
.
.
.

.

.
.
.

.

.
.
.

.

.
.
.

.

.
.
.

.

.
.
.

.

.
.
.

.

.
.
.

.

.
.
.

.

.
.
.

.

Sounding Board: A User-Centric and Content-Driven
Social Chatbot

Yahui Liu

Tencent AI Lab

yahui.cvrs@gmail.com

August 1, 2018

Yahui Liu (NLP Group) Paper Reading August 1, 2018 1 / 7



.
.
.

.

.
.
.

.

.
.
.

.

.
.
.

.

.
.
.

.

.
.
.

.

.
.
.

.

.
.
.

.

.
.
.

.

.
.
.

.

Modules

Spoken Language Understanding (SLU): extracts the speaker’s intent
or goals, topic or subtopic, stance or sentiment 1.
Dialog Management (DM): executes the dialog policy and decides the
next dialog state.
Natural Language Generation (NLG): generates and combines the
response components according to the speech acts and content
provided by the DM.

1Kumar A. et al. Just ASK: building an architecture for extensible self-service spoken language understanding, NIPS 2017.
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Framework
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Example & DM

Engagement, Coherence,
User experience

DM use a hierarchically-structured,
state-based:

a master manages the overall
conversation
a collection of miniskills handle
different types of conversation
segments (thoughts, facts,
movies)
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NLG

Method
Phrase Generation: speech acts: grounding, inform, request, and
instruction
Prosody: convey information more clearly
Utterance Purification: replaces profanity with a non-offensive word

Content Management
Content is stored in a knowledge graph (KG) at the back-end.

The KG is organized based on miniskills.

The DM drives the conversation forward and generates respones by either
traversing links between content nodes associated with the same topic or
through relation edges to content nodes on a relevant new topic.
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Analysis

Personality
Five Factor model 1

mini-IPIP questionnaire 2

We find users who are more extraverted, agreeable, or open to experience
tend to rate our socialbot higher

Content
The length distribution has a long tail.
Longer conversation tended to get higher rating.

1McCrae R. et al. An introduction to the five-factor model and its applications, 1992.
2Donnellan M. et al. The mini-IPIP scales: tiny-yet-effective measures of the Big Five factors of personality, 2006.
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Motivation

Two limitations of MLE
It treats all sentences that do not match the ground truth as equally
poor, ignoring the structure of the output space.

possible outputs is practically unbounded
evaluation measures don’t take into account structural similarity.

Exposure bias
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Method

token-level smoothing: using word-embedding, to achieve smoothing
among semantically similar terms, and instroduce a procedure to
promote rare tokens.
sequence-level smoothing: using restricted token replacement
vocabularies.
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MLE

Objective function:
ℓMLE(y∗, x) = − ln pθ(y∗|x)

= −
T∑

t=1
ln pθ(y∗t |h∗t )

(1)

⇒

ℓMLE(y∗, x) = DKL(δy∗∥pθ(y|x))

=
T∑

t=1
DKL(δy∗t ∥pθ(yt|h∗t ))

(2)
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Sequence-level loss smoothing

Replacing the sequence-level Dirac δy∗ in Eq. 2 with a distribution:

r(y|y∗) ∝ exp r(y, y∗)/τ (3)

⇒

ℓseq(y∗, x) = DKL(r(y|y∗)∥pθ(y|x))
= H(r(y|y∗))− Er[ln pθ(y|x)]

(4)

Entropy H(r(y|y∗)) does not depend on the model parameters θ,
Replacing the expectation Er[·] with Monte-Carlo approximation:

Er[− ln pθ(y|x)] ≈ −
L∑

l=1
ln pθ(yl|x) (5)
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Sequence-level loss smoothing

Sampling
Stratified sampling1: using Hamming or edit distance
Importance sampling: previous introduction

Er[− ln pθ(y|x)] ≈ −
L∑

l=1
wl ln pθ(yl|x) (6)

Restricted vocabulary sampling:
V: the full vocabulary
Vrefs: the set of tokens appears in the ground-truth sentence(s)
Vbatch: the tokens appear in the ground-truth sentences in a given
training mini-batch

1Norouzi M. et al. Reward aug- mented maximum likelihood for neural structured prediction, NIPS 2016.
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Token-level loss smoothing

Replacing the token-level Dirac δy∗t in Eq. 2 with a distribution:

r(yt|y∗t ) ∝ exp r(yt, y∗t )/τ (7)

Using the cosine similarity between yt and y∗t in a semantic
word-embedding space (GloVe1).

Promoting rare tokens
Encourages frequent tokens into considering the rare ones:

rfreq(yt, y∗t ) = r(yt, y∗t )

− βmin

(
freq(yt)

freq(y∗t )
,
freq(y∗t )
freq(yt)

) (8)

1Pennington J. et al. GloVe: Global vectors for word representation, EMNLP 2014.
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Combining loss

Sequence-level:

ℓαseq(y∗, x) = αℓseq(y∗, x) + ᾱℓMLE(y∗, x)
= αEr[ℓMLE(y, x)] + ℓ̄MLE(y∗, x)

(9)

Token-level:
ℓαTok(y∗, x) = αℓTok(y∗, x) + ᾱℓMLE(y∗, x) (10)

and the combination of Eq. 9 and Eq. 10.
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Lazy sequence smoothing

To speed up training in Eq. 5, replacing the MLE loss:

ℓMLE(yl, x) = −
T∑

t=1
ln pθ(yl

t|hl
t) (11)

into:

ℓlazy(yl, x) = −
T∑

t=1
ln pθ(yl

t|h∗t ) (12)
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Experiments
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Thanks!

Yahui Liu (NLP Group) Paper Reading August 1, 2018 12 / 12


