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Recap’

• 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.
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Today

• Why don’t we always collect real-life data suited for our task?
• What do we use instead?
• How do we evaluate our tasks?
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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
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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.
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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.
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Some Families of Resources



Dialogue Resource Example (I)

A1: I am wanting to know more about the Cambridge Museum of Technology.
B2: Sure, it’s located in the centre area of town. The phone number is

01223368650. The entrance fee is 5 pounds.
A3: What is the address, please.
B4: The address is the old pumping station, cheddars lane. Did you want any

more information about the museum?
A5: Yes, I need the entrance fee. I will also need a taxi to pick me up by 24:30.

I need the contact number and car type please.
B6: The entrance fee is 5 pounds
A7: Can you book the taxi for me at 24:30 leaving from the museum please. I

will need the contact number and the car type.
B8: and what is your destination?
A9: I will leave the Cambridge Museum at 24:30, going to the the Finches Bed

and Breakfast.
B10: Your taxi has been booked. It will be a grey volvo and the contact number

is 07239297218.
A11: Thanks so much. That is all I need for today. Bye.
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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.
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Dialogue Resource Example (II)

A11 : I have one smalll rocket shaped tangram
A12 : do u have this?
B21 : Ok, 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

B22 : The closest to the rocket is B to me, but I don’t think it is actually a rockets
A31 : I think a square pacman maybe
A32 : so its like you keep two rectangles on top of each other and shift any of them

a bit
A32 : so its like you keep two rectangles on top of each other and shift any of them

a bit
A33 : _---- something like this
A34 : ”_---”
A35 : oops
A36 : hard to make
B4: Are you describing a rocket or a pacman?
A5: pacman
B6: 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)
A71 : ah yes this is there
A72 : for me 8



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.
Ethical reasoning tasks: studying moral or pragmatic negotiation.

• Limitations:
Task structure can distort the very features being studied.
Limited generalisability to open-domain conversation.
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Dialogue Resource Example (III)

Rachel Green: 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 I just stopped and I said, ’What
if I don’t wanna be a shoe? What if I wanna be
a- a purse, y’know? Or a- or a hat! No, I’m not
saying I want you to buy me a hat, I’m saying I
am a ha- It’s a metaphor, Daddy!

Ross Geller: You can see where he’d have trouble.
Rachel Green: Look Daddy, it’s my life. Well maybe I’ll just stay

here with Monica.
Monica Geller: Well, I guess we’ve established who’s staying here

with Monica...
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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 (IV)

A11: What faction would you pick for this home slice?
A12: /Picture of board game layout (five hexagonal tiles with space
background and planets)/
B2: Clan of Saar, park over industrex, and pump out warsuns as soon

as you can
A3: 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
B4: Had a buddy do that our first TE game about a month ago. Was
super effective and super annoying

A5: I can imagine. That planet sounds like a lot of fun. Haven’t
played with it in the board yet

C6: 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
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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.
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Dialogue Resource Example (V)

Findings of the Association for Computational Linguistics: EACL 2024, pages 603–623
March 17-22, 2024 c�2024 Association for Computational Linguistics

Towards Context-Based Violence Detection: A Korean Crime Dialogue
Dataset

Minju Kim→
Sogang University, Korea

mjmjkk0307@sogang.ac.kr

Heui-Yeen Yeen→
LG AI Research

heuiyeen214@lgresearch.ai

Myoung-Wan Koo†
Sogang University, Korea
mwkoo@sogang.ac.kr

Abstract

In order to enhance the security of society, there
is rising interest in artificial intelligence (AI) to
help detect and classify in advanced violence
in daily life. The field of violence detection has
introduced various datasets, yet context-based
violence detection predominantly focuses on
vision data, with a notable lack of NLP datasets.
To overcome this, this paper presents the first
Korean dialogue dataset for classifying vio-
lence that occurs in online settings: the Ko-
rean Crime Dialogue Dataset (KCDD). KCDD
contains 22,249 dialogues created by crowd
workers assuming offline scenarios. It has
four criminal classes that meet international
legal standards and one clean class (Serious
Threats, Extortion or Blackmail, Harassment in
the Workplace, Other Harassment, and Clean
Dialogue). Plus, we propose a strong base-
line for the proposed dataset, Relationship-
Aware BERT. The model shows that under-
standing varying relationships among interlocu-
tors improves the performance of crime dia-
logue classification. We hope that the pro-
posed dataset will be used to detect cases of
violence and aid people in danger. The KCDD
dataset and corresponding baseline implemen-
tations can be found at the following link:
https://sites.google.com/view/kcdd.

1 Introduction

In the pursuit of bolstering societal security, an
increasingly prominent focus has emerged on har-
nessing the potential of artificial intelligence (AI)
for the identification and categorization of sophis-
ticated forms of aggression in everyday scenarios
(Blanes i Vidal and Kirchmaier, 2017). In partic-
ular, AI is effective in discovering and preventing
various forms of harm, as it can automate violence
detection, allowing for early-stage awareness and
prompt action (Aremu et al., 2022). However, these

*These authors contributed equally to this work.
†Corresponding Author.

Figure 1: An example from the KCDD dataset. Our
dataset was created by crowd workers, featuring conver-
sational scenarios that could occur offline. The example
data meets the criteria of the Serious Threat class ac-
cording to the International Classification of Crime for
Statistical Purposes (ICCS).

techniques require high-quality datasets, which are
currently in short supply.

Currently, there are three main branches of appli-
cation of violence detection, including surveillance
of potential threats in offline situation (Moham-
madi et al., 2016; Kamijo et al., 2000; Gao et al.,
2016; Kooij et al., 2016; Datta et al., 2002), auto-
matic prevention of harmful media (Vasconcelos
and Lippman, 1997; Nam et al., 1998; Dai et al.,
2015; Martinez et al., 2019; Singh et al., 2019;
Martinez et al., 2020), and monitoring of language
toxicity (Blodgett et al., 2020; Nangia et al., 2020;
Wallace et al., 2019) to prevent its use in online
forums or Large Language Models (LLM) (Brown
et al., 2020; OpenAI, 2023; Narang and Chowdh-
ery, 2022; Kim et al., 2021) generation. However,
currently, the publicly available datasets are con-

603

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.
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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 (Lücking et al., 2025); context changes behaviour.

• LLM Generation: Circularity problem – LLMs trained on prior
data generating new “synthetic” dialogue→ harder to evaluate
authenticity.
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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.
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Some Common Tasks



What we actually work on in the dialogue world

Venue # %
TACL 3 3.2

EMNLP 52 3.6
ACL 36 3.8

NAACL 29 4.4
EACL 14 5.0

JEP/TALN/RECITAL 8 6.0
LREC/COLING 105 6.8

Findings 112 7.8
INLG 5 9.3
CODI 3 17.6

SIGDIAL 40 60.6
Total 407 6.1

Table 1: Number (#) of retrieved paper for the se-
lected venues and portion (%) out of the entire
venue in 2024

0 50 100 150 200

Lone Papers
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Figure 1: Distribution of papers by task category.

papers and as a proportion of the total – is shown
in fig. 1. Some papers span multiple categories;
for instance, a benchmark proposal may also intro-
duce a new corpus. In such cases, we chose the
most salient aspect when assigning categories, so
absolute counts should be interpreted cautiously.
Nevertheless, the overall distribution captures the
dominant research trends in the surveyed set.

Generative Systems Across the ACL A!"#$%-
$&’ ()(*, most papers on conversation focus
on generative systems (44%). This category en-
compasses DSs, question answering (QA), and
dialogue state tracking (DST), as well as some
works introducing new or improved language mod-
els (LMs).

Dialogue systems are programs that interact with
humans through natural language. Within this cat-
egory, task-oriented dialogue (TOD) systems – e.g.
for restaurant booking – are particularly prominent.
They assist users in achieving specific goals, with
performance often measured by joint goal accu-
racy, indicating whether all required slots (place,

time, etc.) are correctly identified. Less constrained
tasks, such as emotional support, negotiation, per-
suasion, or tutoring, are also explored. For both
domain-specific and open-ended dialogues, the
conversational dimension remains central but is
harder to evaluate (see section 6) than task-specific
outcomes.

QA is a subcategory of DSs where users ask
questions and receive answers in natural language.
Systems can prompt users to refine their queries
when answers lack precision, o!ering more flexi-
bility than web interfaces (Biancofiore et al., 2024).
This research area notably focuses on query rewrit-
ing and knowledge retrieval.

DST involves monitoring user queries and goals
throughout a conversation (Jacqmin et al., 2022).
It is pivotal for TOD systems, with recent studies im-
proving DST through zero-shot learning to reduce
dialogue collection and annotation costs.

Language Model Evaluation The growing promi-
nence of generative systems in research and so-
ciety demands robust evaluation to assess their
strengths and limitations. Slightly over 8% of the
surveyed papers addressed this issue, through
benchmark creation or empirical evaluation. Most
of these examined LM capabilities across diverse
dimensions, from specific skills such as negotiation
or slot-value generation to broader conversational
dynamics like multi-turn or multi-party dialogue. Se-
curity is another concern, with studies probing LMs’
risks of leaking private data, susceptibility to misin-
formation, and tendencies to hallucinate or produce
harmful content. Other works explored the limita-
tions of current LMs in languages beyond English.

In some cases, LLMs are used as evaluators,
even for tasks involving LLMs themselves. While
this enables scalable, context-aware assessment,
it also introduces potential biases and limitations in
model-based evaluation. We discuss this aspect
in more details in section 6.

Socio-Pragmatic Understanding Similarly, the
rise of LLMs has heightened the need to identify
users’ emotional states, communicative intentions,
and stances in conversation, as well as subtler
aspects such as humour, sarcasm, personality,
harmful behaviour, and social meaning recognition.
These elements support more contextually aware
and socially appropriate DSs. Such tasks, grouped
under conversational understanding, accounted for
about 8% of the surveyed papers. The SemEval
2024 venue, which we reviewed but excluded for
broader generality, also hosted two shared tasks
(3 and 10) on conversational emotion recognition.

Summarisation Summarisation is a classical
NLP task which remains more complex for

3

Figure 2: Distribution of dialogue related papers by task category in major
NLP/CL publication venues in 2024 (over 407 papers)
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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
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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?
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A few great/original/fun tasks
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A few great/original/fun tasks
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A few great/original/fun tasks
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A few great/original/fun tasks

23



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.
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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.
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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.r.t. crowdwork platforms (Amazon
Mechanical Turk).
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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.r.t. 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.
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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.
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The PARADISE Framework

Maximise user satisfaction

Maximise task success

Kappa (task attribute XXX)

Minimise costs

Efficiency measures

number of utterances,
dialogue time, ...

Qualitative measures

repairs, inappropriate
utterance ratio, ...

Graph from the original PARADISE papers (Walker et al., 1997)
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The PARADISE Framework - Performance function (simplified)

P = α ∗ ♣+
∑
i

wi ∗ ♦i

• ♣: task efficiency
• ♦: costs (as many as you want)
• α,wi: weights to estimate with real user provided performance
values
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The PARADISE Framework - Task efficiency

Example

A1: 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 medium toasted at ARTEM for 12:30. Thank you!
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The PARADISE Framework - Task efficiency

Example

A1: 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 large toasted at ARTEM for 12:30. Thank you!
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The PARADISE Framework - Task efficiency

Key
Sandwich Size Location Time

Data V1 V2 V3 V1 V2 V1 V2 V3 V4 V1 V2 V3

V1 23 2 1 0 0 0 0 0 0 0 1 1
V2 2 10 3 0 0 0 0 0 0 0 0 0
V3 1 2 15 0 1 1 0 0 1 0 0 0

V1 0 0 0 45 3 0 0 0 0 0 0 0
V2 1 0 0 1 18 0 0 0 0 0 0 0

V1 0 0 0 0 0 22 0 1 5 0 0 0
V2 0 0 0 0 0 0 4 2 0 0 0 0
V3 0 0 0 2 0 0 0 21 0 0 0 0
V4 0 0 0 0 0 4 0 0 9 0 0 0

V1 0 0 0 0 0 0 0 0 0 15 1 3
V2 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
31



The PARADISE Framework - Cost functions

Dialogue Length Repairs

A1: 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 I 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
MadeInFrance restaurants in
Nancy.

• Our attributes:
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The PARADISE Framework - Let’s try it

• Our task: Order a sandwich to
pick-up from one of the
MadeInFrance 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
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The PARADISE Framework - Let’s try it

Dialogue 1

A1: Hello! I 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: Oh but I’m sorry 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

A1: Hi! I’m Bob, I 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. I 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
A1: 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?
A11: I want the cheapest sandwich.
B12: Medium then. Where do you want to pick it up? It’s the same price.
A13: St-Epvre.
B14: Okay when do you want to pick it up?
A15: As soon as possible.
B16: Alright, a med-
A17: [Thank you bye.
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The PARADISE Framework - Let’s try it

Dialogue 4

A1: Hi! I would like to order a sandwich. I would like a
salmon sandwich size medium, and I 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

A1: 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

A1: Hello, I’d like a 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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The PARADISE Framework - Let’s try it

Test Dialogue

A1: 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 I 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

Approach Focus Advantages Limitations

Semantic
Similarity

Textual overlap /
embedding
similarity

Fast, automatic,
reproducible

Ignores interaction,
context, and intent

LLM Bench-
marks Virtually any Easy to scale, often

multi-metric

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

Human
Intrinsic
Evaluation

Virtually any:
coherence,
grammar,
interaction,
engagement,
empathy, ...

Use-based, closer to
actual in-interaction

perception

Costly, requires a lot
of time and
organisation

Human
Extrinsic
Evaluation

Rich insights, possible
links to real dialogue

theory

Still costly, reflects
subjective perception
of what a dialogue

should be

PARADISE
Task success +
efficiency (user

satisfaction model)

Quantitative,
interpretable
(somewhat)

Costly, limited to
structured tasks, cost
functions not always

so simple 35



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...
It is 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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