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Abstract
Large language models (LLMs) have signifi-1

cantly expanded the capabilities of AI systems,2

powering applications across domains such as3

finance, healthcare, and mathematical reason-4

ing. In high-stakes contexts like psychological5

consultation, LLMs offer the potential to serve6

as intelligent assistants by providing fluent,7

contextually appropriate responses. However,8

this growing utility is accompanied by serious9

concerns. On one hand, user interactions with10

LLMs often involve the disclosure of highly sen-11

sitive personal data, raising critical issues of12

privacy and trust. On the other hand, LLMs13

are prone to hallucination—generating plau-14

sible but factually incorrect responses—which15

poses significant risks in domains that demand16

factual consistency and nuanced understand-17

ing. To address these challenges, prior work18

has proposed supervised fine-tuning (SFT) and19

retrieval-augmented generation (RAG) as two20

major solutions. While SFT adapts models21

to domain-specific knowledge, it is computa-22

tionally expensive and often leads to overfit-23

ting or superficial memorization. RAG, in con-24

trast, enables external knowledge retrieval but25

requires data centralization and exposes user26

queries to cloud-based systems, which under-27

mines privacy guarantees. We advocate a hy-28

brid paradigm that combines locally fine-tuned29

Small Language Models (SLMs) with a general-30

purpose LLM. This design ensures privacy, re-31

duces hallucinations, and produces more con-32

textually grounded responses through collabo-33

rative inference.34

1 Introduction35

Understanding human cognition and replicating human-36

like reasoning remains a long-standing challenge in ar-37

tificial intelligence. Although LLMs have achieved re-38

markable progress in language generation and task exe-39

cution, they still struggle with Theory of Mind (ToM)-40

related tasks that require deep reasoning, contextual un-41

derstanding, and mental state modeling [Mirzadeh et al., 42

2024]. Recent studies show that LLMs often rely on rote 43

memorization rather than genuine generalization [Chu et 44

al., 2025], limiting their reliability in tasks that demand 45

abstract inference, such as psychological counseling or 46

multi-turn dialog reasoning. 47

This gap in reasoning ability restricts their effective- 48

ness in scenarios that require deep inference and ab- 49

stract thinking. As a result, LLMs often underper- 50

form on tasks that demand strong reasoning capabili- 51

ties, and their performance in complex, multiturn inter- 52

actions, such as those required in psychological coun- 53

seling or other high-stakes dialog applications, remains 54

suboptimal [Laban et al., 2025; Kwan et al., 2024; 55

Chandra et al., 2025]. For example, studies show that 56

LLMs tend to make early incorrect assumptions in multi- 57

turn conversations and struggle to recover, leading to 58

cascading errors unlike what we see in single-turn set- 59

tings. Furthermore, in multi-turn mental health counsel- 60

ing scenarios, LLMs score poorly on patient-centric com- 61

munication and diagnostic reasoning, with performance 62

degrading as turns progress. Though we have some 63

advanced technologies, like Chain-of-Thought (CoT), 64

the performance would still be poor. Another widely 65

observed issue is the high incidence of hallucinations 66

when LLMs are applied to reasoning or comprehension- 67

oriented tasks [Huang et al., 2025; Yao et al., 2025]. 68

These models can generate outputs that appear fluent 69

and plausible yet are factually incorrect or misleading. 70

Such hallucinations pose significant risks, especially in 71

human–AI interactions involving vulnerable users. For 72

instance, in conversations with children, an LLM that 73

produces hallucinated responses may unintentionally in- 74

troduce incorrect concepts, leading to substantial misun- 75

derstandings and cognitive distortions. This raises seri- 76

ous concerns about the reliability and safety of deploying 77

LLMs in educational or developmental contexts where 78

accuracy and trust are paramount. 79

To address these critical challenges, several solutions 80

have been proposed within the research community. One 81

commonly adopted approach is SFT, where a model is 82

trained on domain-specific datasets to enhance its per- 83

formance on targeted tasks. Another widely studied 84

method is RAG, which equips an LLM with access to an 85



external knowledge base. During inference, the model86

can retrieve semantically relevant information to assist87

in answering questions, thus compensating for its lim-88

itations in factual recall. Another method is a hybrid89

framework which integrates a privately fine-tuned SLM90

with a general-purpose LLM was proposed.91

While SFT and RAG are widely used for adapting92

LLMs to domain-specific tasks, they face notable limi-93

tations in reasoning-intensive and privacy-sensitive set-94

tings. SFT tends to overfit surface forms, while RAG95

raises privacy concerns due to external query exposure.96

These issues are especially problematic for ToM tasks97

such as mental health consultations, where understand-98

ing latent user intent is critical. To this end, we propose99

a systematic comparison of existing adaptation strate-100

gies, and advocate for a hybrid SLM–LLM setup as a101

practical alternative. Our contributions include a com-102

parative analysis of three paradigms, a focused discus-103

sion on ToM challenges, and a privacy-preserving design104

tailored for high-stakes dialog.105

2 Related Work106

Supervised Fine-Tuning As LLMs are increasingly107

adopted across a wide range of applications, the need108

for domain adaptation has become critical. SFT has109

emerged as a widely used approach to meet the demands110

of specialized domains [Yu et al., 2025]. Researchers have111

observed that domain-specific tasks—such as medical di-112

agnosis, legal consultation, or advanced mathematical113

reasoning—often require knowledge that goes beyond114

the general capabilities of pre-trained models [Huang115

et al., 2023; Chen et al., 2023]. In these scenarios,116

vanilla pre-trained LLMs may struggle to produce accu-117

rate or contextually appropriate responses. To address118

this gap, domain practitioners typically fine-tune pre-119

trained models on curated, task-relevant datasets, yield-120

ing domain-adapted models that better align with spe-121

cific application requirements. This fine-tuning process122

enables the model to internalize domain-specific termi-123

nology, structures, and reasoning patterns, thereby im-124

proving both the relevance and quality of its outputs in125

specialized contexts.126

Retrieval-Augmented Generation In addition to127

fine-tuning, RAG offers an alternative paradigm for do-128

main adaptation that circumvents the high computa-129

tional and resource costs associated with training large130

models. Rather than modifying the model parameters,131

RAG architectures attach an external knowledge base132

to an LLM, enabling the model to dynamically access133

relevant information during inference [Su et al., 2025].134

When faced with a user query, a retriever module [Shi135

et al., 2023] is employed to identify and fetch seman-136

tically relevant documents from the knowledge base.137

These retrieved passages are then incorporated into the138

model’s input, enriching the context available to the139

LLM. This allows even a general-purpose, non-domain-140

specific model to access and reason over domain-relevant141

knowledge on-the-fly. Extensive research has been de-142

voted to improving the effectiveness of RAG systems. 143

Efforts include enhancing the retrieval component—for 144

example, using dense or hybrid retrievers to improve re- 145

call of relevant documents—as well as curating higher- 146

quality knowledge corpora to ensure that the retrieved 147

content contributes meaningfully to response accuracy. 148

These improvements aim to bridge the gap between gen- 149

eral models and domain-specific requirements without 150

incurring fine-tuning overhead. 151

3 Limitations of Existing Approaches 152

Limitations of SFT in Privacy-sensitive Scenarios 153

To address the tension between privacy and perfor- 154

mance in LLM-based applications, several strategies 155

have been proposed—each offering partial solutions but 156

also exhibiting critical limitations. As illustrated in Fig- 157

ure 1, 1Method (a), which relies solely on SLMs for 158

both query processing and response generation, appears 159

to offer strong privacy guarantees due to local deploy- 160

ment. However, even with SFT, SLMs inherently strug- 161

gle with complex reasoning and open-ended tasks due 162

to their constrained capacity and limited model size. 163

On the other hand, 1Method (b), which depends en- 164

tirely on cloud-based LLMs, can achieve stronger overall 165

performance but inevitably requires transmitting sensi- 166

tive user data to external servers, posing serious pri- 167

vacy and confidentiality risks. 1Method (c), deploy- 168

ing an LLM locally, theoretically addresses both pri- 169

vacy and performance, but in practice, the immense 170

scale of state-of-the-art LLMs—such as Meta’s 405B- 171

parameter LLaMA-3.1 or GPT-4, estimated at approx- 172

imately 1.8 trillion parameters [Deroy and Maity, 2025; 173

Brown and others, 2023]—renders this approach infeasi- 174

ble for deployment on edge or resource-constrained en- 175

vironments. Their substantial memory footprint and 176

computational demands typically necessitate cloud in- 177

frastructure, introducing additional concerns related to 178

latency and operational costs [Kandala et al., 2024; 179

Qu et al., 2025; Jang and Morabito, 2025]. Further- 180

more, there are implicit challenges associated with di- 181

rectly using models that have not undergone domain- 182

specific SFT. These pre-trained models usually possess 183

overly general knowledge, lacking the necessary context 184

for domain-specific reasoning tasks, resulting in subop- 185

timal downstream performance. Although SFT can mit- 186

igate this issue by adapting models to domain-specific 187

tasks, fine-tuning large-scale LLMs remains prohibitively 188

expensive and technically challenging, even when utiliz- 189

ing parameter-efficient fine-tuning (PEFT) techniques. 190

The high computational resources, memory bandwidth, 191

and energy required further exacerbate the impractical- 192

ity of SFT-based approaches, particularly for institutions 193

lacking advanced computational infrastructure. 194

Limitations of RAG in Privacy-sensitive Scenarios An- 195

other mainstream approach, RAG, also suffers from 196

practical limitations. First, collecting a sufficiently com- 197

prehensive and high-quality knowledge base is often non- 198

trivial. In specialized domains such as healthcare or 199
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Figure 1: Comparison of existing approaches. (a) Traditionally, specialized and smaller LMs (SLMs) on device are data
privacy-friendly but underperformance. (b) End-users send personal context to the model owner (server) for fine-tuning.
LLMs excel with context, but risk data privacy. (c) Server publishing LLMs to edge devices threatens proprietary model
privacy, and it’s not affordable for end users due to resource constraints. (d) Collaborating LLMs and SLMs enhances privacy
and performance.

finance, data may be scarce, domain-specific, or sensi-200

tive—making it difficult to obtain or share. For ap-201

plications involving sensitive data—such as in mental202

health, finance, or legal domains—reliance on external203

servers raises serious concerns regarding data exposure204

and regulatory compliance. These limitations highlight205

the growing mismatch between the capabilities of LLMs206

and the practical requirements of privacy-sensitive, real-207

world deployments. Second, the effectiveness of RAG208

heavily depends on the performance of the retriever mod-209

ule, which is responsible for accurately identifying and210

selecting relevant information from the database. With-211

out a strong retriever, the model’s overall performance212

degrades significantly. However, building or fine-tuning213

a high-quality retriever is itself a challenging task and of-214

ten requires large amounts of annotated data and careful215

system design.216

4 SLM–LLM Collaboration217

SLM–LLM Collaboration Strikes a Balance
Between Privacy and Reasoning.

218

Given these challenges, we argue that a hybrid219

SLM–LLM framework offers a more practical and220

privacy-preserving alternative. To reconcile the trade-off221

between privacy and performance, recent research has222

explored collaborative frameworks that combine SLMs223

and LLMs. In such designs, the SLM—owing to its com-224

pact size and ease of deployment on edge devices—serves225

as a lightweight, privacy-aware front-end. As illustrated 226

in 1(d), the specialized SLMs preprocess or augments 227

user queries using sensitive, domain-specific knowledge 228

through supervised fine-tuning on local data. The query 229

could also be further enhanced, by some local aurgu- 230

menters, which could helping enhance the quality of en- 231

hanced queries. Then the enriched query is passed to 232

the LLM, which leverages its powerful generalization and 233

reasoning capabilities to produce the final response. 234

This two-stage collaboration harnesses the comple- 235

mentary strengths of both models: the privacy pro- 236

tection and domain specialization provided by the lo- 237

cally deployed SLM, and the robust generative capabil- 238

ity of the general-purpose LLM. Such a hybrid archi- 239

tecture effectively balances domain specificity, computa- 240

tional feasibility, and privacy preservation, aligning well 241

with high-stakes applications requiring both robust rea- 242

soning and strict confidentiality. 243

5 Case Study: Mental Health 244

In mental health applications, understanding a user’s la- 245

tent mental state—such as emotional distress, intent, or 246

unspoken fear—is essential [Chung et al., 2023]. These 247

are classic ToM tasks, where the system must infer be- 248

liefs and intentions from language that is often indi- 249

rect, ambiguous, or context-dependent. While both SFT 250

and RAG have shown promise in various domains, they 251

present serious limitations in high-stakes mental health 252

settings. Effective fine-tuning of an LLM via SFT neces- 253



sitates access to large volumes of sensitive conversational254

data, such as therapy transcripts or patient records.255

However, acquiring and curating such data poses ethi-256

cal and legal challenges due to confidentiality constraints257

and privacy regulations like HIPAA or GDPR [Sawhney258

et al., 2022; Mandal et al., 2025]. Even if such data were259

available, deploying SFT-tuned models would often re-260

quire running large LLMs in centralized servers, which261

increases the risk of unintended data exposure.262

RAG suffers from similar limitations [Zeng et al.,263

2024]. Although it avoids fine-tuning the model directly,264

RAG requires user queries to be sent to external retriev-265

ers or knowledge stores, which still poses a significant266

privacy threat. In therapeutic scenarios, the contextual267

understanding often relies on a large amount of user-268

specific history or mental health background. Attach-269

ing such information to LLM input—whether directly or270

through retrieved context—effectively results in trans-271

mitting private data outside the user’s device. This de-272

feats the goal of privacy preservation. Moreover, RAG273

systems typically rely on pre-constructed document col-274

lections, which may lack appropriate coverage or nuance275

for mental health inference, further compounding hallu-276

cination risks and reducing the system’s ability to reason277

about users’ latent mental states.278

By contrast, the hybrid SLM–LLM design keeps all279

privacy-sensitive processing local to the user’s device. It280

enables mental state reasoning and contextualization to281

occur without leaking sensitive user inputs, while still282

benefiting from the LLM’s general reasoning strength283

in a controlled, privacy-aware manner. This hybrid284

SLM–LLM framework offers a privacy-preserving alter-285

native. The SLM, deployed on the user’s device, is fine-286

tuned on annotated therapeutic dialoguesm. It is re-287

sponsible for detecting emotional cues (e.g., avoidance,288

despair), disambiguating the user’s intent, and gener-289

ating a structured intermediate representation—such as290

a summarized psychological intent label or reformu-291

lated query. This enriched query is then forwarded to292

the cloud-hosted LLM, which uses its extensive gener-293

alization capabilities to generate empathetic, context-294

appropriate responses. For example, if the SLM iden-295

tifies that a user is expressing avoidance regarding296

social situations, the LLM can incorporate cognitive-297

behavioral strategies into its response. This pipeline pre-298

serves user privacy by keeping sensitive data local and299

reduces hallucinations by grounding the LLM’s response300

on SLM-inferred structure. It also allows ToM-style rea-301

soning to be performed on-device, ensuring the system302

can interpret and respond to mental state cues respon-303

sibly.304

6 Conclusion305

In this work, we conduct a comprehensive comparison306

of existing approaches aimed at preserving user privacy307

and reducing hallucinations in LLMs, with a particular308

focus on their application in ToM tasks such as mental309

health consultation. Through both systematic analysis310

and empirical investigation, we examine the limitations 311

of conventional solutions such as SFT and RAG, espe- 312

cially in privacy-sensitive, reasoning-intensive settings. 313

Based on our findings, we argue that a hybrid frame- 314

work combining a locally fine-tuned SLM with a pow- 315

erful general-purpose LLM offers a more effective and 316

privacy-compliant alternative. This collaborative setup 317

not only mitigates hallucinations by enriching context 318

with domain-specific knowledge, but also enables more 319

personalized, context-aware responses—thereby better 320

understanding user intent. Our results highlight the po- 321

tential of SLM–LLM cooperation as a promising direc- 322

tion for building trustworthy and high-performance AI 323

systems in sensitive human–AI interaction scenarios. 324
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