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Abstract001

Large language models (LLMs) often exhibit002
hallucinations due to their inability to accu-003
rately perceive their own knowledge bound-004
aries. Existing abstention fine-tuning meth-005
ods typically partition datasets directly based006
on response accuracy, causing models to suf-007
fer from severe label noise near the decision008
boundaries and consequently exhibit high rates009
of abstentions or hallucinations. This paper010
adopts a latent space representation perspec-011
tive, revealing a “gray zone” near the deci-012
sion hyperplane where internal belief ambigu-013
ity constitutes the core performance bottleneck.014
Based on this insight, we propose GEODE015
(Geometric Denoising) framework for absten-016
tion fine-tuning. This method constructs a truth017
hyperplane using linear probes and performs018
“geometric denoising” by employing geomet-019
ric distance as a continuous abstention decision020
confidence metric. This approach filters out am-021
biguous boundary samples while retaining high-022
fidelity signals for fine-tuning. Experiments023
across multiple models (Llama3, Qwen3) and024
benchmark datasets (TriviaQA, NQ, SciQ, Sim-025
pleQA) demonstrate that GEODE significantly026
enhances model truthfulness and exhibits out-027
standing generalization capabilities in out-of-028
distribution (OOD) scenarios.029

1 Introduction030

Large Language Models (LLMs) have demon-031

strated outstanding performance across various nat-032

ural language processing tasks (Grattafiori et al.,033

2024; Yang et al., 2025). However, it is univer-034

sally acknowledged that LLMs exhibit hallucina-035

tion—that is, generating responses that are factu-036

ally inaccurate or fabricating answers (Zhang et al.,037

2025a). This issue underscores the urgent need to038

develop effective hallucination detection and miti-039

gation methods.040

A practicable solution to mitigate hallucination041

phenomena involves fine-tuning LLMs to remain042

Gray zone

Figure 1: Visualization of the hidden states of questions
that are known and unknwon to the model. “Gray zone”
refers to the overlapping area.

active when answering known questions and refrain 043

from responding to queries beyond their knowl- 044

edge scope (Wen et al., 2025; Li et al., 2025a). 045

Specifically, these methods typically classify train- 046

ing data into “known” and “unknown” questions 047

based on the correctness or accuracy of model 048

responses, training models to answer the known 049

set while replying “I don’t know” to the unknown 050

set (Zhang et al., 2024a; Cheng et al., 2024). To 051

reduce reliance on ground truth labels, alternative 052

approaches utilize uncertainty metrics like seman- 053

tic entropy to partition training data into known 054

and unknown questions (Tjandra et al., 2024; Xue 055

et al., 2025). 056

This type of method has demonstrated signifi- 057

cant effectiveness across various models. However, 058

current abstention fine-tuning often fails when inter- 059

nal confidence misaligns with external correctness 060

and vague internal beliefs. Relying on stochastic 061

accuracy to partition “known” and “unknown” sets 062

introduces significant label noise—such as “lucky 063

guesses” or formatting-driven failures. Training on 064

these noisy heuristics forces the model to learn a 065

jagged, contradictory decision boundary, ultimately 066

leading to over-refusal or persistent hallucinations. 067
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We employ probing method to analyze such cases.068

As shown in Figure 1, we visualize the known and069

unknown sets, with the red line representing the070

boundary obtained through training. It can be ob-071

served that the two sets exhibit significant overlap.072

Notably, while the central region exhibits overlap073

and boundary crossing, this issue does not occur074

in data points farther from the hyperplane. This075

indicates that a significant portion of the current076

abstention fine-tuning data contains noise. There-077

fore, a potential improvement is to discard noisy078

data and retain clean data in the training set so that079

the LLM can learn to distinguish the known from080

unknown cases more effectively.081

To this end, we propose Geometric Denoising082

(GEODE) method for abstention fine-tuning, in-083

spired by the linear representation hypothesis. This084

approach selects effective samples for abstention085

fine-tuning through linear probes, thereby enhanc-086

ing LLMs’ self-awareness of their knowledge087

boundaries. The basic principle is, if the hidden088

state representation of a question is highly distant089

from the probe’s hyperplane, then the model can090

readily decide to reject or answer it. However, if091

it is very close to the hyperplane, then it indicates092

a difficult case to decide whether to reject or an-093

swer. Guided by this principle, we select samples094

with high probe confidence (distant from the probe095

hyperplane) and discard those with low probe con-096

fidence (close to the probe hyperplane).097

Our main contributions are as follows:098

1. Internal Representation Perspective: We of-099

fer a novel diagnostic perspective on absten-100

tion fine-tuning by analyzing the latent space101

of LLMs. Our analysis reveals that subopti-102

mal performance frequently stems from a “grey103

zone” near the latent decision boundary, where104

ambiguous representations introduce significant105

label noise.106

2. Latent-Guided Denoised Dataset Curation:107

We propose GEODE, a framework that lever-108

ages internal probes to curate high-quality fine-109

tuning datasets. By using geometric distance110

from the truthfulness hyperplane as a confidence111

metric, GEODE purges ambiguous boundary112

samples. This geometric denoising ensures the113

model trains on linearly separable signals, lead-114

ing to sharper knowledge boundaries.115

3. Empirical Superiority: Extensive experiments116

across multiple architectures and benchmarks117

demonstrate that GEODE significantly outper- 118

forms baselines. Our method also shows supe- 119

rior generalization in out-of-distribution (OOD) 120

and abstention tasks. 121

2 Related Work 122

2.1 Hidden States of LLMs 123

Recent work suggests there is a “truthfulness” di- 124

rection in latent space (Marks and Tegmark, 2024; 125

Azaria and Mitchell, 2023). Liu et al. (2024) sug- 126

gest there is a universal truthfulness hyperplane 127

that exists within LLMs generalizing on cross-task, 128

cross-domain, and in-domain. Some work probes 129

the last token of a question to predict whether the 130

model can answer it correctly without generating 131

any tokens (Slobodkin et al., 2023; Snyder et al., 132

2024; Gottesman and Geva, 2024). To more ef- 133

fectively distinguish facts from errors, some work 134

designs more complex features to train truthful- 135

ness probes and utilize information from model- 136

generated answers (Orgad et al., 2025; Li et al., 137

2025b; Zhang et al., 2025b). Li et al. (2025b); Or- 138

gad et al. (2025). Truthfulness vectors can also 139

be employed for hallucination mitigation by steer- 140

ing (Ji et al., 2025; Zhang et al., 2024b). Recent 141

works suggest that models’ own internal judgments 142

often lead to better overall factuality (Newman 143

et al., 2025; Liang et al., 2024). In this work, we 144

employ the truthfulness hyperplane as an internal 145

confidence classifier to guide abstention fine-tuning 146

for the model. 147

2.2 Abstention Fine-tuning 148

Abstention fine-tuning is a technique that teaches 149

the model to abstain from answering questions 150

that it does not know, while maintaining accuracy 151

on known questions (Wen et al., 2025). Zhang 152

et al. (2024a); Tjandra et al. (2024); Cheng et al. 153

(2024) construct abstention-aware dataset based on 154

whether the model can answer correctly, defining 155

this as the model’s knowledge boundary. Then they 156

fine-tune the model to refuse answering questions 157

beyond its knowledge boundary while responding 158

to those within it. Xu et al. (2024); Cheng et al. 159

(2024); Brahman et al. (2024) use Direct Prefer- 160

ence Optimization (DPO) (Rafailov et al., 2023) 161

to train models to admit uncertainty when encoun- 162

tering unknown questions rather than outputting 163

incorrect answers. Li et al. (2025c) employ adap- 164

tive contrastive learning to optimize LLMs’ absten- 165

tion preferences. Huang et al. (2025); Cohen et al. 166
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(2024) incorporate a dedicated “rejection” token167

into the model’s vocabulary and formulate an objec-168

tive function that redistributes probability mass to-169

ward this token when the model is uncertain. Zheng170

et al. (2025); An and Xu (2025) train models to out-171

put binary confidence labels (“sure” vs. “unsure”)172

after generating an answer as a proxy for abstention,173

enabling them to reject low-confidence answers.174

Abstention fine-tuning may result in models being175

overly conservative or overly aggressive (Cheng176

et al., 2024; Zhu et al., 2025). In this work, we177

construct fine-tuning datasets based on the model’s178

internal beliefs to mitigate issues of over-rejection179

and over-hallucination.180

3 Method181

Our work aims to develop a hidden state approach182

to enhance the model’s awareness of its own knowl-183

edge boundaries. The main steps in our approach184

are to sample and arrange these diagnostic data into185

known/unknown subsets, train a hidden-state probe186

to quantify the model’s confidence in its responses,187

and finally perform targeted abstention fine-tuning188

on the curated samples to teach the model to abstain189

from answering questions outside its knowledge190

scope.191

3.1 Identify the Knowledge Boundary192

First, the base LLM is prompted to answer ev-193

ery question within a source training dataset (D0).194

This acts as a diagnostic phase to examine what195

knowledge the model has actually internalized dur-196

ing its initial training. The model’s responses are197

then split into two distinct subsets based on the198

accuracy in answering each question.199

Known Knowledge (D0ik): These are the sam-200

ples that the LLM correctly answered. The “ik”201

stands for “I know”. These question-answer pairs202

are retained in their original form to reinforce the203

retention of correct information during fine-tuning.204

Unknown Knowledge (D0idk): These are the205

samples that the LLM provided an incorrect re-206

sponse. For these cases, the original (incorrect)207

answer is discarded and replaced with a refusal208

message–specifically “I don’t know” in abstention209

fine-tuning (hence, “idk” for short).210

3.2 Curating Denoised Dataset211

We train the probe model using D0ik and D0idk212

from the previous step. Specifically, we use the hid-213

den states representation for the question-related214

string as the feature x = fLLM(q), and the correct- 215

ness of the statement as a binary label y = I(q ⇒ 216

a) ∈ {0, 1}, to train a logistic regression probe, 217

whose formula is: 218

fprobe(x) = σ(w⊤x+ b), (1) 219

where σ is the sigmoid function, and w denotes 220

the linear weight and b is the bias term. Next, we 221

define the confidence of LLM answering question 222

q with a by measuring the distance from x to the 223

learned hyperplane (w; b): 224

d(x) =

∣∣w⊤x+ b
∣∣

∥w∥2
(2) 225

d(x) has a clear probabilistic meaning that re- 226

flects the model’s confidence in answering the 227

given question. d(x) > 0 means the model believes 228

it can answer correctly, while d(x) < 0 means 229

the opposite, and a larger |d(x)| value indicates 230

stronger confidence. It follows naturally that we 231

can reformulate the goal of abstention fine-tuning 232

as teaching the model to reject questions for which 233

d(x) < 0 and to answer those for which d(x) > 0. 234

Accordingly, we partition the data into subsets of 235

varying difficulty based on the magnitude of |d(x)|. 236

Instead of using all available data, we select only 237

samples farthest from the decision boundary, i.e., 238

those with large |d(x)|, retaining the top X% of 239

samples for the fine-tuning task. 240

The detailed methods for extracting hidden state 241

from LLMs, x = fLLM(q), are as follows: 242

Hidden state of the question (TBG): We di- 243

rectly feed the question string q into the model 244

and extract the hidden state of the last token of the 245

question from the final layer, e.g., token before 246

generation (TBG), which corresponds to the token 247

immediately preceding the generation trigger for 248

question encoding. 249

Hidden state of the answer (SLT): We first gen- 250

erate the model’s answer a via few-shot learning 251

and greedy decoding (with temperature set to 0), 252

and then feed concatenated sequence q ⊕ a to the 253

model, and retrieve the hidden state of the last to- 254

ken from the model’s final layer, e.g., second last 255

token (SLT); this token captures the contextual rep- 256

resentation of the entire question-answer sequence 257

right before the end-of-sequence token. 258

3.3 Abstention Fine-tuning on Subset 259

Given a dataset Dselected that consists of a known 260

question set Dselected
ik and an unknown question set 261
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Figure 2: Overview of our method. GEODE contains three steps: (1) Identify the knowledge boundary by dividing
the source data into two subsets (D0idk and D0idk), and train a probe using these two subsets. (2) Calculate the
distance from test data D1 to the hyperplane learned by the probe, and select the subset of samples that are farthest
from the hyperplane D1selected

ik and D1selected
idk . (3) Adjust the target answers based on the probe’s prediction results

(retain correct answers for D1selected
ik and replace incorrect answers with “I don’t know” for D1selected

idk ), then conduct
abstention fine-tuning on the selected subset.

Dselected
idk , we modify the ground truth of Dselected

idk262

as “I don’t know” and keep the ground truth of263

Dselected
ik as the correct answer. Then we employ264

supervised fine-tuning with the cross-entropy loss:265

L(pθ) = −
∑

q∈Dselected

|y(q)|∑
t=1

log pθ
(
y
(q)
t | I,q,y

(q)
t−1

)
,

(3)266

in which pθ(y
(q)
t ) is the model’s predicted next-267

token probability distribution given the instruction268

(I), question (q), and the first t − 1 tokens of the269

ground truth y
(q)
t−1.270

4 Experiments271

4.1 Experimental Setting272

Datasets We assess the effectiveness of GEODE273

on four open-ended question-answering tasks:274

TriviaQA (Joshi et al., 2017) which contains gen-275

eral knowledge QA pairs; Natural Questions276

(NQ) (Kwiatkowski et al., 2019) which contains277

questions from users’ queries to search engines;278

SciQ (Welbl et al., 2017) which contains science279

exam questions across multiple disciplines; and280

SimpleQA (Wei et al., 2024) which is adversarially281

collected against GPT-4 responses, using short-fact282

Algorithm 1 GEODE TBG Process
Require: Initial model M , QA dataset Dsrc =

D0 +D1, percentage threshold X
Ensure: Fine-tuned model Mfine-tuned

1: Step 1: Identify Knowledge Boundary
2: Test M on D0
3: Split D0 into D0ik and D0idk by accuracy
4: Step 2: Curate Subsets Based on Distance
5: Get representation x = fLLM(q), q ∈ D0
6: Train linear probe on D0: fprobe(x) =

σ(w⊤x+ b)

7: Compute distance on D1: d(x) = |w⊤x+b|
||w||2

8: Determine threshold θ as the X%-th quan-
tile of sorted d(x)

9: Select top X% samples: D1selected ← {x |
|d(x)| > θ}

10: Step 3: Abstention Fine-tuning
11: Split D1selected into D1selected

ik (d(x) > 0)
and D1selected

idk (d(x) < 0).
12: Replace ground truth of D1selected

idk with “I
don’t know.”

13: Fine-tune M with cross-entropy loss on
D1selected

14: Return Mfine-tuned
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question-answering with single, indisputable an-283

swers to test whether the model truly “knows what284

it knows”. We use 10K samples from the TriviaQA285

training set for probe training, with the rest used286

for SFT. The validation split of TriviaQA is used287

for the in-domain (ID) test. We use NQ, SciQ, and288

SimpleQA for out-of-distribution (OOD) tests. De-289

tailed evaluation dataset information is provided in290

Appendix A.291

Baselines We compare GEODE with the follow-292

ing existing methods for abstention fine-tuning.293

1. IDK (Cheng et al., 2024) directly prompts the294

model to abstain from uncertain questions.295

2. Uncertainty (Xu et al., 2025) first prompts the296

model to answer questions as accurately as possi-297

ble, then prompts the model to output binary uncer-298

tainty (sure or unsure).299

3. R-Tuning (Zhang et al., 2024a) randomly selects300

a set of questions, categorizes them as known or301

unknown based on the model’s accuracy on each302

question, changes the ground truth for unknown303

questions to “I don’t know,” and then performs304

supervised fine-tuning.305

4. Probe-Tuning (Newman et al., 2025). The work-306

flow of Probe-Tuning is identical to that of R-307

Tuning, with the key difference being that Probe-308

Pred utilizes the prediction results from truthful309

probes as the criteria for classifying questions into310

known and unknown categories.311

GT
R Correctly

answered
Wrongly
answered

Abstained

Known N1 N2 N3

Unknown – N4 N5

Table 1: Abstention confusion matrix. R denotes the an-
swer of the refined (fine-tuned) model. GT denotes the
initial model. “Known” denotes that the initial model
answered correctly, while “unknown” indicates that the
initial model answered wrongly.

Evaluation For each test question, we classify312

the response as correct, wrong, or abstention. We313

use Llama3.1-8b-instruct (Grattafiori et al., 2024)314

as the judge to evaluate the correctness of answers315

generated by LLMs with 6-shot prompting. A re-316

sponse containing “I don’t know” is counted as317

an abstention. To measure the performance of ab-318

stention fine-tuning methods, we adopt three met-319

rics, each reflecting unique aspects of performance,320

based on the widely used abstention confusion ma- 321

trix in Table 1. We use in-context learning (ICL) 322

as the initial model. 323

Helpfulness (F1ans): For known questions, we 324

calculate F1ans (Kim et al., 2024) as the harmonic 325

mean of answerable recall ( N1
N1+N2+N3

) and an- 326

swerable precision ( N1
N1+N2+N4

). 327

Truthfulness (F1abs): For unknown questions, 328

we calculate F1abs (Kim et al., 2024) as the har- 329

monic mean of unanswerable recall ( N5
N4+N5

) and 330

unanswerable precision ( N5
N3+N5

). 331

Reliability (F1rel): Existing studies indicate that 332

enhancing helpfulness leads to a decline in factual- 333

ity (Xu et al., 2024; An and Xu, 2025). Therefore, 334

we calculate the harmonic mean of metrics F1ans 335

and F1abs as a reliability metric for comprehensive 336

evaluation (An and Xu, 2025). 337

Implementation Details In this work, we choose 338

Llama3-8B-Instruct (Grattafiori et al., 2024) and 339

Qwen3-8B (Yang et al., 2025) as the initial models. 340

We conduct experiments using SFT. We set the X 341

as 25%. We employ logistic regression probe with 342

L2 regularization. We use the Swift1 framework to 343

conduct fine-tuning using the AdamW optimizer, 344

setting epoch to 3, learning rate to 1e-5, and batch 345

size to 16. We use grid search to select the op- 346

timal hyperparameters. All the experiments are 347

implemented on 4 Nvidia L40-48GB GPUs. Dur- 348

ing inference, we utilize the vLLM framework2 to 349

accelerate the process and employ a greedy search 350

strategy to generate responses. Results are aver- 351

aged over three different random seeds. 352

4.2 Main Results 353

We show the main experimental results of GEODE 354

and all baseline methods in Table 2. The key obser- 355

vations from our experiments are: 356

Effectiveness of GEODE The fundamental lim- 357

itation of existing baselines lies in their suscepti- 358

bility to the “gray zone”—the latent region where 359

internal belief is ambiguous and misaligned with 360

external correctness. As illustrated in Figure 1, 361

partitioning data based solely on response accu- 362

racy results in significant overlap between known 363

and unknown representations. By utilizing the geo- 364

metric distance from the truthfulness hyperplane, 365

GEODE effectively purges this noise. Our results 366

demonstrate that this denoising process allows the 367

1https://github.com/modelscope/ms-swift
2https://github.com/vllm-project/vllm
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Dataset TriviaQA NQ SciQ SimpleQA

Method F1ans F1abs F1rel F1ans F1abs F1rel F1ans F1abs F1rel F1ans F1abs F1rel

Llama3-8B-Instruct

IDK 78.7 35.3 48.8 61.4 56.3 58.7 83.3 5.6 10.4 14.6 64.0 23.8
Uncertainty 67.7 46.4 55.0 45.9 18.0 25.9 64.7 17.9 28.0 10.0 52.2 16.8
R-Tuning 77.3 71.6 74.4 47.0 78.1 58.7 69.9 58.2 63.5 14.6 96.1 25.4
Probe-Tuning TBG 78.8 72.8 75.7 51.6 79.1 62.5 81.4 53.4 64.5 12.8 96.1 22.6
GEODE TBG 80.9 73.7 77.1 54.0 78.4 64.0 81.9 58.5 68.3 18.4 94.8 30.7
Probe-Tuning SLT 75.8 71.3 73.4 44.8 78.3 56.9 75.4 58.9 66.1 18.4 95.8 30.9
GEODE SLT 79.8 73.7 76.7 52.6 79.4 63.3 82.4 59.8 69.3 18.6 96.0 31.2

Qwen3-8B

IDK 74.0 55.1 63.2 55.1 65.4 59.8 81.8 44.5 57.6 11.7 58.6 19.5
Uncertainty 75.9 38.8 51.3 57.3 52.1 54.6 70.3 38.6 49.8 12.2 66.6 20.6
R-Tuning 75.8 74.3 75.0 50.3 70.5 58.7 86.5 45.1 59.3 12.6 63.6 21.0
Probe-Tuning TBG 75.0 71.7 73.3 51.2 70.5 59.4 86.5 44.2 58.5 12.6 63.4 21.0
GEODE TBG 77.7 77.4 77.6 54.3 71.3 61.6 81.8 47.2 59.8 13.0 67.3 21.7
Probe-Tuning SLT 75.4 72.8 74.1 50.1 69.2 58.1 85.7 45.8 60.0 12.3 62.0 20.6
GEODE SLT 75.6 75.6 75.6 51.6 71.7 60.0 84.6 48.5 61.6 13.8 65.9 22.8

Table 2: Performance on in-domain and out-of-domain question answering benchmarks. All results are multiplied
by 100. The best result is bolded. The second best is underlined.

model to fine-tune on pure representations of its368

knowledge boundary. Consequently, GEODE con-369

sistently outperforms all baselines in the reliabil-370

ity metric F1rel) across both Llama3-8B-Instruct371

and Qwen3-8B. For instance, on the TriviaQA in-372

domain task, GEODE (TBG) achieves a top F1rel of373

77.1 for Llama3 and 77.6 for Qwen, representing374

a significant margin over traditional R-Tuning and375

Probe-Tuning. GEODE also exhibits exceptional376

OOD generalization. On NQ, SciQ and SimpleQA,377

GEODE consistently maintains high F1rel scores.378

Latent Representations: TBG vs. SLT TBG379

and SLT exhibit comparable performance across380

benchmarks, with no single strategy consistently381

outperforming the other. While their absolute gains382

are similar, they reflect cognitive states at different383

stages: TBG captures the model’s initial confidence384

prior to output, whereas SLT incorporates the se-385

mantic context of the generated response. This386

result underscores the robustness of the GEODE387

framework regarding representation positioning. It388

demonstrates that geometric denoising effectively389

identifies and reduces noise regardless of the spe-390

cific extraction point, confirming the universal util-391

ity of latent-geometric distance.392

4.3 Evaluation on RAG Setting 393

Experimental Setting We evaluate the perfor- 394

mance of the abstention methods in the Retrieval 395

Augmented Generation (RAG) scenario. We use 396

the RAG-Bench (Fang et al., 2024) dataset, which 397

includes two settings: (1) Golden: golden retrieval, 398

which contains contexts that include correct an- 399

swers. (2) Golden & RRN: golden retrieval with 400

relevant retrieval noise, which includes golden re- 401

trieval and context relevant to the question state- 402

ment but lacks the correct answers. We feed the 403

context alongside the question into the model. 404

Experimental Results Table 3 shows the per- 405

formance in the RAG setting. Similar to the main 406

experimental results, IDK and R-Tuning performed 407

worse than abstention fine-tuning based on probing. 408

Overall, our method achieves the best performance 409

relative to the baseline. Within the SLT-based set- 410

ting, our method not only achieves superior accu- 411

racy but also yields a lower hallucination rate com- 412

pared to Probe-Tuning. This dual improvement 413

highlights the efficacy of geometric denoising in 414

establishing more reliable knowledge boundaries. 415

Our method maintains the highest reliability (F1rel) 416

even under noisy retrieval scenarios, demonstrating 417

its robustness in practical applications. 418
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Golden Golden & RRN

F1ans F1abs F1rel Acc. Hallu. F1ans F1abs F1rel Acc. Hallu.

ICL - - - 71.2 28.8 - - - 63.8 36.2
IDK 76.1 45.5 57.0 58.1 17.9 71.6 45.6 55.7 52.7 23.6
R-Tuning 80.8 52.5 63.7 61.0 11.8 74.4 53.3 62.1 50.4 15.3
Probe-tuning TBG 83.8 47.9 61.0 67.3 13.0 81.1 48.6 60.8 63.3 16.8
GEODE TBG 75.2 52.5 61.8 51.5 9.2 74.3 56.9 64.5 49.1 11.4
Probe-Tuning SLT 79.1 52.7 63.2 54.8 11.9 75.9 54.7 63.5 50.0 15.7
GEODE SLT 79.9 61.1 69.3 55.8 9.2 75.8 57.9 65.7 53.4 13.0

Table 3: RAG results. Acc. is accuracy. Hallu. is hallucination rate.

0 2 4 6 8

Bin (sorted by distance)
0.0

0.2

0.4

0.6

0.8

1.0

Pr
ob

e 
Pe

rfo
rm

an
ce

AUROC and F1 of Llama

AUROC
F1

0 2 4 6 8

Bin (sorted by distance)
0.0

0.2

0.4

0.6

0.8

1.0
AUROC and F1 of Qwen

AUROC
F1

Figure 3: Probing performance vs. distance. Bin0
denotes the nearest subset, and bin9 the farthest subset.
Accuracy and F1 score increase as distance increases.

5 Analysis419

5.1 Ablation Studies420

To validate our hypothesis that the geometric dis-421

tance to the probing hyperplane serves as a reli-422

able proxy for sample quality, we partitioned the423

training data into three tiers: Ours-Farthest (75%-424

100%), Ours-Middle (37.5%-62.5%), and Ours-425

Nearest (0-25%). As shown in Table 4, a clear426

performance gradient is observed across all met-427

rics. Specifically, on Qwen3-8B (TriviaQA), Ours-428

Farthest achieves an F1rel of 77.6, markedly sur-429

passing the Middle (74.6) and Nearest (73.2) tiers.430

This performance decay is inherently rooted in the431

noise density of the decision boundary: samples432

located near the hyperplane (the “grey zone”) rep-433

resent instances where the model’s internal repre-434

sentations for known and unknown knowledge are435

highly entangled. Fine-tuning on these ambigu-436

ous samples introduces contradictory gradients that437

blur the model’s knowledge boundaries. By selec-438

tively training on the “farthest” samples, GEODE439

effectively performs geometric denoising, ensuring440

that the model learns from high-confidence, lin-441

early separable signals. To further illustrate this442

distance-quality correlation, we bin the training443

Dataset TriviaQA NQ

Metric F1ans F1abs F1rel F1ans F1abs F1rel

Ours TBG 77.7 77.4 77.6 54.3 71.3 61.6
-middle 74.9 74.2 74.6 50.0 70.2 58.4
-nearest 75.2 71.2 73.2 49.7 69.6 58.0

Ours SLT 75.6 75.6 75.6 51.6 71.7 60.0
-middle 75.4 72.8 74.1 50.1 69.2 58.1
-nearest 73.8 67.5 70.5 48.9 67.2 56.6

R-Tuning-01 75.5 77.0 76.2 51.6 71.8 60.0

Table 4: Ablation study on distance-based data partition-
ing for abstention fine-tuning. Samples are partitioned
into three tiers based on their geometric distance |d(x)|
to the probing hyperplane.

data into ten equal subsets sorted by distance in 444

ascending order. As visualized in Figure 3, the 445

probe’s predictive accuracy scales monotonically 446

with distance. Notably, the AUROC for samples 447

nearest to the hyperplane drops below 0.6, ap- 448

proaching random chance, confirming that proxim- 449

ity to the boundary is a primary source of aleatoric 450

noise. In contrast, distal samples provide a clean 451

signal for knowledge boundaries. 452

We further compare this geometric denoising 453

approach with R-Tuning-01, which conceptually 454

shares a similar objective by training only on sam- 455

ples with 100% response consistency (either all 456

correct or all incorrect) across 10 times of indepen- 457

dent samples. While R-Tuning-01 attempts to filter 458

ambiguity via external output stability, it remains 459

inferior to our method. 460

5.2 Effects of Positive Proportions in Training 461

We fix the training set size at 20,000 and conduct 462

experiments under different positive sample pro- 463
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Figure 4: Accuracy and hallucination rate according to
different positive proportions in the training set.

portions. As shown in Figure 4, both accuracy and464

hallucination rates increase as the proportion of465

positive samples in the training set go up. High-466

accuracy datasets like TriviaQA and SciQ exhibit467

significant sensitivity to changes in the positive-468

to-negative ratio within the training set, whereas469

NQ and SimpleQA show less pronounced varia-470

tion. This suggests that excessively high negative471

sample ratios may cause models to over-abstain472

from known questions. The results also imply473

that abstention fine-tuning cannot eliminate over-474

abstention and hallucination simultaneously.475

5.3 Evaluation on Unanswerable Datasets476

Experimental Setup To evaluate the model’s477

ability for identifying unanswerable queries, we478

test performance on three specialized benchmarks:479

(1) Alcuna (Yin et al., 2023a), containing synthetic480

entity-based questions; (2) FalseQA (Hu et al.,481

2023), containing questions contradicting common482

sense; and (3) Self-Aware (SA) (Yin et al., 2023b),483

containing inherently unanswerable questions.484

Performance Analysis As presented in Table 5,485

GEODE demonstrates highly competitive absten-486

tion rates, particularly with the TBG variant. While487

performance varies across benchmarks, our method488

shows notable strengths in specific scenarios. For489

instance, on the Alcuna dataset using Qwen3-8B,490

GEODE (TBG) achieves an abstention rate of491

94.5%, a substantial improvement over the 78.2%492

reached by R-Tuning. We found that the rejection493

rate on Alcuna was higher than that on FalseQA494

and SA. Notably, overall rejection rates are higher495

on Alcuna than on FalseQA and SA. We attribute496

this to the nature of entities: while FalseQA and SA497

involve real-world concepts, Alcuna uses synthetic498

Method Alcuna FalseQA SA

Llama3-8b-Instruction

IDK 78.4 49.8 50.9
Uncertainty 19.2 8.5 15.4
R-Tuning 98.3 91.8 98.1
Probe-Tuning TBG 99.2 91.8 99.7
GEODE TBG 98.2 92.4 99.2
Probe-Tuning SLT 99.7 95.3 99.7
GEODE SLT 99.0 90.6 98.7

Qwen3-8B

IDK 85.9 62.4 74.4
Uncertainty 38.5 24.5 39.6
R-Tuning 78.2 67.5 82.6
Probe-Tuning TBG 84.0 72.2 84.1
GEODE TBG 94.5 67.6 88.3
Probe-Tuning SLT 69.7 65.2 80.6
GEODE SLT 94.3 70.5 86.9

Table 5: Abstention rates (%) across specialized bench-
marks. High scores indicate effective identification of
unanswerable or deceptive queries.

ones. This suggests that familiar domains trigger 499

an illusion of knowledge, where the presence of 500

known entities induces generative overconfidence. 501

Consequently, models struggle more to recognize 502

their epistemic limits in familiar contexts than in 503

entirely novel, synthetic ones. 504

6 Conclusion 505

In this work, we introduce GEODE, a novel frame- 506

work for abstention fine-tuning that leverages the 507

latent geometry of LLMs. Moving beyond tradi- 508

tional methods that rely solely on external response 509

accuracy, we propose a diagnostic perspective by 510

analyzing the model’s internal representation space. 511

We found a critical “grey zone” near the latent deci- 512

sion hyperplane, where ambiguous internal beliefs 513

introduce significant noise that hinders a model’s 514

ability to perceive its own knowledge boundaries. 515

By employing geometric denoising, GEODE sys- 516

tematically purges these ambiguous boundary sam- 517

ples, ensuring that the model is fine-tuned on high- 518

fidelity, linearly separable signals. Extensive exper- 519

iments across multiple models (Llama3, Qwen3) 520

and benchmarks demonstrate that our approach sig- 521

nificantly enhances model reliability and exhibits 522

superior generalization in OOD, RAG, and decep- 523

tive scenarios. 524
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Limitations525

Our method has been validated on models with up526

to 8B parameters; however, it has not been eval-527

uated on models with larger parameter sizes. We528

employ linear representations to model truthful-529

ness, but linear methods may not fully capture the530

complexity of truth-related behaviors, and a multi-531

dimensional framework is necessary for more ac-532

curate modeling in larger models as suggested by533

recent evidence (Yu et al., 2025). Additionally, our534

experiments have yet to include reasoning tasks535

or long-form generation, which are critical for fur-536

ther evaluating the robustness and scalability of537

our approach in addressing more intricate linguis-538

tic challenges. Although this work employs highly539

discriminative data for fine-tuning, abstention fine-540

tuning carries an unavoidable risk: over-abstention,541

which may cause the model to refuse to output542

answers it was highly confident about prior to fine-543

tuning. Future research may need to continuously544

teach models to express uncertainty during the pre-545

training stage.546
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A Dataset Details 822

The table displays statistical information about the 823

datasets, where SimpleQA and NQ are more chal- 824

lenging datasets, while TriviaQA and NQ are rel- 825

atively simpler. Alcuna, FalseQA and Self-Aware 826

contain unanswerable questions.

Size Llama
Acc.

Qwen
Acc.

TriviaQA Train 87622 66.17 54.93
TriviaQA Val 11313 65.55 54.65
NQ 3610 40.86 34.04
SciQ 1000 72.50 81.60
SimpleQA 4326 6.80 5.59
Alcuna 2001 - -
FalseQA 1374 - -
Self-Aware 1032 - -

Table 6: Dataset details. Llama (Llama3-8B-Instruct)
and Qwen (Qwen3-8B) are the initial models used in
experiments. Acc. (Accuracy) is for reference.

827

B Prompts 828

During training, we use the following instruction: 829

You are a helpful and truthful AI assistant. You 830

should answer the question as briefly as possible, 831

if you don’t know, please just say ’I don’t know.". 832

We use a 6-shot prompt for evaluation across 833

all methods. For the ICL baseline, the prompt 834

consists of six examples of direct answering. In 835

contrast, prompts for abstention-aware methods in- 836

clude a balanced mix of three answering examples 837

and three abstention examples. 838
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ICL Prompt

Answer the following questions as briefly
as possible.

Question: {demo question 1}
Answer: {demo answer 1}

Question: {demo question 2}
Answer: {demo answer 2}

...

Question: {input question}
Answer:

839

Abstention-aware Prompt

Answer the following questions as briefly
as possible. If you don’t know the answer,
please simply say “I don’t know.”

Question: {demo question 1}
Answer: {demo answer 1}

Question: {demo question 2}
Answer: I don’t know.

...

Question: {input question}
Answer:

840

Uncertainty Prompt

You should answer the question as briefly
as possible, then present your confidence. If
you are sure about your answer, please say
“I am sure” after your answer; otherwise,
say “I am unsure”.

Question: {demo question 1}
Answer: {demo answer 1} I am sure.

Question: {demo question 2}
Answer: {demo answer 2} I am unsure.

...

Question: {input_question}
Answer:

841

LLM judge Prompt

We are assessing the quality of answers to
the following question: input question
The following are expected answers to this
question: input ground truth
The proposed answer is proposed answer
Within the context of the question, does
the proposed answer mean the same as the
expected answer?
Respond only with yes or no.
Here are some examples:
Question: demo question 1
Expected answer: demo ground truth 1
Proposed answer: demo correct answer 1
Response: yes

Question: demo question 2
Expected answer: demo ground truth 2
Proposed answer: demo wrong answer 2
Response: no

...

Now evaluate the following:
Question: input question
Expected answer: input ground truth
Proposed answer: input proposed answer
Response:

842
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