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Abstract
Persuasive dialogue aims to alter people’s attitudes
or behaviors through conversation . While LLMs
can generate emotional responses, they tend to use
a uniform approach across varied scenarios, lim-
iting their persuasive effectiveness. Diverse de-
mands need varied persuasion strategies, which
challenge both LLMs and human efforts. To ad-
dress this, this paper incorporates the idea of meta-
learning and proposes PersuHMM, an iterative
learning approach for constructing the Hierarchical
Meta-strategy Memory to generate Persuasive dia-
logue. Through the interaction between Meta-layer
and Task-layer, the approach continuously accu-
mulates automated meta-strategies from generated
outcomes and data labels, forming a persuasive
meta-strategy memory that balances efficiency and
generalizability. To facilitate model retrieval and
use, the meta-strategy memory is hierarchically or-
ganized via clustering for a clearer and more logical
storage structure. Experimental results show that
the hierarchical meta-strategy memory enhances
both the persuasiveness and generalizability of the
persuasion model, and even enables cross-model
performance improvement.

1 Introduction
Persuasive dialogue, defined as communication intended to
shape or change a recipient’s responses, has been extensively
studied for decades [Stiff and Mongeau, 2016; Dönmez and
Falenska, 2025; Salvi et al., 2024]. In fields such as politics
[Potter et al., 2024; Bai et al., 2025], public health [Costello
et al., 2024; Altay et al., 2023], and charitable donations
[Mishra et al., 2022], large language model (LLM)-based
persuasive text generation has achieved or even surpassed
human-level persuasiveness [Rogiers et al., 2024].

While mainstream persuasive dialogue datasets cover di-
verse domains, experimental results reveal significant perfor-
mance variation across them. As shown in Figure 1, nei-
ther instruction-based nor fine-tuning-based methods exceed
a 55% Win Rate, with notable fluctuations reflecting the lack
of adaptive mechanisms for diverse persuasion scenarios. Un-
derlying this variation are distinct persuasive needs across
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Figure 1: Performance comparison of persuasion methods across
domains. PersuGPT is implemented by fine-tuning an LLM.
LLM+ISR is implemented by guiding the LLM to perform intent-
to-strategy reasoning.

fields, necessitating differentiated strategies [Hackenburg et
al., 2024]. Yet, merely instructing LLMs to analyze persua-
sion intent and strategies (LLM+ISR) still results in clear do-
main gaps: performance remains stronger in familiar areas
like science but drops sharply in domains such as media.

Relying solely on LLMs for strategy reasoning is con-
strained by their inherent capabilities. Conversely, depend-
ing on human experts to provide such strategies is costly and
may not be applicable for LLMs. To provide strategic guid-
ance for LLMs in persuasion, we leverage the idea of meta-
learning to automate the acquisition of meta-strategy mem-
ory through interaction between Meta-layer and Task-layer.
Unlike traditional meta-learning that focuses on model pa-
rameters, our approach facilitates iterative, automated accu-
mulation of strategic knowledge, resulting in a meta-strategy
memory that balances specificity and generalizability.

Additionally, the memory acquired from real-world scenar-
ios contains various types of meta-strategies, whose similari-
ties and differences can impede the model’s comprehension.
Therefore, we employ clustering-based hierarchical memory
management to facilitate the model’s understanding of inter-
strategy relationships and enable more targeted applications.

Ultimately, we propose PersuHMM, an iterative learning
approach that builds a Hierarchical Meta-strategy Memory
to generate Persuasive dialogues. The memory acquisition
process is initiated through the interaction between two lay-
ers: Meta-layer and Task-layer. The Meta-layer, equipped
with a strategy generator, a strategy refiner, and a step genera-
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tor, is responsible for selecting meta-strategies and producing
step-by-step guidance for the task-layer. It subsequently up-
dates the strategy memory using batches of success patterns
accumulated by the task-layer. The task-layer, comprising a
persuasion model, a goal evaluator, and a pattern analyzer, ex-
ecutes the current persuasion task and analyzes the outcomes.
It extracts successful experience from positive results or la-
beled data and feeds this knowledge back to the Meta-layer,
enabling refinement of persuasion strategies.

After completing iterative meta-strategy learning, hier-
archical memory management is implemented to enhance
model usability. This process leverages domain informa-
tion, strategy types, and K-means clustering results, yield-
ing a structured hierarchical meta-strategy memory. Subse-
quently, the most relevant meta-strategies for the current per-
suasion context are retrieved from memory to generate tar-
geted persuasion steps and goals, which then guide the per-
suasion model in generating context-specific dialogue.

The contributions of this paper are as follows:

• Inspired by meta-learning, we propose a persuasive dia-
logue approach guided by meta-strategy memory, which
automates the acquisition of high-quality persuasion
strategies balancing effectiveness and generalizability
through interaction between Meta-layer and Task-layer.

• We hierarchically structure the meta-strategy memory
via domain information, strategy types, and K-means
clustering to enhance model interpretability and utiliza-
tion.

• Experiments demonstrate that the hierarchical meta-
strategy memory improves the model’s persuasive abil-
ity and exhibits both domain and model generalization
capabilities.

2 Related Work
Persuasive dialogue has been a long-standing area of re-
search. Since the emergence of large language models
(LLMs), some studies have tested their capabilities compared
with human [Dönmez and Falenska, 2025] or in specific per-
suasive tasks such as charity donations [Mishra et al., 2022],
public health [Costello et al., 2024; Altay et al., 2023], de-
bate [Salvi et al., 2024], and politics [Potter et al., 2024;
Bai et al., 2025]. Other works have tested the ability of
LLMs to detect the persuader’s intent and express illocu-
tionary intent during the persuasion process [Sakurai and
Miyao, 2024]. Some research focuses on designing evalu-
ation systems for persuasive dialogues, and assessing their
effects by predicting the persuasiveness of new arguments
[Saenger et al., 2024]. In terms of empathy, recent works
focus on enhancing the emotional comprehension capabil-
ity of LLM responses through prompt engineering [Wu et
al., 2025] and fine-tuning techniques [Zhang et al., 2025;
Xie et al., 2025], or decouple strategy prediction from lan-
guage generation to address LLMs’ inherent preference bias
towards certain emotional strategies [Wan et al., 2025]. There
are also works that focus on using manually designed or off-
the-shelf persuasion strategies to guide persuasive dialogues:
PC-CRS uses social psychology-based manually designed

strategies to guide a movie recommendation system [Qin et
al., 2024]. SARA designs an auto-regressive predictor to
match the semantics and strategies from PersuasionForGood
[Jin et al., 2023]. Some studies utilize LLM prompt engi-
neering to learn persuasive strategies: DebateQD uses LLMs
to generate new strategies based on existing strategies and
continuously eliminates ineffective strategies through LLM
debates [Reedi et al., 2025]. However, these strategy-based
methods are primarily based on persuasion or debate data
from a single domain and do not consider the specificity or
generalization of strategies across different domains. Still
other works improve the persuasive ability of language mod-
els through fine-tuning methods: Specific reward functions
are used to improve the model’s response in specific aspects,
such as empathy [Samad et al., 2022] and politeness [Mishra
et al., 2022]. PersuGPT fine-tunes a persuasion model for
multiple domains through intent-to-strategy reasoning [Jin et
al., 2024]. These fine-tuning methods are often constrained
by the performance limits of the base models.

3 Methodology
In this section, we provide a detailed description of the gener-
ation process of persuasive dialogue via PersuHMM and the
acquisition of the hierarchical meta-strategy memory.

3.1 Persuasion via PersuHMM
Given a persuasion task xi, the objective of PersuHMM is to
engage the persuadee and gradually shift their stance through
a multi-turn dialogue Yi. The generation process of persua-
sive dialogue is illustrated in Figure 2, including three steps.

Hierarchical Meta-Strategy Memory Retrieval
As illustrated in Figure 2, the meta-strategy memory is rep-
resented as a rooted tree. In the tree, each leaf node corre-
sponds to a fine-grained persuasion strategy, and strategies
are first grouped by persuasion domains (Culture, Media, Sci-
ence, etc.) and then further divided into three categories: log-
ical, emotional, and behavioral strategies.

For task xi, we first automatically obtain a strategy sub-
tree Si =

⋃
j S

meta[dj ], where Smeta denotes the meta-
strategy memory, dj denotes a persuasion domain of task xi.
Then the strategy subtree needs to be adjusted when the fol-
lowing two cases arise: (1) Persuasion domains with limited
data may result in insufficient strategy learning. For tasks
within such domains, we further include strategies from its
sibling domains into Si to compensate for data sparsity. (2)
When the context length is limited (GPT-3.5-turbo, etc.), the
LLM may not be able to input the full subset Si. For such
cases, we compute the sentence embedding vector similarity
between task xi and each strategy in subset Si. Then we
select the top-k strategies ranked by similarity. For selected
strategies with sibling nodes under the same macro-strategy,
we extract the subtree rooted at the macro-strategy. After ex-
traction, the strategies are reorganized into a tree structure.

Strategic Step Generation
Based on the task xi and the subtree Si, an LLM Step Gen-
erator generate a persuasion plan Pi. Plan Pi includes a se-
quence of paired persuasion steps and stage goals, with each
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Step1：Emphasizing intriguing details of the Mexican. 
Step2：Highlight the uniqueness of the dishes.
Step3：Offer reassurance through reviews.
Step4：Propose a combined-platter or two-stop flexible plan.

      Persuade choice of new Mexican over famous Italian.

Root

Business & 
Economics

Culture Science ResearchInnovation

…

…

logical emotional behaviour 

Stimulate curiosity or 
interest in the topic

…

Provide alternatives

Provide alternatives 
to demonstrate 
flexibility ……

…

Open up choices that fit the 
persuadee's preferences while 
addressing concerns ……

…

Highlight diverse and 
engaging aspects……

Highlight uniqueness and 
cultural importance ……

Provide support about concerns, 
addressing practical issues……

Macro domain Domain Macro strategy Strategy

… …

Strategic Category

① Hierarchical Meta-Strategy Memory Retrieval

Scientific 
Advancement

……The restaurant has received great reviews …… 
pick a few dishes …… highly recommended. 

…… what if I don't like any of the dishes we 
choose? ……

…… What if we try a combined platter? ……can 
always swing by the Italian restaurant too!

the idea of a combined platter does help ease my 
worries a bit……  I could be open to trying it ……

Hey! I've been hearing …… new Mexican 
restaurant …… exotic dishes that are so unique……

Sound appealing, but I'm worried that I might 
not enjoy ……

③ Strategy-Guided Persuasion

② Strategic Step Generation

Figure 2: The generation process of persuasive dialogue via PersuHMM.

pair corresponding to one strategy. The persuasion steps re-
flect how the persuadee is engaged, guided toward the goal,
and gradually convinced to take action, and the stage goal is
defined as changes in the persuadee’s state, emotion, view-
point, or behavior. In Figure 2, each step and its correspond-
ing strategy are highlighted in the same color.

Strategy-Guided Persuasion
We use the plan Pi and subtree Si to guide the persuader
to conduct a multi-turn dialogue with the persuadee, until
the persuasion task is completed or the persuadee voluntarily
ends the dialogue. Each step and its corresponding dialogue
pieces are highlighted in the same color in Figure 2.

3.2 Hierarchical Meta-Strategy Memory
Acquisition

As illustrated in Figure 3, the hierarchical meta-strategy
memory acquisition comprises two steps: iterative meta-
strategy learning and clustering-based hierarchization.

Iterative Meta-Strategy Learning
To build a meta-strategy memory with efficiency and gen-
eralization, we introduce an iterative learning cycle between
Meta-layer and Task-layer. As shown in Figure 3, Task-layer
executes persuasion under the guidance of the Meta-layer and
accumulates success patterns. The Meta-layer provides a per-
suasion plan to Task-layer based on the current meta-strategy
memory, refines new strategies from the success patterns and
updates the meta-strategy memory.

In the learning process, we iteratively execute the follow-
ing workflow: (1) We sample a persuasion taskxi from the
dataset and obtain a strategy subtree Si corresponding to its
domains. (2) Based on the subtree and the task, Step Gen-
erator outputs a persuasion plan Pi including a sequence of
paired persuasion steps and stage goals, with corresponding
meta-strategies. (3) A persuader model conducts a multi-
turn persuasive dialogue Ŷi with the persuadee following

the generated plan. (4) The Goal Evaluator scores the com-
pletion of each stage goal in the dialogue, and (5) The Pat-
tern Analyst summarizes a series of success patterns based
on these scores, our dialogue Ŷi and the ground-truth Yi dia-
logue in the dataset. (6) After accumulating a sufficient num-
ber of success patterns, Task-layer feeds these patterns back
to the Meta-layer, where the Strategy Generator generates
new strategies. (7) The Strategy Refiner integrates these new
strategies into the meta-strategy memory, which is then used
to further guide Task-layer.

The detailed design of each module is as follows.

Step Generator The Step Generator formulates a persua-
sion plan Pi for Task-layer with appropriate strategies to
guide persuasion. As mentioned in 3.1, we first obtain a strat-
egy subtree Si. Then we prompt the LLM to take the task
xi and the subtree Si as input, and outputs a persuasion plan
Pi = [(uij , gij , sij)]

K
j=1, where uij denotes the j-th per-

suasion step, gij denotes the stage goal of step uij , and sij
denotes the strategy applied at step uij . We require that the
output explicitly indicate the correspondence between steps,
goals, and strategies to clarify which strategies the persuader
employs to achieve each goal.

Persuader and Persuadee We prompt an LLM to act as
the persuader in task xi. Under the guidance of plan Pi and
the strategy subtree Si, LLM persuader conducts a multi-turn
persuasive dialogue with an LLM persuadee. Since the per-
suadee’s responses are unpredictable, persuasion may deviate
from the predefined plan. Thus, while the persuader is ex-
pected to follow the plan Pi, it is also allowed to employ
strategies from the strategy subtree Si when unexpected situ-
ations arise. We finally obtain a persuasive dialogue Ŷi.

Goal Evaluator Goal Evaluator assesses the completion
degree of each goal gij in dialogue Ŷi. Goal Evaluator takes
the plan Pi and the dialogue Ŷi as input, and outputs a score
list Ri = [ri1, ri2, . . . , riK ], where rij is an integer from
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Figure 3: The process of constructing the hierarchical meta-strategy memory.

1 to 5, corresponding to the completion score of gij . To en-
sure reliable evaluation, we prompt the LLM to assign scores
based on explicit changes in the persuadee’s attitude, actions
taken, or commitments made.
Pattern Analyst With the completion scores, Pattern An-
alyst summarizes success patterns in dialogues, facilitating
the Meta-layer to evaluate existing strategies and refine new
strategies. A success pattern is defined as a concise descrip-
tion including the persuasion domain, the background, the
persuader’s action, the persuadee’s response, adaptive follow-
up actions, and the final achieved goal.

Before detailing the Pattern Analyst, two key components
per strategy must be introduced: the validity value and the
success pattern list, which are maintained to evaluate strat-
egy quality and record success patterns.

The validity value of a strategy is defined as V =
nsucc/nd, where nsucc denotes the success count of a strat-
egy, and nd denotes the number of times the strategy’s do-
main appears in the learning process after it is generated.
Compared with the success rate, validity focuses more on the
generalization of strategies, ensuring that only strategies that
can achieve success in diverse tasks will get high ratings.

The success pattern list of a strategy is initialized with the
patterns from which the strategy is abstracted, and is continu-
ously updated with new patterns observed during the learning
process. We retain W success patterns with the largest differ-
ence in sentence embedding vectors to ensure diversity.

Pattern Analyst outputs two forms of success pattern lists
simultaneously. It can be represented as:

Analyst(Yi, Ŷi,Ri,Pi) = {Li1,Li2} (1)

where Yi is the ground-truth dialogue of the task xi. (1) For
stage goals that are well accomplished in dialogue Ŷi, the
form of the pattern list is Li1 = [(sij ,pij)]

N
j=1, where sij is

the strategy employed to achieve pattern pij . Li1 is imme-
diately used to update the validity value and success pattern
list of sij . (2) For stage goals that fail in Ŷi but are well
accomplished in Yi, or stage goals that are absent in Pi but
positively contribute to the persuasion in Ŷi or Yi, the form

of the pattern list is Li2 = [pi1, . . . ,piM ] containing indi-
vidual success patterns.

Strategy Generator After completing persuasion tasks in
Task-layer and accumulating enough success patterns, the
Strategy Generator will summarize new strategies based on
success patterns. Strategy Generator takes L =

⋃
i Li2 as in-

put, and outputs Snew = [(snew
i ,di,L

s
i )]

Ns
i=1, where snew

i
denotes a newly generated strategy, di denotes the persuasion
domain to which the strategy belongs, Ls

i is the list of success
patterns from which si is abstracted, and Ns is the number of
new strategies. We prompt the LLM to identify shared per-
suasion principles or skills across different success patterns
and abstract them into persuasion strategies. For each strat-
egy, Strategy Generator assigns it to a domain based on its
strategy description and success patterns.

We apply two constraints during strategy generation: (1)
strategies within the same domain are required to be different
to maintain diversity within each domain. (2) Similar strate-
gies are allowed to appear in different domains to demonstrate
cross-domain generalization.
Strategy Refiner Strategy Refiner updates the meta-
strategy memory with new strategies and handles meta-
strategy memory overflow. The strategy updating for each
new strategy snew

i in Snew can be represented as follows:

StrategyUpdater(snew
i ,Smeta[di]) ={

(snew
i , snow

j ), ∃snow
j ∈ Smeta[di] | same(Snew

i , snow
j )

(snew
i , ci), otherwise

(2)

where di denotes the domain of snew
i , snow

j denotes a strat-
egy in current strategy memory, same(s1, s2) is a function
that determines whether two strategies are identical, and ci is
the category of snew

i . (1) If there exists an identical strat-
egy snow

j ∈ Smeta[di], Strategy Updater outputs a pair
(snew

i , snow
j ). The success count and success patterns of

snew
i are then used to update the validity list and success pat-

tern list of snow
j . Then, snew

i is discarded. (2) Otherwise,
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snew
i is classified into the logical, emotional, or behavioral

category and then inserted into the meta-strategy memory.
After the strategy updating, if the number of strategies in

a domain exceeds a predefined upper bound U , Refiner will
recruit an additional LLM to handle overflow. Only in this
step will the meta-strategy memory be input into the LLM
along with the success patterns of each strategy. The LLM
will check if any similar strategies exist in the domain. Sim-
ilar strategies are defined as those that: (1) employ similar
methods to achieve similar goals; (2) could reasonably re-
place the other in its success patterns without changing the
effect. The LLM outputs several groups of similar strategies.
For each group, we retain the strategy with the highest valid-
ity among those satisfying nd > Nd, ensuring that the high
validity of the retained strategy is fully validated. If no strat-
egy satisfies nd > Nd, we retain the strategy with the largest
nd. If the number of strategies in the domain still exceeds the
upper bound after deduplication, we further remove strategies
with lower validity until the total number falls below U .

Clustering-based Hierarchization
After completing the iterative meta-strategy learning, we can
observe that strategies from different domains may exhibit
correlations and similarities, and strategies could also be
macro or fine-grained. As a result, the meta-strategy memory
still contains latent hierarchical structures that can be further
extracted. We leverage clustering over persuasion domains
and strategies to extract these hierarchical structures.
Domain Clustering For each domain, we concatenate the
domain name with its strategies into a string and obtain its
embedding vector. We then apply the K-means algorithm to
cluster the vectors into several groups. We prompt the LLM
to summarize a macro domain name for each group.
Strategy Clustering For the strategies within each domain,
we also obtain their sentence embedding vectors and apply
K-means clustering to form clusters of similar strategies. For
strategies in each cluster, we prompt the LLM to determine
whether they can be summarized by a macro-level strategy.
Macro-level strategy is defined as an abstract strategy that
captures the shared methods and goals of all the strategies
in the group. If so, the LLM will generate the corresponding
macro-level strategy; otherwise, the cluster is dissolved.

4 Experiment
Baselines
We compare our method with 5 baselines that are suitable for
interactive persuasive dialogue: (1) LLM+ICL(In-Context
Learning). We guide LLMs with high-quality dialogue exam-
ples from the DailyPersuasion dataset. (2) LLM+ISR(Intent-
to-Strategy Reasoning) . We guide LLMs to analyze the per-
suadee’s intent and select appropriate strategies before gener-
ating each response. 3) DebateQD. DebateQD [Reedi et al.,
2025] is originally designed for strategy extraction in the de-
bate task. We adapt it to the DailyPersuasion dataset to extract
persuasion strategies, which are then used to guide LLMs to
perform persuasion tasks. 4) PersuGPT. PersuGPT[Jin et al.,
2024] is a persuasion model fine-tuned on the DailyPersua-
sion dataset based on the pre-trained LLaMA-2 Chat model.

We conducted experiments on the following base models:
GPT-4o (mini), GPT-4.1 (nano), GPT-5 (nano), Gemini-2.0
(flash), and GPT-3.5 (turbo). Note that PersuGPT is fine-
tuned on LLaMA-2 (Chat), which cannot serve as a base
model for our method due to its limited context length. Addi-
tionally, the learning procedure of DebateQD requires access
to token-level log probabilities from LLM outputs, which are
not available through the Gemini-2-series APIs.

Evaluation
We apply four evaluation metrics to evaluate the persuasive
dialogues. These metrics are evaluated by GPT-4o-mini and
Deepseek-V3 to reduce potential model-specific biases. First,
we design an evaluation metric to evaluate the Win Rate of
persuasive dialogues: 1) Win Rate. Each dialogue is as-
signed a binary score by the LLM, where 1 denotes suc-
cess and 0 denotes failure. The Win Rate is the percent-
age of persuasive dialogues with a score of 1. In addition,
we adopt three evaluation metrics used in previous work
[Zhang and Zhou, 2025]: 2) Persuasiveness. This metric as-
sesses whether the persuader changes the persuadee’s mind.3)
Empathy. This metric assesses whether the persuader em-
pathizes with the emotions of the persuadee. 5)Helpfulness.
This metric assesses whether the persuader solves the user’s
problem. For clarity, we denote Win Rate as WR, Persuasive-
ness as Persu., Empathy as Empa. and Helpfulness as Help.

Implementation Details
We sample from the DailyPersuasion dataset[Jin et al., 2024]
to construct our learning and test sets. We first categorize the
persuasion tasks by domain, and tasks involving multiple do-
mains are randomly assigned to one. For strategy learning,
we sample 7600 persuasion tasks with fewer than 3 domains
each, and input them into our framework by domain. We set
the batch size B = 10, the maximum number of strategies
per domain U = 24, the maximum number of success pat-
terns per strategy W = 3, and Nd = 15. For clustering,
we use BGE-large-en-v1.5 to obtain a vector representation.
Based on the within-cluster error and manual verification, we
finally obtained 21 macro domains. In K-means clustering
for strategies, we set K to N - 4, where N is the number of
strategies within a domain. For testing, we randomly select
12 tasks from each domain, yielding 420 tasks for the test set,
ensuring balanced evaluation across domains.

4.1 Performance on Different Base Models
We assess the effectiveness of PersuHMM across different
base models. The results in Table 1 show that PersuHMM
outperforms all baselines on Win Rate except for Gemini-
2.0-flash as evaluated by Deepseek-V3. Analysis of fail-
ure cases shows that Gemini-2.0-flash sometimes overem-
phasizes following predefined persuasion steps, ignoring di-
alogue naturalness and the persuadee’s immediate concerns.
PersuHMM also achieves the highest average (from Persu.
to Help.) across all base models, except for GPT-4.1-nano,
evaluated by GPT-4o-mini. Compared with PersuGPT, Per-
suHMM achieves better performance based on GPT-4o-mini
and Gemini-2.0-flash, and performs comparably to PersuGPT
based on GPT-4.1-nano.
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GPT-4o-mini Evaluator Deepseek-V3 Evaluator
Model Method WR Persu. Empa. Help. Avg. WR Persu. Empa. Help. Avg.

Llama-2 PersuGPT 61.90% 80.38 85.62 89.03 85.01 44.28% 81.30 84.57 87.01 84.29

GPT-4o

LLM+ICL 59.76% 80.10 85.68 89.29 85.02 47.14% 82.57 85.67 87.82 85.35
LLM+ISR 63.57% 80.31 86.01 89.10 85.14 50.24% 82.76 85.95 87.57 85.43
DebateQD 59.76% 80.05 85.61 89.43 85.03 48.10% 81.14 84.68 87.83 84.55
PersuHMM 81.19% 81.21 87.30 89.77 86.09 61.19% 81.26 87.20 87.83 85.43

GPT-4.1

LLM+ICL 60.00% 80.10 84.61 88.05 84.25 44.05% 81.28 82.15 87.06 83.50
LLM+ISR 59.05% 80.31 84.25 87.74 84.10 44.05% 81.66 79.19 86.75 82.53
DebateQD 44.52% 77.12 79.63 86.62 81.12 38.10% 78.86 66.08 84.43 76.46
PersuHMM 61.67% 79.48 85.17 87.70 84.12 44.28% 81.05 83.43 87.06 83.85

Gemini-2.0
LLM+ICL 62.86% 79.98 83.38 89.09 84.15 45.95% 81.47 79.86 86.94 82.61
LLM+ISR 75.71% 81.63 84.87 88.20 84.90 60.00% 81.31 83.67 87.26 84.08
PersuHMM 76.19% 81.93 84.96 88.45 85.11 55.24% 81.73 84.45 87.77 84.65

Table 1: Generalization across base models. Avg. denotes the average of the metrics from Persu. to Help.

GPT-4o-mini Evaluator Deepseek-V3 Evaluator
Learner Persuader Method WR Persu. Empa. Help. Avg. WR Persu. Empa. Help. Avg.

GPT-4o

GPT-4.1

LLM+ICL 60.00% 80.10 84.61 88.05 84.25 44.05% 81.28 82.15 87.06 83.50
LLM+ISR 59.05% 80.31 84.25 87.74 84.10 44.05% 81.66 79.19 86.75 82.53
DebateQD 39.76% 77.75 77.24 85.20 80.06 33.57% 77.75 63.55 83.33 74.88
PersuHMM 61.19% 80.05 85.00 87.75 84.27 45.48% 80.55 83.11 87.69 83.78

GPT-5

LLM+ICL 77.38% 81.95 85.50 92.67 86.71 67.22% 82.79 85.24 89.22 85.75
LLM+ISR 73.81% 82.01 85.89 92.38 86.76 68.10% 83.23 85.55 89.78 86.19
DebateQD 74.76% 82.38 86.19 92.79 87.12 66.90% 83.88 84.49 89.94 86.10
PersuHMM 82.71% 87.71 87.02 92.82 89.18 72.38% 84.18 87.02 89.42 86.87

Gemini-2.0

LLM+ICL 62.86% 79.98 83.38 87.09 83.48 45.95% 81.47 79.86 86.49 82.61
LLM+ISR 75.71% 81.63 84.87 88.20 84.90 60.00% 81.31 83.67 87.26 84.08
DebateQD 64.29% 80.23 83.37 85.20 82.93 55.95% 81.67 82.88 87.58 84.04
PersuHMM 77.38% 81.65 84.98 87.60 84.74 60.48% 81.71 84.14 87.90 84.58

GPT-3.5

LLM+ICL 67.30% 80.38 85.03 89.28 84.90 44.52% 81.47 78.54 86.27 82.09
LLM+ISR 69.21% 80.69 85.27 88.71 84.89 40.24% 81.06 73.09 87.29 80.48
DebateQD 57.04% 80.31 84.75 89.60 84.89 37.62% 81.53 70.06 87.06 79.55
PersuHMM 71.12% 80.45 87.02 88.97 85.48 45.95% 82.63 84.54 86.74 84.64

Table 2: Generalization across models. Avg. denotes the average of the metrics from Persu. to Help.

4.2 Strategy Generalization Across Models
We evaluate the generalization of our meta-strategy memory
across different persuader models. We use the meta-strategy
memory learned on GPT-4o-mini to guide different LLMs,
with the results reported in Table 2. The results show that Per-
suHMM achieved the highest Win Rate across all persuader
models, and also achieved the highest average (from Persu. to
Help.) across nearly all persuader models, except for Gemini-
2.0-flash, evaluated by GPT-4o-mini.

Notably, compared with Table 1, using the meta-strategy
memory learned on GPT-4o-mini improves PersuHMM’s
performance across multiple metrics on GPT-4.1-nano and
Gemini-2.0-flash. It suggests that, instead of learning a new
meta-strategy memory for each model, choosing one appro-
priate model for learning enables more efficient reuse of
meta-strategy memory. Furthermore, the results indicate that
persuader models with stronger inherent persuasion and rea-
soning abilities (as measured by LLM+ISR) benefit more
from our meta-strategy memory.

4.3 Generalization across Domains
We evaluate the Generalization of our method across per-
suasion domains with Deepseek-V3 as the evaluator. We
randomly select 4 domains, and sample 400 single-domain
tasks from each domain to prevent the model from being ex-
posed to any test domain information while learning. With

these datasets, we obtain 4 meta-strategy memories with
PersuHMM and DebateQD, respectively. Then we test our
method and the baselines on the Media, Science, Safety,
and Charity domains. The results are reported in Table 3.
Our method outperforms the baselines in nearly all learn-
ing–persuasion domain pairs on Win Rate, Persuasiveness,
and Empathy, and performs better in half of the pairs on Help-
fulness. Overall, the average of our method’s metrics (from
Persu. to Help.) achieves the best performance in nearly all
domain pairs.

We also observe that the cross-domain generalizability of
our method depends on the properties of the learning do-
mains. For example, models learned on the Psychology and
Business domain generally perform well across domains.

4.4 Ablation Study
We conducted an ablation study with Deepseek-V3 as the
evaluator, as shown in Table 4. 0⃝ is a baseline without
any persuasion skills. 1⃝ discards the meta-strategy mem-
ory and prompts the Step Generator to generate persuasion
steps and stage goals solely based on the task description.
2⃝ incorporates the meta-strategy memory learning process,

but strategies are summarized by directly comparing our dia-
logues with ground-truth dialogues. 3⃝ has the same compo-
nents as the full model without the hierarchical structure of
the meta-strategy memory. 4⃝ is our full model.
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Learning Persuasion Method Evaluation Metrics
domain domain (PersuHMM-) ∆WR ∆Persu. ∆Empa. ∆Help. ∆Avg.

Education

Media LLM+ISR +22.65% +1.41 +1.95 +0.22 +1.19
DebateQD +12.27% +0.08 +1.57 -0.11 +0.51

Science LLM+ISR -1.89% +0.39 +2.37 +0.44 +1.07
DebateQD +2.82% -0.80 +2.87 -0.43 +0.55

Safety LLM+ISR +5.66% +0.23 +2.10 -0.27 +0.69
DebateQD +8.49% +0.25 +1.86 +0.08 +0.73

Charity LLM+ISR +7.54% +0.81 +1.10 -0.13 +0.59
DebateQD +6.60% -0.16 +1.52 -0.16 +0.40

Psychology

Media LLM+ISR +17.93% +1.08 +2.60 -0.10 +1.19
DebateQD +7.55% +0.18 +1.80 +0.09 +0.69

Science LLM+ISR +7.55% +1.30 +3.17 +0.22 +1.56
DebateQD +13.21% +0.31 +2.93 -0.23 +1.00

Safety LLM+ISR +3.78% +0.19 +2.93 +0.07 +1.06
DebateQD +10.38% -0.32 +2.50 +0.13 +0.77

Charity LLM+ISR +4.71% +1.32 +1.89 +0.09 +1.10
DebateQD +4.71% +0.54 +2.30 -0.36 +0.83

Technology

Media LLM+ISR +24.53% +1.36 +2.19 -0.05 +1.17
DebateQD +16.98% +0.46 +1.43 -0.27 +0.54

Science LLM+ISR -4.71% +0.09 +2.12 -0.19 +0.67
DebateQD +6.61% -0.63 +1.43 -0.33 +0.16

Safety LLM+ISR +14.15% +0.66 +2.52 -0.01 +1.06
DebateQD +11.32% +0.16 +1.71 +0.15 +0.67

Charity LLM+ISR +21.69% +1.44 +0.40 +0.03 +0.62
DebateQD +13.21% -0.85 +0.08 -0.25 -0.34

Business

Media LLM+ISR +12.27% +0.85 +2.02 +0.10 +0.99
DebateQD +9.43% +0.38 +2.08 -0.42 +0.68

Science LLM+ISR +2.83% +1.31 +2.02 +0.26 +1.20
DebateQD +9.43% +0.45 +2.41 +0.44 +1.10

Safety LLM+ISR +17.93% +0.42 +2.05 +0.04 +0.84
DebateQD +21.70% -0.16 +1.91 -0.33 +0.47

Charity LLM+ISR +11.32% +1.34 +1.12 +0.33 +0.93
DebateQD +8.49% -0.06 +1.12 +0.01 +0.36

Table 3: Generalization across domains is represented by perfor-
mance differences (Ours – Baseline), with green/red indicating su-
periority/inferiority, respectively. “Avg.” averages all metrics from
∆Persu. to ∆Help. LLM+ISR yields identical results within the
same persuasion domain due to its learning-free nature.

Module WR Pers. Empa. Help. Token(L) Token(T)

0⃝ - 23.10% 80.29 82.40 86.35 - 2.92k
1⃝ 1 51.19% 81.03 86.58 87.25 - 6.35k
2⃝ 1, 2 58.33% 80.91 87.17 87.51 14.96k 10.58k
3⃝ 1, 2, 3 59.28% 81.02 87.14 87.77 16.54k 10.01k
4⃝ 1, 2, 3, 4 61.19% 81.26 87.20 87.83 17.15k 12.48k

Table 4: Ablation study. Module 1: Step generator. Module 2:
Non-hierarchical meta-strategy memory. Module 3: Evaluator &
Analyst. Module 4: Hierarchical meta-strategy memory. Token(L)
and Token(T) denote average tokens per sample during learning and
testing. No learning for 0⃝ and 1⃝.

Comparing 1⃝ and 2⃝ shows that the meta-strategy mem-
ory substantially improves Win Rate and Empathy. Adding
the Evaluator and Analyst ( 2⃝ vs. 3⃝) slightly improves Win
Rate, Persuasiveness, and Helpfulness. Introducing the hier-
archical structure ( 3⃝ vs. 4⃝) further improves Win Rate and
Persuasiveness at the cost of a slight reduction in Coherence.
Overall, all modules contribute positively to win rate and are
effective in achieving higher task performance.

Regarding token cost (Table 4), during learning, 3⃝ con-
sumed 10.56% more tokens than 2⃝ (+1.63% win rate), while
4⃝ achieved a further 3.22% win rate gain with only 3.69%

more tokens, demonstrating the cost-effectiveness of the hier-
archical structure. During testing, 0⃝– 2⃝ showed proportional
performance–cost trade-offs. Notably, 3⃝ reduced token con-
sumption while improving win rate, likely due to fewer dia-
logue rounds. 4⃝ incurred 24.8% higher token cost than 3⃝
with a 3.22% win rate improvement. Generally, given the
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Figure 4: LLM and human preference results. Weighted Cohen’s
κ: Human vs. Deepseek-V3 = 0.644, Human vs. GPT-4o-mini =
0.510, both indicating agreement.

difficulty of improving upon already high win rates, the addi-
tional token costs are justified.

4.5 LLM and Human Preference Study
We conduct a preference study with LLM and human eval-
uators, using Deepseek-V3 and GPT-4o-mini as LLM eval-
uators and recruiting three human volunteers. Prompts fol-
low prior work [Anonymous, 2026]. For each test instance,
evaluators judge two anonymous dialogues generated by dif-
ferent methods as win, tie, or lose. Three method pairs are
compared: PersuGPT vs. PersuHMM (GPT-4o-mini), De-
bateQD vs. PersuHMM (both GPT-4o-mini), and LLM+ISR
vs. PersuHMM (both Gemini-2.0-flash). As shown in Fig-
ure 4, PersuHMM is preferred over nearly all baselines under
both LLM and human evaluation, indicating higher-quality
persuasive responses in practice.

To quantify LLM–human consistency, we compute the
weighted Cohen’s kappa kw [Cohen, 1968], treating the three
labels as ordinal categories (lose < tie < win) with quadratic
weighting. The kw between human evaluators and DeepSeek-
V3 is 0.644 (high agreement), and 0.510 with GPT-4o-
mini (moderate agreement). Overall, the results demonstrate
agreement between human and LLM evaluators. In partic-
ular, DeepSeek-V3’s preferences exhibit higher agreement
with human judgments, making it a more reliable evaluator.

5 Conclusion
We present PersuHMM, a meta-learning framework that
learns and organizes hierarchical persuasion strategies
through iterative task execution and meta-refinement. The
autonomously built meta-strategy memory proves effective
in boosting persuasive performance and generalizability, both
across domains and across models.
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