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Abstract

Detecting Alzheimer’s disease (AD) from narrative tran-
scripts challenges large language models (LLMs): pre-
training rarely covers this out-of-distribution task, and
all transcript demos describe the same scene, producing
highly homogeneous contexts. These factors cripple both the
model’s built-in task knowledge (task cognition) and its abil-
ity to surface subtle, class-discriminative cues (contextual
perception). Because cognition is fixed after pre-training,
improving in-context learning (ICL) for AD detection hinges
on enriching perception through better demonstration (demo)
sets. We demonstrate that standard ICL quickly saturates, its
demos lack diversity (context width) and fail to convey fine-
grained signals (context depth), and that recent task vector
(TV) approaches improve broad task adaptation by injecting
TV into the LLMs’ hidden states (HSs), they are ill-suited
for AD detection due to the mismatch of injection granu-
larity, strength and position. To address these bottlenecks,
we introduce DA4ICL, a demo-centric anchoring framework
that jointly expands context width via Diverse and Con-
trastive Retrieval (DCR) and deepens each demo’s signal
via Projected Vector Anchoring (PVA) at every Transformer
layer. Across three AD benchmarks, DA4ICL achieves large,
stable gains over both ICL and TV baselines, charting a
new paradigm for fine-grained, OOD and low-resource LLM
adaptation.

Code — https://github.com/Eneverg1veup/DA4ICL
Datasets — https://talkbank.org/dementia
Extended version — https://arxiv.org/abs/2511.06826

Introduction

Large language models (LLMs), trained on massive tex-
tual corpora, have exhibited impressive adaptability across
diverse downstream tasks. Among various adaptation
paradigms, in-context learning (ICL) has proven especially
effective in low-resource settings (Sun et al. 2023), enabling
LLMs to perform new tasks by conditioning on a hand-
ful of demonstrations (demos), without any parameter up-
dates (Luo et al. 2024). The effectiveness of ICL funda-
mentally depends on the task-related knowledge acquired
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by LLMs during pre-training (cognition), and the texz-ro-
label pattern presented in the demos (perception), which
together enable the model to infer task objectives and gen-
eralize from contextual cues (Zhao et al. 2024). In practice,
the model’s task cognition is constrained by pre-training ex-
posure (Yu and Ananiadou 2024), making the construction
(retrieval strategies) and utilization (inference strategies) of
high-quality demo set critical for effective task perception.
In this work, we view the core challenge of ICL as how fo
optimally assemble limited demos to approximate the true
task distribution, aggregating complementary task cues to
maximize LLMs’ perception.

Despite their remarkable adaptability, current ICL frame-
works still encounter fundamental challenges in several
practical scenarios, particularly in tasks characterized by
low-resource conditions (Srinivasan et al. 2024), out-of-
distribution (OOD) shifts (Lin et al. 2020), and vague inter-
class difference. A prime and societally significant exam-
ple of such task is the early detection of Alzheimer’s dis-
ease (AD) from narrative speech or text (Roark et al. 2011).
AD is a devastating neurodegenerative condition that affects
millions worldwide with enormous personal and societal
costs (Deture and Dickson 2019; Kelley and Petersen 2007).
Critically, AD is currently incurable at advanced stages,
making early and reliable detection essential for timely in-
tervention and care. AD detection (Roshanzamir, Aghajan,
and Soleymani Baghshah 2021) requires classifying the cog-
nitive status (AD or healthy control, HC) of participants
(PARs) based on their picture description transcripts. Yet,
there are two parallel and intertwined properties that weaken
both the cognition and perception of LLMs to achieve ef-
fective task adaptation. For task cognition (limited), due
to privacy concerns and collection costs, AD detection has
extremely scarce and closed-source datasets, making it a
typical OOD task with minimal pre-training exposure. For
task perception (poor), as all PARs describe the same scene,
there exists pervasive semantic homogeneity caused by
highly similar transcripts even across classes, contributing to
weak and ambiguous text-to-label patterns in given demos.
Moreover, conventional ICL retrieval strategies are typically
limited to a single aspect, most commonly semantic similar-
ity (Liu et al. 2022; Lyu et al. 2022), resulting in demo sets
that lack sufficient diversity and fail to provide the discrim-
inative cues required for accurate AD detection. Similarly,



existing inference strategies, like ensemble voting (Su et al.
2025; Hong et al. 2024; Yu et al. 2024), calibration (Abbas
et al. 2024), are only effective when task-related knowledge
is sufficient or the demo set can optimally simulate the un-
derlying task distribution—a condition rarely satisfied in
AD scenario. As a result, robust task adaptation remains
out of reach for current ICL methods, motivating the need
for more expressive retrieval and demo enrichment mecha-
nisms.
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Figure 1: Schematic comparison of information flow and to-
ken processing in standard ICL versus TV methods.

Recent works (Hendel, Geva, and Globerson 2023) in-
troduced Task Vector (TV) as a rapid task adaptation ap-
proach, which injects latent TV into the hidden states (HSs)
of the test sample (at reasoning token, i.e., —). TV methods
typically split ICL into two stages: 1) extraction, where a
demo set is concatenated with a randomly selected pseudo
sample and the last — token’s HS is extracted as the TV,
and 2) inference, where the label for a test sample is pre-
dicted by injecting this vector into its — token. While effec-
tive for generic tasks(Yang et al. 2025), TV methods present
two fundamental limitations for fine-grained tasks such as
AD detection. First, in ICL, each demo serves as an an-
chor (Wang et al. 2023; Pang et al. 2024), aggregating se-
mantic information and guiding the final prediction. How-
ever, existing TV paradigms are fundamentally test-sample-
centric (see Fig. 1), they inject adaptation signals at the final
— token (i.e., in test sample), discarding the distributed in-
formation encoded in preceding demo anchors and instead
relying on a single, pseudo-sample-derived TV. Such in-
jection paradigm neglects context diversity and fine-grained
cues which are crucial in tasks with subtle inter-class varia-
tion. Second, most TV methods inject TVs via addition or
replacement, directly altering both the direction and mag-
nitude of the HS, which may risk distorting the original se-
mantic information and introduce instability or bias. Con-
sequently, existing TV approaches often fail to deliver reli-
able performance on OOD, low-resource, and fine-grained
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tasks like AD detection.
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Figure 2: Progressive enrichment of demo sets, from plain to
wide and deep, drives more effective and robust in-context
reasoning.

To overcome these limitations of both ICL and TV
paradigms, we propose Demo-centric Anchoring for In-
Context Learning (DA4ICL), a paradigm shift that rethinks
how demo sets are constructed and how task information
is integrated. Our approach is driven by two core motiva-
tions: (1) maximizing demo context width by diversifying
and contrasting the information available to LLM, and (2)
enhancing context depth by reinforcing each demo with
fine-grained and demo-centric signals. As shown in Fig. 2,
DAA4ICL first employs a Diverse and Contrastive Retrieval
(DCR) strategy to construct a context-wide main-demo
set, selecting demos from two complementary perspectives
(i.e., semantic, structural), and broadening the contextual
cues available for adaptation. Next, for each main-demo, a
second-stage retrieval process identifies a set of sub-demos,
enabling us to extract detailed, demo-specific TVs. We then
introduce Projected Vector Anchoring (PVA) mechanism,
which projects these fine-grained TVs into corresponding
— tokens of each main-demo across all Transformer lay-
ers, treating each demo as an anchor for subsequent reason-
ing. Unlike previous test-centric TV approaches, DA4ICL
leaves the test sample token unmodified. During inference,
the LLM naturally aggregates information from all enriched
demo anchors through masked self-attention, thereby en-
hancing both stability and precision. By shifting from a sin-
gle, test-centric injection to a distributed, demo-centric an-
choring paradigm, DA4ICL substantially increases the di-
versity and discriminative value of context available to the
LLM. This enables LLM to leverage more nuanced cues
and improves task perception by addressing both context
width and depth bottlenecks. Experimental results across
three AD detection datasets confirm that our method consis-



tently and significantly outperforms both conventional ICL
and TV baselines, establishing a new paradigm for effective
adaptation in challenging NLP tasks. Our main contributions
are:

* We propose a demo-centric anchoring paradigm that
shifts task information integration from the test token
to each demo anchor, enhancing fine-grained in-context
reasoning.

* We introduce a diverse and contrastive retrieval strat-
egy (DCR) to maximize context width, capturing multi-
dimensional and complementary contextual cues for ro-
bust adaptation.

We design a projection-based, layer-wise anchoring
mechanism (PVA) that deepens context integration by in-
jecting fine-grained task vectors into demo anchors with-
out distorting original semantics.

Related Works

In-Context Learning Methods. Recent studies (Zhao
et al. 2024; Yu and Ananiadou 2024; Kossen, Gal, and Rain-
forth 2024) have highlighted two aspects determining ICL
effectiveness in LLMs: the recognition of task objectives
(task cognition) and leveraging relevant contextual cues
(task perception). Task cognition, defined as the latent task-
specific knowledge acquired during pre-training, fundamen-
tally constrains ICL adaptation, when tasks lack sufficient
pre-training exposure, models often default to superficial la-
bel copying from semantically similar demos (Ali, Wolf,
and Titov 2024). Furthermore, in view of information flow,
Transformer models heavily rely on aggregating semantic
signals at the final token’s HS for inference (Wang et al.
2023; Pang et al. 2024), making the diversity and informa-
tiveness of demos critical for effective adaptation. To ad-
dress these limitations, previous works primarily explored
retrieval strategies based on semantic similarity (Liu et al.
2022; Lyu et al. 2022) and ensemble-based inference (Khal-
ifa et al. 2023; Mojarradi et al. 2024). However, these ap-
proaches remain fundamentally constrained in OOD and
fine-grained tasks like AD detection, where semantically ho-
mogeneous inputs and subtle class distinctions exacerbate
the bottlenecks of existing ICL paradigms on AD detec-
tion (Balamurali and Chen 2024; Li et al. 2025a).

Task Vector Methods. TV methods (Merullo, Eickhoff,
and Pavlick 2024) have recently emerged as an alternative to
ICL, by injecting a task-specific vector directly into LLM’s
HSs. In these approaches (Yang et al. 2025), an LLM’s few-
shot demos are first compressed into a single TV, typically
by extracting the HS at the reasoning token (i.e. the final sep-
arator token — in a prompt that maps inputs to outputs). This
TV is then injected at the corresponding position during test
sample’s forward pass. While effective for broad tasks (Li
et al. 2024; Todd et al. 2024), TV methods face fundamental
limitations in low-resource, OOD, and fine-grained settings
like AD detection. First, existing TV paradigms are based on
single-layer, last-token injection (Dong et al. 2025), assum-
ing the extracted TV captures the full task context, which
is rarely satisfied for tasks that require subtle or distributed
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cues. Pseudo-sample overfitting (Hendel, Geva, and Glober-
son 2023) is another key issue, where TV injection can over-
fit to the idiosyncrasies of the pseudo-sample, neglecting im-
portant distinctions. This is particularly problematic for AD
detection, where nuanced inter-class variations are crucial.
Second, TV injection typically involves addition (Liu et al.
2024a) or replacement (Liu et al. 2024b), modifying both the
direction and magnitude of the HS. This often leads to se-
mantic misalignment, distorting the original meaning and in-
troducing instability or bias, especially when the injected TV
is poorly aligned with the context. These challenges under-
score the need for fine-grained, demo-aware, and projecting-
based injection strategies.

Methodology

Preliminary: Why Test-centric TV Injection Fails. In
decoder-only LLMs, each token’s HS is updated layer by
layer via residual connections (Li et al. 2025b; Saglam et al.
2024):

A =Y £ mha(hl™) + mip(hl ™Y + mha(p{"~")),

M

where mha and mlp denote multi-head attention and feed-

forward modules. This recursive structure enables each layer

to integrate contextual signals from preceding tokens and

layers. At inference, the LLM predicts the next token ;41
via:

P(zi41 | x<¢) = softmax(Wr - him)7 2)

where Wi is the unembedding matrix that maps the last

token’s final-layer HS hEL) to vocabulary logits. This en-
courages existing TV methods to inject TVs into the test —
token at a single layer. However, this test-centric injection is
coarse-grained and prone to overfitting in fine-grained tasks
like AD detection. Since the — tokens in demos act as local
anchors encoding class-specific cues, injecting signals into
them can further enhance demo representation, but shallow-
layer and signals often dissipate through the residual stream.
To preserve their influence, TVs must be anchored across all
layers. These insights motivate our demo-centric, full-layer
anchoring design.

DA4ICL Framework. To address the intrinsic infor-
mation bottleneck and granularity misalignment inherent
in standard ICL and existing TV methods, we propose
DAM4ICL, an enhanced ICL framework combining a novel
retrieval strategy and a refined TV anchoring mechanism.
Our DA4ICL (see Fig. 3) introduces two modules: (1) Di-
verse and Contrastive Retrieval (DCR) to enrich demo
sets along multiple complementary dimensions, and (2)
Projected Vector Anchoring (PVA) to anchor fine-grained,
layer-wise TVs at demo-level — tokens. The DCR module
mitigates the insufficient context width caused by conven-
tional retrieval, while the PVA module realigns the injection
granularity of TVs from test-centric to demo-centric anchor-
ing, ensuring robust and context-deep adaptation for the AD
detection task.

Diverse and Contrastive Retrieval (DCR)

The DCR module aims to construct informative and contex-
tually diverse demo sets in two sequential stages.
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Figure 3: Overview of the DA4ICL framework. Diverse and contrastive demos are selected and enriched via projected vector
anchoring across all Transformer layers to provide both wide and deep context for robust AD detection.

Stage 1: Main-Demo Set Construction (Width Enrich-
ment). For each test sample dycs;, we construct a main-
demo set by retrieving a pair of AD/HC demos under each
of four complementary criteria: (i) semantic similarity, (ii)
semantic dissimilarity, (iii) length similarity, and (iv) length
dissimilarity. Let ¢(d) represent the final-layer HS at the last
— token of demo d, and ¢(d) denote its sequence length.
Formally, for each criterion ¢ € {simo, dis¢, siml, dist}, we
select:

ds = argext fe(dsest, (z,y)),
(z,y)€S,y=AD 3)
d¢ = argext Je(dsest, (z,9)),

(z,y)€ES, y=HC
where ext is max or min according to the criterion ¢, and f,
denotes cosine similarity or length difference accordingly.
The resulting main-demo set Dy, comprises eight demos:

Drain = {d5,d° | ¢ € {simg, dis¢p, siml, disl}}. 4)

Stage 2: Sub-Demo Set Construction (Depth Enrich-
ment). To deepen and enrich the context around each
main-demo d; = (z;,y;) (d; € Dmain), we further retrieve a
set of 8 sub-demos using the same four criteria but centered
on d; itself. The resulting augmented sequence Seq; for each
main demo d; is:

sub

Seq; 5)

where {(z; ;, i, j)}§:1 are the sub-demo set (pre-computed)
providing rich contrast and contextual detail. Crucially, each
main-demo serves as its own pseudo-sample for subsequent
TV extraction, circumventing external pseudo-sample selec-
tion and enhancing representation consistency.

= {%1 — Yily -5 Ti8 7 Yi,8, Ti H}v

Projected Vector Anchoring (PVA)

Existing TV injection methods suffer from two key limi-
tations: (1) they inject at only the test sample’s — token
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(test-centric), neglecting distributed demo cues, and (2) they
use addition or replacement, which distorts both the direc-
tion and magnitude of HSs, risking semantic misalignment.
To address these issues, we propose Projected Vector An-
choring (PVA), a demo-centric, layer-wise, and projection-
based mechanism that ensures every demo anchor mostly
contributes to the LLM’s reasoning at all depths.

Task Vector Extraction. In decoder-only LLMs, the HS
at the last token and last layer overwhelmingly determines
next-token prediction, due to the LLM’s architecture. Sig-
nals injected at earlier positions can easily be washed out
during forward propagation.

Therefore, to ensure that every demo anchor robustly con-
tributes to the test prediction, we anchor TVs at every layer,
making their influence persistent and cumulative throughout
the residual stream. For each main demo d;, we expand it
with sub-demo retrieval (see Eq. 5), and extract the HS at its
— token ¢; of all layers:

—h®

i,t;0 1€:1,...,L, (6)

where tokens in the #; — 1 and #;-th position of Seq "’ ar
{wi, =}, where {;, +} € Seq;"", 2 € Dinain-

Projected and Layer-wise Anchoring. At inference, for
each main-demo d; and each layer ¢, we refine its HS by
projecting the extracted TV onto the original representation,
rather than naive addition or replacement, to ensure semantic
alignment and robust adaptation.

First, we normalize the extracted TV to match the scale of
the layer’s typical HSs:

(f)
I3
o <>|

—(Z)

= u )



where (9 is the average fo-norm of HSs at layer ¢. This
step ensures the injected signal is calibrated to the expected
scale of LLM HSs. Next, we compute the projection of the
normalized TV onto the original HS direction:

@®, p©

T 0Lty

0 _

N =

) .hy)‘

ALELEAT ®)
RO B+e

This operation preserves the original semantic direction of
the main-demo anchor, modulating only its magnitude, and
thereby avoids distorting semantic. Finally, we update the
HS with a layer-specific scaling factor:

h) = h) 44O p0. )

1,t;
This flexible, projection-based anchoring ensures that demo-
specific task information is injected in a manner that is both
fine-grained and semantically consistent, leading to more
stable and interpretable adaptation. More detailed mecha-
nisms are listed in Appendix: C.

Experiments
Experimental Setup

Our experiments are structured to progressively analyze how
DAA4ICL overcomes the key challenges in AD detection,
which are, limited task perception, insufficient demo diver-
sity, and mismatched injection granularity.

We begin by benchmarking DA4ICL against ICL and TV
baselines under varied retrieval and inference settings, re-
vealing the performance saturation of ICL and the ineffec-
tiveness of test-centric TV injection. We then isolate the role
of demo diversity by applying our retrieval strategy (DCR)
to both DA4ICL and existing ICL/TV pipelines, confirm-
ing its universal benefit for ICL but limited utility for con-
ventional TV methods. Finally, we investigate why TV fails
to leverage DCR, demonstrating that our projection-based,
multi-layer anchoring (PVA) is essential to effectively inject
fine-grained task signals. Together, these experiments ex-
plain both the failure modes of previous methods and the
mechanisms behind DA4ICL’s improvements.

Datasets. We perform experiments on three widely-
adopted AD corpora: the ADReSS Challenge dataset (Luz
et al. 2020), the Lu corpus (Lanzi et al. 2023), and the
Pitt corpus (Becker et al. 1994). The ADReSS Train split
contains 54 AD and 54 HC (Test split: 24 vs. 24), provid-
ing a balanced in-distribution benchmark. In contrast, the
Lu corpus comprises 15 AD vs. 27 HC, and the Pitt cor-
pus comprises 243 AD vs. 306 HC, introducing pronounced
class imbalance. For our experiments, every demo is drawn
exclusively from ADReSS Train split, with the rest cor-
pora strictly held out for evaluation. All transcripts follow
the standard CHAT protocol (MacWhinney 2000), ensuring
consistent preprocessing and enabling direct cross-corpus
comparison. More details can be found in Appendix: A.

Baselines. We compare our method comprehensively
against two main families of strong LLM-based baselines:
ICL methods and TV methods. Within the ICL family, we
evaluate: (1) Vanilla ICL, which randomly selects demon-
strations from the support set without considering relevance,
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(2) Semantic ICL (Liu et al. 2022), which retrieves demos
semantically closest to the test sample, measured via cosine
similarity in latent space, and (3) Ensemble ICL (Hong et al.
2024), which aggregates predictions from multiple inde-
pendently sampled or retrieved demonstration sets through
majority voting, aiming to enhance prediction robustness.
Collectively, these ICL variants examine both the construc-
tion of demonstration contexts and the inference mecha-
nisms within conventional ICL paradigms. For the TV fam-
ily, we evaluate methods that directly manipulate HSs to
inject latent task representations. Specifically, we test two
core injection approaches: (4) Replace TV (Hendel, Geva,
and Globerson 2023), which replaces the HS at final — po-
sition directly with a TV derived from demos, and (5) Add
TV (Liu et al. 2024a), which injects the TV into the orig-
inal HS via addition. Both methods consider two variants
in demos retrieval for extraction: random retrieval and se-
mantic similarity-based retrieval. Thus, these TV baselines
thoroughly explore the mechanisms (replacement vs. addi-
tion) and the content (random vs. semantic) of latent task
signal injection, allowing precise comparisons to our pro-
posed demo-centric anchoring strategy.

Implementation Details. We implement all methods us-
ing the Llama3.1-8B-instruct model as the back-
bone to ensure consistent and fair comparisons, and conduct
experiments on a single NVIDIA Quadro RTX 8000 (48GB
GPU). To stabilize outputs, we set temperature of 0.1 and
top-k of 50 across all experiments. For demo retrieval, we
uniformly sample demos in pairs (AD/HC per pair) and eval-
uate performance under varying demo pair counts. For TV
baselines, TVs are consistently extracted and injected at the
final HS layer at the last token (—) of the input sequence.
The injection strength parameter is set as 0.5 for Add TV.
For DA4ICL, the () is set as 1 for ¢ € [0, 7]U[24, 31], and
0.2 for ¢ € [8, 23]. More implementation details are listed in
Appendix: B, and we conduct several supplementary exper-
iments, which can be found in Appendix: D.

Evaluation Metrics. We evaluate performance compre-
hensively using accuracy and F1-score. All experimental re-
sults are averaged over 10 independent runs under identical
conditions to ensure statistical robustness and reliability.

Main Results

Tab. 1 presents the comparative results of DA4ICL and a
comprehensive set of baselines, including vanilla, semantic,
ensemble ICL, and two representative TV injection methods
on three AD detection datasets.

LLM’s task cognition is insufficient for AD detection.
The zero-shot results (ICLy,,,, N=0) are consistently poor
across all datasets (e.g., Acc 57.71% on Test/Lu and 55.72%
on Pitt), directly confirming that LLMs lack the necessary
task cognition for AD detection in the absence of demos.

Limited gains from current ICL strategies. Increasing
the NV or switching from random to semantic retrieval yields
limited and fluctuated improvements. For instance, on Test,
accuracy rises only from 67.50% (N = 1) to 70.00% (N =
4), from 70.00% (vanilla, N = 4) to 71.04% (semantic,
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63.57+£4.27
62.86+£4.54
66.43+£5.05

80.95" +2.51

Fl1

Pitt

55.23£2.00
67.18+1.11
67.74£1.35
68.81+1.40
70.24£1.12

67.59+1.21
68.18£1.83
71.70+0.83

73.79£1.21

56.30£2.67
67.41£1.89
69.11£1.40
69.441+0.93
70.66£1.07

55.33+£2.24
53.86£2.35
55.10+2.33
53.45+2.44

54.71£1.72
54.31£2.38
54.22+2.65
52.60£1.80

66.92+1.21
66.31£1.15
67.10+1.44
67.45£1.02

67.00£0.72
67.63£1.63
66.99+1.23
67.64£1.39

80.23" +0.42

N
0
1
2
3
4
0
1
2
3
4
0
1
2
3
4
0
1
2
3
4
0
1
2
3
4
0
1

Acc. 2
3
4

55.72£1.96
63.33£1.12
64.63£1.15
65.43£1.55

66.48+1.20

64.34+1.21
65.39£1.79
68.12£0.93

69.71£1.13

56.92+2.21
63.42+1.83
66.01£1.59
66.25+0.95
67.41£1.10

55.06£1.62
53.92£2.11
54.35+£1.37
53.57£2.09

54.39£1.62
53.83+£2.44
53.77£2.31
53.01£1.71

59.85£1.43
59.03+£1.27
59.67£1.71
60.27£1.06

59.64+0.91
60.55+1.82
59.82+1.55
60.44+£1.38

79.42% +0.39

Table 1: Mean = std of Fl-score and Accuracy over 10 runs for ICL (Van, Sem, Ens),

TV (Van?4, Sem”44, VanReP| SemRep),

and DA4ICL (Ours) on three AD detection datasets (Test, Lu, Pitt) with varying demo counts (N). Bold entries denote the
best result, and underlined entries denote the second-best. Significance is shown with T for DA4ICL compared to second-best
baselines. Statistical significance was measured with a paired t-test (p < 0.005) and a Wilcoxon signed-rank test (p < 0.01).

Lu

Test Pitt

oo
o

Random
Semantic
DCR

Tk

I
bl |

E\'\se“‘b\e -

|
o

i ol

)]
o

b1

(6]
o

% Accuracy
(averaged on 10 runs)

Engemb\e \C\- TN add TN replac®

T\IAdd T\]Replace E(\Semb\e \CL

T\’ Add T\’ Rep|ace

Figure 4: Accuracy comparison after applying DCR to ICL and TV methods (10 runs). DCR consistently improves ICL per-
formance across all datasets, showing the value of DCR demo construction. However, DCR fails to enhance TV methods, with
performance remaining stable or degrading, highlighting the limitations of TV’s injection granularity and alignment.

(Test F1/Acc: 75.32/71.46%), further confirming the limited
effect.

N = 4), and F1 scores follow a similar trend. Notably, on
the Lu dataset, both F1 scores and accuracy decrease when
moving from ICLy,, to ICLg,,, (IN = 2, 3), illustrating in-

stability and lack of robustness. ICLg,,, offers minor gains Conventional TV injection fails for AD adaptation.

Both addition and replacement TV methods consistently un-
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Figure 5: Ablation over two-stage retrieval strategies. Di-
verse main-demo selection (context width) provides the
largest gains, while sub-demo enrichment (context depth)
offers further complementary improvements.

derperform ICL baselines, regardless of retrieval or injection
strategy across dataset. For example, TV&9¢ and TV42d

Van Sem

achieve only 56.31/54.47% F1 and TVi<? and TVa?
reaches 66.97/64.15% F1 on Test, well below ICL, and with
accuracy following the same trend. Importantly, semantic
retrieval provides no consistent benefit. These findings con-
firm that single-layer, last-token TV injection fundamentally
fails to support robust task adaptation in AD detection.

DAJ4ICL achieves substantial and stable improvements.
In contrast, DA4ICL delivers the highest F1 and accuracy
across all datasets (Test: 86.11/85.83%, Lu: 86.12/80.95%,
Pitt: 80.23/79.42%), with the lowest variance among all
methods. These results confirm that enriching demos
through diverse, contrastive retrieval and demo-wise vector
anchoring decisively overcomes the adaptation bottlenecks
and granularity mismatches of prior ICL and TV paradigms,
enabling reliable and robust AD detection.

Dissecting Two-Stage Retrieval and the Generality
of DCR

We first examine the effectiveness of DCR from two per-
spectives: within our full DA4ICL framework and when in-
tegrated into existing ICL and TV baselines.

Context width is essential and depth provides comple-
mentary gains. Ablation of retrieval strategies (Fig. 5) re-
veals that applying DCR to the main-demo stage consis-
tently yields the highest accuracy and lowest variance, re-
gardless of the sub-demo strategy. Removing DCR from the
main-demo stage, replacing it with random or semantic re-
trieval, leads to notable drops in performance, highlighting
that context width (diverse and contrastive main-demos) is
a prerequisite for effective adaptation, while context depth
(sub-demos) provides complementary gains.
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DCR generalizes to ICL, but fails to activate standard
TV methods. We further apply DCR to ICLy ., ICLE,,s,
TV gq4, and TV e, (Fig. 4). Results show that DCR sig-
nificantly boosts both standard and ensemble ICL across
all datasets, confirming that contrastive demo construction
improves robustness and generalization. However, such im-
provement fails to transfer to conventional TV methods, per-
formance remains unchanged or even degraded. This sug-
gests that existing TV methods cannot effectively absorb the
diverse, fine-grained signals DCR provides, due to their in-
jection granularity and alignment limitations.

Dataset Acc (%)

Addition Replacement w/o injection PVA
Test 77.50£4.04 69.384+2.95 77.294+4.41 85.83+1.91
Lu 77.62£3.23 75.71£1.78 77.86+2.83 81.43+2.56
Pitt 76.41£0.91 72.824+1.00 75.944+1.21 79.42+0.39

Table 2: Ablation on anchoring methods. Projection-based
PVA achieves the best performance, outperforming addition,
replacement, and removal variants across all datasets.

Why Direct TV Injection Fails and PVA Matters

To understand why standard TV methods struggle, we fur-
ther dissect their injection strategy and contrast them with
our proposed PVA module.

Test-centric injection with coarse granularity under-
mines adaptation. Standard TV methods inject TVs only
at test sample’s — token and single layer. Such test-centric,
single-token and single-layer injection discards distributed
demo cues and fails to propagate fine-grained distinctions.
As shown in Fig. 4, even when empowered with DCR, these
methods do not improve and often performing worse than
ICL methods.

PVA preserves semantic alignment and achieves fine-
grained control. Ablation results in Tab. 2 confirm that
PVA’s projection-based, layer-wise anchoring substantially
outperforms naive alternatives. These results show that di-
rect addition or replacement disrupts the original semantic
direction of the HSs, while PVA preserves alignment and al-
lows stable, context-sensitive adaptation. Notably, PVA can
amplify both helpful and harmful cues of the demo set, em-
phasizing the importance of DCR strategy.

Conclusion

We revisit the core limitations of ICL and TV methods
for AD detection, showing that both demo context nar-
rowness and misaligned vector injection hinder task per-
ception. DA4ICL addresses these challenges by integrating
DCR strategy with demo-centric PVA mechanism, jointly
expanding context width and depth while preserving seman-
tic alignment. Experiments on three AD datasets demon-
strate substantial and stable improvements over previous
methods. We believe this demo-centric anchoring paradigm
offers a promising foundation for fine-grained, low-resource
and OOD task adaptation with LLMs.
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