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Abstract001

Reliable early detection of Alzheimer’s disease002
(AD) is challenging, particularly due to lim-003
ited availability of labeled data. While large004
language models (LLMs) have shown strong005
transfer capabilities across domains, adapting006
them to the AD domain through supervised007
fine-tuning remains largely unexplored. In this008
work, we fine-tune an LLM for AD detection009
and investigate how task-relevant information010
is encoded within its internal representations.011
We employ probing techniques to analyze inter-012
mediate activations across transformer layers,013
and we observe that, after fine-tuning, the prob-014
ing values of specific words and special mark-015
ers change substantially, indicating that these016
elements assume a crucial role in the model’s017
improved detection performance. Guided by018
this insight, we design a curated set of task-019
aware special markers and train a sequence-to-020
sequence model as a data-synthesis tool that021
leverages these markers to generate structurally022
consistent and diagnostically informative syn-023
thetic samples. We evaluate the synthesized024
data both intrinsically and by incorporating it025
into downstream training pipelines.026

1 Introduction027

Alzheimer’s disease (AD) leads to progressive cog-028

nitive decline and poses a major burden on patients029

and caregivers (Skaria, 2022), and early detection030

of AD is increasingly crucial to enable both timely031

intervention and improve patient outcomes as pop-032

ulations age globally (de la Fuente Garcia et al.,033

2020). Recently, LLMs have demonstrated suc-034

cess at a myriad of downstream tasks through fine-035

tuning on task-relevant datasets, thus allowing them036

to combine the wealth of knowledge learned dur-037

ing pre-training with more task-specific details (Hu038

et al., 2022; Dettmers et al., 2023). This creates039

promise for advanced, AI-enabled solutions to chal-040

lenging problem domains, including those related041

to healthcare problems growing in prevalence, such042

as AD (Farzana and Parde, 2024; Han et al., 2025; 043

Li et al., 2025a). However, fine-tuning language 044

models within the AD domain is currently very un- 045

derexplored (Zhang et al., 2025; Hou et al., 2025; 046

Li et al., 2025b; Dhinagar et al., 2025). 047

Current methods for AI-enabled AD detection 048

rely on standardized linguistic and cognitive assess- 049

ments and face challenges in accuracy and scal- 050

ability (Martinc and Pollak, 2020; Balagopalan 051

et al., 2020; Yuan et al., 2020; Li et al., 2021; Roha- 052

nian et al., 2021; Farzana and Parde, 2022, 2023). 053

The rapid advancement of large language models 054

(LLMs) presents a promising opportunity to lever- 055

age their strong linguistic understanding for this 056

clinical application, but fine-tuning LLMs for AD 057

detection remains underexplored, in large part due 058

to the limited availability of labeled clinical data 059

(Duan et al., 2023). Addressing these challenges 060

can not only enhance diagnostic tools for AD but 061

can also contribute to broader research on how 062

LLMs can be effectively adapted to specialized, 063

low-resource clinical tasks without compromising 064

their general language understanding. 065

Research on other language tasks has demon- 066

strated that supervised fine-tuning (SFT) allows 067

models to learn directly from curated examples 068

that reflect the desired outputs, improving reliabil- 069

ity, consistency, and alignment with domain expec- 070

tations or usage goals (Wei et al., 2022b; Harada 071

et al., 2025). This process not only enhances task 072

performance and reduces unpredictable behavior, 073

but also enables efficient domain adaptation, safety 074

and policy alignment, and personalization without 075

requiring that the model is retrained from scratch 076

(Chung et al., 2024; OpenAI et al., 2024; Ouyang 077

et al., 2022; Peng et al., 2023). In this work, we 078

comprehensively study the use of fine-tuned LLMs 079

for AD detection, and the extent to which they en- 080

code meaningful information pertaining to AD. We 081

find that fine-tuning leads to pronounced shifts in 082

probe values for certain lexical items and for spe- 083
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Figure 1: We acquire the representation of each token and project it by the linear probe. Tokens marked with blue
are special markers that capture critical aspects of speech.

cial annotation markers (i.e., indicators of pauses,084

repetitions, and unintelligible speech), suggesting085

that these elements constitute key signals underly-086

ing the model’s improved AD detection capability.087

Crucially, our token-level representation analysis088

provides an avenue for data synthesis: by identi-089

fying and inserting AD-relevant linguistic mark-090

ers into plain text, we can generate synthetic tran-091

scripts that exhibit AD–related linguistic features.092

Guided by this insight, we preprocess AD tran-093

scripts from publicly available datasets and fine-094

tune a T5 model in a sequence-to-sequence man-095

ner to learn to transform text-only transcripts to096

richer transcripts with AD-relevant speech and dis-097

fluency markers. Thus, overall our contributions098

are fourfold: (1) we investigate the use of SFT099

in the AD domain, achieving competitive perfor-100

mance on standard AD detection benchmarks; (2)101

we train linear probes on LLM representations102

to capture and quantify AD–related linguistic infor-103

mation; (3) we conduct token-level probe-based104

analysis to identify representations and tokens that105

are most informative for AD classification; and (4)106

we propose a sequence-to-sequence data synthe-107

sis method to generate text exhibiting linguistic108

features characteristic of Alzheimer’s disease.109

2 Related Work110

2.1 Alzheimer’s Disease Detection111

A relatively large body of work within the NLP112

community has studied AD detection from differ-113

ent angles, with prior work focusing mainly on114

prompt construction (Wang et al., 2023; Farzana115

and Parde, 2024), model choice (Di Palo and Parde,116

2019), and multi-step system design (Ye et al.,117

2021; Wang et al., 2022). Some work has lever-118

aged speech-based approaches that extract acous-119

tic and prosodic features to distinguish AD pa- 120

tients from healthy controls (Ding et al., 2024; 121

El Hallani et al., 2025), while others have used 122

speech–language hybrid methods combining lin- 123

guistic and acoustic cues to better capture cogni- 124

tive decline (Shi et al., 2023). Other work has 125

explored language-only LLM frameworks that ana- 126

lyze discourse structure and lexical patterns using 127

pretrained models (Zhang et al., 2025; Hou et al., 128

2025; Li et al., 2025b) and vision–language models 129

for multimodal detection (Dhinagar et al., 2025). 130

Overall, these studies emphasize system design 131

and performance, seeking to gradually move the 132

dial forward on overall AD detection performance 133

according to standardized metrics and benchmark 134

datasets. They have paid less attention to how AD- 135

related information is encoded within model repre- 136

sentations. Our work seeks to fill this gap. 137

2.2 Supervised Fine-tuning 138

SFT is a widely used approach for adapting pre- 139

trained LLMs to downstream tasks by training them 140

on task-specific labeled examples. Early work 141

demonstrated that fine-tuning pretrained Trans- 142

formers can yield substantial performance gains 143

across NLP benchmarks compared with training 144

models from scratch (Devlin et al., 2019; Radford 145

et al., 2019). Subsequent research refined SFT 146

techniques to improve generalization, stability, and 147

data efficiency, including through instruction tun- 148

ing to align models with human-written prompts 149

and task formats (Chung et al., 2022; Wei et al., 150

2022a). SFT has also been used as a core com- 151

ponent in multi-stage alignment pipelines, where 152

models are first fine-tuned on curated supervised 153

datasets before further improvement via reinforce- 154

ment learning from human feedback (RLHF) or 155

preference optimization (Ouyang et al., 2022; Bai 156
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et al., 2022). Recent work further explores domain-157

specific SFT for specialized applications, such as158

biomedical and clinical language tasks, demonstrat-159

ing that carefully selected, high-quality supervision160

can enable strong downstream adaptation even in161

low-resource settings (Tran et al., 2024; Singhal162

et al., 2023).163

2.3 Linear probes164

Finally, recent advances in natural language pro-165

cessing reveal that linguistic and stylistic concepts166

often manifest as linear features within the high-167

dimensional spaces of language model represen-168

tations. Mikolov et al. (2013) first demonstrated169

that word embeddings learned by neural language170

models capture syntactic and semantic regularities171

through nearly constant vector offsets, enabling172

analogical reasoning (e.g., the popular example173

king – man + woman ≈ queen). Building on this174

empirical foundation, Park et al. (2024) formal-175

ized the Linear Representation Hypothesis, defin-176

ing what it means for concepts to be linearly rep-177

resented in both input (embedding) and output178

(unembedding) spaces. They connected these no-179

tions respectively to intervention and measurement,180

and introduced a causal inner product that aligns181

concept subspaces and respects semantic indepen-182

dence. Gurnee and Tegmark (2024), Kim et al.183

(2025), and Nanda et al. (2023) used linear probes184

to measure the concepts encoded in the representa-185

tions of LLMs including space, time and political186

concepts, and show evidence of the linear repre-187

sentation hypothesis. In our work, we apply linear188

probes to estimate the direction associated with AD189

in the model’s representations and to measure the190

extent to which AD-related information is captured191

in the token-level representations.192

3 Methodology193

In this work, we explore the performance of SFT194

with LLMs for AD detection. We also investigate195

how the concept of AD is encoded within the in-196

ternal representations of LLMs and how it can be197

quantitatively measured. Building on evidence that198

concepts are linearly encoded in representation and199

can be detected (Mikolov et al., 2013; Park et al.,200

2024; Gurnee and Tegmark, 2024; Nanda et al.,201

2023; Kim et al., 2025), we train linear probes on202

LLM hidden states to predict AD-specific labels,203

yielding probes that isolate features in the repre-204

sentations relevant to AD. Using these probes, we205

examine token-level activations in AD transcripts 206

and identify the tokens that are most informative 207

for downstream AD classification when processed 208

by the models. 209

3.1 Problem Description 210

Our goal is to identify a fine-tuning framework 211

that promotes strong LLM performance on both a 212

specialized healthcare domain and, more broadly, 213

within the general knowledge domain. We cast 214

AD detection as a classification problem; given a 215

transcript T from an AD or healthy control pa- 216

tient, the LLM’s task is to predict to which group 217

the patient belongs. Within the present scope, we 218

assume access to a dataset with transcriptions of au- 219

diorecorded interviews, with each transcript having 220

a binary AD label (AD or healthy control). 221

3.2 Supervised Finetuning Loss 222

We use a standard cross-entropy loss to demon- 223

strate the baseline performance of SFT. We then 224

add a contrastive learning loss term (Gao et al., 225

2021; Su et al., 2022; Jain et al., 2023; Kumar 226

et al., 2023; Gong et al., 2025; Klein and Nabi, 227

2025) to let the language model learn differences 228

in representation space to enhance its discrimina- 229

tive ability. Separately, we investigate the use of a 230

focal loss term due to its reported ability to handle 231

unbalanced features in prior work (Lin et al., 2017; 232

Huang et al., 2021). The last loss that we study, 233

label smoothing, transforms the prediction label 234

from a one-hot encoding into a softer label (e.g., 235

[0,1] into [0.05, 0.95]), preventing the model from 236

becoming overconfident about the training labels. 237

Standard SFT (Cross-Entropy Loss). Standard 238

SFT employs cross-entropy (CE) loss to maximize 239

the likelihood of the ground-truth labels: 240

LCE = −
C∑
i=1

yi log(pi), (1) 241

s where yi denotes the one-hot encoded ground- 242

truth label and pi is the predicted probability for 243

class i. 244

Standard SFT with Contrastive Loss. This set- 245

ting augments CE loss with a contrastive learning 246

objective to improve representation separability: 247

Ltotal = (1− α) · LLM + α · LCL (2) 248

where λ controls the contribution of the con- 249

trastive term. We adopt the contrastive learning 250

loss(Chopra et al., 2005): 251
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LCL(x1, x2, y) = (1− y) · d2(x1, x2)
+y ·max(0, m− d(x1, x2))

2
(3)252

The embeddings x1 and x2 are d-dimensional253

vectors from the last token’s hidden state of the254

final layer, paired within a batch (even indices with255

odd indices). The label y is binary: 0 for same256

class, 1 for different class, derived from comparing257

the original labels. The distance d is the Euclidean258

distance between the two embeddings. The margin259

m is a positive hyperparameter (default 1.0) that260

sets the minimum required separation for different-261

class pairs.262

Focal Loss. Focal loss down-weights easy exam-263

ples and emphasizes hard samples during training:264

LFocal = −
C∑
i=1

(1− pi)
γyi log(pi), (4)265

where γ ≥ 0 is the focusing parameter.266

Label Smoothing. Label smoothing regularizes267

training by softening hard target labels:268

yLS
i =

{
1− ϵ, if i = y,

ϵ
C−1 , otherwise,

(5)269

270

LLS = −
C∑
i=1

yLS
i log(pi), (6)271

where ϵ ∈ [0, 1] is the smoothing factor.272

3.3 Probing273

After studying the performance of SFT for AD274

detection, we investigate internal LLM representa-275

tions of linguistic information and their relevance to276

AD using probing methods. By training probes on277

representations related to AD, we acquire probes278

that represent the direction of AD at the linguis-279

tic level. We then measure how strongly the AD280

concept is expressed in the representation.281

Probes are diagnostic models used to analyze282

the linguistic and semantic information encoded in283

the hidden representations of pretrained language284

models. Letting h ∈ Rd denote a hidden represen-285

tation extracted from a specific layer for an input286

token or sentence, a probe is a lightweight func-287

tion fϕ trained to predict a linguistic property y288

(e.g., part-of-speech tags, syntactic dependencies,289

or semantic roles) from h. The standard probing ob- 290

jective minimizes a supervised loss over a labeled 291

dataset Dprobe: 292

Lprobe(ϕ) = E(h,y)∼Dprobe

[
ℓ(fϕ(h), y)

]
, (7) 293

where ℓ(·) is an appropriate loss (e.g., squared 294

error for regression or cross-entropy for classifica- 295

tion). Following Gurnee and Tegmark (2024), we 296

train the linear probes using Mean Squared Error 297

(MSE) loss together with L2 regularization, also 298

known as Ridge regression: 299

ℓ = ℓMSE + λridge · ℓridge (8) 300

where: 301

ℓMSE =
1

N

N∑
i=1

(yi − ŷi)
2 (9) 302

303

ℓridge = ∥W∥22 =
d∑

j=1

w2
j (10) 304

where N is the number of training samples, 305

yi ∈ {0, 1} is the true label for sample i (0 = 306

Healthy Control, 1 = AD), ŷi is the probe predic- 307

tion for sample i (raw regression output, before 308

sigmoid), W = [w1, w2, . . . , wd] are the weights 309

of the linear probe head, d is the hidden size of the 310

representation, and λridge is the ridge regularization 311

coefficient. 312

4 Experiments 313

4.1 Experimental Settings 314

Hyperparameters. For SFT experiments, we 315

employ a consistent set of general training hyper- 316

parameters across all loss functions: a learning rate 317

of 2e-5, per-device batch size of 4 with gradient 318

accumulation of 4 steps, yielding an effective batch 319

size of 16, and 10 training epochs. For the standard 320

cross-entropy loss, no additional loss-specific pa- 321

rameters are required. The label smoothing loss in- 322

troduces a single hyperparameter, the label smooth- 323

ing factor set to 0.1, which applies 10% smooth- 324

ing to the target labels to improve generalization. 325

The focal loss configuration includes two param- 326

eters: focal_alpha =0.25 to weight the rare class 327

and focal_gamma=2.0 to focus learning on hard 328

examples, making it particularly effective for han- 329

dling class imbalance. Finally, the contrastive learn- 330

ing loss combines the standard language modeling 331
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loss with a contrastive component using a weighted332

sum, controlled by contrastive_alpha =0.1 which333

determines the mixing ratio between the two loss334

components, along with a contrastive margin of 1.0335

for the triplet loss formulation.336

Data. We use the DementiaBank (Becker et al.,337

1994) dataset for our experiments. DementiaBank338

is a widely used resource for research on cognitive339

decline, particularly Alzheimer’s disease, and is340

part of the broader TalkBank project, which pro-341

vides standardized corpora for the study of hu-342

man communication. DementiaBank contains au-343

dio recordings and corresponding transcriptions of344

participants performing structured language tasks,345

with the most commonly employed task being346

the Cookie Theft picture description task from347

the Boston Diagnostic Aphasia Examination. The348

dataset includes speech samples from individuals349

diagnosed with AD as well as age-matched healthy350

controls, enabling comparative analyses of linguis-351

tic and cognitive patterns. Transcriptions in De-352

mentiaBank follow the CHAT (Codes for the Hu-353

man Analysis of Transcripts) format, which is de-354

signed to encode both verbal and non-verbal speech355

features systematically. Each line begins with a356

speaker label (e.g., *PAR: for participant, *INV:357

for interviewer) and may include additional tiers358

such as %mor: for morphosyntactic annotation or359

%com: for researcher comments. Special marks in360

the CHAT format capture critical aspects of speech,361

including pauses, repetitions, nonverbal actions,362

and unintelligible segments. Table 2 summarizes363

commonly used annotations.364

Other Modeling Details. We use llama3-1b-365

instruct(Meta AI, 2024) and qwen-2.5-1.5b-instruct366

as the backbone models(Qwen Team, 2024). We367

experiment with each loss function condition on368

both backbone models.There are 1044 AD data369

points and 247 control data points. We split the370

dataset into 80/20 for training/evaluation. All ex-371

periments use the same base training configuration,372

with only the loss-specific parameters varying to373

enable fair comparison across different loss func-374

tion strategies. We conducted all experiments using375

four A100 PCIe GPUs, each equipped with 40 GB376

of memory. Fine-tuning a single model on one377

GPU takes approximately 9 minutes. Perplexity378

evaluation requires about 3 minutes per model on379

a single GPU, while the AD detection task takes380

roughly 12 minutes per model per round on a single381

GPU.382

4.2 Supervised Fine-tuning Results 383

Figure 7 compares total loss trajectories during 384

language-model fine-tuning across multiple experi- 385

mental runs for all four SFT loss conditions. This 386

figure illustrates the training loss over successive 387

epochs, where all runs exhibit a consistent down- 388

ward trend, indicating stable optimization and effec- 389

tive learning. Despite minor differences in initial 390

loss values, the curves converge toward similarly 391

low training losses by the final epochs. However, 392

the detection performance of this method is poor. 393

In Table 1, by evaluating their impact under identi- 394

cal fine-tuning conditions, we quantify how each 395

objective influences the model’s learning dynamics 396

and downstream performance. 397

The experimental results reveal notable differ- 398

ences in model behavior depending on the chosen 399

loss function. In terms of classification metrics, 400

label smoothing and standard CE perform compet- 401

itively. Label smoothing delivers a high accuracy 402

at 0.853, the highest recall at 0.975, and achieves 403

an F1=0.919, placing it among the top-performing 404

methods. Standard CE also achieves an accuracy 405

of 0.868, while also demonstrating strong precision 406

of 0.881 and recall of 0.96. 407

CE with a contrastive learning term underper- 408

forms across all metrics except recall, where it 409

reaches 1.0 but fails to maintain balanced precision 410

at 0.772, leading to the lowest F1=0.875 and also 411

a low accuracy at 0.772. This suggests that con- 412

trastive fine-tuning may distort token or representa- 413

tion distributions, harming prediction consistency. 414

Finally, focal loss yields reasonable recall at 0.94 415

and F1=0.902, but trails behind label smoothing 416

and CE. It provides moderate improvements over 417

CE in some metrics, but does not surpass label 418

smoothing in any category. 419

Label smoothing achieves a low perplexity at 420

36.79, indicating that it produces the most stable 421

and calibrated next-token probability distribution 422

among the four approaches. In contrast, CE and 423

CE with contrastive learning exhibit extremely high 424

perplexity at 39.76 and 283,439, respectively, sug- 425

gesting training instability or overfitting to the su- 426

pervised objective without adequately modeling 427

the token distribution. Focal loss shows moderate 428

perplexity at 1806.18, outperforming CE but still 429

substantially worse than label smoothing. 430

Integrating pairwise contrastive learning into 431

CE degrades perplexity and overall classification 432

quality, implying a misalignment between con- 433
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Model + Loss Function PPL Accuracy Precision Recall F1

Vanilla Llama 12.37 0.441(0.200) 0.758(0.017) 0.405(0.027) 0.528(0.024)
Llama + focal loss 28.23 0.842(0.010) 0.866(0.010) 0.940(0.005) 0.902(0.006)
Llama + label smoothing 36.79 0.853(0.009) 0.855(0.007) 0.975(0.004) 0.911(0.006)
Llama + CE 39.76 0.868(0.012) 0.881(0.008) 0.960(0.008) 0.919(0.008)
Llama + CE w/CL 283439 0.772(0.000) 0.772(0.000) 1.000(0.000) 0.875(0.000)

Vanilla Qwen 9.16 0.769(0.002) 0.771(0.000) 0.996(0.002) 0.869(0.001)
Qwen + focal loss 12.54 0.791(0.008) 0.793(0.004) 0.988(0.006) 0.880(0.004)
Qwen + label smoothing 13.66 0.799(0.005) 0.806(0.008) 0.975(0.007) 0.882(0.002)
Qwen + CE 13.54 0.810(0.013) 0.808(0.010) 0.990(0.009) 0.890(0.007)
Qwen + CE w/CL 4211.1 0.772(0.000) 0.772(0.000) 1.00(0.000) 0.872(0.000)

T5 N/A 0.903(0.000) 0.940(0.000) 0.935(0.000) 0.937(0.000)
Bert N/A 0.915(0.004) 0.945(0.004) 0.945(0.004) 0.945(0.004)

Table 1: Model performance with different SFT loss functions. PPL=perplexity; CE=cross-entropy; CL=contrastive
learning. Standard deviations are shown in (parentheses). We report perplexity only for causal language models.

trastive objectives and language-modeling objec-434

tives in this setup. These findings show that la-435

bel smoothing consistently balances likelihood-436

based and classification-based performance, while437

CE retains strong discriminative ability but suf-438

fers from worse perplexity. Contrastive learn-439

ing introduces instability that negatively impacts440

language-modeling quality. Overall, label smooth-441

ing emerges as the most robust and effective loss442

function for SFT, striking the best balance between443

perplexity and downstream predictive performance.444

We report the performance of the Llama and445

Qwen models. Although Qwen generally achieves446

lower perplexity than Llama, its accuracy is lower.447

Therefore, we do not select Qwen as our final448

model. We also include smaller models such as449

T5 and BERT as baselines. While these discrimina-450

tive (BERT) and sequence-to-sequence (T5) mod-451

els achieve higher accuracy than Llama in our ex-452

periments, we evaluate Llama to explore the extent453

to which a causal language model can perform in454

the context of Alzheimer’s disease detection. Our455

results show that, despite its lower task-specific456

performance, Llama remains competitive and of-457

fers desirable properties for broader generative and458

discourse-level modeling.459

5 Probing Analyses460

To understand how fine-tuning changes the model’s461

internal representations of AD-related linguistic462

patterns, we conducted token-level probe analy-463

sis comparing vanilla and fine-tuned models. Our464

methodology involved training linear probes on465

layer-specific representations from the fine-tuned 466

model, which was trained with a label smoothing 467

loss. We then selected the best probe by compar- 468

ing classification metrics and applied the probe to 469

extract token-level probe values from evaluation 470

transcripts. We computed the difference between 471

fine-tuned and vanilla model representation probe 472

predictions for each token, and we analyzed the 473

distribution of probe values across all tokens to 474

characterize how fine-tuning affected the overall 475

representation space. 476

Our results reveal that fine-tuning increases 477

mean probe values when measured with probes 478

trained on fine-tuned representations. Distribution 479

analysis demonstrated that while mean values in- 480

creased, the separation between AD and Control 481

samples was maintained, with AD samples consis- 482

tently showing higher probe values than Control 483

samples across both vanilla and fine-tuned models. 484

Token-level difference analysis showed selective 485

changes, with certain tokens (particularly marker 486

tokens and content words) exhibiting larger differ- 487

ences, indicating that fine-tuning learned to empha- 488

size or de-emphasize specific linguistic patterns. 489

5.1 Probes Training 490

We conducted a layerwise probing experiment in 491

which a simple classifier was trained on the acti- 492

vation extracted from each layer. We use a simple 493

linear model referred to as a probe that maps the 494

model’s internal representations to a single scalar 495

value. Importantly, this probe is not trained to di- 496

agnose Alzheimer’s disease, but instead defines a 497
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Figure 2: Progression of probe performance metrics
across successive model layers.

direction in the model’s representation space.498

Each training example consists of a full tran-499

script as input and an associated label as output.500

The probe uses the activation extracted from layers501

at the last token position of each transcript as the502

input feature. For every layer l, we collected the503

activation produced in response to the same fixed504

dataset and trained an identical probe classifier to505

predict the target labels. Each probe was evaluated506

using accuracy, F1, precision, and recall to capture507

complementary aspects of predictive performance.508

In Figure 2, we show the progression of probe509

performance metrics across successive model lay-510

ers. All metrics except recall exhibit overall im-511

provement with increasing depth, indicating that512

later layers encode more AD-relevant linguistic in-513

formation. We observe that across evaluation met-514

rics, probes trained on representations from layer515

14 consistently achieve the strongest performance,516

and their training loss converges more reliably than517

probes trained on other layers. Based on this em-518

pirical evidence, we select the representations from519

layer 14 for subsequent analysis. These results520

suggest that representations at this layer encode521

AD-related linguistic variation in a form that is522

particularly linearly accessible to a simple probe,523

providing an AD linguistic direction. This direc-524

tion can be used as a measurement tool: projecting525

internal representations onto this direction reveals526

how strongly a given token’s representation aligns527

with the features captured by the probe.528

5.2 Probing Representation529

After training, we use the probe not as a classifier,530

but instead as a measurement axis for AD linguis-531

tic direction. We apply the same linear mapping532

to the internal representations of every generated533

token in unseen transcripts. This produces a scalar534

Figure 3: Token probing value distribution.

value for each token, indicating how strongly that 535

token’s representation aligns with the learned di- 536

rection. Crucially, these token-level values are not 537

interpreted as “this token is AD-related.” Instead, 538

they indicate the degree to which the model’s inter- 539

nal state at that moment aligns with the probe direc- 540

tion. Aggregating these values across tokens yields 541

a distribution that characterizes how a group of 542

transcripts is represented internally by the model. 543

We perform our probing analysis on two models: 544

(1) a vanilla (pretrained) language model, and (2) 545

a fine-tuned model trained for AD detection. We 546

find in Figure 3 that fine-tuning does not merely im- 547

prove predictions on AD detection but reshapes the 548

internal representation space of the model. Specif- 549

ically, fine-tuning aligns AD-related linguistic in- 550

formation in the representation along a coherent 551

direction that is consistently expressed across to- 552

kens. Importantly, this does not imply that the 553

model has learned an explicit or interpretable “AD 554

concept.” Rather, it suggests that fine-tuning consol- 555

idates multiple subtle linguistic patterns of fluency, 556

lexical choice, or syntactic structure into a unified 557

representational pattern. 558

We show an example result from our token rep- 559

resentation analysis in Figure 4, quantifying how 560

fine-tuning changes the AD-related signal strength 561

for individual tokens by comparing probe predic- 562

tions before and after fine-tuning. We set the prob- 563

ing value change threshold as 0.02, and the Color 564

intensity corresponds to the magnitude of change. 565

We find that some words’ and markers’ representa- 566

tions changed substantially after fine-tuning. This 567

analysis provides fine-grained insights into which 568

linguistic elements the model learns to emphasize 569

or de-emphasize during fine-tuning. The probe 570

7



Figure 4: This figure shows the token probing value
difference before and after fine-tuning

identifies a latent representational direction along571

which AD-related linguistic variation is expressed572

in the base language model, and token-level projec-573

tions along this direction highlight regions of text574

where such variation is most strongly manifested.575

Based on this empirical observation, we manually576

make an AD linguistic marker set and use it to train577

a T5 model as a data synthesis tool. The linguistic578

marker set is in Appendix Table 3.579

5.3 Data Sythesis with T5 Model580

PHASE 1: TRAINING (FINE-TUNING)

Training Input
(Plain Text)

T5 Model
(Fine-Tuning)

Training Target
(Marked Text)

Supervised
Learning

PHASE 2: DATA SYNTHESIS

Unlabeled Input
(Plain Text)

Trained T5
(Generator)

Synthetic Output
(Marked Text)Generation

Weights Transfer

Figure 5: T5 marker pipeline

To operationalize insights obtained from the581

probing analysis, we finally employed a T5 model582

as a data synthesis tool. We first removed all spe-583

cial markers in the training subset, resulting in584

plain transcripts without any speech metadata. We585

trained the model on the training subset to map the586

plain data to richer, marked data, and evaluated the587

model by using T5 to generate synthetic data on the588

cleaned evaluation subset. We then used the fine-589

tuned llama3.2-1b-Instruct model to classify this590

synthetic data. We say the synthetic data belongs to591

the same dataset as the original dataset if the model592

performs similarly on both the original dataset and593

the synthetic dataset, and when using the probe to594

investigate the distribution of token representation,595

both datasets show similar distributions.596

Figure 6: Token probing value distribution.

We then train a T5 model to rewrite text using 597

these markers, so we can generate new sentences in 598

a controlled way that reflect the patterns related to 599

AD-related features in the model’s representations. 600

601

Our experiments show that the fine-tuned Llama 602

model can achieve 0.8417 accuracy, 0.8621 preci- 603

sion, 0.9569 recall, and 0.9070 F1, which is com- 604

parable to the results in Table 1. Additionally, the 605

token distribution is illustrated in Figure 6, display- 606

ing a similar mean value and standard deviation. 607

These experimental observations suggest that the 608

synthesic data distribution is similar to the original 609

data distribution. This framework provides a way 610

to empirically synthesize data with AD linguistic 611

features from plain text. 612

6 Conclusion 613

In this study, we demonstrate that adapting LLMs 614

to the AD domain through SFT is both feasible and 615

effective. Through probing analysis of the model’s 616

representations, we find that, after fine-tuning, the 617

probing values of certain words and special mark- 618

ers change substantially, indicating that these ele- 619

ments play a central role in the improved AD de- 620

tection performance. Building on this insight, we 621

curate a set of task-aware special markers and de- 622

velop a sequence-to-sequence data-synthesis model 623

that leverages these markers to generate structurally 624

consistent and diagnostically meaningful synthetic 625

samples. 626

7 Limitations 627

Despite the encouraging results, several limitations 628

remain. First, the AD dataset used for fine-tuning 629

is small and may not fully represent the linguistic 630

diversity of real clinical populations. Future work 631

should incorporate larger, multilingual, and more 632

clinically diverse corpora to ensure robustness and 633

fairness. 634

Second, while contrastive learning was included 635

to enhance representational separability, results 636

8



indicate that naive integration of contrastive ob-637

jectives can destabilize language-modeling per-638

formance. More principled approaches, such as639

curriculum-based contrastive sampling, patient-640

level contrastive signals, or layer-wise represen-641

tation alignment, may yield better synergy between642

discriminative and generative objectives.643

Third, evaluation primarily focuses on binary644

classification metrics, which may not fully capture645

clinically meaningful performance. Downstream646

evaluations involving explainability, error analysis,647

and alignment with clinical assessment protocols648

are needed to ensure that LLM-based detectors649

behave safely and transparently.650

Finally, this work does not explore parameter-651

efficient tuning strategies that could further alle-652

viate catastrophic forgetting. Future directions653

include testing methods such as LoRA-based654

adapters, rehearsal-free continual learning, or regu-655

larization techniques tailored for long-form linguis-656

tic cognition tasks. Overall, expanding the dataset,657

refining loss formulations, and developing more658

clinically grounded evaluation frameworks will be659

critical for making AD detection with LLMs both660

reliable and practically deployable.661
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A SFT Loss1001

B Special Markers1002

A short excerpt from a DementiaBank transcript1003

illustrates these conventions:1004

*PAR: The boy is = is taking cookies.1005

%mor: pro|The n|boy v|be aux|is v|take1006

n|cookie1007

*INV: What is he doing?1008

*PAR: ((points to the picture)) I don't1009

know.1010

*PAR: He uh uh ((laughs)) is taking1011

cookies?1012

In this example, *PAR: and *INV: denote the par-1013

ticipant and interviewer, = indicates repetition, uh1014

uh represents hesitation, and ((laughs)) captures1015

nonverbal behavior. Such detailed annotations al-1016

low researchers to analyze speech patterns, lexical1017

retrieval, and cognitive markers, which are particu-1018

larly relevant in studies of dementia.1019

C Linguistic Marker Set1020
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Figure 7: Llama SFT loss.

Symbol / Mark Meaning Example

*PAR: / *INV: Speaker label *PAR: = participant, *INV: = interviewer
[...] Unintelligible speech I went to the [...] yesterday.
xxx Unintelligible word He xxx the cookies.
? Uncertain transcription I saw a dog?
((...)) Non-verbal actions ((laughs)), ((coughs))
= Repetition / continuation I = I went there.
%mor: Morphosyntactic tier pro|The n|boy v|be
%com: Comment / notes Optional researcher annotations

Table 2: Common CHAT special marks in DementiaBank transcripts.

Pattern Regex Example Markers Description

1 &-\w+ &-uh, &-um Filled pauses
2 &=\w+[:\w]* &=clears_throat, &=sighs Non-verbal sounds
3 \[\+\s*[^\]]*\] [+ gram], [+ exc] Grammatical/exclamation
4 \[/?/?\] [/], [//] Retracing
5 \[:\s*[^\]]*\] [: word], [: ...] Replacement
6 <[^>]*> <...>, <word> Uncertain/omitted
7 \[[^\]]*\] [word], [xxx] Any brackets
8 \+\<+\>| +<, +> Other markers
9 \(\.+\) (.), (..), (...) Pause markers
10 \bxxx\b xxx Unintelligible

Table 3: Linguistic marker set.
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