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Abstract

Consistency identification in task-oriented dialog
(CI-ToD) typically consists of three sub-tasks:
User Query Inconsistency (QI) identification, Dia-
logue History Inconsistency (HI) identification, and
Knowledge Base Inconsistency (KBI) identifica-
tion, which aim to determine inconsistent relation-
ships between system response and user query, di-
alogue history, and knowledge base. Previous ap-
proaches focus on the exploration of deep learning
models for CI-ToD. While these models achieve re-
markable progress, they still rely on large amounts
of labeled data, which is hard to achieve in real-
world scenarios. Motivated by this, in the paper,
we aim to explore large language models for CI-
ToD, which do not require any training data. In
addition, we further introduce a multi-agent col-
laboration framework (MAC-CIToD) to model the
interaction across three sub-tasks in CI-ToD, in-
cluding (1) Full Connection paradigm, (2) Cycle
Connection paradigm, and (3) Central Connec-
tion paradigm, which effectively builds interaction
across QI, HI, and KBI. Experiments on the stan-
dard benchmark reveal that our framework achieves
superior performance. Additionally, we compare
MAC-CIToD with the most advanced trained ap-
proaches and find that its zero-shot performance on
most metrics even surpasses that of models after
training on the CI-ToD dataset.

1 Introduction

Consistency identification in task-oriented dialogue (CI-ToD)
is a critical task to detect various categories of dialogue hal-
lucinations [Dziri ef al., 2021; Li et al., 2022; Huang et al.,
2023; Zhang et al., 2023; Liu et al., 2024]. Such hallucina-
tions in dialogue systems can lead to responses that are in-
consistent with the user query, the knowledge base, or the
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Figure 1: Traditional method for CI-ToD requires large amounts of
labeled data (a). Directly using the current large language model for
CI-ToD tasks can solve the need for labeled data (b). Our framework
can further improve the performance of LLM and do not rely on any
labeled data (c).

dialogue history [Qin ef al., 2021], which results in users re-
ceiving incorrect or misleading feedback, ultimately dimin-
ishing the overall user experience. Given the importance of
this issue, researchers are concentrating on detecting consis-
tency and addressing hallucinations in system responses by
aligning them with both the dialogue context and the knowl-
edge base, which gains increasing attention.

In the literature, CI-ToD typically contains three sub-tasks:
user query inconsistency identification (QI), dialogue history
inconsistency identification (HI) and knowledge base incon-
sistency identification (KBI), to judge whether the dialogue
response are inconsistent with the user query, the knowl-
edge base, or the dialogue history [Qin et al., 2021]. Since
the three sub-tasks are highly tied, the previous approaches
mainly focus on how to model the interaction across QI,
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HI and KBI [Chen et al., 2017; Balaraman et al., 2021;
Qin et al., 2021]. Specifically, Qin et al. [2021] introduce
a vanilla multi-task framework to implicitly model the inter-
action across QI, HI and KBI. CGIM [Qin et al., 2022] intro-
duces a cycle-interactive learning model that leverages triple-
interaction mechanisms to explicitly consider the interaction
between the three sub-tasks. Recently, Ding et al. [2024] de-
velop a plug-and-play adapter to integrate external knowledge
for CI-ToD, achieving promising performance.

While these methods have achieved notable success, tra-
ditional approaches still heavily rely on high-quality train-
ing data, which remains challenging to obtain in practical
applications (see Figure 1 (a)). Recently, large language
models (LLMs) have garnered considerable attention for
their remarkable performance across numerous tasks [Zhao
et al., 2023; Qin et al., 2024; Liang et al., 2024; Vat-
sal and Dubey, 2024; Wang et al., 2025; Qin et al., 2025;
Chen et al., 2025]. Unfortunately, there is little study ex-
ploring LLM for CI-ToD, which is a potential approach to
alleviate the data scarcity.

Motivated by this, we make the first attempt to investigate
LLM for CI-ToD, which does not require any training data
(see Figure 1 (b)). However, unlike applying LLM for other
tasks, the unique challenge for LLM in CI-ToD is how to ef-
fectively model the interaction across the related sub-tasks:
QI, HI and KBI in CI-ToD. Inspired by this, we further in-
troduce a multi-agent collaboration framework for CI-ToD
(MAC-CIToD), which is shown in Figure 1 (c). Specifically,
we explore three collaboration paradigms in MAC-CIToD: (1)
Full Connection paradigm, where each agent is fully con-
nected with all other agents, allowing for comprehensive in-
formation exchange among multiple agents; (2) Cycle Con-
nection paradigm, where agents exchange information with
neighboring agents to enhance response generation by intro-
ducing diverse perspectives, encouraging agents to incorpo-
rate knowledge from different angles; and (3) Central Con-
nection paradigm, which prioritizes information exchange in-
volving a central agent while allowing other agents to collab-
orate selectively, facilitating the transmission of effective in-
formation to the central agent and ensuring communication
among the remaining agents.

We evaluate our framework in the standard benchmark, and
experimental results show that MAC-CIToD outperforms all
baseline LLM agent approaches. Additionally, it surpasses
the previously trained state-of-the-art approach in most eval-
uation metrics, further demonstrating its superiority.

The contribution of this work can be summarized as:

* To the best of our knowledge, we are the first to inves-
tigate LLM for CI-ToD, which does not require any la-
beled data.

* We further introduce a novel multi-agent collaboration
framework (MAC-CIToD) for CI-ToD task and system-
atically explore three collaboration paradigms, hoping to
provide insights for further research.

* Experiments on the standard benchmark demonstrate
that MAC-CIToD achieves superior performance. In
addition, MAC-CIToD can even surpass previous ap-
proaches with training on most metrics.
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Figure 2: Consistency identification in task-oriented dialog (CI-
ToD) including User Query Inconsistency (QI), Dialogue History
Inconsistency (HI), and Knowledge Base Inconsistency (KBI). QI
denotes that the system response is inconsistent with user query (a).
HI denotes that the system response is inconsistent with previous
dialogue history (b). KBI denotes that the system response is incon-
sistent with the knowledge base (c). Cross mark represents incon-
sistency.

To facilitate the further research, our code will be available
at https://github.com/WPENGxs/MAC-CIToD.

2 Problem Definition

Consistency identification in task-oriented dialogue (CI-ToD)
is considered as a multi-label classification task [Qin et
al., 2021]. Specifically, based on the input dialogue his-
tory H = {(d%,d5),(dy,d3), ..., (d%_y,d5_1)}, the cor-
responding knowledge base KB, the user query d, and the
system response d; , the model needs to determine the incon-
sistency and outputs the corresponding inconsistency label set
L. It can be defined as:

L = Model (H, KB, d%, d;), (1)

Y E'n 'n

where the label set L = {Lqr, Lur, Lxpr} represents the
inconsistency labels in (¢) User Query Inconsistency (QI) be-
tween the user query d* and the system response d;, (see Fig-
ure 2 (a)); (¢¢) Dialogue History Inconsistency (HI) between
the dialogue history H and the system response d;, (see Fig-
ure 2 (b)); and (z22) Knowledge Base Inconsistency (KBI) be-
tween the corresponding knowledge base '3 and the system
response d.,, (see Figure 2 (c)).

3 MAc-CIToD

In this work, we introduce a multi-agent collaboration frame-
work for CI-ToD (MAC-CIToD) to build interaction across
QI HI, and KBI. Specifically, MAC-CIToD includes two
parts: (1) CI-ToD Basic Agents (§3.1) define basic agents for
each type of inconsistency, and (2) Collaboration Paradigms
(§3.2) describe the advanced multi-agent collaboration be-
tween basic agents.

3.1 CI-ToD Basic Agents

To model sub-tasks in CI-ToD, we construct three basic
agents for each type of inconsistency, including QI Agent,
HI Agent, and KBI Agent, which is shown in Figure 3 (a).


https://github.com/WPENGxs/MAC-CIToD
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Figure 3: The main framework of MAC-CIToD. Figure (a) presents the architecture of CI-ToD basic agents. Figure (b, c, d) presents the

different multi-agent collaboration paradigms.

QI Agent. Based on the full dialogue D, QI Agent deter-
mines whether the dialogue contains User Query Inconsis-
tency. It can be defined as:

Agr = argmax P (.A%IWDQL D) , 2)
QI

where Py represents the prompt about QI. Full dialogue
D = {(d{,d}),(d3,d3) ..., (dy;,dy)}. Aqr represents QI
answer of the LLM, where L can be parsed from it. Ag I
is the potential answering path.

HI Agent. Based on the dialogue history H and the system
response d;,, HI Agent determines whether the dialogue con-
tains Dialogue History Inconsistency. It can be defined as:

AHI = argmaXP(A%ﬂPHI;lHadfz)v (3)
HI

where Py represents the prompt about HI. A represents
HI answer of the LLM, where Ly can be parsed from it.
AV, is the potential answering path.

KBI Agent. Based on the knowledge base KB and the sys-
tem response d;,, KBI Agent determines whether the dialogue
contains Knowledge Base Inconsistency. It can be defined as:

Axpr = ar}g{r;l?xP(A};(BﬂPKB],/CB,de), 4)

where Py g represents the prompt about KBI. Ak gy repre-
sents KBI answer of the LLM, where Ly can be parsed
from it. A% 5, is the potential answering path.

Prompt Detail. To enhance performance in this task and
unlock the ability of LLM, we design the specialized prompt
for QI Agent, HI Agent, and KBI Agent, which is shown as:

[Basic Prompt Py,;c] : You are an expert at ...
[Task Definition P, q1] :
QD /
Base Inconsistency (KBI) denotes that ...

[Output Constraints P,,,s] : ...give your reasons and
output the json format of ...

User Query Inconsistency
/ Knowledge

These prompt can be defined as:

e Basic Prompt Py, allows LLM to perform role-
playing through expert prompts.

e Task Definition P, provides definitions of each type
of inconsistency in CI-ToD task for QI Agent, HI Agent,
and KBI Agent.

* Output Constraints P,,,s restrict the output format of
LLM so that label £ can be accurately extracted.

The overall structure of our prompt P is as follows:

P = (Pbasica Ptas]m Pcons) .

3.2 Collaboration Paradigms

After obtaining the answers Ag'7", A7, AR from the ini-
tial turn of CI-ToD Basic Agents, we set up different collab-
oration paradigms in the following turns to model their con-
tribution on the final answer of CI-ToD. Below is a detailed
explanation of three collaboration paradigms.

&)

Full Connection. To enable all agents to make decisions
based on comprehensive information, the full connection
paradigm assists the agent in the second turn by providing
the labels from CI-ToD basic agents in the initial turn, as il-
lustrated in Figure 3 (b). This approach allows the large lan-
guage model to comprehensively reference all information,

8261



Proceedings of the Thirty-Fourth International Joint Conference on Artificial Intelligence (IJCAI-25)

Method QIF1 HIF1 KBI F1 Overall Acc.
Traditional method?

BERT-multi-task [Devlin ez al., 2019] 0.691 0.555 0.740 0.500
XLNet-multi-task [Yang, 2019] 0.725 0.487 0.736 0.509
Longformer-multi-task [Beltagy er al., 20201  0.717 0.500 0.710 0.497
BART-multi-task [Lewis et al., 2020] 0.744 0.510 0.761 0.513

CGIM [Qin e al., 2022] 0.764 0.567 0.772 0.563

PPA [Ding et al., 2024] 0.772 0.624 0.781 0.592

Llama-3.1-8B-Instruct [Dubey e al., 2024]

Reflexion [Shinn et al., 2024] 0.376 0.175 0.312 0.094
Debate [Liang e al., 2023] 0.372 0.152 0.403 0.075

s3 Agent [Wang et al., 2024b] 0.693 0.350 0.591 0.213
MAC-CIToD (Full Connection) 0.706 (+0.013)  0.480 (+0.130) 0.619 (+0.028)  0.242 (+0.029)
MAC-CIToD (Cycle Connection) 0.727 (+0.034)  0.483 (+0.133)  0.677 (+0.086) 0.301 (+0.088)
MAC-CIToD (Central Connection) 0.753 (+0.060)  0.500 (+0.150) 0.586 (-0.005)  0.283 (+0.070)

gpt-3.5-turbo [OpenAl, 2022]

Reflexion [Shinn et al., 2024] 0.491 0.285 0.530 0.330
Debate [Liang e al., 2023] 0.579 0.351 0.626 0.194

s3 Agent [Wang et al., 2024b] 0.328 0.165 0.332 0.191
MACc-CIToD (Full Connection) 0.800 (+0.221)  0.545 (+0.194) 0.513 (-0.113)  0.418 (+0.088)
MAC-CIToD (Cycle Connection) 0.748 (+0.169)  0.528 (+0.177)  0.573 (-0.053)  0.415 (+0.085)
MAC-CIToD (Central Connection) 0.756 (+0.177)  0.597 (+0.246)  0.537 (-0.089)  0.406 (+0.076)

GLM-4-9B-chat [GLM et al., 2024]

Reflexion [Shinn et al., 2024] 0.734 0.357 0.588 0.342
Debate [Liang er al., 2023] 0.633 0.360 0.668 0.230

s3 Agent [Wang et al., 2024b] 0.583 0.056 0.312 0.336
MAC-CIToD (Full Connection) 0.804 (+0.070)  0.366 (+0.006)  0.697 (+0.029) 0.427 (+0.085)
MAC-CIToD (Cycle Connection) 0.782 (+0.048)  0.467 (+0.107)  0.660 (-0.008)  0.437 (+0.095)
MAC-CIToD (Central Connection) 0.742 (+0.008)  0.488 (+0.128) 0.680 (+0.012)  0.408 (+0.066)

Gemma-2-9B-It [Team et al., 2024]

Reflexion [Shinn et al., 2024] 0.410 0.304 0.384 0.201
Debate [Liang e al., 2023] 0.481 0.207 0.448 0.198

s3 Agent [Wang et al., 2024b] 0.815 0.538 0.660 0.522
MAC-CIToD (Full Connection) 0.884 (+0.069)  0.624 (+0.086) 0.687 (+0.027) 0.474 (-0.048)
MAC-CIToD (Cycle Connection) 0.902 (+0.087) 0.621 (+0.083) 0.688 (+0.028) 0.474 (-0.048)
MAC-CIToD (Central Connection) 0.896 (+0.081)  0.468 (-0.070)  0.671 (+0.011)  0.333 (-0.189)

gpt-4o [Achiam er al., 2023]

Reflexion [Shinn ef al., 2024] 0.702 0.482 0.724 0.506
Debate [Liang et al., 2023] 0.798 0.520 0.766 0.484
s Agent [Wang et al., 2024b] 0.700 0.254 0.670 0.455
MAC-CIToD (Full Connection) 0.886 (+0.088)  0.550 (+0.030) 0.835 (+0.069) 0.512 (+0.006)
MaAc-CIToD (Cycle Connection) 0.910 (+0.112) 0.582 (+0.062)  0.840 (+0.074) 0.556 (+0.050)
MaAc-CIToD (Central Connection) 0.904 (+0.106)  0.629 (+0.109) 0.831 (+0.065) 0.584 (+0.078)

Table 1: Main results. Bold number presents the best results achieved by these methods on the current model.  represents that these models
or frameworks in traditional methods have been trained on the CI-ToD dataset. The performance of MAC-CIToD gains/drops relative to the

baseline best result are highlighted with blue/red in the Table.

thereby promoting a more accurate determination. Taking HI
as an example, it can be formally defined as:

Apr = argmax P (A} [Prr, L™ H, dy,) . (6)
HI

where L% represents all inconsistent labels. For CI-ToD
task, L7 = (LG, L3, L)

Cycle Connection. To enable agents to leverage informa-
tion from other perspectives, the cycle connection allows all
neighboring agents to transmit the corresponding inconsistent
labels in one direction of the cycle, as shown in Figure 3 (c).
This ensures that all agents receive the same amount of in-
formation and incorporate knowledge from multiple angles.
Taking HI as an example, it can be defined as:

Agr = argmax P (A} |Pyr, L0000 H,d5) , (T)
HI

8262

where £ represents the inconsistent label from nearby
agent. For CI-ToD task and set the starting direction to
QI — HI, Ly, = L, in the QL agent, Lyt = L&

near near

in the HI agent, £ = £ in the KBI agent.

near

Central Connection. To enable certain agents to access
more information for enhanced performance, while allowing
other agents to collaborate selectively. The central connection
paradigm selects a central agent to receive all labels from the
other agents. In contrast, the remaining agents exchange la-
bels with each other, as shown in Figure 3 (d). This ensures
that more information flows into the central agent while other
agents get the necessary reference information. Taking HI as
the central agent as an example, it can be defined as:

central

App = argmax P (AY [Py, Lk, H,d5),  (8)
HI
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othe

Agr = argmgxP (AZI\PQI7E§<H§§1,D) , )
QI

other

Axpr = argmax P (A}, |Pxpr, L1, KB, d3) ., (10)
KBI

where central agent accepts more inconsistent information,
]Linit _ ( init Einit )
other — QI »~KBI)*

4 Experiments

4.1 Experimental Settings

Following previous work [Qin et al., 2021; Qin et al., 2022;
Ding et al., 2024], we use the standard CI-ToD benchmark
for experiments. For the evaluation, we employ four metrics
based on prior work: QI F1, HI F1, KBI F1, and overall Acc.
We conduct experiments on five backbones: Llama-3.1-
8B-instruct [Dubey et al., 2024], GLM-4-9B-Chat [GLM
et al., 2024], Gemma-2-9B-It [Team et al., 2024], gpt-3.5-
turbo [OpenAl, 2022], and gpt-4o [Achiam et al., 2023].
All open source models are obtained from HuggingFace Li-
brary [Wolf er al., 2020]. For the GPT series models, the
temperature is 0.3, the top p is 1, and the output max token
length is 512. For the open source model, the temperature is
0.7, the top p is 0.8, and the output max token length is 512.

4.2 Baselines

For traditional methods, we select six models and frame-
works, including BERT [Devlin et al., 2019], XLNet [Yang,
20191, Longformer [Beltagy ef al., 20201, BART [Lewis et
al., 2020], CGIM [Qin et al., 2022], and PPA [Ding et al.,
2024]. In the traditional method, the performance of PPA is
derived from Ding er al. [2024], and other performance is de-
rived from Qin ef al. [2022].

For the LLM-based approaches, we select the following
representative approaches, including:

e Reflexion [Shinn et al., 2024]: Reflexion enhances
the performance of the LLM on a certain task through
LLM’s self-reflection and iterative optimization.

e Debate [Liang ef al., 2023]: Debate aims to enhance
LLM’s understanding of the same problem through dis-
cussion between two roles, and finally let the LLM ref-
eree decide the party most likely to be correct, and fi-
nally get an answer.

» 53 Agent [Wang et al., 2024b]: S? Agent uses the
multi-agent system to solve the problem from multiple
perspectives, and the decision agent makes the final de-
cision based on these perspectives. This avoids bias and
errors caused by a single perspective and improves the
performance of the LLM on specific tasks.

4.3 Main Results

The main results are shown in Table 1. We otain the following
observations:

(1) These advanced agent methods still have a gap from
the performance of traditional methods. Simply using
stronger LLM could not fully solve the CI-ToD task. Even
the most advanced model (gpt-40) can only exceed the per-
formance of the early traditional method BART-multi-task,
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Method Overall Acc
Llama-3.1-8B-Instruct
CI-ToD Basic Agents 0.145
MAC-CIToD (worst connection method)  0.242 10.097
MAC-CIToD (best connection method) 0.301 10.156
gpt-3.5-turbo
CI-ToD Basic Agents 0.406
MAC-CIToD (worst connection method)  0.406 10.000
MAC-CIToD (best connection method) 0.418 10.012
gpt-4o

CI-ToD Basic Agents 0.484
MAC-CIToD (worst connection method) 0.512 10.028
MAC-CIToD (best connection method) 0.584 10.100

Table 2: The results of CI-ToD Basic Agents and MAC-CIToD. We
selected the best and worst performance of MAC-CIToD for com-
parison based on overall Acc.

and it still could not surpass CGIM, with a gap of 5.7% in
overall Acc.

(2) Our framework attains best performance after col-
laboration. MAC-CIToD demonstrates superior performance
compared with LLM agent baselines, and outperforms trained
traditional methods. The zero-shot performance of MAC-
CIToD on gpt-4o comprehensively surpasses the results of
the best traditional method, PPA. Specifically, the improve-
ments in MAC-CIToD (Central Connection) are 13.2% for QI
F1, 0.5% for HI F1, and 5.0% for KBI F1.

(3) Even on smaller LLMs, our method can still achieve
competitive performance compared to traditional methods.
On smaller LLMs, we can see that the F1 metrics are equal
to or even exceed traditional methods, for example, the per-
formance on Llama-3.1-8B-instruct and GLM-4-9B-Chat is
close to the performance of the traditional method BERT.
This shows that our multi-agent collaboration paradigms can
help smaller LLMs better complete complex CI-ToD tasks.

4.4 MAC-CIToD Remains Robust For All
Connection Paradigms

To explore the robustness of MAC-CIToD connection
paradigms, we show the detailed performance of the CI-ToD
Basic Agents and MAC-CIToD, which is shown in Table 2.

It can be seen that the performance of CI-ToD Basic Agents
is improved after multi-agent collaboration, with an average
improvement of 6.5%, which shows that LLM can make full
use of the label information to further improve performance.
Additionally, our results from the worst and best connection
paradigms show that, in the CI-ToD task, the performance
of LLMs improves across all connection paradigms. This
demonstrates the robustness of the different connection strate-
gies employed by MAC-CIToD.
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Input information gpt-4o GLM-4-9B-chat  gpt-3.5-turbo  Llama-3.1-8B-Instruct
HI Agent 0.537 0.432 0.545 0.356

+ QI Information 0.582 10.045  0.467 10.035 0.528 10.017 0.483 10.127

+ QI, KBI Information 0.629 10.092 0.488 10.056 0.597 10.052 0.500 10.144

+ QI, KBI, HI Information  0.550 10.013  0.366 ]0.066 0.545 10.000 0.480 10.124

Table 3: The performance of different input information. HI Agent presents the performance of HI F1 in CI-ToD Basic Agents. “+ Infor-
mation” the performance of HI F1 in MAC-CIToD when inputting different information. Bold number presents the best results achieved by

these input information on the current model.

1.000 1.000
0.850 0-835 0.850 0756
0.722 150
0.700 0.700
0.550 0.492 0.550
0.400 0.400
@QIFI HIFI  KBIFI QIF1

(a) QI Agent as the central agent

(b) HI Agent as the central agent

1.000
0.850 0.810
0.734
0.700
0.597
0537 0.550 0.500
0.400
HI F1 KBI F1 QIF1 HIF1 KBI F1

(c) KBI Agent as the central agent

Figure 4: The results of different central agents in MAC-CIToD (Central Connection). This figure illustrates the F1 performance of MAC-
CIToD (Central Connection) while QI Agent (a), HI Agent (b), and KBI Agent (c) as the central agent. The reward sign on the left side of F1
indicates that the performance of this central agent is the best when compared to other agents serving as the central agent.

4.5 Information From Different Sub-tasks Can
Effectively Boost The Performance of The
Target Sub-task

In order to explore the impact of different sub-task informa-
tion on the further reasoning of LLM, we analyze the impact
of inputting different information on the HI Agent. The final
results are shown in Table 3.

From Table 3, we can draw three findings: (1) For most
LLMs, inputting the information from CI-ToD Basic Agents
can help MAC-CIToD to improve performance. For HI
Agent, it improved whether the amount of input information
is more or less. (2) The appropriate amount of information
input is conducive to the performance improvement. When
the HI Agent receives three different inputs of agents, the
QI and KBI input can fully stimulate the ability of the HI
Agent in most models, so that it can finally get the highest
HI F1. (3) The input of identical information leads to a dis-
ruptive effect on MAC-CIToD. For the HI agent, optimal per-
formance is consistently achieved when only QI and KBI are
input. When HI information is additionally included, perfor-
mance degrades compared to the scenario with just QI and
KBI. This suggests that redundant input information can mis-
lead the framework, resulting in less accurate label.

4.6 The Performance of The Central Agent is
Consistently The Best in MAC-CIToD Central
Connection

In order to test the impact of the different central agent in
the MAC-CIToD central connection, we use gpt-3.5-turbo to
test the performance of using QI, HI, and KBI Agent as the
central agent. The final results are shown in the Figure 4.

0.525
0.500 Full
; Cycle

5]

S 0.475

<

= 0450

=

é 0.425
0.400
0.375

Central

1 2 3 4 5
Turn (s)

Figure 5: The performance of MAC-CIToD in n-th turn. turn 1
presents CI-ToD Basic Agents.

It can be seen that the performance of the central agent is
always the best. When the QI Agent is the central agent, it
outperforms the HI Agent and KBI Agent by 7.9% and 2.5%
on QI F1; The HI Agent is the central agent, it outperforms
the QI Agent and KBI Agent by 10.5% and 9.7% on HI F1;
The KBI Agent is the central agent, it outperforms the QI
Agent and HI Agent by 1.2% and 19.7% on KBI F1. This
indicates that the performance of the central agent is consis-
tently superior, highlighting that the flow of information can
be effectively leveraged when the central agent coordinates
the interaction.

4.7 The Multi-turn Information Exchange in
MAcC-CIToD Can Further Improve The
Performance

We also explore the impact of multi-turn on performance.
Specifically, we use gpt-3.5-turbo to test the performance of
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Figure 6: Case study of (a) baseline methods, (b) CI-ToD Basic Agents, and (c) MAC-CIToD. When inputting knowledge base and dialogue,
baseline methods all output incorrect answers. The HI answer of CI-ToD Basic Agents is also incorrect firstly, but MAC-CIToD can modify

it correctly across information communication and utilization.

2-5 turns of three connection paradigms. The performance of
overall Acc. is shown in the Figure 5.

It can be seen that for the three connection paradigms, over-
all Acc. show an upward trend as the turn increases, cycle
connection can continue to rise, and full connection and cen-
tral connection achieve the best performance in the third and
fourth turns respectively. This shows that for multi-agent col-
laboration, more turns are needed so that the agents can fully
utilize the information and get the correct answer. At the
same time, we observe that all turns are higher than the initial
turn in overall Acc., which shows that multi-turn collabora-
tion can enhance the performance of the agent.

4.8 Case Study

In order to understand our method more intuitively, we show
a case study to specifically analyze the difference between the
baseline methods and our method.

When inputting a dialogue and knowledge base, the correct
labels are QI = 1, HI =0, and KBI = 1. As shown in Figure 6
(a), all baseline methods fail to predict labels correctly. In
Figure 6 (b), MAC-CIToD also makes an error in predicting
HI in the initial turn. However, after collaboration, which is
shown in Figure 6 (c), the HI agent can correct the mistake by
incorporating information from the previous turn. Ultimately,
MAC-CIToD outputs three correct labels.

5 Related Work

Consistency identification in task-oriented dialog aims to
check and ensure system response is consistent with knowl-
edge base and dialogue. Due to its importance in building
task-oriented dialogue systems, some works have focused
on building relevant datasets to improve the dialogue con-
sistency of dialogue models. Welleck et al. [2019] create a
Dialogue NLI dataset that can be used as training data to im-
prove the consistency of a dialogue model. Song e al. [2020]
create a large-scale dataset for open-domain dialogue and

construct the profile consistency identification model to im-
prove dialogue consistency. Nie et al. [2021] introduce the
DialoguE COntradiction DEtection task (DECODE), it is a
new conversational dialogue contradictory dataset between
human-human and human-bot. Qin er al. [2021] propose a
new benchmark for CI-ToD and evaluate some common tra-
ditional methods on this task.

To solve the CI-ToD task, some researchers focus on build-
ing the framework to reduce the occurrence of dialogue in-
consistency. Qin et al. [2022] propose a cycle interactive
learning model named CGIM, which enhances the perfor-
mance by the triple-interaction and achieve best results in
strong pre-trained models. Wang er al. [2024a] propose
an efficient Multi-round Interactive Dialogue Tuning (Midi-
Tuning) framework for improving dialogue consistency. Ding
et al. [2024] propose a plug-and-play adapter, which allows
the integration of knowledge base into model reasoning and
enhancement of the performance in the CI-ToD task.

In contrast to these previous works, our approach is the
first to explore large language models for the CI-ToD task.
Furthermore, we introduce a multi-agent collaboration frame-
work, MAC-CIToD, which fully leverages the different rela-
tionships between the three sub-tasks in CI-ToD.

6 Conclusion

In this paper, we initiate the exploration of LLMs for the
CI-ToD task to alleviate the data scarcity problem. In addi-
tion, we further introduce a multi-agent collaboration frame-
work, MAC-CIToD, including (1) Full Connection paradigm,
(2) Cycle Connection paradigm, and (3) Central Connection
paradigm to effectively model the interaction across three
sub-tasks: QI, HI, and KBI in CI-ToD. Experiments on the
standard benchmark show that MAC-CIToD achieves supe-
rior performance. Additionally, MAC-CIToD can outperform
previous traditional methods on most metrics without any
training. We hope that this research provides new insights
and inspirations in this domain.
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