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Weeks 42 and 43

• The lectures on dialogue systems will be done remotely, through a series of 
shorter videos

• Don’t hesitate to reach out to me (plison@nr.no) or on our Discourse channel 
if you have any questions! 

Plan:
• Video 1: intro, basic chatbot models 
• Video 2: retrieval and generative models
• Video 3: dialogue management
• Video 4: system development and evaluation
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Quick recap

input signal
(user utterance)

output signal
(machine utterance)

User

Language 
Understanding

Generation / 
response selection

Representation of user intent                              
(discrete category, embeddings from LLM, etc.)
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Quick recap

• NLU-based chatbots frame “language 
understanding” as a text classification problem

• Mapping from user inputs to predefined 
intents (and slots)

• The intents are associated to handcrafted 
system responses

+

-

Fine-grained 
control of the 
dialogue flow

Somewhat rigid 
dialogue behaviour

Time-consuming to 
collect & annotate 
dialogue data

Can we build dialogue models that can be trained from “raw” 
dialogues (i.e. without needing to annotate user intents)?



Outline

• Information-Retrieval (IR) models

• Generative models



Information-Retrieval models

= data-driven approach where the 
chatbot selects a response               
based on a dialogue corpus

Key idea:
• Given a user input q, find the 

utterance t in the corpus that is 
most similar to q

• Then return as response the 
utterance r that directly follows t 
in the corpus 

1."Did you see the new policy?"
2."Yes, skimmed it this morning."
3."Thoughts on the flex hours?"
4."Quite beneficial for work-life balance."
5."Agree. And the remote work rules?"
6."A bit strict but necessary."
7."Might affect teamwork, don’t you think?"
8."Yes, regular virtual catch-ups could help."
9."Should we propose that soon?"
10."Definitely, in our next team meeting."
11."What about the new training modules?"
12."They seem thorough, perhaps too long."
13."Maybe suggest a condensed version?"
14."Good idea, especially for seasoned staff."
15."I’ll draft something for our feedback.“
16.…

Dialogue corpus

User input q: “what do you think 
about rules for remote work?” 

Selected 
response r



IR models

How to determine which utterance in the training corpus is «most similar» to the 
actual user input?

 Cosine similarity over some vectors

The vectors can be e.g. TF-IDF 
weighted words …
(=sparse retrieval)

Or document embeddings 
(=dense retrieval)



Example
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Corpus:
1. hei !

2. hei ! har du det bra ?

3. ja , hva med deg ?

4. bare bra  

5. har du spist ?

6. ja

bare

bra

deg

det

du ja har

hei

hva

m
ed

spist

, ! ?

1 1

1 1 1 1 1 1 1

1 1 1 1 1 1

1 1

1 1 1

1

TF vectors:
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Corpus:
1. hei !

2. hei ! har du det bra ?

3. ja , hva med deg ?

4. bare bra  

5. har du spist ?

6. ja

bare

bra

deg

det

du ja har

hei

hva

m
ed

spist

, ! ?

.48 .48

.48 .78 .48 .48 .48 .48 .48

.78 .48 .78 .78 .78 .48

.78 .48

.48 .48 .78

.48

TF-IDF vectors:

New user utterance q: "går det bra med deg?"

.48 .78 .78 .78 .48TF-IDF vector:
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bare

bra

deg

det

du ja har

hei

hva

m
ed

spist

, ! ?

.48 .48

.48 .78 .48 .48 .48 .48 .48

.78 .48 .78 .78 .78 .48

.78 .48

.48 .48 .78

.48

.48 .78 .78 .78 .48

1.  

2.  

3.  

4.    

5.  

6.  

0

1.07

1.45

0.23

0

0

0

0.50

0.56

0.17

0

0
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0

0.50

0.56

0.17

0

0

Corpus:
1. hei !

2. hei ! har du det bra ?

3. ja , hva med deg ?

4. bare bra  

5. har du spist ?

6. ja

New user utterance q: "går det bra med deg?"

•  The utterance closest to q in 
our corpus is utterance 3: « ja, 
hva med deg?»

•  the system should choose as 
response utterance 4

System response: "bare bra"



Dual encoders

Another type of IR-based chatbots

We compute here the dot product between the user 
input (called "context") and a possible response

Where       are       you     ?

Over        there     !

Utterance encoder (context)

Utterance encoder (response)

Dot product uc 
∙ urur

uc

(= score expressing 
how good/appropriate 
the response is for 
the given context)



Dual encoders

Where       are       you     ?

Over       there      !

Utterance encoder (context)

Utterance encoder (response)

uc ∙ urur

uc

Typically based on transformer-
based encoder LLMs (BERT and co)

The two encoders often have shared layers, apart 
from a last transformation step that is specific for 
the context or response



Dual encoders

Dual encoders are trained with both positive and negative 
examples:
• Positive : actual consecutive pairs of utterances 

observed in the corpus  output=1
• Negative: random pairs of utterances  output=0

Where       are       you     ?

Over        there     !

Utterance encoder (context)

Utterance encoder (response)
σ(uc ∙ ur)ur

uc

We can add a sigmoid 
function to compress the 
score into the [0,1] range

σ(x) = 𝟏𝟏
𝟏𝟏+𝒆𝒆−𝒙𝒙



Outline

• Information-Retrieval (IR) models

• Generative models
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Generative models
• IR models select a response among the ones                                                              

found in the corpus

 In other words, they can never produce                                                                          
a “new” response

• An alternative is to use an LLM to generate the response token-by-token

• Using an encoder-decoder model, like in MT, with both                                      
self-attention and cross-attention

• Or with a decoder-only model, like GPT Dominant approach nowadays 
(using large, pretrained LLMs)
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Generation process

Initial 
embeddings

Embeddings 
after one layer

……… …

Final 
embeddings

(after N layers)
…

Distribution over next tokens:

When         is         ...        open         ? 

P(The) = 0.4
P(It)=0.23

…

(end of turn)

<eot> 

P(recycling) = 0.8
P(station)=0.14

…

The



19

Input format

• The input to the generative model should include everything that is relevant 
for producing a correct response:

• A system prompt specifying how the system should answer
• Other contextual information (like the current date)
• The history of previous dialogue turns (both user and system)

• Special tokens often used by LLMs to structure this input:

Special 
tokens for 
Llama 3.1: 
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External resources

• Dialogue systems often need to connect to external resources, such as:
• Structured databases that can be queried and updated
• Web services available through an API
• Sensors and actuators (for robots and physical interfaces)

 Solution: Have 
the LLM produce 
output such as 
SQL queries, API 
or function calls
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Adherence to quality criteria

• We must ensure the system responses satisfy a number of criteria, such as 
providing informative and relevant answers, not being offensive, not                                                   
repeating misinformation, remaining politically neutral, etc.

• The exact criteria will depend on the application

• How to ensure our conversational system will adhere to those criteria?
• Fine-tuning on “good examples” of answers
• Preference optimization from expert ratings
• Moderation layer that can “flag” outputs                                                                     

that do not meet the criteria
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Adversarial dialogues

Many users will intentionally try                                                                                      
to “break” the dialogue system:

• Jailbreaking
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Adversarial dialogues

Many users will intentionally try                                                                                      
to “break” the dialogue system:

• Jailbreaking
• Prompt injection
• …

LLMs are also vulnerable to a wide range                                                              
of attacks: backdoors, data poisoning,                                                  
leakage of personal information or copyrighted material, etc.

Developers of conversational interfaces must always 
consider how their system may be abused or attacked
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Reasoning abilities

• Some dialogue applications (like tutoring systems) require the system to 
perform some form of reasoning before providing an answer

• How good are LLMs at tasks requiring reasoning skills?
• Active research topic with sometimes conflicting results
• LLMs are experts at pattern-matching, also at abstract levels
• But they also rely a lot on memorization, which mean they will excel on 

“familiar” problems, and struggle on novel ones
• Better at inductive than deductive reasoning
• Catastrophic reasoning failures may happen

Mirzadeh, Iman, et al. "GSM-Symbolic: Understanding the 
Limitations of Mathematical Reasoning in Large Language 
Models." arXiv preprint arXiv:2410.05229 (2024).

Cheng, Kewei, et al. "Inductive or Deductive? 
Rethinking the Fundamental Reasoning Abilities of 

LLMs." arXiv preprint arXiv:2408.00114 (2024).
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Upcoming lectures

• 2 new lecture videos new week:

• Dialogue management (including a bit 
of linguistics on some basic properties 
of human-human dialogues)

• System development and evaluation

• In two weeks (November 4), we will resume 
our physical lectures at IFI
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