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Abstract

Cognitive-functional dialogues, such as those for persuasion,
consultation, and question-answering, are prevalent through-
out human social interaction. The core difference between
these dialogues and casual chat lies in their objective: to guide
a person’s cognitive and psychological state toward a prede-
termined one. Existing conversational technologies perform
poorly in handling such dialogues. The fundamental reason
is that the transformation of human cognitive psychology fol-
lows specific patterns, yet existing technologies neither ac-
count for these patterns nor possess cognitive guidance plan-
ning based on them. This deficiency makes it difficult for di-
alogues to achieve their intended cognitive-functional goals
effectively. To address this, we propose a dynamic cogni-
tive planning method (DyCoP). By modeling the long-term
evolution of a user’s cognitive psychology during the dia-
logue process, this method dynamically generates dialogue
guidance plans that align with the principles of cognitive-
psychological evolution. This allows for the generation of ap-
propriate dialogue responses based on prior user psychology
and the immediate conversational context, thereby achieving
cognitive-functional goals more efficiently and accurately. Si-
multaneously, we constructed an evaluation framework for
cognitive-functional dialogues and constructed a richly an-
notated emotional support conversation dataset. Comprehen-
sive automatic and human evaluations show that our proposed
DyCoP method demonstrates significant advantages over ex-
isting baseline models.

Introduction

Human society features a vast number of dialogue forms
centered on cognitive intervention, such as persuasion in
business negotiations, emotional counseling in psychother-
apy, and knowledge clarification in educational settings.
These can be collectively termed cognitive-functional di-
alogues. Unlike casual chats aimed at information ex-
change or emotional companionship, the core characteris-
tic of cognitive-functional dialogues is their directionality:
guiding the other party’s cognitive psychology from an ini-
tial state to a preset target state through a series of logical
linguistic interactions. While current dialogue systems have
made progress (Chen et al. 2017; Quan et al. 2021; Zhang
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Figure 1: Example responses from our method. The fig-
ure shows how our method generates dialogue plans (green
boxes on the right) based on a multi-dimensional under-
standing of the user (on the left) to generate responses (blue
boxes on the right) that are both empathetic and policy-
guided.

et al. 2020; Roller et al. 2020; Adiwardana et al. 2020),
we observe that existing technologies fall short in cognitive-
functional dialogues. This inadequacy is mainly manifested
in two aspects: first, a reliance on surface-level linguistic
patterns to generate responses, lacking long-term and dy-
namic planning for cognitive guidance logic; second, an in-
ability to dynamically adjust strategies based on the other
party’s changing cognitive psychology, leading to inefficient
cognitive guidance or deviation from the goal.

The root causes of the deficiencies in existing technolo-
gies for cognitive-functional dialogues can be attributed to
both internal and external factors. Internally, the transforma-
tion of human cognitive psychology is not a random process
but follows specific principles of cognitive-psychological
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Figure 2: The overview architecture of DyCoP, including memory, retrieval, planning and generation.

evolution (Prochaska 2011). For instance, a student’s cog-
nitive understanding in a Q&A scenario undergoes a psy-
chological evolution from “phenomenal cognition” to “log-
ical association” to “internalization and integration”. Simi-
larly, an opponent’s attitude shift in a persuasion scenario in-
volves a psychological evolution from “cognitive conflict” to
“evidence weighing” to “stance adjustment”. However, cur-
rent dialogue technologies have neither systematically mod-
eled these evolutionary principles nor developed the capa-
bility for cognitive guidance planning based on them (Chen
et al. 2017; Raheja and Tetreault 2019). Externally, the di-
alogue field lacks adequate supporting resources. On one
hand, existing dialogue datasets primarily focus on chit-chat
or task-based interactions, with few high-quality datasets an-
notating the evolutionary trajectory of user cognitive states.
On the other hand, evaluation systems are still dominated
by surface-level and local effectiveness metrics (Braggaar
et al. 2024), lacking measures for deeper and global effects
such as cognitive guidance efficiency and goal achievement,
which hinders targeted technological optimization.

To address these issues, we creatively propose a dy-
namic cognitive planning method for cognitive-functional
dialogues. This method analyzes user historical interaction
data to model the user’s long-term cognitive psychological
trajectory during the conversation process, thereby form-
ing a long-term, personalized understanding of the user’s
cognitive psychology and dynamically generates a dialogue
guidance plan at each step that conforms to cognitive evo-
lutionary laws, ensuring that each response serves the ul-
timate goal. We also constructed a comprehensive evalua-
tion framework to measure the user’s deep-level cognitive-
psychological transformation and the dialogue’s global ef-
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fectiveness. Furthermore, we built a dataset for emotional
support conversation (Rashkin et al. 2019), annotating the
user’s cognitive evolution sequence, key events, and preset
guidance goals to provide data support for related research.
The primary contributions of our work are summarized as
follows:

* We propose a dynamic cognitive planning method for
cognitive-functional dialogue. By modeling the user’s
cognitive-psychological evolution, it dynamically gener-
ates a cognitive guidance plan to effectively steer conver-
sations toward preset functional goals.

We also developed a comprehensive evaluation frame-
work. It employs ten core metrics to holistically assess the
efficiency and quality of cognitive guidance.
Furthermore, we constructed a dataset of emotional sup-
port conversation with rich structured annotations, which

provides an important resource for advancing research in
this field.

Cognitive-Functional Dialogue Task
Task Definition

We use the term cognitive-functional dialogue to represent a
class of dialogue forms whose core objective is to direction-
ally guide the evolution of human cognitive-psychological
states. Specifically, a cognitive-functional dialogue system-
atically intervenes in the conversational partner’s cognitive
processes—including knowledge understanding, attitudes,
and emotional states—through a series of logical linguistic
interactions, guiding them from an initial cognitive state to
a preset target cognitive state.

Cognitive-functional dialogues differ significantly from
other dialogue types. First, unlike chit-chat, which aims



for emotional companionship or information exchange, it is
strongly goal-oriented, with each conversational turn serv-
ing a long-term plan for cognitive guidance. Second, unlike
task-oriented dialogues that aim to complete specific tasks
like booking a flight or checking the weather, its core output
is a change in cognitive psychology rather than the comple-
tion of a task result. It places greater emphasis on interven-
ing in the internal cognitive processes of the dialogue part-
ner.

Evaluation Framework

The evaluation of cognitive-functional dialogues presents
unique challenges, primarily due to the hidden nature of the
evaluation object and the systematic nature of the evaluation
dimensions.

Specifically, from the perspective of the evaluation object,
its core objective—the evolution of cognitive states—is in-
ternal and implicit. It cannot be directly measured by task
completion or surface text features, as in task-oriented dia-
logues. At the same time, from the perspective of evaluation
dimensions, the dialogue’s goals rely on long-term strategic
planning, demanding a holistic assessment. The value of the
dialogue cannot be determined by the linguistic appropriate-
ness or empathy of a single turn. Therefore, evaluation must
transcend the local level to measure the overall contribution
of each guidance step to the ultimate goal and the coherence
of the strategy.

In summary, the evaluation of cognitive-functional dia-
logue requires an evaluation framework that captures the
thorough evolution of cognitive psychology and encom-
passes the overall effectiveness of conversation guidance.
We have designed a deep and comprehensive evaluation
framework for cognitive-functional dialogue tasks, measur-
ing both the efficiency of deep user cognitive psychological
transformation and the overall effectiveness of the conversa-
tion. We propose a series of metrics designed to measure the
core effectiveness of cognitive guidance: Cohesion (Chr.)
for fluency of text; Variety (Var.) for response richness;
Empathy (Emp.) for ability to empathize; Utility (Uti.) for
suggestion quality; Naturalness (Nat.) for human-likeness;
Support (Sup.) for overall supportive capabilities; Prefer-
ence (Pref.) for subjective human preference; Resolution
(Res.) for goal achievement; Coherence (Coh.) for logical
consistency of content; and Guidance (Gui.) for proactiv-
ity and strategy. These metrics aim to capture deep cognitive
and psychological changes and the global function of con-
versations. Detailed definitions and scoring criteria for each
indicator are provided in the supplementary materials.

Method

To achieve effective guidance in cognitive-functional di-
alogues, we innovatively propose the Dynamic Cognitive
Planning method. This method uses an agent that inte-
grates memory, retrieval, planning, and generation as its core
framework, as shown in Figure 2.

The method consists of two interconnected core stages:
Cognitive-Psychological Evolution Modeling and Dynamic
Dialogue Plan Generation. The former is responsible for
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continuously tracking and structurally representing the
user’s internal state during the dialogue, providing the sys-
tem with a profound understanding of the user. The latter,
based on this understanding, formulates and adjusts dialogue
strategies in real-time to ensure that the dialogue efficiently
progresses toward the preset cognitive goal.

Cognitive-Psychological Evolution Modeling

The objective of cognitive-psychological evolution model-
ing is to construct a dynamic, multidimensional representa-
tion of the user’s state, which not only records the surface-
level dialogue history but also delves deeper to characterize
the trajectory of the user’s internal psychological changes
during the interaction, providing an interpretable and com-
putable foundation in cognitive psychology for subsequent
cognitive guidance planning. We achieve this by modeling
two parallel dimensions:

Psychological World Modeling We describe the user’s
inner mental states and their changes with a structured
temporal cognitive-psychological representation. Adhering
to cognitive psychology theories (Johnson-Laird 2010), we
perform a fine-grained analysis to identify the key psy-
chological state .S;, including its core emotion and inten-
sity. Through this structured modeling, we can not only
express deep cognitive-psychological states that far exceed
single emotion labels but also capture the user’s long-term
cognitive-psychological evolutionary trajectory.

Physical World Modeling We identify the external phys-
ical events that trigger the user’s psychological states, mod-
eling them with a structured temporal event sequence. A
Large Language Model performs Causal Event Attribution
to analyze the user’s narrative and extract the specific event
E; causing the core emotion. This creates an objective and
traceable link between external events and the user’s internal
cognitive changes.

To fundamentally understand user context, we perform
joint modeling to establish a causal link between external
events (physical world) and internal states (psychological
world), as an isolated understanding of the user’s actions or
emotions is insufficient to support effective cognitive guid-
ance. We construct a causal bridge binding a specific exter-
nal event E; to the resulting internal psychological state S;.
At any given time point ¢, we define an “event-state pair”
U, as the fundamental semantic unit of our joint model, for-
mally represented as:

Ui = (Ei, Si). )
Connecting these pairs chronologically forms the user’s

Event-State Sequence, which represents the complete evo-
Iutionary trajectory of the user’s cognitive psychology H;:

Ht:(U1)U27"'7Ut) (2)

= ((E17 Sl)? <E27 SQ)a ey (Et7 St))

This structured sequence precisely captures the causal

logic from external events to internal states, providing

a rich, machine-readable context for subsequent dialogue

planning.The entire generation process of this cognitive-

psychological evolution is automatically completed through

the large model prompt method we designed.



Model Chr. Var. Emp. Uti. Nat. Sup. Pref. Res. Coh. Gui. Total
Qwen 781 693 780 6.83 7.75 7.5 7.65 729 794 729 7444
ESConv 627 520 563 445 543 500 529 506 631 531 5395
ExTES 782 688 796 641 778 720 756 720 821 720 7422
AUGESC 501 351 341 257 338 297 313 295 477 3.61 3531
ServeForEmo 8.00 730 812 650 8.06 738 7.68 7.28 836 732 76.00
DyCoP 794 735 811 718 801 7.61 793 7.66 829 17.69 71.77

Table 1: Comparison of automatic evaluation results. All indicators except Total are scored on a 10-point scale, with higher
scores being better. The best results are highlighted in bold. The second-best results are underlined. All automatic evaluation

results are the average score of 3 runs.

Dynamic Dialogue Plan Generation

Dynamic dialogue plan generation aims to generate and dy-
namically update a structured plan in real-time to guide sub-
sequent response generation, based on the dialogue goal
and the user’s cognitive-psychological evolution informa-
tion. The plan expresses the long-term path from the user’s
current cognitive state to the target cognitive state as a se-
ries of executable cognitive guidance steps, ensuring that the
conversation proceeds along an optimal path that is consis-
tent with the user’s cognitive-psychological development to
achieve the dialogue goal.

The dialogue plan, also referred to as the cognitive guid-
ance plan, is composed of a series of executable dialogue
micro-strategies, also known as Dialogue Acts (DAs). Based
on the emotional support conversation task, inspired by(Liu
et al. 2021) and (Hill 2014), we have predefined a system of
7 core types of dialogue acts. The specific definitions are as
follows:

* Conversation Management: Manages the macroscopic
flow of a conversation, such as initiating greetings,
changing topics, or ending the conversation, to ensure
naturalness and coherence in interaction.

* Questioning and Clarification: Asks targeted questions
to gather key information and clarify vague details, aim-
ing for a deep and accurate understanding of the user’s
situation and emotional state.

* Restatement and Paraphrasing: Verifies and confirms
the system’s accurate understanding of factual content by
restating the objective content of the user’s statements.

* Reflection of Feelings: Identifies and responds to the un-
derlying emotions within the user’s utterances, aiming to
confirm the perception of the emotional state and convey
empathy.

* Validation and Support: Expresses clear understanding,
acceptance, and affirmation of the user’s feelings, per-
spectives, or behaviors to build a safe conversational en-
vironment and enhance the user’s self-worth.

* Providing Information: Provides neutral, objective fac-
tual knowledge or universal viewpoints to help users ex-
pand their cognitive boundaries.

* Guidance and Suggestion: Propose specific action plans
or problem-solving ideas to users to guide their cognition
or behavior in a positive direction.
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The types and definitions of nodes in the cognitive guid-
ance plan are detailed in the supplementary material. The
structure of the cognitive guidance plan is similar to the
question decomposition semantic graph (Wolfson et al.
2020) and embodied intelligence task planning (Wu et al.
2023; Ahn et al. 2022), ensuring the logic and coherence of
the guidance actions in a clear, structured manner.

The generation and application of this cognitive guidance
plan follows a dynamic, real-time pipeline, which consists
of the following key stages:

Memory Retrieval and Compression Upon receiving a
new user query, the Retriever module is activated. Let the
user query at turn ¢ be (J;, and the agent’s memory state
from the previous turn be composed of the User Profile P,
(a long-term summary of the user), Event-State Sequence
St—1, and Dialogue Agenda A;_; (Ideal goals of the dia-
logue and current progress). The module first retrieves the
most relevant raw memories Miecaieq from the comprehen-
sive memory storage based on the current query and memory
state (Wang, Yang, and Wei 2023). This retrieval operation
can be expressed as:

Mrecalled = -Frecall(Qt, Ptfh Stfh Atfh Htfl)v (3)

where H;_ represents the recent dialogue history. The re-
trieved raw information is then fused and refined by a sum-
marization model to generate a concise summary of recalled
memories Mcomp, Which serves as the foundational context
for subsequent steps.

Mcomp = fcompress (Mrecalled) . (4)

Multi-level Planning The Planner module then receives
the compressed memories Mcomp and executes a multi-level
planning process. First, the model analyzes this information
along with the user’s latest input @); to understand the im-
mediate context and define the goal for the current turn.
This step generates a situation analysis C; and a local goal
Giocal,¢- This process is represented by:

(Cty Glocal,t) = fanalyze(Qta Mcomp; Ht—l)- (5)

After establishing the local goal, the Planner generates a spe-
cific plan II,. This planning step can be formulated as:

Ht = ]:plan(Qta Ct7 Glocal,h Mcomp)~ (6)

The model is responsible for both selecting appropriate Di-
alogue Acts and populating their specific parameters within
this plan.



Plan-based Response Generation Finally, the generated
cognitive guidance plan II; is passed to the Response Gen-
eration module. This module transforms the structured,
instruction-laden plan into a natural, fluent, and empathetic
dialogue response R;. This process is represented by:

Ry = }—respond(Hta Ct; Glocal,ta Qt; Ht—l)- @)

After each turn, the agent’s memory P;, S, A; is updated

based on the new dialogue segment (Q;, R;). This structured

process, from modeling and retrieval to multi-level planning,

ensures that the generated response is grounded in a com-

prehensive understanding of the user’s cognitive state and
guides the conversation toward the preset goal.

Related Work
Cognitive-Psychological Characterization

Modeling users’ internal states is fundamental to advanced
human-computer interaction, with research focusing on
emotion recognition and user profiling. Emotion recogni-
tion leverages deep learning to detect users’ immediate emo-
tional states from various signals (Majumder et al. 2019;
Xue and Bai 2024; Munikar, Shakya, and Shrestha 2019;
Hazarika et al. 2018; Frye and Wilson 2022). In contrast,
user profiling focuses on building long-term, static user rep-
resentations (Eke et al. 2019; Wu et al. 2019; Zhang et al.
2018). Existing research focuses on capturing instantaneous
states or static snapshots, whereas this study concentrates on
capturing the dynamic evolution of users’ cognitive psycho-
logical processes.

Dialogue Planning

Dialogue planning guides conversations toward specific
goals, traditionally using statistical models like reinforce-
ment learning for policy learning (Williams and Young
2007; Budzianowski and Vuli¢ 2019). The advent of Large
Language Models has transformed this paradigm, enabling
more flexible and complex planning through techniques like
Chain-of-Thought prompting (Wei et al. 2023; Ma, Jiang,
and Huang 2025), reasoning-action frameworks (Yao et al.
2023b,a), and strategic generation (He et al. 2018; Park et al.
2023). These planning paradigms are primarily oriented to-
ward transactional or informational tasks, while planning for
cognitive-functional dialogue based on psychological prin-
ciples remains a direction requiring deeper exploration.

Global Evaluation of Dialogues

Evaluating generative dialogue systems is a recognized chal-
lenge, as traditional lexical overlap metrics correlate poorly
with human judgment (Liu et al. 2017). This has led to more
insightful methods, such as reference-free, learnable mod-
els for multi-dimensional quality assessment (Mehri and Es-
kenazi 2020). More recently, using Large Language Mod-
els as evaluators (LLM-as-a-judge) has shown high agree-
ment with human experts (Zheng et al. 2023b; Zhou, Chen,
and Yu 2024). Existing frameworks mainly measure general
conversational properties. This study posits that evaluating
cognitive-functional dialogue requires an assessment frame-
work that directly measures the effectiveness of its core cog-
nitive guidance function (Yalcin 2019).
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Experiments

To comprehensively evaluate the effectiveness of our
proposed method (referred to as DyCoP) on cognitive-
functional dialogue tasks, we designed a series of experi-
ments. This chapter will detail the experimental setup, in-
cluding the selected baseline models, the evaluation metric
system, and the specific evaluation methods.

Baseline Models

To verify the effectiveness of our method, we conduct a com-
prehensive comparison, detailed below:

Qwen (Yang et al. 2025): A foundational open-source
LLM. In our experiments, we use the Qwen2.5-7B-Instruct
version as the base model. We guide it to complete the
cognitive-functional dialogue task through a task-specific
prompt.

ESConv (Liu et al. 2021): Fine-tuned from Qwen using
the ESConv dataset, which contains a large number of emo-
tional support conversation from real-life scenarios.

AUGESC (Zheng et al. 2023a): Fine-tuned from Qwen
using the AUGESC dataset, which is crafted by leveraging a
fine-tuned dialogue LM to do dialogue completion task.

EXTES (Zheng et al. 2023c): Fine-tuned from Qwen us-
ing the EXTES dataset, which is generated by prompting a
large language model to imitate and expand seed conversa-
tions.

ServeForEmo (Ye et al. 2024): Fine-tuned from Qwen
using the ServeForEmo dataset, which was generated using
a multi-role strategy-enhanced role-playing framework.

DyCoP(ours): This is the dynamic cognitive planning ap-
proach proposed in this study that drives the system to pro-
duce high-quality responses that are both empathetic and
goal-oriented.

Evaluation Metrics

To comprehensively evaluate the model performance, we
used the 10 core indicators defined above: Cohesion, Variety,
Empathy, Utility, Naturalness, Support, Preference, Resolu-
tion, Coherence, and Guidance. Detailed scoring criteria are
provided in the supplementary materials.

Evaluation Method

To enable dynamic and scalable evaluation, we adopted the
method of the ESC-Eval framework (Zhao et al. 2024), using
a role-playing model as a user to interact with the dialogue
systems being evaluated.

Specifically, we used the ESC-Role model proposed in
that framework. ESC-Role is a specially trained language
model capable of playing the role of a real person in emo-
tional distress based on a preset Role Card. In our exper-
iments, we configured the same pool of high-quality role
cards for DyCoP and all baseline models. Subsequently,
ESC-Role engaged in 5-turn dialogues with each model un-
der test, generating a set of dialogue logs for each that reflect
its true interaction capabilities. This process ensures that all
models are tested under the same, realistic simulated scenar-
i0s.



Configuration | Chr. Var. Emp. Uti. Nat. Sup. Pref. Res. Coh. Gui. Total
Baseline 781 693 780 683 775 7.5 7.65 729 794 729 7444
DyCoP w/o Memory 794 7.13 800 699 796 741 776 744 8.15 744 76.22
DyCoP w/o Retriever | 7.88 7.02 793 689 7.75 736 753 740 810 746 7531
DyCoP w/o Planner 794 725 812 697 8.06 7.66 797 7.63 8.18 749 77.28
DyCoP (Full) 794 735 811 718 801 7.61 793 7.66 829 7.69 77.77

Table 2: Ablation study based on the Qwen2.5-7B-Instruct model explores the impact of different DyCoP components on
performance. All automatic evaluation results are the average score of 3 runs.
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After obtaining the conversation logs, we perform auto-
matic and manual evaluations on them based on the evalua-
tion metrics defined above.

Automatic Evaluation We utilized the powerful Gemini
2.5 Flash (Comanici et al. 2025) model as an automated
judge. By designing specific evaluation prompts for each
metric, we guided it to score the dialogue histories gener-
ated according to the criteria. This method allows for rapid,
large-scale quantitative assessment of model performance.

Human Evaluation Considering the complexity and sub-
jectivity of evaluating cognitive-functional dialogues, we
recruited and trained professional evaluators for manual
assessment. Evaluators scored the dialogues generated by
all models independently without being informed of the
model’s origin to minimize bias (Finch and Choi 2020).

Dataset

Following the aforementioned evaluation method, we en-
gaged the agent in multi-turn interactions with the ESC-Role
user simulator to collect and build a richly annotated emo-
tional support conversation dataset. This section provides a
detailed description of the dataset’s composition, core char-
acteristics, and processing pipeline. The statistics of the data
set are shown in Table 3 and Table 4.

Annotation Schema For each turn in a dialogue, we not
only saved the complete dialogue history but also recorded
a series of internal state analyses produced by the agent dur-
ing response generation. Consequently, each sample in the
dataset is richly annotated, including the user profile, the
user’s cognitive-psychological state sequence, the dialogue
agenda, the plan, and the dialogue history. A detailed de-
scription of each component is available in the supplemen-
tary material.

Num. of Dialogues 331
Dialogue Num. of Turns ' 1966
Avg. Turns per Dialogue 5.94
Avg. Length per Dialogue  6727.14
User Profile 815.39
Annotations  State Sequence 270.86
(Avg. Length) Dialogue Agenda 213.89
Plan 418.46
Table 3: Dialogue Data Statistics
Total Plans 1966
Plan Total Dialogue Act 9146
Avg.Dialogue Act per Plan 4.65
Validation and Support 1963
Questioning and Clarification 1762
Guidance and Suggestion 1656
Dialogue Act Reflection of Feelings 1648
Restatement and Paraphrase 1023
Conversation Management 734
Providing Information 360

Table 4: The Dialogue Act distribution of dataset.

Data Processing After obtaining the raw dialogue logs,
we employed a multi-stage cleaning and correction pipeline
to ensure data quality. This process began with the utiliza-
tion of a large language model to automatically prune re-
dundant segments from dialogues once the user’s core needs
had been met. Subsequently, a combination of the model and
human experts collaboratively proofread and corrected all
structured annotations.
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Figure 4: (a-d) Pairwise human evaluation results comparing DyCoP (A) against four baseline models (B).

indicates “Tie”, and  indicates “B win”.

Main Results

Automatic Evaluation The automatic evaluation results
for all models are presented in Table 1. The results reveals
that our proposed DyCoP achieved the best performance
among all compared models. Its advantages are particularly
prominent in core metrics that measure dialogue strategy
and long-term goal achievement, such as Guidance, Reso-
lution, and Utility. This strongly demonstrates that by mod-
eling the user’s cognitive state and dynamically planning the
dialogue path, our framework can more effectively guide the
conversation toward preset cognitive-functional goals.

Notably, Qwen, which uses only prompt engineering,
significantly outperformed several models that were fine-
tuned on specific datasets like ESConv and AUGESC. This
phenomenon indicates the limitations of conventional fine-
tuning methods for cognitive-functional dialogue task. On
the one hand, fine-tuning may lead to performance degrada-
tion due to issues like catastrophic forgetting or poor dataset
quality. On the other hand, previous evaluation methods
have been confined to superficial metrics such as BLEU and
ROUGE. However, greater similarity to a dataset does not
necessarily signify that a model possesses enhanced capa-
bilities for cognitive guidance and emotional support.

In summary, the automatic evaluation results provide ini-
tial validation of our method’s superiority.

Human Evaluation To enhance the comprehensiveness
and reliability of our evaluations, we also conduct human
evaluations. Specifically, we engage three master students
with psychology and computational linguistics backgrounds
as annotators, human evaluators are instructed to compare
the entire dialogues A and B generated by two models after
interacting with the same virtual user (an ESC-Role config-
ured with the same Role Card), and choose an option from
“A wins”, “Tie”, and “B wins” . For the sake of fairness, we
randomize the order of the dialogues to eliminate position
bias. The evaluation is conducted on 50 randomly sampled
dialogue pairs.

As illustrated, our method DyCoP demonstrates a clear
and consistent superiority over all baselines. The results
from the human evaluation are highly consistent with the au-
tomatic evaluation findings, further validating the effective-
ness of our proposed framework. The consistent high perfor-
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(c) DyCoP vs. AUGESC (d) DyCoP vs. ServeForEmo

indicates “A win”,

mance of our method in human preference underscores the
value of DyCoP in achieving this goal.

Ablation Study To isolate the contribution of each com-
ponent, we conducted an ablation study by systematically
removing the Memory, Retriever, and Planner modules. As
shown in Table 2, the full framework integrating all compo-
nents achieved the best overall performance.

Removing any single component resulted in a noticeable
degradation in performance, confirming the integral role of
each. The most significant performance drop occurred upon
removing the Retriever. Without the immediate contextual
information it provides, the foundation for effective plan-
ning was undermined, critically impairing the agent’s per-
formance. Ablating the Planner also led to a clear decline in
performance, as the model’s ability to formulate structured,
goal-oriented strategies was impaired, leading to weaker
performance on key metrics like Guidance and Utility. Like-
wise, removing the Memory module, which prevents the
agent from maintaining a long-term, evolving understanding
of the user, also resulted in a discernible decrease in perfor-
mance.

Collectively, these results demonstrate that the memory,
retrieval, and planning stages are interconnected and indis-
pensable. The integrity of this entire information processing
pipeline is crucial for achieving high-performance cognitive
guidance.

Conclusion

In this paper, we innovatively propose a dynamic cognitive
planning method (DyCoP) to address the challenges faced
by current dialogue systems in handling cognitive-functional
dialogues. This method models the evolution of user cog-
nitive psychology in real time and dynamically generates a
structured conversation guidance plan based on this model,
thereby more accurately and efficiently guiding the conver-
sation toward the pre-set goal. We propose a novel evalua-
tion framework and have built a comprehensively annotated
dataset for emotional support conversation. Extensive au-
tomatic and human evaluations provide clear evidence that
our proposed method shows superior performance over ex-
isting baselines across metrics, including dialogue strategy
and long-term objective fulfillment.
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