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Introduction and Motivation
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BACKGROUND

How does conformal
prediction work?
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Conformal Prediction (CP) provides a framework for
constructing prediction sets with guaranteed

coverage, Assumes exchangeable data (i.i.d.
assumption)

For a dataset D, CP constructs a set-valued
function that ensures:

P(x,y)ND(y € CD(IE)) >1-—a.

It Generates prediction set:

Cop(z;mp) :={y €Y :s(z,y') >}

Threshold t is chosen as the a(1 + 1/n)-quantile

of empirical scores g (2, yz-) e



PROBLEM STATEMENT

Distribution shifts violate exchangeability assumption

Leads to unreliable coverage and inflated prediction sets

Existing methods rely on simplifying assumptions about shifts

Many use simplistic nonconformity metrics insufficient for high-dimensional image data
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Coverage/ Set Size Violation Under Distribution Shifts

First Experiment:

« CP coverage violations under distribution shifts

coverage under shifts
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(a)

Coverage

I ImageNet

« Prediction set sizes increase for shifted datasets

3 ImageNetV2

Dataset

B ImageNetR

 Transformers (ViTs, DeiTs) outperform CNNs (ResNet50/152) -« All models fail to maintain 0.90 target
- ImageNet variants require larger prediction sets

B ImageNetA

1.01 Target Coverage (0.9)
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Proposed Method

‘Ctest — {L(Z‘}), <o 7“C(xN)}
RLSCP (Reconstruction Loss-Scaled
Conformal Prediction) RLey = ¢1—o(Leest)

Ctest(m; Ttest) — {y, ey: s(m, y,) * max (17 RLtest) > 7-test}

__ Utilizes reconstruction losses from a

— Variational Autoencoder (VAE) as an
uncertainty metric Compatibility: Preserves the original SplitCP prediction

sets when RLtest < 1

—  Scales prediction set sizes using
VAE-derived reconstruction losses

— Links reconstruction uncertainty to

conformal scores Adaptivity: Scales the score function proportionally to

reconstruction loss when RLtest > 1




Reconstruction Loss
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Dataset

Why Reconstruction Loss as an
Uncertainty Metric?

r1.0

Strong correlation between VAE reconstruction loss

and performance degradation under distribution shift
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Algorithm 1 Weighted Quantile Loss-Scaled Conformal
Prediction (WQLCP)

Require: Test dataset D, = {z;}-,, Calibration dataset D , =
{z;}j%1, Confidence level 1 — a. W I C P
Ensure: Prediction sets {C(z;)}i ;.

Step 1: Compute Reconstruction Losses

te'(::;le;re D.a do Compute Lcy(x;; @) using VAE. (Weighted Quantile

for z; € Diest do Compute Ly (xi; 6) using VAE.

e Loss-Scaled

Step 2: Calculate Weights
for z; € D.y do Compute w(z;) o %

end for Conformal

Step 3: Compute Weighted Quantile Threshold

j=inf{q: 0, w(z))i{s; < g} > (1 - ) Tl w(ay) e 4°
gtep 4: égale Test Scores ’ } P rEdICth n)

for z; € Des do Compute Sscaed(zi,y) = s(zi,y) -
max(1, RLies).

end for

Step 5: Generate Prediction Sets

for z; € Diest do Construct C(z;) = {¥ : Sscaled (i, Y) > Tiest }-
end for

Step 6: Return Prediction Sets Return {C(z;)}.




WQLCP Framework

The model leverages VAEs to
compute reconstruction
losses for uncertainty
estimation, applying
weighted quantile and
scaling test scores to refine
conformal prediction

Dataset
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Pre-trained on the train dataset
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Experimental Setup

Datasets: ImageNet (baseline)

ImageNetV2: 10,000
images with natural
distribution shifts (mild
shift)

ImageNetR: 30,000 artistic
renditions of 200 ImageNet
classes (domain gap)

ImageNetA: 7,500
adversarially filtered
natural images (extreme

shift)

Model Architectures:

CNN: ResNet-50,
ResNet-152

Transformer-based:
ViT-S/B, DeiT-S/B

Metrics:

Coverage
Prediction Set Size
Shift Severity

Training:
100 epochs,

optimizer: AdamW

Ir=10"-4, Batch size=256




Quantitative Performance

Method Backbone ImageNet ImageNetV2 ImageNetR ImageNetA
Baselines

Naive RNS50 0.7523/4.5123  0.6462/4.4837 0.3521/5.3459  0.0152/5.5342

RN152 0.7525/4.2321 0.6546/4.1487 0.3869/4.8132  0.1211/5.1028

ViT-S 0.7721/3.8528 0.6689/3.7342 0.4034/4.3124 0.3568/4.7341

ViT-B 0.7723/3.4457 0.6732/3.3759 0.4521/39123 0.3818/4.1128

DeiT-S 0.7625/3.2124 0.6834/3.1187 0.3741/3.6348  0.3021/3.9234

Proposed Methods
RLSCP (Ours) RN-VAE  0.9201/2.5001 0.9102/7.8003 0.7503/21.002 0.6002/50.512
VIT-VAE 0.9301/2.2003 0.9304/7.0002 0.7992/16.703 0.7703/28.514
WQLCP (Ours) RN-VAE 0.9402/2.0002 0.9292/8.9001 0.7773/11.112  0.6501/12.122
ViT-VAE  0.9503/1.8001 0.9403/6.7003 0.8502 / 8.302 0.7402 / 9.501
Comparison Against SOTA

WCP [41] - 0.8801/10.5002 0.8702/18.8002 0.7503/8.5001 0.6503 / 7.3002
SSCP [37] — 0.9001/11.2002 0.8603/17.0003 0.7703/9.7001 0.6702 / 8.6003

RAPS [3] RNS50 0.9002/3.7821 0.7671/2.2521 0.4823/3.4923  0.0221/3.0821

RN152 0.9021/2.9821 0.7823/2.0123  0.5223/3.1421 0.1723/3.0523

ViT-S 0.9023/1.7223  0.8323/2.0923 0.5923/3.5921 0.4723/3.2923

ViT-B 0.9021/1.5423  0.8423/1.8923  0.6721/3.2023  0.5321/3.1321

DeiT-S 0.8999/2.0921 0.8421/2.6421 0.5923/5.2521  0.5099/5.1923

DeiT-B 0.8991/1.5921 0.8323/1.8923  0.6223/3.6623  0.4809/3.2723




Technical Insights

Transformer-based VAESs better ( W Strong corrg]atmn between VAE
hift ) reconstruction loss and
capture shift severity performance degradation under

distribution shift

WQLCP adaptively balances (@ @) Transformer-based VAEs
coverage and efficiency (VIiT-VAE) outperform

CNN-based VAEs (RN-VAE)

WQLCP with ViT-VAE achieves @ @) On ImageNetA (severe shift):

74.0% coverage with efficient set
size of 9.50 RN-VAE.: Coverage drop of A = 0.290
ViT-VAE: Smaller drop of A = 0.210



B-VAE Ablation Stud

B-VAE parameter optimization Increasing 3 leads to higher KL Reconstruction MSE decreases
shows: divergence with higher f — indicating
Optimal B = 1.2 achieves (stronger regularization) improved generalization

0.7402 coverage on ImageNetA

-@- Reconstruction MSE  -ll- KL Divergence

Coverage Across Distribution Shifts

VAE Component Trade-off Analysis
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Figure 4. 3-VAE ablation study: (Left) Reconstruction MSE loss vs KL divergence trade-off. (Right) Coverage vs 3 on ImageNetA, showing
optimal 3 = 1.2 achieves 0.7402 coverage.




Failure Mode Analysis

Under-coverage in Extreme Shifts:

« 12.1% of ImageNetA samples with high reconstruction loss (Lrec > 30)
exhibit severe under-coverage

* 0.42 coverage vs. average 0.74
» Linked to B-VAE over-regularization under adversarial shifts

Inflated Set Sizes in Fine-grained Classes:
* 4.8% of predictions require larger set sizes
* Occurs in visually similar classes (e.g., dog breeds)
» Suggests need for class-conditional calibration strategies

» These failure modes highlight opportunities for future research in adaptive
regularization and class-conditional calibration techniques




CONCLUSIONS

Introduced RLSCP:
Using VAE
reconstruction losses
to scale conformal
scores

Developed WQLCP:
Weighted quantile
calibration framework
for improved
uncertainty estimation

Demonstrated
state-of-the-art
performance on
ImageNet variants
with distribution
shifts

Provided a robust
solution for conformal
prediction under
distribution shifts
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