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Abstract001

Large language models (LLMs) frequently gen-002
erate factually incorrect or unsupported content,003
commonly referred to as hallucinations. Prior004
work has explored decoding strategies, retrieval005
augmentation, and supervised fine-tuning for006
hallucination detection, while recent studies007
show that in-context learning (ICL) can sub-008
stantially influence factual reliability. However,009
existing ICL demonstration selection methods010
often rely on surface-level similarity heuristics011
and exhibit limited robustness across tasks and012
models.013

We propose MB-ICL, a manifold-based demon-014
stration sampling framework for selecting in-015
context demonstrations that leverages latent016
representations extracted from frozen LLMs.017
By jointly modeling local manifold structure018
and class-aware prototype geometry, MB-ICL019
selects demonstrations based on their proxim-020
ity to learned prototypes rather than lexical or021
embedding similarity alone.022

Across factual verification (FEVER) and hal-023
lucination detection (HaluEval) benchmarks,024
MB-ICL outperforms standard ICL selection025
baselines in the majority of evaluated settings,026
with particularly strong gains on dialogue and027
summarization tasks. The method remains028
robust under temperature perturbations and029
model variation, indicating improved stabil-030
ity compared to heuristic retrieval strategies.031
While lexical retrieval can remain competitive032
in certain question-answering regimes, our re-033
sults demonstrate that manifold-based proto-034
type selection provides a reliable and training035
light approach for hallucination detection with-036
out modifying LLM parameters, offering a prin-037
cipled direction for improved ICL demonstra-038
tion selection.039

1 Introduction040

The rapid scaling of pre-trained language mod-041

els (PLMs) has led to the emergence of new ca-042

pabilities (Wei et al., 2022), particularly through043
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in-context learning (ICL), where models perform 044

downstream tasks by conditioning on prompts that 045

include a small number of representative exam- 046

ples. Owing to its effectiveness and flexibility, 047

ICL has become a widely adopted and efficient 048

paradigm for utilizing PLMs. This paradigm has 049

been successfully applied to a variety of tasks, in- 050

cluding reasoning and code generation (Li et al., 051

2023a), (Bodla and Yang, 2025), mathematical rea- 052

soning (Wu et al., 2025), and question answering 053

(Liu et al., 2023), among others, without requiring 054

explicit supervised fine-tuning. 055

In this study, we investigate the use of in-context 056

learning (ICL) as a mechanism for hallucination 057

detection in large language models. Unlike many 058
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existing methods that target hallucination detection059

through architectural modifications or specialized060

training and inference (Su et al., 2024) procedures,061

we examine whether leveraging ICL alone can pro-062

vide comparable effectiveness for this task. Our063

experimental findings show that Manifold-based064

ICL yields gains over established baselines across065

a wide range of benchmarks and model configura-066

tions while attaining performance levels that are067

comparable to those achieved by supervised fine-068

tuning (Appendix B). Importantly, these results are069

obtained with lower computational costs, highlight-070

ing the suitability of our approach for deployment071

in resource-constrained environments.072

Existing ICL demonstration selection strategies073

largely rely on distance-based retrieval in a fixed074

embedding space, using lexical similarity, or heuris-075

tic ranking criteria. While effective in some set-076

tings, such approaches implicitly assume that the077

raw embedding geometry is well aligned with fac-078

tual consistency, which may not hold across tasks079

and models. Unlike prior ICL selection methods080

that operate purely via distance-based retrieval in081

a fixed embedding space, our approach learns the082

geometry used for selection itself by explicitly mod-083

eling local manifolds and prototype structure. This084

shifts ICL selection from heuristic similarity rank-085

ing to geometry-based prototype sampling, which,086

to our knowledge, has not been explored for hallu-087

cination detection.088

1.1 Contributions089

Our contributions are summarized as follows:090

• Manifold based prototype learning. We in-091

troduce a framework to sample In-Context-092

Learning (ICL) demonstrations by combining093

piecewise-linear manifold learning and proxy-094

anchor based metric learning to construct a095

low-dimensional sampling space. This joint096

formulation ensures that the sampled proto-097

types are semantically discriminative.098

• Manifold grounded Hallucination Detec-099

tion. We demonstrate that manifold-based100

sampling enhances the ability of LLMs101

to identify factual inconsistencies without102

explicit parameter updates. Our method103

achieves performance competitive with super-104

vised fine-tuning (SFT) (Appendix B) while105

maintaining a substantially lower computa-106

tional footprint. By leveraging pretrained107

models latent geometries, we present a scal- 108

able mechanism for hallucination detection 109

that is robust across diverse architectures and 110

settings. 111

2 Related Work 112

2.1 Hallucination detection 113

Identifying hallucinations in large language mod- 114

els is essential for maintaining the trustworthiness 115

and reliability of their generated outputs, particu- 116

larly in settings where factual accuracy is critical. 117

SelfCheckGPT (Manakul et al., 2023) introduces 118

a zero-resource, black-box framework for hallu- 119

cination detection that operates without access to 120

external knowledge bases. The method is grounded 121

in the observation that when a model has sufficient 122

familiarity with a topic, it tends to produce inter- 123

nally consistent factual statements across multiple 124

generations, whereas responses generated for less 125

familiar content are more likely to exhibit incon- 126

sistencies or unsupported claims. The FACTOR 127

(Muhlgay et al., 2024) framework evaluates factual- 128

ity by transforming a factual corpus into controlled 129

multiple-choice benchmarks, generating plausible 130

false alternatives and measuring whether a model 131

assigns higher likelihood to true facts, which en- 132

ables scalable assessment of factual accuracy with- 133

out requiring external validation at generation time. 134

FActScore (Min et al., 2023) introduces a fine- 135

grained evaluation metric by decomposing long- 136

form text into atomic facts and computing the per- 137

centage of these facts supported by a trusted knowl- 138

edge source, with an automated estimator that ap- 139

proximates human judgments efficiently. FAC- 140

TOID (Rawte et al., 2024) reframes hallucination 141

detection as a factual entailment problem, jointly 142

identifying whether text is factually supported and 143

localizing specific spans that contain errors, thereby 144

improving upon traditional entailment models for 145

fine-grained factual verification. Finally, FacTool 146

(Chern et al., 2023) builds a task-agnostic, tool- 147

augmented framework that extracts claims from 148

generated outputs and verifies them using appropri- 149

ate external tools such as search engines or execu- 150

tion environments, grounding factuality judgments 151

in collected evidence rather than model-internal 152

signals alone. 153

In (Kalai et al., 2025), the authors argue that 154

a primary factor contributing to hallucinated yet 155

seemingly plausible outputs in large language mod- 156

els is the mismatch between training and inference 157
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objectives. Specifically, these objectives tend to158

incentivize confident guessing rather than explicit159

acknowledgment of uncertainty, which in turn com-160

plicates the identification of the underlying causes161

of hallucinations. To address the generation of162

hallucinated content, a wide range of mitigation163

strategies have been proposed (Sahoo et al., 2024).164

These approaches include, but are not limited to,165

data augmentation and manipulation techniques166

(Peng et al., 2023), (Chuang et al., 2024), align-167

ment and fine-tuning strategies (Chen et al., 2023),168

(Zhang et al., 2024), as well as prompt engineering169

based methods (Varshney et al., 2023), (Luo et al.,170

2023), (Elaraby et al., 2023).171

2.2 In-Context learning172

In-context learning (ICL) (Brown et al., 2020) de-173

scribes a paradigm in which language models solve174

tasks by relying on a limited set of example demon-175

strations provided at inference time, without modi-176

fying their internal parameters. Since these demon-177

strations are expressed directly in natural language,178

ICL enables an intuitive and interpretable mode179

of interaction with large language models (LLMs).180

This paradigm also aligns with key aspects of hu-181

man cognition, particularly analogical reasoning,182

where prior examples inform decision-making in183

new situations (Winston, 1980). Unlike conven-184

tional supervised learning approaches, ICL does185

not require additional training or fine-tuning, al-186

lowing models to flexibly generalize to novel tasks187

without incurring extra computational cost.188

Building on these observations, numerous unsu-189

pervised methods have been proposed to identify190

informative demonstrations for in-context learn-191

ing, as reviewed by (Dong et al., 2024). One com-192

mon line of work focuses on retrieving demon-193

strations that are closely related to the test input194

under predefined notions of similarity ( (Liu et al.,195

2022), (Tanwar et al., 2023), Qin et al. (2024)).196

These approaches typically measure proximity us-197

ing embedding-based distances, such as cosine sim-198

ilarity or Euclidean (L2) distance. Beyond similar-199

ity driven retrieval, prior studies have also explored200

alternative selection signals, including mutual infor-201

mation (Sorensen et al., 2022) and perplexity (Go-202

nen et al., 2023), which enable effective prompt203

construction without requiring labeled supervision204

or access to a model’s internal parameters.205

Although widely used in practice, generic re-206

trieval based strategies often depend on heuris-207

tic design choices and can produce suboptimal in208

context examples due to the absence of explicit 209

task level supervision. To overcome these limita- 210

tions, prior work has explored supervised retriever 211

based methods for demonstration selection ( (Ru- 212

bin et al., 2022), (Ye et al., 2023), (Wang et al., 213

2024), (Zhang et al., 2022)). One representative 214

approach is EPR proposed by (Rubin et al., 2022), 215

which employs a two stage training procedure to 216

learn dense retrievers tailored for demonstration 217

retrieval. Building on this idea, (Li et al., 2023c) 218

introduced a unified retrieval model capable of han- 219

dling demonstration selection across diverse tasks. 220

More recently, (Mavromatis et al., 2023) proposed 221

AdaICL, a model aware framework that leverages 222

LLM generated pseudo labels and uncertainty es- 223

timates over unlabeled data to adaptively identify 224

informative in context demonstrations. 225

3 Method overview 226

Given a dataset D, all textual fields are concate- 227

nated with a prompt template Tp (Appendix A), 228

resulting in a transformed dataset containing a sin- 229

gle consolidated text field Ft paired with its cor- 230

responding label l. The consolidated text field is 231

passed through the corresponding LLM to obtain 232

latent representations Z. The encoded latent repre- 233

sentations Z are obtained by taking the final trans- 234

former layer’s token hidden states and computing 235

an attention mask weighted mean across all non 236

padding tokens to produce a single fixed dimen- 237

sional vector per input text. The extracted latent 238

vector Z is used for all the comparison baselines, 239

including ours, to sample the ICL demonstrations 240

with respect to each LLM. 241

As an initial step of our approach, we initialize a 242

lightweight neural network hθ (Table 2) that maps 243

latent representations Z to transformed represen- 244

tations Z ′. In addition, we initialize two proxy 245

vectors θq, which serve as class representative pro- 246

totypes within the proxy anchor loss, along with a 247

momentum proxy vector θm that is updated accord- 248

ing to the procedure outlined in Table 1. Upon com- 249

pletion of training, the learned momentum proxy 250

θm is used to retrieve the nearest transformed repre- 251

sentations Z ′, which are then selected as in context 252

learning (ICL) demonstrations. 253

During training, for each mini batch B ⊂ DFt , 254

the latent representations Z are passed through 255

hθ to obtain transformed representations Z ′. As 256

described in Section 3.1, a manifold is then con- 257

structed for each batch based on Z ′. The resulting 258
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Algorithm: Training and Sampling Overview
Input: Dataset DFT with labels l, momentum coefficient µ
Output: Prototype representation θq and selected ICL demon-
strations
Initialize projection network hθ and prototype θq
for each batch B ⊂ DFt do

Obtain latent representations Z ← LLM(T )

Z′ ← hθ(Z), Construct manifold structure for Z′ (Section
3.1)

Compute loss: L = Lmanifold + LPA, eq. 2 , 1
Update parameters of hθ and θq via gradient descent
Update Momentum proxy (He et al., 2020): θm ← µ ·

θm + (1− µ) · θq
end for
Select ICL demonstrations by sampling representations Z′

closest to θm

Table 1: Overview of the Proposed MB-ICL Algorithm.

manifold structure is used to compute the manifold259

point to point loss (Eq. 2), while the transformed260

representations Z ′ together with the proxy vectors261

θq are used to evaluate the proxy anchor loss (Eq. 1)262

After computing both the manifold point to point263

loss and the proxy anchor loss, the overall train-264

ing objective is formed as the sum of the two loss265

terms. The parameters of hθ and the proxy vectors266

θq are then updated via gradient descent with re-267

spect to this combined loss, while the momentum268

proxy vector θm is updated following the proce-269

dure described in Table 1. Upon completion of270

training, the learned momentum proxy θm is used271

to retrieve the nearest transformed representations272

Z ′, which are selected as in context learning (ICL)273

demonstrations. The details of each parameter used274

and the training durations are clearly described in275

Appendix C.276

We emphasize that our approach is not training277

free. Although the underlying language model re-278

mains fully frozen, our method requires training a279

lightweight retrieval module in the form of a pro-280

jection network hθ and associated prototype repre-281

sentations. This training phase is performed once282

per dataset and model configuration and is substan-283

tially less expensive than fine tuning the language284

model itself. We therefore position MB-ICL as285

a training light rather than training free approach,286

operating in contrast to standard ICL methods that287

rely solely on heuristic or unsupervised retrieval288

without learned parameters.289

3.1 Manifold Construction290

Based on the Manifold hypothesis (Cayton, 2005),291

we can assume that the encoded latent represen-292

Table 2: hθ Model Architecture

Layer Layer Parameters

Linear (latent size Z, Prototype size Z ′ )
InstanceNorm1d Prototype size Z ′

ReLU -

tations can be locally approximated into smaller 293

chunks of linear regions. Our approach leverages 294

this assumption (Bhatnagar and Ahuja, 2024), 295

(Holiday et al., 2019), (Koronaki et al., 2023), 296

(Sonday et al., 2010) to identify representative pro- 297

totypes that capture the characteristics of each ac- 298

tion class. 299

Anchor Initialization and Local Clustering To 300

approximate the piecewise linear structure of the 301

data, we aim to construct m-dimensional linear sub- 302

manifolds around selected anchor points. Given a 303

batch B containing N data points, we randomly se- 304

lect n anchor points. For each anchor point hθ(Zi), 305

we identify its nearest m− 1 neighbors using Eu- 306

clidean distance and form an initial neighborhood 307

set Xi. 308

Manifold Expansion and Validation After ini- 309

tializing the local clusters, the manifold construc- 310

tion process proceeds iteratively by attempting to 311

add the m-th nearest neighbor to Xi. After each 312

addition, we compute the best fit m-dimensional 313

submanifold using PCA to assess whether the mem- 314

bers of Xi can be reconstructed with quality above 315

threshold T%. If so, the m-th point is retained in 316

Xi; otherwise it is excluded. This evaluation is 317

repeated for subsequent neighbors N(hθ(xi))j for 318

j ∈ {m+1, . . . , k}, gradually constructing a local 319

linear approximation of the manifold. 320

Submanifold Basis Extraction The final set 321

Xi is comprised of all points in the anchor 322

point’s neighborhood that lie well within an m- 323

dimensional linear submanifold. A basis for this 324

submanifold is computed by applying PCA on Xi 325

and extracting the top m eigenvectors. PCA is well 326

suited for this task because it can effectively con- 327

struct the lower-dimensional manifolds for locally 328

linear regions. 329

3.2 Training Objectives 330

Proxy Anchor Loss: We use a modified version 331

of proxy anchor loss (Kim et al., 2020) with Eu- 332

clidean distance instead of cosine similarity: 333
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LPA =
1

|Θ+|
∑

θq∈Θ+

log

(
1 +

∑
Z′∈Z′+

θq

exp
(
− α

(
∥hθ(Z ′)− θq∥2 − ϵ

)))

+
1

|Θ|
∑
θq∈Θ

log

(
1 +

∑
Z′∈Z′−

θq

exp
(
α
(
∥hθ(Z ′)− θq∥2 − ϵ

)))

(1)334

Let Θ represent the collection of all proxy vec-335

tors, where each proxy θq ∈ Θ functions as a class-336

level representative in the embedding space. From337

this set, Θ+ ⊆ Θ denotes the subset of proxies338

that are associated with at least one positive sample339

within the current mini-batch B. For any selected340

proxy θq, the latent embeddings Z ′ contained in B341

(with Z ′ ∈ Z ′) are divided into two disjoint groups:342

the positive set Z ′θq
+, consisting of embeddings343

from the same class as θq, and the negative set344

Z ′θq
− = Z ′ \ Z ′+

θq , which contains all remaining345

embeddings. The temperature parameter α regu-346

lates the concentration of the optimization process:347

larger values emphasize hard positive and nega-348

tive pairs by sharpening gradients, whereas smaller349

values yield smoother updates by distributing in-350

fluence more uniformly across pairs. The margin351

parameter ϵ introduces an explicit separation con-352

straint, ensuring that embeddings from the same353

class are pulled closer to their corresponding prox-354

ies while embeddings from different classes are355

pushed beyond a minimum distance threshold.356

Manifold Point-to-Point Loss: This loss helps357

in estimating the point to point similarities preserv-358

ing the geometric structure:359

Lmanifold =
∑
i,j

(
δ · (1− s(Z′

i, Z
′
j))− ∥hθ(Z

′
i)− hθ(Z

′
j)∥2

)2
(2)360

where s(Z ′
i, Z

′
j) is the manifold similarity com-361

puted as:362

s(Z ′
i, Z

′
j) =

s′(Z ′
i, Z

′
j) + s′(Z ′

j , Z
′
i)

2
363

with s′(Z ′
i, Z

′
j) = α(Z ′

i, Z
′
j) · β(Z ′

i, Z
′
j), where:364

α(Z′
i, Z

′
j) =

1(
1 + o(Z′

i, Z
′
j)

2
)Nα

β(Z′
i, Z

′
j) =

1(
1 + p(Z′

i, Z
′
j)
)Nβ

365

In (2), hθ denotes a lightweight neural transfor-366

mation whose architecture is detailed in Table 2,367

and δ is a scaling constant that sets an upper bound368

on the separation between dissimilar samples. This369

objective aligns Euclidean distances in the trans- 370

formed embedding space with manifold-induced 371

dissimilarities 1− s(Z ′
i, Z

′
j), thereby encouraging 372

the learned metric to conform to the intrinsic ge- 373

ometry of the data manifold. The term o(Z ′
i, Z

′
j) 374

measures the orthogonal distance from point zi to 375

the manifold associated with Z ′
j , while p(Z ′

i, Z
′
j) 376

captures the distance between Z ′
j and the projec- 377

tion of zi onto that manifold. The hyperparameters 378

Nα and Nβ regulate the rate at which similarity 379

attenuates with increasing distance, with the con- 380

straint Nα > Nβ ensuring that off-manifold points 381

experience a steeper decay in similarity than points 382

residing on the same manifold. 383

Distance Calculation. For each embedding pair 384

(Z ′
i, Z

′
j), the distances o(Z ′

i, Z
′
j) and p(Z ′

i, Z
′
j) are 385

computed using the local manifold basis Pj associ- 386

ated with point Z ′
j . The projection of Z ′

i onto the 387

manifold spanned by Pj is defined as projPj
(Z ′

i) = 388

Z ′
j +

∑
k⟨Z ′

i − Z ′
j , vk⟩vk, where {vk} denotes the 389

basis vectors of Pj . The orthogonal distance is then 390

given by o(Z ′
i, Z

′
j) = ∥Z ′

i − projPj
(Z ′

i)∥2, while 391

the projected distance along the manifold is defined 392

as p(Z ′
i, Z

′
j) = ∥projPj

(Z ′
i) − Z ′

j∥2. This proce- 393

dure is applied to all point pairs, enabling the loss 394

to capture the local geometric structure of the data 395

manifold. 396

4 Experiments 397

We focus on hallucination detection, where the 398

model predicts factual consistency labels, rather 399

than modifying generation to reduce hallucinations. 400

We conduct experiments across six large language 401

models on hallucination detection (HaluEval) and 402

factual verification (FEVER) tasks to evaluate our 403

sampling approach. We follow prior work in in- 404

context learning and report single run accuracy 405

since demonstration selection is deterministic given 406

fixed representations and prompts. Demonstration 407

selection, prompt construction, and decoding are 408

all fixed across runs, and no stochastic sampling 409

or retriever randomness is introduced. Our method 410

(MB-ICL) attains higher accuracy relative to base- 411

line methods in most of the scenarios. Additionally, 412

lower perplexity scores compared to BM25 and 413

self adaptive ICL sampling suggest reduced pre- 414

dictive uncertainty. To assess robustness to decod- 415

ing stochasticity, we examine accuracy across dif- 416

ferent sampling temperatures. For the Qwen3-4B 417

and Falcon3-3B models, our method shows limited 418

sensitivity to temperature changes, in contrast to 419
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BM25 and self adaptive ICL based sampling meth-420

ods, indicating more concentrated predictive dis-421

tributions under typical inference settings. Our ab-422

lation study across all model parameters indicates423

that the prototype size Z ′ has the largest impact424

on performance. In particular, when the original425

latent dimension Z is substantially reduced to Z ′,426

we observe consistent changes in performance, sug-427

gesting the presence of manifold learning effects428

induced by the reduced representation capacity.429

4.1 Dataset430

We conduct experiments across four distinct tasks431

using six different large language models. The432

FEVER (Thorne et al., 2018) dataset is a widely433

used benchmark for evaluating a model’s ability434

to assess the factual correctness of a given sen-435

tence. It consists of two splits (train and test),436

where each instance contains a claim paired with437

a label indicating whether the statement is factual438

or hallucinated. The HaluEval (Li et al., 2023b)439

dataset is comprised of 5,000 general user queries440

paired with ChatGPT-generated responses, along441

with 30,000 task specific examples spanning three442

tasks: question answering, knowledge grounded443

dialogue conversation, and summarization. In the444

HaluEval question answering setting, the model is445

provided with a question, a supporting knowledge446

snippet, and a candidate answer, and is required447

to determine whether the answer is hallucinated.448

The dialogue and summarization subsets follow a449

similar format.450

4.2 Evaluation details & Results451

All sampling strategies, including our proposed452

method, were evaluated under a two shot in con-453

text learning (ICL) setting, where each method se-454

lected exactly two demonstrations per input across455

all models and tasks. This setup ensures that per-456

formance differences arise from the quality of the457

selected demonstrations rather than the quantity of458

contextual information provided to the model.459

For the FEVER dataset, which includes prede-460

fined training and test splits, the training split was461

used exclusively for sampling ICL demonstrations,462

while evaluation was conducted on the held out test463

split. For the HaluEval tasks summarization, ques-464

tion answering, and dialogue the dataset does not465

provide explicit splits. In these cases, demonstra-466

tions were sampled directly from the dataset and467

subsequently removed prior to evaluation to pre-468

vent data leakage. All methods followed the same469

procedure to maintain consistency across compar- 470

isons. 471

Table 3 summarizes the performance of all meth- 472

ods across six language models and four tasks. 473

Across the majority of settings, our manifold based 474

ICL sampling approach (MB-ICL) achieves higher 475

accuracy than baseline retrieval and selection strate- 476

gies, including BM25, perplexity based selection, 477

clustering, and self-adaptive ICL (SA-ICL). MB- 478

ICL improves hallucination detection accuracy 479

across most models and tasks, with particularly 480

strong gains in dialogue and summarization set- 481

tings. 482

MB-ICL improves performance across models 483

and tasks in the majority of settings. On Mistral-7B, 484

the method achieves large gains on dialogue and 485

summarization hallucination detection, with abso- 486

lute improvements of up to 9.9 accuracy points over 487

standard retrieval baselines (Table 3). For Falcon3- 488

3B, MB-ICL similarly yields clear improvements 489

on the summarization task, where baseline selec- 490

tion strategies show limited effectiveness. In con- 491

trast, recent adaptive ICL selection methods gen- 492

erally report more modest gains, typically on the 493

order of 1–2 percentage points, in comparable set- 494

tings, highlighting the impact of effective demon- 495

stration selection for hallucination detection tasks. 496

We note that in certain question-answering settings, 497

lexical retrieval methods such as BM25 outperform 498

MB-ICL, suggesting that surface level overlap can 499

remain a strong signal when factual correctness is 500

tightly coupled to explicit evidence matching. 501

To further examine the effect of the number of 502

demonstrations, we conducted an ablation study 503

varying the ICL shot count for the Qwen3-4B and 504

Falcon3-3B models. As shown in Figures 4a and 505

4b, performance improves as the number of demon- 506

strations increases up to approximately ten shots, 507

after which gains begin to saturate. This trend is 508

consistent across both dialogue and question an- 509

swering tasks, indicating diminishing returns from 510

additional demonstrations beyond this point. 511

During the hyperparameter tuning, we found that 512

the impact of the prototype dimensionality Z ′ on 513

LLM performance was more influential than that of 514

the others (Fig 8). Figures 5b and 5a show accu- 515

racy as a function of prototype size for the Qwen3- 516

4B and Mistral-7B models. Across both models, 517

reducing the prototype dimensionality leads to con- 518

sistent performance improvements. This trend sug- 519

gests that projecting representations into a more 520

compact space improves the quality of selected 521
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demonstrations, likely by suppressing task irrel-522

evant variation while preserving the information523

necessary for hallucination detection.524

Finally, we note that these trends are consistent525

across different model families and tasks, indicat-526

ing that the observed improvements are not tied527

to a specific architecture or dataset. Collectively,528

these results demonstrate that the proposed man-529

ifold based sampling strategy provides a reliable530

and effective mechanism for selecting ICL demon-531

strations in hallucination detection settings. All532

reported results are obtained with the decoding533

temperature fixed at 0, making both demonstra-534

tion selection and generation fully deterministic.535

Following prior work on deterministic in context536

learning, we therefore report single run accuracy.537

Robustness is instead assessed via temperature per-538

turbation analysis, as reported in Section 4.4.539

4.3 Comparison methods540

We compare our approach against five baseline541

sampling methods. KNN selects the most similar542

example(s) from the dataset for each query based543

on cosine similarity. Clustering chooses examples544

that are closest to the class centroid within each545

group. We note that clustering-based selection of-546

ten performs near chance level in hallucination de-547

tection settings, reflecting the limited alignment548

between global semantic clusters and factual con-549

sistency labels. The Perplexity (Gonen et al.,550

2023) based method follows prior work on perplex-551

ity driven selection, where all input fields except552

the label are concatenated into a text prompt and553

passed through the corresponding LLM to com-554

pute perplexity scores. Prompts with the lowest555

perplexity values are then selected as in context556

learning (ICL) demonstrations. BM25 is a lex-557

ical similarity based retrieval method that ranks558

candidate examples using term frequency inverse559

document frequency (TF–IDF) statistics and se-560

lects the top scoring examples as demonstrations.561

SA-ICL (Self-Adaptive ICL) (Wu et al., 2023) is562

based on prior self-adaptive ICL work, where the563

top-k relevant demonstrations for each test query564

are first retrieved using similarity measures and565

subsequently reordered to obtain an arrangement566

that minimizes the code length of the label Y , fol-567

lowing the Minimum Description Length (MDL)568

principle.569

4.4 Effect of Temperature and Perplexity 570

based evaluation 571

As an additional sanity check, we examined the 572

effect of generation temperature on model behavior 573

by varying the temperature from 0 to 1 in incre- 574

ments of 0.1. We compared the resulting output 575

variability of our method with that of BM25 and 576

SA-ICL on the HaluEval question answering and 577

dialogue tasks Fig 7a, 7b, 6a, 6b. Across this 578

range, our approach exhibited more stable behavior 579

relative to the comparison methods. Specifically, 580

as the temperature increased from T = 0 to T = 1, 581

the variation in model outputs remained limited, 582

suggesting that the sampling procedure is compara- 583

tively less sensitive to temperature changes. 584

This pattern is consistent with a more concen- 585

trated token probability distribution during gener- 586

ation. In addition to accuracy, we report average 587

perplexity scores under fixed decoding conditions 588

(temperature = 0) as a complementary diagnostic 589

signal. Perplexity here is not interpreted as a cal- 590

ibrated measure of model uncertainty, but rather 591

as an indicator of how well the selected in-context 592

demonstrations align with the model’s internal like- 593

lihood structure. Lower perplexity suggests that the 594

resulting prompts induce outputs that are more con- 595

sistent with the model’s learned distribution, which 596

empirically correlates with improved hallucination 597

detection performance in our setting. Importantly, 598

we treat perplexity as an observational metric and 599

do not claim a causal relationship between perplex- 600

ity reduction and factual correctness. 601

5 Future Works and Limitations 602

While our results demonstrate majority improve- 603

ments across multiple tasks and model families, 604

the current evaluation is limited to language mod- 605

els with up to 8B parameters, and it remains an 606

open question how manifold based prototype sam- 607

pling scales to substantially larger models (e.g., 608

70B+). Additionally, our approach introduces a one 609

time training cost for a lightweight projection head 610

and requires local manifold construction via PCA, 611

which adds computational overhead compared to 612

purely heuristic retrieval methods, though this cost 613

remains significantly lower than fine tuning. Fi- 614

nally, while demonstration selection is determin- 615

istic and robust under temperature perturbations, 616

our evaluation does not explore example level un- 617

certainty estimates or adaptive prototype updates 618

at inference time, which could further improve ro- 619
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Model Task KNN Clustering BM25 Perplexity SA-ICL MB-ICL (Ours)

Qwen3-4B

HaluEval Dialogue 14.7 49.9 70.0 70.0 69.0 72.0
HaluEval Summ. 53.4 54.9 56.4 52.0 56.0 57.2
HaluEval QA 12.7 50.0 69.0 74.0 71.0 70.5
FEVER 72.2 70.5 72.1 72.0 – 73.7

Llama3-8B

HaluEval Dialogue 11.1 50.0 47.0 50.0 49.0 51.0
HaluEval Summ. 51.7 50.1 51.1 50.0 50.7 52.0
HaluEval QA 7.0 50.0 63.0 62.0 65.0 69.0
FEVER 65.5 62.8 64.0 63.0 – 66.4

Falcon-3-3B

HaluEval Dialogue 5.9 50.0 50.0 49.0 49.0 51.0
HaluEval Summ. 50.4 51.8 50.8 49.1 50.2 57.5
HaluEval QA 5.8 50.0 49.0 50.0 50.0 51.0
FEVER 73.8 71.8 72.0 64.0 – 74.7

GPT-Neo-2.7B

HaluEval Dialogue – 49.9 50.0 48.0 50.0 52.0
HaluEval QA – 50.0 49.0 45.0 49.0 52.0
FEVER 43.0 50.0 49.0 49.0 – 50.2

Mistral-7B

HaluEval Dialogue 59.7 49.9 57.0 52.0 58.0 69.6
HaluEval Summ. 39.9 57.2 56.0 50.0 51.0 63.2
HaluEval QA 62.5 50.0 66.0 52.0 62.0 53.0
FEVER 64.1 64.7 59.0 61.0 – 66.7

Vicuna-7B

HaluEval Dialogue 16.4 49.9 49.0 50.0 50.0 51.0
HaluEval Summ. 50.0 50.7 26.0 0.0 39.0 56.3
HaluEval QA 26.8 50.0 50.0 50.0 50.0 51.0
FEVER 65.5 61.3 67.0 66.3 – 71.1

Table 3: Performance comparison of MB-ICL against baselines. Missing values (–) indicate tasks where the baseline
was not applicable or data was unavailable for that specific model configuration.
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Figure 2: Perplexity comparison across models on
HaluEval dialogue task. Lower perplexity indicates
better performance.

bustness in dynamic or streaming scenarios.620
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Figure 3: Perplexity comparison across models on
HaluEval QA task. Lower perplexity indicates better
performance.
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A Prompt Templates863

The following is the prompt template that we used864

in our experiments to combine the sampled ICL865

demonstrations with the test query, all the models866

and baseline methods, including ours, follow the867

same prompt template.868

Listing 1: ICL prompt construction for Halueval QA
task

869
def build_icl_prompt(knowledges ,870

questions , answers , few_shots=None):871
prompt = (872

"You are an unbiased document -873
grounded fact checker. "874

"You are provided a Knowledge , a875
question based on the876

knowledge and a answer based877
on the question. "878

"Based on the provided knowledge879
for the question identify880

if the corresponding answer881
is hallucinated or not.\n"882

"Hallucination response: ’yes’ =883
hallucinated , ’no’ = not884

hallucinated .\n\n"885
)886

887
if few_shots:888

for know , ques , ans , label in889
few_shots:890
prompt += (891

f"Knowledge: {know}\n"892
f"Question: {ques}\n"893
f"Answer: {ans}\n"894
f"Hallucination response895

: [BEGIN]{label}[896
DONE]\n\n"897

)898
899

prompt += (900
f"Knowledge: {knowledges }\n"901
f"question: {questions }\n"902
f"Answer: {answers }\n"903
"Hallucination response: [BEGIN]904

"905
)906

907
return prompt908909

Listing 2: ICL prompt construction for HaluEval Dia-
logue task

910
def build_icl_prompt(knowledges , 911

diag_hists , responses , few_shots= 912
None): 913
prompt = ( 914

"You are an unbiased document - 915
grounded fact checker. " 916

"You are provided a Knowledge , a 917
dialogue history based on 918

the knowledge and a response 919
" 920

"based on the Knowledge and the 921
dialogue history. " 922

"Based on the provided knowledge 923
and dialogue history 924

identify if the 925
corresponding " 926

"response is hallucinated or not 927
.\n" 928

"Hallucination response: ’yes’ = 929
hallucinated , ’no’ = not 930

hallucinated .\n\n" 931
) 932

933
if few_shots: 934

for know , diag_hist , res , label 935
in few_shots: 936
prompt += ( 937

f"Knowledge: {know}\n" 938
f"Dialogue history: { 939

diag_hist }\n" 940
f"Response: {res}\n" 941
f"Hallucination response 942

: [BEGIN]{label}[ 943
DONE]\n\n" 944

) 945
946

prompt += ( 947
f"Knowledge: {knowledges }\n" 948
f"Dialogue history: {diag_hists 949

}\n" 950
f"Response: {responses }\n" 951
"Hallucination response: [BEGIN] 952

" 953
) 954

955
return prompt 956957

Listing 3: ICL prompt construction for HaluEval Sum-
marization task

958
def build_icl_prompt(documents , 959

summaries , few_shots=None): 960
prompt = ( 961

"You are an unbiased document - 962
grounded fact checker. " 963

"Identify if the corresponding 964
summary for the given 965
document " 966

"is hallucinated or not.\n" 967
"Hallucination response: ’yes’ = 968

hallucinated , " 969
"’no’ = not hallucinated .\n\n" 970

) 971
972

if few_shots: 973
for doc , summary , label in 974

few_shots: 975
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prompt += (976
f"Document: {doc}\n"977
f"Summary: {summary }\n"978
f"Hallucination response979

: [BEGIN]{label}[980
DONE]\n\n"981

)982
983

prompt += (984
f"Document: {documents }\n"985
f"Summary: {summaries }\n"986
"Hallucination response: [BEGIN]987

"988
)989

990
return prompt991992

Listing 4: ICL prompt construction for FEVER dataset
993

def build_icl_prompt(test_problem ,994
few_shots=None):995
prompt = ""996
if few_shots:997

for prob , sol in few_shots:998
prompt += (999

"You are an unbiased1000
fact checker. "1001

"Classify the following1002
claim as supported1003
if it is valid "1004

"or refuted if it is1005
invalid :\n"1006

f"Claim: {prob}\n"1007
"[BEGIN]\n"1008
f"{sol}\n"1009
"[DONE]\n\n"1010

)1011
1012

prompt += (1013
"You are an unbiased fact1014

checker. "1015
"Classify the following claim as1016

supported if it is valid "1017
"or refuted if it is invalid :\n"1018
f"Claim: {test_problem }\n"1019
"[BEGIN]\n"1020

)1021
1022

return prompt10231024

B Performance Considerations1025

A popular approach to mitigating hallucinations in1026

LLMs is fine-tuning, which modifies the underly-1027

ing model weights to align with factual distribu-1028

tions. While effective, fine-tuning requires signifi-1029

cant GPU memory and multiple training iterations.1030

In contrast, our proposed manifold based sampling1031

framework operates as a lightweight retrieval mech-1032

anism that achieves comparable performance gains1033

using a fraction of the resources. By training only1034

a thin projection head hθ (see Table 2) and keep-1035

ing the base model frozen, our method reduces1036

the training memory footprint by several orders of1037

Method Memory (GB) Time (hrs) Acc

LoRA-SFT, 4-bit 24 2.6 0.71
LoRA-SFT, 8-bit 40 3.6 0.74
LoRA-SFT, 16-bit 72 4.1 0.73
MB-ICL (ours) 0.64 3.4 0.71

Table 4: Comparison of computational cost and per-
formance between supervised fine-tuning (SFT) and
MB-ICL for Vicuna-7B model. MB-ICL achieves com-
parable performance with orders-of-magnitude lower
GPU memory usage.

magnitude, making MB-ICL suitable for domain- 1038

specific hallucination where fine-tuning is imprac- 1039

tical. 1040

We evaluate the performance of MB-ICL against 1041

a fine-tuned baseline. All experiments are con- 1042

ducted on Vicuna-7B using A6000 RTX GPUs with 1043

48 GB of memory. Fine-tuning the 16-bit model re- 1044

quires two GPUs, while all other fine-tuning config- 1045

urations are run on a single GPU. For each model, 1046

we attached LoRA adapters to the last 3 to 5 layers, 1047

including the highest performing configuration in 1048

Table 4. A summary of experiment configurations 1049

and computational results is provided in Table 4. 1050

C Implementation details 1051

The network hθ, which is crucial in our method 1052

to sample the ICL demonstrations, is trained for 1053

200 epochs on the training dataset DFt . Training 1054

utilizes two independent Adam optimizers: one for 1055

the network parameters and another for the proxy 1056

parameters. Both optimizers are initialized with a 1057

learning rate of 1e-3, combined with a scheduler 1058

that decays the learning rate by a factor of ηt = 1059

0.97. The dimensionality of the encoded vector Z 1060

is determined by the underlying Large Language 1061

Model (M ). A mini-batch size of 128 samples is 1062

maintained throughout training. 1063

For the initial set of experiments, the hyperpa- 1064

rameters for manifold construction and manifold 1065

point-to-point loss estimation are configured as fol- 1066

lows: T = 90%, δ = 2, m = 3, Nα = 4, and 1067

Nβ = 0.5. The momentum constant for updating 1068

θm is set to µ = 0.99. For Proxy Anchor loss, 1069

we employ α = 32 and ϵ = 0.1. These settings 1070

serve as the baseline configuration; subsequently, 1071

an ablation study is conducted on the above param- 1072

eters for LLMs that exhibited comparatively lower 1073

performance than competing methods. 1074

All experiments were conducted on an NVIDIA 1075

RTX A6000 GPU. Training the lightweight neu- 1076

12
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Figure 4: Performance of MB-ICL under varying numbers of in-context demonstrations
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ral network hθ requires approximately 640 MB of1077

GPU memory and about 3-4 hours of training time.1078

D AI usage1079

We have used AI tools(Chatgpt) for writing assis-1080

tance. We did not use it during any of the ideation1081

or experimentation phase.1082
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Figure 6: Accuracy vs Temperature comparison for Qwen3 and Falcon3 models on HaluEval QA dataset
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Figure 7: Accuracy vs Temperature comparisons for Qwen3 and Falcon3 models on HaluEval Dialogue dataset
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Figure 8: Hyperparameter tuning for Qwen3-4B on Summarization task
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