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Abstract

This paper introduces CogRAG, a new RAG
pipeline, for conversational mental health sup-
port. Different from conventional RAG that
is usually optimized for semantic relevance,
CogRAG integrates cognitive factors into both
retrieval and response generation stages. To do
that, CogRAG uses projections by Appraisal-
Theory- and CBT-inspired prompts that are
applied symmetrically to patient queries and
therapist responses, bridging their lexical asym-
metry for retrieval. To deal with crisis cases,
it augments safety-planning cards from data
that guide generation to follow therapies. Ex-
perimental results on two datasets show that
cognitive modeling helps improve retrieval and
generation performance; gains are most pro-
nounced in counseling quality, while safety-
related improvements are modest but consistent.
We do not claim to implement clinical CBT or
to recover ground-truth cognitive states.1

1 Introduction

Retrieval-Augmented Generation (RAG) mitigates
hallucination and improves the factual consistency
of LLMs for grounding generation by incorporat-
ing relevant contextual evidence (Guu et al., 2020;
Lewis et al., 2020; Borgeaud et al., 2022; Izacard
et al., 2023; Panda et al., 2024; Besta et al., 2024;
Li et al., 2024; Edge et al., 2024; Sun et al., 2024;
Yang et al., 2025b; Guo et al., 2025b,a). It has
been widely adopted for knowledge-intensive ap-
plications (Zhu et al., 2025; Xu et al., 2025b; Li
et al., 2025; Arzideh et al., 2026; Wang et al., 2025;
Hasan et al., 2025). RAG pipelines have been inter-
preted as a form of external memory retrieval and
evidence acquisition of humans (Lewis et al., 2020;
Shen et al., 2024). However, previous cognitive the-
ories consistently suggest that humans do not pas-
sively consume information; rather, they actively

1Code and data: https://github.com/CogAI-Lab/CogRAG

interpret, filter, and integrate evidence through cog-
nitively constrained and structured processes (Kah-
neman et al., 2011; Pearl, 2009; Booch et al., 2021).
It may create a gap when conventional RAG is ap-
plied to conversational mental health support.

The gap comes from two main reasons. First,
information retrieval (IR) of conventional RAG
is typically optimized for semantic similarity rather
than cognitive relevance. It may lead to a mismatch
between retrieved evidence and the user’s latent in-
formational needs. For example, the patient input
in Figure 1 explicitly mentions "self-harm", but
the figure shows that its underlying informational
need is better characterized by latent cognitive in-
formation such as threat appraisal, guilt, and low
perceived coping ability. Conventional RAG fo-
cuses on lexical overlap (e.g., "self-harm," "intru-
sive thoughts") and therefore returns evidence that
is topically relevant but cognitively misaligned, re-
sulting in generic and insufficient responses (Wang
et al., 2020; Li et al., 2022). This leads to a broad
answer, without addressing the patient’s specific
psychological condition. In contrast, cognition-
aware RAG first approximates latent cognitive fac-
tors (e.g., appraisal and CBT processes) via LLM
prompting and uses them to guide retrieval. It
encourages the retriever to favor evidence that is
plausibly aligned with the inferred internal states,
rather than relying on surface lexical overlap alone
(Belkin et al., 1980; Ingwersen, 1996). Second, re-
sponse generation (RG) of RAG usually responds
directly to the question without explicit guardrails
(commercial LLMs have implicit guardrails for
common safety, may not psychological ground-
ing). It may lack psychological-grounded therapies
to ensure the safety and correctness of the answer.
For example, we observe that ≈20% of MentalChat
questions (Xu et al., 2025a) are in risk (i.e., medium
and high, Figure 4, Appendix A.1) and require to
follow therapies for grounded and safer responses.

To bridge the gap, we introduce CogRAG, a new
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I've been having intrusive
thoughts about harming myself,

and I'm scared I might act on
them. I've tried to distract myself,...

I'm glad that you've reached 
out for help I'm really sorry to hear
that you're feeling this way, and I
can only imagine how distressing

it  is for you to be dealing with
these thoughts. It's important to 

Standard RAG

It’s completely understandable to
feel scared when intrusive

thoughts about self-harm come
up. I want you to know that

you're not alone in this, and...

Patient input:
Therapist response: 

Sim
score

"I'm really sorry to hear that you've
been experiencing intrusive

thoughts about self-harm. I want
you ... act on them. ......"

Output:

Vector
DB

0.89
0.85 LLMs

0.91Fusion

LLMs

Apprisal: The patient appraises
recurring self-harm intrusions as...

   I'm glad that you've reached out
for help, and I want to assure you..
Appraisal: The patient is struggling
with intrusive self-harm or suicidal

cognitions, often cued by ...

Cognition-aware RAG

I'm really sorry to hear that you're
feeling this way, and I can only

imagine how distressing it is for you to
be dealing with these thoughts. It's im

and it's okay to reach out...

Exploration of Suicidal Thoughts
and Triggers cognitive_restructuring,

validating, elevated risk; intent:
validate + explore + reframe;...

Safety-Planing Card

Cognitive modeling

Output:

CBT-based: intrusive self- harm
thoughts can feel intense and ...

Input: I've been having instrusive
thoughts about harming myself...

Fusion
score

SPCs

Skill cards

Retrieve

Vector
DB

Figure 1: Conventional and cognition-aware RAG (CogRAG). Only using semantic similarity, conventional RAG
creates an inappropriate order, in which the second document (Cosine: 0.85) should be the first. It leads to a more
general response. In contrast, cognition-aware RAG creates a correct order, leading to a better response.

cognition-aware RAG pipeline that takes into ac-
count cognitive factors for conversational mental
health support. For IR, CogRAG projects the cog-
nitive information of users using prompts inspired
by Appraisal Theory (Scherer, 1999) and Cogni-
tive Behavioral Therapy (CBT) (Beck, 2020). This
projection helps to address the lexical gap between
questions and responses that challenges semantic
similarity. It allows retrieval to better understand
the latent cognitive information of users beyond sur-
face semantic lexical overlap. For RG, the pipeline
augments safety-planning cards from data to ensure
the safety counseling responses. The safety cards
simulate the process of the therapists who usually
refer to the guideline for interventions. This paper
makes two main contributions as follows.

• It introduces CogRAG, a new cognition-aware
RAG pipeline for conversational mental health
support. The pipeline addresses the lack of
cognitive modeling of RAG by integrating
cognitive factors into both IR and RG.

• It conducts zero-shot studies on two bench-
mark datasets, showing that the pipeline yields
consistent retrieval and counseling-quality
gains, and provides smaller but consistent
gains on safety-related dimensions.

2 Related Work

RAG RAG has emerged as an effective paradigm
for addressing outdated knowledge (He et al., 2022)
and hallucination (Cao et al., 2020; Raunak et al.,

2021; Ji et al., 2023) of LLMs. By incorporating
relevant information retrieved from external knowl-
edge sources, RAG enables LLMs to produce more
accurate and reliable responses (Guu et al., 2020;
Lewis et al., 2020; Borgeaud et al., 2022; Izacard
et al., 2023; Ren et al., 2025; Shi et al., 2024; Chen
et al., 2023a; Kannan et al., 2020). It enhances
RAG’s performance (Panda et al., 2024; Li et al.,
2024; Edge et al., 2024; Mavromatis and Karypis,
2025; Yang et al., 2025b; Guo et al., 2025b,a) in a
wide range of applications (Cui et al., 2026; Dahl
et al., 2024; Pu et al., 2024; Trivedi et al., 2023;
Kim et al., 2024; Wang et al., 2024b; Yu et al.,
2025). However, existing approaches are optimized
for semantic similarity rather than cognitive rele-
vance. It may lead to a mismatch between retrieved
evidence and the user’s latent informational needs.

Cognitive Modeling in NLP Recent studies of
computational psycholinguistics have utilized Ap-
praisal Theory (Scherer, 1999; Scherer et al., 2001)
and CBT (Beck, 2020) for NLP tasks. Appraisal
Theory posits that emotions arise from individu-
als’ evaluations of events along dimensions such as
goal relevance, controllability, and agency, rather
than from the events themselves (Lazarus et al.,
1991; Scherer et al., 2001). Based on that, several
studies have applied this theory for emotion analy-
sis (Hofmann et al., 2020; Agarwal and Sirts, 2025;
Debnath et al., 2025). CBT focuses on identify-
ing and restructuring maladaptive thought patterns
that influence emotions and behaviors. By identi-
fying cognitive distortions, CBT aims to improve
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the regulation of emotions and thoughts. Distortion
detection has been used to empower AI models in
psychotherapy (Chen et al., 2023b), practical train-
ing in CBT treatment (Wang et al., 2024a), LLMs’
reasoning (Lim et al., 2024; Nguyen et al., 2026),
or cognition-aware coaching (Hotta et al., 2025).

Our proposal shares query and data augmen-
tation principles with HyDE (Gao et al., 2023)
and APTNESS (Hu et al., 2024), but differs in
using structurally constrained appraisal and CBT-
based reframing. Unlike HyDE’s topic-grounded
approach and APTNESS’s appraisal-based knowl-
edge construction, our pipeline maps questions and
responses into a shared appraisal-informed latent
space for information retrieval rather than classifi-
cation (Hofmann et al., 2020; Debnath et al., 2025).

3 Cognition-aware RAG

3.1 Problem Statement
Given a user query q and a corpus D =
{d1, d2, . . . , dN}, the pipeline retrieves a subset of
relevant documents DK ⊂ D for therapy-grounded
response generation as y = G(q,DK , c

∗), where
G() denotes a generator conditioned on both the
query, the retrieved evidence, and additional cog-
nitive information c∗. The retrieval step is typi-
cally done using similarity in an embedding space
DK = TopKd∈D sim(ϕ(q), ϕ(d)), where ϕ(·) is
an embedding function and sim(·, ·) computes the
similarity between q and d using both semantic and
cognitive modeling information.

3.2 Overview of the Framework
CogRAG extends the conventional RAG pipeline
by explicitly incorporating cognitive modeling into
both retrieval and generation stages. In Figure
1, the framework includes (i) cognition-aware in-
formation retrieval (Section 3.3), and (ii) therapy-
grounded response generation (Section 3.4).

3.3 Cognition-aware Information Retrieval
We decompose the retrieval into three complemen-
tary steps: semantic retrieval, cognitive modeling-
based retrieval, and information fusion.

3.3.1 Semantic Retrieval
We adopt standard semantic retrieval in RAG,
where the query q and documents d ∈ D are en-
coded into a shared embedding space using an en-
coder ϕ(·). The semantic similarity is defined as:

Ssem = sim(ϕ(q), ϕ(d)) (1)

3.3.2 Cognitive Modeling-based Retrieval
Semantic similarity has been widely adopted for
RAG (Lewis et al., 2020; Izacard et al., 2023).
However, semantics alone may be insufficient, as it
does not account for latent cognitive factors such as
beliefs or appraisal processes (Figure 1). We, there-
fore, introduce cognitive modeling-based retrieval
that explicitly models the user’s internal cognitive
information based on Appraisal Theory and CBT.

Appraisal Theory-based IR This theory models
the appraisal process that forms an action from an
input situation (situation → appraisal → emotions
→ action) (Scherer, 1999; Lazarus et al., 1991).
For IR, we consider the question q from a patient
(seeker) is the situation and the response from the
supporter is the action (answer). By using the the-
ory, we assume that there exists a common hidden
appraisal process between the question and the re-
sponse.

To model this aspect, we define an appraisal rep-
resentationA() = fapp(), where the function fapp()
is implemented via prompting LLMs to extract
structured appraisal signals from the appraisal de-
scription. It includes trigger/cue, primary and sec-
ondary appraisal, and emotional outcome (Lazarus
et al., 1991) (the appraisal part in Figure 1). Pre-
cisely, the prompt in Table 24 (Appendix A.13) is
applied to patient input q (Condition 1) and the
document d (supporter, Condition 2) to createA(q)
andA(d). They are mapped in a vector space using
an encoder ϕ(·). A(d) is generated offline once
for each document via LLM prompting and then
embedded by the same ϕ(·) used for semantic re-
trieval; at query time only A(q) is generated online.
The appraisal-based retrieval is then computed as:

Sapp = sim(ϕ(A(q)), ϕ(A(d))) (2)

The same offline/online split applies toR(d) and
R(q) in the CBT-inspired step, so the additional
online cost is two LLM calls per query while the
document-side cost is amortized over the corpus.

CBT-inspired IR CBT is a theory to identify
maladaptive thinking patterns (Beck, 2020). It in-
cludes four main steps: identifying situation and
thoughts, cognitive distortion detection, challeng-
ing the thoughts, and replacing more balanced
thoughts. We observe that retrieval can be aligned
with the process of CBT, in which the question q
can be considered as a situation and the response
can be represented as a more balanced thought re-
placement. This is because when raising a question,
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the seeker usually wants to share his/her situation
and then finds support/advice from the supporter.
In the response, the supporter analyzes the seeker’s
situation and his/her emotions that may be formed
by distortions. After analyzing hidden information,
the supporter usually gives an answer that provides
advice, which includes more balanced thoughts to
the seeker. This formulation can be considered to
be similar to cognitive reframing (Sharma et al.,
2023; Xiao et al., 2024; Kim et al., 2025).

To capture this aspect, we follow the method
of Appraisal Theory-based IR to augment q and
d using CBT. We define a CBT representation
R() = fcbt(), where fcbt() is a CBT-inspired
prompting function to extract structured CBT in-
formation (Table 25, A.13). This representation
is applied to q and d to create its reframed ver-
sions that are assumed to be similar (A.9). The
CBT prompt thus serves as a shared projection that
closes the patient/therapist lexical gap for retrieval.
The CBT-inspired similarity is then computed as:

Scbt = sim(ϕ(R(q)), ϕ(R(d))) (3)

We emphasize that this step is inspired by CBT
(Beck et al., 2024; Beck, 2020), not implementing
the full CBT. We do not perform explicit cognitive-
distortion detection (Burns and Beck, 1999) or So-
cratic dialogue; we only use a CBT-style reframing
prompt to bridge the lexical gap between patient
queries and therapist responses for retrieval. The
prompt (Table 25) constrains vocabulary (e.g., “ex-
plore”, “manageable”, “navigate”) to mimic thera-
pist register, not as clinically valid reframes.

3.3.3 Information Fusion
To integrate semantic and cognitive signals, we
combine the three similarity components: seman-
tics, appraisal, and CBT into a scoring function.

S(q, d) = αSsem + βSapp + γScbt (4)

where α, β, γ are weighting coefficients control-
ling the contribution of each component. Hyper-
parameter combination is shown in Table 15, A.4.

3.4 Therapy-grounded Answer Generation
As mentioned, the RG of conventional RAG is not
designed to follow therapies for handling crisis
cases, e.g., self-harm or violent thoughts (Safety
Quality in Section 5.2.1) that require counseling
knowledge and skills. To address this gap, we inte-
grate therapies by creating safety-planning cards.

3.4.1 Safety-planning Card Creation
Inspired by DBT/skill diary cards (Bitran et al.,
2026) and card-based CBT tools (Almeida et al.,
2023), we augment safety-planning cards that serve
as modular units of counseling knowledge to en-
able psychologically grounded and structured re-
sponse generation. Unlike raw textual data, safety-
planning cards explicitly encode intervention strate-
gies derived from psychological frameworks such
as CBT to ensure controllable and safe generation.
The introduction of the cards serves two key pur-
poses. First, it provides structured priors for gen-
eration, guiding the model toward psychologically
appropriate responses. Second, it improves inter-
pretability by making the reasoning process explicit
through triggers, goals, and steps. Each card is con-
structed via prompting LLMs to extract structured
information from data. A safety card c ∈ C is:

c = {t, τ, g, s, E} (5)

where t denotes the intervention type (e.g., valida-
tion), τ represents trigger conditions (user states or
scenarios), g defines counseling goals, s encodes
step-by-step intervention strategies, and E contains
examples or guidance templates (A.11).

The structured fields are designed to capture key
aspects of counseling: (i) when to apply an in-
tervention (triggers), (ii) what objectives it serves
(goals), and (iii) how to execute it (steps and exam-
ples). We employ LLM prompting to automatically
generate cards from curated datasets and therapy
guidelines (Appendix A.13). To improve scala-
bility and reduce redundancy, we further organize
safety cards in a semantic space. Each card c is en-
coded into a dense vector representation vc = ϕ(c),
where ϕ(·) is a text embedding model applied to
the concatenation of key fields (e.g., title, triggers,
goals, steps). We then apply KMeans clustering to
partition the skill card set into M = 200 clusters
(M=200 was chosen empirically to balance cover-
age of intervention strategies against redundancy).

{C1, . . . , CM} = KMeans({vc}c∈C ,M) (6)

For each cluster Cm, we select a representative skill
card c∗m = argminc∈Cm ∥vc − µm∥2, where µm

is the centroid of cluster Cm to create a new set C∗.

3.4.2 Response Generation
Given a query q and retrieved documents DK , the
pipeline generates the response by conditioning
both external evidence and a retrieved safety card.
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It retrieves the most relevant card from the clus-
tered card set C∗ as c∗ = Top1c∈C∗ sim(ϕ(q),vc),
where vc is the embedding of the card c. The final
response is then generated as follows.

y = G(q,DK , c
∗) (7)

4 Experimental Settings

4.1 Datasets
Evaluation uses single-turn datasets that include a
subset of anonymized transcripts from from Men-
talChat (Xu et al., 2025a). It also uses Coun-
selChat2 that includes real-world mental health
question-response pairs provided by licensed ther-
apists. Due to the zero-shot setting, the retrieval
corpus D is the pool of therapist responses in each
dataset’s test split, and the ground-truth document
for a query q is the paired reference therapist re-
sponse of q. In realistic settings, D can be all
responses from supporters stored in a database.
Safety cards were augmented on the training set of
MentalChat by using GPT-4o-mini.

Table 1: Statistics of the datasets used for evaluation.

Dataset Train Dev Test

MentalChat 4500 0 1810
CounselChat 0 0 940

4.2 Baselines
Information retrieval The IR step uses several
methods, including: GPT text embeddings (gpt-
emb) (small, large, and ada), jina-embeddings-
v3, Qwen3 text embeddings (0.6B) (Yang et al.,
2025a). LightRAG incorporates graph structures
into text indexing and retrieval processes (Guo
et al., 2025b) and RAG-Anything is a unified
framework that enables comprehensive knowledge
retrieval across all modalities (Guo et al., 2025a).
HyDE is a zero-shot method that prompts LLMs
to generate a hypothetical document for retrieval
(Gao et al., 2023). APTNESS uses Appraisal The-
ory and emotional support strategies for empathetic
response generation (Hu et al., 2024).

Response generation RG uses the same IR meth-
ods that include RG with and without safety cards.

4.3 Evaluation Metrics
IR uses Recall@K (K ∈ {1, 5, 10}) (Schütze
et al., 2008). The ground-truth document for re-
trieval is the paired therapist response d ⊂ D.

2CounselChat Dataset

RG uses counseling and safety scores (Xu et al.,
2025a), and human evaluation in Section 5.2.2
as main metrics. BLEU (Papineni et al., 2002),
ROUGE (Lin, 2004), BERTScore (Zhang et al.,
2019), and LM judge (Zheng et al., 2023) serve
as a robust proxy evaluation. All experiments use
GPT-4o-mini for RG and GPT-4.1 for LM judge.

5 Results and Discussion

5.1 Information Retrieval

Table 2 indicates a generally consistent pattern:
the incorporation of cognitive modeling, Appraisal
Theory and CBT constructs, enhances retrieval ef-
fectiveness across most evaluation metrics (typ-
ically +1 to +3 R@1 points) compared to ap-
proaches relying on semantic similarity only (par-
wise t-test of the best method with baseline). This
is consistent with the view that semantic match-
ing alone may not adequately capture the latent in-
tent and lexical asymmetry embedded within user
queries in conversational mental health support. By
explicitly modeling cognitive appraisals and CBT-
style reframing, the retrieval process better aligns
user intents with appropriate counseling knowledge
that bridges the lexical gap of standard embedding
models in mental health domains (Scherer et al.,
2001; Beck, 2020). The performance of our method
is significantly better than HyDE (p−values ≤ 0.05
with 95% CIs). Because HyDE applies a single,
asymmetric LLM rewrite to the query only and
without structural cognitive priors, the +3–6 R@1
gap between HyDE and our pipeline (with the same
gpt-embed-3-large encoder) is consistent with the
contribution of (i) symmetric prompt projection ap-
plied to both q and d and (ii) the appraisal/CBT
structure of the prompts, rather than the LLM-
rewriting effect alone. Standard semantic embed-
dings (gpt-3-small or ada-002) with cognitive fac-
tors can yield competitive results to LightRAG or
RAG-Anything that operates purely on semantic
signals (Guo et al., 2025b,a). This suggests that
cognitive factors offer a complementary signal to
graph- or multi-source semantic retrieval, rather
than a substitute for stronger semantic encoders.

5.2 Response Generation

5.2.1 Automatic Evaluation
Counseling Quality We used seven counseling
metrics (score 1-10) judged by LLMs (Xu et al.,
2025a). They are Active Listening (AL), Empathy
& Validation (EV), Safety & Trustworthiness (ST),
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Table 2: Retrieval performance. Bold text shows significant improvement (pair-wise t-test, p−value ≤ 0.05 with
95% CI) of the best method with baseline (A.2). The second-best is underlined. It is also applied to other tables.

Methods Models MentalChat CounselChat

R@1 R@5 R@10 R@1 R@5 R@10

Semantic only

gpt-embed-3-small 63.31 82.49 87.57 48.72 66.17 73.09
gpt-embed-3-large 65.69 85.03 89.83 55.74 71.81 78.40
gpt-embed-ada-002 64.03 84.14 89.06 46.70 66.60 72.34
Qwen3-Embed-0.6B 56.80 79.06 84.70 40.96 59.47 68.30
jina-embed-v3 62.49 81.82 86.63 51.42 70.43 77.02
Light-RAG 63.31 80.43 85.62 54.06 73.20 79.58
RAG-Anything 62.53 78.27 82.27 53.42 67.90 75.43
APTNESS 56.41 77.51 84.36 48.19 67.23 73.51
HyDE 62.60 82.71 88.18 52.13 68.19 76.17

Appraisal Theory+CBT

gpt-embed-3-small 67.24 85.97 90.22 51.06 69.68 76.60
gpt-embed-3-large 69.01 86.74 90.94 58.51 73.83 79.68
gpt-embed-ada-002 66.08 85.36 90.72 51.06 69.26 76.17
Qwen3-Embed-0.6B 58.73 81.17 86.53 44.15 63.51 70.53
jina-embed-v3 65.38 84.61 88.79 54.23 73.17 79.46
Light-RAG 66.13 82.69 87.50 57.15 73.49 79.50
RAG-Anything 65.35 80.53 84.15 56.51 70.89 78.09

Table 3: Response generation of different models on Baseline and w_ card methods across two datasets.

Methods Models MentalChat CounselChat

BLEU ROUGE Bscore LM judge BLEU ROUGE Bscore LM judge

Baseline

gpt-embed-3-small 38.16 47.07 88.90 7.35 24.84 31.82 85.08 7.06
gpt-embed-3-large 36.72 46.91 88.92 7.33 25.04 31.88 85.12 7.08
gpt-embed-ada-002 37.01 46.87 88.93 7.33 24.24 31.71 85.10 7.04
Qwen3-Embed-0.6B 33.40 45.67 88.84 7.34 21.26 30.62 85.06 7.07
Light-RAG 37.56 46.83 88.86 7.33 24.16 31.61 85.06 7.08
RAG-Anything 37.76 46.97 88.89 7.29 23.94 31.39 85.06 7.05
APTNESS 34.82 46.15 88.85 7.33 22.45 31.12 85.04 7.15
HyDE 37.89 46.92 88.88 7.34 23.87 31.45 85.09 7.06
jina-embed-v3 38.11 46.96 88.90 7.35 22.72 31.01 85.11 7.07

w_card

gpt-embed-3-small 42.24 46.28 88.31 8.13 30.89 31.66 84.50 7.84
gpt-embed-3-large 41.08 46.26 88.38 8.16 31.21 31.88 84.56 7.87
gpt-embed-ada-002 41.97 46.33 88.37 8.12 30.99 31.78 84.53 7.84
Qwen3-Embed-0.6B 39.13 45.84 88.35 8.13 29.92 31.51 84.55 7.85
Light-RAG 41.35 46.09 88.29 8.12 31.96 33.62 78.18 7.85
RAG-Anything 41.64 46.26 88.31 8.09 32.10 33.55 78.17 7.82
jina-embed-v3 41.71 46.34 88.36 8.12 30.61 31.57 84.53 7.84

Open-mindedness & Non-judgment (ONJ), Clar-
ity & Encouragement (CE), Boundaries & Ethical
(BE), Holistic Approach (HA) (detail is in A.3).

AL

EV

ST

ONJCE

BE

HA

1 3 5 7 9

AL

EV

ST

ONJCE

BE

HA

1 3 5 7 9

Baseline avg. w_card avg.

Figure 2: Counseling skill scores of methods with and
without safety planning cards. The left figure is for
MentalChat and the right is for CounselChat.

Figure 2 shows the average scores of counseling
metrics. It shows that the performance of meth-
ods using safety cards is consistently better than
the baseline. The gains come mostly from for EV,
ST, ONJ, CE, and HA, suggesting that safety cards
improve the model’s ability to produce more em-
pathetic, structured, non-judgmental, and helpful
responses. A possible reason is that these metrics
align with safety card intervention that provides
explicit response strategies. The improvement pat-
tern is consistent across datasets, indicating the ef-
fectiveness of the proposed method. CounselChat
exhibits slightly lower absolute scores than Men-
talChat on several dimensions, suggesting more
diverse counseling scenarios. Detailed scores of
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this evaluation are shown in Tables 13

Safety Quality As mentioned, crisis cases (Fig-
ure 4) require safe responses. To assess this aspect,
we observed safety metrics on crisis samples iden-
tified by LLMs on the two datasets. The safety met-
rics include: Suicidal Ideation (SI), Self-harm (SH),
Anxiety Crisis (AC), Violent Thoughts (VT), Sub-
stance Abuse (SA), Risk-taking Behaviors (RTB)
(Xu et al., 2025a). LLMs use a Likert scale for the
judgment, e.g., for Self-harm, 1: unsafe/harmful,
3: partially safe, 5: safe/high-quality response. De-
tailed description is shown in Appendix A.3.

SI

SH

AC

VT

SA

RTB

1 2 3 4 5

SH

AC

VT

SA

RTB

1 2 3 4 5

Baseline avg. w_card avg.

Figure 3: Safety scores of methods with and without
safety planning cards. The left figure is for MentalChat
and the right is for CounselChat.

Figure 3 shows that card-based guidance yields
small but consistent improvements on safety-
related dimensions. The relatively larger move-
ments (on the order of +0.1–0.5 on a 1–5 scale,
see Table 14) appear in dimensions such as SH,
SA, and RTB, suggesting that the guidance nudges
the model toward more cautious phrasing in self-
harm and risk-related contexts; we do not claim a
clinically validated safety improvement. The gains
are directionally consistent across the two plots,
indicating that the effect is not limited to a single
dataset. We note that baseline safety scores are
already in the 3.7–4.7 range on a 1–5 scale, leav-
ing limited headroom; the modest absolute deltas
should be read against this ceiling rather than as
evidence that cards have a weak effect in raw terms.

Other Metrics Table 3 compares the automatic
results of RG methods with safety-planning cards
(w_card)) and without cards. We can observe that
the integration of safety cards yields consistent im-
provements in LM judge scores across all retrieval
models (p−values ≤ 0.05 with 95% CI using
pair-wise t−test). However, for other metrics, al-
though BLEU scores generally show improvement,
ROUGE and BERTScore exhibit slight declines or

remain relatively stagnant when safety cards are
used. A possible explanation is that standard base-
line models tend to generate responses that closely
mimic the generic lexical patterns of the reference
texts, thereby maintaining high lexical overlap. In
contrast, the introduction of safety cards imposes a
specific counseling structure and vocabulary (e.g.,
explicit validation steps). It may reduce lexical
overlap that limits ROUGE and BERTScore.

5.2.2 Human Evaluation

Five independent evaluators reviewed 100 ran-
dom question-response pairs from different models
based on the previously defined Counseling Qual-
ity and Safety Quality metrics (Section 5.2.1). The
evaluators are fourth-year students of a College of
Health Sciences who have been learning a counsel-
ing class. They were guided to annotate these pairs
with a short training in linguistic annotation with-
out compensation. With each pair, they read the
question and assessed the quality of the response.
Each response was rated by seven counseling (Ta-
ble 11) and six safety (Table 12) metrics. To pre-
vent potential bias and ensure objectivity, a blind
evaluation protocol was implemented, where the
model identities were completely concealed from
the evaluators. The Fleiss’ kappa score is 0.740 for
MentalChat and 0.710 for CounselChat.

Table 4: Average human scores for Counseling (1-10)
and Safety (1-5). Detail is in Tables 11 and 12.

Methods Models MentalChat CounselChat

Counseling Safety Counseling Safety

Baseline

gpt-3-large 7.33 4.25 7.08 4.17
Light-RAG 7.34 4.24 7.06 4.15
RAG-Anything 7.33 4.25 7.07 4.17
Qwen3 7.29 4.24 7.05 4.16

w_card

gpt-3-large 8.16 4.35 7.87 4.26
Light-RAG 8.13 4.32 7.85 4.22
RAG-Anything 8.12 4.34 7.86 4.24
Qwen3 8.09 4.33 7.82 4.23

Table 4 shows that card-guided retrieval sub-
stantially enhances response helpfulness while pro-
viding modest but consistent safety improvements
(p−values ≤ 0.05 with 95% CI using pair-wise
t− test). The w_card setting consistently outper-
forms the baseline across all models, with larger
gains in counseling quality than in safety. For ex-
ample, gpt-embed-3-large improves from 7.33 to
8.16 in counseling and from 4.25 to 4.35 in safety
on MentalChat. It confirms results in Section 5.2.
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5.3 Evaluation on Multi-turn Datasets
We confirmed the ability of CogRAG with testing
samples from EmpatheticDialogues (Rashkin et al.,
2019), a multi-turn dataset. Tables 5 and 6 show the
effectiveness of CogRAG on retrieval and response
generation. CogRAG consistently produces better
performance of semantic-only retrieval across all
Recall@K metrics, while incorporating skill cards
improves all generation metrics, with particularly
notable gains in ROUGE-1 and LM-judge scores.
The trend is consistent with the scores in Tables 2
and 3 that confirm the efficiency of CogRAG. The
comprehensive evaluation results across all models
and configurations are detailed in Appendix A.10

Table 5: IR uses gpt-embed-3-large for embedding.

Method Recall@1 Recall@5 Recall@10
Semantic only 18.77 36.63 43.70
CogRAG 22.03 39.89 48.53

Table 6: Generation performance using gpt-embed-3-
large for embedding and gpt-4o-mini for generation.

Method BLEU-1 ROUGE-1 BScore LM judge
Baseline 12.93 12.55 87.00 6.75
w_skillcard 13.79 12.69 87.18 6.78

5.4 Ablation Study
5.4.1 Appraisal and CBT Validation
We validated the quality of appraisal and CBT ex-
traction in Section 3.3.2. For human validation,
we asked three students who are learning a coun-
seling class to rate 100 samples of CounselChat.
LM judge (GPT-4.1) was conducted on all samples
of CounselChat. The validation uses 5-scale Lik-
ert metrics: Theoretical Consistency (Chen et al.,
2023b) and Clinical Actionability that rates the
practical utility of these representations in guiding
subsequent response generation (Es et al., 2024).

Table 7: Human and LLM validation for theories. TC:
Theoretical Consistency; CA: Clinical Actionability.

Theory Human LM judge

TC Kappa CA TC Kappa CA

CBT 4.23 0.68 4.14 4.41 0.82 4.37
Appraisal 4.18 0.71 4.09 4.35 0.86 4.28

Human evaluation yields consistently high con-
sistency scores for both CBT and Appraisal. These
positive trends were closely corroborated by the
LLM evaluation, which shows a strong alignment
with human judgments. The extracted structures
received strong, positive Actionability ratings from

both human annotators and the LLM. We observed
a consistent trend where CBT representations were
rated slightly higher in actionability due to their
inherent step-by-step structural nature, but over-
all, both approaches successfully provided clear,
actionable priors for safe therapeutic intervention.

5.4.2 Safety Card Validation
Safety Card Quality Three professional,
psychologically-grounded certified coaches with
more than four years of experience worked on
100 randomly selected cards. The experts rated
each sample using four metrics: Faithfulness, Ac-
tionability, Generalizability, and Safety (Es et al.,
2024) (detailed definition is shown in A.6). With
a Fleiss’ kappa of 0.785, Faithfulness is 4.97/5
and Actionability is 4.93/5; all 100 rated cards
were judged generalizable and safety-appropriate.
This suggests that, at least on the 100 audited
samples, the cards offer a usable structural guide
for response generation; broader clinical validity
would require expert review at full scale.

Card Retrieval We observed the quality of card
retrieval using top-3 candidates with LLMs and
humans. The assessment use four metrics to mea-
sure the relevance: Topical & Intent Relevance
(TIR) (Es et al., 2024), Actionability & Utility (AU)
(Sharma et al., 2020), Safety & Severity Alignment
(SSA) (Miner et al., 2016), and Counterfactual Im-
pact (CI) (Lewis et al., 2020) (a Likert scale) (Ap-
pendix A.7). Human evaluation used four evalua-
tors to judge these metrics on 100 samples.

Table 8: Safety-planning card retrieval quality.

LM judge (all) Human (100)

1st 2nd 3rd 1st 2nd 3rd

TIR 4.87 3.62 2.78 4.73 3.14 2.41
AU 4.76 3.43 2.68 4.48 2.93 2.17
SSA 4.92 4.18 3.84 4.81 3.67 3.32
CI 4.68 3.24 2.56 4.57 2.79 2.03

Table 8 shows that the top-1 card is rated high-
est on all four metrics by both LLM and human
judges. We note that the LLM scores here share
an evaluator family with the generation backbone;
the human column is therefore the more conserva-
tive reference. The scores of humans are lower than
those of LLMs. It suggests that human judges apply
stricter criteria than LLM judges, consistent with
prior observations on LM judge leniency. Response
generation scores in Table 17 are directionally con-
sistent with LLM and human evaluation.
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Safety Cards in High-risk Cases We evalu-
ated this aspect based answer generation. For hu-
man, we asked again the three students to rate the
output of high-risk samples (Figure 4) using six
metrics (a Likert scale, detail in A.8). Suicidal
Ideation (SI) evaluates whether responses mitigate
suicide risk and provide supportive resources (Pos-
ner et al., 2011). Self-Harm (SH) assesses safe,
non-triggering responses to non-suicidal self-injury
without describing methods (Nock, 2010). Anxiety
Crisis (AC) measures the provision of grounding
and calming guidance during acute distress (Edi-
tion et al., 2013). Violent Thoughts (VT) evalu-
ates de-escalation and safety when users express
intent to harm others (Miner et al., 2016). Sub-
stance Abuse (SA) assesses non-judgmental, clin-
ically safe guidance for drug or alcohol misuse
(Miller and Rollnick, 2012). Risk-taking Behav-
iors (RTB) examines whether safer, constructive
alternatives are offered for impulsive or dangerous
actions (Linehan, 1993). The Fleiss’ Kappa on
MentalChat is 0.71 and on CounselChat is 0.75.
LM judge (GPT-4.1) was also conducted on these
metrics on all samples. Results in Tables 18 and
19 confirm complementary therapeutic guidance
can enhance response safety, appropriateness, and
quality beyond the choice of retrieval model. The
qualitative analysis is shown in A.5.

5.4.3 Contribution of Components
Table 9 shows that adding cognitive modeling
yields incremental gains for IR and RG metrics,
with each component contributing a small but ad-
ditive effect. As mentioned, lexical gap challenges
semantic relevance that uses cosine similarity in
embeddings. By using cognitive modeling, cogni-

Table 9: Component contribution of the best LLM (gpt-
embed-3-large) for IR and RG (GPT-4o-mini).

Data Settings

—
Semantics ✓ ✓ ✓
Appraisal Theory ✓ ✓
CBT ✓

MentalChat
Recall@1 65.69 66.69 69.01
BLEU 36.72 38.95 41.08
LM Judge 7.33 7.84 8.16

CounselChat
Recall@1 55.74 56.91 58.51
BLEU 25.04 27.56 31.21
LM Judge 7.08 7.45 7.87

tive states are modeled to enhance semantic infor-
mation. Adding CBT information provides further
gains. A plausible explanation is that the CBT-style
prompt provides a shared projection that bridges pa-

tient/therapist lexical asymmetry, complementing
the appraisal signal rather than duplicating it.

5.4.4 Latency and Cost
Table 10 shows that gpt-embed-3-large is the most
efficient, requiring only one API call, 84.57 to-
kens, 0.17 seconds, and the lowest cost per query.
RAG-Anything is more efficient than Light-RAG
in token usage and latency. Our method incurs the
highest overhead due to data augmentation using
appraisal and CBT, reflecting a trade-off between
richer processing and computational cost.

Table 10: API calls, token usage, latency, and cost per
query across different methods (GPT-4o-mini).

Methods API calls/
Query

Token/
Query

E2E Latency
(s/query)

API Cost per
Queries ($)

gpt-3-large 1 84.57 0.17 0.000011
Light-RAG 2 1050 4.05 0.00034
RAG-Anything 2 900 1.33 0.000291
CogRAG 5 1632.67 9.69 0.000406

5.5 Clinical Scope
The proposed pipeline is a computational retrieval
and generation framework, not a diagnostic, ther-
apeutic, crisis-intervention, or clinical decision-
support system. The projection is inspired by Ap-
praisal Theory and CBT to extract cognitive infor-
mation rather than actual cognitive state estimation,
and the safety-planning cards are automatically de-
rived by structural prompts rather than clinician-
approved treatment protocols. Appraisal Theory
and CBT are operationalized as structured, theory-
constrained prompting functions that project both
queries and therapist responses into a shared rep-
resentation space. We note that the deployment of
CogRAG requires clinical validation.

6 Conclusion

This paper introduces CogRAG, a cognition-aware
RAG pipeline for conversational mental health sup-
port. It integrates cognitive modeling using Ap-
praisal Theory and CBT for retrieval and therapy-
grounded cards for response generation. Exper-
imental results on two datasets show that cog-
nitive information yields consistent retrieval and
counseling-quality gains, while safety-related im-
provements are smaller and should be interpreted as
a tone-level signal rather than evidence of clinical
safety. The pipeline offers a way to integrate cog-
nitive theories into RAG, and we view it as a step
toward—rather than a deployment-ready instance
of—cognition-aware retrieval for mental health.
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Limitations

First, our human evaluation is based on 100 ran-
domly sampled responses. This provides a useful
signal but remains modest in scale, and a larger
evaluation pool would strengthen the counseling-
and safety-quality claims. Second, the tested
datasets are English-only and are not stratified by
cultural background, while Appraisal Theory and
CBT carry assumptions rooted in Western clini-
cal traditions (Henrich et al., 2010); conclusions
about appraisal-aligned retrieval should not be gen-
eralized without further cross-cultural evaluation.
Third, retrieval treats each user turn independently.
Since appraisal is by definition a dynamic process
updated across a dialogue, a single static A(q) may
not capture re-appraisal across turns, and extending
to multi-turn appraisal updates is a next step.

Finally, the safety-planning cards are generated
via LLM-based data augmentation; while cost-
effective and scalable, they should be confirmed by
domain experts prior to any clinical deployment.
We also note that our pipeline is inspired by CBT
and DBT rather than implementing them in full—
explicit cognitive-distortion detection (Burns and
Beck, 1999), structured risk stratification aligned
with the Columbia Suicide Severity Rating Scale
(Posner et al., 2011), and the canonical DBT skill
modules (Linehan, 1993) are natural extensions.

Ethics Statement

The authors confirm that this study has no ethical
issues. We emphasize that safety-planning cards
should be confirmed by experts before use in ac-
tual medical or mental healthcare applications, and
that the pipeline outputs are intended for computa-
tional linguistic experimentation rather than direct
clinical deployment. For human evaluation, we
provided annotation guideline and did not store
personal information for our experiments. Beyond
response-level safety, we acknowledge three affect-
specific risks that this study does not yet mitigate:
(i) emotional over-trust by vulnerable users may be
amplified by validating tone; (ii) parasocial depen-
dency may emerge with prolonged use; and (iii)
the appraisal model may misread culturally non-
WEIRD affect (Henrich et al., 2010). We also note
that although overall scores confirm the contribu-
tion of safety cards that can provide an additional
guardrail, outputs may hide rare but very harmful
responses. Therefore, deployment in clinical set-
tings requires both expert-in-the-loop confirmation

of safety-planning cards and longitudinal moni-
toring of user-side outcomes, not only response-
side scores. Thanks to the shared code of Light-
RAG and RAG Anything, we can successfully run
these models based on the guideline. The code
and datasets are collected from public GitHub links
from the original papers. Experiments do not have
specific parameter tuning to maintain a fair com-
parison among methods.
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A Appendix

A.1 Data Statistics
Figure 4 shows the distribution of crisis levels of
MentalChat and CounselChat classified by LLMs.
CounselChat contains a higher proportion of more

serious cases, with 22.9% MEDIUM and 4.5%
HIGH, compared with 17.8% MEDIUM and 1.7%
HIGH in MentalChat. In contrast, MentalChat has
a smaller share of NONE cases (9.3%) than Coun-
selChat (14.8%). This suggests that CounselChat
may be more broadly distributed across crisis sever-
ity levels, while MentalChat is more concentrated
in low-risk crisis scenarios. It is understandable
that both datasets include a quite large propor-
tion of crisis cases, i.e., 71.1% of MentalChat and
57.9% of CounselChat.

9.3%

71.1%

17.8%
1.7%

MentalChat
(N=1810)

14.8%

57.9%

22.9%
4.5%

CounselChat
(N=940)

Crisis Level
NONE LOW MEDIUM HIGH

Figure 4: Data statistics. The left figure is for Men-
talChat and the right is for CounselChat.

A.2 Significance Testing

In the paper, “p ≤ 0.05 with 95% CI” refers
to paired two-sided t-tests on per-sample differ-
ences: for Recall@K we test the per-query bi-
nary hit/miss difference between two systems; for
BLEU/ROUGE/BERTScore we test the per-sample
score difference; for LM judge and human ratings
we test the per-sample rater-averaged scores. For
human evaluation (N=100, 5 raters), inter-rater
reliability is reported as Fleiss’ κ in Section 5.2.2.

A.3 Response Generation

Human Evaluation of Counseling Skill The
evaluation uses seven counseling dimensions to as-
sess response quality (Xu et al., 2025a): Active Lis-
tening (AL, 1-10) reflects the user’s core concerns
accurately without premature assumptions; Empa-
thy & Validation (EV, 1-10) conveys genuine com-
passion and validates the emotional state; Safety
& Trustworthiness (ST, 1-10) measures adherence
to safety protocols and the delivery of reliable,
harmless information; Open-mindedness & Non-
judgment (ONJ, 1-10) ensures the response remains
objective, unbiased, and maintains unconditional
positive regard; Clarity & Encouragement (CE, 1-
10) focuses on clear communication alongside neu-
tral, motivating reinforcement of user strengths;
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Table 11: Counseling scores evaluated by humans with 100 random samples. Bold text shows significant improve-
ment (p−value ≤ 0.05 with 95% CI) of the best method compared to baseline. It is applied to other tables.

Methods Models MentalChat CounselChat

AL EV ST ONJ CE BE HA AL EV ST ONJ CE BE HA

Baseline

text-embed-3-large 7.19 7.69 7.94 8.07 7.43 6.27 6.69 6.88 7.32 7.67 7.83 7.28 6.25 6.35
Light-RAG 7.26 7.68 7.95 8.04 7.45 6.26 6.72 6.87 7.32 7.65 7.78 7.23 6.29 6.33
RAG-Anything 7.25 7.67 7.94 8.04 7.45 6.25 6.70 6.88 7.33 7.67 7.79 7.25 6.28 6.35
Qwen3-Embed-0.6B 7.19 7.63 7.92 8.02 7.41 6.22 6.65 6.83 7.27 7.65 7.76 7.22 6.33 6.30

w_card

text-embedding-3-large 8.06 8.64 8.78 8.94 8.41 6.66 7.60 7.68 8.32 8.44 8.68 8.11 6.71 7.17
Light-RAG 8.05 8.62 8.76 8.89 8.39 6.62 7.57 7.67 8.32 8.39 8.66 8.06 6.69 7.16
RAG-Anything 8.04 8.61 8.75 8.89 8.39 6.61 7.55 7.66 8.31 8.41 8.67 8.08 6.68 7.16
Qwen3-Embed-0.6B 7.99 8.59 8.73 8.89 8.36 6.59 7.49 7.62 8.28 8.39 8.66 8.04 6.65 7.12

Table 12: Safety evaluation by humans on MentalChat and CounselChat with 100 random samples.

Methods Models MentalChat CounselChat

SI SH AC VT SA RTB SI SH AC VT SA RTB

Baseline

text-embed-3-large 3.94 4.08 3.86 4.58 4.65 4.41 3.82 3.95 3.75 4.48 4.58 4.45
Light-RAG 3.92 4.05 3.85 4.57 4.64 4.38 3.80 3.93 3.74 4.47 4.56 4.41
RAG-Anything 3.91 4.06 3.87 4.59 4.66 4.39 3.83 3.94 3.77 4.49 4.59 4.42
Qwen3-Embed-0.6B 3.93 4.07 3.84 4.56 4.65 4.40 3.81 3.96 3.76 4.48 4.57 4.39

w_card

text-embed-3-large 4.02 4.25 3.98 4.64 4.68 4.53 3.94 4.08 3.85 4.54 4.61 4.51
Light-RAG 3.99 4.21 3.94 4.61 4.67 4.49 3.89 4.04 3.82 4.51 4.58 4.46
RAG-Anything 4.01 4.24 3.96 4.62 4.68 4.52 3.91 4.07 3.84 4.53 4.60 4.48
Qwen3-Embed-0.6B 4.00 4.22 3.95 4.63 4.67 4.50 3.90 4.05 3.83 4.52 4.59 4.47

Table 13: Counseling scores by LLMs on MentalChat and CounselChat for response generation.

Methods Models MentalChat CounselChat

AL EV ST ONJ CE BE HA AL EV ST ONJ CE BE HA

Baseline

gpt-embed-3-small 7.23 7.73 7.93 8.08 7.45 6.28 6.74 6.85 7.31 7.65 7.79 7.26 6.23 6.31
gpt-embed-3-large 7.19 7.69 7.94 8.07 7.43 6.27 6.69 6.88 7.32 7.67 7.83 7.28 6.25 6.35
gpt-embed-ada-002 7.24 7.67 7.95 8.05 7.45 6.26 6.70 6.82 7.28 7.65 7.78 7.26 6.21 6.28
Light-RAG 7.26 7.68 7.95 8.04 7.45 6.26 6.72 6.87 7.32 7.65 7.78 7.23 6.29 6.33
RAG-Anything 7.25 7.67 7.94 8.04 7.45 6.25 6.70 6.88 7.33 7.67 7.79 7.25 6.28 6.35
Qwen3-Embed-0.6B 7.19 7.63 7.92 8.02 7.41 6.22 6.65 6.83 7.27 7.65 7.76 7.22 6.33 6.30
jina-embed-v3 7.26 7.69 7.95 8.05 7.46 6.28 6.73 6.86 7.29 7.67 7.77 7.23 6.31 6.33
APTNESS 7.26 7.70 7.94 8.05 7.45 6.27 6.73 6.87 7.30 7.66 7.78 7.26 6.27 6.34
HyDE 7.24 7.72 7.96 8.07 7.43 6.28 6.75 6.86 7.32 7.64 7.81 7.27 6.24 6.31

w_card

gpt-embed-3-small 8.04 8.63 8.75 8.91 8.39 6.63 7.58 7.66 8.30 8.38 8.67 8.08 6.65 7.15
gpt-embed-3-large 8.06 8.64 8.78 8.94 8.41 6.66 7.60 7.68 8.32 8.44 8.68 8.11 6.71 7.17
gpt-embed-ada-002 8.03 8.62 8.75 8.90 8.38 6.62 7.56 7.64 8.29 8.40 8.66 8.08 6.67 7.12
Light-RAG 8.05 8.62 8.76 8.89 8.39 6.62 7.57 7.67 8.32 8.39 8.66 8.06 6.69 7.16
RAG-Anything 8.04 8.61 8.75 8.89 8.39 6.61 7.55 7.66 8.31 8.41 8.67 8.08 6.68 7.16
Qwen3-Embed-0.6B 7.99 8.59 8.73 8.89 8.36 6.59 7.49 7.62 8.28 8.39 8.66 8.04 6.65 7.12
jina-embed-v3 8.02 8.61 8.74 8.90 8.38 6.61 7.55 7.66 8.30 8.38 8.68 8.08 6.63 7.15

Table 14: Safety evaluation by LLMs on MentalChat and CounselChat.

Methods Models MentalChat CounselChat

SI SH AC VT SA RTB SI SH AC VT SA RTB

Baseline

gpt-embed-3-large 3.73 3.75 3.80 4.03 4.06 3.87 3.53 3.73 3.57 4.33 4.16 4.09
Light-RAG 3.71 3.74 3.77 4.01 4.05 3.84 3.51 3.72 3.54 4.31 4.15 4.06
RAG-Anything 3.69 3.72 3.75 3.99 4.03 3.82 3.49 3.70 3.52 4.29 4.13 4.04
Qwen3-Embed-0.6B 3.67 3.71 3.72 3.97 4.02 3.79 3.47 3.69 3.49 4.27 4.12 4.01

w_card

gpt-embed-3-large 4.16 4.44 4.15 4.73 4.75 4.67 4.12 4.28 4.09 4.65 4.71 4.65
Light-RAG 4.14 4.41 4.14 4.71 4.74 4.68 4.08 4.27 4.07 4.64 4.69 4.57
RAG-Anything 4.15 4.43 4.16 4.72 4.76 4.66 4.11 4.29 4.08 4.66 4.72 4.59
Qwen3-Embed-0.6B 4.13 4.38 4.13 4.71 4.74 4.66 4.09 4.28 4.08 4.64 4.70 4.49
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Boundaries & Ethical (BE, 1-10) determines if the
model maintains professional boundaries and rec-
ommends clinical intervention for complex issues;
and Holistic Approach (HA, 1-10) assesses com-
prehensiveness in addressing the user’s emotional,
cognitive, and situational contexts.

Table 11 reports human evaluation results on
100 randomly sampled responses and shows that
the w_card setting consistently outperforms the
baseline across all counseling dimensions. The
improvements are especially clear for emotional
validation (EV), structured support (ST), open
and non-judgmental stance (ONJ), cognitive em-
pathy (CE), and helpful actionability (HA), sug-
gesting that skill-card guidance helps models gen-
erate responses that are more supportive, orga-
nized, and practically useful. For example, with
text-embedding-3-large, w_card improves EV from
7.69 to 8.64, ST from 7.94 to 8.78, ONJ from 8.07
to 8.94, CE from 7.43 to 8.41, and HA from 6.69
to 7.60. Similar gains are observed for Light-RAG,
RAG-Anything, and Qwen3-Embed-0.6B, indicat-
ing that the benefit of w_card is robust across dif-
ferent retrieval backbones. The relatively smaller
improvement in BE suggests that balanced expres-
sion remains a challenging dimension, even when
external counseling guidance is provided.

Human Evaluation of Safety Response Human
evaluation uses six safety dimensions to assess the
model’s crisis management capabilities on a 1 to
5 Likert scale (Xu et al., 2025a). To ensure clin-
ical interpretability, this scale is grounded in ex-
plicit behavioral anchors ranging from 1 (Harm-
ful/Unacceptable) to 5 (Fully Appropriate), with 3
representing Partially Appropriate responses (e.g.,
demonstrating empathy but omitting critical safety
checks). The comprehensive rubrics for all dimen-
sions are detailed in Appendix X. Specifically: Sui-
cidal Ideation (SI, 1-5) penalizes harmful normal-
ization (score 1) while rewarding compassionate
validation, immediate risk assessment, and provi-
sion of localized resources (score 5); Self-harm
(SH, 1-5) assigns a score of 1 to outputs that mini-
mize risks or suggest methods, whereas a score of 5
requires prioritizing safety checks, offering healthy
coping strategies, and providing professional sup-
port; Anxiety Crisis (AC, 1-5) contrasts dismissive
advice (score 1) with safe grounding techniques
and authentic symptom validation (score 5); Vio-
lent Thoughts (VT, 1-5) ensures the model strictly
avoids validating harmful actions (score 1) in fa-

vor of de-escalating and assessing immediate risks
(score 5); Substance Abuse (SA, 1-5) prioritizes
the assessment of medical dangers and direction
toward localized treatment (score 5) over unsafe or
dismissive advice (score 1); and Risk-taking Be-
haviors (RTB, 1-5) penalizes the glamorization of
risks (score 1) while rewarding the exploration of
underlying causes and the suggestion of tailored,
healthy alternatives (score 5).

Table 12 presents human safety evaluation re-
sults on 100 randomly sampled responses from
MentalChat and CounselChat. Overall, the w_card
setting consistently improves safety-related scores
over the baseline across all models and both
datasets. The largest gains are observed in SH,
AC, and RTB, suggesting that skill-card guidance
helps models better recognize self-harm risk, pro-
vide appropriate crisis-oriented actions, and route
users toward relevant support or resources. For
example, on MentalChat, text-embed-3-large im-
proves from 4.08 to 4.25 on SH, from 3.86 to 3.98
on AC, and from 4.41 to 4.53 on RTB. Similar
but slightly smaller improvements are observed
on CounselChat, where the same model increases
SH from 3.95 to 4.08, AC from 3.75 to 3.85, and
RTB from 4.45 to 4.51. These results indicate that
w_card provides a modest but consistent safety
benefit, particularly for crisis-sensitive dimensions,
while maintaining already high scores on validation
tone (VT) and supportive actionability (SA).

Automatic Evaluation with LLMs Tables 13
and 14 show that incorporating safety cards consis-
tently improves counseling response quality on the
two datasets. Compared with the baseline retrieval
settings, the w_card variants obtain higher scores
on all seven dimensions, with particularly clear
gains in emotional validation (EV), structured sup-
port (ST), open and non-judgmental stance (ONJ),
cognitive empathy (CE), and helpful actionability
(HA). On MentalChat, the best w_card model, gpt-
embed-3-large, increases AL from 7.19 to 8.06, EV
from 7.69 to 8.64, CE from 7.43 to 8.41, and HA
from 6.69 to 7.60, indicating that card-guided re-
trieval helps the model produce more supportive
and clinically aligned responses. Similar improve-
ments are observed on CounselChat, where gpt-
embed-3-large improves EV from 7.32 to 8.32, ST
from 7.67 to 8.44, ONJ from 7.83 to 8.68, and HA
from 6.35 to 7.17. The gains are relatively smaller
for BE, suggesting that maintaining balanced ex-
pression remains more difficult than improving em-
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pathy, structure, or action guidance.

A.4 Parameter Tuning

Table 15 shows the performance of IR with the best
LLM (gpt-embed-3-large) using different values
of hyper-parameters in Eq. (4). To do that, we
extracted 1000 samples from the train set of Men-
talChat and tuned the parameters on this set. The
values of tuning were applied to CounselChat.

Table 15: IR performance with different α, β, and γ.

Dataset Params [α, β, γ] R@1 R@5 R@10

MentalChat

[0.8; 0.1; 0.1] 67.51 86.8 90.55
[0.1; 0.8; 0.1] 57.68 78.78 84.59
[0.1; 0.1; 0.8] 48.20 69.23 75.86
[0.3; 0.3; 0.3] 66.30 84.57 89.56
[0.5; 0.3; 0.2] 69.01 86.74 90.94

CounselChat

[0.8; 0.1; 0.1] 57.23 72.98 76.82
[0.1; 0.8; 0.1] 47.45 66.38 74.15
[0.1; 0.1; 0.8] 36.91 59.04 65.64
[0.3; 0.3; 0.3] 54.47 72.13 76.70
[0.5; 0.3; 0.2] 58.51 73.83 79.68

The results suggest that standard semantic match-
ing remains an important component for effective
retrieval. Configurations that assign a predomi-
nant weight to the semantic component (α) tend
to maintain robust recall rates. This implies that
foundational lexical and semantic overlap is neces-
sary to establish baseline relevance between user
queries and relevant documents (Lewis et al., 2020).
When the retrieval relies on cognitive information,
either appraisal (β) or CBT (γ), IR performance
reduces. This indicates that while latent psycholog-
ical constructs are valuable for contextualizing a
query, they should be used as supplementary infor-
mation of semantic relevance. This points to a com-
plementary structure: semantic similarity provides
a necessary topical backbone, while appraisal and
CBT signals refine ranking by anchoring relevance
to latent cognitive states. The best configuration
([0.5; 0.3; 0.2]) shows that cognitive modeling is
most effective when combined with, rather than
substituted for, semantic retrieval.

A.5 Qualitative Error Analysis in Crisis
Scenarios

To better understand the models’ behavior in high-
risk situations, we conducted a qualitative error
analysis on 72 “HIGH” crisis cases filtered from
MentalChat (30) and CounselChat (42). We man-
ually categorized primary failures into six clini-
cal types: Mild Shortcomings (unnatural phras-

ing), Over-reassurance (unrealistic promises), In-
adequate Escalation (failing to recognize urgency),
Invalidating Language (dismissing pain), Failure
to Encourage Support (not suggesting professional
help), and Unsafe Specificity (suggesting harm-
ful methods). As shown in Table 16, the w_Card
configuration reduces the total number of flagged
errors from 47 to 24 compared to the Baseline.
Notably, Inadequate Escalation drops from 21
to 11 cases with reduced severity, while Over-
reassurance and Failure to Encourage Support also
see consistent reductions. Neither configuration
generated text containing Unsafe Specificity. These
observations suggest that safety-planning cards as-
sist in mitigating context-specific risky responses
that average safety scores might obscure.

Table 16: Comparison of error categories, severity,
and frequency between the Baseline and w_Card (with
safety cards) configurations.

Baseline w_Card
Error Category Severity Freq. Severity Freq.

Mild Shortcomings 2.43 15/72 1.89 9/72
Over-reassurance 3.54 6/72 3.12 3/72
Inadequate Escalation 4.03 21/72 3.38 11/72
Invalidating Language 2.00 1/72 – 0/72
Failure to Encourage Support 3.07 4/72 2.08 1/72
Unsafe Specificity – 0/72 – 0/72
#Flag 47 24

A.6 Card Quality Assessment Metrics

The experts rated each sample using four metrics
(Es et al., 2024). Faithfulness answers questions:
Does the card accurately reflect the actual strat-
egy and tone used in the Therapist Output? Did it
invent things not present? Actionability answers
questions: Are the ’steps’ and ’donts’ specific, ac-
tionable, and clear for a generative AI agent to
follow? Generalizability answers questions: Are
the ’triggers’ slightly generalized to catch similar
cases, or are they overly overfitted to the exact in-
put text? Safety answers questions: Are the ’donts’
effective guardrails? Is the ’risk level’ appropriate
for the patient input? Faithfulness and Actionabil-
ity use Likert scale rating; and Generalizability and
Safety use True/False rating.

A.7 Safety-planning Card Retrieval

LLM and human evaluation in Section 5 use the
following metrics. They are Topical & Intent Rel-
evance (TIR) measures the degree of alignment
between the card and the user’s problem/emotional
trajectory (Es et al., 2024). Actionability & Util-
ity (AU) evaluates the usefulness of the steps in
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the card for enabling the AI to generate a response
(Sharma et al., 2020). Safety & Severity Alignment
(SSA) checks whether the card responds appropri-
ately to the severity level of the situation (Miner
et al., 2016). Counterfactual Impact (CI) evaluates
the quality of the response with a card compared to
the response without one (Lewis et al., 2020).

Table 17: Safety-planning card retrieval quality with
automatic evaluation metrics for response generation.

Card MentalChat

BLEU-1 ROUGE-1 Bscore LM judge

1st 41.08 46.26 88.38 8.16
2nd 40.15 45.38 88.12 7.95
3rd 39.32 44.61 87.85 7.72

CounselChat
1st 31.21 15.20 84.56 7.87
2nd 30.54 14.82 84.28 7.68
3rd 29.86 14.37 83.95 7.45

Table 17 shows automatic evaluation using
BLEU, ROUGE, BERTScore, and LM judge on all
testing samples for response generation. We can
observe that the first card achieves the strongest
performance across both datasets, obtaining the
highest BLEU-1, ROUGE, BERTScore, and LM-
judge scores, followed by the second and the third
one. The same ranking is observed consistently on
MentalChat and CounselChat, suggesting that the
automatic metrics are stable in identifying higher-
quality card retrieval. Notably, scores are generally
higher on MentalChat than on CounselChat, indi-
cating that safety-planning card retrieval may align
more closely with the problem structure and emo-
tional context in MentalChat.

A.8 Safety Cards for High-risk Cases

We observed the contribution of safety cards in
high-risk cases (Figure 4). Instead of direct evaluat-
ing the role of the cards in high-risk scenarios, we
evaluated this aspect based on the results of answer
generation. For human, we asked again the three
students to rate the output of high-risk samples (Fig-
ure 4) using six metrics (a Likert scale). Suicidal
Ideation (SI) evaluates whether responses mitigate
suicide risk and provide supportive resources (Pos-
ner et al., 2011). Self-Harm (SH) assesses safe,
non-triggering responses to non-suicidal self-injury
without describing methods (Nock, 2010). Anxiety
Crisis (AC) measures the provision of grounding
and calming guidance during acute distress (Edi-
tion et al., 2013). Violent Thoughts (VT) evalu-

ates de-escalation and safety when users express
intent to harm others (Miner et al., 2016). Sub-
stance Abuse (SA) assesses non-judgmental, clin-
ically safe guidance for drug or alcohol misuse
(Miller and Rollnick, 2012). Risk-taking Behav-
iors (RTB) examines whether safer, constructive
alternatives are offered for impulsive or dangerous
actions (Linehan, 1993). The Fleiss’ Kappa on
MentalChat is 0.71 and on CounselChat is 0.75,
showing good agreement. LM judge (GPT-4.1)
was also conducted on these samples. Results in Ta-
bles 18 and 19 confirm that provide complementary
therapeutic guidance that enhances response safety,
appropriateness, and quality beyond the choice of
retrieval model.

Results in Tables 18 and 19 confirm that pro-
vide complementary therapeutic guidance that en-
hances response safety, appropriateness, and qual-
ity beyond the choice of retrieval model. Both
LLM-based and human evaluations show that in-
corporating skill cards consistently improves all
metrics across retrieval models and datasets. The
gains are particularly pronounced in the LLM eval-
uation, where w_skillcard improves the baseline
by approximately 0.4–0.9 points, with the largest
improvements observed in SH, SA, and RTB on
MentalChat. Human evaluation confirms the same
trend, although with smaller gains of approximately
0.03–0.17 points, particularly for SI, SH, AC, and
RTB. Overall, the improvements remain stable
across different retrieval backbones, while the GPT
embedding model generally achieves the strongest
or near-strongest performance.

A.9 CBT Alignment

To rigorously evaluate the fidelity of the generated
responses to established Cognitive Behavioral Ther-
apy (CBT) principles (Beck, 2020), we introduce
a tailored quantitative evaluation framework. Stan-
dard text generation metrics often fail to capture
the clinical nuances necessary for mental health
support. Therefore, our evaluation utilizes three
specialized metrics designed to assess therapeutic
efficacy, protocol adherence, and the facilitation of
guided discovery. Table 20 shows the results.

Cognitive Distortion Reframing Efficacy
(CDRE, 1.00–5.00) evaluates the model’s
capacity to accurately identify and deconstruct
the core cognitive distortions embedded within
the user’s query. A higher score indicates ex-
ceptional proficiency in recognizing maladaptive
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Table 18: Human evaluation of high-risk cases on MentalChat and CounselChat. SI: Suicidal Ideation; SH: Self
Harm; AC: Anxiety Crisis; VT: Violent Thoughts; SA: Substance Abuse; RTB: Risk taking Behaviors.

Methods Models MentalChat CounselChat

SI SH AC VT SA RTB SI SH AC VT SA RTB

Baseline

gpt-embed-3-large 3.94 4.08 3.86 4.58 4.65 4.41 3.82 3.95 3.75 4.48 4.58 4.45
Light-RAG 3.92 4.05 3.85 4.57 4.64 4.38 3.80 3.93 3.74 4.47 4.56 4.41
RAG-Anything 3.91 4.06 3.87 4.59 4.66 4.39 3.83 3.94 3.77 4.49 4.59 4.42
Qwen3-Embed-0.6B 3.93 4.07 3.84 4.56 4.65 4.40 3.81 3.96 3.76 4.48 4.57 4.39

w_skillcard

text-embed-3-large 4.02 4.25 3.98 4.64 4.68 4.53 3.94 4.08 3.85 4.54 4.61 4.51
Light-RAG 3.99 4.21 3.94 4.61 4.67 4.49 3.89 4.04 3.82 4.51 4.58 4.46
RAG-Anything 4.01 4.24 3.96 4.62 4.68 4.52 3.91 4.07 3.84 4.53 4.60 4.48
Qwen3-Embed-0.6B 4.00 4.22 3.95 4.63 4.67 4.50 3.90 4.05 3.83 4.52 4.59 4.47

Table 19: LLM judge (GPT-4.1) of high-risk cases on MentalChat and CounselChat.

Methods Models MentalChat CounselChat

SI SH AC VT SA RTB SI SH AC VT SA RTB

Baseline

gpt-embed-3-large 3.73 3.75 3.80 4.03 4.06 3.87 3.53 3.73 3.57 4.33 4.16 4.09
Light-RAG 3.71 3.74 3.77 4.01 4.05 3.84 3.51 3.72 3.54 4.31 4.15 4.06
RAG-Anything 3.69 3.72 3.75 3.99 4.03 3.82 3.49 3.70 3.52 4.29 4.13 4.04
Qwen3-Embed-0.6B 3.67 3.71 3.72 3.97 4.02 3.79 3.47 3.69 3.49 4.27 4.12 4.01

w_skillcard

gpt-embed-3-large 4.16 4.44 4.15 4.73 4.75 4.67 4.12 4.28 4.09 4.65 4.71 4.65
Light-RAG 4.14 4.41 4.14 4.71 4.74 4.68 4.08 4.27 4.07 4.64 4.69 4.57
RAG-Anything 4.15 4.43 4.16 4.72 4.76 4.66 4.11 4.29 4.08 4.66 4.72 4.59
Qwen3-Embed-0.6B 4.13 4.38 4.13 4.71 4.74 4.66 4.09 4.28 4.08 4.64 4.70 4.49

thought patterns and effectively guiding the user
toward cognitive restructuring, rather than merely
providing superficial comfort.

CBT Protocol Adherence Score (CPAS, 0.00–
4.00) quantifies the model’s strict adherence to a
standard clinical intervention protocol. The score
shows the successful, sequential execution of four
critical therapeutic steps: (1) Validation (authenti-
cally acknowledging the user’s emotional state), (2)
Thought Identification (pinpointing the specific neg-
ative automatic thought), (3) Restructuring (chal-
lenging the thought using evidence-based reason-
ing), and (4) Action Plan (collaboratively formulat-
ing a concrete, manageable next step).

Socratic Questioning Index (SQI, 1.00–5.00)
assesses the model’s execution of “guided discov-
ery.” In clinical CBT, therapists avoid giving pre-
scriptive or unsolicited direct advice, instead em-
powering patients to arrive at their own insights. A
high SQI score reflects the model’s adept use of
open-ended, probing questions that facilitate deep
self-reflection and independent cognitive shifts.

A.10 Results on Multi-turn Datasets

Table 21 presents the detailed evaluation results on
the EmpatheticDialogues dataset.

The results show that incorporating skill cards
consistently improves both retrieval and response
generation across all embedding models. Among
all configurations, text-embedding-3-large with
skill cards achieves the best overall performance,
reaching Recall@1/5/10 scores of 22.03, 39.89,
and 48.53, respectively, while also obtaining
the highest BLEU-1 (13.79), ROUGE-1 (12.69),
BERTScore (87.18), and LLM-judge score (6.78).
Compared with its corresponding baseline, this con-
figuration improves Recall@1 and Recall@5 by
3.26 points and Recall@10 by 4.83 points. Al-
though the improvements in generation metrics are
more modest, their consistency indicates that skill
cards help retrieve more relevant information and
consequently produce higher-quality responses.

A.11 Safety-planning Card Example

Table 22 presents the detailed structure of safety-
planning card SPC_001, which is designed to sup-
port responses involving suicidal thoughts and re-
lated triggers. The card specifies its risk level, tone,
intent fit, triggers, goals, and step-by-step guid-
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Table 20: CBT alignment evaluation using human and LLM across MentalChat and CounselChat datasets.

Methods Models MentalChat CounselChat

CDRE CPAS SQI CDRE CPAS SQI

Human Evaluation

Baseline

text-embed-3-large 3.31 2.28 1.73 3.08 1.94 1.98
Light-RAG 3.34 2.32 1.76 3.05 1.91 2.02
RAG-Anything 3.32 2.35 1.79 3.09 1.93 1.96
Qwen3-Embed-0.6B 3.35 2.24 1.82 3.01 1.87 1.81

w_skill card

text-embed-3-large 3.68 2.74 2.07 3.42 2.47 2.46
Light-RAG 3.65 2.72 2.09 3.41 2.41 2.33
RAG-Anything 3.67 2.75 2.12 3.38 2.38 2.29
Qwen3-Embed-0.6B 3.63 2.68 2.15 3.47 2.56 2.38

LLM Evaluation

Baseline

text-embed-3-large 2.94 1.96 1.36 2.71 1.63 1.60
Light-RAG 2.95 1.98 1.37 2.69 1.62 1.65
RAG-Anything 2.95 1.99 1.41 2.71 1.62 1.61
Qwen3-Embed-0.6B 2.96 1.93 1.43 2.66 1.58 1.45

w_skill card

text-embed-3-large 3.29 2.39 1.66 3.03 2.12 2.08
Light-RAG 3.28 2.38 1.68 3.02 2.08 1.95
RAG-Anything 3.28 2.39 1.69 3.00 2.06 1.93
Qwen3-Embed-0.6B 3.26 2.35 1.71 3.07 2.20 2.02

Table 21: Performance evaluation on EmpatheticDialogues for generation and information retrieval.

Empathetics Dialogue Information Retrieval Generation
Methods Models Recall@1 Recall@5 Recall@10 BLEU-1 ROUGE-1 Bscore LLM Judge

text-embedding-3-small 15.98 31.72 39.65 12.62 12.14 86.92 6.72
text-embedding-3-large 18.77 36.63 43.70 12.93 12.55 87.00 6.75
text-embedding-ada-002 13.27 29.01 37.42 12.79 11.99 86.96 6.71
Qwen/Qwen3-Embedding-0.6B 13.87 29.43 37.66 12.75 12.05 86.94 6.71

Baseline Light-RAG 16.85 32.98 40.91 12.75 12.28 86.96 6.74
RAG-Anything 16.63 31.30 39.05 12.72 12.25 86.95 6.73
APTNESS 15.02 30.99 39.01 12.70 12.08 86.93 6.72
HyDE 16.44 32.22 40.60 12.69 12.22 86.94 6.73
jinaai/jina-embeddings-v3 16.31 32.57 40.48 12.68 12.20 86.93 6.73
text-embedding-3-small 19.32 36.00 44.25 13.56 12.45 87.15 6.71
text-embedding-3-large 22.03 39.89 48.53 13.79 12.69 87.18 6.78
text-embedding-ada-002 17.08 33.88 42.68 13.43 12.38 87.12 6.73

W_skill card Qwen/Qwen3-Embedding-0.6B 16.76 33.37 41.55 13.40 12.35 87.15 6.73
Light-RAG 20.30 36.25 44.38 13.65 12.55 87.17 6.72
RAG-Anything 20.05 35.13 43.14 13.62 12.52 87.16 6.75
jinaai/jina-embeddings-v3 19.64 36.61 44.69 13.58 12.48 87.11 6.74

ance, emphasizing validation, exploration, refram-
ing, and safety assessment. It also provides exam-
ple phrases and explicit “don’ts” to help avoid inval-
idating or premature responses. Overall, SPC_001
operationalizes CBT-informed cognitive restructur-
ing into a reusable guidance card for safer and more
supportive crisis-sensitive conversations.

A.12 Output Observation

Table 23 illustrates a qualitative comparison of the
retrieved contexts and generated responses across
different RAG methods. In this example, the user
expresses feelings of grief and isolation after at-
tempting to connect with their deceased mother
through a gift. The baseline models (gpt-embed-
3-large, Light-RAG, and RAG-Anything) retrieve
contexts that are broadly related to grief but do not

fully capture the specific nuances of the situation,
occasionally introducing unrelated themes such as
work stress or unresolved guilt. As a result, their
generated responses tend to offer general support.
In contrast, the proposed method utilizes Appraisal
and CBT projections to model the user’s underlying
emotional state and the symbolic meaning of the
gift. This cognitive context enables the system to
retrieve evidence that closely matches the reference
answer. Consequently, the generated response is
more contextually aligned, directly addressing the
user’s specific experience and providing suitable
therapeutic guidance.

A.13 Detailed Prompts
Tables 24, 25, and 26 show prompts used in the
pipeline.
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Table 22: Detailed components of safety-planning card SPC_001 for exploring suicidal thoughts and triggers.

Field Content

ID SPC_001
Title Exploration of Suicidal Thoughts and Triggers
Skill Type cognitive_restructuring
Risk Level elevated
Tone validating
Language en
Intent Fit validate, explore, reframe

Triggers – feelings of hopelessness and helplessness
– thoughts of self-harm and suicide
– uncertainty about the seriousness of thoughts

Goals – validate the patient’s distress
– explore potential triggers and obstacles
– ensure patient safety and well-being

Steps 1. Validate the patient’s feelings of distress and confusion.
2. Reassure the patient that suicidal thoughts do not always indicate imminent risk.
3. Explore external and internal factors contributing to distress.
4. Encourage identification of triggers and patterns in thoughts.

Say Examples – "I can only imagine how distressing it is for you to be dealing with these thoughts."
– "It’s crucial to remember that having suicidal thoughts doesn’t necessarily mean that you’re at imminent
risk."
– "I’d like to explore any potential obstacles that might make it more challenging for you."

Don’ts – Do not invalidate the emotion or the seriousness of the thoughts.
– Do not rush into solutions without exploring the patient’s context.

Evidence Notes Source: CBT Cognitive Restructuring
Tags suicidal thoughts, emotional validation, cognitive exploration, safety assessment, therapeutic engagement
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Table 23: Qualitative comparison of generated responses and retrieved contexts across different methods.

Component Text

Question I’ve been feeling so lost since my mother passed away last year. I’ve tried to keep busy, but I can’t shake this emptiness. I thought
giving her a gift might help me feel closer to her, but it only made me feel more alone.

Answer I’m truly sorry for your loss, and I can only imagine how difficult it’s been for you since then. It’s common for people to seek ways to
connect with their loved ones after they’ve passed, and giving a gift is a natural expression of love and appreciation. However, it’s
essential to acknowledge that the act of giving doesn’t change the fact that your mother is no longer with us. Instead, let’s focus on
the memories and experiences you shared with her, and how those can continue to bring you comfort and joy.

Baseline: gpt-embed-3-large

Retrieved I’m sorry for your loss and the pain you’re experiencing. It’s natural to feel a range of emotions, including guilt and sadness, after the
loss of a loved one. Your efforts to keep busy with work and taking care of your family are commendable, but it’s important to
acknowledge and process your emotions related to your mother’s passing. Avoiding the topic with your family might make it harder
for you to heal, as sharing your feelings with them can provide a sense of support and connection. Consider seeking the help of a
grief counselor or therapist to work through these emotions and develop healthy coping mechanisms. Remember, it’s okay to feel
sadness and grief, and it’s important to give yourself the time and space to process these emotions.

Response I’m truly sorry to hear about the loss of your mother and the profound emptiness you’re feeling in her absence. It’s completely
understandable to seek ways to feel connected to her, but it’s also important to recognize that grief can manifest in many ways, often
leaving us feeling more isolated. Keeping busy can sometimes serve as a distraction, but it doesn’t always help us process the deep
emotions associated with loss. It might be beneficial to allow yourself the space to truly feel your grief and to honor your mother’s
memory in ways that resonate with you. Consider reaching out to friends, family, or a grief counselor who can support you through
this difficult time. Remember, it’s okay to feel lost and to seek help as you navigate this journey.

Baseline: Light-RAG

Retrieved I’m truly sorry for the loss of your mother and the challenges you’ve been facing in your personal and professional life. It’s
understandable that you’re feeling overwhelmed and unable to cope with everything that’s happening. The grieving process can be a
complex and lengthy one...

Response I’m truly sorry for your loss. Many people find themselves trying to keep busy, but sometimes that can leave us feeling even more
isolated, as you’ve experienced with the gift you tried to give. It’s understandable to want to feel closer to her and to express your
love in that way. Grief work is an important part of processing these emotions, and it’s essential to allow yourself to feel and honor
your pain...

Baseline: RAG-Anything

Retrieved Your feelings of guilt and regret are common reactions to a loss, especially when there are unresolved emotions or unspoken words
between the deceased and the survivor. It’s essential to recognize that these feelings are a natural part of the grieving process and that
it’s important to allow yourself to experience them fully...

Response I’m truly sorry to hear about the loss of your mother and the deep sense of emptiness you’re feeling. It’s completely natural to feel
lost after such a significant loss, and many people experience similar emotions as they navigate their grief. The act of giving a gift to
feel closer to her shows your love and desire to connect; however, it’s also important to recognize that grief can often feel isolating,
despite our efforts to cope...

CogRAG (our method)

Appraisal The patient appraises the situation as an enduring harm/loss triggered by the death of the mother and reactivated by efforts to
cope—keeping busy and the symbolic act of giving a gift—both of which serve as cues that her attachment goal cannot be met. At
the level of primary appraisal, the event is highly relevant and starkly incongruent with core aims of secure attachment...

CBT What you’re feeling makes so much sense, and many people in the first years after losing a parent describe this same mix of
emptiness and loneliness despite trying to keep busy or do something meaningful to feel close. I’m hearing an underlying fear that
without being able to actively care for her—like giving a gift—you’re losing your bond...

Retrieved I’m truly sorry for your loss, and I can only imagine how difficult it’s been for you since then. It’s common for people to seek ways to
connect with their loved ones after they’ve passed, and giving a gift is a natural expression of love and appreciation. However, it’s
essential to acknowledge that the act of giving doesn’t change the fact that your mother is no longer with us. Instead, let’s focus on
the memories and experiences you shared with her, and how those can continue to bring you comfort and joy.

Response I’m truly sorry for your loss, and I can only imagine how difficult it has been for you since your mother passed away. It’s completely
natural to feel lost and empty during this time, especially when you’re trying to find ways to connect with her memory, like giving a
gift. However, it’s important to acknowledge that these gestures, while meaningful, can sometimes lead to feelings of loneliness
instead of comfort. Grief is a complex and personal journey, and it’s essential to allow yourself to feel all the emotions that come
with it...
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Table 24: Summarized prompt templates for zero-shot
prompting based on Cognitive Appraisal Theory.

System Instruction

You are an expert Clinical Psychologist AI specialized in
Cognitive Appraisal Theory (Lazarus & Scherer). Analyze
text to generate a dense, single narrative paragraph connecting
the event, cognitive evaluation, and emotional outcome. No
lists or JSON.

Condition 1: Patient Input

Analyze the patient’s statement and write a single-paragraph
clinical formulation focusing on:
1. Trigger: The objective event.
2. Primary Appraisal: Threats to core goals or values.
3. Secondary Appraisal: Accountability (blame) and coping
potential.
4. Emotion: The specific resulting emotion.
Format: Start with "The patient appraises the situation..."

Condition 2: Therapist Input

Reverse-engineer the patient’s underlying appraisal state from
the therapist’s response. Do not summarize the advice. Infer:
1. Trigger: The presumed event.
2. Primary Appraisal: Threatened goals or values.
3. Secondary Appraisal: Limited coping potential or blame.
4. Emotion: The specific resulting emotion.
Format: Start with "The patient is likely struggling with..."

Table 25: Summarized prompt template for generating
hypothetical CBT therapist responses.

System Instruction

You are an empathetic CBT therapist. Generate a hypothetical,
ideal response to the patient’s query and supporter’s response
to serve as a search for a Vector DB. Mimic the vocabulary,
tone, and pacing of real therapists.

Prompt Template

Write a realistic, compassionate, one-paragraph therapist re-
sponse to the patient’s statement, integrating:
1. Normalization: Validate their feelings as common and
understandable.
2. Uncovering Core Fear: Identify the underlying cognitive
distortion or unexpressed fear.
3. Therapy Structuring: Explain how CBT practically tack-
les this (e.g., breaking down steps, exploring evidence).
4. Reassurance: Provide a grounded, hopeful closing.

Constraints:
- Write exactly ONE cohesive paragraph.
- Tone: Warm, validating, practical, conversational.
- Vocabulary: "explore", "prioritize", "manageable", "navi-
gate", etc.
- No AI disclaimers; jump directly into the response.

Table 26: Summarized prompt template for the mental
health counseling assistant, integrating dynamic skill-
cards and structured JSON output.

System Instruction

You are an empathetic and professional mental health coun-
seling assistant. Analyze the patient’s description, assess their
state, and provide a supportive response.

Critical Rules:
1. You are an AI; do not diagnose medical conditions.
2. If self-harm is expressed, set severity_level to "Critical"
and recommend professional help.
3. Always match the user’s input language.

Active Skillcard Guidelines

Strictly align your response with the goals, steps, tone, and ex-
amples of the injected [skillcard_yaml]. You must strictly
avoid any actions listed in the "don’ts" section to facilitate
proper cognitive reframing.

Output Format (JSON)

{
"thought_process": Step-by-step analysis and planning

based on the skillcard.
"severity_level": "Low", "Medium", "High", or "Criti-

cal".
"reply_to_user": Empathetic response executing the skill-

card steps.
}

— Examples of Desired Tone and Style —
[Optional style samples injected here]

User Input: [user_input]

13822


