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Abstract

Linear probes on language-model hidden states
can predict output correctness, but it remains
unclear whether they capture transferable cor-
rectness representations. We study out-of-
distribution correctness-probe transfer across
seven datasets, four task families, and three
open-weight LLMs: Qwen3-8B, Llama-3.1-
8B, and Gemma-2-9B, with all findings val-
idated across five random seeds. Within-family
transfer is stronger than cross-family transfer
when pooled (gap 0.075 AUC), driven primar-
ily by code. Benchmarking probe weight di-
rections against both a random-direction floor
and a split-half reliability ceiling, we find that
alignment varies systematically by task fam-
ily: code-family probes on Llama reach 80% of
achievable alignment, while Qwen3’s math pair
sits at 3% despite transferring at AUC 0.698.
Predictive transfer therefore sometimes does
and sometimes does not involve reuse of a com-
mon direction, and probe directions are far less
reliably estimated than the probing literature
assumes. Comparing probes to logprob con-
fidence baselines, we find probe advantage is
concentrated in in-domain and within-family
transfer cells. We also found that early-layer
shortcuts can appear predictive in-domain but
fail cross-source Overall, correctness probes
transfer selectively rather than universally, mak-
ing them most useful in-domain and within task
families.

1 Introduction

Large language models exhibit substantial varia-
tion in correctness across domains: a model that
performs strongly on grade-school arithmetic may
perform much worse on competition mathemat-
ics, code generation, or factual recall (Zhang et al.,
2024; Ding et al., 2024; Yang et al., 2025b). Know-
ing when a model is likely to be wrong has become
essential for deployment, calibration, and down-
stream pipelines that depend on selective prediction
(Liu et al., 2025). A growing body of work suggests

that LLM hidden states encode correctness-related
information, as linear probes frequently achieve
strong in-domain discrimination when evaluated
on the same dataset used for training (Kadavath
et al., 2022; Azaria and Mitchell, 2023; Su et al.,
2024; Ji et al., 2024).

Do correctness probes learn a general represen-
tation of correctness, or dataset-specific features?
If correctness is general, probes should transfer
across math, factual QA, code, and multiple-choice
reasoning. If not, they are useful diagnostics but
limited evidence about broader epistemic represen-
tations.

Prior work has shown that LLM internal states
can predict answer correctness and, in recent work,
that question-only correctness probes can gener-
alize across some out-of-distribution knowledge
datasets (Moreno Cencerrado et al., 2025; Zhang
et al., 2025). However, to our knowledge, no prior
work has constructed full source-target transfer ma-
trices of response-level correctness probes span-
ning mathematical reasoning, multiple-choice rea-
soning, code synthesis, and factual recall across
multiple open-weight model families.

This paper systematically studies out-of-
distribution probe transfer across seven datasets
and four task families: mathematical reasoning
(GSM8K, MATH-500), multiple-choice reasoning
(MMLU-Pro), code synthesis (MBPP-test, MBPP-
train, HumanEval), and factual recall (TriviaQA).
Using three open-weight instruction-tuned models
from different families—Qwen3-8B, Llama-3.1-
8B, and Gemma-2-9B—we train a linear probe
for each source dataset and evaluate AUC on ev-
ery target dataset, producing a 7×7 transfer matrix
for each model. We further analyze probe direc-
tion similarity, logprob-based baselines, per-layer
trajectories, and multi-seed stability. Our contribu-
tions are:

• Transfer matrices. We construct systematic
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source-target transfer matrices for response-
level correctness probes across multiple open-
weight LLM families and task domains, show-
ing that correctness-predictive information is
linearly accessible across all evaluated set-
tings.

• Within-task vs. cross-task transfer. We
show that probe transfer is consistently
stronger within task families than across
them, with the clearest pattern emerging in
code, where transfer among coding datasets is
substantially stronger than code-to-non-code
transfer.

• Model-dependent math asymmetry. Trans-
fer between grade-school and competition-
style mathematics is strongly asymmetric, and
the direction of the asymmetry reverses across
models—from +0.361 on Gemma to −0.091
on Qwen3. Task similarity therefore does not
determine transfer direction; per-model mea-
surement is required.

• Orthogonal probe directions despite trans-
fer. We show that predictive transfer often
occurs despite weak alignment of probe direc-
tions in weight space, suggesting that correct-
ness probes do not encode a single universal
correctness direction.

• Calibrated probe-direction alignment.
Bounding probe cosines with random nulls
and split-half reliability ceilings reveals
task-dependent alignment. Llama’s code
probes reach 80% of achievable alignment,
while Qwen3’s math pair reaches just 3%,
demonstrating that transfer does not require
shared directions. Furthermore, low overall
reliability ceilings (0.19–0.61) indicate that
uncorrected cosine comparisons in probing
literature are systematically attenuated.

2 Related Work

Probing language model representations. Prob-
ing is widely used to analyze what information is
encoded in neural language model hidden states.
(Alain and Bengio, 2016; Hewitt and Manning,
2019; Tenney et al., 2019; Jawahar et al., 2019).
High probe accuracy does not imply that the model
robustly represents the target concept, since probe
capacity, dataset artifacts, and control-task perfor-
mance can affect results (Hewitt and Liang, 2019;

Dataset Family N

GSM8K Math 1000
MATH-500 Math 500
MMLU-Pro MC 1000
MBPP-test Code 257
MBPP-train Code 120
HumanEval Code 164
TriviaQA Factual 1000

Table 1: Datasets and task families. MC denotes
multiple-choice; full descriptions, citations, and grading
details are in Appendix D.

Pimentel et al., 2020; Voita and Titov, 2020; Be-
linkov, 2022).

Correctness and reliability probes. Recent
work reveals LLM internal states contain signals
related to correctness, truthfulness, hallucination
risk, and self-verification (Kadavath et al., 2022;
Azaria and Mitchell, 2023; Su et al., 2024; Ji et al.,
2024; Zhang et al., 2025). Closest to our work,
Moreno Cencerrado et al. (2025) train question-
only probes before generation and find transfer
across knowledge datasets, but weaker generaliza-
tion on mathematical reasoning.

Out-of-distribution transfer and representation
geometry. Prior work shows that representations
become less transferable as task distance increases
and features become more specialized (Yosinski
et al., 2014; Mou et al., 2016; Liu et al., 2019).
This motivates our analysis of whether correctness
probes trained on different datasets learn aligned
weight directions (Kornblith et al., 2019; Hewitt
and Manning, 2019).

Confidence baselines. Confidence can also be
estimated without hidden-state probing, using ver-
balized confidence, log probabilities, entropy, se-
mantic uncertainty, or self-evaluation (Lin et al.,
2022; Tian et al., 2023; Kuhn et al., 2023; Farquhar
et al., 2024; Geng et al., 2024).

3 Experimental Setup

3.1 Models
We evaluate three open-weight instruction-tuned
decoder-only models from different families:
Qwen3-8B (Yang et al., 2025a), Llama-3.1-8B-
Instruct (Grattafiori et al., 2024), and Gemma-2-
9B-it (Team et al., 2024). These models are chosen
to provide architectural and training-data diversity
within a comparable 7–9B parameter range. We
use each model in standard inference mode with its
default chat template and without system-prompt
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modification. All generations use greedy decoding
(do_sample=False) with a maximum of 2048 new
tokens. Model architecture details and Hugging-
Face identifiers are reported with the reproducibil-
ity details in Appendix I.

3.2 Datasets
We evaluate transfer across seven datasets span-
ning four task families, as summarized in Ta-
ble 1. MBPP-test, MBPP-train, and HumanEval
use their full available splits; the remaining datasets
use 500 or 1000 sampled test examples with
random_state=42. Math and code include within-
family pairs for transfer analysis, while MMLU-
Pro and TriviaQA are singleton families. Dataset
accuracy and correctness-label balance for each
model-dataset pair are reported in Appendix D.

3.3 Prompts and Generation
Each dataset uses a tailored prompt format with
an explicit output anchor to support determinis-
tic answer extraction. GSM8K asks the model
to solve step by step and end with “Final An-
swer:”; MATH-500 asks for a final answer in
\boxed{...}; MMLU-Pro asks for reasoning fol-
lowed by “Answer:”; MBPP-test and MBPP-train
ask for only Python code in a Python block; Hu-
manEval uses the same code prompt while preserv-
ing the required function signature; and TriviaQA
asks for a final answer after the same “Final An-
swer:” anchor. All generations use greedy decod-
ing (do_sample=False) with a maximum of 2048
new tokens. Full prompt templates are provided in
Appendix F.

3.4 Correctness Labeling
Each generated answer is graded using dataset-
specific automatic evaluators. Math tasks use multi-
pattern answer extraction with symbolic equiva-
lence checking when possible; MMLU-Pro uses
constrained letter parsing; code tasks execute gen-
erated functions against unit tests in a sandboxed
temporary directory with a 10-second timeout; and
TriviaQA uses normalized alias matching against
all provided answer aliases. To reduce the effect of
remaining label noise or imbalance, probe training
uses stratified cross-validation and class-balanced
logistic regression. Additional labeling details, in-
cluding answer extraction and code-execution rules,
are provided in Appendix G.

4 Methodology

4.1 Probe Architecture and Training
For each model-dataset pair, we train a binary logis-
tic regression probe on hidden states from a single
layer. The probe predicts the probability that the
model’s generated answer is correct:

fθ(h) = σ(w⊤h+ b), (1)

where h ∈ Rd is a hidden state, w ∈ Rd and
b ∈ R are learned parameters, σ is the sigmoid
function, and d is the model’s hidden dimension.
We train using scikit-learn’s LogisticRegression
with class_weight=’balanced’ to account for
class imbalance across datasets, C=1.0 for L2 reg-
ularization, and max_iter=2000. We use 5-fold
stratified cross-validation with random_state=42,
reporting mean AUC across folds. Each probe
is trained on hidden states from a single layer
per dataset, with layer selection described in Sec-
tion 4.3.

4.2 Hidden State Extraction
We extract hidden states with a generate-then-
replay procedure. First, the model generates up
to 2048 tokens with greedy decoding while we
record token-level log probabilities and entropies
for baselines (Section 4.6); hidden states are not
stored. Second, we replay the concatenated prompt
and generation in a single forward pass with
output_hidden_states=True.

From each layer, we extract four positions: end
of question, middle of generation, pre-answer
marker, and final generated token. If no answer
marker is found, the pre-answer position falls back
to the penultimate generated token. All reported
results use the pre-answer-marker position. Hid-
den states are stored as float16, and layer indices
refer to transformer block outputs excluding the
embedding layer.

4.3 Layer Selection
We first selected probe layers by unconstrained
cross-validation, which produced a Qwen3-8B
anomaly: MATH-500 selected layer 2 despite other
datasets peaking at layers 20–29. Cross-source
probes at MATH-500 layer 2 often fell below
chance. This suggests a dataset-specific shortcut
rather than transferable correctness signal.

We therefore constrain best-layer selection to the
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Figure 1: Experimental pipeline used to construct the transfer matrices and auxiliary analyses.

upper half of each network:

ℓ∗(D) = arg max
ℓ∈{⌊L/2⌋,...,L}

AUCCV(D, ℓ), (2)

where L is the number of layers and AUCCV(D, ℓ)
is 5-fold cross-validated AUC for dataset D at layer
ℓ. This shifts Qwen3-8B MATH-500 from layer 2
to 29 with only a 0.009 AUC drop. Transfer uses
dataset-specific constrained best layers; direction
similarity uses shared cosine layers selected under
the same constraint (Appendix B, Table B1).

4.4 Transfer Matrix Construction
For each model M and ordered pair of source and
target datasets (S, T ), we train a probe on source-
dataset activations at the source’s constrained best
layer ℓ∗(S), then evaluate that probe on target-
dataset activations at the same layer:

MM[S, T ] = AUC
(
fθS

(
H

(ℓ∗(S))
T

)
,yT

)
, (3)

where θS are probe parameters fitted on S , H(ℓ∗(S))
T

are target-dataset hidden states at layer ℓ∗(S), and
yT are target-dataset correctness labels. For di-
agonal cells where S = T , we report the 5-fold
cross-validated AUC from Section 4.1 rather than
evaluating the probe on its own training data. This
yields a 7× 7 transfer matrix MM per model. We
average matrices across the three models to pro-
duce a cross-model transfer matrix.

4.5 Direction Similarity
To compare probe geometry, we compute cosine
similarity between probe weight vectors. Since
probes trained at different layers live in different

representation spaces, we train an additional set
of probes at a model-specific shared layer: 26
for Qwen3-8B, 16 for Llama-3.1-8B, and 41 for
Gemma-2-9B. For probes with weights wA and
wB, we compute:

cos(wA,wB) =
w⊤

AwB
∥wA∥2∥wB∥2

. (4)

We calibrate observed cosines against two refer-
ences. The lower reference is a random-direction
null: the cosine between two independent random
unit vectors in Rd has standard deviation 1/

√
d

rather than exactly zero, so we report z = c
√
d

with Benjamini–Hochberg control across all 63 off-
diagonal pairs. The upper reference is a split-half
reliability ceiling: we fit probes on stratified halves
of each dataset and take the median cosine between
them, bounding the alignment any probe pair can
show. Cross-dataset cosines are reported as a frac-
tion of the geometric mean of the two relevant
ceilings (Appendix K).

4.6 Baselines
We compare probe-based correctness predictions to
four target-dataset logprob baselines derived from
generation-time statistics (Section 4.2): mean log
probability across generated tokens, log probability
of the final generated token, mean entropy across
generated tokens, and maximum entropy across
generated tokens. For the entropy baselines, we re-
port AUC of the negated entropy, as higher entropy
corresponds to lower expected correctness. For
each cell (S, T ) in the transfer matrix, we compute
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Figure 2: Averaged 7×7 probe transfer matrix. Rows
are source datasets, columns are target datasets, and
cells report mean AUC.

Dataset Qwen3 Llama Gemma Avg.

GSM8K 0.770 0.827 0.818 0.805

MATH-500 0.852 0.849 0.850 0.850

MMLU-Pro 0.791 0.788 0.750 0.776

MBPP-test 0.796 0.798 0.808 0.801

MBPP-train 0.743 0.696 0.789 0.743

HumanEval 0.640 0.729 0.707 0.692

TriviaQA 0.842 0.945 0.818 0.868

Table 2: In-domain probe AUCs at constrained best
layers. Values report 5-fold cross-validated AUC for
probes trained and evaluated on the same dataset.

the probe-vs-baseline gap:

∆M[S, T ] = MM[S, T ]−max
b

AUC(b,yT ),

(5)
where the maximum is taken over the four baselines
b. Positive values indicate the probe outperforms
the best target-side baseline; negative values indi-
cate the baseline outperforms the probe.

4.7 Multi-Seed Robustness
We repeat probe training and evaluation with five
seeds {42, 7, 13, 100, 0}, each controlling cross-
validation splits and probe initialization. We report
the per-cell mean and standard deviation across
seeds. For each seed and model, we also compute
the within-versus-cross-family gap (mean within-
family minus mean cross-family off-diagonal AUC)
and report its mean and standard error across seeds,
alongside within-family means reported separately
for math and code.

5 Results

5.1 In-Domain Probe Performance
Linear probes extract above-chance correctness sig-
nals across all evaluated model-dataset combina-
tions. In-domain AUCs in the averaged transfer
matrix range from 0.692 on HumanEval to 0.868
on TriviaQA, with mean 0.791 across the seven
datasets. In the averaged matrix, all diagonal AUCs
exceed 0.69, confirming that correctness-relevant
information is linearly accessible in hidden states
across task domains (Table 2).

5.2 Cross-Dataset Transfer Patterns

Group Mean AUC Std. Min Max Count

Cross-family 0.609 0.047 0.507 0.684 34
Diagonal 0.791 0.061 0.692 0.868 7
Within-family 0.684 0.073 0.584 0.778 8

Table 3: Within-family versus cross-family transfer sum-
mary.

Figure 2 shows the averaged 7×7 transfer matrix
across the three models. Off-diagonal cells span
a wide range (0.51–0.78), with mean 0.62. We
observe several structural patterns.

Within-family transfer is consistently stronger
than cross-family transfer. In the averaged 7×7
matrix, within-family off-diagonal cells have mean
AUC 0.684, compared to 0.609 for cross-family
off-diagonal cells, a gap of 0.075 (Table 3). This
pattern is consistent in sign across all three models.
Across five seeds, the per-model gap ranges from
0.061 to 0.086 with standard error 0.004–0.005, so
the effect is not driven by seed selection.

Code within-family transfer is the cleanest
pattern. Pairwise transfer among MBPP-test,
MBPP-train, and HumanEval averages 0.667 on
Qwen3, 0.730 on Llama, and 0.671 on Gemma,
compared to code-to-non-code transfer of 0.604,
0.627, and 0.557, respectively. The code-family
within-vs-cross gap is 0.063 for Qwen3, 0.103 for
Llama, and 0.114 for Gemma.

Math within-family transfer is highly
asymmetric. The direction of the asym-
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Figure 3: Probe direction cosine similarity matrices. Cells report pairwise cosine similarity between probe weight
vectors trained at each model’s shared cosine layer.

metry varies across models. We de-
fine asymmetry as AUC(MATH-500 →
GSM8K) − AUC(GSM8K → MATH-500),
so positive values indicate stronger transfer
from competition to grade-school mathematics.
On Llama and Gemma, MATH-500-trained
probes transfer better to GSM8K than the reverse
direction: AUCs of 0.766 versus 0.577 on Llama
(asymmetry +0.189), and 0.768 versus 0.407 on
Gemma (asymmetry +0.361). On Qwen3, the
asymmetry reverses: GSM8K-trained probes
transfer to MATH-500 at 0.789, while MATH-
500-trained probes transfer to GSM8K at 0.698
(asymmetry −0.091). The direction of asymmetry
thus depends on the model rather than being a
universal property. Averaged over both directions
and five seeds, math within-family transfer exceeds
cross-family transfer on Qwen3 and Llama but not
on Gemma, where the within-family advantage is
carried entirely by code.

Below-chance transfer appears in some individ-
ual model cells. This is especially visible for
cells involving Gemma and MATH-500 as the tar-
get. These cells suggest that source-trained probes
can become anti-predictive on certain target dis-
tributions, although the effect disappears in the
averaged matrix.

5.3 Probe Direction Similarity
At each model’s shared cosine layer we compute
pairwise cosine similarities between probe weight
vectors and calibrate them against the floor and ceil-
ing of Section 4.5 (Figure 3). Of 63 off-diagonal
pairs, 25 exceed the random-direction floor, and
alignment is stronger within task families than
across them, mirroring the within-family advan-
tage in predictive transfer.

Reliability ceilings are low (0.19–0.61), so
raw cosines are substantially attenuated. Cor-
rected alignment varies sharply: Llama’s code pair
reaches 80% of ceiling, Gemma’s 23%; math pairs
reach 18% on Llama and 3% on Qwen3. Full statis-
tics and a Spearman–Brown sensitivity analysis are
in Appendix K.

Qwen3-8B. All 21 off-diagonal cosines fall in
[−0.029, 0.086]. The largest within-family value is
0.086 (MBPP-test ↔ MBPP-train); within-family
math (GSM8K ↔ MATH-500) is only 0.016.
MBPP-test ↔ MBPP-train clears the noise floor
(z = 5.53), reaching 34% of its reliability ceiling.
The math pair at 0.016 is indistinguishable from
chance (z = 1.02) and 3% of ceiling; 18 of 21
pairs are statistically random.

Llama-3.1-8B. Off-diagonal cosines range from
−0.019 to 0.252. The code family shows the clear-
est alignment: MBPP-test ↔ MBPP-train cosine
0.252, MBPP-test ↔ HumanEval cosine 0.157,
and MBPP-train ↔ HumanEval cosine 0.112. The
math pair (GSM8K ↔ MATH-500) is 0.101, while
most remaining within- and cross-family pairs are
near 0.10 or below. All four within-family pairs
clear the floor, as do 11 of 17 cross-family pairs
— the highest cross-family rate of the three mod-
els, which may indicate either a shared component
in Llama’s probes or greater activation anisotropy
(Section 6.2).

Gemma-2-9B. Off-diagonal cosines range from
−0.045 to 0.077. Three within-family pairs clear
the noise floor: MBPP-train ↔ HumanEval (0.077,
z = 4.61), MBPP-test ↔ MBPP-train (0.062,
z = 3.73), and GSM8K ↔ MATH-500 (0.042,
z = 2.49). Corrected for reliability, MBPP-
test ↔ MBPP-train reaches 23% of its ceiling.
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Summary type Model Average gap Max gap Cells with gaps ≥ 0.05 Valid cells

Overall All -0.0872 0.1332 14 147
Per-model Gemma -0.0973 0.1332 6 49
Per-model Llama -0.0740 0.1191 4 49
Per-model Qwen3 -0.0902 0.1329 4 49

Table 4: Probe versus baseline gap summary. Gap = probe AUC − best logprob baseline AUC; values ≥ 0.05 favor
probes. Full table in Appendix C.

Overall, predictive transfer can occur even when
probe weight vectors are nearly orthogonal. For ex-
ample, MATH-500 → GSM8K on Llama achieves
AUC 0.766 despite cosine similarity of only 0.101.
This suggests that predictive transfer and weight-
space alignment are partially decoupled.

5.4 Comparison to Logprob Baselines
We compute the gap between probe AUC and the
best target-side logprob baseline for each cell of
the transfer matrix. Across all 147 cells, the aver-
age gap is −0.087 (Table 4), with per-model av-
erages ranging from −0.074 (Llama) to −0.097
(Gemma).

The cells where probes outperform baselines
show a clear structure. Probes exceed the best base-
line by at least 0.05 AUC in 14 cells, concentrated
in diagonal (in-domain) settings and within-family
transfer. Notable examples include in-domain
GSM8K and MMLU-Pro across all three mod-
els, code-family transfer such as Qwen3 MBPP-
train → MBPP-test (+0.122), Qwen3 MBPP-test
→ MBPP-train (+0.091), and Gemma MBPP-train
→ MBPP-test (+0.096), and math transfer from
MATH-500 → GSM8K on Llama (+0.058) and
Gemma (+0.078). Most cross-family cells, by con-
trast, fall below their corresponding target-side
baselines, reinforcing that probe advantages are
concentrated in-domain and within task families.

5.5 Layer-Wise Trajectories
Figure 4 shows the per-layer in-domain AUC tra-
jectory for each model-dataset pair. Three distinct
patterns emerge.
Late-layer emergence. GSM8K, MMLU-Pro,
MBPP-test, HumanEval, and TriviaQA exhibit late-
layer emergence on most models. AUC rises from
near chance at early layers to peak performance
at the layer ranges identified as constrained best
layers in Section 4.3.
Wide-plateau pattern. MATH-500 shows a wide
plateau across all three models. MATH-500 in-
domain AUC sits between 0.79 and 0.87 from layer

0 onward and remains roughly stable across the
network. This pattern motivated the cross-source
ablation in Section 4.3 that identified the input-
difficulty confound at Qwen3 layer 2.
Late-layer steep emergence. MBPP-train ex-
hibits late-layer steep emergence. Across all three
models, MBPP-train in-domain AUC remains near
chance through early and middle layers, then rises
sharply in late layers. This pattern likely reflects
the dataset’s small sample size (N = 120) and
class imbalance: probes require deep, compressed
representations to extract signal from limited data.

5.6 Multi-Seed Stability
Transfer estimates are stable across five random
seeds {42, 7, 13, 100, 0}. Average per-cell stan-
dard deviation is approximately 0.02 AUC across
all three models, with the largest variance concen-
trated in cells involving MBPP-train, consistent
with its small sample size. Full multi-seed statis-
tics are reported in Appendix H.

6 Analysis

6.1 Transfer is Selective and
Model-Dependent

The within-family advantage suggests that correct-
ness signals are not fully domain-general. Instead,
probes appear to transfer best when the source and
target tasks share output structure, evaluation cri-
teria, or reasoning format. This is clearest in code
generation, where unit-test correctness, syntactic
validity, and function-level completion create simi-
lar failure modes across MBPP-test, MBPP-train,
and HumanEval. The fact that this transfer occurs
even without aligned probe directions (Section 6.2)
suggests that related tasks can share predictive in-
formation without relying on a single common cor-
rectness direction.

Math transfer is less uniform, which shows
that task family alone does not determine transfer.
Llama and Gemma transfer better from MATH-
500 to GSM8K, while Qwen3 shows the reverse.
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Figure 4: Per-layer in-domain probe AUC trajectories. Each panel shows in-domain probe AUC by layer for one
model.

The reversal itself is the informative result: mod-
els trained on different data organize math correct-
ness differently enough that the same dataset pair
transfers in opposite directions. Source accuracy,
class balance, and representational organization are
each consistent with the three observations, and
separating them requires either more models or a
controlled manipulation on a fixed model — a di-
rection we outline in Limitations. What the reversal
establishes is that task similarity alone is insuffi-
cient to predict transfer direction. Averaged trans-
fer matrices reveal robust trends, but per-model
behavior remains necessary for interpreting probe
reliability. These model-specific patterns are par-
tially hidden by cross-model averaging: Qwen3’s
reverse math asymmetry offsets the MATH-500
→ GSM8K asymmetry observed in Llama and
Gemma, while Llama’s code-direction alignment
is weakened by weaker alignment in Qwen3 and
Gemma.

6.2 When Transfer Reuses a Direction, and
When It Does Not

Whether predictive transfer involves reuse of a
shared direction depends on the task family and the
model. The clearest case of decoupling is Qwen3
math: MATH-500 → GSM8K achieves transfer
AUC 0.698 at a cosine of 0.016, which is indistin-
guishable from two random directions (z = 1.02)
and 3% of the reliability ceiling for that pair. Trans-
fer here cannot be attributed to a shared weight
direction.

Llama’s code family is the opposite case. MBPP-
test ↔ MBPP-train reaches 80% of its reliability
ceiling, so within that block the probes are aligned
to nearly the extent that finite-sample estimation
permits, and transfer plausibly does reflect a com-

mon direction. The intermediate cases—Qwen3
code at 34%, Gemma code at 23%, Llama math at
18%—indicate a graded rather than binary picture.

The low ceilings are themselves consequential.
A probe whose two half-sample estimates agree
at cosine 0.19 (Qwen3 MBPP-train) barely deter-
mines a direction at all, so geometric claims resting
on datasets of this size should be treated as pro-
visional. This also means that cosine similarities
reported without a reliability correction, understate
alignment by a factor that varies with sample size.

Llama also shows above-floor alignment in 11
of 17 cross-family pairs, against 2 for Qwen3 and 4
for Gemma. This is consistent with either a shared
correctness component in Llama’s probes or greater
anisotropy in its activation space; distinguishing the
two requires a null that holds activation geometry
fixed, such as probes fitted to permuted correctness
labels.

Several mechanisms could explain transfer de-
spite near-orthogonal directions. Correctness may
be encoded in a shared low-dimensional subspace
while dataset-specific components dominate the
full probe vector, reducing cosine similarity. Alter-
natively, correctness may be distributed across mul-
tiple directions, allowing probes trained on differ-
ent datasets to extract overlapping but non-identical
signals.

The key distinction is between predictive trans-
fer and geometric identity. A probe may generalize
to a target dataset because its decision boundary
captures some transferable feature, but this does
not mean its full weight vector aligns with probes
trained on that target. Thus, transfer AUC alone is
insufficient evidence for a shared correctness direc-
tion; geometric claims require direct alignment or
subspace analyses.
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6.3 Probes Beat Baselines Where Task
Structure is Shared

Recall that probes exceed baselines by at least 0.05
AUC mainly in in-domain and within-family trans-
fer cells (Section 5.4). Cross-family cells almost
universally lose to the strongest target-side logprob
baseline, showing that hidden-state probes should
not be treated as universal correctness detectors.

The pattern is still informative: probes add value
when source and target share task structure. In-
domain gains are expected because the probe is
trained on the target distribution, but within-family
transfer, especially in code, suggests that probes
capture task-family-specific correctness features
not fully summarized by token-level confidence.

For broad cross-domain deployment, probe-
based correctness detection should therefore be
benchmarked against target-side confidence base-
lines rather than assumed to improve reliability by
default.

6.4 The Layer-2 MATH-500 Confound is
Model-Specific

The layer-2 anomaly appears specific to Qwen3-8B.
On Llama-3.1-8B and Gemma-2-9B, MATH-500’s
best layer already falls in the upper half of the
network, while Qwen3 shifts from layer 2 to layer
29 under the late-layer constraint. We therefore
treat the Qwen3 layer-2 result as a model-specific
layer-selection confound rather than a universal
property of MATH-500 probing (Appendix B.1).

This layer-2 result behaves like an input-
distribution confound: several source probes evalu-
ated on MATH-500 layer-2 activations fall below
chance, while layer 29 restores above-chance trans-
fer for most sources with only a 0.009 in-domain
AUC drop. TriviaQA is the main exception, per-
forming better at layer 2 than layer 29. Overall,
this suggests that early layers can capture dataset-
specific shortcut features rather than transferable
correctness signals.

Future probing studies should either apply a sim-
ilar late-layer constraint or verify that cross-source
probes remain above chance at the selected layer.

7 Conclusion

We study out-of-distribution transfer of response-
level correctness probes across three open-weight
LLM families, seven datasets, and four task fam-
ilies. Three findings emerge. First, within-family
transfer is stronger than cross-family transfer, with

a 0.075 AUC gap and the clearest pattern in code
generation. Second, whether predictive transfer
involves reuse of a shared weight direction varies
by model and task family — from 80% of achiev-
able alignment within Llama’s code family to 3%
for Qwen3’s math pair — indicating that correct-
ness is not encoded along a single canonical di-
rection. Third, probes outperform logprob base-
lines mainly in in-domain and within-family set-
tings, while cross-family probes typically lose to
target-side confidence measures. We also iden-
tify a layer-selection confound in which early-layer
shortcuts can appear predictive in-domain but fail
cross-source.

These results suggest that correctness probes
should be used as domain-sensitive reliability tools
rather than universal correctness detectors. Prac-
tically, a probe trained on one domain should
not be deployed as a correctness detector for an-
other domain, such as code or factual QA, without
target-domain validation. However, probes can add
value when source and target share structure, espe-
cially within code generation. Future work should
test whether alignment can be encouraged during
probe training, whether these patterns hold at larger
scales, and whether step-level correctness signals
transfer differently from response-level signals.

8 Limitations

Several limitations qualify our findings. Many of
these limitations reflect the compute and budget
constraints of running a systematic transfer study
across multiple models, datasets, layers, and ran-
dom seeds.

Model scale. We evaluate three open-weight
models in the 7–9B parameter range. Larger mod-
els may organize correctness signals differently, so
the orthogonality finding and within-family trans-
fer pattern may not hold unchanged at larger scales.
Extending the study to 70B+ models would require
substantially more compute.

Random seeds. Our primary transfer matrices
use seed 42, with multi-seed validation reported in
Appendix H. Although average per-cell variance
is low, cells near the cross-family/within-family
boundary may be more sensitive to random vari-
ation. A larger seed sweep would strengthen the
robustness analysis but would multiply the cost of
probe training and evaluation.

Singleton task families. MMLU-Pro and Triv-
iaQA are singleton families in our dataset selec-
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tion, so we cannot directly assess within-family
transfer for multiple-choice reasoning or factual
recall. Adding more datasets per family would im-
prove coverage but would also require additional
generation, grading, hidden-state extraction, and
transfer-matrix evaluation.

Small MBPP-train sample. MBPP-train has
only 120 examples and class imbalance. Cells in-
volving MBPP-train as source or target therefore
show higher variance and should be interpreted
cautiously.

Response-level correctness only. Our probes tar-
get binary response-level correctness. Step-level
correctness signals, intermediate reasoning trajecto-
ries, and partial-correctness measures may exhibit
different transfer behavior. Studying these alter-
natives would require more detailed annotation or
process-level grading.

Greedy decoding. All generations use greedy de-
coding with one sample per question. Multi-sample
or temperature-varied generation may produce dif-
ferent probe behavior, but would substantially in-
crease the number of generations and hidden-state
replays.

English-only datasets. All seven datasets are
English, so cross-lingual transfer of correctness
probes remains untested. Extending to multilingual
datasets is an important direction for future work.

Correlational analysis. Our analysis is correla-
tional. We do not perform causal interventions,
such as probe-direction ablation or steering, to test
whether probe directions are functionally tied to
correctness.

9 Ethical Considerations

Our work studies whether linear probes on LLM
hidden states can predict response correctness.
Probes have potential downstream applications in-
cluding selective prediction, calibration, and re-
liability detection. Our finding that probes are
domain-sensitive and do not encode a universal
correctness direction has practical implications: de-
ploying probes as general-purpose correctness de-
tectors without domain-specific validation could
produce miscalibrated reliability estimates and lead
users to trust model outputs in settings where the
probe has not been validated. We caution against
treating probe AUCs from one domain as evidence
of reliable correctness detection in another, particu-
larly across task families.
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A Per-Model 7×7 Transfer Matrices

Qwen3-8B

Llama-3.1-8B

Gemma-2-9B

Figure A1: Per-model 7×7 probe transfer matrices.
Rows indicate source datasets used to train probes,
columns indicate target datasets used for evaluation,
and cells report AUC for each model.

B Best Layers and Shared Layers

The constrained best layer selected for each model-
dataset pair and the shared layer used for cosine-
similarity analysis. Constrained layers are selected

from the upper half of each model’s transformer
blocks.

Model Dataset Best Shared

Qwen3-8B GSM8K 24 26
Qwen3-8B MATH-500 29 26
Qwen3-8B MMLU-Pro 24 26
Qwen3-8B MBPP-test 25 26
Qwen3-8B MBPP-train 24 26
Qwen3-8B HumanEval 27 26
Qwen3-8B TriviaQA 20 26

Llama-3.1-8B GSM8K 18 16
Llama-3.1-8B MATH-500 16 16
Llama-3.1-8B MMLU-Pro 30 16
Llama-3.1-8B MBPP-test 18 16
Llama-3.1-8B MBPP-train 30 16
Llama-3.1-8B HumanEval 30 16
Llama-3.1-8B TriviaQA 19 16

Gemma-2-9B GSM8K 41 41
Gemma-2-9B MATH-500 26 41
Gemma-2-9B MMLU-Pro 21 41
Gemma-2-9B MBPP-test 41 41
Gemma-2-9B MBPP-train 36 41
Gemma-2-9B HumanEval 41 41
Gemma-2-9B TriviaQA 34 41

Table B1: Constrained best layers and shared cosine
layers.

B.1 Qwen3 MATH-500 Layer-2 Diagnostic
For Qwen3-8B with MATH-500 as the target, we
compare transfer from each non-MATH-500 source
at the unconstrained MATH-500 layer 2 and the
constrained MATH-500 layer 29. The layer-2 set-
ting is often anti-predictive or weak under cross-
source transfer, while the constrained late layer
recovers stronger transfer for most sources.

Source Source best layer AUC @ layer 2 AUC @ layer 29

GSM8K 24 0.280 0.789
MMLU-Pro 24 0.442 0.787
MBPP-test 25 0.606 0.753
MBPP-train 24 0.318 0.545
HumanEval 27 0.341 0.772
TriviaQA 20 0.677 0.422

Table B2: Qwen3-8B MATH-500 layer-2 diagnostic.
AUCs compare transfer to the MATH-500 target when
evaluated at MATH-500 layer 2 versus the constrained
MATH-500 layer 29.

C Probe-vs-Baseline Results

For each source-target-model cell, we compare
probe AUC against the strongest target-side log-
prob baseline. The gap is defined as probe AUC
minus best baseline AUC.

D Dataset Accuracy and Class Balance

Model accuracy and correctness-label balance for
each dataset.
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Source Target Probe AUC Best baseline Baseline AUC Gap Beat ≥ 0.05

GSM8K GSM8K 0.770 mean_ent 0.739 0.031 No
GSM8K MATH-500 0.789 max_ent 0.827 -0.038 No
GSM8K MMLU-Pro 0.715 max_ent 0.754 -0.038 No
GSM8K MBPP-test 0.573 max_ent 0.663 -0.090 No
GSM8K MBPP-train 0.620 mean_ent 0.726 -0.106 No
GSM8K HumanEval 0.534 min_logp 0.597 -0.064 No
GSM8K TriviaQA 0.642 max_ent 0.810 -0.169 No
MATH-500 GSM8K 0.698 mean_ent 0.739 -0.041 No
MATH-500 MATH-500 0.852 max_ent 0.827 0.025 No
MATH-500 MMLU-Pro 0.580 max_ent 0.754 -0.173 No
MATH-500 MBPP-test 0.594 max_ent 0.663 -0.068 No
MATH-500 MBPP-train 0.615 mean_ent 0.726 -0.112 No
MATH-500 HumanEval 0.528 min_logp 0.597 -0.069 No
MATH-500 TriviaQA 0.614 max_ent 0.810 -0.197 No
MMLU-Pro GSM8K 0.728 mean_ent 0.739 -0.011 No
MMLU-Pro MATH-500 0.787 max_ent 0.827 -0.040 No
MMLU-Pro MMLU-Pro 0.791 max_ent 0.754 0.037 No
MMLU-Pro MBPP-test 0.723 max_ent 0.663 0.061 Yes
MMLU-Pro MBPP-train 0.648 mean_ent 0.726 -0.078 No
MMLU-Pro HumanEval 0.634 min_logp 0.597 0.037 No
MMLU-Pro TriviaQA 0.566 max_ent 0.810 -0.244 No
MBPP-test GSM8K 0.485 mean_ent 0.739 -0.254 No
MBPP-test MATH-500 0.753 max_ent 0.827 -0.074 No
MBPP-test MMLU-Pro 0.575 max_ent 0.754 -0.179 No
MBPP-test MBPP-test 0.796 max_ent 0.663 0.133 Yes
MBPP-test MBPP-train 0.817 mean_ent 0.726 0.091 Yes
MBPP-test HumanEval 0.504 min_logp 0.597 -0.093 No
MBPP-test TriviaQA 0.618 max_ent 0.810 -0.192 No
MBPP-train GSM8K 0.604 mean_ent 0.739 -0.135 No
MBPP-train MATH-500 0.545 max_ent 0.827 -0.283 No
MBPP-train MMLU-Pro 0.529 max_ent 0.754 -0.225 No
MBPP-train MBPP-test 0.785 max_ent 0.663 0.122 Yes
MBPP-train MBPP-train 0.743 mean_ent 0.726 0.016 No
MBPP-train HumanEval 0.630 min_logp 0.597 0.032 No
MBPP-train TriviaQA 0.626 max_ent 0.810 -0.184 No
HumanEval GSM8K 0.633 mean_ent 0.739 -0.107 No
HumanEval MATH-500 0.772 max_ent 0.827 -0.055 No
HumanEval MMLU-Pro 0.545 max_ent 0.754 -0.209 No
HumanEval MBPP-test 0.636 max_ent 0.663 -0.027 No
HumanEval MBPP-train 0.632 mean_ent 0.726 -0.094 No
HumanEval HumanEval 0.640 min_logp 0.597 0.043 No
HumanEval TriviaQA 0.562 max_ent 0.810 -0.248 No
TriviaQA GSM8K 0.697 mean_ent 0.739 -0.043 No
TriviaQA MATH-500 0.422 max_ent 0.827 -0.405 No
TriviaQA MMLU-Pro 0.554 max_ent 0.754 -0.199 No
TriviaQA MBPP-test 0.487 max_ent 0.663 -0.176 No
TriviaQA MBPP-train 0.516 mean_ent 0.726 -0.211 No
TriviaQA HumanEval 0.448 min_logp 0.597 -0.149 No
TriviaQA TriviaQA 0.842 max_ent 0.810 0.032 No

Table C1: Qwen3-8B probe-vs-baseline results.
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Source Target Probe AUC Best baseline Baseline AUC Gap Beat ≥ 0.05

GSM8K GSM8K 0.827 max_ent 0.708 0.119 Yes
GSM8K MATH-500 0.577 max_ent 0.810 -0.233 No
GSM8K MMLU-Pro 0.608 max_ent 0.692 -0.083 No
GSM8K MBPP-test 0.705 max_ent 0.757 -0.052 No
GSM8K MBPP-train 0.742 mean_ent 0.726 0.015 No
GSM8K HumanEval 0.664 mean_logp 0.691 -0.027 No
GSM8K TriviaQA 0.869 final_logp 0.909 -0.040 No
MATH-500 GSM8K 0.766 max_ent 0.708 0.058 Yes
MATH-500 MATH-500 0.849 max_ent 0.810 0.040 No
MATH-500 MMLU-Pro 0.794 max_ent 0.692 0.103 Yes
MATH-500 MBPP-test 0.729 max_ent 0.757 -0.029 No
MATH-500 MBPP-train 0.708 mean_ent 0.726 -0.018 No
MATH-500 HumanEval 0.707 mean_logp 0.691 0.016 No
MATH-500 TriviaQA 0.791 final_logp 0.909 -0.118 No
MMLU-Pro GSM8K 0.551 max_ent 0.708 -0.157 No
MMLU-Pro MATH-500 0.539 max_ent 0.810 -0.271 No
MMLU-Pro MMLU-Pro 0.788 max_ent 0.692 0.096 Yes
MMLU-Pro MBPP-test 0.546 max_ent 0.757 -0.211 No
MMLU-Pro MBPP-train 0.626 mean_ent 0.726 -0.101 No
MMLU-Pro HumanEval 0.574 mean_logp 0.691 -0.117 No
MMLU-Pro TriviaQA 0.504 final_logp 0.909 -0.405 No
MBPP-test GSM8K 0.535 max_ent 0.708 -0.174 No
MBPP-test MATH-500 0.643 max_ent 0.810 -0.167 No
MBPP-test MMLU-Pro 0.592 max_ent 0.692 -0.099 No
MBPP-test MBPP-test 0.798 max_ent 0.757 0.040 No
MBPP-test MBPP-train 0.747 mean_ent 0.726 0.021 No
MBPP-test HumanEval 0.672 mean_logp 0.691 -0.019 No
MBPP-test TriviaQA 0.747 final_logp 0.909 -0.162 No
MBPP-train GSM8K 0.670 max_ent 0.708 -0.039 No
MBPP-train MATH-500 0.681 max_ent 0.810 -0.129 No
MBPP-train MMLU-Pro 0.587 max_ent 0.692 -0.105 No
MBPP-train MBPP-test 0.777 max_ent 0.757 0.019 No
MBPP-train MBPP-train 0.696 mean_ent 0.726 -0.031 No
MBPP-train HumanEval 0.733 mean_logp 0.691 0.043 No
MBPP-train TriviaQA 0.516 final_logp 0.909 -0.393 No
HumanEval GSM8K 0.635 max_ent 0.708 -0.073 No
HumanEval MATH-500 0.435 max_ent 0.810 -0.375 No
HumanEval MMLU-Pro 0.575 max_ent 0.692 -0.116 No
HumanEval MBPP-test 0.701 max_ent 0.757 -0.056 No
HumanEval MBPP-train 0.747 mean_ent 0.726 0.021 No
HumanEval HumanEval 0.729 mean_logp 0.691 0.039 No
HumanEval TriviaQA 0.903 final_logp 0.909 -0.005 No
TriviaQA GSM8K 0.672 max_ent 0.708 -0.037 No
TriviaQA MATH-500 0.714 max_ent 0.810 -0.096 No
TriviaQA MMLU-Pro 0.670 max_ent 0.692 -0.022 No
TriviaQA MBPP-test 0.631 max_ent 0.757 -0.126 No
TriviaQA MBPP-train 0.650 mean_ent 0.726 -0.076 No
TriviaQA HumanEval 0.558 mean_logp 0.691 -0.132 No
TriviaQA TriviaQA 0.945 final_logp 0.909 0.036 No

Table C2: Llama-3.1-8B probe-vs-baseline results.

5109



Source Target Probe AUC Best baseline Baseline AUC Gap Beat ≥ 0.05

GSM8K GSM8K 0.818 mean_ent 0.690 0.128 Yes
GSM8K MATH-500 0.407 max_ent 0.836 -0.430 No
GSM8K MMLU-Pro 0.561 max_ent 0.648 -0.086 No
GSM8K MBPP-test 0.632 final_logp 0.675 -0.043 No
GSM8K MBPP-train 0.667 mean_ent 0.680 -0.013 No
GSM8K HumanEval 0.658 mean_logp 0.708 -0.050 No
GSM8K TriviaQA 0.541 max_ent 0.777 -0.236 No
MATH-500 GSM8K 0.768 mean_ent 0.690 0.078 Yes
MATH-500 MATH-500 0.850 max_ent 0.836 0.013 No
MATH-500 MMLU-Pro 0.625 max_ent 0.648 -0.023 No
MATH-500 MBPP-test 0.636 final_logp 0.675 -0.039 No
MATH-500 MBPP-train 0.637 mean_ent 0.680 -0.043 No
MATH-500 HumanEval 0.571 mean_logp 0.708 -0.136 No
MATH-500 TriviaQA 0.559 max_ent 0.777 -0.218 No
MMLU-Pro GSM8K 0.684 mean_ent 0.690 -0.006 No
MMLU-Pro MATH-500 0.702 max_ent 0.836 -0.134 No
MMLU-Pro MMLU-Pro 0.750 max_ent 0.648 0.103 Yes
MMLU-Pro MBPP-test 0.580 final_logp 0.675 -0.095 No
MMLU-Pro MBPP-train 0.474 mean_ent 0.680 -0.206 No
MMLU-Pro HumanEval 0.603 mean_logp 0.708 -0.105 No
MMLU-Pro TriviaQA 0.594 max_ent 0.777 -0.183 No
MBPP-test GSM8K 0.598 mean_ent 0.690 -0.092 No
MBPP-test MATH-500 0.556 max_ent 0.836 -0.280 No
MBPP-test MMLU-Pro 0.599 max_ent 0.648 -0.048 No
MBPP-test MBPP-test 0.808 final_logp 0.675 0.133 Yes
MBPP-test MBPP-train 0.708 mean_ent 0.680 0.028 No
MBPP-test HumanEval 0.576 mean_logp 0.708 -0.132 No
MBPP-test TriviaQA 0.515 max_ent 0.777 -0.262 No
MBPP-train GSM8K 0.622 mean_ent 0.690 -0.068 No
MBPP-train MATH-500 0.401 max_ent 0.836 -0.435 No
MBPP-train MMLU-Pro 0.574 max_ent 0.648 -0.074 No
MBPP-train MBPP-test 0.771 final_logp 0.675 0.096 Yes
MBPP-train MBPP-train 0.789 mean_ent 0.680 0.109 Yes
MBPP-train HumanEval 0.665 mean_logp 0.708 -0.042 No
MBPP-train TriviaQA 0.570 max_ent 0.777 -0.207 No
HumanEval GSM8K 0.627 mean_ent 0.690 -0.063 No
HumanEval MATH-500 0.667 max_ent 0.836 -0.170 No
HumanEval MMLU-Pro 0.540 max_ent 0.648 -0.108 No
HumanEval MBPP-test 0.647 final_logp 0.675 -0.028 No
HumanEval MBPP-train 0.658 mean_ent 0.680 -0.022 No
HumanEval HumanEval 0.707 mean_logp 0.708 -0.000 No
HumanEval TriviaQA 0.420 max_ent 0.777 -0.357 No
TriviaQA GSM8K 0.459 mean_ent 0.690 -0.232 No
TriviaQA MATH-500 0.386 max_ent 0.836 -0.450 No
TriviaQA MMLU-Pro 0.495 max_ent 0.648 -0.153 No
TriviaQA MBPP-test 0.689 final_logp 0.675 0.014 No
TriviaQA MBPP-train 0.611 mean_ent 0.680 -0.069 No
TriviaQA HumanEval 0.539 mean_logp 0.708 -0.169 No
TriviaQA TriviaQA 0.818 max_ent 0.777 0.041 No

Table C3: Gemma-2-9B probe-vs-baseline results.
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Dataset Family N Description Grading

GSM8K (Cobbe
et al., 2021)

Math 1000 Grade-school arithmetic word problems Numeric exact-match

MATH-500
(Hendrycks et al.,
2021; Lightman
et al., 2023)

Math 500 Competition mathematics SymPy-based
equivalence

MMLU-Pro (Wang
et al., 2024)

Multiple-
choice

1000 Professional-level domain knowledge Letter exact-match

MBPP-test (Austin
et al., 2021)

Code 257 Python programming, sanitized test split Unit-test execution

MBPP-train
(Austin et al.,
2021)

Code 120 Python programming, sanitized train split Unit-test execution

HumanEval (Chen
et al., 2021)

Code 164 Python function-synthesis problems with docstrings
and required entry points

Unit-test execution

TriviaQA (Joshi
et al., 2017)

Factual 1000 Open-domain factual question answering Normalized alias
match

Table D1: Datasets used in the experiment. MBPP-test, MBPP-train, and HumanEval use their full available splits;
the remaining datasets use sampled test subsets of 500 or 1000 examples with random_state = 42 .

Model Dataset N Accuracy Correct Incorrect

Qwen3-8B GSM8K 1000 0.927 927 73
Qwen3-8B MATH-500 500 0.772 386 114
Qwen3-8B MMLU-Pro 1000 0.665 665 335
Qwen3-8B MBPP-test 257 0.774 199 58
Qwen3-8B MBPP-train 120 0.775 93 27
Qwen3-8B HumanEval 164 0.823 135 29
Qwen3-8B TriviaQA 1000 0.619 619 381

Llama-3.1-8B GSM8K 1000 0.823 823 177
Llama-3.1-8B MATH-500 500 0.438 219 281
Llama-3.1-8B MMLU-Pro 1000 0.428 428 572
Llama-3.1-8B MBPP-test 257 0.665 171 86
Llama-3.1-8B MBPP-train 120 0.708 85 35
Llama-3.1-8B HumanEval 164 0.628 103 61
Llama-3.1-8B TriviaQA 1000 0.618 618 382

Gemma-2-9B GSM8K 1000 0.869 869 131
Gemma-2-9B MATH-500 500 0.460 230 270
Gemma-2-9B MMLU-Pro 1000 0.490 490 510
Gemma-2-9B MBPP-test 257 0.673 173 84
Gemma-2-9B MBPP-train 120 0.742 89 31
Gemma-2-9B HumanEval 164 0.567 93 71
Gemma-2-9B TriviaQA 1000 0.754 754 246

Table D2: Dataset accuracy and class balance for each model-dataset pair.

5111



E Detailed Methodology Equations

E.1 Probe Training Objective
For each model-dataset pair, the logistic regression
probe defined in Section 4.1 is trained by minimiz-
ing the class-balanced cross-entropy loss with L2
regularization:

L(θ) = −
N∑

i=1

αyi [yi log fθ(hi)

+(1− yi) log (1− fθ(hi))] +
1

2C
∥w∥22.

(E1)
where yi ∈ {0, 1} is the correctness label, hi

is the hidden state for example i, C = 1.0 is
the inverse regularization strength, and αyi =
N/(2Nyi) is the class-balanced weight, with Nyi

the count of examples with label yi. Optimiza-
tion is performed with L-BFGS via scikit-learn’s
LogisticRegression(max_iter=2000, C=1.0,
class_weight=’balanced’).

E.2 Token-Level Log Probabilities and
Entropies

The first-pass generation in Section 4.2 produces
token-level statistics used as baselines. For a gen-
erated token gk at position k in the sequence:

ℓk = log pM (gk | x1:T , g1:k−1) , (E2)

Hk = −
∑

v∈V
pM (v | x1:T , g1:k−1)

× log pM (v | x1:T , g1:k−1) . (E3)

where V is the vocabulary, ℓk is the log probabil-
ity of the actually generated token, and Hk is the
Shannon entropy of the full next-token distribution
at position k.

E.3 Hidden State Position Indexing
The four extraction positions in Section 4.2 corre-
spond to the following indices into the per-layer
hidden-state buffer H(ℓ) ∈ R(T+K)×d, where T is
prompt length and K is generation length:

h
(ℓ)
1 = H

(ℓ)
T (end of input question),

(E4)

h
(ℓ)
2 = H

(ℓ)
T+⌊K/2⌋ (middle of generation),

(E5)

h
(ℓ)
3 = H

(ℓ)
T+m−1 (pre-answer marker), (E6)

h
(ℓ)
4 = H

(ℓ)
T+K (final generated token).

(E7)

where m is the position of the first answer-format
marker in the generated text. If no marker is found,
h
(ℓ)
3 falls back to position T +K − 1, the penulti-

mate generated token.

E.4 Cross-Model Averaging
The cross-model transfer matrix in Section 4.4
is computed by averaging per-model matrices
element-wise:

M̄ [S, T ] =
1

|M|
∑

M∈M
MM[S, T ]. (E8)

where M contains Qwen3-8B, Llama-3.1-8B, and
Gemma-2-9B.

E.5 Shared Layer Selection for Direction
Similarity

The shared layer used for direction similarity in
Section 4.5 is selected per model as the layer
with the highest average in-domain AUC across
all datasets, constrained to the upper half of the
network:

ℓ∗shared(M) = arg max
ℓ∈{⌊L/2⌋,...,L}

1

|D|
∑

D∈D
AUCCV(D, ℓ). (E9)

where D is the set of seven datasets. The re-
sulting shared layers are 26 for Qwen3-8B, 16 for
Llama-3.1-8B, and 41 for Gemma-2-9B.

E.6 Logprob Baseline Definitions
The four baselines defined in Section 4.6 are com-
puted per example i from the token-level statistics
in Appendix E.2:

bmean_logp
i =

1

Ki

Ki∑

k=1

ℓi,k, (E10)

bfinal_logpi = ℓi,Ki , (E11)

bmean_ent
i = − 1

Ki

Ki∑

k=1

Hi,k, (E12)

bmax_ent
i = − max

k∈{1,...,Ki}
Hi,k. (E13)

The entropy baselines are negated because higher
entropy corresponds to lower expected correctness.
For each baseline b, the per-cell AUC is computed
against the target dataset’s correctness labels yT .
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E.7 Multi-Seed Mean and Standard Deviation
For each cell of the transfer matrix, the multi-seed
mean and standard deviation across |S| = 5 seeds
are computed as:

µM[S, T ] =
1

|S|
∑

s∈S
M

(s)
M [S, T ], (E14)

σM[S, T ] =

(
1

|S|
∑

s∈S

(
M

(s)
M [S, T ]

− µM[S, T ]
)2
)1/2

. (E15)

where M
(s)
M is the transfer matrix computed with

seed s and S = {42, 7, 13, 100, 0}.

F Prompt Templates

G Labeling and Grading Details

We assign binary correctness labels using dataset-
specific automatic graders. Each generated re-
sponse is parsed into a final answer or executable
solution and compared against the dataset gold la-
bel using the appropriate evaluation method.

G.1 Math Grading
For GSM8K, we extract the final numeric answer
from the model response using the output anchor
Final Answer: and compare it against the gold nu-
meric answer with exact matching after basic nor-
malization. For MATH-500, we extract the final an-
swer from the model response, prioritizing answers
inside \boxed{...} when present. Extracted an-
swers are normalized and compared against the
gold answer using symbolic equivalence when pos-
sible. If symbolic parsing fails, the evaluator falls
back to normalized string comparison.

G.2 Multiple-Choice Grading
For MMLU-Pro, we parse the model’s final answer
as a multiple-choice letter. The evaluator priori-
tizes answers following the output anchor Answer:

and constrains valid predictions to the available
option letters. A response is marked correct if the
extracted letter matches the gold answer.

G.3 Code Grading
For MBPP-test, MBPP-train, and HumanEval, we
extract generated Python code from the model re-
sponse and execute it against the dataset-provided
unit tests. Code is run in a sandboxed tempo-
rary environment with a timeout to prevent non-
terminating executions. A response is labeled cor-
rect only if the extracted program passes all re-
quired tests. For HumanEval, the evaluator addi-
tionally preserves the required function signature
and checks the generated implementation against
the official task tests.

G.4 Factual QA Grading
For TriviaQA, we extract the final answer using the
Final Answer: anchor and compare it against all
provided gold aliases. Both prediction and aliases
are normalized before comparison by lowercasing,
removing punctuation, and stripping extra whites-
pace. A response is marked correct if the normal-
ized prediction matches any normalized alias.

H Multi-Seed Stability

Model Avg. std Max std Max-std cell Mean AUC

Qwen3 0.021 0.061 MMLU-Pro →
MBPP-train

0.584

Llama 0.019 0.056 MBPP-train →
TriviaQA

0.642

Gemma 0.022 0.079 MMLU-Pro →
MBPP-train

0.564

Table H1: Multi-seed stability across five random seeds.
Average cell standard deviation is around 0.02 AUC,
with the largest variance concentrated in cells involving
MBPP-train.

Dataset Prompt template

GSM8K Solve step by step. End with: "Final Answer: "
MATH-500 Solve step by step. Put final answer in \boxed{...}.
MMLU-Pro Reason step by step, then end with "Answer: ".
MBPP-test Write the Python solution. Return only the code in a python block.
MBPP-train Write the Python solution. Return only the code in a python block.
HumanEval Write the Python solution. Return only the code in a python block. Preserve

the required function signature.
TriviaQA Answer the following. End with: "Final Answer: ".

Table F1: Prompt templates used for each dataset.
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Model
Code
within

Math
within Within Cross Gap

Gap
SE

Qwen3 0.670 0.733 0.686 0.600 0.086 0.004
Llama 0.724 0.680 0.713 0.652 0.061 0.005
Gemma 0.676 0.574 0.651 0.578 0.073 0.004

Table H2: Within- versus cross-family transfer, mean
over five seeds {42, 7, 13, 100, 0}. Code within aver-
ages 6 ordered pairs, math within 2; Within pools both.
Gap is Within minus Cross, computed per seed; SE is
across seeds. On Gemma, math within-family transfer
falls below cross-family, so its within-family advantage
is carried by code.

I Hardware, Model and Reproducibility

All experiments were run on a single NVIDIA
H100 80GB GPU, requiring approximately
35 total GPU hours and costing about 150
USD in rental compute. Dataset sampling
uses random_state=42. Multi-seed robustness
uses seeds {42, 7, 13, 100, 0}. Generation uses
greedy decoding with a maximum of 2048
new tokens. Probes use scikit-learn logis-
tic regression with C=1.0, max_iter=2000, and
class_weight="balanced". We store generated
outputs, correctness labels, hidden-state activa-
tions, transfer matrices, and probe results for repro-
ducibility. All artifacts are used solely for research
evaluation of LLM correctness signals, consistent
with the intended use of public benchmark datasets
and open-weight models; we do not redistribute
raw benchmark datasets or model weights.

Code availability. We release the code on
GitHub (github.com/evan-d30/correctness-probe-
transfer), including configuration files, prompt tem-
plates, evaluation scripts, and analysis notebooks.
Generated outputs, correctness labels, transfer ma-
trices, and probe results will also be released where
permitted by dataset licenses.

Model Family Params Layers Hidden HuggingFace ID

Qwen3-8B Qwen3 8B 36 4096 Qwen/Qwen3-8B
Llama-3.1-8B-
Instruct

Llama
3.1

8B 32 4096 meta-llama/
Llama-3.
1-8B-Instruct

Gemma-2-9B-it Gemma
2

9B 42 3584 google/
gemma-2-9b-it

Table I1: Models used in the study. Open-weight
instruction-tuned dense decoder-only models in the 7–
9B parameter range.

J AI Assistance Statement

The authors used AI assistance for editing, aca-
demic wording, and LaTeX formatting during
manuscript drafting. AI tools were also used for
debugging support. All research questions, experi-
mental design choices, implementation decisions,
numerical results, analyses, and final claims were
developed, reviewed, and verified by the authors.
AI assistance was used to improve presentation and
clarity, not to replace author judgment or indepen-
dent verification.
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K Probe Direction Calibration

Cosine similarity between probe weight vectors
is uninterpretable without reference points. This
appendix reports the two we use: a lower bound
from random directions, and an upper bound from
the reliability of the probes themselves.

K.1 Random-Direction Floor
For two independent, uniformly distributed unit
vectors in Rd, the cosine similarity has mean 0
and standard deviation 1/

√
d; equivalently cos2 ∼

Beta(1/2, (d − 1)/2), with E| cos | ≈
√
2/(πd).

The floor is therefore 0.0156 for Qwen3-8B and
Llama-3.1-8B (d = 4096) and 0.0167 for Gemma-
2-9B (d = 3584); 95% of random pairs fall below
| cos | ≈ 0.031 and 0.033, respectively.

For an observed cosine c we report z = c
√
d

and control the false discovery rate across all 63
off-diagonal pairs using Benjamini–Hochberg. Ta-
ble K1 gives every pair. Twenty-five exceed the
floor at BH-corrected p < 0.05: 3 of 21 on Qwen3,
15 on Llama, and 7 on Gemma. Aggregating across
models, 8 of 12 within-family pairs clear the floor
against 17 of 51 cross-family pairs, and within-
family |z| exceeds cross-family |z| (means 4.88
versus 1.34; Mann–Whitney U = 461, p = 0.003).

This floor is a lower bound. The null treats
probe weights as isotropically distributed. They
are not: they are fitted in an activation space with
strongly anisotropic covariance, so two probes
trained on unrelated tasks can exceed the isotropic
floor simply by loading on shared dominant activa-
tion directions. The reported z-scores are therefore
upper bounds on significance. Llama is the clear-
est case for concern, with 11 of 17 cross-family
pairs above the floor against 2 for Qwen3 and 4
for Gemma; this is consistent with either a genuine
shared component in Llama’s probes or greater
anisotropy in its activation space, and the present
analysis cannot distinguish them. A permutation
null—probes fitted to shuffled correctness labels,
with the resulting cross-dataset cosines forming the
reference distribution—would hold activation ge-
ometry fixed and provide a tighter bound. We leave
this to future work.

K.2 Split-Half Reliability Ceiling
A cosine near zero may indicate genuinely unre-
lated directions, or merely that neither direction is
well estimated. To separate these, we measure how
well a probe reproduces its own direction. For each

model–dataset pair we partition the dataset into
halves stratified by correctness label, fit a probe
on each half at the shared cosine layer, and record
the cosine between the two weight vectors. Ta-
ble K2 reports the median and interquartile range
over repeated random partitions.

Ceilings are low throughout, ranging from 0.19
(Qwen3 MBPP-train, N = 120) to 0.61 (Qwen3
GSM8K, N = 1000), and track sample size closely.
Two probes fitted to disjoint halves of the same
dataset therefore agree only weakly, which means
that raw cosines between probes trained on different
datasets are substantially attenuated by estimation
noise rather than by any property of the underlying
representations. This has a consequence beyond the
present study: cosine similarities between probes
reported without a reliability correction understate
alignment by a factor that varies with sample size,
and geometric claims resting on datasets of a few
hundred examples should be treated as provisional.

K.3 Corrected Alignment
We correct each cross-dataset cosine by the geo-
metric mean of the two relevant reliabilities, the
standard disattenuation formula:

ρ̂AB =
cos(wA,wB)√

rAA rBB
, (K1)

where rAA is the split-half reliability of dataset
A. Table K3 reports corrected alignment for the
five pairs for which both reliability estimates are
available; the main text summarizes the within-
family results.

Corrected alignment separates cases that raw
cosines conflate. Llama MBPP-test ↔ MBPP-train
reaches 80% of its ceiling, so within that block the
probes are aligned to nearly the extent finite-sample
estimation permits. Qwen3 GSM8K ↔ MATH-
500 reaches 3%, despite predictive transfer at AUC
0.698 in the MATH-500 → GSM8K direction. The
intermediate values—Qwen3 code at 34%, Gemma
code at 23%, Llama math at 18%—indicate a
graded rather than binary picture.

Uncertainty on corrected ratios. Disattenuation
divides by a quantity that is itself estimated, so
corrected ratios inherit the uncertainty of both re-
liabilities. Propagating the interquartile ranges of
Table K2, Llama MBPP-test ↔ MBPP-train spans
64–112%. Ratios above 1 are a known artifact
of disattenuation when reliabilities are low, and
should be read as indicating that alignment is at
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or near ceiling rather than as a literal proportion.
Pairs involving MBPP-train (N = 120, reliability
0.19–0.24) carry the widest intervals and should be
interpreted with corresponding caution.

K.4 Spearman–Brown Sensitivity
Each half-probe is fitted on N/2 examples, so split-
half cosines underestimate the reliability of a probe
fitted on the full sample. The Spearman–Brown
correction rfull = 2r/(1+ r) adjusts for the halved
training set, raising every ceiling and lowering ev-
ery corrected ratio. Under this correction Llama
MBPP-test ↔ MBPP-train falls from 80% to 53%,
and other pairs shift proportionally.

We report uncorrected ceilings in the main text.
These are the lower ceilings and therefore yield the
larger alignment estimates, which is the more de-
manding test of the claim that probes do not share
a common direction. Readers preferring the length-
corrected convention should read the corrected ra-
tios in Table K3 as scaled down accordingly.
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Pair Fam. cos z pBH

Qwen3-8B
MBPP-test-MBPP-train W 0.086 5.53 4.06e-07∗

MBPP-test-TriviaQA – 0.039 2.47 0.037∗

GSM8K-MMLU-Pro – 0.037 2.36 0.046∗

MATH-500-MBPP-test – 0.033 2.11 0.084
GSM8K-MBPP-train – 0.019 1.22 0.394
MMLU-Pro-MBPP-train – 0.016 1.03 0.496
GSM8K-MATH-500 W 0.016 1.02 0.496
MMLU-Pro-MBPP-test – 0.015 0.96 0.503
MBPP-train-TriviaQA – 0.014 0.88 0.553
MBPP-train-HumanEval W 0.014 0.87 0.553
GSM8K-TriviaQA – 0.011 0.71 0.638
GSM8K-MBPP-test – 0.009 0.55 0.723
GSM8K-HumanEval – 0.006 0.39 0.781
MBPP-test-HumanEval W 0.002 0.13 0.938
MATH-500-MMLU-Pro – 0.001 0.08 0.955
HumanEval-TriviaQA – -0.001 -0.05 0.963
MATH-500-TriviaQA – -0.001 -0.09 0.955
MATH-500-MBPP-train – -0.003 -0.20 0.897
MMLU-Pro-HumanEval – -0.009 -0.55 0.723
MATH-500-HumanEval – -0.015 -0.98 0.502
MMLU-Pro-TriviaQA – -0.029 -1.87 0.139

Llama-3.1-8B
MBPP-test-MBPP-train W 0.252 16.15 7.57e-57∗

MBPP-test-HumanEval W 0.157 10.04 3.35e-22∗

MBPP-train-HumanEval W 0.112 7.17 1.59e-11∗

GSM8K-MATH-500 W 0.101 6.44 1.87e-09∗

GSM8K-TriviaQA – 0.086 5.50 4.06e-07∗

GSM8K-MBPP-train – 0.081 5.18 2.03e-06∗

MBPP-test-TriviaQA – 0.077 4.92 6.89e-06∗

MATH-500-MMLU-Pro – 0.073 4.69 1.88e-05∗

MATH-500-TriviaQA – 0.065 4.17 1.78e-04∗

MATH-500-MBPP-train – 0.058 3.74 9.39e-04∗

MATH-500-HumanEval – 0.058 3.68 1.05e-03∗

GSM8K-HumanEval – 0.048 3.09 8.44e-03∗

MATH-500-MBPP-test – 0.045 2.87 0.016∗

MMLU-Pro-MBPP-test – 0.040 2.57 0.034∗

MBPP-train-TriviaQA – 0.038 2.44 0.039∗

GSM8K-MBPP-test – 0.022 1.39 0.333
MMLU-Pro-MBPP-train – 0.021 1.31 0.365
GSM8K-MMLU-Pro – 0.020 1.31 0.365
MMLU-Pro-HumanEval – -0.006 -0.40 0.781
MMLU-Pro-TriviaQA – -0.006 -0.41 0.781
HumanEval-TriviaQA – -0.019 -1.21 0.394

Gemma-2-9B
MBPP-train-HumanEval W 0.077 4.61 2.48e-05∗

MBPP-test-MBPP-train W 0.062 3.73 9.39e-04∗

GSM8K-MBPP-train – 0.043 2.56 0.034∗

MMLU-Pro-MBPP-test – 0.043 2.55 0.034∗

MBPP-test-TriviaQA – 0.042 2.50 0.037∗

GSM8K-MATH-500 W 0.042 2.49 0.037∗

MATH-500-HumanEval – 0.032 1.92 0.128
MMLU-Pro-MBPP-train – 0.031 1.85 0.139
MATH-500-MMLU-Pro – 0.030 1.79 0.155
GSM8K-MMLU-Pro – 0.021 1.26 0.382
MMLU-Pro-TriviaQA – 0.020 1.19 0.401
MATH-500-MBPP-train – 0.016 0.98 0.502
GSM8K-HumanEval – 0.013 0.77 0.601
MBPP-train-TriviaQA – 0.013 0.77 0.601
MMLU-Pro-HumanEval – 0.010 0.58 0.723
MBPP-test-HumanEval W 0.007 0.42 0.781
GSM8K-MBPP-test – -0.004 -0.25 0.871
HumanEval-TriviaQA – -0.006 -0.37 0.784
MATH-500-MBPP-test – -0.008 -0.49 0.756
MATH-500-TriviaQA – -0.011 -0.65 0.674
GSM8K-TriviaQA – -0.045 -2.69 0.027∗

Table K1: Probe-direction cosines against the random-direction floor, all 63 off-diagonal pairs, sorted by z within
model. W marks within-family pairs. z = cos

√
d; pBH is Benjamini–Hochberg corrected across all 63 tests.

Asterisks mark pBH < 0.05.
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Model Dataset N Ceiling IQR

Qwen3-8B GSM8K 1000 0.61 0.55–0.66
Qwen3-8B MATH-500 500 0.48 0.41–0.54
Qwen3-8B MMLU-Pro 1000 — —
Qwen3-8B MBPP-test 257 0.34 0.26–0.41
Qwen3-8B MBPP-train 120 0.19 0.11–0.28
Qwen3-8B HumanEval 164 — —
Qwen3-8B TriviaQA 1000 — —

Llama-3.1-8B GSM8K 1000 0.58 0.52–0.63
Llama-3.1-8B MATH-500 500 0.55 0.49–0.61
Llama-3.1-8B MMLU-Pro 1000 — —
Llama-3.1-8B MBPP-test 257 0.41 0.34–0.47
Llama-3.1-8B MBPP-train 120 0.24 0.15–0.33
Llama-3.1-8B HumanEval 164 — —
Llama-3.1-8B TriviaQA 1000 — —

Gemma-2-9B GSM8K 1000 — —
Gemma-2-9B MATH-500 500 — —
Gemma-2-9B MMLU-Pro 1000 — —
Gemma-2-9B MBPP-test 257 0.36 0.29–0.43
Gemma-2-9B MBPP-train 120 0.21 —
Gemma-2-9B HumanEval 164 — —
Gemma-2-9B TriviaQA 1000 — —

Table K2: Split-half reliability of probe weight directions. Ceiling is the median cosine between probes fitted on
stratified halves of the same dataset over repeated partitions. Dashes indicate unavailable estimates.

Model Pair Raw cos Corrected Spearman–Brown

Qwen3-8B GSM8K–MATH-500 0.016 0.030 0.023
Qwen3-8B MBPP-test–MBPP-train 0.086 0.338 0.214
Llama-3.1-8B GSM8K–MATH-500 0.101 0.179 0.140
Llama-3.1-8B MBPP-test–MBPP-train 0.252 0.803 0.531
Gemma-2-9B MBPP-test–MBPP-train 0.062 0.225 0.145

Table K3: Disattenuated alignment for pairs with complete split-half reliability estimates. Corrected divides the raw
cosine by the geometric mean of the two split-half reliabilities; Spearman–Brown applies the full-sample reliability
correction first.
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