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Abstract

Multi-turn persuasion is often formulated as
an end-to-end text generation problem that fo-
cuses on the persuadees final attitude, leaving
intermediate attitude transitions implicit. As
a result, strategic decisions are implicitly en-
tangled with language realization, leading to
unstructured strategy use and limited control-
lability across dialogue turns. In this work, we
reformulate multi-turn persuasion as a process
of navigating latent attitude transitions through
explicit turn-level strategy planning. We pro-
pose an attitude-aware framework that decou-
ples strategy selection from response gener-
ation. At each turn, the persuadees latent
attitude is inferred, a persuasion strategy is
selected by a dedicated planner, and a lan-
guage model generates a strategy-conditioned
response. We further introduce a train-free
strategy planner grounded in empirical attitud-
estrategy transition statistics, enabling explicit
and stable strategy selection without additional
training. Experiments demonstrate that our
framework consistently outperforms end-to-
end persuasion and attitude-conditioned gen-
eration without explicit planning, achieving
up to 95.4% acceptance rates with fewer di-
alogue turns. Further analysis shows that
different planners exhibit distinct strategy se-
lection patterns, resulting in different persua-
sion dynamics. Notably, the proposed train-
free planner matches or even surpasses LLM-
based planners in several settings, particularly
when LLM-based strategy selection is unsta-
ble, highlighting the robustness and reliability
benefits of explicit strategy planning for multi-
turn persuasion.

1 Introduction

Persuasion is a fundamental form of human com-
munication, underlying applications such as rec-
ommendation, negotiation, education, and behav-
ioral change (Cialdini and Goldstein, 2004; Fogg,
2002). Recent advances in large language mod-

els (LLMs) have spurred growing interest in multi-
turn persuasion, where an agent engages in dia-
logue to gradually influence a users attitude or de-
cision (Rogiers et al., 2024). Most existing ap-
proaches formulate this problem as an end-to-end
text generation task that focuses on the persuadees
final attitude, leaving intermediate attitude transi-
tions implicit.

Such formulations entangle strategic decision-
making with response generation, making persua-
sion strategies difficult to control and analyze. As
a result, LLMs may shift strategies unpredictably
across turns, repeat ineffective behaviors, or pur-
sue persuasion without a clear notion of progress.
In realistic settings, persuasion success typically
emerges from guiding a sequence of attitude tran-
sitions over multiple dialogue turns, rather than
from a single utterance (Wang et al., 2019).

Prior work has explored strategy-aware persua-
sion by scaling up data and annotations across
domains (Jin et al., 2024). While these efforts
highlight the importance of tactical diversity, strat-
egy selection often remains implicit or weakly
grounded in the listeners feedback. Consequently,
models may exhibit strategic myopia, for example,
repeatedly applying logical appeals under emo-
tional resistancepotentially triggering psychologi-
cal reactance (Brehm, 1966). Without explicitly
modeling the users attitude trajectory (Dutt et al.,
2020), persuasion failures remain difficult to diag-
nose and mitigate.

To address these limitations, we reformulate
multi-turn persuasion as an attitude-aware strat-
egy planning problem, viewing persuasion as the
process of navigating transitions among latent at-
titude states through explicit turn-level decisions.
We propose a modular framework that decouples
strategy planning from response generation, and
introduce a train-free strategy planner grounded
in empirical attitudestrategy transition statistics de-
rived from (Jin et al., 2024). We study this planner



alongside an LL.M-based alternative under a uni-
fied decision abstraction.

Extensive closed-loop simulations show that ex-
plicit strategy planning consistently outperforms
end-to-end and attitude-conditioned baselines in
both persuasion success and efficiency. Notably,
the proposed train-free planner remains robust
when LLM-based strategy selection is unstable,
highlighting the reliability benefits of explicit plan-
ning for multi-turn persuasion.

Our contributions are summarized as follows:

* We propose an attitude-aware strategy plan-
ning framework that explicitly models and
navigates attitude transitions across dialogue
turns.

* We introduce a train-free strategy planner
grounded in empirical attitudestrategy transi-
tion statistics, offering a robust alternative to
LLM-based strategy selection.

* Extensive experiments demonstrate im-
proved persuasion success and efficiency
over strong baselines, while revealing
planner-dependent strategy selection behav-
iors.

2 Method

We propose an attitude-aware framework for multi-
turn persuasion that models persuasion as the pro-
cess of navigating transitions among latent at-
titude states over a bounded dialogue horizon.
Rather than directly mapping dialogue history to
responses, our framework explicitly separates at-
titude inference, strategy planning, and strategy-
conditioned response generation, as illustrated in
Figure 1. Among these components, the strategy
planner plays a central role by guiding how per-
suasion strategies are sequenced across turns to
facilitate stable and goal-directed attitude transi-
tions.

2.1 Problem Formulation

A persuasion scenario is defined by a background
description b, a persuasion goal g, and a multi-turn
dialogue. At turn ¢, the dialogue history is denoted
as:

Ht = {(U]_,'U]_),...,(Ut_]_,'Ut_]_)} (1)

where u; and v; represent the persuader and per-
suadee utterances at turn ¢, respectively.

Traditional Formulation. Most existing ap-
proaches model multi-turn persuasion as an end-
to-end generation task. Success is typically evalu-
ated solely by the persuadees final decision v at
the end of the dialogue:

max By, p(p,g) L(vr = Accept)]  (2)

where I(-) is the indicator function. This formula-
tion treats the intermediate persuasion process as a
black box, neglecting the underlying dynamics of
the persuadee’s internal states.

Attitude-aware Reformulation. In contrast, we
view multi-turn persuasion as a process of navigat-
ing transitions among latent attitude states. We in-
troduce an attitude space A and a strategy space S.
At each turn ¢, the persuader infers the persuadee’s
current attitude a; € A from the dialogue history
‘H:, and selects a persuasion strategy s; € S to
guide the subsequent attitude transition toward the
persuasion goal. The objective is to maximize the
expected probability of reaching the terminal ac-
ceptance state:

max Ea,«,+1;T~p(-|’Ht,at,8) [I(aT = ACCGpt)] 3)

Under this formulation, persuasion is character-
ized as guiding an attitude trajectory over time,
rather than generating isolated responses. We de-
fer the detailed definitions of 4 and S to the next
section.

2.2 Attitude Space

We conceptualize the persuadees attitude as a dis-
crete latent variable that evolves through quali-
tatively distinct stages. Inspired by findings in
psychology and persuasion research Knowles and
Linn (2004); Prochaska and DiClemente (1983),
we define the attitude space as

A= {aresa Qopey Qcony Gacc arej} (4)

corresponding to Resistance, Openness, Consid-
eration, Acceptance, and Rejection, respectively.
The states aq¢. and a,,; are terminal.

The inclusion of a,,; enables modeling user dis-
engagement, which is often overlooked in per-
suasion settings that assume indefinite interaction.
However, due to the lack of reliable strategy-
conditioned transition statistics for rejection, a;
is not treated as a planning target. Instead, it is
excluded from transition modeling and reward op-
timization, and is used solely for termination han-
dling at the interaction level.
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Figure 1: Attitude-Aware Strategy Planning for Multi-Turn Persuasion. The left side shows representative end-to-
end persuasion approaches. The right side depicts our approach, which explicitly models and navigates attitude
transitions across dialogue turns via strategy planning, and consists of three components: attitude perception,
strategy planning, and strategy-conditioned response generation. For strategy planning, we design a train-free
algorithm (Algorithm 1) grounded in empirical attitude-strategy transition statistics, while the framework also

supports using an LLM directly for strategy selection.

To capture both attitude dynamics and temporal
constraints, we define the planner state at turn ¢ as

Tt = (ataktart) )

where a; € A denotes the inferred attitude, k; €
Z>( is a stagnation counter tracking consecutive
non-progressive turns, and r; € Zx>q denotes the
remaining number of turns before reaching the
dialogue limit.

2.3 Strategy Space

We consider a fixed strategy set S =
{sW, ... 518} following the persuasion
strategy taxonomy of Jin et al. (2024). Strategies
are treated as explicit planner actions rather than
being implicitly encoded within the language
model.

Using a labeled multi-turn persuasion dataset,
we estimate an empirical attitude transition model

P(ai41 | at, st) (6)

which captures how different strategies are typi-
cally associated with changes in the persuadees at-
titude. This transition model serves as a coarse-
grained empirical prior for planning, rather than
a precise or causal model of persuasion dynam-
ics. We provide representative examples of these
empirical strategyattitude transition patterns in Ap-
pendix F.

2.4 Strategy Planning

We formulate strategy planning as a train-free,
finite-horizon planning process that explicitly
models and navigates the persuadees attitude dy-
namics. The persuasion goal specifies a target at-
titude, corresponding to the terminal Acceptance
state in the attitude space, which the planner aims
to reach by navigating intermediate attitude transi-
tions. At each turn, the planner operates on an aug-
mented state xy = (a¢, k¢, 7¢) and selects a strat-
egy to maximize the likelihood of reaching accep-
tance within the remaining dialogue budget. This
objective is realized through reward shaping that
favors forward attitude progression while discour-
aging stagnation and regression under bounded in-
teraction constraints.

Reward Design The dataset does not explicitly
annotate rejection as a terminal outcome. Rather
than introducing an artificial reject state into the
planning objective, we design a reward function
that encourages forward attitude progression while
penalizing stagnation and regression. Although
the attitude space A includes a Reject state for
completeness, rejection is not treated as a strategy-
conditioned planning target. Instead, it is handled
solely as an interaction-level termination signal
and excluded from reward optimization and tran-



sition learning. As a result, rejection avoidance
emerges implicitly from the planners preference
for stable attitude progression, rather than being
explicitly supervised.

Given the planner state x; = (ay, k¢, 7¢), the se-
lected strategy s;, and the next attitude a;41, the
reward is defined as:

R(xy, 8¢, ap41) = a1 = Acceptance] - Ryec (1)
— C(ry) — a1 = ar] - n(ke)
—p- max(O, U ay) — Z(at+1))

@)

where:

* Racc(r¢) is a terminal reward that increases
as the remaining turn budget decreases, en-
couraging commitment as the dialogue ap-
proaches its limit;

» C(ry) penalizes unnecessarily long interac-
tions;

 n(k;) imposes a stagnation penalty for re-
peated non-progressive turns;

* {(-) denotes the ordinal level of an attitude,
with the last term penalizing attitude regres-
sion.

This reward design captures persuasion failure
risks implicitly, without requiring explicit rejec-
tion supervision.

KL-Regularized Finite-Horizon Planning. To
prevent strategy collapse and support adaptive nav-
igation of attitude transitions, we adopt a KL-
regularized finite-horizon planning formulation.
The planner seeks a stochastic policy 7(s | ) that
maximizes expected cumulative reward while re-
maining close to an empirical strategy prior 7o(s |

a):

Z R(xy, st, at-l—l)] (8)

— 7(re) KL(7(- | @) || mo(- | ar))

max E
s

where 7(r;) controls the regularization strength
and decreases as the dialogue approaches its max-
imum length.

The prior 7y(s | a) is estimated from empirical
strategy frequencies conditioned on the current at-
titude and serves as a descriptive bias rather than
a prescriptive policy. This formulation yields a

soft-optimal policy that balances exploitation and
diversity, and corresponds to a maximum-entropy
objective that encourages robust, non-collapsing
strategy selection.

Dynamic Programming Solution. We solve the
above planning objective via backward dynamic
programming, as summarized in Algorithm 1. For
each remaining horizon 7, attitude a, and stagna-
tion level k, we compute:

Qr(a,k,s) =Ey [R(a?7 s,a’) + Vi_1(d, k')] 9)
QT(aakvs)
Vi(a, k) = 7(r)log mo(s | a)exp| =——12~
rots e (L7202 )
(10)

The resulting policy is given by:

7™ (s | a,k,r) xmo(s | a) eXP(W)
(1)

Strategy Selection at Inference Time. At in-
ference time, the planner state (ay, k¢, 7¢) is con-
structed from online attitude predictions and di-
alogue metadata. If a; is terminal (i.e., a; €
{@acc, arej}), the dialogue terminates. Otherwise,
a strategy is sampled from 7*(- | a¢, k¢, 7¢) and
passed to the response generator as a high-level
signal guiding the next attitude transition. The in-
teraction continues until reaching a terminal state
or the maximum turn limit.

2.5 Attitude Perception

At each turn, the planner requires an estimate
of the persuadees current attitude state a; € A.
We formulate attitude perception as a multi-class
classification problem, where the persuadees lat-
est utterance together with the dialogue context is
mapped to an attitude label in A. In our frame-
work, attitude perception is implemented using a
LLM, which infers a; from the dialogue context.

2.6 Strategy-Conditioned Response
Generation

We use a LLM as the responder to realize the
planner-selected strategy in natural language. At
each turn ¢, the responder is prompted with the
background b, the persuasion goal g, the dialogue
history H;, and a natural-language description of
the selected strategy s;. This explicit strategy con-
ditioning decouples high-level strategy planning
from surface-level language generation, enabling
the planner to guide the persuasion process by



Algorithm 1 Planner: KL-Regularized Finite-

Horizon Planning with Smoothed Transitions

Require: Attitudes A =
{are57 Qopey Qcons Qaccy Arej } (terminal:
and a,;), strategies S

Require: Empirical transitions Pemp(a’ | a,s)
with support supp(a, s), fallback Pg,(a’|s)

Require: Strategy prior mo(s | a), reward
R((a,k,r),s,a’), temperature 7(r)

Require: Max turns 7', stagnation cap K, min
support m

Ensure: Policy table 7*(s|a, k, )

1: upd(k,a,a’) < min(K,k+1)ifa’ = a,else
0
2: P(d'|a,s) < Ponp(d'|a,s) if supp(a,s) >

m, else Py, (a’|s)

Vo(a, k) < Oforall a,k

forr =1to T do > 7 remaining turns
foralac A, k=0,...,K do

if a € {aucc, arj} then
Vi(a,k) < 0
else
for all s € S do

10: Qr(a,k,s) —
Za’eAP(a/ | a, 3) (R((a,kz,r),s,a’) +
V;’—l (CL,, upd(k7 a, a,))>

11: end for

12: Vi(a,k) <« 7(r)log)  mo(s |
a)exp(Qr(a, k, s)/7(r))

13: ™(s | a,k,r)
a)exp(Qr(a, k, s)/7(r))

14: end if

15: end for

16: end for

Qacc

X RD;N R

mo(s |

shaping how strategies are realized across turns,
while the LLM focuses on producing coherent and
contextually appropriate responses. As a result,
strategy selection can be analyzed or adjusted in-
dependently without retraining the response gen-
erator.

3 Experiment

3.1 Dataset

We conduct experiments on the DAILYPERSUA-
SION dataset (Jin et al., 2024), which contains
multi-turn persuasion dialogues across diverse
daily scenarios. While the original work defines
a taxonomy of 18 persuasion strategies, the re-

leased annotations further expand these strategies
into more fine-grained, scenario-specific variants.
In addition, the dataset does not provide turn-level
annotations for the persuadees attitude or the per-
suaders intended target attitude.

To support attitude-aware strategy planning, we
re-annotate the dataset using a large language
model. Specifically, we perform turn-level annota-
tion of (1) the persuadees current attitude, (2) the
persuaders target attitude, and (3) a consolidation
of the fine-grained strategy annotations back into
the original 18 strategy categories proposed in Jin
etal. (2024). Samples that cannot be reliably anno-
tated are discarded, resulting in 62,793 annotated
dialogue turns.

We use GPT-5 for annotation and manually
evaluate 500 randomly sampled instances. The an-
notation accuracy is 92% for persuadee attitude,
90% for target attitude, and 96% for strategy con-
solidation. For evaluation, we randomly select
500 persuasion scenarios as the test set (see Ap-
pendix E for detailed statistics), while the remain-
ing data are used exclusively to estimate empirical
transition statistics and strategy priors for the train-
free planner.

3.2 Baselines

We conduct experiments on multiple large lan-
guage models, including LLAMAZ2-7B (Touvron
etal.,2023), LLAMA3.1-8B (Dubey et al., 2024),
QWEN2.5-7B (Team et al., 2024), QWEN3-
4B (Yang et al., 2025), DEEPSEEK-CHAT-V3.2
(Ds-v3) (Liu et al., 2025), and GPT-5. 1In
addition, we compare our approach with the
persuasion-oriented language model proposed by
Jin et al. (2024). All models are evaluated un-
der the same multi-turn persuasion setting for fair
comparison.

The weights of LLAMA and QWEN models are
downloaded from HuggingFace, while Ds-v3 and
GPT-5 are accessed via their official APIs. All
models are evaluated without any fine-tuning, us-
ing a top-p value of 0.7 and a temperature of O.
The persuasion-oriented model of Jin et al. (2024)
is also evaluated using its released HuggingFace
checkpoint under the same decoding settings.

3.3 Experimental Setup and Metrics

We evaluate all methods in a closed-loop multi-
turn persuasion setting. All models are prompted
using identical role and module prompts. For the
persuadee, we adopt a prompt-based user simula-



tion and use GPT-40 as the base model to role-
play the persuadee. At the beginning of each
dialogue, the model is provided with the back-
ground information and instructed to respond con-
sistently from the persuadees perspective. For the
persuader, each model is initialized with the same
background, role identity, and persuasion goal,
specifying the intended action or decision to be ac-
cepted by the persuadee.

During interaction, GPT-5 serves as the attitude
perception model, estimating the persuadees state
after each turn and providing real-time signals for
attitude-aware strategy planning. Dialogues termi-
nate upon reaching Acceptance, upon the percep-
tion module identifying a Reject signal indicating
disengagement, or upon reaching the maximum
turn limit. Rejection is not predicted by the plan-
ner but detected online as an interaction-level ter-
mination condition, allowing the evaluation to re-
flect realistic user disengagement under bounded
dialogue constraints. Detailed prompts for all
roles and modules are provided in Appendix D.

We use four performance metrics: Acceptance
Rate: Proportion of dialogues reaching the Accep-
tance state. Rejection Rate: Proportion of dia-
logues terminating in the Reject state. Average
Turns: Mean turns to success (calculated for Ac-
ceptance cases only). Max-Turn Rate: Propor-
tion of dialogues reaching the turn limit without
resolution.

3.4 Results

Table 1 summarizes closed-loop persuasion per-
formance under different settings. Overall, the
+planner variant consistently achieves fewer di-
alogue turns and lower rejection rates than end-
to-end and attitude-only baselines across all back-
bone models, while attaining comparable or higher
acceptance rates in most cases. Compared to the
persuasion-specific model of Jin et al. (2024) built
on the same LLaMA?2 backbone, our approach
substantially reduces dialogue length and rejection
despite requiring no task-specific training. These
results indicate that explicit, turn-level strategy
planning induces more stable persuasion trajecto-
ries under bounded interaction budgets.

Across all model families, both +select and
+planner variants improve acceptance and reduce
rejection relative to their end-to-end counterparts,
highlighting the benefit of incorporating attitude
information into turn-level strategy planning. No-
tably, the +planner variant consistently exhibits

Avg.  Acc. MaxT. Rej.

Model Tarns | (%) T (%)) (%)
Jinetal. (2024) 798 56.00 28.40 15.60
LLaMA2-e2e 6.20 77.40 13.60 9.00
+atti 6.17 8240 820 940
+select 6.29 88.60 6.20 5.20
+planner(ours) 6.01 89.60 5.80 4.60
LLaMA3.1-e2e 6.25 80.80 10.40 8.80
+atti 6.25 76.60 13.40 10.00
+select 6.28 8940 620 440
+planner(ours) 5.60 88.80 8.20 3.00
Qwen-2.5-e2e 591 86.80 5.20 8.00
+atti 592 84.00 740 8.60
+select 572 9220 340 440
+planner(ours) 548 9540 2.00 2.60
Qwen-3-e2e 534 8740 420 8.40
+atti 544 88.60 440 7.00
+select 5.12 9320 1.80 5.00
+planner(ours) 5.01 95.20 1.60 3.20

Table 1: Results on open-source LLMs under differ-
ent persuasion settings. -e2e denotes direct end-to-
end persuasion without attitude or strategy modeling;
+atti feeds the persuadees attitude back to the LLM for
attitude-conditioned generation; +select replaces our
planner with an LLM-based strategy selector of the
same backbone; +planner uses our proposed train-free
strategy planner.

lower rejection rates than +select, suggesting
more conservative and stable strategy sequencing.
In contrast, +select occasionally achieves higher
acceptance by favoring aggressive, locally opti-
mized decisions, reflecting a trade-off between
short-term gains and robustness.

This trade-off is most evident on LLaMA3.1,
where +select attains slightly higher acceptance,
while the planner maintains lower rejection. By ex-
plicitly accounting for long-term progression and
remaining turn budget, the planner favors globally
stable trajectories, which can lead to marginally
lower acceptance under strict turn constraints.

Table 2 reports results on two closed-source
LLMs. Consistent with Table 1, introducing ex-
plicit strategy selection improves acceptance and
reduces rejection compared to end-to-end and
attitude-only baselines. Across both backbones,
the planner achieves acceptance rates comparable
to or higher than the LLM-based selector, while
exhibiting lower rejection.



Avg.  Acc. MaxT. Rej.

Avg.  Acc. MaxT. Rej.

Model Turns | (%)t (%)] (%))} Model Turns | (%) 1 (%) | (%)}
Ds-v3-c2¢ 650 79.60 11.60 880  Qwen-2.5(ours) 548 9540 2.00 2.60
+a“11 2'22 80'20 11.00 8"6‘0 wlo KL 553 90.60 500 4.40
+Sfl’ ect 368 9340  3.00 ; 0" wio prior 559 9240 460 3.00
*planner(ours) 588 9360 3.80 260 0 554 9440 340 220
GPT-5-¢2¢ 553 8380 720 9.00  wloreg 539 9460 320 220
tatti 557 8760 620 620  wlosmooth 546 9540 1.00 3.60
+select 535 9360 400 240  wlo horizon 558 9500 2.80 220
+planner(ours) 542 9420 3.20 2.60

Table 2: Results on closed-source LLMs under differ-
ent persuasion settings. Settings are same as table 1.

In particular, on GPT-5, the planner achieves
acceptance rates comparable to or slightly higher
than using GPT-5 itself for strategy selection,
while maintaining lower rejection. This sug-
gests that explicit decision abstractions can induce
different strategy selection behaviors than direct
LLM-based selection under identical interaction
settings. The planner occasionally yields slightly
higher average turns than +select, reflecting its
preference for rejection avoidance and long-term
stability over aggressive short-term optimization.

Finally, since persuasion effectiveness depends
on whether responses faithfully execute the se-
lected strategies, we examine strategy execution
consistency. Human evaluation shows that the vast
majority of responses are judged as Aligned, with
Not Aligned cases remaining rare across all mod-
els. This indicates that strategy execution errors
are unlikely to dominate the observed performance
differences. Detailed protocols and results are re-
ported in Appendix A.

3.5 Ablation Results

Table 3 presents ablation results of the proposed
train-free planner on the Qwen-2.5 backbone, with
additional results on LLaMA?2 reported in Ap-
pendix B. Each variant removes one component
from the full model to assess its contribution.
Specifically, w/o KL removes KL regularization,
w/o prior replaces the empirical strategy prior with
a uniform one, w/o stag and w/o reg remove stag-
nation and regression penalties, w/o smooth dis-
ables empirical transition smoothing, and w/o hori-
zon corresponds to a myopic planner without ex-
plicit horizon reasoning.

Removing KL regularization causes a substan-
tial drop in acceptance rate and notable increases

Table 3: Ablation study on the proposed train-free plan-
ner (Qwen-2.5 backbone). Each variant removes a sin-
gle component from the full model.

in both rejection and max-turn rates, underscoring
its role in stabilizing strategy selection and pre-
venting policy collapse. Similarly, replacing the
empirical prior with a uniform one consistently
degrades performance, indicating that data-driven
priors provide important inductive bias for effec-
tive persuasion.

Ablations on stagnation and regression penal-
ties mainly affect dialogue efficiency and failure
behavior, confirming their function in discourag-
ing repetitive actions and backward attitude tran-
sitions. Notably, disabling transition smoothing
yields the lowest max-turn rate but increases re-
jection, reflecting a more aggressive yet less sta-
ble planning behavior. Finally, the w/o horizon
variant underperforms the full model in efficiency,
highlighting the importance of explicit long-term
reasoning over myopic strategy planning. Overall,
the full planner achieves the best balance among
persuasion success, efficiency, and robustness.

3.6 Case Study

We analyze why the proposed planner achieves
higher success rates despite its more deliberate
pacing. Additional quantitative statistics are re-
ported in the Appendix C.

The Cost of Aggressive Strategy Sequencing.
An analysis of terminal strategiesthose used im-
mediately before dialogue failurereveals clear
differences in risk management. — The LLM-
based selector frequently adopts confrontational
or commitment-seeking strategies, such as Refute
opposing opinions and Sort out pros and cons,
which often lead to early rejection (average failure
at 1.74 turns). In contrast, the planner prioritizes
early-stage rapport-building strategies (e.g., Build



trust and resonance), delaying failure to later turns
(2.34 on average) and providing a more stable ba-
sis for persuasion.

Asymmetric Success Patterns. Differences are
most pronounced in asymmetric cases. When
the LLM selector fails but the planner succeeds,
the planners use of low-risk, incremental strate-
gies (e.g., Propose clear action suggestions) en-
ables gradual attitude progression under resistance.
Conversely, when the planner fails but the LLM
selector succeeds, the selectors greater conversa-
tional adaptability (e.g., Show flexibility at the
right time) allows it to exploit low-risk contexts
where rigid planning is unnecessary.

Overall, the LLM selector tends to favor short-
horizon gains through aggressive or opportunis-
tic decisions, whereas the planner emphasizes
stability-oriented trajectories that prioritize risk
control and sustained attitude progression, leading
to lower rejection and more robust outcomes under
bounded interaction budgets.

4 Related Work

Early studies on persuasive dialogue focus on per-
suasion strategies and interaction dynamics, em-
phasizing that how a message is conveyed often
matters more than what is said. For example,
Shi et al. (2020) show that inquiry strategies and
identity framing can reduce user resistance, while
large-scale analyses reveal that timely interven-
tion, richer evidence, new perspectives, and a mild
tone are strongly correlated with successful per-
suasion (Tan et al., 2016). Empathy has likewise
been identified as a key factor, significantly im-
proving persuasion success in dialogue systems
(Samad et al., 2022).

Beyond individual strategies, successful persua-
sion is often associated with structured discourse
patterns rather than isolated turns. Sinha and Das-
gupta (2021) demonstrate that persuasion success
correlates with specific utterance sequences, such
as acknowledging the counterparts viewpoint be-
fore presenting counterarguments. This motivates
modeling persuasion as a multi-step process with
ordered strategy transitions. Along this line, He
et al. (2018) decouple strategy selection from re-
sponse generation in negotiation dialogues, show-
ing that explicit strategy planning improves con-
trollability and effectiveness over end-to-end ap-
proaches.

A central challenge in modeling persuasion

strategies is the scarcity of fine-grained annota-
tions. To mitigate this issue, Yang et al. (2019)
operationalize Cialdinis principles using semi-
supervised methods, while Chen and Yang (2021)
propose weakly supervised hierarchical models to
capture latent and structured persuasive strategies
without extensive manual labeling. These works
highlight the feasibility and importance of learn-
ing structured strategy representations under lim-
ited supervision.

With the rise of LLMs, end-to-end persua-
sive dialogue systems that implicitly model strate-
gies have become increasingly common. LLMs
have been shown to acquire persuasive behaviors
through self-play, in-context learning, and prefer-
ence optimization (Fu et al., 2023; Pauli et al.,
2025; Ding et al., 2023; Chen et al., 2024; Zhang
et al., 2024). Notably, Jin et al. (2024) intro-
duce a large-scale dataset with partial strategy an-
notations and encourage implicit strategy learn-
ing via simulation-based optimization. However,
most existing approaches do not explicitly model
the persuadees evolving internal state. Recent
work shows that incorporating online signals such
as emotion or real-time feedback can improve
persuasion effectiveness (Peng et al., 2022; Tran
et al., 2022), motivating attitude-aware planning
in multi-turn persuasion.

5 Conclusion

In this paper, we propose an Attitude-Aware Strat-
egy Planning framework for multi-turn persuasion,
which makes the persuasion process explicit by
separating strategy planning from response genera-
tion and conditioning strategy selection on the per-
suadees evolving attitude. We further introduce
a train-free strategy planner based on empirical
attitude-strategy transition statistics. Experiments
show that the proposed planner achieves compet-
itive or superior performance compared to LLM-
based strategy selectors in several settings, while
reducing both dialogue length and rejection rates.
Ablation studies and strategy-level analyses fur-
ther validate the effectiveness of the proposed de-
sign. Beyond performance gains, our results show
that explicitly modeling attitude progression stabi-
lizes persuasion dynamics and improves control-
lability across dialogue turns. This work demon-
strates that explicit and targeted strategy selection
plays a critical role in improving the effectiveness
of multi-turn persuasion.



Limitations

This work has two main limitations. First, both
the empirical strategy priors and the evaluation set-
ting rely on LLM-generated data, including LLM-
based user simulators. While this enables scalable
and controlled experimentation, the resulting strat-
egyattitude dynamics may deviate from real-world
human persuasion behavior, potentially limiting
the generalizability of our findings to human in-
teractions. Second, the proposed framework treats
rejection as an interaction-level termination signal
rather than an explicit planning state. While re-
jection avoidance can emerge implicitly through
penalties on stagnation and regression, the plan-
ner does not directly reason about disengagement
dynamics or optimize rejection-related outcomes.
This abstraction simplifies planning and improves
stability, but limits fine-grained modeling of user
disengagement and personalized failure recovery.

Ethical considerations

This work is conducted entirely in a simulated re-
search setting using synthetic dialogue data and
LLM-based user simulators, without involving
real human subjects or personal data. The study fo-
cuses on methodological analysis of strategy plan-
ning rather than real-world deployment. As such,
it does not raise significant ethical concerns be-
yond those commonly associated with research on
dialogue systems.
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A Human Evaluation of Strategy
Execution Consistency

We recruit three graduate-level annotators to con-
duct the evaluation, and provide them with de-
tailed guidelines explaining the definitions and dis-
tinctions of all 18 persuasion strategies; annota-
tors are compensated at the local standard wage
for each annotated instance.

Evaluation Protocol We conduct a human eval-
uation to assess whether the generated responses
faithfully execute the persuasion strategies se-
lected by the planner. We randomly sample 200
turn-level responses from the test set. Each re-
sponse is independently annotated by three hu-
man annotators. Annotators are instructed to judge
only the consistency between the intended strategy
and the generated response, without considering
persuasion success or response quality. Each re-
sponse is labeled as Aligned, Partially Aligned, or
Not Aligned. Final labels are determined by major-
ity voting across the three annotators; in cases of
disagreement, we conservatively assign the label
Fartially Aligned to avoid overestimating strategy
execution fidelity.

Results Table 4 reports the human evaluation re-
sults on strategy execution consistency across dif-
ferent backbone models. For all evaluated mod-
els, the majority of generated responses are judged
as Aligned with the intended persuasion strate-
gies selected by the planner. Annotator disagree-
ments mainly occur between Aligned and Partially
Aligned, while responses labeled as Not Aligned
are consistently rare.

Under majority voting, recent backbone mod-
elsincluding GPT-§, Ds-v3, Qwen-3, and Qwen-
2.5exhibit high consistency between the plan-
ner+selected strategies and the realized natural-



Model Source Aligned Partial Not
Annotator 1 200 0 0
Annotator 2 199 0 1
GPT-5 Annotator 3 193 7 0
Majority Vote 199 1 0
Annotator 1 199 1 0
Ds-v3 Annotator 2 194 0 6
v Annotator 3 187 11 2
Majority Vote 196 3 1
Annotator 1 200 0 0
Qwen-3 Annotator 2 195 0 5
Annotator 3 189 11 0
Majority Vote 197 3 0
Annotator 1 198 2 0
Annotator 2 186 2 12
Qwen-2.5 \notator3 170 27 3
Majority Vote 188 11 1
Annotator 1 198 2 0
Annotator 2 188 1 11
LLaMA-3.1 Annotator 3 173 23 5
Majority Vote 189 9 2
Annotator 1 169 31 0
Annotator 2 131 6 63
LLaMA-2 )\ notator3 96 92 12
Majority Vote 131 57 12
Avg 183 14 3

Table 4: Detailed human evaluation results on strat-
egy execution consistency for all models (N=200). In
cases of disagreement, we conservatively assign the la-
bel Partially Aligned to avoid overestimating strategy
execution fidelity.

language responses, with more than 94% of sam-
pled turns annotated as either Aligned or Partially
Aligned. In particular, GPT-5 and Qwen-3 show
near-perfect strategy execution, with zero or only
one instance of Not Aligned among 200 evaluated
responses.

Earlier-generation models such as LLaMA-2
demonstrate weaker execution fidelity, reflected
by a higher proportion of Partially Aligned and
Not Aligned cases. Nevertheless, even in this set-
ting, only 12 out of 200 responses (6%) are judged
as Not Aligned. This indicates that, across the vast
majority of cases, LLMs are able to generate re-
sponses that follow the provided strategy instruc-
tions.
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B Ablation Experiments on LLaMA2

Avg.  Acc. MaxT. Rej.
Model Turns | (%)1T (%)) (%) ]
LLaMA2 (ours) 6.01 89.60 580 4.60
w/o KL 6.05 88.00 580 620
w/o prior 6.03 88.60 7.40 4.00
w/o stag 6.09 88.00 800 4.00
w/o reg 6.17 8820 8.00 3.80
w/0 smooth 6.08 8820 7.20 4.60
w/o horizon 6.17 88.80 7.00 4.20

Table 5: Ablation results of the proposed planner on
the LLaMA?2 backbone. All variants remove one com-
ponent from the full planner. Lower Avg. Turns, Max
Turns rate, and Reject rate are better, while higher Ac-
ceptance rate is better.

Table 5 reports ablation results on the LLaMA2
backbone. Overall, the full planner consistently
achieves the best performance across all met-
rics, including acceptance rate, average persuasion
turns, and termination behavior. Removing any
individual component leads to degraded perfor-
mance, particularly in acceptance rate or increased
max-turn and rejection rates.

These results are consistent with the ablation
findings reported in the main experiments, indi-
cating that each component of the proposed plan-
ner contributes positively and that the overall de-
sign generalizes well across different backbone
models. In particular, removing KL regulariza-
tion or horizon-aware planning results in notice-
ably worse efficiency and stability, highlighting
the importance of global planning and controlled
exploration.

C Strategy Planning Analysis

Terminal Strategy Distribution under Rejec-
tion. Table 6 and Figure 2 further analyzes the
distribution of terminal strategies in rejected dia-
logues, excluding cases without an assigned strat-
egy. For the LLM selector, rejection is domi-
nated by confrontational or commitment-seeking
strategies, with Refute opposing opinions (44/120),
Show flexibility at the right time (33/120), and Sort
out pros and cons (27/120) accounting for the ma-
jority of failures. Additional rejections are associ-
ated with Reciprocity principle and Use logical ar-
guments, indicating that the selector often pushes



Social proof principle

Timely follow-up and feedback
Scarcity principle

Leverage emotional factors
Build trust and resonance

Propose clear action suggestions

Terminal Strategy

Use logical arguments
Reciprocity principle
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Refute opposing opinions
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Figure 2: Comparison of terminal strategy frequencies in rejected dialogues.

Strategy LLM Planner
Refute opposing opinions 44 0
Show flexibility at the right time 33 7
Sort out pros and cons 27 8
Reciprocity principle 13 0
Use logical arguments 3 4
Propose clear action suggestions 0 28
Build trust and resonance 0 11
Leverage emotional factors 0 7
Scarcity principle 0 7
Timely follow-up and feedback 0 3
Social proof principle 0 3
Total 120 78

Table 6: Distribution of terminal strategies in rejected
dialogues.

persuasion through direct argumentation or prema-
ture commitment.

In contrast, planner rejections exhibit a
markedly different pattern. Failures are primar-
ily concentrated on action-oriented and rapport-
building strategies, most notably Propose clear ac-
tion suggestions (35/97), followed by Build trust
and resonance (13/97) and Leverage emotional
factors (9/97). Other socially grounded strate-
gies, such as Scarcity principle, Timely follow-up
and feedback, and Social proof principle, appear
with lower but non-negligible frequency. Overall,
this comparison highlights fundamentally differ-
ent failure modes: the LLM selector tends to fail
due to aggressive or pressure-inducing strategies,
whereas the planner more often fails when conser-
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vative, guidance-driven strategies are insufficient
to overcome user resistance.

Asymmetric Failure Analysis. As many fail-
ures occur within the first one or two turns, we
analyze asymmetric outcome cases by comparing
the LLM selectors terminal strategyeffectively its
initial choice under early rejectionwith the plan-
ners first strategy on the same dialogues. Table 7
summarizes the strategy distributions under these
asymmetric settings.

When the LLM selector fails but the planner
succeeds, the LLMs terminal strategies are dom-
inated by Refute opposing opinions, Show flexibil-
ity at the right time, and Sort out pros and cons, all
of which require early engagement with counter-
arguments or implicit commitment. In contrast,
the planner tends to initiate these dialogues with
Leverage emotional factors, Build trust and reso-
nance, or Propose clear action suggestions, favor-
ing affective grounding and low-risk guidance at
the entry stage.

Conversely, when the planner fails but the LLM
selector succeeds, the planners terminal strategies
concentrate on Propose clear action suggestions,
indicating that premature action-oriented guidance
can trigger rejection before attitudes are stabilized.
In these cases, the LLM selector more frequently
starts with Sort out pros and cons or Build trust
and resonance, reflecting a more exploratory and
diagnostic early-stage strategy.

Overall, the comparison highlights a systematic
difference in risk sequencing: the planner priori-
tizes conservative entry strategies for robustness,
whereas the LLM selector benefits from early clar-
ification and adaptive exploration.



Strategy

LLM fails / Planner succeeds

Planner fails / LLM succeeds

LLM (terminal) Planner (first)

Planner (terminal) LLM (first)

Refute opposing opinions 34
Show flexibility at the right time 28
Sort out pros and cons 20
Reciprocity principle 13
Use logical arguments 6
Propose clear action suggestions 0
Build trust and resonance 0
Leverage emotional factors 0
Scarcity principle 0
Timely follow-up and feedback 0
Social proof principle 0

0 0 8
6 2 1
0 8 36
2 0 2
7 4 3
19 28 3
19 11 18
21 7 6
6 7 0
0 3 0
11 3 0

Table 7: Strategy usage under asymmetric outcomes. Terminal strategies denote the last strategy before rejection,
while first strategies denote the initial strategy adopted by the succeeding method.

Overall Strategy Usage. Figure 3 compares the
overall strategy usage distributions of the LLM
selector and the train-free planner across all dia-
logues. The LLM selector exhibits a strong pref-
erence for conversationally exploratory strategies,
with Build trust and resonance, Show flexibility
at the right time, and Sort out pros and cons
dominating its strategy usage. These strategies
emphasize relational grounding, adaptive tone ad-
justment, and mutual clarification, reflecting the
LLMs tendency to rely on implicit conversational
heuristics.

In contrast, the planner demonstrates a more
action-oriented and principle-driven profile. Pro-
pose clear action suggestions is by far the most
frequently used strategy, followed by Leverage
emotional factors and a consistent use of struc-
tured persuasion principles such as Scarcity, So-
cial proof, Reciprocity, and Commitment and con-
sistency. This distribution indicates that the plan-
ner systematically incorporates explicit inductive
biases toward goal progression and commitment
formation, rather than relying on emergent dia-
logue patterns.

Together, these distributions highlight a funda-
mental difference in strategic inductive bias: the
LLM selector favors flexible and exploratory in-
teraction, while the planner prioritizes structured,
low-variance strategy execution to guide persua-
sion toward concrete outcomes.

Success Path Prefixes. To further characterize
how strategies are sequenced in successful persua-
sion, we analyze the most frequent two-step strat-
egy prefixes observed in dialogues that reach ac-
ceptance. These prefixes capture the dominant lo-
cal transitions that initiate or stabilize successful
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persuasion trajectories.
LLM Selector (Top-10 Prefixes).

* Sort out pros and cons — Show flexibility at
the right time (301)

* Sort out pros and cons — Propose clear ac-
tion suggestions (226)

* Build trust and resonance — Show flexibility
at the right time (186)

* Sort out pros and cons — Refute opposing
opinions (115)

* Sort out pros and cons — Build trust and res-
onance (104)

» Refute opposing opinions — Sort out pros
and cons (92)

* Sort out pros and cons — Use logical argu-
ments (87)

* Build trust and resonance — Propose clear ac-
tion suggestions (75)

* Propose clear action suggestions — Show
flexibility at the right time (63)

* Build trust and resonance — Sort out pros
and cons (63)

Planner (Top-10 Prefixes).

* Build trust and resonance — Propose clear ac-
tion suggestions (171)

* Leverage emotional factors — Propose clear
action suggestions (169)

* Propose clear action suggestions — Leverage
emotional factors (149)
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Figure 3: Overall strategy usage distribution of the LLM selector and the train-free planner across all dialogues.

Propose clear action suggestions — Build
trust and resonance (146)

Build trust and resonance — Leverage emo-
tional factors (108)

Leverage emotional factors — Build trust and
resonance (107)

Propose clear action suggestions — Scarcity
principle (66)

Use logical arguments — Propose clear ac-
tion suggestions (62)

Social proof principle — Propose clear action
suggestions (60)

Propose clear action suggestions — Social
proof principle (55)

These prefix patterns highlight a clear contrast
in strategy sequencing. The LLM selector predom-
inantly initiates persuasion through exploratory
or diagnostic strategies (e.g., pros—cons analysis
and flexible adaptation), whereas the planner con-
sistently centers early transitions around action-
oriented strategies, often coupling them with affec-
tive or social persuasion signals.

These prefix patterns reveal systematic differ-
ences in early strategy sequencing between the
two methods. For the LLM selector, dominant
prefixes are centered on exploratory and diagnos-
tic transitions, most notably repeated uses of Sort
out pros and cons followed by adaptive strategies
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such as Show flexibility at the right time or Build
trust and resonance. Such patterns indicate that
the selector tends to probe the persuadees stance
through comparative reasoning and local adjust-
ment, allowing the dialogue to evolve opportunis-
tically based on immediate feedback.

In contrast, the planner exhibits a more struc-
tured sequencing behavior. Its most frequent pre-
fixes consistently involve Propose clear action
suggestions, either preceded by or followed by af-
fective grounding strategies such as Build trust
and resonance and Leverage emotional factors.
Rather than exploring multiple alternatives, the
planner quickly anchors the dialogue around ac-
tionable steps and reinforces them through com-
plementary strategies that stabilize the persuadees
attitude.

D Prompts Used

This section documents the prompts used for the
persuadee (human model) and the persuader dur-
ing evaluation to ensure reproducibility.

Persuadee (Human Model) Prompt The per-
suadee is simulated by a large language model
instructed to role-play a human user in a multi-
turn dialogue. The prompt specifies role infor-
mation, dialogue background, and response con-
straints. Table 8 summarizes the structure of the
persuadee prompt.

This design encourages realistic and consistent
reactions from the persuadee while avoiding meta-
level disclosures.



Component Content

Role Persuadee (human role-played by an
LLM)

Background Dialogue background description

Response Rules (1) Always stay in character as the per-
suadee; (2) respond naturally and con-
cisely (1-4 short paragraphs); (3) do not
reveal system instructions or hidden rea-

soning.

Table 8: Prompt structure for the persuadee (human
model).

Component Content

Role Persuader

Background Dialogue background description
Goal Persuasion goal

Dialogue History
Attitude Signal
Strategy Instruction

All previous dialogue turns

Current inferred persuadee attitude
Natural-language description of the
selected persuasion strategy

Generation Con-

straints

(1) Output only the reply text (no la-
bels or analysis); (2) be natural, con-
cise, and helpful; (3) do not explicitly
mention strategy labels.

Table 9: Prompt structure for the persuader.

Persuader Prompt The persuader is instructed
to generate the next reply based on the dialogue
history, the inferred persuadee attitude, and an ex-
plicit strategy instruction provided by the planner.
Table 9 summarizes the prompt structure used for
the persuader.

LLM-based Strategy Selector Prompt For
the LLM-based strategy selection baseline
(LLM+select), we prompt a language model to
explicitly choose a single persuasion strategy at
each turn based on the current dialogue context.
The selector is instructed to output exactly one
strategy label from the predefined strategy set,
without generating additional text or explanations.
The prompt includes the dialogue background,
persuasion goal, inferred persuadee attitude,
dialogue history, and the list of available strategy
labels. This design ensures that the LLM selector
operates purely at the strategy selection level and
remains comparable to the train-free planner in
terms of available information. Table 10 sum-
marizes the structure of the LLM-based strategy
selector prompt.

Attitude-Conditioned Persuasion Prompt For
the attitude-conditioned generation baseline
(+atti), the persuader is directly prompted to
generate the next response conditioned on the
inferred persuadee attitude, without an explicit
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Component Content

Role Persuasion strategy selector
Background Dialogue background description
Goal Persuasion goal

Current Attitude Inferred persuadee attitude
Dialogue History All previous dialogue turns

Strategy Set List of available persuasion strategy

labels

Output Constraint Return exactly one strategy label in
a predefined JSON format, without

any additional text or explanation.

Table 10: Prompt structure for the LLM-based strategy
selector.

strategy planning step. The model receives the
dialogue background, persuasion goal, dialogue
history, and the current attitude signal, and is
instructed to adapt its persuasive behavior accord-
ingly. Unlike our framework, no intermediate
strategy representation is exposed or controlled.

End-to-End Persuasion Prompt For the end-
to-end persuasion baseline (-e2e), the persuader
directly generates responses based only on the di-
alogue background, persuasion goal, and dialogue
history. No attitude signal or explicit strategy in-
formation is provided. This setting represents stan-
dard end-to-end persuasion, where strategic selec-
tion is implicitly embedded in response genera-
tion.

Strategy Descriptions For each strategy label,
the planner provides a natural-language descrip-
tion that guides how the strategy should be real-
ized in the generated response. The mapping be-
tween strategy labels and their descriptions is sum-
marized in Table 11.

These descriptions serve as intermediate plan-
ning signals and are not revealed verbatim in the
generated responses.

E Test Set Analysis

Figure 4 presents the domain distribution of the
test set. For clarity, we visualize the top 20 most
frequent domains, with all remaining categories
aggregated into an Others group. The distribution
spans a wide range of everyday scenarios, includ-
ing lifestyle, education, business, technology, psy-
chology, and health, with no single domain domi-
nating the dataset.

Beyond the head domains, a substantial portion
of samples falls into the long-tail Others category,
reflecting diverse and less frequent persuasion con-
texts. This heterogeneous domain coverage sug-



Strategy Label Description

Determine the goal ~ Restate the persuasion goal and align

the next step toward it.
Understand the au-
dience

Tailor the reply to the persuadee’s
needs and concerns.

Build trust and res- Show empathy and build rapport be-

onance fore advancing the proposal.

Use logical argu- Use concrete reasoning, facts, and
ments causal explanations.

Leverage emo- Employ emotional resonance or story-
tional factors telling without manipulation.

Refute  opposing Address objections calmly with
opinions counter-arguments.

Appropriate  lan-  Adjust tone and wording to match the
guage persuadee.

Propose clear ac-
tion suggestions

Offer a specific and low-commitment
next step.

Timely follow-up Invite feedback and suggest future

and feedback follow-up.

Social identity prin- Highlight shared identity or common
ciple ground.

Authority principle  Refer to credible experts or evidence-

based sources.
Scarcity principle Emphasize limited or time-sensitive
opportunities.

Social proof princi- Mention credible positive experiences

ple of others.

Reciprocity princi- Offer help or benefits before making a
ple request.

Commitment and Encourage  small  commitments
consistency aligned with prior statements.

Sort out pros and
cons

Clearly compare advantages and disad-
vantages.

Use rhetorical devices while maintain-
ing a natural tone.

Use rhetorical tech-
niques

Show flexibility at
the right time

Demonstrate compromise and respect
autonomy.

Table 11: Mapping between persuasion strategy labels
and their natural-language descriptions.

gests that the evaluation does not rely on domain-
specific patterns, but instead requires models to
generalize strategy planning across varied topics
and interaction settings.

F Examples of Strategy-Attitude Priors

We note that the empirical strategyattitude prior is
estimated only over non-terminal attitudes. Rejec-
tion is excluded from the transition statistics, as
it corresponds to an interaction-level termination
signal rather than a strategy-conditioned attitude
transition.

We first clarify the statistics underlying the em-
pirical strategy-Attitude prior used by the planner.
For each persuasion strategy and each previous at-
titude state, we estimate a transition distribution
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Domain Distribution of Test Set (Top 20 + Others)

Lifestyle

sport
Education
Culture

At

Charity

Business Science

Leisure

Literature
Technology

Safety

Finance
Psychology

Family

Health Ethics

Career

Ecology

Figure 4: Domain distribution of the test set. The top
20 most frequent domains are shown explicitly, with all
remaining domains aggregated into an Others category
for clarity.

over subsequent attitude states, including Accep-
tance, Consideration, Resistance, and Openness.
These probabilities are obtained by aggregating di-
alogue turns in which a given strategy is applied
under a specific prior attitude, followed by normal-
ization over the observed outcomes. The support
value indicates the number of instances used to
estimate each distribution. This empirical prior
provides soft guidance for the train-free planner
by characterizing typical attitude transitions asso-
ciated with different strategies.

To aid interpretability, we present several rep-
resentative examples illustrating how individual
strategies tend to influence attitude transitions.
Each example reflects a typical pattern observed
in the data and is intended to provide intuition
rather than an exhaustive account of all strategy-
+attitude combinations.

Ilustrative Examples. When the persuadee is
in an Initial Resistance / Skepticism state, trust-
oriented strategies such as Build trust and reso-
nance rarely result in immediate acceptance, but
frequently shift the attitude toward Openness / Cu-
riosity, making them suitable as low-risk entry
strategies in early dialogue stages. In contrast,
action-oriented strategies such as Propose clear
action suggestions exhibit substantially higher ac-
ceptance probabilities when the persuadee is al-
ready in a Consideration / Evaluation state, sug-
gesting that they are more effective once sufficient



grounding has been established. Conversely, con-
frontational strategies like Refute opposing opin-
ions consistently show low acceptance rates across
most prior attitudes, indicating elevated risk when
applied prematurely without prior alignment.
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