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INTRODUCTION
The personalization of dialog systems is a
meaningful task, which has not received much
attention in the past few years. Here is an
example to see what is wrong with conventional
content-based goal-oriented dialog systems.
The conversations happen in a restaurant
reservation scenario. The first and the second
dialogs are with a young male with non-vegetable
dietary, and the third one is with an elderly female
with vegetable dietary.
These problems in the above example reflect
three common issues with current models:
1.

The inability to adjust language style flexibly.

2. The lack of a dynamic conversation
policy based on the interlocutor’s profile.
3. The incapability of handling ambiguities in
user requests.
Correspondingly, the goals of personalization in
goal-oriented dialog systems are solving these
issues.

MODEL & RESULTS

ANALYSIS
Analysis of Profile Embeddings
We g r o u p t h e c a n d i d a t e s b y t h e i r
corresponding user profile. For each profile,
we generate tendency weights and collect
the average value for each group. The results
are visulized by a confusion matrix. The
weights on the diagonal are significantly
larger than others, which demonstrates the
contribution of profile embeddings in
candidate selection.
Analysis of Preference

Our model, PERSONALIZED MEMN2N, is in the vein of the memory network
models for goal-oriented dialog, consisting of three main components:
profile embedding, global memory and personalized preference.

As we use a preference vector to represent the user’s preference over the
columns in the knowledge base, we can investigate the learned arguments
grouped by profile attributes. The model successfully learns the fact that
young people prefer social media as their contact information, while
middle-aged and elderly people prefer phone number.

•

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.

•

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.

•

Part (2) is Global Memory: this component (at bottom-left) has an
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
the user preference and added to the prediction logits.

PERSONALIZED MEMN2N wins the MEMN2N baseline with 27.6% and 14.3%
higher in terms of task completion rate and satisfaction, with p < 0.03.

•

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