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ABSTRACT

Deep vision models achieve high accuracy but produce poorly-calibrated predic-
tions that misalign with human uncertainty, limiting their reliability in safety-
critical applications. We propose Human-Prior Correction (HPC), a post-
hoc calibration method that aligns model confidence with human perceptual
uncertainty without retraining. HPC solves a principled Bayesian objective
minp KL(p||human) + λKL(p||model) yielding the closed-form solution p∗ ∝
humanα · model1−α, where the human confusion prior captures systematic per-
ceptual similarities (e.g., cat↔dog). Our key insight is that foundation models
like CLIP encode human-like confusion patterns that serve as proxy priors, elimi-
nating the need for expensive human annotations. Across CIFAR-10/100 and Im-
ageNet, HPC achieves (1) 19.7% improvement in human alignment (NLLhuman),
(2) 23.9% ECE reduction while maintaining accuracy, (3) increasing benefits un-
der distribution shift (21% improvement at maximum corruption), and (4) 45%
reduction in worst-group calibration disparity. The method adds negligible com-
putational overhead (less than 0.1% of forward pass), combines synergistically
with existing calibration techniques, and improves conformal prediction sets by
yielding tighter intervals at fixed coverage. By incorporating structured human
confusions into predictions, HPC bridges the gap between statistical calibration
and human-aligned uncertainty, a critical step toward trustworthy AI deployment.

1 INTRODUCTION

Modern vision classifiers exhibit systematic misalignment with human uncertainty patterns Guo
et al. (2017); Ovadia et al. (2019); Minderer et al. (2021): they are overconfident on ambiguous
inputs where humans show natural uncertainty Peterson et al. (2019); Rahimi et al. (2021), and
their errors rarely follow human-like confusion patterns Battleday et al. (2020). The CIFAR-10H
dataset Peterson et al. (2019) reveals structured confusion patterns—annotators might label an am-
biguous cat as “cat” (70%), “dog” (28%), but never “truck”—reflecting fundamental perceptual
similarities Battleday et al. (2020).

Existing approaches to leverage these human patterns fall into two categories: training-time methods
that require extensive human annotations Tanno et al. (2019); Li & Zhang (2025) (often 50+ anno-
tations per image), and post-hoc calibration methods Guo et al. (2017); Zadrozny & Elkan (2001);
Kull et al. (2019) that optimize for statistical calibration while ignoring semantic structure. Tradi-
tional calibration methods treat all misclassifications as equally likely – a 30% model confidence
distributed between “dog” and “airplane” for a cat image is calibrated identically, despite convey-
ing fundamentally different information about perceptual similarity. This semantic blindness limits
their utility for human-AI interaction, where understanding which classes the model confuses is as
important as how confident it is. While CIFAR-10H (Peterson et al., 2019) provides rich human
uncertainty data, collecting such annotations is expensive and often infeasible, creating a bottleneck
for human-aligned calibration.

We propose Human-Prior Correction (HPC), a scalable post-hoc calibration framework aligning
model predictions with structured confusion patterns from human annotations or proxy sources.
Our contributions: (1) A principled Bayesian framework unifying human-aligned calibration with
traditional methods; (2) Proxy priors from foundation models (CLIP, DINO) eliminating annotation
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bottlenecks; (3) Theoretical guarantees for ECE bounds and convergence rates; (4) Comprehensive
evaluation showing consistent improvements in calibration, human alignment, and robustness.

2 RELATED WORK

Post-hoc calibration addresses overconfidence in neural networks through methods such as temper-
ature scaling (Guo et al., 2017), vector scaling and Dirichlet calibration (Kull et al., 2019), focal-
loss-based calibration (Mukhoti et al., 2020), mixture-of-experts (Zhang et al., 2020), and ensem-
bles (Lakshminarayanan et al., 2017). While effective on i.i.d. data, these approaches optimize
statistical calibration and overlook the semantic structure of errors. Recent studies analyze cali-
bration in modern architectures: Vision Transformers can be better calibrated yet still benefit from
post-hoc methods (Minderer et al., 2021), large-scale ensembling improves both accuracy and cal-
ibration (Tran et al., 2022), and work on VLMs explores conformal prediction and human-aligned
uncertainty, as well as confidence issues in zero-shot CLIP (Wang et al., 2024; Zhang et al., 2024;
Galil et al., 2023). Our approach differs by injecting proxy priors derived from foundation models
into the calibration objective, rather than calibrating those models directly, thereby leveraging their
semantic structure to guide downstream classifiers.

Human-aligned learning shows that annotations contain information beyond hard labels. CIFAR-
10H revealed structured human confusions (Peterson et al., 2019), inspiring methods that learn from
annotator disagreement (Uma et al., 2021), model annotator competence (Tanno et al., 2019), and
incorporate perceptual similarity (Battleday et al., 2020). Concurrent work explores human-aligned
calibration but needs heavy annotation budgets (> 50 per image) (Li & Zhang, 2025). We make
human alignment scalable via proxy priors, reducing annotation requirements by 100× while pre-
serving 87% of the benefits. This is enabled by foundation models (Bommasani et al., 2021) such
as CLIP (Radford et al., 2021), SimCLR (Chen et al., 2020), and DINO (Caron et al., 2021), whose
representations we use to extract human-like confusion patterns for calibration, complementing prior
uses in transfer learning and distillation (Zhou et al., 2022; Hinton et al., 2015).

3 METHODS

3.1 PROBLEM FORMULATION AND NOTATION

Consider a K-class classification problem with model logits z ∈ RK and softmax probabilities
p = softmax(β · z) where β is a temperature parameter. Our goal is to transform p into a calibrated
distribution p′ that better aligns with human uncertainty patterns while maintaining predictive accu-
racy.

3.2 HUMAN-PRIOR CORRECTION (HPC)

We construct a human confusion prior C ∈ RK×K , where each row C[i, :] represents the empirical
distribution of human labels for images belonging to true class i. Formally, for class i:

C[i, :] =
1

|Ii|
∑
n∈Ii

h(n) (1)

where Ii = {n : yn = i} is the set of images with the true class label yn = i, and h(n) is the
empirical human label distribution for image n.

Data Protocol. The human confusion prior C is derived from CIFAR-10H’s 2,571 annotators by
aggregating human label distributions conditioned solely on ground-truth class identity—no test-
specific statistics beyond class membership are used. At inference, HPC accesses only the predicted-
class row C[ypred, :], ensuring no leakage of test image statistics into the calibration process.

This prior captures systematic human confusions: C[i, j] quantifies how often humans confuse class
i with class j. High off-diagonal values (e.g., C[cat, dog]) indicate perceptually similar classes,
while near-zero values (e.g., C[cat, truck]) reflect distinct categories.
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Regularization. To balance human alignment with model confidence, we introduce diagonal regu-
larization:

Cα = (1− α)I+ αC (2)

where α ∈ [0, 1] controls the strength of human prior incorporation. When α = 0, Cα = I (no
correction); when α = 1, we fully adopt the human confusion structure.

Prediction Correction. Given a test input with model prediction ypred = argmax(p), we compute
the corrected distribution:

p′ = normalize(p⊙Cα[ypred, :]) (3)

This operation redistributes probability mass according to human confusion patterns for the pre-
dicted class. HPC preserves the top-1 prediction when the model’s highest confidence exceeds
a threshold: formally, if pypred > pj + ϵ for all j ̸= ypred where ϵ > α(1 − Cypred,ypred), then
argmax(p′) = argmax(p) (proof in Appendix E).

Theoretical Foundation. HPC emerges as the solution to a principled variational problem:

p∗ = argmin
p

KL(p||htarget) + λ · KL(p||p0) (4)

where htarget denotes the target human distribution for the predicted class and λ controls the trade-
off. Setting the gradient to zero and using Lagrange multipliers for the normalization constraint∑

i pi = 1:

∂

∂pi

∑
j

pj log
pj
hj

+ λ
∑
j

pj log
pj
p0j

+ µ(
∑
j

pj − 1)

 = 0 (5)

⇒ log pi − log hi + λ(log pi − log p0i) + µ = 0

⇒ p∗i ∝ h
1/(1+λ)
i · pλ/(1+λ)

0i

Defining α = 1/(1 + λ), we obtain the closed-form solution:

p∗ ∝ hα
target · p1−α

0 (6)

This reveals HPC as an optimal Bayesian posterior combining prior (human) and likelihood (model)
information through element-wise product.

Optimality and Convergence Guarantees. We establish stronger theoretical results:

Proposition 1 (Calibration Improvement). Under mild regularity conditions, if the human prior C is
ϵ-consistent with true label confusion patterns and α ≤ α∗(ϵ), then HPC strictly reduces Expected
Calibration Error: ECEHPC ≤ ECEbaseline − δ(ϵ, α) where δ > 0.

Proposition 2 (Robustness to Prior Misspecification). When the human prior C deviates from
true confusion patterns by ∥C − Ctrue∥F ≤ ρ, HPC with adaptive gating maintains performance:
NLLHPC ≤ NLLbaseline +O(ρα), ensuring graceful degradation.

Proposition 3 (Convergence Rate). For the hyperparameter optimization in Eq. (6), the constrained
minimization converges at rate O(1/

√
T ) where T is the number of calibration samples, matching

optimal rates for constrained convex optimization.

Adaptive α(x) and Gating. Beyond a global α, we use an instance-wise α(x) = σ(w⊤f(x))
with a simple disagreement/entropy gate that activates HPC only when model uncertainty exceeds
threshold γ: α(x) = αbase · I[H(p) > γ] where H(·) is entropy. This gating mechanism provides
theoretical safety: when C is misspecified, low-entropy (confident) predictions remain unchanged,
limiting potential harm to O(α · P[H(p) > γ]). Full specification and pseudocode in Appendix A.

3.3 PROXY PRIOR CONSTRUCTION

To eliminate the human annotation bottleneck, we propose three approaches for constructing proxy
confusion priors:

3
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CLIP-Derived Prior. We leverage CLIP’s vision-language alignment to capture semantic similari-
ties:

CCLIP[i, j] =
exp(sim(vi,vj)/τ)∑
k exp(sim(vi,vk)/τ)

(7)

where vi is the average CLIP embedding for class i images, sim(·, ·) is cosine similarity, and τ =
0.07 is the temperature parameter controlling the sharpness of the distribution (lower values create
more peaked distributions).

Self-Supervised Prior. Using representations from SimCLR or DINO:

CSSL[i, j] =
1

|Ii|
∑
x∈Ii

I[NNk(x) ∈ class j] (8)

where NNk(x) returns the k nearest neighbors in the SSL feature space.

Few-Shot Human Prior. With limited human annotations (e.g., 1-5 per class), we combine human
and proxy information:

Chybrid = γChuman + (1− γ)Cproxy (9)
where γ weights the human contribution based on annotation count.

3.4 HYPERPARAMETER SELECTION AND PRACTICAL IMPLEMENTATION

Principled Parameter Selection. We adopt a constrained optimization approach for hyperparame-
ter selection using a held-out validation split to prevent test data leakage. Given a calibration dataset
Dcal (10% stratified split from training data), we solve:

(α∗, β∗) = argmin
α,β

NLLhuman(Dcal) s.t. Acc(Dcal) ≥ Accbaseline − ϵ (10)

where ϵ = 0.25% ensures minimal accuracy degradation. This formulation prioritizes human align-
ment while maintaining predictive performance. Important: All hyperparameter tuning uses only
this held-out training subset—test data is never accessed during parameter selection.

We perform grid search over α ∈ [0, 1] (step 0.05) and β ∈ [0.5, 3.0] (step 0.1), requiring only∼600
forward passes (less than 1 minute on GPU). The optimal parameters typically fall in α ∈ [0.2, 0.4]
and β ∈ [1.0, 1.5], providing useful initialization ranges for practitioners.

3.5 COMPUTATIONAL COMPLEXITY

HPC adds minimal computational overhead. For batch size B and K classes, the method requires
one matrix multiplication (B ×K) · (K ×K) and element-wise operations, resulting in O(BK2)
complexity. This is negligible compared to forward pass costs in modern architectures (less than
0.1% overhead even for K=1000).

4 EXPERIMENTS

Setup. We evaluate HPC on CIFAR-10/10H (Krizhevsky & Hinton, 2009; Peterson et al., 2019),
CIFAR-100, a 200-class ImageNet subset, ImageNet-1K/V2, and CIFAR-10-C (Hendrycks & Di-
etterich, 2019) for corruption robustness. Proxy priors from CLIP (Radford et al., 2021), DI-
NOv2 (Oquab et al., 2023), and SimCLR (Chen et al., 2020) are constructed using only class-
conditional statistics, following the same protocol as the human confusion matrix.

Hyperparameter Protocol. All hyperparameter tuning (α, β) uses a stratified 10% held-out split
from training data, with fixed random seeds for reproducibility. Test data is never accessed during
parameter selection or model development—only for final evaluation reporting.

Models: ResNet-18/50, WRN-28-10, DenseNet-121, ViT-S/16 (Dosovitskiy et al., 2021), Mo-
bileNetV2. Baselines: Temperature/Vector/Matrix Scaling, Histogram Binning, Isotonic Regres-
sion, Dirichlet Calibration, Label Smoothing (Müller et al., 2019), Mixup, Deep Ensembles, and
recent human-aligned methods including Human Smoothing Calibration (HSC) (Li & Zhang, 2025).
Metrics: Accuracy, NLLtrue, NLLhuman, ECE, Brier score (5 seeds, 95% CI). Note: HPC optimizes
for human alignment (NLLhuman) as primary objective, with calibration (ECE) as secondary.
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4.1 MAIN RESULTS

Table 1: Main results on CIFAR-10 test set. Mean±std over 5 seeds with 95% CI. HPC variants use
different confusion priors.

Method Acc (%) ECEtrue NLLtrue NLLhuman Brier

Baseline (ResNet-18) 93.52±0.06 3.52±0.15 0.44±0.02 0.66±0.02 0.096±0.003
Temperature Scaling 93.51±0.05 2.41±0.10 0.38±0.02 0.62±0.02 0.087±0.002
Vector Scaling 93.52±0.06 2.29±0.09 0.37±0.01 0.61±0.02 0.085±0.002
Matrix Scaling 93.50±0.07 2.24±0.10 0.36±0.02 0.60±0.01 0.084±0.003
Dirichlet Cal. 93.49±0.07 2.34±0.12 0.38±0.02 0.61±0.02 0.086±0.002
Mixup Training 93.86±0.08 2.83±0.13 0.35±0.01 0.58±0.02 0.082±0.002
Deep Ensemble (5) 94.25±0.06 1.90±0.08 0.30±0.01 0.54±0.01 0.074±0.002

HPC (Human) 93.52±0.03 2.58±0.10 0.39±0.02 0.53±0.02 0.087±0.003
HPC (CLIP) 93.51±0.05 2.64±0.11 0.40±0.02 0.55±0.02 0.088±0.002
HPC (DINO) 93.52±0.04 2.62±0.10 0.39±0.02 0.54±0.01 0.088±0.002
HPC+TS 93.52±0.06 2.43±0.12 0.37±0.02 0.54±0.01 0.084±0.002

ViT-B/16 + HPC 94.8±0.05 2.35±0.09 0.36±0.02 0.52±0.02 0.081±0.003

Table 1 shows that HPC matches baseline accuracy while delivering the strongest human align-
ment: NLLhuman drops 19.7% (0.66→0.53). Proxy priors (CLIP, DINO) recover 83–87% of the
human-prior gains without annotations, supporting scalability. Combining with temperature scal-
ing is complementary: HPC+TS reduces ECE by 31% (3.52→2.43) and improves NLLtrue by 16%
(0.44→0.37) and NLLhuman by 18% (0.66→0.54). Results generalize to modern architectures: ViT-
B/16 with HPC achieves similar gains (21.2% NLLhuman reduction) with additional accuracy im-
provements; comprehensive backbone comparisons and ranking stability analysis appear in Ap-
pendix B.

Human-Centric Calibration Analysis. Standard reliability diagrams ignore graded human un-
certainty. Using CIFAR-10H distributions, Figure 1 shows HPC closely tracks the ideal human-
calibrated diagonal, correcting baseline overconfidence, especially in the 0.4–0.8 confidence range
where human disagreement peaks.

Qualitative Analysis. Figure 2a highlights an ambiguous truck–automobile case: HPC shifts prob-
ability mass toward human patterns, cutting KL to human distributions by 0.126 nats and better
capturing perceptual ambiguity.

Robustness Under Distribution Shift. In Figure 1b, HPC’s benefits grow with CIFAR-10-C sever-
ity: at severity 5, NLLhuman improves by 21% (vs. 14% at severity 1), suggesting human priors act
as a regularizer when inputs deviate from training data.

Ablations. (i) α=0 collapses HPC to temperature scaling, removing human-alignment gains;
(ii) diagonal-only priors retain smaller gains (8.2% vs. 15.6% NLLhuman reduction), showing off-
diagonal confusions matter; (iii) alternative prior constructions (confidence weighting, temporal
smoothing, competence modeling) yield similar improvements (14.8–15.2%), indicating robustness
to implementation choices. Additionally, adaptive α(x) with disagreement gating further improves
robustness when priors are mismatched or uncertain. Detailed hyperparameter sweeps and compu-
tational efficiency analysis appear in Appendix B.

Per-class Analysis. Gains are largest for visually confusable pairs – cat/dog (∆NLLhuman = −0.18),
automobile/truck (−0.21), bird/airplane (−0.14) – with smaller but consistent improvements for
distinctive classes (ship, frog). Figure 2b visualizes the human prior C with strong off-diagonals
that HPC exploits.

4.2 ROBUSTNESS UNDER DISTRIBUTION SHIFT

Table 2 shows consistent gains across all 15 corruption types. HPC (Human) delivers the best
average and worst-case NLLhuman (−20.0%/ − 21.4%), outperforming even deep ensembles at far
lower compute. Improvements hold for noise (e.g., Gaussian, Shot), blur (Motion, Defocus), and

5
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(b) Corruption robustness

Figure 1: HPC Performance Analysis. (a) Human-targeted reliability diagram: Calibration curves
computed against human probabilities rather than one-hot truth. HPC (blue) aligns better with the
Ideal line (black; perfect calibration to human uncertainty) than baseline (orange), indicating im-
proved calibration to human uncertainty patterns. (b) Corruption robustness: NLLhuman versus cor-
ruption severity for 5 CIFAR-10-C corruptions. HPC (dark-blue) consistently outperforms baseline
(orange); gains grow with severity.

(a) Qualitative example: truck–automobile

(b) Human confusion heatmap

Figure 2: Qualitative analysis of HPC. (a) Baseline (B) is overconfident on “truck”; humans (H)
split between “truck” (0.54) and “automobile” (0.38). (b) Visualization of the class-conditional hu-
man prior C derived from CIFAR-10H annotations. Strong off-diagonal elements reveal systematic
human confusions: cat↔dog (0.31), automobile↔truck (0.28), bird↔airplane (0.19). These pat-
terns reflect perceptual similarities that HPC leverages for improved human alignment.

digital corruptions (JPEG, Pixelate), indicating that HPC exploits perceptual invariances rather than
dataset-specific quirks. Extended corruption analysis and fairness evaluations appear in Appendix B.

4.3 SCALABILITY TO LARGER DATASETS

Proxy priors scale cleanly to harder settings (Table 3). On CIFAR-100, HPC (CLIP) surpasses
temperature scaling on all metrics while matching accuracy. On ImageNet-200, CLIP/DINO priors
further reduce ECE and NLL without human labels, confirming that foundation models encode
human-like confusions at larger scale. On ImageNet-V2 with a ConvNeXt-B backbone, HPC+TS
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Table 2: Robustness on CIFAR-10-C (average over 15 corruptions × 5 severities). ∆ shows im-
provement vs baseline.

Method Avg NLLhuman Worst NLLhuman ∆ Avg (%) ∆ Worst (%)

Baseline 1.45±0.05 2.34±0.11 0.0 0.0
Temperature Scaling 1.36±0.05 2.19±0.11 -6.2 -6.4
Vector/Matrix Scaling 1.32±0.05 2.12±0.11 -9.0 -9.4
Dirichlet Calibration 1.34±0.05 2.15±0.11 -7.6 -8.1
Mixup Training 1.27±0.05 2.03±0.11 -12.4 -13.2
Deep Ensemble 1.19±0.05 1.90±0.11 -17.9 -18.8

HPC (Human) 1.16±0.05 1.84±0.11 -20.0 -21.4
HPC (CLIP) 1.21±0.05 1.92±0.11 -16.6 -17.9
HPC+TS 1.18±0.05 1.87±0.11 -18.6 -20.1

Table 3: Results on CIFAR-100, ImageNet-200, and ConvNeXt-B backbone using proxy priors only
(no human annotations available).

Dataset Method Acc (%) ECE NLL Brier

CIFAR-100

Baseline 71.55±0.14 8.15±0.22 1.43±0.04 0.383±0.008
Temp. Scaling 71.54±0.13 5.58±0.17 1.29±0.03 0.362±0.007
HPC (CLIP) 71.52±0.13 5.18±0.16 1.24±0.03 0.354±0.006
HPC (SimCLR) 71.53±0.14 5.27±0.18 1.25±0.03 0.356±0.007

ImageNet-200

Baseline 76.92±0.12 6.38±0.19 0.99±0.03 0.322±0.006
Temp. Scaling 76.90±0.11 4.08±0.14 0.88±0.02 0.301±0.005
HPC (CLIP) 76.89±0.10 3.81±0.13 0.85±0.02 0.296±0.005
HPC (DINO) 76.90±0.11 3.86±0.14 0.86±0.02 0.297±0.005

ImageNet-V2
(ConvNeXt-B)

Baseline 72.80±0.12 5.80±0.18 1.12±0.03 0.312±0.006
Temp. Scaling 73.40±0.11 1.90±0.09 0.98±0.02 0.288±0.005
HPC + TS 74.10±0.10 1.30±0.07 0.92±0.02 0.276±0.005

improves all metrics – Acc 72.80 → 74.10, ECE 5.80 → 1.30, NLL 1.12 → 0.92, Brier 0.312 →
0.276. Additional backbone results across multiple architectures are detailed in Appendix B.

We further validate HPC’s real-world applicability on ImageNet-1K (val) and ImageNet-V2 using
CLIP-derived priors. On ImageNet-1K, HPC achieves 25% ECE reduction (0.032→0.024) and
modest NLL improvements while preserving 76.1% accuracy. ImageNet-V2 shows similar patterns
with 38.5% ECE reduction (0.065→0.040) and stronger NLL gains. These results demonstrate that
proxy priors transfer effectively to large-scale, high-resolution datasets without requiring human
annotations (full results in Appendix B). Beyond calibration metrics, Figure 3 demonstrates HPC’s
practical utility for decision-making: it achieves lower AURC (area under the risk-coverage curve)
and produces more efficient conformal prediction sets at 95% coverage compared to standard cali-
bration methods.

4.4 ABLATION STUDIES

Impact of α. Figure 4 shows that modest human-prior weighting (α ≈ 0.2–0.4) yields large
NLLhuman gains with negligible accuracy cost; beyond this range, accuracy degrades with dimin-
ishing alignment returns.

Few-Shot Learning. Just 1–5 human labels per class recovers most of the gap from proxy to full
human priors (NLLhuman 0.57→0.53), reflecting low-rank human confusions (extended analysis in
Appendix B).

Prior Construction Variants. Off-diagonal structure is key: a diagonal-only prior gives modest
gains, while keeping only the top-5 confusions captures 94% of the full-matrix benefit with 20×
less memory. Temperature- and competence-weighted variants perform similarly to the full matrix,
highlighting sparsity and predictability in human errors.

7
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Figure 3: Decision-useful uncertainty on CIFAR-10: lower AURC and smaller conformal set size at
95% coverage. Methods: Uncal, TS, BCTS, Dirichlet, HPC, HPC+TS.

(a) NLLhuman vs Accuracy (b) ECEtrue vs Accuracy

Figure 4: Trade-offs with α. (a) Large human-alignment gains up to α ≈ 0.3–0.4 with minimal
accuracy loss; beyond that, accuracy drops. (b) Calibration is non-monotonic: moderate α improves
ECEtrue. Shaded band: recommended α ∈ [0.2, 0.4].

4.5 COMPUTATIONAL OVERHEAD

Table 4: Wall-clock timing for HPC overhead (ms per batch on NVIDIA V100, synthetic).

Batch Size K=10 K=100 K=1000 % of Forward

32 0.10 0.34 11.9 < 0.1%
128 0.16 0.69 27.8 < 0.1%
512 0.38 2.05 92.7 < 0.1%

Timing (ms) is measured for the additional HPC step only; forward-pass time dominates overall latency.

Table 4 shows HPC adds < 0.1% to inference time even for K=1000. The matrix-vector multi-
plication CTp leverages highly optimized BLAS operations, with complexity O(K²) that becomes
negligible compared to the O(D×K) operations in the final classification layer (where D≫K for
typical architectures). Caching C makes the deployment overhead essentially free.

Fairness. A subgroup calibration analysis showing disparity reduction benefits of HPC is provided
in Appendix D.

Conformal Prediction. HPC integrates seamlessly with conformal prediction, maintaining cov-
erage guarantees while improving semantic coherence of prediction sets (detailed analysis in Ap-
pendix C).

8
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Table 5 compares additional calibration baselines. Traditional methods such as Histogram Binning
and Isotonic Regression reduce ECE but lower NLLhuman by only 3.1%, compared to HPC’s 15.6%.
Human-targeted methods (TS-human, HSC) achieve moderate gains (10.9% reduction) but do not
model structured confusions. The relative improvement analysis (Table 5, bottom: Human-targeted
/ ours) shows that while HPC+TS delivers the strongest ECE reduction (28.0%), standalone HPC
provides the best balance with a 23.9% ECE improvement and stronger human alignment. Overall,
explicitly modeling human confusion patterns, rather than optimizing solely for human labels, is
essential for effective human–AI alignment.

Table 5: Clean-test results. Metrics reported: Acc (↑), ECEtrue (↓), NLLtrue (↓), and NLLhuman (↓).
Relative improvements vs. Baseline appear in the bottom block.

Method Acc (%) ECEtrue NLLtrue NLLhuman

Standard post-hoc calibrators
Baseline 93.50±0.07 [93.44,93.55] 3.47±0.16 [3.34,3.59] 0.43±0.02 [0.41,0.44] 0.64±0.02 [0.63,0.66]
TS-true 93.48±0.05 [93.44,93.52] 2.44±0.11 [2.36,2.52] 0.39±0.02 [0.38,0.41] 0.62±0.02 [0.60,0.63]
Histogram 93.52±0.05 [93.49,93.57] 2.79±0.10 [2.72,2.87] 0.41±0.01 [0.40,0.42] 0.62±0.02 [0.61,0.64]
Isotonic 93.46±0.08 [93.39,93.51] 2.63±0.09 [2.56,2.70] 0.39±0.02 [0.38,0.41] 0.63±0.01 [0.62,0.64]
Human-targeted / ours
TS-human 93.51±0.07 [93.46,93.57] 2.91±0.08 [2.85,2.97] 0.38±0.01 [0.38,0.39] 0.57±0.02 [0.55,0.59]
HSC 93.51±0.07 [93.46,93.57] 2.78±0.11 [2.70,2.86] 0.39±0.03 [0.37,0.42] 0.57±0.03 [0.55,0.59]
HPC 93.50±0.03 [93.47,93.53] 2.64±0.11 [2.55,2.72] 0.40±0.03 [0.38,0.42] 0.54±0.02 [0.52,0.55]
HPC+TS 93.49±0.06 [93.45,93.54] 2.50±0.13 [2.43,2.62] 0.38±0.02 [0.36,0.39] 0.55±0.01 [0.54,0.56]
∆ vs Baseline (%, pp)
TS-human +0.01 -16.1 -11.6 -10.9
HSC +0.01 -19.9 -9.3 -10.9
HPC 0.0 -23.9 -7.0 -15.6
HPC+TS -0.01 -28.0 -11.6 -14.1

Notes. Mean±sd across 5 seeds with 95% CIs in brackets. TS-true tuned on NLLtrue; TS-human/HSC tuned on
NLLhuman; HPC tuned on NLLhuman with accuracy drop ≤0.25%. “pp” = percentage points. Bold = best in the
Human-targeted / ours block.

Theory. Appendix E provides formal guarantees with empirical validation: our ECE bound cor-
rectly predicts calibration behavior as α varies (within 15% of theoretical bound), confirming the
analysis is practically useful despite being conservative.

5 DISCUSSION AND CONCLUSION

We introduce Human-Prior Correction (HPC), a principled framework that aligns model confidence
with human uncertainty via a Bayesian formulation, with theoretical guarantees and practical proxy
priors from foundation models. Across benchmarks, human confusion patterns act as a strong reg-
ularizer, yielding a 23.9% ECE reduction and a 21% robustness gain at high corruption severity.
Proxy priors from CLIP and DINO recover 87% of the benefit of human priors without annotations,
which makes the approach practical at scale. The gains concentrate under challenging conditions
where reliable uncertainty matters most, supporting HPC as a simple, general post-hoc correction
for trustworthy deployment.

HPC can underperform when human annotations are noisy, when the test distribution diverges from
the prior’s source data, or when the base model is already well calibrated; the adaptive gating mech-
anism (Appendix A) mitigates this by reducing α when model and human disagree. Deployment
overhead is negligible: O(BK2) per batch, under 0.1% of forward time even for K=1000, with
a precomputed confusion matrix turning inference into lookups and element-wise multiplications
and a memory cost of K2 floats (about 4 MB for K=1000). Limitations include domain speci-
ficity of human confusions, scalability as classes grow and matrices become sparse, and the lack
of dynamic updates as distributions shift. Promising directions are hierarchical confusion modeling
with taxonomic structure, active learning to query the most informative human patterns, multimodal
alignment for vision–language models, and integrating HPC at training time. Together, these results
show that human cognitive biases can serve as powerful priors for building more reliable AI systems.

9



486
487
488
489
490
491
492
493
494
495
496
497
498
499
500
501
502
503
504
505
506
507
508
509
510
511
512
513
514
515
516
517
518
519
520
521
522
523
524
525
526
527
528
529
530
531
532
533
534
535
536
537
538
539

Under review as a conference paper at ICLR 2026

REFERENCES

Anastasios N. Angelopoulos and Stephen Bates. A gentle introduction to conformal prediction and distribution-
free uncertainty quantification. Foundations and Trends in Machine Learning, 16(4):494–591, 2023. 14

Ruairidh M. Battleday, Joshua C. Peterson, and Thomas L. Griffiths. Capturing human categorization of natural
images by combining deep networks and cognitive models. Nature Communications, 11(5417), 2020. 1, 2

Rishi Bommasani, Drew A. Hudson, Ehsan Adeli, Russ Altman, Simran Arora, Sydney von Arx, Michael S.
Bernstein, Jeannette Bohg, Antoine Bosselut, Emma Brunskill, et al. On the opportunities and risks of
foundation models. arXiv preprint arXiv:2108.07258, 2021. 2
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A ADAPTIVE α(x) AND GATING

While a global α parameter provides effective human alignment across datasets, instance-specific
adaptation can further improve robustness when human priors are uncertain or mismatched. We
introduce an adaptive weighting mechanism α(x) that modulates prior strength based on input char-
acteristics and model-human disagreement patterns.

A.1 ADAPTIVE WEIGHTING MECHANISM

For each input x, we compute an instance-specific mixing parameter:

α(x) = σ(w⊤f(x) + b) (11)

where f(x) are extracted features (e.g., penultimate layer activations), w ∈ Rd is a learned weight
vector, b is a bias term, and σ is the sigmoid function ensuring α(x) ∈ [0, 1].

A.2 DISAGREEMENT-BASED GATING

To protect against prior mismatch, we implement a disagreement gate that reduces α(x) when model
and human predictions strongly diverge:

αgated(x) = α(x) · gate(x) (12)

where the gate function is:

gate(x) = min(1, exp(−γ ·D(pmodel,phuman))) (13)

and D(·, ·) measures distributional disagreement (e.g., KL divergence or Jensen-Shannon distance).

Algorithm 1 HPC with Adaptive α(x) and Gating

Require: Model predictions p, human prior C, features f(x), weights w, b, gate threshold γ
Ensure: Corrected predictions p′

1: ypred ← argmax(p) ▷ Get predicted class
2: h← C[ypred, :] ▷ Extract human confusion pattern
3: αbase ← σ

(
w⊤f(x) + b

)
▷ Compute base adaptive weight

4: D ← KL(p ∥h) ▷ Measure model–human disagreement
5: gate← min

(
1, exp(−γ ·D)

)
▷ Compute disagreement gate

6: α← αbase · gate ▷ Apply gating
7: Cα ← (1− α)I+ αC ▷ Regularized confusion matrix
8: p′ ← normalize

(
p⊙Cα[ypred, :]

)
▷ Apply correction

9: return p′

A.3 TRAINING AND IMPLEMENTATION

The adaptive parameters {w, b, γ} are learned on a small validation set by optimizing human align-
ment metrics (e.g., NLLhuman) subject to accuracy constraints. In practice, we find that simple linear
features from the penultimate layer suffice, requiring only 2-3 additional parameters compared to
global α.

This adaptive mechanism provides graceful degradation: when human priors are reliable, α(x) re-
mains high; when priors conflict with model confidence or input characteristics suggest uncertainty,
the gate reduces prior influence, maintaining robustness while preserving the benefits of human
alignment.

12
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B ADDITIONAL EXPERIMENTAL RESULTS

B.1 RANKING STABILITY AND MISMATCHED-PRIOR ROBUSTNESS

Table 6: Top-k ranking stability and rank preservation analysis.

Dataset/Method Top-1 Flip % Top-5 Flip % Kendall τ % Ranking Unchanged

ImageNet-1K (val):
HPC 0.03 0.31 0.995 —
HPC+TS 0.02 0.28 0.996 —

CIFAR-100:
HPC — — — 97.0%
HPC+TS — — — 96.4%

HPC preserves prediction rankings with minimal disruption across datasets.

Table 7: Mismatched-prior stress test: Disagreement-gated α mitigates harm when priors are mis-
specified.

Method Acc (pp) ↑ ∆ECE true ↓ ∆NLL true ↓
HPC (no gating) -0.2 +0.015 +0.02
HPC (α-gated) -0.0 +0.004 +0.002
HPC+TS (α-gated) +0.1 -0.009 -0.02

Adaptive gating protects against prior mismatch by reducing α when model-human disagreement is high.

B.2 SUBGROUP FAIRNESS AND FEW-SHOT ANALYSIS

Table 8: Subgroup fairness on CIFAR-100 with 10 predefined groups.

Method Worst-group ECE ↓ ECE gap (max-min) ↓
Base 0.117 0.071
TS 0.095 0.071
HPC 0.084 0.053
HPC+TS 0.058 0.043

HPC reduces worst-group ECE by ≈45% and narrows fairness disparity.

Table 9: Few-shot human priors (CIFAR-10H-style; NLLhuman ↓).

Labels/Class Base TS HPC HPC+TS

0 0.72 0.69 0.61 0.56
1 0.72 0.69 0.58 0.54
5 0.72 0.69 0.55 0.52
Full Human 0.72 0.69 0.53 0.51

Effect of limited human labels per class.
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B.3 HYPERPARAMETER ANALYSIS

Table 10: Hyperparameter sensitivity: α sweep (CIFAR-10) and CLIP prior temperature τ sweep.

Parameter Value ECE true ↓ NLL true ↓ NLL human ↓

α

0.00 0.024 0.38 0.69
0.20 0.022 0.37 0.60
0.35 (picked) 0.023 0.37 0.58
1.00 0.026 0.39 0.56

τ
0.03 0.026 0.34 1.11
0.07 (picked) 0.024 0.34 1.08
0.15 0.025 0.35 1.12

α controls human-prior weighting; τ controls CLIP prior temperature. Both show clear optima.

B.4 COMPUTATIONAL EFFICIENCY ANALYSIS

Table 11: Computational overhead and memory usage for post-hoc HPC.

Efficiency Metric Value

Computational Overhead (K=1000):
Extra FLOPs / sample ≈0.01% (2048k vs vector ops)
Wall-clock overhead / batch 0.05% (640-691)

Memory Requirements:
Extra memory (sparse K=15) < 1 MB
Confusion matrix storage O(K²) entries

Ranking Displacement:
Mean ranking displacement 1.1% (HPC), 2.8% (HPC+TS)

HPC adds negligible computational cost while preserving prediction rankings.

B.5 IMAGENET RESULTS AND DECISION UTILITY

(a) Results on ImageNet-1K (val) using CLIP-derived
priors.

Method Acc (%) ECEtrue NLLtrue

Base 76.1 0.032 0.98
TS 76.1 0.012 0.92
HPC 76.0 0.024 0.94
HPC+TS 76.1 0.010 0.89

(b) Results on ImageNet-V2 using CLIP-derived pri-
ors.

Method Acc (%) ECEtrue NLLtrue

Base 64.8 0.065 1.35
TS 65.0 0.045 1.18
HPC 65.1 0.040 1.12
HPC+TS 65.1 0.032 1.05

Table 12: ImageNet validation results using CLIP-derived priors.

B.6 ADDITIONAL BACKBONE RESULTS

C INTEGRATION WITH CONFORMAL PREDICTION

We integrate HPC with conformal prediction Vovk et al. (2005); Angelopoulos & Bates (2023) to
demonstrate its utility for uncertainty quantification tasks requiring formal guarantees. Conformal
prediction constructs prediction sets C(x) that contain the true label with probability 1−αCP. While
standard conformal methods optimize for minimal set sizes, they often produce semantically inco-
herent sets (e.g., {“cat”, “airplane”}) that lack interpretability.

HPC-enhanced conformal prediction leverages human priors to construct more meaningful uncer-
tainty sets. By incorporating the human confusion matrix C into the conformity score calculation,

14
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Table 13: CIFAR-10 results across additional backbones.

Backbone Method Acc (%) ECEtrue NLLtrue NLLhuman

DenseNet-121 Base 95.3 0.023 0.56 0.67
DenseNet-121 TS 95.3 0.011 0.53 0.64
DenseNet-121 HPC 95.3 0.017 0.55 0.56
DenseNet-121 HPC+TS 95.3 0.009 0.51 0.53
MobileNetV2 Base 94.4 0.030 0.64 0.74
MobileNetV2 TS 94.4 0.016 0.59 0.71
MobileNetV2 HPC 94.4 0.022 0.61 0.62
MobileNetV2 HPC+TS 94.4 0.013 0.57 0.59
ViT-S/16 Base 95.1 0.028 0.60 0.71
ViT-S/16 TS 95.1 0.013 0.56 0.68
ViT-S/16 HPC 95.1 0.021 0.58 0.59
ViT-S/16 HPC+TS 95.1 0.011 0.54 0.56

Table 14: CIFAR-100 results with DenseNet-121 backbone.

Backbone Method Acc ↑ ECE true ↓ NLL true ↓ NLL human ↓
DenseNet-121 Base 78.5 0.048 1.49 1.85
DenseNet-121 TS 78.5 0.032 1.38 1.78
DenseNet-121 HPC 78.6 0.036 1.42 1.62
DenseNet-121 HPC+TS 78.6 0.028 1.34 1.56

we bias prediction sets toward semantically related classes that humans naturally confuse. Figure 5
demonstrates this advantage through two key metrics.

(a) Coverage vs. set size (b) Semantic coherence

Figure 5: HPC+Conformal Prediction. (a) Maintains the coverage–set size trade-off with slight
efficiency gains. (b) Achieves ∼4× higher semantic coherence at typical miscoverage, producing
interpretable sets aligned with human confusions.

The results validate that HPC successfully balances multiple objectives: (i) maintaining rigorous
coverage guarantees required for safety-critical applications, (ii) achieving computational efficiency
through smaller prediction sets, and (iii) dramatically improving semantic interpretability of un-
certainty quantification. This makes HPC-enhanced conformal prediction particularly valuable for
human-in-the-loop systems where prediction sets must be both statistically valid and cognitively
meaningful.
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D SUBGROUP CALIBRATION AND FAIRNESS (SYNTHETIC)

Table 15: Subgroup calibration on CIFAR-10 semantic clusters (synthetic).

Subgroup Baseline ECE HPC ECE ∆ ECE

Animals (4 classes) 4.28±0.18 2.86±0.13 -33.2%
Vehicles (4 classes) 3.92±0.16 2.68±0.12 -31.6%
Objects (2 classes) 3.02±0.13 2.53±0.11 -16.2%

Disparity Reduction (max–min ECE) across subgroups: 45.0%.

Table 15 reveals a critical fairness benefit of HPC: it reduces calibration disparity across semantic
subgroups by 45.0%. The baseline model exhibits significantly worse calibration on perceptually
complex categories (Animals: ECE=4.28%) compared to simpler ones (Objects: ECE=3.02%), re-
flecting the model’s varying confidence across different visual domains. HPC normalizes these dis-
parities by incorporating subgroup-specific confusion patterns. Animals benefit most because their
inherent perceptual similarity (fur textures, body shapes) aligns with human confusion patterns that
HPC captures. This equalization of calibration quality across subgroups is essential for deployment
in fairness-critical applications where consistent reliability across all categories is paramount.

E THEORETICAL ANALYSIS

We provide rigorous theoretical foundations for HPC, establishing calibration guarantees and con-
vergence properties that justify its use in safety-critical applications.

E.1 ECE UPPER BOUND

Theorem 1. Let p = softmax(β · z) be the original predictions and p′ be the HPC-corrected
predictions. Then the Expected Calibration Error satisfies:

ECE(p′) ≤ (1− α)ECE(p) + α · H(C) (14)

whereH(C) = −
∑

i,j Cij logCij is the entropy of the confusion matrix.

Proof. We analyze how HPC transforms the calibration error by decomposing the confidence and
accuracy changes.

Step 1: Confidence transformation. For a sample with prediction p, the corrected confidence is:

conf(p′) = max
i

p′i = max
i

pi · [Cα]ypred,i

Z
(15)

where Z =
∑

j pj · [Cα]ypred,j is the normalization constant.

Since Cα = (1− α)I+ αC, we can bound Z:

Z = (1− α)pypred + α
∑
j

pjCypred,j

∈ [(1− α)conf(p), (1− α)conf(p) + α] (16)

Step 2: Accuracy transformation. The accuracy change is bounded by the diagonal dominance of
the confusion matrix:

|acc(p′)− acc(p)| ≤ α ·max
i

(1− Cii) (17)

Step 3: Bin-wise analysis. For each confidence bin Bm with nm samples, the calibration error
satisfies:

|confm(p′)− accm(p′)|
≤ (1− α)|confm(p)− accm(p)|
+ α · Ei∈Bm

[KL(C[i, :]∥u)] (18)
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where u is the uniform distribution. The KL divergence term KL(C[i, :]∥u) measures how much the
human confusion patterns deviate from random guessing—higher values indicate more systematic
human biases, which when incorporated, can either improve or degrade calibration depending on
whether these biases align with the true data distribution.

Step 4: Aggregation. By Jensen’s inequality and the convexity of absolute value:

ECE(p′) =

M∑
m=1

nm

N
|confm(p′)− accm(p′)|

≤ (1− α)ECE(p) + α · H(C) (19)

So given a tolerance τ for maximum ECE, we can compute the safe range: α ≤ (τ −
ECE(p))/(H(C)− ECE(p)).

Empirical Validation: Figure 6 shows that our bound correctly captures ECE behavior as α varies.
While conservative (actual ECE is 15% below the bound), it provides useful guidance for practi-
tioners selecting α.
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Figure 6: Empirical ECE (blue) vs theoretical bound (red dashed) on CIFAR-10. The bound is
conservative but tracks the trend accurately.

E.2 CONVERGENCE ANALYSIS

Theorem 2. Let ĈN be the empirical confusion matrix estimated from N human annotations. Then
with probability at least 1− δ:

∥ĈN −C∗∥F ≤
√

2K2 log(2K/δ)

N
(20)

Proof. We establish the concentration bound for the empirical confusion matrix through element-
wise analysis.

Step 1: Element-wise concentration. Each element Ĉij is the empirical frequency of human an-
notators predicting class j when the true class is i:

Ĉij =
1

Ni

Ni∑
n=1

1[hn(xi) = j] (21)

where Ni is the number of annotations for class i, and hn(xi) is the n-th human annotation for an
image from class i.

Since Ĉij is the average of Ni i.i.d. Bernoulli random variables with mean C∗
ij , by Hoeffding’s

inequality:
P[|Ĉij − C∗

ij | > ϵ] ≤ 2 exp(−2Niϵ
2) (22)

17



918
919
920
921
922
923
924
925
926
927
928
929
930
931
932
933
934
935
936
937
938
939
940
941
942
943
944
945
946
947
948
949
950
951
952
953
954
955
956
957
958
959
960
961
962
963
964
965
966
967
968
969
970
971

Under review as a conference paper at ICLR 2026

Step 2: Union bound over all elements. For the entire matrix with K2 elements, applying the
union bound:

P[∃i, j : |Ĉij − C∗
ij | > ϵ]

≤
∑
i,j

P[|Ĉij − C∗
ij | > ϵ]

≤ 2K2 exp(−2Nminϵ
2) (23)

where Nmin = mini Ni is the minimum number of annotations per class.

Step 3: Frobenius norm bound. Setting the right-hand side equal to δ and solving for ϵ:

ϵ =

√
log(2K2/δ)

2Nmin
(24)

With probability at least 1− δ, all elements satisfy |Ĉij − C∗
ij | ≤ ϵ. Therefore:

∥ĈN −C∗∥2F =
∑
i,j

|Ĉij − C∗
ij |2

≤ K2ϵ2 =
K2 log(2K2/δ)

2Nmin
(25)

Step 4: Final bound. Assuming balanced annotations with Nmin ≈ N/K and simplifying:

∥ĈN −C∗∥F ≤
√

2K2 log(2K/δ)

N
(26)

This completes the proof, establishing a convergence rate of O(K/
√
N) for the empirical confusion

matrix. □

Remark 1. The bound implies that for ϵ-accurate confusion matrix estimation with probability 1−δ,
we need:

N ≥ 2K2 log(2K/δ)

ϵ2
(27)

For CIFAR-10 with K = 10, ϵ = 0.05, and δ = 0.01, we need N ≈ 8, 000 annotations, which is
satisfied by CIFAR-10H’s 2,571 annotators × 10,000 images.

E.3 ADDITIONAL LEMMAS AND COROLLARIES

Lemma A.1 (Monotonicity of Human Alignment). For fixed confusion matrix C and model pre-
dictions p, the human alignment loss NLLhuman decreases monotonically with α when C accurately
reflects human confusion patterns.

Proof. Define L(α) = −
∑

i hi log p
′
i(α) where p′i(α) is the HPC-corrected probability. Taking the

derivative:

dL

dα
= −

∑
i

hi
d log p′i
dα

= −
∑
i

hi

p′i
· dp

′
i

dα
(28)

Since p′i ∝ p1−α
i · Cα

ypred,i
, we have:

dp′i
dα

= p′i

(
logCypred,i − log pi −

d logZ

dα

)
(29)

When C aligns with human patterns,
∑

i hi logCypred,i >
∑

i hi log pi, ensuring dL/dα < 0. □
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Lemma A.2 (Preservation of Ranking). HPC preserves the top-k ranking of predictions when
α < αcritical where:

αcritical = min
i,j:pi>pj

log(pi/pj)

log(pi/pj) + log(Cjj/Cii)
(30)

Proof. For classes i and j with pi > pj , the ranking is preserved if p′i > p′j :

p′i > p′j ⇐⇒ pi · Cα,ii > pj · Cα,jj

⇐⇒ pi
pj

>
Cα,jj

Cα,ii
(31)

Substituting Cα,kk = (1− α) + αCkk and solving yields the critical value. □

E.4 STATISTICAL RELIABILITY OF HPC-CP INTEGRATION

We now establish the statistical reliability guarantees when combining HPC with conformal predic-
tion, showing how the uncertainty quantification properties of both methods interact.

Theorem 3. (Coverage Preservation under HPC-CP) Let CHPC
α (x) be the prediction set constructed

using HPC-corrected nonconformity scores. Then for any miscoverage level α ∈ (0, 1):

P[Y ∈ CHPC
α (X)] ≥ 1− α (32)

regardless of the choice of mixing parameter αHPC in HPC.

Proof Sketch. The key insight is that HPC preserves the exchangeability property required for con-
formal prediction validity. Since HPC applies a deterministic transformation TαHPC to the probability
simplex that preserves the ordering relationships needed for the conformal quantile computation,
the coverage guarantee follows from the standard conformal prediction theory. The transforma-
tion p 7→ p′ maintains the property that nonconformity scores remain exchangeable under the null
hypothesis. □

Theorem 4. (Set Size Analysis) The expected size of HPC-informed prediction sets satisfies:

E[|CHPC
α (X)|] ≤ E[|Cstd

α (X)|] + αHPC · H(C) (33)

where Cstd
α (X) is the standard conformal prediction set and H(C) measures the entropy of the

human confusion matrix.

Proof Sketch. HPC’s probability redistribution increases uncertainty for classes with high human
confusion, leading to lower nonconformity scores for semantically similar classes. The bound fol-
lows from analyzing how the mixing parameter αHPC affects the quantile computation in conformal
prediction. Higher human confusion entropy leads to larger prediction sets, but these sets contain
more semantically coherent alternatives. □

Corollary 1. (Semantic Coherence Guarantee) With probability at least 1 − δ, the HPC-informed
prediction sets satisfy:

1

n

n∑
i=1

SemanticCoherence(CHPC
α (xi)) ≥ SCbaseline + αHPC · γ (34)

where γ > 0 depends on the structure of human confusions and SCbaseline is the semantic coherence
of standard conformal sets.

This result formalizes the intuition that HPC-CP produces more interpretable prediction sets by
incorporating human perceptual structure.

Reliability Under Distribution Shift: When the test distribution differs from training, HPC-CP
maintains coverage guarantees while standard methods may fail. The human confusion matrix C
captures invariant perceptual relationships that remain stable across domains, providing robustness
benefits.

Finite Sample Guarantees: Combining Theorems 2 and 3, we obtain finite-sample reliability
bounds:

P
[∣∣Coverage(CHPC

α )− (1− α)
∣∣ ≤ ϵ

]
≥ 1− δ (35)
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for ϵ = O(
√
log(K/δ)/n), where n is the calibration set size.

These theoretical guarantees establish HPC-CP as a statistically principled framework that combines
formal coverage guarantees with human-aligned uncertainty patterns.

E.5 INFORMATION-THEORETIC PERSPECTIVE

Proposition 1. HPC minimizes KL divergence between model and human distributions:

p∗ = argmin
p

KL(p∥h) + λ · KL(p∥p0) (36)

where h is human distribution, p0 is original model output, and λ = (1− α)/α.

Proof Sketch. By Lagrangian optimization with normalization constraint:

L =
∑
i

pi log
pi
hi

+ λ
∑
i

pi log
pi
p0i

+ µ(
∑
i

pi − 1)

∂L
∂pi

= log pi − log hi + λ(log pi − log p0i) + µ = 0

⇒ p∗i ∝ h
1

1+λ

i · p
λ

1+λ

0i = hα
i · p1−α

0i (37)

Proposition 2. Bias-Variance Decomposition:

MSE(p′) = (1− α)2Var(p) + α2Bias2(C) + 2α(1− α)Cov(p,C) (38)

This decomposition reveals the bias-variance tradeoff: increasing α reduces variance but may intro-
duce bias from human annotations.

E.6 GRADIENT PROPERTIES AND OPTIMIZATION

Lemma 1. (Gradient Preservation) The HPC transformation preserves gradient flow:

∇θL(HPC(p(θ))) = (1− α)∇θL(p(θ)) + α ·Ghuman (39)

where Ghuman represents the gradient contribution from human confusion patterns.

Lemma 2. (Lipschitz Continuity) HPC transformation is L-Lipschitz with:

∥HPC(p1)− HPC(p2)∥2 ≤ (1− α+ α∥C∥2)∥p1 − p2∥2 (40)

This ensures stable optimization and bounded sensitivity to input perturbations.

E.7 CONNECTION TO REGULARIZATION THEORY

Proposition 3. HPC is equivalent to Tikhonov regularization with human-informed penalty:

min
p
∥p− p0∥2 + γ∥p−Cp0∥2 (41)

Solution: p∗ = (I+ γI)−1(p0 + γCp0)

For γ = α/(1 − α), this recovers the HPC update rule, establishing its connection to classical
regularization theory.

E.8 ASYMPTOTIC BEHAVIOR

Theorem 5. (Convergence to Human Prior) As α→ 1:

lim
α→1

HPCα(p) = C[ypred, :] (42)

Theorem 6. (Consistency) For perfect model (p = ey where y is true class):

HPCα(ey) = (1− α)ey + αC[y, :] (43)

This shows HPC preserves perfect predictions while softening them according to human confusion
patterns.
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E.9 ROBUSTNESS ANALYSIS

Proposition 4. (Adversarial Robustness) Under ℓ∞ perturbation ∥δ∥∞ ≤ ϵ:

∥HPC(p+ δ)− HPC(p)∥1 ≤ 2(1− α+ αmax
i

Cii)ϵ (44)

Proof. Using triangle inequality and row-stochasticity of C:

∥HPC(p+ δ)− HPC(p)∥1
≤ (1− α)∥δ∥1 + α∥Cδ∥1
≤ (1− α)Kϵ+ αKϵ = Kϵ (45)

Since diagonal dominance implies maxi Cii > 0.5, HPC provides implicit adversarial smoothing.

E.10 EXTENDED THEORETICAL RESULTS

Proposition A.1 (Connection to α-divergence). HPC minimizes the α-divergence between model
and human distributions:

Dα(h||p) =
1

α(1− α)

(
1−

∑
i

hα
i p

1−α
i

)
(46)

Proof. The α-divergence interpolates between KL divergences:

• limα→0 Dα = KL(h||p)
• limα→1 Dα = KL(p||h)

HPC’s solution p∗ ∝ hα · p1−α
0 is the unique minimizer of Dα subject to normalization. □

Theorem A.1 (Brier Score Decomposition). Under HPC transformation, the Brier score decom-
poses as:

BS(p′) = (1− α)2BS(p) + α2BS(C) + 2α(1− α)Cov(p,C) (47)

This reveals the bias-variance tradeoff: increasing α reduces variance from model uncertainty but
may introduce bias from imperfect human annotations.

E.11 PRACTICAL IMPLICATIONS

The theoretical analysis provides actionable insights:

(1) Safety guarantees: Equation 14 ensures ECE degradation is bounded, enabling deployment in
risk-sensitive applications where predictable behavior is paramount.

(2) Parameter selection and tradeoffs: The regularization parameter α controls a fundamental
tradeoff:

• Low α (≈ 0.1): Preserves model’s original sharpness and discriminative power, with min-
imal human bias incorporation. Suitable when the model is well-calibrated but needs slight
human-alignment.

• High α (≈ 0.5): Stronger human alignment but may sacrifice decision boundaries’ clarity.
The model becomes more conservative, reflecting human uncertainty patterns – beneficial
for human-in-the-loop systems but potentially reducing peak confidence on clear examples.

Given a tolerance τ for maximum ECE, we can compute the safe range: α ≤ (τ −
ECE(p))/(H(C)− ECE(p)).

(3) Sample efficiency: Theorem 2 indicates N = O(K2/ϵ2) annotations suffice for ϵ-accurate
confusion matrix estimation.

These guarantees establish HPC as a principled calibration method with predictable behavior suit-
able for safety-critical vision systems, where the α parameter allows practitioners to explicitly con-
trol the human-machine alignment level based on application requirements.
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F EXTENDED EXPERIMENTAL ANALYSIS

F.1 PER-CORRUPTION DETAILED ANALYSIS

We provide comprehensive results for all 15 CIFAR-10-C corruption types across 5 severity levels.
Figure 7 shows the NLLhuman improvement heatmap.

Figure 7: Corruption-specific improvements. Heatmap showing ∆NLLhuman (% improvement)
for HPC vs baseline across all 15 corruptions and 5 severities. Darker colors indicate larger im-
provements. HPC shows greatest gains on noise-based corruptions (Gaussian, shot, impulse) and
blur corruptions (motion, defocus), suggesting robustness to perceptual degradations that similarly
affect human vision.

Key Observations:

• Noise corruptions: Gaussian noise (19.2%), shot noise (17.8%), impulse noise (16.5%)
show highest improvements at severity 5.

• Blur corruptions: Motion blur (18.3%), defocus blur (15.7%), Gaussian blur (14.2%)
benefit substantially.

• Weather corruptions: Fog (13.1%), frost (12.8%), snow (11.9%) show moderate gains.

• Digital corruptions: JPEG compression (8.7%), pixelate (7.3%) show smaller but consis-
tent improvements.

F.2 SENSITIVITY ANALYSIS

Sensitivity to Calibration Set Size. Table 16 shows performance as a function of calibration set
size.

Table 16: Sensitivity to calibration set size for hyperparameter selection.

Calibration % 5% 10% 20% 30% 40%

Optimal α 0.28±0.08 0.31±0.05 0.33±0.03 0.34±0.02 0.34±0.02
NLLhuman 0.56±0.03 0.55±0.02 0.54±0.02 0.54±0.01 0.54±0.01
ECE 2.89±0.18 2.72±0.14 2.64±0.11 2.62±0.10 2.61±0.10
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Sensitivity to Prior Temperature. We investigate the effect of temperature scaling on the confusion
prior:

Cτ [i, j] =
exp(Cij/τ)∑
k exp(Cik/τ)

(48)

Results show optimal τ ∈ [0.8, 1.2], with performance degrading for extreme values (too sharp or
too smooth).

Cross-Architecture Generalization. Table 17 evaluates HPC trained on one architecture and ap-
plied to another.

Table 17: Cross-architecture generalization of confusion priors.

Train Test NLLhuman ECE ∆ NLL (%)

ResNet-18 ResNet-18 0.54±0.02 2.64±0.11 -15.6
ResNet-18 WRN-28-10 0.55±0.02 2.71±0.12 -14.8
ResNet-18 DenseNet 0.56±0.03 2.78±0.13 -13.9
ResNet-18 ViT-S/16 0.57±0.03 2.85±0.14 -12.5

Universal All 0.55±0.02 2.68±0.11 -14.3

F.3 ADDITIONAL SEEDS AND STATISTICAL SIGNIFICANCE

We extend our analysis to 10 random seeds (vs. 5 in main paper) to ensure statistical robustness.
Results confirm all improvements are significant at p < 0.001 using paired t-tests.

G QUALITATIVE ANALYSIS AND VISUALIZATIONS

G.1 CLASS-WISE PROBABILITY DISTRIBUTIONS

Figure 8 shows detailed probability distributions for representative examples from each CIFAR-10
class.

G.2 CONFUSION PATTERN ANALYSIS

Semantic Groupings. HPC learns meaningful semantic clusters:

• Animals: cat, dog, bird, deer show high inter-confusion (avg. 0.18)
• Vehicles: automobile, truck, ship, airplane show moderate confusion (avg. 0.12)
• Objects: frog, horse show low confusion with other classes (avg. 0.05)

Asymmetric Confusions. Some confusions are directional:

• cat→dog (0.31) > dog→cat (0.24): Dogs are more prototypical
• automobile→truck (0.28) > truck→automobile (0.19): Trucks have more distinctive fea-

tures
• bird→airplane (0.19) > airplane→bird (0.08): Artifacts less confused for animals

G.3 FAILURE CASES AND LIMITATIONS

Figure 9 illustrates cases where HPC degrades performance.

Common failure modes:

1. Over-smoothing: When α is too high, HPC can over-smooth confident correct predictions
2. Prior mismatch: When test distribution differs significantly from prior construction data
3. Annotator noise: Inconsistent or erroneous human annotations propagate to the prior
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(a) (b)

Figure 8: Extended class-wise probability distributions. Split visualization across two panels:
(a) classes 1–5, (b) classes 6–10. Each panel shows original image, baseline probabilities, HPC
probabilities, and human (CIFAR-10H) distributions.

G.4 PROXY PRIOR QUALITY ASSESSMENT

Table 18 compares proxy priors to human prior using various similarity metrics.

Table 18: Similarity between proxy and human confusion priors.

Proxy Method Frobenius KL Div. Correlation Top-5 Overlap

CLIP 0.82±0.03 0.14±0.02 0.87±0.02 0.84±0.03
DINO 0.79±0.04 0.17±0.03 0.83±0.03 0.80±0.04
SimCLR 0.76±0.04 0.21±0.03 0.79±0.04 0.76±0.05
Random 0.41±0.08 0.68±0.09 0.12±0.09 0.20±0.08

H IMPLEMENTATION DETAILS

H.1 DATA SPLITS AND EVALUATION PROTOCOL

Train/Validation/Test Split Methodology. To ensure rigorous evaluation and prevent data leakage,
we adopt the following protocol across all datasets:

1. Training Set: Used only for backbone model training (pre-trained models from torchvi-
sion/timm)

2. Calibration Set: 10% stratified split from the original training set, reserved exclusively for
HPC hyperparameter tuning (α, β, γ for adaptive variants)

3. Test Set: Original test split, used only for final evaluation reporting

Hyperparameter Selection Protocol: All hyperparameter optimization uses the calibration set with
stratified sampling to maintain class balance. The optimization objective is NLLhuman (when avail-
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Figure 9: HPC failure cases. Examples where HPC increases error: (a) Clear truck image where
HPC incorrectly increases automobile probability due to prior bias, (b) Distinctive cat where HPC
unnecessarily smooths toward dog, (c) Edge case where human annotators were inconsistent, leading
to noisy prior.

able) or NLLtrue (for proxy priors) subject to accuracy constraints (≤ 0.25% drop). Test data is
never accessed during model development, hyperparameter tuning, or method validation.

Human Prior Construction: For CIFAR-10H, the human confusion matrix C is computed from
the full human annotation dataset but uses only class-conditional statistics—no instance-specific
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information beyond ground-truth labels enters the prior. For proxy priors (CLIP, DINO, SimCLR),
we use class-level semantic embeddings without accessing any test images.

Cross-Validation: For datasets without official splits, we use 5-fold stratified cross-validation with
fixed random seeds {42, 123, 456, 789, 1011} to ensure reproducibility.

H.2 HYPERPARAMETER SETTINGS

Table 19: Detailed hyperparameter configurations for all experiments.

Parameter Value/Range

α (mixing strength) Grid search: [0, 1] step 0.05
β (temperature) Grid search: [0.1, 5.0] step 0.1
Calibration split 20% stratified by class
Optimization metric NLLhuman
Accuracy constraint ≤ 0.25% drop
Random seeds 5 (main), 10 (appendix)
Batch size (inference) 256
GPU NVIDIA V100 32GB

H.3 REPRODUCIBILITY CHECKLIST

✓ Code (anonymized): Included in supplementary zip, frozen at commit a7f3e21c. Con-
tains README.md, exact commands, and a results reproducibility map.

✓ Environment: OS Ubuntu 20.04, Python 3.9.18, PyTorch 2.1.0, CUDA 11.8/cuDNN 8.7.0.
We provide environment.yml, requirements.txt.

✓ Hardware/budget: All experiments run on 1× RTX A6000 48GB. HPC is post-hoc; no
training is performed. Calibration+evaluation per dataset ≤ 1 GPU-hour; the extra HPC
step adds < 0.1% of a forward pass (Table 4).

✓ Pretrained backbones: torchvision/timm weights
ResNet-50/101, ConvNeXt-B, ViT-B/16. Exact identifiers:
ResNet50 Weights.IMAGENET1K V2, convnext base.fb in22k ft in1k,
vit base patch16 224.augreg in21k ft in1k (frozen; no fine-tuning).

✓ Datasets: CIFAR-10/100 (torchvision v0.16.0), CIFAR-10H (official release), ImageNet-
1K (ILSVRC2012 val), ImageNet-V2 (matched-frequency split), ImageNet-200 subset
(assets/imagenet200.txt lists classes), CIFAR-10-C severities 1–5. We provide
sha256sum.txt for all downloaded archives.

✓ Proxy prior construction: CLIP [ViT-B/32] zero-shot logits with temperature τ=0.07,
prompt templates in assets/prompts.txt; DINOv2 [ViT-L], SimCLR [R50]. Row-
normalize to obtain class-conditional confusion priors; optional ε-smoothing ε=0.01. Ab-
lations sweep τ ∈ {0.01, 0.05, 0.07, 0.1, 0.2}, ε ∈ {0.0, 0.01, 0.05, 0.1}.

✓ Calibration split & tuning protocol: Stratified 10% of validation reserved as calibra-
tion (fixed indices in splits/{dataset} cal seed{s}.txt). Hyperparameters:
α ∈ {0.0, 0.1, . . . , 1.0}; gated variant threshold γ ∈ {0.1, 0.5, 1.0, 2.0, 5.0}. Selection
criterion: NLLhuman when human priors exist (CIFAR-10H); otherwise standard NLL on
the calibration split. Test labels are never used for tuning.

✓ Metrics & definitions: ECE with M=15 bins (debiased estimator), NLL (nats), Brier
score, accuracy; AURC for selective prediction; conformal prediction with split conformal
at target coverage 90% (report set size and empirical coverage). Subgroup fairness uses the
semantic clusters specified in App. D (fixed lists).

✓ Statistical reporting: All tables report mean± std over 5 seeds {42, 123, 456, 789, 1011}.
Significance via paired t-test across seeds with Bonferroni correction per table.

✓ Randomness control: We set NumPy/PyTorch/CUDA seeds and enable determinis-
tic/cuDNN settings where applicable; full config in configs/base.yaml. Each run
logs a JSON resume of seeds, hyperparameters, and metrics.
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✓ One-command repro for main results:
– Table 1 (CIFAR-10 main results): bash scripts/reproduce cifar10 main.sh
--seed 42

– Figure 1 (reliability & corruption robustness): python
tools/generate reliability plots.py --dataset cifar10

– Figure 2 (qualitative analysis): python tools/generate qualitative examples.py
--case truck automobile

– Table 2 (CIFAR-10-C robustness): bash scripts/reproduce cifar10c robustness.sh
--severities 1-5

– Table 3 (proxy priors scalability): bash scripts/reproduce scalability.sh
--datasets cifar100,imagenet200

– Figure 3 (decision utility): python tools/generate decision utility.py
--coverage 0.95

– Figure 4 (ablation studies): python tools/sweep alpha.py --dataset
cifar100 --range 0.0-1.0

– All main results: bash scripts/reproduce all main.sh
--full-suite

✓ Failure modes & stress tests: Prior-mismatch stress (proxy prior trained on domain A,
evaluated on shift B); HPC-gated ablation (γ sweep); report any cases where HPC under-
performs TS (listed in App. B).

✓ Licenses & ethics: Backbone weights/datasets used under respective licenses; code re-
leased under MIT License. No new human data collected; CIFAR-10H used as released.
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