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- Dialogue Systems have two primary dimensions: their task
completion ability and their conversational ability;

- The complexity of dialogue must be taken into account when
selecting resources, whether for building the system or
evaluating it.



- Why don’t we always collect real-life data suited for our task?
- What do we use instead?

- How do we evaluate our tasks?



Dialogue Data Collection



Recording Dialogue Data

- Participant recruitment: choosing relevant speakers, obtaining
consent
- Setup: defining environment (lab, online, in-the-wild) and tools
(audio, video, sensors)
- Observation effect:
> Recording or experimental tasks can distort natural dialogue
> Participants become self-conscious or adapt behaviour
- Task design:
» Constrains spontaneity
> Balances control and realism
- Multimodal capture:

> Adds richness (gesture, gaze, prosody)
> But raises privacy concerns - smaller datasets



Anonymity and Privacy

- Anonymising dialogue data is extremely challenging:

> Natural conversation includes names, places, personal details
» Linguistic style and voice can still reveal identity

- Open-domain data: impossible to fully anonymise casual
speech without altering meaning or flow
- Potential solutions:

> Synthetic or simulated data (e.g. crowd-sourced, scripted)
> Careful metadata filtering and access restrictions

- Tension between authenticity and ethical protection.



Dialogue Data Collection - Summary

- Recording conditions shape conversational behaviour.

- Experimental control often reduces naturalness.

- Multimodal data enriches analysis but increases collection and
privacy risk.

- Anonymity in open-domain data remains largely unsolved.

- Data collection in dialogue is a balance between realism, control,
and ethics.



Some Families of Resources



Dialogue Resource Example (1)

Al:

A5:

A7:

A9:

A11:

| 'am wanting to know more about the Cambridge Museum of Technology.
Sure, it's located in the centre area of town. The phone number is
01223368650. The entrance fee is 5 pounds.

What is the address, please.

The address is the old pumping station, cheddars lane. Did you want any
more information about the museum?

Yes, I need the entrance fee. | will also need a taxi to pick me up by 24:30.
| need the contact number and car type please.

The entrance fee is 5 pounds

Can you book the taxi for me at 24:30 leaving from the museum please. |
will need the contact number and the car type.

and what is your destination?

| will leave the Cambridge Museum at 24:30, going to the the Finches Bed
and Breakfast.

Your taxi has been booked. It will be a grey volvo and the contact number
is 07239297218.

Thanks so much. That is all | need for today. Bye.



Wizard of Oz Paradigm

- Principle:
> A human secretly plays the role of the system (the “wizard”).
> Participants believe they are interacting with an automated system.

- Purpose:

> Collect realistic task-oriented dialogues before a system exists.
> Often linked to database or information-retrieval tasks.

- Limitations:
> Interactions not fully natural - participants “play a role”.
» Methodological issue today: many corpora likely included in LLM
training - unreliable as evaluation data.



Dialogue Resource Example (I1)

I have one smalll rocket shaped tangram

do u have this?

0k, so let me try describing them by what the kinda remind me of. My picture
A looks like a square pacman, picture B is probably a cactus, and picture c
looks like a standing person

The closest to the rocket is B to me, but | don't think it is actually a rockets

I think a square pacman maybe

so its like you keep two rectangles on top of each other and shift any of them

a bit

so its like you keep two rectangles on top of each other and shift any of them
a bit

_----something like this

oops

hard to make

Are you describing a rocket or a pacman?

pacman

Pacman for me looks like a triangle with a rectangle on one side cut out (like
a mouth piece) and a small square inside that mouth (like something it eats)
ah yes this is there

for me



Task-Oriented Dialogues

- Purpose:

» Study collaboration and communication in specific tasks.
» Convenient to design and control.

- Common Tasks:

» Tangrams: developing shared references.
> Maze or map tasks: coordination and clarification.
» FEthical reasoning tasks: studying moral or pragmatic negotiation.

- Limitations:
> Task structure can distort the very features being studied.
> Limited generalisability to open-domain conversation.



Dialogue Resource Example (l11)

C'mon Daddy, listen to me! It's like, it's like, all
of my life, everyone has always told me, 'You're
a shoe! You're a shoe, you're a shoe, you're a
shoe!. And today | just stopped and | said, 'What
if I don’t wanna be a shoe? What if | wanna be
a- a purse, y'know? Or a- or a hat! No, I'm not
saying | want you to buy me a hat, I'm saying |
am a ha- It's a metaphor, Daddy!

You can see where he'd have trouble.

Look Daddy, it's my life. Well maybe I'll just stay
here with Monica.

Well, I guess we've established who's staying here
with Monica...



TV Shows as Dialogue Resources

- Examples:
> Friends, The Big Bang Theory: multi-party, dialogue-driven shows.

- Advantages:

> large scale, easily available.
> Rich multi-party interactions.

- Limitations:
> Scripted: not spontaneous speech (but transcript of the real
dialogue can be better).
> Dialogue thought for an external audience.
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Dialogue Resource Example (1V)

What faction would you pick for this home slice?

[ Picture of board game layout (five hexagonal tiles with space
background and planets)/
Clan of Saar, park over industrex, and pump out warsuns as soon
das you Can

I love this idea. Lock that bad boy up with chaos mapping. Use Lemus
to get floating factory 2 pain free. Plus blue red breakthrough
Had a buddy do that our first TE game about a month ago. Was
super effective and super annoying &
| can imagine. That planet sounds like a lot of fun. Haven't
played with it in the board yet

Or Park in the entropic scar (but be careful your docks dont
produce there) and research SD2 and then pump out a SD every
turn :D until you have war sun researched and switch to that



Social Media Conversations

- Advantages:

> Massive scale, public availability.
> Natural expression of opinion, emotion, and stance.

- Limitations:
> Written modality: lacks prosody and timing.
> Constrained by platform: character limits, thread structure.
> Demographic bias - not representative of all speakers.
> Ethical and licensing considerations.

- Takeaway: a distinct communication genre with its own
conventions.



Dialogue Resource Example (V)

. Crime dialogue .
B : Victim (Serious threats) A Perpetrator

A BZE U 273
(Is Gildong your friend?) w
dUL B S0l 220N SZE 0loP| £ ol ALE AH2I?
(Why are you talk about Hong Gildong here?)

A: G0l L{BHE| Y2 5H2| of8 Ok
(No half-measures from now on.) m

Foe  BEUHA /sts Al Sl

\ (What are you up to?)
A LE R SYECE Ut RLSO| FoL
OIA| M7I&712t 3HLEE-S ZO{OF 5H2] ed210]. O]
7|5/0 EZS0| 2Rt 2171212| B &4l sf2n
(1 said enough and you didn't listen Ea“b
pinkies. Let's check your friendship, hul ?{

AL B EUSS IO YRS

[ ] (Leave him alone!)
2

A OIC] 3 B3| £712t it Felne 7l o
of LI2£3]. Y HE 712t it GOl El70f?

(Let's see if you can say that after a f_ing]er is cut
off. Are you really okay without pinkies?)

Figure 1: Example from the KCDD dataset (Kim et al., 2024)
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Handcrafted Resources (e.g. DailyDialog)

- Advantages:

» No need for recording or transcription.
> Easy to target specific phenomena or domains.

- Limitations:
> Created by individuals or small teams - subjective, stylised.
> May not reflect genuine conversational dynamics.
> Quality and naturalness vary widely.

- Variants:

» Professional writers or actors produce more realistic dialogues.
> Some collect only next-turn completions or partial prompts.



Other Leads

- Translation: Cultural and politeness norms often do not transfer
— requires native expertise.

- Virtual Reality: Some well-known dialogue effects fail to
replicate in VR (Licking et al., 2025); context changes behaviour.

- LLM Generation: Circularity problem - LLMs trained on prior
data generating new “synthetic” dialogue — harder to evaluate
authenticity.

16



Why Resources (Still) Matter

- Evaluation is increasingly difficult: Many public corpora already
absorbed by large models - contaminated benchmarks.

- Creating new, high-quality data remains crucial:

> Independent evaluation sets;
> Datasets that reflect current conversational practices.

- Studying real data can helps recognise synthetic text.

= Reliable resources underpin progress and trust in dialogue
research.



Some Common Tasks




What we actually work on in the dialogue world

Generative Systems

Corpora

Modelling & Analysis

Language Model Evaluation
Socio-Pragmatic Understanding
Leveraging Conversation
Specific Fields

Summarisation

Lone Papers

Figure 2: Distribution of dialogue related
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Dialogue Act Classification

- Description

> Support task: Predicting the communicative function of each user
or system utterance (e.g. question, request, acknowledgement).

- Use?

» Fundamentally supports dialogue management.

> Provides structured understanding of conversational flow.
- Training Data Needs

» Utterances annotated with dialogue act labels.
> Multi-turn conversational context.

- Evaluation

> Task: accuracy, F1-score on act labels.
> Conversational:
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Conversational Search

- Description
> Interactive search where the system clarifies needs, refines
queries, and guides users to relevant information.
- Training Data Needs

> User queries and reformulations.
> Dialogue turns with clarification questions.
> Relevance labels for retrieved items.

- Evaluation

> Task: ranking quality (NDCG, MRR), Recall@k, success rate.
» Conversational:

Ideally: quality of clarifications, coherence, initiative handling;
In practice: none or semantic similarity with reference

20



Conversational Recommender Systems

- Description

> Dialogue systems that recommend items (movies, restaurants, etc.)
while eliciting user preferences interactively.

- Training Data Needs

» User-item interactions and preference annotations.

> Dialogues containing constraints, critiques, confirmations.
- Evaluation

> Task: hit-rate, recall@k, recommendation accuracy.
> Conversational:

Ideally: turn efficiency, naturalness, user satisfaction,...;
In practice: none or lexical variety between user and system (Dist-n).

21



Persona-Based Dialogue Systems

- Description
> Systems designed to display a specific personality/behaviour
throughout dialogue.
- Applications
> Casual conversations;
> Empathetic conversations;
> Persuasive conversations.
- Potential issues / risks

> Increases the impression that these systems have sentience / can
replace a human being for emotional counselling;

> Should we really attempt to build replacements for human beings
or aim for a society where isolation is not solved with robots?

22



A few great/original/fun tasks
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yet,
of conversation is stillin its infancy. Here, we introduce a Iavge, novel, and o corpus of 1656 conver-
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spalen English. This 7 millon word,850-hour corpus otas more than 1 terabyte of o, e 42 CC 314G
ent measures of vocal, facial, and semantic expression, together
Sureey of speakers' posteonversation refiections. By taking advantage of the considrable

scope e corpus, we explore many examples of how this large-scale public dataset may catalyze future re-

ened in the study of conversation.

INTRODUCTION
Conversation hardly needs .mmmuuon e uniquely human act
eration that requires exquisite coordination across many

levels of cogaiton (14, It s the seat of anguage acquisition (5
Its turn-taking system emerges early in development (6, 7) and
hows parallels in nonhuman primates and other animals (8, 9).
It is how group members absorb and transmit culture (10, 11). It
is the primary tool that humans use to form and maintain their
social relationships (12, 13). It has a substantial impact on
people’s mental and physical health (14, 15), and more recently,
generative models of conversation have emerged as a major mile-
stone in artificial intelligence (16-18).

pite its centrality, conversation's complexity has hampered
its empirical study: Conversation is characterized by a strong
degree of interdependence between speaking partners, in which
one's words and behavior are adjusted rapidly in response to what
one’s partner is doing; conversation is staggeringly multimo
volving information transmission across linguisti, paralinguisti
and visual channels simultaneously; and last, conversation is
highly contextualized, in which people play certain social roles,
pursue specific goals, and negotiate status and power hierarchies.
In turn, this complexity presents numerous scientific challenges,
from operationali o measurement to statistical modeling.
However, here, we demonstrate that recent technological advances
have begun to offer solutions to these challenges, placing previously
inaccessible research questions within reach and offering consider-
able opportunity for interdisciplinary collaboration.

Historically, progress on conversation research has been cata-
Iyzed by large public datasets, such as the Map Task Corpus (19),
the Switchboard Corpus (20), or newer multimodal datasets, such
as the MELD (21, 22) and OMG-Empathy datasets (23) [for a
review, see (24)]. While these datasets have advanced conversation
science, none includes a large sample of naturalistic conversation,

scholars from a variety of fields appear increasingly inter-

with full audio and video recordings, together with speakers’ de-
l.nlu.( postconversation reports.

d such a dataset of 1656 unscripted conversations
ove video chat that comprise more than 7 million words and
850+ hours of audio and video. Overall, our corpus includes
more than 1 terabyte of raw and processed recordings. The
corpus draws on a large and diverse sample of participants, aged
19 10 66, from all over the United States. Participants were paired
using an automatic matching algorithm of our own design and
were simply ave a conversation with one another
foratleast 25 min, although many talked for much longer. The con
versations occurred during 2020 and, thus, offer a unique perspe
tive on one of the most tumultuous years in recent history, including
the onset of a global pandemic and a hotly contested presidential
election. The corpus is among the largest multimodal datasets of
naturalistic conversation, which we refer to collectively as the
CANDOR corpus (Conversation: A Naturalistic Dataset of Online
Recordings).

L

¢ data alone are not sufficie
study of conversation. In other domains, growth in computational
power, the use of crowdsourcing platforms, and technological a
vances in machine learning, e.g. language and signal-processing al-
gorithms such as Word2Vec, BERT, and ResNet, have proven to be
Yet another catalyst of scientific advancement, enabling discovery
and inference at scale (25-29). In this spirit, we applied an elaborate
computational pipeline to quantify features of conversation such as
overlaps and pauses, second-by-second variation in facial features,
and full transeripts with accompanying prosodic characteristics of
speech. Last, we collected a batery of psychological measures from
the participants, including trait-level measures such as personality,
as well as people’s opinions about their conversation partner an
their feelings about the overall conversation.

Jlore the corpus in five sections. Fi

st, we use the corpus to
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A few great/original/fun tasks

A Concept Based Approach for Translation of Medical Dialogues
into Pictographs

Johanna Gerlach', Pierrette Bouillon', Jonathan Mutal' and Hervé Spechbach?
" TIM/FTI, University of Geneva, Geneva, Switzerland
2 HUG, Geneva University Hospitals, Geneva, Switzerland
{johanna.geriach, pierrette.bouillon, jonathan.mutal)@unige.ch
herve.spechbach@hcuge.ch

Abstract

Pictographs have been found to improve patient comprehension of medical information or instructions. However,
tools to produce pictograph representations from natural language are stil scarce. In this contribution we describe a
system that automatically translates French speech into pictographs to enable diagnostic interviews in emergency
settings, thereby providing a tool to overcome the language barrier o provide support in Augmentative and
Alternative Communication (AAC) contexts. Our approach is based on a semantic gloss that serves as pivot
between spontaneous language and pictographs, with medical concepts represented using the UMLS ontology. In
this study we evaluate different available pre-trained models fine-tuned on artificial data to translate French into this
semantic gloss. On unseen data collected in real settings, consisting of questions and instructions by physicians,
the best model achieves an F0.5 score of 86.7. A complementary human evaluation of the semantic glosses
differing from the reference shows that 71% of these would be usable to transmit the intended meaning. Finally,
a human evaluation of the pictograph sequences derived from the gloss reveals very few additions, omissions or
order issues (<3%), suggesting that the gloss as designed is well suited as a pivot for translation into pictographs.

medical ication, pre-trained models, UMLS

"La douleur abdominale est plus forte aprés manger ?*
(Is the abdorminal pain stronger after eating?)

Utterance paraphrasss ;Quand Vous mangez, aprés ca fait plus mal dans le ventre?"

(When you eat, does it hurt more in your stomach afterwards?)
"Est-ce que vous avez plus mal au ventre aprés les repas 7"
(Do you feel more pain in your stomach after meals?)

Semantic gloss You | Eating | Causes | Increase | Pain | Abdomen | Question

|
gt ﬁﬁ%@‘o - 1?7 3




A few great/original/fun tasks

O i Faithful G

Nathaniel Weir' Ryan Thomas®

of Non-Player Character Dialogues

Randolph d’Amore?  Kellie Hill

enjamin Van Durme'?  Harsh Jhamtani®
"Johns Hopkins University 2Microsoft
nweir@jhu.edu, hjhantani@microsoft.com

Abstract

We introduce a language generation dataset
‘grounded in a popular video game. KNUDGE
(KNowledge Constrained User-NPC Dialogue
GEneration) requires models to produce trees
of dialogue between video game characters
that accurately reflect quest and entity speci-
cations stated in natural language. KNUDGE
is constructed from side quest dialogues drawn
directly from game data of Obsidian Entertain-
ment’s The Outer Worlds, leading o real-world
complexities in generation: (1) utterances must
remain faithful to the game lore, including char-
acter personas and backstories; (2) a dialogue
must accurately reveal new quest details to the
human player; and (3) dialogues are large trees
as opposed to linear chains of utterances. We
reportresults for a set of neural generation mod-
els using supervised and in-context leamning
techniques; we find competent performance but
room for future work addressing the challenges
of creating realistic, game-quality dialogues.

1 Introduction

Player interactions with non-player characters
(NPCs) in role-playing games (RPGs) often
serve to flesh out backstories while allowing the
player to progress through engaging quest story-
lines (Onuczko et al., 2007). Figure 1 shows a
dialogue turn, taken from The Outer Worlds (Ob-

Figure 1: An example non-player character (NPC) dia-
logue from The Outer Worlds by Obsidian. NPCs must
speak faithfully to a granular ontology of quest specifi-
cations and game lore.

NPC says D, which is important for completing
the quest....) and to serve a storytelling role, es-
pousing details to the player about the game world
NPC interactions often take the form of complex
trees that can have dozens of nodes, and creating
these branching structures according to the many
e e LS
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A few great/original/fun tasks

of i D in ports
Takeru Isaka, Atsushi Otsuka, Yoko Tokunaga® , Iwaki Tosima
NTT Digital Twin Computing Research Center
Tokyo Japan
{takeru.isaka, atsushi.otsuka, iwaki toshima}@ntt.com
Abstract
Clarifying the effects of subjective ideas on group performance is essential for future dialogue systems to improve
utua understaning among humans and group reaivly. However,here has ean e focus o dalogue fsearch
on quantiatively analyzing the effects of the quality and quantity of subjective information contained in dialogues
on g pericrmance. e ypothesize fut e maresujectve frmaon Isccors exchurge, the bater re
rivers and engineers in motorsports when
deciding how the car should be tuned s a suitable case to venfy this hypothesis. Our analysis suggests that the
greater the amount of subjective information (which we efined as *sensation’) in the driver's utterances, the greater

the race pevvormancu and diver satisaction with the car's tuning. The resuls ndicate that

is essential for the

developmer

ituations that reay through collaboration

among sxpens with diferent hankgmunds but who have mastered their respective fields.

Dialogue, Group
1. Introduction

Humans are social creatures and share their inner-
most thoughts through dialogue. The active use of
subjective ideas is essential to develop a dialogue
system that improves mutual understanding and
creativity among humans. Since subjective ideas
often contain ambiguity, it is conceivable that poor
comprehension conditions could lead to confusion
or misdirection within the group. Understanding
subjective information is also more difficult when
the positions and roles of the i differ.

their cars under extreme conditions (Reid and Light-
foot, 2019; Reid, 2022), under which the maximum
speed of the car can reach over 300 km/h. They ex-
hibit different neuroscientific (Bernardi et al., 2013),
cognitive (Land and Tatler, 2001; Lappi, 2022), and
sensorimotor (Van Leeuwen et al., 2017; Nishizono
etal., 2023) characteristics while driving than non-
racing drivers. They can understand the increase
or decrease in lap time in 0.05-5 increments, de-
pending on how good or bad their driving is .

The malugue we focus on has the following four

rom the i

Therefore, we examined the effect of conveying
subjective ideas among people in different posi-
tions and roles on group performance during col-
Iaborative worl

For such verification, it is essential to have a
dialogue resource where several people collabo-
ratively work and actively express their subjective
ideas for solving problems that cannot be solved
from objective facts alone. An example of such a
rare dialogue is hetween drivers and engineers in

‘can be replaced wnn race Der!nrmano& Motorsport

of research exe-
cution.

+ High Resolution - High-resolution sensations
that cannot be expressed through basic emo-
tion classification are expressed.

+ Reproducibility - The same person has the
same feeling when placed in the same situa-
tion. - Drivers and engineers are consistent in
their utterances as experts.

+ Evaluability - Some indicators can be used to
eevaluate the results of sensation transfer objec-
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Dialogue Evaluation




Semantic Similarity Metrics

- Common metrics:

> BLEU, ROUGE, METEOR - compare surface forms (n-gram overlap);
> BERTScore, BLEURT — capture semantic proximity via embeddings.

- Advantages:
> Quick, automatic, reproducible.

- Limitations:
> Do not account for interactional dynamics (turn-taking, grounding,
etc.);
> Surface similarity # good conversational response.

24



LLMs as Evaluators

- Advantages:

> Scalable, cost-effective;
> Virtually infinite set of aspects can be evaluated.

- Limitations:
> Validation of one feature (e.g. fluency) does not generalise to
others (e.g. coherence, engagement);
> Extrinsic evaluation.

- Open Questions:

> Representation: whose language and norms are reflected?
> Transparency: training data contamination and circular testing.

25



Human Intrinsic Evaluation

Ask users to provide feedback while/after using the system:

- Advantages:
> As close as possible to the actual use of the system;
> Multiple features can be evaluated (both task- and conversation
related).
- Limitations
> Expensive (time and money);
» Requires clear definitions and formalised evaluation schemes;
> Ethical considerations w.rt. crowdwork platforms (Amazon
Mechanical Turk).

26



Human Extrinsic Evaluation

Ask human evaluators to rate a dialogue:

- Advantages:
» Can have an intuition of the actual use of the system;
> Multiple features can be evaluated (both task- and conversation
related).
- Limitations:
> Expensive (time and money);
» Requires clear definitions and formalised evaluation schemes;
> Ethical considerations w.rt. crowdwork platforms (e.g. Amazon
Mechanical Turk).
- Open question: Are humans really good at extrinsic evaluation?
> Lack of exposure to conversation transcripts;
> Good adaptation capability.

— Parallels with psychological test design: reliability and bias
control.

27



The PARADISE Framework

- Principle:
> Model-based evaluation framework (Walker et al., 1997) for
task-oriented dialogue systems.
> Predicts user satisfaction from measurable features.
- Core Idea:
> Dialogue quality = Task success + Conversational efficiency.

» Efficiency measured via dialogue costs: time, number of turns,
repair rates, etc.

- Limitations:
> Suited to structured, goal-oriented systems - less to open
dialogue.

> Not initially designed for subjective and social aspects of
conversation.

28



The PARADISE Framework

Maximise user satisfaction

Maximise task success Minimise costs

number of utterances, repairs, inappropriate
dialogue time, ... utterance ratio, ...

Graph from the original PARADISE papers (Walker et al., 1997)

Qualitative measures

Kappa (task attribute XXX)

29



The PARADISE Framework - Performance function (simplified)

P=axd+Y w*di
/'

- &: task efficiency
- {: costs (as many as you want)

- «a, W weights to estimate with real user provided performance
values

30



The PARADISE Framework - Task efficiency

Example

Al: Hello, I would like to order a Toasted sandwich please.
B2: Sure, medium or large?

A3:  Medium.

B4:  Where would you like to pick it up?

A5: At ARTEM please.

B6: No problem, what time?

A7: 12:30

B8: Noted. A at for . Thank you!

31



The PARADISE Framework - Task efficiency

Example

Al: Hello, I would like to order a Toasted sandwich please.
B2: Sure, medium or large?

A3:  Medium.

B4:  Where would you like to pick it up?

A5: At ARTEM please.

B6: No problem, what time?

A7: 12:30

B8: Noted. A at for . Thank you!
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The PARADISE Framework - Task efficiency

Key
Sandwich Size Location Time
Data V4 \/2 \/3 Vq V2 Vq \/2 \/3 \/4 V4 \/2 \/3

V4 23 2 1 0 0 0 0 0 0 0 1 1
Vs, 2 100 3 0 0 0 0 0 0 0 0 0
V3 1 2 15 0 1 1 0 0 1 0 0 0

Vi 0 0 0 45

w
o
o
o
o
o
o
o

\%3 1 0 0 1 18 0 0 0 0 0 0 0
' 0 0 0 0 0 22 0 1 5 0 0 0
Vo 0 0 0 0 0 0 4 2 0 0 0 0
V3 0 0 0 2 0 0 0 21 O 0 0 0
Vy 0 0 0 0 0 4 0 0 9 0 0 0
Vi 0 0 0 0 0 0 0 0 0 15 1 3
Vs, 0 0 0 0 0 0 0 0 0 1 24 1

V3 0 0 0 0 0 0 0 0 0 4 1 18

Sum | 27 14 19 | 48 22 | 27 4 24 15 | 20 27 23
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The PARADISE Framework - Cost functions

Dialogue Length  Repairs
Al: Hello, I would like to order a Toasted sandwich please. 1 0
B2: Sure, medium or large? 1 0
A3: Medium. 1 0
B4: Where would you like to pick it up? 1 0
A5: At ARTEM please. 1 0
B6: No problem, what time? 1 0
A7: 12:30 1 0
B8: Noted. A large toasted at ARTEM for 12:30. Thank you! 1 0
A9: Actually | asked for a medium one. 1 1
B10:  Oh sorry, medium toasted at ARTEM for 12:30. 1 1
Sum: 10 2/10
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The PARADISE Framework - Let's try it

- Our task: Order a sandwich to
pick-up from one of the
MadelnFrance restaurants in
Nancy.
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The PARADISE Framework - Let's try it

- Our task: Order a sandwich to
pick-up from one of the
MadelnFrance restaurants in
Nancy.

- Our attributes:

Attribute Possible values

sandwich 88, Toasted, Salmon
size medium, large
pickup point St-Epvre, Velodrome, ARTEM, St-Georges
pickup time  11:30, 12:00, 12:30

33



The PARADISE Framework - Let’s try it

Dialogue 1

Al: Hello! | would like to order a sandwich please.

B2:  Sure! What sandwich would you like?

A3: Uh, an 88 please, and in medium size.

B4:  Okay where do you want to pick it up?

A5: Uh... At Velodrome.

B6:  Ohbut!'msorry you can't do this, its under construction
right now.

A7:  Ah okay. So at ARTEM please.

B8:  Okay and when do you want to pick it up?

A9: At 12:00.
B10: Okay so we have a medium 88 at 12:00 at ARTEM. Thank
you!

A11: Thank you, bye.
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The PARADISE Framework - Let’s try it

Dialogue 2

Al: Hi!' I'm Bob, | would like to order a sandwich.

B2:  Sure what sandwich would you like?

A3: Do you have one without cheese?

B4:  Hum we have the 88 and the salmon.

A5:  So I'll take an 88.

B6:  Okay. What size do you want? We have medium and
large.

A7: Uhm medium.

B8:  Where do you want to pick it up?

A9: Uh is ARTEM possible?

B10: Yes sure.

A11: So at ARTEM. | would like to pick it up at 11:30.

B12: Alright noted. A medium 88 at ARTEM at 11:30.
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The PARADISE Framework - Let’s try it

Dialogue 3
Al: Hello, do you have toilets?
B2: I'm just receiving the orders for the different restaurants in town. But
they have toilets accessible from outside at St-Epvre.
A3: Okay. Good good good. What is the cheapest sandwich?
B4: We have the toasted sandwich.
A5: What?
B6: Toasted.
A7: What's inside?
B8: Cheese and... cheese.
A9: Okay. Uhhh. Okay. I'll take that please.
B10:  What size do you want?
Al11l: | want the cheapest sandwich.
B12:  Medium then. Where do you want to pick it up? It's the same price.
Al13:  St-Epvre.
B14:  Okay when do you want to pick it up?
A15:  Assoon as possible.
B16:  Alright, a med-
Al17: [Thank you bye.
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The PARADISE Framework - Let’s try it

Dialogue 4

Al:  Hi! | would like to order a sandwich. | would like a
salmon sandwich size medium, and | would like to pick
it up at 12:00 at St-Georges please.

B2: Okay good, do you want anything else?

A3:  No thank you.

B4: Okay, medium salmon, St-Georges, 12:00. Thank you.
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The PARADISE Framework - Let’s try it

Dialogue 5

Al: Hello, do you sell pizzas?

B2: Hi. No we only have sandwiches, do you want to order
one?

A3:  No thank you. Bye.

B4:  Bye.
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The PARADISE Framework - Let’s try it

Dialogue 6

Al: Hello, I'd like @ medium salmon sandwich please.
B2: Which location would you pick it up from?

A3: St-Georges.

B4: And the pickup time?

A5:  11:30.

B6: Got it, salmon sandwich at St-Epvre at 11:30.
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The PARADISE Framework - Let’s try it

Let's grade them!
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banner
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The PARADISE Framework - Let’s try it

Test Dialogue

Al: Hi, I'd like a toasted sandwich.
B2: Sure! Which pickup point would you like?

A3:  ARTEM.
B4: And at what time?
A5:  12:30.

B6: Okay, toasted sandwich at ARTEM at 12:00.
A7: Actually | said 12:30.
B8: Oh my apologies! Toasted sandwich at ARTEM at 12:30.

1. Task efficiency?

2. Costs (length, repairs)?
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The PARADISE Framework - Limitations

- Expensive:
> Requires initial fitting corpus;
> Requires human performance evaluation.
- More realistic model — more cost functions — larger fitting
corpus;
- Method to get human performance grade?

> One global grade — meaning?
> Several sub-grades — combination?
= In the end we still don't know what humans really grade.
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Comparing Evaluation Approaches

Advantages

Limitations

Fast, automatic,
reproducible

Ignores interaction,
context, and intent

Easy to scale, often
multi-metric

Bias, lack of
transparency, unclear
what “good” means

Use-based, closer to
actual in-interaction
perception

Costly, requires a lot
of time and
organisation

Rich insights, possible
links to real dialogue
theory

Still costly, reflects
subjective perception
of what a dialogue
should be

Approach Focus
. Textual overla
Semantic . p/
A embedding
Similarity R
similarity
LLM Bench- .

Virtually an
marks IndBUgy Gty
Human
Intrinsic Virtually any:

Evaluation coherence,
- grammar,
Human interaction,
Extrinsic engagement,
Evaluation empathy, ...
Task success +
PARADISE efficiency (user

satisfaction model)

Quantitative,
interpretable
(somewhat)

Costly, limited to
structured tasks, cost
functions not always

so simple
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Conclusion




Summary

- Dialogue evaluation remains a major open challenge:

> Current automatic (non LLM-based) metrics capture form, not
function;

» Precise definitions of dialogue features are necessary to build
reliable evaluation methods...

> Itis all the more important when using opaque evaluators such as
LLMs to make sure that we evaluate what we wanted to;

» But this point is also valid for human evaluation.

- LLMs create a new data issue:

» No matter how good a resource is, it will be absorbed by the
fast-evolving models and will no longer serve as a clean
benchmark for future evaluation;

> This calls for new efficient resource collection methods.
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Overall Take-home Message

- Dialogue systems are spreading everywhere for many kinds of
tasks... including many we can perfectly solve without dialogue
systems.

- Building a good quality dialogue system calls for:
> Assessing actual needs to precisely define expectations and
requirements;
> Finding relevant inspiration/training resources;
> Building evaluation approaches that reflect real expectations and
use.

- This requires to have an idea of what a good conversation is in a
given situation...
» But there is no established reference point for this yet.
> We do not have a formalised, widely accepted evaluation
framework - everyone does their own thing, often without
verifying that the evaluation actually measures what matters.
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