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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.
• Is the target task completed?

• How good is the dialogue quality?

Task-oriented Coffee Shopping
Dialogue (X=customer, Y=system, 
R=feedback)

𝑿1 I would like a cup of coffee.

𝒀1 What coffee would you like?

𝑿2 What coffee do you serve?

𝒀2 We serve Espresso, Americano, Latte 
and Mocha.

𝑿3 I would like a cup of Latte.

𝒀3 Hot Latte or Iced Latte?

𝑿4 Hot Latte.

R <Task-Completion-Feedback> 2

Open-domain Dialogue 
(X=customer, Y=system)

𝑿1 nothin much, and how’s the 
book?!

𝒀1 its good but i’m only like halfway 
through cuz i don’t feel like 
reading. i’m so bored ...

𝑿2 that’s good! i have the book 
but i’m bored too.



Problem Definition

• User 𝑋 and system 𝑌 have a dialog
• User X’s 𝑛-th utterance is 𝑿𝑛
• System Y’s 𝑛-th utterance is 𝒀𝑛

• Input:
• Current user utterance 𝑿𝑛
• Dialogue history 𝐻𝑥 =
𝑿1, 𝑿2, … , 𝑿𝑛−1 , 𝐻𝑦 =
{𝒀1, 𝒀2, … , 𝒀𝑛−1}

• Output:
• System Y’s response sentence: 𝒀𝑛

Coffee Shopping Dialogue 
(X=customer, Y=system)

𝑿1 I would like a cup of coffee.

𝒀1 What coffee would you like?

𝑿2 What coffee do you serve?

𝒀2 We serve Espresso, Americano, 
Latte and Mocha.

𝑿3 I would like a cup of Latte.

𝒀3 Hot Latte or Iced Latte?

C Hot Latte.

S What cup size do you want?

C Tall. 

Dialogue System

Input: 𝑿1, 𝒀1, 𝑿2, 𝒀2, 𝑿3

Output: 𝒀3

Now
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Task-oriented Dialogue System Framework

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

• 1: Spoken Language Understanding (SLU)
• SLU turns natural language into user intention and slot-values, and it takes 𝑿𝑛 as 

input and outputs structured user action 𝑢𝑛

• 2: Dialogue State Tracking (DST)
• DST tracks the current dialogue state, and it takes sn−1, an−1, 𝑢𝑛 as input and 

outputs dialogue state 𝑠𝑛

• 3: Dialogue Policy Learning (DPL)
• Policy decides which system action to take based on the dialogue state, and it takes 

dialogue state 𝑠𝑛 as input and outputs system action 𝑎𝑛 as output.

• 4: Natural Language Generation (NLG)
• NLG turns a system action into natural language, and it takes the system action 𝑎𝑛 as 

input and outputs the system response 𝒀𝑛
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Modular Dialogue System End-to-End Dialogue System

1:SLU 2:DST 3: Policy Learning (DPL) 4:NLG General Person
alizedGeneral Personalized

None
RL

None 
TL

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)

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)

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)

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

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

Feature based transfer 
(Williams 2013; Ren et 
al. 2014)  
Model based transfer 
(Mrkši ć et al. 2015)

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

RL None 
TL

Value-based RL (Williams 2008a,b; Young 
et al. 2010; Lefèvre et al. 2009; Li et al. 
2009; Gaši ć and Young 2014; Gaši ć et al. 
2013a; Daubigney et al. 2012b)
Policy-based RL (Jurcícek et al. 2011; Su et 
al. 2016; Wen et al. 2016b)
Actor-critic RL (Su et al. 2016; Jurcícek et 
al. 2011; Misu et al. 2012, 2010)

Policy network 
with Answer 
selection
(Williams and 
Zweig 2016)

TL Gaussian Process Transfer (Gasic et al. 
2014; Gašic et al. 2013b; Gaši ć et al. 
2015a)
Bayesian Committee Machine Transfer 
(Gaši ć et al. 2015b)

Linear Model Transfer 
(Genevay and Laroche
2016). Gaussian Process 
Transfer (Casanueva et al. 
2015)
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1:Spoken Language Understanding

• SLU takes 𝑿𝑛 as input and outputs User 
Action 𝑢𝑛 = {𝑙𝑛, 𝒁𝑛}, where 𝑙𝑛 is the 
intention class and 𝒁𝑛 are a sequence of 
slot-values.
• Intention Classification

• Classification Problem

• 𝑙𝑛 = 𝑓(𝑿𝑛)
• Any classifiers can be used.

• Slot-filling
• Sequential Classification Problem
• 𝒁𝑛 = 𝑓(𝑿𝑛), where 𝒁𝑛 = {𝑧1, 𝑧2, … }

• We survey methods on slot-filling 
problem because Intention Classification 
is relatively simple.

Coffee Shopping Dialogue 
(X=customer, Y=system)

𝑿1 I would like a cup of coffee.

𝒀1 What coffee would you like?

𝑿2 What coffee do you serve?

𝒀2 We serve Espresso, Americano, 
Latte, Mocha, etc.

𝑿3 I would like a cup of Latte.

𝒀3 Hot Latte or Iced Latte?

𝑿4 Hot Latte.

𝒀5 What cup size do you want?

𝑿5 Tall. 

SLU

Input: 𝑿𝟑=“I would like a cup of Latte.”

Output: 𝒖𝟑={𝑙3, 𝒁3}
𝑙3: Intention=Order,
𝒁3: {CoffeeType=Latte}
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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 
feature for CRF.

• 𝑝 𝑧𝑡|𝑥𝑡 , 𝑧𝑡−1 =
1

𝑍
exp(𝒘𝑧𝑡

𝑇 𝑓 𝑧𝑡−1, 𝑧𝑡 , 𝑥𝑡 +

𝒃𝑧𝑡)

• 𝑓 𝑧𝑡−1, 𝑧𝑡 , 𝑥𝑡 is the feature vector including 
state transition probability. 

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

Slot-filling

Input: 𝑿𝑛 IPhone 7.
7 IPhones.

Output: 𝒁𝑛 IPhone{Brand} 7{Generation}.
7{Quantity} IPhones{Brand}
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𝑥1 𝑥2 𝑥3

𝑧1 𝑧2 𝑧3

Pros: CRF can model label transition.

Cons: Considers only fixed window size.



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 
RNN for slot-filling problem.

• 𝒉𝑡 = 𝜎 𝑾ℎ𝒉𝑡−1 +𝑼𝒙𝑡 + 𝒃ℎ

• 𝑝 𝑧𝑡 𝑥𝑡 , 𝑥<𝑡 =
1

𝑍
𝜎(𝒘𝑧𝑡

𝑇 𝒉𝑡 + 𝒃𝑧𝑡)

• Where 𝒙𝑡 is the feature vector calculated 
in window centered at word 𝑥𝑡.

Slot-filling

Input: 𝑿𝑛 I want a new phone and I prefer 
Apple.
The fruit looks good and I prefer 
Apple.

Output: 𝒁𝑛 …Apple{Company}.
…Apple{Fruit}.
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ℎ1 ℎ2 ℎ3

𝑥1 𝑥2 𝑥3

𝑧1 𝑧2 𝑧3

Pros: RNN can model label dependency of arbitrary length. 

Cons: It is 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 

Schmidhuber 1997) for slot-filling in the SLU.

•

𝒊𝑡
𝒐𝑡
𝒇𝑡
 𝒄𝑡

=

𝜎
𝜎
𝜎
𝑡𝑎𝑛ℎ

𝑾[
𝒙𝑡
𝒉𝑡−1

]

• 𝒄𝑡 = 𝒇𝑡⊙𝒄𝑡−1 + 𝒊𝑡⊙  𝒄𝑡

• 𝒉𝑡 = 𝒐𝑡⊙ tanh(𝒄𝑡)

• 𝑧𝑡 = softmax(𝒉𝑡)

• It deal with gradient vanishing and gradient exploding 
problem in RNN, but LSTM requires more training data.

Slot-filling

Input: 𝑿𝑛 The fruit looks good, but I have 
to buy a new phone first. I prefer 
Apple IPhone.

Output: 𝒁𝑛 …Apple{Company} 
IPhone{Brand}.
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Pros: LSTM can deal with gradient vanishing and gradient 
exploding problem.

Cons: LSTM requires more training data.



1.4 Evaluation of SLU

• The predicted slot values will be 
compared with ground truth slot-
values labelled by human.

• SLU model comparison summary.

SLU Evaluation

Metrics: Intention Classification: Accuracy
Slot-filling: F1 measure

Dataset: Air Travel Information System (ATIS) 
(Dahl et al. 1994), 
Tourist Information
(MEDIA) (Bonneau-Maynard et al. 
2005), 
DARPA Communicator Travel Data 
(Walker et al. 2001)
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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
• Building dialogue system for a new task/domain

• Building personalized dialogue system for a targeted person
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1.5 Transfer Learning for SLU

• When target domain do not have enough 
data, 3 kinds of transfer learning technique 
can be used:
• Model adaptation for SLU (Tür 2005)

• Regularize the target domain model with the KL 
divergence between source and target domain 
distribution.

• Instance based transfer for SLU (Tur 2006)
• Automatically map similar classes across domain, 

and transfer similar instances across domains.

• Parameter transfer (Yazdani and Henderson 
2015)
• Use word embedding vector and parameter 

sharing between similar label classifiers, so similar 
classifiers have similar hyperplane.
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Pros: Easy to use.

Cons: Source and target must use the 
same model configuration.

Pros: Works with any classifiers and do 
not require predefine instance 
similarity.

Cons: Time consuming.

Pros: Works in zeros-shot setting.

Cons: Requires extra data for learning 
word embedding.



2:Dialogue State Tracking

• DST takes sn−1, an−1, 𝑢𝑛 as input 
and outputs dialogue state 𝑠𝑛. 𝑠𝑛 is 
the 𝑛-th dialogue state and 𝑎𝑛 is 
the 𝑛-th system action.
• State Representation

• Dialogue state 𝑠𝑛 = 𝑔𝑛, 𝑢𝑛, ℎ𝑛
• User Goal 𝑔𝑛
• User Last Action 𝑢𝑛
• Dialogue History ℎ𝑛 =
𝑢0, 𝑎0, 𝑢1, 𝑎1, … , 𝑢𝑛−1, 𝑎𝑛−1

• State Tracking
• 𝑠𝑛 = 𝑓(𝑠𝑛−1, 𝑎𝑛−1, 𝑢𝑛)
• Can be modelled as a sequential 

classification problem

Coffee Shopping Dialogue 
(X=customer, Y=system)

𝑿1 I would like a cup of coffee.

𝒀1 What coffee would you like?

𝑿2 What coffee do you serve?

𝒀2 We serve Espresso, Americano, 
Latte, Mocha, etc.

𝑿3 I would like a cup of Latte.

𝒀3 Hot Latte or Iced Latte?

𝑿4 Hot Latte.

𝒀5 What cup size do you want?

𝑿5 Tall. 

DST

Input: 𝒔𝟐={𝑔2={CoffeeType=?, Temp=?, Size=?},
𝑢2={Intention=Ask, {CoffeeType=?}},
ℎ2={𝑢1, 𝑎1}},
𝒂𝟐={Action=Inform,{CoffeeType=Espress
o, Americano, Latte, Mocha}},
𝒖𝟑={Intention=Order,{CoffeeType=Latte}}

Output: 𝒔𝟑={𝑔3={CoffeeType=Latte, Temp=?, 
Size=?},
𝑢3={Intention=Order, {CoffeeType=Latte}}
ℎ3={𝑢1, 𝑎1, 𝑢2, 𝑎2}}
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2.1 State Representation

• Dialogue state 𝑠𝑛 = 𝑔𝑛, 𝑢𝑛, ℎ𝑛
• User Goal 𝒈𝒏
• User Last Action 𝑢𝑛
• Dialogue History ℎ𝑛 =
𝑢0, 𝑎0, 𝑢1, 𝑎1, … , 𝑢𝑛−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
• Bayesian model

User Goal

CoffeeType: 𝑁1 possible values

Temp: 𝑁2 possible values

Size: 𝑁3 possible values

Possible 
Combination:

𝑁1 ∗ 𝑁2 ∗ 𝑁3
possible values

Image a toy domain with 5 slot, each slot
has 10 possible value, the total number of 
states is 105.
Maintaining a transition probability matrix
between all states requires 1010 ∗ |𝑎| space. 
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2.1.1 State Representation: Hidden 
Information State Model (HIS)
• Idea: use state grouping and state 

splitting to reduce tracking complexity.

• Young et al. (2007) propose HIS.

• All states are in the same group initially. 
{CoffeeType=?, Temp=?, Size=?}

• In each dialogue round, split one group 
into 2 partitions
• {} is partitioned into {CoffeeType=Lattee} 

and {CoffeeType≠Lattee}
• All states within the same partition has the 

same probability.

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

{CoffeeType≠Lattee, 
Temp=?, Size=?}

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

I would like a cup of Latte.

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

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

Hot Latte.
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Pros: Can model arbitrary transition between any state pair. 

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



2.1.2 State Representation: Bayesian Update 
of Dialogue States (BUDS)
• Idea: Assuming transition probability of 

different slots are independent of each 
other, or have very simple dependency.

• 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. 

Latte

Mocha

Frappu
ccino

Iced

Hot

Hot 
Latte

Iced 
Latte

Frappu
ccino

Iced 
Mocha

Hot
Mocha

𝑁1 ∗ N2

𝑁1 𝑁2
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Pros: Can track the probability of all possible states.

Cons: It cannot deal with complex transition. 



2.2: State Tracking

• Static classifiers
• 𝑠𝑛 = 𝑓( 𝑢𝑖 , 𝑎𝑖 𝑖=1

𝑛−1, 𝑢𝑛)

• Linear Classifier, neural network and ranking model.

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

• Sequential classifiers
• 𝑠𝑛 = 𝑓(𝑠𝑛−1, 𝑎𝑛−1, 𝑢𝑛)

• CRF, RNN, LSTM

• We further introduce sequential classifiers because static classifiers 
are relative simple.
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Pros: Consider state transition probability.

Cons: Error in 𝑠𝑛−1 might affect 𝑠𝑛.

Pros: Do not require 𝑠𝑛−1, work with any classifiers.

Cons: It did not consider state transition.



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

• Lee (2013); Kim and Banchs (2014) use CRF for dialogue 
state tracking.

• 𝑝 𝑠𝑛|𝑠𝑛−1, 𝑎𝑛−1, 𝑢𝑛 =
1

𝑍
exp(𝒘𝑠𝑛

𝑇 𝑓 𝑠𝑛−1, 𝑠𝑛, 𝑎𝑛−1, 𝑢𝑛 + 𝒃𝑠𝑛)

• 𝑓 𝑠𝑛−1, 𝑠𝑛, 𝑎𝑛−1, 𝑢𝑛 is the feature vector including 
state transition probability. 

DST

Input: 
𝒔1,
𝒂1,
𝒖2

𝒔1={Category=Phone}

Output: 
𝒔2

𝒔2={Category=Phone, Brand=Apple}

Phone Shopping Dialogue 
(X=customer, Y=system)

𝑿1 I would like a new phone.

𝒀1 Which brand do you prefer?

𝑿2 Apple.
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𝑓1 𝑓2 𝑓3

𝑠1 𝑠2 𝑠3

Pros: CRF can model state transition probability.

Cons: It consider fixed window size.



2.2.2 State Tracking: RNN (Goller and Kuchler
1996)
• Henderson et al. (2014c,d) use RNN for dialogue state tracking.

• 𝒉𝑛 = 𝜎 𝑾ℎ𝒉𝑛−1 + 𝑼𝑓 𝑎𝑛−1, 𝑢𝑛 + 𝒃ℎ

• 𝑝(𝑠𝑛) =
1

𝑍
𝜎(𝒘𝑠𝑛

𝑇 𝒉𝑛 + 𝒃𝑠𝑛)

• Where 𝑓 𝑎𝑛−1, 𝑢𝑛 is the feature vector calculated at round 𝑛. 

DST

Input: 
𝒔2,
𝒂2,
𝒖3

𝒔2={Category=Phone}

Output: 
𝒔3

𝒔3={Category=Phone, Brand=Apple}

Phone Shopping Dialogue 
(X=customer, Y=system)

𝑿1 I would like a new phone.

𝒀1 Which brand do you prefer?

𝑿2 What is the available?

𝒀2 Samsung, Apple, HTC

𝑿3 Apple.
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ℎ1 ℎ2 ℎ3

𝑥1 𝑥2 𝑥3

𝑠1 𝑠2 𝑠3

Pros: RNN can model label dependency of arbitrary length. 

Cons: It is hard to train due to gradient vanishing problem.



2.2.3 State Tracking: LSTM (Hochreiter and 
Schmidhuber 1997)
• Zilka and Jurcicek (2015) use LSTM (Hochreiter and Schmidhuber 1997) for 

tracking dialogue states.

•

𝒊𝑛
𝒐𝑛
𝒇𝑛
 𝒄𝑛

=

𝜎
𝜎
𝜎
𝑡𝑎𝑛ℎ

𝑾[
𝑓(𝑎𝑛−1, 𝑢𝑛)
𝒉𝑛−1

]

• 𝒄𝑛 = 𝒇𝑛⊙𝒄𝑛−1 + 𝒊𝑛⊙ 𝒄𝑛

• 𝒉𝑛 = 𝒐𝑛⊙ tanh(𝒄𝑛)

• 𝑠𝑛 = softmax(𝒉𝑛)

DST

Input: 
𝒔2,
𝒂2,
𝒖3

𝒔2={Category=Phone}

Output: 
𝒔3

𝒔3={Category=Phone, Brand=Apple}

Phone Shopping Dialogue 
(X=customer, Y=system)

𝑿1 The orange looks good.

𝒀1 Would you like some?

𝑿2 I have to buy a new phone first.

𝒀2 Which brand do you prefer?

𝑿3 Apple.
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Pros: LSTM can deal with gradient vanishing and gradient 
exploding problem.

Cons: LSTM requires more training data.



2.2.4 Evaluation of DST

• Predicted dialogue state will be compared with 
human labelled dialogue state.

• Dataset: DSTC1, DSTC2, DSTC3

• Tasks include
• Goals: Desired Restaurant 
• Method: Search by constraint/name/alternative 
• Request: Phone number/Address

• DST model comparison summary.

DST Evaluation

Metrics: Top State Classification: Accuracy
State probability tracking: L2

Dataset: DSTC 1 (bus information),
DSTC 2 (restaurant information) 
(Henderson et al. 2014a)  
DSTC 3 (coffee shop, pub and 
restaurant) (Henderson et al. 2014b).
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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
• Adapts an general domain independent tracking 

model with the domain dependent datasets
• Mrkšic et al. (2015) propose to initialize domain 

dependent tracker RNN with a general RNN.
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Pros: Easy to implement.

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

Pros: It can transfer between fine 
granularity slots.

Cons: Only work on delexicalised data.

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



3:Dialogue Policy Learning

• Policy Learning takes dialogue state 𝑠𝑛 as 
input and outputs system action 𝑎𝑛 as 
output.

• Dialogue Policy Learning can be modelled as a 
Reinforcement learning (Sutton and Barto, 
1998) problem
• Dialogue states can be model by MDP 
{𝑆, 𝐴, 𝑃, 𝑅, 𝛾}

• Cumulative Reward is 𝐺𝑛 =  𝑘 𝛾
𝑘𝑟𝑛+𝑘

• The objective is to maximize Cumulative 
Reward

• There are 3 Dialogue Policy Learning 
frameworks
• Value-based RL
• Policy-based RL
• Actor-critic RL

Policy

Input: 𝒔𝟑={𝑔3={CoffeeType=Latte, Temp=?, 
Size=?}, 𝑢3={Intention=Order, 
{CoffeeType=Latte}},
ℎ3={𝑢1, 𝑎1, 𝑢2, 𝑎2}},

Output: 𝒂𝟑={Action=Ask,{Temp=?}},
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Task-oriented Coffee Shopping
Dialogue (X=customer, Y=system, 
R=feedback)

𝑿1 I would like a cup of coffee.

𝒀1 What coffee would you like?

𝑿2 What coffee do you serve?

𝒀2 We serve Espresso, Americano, Latte 
and Mocha.

𝑿3 I would like a cup of Latte.

𝒀3 Hot Latte or Iced Latte?

𝑿4 Hot Latte.

R <Task-Completion-Feedback>



Coffee Shopping Dialogue 
(X=customer, Y=system)

𝑿1 I would like a cup of coffee.

𝒀1 What coffee would you like?

𝑿2 What coffee do you serve?

𝒀2 We serve Espresso, Americano, 
Latte, Mocha, etc.

𝑿3 I would like a cup of Latte.

𝒀3 Hot Latte or Iced Latte?

R <Task-Completion-Feedback>

3.1 Policy Learning: 
Value-based RL
• Policy is modelled by Q-function, which 

predicts the cumulative reward starting from 
𝑠𝑛 taking action 𝑎𝑛 and following policy 𝜋. 
• 𝑄 𝑠𝑛, 𝑎𝑛 = 𝐸( 𝑘=0

∞ 𝛾𝑘𝑟𝑛+𝑘 |𝑠𝑛, 𝑎𝑛)

• The policy is determined by 
• 𝑎𝑛 = argmax𝑎′𝑄 𝑠𝑛, 𝑎

′

• Model can be trained with Q-learning
(Watkins 1989)
• 𝑄 𝑠𝑛, 𝑎𝑛 = 𝑟𝑛 +max

𝑎′
𝜆𝑄 𝑠𝑛+1, 𝑎

′ − 𝑄(𝑠𝑛, 𝑎𝑛)

{CoffeeType=
Latte,Temp=?,

Size=?}

{Action=Ask,
{temp=?}}

{Action=Confirm,
{CoffeeType=Latt

e}}

Q 𝑠3, 𝑎𝑐1 = 0.2 Q 𝑠3, 𝑎𝑐2 = 0.01

Now

25

Pros: Easy to implement.

Cons: Cannot deal with large/continuous action space.



3.1.1 Value-based RL: 
Models for Q-function
• Grid based Q-function (Williams 2008a,b; Young et al. 2010; 

Lefèvre 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 = 𝜎(𝜙 𝑠, 𝑎 𝑇𝑊)

• Gaussian Process based Q-function (Gaši ć and Young 2014; 
Gaši ć et al. 2013a)
• Q-function is approximated by none-parametric Gaussian process 

• 𝑄𝜋 𝑠, 𝑎 ~𝐺𝑃(𝑚 𝑠, 𝑎 , 𝑘( 𝑠, 𝑎 , (𝑠, 𝑎))

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

• 𝑄 𝑠, 𝑎 = 𝑁𝑁(𝜙 𝑠, 𝑎 ,𝑊)

• 𝜙𝑙 𝑠, 𝑎 = 𝜎(𝜙𝑙−1 𝑠, 𝑎
𝑇𝑊)

• 𝜙𝑙 𝑠, 𝑎 is the neural network output of the 𝑙-th layer.

𝒂𝟏 𝒂𝟐

 𝑠1 0.6 0.2

 𝑠2 1.5 0.3
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3.1.1 Value-based RL: 
Models for Q-function
• Grid based Q-function (Williams 2008a,b; Young et al. 2010; 

Lefèvre 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 = 𝜎(𝜙 𝑠, 𝑎 𝑇𝑊)

• Gaussian Process based Q-function (Gaši ć and Young 2014; 
Gaši ć et al. 2013a)
• Q-function is approximated by none-parametric Gaussian process 

• 𝑄𝜋 𝑠, 𝑎 ~𝐺𝑃(𝑚 𝑠, 𝑎 , 𝑘( 𝑠, 𝑎 , (𝑠, 𝑎))

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

• 𝑄 𝑠, 𝑎 = 𝑁𝑁(𝜙 𝑠, 𝑎 ,𝑊)

• 𝜙𝑙 𝑠, 𝑎 = 𝜎(𝜙𝑙−1 𝑠, 𝑎
𝑇𝑊)

• 𝜙𝑙 𝑠, 𝑎 is the neural network output of the 𝑙-th layer.
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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.

Pros: Easy to implement.

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



3.2 Policy Learning:
Policy-based RL
• Policy is directly modelled by 

• 𝑝 𝑎𝑛 𝑠𝑛 = 𝜋(𝑠𝑛, 𝑎𝑛)

• 𝑎𝑛~𝑝 𝑎𝑛 𝑠𝑛

• Model can be trained with REINFORCE
(Williams 1992) algorithm, which is to 
maximize the probability of the “good” 
episode. 
• 𝜃 = 𝜃 + 𝛼Δ𝜃 log 𝜋𝜃 𝑠𝑛, 𝑎𝑛 𝒗𝑛
• 𝑣𝑛 is unbiased sample of the true future cumulative 

reward following 𝜋𝜃
• 𝑣𝑛 =  𝑘 𝛾

𝑘𝑟𝑛+𝑘

Coffee Shopping Dialogue 
(X=customer, Y=system)

𝑿1 I would like a cup of coffee.

𝒀1 What coffee would you like?

𝑿2 What coffee do you serve?

𝒀2 We serve Espresso, Americano, 
Latte, Mocha, etc.

𝑿3 I would like a cup of Latte.

𝒀3 Hot Latte or Iced Latte?

𝑿4 Hot Latte.

𝒀4 What cup size do you want?

𝑿5 Tall. 

R <Task-Completion-Feedback>

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

{Action=Ask
,{temp=?}}

{Action=Confirm
,{CoffeeType=Lat

te}}

𝜋 𝑠3, 𝑎 = 0.9
𝜋 𝑠3, 𝑎 = 0.1

Now

𝑣3 = 

𝑘

𝑁

𝛾𝑘𝑟3+𝑘
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Pros: Policy-based RL can deal with continuous action space.

Cons: REINFORCE algorithm is unstable because 𝑣𝑛 has large 
variance.



3.2.1 Policy-based RL:
Modes for Policy function
• Softmax policy function (Jurcícek et al. 2011)

• Action distribution is modelled by softmax

• 𝑝 𝑎 𝑠 = 𝜋 𝑠, 𝑎 =
𝑒𝑓(𝑠,𝑎)

 𝑘 𝑒
𝑓(𝑠,𝑎𝑘)

• Neural network policy function (Su et al. 2016; 
Wen et al. 2016b)
• Policy function is approximated by Neural Network.

• 𝑎 = 𝜋(𝑠) = 𝑁𝑁(𝑠,𝑊)

• 𝜙𝑙 = 𝜎(𝜙𝑙−1
𝑇𝑊𝑙)

• 𝜙𝑙 is the neural network output of the 𝑙-th layer.
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Pros: Better representation ability. Can work with 
continuous action space.

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

Pros: Support stochastic policy.

Cons: Cannot deal with continuous action space. 
Require predefined features.
Linear model has low presentation capacity.

𝑓(𝑠, 𝑎) Softmax

𝑝(𝑎1|𝑠)

𝑝(𝑎2|𝑠)



Coffee Shopping Dialogue 
(X=customer, Y=system)

𝑿1 I would like a cup of coffee.

𝒀1 What coffee would you like?

𝑿2 What coffee do you serve?

𝒀2 We serve Espresso, Americano, 
Latte, Mocha, etc.

𝑿3 I would like a cup of Latte.

𝒀3 Hot Latte or Iced Latte?

𝑿4 Hot Latte.

𝒀4 What cup size do you want?

𝑿5 Tall. 

R <Task-Completion-Feedback>

3.3 Policy Learning:
Actor-critic RL
• A Q-function is used as critic and a policy 

function is used as actor. 
• 𝑄 𝑠𝑛, 𝑎𝑛 = 𝐸( 𝑘=0

∞ 𝛾𝑘𝑟𝑛+𝑘 |𝑠𝑛, 𝑎𝑛)

• 𝑝 𝑎𝑛 𝑠𝑛 = 𝜋(𝑠𝑛, 𝑎𝑛)

• Model can be trained with actor-critic 
(Sutton et al. 1999; Konda and Tsitsiklis
1999) algorithm, critic is used as a 
direction of policy improvement.
• 𝜃 = 𝜃 + 𝛼Δ𝜃 log 𝜋𝜃 𝑠𝑛, 𝑎𝑛 𝑄(𝑠𝑛, 𝑎𝑛)

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

{Action=Ask
,{temp=?}}

{Action=Confirm
,{CoffeeType=Lat

te}}

𝜋 𝑠3, 𝑎 = 0.9
𝜋 𝑠3, 𝑎 = 0.1

Q 𝑠3, 𝑎 = 0.2
Q 𝑠3, 𝑎 = 0.01

Now

𝑣3 =
𝑄𝜃(𝑠3, 𝑎3)
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Pros: Has low variance policy gradient estimates, can deal 
with continuous action space.

Cons: Requires compatible function approximators.



3.4 Evaluation for Dialogue Policy Learning

• Policy is tested with user 
simulator (Schatztnann et al. 
2005)

• Dialogue Policy Learning 
method comparison 
summary.

Policy Evaluation

Metrics: Reward, Success Rate, #dialogue turns

Dataset: Cambridge Restaurant Domain 
(TopTable) (Gaši ć and Young 2014);
Town Information (Thomson and Young 
2010)
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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.
• 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
• Common slots only (Gasic et al. 2014)
• Similar slot pairs assigned by human (Gašic et al. 2013b)
• Cardinality based slot matching (Gaši ć et al. 2015a)

• Bayesian Committee Machine transfer for Q-learning
• A BCM is s an ensemble of Gaussian Process policies trained 

on different datasets in different domains.
• Gaši ć et al. (2015b) proposed an entropy based cross 

domain kernel function. 
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Pros: Simple and efficient.

Cons: Requires the source and target domain use the 
same feature space.

Pros: Can deal with different feature space.

Cons: Requires common slots and is not scalable.

Pros: No common slot is required.

Cons: Computationally expensive.



4:Natural Language Generation

• NLG takes system action 𝑎𝑛 as 
input and outputs system 
response 𝒀𝑛.

• Dialogue action 𝑎𝑛 =
𝑑𝑛, 𝐴𝑖 , 𝑉𝑖 , 𝑑𝑛 is the dialogue 

act type and 𝐴𝑖 , 𝑉𝑖 are the name 
and value of the 𝑖-th attribute.

• 𝒀𝑛 = {𝑦1, 𝑦2, … } is the list of 
words in the 𝑛-th response.

Coffee Shopping Dialogue 
(X=customer, Y=system)

𝑿1 I would like a cup of coffee.

𝒀1 What coffee would you like?

𝑿2 What coffee do you serve?

𝒀2 We serve Espresso, Americano, 
Latte, Mocha, etc.

𝑿3 I would like a cup of Latte.

𝒀3 Hot Latte or Iced Latte?

C Hot Latte.

S What cup size do you want?

C Tall. 

NLG

Input: 𝒂𝟑={Action=Ask,{CoffeeType=La
tte,Temp=?}},

Output: 𝒀3 = "Hot Latte or Iced Latte?"

Now
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4.1 NLG: Traditional sentence generation

• Language generation (Walker et al. 
2002; Stent et al. 2004) has 2 
processes

• Sentence Planning
• Generate Sentence Planning Tree (SPT)
• Node is a elementary dialogue act

• Surface Realization
• Turn SPT to final sentence
• All children node are merged to 

become the parent node, with Deep-
Syntactic Structure

Sentence Planning Tree for sentence “Leaving on 
September the 1st. What time would you like to travel 
from Newark to Dallas?”

Deep-Syntactic Structure 34

Pros: The intermediate representation has clear 
meaning.

Cons: Requires a lot of hand-crafting.



4.2 NLG: Corpus based sentence generation

• Learn generation decisions from data
• N-gram language model (Oh and Rudnicky

2000)
• Phase-based NLG based on Factored Language 

Model (Mairesse and Young 2014)
• unordered mandatory Stack set-> ordered 

mandatory Stack sets
• ordered mandatory Stack set -> full stack 

sequence
• full stack sequence -> sentences 

• Template Ranking
• Log-linear (Angeli et al. 2010)
• SVM (Cortes and Vapnik 1995) is used in  

Kondadadi et al. (2013)

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

full stack sequence -> sentences 
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Pros: Reduce the human effort and is prone to error. 

Cons: It requires a predefined feature set.



4.3 NLG: Neural network based sentence 
generation
• Use neural network to directly generate 

sentence based system action.
• RNN language models (Mikolov et al. 2010)
• RNN+CNN ranking (Wen et al. 2015a)

• ℎ𝑡 = 𝜎(𝑊𝑡ℎ𝑡−1 + 𝑈𝑦𝑡 +𝑊𝑑𝑑𝑡)
• Context vector 𝑑𝑡 is controlled with heuristic.
• CNN sentence ranker is applied at last.

• SC-LSTM (Wen et al. 2015b)
• Context vector is controlled by another gate.

• 𝑟𝑡 = 𝜎 𝑊𝑡ℎ𝑡−1 + 𝑈𝑦𝑡 ; 𝑑𝑡 = 𝑟𝑡⊙𝑑𝑡−1
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Pros: Can model context of arbitrary length, and 
requires minimal human effort.

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



4.4 Evaluation of Natural Language 
Generation
• The generated sentence is 

compared with ground truth 
sentence

• NLG method comparison 
summary.

NLG Evaluation

Metrics: BLEU, Slot Error Rate

Dataset: Tourist Information Dataset (Oh and 
Rudnicky 2000);
Restaurant in San Francisco Dataset 
(Wen et al. 2015a)
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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:
• Model fine-tuning Transfer for NLG

• Wen et al., (2013) propose to fine-tune an out of 
domain model with domain data to achieve transfer 
learning.

• Instance Synthesis Transfer for NLG
• Wen et al. (2016c) propose to transfer with 

synthetic data generation process
• A sc-lstm model is trained on source domain and 

fine-tune in target domain.
• Synthetic data is build by adapting source domain 

instances with new slot-values that appeared only 
in target domain
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Pros: Easy to implement.

Cons: It cannot transfer to new slot-values.

Pros: Can benefit slot values not in the source 
domain.

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



End-to-end dialogue system

• Given user utterance and the dialogue 
history, the system is to output a 
response sentence.

• Input:
• Current user utterance 𝑿𝑛
• Dialogue history Hx =
𝑿1, 𝑿2, … , 𝑿𝑛−1 , 𝐻𝑦 =
{𝒀1, 𝒀2, … , 𝒀𝑛−1}

• Output:
• System response sentence 𝒀𝑛

Coffee Shopping Dialogue 
(X=customer, Y=system)

𝑿1 I would like a cup of coffee.

𝒀1 What coffee would you like?

𝑿2 What coffee do you serve?

𝒀2 We serve Espresso, Americano, 
Latte and Mocha.

𝑿3 I would like a cup of Latte.

𝒀3 Hot Latte or Iced Latte?

C Hot Latte.

S What cup size do you want?

C Tall. 

Dialogue System

Input: 𝑿1, 𝒀1, 𝑿2, 𝒀2, 𝑿3

Output: 𝒀3

Now
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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.

• In each round:
• Hand-crafted SLU+DST+Database map 𝑋𝑛 to 

vector 𝑠𝑛
• Dialogue Control 𝑎𝑛 = 𝐿𝑆𝑇𝑀(𝑠𝑛)
• Answer template selection based on 𝑎𝑛 and 

rules.
• Template filling.

• Trained with Supervised Learning and RL.

Dialogue System

Input:
𝑿1, 𝒀1, 𝑿2, 𝒀2, 𝑿3

I would like a cup of Latte.

Output: 𝒀3 Hot Latte or Iced Latte?
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Pros: Automatic learn dialogue states.

Cons: Many components are still hand-crafted such as 
SLU, DST, Database.



End-to-end training of modular dialogue 
system
• Wen et al. (2016b,a) propose to use trainable 

modules and train the system end-to-end via 
gradient descent.
• SLU: 𝑢𝑛 = 𝐿𝑆𝑇𝑀(𝑿𝑛)
• DST: 𝑠𝑛 = 𝑅𝑁𝑁(𝑠𝑛−1, 𝐶𝑁𝑁 𝑿𝑛, 𝒀𝑛−1 )
• Database: 𝐽𝑛 = 𝑆𝑄𝐿(𝑠𝑛)
• Dialogue Policy: 𝑎𝑛 = 𝐷𝑁𝑁(𝑢𝑛, 𝑠𝑛, 𝐽𝑛)
• NLG: 𝒀𝑛 = 𝐿𝑆𝑇𝑀(𝑎𝑛)

• DST module is firstly trained with supervised 
learning, then all module excluding Database 
are trained end-to-end.

Dialogue System

Input:
𝑿1, 𝒀1, 𝑿2, 𝒀2, 𝑿3

I would like a cup of Latte.

Output: 𝒀3 Hot Latte or Iced Latte?
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Pros: Requires minimal human effort.

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



End-to-end Memory Network based dialogue 
system
• Bordes and Weston (2016) propose to build goal-

oriented dialog system with Memory Networks (Weston 
et al., 2015a; Sukhbaatar et al., 2015).

• For each round, all dialogue history are assumed to be 
inside the memory.
• 𝑀 = 𝐴Φ 𝑋𝑖 𝑖

𝑛−1, 𝐴Φ 𝑌𝑖 𝑖
𝑛−1

• 𝑞0 = 𝐴Φ 𝑋𝑛 ,
• For ℎ = 0 → 𝑚

• 𝑝𝑖 = softmax 𝑞ℎ
𝑇𝑚𝑖 , 𝑜ℎ = 𝑅 𝑖 𝑝𝑖𝑚𝑖 ,

• 𝑞ℎ+1 = 𝑜ℎ + 𝑞ℎ

• 𝑎 = softmax 𝑞𝑚
𝑇𝑊Φ 𝑌1 , … , 𝑞𝑚

𝑇𝑊Φ 𝑌𝐶
• 𝑌𝑛 = argmax𝑌 𝑎

Dialogue System

Input:
𝑿1, 𝒀1, 𝑿2, 𝒀2, 𝑿3

I would like a cup of Latte.

Output: 𝒀3 Hot Latte or Iced Latte?
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Pros: Does not require the modular design of SLU,DST, 
DPL.

Cons: It is difficult to incorporate human knowledge.



Evaluation of End-to-end dialogue system

• Generated sentence will be tested with 
user simulator or compare with ground 
truth results.

• Metrics include 
• Slot-Match-Rate for SLU, 
• Task-Success-Rate for dialogue policy,
• BLEU for language generation,
• Accuracy for answer selection. 

• End-to-end dialogue systems comparison 
summary.

NLG Evaluation

Metrics: Slot-Match-Rate for SLU; 
Task-Success-Rate (TCR) for Policy;
BLEU for NLG (T5 for top 5, and T1 for 
top 1);
Accuracy for answer selection (Acc.T
means turn level and Acc.D means 
dialogue level).

Dataset: Restaurant domain (Wen et al. (2016a) ;
Phone call domain (Williams and Zweig 
2016). 
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Modular Dialogue System End-to-End Dialogue System

1:SLU 2:DST 3: Policy Learning (DPL) 4:NLG General Person
alizedGeneral Personalized

None
RL

None 
TL

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)

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)

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)

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

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

Feature based transfer 
(Williams 2013; Ren et 
al. 2014)  
Model based transfer 
(Mrkši ć et al. 2015)

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

RL None 
TL

Value-based RL (Williams 2008a,b; Young 
et al. 2010; Lefèvre et al. 2009; Li et al. 
2009; Gaši ć and Young 2014; Gaši ć et al. 
2013a; Daubigney et al. 2012b)
Policy-based RL (Jurcícek et al. 2011; Su et 
al. 2016; Wen et al. 2016b)
Actor-critic RL (Su et al. 2016; Jurcícek et 
al. 2011; Misu et al. 2012, 2010)

Policy network 
with Answer 
selection
(Williams and 
Zweig 2016)

TL Gaussian Process Transfer (Gasic et al. 
2014; Gašic et al. 2013b; Gaši ć et al. 
2015a)
Bayesian Committee Machine Transfer 
(Gaši ć et al. 2015b)

Linear Model Transfer 
(Genevay and Laroche
2016). Gaussian Process 
Transfer (Casanueva et al. 
2015)
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Existing Work Target: PersonalizationTasks VS Techniques in Task-oriented Dialogue System (Detail)
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Task Method Advantages Disadvantages

1:SLU Conditional Random 
Field

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

Recurrent Neural 
Network

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

Long Short Term 
Memory

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

Require more training data.

2:DST 
State 
Represen
tation

Hidden Information 
State Model 

Can model arbitrary dependency between 
any slot value.

Can only retain Top N states.

Bayesian Update of 
Dialogue States 

Can model probability of all states. Can model only simple dependency.

2:DST 
State
Tracking

Static Classifier Do not require previous state, works with 
any classifiers.

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

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

3:Policy
Learning

Q-learning Easy to use. Cannot deal with continuous action space.

Policy Iteration Can deal with continuous action space. Unstable optimization.

Actor critic Can deal with continuous action space. 
Stable optimization.

Require 2 carefully chosen function 
approximators. 

Conclusion: Comparison of Techniques in each task
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Task Method Advantages Disadvantages

4:NLG Traditional sentence 
generation

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

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

Corpus based sentence 
generation

Reduce the human effort;
Prone to error. 

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

Neural network based 
generation

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

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

End-to-
end

End-to-end LSTM Policy 
network with Answer 
selection

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

End-to-end training of 
modular dialogue 
system

Require minimal human effort. Domain knowledge such as Number of slots, 
possible slot value have to be predefine. 
DST has to be trained separately, requiring more 
data labelling.

Memory Network based 
end-to-end dialogue 
system

No information about Slot and slot value is 
required.

It is difficult to incorporate human knowledge.

Conclusion: Comparison of Techniques in each task



Conclusion: Model vs Task summary table

• Static classifiers 
and sequential 
classifiers can be 
used for many 
tasks.

• End-to-end 
models are 
developing fast.
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Conclusion: Dataset vs Evaluation Summary 
Table
• Most evaluation are for 

separate modules. 
• Online evaluation are 

done with user 
simulators, which is not 
diverse and could not 
reflect real life 
complexity.

• There are no automatic 
online end-to-end 
evaluation metrics, every 
metrics require human 
labelling.
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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.

• 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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• M Gaši ć, Dongho Kim, Pirros Tsiakoulis, and Steve Young. Distributed dialogue policies for 
multidomain statistical dialogue management. In 2015 IEEE International Conference on 
Acoustics, Speech and Signal Processing (ICASSP), pages 5371–5375. IEEE, 2015.
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Task Technique Papers

1:SLU SL 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)

SL+TL Instance based (Tur 2006); Model adaptation (Tür 2005); Parameter Transfer (Yazdani and Henderson )

2:DST SL 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)

SL+TL Feature based transfer (Williams 2013; Ren et al. 2014); Model based transfer (Mrkši ć et al. 2015)

3:Policy RL Value-based RL (Williams 2008a,b; Young et al. 2010; Lefèvre et al. 2009; Li et al. 2009; Gaši ć and Young 
2014; Gaši ć et al. 2013a; Daubigney et al. 2012b); Policy-based RL (Jurcícek et al. 2011; Su et al. 2016; 
Wen et al. 2016b); Actor-critic RL (Su et al. 2016; Jurcícek et al. 2011; Misu et al. 2012, 2010)

RL+TL Gaussian Process Transfer (Gasic et al. 2014; Gašic et al. 2013b; Gaši ć et al. 2015a); Bayesian Committee 
Machine Transfer (Gaši ć et al. 2015b)

3:Personalized Policy RL+TL Linear Model Transfer (Genevay and Laroche 2016); Gaussian Process Transfer (Casanueva et al. 2015)

4:NLG SL 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)

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

End-to-end SL RNN based (Wen et al. 2016b,a); Memory Network based (Bordes and Weston 2016)

RL Policy network with Answer selection (Williams and Zweig 2016)

Personalized End-to-end RL+TL

Tasks VS Techniques in Task-oriented Dialogue System (Overview) Existing Work Target: Personalization

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



Spoken Language Understanding Model 
comparison
Method Advantages Disadvantages

Conditional Random Field Consider label transition 
probability.

Use only fixed window size, which 
is not flexible.

Recurrent Neural Network Can model arbitrary long 
dependency.

Hard to train due to exploding or 
vanishing gradient problem.

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

Requires more training data.

70Back to Evaluation.



Transfer Model for Spoken Language 
Understanding: Model comparison

71

Method Advantages Disadvantages

Model adaptation for Spoken 
Language Understanding 

Easy to use. Source and target domain have to 
use the same kind of model.

Instance based transfer for Spoken 
Language Understanding

Works with any classifiers and do 
not require predefine instance 
similarity. 

The source domain and the target 
model need to be trained for 
multiple times before converging, 
which is time consuming.

Parameter Transfer for Spoken 
Language Understanding

Works in zeros-shot setting. Requires extra data for learning 
word embedding



Dialogue State Tracking Model comparison

Method Advantages Disadvantages

State Representation Hidden Information State 
Model 

Can model arbitrary
dependency between any 
slot value pair.

Can only track probability 
of Top N states.

Bayesian Update of 
Dialogue States 

Can model probability of 
all states.

Can model only simple 
dependency.

State Tracking Static Classifier Do not require previous
state, works with any 
classifiers.

Do not consider state 
transition, use hand 
defined feature extractor.

Sequential Classifier Consider state transition 
probability.

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

72Back to Evaluation.



Sequential State Tracker Comparison

Method Advantages Disadvantages

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

Recurrent Neural Network Can model arbitrary long 
dependency.

Hard to train due to exploding or 
vanishing gradient problem.

Long Short Term Memory Can choose to remember or forget 
the information stored in its 
memory.

Requires more training data.

73Back to Evaluation.



Transfer Model for Dialogue State Tracking : 
Model Comparison
Method Advantages Disadvantages

Feature based transfer for Dialogue 
State Tracking

Easy to implement. Require careful feature design and 
lots of human effort.

Model based transfer for Dialogue 
State Tracking

Able to transfer between fine 
granularity slots.

Can only work on delexicalised
data.
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Reinforcement Learning Framework for 
Dialogue Policy Learning
• Value-based RL

• Grid based Q-function

• Linear model Q-function

• Gaussian Process based Q-function

• Neural Network based Q-function

• Policy-based RL
• Softmax Policy function

• Neural Network Policy function

• Actor-critic RL
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Dialogue Policy Learning Framework 
comparison
Method Advantages Disadvantages

Q-learning Easy to use. Cannot deal with continuous action 
space.

Policy Iteration Can deal with continuous action 
space.

Unstable optimization.

Actor critic Can deal with continuous action 
space. Stable optimization.

Require 2 carefully chosen function 
approximator. 

76Back to Evaluation.



Value-based model comparison

Method 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
and testing are fast.

Require predefined features.
Linear model has low 
representation capacity.

Gaussian Process based Q-function None-parametric model, avoid the 
limitation of a human selected 
basis. 
Can be trained with small sample.

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

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

77Back to Evaluation.



Policy-based model comparison

Method Advantages Disadvantages

Softmax policy function Probabilistic representation, 
support stochastic policy.

Cannot deal with continuous action 
space. 
Require predefined features.
Linear model has low 
representation capacity.

Neural Network based policy 
function

Better representation ability.
Can work with continuous action 
space.

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

78Back to Evaluation.



Transfer Learning for Dialogue Policy: Model 
comparison
Method Advantages Disadvantages

Linear Model transfer for Q-
learning

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

Source domain and target
domain must have the same 
feature space

Gaussian Process transfer for Q-
learning

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.

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

Bayesian Committee Machine 
transfer for Q-learning

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

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

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

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

Corpus based sentence generation Reduce the human effort;
Prone to error. 

Only modelled fixed size context; 
Require a predefined feature set.

Neural network based generation Can model context of arbitrary 
length;
Require minimal human effort.

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

80Back to Evaluation.



Transfer Learning for Natural Language 
Generation: Model comparison
Method Advantages Disadvantages

Model fine-tuning Transfer for 
Natural Language Generation

Easy to implement.
Can be applied on a trained model.

Cannot benefit slot-values that did 
not appeared in source domain.

Instance Synthesis Transfer for 
Natural Language Generation

Can benefit slot-values that did not 
appeared in source domain.

Might have negative transfer when 
there is large expressions 
difference between across domain.
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End-to-end Dialogue System comparison

Method Advantages Disadvantages

End-to-end LSTM Policy network 
with Answer selection

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

End-to-end training of modular 
dialogue system

Require minimal human effort. Domain knowledge such as slot 
value have to be predefine. 
DST has to be trained separately,
requiring additional data.

Memory Network based end-to-
end dialogue system

Does not require the modular 
design of SLU,DST, DPL.

It is difficult to incorporate human 
knowledge inside.

82Back to Evaluation.


