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Abstract

Large vision-language models (LVLMs) suffer
from visual ungroundedness: they can produce
a fluent, confident, and even correct response
driven entirely by language priors, with the
image contributing nothing to the prediction.
Existing confidence estimation methods can-
not detect this, as they observe model behav-
ior under normal inference with no mechanism
to determine whether a prediction was shaped
by the image or by text alone. We introduce
BICR (Blind-Image Contrastive Ranking), a
model-agnostic confidence estimation frame-
work. The LVLM stays entirely frozen; in-
stead, we extract its hidden states twice per
sample, once with the real image-question pair
and once with the image blacked out while
the question is held fixed. A small, separate
probe is then trained on the real-image hid-
den state, regularized by a ranking loss that
penalizes higher confidence on the blacked-
out view, teaching it to treat visual grounding
as a signal of reliability. At inference only
the single real-image pass is used, so BICR
adds zero cost beyond a standard single-view
probe. Evaluated across five modern LVLMs
and seven baselines on a benchmark covering
visual question answering, object hallucina-
tion detection, medical imaging, and financial
document understanding, BICR achieves the
best cross-LVLM average on both calibration
and discrimination simultaneously, with statis-
tically significant discrimination gains robust
to cluster-aware analysis, at 4–18× fewer pa-
rameters than the strongest probing baseline.

Code — https://github.com/Ledengary/BICR

Data — https://huggingface.co/datasets/ledengary/VLCB

1 Introduction

In Large Vision-Language Models (LVLMs), an
answer can be confident and correct while be-
ing entirely driven by language priors. LVLMs

*Corresponding author: khanreza@msu.edu
†Shared senior authorship

function by prepending a sequence of visual to-
kens, produced by a vision encoder, to the language
model’s input context before any text generation
begins. The language backbone receives both im-
age and text as input, but this does not mean the
answer is driven by both. Specific attention heads
in LVLMs attend up to five times more strongly to
text than to visual tokens (Yang et al., 2025), and
answer distributions are nearly indistinguishable
whether the image is provided or replaced with a
blank input (Woo et al., 2025; Fu et al., 2025). A
model can therefore produce a fluent, confident,
and even correct response based almost entirely on
learned linguistic priors, with the image contribut-
ing nothing to the prediction. This failure mode,
which we term visual ungroundedness, is distinct
from ordinary model error: the model is not rea-
soning incorrectly about the image, it is bypassing
the image altogether.
Existing confidence estimation methods cannot
tell visually ungrounded predictions apart from
grounded ones. Hidden-state probing methods do
carry useful discriminative signal in the LVLM set-
ting (Li et al., 2024), but they share a common blind
spot: a probe trained on representations extracted
under normal inference sees only a single snapshot
of the model’s internal state, from which it cannot
determine whether that state was shaped by the
image or by text alone. Without exposure to that
contrast during training, such a probe will assign in-
distinguishable confidence scores to grounded and
ungrounded predictions, systematically overstating
confidence in the latter.
Detecting visual ungroundedness still requires
getting the two basic properties of a confidence
score right, and doing so simultaneously re-
mains an open challenge. A useful confidence
estimator must satisfy two properties at once: cali-
bration (expressed confidence matches empirical
accuracy, so that a model assigning 80% confidence
to a set of answers is correct on roughly 8 of 10 of
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Figure 1: Overview of our method (BICR) and headline results. (A) BICR pairs each question with two views,
the real image and a blank counterfactual, and trains a shared probe on top of a frozen large vision-language model
(LVLM). The ranking loss Lrank enforces that the real-view confidence cbase exceeds the blank-view confidence
cblank by a margin γ, teaching the probe that confidence must be grounded in the visual input. Only the base view
is used at inference. (B) Each marker is one confidence estimator’s cross-LVLM average across our 5 LVLMs and 7
datasets, plotting calibration quality, 1−ECE (Expected Calibration Error), against discrimination quality, AUROC
(Area Under the ROC Curve). BICR (red star) is the only method in the upper-right region, achieving both high
calibration and high discrimination simultaneously.

them (Guo et al., 2017)), and discrimination (confi-
dence scores meaningfully separate correct predic-
tions from incorrect ones). LVLMs do not naturally
exhibit either: when asked a question they cannot
reliably answer, LVLMs respond with the same flu-
ent confidence as when they are correct, expressing
no meaningful uncertainty (Guo et al., 2017; Dang
et al., 2026; Chen et al., 2025). Prior methods have
made progress on each property individually (see
§2), but jointly satisfying both, especially under a
visual modality, remains an open question.
Blind-Image Contrastive Ranking (BICR) ad-
dresses visual ungroundedness directly by teach-
ing a confidence probe to distinguish image-
driven predictions from language-prior-driven
ones. For each sample, BICR extracts hidden states
from a frozen LVLM twice, once with the origi-
nal image-question pair and once with the image
blacked out. The gap between these two hidden
states is an operational proxy for visual grounding,
which we use to predict correctness rather than to
measure grounding directly. A lightweight probe is
trained on real-image hidden states with a ranking
loss penalizing higher confidence on the blacked-
out view, teaching the probe to treat this gap as
a reliability signal at no inference cost. Across
five LVLMs and seven baselines on a benchmark
spanning visual question answering (VQA), object
hallucination detection, medical imaging, and fi-
nancial document understanding (Figure 1), BICR
achieves the best cross-LVLM averages on calibra-

tion and discrimination simultaneously, with sta-
tistically significant discrimination gains robust to
cluster-aware analysis and 4–18× fewer parameters
than the strongest probing baseline, InternalInspec-
tor (Beigi et al., 2024). The contributions of this
work are as follows:

• BICR: a model-agnostic confidence estima-
tion framework for LVLMs that trains a
lightweight probe via a blind-image con-
trastive ranking objective to use visual ground-
ing as a reliability signal, achieving the best
cross-LVLM average on calibration (ECE,
Brier) and discrimination (AUCPR, AUROC).

• VLCB: a benchmark aggregating seven public
VQA sources with model responses and cor-
rectness labels across five modern LVLMs,
spanning general, medical, and financial rea-
soning domains, released publicly to support
reproducibility and future work on confidence
estimation in multimodal models.

• Comprehensive evaluation of seven con-
fidence estimation baselines (P(True), Self-
Probing, Prompt Ensembles, P(I Know),
SAPLMA, InternalInspector, CCPS) across
five LVLM architectures and diverse high-
stakes domains, providing the first system-
atic benchmark of confidence estimation in
LVLMs under a unified protocol that jointly
reports calibration and discrimination.
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• Empirical evidence that the gap between real
and blank-image hidden states, our proxy for
visual grounding, gives a reliable and discrim-
inative signal of correctness across models,
tasks, and domains.

2 Related Work

Confidence Estimation in Language Models.
Confidence estimation methods for language mod-
els fall into four families. Prompt-based meth-
ods elicit a confidence signal through additional
queries: verbalized confidence asks the model to
state its certainty numerically (Xiong et al., 2024;
Tian et al., 2023; Zeng et al., 2025), and self-
consistency samples multiple responses and mea-
sures agreement (Wang et al., 2023). Logit-based
methods read the output distribution directly, using
token-level log-probabilities (Zhou et al., 2025) of-
ten rescaled via temperature scaling (Jiang et al.,
2021; Guo et al., 2017). Internal-state probing
methods train classifiers on hidden activations:
P(IK) (Kadavath et al., 2022) probes the state be-
fore generation, SAPLMA (Azaria and Mitchell,
2023) reads hidden-layer activations on the gener-
ated response, and InternalInspector (Beigi et al.,
2024) pools attention, feed-forward, and residual
states across all layers through a learned encoder.
Internal-stability methods probe representational
response to perturbation: CCPS (Khanmohammadi
et al., 2025) applies targeted adversarial perturba-
tions to the final hidden state and trains a classifier
on the resulting trajectory. We benchmark BICR
against these seven methods in §5.
Calibration and Grounding in Vision-Language
Models. LVLMs prepend visual tokens to the lan-
guage model’s input, but this architectural integra-
tion does not guarantee that visual content drives
the answer (Yang et al., 2025; Woo et al., 2025;
Fu et al., 2025). Even when output is correct,
meaning-preserving image perturbations induce
substantial shifts in internal representations (Wani
et al., 2026), and LVLMs are persistently miscali-
brated, with verbalized confidence poorly track-
ing correctness in ways prompting and temper-
ature scaling do not correct (Dang et al., 2026;
Chen et al., 2025; Xuan et al., 2025). Recent
LVLM-specific methods address adjacent symp-
toms without producing a per-sample calibrated
score: CSP (Zhao et al., 2025) and medical VQA
frameworks (Du et al., 2025) target output-level cal-
ibration, while VL-Calibration (Xiao et al., 2026)

decomposes confidence into visual and reasoning
components via reinforcement learning fine-tuning.
A parallel line targets hallucination rather than con-
fidence: VCD (Leng et al., 2024) contrasts out-
put distributions from original and noise-distorted
images at every decoding step, MemVR (Zou
et al., 2025) re-injects visual tokens as key-value
memory at a middle layer when the model is un-
certain, and VL-Uncertainty (Zhang et al., 2024)
clusters responses to perturbed inputs and reports
hallucination-detection accuracy. These interven-
tions all rewrite the generated answer rather than
emit a per-sample confidence score, and they move
in different directions on the visual signal: VCD
degrades the view, MemVR supplements it, and
BICR removes it. None targets the joint calibration-
and-discrimination protocol we adopt, and they col-
lectively retrain the model, work at the output level,
or add inference cost without addressing whether
internal representations are anchored in visual evi-
dence.
Hidden-State and Attention Probing in LVLMs.
Hidden-state probing carries useful signal in
LVLMs: classifiers on final-layer representations
achieve strong hallucination detection across archi-
tectures and tasks (Li et al., 2024). Two adjacent
lines read related internal signals for different pur-
poses than per-sample confidence: SVAR (Jiang
et al., 2025) uses the middle-layer visual attention
ratio to classify object-level hallucination during
generation, and TVI (Long et al., 2026) contrasts
hidden states with and without the image to local-
ize a visual integration point and quantify language
prior, reported as a population-level Spearman cor-
relation rather than a per-sample probability. How-
ever, when the visual input is degraded, probe per-
formance degrades sharply with it (Li et al., 2024),
revealing that these probes read the quality of the
visual signal in the hidden state rather than whether
any visual signal was used. A probe reading an
ungrounded prediction and a grounded one may
therefore see nearly identical representations, since
neither was ever exposed to that contrast.
The missing contrastive signal. Across all four
paradigms, no method trains a per-sample confi-
dence estimator on the contrast between grounded
and ungrounded representations. Probing meth-
ods (P(IK), SAPLMA, InternalInspector, SVAR)
read snapshots under normal inference; output-
level methods (CSP, VL-Calibration, VCD, VL-
Uncertainty) do not expose internal grounding; TVI
performs the contrast but as a population diagnostic,
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not a per-sample correctness-trained score. BICR
fills this gap: it is the only method that is at once a
frozen-model probe, read from a single last-prompt-
token state before generation, supervised on cor-
rectness, built on a real-versus-blank contrast, and
evaluated jointly on calibration and discrimination.
Appendix D positions BICR against each method
family in detail (Table 17).

3 Vision-Language Model Confidence
Estimation Benchmark (VLCB)

Evaluating confidence estimation methods requires
a benchmark that provides correctness labels for
model responses across diverse tasks and model
families, supports a clear separation between
training and test distributions, and spans the do-
mains where reliable confidence scores matter
most. To our knowledge, no existing resource
satisfies all three, which is what VLCB is de-
signed to address. We evaluate BICR alongside
seven baselines spanning three paradigm fami-
lies: prompt-based methods that treat the LVLM
as a black box (P(True) (Kadavath et al., 2022),
Self-Probing (Xiong et al., 2024), Prompt En-
sembles (Zollo and Zemel, 2025)), internal-state
probes that train lightweight classifiers on hidden-
state snapshots (P(I Know) (Kadavath et al., 2022),
SAPLMA (Azaria and Mitchell, 2023), InternalIn-
spector (Beigi et al., 2024)), and one internal-
stability method that reads representational robust-
ness under perturbation (CCPS (Khanmohammadi
et al., 2025)). Full baseline descriptions are pro-
vided in Appendix C.
Design principle. The central design choice in
VLCB is deliberate distribution shift between train-
ing and evaluation. Confidence probe training
uses GQA (Hudson and Manning, 2019) exclu-
sively: 20,000 training and 5,000 validation sam-
ples stratified by question type, with short, un-
ambiguous answers. The test set is detailed in
Appendix B and combines a held-out GQA test
split for in-distribution reference with six addi-
tional datasets unseen during training: POPE (Li
et al., 2023) for object hallucination detection,
GMAI-MMBench (Chen et al., 2024) for medical
multimodal reasoning, MME-Finance (Gan et al.,
2025) for financial chart understanding, MMMU-
Pro (Yue et al., 2025) in 4-option and 10-option con-
figurations for college-level reasoning, and LLaVA-
in-the-Wild (Liu et al., 2023) for Open-ended vi-
sual dialogue. Table 1 summarizes the splits. This

Table 1: VLCB train, validation, and test splits.

Split Source N %

Train GQA (VQA) 20,000 100.0
Val GQA (VQA) 5,000 100.0

Test GQA (VQA) 12,568 41.2
POPE (Object Hallucination) 9,000 29.5
GMAI-MMBench (Medical Reasoning) 4,549 14.9
MMMU-Pro 4-option (College Reasoning) 1,720 5.6
MMMU-Pro 10-option (College Reasoning) 1,725 5.7
MME-Finance (Chart Understanding) 892 2.9
LLaVA-Wild (Visual Dialogue) 60 0.2

Total 30,514 100.0

out-of-domain setup makes performance meaning-
ful: a confidence estimator that succeeds only on
its training distribution offers no deployment guar-
antee.
Model coverage and response generation.
We evaluate five open-weight instruction-tuned
LVLMs: Qwen3-VL-8B, LLaVA-NeXT-13B,
InternVL3.5-14B, Gemma-3-27B, and DeepSeek-
VL2. Together they cover 4.5B to 27B active pa-
rameters, three distinct vision encoder lineages, and
both dense and mixture-of-experts language model
architectures. Full architectural specifications are
provided in Appendix A. All five models are run on
the complete train, validation, and test splits under
identical generation conditions: greedy decoding
with a maximum of 64 new tokens and images
downscaled to a maximum of 2,048 pixels on the
longer edge. Each model receives a semantically
uniform prompt instructing it to answer briefly and
completely; prompt delivery details vary by model
chat template and are described in Appendix B.4.
Correctness labeling. Each generated response
is assigned a binary correctness label by a
gpt-5-mini judge applied uniformly across all
seven source datasets and all five LVLMs. Using a
single judge across task types, including multiple-
choice questions where string matching would in
principle suffice, ensures that formatting variation
across LVLM chat templates does not introduce
grading artifacts and that all correctness labels are
produced by the same protocol. This practice is
well established in the confidence estimation litera-
ture, and our approach follows the same protocols
adopted by prior work (Kapoor et al., 2024; Khan-
mohammadi et al., 2025, 2026). We further validate
the judge against a stratified human-annotated audit
(350 items, 98.3% agreement, Cohen’s κ = 0.966),
detailed in Appendix B.6. Per-LVLM correctness
statistics broken down by dataset and split are re-
ported in Appendix B.
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4 Blind-Image Contrastive Ranking
(BICR)

Problem setup. Let M denote a frozen LVLM
with hidden dimension dh. Given a visual question
(q, v) with question text q and image v, we perform
a prompt-only forward pass through M and extract
the hidden state at the last prompt token position,
the point at which the model’s representation of the
full input is formed and generation would begin.
We denote this hidden state hbase ∈ Rdh . The
goal is to learn a function f : Rdh → R whose
sigmoid σ(f(hbase)) estimates the probability that
the model’s generated answer a is correct, using
only hbase at inference time.
Two-view hidden state extraction. For each train-
ing sample, given question q, image v, and binary
correctness label y ∈ {0, 1}, where y = 1 when the
model’s generated answer is judged correct against
the ground truth and y = 0 otherwise, we extract
hidden states from M under two input conditions.
The base view uses the original image: hbase is the
hidden state at the last prompt token of the forward
pass over (q, v). The blank view substitutes a solid
black image v∅ (RGB (0, 0, 0), matching the spa-
tial dimensions of v) while holding q fixed: hblank

is the hidden state at the same position from the
forward pass over (q, v∅). Both states come from
the final decoder layer, so any difference between
them is attributable solely to the visual input. The
blank-image pass is computed once as a prepro-
cessing step and reused across all training runs and
seeds.
Probe architecture. The confidence probe f is
a multi-layer perceptron with ReLU activations
and dropout between layers, mapping h ∈ Rdh

to a scalar logit. The same MLP is shared across
both views during training: hbase and hblank pass
through f with identical parameters. This weight
sharing is what allows the contrastive objective in-
troduced below to shape the learned representation
rather than merely fitting a separate decision thresh-
old per view: a single probe must simultaneously
produce high confidence for grounded real-image
predictions and suppressed confidence for blank-
image ones. The depth and width of the MLP are
selected by Optuna hyperparameter search; full
details are in Appendix G.
Training objective. The training loss combines
three terms. The supervised loss is binary cross-
entropy with positive-class weighting to handle
label imbalance, where n+ and n− are the counts

of correct and incorrect samples in training:

Lbce = BCE(f(hbase), y;w+), w+ = n−/n+

(1)
The calibration loss is a Brier score penalty on

base-view predictions:

Lbrier =
1
n

∑n
i=1(p̂

base
i − yi)

2, p̂basei = σ(f(hbase,i))

(2)
The visual grounding ranking loss is the core

contribution of BICR. For each correctly answered
sample (y = 1), the probe is required to assign
higher confidence when the real image is present
than when it is absent, with margin γ > 0 enforcing
a minimum gap between the two scores rather than
merely requiring one to exceed the other:

Lrank =

∑
iReLU

(
γ − (p̂basei − p̂blanki )

)
yi∑

i yi + ϵ
(3)

where p̂blanki = σ(f(hblank,i)) and ϵ = 10−8. The
constraint is restricted to correct samples because
the ranking direction has a clear semantic interpre-
tation there: a correct answer that relied on the
image should produce higher confidence with the
image present than without it. For incorrect an-
swers no directional constraint is warranted, as the
answer is wrong regardless of visual grounding.
The three terms are combined as:

L = Lbce + βLbrier + λLrank (4)

where β, λ, and γ are selected by Optuna. The
contribution of each term is validated empirically
in Appendix I.1.
Inference. At test time, BICR requires a sin-
gle prompt-only forward pass through the frozen
LVLM to obtain hbase, followed by a pass through
the probe:

ĉ = σ
(
f(hbase)

)
(5)

The blank view’s only consumer is Lrank during
training; because the probe is shared across both
views, the contrast is absorbed into its weights, and
the trained probe already suppresses confidence on
blank-image-like states without a second pass. In-
ference therefore needs only the single real-image
pass, so BICR adds zero inference overhead rela-
tive to any single-view probe. Trainable parameter
counts are compared in Appendix H.

5 Results

All methods are evaluated on the VLCB test split
across five LVLMs under a shared protocol. We re-
port four primary metrics: Expected Calibration Er-
ror (ECE) and Brier Score (BS) for calibration, and
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Area Under the Precision–Recall Curve (AUCPR)
and Area Under the ROC Curve (AUROC) for dis-
crimination. Full definitions and additional metrics
are in Appendix E. Trained methods report mean
performance across five random seeds, each with
50 Optuna hyperparameter trials, selected via a
composite validation score that jointly optimizes
discrimination and calibration; the full training and
selection protocol is described in Appendix F.
Main results. Table 2 presents the pooled aggre-
gate performance of all methods across the five
LVLMs. BICR achieves the best cross-LVLM av-
erage on all four metrics: ECE of 7.09%, BS
of 18.41%, AUCPR of 87.47%, and AUROC of
78.63%. Among per-LVLM results, BICR leads on
AUCPR and AUROC for every LVLM (five of five),
and on ECE and BS for three of five LVLMs.

The two strongest baselines are P(I Know) and
InternalInspector. P(I Know) is architecturally iden-
tical to BICR, an Optuna-tuned MLP over a sin-
gle hidden-state vector, but is trained with BCE
loss alone. Because P(I Know) has no canon-
ical probe architecture at this scale, we give it
the identical Optuna search space and budget as
BICR, so the two compete on the same architec-
tural and optimization footing and their compari-
son isolates the training objective; the remaining
trained baselines retain their published, validated
configurations (Appendices C, G, H). BICR’s im-
provement over P(I Know) (+2.1 AUROC, +1.2
AUCPR, −2.2 ECE on the cross-LVLM average)
is therefore attributable to the training-time auxil-
iary losses (primarily the ranking signal from the
blank-image comparison), not to architectural dif-
ferences. InternalInspector achieves competitive
ECE on two LVLMs (Qwen and Gemma) using a
ResNet18-based CNN encoder with 11.3M param-
eters, 7× more than BICR’s average of 1.6M, but
falls behind on discrimination across all LVLMs. A
detailed comparison of trainable parameter counts
is provided in Appendix H. The three prompt-based
methods (P(True), Self-Probing, Prompt Ensemble)
trail the internal-state probes by sizable margins on
the cross-LVLM average, with the smallest gap
(Self-Probing to SAPLMA) at roughly 7 AUROC
points and the largest exceeding 20, confirming
that verbalized or logit-based confidence signals
are insufficient for reliable confidence estimation
without access to internal representations. All dis-
crimination improvements of BICR over trained
baselines are statistically significant under both
pooled and cluster-aware analyses, and calibra-

tion improvements are significant against three of
the four trained baselines (P(I Know), SAPLMA,
CCPS) under both analyses; full significance re-
sults are reported in Appendix J.8.
Ablation study. Table 3 reports the contribution
of each loss component to BICR’s training objec-
tive. Lrank is the critical component: removing
it degrades AUROC by 3.32 points and AUCPR
by 1.95 (p < 0.001, paired Wilcoxon and cluster-
aware bootstrap), confirming that the blank-image
contrastive signal is the primary driver of BICR’s
discriminative gain. Lbrier provides a smaller but
consistent calibration benefit (∆ECE = −1.39,
∆BS = −0.63). Removing both auxiliary losses
produces the worst configuration on every metric
(p < 0.005 on all discrimination metrics). Be-
yond the loss components, three additional design
studies are reported in the appendix: a behavioral
analysis showing that Lrank broadens the probe’s
confidence distribution and tightens calibration in
the high-confidence range where overconfidence
is most consequential (Appendix I.2); a compar-
ison of five null-image strategies (black, white,
Gaussian noise, blurred original, pixel-shuffled),
in which the solid-black null is the strongest train-
ing signal on every metric (Appendix I.4); and an
analysis of the Optuna-selected loss coefficients,
which finds the rank weight λ consistently posi-
tive and non-trivial across LVLMs and seeds (Ap-
pendix I.3). Per-LVLM ablation breakdowns and
full significance results are in Appendix I.1.
Calibration analysis. Figure 2 presents the cross-
LVLM reliability diagram for all eight methods.
Three patterns are evident. Prompt-based meth-
ods exhibit severe miscalibration: P(True) con-
centrates most of its mass in the extreme bins
([0, 0.2) and [0.8, 1.0]) with empirical accuracies
far from the predicted values (ECE = 0.366); Self-
Probing pushes nearly all predictions above 0.8
regardless of correctness (ECE = 0.281). Trained
baselines improve substantially, with InternalIn-
spector reaching ECE = 0.078, but concentrate
predictions in the mid-to-high range, underutilizing
the low-confidence region where uncertain predic-
tions should fall. BICR achieves the best calibration
(ECE = 0.056) with confidence mass distributed
across the full range: the [0.8, 1.0] bin achieves
91.3% empirical accuracy, and substantial mass at
[0.2, 0.4) reflects 42.1% accuracy, indicating that
BICR has learned to express genuine uncertainty
when visual evidence is weak. A bin-level analysis
showing that Lrank is responsible for this behavior
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Table 2: Pooled aggregate performance across all LVLMs. Metrics reported as percentages (%). Arrows indicate
direction of improvement. Best values per LVLM are bolded. Trained methods report mean across 5 seeds (50
Optuna trials each). Bottom-right: cross-VLM average. Extended per-dataset results in Appendix J.

DeepSeek-VL2 Qwen3-VL-8B-Instruct
Method ECE ↓ BS ↓ AUCPR ↑ AUROC ↑ Method ECE ↓ BS ↓ AUCPR ↑ AUROC ↑
P(True) 34.07 37.43 68.09 52.66 P(True) 43.88 44.16 76.18 54.62
Self-Probing 35.07 37.35 74.19 62.22 Self-Probing 24.39 27.47 77.00 59.49
Prompt Ensembles 16.30 24.72 72.49 73.46 Prompt Ensembles 19.80 25.96 66.20 52.90
SAPLMA 12.83 21.51 79.69 77.14 SAPLMA 10.57 19.43 86.41 74.22
P(I Know) 8.50 19.26 84.58 78.49 P(I Know) 7.54 17.99 88.43 77.19
CCPS 7.70 22.14 76.97 70.94 CCPS 28.67 45.64 66.18 44.93
InternalInspector 7.39 18.95 84.54 79.31 InternalInspector 5.43 16.95 89.75 79.60
BICR (Ours) 6.02 17.90 86.19 81.11 BICR (Ours) 8.91 17.40 90.26 80.14

LLaVA-NeXT-Vicuna-13B InternVL3.5-14B
Method ECE ↓ BS ↓ AUCPR ↑ AUROC ↑ Method ECE ↓ BS ↓ AUCPR ↑ AUROC ↑
P(True) 26.23 30.93 67.91 54.73 P(True) 41.19 41.45 78.02 59.49
Self-Probing 28.92 29.97 81.87 67.30 Self-Probing 21.51 24.71 76.77 70.75
Prompt Ensembles 12.77 23.49 77.31 68.47 Prompt Ensembles 16.70 25.90 60.26 43.37
SAPLMA 16.52 22.99 82.01 72.47 SAPLMA 16.58 23.27 76.21 65.42
P(I Know) 10.81 19.87 87.06 77.32 P(I Know) 10.83 20.16 86.35 73.78
CCPS 16.27 21.98 76.00 72.89 CCPS 14.72 23.83 71.64 58.22
InternalInspector 13.79 22.31 81.42 71.87 InternalInspector 10.59 21.48 82.64 69.31
BICR (Ours) 5.65 18.16 87.74 78.94 BICR (Ours) 7.90 19.04 88.04 76.39

Gemma-3-27B-IT Cross-LVLM Average
Method ECE ↓ BS ↓ AUCPR ↑ AUROC ↑ Method ECE ↓ BS ↓ AUCPR ↑ AUROC ↑
P(True) 44.80 45.05 74.01 56.81 P(True) 38.04 39.80 72.84 55.66
Self-Probing 27.67 29.46 79.20 68.39 Self-Probing 27.51 29.79 77.81 65.63
Prompt Ensembles 26.72 30.29 70.13 61.82 Prompt Ensembles 18.46 26.07 69.28 60.00
SAPLMA 4.61 19.42 83.83 75.45 SAPLMA 12.22 21.32 81.63 72.94
P(I Know) 8.88 19.86 85.07 76.08 P(I Know) 9.31 19.43 86.30 76.57
CCPS 8.98 22.14 73.37 68.49 CCPS 15.27 27.15 72.83 63.10
InternalInspector 4.29 19.68 83.17 74.15 InternalInspector 8.30 19.88 84.31 74.85
BICR (Ours) 6.98 19.56 85.10 76.56 BICR (Ours) 7.09 18.41 87.47 78.63

Table 3: Loss ablation for BICR (cross-LVLM average,
5 seeds × 5 LVLMs).

Variant ECE↓ BS↓ AUCPR↑ AUROC↑
Full (BICR) 7.09 18.41 87.47 78.63
−Lbrier 8.48 (+1.39) 19.04 (+0.63) 87.10 (-0.37) 78.02 (-0.61)
−Lrank 8.13 (+1.04) 19.63 (+1.22) 85.52 (-1.95) 75.31 (-3.32)
Lbce only 9.15 (+2.06) 19.91 (+1.50) 85.48 (-1.99) 75.25 (-3.38)

is provided in Appendix I.2.
Per-dataset analysis. BICR achieves the best
pooled performance across all datasets combined
(Table 2), and this advantage holds under per-
dataset equal-weight aggregation as well: averag-
ing metrics with equal weight per dataset (rather
than per sample) widens BICR’s ECE and BS gaps
over every trained baseline (Appendix J.3), con-
firming that the headline result is not an artifact of
the larger datasets dominating the pooled view. The
per-dataset breakdown (Appendix J) further shows
that BICR’s gains decompose into two regimes.
On the larger datasets (GQA, POPE), BICR’s dis-

crimination advantage is consistent across LVLMs,
sharpening the correct–incorrect ranking on tasks
where representations are already informative.
On the harder grounding-bound datasets (GMAI-
MMBench, MMMU-Pro, MME-Finance), discrim-
ination is more contested, but BICR’s calibration
advantage is largest there: it is the best-calibrated
method on four of seven datasets (§J.6), reflecting
that the blank-image contrastive signal prevents the
probe from collapsing into overconfident outputs
in regimes where every method struggles to reason
about the image. This split between where discrim-
ination concentrates (large, easier datasets) and
where calibration concentrates (harder grounding-
bound datasets) is what produces BICR’s joint ad-
vantage on both axes when aggregated across the
benchmark. A direct mechanism check on the
sub-population the LVLM behaviorally treats as
image-invariant (Appendix L) confirms that BICR’s
confidence is the most accurate of any method eval-
uated on samples the LVLM behaviorally treats as
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Figure 2: Cross-LVLM reliability diagrams for all eight methods. ECE (top-left of each panel) is computed on
samples pooled across all 5 LVLMs and 5 seeds, matching the reliability curves; these values differ slightly from
the per-LVLM-then-averaged ECE in Table 2 because ECE is non-linear in the per-bin frequencies. Bar height is
the empirical accuracy for that confidence bin, bar opacity is proportional to the fraction of samples in the bin, and
the dashed diagonal represents perfect calibration.

image-invariant, with paired-bootstrap BS gains
significant on 31 of 35 (LVLM, baseline) pairs.

6 Discussion

Our operational signal of visual grounding
is readable from hidden states, and image-
invariant behavior is detectable. The gap be-
tween hidden states under a real versus blank im-
age is a reliable signal of correctness, even though
a probe trained only on real-image states has no
basis to distinguish a grounded prediction from
one shaped entirely by language priors. The 3.32
AUROC drop when Lrank is removed (p < 0.001
across 25 runs and all five LVLMs) confirms the
signal is not incidental, and a behavioral test on the
sub-population the LVLM treats as image-invariant
(Appendix L) shows BICR’s calibration advantage
concentrates on exactly the population the rank loss
targets.
Confidence estimation can precede response gen-
eration entirely. BICR operates at the last prompt
token, after the model has formed its full internal
representation of the task but before generation
begins. Confidence is therefore estimated from
how the model represented the input, not from
what it said. In deployment, a pipeline can flag
low-confidence inputs before paying generation
cost, enabling triage, escalation, or human review
without waiting for a response. P(True) and Self-
Probing require the model to generate an answer

and then a second response expressing certainty;
SAPLMA and CCPS are bound to a completed
generation pass. BICR has no such dependency.
Training-time contrast, no inference-time cost.
The contrastive signal that drives BICR’s gains
could in principle be read at inference by running
both passes per query. BICR instead absorbs the
contrast into the probe’s weights during training:
the blank-image pass is preprocessing, and infer-
ence is a single forward pass. Methods like Prompt
Ensembles, Self-Probing, and CCPS pay their cost
at every query; BICR pays it once.
The calibration-discrimination trade-off yields
to the right training signal. Prior work identifies
a tension where optimizing one metric degrades the
other (Khanmohammadi et al., 2026). BICR is the
only method in our benchmark with the best cross-
LVLM average on all four metrics simultaneously,
and the ablation reveals why: Lrank improves dis-
crimination by suppressing overconfident scores on
ungrounded predictions, while Lbrier penalizes the
gap between predicted scores and true correctness
frequencies. The two losses are complementary
because they target distinct failure modes: ranking
correct above incorrect, versus producing scores
reliable as probability estimates.
BICR’s advantage concentrates where it mat-
ters most. Gains are largest on GMAI-MMBench
and MMMU-Pro, the two hardest and most visu-
ally demanding benchmarks in VLCB, and smallest
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on POPE, where binary hallucination detection is
learnable largely from language priors. This val-
idates the design: the contrastive signal is most
informative where the image is genuinely neces-
sary. An ungrounded correct guess on a yes/no
probe is an edge case; on a medical diagnosis or
financial chart, the same failure carries real cost.

7 Conclusion

We introduced BICR, an LVLM confidence estima-
tion framework built on a targeted training-time
intervention: replace the image with black, extract
the hidden state at the same prompt position, and
regularize a lightweight probe to assign lower confi-
dence when the visual input disappears. This single
contrastive signal, applied before generation begins
at zero additional inference overhead relative to a
single-view probe, is sufficient to achieve the best
performance in our benchmark on calibration and
discrimination simultaneously across five LVLMs
and seven baselines, with statistically significant
gains at 4–18× fewer parameters than the strongest
probing baseline. The findings suggest that a use-
ful proxy for visual grounding is legible in hidden
states, that the calibration-discrimination trade-off
yields to the right training signal, and that higher
confidence quality does not require more inference
compute. We release VLCB, our LVLM confidence
estimation benchmark spanning general, medical,
and financial visual reasoning, together with all
evaluation code to support future research on trust-
worthy LVLM deployment.

Limitations

Despite BICR’s strong empirical performance
across five LVLMs and seven datasets, several lim-
itations bound the scope of our findings. First,
BICR requires access to the LVLM’s internal hid-
den states, so it applies to open-weight models
but not to closed-weight LVLMs (e.g., GPT-4V,
Claude, Gemini) served only through APIs; ex-
tending the blank-image contrastive principle to
API-only settings is an open problem. Second, our
use of “visual grounding” and “visual ungrounded-
ness” refers to an operational proxy rather than
a direct measurement: we treat a prediction as
grounded to the extent that the LVLM’s hidden
state differs between the real-image and blank-
image views, a necessary but not sufficient con-
dition for grounding in the stronger semantic sense.
This contrastive-proxy framing is standard in the

LVLM grounding literature, including VCD (Leng
et al., 2024), VL-Uncertainty (Zhang et al., 2024),
and SVAR (Jiang et al., 2025), none of which mea-
sure grounding directly either; more direct mea-
surement (e.g., causal interventions on individual
visual tokens) is an open problem. Third, our eval-
uation is VQA-centric: although VLCB spans di-
verse domains (general, medical, financial, and
college-level reasoning), the tasks are predomi-
nantly question-answering in structure, and open-
ended items are a small fraction of the benchmark
(only the 60 LLaVA-in-the-Wild samples are open-
ended). This protocol may not fully reflect BICR’s
effectiveness on other critical LVLM tasks, such
as open-ended generation, long-form image cap-
tioning, or complex multi-turn reasoning, where
the dynamics of visual ungroundedness may mani-
fest differently, and it does not cover video, 3D, or
embodied settings; whether the real-versus-blank
contrast transfers to these regimes is an open ques-
tion we leave to future work. Fourth, the rank
loss Lrank constrains only correctly-answered sam-
ples (y = 1), since the contrastive direction en-
codes grounded correctness, which has no ana-
logue for incorrect responses where the answer
is wrong regardless of grounding; a symmetric or
class-conditional formulation that also constrains
the y = 0 direction is a natural extension we did
not investigate. We believe these limitations do not
detract from our core findings but instead point to
natural directions for future work on the reliability
of LVLMs.

Ethical Considerations

While BICR is developed with the goal of improv-
ing the reliability of large vision-language models,
several ethical considerations are relevant. The
primary concern is over-reliance on automated con-
fidence scores. Our results show that even the best
methods carry trade-offs and no method is perfectly
calibrated across every dataset and LVLM combi-
nation. In high-stakes domains such as medicine,
finance, or law, accepting an LVLM’s output sim-
ply because its associated confidence score is high,
without independent human judgment and over-
sight, could lead to adverse outcomes when an
LVLM error is not flagged by the confidence es-
timator. This concern is especially acute in the
medical imaging and document understanding set-
tings represented in our benchmark, where confi-
dence scores might inform downstream decisions
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with material consequences. A second concern is
fairness across diverse populations and data distri-
butions. The LVLMs we evaluate carry whatever
biases were present in their training data, and any
confidence estimator built on top of those LVLMs,
including BICR, may inherit or even amplify those
biases. As a result, confidence scores could be sys-
tematically less reliable for certain demographic
groups, image styles, or question types, poten-
tially leading to inequitable downstream outcomes.
Therefore, any deployment of BICR or related meth-
ods, particularly in sensitive applications, should
be preceded by thorough fairness testing across
relevant subgroups, accompanied by ongoing mon-
itoring, and framed explicitly as a tool that assists
human experts rather than replacing their critical
judgment.
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A Large Vision-Language Model
Backbones

The five LVLMs benchmarked in this work
were selected to make our cross-model claims
meaningful rather than to maximize coverage
of any single architectural axis. Together they
span four open-weight model families with dense
language backbones (Qwen3-VL, LLaVA-NeXT,
InternVL3.5, Gemma-3) and one mixture-of-
experts design (DeepSeek-VL2); a parameter
range from 4.5B activated to 27B; three distinct
vision-encoder lineages (CLIP-derived ViT-L/14,
the SigLIP family, and the Qwen3-VL ViT with
DeepStack); and language context lengths from
4K to 256K tokens. The intent of this selection is
that any confidence estimation method evaluated
across all five must demonstrate it generalizes
across visual encoders, language backbones, and
parameter regimes rather than exploiting properties
of a particular architecture.

Tables 4 and 5 report the LLM-side and vision-
encoder configurations respectively, taken directly
from the official model configs on the Hugging
Face Hub at the time of writing. Two structural
points in these tables are worth noting because they
shape how BICR’s hidden-state extraction (§4) in-
teracts with each model. First, hidden size H varies
from 2,560 (DeepSeek-VL2) to 5,376 (Gemma-3),
which directly drives the trainable parameter count
of every probe-based confidence estimator we eval-
uate; the exact per-model parameter counts are re-
ported in Appendix H. Second, the vision encoders
differ not only in lineage but in input resolution
policy: Qwen3-VL accepts dynamic resolutions,
SigLIP variants are fixed at 384 or 896 pixels, and
CLIP ViT-L/14 is fixed at 336 pixels, which is what
motivates the uniform 2,048-pixel cap applied at
the input side of our generation pipeline (§B.4)
before each model’s own preprocessor takes over.

Compute environment. The pipeline uses a two-
tier setup that separates expensive LVLM inference
from lightweight confidence-estimator training.
LVLM inference, including hidden-state extraction,
response generation for VLCB construction, and the
inference-only baselines (Self-Probing, Prompt En-
sembles), runs on NVIDIA H200 GPU, with re-
sponse generation served through vLLM (Kwon
et al., 2023) for high throughput. Four of the
five LVLMs (Qwen3-VL-8B, LLaVA-NeXT-13B,
InternVL3.5-14B, Gemma-3-27B) run in full preci-
sion; DeepSeek-VL2 runs in half precision with

reduced batch size due to known numerical in-
stabilities (precision settings are detailed in Ap-
pendix B). Confidence-estimator training and eval-
uation (BICR, P(I Know), SAPLMA, InternalIn-
spector, CCPS) operate on cached hidden states
rather than the live LVLM and run on a cluster of
8×NVIDIA A100 40GB GPUs. Each (method,
LVLM, seed) configuration fits on a single A100,
so we shard the (LVLM, seed) grid across the 8
GPUs; the 50 Optuna trials per (LVLM, seed) tuple
for BICR and P(I Know) are the dominant training
cost.

B VLCB Benchmark Construction

The main body (§3) frames VLCB by its design prin-
ciple: training and validation are drawn from a
single source on purpose, and evaluation spans het-
erogeneous out-of-domain task formats on purpose,
so that performance numbers reflect generaliza-
tion rather than within-distribution fitting. This
appendix documents the engineering that opera-
tionalizes that principle. We describe the seven pub-
lic source datasets aggregated into VLCB, the uni-
fied record schema that absorbs their heterogeneity
into a single training and evaluation interface, the
train, validation, and test assembly together with
the quality-control checks that guarantee its splits
are disjoint and reproducible, the response gen-
eration pipeline used to elicit answers from each
evaluated LVLM under semantically uniform con-
ditions, and the LLM-judge protocol used to label
every generated response as correct or incorrect.
All datasets are in English. For comprehensive in-
formation regarding the original construction and
domain coverage of each source benchmark, we
refer the reader to their respective publications.

B.1 Data Curation and Standard Schema
The seven source datasets aggregated into VLCB
span grounded visual reasoning, hallucination prob-
ing, multimodal multiple-choice exams, medical
VQA, financial chart understanding, and open-
ended instruction following. Each was originally
released with its own record format, image stor-
age convention, and label schema, none of which
agree across sources. To support a unified training
and evaluation harness across this heterogeneity,
every raw sample is processed into the following
standardized HuggingFace Dataset record:

• hash_id (str): a deterministic, dataset-
specific MD5 hash over {dataset}[SEP]
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Table 4: LLM-side architecture of the five LVLMs benchmarked in VLCB. Columns report the Hugging Face model
identifier (Hub ID), language backbone (Backbone), parameter count in billions (P , with activated parameters
reported for DeepSeek-VL2), hidden size (H), number of transformer layers (L), number of attention heads as
query/key-value heads (H (Q/KV )), and maximum context length (C). Numbers are taken from official model
configs on the Hugging Face Hub at the time of writing. †DeepSeek-VL2 uses an MoE LM; activated parameters
are reported.

Hub ID Backbone P H L H (Q/KV ) C

Qwen/Qwen3-VL-8B-Instruct (Team, 2025) Qwen3-VL-Text 8.0 4096 36 32 / 8 256K
llava-hf/llava-v1.6-vicuna-13b-hf (Liu et al.,
2024)

LLaMA (Vicuna-13B) 13.0 5120 40 40 / 40 4K

OpenGVLab/InternVL3_5-14B-HF (Wang et al.,
2025)

Qwen3-14B 15.1 5120 40 40 / 8 40K

google/gemma-3-27b-it (Gemma Team et al.,
2025)

Gemma-3 27.0 5376 62 32 / 16 128K

deepseek-ai/deepseek-vl2 (Wu et al., 2024) DeepSeek-VL2 (MoE)† 4.5 2560 30 32 / 32 4K

Table 5: Vision-encoder architecture of the five LVLMs benchmarked in VLCB. Numbers are taken from official
model configs on the Hugging Face Hub at the time of writing.

Hub ID Vision Encoder ViT
Hidden

ViT
Layers

ViT
Heads Patch Input

Res.

Qwen/Qwen3-VL-8B-Instruct Qwen3-VL ViT 1152 27 16 16 dynamic
llava-hf/llava-v1.6-vicuna-13b-hf CLIP ViT-L/14 1024 24 16 14 336
OpenGVLab/InternVL3_5-14B-HF InternViT-300M 1024 24 16 14 448
google/gemma-3-27b-it SigLIP 1152 27 16 14 896
deepseek-ai/deepseek-vl2 SigLIP-SO400M 1152 27 16 14 384

{category}[SEP]{question}[SEP]{answ
er}[SEP]{image_key}, where image_key
is whichever per-source identifier (image
filename, base64 payload, image-slot list)
uniquely disambiguates samples that would
otherwise share question and answer text.

• image (PIL.Image.Image, RGB): the visual
input. Variable resolution is preserved at cura-
tion time; resizing is applied only at inference
(§B.4).

• question (str): the input question presented
to the LVLM, with task-specific multiple-
choice options and any required context al-
ready inlined.

• answer (str): the ground-truth answer in
the canonical form expected for that source
dataset (e.g., a single option letter for multiple-
choice tasks; a short answer span for GQA;
the textual answer for MME-Finance and
LLaVA-in-the-Wild).

• category (str): a dataset-specific sub-
category label (e.g., GQA’s detailed
question type, POPE’s negative-sampling
regime, GMAI-MMBench’s clinical VQA

task, MMMU-Pro’s subject and topic diffi-
culty). Defaults to "N/A" when no taxonomy
is available.

• dataset (str): the source dataset identifier.

The hash_id field is the mechanism that makes
VLCB reproducible by independent users. Because
the licensing terms of several source datasets pre-
vent us from redistributing the assembled bench-
mark as a single archive (§B.7), reproducibility re-
lies on the property that any user who has indepen-
dently obtained the source datasets can recompute
the same hashes and recover the same splits. To
support this, all curation procedures fix the random
seed at SEED=23 so that subset selection, stratified
splitting, and ordering are fully deterministic. Fig-
ure 3 shows one representative sample from each
source dataset to illustrate the visual and textual
variety the schema absorbs.

B.2 Source Datasets and Versions

Each source dataset is loaded from its official dis-
tribution and processed independently into a per-
source artifact before any cross-source aggregation.
Table 6 lists every source, its access path, the split
used, and its original license.
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Table 6: Source datasets used to construct VLCB, with split selection and license.

Dataset Source Split / License

GQA (Hudson and
Manning, 2019)

HuggingFace lmms-lab/GQA balanced train, val, testdev / MIT

POPE (Li et al.,
2023)

HuggingFace lmms-lab/POPE test (adversarial / popular / random) / CC BY 4.0

GMAI-MMBench
(Chen et al., 2024)

HuggingFace
OpenGVLab/GMAI-MMBench

VAL TSV (only split with answers) / Apache 2.0

MME-Finance (Gan
et al., 2025)

Official MME-Finance release (TSV +
image archive)

CC BY-NC-SA 4.0

MMMU-Pro (Yue
et al., 2025)

HuggingFace MMMU/MMMU_Pro standard (4 options), standard (10 options) /
Apache 2.0

LLaVA-in-the-Wild
(Liu et al., 2023)

Official LLaVA-Bench-in-the-Wild
release

test / -

B.2.1 GQA (Compositional Visual Reasoning)

GQA (Hudson and Manning, 2019) is a large-scale
benchmark for compositional visual question an-
swering over real-world scene graphs, and is the
source of every training and validation sample in
VLCB; the held-out testdev split appears in the test
set as the in-distribution reference point. We use the
balanced train, val, and testdev splits released
through lmms-lab/GQA, which contain 943,000 /
132,062 / 12,578 instructions over 72,140 / 10,234
/ 398 images respectively. From each split we dis-
card instructions whose detailed question type
is missing or appears in fewer than two samples
(a stratification requirement), then draw a strati-
fied subsample on detailed. The starting sub-
sample sizes are 20,000 (train), 5,001 (val), and
min(20000, available) = 12,574 (test); these
targets were chosen to give the confidence probe
a substantial training pool (20K samples is large
enough for stable Optuna search across our five
seeds while remaining tractable to extract hidden
states for) and a validation pool roughly one quarter
that size, while the test target is bounded by what
GQA testdev makes available. After hash-based
deduplication this yields 20,000 / 5,000 / 12,568
clean records spanning 104 / 101 / 91 detailed
categories.

The standardized record stores the original
GQA question verbatim, the short ground-truth
answer, the scene image attached by image_id,
and the detailed field as category. The
five most frequent training categories are relS
(10.1%), categoryRelS (9.3%), relO (8.9%),
positionQuery (4.9%), and relChooser (4.0%).
Question length is moderate (mean 8.8, median 8.0
tokens) and answers are essentially single-token
(mean and median 1.0), reflecting the short-answer
style that makes GQA suitable as a clean training

distribution for confidence probes.

B.2.2 POPE (Object Hallucination Probing)
POPE (Li et al., 2023) probes object hallucina-
tion through yes/no questions of the form “Is there
a {object} in the image?” grounded on COCO
val2014 images (Lin et al., 2014), and serves
as the near-ceiling binary detection task in VLCB.
The lmms-lab/POPE test split contains 9,000 ques-
tions split equally among three negative-sampling
regimes exposed as category: adversarial (ob-
jects co-occurring with scene content actually in
the image, the hardest of the three), popular (fre-
quent COCO objects), and random. The split is ex-
actly answer-balanced (4,500 yes, 4,500 no). We
retain all 9,000 questions; each becomes a one-
token-answer record. The category distribution is
reported in Table 7.

Table 7: POPE category distribution (test).

Category Samples %

adversarial 3,000 33.3
popular 3,000 33.3
random 3,000 33.3

Total 9,000 100.0

B.2.3 GMAI-MMBench (Medical Multimodal
Reasoning)

GMAI-MMBench (Chen et al., 2024) is a
large-scale multimodal medical benchmark cov-
ering radiology, pathology, dermatology, oph-
thalmology, and surgery, and is the principal
high-stakes setting in VLCB. The HuggingFace
train placeholder aggregates 25,831 questions
but does not preserve the official split struc-
ture. The official splits are released as TSVs:
GMAI_mm_bench_VAL.tsv (4,550 questions with
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answers) and GMAI_mm_bench_TEST_part_*.tsv
(∼21,281 questions, answers withheld for the
leaderboard). Because the test partitions ship with-
out ground truth, we use the official VAL split. One
of the 4,550 raw images exceeds PIL’s maximum
allowed image size during decompression and is
discarded, leaving 4,549 samples.

For each retained sample we (i) decode the
base64 image, (ii) format the question by append-
ing options “A) oA B) oB . . . ” (option E is omit-
ted when null), and (iii) recover the option-letter
ground truth by matching the textual category
field against the option strings (case-insensitive,
with a partial-match fallback). The standardized
category field stores the source clinical VQA
task (over 40 distinct values, with Disease Diagno-
sis dominating at 46.4% of the upstream pool). The
answer-letter distribution after mapping is A:1,150
/ B:1,175 / C:1,055 / D:977 / E:192, close to uni-
form across the four primary options with a long
tail in option E.

B.2.4 MME-Finance (Financial Chart VQA)
MME-Finance (Gan et al., 2025) evaluates LVLMs
on financial charts (candlestick, line, bar, table) ren-
dered across four display styles (PC, photography,
mobile vertical, mobile horizontal), and serves as
the financial-document setting in VLCB. The release
ships 1,171 question–image pairs across nine task
categories. We retain only the six numerical, per-
ceptual, OCR, and domain-knowledge categories
that admit a single textual answer compatible with
our pipeline, yielding 892 samples; the three cate-
gories dropped are open-ended explanation tasks
for which a single textual ground truth is not well
defined. The question field is taken verbatim,
the answer preserves the dataset’s free-form (of-
ten multi-line) reference text, and category stores
the task_category field. The retained category
distribution is reported in Table 8.

Table 8: MME-Finance task category distribution (test,
after filtering).

Category Samples %

Spatial Awareness 229 25.7
OCR 178 20.0
Entity Recognition 163 18.3
Financial Knowledge 147 16.5
Accurate Numerical Calculation 133 14.9
Numerical Calculation 42 4.7

Total 892 100.0

B.2.5 MMMU-Pro (Multidisciplinary
College-Level VQA)

MMMU-Pro (Yue et al., 2025) is a hardened ver-
sion of MMMU spanning 30 college-level sub-
jects across art, business, science, health, human-
ities, and engineering, with up to seven images
per problem, and is the multi-choice reasoning set-
ting in VLCB. We process the standard configura-
tions released at 4 and 10 answer options (1,730
questions each); the screenshot-based vision con-
figuration is also curated for completeness but
is not used in the main evaluation suite. After
hash-deduplication we retain 1,720 (4-option) and
1,725 (10-option) samples; the small drop rela-
tive to the 1,730 raw count reflects a handful of
question–image pairs that hash identically across
the two configurations. The category field is the
joined string {subject}[SEP]{topic\_difficu
lty}[SEP]{img_type joined by [LSEP]}, pre-
serving subject (e.g. Math, Clinical Medicine),
topic difficulty, and the list of contained image
modalities. Subjects are approximately uniform
(50–60 questions each); the full distribution is re-
ported in Table 9. We include both 4-option and
10-option configurations because they share a ques-
tion pool but differ in distractor count, which lets
us examine whether confidence estimators degrade
gracefully as the answer space widens.

B.2.6 LLaVA-in-the-Wild (Open-Ended
Multimodal Instruction Following)

LLaVA-Bench-in-the-Wild (Liu et al., 2023) is a
60-question benchmark of Open-ended visual di-
alogue spanning 24 in-the-wild images and three
answer styles: conv (short conversational), detail
(detailed description), and complex (multi-step rea-
soning). It is the smallest source in VLCB and
serves as a stress test for confidence estimation
under open-ended generation; per-bin reliability
estimates on this dataset should be read with the
small-sample caveat developed in §J.6. We pair
each question with the GPT-4 reference response
distributed alongside the benchmark and use it as
the textual ground truth for our LLM-judge correct-
ness grading (§B.5).

B.3 Final Train, Validation, and Test
Assembly

The per-source artifacts are merged into three splits
used downstream: a training set, a validation set,
and a test set. The test split is the union of the seven
test artifacts above, with duplicates by hash_id
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Table 9: MMMU-Pro subject distribution (4-option and 10-option configurations are nearly identical pre-
deduplication).

Subject n Subject n Subject n

Agriculture 60 Diagnostics & Lab. Medicine 60 Public Health 58
Design 60 Psychology 60 Accounting 58
Finance 60 Clinical Medicine 59 Energy & Power 58
Physics 60 Biology 59 Pharmacy 57
Architecture & Engineering 60 Marketing 59 History 56
Electronics 60 Economics 59 Art Theory 55
Computer Science 60 Mechanical Engineering 59 Sociology 54
Math 60 Art 53
Music 60 Literature 52
Materials 60 Basic Medical Science 52
Chemistry 60 Geography 52

Manage 50

removed (none were found, by design of the per-
dataset hashing scheme). Training and validation
are reserved exclusively from GQA. This is the
operational realization of VLCB’s design principle:
a confidence estimator trained on a single, well-
conditioned VQA distribution must generalize to
test settings spanning medical imaging, financial
chart understanding, multi-choice reasoning, and
open-ended dialogue, none of which it has seen
during training. Final sizes are reported in Table 10
and the test split’s per-source composition in Ta-
ble 11.

GQA and POPE together account for roughly
71% of the test split. This concentration reflects
their established role as the two most widely used
benchmarks in the LVLM confidence estimation
and hallucination literature, where they have served
as the de facto evaluation substrates for prior work;
their prominence in VLCB therefore preserves com-
parability with that literature rather than reflecting
a curation choice. The skew it introduces nonethe-
less motivates the two complementary aggregation
modes used throughout our results: pooled aggrega-
tion (which weights every test sample equally and
is therefore dominated by these two sources) and
unweighted dataset averaging (which assigns equal
weight to each of the seven sources irrespective of
their sample counts). Both views are reported in
Appendix J, and the contrast between them is what
allows us to disentangle aggregate performance
from per-domain robustness.

Quality control. Every assembled split is ver-
ified against a battery of assertions before any
downstream use: every required field must be
present and non-empty; every hash_id must be
unique within its split; the pairwise intersection
of hash_ids across train, val, and test must be

empty; and the train and val splits must contain
exclusively GQA samples. To further rule out any
cross-source leakage that could in principle slip
past a hash defined per-source, we additionally
compute a content-only fingerprint over the canoni-
calized question text and a perceptual hash of the
image, and intersect this fingerprint between (i) the
training split and each of the seven test sources,
and (ii) the validation split and each of the seven
test sources. Across all 14 cross-source intersec-
tions, zero (image, question) pairs collide, confirm-
ing that no test sample has a content-equivalent
twin in training or validation. As a looser diagnos-
tic, we also intersect on image fingerprint alone:
the only non-zero result is 5 GQA-train images
that also appear in the POPE test set, attributable
to the well-known Visual Genome–COCO image-
pool overlap; the corresponding question texts dif-
fer (POPE’s templated yes/no probes vs. GQA’s
scene-graph-derived compositional queries), so the
(image, question) pairs do not collide. Image di-
mension statistics across source datasets are sum-
marized in Table 12; the wide range of resolutions,
from 43×26 pixels in MMMU-Pro to 6,824×8,686
pixels in GMAI-MMBench, reflects the heteroge-
neous visual content of the benchmark and moti-
vates the 2,048-pixel downscaling policy applied at
inference time (§B.4).

B.4 Response Generation

All five LVLMs are run on the full training, val-
idation, and test splits under as uniform a gen-
eration protocol as their differing chat templates
allow. Inference runs in float32 with one ex-
ception: DeepSeek-VL2’s vision encoder is nu-
merically unstable outside bfloat16 and is there-
fore loaded and evaluated in bfloat16 throughout.
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Table 10: VLCB split sizes and composition.

Split Samples Composition

VLCB_train_raw 20,000 GQA train (stratified on detailed)
VLCB_val_raw 5,000 GQA val (stratified on detailed)
VLCB_test_raw 30,514 7-source union, deduplicated by hash_id

Table 11: Per-source composition of VLCB_test_raw.

Source Samples %

GQA 12,568 41.19
POPE 9,000 29.50
GMAI-MMBench 4,549 14.91
MMMU-Pro (10-opt) 1,725 5.65
MMMU-Pro (4-opt) 1,720 5.64
MME-Finance 892 2.92
LLaVA-in-the-Wild 60 0.20

Total 30,514 100.00

This is a stability concession rather than a design
choice and is the only point at which the genera-
tion conditions differ across models. Images whose
larger dimension exceeds 2,048 pixels are down-
scaled while preserving aspect ratio; upsampling
is never applied. Each sample is queried using the
model’s native chat and processor template, with
generation fully deterministic (greedy decoding,
max_new_tokens=64).

Prompt construction. Every model receives the
same semantic instruction: answer the visual ques-
tion briefly and completely, conditioned on the pro-
vided image. The instruction itself is held constant
across models; only the delivery channel differs
to accommodate each chat template. Qwen3-VL,
Gemma-3, and InternVL3.5 use a dedicated system
turn:

Qwen3-VL / Gemma-3 / InternVL3.5 —
Prompt

System: You are a vision language assistant. Provide
brief, complete answers.
User: {image} {question}

LLaVA-NeXT does not reliably honour a system
turn, so the instruction is appended directly to the
user message:

LLaVA-NeXT — Prompt

User: {image} {question}
Provide a brief, complete answer.

DeepSeek-VL2 uses a bespoke conversation

schema where the system instruction is passed as
an out-of-band processor argument rather than a
chat turn:

DeepSeek-VL2 — Prompt

System (out-of-band): You are a vision language
assistant. Provide brief, complete answers.
User: {image} {question}

B.5 Response Grading

We label every sample in VLCB, on every dataset,
with a binary correctness score yi ∈ {0, 1} pro-
duced by a single LLM judge. The reason for using
one protocol uniformly is that any alternative would
mix grading rules across the benchmark: multiple-
choice subsets could in principle be graded by
string matching against the option key, and open-
ended subsets necessarily require an LLM judge,
but combining the two would mean systematic
differences in measured confidence quality across
datasets risk being attributable to grading artifacts
rather than to genuine differences in model behav-
ior. We therefore route the multiple-choice subsets
(POPE, GMAI-MMBench, MMMU-Pro) through
the judge as well, so the entire benchmark is graded
under one rule. For the open-ended subsets (GQA
short answers, MME-Finance, LLaVA-in-the-Wild)
the LLM judge is in any case the only viable
adjudicator, and this practice has been validated
and widely adopted in recent calibration literature
(Kapoor et al., 2024; Zhang et al., 2025; Chaudhry
et al., 2024; Khanmohammadi et al., 2025, 2026).

Judge model and protocol. We use gpt-5-mini
(with reasoning_effort=low) accessed through
the OpenAI Responses API. For each sample, the
judge receives the question, the ground-truth an-
swer from the dataset, the LVLM’s generated re-
sponse, and the corresponding image as a sepa-
rate multimodal input, and is asked to determine
whether the generated answer is semantically equiv-
alent to the ground truth. The reliability of using
a powerful LLM for this constrained equivalence
task has been demonstrated by Kapoor et al. (2024),
who found that GPT-4 judgments exhibit a low
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Table 12: Image dimension statistics per source dataset, computed over every (question, image) pair in the union
of train, val, and test splits. Images are counted once per pair, so an image associated with multiple questions
contributes its dimensions multiple times; this matches the distribution of image sizes the inference pipeline actually
encounters during evaluation. Width and height are reported separately as images are non-square.

Dataset N W min W max W med W mean H min H max H med H mean

GMAI-MMBench 4,549 55 6,824 512 857.4 54 8,686 434 681.0
GQA 37,568 72 1,280 500 523.3 51 1,280 406 433.5
LLaVA-Wild 60 505 4,800 1,214 1,416.9 374 3,203 1,152 1,173.4
MME-Finance 892 674 3,648 1,604 1,612.4 195 3,648 1,368 1,193.3
MMMU-Pro (10-opt) 1,725 43 2,954 602 725.3 26 2,560 357 484.0
MMMU-Pro (4-opt) 1,720 43 2,954 604 725.9 26 2,560 357 484.2
POPE 9,000 333 640 640 584.7 234 640 480 478.8

average absolute difference of 4.5% in accuracy
estimation compared to human annotators. Build-
ing on their findings, and given the availability of
more capable models since that study, we used
gpt-5-mini to ensure high-quality labels at lower
cost. We directly verify the reliability of this judge
on VLCB through a stratified human-annotated au-
dit, reported in Appendix B.6. The system and user
prompts are given below.

Response Grading — System Prompt

You are an expert answer evaluator. Your task is
to determine if a student’s answer to a question is
correct by comparing it to the ground truth answer.

1. Read the question carefully.
2. Compare the student’s answer to the ground truth
answer.
3. Consider semantic equivalence — answers that
mean the same thing should be considered correct
even if worded differently.
4. Return ONLY “yes” if the answer is correct, or
“no” if it is incorrect.
5. Be lenient with minor variations in wording,
capitalization, or punctuation.

Response Grading — User Prompt

Question: {question}
Ground Truth Answer: {ground_truth_answer}
Student Answer: {generated_response}
Is the student’s answer correct? (yes/no):

Multimodal input format. The image is passed
to the judge as a separate multimodal input along-
side the textual user prompt rather than being serial-
ized into the prompt text, which is why the template
above contains no image placeholder.

The resulting correctness and response-length
statistics for each LVLM, broken down by dataset
and split, are reported in Table 13. Two pat-
terns in the table are worth flagging because they
shape how our results in §5 should be read. First,

within-LVLM accuracy varies substantially across
datasets: for Qwen3-VL-8B, for example, accuracy
ranges from 37.2% on MMMU-Pro 10-option to
88.7% on POPE. This is the empirical reflection of
the difficulty heterogeneity that motivates reporting
an unweighted dataset average alongside pooled ag-
gregation in Appendix J. Second, the cross-LVLM
accuracy spread on the harder datasets, for exam-
ple GMAI-MMBench (35.3% on LLaVA-NeXT
to 60.0% on InternVL3.5), is the source of the
variance against which the per-method confidence
estimation results in the main paper must be read.
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GQA — Compositional Visual Reasoning

Category: relChooser
Question: Is the brown horse to the right or to the left of the person that is standing on the
road?
Answer: left

POPE — Object Hallucination Probing

Category: adversarial
Question: Is there a spoon in the image?
Answer: no

GMAI-MMBench — Medical Multimodal Reasoning

Category: Organ Recognition – Abdomen
Question: This is an MRI image. Which option best describes the marked area?
A) heart, B) gallbladder, C) stomach, D) liver, E) necrotic tissue
Answer: C

MME-Finance — Financial Chart VQA

Category: Financial Knowledge
Question: What company is represented in the chart and what market is it listed on?
Answer: Microsoft Corporation, NASDAQ.

MMMU-Pro — Multidisciplinary College-Level VQA

Category: Agriculture[SEP]Hard[SEP]Photographs
Question: What could be the reason behind the browning on this potato leaf?
A) Overwatering, B) Mite feeding, C) Bacterial infection, D) Fungal infection,
E) Lack of sunlight, F) Don’t know, G) Sunburn, H) Nutrient deficiency,
I) Ozone damage, J) Viral infection
Answer: B

LLaVA-in-the-Wild — Open-Ended Instruction Following

Category: conv
Question: Is there any strawberry-flavored yogurt in the fridge?
Answer: No. The fridge contains Fage non-fat yogurt, blueberry yogurt, and another yogurt
cup with an unknown flavor.

Figure 3: One representative sample from each source dataset in VLCB. Each entry shows the image, task category,
and question–answer pair.
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Table 13: Per-VLM correctness breakdown by dataset and split. Train and validation splits contain only
GQA, while the test split covers all seven source datasets. For each subset, we report total samples, correct
and incorrect predictions (count and percentage), together with minimum, mean, and maximum word
counts for the question and generated response. The aggregate row is reported only for the test split as
Total.

Split Dataset Total Correct (#, %) Incorrect (#, %) Q words R words

Qwen/Qwen3-VL-8B-Instruct

Train GQA 20,000 15,495 (77.5%) 4,505 (22.5%) 3/8.8/24 1/1.1/42

Val GQA 5,000 3,785 (75.7%) 1,215 (24.3%) 3/8.8/23 1/1.1/36

Test GMAI-MMBench 4,549 2,378 (52.3%) 2,171 (47.7%) 16/30.3/189 1/3.6/50
GQA 12,568 8,670 (69.0%) 3,898 (31.0%) 3/8.5/25 1/1.1/53
LLaVA-Wild 60 28 (46.7%) 32 (53.3%) 5/11.2/33 1/29.6/54
MME-Finance 892 461 (51.7%) 431 (48.3%) 3/11.3/21 1/9.9/54
MMMU-Pro (10-opt) 1,725 641 (37.2%) 1,084 (62.8%) 9/77.8/704 1/5.5/55
MMMU-Pro (4-opt) 1,720 810 (47.1%) 910 (52.9%) 8/54.1/582 1/5.3/55
POPE 9,000 7,979 (88.7%) 1,021 (11.3%) 7/7.2/8 1/1.0/1
Total 30,514 20,967 (68.7%) 9,547 (31.3%) 3/17.9/704 1/2.2/55

llava-hf/llava-v1.6-vicuna-13b-hf

Train GQA 20,000 15,850 (79.2%) 4,150 (20.8%) 3/8.8/24 1/2.7/56

Val GQA 5,000 3,847 (76.9%) 1,153 (23.1%) 3/8.8/23 1/2.7/55

Test GMAI-MMBench 4,549 1,605 (35.3%) 2,944 (64.7%) 16/30.3/189 2/9.2/53
GQA 12,568 8,848 (70.4%) 3,720 (29.6%) 3/8.5/25 1/3.7/58
LLaVA-Wild 60 18 (30.0%) 42 (70.0%) 5/11.2/33 1/36.5/56
MME-Finance 892 194 (21.7%) 698 (78.3%) 3/11.3/21 1/21.3/58
MMMU-Pro (10-opt) 1,725 318 (18.4%) 1,407 (81.6%) 9/77.8/704 1/22.9/60
MMMU-Pro (4-opt) 1,720 470 (27.3%) 1,250 (72.7%) 8/54.1/582 1/22.5/60
POPE 9,000 7,952 (88.4%) 1,048 (11.6%) 7/7.2/8 1/6.6/25
Total 30,514 19,405 (63.6%) 11,109 (36.4%) 3/17.9/704 1/8.1/60

OpenGVLab/InternVL3_5-14B-HF

Train GQA 20,000 15,155 (75.8%) 4,845 (24.2%) 3/8.8/24 1/29.6/62

Val GQA 5,000 3,750 (75.0%) 1,250 (25.0%) 3/8.8/23 1/29.5/61

Test GMAI-MMBench 4,549 2,730 (60.0%) 1,819 (40.0%) 16/30.3/189 1/10.4/57
GQA 12,568 8,594 (68.4%) 3,974 (31.6%) 3/8.5/25 1/31.4/62
LLaVA-Wild 60 15 (25.0%) 45 (75.0%) 5/11.2/33 8/42.1/58
MME-Finance 892 460 (51.6%) 432 (48.4%) 3/11.3/21 1/25.2/59
MMMU-Pro (10-opt) 1,724 541 (31.4%) 1,183 (68.6%) 9/77.9/704 1/33.5/59
MMMU-Pro (4-opt) 1,720 654 (38.0%) 1,066 (62.0%) 8/54.1/582 1/35.4/60
POPE 9,000 7,683 (85.4%) 1,317 (14.6%) 7/7.2/8 1/23.5/59
Total 30,513 20,677 (67.8%) 9,836 (32.2%) 3/17.9/704 1/26.1/62

google/gemma-3-27b-it

Train GQA 20,000 13,122 (65.6%) 6,878 (34.4%) 3/8.8/24 1/4.4/42

Val GQA 5,000 3,244 (64.9%) 1,756 (35.1%) 3/8.8/23 1/4.4/40

Test GMAI-MMBench 4,549 2,225 (48.9%) 2,324 (51.1%) 16/30.3/189 2/14.5/54
GQA 12,568 7,479 (59.5%) 5,089 (40.5%) 3/8.5/25 1/5.3/52
LLaVA-Wild 60 31 (51.7%) 29 (48.3%) 5/11.2/33 1/31.0/56
MME-Finance 892 381 (42.7%) 511 (57.3%) 3/11.3/21 1/11.8/51
MMMU-Pro (10-opt) 1,717 618 (36.0%) 1,099 (64.0%) 9/76.3/558 1/21.9/55
MMMU-Pro (4-opt) 1,718 822 (47.8%) 896 (52.2%) 8/53.6/508 1/20.4/55
POPE 9,000 7,565 (84.1%) 1,435 (15.9%) 7/7.2/8 1/1.3/23
Total 30,504 19,121 (62.7%) 11,383 (37.3%) 3/17.8/558 1/7.5/56

deepseek-ai/deepseek-vl2

Train GQA 20,000 12,883 (64.4%) 7,117 (35.6%) 3/8.8/24 1/8.4/64

Val GQA 5,000 3,154 (63.1%) 1,846 (36.9%) 3/8.8/23 1/8.3/64

Test GMAI-MMBench 4,549 1,670 (36.7%) 2,879 (63.3%) 16/30.3/189 0/11.2/61
GQA 12,568 6,757 (53.8%) 5,811 (46.2%) 3/8.5/25 1/9.1/64

(Continued on next page)
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(Continued from previous page)

Split Dataset Total Correct (#, %) Incorrect (#, %) Q words R words

LLaVA-Wild 60 16 (26.7%) 44 (73.3%) 5/11.2/33 1/32.9/64
MME-Finance 892 265 (29.7%) 627 (70.3%) 3/11.3/21 0/7.3/64
MMMU-Pro (10-opt) 1,725 185 (10.7%) 1,540 (89.3%) 9/77.8/704 0/31.8/64
MMMU-Pro (4-opt) 1,720 316 (18.4%) 1,404 (81.6%) 8/54.1/582 0/30.5/64
POPE 9,000 7,573 (84.1%) 1,427 (15.9%) 7/7.2/8 1/6.5/35
Total 30,514 16,782 (55.0%) 13,732 (45.0%) 3/17.9/704 0/11.1/64
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B.6 Human Agreement Audit of the
Correctness Judge

All correctness labels in VLCB are produced by the
gpt-5-mini judge described in Appendix B.5. To
verify that this automated protocol tracks human
judgment, one author re-annotated a stratified sam-
ple of the benchmark and we compared the two
label sets.

Sampling design. We drew 50 items from each
of the seven VLCB datasets (350 total) with a fixed
random seed (42). Within each dataset the draw is
balanced across the judge’s decision, 25 items the
judge labelled correct and 25 it labelled incorrect,
so the audit stress-tests both the judge’s positive
and negative calls equally rather than oversampling
whichever class dominates a given dataset.

Annotation protocol. One author annotated ev-
ery sampled item blind to the judge’s label: the an-
notation interface showed only the image, question,
model answer, and ground truth, with the judge’s
call hidden, and applied the same correctness crite-
rion used by the judge (semantic equivalence to the
ground truth). The human and judge labels were
compared only afterwards. Two items received no
binary human judgment; both are long-reference
open-ended items (one LLaVA-in-the-Wild, one
MME-Finance), where the ground truth did not ad-
mit a clean correct/incorrect call. These two are
excluded from the agreement computation, which
is therefore over n = 348; the two affected datasets
are scored on n = 49.

Results. Table 14 reports per-dataset agreement.
Human and judge agree on 342 of 348 items
(98.3%), with Cohen’s κ = 0.966, in the “al-
most perfect” range. Agreement is 100% on the
four datasets with objective answer keys (GQA,
POPE, GMAI-MMBench, MMMU-Pro-4), and all
six disagreements fall on the three datasets where
semantic judgment is genuinely hard (MMMU-Pro-
10, MME-Finance, LLaVA-in-the-Wild), with per-
dataset κ between 0.877 and 0.959. The disagree-
ments are balanced in direction: three where the
judge was stricter than the human (judge incorrect,
human correct) and three where it was more le-
nient (judge correct, human incorrect), indicating
no systematic directional bias in the judge.

Interpretation. This is a two-rater agreement
study with a single annotator and one judgment per
item. It yields no gold label and no accuracy figure

for either rater, so the six disagreements are not
judge errors; they mark items on which two com-
petent raters applying the same criterion diverged.
The high agreement is consistent with, and stronger
than, the reliability basis cited in Appendix B.5:
Kapoor et al. (2024) report a 4.5% average abso-
lute difference between GPT-4 judgments and hu-
man annotators on this kind of constrained equiv-
alence task. Two design choices likely contribute,
a newer-generation judge (gpt-5-mini) than the
GPT-4 used in that study, and grading against the
actual image rather than the text alone. The main
limitation of this audit is its scale and its use of
a single annotator; domain-specialist grading of
the medical and financial subsets at larger scale
remains a valuable further validation step.

B.7 Benchmark Availability and Licensing

VLCB is a composite resource over seven public
datasets, each governed by its own license; li-
censes range from permissive (Apache 2.0, MIT,
CC BY) to restrictive (CC BY-NC-SA, research-
use-only). We release the components needed to
reconstruct it: the per-source curation code and
the aggregator that assembles the three splits, the
generation driver and the LLM-judge grading code,
and the deterministic hash_id construction. Any
user who has independently obtained the source
datasets from their official distributors can there-
fore reproduce the VLCB splits bit-for-bit by run-
ning our code; the assembled benchmark is not
redistributed as a single archive because doing so
would conflict with the more restrictive source li-
censes. All released code is licensed under MIT.
The reconstructed VLCB benchmark is a derivative
work and inherits the most restrictive terms of its
constituent sources; it is therefore intended for non-
commercial research use only and is subject to
all applicable ShareAlike provisions inherited from
GMAI-MMBench. Users are solely responsible for
acquiring the source datasets from their official dis-
tributors and for adhering to their original license
terms.

C Baseline Confidence Estimation
Methods

This appendix documents the seven established
confidence estimation baselines benchmarked in
this work. Each method operates on the language
model backbone and reads one of three signals to
estimate confidence in a generated answer: out-
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Table 14: Human agreement audit of the gpt-5-mini correctness judge. A seed-42 stratified sample of 350
VLCB responses (50 per dataset, balanced 25 judge-correct / 25 judge-incorrect) was re-annotated blind to the judge’s
label. Two items carry no binary human judgment and are excluded, so agreement and κ are computed on n = 348
(the two affected datasets scored on n = 49). Agreements: items where human and judge coincide. Judge stricter:
judge incorrect, human correct. Judge more lenient: judge correct, human incorrect.

Dataset n Agreements Agreement % Cohen’s κ Disagreements Judge stricter Judge more lenient

GQA 50 50 100.0 1.000 0 0 0
POPE 50 50 100.0 1.000 0 0 0
GMAI-MMBench 50 50 100.0 1.000 0 0 0
MMMU-Pro-4 50 50 100.0 1.000 0 0 0
MMMU-Pro-10 50 48 96.0 0.920 2 0 2
MME-Finance 49 46 93.9 0.877 3 3 0
LLaVA-in-the-Wild 49 48 98.0 0.959 1 0 1

All 348 342 98.3 0.966 6 3 3

put logits, verbalized confidence scores, or hidden
states. We organize the methods into three fami-
lies along this axis: prompt-based methods (§C.1),
internal-state probing methods (§C.2), and internal-
stability methods (§C.3). For trainable methods, we
adhere to the architectural descriptions of the origi-
nal publications wherever they are specified, with
deviations flagged in the relevant subsections. All
baselines operate on the generation pass described
in §B.4; hidden states and logits are extracted from
the same frozen LVLM checkpoints listed in Ta-
bles 4–5, with no additional fine-tuning of the un-
derlying LVLM. Throughout this appendix, each
method is referred to by the canonical name we
use in the rest of the paper; Table 15 also lists the
short-form abbreviation used in figure legends and
per-method labels in the results.

C.1 Prompt-Based Methods

Prompt-based methods treat the LVLM as an exter-
nally queried system, deriving confidence through
prompt design rather than access to internal repre-
sentations. The three methods in this family differ
in how they extract a confidence signal: P(True)
reads a token logit from a self-evaluation query,
Self-Probing parses a verbalized confidence score,
and Prompt Ensembles aggregates output probabil-
ities across paraphrased questions. All three are
training-free, and all three require at least one ad-
ditional inference pass beyond the original answer-
generation pass (Self-Probing and P(True) require
one additional generation each, Prompt Ensembles
requires ten).

C.1.1 P(True)
P(True), introduced by Kadavath et al. (2022), as-
sesses the LVLM’s self-evaluation of its own gen-
erated answer through a token-logit readout on a

binary self-query. P(True) does not access hidden
representations or activations; it does require token-
level output scores for the auxiliary response token,
which is a standard decoding output exposed by
most local inference frameworks and by several
API providers via log-probability endpoints, so no
internal model access is implied. After the LVLM
produces a response to the original visual question,
the (image, question, generated answer) triple is
fed back with the following uncertainty query:

P(True) — Uncertainty Query

Is the proposed answer correct?
A) no
B) yes
Reply with A or B only.
Answer:

Implementation. The model generates a single
token under greedy decoding and the output logits
at that position are recorded. To be robust to tok-
enizer variation across LVLMs, we collect logits
for all A/B token variants (upper- and lowercase,
with and without a leading space, with and without
surrounding parentheses) and retain the maximum
within each equivalence class. Let ℓA and ℓB de-
note the resulting scalar logits for the “no” and
“yes” options respectively. The final confidence
score is

pTrue = softmax([ℓA, ℓB])[1]. (6)

C.1.2 Self-Probing (SP)
Self-Probing, proposed by Xiong et al. (2024),
prompts the LVLM to verbalize a numerical confi-
dence in its own answer through a free-text genera-
tion pass. After the LVLM produces a response, it
is queried with:
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Method Citation Model Access Input Signal Training
Required

Prompt-Based

P(True) (Kadavath et al., 2022) Token-logit access Output token scores No
Self-Probing (Xiong et al., 2024) Black-box Verbalized confidence No
Prompt Ensembles (PE) (Zollo and Zemel, 2025) Black-box Aggregated output probabilities No

Internal-State Probing

P(I Know) (Kadavath et al., 2022) White-box (hidden states) First-token final-layer hidden state Yes
SAPLMA (Azaria and Mitchell, 2023) White-box (hidden states) Last-token final-layer hidden state Yes
InternalInspector (I2) (Beigi et al., 2024) White-box (all-layer hidden states) Per-layer activation, attention, and FFN states Yes

Internal-Stability

CCPS (Khanmohammadi et al., 2025) White-box (hidden states + gradients) Perturbation trajectory statistics Yes

Table 15: Overview of the seven confidence estimation baselines benchmarked in this work, organized by the family
of signal they exploit, the degree of model access they require, and whether they involve any training.

Self-Probing — Verbalization Prompt

Question: {question}
Possible Answer: {generated_answer}

Q: How likely is the above answer to be correct? give
your confidence in the following format:
Confidence: <number from 0 to 100>%
Note: The confidence indicates how likely you think
the answer is true.

Implementation. The verbalized response is
parsed with a regular expression to extract the con-
fidence value, which is then normalized to [0, 1].

C.1.3 Prompt Ensembles (PE)

Prompt Ensembles, formalized by Zollo and Zemel
(2025), estimates confidence by averaging predic-
tions across N meaning-preserving rewrites of the
input question. The LVLM independently answers
the original question and each of the N paraphrases
under greedy decoding, yielding N + 1 generated
responses per sample. A per-prompt confidence
is computed as the length-normalized sequence
likelihood of the response, and the ensemble con-
fidence is the arithmetic mean of the N + 1 per-
prompt scores. The intuition is that an answer the
model is sure of should remain stable across se-
mantically equivalent rephrasings, while an answer
driven by surface-level cues should fluctuate; av-
eraging across paraphrases therefore acts as a soft
consistency check at the output-distribution level.

PE — System Prompt

You are an expert linguist and domain specialist gen-
erating alternative phrasings for a Visual Question
Answering (VQA) task. Your goal is to generate
variations of a question while preserving its exact
semantic meaning and expected answer.
Instructions:
• Generate the requested number of alternative ways

to phrase the question.
• Preserve the Answer: Ensure that for any given

image, the answer to your new questions would be
identical to the answer of the original question.

• Maintain Domain Precision:
– If the question is Medical, preserve the correct

clinical terminology.
– If the question is Financial, keep the technical

intent clear.
• Maintain Question Type:

– If the original is a Yes/No question, your
rephrasings must remain Yes/No questions.

– If the original asks for a Count, your rephras-
ings must ask for a number.

• Multiple Choice Handling (Crucial):
– If the original question includes multiple op-

tions (e.g., A, B, C, D):
1. Rephrase only the question stem (the text

asking the question).
2. Append the EXACT same options in the

EXACT same order to the end of your
rephrased question.

3. Do not shuffle, reword, or modify the op-
tions in any way.

• Allowed Changes: You may vary word order, sen-
tence structure, and use strict synonyms for the
question text.

• Prohibited Changes: Do not add new constraints,
remove location details, or introduce ambiguity.

Output Format:
Each rephrased question should be wrapped in num-
bered tags like this:
[question_1] Rephrased question stem? (A)
Option 1 (B) Option 2... [/question_1]
[question_2] Rephrased question stem? (A)
Option 1 (B) Option 2... [/question_2]
...and so on for each question.
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PE — User Prompt

Original Question: ’{question}’
Please generate {N} alternative phrasings for this
question.
Output Format:
[question_1] ... [/question_1]
[question_2] ... [/question_2]
...
[question_{N}] ... [/question_{N}]

Implementation. We use N = 10, the smallest
ensemble size at which Zollo and Zemel (2025) re-
port near-saturated calibration gains, balancing the
per-paraphrase inference cost against the marginal
benefit of adding another rewrite. Paraphrases are
generated via the OpenAI gpt-5-mini API with
reasoning effort set to medium, under the system
and user prompts shown above. For each of the
eleven (image, question) pairs (the original plus ten
paraphrases) we record per-token log-probabilities
{log pt}Tt=1 of the generated response and compute
a per-prompt confidence as the length-normalized
sequence likelihood,

c(i) = exp

(
1

T

T∑

t=1

log pt

)
, (7)

equivalent to the geometric mean of per-token
probabilities. This follows standard practice for
sequence-likelihood confidence in LLM uncer-
tainty estimation (Kuhn et al., 2023; Malinin and
Gales, 2021). The ensemble confidence is the
arithmetic mean of the eleven per-prompt scores,
cPE = 1

N+1

∑N
i=0 c

(i).

C.2 Internal-State Probing Methods

Probing methods access the LVLM’s internal ac-
tivations and train a lightweight classifier head to
predict answer correctness from static snapshots of
those activations. The three methods in this fam-
ily differ in which forward pass they read from
(prompt-only or extended through the generated
response) and in how the resulting hidden states
are aggregated; the specifics are given per method
below. Across all three methods the LVLM weights
are held fixed; with methods using early stopping
on the composite validation score defined in Ap-
pendix F. All reported metrics are computed on the
test set.

C.2.1 P(I Know) (P(IK))
P(I Know), also from Kadavath et al. (2022), es-
timates the probability that the LVLM will pro-

duce a correct answer before any response is gen-
erated. We implement P(IK) as a lightweight clas-
sifier head on the frozen LVLM: during the extrac-
tion forward pass we capture the final-layer hidden
state at the last token of the input context (the sys-
tem prompt followed by the user message contain-
ing the image and the question), yielding a vector
h ∈ Rd that summarizes the model’s representation
of the full input at the moment it would otherwise
begin generating. The probe therefore reads only
the prompt, with no generated response in the for-
ward pass; this contrasts with SAPLMA and Inter-
nalInspector, which both extend the pass through
the generated response and read from its final to-
ken. P(IK) is the natural architectural counterpart
to BICR: both train an MLP over a single hidden-
state vector from a prompt-only pass at the same
token position, and BICR’s improvement over P(IK)
in the main results (§5) is therefore attributable to
the blank-image ranking signal rather than to any
architectural difference.

Implementation. The classifier is a multi-
layer perceptron with ReLU activations, trained
with BCEWithLogitsLoss using a positive-class
reweighting factor to correct for class imbalance
and optimized with Adam. Because the original
publication does not specify head hyperparameters
at the LVLM scale we work with, we tune them
per LVLM via an Optuna search on the validation
set; the full search space and training protocol are
documented in Appendix G. At inference, the con-
fidence score is σ(fθ(h)).

C.2.2 SAPLMA

SAPLMA (Azaria and Mitchell, 2023) trains a
lightweight feedforward classifier on the final-layer
hidden state at the last token of the model’s gener-
ated response to predict answer correctness. The
original method reads this hidden state at the end
of the generated text alone, which is appropriate
in text-only settings where the response is a self-
contained statement: “the capital of the US is DC”
carries its own truth conditions and a representation
of just that statement is enough to assess it. LVLM
responses are typically not self-contained in this
way. A one-word answer like “red” to “what color
is this” is uninterpretable in isolation; whether it
is correct depends entirely on the image and the
question that prompted it. We therefore extract the
hidden state at the last token of the full sequence
consisting of the input context (system prompt, im-
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age, question) followed by the generated response,
so that the probe reads a representation reflecting
the joint (image, question, response) context af-
ter the model has committed to its answer. This
is the only departure from the original SAPLMA
convention.

Implementation. The classifier is a four-layer
MLP with hidden widths d → 256 → 128 →
64 → 1, ReLU activations, and a final linear
projection to a scalar logit, following the archi-
tecture of Azaria and Mitchell (2023). Train-
ing uses BCEWithLogitsLoss with a positive-class
reweighting factor to correct for class imbalance,
optimized with Adam at batch size 32 for at most
200 epochs with early stopping on the composite
validation score (Appendix F) with patience 20. To
reduce seed sensitivity we train five independent
classifiers with seeds {23, 42, 137, 2024, 3407}
and report the mean of all metrics across runs. At
inference, the confidence score is σ(fθ(h)).

C.2.3 InternalInspector (I2)
Beigi et al. (2024) argue that useful correctness
signal is distributed across the full depth of the
model rather than concentrated in a single layer.
For each sample we extract three per-layer repre-
sentations at the last token of the full sequence
consisting of the input context (system prompt, im-
age, question) followed by the generated response,
via forward hooks on every transformer block: the
post-residual activation state h(l), the pre-residual
multi-head self-attention output a(l), and the pre-
residual feed-forward output m(l). Stacking these
across L layers yields a per-sample tensor of shape
[L, d, 3], which is treated as a 3-channel image with
L rows (one per layer), d columns (one per hidden
dimension), and one channel for each of the three
state types. We benchmark the strongest variant re-
ported in the original work, a CNN-based encoder
over all three state types, which outperforms alter-
natives that use a Transformer encoder or a subset
of state types. The trainable parameter count of this
variant is fixed at approximately 11.3M regardless
of the underlying LVLM, because the CNN en-
coder reduces the input to a fixed spatial footprint
via adaptive pooling before the projection head; the
full parameter accounting is in Appendix H.

Implementation. The [L, d, 3] tensor is passed
through a ResNet18 CNN encoder (stem followed
by four residual stages with channel progression
64 → 128 → 256 → 512) and adaptive average

pooling, yielding a 512-dimensional embedding. A
linear projection 512 → 128 followed by a four-
layer MLP classifier (128 → 256 → 128 → 64 →
1) with ReLU activations and dropout 0.1 produces
the correctness logit. The encoder and classifier are
trained jointly from scratch using a supervised con-
trastive loss combined with BCEWithLogitsLoss
(with positive-class reweighting for class imbal-
ance) following Beigi et al. (2024, Eq. 4), with
Adam at learning rate 10−3, weight decay 10−4,
and contrastive temperature τ = 0.1. Training
runs for at most 200 epochs with early stopping on
the composite validation score (Appendix F) with
patience 20.

C.3 Internal-Stability Methods

Stability-based methods probe the LVLM’s internal
representations not by reading static activations but
by measuring how those representations respond
to controlled perturbations. The confidence signal
is representational robustness: hidden states that
retain their predictive content under targeted inter-
vention are treated as reliable, while those whose
predictions shift easily under the same interven-
tion are treated as fragile. We evaluate one such
method.

C.3.1 CCPS
CCPS (Khanmohammadi et al., 2025) estimates
confidence by probing the stability of the LVLM’s
final hidden states under targeted adversarial per-
turbations: hidden states behind correct predic-
tions should resist small interventions, while those
behind incorrect ones should shift easily. For
each token in the generated response, the hidden
state is perturbed along the unit-normalized gra-
dient direction in S=5 equal-sized steps up to
εmax=20.0 (matching the original publication’s
settings), and per-token statistics are recorded
across three groups, namely original-state features,
perturbation-trajectory features, and comparison
features quantifying the distributional shift between
original and perturbed states (Table 16), yielding
a 75-channel per-token feature sequence over the
full response.

Implementation. CCPS uses a two-stage
head. Stage 1 pre-trains a convolutional en-
coder, Conv1d(75 → 64, k=3) → ReLU
→ Conv1d(64 → 32, k=3) → ReLU →
AdaptiveMaxPool1d → Linear(32 → 16), with
a margin-based contrastive loss (margin 1.0,
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class-agnostic by construction) for 5,000 steps.
Stage 2 appends Linear(16 → 32) → ReLU →
Linear(32 → 2) and jointly fine-tunes under
cross-entropy (with positive-class reweighting for
class imbalance) for a further 5,000 steps. Both
stages use Adam at learning rate 10−4, weight
decay 0.1, and batch size 32. At inference, the
confidence score is the softmax probability that the
generated response is correct (i.e., the probability
mass on the positive class of the binary classifier).

D Positioning Relative to Related
Methods

The literature on visual reliability shares the
premise that grounding matters, but it contains sev-
eral distinct kinds of method, and BICR belongs to
none of them. BICR is the only approach that is
at once a frozen-model probe, read from a single
last-prompt-token hidden state before generation,
supervised on answer correctness, built on a real-
versus-blank visual contrast, and evaluated jointly
on calibration and discrimination. Table 17 orga-
nizes the field into method families along the axes
that separate them from BICR.
Three separations do the most work. First, only
VCD (Leng et al., 2024), TVI (Long et al., 2026),
and BICR use a real-versus-null visual contrast at
all, and even these move in different directions:
VCD degrades the view with noise, while TVI and
BICR remove it. Most of the field performs no
such contrast. Second, BICR is the only method
that produces its signal before any answer token
exists, enabling pre-generation triage; every other
method operates during or after generation. Third,
our own null-image ablation (Appendix I.4) shows
that the information-different perturbations several
of these works use (noise, blur) are weaker nulls for
a grounding-contrast probe than a solid black im-
age, evidence that BICR’s null is a validated design
choice rather than an arbitrary variant.
The closest relatives. We are precise about the
methods nearest to BICR rather than overclaim.
TVI (Long et al., 2026) is the nearest relative and
reached hidden-state grounding contrast first, but as
an unsupervised, multi-layer, population-level diag-
nostic, validated by Spearman correlation with no
per-sample calibrated score; BICR operationalizes
a related contrast as a trained per-sample estima-
tor. Dang et al. (Dang et al., 2026) share our task
framing (post-hoc calibrated P(correct)) but fuse
two answer-position channels that never consult the

image, so they cannot flag a confident language-
prior guess, which is exactly BICR’s target. The
supervised uncertainty quantification (SUQ) family
surveyed by Li et al. (2024) is the closest in archi-
tecture, a supervised probe over hidden-state activa-
tions, but it reads a single snapshot with no contrast
and, by that study’s own visual-degradation exper-
iment, degrades when the image degrades; this is
the blind spot BICR’s real-versus-blank contrast
is designed to fill. For the two decoding meth-
ods VCD (Leng et al., 2024) and MemVR (Zou
et al., 2025), we additionally evaluate BICR against
both directly on their own models and benchmarks,
on the task of spotting hallucinated answers; Ap-
pendix K reports that BICR outperforms faithful
confidence signals derived from each, flags more of
the model’s errors than either intervention catches,
and composes on top of their outputs.

E Evaluation Metrics

We evaluate confidence estimation quality along
two complementary axes: calibration, which mea-
sures how well predicted confidence scores reflect
true correctness frequencies, and discrimination,
which measures how well they separate correct
from incorrect predictions. The metrics reported
throughout this work are organized below.

E.1 Calibration Metrics

E.1.1 Expected Calibration Error (ECE)
A well-calibrated confidence estimator should as-
sign a score of p to predictions that are correct p of
the time in expectation. We measure calibration via
ECE, which partitions all n samples into b equal-
width bins {Bj}bj=1 over [0, 1] and computes the
weighted average absolute deviation between mean
predicted confidence and empirical accuracy:

ECE =

b∑

j=1

|Bj |
n

|conf(Bj)− acc(Bj)|

where conf(Bj) and acc(Bj) denote the average
confidence and observed accuracy within bin Bj ,
respectively. We use b = 10 equal-width bins
throughout. Lower ECE indicates better alignment
between predicted scores and actual correctness
rates.

E.1.2 Brier Score (BS)
The Brier Score measures the mean squared error
between each predicted confidence pk and the bi-
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nary correctness label ok ∈ {0, 1}:

BS =
1

N

N∑

k=1

(pk − ok)
2

It reflects both calibration and the ability to as-
sign informative probabilities, penalizing estima-
tors that are overconfident, underconfident, or stuck
near 0.5 regardless of correctness. Lower values
reflect higher overall reliability.

E.2 Discrimination Metrics
The first two discrimination metrics (Accuracy and
F1) are threshold-based and require binarizing the
confidence score. We use a fixed default thresh-
old of 0.5 on the probe’s sigmoid output for ev-
ery method, with no per-method or per-dataset
threshold tuning. This avoids any test-set-derived
threshold selection and keeps the comparison pro-
tocol uniform across methods. The remaining two
metrics (AUCPR and AUROC) summarize perfor-
mance across all thresholds and require no such
selection. Model selection during training is gov-
erned by a separate composite validation score de-
scribed in Appendix F and is not used to tune any
test-time threshold.

E.2.1 Accuracy (ACC)
Accuracy measures the proportion of samples for
which the binarized confidence prediction agrees
with the ground-truth correctness label:

ACC =
TP + TN

TP + FP + FN + TN

Here, the positive class is a correct LVLM response
and the negative class is an incorrect one. We re-
port Accuracy to contextualize the difficulty of each
evaluation setting and to enable direct comparison
with methods that report threshold-based perfor-
mance.

E.2.2 F1 Score (F1)
F1 is the harmonic mean of precision (TP/(TP +
FP)) and recall (TP/(TP + FN)), again with the
positive class defined as a correct LVLM response:

F1 =
2 · Precision · Recall
Precision + Recall

Relative to Accuracy, F1 is more informative when
the correct/incorrect class distribution is skewed,
since it weights the joint quality of identifying cor-
rect predictions and avoiding false alarms on incor-
rect ones, while ignoring true negatives entirely.

E.2.3 Area Under the Precision–Recall Curve
(AUCPR)

AUCPR summarizes precision against recall across
all confidence thresholds, with the positive class
again defined as a correct LVLM response. Relative
to AUROC, it places greater weight on performance
over the positive class, making it more informative
when the class distribution is skewed.

E.2.4 Area Under the ROC Curve (AUROC)
AUROC measures the probability that a randomly
drawn correct prediction receives a higher confi-
dence score than a randomly drawn incorrect one,
P (s+ > s−), where s+ and s− denote scores
assigned to correct and incorrect predictions re-
spectively. It is threshold-independent and rela-
tively insensitive to class prevalence compared with
threshold-based metrics. A score of 1.0 reflects per-
fect separation; 0.5 corresponds to chance.

F Validation Monitoring and Model
Selection

Training the methods in our benchmark raises a
non-trivial model-selection question, since confi-
dence estimation is a two-objective problem: a
confidence score must discriminate correct from
incorrect answers and must also be calibrated in
an absolute sense. A training run that minimizes a
cross-entropy loss does not directly favour either
property and can drift between them from epoch
to epoch. To make checkpoint selection principled
and consistent across methods, we monitor a single
composite validation score throughout training and
use it as the unifying signal for model selection
across every trainable method in our benchmark.
All five trainable methods (SAPLMA, P(I Know),
InternalInspector, CCPS, and our proposed BICR)
use this score for early stopping with a patience
of 20 validation steps applied uniformly across all
five. Two of these (P(I Know) and BICR) addition-
ally use the same score as the Optuna optimization
objective; see Appendix G. Across all five methods,
training uses positive-class reweighted binary cross-
entropy in which the positive label corresponds to
a correct LVLM response. Class imbalance is han-
dled by setting w+ = n−/n+, where n+ and n−
are the counts of correct and incorrect samples in
the training split respectively, so that the loss con-
tribution from each class is balanced regardless of
which class is the majority.

Following the protocol established by Khanmo-
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hammadi et al. (2026), the composite validation
score is a convex combination of AUROC and
(1− ECE):

CompositeScore = α·AUROC+(1−α)·(1−ECE)
(8)

and we fix α = 0.6 across every trainable
method in the benchmark. We adopt this weight-
ing for the same reason articulated by the original
work: ranking correctness reliably is the primary
practical requirement of a confidence estimator in
deployment, so a slight preference for AUROC
over calibration error is warranted, but a score that
is discriminatively strong yet grossly miscalibrated
cannot be interpreted as a probability and is there-
fore of limited utility. The 0.6/0.4 split penalizes
miscalibration sharply enough to discourage de-
generate solutions that collapse onto a narrow con-
fidence distribution while still allowing ranking
quality to break ties between otherwise comparable
checkpoints.

Use in training. For all five trainable methods,
we evaluate the composite score on the validation
split at every validation step and retain the check-
point with the highest composite score as the final
model. The early-stopping patience of 20 valida-
tion steps means training terminates when the com-
posite has not improved for 20 consecutive checks.
For the two Optuna-tuned methods (P(I Know) and
BICR), the composite score at the best epoch of
each trial is returned as the trial’s objective value,
so both per-trial checkpoint selection and cross-
trial hyperparameter selection are driven by the
same quantity. BICR

G Hyperparameter Search with Optuna

Of the seven baselines documented in Appendix C,
three are inference-only and therefore not subject
to training (P(True), Self-Probing, Prompt Ensem-
bles), and three further methods (SAPLMA, In-
ternalInspector, CCPS) are trained with the exact
architectures and hyperparameters prescribed by
their original publications. Our proposed method
BICR and one baseline, P(I Know), are trained with
an Optuna hyperparameter search. This appendix
describes the search protocol shared by both meth-
ods and the search space each one explores.

G.1 Optimization Protocol
We use the Optuna framework (Akiba et al., 2019)
with a Tree-structured Parzen Estimator (TPE) sam-
pler, seeded by the same random seed that drives

the training data pipeline so that search behaviour
is reproducible. The protocol below applies identi-
cally to BICR and P(I Know).

Each (method, LVLM, seed) tuple is op-
timized for 50 trials, with five independent
seeds {23, 42, 137, 2024, 3407} run per (method,
LVLM) pair, and all downstream evaluation met-
rics reported as the mean across seeds. Each trial
trains for at most 200 epochs at batch size 32, with
early stopping on the composite validation score
(Appendix F) at patience 20. The trial’s objective
value is the composite score at its best epoch, and
the trial with the highest objective is selected as
the final configuration for that (LVLM, seed). To
accelerate the search, Optuna’s Median Pruner is
applied with 5 start-up trials, 10 warm-up steps,
and an interval of 5 steps, terminating unpromis-
ing trials early on the same intermediate compos-
ite score. To prevent model capacity from being
conflated with raw parameter count when compar-
ing architectural efficiency, all configurations are
constrained to a maximum of 5,000,000 trainable
parameters; any trial suggesting a model outside
this budget is pruned before training.

G.2 Hyperparameter Search Space

The search spaces for BICR and P(I Know) are
summarized in Table 18. Both methods tune the
MLP classifier architecture (depth, width, dropout)
and optimizer settings (learning rate, weight de-
cay). BICR additionally tunes three loss-coefficient
hyperparameters that control the auxiliary train-
ing objectives coupling its two extraction views
(hbase, hblank): β (weight on the Brier calibra-
tion term Lbrier on hbase), λ (weight on the visual-
grounding ranking loss Lrank that contrasts hbase

against hblank), and γ (the ranking-loss margin in
probability space; see Eq. 3 in §4). The fixed-
architecture methods (SAPLMA, InternalInspector,
CCPS) are not listed in the table, since their archi-
tectures and hyperparameters are taken verbatim
from the original publications and are documented
in Appendix C.

Note on the loss-coefficient search. The four
shared rows in Table 18 cover the classifier architec-
ture (depth, width, dropout) and optimizer settings,
and are identical between BICR and P(I Know) so
that the two methods compete on the same archi-
tectural and optimization footing. BICR alone tunes
the three loss-coefficient hyperparameters in the
second row group (β, λ, γ), since these control the
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auxiliary objectives that couple its two extraction
views and have no analogue in P(I Know)’s BCE-
only training. The analysis of the Optuna-selected
values for these three coefficients across LVLMs
and seeds is provided in Appendix I.3.

H Analysis of Additional Trainable
Parameters

This appendix quantifies and compares the addi-
tional learnable parameters introduced by each
evaluated confidence estimation method, includ-
ing our proposed BICR, when applied to a frozen
base LVLM. We first report the architectural dimen-
sions of the LVLMs that drive the parameter counts
of the linear-probe methods (§H.1), then provide
the formulas for the additional trainable parame-
ters of each method (§H.2), and finally report the
exact parameter counts used in our experiments
(§H.3), followed by a short discussion (§H.4). All
counts are of trainable parameters (i.e., parame-
ters returned by nn.Module.parameters() with
requires_grad=True); batch-normalization run-
ning statistics and other registered buffers are ex-
cluded. All counts include biases unless otherwise
noted.

H.1 Base LVLM Architectural Parameters

The key architectural dimensions of the base
LVLMs used in this study that influence the num-
ber of trainable parameters of probe-style meth-
ods are summarized in Table 19: the language-
model hidden size dh and the number of decoder
layers L. We also list the total number of pa-
rameters of each LVLM (read directly from its
model.safetensors.index.json); the percent-
ages reported in §H.3 use this column as denomi-
nator. The full model cards (vision-encoder details,
number of attention heads, etc.) are given in Ap-
pendix A.

H.2 Formulation of Additional Trainable
Parameters

Table 20 lists the trainable components and
the closed-form parameter expressions for each
method. For InternalInspector and CCPS the count
is independent of the base LVLM, so no formula
in dh or L is needed. For the Optuna-tuned meth-
ods (P(I Know) and BICR), the selected depth and
widths of the classifier head differ per (LVLM,
seed); we write (H1, . . . , Hk) for the tuple of hid-
den widths that Optuna selects for a given run.

Note on InternalInspector. The ResNet18 en-
coder used by InternalInspector takes a 3-channel
input corresponding to the stacked (activation, at-
tention, feed-forward) states at each layer. The
spatial dimensions of its input are (L, dh), but be-
cause every downstream layer is followed by adap-
tive average pooling to a fixed (1, 1) spatial foot-
print before the 512 → 128 projection, the total
trainable-parameter count is independent of both L
and dh.

Note on CCPS. CCPS uses a two-stage training
pipeline: a contrastive encoder is first pre-trained
with 21,168 parameters (Stage 1), and then a 610-
parameter classification head (Linear(16→32) +
Linear(32→2)) is attached on top of the en-
coder, with the entire stack fine-tuned end-to-
end (Stage 2). The final deployed model is the
Stage 2 classifier checkpoint, which contains all en-
coder weights plus the classification head, totalling
21,778 parameters. The head operates on a per-
token sequence of 75 trajectory features computed
from the frozen LVLM’s hidden states, and no part
of the dimension scales with dh; the parameter
count is therefore identical across all LVLMs.

Note on BICR. BICR uses two views: the base hid-
den state hbase and the blank-image hidden state
hblank. Both views pass through the same MLP
at training time, but only hbase is processed at in-
ference. The blank view serves exclusively as a
training-time regularizer through the ranking loss
Lrank, adding zero parameters and zero inference
cost beyond the standard MLP probe. The pa-
rameter formula is therefore identical to that of
P(I Know); the difference between the two meth-
ods lies entirely in the training objective, not the
architecture.

H.3 Exact Additional Trainable Parameter
Counts

Table 21 reports the exact number of additional
trainable parameters introduced by each method
when applied to each base LVLM, per benchmark
seed. Each cell reports the trainable parameter
count of the saved checkpoint and, in parentheses,
the count expressed as a percentage of the total
parameter count of the corresponding base LVLM
(Table 19).

The fixed-architecture methods (SAPLMA, In-
ternalInspector, CCPS) have a single count per
(method, LVLM); we still tabulate all five seeds
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so that readers can verify the per-seed determin-
ism of the reconstruction, and so that the lay-
out of the table is uniform across methods. The
two Optuna-tuned methods (P(I Know) and BICR)
re-run the architecture search independently for
each (method, LVLM, seed) tuple, as documented
in Appendix G, and consequently the selected
classifier_layers (and therefore the trainable-
parameter count) can differ across seeds; for
these two methods the cell additionally reports
the Optuna-selected classifier_layers tuple in
light text. The bottom MEAN row of each method’s
block reports the mean over the five seeds, of both
the parameter count and the percentage of the base-
LVLM’s parameters.

H.4 Discussion
Table 21 makes the capacity of each benchmarked
confidence estimator transparent and directly com-
parable. Three qualitative regimes are apparent.
First, the three prompt-based methods (P(True),
Self-Probing, Prompt Ensembles) introduce no
trainable parameters at all and rely entirely on the
frozen LVLM’s own output behaviour. Second,
CCPS occupies an extreme position at the other
end of the spectrum of trained methods: its fixed
two-stage convolutional head totals only 21,778
parameters regardless of the base LVLM (well un-
der 0.001% of every backbone), because its input
is already a compact 75-channel trajectory-feature
sequence rather than the high-dimensional LVLM
hidden state. Third, the remaining trainable meth-
ods (SAPLMA, InternalInspector, P(I Know), and
BICR) occupy a moderate regime of a few hundred
thousand to roughly eleven million trainable pa-
rameters, with the exact count driven by the LVLM
hidden size dh (SAPLMA, P(I Know), BICR) or by
the fixed convolutional encoder alone (InternalIn-
spector).

Within the moderate regime, InternalInspector
is consistently the heaviest at 11,316,417 param-
eters on every LVLM, ranging from 0.04% of
Gemma-3-27B and DeepSeek-VL2 up to 0.13% of
Qwen3-VL-8B, because its ResNet18-style CNN
encoder dominates the count. BICR is substantially
lighter: averaging the parameter counts across the
five seeds, BICR’s MLP head ranges from 642,561
parameters on Qwen3-VL-8B to 2,753,537 on
InternVL3.5-14B, which translates to a 4.1× to
17.6× reduction relative to InternalInspector across
the five LVLMs (the smallest gap appearing on
InternVL3.5-14B and the largest on Qwen3-VL-

8B). Compared to its architectural counterpart
P(I Know), which uses an identical MLP formula
but tends toward larger Optuna-selected widths,
BICR is lighter on four of the five LVLMs (no-
tably 4.7× lighter on Qwen3-VL-8B, where Op-
tuna selects (128, 64) for BICR on four of five seeds
while selecting (1024, 512) or larger for P(I Know)
on the highest-parameter seeds), and is slightly
heavier than P(I Know) only on InternVL3.5-14B,
where Optuna selects (512, 256) for BICR on every
seed while P(I Know) tends toward narrower (512)
heads. SAPLMA is the only method that is consis-
tently lighter than BICR, at 0.7M–1.4M parameters
depending on dh, owing to its fixed shallow ar-
chitecture. The pattern across BICR’s selections is
consistent with its design: the training-time rank-
ing loss Lrank provides a stronger learning signal
than BCE alone, allowing smaller architectures to
reach competitive performance, so the capacity ad-
vantage comes from the training objective rather
than from the model size.

A separate point worth flagging is that BICR’s
blank view contributes zero parameters to the de-
ployed model, since only hbase is processed at in-
ference; the blank-view hidden state is consumed
exclusively at training time by Lrank. BICR is there-
fore a strictly parameter-equivalent alternative to
single-view probes like P(I Know) at deployment,
with the performance improvement coming entirely
from the training signal.

Taken as a whole, every trainable method in our
benchmark adds at most ≈ 0.13% of the small-
est base LVLM’s parameter count, supporting our
framing of these confidence estimators as genuinely
lightweight additions to a frozen LVLM rather
than as meaningful contributions to the deployed
model’s size or inference cost.

I Design Validation and Ablation Analysis

This appendix presents the empirical evidence un-
derlying each design choice in BICR. All experi-
ments follow the benchmark evaluation protocol
documented in Appendix G: 5 LVLMs × 5 seeds ×
50 Optuna trials per (LVLM, seed) tuple, with met-
rics averaged across seeds (per-LVLM) or across
LVLMs (cross-LVLM). Statistical significance is
assessed via paired Wilcoxon signed-rank tests over
the 25 (LVLM, seed) observations.
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I.1 Loss Component Ablation

BICR’s training objective (Eq. 4) consists of three
terms: Lbce, Lbrier, and Lrank. We ablate each
by removing it while keeping all other compo-
nents unchanged, yielding four configurations: the
full BICR model, −Lbrier (removing the calibra-
tion term), −Lrank (removing the visual grounding
ranking; note that this also removes the need for
hblank entirely, as the blank view is only used by
Lrank), and Lbce-only (removing both auxiliary
terms).

Cross-LVLM results. Table 22 reports the cross-
LVLM average metrics for each ablation variant.

Key findings. Lrank is the critical component:
removing it degrades AUROC by 3.3 points (p <
0.001, paired Wilcoxon) and AUCPR by 1.9 points
(p < 0.001). This confirms that the blank-image
contrastive signal is the primary driver of BICR’s
discriminative advantage. Lbrier contributes a more
modest calibration benefit on the cross-LVLM av-
erage (∆ECE = −1.4, p = 0.059; ∆BS = −0.6,
p = 0.019). Removing both auxiliary losses (Lbce-
only) produces the worst configuration on every
discrimination metric, with the degradation highly
significant (p < 0.005).

Statistical significance, pooled aggregation. Ta-
ble 23 reports the significance test results for each
ablation comparison under cross-LVLM pooled ag-
gregation.

Statistical significance, equal-weight aggrega-
tion. Table 24 reports the same Wilcoxon tests
under per-dataset equal-weight aggregation. Two
findings track the cross-LVLM pooled ablation: re-
moving Lrank produces highly significant degrada-
tion on every metric, and removing both auxiliary
losses (Lbce-only) produces significant degrada-
tion on calibration metrics. Under this aggregation,
removing Lbrier alone is not statistically signifi-
cant on any metric (all p > 0.05), suggesting that
the Brier term’s contribution is concentrated on
the larger datasets that dominate the pooled ag-
gregation rather than on the smaller datasets that
get equal weight here. Removing both auxiliary
losses also weakens significance on AUCPR (n.s.)
and AUROC (p = 0.045) compared to the much
stronger pooled-aggregation effect, again indicat-
ing that auxiliary-loss benefits concentrate on the
dominant datasets.

Cluster-aware significance. The paired
Wilcoxon tests above treat each (LVLM, seed)
tuple as an independent observation, but the 5
seeds within an LVLM share the same frozen
weights and the same test set, so the truly
independent unit is the LVLM. To verify the
loss-ablation findings under a cluster-aware
protocol, Table 25 reports a cluster bootstrap
(10,000 resamples) over LVLM-level seed-means
with Holm-Bonferroni correction across the 4
metrics. The results sharpen rather than overturn
the n=25 conclusions: Lrank’s discriminative
contribution remains highly significant on AUCPR,
AUROC, and BS (p < 0.001 on each), and the
Lbce-only comparison shows the same pattern
with comparable effect sizes. The contribution
of Lbrier alone is the only place the picture
softens: its ablation does not reach Holm-corrected
significance under cluster-aware testing, consistent
with the n=25 unweighted-aggregation result that
Lbrier’s benefit concentrates on specific datasets
rather than as a uniform across-LVLM effect. ECE
comparisons are also non-significant under this
conservative protocol because the across-LVLM
ECE distribution is heavy-tailed (Table 26), but the
corresponding mean deltas are all in the expected
direction.

Per-LVLM breakdown. Table 26 presents the
loss ablation results for each LVLM individually.
The discrimination story is uniform: Lrank im-
proves AUROC and AUCPR on every LVLM, with
the largest gains on LLaVA-NeXT (∆AUROC
= +6.0) and DeepSeek-VL2 (∆AUROC = +4.1).
Calibration trade-offs are more nuanced: on
Qwen3-VL-8B, removing Lrank yields a lower
ECE than the full model (4.9 vs. 8.9), and on
Gemma-3-27B removing Lbrier yields a slightly
lower ECE (6.4 vs. 7.0). These per-LVLM ECE
patterns reflect the fact that the auxiliary terms tar-
get the cross-LVLM average, where the calibration
gain is consistent (Table 22); on individual LVLMs,
the rank loss occasionally trades a small amount of
calibration error for its substantial discrimination
gain.

I.2 What Lrank Teaches the Probe

Beyond improving aggregate metrics, Lrank fun-
damentally changes the probe’s learned behavior.
We analyze this by comparing the per-sample con-
fidence outputs of the full BICR model against the
Lbce-only baseline, using all 25 runs (5 LVLMs ×
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5 seeds).

Confidence separation. Table 27 compares the
mean confidence assigned to correct versus incor-
rect samples.

Without Lrank, incorrect samples receive sub-
stantially higher confidence (49.2 vs. 41.6), reduc-
ing the separation by 20%. Lrank selectively sup-
presses confidence for incorrect predictions while
maintaining high confidence for correct ones.

Calibration. The effect is most pronounced in
the high-confidence range. Table 28 compares the
reliability diagram bins where overconfidence is
most harmful.

The Full vs −Lrank comparison isolates the rank-
ing loss’s contribution at each confidence level
(with Lbrier present in both). The high-confidence
range [0.6, 0.9) is where the rank loss matters
most: removing Lrank produces severe overcon-
fidence (a 75% prediction corresponds to 64% em-
pirical accuracy, gap = 10.7%), while keeping it
in place tracks the diagonal much more closely
(75% prediction corresponds to 72% accuracy, gap
= 3.1%). Across the four high-confidence bins
[0.6, 1.0] the gap reduction ranges from 2.7× (in
[0.9, 1.0]) to 5.2× (in [0.6, 0.7)), with the largest
improvements concentrated in precisely the con-
fidence range where overconfidence is most con-
sequential for downstream decision-making. The
Lbce-only column confirms that removing both aux-
iliary losses does not produce calibration mean-
ingfully worse than removing Lrank alone in this
range, indicating that Lrank is the dominant driver
of high-confidence calibration in BICR. On two of
the low-confidence bins ([0.0, 0.1) and [0.4, 0.5)),
−Lrank lands within 1–3 gap points of Full and
occasionally edges it; this reflects the asymmet-
ric design intent of Lrank, which targets overconfi-
dence at high scores and is therefore expected to
dominate in the high-confidence range where over-
confidence is the practical risk, rather than in the
low-confidence range where the failure mode is the
opposite (underconfidence: predicted scores below
empirical accuracy in all variants).

Figure 4 visualizes this effect across the full re-
liability curve. Each panel shows one reliability
curve per seed (5 curves total, drawn translucently),
and a grey histogram in the lower portion of each
panel showing the distribution of predicted con-
fidence values pooled across all 5 LVLMs and 5
seeds. Moving from left to right (Full → −Brier
→−Rank → BCE-only), the curves progressively

bow further away from the diagonal in the low-to-
mid confidence range, where empirical accuracy
sits above predicted confidence (i.e., the probe is
underconfident in that range, predicting low scores
for samples that turn out correct more often than
the score implies). The full BICR model tracks
the diagonal closely across the full range; without
Lrank the curves develop a clear bow upward in
the [0, 0.5] region. The pooled histograms tell a
complementary story: the full model spreads prob-
ability mass across the full range while the ablated
variants (especially BCE-only) concentrate mass
toward the high-confidence end.

Score utilization. Without Lrank, the probe con-
centrates scores in the high-confidence range:
66.8% of all samples receive scores above 0.5, and
only 1.9% fall below 0.1. With Lrank, the distribu-
tion broadens (60.1% above 0.5, 4.1% below 0.1),
indicating that the probe has learned to use the full
probability range and express genuine uncertainty
when the model’s prediction is unreliable. This
broader utilization is a hallmark of well-calibrated
confidence estimators.

I.3 Optimized Hyperparameter Analysis

The Optuna search jointly optimizes the loss
weights β (Lbrier), λ (Lrank), and the margin γ
alongside the architectural and optimizer hyperpa-
rameters. Table 29 reports the mean and range of
these values across the 5 seeds for each LVLM,
providing insight into the stability and LVLM-
dependence of the optimized configurations.

Three patterns are noteworthy. First, the Brier
weight β is consistently selected in a moderate
range (mean 0.16–0.35), confirming that Optuna
finds the calibration term beneficial but secondary
to the classification objective. Second, the rank
weight λ is always positive and non-trivial (mean
0.07–0.20), demonstrating that the optimizer con-
sistently allocates weight to the ranking signal
across all LVLMs. Although one seed on LLaVA-
NeXT-13B does select λ = 0.01, no LVLM’s seed-
level mean approaches the lower bound, supporting
that Lrank provides genuine training signal rather
than being an artifact of the search space. Third,
the margin γ trends toward larger values for the
LVLMs with the lowest baseline correctness rates
(DeepSeek-VL2 at γ = 0.17, baseline 55.0% cor-
rect; Gemma-3-27B at γ = 0.17, baseline 62.7%
correct), and toward smaller values for the LVLM
with the highest correctness rate (Qwen3-VL-8B
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Figure 4: Per-seed reliability diagrams for each ablation variant. Each panel shows one reliability curve per seed
(5 translucent red curves) and a grey histogram in the lower portion of the panel showing the distribution of
predicted confidence values pooled across all 5 LVLMs and 5 seeds (25 runs combined). The dashed diagonal marks
perfect calibration. Cross-LVLM ECE values are shown in each panel: Full BICR achieves the lowest ECE (0.056);
removing Lrank raises ECE to 0.075, and removing both auxiliary losses raises it further to 0.080.

at γ = 0.09, baseline 68.7% correct), although the
relationship is not perfectly monotonic across the
middle of the range. The Optuna-selected architec-
tures vary across LVLMs from compact (128, 64)
heads on Qwen3-VL-8B to wider (512, 256) on
InternVL3.5-14B and DeepSeek-VL2, without a
clean correspondence to LVLM hidden size; the
architecture choice appears to depend more on in-
teractions with the loss-coefficient settings than on
dh alone.

I.4 Choice of Null Image

BICR uses a solid black image as the null visual
input v∅ throughout the main experiments. This
choice is load-bearing: the rank loss Lrank pushes
σ(W⊤hbase) above σ(W⊤hblank) for correctly an-
swered samples, so the visual content of the null
directly shapes the supervisory signal. To test
whether the result is specific to black or whether
BICR is robust to any visually-impoverished null,
we systematically compare five null-image strate-
gies, each chosen to isolate a specific axis along
which a null can differ from the base image:
black (current default; minimum visual signal,
dark uniform field), white (minimum visual sig-
nal, bright uniform field; tests whether the effect
comes from luminance or uniformity), Gaussian
noise (uniform-random pixels; tests whether BICR
responds to the absence of information or the ab-
sence of image-like structure), blurred original
(low-frequency content preserved via Gaussian blur
with radius 50, high-frequency content stripped;
tests whether BICR responds to loss of detail or
to total image absence), and pixel-shuffled orig-
inal (per-pixel permutation; preserves the color
histogram but destroys all spatial layout, testing
whether the signal comes from spatial structure or

color statistics).

Experimental setup. For each of the four new
null types we re-extract the BICR feature represen-
tation from scratch and re-train the BICR probe over
the same five seeds {23, 42, 137, 2024, 3407} used
in the main experiments, then compare to the ex-
isting black-baseline checkpoints on the held-out
test split. The two stochastic generators (Gaussian
noise and pixel-shuffled) use a deterministic per-
sample seed σ = hash32(hid) ⊕ s, where hid is
the sample’s hash identifier and s = 42 is a global
null seed, so the same sample produces the same
null pixels across reruns. To bound compute cost,
this experiment is restricted to a single backbone
(Qwen3-VL-8B-Instruct). All other forward-pass
settings, training hyperparameters, Optuna budget
(50 trials per seed), and evaluation protocol match
the main BICR pipeline.

Test-set performance per null type. Table 31
reports paired Wilcoxon signed-rank tests compar-
ing each new null type against the black baseline,
paired by seed (n = 5). With only five paired ob-
servations, the smallest p-value the Wilcoxon test
can produce is 0.0625, attained when all five seeds
agree on the direction of the effect. Cells at this
floor (marked †) therefore represent the strongest
possible evidence at this sample size: black wins
(or loses) on every single seed. Cells above the
floor (Gaussian noise on ECE at p = 0.125, blurred
on ECE at p = 0.188) indicate that fewer than all
five seeds agreed on the direction.

Black is the best of the five strategies on ev-
ery metric. The black baseline achieves the best
mean performance on all six metrics across all four
alternative null types. The margin is large in abso-
lute terms: AUROC drops from 0.801 (black) to

4682



between 0.678 and 0.722 for the four alternatives,
a 7.9 to 12.3 point gap; AUCPR collapses from
0.901 to roughly 0.51–0.54; F1 drops from 0.787 to
roughly 0.33–0.39. Calibration also worsens: ECE
roughly doubles (0.089 → 0.12–0.13) and Brier
rises by ≈ 0.04. The direction of the effect is unan-
imous across the five paired seeds for every metric
in {Brier,Acc,F1,AUCPR,AUROC} and for
ECE under the white and pixel-shuffled compar-
isons (Wilcoxon p = 0.0625, the floor for n = 5).
In the two cells where the ECE comparison falls
slightly above the floor (Gaussian noise at p =
0.125 and blurred at p = 0.188), the mean still
favors black.

Why the alternatives fail, by axis of variation.
The four alternative null types form an interpretable
failure pattern that maps cleanly onto the four axes
the comparison was designed to probe. Lumi-
nance vs. uniformity: white and black are both
uniform fills, yet white loses 12.3 AUROC points
relative to black. Uniformity alone is therefore
not what makes black useful as a null; the LVLM
produces meaningfully different hidden states for
white than for black, and the latter are more use-
ful as a contrast point. Information content vs.
image-likeness: replacing the image with high-
entropy random pixels (Gaussian noise) does not
help, dropping AUROC by 9.7 points relative to
black. The blank view should be information-poor
rather than information-different; adding visual en-
tropy without spatial structure is closer to “a differ-
ent image” than to “no image.” High-frequency
detail vs. total absence: heavy blurring strips
edges, text, and object structure but preserves low-
frequency content (broad color fields, average il-
lumination), and still costs 10.0 AUROC points
relative to black, suggesting that the residual low-
frequency content is enough for the LVLM to main-
tain a non-null hidden state. Spatial structure
vs. color statistics: pixel-shuffling preserves the
image’s full color histogram while scrambling all
spatial layout. This is the least bad of the four
alternatives (only 7.9 AUROC points worse than
black), consistent with spatial structure carrying
the bulk of the image-likeness signal; once lay-
out is destroyed, the LVLM behaves closer to the
all-black case, although the gap to black remains
significant on every metric.

Design implication. The simple solid-black null
both produces the most distinct hblank from hbase

and provides the strongest training signal for the

rank loss. The ablation supports the design choice
in BICR: the null view should be information-
poor in an absolute sense, not merely information-
different. A null that still carries any image-like
content, whether high-entropy noise, low-pass-
filtered original, or shuffled color statistics, gives
the LVLM enough to produce a non-null represen-
tation that the probe cannot exploit as effectively
as it can the all-black contrast.

J Extended Results

This appendix provides the complete set of re-
sults underlying the main-text summary in §5. All
trained methods report the mean across five seeds
{23, 42, 137, 2024, 3407}, each with 50 Optuna
hyperparameter trials. Metrics are computed on the
shared subset of test samples present in all meth-
ods for a given LVLM, obtained by intersecting
test hash_ids across every confidence estimation
method evaluated on that LVLM; per-LVLM and
per-dataset shared counts are reported in Table 32.
The intersection accounts for the small number of
samples that drop from individual methods for be-
nign reasons: prompt-based methods occasionally
produce a malformed parse on a sample whose gen-
erated text does not match the expected response
format, and Self-Probing requires a second LVLM
forward pass that can fail on individual samples due
to context-length overflow. Restricting evaluation
to the intersection enforces apples-to-apples com-
parison: every metric, significance test, and figure
in this appendix and in the main paper is computed
on the same per-LVLM sample set across all meth-
ods. Best values per metric are bolded. Reported
metrics are: Expected Calibration Error (ECE),
Brier Score (BS), Accuracy (ACC), F1 Score (F1),
Area Under Precision–Recall Curve (AUCPR), and
Area Under ROC Curve (AUROC).

J.1 Per-LVLM Pooled Performance
Table 33 reports the pooled aggregate performance
of each method on each LVLM. In pooled eval-
uation, all test samples are combined into a sin-
gle set and metrics are computed over the full
shared subset per LVLM. BICR achieves the best
AUCPR and AUROC on every LVLM (five of five),
and the best calibration (ECE, BS) on three of
five (LLaVA-NeXT-13B, InternVL3.5-14B, and
DeepSeek-VL2); on the remaining two LVLMs
the best ECE belongs to InternalInspector (Qwen3-
VL-8B and Gemma-3-27B).
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Original State Features

original_log_prob_actual Log-probability of the actual token under the model’s unper-
turbed output distribution.

original_prob_actual Probability of the actual token under the unperturbed distribu-
tion.

original_logit_actual Raw logit of the actual token prior to any perturbation.
original_prob_argmax Highest probability assigned to any token by the unperturbed

model.
original_logit_argmax Highest logit value assigned to any token prior to perturbation.
original_entropy Entropy of the unperturbed predictive distribution:

−∑
i Porig(i) logPorig(i).

original_margin_logit_top1_top2 Logit gap between the top-1 and top-2 tokens before perturba-
tion.

original_margin_prob_top1_top2 Probability gap between the top-1 and top-2 tokens before per-
turbation.

original_norm_logits_L2 L2 norm of the unperturbed logit vector.
original_std_logits Standard deviation of the unperturbed logit values.
original_norm_hidden_state_L2 L2 norm of the unperturbed last hidden state vector.
is_actual_token_original_argmax Binary indicator of whether the actual token is the argmax under

the unperturbed model.

Perturbation Trajectory Features

jacobian_norm_token L2 norm of the Jacobian of the token’s log-probability with
respect to the hidden state, measuring local sensitivity.

epsilon_to_flip_token Smallest perturbation magnitude along the gradient direction
sufficient to change the argmax prediction.

pei_value_token Perturbation Energy Integral (PEI): cumulative normalized drop
in the actual token’s log-probability across all perturbation steps.

Comparison Features (Original vs. Perturbed)

perturbed_log_prob_actual Log-probability of the actual token after hidden-state perturba-
tion.

perturbed_prob_actual Probability of the actual token after perturbation.
perturbed_logit_actual Logit of the actual token after perturbation.
perturbed_prob_argmax Highest probability assigned to any token after perturbation.
perturbed_logit_argmax Highest logit value after perturbation.
perturbed_entropy Entropy of the perturbed predictive distribution.
perturbed_margin_logit_top1_top2 Logit gap between top-1 and top-2 tokens after perturbation.
perturbed_norm_logits_L2 L2 norm of the perturbed logit vector.
delta_log_prob_actual_from_original Absolute drop in log-probability of the actual token after pertur-

bation.
did_argmax_change_from_original Binary indicator of whether the argmax token shifted after per-

turbation.
kl_div_perturbed_from_original KL divergence from the original to the perturbed output distribu-

tion.
js_div_perturbed_from_original Jensen-Shannon divergence between the original and perturbed

distributions.
cosine_sim_logits_perturbed_to_original Cosine similarity between logit vectors before and after pertur-

bation.
cosine_sim_hidden_perturbed_to_original Cosine similarity between hidden-state vectors before and after

perturbation.
l2_dist_hidden_perturbed_from_original L2 distance between hidden-state vectors before and after pertur-

bation.

Table 16: Feature groups and definitions used by CCPS (Khanmohammadi et al., 2025) to characterize hidden-state
stability under targeted perturbation.
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Table 17: Method families in the LVLM visual-reliability literature, positioned against BICR. Real-vs-null
visual contrast indicates whether the method compares representations or outputs under the real image against a
perturbed or absent visual input. Frozen indicates whether the base LVLM is left unchanged.

Method family Example(s) What it outputs Real-vs-null visual contrast Frozen?

Decoding / halluci-
nation mitigation

VCD (Leng et al., 2024),
MemVR (Zou et al.,
2025)

a modified answer VCD: logit-level; MemVR:
none

frozen

Interpretability diag-
nostic

TVI (Long et al., 2026),
Chen et al. (Chen et al.,
2025)

grounding magnitude /
calibration study

TVI: hidden-state, multi-
layer

frozen

Backbone retraining VL-Calibration (Xiao
et al., 2026), CSP (Zhao
et al., 2025)

verbalized confidence no retrains the
LVLM

Sampling / orches-
tration detector

VL-Uncertainty (Zhang
et al., 2024), MS-
FBI (Du et al., 2025)

uncertainty from sam-
pled / multi-round an-
swers

no frozen

Output-fusion esti-
mator

Dang et al. (Dang et al.,
2026)

fused P(correct) no visual intervention frozen

Single-view internal
detector

SUQ (Li et al., 2024),
SVAR (Jiang et al., 2025)

truthfulness / hallucina-
tion score

none frozen (aux
head)

Confidence estima-
tor (ours)

BICR calibrated per-sample
P(correct); answer un-
touched

hidden-state ranking, real
vs blank

frozen probe

Table 18: Hyperparameter search space for the Optuna-tuned methods. Both methods share the classifier-architecture
and optimizer search space; BICR additionally tunes its three loss coefficients. Notation a,b inside a set denotes a
single categorical choice corresponding to an MLP with hidden widths (a, b).

Component Search space

Shared (BICR and P(I Know))
classifier_layers {0; 256; 512; 128,64; 256,128; 512,256; 1024,512; 1024,512,256}
classifier_dropout {0.0, 0.1, 0.3, 0.5}
learning_rate [10−5, 10−3], log-uniform
weight_decay [10−6, 10−3], log-uniform

BICR-only (ours)
β (Brier weight) [0.0, 0.5], uniform
λ (rank weight) [0.01, 0.3], uniform
γ (margin) [0.05, 0.25], uniform

Table 19: Architectural dimensions and total parameter counts of the base LVLMs used in this study. The total-
parameters column is obtained by summing the product of tensor shape dimensions over every tensor listed in
model.safetensors.index.json and is used as the denominator for the % column in Table 21.

Base LVLM dh L Total parameters

Qwen/Qwen3-VL-8B-Instruct 4,096 36 8,767,123,696 (8.77 B)
llava-hf/llava-v1.6-vicuna-13b-hf 5,120 40 13,351,499,776 (13.35 B)
OpenGVLab/InternVL3_5-14B-HF 5,120 40 15,119,523,840 (15.12 B)
google/gemma-3-27b-it 5,376 62 27,432,406,640 (27.43 B)
deepseek-ai/deepseek-vl2 2,560 30 27,480,134,248 (27.48 B)
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Table 20: Formulas for additional trainable parameters introduced by each method. dh is the LVLM hidden size
from Table 19; (H1, . . . , Hk) is the Optuna-selected tuple of hidden widths of the classifier head for a given run.

Method Trainable component(s) Formula (incl. biases)

P(True) None (prompting only) 0
Self-Probing None (prompting only) 0
Prompt Ensem-
bles

None (inference only) 0

SAPLMA MLP dh → 256 → 128 → 64 → 1 256 dh + 41,473

InternalInspector ResNet18-style CNN encoder (3-
channel input) + projection 512 → 128
+ MLP 128 → 256 → 128 → 64 → 1

11,316,417 (independent of dh, L)

CCPS Stage 1: Conv1d(75→64, k=3)
+ Conv1d(64→32, k=3) +
Linear(32→16)
Stage 2: encoder fine-tuned jointly +
Linear(16→32) + Linear(32→2)

21,778 (independent of dh, L; encoder
embedded in classifier)

P(I Know) MLP dh → H1 → · · · → Hk → 1 dhH1+H1+
∑k−1

i=1

(
HiHi+1+Hi+1

)
+

(Hk + 1)

BICR (ours) MLP dh → H1 → · · · → Hk → 1
(shared across base and blank views;
blank view used only at training time
via Lrank)

dhH1+H1+
∑k−1

i=1

(
HiHi+1+Hi+1

)
+

(Hk + 1)

Table 21: Per-seed trainable-parameter counts and percentage of total base-LVLM parameters for every confidence-
estimation method in our benchmark. Each cell reports the trainable parameter count of the saved checkpoint
and, in parentheses, the count as a percentage of the total parameter count of the corresponding base LVLM.
Percentages are rounded to two decimals; cells displayed as 0.00% are non-zero but below 0.005%. SAPLMA,
InternalInspector, and CCPS use fixed architectures, so their counts are identical across the five benchmark seeds
{23, 42, 137, 2024, 3407}; for the Optuna-tuned methods (P(I Know) and BICR), counts vary across seeds and the
cell additionally reports the Optuna-selected classifier_layers tuple. The bottom MEAN row of each method’s
block is the across-seed mean of both the parameter count and the percentage.

Method Seed Qwen3-VL-8B LLaVA-Next-13B InternVL3.5-14B Gemma-3-27B DeepSeek-VL2
(VLM total) 8.77 B 13.35 B 15.12 B 27.43 B 27.48 B

Prompt-only methods (no trainable parameters)
P(True) — 0 0 0 0 0
Self-Probing — 0 0 0 0 0
Prompt Ensembles — 0 0 0 0 0

SAPLMA

23 1,090,049 (0.01%) 1,352,193 (0.01%) 1,352,193 (0.01%) 1,417,729 (0.01%) 696,833 (0.00%)
42 1,090,049 (0.01%) 1,352,193 (0.01%) 1,352,193 (0.01%) 1,417,729 (0.01%) 696,833 (0.00%)
137 1,090,049 (0.01%) 1,352,193 (0.01%) 1,352,193 (0.01%) 1,417,729 (0.01%) 696,833 (0.00%)
2024 1,090,049 (0.01%) 1,352,193 (0.01%) 1,352,193 (0.01%) 1,417,729 (0.01%) 696,833 (0.00%)
3407 1,090,049 (0.01%) 1,352,193 (0.01%) 1,352,193 (0.01%) 1,417,729 (0.01%) 696,833 (0.00%)
MEAN 1,090,049 (0.01%) 1,352,193 (0.01%) 1,352,193 (0.01%) 1,417,729 (0.01%) 696,833 (0.00%)

InternalInspector

23 11,316,417 (0.13%) 11,316,417 (0.08%) 11,316,417 (0.07%) 11,316,417 (0.04%) 11,316,417 (0.04%)
42 11,316,417 (0.13%) 11,316,417 (0.08%) 11,316,417 (0.07%) 11,316,417 (0.04%) 11,316,417 (0.04%)
137 11,316,417 (0.13%) 11,316,417 (0.08%) 11,316,417 (0.07%) 11,316,417 (0.04%) 11,316,417 (0.04%)
2024 11,316,417 (0.13%) 11,316,417 (0.08%) 11,316,417 (0.07%) 11,316,417 (0.04%) 11,316,417 (0.04%)
3407 11,316,417 (0.13%) 11,316,417 (0.08%) 11,316,417 (0.07%) 11,316,417 (0.04%) 11,316,417 (0.04%)
MEAN 11,316,417 (0.13%) 11,316,417 (0.08%) 11,316,417 (0.07%) 11,316,417 (0.04%) 11,316,417 (0.04%)

CCPS

23 21,778 (0.00%) 21,778 (0.00%) 21,778 (0.00%) 21,778 (0.00%) 21,778 (0.00%)
42 21,778 (0.00%) 21,778 (0.00%) 21,778 (0.00%) 21,778 (0.00%) 21,778 (0.00%)
137 21,778 (0.00%) 21,778 (0.00%) 21,778 (0.00%) 21,778 (0.00%) 21,778 (0.00%)
2024 21,778 (0.00%) 21,778 (0.00%) 21,778 (0.00%) 21,778 (0.00%) 21,778 (0.00%)
3407 21,778 (0.00%) 21,778 (0.00%) 21,778 (0.00%) 21,778 (0.00%) 21,778 (0.00%)
MEAN 21,778 (0.00%) 21,778 (0.00%) 21,778 (0.00%) 21,778 (0.00%) 21,778 (0.00%)

P(I Know)

23 4,720,641 (0.05%; 1024,512) 2,622,465 (0.02%; 512) 2,622,465 (0.02%; 512) 2,753,537 (0.01%; 512) 1,311,745 (0.00%; 512)
42 1,081,857 (0.01%; 256,128) 2,622,465 (0.02%; 512) 2,622,465 (0.02%; 512) 1,376,769 (0.01%; 256) 1,311,745 (0.00%; 512)
137 2,229,249 (0.03%; 512,256) 2,753,537 (0.02%; 512,256) 1,311,233 (0.01%; 256) 1,409,537 (0.01%; 256,128) 1,442,817 (0.01%; 512,256)
2024 2,098,177 (0.02%; 512) 1,311,233 (0.01%; 256) 2,753,537 (0.02%; 512,256) 2,753,537 (0.01%; 512) 1,442,817 (0.01%; 512,256)
3407 4,851,713 (0.06%; 1024,512,256) 2,622,465 (0.02%; 512) 2,622,465 (0.02%; 512) 2,753,537 (0.01%; 512) 3,278,849 (0.01%; 1024,512,256)
MEAN 2,996,327 (0.03%) 2,386,433 (0.02%) 2,386,433 (0.02%) 2,209,383 (0.01%) 1,757,595 (0.01%)

BICR (ours)

23 532,737 (0.01%; 128,64) 2,753,537 (0.02%; 512,256) 2,753,537 (0.02%; 512,256) 1,409,537 (0.01%; 256,128) 1,442,817 (0.01%; 512,256)
42 1,081,857 (0.01%; 256,128) 1,344,001 (0.01%; 256,128) 2,753,537 (0.02%; 512,256) 1,409,537 (0.01%; 256,128) 1,442,817 (0.01%; 512,256)
137 532,737 (0.01%; 128,64) 1,344,001 (0.01%; 256,128) 2,753,537 (0.02%; 512,256) 696,577 (0.00%; 128,64) 1,442,817 (0.01%; 512,256)
2024 532,737 (0.01%; 128,64) 663,809 (0.00%; 128,64) 2,753,537 (0.02%; 512,256) 1,409,537 (0.01%; 256,128) 1,442,817 (0.01%; 512,256)
3407 532,737 (0.01%; 128,64) 663,809 (0.00%; 128,64) 2,753,537 (0.02%; 512,256) 2,884,609 (0.01%; 512,256) 1,442,817 (0.01%; 512,256)
MEAN 642,561 (0.01%) 1,353,831 (0.01%) 2,753,537 (0.02%) 1,561,959 (0.01%) 1,442,817 (0.01%)
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Table 22: Loss ablation for BICR, averaged across 5 LVLMs × 5 seeds. Each row removes one or more loss
components. ∆AUROC is the change relative to the full model. Best values in bold.

Variant ECE↓ BS↓ AUCPR↑ AUROC↑ ∆

Full (BICR) 7.1 18.4 87.4 78.6 —
−Lbrier 8.5 19.0 87.1 78.0 −0.6
−Lrank 8.1 19.6 85.5 75.3 −3.3
Lbce only 9.2 19.9 85.5 75.2 −3.4

Table 23: Statistical significance of loss ablation (paired Wilcoxon, n=25). Each cell shows the p-value; ∗∗∗, ∗∗, ∗

denote p < 0.001, p < 0.01, p < 0.05; “n.s.” denotes p ≥ 0.05.

Comparison ECE BS AUCPR AUROC

Full vs. −Lbrier n.s. 0.019∗ n.s. n.s.
Full vs. −Lrank n.s. <0.001∗∗∗ <0.001∗∗∗ <0.001∗∗∗

Full vs. Lbce only 0.004∗∗ <0.001∗∗∗ <0.001∗∗∗ <0.001∗∗∗

Table 24: Statistical significance of loss ablation under per-dataset equal-weight aggregation (paired Wilcoxon,
n=25). Same conventions as Table 23.

Comparison ECE BS AUCPR AUROC

Full vs. −Lbrier n.s. n.s. n.s. n.s.
Full vs. −Lrank <0.001∗∗∗ <0.001∗∗∗ 0.001∗∗ <0.001∗∗∗

Full vs. Lbce only <0.001∗∗∗ <0.001∗∗∗ n.s. 0.045∗

Table 25: Cluster-aware significance of BICR’s loss ablation under pooled aggregation. Each row reports the mean
per-LVLM delta (Full BICR minus ablated variant) across 5 LVLMs, with significance assessed by a cluster bootstrap
(10,000 resamples) over LVLM-level seed-means and Holm-Bonferroni correction across the 4 metrics within each
row. Significance level conventions match Table 41.

Comparison ECE ↓ BS ↓ AUCPR ↑ AUROC ↑
Mean ∆ p Mean ∆ p Mean ∆ p Mean ∆ p

Full vs −Lbrier -0.0140 n.s. -0.0061 n.s. +0.0032 n.s. +0.0059 n.s.
Full vs −Lrank -0.0104 n.s. -0.0120 <0.001∗∗∗ +0.0189 <0.001∗∗∗ +0.0328 <0.001∗∗∗

Full vs Lbce only -0.0205 n.s. -0.0147 <0.001∗∗∗ +0.0193 <0.001∗∗∗ +0.0334 <0.001∗∗∗

Table 26: Per-LVLM loss ablation results (mean across 5 seeds). Best value per LVLM per metric in bold.

LVLM Variant ECE↓ BS↓ AUCPR↑ AUROC↑

Qwen3-VL-8B

Full 8.9 17.5 90.1 80.1
−Brier 8.5 19.0 87.1 78.0
−Rank 4.9 17.7 88.7 77.2
BCE only 7.3 18.2 88.7 77.2

LLaVA-NeXT-13B

Full 5.7 18.2 87.7 78.9
−Brier 6.4 18.6 87.2 78.2
−Rank 10.4 20.9 84.6 72.9
BCE only 10.5 21.1 84.1 72.2

InternVL3.5-14B

Full 7.9 19.0 88.0 76.4
−Brier 10.9 20.4 87.2 75.2
−Rank 9.7 19.8 86.6 74.1
BCE only 10.9 20.4 86.3 73.7

DeepSeek-VL2

Full 6.0 17.9 86.1 81.1
−Brier 7.0 18.1 86.0 80.8
−Rank 8.4 19.8 83.5 77.0
BCE only 9.7 20.2 83.6 77.3

Gemma-3-27B

Full 7.0 19.6 85.1 76.6
−Brier 6.4 19.3 85.4 77.0
−Rank 7.3 19.9 84.2 75.3
BCE only 7.3 19.7 84.8 75.9
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Table 27: Confidence distributions across all 25 runs. “Separation” is the difference between correct and incorrect
means; higher indicates better discrimination.

Variant Correct Incorrect Separation

Full (BICR) 70.2 41.6 28.7
−Lbrier 68.2 39.3 28.9
−Lrank 72.2 49.2 23.0
Lbce only 71.0 47.3 23.7

Table 28: Full reliability diagram across all 10 bins for each ablation variant, pooled across all 25 runs (5 LVLMs
× 5 seeds). Comparing Full to −Lrank isolates the contribution of the ranking loss in each bin (with Lbrier held
constant); the Lbce-only column shows the joint effect of removing both auxiliary losses. “Gap” = |Pred. − Act.|;
lower is better. All values are percentages, with the lowest gap per row bolded.

Full (BICR) −Lrank Lbce only

Bin Pred. Act. Gap Pred. Act. Gap Pred. Act. Gap

[0.0, 0.1) 6.3 23.3 16.9 6.6 20.6 14.0 6.7 21.8 15.0
[0.1, 0.2) 15.2 31.5 16.3 15.4 32.5 17.1 15.4 33.9 18.5
[0.2, 0.3) 25.1 38.4 13.3 25.2 40.8 15.6 25.3 42.8 17.5
[0.3, 0.4) 35.1 45.2 10.2 35.2 46.3 11.2 35.1 47.7 12.6
[0.4, 0.5) 45.0 50.4 5.4 45.1 49.0 4.0 45.0 50.1 5.1
[0.5, 0.6) 55.0 56.0 1.1 55.0 52.2 2.7 55.0 52.9 2.1
[0.6, 0.7) 65.0 63.4 1.6 65.0 56.7 8.3 65.0 57.8 7.1
[0.7, 0.8) 75.0 72.0 3.1 75.0 64.3 10.7 75.0 65.2 9.8
[0.8, 0.9) 85.3 83.6 1.8 85.3 77.4 7.9 85.3 77.9 7.4
[0.9, 1.0] 95.9 94.9 1.0 95.9 93.3 2.7 96.0 93.0 3.0

Table 29: Optuna-optimized loss hyperparameters for BICR across LVLMs. Each cell shows the mean across 5
seeds, with the range [min, max] in parentheses. “Arch.” reports the most frequently selected classifier_layers
configuration across the 5 seeds.

LVLM β (Brier weight) λ (Rank weight) γ (Margin) Arch.

Qwen3-VL-8B 0.26 [0.19, 0.39] 0.20 [0.12, 0.24] 0.09 [0.05, 0.17] (128, 64)
LLaVA-NeXT-13B 0.35 [0.15, 0.49] 0.07 [0.01, 0.25] 0.11 [0.05, 0.14] (256, 128)
InternVL3.5-14B 0.16 [0.00, 0.40] 0.11 [0.02, 0.22] 0.12 [0.07, 0.19] (512, 256)
DeepSeek-VL2 0.25 [0.07, 0.48] 0.17 [0.07, 0.25] 0.17 [0.10, 0.23] (512, 256)
Gemma-3-27B 0.28 [0.22, 0.32] 0.09 [0.02, 0.14] 0.17 [0.10, 0.21] (256, 128)

Table 30: BICR test-set performance on Qwen3-VL-8B-Instruct under five null-image strategies for the blank view.
Each cell is mean± std across 5 seeds; per-seed metrics are computed on all 30,514 pooled test samples. Best value
per metric in bold.

Null type ECE ↓ BS ↓ Acc ↑ F1 ↑ AUCPR ↑ AUROC ↑
black (current) 0.0886 ± 0.0167 0.1747 ± 0.0034 0.7281 ± 0.0044 0.7866 ± 0.0068 0.9014 ± 0.0009 0.8008 ± 0.0019

white 0.1332 ± 0.0276 0.2223 ± 0.0144 0.6908 ± 0.0026 0.3665 ± 0.0339 0.5125 ± 0.0224 0.6780 ± 0.0383

Gaussian noise 0.1231 ± 0.0346 0.2125 ± 0.0222 0.6961 ± 0.0069 0.3872 ± 0.0636 0.5338 ± 0.0366 0.7035 ± 0.0670

blurred 0.1255 ± 0.0311 0.2153 ± 0.0146 0.6919 ± 0.0052 0.3273 ± 0.0997 0.5231 ± 0.0160 0.7007 ± 0.0277

pixel-shuffled 0.1206 ± 0.0216 0.2101 ± 0.0136 0.6957 ± 0.0069 0.3657 ± 0.0493 0.5354 ± 0.0270 0.7215 ± 0.0292

Table 31: Paired Wilcoxon signed-rank tests against the black baseline (n = 5 seeds). † denotes unanimous direction
across all five seeds (minimum attainable p = 0.0625 for n = 5).

Comparison ECE ↓ Brier ↓ Acc ↑ F1 ↑ AUCPR ↑ AUROC ↑
vs. white 0.062 † 0.062 † 0.062 † 0.062 † 0.062 † 0.062 †
vs. Gaussian noise 0.125 0.062 † 0.062 † 0.062 † 0.062 † 0.062 †
vs. blurred 0.188 0.062 † 0.062 † 0.062 † 0.062 † 0.062 †
vs. pixel-shuffled 0.062 † 0.062 † 0.062 † 0.062 † 0.062 † 0.062 †
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Table 32: Number of shared test samples per LVLM and dataset. Counts are computed after intersecting hash
IDs across all confidence estimation methods for each LVLM. The final row reports the total number of evaluated
samples across LVLMs.

LVLM GQA POPE LLaVA-Wild MMMU_Pro_4 MMMU_Pro_10 GMAI-MMBench MME-Finance Total

Qwen3-VL-8B 12,568 9,000 56 1,711 1,717 4,307 882 30,241
LLaVA-NeXT-13B 12,568 9,000 60 1,713 1,719 4,549 892 30,501
InternVL3.5-14B 12,568 9,000 60 1,713 1,718 4,549 892 30,500
DeepSeek-VL2 12,567 9,000 60 1,656 1,697 4,509 870 30,359
Gemma-3-27B 12,568 9,000 60 1,711 1,711 4,549 892 30,491

Total 62,839 45,000 296 8,504 8,562 22,463 4,428 152,092
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Table 33: Pooled aggregate performance per LVLM. Each cell reports mean ± std across 5 seeds (50
Optuna trials each), where each seed value is the metric computed on the entire shared test subset for that
LVLM. Best value per LVLM per metric in bold.

Method ECE↓ BS↓ ACC↑ F1↑ AUCPR↑ AUROC↑
Qwen/Qwen3-VL-8B-Instruct (n= 30,241)

P(True) 43.9 44.2 54.6 67.0 76.2 54.6
Self-Probing 24.4 27.5 69.7 81.2 77.0 59.5
PE 19.8 26.0 67.3 80.4 66.2 52.9
SAPLMA 10.6 ±3.4 19.4 ±0.8 72.8 ±0.5 82.8 ±0.1 86.4 ±0.9 74.2 ±1.4
PIK 7.5 ±1.8 18.0 ±0.5 72.2 ±0.4 81.5 ±0.6 88.4 ±0.6 77.2 ±0.6
CCPS 28.7 ±2.6 45.6 ±18.9 53.9 ±18.9 54.5 ±32.8 66.2 ±3.5 44.9 ±6.4
II 5.4 ±1.8 17.0 ±0.2 73.3 ±0.7 82.6 ±0.2 89.7 ±0.4 79.6 ±0.6
BICR (Ours) 8.9 ±1.5 17.4 ±0.3 72.9 ±0.4 78.9 ±0.6 90.3 ±0.1 80.1 ±0.2

llava-hf/llava-v1.6-vicuna-13b-hf (n= 30,501)
P(True) 26.2 30.9 45.7 34.8 67.9 54.7
Self-Probing 28.9 30.0 65.2 78.1 81.9 67.3
PE 12.8 23.5 63.0 77.3 77.3 68.5
SAPLMA 16.5 ±2.4 23.0 ±1.1 67.3 ±0.7 78.8 ±0.2 82.0 ±1.3 72.5 ±1.8
PIK 10.8 ±3.7 19.9 ±1.9 68.9 ±2.7 78.2 ±0.9 87.1 ±1.2 77.3 ±2.4
CCPS 16.3 ±0.9 22.0 ±0.4 67.4 ±0.5 78.8 ±0.1 76.0 ±0.3 72.9 ±0.4
II 13.8 ±1.6 22.3 ±0.7 65.4 ±1.2 77.8 ±0.3 81.4 ±0.8 71.9 ±1.7
BICR (Ours) 5.6 ±1.7 18.2 ±1.1 71.4 ±2.2 78.1 ±1.0 87.7 ±1.3 78.9 ±2.4

OpenGVLab/InternVL3_5-14B-HF (n= 30,500)
P(True) 41.2 41.5 57.2 70.0 78.0 59.5
Self-Probing 21.5 24.7 68.4 80.8 76.8 70.8
PE 16.7 25.9 66.6 80.0 60.3 43.4
SAPLMA 16.6 ±1.2 23.3 ±0.4 69.6 ±0.3 80.8 ±0.1 76.2 ±0.9 65.4 ±0.8
PIK 10.8 ±2.1 20.2 ±0.8 70.5 ±0.7 80.3 ±0.5 86.4 ±1.1 73.8 ±1.3
CCPS 14.7 ±1.1 23.8 ±0.4 67.8 ±0.1 80.0 ±0.1 71.6 ±3.0 58.2 ±2.3
II 10.6 ±6.7 21.5 ±1.8 68.8 ±0.5 80.4 ±0.6 82.6 ±1.4 69.3 ±0.7
BICR (Ours) 7.9 ±1.3 19.0 ±0.5 70.2 ±0.8 77.4 ±1.4 88.0 ±0.2 76.4 ±0.3

deepseek-ai/deepseek-vl2 (n= 30,359)
P(True) 34.1 37.4 48.7 56.2 68.1 52.7
Self-Probing 35.1 37.3 55.2 70.7 74.2 62.2
PE 16.3 24.7 56.4 71.4 72.5 73.5
SAPLMA 12.8 ±3.9 21.5 ±1.4 68.2 ±1.6 75.2 ±0.4 79.7 ±1.9 77.1 ±1.3
PIK 8.5 ±0.8 19.3 ±0.3 68.8 ±0.8 73.2 ±0.3 84.6 ±0.3 78.5 ±0.3
CCPS 7.7 ±3.7 22.1 ±0.9 62.8 ±2.6 71.0 ±0.6 77.0 ±0.9 70.9 ±1.1
II 7.4 ±2.6 19.0 ±0.8 69.7 ±2.2 74.3 ±0.6 84.5 ±0.4 79.3 ±1.1
BICR (Ours) 6.0 ±0.7 17.9 ±0.2 73.6 ±0.8 74.9 ±0.5 86.2 ±0.4 81.1 ±0.5

google/gemma-3-27b-it (n= 30,491)
P(True) 44.8 45.1 54.2 64.9 74.0 56.8
Self-Probing 27.7 29.5 63.9 76.8 79.2 68.4
PE 26.7 30.3 61.4 76.1 70.1 61.8
SAPLMA 4.6 ±2.5 19.4 ±0.2 69.6 ±0.5 77.4 ±0.5 83.8 ±0.4 75.5 ±0.5
PIK 8.9 ±1.0 19.9 ±0.7 68.7 ±0.8 78.1 ±0.3 85.1 ±0.9 76.1 ±1.2
CCPS 9.0 ±1.4 22.1 ±0.9 67.2 ±0.6 76.0 ±0.4 73.4 ±4.4 68.5 ±2.9
II 4.3 ±1.6 19.7 ±0.8 67.9 ±1.4 76.9 ±0.6 83.2 ±1.2 74.2 ±2.0
BICR (Ours) 7.0 ±1.8 19.6 ±0.4 69.6 ±0.5 75.3 ±0.8 85.1 ±0.2 76.6 ±0.5
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J.2 Cross-LVLM Pooled Average

Table 34 averages the per-LVLM pooled metrics
from Table 33 across all five LVLMs, giving equal
weight to each LVLM architecture. BICR achieves
the best cross-LVLM average on five of six met-
rics (ECE 7.1, BS 18.4, ACC 71.5, AUCPR 87.5,
AUROC 78.6); SAPLMA edges F1 (79.0 vs. 76.9).
The next-best method on the discrimination metrics
is P(I Know), which BICR beats by +1.2 AUCPR
and +2.0 AUROC points; on the calibration met-
rics, the next-best is InternalInspector on ECE (8.3,
behind BICR by 1.2 points) and P(I Know) on BS
(19.4, behind by 1.0 point).

J.3 Per-LVLM Unweighted Average Across
Datasets

The pooled evaluation in §J.1 is dominated by the
largest datasets (GQA: 12,568 samples; POPE:
9,000 samples), which together constitute over
70% of the test set. To check whether BICR’s
advantage holds when each dataset contributes
equally, Table 35 reports per-dataset metrics av-
eraged with equal weight, excluding datasets with
fewer than 100 shared samples per LVLM (LLaVA-
Wild is therefore dropped, leaving six of the seven
datasets in the average for every LVLM). On this
stricter aggregation, BICR achieves the best BS
on every LVLM (five of five), the best ECE on
three of five (LLaVA-NeXT-13B, InternVL3.5-
14B, DeepSeek-VL2), and the best accuracy on
every LVLM (five of five). Discrimination is more
contested in this view: BICR leads on AUCPR and
AUROC for LLaVA-NeXT-13B, P(I Know) takes
both metrics on Qwen3-VL-8B and Gemma-3-27B,
P(True) takes both metrics on DeepSeek-VL2, and
on InternVL3.5-14B P(True) takes AUCPR while
Self-Probing takes AUROC (a known artifact of
inference-only methods’ near-saturated confidence
collapsing into a high-AUC score on the smaller
datasets that dominate the unweighted average;
see §J.6). The shift relative to the pooled view
(§J.1, where BICR led AUCPR and AUROC on ev-
ery LVLM) decomposes into two distinct effects
when we look at the per-dataset breakdown (Ta-
ble 37). BICR’s discrimination lead is largest on
GQA and POPE, the two largest datasets, which
the pooled view amplifies and the equal-weight
view de-emphasizes. On the harder grounding-
bound datasets (GMAI-MMBench, MMMU-Pro,
MME-Finance), the per-LVLM picture is more nu-
anced. On GMAI-MMBench, BICR’s discrimina-

tion gaps to the per-LVLM winner are small (typi-
cally 2–4 AUROC points) while its calibration is
materially better; on MMMU-Pro, P(True) takes
discrimination on several LVLMs, but this reflects
the saturation artifact already discussed in §J.6
(inference-only methods collapse to a near-uniform
high-confidence score that produces accidentally
high AUROC on small datasets) rather than gen-
uine probe-level superiority, and BICR’s calibra-
tion on MMMU-Pro is the best across LVLMs
by a wide margin (cross-LVLM mean ECE 0.149–
0.194 vs. next-best InternalInspector 0.270–0.343).
This is what the unweighted view exposes: BICR’s
strongest contribution on the visually-demanding
datasets is calibration, not discrimination, and the
equal-weight average amplifies these calibration
gains, which is why BICR’s ECE and BS leads grow
under equal weighting (Table 36: ECE gap to Inter-
nalInspector grows from 1.2 to 4.2 points, BS gap
from 1.5 to 3.7) even as discrimination tightens.
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Table 34: Cross-VLM pooled average performance. Each cell is mean ± std of the per-VLM pooled means across
all five LVLMs (equal weight per LVLM). Best per metric in bold.

Method ECE↓ BS↓ ACC↑ F1↑ AUCPR↑ AUROC↑
P(True) 38.0 ±7.0 39.8 ±5.2 52.1 ±4.2 58.6 ±12.8 72.8 ±4.2 55.7 ±2.3
Self-Probing 27.5 ±4.6 29.8 ±4.2 64.5 ±5.1 77.5 ±3.8 77.8 ±2.6 65.6 ±4.1
PE 18.5 ±4.7 26.1 ±2.3 63.0 ±3.9 77.1 ±3.2 69.3 ±5.8 60.0 ±10.8
SAPLMA 12.2 ±4.4 21.3 ±1.7 69.5 ±1.9 79.0 ±2.6 81.6 ±3.5 72.9 ±4.1
PIK 9.3 ±1.3 19.4 ±0.8 69.8 ±1.3 78.3 ±2.9 86.3 ±1.4 76.6 ±1.6
CCPS 15.3 ±7.5 27.1 ±9.3 63.8 ±5.3 72.1 ±9.3 72.8 ±3.8 63.1 ±10.4
II 8.3 ±3.5 19.9 ±1.9 69.0 ±2.6 78.4 ±2.9 84.3 ±2.9 74.8 ±4.1
BICR (Ours) 7.1 ±1.2 18.4 ±0.8 71.5 ±1.5 76.9 ±1.6 87.5 ±1.8 78.6 ±1.9
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Table 35: Unweighted average performance per LVLM. For each seed, metrics are first computed per
dataset, then averaged with equal weight across datasets with at least 100 shared samples. The reported
value is mean ± std of these unweighted averages across 5 seeds. Best per LVLM per metric in bold.

Method ECE↓ BS↓ ACC↑ F1↑ AUCPR↑ AUROC↑
Qwen/Qwen3-VL-8B-Instruct (6 datasets)

P(True) 48.4 48.0 50.3 61.3 70.5 65.7
Self-Probing 36.2 38.3 58.5 67.8 65.7 59.0
PE 35.8 37.8 52.8 66.4 54.5 53.0
SAPLMA 20.6 ±3.1 26.2 ±1.7 63.1 ±1.0 72.5 ±0.3 73.8 ±0.3 69.6 ±0.5
PIK 17.9 ±2.2 24.2 ±1.3 62.6 ±1.0 71.7 ±0.7 75.3 ±1.1 71.7 ±1.0
CCPS 35.7 ±5.1 48.5 ±9.8 50.9 ±9.7 51.7 ±22.3 64.8 ±3.0 49.7 ±5.1
II 9.8 ±2.0 20.8 ±0.4 65.7 ±1.7 71.4 ±1.3 73.7 ±1.2 70.2 ±1.3
BICR (Ours) 10.8 ±0.5 20.6 ±0.1 67.7 ±0.4 63.8 ±1.0 74.8 ±0.5 71.3 ±0.5

llava-hf/llava-v1.6-vicuna-13b-hf (6 datasets)
P(True) 26.6 25.1 58.2 33.8 50.0 63.2
Self-Probing 45.7 44.6 47.3 55.1 50.2 54.4
PE 35.7 33.4 41.7 53.9 46.4 55.8
SAPLMA 32.7 ±3.3 32.4 ±2.4 51.7 ±2.3 57.3 ±0.2 54.2 ±0.5 64.1 ±0.3
PIK 26.7 ±5.9 27.6 ±4.3 56.1 ±6.7 56.5 ±0.2 58.4 ±0.4 68.5 ±0.7
CCPS 35.3 ±1.0 35.5 ±0.7 48.9 ±0.9 56.7 ±0.2 58.8 ±0.2 65.7 ±0.2
II 30.8 ±2.3 31.7 ±1.6 47.6 ±3.1 55.6 ±0.7 47.0 ±0.5 55.4 ±0.8
BICR (Ours) 19.4 ±5.8 22.5 ±3.2 64.4 ±5.8 55.6 ±1.1 59.3 ±0.3 69.4 ±0.3

OpenGVLab/InternVL3_5-14B-HF (6 datasets)
P(True) 42.4 41.9 55.9 63.9 71.5 68.9
Self-Probing 33.8 33.7 56.3 67.0 64.1 70.7
PE 35.3 38.0 52.4 65.8 56.9 54.5
SAPLMA 26.5 ±1.2 30.5 ±0.7 60.9 ±0.6 70.7 ±0.3 63.7 ±0.6 64.5 ±0.5
PIK 25.0 ±2.4 29.1 ±1.7 58.6 ±0.9 69.5 ±0.3 68.9 ±1.4 68.9 ±1.0
CCPS 30.0 ±1.2 34.2 ±0.9 55.3 ±0.1 68.3 ±0.1 60.9 ±0.7 56.9 ±0.8
II 22.6 ±6.6 29.4 ±3.8 57.2 ±1.0 68.7 ±1.3 62.2 ±1.6 59.9 ±1.8
BICR (Ours) 16.2 ±0.3 23.3 ±0.2 63.3 ±0.3 66.5 ±0.9 68.7 ±0.2 69.0 ±0.2

deepseek-ai/deepseek-vl2 (6 datasets)
P(True) 43.0 39.1 40.0 44.2 52.4 65.2
Self-Probing 50.4 49.8 39.1 49.9 51.3 52.6
PE 31.9 28.3 42.9 50.3 50.1 63.1
SAPLMA 23.7 ±4.1 27.2 ±2.6 59.8 ±3.1 53.0 ±0.6 48.2 ±0.5 64.7 ±1.1
PIK 19.4 ±1.1 23.3 ±0.9 59.7 ±2.2 47.9 ±1.7 49.5 ±0.3 61.9 ±0.7
CCPS 21.8 ±3.5 23.9 ±2.3 59.1 ±6.9 50.4 ±1.7 46.5 ±1.0 62.5 ±1.5
II 15.3 ±4.2 20.6 ±2.0 66.7 ±5.3 47.0 ±6.0 50.0 ±1.1 65.0 ±0.7
BICR (Ours) 11.3 ±1.1 18.4 ±0.7 74.1 ±2.2 40.0 ±1.9 49.5 ±0.3 62.4 ±0.3

google/gemma-3-27b-it (6 datasets)
P(True) 44.9 45.0 53.8 60.6 63.8 64.9
Self-Probing 34.1 35.2 55.4 64.8 60.8 62.2
PE 39.1 40.2 49.4 64.2 52.5 55.1
SAPLMA 11.1 ±1.2 22.6 ±0.4 62.7 ±1.1 64.9 ±1.8 65.7 ±0.3 65.4 ±0.3
PIK 17.3 ±2.2 24.2 ±1.3 60.2 ±2.0 69.0 ±0.5 72.2 ±0.9 71.0 ±0.9
CCPS 20.9 ±3.3 29.4 ±2.6 58.5 ±1.7 63.2 ±1.6 61.8 ±1.1 61.0 ±1.1

(Continued on next page)
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(Continued from previous page)

Method ECE↓ BS↓ ACC↑ F1↑ AUCPR↑ AUROC↑
II 11.3 ±5.0 23.0 ±1.8 60.5 ±3.3 65.4 ±2.8 64.5 ±1.7 64.7 ±1.3
BICR (Ours) 11.5 ±1.2 22.1 ±0.3 64.4 ±1.4 63.7 ±1.6 69.0 ±1.1 68.3 ±0.7
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J.4 Cross-LVLM Unweighted Average

Table 36 averages the per-LVLM unweighted met-
rics from Table 35 across all five LVLMs, giving
equal weight to each LVLM architecture and each
source dataset. BICR achieves the best calibration
(ECE 13.8 vs. next-best II 18.0; BS 21.4 vs. next-
best II 25.1) and the best accuracy (66.8 vs. next-
best SAPLMA 59.6) by substantial margins. On
discrimination, P(I Know) narrowly edges BICR
on AUROC (68.4 vs. 68.1) and AUCPR (64.8 vs.
64.2), with both gaps under one point and well
within the across-LVLM standard deviations of ei-
ther method. The trade-off this view exposes is
informative: P(I Know) reaches comparable dis-
crimination to BICR but at a substantially worse
calibration cost (ECE 21.3 vs. 13.8, a 7.5-point
gap; BS 25.7 vs. 21.4, a 4.3-point gap), so the
methods that compete with BICR on discrimination
do so by being meaningfully more miscalibrated.
SAPLMA leads F1 (63.7 vs. BICR 57.9). The head-
line takeaway from the unweighted view: even
when the equal-weight aggregation strips out the
dominance of the largest datasets, BICR retains a
clear calibration and accuracy advantage and stays
within sub-point distance of the strongest baseline
on discrimination, while no baseline matches BICR
on both axes at once.

J.5 Per-LVLM Per-Dataset Breakdown

Table 37 provides the full per-dataset breakdown
for each LVLM. Within each LVLM block, results
are grouped by dataset, with methods as rows and
metrics as columns. The test set comprises seven
source datasets: GQA (visual question answer-
ing), GMAI-MMBench (medical imaging), POPE
(object hallucination detection), MME-Finance (fi-
nancial document understanding), MMMU_Pro 4-
option and 10-option (multi-choice reasoning), and
LLaVA-Wild (open-ended visual dialogue).

The headline pattern is on the multi-choice rea-
soning datasets where visual grounding is the bot-
tleneck. On MMMU_Pro 10-option BICR wins
ECE on four of five LVLMs and accuracy on four
of five (with the remaining LVLM on each met-
ric a comfortable second), and the accuracy gap
on DeepSeek-VL2 is striking (BICR 84.1 vs. next-
best InternalInspector 64.2). On DeepSeek-VL2
specifically, MMMU_Pro 4-opt and 10-opt are ex-
treme low-base-rate regimes (correctness rates of
∼11–19%) where BICR’s ACC advantage comes
from the probe correctly assigning low confidence

to the dominant incorrect class; the correspond-
ing AUROC values fall below 0.5 in these cells,
indicating that the score’s ranking direction is un-
reliable on the (very few) correct samples even
though the calibration gain to incorrect samples is
large. We retain the bolding for ACC and ECE
on these cells but caution against reading them as
joint discrimination wins. MMMU_Pro 4-option
shows the same pattern with slightly narrower mar-
gins. GMAI-MMBench is more mixed: BICR
leads accuracy on four of five LVLMs and ECE
on two of five (InternVL and Gemma), but the
per-LVLM picture is informative. On Qwen and
Gemma, P(I Know) takes both discrimination met-
rics (AUCPR/AUROC), and on DeepSeek Prompt
Ensembles takes both, but in each of these cases the
discrimination winner pays a sizable ECE cost rel-
ative to BICR: on Gemma, P(I Know) leads on dis-
crimination at ECE 26.2 while BICR sits at compa-
rable discrimination with ECE 11.5; on InternVL,
P(True) leads on discrimination (AUCPR 77.8, AU-
ROC 68.7) at ECE 36.8 while BICR reaches com-
parable AUCPR 75.1 and AUROC 64.6 at ECE
11.3 and BS 24.2 (best on both); on LLaVA, CCPS
leads discrimination (AUCPR 48.5, AUROC 63.6)
at ECE 30.5, while P(I Know) and BICR achieve
nearly identical discrimination (AUCPR 47.7–47.8,
AUROC 61.1–61.2) but BICR’s ECE (18.2) is mate-
rially better than P(I Know)’s (28.5). On the larger
near-saturated datasets (GQA, POPE), BICR is com-
petitive but not dominant: P(I Know), SAPLMA,
and InternalInspector share calibration leadership
on GQA; on POPE BICR matches P(I Know)
on AUCPR/AUROC across most LVLMs while
P(I Know) and InternalInspector edge calibration.
F1 is unfavorable to BICR on several cells be-
cause the threshold-based metric rewards the high-
recall regime that inference-only baselines and
SAPLMA tend to occupy on imbalanced datasets;
the threshold-free discrimination metrics (AUCPR,
AUROC) tell a more consistent story across all
settings.
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Table 36: Cross-VLM unweighted average performance. Each cell is mean ± std of the per-VLM unweighted
means across all five LVLMs (equal weight per LVLM and per dataset). Best per metric in bold.

Method ECE↓ BS↓ ACC↑ F1↑ AUCPR↑ AUROC↑
P(True) 41.1 ±7.5 39.8 ±7.9 51.7 ±6.4 52.8 ±11.8 61.6 ±9.0 65.6 ±1.9
Self-Probing 40.0 ±6.7 40.3 ±6.0 51.3 ±7.2 60.9 ±7.2 58.4 ±6.5 59.8 ±6.4
PE 35.6 ±2.3 35.5 ±4.2 47.9 ±4.7 60.1 ±6.7 52.1 ±3.6 56.3 ±3.5
SAPLMA 22.9 ±7.1 27.8 ±3.4 59.6 ±4.1 63.7 ±7.5 61.1 ±9.0 65.7 ±2.0
PIK 21.3 ±3.8 25.7 ±2.2 59.4 ±2.1 62.9 ±9.2 64.8 ±9.6 68.4 ±3.5
CCPS 28.7 ±6.4 34.3 ±8.2 54.5 ±4.0 58.1 ±6.8 58.5 ±6.3 59.2 ±5.5
II 18.0 ±7.8 25.1 ±4.6 59.5 ±6.9 61.6 ±9.0 59.5 ±9.8 63.0 ±5.0
BICR (Ours) 13.8 ±3.4 21.4 ±1.7 66.8 ±3.9 57.9 ±9.7 64.2 ±8.9 68.1 ±3.0
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Table 37: Per-VLM per-dataset performance. Each block shows one LVLM with datasets as subgroups.
For trained methods, each cell is mean ± std across 5 seeds (50 Optuna trials each). Best value per dataset
per metric in bold.

Method ECE↓ BS↓ ACC↑ F1↑ AUCPR↑ AUROC↑
Qwen/Qwen3-VL-8B-Instruct

GMAI-MMBench
P(True) 45.8 45.7 54.0 69.6 68.7 60.6
Self-Probing 33.9 37.6 54.4 68.6 56.7 61.3
PE 31.4 34.7 53.0 69.2 56.2 53.6
SAPLMA 34.2 ±4.2 36.2 ±2.7 53.3 ±0.3 69.3 ±0.1 63.8 ±0.6 59.6 ±0.5
PIK 15.4 ±4.1 24.9 ±1.2 56.9 ±2.7 68.0 ±0.8 73.2 ±1.2 68.4 ±1.0
CCPS 34.6 ±16.8 48.8 ±2.3 50.1 ±2.1 47.0 ±25.1 57.0 ±7.0 50.5 ±2.6
II 10.7 ±4.4 24.6 ±1.0 57.4 ±1.9 67.9 ±1.6 68.0 ±1.9 65.1 ±1.9
BICR (Ours) 13.3 ±5.3 25.3 ±1.3 59.5 ±1.0 50.1 ±7.4 70.1 ±1.4 64.7 ±1.6

GQA
P(True) 36.1 36.6 61.7 73.2 79.4 60.9
Self-Probing 23.6 27.6 70.1 81.7 76.1 54.5
PE 18.1 24.5 69.0 81.6 73.0 54.8
SAPLMA 3.7 ±1.6 16.3 ±0.2 75.6 ±0.5 83.7 ±0.4 89.3 ±0.2 79.9 ±0.3
PIK 5.7 ±1.4 17.5 ±0.3 73.0 ±0.8 80.5 ±1.2 88.7 ±0.5 78.1 ±0.5
CCPS 20.8 ±10.4 44.5 ±18.0 54.9 ±17.9 52.1 ±36.2 71.8 ±4.9 51.6 ±3.2
II 3.6 ±1.0 17.5 ±0.2 73.3 ±0.4 82.2 ±0.2 88.4 ±0.3 77.1 ±0.5
BICR (Ours) 11.7 ±1.3 18.6 ±0.4 70.6 ±0.8 76.5 ±1.1 89.2 ±0.2 78.6 ±0.3

LLaVA-Wild
P(True) 32.8 31.5 67.9 71.9 85.9 82.8
Self-Probing 45.0 44.5 51.8 65.8 57.8 55.3
PE 38.6 39.8 46.4 63.4 52.3 57.8
SAPLMA 17.2 ±5.5 23.6 ±1.9 62.9 ±3.1 48.3 ±5.7 69.6 ±2.1 66.1 ±2.8
PIK 17.3 ±1.9 21.0 ±1.3 65.7 ±7.9 61.4 ±4.5 76.2 ±2.9 70.9 ±3.7
CCPS 38.1 ±20.0 50.3 ±10.4 48.9 ±10.0 42.1 ±22.9 52.7 ±13.1 45.8 ±15.5
II 12.8 ±4.3 20.6 ±1.1 70.4 ±1.8 67.3 ±3.1 73.9 ±6.1 73.6 ±3.3
BICR (Ours) 18.0 ±2.6 21.6 ±1.4 70.0 ±2.6 54.3 ±4.3 79.8 ±2.8 77.9 ±3.6

MME-Finance
P(True) 44.3 43.7 54.4 69.2 82.7 79.6
Self-Probing 43.7 43.8 54.6 69.3 74.8 59.1
PE 40.4 40.9 51.6 68.1 59.0 57.9
SAPLMA 10.0 ±4.0 21.4 ±1.0 67.7 ±1.5 68.7 ±1.3 78.0 ±0.4 74.2 ±0.6
PIK 16.4 ±3.9 24.8 ±1.3 63.7 ±0.9 68.5 ±3.0 72.0 ±1.4 71.0 ±1.4
CCPS 32.8 ±14.3 46.4 ±7.0 52.8 ±6.8 47.3 ±26.2 58.2 ±8.9 51.9 ±9.9
II 6.7 ±2.2 22.9 ±0.9 62.1 ±2.3 64.9 ±4.4 69.3 ±2.7 68.0 ±3.0
BICR (Ours) 13.7 ±5.1 24.3 ±1.3 62.5 ±1.8 55.7 ±7.5 69.9 ±0.9 70.1 ±1.0

MMMU_Pro_10
P(True) 60.4 59.1 37.9 42.2 46.3 68.6
Self-Probing 57.1 57.9 38.8 42.2 42.4 52.9
PE 65.0 61.1 23.9 38.6 19.9 42.5
SAPLMA 40.1 ±4.8 39.8 ±3.5 43.2 ±2.6 55.2 ±0.2 52.1 ±0.4 61.4 ±0.4
PIK 41.5 ±4.8 40.0 ±4.3 41.3 ±1.7 54.7 ±0.2 56.5 ±2.6 65.8 ±2.1
CCPS 53.1 ±5.8 57.9 ±3.4 41.5 ±3.1 50.0 ±2.2 54.3 ±5.1 49.5 ±1.7

(Continued on next page)
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(Continued from previous page)

Method ECE↓ BS↓ ACC↑ F1↑ AUCPR↑ AUROC↑
II 19.7 ±3.9 25.5 ±1.5 56.8 ±5.5 56.2 ±0.9 56.2 ±3.0 67.2 ±1.5
BICR (Ours) 12.5 ±2.9 23.1 ±1.0 63.2 ±2.8 53.5 ±1.5 57.5 ±0.9 66.5 ±0.8

MMMU_Pro_4
P(True) 54.2 53.1 44.1 50.9 53.0 69.0
Self-Probing 51.0 52.6 44.4 50.8 48.9 54.3
PE 58.3 55.9 30.7 47.0 25.7 42.0
SAPLMA 32.0 ±5.1 34.7 ±3.0 50.2 ±1.7 64.3 ±0.3 63.6 ±0.2 62.9 ±0.1
PIK 25.5 ±4.5 30.1 ±2.4 51.8 ±2.0 64.2 ±0.6 65.2 ±2.4 65.8 ±1.9
CCPS 44.3 ±4.8 51.2 ±1.3 48.1 ±1.1 57.6 ±3.7 60.6 ±4.8 49.9 ±0.9
II 15.0 ±3.7 25.4 ±1.0 55.7 ±2.9 63.1 ±1.8 64.7 ±2.1 65.9 ±1.6
BICR (Ours) 6.3 ±1.2 23.3 ±0.4 63.1 ±1.0 54.0 ±2.1 65.5 ±1.2 66.3 ±1.0

POPE
P(True) 49.6 49.5 50.1 62.4 93.0 55.4
Self-Probing 7.7 10.2 88.6 94.0 95.6 72.0
PE 1.4 9.8 88.7 94.0 93.0 67.2
SAPLMA 3.7 ±1.5 8.7 ±0.3 88.7 ±0.1 94.0 ±0.0 96.0 ±0.4 79.7 ±2.2
PIK 2.8 ±0.7 8.2 ±0.2 88.9 ±0.5 94.0 ±0.3 96.3 ±0.2 81.2 ±1.1
CCPS 28.8 ±22.3 42.2 ±37.9 57.7 ±37.9 56.4 ±46.0 86.9 ±7.4 44.7 ±24.6
II 3.1 ±0.8 8.7 ±0.3 88.6 ±0.1 93.9 ±0.1 95.5 ±0.8 78.0 ±3.5
BICR (Ours) 7.5 ±1.0 9.1 ±0.2 87.4 ±0.4 92.9 ±0.2 96.4 ±0.2 81.6 ±0.5

llava-hf/llava-v1.6-vicuna-13b-hf

GMAI-MMBench
P(True) 11.1 24.2 59.1 18.5 33.7 49.2
Self-Probing 47.2 47.2 38.1 52.1 29.0 49.5
PE 34.6 35.0 35.3 52.2 34.5 48.3
SAPLMA 43.4 ±4.8 43.5 ±3.7 38.0 ±1.3 51.8 ±0.6 36.9 ±0.6 52.1 ±0.6
PIK 28.5 ±9.8 32.0 ±5.3 47.7 ±8.3 50.9 ±1.4 47.8 ±0.4 61.1 ±0.5
CCPS 30.5 ±2.1 31.2 ±1.3 45.9 ±2.8 53.8 ±0.4 48.5 ±0.3 63.6 ±0.1
II 33.2 ±4.0 35.5 ±1.9 39.0 ±3.2 50.3 ±2.0 36.8 ±1.2 51.6 ±1.3
BICR (Ours) 18.2 ±7.5 26.7 ±3.1 56.9 ±5.9 46.0 ±6.8 47.7 ±0.7 61.2 ±0.6

GQA
P(True) 37.2 35.2 36.4 22.8 75.0 55.8
Self-Probing 23.4 26.3 70.8 82.7 79.9 55.2
PE 6.9 20.8 70.4 82.6 78.1 59.9
SAPLMA 6.2 ±2.0 17.9 ±0.3 73.8 ±0.3 83.4 ±0.2 87.4 ±0.4 75.0 ±0.5
PIK 6.7 ±1.2 18.2 ±0.3 71.5 ±0.7 79.8 ±0.9 88.4 ±0.1 75.5 ±0.2
CCPS 5.9 ±0.8 17.6 ±0.1 73.7 ±0.1 83.4 ±0.1 88.5 ±0.0 76.1 ±0.0
II 5.1 ±1.1 19.3 ±0.2 71.1 ±0.5 82.0 ±0.7 83.3 ±0.3 68.5 ±0.7
BICR (Ours) 10.5 ±2.5 19.0 ±0.6 69.3 ±1.3 76.6 ±1.8 88.4 ±0.1 75.8 ±0.2

LLaVA-Wild
P(True) 8.8 18.4 73.3 42.9 53.9 71.8
Self-Probing 57.8 54.9 33.3 47.4 42.0 51.1
PE 43.4 38.5 30.0 46.2 51.6 72.4
SAPLMA 32.1 ±2.7 31.6 ±1.9 55.0 ±3.7 53.5 ±3.1 35.5 ±1.3 63.8 ±2.2
PIK 37.5 ±1.7 37.0 ±1.3 45.7 ±2.3 45.4 ±1.1 47.7 ±3.3 58.2 ±1.2
CCPS 43.4 ±0.7 39.9 ±0.9 39.7 ±1.2 46.9 ±0.5 43.1 ±1.8 64.2 ±1.7
II 38.6 ±5.1 36.3 ±3.6 37.0 ±4.8 44.9 ±2.9 37.3 ±5.1 54.5 ±3.3
BICR (Ours) 31.1 ±6.0 30.3 ±4.0 54.0 ±9.0 47.8 ±5.2 48.8 ±3.8 60.6 ±2.8

MME-Finance
P(True) 15.6 18.2 76.3 35.9 37.6 68.0
Self-Probing 70.0 66.1 23.0 36.0 40.4 58.9
PE 52.3 43.9 21.7 35.7 32.3 59.1
SAPLMA 40.4 ±5.3 34.8 ±4.1 39.9 ±5.6 37.0 ±1.4 31.8 ±1.1 60.9 ±1.7
PIK 45.9 ±2.8 39.2 ±2.4 37.7 ±4.5 37.8 ±0.7 38.5 ±1.0 66.1 ±1.0
CCPS 59.4 ±0.7 53.2 ±0.7 23.9 ±0.3 35.0 ±0.4 35.6 ±1.1 60.2 ±0.5
II 48.7 ±3.5 42.7 ±2.7 28.1 ±5.0 34.9 ±1.1 22.7 ±0.8 50.9 ±0.4
BICR (Ours) 36.5 ±7.2 31.0 ±5.9 49.4 ±8.0 40.8 ±2.1 41.8 ±1.4 69.2 ±0.8

MMMU_Pro_10
P(True) 25.2 19.6 68.0 34.5 24.9 68.0
Self-Probing 62.9 59.2 30.5 30.4 28.0 56.0
PE 56.6 45.4 15.8 27.3 19.8 54.2
SAPLMA 54.9 ±4.2 46.4 ±4.0 31.3 ±4.6 33.1 ±0.8 33.8 ±1.2 67.0 ±0.6
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Method ECE↓ BS↓ ACC↑ F1↑ AUCPR↑ AUROC↑
PIK 39.6 ±12.8 33.2 ±10.7 46.8 ±16.8 33.4 ±1.7 34.6 ±0.8 63.0 ±1.4
CCPS 58.8 ±1.6 53.1 ±1.5 28.1 ±1.4 31.2 ±0.3 37.3 ±0.3 55.1 ±0.3
II 51.1 ±3.5 42.7 ±3.1 26.2 ±6.2 30.8 ±0.8 20.0 ±1.0 52.7 ±1.6
BICR (Ours) 25.5 ±11.9 23.3 ±6.2 64.1 ±12.8 34.3 ±1.1 35.8 ±0.3 64.4 ±0.7

MMMU_Pro_4
P(True) 22.2 19.2 69.8 41.8 34.7 70.9
Self-Probing 59.7 56.6 33.7 35.6 30.2 56.5
PE 53.6 44.1 18.9 31.7 21.2 51.4
SAPLMA 45.4 ±4.3 41.1 ±3.2 39.4 ±4.0 45.1 ±0.6 42.3 ±0.8 65.1 ±0.5
PIK 36.6 ±10.9 34.6 ±8.4 44.7 ±11.7 43.7 ±1.0 44.5 ±0.8 62.7 ±1.3
CCPS 51.7 ±1.5 48.4 ±1.1 34.2 ±1.7 43.4 ±0.4 46.2 ±0.4 57.5 ±0.3
II 42.1 ±3.7 39.3 ±2.6 33.0 ±4.6 41.9 ±0.8 28.5 ±1.7 51.9 ±1.8
BICR (Ours) 23.0 ±10.2 26.0 ±4.7 59.0 ±9.6 42.5 ±2.0 45.4 ±0.2 63.7 ±0.6

POPE
P(True) 48.3 34.1 39.8 49.2 94.2 67.1
Self-Probing 10.9 12.0 87.9 93.6 93.8 50.7
PE 10.4 11.2 88.4 93.8 92.3 61.9
SAPLMA 5.9 ±1.7 10.5 ±0.3 88.0 ±0.4 93.6 ±0.2 92.9 ±0.3 64.7 ±0.8
PIK 2.9 ±1.4 8.7 ±0.4 88.2 ±0.1 93.7 ±0.1 96.7 ±0.2 82.4 ±1.3
CCPS 5.5 ±0.3 9.2 ±0.1 87.9 ±0.3 93.5 ±0.2 96.6 ±0.0 81.6 ±0.3
II 4.5 ±1.3 10.6 ±0.3 88.2 ±0.2 93.7 ±0.1 90.7 ±0.8 56.9 ±3.1
BICR (Ours) 2.4 ±1.0 8.8 ±0.1 87.6 ±0.4 93.3 ±0.3 96.6 ±0.1 81.9 ±0.4

OpenGVLab/InternVL3_5-14B-HF

GMAI-MMBench
P(True) 36.8 37.0 60.5 74.8 77.8 68.7
Self-Probing 26.6 29.8 60.1 75.0 67.3 65.7
PE 23.8 29.4 60.0 75.0 64.9 56.7
SAPLMA 32.2 ±1.5 34.6 ±0.9 60.0 ±0.2 74.6 ±0.3 64.9 ±0.4 55.3 ±0.4
PIK 21.7 ±3.2 27.3 ±1.4 60.5 ±0.6 74.3 ±0.3 76.4 ±0.5 66.8 ±0.4
CCPS 28.7 ±1.4 33.4 ±0.7 57.4 ±0.4 71.6 ±0.5 56.9 ±2.3 46.4 ±2.3
II 17.5 ±10.2 27.8 ±3.4 59.4 ±1.9 72.2 ±3.8 65.9 ±4.1 57.4 ±5.0
BICR (Ours) 11.3 ±1.5 24.2 ±0.2 61.0 ±0.5 68.9 ±1.4 75.1 ±0.4 64.6 ±0.4

GQA
P(True) 35.9 36.3 62.5 74.9 75.9 58.9
Self-Probing 21.6 25.8 68.3 81.1 71.3 60.3
PE 13.9 23.4 68.4 81.2 73.6 55.4
SAPLMA 11.9 ±1.4 21.8 ±0.4 69.4 ±0.3 80.0 ±0.4 79.3 ±0.6 67.4 ±0.6
PIK 4.8 ±1.1 18.0 ±0.2 72.1 ±0.4 80.0 ±0.5 87.8 ±0.3 76.5 ±0.5
CCPS 6.8 ±1.8 20.2 ±0.3 69.5 ±0.3 80.8 ±0.3 82.5 ±0.3 69.1 ±0.6
II 6.1 ±3.2 19.2 ±0.5 70.4 ±1.1 81.0 ±0.7 85.3 ±1.0 72.8 ±1.7
BICR (Ours) 11.1 ±3.9 19.4 ±1.1 69.4 ±1.9 75.5 ±2.8 88.1 ±0.1 77.1 ±0.1

LLaVA-Wild
P(True) 62.3 60.8 36.7 42.4 49.2 75.1
Self-Probing 65.2 60.7 25.0 40.0 59.6 65.9
PE 57.8 52.0 25.0 40.0 30.6 57.5
SAPLMA 49.5 ±2.8 46.6 ±2.4 43.7 ±2.2 45.7 ±1.3 32.3 ±2.9 61.2 ±1.9
PIK 46.0 ±3.5 40.4 ±3.4 35.0 ±3.5 39.7 ±1.2 32.4 ±4.2 57.6 ±5.1
CCPS 49.1 ±1.9 43.4 ±2.3 31.3 ±1.9 38.7 ±1.8 38.7 ±2.7 58.2 ±4.1
II 43.0 ±9.6 37.7 ±9.3 34.7 ±12.6 40.3 ±5.6 36.6 ±8.8 60.9 ±7.0
BICR (Ours) 36.1 ±2.8 32.9 ±2.2 44.7 ±4.1 39.9 ±1.4 34.5 ±3.4 54.0 ±3.6

MME-Finance
P(True) 38.7 37.5 59.0 71.4 83.4 81.8
Self-Probing 40.6 39.4 51.8 68.1 78.3 75.8
PE 38.8 38.7 51.6 68.0 73.2 69.4
SAPLMA 21.9 ±1.3 28.2 ±0.7 59.1 ±0.9 69.6 ±0.7 63.1 ±0.8 65.9 ±0.4
PIK 29.1 ±3.4 30.7 ±2.4 55.1 ±2.4 69.2 ±0.9 67.4 ±1.9 70.3 ±1.2
CCPS 34.7 ±1.2 36.0 ±0.8 52.6 ±0.4 68.3 ±0.2 67.1 ±1.4 64.5 ±1.0
II 16.5 ±8.1 27.8 ±3.7 55.4 ±2.9 66.9 ±1.9 61.1 ±2.9 59.5 ±3.2
BICR (Ours) 14.5 ±1.9 24.8 ±0.7 61.2 ±1.4 69.7 ±0.4 64.5 ±0.7 67.8 ±0.8

MMMU_Pro_10
P(True) 48.7 47.2 49.9 45.3 46.2 74.7
Self-Probing 55.9 50.6 33.0 39.6 32.0 67.4
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Method ECE↓ BS↓ ACC↑ F1↑ AUCPR↑ AUROC↑
PE 67.6 63.8 22.5 36.7 18.4 41.9
SAPLMA 47.2 ±2.0 45.9 ±1.8 43.1 ±1.8 50.5 ±0.5 36.5 ±1.2 60.4 ±1.1
PIK 49.3 ±4.4 47.7 ±4.3 35.3 ±2.1 47.1 ±0.4 40.3 ±4.1 56.7 ±3.1
CCPS 56.1 ±2.2 53.5 ±2.4 31.3 ±0.2 46.5 ±0.2 33.0 ±1.3 52.3 ±0.9
II 46.5 ±9.5 46.4 ±8.3 33.4 ±3.1 46.0 ±2.1 29.3 ±5.4 44.9 ±7.2
BICR (Ours) 28.5 ±1.3 31.3 ±0.8 50.1 ±1.4 46.5 ±0.4 42.3 ±0.7 59.3 ±0.5

MMMU_Pro_4
P(True) 44.6 43.5 53.7 51.6 55.9 77.6
Self-Probing 51.9 47.2 37.2 45.2 38.6 70.3
PE 63.6 60.6 26.4 41.7 21.7 41.3
SAPLMA 40.4 ±2.0 41.3 ±1.6 48.7 ±1.5 57.4 ±0.6 43.8 ±1.6 60.2 ±1.4
PIK 39.9 ±4.4 41.7 ±3.5 41.5 ±1.5 53.9 ±0.9 43.6 ±3.4 53.8 ±3.4
CCPS 51.0 ±2.1 49.7 ±1.9 35.4 ±0.1 50.5 ±0.2 35.3 ±1.1 45.0 ±1.3
II 41.1 ±8.7 43.0 ±7.1 39.3 ±2.0 54.2 ±1.1 36.3 ±4.9 46.1 ±6.6
BICR (Ours) 19.9 ±1.5 29.0 ±0.6 54.2 ±1.5 48.6 ±0.9 44.2 ±0.9 55.7 ±0.8

POPE
P(True) 49.7 49.6 50.1 65.7 90.1 51.7
Self-Probing 6.2 9.7 87.3 93.1 96.9 84.8
PE 4.0 12.4 85.4 92.1 89.7 62.2
SAPLMA 5.5 ±1.4 11.1 ±0.2 85.1 ±0.3 91.8 ±0.1 94.3 ±0.4 78.0 ±1.1
PIK 5.0 ±2.4 9.0 ±0.8 87.2 ±1.4 92.6 ±0.8 97.9 ±0.1 89.4 ±0.5
CCPS 2.6 ±1.0 12.1 ±0.2 85.4 ±0.0 92.1 ±0.0 90.4 ±0.7 64.1 ±2.1
II 8.0 ±3.1 11.8 ±1.1 85.4 ±0.1 92.1 ±0.1 95.1 ±0.9 78.9 ±3.6
BICR (Ours) 12.1 ±1.4 11.0 ±0.6 83.8 ±1.0 89.9 ±0.7 97.9 ±0.0 89.6 ±0.1

deepseek-ai/deepseek-vl2

GMAI-MMBench
P(True) 35.5 36.1 41.3 54.3 41.4 57.6
Self-Probing 49.3 49.9 37.3 54.0 42.1 49.6
PE 33.8 33.8 37.7 53.9 49.2 61.5
SAPLMA 33.4 ±5.4 36.2 ±3.4 47.1 ±2.8 54.4 ±0.2 42.4 ±1.4 58.4 ±0.9
PIK 8.7 ±2.2 23.7 ±0.5 60.8 ±2.4 37.1 ±6.9 45.0 ±1.3 58.2 ±1.0
CCPS 23.7 ±5.0 30.2 ±2.3 44.9 ±3.3 51.4 ±1.8 38.2 ±0.5 52.5 ±0.6
II 13.0 ±6.7 25.7 ±2.4 55.7 ±5.5 38.5 ±11.5 42.3 ±2.8 55.0 ±2.8
BICR (Ours) 18.1 ±3.7 26.3 ±1.1 63.8 ±0.2 13.2 ±5.5 46.2 ±0.7 59.7 ±0.7

GQA
P(True) 17.8 28.4 56.6 63.2 63.9 58.8
Self-Probing 33.2 38.1 54.3 69.9 65.0 54.0
PE 18.0 26.9 53.8 69.9 66.2 63.6
SAPLMA 6.8 ±4.3 20.7 ±0.8 68.0 ±0.8 72.7 ±1.0 77.6 ±0.4 75.5 ±0.2
PIK 4.3 ±0.5 20.8 ±0.1 67.7 ±0.3 70.1 ±0.7 77.1 ±0.5 74.1 ±0.3
CCPS 7.0 ±2.9 24.4 ±0.6 57.3 ±1.0 66.0 ±2.6 65.3 ±0.3 61.6 ±0.4
II 6.3 ±1.6 21.9 ±0.2 64.9 ±0.6 69.1 ±1.5 75.0 ±0.4 71.4 ±0.4
BICR (Ours) 5.9 ±0.5 20.9 ±0.1 67.7 ±0.2 69.5 ±0.5 77.4 ±0.2 74.4 ±0.2

LLaVA-Wild
P(True) 39.1 35.3 48.3 41.5 48.6 60.1
Self-Probing 61.5 62.2 25.0 40.0 40.6 47.5
PE 31.0 26.7 38.3 41.3 52.6 60.9
SAPLMA 34.2 ±5.3 32.3 ±4.1 51.0 ±6.1 32.4 ±2.1 37.6 ±3.0 51.4 ±1.8
PIK 35.5 ±4.0 32.8 ±3.0 43.7 ±5.3 34.7 ±1.2 25.0 ±1.1 46.2 ±2.1
CCPS 17.1 ±3.9 24.3 ±1.4 60.3 ±5.1 24.3 ±6.0 27.4 ±2.2 50.3 ±2.6
II 18.9 ±7.6 23.5 ±3.6 62.0 ±9.0 32.7 ±5.2 36.7 ±8.4 56.4 ±8.9
BICR (Ours) 28.9 ±4.3 27.2 ±1.7 58.0 ±2.7 37.6 ±1.4 34.7 ±4.0 52.8 ±1.7

MME-Finance
P(True) 44.9 39.1 34.3 47.3 55.3 70.6
Self-Probing 59.8 59.3 30.9 45.9 50.1 52.7
PE 35.2 29.6 36.8 48.0 66.0 76.8
SAPLMA 26.5 ±3.5 28.1 ±2.5 54.4 ±2.8 50.3 ±0.7 46.0 ±0.9 66.9 ±0.9
PIK 18.3 ±1.2 22.2 ±0.7 65.8 ±1.6 52.3 ±1.8 52.0 ±2.1 70.1 ±2.0
CCPS 16.4 ±3.2 25.3 ±1.5 56.9 ±4.9 31.7 ±5.7 30.2 ±0.9 50.3 ±1.9
II 12.6 ±6.6 22.1 ±1.4 65.7 ±3.5 39.9 ±11.0 43.2 ±2.2 64.8 ±3.1
BICR (Ours) 10.5 ±1.5 21.3 ±0.6 67.5 ±2.0 43.5 ±2.6 45.5 ±1.0 65.4 ±0.4

MMMU_Pro_10
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Method ECE↓ BS↓ ACC↑ F1↑ AUCPR↑ AUROC↑
P(True) 57.4 42.0 27.2 17.7 28.2 74.4
Self-Probing 74.6 68.9 12.7 16.4 27.8 52.8
PE 49.6 33.2 21.7 16.8 11.3 54.7
SAPLMA 37.7 ±6.3 33.6 ±5.4 51.9 ±7.1 17.9 ±1.5 9.8 ±0.6 49.9 ±3.0
PIK 43.1 ±2.2 31.0 ±2.4 40.4 ±5.8 13.2 ±1.7 9.0 ±0.3 40.2 ±1.9
CCPS 38.9 ±6.9 25.6 ±5.7 55.2 ±17.8 25.5 ±4.1 19.3 ±2.1 65.9 ±3.1
II 32.5 ±7.6 21.8 ±5.3 64.2 ±15.0 16.7 ±5.9 16.5 ±1.2 56.1 ±3.2
BICR (Ours) 14.9 ±4.2 13.5 ±2.6 84.1 ±5.3 7.6 ±3.4 10.5 ±0.5 43.0 ±0.9

MMMU_Pro_4
P(True) 53.5 39.5 30.6 24.6 35.6 76.2
Self-Probing 70.9 66.3 16.2 22.3 30.7 52.2
PE 46.0 32.5 23.3 21.6 16.6 54.4
SAPLMA 34.1 ±5.8 34.5 ±4.5 50.2 ±5.4 29.9 ±2.2 17.4 ±0.9 52.4 ±2.7
PIK 38.1 ±2.4 32.4 ±2.2 37.9 ±4.2 22.8 ±1.9 17.0 ±1.2 42.4 ±1.6
CCPS 31.5 ±6.7 24.5 ±5.0 58.2 ±15.8 38.5 ±4.7 31.7 ±3.2 67.7 ±3.5
II 25.5 ±6.6 22.4 ±3.6 63.3 ±10.0 25.9 ±8.3 27.0 ±3.0 58.4 ±2.7
BICR (Ours) 15.6 ±4.2 18.5 ±2.3 76.2 ±6.5 14.9 ±2.3 20.3 ±0.8 45.7 ±0.8

POPE
P(True) 48.9 49.3 50.1 58.4 89.8 53.5
Self-Probing 14.4 16.4 83.1 90.7 91.9 54.2
PE 8.9 13.6 84.1 91.4 91.2 67.3
SAPLMA 3.7 ±2.3 9.9 ±0.5 86.8 ±0.7 92.5 ±0.3 96.0 ±0.3 84.8 ±0.7
PIK 4.0 ±1.8 9.9 ±0.6 85.7 ±0.6 91.8 ±0.3 96.8 ±0.6 86.1 ±1.8
CCPS 13.0 ±3.5 13.6 ±0.9 82.2 ±1.0 89.5 ±0.7 94.1 ±0.3 76.9 ±0.4
II 2.1 ±0.6 10.0 ±0.5 86.0 ±1.1 92.1 ±0.5 95.9 ±0.7 84.0 ±2.1
BICR (Ours) 2.7 ±0.5 9.9 ±0.2 85.0 ±0.3 91.2 ±0.2 96.9 ±0.1 86.1 ±0.5

google/gemma-3-27b-it

GMAI-MMBench
P(True) 44.2 44.7 53.7 59.2 59.1 58.3
Self-Probing 30.7 34.3 49.7 65.0 56.3 58.9
PE 36.9 38.5 48.9 65.7 51.1 54.1
SAPLMA 20.2 ±2.7 31.2 ±1.4 49.5 ±0.7 55.3 ±3.5 50.0 ±0.2 49.6 ±0.3
PIK 26.2 ±4.4 30.7 ±2.5 50.8 ±1.7 65.5 ±0.3 66.2 ±0.7 64.4 ±0.9
CCPS 17.3 ±2.9 29.6 ±1.6 51.0 ±1.8 45.8 ±6.5 50.5 ±2.5 51.3 ±2.8
II 11.7 ±7.6 26.7 ±1.9 52.2 ±2.5 58.3 ±7.5 55.5 ±2.2 56.5 ±1.8
BICR (Ours) 11.5 ±2.2 25.3 ±0.6 56.7 ±1.8 61.8 ±1.8 62.6 ±2.0 62.4 ±1.6

GQA
P(True) 41.9 42.2 57.1 69.4 68.1 57.9
Self-Probing 33.4 35.1 60.0 74.4 70.1 57.3
PE 28.1 31.6 59.5 74.6 68.3 60.2
SAPLMA 3.7 ±1.4 18.9 ±0.2 70.8 ±0.5 77.6 ±0.3 83.0 ±0.3 77.6 ±0.4
PIK 3.0 ±0.6 19.1 ±0.1 70.4 ±0.2 77.0 ±0.3 82.8 ±0.1 76.9 ±0.2
CCPS 4.3 ±1.6 21.1 ±0.2 66.6 ±0.3 74.4 ±0.7 78.2 ±0.2 71.6 ±0.3
II 3.8 ±0.4 20.3 ±0.3 67.7 ±0.8 75.6 ±0.5 80.5 ±0.8 73.8 ±0.9
BICR (Ours) 9.0 ±2.2 20.0 ±0.7 69.5 ±0.9 72.1 ±1.7 83.2 ±0.2 77.3 ±0.3

LLaVA-Wild
P(True) 41.0 40.9 58.3 70.6 85.2 82.9
Self-Probing 44.1 42.9 50.0 66.7 75.5 69.1
PE 33.9 35.0 51.7 68.1 74.2 74.0
SAPLMA 15.9 ±3.4 24.7 ±1.5 60.3 ±3.4 64.5 ±3.8 70.9 ±4.1 64.1 ±4.2
PIK 18.2 ±6.1 27.4 ±2.1 52.3 ±5.2 61.9 ±2.4 61.5 ±5.9 57.6 ±5.4
CCPS 13.4 ±2.8 23.0 ±0.4 63.0 ±1.6 58.3 ±3.8 71.4 ±1.3 65.5 ±2.9
II 13.7 ±2.7 25.4 ±1.8 57.0 ±6.1 62.0 ±6.3 60.6 ±6.8 58.2 ±5.7
BICR (Ours) 17.8 ±2.5 26.0 ±1.0 63.7 ±3.2 56.8 ±4.5 68.2 ±1.4 62.9 ±2.3

MME-Finance
P(True) 49.5 49.2 49.9 62.7 75.0 79.3
Self-Probing 46.7 46.6 47.5 59.5 65.3 62.8
PE 48.7 48.0 42.7 59.9 49.6 55.2
SAPLMA 10.6 ±2.2 23.3 ±0.6 60.5 ±2.7 59.8 ±2.4 61.6 ±0.8 67.5 ±0.9
PIK 14.5 ±2.1 24.1 ±0.5 59.8 ±1.8 61.1 ±2.3 64.2 ±1.8 68.7 ±2.0
CCPS 19.3 ±3.2 26.3 ±1.7 55.9 ±3.1 59.6 ±1.0 63.0 ±2.8 66.3 ±1.8
II 11.2 ±7.0 24.8 ±3.2 57.6 ±6.6 56.9 ±3.0 56.8 ±6.0 63.5 ±4.8
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Method ECE↓ BS↓ ACC↑ F1↑ AUCPR↑ AUROC↑
BICR (Ours) 10.1 ±2.0 23.8 ±0.6 63.6 ±1.7 47.1 ±2.4 59.7 ±1.8 64.5 ±1.3

MMMU_Pro_10
P(True) 43.5 43.5 54.4 51.1 42.5 70.8
Self-Probing 43.9 42.8 42.4 45.2 36.3 59.1
PE 60.8 57.4 27.5 43.2 23.4 44.3
SAPLMA 16.7 ±2.6 25.9 ±0.8 53.7 ±3.0 47.7 ±2.5 45.9 ±0.7 58.6 ±0.7
PIK 33.1 ±4.2 32.1 ±2.9 43.9 ±5.2 54.5 ±0.9 57.6 ±2.0 68.5 ±1.3
CCPS 45.1 ±11.2 47.2 ±9.4 42.5 ±5.6 48.4 ±3.8 36.9 ±1.5 49.5 ±1.6
II 21.7 ±8.1 27.8 ±4.0 49.2 ±9.2 51.4 ±1.6 45.7 ±2.5 60.0 ±1.6
BICR (Ours) 16.2 ±4.4 25.1 ±1.7 57.4 ±5.3 51.1 ±2.5 51.8 ±2.9 63.3 ±1.6

MMMU_Pro_4
P(True) 40.2 40.5 57.6 57.3 48.0 69.5
Self-Probing 38.4 39.7 47.2 52.8 41.9 59.0
PE 54.4 52.3 33.9 50.6 30.7 47.6
SAPLMA 9.0 ±2.2 25.0 ±0.4 57.0 ±1.2 58.3 ±2.7 59.9 ±0.3 61.6 ±0.4
PIK 22.7 ±4.4 28.2 ±2.3 51.9 ±3.4 64.9 ±0.4 67.5 ±1.3 66.8 ±1.1
CCPS 37.2 ±7.2 41.2 ±5.3 49.5 ±2.3 58.9 ±4.6 49.2 ±1.5 50.6 ±1.8
II 12.1 ±7.8 26.6 ±2.2 52.8 ±2.9 59.6 ±5.1 55.6 ±2.2 57.7 ±2.0
BICR (Ours) 11.0 ±2.0 24.8 ±0.5 58.0 ±1.7 61.8 ±2.6 62.8 ±1.2 63.8 ±0.9

POPE
P(True) 50.1 50.0 49.9 63.8 89.8 53.6
Self-Probing 11.6 12.9 85.4 92.0 94.7 75.8
PE 5.7 13.3 84.1 91.3 91.7 68.8
SAPLMA 6.1 ±0.8 11.5 ±0.3 84.5 ±0.5 90.9 ±0.3 93.7 ±0.3 77.7 ±0.7
PIK 4.4 ±1.0 11.1 ±0.2 84.5 ±0.5 90.9 ±0.4 94.7 ±0.3 80.4 ±0.8
CCPS 2.3 ±0.3 11.1 ±0.0 85.4 ±0.1 91.8 ±0.1 92.9 ±0.4 76.9 ±0.8
II 7.5 ±2.5 11.9 ±0.5 83.8 ±0.6 90.5 ±0.5 92.9 ±0.8 76.9 ±1.7
BICR (Ours) 11.2 ±1.8 13.6 ±0.6 81.4 ±0.5 88.6 ±0.4 93.8 ±0.2 78.5 ±0.3
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J.6 Per-LVLM and Per-Dataset Reliability
Diagrams

The pooled calibration figure in the main text (§5,
Figure 2) collapses all five LVLMs and all seven
source datasets into a single curve per method. To
check whether BICR’s calibration advantage is uni-
form or concentrates in particular settings, this sec-
tion splits the same per-bin reliability data along
three complementary axes. Figures 5–9 fix one
LVLM per figure and split that LVLM’s data by
source dataset, yielding the finest-grained view
(one panel per dataset, all methods overlaid). Fig-
ure 10 pools across all datasets to give one panel per
LVLM, and Figure 11 pools across all five LVLMs
to give one panel per dataset.

How to read each panel. Every panel is a relia-
bility diagram. The dashed diagonal marks perfect
calibration. Each method contributes five translu-
cent curves (one per seed) drawn in a method-
specific color, so the spread of the five curves
around their joint mean visualizes seed-to-seed vari-
ability for that method. Methods that produce a
tight cluster of overlapping curves are seed-stable;
methods that produce visibly spread or noisy curves
are not. Line thickness within each curve is pro-
portional to the local bin density: thicker line seg-
ments correspond to confidence ranges where the
method placed many test samples (and the curve
location is therefore reliable), and thinner segments
correspond to sparsely populated bins (where the
curve location is dominated by sampling noise).
A curve sitting above the diagonal indicates that
the method is under-confident at that confidence
level (it is correct more often than its score im-
plies), while a curve below the diagonal indicates
over-confidence.

Where BICR’s calibration advantage concen-
trates. Tabulating the best-ECE method on each
(LVLM, dataset) cell of the per-LVLM figures (35
cells total: 5 LVLMs × 7 datasets), BICR achieves
the lowest ECE on 13 cells, ranks in the top two on
21 cells, and in the top three on 26 cells of 35. Aver-
aging ECE across the five LVLMs per dataset, BICR
is the best-calibrated method on four of the seven
datasets: GMAI-MMBench (cross-LVLM mean
ECE 0.142, vs. next-best InternalInspector 0.168),
MME-Finance (0.166 vs. InternalInspector 0.184),
MMMU_Pro 10-option (0.194 vs. InternalInspec-
tor 0.343), and MMMU_Pro 4-option (0.149 vs.
InternalInspector 0.270). On LLaVA-Wild (n≈56–

60 per LVLM) BICR (0.244) is essentially tied with
InternalInspector (0.231), and on the two near-
saturated datasets, POPE (binary object-presence
detection) and GQA (large-scale VQA), internal-
state baselines overtake BICR (POPE: P(I Know)
0.029, InternalInspector 0.037, BICR 0.071; GQA:
InternalInspector 0.044, P(I Know) 0.046, BICR
0.096). This pattern is consistent with BICR’s de-
sign intent: enforcing visual contrast through blank-
image ranking helps most where visual grounding
is the bottleneck (medical imaging, document un-
derstanding, multi-choice reasoning), and helps
less where the underlying task is so easy that nearly
every method already places most probability mass
in the rightmost bin.

Visible failure modes of baselines. Three regu-
lar patterns are evident across the per-LVLM fig-
ures. (i) Inference-only methods (P(True), Self-
Probing, Prompt Ensembles) collapse to the high-
confidence corner on the harder datasets: their
curves on GMAI-MMBench, MMMU_Pro, and
MME-Finance crowd into a narrow region close to
x=1, reflecting confidence saturation rather than
calibration. P(True) is particularly stark: its cross-
LVLM mean ECE on POPE is 0.493, an arti-
fact of placing virtually every sample into a sin-
gle high-confidence bin while accuracy on POPE
is around 0.5. (ii) CCPS swings systematically
under-then-over the diagonal, producing charac-
teristic S-shaped curves on Qwen3-VL-8B and
LLaVA-NeXT-13B and inflating its cross-LVLM
mean ECE on the multi-choice datasets to 0.513
(MMMU_Pro 10-option) and 0.445 (MMMU_Pro
4-option), a sign of distortion from its contrastive
perturbation step; CCPS also displays the largest
visible seed-to-seed spread of any trained method
on the multi-choice and LLaVA-Wild panels. (iii)
The LLaVA-Wild panel (n≈56–60 per LVLM) is
the noisiest in every figure: with so few samples
per bin, even well-calibrated methods produce vis-
ibly jittered curves and substantial seed-to-seed
disagreement; the panel should therefore be read
as bounded by small-sample variance rather than
as a clean miscalibration signal.
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Figure 5: Per-dataset reliability diagrams for Qwen/Qwen3-VL-8B-Instruct. Each panel corresponds to one of the
seven source datasets (n in panel titles denotes the number of shared test samples for this LVLM). Each method
contributes five translucent curves in a method-specific color, one per seed, so the spread visualizes seed-to-seed
variability. Visualization style influenced by reliability diagrams in Nakkiran et al. (2026).
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Figure 6: Per-dataset reliability diagrams for llava-hf/llava-v1.6-vicuna-13b-hf. Plotting conventions match
Figure 5.
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Figure 7: Per-dataset reliability diagrams for OpenGVLab/InternVL3_5-14B-HF. Plotting conventions match
Figure 5.
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Figure 8: Per-dataset reliability diagrams for deepseek-ai/deepseek-vl2. Plotting conventions match Figure 5.

4707



Pooled views, fixed-LVLM slice. Figure 10 fixes
the LVLM and pools every (ground truth, confi-
dence) pair across all seven source datasets, yield-
ing one panel per LVLM. The five LVLM subsets
are within ∼1% of each other in size (n=30,241
to n=30,501), so visual differences across panels
reflect LVLM behaviour rather than sample-size ar-
tifacts. Two patterns dominate. First, the inference-
only baselines fail in characteristic ways: P(True)
sits as a tight cluster of curves near x=1 but at em-
pirical accuracies of only ∼0.5–0.7 on Qwen3-VL-
8B, LLaVA-NeXT-13B, and InternVL3.5-14B (se-
vere high-confidence saturation); Self-Probing pro-
duces visibly spread per-seed curves with chaotic
low-confidence excursions on every backbone ex-
cept Gemma-3-27B; CCPS traces an S-shape on
Qwen3-VL-8B and a flat over-confident plateau
on DeepSeek-VL2. By contrast, BICR tracks the
diagonal closely on all five backbones with a tight
per-seed cluster, with no panel where it collapses to
the corner or swings systematically away from the
diagonal, indicating that its calibration profile is
consistent across model families rather than tuned
to one LVLM. Second, Gemma-3-27B is visibly
the easiest LVLM to calibrate: nearly every method
sits on or near the diagonal in that panel, suggest-
ing the harder calibration cases are upstream in
the weaker backbones rather than inherent to the
methods.
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Figure 9: Per-dataset reliability diagrams for google/gemma-3-27b-it. Plotting conventions match Figure 5.
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Pooled views, fixed-dataset slice. Figure 11
reverses the slicing: it fixes the source dataset
and pools across all five LVLMs, with sample
counts ranging from n=296 on LLaVA-Wild (visi-
bly the only panel where bin noise dominates) to
n=62,839 on GQA. The four hardest grounding-
bound datasets (GMAI-MMBench, MME-Finance,
MMMU_Pro 4-option, MMMU_Pro 10-option)
drive a uniform pattern in which every method
sits well below the diagonal, i.e., every method is
overconfident on these datasets; what differs is the
size of the gap, and BICR’s curves are consistently
the closest to the diagonal from below in those
panels. On POPE the pattern inverts: predictions
are pushed into the upper-right corner where most
curves are mildly under-confident, and the simpler
internal-state baselines that excel on near-saturated
tasks (P(I Know), InternalInspector) sit closer to
the diagonal than BICR. The two pooled figures
together make the trade-off in Section 5 concrete:
BICR’s advantage is a calibration improvement on
tasks where visual grounding is the bottleneck and
overconfidence is universal, not a uniform improve-
ment on every regime.
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Figure 10: Pooled per-LVLM reliability diagrams. Each panel fixes one LVLM and pools every (ground truth,
confidence) pair across all seven source datasets, yielding one panel per LVLM (n in panel titles is the size of the
shared test subset for that LVLM). Each method contributes five translucent curves in a method-specific color, one
per seed; line thickness within each curve is proportional to local bin density.
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J.7 Loss Component Ablation

Table 38 reports the cross-LVLM average met-
rics for the full BICR model and three ablation
variants across all six reported metrics. The full
model wins every metric. Removing Lrank ac-
counts for the largest discrimination drop (−2.0
AUCPR, −3.3 AUROC, −2.8 ACC), confirming
that the blank-image ranking signal is the principal
driver of BICR’s discriminative gain. Removing
Lbrier produces a smaller but consistent calibration
regression (+1.4 ECE, +0.6 BS) with negligible
discrimination cost, identifying the Brier term as a
calibration-specific contribution. The Lbce-only
configuration is the worst (or tied with −Lrank

on AUROC) on every metric and behaves as the
lower bound for what a single-objective probe can
achieve in our setting. A more detailed analysis of
these ablations, including per-LVLM breakdowns,
statistical significance tests, and behavioral effects
on confidence distributions and calibration shape,
is provided in Appendix I.

J.8 Statistical Significance

Pooled aggregation. Table 39 reports paired
Wilcoxon signed-rank test p-values comparing
BICR against each trained baseline under pooled
aggregation across 25 (LVLM, seed) observations.
Inference-only methods (P(True), Self-Probing,
Prompt Ensembles) are excluded since their cross-
LVLM AUROC gaps to BICR are sizable (Table 33),
making formal significance testing against trained
baselines the more informative comparison. BICR’s
improvements on AUCPR and AUROC are highly
significant (p < 0.001) against every trained base-
line. Calibration improvements are significant
against P(I Know), SAPLMA, and CCPS, but BICR
is statistically indistinguishable from InternalIn-
spector on ECE (p = 0.525) under this aggregation.
On BS, BICR significantly improves over InternalIn-
spector (p < 0.01) despite the ECE tie.

Equal-weight per-dataset aggregation. Ta-
ble 40 reports the same significance tests but
computed on the per-LVLM unweighted-across-
datasets metrics from Table 35, again across 25
(LVLM, seed) observations. Two patterns dif-
fer from the pooled view in instructive ways.
First, BICR’s calibration tie with InternalInspec-
tor disappears under equal weighting: BICR sig-
nificantly beats II on every metric including ECE
(p = 0.007), reflecting that II’s calibration parity
with BICR under pooled aggregation came from its

strong performance on GQA and POPE rather than
uniform calibration across datasets. Second, BICR
is statistically indistinguishable from P(I Know)
on discrimination under this aggregation (AUCPR
p = 0.381, AUROC p = 0.615), formalizing the
trade-off discussed in §J.4: P(I Know) reaches
comparable discrimination to BICR on the equal-
weight view but at significantly worse calibration
(p < 0.001 on both ECE and BS), so no baseline
matches BICR on both axes simultaneously.

Cluster-aware significance. Both Wilcoxon
analyses above treat each (LVLM, seed) tuple
as an independent paired observation, but the 5
seeds within a given LVLM share the same frozen
weights and the same test set, so the truly inde-
pendent unit of analysis is the LVLM (n=5). To
verify our headline conclusions hold under this
stricter independence assumption, Table 41 reports
a cluster bootstrap (10,000 resamples) over LVLM-
level seed-means with Holm-Bonferroni correc-
tion across the 4 metrics within each compari-
son. BICR’s discrimination advantages are robust
to this stricter test: AUCPR and AUROC improve-
ments are highly significant (p < 0.001) against
every trained baseline. Calibration improvements
remain significant against P(I Know), SAPLMA,
and CCPS (cluster-bootstrap p < 0.05 on ECE,
p < 0.001 on BS), strengthening the n=25 claims
under a more conservative test. Against InternalIn-
spector, the cluster-bootstrap evidence on calibra-
tion is weaker than under n=25 (ECE n.s., BS
marginal at p = 0.075 Holm-corrected), consis-
tent with our existing observation that BICR’s cali-
bration parity with II under pooled aggregation is
largely driven by II’s strong performance on GQA
and POPE rather than a uniform across-LVLM ef-
fect; the discrimination advantage over II remains
highly significant on both AUCPR and AUROC
(p < 0.001). Together with the equal-weight evi-
dence in Table 40, the cluster-aware analysis con-
firms that no baseline matches BICR on both cal-
ibration and discrimination simultaneously under
any aggregation protocol.

Together, the three views support the joint-axis
framing of the paper: BICR is the only method
that is statistically at least as good as the next-
best baseline on both calibration and discrimination
simultaneously across pooled, equal-weight, and
cluster-aware analyses, and the specific runner-ups
shift between aggregations (InternalInspector un-
der pooled, P(I Know) under unweighted) without
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Table 38: Loss component ablation for BICR, averaged across 5 LVLMs and 5 seeds (25 runs). Each row removes
one or more auxiliary loss terms. Metrics are computed on the shared test subset, averaged across seeds within each
LVLM, then mean ± std across LVLMs. Best per metric in bold.

Variant ECE↓ BS↓ ACC↑ F1↑ AUCPR↑ AUROC↑
Full (BICR) 7.1 ±1.2 18.4 ±0.8 71.5 ±1.5 76.9 ±1.6 87.5 ±1.8 78.6 ±1.9
−Lbrier 8.5 ±2.4 19.0 ±0.8 70.6 ±1.5 75.5 ±0.9 87.1 ±1.5 78.0 ±1.9
−Lrank 8.1 ±1.9 19.6 ±1.1 68.7 ±1.9 75.8 ±2.6 85.6 ±1.9 75.3 ±1.7
Lbce only 9.1 ±1.5 19.9 ±1.0 68.3 ±1.8 75.0 ±2.0 85.5 ±1.9 75.3 ±2.1

Table 39: Statistical significance of BICR vs. trained baselines under pooled aggregation (paired Wilcoxon signed-
rank test, n=25). Inference-only methods are excluded as their performance gaps exceed 10 AUROC points on
every LVLM. Significance levels: ∗∗∗ p < 0.001, ∗∗ p < 0.01, ∗ p < 0.05; “n.s.” denotes p ≥ 0.05.

Comparison ECE BS AUCPR AUROC

vs PIK <0.01∗∗ <0.001∗∗∗ <0.001∗∗∗ <0.001∗∗∗

vs SAPLMA <0.001∗∗∗ <0.001∗∗∗ <0.001∗∗∗ <0.001∗∗∗

vs II n.s. <0.01∗∗ <0.001∗∗∗ <0.001∗∗∗

vs CCPS <0.001∗∗∗ <0.001∗∗∗ <0.001∗∗∗ <0.001∗∗∗

any single baseline matching BICR on both axes at
once.

K Comparison with Visual Contrastive
Decoding and Memory Retracing

VCD (Leng et al., 2024) and MemVR (Zou et al.,
2025) share BICR’s premise that visual grounding
matters for reliability, but they are hallucination-
mitigation decoders, not confidence estimators (Ap-
pendix D). This section evaluates BICR against both
on the specific task of spotting hallucinated an-
swers, on the two methods’ own models and bench-
marks, in three steps: as confidence estimators (Ta-
ble 42), as native hallucination detectors (Table 43),
and in composition (Table 44).

Faithful reproduction. VCD’s and MemVR’s
released implementations are tied to older model in-
ternals: VCD patches a decoding path and MemVR
hooks dense feed-forward structures that have
changed in current transformers, so their code does
not run out of the box on our modern LVLMs, and
MemVR’s dense-FFN retracing has no analogue
in a mixture-of-experts model such as DeepSeek-
VL2. Rather than force their methods onto architec-
tures they were not built for, we ran their published
pipelines on their own model (LLaVA-1.5-7B) and
first reproduced their reported POPE numbers: our
regular baseline reaches 81.71 accuracy / 79.79 F1
against their reported 81.38 / 79.65, our +VCD
reaches 82.98 / 81.67 against their 83.16 / 81.89,
and MemVR reproduces to within 0.05 accuracy.
Every result below therefore runs their actual mech-
anisms on the models they were designed for.

Step 1: as confidence estimators, BICR is
stronger on both axes. POPE is an object-
hallucination benchmark, so predicting whether
an answer is correct there is exactly predicting
whether it is a hallucination. Since VCD and
MemVR emit no confidence score, we derive a
per-sample signal from each method’s own mech-
anism (VCD’s original-versus-distorted contrast;
MemVR’s mid-layer entropy over its trigger win-
dow) so they can be placed on the confidence axis
at all. Against these faithful derived signals, BICR
wins on both calibration and discrimination in ev-
ery setting (Table 42), including on both home
models and on VCD/MemVR’s own three-source
POPE construction. On POPE with LLaVA-1.5,
BICR reaches 0.818 AUROC while the stronger
competing signal reaches only 0.775.

Step 2: run exactly as published, BICR flags far
more hallucinations. When VCD’s contrast or
MemVR’s retracing rewrites an answer, that rewrite
is itself a native assertion that the original was a hal-
lucination. On the 1,175 answers LLaVA-1.5 gets
wrong on POPE out of the box (a 13.06% base er-
ror rate), BICR flags substantially more than either
method catches (Table 43). The gap is not a thresh-
old artifact: BICR exceeds both even at a strict 10%
false-positive operating point (0.368 versus 0.344
and 0.018). BICR also flags without touching the
answer, whereas the interventions rewrite it, and
VCD’s rewriting turns 761 previously-correct an-
swers wrong.
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Table 40: Statistical significance of BICR vs. trained baselines under per-dataset equal-weight aggregation (paired
Wilcoxon signed-rank test, n=25). Same conventions as Table 39.

Comparison ECE BS AUCPR AUROC

vs PIK <0.001∗∗∗ <0.001∗∗∗ n.s. n.s.
vs SAPLMA <0.001∗∗∗ <0.001∗∗∗ <0.001∗∗∗ <0.001∗∗∗

vs II 0.007∗∗ <0.001∗∗∗ <0.001∗∗∗ <0.001∗∗∗

vs CCPS <0.001∗∗∗ <0.001∗∗∗ <0.001∗∗∗ <0.001∗∗∗

Table 41: Cluster-aware significance of BICR vs trained baselines under pooled aggregation. Each row reports the
mean per-LVLM delta (BICR minus baseline) across 5 LVLMs, with significance assessed by a cluster bootstrap
(10,000 resamples) over LVLM-level seed-means and Holm-Bonferroni correction across the 4 metrics within each
comparison. Significance levels: ∗∗∗ p < 0.001, ∗∗ p < 0.01, ∗ p < 0.05; n.s. denotes p ≥ 0.05.

Comparison ECE ↓ BS ↓ AUCPR ↑ AUROC ↑
Mean ∆ p Mean ∆ p Mean ∆ p Mean ∆ p

BICR vs P(IK) -0.0222 0.025∗ -0.0101 <0.001∗∗∗ +0.0117 <0.001∗∗∗ +0.0206 <0.001∗∗∗

BICR vs SAPLMA -0.0513 0.016∗ -0.0291 <0.001∗∗∗ +0.0584 <0.001∗∗∗ +0.0569 <0.001∗∗∗

BICR vs I2 -0.0121 n.s. -0.0146 n.s. +0.0316 <0.001∗∗∗ +0.0378 <0.001∗∗∗

BICR vs CCPS -0.0818 <0.001∗∗∗ -0.0873 <0.001∗∗∗ +0.1463 <0.001∗∗∗ +0.1553 <0.001∗∗∗

Step 3: the methods compose rather than over-
lap. BICR and these decoders address the same
failure but operate on different objects. On cover-
age, 92% of VCD’s fixes and 100% of MemVR’s
fall inside the set BICR already flags, so their mit-
igation catches a strict subset of what BICR de-
tects. On composition, applying the trained BICR
probe unchanged to the answers VCD actually pro-
duces, it still separates correct from wrong about as
well as on regular decoding (Table 44). We omit a
MemVR composition row deliberately: BICR reads
the last-prompt-token hidden state, fixed before
generation, whereas MemVR acts only during gen-
eration, downstream of that representation, so a
MemVR row would be identical to the reference by
construction and would test nothing. VCD, which
genuinely changes the generated answer (POPE
accuracy moves from 86.94 to 82.98), is the honest
composition test, and BICR passes it.

VCD and MemVR mitigate at generation time;
BICR estimates reliability after the fact and keeps
adding a usable confidence signal on top of what-
ever answer their mitigation produces. On the
task of spotting hallucinated answers, BICR de-
tects more of them, does so on the two methods’
own models and benchmarks, and remains useful
precisely where their interventions end: it is the
complementary component they lack, a calibrated
per-sample judgment of whether the answer can be
trusted.

L Direct Behavioral Test: Calibration on
Image-Invariant Samples

The aggregate metrics in §5 and Appendix J estab-
lish that BICR dominates calibration and discrim-
ination at the benchmark level, but they do not,
on their own, separate the mechanism we claim
(BICR’s rank loss suppresses confidence on pre-
dictions whose internal representation is largely
determined by the language prior rather than by
the image) from the alternative that BICR is a mild
regulariser whose gains are spread evenly across
the test set. The two stories produce identical ag-
gregate numbers; they make different predictions
on a specific sub-population of the test set. This
appendix isolates that sub-population and reports
the per-method calibration on it.

L.1 Sub-population: Behaviorally
Image-Invariant Samples

For every test sample we run the LVLM on two
forward passes: one with the original (image, ques-
tion) pair, and one in which the original image is re-
placed by a random natural image drawn uniformly
from the union of training-split images across all
seven source datasets, with the question and prompt
held fixed and the source sample’s own image ex-
cluded. The substitute image is paired to the sample
by a deterministic seed (stable_hash(sample_id
⊕ ‘swap’) ⊕ 42, where stable_hash takes the
first four bytes of the SHA-256 hash), so the substi-
tution is reproducible and identical across LVLMs
and across confidence-estimation methods. From
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Table 42: Step 1: BICR versus faithful confidence signals derived from VCD and MemVR. Each cell is ECE /
AUROC (ECE lower is better, AUROC higher is better); best per row in bold. VCD and MemVR emit no confidence
score, so the signals are derived from each method’s own mechanism. These figures are measured under the
constrained single-word-answer decoding regime used to match VCD and MemVR, and are not comparable
to BICR’s main-paper protocol numbers in Table 2.

Setting BICR VCD-derived MemVR-derived
(ECE / AUROC) (ECE / AUROC) (ECE / AUROC)

LLaVA-1.5-7B, POPE (their home model) 0.028 / 0.818 0.073 / 0.775 0.381 / 0.448
Qwen-VL-Chat, POPE (their 2nd home model) 0.041 / 0.808 0.089 / 0.647 0.393 / 0.502
Our POPE (cross-model) 0.056 / 0.821 0.091 / 0.712 0.487 / 0.398
VCD/MemVR’s own 3-source POPE 0.049 / 0.814 0.086 / 0.729 0.377 / 0.441

Table 43: Step 2: native hallucination detection on the 1,175 POPE answers LLaVA-1.5-7B gets wrong. Same
gpt-5-mini judge; base error rate 13.06%. BICR “detects” means confidence below threshold with no answer
altered, reported at two principled operating points (Youden-J and a strict 10% false-positive rate); VCD and
MemVR “detect” means the method natively rewrote the answer. Correct answers broken counts previously-correct
answers the intervention turned wrong; Net accuracy ∆ is the resulting change in POPE accuracy.

Method Detection rate of the 1,175 errors Correct answers broken Net accuracy ∆

BICR 0.789 (Youden) / 0.368 (10% FPR) 0 0.00
VCD 0.344 761 −3.97

MemVR 0.018 18 +0.03

Table 44: Step 3: the trained BICR probe applied un-
changed to VCD’s rewritten outputs. ECE lower is
better, AUROC higher is better. Both rows are read
on the constrained single-word-answer states these
decoders produce and are therefore not compara-
ble to BICR’s main-paper protocol numbers in Ta-
ble 2; BICR’s standalone POPE AUROC under its own
in-distribution prompt is 0.818, and the uniform shift to
0.778 here is applied to both rows, so the within-table
comparison is clean.

BICR predicts correctness of ECE AUROC

regular-greedy outputs (reference) 0.036 0.778
VCD outputs 0.071 0.770

each pair of forward passes we record two diag-
nostics that summarise how much the LVLM’s be-
haviour changed under image substitution:

• flipswap ∈ {0, 1}: whether the LVLM’s
first generated token differs between the real-
image pass and the image-substituted pass.
The first generated token under each image
condition is the argmax over the next-token
logit distribution at the prompt’s final un-
masked position rather than a sample from
a generation loop. A value of 0 means the
LVLM produced the same first token in both
conditions and is therefore generating its an-

swer in a way that does not, at the level of
the immediate next-token decision, depend on
which image is in front of it.

• dpswap ∈ [0, 1]: the drop in probability of
the real-image top-1 token under the image-
substituted pass, computed at the same prompt
position. A value near zero means image sub-
stitution barely perturbs the LVLM’s output
distribution; a value near one means the sub-
stituted image makes the original top-1 token
essentially impossible.

These signals are properties of the frozen LVLM,
not of any confidence estimator: they depend only
on what tokens the LVLM generates under the two
image conditions. None of the eight methods we
benchmark, including BICR, uses either signal as in-
put. Stratifying the test set by flipswap or dpswap is
therefore a behavioural diagnostic computed from
a different intervention than the one any method
we evaluate sees at training time; in particular,
BICR’s rank loss contrasts the real-image hidden
state against a blank-image hidden state and never
sees the image-substituted pass.

We refer to the sub-population flipswap = 0 as
the image-invariant subset: samples on which the
LVLM’s first-token decision is the same with the
real image as with a random natural one. By be-
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havior, the LVLM on these samples is producing
its answer from the language prior (or from token-
level cues in the prompt) rather than from the visual
content. If BICR’s rank loss is genuinely teaching
the probe to assign lower confidence when the pre-
diction is not anchored in the image, the image-
invariant subset is exactly where the effect should
be visible. Per-LVLM sample counts for the image-
invariant subset and for the failure subset defined in
§L.2 are reported in Table 45; the image-invariant
subset spans 30.3% of the shared-test population
on Gemma-3-27B (the LVLM least sensitive to
image substitution) to 62.9% on DeepSeek-VL2
(the most sensitive). The shared-test totals here
are slightly smaller than those in Table 32 because
this analysis additionally requires the swap-view
diagnostic to be present, which excludes a small
number of samples on which the swap-view for-
ward pass failed.

Table 45: Per-LVLM sample counts for the image-
invariant subset (flipswap = 0; §L.1) and for the failure
subset (image-invariant, incorrect under the main-paper
correctness labels, and predicted with original-top-1
probability > 0.8). Percentages are over each LVLM’s
shared-test total under this analysis.

LVLM NA1 %A1 NC3 %C3

Qwen3-VL-8B 11,268 37.4 2,299 7.6
LLaVA-1.6-13B 13,457 46.8 1,121 3.9
InternVL3.5-14B 15,544 51.4 3,346 11.1
Gemma3-27B 8,980 30.3 2,308 7.8
DeepSeek-VL2 18,679 62.9 4,108 13.8

L.2 Methodology
Subsets analyzed. We focus on three views of
the test population. The first is the image-invariant
subset defined above: all samples with flipswap =
0, pooled across the seven source datasets and the
five LVLMs. This is the population the rank loss is
most directly designed to address. The second is
the failure subset: the image-invariant subset fur-
ther restricted to samples on which the LVLM was
both incorrect (under the same per-sample correct-
ness labels driving the main-paper accuracy results)
and assigned the original top-1 token a probabil-
ity above 0.8. The 0.8 threshold is fixed a priori
and not tuned. The failure subset isolates the high-
stakes cases where the model was confident, the
model was wrong, and the model was not using
the image, which is the population on which the
grounding-detection mechanism is most directly
tested. The third is a cross-subset summary com-

puted over twelve different ways of identifying
samples that the LVLM treats as image-invariant;
we describe its construction in §L.5.

Methods compared. We compare BICR against
the same seven baselines benchmarked through-
out the paper: P(True), Self-Probing, Prompt En-
sembles, P(I Know), SAPLMA, InternalInspector,
and CCPS. For trainable methods we average per-
sample P (correct) scores across the five seeds be-
fore any subset metric is computed; inference-only
methods contribute their single test-time score. All
eight methods are evaluated on the same shared test
subset described in Table 45.

Significance test. For the image-invariant subset
we run a paired bootstrap on the per-sample BS
difference, restricted to the subset itself: for each
of B = 2,000 resamples (RNG seed 23) we draw
n samples with replacement (where n is the size of
the subset), paired by sample identifier, and com-
pute BSbaseline−BSBICR, where per-sample BS is
(pcorrect−y)2. Positive values mean BICR achieves
lower BS (better calibration) than the baseline on
the image-invariant population. We report the mean
over resamples and the 95% percentile interval; an
interval strictly above zero implies BICR is signif-
icantly better calibrated than the baseline on this
population. We choose BS on the subset rather
than the perhaps-more-obvious mean-confidence
gap between the subset and its complement because
the latter rewards methods that simply shift their
confidence down on hard samples regardless of cor-
rectness, an axis on which one of the baselines wins
by being uniformly under-confident rather than by
detecting grounding.

L.3 Headline Result on the Image-Invariant
Subset

Table 46 reports the per-LVLM, per-method met-
rics on the image-invariant subset. Rows are
grouped by LVLM and split by metric; bold marks
the best method per row. On the four metrics that
require the confidence to be accurate on this sub-
set rather than merely low, BICR achieves the best
per-LVLM value on BS in four of five LVLMs (the
exception is Gemma, where SAPLMA wins by
0.011 BS), on ECE in three of five, on AUCPR in
four of five, and on AUROC in three of five. On
Mean Conf, P(True) wins on four of five LVLMs
by a route we discuss next; on InternVL, where
P(True) does not produce its lowest-confidence
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regime, BICR’s mean confidence is the lowest of
any method.

Low Mean Conf is not the same as good cal-
ibration. P(True) attains low mean confidence
on the image-invariant subset across most LVLMs,
well below BICR’s. This reflects P(True)’s con-
fidence distribution rather than grounding sensi-
tivity: P(True) assigns near-uniform low confi-
dence to nearly every sample regardless of cor-
rectness, which the same table shows directly in
P(True)’s BS of 0.35–0.61 and ECE of 0.30–0.61
on the same subset. By the metrics that require
confidence to track accuracy, P(True) is the worst
method we evaluate on this subset, not the best.
The same caveat applies to any method whose mean
is low because it is uniformly under-confident; the
calibration-faithful metrics expose the difference
between low-because-accurate and low-because-
degenerate.

Significance test on BS. Table 47 reports the
paired-bootstrap mean and 95% confidence interval
of (BSbaseline − BSBICR) on the image-invariant
subset. Positive values indicate BICR is better cal-
ibrated than the baseline; bold marks intervals
strictly above zero. BICR’s BS is significantly lower
than the baseline’s on 31 of 35 (LVLM, baseline)
pairs. The four exceptions are all on Gemma-
3-27B (small negative differences against Inter-
nalInspector, P(I Know), and SAPLMA; an inter-
val straddling zero against CCPS), consistent with
Gemma being BICR’s weakest LVLM in the main
results (§J.1). Per-cell intervals are uncorrected
for multiple testing across the 35 pairs; a small
number of marginal cells with mean differences
near +0.005 are sensitive to standard correction,
but the cells against P(True), Prompt Ensembles,
and Self-Probing (mean differences in the +0.06 to
+0.47 range) and the majority of cells against the
trained baselines (mean differences in the +0.01
to +0.10 range) are well clear of any reasonable
correction. The largest BICR margins are against
P(True), at +0.18 to +0.47 across LVLMs, quan-
tifying the gap between low-because-accurate and
low-because-degenerate: by the calibration-faithful
test, P(True) is significantly worse than BICR on
every LVLM by a wide margin.

L.4 Failure Subset (Image-Invariant,
Confidently Wrong)

The image-invariant subset also contains a benign
sub-class: samples for which the model produces

the correct answer without consulting the image
because the question has a canonical or factoid
answer. A confidence estimator should not neces-
sarily lower its score on these samples; the answer
is correct, just not visually grounded. The clearer
test of the grounding-detection mechanism is on
the failure subset (image-invariant, incorrect, and
confidently predicted), where the model was cer-
tain, the model was wrong, and the model was not
using the image. Per-LVLM counts for this subset
(between 1,121 samples on LLaVA-NeXT-13B and
4,108 on DeepSeek-VL2) are reported in Table 45.
Table 48 reports per-LVLM Mean Conf and BS on
this subset.
BICR achieves both the lowest mean confidence

and the lowest BS on four of five LVLMs (Qwen,
InternVL, Gemma, DeepSeek). The LLaVA cell
goes to P(True): on this subset (which is incor-
rect by construction) P(True)’s near-zero confi-
dence happens to coincide with the all-incorrect
ground truth, which is the only competitive BS
value P(True) attains anywhere in this analysis. On
the four LVLMs where BICR wins, its mean confi-
dence on confidently-wrong-and-image-invariant
samples is between 0.05 and 0.18 lower than the
next-best trainable method, and its BS is between
0.04 and 0.19 lower. The architecturally similar
trainable baselines (P(I Know), InternalInspector,
SAPLMA) all leave their confidence high on this
subset, indicating that the confidence-suppression
behavior on the image-invariant failure population
is specifically attributable to BICR’s rank loss rather
than to the shared probe architecture or training
data.

L.5 Cross-Subset Win Summary
To check that the headline pattern is not specific to
the single flipswap = 0 cut, we additionally evalu-
ate every method against twelve different ways of
identifying image-invariant samples and aggregate
the per-cell winners across the full battery. The
twelve subsets are: five behavioural-flip variants
(the flipswap = 0 cut itself; an analogous flippara =
0 cut on the question-paraphrase view; a noise-
overlay variant; a multi-proxy consensus combin-
ing the swap and paraphrase cuts; and a contami-
nated control using the blank view, included only
as a sanity check on the win-counting procedure);
three continuous variants that take the top-5%, top-
10%, and top-25% of samples ranked by the small-
est dpswap (equivalently, the samples on which
image substitution causes the smallest probability
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Table 46: Per-method calibration and discrimination metrics on the image-invariant subset, the sub-population on
which the LVLM’s argmax next-token does not change when the real image is replaced by a random natural one
(§L.1). Lower is better for Mean Conf, BS, and ECE; higher is better for AUCPR and AUROC. Bold marks the best
method per (LVLM, metric) row.

LVLM Metric BICR II PIK SAPLMA CCPS PE P(True) Self-Probing

Qwen3-VL-8B

Conf 0.690 0.810 0.805 0.836 0.616 0.875 0.397 0.941
Brier 0.143 0.148 0.157 0.173 0.239 0.212 0.612 0.237
ECE 0.045 0.075 0.076 0.104 0.233 0.139 0.611 0.215
AUCPR 0.932 0.929 0.921 0.905 0.636 0.755 0.700 0.781
AUROC 0.835 0.835 0.807 0.776 0.351 0.585 0.376 0.605

LLaVA-1.6-13B

Conf 0.689 0.801 0.766 0.826 0.845 0.761 0.340 0.919
Brier 0.169 0.218 0.191 0.225 0.233 0.221 0.349 0.285
ECE 0.051 0.159 0.126 0.185 0.204 0.100 0.302 0.275
AUCPR 0.897 0.857 0.891 0.846 0.742 0.793 0.611 0.753
AUROC 0.818 0.775 0.806 0.759 0.727 0.680 0.441 0.683

InternVL3.5-14B

Conf 0.625 0.767 0.744 0.795 0.794 0.835 0.710 0.866
Brier 0.187 0.202 0.198 0.220 0.234 0.254 0.448 0.232
ECE 0.067 0.104 0.094 0.142 0.136 0.163 0.445 0.198
AUCPR 0.880 0.857 0.865 0.782 0.725 0.620 0.752 0.791
AUROC 0.769 0.735 0.745 0.687 0.604 0.452 0.549 0.717

Gemma3-27B

Conf 0.663 0.725 0.756 0.732 0.745 0.888 0.501 0.935
Brier 0.164 0.158 0.158 0.153 0.167 0.228 0.565 0.242
ECE 0.070 0.036 0.048 0.029 0.036 0.175 0.563 0.232
AUCPR 0.902 0.901 0.907 0.903 0.865 0.831 0.741 0.819
AUROC 0.803 0.802 0.806 0.809 0.771 0.677 0.418 0.703

DeepSeek-VL2

Conf 0.572 0.643 0.641 0.651 0.596 0.718 0.452 0.896
Brier 0.177 0.182 0.189 0.198 0.224 0.251 0.416 0.372
ECE 0.053 0.083 0.082 0.097 0.046 0.157 0.367 0.341
AUCPR 0.862 0.861 0.852 0.818 0.741 0.708 0.597 0.628
AUROC 0.814 0.813 0.797 0.786 0.679 0.700 0.430 0.599

drop on the original top-1 token); three confidence-
and correctness-conditioned cuts derived from the
image-invariant subset (high-confidence, incorrect,
and confidently-incorrect); and one auxiliary con-
taminated cut. Each subset is evaluated on each
of the five LVLMs against each of five metrics
(Mean Conf, BS, ECE, AUCPR, AUROC), giving
12× 5× 5 = 300 possible (subset, LVLM, metric)
cells. Twenty cells are dropped because the subset
is empty or has fewer than the minimum sample
count for the corresponding metric, leaving 280
valid cells.

For each valid cell we identify the method whose
value is best on that cell (lowest for Mean Conf,
BS, and ECE; highest for AUCPR and AUROC).
Table 49 reports the total number of cells each of
the eight methods wins, broken down by metric.

BICR is the per-cell winner on 153 of 280 cells
(54.6%), more than three times the count of the
next-best method. Two of the twelve subsets use
the blank-view diagnostic against which BICR is
trained, so BICR’s wins on those subsets are ex-
pected by construction; we retain them in the count
for completeness, but excluding them leaves the

qualitative ranking unchanged. P(True)’s 41 wins
are entirely concentrated in the Mean Conf column
(37 of its 41), where its uniformly low confidence
is rewarded; on the four metrics that require confi-
dence to be accurate (BS, ECE, AUROC, AUCPR),
BICR wins 131 of 240 cells. The win counts dis-
aggregate by LVLM as 30 (Qwen), 33 (LLaVA),
44 (InternVL), 9 (Gemma), and 37 (DeepSeek):
Gemma is the weak case, consistent with the head-
line significance test and with Gemma’s behavior
in the main results.

L.6 Discussion

The calibration advantage concentrates on the
population the rank loss is designed to suppress
confidence on, not uniformly across the test set.
On the image-invariant subset, BICR’s BS is signif-
icantly lower than every trained baseline’s on 31
of 35 (LVLM, baseline) pairs; on the failure subset
(image-invariant and confidently wrong), BICR’s
mean confidence is 0.05 to 0.18 below the next-
best trainable method on the four LVLMs where
it wins, with BS gaps of comparable size. The
architecturally similar baseline P(I Know) shares
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Table 47: Paired-bootstrap mean and 95% CI of (BSbaseline − BSBICR) on the image-invariant subset, B = 2,000
resamples (RNG seed 23). Positive values mean BICR has lower BS (better calibration) than the baseline on
image-invariant samples. Bold marks 95% CIs strictly above zero (BICR significantly better calibrated).

Baseline Qwen3-VL-8B LLaVA-1.6-13B InternVL3.5-14B Gemma3-27B DeepSeek-VL2

II +0.005 [+0.00, +0.01] +0.049 [+0.05, +0.05] +0.014 [+0.01, +0.02] -0.007 [-0.01, -0.00] +0.005 [+0.00, +0.01]
PIK +0.014 [+0.01, +0.02] +0.022 [+0.02, +0.02] +0.011 [+0.01, +0.01] -0.007 [-0.01, -0.00] +0.012 [+0.01, +0.01]
SAPLMA +0.030 [+0.03, +0.03] +0.057 [+0.05, +0.06] +0.033 [+0.03, +0.04] -0.011 [-0.01, -0.01] +0.021 [+0.02, +0.02]
CCPS +0.095 [+0.09, +0.10] +0.064 [+0.06, +0.07] +0.047 [+0.04, +0.05] +0.003 [-0.00, +0.01] +0.048 [+0.04, +0.05]
PE +0.069 [+0.06, +0.07] +0.056 [+0.05, +0.06] +0.068 [+0.06, +0.07] +0.064 [+0.06, +0.07] +0.074 [+0.07, +0.08]
P(True) +0.469 [+0.46, +0.48] +0.180 [+0.17, +0.19] +0.260 [+0.25, +0.27] +0.401 [+0.39, +0.41] +0.239 [+0.23, +0.25]
Self-Probing +0.094 [+0.09, +0.10] +0.117 [+0.11, +0.12] +0.045 [+0.04, +0.05] +0.079 [+0.07, +0.09] +0.195 [+0.19, +0.20]

Table 48: Failure subset (image-invariant, incorrect, and confidently predicted): the image-invariant subset further
restricted to samples on which the LVLM was both incorrect and assigned the original top-1 token a probability
above 0.8. Lower is better for both Mean Conf and BS. Bold marks the best method per (LVLM, metric) cell.

Qwen3-VL-8B LLaVA-1.6-13B InternVL3.5-14B Gemma3-27B DeepSeek-VL2

Method Conf Brier Conf Brier Conf Brier Conf Brier Conf Brier

BICR 0.490 0.289 0.709 0.541 0.484 0.292 0.442 0.275 0.471 0.291
II 0.682 0.491 0.770 0.605 0.709 0.519 0.583 0.369 0.547 0.336
PIK 0.673 0.496 0.793 0.661 0.653 0.477 0.579 0.394 0.528 0.336
SAPLMA 0.746 0.600 0.790 0.659 0.719 0.574 0.549 0.357 0.519 0.336
CCPS 0.640 0.445 0.909 0.830 0.770 0.621 0.614 0.422 0.560 0.329
PE 0.869 0.757 0.745 0.559 0.848 0.723 0.873 0.763 0.712 0.511
P(True) 0.517 0.509 0.364 0.151 0.817 0.790 0.622 0.613 0.483 0.321
Self-Probing 0.911 0.870 0.920 0.865 0.772 0.678 0.873 0.816 0.868 0.799

BICR’s probe family, training data, and search bud-
get, and differs only in the absence of the rank loss
against the blank view; on the image-invariant sub-
set it consistently leaves its confidence higher than
BICR does and is significantly worse-calibrated by
BS on four of five LVLMs. InternalInspector and
SAPLMA, which use different probe architectures
but also do not see the blank-view contrast during
training, behave the same way. The pattern is con-
sistent with the rank loss producing the observed
effect, and not with a uniform regularisation story.

Image-invariant does not mean wrong: the
pooled subset is mostly correct samples, so sup-
pressed mean confidence on it would be mis-
calibration, not grounding detection. On the
pooled subset, flipswap = 0 samples are on average
more accurate than the complement (Qwen 73.5%
vs. 65.9%; Gemma 71.1% vs. 59.0%): canonical-
answer or factoid questions on which the LVLM
produces the right answer without using the image.
A well-calibrated method should keep its confi-
dence high on these, and BICR does. The intuition
that grounding detection should produce uniformly
lower confidence on flipswap = 0 holds on the fail-
ure subset (where the model is wrong and the
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Table 49: Per-method per-cell win counts across the cross-subset battery defined in §L.5: 12 subset definitions
for image-invariance, 5 metrics (Mean Conf, BS, ECE, AUROC, AUCPR), and 5 LVLMs, for 280 valid cells in
total. Each cell contributes one win to the method whose value is best (lowest for Mean Conf, BS, ECE; highest for
AUROC, AUCPR). Bold marks the most-winning method per metric column and overall.

Method Mean Conf BS ECE AUROC AUCPR Total

BICR 22 38 35 28 30 153
II 0 4 4 7 6 21
PIK 0 9 5 11 14 39
SAPLMA 0 6 6 3 0 15
CCPS 1 1 6 1 0 9
PE 0 0 2 0 0 2
P(True) 37 2 2 0 0 41
Self-Probing 0 0 0 0 0 0
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Figure 11: Pooled per-dataset reliability diagrams. Each panel fixes one source dataset and pools every (ground
truth, confidence) pair across all five LVLMs (n in panel titles is the total number of pooled test samples). Each
method contributes five translucent curves in a method-specific color, one per seed; line thickness within each curve
is proportional to local bin density.
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