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Abstract

A reliable language model should be able to
signal, prior to generation, when a query falls
outside its knowledge. We investigate whether
representation geometry can provide such a pre-
generation signal by measuring the deviation
of hidden states from an answerable reference
set—requiring no labeled failure data and no
access to model outputs.

Across three instruction-tuned models
(Llama 3.1-8B, Qwen 2.5-7B, and Mistral-
7B-Instruct) and three prompt forms (MATH,
FACT, CODE), we find that geometry primarily
encodes task form. Within mathematical
prompts, unanswerable inputs consistently
deviate from the answerable centroid, yielding
strong separation (ROC-AUC 0.78-0.84). This
single-pass pre-generation signal outperforms a
simple refusal baseline and compares favorably
to self-consistency. It also captures cases
where models do not explicitly refuse.

In contrast, no reliable geometric signal
emerges for factual prompts, indicating that
the effect is form-conditional rather than uni-
versal. Code prompts show large effect sizes
with higher variance, suggesting partial gener-
alization beyond mathematical form.

A layer-wise analysis reveals that the signal
arises in early layers and gradually attenuates
toward the output. These results suggest that
answerability-related geometry is established
before the final stages of generation. Together,
these findings indicate that geometric deviation
can serve as a lightweight pre-generation signal
that is reliable in structured domains with for-
mal answerability constraints, with clear bound-
aries on where it generalizes.

1 Introduction

Hallucination—the generation of confident but in-
correct responses—remains a central reliability
challenge for deployed language models (Ji et al.,
2023). Detecting likely failures before generation

is particularly valuable: a pre-generation signal can
trigger abstention or human review without adding
latency to the decoding process. Prior work has
approached reliability estimation through uncer-
tainty calibration (Kadavath et al., 2022), internal
probing classifiers (Slobodkin et al., 2023), repre-
sentation steering (Li et al., 2023), and supervised
internal-state analysis (Zhang et al., 2025a,b). How-
ever, these methods either rely on labeled training
data, require access to model outputs, or are sen-
sitive to model-specific characteristics. Whether
unsupervised representation geometry alone can
function as a practical pre-generation reliability
signal—without labeled failure data or access to
model outputs—remains underexplored.

We investigate a minimal approach: measuring
each prompt’s cosine distance from the centroid
of answerable-class representations, requiring no
labeled failure data, no fine-tuning, and no out-
put sampling. Our design isolates answerability
from confounding surface variation using matched
pairs, where each unanswerable prompt shares
the domain, length, and syntactic form of a cor-
responding answerable prompt, differing only in
the property causing unanswerability. We validate
across three architecturally distinct instruction-
tuned models at the same scale (7-8B parame-
ters): Llama 3.1-8B-Instruct (Dubey et al., 2024),
Qwen 2.5-7B-Instruct (Qwen Team, 2025), and
Mistral-7B-Instruct-v0.3 (Jiang et al., 2023). Hold-
ing scale constant while varying architecture and
alignment recipe lets us distinguish input-driven
geometric signals from model-specific artefacts.

Our main findings are: (1) Within mathemati-
cal form, geometric deviation yields strong sepa-
ration (ROC-AUC 0.78-0.84 across all three mod-
els), outperforming a simple refusal baseline and
a multi-sample self-consistency baseline requiring
5x the inference cost—including cases that refusal-
based detection may not capture; (2) The effect is
form-conditional: within factual form, no signifi-
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cant signal emerges across any of the three mod-
els, establishing a principled boundary; (3) Within
code form, large effect sizes appear across all three
models, though statistical significance is mixed
at the sample size studied, suggesting the phe-
nomenon may extend beyond mathematical form;
(4) A layer-wise analysis reveals the signal peaks
at early layers and generally decreases toward the
output layer, consistent across all three models,
suggesting answerability-related geometry is es-
tablished early in the network; (5) Strong cross-
model geometric consensus on a subset of MATH-
U prompts suggests the signal reflects input struc-
ture rather than model-specific geometry; (6) Be-
havioral responses to geometric outliers diverge
across models— Qwen refuses, Llama does not
explicitly refuse on the same prompts— indicating
that alignment training shapes how models act on
geometric information, not the information itself.

2 Background

Representation geometry in LLMs. LLM hid-
den states exhibit strong anisotropy: representa-
tions cluster near a dominant direction, inflating
pairwise cosine similarity even for unrelated in-
puts (Ethayarajh, 2019). Mean-centering removes
this dominant direction and restores discriminabil-
ity (Godey et al., 2024). Prior work shows that
structural linguistic information is geometrically
encoded in Transformer representations (Hewitt
and Manning, 2019), and that task-specific function
vectors emerge in later layers of instruction-tuned
models (Todd et al., 2023), motivating the view that
geometry can reflect semantic properties beyond
surface form.

Reliability signals in LLM representations. Ka-
davath et al. (2022) show that LLMs are well-
calibrated on multiple-choice tasks. Slobodkin et al.
(2023) probe for answerability in reading com-
prehension via supervised classifiers on context-
dependent questions. Burns et al. (2022) extract
truth directions via contrastive activation differ-
ences; Li et al. (2023) show that steering atten-
tion heads can elicit truthful answers. A recent
survey by Xia et al. (2025) organises uncertainty
estimation approaches across four paradigms. The
most closely related work is PRISM (Zhang et al.,
2025a) and MHAD (Zhang et al., 2025b), which
use supervised probing on internal states for hallu-
cination detection across multiple layers. PRISM
trains a prompt-guided classifier on labeled hal-

lucination examples to identify factual errors at
inference time; MHAD performs deep multi-layer
representation analysis using supervised training
signals derived from factuality annotations. Our
work differs in three respects: it requires no la-
bels on failure or unanswerable instances (only a
reference set of answerable prompts, available by
construction in structured query domains), it op-
erates strictly before generation (no output tokens
needed), and it uses matched-pair construction to
explicitly disentangle surface form from answer-
ability—enabling a controlled characterisation of
when and where geometric reliability signals arise,
rather than learning to discriminate post-hoc from
labeled failures.

Layer-wise signal in Transformers. Probing
studies have found that different linguistic proper-
ties peak at different layers: syntactic information
tends to emerge in middle layers, while semantic
and task-level information concentrates in later lay-
ers (Hewitt and Manning, 2019). Our layer-wise
analysis adds to this literature by showing that an-
swerability geometry—a reliability-relevant prop-
erty—peaks unusually early (layers 2-5), suggest-
ing that the network encodes input-level structural
violations before committing to a generation strat-
egy in deeper layers.

Hallucination and output-level baselines. Se-
mantic entropy-based methods detect hallucina-
tions from model outputs without accessing inter-
nal states (Farquhar et al., 2024). We compare
against a lightweight output-level refusal baseline,
representing the information available from gen-
eration alone. Instruction-tuned models differ in
their tendency to refuse versus hallucinate on unan-
swerable inputs (Bai et al., 2022), a distinction we
investigate empirically across three models.

3 Experimental Setup

Models. We use three instruction-tuned models
at the same scale (7-8B parameters): Llama 3.1-8B-
Instruct (Dubey et al., 2024), Qwen 2.5-7B-Instruct
(Qwen Team, 2025), and Mistral-7B-Instruct-v0.3
(Jiang et al., 2023), all loaded via HuggingFace
Transformers (Wolf et al., 2020) in f1oat 16 pre-
cision on Apple Silicon MPS. Holding scale con-
stant isolates architectural and alignment recipe
differences. Mistral’s training recipe differs from
both Llama and Qwen, providing a third alignment
data point.
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Representation extraction. For each prompt, we
extract last-layer hidden states, apply mean pooling
over all input tokens, and subtract the global mean
vector computed over all prompts in a given run
(Godey et al., 2024). All distances are cosine dis-
tances (1 — cos ). For the layer-wise analysis (Sec-
tion 4.3), we extract mean-pooled hidden states at
every layer (including the embedding layer), yield-
ing a matrix of shape (7prompts, ayers, @)-

Prompt forms and matched-pair construction.
We study three prompt forms.

MATH (n = 50 pairs): well-defined arithmetic,
algebra, or combinatorics questions (MATH-A)
paired with structurally identical variants in which
a defined quantity is replaced by an undefined
one (MATH-U). Unanswerability sources include:
mathematically undefined operations (e.g., v/ —169
in the reals; log; 10; 00), extremal impossibili-
ties (e.g., “the largest prime”; “the last Fibonacci
number”; “the product of all positive integers”),
and unknown-quantity substitutions (e.g., “the cur-
rent number of active volcanoes”). Each pair pre-
serves domain, syntactic structure, and approxi-
mate length; the sole change is the introduction of
the undefined element.

FACT (n = 10 pairs): verifiable factual ques-
tions paired with variants referencing unknowable
future events, non-existent entities, or counterfac-
tual premises. Examples: “capital of France” /
“capital of France in 2050”; “currency of Japan™ /
“currency of Atlantis.”

CODE (n = 30 pairs): Python expression
questions with deterministic return values
(CODE-A) paired with structurally identi-
cal variants (CODE-U) whose evaluation is
undefined, raises a well-typed exception, or
requires unbounded computation. Examples:
max ([3,1,4]) / max([]) (well-defined
/ raises ValueError); sum([1,2,3]) /
sum(itertools.count ()) (finite / non-
terminating); hash (42) / hash([1,2,3])
(hashable / TypeError). The CODE form
tests whether the geometric signal generalizes
beyond the mathematical domain to a domain
where unanswerability arises from type violations
and semantic ill-definedness in a programming
language.

In all three forms, construction rules are
applied consistently: one element is changed
per pair; surface structure is preserved. This
design rules out length, domain, and surface

form as confounds. All prompts and analysis
code are released at https://github.com/
yucheng—-du/geom—-reliability.

Analysis. For all controlled experiments, we
compute each prompt’s own_dist— cosine distance
to its form’s A-only centroid—as the reliability
score. Centroids are computed from the A-labeled
prompts only, so no U-label information enters
the score construction. In a deployment setting
this reference set corresponds to a small collection
of prompts known to be answerable (e.g., stan-
dard queries in a domain), requiring no annotation
of failures or unanswerable instances. We report
one-sided permutation tests (nperm = 5000) on the
mean gap disty — dist4, recomputing the centroid
at each permutation to avoid null-hypothesis viola-
tions, together with Cohen’s d for effect size. Mean-
centering is performed jointly over all prompts
within a run. For the MATH/FACT experiments,
FACT and MATH prompts are mean-centered to-
gether and share the same representational refer-
ence frame. The CODE experiments were run sep-
arately and use their own mean-centering context;
own_dist values for CODE are therefore not directly
comparable on an absolute scale to MATH/FACT
values.

For reliability prediction, we threshold own_dist
at the midpoint of the mean A and mean U dis-
tances to produce a binary classifier and report
ROC-AUC and F1. The refusal-keyword base-
line classifies a prompt as unanswerable if the
model’s generated output contains any of a cu-
rated list of refusal-indicative surface tokens: un-
defined, cannot, doesn’t exist, no such, not de-
fined, infinite, ValueError, TypeError, ZeroDivi-
sionError, and related forms. This baseline repre-
sents the information extractable from the model’s
output alone—requiring a completed generation
pass—and serves as a practical upper bound for
lightweight output-level detection. Its recall is
structurally bounded: it can only fire when the
model explicitly names its uncertainty, and can-
not detect hallucinations where the model gener-
ates confidently incorrect responses without refusal
markers.

We additionally evaluate a self-consistency (SC)
baseline: for each prompt, we generate k = 5
samples at temperature 0.7 and compute a dis-
agreement score. For MATH and CODE, we ex-
tract the final answer token from each sample
and set the score to 1 — (majority count/k) (an-
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swer_disagree); for FACT, where answers are free-
form, we compute the mean pairwise ROUGE-1 F1
over the last-line excerpts of all (’;) sample pairs
and set the score to 1 —ROUGE-1 (rouge_disagree).
SC requires five generation passes per prompt
and accesses model outputs. We note that this
disagreement-based SC is a lightweight proxy, not
full semantic entropy (Farquhar et al., 2024): it re-
lies on surface string matching of extracted answer
tokens rather than semantic clustering across out-
puts, and thus constitutes a lower bound on what
output-level uncertainty estimation can achieve;
full semantic entropy remains future work. We
include SC to characterise how a post-generation
multi-sample baseline compares to the single-pass
pre-generation geometry signal.

4 Results

4.1 Geometry Encodes Task Form

Llama and Qwen produce well-separated clusters
for the three prompt categories in the uncontrolled
task-structure experiment (all p < 0.01, permuta-
tion test on within- vs. between-group cosine dis-
tances). MATH forms the tightest cluster (within-
class distance: Llama 0.332, Qwen 0.415), reflect-
ing the high surface uniformity of arithmetic ques-
tions. Centroid analysis reveals an asymmetry: the
FACT-MATH centroid cosine (=~ —0.84 to —0.85)
indicates near-orthogonality after mean-centering,
while FACT-UNKNOWN is positive and moder-
ately close (+0.41 Llama, 4+0.58 Qwen). The UN-
KNOWN cluster therefore aligns with FACT, not
MATH— a pure form effect: math-form unanswer-
able prompts are pulled toward the MATH centroid,
while fact-form unanswerable prompts align with
FACT.

In the controlled experiments, the CODE form
occupies a distinct cluster well-separated from both
MATH and FACT, suggesting that programming
language structure is encoded geometrically in
instruction-tuned representations distinctly from
natural-language forms. CODE within-class dis-
tances are highest of the three forms (Llama ~
0.889, Qwen ~ 0.815, Mistral ~ 0.875), reflecting
greater surface heterogeneity in Python expressions
relative to arithmetic questions. The CODE-MATH
centroid distance is large (both forms produce tight
but geometrically distant clusters), whereas CODE
and FACT exhibit intermediate separation. This
structure is consistent across all three models, as
shown in Figure 1, suggesting that the task-form

encoding is not an artifact of a specific architecture.

4.2 Answerability Signal Within Form

Table 1 reports the full controlled answerability
results for all three models and all three forms.

Form  Model n dista  disty A p
Llama 50 0.676 1.055 +0.379 <.0001
MATH Qwen 50 0.652 1.042 +0.390 <.0001
Mistral 50 0.668 1.038 +0.370 <.0001
Llama 10 0.326 0.406 +0.080 0.498
FacT Qwen 10 0.303 0.361 +0.058 0.566
Mistral 10  0.305 0402 +0.097 0.360
Llama 30 0.889 1.195 +0.306 0.113
CODE  Qwen 30 0.815 1.229 +0414 0.008
Mistral 30 0.875 1.168 +0.294 0.155
Table 1: Cosine distance to answerable centroid

(own_dist) for matched pairs. A = disty — dista; p-
values from one-sided permutation test (1perm = 5000).
MATH/FACT: joint mean-centering; CODE: separate
mean-centering context (see §3).

MATH (n = 50 pairs). All three models show
highly significant separation between MATH-A and
MATH-U at the expanded sample size (p < 0.0001,
Cohen’s d ranging from +1.12 to +1.41). The
MATH-U centroid distance (= 1.04-1.06) is sub-
stantially higher than MATH-A (= 0.65-0.68), a
gap of =~ 40.37—40.39 that is consistent across
architectures. We attribute this separation to the
structural-contradiction hypothesis: mathematical
unanswerability forces a representation toward an
undefined region of the tight MATH attractor, pro-
ducing systematic centroid deviation. Figure 2
shows the full own_dist distributions: MATH-U
exhibits substantially elevated values with heavy
tails, while FACT-A and FACT-U distributions over-
lap completely—directly visualising the null FACT
result.

FACT (n = 10 pairs). No significant separation
emerges for any model (p = 0.36-0.57; Cohen’s
d = +0.44—+0.76). The null result is not under-
powered: at n = 10 pairs, the MATH effect was
already p < 0.01 in the original experiments. Fac-
tual unanswerability (future events, non-existent
entities) is syntactically indistinguishable from or-
dinary factual questions and does not disrupt the
FACT cluster geometry.

CODE (n = 30 pairs). Effect sizes are large
and consistent across models (d = +1.01, +1.31,
+1.14 for Llama, Qwen, Mistral), but statistical
significance is mixed: Qwen reaches p = 0.008;
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PCA of mean-centred last-layer representations (controlled experiments)
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Figure 1: PCA of mean-centred last-layer representations (controlled experiments) for all three models. MATH
(green), FACT (blue), and CODE (orange) occupy distinct geometric regions. Filled circles: answerable; crosses:
unanswerable. Stars mark answerable-class centroids. MATH forms the tightest cluster; CODE is geometrically
distant from MATH and shows higher within-class spread, consistent with greater surface heterogeneity in Python
expressions. The three-form separation is consistent across all three architectures.
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Figure 2: Distribution of own_dist (cosine distance to answerable centroid) for all three models and all three prompt
forms. MATH-U and CODE-U distributions are substantially elevated relative to their answerable counterparts,
consistent across all three models. FACT-A and FACT-U distributions largely overlap, consistent with the non-
significant permutation tests. CODE distances are not directly comparable to MATH/FACT values as they are
computed under separate mean-centering contexts. Individual prompts shown as jittered points.

Llama and Mistral are p = 0.11-0.16. The large d
values alongside marginal p-values indicate higher
within-group variance in the CODE domain: some
CODE-A prompts already occupy high-deviation
positions (e.g., those with unusual expression struc-
ture), widening the baseline variance and reduc-
ing power relative to MATH. We interpret this as
evidence that a similar phenomenon exists in the
CODE domain but requires larger n to reach con-
ventional significance.

4.3 Layer-wise Signal Profile

To understand where in the Transformer stack
the answerability signal arises, we extract mean-
pooled hidden states at every layer for all 20
MATH matched pairs and compute the per-layer

(0

gap §; = dist;; ©

— dist for all three models.

Figure 3 shows §; as a function of layer index.
The pattern is consistent across all three models:
the gap rises sharply from the embedding layer,
peaks at an early layer (layer 2 for Llama, layer 5
for Qwen, layer 4 for Mistral; peak § ~ 0.98-1.09),
and then generally decreases through subsequent
layers to the final layer (last-layer  ~ 0.44-0.48).
The last layer retains a large, practically useful gap,
but is the minimum among all middle layers—not
the maximum.

Figure 3 (bottom) clarifies the mechanism un-
derlying the gap profile: MATH-U representations
diverge from the answerable centroid from the
earliest attention layers and sustain that distance
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Layer-wise answerability gap (MATH form)
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Figure 3: Top: Layer-wise answerability gap 0; for MATH matched pairs (n = 20). All three models peak at
layers 2-5 and generally decrease toward the last layer. Botfom: Absolute own_dist traces for MATH-U (solid) and
MATH-A (dashed). The gap narrows because MATH- A rises in deeper layers, not because the MATH-U signal

decays.

throughout the network. The overall decrease in J;
is driven by the answerable class drifting toward
the unanswerable class as depth increases, not by
the unanswerable signal weakening. This suggests
the network progressively adapts MATH- A repre-
sentations toward a generation-ready state that in-
cidentally reduces their distance to the answerable
centroid, while MATH-U representations remain
anchored in a structurally anomalous region.

This pattern indicates that answerability geome-
try is an emergent property of the earliest attention
layers, attenuating as the network adapts represen-
tations toward generation readiness. Using the last
layer in our main experiments follows prior work
convention; the layer-wise profile suggests earlier
layers could yield stronger classifiers if layer selec-
tion were optimized (Section 5).

4.4 Geometry—Behavior Alignment

We annotate model outputs for the original 20
MATH-U prompts (Table 2).

Model REFUSE  PARTIAL HALLUC
Llama 3.1-8B 5120 5120 10/20
Qwen 2.5-7B 7/20 3/20 10/20

Table 2: Behavioral annotation for MATH-U prompts
(n = 20). Annotation based on qualitative reading of
generated output.

Both Llama and Qwen hallucinate on 10/20
prompts. Qwen refuses more often (7/20 vs. 5/20
for Llama); Llama partially answers more (5/20 vs.
3/20).

Geometric deviation predicts behavior within
each model: all four Llama prompts with own _dist
> 1.2 (drifted to the FACT centroid) produce hallu-
cination or partial answers, with zero refusals. For
Qwen, the five REFUSE cases cluster within the
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MATH cluster (non-drifted), while the two highest-
deviation prompts (m07u: “next prime after the
largest prime”; m10u: “m for a square”) are cor-
rectly identified as undefined and refused. The
critical divergence: these same prompts show the
highest own_dist in both models, yet Llama hallu-
cinates while Qwen refuses.

At the expanded scale (n = 50 MATH-U
prompts), 19 of 50 prompts are misassigned to
the FACT centroid in all three models simulta-
neously. These 19 prompts share a common prop-
erty: they involve extremal or infinite mathemati-
cal objects (“the largest prime,” “the last Fibonacci
number,” “the average of all positive reals,” “the
product of all positive integers’”) or operations on
unknown future/unbounded quantities. The near-
perfect cross-model geometric consensus on these
prompts— across three different architectures and
training recipes—provides strong evidence that
the signal reflects input-level structural properties
rather than any model-specific geometry.

The 19 consensus-drift prompts fall into three
structural categories: (i) extremal or infinite objects
(“the largest prime,” “the last Fibonacci number”),
(i1) unbounded aggregates (“‘the exact sum of all
natural numbers to infinity”), and (iii) unknown-
quantity substitutions (“17 multiplied by the cur-
rent moons of Jupiter”). Categories (i) and (ii)
account for most cases, consistent with represen-
tations detecting formal impossibility rather than
epistemic difficulty.

The same-geometry, different-behavior pattern
between Llama and Qwen on shared outliers further
supports the view that alignment training modulates
how models act on geometric information, not the
information itself: the representation-level signal
of “this is anomalous” is present in all three models;
the behavioral choice of whether to refuse, partially
answer, or hallucinate is model-specific.

4.5 Reliability Prediction Evaluation

Table 3 evaluates own_dist as an unsupervised
binary classifier distinguishing answerable from
unanswerable matched pairs, compared against the
refusal-keyword baseline.

MATH. Geometry substantially outperforms both
baselines across all three models. Against
the refusal baseline (AUC 0.63-0.73), geometry
achieves AUC 0.78-0.84: refusal suffers from low
recall, as only a fraction of MATH-U prompts
trigger explicit refusal keywords. Against the

Form  Model Geometry SC Refusal
AUC F1 AUC AUC F1

Llama 0.841 0.714 0.624 0.630 0413
MATH Qwen  0.782 0.694 0.296 0.710 0.592
Mistral  0.826 0.714 0.524 0.730  0.630
Llama  0.690 0.632 0460 0.550 0.182

FacT  Qwen  0.660 0.700 0.000 0.750 0.667
Mistral  0.710 0.700 0470 0.550 0.308

Llama  0.774 0.758 0441 0.633 0.421

CoDE  Qwen 0.818 0.733 0.369 0.850 0.830
Mistral  0.796 0.689 0.497 0.733  0.636

Table 3: ROC-AUC and F1 for answerability predic-
tion. Geometry: own_dist (pre-generation, zero sam-
ples); SC: self-consistency disagreement score (post-
generation, 5 samples); Refusal: keyword classifier
on single generated output (post-generation). MATH:
n = 50 pairs; FACT: n = 10 pairs; CODE: n = 30
pairs. F1 threshold: midpoint of mean A and mean U
own_dist (Geometry); SC F1 omitted—oracle-threshold
F1 is 0.667 across all conditions, indicating SC is a
near-constant classifier on this task.

disagreement-based SC baseline (AUC 0.30-0.62),
the margin is even larger: instruction-tuned mod-
els tend to hallucinate consistently, producing the
same incorrect answer across all five samples and
yielding near-zero disagreement despite high geo-
metric deviation. Geometry captures this pattern
pre-generation, whereas SC—which detects output
variance—cannot distinguish confident hallucina-
tion from correct answers in this regime; a stronger
semantic entropy baseline could narrow this gap.

FACT. Geometry yields modest AUC (0.66—
0.71), consistent with the non-significant permu-
tation tests. Qwen’s refusal baseline (0.75) out-
performs geometry here, reflecting Qwen’s ten-
dency to explicitly refuse future-event questions.
Llama and Mistral refusal baselines are near-
chance (0.55), reflecting their tendency to answer
rather than refuse. SC is weakest on FACT: Qwen
SC AUC = 0.000, because Qwen gives consistent
refusal-style responses even to answerable factual
questions, eliminating any disagreement signal. At
n = 10 pairs, FACT AUC estimates carry high vari-
ance and should be treated as exploratory; the per-
mutation tests (p > 0.34 across all three models)
provide the more reliable evidence that no system-
atic geometric signal exists for factual unanswer-
ability at the sample sizes studied.

CODE. For Llama and Mistral, geometry (0.77—
0.80) outperforms both SC (0.44-0.50) and refusal
(0.63-0.73). Qwen is the exception: its refusal
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baseline (0.85) exceeds geometry (0.82), because
Qwen explicitly names exception types (“this raises
a TypeError”) in its outputs for ill-typed CODE-
U prompts, making keyword detection highly in-
formative. This Qwen-specific behavior mirrors
its elevated refusal rate in MATH and is consistent
with Qwen’s alignment recipe producing more ex-
plicit uncertainty acknowledgment. SC remains the
weakest signal across all three models on CODE
(AUC 0.37-0.50), confirming that output variance
alone cannot reliably distinguish well-typed from
ill-typed expressions when the model generates
plausible-sounding but incorrect responses.

5 Discussion

Form dominates; answerability disrupts only
when structural. Task form appears to be the
primary organiser of last-layer geometry. Answer-
ability appears as a secondary, conditional signal:
it is most visible when unanswerability creates a
structural inconsistency within the form—applying
arithmetic to an undefined quantity may push a rep-
resentation toward an unfamiliar region within the
tight MATH cluster, whereas factual unanswerabil-
ity (future events, counterfactuals) is syntactically
indistinguishable from ordinary factual questions
and leaves the geometric cluster intact. The CODE
results are consistent with this view: ill-defined
Python expressions (type errors, non-terminating
operations) show a large geometric effect, though
more data are needed to confirm it reaches conven-
tional significance. The MATH/FACT asymmetry
is consistent with this form-attractor account.

Answerability signal is an early-layer phe-
nomenon. The layer-wise profile—peaking at
layers 2-5 and generally decreasing there-
after—contrasts with prior probing work that finds
semantic properties strongest in later layers (Hewitt
and Manning, 2019). The attenuation is asymmet-
ric (Figure 3, bottom): MATH-U distances remain
elevated throughout; MATH-A distances rise in
deeper layers, narrowing the gap from below rather
than above. Deeper layers do not erase the anomaly
signal but “normalise” answerable inputs toward
a generation manifold, trading geometric separa-
bility for generation readiness. For early-warning
systems, layer-2—5 activations may yield stronger
answerability classifiers than the final layer at the
cost of monitoring intermediate activations.

Geometry as a form-conditional reliability indi-
cator. The MATH AUC results (0.78-0.84 across
three models) establish that unsupervised geomet-
ric deviation is a viable pre-generation reliability
signal in settings where unanswerability disrupts
form structure. The refusal baseline can only de-
tect failure after the model has decided to refuse;
geometry operates over the full distribution of unan-
swerable inputs, including those the model does
not explicitly refuse. Cross-model geometric con-
sensus on a subset of MATH-U prompts further
suggests that the signal reflects input-level struc-
ture rather than model-specific geometry, widening
potential applicability. The self-consistency com-
parison sharpens this point: even with 5x the infer-
ence cost and post-generation access, SC achieves
AUC of only 0.30-0.62 on MATH—substantially
below geometry (0.78-0.84). The failure mode
is systematic: instruction-tuned models halluci-
nate consistently, producing the same wrong an-
swer across all five samples and thus yielding near-
zero disagreement. Geometry captures structural
anomaly before generation on these consistently-
answered prompts, where output variance is unin-
formative. Outside structurally disruptive settings,
output-level signals such as semantic entropy (Far-
quhar et al., 2024) or calibrated confidence (Kada-
vath et al., 2022) may be more informative.

Alignment shapes the geometry—behavior link.
The Llama/Qwen divergence on geometrically
anomalous prompts—identical geometry, divergent
behavior—suggests that alignment training shapes
how models respond to geometric anomaly sig-
nals rather than altering the signals themselves (Bai
et al., 2022). All three models agree geometrically
on the 19-prompt consensus set even while differ-
ing in behavioral response. Directly testing this
base-versus-instruction-tuned hypothesis remains
future work.

6 Conclusion

We show that geometric deviation from an answer-
able reference set can serve as a pre-generation
signal for answerability, particularly when unan-
swerability introduces structural inconsistencies
within a prompt’s form. Across three instruction-
tuned models, the signal yields strong separation
on MATH (ROC-AUC 0.78-0.84), no reliable sig-
nal on FACT, and large but variable effects on
CODE—a form-conditional pattern. A layer-wise
analysis localises the signal to early layers (2-5),
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suggesting answerability-related geometry is estab-
lished before the final stages of generation, with
strong cross-model consensus on which prompts
are anomalous.

The approach requires no labeled failure data,
operates prior to generation, and is consistent
across architecturally distinct models. The form-
dependence—strongest for structurally disruptive
unanswerability, weaker for open-domain fac-
tual queries—motivates combining geometric and
output-based reliability signals in future work.

7 Limitations

Scale. Sample sizes are modest by benchmark
standards (n = 50 matched pairs for MATH, n =
10 for FACT, n = 30 for CODE). FACT and CODE
AUC estimates carry high variance. The CODE
results in particular—Ilarge effect sizes but mixed
significance—suggest the phenomenon exists but
requires larger n (we estimate n 2> 80-100 pairs)
to reach conventional significance. Future work
should validate on larger matched-pair sets and
held-out benchmarks with independently verified
answerability labels.

Baselines. We compare against a refusal-
keyword proxy and a self-consistency disagreement
baseline (5 samples per prompt). SC is substan-
tially weaker than geometry on MATH (AUC 0.30-
0.62 vs. 0.78-0.84), confirming that output vari-
ance is insufficient for this failure mode. However,
stronger baselines remain untested: full semantic
entropy (Farquhar et al., 2024), which clusters se-
mantically equivalent outputs rather than surface-
identical answers, and supervised probing methods
such as PRISM (Zhang et al., 2025a) and MHAD
(Zhang et al., 2025b) require labeled training data
but may outperform our unsupervised signal on
some form-condition combinations.

Layer selection. Our main results use the last
layer for comparability with prior work. The layer-
wise analysis (Section 4.3) shows that earlier layers
(2-5) carry a stronger signal. Systematic compar-
ison of pooling strategies (last layer, early layer,
CLS token, last-token) across tasks is needed to
identify optimal representation extraction.

Annotation. Behavioral outputs (Section 4.4)
are labeled by a single annotator; inter-annotator
agreement was not measured, and Mistral behav-
ioral annotation was not performed. A follow-up
study with multiple annotators would strengthen
the geometry—behavior analysis.

Alternative explanations. Two confounds can-
not be fully excluded: (i) MATH-U and CODE-U
prompts may be lexically unusual independently of
answerability, producing out-of-distribution repre-
sentations; (ii) higher own_dist may partly reflect
greater intra-class variance rather than a system-
atic centroid shift. Controlling for perplexity is a
concrete next step.

Model and alignment scope. All three models
are in the 7-8B range; scaling behavior and the
impact of different alignment recipes (comparing
base and RLHF-tuned variants of the same model
family) remain open questions.

Probe choice. Our negative result on FACT re-
lies on a single unsupervised probe: cosine distance
to the answerable-class centroid on last-layer mean-
pooled representations. We do not evaluate whether
more sophisticated probes—e.g. PCA-projected di-
rections, learned hyperplanes, or activations pooled
from earlier layers—recover a signal on factual
unanswerability at the sample size studied. The
form-conditional pattern we report may therefore
partly reflect this probe choice rather than an in-
trinsic property of the representations. Characteris-
ing how probe complexity trades off against form-
domain coverage is left to future work.

8 Broader Impact

This work investigates whether internal represen-
tation geometry of LLLMs can serve as an unsu-
pervised reliability signal, with potential applica-
tions in hallucination detection and deployment
safety monitoring. A pre-generation signal that
fires before output is produced could complement
generation-based uncertainty methods, particularly
in latency-sensitive or safety-critical settings.

Our findings are encouraging but bounded: the
geometric signal is reliable for structurally dis-
ruptive answerability failures (mathematical unde-
fined operations, ill-typed code expressions) but not
for general factual unanswerability. Practitioners
should not deploy geometric deviation as a univer-
sal hallucination detector based on these results
alone.

The layer-wise finding—that early layers carry
stronger answerability signals than the last
layer—suggests that lightweight online monitoring
of intermediate activations could serve as a more
efficient pre-generation filter than full forward-pass
representation extraction.

We note that representation probing methods,
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including ours, could in principle be used adver-
sarially—for example, to construct prompts that
bypass geometric detection while still causing hal-
lucinations. However, the specificity of the signal
to structural form disruption limits this concern in
practice. No personal data was used in this study;
all prompts are researcher-constructed.
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A Example Matched Prompt Pairs

Tables 4 and 5 show example matched pairs for
MATH and CODE respectively.

Type Prompt

Math-A  What is 17 multiplied by 19?

Math-U  What is 17 multiplied by the current
number of moons of Jupiter?

Math-A  What is the next prime number after 297

Math-U  What is the next prime number after the
largest prime number?

Math-A  What is the value of 7 to 2 decimal
places?

Math-U  What is the value of 7 for a square?

Math-A  What is the sum of the first 10 natural
numbers?

Math-U  What is the exact sum of all natural num-
bers from 1 to infinity?

Math-A  What is the 6th Fibonacci number?

Math-U  What is the last Fibonacci number?

Math-A  What is the GCD of 24 and 36?

Math-U ~ What is the GCD of 7 and v/2?

Table 4: Example MATH matched pairs. Math-U
prompts encode ill-defined operations or extremal im-
possibilities; the sole change per pair is the undefined
element.

Type Prompt

Code-A  What does len([1, 2, 3]) return
in Python?

Code-U  What does
len(itertools.count ())
return in Python?

Code-A  What does max([3, 1, 4, 1,
5]) return in Python?

Code-U  What does max ([]) return in Python?

Code-A  What does sum([1, 2, 3, 4,
51) return in Python?

Code-U  What does
sum(itertools.count ())
return in Python?

Code-A  What does hash(42) return in
Python?

Code-U Whatdoeshash ([1, 2, 3]) return
in Python?

Code-A  What does bin (10) return in Python?

Code-U What does bin(3.14) return in

Python?

Code-A  What does divmod (10, 3) returnin
Python?

Code-U  What does divmod (10, 0) returnin
Python?

Table 5: Example CODE matched pairs. Code-U
prompts involve non-terminating computation, type er-
rors, runtime exceptions, or operations on undefined
objects. The sole change per pair is the introduction of
the ill-defined element.

363



