaqpIIuHhilHOkZ5DyhkkhLNp4ZgIpnJisgYS0y0aSsvwV3+8irpNOrued25u6g1r4s6ynAMJ3AGLlxCE26hBW0g8AjP8Apv1pP1Yr1bH4vRklXsHMEfWJ8/NFST8g==</latexit>

uk
<latexit sha1_base64="SAYdAx+nQeAUVN9UNGmfKT4W5zo=">AAAB+nicbVC7TsMwFL3hWcorhZElokJiqhJAgrGChbFI9CG1UeQ4TmvVsSPbAVWhn8LCAEKsfAkbf4PTZoCWI1k+Oude+fiEKaNKu+63tbK6tr6xWdmqbu/s7u3btYOOEpnEpI0FE7IXIkUY5aStqWakl0qCkpCRbji+KfzuA5GKCn6vJynxEzTkNKYYaSMFdm0QChapSWKuPJsG42pg192GO4OzTLyS1KFEK7C/BpHAWUK4xgwp1ffcVPs5kppiRqbVQaZIivAYDUnfUI4Sovx8Fn3qnBglcmIhzeHamam/N3KUqCKdmUyQHqlFrxD/8/qZjq/8nPI004Tj+UNxxhwtnKIHJ6KSYM0mhiAsqcnq4BGSCGvTVlGCt/jlZdI5a3jnDffuot68LuuowBEcwyl4cAlNuIUWtAHDIzzDK7xZT9aL9W59zEdXrHLnEP7A+vwBivGUKw==</latexit>

ŷ
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Polysemy

o Self attention in Transformer
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Right Figure: Vaswani, Ashish, et al. "Attention is all you 
need." Advances in neural information processing systems. 2017.



Hierarchical Attention

o Input: i-th order features:
o Generate aggregated feature:

o Output (i+1)-t order features:
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Evaluation

o Datasets
o Performance evaluation

o Critio, Avazu, Frappe

o Interpretability study
o Movielens-1m dataset (reviews as clicks)

o Baselines
o FM, Wide&Deep, DCN, PNN, DeepFM, xDeepFM

oMetrics
o Area Under ROC Curve (AUC)
o Cross Entropy (LogLoss)
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Performance

o Comparable with SOTA models
o Perform better on categorical features
o SOTA models have close performance
o Need better ways for encoding numeric features
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Efficiency

o InterHAt trains faster than other baselines
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Interpretability
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Conclusion

o InterHAt:
o Efficiency and interpretability issues of CTR task

o Efficiency:
o Avoiding deep fully connect neural networks

o Interpretability:
o Attention mechanism
o Interpretability v.s. Explanability

o Nice performances on both aspects!
o Try it out:

o https://github.com/zyli93/InterHAt
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Questions?

Wei Cheng Yang Chen Wei WangHaifeng Chen


