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Objectives of the course



Objectives : The Lesson

Overview of Dialogue systems:

• What is a dialogue system? Provide
definitions to understand the differents
aspect of dialogue systems.

• How does it works? Define the main
objectives and the structure of the
different approaches

• What is the current state of the art
and what next? Provide a short overview
of futures directions to better adress
conversation tasks

Corpus & Evaluation:

• What kind of data? Overview of
dialogue corpus

• How to evaluate? Presentation of the
different evaluation approaches

What it is not covered here?
Details on all the approaches.
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Objectives : Application (and homework)

A task oriented system for restaurant
booking:

• Build a simple NLU model (we will explain
it later)

• Evaluate the different approaches

• Use a generative system to answer user
utterance
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Introduction

Objectives of a Dialogue Systems

• Provide a service to help users to fullfill a
task

• Specific knowledge (e.g. medical,
gathering informations, FAQ)

• Interact to complete a task with real
world implication (e.g. booking, agenda
etc..)

• Interract with the user in a sequential ways
(dialogue)

• Interract in natural language

Different terms for dialogue systems

• Conversationnal agent : implies an avatar
(animated agent)

• Dialogue System : interract with a system
(e.g. knowledge base, relationnal
database...)

• Chatbots and intelligent assistant : more
often used from application point of view
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Dialogue systems

Define two actors

• USER: An user (person) which interact
with the system. The user query the
system

• SYSTEM: The chatbot system detect the
intent of the user and answer accordingly

Concept definition

• utterance: text of a turn weither by user
or the system

• user intent: intention given by the user
(must be interpreted by the model) Figure 1: An example of dialogue in PVDial corpus

4/61



Dialogue systems

Define two actors

• USER: An user (person) which interact
with the system. The user query the
system

• SYSTEM: The chatbot system detect the
intent of the user and answer accordingly

Concept definition

• utterance: text of a turn weither by user
or the system

• user intent: intention given by the user
(must be interpreted by the model) Figure 1: An example of dialogue in PVDial corpus

4/61



Dialogue systems

Define two actors

• USER: An user (person) which interact
with the system. The user query the
system

• SYSTEM: The chatbot system detect the
intent of the user and answer accordingly

Concept definition

• utterance: text of a turn weither by user
or the system

• user intent: intention given by the user
(must be interpreted by the model)

Figure 1: An example of dialogue in PVDial corpus

4/61



Dialogue systems

Define two actors

• USER: An user (person) which interact
with the system. The user query the
system

• SYSTEM: The chatbot system detect the
intent of the user and answer accordingly

Concept definition

• utterance: text of a turn weither by user
or the system

• user intent: intention given by the user
(must be interpreted by the model) Figure 1: An example of dialogue in PVDial corpus

4/61



Dialogue systems : basics

Figure 2: Base concepts of a Dialogue system

A simple dialogue system:

• Analyse: Analysing the user utterence to
understant the user intent

• Act/decide: Select an action (e.g. query
a database), next information to
return(inform/clarify)

• Generate: Return textual information
about action/requeste of the users

Needs:

• A combination of different systems (not
always true, e.g. end-to-end system)

• Cover at least two differents objectives,
accomplish a task and chat with user
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Chatbot different approaches

Different kind of systems:

• Task-oriented systems: Help user to fullfill a task, obtain information on a specific topic
such as booking restaurant, specific medical advice...

• ChitChat/purely conversational systems: Finding the most natural reaction to an user
utterance and maintain engagement

• Question-answering systems: Help the user to find informations or answers to a
question (it can be document/facts or generated answers)

All those objectives can be combined !!!
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Task Oriented Dialogue
systems



Query a database:

• Query to get information from a database

• Update the database (e.g. to book a
reservation, register task in an agenda...)

Drawback
Not easy to interract for most people...
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Query the system:

• Query the system in natural language
(NLU system)

• The system will “transform”the query into
database instruction

Drawback
Answer can be difficult to interpret
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System Answer

• Translate the responses in natural
language

Drawback
Not able to understand context
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System Answer

• Consider dilaogue history
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Tasks Based dialogue systems

System:

• Provide a service, obtain specific
informations or help user for a task

• Query/update a structured database or a
knowledge base

Tasks exemples :

• Dialogue to maintain an Agenda

• Booking accomodations/restaurants

• Customer services

• Medical assistant

• ...

What do we need ?

• Understand what is the user goal (intent)

• Gather multiple turns informations related
to user task

• Act (filling a database), inform the user

• Answering in Natural language
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A classical Pipeline

Different Modules :

• NLU(understanding): Natural Language Understanding system. It’s objective is to
interpret user utterances and retrieve, classify or select the different information needed by
the system.

• DST(Dialogue Manager): Dialogue State Tracking. The objective is to keep different
information up-to-date (on multiple dialogue turns).

• Policy(Dialogue Manager): Selecting what to do, objective is to determine what actions
or information the user request. It is often related to the state where the decision is often
based upon it.

• NLG: Natural Language Generation aims to generate an answer based on dialogue
manager informations, it process the “system intent” to make it understandable by user.
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An exemple

Figure 3: Example of a dialogue from the MultiWoZ dataset (train booking) 14/61



The NLU task
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The NLU task : different subtasks

Objective:
Retrieve in utterance the relevant information:

• Domain

−→ HOTEL

• Intent −→ find_hotel

• Concepts:
• hotel-parking −→ yes
• hotel-area −→ east

Often a set of substasks:

• Detection/identification of :
• Domain (Multi-domain applications)
• Intention (Always)

• Concept detection:
• slot-type (class of the concept, what

kind of information)
• slot-value (value of the concept, what

value to store)

Early 2010s [DM11] it is highly related to the
development of statistical approaches
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The NLU task : Classify the intent

Formalisation
Let be ui and ci respectivelly the i th utterance
and ci the domain-intent associated to the
utterance. We define Dk :

Dk = [(ui , ci )|∀i ∈ N, i ≤ k]

Domains Identification

• Supervised Learning Classification

• The objective is to train a classifier using
past dialogue/intent (Dk).

What kind of classifiers?

• SVM (on BOW/TF-IDF/Word
embedding), Entity based . . .

• CRF, RNN, LSTM

• Transformer (BERT like) [WHSX20]
([CLS] classification)
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The NLU task: Slots

What is a slot
A slot is an information that we would store to better answer, it will additionnaly allow to
update the state.

exemple : “symptom” (slot name), “fever” (slot value)

Slots & slots value :
In most task based dialogue different slots can be defined. We can consider two types of slots:

• Categorical slots: The differents possible values for the slot is finite, but are not always
explicit in the text

Example → a day in a week (7 values from Monday to Sunday)

• Extractive slots: It correspond to an entity or a part that cannot be categorized in the
text such as most of named entities

Example 1 → a date (not recommended to categorize all posibilities)
Example 2 → a name of a place (e.g. restaurant, hotel, airport, ...)
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The NLU task: slot, an example

Slot Name Description Categorical

train-arriveby arrival time of the train FALSE
train-leaveat leaving time for the train FALSE
train-duration duration of the travel FALSE
train-departure departure location of the train TRUE
train-destination destination of the train TRUE
train-day day of the train TRUE
train-bookpeople how many train tickets you need TRUE
train-price price of the train FALSE
train-ref reference number of the train

booking
FALSE

train-trainid id of the train FALSE

Table 1: The different slots for the “train” domain in
MultiWoZ

In the NLU System :

• Extract part of the utterance
reffering to categorical slots

• Classify utterances or text
extracted to retrieve the different
categorical pair slots values (e.g.
mapping extracted value to
closest value in the dataset)
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The NLU task: slots, scheme example

Figure 4: An example of a scheme in MultiWoZ (restaurant domain)
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The NLU task: Slot filling (RNN/LSTM)

RNN:

• LSTM with moving average (and deep LSTM with stacked LSTM) [YPZ+14]

• Reccurent CRF [MDY+15] (+learning features)

• Bi-LSTM [GSR20] (comparison of different word embeddings)

21/61



The NLU task: Slot filling (Transformer)

Transformer approaches

• Joint Slot Filling and Intent Classification
[WDLX20]

• Comparison on the French Corpus Fine-Tunning a
CammenBERT model [GSR20]

Figure 5: Transformer block architecture
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The NLU task: Slot filling overall information

Other approaches

Other kind of approaches exists but are more rare today (today mainly based on transformers
models)

• Logic formula and λ calculus [vJY04]

• Regular expression [LBZR16]

• Context free grammar [GFG+95]

Joint Slot filling and Intent classification

Learning both in the mean time tends to improve performances (notice that some models
previously cited are joint models)
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The NLU task: SLU From audio (ASR/SLU)

Figure 6: Architecture of SAMU-XLSR
[KLG22]

ASR & SLU
An other approach consists in retrieving slot values
directly from audio.

• Automatic Speech Recognition transform audio to
texte

• Spoken Language Understanding interpret the
Language

Approaches:

• SAMU-XLSR [KLG22] (training ASR for semantic
analysis)

• Few-shot/zero-shot SLU [LPR+22]
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NLU

What are the approaches nowadays

• Mostly transformer classification approaches

• Some consider generative approaches (often DST
models in the mean time)

Direction

• Transfer for new languages and languages with low
ressources [CRS21] (multilingual corpus)

• Lifelong learning, learning new terms, concepts
during the dialogue [VRGB21]

NLU and DST:
Today most of the approaches does
not only base on an NLU (Intent +
Slot) approach, but also consider in
the meantime the DST and answer
generation !!!

• A simple review on slot filling
and intent classification [LL22]
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Dialogue Management



Dialogue Management
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Dialogue Management: in context

Understanding in context : multi-turn information
Intent user information rarely depends only on one utterance

• Gathering Information all along the dialog

• Eventually change and update this informations (slot type/value)

Figure 7: Gathering information for many utterances
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Contextualise

Understanding in context
Utterance make reference to previous one

• Some request are reffering to a previous utterance

• Finding what it reffered to (here arrival_time)
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Corresponding slot in the database

Transform slot values (entity linking)

• Different values extracted reffering to same entities

• Information expressed contextually, need to transform to use it (date, time...)
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Entity Linking

For entity linking mostly depends on the domain or the Database, different approaches can be
envisioned

• Distance between mentions and entities (token/entity)
• specific ontologies (for instance in medical domain)

Figure 8: The ReFinED approach for entity linking basing on the distance of contextual embedding
and both entity_type and description of the entity [ATF+]
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Contextual undertanding what approaches?
Often done by the Dialogue State Tracking

• Knowledge Based approaches [LBZR16]

• Neural Networks
• LSTM encoding jointly previous utterances

[HHW15]
• Memory Network [CHTT+16]
• Transformer with jointly encoded utterances (most

of today approaches) [CL19]
• Transformer based prompt (generative) [LCO21]
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DM : Dialogue state model

Dialiog State Tracking:
Provide a representation of what user want at each utterances [Hen15] :

• Using a set of slots type and value (see previous approaches)

• Using vector or frame (e.g one hot vector) [BA23]

• Update the information (the state vector or pairs of slots type/value)

Decision is then made on current state of the dialogues...

32/61



DM and Dialogue control

Objectives:
Dialogue control has to decide what is the next
step using the user input and the current state.
For instance :

• Asking new information (e.g. for booking
"number of peoples", "times" ...)

• Clarrify the the user’s input/intent

• giving information to the user

• update the KB or database

We call this set of information the Dalogue Act
(DA)
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DM and Dialogue control : Graph

Finite state automata

• Nodes represent the question of the
systems

• transition represent answers

• The graph specifies all legal dialogues

Pros and cons

• Limited number of interactions

• Used in simple tasks and structured
domain (few slots and number of values)

• Cannot manage complex dialogues states

(In the application we will use this kind of
approach!!!)
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DM and Dialogue control : Frame based

Frame-based approaches

• A frame is a set of slots (no constraint on
the utterance order of the user)

• Possible to have many frames as substasks
and more complex frames

How does it works

• A frame represents what the system has to
solve

• The slots are filled with values from user
utterance
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DM and Dialogue control : Policy Based and reinforcement learning

Reinforcement Learning
Learning to take decision/action

• Take a decision given a (dialogue) state

• State are modelled with
• MDP: Markov Decision Process [LPE00]
• POMDP: Partially Observable Markov

Decision Process [You06]

• use a reinforce strategy, dialogue policy
optimization

Pros and Cons

• Not necessarly need to review all
possibilities

• Data is needed
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DM and Dialogue control : End-to-end & Neural networks

Neural Approaches
Relatively a new kind of approach [WVM+16]

• Learn to map history/dialogue slots (on
previous and current utterance) to an
answer

• Hybrid approaches [WAZ17, HLLK19]

• Fully generative approach (feed with
history) [YLQ21](transformer)

Pros and Cons
Mostly the same as RL approaches

• Not necessarly need to review all
possibilities

• Huge amount of data is needed to train
(particularly for transformer)
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DM and Dialogue Control : Strengths and weakness

Rule based approaches
Often for Automata and frame based
approaches

Strength

• Easy to interpret

• Few data needed

Those approaches are mostly used in industry

Weakness

• May be difficult to maintain

• Long and time consuming to maintaining
rules (how to address most of possibilities)
for complex systems

Statistical and Neural approaches
For RL and Neural Networks

Strength

• Based on data (more natural response)

• Do not need to give explicitly the different
cases

Weakness

• Data needed (huge amount particularly for
end to end)

• Debugging and interpretation is often
difficult
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Generate
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NLG

Objectives:
Transform information returned by DM and generate an answer. Decide how to present the
newt utterances words.

• Take DM informations such next requested informations or confirmation (asked previously
by user)

• Decide how and what to say

Different approaches:

• Template based :
Exemple : You have a train leaving at $confirm_departure_value (using information of
the frame)

• Statistical Models such as Neural Networks such as Transformer models [PZL+20] (using
DA)
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Different ressources

Libraries and software

• RASA (create a conversationnal systems) a

• ConvLab2, Convlab3 b

ahttps://rasa.com/blog/attention-dialogue-and-
learning-reusable-patterns/
bhttps://github.com/ConvLab/ConvLab-3

Corpus and dataset (non-exhaustive)

• ATIS: Airline Travel Information Systems
(exists in multi lingual settings)

• MultiWOZ: a multi domain dataset
(accomodation, taxi, restaurant etc..) for
booking or requesting informations

• Microsoft Dialogue Challenge:
Multi-domain (movie-ticket, restaurant,
taxi)

• SNIPS: Multi-domain (alarm, weather...)

• PVDial : Medical dialogue (in french) a

ahttps://pvdial.limsi.fr/
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A small reminder

Task-oriented systems:
A task oriented dialogues syste is a complex system that
aims to provide specific informations an a subset of
domains. In most cases it rely on a KB or a relationnal
database where to find/update informations. The
pipeline require different components:

• (ASR) Automatic Speech Recognition

• (NLU) Natural Language Understanding

• (DM) Dialogue Management (state tracking and
dialogue control)

• (NLG) Natural Language Generation

• (TS) Text to Speech

Approaches:
For each componenents a variety of
approaches exists such as rules with
explicit domain knowledge or
statistical and neural
approaches(generative/extractive).
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Chit-Chat and Purely
Conversational Systems



Chit-chat Bot

Objectives:

• General conversation abilities

• Generate most appropriate reaction given
the context and the previous user
utterance

What is needed:

• Huge collection of dialogs
Figure 9: Extract of a dialogue for the Second
Conversational Intelligence Challenge [DLM+19]
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Contextualize word in sentence: Seq2Seq with RNN

Sequence to Sequence

Model a sequence to sequence task with RNN :
→ Use “many to one” variant to encode the input sequence
→ Use “one to many” variant to generate a new sequence

after

RNN
BLOCK

Cambridge

RNN
BLOCK

8:00

RNN
BLOCK

on

RNN
BLOCK

sunday

RNN
BLOCK

from

RNN
BLOCK

Sentence
representation
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Exemple of ChitChat Bots

Recurrent generative approach:
Essentially it is about learning to generate a sentence based on a given input sentence (and its
context) [SSB+16]
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Generative approaches for Task oriented systems

Using generative approaches for dialogue systems ?
→ Feeding the generator with context
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Task Oriented Systems : Evaluate NLU/State/DA

NLU/State/DA evaluation:
Does retrieved domain, intents and slots type/values correspond to what is expected?

• Domain, Intent Multiclass classification (mono-label) :

accuracy =
correctly predicted

number of predictions

• slot type/values Multiclass classification (multi-label)
• precision/recall

precision =
TP

TP + FP

recall =
TP

TP + FN

• F1-score
F1 = 2

precision × recall

precision + recall

for non categorical slot value use exact match? /use partial match?
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Evaluate Generation

Comparing the ground truth to generated text

→ Evaluate the number similar words/tokens
→ Evaluate the number of words tuples (n-grams approaches)

ROUGE Approaches

ROUGE approaches relies on different n-grams comparisons.
ROUGE-1 → common_word

total_unigrams

ROUGE-2 → common_bigrams
total_bigrams

ROUGE-L → longuest_common_subsequence
total_unigrams
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Evaluate Generation

Comparing the ground truth to generated text

→ Evaluate the number similar words/tokens
→ Evaluate the number of words tuples (n-grams approaches)

Limit
→ "listen to what we say"
→ "Just hear us out"
Both sentences should be similar !

→ no common words

49/61



Evaluate Generation

Comparing the ground truth to generated text

→ Evaluate the number similar words/tokens
→ Evaluate the number of words tuples (n-grams approaches)

Limit
→ "listen to what we say"
→ "Just hear us out"
Both sentences should be similar ! → no common words

49/61



Evaluate Generation

Comparing the ground truth to generated text
→ Take into account semantic

→ Use embedding based approaches (BERTscore)
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Evaluate Generation

Automatic evaluation
Evaluating simalirity with the ground truth :

• On tokens/words level: Counting the number of
similar words or “N-grams” (e.g BLEU, ROUGE,
METEOR)

• On embeddings level : Embed text and compare
embeddings (may takes into account synonyms)
such as the BERTScore

• Entity (between ground truth and generation)

Human evaluation
An example of evaluations approaches
[Tho21]

• Fluency

• adequacy/informativness

• grammatical correctness
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Exercise

NLU System

• ATIS/SNIPS/MEDIA dataset

• Detecting intent

• Slot filling

Create a joint Intent/slot filling system
Develop an RNN architecture for both
classification of intent and the
classification/extraction of slots

• Using word embeddings train with the
model

• Using pretrained words embedding

Generative System on MULTIWoZ

• Test a transformer model for generation

• Propose improvements

https://gitlab.dsi.
universite-paris-saclay.fr/thomas.
gerald/textminingandchatbot/-/tree/
main/tp/TP-1?ref_type=heads
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