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Introduction & Motivation

* Dialogue systems have 2 major categories

* Open-domain dialogue systems are used for daily
chatting, and it does not require feedback on dialogue
quality.

* Task-oriented dialogue systems guide a user to finish
certain task via dialogues, and the training of which
requires user feedback on the dialogue quality.

* Task-oriented dialogue requires direct user
feedback, while chatting based system does not
require user feedback.

* |s the target task completed?
* How good is the dialogue quality?

X4 nothin much, and how’s the
book?!

Y, its good but i'm only like halfway
through cuz i don’t feel like
reading. i’'m so bored ...

X, that’s good! i have the book
but i’m bored too.

X7 l'would like a cup of coffee.
Y, What coffee would you like?
X, What coffee do you serve?

Y, We serve Espresso, Americano, Latte
and Mocha.

X3 1'would like a cup of Latte.
Y, Hot Latte or Iced Latte?
X, Hot Latte.

R <Task-Completion-Feedback>



Problem Definition

* User X and system Y have a dialog
* User X's n-th utterance is X,
* System Y’s n-th utteranceis Y,

* Input:
* Current user utterance X,
* Dialogue history H,, =
{X,X5, ... X051 }, H, =
{Y1; Y21 S Yn—l}
* Output:
* System Y’s response sentence: Y,

Coffee Shopping Dialogue

(X=customer, Y=system)

X; lwould like a cup of coffee.
Y, What coffee would you like?
X, What coffee do you serve?

Y, We serve Espresso, Americano,
Latte and Mocha.

m | would like a cup of Latte.
Hot Latte or Iced Latte?

Dialogue System

InpUt: Xlr Yl,Xz, Y27X3
Output: Y;



Task-oriented Dialogue System Framework

* Task-oriented dialogue systems have 4 sub-tasks, each sub-task
corresponds to a module in the system.

Un Sn an
User _ Dialog _ System
1: Spoken Action| 2 Dialogue State 3: Dialogue Action 4: Natural
Language State Policy Language
Understanding Tracking Learning Generation
(SLU) (DST) (DPL) (NLG)
Xn Yy
Text System

Utterance Response



Sub-tasks in Task-oriented dialogue systems

e 1: Spoken Language Understanding (SLU)

* SLU turns natural language into user intention and slot-values, and it takes X, as
input and outputs structured user action u,,

e 2: Dialogue State Tracking (DST)
* DST tracks the current dialogue state, and it takes s,_1,a,—1, U, as input and
outputs dialogue state s,
 3: Dialogue Policy Learning (DPL)
* Policy decides which system action to take based on the dialogue state, and it takes
dialogue state s,, as input and outputs system action a,, as output.
e 4: Natural Language Generation (NLG)

* NLG turns a system action into natural language, and it takes the system action a,, as
input and outputs the system response Y,



* Target: Personalization

End-to-End Dialogue System

Tasks VS Techniques in Task-oriented Dialogue System (Detail) [ ] Existing Work

Modular Dialogue System

1:SLU 2:DST 3: Policy Learning (DPL) 4:NLG General Person
General Personalized alized
N one N one CRF (Wang and Acero HIS (Young et al. 2007 ) Conventional NLG (Walker et RNN based
2006; Raymond and BUDS (Thomson et al. al. 2002; Stent et al. 2004) (Wen et al.
RL TL Riccardi 2007) 2008) Corpus based (Oh and 2016b,a)
RNN (Yao et al. 2013; CRF (Lee 2013; Kim Rudnicky 2000; Mairesse and Memory
Mesnil et al. 2013, and Banchs 2014) Young 2014; Angeli et al. Network based
2015; Liu and Lane RNN (Henderson et al. 2010; Kondadadi et al. 2013) (Bordes and
2015) 2014c,d) Neural network based Weston 2016)
LSTM (Yao et al. 2014) LSTM (Zilka and (Mikolov et al. 2010; Wen et
Jurcicek 2015) al. 2015a; Wen et al. 2015b)
TL Instance based (Tur Feature based transfer Model fine-tuning (Wen et al.,
2006) (Williams 2013; Ren et 2013)
Model adaptation (Tir  al. 2014) Curriculum learning Transfer
2005) Model based transfer (Shi et al. 2015)
Parameter Transfer (Mrksi‘c et al. 2015) Instance Synthesis Transfer
(Yazdani and (Wen et al. 2016c)
Henderson )
R L N one Value-based RL (Williams 2008a,b; Young Policy network
et al. 2010; Lefevre et al. 2009; Li et al. with Answer
TL 2009; Gasi'c and Young 2014; Gasi'c et al. selection
2013a; Daubigney et al. 2012b) (Williams and
Policy-based RL (Jurcicek et al. 2011; Su et Zweig 2016)
al. 2016; Wen et al. 2016b)
Actor-critic RL (Su et al. 2016; Jurcicek et
al. 2011; Misu et al. 2012, 2010)
TL Gaussian Process Transfer (Gasic et al. Linear Model Transfer

2014; Gasic et al. 2013b; Gasi'c et al.
2015a)

Bayesian Committee Machine Transfer
(Gasi‘c et al. 2015b)

(Genevay and Laroche
2016). Gaussian Process

2015)

Transfer (Casanueva et al.




1:Spoken Language Understanding

X, I'would like a cup of coffee.

* SLU takes X, as i%put and outputs User v What coffee would you like?
Action u,, = {l,,Z,}, where [, is the Xl g .
intention class and Z,, are a sequence of 2 What coffee do you serve:
sIot-vaIues. Y, We serve Espresso, Americano,

* Intention Classification Latte, Mocha, etc.
e (Classification Problem X3 I'would like a cup of Latte.
I, =f(X,) Y; Hot Latte or Iced Latte?
* Any classifiers can be used. X, Hot Latte.

* SlOt'ﬂ”mg Y- What cup size do you want?
e Sequential Classification Problem X. Tall
« Z, = f(X,,), where Z,, = {24, 2,, ...} -

* We survey methods on slot-filling
problem because Intention Classification Input: X3="I would like a cup of Latte.”
Is relatively simple. Output:  us={ls, Z5)

[5: Intention=0rder,
Z 5. {CoffeeType=Latte}



1.1 Slot-filling Method: CRF (Lafferty et al.
2001)

* Wang and Acero (2006); Raymond and

Riccardi (2007) use CRF for slot-filling. Xu

and Sarikaya (2013) used CNN to extract Tpies 2, | Pneie .
feature for CRF. Z1Rnones.
1 T Output: Z,, IPhone{Brand} 7{Generation}.
° p(Ztlxt; Zt—1) = Eexp(Wztf(Zt—p Z¢, xt) + 7{Quantity} IPhones{Brand}
bZt)
* f(Z¢—1,2¢, x;) is the feature vector including @ @ @

state transition probability.

* CRF can model label transition probability,
but it consider fixed window size.

Pros: CRF can model label transition. @ @ @




1.2 Slot-filling Method: RNN (Goller and

Kuchler 1996)
* Yao et al. (2013); Mesnil et al. (2013,

2015); Liu and Lane (2015) propose to use Input: X, I wantanew phone and | prefer
_filli Apple.
RNN for slot ﬂ”mg prObIem' The fruit looks good and | prefer
* hy =c(Wyph,_1 + Ux; + by) Apple.
1 Output: Z,, ..Apple{Company}.
* p(Ztlxt; x<t) — EO-(Wgtht + bZt) ...Apple{Fruit}.
* Where x; is the feature vector calculated @ @ @

in window centered at word x;.

Pros: RNN can model label dependency of arbitrary length. @ @ @

Cons: Itis hard to train due to gradient vanishing problem.




1.3 Slot-filling Method: LSTM (Hochreiter and
Schmidhuber 1997)

* Yao et al. (2014) propose to use LSTM (Hochreiter and
Schmidhu‘ner 1997) for slot-filling in the SLU. Sloising

i o Input: X, The fruit looks good, but | have
0¢ o Xt to buy a new phone first. | prefer
) fil= | o W[ht_l] Apple IPhone.
¢;1  Ltanh] Output: Z,, ..Apple{Company}
c ¢ =ftOci1+i; OC IPhone{Brand}.
* ht == Ot @ tanh(Ct)
* z; = softmax(h;) ® ® )
. . . | | t t |
It deal with gradient vanishing and gradient exploding ANS R AR
problem in RNN, but LSTM requires more training data. X @ |
A Leb e A
[o] [tanh] [O] ) ol

Pros: LSTM can deal with gradient vanishing and gradient |
: ® &
exploding problem.

Cons: LSTM requires more training data.
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1.4 Evaluation of SLU

Metrics:  Intention Classification: Accuracy
Slot-filling: F1 measure
* The predicted slot values will be Dataset:  Air Travel Information System (ATIS)
compared with ground truth slot- (Dahl et al. 1994),
values labelled by human. Tourist Information
_ (MEDIA) (Bonneau-Maynard et al.
* SLU model comparison summary. 2005),

DARPA Communicator Travel Data
(Walker et al. 2001)

CRF CRF-CNN | RNN LSTM

F1 ATIS Mairesse et al. [2009]

F1 ATIS Tiir et al. [2013] (0.8373

F1 ATIS Xu and Sarikaya [2013] | 0.9100 | 0.9435 0.9411
F1 ATIS Yao et al. [2013] 0.9109 0.9411
F1 ATIS Mesnil et al. [2015] 0.9294 (0.9498

F1 ATIS Yao et al. [2014] 0.9294 | 0.9435 0.9411 | 0.9492




Transfer Learning for Dialogue System

* When the target domain does not have enough training data
 Lacking <utterance, intention/slot-value> labelling data
* Lacking <dialogue history, utterance, dialogue-state> labelling data
* Lacking <dialogue state, system-action> labelling data
* Lacking <system-action, response> labelling data

* Transfer learning can be used for
e Building dialogue system for a new task/domain
* Building personalized dialogue system for a targeted person



1.5 Transfer Learning for SLU

 When target domain do not have enough
data, 3 kinds of transfer learning technique Pros: Easy to use.

can be used: . ) Cons: Source and target must use the
* Model adaptation for SLU (Tiir 2005) same model configuration.

* Regularize the target domain model with the KL

divergence between source and target domain
distribution. Pros: Works with any classifiers and do

* Instance based transfer for SLU (Tur 2006) not require predefine instance

e Automatically map similar classes across domain,
and transfer similar instances across domains.

* Parameter transfer (Yazdani and Henderson

similarity.

Cons: Time consuming.

2015 ) _ Pros: Works in zeros-shot setting.
* Use word embedding vector and parameter : ;
sharing between similar label classifiers, so similar Cons:  Requires extra data for learning

classifiers have similar hyperplane. word embedding.
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2:Dialogue State Tracking P E BEREE
X, lwould like a cup of coffee.

) Y, What coffee would you like?
* DST takes s,_1,ap-1, U, AS input

and outputs dialogue state s,,. s, is
the n-th dialogue state and a,, is
the n-th system action.

 State Representation

DST
* Dialogue state s,, = {g, U, hy} -
+ User Goal g,, Input: so={g2={CoffeeType=?, Temp="?, Size=?},

U, ={Intention=Ask, {CoffeeType=?1}},

X, What coffee do you serve?

Y, We serve Espresso, Americano,
Latte, Mocha, etc.

X3 1would like a cup of Latte.

* User Last Action u,

* Dialogue History h,, = ﬂzi{lp.lﬁ};
{ug, ap, Uy, aq, ..., Up_1,an_1} a,={Action=Inform,{CoffeeType=Espress
* State Tracking 0, Americano, Latte, Mochal},
— u3={Intention=0rder,{CoffeeType=Latte}}
* Sp = f(Sn-1,An-1,Un) :
 Can be modelled as a sequential Output: s3={ga={CoffeeType=Latte, Temp=?,
classification problem Size=?},

u,={Intention=0rder, {CoffeeType=Latte}}
h3={u1. a;, U, az}}

14



2.1 State Representation

* Dialogue state s,, = {g,, Uy, hy,}
* User Goal g,
* User Last Action u,,
* Dialogue History h,, =
{ug, ag,uq,ay, ., Up_1, an_1}
* The possible number of states is exponential
to the number of slots in the domain,

maintaining a distribution of all possible
states requires a lot of resources.

* There are 2 ways to simplify state tracking
* Hidden information state model
e Bayesian model

CoffeeType: N, possible values
Temp: N, possible values
Size: N3 possible values
Possible N; * N, * N
Combination: possible values

Image a toy domain with 5 slot, each slot
has 10 possible value, the total number of
states is 10°.

Maintaining a transition probability matrix
between all states requires 101° x |a| space.



2.1.1 State Representation: Hidden
Information State Model (HIS)

* ldea: use state grouping and state
splitting to reduce tracking complexity. {CoffeeType=?,

* Young et al. (2007) propose HIS. Temp=?, Size=?}

* All states are in the same group initially.
{CoffeeType=?, Temp=?, Slze=.} {CoffeeType+#Lattee, {CoffeeType=Lattee,

* In each dialogue round, split one group Temp=?, Size=?} Temp=?, Size=?}
into 2 partitions

 {}is partitioned into {CoffeeType=Lattee}
and {CoffeeType+Lattee}

* All states within the same partition has the
same probability. {CoffeeType=Lattee,

Temp=+Hot, Size=?}

Pros: Can model arbitrary transition between any state pair.

Cons: However, number of groups to track is 2™, so probability
of only top N states are tracked.

ould like a cup of Latte.

Hot Latte.

{CoffeeType=Lattee,
Temp=Hot, Size=?}

16



2.1.2 State Representation: Bayesian Update
of Dialogue States (BUDS)

* |[dea: Assuming transition probability of
different slots are independent of each
other, or have very simple dependency.

e Reduce number of state from
exponential to linear

* Thomson et al. (2008) propose to use
dynamic bayesian network (Murphy,
Kevin 2002) to track dialogue states.




2.2: State Tracking

e Static classifiers Pros: Do not require s,,_;, work with any classifiers.

° STL f({u’l' l 1 ’un)
* Linear CIaSS|f|er, neural network and ranking model.

* Features including size and confidence of each SLU output, probability of the
top slot-value in each slot, etc.

Cons: It did not consider state transition.

e Sequential classifiers
* Sp = f(Sp-1,0n-1,Up)
* CRF, RNN, LSTM

e We further introduce sequential classifiers because static classifiers
are relative simple.

Pros: Consider state transition probability.

18



2.2.1 State Tracking: CRF (Lafferty et al. 2001)

* Lee (2013); Kim and Banchs (2014) use CRF for dialogue

state tracking. DST
y Zf(snlsn—l: an—l:un) =
Eexp(w?;nf(sn_l, Sn» A1, Un) + b ) Input: s,={Category=Phone}
* f(Sp-1,5n, An-1, Uy,) is the feature vector including S1, —
state transition probability. a, Phone Shopping Dialogue
@ 9 @ u (X=customer, Y=system)
2
X; Ilwould like a new phone.
Y, Which brand do you prefer?
X, Apple.

Pros: CRF can model state transition probability.

s,={Category=Phone, Brand=Apple}

Cons: It consider fixed window size.

19



2.2.2 State Tracking: RNN (Goller and Kuchler
1996)

* Henderson et al. (2014c,d) use RNN for dialogue state tracking.
 h,=0Wyh,_y +Uf(an_q1,u,) + by) DST

1
* p(sp) = EO'(Wgnhn + bsn)

* Where f(a,_1,Uuy) is the feature vector calculated at round n.

@ @ @ a, Phone Shopping Dialogue

Uz (X=customer, Y=system)

Input: s,={Category=Phone}

X; Ilwould like a new phone.

@ @ @ Y, Which brand do you prefer?

X, Whatis the available?

@ @ @ Y, Samsung, Apple, HTC
X3

Apple.

Pros: RNN can model label dependency of arbitrary length. ss={Category=Phone, Brand=Apple}

Cons: Itis hard to train due to gradient vanishing problem.

20



2.2.3 State Tracking: LSTM (Hochreiter and
Schmidhuber 1997)

* Zilka and Jurcicek (2015) use LSTM (Hochreiter and Schmidhuber 1997) for
tracklng dlalogue states.

DST

f(an 1, un)]
mnh hy 4 Input: s,={Category=Phone}
=f.0Oc +i,®Oc, 52
me sl b e a,, Phone Shopping Dialogue
h, = 0, © tanh(c,)
n = On n @ Us (X=customer, Y=system)
* s, = softmax(h, '
Sn = softmax(hn) X The orange looks good.
INEE A Y, Would you like some?
@ni>
A % 2 ma; A X, |have to buy a new phone first.
—>
| . e Y, Which brand do you prefer?
) X3 Apple.

LSTM can deal with gradient vanishing and gradient

exploding problem. sy={Category=Phone, Brand=Apple}

LSTM requires more training data.

21



Utterance

Goals

Food Area
Sq Hello, How may I help you?
. Uy I nloccl a Persian restaurant in the south part of Persian South
2 . 2 . 4 Eva | u at I O n Of DST 5‘3;:Ill:llj;mdmIOOd“Oll]d\OL”lM]P“S]msomh
Predicted dialogue state will be compared with Metrics:  Top State Cla.s§ificatior_1: Accuracy
human labelled dialogue state. State probability tracking: L2
Dataset: DSTC1, DSTC2, DSTC3 Dataset: DSTC 1 (bus information),
Tasks include DSTC 2 (restaurant information)
* Goals: Desired Restaurant (Henderson et al. 2014a)
* Method: Search by constraint/name/alternative DSTC 3 (coffee shop, pub and
* Request: Phone number/Address ’
- restaurant) (Henderson et al. 2014b).
DST model comparison summary.
Goal Method Request
Method Dataset | Accuracy | L2 Accuracy | L2 Accuracy | L2
Linear CRF | DSTC2 | 0.601 0.648 | 0.904 0.155 | 0.960 0.073
RNN DSTC2 | 0.768 0.346 | 0.940 0.095 | 0.978 0.035
LSTM DSTC2 | 0.72 0.64 0.93 0.14 0.97 0.06
Ranking DSTC2 | 0.78 0.35 0.95 0.08 (.98 0.04




2.2.5 Transfer learning for DST

 When target domain do not have enough
data, 2 kinds of transfer learning technique
can be used:

* Feature based transfer for DST

* Build general domain independent features, so that
the trained models can be used in multi-domain
setting.

* Williams (2013) propose to use shared synthetic
features.

* Ren et al. (2014) propose to share the dialogue state
tracking model across different domains by using a
domain dependent feature set.

* Model based transfer for DST

e Adapts an general domain independent tracking
model with the domain dependent datasets

* Mrksic et al. (2015) propose to initialize domain
dependent tracker RNN with a general RNN.

Pros: Easy to implement.

Cons: Requires careful feature design and
lots of human effort.

Restaurant: <Food> ~= Hotel: <Area>
RNN tile the weight of different slots.

Pros: It can transfer between fine
granularity slots.

Cons: Only work on delexicalised data.

23



Task-oriented Coffee Shopping

3 : D I a | Og U e PO | |Cy I_e a r n I n g Dialogue (X=customer, Y=system,

R=feedback)

X, I'would like a cup of coffee.

* Policy Learning takes dialogue state s, as Y, What coffee would you like?
input and outputs system action a,, as
output. X, What coffee do you serve?

* Dialogue Policy Learning can be modelled as a Y, We serve Espresso, Americano, Latte
Reinforcement learning (Sutton and Barto, and Mocha.

1998) problem

* Dialogue states can be model by MDP
{S,A,P,R,v} Y Hot Latte or Iced Latte?
. . . — k
Cumulative Reward is G, = X ¥ Tk X, Hot Latte.

* The objective is to maximize Cumulative

X3 I'would like a cup of Latte.

Reward R <Task-Completion-Feedback>
* There are 3 Dialogue Policy Learning
frameworks
e Value-based RL Input: s3={gz={CoffeeType=Latte, Temp=?,
« Policy-based RL Size=?}, usz={Intention=0Order,
* Actor-critic RL {CoffeeType=Latte}},

ha={u,,a,,u;, axl},
Output: a;={Action=Ask,{Temp="7}},

24



3.1 Policy Learning:
Value-based RL

Coffee Shopping Dialogue

(X=customer, Y=system)

X; lwould like a cup of coffee.
. . . . Y What coff Id like?
* Policy is modelled by Q-function, which L ﬁa Z° S —
predicts the cumulative reward starting from Yz o COTIEE GO YOR SETVEs
: : . : 2 We serve Espresso, Americano,
s, taking action a,, an(ifollowmg policy . e, Wi i
_ 0
* Q (Sn: an) - E(Zk=0 YV Th+k |Sn' an) m X3 1would like a cup of Latte.
* The policy is determined by € Hot Latte or Iced Latte?
*a, = argmaxarQ(sn, Cl') R <Task-Completion-Feedback>
* Model can be trained with Q-learning Q(s3,ac1) = 0.2 (3,2) 0.01
(Watkins 1989) {Action=Ask, tAction=Confirm,
, - {CoffeeType=Latt
¢ Q(STU an) — Tn + max AQ (Sn+1; a ) - Q(STU an) {temp_ }}
al

{CoffeeType=
Latte,Temp=",
Size=?}



3.1.1Va

ue-pased RL:

Models -

‘or Q-function

* Grid based Q-function (Williams 2008a,b; Young et al. 2010;
Lefevre et al. 2009)

» Use discrete clusters to approximate states and actions.
* Q-function is a lookup table Q(s,a) = Table(s, a)

* Linear model Q-function (Li et al. 2009)
* Q-function is linear model Q(s,a) = a(¢(s,a)TW)

* Gaussian Process based Q-function (Gasi’c and Young 2014;
Gasi'c et al. 2013a)

* Q-function is approximated by none-parametric Gaussian process
* Q™"(s,a)~GP(m(s,a),k((s,a), (s, a))

* Neural Network based Q-function (Daubigney et al. 2012b)
e Q-function is approximated by Neural Network.

* Q(s,a) = NN(¢(s,a), W)
* $i(s,a) = o(¢pr-1(s, )W)

* ¢;(s,a) is the neural network output of the [-th layer.

va

N\
b
‘§

output layer

input layer 26
hidden layer 1 hidden layer 2



3.1.1 Value-based RL:
Models for Q-function

Grid based Q-function (Williams 2008a,b; Young et al. 2010;
Lefevre et al. 2009)

» Use discrete clusters to approximate states and actions.
* Q-function is a lookup table Q(s,a) = Table(s, a)

Linear model Q-function (Li et al. 2009)
* Q-function is linear model Q(s,a) = a(¢(s,a)TW)

Gaussian Process based Q-function (Gasi’c and Young 2014;
Gasi'c et al. 2013a)

* Q-function is approximated by none-parametric Gaussian process
 Q"(s,a)~GP(m(s,a),k((s,a), (s, a))
Neural Network based Q-function (Daubigney et al. 2012b)

e Q-function is approximated by Neural Network.
* Q(s,a) = NN(¢(s,a), W)
* ¢i(s,a) = a(¢_1(s,0)"' W)

* ¢,(s,a) is the neural network output of the [-th layer.

Pros: Easy to implement.

Cons: Hard to decide number of clusters. Large
guantization error.

Pros: Less quantization error and fast.

Cons: Require predefined features. Linear model has
low representation capacity.

Pros: Can be trained with small sample.

Cons: Slow, high computational complexity and can
only process small dataset.

Pros: Better representation ability.

Cons: Require a lot of data to train, overfitting easily
on small dataset.

27



3.2 Policy Learning:
Policy-based RL (X=customer, Y=syster)

X; lwould like a cup of coffee.

Coffee Shopping Dialogue

Y, What coffee would you like?

* Policy is directly modelled by

* p(anlsn) = Tl'(Sn, an) X, What coffee do you serve?

o o~ (a |S ) Y, We serve Espresso, Americano,
n~PlniSn Latte, Mocha, etc.
* Model can be trained with REINFORCE X. lwould i
ould like a cup of Latte.
(Williams 1992) algorithm, which is to m ’
Y; Hot Latte or Iced Latte?

maximize the probability of the * ‘sood”

N
episode. . X, Hot Latte.
Vg = T ,
* 0 =60+ alglogmy (s, a,)v, 3 Vo T34k Y, What cup size do you want?
* v, is unbiased sample of the true future cumulatlve X: Tall.

reward foIIowm T
R R  <Task-Completion-Feedback>

° = 7‘
Un Zk V Th+k (s, a) = 0.9 n(s3,a) = 0.1

{Action=Confirm

{Action=Ask ,{CoffeeType=Lat

Pros: Policy-based RL can deal with continuous action space. temp=2}}

Cons: REINFORCE algorithm is unstable because v,, has large
variance. {CoffeeType
=Latte,Temp

=7?,Size=?}




p(aq]s)

3.2.1 Policy-based RL:
Modes for Policy function p(als)

e Softmax policy function (Jurcicek et al. 2011)
f(s,a) Softmax

» Action distribution is modelled by softmax
S50

¢ ayls) =1m\s,a) =
p( | ) ( ! ) Zk ef(slak) Cons: Cannot deal with continuous action space.
Require predefined features.
Linear model has low presentation capacity.

* Neural network policy function (Su et al. 2016;
Wen et al. 2016b)

e Policy function is approximated by Neural Network.
ca=mn(s) =NN(s, W)

* ¢l — O-(¢l—1TWl) input layer
hidden layer

* ¢l is the neural network OUtpUt of the [-th Iayer' : Better representation ability. Can work with
continuous action space.

output layer

Require a lot of data to train, overfitting easily
on small dataset.




Coffee Shopping Dialogue

3.3 Policy Learning: (X-customer,Y-system)

. . X; lwould like a cup of coffee.
ACtO r_C r I t | C R I_ Y, What coffee would you like?

X, What coffee do you serve?

* A Q-function is used as critic and a policy Y,  We serve Espresso, Americano,
function is used as actor. Latte, Mocha, etc.
* Qs an) = EQio Y Fnsic [Sn n) B e e e e
* p(anlsn) = TT(Sp, An) X, Hot Latte,
* Model can be trained with actor-critic Y, What cup size do you want?
(Sutton et al. 1999; Konda and Tsitsiklis ., = X5 Tall
1999) algorithm, critic is used as a Qo(s3,a3) R  <Task-Completion-Feedback>
direction of policy improvement.
« 0 =0+ alglogmy(s,, a,) Q(s,, a,) R S gt

{Action=Confirm

{Action=Ask ,{CoffeeType=Lat

Pros: Has low variance policy gradient estimates, can deal ttemp=?1}

with continuous action space.

{CoffeeType
=Latte,Temp
=?,Size=?}

Cons: Requires compatible function approximators.




3.4 Evaluation for Dialogue Policy Learning

Policy Evaluation

* Policy is tested with user

simulator (Schatztnann et al. Metrics:  Reward, Success Rate, #dialogue turns
2005) Dataset: = Cambridge Restaurant Domain
e Dial Poli L . (TopTable) (Gasi'c and Young 2014);
1IalOgUE FOlICY - €arning Town Information (Thomson and Young
method comparison 2010)
summary.

" Method Dataset Reward Success Rate | # dialogue turns
Gaussian Process TopTable | 11.6 0.4 | 0.912+£0.014 | 6.6 = 0.2
Gaussian Process online TopTable | 13.4+0.3 | 0.968 £ 0.009 | 6.0 £ 0.1
NAC Jurcicek et al. [2011] Townlnfo | 3£+0.3
NN based NAC Su ef al. [2016] | TopTable 0.91
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3.5 Transfer Learning for Dialogue Policy
Learning

* When target domain do not have enough data, 3
kinds of transfer learning technique can be used:

* Linear Model transfer for Q-learning (Genevay and
Laroche 2016)

* Cross domain data similarity function is defined. Cons: Requires the source and target domain use the
same feature space.

* Transfer only diverse data points to target domain.
* Gaussian Process transfer for Q-learning
* Transferring mean function and covariance function depends

on a cross domain kernel function Pros: Can deal with different feature space.
e Common slots only (Gasic et al. 2014) . .
 Similar slot pairs assigned by human (Gasic et al. 2013b) Cons:  Requires common slots and is not scalable.

* Cardinality based slot matching (Gasi'c et al. 2015a)
e Bayesian Committee Machine transfer for Q-learning

* ABCM is s an ensemble of Gaussian Process policies trained Pros:  No common slot is required.
on different datasets in different domains.
* Gasdi'cet al. (2015b) proposed an entropy based cross Cons:  Computationally expensive.

domain kernel function.
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4:Natural Language Generation

Coffee Shopping Dialogue

* NLG takes system action a,, as (X=customer, Y=system)
inpUt and OUtpUtS System X1 I'would like a cup of coffee.

response Yn . €1 What coffee would you like?

X, What coffee do you serve?

o Dialogue action an = Y, We serve Espresso, Americano,
. . Latte, Mocha, etc.
{dTU {Ai' Vi}}’ dn IS the dlalogue m X3 1would like a cup of Latte.
act type and Ail Vi are the name ) & Hot Latte or Iced Latte?
and value of the i-th attribute. .
Y, = {y1, Y2, } is the list of Input: a;={Action=Ask,{CoffeeType=La

tte,Temp="}},
Output: Y, = "Hot Latte or Iced Latte?"

words in the n-th response.
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4.1 NLG: Traditional sentence generation

period

* Language generation (Walker et al. -
2002 ’ Stent et a I . 2004) haS 2 soft-merge-general soft-merge—general |

processes
° Se nte nce P I ann | N g imp—confirm(day) imp-confirm(month) soft-merge-general : request(time)

/\

* Generate Sentence Plannin g Tree (S PT) imp—confirm(origcity)  imp—confirm(dest—city)

* Nodeis a EIementary dlalogue act Sentence Planning Tree for sentence “Leaving on
° Surface Realization September the 1st. Wha"c, time would you like to travel
i from Newark to Dallas?
* Turn SPT to final sentence
* A” Chlldren nOde are merged to Rule Sample first argu- Sample second ar- Result
become the parent node, with Deep- ment gument
Synta CtiC Structu re MERGE You are leaving You areleavingat5 You are leaving at 5 from
from Newark. Newark
MERGE- What time would You are leaving What time would you like
Pros: The intermediate representation has clear GENERAL you like to leave? from Newark. to leave from Newark?
. SOFT-MERGE  You are leaving You are going to You are traveling from
meaning. fromm Newark Dallas Newark to Dallas
: : SOFT-MERGE- What time would You are going to What time would you like
Cons:  Requires a lot of hand-crafting. GENERAL  you like to leave?  Dallas. to fly to Dallas?

Deep—-Syntactic Structure  **



4.2 NLG: Corpus based sentence generation

* Learn generation decisions from data Mandatory Ful
« N-gram language model (Oh and Rudnicky sequences  sequences
2000) Dialogue act/ Mandat Full stack PBd calization n-best
* Phase-based NLG based on Factored Language  mandatory e e hc S phrase oS
Model (Mairesse and Young 2014) stack set | M
unordered mandatory Stack set-> ordered f1-best ioro! ebest Viterb rebest Viero!

mandatory Stack sets

* ordered mandatory Stack set -> full stack
sequence inform

 full stack sequence -> sentences

unordered mandatory Stack set-> ordered mandatory Stack set -> full stack sequence

food type near area

* Template Ranking name | j
. Log linear (Angeh et al 2010) Jinling Chinese restaurant /(ECollege /ﬁ\tral
\ | [ f F

e SVM (Cortes and Vapnik 1995) is used in

Kondadadi et al. (2013) Jinfing is_a Chinese restaurant near King’s College , in_the centre_of town
Jinling Chinese restaurant King’s_College central
name ’—‘ food type near near punct area area
o inform inform inform inform inform inform inform || inform inform
Pros: Reduce the human effort and is prone to error. e T e e s s
filler mandatory
stack stack

Cons: It requires a predefined feature set.

full stack sequence -> sentences
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4.3 NLG: Neural network based sentence

generation
* Use neural network to directly generate lomieme-See Das ut-Cins ] kg et L
sentence based system action. L S i
* RNN language models (Mikolov et al. 2010)
« RNN+CNN ranking (Wen et al. 2015a)
e hy = o(W,h,_, + Uy, + Wyd,) C e Baiy o Ghene e
* Context vector d; is controlled with heuristic. delexicalisation

* CNN sentence ranker is applied at last.

e SC-LSTM (Wen et al. 2015b)

ht—l
* Context vector is controlled by another gate. o)
* 1p = 0(Wiheoqg + Uyp);de =1 O dp4 Lt e >
Can model context of arbitrary length, and s >€ g
requires minimal human effort. G )
w, |h.;

Requires large amount of data and the parameter
can hardly be understood.

I:)l 0,0,1,0,0,.,10,0,..,1,0,0,.. ) dialog act 1-hot
Inform(name=Seven_Days, food=Chinese) representation
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4.4 Evaluation of Natural Language

GGeneration

* The generated sentence is
compa red with ground truth Metrics:  BLEU, Slot Error Rate
sentence Dataset:  Tourist Information Dataset (Oh and

Rudnicky 2000);

e NLG method comparison Restaurant in San Francisco Dataset
summary. (Wen et al. 2015a)

Method Dataset BLEU | Slot Error Rate

Corpus Based ClassLM Oh and Rudnicky [2000] Tourist Info 0.06

Corpus Based Bagel Mairesse and Young [2014] Tourist Info 0.37

Corpus Based ClassLM Oh and Rudnicky [2000] Restaurantin SF | 0.627 | 0.087

Neural Network Based RNNLM+CNN Wen et al. [2015a] | Restaurantin SF | 0.710 | 0.015

Neural Network Based sc-LSTM Wen et al. [2015b] Restaurantin SF | 0.731 | 0.0046
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4.5 Transfer Learning for Natural Language
Generation

 When target domain do not have enough
data, 2 kinds of transfer learning technique

can be used: I
* Model fine-tuning Transfer for NLG

* Wenetal., (2013) propose to fine-tune an out of An example realisation in laptop (source) domain:
domain model with domain data to achieve transfer Zeus19  is a heavy laptop
learnin g. delexicalisation G

* Instance Synthesis Transfer for NLG <R-NAME-value> is a <-WEIGHT-value> <R-TYPE-value>
 Wen et al. (2016c) propose to transfer with counterfeiting
synthetic data generation process <R-NAME-value> is a *<I-FAMILY-value> <R-TYPE-value>

* A sc-Istm model is trained on source domain and A possible realisation in TV (target) domain:
fine-tune in target domain. Apollo 73 is a u76 television

* Synthetic data is build by adapting source domain Pros:  Can benefit slot values not in the source

instances with new slot-values that appeared only domain.
in target domain |

Cons: Might have negative transfer when domain
difference is large.




End-to-end dialogue system

* Given user utterance and the dialogue i 23 ST [DIE e
. . (X=customer, Y=system)
history, the system is to output a N [P Dr—————
response sentence. Y, What coffee would you like?
° |npUt: X, What coffee do you serve?

Y, We serve Espresso, Americano,

 Current user utterance X,, Latte and Mocha.

* Dialogue history Hy, =

X3 lwould like a cup of Latte.

{X1'X2' an—l }, Hy — Y; Hot Latte or Iced Latte?
{Y,,Y,,...,Y,_1} Dialogue System
) Output: |nput: X]_,Yl,Xz,Yz,X3
Output: Y;

 System response sentence Y,
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End-to-end LSTM Policy network with Answer

selection
* Williams and Zweig (2016) propose to

jointly model policy network and answer
selection process with a LSTM. Input: | would like a cup of Latte.
* In each round: X1,Y1,X5,Y5, X5
* Hand-crafted SLU+DST+Database map X,, to Output: Y3 Hot Latte or Iced Latte?
vector s,

* Dialogue Control a,, = LSTM (s,)

. Anlswer template selection based on a,, and
rules.

* Template filling.
* Trained with Supervised Learning and RL.

Pros: Automatic learn dialogue states.

Cons: Many components are still hand-crafted such as
SLU, DST, Database.
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End-to-end training of modular dialogue
system

* Wen et al. (2016b,a?1propose to use trainable 'MPut would like a cup of Latte.
modules and train the system end-to-end via *v¥1v%2¥2.4s
gradient descent. Output: Y5 Hot Latte or Iced Latte?
* SWUsu, = LSTM(Xy) S TR I ST Ea
* DST:s,, = RNN(sp_1, CNN(X,,, Ypr_1)) T i g i
* Database: J,, = SQL(s,) | - 5
* Dialogue Policy: a,, = DNN (uy, Sy, Jn) | !

NLG: Y, = LSTM(a,)

* DST module is firstly trained with supervised [============smmssmssssiiiam=a=s '
learning, then all module excluding Database s o
are trained end-to-end.

Pros: Requires minimal human effort. i

Cons: The prior knowledge of domain slot value have to
be predefine in DST, and DST has to be trained ittt ittt Sttt
separately.

British 0.2
French 0.1

|
1

|

|

1| MySQL query: gle

1| “Select * where | |2 = 2
: food=Korean” HEE. H
|

1

|

|

|

|

|

|

eeIN




End-to-end Memory Network based dialogue
SySte m Dialogue System

 Bordes and Weston (2016) propose to build goal- Input: I would like a cup of Latte.
oriented dialog system with Memory Networks (Weston X1,Y1,X,,Y,, X3
et al., 2015a; Sukhbaatar et al., 2015). Output: ¥ Hot Latte or lced Latte?

* For each round, all dialogue history are assumed to be
inside the memory.

+ M= ({4} {APDITY) . } i —t

. gy = AD(X,), rvetinge | “ S - [

. ggrh=0(j)1n —Cp E : S
* p; = softmax(qfm;), 0, = RY; pim;, St“HHHHHHH ‘r i \é : : a
* qn+1=0ptdp ?%EII ! ) 7

« a = softmax(qgh,Wo(Yy), ..., gh W (Y,)) Ter | %

R =

(a) q

Pros: Does not require the modular design of SLU,DST,

Cons: Itis difficult to incorporate human knowledge.
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Evaluation of End-to-end dialogue system

* Generated sentence will be tested with Metrics:  Slot-Match-Rate for SLU; |
user simulator or compare with ground Task-Success-Rate (TCR) for Policy;
truth results. BLEU for NLG (T5 for top 5, and T1 for
 Metrics include top 1);
e Slot-Match-Rate for SLU Accuracy for answer selection (Acc.T
* Task-Success-Rate for dialogue policy, means turn level and Acc.D means
* BLEU for language generation, dialogue level).
* Accuracy for answer selection. Dataset:  Restaurant domain (Wen et al. (2016a) ;
* End-to-end dialogue systems comparison Phone call domain (Williams and Zweig
summary. 2016).
Method Dataset TCR Slot-Match | BLEU-TS5 | BLEU-T1 | Acc.T | Acc.D
Wen et al. [2016b] Restaurant | 0.8382 [ 0.9088 0.2304 0.2369
Wen et al. [2016a] Restaurant | 0.8180 [ 0.6005 0.227 0.2400
Williams and Zweig [2016] | Phone 0.6900 0.9200 | 0.4800
Bordes and Weston [2016] | Restaurant 0.9340 | 0.1970




Tasks VS Techniques in Task-oriented Dialogue System (Detail)

None
RL

RL

None
TL

TL

None
TL

TL

1:SLU

CRF (Wang and Acero
2006; Raymond and
Riccardi 2007)

RNN (Yao et al. 2013;
Mesnil et al. 2013,
2015; Liu and Lane
2015)

LSTM (Yao et al. 2014)

Instance based (Tur
2006)

Model adaptation (Tir
2005)

Parameter Transfer
(Yazdani and
Henderson )

Modular Dialogue System

2:DST

HIS (Young et al. 2007 )
BUDS (Thomson et al.
2008)

CRF (Lee 2013; Kim
and Banchs 2014)

RNN (Henderson et al.
2014c,d)

LSTM (Zilka and
Jurcicek 2015)

Feature based transfer
(Williams 2013; Ren et
al. 2014)

Model based transfer
(Mrksi‘c et al. 2015)

3: Policy Learning (DPL)

General Personalized

Value-based RL (Williams 2008a,b; Young
et al. 2010; Lefevre et al. 2009; Li et al.
2009; Gasi'c and Young 2014; Gasi'c et al.
2013a; Daubigney et al. 2012b)
Policy-based RL (Jurcicek et al. 2011; Su et
al. 2016; Wen et al. 2016b)

Actor-critic RL (Su et al. 2016; Jurcicek et
al. 2011; Misu et al. 2012, 2010)

Linear Model Transfer
(Genevay and Laroche
2016). Gaussian Process

Gaussian Process Transfer (Gasic et al.
2014; Gasic et al. 2013b; Gasi'c et al.
2015a)

Bayesian Committee Machine Transfer
(Gasi‘c et al. 2015b)

2015)

Transfer (Casanueva et al.

|:| Existing Work

4:NLG

Conventional NLG (Walker et
al. 2002; Stent et al. 2004)
Corpus based (Oh and
Rudnicky 2000; Mairesse and
Young 2014; Angeli et al.
2010; Kondadadi et al. 2013)
Neural network based
(Mikolov et al. 2010; Wen et
al. 2015a; Wen et al. 2015b)

Model fine-tuning (Wen et al.,
2013)

Curriculum learning Transfer
(Shi et al. 2015)

Instance Synthesis Transfer
(Wen et al. 2016c)

* Target: Personalization

General

RNN based
(Wen et al.
2016b,a)
Memory

Network based

(Bordes and
Weston 2016)

Policy network
with Answer

selection
(Williams and
Zweig 2016)
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Conclusion: Comparison of Techniques in each task

1:SLU

2:DST
State
Represen
tation

2:DST
State
Tracking

3:Policy
Learning

Conditional Random
Field

Recurrent Neural
Network

Long Short Term
Memory

Hidden Information
State Model

Bayesian Update of
Dialogue States

Static Classifier

Sequential Classifier

Q-learning
Policy Iteration

Actor critic

Consider label transition probability.

Can model arbitrary long dependency.

Can choose to remember or forget the
information stored in its memory.

Can model arbitrary dependency between
any slot value.

Can model probability of all states.

Do not require previous state, works with
any classifiers.

Consider state transition probability.

Easy to use.
Can deal with continuous action space.

Can deal with continuous action space.
Stable optimization.

Use only fixed window size, which is not
flexible.

Hard to train due to exploding or vanishing
gradient problem.

Require more training data.

Can only retain Top N states.

Can model only simple dependency.

Did not consider state transition, uses hand
defined feature extractor.

Error in last state might affect the estimation
of current state.

Cannot deal with continuous action space.
Unstable optimization.

Require 2 carefully chosen function
approximators.



Conclusion: Comparison of Techniques in each task

ok |Wetod | Aduamoges | Obodamages

4:NLG

End-to-
end

Traditional sentence
generation

Corpus based sentence
generation

Neural network based
generation

End-to-end LSTM Policy
network with Answer
selection

End-to-end training of
modular dialogue
system

Memory Network based
end-to-end dialogue
system

The intermediate representation has clear
meaning;
Easy to encode human knowledge.

Reduce the human effort;
Prone to error.

Can model context of arbitrary length;
Require minimal human effort.

Automatic dialogue state learning.

Require minimal human effort.

No information about Slot and slot value is
required.

Require a lot of hand-crafting;
Sensitive to noise.

Only considered fixed size context; Requires a
predefined feature set.

Require large amount of training data;
Hard to understand, hard to encode human
knowledge.

Many components are still hand crafted and
cannot be trained, such as SLU, DST, Database.

Domain knowledge such as Number of slots,
possible slot value have to be predefine.

DST has to be trained separately, requiring more
data labelling.

It is difficult to incorporate human knowledge.
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Conclusion: Model vs Task summary table

e Static classifiers
and sequential

classifiers can be

used for many
tasks.

e End-to-end
models are

developing fast.

Models Task Formulation
Grid SLU,DST,Policy (Q(s,a) = Table(¢(s), ¢(a))
Linear SLU,DST,Policy |[y=w'x
Gaussian Process | Policy Q™ (s,a) ~ GP(m(s,a), k((s,a),(s,a)))
. Yg = &
MLP SLU,DST,Policy un = o(Wyn_1)
CRF SLU.DST Pyn|zn, yn-1) = zexp(p(yn|yn—1) + p(yn|zn))
hrn —_— W 11 T U T b [
RNN SLU,DST,NLG o(Wnrh 1+ U + o)
p("!n‘fn.f<'n)— (h 79 o(w h +bun)
T1, | T o |
?11 _ a W [h-n—'l:|
T aJ x'ﬂ;
LSTM SLU,DST,NLG Cn tanh
Cn —fn W Cn—1 +in _>é'ﬂ,
h, =0, ® ?‘rmh(cn)
;U(UH‘IR I{ﬂ) = ( h —l_b!:‘n)
M= (AP(X,), A ( 1), AP(X, 1), AP(Y,, 1))
qo = AP (X,,)
. p; = Softmax(qf m;)
MemoryNN SLU+DST+Policy -

Op = RZ:’IJ-;:HI:'

dh+1 = Op + (1;:_
a = Softmax(q; W®(Y,), -

ng‘I)(Yc;'))




Conclusion: Dataset vs Evaluation Summary
Table

. Dataset Task Evaluation Metrics
* Most evaluation are for ATTS o A -
ccuracy,
separate modules. Dahl et al. [1994]
TouristInfo SLU, Accuracy, F1,
° O N | Ine eva I u at Ion are I]Egﬁl;iugl\/lavnar@ et al. [2005] | NLG BLEU
. ommunicator SLU Accuracy. Fl
done with user Walker et al. [2001] Y
simulators, which is not R DST | Accuracy, L2
. ’ Williams ef al. [2013]
diverse and could not DSTC 2
ﬂ | If Henderson et al. [2014a] DST Accuracy, L2
reflect real lite Dores
com p I ex Ity. Henderson et al. [2014b] DST Accuracy, L2
. TownlInfo DST, Accuracy, L2,
o Th ere are no a uto m at IC Thomson and Young [2010] Policy | Reward, Success Rate, #Dialog Turns
. Cambridge Restaurant Policy, | Reward, Success Rate, #Dialog Turns,
online en d-to-e nd Gagi¢ and Young [2014] NLG | BLEU
eva | u at|o nm etr| CS’ eve ry Sé: E{ESI?UI;&TIQ(HS]}] ;(ilgy, Eivé%d Success Rate, #Dialog Turns,
. . asié et al.
m etrlcs req uire h uman SF Hotel Policy, | Reward, Success Rate, #Dialog Turns,
|abe|||ng. Gasié et al. [2015b] NLG | BLEU
LI11 Policy, | Reward, Success Rate, #Dialog Turns,
Gasié et al. [2015b] NLG BLEU




Future directions

* End-to-end dialogue systems which requires less human knowledge.
* Dialogue personalization.
* Knowledge transfer between dialogue domains.

* Learning to expend dialogue domains in online setting with
Reinforcement Learning.

e Research conducted:

* Mo, K., Li, S., Zhang, Y., Li, J., & Yang, Q. (2016). Personalizing a Dialogue
System with Transfer Learning. arXiv preprint arXiv:1610.02891.
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*

CRF (Wang and Acero 2006; Raymond and Riccardi 2007); RNN (Yao et al. 2013; Mesnil et al. 2013, 2015;
Liu and Lane 2015); LSTM (Yao et al. 2014)

Instance based (Tur 2006); Model adaptation (Tur 2005); Parameter Transfer (Yazdani and Henderson )

HIS (Young et al. 2007 ); BUDS (Thomson et al. 2008); CRF (Lee 2013; Kim and Banchs 2014); RNN
(Henderson et al. 2014c,d); LSTM (Zilka and Jurcicek 2015)

Feature based transfer (Williams 2013; Ren et al. 2014); Model based transfer (Mrksi‘c et al. 2015)

Value-based RL (Williams 2008a,b; Young et al. 2010; Lefevre et al. 2009; Li et al. 2009; Gasi'c and Young
2014; Gasi'c et al. 2013a; Daubigney et al. 2012b); Policy-based RL (Jurcicek et al. 2011; Su et al. 2016;
Wen et al. 2016b); Actor-critic RL (Su et al. 2016; Jurcicek et al. 2011; Misu et al. 2012, 2010)

Gaussian Process Transfer (Gasic et al. 2014; Gasic et al. 2013b; Gasi'c et al. 2015a); Bayesian Committee
Machine Transfer (Gasi'c et al. 2015b)

Linear Model Transfer (Genevay and Laroche 2016); Gaussian Process Transfer (Casanueva et al. 2015)

Conventional NLG (Walker et al. 2002; Stent et al. 2004); Corpus based (Oh and Rudnicky 2000; Mairesse
and Young 2014; Angeli et al. 2010; Kondadadi et al. 2013); Neural network based (Mikolov et al. 2010;
Wen et al. 2015a; Wen et al. 2015b)

Model fine-tuning (Wen et al., 2013); Curriculum learning Transfer (Shi et al. 2015); Instance Synthesis
Transfer (Wen et al. 2016c)

RNN based (Wen et al. 2016b,a); Memory Network based (Bordes and Weston 2016)

Policy network with Answer selection (Williams and Zweig 2016)

Note: Each task is corresponding to a module in the flowchart.



Spoken Language Understanding Model
comparison

_ - -

Conditional Random Field Consider label transition Use only fixed window size, which
probability. is not flexible.

Recurrent Neural Network Can model arbitrary long Hard to train due to exploding or
dependency. vanishing gradient problem.

Long Short Term memory Can choose to remember or forget Requires more training data.
the information stored in its
memory.

Back to Evaluation. 70




Transfer Model for Spoken Language
Understanding: Model comparison

_ - -

Model adaptation for Spoken Easy to use. Source and target domain have to
Language Understanding use the same kind of model.

Instance based transfer for Spoken  Works with any classifiers and do The source domain and the target
Language Understanding not require predefine instance model need to be trained for
similarity. multiple times before converging,
which is time consuming.

Parameter Transfer for Spoken Works in zeros-shot setting. Requires extra data for learning
Language Understanding word embedding
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Dialogue State Tracking Model comparison

_m o o

State Representation Hidden Information State  Can model arbitrary Can only track probability
Model dependency between any of Top N states.
slot value pair.
Bayesian Update of Can model probability of  Can model only simple
Dialogue States all states. dependency.

State Tracking Static Classifier Do not require previous Do not consider state
state, works with any transition, use hand
classifiers. defined feature extractor.

Sequential Classifier Consider state transition  Error in last state might
probability. affect the estimation of

current state.
Back to Evaluation. 72




Sequential State Tracker Comparison

_ o o

Conditional Random Field Models state transition probability. Considers only fixed window size,
which is not flexible.

Recurrent Neural Network Can model arbitrary long Hard to train due to exploding or
dependency. vanishing gradient problem.
Long Short Term Memory Can choose to remember or forget Requires more training data.
the information stored in its
memory.

Back to Evaluation. 73




Transfer Model for Dialogue State Tracking :
Model Comparison

_ o o

Feature based transfer for Dialogue Easy to implement. Require careful feature design and
State Tracking lots of human effort.
Model based transfer for Dialogue  Able to transfer between fine Can only work on delexicalised

State Tracking granularity slots. data.

74



Reinforcement Learning Framework for
Dialogue Policy Learning

* Value-based RL
e Grid based Q-function
e Linear model Q-function
e Gaussian Process based Q-function
* Neural Network based Q-function

* Policy-based RL

e Softmax Policy function
* Neural Network Policy function

e Actor-critic RL




Dialogue Policy Learning Framework
comparison

_ o o

Q-learning Easy to use. Cannot deal with continuous action
space.
Policy Iteration Can deal with continuous action Unstable optimization.
space.
Actor critic Can deal with continuous action Require 2 carefully chosen function
space. Stable optimization. approximator.

Back to Evaluation. 76




Value-based model comparison

Advantages Disadvantages

Grid based Q-function Easy to implement. Hard to decide number of clusters.
Large quantization error.

Linear model Q-function Less quantization error, training Require predefined features.
and testing are fast. Linear model has low
representation capacity.

Gaussian Process based Q-function None-parametric model, avoid the  Slow, high computational
limitation of a human selected complexity and can only process
basis. small dataset.

Can be trained with small sample.

Neural Network based Q-function Better representation ability. Require a lot of data to train,
overfitting easily on small dataset.

Back to Evaluation. 77




Policy-based model comparison

Advantages Disadvantages

Softmax policy function

Neural Network based policy
function

Probabilistic representation, Cannot deal with continuous action
support stochastic policy. space.
Require predefined features.
Linear model has low
representation capacity.

Better representation ability. Require a lot of data to train,
Can work with continuous action overfitting easily on small dataset.
space.

Back to Evaluation. 78




Transfer Learning for Dialogue Policy: Model

comparison

Advantages

Disadvantages

Linear Model transfer for Q-
learning

Gaussian Process transfer for Q-
learning

Bayesian Committee Machine
transfer for Q-learning

Simple and efficient, and it can
support very large training data.

Do not require the source and
target to share the same feature
space;

None-parametric method, which is
more flexible and works well on
small data.

Do not assume the existence of
common slots in source and
target domains.

Source domain and target
domain must have the same
feature space

Assume the existence of common
slots in source and target domain;
Computationally expensive and
could not support very large
training set.

Computationally expensive and
could not support very large
training set.
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Natural Language Generation Model
comparison

_ o o

Traditional sentence generation The intermediate representation Require a lot of hand-crafting;
has clear meaning; Sensitive to noise.
Easy to encode human knowledge.
Corpus based sentence generation  Reduce the human effort; Only modelled fixed size context;
Prone to error. Require a predefined feature set.
Neural network based generation Can model context of arbitrary Require large amount of training
length; data;
Require minimal human effort. Hard to understand, hard to

encode human knowledge.

Back to Evaluation. 80




Transfer Learning for Natural Language
Generation: Model comparison

_ o o

Model fine-tuning Transfer for Easy to implement. Cannot benefit slot-values that did
Natural Language Generation Can be applied on a trained model. not appeared in source domain.
Instance Synthesis Transfer for Can benefit slot-values that did not Might have negative transfer when
Natural Language Generation appeared in source domain. there is large expressions

difference between across domain.

81



End-to-end Dialogue System comparison

_ o o

End-to-end LSTM Policy network Automatic dialogue state learning.  Many components are still hand

with Answer selection crafted and cannot be trained, such
as SLU, DST, Database.

End-to-end training of modular Require minimal human effort. Domain knowledge such as slot

dialogue system value have to be predefine.

DST has to be trained separately,
requiring additional data.

Memory Network based end-to- Does not require the modular It is difficult to incorporate human
end dialogue system design of SLU,DST, DPL. knowledge inside.

Back to Evaluation. 82




