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Abstract—Mental counseling plays a crucial role in the pre-
vention and mitigation of mental health disorders. Counseling
notes—concise summaries of key session elements—are valu-
able to both counselors and clients for later review and for
consolidating what was discussed. However, prior work on
counseling note generation is largely counselor-centric, focusing
on documenting clients’ symptoms, problems, and diagnoses,
while under-serving the client’s need to revisit insights, cognitive
shifts, and actionable takeaways after the dialogue. To bridge
this gap, we introduce client-centric counseling note generation,
which aims to produce client-facing notes that support post-
session reflection and everyday application. Concretely, we build
C-TIND, a dataset of 1,800 cognitive behavioral therapy (CBT)
dialogues paired with structured client-centric notes. Building
on C-TIND, we develop CogNote, a client-centric counseling
note generation model trained on CBT dialogues covering four
common CBT techniques, producing structured notes that help
clients review key gains and insights from the session. Both
automatic and human evaluations show that our approach can
generate useful, well-structured client-centric notes. To the best
of our knowledge, this is the first work that explicitly formulates
and benchmarks counseling note generation from the client’s
perspective.

Index Terms—dialogue summarization, mental health, online
counseling

I. INTRODUCTION

Psychological counseling is a key intervention for managing
mental health disorders, where structured dialogues support
clients in regulating their mental states. Counseling notes, doc-
umented at the end of counseling, serve as a valuable resource
for both counselors and clients to review and consolidate
key insights. Existing research on counseling note generation
predominantly adopts a counselor-centric perspective, focusing
on supporting counselors in the diagnosis, assessment, and
monitoring of clients’ states and symptoms [1]–[4]. For in-
stance, Sahu et al. [5] proposed a mental state examination
(MSE) summarization algorithm to evaluate clients’ cognitive
and behavioral functioning. Srivastava et al. [1] introduced a
counseling summarization dataset, MEMO, which annotates
key counseling elements such as client symptoms, histories,
and therapeutic discoveries. Yao [6] developed the D4 dataset,
which includes client symptom records and illness assessments
derived from counseling dialogues. Collectively, these studies
function as automated counseling summarization or clinical
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documentation, helping counselors evaluate and record clients’
conditions and develop subsequent treatment plans.

Situation: I’m failing school.

Thought: I feel worthless...

Emotion: sad, hopeless

Recognition Stage

Evaluation Process：
(Defense Attorney )
- Supportive: I fail midterms…
- Opposing: I have some 
friends caring about me…

Evaluation Stage

Reframed Thought: I’m not 
worthless…
Conclusion: Struggles don’t 
define my worth…

Application Stage

Counseling Dialogue Key Component

Counselor: How have you been recently?
Client: I'm failing school. Everything is falling apart.

…
Counselor: … When you saw your grades, what was 
going through your mind at that moment?
Client: I just felt like I'm worthless. Like no matter how 
hard I try, I can't succeed.

…
Counselor: … Let's consider the evidence that supports 
this thought. What makes you believe you’re worthless?
Client: I failed my midterms.

…
Counselor: …Can you think of any evidence that 
suggests you might not be worthless?
Client: I have some friends who care about me.

…
Client: Maybe... I'm not worthless. I might be struggling 
right now, but that doesn't define my worth as a person.

…
Counselor: I'm really glad to hear that. Remember, 
setbacks happen to everyone, and they are opportunities 
for growth and learning.

Counseling Note
Situation: … Thought: … Emotion: …
Evaluation Process (Defense Attorney):…
Reframed Thought: … Conclusion: …

Fig. 1. A CBT counseling note which summarizes the key elements in three
phases of a CBT dialogue: recognition, evaluation, and application.

However, such summaries primarily focus on documenting
clinical facts and psychological conditions from the coun-
selor’s perspective, which makes them less conducive to
promoting client self-reflection. From the clients’ perspec-
tive, counseling notes should highlight their reflections and
insights derived from the counseling process, rather than
merely recording their symptoms and status. As illustrated in
Figure 2, counselor-centric notes primarily document clinical
symptoms to support the counselor’s diagnostic and treatment
decisions, whereas client-centric notes focus more on the
client’s subjective experiences and cognitive shifts. These
client-centric notes can help clients review their insights and
growth, thereby enhancing therapeutic effects in the long run
[7], [8]. Therefore, it is both necessary and meaningful to
generate client-centric counseling notes for clients.

Cognitive behavioral therapy (CBT) is one of the most
widely adopted counseling psychotherapies [9]. It encourages



🙍 Client-Centric Counseling Note
I’ve been feeling really overwhelmed and hopeless, like I’ll never be able to finish all 
my work. Today, I learned to challenge that thought by reminding myself: 
  a. I only need to focus on what I need to do right now—not everything at once. 
  b. I don’t have to do everything perfectly.
  c. I can ask for help when I need it.

👩⚕ Counselor-Centric Counseling Note
[Symptoms] The client exhibited low self-confidence, reduced self-worth, guilt, 
hopelessness, notable weight gain, and psychomotor agitation.
 [Record] An affective disturbance triggered by life events, not meeting the 
diagnostic criteria for major depressive disorder.

Fig. 2. Comparison of Counselor-Centric and Client-Centric Counseling Note. The counselor-centric note focuses on the objective documentation and clinical
assessment of the client’s mental state, whereas the client-centric note emphasizes the client’s subjective experiences and self-reflection, facilitating the
application of counseling insights to real-life contexts.

clients to form their own reflections and insights at the end
of counseling sessions. Considering its popularity in psycho-
logical counseling, this paper focuses on CBT dialogues to
develop a pioneering framework for generating client-centric
counseling notes. A typical CBT counseling dialogue consists
of three phases: recognition, evaluation, and application [10].
In the recognition phase, the counselor helps the client identify
his/her situations, thoughts, and emotions. In the evaluation
phase, the counselor applies CBT intervention strategies to
address the client’s negative thoughts and emotions. The
recognition and evaluation phases are the core steps in CBT,
aiming to identify and reframe maladaptive thoughts that
trigger clients’ negative emotions [11], [12]. Finally, in the
application phase, both counselors and clients conclude the
counseling dialogues, and clients are encouraged to apply the
positive reframed thoughts to real-life situations. Therefore,
CBT counseling notes should document the core elements in
the above three phases, as illustrated in Figure 1.

In this work, we developed CogNote, a counseling sum-
marization algorithm designed to generate Cognitive therapy
Notes for clients. Because CBT dialogues often adopt different
counseling strategies to assess clients’ maladaptive thoughts,
the core elements of counseling dialogues and the summarized
counseling notes vary accordingly. To accurately generate
the counseling notes, CogNote autonomously identifies the
CBT strategies adopted and extracts the key elements of the
counseling dialogues under these strategies.

To train CogNote, we construct the Cognitive Therapy
Insight Notes Dataset (C-TIND), which comprises 1,800 CBT
dialogues and corresponding counseling notes. These CBT
dialogues involve four commonly used CBT strategies [10]:
the defense attorney method, the possible outcomes method,
the divergent thinking method, and the cost-benefit method.
The corresponding counseling notes are summarized by our
proposed method, namely the Therapy Insight Chain (TI-
Chain), which systematically guides large language models
(LLMs) to generate CBT counseling notes step-by-step. The
example note shown in Figure 1 is summarized by TI-Chain,
which contains key elements in the three phases of CBT.

The contributions of our work can be summarized as
follows:1 1) We formulate a client-centric counseling note
generation task that produces actionable, client-facing notes
to support post-session review and self-reflection. To the best
of our knowledge, we are the first to propose documenting

1The code and dataset are available at https://github.com/slptongji/CogNote.

psychological counseling notes from the client’s perspective.
2) We release C-TIND, a dataset of 1,800 CBT-style dialogues
paired with structured client-centric notes. C-TIND captures
key CBT elements, enabling research on client-oriented note
generation and related downstream tasks. 3) We propose TI-
Chain, a stepwise structured summarization pipeline that uses
LLMs to generate complete and schema-consistent notes from
CBT dialogues. Human assessments confirm that the generated
notes are high-quality and consistently formatted. 4) We de-
velop CogNote, a counseling note generation model that infers
CBT strategy types and produces strategy-aligned, client-
centric notes. CogNote is designed to help clients retrieve
key insights, track cognitive shifts, and translate counseling
takeaways into actionable reminders for everyday life.

II. RELATED WORK

Recent research has primarily focused on automating clin-
ical documentation to assist counselors in diagnosis and
treatment planning [6], [13]–[16]. Notable efforts include
unsupervised knowledge-infused summarization [14], Q&A
generation from clinical records [17], and the development
of specialized datasets like MEMO [1], [18] and models
like PIECE [19] that integrate psychological expertise into
LLMs for counselor-oriented summaries. Despite these ad-
vancements, existing studies overlook the therapeutic needs of
clients. Client-centric counseling notes—summarizing positive
alternative thoughts and actionable advice—are essential for
promoting cognitive progress and behavioral change, espe-
cially within standard CBT protocols [7], [8], [20]. Leveraging
the proven capacity of fine-tuned LLMs in generating high-
quality psychological summaries [21], this study introduces the
C-TIND dataset and the CogNote model. Our work aims to
bridge this gap by automating the generation of client-oriented
counseling notes to support long-term self-improvement.

III. C-TIND: COGNITIVE THERAPY INSIGHT NOTES
DATASET

A. CBT Dialogue Construction
We constructed an artificial counseling dataset by expand-

ing situation-thought pairs from existing cognitive reframing
datasets [22], [23] into multi-turn CBT counseling dialogues.
We utilized GPT-4o [24] to simulate both the counselor
and client roles, and adopt a staged expansion protocol to
enforce the standard CBT workflow of recognition-evaluation-
application (Section I), thereby producing dialogues with
consistent phase structure and intervention patterns.



Counselor: How have you…
Client: I’m failing  school…
Counselor: That sounds 
really tough. Can you …

……

👩⚕ 🙍

(a) Data Source

GPT-4o API

Formatted Notes

Human Assessment

sampling

(c) C-TIND Dataset(b) TI-Chain Prompts

Defense 
Attorney

Possible 
Outcomes

Divergent 
Thinking

Cost
Benefit

TI-Chain Variants

design 

Meta-
LLaMA3

(d) CogNote

Situation: …
Thought: …
Emotion: …

……

train

generate

generate

CBT

{…}

Fig. 3. The proposed framework for counseling note generation: (a)-(c) illustrate the construction process of the C-TIND dataset, while (d) depicts the training
process of the CogNote model.

Specifically, in the recognition phase, we designed a tar-
geted prompt that elicits the client’s context, emotions, and
maladaptive thoughts, and generates counselor turns that ex-
plicitly guide the identification of cognitive distortions. To
ensure conversational plausibility and CBT compliance, two
registered counselors manually reviewed each sample and
revise cases that do not meet quality standards. In the evalu-
ation phase, which constitutes the core intervention step in
CBT, we explicitly covered four commonly used thought-
evaluation techniques: defense attorney (Def. Atty.), possible
outcomes (Pos. Outs.), divergent thinking (Div. Tkg.), and
cost-benefit (Cst. Ben.). For each technique, we developed a
dedicated prompt to generate evaluation-phase dialogues that
are consistent with the corresponding intervention logic, yield-
ing technique-labeled sessions that support technique-aware
analysis and benchmarking. Finally, since the evaluation-phase
dialogues already contain the reframed conclusion and the
client’s reflection, we did not further expand the application
phase.

TABLE I
THE EVALUATION RESULTS ON THE SAMPLE DIALOGUES OF C-TIND.
COUNSELOR RESPONSES WERE ASSESSED BASED ON TECHNICALITY

(Tech.), EMPATHY (Emp.), AND RATIONALITY (Rat.). CLIENT RESPONSES
WERE EVALUATED BASED ON SPECIFICITY (Spec.), RATIONALITY (Rat.),

AND CONSISTENCY (Cons.).

Counselor Client

Tech. Emp. Rat. Spec. Rat. Cons.

Def. Atty. 4.77 4.40 4.48 4.62 4.37 4.73
Pos. Outs. 4.73 4.42 4.45 4.65 4.62 4.72
Div. Tkg. 4.88 4.37 4.55 4.72 4.63 4.73
Cst. Ben. 4.83 4.43 4.47 4.72 4.50 4.70

Average 4.80 4.40 4.49 4.68 4.53 4.72

To ensure data quality, counselors randomly reviewed 400
samples, confirming that the generated dialogues aligned with
the CBT principles. Additionally, three trained volunteers rated
the quality of the dialogues; their evaluations, as presented
in Table I, further validate the high quality and accuracy of
the constructed dataset. Finally, we generated 1,800 coun-
seling dialogues, with 450 dialogues corresponding to each
CBT strategy. These dialogues serve as the data source for
subsequent counseling note generation, with the generated

Please understand and summarize the important content in a given 
counseling dialogue.

[Task Description]: In a given dialogue, each utterance consists of the 
speaker (i.e., Counselor or Client) and the content, written in this format: 
#[speaker]: [content]. You should summarize the client’s situation, original 
emotion, original thought, and the transformed thought after the dialogue. 
In addition, you should conclude the whole dialogue.

[Description of Reasoning Process]:
Specifically, you should assume the role of the client and use the client's 
tone to perform a 6-step reasoning process:
1. Output the “Situation”: Briefly summarize your current situation in one 

sentence, which is also the core event discussed in the dialogue. 
2. Output the “Emotion”: Summarize your original emotions with no 

more than three words.
3. Output the “Original Thought”: Extract your original thoughts at the 

beginning of the conversation in one sentence.
4. Output the “Thought Evaluation”: Extract and list evidence 

supporting the "Original Thought" as "Supporting Evidence", and 
extract and list evidence against the "Original Thought" as "Opposing 
Evidence". 

5. Output the “Reframed Thought”: Extract your transformed thought at 
the end of the dialogue in one sentence.

6. Output the “Conclusion”: Based on the dialogue content and 
"Alternative Thought", summarize brief suggestions that were given to 
you in one sentence.

[Dialogue History]: …

Fig. 4. Illustration of the TI-Chain method designed for the defense attorney
technique.

notes expected to capture the key elements of dialogues across
the three CBT phases and to reflect the specific strategies
employed during the evaluation phase.

B. Counseling Note Generation

Inspired by the Chain-of-Thought (CoT) approach [25],
[26], we design the Therapy Insight Chain (TI-Chain) method
to guide GPT-4o step by step to generate benchmark counsel-
ing notes for 1,800 CBT counseling dialogues. The TI-Chain
workflow is illustrated in Figure 4, which consists of three
main components:

• Task Description outlines the goal of the counseling
summarization task and specifies the format of the input
dialogue.

• Description of Reasoning Process details the require-
ments for extracting the key counseling elements through
six reasoning steps, which align with the three CBT
phases: recognition, evaluation, and application. Specif-
ically, steps 1-3 correspond to the recognition phase,



during which the client’s situation, emotions, and original
thoughts are identified and extracted. Step 4 pertains to
the evaluation phase, wherein the key points of thought
evaluation are summarized based on specific CBT strate-
gies. As shown in Figure 4, when employing the defense
attorney technique, LLMs are instructed to list evidence
supporting and refuting the original thoughts. Finally,
steps 5-6 correspond to the application phase, wherein
the reframed thoughts and conclusions are summarized
for the client’s consideration.

• Dialogue History provides the full content of the coun-
seling dialogue, from which the counseling notes are
summarized.

As mentioned in Section III-A, the generated counseling
dialogues reflect four CBT intervention strategies, whose eval-
uation phases are quite different. Accordingly, we design four
TI-Chain prompt variants corresponding to the four strategies.
These variants follow a similar prompt structure illustrated in
Figure 4. The distinction among them is that the “Thought
Evaluation” in each variant requires extraction of different
key elements based on the specific characteristics of the
corresponding CBT technique. The descriptions of the thought
evaluation process for the four CBT techniques are as follows:

• Defense Attorney: Extract and list evidence supporting
the “Original Thought” as “Supporting Evidence,” and
extract and list evidence against the “Original Thought”
as “Opposing Evidence.”

• Possible Outcomes: Extract and list other potential expla-
nations as “Other Explanations.”

• Divergent Thinking: Extract and list the best-case scenario
and corresponding evidence as “Best Case,” the worst-
case scenario and corresponding evidence as “Worst
Case,” and the most possible scenario and corresponding
evidence as “Most Possible Case.”

• Cost-Benefit: Extract and list benefits of holding the
“Original Thought” as “Benefits,” and extract and list
drawbacks of holding the “Original Thought” as “Costs.”

The counseling notes generated by GPT-4o have incon-
sistent formats, such as garbled characters and irrelevant
sentences, which makes them difficult to use for training
models to produce high-quality notes. To solve this prob-
lem, we performed two format conversions to ensure format
consistency. In the first conversion, free-text counseling notes
were transformed into structured dictionaries using automated
keyword extraction scripts. These scripts were developed
based on common issues identified in 50 randomly selected
dialogues, aiming to resolve most of the format errors in the
raw data, such as incomplete counseling notes or extraneous
double quotation marks. In addition, two volunteers manually
reformatted the counseling notes that cannot be converted
by these scripts. Once all counseling notes were successfully
unified with the same format, they were re-converted into a
free-text format for model training.

Figure 3(a)-(c) illustrates the construction process of the C-
TIND dataset, which ultimately yields 1,800 counseling notes.

The C-TIND dataset can be employed to train models that
generate CBT counseling notes for clients, thereby advancing
research on client-centric counseling note generation.

C. Dataset Analysis

1) Data Quality Assessment: To evaluate the quality of
counseling notes within the C-TIND dataset, we randomly
selected 20 counseling dialogues and their corresponding notes
for each CBT strategy, yielding a total sample size of 80.
Three evaluators were invited to assess the counseling notes
for these dialogues based on three criteria: 1) coherence:
logic, structure, and organization of the counseling notes; 2)
faithfulness: alignment with the factual content of counseling
dialogues, avoiding distortions or errors; and 3) accuracy:
coverage of the main content and key points of the counseling
dialogues. Each counseling note was rated on a 5-point Likert
scale, with 5 indicating the highest level of the metric. The
overall score for each note was calculated by averaging the
scores across these three criteria.

TABLE II
THE ASSESSMENT STATISTICS FOR THE SAMPLED DIALOGUES IN THE

C-TIND DATASET.

Coherence Faithfulness Accuracy Overall
Def. Atty. 4.78 4.65 4.62 4.68
Pos. Out. 4.76 4.62 4.60 4.66
Div. Tkg. 4.82 4.67 4.63 4.71
Cst. Ben. 4.80 4.67 4.67 4.71

Average 4.79 4.65 4.63 4.69

As shown in Table II, the counseling notes attained an
average coherence score of 4.79, indicating that the counseling
notes are fluent, logical, and well-organized. The average
accuracy and faithfulness scores exceeded 4.6, demonstrating
that the counseling notes accurately extract the key information
from the dialogues. The overall score of 4.69 confirms the
counseling notes’ correctness in analyzing the core elements of
CBT dialogues. In addition, we employed the Mean Absolute
Deviation (MAD) [27] to evaluate inter-annotator agreement
in our data quality assessment. The MAD scores for the three
metrics remain below 0.5, indicating a high level of agreement
among annotators [28].

2) Data Characteristics: Some statistics about C-TIND are
listed in Table III. The C-TIND dataset consists of 1,800 CBT
counseling dialogues with corresponding counseling notes. On
average, each dialogue has ˜31 utterances and the counseling
note has ˜158 words.

Figure 1 presents a brief counseling note from the C-
TIND dataset, which contains the key elements of a CBT
dialogue across its three stages. In the recognition stage, the
note takes down the client’s situation, original thoughts, and
emotions. In the evaluation stage, the note summarizes key
discussion points associated with a specific CBT strategy like
defense attorney technique, aiming to assess the validity and
usefulness of the client’s thoughts. In the application stage, the
note documents the reframed thoughts developed by both the



TABLE III
THE CHARACTERISTICS OF THE C-TIND DATASET. Dia. Len., Utt. Len.,

AND Not. Len. REFER TO THE AVERAGE LENGTHS OF DIALOGUES,
UTTERANCES, AND COUNSELING NOTES, RESPECTIVELY. ADDITIONALLY,
Dia. Num. DENOTES THE TOTAL NUMBER OF COUNSELING DIALOGUES.

Dia. Len. Utt. Len. Not. Len. Dia. Num.
Def. Atty. 30.74 27.41 165.38 450
Pos. Outs. 31.18 27.16 189.06 450
Div. Tkg. 34.42 25.46 137.59 450
Cst. Ben. 28.89 28.17 138.30 450

Total 31.30 26.99 157.60 1800

client and counselor, and provides conclusions based on the
dialogue. Such counseling notes serve as effective reviews of
CBT counseling dialogues, enhancing clients’ understanding
of the counseling content and encouraging clients to apply
reframed thoughts in their daily life.

IV. COGNOTE: CLIENT-CENTRIC COUNSELING NOTE
GENERATION MODEL

Based on the C-TIND dataset, we fine-tuned LLaMA3-8B-
Instruct [29] to develop CogNote, a counseling note generation
algorithm that extracts key elements from CBT counseling
dialogues to support clients. Specifically, 400 dialogues from
C-TIND constitute the test set, 200 constitute the validation
set, and the remainder constitutes the training set. Given
the relatively small size of the C-TIND dataset, Low-Rank
Adaptation (LoRA) [30] was employed to reduce the risk of
overfitting. During training, the batch size was set to 2 and
the gradient accumulation step to 8, resulting in an effective
batch size of 16. The LoRA rank was set to 8, with a LoRA
scaling factor α of 16, a dropout rate of 0.05, and a LoRA
learning rate of 16. CogNote was trained using the AdamW
[31] optimizer, with a maximum learning rate of 3e-4. The
training was conducted over 3 epochs. All experiments were
performed using the LLaMA Factory framework [32] on two
NVIDIA L40 GPUs, each equipped with 48GB of memory.

V. EXPERIMENTS AND ANALYSIS

A. Baseline Settings

1) Base Models: We selected four representative open-
source LLMs as our base models: ChatGLM3-6B, ChatGLM3-
6B-base [33], Vicuna-7B-v1.5 [34], and LLaMA3-8B-Instruct
[29]. ChatGLM3-6B and ChatGLM3-6B-base share a general
language model architecture [35] and contain 6.2 billion
parameters. Their difference is that ChatGLM3-6B-base is
the foundational model not trained to align with human
intent, whereas ChatGLM3-6B is intent-aligned for multi-turn
conversational tasks [36]. Vicuna-7B-v1.5 is fine-tuned on
LLaMA2 using shareGPT conversational data, demonstrating
good interactivity and context understanding. LLaMA3-8B-
Instruct is the instruction-tuned version of Meta-Llama-3 with
8 billion parameters, optimized for dialogue scenarios.

2) Prompt and Fine-tuning Settings: We adapted each base
model using prompt-based and fine-tuning methods to instruct
LLMs to generate counseling notes. The first prompt, referred
to as KP, instructs models based on known CBT strategies,
following a structure similar to that shown in Figure 4.
Additionally, the KP prompt provides a generated example
under the corresponding strategy to standardize the generation
format. In contrast, the second prompt, referred to as UP,
guides models under conditions of unknown strategies. The
two prompts were applied to the above four base models,
resulting in eight baseline models. Furthermore, we fine-tuned
the three base models except LLaMA3-8B-Instruct with the
C-TIND dataset, resulting in another three baseline models.
The fine-tuning process followed the same process and hyper-
parameters as CogNote, as illustrated in Section IV.

B. Automatic Evaluation

We report BLEU-4 [37] and ROUGE-1/2/L [38] to measure
lexical overlap between generated and reference counseling
notes. Table IV presents the automatic evaluation results. As
shown in the last two groups of Table IV, the proposed
CogNote model outperforms all baselines across BLEU-4,
ROUGE-1, ROUGE-2, and ROUGE-L, achieving scores of
73.890, 71.260, 52.318, and 62.177, respectively, demonstrat-
ing its strong ability to generate accurate counseling notes.
GLM-base-FT surpasses GLM-chat-FT across all metrics,
suggesting that foundational models are better suited for
summarization tasks than intent-aligned conversational mod-
els, likely due to their more QA-oriented training format.
Comparing the first and second groups in Table IV, models
using KP prompts surpass those using UP prompts across all
metrics. For instance, GLM-base-KP exceeds GLM-base-UP
by 2.816, 7.148, 7.896, and 8.659 points on BLEU-4, ROUGE-
1, ROUGE-2, and ROUGE-L, respectively. This improvement
is attributed to the KP prompt’s explicit inclusion of CBT
strategies and examples, reducing misidentification errors seen
with UP prompts. Among prompt-based methods, LLaMA3
models achieve the best results, with Vicuna-based models
ranking second, and GLM-based models performing lowest.

Although the fine-tuning-based methods are not provided
with detailed task definitions or employed CBT strategies, they
effectively learn the summarization patterns and demonstrate
superior performance compared to the prompt-based meth-
ods. For example, although both are based on LLaMA3-8B-
Instruct, CogNote surpasses LLaMA-KP by 16.439, 8.423,
16.869, and 16.652 on BLEU-4, ROUGE-1, ROUGE-2, and
ROUGE-L metrics, respectively. This substantial improvement
indicates that the fine-tuning approach is highly effective in
enabling LLMs to comprehend task definitions, identify CBT
strategies applied within dialogues, and generate accurate and
formatted counseling notes.

C. Human Evaluation

To evaluate the generated counseling notes, two human
evaluation experiments – human rating and human A/B test –



TABLE IV
AUTOMATIC EVALUATION RESULTS ON THE C-TIND TEST SET. GLM-base,

GLM-chat, Vicuna, AND LLaMA INDICATE THAT THE MODELS ARE
ADAPTED FROM CHATGLM3-6B-BASE, CHATGLM3-6B,

VICUNA-7B-V1.5, AND LLAMA3-8B-INSTRUCT, RESPECTIVELY.

Models BLEU-4 ROUGE-1 ROUGE-2 ROUGE-L
GLM-base-UP 46.569 49.763 26.116 35.499
GLM-chat-UP 47.838 49.077 20.614 30.330

Vicuna-UP 52.301 51.498 23.670 34.910
LLaMA-UP 50.131 55.678 26.660 36.772

GLM-base-KP 49.385 56.911 34.012 44.158
GLM-chat-KP 58.356 55.708 27.498 40.349

Vicuna-KP 59.715 57.215 28.814 41.814
LLaMA-KP 57.451 62.837 35.449 45.525

GLM-base-FT 73.787 70.672 51.343 61.397
GLM-chat-FT 73.375 70.436 50.953 60.842

Vicuna-FT 73.889 71.083 51.938 61.877

CogNote 73.890 71.260 52.318 62.177

were conducted on 50 randomly selected samples from the C-
TIND test set. Both experiments were performed by three eval-
uators. In the human rating experiment, evaluators assessed
each counseling note in terms of coherence, faithfulness, and
accuracy, with a rating scale from 1 to 5. The overall score for
each note was calculated by averaging the scores on the three
criteria. In the A/B test, evaluators compared the counseling
notes generated by CogNote with those generated by other
models and selected the preferred note for each dialogue. A
“Tie” option was provided for cases where evaluators deemed
the quality of counseling notes produced by the two models
equivalent. All fine-tuned baseline models were involved in the
human evaluations. However, due to the poor performance of
prompt-based methods, only the best-performing models, i.e.,
LLaMA-UP and LLaMA-KP, were selected as representatives
for the human evaluations.

TABLE V
RESULTS OF HUMAN RATINGS ON 50 SAMPLES SELECTED FROM THE

C-TIND TEST SET.

Models Coherence Faithfulness Accuracy Overall
LLaMA-UP 3.75 3.65 3.61 3.67
LLaMA-KP 3.86 3.93 3.99 3.92

GLM-base-FT 4.41 4.21 4.28 4.30
GLM-chat-FT 4.35 4.21 4.21 4.26

Vicuna-FT 4.40 4.25 4.35 4.33

CogNote 4.43 4.30 4.37 4.36

1) Human Ratings: As shown in Table V, CogNote out-
performs all baseline models across three human evaluation
criteria. It achieves the highest scores of 4.43, 4.30, and 4.37
for coherence, faithfulness, and accuracy, respectively, with an
overall score of 4.36. These results indicate that the counseling
notes generated by CogNote are deemed satisfactory. The three
models fine-tuned on C-TIND, i.e., GLM-base-FT, GLM-chat-
FT, and Vicuna-FT, also deliver strong performance, with all
scores above 4.2 on the three metrics. Notably, Vicuna-FT
achieves the highest overall score of 4.33 among these models.
GLM-base-FT outperforms GLM-chat-FT, particularly in co-
herence and accuracy, suggesting that the foundational model

generates more accurate and coherent counseling notes than
the conversational model. In contrast, the prompt-based meth-
ods, LLaMA-UP and LLaMA-KP, perform the worst with
overall scores of 3.67 and 3.92, which are 0.69 and 0.44 points
lower than those of CogNote.

Fig. 5. Human A/B preference evaluation between CogNote and five
baselines. Win/Tie/Lose indicate the proportions favoring CogNote, ties,
and favoring the baseline, respectively; significance is assessed by an exact
binomial sign test on non-tied comparisons (p < 0.05).

2) Human A/B Test: Figure 5 reports pairwise preferences
between CogNote and five baselines on 50 cases judged
by three volunteers. CogNote significantly outperforms the
prompt-based methods, achieving 98% wins over LLaMA-UP
and 95% wins over LLaMA-KP, indicating a near-unanimous
preference for CogNote-generated counseling notes. It also
maintains a positive margin over fine-tuned open-source base-
lines (GLM-chat-FT: 43% wins vs. 23% losses; GLM-base-
FT: 37% wins vs. 23%), while the comparison with Vicuna-FT
is closer (35% vs. 27%) with many ties. We pool judgments
and apply an exact binomial sign test on non-tied comparisons
(p < 0.05), finding significant gains over LLaMA-UP/KP
and both GLM variants, but not over Vicuna-FT. Overall,
CogNote yields consistently preferred counseling notes, with
particularly large improvements over prompt-based baselines.

D. Case Study

To further analyze model performance, we conducted a case
study on LLaMA-UP, LLaMA-KP, and CogNote, all based on
LLaMA3-8B-Instruct. Figure 6 presents the counseling notes
generated by these models for a CBT dialogue in which the
client expressed self-doubt and the counselor used the defense
attorney technique to reframe maladaptive thoughts.

As shown in Figure 6(a), LLaMA-UP captures the core
elements of the dialogue and produces a relatively accurate
counseling note. However, despite instructions to write in the
first person, its narration does not consistently follow this
perspective, reducing the client-centered quality of the note.
In addition, without explicit strategic guidance, LLaMA-UP
sometimes misidentifies the CBT strategy used, leading to
an inaccurate summary of the thought evaluation process.
In contrast, Figure 6(b) shows that LLaMA-KP generates
a more precise summary and consistently adopts the first-
person perspective. However, it is less concise in summa-
rizing the evaluation process, occasionally shows formatting



Situation: In class, I often feel overshadowed because my classmates answer questions quickly while I struggle to keep up.
Emotion: inferior, defeated, anxious
Original Thought: If I can't get ahead in these small things, I'll never catch up and I question my overall abilities.
Evaluation Process:
• Supporting Evidence: I'm slower in answering questions, I don't get praised for quick thinking, and my ideas aren't as accepted in group projects.
• Opposing Evidence: I sometimes provide in-depth answers, I get good grades on written assignments and tests, and classmates come to me for help.
Reframed Thought: I might not be quick at answering, but I have strengths such as providing in-depth answers and understanding material well.
Conclusion: Recognize and value your unique strengths to build confidence, and remember this balanced perspective when feeling inferior.

Situation: 
The client (error narration) is struggling with feelings of inferiority 
and anxiety due to their classmates quickly answering questions 
in class, making them feel like they'll never be able to catch up.
Emotion: 
Frustrated, Sad, Inferior, Defeated, Anxious
Original Thought: 
If I can't even get ahead in these small things, what can I do well? 
I'll never be able to catch up with everyone else.
Evaluation Process: 
The counselor used the defense-attorney technique to evaluate 
the client's original thought.
The "Supporting Evidence" for the original thought includes: 

• The client is always slower in answering questions compared 
to some of their classmates.

• The client doesn't get praised for their quick thinking, while 
others do.

• The client's ideas in group projects don't get much attention or 
approval as others’.

The "Opposing Evidence" against the original thought includes:
• The client comes up with really in-depth answers that their 

classmates miss.
• The client gets good grades on written assignments and tests.
• Classmates ask the client for help when they don't understand 

something.
Reframed Thought: 
Maybe I'm not so good at answering quickly, but I seem to have 
other strengths, like providing in-depth answers and 
understanding the material better in other formats.
Conclusion: 
The client can try to recall this balanced thought next time they 
feel inferior, recognizing that everyone has different strengths and 
areas for improvement. By valuing their own unique skills, they 
can build their confidence and work towards recognizing both 
their strengths and areas for growth.

As the client, I will summarize the conversation: (irrelevant 
statement)
Situation: 
I've been feeling frustrated and inferior in class because my 
classmates answer questions quickly, making me feel like I'm not 
good enough and will always be behind.
Emotion: 
Inferior, defeated, and anxious
Original Thought: 
If I can't even get ahead in these small things, what can I do well? 
I'll never be able to catch up with everyone else.
Evaluation Process: 
Supporting Evidence: 
• I'm always slower in answering questions compared to some 

of my classmates.
• I never get praised for my quick thinking, while others do. 
• My ideas in group projects don't get much attention or 

approval as others’.
Opposing Evidence: 
• Sometimes I come up with really in-depth answers that my 

classmates miss. 
• I often get good grades on written assignments and tests. 
• Classmates ask me for help when they don't understand 

something.
Reframed Thought: 
Maybe I’m not so good at answering quickly, but I seem to have 
other strengths, like providing in-depth answers and 
understanding the material better in other formats.
Conclusion: 
Based on our conversation, I learned that I have strengths and 
areas for improvement, and recognizing and valuing my unique 
skills can help build my confidence. Next time I feel inferior, I'll try 
to recall this balanced thought and remember that progress is 
about recognizing both my strengths and areas for growth.

Situation: 
I feel like I'm always being left behind in class because my 
classmates answer questions before the teacher even finishes 
asking them.
Emotion: 
inferior, defeated, anxious
Original Thought: 
If I can't get ahead in these small things, like answering questions 
quickly, I'll never be able to catch up with everyone else and I'll 
always be behind.
Evaluation Process: （less redundant）
• Supporting Evidence: I'm always slower in answering 

questions; I don't get praised for my quick thinking; my ideas in 
group projects don't get much attention. 

• Opposing Evidence: I come up with really in-depth answers; I 
get good grades on written assignments and tests; classmates 
ask me for help when they don't understand something.

Reframed Thought: 
Maybe I’m not so good at answering quickly, but I seem to have 
other strengths, like providing in-depth answers and 
understanding the material better in other formats.
Conclusion: (more accuracy)
Recognize and value your unique strengths, like providing in-
depth answers and understanding the material well, to build 
confidence and remember that progress is about acknowledging 
both strengths and areas for improvement.

Standard
Counseling

Note

(a) LLaMA-UP (b) LLaMA-KP (c) CogNote

Fig. 6. Results of the case study on the C-TIND test set. The top of the table presents the standard counseling note for a given dialogue, while the bottom
displays the counseling notes generated by LLaMA-UP, LLaMA-KP, and CogNote, respectively.

inconsistencies, and may include irrelevant statements such
as “As the client, I will summarize the conversation”. As
shown in Figure 6(c), the fine-tuned model CogNote produces
a counseling note that closely matches the reference note in
both content and format. Unlike the other models, it avoids re-
dundant symbols and unnecessary sentences while accurately
capturing the core elements of the CBT dialogue. Such notes
can help clients quickly recall key events and maladaptive
thoughts discussed in counseling. In addition, the inclusion of
alternative thoughts and conclusions may reinforce adaptive
thinking and encourage more positive actions and attitudes
in real-life situations. These results suggest that our client-
centric framework, CogNote, has strong potential to improve
the effectiveness of CBT interventions.

VI. LIMITATIONS

C-TIND is constructed as a controlled benchmark for client-
centric counseling note generation. Due to privacy and ethical
constraints, publicly available CBT session transcripts with
fine-grained annotations are extremely limited. We therefore
synthesize CBT-style dialogues and client-facing notes with
careful schema design and human verification. While this
setting enables scalable and standardized benchmarking, it
may not fully capture the linguistic variability and interaction
dynamics of real-world counseling sessions (e.g., hesitation,
off-topic turns, or incomplete disclosure). Consequently, our
findings primarily demonstrate feasibility under this bench-

mark, and clinical effectiveness or deployment in real coun-
seling settings is beyond the scope of this paper.

VII. CONCLUSION

Existing work on counseling summarization is largely
counselor-centric, emphasizing symptom and diagnosis doc-
umentation, and may not fully support clients’ post-session
review (e.g., revisiting key insights and consolidating cognitive
shifts). To address this gap, we formulate a client-centric
counseling note generation task and build C-TIND, a dataset of
1,800 CBT-style dialogues paired with structured client-centric
notes. We construct C-TIND via TI-Chain, a six-step CBT-
aligned structured generation pipeline that guides LLMs to
produce schema-consistent notes capturing core CBT elements
and technique-specific evaluation components. Building on C-
TIND, we develop CogNote, a client-oriented note generator
fine-tuned from LLaMA3-8B-Instruct, to produce structured
notes that facilitate later review and between-session self-
reflection. Overall, our results indicate that CogNote can
generate useful and well-structured client-centric counseling
notes, establishing a benchmark and baseline for future work.
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