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Abstract

Reliable early detection of Alzheimer’s disease
(AD) is challenging, particularly due to lim-
ited availability of labeled data. While large
language models (LLMs) have shown strong
transfer capabilities across domains, adapting
them to the AD domain through supervised
fine-tuning remains largely unexplored. In this
work, we fine-tune an LLM for AD detection
and investigate how task-relevant information
is encoded within its internal representations.
We employ probing techniques to analyze inter-
mediate activations across transformer layers,
and we observe that, after fine-tuning, the prob-
ing values of specific words and special mark-
ers change substantially, indicating that these
elements assume a crucial role in the model’s
improved detection performance. Guided by
this insight, we design a curated set of task-
aware special markers and train a sequence-to-
sequence model as a data-synthesis tool that
leverages these markers to generate structurally
consistent and diagnostically informative syn-
thetic samples. We evaluate the synthesized
data both intrinsically and by incorporating it
into downstream training pipelines.

1 Introduction

Alzheimer’s disease (AD) leads to progressive cog-
nitive decline and poses a major burden on patients
and caregivers (Skaria, 2022), and early detection
of AD is increasingly crucial to enable both timely
intervention and improve patient outcomes as pop-
ulations age globally (de la Fuente Garcia et al.,
2020). Recently, LLMs have demonstrated suc-
cess at a myriad of downstream tasks through fine-
tuning on task-relevant datasets, thus allowing them
to combine the wealth of knowledge learned dur-
ing pre-training with more task-specific details (Hu
et al., 2022; Dettmers et al., 2023). This creates
promise for advanced, Al-enabled solutions to chal-
lenging problem domains, including those related
to healthcare problems growing in prevalence, such

as AD (Farzana and Parde, 2024; Han et al., 2025;
Li et al., 2025a). However, fine-tuning language
models within the AD domain is currently very un-
derexplored (Zhang et al., 2025; Hou et al., 2025;
Li et al., 2025b; Dhinagar et al., 2025).

Current methods for Al-enabled AD detection
rely on standardized linguistic and cognitive assess-
ments and face challenges in accuracy and scal-
ability (Martinc and Pollak, 2020; Balagopalan
et al., 2020; Yuan et al., 2020; Li et al., 2021; Roha-
nian et al., 2021; Farzana and Parde, 2022, 2023).
The rapid advancement of large language models
(LLMs) presents a promising opportunity to lever-
age their strong linguistic understanding for this
clinical application, but fine-tuning LLMs for AD
detection remains underexplored, in large part due
to the limited availability of labeled clinical data
(Duan et al., 2023). Addressing these challenges
can not only enhance diagnostic tools for AD but
can also contribute to broader research on how
LLMs can be effectively adapted to specialized,
low-resource clinical tasks without compromising
their general language understanding.

Research on other language tasks has demon-
strated that supervised fine-tuning (SFT) allows
models to learn directly from curated examples
that reflect the desired outputs, improving reliabil-
ity, consistency, and alignment with domain expec-
tations or usage goals (Wei et al., 2022b; Harada
et al., 2025). This process not only enhances task
performance and reduces unpredictable behavior,
but also enables efficient domain adaptation, safety
and policy alignment, and personalization without
requiring that the model is retrained from scratch
(Chung et al., 2024; OpenAl et al., 2024; Ouyang
et al., 2022; Peng et al., 2023). In this work, we
comprehensively study the use of fine-tuned LLMs
for AD detection, and the extent to which they en-
code meaningful information pertaining to AD. We
find that fine-tuning leads to pronounced shifts in
probe values for certain lexical items and for spe-
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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,
repetitions, and unintelligible speech), suggesting
that these elements constitute key signals underly-
ing the model’s improved AD detection capability.
Crucially, our token-level representation analysis
provides an avenue for data synthesis: by identi-
fying and inserting AD-relevant linguistic mark-
ers into plain text, we can generate synthetic tran-
scripts that exhibit AD-related linguistic features.
Guided by this insight, we preprocess AD tran-
scripts from publicly available datasets and fine-
tune a TS model in a sequence-to-sequence man-
ner to learn to transform text-only transcripts to
richer transcripts with AD-relevant speech and dis-
fluency markers. Thus, overall our contributions
are fourfold: (1) we investigate the use of SFT
in the AD domain, achieving competitive perfor-
mance on standard AD detection benchmarks; (2)
we train linear probes on LLM representations
to capture and quantify AD-related linguistic infor-
mation; (3) we conduct token-level probe-based
analysis to identify representations and tokens that
are most informative for AD classification; and (4)
we propose a sequence-to-sequence data synthe-
sis method to generate text exhibiting linguistic
features characteristic of Alzheimer’s disease.

2 Related Work

2.1 Alzheimer’s Disease Detection

A relatively large body of work within the NLP
community has studied AD detection from differ-
ent angles, with prior work focusing mainly on
prompt construction (Wang et al., 2023; Farzana
and Parde, 2024), model choice (Di Palo and Parde,
2019), and multi-step system design (Ye et al.,
2021; Wang et al., 2022). Some work has lever-
aged speech-based approaches that extract acous-

tic and prosodic features to distinguish AD pa-
tients from healthy controls (Ding et al., 2024;
El Hallani et al., 2025), while others have used
speech—language hybrid methods combining lin-
guistic and acoustic cues to better capture cogni-
tive decline (Shi et al., 2023). Other work has
explored language-only LLM frameworks that ana-
lyze discourse structure and lexical patterns using
pretrained models (Zhang et al., 2025; Hou et al.,
2025; Li et al., 2025b) and vision—language models
for multimodal detection (Dhinagar et al., 2025).
Overall, these studies emphasize system design
and performance, seeking to gradually move the
dial forward on overall AD detection performance
according to standardized metrics and benchmark
datasets. They have paid less attention to how AD-
related information is encoded within model repre-
sentations. Our work seeks to fill this gap.

2.2 Supervised Fine-tuning

SFT is a widely used approach for adapting pre-
trained LLMs to downstream tasks by training them
on task-specific labeled examples. Early work
demonstrated that fine-tuning pretrained Trans-
formers can yield substantial performance gains
across NLP benchmarks compared with training
models from scratch (Devlin et al., 2019; Radford
et al., 2019). Subsequent research refined SFT
techniques to improve generalization, stability, and
data efficiency, including through instruction tun-
ing to align models with human-written prompts
and task formats (Chung et al., 2022; Wei et al.,
2022a). SFT has also been used as a core com-
ponent in multi-stage alignment pipelines, where
models are first fine-tuned on curated supervised
datasets before further improvement via reinforce-
ment learning from human feedback (RLHF) or
preference optimization (Ouyang et al., 2022; Bai



et al., 2022). Recent work further explores domain-
specific SFT for specialized applications, such as
biomedical and clinical language tasks, demonstrat-
ing that carefully selected, high-quality supervision
can enable strong downstream adaptation even in
low-resource settings (Tran et al., 2024; Singhal
et al., 2023).

2.3 Linear probes

Finally, recent advances in natural language pro-
cessing reveal that linguistic and stylistic concepts
often manifest as linear features within the high-
dimensional spaces of language model represen-
tations. Mikolov et al. (2013) first demonstrated
that word embeddings learned by neural language
models capture syntactic and semantic regularities
through nearly constant vector offsets, enabling
analogical reasoning (e.g., the popular example
king — man + woman =~ queen). Building on this
empirical foundation, Park et al. (2024) formal-
ized the Linear Representation Hypothesis, defin-
ing what it means for concepts to be linearly rep-
resented in both input (embedding) and output
(unembedding) spaces. They connected these no-
tions respectively to intervention and measurement,
and introduced a causal inner product that aligns
concept subspaces and respects semantic indepen-
dence. Gurnee and Tegmark (2024), Kim et al.
(2025), and Nanda et al. (2023) used linear probes
to measure the concepts encoded in the representa-
tions of LLMs including space, time and political
concepts, and show evidence of the linear repre-
sentation hypothesis. In our work, we apply linear
probes to estimate the direction associated with AD
in the model’s representations and to measure the
extent to which AD-related information is captured
in the token-level representations.

3 Methodology

In this work, we explore the performance of SFT
with LLMs for AD detection. We also investigate
how the concept of AD is encoded within the in-
ternal representations of LLMs and how it can be
quantitatively measured. Building on evidence that
concepts are linearly encoded in representation and
can be detected (Mikolov et al., 2013; Park et al.,
2024; Gurnee and Tegmark, 2024; Nanda et al.,
2023; Kim et al., 2025), we train linear probes on
LLM hidden states to predict AD-specific labels,
yielding probes that isolate features in the repre-
sentations relevant to AD. Using these probes, we

examine token-level activations in AD transcripts
and identify the tokens that are most informative
for downstream AD classification when processed
by the models.

3.1 Problem Description

Our goal is to identify a fine-tuning framework
that promotes strong LLM performance on both a
specialized healthcare domain and, more broadly,
within the general knowledge domain. We cast
AD detection as a classification problem; given a
transcript T from an AD or healthy control pa-
tient, the LL.M’s task is to predict to which group
the patient belongs. Within the present scope, we
assume access to a dataset with transcriptions of au-
diorecorded interviews, with each transcript having
a binary AD label (AD or healthy control).

3.2 Supervised Finetuning Loss

We use a standard cross-entropy loss to demon-
strate the baseline performance of SFT. We then
add a contrastive learning loss term (Gao et al.,
2021; Su et al., 2022; Jain et al., 2023; Kumar
et al., 2023; Gong et al., 2025; Klein and Nabi,
2025) to let the language model learn differences
in representation space to enhance its discrimina-
tive ability. Separately, we investigate the use of a
focal loss term due to its reported ability to handle
unbalanced features in prior work (Lin et al., 2017;
Huang et al., 2021). The last loss that we study,
label smoothing, transforms the prediction label
from a one-hot encoding into a softer label (e.g.,
[0,1] into [0.05, 0.95]), preventing the model from
becoming overconfident about the training labels.

Standard SFT (Cross-Entropy Loss). Standard
SFT employs cross-entropy (CE) loss to maximize
the likelihood of the ground-truth labels:

C
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s where y; denotes the one-hot encoded ground-
truth label and p; is the predicted probability for
class i.

Standard SFT with Contrastive Loss. This set-
ting augments CE loss with a contrastive learning
objective to improve representation separability:

Lioa = (1 — ) - Lim+ - Loo 2

where A controls the contribution of the con-
trastive term. We adopt the contrastive learning
loss(Chopra et al., 2005):
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The embeddings x; and x3 are d-dimensional
vectors from the last token’s hidden state of the
final layer, paired within a batch (even indices with
odd indices). The label y is binary: 0 for same
class, 1 for different class, derived from comparing
the original labels. The distance d is the Euclidean
distance between the two embeddings. The margin
m is a positive hyperparameter (default 1.0) that
sets the minimum required separation for different-
class pairs.

Focal Loss. Focal loss down-weights easy exam-
ples and emphasizes hard samples during training:
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where v > 0 is the focusing parameter.

Label Smoothing. Label smoothing regularizes
training by softening hard target labels:
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where € € [0, 1] is the smoothing factor.

3.3 Probing

After studying the performance of SFT for AD
detection, we investigate internal LLLM representa-
tions of linguistic information and their relevance to
AD using probing methods. By training probes on
representations related to AD, we acquire probes
that represent the direction of AD at the linguis-
tic level. We then measure how strongly the AD
concept is expressed in the representation.

Probes are diagnostic models used to analyze
the linguistic and semantic information encoded in
the hidden representations of pretrained language
models. Letting 7 € R? denote a hidden represen-
tation extracted from a specific layer for an input
token or sentence, a probe is a lightweight func-
tion fy trained to predict a linguistic property y
(e.g., part-of-speech tags, syntactic dependencies,

or semantic roles) from h. The standard probing ob-
jective minimizes a supervised loss over a labeled
dataset Dprope:

ﬁprobe(¢) = E(h,y)NDpwbe [f(f(;g(h), y)] , (D

where /(-) is an appropriate loss (e.g., squared
error for regression or cross-entropy for classifica-
tion). Following Gurnee and Tegmark (2024), we
train the linear probes using Mean Squared Error
(MSE) loss together with L2 regularization, also
known as Ridge regression:

£ = IMSE + Avidge * Lridge (3
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where N is the number of training samples,
y; € {0,1} is the true label for sample i (0 =
Healthy Control, 1 = AD), g; is the probe predic-
tion for sample ¢ (raw regression output, before
sigmoid), W = [wy, ws, ..., wy] are the weights
of the linear probe head, d is the hidden size of the
representation, and Asgge 18 the ridge regularization
coefficient.

4 Experiments

4.1 Experimental Settings

Hyperparameters. For SFT experiments, we
employ a consistent set of general training hyper-
parameters across all loss functions: a learning rate
of 2e-5, per-device batch size of 4 with gradient
accumulation of 4 steps, yielding an effective batch
size of 16, and 10 training epochs. For the standard
cross-entropy loss, no additional loss-specific pa-
rameters are required. The label smoothing loss in-
troduces a single hyperparameter, the label smooth-
ing factor set to 0.1, which applies 10% smooth-
ing to the target labels to improve generalization.
The focal loss configuration includes two param-
eters: focal_alpha =0.25 to weight the rare class
and focal_gamma=2.0 to focus learning on hard
examples, making it particularly effective for han-
dling class imbalance. Finally, the contrastive learn-
ing loss combines the standard language modeling



loss with a contrastive component using a weighted
sum, controlled by contrastive_alpha =0.1 which
determines the mixing ratio between the two loss
components, along with a contrastive margin of 1.0
for the triplet loss formulation.

Data. We use the DementiaBank (Becker et al.,
1994) dataset for our experiments. DementiaBank
is a widely used resource for research on cognitive
decline, particularly Alzheimer’s disease, and is
part of the broader TalkBank project, which pro-
vides standardized corpora for the study of hu-
man communication. DementiaBank contains au-
dio recordings and corresponding transcriptions of
participants performing structured language tasks,
with the most commonly employed task being
the Cookie Theft picture description task from
the Boston Diagnostic Aphasia Examination. The
dataset includes speech samples from individuals
diagnosed with AD as well as age-matched healthy
controls, enabling comparative analyses of linguis-
tic and cognitive patterns. Transcriptions in De-
mentiaBank follow the CHAT (Codes for the Hu-
man Analysis of Transcripts) format, which is de-
signed to encode both verbal and non-verbal speech
features systematically. Each line begins with a
speaker label (e.g., *PAR: for participant, *INV:
for interviewer) and may include additional tiers
such as %mor: for morphosyntactic annotation or
%com: for researcher comments. Special marks in
the CHAT format capture critical aspects of speech,
including pauses, repetitions, nonverbal actions,
and unintelligible segments. Table 2 summarizes
commonly used annotations.

Other Modeling Details. We use llama3-1b-
instruct(Meta Al, 2024) and qwen-2.5-1.5b-instruct
as the backbone models(Qwen Team, 2024). We
experiment with each loss function condition on
both backbone models.There are 1044 AD data
points and 247 control data points. We split the
dataset into 80/20 for training/evaluation. All ex-
periments use the same base training configuration,
with only the loss-specific parameters varying to
enable fair comparison across different loss func-
tion strategies. We conducted all experiments using
four A100 PClIe GPUs, each equipped with 40 GB
of memory. Fine-tuning a single model on one
GPU takes approximately 9 minutes. Perplexity
evaluation requires about 3 minutes per model on
a single GPU, while the AD detection task takes
roughly 12 minutes per model per round on a single
GPU.

4.2 Supervised Fine-tuning Results

Figure 7 compares total loss trajectories during
language-model fine-tuning across multiple experi-
mental runs for all four SFT loss conditions. This
figure illustrates the training loss over successive
epochs, where all runs exhibit a consistent down-
ward trend, indicating stable optimization and effec-
tive learning. Despite minor differences in initial
loss values, the curves converge toward similarly
low training losses by the final epochs. However,
the detection performance of this method is poor.
In Table 1, by evaluating their impact under identi-
cal fine-tuning conditions, we quantify how each
objective influences the model’s learning dynamics
and downstream performance.

The experimental results reveal notable differ-
ences in model behavior depending on the chosen
loss function. In terms of classification metrics,
label smoothing and standard CE perform compet-
itively. Label smoothing delivers a high accuracy
at 0.853, the highest recall at 0.975, and achieves
an F1=0.919, placing it among the top-performing
methods. Standard CE also achieves an accuracy
of 0.868, while also demonstrating strong precision
of 0.881 and recall of 0.96.

CE with a contrastive learning term underper-
forms across all metrics except recall, where it
reaches 1.0 but fails to maintain balanced precision
at 0.772, leading to the lowest F;=0.875 and also
a low accuracy at 0.772. This suggests that con-
trastive fine-tuning may distort token or representa-
tion distributions, harming prediction consistency.
Finally, focal loss yields reasonable recall at 0.94
and F1=0.902, but trails behind label smoothing
and CE. It provides moderate improvements over
CE in some metrics, but does not surpass label
smoothing in any category.

Label smoothing achieves a low perplexity at
36.79, indicating that it produces the most stable
and calibrated next-token probability distribution
among the four approaches. In contrast, CE and
CE with contrastive learning exhibit extremely high
perplexity at 39.76 and 283,439, respectively, sug-
gesting training instability or overfitting to the su-
pervised objective without adequately modeling
the token distribution. Focal loss shows moderate
perplexity at 1806.18, outperforming CE but still
substantially worse than label smoothing.

Integrating pairwise contrastive learning into
CE degrades perplexity and overall classification
quality, implying a misalignment between con-



Model + Loss Function PPL Accuracy Precision Recall Fi

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)
TS5 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-
tives in this setup. These findings show that la-
bel smoothing consistently balances likelihood-
based and classification-based performance, while
CE retains strong discriminative ability but suf-
fers from worse perplexity. Contrastive learn-
ing introduces instability that negatively impacts
language-modeling quality. Overall, label smooth-
ing emerges as the most robust and effective loss
function for SFT, striking the best balance between
perplexity and downstream predictive performance.

We report the performance of the Llama and
Qwen models. Although Qwen generally achieves
lower perplexity than Llama, its accuracy is lower.
Therefore, we do not select Qwen as our final
model. We also include smaller models such as
T5 and BERT as baselines. While these discrimina-
tive (BERT) and sequence-to-sequence (T5) mod-
els achieve higher accuracy than Llama in our ex-
periments, we evaluate Llama to explore the extent
to which a causal language model can perform in
the context of Alzheimer’s disease detection. Our
results show that, despite its lower task-specific
performance, Llama remains competitive and of-
fers desirable properties for broader generative and
discourse-level modeling.

S Probing Analyses

To understand how fine-tuning changes the model’s
internal representations of AD-related linguistic
patterns, we conducted token-level probe analy-
sis comparing vanilla and fine-tuned models. Our
methodology involved training linear probes on

layer-specific representations from the fine-tuned
model, which was trained with a label smoothing
loss. We then selected the best probe by compar-
ing classification metrics and applied the probe to
extract token-level probe values from evaluation
transcripts. We computed the difference between
fine-tuned and vanilla model representation probe
predictions for each token, and we analyzed the
distribution of probe values across all tokens to
characterize how fine-tuning affected the overall
representation space.

Our results reveal that fine-tuning increases
mean probe values when measured with probes
trained on fine-tuned representations. Distribution
analysis demonstrated that while mean values in-
creased, the separation between AD and Control
samples was maintained, with AD samples consis-
tently showing higher probe values than Control
samples across both vanilla and fine-tuned models.
Token-level difference analysis showed selective
changes, with certain tokens (particularly marker
tokens and content words) exhibiting larger differ-
ences, indicating that fine-tuning learned to empha-
size or de-emphasize specific linguistic patterns.

5.1 Probes Training

We conducted a layerwise probing experiment in
which a simple classifier was trained on the acti-
vation extracted from each layer. We use a simple
linear model referred to as a probe that maps the
model’s internal representations to a single scalar
value. Importantly, this probe is not trained to di-
agnose Alzheimer’s disease, but instead defines a



Metrics Comparison Across Layers

—— Accuracy
Recall
—— Flscore

095

Metric Value

080

Layer

Figure 2: Progression of probe performance metrics
across successive model layers.

direction in the model’s representation space.

Each training example consists of a full tran-
script as input and an associated label as output.
The probe uses the activation extracted from layers
at the last token position of each transcript as the
input feature. For every layer [, we collected the
activation produced in response to the same fixed
dataset and trained an identical probe classifier to
predict the target labels. Each probe was evaluated
using accuracy, Fy, precision, and recall to capture
complementary aspects of predictive performance.

In Figure 2, we show the progression of probe
performance metrics across successive model lay-
ers. All metrics except recall exhibit overall im-
provement with increasing depth, indicating that
later layers encode more AD-relevant linguistic in-
formation. We observe that across evaluation met-
rics, probes trained on representations from layer
14 consistently achieve the strongest performance,
and their training loss converges more reliably than
probes trained on other layers. Based on this em-
pirical evidence, we select the representations from
layer 14 for subsequent analysis. These results
suggest that representations at this layer encode
AD-related linguistic variation in a form that is
particularly linearly accessible to a simple probe,
providing an AD linguistic direction. This direc-
tion can be used as a measurement tool: projecting
internal representations onto this direction reveals
how strongly a given token’s representation aligns
with the features captured by the probe.

5.2 Probing Representation

After training, we use the probe not as a classifier,
but instead as a measurement axis for AD linguis-
tic direction. We apply the same linear mapping
to the internal representations of every generated
token in unseen transcripts. This produces a scalar
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Figure 3: Token probing value distribution.

value for each token, indicating how strongly that
token’s representation aligns with the learned di-
rection. Crucially, these token-level values are not
interpreted as “this token is AD-related.” Instead,
they indicate the degree to which the model’s inter-
nal state at that moment aligns with the probe direc-
tion. Aggregating these values across tokens yields
a distribution that characterizes how a group of
transcripts is represented internally by the model.

We perform our probing analysis on two models:
(1) a vanilla (pretrained) language model, and (2)
a fine-tuned model trained for AD detection. We
find in Figure 3 that fine-tuning does not merely im-
prove predictions on AD detection but reshapes the
internal representation space of the model. Specif-
ically, fine-tuning aligns AD-related linguistic in-
formation in the representation along a coherent
direction that is consistently expressed across to-
kens. Importantly, this does not imply that the
model has learned an explicit or interpretable “AD
concept.” Rather, it suggests that fine-tuning consol-
idates multiple subtle linguistic patterns of fluency,
lexical choice, or syntactic structure into a unified
representational pattern.

We show an example result from our token rep-
resentation analysis in Figure 4, quantifying how
fine-tuning changes the AD-related signal strength
for individual tokens by comparing probe predic-
tions before and after fine-tuning. We set the prob-
ing value change threshold as 0.02, and the Color
intensity corresponds to the magnitude of change.
We find that some words’ and markers’ representa-
tions changed substantially after fine-tuning. This
analysis provides fine-grained insights into which
linguistic elements the model learns to emphasize
or de-emphasize during fine-tuning. The probe
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identifies a latent representational direction along
which AD-related linguistic variation is expressed
in the base language model, and token-level projec-
tions along this direction highlight regions of text
where such variation is most strongly manifested.
Based on this empirical observation, we manually
make an AD linguistic marker set and use it to train
a TS5 model as a data synthesis tool. The linguistic
marker set is in Appendix Table 3.

5.3 Data Sythesis with TS Model

PHASE 1: TRAINING (FINE-TUNING)

T5 Model Supervised |
(Fine-Tuning) Learning 7|

Training Input
(Plain Text)

Training Target
(Marked Text)

PHASE 2: DATA SYNTHESIS

}_,

Figure 5: T5 marker pipeline

Trained T5
(Generator)

Synthetic Output

Unlabeled Input |
‘ Generation-»| (Marked Text)

(Plain Text)

To operationalize insights obtained from the
probing analysis, we finally employed a TS model
as a data synthesis tool. We first removed all spe-
cial markers in the training subset, resulting in
plain transcripts without any speech metadata. We
trained the model on the training subset to map the
plain data to richer, marked data, and evaluated the
model by using TS to generate synthetic data on the
cleaned evaluation subset. We then used the fine-
tuned llama3.2-1b-Instruct model to classify this
synthetic data. We say the synthetic data belongs to
the same dataset as the original dataset if the model
performs similarly on both the original dataset and
the synthetic dataset, and when using the probe to
investigate the distribution of token representation,
both datasets show similar distributions.

Distribution of Probe Values: Control vs AD

= Control (Label=0)
AD (Label=1)

0.60 0.65
Probe Prediction Value

Figure 6: Token probing value distribution.

We then train a T5 model to rewrite text using
these markers, so we can generate new sentences in
a controlled way that reflect the patterns related to
AD-related features in the model’s representations.

Our experiments show that the fine-tuned Llama
model can achieve 0.8417 accuracy, 0.8621 preci-
sion, 0.9569 recall, and 0.9070 F;, which is com-
parable to the results in Table 1. Additionally, the
token distribution is illustrated in Figure 6, display-
ing a similar mean value and standard deviation.
These experimental observations suggest that the
synthesic data distribution is similar to the original
data distribution. This framework provides a way
to empirically synthesize data with AD linguistic
features from plain text.

6 Conclusion

In this study, we demonstrate that adapting LL.Ms
to the AD domain through SFT is both feasible and
effective. Through probing analysis of the model’s
representations, we find that, after fine-tuning, the
probing values of certain words and special mark-
ers change substantially, indicating that these ele-
ments play a central role in the improved AD de-
tection performance. Building on this insight, we
curate a set of task-aware special markers and de-
velop a sequence-to-sequence data-synthesis model
that leverages these markers to generate structurally
consistent and diagnostically meaningful synthetic
samples.

7 Limitations

Despite the encouraging results, several limitations
remain. First, the AD dataset used for fine-tuning
is small and may not fully represent the linguistic
diversity of real clinical populations. Future work
should incorporate larger, multilingual, and more
clinically diverse corpora to ensure robustness and
fairness.

Second, while contrastive learning was included
to enhance representational separability, results



indicate that naive integration of contrastive ob-
jectives can destabilize language-modeling per-
formance. More principled approaches, such as
curriculum-based contrastive sampling, patient-
level contrastive signals, or layer-wise represen-
tation alignment, may yield better synergy between
discriminative and generative objectives.

Third, evaluation primarily focuses on binary
classification metrics, which may not fully capture
clinically meaningful performance. Downstream
evaluations involving explainability, error analysis,
and alignment with clinical assessment protocols
are needed to ensure that LLM-based detectors
behave safely and transparently.

Finally, this work does not explore parameter-
efficient tuning strategies that could further alle-
viate catastrophic forgetting. Future directions
include testing methods such as LoRA-based
adapters, rehearsal-free continual learning, or regu-
larization techniques tailored for long-form linguis-
tic cognition tasks. Overall, expanding the dataset,
refining loss formulations, and developing more
clinically grounded evaluation frameworks will be
critical for making AD detection with LLMs both
reliable and practically deployable.
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A SFT Loss
B Special Markers

A short excerpt from a DementiaBank transcript
illustrates these conventions:

*PAR: The boy is = is taking cookies.
%mor: pro|The n|boy v|be aux|is v]|take
n|cookie

*INV: What is he doing?

*PAR: ((points to the picture)) I don't
know.

*PAR: He uh uh ((laughs)) is taking
cookies?

In this example, *PAR: and *INV: denote the par-
ticipant and interviewer, = indicates repetition, uh
uh represents hesitation, and ((laughs)) captures
nonverbal behavior. Such detailed annotations al-
low researchers to analyze speech patterns, lexical
retrieval, and cognitive markers, which are particu-
larly relevant in studies of dementia.

C Linguistic Marker Set
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Figure 7: Llama SFT loss.
Symbol / Mark ‘ Meaning Example
*PAR: / *INV: Speaker label *PAR: = participant, *xINV: = interviewer
L...] 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 =1 went there.
gmor : Morphosyntactic tier prolThe nlboy vibe
%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]l* &=clears_throat, &=sighs Non-verbal sounds
3 N\+\s*[*\]]*\] [+ gram], [+ exc] Grammatical/exclamation
4 \[/?/N\] /1, 0//1 Retracing
5 \L:\s*[*\1]*\] [: wordl,[: ...] Replacement
6 <[*>]*> <...>, <word> Uncertain/omitted
7 \LEANTT*\] [word], [xxx] Any brackets
8 \H\<+H\>| +<, +> Other markers
9 NEYEAY) (), G GD Pause markers
10 \bxxx\b XXX Unintelligible
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Table 3: Linguistic marker set.
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