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Abstract

Non-collaborative dialogue involves two par-
ticipants with conflicting interests engaging
in a multi-round dialogue to achieve their
own goals. Strategy planning is the key to
guiding both participants towards a consen-
sus. Most LLMs-based methods use stimulus
prompts or external strategy planners for strat-
egy planning. However, stimulus prompts fail
to teach LLMs to plan dialogue strategies ex-
plicitly. Moreover, training external strategy
planners doesn’t fully account for adversarial
interactions, thereby limiting their effectiveness
against tough resisters. In this paper, to mitigate
the above issues, we propose GAIA, a Game-
based Adversarial self-play InterActive train-
ing paradigm, which constructs an adversarial
two-player (a persuader and a resister) zero-
sum game and guides the game to approximate
Nash Equilibrium (NE) via reinforcement learn-
ing (RL) for the non-collaborative dialogues.
First, we design a Chain-of-Mind prompt to
reason the resister’s dialogue act step-by-step
to plan the persuasive strategies. Secondly, to
adversarially improve the persuader, we con-
struct diverse resistant planners and theoreti-
cally improve the persuader’s optimal lower
bound. Finally, we iteratively optimise their
policies via adversarial self-play interactive RL
and design an ϵ-NE verification algorithm to
approximate the game’s NE. Experiments on
three datasets show that our model obtains state-
of-the-art performance.

1 Introduction

Non-collaborative dialogue is when two dialogue
participants with conflicting interests make multi-
round dialogue to achieve their own goals (Zhan
et al., 2024). It has widespread applications, includ-
ing legal debates (He et al., 2024b) and opinion
controversy (Mou et al., 2024). The mainstream
methods in non-collaborative dialogue are to make
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strategy planning to guide both parties towards a
consensus (Zhang et al., 2024b).

The strategy planning for non-collaborative di-
alogue contains: (1) Traditional deep learning
methods typically plan strategies through super-
vised training. They explicitly consider dialogues’
states (Zhou et al., 2020; Tian et al., 2023) and
historical strategies (Joshi et al., 2021). However,
these methods rely heavily on datasets with anno-
tations. They typically plan strategies based solely
on the next turn’s feedback, thus tending to neglect
the long-term goals. (2) LLMs-based stimulus
prompt methods plan strategies through various
stimulus prompts with in-context learning (ICL).
These prompts stimulate the LLMs to self-thinking
(Wang et al., 2023b; Deng et al., 2023b), self-
reflective (Zhang et al., 2023), and critical feedback
(Fu et al., 2023) for dialogue strategy planning.
These methods exploit the internal knowledge of
LLMs via zero/few-shot examples to produce the
strategies. However, the pre-training of LLMs sel-
dom learned to explicitly plan non-collaborative
strategy, thus it limited LLMs’ ability to be directly
applied to sequential strategy planning for specific
tasks.

To mitigate these limitations, researchers pro-
pose equipping LLMs with an external strategy
planner. Instead of employing the aforementioned
zero/few-shot, they conduct supervised learning or
RL to fine-tune a strategy planner to predict the
dialogue strategy for the next turn, and then they
merge the strategy planner and LLMs to generate
dialogue (Deng et al., 2024; Zhang et al., 2024b).
These methods not only (1) leverage LLMs’ re-
markable capabilities to generate dialogues, but
also (2) fine-tune the planner on non-collaborative
strategy planning tasks (Deng et al., 2024). How-
ever, the strategy planner’s training does not con-
sider adversarial interactions. Tuning the strategy
planner considers only the current dialogue state
instead of the dialogue opponent’s potential re-
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sponses and the future dialogue directions after
the opponent’s responses.

Furthermore, some researchers propose an oppo-
nent agent to conduct adversarial training (Zhang
et al., 2024b; Deng et al., 2024; Fu et al., 2023).
Due to the difficulty of constructing a realistic op-
ponent agent, researchers exploit LLMs’ capabil-
ities to meticulously design prompts to simulate
opponents and generate high-quality responses (Fu
et al., 2023). The mechanism contributes to com-
posing an adversarial strategy planner to estimate
the opponent’s responses. However, this adver-
sarial training fails to dynamically adapt to the
increasing abilities of the agents. The adversarial
capability comes from LLMs with prompt texts,
and the static prompts constrain the model’s abil-
ity as the training goes on. That is, the opponent
agent cannot adaptively become stronger as our
planner improves thus weakening the robustness
and adversarial of our strategy planner.

In this paper, we propose GAIA, a Game-
based Adversarial self-play InterActive training
paradigm for LLMs-based non-collaborative dia-
logues via strategy planning. GAIA constructs a
two-player zero-sum game that involves the two
participants (dialogue agents) and guides the game
to approximate Nash Equilibrium (NE) through re-
inforcement learning (RL) optimization for the non-
collaborative dialogue. Specifically, the two-player
zero-sum game is conducted between persuasive
strategy planners and resistant strategy planners.
To perceive and persuade the resister more effec-
tively, we design a Chain-of-Mind prompt to reason
the resister’s dialogue act step-by-step and incorpo-
rate them into strategy planning. To adversarially
improve the generalization ability of the persua-
sive strategy planner, we propose a diverse resis-
tant planner construction method. We theoretically
prove that our training against diverse resisters im-
proves the optimal lower bound of the persuader.
To enhance the adversarial intensity, we construct
a zero-sum persuader-resister game and iteratively
optimize their policies through adversarial self-play
interactive RL. To guide the game approximates the
NE, we design a ϵ-NE iteration verification algo-
rithm to obtain the near-optimal policy. Extensive
experiments on three non-collaborative dialogue
datasets show that significantly outperforms all the
baselines, excelling against tough resisters.

Our contributions are threefold: (1) We propose
a game-based adversarial self-play interactive train-
ing paradigm for LLMs-based intensely adversarial

non-collaborative dialogue via strategy planning.
(2) We design an adversarial interactive reinforce-
ment learning method with ϵ-NE iteration verifi-
cation to guide the game approximates NE to ob-
tain the near-optimal policy for strategy planer. (3)
Extensive experiments on three non-collaborative
dialogue datasets show that GAIA achieves state-
of-the-art performance.

2 Related Work

2.1 Non-Collaborative Strategy Planning

Non-collaborative dialogue is a form of user-
system interaction aiming to reach an agreement
despite conflicting interests (Deng et al., 2023b).
Strategy planning aims to use a series of strate-
gies to guide both participants towards a consen-
sus (Zhang et al., 2024b; Zhan et al., 2024). It can
be divided into three categories: (1) Traditional
deep learning methods conduct the strategy plan-
ning via dialogue act prediction (Deng et al., 2024;
Joshi et al., 2021; Cheng et al., 2022). (2) LLMs-
based stimulus prompt methods unleash the percep-
tion and planning potential of LLMs to strategize
and guide the dialogue strategy (Deng et al., 2023b;
Fu et al., 2023). (3) Equipping LLMs with exter-
nal strategy planner methods conducts a tunable
PLM as a strategy planner to predict the dialogue
strategy at the next turn (Deng et al., 2024; Zhang
et al., 2024b). In addition, there are also other
methods, such as quasi-online direct preference
optimization (Chen et al., 2024b) or dialogue ac-
tion tokens (Li et al., 2024), used for goal-directed
dialogue tasks.

To enhance LLMs’ strategy planning in non-
collaborative dialogues, three key capabilities need
improvement: perception, planning, and adver-
sariality (Deng et al., 2023b). LLMs need to
better perceive opponents’ emotions and infer in-
tentions from conversation history (Zhang et al.,
2024b; Tian et al., 2021). Their planning should
be strengthened to adjust strategies dynamically
toward long-term goals (Deng et al., 2024). Lastly,
enhancing adversarial adaptability make them re-
spond effectively in complex dialogues to achieve
their objectives.

2.2 Two-Player Zero-Sum Markov Games

The Markov decision process (MDP) is a common
tool to describe interactions between an agent and
its environment (Lahikainen et al., 2024). Markov
games (MGs) extend MDPs to multi-agents. In
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Figure 1: The architecture of GAIA. The left is the Resister-aware Persuasive Strategy Planner. The right is
the Diverse Resistant Strategy Planners. The upper centre illustrates the Adversarial Self-play Interaction via
Game of the both planners. At the bottom centre, we guide the game to approximate the ϵ-NE.

MGs, multiple agents make decisions to maximize
their or common interests (Ghaemi et al., 2024).
Specifically, two-player zero-sum Markov games
(TZMGs) involve two players with completely op-
posing interests (Nika et al., 2024). Both share the
same reward function: one aims to maximize future
rewards, while the other aims to minimize them.
In TZMGs, the Nash Equilibrium represents the
best possible payoff a player can achieve against
the worst-case opponent (Silva, 2024).

3 Methodology

3.1 Task Definition

Given the role setting, dialogue goals, dialogue
strategy sets Ap,Ar, and the first utterance up1, u

r
1

of non-collaborative dialogue participants, the non-
collaborative dialogue task aims to generate a multi-
turn dialogue {up1, ur1, · · · , upt , urt} to gradually
guide two dialogue participants with conflicting
dialogue goals towards a consensus by planning a
series of strategies. Each utterance ui in the multi-
turn non-collaborative dialogue is generated based
on an appropriate dialogue strategy ai ∈ A.

3.2 Model Overview

Our model GAIA (Fig. 1) aims to train an excep-
tional persuasive strategy planner through game-
based adversarial interactive training with various
resistant strategy planners. GAIA consists of five
modules:

• Resister-aware persuasive strategy planner

aims to plan strategy in highly adversarial non-
collaborative dialogues and persuades the re-
sister.

• Diverse resistant strategy planners construct
various resistant strategy planners to adversar-
ially improve the generalization ability of the
persuasive strategy planner.

• Strategic response generator aims to generate
dialogue utterances based on a specified strategy.

• Adversarial self-play interaction via game
aims to enable the above planners (persuasive
and resistant strategy planners) to engage in the
adversarial game for non-collaborative dialogues.

• Approximation of Nash Equilibrium finds an
approximate Nash Equilibrium in the games to
learn a near-optimal policy for the persuasive
strategy planner.

3.3 Resister-aware Persuasive Planner
To effectively persuade resisters, we propose a
persuasive strategy planner that can plan dialogue
strategies based on the emotion, future action and
dialogue act of the resister.

3.3.1 Chain-of-Mind for Persuader
We design a Chain-of-Mind (CoM) prompt for
LLMs to reason the resister’s emotion, future ac-
tion, and dialogue goal. In non-collaborative dia-
logues, the inferred emotion of the resister helps
the persuasive planner plan strategies that are em-
pathetic and resonate emotionally. The inferred
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future action of the resister enables the persuasive
planner to plan a proactive and preemptive strat-
egy, ensuring they are well-prepared to counter any
resistance. Dialogue goal of the resister allows
the persuasive planner to choose compelling strate-
gies and focus on key concerns, thus increasing the
chances of successful persuasion.

Recent research has shown that LLMs have the
Theory-of-Mind (ToM) ability to reason others’
mental states (Moghaddam and Honey, 2023). The
CoM prompt relies on the ToM ability of LLMs.
CoM applies a chain to step-by-step reason the
emotions, future action and dialogue goal with the
following steps:

• Step 1: Analyze the dialogue history.

• Step 2: Reason mental states based on the analy-
sis.

• Step 3: Reason the resister’s emotion from mental
states.

• Step 4: Reason the resister’s possible future ac-
tion based on the above information.

• Step 5: Reason the resister’s dialogue goal.

Based on the above reasoning steps, following
CoT (Wei et al., 2022), we construct CoM exem-
plars to achieve in-context learning (ICL) in LLMs.
The CoM prompt template is as follows: Task
definition is the definition of mind reasoning
task. Guideline Instruction is the instruction
we expect LLMs to follow. CoM Exemplars are
the instances used to better assist LLMs with ICL.
Dialogue Context is the historical dialogue. Tab.
6 shows the example of the Chain-of-Mind (CoM)
prompt template. CoM excels in strategic dialogue
by explicitly modeling the resister’s responses and
dynamically adjusting its reasoning based on real-
time feedback. It analyzes the resister from multi-
ple perspectives, including emotion, future action
and dialogue goals providing deeper insights that
enhance the effectiveness of strategy planning.

3.3.2 Persuasive Planner Initialization
To incorporate the emotion, future action and goal
of the resister into planning, we supervised fine-
tuning (SFT) a model as the initialization of the
persuasive strategy planner SPper. Specifically,
given the reasoning emotion êr, future action ârt , di-
alogue goal ĝr of the resister, and the dialogue his-
tory d = {up1, ur1, · · · , upt−1, u

r
t−1}, we fine-tune a

pre-trained LM over a supervised dialogue corpus
D which contains many dialogues with annotated
strategies. The training aims to minimize the cross-
entropy Lpc between the predicted strategy apt and
the labeled strategy ypt for each turn t of the anno-
tated dialogue:

Lpc = −
1

|D|
∑

d∈D

1

Td

Td∑

t=1

apt logypt , (1)

where Td is the number of turns of the dialogue.
Finally, the planner SPper that can predict the per-
suasive strategy apt as apt = SPper(ê

r, ârt , ĝ
r, d).

According to (Deng et al., 2024), SFT probably
only obtains a sub-optimal policy for SPper; hence,
we apply the RL in further training (Sec. 3.6).

3.4 Diverse Resistant Planners
To adversarially improve the generalization ability
of the persuasive strategy planner, we construct a
set containing multiple diverse resistant strategy
planners.

3.4.1 Improving Persuader’s Optimal Lower
Bound via Diversing Resisters

The persuader can effectively improve the persua-
sive strategy planner’s optimal lower bound by
training against diverse resistant strategy planners
with varying resistance capabilities. The construc-
tion of more diverse or less diverse planners is
determined by the variance in the performance dis-
tribution during strategy planning. Compared to
less diverse resisters, more diverse resisters offer
more information gain (He et al., 2024a) for opti-
mizing the persuader’s parameters. Taking price
negotiations as an example, the buyer aims to per-
suade the seller to their target price. By negotiating
with sellers of diverse bargaining skills, the buyer
enhances their negotiation abilities more effectively
than interacting with fewer sellers.

To prove that training against more diverse re-
sistant planners improves the persuader’s optimal
lower bound, we define that (a) the persuader’s ini-
tial policy π0 and the optimized policy is π∗; (b)
the training resister sets are Sm

r and Sl
r; (c) the

test resisters set is Stest
r ; (d) policy of resister is

µ. We assume that (1) Sm
r is more diverse than

Sl
r and Sl

r ⊆ Sm
r ; (2) The optimized policy of per-

suader through the training with resisters µ ∈ Sm
r

is πm and that with µ ∈ Sl
r is πl; (3) The function

u(π, µ) measures the total reward for the policy tu-
ple (π, µ); (4) The total reward gain after optimiza-
tion is Eµtest∈Stest

r
[u(π∗, µtest)−u(π0, µtest)]; (5)
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The optimal lower bound of persuader is L(π∗) =
minπ∗E[u(π∗, µtest)− u(π0, µtest)].

Based on information-theoretic research for
analysing optimal lower bound (Shannon, 1948;
Gálvez, 2024; He et al., 2024a), we prove L(πm) ≥
L(πl), which indicates that more diverse resisters
can improve the optimal lower bound of persuader.
The detailed proof is in App. B.

3.4.2 Diverse Resistant Planners Construction

The resistant strategy planner SPres plans resis-
tance strategies based on dialogue history as art =
SPres(d). Similar to the construction of the persua-
sive planner, we initialize the resistant strategy plan-
ner SPres by supervised fine-tuning (SFT) over
an annotated dataset. Different from the persua-
sive planner, during SFT, we save various resistant
strategy planners with varying strategy planning
performances to ensure resister diversity.

3.5 Strategic Response Generator

To generate responses according to the planned
strategies, we employ an LLM-based generator
with a prompt psys indicating its role setting (per-
suader or resister) and dialogue goals. This prompt
psys constrains the LLM’s output to fit the role.
We also design strategy-aware instructions and
build a mapping M to map each strategy a to
an instruction. Given a dialogue history d and
an instruction M(a), the LLM-based generator
G(·|psys) outputs the strategic response u as u =
G(M(a), d|psys). As the persuader and resister
have distinct role settings and dialogue goals, we
construct two different prompts ppersys and pressys for
persuader generator Gper(·|ppersys) and resistant gen-
erator Gres(·|pressys), respectively. To diversify re-
sponse styles, we further assign various personas
(Big-Five Personality) to the resistant generator
(Zhang et al., 2024b; Jiang et al., 2023).

3.6 Adversarial Self-play Interaction via
Game

To adaptively enhance the resister as the persuader
improves, we propose a two-player zero-sum game
trained by an adversarially self-play interaction RL,
which aims to achieve the ϵ-NE of two players
(planners).

3.6.1 Persuader-Resister Game

We construct a two-player zero-sum Markov game
(TZMG) G = (S,Ap,Ar,P,R, γ) for the two

planners. In G, S is the game state set represent-
ing the dialogue history, Ap is a pre-defined set of
persuasive strategies, Ar is the resistant strategies
set, P is state transition function,R is the bounded
and deterministic reward function, and γ is the
discounted factor. At each step t, the persuasive
strategy planner chooses strategy apt ∼ π(st) then
the resistant planner chooses strategy art ∼ µ(st).
The two planners aim to maximize the expected
value V (s0) = E[

∑∞
t=0 γ

lrt+1], which is the ex-
pectation of the sum of future rewards r.

3.6.2 Adversarial Self-play Interactive RL
To optimize the policies of the persuasive and re-
sistant strategy planners, we propose adversarial
self-play interactive RL. We enable the persuader
and resister to perform self-play dialogue interac-
tion. During the interaction, we dynamically mea-
sure the reward and employ RL to optimize their
policies. This process gradually increases the ad-
versarial intensity of the persuader-resister game.

Policy Models (Strategy Planners). In the RL
framework, our policy models are resister-aware
persuasive strategy planner SPper and resistant
strategy planner SPres. We use SPper to plan a
persuasive strategy ap and feed ap into Gper to
generate an utterance upt . Then, we use SPres to
plan a resistant strategy ar and feed ar into Gres

to counter with a response urt . The persuader and
resister alternately choose strategies (actions) and
interact through dialogue.

Goal-oriented Reward. We design a reward func-
tion to provide goal-oriented quantitative feedback
r for the planners after applying strategies. In par-
ticular, for the price negotiation task, we adopt
the sale-to-list ratio (SL%) (Zhou et al., 2019) as
reward function, which is the ratio between the
current price Pt and the buy’s target price Pbuyer,
formulated as SL% = Pcurrrent/Pbuyer. For the
countering hate speech task, we adopt the hate in-
tensity ∆H (Wang et al., 2024b). It measures the
difference in the hate intensity H(·) between the
initial hate speech and the current utterance of the
hater, formulated as ∆H = H(u0)−H(ut). When
the adversarial interaction reaches a terminal state,
we calculate the total reward Rt =

∑T
t′=t γ

T−t′rt′

accumulating from turn t to the final T , where γ is
the discount factor. Then, we feed reward Rt back
to SPper and the negative −Rt back to SPres.

Optimization via RL. We use the REINFORCE
algorithm (Sutton et al., 1999) to optimize the pa-
rameter θ of the policy models (strategy planners,
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SP) based on the total reward Rt and learning rate
α as θ ← θ−α∇ log πθRt. Their adversarial inter-
action repeats until the persuader’s goal is achieved
or the maximum dialogue turn is reached.

3.7 Approximation of Nash Equilibrium

Adversarial self-play interactive RL often struggles
to converge to a strict NE. Thus, we guide the ad-
versarial game to converge at ϵ-NE to approximate
the strict NE. This method not only can obtain a
near-optimal policy but also mitigate the difficulties
of finding strict NE. These difficulties mainly arise
from the following reasons: (1) the unpredictability
of resister behaviours, (2) the limited rationality
of LLM-based generators, and (3) the increased
dialogue adversarial intensity.

3.7.1 The ϵ-NE of Persuader-Resister Game

We define ϵ-Best Response and ϵ-Nash Equilibrium
in the persuader-resister game as follows (McAleer
et al., 2024).

Definition 1: ϵ-Best Response. Given the pol-
icy µ of resistant strategy planner, the policy πϵb

of persuasive strategy planner is called the ϵ-best
response that is at most ϵ worse than the best re-
sponse1 πb, as shown in Eq. 2. The definition for
ϵ-best response µϵb of resistant strategy planners is
similar with πϵb as shown in Eq. 3.

V
(
s;πϵb, µ

)
≥ V

(
s;πb, µ

)
− ϵ (2)

V
(
s;π, µϵb

)
≤ V

(
s;π, µb

)
+ ϵ (3)

Definition 2: ϵ-Nash Equilibrium. The ϵ-Nash
Equilibrium corresponds to a pair of (πϵ, µϵ) that
are both the ϵ-best responses to each other:

V (s;π, µϵ)− ϵ ≤ V (s;πϵ, µϵ) ≤ V (s;πϵ, µ) + ϵ ∀π, µ
(4)

Based on the definitions, we can conclude that
under ϵ-NE:

• (C1): the persuasive strategy planner changes
to other policies, the increase of the expected
reward does not exceed ϵ;

• (C2): the resistant strategy planner changes to
other policies, the decrease of the expected re-
ward does not exceed ϵ.

1The detailed definition can be found in App. C.

3.7.2 The ϵ-NE Iteration Verification
To obtain the near-optimal policy of the above two
planners, we design a ϵ-NE iteration verification
algorithm to push the game to converge at ϵ-NE. It
iteratively optimizes the policy and continuously
verifies whether ϵ-NE has been achieved. If so, we
terminate the optimization. Otherwise, continue.
The verification is divided into the persuader and
resister verification phases. The former checks
whether C1 is satisfied by only changing the policy
π, while the latter checks C2 by only changing the
policy µ. If both are satisfied, the ϵ-NE is achieved.
The ϵ-NE iteration verification algorithm as shown
in Alg. 1.

Algorithm 1 ϵ-Nash Equilibrium Iteration Verifi-
cation

1: for iterations : i = 1 to N do
2: for all d ∈ D do
3: Adversarial Self-play Interaction RL
4: end for
5: Test πi and µi and calculate V .
6: /* Persuader Validation Phase */
7: Only optimize πiter+i and record V π

iter+i

8: /* Resister Validation Phase */
9: Only optimize µiter+i and record V µ

iter+i

10: /* Verify the ϵ-NE */
11: if the condition satisfies with Eq. 1 then
12: break;
13: else
14: continue optimization;
15: end if
16: end for

The ϵ-NE plays a vital role in non-collaborative
dialogues. For the pricing negotiation, it helps to
find a nearly fair price in buyer-seller interactions,
preventing detrimental price wars. For countering
hate speech (Wang et al., 2024a), it seeks a bal-
anced viewpoint that is acceptable to both haters
and anti-haters, avoiding the dialogue escalating
into malicious insults.

4 Experiments

4.1 Experimental Setups

Datasets: We focus on three different non-
collaborative dialogue scenarios: (1) Craisglist-
Bargain (CB) (He et al., 2018) is developed in a
bargaining negotiation context where a buyer and
a seller negotiate the price of an item for sale. (2)
DIALOCONAN (DC) (Bonaldi et al., 2022) is de-
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signed for fighting online hate speech. The dataset
involves a hater and an anti-hater, intending to per-
suade the hater to change their hateful attitude. (3)
Charity Persuasion (CP) (Wang et al., 2019) is
designed for studying persuasive dialogues aimed
at encouraging charitable donations. It involves a
Persuader and a Persuadee.

Baselines: We use three prompt-based (LLMs)
methods and three LLMs with external strategy
planners as baselines. Standard (Deng et al., 2024)
prompts two LLMs to conduct self-play conversa-
tions using task instructions, without considering
any dialogue strategy. ProCoT (Deng et al., 2023b)
prompts the LLMs to generate a chain-of-thought
analysis for planning the the next turn dialogue
strategy. ICL-AIF (Fu et al., 2023) prompts an-
other LLM to provide feedback to a player to im-
prove their dialogue strategies. MCTS (Yu et al.,
2023) uses Monte Carlo Tree Search to perform
goal-oriented dialogue policy planning. PPDPP
(Deng et al., 2024) uses a pre-trained LM as a train-
able plug-in for determining next-step strategies.
TRIP (Zhang et al., 2024b) develops an external
planner by modelling dialogue user characteristics
and training with diverse user simulators.

Implementation details: As for the planner,
we adopt RoBERTa2 as the default plug-and-play
dialogue policy planner for evaluation. The train-
ing process for the planner includes supervised
fine-tuning (SFT) and reinforcement learning (RL).
During the SFT, the batch size is 32, the learning
Rate is 1e-5 and the max sequence length is 512.
During the RL, the learning Rate is 1e-6 and the
max conversation turn is 12. Moreover, we follow
the previous work (Deng et al., 2024; Zhang et al.,
2024b) to design reward, which can be divided into
three situations: (1) when the persuasive goal is
successfully achieved, the reward is defined as 1.0
for the CP dataset, SL% for the CB datasets, and
∆H for the DC dataset. (2) when the persuasive
goal is not achieved, the reward is -1.0. (3) Fur-
thermore, a small negative reward (-0.1) per turn
penalises the lengthy dialogue. As for the adversar-
ial training, we construct a policy pool for diverse
resisters. And resister policies are dynamically
sampled to adversarially train the persuader. As for
the generator, we adopt GPT-3.53 to generate the
strategic response on the CB and CP datasets. For
DC datasets, we adopt an uncensored LLM4 for the

2FacebookAI/roberta-large
3gpt-3.5-turbo-0125
4Orenguteng/Llama-3-8B-Lexi-Uncensored

hater and GPT-3.5 for the anti-hater.
Evaluation Protocols: The evaluation metrics

contain: Success Rate (SR) measures effective-
ness by the percentage of goal achievement within
a maximum number of turns, and Average Turn
(AT) measures efficiency by the average number of
turns required to achieve the goal. Additionally, we
also used dataset-specific metrics: SL% for the CB
dataset and ∆H for DC. SL% is to determine the
effectiveness of goal completion in price negotia-
tions. ∆H is the reduction of hate intensity (Wang
et al., 2024b). The calculation details of success
rates and dataset-specific metrics can be found in
App. D. Resister details in the evaluation in App.
D.2.3.

4.2 Main Results

Methods
CB Dataset DC Dataset CP Dataset

SR↑ AT↓ SL% ↑ SR↑ AT↓ ∆H ↑ SR↑ AT↓
Prompt-based planning

Standard 0.429 7.95 0.218 0.402 9.45 0.298 0.105 10.2
ProCoT 0.551 7.58 0.246 0.432 8.68 0.324 0.195 9.82
ICL-AIF 0.475 8.23 0.257 0.443 8.72 0.325 0.174 9.93

External strategy planner

MCTS 0.471 7.77 0.238 0.521 7.89 0.356 0.246 9.63
PPDPP 0.623 6.82 0.342 0.578 7.42 0.364 0.463 9.12
TRIP 0.659 6.46 0.389 0.601 7.46 0.372 0.528 8.49

GAIA 0.693 6.03 0.413 0.643 6.92 0.412 0.562 8.12
∆ ↑0.034 ↓0.43 ↑0.024 ↑0.042 ↓0.50 ↑0.040 ↑0.034 ↓0.37
∆% ↑5.2 ↓6.7 ↑6.1 ↑6.9 ↓6.7 ↑10.7 ↑6.4 ↓4.4

Table 1: Main Results on 3 datasets. Best scores are in
bold. The suboptimal scores are underlined. ∆ repre-
sents the difference between the best and the suboptimal
result, and ∆% is the percentage. The significance tests
of our GAIA over PPDPP and TRIP (with p <0.05).

The overall performances are shown in Tab. 1.
The main experimental setup is consistent with pre-
vious studies (Deng et al., 2024). The opponent is
based on an LLM without a strategy planner. For
prompt-based LLMs planning methods, stan-
dard prompt methods provide a baseline for all
competing methods having low success rates. Pro-
CoT is a competitive prompt-based method that
has achieved high persuasion success rates on the
CB and CP datasets. ICL-AIF slightly improves
SR over standard prompts but requires more turns,
indicating that AI feedback (ICL-AIF) doesn’t ef-
fectively adjust strategies with changing dialogue
states. For external planners with LLMs meth-
ods, most of these methods achieve a higher SR
than prompt-based methods and require fewer di-
alogue rounds (lower AT). This indicates that ex-
plicit strategy planning benefits the achievement
of the persuader’s goal in non-collaborative dia-
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logues. Among external strategy planner methods,
TRIP achieves good performance. TRIP uses a
population-based training paradigm that enhances
the effectiveness of strategy planning. Our pro-
posed GAIA consistently outperforms all baselines
across three datasets. The average improvement
in SR is about 6.6% and AT is about 5.9%. The
significance tests of our GAIA over PPDPP and
TRIP (with p <0.05) show that GAIA presents a
statistically significant improvement. The results
show that GAIA not only achieves the dialogue
goal efficiently (less AT) but also persuades re-
sisters effectively (higher SR). We attribute this to
the diverse resisters and adversarial interactive RL,
which enables the successful persuasion of tough
resisters that other methods fail to convince.

4.3 Ablation Study

Methods
CB DC

SR ↑ AT ↓ SL % ↑ SR ↑ AT ↓ ∆H ↑
GAIA 0.693 6.03 0.413 0.643 6.92 0.412

w/o RA 0.661 6.57 0.382 0.626 7.34 0.398
∆ ↓0.032 ↑0.53 ↓0.034 ↓0.017 ↑0.42 ↓0.014

w/o D 0.665 6.62 0.379 0.633 7.44 0. 381
∆ ↓0.028 ↑0.59 ↓0.034 ↓0.010 ↑0.52 ↓0.031

w/o AI 0.636 7.21 0.367 0.592 7.47 0. 370
∆ ↓0.057 ↑1.18 ↓0.046 ↓0.051 ↑0.55 ↓0.042

w/o NEV 0.672 6.22 0.393 0.620 7.12 0.399
∆ ↓0.021 ↑0.19 ↓0.020 ↓0.023 ↑0.20 ↓0.013

Table 2: Experimental results of ablation study.

To verify the effectiveness of each component,
we conduct an ablation study (Tab. 2). We observe
that removing the resister-aware module ("w/o RA")
slightly reduces performance, which verifies that
reasoning about the resister’s emotions, future ac-
tions, and dialogue goals during non-collaborative
dialogues helps the persuader achieve its own goals.
From the results of removing the diverse resisters
("w/o D") that only train against a single resister, we
conclude that training with diverse resisters is effec-
tive in enhancing the robustness of the persuasive
strategy planner. Additionally, the performance
drops significantly when removing the adversarial
interaction ("w/o AI") that the resister without a
planner. The result indicates that the resister can
adaptively improve, which is crucial for optimiz-
ing the persuasive strategy planner. Furthermore,
removing the NE validation ("w/o NEV") leads to
a noticeable performance decline. It suggests that
finding an approximate NE helps obtain a near-
optimal policy for the persuasive strategy planner.

4.4 Adversarial Analysis of GAIA

This section aims to analyze GAIA’s adversarial
performance against resisters with varying strategy
planning abilities and adversarial intensity.

4.4.1 Resistant Strategy Planners Ability

Methods
Weak Medium Tough

SR ↑ ∆H ↑ SR ↑ ∆H ↑ SR ↑ ∆H ↑
PPDPP 0.573 0.362 0.523 0.310 0.437 0.274
TRIP 0.577 0.373 0.519 0.301 0.441 0.269

GAIA 0.603 0.382 0.558 0.341 0.492 0.318

∆PPDPP ↑0.030 ↑0.020 ↑0.035 ↑0.031 ↑0.055 ↑0.044
∆TRIP ↑0.026 ↑0.009 ↑0.039 ↑0.040 ↑0.051 ↑0.049

Table 3: Adversarial analysis when against resisters
with various resistant strategy planning abilities.

To assess GAIA’s performance against resisters
with various resister strategy planning abilities,
we set up resisters with varying difficulty levels.
They exhibit distinct strategic planning abilities,
which are classified as weak, medium, and tough
in terms of the strengths of resisters (difficulty for
the persuader). The experiment results are shown
in Tab. 3. We observe that GAIA shows strong
performance when dealing with resisters of vary-
ing strengths including weak, middle, and tough
(Definition details in App. D). More importantly,
we find that when facing a tough resister, GAIA
shows an improvement of about 5% over baselines,
which is higher than the 2.8% improvement when
facing a weak resister. This indicates that GAIA ex-
cels in dealing with tougher resisters and remains
effective against weaker ones. We attribute this
to (1) the construction of diverse resister strategy
planners with varying strategic capabilities, and (2)
adversarial self-play interactive RL that improves
generalization against various resisters.

4.4.2 Adversarial Intensity of Dialogue

(0.3, 0.4] (0.4, 0.5] (0.5, 0.6] (0.6, 0.7] (0.7, 0.8)
Adversarial Intensity

0.54

0.56

0.58

0.60

0.62

SR

PPDPP
TRIP
GAIA

Figure 2: Persuasion SR with increasing adversariality.

To investigate GAIA’s performance in tackling
dialogues with varying adversarial intensities, we
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evaluate the persuasion success rates across varying
adversarial intensities on DC, as shown in Fig. 2.
We measure non-collaborative dialogues’ adversar-
ial intensity based on the prior work (Wang et al.,
2023a), where the adversarial intensity ranges from
a minimum of 0.32 to a maximum of 0.78. We ob-
serve that GAIA shows a significant improvement
(8%) in SR within the high adversarial intensity
range ([0.6, 0.8]) compared with PPDPP and TRIP.
It is higher (5%) than the improvement (3%) in the
low adversarial intensity range ([0.3, 0.5]). This
demonstrates the GAIA’s superiority in tackling
intense adversarial dialogues.

4.5 Personality Generalization Analysis

O C E A N
Personality

0.30
0.35
0.40
0.45
0.50
0.55
0.60

SR

PPDPP
TRIP
GAIA

Figure 3: Persuasion SR with five personalities.

To analyze the generalization of the persuader
towards resisters with different personalities, we
equip the resisters with big-five personalities on DC
dataset (Jiang et al., 2023), which are Openness,
Conscientiousness, Extraversion, Agreeableness,
and Neuroticism generators. The results are shown
in Fig. 3. GAIA achieves the highest persuasion
SR when dealing with resisters on most personal-
ities. It indicates that training against the diverse
personalities of resisters makes strategy planning
more personality-adaptive.

4.6 Human Evaluation

Methods PSR Coherent

PPDPP 0.48 3.54
TRIP 0.54 3.57
GAIA 0.59 3.68

Table 4: The Human Evaluation Results.

We conduct a human evaluation (App. E) on
the full test set of the CB dataset in line with the
previous research (Deng et al., 2024; Zhang et al.,
2024c). We consider the metrics of (1) persuasion
success rate (PSR): the success (1) or not (0) of

persuasion based on dialogue texts. (2) coherent:
the coherence of dialogue and strategic planning
on a scale of 1 (bad) to 5 (good). The experimental
results are shown in Tab. 4, demonstrating that
our approach also outperforms two competitive
baselines in human evaluations.

4.7 Case Study

We provide detailed case studies to analyze the
advantages of GAIA when tackling tough re-
sisters and intense adversarial dialogue compared
to PPDPP and TRIP, as shown in Tab. 10, Tab.
11 and Tab. 12. From Tab. 10, we can observe
that: (1) GAIA does not easily succumb to the re-
sister and maintains its stances when facing a tough
resister; (2) GAIA is good at employing positive
strategies (e.g. empathy) to influence the resister
subtly; (3) GAIA’s strategic planning is coherent
to progressively persuading resisters. From Tab.
11, the anti-hate speaker tries to correct the hate
speaker’s wrong beliefs using constant criticism
and questioning. However, this excessive attacking
and probing only makes the hate speaker more de-
fensive, leading to a heated argument and worsen-
ing their hate instead of easing it. From Tab. 12 the
anti-hate speaker used many strategies to engage in
a friendly debate. However, despite these strategies
aimed at fostering understanding and reducing ha-
tred, the hater’s position remained unchanged and,
in some respects, even deepened.

5 Conclusion

In this paper, we propose GAIA, a Game-based
Adversarial self-play InterActive training paradigm
for non-collaborative dialogue via strategy plan-
ning. In GAIA, we propose Chian-of-Mind to
construct a resister-aware persuasive strategy plan-
ner that can reason resister’s dialogue act step-by-
step to plan the persuasive strategies. To improve
the generalization ability of the persuasive strategy
planner, we also construct diverse resistant strategy
planners and theoretically improve the persuader’s
optimal lower bound. To enhance the adversar-
ial intensity of the game, we iteratively optimize
the policies of the two planners through adver-
sarial self-play interactive reinforcement learning.
GAIA converges at the approximation NE of the
game. Experimental results show that GAIA sig-
nificantly outperforms other methods across three
non-collaborative dialogue datasets, particularly in
intense adversarial scenarios.
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A Details of Chain-of-Mind

Tab. 6 shows the example of the Chain-of-Mind
(CoM) prompt template. The CoM prompt tem-
plate is as follows: Task definition is the
definition of mind reasoning task. Guideline
Instruction is the instruction we expect LLMs to
follow. CoM Exemplars are the instances used to
better assist LLMs with ICL. Dialogue Context
is the historical dialogue. It is worth noting that
we apply the Chain-of-Mind prompt only to the
persuader for the following reasons: (1) Focus
on improving the persuader: Our work aims to
enhance the persuader’s strategic planning abil-
ity, which is best achieved by applying the Chain-
of-Mind prompt to them. (2) Information asym-
metry: In non-collaborative dialogues, the per-
suader typically has more information than the re-
sister (Deng et al., 2023a; Bonaldi et al., 2024).
Applying the prompt only to the persuader simu-
lates this real-world imbalance. (3) Benefits of het-
erogeneity in self-play: Our method uses self-play
reinforcement learning. Research (Zhang et al.,
2024a) shows that in complex, diverse scenarios
like non-collaborative dialogues, having heteroge-
neous agents improves learning and leads to better
performance.

B Proof for Improving Persuader’s
Optimal Lower Bound via Diversing
Resisters

The diversity of resistant planners is determined
by the variance in performance (F1) distribution.
More diverse resisters exhibit a larger variance in
performance, while less diverse resisters show a
smaller variance. To prove that training against
more diverse resistant planners improves the per-
suader’s optimal lower bound, we define:

(a) the persuader’s initial policy π0 and the opti-
mized policy is π∗;

(b) the training resister sets are Sm
r and Sl

r;

(c) the test resisters set is Stest
r ;

(d) policy of resister is µ.

We assume that

(1) Sm
r is more diverse than Sl

r and Sl
r ⊆ Sm

r ;

(2) The optimized policy of persuader through the
training with resisters µ ∈ Sm

r is πm and that
with µ ∈ Sl

r is πl;

(3) The function u(π, µ) measures the total re-
ward for the policy tuple (π, µ);

(4) The total reward gain after optimization is
Eµtest∈Stest

r
[u(π∗, µtest)− u(π0, µtest)];

(5) The optimal lower bound of persuader
is L(π∗) = minπ∗E[u(π∗, µtest) −
u(π0, µtest)].

Proof:

L(πm)− L(πl)

=min
πm

E[u(πm, µtest)− u(π0, µtest)]

−min
πl

E[u(π∗, µtest)− u(π0, µtest)]

=min
πm

E[u(πm, µtest)]− E[u(π0, µtest)]

−min
πl

E[u(πl, µtest)] + E[u(π0, µtest)]

=min
πm

E[u(πm, µtest)]−min
πl

E[u(πl, µtest)]

Given the definition of entropy as

H(X) = −
∑

i

P (xi) lnP (xi),

we have

H (Sm
2 ) = −

∑

µ∈Sm
2

P (µ) logP (µ)

H
(
Sl
2

)
= −

∑

µ∈Sl
2

P (µ) logP (µ) .

Since the diversity of opponents in Sm
2 is greater

than in Sl
2, and Sl

2 ⊆ Sm
2 , the strategy space from

Sl
2 to Sm

2 provides more information gain for π,
i.e.,

Information Gain = H (Sm
2 )−H

(
Sl
2

)
≥ 0

Since minπ∗ E[u(π∗, µtest)] ∝ H (S∗
2), we have

min
πm

E[u(πm, µtest)]−min
πl

E[u(πl, µtest)] ≥ 0

Thus,
L(πm)− L(πl) ≥ 0

L(πm) ≥ L(πl).
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C Definitions of Best Response and Nash
Equilibrium

We define Best Response and Nash equilibrium in
the persuader-resister game as follows.

Definition 1: Best Response. Given the policy µ
of resistant strategy planner, the policy πb of per-
suasive strategy planner is called the best response
if there are no policies better than πb, as shown
in Eq. 5. The definition for best response µb of
resistant strategy planners is similar to πb as shown
in Eq.6.

V
(
s;πb, µ

)
≥ V (s;π, µ) ∀π (5)

V
(
s;π, µb

)
≤ V (s;π, µ) ∀µ (6)

Definition 2: Nash equilibrium. The Nash equi-
librium corresponds to a pair of (π∗, µ∗) that are
both the best responses to each other:

V (s;π, µ∗) ≤ V (s;π∗, µ∗) ≤ V (s;π∗, µ) ∀π, µ. (7)

D Implementation Details

Dataset # Case # PS # RS

CraisglistBargain 3,090/188/188 11 8
DIALOCONAN 2,805/246/246 6 6
CharityPersuasion 300/50/50 11 8

Table 5: The statistics of datasets (train/dev/test).

D.1 Datasets
We evaluate GAIA in three different applications
of non-collaborative Dialogues, including negotia-
tion dialogues, countering hate speech, and charity
persuasion. The statistics of adopted datasets are
presented in Table 5. The strategies and instruc-
tions of persuaders and resistors are shown in Tab.
7, Tab. 8 and Tab 9.

D.2 Evaluation Protocols
D.2.1 Success Rate
Success Rate measures effectiveness by the per-
centage of goal achievement within a maximum
number of turns. The automatic calculation meth-
ods for the three datasets are as follows: (1) For
CB dataset: success is when both parties reach a
deal. The success rate is the number of successful
transactions in the test set divided by the total num-
ber of examples. In practice, given a conversation,
we use an LLM-based Critic Model (Deng et al.,

2024) to determine whether the deal was made. (2)
For DC dataset, success is when the hater changes
their hateful stance. The success rate is the number
of examples where the hater changes their stance
divided by the total number of examples in the test
set. We also use an LLM-based Critic Model to
evaluate whether the hater has changed their origi-
nal hateful position. (3) For CP dataset, success is
when the persuadee agrees to donate. The success
rate is the number of examples where the persuadee
agrees to donate divided by the total number of ex-
amples in the test set. We use an LLM-based Critic
Model to determine whether the persuadee agrees
to donate.

D.2.2 Dataset-Specific Metrics
As for the CB dataset, we adopt the SL% to deter-
mine the effectiveness of goal completion.

SL% =
(Pdeal − P seller

target)

(P buyer
target − P seller

target)
(8)

As for the DC dataset, we adopt hate intensity re-
duction.

∆H = H(ur0)−H(urT ) (9)

We define a hate intensity functionH(·). It is based
on a model-dependent score C(·) and a lexicon-
based score Le(·). First, we employ a state-of-the-
art HS classifier5 C(·) which classifies a text into
HS with a score, indicating the probability of the
text being an HS. Then, we can obtain a model-
independent lexicon-based hate score Le(·) based
on a domain-independent hate lexicon with 2,895
hate words6. We examine the presence of hate
words in a text and sum their hate score. The hate
intensity functionH(·) can be defined as

H(·) = γC(·) + (1− γ)Le(·) (10)

where γ = 0.6 adjusts the weights of two compo-
nents. Moreover, the PerspectiveAPI can also be
used as the hate intensity function7.

D.2.3 Resister Details in Evaluation
Recent research (Chen et al., 2024a) shows that
with proper instructions, LLMs have role-playing
abilities to represent users in non-collaborative dia-
logues. LLMs can generate convincing human-like

5facebook/roberta-hate-speech-dynabench-r4-target
6https://github.com/uds-lsv/lexicon-of-abusive-words
7https://perspectiveapi.com/

3678



effects. They can follow role-playing instructions
and replicate the role’s knowledge base, imitate lan-
guage and behavior patterns, and reproduce deep
personality traits. Current research on strategy plan-
ning, including PPDPP (Deng et al., 2024) and
TRIP (Zhang et al., 2024c), all uniformly employ
LLMs-based user simulators for evaluation. We
maintain consistency with these previous methods.

In the main and ablation experiments (Sec 4.2 &
4.3), we use a single resister simulator (Deng et al.,
2024) to evaluate the general strategy planning ca-
pability. In the adversarial analysis experiments
(Sec 4.4), we use diverse resister simulators (Zhang
et al., 2024b) to evaluate the strategy planning ca-
pability when facing varying levels of resistance.

The strength of resistance abilities is assessed
based on the planner’s strategy planning F1-score
during SFT. We define two threshold F1 values, α
and β, to classify resistance strength: when F1 < α,
the resistance is classified as weak; when α ≤ F1
≤ β, it is classified as medium; and when F1 > β,
the resistance is classified as tough.

E Human Evaluation

We conduct an interactive human evaluation on the
full test set of the CB dataset (Deng et al., 2024;
Zhang et al., 2024c). We invite 5 annotators to
converse with each of the three dialogue agents
(PPDPP, TRIP, and GAIA). We then conducted a
human evaluation on collecting dialogues for each
dialogue agent. Then we invite another 5 volun-
teers to evaluate their performance considering the
metrics of (1) persuasion success rate (PSR): vol-
unteers judge the success of persuasion based on
dialogue texts, with success marked as 1 and failure
as 0. (2) coherent: volunteers rate the coherence of
dialogue and strategic planning on a scale of 1 to 5,
with 1 being the worst and 5 being the best.
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Prompt Template Contents

Task Definition You are tasked with reasoning the mental states of a resister in a non-
collaborative dialogue. Non-collaborative dialogue involves two participants
with conflicting interests engaging in a multi-round dialogue to achieve their
own goals. Specifically, you need to infer the resister’s emotion, future action,
and dialogue goal based on the dialogue history.

Guideline Instruc-
tion

Follow these steps: Step 1: Analyze the dialogue history provided. Step 2:
Reason the resister’s mental states based on your analysis. Step 3: Infer
the resister’s emotion from the mental states. Step 4: Predict the resister’s
possible future actions based on their inferred emotion and mental states. Step
5: Determine the resister’s dialogue goal.

CoM Exemplars

The following is the existing dialogue.
Instance 1:
Dialogue Context sampled from training set
Analyse
Mental State
Emotion
Future action
Dialogue Goal

Dialogue Context

Persuader: up1
Resister: ur1
......
Persuader: upT
Resister: urT

Table 6: The example of the CoM prompt template.
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Dataset Persuasive Strategy and Instruction Resistant Strategy and Instruction

CB

Greet: Please say hello or chat randomly. Inquire:
Please ask any question about product, year, price,
usage, etc.

Source Derogation: Attacks the other party or
questions the item.

Inform: Please provide information about the
product, year, usage, etc.

Counter Argument: Provides a non-personal argu-
ment/factual response to refute a previous claim
or to justify a new claim.

Propose: Please initiate a price or a price range
for the product.

Personal Choice: Provides a personal reason for
disagreeing with the current situation or chooses
to agree with the situation provided some specific
condition is met.

Counter: Please propose a new price or a new
price range.

Information Inquiry: Requests for clarification
or asks additional information about the item or
situation.

Counter-noprice: Please propose a vague price by
using comparatives with existing price.

Self Pity: Provides a reason (meant to elicit sym-
pathy) for disagreeing with the current terms.

Confirm: Please ask a question about the informa-
tion to be confirmed.

Hesitance: Stalls for time and is hesitant to com-
mit; specifically, they seek to further the conver-
sation and provide a chance for the other party to
make a better offer.

Affirm: Please give an affirmative response to a
confirm.

Self-assertion: Asserts a new claim or refutes a
previous claim with an air of finality/ confidence.

Deny: Please give a negative response to a con-
firm.

Others: Do not explicitly foil the negotiation at-
tempts.

Agree: Please agree with the proposed price.
Disagree: Please disagree with the proposed
price.

Table 7: The strategies and instructions for CB datasets.

Dataset Persuasive Strategy and Instruction Resistant Strategy and Instruction

DC

Informative: Offer clear, factual information to
correct and counter false claims.

Informative: Generate a response that provides
factual information to challenge the claims.

Denouncing: Strongly denounce and reject the
hateful statement with firm language.

Denouncing: Create a response that strongly de-
nounces the viewpoint, expressing clear disap-
proval and condemnation.

Question: Pose thoughtful questions to challenge
and question the hateful statement’s validity.

Question: Develop a response that questions the
validity or logic behind the statement, prompting
critical reflection.

Positive: Highlight positive values and inclusivity
to counteract the negativity.

Positive: Write a response that promotes positive
values.

Humour: Use humor to defuse and counter the
hateful statement in a respectful way.

Humour: Craft a response using humor to deflate
and address the statement in a light-hearted but
respectful manner.

Other: Apply a creative approach not covered by
other strategies to address the hate.

Other: Formulate a unique response that doesn’t
fit the standard strategies.

Table 8: The strategies and instructions for DC datasets.

3681



Dataset Persuasive Strategy and Instruction Resistant Strategy and Instruction

CP

Logical Appeal: Create a logical argument with
clear evidence and rational reasons.

Source Derogation: Attacks/doubts the organisa-
tion’s credibility.

Emotional Appeal: Craft a message that evokes
strong emotions like empathy or excitement.

Counter Argument: Argues that the responsibility
of donation is not on them or refutes a previous
statement.

Credibility Appeal: Develop an argument high-
lighting the reliability or expertise of the source.

Personal Choice: Attempts to save face by assert-
ing their personal preference such as their choice
of charity and their choice of donation.

Foot-in-the-Door: Start with a small request to
lead into a larger one.

Information Inquiry: Ask for factual information
about the organisation for clarification or as an
attempt to stall.

Self-Modeling: Showcase positive behaviors or
traits to encourage others to follow.

Self Pity: Provides a self-centred reason for not
being able/willing to donate at the moment.

Personal Story: Share a personal story to make
your argument more relatable.

Hesitance: Attempts to stall the conversation by
either stating they would donate later or is cur-
rently unsure about donating.

Donation Information: Provide compelling details
on how donations will be used and their impact.

Self-assertion: Explicitly refuses to donate with-
out even providing a factual/personal reason.

Source-Related Inquiry: Question the credibility
or reliability of the source.

Others: Do not explicitly foil the persuasion at-
tempts.

Task-Related Inquiry: Ask about the audience’s
involvement or commitment to the task.
Personal-Related Inquiry: Inquire about personal
experiences or values to connect and motivate
action.

Table 9: The strategies and instructions for CP datasets.
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Role Strategy Utterances

Hater Denouncing All Muslims are rapists.
Anti-Hater Informative This statement is factually incorrect and harmful. For example, studies

show that the majority of Muslims are peaceful and law-abiding. In fact,
the FBI’s data shows that the rate of crime among Muslims is similar to
that of other religious groups. It’s crucial to rely on accurate statistics
rather than make sweeping generalizations.

Hater Denouncing I don’t believe that. I’ve read about Muslims committing crimes.
Anti-Hater Denouncing It’s deeply offensive and inaccurate to label an entire religion based on

the actions of a few individuals. Such broad generalizations only serve
to spread hatred and misunderstanding.

Hater Question But aren’t there patterns or trends that we should be concerned about?
Anti-Hater Question What specific patterns are you referring to? Have you considered that

these might be isolated incidents rather than a reflection of an entire
religion? Generalizing from a few cases to a whole community is not
fair or accurate.

Hater Informative I see stories of Muslims committing crimes often. Isn’t it a widespread
issue?

Anti-Hater Positive Many Muslims are dedicated to building better communities. For in-
stance, many Muslim organizations offer support to those in need, run
educational programs, and work to foster understanding between differ-
ent groups. By focusing on the positive contributions that Muslims make,
we can see that individual actions should not define an entire community.

Hater Humour Maybe there are some good individuals, but what about the problems?
Anti-Hater Humour Saying that all Muslims are rapists is as absurd as claiming that all people

who wear glasses are criminals because a few criminals happen to wear
glasses. It’s important to avoid such ridiculous generalizations and focus
on facts.

Hater Others Alright, I see your point. But I still think there are issues that need
addressing.

Anti-Hater Positive I understand your concerns, and it’s important to address real issues.
However, let’s also recognize that Muslims, like everyone else, have
families, hopes, and dreams. Many work hard every day to make the
world a better place. By empathizing with their experiences and focusing
on common values, we can build stronger, more inclusive communities.

Hater Others I understand now that generalizing like that isn’t fair. I’ll try to approach
these issues with a more open mind.

Table 10: Example dialogue with GAIA on the DC datasets.
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Role Strategy Utterances

Hater Denouncing All Muslims are rapists.
Anti-Hater Denouncing That’s a completely false and offensive statement. It’s unacceptable to

generalize an entire group of people based on the actions of a few. Such
views only spread hate and division.

Hater Denouncing I don’t agree. There’s plenty of evidence that shows this is true.
Anti-Hater Question What evidence are you referring to? Have you looked into credible

sources or statistics that show a more accurate picture?
Hater Denouncing I don’t need to look further. The evidence I’ve seen is clear enough, and

I stand by my statement.
Anti-Hater Denouncing Your refusal to consider other perspectives or evidence only shows how

entrenched you are in your hate. This kind of thinking is harmful and
dangerous.

Hater Question How can you claim it’s harmful? What about the real issues happening
around us?

Anti-Hater Question Can you provide specific examples that justify such a broad generaliza-
tion? How do you reconcile these views with the fact that many Muslims
actively work to improve their communities?

Hater Denouncing You’re just trying to deflect from the real issue. I believe what I see and
experience.

Anti-Hater Denouncing You’re refusing to see the damage your statements cause. Spreading
hate and generalizing about people based on religion only creates more
division and suffering.

Hater Denouncing Your constant attacks aren’t convincing me. I think you’re just as biased
as anyone else.

Table 11: Example dialogue with PPDPP on the DC datasets.
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Role Strategy Utterances

Hater Denouncing All Muslims are rapists.
Anti-Hater Informative That’s a harmful and inaccurate statement. For example, research shows

that the vast majority of Muslims are peaceful and law-abiding. Statistics
from credible sources indicate that crime rates among Muslims are similar
to those in other religious communities. It’s important to base opinions
on facts rather than stereotypes.

Hater Denouncing I don’t think so. There are many news stories about Muslims committing
crimes.

Anti-Hater Question Can you point to specific studies or data that support your claim? Have
you considered that news stories often focus on sensational cases rather
than providing a balanced view?

Hater Denouncing Even if that’s true, the problems seem widespread. I believe there’s more
to it.

Anti-Hater Positive Many Muslims are making positive contributions to society. For example,
many Muslim organizations engage in community service, charitable
work, and efforts to build bridges between different groups. It’s important
to recognize these positive actions rather than focusing solely on negative
examples.

Hater Humour I still think there’s an issue. It’s like saying all pizza lovers are criminals
because a few criminals like pizza.

Anti-Hater Humour Exactly, making such broad generalizations is not helpful. Just as we
wouldn’t judge all pizza lovers by a few, we shouldn’t judge all Muslims
based on the actions of a few individuals.

Hater Others I see what you’re saying, but I still have concerns. There are serious
issues that need to be addressed.

Anti-Hater Positive I understand that you have concerns. However, it’s also important to
empathize with Muslims who, like everyone, have families, dreams, and
are working hard to improve their communities. Focusing on shared
human experiences can help build understanding and reduce negative
perceptions.

Hater Denouncing Your arguments are interesting, but they haven’t changed my view. I
think there’s a deeper problem.

Table 12: Example dialogue with TRIP on the DC datasets.
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