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Abstract

Large language models (LLMs) have demon-
strated remarkable performance in zero-shot
dialogue state tracking (DST), reducing the
need for task-specific training. However, con-
ventional DST benchmarks primarily focus on
structured user-agent conversations, failing to
capture the complexities of real-world multi-
user interactions. In this study, we assess the
robustness of LLMs in multi-user DST while
minimizing dataset construction costs. Inspired
by recent advances in LLM-based data anno-
tation, we extend an existing DST dataset by
generating utterances of a second user based on
speech act theory. Our methodology systemat-
ically incorporates a second user’s utterances
into conversations, enabling a controlled eval-
uation of LLMs in multi-user settings. Experi-
mental results reveal a significant performance
drop compared to single-user DST, highlighting
the limitations of current LLMs in extracting
and tracking dialogue states amidst multiple
speakers. Our findings emphasize the need for
future research to enhance LLMs for multi-user
DST scenarios, paving the way for more realis-
tic and robust DST models.

1 Introduction

Large language models (LLMs) have achieved re-
markable success across various natural language
processing tasks, ranging from translation to math-
ematical problem-solving (Brown et al., 2020;
Achiam et al., 2023; Dubey et al., 2024; Team
et al., 2024; Hurst et al., 2024). Their effectiveness
has also been demonstrated in dialogue state track-
ing (DST), a task that predicts a user’s goal based
on conversations between the user and an agent
(Jacqmin et al., 2022). Traditional approaches
to DST typically rely on training sequence-to-
sequence models (Heck et al., 2020; Campagna
et al., 2020; Li et al., 2021). However, recent

*Equal contribution as co-first author.

Figure 1: Example of a dialogue and slot values where
the utterance of user2 is introduced through our pro-
posed method. We use this multi-user dialogue to evalu-
ate LLM-based zero-shot DST approaches and compare
their performance with existing single-user DST.

studies suggest that LLMs can achieve competi-
tive performance in DST through zero-shot infer-
ence, eliminating the need for task-specific training
(Heck et al., 2023).

Despite these advances, conventional DST
benchmarks primarily feature structured user-agent
dialogues, limiting their applicability to more com-
plex real-world scenarios. For instance, MultiWOZ
(Budzianowski et al., 2018), one of the most widely
used DST datasets, contains only single-user con-
versations. In contrast, real-world interactions of-
ten involve multiple users collaboratively engag-
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Figure 2: The illustration of our method stated in Section 2.2.

ing in decision-making before interacting with an
agent. For example, a group of friends discussing
restaurant options might first debate their cuisine
preferences and locations before making a request
to a booking system (e.g., "I prefer Korean food."
→ "Is there a good Korean restaurant in Suzhou?").
While previous studies introduced the concept of
multi-user DST, they approached it by aggregating
users’ utterances and performing DST on the ag-
gregated input as if it were a single-user setup (Jo
et al., 2023). This highlights the need to assess DST
models in genuinely multi-user scenarios to better
evaluate their robustness and generalizability.

In this work, we conduct a case study to assess
the performance of LLMs in multi-user DST, with
minimal dataset construction costs. Inspired by re-
cent efforts to employ LLMs for data annotation,
we extend existing DST datasets using state-of-
the-art LLMs (Tan et al., 2024; Choi et al., 2024).
Specifically, we generate additional user utterances
that interleave between the original user-agent ex-
changes. Our approach comprises two main steps:
(1) identifying the appropriate type of interjections
based on speech act theory (Austin, 1975; Bach
and Harnish, 1979), and (2) prompting an LLM
to generate and validate the second user’s utter-
ances accordingly. Figure 1 presents an example
of a dialogue with utterances of the second user,
based on our suggested framework. We compare
the performance of LLMs in cases where the sec-
ond user utterance is present or absent throughout
the experiment.

Experimental results on our extended dataset
show a substantial performance drop compared to
single-user DST. This indicates that current LLMs

struggle to correctly extract and track dialogue
states in conversations with multiple users, under-
scoring limitations in their generalizability. Our
findings highlight the need for future research to de-
velop DST methods and prompt-engineering strate-
gies optimized for multi-user settings.

Our primary contributions are as follows:

• We propose the first systematic evaluation of
LLMs in multi-user DST, highlighting the
unique challenges posed by multi-user inter-
actions.

• We introduce a cost-efficient method to ex-
tend existing DST datasets by generating ad-
ditional user utterances based on speech acts
using state-of-the-art LLMs.

• We conduct comprehensive experiments
demonstrating a notable performance drop in
multi-user DST, underscoring the limitations
of current LLMs when handling complex dia-
logue dynamics.

2 Methodology

2.1 Preliminaries
In this subsection, we briefly explain preliminaries
regarding DST, especially focusing on zero-shot
DST using LLMs. We follow the definitions and
notations of a previous study (Heck et al., 2023).

DST is a core component of task-oriented dia-
logue systems, responsible for tracking the user’s
evolving intent throughout a conversation. At each
dialogue turn t, given a user utterance Ut and
a preceding agent utterance Mt, DST predicts a
structured set of slot-value pairs representing the
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user’s goal. We call this structured set of slot-value
pairs the dialogue state DSt, which encapsulates
the user’s intent and relevant context at turn t. DSt
is updated as follows:

DSt = DSt−1 ∪ D̂St

where D̂St is the newly inferred slot-value set at
turn t.

Traditional DST models require extensive su-
pervised training on labeled datasets (Heck et al.,
2020; Campagna et al., 2020; Li et al., 2021).
However, recent advances in LLMs have en-
abled zero-shot DST, where a general-purpose
model extracts slot values without explicit fine-
tuning (Feng et al., 2023; Heck et al., 2023). In
zero-shot DST, the inference-time slot set S =
{(s1, v1), (s2, v2), ..., (sn, vn)}, where si denotes
a slot and vi its corresponding value, is disjoint
from the training-time slot set S′, meaning S∩S′ =
∅. This requires the model to generalize without
prior domain-specific training.

Zero-shot DST using LLMs typically follows
a prompting-based approach. P , an instruction
including a task description, is provided in natural
language, guiding the model to extract relevant slot-
value pairs from a conversation. At each turn, the
prompt At includes both agent and user utterances:

A1 = P ⊕ "agent": M1 ⊕ "user1": U (1)
1 ,

At = "agent": Mt ⊕ "user1": U (1)
t , ∀t ∈ [2, T ]

Unlike traditional approaches, LLMs perform
DST by leveraging their conversational alignment
and pre-trained world knowledge without modi-
fying their parameters. In this study, we aim to
validate the capabilities of LLMs in handling a
multi-user DST scenario.

2.2 Construction of Multi-user DST Dataset
This subsection outlines our method to extend
the existing dataset to incorporate a second user,
thereby establishing multi-user DST. To accom-
plish this, we follow the concept of speech act the-
ory (Austin, 1975; Bach and Harnish, 1979), which
defines the types of human utterances.

We adopt four speech act types based on an es-
tablished study (Bach and Harnish, 1979):

• Constatives: Statements that express factual
information or claims, including answering,
confirming, denying, disagreeing, or stating.

• Directives: Attempts to influence the actions
of the addressee, such as advising, asking,
requesting, forbidding, inviting, or ordering.

• Commissives: Utterances that commit the
speaker to a future action, including promis-
ing, planning, vowing, betting, or opposing.

• Acknowledgments: Expressions of the
speaker’s attitude toward the hearer’s social
actions, such as apologizing, greeting, thank-
ing, or accepting acknowledgments.

Based on these speech act types, we introduce
user2 utterances (U (2)

t ) into existing user-agent di-
alogues. Specifically, we insert U (2)

t at each di-
alogue turn t, within the original user1 utterance
(U (1)

t ) and the agent response (Mt). To achieve
this, we first use an LLM to determine the appro-
priate speech act type for U (2)

t . This classification
is represented as T (2)

t = L(Pid, U
(1)
t ,Mt), where

L denotes the LLM and Pid represents the corre-
sponding prompt.

Once the speech act type is identified, we
generate U

(2)
t by prompting the LLM with rel-

evant context, including T
(2)
t , U

(1)
t , Mt, dia-

logue history (H<t), and the gold slot value
(ĎDSt). This process is formulated as U

(2)
t =

L(Pgen(T
(2)
t ), H<t, U

(1)
t ,Mt, ĎDSt).

To ensure the generated U
(2)
t maintains conver-

sation coherence and does not introduce halluci-
nated slot values, we conduct a validation step.
If Vt = L(Pval, U

(1)
t , U

(2)
t ,Mt, ĎDSt) returns True,

we accept U (2)
t and insert it into the dialogue. Oth-

erwise, we regenerate and revalidate U
(2)
t up to

three times. If validation fails in all attempts, we
discard U

(2)
t by setting it to ∅, ensuring that its

inclusion does not compromise dialogue integrity.
This procedure is applied iteratively across all

dialogue turns, extending the dataset to a multi-
user DST setting. When performing DST on the
extended dataset, we append user2’s utterance to
the prompt At as follows:

A′
t = At ⊕ "user2": U (2)

t

if U (2)
t ̸= ∅, ∀t ∈ [1, T ]
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3 Experiment

3.1 Experimental Design
We introduce our experimental design to assess the
performance of LLMs on multi-user DST using the
extended dataset.

Evaluation Models. We adopt six different
LLMs for experiments: GPT-4o (Hurst et al., 2024),
o4-mini (OpenAI, 2025), Claude 3.5 Sonnet (An-
thropic, 2024), Gemini-2.0-Flash (Pichai et al.,
2024), LLaMA-3.1-8B (Dubey et al., 2024), and
Gemma-2-9B (Team et al., 2024). These models
are selected to evaluate performance across dif-
ferent pretraining paradigms and parameter sizes.
Further details can be found in Appendix B.

Zero-Shot DST Setup. We use a prompting-
based approach following (Heck et al., 2023). The
prompt provides a task description, slot definitions,
and the current dialogue history. At each turn, mod-
els extract slot-value pairs based on their internal
knowledge. We keep inference parameters (temper-
ature, top-p) at default values to ensure consistency
across all models. A detailed breakdown of the
prompt format is provided in Appendix G.4.

Evaluation Metric. To assess the performance
of each model, we use Joint Goal Accuracy (JGA)
(Henderson et al., 2014), which measures whether
all slot values at each turn match the ground truth:

JGA =
1

N

N∑

i=1

1(D̂St = ĎDSt) (1)

where N is the total number of turns, D̂St is the pre-
dicted dialogue state, and ĎDSt is the ground truth.
We measure JGA of each model on the original
MultiWOZ 2.1 (Eric et al., 2020) and its extended
version based on our methodology as stated in Sec-
tion 2.2, thereby comparing the performance of
the LLM on single-user and multi-user scenarios.
Please refer to Appendix A for the statistics of the
extended dataset. By analyzing the performance
gap between these settings, we quantify the im-
pact of the existence of U (2)

t on DST performance.
Specifically, we hypothesize that LLMs will show
a performance drop in a multi-user DST, even if
the topic, context, and slot value of the dialogue
remain identical.

3.2 Result
Table 1 presents a detailed performance compari-
son of various LLMs under both single-user and

Models Attr. Hotel Rest. Taxi Train Avg.

GPT-4o 56.8 46.0 55.1 69.3 61.9 57.82
w/ user2 utterances -4.6 -2.1 -2.2 -1.7 -7.1 -3.54
o4-mini 56.3 44.9 52.6 66.8 63.5 56.82
w/ user2 utterances -3.6 -3.9 -3.5 -1.8 -1.1 -2.61
Claude 3.5 Sonnet 64.9 47.5 55.8 68.2 74.0 62.08
w/ user2 utterances -3.8 -1.9 -2.6 -1.3 -6.7 -3.26
Gemini-2.0-Flash 36.7 25.3 24.4 61.9 28.0 35.26
w/ user2 utterances -2.2 -2.5 -3.1 -1.2 -2.6 -2.32
LLaMA-3.1-8B 25.4 23.2 18.8 46.9 25.5 27.96
w/ user2 utterances -1.6 -0.3 -1.2 -0.4 -1.8 -1.06
Gemma-2-9B 40.0 36.3 44.4 61.5 35.4 43.52
w/ user2 utterances -1.1 -0.2 -2.0 -1.1 -2.4 -1.36

Table 1: Performance comparison between LLM models
for zero-shot DST in per-domain JGA. The first row of
each model represents the performance of the model on
the original dataset (i.e., no user2 utterances), and the
second row denotes the performance degradation of the
model on the extended dataset with U

(2)
t compared to

the original dataset. Note that Attr. and Rest. denote
attraction and restaurant, respectively. Please refer to
Appendix D for slot-level evaluation.

extended multi-user DST settings. Across all eval-
uated models, we observe a consistent drop in JGA
when additional user2 utterances are present, thus
confirming our hypothesis that the presence of mul-
tiple speakers introduces added complexity. In par-
ticular, models such as GPT-4o and Claude 3.5
Sonnet experience more severe degradations (e.g.,
up to -7.1% in the train domain), indicating that
even state-of-the-art LLMs struggle to disentangle
the intertwined dialogue cues from multiple users.
Notably, a similar drop in performance is observed
in o4-mini, a reasoning LLM, implying that sim-
ply adopting reasoning LLMs may not provide a
straightforward solution for multi-user DST, espe-
cially when accounting for their higher cost from
increased token usage.

Our qualitative analysis in Appendix F attributes
these drops to two main error types: (1) mis-
extraction of slot values when user2 utterances
distract the model and (2) incorrect inference
of slot types due to unintended slot predictions.
These findings emphasize the need for more robust,
speaker-aware DST strategies. Future work should
explore sophisticated prompt engineering or model
architectures to distinguish multiple speakers.

4 Conclusion

We presented a systematic investigation of multi-
user DST, a task that has been largely overlooked
in traditional DST research. By extending an ex-

20021



isting dataset through LLM-based generation of
additional user2 utterances, we revealed that con-
temporary LLMs face notable performance drops
in multi-user DST scenarios, even when the un-
derlying user request remains unchanged. Our
findings underscore the importance of focusing on
multi-user dialogue and highlight the challenges in
maintaining accurate slot tracking when multiple
speakers contribute to the conversation.

Future work could explore more advanced
prompt-engineering strategies or model designs
that disentangle each speaker’s goal. In real-world
applications, multiple people often share or refine
a collective plan, such as making group travel ar-
rangements or ordering meals. Improving LLM-
based DST for these more realistic, collaborative
settings will be crucial for developing robust, uni-
versally applicable dialogue systems.

Limitations

While our methodology offers a straightforward
means to extend a single-user dataset to a multi-
user dialogue scenario, it does not fully capture
the dynamic and often collaborative nature of real-
world multi-user interactions. Below, we elaborate
on the key limitations:

Limited Conversation Realistic and Dynamics.
Our approach places additional speaker utterances
into existing user-agent conversations without sub-
stantially altering the dialogue flow or the user’s
underlying intent, to accurately evaluate the ef-
fect of the additional utterance. In realistic multi-
user settings, however, users often negotiate, ques-
tion, and refine each other’s ideas in ways that
can change the system’s ultimate goals. For ex-
ample, two users might disagree on a restaurant’s
location or cuisine. Our current method does not
model these forms of dynamic interaction, which
may be less realistic and underrepresent more com-
plex use cases. Nonetheless, it is important to note
that current relatively minor additions of multi-user
interactions bring significant performance degrada-
tion, which suggests that more realistic interactions
would likely pose even greater challenges, further
highlighting the need for research in this field.

Quality of Generated Utterances. We rely on
LLMs to generate and validate the additional users’
utterances. Although we employ validation steps to
filter out incoherent or hallucinatory utterances, the
generated data may still not fully reflect natural hu-

man conversational patterns. Furthermore, because
these inserted utterances are not human-annotated,
there is a risk that subtle contextual nuances are
lost, and some inadvertently introduced biases or
errors could remain unchecked. To precisely ex-
amine the quality of the generated utterances, we
performed a manual inspection across three dimen-
sions, which is presented in Appendix E.

Focus on Zero-shot DST. We specifically target
zero-shot DST based on LLMs to highlight the in-
herent challenge posed by multi-user DST. While
this isolates the effect of additional user utterances,
it also may not reflect performance under scenarios
where LLMs are not used. However, from our ini-
tial attempt to conduct experiments using existing
DST methods that do not use LLMs, we found that
they were not capable of handling this new multi-
user interaction structure effectively. Accordingly,
future research could investigate whether non-LLM
or fully fine-tuned approaches better mitigate these
multi-user complexities.

Overall, while our study demonstrates the feasi-
bility of extending single-user dialogue datasets to
multi-user scenarios at low cost, it serves primarily
as a proof of concept to validate the limitations
of current LLMs for multi-user DST, which is the
key objective of this paper. Further methodologi-
cal refinements in future studies, including human
validation, richer conversation modeling, and do-
main diversification, will be essential to capture the
true depth and breadth of multi-user task-oriented
dialogues.
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A Dataset Statistics

In this section, we provide a detailed analysis of the
dataset constructed for evaluating multi-user DST
based on the aforementioned methodology. Our
dataset is derived from the test set of MultiWOZ
2.1 (Eric et al., 2020), an existing DST benchmark.
Accordingly, the dataset consists of 1,000 conver-
sations with an average of 7.36 turns per dialogue,
covering five different domains: attraction, hotel,
restaurant, taxi, and train.

To examine the characteristics of multi-user in-
teractions, we analyze the distribution of speech
acts of U (2)

t within the dataset, which is depicted in
Figure 3. Among all user2 utterances, 44% are con-
statives, 8% are directives, 20% are commissives,
12% are acknowledgments, and 16% are none (i.e.,
no U

(2)
t at t).

Next, we compare the length of U (2)
t and U

(1)
t in

our dataset. On average, original utterances of U (1)
t

contain 11.73 words, while the newly generated
U

(2)
t are slightly shorter, averaging 10.26 words.

This difference arises because U
(2)
t often consists

of clarifications or brief confirmations rather than
full-length requests or responses. Mt tends to be
longer, averaging 16.05 words, as they provide
detailed responses or requests for clarification.

B Implementation Details

This section outlines implementation details to re-
produce the experimental findings of our study.
First, we used GPT-4o-2024-08-06 as L to extend
the MultiWOZ 2.1 dataset, following the procedure
stated in Section 2.2. Second, for the experiment
in Section 3, we used GPT-4o-2024-08-06, claude-
3-5-sonnet-20241022, gemini-2.0-flash-001, Meta-
Llama-3-8B-Instruct, and gemma-2-9b-it for each
model. For hyperparameters such as temperature
and top-p, we followed the default setup of each
model.

Figure 3: Distribution of speech acts of user1, user2,
and agent. We used our speech act type identification
method stated in Section 2.2 to classify the speech act
type of user1 and Agent for comparison with user2.

Models Attr. Hotel Rest. Taxi Train Avg.

GPT-4o (Zero-shot) 56.8 46.0 55.1 69.3 61.9 57.82
w/ user2 utterances -4.6 -2.1 -2.2 -1.7 -7.1 -3.54
GPT-4o (One-shot) 57.2 45.6 54.9 68.2 66.2 58.42
w/ user2 utterances -7.0 -0.7 -2.1 -0.3 -0.8 -2.16

Table 2: Performance comparison between zero-shot
and one-shot prompting using GPT-4o. Please refer to 3
for slot-level metrics.

C Additional Experiment with One-shot
Example

In this section, we explore the effectiveness of one-
shot prompting as a strategy to mitigate the per-
formance degradation of multi-user DST. For this,
we randomly selected a dialogue from the Multi-
WOZ 2.1 training set and extended it with user2
utterances using our methodology to serve as an
example in the prompt. The results in Table 2 in-
dicate that, even when providing a multi-user DST
example in the prompt, the same degradation trend
with user2 utterances persists. These findings fur-
ther support our observation that multi-user DST
remains a challenge for state-of-the-art LLMs.

D Slot-Level Evaluation

In this section, we present the experimental results
measured by slot-level accuracy metrics to supple-
ment Section 3.2, which used JGA as an evaluation
metric (Dey et al., 2022; Wang and Xin, 2022; Yang
et al., 2023; Luo et al., 2024). In this evaluation,
we used the following metrics:

• Accuracy — "None": Accuracy when the
ground truth is "None" and the model cor-
rectly predicts "None".
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• Accuracy — "Dontcare": Accuracy when
the user indicates no preference ("dontcare")
and the model correctly captures it.

• Accuracy — "Copy_value": Accuracy when
the model correctly copies a value from the
user’s utterance.

• Accuracy — "True": Accuracy when the
ground truth is "true" and the model predicts
"true".

• Accuracy — "False": Accuracy when the
ground truth is "false" and the model predicts
"false".

• Accuracy — "Refer": Accuracy in cor-
rectly identifying references to previously
mentioned slot values.

• Accuracy — "Inform": Accuracy in cor-
rectly predicting values explicitly provided
(informed) by the user.

• Slot Accuracy (SA): Slot Accuracy evaluates
the model’s ability to correctly predict each
individual (domain, slot, value) triplet at every
dialogue turn. Unlike JGA, which requires the
entire set of predicted belief states to exactly
match the ground truth, SA compares each
slot prediction independently. A prediction
is counted as correct only if the domain, slot
name, and slot value all match the ground
truth (Wu et al., 2019).

The results of this analysis are presented in Ta-
ble 3. They demonstrate that our findings in JGA
are consistent with the slot-level metrics, which pro-
vide a more fine-grained evaluation compared to
JGA. These metrics also reveal the same trend dis-
cussed in Section 3.2: models such as GPT-4o and
Claude 3.5 Sonnet experience more pronounced
performance degradation, further supporting our
observations.

E Verification of Data Quality

E.1 Human Evaluation

In this paper, we introduced a novel method for in-
corporating a second user’s utterance to simulate a
multi-user dialogue environment. This section out-
lines the manual evaluation conducted to assess the
quality of the generated utterances and the dataset
constructed using our approach.

To perform this evaluation, we manually re-
viewed 100 dialogues—representing 10% of the
total dataset—based on specific criteria. Three eval-
uators, all volunteers from the authors’ research
group, were tasked with assessing the selected dia-
logues according to the following dimensions:

• Absence of Bias: Identification of biased or
inappropriate content in user2 utterances.

• Utterance Quality: Assessment of fluency
and coherence within the dialogue context.

• Slot Consistency: Verification that introduc-
ing user2 does not inadvertently alter slot val-
ues, which would introduce noise.

The results of this evaluation are summarized in
Table 4. First, no instances of biased or inappropri-
ate content were found in the reviewed dialogues,
confirming that user2 utterances consistently main-
tained a neutral and respectful tone. We attribute
this to the controlled generation process, where
user2 responses are tightly constrained by the con-
text provided by user1.

Second, 92.68% of user2 utterances were judged
as natural and contextually appropriate, indicating
that our generation method effectively preserves
dialogue coherence. The remaining cases exhib-
ited minor awkward phrasing or slight tonal mis-
matches, but these did not significantly hinder com-
prehension.

Third, slot value consistency was maintained in
94.51% of the dialogues, suggesting that the inclu-
sion of user2 rarely introduced unintended semantic
shifts. In the few inconsistent cases, the discrep-
ancies were due to subtle rephrasings that altered
the slot interpretation slightly, rather than clear-
cut errors. Notably, this consistency rate reflects
a deliberately strict evaluation policy: evaluators
were instructed to mark a slot as inconsistent when-
ever ambiguity was present, regardless of dataset
constraints.

For example, consider the following exchange:

• User1: "I need to find a hotel that has free
parking."

• User2: "Make sure the hotel offers free park-
ing for both of us."

• Slot: hotel-parking = Yes
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Models "None" "Dontcare" "Copy_value" "True" "False" "Refer" "Inform" SA JGA

GPT-4o (Zero-shot) 94.8 74.6 90.6 96.6 89.7 7.8 64.0 94.4 57.82
w/ user2 utterances -3.4 -29.3 -40.6 -27.8 -22.8 -0.1 -25.8 -5.2 -3.54
GPT-4o (One-shot) 94.7 83.2 92.2 67.3 89.0 9.7 68.3 94.3 58.42
w/ user2 utterances -0.1 -4.7 -0.8 -2.9 -1.4 -1.9 -4.0 -2.0 -2.16
o4-mini 94.6 80.2 92.7 67.1 88.3 6.5 59.2 94.1 56.82
w/ user2 utterances -0.1 -0.9 -0.8 -0.3 -1.4 -0.3 -1.4 -0.6 -2.61
Claude 3.5 Sonnet 96.2 75.9 93.6 66.8 87.6 9.7 63.3 95.7 62.08
w/ user2 utterances -0.2 -2.2 -0.3 -0.7 -10.7 -1.3 -0.8 -3.3 -3.26
Gemini-2.0-Flash 88.2 4.7 20.7 26.7 23.4 0.8 19.2 84.8 35.26
w/ user2 utterances -0.2 -0.2 -0.3 -2.7 -0.6 -0.3 -0.3 -0.2 -2.32
LLaMA-3.1-8B 86.0 27.6 29.1 39.4 29.0 5.9 23.4 83.1 27.96
w/ user2 utterances -0.8 -17.3 -8.1 -12.2 -6.9 -0.1 -7.0 -1.1 -1.06
Gemma-2-9B 91.3 34.5 74.8 60.8 57.2 15.4 52.8 90.2 43.52
w/ user2 utterances -0.7 -1.7 -2.4 -0.6 -2.8 -2.5 -2.1 -0.8 -1.36

Table 3: The performance of each LLM model for zero-shot DST in slot-level metrics.

Absence of Bias Utterance Quality Slot Consistency
Ratio (%) 100.00 92.68 94.51

Table 4: Results of the human evaluation. A higher ratio
indicates better performance.

In this case, the slot was marked as inconsistent,
based on the interpretation that user2 implicitly re-
quests an additional parking space. However, in
MultiWOZ 2.1, the hotel-parking slot is bi-
nary (e.g., yes/no), and the model is not expected
to distinguish between single or multiple parking
requests. Thus, while human annotators may per-
ceive this as inconsistent, such differences are typ-
ically irrelevant to the DST model. In this sense,
the reported 5.49% inconsistency rate should be
viewed as an upper bound, reflecting a conservative
human-centric judgment rather than an estimate of
likely performance degradation (e.g., in JGA).

E.2 Ablation Study on Clean Dialogues

In addition to the human evaluation, we conducted
an ablation study using 100 dialogues that had been
flagged by evaluators as containing no slot incon-
sistencies. This experiment was carried out using
GPT-4o, and the results are presented in Table 5.
The findings reveal a similar pattern of performance
degradation, even in these clean dialogues. This
suggests that the minor inconsistencies identified
during manual inspection do not significantly affect
the overall conclusions of the study.

Attr. Hotel Rest. Taxi Train Avg.

GPT-4o 39.4 43.4 60.9 62.8 62.6 53.82
w/ user2 utterances -7.4 -2.6 -2.2 -0.5 -5.3 -3.60

Table 5: Performance of GPT-4o on clean dialogues
without inconsistent slots.

F Error Analysis

This section provides an analysis of the errors in-
duced by the introduction of user2 utterances in
multi-user DST. We manually investigated cases
where the LLM correctly inferred slot values in
the original dataset but misclassified them when
the dataset was extended with additional user utter-
ances. Errors primarily fall into two categories: (1)
errors in extracting the correct slot value and (2)
errors in identifying the correct slot type. Below,
we provide examples and discussions for each type.

Table 6 shows a conversation where the user
asks for information about "Warkworth House." In
the single-user scenario, the LLM correctly identi-
fies "Warkworth House" as the value of the Hotel-
Name slot. However, once an additional user2 ut-
terance is introduced (expressing curiosity about
the history of Warkworth House), the model fails
to track the intended hotel name. This suggests
that the extra mention of historical information de-
flects the model’s attention, causing it to overlook
the slot value relevant to user1’s primary request.
Importantly, the problem seems to stem from the
model’s difficulty in separating the primary user
request (i.e., user1 is explicitly asking for hotel de-
tails) from the ancillary utterance by user2. Even
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though the instructions clearly state that user1’s
state should be tracked, the presence of another
speaker’s query creates an implicit context shift.
As a result, the model may conflate or ignore the
critical slot values it had previously captured.

In addition to missing values, multi-user in-
put can also cause the model to produce erro-
neous slot types. Table 7 demonstrates an example
where the user requests a Mediterranean restaurant.
In the single-user context, the LLM assigns the
Restaurant-Food slot as "Mediterranean," which
is correct. However, once user2 joins the con-
versation expressing enthusiasm for a "Mediter-
ranean experience" in the center of town, the model
additionally (and incorrectly) infers a Restaurant-
Area slot value of "dontcare." This misprediction
underscores how user2’s mention of a location
can trigger confusion about the user’s overall con-
straints or preferences. The second user’s state-
ments appear to "override" or complicate the origi-
nal request, leading the model to infer a new slot
type (Restaurant-Area) even though user1 never
expressed indifference about the area. Such dis-
crepancies highlight a lack of robust multi-user
grounding in the model: it fails to distinguish sepa-
rate user1 requirements from user2 remarks.

These errors collectively illustrate the challenges
in scaling dialogue state tracking to multi-user sce-
narios. Both examples suggest that LLMs struggle
to track the request of the primary user and disen-
tangle the utterance of the other user. In multi-user
dialogue applications (e.g., group travel planning or
collaborative booking platforms), these behaviors
could significantly degrade user experience and
system reliability. Future efforts must address how
best to isolate or merge multiple users’ goals to
avoid contaminating one user’s state with another’s.
Potential mitigation strategies include more explicit
prompts that separate user1’s goals from user2’s ut-
terance, or neural architectures that model each
speaker’s state in parallel and then reconcile them
at the system level. Overall, our results confirm that
incorporating additional speakers in dialogue am-
plifies existing challenges in DST, highlighting the
need for further research into robust, speaker-aware
state tracking mechanisms.

Original MultiWOZ 2.1 w/o User2 Utterance
User: Do you have information about the Warkworth
House?
[Hotel-Name: Warkworth House]
Extended MultiWOZ 2.1 w/ User2 Utterance
User1: Do you have information about the Warkworth
House?
User2: I’m curious about the history of Warkworth House
too!
[Hotel-Name: ?]

Table 6: The error case where the LLM failed to extract
the correct slot value when the user2 utterance is intro-
duced.

Original MultiWOZ 2.1 w/o User2 Utterance
Agent: I have curry garden for Indian in the centre of town,
but no south indian.
User: What about one that serves mediterranean?
[Restaurant-Food: mediterranean]
Extended MultiWOZ 2.1 w/ User2 Utterance
Agent: I have curry garden for Indian in the centre of town,
but no south indian.
User1: What about one that serves mediterranean?
User2: I’m in for a Mediterranean experience. Let’s ex-
plore some top-notch options in the center together!
[Restaurant-Food: mediterranean, Restaurant-Area: dont-
care]

Table 7: The error case where the LLM failed to predict
the correct slot type when the user2 utterance is intro-
duced.
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G Prompt Design

G.1 Prompt for Identification of Speech Act Type
Note that we shuffle the order of four options for each turn, to avoid biased identification (Lu et al., 2022).

Examine the previous dialogue history and choose the appropriate strategy for the utterance of User2 among the four options
↪→ below. Considering the previous conversation, choose appropriate, unbiased representation for diversity.

Dialogue history so far:
{DIALOGUE HISTORY}

Current turn:
Agent: {AGENT UTTERANCE}
User1: {USER1 UTTERANCE}
User2: <New utterance to be generated>

Your task and requirements:
- Select one option among the four options mentioned below:

- Constatives : committing the speaker to something’s being the case (answering, claiming, confirming, denying,
↪→ disagreeing, stating)

- Directives : attempts by the speaker to get the addressee to do something (apologizing, greeting, thanking, accepting an
↪→ acknowledgment)

- Commissives : committing the speaker to some future course of action (advising, asking, forbidding, inviting, ordering,
↪→ requesting)

- Acknowledgments : express the speaker’s attitude regarding the hearer with respect to social action (promising, planning
↪→ , vowing, betting, opposing)

- Output must be same words in prompt type option "Constatives", "Directives", "Commissives", "Acknowledgments".

G.2 Prompt for Utterance Generation

You are User2, a friend of User1. Your role is to casually communicate with User1 between Agent in less than 20 words
↪→ following generation guide. User1 and User2 are talking to Agent.

Dialogue history so far:
{DIALOGUE HISTORY}

Current turn:
User1: {USER1 UTTERANCE}
User2: <New utterance to be generated>
Fixed slots: {SLOT VALUE OF CURRENT TURN}

Your task and requirements:

- Generate an appropriate utterance for User2 to respond to User1.
- Do not modify existing Current fixed slot and values or introduce new slot and values.
- Do not generate repeated utterances. (Ex. starting with ’Let’s’or ’That sounds’)
- Do not ask questions to User1. Only ask to Agent. Because the Agent will respond in the next turn.\n"
- Do not mention explitcitly word ’Agent’.\n"
- Note that you are in same circumstances with User1.
- Types of generated dialogues of User2: {UTTERANCE TYPE}

G.3 Prompt for Validation of Generated Utterance

You will be given a conversation sequence consisting of three parts:
1. Agent’s response to previous Generated_User1 (‘A‘): {AGENT UTTERANCE}
2. User1’s original utterance (‘U1‘): {USER1 UTTERANCE}
3. Generated_User2’s transformed utterance (‘U2‘): {USER2 UTTERANCE}

Your task is to check the consistency of the sequence:
1. Check if User2’s utterance (‘U2‘) is logically consistent with User1’s original utterance (‘U1‘).
2. Verify that Generated_User2’s (‘U2‘) slots match the current slot values from User1 (‘U1‘) slot: {SLOT VALUE OF CURRENT

↪→ TURN}.
Output ’True’ if both criteria 1 and 2 are met. Otherwise, output ’False’. Output: [True / False]
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G.4 Prompt for Experiment
Note that this is a slightly updated version of the prompt design suggested by the previous study, consider-
ing the existence of user2 (Heck et al., 2023).

Consider the following list of concepts, called "slots" provided to you as a json list.

"slots": {
"taxi-leaveAt": "the departure time of the taxi",
"taxi-destination": "the destination of the taxi",
"taxi-departure": "the departure of the taxi",
"taxi-arriveBy": "the arrival time of the taxi",
"restaurant-book_people": "the amount of people to book the restaurant for",
"restaurant-book_day": "the day for which to book the restaurant",
"restaurant-book_time": "the time for which to book the restaurant",
"restaurant-food": "the food type of the restaurant",
"restaurant-pricerange": "the price range of the restaurant",
"restaurant-name": "the name of the restaurant",
"restaurant-area": "the location of the restaurant",
"hotel-book_people": "the amount of people to book the hotel for",
"hotel-book_day": "the day for which to book the hotel",
"hotel-book_stay": "the amount of nights to book the hotel for",
"hotel-name": "the name of the hotel",
"hotel-area": "the location of the hotel",
"hotel-parking": "does the hotel have parking",
"hotel-pricerange": "the price range of the hotel",
"hotel-stars": "the star rating of the hotel",
"hotel-internet": "does the hotel have internet",
"hotel-type": "the type of the hotel",
"attraction-type": "the type of the attraction",
"attraction-name": "the name of the attraction",
"attraction-area": "the area of the attraction",
"train-book_people": "the amount of people to book the train for",
"train-leaveAt": "the departure time of the train",
"train-destination": "the destination of the train",
"train-day": "the day for which to book the train",
"train-arriveBy": "the arrival time of the train",
"train-departure": "the departure of the train"

}

Some "slots" can only take a value from predefined list:

"categorical": {
"hotel-pricerange": ["cheap", "moderate", "expensive"],
"hotel-area": ["north", "south", "east", "west", "centre"],
"hotel-parking": ["yes", "no"],
"hotel-internet": ["yes", "no"],
"hotel-type": ["hotel", "guest house"],
"restaurant-pricerange": ["cheap", "moderate", "expensive"],
"restaurant-area": ["north", "south", "east", "west", "centre"],
"attraction-area": ["north", "south", "east", "west", "centre"]

}

Now consider the following dialogue between more than two parties called the "system", "user1", and "user2".

Can you make answer as JSON ouput format which of the "slots" were updated by the "user1" in its latest response to the "
↪→ system" refer to "slots" JSON list?

Present the updates in JSON format for each "slot" that was updated. There has no more than one update per "slot".
If no "slots" were updated, return an empty JSON list. If you encounter "slots" that were requested by the "user1" then fill

↪→ them with "?". If a user does not seem to care about a discussed "slot" fill it with "dontcare".
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