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Abstract

In high-stakes decision-making applications of large language models
(LLMs), practitioners require not only accurate LLMs but also uncertainty
estimates for their predictions. Existing approaches to uncertainty estima-
tion for LLMs require access to log-probabilities output by the model or
require fine-tuning access. However, the vast majority of industrial LLM
products use closed-source API models, and many such API models like
GPT-5 do not return log-probabilities and may not allow fine-tuning. We
introduce PINOCCHIO, a suite of 8B checkpoints for assigning uncertainty
estimates to predictions made by popular API models. To this end, we
curate a large collection of hard datasets, ranging from long-context to
vision-language, that expose conditions under which frontier models out-
put incorrect responses. We then train PINOCCHIO to recognize the patterns
in prompts and model responses that indicate confidence or uncertainty.
PINOCCHIO checkpoints significantly outperform existing baselines for
black-box uncertainty estimation in calibration metrics and transfer to cur-
rent frontier models whose responses they were not trained on, including
Claude Fable 5, Claude Opus 5, GPT-5.6, and Kimi 3. We release code for
adding uncertainty estimation to existing repos in only two additional lines
of code.

1 Introduction

A physician asks GPT-5 whether two medications interact. The model replies confidently,
and incorrectly. Nothing in the API response flags this failure. This failure mode is not
hypothetical; it is the default. As large language models are deployed in medicine, law,
scientific research, and software engineering, wrong answers delivered with high confidence
remain the central obstacle to trustworthy deployment. The closed-source models that
dominate production (GPT-5, Claude, Gemini) expose little of the internal signal that might
warn when they are wrong, and recent models increasingly hide even token log-probabilities,
yet these are precisely the models that most need reliable uncertainty estimates.

Existing approaches face a fundamental tension between access and performance. Logit-
and representation-based methods [23] achieve reasonable discrimination but require white-
box access that closed-source providers do not expose. Black-box alternatives (verbalized
confidence [43]150], self-evaluation [23]], and semantic entropy [29]) pay a steep cost: verbal-
ized confidence is poorly calibrated, self-evaluation inherits the model’s blind spots, and
semantic entropy requires 5-10x the inference budget. A frontier model’s own signals may
be calibrated on average yet weak at judging whether this response is right, and sampling a
surrogate or the target itself does not recover that per-response signal on hard reasoning.
None of these methods inherently transfers across models, and the problem compounds for
vision-language models [56]57]. Fast and accurate uncertainty estimation for black-box
API models remains an open problem.
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STAGE 1 Response Generation

"What is the best "Acute cerebral
+ diagnosis?" > Claude infarction."
Image Question Target VLM Response

STAGE 2 Uncertainty Estimation v

Q: "What is the best diagnosis?" . . P(correct)
— —
A: "Acute cerebral infarction." Pinocchio 0.47

Figure 1: An external calibrator scores a target model’s response without touching the
model. It reads the question, response, and image and outputs a probability of correctness.
This example illustrates the intended workflow; the displayed score P(correct) = 0.47 is
illustrative. Adapted from MMMU [53].

We introduce PINOCCHIO, a family of learned uncertainty estimators that predict whether
a model’s response is correct from a single (question, response) pair, without access to
log-probabilities, multiple samples, or model internals. Rather than extracting uncertainty
from the target model itself, we train a small calibrator (Figure([T) that takes the question, the
response, and the identity of the model that produced it, plus any associated images for
vision-language tasks, and outputs a probability of correctness.

Concretely, we train PINOCCHIO by fine-tuning Qwen3-VL-8B [3] with LoRA [22] on 10,892
graded (question, response, correctness) triples from three source models across 20 bench-
marks. A single forward pass produces a calibrated correctness probability, with no sam-
pling, no logit access, and no modification of the target model. On held-out data with a strict
question-level split (zero question overlap), PINOCCHIO achieves 0.878 AUROC, outper-
forming the strongest single-pass black-box baseline (0.649) by over 22 points, and a single
calibrator transfers to model families it never saw in training, including Claude, Gemini,
and LLaMA. When absolute calibration matters on a new target, a practitioner recovers it
by recalibrating on roughly 100 labeled examples, without retraining (Section [4.4).

We summarize our contributions as follows:

1. A tiny, fast uncertainty estimator for black-box APIs. We train a small uncertainty
estimator for closed API models that needs only a single forward pass, with no
access to log-probabilities, samples, or model weights, and it assigns well-calibrated
correctness probabilities to responses from models that expose no internal signal.

2. Vision-language data supplies training signal that transfers to text. Frontier
models saturate many text-only datasets, so hard errors are scarce. Vision-language
benchmarks still elicit frequent errors, and what the estimator learns from them
transfers to text-only benchmarks, improving text-only calibration when hard text
examples are limited (Section[4.3).

3. Stronger discrimination at lower inference cost than black-box baselines. PINOC-
CHIO outperforms every single-pass black-box baseline we evaluate, and it avoids
the repeated sampling and multi-pass overhead those methods require, so it esti-
mates uncertainty at a fraction of their inference cost.

4. One auxiliary model serves many target models and transfers to new ones. A
single auxiliary model produces calibrated uncertainty for multiple target models,
and it transfers to the newest frontier models it never trained on, including Claude
Fable 5, Claude Opus 5, GPT-5.6, and Kimi 3, which rules out memorization of
their responses.
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Table 1: PINOCCHIO is the only method that meets all three desiderata. Comparison with
existing methods.

Method Black-box  Single-pass  Scales w/ data

Logit-based [23]

MC Dropout [11]
Semantic Entropy [29]
Verbalized Conf. [43]
ORM / Verifiers [8]
LLM-as-Judge [58]
White-box Probe [24]

N> N> NN %%
Sl ssax xS
SN > U % % % %

PINOCCHIO (ours)

2 Related work

Uncertainty quantification in LLMs. Existing methods fall into three categories. Token-
level approaches use output probabilities [23] [39] but conflate fluency with correctness.
Sampling-based methods measure consistency across multiple generations [5, 10, 19} 29],
but require O(K) forward passes (K=5-20), multiplying API costs. Verbalized approaches
prompt models to state confidence [31} 43], but LLMs are systematically overconfident
[15, 21} 50]. When model internals are accessible, probing hidden states [2, 4, 27] or training
supervised UQ modules [26} [41] yields stronger signals, but these white-box methods are
inapplicable to closed-source models.

Fine-tuned uncertainty judges. Post-hoc calibration [17] can help when validation data is
available, though instruction-tuning degrades base-model calibration [35]. In the reward
modeling setting, Yang et al. [51] show that uncertainty-aware reward models reduce
annotation costs and mitigate reward hacking, which demonstrates the value of calibrated
confidence in LLM post-training. Most relevant to our work, Kapoor et al. [24] train probes
and LoRA adapters on the target model’s hidden states, outperforming black-box baselines
but requiring open-weight access to the target model. We extend their white-box approach
to the black-box API model setting: we train PINOCCHIO, a lightweight auxiliary uncertainty
estimator, on LLM outputs across 20 benchmarks and three source models, handling both
text and vision inputs in a unified model.

Data scaling and vision-language uncertainty. Table [l| summarizes how existing UQ
methods meet the three desiderata we target. Non-learned methods (verbalized confidence,
semantic entropy, LLM-as-judge) have no mechanism to improve with additional data.
PINOCCHIO’s performance scales log-linearly with training examples: 5,000 samples achieve
96% of the full 10,892-example training set’s performance (Section [4.5). Frontier models
err frequently on vision-language benchmarks [16, 30], which makes them a rich source
of the hard examples a calibrator needs; uncertainty estimation for VLMs itself remains
underexplored. Existing VLM uncertainty methods each drop at least one property we
require: they need multiple forward passes [56], are evaluated on a single model family [28]
57], depend on grounding annotations [36]], or train a critic bound to one target model [54].
To our knowledge, no prior work delivers a black-box, single-pass uncertainty estimator that
transfers across model families. PINOCCHIO treats these frequent vision-language errors as
a rich training signal, and that signal transfers to text, so a single jointly trained checkpoint
scores both text-only and vision-language responses.

3 Method

3.1 Problem formulation

Given question Q (optionally with image V) and candidate answer A from a target model
Miarget, we seek f (Q,A,V, M) € [0,1] estimating the probability that A is correct, without
access to Miarget's logits, weights, or internal states, where M is a lightweight identifier (a
source-model token) for the model that produced A. We frame this as binary classification
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on D = {(Q; A;, Vi,yi)}Y, where y; € {0,1}, training a model to predict P(y = 1 |
Q,A,V,M), an explicitly conditional probability that includes the source-model token
M. We allow the calibrator to condition on the target model name M so that it can use
model-specific patterns to identify uncertainty, noting a modest gain of 0.014 AUROC
over target-model-agnostic uncertainty estimation (0.878 vs. 0.863; Section [£.4). When
predicting uncertainty for new target models, we simply omit the name of the target model.
When a new target model’s labeled responses are available, a practitioner can also train
PINOCCHIO directly on them, which modestly exceeds zero-shot transfer (Appendix[5.2). A
well-calibrated estimator satisfies:

Ply=11f(QA VM) =p)=p Ypec[0]] ©)
3.2 Architecture and training

We fine-tune Qwen3-VL-8B-Instruct [3] with LoRA [22]] (rank 32, « = 64) on all linear
layers. This VLM processes both text and image inputs in a unified architecture, and its
forward pass requires an image on every example, so for text-only benchmarks we pass a
fixed uniform-gray image, which fills the required slot without adding visual signal. We
format each input as a chat-style prompt containing the question, response, and optional
benchmark/source model metadata (Appendix[O); including metadata improves AUROC
by 5.0 points (Section[4.5).

The model predicts a single token, i (incorrect) or ii (correct), and we extract the correctness
probability via softmax over the two logits:

exp(zii)

: - @)
exp(zi) + exp(zii)
We train the model with binalry cross-entropy loss on this final token only. Full training

configuration is in Appendix [C} hyperparameters in Appendix [B} training data breakdown
in Appendix [A]

P(correct) =

3.3 Training data

Since frontier models achieve very high scores on benchmarks, the central challenge in
training a calibrator is assembling enough examples where frontier models are wrong. We
address this deficit in three ways: (1) selecting hard benchmarks in the 20-80% accuracy
sweet spot, where models fail often enough and simultaneously succeed often enough to
provide learning signal for the calibrator; (2) including vision-language benchmarks, which
are naturally harder for frontier models and provide a rich source of errors; and (3) collecting
responses from multiple source models to the same questions, which pushes the calibrator
toward patterns of correctness that hold across models rather than the phrasing habits of
any one model, a claim we test directly in Section

We aim for a single calibrator that, though trained on a fixed set of source models, transfers
to the newest frontier systems it never saw, including Claude Fable 5, Claude Opus 5,
Kimi 3, and GPT-5.6 (Section . Concretely, we run three source models (GPT-5-mini,
GPT-5.2, and Qwen3.5-397B) on 20 benchmarks spanning mathematics, science, coding,
general knowledge, and multimodal reasoning (Table 2). We grade each response against
ground-truth answers to produce binary correctness labels using exact/fuzzy matching for
15 benchmarks and an LLM judge (GPT-5-mini) for the remaining five rubric benchmarks
(grading robustness in Appendix[M)); a post-hoc audit confirmed only 18 of 12,972 labels
(0.14%) are affected by grading edge cases. The resulting dataset contains ~11,000 training
examples (54% correct). We hold out 15% using a question-level split: all instances of a given
question across source models go to the same split, yielding 1,953 test samples with zero
question overlap.

Benchmark selection. We design the benchmark mixture around three criteria. First, diffi-
culty calibration: we prioritize benchmarks where frontier models achieve 20-80% accuracy,
ensuring a naturally balanced class distribution without artificial resampling. Benchmarks
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Table 2: The mixture spans 7 domains and 2 modalities in the 20-80% accuracy band.
Benchmark mixture spanning 7 domains and 2 modalities. Of 20 benchmarks, 9 are text-only
and 11 are vision-language.

Domain Benchmarks Modality
Mathematics OmniMath, MathVista, MathVerse, MathVision T+V
Science GPQA Diamond, ChemBench T
Coding PRBench, ARC-AGI T
General SimpleQA, LiveBench, BBEH T
Multimodal MMMU, MMStar, MM-Vet, CharXiv, VizZWiz Vv
Spatial RealWorldQA, HallusionBench \%
Frontier HLE, HLE-Multimodal T+V

that are too easy (e.g., MMLU, >85% accuracy) or too hard (e.g., FrontierMath, <5%) pro-
vide little discriminative signal. Second, domain diversity: we span seven domains (Table [2)
to prevent the calibrator from learning domain-specific shortcuts: consistent with this,
leave-K-out cross-validation shows that dropping any 5 benchmarks costs only +0.003
mean AUROC (Appendix Table[I4), i.e. no single domain is load-bearing. Third, format and
modality heterogeneity: we include multiple-choice, open-ended, and binary formats across
both text-only and vision-language modalities, teaching the calibrator general correctness
signals rather than format-specific heuristics.

Multi-model training. Training on responses from multiple source models drives cross-
model transfer. We evaluate each single-source calibrator on held-out target models it never
trained on, where it reaches 0.672-0.759 AUROC; the multi-source calibrator reaches 0.878,
a transfer gain of 12-21 points (Section [4.4). Multi-source training forces the calibrator to
learn model-agnostic features of correctness (reasoning quality, factual consistency) rather
than model-specific response patterns. That these patterns are largely model-agnostic is
borne out downstream: removing the source-model token costs only 0.014 AUROC (0.878
to 0.863), and leave-one-model-out transfer holds at 0.843 (Section

4 Experiments

4.1 Experimental setup

Target models. We train our flagship calibrator on three source models, GPT-5-mini and
GPT-5.2 (OpenAl) and Qwen3.5-397B (open-weight). The headline test is generalization
to the current frontier: with no further training, this single calibrator scores the newest
systems it never saw, Claude Fable 5, Claude Opus 5, GPT-5.6, and Kimi 3, and transfers
more broadly to fifteen unseen models across eight organizations, including LLaMA-3.1-8B-
Instruct [14] (Section [4.4] Table3).

Benchmarks. We evaluate on 20 benchmarks across 7 domains, including 9 text-only and
11 vision-language benchmarks. Full benchmark details and citations are in Appendix [N}

Baselines. We compare against verbalized confidence, Platt and isotonic recalibration,
response length, an LLM judge, and proxy semantic entropy and self-consistency computed
from N=>5 Qwen3-VL-8B samples. The first six use the full held-out test set of 1,953 samples
(question-level split); the two proxy sampling baselines use its 1,376-example text-only
subset. Because the proxy variants sample a stand-in model rather than the target, we
additionally evaluate a full suite of faithful sampling estimators run directly on open targets:
semantic entropy [29], self-consistency [45], the graph-theoretic measures of Lin et al. [32]],
SPUQ [13], and the logit-free conformal method of Su et al. [42] (Section Appendix @I)
Implementation details are found in Appendix

Metrics. We report AUROC (area under the receiver operating characteristic curve), which
measures the ability to rank correct responses above incorrect ones, regardless of threshold.
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Figure 2: PINOCCHIO'’s probabilities are well calibrated; raw verbalized confidence is
not. Reliability diagram on the held-out test set. PINOCCHIO's probabilities track observed
accuracy far more closely than raw verbalized confidence, which remains overconfident on
incorrect responses.

We include 95% BCa bootstrap confidence intervals from 2,000 resamples. We additionally
report Brier score and expected calibration error (ECE; 10 equal-width bins) for calibration,
and use DeLong’s test [9] for paired full-set AUROC comparisons.

4.2 Main results

On a closed API, a deployer can observe only the question, the model’s answer, and whatever
confidence the model reports about itself. Table [7] (Appendix [F) compares PINOCCHIO
against these single-pass signals: verbalized confidence, response length, and an LLM judge.
All are wealk, sitting near chance, while a calibrator that reads the same question and answer
but is trained to discriminate reaches 0.878 AUROC (Figures [2|and [3). We headline the
uncalibrated score because it needs no labels from the target and preserves discrimination
that post-hoc recalibration cannot recover; a deployer who can spare roughly 100 target
labels should prefer per-model Platt scaling, which matches this AUROC at lower ECE
(Appendix @5)

Appendices[[Jand [S.|report effect sizes and additional input ablations.

Takeaway

A small external calibrator predicts black-box correctness far better than the confidence a
model expresses about itself (0.88 vs. 0.65 AUROC).

We test whether the calibrator reads correctness from the response itself rather than merely
learning which guestions are hard. We keep only the 228 test questions that at least one
source model answered correctly and at least one answered incorrectly, so a question-only
predictor scores 0.5 AUROC on this set by construction. A within-question permutation
test, which shuffles labels only among responses to the same question and thus controls
for question identity exactly, gives 0.841 AUROC (p < 0.0001; Appendix[E7). This ablation
shows that the calibrator reads correctness from the content of the response, not from the
difficulty of the question.

One might think PINOCCHIO keys on surface words like “maybe” or “certainly” rather than
the model’s actual knowledge. A second ablation isolates what the calibrator reads (Table 9).
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Figure 3: PINOCCHIO separates correct from incorrect responses far more cleanly than
single-pass baselines. ROC curves on the held-out test set of 1,953 examples.

Scoring from the response alone, with the question blanked, retains most of the signal, so it
does not require knowing what was asked; adding the question back raises AUROC further,
so the question contributes too. Shuffling words within each response, which preserves
lexical content but destroys meaning, drops AUROC sharply, whereas shuffling whole
sentences barely moves it. The calibrator therefore draws on both the model’s knowledge
and the content of the response, and the operative cue is meaning rather than surface
wording.

Takeaway

The calibrator relies on both identifying questions that are hard for the target model and
interpreting linguistic cues in the target model’s response.

If the calibrator merely read hedges, adding or removing words like “maybe” should swing
its score. Instead, hedges such as “maybe” or “I think” that make a human reader judge an
answer as less confident change the calibrator’s score only slightly: stripping hedge words
from every response shifts AUROC by +0.0015 and injecting them shifts it by —0.0185
(Table[I0). The calibrator responds to a property of the response that the surface hedges do
not control.

One might object that the sampling baselines look weak only because they sample a stand-in
rather than the target. We therefore run semantic entropy, self-consistency, the estimators of
Lin et al. [32]], SPUQ [13], and the conformal method of Su et al. [42] directly on generations
from LLaMA-3.1-8B. Even granted the target’s own samples, they stay near chance on the
hard suite, far below PINOCCHIO scored on the same responses. These estimators work well
where they were designed to, reaching 0.740 AUROC on an easier TriviaQA control, but
they collapse on the hard, low-accuracy suite, where the target rarely produces a correct
sample for consistency to detect. Full results and controls are in Appendix[Q

4.3 Performance across benchmarks and modalities

One might worry that forcing a single checkpoint to serve both text and vision costs accuracy
on each. It does not: the calibrator scores text-only and vision-language responses at
comparable AUROC, so a deployer needs no separate per-modality calibrator. The more
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important role of vision-language data is as training signal. Because frontier models saturate
text benchmarks, hard text errors are scarce, and vision-language benchmarks supply the
errors the calibrator learns from. The calibrator is strongest on structured mathematical
reasoning and weakest on specialized or frontier-difficulty tasks (Appendix Table [11).

Beyond coverage, vision-language data acts as training-signal augmentation in the regime our
premise implies: frontier models saturate text benchmarks, so hard text examples are scarce.
Training on a fixed budget of N text examples with and without the full vision-language set
(matched configuration, same held-out text benchmarks) shows that adding vision-language
data improves text AUROC at every budget, with the largest gains where text is scarcest and
tapering as text data grows (Appendix Table[3I). Adding it to a small text budget matches a
far larger text-only budget, substituting for hard text examples that are expensive to collect
at frontier difficulty. With plentiful text data it neither helps nor hurts; when hard text is
scarce, the common case at frontier difficulty, it recovers much of the gap.

Takeaway

A single calibrator covers both text and vision at comparable accuracy, and vision-language
data improves text calibration when hard text examples are scarce.

4.4 Cross-model transfer

A more difficult question is whether one predictor can stay well-calibrated across models,
including models it never trained on. A calibrator that memorized a single model’s response
style would fail as soon as a deployer switched providers, so the real test is whether a
calibrator trained on a few models generalizes to the rest. Multi-model training is the
mechanism: by exposing the calibrator to cases where different models disagree on the same
question, we reduce its reliance on any single model’s idiosyncrasies and push it toward
what correct responses share.

(Table[8), and leave-one-model-out evaluation still transfers to the held-out model (Appendix
Table 30). The stronger test evaluates families absent from training entirely: a single
calibrator transfers to 15 models across 8 organizations (Table [3), six released after the
calibrator was trained, ruling out memorization. Among them are the current-generation
Claude Fable 5, Claude Opus 5, and Kimi 3. The newest OpenAl model, GPT-5.6, transfers
just as well despite sharing an organization with the source models, as does the separate
700-question LLaMA-3.1-8B hard suite.

The most demanding deployment target is the current frontier. We apply the same calibrator,
trained only on older models, to the four newest frontier systems and compare it against
the signals a deployer actually has for them: the model’s own verbalized confidence and
its response length. On all four, the calibrator ranks correct answers far better than either
deployer-available signal, with pooled AUROC 0.837 against 0.691 for the models” own
verbalized confidence and 0.343 for response length. These numbers use no labels from the
new models; a calibrator trained directly on their own responses reaches 0.85-0.86 AUROC
(Appendix , so the zero-shot transfer is a no-label lower bound.

Training on all three source models yields a large gain over any single-source calibrator

The source-model token is useful but not required: removing it reduces AUROC from 0.878
to 0.863. Leave-K-out benchmark evaluation is in Appendix Table

Transfer preserves how responses are ranked, but it can shift their absolute calibration.
Because that shift is monotonic, it is cheap to undo: Platt or isotonic regression fit on
roughly 100 labeled examples from a new target roughly halves ECE without changing the
calibrator’s weights, while leaving AUROC unchanged (Table ). Recalibration cannot add
discrimination that the underlying score lacks, which is why rescaling leaves the verbalized
baseline near 0.61 AUROC. What transfers across models is the ranking signal, not the
absolute confidence value.
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Table 3: A single calibrator transfers to the newest frontier models, and to 15 unseen
families in all. Cross-family transfer across 8 organizations. The calibrator is trained on
GPT-5-mini, GPT-5.2, and Qwen3.5 only; every model below is absent from training. The
current-generation frontier systems (top, bold) and all models marked * were released after
the calibrator was trained, ruling out memorization of their responses.

Model Organization ~AUROC 1
Claude Fable 5 Anthropic 0.822
Claude Opus 5 Anthropic 0.845
Kimi 3* Moonshot 0.854
LLaMA-3.1-8B Meta 0.811
Mistral-7B Mistral 0.840
Devstral-2-24B* Mistral 0.836
gemma-2-9b Google 0.826
OLMo-2-7B AllenAl 0.824
Olmo-3.1-32B* AllenAl 0.801
DeepSeek-R1-Distill-32B  DeepSeek 0.816
granite-4.1-30b* IBM 0.806
Claude Opus 4.6 Anthropic 0.791
Claude Sonnet 4.6 Anthropic 0.820
Gemini 3.1 Pro Google 0.861
Gemini 3 Flash Google 0.840

Table 4: Unseen frontier models drift out of calibration, but ~100 labels restore it. Text-
only ECE on four models absent from training. Platt or isotonic recalibration fit on 100
labeled examples and evaluated on the remainder (mean over 25 random splits) roughly
halves the pooled ECE, while AUROC is unchanged because recalibration is monotone.

ECE |
Model AUROC  Off-the-shelf Platt Isotonic
Claude Fable 5 0.822 0.179 0.101 0.086
GPT-5.6 0.830 0.133 0.116 0.086
Kimi 3 0.854 0.086 0.094 0.074
Claude Opus 5 0.845 0.200 0.099 0.080
Pooled 0.837 0.134 0.077 0.067

Takeaway

One calibrator transfers to more than a dozen unseen model families across eight organizations,
several released after training.

4.5 Scaling and input ablations

The three factors that could drive the calibrator’s accuracy do not matter equally, so we
measure each in turn: the amount of training data, the size of the calibrator, and the
structured input it is given. Increasing the training set produces substantially larger gains
than increasing calibrator size (Figure[); the smallest 0.8B calibrator retains 99% of the 9B
model’s AUROC (Appendix Figure[/), while performance keeps improving as data grows.
The structured input also contributes: removing the benchmark and source-model metadata
drops AUROC from 0.878 to 0.827, so the calibrator uses more than the bare response. Full
input and elicitation ablations are in Appendices|S.1|and

Beyond aggregate AUROC, PINOCCHIO drives three deployment workflows (adaptive
clarification, confidence-gated actions, and human-escalation review), outperforming every
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baseline on each; Appendices[H|and [S.2] detail these production use cases and per-model
recalibration.

Takeaway

Training data matters more than calibrator size, so accurate calibration runs on a small, cheap
model.

5 Using PINOCCHIO

Disclaimer! PINOCCHIO may be miscalibrated on new data distributions

How to adapt PINOCCHIO to new data distributions and API models. We train and calibrate
PINOCCHIO models on a fixed set of datasets we aggregate. Out of the box, its correctness
ranking already transfers across target model families and nearby domains, so calibrated
probabilities are usually just a ~100-label Platt or isotonic fit away, with no retraining (Table[d).
For a task far from the training mix, fine-tune the calibrator on a sample of your own labeled
data to recover accuracy and calibration (Appendix[5.2).

\ J

Incorporating PINOCCHIO in your code. The released package (pip install
pinocchio-uq) adds two lines on top of the API call you already make, with no access
to the target’s logits or weights (full examples in Appendix[O):

from pinocchio import Pinocchio
judge = Pinocchio() # load once (downloads the model)

# your existing OpenAI call:

response = client.chat.completions.create(model="gpt-5", messages=messages)
# ...plus one line for a calibrated P(correct):

p_correct = judge.score(response, messages=messages)

Limitations. The calibrator requires labeled training data with known ground-truth cor-
rectness, limiting applicability to tasks where automated grading is possible. Cross-family
transfer degrades compared to within-family (Section . Including benchmark meta-
data improves performance by ~5 points; without it, users should expect lower but still
baseline-beating AUROC. Our training data is English-only. The calibrator is weakest on
frontier-difficulty benchmarks where even correct responses hedge and qualify, the same
markers associated with incorrectness (Appendix [F.4).
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Table 5: Training data spans seven domains and both modalities. Training data summary
by benchmark domain.

Domain Benchmarks Examples Modality
Mathematics OmniMath, MathVista, MathVerse, MathVision ~2,500 T+V
Science GPQA Diamond, ChemBench ~800 T
Professional and coding PRBench, ARC-AGI ~600 T
General SimpleQA, LiveBench, BBEH ~2,800 T
Multimodal MMMU, MMStar, MM-Vet, CharXiv, VizWiz ~1,800 A%
Spatial RealWorldQA, HallusionBench ~800 A%
Frontier HLE, HLE-Multimodal ~700 T+V
Total 20 benchmarks, 3 source models ~11,000 T+V

Table 6: The calibrator is trained with lightweight LoRA fine-tuning. Unified calibrator
training hyperparameters.

Hyperparameter Value

Base model Qwen3-VL-8B-Instruct
LoRA rank (r) 32

LoRA alpha («) 64

LoRA target modules All linear layers
Learning rate 1x1074

Weight decay 0.01

Batch size 1

Gradient accumulation steps 16

Effective batch size 16

Epochs 3

Max question length 1,500 characters

Max response length 800 characters
Train/test split 85/15 (question-level split)
Precision bfl6

Optimizer AdamW

Hardware 4x GPU (DDP)
Training time 2-3 hours

A Training data details

Table5|shows the training data breakdown for the unified calibrator. Three target models
(GPT-5-mini, GPT-5.2, Qwen3.5-397B) generated the responses across 20 benchmarks. The
dataset contains 10,892 training examples with 54% correct responses, and 1,953 held-out
test examples (15% split, question-level stratified by benchmark and source model).

B Hyperparameters

Table|6]lists training hyperparameters for the unified calibrator.

C Training configuration and input processing

Training configuration. Training uses AdamW with learning rate 10~#, batch size 1 with
gradient accumulation over 16 steps (effective batch size 16), BF16 mixed precision, and
runs for 3 epochs on 4 GPUs with DDP. The full training takes approximately 2-3 hours on
A100 GPUs. See Table [f] for complete hyperparameters.
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Truncation and image processing. We truncate questions to 1,500 characters and responses
to 800 characters, and report truncation results in Appendix For VLM benchmarks, we
resize real images to fit within 200,704 to 401,408 pixels (corresponding to 256-512 tiles of
28 x 28 in the model’s dynamic-resolution tiling scheme). For text-only benchmarks, we use
a 28 x 28 gray placeholder image.

D Training data details: multi-model training, benchmark selection, and
data sufficiency

Why multi-model training? Training on responses from multiple target models is critical
for cross-model transfer. Models trained on a single source model’s responses achieve 0.672—
0.759 AUROC, while the combined model achieves 0.878, a gain of 12-21 points (Section [4.4).
We hypothesize that multi-model training forces the calibrator to learn model-agnostic
features of correctness (reasoning quality, factual consistency) rather than model-specific
response patterns. A leave-one-model-out (LOMO) evaluation confirms this: training on
two source models and testing on the held-out third yields a mean AUROC of 0.843, only
3.5 points below the full model, demonstrating genuine cross-model transfer rather than
memorization of model-specific artifacts.

Training data sufficiency and split integrity. The training size ablation in Appendix
shows that 5,000 samples achieve 96% of full-data performance and 2,000 samples achieve
91%. We enforce a question-level split: since the same question may appear across all three
source models, we assign all instances of a given question to the same split. This is essential:
a naive sample-level split allows 82-96% of test questions to leak into training, inflating
AUROC from 0.878 to 0.953. All results in this paper use the question-level split with zero
question overlap between train and test.

E Near-duplicate contamination analysis

To verify that the question-level train/test split does not inadvertently leak information
through near-duplicate questions, we conduct a cross-split contamination analysis using
character 5-gram Jaccard similarity. For each test sample, we compute the Jaccard similarity
of its character 5-gram set against every training sample; a test sample is flagged as a
near-duplicate if any training sample exceeds a similarity threshold of 0.8.

Results. Of 1,953 test samples, 405 (20.7%) have at least one near-duplicate in the training
set. The worst-affected benchmarks are ARC-AGI (65.8%), MM-Vet (41.2%), ChemBench
(39.8%), and HallusionBench (39.1%). These benchmarks contain templated or formulaic
question structures that naturally produce high textual overlap even across semantically
distinct questions (e.g., ARC-AGI grid descriptions share boilerplate formatting).

Impact on performance. The calibrator achieves AUROC 0.878 on the full test set and
0.872 after excluding flagged overlaps, a difference of —0.006. The small change indicates
that the flagged overlaps do not explain the reported discrimination.

F Additional analyses

E1 Full results tables

Table[7|reports the in-distribution main results on the held-out test set of the three source
models, where PINOCCHIO reaches 0.878 AUROC, far above every single-pass baseline. The
full cross-family transfer to 15 unseen models is reported in the main body (Table 3).
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Table 7: A trained calibrator predicts black-box correctness far better than any single-
pass baseline. Main results on the held-out test set (1,953 examples, question-level split).
Brackets give 95% BCa bootstrap Cls. Differences between PINOCCHIO and each full-set
baseline are significant by DeLong’s test (Appendix|[).

Method AUROC 1 Brier | ECE
Verbalized (raw) 0.610 [.590, .624]  0.326 0.299
Verbalized (Platt) 0.610[.590, .624]  0.232 0.034
Verbalized (Isotonic) 0.644 [.620, .667]  0.231 0.009
Response length 0.566 [.542,.592] 0237  0.028
Combined (verb.+len.)  0.649 [.624, .673]  0.229 0.021
LLM-as-judge 0.532 [.524, .540] 0.257 0.110
Proxy sem. entropy’ 0.467 0.340  0.266
Proxy self-consist.t 0.466 0.340  0.266
PINOCCHIO (ours) 0.878 [.863,.892]  0.151 0.086
PINOCCHIO (Platt)} 0.874 - 0.064
PINOCCHIO (Isotonic)} 0.866 - 0.063

*Text—only subset (1,376 samples); ClIs omitted. ¥Recalibrated per source model on ~100 held-out labels, evaluated on the
remaining 1,648 samples (Appendix[52).

Table 8: Training on multiple source models is what makes the calibrator transfer. Cross-
model transfer. AUROC when training on single vs. multiple source models. Multi-model
training yields a 12-21 point gain over single-source training. Single-source rows evaluate
on held-out target models the calibrator never trained on (the diagonal is N/A).

Training data GPT-5-mini  GPT-5.2 Qwen3.5 Mean
GPT-5-mini only N/A 0.715 0.693 0.704
GPT-5.2 only 0.741 N/A 0.776 0.759
Qwen3.5 only 0.658 0.687 N/A 0.672
All three (ours) 0.882 0.877 0.873 0.878

E2 Cross-model training
Table [8|shows that training on multiple source models, rather than a single one, is what

makes the calibrator transfer: each single-source calibrator is evaluated on held-out target
models it never trained on.

E3 Input and robustness ablations
Table[9|decomposes what the calibrator reads (the question versus the response, and word-

versus sentence-level shuffling of the response), and Table [10| shows that stripping or
injecting explicit hedge words barely moves its score.

F4 Per-benchmark breakdown

Table[11|reports per-benchmark AUROC and effect size on the held-out test set.

E5 Response length analysis
The residualized analysis in Table[I2]uses negative log-length as a fixed score. The separately

evaluated response-length baseline in Table [/ fits logistic regression on log-length and
reports 0.566 AUROC; the two entries therefore use different scoring rules.

EF6 Difficulty stratification

Table[13|breaks down calibrator performance by benchmark difficulty tier.
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Table 9: The calibrator reads response meaning, not surface wording, and draws on
both the question and the answer. Model knowledge vs. linguistic cues. Blanking the
question leaves most of the signal intact, while word-level shuffling, which keeps the
response’s words but destroys their meaning, degrades AUROC far more than sentence-
level shuffling. Brackets give 95% bootstrap CIs. “Empty question” leaves the question field
blank; “question redacted” replaces it with the literal string “[QUESTION REDACTED]";
both use the trained calibrator without retraining, changing only the inference-time question
field.

Input AUROC 1 A
Question + response (canonical) 0.878 -
Sentence-shuffle response 0.866 —0.012
Word-shulffle response 0.781[.760, .801] —0.097

Response only, empty question 0.804 [.783,.823] —0.074
Response only, question redacted  0.817 [.796, .835] —0.061

Table 10: Explicit hedge words barely move the calibrator’s score. Hedging probe. Strip-
ping or injecting explicit hedge words (“maybe”, “I think”, “possibly”) barely changes
AUROC; the calibrator leverages signals beyond superficial hedging. The last column is the
mean shift in predicted P(correct).

Condition AUROC Avsoriginal Mean shift in P(correct)
Original responses ~ 0.8778 - -

Hedging stripped 0.8793 +0.0015 +0.0027
Hedging injected 0.8593 —0.0185 —0.049

E7 Difficulty-controlled disagreement test

To isolate response-level correctness from question-level difficulty, we select every test
question that multiple source models attempted and on which at least one model was
correct and at least one was incorrect. This selection rule is fixed in advance and applies
no further filtering. It yields 228 questions (1=810 graded responses) on which difficulty is
held constant by construction: a predictor that uses only the question scores 0.5 AUROC. On
this set the calibrator reaches 0.841 AUROC. We assess significance with a within-question
permutation test that shuffles correctness labels among the responses to each question
(preserving the per-question difficulty structure) and recomputes AUROC; the observed
value exceeds all permuted values (p < 0.0001). The calibrator therefore reads correctness
from the (question, response) pair, not difficulty alone.

E8 Leave-K-out cross-validation

Table|14|reports per-fold results for leave-K-out cross-validation (K = 5, 4 folds). The mean
gap between in-distribution and held-out AUROC is +0.003.

E9 Elicitation strategy ablation

Table (L5 compares different ways to extract the uncertainty signal from calibrator check-

oints on an internal validation split (absolute values therefore differ from the final model
in Table[/). The standard logit-based approach (softmax over the i/ii tokens) achieves
0.859 AUROC. MC Dropout [11] (N=5 forward passes) provides no improvement (0.859),
consistent with LoRA’s low-rank perturbations providing insufficient stochasticity. Ver-
balized probability (prompting the calibrator to output a number) degrades to 0.749. A
hidden-state MLP probe achieves 0.878 (+2 points), but requires open-weight access to the
calibrator’s internals. Temperature scaling (T = 1.34) leaves AUROC unchanged while
marginally improving ECE (0.023 to 0.019), indicating the model is already well-calibrated.
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Table 11: The calibrator discriminates correctness across every benchmark. Per-benchmark
calibrator performance on the held-out test set (question-level split, zero question overlap
with training). d = Cohen’s d between calibrator scores for correct vs. incorrect responses.
Sorted by AUROC descending.

Benchmark Modality N Acc AUROC d
LiveBench Text 102 .676 995 4.77
MathVista VLM 117 .333 .954 2.82
OmniMath Text 78 244 .929 2.26
RealWorldQA VLM 113 451 911 1.77
ARC-AGI Text 114 412 901 2.00
MathVerse VLM 93 495 .883 1.78
HallusionBench VLM 115 .800 .875 1.65
MMMU VLM 69 .826 .867 1.59
BBEH Text 115 496 .865 1.56
MathVision VLM 81 .346 .862 1.54
VizWiz VLM 85 .706 .846 1.44
MM-Vet VLM 80 .338 .843 1.55
MMStar VLM 118 .864 .809 1.26
SimpleQA Text 124 339 .798 1.28
CharXiv VLM 118 .678 .728 0.85
GPQA Text 90 711 726 0.74
ChemBench Text 108 .732 .698 0.79
HLE-Multimodal VLM 46 174 .669 0.54
PRBench Text 91 .648 .639 0.45
HLE Text 9% .167 .616 0.30
Mean - 98 .520 .821 1.46

Table 12: Response length explains almost none of the calibrator’s signal. Response length
analysis (N=1,953). Length accounts for only 3.2% of the calibrator’s discriminative signal.

Metric Value
Calibrator AUROC 0.878
Length-only baseline AUROC 0.631
Residual AUROC (length regressed out) 0.866
AUROC drop from length control 0.012
Length signal fraction 3.2%
p(cal, correct | length) 0.638
p(length, correct | cal) —0.060
AUROC by response length quartile
Q1 (<319 chars) 0.873
Q2 (319-809) 0.891
Q3 (809-2240) 0.849
Q4 (>2240) 0.861

G Per-model results

Table[16/shows per-model AUROC for the main comparison.

H Production use case details

AUROC measures discrimination in aggregate, but practitioners need to know: what can
I actually do with a calibrator score? We evaluate three deployment scenarios on the same
held-out test set (1,953 examples), comparing the calibrator against every baseline from the
main results.
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Table 13: Calibrator performance holds across difficulty tiers. Calibrator performance by
benchmark difficulty tier.

Tier Benchmarks N Meanacc AUROC
Easy (>0.65) 8 805 0.749 0.832
Medium (0.40-0.65) 5 526 0.494 0.862
Hard (<0.40) 7 622 0.288 0.848
All 20 1,953 0.534 0.878

Table 14: Held-out benchmarks match in-distribution performance. Leave-K-out cross-
validation (K = 5, 4 folds, question-level split). In-dist. and held-out AUROC for each fold.
Gap = in-dist. minus held-out (positive = degradation on unseen benchmarks).

Fold Held-out benchmarks In-dist. Held-out Gap
0 GPQA, Hallusion., MathVerse, MM-Vet, VizWiz 0.879 0.866 +0.013
1 HLE, MMMU, MMStar, OmniMath, SimpleQA 0.873 0.885 —0.011
2 BBEH, CharXiv, MathVision, MathVista, RealWorldQA 0.878 0.876 +0.002
3 ARC-AGI, ChemBench, HLE-Multimodal, LiveBench, PRBench 0.879 0.872 +0.007
Mean =+ std 0.877 0.875 +0.003 + 0.009

Adaptive clarification (error detection). Consider a customer-facing chatbot where in-
correct responses damage user trust. The system monitors each response and flags likely
errors for human review before delivery. We measure this as a binary detection task: given
a response, predict whether it is incorrect. The calibrator achieves AUPRC of 0.867 and best
F1 of 0.782 across three target models, compared to 0.576 AUPRC for verbalized confidence
(Table[I7). We find numerous examples where the target model reports 100% verbalized
confidence while the calibrator correctly assigns P(correct) < 0.01; all such cases are indeed
incorrect (Figure [4p).

Confidence-gated actions (agentic safety). Consider an agentic pipeline where an LLM
takes irreversible actions (e.g., sending emails, executing trades, modifying databases).
Only responses above a confidence threshold P(correct) > t are auto-executed; the rest are
held for human verification. The calibrator achieves 27-35% auto-execution coverage at
90% accuracy across target models; no baseline achieves comparable coverage at the same

accuracy (Figure [db).

Human-in-the-loop escalation (enterprise triage). Consider an enterprise helpdesk where
thousands of queries arrive daily but only a limited number of human reviewers are avail-
able. By reviewing low-confidence responses first (ranked by calibrator score), reviewers
catch errors faster than random ordering. To reach 95% system accuracy, UQ-guided review
requires examining only 79% of responses vs. 100% with random ordering, a 21% workload
reduction (Figure %). A three-tier routing (high/medium/low confidence) assigns 35-43%
of queries to auto-delivery at 88-90% accuracy, containing only 9% of total errors (Table [19).

H.1 Per-model use case breakdown

Figure [5|and Tables break down all three use cases by target model.

H.2 Additional downstream applications

Beyond the three primary use cases above, we briefly evaluate PINOCCHIO on additional
downstream tasks:

DPO pair selection. In reinforcement learning from human feedback (RLHF), training
requires pairs of preferred and dispreferred responses. We use the calibrator’s confidence
gap between two responses to the same question to select informative pairs where the
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Table 15: Simple logit-based elicitation captures nearly all available signal. Elicitation
strategy ablation evaluated on an internal validation split. Absolute AUROC values differ
from Table[7](which reports the final model on the held-out test set); relative comparisons
between strategies are unchanged. Logit-based extraction captures 95%+ of the available
signal.

Strategy AUROC
Logit (softmax over i/ii) 0.859
MC Dropout (N=5) 0.859

Hidden-state MLP probe 0.878
Hidden + logit combined 0.884
Verbalized probability 0.749
Token entropy 0.520

Table 16: PINOCCHIO outperforms baselines consistently across target models. Per-model
AUROC on held-out test set. PINOCCHIO is consistent across all target models.

Method GPT-5-mini GPT-5.2 Qwen3.5
Verbalized (raw) 0.645 0.637 0.569
Verbalized (Isotonic) 0.647 0.646 0.659
Response length 0.633 0.609 0.500
Combined 0.693 0.658 0.656
PINOCCHIO 0.882 0.877 0.873

calibrator is confident one is correct and the other incorrect. This achieves 88.8% informative
pair accuracy, compared to random pairing which yields many uninformative pairs where
both responses are correct or both incorrect.

Model selection. Given N candidate models, we use the calibrator to select the most
confident model’s response for each query. With N=3 models, this achieves 67.4% accuracy,
a +5.4% improvement over always using the single best model. The calibrator effectively
routes each query to the model most likely to answer it correctly.

Data filtering. We use calibrator confidence to filter training data, retaining only high-
confidence samples for downstream fine-tuning. At 50% retention, filtered accuracy reaches
90.9%, substantially higher than the unfiltered baseline. This suggests PINOCCHIO can serve
as a quality filter for synthetic data pipelines.

Step-level uncertainty. We attempted to apply the calibrator at the reasoning-step level
(predicting whether individual chain-of-thought steps are correct). This achieved only 0.53
AUROC, near random, indicating that the calibrator’s signal is response-level rather than
step-level. Developing step-level uncertainty estimation remains an open problem.

I Domain-specific deployment details

We evaluate PINOCCHIO in three domain-specific scenarios to illustrate how calibrated
uncertainty enables practical deployment decisions. In each case, we simulate a tiered
routing system where the calibrator’s confidence score determines whether an LLM response
is auto-delivered, reviewed by a junior expert, or escalated to a senior expert.

I.1 Healthcare deployment
Consider a telehealth platform where patients submit medical questions to an LLM. Incor-

rect medical advice can cause direct harm, so confidence-based routing is critical: high-
confidence responses can be sent directly, moderate-confidence responses reviewed by a
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Table 17: PINOCCHIO detects incorrect responses far better than baselines. Error detection
for adaptive clarification. AUPRC and best F1 for detecting incorrect responses, averaged
across three target models.

Method AUPRC  Best F1
PINOCCHIO (ours) 0.867 0.782
Verbalized confidence 0.576 0.405
Combined baseline 0.647 0.650
Isotonic (verbalized) 0.628 0.637
Length baseline 0.534 0.642

Table 18: The calibrator enables meaningful auto-execution coverage at strict error targets.
Confidence-gated actions: coverage at target accuracy levels, per model (v3 test set, n =
1,953).

Risk Profile GPT-5-mini GPT-5.2 Qwen3.5
Aggressive (<10% error) 29.3% 35.2% 26.9%
Moderate (<5% error) 14.4% 16.8% 21.3%

nurse, and low-confidence responses escalated to a physician. We evaluate on 1,006 sam-
ples from medical/scientific benchmarks (ChemBench, MMMU, HLE, GPQA, SimpleQA),
achieving 0.898 AUROC with a base accuracy of 54.9%.

Clinical triage. Table shows the tradeoff between Al coverage and patient safety. At
the most conservative threshold (0.9), only 4.1% of auto-approved responses are wrong,
but coverage drops to 27%. At 0.7, coverage increases to 43% while matching a resident
physician’s error catch rate (90%).

Harm severity. Of 454 total errors, only 26 (5.7%) fall in the high-confidence tier (p > 0.8),
while 340 (74.9%) are correctly assigned low confidence (p < 0.5) and would be flagged
automatically. Reviewing the least-confident responses yields a number-needed-to-review
(NNR) of ~1.0 for the first 25 reviews, meaning nearly every reviewed response is an actual
€error.

Telehealth routing. We model a three-tier system with illustrative per-query costs: physi-
cian review ($25), nurse review ($10), Al auto-response ($0.50). Queries with p > 0.8 are
auto-responded, 0.5-0.8 routed to a nurse, and < 0.5 escalated to a physician. Under this
model, total cost per 1,006 queries drops from $25,150 (all-physician baseline) to $11,654, a
54% reduction, with 26 Al-facing errors (7.7% of auto-approved).

1.2 Finance deployment

Consider an automated financial analysis tool where an LLM answers quantitative reasoning
queries for investment analysts. Incorrect outputs could lead to costly trading errors, so
a tiered system routes confident outputs directly, uncertain ones to a junior analyst, and
low-confidence ones to a senior analyst for verification. We evaluate on 1,930 samples from
quantitative reasoning benchmarks (GPQA, SimpleQA, LiveBench, BBEH, HLE, OmniMath,
MathVista, MathVision, MathVerse), achieving 0.952 AUROC with a base accuracy of 43.7%.

Analyst triage. Table21|shows error detection efficiency. Reviewing the bottom 50% by
confidence catches 83% of errors, exceeding a junior analyst’s baseline catch rate (75%) at
that review level.

Risk tiering. The calibrator assigns 30% of outputs to the GREEN tier (reliable) at 95.3%
accuracy, 11% to YELLOW (verify) at 72.9%, and 59% to RED (unreliable) at 12.1%. The
false GREEN rate is 4.7% (27 wrong outputs labeled reliable out of 571 in the GREEN tier).
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Production Deployment Use Cases: UQ-Enabled Workflows

(a) Error Detection for Clarification
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Figure 4: Across three production workflows, the calibrator beats every baseline. (a) Error
detection: calibrator AUPRC = 0.867 vs. verbalized 0.576. (b) Confidence-gated actions:
only the calibrator achieves meaningful coverage at >90% accuracy. (c) Human escalation:
UQ-guided review reduces workload by 21% to reach 95% accuracy.

Robo-advisor routing. We model a three-tier system with illustrative per-query costs:
senior analyst ($50), junior analyst ($20), Al auto-response ($0.50). Queries with p > 0.8 are
auto-delivered, 0.5-0.8 reviewed by a junior analyst, and < 0.5 escalated to a senior analyst.
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Production Use Cases — Per-Model Breakdown
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Figure 5: The three production use cases hold consistently across every target model.
Top row: error detection (precision, recall, F1 vs. threshold). Middle row: coverage vs.
accuracy for confidence-gated actions. Bottom row: human review efficiency (UQ-guided
vs. random). Columns: GPT-5-mini, GPT-5.2, Qwen3.5. Results are consistent across all
target models.

Under this model, total cost per 1,930 queries drops from $96,500 (all-senior baseline) to
$60,244, a 38% reduction, with 27 Al-facing errors (4.7% of auto-approved).

J Cross-domain transfer to text-to-image evaluation

We test whether PINOCCHIO can transfer to a fundamentally different domain: detecting
failure modes in text-to-image (T2I) generation. Using the FineGRAIN benchmark [20],
which evaluates T2I outputs across 27 failure modes with human-annotated labels, we
frame T2I evaluation as visual QA (“Does this image accurately depict: [prompt]?”) and
evaluate on 3,750 samples across 5 T2I models.

Without any T2I-specific training, the calibrator achieves AUROC 0.736 [0.719, 0.751]. With
domain adaptation (leave-one-model-out CV on 5 T2I models), AUROC improves to 0.953
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Table 19: Confidence-based routing cuts review workload while concentrating errors
in the red tier. Human escalation: three-tier routing and workload reduction, per model
(question-level split).

GPT-5-mini GPT-5.2 Qwen3.5

Green tier volume 35% 43% 34%
Green tier accuracy 0.879 0.885 0.897
Green tier error share 9% 12% 7%

Red tier error share 71% 64% 74%
Review for 95% acc (UQ) 78% 79% 79%
Review for 95% acc (random) 100% 100% 100%
Workload reduction 22% 21% 21%

Table 20: Confidence thresholds trade coverage for safety in clinical triage. Healthcare clin-
ical triage. Resident physician baseline catches 90% of errors when reviewing all responses.

Threshold Coverage Auto Error Rate Catch Rate > Resident?

0.5 59% 19.3% 75% No
0.6 50% 13.2% 85% No
0.7 43% 10.4% 90% v
0.8 34% 7.7% 94% v
0.9 27% 4.1% 98% v

=+ 0.028. This suggests PINOCCHIO's learned correctness signals generalize beyond LLM
text evaluation to visual quality assessment.

K Error analysis and failure cases

Of 1,953 test examples, the calibrator makes 116 “hard errors”: 48 confident-but-wrong
(p > 0.9, incorrect; 2.5% of test set) and 68 unconfident-but-right (p < 0.1, correct; 3.5%).
Table 22 shows the distribution across benchmarks.

Systematic patterns. The confident-but-wrong failures cluster in visual reasoning bench-
marks (RealWorldQA, VizWiz, MMStar, CharXiv) where the target model produces a
plausible-sounding answer that is visually wrong. These are cases where the response text
appears well-formed and confident, giving the calibrator insufficient signal that the answer
is wrong.

The unconfident-but-right failures concentrate in benchmarks with terse or unconventional
correct answers (SimpleQA, RealWorldQA, MM-Vet, ARC-AGI, MathVista, HLE). This sug-
gests the calibrator has learned to associate longer, more detailed reasoning with correctness,
penalizing correct but brief responses.

L Statistical significance

We assess AUROC differences using paired comparisons only when methods are evaluated
on the same examples. The full-set baselines use the held-out test set of 1,953 samples; the
two proxy sampling baselines use the 1,376-example text-only subset and are excluded from
the full-set significance statements below.

DeLong's test [9] compares correlated AUROC curves directly. Comparisons between
PINOCCHIO and each full-set baseline yield p < 0.001.

Bootstrap confidence intervals. We compute 2,000 BCa bootstrap resamples of AUROC for
the full-set methods. PINOCCHIO’s 95% CI [0.863, 0.892] does not overlap with the full-set
baseline intervals. The best full-set baseline is Combined at 0.649 [0.624, 0.673].
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Table 21: Confidence-ranked review catches errors faster than a junior analyst. Finance
analyst triage. Junior analyst baseline catches 75% of errors when reviewing all outputs.

Review %  Errors Caught Errors Slipped Catch Rate > Junior?

10% 193 894 18% No
20% 383 704 35% No
30% 567 520 52% No
40% 744 343 68% No
50% 899 188 83% v

Table 22: Hard errors are rare and spread thinly across benchmarks. Failure case distribu-
tion by benchmark. CW = confident-but-wrong (p > 0.9, incorrect); UR = unconfident-but-
right (p < 0.1, correct). Benchmarks sorted by total failure count.

Benchmark CW UR Total
RealWorldQA 7 8 15
SimpleQA 1 9 10
MM-Vet 1 8 9
VizWiz 6 3 9
ARC-AGI 1 7 8
MMStar 5 3 8
MathVista 1 7 8
CharXiv 5 2 7
BBEH 1 4 5
HLE 0 5 5
All others (10 benchmarks) 20 12 32
Total 48 68 116

Effect sizes. Figure [| visualizes the AUROC difference between the calibrator and each
full-set baseline with 95% bootstrap CIs. The smallest gap is +0.229 against Combined, and
all displayed differences are significant at p < 0.001.

M Grading robustness and self-preference

Fifteen of the twenty benchmarks use exact-match or programmatic grading with no LLM
judge, so grader self-preference cannot affect the majority of our results. The remaining five
use rubric-based grading with an LLM judge (GPT-5-mini). To check whether a GPT-family
judge favors GPT-family responses, we re-graded these five with five lab-independent
judges from five organizations: Claude Sonnet 4.6 (Anthropic), Llama-3.1-70B (Meta),
granite-4.1-30b (IBM), Olmo-3.1-32B (AllenAl), and Gemma-4-31B (Google); two of the
five (Claude, Gemma) are neither GPT- nor Qwen-family. Pairwise inter-judge agreement
(Cohen’s ) tracks rubric subjectivity rather than grader identity (Table 23): high on the
factual rubric (HLE x = 0.54) and near zero on the subjective rubrics (ITutorBench 0.15,
HealthBench 0.21, PRBench 0.28), uniformly across every judge pair. Were GPT-5-mini self-
preferring, the non-GPT judges would agree with one another more than with it; they do
not, across all ten judge pairs. The low rubric agreement matches the ~63-66% inter-human
agreement reported by Zheng et al. [58] on subjective grading, i.e. expected human-level
noise rather than a bias signature.

N Benchmark descriptions

N.1 Text benchmarks

¢ BBEH [25] (Big-Bench Extra Hard): 23 challenging reasoning tasks from BIG-Bench
requiring multi-step inference, logical deduction, and causal reasoning. Frontier
models achieve ~50% accuracy.
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Figure 6: PINOCCHIO beats every full-set baseline by a wide, significant margin. AUROC
difference (calibrator minus baseline) with 95% bootstrap ClIs. The two proxy sampling
baselines, evaluated on a different text-only subset, are excluded. All displayed differences
are significant at p < 0.001.

Table 23: Inter-judge agreement follows rubric subjectivity, not grader identity. Mean
pairwise Cohen’s « across five lab-independent judges on the five LLM-graded benchmarks;
agreement is high on the factual rubric and near zero on the subjective ones, uniformly
across judge pairs.

Benchmark Mean pairwise x
HLE (factual) 0.54
PRBench 0.28
HealthBench 0.21
TutorBench 0.15

¢ GPQA Diamond [40]: 198 PhD-level multiple-choice questions in physics, chem-
istry, and biology, written by domain experts. Even expert humans achieve only
~65% accuracy.

* OmniMath [12]: Olympiad-level competition mathematics problems requiring
symbolic reasoning and multi-step proofs.

¢ SimpleQA [47]: Short-form factual questions with unambiguous, verifiable answers.
Tests factual recall rather than reasoning.

e HLE [37] (Humanity’s Last Exam): Expert-level questions across diverse academic
domains, designed to be at the frontier of model capabilities.

* LiveBench [48]: Continuously updated benchmark with fresh questions, minimiz-
ing contamination risk. Covers math, coding, reasoning, and data analysis.

¢ ChemBench [34]: Chemistry knowledge and reasoning spanning organic, inorganic,
and physical chemistry.

* PRBench [1I]: Professional reasoning benchmark with expert-written rubrics span-
ning legal and finance domains. Uses LLM-as-judge grading.

* ARC-AGI [7]: Abstraction and Reasoning Corpus requiring novel pattern com-
pletion on grid-based visual tasks. Tests generalization to unseen transformation
rules.

27



Published as a conference paper at COLM 2026

Table 24: The benchmark mixture is broad and multimodal. Benchmark mixture spanning
seven domains and two modalities.

Domain Benchmarks Modality
Mathematics OmniMath, MathVista, MathVerse, MathVision T+V
Science GPQA Diamond, ChemBench T
Professional and coding PRBench, ARC-AGI T
General SimpleQA, LiveBench, BBEH T
Multimodal MMMU, MMStar, MM-Vet, CharXiv, VizWiz \%
Spatial RealWorldQA, HallusionBench A\
Frontier HLE, HLE-Multimodal T+V

N.2 Vision-language benchmarks

e MMMU [53]: Multimodal questions requiring college-level knowledge across 30
subjects including art, science, engineering, and medicine. Images include diagrams,
charts, and photographs.

e MMStar [6]: Vision-indispensable questions specifically designed so that text-only
models cannot solve them, ensuring genuine visual reasoning is required.

* CharXiv [46]: Questions about scientific figures and charts extracted from arXiv
papers, requiring chart comprehension and numerical reasoning.

¢ HallusionBench [16]: Diagnostic suite for visual hallucination and illusion, testing
whether models fabricate visual details or fall for optical illusions.

¢ MathVista [33]: Visual math reasoning combining geometric diagrams, statistical
charts, and function plots with mathematical problems.

* MathVerse [55]: Math problems where the visual diagram is necessary for correct
interpretation; removing the image makes problems unsolvable.

* MathVision [44]: Competition-level math problems with diagram dependencies,
sourced from mathematical olympiads.

* RealWorldQA [49]: Spatial reasoning about real-world photographs, testing under-
standing of 3D scenes, object relationships, and physical properties.

* VizWiz [18]: Visual questions captured by blind users using smartphone cameras,
including unanswerable queries due to image quality issues.

* MM-Vet [52]: Open-ended visual questions evaluating integrated capabilities in-
cluding recognition, OCR, knowledge, spatial awareness, and language generation.
Uses LLM-as-judge grading.

O Prompt templates

0.1 Calibrator prompt (combined format)

Benchmark: {benchmark_name}
Source model: {source_model}

Question: {question}
Answer: {response}

Is the answer correct? (i) No (ii) Yes

For VLM benchmarks, we prepend the image to the question in the model’s native multi-
modal format. For text-only benchmarks, we use a 28 x28 gray placeholder image.
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0.2 Using the calibrator

Using the calibrator. PINOCCHIO is released as a pip package (pip
install pinocchio-ug; source at github.com/khayes95/pinocchio, weights at
huggingface.co/KevinDavidHayes/pinocchio-0.8b). The released checkpoint is the
0.8B variant, which runs on CPU and retains nearly all of the 8B model’s accuracy
(Section4.5). It wraps an existing API call: the judge downloads its weights on first use and
returns P(correct) from a single forward pass. The two additional lines referenced in the
abstract are instantiating the judge and calling score.

from openai import OpenAl
from pinocchio import Pinocchio

client = OpenAI()
judge = Pinocchio() # downloads the 0.8B weights

messages = [{"role": "user"”, "content”: question}]
response = client.chat.completions.create(model="gpt-5", messages=messages)

# score the API response directly...

p_correct = judge.score(response, messages=messages)

# ...or from raw question/answer strings:

p_correct = judge.score(question=question, answer=answer)

0.3 Verbalized confidence prompt
You answered the following question:

Question: {question}
Your answer: {response}

How confident are you that your answer is correct?
Respond with only a number between @ and 100,
where @ means certainly wrong and 100 means
certainly correct.

Confidence:

P Baseline implementation details

All post-hoc baselines use scikit-learn with a fixed random seed of 42 and a 50/50 train/test
split (stratified by correctness label) for fitting. We did not tune hyperparameters; we use
library defaults except where noted.

Verbalized confidence (raw). The target model’s self-reported confidence, elicited via the
prompt in Appendix[O} Parsed as a float in [0, 1]; used directly as p(correct) with
no post-processing.

Platt scaling (logistic regression). A single-feature logistic regression fit on the verbalized
confidence score: LogisticRegression(C=1.0, solver='lbfgs', max_iter=1000).
The sigmoid output serves as the calibrated p(correct). This is a standard two-
parameter recalibration [38].

Isotonic regression. A non-parametric monotone recalibration of verbalized confidence:
IsotonicRegression(y_min=0.01, y_max=0.99, out_of_bounds='clip'). Unlike
Platt scaling, isotonic regression makes no parametric assumptions about the cali-
bration curve and can correct non-sigmoid miscalibration. The number of segments
is determined automatically by the pool-adjacent-violators algorithm (typically
10-30 pieces for our sample sizes).
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Response length. The feature is log(1 + t) where ¢ is the response token count, fit with the
same logistic regression configuration as Platt scaling. The log transform handles
the heavy-tailed length distribution (response lengths span ~10 to >5,000 tokens).
This baseline tests whether response verbosity alone predicts correctness.

Combined (verbalized + length). A two-feature logistic regression on
[verbalized_confidence, log(1 + t)], using the same LogisticRegression config-
uration. Fit on a 50/50 train/test split to avoid overfitting the two-dimensional
feature space.

LLM-as-judge (GPT-5-mini). A zero-shot prompt asks GPT-5-mini to estimate P(correct) €
[0.0,1.0] given only the question and response (no reference answer). We send
requests asynchronously with up to 20 concurrent API calls. Response parsing:
(1) attempt direct float conversion; (2) regex search for a decimal in [0, 1]; (3) if
the response contains “yes” /“correct”, assign 0.8; “no”/“incorrect”, assign 0.2;
(4) otherwise assign 0.5. The fallback values are not optimized but are sufficient
for AUROC evaluation: since AUROC depends only on rank ordering, any values
satisfying no < fallback < yes yield identical discrimination. The 0.5 fallback
approximates the dataset base rate (53.4% correct). We truncate questions and
responses to 1,500 and 800 characters, respectively, matching the calibrator’s input
format.

Proxy semantic entropy. We generate N=>5 responses from Qwen3-VL-8B (temperature
0.7) for each question and compute the negative entropy of the semantic cluster
distribution as a confidence score, following Kuhn et al. [29]. We call this a proxy
because the generations come from a different model than the target: since closed-
source API models make repeated sampling prohibitively expensive, we use a small
open-weight model as a stand-in. If the proxy model’s uncertainty were informative
about the target model’s correctness, this would provide a cheap alternative to true
semantic entropy. Evaluated on the 1,376 text-only test samples (VLM benchmarks
excluded due to image input requirements).

Proxy self-consistency. Using the same N=5 proxy generations from Qwen3-VL-8B, we
compute the fraction that agree with the target model’s response as a confidence
score. We measure agreement by exact string match after normalization. As with
proxy semantic entropy, this tests whether consistency among a proxy model’s
responses predicts correctness of the target model. Evaluated on the same 1,376
text-only samples.

Q Faithful same-target sampling baselines

The proxy semantic-entropy and self-consistency baselines in Table [7] sample a stand-in
open model rather than the target. This is a low-cost workaround for closed APIs, but it
does not satisfy the methods’ same-target assumption. We therefore also sample an open
target directly, LLaMA-3.1-8B-Instruct, on the hard test suite (700 questions) and compute
each method from N=10 generations. We use the official implementations of semantic
entropy [29], the black-box estimators of Lin et al. [32], SPUQ [13], and the logit-free
conformal method of Su et al. [42].

Every faithful baseline stays near random on the hard suite (Table 25), and the gap to
PINOCCHIO is significant for all of them. Increasing the sample budget does not change
this: same-target semantic entropy is 0.476/0.486/0.477 at N=10/20/40. The pipeline
is not broken; on the short-form QA benchmarks where these methods were designed it
behaves as expected (TriviaQA semantic entropy 0.740, BoolQ 0.679, NaturalQA 0.629). The
near-random result on the hard suite is a domain limitation of sampling-based uncertainty,
not a setup artifact. We observe the same pattern on two further open targets (DeepSeek-
R1-Distill-Qwen-32B, semantic entropy 0.479) and on a frontier closed target with stronger
accuracy (Claude Sonnet 4.6, semantic entropy 0.489 at 25.3% accuracy), which rules out the
explanation that the open targets are simply too weak.
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Table 25: Faithful same-target sampling baselines stay near random while PINOCCHIO
leads. Faithful same-target sampling baselines on LLaMA-3.1-8B (N=10, 700 hard-suite
questions), versus PINOCCHIO scored on the same responses. Paired A is the AUROC
difference on matched questions, with uncertainty estimated from 1,000 paired bootstrap
resamples.

Method AUROC 1T Paired A vs. PINOCCHIO
Semantic entropy (NLI) 0.476 +0.335
Self-consistency (NLI) 0477 +0.334

Lin et al. [32] (best of 3) 0.553 +0.258

SPUQ [13] 0.482 +0.329

Su et al. [42]] (LofreeCP) 0.574 +0.237
PINOCCHIO (ours) 0.811 -

Table 26: PINOCCHIO’s advantage replicates across three lab-independent targets. Faithful
same-target sampling baselines on three lab-independent targets. Each baseline is run
directly on N=10 generations from the target model itself on the hard suite, satisfying the
methods’ same-target assumption. Lin (best) is the strongest of NumSemSets / Deg / EigV.
The bottom row is the paired AUROC difference between PINOCCHIO and the strongest
baseline for that target (1,000 paired bootstrap resamples).

LLaMA-3.1-8B  Granite-4.1-30B  Devstral-2-24B

Method (n=700) (n=1576) (n=1574)
Semantic entropy (NLI) 0.476 0.558 0.514
Self-consistency (NLI) 0.477 0.559 0.514
Lin et al. [32] (best) 0.553 0.534 0.520
SPUQ [13] 0.482 0.588 0.553
Su et al. [42] (LofreeCP / conformal) 0.574 0.521 0.497
PINOCCHIO (ours) 0.811 0.806 0.836
Paired A vs. best baseline +0.237 +0.218 +0.253

Granite-4.1-30B and Devstral-2-24B are text-only; VLM benchmarks are excluded for those two targets.

The result also replicates across lab-independent targets at larger scale (Table[26): on Granite-
4.1-30B (n=1576) and Devstral-2-24B (n=1574), every faithful baseline stays near random
while PINOCCHIO reaches 0.806 and 0.836, paired A = +0.218 and +-0.253.

Table [27]breaks the hard suite down by benchmark for LLaMA-3.1-8B. PINOCCHIO wins in
aggregate by a wide margin and on the hardest long-form benchmarks (hle 0.869, 1ivebench
0.951), where the sampling methods fall to or below random. On a few lower-accuracy
benchmarks whose answers are short enough that response diversity is informative, a
sampling baseline is competitive or better (SPUQ on omnimath and simpleqa, the graph
measure of Lin et al. [32] on bbeh), which is consistent with sampling-based uncertainty
working precisely when consistency tracks correctness.

The per-benchmark SE/SC values also expose a second result: where sampling methods
fail, they fail by inverting below random, and the inversion is domain-specific rather than
uniform. Strong inversion concentrates on benchmarks where the model commits to a single
long-form wrong trajectory across all N samples (bbeh 0.352, livebench 0.404); it weakens
where some answer-space diversity survives (chembench 0.493, gpga 0.516); and it disappears
on omnimath (0.582), whose short numerical answers paraphrase cleanly enough for NLI
clustering to work. A wiring error would invert every benchmark uniformly. The pattern
instead follows the two mechanisms behind the collapse: confidently wrong trajectories
that repeated sampling cannot escape, and NLI-based semantic clustering (DeBERTa-large-
MNLI, trained on short sentence pairs) failing on multi-paragraph reasoning, where it
neither merges paraphrases of the same correct answer nor separates distinct wrong answers
of similar surface form.
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Table 27: PINOCCHIO wins overall and dominates on long-form benchmarks. Per-
benchmark AUROC on the hard suite for LLaMA-3.1-8B (N=10, n=100 per benchmark,
text-only). SE and SC are NLI-based semantic entropy and self-consistency; Lin is the best of
the three graph measures of Lin et al. [32]. Bold marks the best method on each benchmark.
PINOCCHIO is scored black-box on the same responses.

Benchmark n  Acc% SE SC Lin SPUQ LofreeCP PINOCCHIO

bbeh 100 3 0352 0347 0.644 0478 0.629 0.641
chembench 100 43 0493 0517 0468 0.568 0.579 0.583
gpga 100 29 0516 0517 0.534 0.556 0.506 0.598
hle 100 14 0532 0532 0503 0.549 0.630 0.869
livebench 100 53 0404 0405 0.682 0422 0.541 0.951
omnimath 100 6 0582 0582 0709 0.876 0.766 0.783
simpleqa 100 2 0441 0462 0495 0.827 0.776 0.791
Overall 700 21 0476 0477 0537 0482 0.574 0.811

Table 28: Even white-box log-probabilities carry no usable correctness signal on the hard
suite. White-box sequence-likelihood baselines on LLaMA-3.1-8B with full logit access,
on the hard suite. Even with direct access to the target’s token log-probabilities, sequence
likelihood carries no usable correctness signal on hard reasoning, whereas PINOCCHIO
(black-box, scored on the same responses) reaches 0.811.

Method AUROC 1
Mean log-prob (= —perplexity) 0.413
Min-token log-prob 0.447
Sum log-prob 0.521
Token entropy 0.520
Verbalized confidence 0.610
PINOCCHIO (ours) 0.811

signal on the hard suite (Table 28): on LLaMA-3.1-8B, mean log-probability scores 0.413
AUROC (below chance), and no sequence-likelihood statistic exceeds verbalized confidence
(0.610), while PINOCCHIO, scored black-box on the same responses, reaches 0.811.

Even white-box access to the tat’s token log-probabilities gives no usable correctness

R Computational resources

Training efficiency. The use of LoRA adapters (rank 32) reduces trainable parameters to
<1% of the base model, enabling training on 4 GPUs with standard VRAM (>40GB per
GPU for VLM training with images).

Inference cost. At inference, PINOCCHIO requires a single forward pass through the 8B
calibrator model per query (~0.1 seconds on a single GPU). This contrasts with sampling-
based methods like semantic entropy [29] that require 5-10 forward passes through the
target model, representing a 5-10x reduction in cost per uncertainty estimate.

Smaller models. Our model size ablation (Figure[7) shows that a 0.8B parameter model
retains 99% of the largest (9B) model’s AUROC (0.863 vs. 0.871), making PINOCCHIO viable
for edge deployment at ~4 GB. This means uncertainty estimation can run on-device without
a GPU, enabling offline or latency-sensitive applications.
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Table 29: Training and evaluation are inexpensive. Approximate training and evaluation
times.

Task Time
Unified calibrator training (10,892 examples)  2-3 hours
Test set evaluation (1,953 examples) <30 minutes
Use case scoring (1,953 examples) <1 hour
0.91 1
0.90
0.89
0.88
) 0.870
Q o087 0.863 o—9
2 .\./ 0.871

0.86

0.861
0.85

0.84 1

058 2B 4B oB
Model size (parameters)
Figure 7: AUROC is nearly flat across calibrator sizes. Calibrator model size. AUROC
across the Qwen3.5 calibrator family (0.8B to 9B) is nearly flat: the smallest 0.8B model

retains 99% of the 9B model’s AUROC (0.863 vs. 0.871). Training-set size (Figure(§) has a
much larger effect.

S Additional main-body figures and tables

S.1 Training scale and input ablations

Performance improves most rapidly up to N=1,000 and then shows diminishing returns.
Removing benchmark and source-model metadata reduces AUROC from 0.878 to 0.827.
Removing only the source-model token gives 0.863 AUROC, with larger reductions on
Qwen3.5 and VLM benchmarks. Across five random seeds, mean AUROC is 0.861 £ 0.018.
Word- and sentence-level response shuffling are reported in Table[9]

Vision-language data as text augmentation. Tablereports the text-budget sweep from
Section[4.3} calibrators trained on N text examples, with and without the full vision-language
training set added, all at matched configuration (LoRA rank 32, seed 42, two epochs) and
evaluated on the same held-out text benchmarks.

Response length. The response content is load-bearing: truncating it degrades AUROC
monotonically (Table[32). At a 200-character budget AUROC falls to 0.805, and beyond the
800-character canonical setting it continues to rise slightly, so more of the response helps.

S.2 Per-model recalibration

For each target model, we fit Platt scaling and isotonic regression on 100 labeled exam-
ples and evaluate on the remainder. The procedure changes the mapping from scores to
probabilities without retraining the calibrator.

Platt scaling preserves AUROC because it is monotone. On the three source models, isotonic
regression introduces ties while reducing aggregate ECE from 0.096 to 0.063.

The same procedure applies to models absent from training entirely: on the four current-
generation frontier models (Claude Fable 5, GPT-5.6, Kimi 3, Claude Opus 5, text-only),
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Figure 8: More training data helps more than a larger calibrator. Training-set size. AUROC
is measured on the ablation’s held-out split, on which the full-data calibrator reaches 0.896;
on the main test set it reaches the 0.878 reported throughout (Table[7). Calibrator parameter
count has a much smaller effect (Figure [?E

Table 30: The calibrator transfers to a held-out source model with only a small drop.
Leave-one-model-out (LOMO) cross-model transfer. Each row trains on two source models
and evaluates on the held-out third. A = difference from the full three-model calibrator
(0.878).

Held-out model Training models AUROC A
GPT-5-mini GPT-5.2 + Qwen3.5 0.877 —0.001
GPT-5.2 GPT-5-mini + Qwen3.5 0.861 —0.017
Qwen3.5 GPT-5-mini + GPT-5.2 0.790 —0.088
Mean (LOMO) 0.843 —0.035
Best baseline (combined) 0.649 -

a 100-example fit roughly halves pooled ECE while leaving AUROC unchanged (Table[d]
main body). This is the empirical basis for the recalibration disclaimer in Section E}

Training directly on the new models. The transfer numbers above use no labels from
the new frontier models. When labels are available, a calibrator trained directly on the
four frontier models” own responses (same recipe and combined-metadata prompt) reaches
0.851 in-distribution text AUROC (ECE 0.081); a three-model variant reaches 0.860 with
0.880 leave-one-model-out transfer to the held-out frontier model. Direct training thus
modestly exceeds the 0.837 pooled zero-shot transfer (Section [4.4), so the zero-shot results
are a no-label lower bound on what a labeled deployment achieves.

Recalibration also holds when we hold out whole domains rather than models. We run four
leave-one-domain-out folds, in each of which the calibrator excludes a domain group from
training and then scores it, and we fit recalibration on about 100 labels from the held-out
domain (Table[35). Recalibrating on those ~100 labels cuts pooled ECE several-fold, from
0.271 off-the-shelf to 0.050 with Platt scaling, and adding the target’s verbalized confidence
as a feature does not consistently help beyond that. We note that AUROC on held-out
domains is lower than on held-out models: domain holdout is the harder setting, and
recalibration restores calibration but not the discrimination lost when an entire domain is
unseen.

Error analysis. Per-benchmark AUROC varies from 0.616 (HLE) to 0.995 (LiveBench),
and the variation is driven by domain alignment rather than difficulty: the Spearman rank
correlation between benchmark accuracy and calibrator AUROC is just p = 0.045 (p = 0.85).
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Table 31: Vision-language data improves text calibration when hard text data is scarce.
Text-benchmark AUROC for calibrators trained on N text examples, with and without the
vision-language training set added (matched configuration, same held-out text set). Gains
are largest at small N and taper as text data grows.

N (text examples) Textonly + vision-language A
500 0.690 0.731 +0.041
1,000 0.730 0.789 +0.059
2,500 0.791 0.815 +0.025

Table 32: Longer response context monotonically improves AUROC. Response-truncation
ablation. AUROC as a function of the response character budget, relative to the 800-character
canonical setting.

Response budget AUROC A vs canonical

r=200 0.8053 —0.072
r=400 0.8462 —0.031
r=800 (canonical) 0.8778 -

r=1600 0.8882 +0.010
r=3000 0.8900 +0.012

We identify two complementary failure modes. First, on frontier-difficulty benchmarks
where target model accuracy is very low (HLE: 17%, HLE-Multimodal: 17%), the calibrator
is underconfident on rare correct answers: 50-63% of correct responses receive P(correct) < 0.2,
producing weak score separation (Cohen’s d = 0.30-0.54). Second, on domain-specialized
benchmarks (PRBench, ChemBench, GPQA), the calibrator is confidently wrong: 17-22% of
incorrect answers receive P(correct) > 0.8. In contrast, benchmarks involving structured
mathematical reasoning (LiveBench, MathVista, OmniMath) achieve AUROC > 0.929, likely
because tasks with clear solution steps produce more distinctive textual signals for correct vs.
incorrect responses. This pattern does not reduce to answer format alone: GPQA Diamond
is multiple-choice yet remains among the harder benchmarks, suggesting that expert-level
domain knowledge requirements matter more than surface structure.
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Table 33: The response adds discriminative signal beyond question and metadata. Input
decomposition. Starting from the question text alone, we add benchmark/source metadata
and then the model response. The response adds discriminative signal beyond question
and metadata, showing PINOCCHIO is an integrated calibrator rather than a pure question-

difficulty regressor.

Input AUROC 1 A
Pure question (no metadata, no response) 0.783 -
+ benchmark / source metadata 0.826 +0.043
+ response (full) 0.854 +0.028

Table 34: Platt scaling preserves AUROC while cutting ECE. Per-model recalibration for
the three source models with a 100-sample fit set. Aggregate is the unweighted mean across

models.
Raw Platt Isotonic
Model AUROC ECE AUROC ECE AUROC ECE Ngya
GPT-5-mini 0.878 0.106 0.878 0.067 0.865 0.076 551
GPT-5.2 0.875 0.078 0.875 0.062 0.870 0.050 624
Qwen3.5 0.869 0.103 0.869 0.064 0.864 0.064 473
Aggregate 0.874 0.096 0.874 0.064 0.866 0.063 N/A

Table 35: Recalibration restores calibration even on held-out domains the calibrator
never trained on. Pooled ECE across four leave-one-domain-out folds. Off-the-shelf is the
excluded-domain calibrator with no recalibration; the others fit on about 100 labels from the
held-out domain. Verbal elicitation adds the target’s self-reported confidence as a feature.

Condition Pooled ECE |
Off-the-shelf (no recalibration) 0.271
Domain scaling (Platt) 0.050
Isotonic 0.080
Isotonic + verbal elicitation 0.065
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