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Introduction to Conversational Multi-round CRS scenario
Recommender System (CRS)

User Response

-~ ~ : ~
3(". l want a new phone. o 2. Respond : { Reject Items }‘ !
i || What operating system do you want: . Lt -
10S
What about the latest iPhone 11?<: L{ Reply Attribute J

No, too expensive. :
> ’ Askin 0. Start
Do you want all screen design with FaceID AcceptRecom{ User } ’Enitiate an Attribute} { System }
| s
Yes! | Asking : Quit ) 1t
Do you want more colour options? Red, blue: - /

Red is great option

System Action N\

iPhone XR Red with 128GB is a real bargain KR ) _
TH— 3 s‘\ - I_[ Ask Attribute } 1. Decide
SRR Nice! | will take it! [ End -
terminates. | !
- -[Recommend Items}- '
] ] \ /
Motivation _ _
Ask Attribute Focus on Multi-Round Unify CC and Stage 1 - EStI matlon
Strategy W We collect data from CC to train RC
Bandit X X v X
CRM(SIGIR’18) v v X X . Attribute-aware BPR for Item Prediction
Q&R(KDD’18) v X X X Litem Two types of negative samples
EAR v v N4 v - Z —Ino (y(u, v,P,) — yu,v, :pu)) for BPR:
(wvwheD, - D1: Randomly sampled
. - D2: Sampled from candidate
_ + z —Ino (Y(u,v,P,) — y(u,v',P,)) items
Experiment Setup (oD, T T - u: user, v: item, Pu: Known
+ 26)|0]|2 o P)=ulve ), Vb attributes.
#users #items #interaction #attributes type of Pistu
attributes _ o
Yelp 27 .675 70,311 1,368,606 590 Enumerated*  Attribute Preference Prediction BPR for paired attrlbut.es: |
- p: ground truth attributes in
LastFM 1,801 7,432 76,693 33 Binary* Lager = Z —Ino (gplu,P,) — @' 1w, Py) + Aell0]* this session
. . . L . . . . G - p’: sampled negative
* Enumerated Question: Wine: {Red Wine, White Wine, Whiskey}, Binary Question: Classic, dplu,Py) =ulp + Z pip; attributes
Pop, Rock ... pieP.,
= = L = L + [ Jointly Optimise two tasks
Main Experiment Result = Litem + Lattr
- Yelp . LastFM
AN 1 g
é 1 15 é /n/./"“ 4\-\.\
: —8—Max Entropy I N e " « Reinforcement learning: Policy Gradient to find best strategy.
%_0.1 —&— Abs-Greedy %0.05 - e Abs-Greedy . i
cr wGree » Action space: |P| + 1
EAR CRM
EAR
-0.2 -0.15
Turn of Conversation Turn of Conversation
Success Rate* indicates the performance difference between models against strongest baseline, CRM
Stage 1 P Yelp Encode the entropy of each attribute
. . Item Attribute Item Attribute O
Evaluation metric: FM 0.521 0.727 0.834 0.654 Encode estimated preference of each attribute
AUC score FM+A 0.724 0.629 0.866 0.638 Y
FM+AMT | 0.742° 0.7607 0.8707 0.8967 Encode the conversation history CC
Yel LastFM N S
SR@5 SR@10 %R@” AT | SR@5 SR@I10 SR@15 AT Encode the candidate item list length
Stage 27& 3 —Sens | 0.614 0.895 0969 4.81 | 0.051 0.190 0.346 12.82
- - —Spre | 0.596 0.857 0.959 5.06 0.024 0.231 0.407 12.55
Esvaluatlog metgc: —sf”-s 0.624 0.894 0.949 4.79 | 0.021 0.236 0.424 12.50
uccess Rate 1 —Sjen | 0550 0.846 0.952 544 | 0.013 0.230 0.416 12.56 - -
Average Turn Of EAIR 0.629* 0.907* 0.971" 4.71" | 0.020 0.243* 0.429* 12.45" Stage 3- BeerCtlon
- el as o g -
Conversation Sig5 SWew Wars AT | e ol Mot i We leverage information from CC to adjust RC’s
-update | 0.629 0.905 0.970 4.72 0.020 0.217 0393 12.67 . .
EAR 0.629 0.907 0.971 4.71 | 0.020 0.243" 0.429* 12.45* est|mat|0n towards user presence
Conclusion - Rejected items as negative samples  Two types of negative samples
We formulate CRS in a multi-round scenario and propose EAR, towards the _for BPR | " |
deep interaction between CC and RC. Lyof = z —Ino (Y(u,v,P,) — Y, v',P,)) + 4012 _ V;_O”gmil POS| |\1ej§tmp ©
Our FM+A+MT has the best performance on Estimation stage for item (wvo)eD, V. recently rejected items

prediction and attribute prediction. The Action is bettered by statistics from
CC. The reflection stage is especially useful when offline AUC is lower.
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