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Abstract

Multimodal large language models with reason-
ing abilities produce extended thinking traces
before committing to an answer. Whether these
natural language self-descriptions of the mod-
els’ problem-solving behaviours faithfully re-
flect their internal uncertainty, and whether that
uncertainty affects the committed output, are
open questions with significant implications for
how we evaluate and trust model reasoning pro-
cesses. We present a focused study that inves-
tigates this relationship using insight puzzles,
which require a non-linear reinterpretation of
semantic, phonetic or visual clues and thereby
produce a discrete resolution event with a char-
acteristic surface signature. Our study reveals
three findings. First, the correctness signal in
reasoning traces across four insight domains is
largely recoverable from surface effort markers,
where a simple six-feature keyword-based clas-
sifier matches or outperforms the richer seman-
tic models we tested, predicting correctness
at average precision 0.85 against a 0.62 base
rate and rising to 0.89 once an additional trace-
derived confidence feature is added. Second,
this signal is only partly shared with mathe-
matical reasoning. Length and duration effort
markers predict correctness on math traces too,
but the hedging and resolution language that
distinguishes insight traces is largely absent
from math, where models express difficulty
through trace length rather than uncertainty and
confidence markers. Third, the model’s self-
reported confidence is systematically miscali-
brated relative to the signal present in its own
trace, with an external classifier reading the
same text roughly five times better calibrated.

1 Introduction

The ability to reason' before generating the final
answer is now a standard capability of most fron-
tier multimodal language models. These models
produce extended articulation of thinking traces,
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sometimes spanning thousands of tokens, before
committing to an answer, and there is growing evi-
dence that the quality of this reasoning process is
consequential for downstream performance (Mar-
janovic¢ et al., 2025). However, the relationship
between what a model reasons and what it ulti-
mately outputs is still poorly understood. Whether
a model’s trace faithfully reflects its uncertainty,
and whether that uncertainty survives the compres-
sion into a committed answer, are questions that
current evaluation practices do not directly address.

We adopt insight puzzles across four domains as
our testbed (Figure 1 shows one example of each).
Insight puzzles (see Metcalfe and Wiebe, 1987, for
a comprehensive discussion) are problems whose
surface presentation under-determines the solution
method. Solving requires a non-obvious reinter-
pretation of semantic, phonetic, or visual signals
rather than execution of a standard procedure. Pre-
vious work labels these using terms such as lateral
thinking (Lee et al., 2025). As math benchmarks
saturate (Balunovic et al., 2025), insight puzzles
offer a complementary testbed where the trace sig-
natures of problem-solving differ structurally from
methodical mathematical execution.

We present a focused study on seven frontier
VLMs spanning four insight puzzle domains and
two math-based benchmarks. Our analysis re-
veals three findings that together characterise the
trace-output relationship in insight reasoning. First,
the correctness signal is largely recoverable at the
surface. A simple keyword-based linear model
matches or outperforms more sophisticated alterna-
tives with richer semantic representations. Second,
this signal is only partly shared with mathematical
reasoning. Length and duration effort markers still
predict correctness on math traces, but the hedging
and resolution language that carries much of the
insight signal is largely absent from math. This
aligns with Zhao et al. (2025), who find that math
aha-language is largely decorative, a conclusion
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Rebus

free-text, image input | base rate 63%

Answer: FLY BY NIGHT

multiple-choice, image input | base rate 73%

Visual Puzzles

Analogy’

Origin

Answer: A

cryptic CI’OSSWOI’d free-text, text input | base rate 71%

ad i meant to be distributed
in cartoon form
(8)

Wordplay: ‘ad i meant' = anagram of 8 letters

Definition: 'cartoon form' = what the answer means

Indicator: 'distributed’ = signals anagram

Answer: ANIMATED

Connections+ partition, text input | base rate 59%

MUTE SLOW MAKE 'SNARE HOME 'OIL QUIET
NET YIELD 'EAR VOLUME CALM [KETTLE SLEEPY
STOP GROSS

HARDLY BUSTLING
EARN
REMOTE CONTROL FUNCTIONS

WORDS BEFORE '‘DRUM"*

Connections+ ioins two such nuzzles inta 32 words / 8 aroups.

Answer: assign each word to its group (colour-coded above).

Figure 1: Here we show one puzzle from each of the four insight domains, with the seven-model cohort base rate in
each panel header. All four need a non-obvious reinterpretation of the clue rather than a standard procedure, but
they differ in what the model is shown and in what counts as an answer. Rebus (free-text, image input): “FLY BY
NIGHT” from “night fly”. Cryptic crossword (free-text, text input): “ANIMATED” is the anagram of “ad i meant”
(definition “cartoon form”). Visual Puzzles (multiple-choice, image input): visual analogy with correct option
A. Connections+ (partition, text input): 16 words from one NYT Connections puzzle, pills colour-coded by their
4-group partition. Connections+ joins two such puzzles into 32 words and 8 groups.

we reach by a different, feature-level route. Third,
the model’s self-reported confidence in its com-
mitted output is systematically less calibrated than
the information present in its own reasoning trace.
An external classifier reading the trace is roughly
five times better calibrated than the model’s self-
reported confidence score, indicating that models
are predominantly overconfident.

2 Related work

The closest prior work is Pawitan and Holmes
(2025), who assess confidence in LLM chain-of-
thought reasoning via persistence under prompting
and self-reported confidence on text-only causal-
judgement and probability puzzles. We extend
this framing to VLMs and to insight puzzles.
DeepSeek-Al (2025) coined the modern usage of
aha moments as emergent training-time phenom-
ena, and Meng et al. (2025) showed visual aha
exists qualitatively in VLMs on math diagrams.

The field has since treated aha as unreliable signal
to be controlled (Hu et al., 2025; Ha et al., 2025),
with Zhao et al. (2025) finding that aha steps in
math traces are often decorative under counterfac-
tual intervention. Our claim takes the opposite
position in a different domain. Insight puzzles
depend on a non-obvious reinterpretation and the
aha moment is a critical part of the solution, not
cosmetic. On the relationship between effort and
correctness, Marjanovi¢ et al. (2025) document
rumination in math reasoning traces and find ef-
fort and correctness are related, which motivates
our feature design. We show the same relation-
ship holds across insight domains and transfers
cross-domain with six surface features. Finally,
Kadavath et al. (2022) claim that models mostly
know what they know. Our self-report miscali-
bration finding refines this, as introspection in the
trace does not always survive compression into the
committed output. Most directly related, Pandey
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et al. (2026) use a hedge-to-verification ratio in
reasoning traces as a single-pass uncertainty signal
on general and mathematical benchmarks. We ex-
tend this to insight puzzles (including visual ones),
add a local aha-confidence feature that lifts predic-
tion beyond hedge and effort markers, demonstrate
cross-domain transfer, and surface a self-report cal-
ibration gap. Vanhoyweghen et al. (2025) likewise
find lexical and length cues predictive of accuracy
in reasoning chains. We add cross-domain and
cross-model transfer, a discrete-resolution mecha-
nism, and the insight-versus-math boundary. On
effort and difficulty, Su et al. (2025) show that
models miscalibrate reasoning length to problem
difficulty. We build on this to argue that predict-
ing difficulty from the trace is itself useful, since
difficulty is unobservable at solve time, and that
our classifier is therefore not simply a difficulty
proxy because it significantly outperforms a peer-
difficulty oracle. Hedging is a long-studied epis-
temic device in human language (Lakoff, 1973).
We show these markers recur in machine reasoning
traces and track the model’s genuine token-level
uncertainty (Appendix G), rather than a stylistic
artefact.

3 Methodology

Our focus is to evaluate if the tendency of the model
to generate correct outputs can be determined from
the surface of a reasoning trace, without access to
the final answer generated by the model. We use the
term ‘surface’ to mean what is readable from trace
generation without interpreting reasoning, such as
its length, its timing and its lexical markers. Two of
the six markers are not textual, since elapsed time
and the provider-reported token count are process
measures, and partly reflect provider behaviour as
well as model behaviour.

Features. Motivated by the finding in Marjanovic¢
et al. (2025) that effort and correctness of think-
ing traces are related, we derive six features that
capture how hard the model worked on a prob-
lem. Three measure raw effort: the API-reported
reasoning-token count, elapsed wall-clock time,
and trace character count. Another three capture
hedge language distribution within the trace, i.e.,
epistemic markers such as maybe, I think, not sure
(Farkas et al., 2010), via their per-word rate, their
ratio to total tokens, and the positional variance of
their occurrence. Together these form an effort sig-
nal, with an assumption that harder problems elicit

more tokens, more time, and more hedging, and
harder problems are more likely to be wrong. These
six are a strong subset of a more comprehensive
21-feature length-and-rate baseline (Table 1). The
remaining features either duplicate this signal or do
not transfer consistently across domains. No single
feature carries the classifier. In a leave-one-out ab-
lation, removing any one of the six changes mean
average precision (AP) by at most 0.03, and no fea-
ture alone matches the six together (Appendix H).
The set is robust because different features carry
the signal in different domains and models, not
because any one is decisive.

Marker selection. The hedge and commitment
lists are trace-derived. They were drawn up from
a review of a 20-puzzle Rebus sample (134 traces)
and confirmed on review as logical epistemic mark-
ers. Three hedge and eight commitment patterns
were added later from an n-gram pass over the
100-puzzle Rebus set. Features derived from data
should be tested on data that played no part in
deriving them, and the collection order gives us
that. Both lists were frozen before the Cryptic,
VisualPuzzles and Connections+ corpora were col-
lected, so 300 of the 400 puzzles took no part
in their construction and the leave-one-domain-
out results on those three domains are unaffected
by it. Within Rebus, where the 20-puzzle sam-
ple does fall inside the evaluation set, dropping
those puzzles from training and evaluation does
not weaken the classifier. Lift over base rate is
+18.0pp (percentage points) on the remaining 80,
against +16.9pp on all 100 (further details are pro-
vided in Appendix I).

A seventh feature targets a qualitatively different
signal in the form of the model’s trace commitment
language when it considers the answer it ultimately
chooses. Insight puzzles, in most cases, characteris-
tically produce a discrete resolution event, referred
to as an aha moment (Metcalfe and Wiebe, 1987).
Given the way the LLMs are post-trained, we ex-
pect this to leave a detectable surface signature.
We operationalise this with an LLLM judge (Gem-
ini 3 Flash) that reads the thinking trace along-
side the set of candidate answers and returns a
per-candidate confidence score on a 0—100 scale
anchored to commitment-language cues (that’s it!
high, I give up low; validated against a human judge
and two LLM judges, Appendix D; Connections+
in Appendix B). Unlike the six effort features, this
feature needs the model’s answer, though never
the ground truth, so that the judge can score the
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Family / Feature
Length
thinking_char_count
thinking_word_count

Description

Trace characters
Trace words

elapsed Thinking time (s)
tokens_thinking_proxy Unified token count
Trajectory

Distinct candidates
Candidate switches

n_candidate_mentions
candidate_churn

Per-word rates

hedge_rate
confidence_rate
explicit_rejection_rate
candidate_switch_rate
revision_rate
self_correction_rate

Hedges / word
Commitment / word
Rejections / word
Switches / word
Revisions / word
Self-corr. / word

question_mark_rate “? [ word
exclamation_mark_rate “1” [ word
Normalised text

hedge_ratio Hedge / total

hedge_shift
hedge_density_last_third
hedge_position_variance
bigram_repetition_rate
trigram_repetition_rate
unique_trigram_ratio

1st/2nd-half hedge
Final-third hedge
Hedge-position var.
Repeated bigrams
Repeated trigrams
Unique trigrams

Table 1: The 21-feature LEN+RATES baseline.
The 6-feature deployed classifier uses the sub-
set in bold: tokens_thinking_proxy, elapsed,
thinking_char_count, hedge_rate, hedge_ratio,
hedge_position_variance.

candidate the model committed to.

Alternative representations. We also evaluated
richer semantic alternatives: frozen sentence em-
beddings (MiniLM-L6 (Wang et al., 2020), bge-m3
(Chen et al., 2024)) and a fine-tuned ModernBERT
classifier (Warner et al., 2024).

Classifier. We combine the effort and confidence
features in a two-stage stacked logistic regression.
The first stage fits a logistic regression on the six
z-scored effort features (with an L2 regularisation
penalty). The second stage fits a logistic regres-
sion on that predicted probability together with
the normalised confidence score. We chose logis-
tic regression deliberately because its linearity in
the log-odds keeps each feature’s contribution in-
terpretable and makes its behaviour on an unseen
domain or model easy to inspect.

Evaluation protocol. We evaluate under three
nested generalisation conditions. To test the perfor-
mance across domains, we use leave-one-domain-
out (LODO) strategy, where we train on three
insight domains and test on the fourth. Within-
domain performance uses leave-one-puzzle-out
cross-validation (LOPO, 10-fold), which measures
how well the classifier transfers across puzzles
of the same type. Cross-model performance uses

leave-one-model-out (LOMO), which tests whether
the signal generalises across model families. We
report average precision (AP) as the primary met-
ric, with 95% confidence intervals from a puzzle-
clustered bootstrap (/N = 500).

4 Experimental setup

Models. We evaluate seven frontier reasoning
VLMs: Gemini 2.5 Pro, Gemini 3 Pro, Gemini
3 Flash?, GPT-5, Claude Opus 4.6, Claude Sonnet
4.6, and Qwen3-VL-235B Thinking (more details
in Appendix B on provider-specific reporting).
Insight corpus. Three of the four insight domains
are established public benchmarks. The fourth,
Connections+, is constructed for this work from
public NYT Connections puzzles. The primary cor-
pus comprises 400 puzzles distributed across four
domains: Rebus (Das et al., 2025) (image-based,
free-text answer), Cryptic crosswords sampled
from Cryptonite (Efrat et al., 2021) (text-based,
free-text answer), Visual Puzzles (Song et al., 2025)
(image-based, multiple-choice), and Connections+
(text-based, partition task; constructed for this work
by pairing two NYT Connections daily puzzles
(Loredo Lopez et al., 2025) into a 32-word grid;
see Appendix A). Each puzzle is attempted by all
seven models (six on Connections+, where GPT-5
repeatedly exhausted its token budget before emit-
ting an answer) on two passes: an un-augmented
pass with a standard answer prompt, and an aug-
mented pass that additionally requests an explicit
0-100 self-confidence score (Per-domain counts
and data sources are in Appendix A; per-task statis-
tics in Appendix K; one example per domain in
Figure 1). Unlike our math corpus, these insight
benchmarks are not post-cutoff, but their low base
rates argue against contamination driving the result
(see Limitations).

Math corpus. To test if the insight-trace features
transfer to a structurally different reasoning do-
main, we use two math datasets: (i) a post-cutoff
set of 50 problems in total drawn from HMMT
(November 2025 and February 2026) and AIME
2026 (Balunovi¢ et al., 2025), all released after
the confirmed training cutoff of every model in the
cohort; and (ii) a pre-cutoff contamination refer-
ence of 100 problems sampled from MATH-500
(Lightman et al., 2024; Hendrycks et al., 2021) for
the saturation comparison reported in Appendix F.

>We use Gemini in more than one role, and set out the
basis for this in the Limitations.
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Held-out domain Model acc. Effort AP +conf AP

Rebus 0.60 0.82 0.85
Cryptic 0.65 0.92 0.96
VP 0.67 0.83 0.87
Connections+ 0.54 0.84 0.88
Mean 0.62 0.85 0.89

Table 2: LODO AP for per-trace correctness across four
insight domains (train on three, test on held-out). Model
acc.: 7-model cohort mean on the domain, and the base
rate the AP columns should be read against. Effort
AP: 6-feature classifier. +conf AP: effort + LLM-judge
confidence, stacked LR. Full LOMO breakdown and
95% Cls in Appendix C.

The post-cutoff constraint is important, as math
benchmark saturation is partly a contamination
artefact, and we want a setting that challenges the
models and does not contain memorisation traces.

5 Results

5.1 The effort signal predicts correctness

Here we investigate whether a thinking trace, read
without knowledge of the answer, carries enough
signal to predict whether the model got the puzzle
right. Across four insight domains, the answer is
yes. The 6-feature effort classifier achieves within-
domain (LOPO) AP of 0.81-0.91, predicting per-
trace correctness from token count, elapsed time,
character count, and three hedge-language features
alone. Models answer correctly on 54-67% of puz-
zles depending on domain (Table 2). The classifier
predicts those outcomes from the trace with AP
well above what the domain accuracy alone would
support.

The more demanding test is cross-domain trans-
fer. The six effort features have no domain-specific
tuning as they only measure how hard the model
worked and not what kind of puzzle it was working
on. Training on three domains and testing on the
held-out fourth (LODO), the same weights yield
AP 0.82-0.92, with no meaningful degradation rel-
ative to within-domain performance (Table 2). The
features transfer because they are proxies for dif-
ficulty. Hard puzzles tend to elicit longer traces,
more elapsed time, and denser hedging, and hard
puzzles are more likely to produce wrong answers.
Effort is a difficulty proxy, not a cause. Longer
traces and wrong answers are both downstream
consequences of hard puzzles. Because difficulty
is unobservable at solve time, estimating it from
the trace is exactly what a monitor needs. Track-

Held-out model Base Effort AP +conf AP

Gemini 3 Pro 0.89 0.940 0.943
Gemini 3 Flash 0.82 0911 0.925
GPT-5 0.71 0.890 0.915
Claude Opus 4.6 0.76 0.815 0.846
Claude Sonnet 4.6 0.67 0.770 0.813
Qwen3-VL-235B  0.30 0.488 0.573
Gemini 2.5 Pro 0.59 0.739 0.859
Mean 0.68 0.793 0.839

Table 3: Cross-model (LOMO) transfer: train on six
models, test on the held-out seventh (un-augmented
pass). Base: the held-out model’s accuracy, which is
the base rate its AP should be read against. Effort AP:
6-feature classifier. +conf AP: effort + LLM-judge
confidence. Per-fold lift and 95% CIs in Appendix C.

ing difficulty is the mechanism, not a limitation.
The classifier moreover predicts more than diffi-
culty. Against a leave-one-model-out difficulty ora-
cle (peer cohort accuracy, information unavailable
at solve time), it wins by +0.10 AP on the full set,
+0.21 on contested puzzles (some but not all mod-
els correct), and +0.40 on the narrow middle (co-
hort accuracy 0.3-0.7), where the oracle collapses
to 0.46 (below the base rate) while the classifier
holds at 0.85 (Appendix J).

The signal also transfers to unseen models. Un-
der leave-one-model-out (LOMO) evaluation, train-
ing on six models and testing on the held-out sev-
enth, the effort classifier reaches AP 0.49-0.94
across the held-out models (Table 3), and the LLM-
judge confidence feature adds most where the base
model is weakest (Qwen3-VL +8.4pp, Gemini 2.5
Pro +12.0pp confidence-add lift).

An important aspect of this result is that the
6-feature classifier matches or outperforms alter-
natives with semantically rich sentence embed-
dings (MiniLM-L6, bge-m3), a fine-tuned Modern-
BERT classifier, and a full-trace LLM judge, not
just within domain but under cross-domain trans-
fer (Table 4; Appendix B). The sufficiency of six
keyword-based features is itself an important find-
ing, where we see that across seven models and
four domains, the traces are more stereotyped than
they appear. The models signal struggle and confi-
dence through a small, learned surface vocabulary
(keywords) that is consistent enough across archi-
tectures and providers to be captured by a linear
classifier. The richer representations we tested did
not seem to add any additional predictive power
(although some semantic signal may exist in repre-
sentations beyond our scope of exploration in this
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Method Rebus Cryptic VP
6-feature effort (deployed)  0.81 0.91 0.87
MiniLM-L6 embedding 0.66 0.82 0.83
bge-m3 embedding 0.69 0.83 0.86
Fine-tuned ModernBERT 0.71 0.91 0.85
Full-trace LLM judge 0.82 0.94 0.88

Reliability diagram: pooled across 4 insight domains (augmented pass)

Self-reported confidence
ECE = 0.189

Effort+confidence classifier
ECE = 0.037

perfect calibration
- observed

1.0

0.8

perfect calibration
- observed

—

.

e

7

7

/
/

Table 4: Within-domain AP by method. The compact
6-feature effort classifier matches the richer semantic
baselines: sentence embeddings do worse, and neither
a fine-tuned BERT nor a full-trace frontier LLM judge
significantly exceeds it (all deltas within bootstrap CI;
per-method setups and CIs in Appendix B). Nothing
richer than the surface features adds signal.

work).

Examples of the two extremes of the confidence
signal are directly visible in sample traces (Table 5).
Traces with an aha moment commit confidently and
correctly, whereas traces that voice doubt but are
forced to commit anyway typically commit incor-
rectly.

5.2 Disparities on math

The effort classifier transfers across insight do-
mains because insight problems have a discrete
resolution structure. A single moment where the
phonetic, semantic or visual interpretation clicks
into place. The six latest-generation models in our
cohort reach ~=89% accuracy on the post-cutoff
math corpus (86% across all seven, including the
older Gemini 2.5 Pro at 64%), and their traces re-
flect this behaviour. We see that instead of a wide
exploration followed by concentrated commitment,
they follow a near-linear step-by-step pattern, me-
thodically working through a procedure. This is
consistent with math being a dominant training
domain. The models have learned a highly stereo-
typed trace shape for math reasoning that does not
exhibit the surface signatures of struggle and res-
olution that characterise insight traces. On post-
cutoff hard math (Table 6), the picture separates
into two parts. The length-and-time effort features
still discriminate correctness (p = —0.19 to —0.26,
all p < 0.05). Harder math problems elicit longer
traces and are more often wrong, a difficulty sig-
nal shared with insight. But the hedge-language
features that carry much of the insight signal do
not transfer (p = —0.04 to —0.08, not significant).
This is not a sign reversal but a prevalence col-
lapse. Hedging is 10.7x rarer in math traces (me-
dian density: insight 0.83 vs math 0.08 per 100

/

0.0 02 0.4 06 08 10 00 02 0.4 06 0.8 10
Predicted probability Predicted probability

Figure 2: Here we ask whether a confidence number
means what it says. A perfectly calibrated predictor
lies on the dashed diagonal, where stated confidence
matches observed accuracy, and the lower panels show
how the n = 2,274 predictions spread across the bins.
The model’s own self-report (left) sits below the diag-
onal everywhere, and roughly 70% of its predictions
land in the top bin, where fewer than 85% of answers
are actually right (ECE = 0.189). A classifier reading
the same traces (right) tracks the diagonal and uses the
whole range (ECE = 0.037), roughly five times better
calibrated.

words) - models externalise mathematical difficulty
as procedural length and step count rather than
linguistic doubt. The local aha-confidence signal
(chosen_conf) has no math analogue at all, since
solving a math problem is not a process of selecting
between candidate answers. What distinguishes in-
sight from mathematical reasoning is therefore the
language of uncertainty and resolution, not effort,
which is shared. This contrast rests on a smaller
math corpus than the insight results: 50 math prob-
lems and 335 usable traces, against 400 insight
puzzles and 5,000+ observations. We therefore in-
terpret the absent hedge effect as a difference in
prevalence but not a precise estimate.

5.3 Self-report miscalibration

If the model’s self-reported confidence (i.e., the
output from the model being asked to estimate its
confidence in the answer it gave) faithfully sum-
marised the correctness signal in its trace, the self-
report and our classifier should perform compa-
rably. We observe that this is not the case. Fig-
ure 2 shows the reliability diagram for self-reported
confidence versus the effort+confidence classifier,
pooled across four domains on the augmented pass
(n = 2,274). The self-report concentrates ~70%
of predictions in the top bin with mean accuracy
far below the predicted value, and deviates substan-

701



Domain Type Trace excerpt Correct?

Rebus Aha “ramp + ant... ‘rampant’. That’s it/ RAMP + ANT = RAMPANT” v
(Claude Opus)

Cryptic Aha “IN + LE + T. That gives us INLET. Yes, it absolutely does. Bingo, it v
all checks out” (Gemini 3 Pro)

Connections+ Aha “candy bar names hidden in words: MARSALA (MARS), AERO- v
PLANE (AERO), HEATHERS (HEATH)” (Claude Opus)

Cryptic Forced commit  “forced to conclude that the answer is BLOOMSH.... know it’s wrong” X
(Qwen)

Cryptic Forced commit  “REBEL? REVOLT? Neither fits” (commits to REVOLT, Gemini 2.5 X
Pro)

Table 5: Representative trace excerpts. Aha traces commit confidently and correctly. Forced-commitment traces

voice explicit doubt about the committed answer.

Feature Insight (mean)  Math Re-prompted quartile Net gain (pp) 95% CI
Effort: length and time Targeted (lowest conf) +8.0 [+2.7,+13.4]
tokens_thinking_proxy —0.37« —0.20% Random 25% -0.9 [—3.4,4+1.9]
elapsed —0.47x —0.26% Most confident —10.1 [—14.3,-6.1]
thinking_char_count —0.31% —0.19% Targeting advantage +8.9 [+4.6,+13.5]
Effort: hedge family

hedge_rate —0.23% —0.04 Table 7: Reconsideration net gain by quartile. Targeting
hedge_ratio —0.32x —0.06 the lowest-confidence quartile beats a random quartile
hedge_position_variance —0.31% —0.08

Table 6: Spearman p(feature, correctness): mean across
the four insight domains vs post-cutoff hard math
(HMMT + AIME, n = 335, seven-model cohort). *:
p < 0.05. Length and time effort features discriminate
correctness in both domains. Hedge features only on
insight, where hedging is 10.7x more frequent. Per-
feature breakdown in Appendix F.

tially from the diagonal throughout (ECE = 0.189).
The classifier tracks the diagonal closely (ECE
= 0.037), roughly five times better calibrated (per-
domain AP and ECE in Appendix E). In ~3.8% of
traces the model’s committed answer is not even
the candidate its own trace most strongly endorses.
Also, LLM self-reported confidence is known to
be poorly calibrated (Xiong et al., 2024; Pawitan
and Holmes, 2025). Our finding extends this to
reasoning models, where even when the correct
signal exists in the model’s own trace, it does not
survive compression into the self-reported score.
The model’s stated confidence does not summarise
the uncertainty already present in its own reasoning
trace. We report the discrepancy but do not pro-
pose a cause for it. Measuring faithfulness directly
requires counterfactual intervention on the trace
(Xiong et al., 2025). Figure 3 annotates one such
trace, a wrong answer whose separate confidence
pass reports 95.

6 Downstream utility

The confidence signal supports two complemen-
tary deployment patterns: reconsideration within

by +8.9pp (full breakdown in Appendix L).

a single model, and routing between models. We
treat both as confidence-triggered escalation. The
classifier flags a low-confidence answer, and we es-
calate either by re-attempting with the same model
(below) or by routing to a stronger one.

6.1 Confidence-triggered reconsideration

We use the trace classifier as a lightweight overseer
on our two free-text domains (Rebus and Cryp-
tic). It scores every answer, and we re-prompt the
model with its own pass-1 trace and answer, a cue
that the answer scored low confidence, and a re-
quest to explore untried directions, reconsider, and
emit a (possibly new) preferred answer. Target-
ing is decisive. The targeted lowest-confidence
quartile gains accuracy, a random quartile does
not, and re-prompting the most-confident quartile
is harmful (Table 7). Overall, accuracy peaks when
re-prompting roughly the lowest-confidence half
and then declines (Figure 4). The classifier helps
identify which answers to reconsider.
Reconsideration is domain-dependent. On Cryp-
tic, where wordplay has a definitive answer, it
is strongly positive and low-harm. The targeted
quartile gains +17.8pp [+10.2,4+25.5], rising to
+23.7pp on the lowest-confidence tenth. On
Rebus, re-prompting is harmful overall (—8.4pp
[—12.3, —4.6]). Targeting removes the harm, so at
a tight low-confidence threshold Rebus is at worst
neutral (bottom tenth +3.6pp [—7.5, +15.1]) but
could potentially be improved further by a second
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Text-level and self-report features extracted from thinking-trace + conf-pass output

Puzzle 124 ("Fly By Night™) Baseline thinking trace (abridged), text-level features, Qwen3-VL-235B Thinking

Got it , let's see. The image has |"night fly™ on & pink background. Rebus puzzles often use wordplay.
“Night" and [“fly" - maybe combining them. Wait , ["night® sounds like |"knight® but po, the text is
“firefly” > But the text is ["night £1y" . Oh, maybe it's
“firefly"| but split. Wait , no. “night" and ["fly" —if you put them together, but maybe it's
a homophone. !Ja_iz , ["night" is spelled n-i-g-h-t, "Firefly"| but how?
Ha_JE » the rebus might be ["night fly"| as in [“firefly® : Mo, that doesn't Fig] . EJa_iE s

“night® . Wait, ["fly"| at night—maybe

night fly

Wait ,

"Fly® iz f-1-y. Wait , maybe

Wait , no.

maybe it's [Sfirefly® but the image says ["night £1y" . Wait , another angle: ["might® and | “fly" -
"firefly" because fireflies fly at night. Oh, that's it ! So the phrase is [“firefly™ , but
firefly .

maybe

the puzzle shows |"might fly" to hint that fireflies are night flies. 5o the answer is

Confidence-prompt pass (separate query): SelfRep feature source

(second pass — same puzzle queried again, this time with the 'ANSWER: <x» / CONFIDENCE: <8-188>' format prompt.
ANSWER: |mightly

CONFIDENCE: (95

Feature legend

Each coloured swatch is a feature type (motching the highlights above). The text below each swatch the specific classifier features derived from spons of that type.

Hedges / uncertainty

hedge_count , hedge_ratio — 'maybe’, "wait’, 'hmm’, ‘probably no unresolved_hedge_count , unresclved_hedge_ratio — hedge with no

confidence/commit marker before the next hedge

Confidence markers

confidence_count — ‘the answeris’, 'yves, ‘perfect, 'makes sense’

Candidate rejection
explicit_rejection_count — 'doesn'tfit, 'not quite right'. Positive coefficient

(analytical, not problematic)

Exclamation marks Candidate phrases

exclamation_marks — strongest single LR coefficient (+1.65) Quoted strings extracted and embedded for trajectory features

Final-answer mentions Self-reported confidence

answer_freq, answer_first_pos , answer_last_pos — position f count self_reported_conf — model's own 0-100 score from conf-pass prompt
Trajectory features extracted from phrase embeddings

morks at the bottom show each time the

Eoch dot i: eshold, Green =

runni

d candidote phrase, Y-axis = novelly (t tance to the neagrest prior phrase); revisits sif below

rentioned phrase so far) changes; the count is churn_count .

Figure 3: Here we show the features in the text they are read from. Qwen3-VL works on the rebus “fly by night”
and commits to “firefly”. Highlights mark the marker categories the classifier counts, and the legend gives the
feature each colour feeds. The trace hedges repeatedly (“wait”, “maybe”, “no’’) before committing with “that’s
it!” to a wrong answer. The lower panel shows the separate self-confidence prompt pass (a re-query of the same
puzzle that asks for an explicit 0—100 confidence value). In that pass the model answered “nightly” and reported a
confidence score of 95. Both answers are wrong, and this self-report is the source of the feature underpinning the

compression-gap finding.

classifier that decides whether to accept a switch
the re-prompt proposes, which we leave to future
work.

6.2 Cascade routing

The effort+-confidence classifier is cheap to deploy
as a routing signal for a two-model cascade. Every
puzzle is first answered by a cheap model (Gemini
3 Flash, $0.0008 per call), the classifier scores the
resulting trace, and low-confidence traces are esca-
lated to a strong model (Gemini 3 Pro, $0.0339 per
call, a 42x gap). We examine whether the classifier
routes better than chance and whether it reduces
cost.

Routing quality. An effective router surpasses
the linear interpolation between the two solo ac-
curacies (escalating a random fraction r gives ex-
pected accuracy (1 — 7) Apjash + 7 Apro). Pooled
across domains, classifier routing is significantly
better than random (4-2.5pp, 95% CI [+1.4, +3.7];
puzzle-clustered bootstrap), concentrated where a
real capability gap gives routing something to do
(Cryptic +4.0pp, Connections+ +5.9pp; peak 8—
11pp at low escalation). On Rebus and VP, Flash
already matches Pro, so there is little to route.

Cost economics. Whether routing saves money
depends on the accuracy gap between the cheaper
first-pass model and the stronger fallback (Table 8).
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(a) Pooled: gains front-loaded, losses back-loaded

(b) Net by domain
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Figure 4: Here we ask how much of a workload is worth re-prompting. Answers are re-prompted lowest-confidence-
first, so the horizontal axis is the fraction of the set escalated and the left of each panel is where the classifier
is least confident. (a) Recoveries accumulate early and harm accumulates late, so the net curve climbs to about
+3.5pp at ~=45% escalation and then falls away as answers that were already right get overturned (shaded band:
puzzle-clustered bootstrap 95%). (b) The same net curve split by domain. Cryptic stays positive throughout, while
Rebus turns sharply negative past ~50%. The practical reading is to re-prompt the low-confidence half at most, and

less than that on Rebus.

Domain Solo-Flash Solo-Pro Cascade Saving
Rebus 0.80 0.81 0.81 94%
Cryptic 0.75 0.87 0.87 42%
VP 0.88 0.85 0.88 98%
Connections+ 0.77 0.95 0.95 6%

Table 8: Two-model Flash—Pro cascade at the operat-
ing point that matches Solo-Pro accuracy. Saving: cost
reduction versus always calling Solo-Pro. On Connec-
tions+ the 18pp Flash—Pro accuracy gap forces near-
total escalation, collapsing the saving.

The saving is largest where the cheaper model is
already competitive with the fallback (94-98% on
Rebus and VP), moderate on Cryptic (42%), and
collapses on Connections+ (6%), where an 18pp
accuracy gap forces near-total escalation. Rout-
ing quality and cost saving thus peak on different
domains.

Conclusion

Our primary focus was to ask whether the surface
of a reasoning trace carries enough signal to pre-
dict whether a model got the answer right, without
access to the answer itself. Across seven frontier
VLMs and four insight domains, the answer is yes.
A six-feature keyword-based classifier predicts per-
trace correctness with high precision matching or
outperforming semantically richer alternatives. A
confidence feature reading the commitment lan-
guage around the model’s chosen answer adds fur-

ther lift and captures the local aha-moment sig-
nal characteristic of insight puzzles. That these
keyword-based features suffice is itself the finding
which strongly suggests that the models’ traces are
more stereotyped than they appear, and the signal
is surface-encoded because the behaviour itself is.

In the math domain, the effort features still dis-
criminate correctness (a difficulty signal shared
with insight) but the hedging and resolution lan-
guage that makes insight traces diagnostic is largely
absent, replaced by a near-linear step-by-step trace
structure in place of visible search and struggle.
It is that uncertainty and resolution language, not
effort, that distinguishes insight from mathematical
reasoning.

Finally, when models summarise their own un-
certainty into a confidence score, they do so poorly.
An external classifier reading the same trace (ef-
fort features and commitment-language signal) is
roughly five times better calibrated. These gaps
motivate training rewards on trace consistency and
abstention on low-confidence outputs.

To support further work, we release our data:
the constructed Connections+ insight puzzles, all
reasoning traces, extracted features, predictions
and analysis code.

Limitations

Our work shows cross-domain transfer of fea-
tures within four insight-puzzle domains. Indepen-
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dent application to additional public insight-puzzle
benchmarks (e.g. RiddleSense, ARC-AGI) would
strengthen the generalisation claim. Insight is op-
erationally defined here by the dependence on a
non-obvious reinterpretation. The four domains
are a sample, not a definition.

Our research covers seven frontier VLMs. Fur-
ther research into newer or older models, smaller
open-source models, or non-thinking models could
produce different results. Within our seven models,
Qwen3-VL has the lowest accuracy and the longest,
most repetitive traces, so its average precision is
the lowest in the cohort. This is a base-rate effect,
not an unreadable trace. On Qwen’s own traces the
classifier still ranks correct answers above wrong
ones about as reliably as for the other six models
(AUC = 0.71), and the LLM-judge feature recov-
ers most of the cross-model transfer gap. Its trace
carries the correctness signal. The limitation is
deployment transfer to a very differently-styled
model, not readability.

Some of the thinking models we use do not al-
low temperature to be set and we only generate one
complete set of traces across our puzzles and mod-
els, so each correctness and trace-feature comes
from a single generation per puzzle. However a
trace and its outcome are read from the same gener-
ation, so each pair is internally consistent and every
correlation we report aggregates over thousands
of such pairings. To test stability under random
variation, we generated two further runs of the un-
augmented Cryptic pass for three models across
the cohort. The effort features that carry the pri-
mary signal, reasoning tokens and elapsed time,
reproduce the same correct-versus-wrong separa-
tion across these independent runs (Cohen’s d shifts
by at most 0.3 between same-snapshot runs), so the
core result is not an artefact of single-run sampling.
Hedge features vary more from run to run, consis-
tent with their weaker and more model-dependent
role.

Math and insight traces show different feature
distributions, but our math sample is small (50
unique puzzles, 348 traces; 335 carry usable think-
ing for the feature correlations) because of satu-
ration in this domain. A larger and harder math
dataset could provide further insight.

We control for contamination on math with a
post-cutoff corpus, but three of the four insight
benchmarks predate the models and are not post-
cutoff. We argue that contamination does not drive
our results. Base rates are low (0.60 to 0.74),

whereas memorised answers would push accuracy
toward the ceiling that contaminated MATH-500
reaches (98%). Connections+ is newly constructed
for this work and cannot have been seen, yet shows
the same feature-correctness pattern. Our claim
also concerns the relationship between trace fea-
tures and correctness rather than accuracy, so a
memorised puzzle produces a short confident cor-
rect trace that weakens the effort signal rather than
creating it.

Some of our analysis depends on an LLM-judge
(Gemini 3 Flash) reading the un-augmented trace
and returning a per-candidate confidence score. We
validate this three ways (Appendix D). Against a
blinded human gold standard judge on 75 strati-
fied traces, the LLLM judge tracks human intuition
on the committed answer, the candidate that en-
ters the classifier, at Spearman p = 0.82 (95% CI
[0.73,0.88]). Pooled across all candidates, Spear-
man p = 0.55, the drop caused by the intermediate
building-block words or clue extracts that the LLM
judge reads as locally positive but the human judge
does not consider as valid candidates. Against a
second, independent judge family (DeepSeek V3)
the two LLM judges agree at p = 0.84 (0.86 on the
committed answer), and DeepSeek independently
tracks the human at 0.77. Against a third, indepen-
dent judge family (Llama 3.3) Gemini and Llama
agree at p = 0.74. Re-testing with Gemini 3 Flash
after randomising the order of the trace text shows
that scores are robust to trace-order perturbation.

Gemini 3 Flash serves three roles: (1) an eval-
uated model, (2) the LLM judge that produces
chosen_conf for every trace (including its own),
and (3) the source of the keywords we test as
a simpler alternative to the chosen_conf score.
However, (a) the confidence score agrees with
a blinded human gold standard (p = 0.82) and
is reproduced by two independent judge families
(DeepSeek p = 0.84, Llama p = 0.74), and (b)
the confidence keywords were validated by manual
review as valid epistemic markers. Furthermore,
our headline effort-signal classifier uses no judge
at all.

The classifier’s reliance on hedge markers is not
merely stylistic. In the one model whose token dis-
tributions we can inspect (Qwen3-8B on Cryptic),
hedge words are emitted where the model’s own
generation-time entropy is about one standard de-
viation above its trace baseline (Appendix G). The
surface marker the classifier counts co-occurs with
genuine internal uncertainty rather than a stylistic
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trait. These token-level features are not exposed by
closed-model APIs across our cohort, so they stay
out of the deployed classifier.

We did not attempt to predict the correctness of
model answers by human review of their thinking
traces to provide a human baseline for compari-
son. To do so fairly the annotator must have no
knowledge of the ground-truth answer, and traces
typically describe the puzzle well enough to reveal
it, so an annotator is only temporarily uninformed,
and in practice can judge only one trace per puzzle.
A comparison across models would therefore need
several annotators and an inter-annotator reliability
design. An experimental design that keeps knowl-
edge of the answer out of the judgement is achiev-
able but prohibitively expensive at the scale our
cohort would need, and we leave it to future work.
Our human exercise (Appendix D) sidesteps this
by asking the annotator to evaluate commitment
language around each candidate answer rather than
correctness itself.

Finally, the monitor is trace-level. Due to the
way they are constructed, the confidence and hedge-
position features localise where in a trace the model
expresses doubt and commits to an answer, but the
monitor does not identify the specific reasoning
step at which the error originates. We leave the
challenge of locating the faulty step to future work.

Xiong et al. (2025) show LRMs are “selectively
faithful” to their own thinking under counterfactual
interventions. Our approach is unaffected because
we measure struggle markers and commitment-
language without attempting to identify causal ex-
planations of the answer, but the faithfulness limi-
tation is worth flagging.

The puzzles we use are drawn from public
datasets and date-stamped public URLs (for Con-
nections+). The input side relies on continued ac-
cess to those sources.

Data availability. The reasoning traces we col-
lected, the extracted surface features, the per-trace
predictions, and the classifier and analysis code
are available at https://github.com/rajma
nn/insight-dataset-release. We do not
redistribute the externally-sourced puzzles (Re-
bus, Cryptonite, VisualPuzzles images and clues;
HMMT and AIME problems); instead we provide a
per-item mapping to their original datasets together
with the gold answers, so the exact sample can be
recovered. The Connections+ construction, which
is our own pairing of NYT Connections games, is

included in full.

Anthropic’s Claude was used to assist with code
and to polish the manuscript text. The research
design, experimental decisions, claims and final
wording are the authors’ own.
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A Dataset, prompts and reproducibility

Per-domain counts. The insight corpus is 400
unique puzzles (100 per domain). Each puzzle is
attempted by 7 models on each of 2 passes (un-
augmented and self-confidence-augmented), with
GPT-5 excluded from Connections+ because its
OpenRouter response was empty on every Connec-
tions+ attempt (24K reasoning tokens / 0 message
tokens). After dropping silent-no extractions, the
analysed corpus is 5,054 (model, puzzle, pass-type)
observations.

Domain Puzzles Models Obs.
Rebus 100 7 1,304
Cryptic 100 7 1,295
VP 100 7 1,332
Connections+ 100 6 1,123
Math (HMMT + AIME) 50 7 348

Table 9: Per-domain unique puzzle and observation
counts. Insight: 4 domains x 2 passes (un-augmented
and augmented). Math: 1 pass (un-augmented).

Sources and licenses.

* Rebus: 100 images from Das et al. (2025)
(https://rebus-dataset.github.io/).

e Cryptic crosswords: 100 clues sampled
from Efrat et al. (2021) (https://gi
thub.com/aviaefrat/cryptonite;
efrat-etal-2021-cryptonite on Hugging-
Face).

* VisualPuzzles (analogical subset): 100 items
stratified-sampled from the 211-item analog-
ical subset of Song et al. (2025) (https:
//huggingface.co/datasets/neulab/V
isualPuzzles). Stratification: 57 easy / 38
medium / 5 hard, matching the proportions in
the full subset.

* Connections+: 100 puzzles. Each pairs two
non-overlapping NYT Connections daily puz-
zles into a 32-word grid with 8 groups of 4
words, raising the cohort base rate above sin-
gleton Connections’ 90% ceiling.

e Math: 50 puzzles drawn from HMMT
November 2025 + February 2026 and AIME
2026. All puzzles are released after the train-
ing cutoff of every model in the cohort, con-
firmed against publicly reported cutoffs (Gem-
ini 2.5/3, GPT-5, Claude 4.6, Qwen3-VL-
235B Thinking).

Prompts. Each domain has a paired un-
augmented and self-confidence-augmented prompt.
The augmented prompt appends an explicit confi-
dence ask with: 0 = pure guess, 25 = unlikely but
possible, 50 = one of several plausible candidates,
75 = fairly sure, 100 = certain this is correct.

Rebus (un-augmented):

This is a rebus puzzle image. What word or phrase
does it represent?

Do NOT explain or include any other text. Respond
with ONLY this exact syntax:

ANSWER: <your answer>

Rebus (augmented): as above, with the response template
replaced by:

ANSWER: <your answer>

CONFIDENCE: <0-100>

plus the confidence rubric.

Cryptic (un-augmented):

Solve this cryptic crossword clue.

Clue: {clue}

Enumeration: {enumeration}

ANSWER: <answer in UPPERCASE; single space between
words>

VP (un-augmented):

This is a visual analogy puzzle. The image shows:
- Top row: Origin, Analogy, Origin’, and Analogy’
(Analogy’ is marked with ?).

- Bottom row: four candidate answers labelled A,
B, C, D.

Find the relationship between Origin and Analogy,
then apply it to Origin’ to determine which
candidate is the correct Analogy’.

ANSWER: <one letter A, B, C, or D>

Figure 5: Verbatim prompts for un-augmented passes
(one representative per domain). The augmented vari-
ants append the same two-line ANSWER/CONFIDENCE re-
sponse template plus rubric.

API call parameters.

* Temperature: provider defaults. We do not
fix a decoding temperature of 0, because fully
deterministic decoding is not available across
all providers in our cohort. Reasoning mod-
els are stochastic, and some providers do not
permit temperature O with extended thinking
enabled (for example, the Anthropic API re-
quires temperature 1 when thinking is on).
Runs are therefore not precisely reproducible.

* Max tokens: 8,000-16,000 for Rebus, Cryp-
tic, VP; 24,000 for Connections+ (32-word
search space); 48,000-64,000 for Math.

* Reasoning /
Anthropic
budget_tokens:

thinking budget:
thinking={enabled,
4096-12000}; Gemini
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ThinkingConfig(include_thoughts=True,
thinking_budget=4096-12000); GPT-5

via OpenAl Responses API (provider-default

reasoning effort); Qwen3-VL via OpenRouter

(thinking enabled by model definition).

Compute. Total API spend across providers ap-
proximately $600 (Claude Opus 4.6 dominates at
roughly half). GPU work (ModernBERT fine-tune
in Appendix B, Qwen3-8B token-level pilot in
Appendix G, sentence-embedding extraction) to-
talled roughly 10 GPU-hours on Google Colab T4
and L4 GPUs. We also made limited use of the
Hyperion high-performance computing facility at
City St George’s, University of London. Closed-
source model parameter counts are not all publicly
disclosed. Qwen3-VL-235B is 235B parameters,
Qwen3-8B is 8B, ModernBERT-base is 149M.

Math corpus context. The six latest-generation
models reach 89% blended accuracy on the post-
cutoff puzzles (86% across all seven, including the
older Gemini 2.5 Pro at 64% on this corpus), com-
parable to ~98% on contaminated MATH-500. On
this corpus the length and time effort features still
discriminate correctness (Spearman p = —0.19 to
—0.26; Table 6), a difficulty signal shared with in-
sight. What does not transfer is the hedge-language
signal, because hedging is an order of magnitude
rarer on math (Appendix F).

B Features, classifier and LLM-judge
specification

The 21-feature LEN+RATES baseline that the
6-feature classifier was selected from is shown
in the body (Table 1). This appendix de-
tails the per-provider source fields used to
compute tokens_thinking_proxy, the surface-
marker categories extracted by regex from
thinking traces, the LLM-judge prompt, and
stacked LR specification. Implementation
uses scikit-learn 1.8.0 (LogisticRegression,
GroupKFold), sentence-transformers 5.4.1
(MiniLM-L6, bge-m3), and transformers 5.6.2
(ModernBERT).

Surface-marker categories. The regex dictio-
nary contains five categories of struggle and com-
mitment markers. The examples are illustrative.

* Hedge (uncertainty): wait, actually, hmm,
maybe, perhaps, i’m not sure, let me
reconsider, on second thought.

* Confidence (commitment): must be,
clearly, the answer is, definitely, got
it, spot on, makes sense.

» Explicit rejection (candidate-specific rejec-
tion): doesn’t fit, doesn’t work, not
quite right,can’t be it.

* Revision and self-correction: transition
phrases and surface edits to earlier reasoning
within the trace.

e Candidate switch: transitions between dis-
tinct candidate answers, identified from
candidate-mention sequences.

Sentence-embedding baselines. We tested
frozen text embeddings as replacements for
the 6-feature effort signal: MiniLM-L6 (Wang
et al., 2020) (384-dim, last_N 256-token tail and
chunk_mean pooling) and bge-m3 (Chen et al.,
2024) (1024-dim, full 4K-token context). Each
was fed into the same LR setup as the canonical
features. Within-domain LOPO (3-domain
pilot): MiniLM chunk_mean 0.659/0.822/0.830
(Rebus/Cryptic/VP) vs canonical 25-feature
0.784/0.938/0.908; bge-m3 0.688/0.825/0.862.
A canonical+bge-m3 concatenation (1049-dim)
recovered some signal but never beat canonical
alone. R@90% collapsed under embeddings (e.g.
Rebus 0%). General-purpose embeddings extract
less correctness signal than hand-crafted regex
features.

Fine-tuned BERT classifier baseline. We fine-
tuned answerdotai/ModernBERT-base (Warner
et al., 2024) (149M params, 8K context) on the
same train/val splits as the LR. Tokenisation: last
4,096 tokens. Top 2 of 22 transformer layers +
classifier head trainable (~10M params); 3 epochs,
LR 2 x 10~?, weight decay 0.01, fp16, effective
batch size 8. Domain-stratified 5-fold AP: Rebus
0.710, Cryptic 0.907, VP 0.847 vs canonical 0.781
/0.922 / 0.893. Fine-tuning underperforms canon-
ical on every domain. Task-specific training does
not extract signal that the regex features miss at
the available data scale (n = 1,768). This is a
constrained fine-tune, with only the top 2 of 22
transformer layers unfrozen on 1,768 examples, so
a larger one might recover more.

Full-trace LLM-as-judge baseline. Gemini
3 Flash, zero-shot prompt over the full think-
ing trace returning a single peorrect € [0, 1]
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Provider Source field Captures

Gemini thoughts_token_count  Hidden full reasoning

GPT-5 reasoning_tokens Hidden full reasoning
Anthropic output_tokens — ~50  Thinking summary + reasoning

Qwen (OpenRouter)  thinking_length/4 Full visible CoT

Table 10: Per-provider source fields used to compute tokens_thinking_proxy. The proxy unifies
these into a single numerically-comparable feature with full row coverage. = GPT-5 source field is
output_tokens_details.reasoning_tokens; abbreviated here for layout.

with structured JSON (justification, uncer-
tainty_signal, failure_mode). Anchors at
p € {0.95,0.75,0.50,0.25,0.05} tied to text
cues. Per-domain AP: Rebus 0.822 vs canonical
LR 0.800; Cryptic 0.939 vs 0.938; VP 0.876 vs
0.891. Paired bootstrap deltas all cross zero (all
ClIs contain 0). The judge ties canonical LR on
AP. An ensemble of the two adds a small lift
(+0.013 to +0.033 AP, all CIs exclude zero),
confirming the trace ceiling. Full-trace judging
by a frontier LLM does not extract signal that the
deployable 6-feature classifier misses. The full
system instruction is given in Figure 6; the judge
sees the trace alone, with no puzzle, image or
ground truth.

Per-candidate judge prompt. The deployed
judge (Gemini 3 Flash) reads the trace plus a
candidate list (regex-extracted candidates for Re-
bus/Cryptic; letter set { A, B, C, D} for VP; 8 cho-
sen 4-word groups for Connections+) and returns
one 0-100 confidence per candidate. Anchored
rubric:

0-49: Resignation / doubt (“I give up”, “doesn’t
fit”, “no”, “maybe”).

50-69: Middle ground / hedged uncertainty.
70-94: Committed but with recognition language

LIS

(“could be”, “probably”, “seems”).

95-99: Eureka / strong recognition (“that’s it!”,

“perfect match”, “bingo!”).

100: Unambiguous recognition (explicit “this is

correct” confirmation).

The judge also returns 2—6 short n-gram quotes

from the trace driving the score. Coverage: Re-
bus+Cryptic 99.9% successful parses, VP 100%.

Connections+ per-group scoring. Connections+
commits to a partition (8 groups of 4 words). The
full committed solution is unlikely to be included
in thinking which focuses on individual groups.
Therefore the judge instead scores each of the 8
chosen groups independently using the same rubric.
The 8 scores collapse to a single chosen_conf via
mean (primary); min, second-smallest (minl), and
median tested as robustness. The resulting Connec-
tions+ LODO conf-add lift under each rule: mean

You are an expert evaluator of reasoning traces. Your task is to judge
whether a model's chain-of-thought reasoning is likely to have concluded
with a correct answer to a puzzle.

You will NOT be given the puzzle itself or the ground-truth answer. Your
judgment must come from the reasoning trace alone. Estimate the probability
the model's answer is correct based on the quality and consistency of its
reasoning - internal coherence, candidate exploration, hedging patterns,
self-correction, premature commitment.

Calibration anchors for p_correct:

- 0.95: confident, internally consistent reasoning arriving at a clearly
justified answer

- 0.75: mostly sound with minor hedging or one small inconsistency

- 0.50: genuinely ambiguous after reading

- @.25: visible confusion, contradictions, or unjustified leaps

- 0.05: contradictory, circular, or the answer doesn't follow from the
reasoning

Output VALID JSON only, matching this schema (no markdown fences, no
commentary):

{

"p_correct”: <float 0.0-1.0>,

"justification”: "<1-2 sentence explanation>",

"iff_filtration_signal”: "best_candidate_picked” |
"better_candidate_dropped” | "no_clear_alternatives_considered”,

"n_distinct_candidates_considered”: <int>,

"primary_uncertainty_signal”: "confident_and_right” |
"confident_but_wrong” | "candidate_switching” | "hedging"” |
"self_correction” | "circular_reasoning” | "format_failure"” |
"none_visible",

"verbal_reasoning_quality”: <int 0-100>,

"primary_failure_mode_if_wrong"”: "wordplay” | "logic"” | "format"” |
"premature_commit” | "n/a"

}

Field rubric:

- iff_filtration_signal: of the candidates the model considered, did it pick
the strongest based on its own reasoning? Use
"no_clear_alternatives_considered” if the model committed without
exploring options.

- n_distinct_candidates_considered: count of unique answer candidates the
trace explicitly weighed. Minor variants of the same answer count once.

- primary_uncertainty_signal: the single dominant pattern in the reasoning
style. Pick the most prominent.

- verbal_reasoning_quality: 0-100 quality of the linguistic / wordplay /
logical reasoning execution.

- primary_failure_mode_if_wrong: only fill if p_correct < 0.5; else "n/a".

Do NOT propose or speculate about the ground-truth answer. The justification
describes reasoning quality, not your guess at the puzzle's solution.

Figure 6: The full system instruction for the full-trace
LLM-as-judge baseline (Table 4). Reproduced from the
released code; line breaks are adjusted to fit the column.
The judge receives the thinking trace and nothing else.

+4.50pp, min +8.04pp, minl +4.94pp, median
+-0.38pp. Mean gives the most uniform per-domain
lift.

Stacked LR specification. The deployed classi-
fier is two-stage. Stage-1 fits LR on the 6 effort fea-
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tures (z-scored, L2 regularisation, sklearn default
C' = 1.0) and emits predicted_prob € [0, 1]. Stage-
2 fits LR on [predicted_prob, chosen_conf/100]
(two features on comparable scale). A one-shot
7-feature LR underperforms presumably because
L2 regularisation struggles with scale mismatch
between features. The stacked formulation also
matches cascade deployment, where the confidence
feature augments an existing effort classifier.

Regex distillation of the judge. We mined the
judge’s n-gram quotes (25,213 candidate rows
yielding 59,399 n-gram—confidence pairs) using
log-lift to select discriminative markers. Positive
(eureka): “bingo!”, “perfect!”, “perfect match”,
“that’s it!”. Negative (resignation): “doesn’t fit”,
“not sure”, “could mean”. We manually reviewed
the markers and confirmed they are valid epistemic
cues (commitment language for high confidence,
doubt or rejection language for low). A base-
line mixed 1-5-gram set (~144 markers) captures
~41% of the judge’s +3.62pp LODO lift. Per-
domain within-domain LOPO with top-20 residual-
mined markers: Rebus +10.01pp [+6.47, +16.93],
Cryptic +1.24pp [-0.70, +3.08], VP +6.95pp
[+2.76, +13.13], Connections+ +1.96pp [-1.32,
+5.86]. Only Rebus and VP ClIs strictly exclude
zero. A single cross-domain marker set does not
transfer (mean LODO lift 4-1.45pp; only VP pos-
itive). The remaining ~60% of judge lift reflects
reading-comprehension operations regex cannot
perform (binding language to candidates and con-
text).

C Classifier performance breakdown:
LOPO, LODO, LOMO

Table 11 extends body Table 2 to within-domain
(LOPO), cross-domain (LODQ) and cross-model
(LOMO) evaluation. Cell format: AP (lift = AP —
base, in pp). Final column reports the confidence-
add lift (effort+conf — effort) with 95% puzzle-
clustered bootstrap CI (N = 500). LOPO pools
both passes within domain. LODO and LOMO use
un-augmented only.

D Inter-judge agreement and judge
validation

Setup. The seventh  classifier feature,
chosen_conf, is produced by an LLM judge
(Gemini 3 Flash) that reads the un-augmented
trace and returns a per-candidate confidence score
(§3). Because the lift claim depends on this feature,

we validate the judge three ways: a blinded human
gold standard, two independent second-judge
families, and a test of whether trace order affects
the score. All use the deployed per-candidate
prompt (Appendix B) with no rubric changes.

Human gold standard. One author re-scored a
stratified sample of 75 traces (25 each for Rebus,
Cryptic, VP), blind to the judge’s stored score, the
emitted answer, the puzzle, and the ground truth.
On the committed answer, the candidate that be-
comes chosen_conf, author and judge agree at
Spearman p = 0.82 (95% CI [0.73, 0.88], cluster-
bootstrapped by puzzle), clearing the standard 0.7
threshold. Pooled over all 332 candidate pairs
p = 0.55, with the difference concentrated in non-
chosen candidates (p = 0.30). The difference is
caused by the LLM judge scoring local positivity
around building-block words and words extracted
from the clue (e.g. deriving ARDEN from AR-
DENT, or SAND from “s-and”’) whereas the human
can tell that these have a low probability of being
the answer and therefore scores them lower. The
judge scores higher than the human on 84% of pairs
(mean +22.6), and the over-scoring is more than
double on non-chosen words (+25.9) than on the
committed answer (+11.6).

Cross-family judges. We re-scored the 75 traces
with DeepSeek V3 (deepseek/deepseek-chat),
a family independent of every evaluated VLM.
DeepSeek and Gemini agree at Spearman p =
0.84 pooled (0.86 on the committed answer), and
DeepSeek independently tracks the human gold
standard on the committed answer at p = 0.77,
reproducing the Gemini result. The building-
block over-scoring appears in both families, in-
dicating a general LLM-judge property rather
than a Gemini artefact. For the self-preference
test below we extended this second-judge pass
to a further 350 traces, up to 50 per generat-
ing model. We also scored 104 traces with
a third LLM judge using Llama 3.3 70B In-
struct (meta-1llama/llama-3.3-70@b-instruct),
following Chen et al. (2025). The third judge
agrees with Gemini at p = 40.74 pooled; per-
domain on chosen_conf: Connections+ +0.63
(n = 20), Cryptic +0.76 (n = 31), Rebus 4-0.61
(n = 18), VP +0.91 (n = 35).

Does the judge favour its own output? The
judge (Gemini 3 Flash) is one of the seven eval-
uated models, so we test for preference towards its
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Held-out n Base Effort + conf Conf-add lift (95% CI)
LOPO (within domain, both passes pooled)

Rebus 1,265 0.63 0.810 (+18pp) 0.832 (+21pp) +2.19pp [+0.71, 4+3.98]
Cryptic 1,184 0.74 0.914 (+18pp) 0.949 (+21pp) +3.47pp [+1.54, +5.75]
VP 1,244 0.73 0.869 (+14pp) 0.885 (+16pp) —+1.59pp [+0.22, +-2.79]
Connections+ 974 0.62 0.864 (+24pp) 0.908 (+29pp) +4.42pp [+1.24, +7.65]

Mean within domain

0.68 0.864 (+19pp)

0.893 (+22pp)

+2.92pp (all CIs > 0)

LODO (held-out domain, un_aug only)

Rebus 643 0.60 0.823 (+22pp)
Cryptic 593 0.65 0.917 (+27pp)
VP 622 0.67 0.831 (+16pp)
Connections+ 487 0.54 0.839 (4-30pp)
Mean by domain 0.62 0.853 (+24pp)

0.850 (+25pp)
0.955 (4-30pp)
0.866 (+19pp)
0.884 (+35pp)
0.889 (+27pp)

+2.69pp [+0.59, +4.83
+3.80pp [+2.22, +6.12
+3.51pp [+1.41, +5.94
+4.50pp [+1.96, +7.50
+3.62pp (all CIs > 0)

—_ e — =

LOMO (held-out model, un_aug only)

Gemini 3 Pro 390 0.89 0.940 (+5pp)
Gemini 3 Flash 367 0.82 0911 (+9pp)
GPT-5 264 0.71 0.890 (+18pp)
Claude Opus 4.6 326 0.76 0.815 (+6pp)
Claude Sonnet 4.6 330 0.67 0.770 (+10pp)
Qwen3-VL-235B 358 0.30 0.488 (+19pp)
Gemini 2.5 Pro 310 0.59 0.739 (+15pp)
Mean by model 0.68 0.793 (+12pp)

0.943 (+5pp)

0.925 (+11pp)
0.915 (+20pp)
0.846 (+9pp)

0.813 (+14pp)
0.573 (+27pp)
0.859 (+27pp)
0.839 (+16pp)

+0.26pp [—0.82, +1.48]
+1.40pp [+0.51, +2.39]
+2.55pp [+0.33, +4.78]
+3.08pp [+0.91, 45.24]
+4.31pp [+1.73, +6.84]
+8.44pp [+5.99, +11.20]
+12.00pp [+7.16, +16.82]
+4.58pp (6 of 7 CIs > 0)

Table 11: Classifier performance under within-domain (LOPO), cross-domain (LODO) and cross-model (LOMO)
evaluation. Cell format: AP (lift = AP — base, in pp). Final column reports the confidence-add lift (effort+conf —
effort) with 95% puzzle-clustered bootstrap CI (N = 500). Gemini 3 Pro shows no detectable confidence-add lift
under LOMO at base rate 0.89, the only fold where the CI crosses zero.

own model and towards the Gemini family. We
compare our judge with DeepSeek V3, from a fam-
ily independent of all seven, on identical text with
correctness and domain controlled.

Relative to the four non-Gemini models, our
judge scores its own model’s traces 3.9 points
lower than the independent judge does (95% CI
[—5.74,—2.14]), and Gemini-family traces 3.6
points lower ([—5.10, —1.99]). The concern is that
a judge inflates scores for its own output. But the
measured direction is the opposite on both mea-
sures, and the effect is small. Replacing our judge’s
scores with the independent judge’s changes within-
domain AP on these traces by under 1%, from
0.907 to 0.899.

Trace-position robustness. The committed an-
swer almost always appears last, in a confident
concluding statement (84% of chosen candidates
have their final mention in the last 15% of the
trace), so we tested whether the judge relies on
that positioning rather than language alone. Re-
judging the 75 traces with the trace text paragraphs
reordered (to preserve language coherence) and
holding the candidate list fixed, leaves the commit-
ted answer’s score unchanged. Chosen and non-
chosen scores shift identically (+1.5 vs +1.8), so
there is no position-specific effect. A small chosen-
specific deflation (= 5 points) appears only when
sentences are shuffled instead of paragraphs but this

also destroys some language coherence. Rankings
are stable at both granularities (original-vs-shuffled
p ~ 0.83).

Summary. The feature behind the lift claim is
therefore validated against a human (committed-
answer p = 0.82), reproduced by two independent
judge families, and robust to trace position. The
one documented limitation, over-scoring of non-
answer building-block words, falls on alternative-
candidate features rather than on chosen_conf and
therefore has no effect on the confidence feature.

E Self-reported confidence: calibration
and discrimination

Table 12 provides the per-domain numerical break-
down supplementing the pooled reliability diagram
in §5.3 (Figure 2). ECE computed with 10 equal-
width bins; AP for discrimination. Augmented pass
only, paired SR and classifier per row, n = 2,274
across 4 domains.

F Effort features: math vs insight
Spearman

Table 13 shows the Spearman p(feature, correct-
ness) for each feature on each insight domain and
on the post-cutoff hard_math_93 corpus, using the
un-augmented pass and the 7-model cohort. All
cells include a 95% bootstrap CI from a cluster
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Domain Base AP (SR) AP (cif) ECE (SR) ECE (clf)
Rebus 0.644 0.788 0.826 0.246 0.038
Cryptic 0.745 0.906 0.943 0.161 0.043
VP 0.736 0.859 0.894 0.127 0.077
Connections+ 0.647 0.884 0.906 0.235 0.031
Mean 0.693 0.859 0.892 0.192 0.047

Table 12: Discrimination (AP) and calibration (ECE, 10 equal-width bins) for self-reported confidence vs the
effort+-confidence classifier on the augmented pass (n = 2,274 paired rows across 4 insight domains). The classifier
wins on AP in every domain (mean +3.3pp) and is roughly 5x better calibrated when pooled (ECE 0.037 vs
0.189; Figure 2); 4x on the per-domain mean (ECE 0.047 vs 0.192). Rebus and Connections+ show the strongest

miscalibration of self-report.

resample on puzzle_id (n = 2,000); cells marked
with x have a CI that excludes zero.

For brevity we show the six effort-signal features
that anchor the discussion in §5.2. The remaining
LEN+RATES features, including trigram repeti-
tion, are null on math with Cls spanning zero.

Summary. On post-cutoff hard math, the length
and time effort features discriminate correctness
(Spearman p = —0.19 to —0.26, CIs exclude
zero), a difficulty signal shared with insight, though
weaker than the insight means of —0.31 to —0.47
(Table 6). The hedge-language features do not
transfer (p = —0.04 to —0.08, CIs span zero).
Hedging is 10.7x rarer on math, so it collapses
below detectability. The remaining LEN+RATES
features, including trigram repetition, are null on
math. Effort is thus a shared but attenuated sig-
nal. The uncertainty and resolution language that
carries the insight-specific signal is largely absent.

G Token-level distributional pilot
(Qwen3-8B)

Setup. Qwen3-8B-Thinking served locally on
Cryptic crosswords across three hint conditions (LLO
unaided / L1 first-letter / L2 stronger hint), making
per-token logprobs and alternatives available.

Four-feature compact set. std_top_gap
(variability of top-1 vs top-2 logprob mar-
gin), max_entropy (peak next-token entropy),
mean_entropy_first_20pct (entropy in trace’s
opening tokens), peak_max_p_hesitation (peak
probability mass on hesitation words the model
considered but did not emit).

Cross-sectional analysis. Across the three hint
strengths, Cohen’s d between correct and wrong
puzzles is consistent in direction (Figure 7).
std_top_gap is positive (d +0.80 to +1.72) and
the three entropy and hesitation features are nega-
tive (d —0.30 to —1.34). Correct puzzles have more

variable top-1/top-2 margins, lower peak entropy,
lower opening-window entropy, and less hesitation
mass.

Within-puzzle paired-delta. Same puzzle at LO
versus the strongest hint that flipped its correctness.
Helped n = 32 versus both-wrong n = 60. Co-
hen’s d 0.55-1.12 with p € [0.000, 0.025] (Welch’s
t-test).

Event-window analysis. Figure 8 shows mean
next-token entropy in a 50 token window centred
on each surface event (hedge, hesitation, commit-
ment) under the L1 condition. Hedge and hesitation
events sit on a clear local entropy spike, similar be-
tween correct and wrong puzzles. Commitment
events are too rare in this dataset (n = 11 from
correct puzzles) to read. Pooled over both hint
conditions, the hedge markers the classifier counts
sit about one standard deviation above the trace-
wide entropy baseline (Cohen’s d ~ 1.0 over 32k
hedge tokens), whereas commitment and resolu-
tion markers sit at baseline (d ~ 0.1-0.2). The
surface markers track the direction of the model’s
own token-level uncertainty.

Why excluded from the deployed classifier.
Closed-API providers do not expose per-token log-
probs across our 7-model cohort, so these features
cannot be computed for the main results.

H Feature ablation

Table 14 reports each effort feature as a sole pre-
dictor (single-feature AP) and the change from re-
moving it from the six (leave-one-out A), under
within-domain LOPO on the un-augmented pass
(n = 2,492). Table 15 reports feature-group ab-
lations. The six-feature set is robust rather than
dependent on any one feature: effort and length
features are strongest alone, hedging features are
redundant, and no single feature or family matches
the full set.
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Feature Rebus Cryptic VP Connections+ Math
Effort signal: length and time

tokens_thinking_proxy —0.36 —0.51 —0.15 —0.39 -0.20
- - [—0.41,—0.29]% [—0.56,—0.45]% [—0.21,—0.08]% [—0.43,—0.35]% [—0.30,—0.10]%

elapsed —0.42 —0.55 —0.38 —0.51 —0.26
[—0.49,—0.35]% [—0.59,—0.50]% [—0.44,—0.32]% [—0.56,—0.47]1% [—0.34,—0.16]%

thinking_char_count —0.36 —0.51 —0.14 —-0.23 —0.19
- - [—0.42,—0.30]% [—0.56,—0.45]% [—0.20,—0.08]% [—0.28,—0.19]x [—0.27,—0.11]%

Effort signal: hedge family

hedge_rate —0.32 —0.23 —0.23 —0.11 —0.04
- [—0.37,—0.27]% [—0.28,—0.19]% [—0.30,—0.16]% [—0.15,—0.06]% [—0.12,+0.07]

hedge_ratio —0.39 —0.38 —0.26 —0.22 —0.06
- [—0.44,—0.34]% [—0.42,—0.33]% [—0.32,—0.19]% [—0.26,—0.17]% [—0.15,+0.05]

hedge_position_variance —0.36 —0.43 —0.22 —0.19 —0.08
- - [—0.41,—0.30]% [—0.47,—0.39]% [—0.30,—0.15]% [—0.24,—0.15]% [—0.16,+0.03]

Table 13: Per-feature Spearman p(feature, correctness) with 95% bootstrap CI (cluster resample on puzzle_id,
n = 2,000). %: CI excludes zero. The Math column is the post-cutoff hard_math_93 corpus (HMMT+AIME,
n = 335, seven models). Length and time effort features discriminate correctness on math (x). Hedge features do
not. The remaining LEN+RATES features, including trigram repetition, are null on math and are omitted. All 27
starred correlations survive Benjamini-Hochberg FDR control at ¢ = 0.05. The three math hedge cells remain the
only non-significant results.
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+1.72

1.5 1

+1.09
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=2.0 T T T T
stdtopgap max entropy mean entropy (first 20%)  peak P(hesitation)

Figure 7: Here we ask whether correct and wrong traces separate on token-level features that closed APIs do not
expose. Cohen’s d between correct and wrong puzzles on the four headline token-level features, across the three
Qwen3-8B-Thinking Cryptic hint conditions. Positive d means the feature is higher on correct puzzles. Negative d
means it is higher on wrong puzzles. Same-sign effects across all three conditions on all four features.

Feature Reb Cry VP Con alone LOOA
elapsed 073 092 0.86 0.82 0.83 —0.03
tokens_proxy 070 090 074 0.79 0.78 —0.02
hedge_ratio 0.74 0.83 073 056 0.72 +0.00
thinking_chars 0.72 0.87 0.68 0.57 0.71 —0.01
hedge_rate 0.72 077 073 056 0.69 +0.00

hedge_pos_var 0.66 0.82 065 057 0.68 +0.00

Table 14: Single-feature AP (per insight domain and mean) and leave-one-out A (change in mean AP when
that feature is removed from the six). Full six-feature mean AP = 0.85. No feature dominates alone. None is
load-bearing (max drop 0.03).

I Provenance of the marker lists on a list of commitment markers through its
denominator. Neither list was imported from an

The three hedge features depend on a regex list of  external lexicon, so this appendix records how they
epistemic markers, and hedge_ratio additionally
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hedge (might, maybe, perhaps)

hesitation (oh, ah, um)

commitment (obviously, clearly)

—— correct (n=2,046 events)
wrong (n=13,256 events)

A AN

B~ eataGi "B

mean next-token entropy

A [l

—— correct (n=11 events)
wrong (n=83 events)

—— correct (n=648 events)
wrong (n=4,964 events)
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l
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Figure 8: Here we ask what the model is doing at the moment it emits a surface marker. Mean next-token entropy in
a +50 token window around surface events, L1 condition. Each event type aggregates across all matching event
positions in correct and wrong puzzles. Hedge and hesitation show a sharp local entropy spike consistent with the
model considering alternative continuations at the event token. Commitment events are sparse (n = 11 from correct
puzzles, n = 83 from wrong) and the panel is included for completeness only.

Feature group

mean AP

LEN+RATES (21, baseline)

canonical (25)
rates only
effort, no tokens
text-pattern only
effort only
trajectory only

0.875
0.872
0.840
0.832
0.825
0.820
0.688

Table 15: Feature-group ablation, within-domain LOPO mean AP across the four insight domains. Every family
carries signal. None matches the full set. The six-feature effort signal (0.849) sits between effort-only and the

21-feature baseline.

were built and checks the two ways that construc-
tion could have flattered the results. The other three
deployed features (tokens_thinking_proxy,
elapsed, thinking_char_count) use no list at
all.

Construction. The lists were drawn up from a
review of a 20-puzzle Rebus sample and confirmed
on review as epistemic markers. Three hedge and
eight commitment patterns were added later from
an n-gram pass over the 100-puzzle Rebus set,
and two further candidates were considered and
rejected. Table 16 sets this against when each cor-
pus was collected.

Stage Derived from of 400
20 Rebus puzzles

Initial lists (134 traces) 5%

n-gram additions 100 Rebus puzzles  25%

Cryptic collected n/a 0%

VisualPuzzles collected n/a 0%

Connections+ collected n/a 0%

Table 16: Marker-list construction against corpus col-
lection dates. Stages are in chronological order: the lists
were complete before the last three corpora existed. The
20-puzzle sample is a strict subset of the 100-puzzle
Rebus set, so 80 Rebus puzzles were also unseen when
the lists were drawn up.

Does the classifier depend on the puzzles the
lists came from? We drop the 20 selection puz-
zles and re-evaluate on the remaining 80. Under
leave-one-puzzle-out, with the 20 removed from
the training folds as well, lift over base rate is
+18.0pp against +16.9pp on all 100. Under leave-
one-domain-out, where training uses only the other
three domains, it is +18.6pp against +18.2pp. Av-
erage precision itself falls slightly, 0.797 to 0.785
and 0.810 to 0.792, because removing the 20 low-
ers the base rate from 0.628 to 0.606, and the four-
domain mean moves from 0.855 to 0.850. On
the base-rate-adjusted measure the classifier is no
weaker on puzzles the lists never saw.

Do the markers help more on the puzzles they
came from? Only Rebus can answer this, since it
is the only domain the lists saw. Comparing the 20
puzzles they were derived from against the other 80
directly is confounded, because the 20 are easier
(base rate 0.713 vs 0.605), which raises average
precision whatever the features do. We therefore
use the three list-free effort features as a baseline,
since they absorb puzzle difficulty, and ask what
the markers add on top. Under a classifier trained
entirely off Rebus, they add +0.008 AP on the 20
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and +0.032 on the 80, a difference of —0.024 (95%
CI [—0.064, +0.017], puzzle-clustered bootstrap,
N = 2,000). The interval spans zero and the point
estimate runs the other way, with the markers doing
slightly more work on the puzzles they never saw.

Are the n-gram-derived patterns load-bearing?
We recomputed the three list-dependent features
under the lists as they stood before the n-gram pass,
and again with the two rejected candidates rein-
stated, then re-ran the leave-one-domain-out eval-
uation on each. Reversing every n-gram-derived
edit moves mean AP from 0.855 to 0.854; per do-
main the earlier lists are equal or better on Cryptic,
VisualPuzzles and Connections+, and 0.009 lower
on Rebus. The signal does not rest on the patterns
that the n-gram pass contributed.

J Difficulty oracle

We compare the trace classifier against a difficulty
oracle: the leave-one-model-out peer cohort accu-
racy per puzzle (the fraction of the other six models
that solve it), which uses ground-truth outcomes
unavailable at solve time. Table 17 reports AP for
per-trace correctness on the full insight set, the con-
tested subset (some but not all models correct), and
the narrow middle (cohort accuracy 0.3-0.7). The
classifier beats the oracle everywhere, and by the
widest margin where difficulty is least informative.
On the narrow middle the oracle falls below the
base rate while the classifier holds at 0.85.

K Per-task descriptive statistics

Table 18 reports per task the number of
puzzles, accuracy, thinking-token counts
(tokens_thinking_proxy), and the ratio of
median tokens on wrong versus correct traces.
Wrong traces run longer in every task, including
math.

L Reconsideration: control and escalation

We re-prompt every Rebus and Cryptic pass-1 an-
swer. Table 19 reports the net accuracy change
(preferred vs pass-1) on the re-prompted set with
puzzle-clustered bootstrap 95% Cls (N = 2000).
The escalation curve is in the body (Figure 4).

3Pooled over the six same-snapshot models (n = 1,139).
Gemini 3 Pro is excluded because its pass-1 snapshot is retired.
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Set n

base

Full 2641
Contested 2049
Narrow middle 891

0.62
0.59
0.54

clf AP oracle AP clf—oracle
0.881 0.782 +0.099
0.871 0.658 +0.214
0.854 0.458 +0.396

Table 17: Classifier vs difficulty-oracle AP for per-trace correctness (insight, un-augmented). Per-domain (full set):
Rebus +0.06, Cryptic +0.10, VP +0.02, Connections+ +0.31.

Task puz acc tokmean tokmed wrong/corr
Rebus 100 0.61 1188 512 3.27x%
Cryptic 100 0.69 3090 1722 6.76 %
VP 100  0.73 1280 751 1.29%
Connections+ 100  0.58 9815 9032 2.12x
Math 50 0.86 9533 7188 2.51x%

Table 18: Per-task descriptives. tokens = tokens_thinking_proxy; wrong/corr = median proxy tokens on wrong
vs correct traces. Math = post-cutoff hard_math_93.

Re-prompted set net gain (pp) 95% CI
QI targeted (Iowest conf) +8.0 [+2.7,4+13.4]
Random 25% (= overall) —0.9 [—3.4,41.9]
Q4 most confident —10.1 —14.3,-6.1
Targeting advantage (Q1 — random) +8.9 +4.6,+13.5
Cryptic, bottom 25% +17.8 [+10.2, +25.5]
Cryptic, bottom 10% +23.7 [+14.3,+34.6]
Rebus, overall —8.4 —12.3,—-4.6
Rebus, bottom 10% +3.6 —7.5,+15.1

Table 19: Reconsideration net accuracy change on the re-prompted set (pp). Targeting the lowest-confidence quartile
beats a random quartile (indistinguishable from zero) by +8.9pp, while the most-confident quartile is harmful.
Cryptic gains throughout. Rebus is harmful overall but neutralised at a tight low-confidence threshold.
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