@ International Workshop

%ﬁ%ﬁq . Spoken Dialogue Systems Technology
TR February 26 - March1 2026 Trento ITALY

IWSDS 2026

The 16 International Workshop on
Spoken Dialogue Systems Technology

Proceedings of the Conference

February 26 - March 1, 2026
Trento, Italy



©2026 The Association for Computational Linguistics

Order copies of this and other ACL proceedings from:

Association for Computational Linguistics (ACL)
209 N. Eighth Street

Stroudsburg, PA 18360

USA

Tel: +1-570-476-8006

Fax: +1-570-476-0860

acl@aclweb.org

ISBN 978-1-952148-25-5

ii



Message from the General Chair

The 16" International Workshop on Spoken Dialogue Systems Technology (IWSDS 2026) was held on
February 26 - March 1, 2026 in Trento, Italy. This year’s conference theme was “Human-Machine
Dialogue in the Era of Multimodal Foundation Models'. IWSDS 2026 benefited from the experience
and knowledge generated by previous editions since 2009.

The IWSDS conference series is a consolidated forum where international researchers, practitioners, and
stakeholders working in the field of spoken dialogue systems and associated technologies can disseminate
their current research and applications, discuss technological challenges, present their success stories,
and share their complementary visions for the technology’s future. Human-Machine Dialogue will be the
key enabler of many technologies and tools developed to support the expectations of Al transformation.
Whether it is a dialogue in the medicine, health, robotics, or virtual worlds domain, we need to rethink
core computational and interaction models. IWSDS 2026 has been fertile ground for meetings, for
elaborating on challenges, and for grounding a shared vision that benefits humanity.

The conference invited and received submissions grouped into four categories: a) long research papers,
reporting mature and completed research results; b) short research papers, presenting focused studies or
ongoing but original research efforts; ¢) position papers, describing novel research ideas or viewpoints
intended to stimulate discussion; and d) demonstration papers, presenting implemented systems or
prototypes. These contributions addressed a broad range of topics related to the theoretical foundations,
systems and methods, and applications of spoken and multimodal dialogue systems. Topics of interest
included, but were not limited to, the following areas::

¢ Theoretical Foundations:

Multimodal and situated dialogue models

Integration and control of modalities and context

Incremental and longitudinal dialogue models

Emotion, engagement, and interaction styles

Ethical, trustworthy, and responsible dialogue systems

Bias, toxicity, and harm in dialogue systems

* Systems and Methods:

Multimodal Models (foundation, small or task-specific pre-trained models) for Dialogue
Systems

Multimodal Models for grounding, personalization, safety, and explainability

Dialogue generation and management

Grounded and adaptive Natural Language Generation

Domain transfer and adaptation techniques
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— Evaluation methods and multimodal metrics

— Resources, corpora creation, annotation

* Applications:

Educational and healthcare applications

Low-resource and multilingual settings

Robotics and embodied dialogue systems

Dialogue in Virtual and Extended Reality

Real-world dialogue systems

In addition to the regular research tracks, the conference featured a dedicated Industry Track to present
practical experiences with spoken and multimodal dialogue systems in real-world settings. Contributions
to this track focused on deployed systems, prototypes, integration efforts, and user studies, highlighting
challenges encountered during development and deployment, as well as lessons learned in industrial or
commercial contexts. Submissions to the Industry Track were not required to release data or source
code; however, clear descriptions of the systems, experimental settings, and evaluation results were
expected. Industry Track papers were reviewed primarily for practical relevance, robustness, innovation,
and impact, rather than solely for methodological novelty.

IWSDS 2026 received a total of 55 submissions. Each submission was reviewed by at least three
members of the Program Committee. Based on the review process, 42 papers were accepted for
presentation at the workshop. The accepted contributions were distributed as follows: 15 papers
were presented in the three General Track sessions (Dialogue and Interactive Systems, Resources
and Evaluation, and Human-Centered Interaction); 12 papers were presented in three Special
Sessions (Human-Machine Dialogue in the Era of Multimodal Foundation Models, Conversational Al
Applications in Robotics & Virtual Reality, and Conversational Al Applications in the Health Domain);
12 papers were presented in poster sessions; and 3 papers were accepted for the Industry Track.

The workshop recognized outstanding contributions through a "Best Paper Award" and an "Outstanding
Paper Award". The awards were selected based on reviewers’ evaluations and the Program Committee’s
assessment, with consideration for originality, technical quality, and relevance to the workshop themes.

The workshop featured three keynote talks addressing complementary perspectives on spoken and
multimodal dialogue systems: a) "Toward Socially Intelligent Dialogue Systems: From Foundational
Models to Mental Models", by Asli Celikyilmaz (Meta Fundamentals Al Research); b) "Towards More
Human-like Conversational Agents: Opportunities and Challenges”, by Gabriel Skantze (KTH Royal
Institute of Technology); and, c¢) "Towards Meaningful Control of Multimodal XR Experiences and the
Role of Spoken Dialogue", by Giulio Jacucci (University of Helsinki).

In addition to the regular paper sessions, IWSDS 2026 included three Special Sessions addressing
emerging and application-driven directions in spoken and multimodal dialogue systems. The Special
Session "Human-Machine Dialogue in the Era of Multimodal Foundation Models" focused on the
opportunities and challenges posed by large-scale multimodal models, including issues related to
grounding, interaction dynamics, evaluation, and robustness in multi-turn, multi-party dialogue. The
Special Session "Conversational Al Applications in Robotics & Virtual Reality" addressed conversational
Al in embodied and immersive environments, with contributions covering human-robot interaction,
adaptive dialogue in physical and virtual spaces, and multimodal perception and action. The Special
Session "Conversational Al Applications in the Health Domain" focused on dialogue systems for
healthcare applications, including clinical decision support, patient-facing conversational agents, and
ethical and safety considerations in health-related dialogue technologies.
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Complementing the Special Sessions, the program featured three panel discussions corresponding to
the same themes. These panels provided a forum for discussion among researchers and practitioners
from academia and industry, addressing open research challenges, methodological issues, and future
directions for spoken and multimodal dialogue systems in each domain.

The organizers would like to thank the chairs of the IWSDS26 Committee for their support and advice
throughout the preparation phase, and the Technical Program Committee for their high-quality, timely
review process. These contributions were crucial to the success of IWSDS 2026.

We hope you enjoy your time in Trento!

Giuseppe Riccardi (University of Trento) — IWSDS 2026 General Chair
Seyed Mahed Mousavi (University of Trento) — IWSDS 2026 Program Chair
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Abstract

Conversational agents often encounter ambigu-
ous user requests, requiring an effective clari-
fication to successfully complete tasks. While
recent advancements in real-world applications
favor multi-agent architectures to manage com-
plex conversational scenarios efficiently, am-
biguity resolution remains a critical and un-
derexplored challenge—particularly due to the
difficulty of determining which agent should
initiate a clarification and how agents should
coordinate their actions when faced with un-
certain or incomplete user input. The funda-
mental questions of when to interrupt a user
and how to formulate the optimal clarification
query within the most optimal multi-agent set-
tings remain open. In this paper, we propose
MAC (Multi-Agent Clarification), an interac-
tive multi-agent framework specifically opti-
mized to resolve user ambiguities by strategi-
cally managing clarification dialogues. We first
introduce a novel taxonomy categorizing user
ambiguities to systematically guide clarifica-
tion strategies. Then, we present MAC that
autonomously coordinates multiple agents to
interact synergistically with users. Empirical
evaluations on MultiWwOZ 2.4 demonstrate that
enabling clarification at both levels increases
task success rate 7.8% (54.5 — 62.3) and re-
duces the average number of dialogue turns
(6.53 — 4.86) by eliciting all required user in-
formation up front and minimizing repetition.
Our findings highlight the importance of active
user interaction and role-aware clarification for
more reliable human—agent communication.

1 Introduction

Effective user clarification is fundamental to con-
versational agents, significantly impacting their
ability to fulfill user requests accurately and ef-
ficiently (Aliannejadi et al., 2019). In natural in-
teractions, users often express ambiguous queries,
intentionally or unintentionally omitting details that
seem inferable or contextually obvious. Such am-

MultiwoZ 2.4

User: Hey! I need to book a restaurant for this Friday at 8pm.
Assistant (Manager):

Think: The user's query is missing the group size, which is necessary for any
booking. Cuisine details are domain-specific, so I will leave that to the expert.

Clarify: How many people will be dining?
User: There will be 7 of us.
Assistant (Manager):

Think: Now I know the group size, date, and time. The cuisine preference is still
unknown, but it is a domain-specific detail and I will route it to Restaurant Agent.

Route: Restaurant Agent
Assistant (Restaurant Agent):

Think: The manager has collected the general details. Now, as the expert, I need
to clarify the user's cuisine preference to proceed with the booking.

Clarify: Do you have a cuisine preference or a particular restaurant?
User: We would like Italian food.
Assistant (Restaurant Agent):
Think: I have the cuisine, but not the specific restaurant. I should clarify options.

Clarify: Here are three Italian restaurants available at 8pm: Trattoria Bella,
Roma’s Kitchen, and Olive Garden. Which would you like to book?

User: Let’s go with Trattoria Bella.
Assistant (Restaurant Agent):
Think: All necessary information is now collected. I can proceed with reservation.
k Response: Your table for 7 at Trattoria Bella this Friday at 8pm is booked. )

Figure 1: Multi-Agent Dialogue Illustrating Harmonized
Clarification. The manager agent first identifies and resolves
only high-level, domain-agnostic ambiguity (group size), ex-
plicitly leaving domain-specific clarifications (such as cuisine
and restaurant selection) to the domain expert which can re-
quire domain knowledge from the database. This dialogue
illustrates how each agent’s role is confined to its designated
scope: the manager collects general requirements, while the
expert gathers and confirms specialized details before com-
pleting the reservation.

biguity can cause agents to make incorrect assump-
tions, provide incomplete responses, or even fail to
accomplish tasks—issues that are especially critical
in high-stakes domains such as healthcare, finance,
and customer support. Proactively resolving ambi-
guities through targeted user interactions by asking
clear and relevant clarification questions can sub-
stantially enhance the accuracy of task execution,
user satisfaction, and the overall effectiveness of
conversational systems (Deng et al., 2023; Acikgoz
et al., 2025¢).

In single-agent systems, the challenge of ambi-
guity resolution has been previously studied with
different strategies (Dongre et al., 2024), from ask-
ing targeted questions (Li et al., 2023; Zhang and
Choi, 2025) to inferring user preferences from past
interactions (Andukuri et al., 2024). However, the
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landscape of conversational Al is rapidly evolving
towards more complex, multi-agent architectures,
especially in industrial settings where a single agent
cannot efficiently manage the large number of APIs
and multitasking demands (Sun et al., 2025). As a
result, manager—expert routing systems are becom-
ing the standard for handling real-world tasks (Guo
et al., 2024; Tran et al., 2025). This paradigm,
often featuring a "manager” or "advisory" agent
that routes requests to specialized "expert" agents,
introduces new layers of complexity for user inter-
action (Ong et al., 2025). In such a setup, determin-
ing the optimal moment and method for clarifica-
tion becomes a significant challenge. For instance,
should the high-level advisory agent, which first re-
ceives the user’s request, interrupt for clarification,
or should this be delegated to a domain-specific ex-
pert agent, potentially increasing latency and con-
versational turns? Moreover, deciding how much
domain-specific knowledge the manager should
possess introduces another design challenge, estab-
lishing an essential knowledge boundary. There-
fore, proposing an approach that effectively man-
ages ambiguity resolution while remaining inde-
pendent of this specific design choice is crucial for
creating flexible and robust multi-agent systems.
To explore these open questions, we introduce
MAC (Multi-Agent Clarification), the first frame-
work that focuses on resolving user ambiguities
within multi-agent conversational systems and aims
to uncover how, when, and by whom user clarifica-
tions should be initiated within these multi-agent
settings (See Figure 1). The framework strate-
gically determines not only the moment to seek
clarification but also which agent—the supervisor
or the domain-specific expert—is best positioned
to ask. Our experiments on MultiWOZ 2.4 (Ye
et al., 2022) reveal that the placement and timing
of clarification matter more than previously recog-
nized. First, we show that enabling clarification
at both levels delivers not just higher task success
with a 7.8% absolute gain over the no-clarification
baseline, but does so while reducing the average
number of conversational turns. Second, the opti-
mal coordinated setup—where the supervisor man-
ages high-level ambiguities and the expert agent re-
solves domain-specific ones—delivers the highest
performance, even outperforming previous state-
of-the-art TOD approaches on MultiWwOZ with
11.50%. This means effective clarification is not
merely about “asking more questions”, but about
delegating the right questions to the right agents at

the right time.
The main contributions of this work are:

* We formalize the ambiguity resolution problem
in multi-agent conversational systems with a
taxonomy (Table 1), where decisions about when,
who, and how to clarify are jointly optimized
among different agents.

* We propose MAC, the first multi-agent frame-
work for user clarification, enabling distributed
agents to dynamically coordinate clarification be-
havior.

* We show that coordinated clarification, when
both manager and experts are empowered to ask
targeted questions, leads to a 7.8% absolute in-
crease in task success (54.5% — 62.3%) while
also reducing average dialogue length (6.53 —
4.86 turns) on MultiwOZ 2 4.

* We conduct extensive ablation studies, bench-
marking MAC against strong single- and multi-
agent baselines, analyzing the trade-offs of dif-
ferent clarification strategies, and demonstrating
that our modular approach consistently outper-
forms prior TOD systems by a substantial margin.
Additionally, we show that these gains are robust
across diverse LLM backbones, including both
proprietary and open-source models.

2 Related Work

Asking Clarification Questions Asking user
clarification questions has been studied in conversa-
tional Al research, with distinct focuses on when to
ask and what to ask (Kuhn et al., 2022). Some ap-
proaches use uncertainty estimation or information-
theoretic models to decide when to initiate clari-
fication (Zhang and Choi, 2023). More advanced
frameworks attempt to address both when and what
to ask problems jointly (Andukuri et al., 2024;
Zhang et al., 2024), but they are often limited to
a small number of conversational turns, which is
insufficient for complex, real-world tasks. Closest
to our approach, ReSpAct (Dongre et al., 2024) en-
ables clarification with rule-based prompting, how-
ever operating in vanilla single-agent settings. This
approach fails to address the challenges of produc-
tion systems, such as smart home platforms, which
operate as complex multi-agent systems (Guo et al.,
2024). Our work fills this critical gap by proposing
a novel framework for coordinating clarification
strategies across multiple specialized agents to en-
sure a coherent and efficient user experience similar
to direct real world settings.
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turns.

Large Language Models for Task-Oriented Dia-
logue Recent progress in LLMs has led to their
adoption in multi-domain TOD systems (Hudecek
and Dusek, 2023). Existing approaches typically
rely on either prompting-based methods (Hu et al.,
2022; Chung et al., 2023; Xu et al., 2024) or special-
ized fine-tuning (Hosseini-Asl et al., 2020; Yang
et al., 2021; Zhong et al., 2023; Sun et al., 2023;
Bang et al., 2023; Li et al., 2024). Fine-tuned mod-
els are often tailored to narrow tasks such as state
tracking or offline benchmarks, and as a result,
they struggle to generalize to complex, real-world,
multi-turn conversations (Acikgoz et al., 2025a).
More recently, AutoTOD (Xu et al., 2024) demon-
strated the use of GPT-4 with domain-specific,
hand-crafted prompts and pre-defined APIs, but
this approach depends heavily on lengthy instruc-
tions and lacks adaptability. On the other hand,
some recent studies have begun to explore multi-
agent architectures for TOD (Gupta et al., 2024),
but they have not addressed the crucial aspect of
user clarification, which is an essential skill for
handling ambiguous or incomplete user requests
in practical settings. In contrast, our work intro-
duces the first multi-agent system explicitly focus-
ing on asking user clarification question in multi-
turn TOD, establishing an optimal framework for
more reliable and user-centric dialogue agents.

3 Environment

MultiWOZ 2.4 In our research, we utilize Mul-
tiwOZ 2.4 (Ye et al., 2022), a comprehensive
multi-domain dialogue benchmark designed for

task-oriented dialogue (TOD) systems. It contains
multi-turn conversations between a user and a sys-
tem simulating a dialogue assistant. The user is
given a goal (e.g., book a hotel and a restaurant in
the same area), while the system must fulfill the
request using a consistent belief state and database
APIL. Each dialogue is annotated with dialogue acts,
belief states, and system actions at each turn, en-
abling full end-to-end modeling and evaluation. It
consists of ~8,500 training dialogues and a test set
of 1,000 dialogues. The test conversations within
MultiwOZ 2.4 simulate customer service interac-
tions across five distinct domains: restaurant, hotel,
train, attraction, and taxi. To create more realis-
tic real-world scenarios in multi-turn settings with
actual users, we enhanced this dataset by incorpo-
rating a user simulator, making the tasks both more
challenging and more authentic.

Task During evaluation, each dialogue involves
between up to five domains: restaurant, hotel, train,
attraction, and taxi. The agent must understand the
user’s multi-intent goals, track the evolving belief
state, issue database queries, and generate appropri-
ate system responses. Crucially, user queries often
underspecify constraints (e.g., "Book a restaurant
for dinner"), requiring the agent to proactively re-
quest clarification (e.g., number of people, cuisine,
or time), which makes a well-suited environment
to test our multi-agent approach.

User Simulator Our experimental setup involves
a user simulator, which we implemented to interact
with the agent in a multi-turn conversational flow.



Agent Clarification Category

Description / Example

1. Domain Ambiguity User query could match multiple domains (e.g., “Find me a good place.”)
2. Intent Ambiguity Domain is clear, but user’s goal is not (“Tell me about trains.”)
3. Vague Goal Specification Query is too broad to act on (“Help me with my trip.”)
Supervisor | 4. Contextual Disambiguation Vague referents like “it” or “that place” are unclear
5. General Conflict Broad contradiction in user input (“I changed my mind about the date.”)
6. General Noise/Correction Common errors/typos needing clarification (“I meant tomorrow not today.”)
7. Unfamiliar Domain Request Request does not match any known domain (“Can you fix my phone?”)
1. Parameter Underspecification Missing key slot values (e.g., location, cuisine, people, time)
2. Value Ambiguity/Vagueness Subjective terms require clarification (“a nice place”)
Expert 3. Constraint Conflict Contradictory constraints (“a cheap but expensive restaurant”)
4. Entity Disambiguation/Not Found Ambiguous or unrecognized entity (restaurant name not found)
5. Confirmation of Inferred Information | Inferred detail from context needs user confirmation

Table 1: Clarification Taxonomies for Ambiguity Handling: Supervisor and Experts. Supervisor agent addresses only
high-level, domain-agnostic ambiguities, while the Expert agent resolves domain-specific underspecification prior to API

execution.

This simulator is tasked with pursuing the prede-
fined user goals, while the agent’s objective is to as-
sist the user in achieving these goals by interacting
with an external database. We chose to work with
MultiwWOZ 2.4 over other benchmarks, due to its
capability to simultaneously handle five distinct do-
mains within a single conversational context. The
available actions for each domain are detailed in
Appendix Table 6.

4 Method

Ambiguity in user requests is a central challenge
in conversational agents, yet there is limited empir-
ical guidance in multi-agent dialogue systems on
where and how clarification should be initiated in
such frameworks. To address this, we systemati-
cally investigate different agent-level strategies for
user clarification in a hierarchical multi-agent archi-
tecture comprising a manager/router and multiple
domain-specific experts (See Figure 2).

4.1 MAC: Multi-Agent Clarification for User
Ambiguities

In our multi-agent framework, we adopt a central-
ized multi-agent setting as our base architecture,
which consists of a single supervisor agent and
multiple specialized domain expert agents. The
supervisor agent is responsible for orchestrating
the overall dialogue flow by routing each user re-
quest to the most relevant domain expert, follow-
ing the router-based approach in Ong et al. (2025).
Each expert agent is specialized for one of the
five domains in MultiwWOZ 2.4, and is tasked with
executing domain-specific actions to fulfill user
goals. In MAC, we further enhance this framework
by integrating user clarification mechanisms to re-

solve ambiguities. This involves assigning specific
clarification-handling capabilities to both supervi-
sor and domain expert roles as in Table 1, enabling
them to manage different forms of uncertainty and
improve final task outcomes.

Supervisor Agent In the MAC framework, the
Supervisor agent is responsible for two differ-
ent tasks: (i) orchestrating the agent collabora-
tion by routing user queries to the appropriate
domain expert, and (ii) handling top-level clar-
ification of user requests when the ambiguity
can be resolved with general commonsense rea-
soning, independent of domain-specific knowl-
edge (Table 1, top). Formally, for each incom-
ing user query u, the Supervisor evaluates an
ambiguity function is_ambiguous(u) € 0,1: if
is_ambiguous(u) = 1, the agent issues a clarifi-
cation prompt to the user using the standardized
format <clarify>question</clarify>; other-
wise, it selects the appropriate domain expert with
<route>domain</route>. This prompt-based
control flow is illustrated in Figure 7, where the
Supervisor’s output is parsed and dispatched to
downstream agents. Notably, the Supervisor oper-
ates without access to domain-specific databases or
APIs, ensuring that only non-domain-specific ambi-
guities (e.g., group size or intent) are addressed at
this stage. After resolving high-level ambiguities,
supervisor delegates the (potentially clarified) user
request to the corresponding domain expert, en-
abling more efficient and role-aware collaboration
across the agent hierarchy.

Domain Expert Agents FEach Domain Expert
agent is responsible for executing user goals
within a specific task domain. We instantiate



Algorithm 1 MAC: Multi-Agent Clarification Workflow

Require: User query u; at dialogue turn ¢; supervisor agent Ag; domain experts Ag = {Aq,, ..

Ensure: Either CLARIFY(g) or RESPOND(r)
1 function MAC(u:)
2 if Ag.is_ambiguous(u:) then

3 q < Ag.ask_clarification(u:)
4 return CLARIFY(q)

5 end if

6 d < Ag.select_domain(u)

7 Ag < the expert for domain d

8 if A4.is_ambiguous(u;) then

9 qa < Ag.ask_clarification(u:)
10 return CLARIFY(gq)

11 else

12 r + Ag.execute_domain_response(u)
13 return RESPOND(7")

14 end if

15 end function

‘7Alin}

> Supervisor requests disambiguation

> Route to best-fit expert

> Expert requests a targeted follow-up

> Final, domain-grounded answer

Design notes. (i) Only one clarification is issued per turn to limit latency. (ii) As handles global ambiguity; A4 handles
domain-specific gaps. (iii) Routing uses Ag.select_domain, which may rely on intent classification or retrieval over domain

schemas.

five expert agents, corresponding to the five
domains in MultiwOZ 2.4: restaurant, hotel,
train, taxi, and attraction. Once a user
query is routed to a domain expert, the agent
analyzes the input—potentially enriched by prior
supervisor-level clarification—and determines
whether the information is sufficient to proceed
with an accurate API calls or reliable response
generation. To guide this behavior, we prompt
each expert individually with domain-specific
instructions that are coupled with the standardized
protocols for user clarification (see Figure 8),
following predefined expert specific clarification
taxonomy (Table 1, bottom). Similar to the
supervisor, the agent computes an ambiguity
function is_ambiguous(u) € 0,1; if the result
is 1, the agent triggers a clarification request
formatted as <clarify>question</clarify>.
If the input is deemed sufficient, the agent
executes the necessary domain-specific op-
erations and responds using the structure
<response>utterance</response>.Otherwise,

the agent is allowed to ask multiple clarification
questions until the total conversation length
exceeds 20 turns. These prompt-structured outputs
allow the framework to dynamically interleave
reasoning, clarification, and execution in multi-turn
interactions. Domain Experts have access to API
schemas and databases corresponding to their
domain, enabling them to ground their responses
in task-specific constraints and complete user
requests accurately.

To elucidate the core principles of MAC, we
conduct a systematic analysis of different strategies

across the experimental design choices detailed in
Figure 2.

5 Experiments and Results

5.1 Experimental Setup

In our MAC framework, we  used
gpt-40-2024-08-06 as the base configura-
tion for the selected LLM, serving as both the
advisor and each expert, unless otherwise specified.
However, we have conducted comprehensive
ablation studies on the effect of model choice for
both nodes in the Section 5.4. We conducted our
evaluation on the MultiwOZ 2.4 test split, which
contains 1,000 test samples from five domains:
restaurant, hotel, train, attraction, and taxi. The
evaluation was performed in online sessions
where we implemented a user simulator based
on gpt-40-2024-08-06, as defined in Section 3.
To account for LLM randomness, we ran each
experiment five times and report the Success Rate
with Avg@5 with their standard deviations and
also include Success Rate with Max@5 which
gives the max scores achieved in these five runs.
Further details about the evaluation metrics can be
seen in Section A.

5.2 Baselines

MAC is the first LLM-based multi-agent frame-
work specifically designed for user clarification.
To evaluate its effectiveness, we compare it against
three variants of the same multi-agent architecture:
(i) without any user clarification (see Figures 5
and 6 for baseline supervisor and expert prompts



Method

Clarification Success (Max@5 1) Success (Avg@5 1)

Avg. Turns ({)

MAC w/o Clarification -
MAC s pert Expert
MACupervisor Supervisor
MAC Both

54.5 53.72+£0.92 6.53
55.6 54.88 £1.04 5.53
57.1 55.50+1.86 5.11
62.3 58.40 +2.10 4.86

Table 2: Main results on MultiWOZ 2.4. Main results comparing different prompting and clarification strategies in the MAC
framework on MultiWOZ 2.4. We report (Success Max@5): the highest single-run task success rate out of five runs, (Success
Avg@5): the mean and standard deviation of success rates over five runs, and (Avg. Turns): the average number of dialogue
turns per conversation (lower is better). Each row corresponds to a specific agent configuration—clarification enabled for the
expert, the supervisor, both, or neither. Results demonstrate that enabling clarification for both supervisor and expert agents leads

to the highest task success and most efficient dialogues.

without clarification), (ii) with user clarification
handled only by the Supervisor, and (iii) with user
clarification enabled only for the domain experts
(see Figure 2). In setting (i), neither the Supervisor
nor the domain experts are instructed to ask clarifi-
cation questions. In setting (ii), only the Supervisor
is prompted to perform both routing and user clar-
ification, while the domain experts are limited to
responding after routing. In setting (iii), only the
domain experts are prompted to ask clarification
questions, and the Supervisor is responsible solely
for routing. In contrast, MAC enables user clari-
fication at both the Supervisor and domain expert
levels, allowing every agent node to interact with
the user as needed. This setup allows for a fair and
systematic evaluation of the individual and com-
bined effects of clarification skills across different
nodes.

5.3 Main Results

We compare MAC against three variants: (i)
MAC without any clarification capability, (ii) MAC
where only domain-specific experts perform clari-
fications (MACcpert), and (iii) MAC where only
the supervisor at the top node initiates clarifica-
tion questions (MAC;ypervisor). Table 2 summa-
rizes our main findings, demonstrating the effec-
tiveness of the proposed MAC framework. Specifi-
cally, our proposed MAC framework achieves an
increase in task accuracy of approximately 8% at
maximum and about 5% on average compared to
the no-clarification baseline. Remarkably, this im-
provement is accompanied by a reduction in the
average dialogue length by roughly two conver-
sational turns. Our results clearly indicate that
prompting agents to proactively clarify ambiguous,
incomplete, or underspecified user requests con-
sistently improves task success rates without ex-
tending dialogue length. This emphasizes the ben-

Method Success Rate (1)
SimpleTOD (Hosseini-Asl et al., 2020) 22.00
UBAR (Yang et al., 2021) 26.80
GALAXY (Zhong et al., 2023) 28.80
MARS (Sun et al., 2023) 27.50
TOATOD (Bang et al., 2023) 26.90
FNCTOD (Li et al., 2024) 44.40
AutoTOD (Xuetal,2024) . 4690
MAC 58.40

Table 3: MAC’s Performance Compared to Existing TOD
Systems. Evaluation of various TOD methods using a stan-
dardized framework. Results for baseline models are sourced
from AutoTOD to ensure fair and consistent comparison. Re-
sults taken from (Xu et al., 2024), following same evaluation
protocol to ensure fairness in our comparison.

efit of proactive conversational strategies. These
findings highlight the MAC framework’s superior
performance, effectively balancing accuracy with
conversational efficiency.

Takeaway 1: Asking clarification questions
consistently increase task success and de-
crease number of turns to solve the task in
multi-agent settings.

5.4 Ablation Studies

Comparison of MAC with Other TOD Systems
In Table 2, we demonstrated MAC’s performance
compared to its variants, highlighting that com-
bining clarification capabilities between supervi-
sor and experts results in the most effective setup.
To further contextualize MAC’s performance, it is
crucial to benchmark against other leading task-
oriented dialogue (TOD) systems. Following the
evaluation framework of AutoTOD (Xu et al.,
2024), we present this comparison in Table 3. Our
results indicate that MAC surpasses previous state-
of-the-art models, achieving an improvement of
approximately 11.50% over the closest agent Au-
toTOD. This underscores both the robustness of



Language Model Success Rate (1)
MAC wlo Clarification
gpt-4o 53.72+£0.92
gpt-4o0-mini 52.40 £ 2.08
Qwen3-235B-A22B 4732+1.72

MAC with Clarification

gpt-4o 58.40 +£2.10 (+4.68)
gpt-40-mini 57.10 £ 1.42 (+4.70)
Qwen3-235B-A22B  54.50 + 1.06 (+7.28)

Table 4: MAC success rates with different LLMs, with and
without clarification. Values in parentheses show absolute
improvement from clarification.

the multi-agent architecture in multi-domain sce-
narios such as MultiWOZ 2.4 and the critical role
of proactive clarification when handling uncertain-

ties 1.

Takeaway 2: MAC demonstrates superior per-
formance over previous TOD systems, at-
tributed to its multi-agent architecture and ef-
fective user clarification capabilities.

How does the choice LLM effect MAC? Since
multi-agent setups are typically constructed us-
ing multiple LLMs with prompting, it is valu-
able to evaluate the performance of diverse LLMs
within our MAC framework. To this end, we ex-
perimented with proprietary API-based and open-
source models: GPT-40-2024-11-20 (Hurst et al.,
2024), gpt-4o-mini, Qwen3-235B-A22B (Yang
et al., 2025). As shown in Table 4, enabling coordi-
nated user clarification for both supervisor and ex-
pert agents in the MAC framework consistently im-
proves task success rates, regardless of model type.
For instance, gpt-40 and gpt-40-mini achieve
absolute improvements of +4.68 and +4.70 points,
respectively, when equipped with clarification. No-
tably, the open-source Qwen3-235B-A22B model
exhibits an even larger gain of +7.18 points, nar-
rowing the gap with proprietary counterparts. The
larger delta in accuracy for open-source LLMs sug-
gests that well-designed supervision and agent co-
ordination can unlock their potential, making them

'Some earlier TOD systems in Table 2 were developed
prior to the integration of LLMs and follow fundamentally
different pipelines (Acikgoz et al., 2025¢), making direct com-
paris