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Abstract

Large language models (LLMs) often exhibit
hallucinations due to their inability to accurately
perceive their own knowledge boundaries. Ex-
isting abstention fine-tuning methods typically
partition datasets directly based on response
accuracy, causing models to suffer from severe
label noise near the decision boundaries and con-
sequently exhibit high rates of abstentions or hal-
lucinations. This paper adopts a latent space rep-
resentation perspective, revealing a “gray zone”
near the decision hyperplane where internal be-
lief ambiguity constitutes the core performance
bottleneck. Based on this insight, we propose
the GeoDE (Geometric Denoising) framework
for abstention fine-tuning. This method con-
structs a truth hyperplane using linear probes
and performs “geometric denoising” by employ-
ing geometric distance as a confidence signal
for abstention decisions. This approach fil-
ters out ambiguous boundary samples while
retaining high-fidelity signals for fine-tuning.
Experiments across multiple models (Llama3,
Qwen3) and benchmark datasets (TriviaQA,
NQ, SciQ, SimpleQA) demonstrate that GEoDE
significantly enhances model truthfulness and
demonstrates strong generalization in out-of-
distribution (OOD) scenarios. Code is available
at https://github.com/Notbesidemoon/GeoDe.

1 Introduction

Large Language Models (LLMs) have demonstrated
outstanding performance across various natural
language processing tasks (Grattafiori et al., 2024;
Yang et al., 2025; Zhu et al., 2024). However,
it is universally acknowledged that LLMs exhibit
hallucination—that is, generating responses that are
factually inaccurate or fabricating answers (Zhang
et al., 2025a). This issue underscores the urgent
need to develop effective hallucination detection
and mitigation methods.
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Figure 1: Visualization of the hidden states of questions
that are known and unknown to the model. “Gray zone’
refers to the overlapping area.
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One practical approach to mitigating hallucina-
tion is to fine-tune LLMs to answer known questions
while abstaining from those beyond their knowl-
edge scope (Wen et al., 2025; Li et al., 2025a).
Specifically, these methods typically classify train-
ing data into “known” and “unknown” questions
based on the correctness of model responses, train-
ing models to answer the known set while replying
“I don’t know” to the unknown set (Zhang et al.,
2024a; Cheng et al., 2024). To reduce reliance
on ground truth labels, alternative approaches uti-
lize uncertainty metrics like semantic entropy to
partition training data into known and unknown
questions (Tjandra et al., 2024; Xue et al., 2025).

These methods have shown notable effective-
ness, yet they often fail when internal confidence
misaligns with external correctness. Relying
on response-level accuracy to partition “known”
and “unknown” sets introduces significant label
noise—such as “lucky guesses” or formatting-
driven failures. Training on these noisy heuristics
forces the model to learn an inconsistent, contra-
dictory decision boundary, ultimately leading to
over-refusal or persistent hallucinations. We em-
ploy a probing method to analyze such cases. As

2562

Findings of the Association for Computational Linguistics: ACL 2026, pages 2562-2576
July 2-7, 2026 ©2026 Association for Computational Linguistics


https://github.com/Notbesidemoon/GeoDe
mailto:xuyang@sustech.edu.cn

shown in Figure 1, we visualize the known and
unknown sets, with the red line representing the
learned probe hyperplane. The two sets exhibit
significant overlap in the central region, whereas
samples farther from the hyperplane show clean
separation. This indicates that a significant por-
tion of current abstention fine-tuning data contains
noise. Therefore, a potential improvement is to
discard noisy boundary samples and retain only
clean, high-confidence data, so that the LLM can
learn to distinguish known from unknown cases
more effectively.

To this end, we propose the Geometric Denoising
(GeoDE) framework for abstention fine-tuning, in-
spired by the linear representation hypothesis. The
key intuition is that a hidden state far from the probe
hyperplane indicates high confidence, making the
abstention decision straightforward, whereas a state
near the hyperplane reflects ambiguity, making the
decision unreliable. Guided by this principle, we
select samples with high probe confidence (distant
from the probe hyperplane) and discard those with
low probe confidence (close to the probe hyper-
plane).

Our main contributions are as follows:

1. Internal Representation Perspective: We of-
fer a novel diagnostic perspective on absten-
tion fine-tuning by analyzing the latent space
of LLMs. Our analysis reveals that subopti-
mal performance frequently stems from a “grey
zone” near the latent decision boundary, where
ambiguous representations introduce significant
label noise.

2. Latent-Guided Denoised Dataset Curation:
We propose GEoDE, a framework that leverages
internal probes to curate high-quality fine-tuning
datasets. By using geometric distance from the
truthfulness hyperplane as a confidence metric,
GeoDE purges ambiguous boundary samples.
This geometric denoising ensures the model
trains on linearly separable signals, leading to
sharper knowledge boundaries.

3. Empirical Superiority: Extensive experiments
across multiple architectures and benchmarks
demonstrate that GEoDE significantly outper-
forms baselines. Our method also shows supe-
rior generalization in out-of-distribution (OOD)
and abstention tasks.

2 Related Work

2.1 Hidden States of LLMs

Recent work suggests there is a “truthfulness” di-
rection in latent space (Marks and Tegmark, 2024;
Azaria and Mitchell, 2023). Liuetal. (2024) suggest
there is a universal truthfulness hyperplane within
LLMs that generalizes across tasks, domains, and
in-domain settings. Some work probes the last
token of a question to predict whether the model
can answer it correctly without generating any to-
kens (Slobodkin et al., 2023; Snyder et al., 2024;
Gottesman and Geva, 2024). To more effectively
distinguish facts from errors, some work designs
more complex features to train truthfulness probes
and utilizes information from model-generated an-
swers (Orgad et al., 2025; Li et al., 2025b; Zhang
et al., 2025b). Truthfulness vectors can also be em-
ployed for hallucination mitigation via steering (Ji
etal.,2025; Zhang et al., 2024b). Recent works sug-
gest that models’ own internal judgments often lead
to better overall factuality (Newman et al., 2025;
Liang et al., 2024). In this work, we employ the
truthfulness hyperplane as an internal confidence
classifier to guide abstention fine-tuning.

2.2 Abstention Fine-tuning

Abstention fine-tuning is a technique that teaches
the model to abstain from answering questions
whose answers it does not know, while maintaining
accuracy on known questions (Wen et al., 2025).
Zhang et al. (2024a); Tjandra et al. (2024); Cheng
et al. (2024) construct an abstention-aware dataset
based on whether the model can answer correctly,
defining this as the model’s knowledge boundary.
Then they fine-tune the model to refuse to answer
questions beyond its knowledge boundary while
responding to those within it. Xu et al. (2024);
Cheng et al. (2024); Brahman et al. (2024) use
Direct Preference Optimization (DPO) (Rafailov
et al., 2023) to train models to admit uncertainty
when encountering unknown questions rather than
outputting incorrect answers. Li et al. (2025c)
employ adaptive contrastive learning to optimize
LLMs’ abstention preferences. Huang et al. (2025);
Cohen et al. (2024) incorporate a dedicated “re-
jection” token into the model’s vocabulary and
formulate an objective function that redistributes
probability mass toward this token when the model
is uncertain. Zheng et al. (2025); An and Xu (2025)
train models to output binary confidence labels
(“sure” vs. “unsure”) after generating an answer
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as a proxy for abstention, enabling them to reject
low-confidence answers. Abstention fine-tuning
may result in models being overly conservative
(over-abstaining) or overly aggressive (hallucinat-
ing) (Cheng et al., 2024; Zhu et al., 2025). In this
work, we construct fine-tuning datasets based on
the model’s internal beliefs to mitigate issues of
over-rejection and over-hallucination.

3 Method

Our work aims to develop a hidden-state-based
approach to enhance the model’s awareness of its
own knowledge boundaries. The main steps are
to partition the training data into known/unknown
subsets, train a hidden-state probe to quantify the
model’s confidence in its responses, and finally
perform targeted abstention fine-tuning on the cu-
rated samples to teach the model to abstain from
answering questions outside its knowledge scope.

3.1 Identify the Knowledge Boundary

First, the base LLM is prompted to answer every
question in a source training dataset (D0). This
serves as a diagnostic phase to examine what knowl-
edge the model has internalized. The model’s re-
sponses are then split into two distinct subsets based
on whether each response is correct.

Known Knowledge (D0j): These are samples for
which the LLM provided a correct response. The
“ik” stands for “I know”. These question-answer
pairs are retained in their original form to reinforce
the retention of correct information during fine-
tuning.

Unknown Knowledge (D0;qx): These are samples
for which the LLM provided an incorrect response.
For these cases, the original (incorrect) answer is
discarded and replaced with a refusal message—
specifically “I don’t know” in abstention fine-tuning
(hence, “idk” for short).

3.2 Curating Denoised Dataset

We train the probe model using DOj, and DO0jg
from the previous step. Specifically, we use the
hidden state representation of the question as the
feature x = frim(q), and the correctness of the
statement as a binary label y = (¢ = a) € {0, 1},
to train a logistic regression probe, whose formula
is:

fprobe(x) = O'(WTX + b)a ()

where o is the sigmoid function, and w denotes the
linear weight and b is the bias term. Next, we define

the confidence of LLM answering question ¢ with
a by measuring the distance from x to the learned
hyperplane (w; b):

2

d(x) has a clear geometric meaning that reflects
the model’s confidence in answering the given
question. d(x) > 0 means the model believes
it can answer correctly, while d(x) < 0 means
the opposite, and a larger |d(x)| value indicates
stronger confidence. It follows naturally that we
can reformulate the goal of abstention fine-tuning
as teaching the model to reject questions for which
d(x) < 0 and to answer those for which d(x) > 0.
Accordingly, we partition the data into subsets of
varying difficulty based on the magnitude of |d(x)|.
Instead of using all available data, we select only
samples farthest from the decision boundary, i.e.,
those with large |d(x)|, retaining the top X% of
samples for the fine-tuning task.

The two approaches for extracting the hidden
state from LLMs, x = frim(q), are as follows:

Hidden state of the question (TBG): We directly
feed the question string g into the model and extract
the hidden state of the last token from the final layer,
i.e., the token before generation (TBG)—the last
token of the question, immediately before the model
begins generating its response.

Hidden state of the answer (SLT): We first gen-
erate the model’s answer a via few-shot learning
and greedy decoding (with temperature set to 0),
then feed the concatenated sequence g & a back
into the model to retrieve the hidden state of the
last token from the final layer, i.e., the second last
token (SLT); this token captures the contextual rep-
resentation of the entire question-answer sequence
right before the end-of-sequence token.

3.3 Abstention Fine-tuning on Subset

Given a dataset D*°"°d that consists of a known
question set D5c1®d and an unknown question set
Dislected | we modify the ground truth of Dsglected ag
“I don’t know” and keep the ground truth of Djclected
as the correct answer. Then we employ supervised
fine-tuning with the cross-entropy loss:

|y<q)

\

Lon=— . Y, logpe (1" | 1@, yi™)),
quselecled t=1

3)
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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 (DO and DO;qx), 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 leﬁlec“’d and leg}f“‘ed. (3) Adjust the target answers based on the probe’s prediction results
(retain correct answers for D137*®*d and replace incorrect answers with “I don’t know” for D155¢¢d)  then conduct

abstention fine-tuning on the selected subset.

in which pg(y,fq)) is the model’s predicted next-

token probability distribution given the instruction
(D, question (q), and the first ¢ — 1 tokens of the

ground truth y§q_)1.

4 [Experiments

4.1 Experimental Setting

Datasets We assess the effectiveness of GEoDE
on four open-ended question-answering tasks: Triv-
iaQA (Joshi et al., 2017) which contains gen-
eral knowledge QA pairs; Natural Questions
(NQ) (Kwiatkowski et al., 2019) which contains
questions from users’ queries to search engines;
SciQ (Welbl et al., 2017) which contains science
exam questions across multiple disciplines; and
SimpleQA (Wei et al., 2024), collected adversari-
ally to challenge GPT-4, consisting of short-answer
factual questions with single, indisputable answers
to test whether the model truly “knows what it
knows”. We use 10K samples from the TriviaQA
training set for probe training, with the rest used
for SFT. The validation split of TriviaQA is used
for the in-domain (ID) test. We use NQ, SciQ,
and SimpleQA for out-of-distribution (OOD) tests.
Detailed evaluation dataset information is provided
in Appendix B.

Algorithm 1 GeoDE TBG Process

Require: Initial model M, QA dataset Dy, =
D0 + D1, percentage threshold X
Ensure: Fine-tuned model Mgpe-tuned
1: Step 1: Identify Knowledge Boundary
2: Test M on DO
3 Split DO into DO;jx and DO0;gx by accuracy
4: Step 2: Curate Subsets Based on Distance
5: Get representation z = frrm(q), ¢ € DO
6:  Train linear probe on DO0: fprobe(z) =
o(w'z +b)
7. Compute distance on D1: d(z) = %%r;b‘
8:  Determine threshold 6 as the X %-th quantile
of sorted d(z)
9:  Select top X% samples: D1%elected ¢ |
ld(x)| > 6}
10: Step 3: Abstention Fine-tuning
11:  Split D1selected jngo D1sglected (4(z) > 0)
and D1sslected (d(z) < 0).
12:  Replace ground truth of Dlisgllfcwd with “I
don’t know.”

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

14:  Return Mfine-tuned
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Baselines We compare GEoDE with the following
existing methods for abstention fine-tuning.

1. IDK (Cheng et al., 2024) directly prompts the
model to abstain from uncertain questions.

2. Uncertainty (Xu et al., 2025) first prompts
the model to answer questions as accurately
as possible, then prompts the model to output
binary uncertainty (sure or unsure).

3. R-Tuning (Zhang et al., 2024a) randomly se-
lects a set of questions, categorizes them as
known or unknown based on the model’s accu-
racy on each question, changes the ground truth
for unknown questions to “I don’t know,” and
then performs supervised fine-tuning. R-Tuning
does not apply any additional filtering beyond
this accuracy-based categorization. R-Tuning-
01 (used in ablations) is a stricter variant that
first samples 10 answers per question and retains
only those where all answers are either correct
or incorrect, thereby filtering out ambiguous
questions before fine-tuning.

4. Probe-Tuning (Newman et al., 2025). The
workflow of Probe-Tuning is identical to that
of R-Tuning, with the key difference being that
Probe-Tuning utilizes the prediction results from
truthfulness probes as the criteria for classifying
questions into known and unknown categories.

R | Correctly | Wrongly .
GT answered | answered Abstained
Known N N, N
Unknown - N, N:

Table 1: Abstention confusion matrix. R denotes the
answer 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 classify the
response as correct, wrong, or abstention. We use
Llama3.1-8b-instruct (Grattafiori et al., 2024) as
the judge to evaluate the correctness of answers gen-
erated by LLMs with 6-shot prompting (inter-judge
consistency analysis is provided in Appendix D).
A response containing “I don’t know” is counted
as an abstention. To measure the performance of
abstention fine-tuning methods, we adopt three met-
rics, each reflecting unique aspects of performance,
based on the widely used abstention confusion ma-

trix in Table 1. We use in-context learning (ICL)
as the initial model.

Helpfulness (F1,,s): For known questions, we
calculate F1,,; (Kim et al., 2024) as the harmonic

mean of answerable recall (M+++N3}) and answer-

able precision (m)-

Truthfulness (F1,;5): For unknown questions,
we calculate F1,, (Kim et al., 2024) as the har-

monic mean of unanswerable recall ( N4]—\~[—5Nr ) and
9

unanswerable precision (ﬁ).

Reliability (F1,¢): Existing studies indicate that
enhancing helpfulness leads to a decline in factual-
ity (Xu et al., 2024; An and Xu, 2025). Therefore,
we calculate the harmonic mean of metrics F1
and Fl,, as a reliability metric for comprehensive
evaluation (An and Xu, 2025).

Implementation Details In this work, we choose
Llama3-8B-Instruct (Grattafiori et al., 2024) and
Qwen3-8B (Yang et al., 2025) as the initial mod-
els. We conduct experiments using SFT. We set
X = 25%. We employ a logistic regression probe
with L2 regularization. We use the Swift! frame-
work to conduct fine-tuning using the AdamW
optimizer, training for 3 epochs, with a learning
rate of le-5 and a batch size of 16. We use grid
search to select the optimal hyperparameters. All
experiments are implemented on 4 Nvidia L40-
48GB GPUs. During inference, we utilize the
vLLM framework? to accelerate the process and
employ a greedy search strategy to generate re-
sponses. Results are averaged over three different
random seeds.

4.2 Main Results

We show the main experimental results of GEoDE
and all baseline methods in Table 2. The key
observations from our experiments are:

Effectiveness of GEODE The fundamental limita-
tion of existing baselines lies in their susceptibility
to the “gray zone”—the latent region where internal
belief is ambiguous and misaligned with external
correctness. As illustrated in Figure 1, partitioning
data based solely on response accuracy results in
significant overlap between known and unknown
representations. By utilizing the geometric dis-
tance from the truthfulness hyperplane, GEoDE
effectively purges this noise. Our results demon-
strate that this denoising process allows the model

"https: //github.com/modelscope/ms-swift
Zhttps://github.com/vllm-project/v1llm
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Dataset TriviaQA

NQ

SciQ SimpleQA

Method Flans 1::labs Flrel Flans Flabs Flrel Flans 1::labs l:“lrel Flans Flabs Flrel
Llama3-8B-Instruct
IDK 78.7 353 48.8 614 563 58.7 833 56 104 146 64.0 23.8
Uncertainty 67.7 464 550 459 180 259 64.7 17.9 28.0 10.0 52.2 16.8
R-Tuning 773 71.6 744 47.0 78.1 58.7 699 582 635 14.6 96.1 254
Probe-Tuning TBG 78.8 72.8 75.7 51.6 79.1 625 814 534 645 12.8 96.1 22.6
GeoDE TBG 80.9 73.7 771 54.0 784 64.0 81.9 58.5 68.3 184 94.8 30.7
Probe-Tuning SLT 75.8 71.3 73.4 448 783 569 754 589 66.1 184 958 30.9
GeoDE SLT 79.8 73.7 76.7 52.6 79.4 633 824 59.8 69.3 18.6 96.0 31.2
Qwen3-8B
IDK 740 55.1 632 551 654 598 81.8 445 57.6 11.7 58.6 19.5
Uncertainty 759 38.8 513 57.3 52.1 546 70.3 38.6 49.8 122 66.6 20.6
R-Tuning 75.8 743 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 70.5 594 86.5 442 58.5 12.6 63.4 21.0
GeoDE TBG 777 774 77.6 543 713 61.6 81.8 47.2 59.8 13.0 67.3 21.7
Probe-Tuning SLT 754 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 13.8 659 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.

to fine-tune on pure representations of its knowl-
edge boundary. Consequently, GEoDE consistently
outperforms all baselines in the reliability metric
F1,e across both Llama3-8B-Instruct and Qwen3-
8B. For instance, on the TriviaQA in-domain task,
GeoDE (TBG) achieves a top Fl, of 77.1 for
Llama3 and 77.6 for Qwen, representing a sub-
stantial improvement over traditional R-Tuning and
Probe-Tuning. GEeoDE also exhibits exceptional
OOD generalization. On NQ, SciQ and SimpleQA,
GEeoDE consistently maintains high F1,. scores.

Latent Representations: TBG vs. SLT TBG
and SLT exhibit comparable performance across
benchmarks, with no single strategy consistently
outperforming the other. While their absolute gains
are similar, they reflect cognitive states at different
stages: TBG captures the model’s initial confidence
prior to output, whereas SLT incorporates the se-
mantic context of the generated response. This
result underscores the robustness of the GEoDE
framework regarding representation positioning. It
demonstrates that geometric denoising effectively
identifies and reduces noise regardless of the spe-
cific extraction point, confirming the universal util-
ity of latent-geometric distance.

4.3 Evaluation on RAG Setting

Experimental Setting We evaluate the perfor-
mance of the abstention methods in the Retrieval
Augmented Generation (RAG) scenario. We use
the RAG-Bench (Fang et al., 2024) dataset, which
includes two settings: (1) Golden: golden retrieval,
which contains contexts that include correct an-
swers. (2) Golden & RRN: golden retrieval with
relevant retrieval noise, which includes golden re-
trieval and context relevant to the question statement
but lacks the correct answers. We feed the context
alongside the question into the model.

Note that our RAG experiments deviate from the
standard abstention-in-RAG formulation studied by
prior works (Joren et al., 2025; Filice et al., 2025),
where “unknown” is typically assigned when the
retrieved context does not contain the answer. In
our setting, we define a question as “unknown”
if the model fails to produce the correct answer,
even when the context contains it. This allows us
to probe whether GEoDE can transfer from miti-
gating memorization hallucinations to mitigating
reading-comprehension hallucinations, covering
cases where the model’s extraction or reasoning
ability is the limiting factor rather than retrieval
quality.
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Golden Golden & RRN
Flans Flas Fliyeg Acc. Hallu. Fl,,s Flas Fle Acc. Hallu.
ICL - - - 71.2 28.8 - - - 63.8 36.2
IDK 76.1 455 57.0 58.1 179 71.6  45.6 557 527 236
R-Tuning 80.8 525 637 61.0 118 744 533 62.1 504 153
Probe-tuning TBG 83.8 479 61.0 673 13.0 81.1 486 608 633 16.8
GeoDE TBG 752 525 61.8 515 92 743 569 645 49.1 114
Probe-Tuning SLT 79.1 527 632 548 119 759 5477 63,5 500 15.7
GeoDE SLT 79.9 61.1 693 558 9.2 75.8 579 657 534 13.0

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

N AUROC and F1 of Llama . AUROC and F1 of Qweng

2
—e— AUROC —— AUROC
F1 F1

Probe Performance

7 7 : 5 p 3 : G
Bin (sorted by distance) Bin (sorted by distance)

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

Experimental Results Table 3 shows the perfor-
mance in the RAG setting. Similar to the main
experimental results, IDK and R-Tuning perform
worse than abstention fine-tuning based on probing.
Overall, our method achieves the best overall perfor-
mance among all baselines. Within the SLT-based
setting, our method not only achieves superior ac-
curacy but also yields a lower hallucination rate
compared to Probe-Tuning. This dual improvement
highlights the efficacy of geometric denoising in
establishing more reliable knowledge boundaries.
Our method maintains the highest reliability (F1.)
even under noisy retrieval scenarios, demonstrating
its robustness in practical applications.

5 Analysis

5.1 Ablation Studies

To validate our hypothesis that the geometric dis-
tance to the probing hyperplane serves as a reliable
proxy for sample quality, we partitioned the training
data into three tiers: Ours-Farthest (75%-100%),
Ours-Middle (37.5%-62.5%), and Ours-Nearest (0-
25%). As shown in Table 5, a clear performance
gradient is observed across all metrics. Specifically,

on Qwen3-8B (TriviaQA), Ours-Farthest achieves
an Fl of 77.6, markedly surpassing the Middle
(74.6) and Nearest (73.2) tiers. This degradation
stems from the high label noise near the decision
boundary: samples located near the hyperplane (the
“grey zone”) represent instances where the model’s
internal representations for known and unknown
knowledge are highly entangled. Fine-tuning on
these ambiguous samples introduces contradictory
gradients that blur the model’s knowledge bound-
aries. By selectively training on the “farthest”
samples, GEODE effectively performs geometric
denoising, ensuring that the model learns from
high-confidence, linearly separable signals. To fur-
ther illustrate this distance-quality correlation, we
bin the training data into ten equal subsets sorted
by distance in ascending order. As visualized in
Figure 3, the probe’s predictive accuracy scales
monotonically with distance. Notably, the AUROC
for samples nearest to the hyperplane drops below
0.6, approaching random chance, confirming that
proximity to the boundary is a primary source of
aleatoric noise. In contrast, distal samples provide
a clean signal for knowledge boundaries.

We further compare this geometric denoising
approach with R-Tuning-01, which conceptually
shares a similar objective by training only on sam-
ples with 100% response consistency (either all
correct or all incorrect) across 10 independent sam-
pling runs. While R-Tuning-01 attempts to filter
ambiguity via external output stability, it remains
inferior to our method.

Sensitivity to the Selection Threshold X We
examine how sensitive GEODE is to the threshold
X, which controls the fraction of samples retained
by geometric distance. Table 4 reports results on
Qwen3-8B across five settings. Performance peaks
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Dataset TriviaQA NQ SciQ SimpleQA

X Flans l::labs I::lrel Flans Flabs Flrel Flans Flabs I::lrel Flans Flabs Flrel
6.25% 669 69.2 68.1 422 70.0 52.6 71.0 40.5 51.6 11.2 63.8 19.1
12.5% 72.8 74.0 734 482 709 574 85.6 48.5 61.9 12.1 648 204
25% 717 774 77.6 543 713 61.6 81.8 47.2 59.8 13.0 67.3 21.7
50% 75.6 75.6 756 51.1 709 594 854 4577 59.6 125 64.1 209
75% 75.8 75.0 754 50.7 704 589 86.0 45.9 599 123 63.3 20.6

Table 4: Ablation study on the selection threshold X (percentage of samples retained by geometric distance) on
Qwen3-8B. The optimal setting X =25% balances data quantity and label noise. Lower X causes underfitting due

to insufficient data; higher X reintroduces boundary noise.

Dataset ‘ TriviaQA ‘ NQ

Metric ‘Flans 1:1abs Flrel‘Flans 1:labs 1::lrel
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 752 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 754 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 5: Ablation study on distance-based data partition-
ing for abstention fine-tuning. Samples are partitioned
into three tiers based on their geometric distance |d(z)|
to the probing hyperplane.

at X=25% on the majority of metrics: on Triv-
iaQA, this yields Fl = 77.6, while on NQ it
yields Fl,; = 61.6. When X is too small (e.g.,
6.25%), performance drops due to insufficient train-
ing data; when X is too large (e.g., 75%), noisy
boundary samples are reintroduced, degrading reli-
ability. These results confirm that X =25% strikes
the best balance, and that GEoDE is robust across a
reasonable range of X.

5.2 Effects of Positive Proportions in Training

We fix the training set size at 20,000 and conduct
experiments under different positive sample pro-
portions. Here, positive samples refer to question-
answer pairs retaining the ground-truth answer (la-
beled “known”), and negative samples refer to
pairs whose target has been replaced with “I don’t
know” (labeled “unknown”). Accuracy is the frac-
tion of questions on which the model is willing
to answer and answers correctly; hallucination
rate is the fraction on which the model answers

—e— TriviaQA

—e— NQ
0.7 —e— SciQ
SimpleQA
0.6 —— Accuracy
—=- Hallucination Rate

Accuracy/ Hallucination Rate

0.2 0.3 0.4 0.5 0.6 0.7 0.8
Positive sample proportion in training set

Figure 4: Accuracy and hallucination rate according to
different positive proportions in the training set.

but answers incorrectly. As shown in Figure 4,
both accuracy and hallucination rate increase with
the proportion of positive samples in the training
set. High-accuracy datasets like TriviaQA and
SciQ exhibit significant sensitivity to changes in
the positive-to-negative ratio within the training
set, whereas NQ and SimpleQA show less pro-
nounced variation. This suggests that excessively
high negative sample ratios may cause models to
over-abstain from known questions. The results also
imply that abstention fine-tuning cannot eliminate
over-abstention and hallucination simultaneously.

5.3 Evaluation on Unanswerable Datasets

Experimental Setup To evaluate the model’s
ability for identifying unanswerable queries, we
test performance on three specialized benchmarks:
(1) Alcuna (Yin et al., 2023a), containing synthetic
entity-based questions; (2) FalseQA (Hu et al.,
2023), containing questions contradicting common
sense; and (3) Self-Aware (SA) (Yin et al., 2023b),
containing inherently unanswerable questions.
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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 6: Abstention rates (%) across specialized bench-
marks. High scores indicate effective identification of
unanswerable or deceptive queries.

Performance Analysis As presented in Table 6,
GeoDE demonstrates highly competitive abstention
rates, particularly with the TBG variant. While
performance varies across benchmarks, our method
shows notable strengths in specific scenarios. For
instance, on the Alcuna dataset using Qwen3-8B,
GeoDE (TBG) achieves an abstention rate of 94.5%,
a substantial improvement over the 78.2% reached
by R-Tuning. Notably, overall rejection rates are
higher on Alcuna than on FalseQA and SA. We at-
tribute this to the nature of entities: while FalseQA
and SA involve real-world concepts, Alcuna uses
synthetic ones. This suggests that familiar do-
mains trigger an illusion of knowledge, where the
presence of known entities induces generative over-
confidence. Consequently, models struggle more to
recognize their epistemic limits in familiar contexts
than in entirely novel, synthetic ones.

6 Conclusion

In this work, we introduce GEoDE, a novel frame-
work for abstention fine-tuning that leverages the
latent geometry of LLMs. Moving beyond tra-
ditional methods that rely solely on external re-
sponse accuracy, we propose a diagnostic perspec-
tive by analyzing the model’s internal represen-
tation space. We identify a critical “grey zone”

near the latent decision hyperplane, where am-
biguous internal beliefs introduce significant noise
that hinders a model’s ability to perceive its own
knowledge boundaries. By employing geometric
denoising, GEODE systematically purges these am-
biguous boundary samples, ensuring fine-tuning
on high-fidelity, linearly separable signals. Exten-
sive experiments across multiple models (Llama3,
Qwen3) and benchmarks demonstrate that our ap-
proach significantly enhances model reliability and
exhibits superior generalization in OOD, RAG, and
deceptive scenarios.

Limitations

GEeoDE has been validated on models ranging from
1.7B to 8B parameters (see Appendix A), but has
not yet been evaluated at larger scales (e.g., 70B).
Beyond scale, our method relies on linear probes
to model truthfulness, which may not fully capture
the complexity of truth-related representations in
larger models; recent evidence suggests that a multi-
dimensional framework may be necessary (Yu et al.,
2025). Our experiments are also limited to short-
form QA and RAG settings, leaving reasoning tasks
and long-form generation as important directions
for future work. Finally, while GeEoDE selects
high-confidence training samples to reduce label
noise, abstention fine-tuning inherently risks over-
abstention—causing the model to refuse questions
it could previously answer correctly. Addressing
this trade-off, perhaps by incorporating uncertainty-
aware objectives during pre-training, remains an
open challenge.
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A Scalability Across Model Sizes

To verify that GEoDE generalizes across models
of varying capacity, we conduct experiments on
Qwen3-1.7B and Qwen3-4B in addition to the main
Qwen3-8B results. As shown in Table 7, GEoDE
consistently outperforms R-Tuning in overall relia-
bility (F1.) across both model sizes and all four
benchmarks. For example, on Qwen3-4B, GEoDE
achieves Fl, = 76.9 on TriviaQA and 60.2 on
NQ, compared to 74.6 and 54.5 for R-Tuning. On
Qwen3-1.7B, the gains are similarly consistent.
These results demonstrate that the geometric de-
noising principle of GEoDE is model-size agnostic:
the latent truthfulness hyperplane provides a re-
liable confidence signal regardless of parameter
count.

B Dataset Details

Table 8 shows statistical information about the
datasets, where SimpleQA and NQ are more chal-
lenging datasets, while TriviaQA and NQ are rel-
atively simpler. Alcuna, FalseQA and Self-Aware
contain unanswerable questions.

C Prompts

During training, we use the following instruction:

You are a helpful and truthful Al assistant. You
should answer the question as briefly as possible,
if you don’t know, please just say ’I don’t know.".

We use a 6-shot prompt for evaluation across all
methods. For the ICL baseline, the prompt consists
of six examples of direct answering. In contrast,
prompts for abstention-aware methods include a
balanced mix of three answering examples and
three abstention examples.
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Dataset TriviaQA NQ

Method Flans Flabs Flrel Flams Flabs 1::lrel Flans I::labs 1:"lrel Flans Flabs Flrel

Qwen3-1.7B

R-Tuning 56.7

GeoDE 56.9 89.0 69.5

87.0 68.7 38.8 89.4 54.1 66.5
38.0 92.2 53.8 77.0

SciQ SimpleQA
73.6 699 59 633 108
732 75.0 6.8 98.5 12.7

Qwen3-4B

R-Tuning 69.4
GeoDe 71.7

80.6 74.6 44.1 T71.2 54.5 83.0
829 769 49.1 77.6 60.2 85.1

63.3 71.8 109 652 18.7
62.6 721 11.3 72.6 19.5

Table 7: Performance of R-Tuning and GeEoDE across different Qwen3 model sizes. All results are multiplied by 100.

The best result per model size is bolded.

. Llama Qwen

Size Acc. 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 8: Dataset details. Llama (LLlama3-8B-Instruct)
and Qwen (Qwen3-8B) are the initial models used in
experiments. Acc. (Accuracy) is for reference.

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 23}

Question: {input question}
Answer:

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:

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} 1 am sure.

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

Question: {input_question}
Answer:
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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:

D Judge Robustness and Abstention
Format

Correctness in our experiments is determined via
Llama3.1-8B-Instruct with a 6-shot judging prompt,
which may introduce biases such as judge errors and
phrasing sensitivity. To assess this, we performed
cross-validation by running the same evaluation
with a second judge, Gemma2-9B-IT, and computed
Cohen’s Kappa between the two judges across all
four datasets.

Dataset Cohen’s Kappa
TriviaQA 0.9558
NQ 0.9119
SciQ 0.8281
SimpleQA 0.9318

Table 9: Inter-judge agreement (Cohen’s Kappa) be-
tween Llama3.1-8B-Instruct and Gemma2-9B-IT across
evaluation datasets.

As shown in Table 9, agreement is high on Trivi-
aQA (k = 0.956), NQ (x = 0.912), and SimpleQA
(k = 0.932). SciQ shows slightly lower agree-
ment (x = 0.828); manual inspection reveals that
some SciQ questions admit multiple valid answers
while the dataset provides only a single reference
label, causing both judges to disagree on borderline-
correct responses.

Regarding robustness to abstention format, since
we fine-tune with a fixed “I don’t know” label, the
fine-tuned model outputs exclusively this phrase for
abstentions, making format sensitivity negligible
for the SFT model. For the initial (ICL) model,
any refusal-style output is treated as an abstention,
consistent with standard practice.

E Case Study
E.1 TBG vs. SLT Failure Mode Analysis

To understand why GeoDE can still hallucinate in
the RAG setting, we analyze two typical failure
cases using Qwen3-8B. As shown in Table 10, the
LLM receives the question, golden retrieval, and rel-
evant retrieval noise sequentially. Probe confidence
is reported after each new input segment. Bold text
marks the ground-truth answer; strikethrough text
marks the model’s incorrect output.

Case 1 (confidence collapse then recovery).
The question is about the origin of Latin. The
model starts with moderate confidence (0.605). Af-
ter reading the golden retrieval—which contains the
correct answer (Italic languages) but also many dis-
tracting spans—confidence drops below 0.5 (0.456),
suggesting that irrelevant content within the golden
passage overwhelms the model’s reading compre-
hension. Exposure to the subsequent noise passage
then raises confidence back to 0.721, and the model
outputs an incorrect answer (River Tiber) from the
noisy context.

Case 2 (confidence suppressed by noise). The
question asks about Anakin Skywalker’s identity.
The model is highly confident on the question alone
(0.983) and remains so after the golden passage
(0.946), which correctly points to Darth Vader.
However, the noise passage introduces Jake Lloyd
as a related entity, dropping confidence to 0.591.
Despite the drop, confidence stays above the ab-
stention threshold, and the model outputs the noise-
introduced wrong answer. These cases illustrate a
core challenge: retrieval noise can either inflate or
suppress probe confidence, causing the model to
answer when it should abstain.
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Input Content Conf.

Case 1 — GT: Italic languages; Model output: River-Fiber

Question Where did the Latin language originate from? 0.605

Golden  Latin is a member of the broad family of Italic languages. Its alphabet, the 0.456
Latin alphabet, emerged from the Old Italic alphabets, which in turn were
derived from the Greek and Phoenician scripts. Historical Latin came from the
prehistoric language of the Latium region, specifically around the River-Tiber,
where Roman civilization first developed.

Noise The solecisms and non-Classical usages occasionally found in late Latin texts 0.721
also shed light on the spoken language. A windfall source lies in the chance
finds of wax tablets such as those found at Vindolanda on Hadrian’s Wall. The
Romance languages, a major branch of the Indo-European language family,
comprise all languages that descended from Latin, the language of the Roman
Empire.

Case 2 — GT: Darth Vader; Model output: JakeEloyd

Question Who was Anakin Skywalker? 0.983

Golden  On May 12, 2000, Christensen announced that he would be starring as Anakin 0.946
Skywalker in the prequel films. The casting director reviewed about 1,500 other
candidates before director George Lucas selected Christensen, who needed an
actor with “that presence of the Dark Side.” This was essential to solidify
Anakin Skywalker’s transformation into Darth Vader.

Noise As aresult, he decided to no longer keep all owned “Star Wars” memorabilia. 0.591
JakeHleyd (born March 5, 1989) is an American former actor who played young
Anakin Skywalker in the 1999 film, the first in the “Star Wars” prequel trilogy.

Table 10: Hallucination cases in the Golden & RRN RAG setting. Confidence is the probe’s predicted probability
that the model knows the answer (higher = more confident). The model hallucinates despite initially high confidence
due to interference from retrieval noise.
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