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Abstract

Cognitive impairment is becoming a major public health chal-
lenge. Cognitive Stimulation Therapy (CST) is an effective
intervention for cognitive impairment, but traditional meth-
ods are difficult to scale, and existing digital systems strug-
gle with group dialogues and cognitive stimulation princi-
ples. While Large Language Models (LLMs) are powerful,
their application in this context faces key challenges: cog-
nitive stimulation dialogue paradigms, a lack of therapeutic
reasoning, and static-only user modeling. To address these is-
sues, we propose a principle-driven adaptive policy actualized
through a Group Cognitive Stimulation Dialogue (GCSD)
system. We first construct a dataset with over 500 hours of
real-world CST conversations and 10,000+ simulated dia-
logues generated via our Principle-Guided Scenario Simu-
lation strategy. Our GCSD system then integrates four core
modules to overcome LLM limitations: (i) a multi-speaker
context controller to resolve role confusion; (ii) dynamic par-
ticipant cognitive state modeling for personalized interaction;
(iii) a cognitive stimulation-focused attention loss to instill
cognitive stimulation reasoning; and (iv) a multi-dimensional
reward strategy to enhance response value. Experimental re-
sults demonstrate that GCSD significantly outperforms base-
line models across various evaluation metrics. Future work
will focus on long-term clinical validation to bridge the gap
between computational performance and clinical efficacy.

Introduction

As the global population ages, cognitive impairment has be-
come a significant public health challenge, affecting over
55 million people worldwide (Chib, Sharma, and Singh
2025). Cognitive stimulation therapy (Morley and Cruz-
Oliver 2014), particularly in group settings (Sun, Zhang,
and Wang 2022; Zhang et al. 2025), is an effective non-
pharmacological intervention that maintains or improves
cognitive function by fostering social interaction and collec-
tive reminiscence (Spector et al. 2003). Despite the proven
efficacy of CST, the previous models are constrained by a re-
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Figure 1: The construction of real and simulated datasets.

liance on professional therapists, fixed schedules, and physi-
cal locations, which makes them costly and difficult to scale.

Previous cognitive training systems have largely been
confined to rigid, question-and-answer formats, making
it difficult for them to generate natural, open-ended dia-
logue (Magyar et al. 2019; Hirose et al. 2020; Tokunaga,
Tamura, and Otake-Matsuura 2021; Kim et al. 2021). Due
to their limited model scales, they also lack the capacity to
learn and internalize the complex, multi-dimensional ther-
apeutic principles behind the 18 cognitive stimulation ther-
apy (Woods et al. 2006; Jiang et al. 2023a). Critically, these
systems are entirely incapable of handling complex interac-
tive scenarios such as multi-party dialogue, fundamentally
neglecting the core therapeutic elements of group therapy,
such as social interaction and peer support.

While large language models have brought revolutionary
breakthroughs in recent years (Jiang et al. 2025¢,b; Wang
et al. 2025; Jiang et al. 2025a), they still face three core chal-
lenges when applied to principle-driven multi-party/group
cognitive stimulation dialogue scenarios: (1) Mismatched
Dialogue Paradigm: The core architectures and training



paradigms of mainstream LLMs are predominantly designed
for dyadic (two-person) interactions, leading to issues such
as speaker confusion and context loss when handling multi-
party interactions. (2) Lack of Cognitive Stimulation Rea-
soning: As general-purpose models, they can generate flu-
ent and empathetic text, but they lack the deep, cognitive
stimulation-oriented reasoning and strategic guidance re-
quired by CST. (3) Static User State Modeling: Existing
LLMs struggle to dynamically and continuously model the
cognitive state of each elder, a capability that is crucial for
providing personalized and adaptive cognitive stimulation.

This paper introduces a principle-driven adaptive policy
designed to guide a dialogue system that simulates the cog-
nitive stimulation process of group cognitive stimulation,
and enables “anytime, anywhere” access to cognitive stim-
ulation through its digital implementation. To build such
a system, we first construct a Cantonese multi-party dia-
logue dataset by meticulously transcribing and reviewing
about 500 hours of real group cognitive stimulation video
recordings in collaboration with a third-party company (re-
sponsible for the data transcription and annotation). Subse-
quently, we design the Principle-Guided Scenario Simula-
tion (PGSS) strategy to generate extensive data. This dual-
data method serves two purposes: (1) It enriches the diver-
sity of training scenarios by covering specific themes and
interaction patterns that are sparse or absent in the real data.
(2) It allows the model to pre-learn foundational patterns,
enabling it to better grasp the basic framework and princi-
ples of multi-party cognitive stimulation dialogue.

Our key contributions are as follows:

* We construct a large-scale dataset with over 500 hours
of real-world Cantonese conversations and 10,000+
principle-guided simulated dialogues, providing a key re-
source for multi-party therapeutic dialogue research.

We introduce GCSD, a principle-driven adaptive pol-
icy for multi-party cognitive stimulation dialogues. It
integrates four core modules: a multi-speaker context
controller, dynamic participant state modeling, a cog-
nitive stimulation-focused attention loss, and a multi-
dimensional reward algorithm to align responses with
CST principles.

Extensive evaluations demonstrate that GCSD signifi-
cantly outperforms strong commercial and open-source
baselines across automatic and human metrics, confirm-
ing the effectiveness of our proposed framework.

Related Work
Cognitive Training Dialogue Systems

Recent advancements in dialogue systems have shifted from
task-oriented designs to open-domain chatbots powered by
LLMs (Lee et al. 2016; Mateos-Sanchez et al. 2022; Ni
et al. 2023; Sanchez Cuadrado et al. 2024). While significant
progress has been made in English-language systems (Yi
et al. 2024; Pan et al. 2025), Chinese dialogue systems have
also seen notable developments in general-purpose applica-
tions (Zhou et al. 2021; Gu et al. 2023). However, exist-
ing cognitive training dialogue systems often overlook the
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Categories | Num. (Real) | Num. (Stimulation)
TRAINING DATASET
Data Count 10,502 9,429
Total Tokens 407,699 295,902
Assistant Count 160,619 119,370
Assistant Tokens 1,644 119,511
Human/Elder Number 9 7
Total Avg Length 38.82 31.38
Assistant Avg Length 1.024 1.001
Human Avg Length 1.006 1.001
TESTING DATASET
Data Count 1,166 1,047
Total Tokens 45,848 32,862
Assistant Count 18,083 13,238
Assistant Tokens 18,515 13,262
Human/Elder Number 9 6
Total Avg Length 39.32 31.39
Assistant Avg Length 1.024 1.002
Human Avg Length 1.006 1.000

Table 1: Statistics of the multi-party cognitive stimulation
dialogue dataset.

unique needs of elderly users with cognitive impairment.
Current solutions, including robotic photo-based interac-
tions and metamemory therapy (Magyar et al. 2019; Hirose
et al. 2020; Tokunaga, Tamura, and Otake-Matsuura 2021;
Kim et al. 2021), provide limited cognitive stimulation. Al-
though recent work has introduced specialized datasets for
Chinese cognitive training (Jiang et al. 2023a), their effec-
tiveness remains constrained, particularly for low-resource
languages like Cantonese.

Data Construction
Real Data Construction

Cognitive stimulation therapy is an evidence-based, non-
pharmacological intervention for elders with mild to mod-
erate cognitive impairment (Morley and Cruz-Oliver 2014;
Zhang et al. 2025). It utilizes themed group sessions to en-
hance cognitive function, memory, and quality of life.

We process a dataset of about 500 hours of Cantonese
group cognitive stimulation video data. The data undergoes
manual transcription and annotation by a third-party com-
pany. To clean the spoken text, we apply rule-based process-
ing: (1) truncating text exceeding 1000 characters; (2) re-
moving special characters like [S] and [UNK]; (3) retaining
only the final symbol in a series of punctuation marks.

To construct multi-party dialogue data, we insert an [As-
sistant] token before each therapist’s utterance and a [Hu-
man_i] token (where “i” represents a unique individual) be-
fore each elder’s utterance. This process yields structured,

authentic multi-party cognitive stimulation dialogue data.



Simulated Data Construction - Principle-Guided
Scenario Simulation Strategy

To address the sparsity of specific themes and interaction
patterns in real-world data, and to enable the model to pre-
learn the foundational frameworks and cognitive stimulation
tenets of multi-party dialogue, we construct a large-scale
simulated dataset. For this purpose, we design and imple-
ment the principle-guided scenario simulation strategy to
generate high-quality dialogues using the GPT-40 API'.

The core of the PGSS strategy is the construction of a
detailed prompt, a process that follows these steps (the com-
plete prompt is provided in Appendix Prompt):

* Define Task and Output Format: We first define the
model’s generation task: to produce multi-party dia-
logues exceeding 30 turns. We specify that the output
must be a structured JSON object containing three fields:
turn, speaker, and dialogue, ensuring data consistency
and usability.

Establish Roles and Scenarios: We establish the par-
ticipant roles, comprising one therapist responsible for
facilitation and five to six patients with cognitive impair-
ments, each assigned a unique personal history and inter-
ests. The scenario is set in a well-equipped activity room
to support diverse interactions.

Provide Activities and Prompts: We provide a list of
common activity categories from CST (art creation, the-
matic discussion, etc.) and instruct the model to ran-
domly select from this list. In addition, we supply di-
alogue prompts for the opening, middle, and closing
phases of a session to guide the model in generating con-
versations that align with the cognitive stimulation flow.

Explicitly List Constraining Principles: The most crit-
ical step is that we explicitly list the 18 CST princi-
ples within the prompt (“Encourage new ideas”, “Value
opinions”, “Use reminiscence’’). We then require that the
model’s generation, particularly the therapist’s facilita-
tive utterances, must strictly adhere to these listed princi-
ples throughout the entire process.

The statistics of the real data and the simulated data (train-
ing and testing dataset) are presented in Table 1.

Methodology: GCSD
Overview

Figure 2 gives an overview of our principle-driven adap-
tive policy, which is instantiated by the GCSD system. This
policy is operationalized through four key stages: (1) multi-
party context control; (2) dynamic participant cognitive state
modeling; (3) cognitive stimulation-focused attention loss;
and (4) multi-reward policy optimization.

Multi-Party Context Control

Effectively managing speaker roles is a foundational re-
quirement for coherent multi-party dialogue. To enable

"https://openai.com/index/hello- gpt-4o/
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our model to learn the distinct characteristics of multi-
ple elders, we adopt an established data formatting ap-
proach by employing special tokens. Specifically, we use
[Assistant] to delineate utterances from the thera-
pist and [Human_i] ([Human_1], [Human_2]) for each
elder. For instance, a typical dialogue segment is struc-
tured as follows ([ | im_start | > is the start symbol, and
<|im_end| > is the end symbol):

-

N
<|im_start |> [Human_1] Mid-Autumn Festival

is coming, which reminds me of the mooncakes we
used to eat.

[Human_2] Yes, and we used to play with lanterns
when we were young. <|im_end|>

[Assistant] Both are wonderful memories. If
you had to choose one, which do you feel better rep-
resents the festival? <| im_end | >

[Human_2] I would choose the lanterns, be-
cause my whole family would make them together.
<|im_end|>

- J

This method ensures the model can accurately attribute
utterances to speaker, maintaining role consistency and con-
textual coherence. In addition, we adopt a two-stage training
strategy: first, continue training on the simulated dataset to
learn structured, principle-aligned dialogue flows via PGSS;
then, fine-tuning on real-world data to capture authentic lin-
guistic nuances and conversational dynamics.

Dynamic Participant Cognitive State Modeling

To overcome the static user state modeling limitations of
standard LLMs, the dynamic participant state modeling
module generates a dynamic soft prompt for each partici-
pant. This prompt, a continuous vector, is produced by a
compact neural network designed to distill complex user
state information (i.e., cognitive state, historical interac-
tions) into a concise representation. This network operates in
parallel to the dialogue model, dynamically modulating the
generation to achieve personalized and adaptive responses.

Soft Prompt Generation Network. The generator is an
efficient multi-layer perceptron (MLP) that takes a concate-
nated input vector X;,, comprising various user state fea-
tures. The network architecture is as follows:

 Input Layer: A linear layer transforms the input features
X, into a latent representation L1, followed by a GELU

activation (Hendrycks and Gimpel 2016).
L, = GELU(X;,W; + by) (1)

where W, € RPin*512_ D). is the dimension of the con-

catenated input features.

Hidden Layers: The attention block and the final pro-

jection can be written compactly in two balanced lines:

(L1Wq) (L WK)T)
Vg

(L1WV) Wy + bg)

Ly = GELU( softmax(
(2)
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Great idea! We can prepare the drawing materials immediately.
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Before we begin, do you know anything special about this spring?

The flowers are especially beautiful in spring, | have seen many
cherry blossoms before.
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[Assistant] [Cognitive Soft Token] Great idea! We can prepare the \
drawing materials immediately. Before we begin, do you know anything !
special about this spring? |
[Human_1] [Cognitive Soft Token| (The flowers are especially beautiful
in spring, I have seen many cherry blossoms before. :
[Human_2] [Cognitive Soft Token] (Yes, I remember going on picnics !
with my friends as a kid and the whole park was scented with flowers... /,/'
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Figure 2: This is an overview of the GCSD. On the left side is the data construction phase, which includes the workflows for both
real data and simulated data construction (principle-guided scenario simulation strategy), as well as an example shown at the
lower left. On the right side is the GCSD model phase, where the model first learns patterns and scenarios based on simulated
data, and then trains on real data. The model consists of four parts: multi-speaker context controller, dynamic participant
cognitive state modeling, cognitive stimulation-focused attention Loss, and multi-reward policy optimization.

where ) = LiWg, K = LiWg, V = LWy with
Wao, Wi, Wy € R12Xde (. = 512), and the output
layer parameters are Wo € R512%256 and b, € R256,

* Output Layer: A final linear layer produces the soft
prompt vector P € RPwomet where the dimension
Dprompe matches the main model’s embedding dimension
(i.e., 512). A tanh activation function bounds the output
values, enhancing training stability.

Psofl = tanh(LQWout + bout)
where Wy € RZ56% Drromnt,

Integration and Smoothing. The generated soft prompt
Pyoft 1s prepended to the input token embeddings of the main
Transformer-based dialogue model at each decoding step:

“

where Ejoken; are the learned embeddings of the input to-
kens. By treating Pioe as a “virtual token” embedding, it
influences the self-attention mechanisms, conditioning the
model’s output on the elder’s dynamically updated state.

To prevent erratic fluctuations in the prompt, which is crit-
ical when interacting with a vulnerable population, we apply
a temporal smoothness regularization term:

3

IHPUtTransformer = [P softs Etokem ; Etokeng; ey Etokenk]

&)

‘CSmoothness = ||Psoft,t - Psoft,t—l | ‘%
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This ensures that the personalized guidance evolves
smoothly over the course of the interaction.

Optimization Strategy

Our training process is divided into two core phases: (1)
Supervised Fine-Tuning (SFT), which teaches the model
to generate fluent, coherent, and therapeutically-focused re-
sponses; and (2) Policy Optimization, which further aligns
the model’s behavior with multi-dimensional cognitive stim-
ulation objectives using a reward-based algorithm.

Phase 1: Supervised Fine-Tuning with Cognitive
Stimulation-Focused Attention. In the supervised fine-
tuning phase, we optimize the model using a joint loss
function composed of three components:

1. Generation Loss (Lgen): This is the standard auto-
regressive cross-entropy loss, ensuring linguistic fluency and
contextual relevance (Radford et al. 2019; Yang et al. 2025).

N
Loen = — Z log P(yily<i,U)
i=1
where y; is the target token at step ¢, given the context &/ and
the preceding tokens y;. N is the total sequence length.
2. Cognitive Stimulation-Focused Attention Loss
(LcsrapL): To instill cognitive stimulation reasoning, we

(6)



Algorithm 1: GCSD Training Pipeline

1: Input: Datasets Diear, Dsimulatea; Base model M (6).
Hyperparams: SFT weights 71, 72, v3; MRPO group
size G, KL penalty /5.

3: Output: Optimized Ggyy).

4: procedure TRAINGCSD(Dxear, Dsimulateds 0)

5: Dspr + ProcessData(Dyea U Dgimulated)
6.
7
8

»

Dprompt +— ExtractPrompts(Dsgr)
QSFT — SFTJ’hase(DspT, (9)
: Gﬁnal — MRPOPhaSC(memPt, ospr)
9: return Ggp,
10: end procedure
11: procedure SFT_PHASE(Dsggr, 0)

12: Oser < 0, Psoft, prev < 0.

13: for batch (U,Y') € Dgpr do

14: Pyoti, curr < SoftPromptNet(UserFeatures(U))

15: Lsmooth — ||R0ft, curr — 47soft, prev”%

16: Logits, A +—
My (Concat( Py, curr, Embed(U)))

17: L <+ 71CrossEntropyLoss(Logits,Y) +
~oCalculateCSFAL( A, Keywords(Y")) -+ 3 Lsmooth

18: Update Ospr via V Loy

19: Psoft, prev < Psoft, curr

20: end for

21: return Ospr

22: end procedure
23: procedure MRPO_PHASE(Dprompt; Isrr)

24: Ty — Ospr; Mot <— frozen Ogpr.

25: for training step do

26: Sample g € Dprompt-

27: Generate {0;}5, ~ my(-|q).

28: Compute R; —
CompositeReward(o;, reference).

29: Compute advantage estimates {A; ;}.

30: Compute MRPO objective Jyvrpo(6).

31: Update 0 by ascending V Jyrpo (6).

32: end for

33: return 6

34: end procedure

design a loss to guide the model’s attention mechanism. We
first use a keyword extraction tool® to identify keywords
from the reference response. We then compute a weighted
mean squared error between the model’s attention weights
and a target distribution derived from these keywords.

M
1
LespaL = i ; Nj(aj —mn;)? @)

where M is the length of the token sequence; a; is the
model’s attention weight on token 5 (averaged across heads);
7; is the target attention score for token j. If the token is an
extracted keyword, n; > 0; otherwise, itis 0; \; is a saliency
weight, such as exp(x - n;), that amplifies the penalty for
critical items, where & is a tunable hyperparameter.

*https://github.com/ownthink/Jiagu

3. Smoothness Loss (Lsmoothness): This term, from the Dy-
namic Participant Cognitive State Modeling module, en-
sures the generated soft prompts evolve smoothly over time.

The joint loss (Lgsgr) for the supervised fine-tuning phase
is a weighted sum of these components:

Lser = Y1 * Lgen + Y2 * LcespaL + 73 * Lsmoothness  (8)

where 71,72, and 3 are hyperparameters that balance the
influence of each loss component.

Phase 2: Multi-Reward Policy Optimization (MRPO).
Following SFT, the model’s policy is further refined through
our multi-reward optimization framework, which is adapted
from the GRPO algorithm (Guo et al. 2025).

For each prompt ¢, we sample a group of G candidate out-
puts {01, ...,0¢c} from the current policy 7y. The objective
is to maximize the following function:

[oi]

a
1 1
Jyvrpo (6) :Eq,{oi} a E 7|0.‘ E
i=1 """

=t 9)
(We(ﬂqod Aiv — - KLum)]
0014 (Oi,t |Q7 0i,<t)

where flu is the advantage estimate, 7y , is the old pol-
icy (set to g in practice), and [ is a coefficient controlling
the KL penalty. The KL term regularizes the divergence be-
tween the policy 7y and a reference model 7 (i.e., the SFT
model) to prevent catastrophic forgetting.
Multi-Dimensional Reward Mechanism: The advan-
tage estimate A; ; is derived from a rule-based reward model
that combines several signals into a single scalar value. To
capture established conversational patterns, the model is re-
warded for n-gram overlap with reference responses, mea-
sured via BLEU-4. To encourage the learning of latent se-
mantics and principles, we evaluate semantic similarity us-
ing BERTScore. Response diversity, which is crucial for
engagement, is promoted by rewarding unique tokens, as
quantified by Distinct-2 metrics. Finally, a binary reward
enforces structural correctness, such as the proper use of
[Assistant] tokens. This composite reward is the core
mechanism for enforcing the *principle-driven’ aspect of our
policy, driving the MRPO process to optimize the model’s
outputs for cognitive stimulation relevance and quality.

Experiments

Implementation Details

The base model of the GCSD is Qwen-2.5-3b>. All mod-
els are implemented with PyTorch (Paszke et al. 2019) on
one NVIDIA A100-80G GPU. Training is orchestrated us-
ing the AdamW optimizer (Loshchilov 2017) with decou-
pled weight decay (A = 0.01). We employ a Linear Warmup
with Cosine Annealing Learning Rate Schedule (Waswani
et al. 2017), where the learning rate linearly increases from
1077 to a peak of 5 x 10~ over the initial 5% of train-
ing steps, subsequently annealing down to 10~7 following

*https://huggingface.co/Qwen/Qwen2.5-3B-Instruct



Models | ROUGE-L | BLEU-2 | BLEU-4 | BERTScore | Distinct-2 | Relevance | Empathy | Fluency
SIMULATED DATASET
ERNIE 17.24 8.32 7.38 65.35 53.92 3.05 3.20 2.90
Doubao-Pro 23.58 22.39 21.51 73.19 71.03 4.00 3.55 3.33
GPT-40 21.78 20.38 20.05 72.46 67.83 3.67 3.65 3.45
DeepSeek-671B 21.67 22.13 22.09 77.29 73.79 3.59 3.45 3.36
LLaMA-3.1-405B 22.56 22.13 21.08 76.52 71.26 3.75 3.70 3.42
GLM-4-Plus (5-Shot) 17.69 18.24 18.11 70.18 72.97 3.45 3.15 3.15
ChatGPT (5-Shot) 21.57 18.06 15.44 72.18 52.86 3.95 3.50 3.33
DeepSeek-671B (5-Shot) 22.89 24.22 23.59 76.26 72.31 4.02 3.57 3.40
Qwen-Max (5-Shot) 21.54 21.34 20.15 74.27 64.41 3.65 3.60 3.38
GCSD w/o DPSM 21.53 24.45 22.18 79.33 56.41 3.60 3.54 3.32
GCSD w/o CSFAL 23.58 25.16 22.64 74.19 68.42 3.58 3.58 3.33
GCSD-3b 26.92 28.32 26.83 79.45 72.64 4.20 3.67 3.50
REAL DATASET
ERNIE 18.32 11.32 9.16 66.93 56.28 3.33 2.95 3.00
Doubao-Pro 24.87 23.59 22.36 75.16 71.46 3.95 3.33 3.20
GPT-40 25.76 21.53 20.14 73.79 69.15 4.00 3.45 3.35
DeepSeek-671B 22.54 23.58 22.42 79.98 76.86 4.08 3.45 3.46
LLaMA-3.1-405B 23.87 23.68 23.52 77.13 71.52 4.00 3.45 3.40
GLM-4-Plus (5-Shot) 18.54 18.53 17.39 70.32 72.18 3.50 3.27 3.33
ChatGPT (5-Shot) 22.32 18.23 16.19 73.54 55.38 3.67 3.33 3.25
DeepSeek-671B (5-Shot) 23.58 24.83 24.36 78.27 73.27 4.10 3.48 3.42
Qwen-Max (5-Shot) 22.87 21.56 20.53 73.63 64.76 3.67 3.40 3.38
GCSD w/o CT 24.33 27.14 26.51 75.42 74.19 3.99 3.45 3.40
GCSD w/o DPSM 23.57 25.63 23.15 79.48 60.13 3.74 3.40 3.32
GCSD w/o CSFAL 25.18 26.16 24.98 76.33 70.46 3.69 3.39 3.36
GCSD-3b 27.63 28.53 27.93 80.12 74.82 4.15 3.50 3.53

Table 2: Evaluation results between baselines and our GCSD on the cognitive stimulation simulated and real testing datset.
The first four metrics are automatic metrics, while the last three metrics are human metrics. Bold denotes the best results.

a cosine schedule. A micro-batch size of 1 is utilized, ac-
cumulated to an effective batch size of 16 through gradient
accumulation steps. Furthermore, mixed-precision training
(FP16) is employed to accelerate computation and reduce
memory footprint. During inference, a temperature of 0.6
and a top-p value of 0.95 are set for stochastic decoding, bal-
ancing generation diversity with coherence, consistent with
best practices in large language model inference (Liu et al.
2024; Guo et al. 2025; Shao et al. 2024). For evaluation, the
ROUGE-chinese package (version 1.0.3) is used to compute
the ROUGE metric, the NLTK package (version 3.9.1) is
used to compute the Bleu metric, and the bert-score package
(version 0.3.10) is used to compute BERTScore.

Evaluation

Automatic Evaluation. In the generation of cognitive
stimulation dialogues, we utilize the ROUGE-L metric (Lin
2004; Ganesan 2018) and BLEU-4 metric (Papineni et al.
2002) to evaluate the quality of the text. In order to
better evaluate semantic similarity, we also implement
BERTScore (Zhang et al. 2019a). BERTScore assists in
measuring the similarity between the embeddings of the
generated sentence and the reference sentence. In addition,
we employ Distinct (Li et al. 2015), which quantify the pro-
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portion of uni-gram, respectively, across all generated out-
puts, thereby providing an indicator of diversity.

Human Evaluation. To qualitatively examine model per-
formance, human evaluations are conducted. Dialogues
from the GCSD and the baselines are sampled. Six elders
and their relatives participate in evaluating the responses
generated by different models. Following (Li et al. 2020;
Liu et al. 2021; Li et al. 2022; Jiang et al. 2023b), all models
undergo evaluation in terms of Relevance, Empathy, Flu-
ency. Relevance assesses whether the generated responses
align with the dialogue context. Empathy determines if the
LISTENER understands the SPEAKER’s feelings. Fluency
assesses the grammatical correctness and readability of the
SPEAKER’s responses. Each metric is rated on a five-point
scale, where 1, 3, and 5 represent unacceptable, moderate,
and excellent performance, respectively.

Baselines

For a comprehensive comparison, we evaluate our GCSD
system against a suite of powerful, mainstream large lan-
guage models. These include our base model, Qwen-2.5-
3b (Yang et al. 2025), as well as other prominent models
such as Baidu’s ERNIE (Zhang et al. 2019b), ByteDance’s



Doubao-Pro*, DeepSeek-671B (Liu et al. 2024), Meta’s
LLaMA-3.1-405B (Dubey et al. 2024), Zhipu AI’'s GLM-
4-Plus (GLM et al. 2024), Alibaba’s Qwen-Max (Bai et al.
2023), and OpenAIl's ChatGPT’ and its flagship model,
GPT-40 (Hurst et al. 2024).

To validate the contribution of each component and our
data strategy, we conduct an ablation study. w/o CT by-
passes the initial training on simulated data, fine-tuning the
base model exclusively on the real dataset. w/o DPSM ab-
lates the dynamic participant state modeling module. w/o
CSFAL excludes the cognitive stimulation-focused atten-
tion loss.

Results
Experimental Results

Our GCSD model achieves state-of-the-art performance on
the real-world dataset, consistently outperforming strong
baseline models (Table 2). The core insight from the results
is that GCSD’s primary advantage stems not merely from
generating semantically relevant content, but from its mas-
tery of the specific, principle-guided interaction structures
inherent to cognitive stimulation therapy. This is quantita-
tively demonstrated by its BLEU-4 score of 27.93, a 14.7 %
improvement over the strongest 5-shot baseline, providing
clear evidence that it effectively learns cognitive stimulation
phrasing and multi-party turn-taking patterns. This struc-
tural advantage is particularly significant when contrasted
with semantic similarity, where the gap between GCSD
(BERTScore: 80.12) and the top baseline (79.98) is nar-
row. This structural command is further validated by hu-
man evaluations, where GCSD attains the highest score in
Relevance (4.15), a critical metric for multi-party dialogue
that indicates the model successfully overcomes challenges
like speaker confusion. Ultimately, human A/B testing con-
firms its practical superiority, showing a decisive win rate
against established models like ERNIE (75%) and a net posi-
tive preference over the powerful GPT-40 (50% win vs. 39%
loss), validating its suitability for this specialized domain
(Table 3).

The ablation study confirms that GCSD’s effectiveness
stems from the synergistic integration of its components,
rather than any single module. Bypassing the simulated data
pre-training (w/o CT) leads to a noticeable performance
drop (BLEU-4 from 27.93 to 26.51), highlighting the value
of the dual-data strategy in teaching the model the founda-
tional framework of CST. The performance degradation ob-
served when removing the dynamic participant state mod-
eling (w/o DPSM) and the cognitive stimulation-focused at-
tention loss (w/o CSFAL) also confirms their respective con-
tributions to personalized interaction and therapeutic reason-
ing. Therefore, GCSD’s success is not attributable to a single
“silver bullet” but to the methodical integration of all four
complementary modules.

*https://www.doubao.com/chat/
>https://chatgpt.com/
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Models | Win | Loss | Tie
GCSD-3b vs ERNIE 75% | 10% | 15%
GCSD-3b vs GLM-4-Plus 73% | 12% | 15%
GCSD-3b vs Doubao-Pro 60% | 23% | 17%
GCSD-3b vs ChatGPT 58% | 27% | 15%
GCSD-3b vs GPT-40 50% | 39% | 11%
GCSD-3b vs LLaMA-3.1-405B | 58% | 34% | 8%
GCSD-3b vs DeepSeek-671B 43% | 40% | 17%
GCSD-3b vs Qwen-Max 55% | 29% | 16%

Table 3: Result of human A/B test.

Ablation Study

The results of the ablation study (Table 2) clearly demon-
strate that GCSD’s superior performance stems from the
synergistic effect of its integrated components, rather than
the contribution of any single module. In addition, the value
of our dual-data strategy is confirmed, as removing the sim-
ulated data pre-training (w/o CT) resulted in a competitive
but lower BLEU-4 score of 26.51, highlighting this phase’s
role as a crucial “primer” for the model.

The study also validated the contributions of the more
granular architectural components. Removing the Dynamic
Participant Cognitive State Modeling (w/o DPSM) led to a
noticeable performance drop (BLEU-4 to 23.15), confirm-
ing its importance in achieving personalized and adaptive
interactions. Similarly, excluding the cognitive stimulation-
focused Attention Loss (w/o CSFAL) also resulted in a
lower BLEU-4 score of 24.98, showing its effectiveness in
instilling the necessary therapeutic reasoning. In summary,
GCSD’s leading performance is not due to a single “silver
bullet” but is the result of the methodical integration and
synergy of all four complementary components.

Conclusion and Outlook

This paper proposes a principle-driven adaptive policy for
multi-party cognitive stimulation dialogue, namely GCSD.
By leveraging a large-scale real and simulated dataset and
four core model modules, GCSD addresses the challenges
of multi-party dialogue management, personalized cognitive
state modeling, and alignment with cognitive stimulation
principles. Experimental results show that GCSD achieves
strong performance on both automatic and human evalua-
tion in cognitive stimulation dialogue.

Looking ahead, our future work will proceed in three di-
rections. First, we aim to conduct long-term clinical trials
to validate the therapeutic efficacy of GCSD in real-world
care settings, bridging the gap between computational met-
rics and clinical outcomes. Second, we plan to extend the
current text-based framework to a multimodal system that
incorporates visual and acoustic cues, enabling more em-
pathetic and responsive interactions for elders with varying
degrees of impairment. Finally, we will investigate safety
mechanisms to prevent hallucinations in medical contexts,
ensuring that the system remains a reliable and ethical com-
panion for cognitive health support.
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