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Abstract

Large language models (LLMs) frequently hal-
lucinate when confronted with queries they can-
not answer reliably. The root causes are multi-
faceted, including entity rarity, semantic ambi-
guity, temporal invalidity, false presuppositions,
and other forms of epistemic uncertainty. Ex-
isting abstention mechanisms overwhelmingly
rely on binary probes trained with manually
curated “unanswerable” labels or calibrated
confidence scores, both of which presuppose
access to negative examples that are expen-
sive to collect and fundamentally incomplete
in coverage. We propose FLOW-ABSTAIN, an
unsupervised framework that reframes query-
aware abstention as density estimation in the
model’s own latent space. Our method oper-
ates in three stages: (1) extracting intermediate
hidden-state representations from a curated set
of confidently answerable queries, (2) applying
PCA-based dimensionality reduction to obtain
a compact manifold, and (3) fitting a Masked
Autoregressive Flow (MAF) to the resulting
representations, yielding an exact, tractable
log-likelihood for arbitrary new inputs. At in-
ference time, queries whose latent projections
receive low log-likelihood under the learned
density are flagged for abstention—without
requiring any negative or out-of-distribution
training samples. Experiments across three
instruction-tuned LLMs (Qwen3-8B, Qwen3-
14B, Llama3-8B-Instruct) and five diverse eval-
uation benchmarks demonstrate that FLOW-
ABSTAIN achieves highly competitive absten-
tion performance among methods with practi-
cal inference cost while providing a continu-
ous, interpretable likelihood signal that natu-
rally stratifies query difficulty along cognitive
dimensions of unanswerability.!

1 Introduction

The deployment of large language models (LLMs)
in knowledge-intensive applications—from open-
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domain question answering to medical consultation
and legal analysis—has amplified the urgency of
the selective prediction problem: determining when
a model should abstain from answering rather than
risk generating a plausible but factually incorrect
response (Kadavath et al., 2022; Varshney et al.,
2023). Despite remarkable advances in instruc-
tion tuning and reinforcement learning from human
feedback, contemporary LLMs remain prone to hal-
lucination—the confident generation of statements
unsupported by their training data or the provided
context (Ji et al., 2023; Zhang et al., 2025).

A critical yet underexplored observation is that
the queries on which LLMs fail do not constitute a
monolithic “unanswerable” category (Cohen et al.,
2025). Rather, they span a continuous spectrum
of cognitive out-of-distribution (OOD) phenomena,
including entity rarity, where the model lacks suffi-
cient parametric knowledge about obscure entities
(Mallen et al., 2023); inherent ambiguity, where a
query admits multiple valid interpretations and no
single definitive answer exists (Min et al., 2020);
false presuppositions, where the question embeds
factually incorrect premises that render any direct
answer misleading (Kim et al., 2023); and temporal
invalidity, where the correct answer has changed
since the model’s knowledge cutoff (Liska et al.,
2022). We argue that these diverse failure modes
share a common signature in the model’s internal
representation space: queries the model cannot re-
liably answer induce latent activations that deviate
systematically from the manifold of confidently
processed inputs. This perspective motivates a fun-
damentally different approach to abstention—one
grounded in density estimation rather than discrim-
inative classification.

Current abstention methods can be broadly di-
vided into two categories. Probe-based approaches
train linear or shallow classifiers on internal rep-
resentations to distinguish answerable from unan-
swerable queries (Azaria and Mitchell, 2023; Burns
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et al., 2023; Lavi et al., 2026). However, these
methods rely on curated negative examples, which
are inevitably incomplete, as no finite collection of
“unanswerable” queries can exhaust the combina-
torial diversity of possible failure modes. Output-
based approaches estimate uncertainty using sig-
nals such as token probabilities, semantic entropy,
and self-consistency (Kuhn et al., 2023; Manakul
et al., 2023). While effective in some settings, they
operate on the generated outputs rather than the
latent representations where the model’s epistemic
state is most directly encoded.

To address these limitations, we propose FLOW-
ABSTAIN, a fully unsupervised framework for
query-aware abstention. Our method first extracts
intermediate hidden-state representations from a
reference corpus of queries that the model answers
correctly and confidently. These representations
are then projected into a compact and denoised sub-
space using Principal Component Analysis (PCA),
which serves as an estimate of the manifold of an-
swerable queries. Finally, we fit a Masked Autore-
gressive Flow (MAF) (Papamakarios et al., 2017)
to model the exact probability density of this mani-
fold. At inference time, the log-likelihood assigned
to a new query’s latent representation provides a
continuous abstention score: queries lying in low-
density regions are identified as cognitively out-
of-distribution and are therefore candidates for ab-
stention, with lower likelihoods indicating greater
epistemic uncertainty. Our contributions are sum-
marized as follows:

1. We formalize query unanswerability as a contin-
uous density phenomenon in latent space, uni-
fying disparate failure modes (e.g., rarity, am-
biguity, false premise and outdated knowledge)
under a single probabilistic framework.

2. We demonstrate that a Masked Autoregressive
Flow trained exclusively on positive (answer-
able) examples offers the best trade-off between
abstention accuracy and inference efficiency
across five benchmarks and three LLM architec-
tures, without requiring any negative training
samples.

3. We show that the learned log-likelihood pro-
vides an interpretable, continuous signal that
naturally stratifies queries along dimensions of
difficulty, enabling fine-grained abstention poli-
cies beyond binary accept/reject decisions.

2 Related Work
2.1 LLM Abstention and Selective Prediction

Selective prediction—the capacity of a model to
withhold answers when uncertain—has a rich his-
tory in machine learning (El-Yaniv and Wiener,
2010; Geifman and El-Yaniv, 2017). In the context
of LLMs, abstention mechanisms broadly partition
into internal and external approaches.

Internal methods leverage the model’s own out-
puts or intermediate computations. Kadavath et al.
(2022) demonstrate that LLMs can be prompted to
self-evaluate their confidence, though this metacog-
nitive signal is often poorly calibrated. Kuhn
et al. (2023) propose semantic entropy, aggregat-
ing uncertainty across semantically equivalent gen-
erations. Manakul et al. (2023) introduce self-
consistency checks via multiple sampled responses.
Chen et al. (2024) propose EigenScore to measure
semantic consistency and diversity in dense em-
bedding spaces. While effective in certain regimes,
these output-level methods are computationally ex-
pensive at inference time and cannot distinguish
why a model is uncertain. Others instead fine-tune
the model to emit a dedicated refusal token, making
abstention part of the decoding rule (Cohen et al.,
2024; Huang et al., 2025).

External methods train auxiliary classifiers on
model internals. Azaria and Mitchell (2023) and
Burns et al. (2023) probe hidden states with lin-
ear classifiers to detect truthfulness, but require
balanced positive/negative supervision. Slobodkin
et al. (2023) explore attention patterns for answer-
ability detection. Our work departs from all of the
above by eschewing discriminative classification
entirely, instead framing abstention as one-class
density estimation that requires only positive (an-
swerable) examples.

2.2 Latent Space Probing in LLMs

The practice of probing neural network hidden
states to extract linguistic or factual information has
become a standard analytical tool (Belinkov, 2022).
Geva et al. (2021) show that feed-forward layers
in transformers encode factual associations, while
Meng et al. (2022) demonstrate that specific layers
store retrievable knowledge. Li et al. (2023) inves-
tigate how representation geometry correlates with
model confidence, finding that correctly answered
queries cluster distinctly from incorrect ones.
These findings motivate our choice to operate on
intermediate hidden states: if the model’s epistemic
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state is geometrically encoded, then density estima-
tion over this geometry provides a principled ab-
stention criterion. Unlike probing classifiers, which
require labeled failure cases, our approach learns
the support of the “confident” distribution and flags
deviations from it.

2.3 Normalizing Flows for
Out-of-Distribution Detection

Normalizing flows (Rezende and Mohamed, 2015;
Dinh et al., 2017) provide exact likelihood compu-
tation through invertible transformations, making
them natural candidates for OOD detection. Nalis-
nick et al. (2019) first highlighted that flow-based
likelihoods can paradoxically assign higher density
to OOD inputs in pixel space, but subsequent work
(Kirichenko et al., 2020; Zhang et al., 2021) demon-
strated that this pathology is largely resolved when
operating on learned feature representations rather
than raw inputs.

In the vision domain, Kirichenko et al.
(2020) successfully apply normalizing flows to
penultimate-layer features for OOD detection. Zis-
selman and Tamar (2020) extend this to resid-
ual flows with typicality scoring. In NLP, flow-
based OOD detection remains underexplored. Our
work bridges this gap by applying Masked Au-
toregressive Flows (Papamakarios et al., 2017)—
chosen for their expressiveness and exact density
computation—to LLM hidden states, establishing
the first flow-based abstention framework for gen-
erative language models.

3 Methodology

We present FLOW- ABSTAIN, a three-stage pipeline
for unsupervised query-aware abstention. The core
insight is that confidently answerable queries oc-
cupy a structured, learnable manifold in the LLM’s
latent space, and deviations from this manifold—
quantified via exact log-likelihood under a nor-
malizing flow—signal cognitive OOD inputs war-
ranting abstention. Figure 1 provides a schematic
overview.

3.1 Stage 1: Hidden State Extraction

Let M denote a pre-trained instruction-tuned
LLM with L transformer layers, and let Qs =
{¢1,92,...,qn} denote a reference corpus of
queries for which the model produces verifiably
correct answers with high confidence.

For each query g; € Oyt, we extract the hidden-
state vector hge) € RP at a designated intermediate
layer ¢, where D is the model’s hidden dimension.
Specifically, we take the representation correspond-
ing to the last token position of the input query,
as this position aggregates contextual information
across the full input via causal attention:

h') = Layer,(M, ¢;)[1ast_token] (1)

The choice of layer ¢ is motivated by prior find-
ings that intermediate layers (typically layers %
to %) encode the richest factual and epistemic in-
formation (Geva et al., 2021; Meng et al., 2022).
We treat ¢ as a hyperparameter and select it via

validation performance.

Reference corpus construction. The reference
corpus Qs is constructed by filtering a general-
purpose QA dataset (TriviaQA; Joshi et al., 2017)
to retain only queries where the model’s top-1 gen-
erated answer exactly matches the gold answer.
This ensures that the extracted representations cor-
respond to states where the model demonstrably
possesses and retrieves the relevant knowledge, pro-
viding a relatively clean characterization of the “an-
swerable manifold.”

3.2 Stage 2: PCA Dimensionality Reduction

The raw hidden-state vectors hz(g) € RP? reside in a

high-dimensional space (D = 4096 for Qwen3-8B
and Llama3-8B-Instruct, D = 5120 for Qwen3-
14B), much of which encodes information orthog-
onal to the answerability signal. Direct density
estimation in such high-dimensional spaces is both
statistically and computationally challenging due
to the curse of dimensionality.

We apply Principal Component Analysis (PCA)
to project the hidden states onto a lower-
dimensional subspace that captures the dominant
modes of variation among confidently answered
queries:

zi = Weea(h) —p) eRY ()

where p = % Zf\il hge) is the empirical mean,
Wpca € RP*4 contains the top-d principal com-
ponents, and d < D is chosen to retain at least
95% of the cumulative explained variance.

This reduction serves a dual purpose: (a) it re-
moves noise dimensions that would degrade density
estimation, and (b) it concentrates the representa-
tion on the subspace most relevant to distinguish-
ing answerable from non-answerable queries. In
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(MAF)
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“Who wrote
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hidden state h®) € R? subspace R? — R¢ under flow s = logpe(2)

5. Likelihood-based Decision
Compared to threshold y

High Likelihood (s = y) ) Low Likelihood (s <)

~-o % Deviate from
answerable manifold
—> ABSTAIN

O Consistent with
answerable manifold ----
—> ANSWER

Figure 1: Overview of FLOW-ABSTAIN. Given a query ¢, we extract the hidden state from layer ¢ of a frozen LLM,
project it into a compact latent space using PCA, and estimate its log-likelihood with a Masked Autoregressive Flow.
Queries with likelihood below threshold 7 are flagged for abstention.

practice, we find d € [64, 256] sufficient across all ~ where the second term is the log-determinant of the
models tested. Jacobian, which decomposes into a simple sum of
the scale parameters due to the triangular structure

3.3 Stage 3: Masked Autoregressive Flow of autoregressive transformations.

Given the low-dimensional PCA-reduced repre-

sentations {z1,...,zy} C R% we fit a Masked  Training. The MAF is trained by maximizing the
Autoregressive Flow (MAF; Papamakarios et al., 1og-likelihood over the reference representations:
2017) to model their density py(z).

N
. 1
Architecture. A MAF consists of a sequence 0* = arg max N Z log pg(2;). 5)
of K autoregressive transformations, each imple- 0 i=1

mented via a Masked Autoregressive Dense Esti-

mator (MADE; Germain et al., 2015). The k-th Unless otherwise specified, we use an 8-layer MAF
: ’ with MADE-based autoregressive blocks and opti-

transformation maps z(*~1) to z(%) via: : DA . :
mize the objective using AdamW. Detailed hyper-

Z](k) = zj(-k_l) . exp(ozg-k)) + My“) (3)  parameters are provided in Section 4.
where M§k) = ﬁk)(zg-_l)) and ag-k) = 3.4 Inference: Log-Likelihood Scoring
éﬁ) (zfj_l)) are outputs of masked neural net- At inference time, given a new query ¢uew, the ab-

works that depend only on preceding dimensions  stention decision proceeds as follows:

z(<kj_1), enforcing the autoregressive property. 1. Extract the hidden state: hr(lQN =
After K transformations, the final variable z(*) Layer,(M, gnew)[1last_token]

is assumed to follow a standard multivariate Gaus- 2. Project via PCA: Zpew = WPTC A(hr(QN — )
sian A/ (0, I). The exact log-likelihood of an input 3. Compute log-likelihood: 5(Gnew) =
z is computed via the change-of-variables formula: log pg+ (Znew)
K 4 4. Abstain if s(gnew) < 7
log pg(z) = log /\/‘(Z(K); 0,I)+ Z Z 0‘§'k) 4) where 7 is a threshold calibrated on a small valida-
=1 j=1 tion set to achieve a desired false-positive rate.
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Computational cost. The inference overhead of
FLOW-ABSTAIN is minimal. Hidden-state extrac-
tion reuses the standard forward pass of the LLM,
requiring no additional model evaluation. The PCA
projection is a single matrix multiplication, and
density evaluation in the MAF operates in a low-
dimensional latent space (typically d < 256). In
practice, this additional computation is negligible
relative to the cost of autoregressive generation.

4 Experiments

We evaluate FLOW-ABSTAIN across multiple LLM
architectures and diverse OOD query benchmarks,
addressing three research questions:

* RQ1: How effectively does FLOW-ABSTAIN de-
tect queries warranting abstention compared to
existing methods?

* RQ2: Does the log-likelihood score provide
a meaningful continuous signal that stratifies
queries along dimensions of cognitive OOD-
ness?

* RQ3: What is the computational overhead of
FLOW-ABSTAIN at inference time?

4.1 Models

We evaluate on three instruction-tuned LLMs span-
ning different scales and architectural families:

* Qwen3-8B (Yang et al., 2025): An 8-billion pa-
rameter model from the Qwen3 family with 36
transformer layers and hidden dimension D =
4096. We extract representations from the inter-
mediate layer ¢ = 18.

Qwen3-14B (Yang et al., 2025): A 14-billion
parameter model from the Qwen3 family with 40
transformer layers and hidden dimension D =
5120. We extract representations from the inter-
mediate layer £ = 20.

Llama3-8B-Instruct (Grattafiori et al., 2024): A
decoder-only transformer with 8 billion parame-
ters, 32 layers, and hidden dimension D = 4096.
We extract hidden states from layer ¢ = 16.

For all models, we use greedy decoding (tem-
perature = 0) to generate answers. Correctness
is determined against gold references using either
normalized exact match or an LLM-based judge.

4.2 Datasets

In-distribution (reference corpus). We use
TriviaQA (Joshi et al., 2017) as the source for con-
structing Qr.¢. From the validation split (17,944
questions), we retain queries where the model’s

greedy-decoded answer exactly matches any of the
gold aliases, yielding approximately 8,000—11,000
reference queries per model (exact counts vary by
model capability). A held-out subset of the cor-
rectly answered queries is reserved for evaluation.

Out-of-distribution evaluation benchmarks.

We evaluate abstention performance on four bench-

marks, each targeting a distinct dimension of unan-

swerability:

* SQuAD 2.0 (Unanswerable) (Rajpurkar et al.,
2018): 5,945 questions deliberately constructed
to be unanswerable given their associated context,
testing the model’s ability to recognize insuffi-
cient evidence.

* PopQA (Mallen et al., 2023): 14,267 entity-
centric questions stratified by Wikipedia page
popularity. We focus on the long-tail subset (pop-
ularity rank > 1000), where entity rarity induces
knowledge gaps.

e TruthfulQA (Lin et al., 2022): 817 questions
designed to elicit common misconceptions and
false beliefs, testing resistance to systematic bi-
ases in training data.

* AmbigQA (Min et al., 2020): 14,042 questions
identified as ambiguous, admitting multiple valid
answers depending on interpretation. These test
whether the model recognizes inherent query un-
derspecification.

Evaluation metric. For evaluation, we formulate
a binary detection task in which correctly answered
TriviaQA queries (the held-out subset of Qy.¢) serve
as the positive class, while incorrectly answered
TriviaQA queries together with queries from OOD
benchmarks form the negative class. We report AU-
ROC and FPR@95%TPR as the primary metrics.
Here FPR@95%TPR is the false positive rate at the
threshold that retains 95% of answerable queries,
i.e., the fraction of queries warranting abstention
that are still answered.

4.3 Baselines

We compare against eight baselines that span ev-
ery abstention paradigm currently used in the lit-
erature, all applied to the same frozen model as
FLOW-ABSTAIN. At the token-probability level,
Perplexity scores the average token-level negative
log-likelihood of the generated answer. At the
output level, three methods aggregate uncertainty
over n=10 sampled generations: Semantic Entropy
(Kuhn et al., 2023) over semantic clusters, Eigen-
Score (Chen et al., 2024) over the covariance of
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sentence embeddings, and SAR (Duan et al., 2024)
over relevance-weighted token and sentence scores.
P(True) (Kadavath et al., 2022) instead elicits self-
verbalized confidence, reading the probability of
“True” when the model judges its own answer. The
remaining baselines act on the same hidden states
as FLOW-ABSTAIN: Linear Probe (Azaria and
Mitchell, 2023) is a supervised logistic regression
that additionally requires labeled negative exam-
ples, whereas Mahalanobis (Lee et al., 2018) and
GMM-16 estimate unsupervised density—a class-
conditional Gaussian and a 16-component mixture
over the PCA-reduced representations, the latter
ablating the flow while keeping the rest of our
pipeline. Training-time methods that modify model
weights, such as refusal-token tuning (Cohen et al.,
2024; Huang et al., 2025), are not comparable un-
der our frozen-model protocol.

4.4 Implementation Details

The MAF is implemented in PyTorch using the
nflows library. We use K = 8 MADE blocks,
each with 2 hidden layers of 512 units. PCA di-
mensionality is set to d = 128 for both 8B- and
14B-scale models. Training uses AdamW with
learning rate 103 and batch size 8. All experi-
ments are conducted on NVIDIA A40 GPUs with
48GB memory. Hidden state extraction for the full
TriviaQA validation set requires approximately 0.5
hours for the 8B models and 1 hour for the 14B
model. MAF training converges in under 5 minutes
on a single GPU.

5 Results and Discussion

5.1 RQ1: Detection Effectiveness

Table 1 presents abstention detection performance
across three instruction-tuned LLMs and five eval-
uation benchmarks. Overall, FLOW-ABSTAIN con-
sistently achieves competitive performance across
most settings without requiring labeled negative
examples or multiple sampled generations.

The largest gains are observed on benchmarks
involving fundamentally unanswerable or cogni-
tively out-of-distribution queries. On SQuAD 2.0,
FLOW-ABSTAIN achieves the best overall perfor-
mance across all three models, reaching AUROC
values of 95.9, 95.2, and 94.2 while simultaneously
obtaining the lowest FPR @95 values. Similarly, on
Truthful QA, FLOW-ABSTAIN consistently attains
the highest AUROC across all architectures, indi-
cating strong robustness to false presuppositions

and misconception-style queries.

Compared with the supervised Linear Probe
baseline, FLOW-ABSTAIN exhibits substantially
stronger cross-benchmark robustness despite oper-
ating in a fully unsupervised setting. While Lin-
ear Probe occasionally achieves competitive AU-
ROC on TriviaQA and PopQA, its performance
collapses on SQuAD 2.0, suggesting limited gen-
eralization to unseen forms of unanswerability. In
contrast, FLOW-ABSTAIN maintains stable per-
formance across all benchmarks, indicating that
density estimation better captures the geometry of
the answerable manifold than discriminative classi-
fiers trained on finite negative examples. Although
benchmark-specific stylistic differences may par-
tially contribute to separability, the consistent like-
lihood ordering across semantically distinct failure
modes (e.g., ambiguity, adversarial misconceptions,
false presupposition, and entity rarity) suggests that
the learned density captures a broader notion of
answerability-related latent regularity rather than
merely exploiting superficial dataset artifacts.

Among unsupervised baselines, Mahalanobis
distance performs inconsistently, likely due to its re-
strictive unimodal Gaussian assumption. GMM-16
achieves competitive AUROC on several bench-
marks but consistently exhibits higher FPR @95,
suggesting that Gaussian mixtures tend to over-
assign probability mass around in-distribution re-
gions. Semantic Entropy also performs compet-
itively, but requires 10 sampled generations per
query and therefore incurs substantially higher in-
ference latency.

Overall, the performance advantage of FLOW-
ABSTAIN remains consistent across all three LLM
architectures, indicating that the learned density
structure generalizes across both model families
and parameter scales.

5.2 RQ2: Continuous Likelihood Spectrum

A key advantage of FLOW-ABSTAIN over binary
classification approaches is that the log-likelihood
score provides a continuous measure of how far a
query deviates from the answerable manifold. Fig-
ure 2 visualizes the distribution of log-likelihood
scores across query categories for Qwen3-8B and
reveals three notable patterns. As FLOW-ABSTAIN
models a continuous latent density via normalizing
flows, positive log-likelihood values may naturally
arise.

First, the likelihood distributions exhibit clear
separation between in-distribution and out-of-

13561



Table 1: Abstention detection performance across models and evaluation benchmarks. We report AUROC (1) and
FPR@95%TPR (]), both in percentage (%). Best results in bold, second-best underlined.

Model  Method ‘ TriviaQA ‘ SQuAD 2.0 ‘ PopQA ‘ TruthfulQA ‘ AmbigQA
| AUROC FPR95| AUROC FPRY95| AUROC FPRY95| AUROC FPRY95| AUROC  FPRYS
Perplexity 44.9 96.2 36.6 9.1 24.1 99.6 36.6 9.1 285 995
Semantic Entropy 773 717 56.7 89.2 75.6 60.1 76.7 58.6 749 583
" EigenScore 77.9 70.4 60.2 85.7 76.8 619 784 552 76.2 58.1
X SAR 783 70.6 625 82.1 78.7 59.8 80.1 517 783 579
g P(Truc) 78.4 739 912 363 78.6 89.9 90.2 36.3 80.7 63.0
& Linear Probe 80.2 67.3 43.1 86.9 82.9 64.6 741 81.0 719 716
Mahalanobis 64.0 85.4 923 385 575 89.8 86.9 612 73.1 817
GMM-16 77.1 711 944 232 743 713 90.6 53.6 824 714
FLOW-ABSTAIN (Ours) | 78.5 69.8 95.9 19.1 80.2 676 9L1 435 8338 65.1
Perplexity 375 98.6 329 97.4 473 98.1 350 98.4 47.1 96.4
Semantic Entropy 70.4 66.5 58.5 829 755 62.1 71.0 67.0 755 633
= EigenScore 72.6 683 62.4 785 76.9 61.4 735 63.1 77.1 63.7
2 SAR 74.1 69.7 632 748 78.6 625 75.8 62.4 79.2 63.1
2 P(Truc) 78.1 749 853 392 81.8 725 86.0 50.7 84.7 645
£ Linear Probe 773 689 479 88.2 772 69.7 76.9 66.4 813 639
© Mahalanobis 677 84.9 925 19.1 69.4 815 76.8 722 64.6 84.0
GMM-16 740 69.0 93.8 24.6 78.9 702 87.2 63.0 80.8 65.6
FLOW-ABSTAIN (Ours) | 77.6 68.2 95.2 10.2 80.3 679 91.9 54.2 83.6 62.9
Perplexity 4338 975 455 96.9 496 939 46.4 96.0 473 96.4
Semantic Entropy 722 645 64.2 78.1 74.9 59.0 738 592 795 56.4
= EigenScore 74.0 652 679 73.6 76.1 572 75.6 558 80.7 54.1
¥ SAR 752 644 70.4 715 783 57.1 782 523 814 55.5
g P(True) 74.8 693 69.9 523 85.0 56.6 80.4 49.9 718 80.0
g Linear Probe 79.0 678 66.7 84.8 76.6 66.9 85.4 573 81.0 68.5
= Mahalanobis 63.4 845 92.2 29.8 63.1 89.7 705 69.4 645 86.8
GMM-16 78.1 685 93.9 20.1 1.8 515 835 516 813 61.1
FLOW-ABSTAIN (Ours) | 77.7 642 94.2 123 79.1 55.6 89.4 483 80.6 585
) —— SQUAD 2.0 (unans) the answerable manifold, followed by adversarial
-10™ . . . .
3% — TruthfulQA misconception-driven examples from TruthfulQA,
— PopQA (rare) i ambiguous queries from AmbigQA, and rare-entity
el : tions from PopQA, which the highest
D OA (noree) ! questions from opQA, which occupy he highest-
, — TriviaQA (correct) : likelihood region among OOD categories. Third,
T 1 . . . . .
_ | each category exhibits substantial internal variance,
= I . . . . N .
Z ' indicating that OODness is not binary but exists
I
5] . .
[ : on a spectrum: even within the same benchmark,
1 : some queries lie only marginally outside the an-
1 .
. swerable manifold, whereas others represent more
1
! severe departures.
0 ‘ \ This continuous uncertainty signal enables more
—300 —250 —200 —150 —100 —50 0 50 flexible abstention strategies than a single accept-

Log-Likelihood log ps(z)

Figure 2: Gaussian fits to empirical log-likelihood
scores under FLOW-ABSTAIN for different query cate-
gories (Qwen3-8B).

distribution queries. Correctly answered TriviaQA
examples are concentrated in a high-likelihood re-
gion, while all OOD categories are systematically
shifted toward lower values. Second, the OOD cat-
egories are naturally stratified along the likelihood
axis in a manner that aligns with their intuitive cog-
nitive difficulty. Context-dependent unanswerable
questions from SQuAD 2.0 remain farthest from

or-reject decision threshold. In practice, systems
can route extremely low-likelihood queries to hu-
man experts, request clarification for moderately
ambiguous inputs, or calibrate the degree of re-
sponse hedging according to the magnitude of the
likelihood deficit.

5.3 RQ3: Inference Efficiency

Table 3 compares the inference-time computational
overhead of each method. FLOW-ABSTAIN re-
quires only a single matrix multiplication (PCA
projection) and a forward pass through the MAF.
This is comparable to the trivial cost of the Maha-
lanobis baseline, GMM-£, and the linear probe, and

13562



Table 2: Mean log-likelihood (4 std) by query cate-
gory. Lower values indicate greater deviation from the
answerable manifold.

Category Qwen3-8B Qwen3-14B Llama3-8B

TriviaQA (correct) —-3.5+17.3 —2.1+17.8 —1.1+20.0
TriviaQA (incorrect) —18.8 +£15.6 —23.1+21.4 —11.3£26.7
PopQA (rare) —25.84+20.0 —-36.04+22.2 —34.7+20.1
AmbigQA —38.8+ 159 —42.74+16.9 —43.1+27.8
Truthful QA —57.44+20.8 —-62.4+33.2 -—59.6+31.5

SQuAD 2.0 (unans.) —224.3 £20.5 —235.7£91.9 —211.6 + 40.3

faster than output-based methods such as Semantic
Entropy (which requires 10 additional full gener-
ations) or P(True) (which requires one additional
prompted generation).

Crucially, the hidden-state extraction itself in-
curs zero additional cost, as it is a byproduct of
the standard forward pass already required for an-
swer generation. This makes FLOW-ABSTAIN suit-
able for latency-sensitive production deployments
where abstention decisions must be made in real
time without incurring additional GPU compute.

Table 3: Generation and compute savings. We report
the average number of generated tokens and the added
latency per query.

Method Avg. Tokens Latency (ms)
Perplexity 26.5 0.0
Semantic Entropy 249.7 255.1
EigenScore 249.7 232.6
SAR 249.7 278.4
P(True) 27.5 42.5
Linear Probe 26.5 334
Mahalanobis 26.5 32.0
GMM-16 26.5 325
FLOW-ABSTAIN (Ours) 26.5 33.7

5.4 Ablation Studies

We conduct ablations along three axes: PCA di-
mensionality d, number of MAF blocks K, and
extraction layer ¢. Results (Table 4) confirm that:
(a) PCA is essential—without it, density estima-
tion in the full D-dimensional space degrades sub-
stantially; (b) d = 128 provides the best trade-off
between expressiveness and statistical efficiency;
(c) K = 8 blocks suffice, with diminishing returns
beyond this; (d) intermediate layers (¢ ~ L/2) con-
sistently outperform early or late layers, consistent
with prior findings on factual knowledge localiza-
tion.

Table 4: Ablation study on PCA dimensionality, MAF
depth, and extraction layer using Qwen3-8B. We
report average AUROC (%) and FPR@95%TPR (%)
across QA benchmarks. Default configuration in bold.

Component Setting Avg. AUROC Avg. FPR95
64 83.8 57.2
. 128 85.9 53.0
PCAWimd) 556 81.3 59.4
None (4096-D) 719 65.2
2 82.9 58.5
4 83.7 55.6
MAF (blocks K) ¢ 459 =0
16 86.3 51.1
12 (early) 82.1 64.8
18 (mid.) 85.9 53.0
Layer (6) 24 (late) 85.6 55.1
36 (final) 72.4 76.1

6 Conclusion

We have presented FLOW-ABSTAIN, an unsuper-
vised framework for query-aware abstention in
large language models that reframes the problem
as density estimation in the model’s latent repre-
sentation space. By training a Masked Autoregres-
sive Flow exclusively on hidden states from con-
fidently answered queries, our method provides
log-likelihood scores that serve as a continuous,
interpretable abstention signal—without requiring
any manually labeled negative examples or output-
level sampling.

Our experiments across three instruction-tuned
LLMs and five diverse evaluation benchmarks
demonstrate that FLOW-ABSTAIN achieves highly
competitive abstention detection performance
while adding negligible inference latency. The
learned likelihood naturally stratifies queries along
a continuous answerability spectrum, unifying dis-
parate failure modes (e.g., entity rarity, ambiguity,
false premises, adversarial misconceptions) under
a single probabilistic framework.

Beyond binary abstention, the continuous na-
ture of the FLOW-ABSTAIN score opens avenues
for graduated response strategies—routing uncer-
tain queries to human review, calibrating hedging
language, or triggering retrieval augmentation for
borderline cases. Future work will explore extend-
ing the framework to multi-turn dialogue settings,
improving robustness through layer-wise ensem-
bles, and integrating latent density signals into
retrieval-augmented or uncertainty-aware genera-
tion pipelines.
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Limitations

Our work has several limitations. First, the refer-
ence corpus construction assumes access to a QA
dataset with gold answers for filtering; in purely
open-ended generation settings, alternative con-
fidence criteria (e.g., self-consistency) would be
needed. Second, our evaluation focuses primar-
ily on factoid QA benchmarks; whether similar
latent density structures emerge in broader gener-
ative tasks such as summarization, multi-step rea-
soning, or creative writing remains unclear. Third,
although latent density is strongly correlated with
query answerability, low likelihood does not nec-
essarily imply factual unanswerability. Queries in-
volving rare yet answerable knowledge may also lie
outside the learned manifold, potentially leading
to over-abstention. Finally, since the latent den-
sity is learned from correctly answered TriviaQA
queries, part of the separability may still reflect
dataset-specific stylistic regularities rather than a
fully task-agnostic notion of answerability.
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