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Motivation

* |n many interactive Al systems, (recommender, conversational systems), there
Is abundant short term feedback (e.g., clicks, generated response quality)
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* Prior work shows that optimizing for short term feedback does not necessarily
achieve the desired long term objective (e.g., clickbait feeds do not lead to
user retention)



Motivation

Weekly Return Rate

A key problem — long-term feedback rte rt?
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We address it by contextually reconciling this disconnect in timescales



MultiScale Policy Framework

Consider two levels Interventions
Level 2 (Macro)
* A micro level that operates at rl2
faster timescale, e.g., clicks, |
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MultiScale Policy Framework

LZ* L2 Interventions Feedback

JU < dI g mMax V (ﬂ) Level 2 (Macro) Weekly Return Rate
ﬂEH pL2 L2

L1 LI e am SR B ¥
- <« argmax V= (r) BEEE) o A e e « i ag

nwell

Even though VE4(#!™) < VE (71", ntis typically much better than a random
policy from 11



MultiScale Policy Framework

Interven tions Feedback
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Can we exploit feedback at the micro level to learn
the long term optimal policy?



MultiScale Policies

Factorization of policies
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Learns a large part of the parameter space

Inductive bias for long term optimal policy
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Policy Learning at micro level

_ Micro Level Data

Macro action
Indexes to select
the micro policy
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Policy Learning at micro level

Example:
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Policy Learning at macro level
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MultiScale Contextual Bandits Algorithm

Algorithm 1 MultiScale Training' Off-Policy Contextual Bandits

Procedure PolicyLearning( 7r0 ,7r0 1)
Collect Micro Logged dataset D! := {( f’l, T ,pz D Lll ~ 776’1
Learn Micro policies IT“!(Eq. (5) or (6 usmg DLl)




MultiScale Contextual Bandits Algorithm

Algorithm 1 MultiScale Training' Off-Policy Contextual Bandits

Procedure PolicyLearning( 7r0 , TG Ll
L1

Collect Micro Logged dataset D! := {( Ll ,L-Ll,pf’l) i=1 ™ 775‘1
Learn Micro policies IT“!(Eq. (5) or (6 usmg DLl)
Collect Macro Logged dataset D*? = {(z7%,a7°, 17, p;7°) }}- ~ o~ k2

Learn Macro Policy 72 < argmax_.. VE2(nL2; DL2) (Eq. (7))
return learned policies 722, TTX1

This procedure can be recursively called for extending to arbitrary number of levels



MultiScale Contextual Bandits
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Experiments

e Multi turn Conversation
* Conversational recommender system

* Large Scale Recommender System



Experiments

Multi turn Conversation
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Experiments

Conversational Recommender System
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Experiments

Large Scale Recommender System
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Summary

* |Introduce a principled framework to optimize for long term objectives.

 Motivated by using plentiful short-term data for faster learning with scarcer
long term feedback

* We discuss two ways - policy and feedback modification to learn a family of
policies at micro level.

* Propose a practical bandit algorithm for recursively learning policies at
multiple interdependent levels.

 Checkout the paper for more results and analysis - PAC Bayesian motivation,
updating micro and macro policies after deployment when new data is
available, scaling action space and more !



