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INTRODUCTION

The personalization of dialog systems is a Content-based Model Personalized Model
meaningful task, which has not received much Didlog I Dialog 2 Dialog 3
attention In the paSt feW yea rs. H ere Is an gZi:iZ? ZZ@, Age: Young, Dietary: Non-vegetable gZi’;ZZQ]{IIZZIe, Age: Young, Dietary: Non-vegetable gZZ};ife)r’iQ/Fiﬁnale, Age: Elderly, Dietary: Vegetable
example to see what is wrong with conventional ... | 4 s | 4 Goodmoming, _____________________
content-based goal-oriented dialog systems. o, Hello what can Thelpyow? | Hey dude, whatisup? | Good day madam, how could I assist you today?
. . Can you make a restaurant reservation in a cheap price Can you make a restaurant reservation in a cheap price Can you make a restaurant reservation in a cheap price
T h € COoOnversa t| ons h d p p en 1IN a re Sta ura nt range in Rome for six people with Spanish food? range in Rome for six people with Spanish food? range in Rome for six people with Spanish food?
rese rvati on scena ri 0. Th e ﬂ rSt an d th € Secon d Ok let me look into some options for you. Ok looking for options. Thank you madam I shall provie you with options shortly.
d E | 0gs are Wlth d young ma |e Wlth NnonN-ve geta b | e Searching in knowledge base...See results in Figure 1b Searching in knowledge base...See results in Figure 1b Searching in knowledge base...See results in Figure 1b
dieta ry, an d the third one is with an elde rly female o YVPait Slo_y_ml tPiilk_ o_f t_hi_s ?p_ti?n_: T}le:P_lafe_ . Is this one cool: The Fancy Pub Would you consider this option: The Place
Wlth Vegetab|e dieta ry. (2)5 Do you have something else? :
. What do you think of this option: The Fancy Pub !
These problems in the above example reflect Letsdoit. V] Lersdoit Let's do it
three common issues with current models: . Ok let me do the reservation. Cool, it is done. Thank you, I shall finish your reservation.
. . ) (3)r What are the contact details of the restaurant? ! What are the contact details of the restaurant? What are the contact details of the restaurant?
1 . T h € Ina b | | Ity to a dj ust Ia ngu age Styl € ﬂ eXI b ly E Here it is: The Fancy Pub Phone i Here you go: The Fancy Pub Social Media Here is the information: The Place Phone
2. The lack of a dynamic conversation _Doyou have its social media account? :
policy based on the interlocutor’s profile. R R
Thank you. Thank you. Thank you.
3 7T h e 1nca p 3 b| | |ty Of h an d I In g am bi gu ities in Is there anything I can help with? Want anything else? Could I assist you in some other manner, madam?
user req uests. No thanks. No thanks. No thanks.
You are welcome. Happy to help. I am grateful to assist you, madam.
Correspondingly, the goals of personalization in
goal-oriented dialog systems are solving these Price | Location | Number | Cuisine Phone Social Media Type
ISSUes. B  The Place | Cheap | Rome 6 Spanish The Place Phone The Place Social Media Vegetable
B The Fancy Pub| Cheap | Rome 6 Spanish | The Fancy Pub Phone | The Fancy Pub_Social Media | Non-vegetable

MODEL & RESULTS ANALYSIS

(3) Personalized Analysis of Profile Embeddings |
Conversatifn Context (1) Profile Pre{.erence\ ,,,,,,,,,,,,,,,,,, y g rrotles %65 &eé
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(2) Global Embeddng 4 [ | L ComddereResponses P g“%“““‘ As we use a preference vector to represent the user’s preference over the
MEmMORY Rpoponee columns in the knowledge base, we can investigate the learned arguments
grouped by profile attributes. The model successfully learns the fact that
Our model, PERSONALIZED MEMN2N, is in the vein of the memory network young people prefer social media as their contact information, while
models for goal-oriented dialog, consisting of three main components: middle-aged and elderly people prefer phone number.

profile embedding, global memory and personalized preference.
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.+ The incoming user utterance is embedded into a query vector. The
model first reads the memory (at top-left) to find relevant history and
produce attention weights. Then it generates an output vector by taking
the weighted sum followed by a linear transformation.
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» Part (1) is Profile Embedding: the profile vector p is added to the query at
each iteration, and is also used to revise the candidate responses r.

young middle-aged elderly young middle-aged elderly

. Part (2) is Global Memory: this component (at bottom-left) has an (a) Task 4 (b) Task 5
identical structure as the original MEMN2N, but it contains history .
utterances from other similar users. Human Evaluation

. Part (3) is Personalized Preference: the bias term is obtained based on PERSONALIZED MEMNZN wins the MEMN2N baseline with 27.6% and 14.3%
the user preference and added to the prediction logits. higher in terms of task completion rate and satisfaction, with p < 0.03.

We conduct experiments on the personalized bAbl dialog dataset (Joshi et
al., 2017) and consider the following baselines: Supervised Embedding M |SC
Model, Memory Network (Bordes et al., 2017), and Split Memory Network
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