
Quantile-Free Uncertainty Quantification 

in Graph Neural Networks

Soyoung Park1, Hwanjun Song2, Sungsu Lim1

1Chungnam National University, 2KAIST

ICML 2026



Contents

ICML 2026

I. Introduction

II. Problem

III. Method

IV. Theory

V. Experiment

VI. Conclusion

2



ICML 2026

Graphs and GNNs

Introduction

• Graphs model connected entities, and GNNs learn from their relationships

𝐺 = 𝑉, 𝐸 , 𝑉 = 𝑛𝑜𝑑𝑒𝑠/𝑒𝑛𝑡𝑖𝑡𝑖𝑒𝑠, 𝐸 = 𝑒𝑑𝑔𝑒𝑠/𝑟𝑒𝑙𝑎𝑡𝑖𝑜𝑛𝑠ℎ𝑖𝑝𝑠

• GNNs learn node representations through message passing

ℎ𝑣
(𝑘)

= UPDATE(ℎ𝑣
𝑘−1

, AGG{ℎ𝑢
𝑘−1

: 𝑢 ∈ 𝒩(𝑣)})
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(a) Message
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𝑚2→1

= 𝐴𝐺𝐺

ℎ𝑁(𝑣=1)

(b) Aggregate

ℎ𝑣=1
𝑡+1 = 𝐶𝑂𝑁𝐶𝐴𝑇(ℎ𝑣=1

𝑡 , ℎ𝑁(𝑣=1))

(c) Update
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GNNs in High-Stakes Application

Introduction

Financial Fraud Detection Medical Diagnosis Autonomous Driving Power Grid Management

• Graph-structured data appears in decision-critical domains

𝑓𝑒𝑎𝑡𝑢𝑟𝑒𝑠 + 𝑡𝑜𝑝𝑜𝑙𝑜𝑔𝑦 → 𝑐𝑜𝑛𝑡𝑒𝑥𝑡 − 𝑎𝑤𝑎𝑟𝑒 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛

• GNNs exploit relational structure to improve predictions

• But in high-stakes settings, accuracy alone is not enough
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Problem of Message Passing

Introduction

Input

Bias

Black-Box GNN Model

GNN

❓

1-hop

2-hop

Output

Bias
target 
node

• Message passing can propagate errors across connected nodes

𝑛𝑜𝑖𝑠𝑦 𝑛𝑜𝑑𝑒 → 𝑛𝑒𝑖𝑔ℎ𝑏𝑜𝑟 𝑎𝑔𝑔𝑟𝑒𝑔𝑎𝑡𝑖𝑜𝑛 → 𝑢𝑛𝑐𝑒𝑟𝑡𝑎𝑖𝑛 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛

• Noisy features can spread to neighbors

• Incorrect edges can affect connected nodes
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Uncertainty Quantification (UQ)

Introduction

Error

Bias

Precision (quantitative)
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• Point prediction alone does not show confidence

• A prediction interval provides a plausible range where the true value is expected to lie

ො𝑦𝑣 → ො𝑦𝑣
𝑙𝑜𝑤, ො𝑦𝑣

𝑢𝑝
, 𝐺𝑜𝑜𝑑 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛 𝑖𝑛𝑡𝑒𝑣𝑎𝑙 → 𝑐𝑎𝑙𝑖𝑏𝑟𝑎𝑡𝑒𝑑 + 𝑐𝑜𝑚𝑝𝑎𝑐𝑡
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Node-wise Prediction Intervals

Problem

• Goal: estimate reliable uncertainty for each node-level regreesion target

➢ Instead of predicting only a point value ො𝑦𝑣, we predict a node-wise interval [ ො𝑦𝑣
𝑙𝑜𝑤 , ො𝑦𝑣

𝑢𝑝
]

➢ A useful interval should satisfy 𝑃 ො𝑦𝑣
𝑙𝑜𝑤 ≤ 𝑦𝑣 ≤ ො𝑦𝑣

𝑢𝑝
≥ 1 − 𝛼 𝑤𝑖𝑡ℎ 𝔼 ො𝑦𝑣

𝑢𝑝
− ො𝑦𝑣

𝑙𝑜𝑤 𝑚𝑖𝑛𝑖𝑚𝑖𝑧𝑒𝑑

• In experiments, these are measure by

➢ Prediction Interval Coverage Probability (PICP)

1

𝑁
෍

𝑖=1

𝑁

𝕀(𝑦𝑖 ∈ 𝐶(𝑥𝑖))

➢ Mean Prediction Interval Width (MPIW)

1

𝑁
෍

𝑖=1

𝑁

| ො𝑦𝑖
𝑢𝑝

− ො𝑦𝑖
𝑙𝑜𝑤|
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Assumption Burden in UQ

Problem

• UQ methods differ in how much extra assumption or procedure they require

➢ Bayesian/Ensemble → priors, posterior approximation, or sampling

➢ Conformal Prediction (CP) → exchangeability and post-hoc calibration

• Quantile Regression (QR) learns lower and upper quantiles and provides direct interval

𝐶 𝑥 = [ො𝑞𝛼/2 𝑥 , ො𝑞1−𝛼/2 𝑥 ]

• Compared to Bayesian and CP methods, QR turns interval estimation into a direct learning 

problem, rather than relying on model sampling or post-hoc calibration
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QR for GNNs

Problem

• QR is direct and assumption-light, but not 

graph-native

• Existing QR methods can be combined with 

GNN embeddings

ℎ𝑣 = 𝐺𝑁𝑁 𝑥𝑣,𝒩 𝑣

𝐶𝑣 = [ො𝑞𝛼/2 ℎ𝑣 , ො𝑞1−𝛼/2 ℎ𝑣 ]

• But message passing makes node intevals 

dependent

➢ Quantile Input Dependency

➢ Quantile Crossing

➢ Over-smoothing

NoYesGNN-specific

Framework
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MC Dropout

QR Methods

• SQR 
• RQR

CP Methods

• CF-GNN 
• RR-GNN

2026KCC_topconf._발표자료_박소영_260624.pdf
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QpiGNN Framework

Method

Bayesian ✓ prior + stochastic sampling

F
re

q
u
e
n
ti

st

CP ✓ post-hoc + exch. assumption

QR

✓ quantile crossing

✓ quantile input required

➢ QR-based method

➢ Quantile-free joint loss

➢ Dual-head

• QpiGNN learns node-wise prediction intervals directly

𝐻𝑣 → (ො𝑦𝑣, መ𝑑𝑣) → 𝐶𝑣

• Instead of predicting multiple quantiles, QpiGNN predicts a center ො𝑦𝑣 and half width መ𝑑𝑣

• This enables quantile-free interval learning directly from graph-awre representations
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Dual Head Architecture

Method
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• The dual head separates prediction and uncertainty after message passing

• A GNN encoder first learns graph-aware node representations 𝐻𝑣 = 𝐺𝑁𝑁(𝑋, 𝐴)

• Then two heads predict the center and uncertainty width

ො𝑦𝑣 = 𝑊𝑝𝑟𝑒𝑑𝐻𝑣 + 𝑏𝑝𝑟𝑒𝑑 , መ𝑑𝑣 = 𝑆𝑜𝑓𝑡𝑝𝑙𝑢𝑠 𝑊𝑑𝑖𝑓𝑓𝐻𝑣 + 𝑏𝑑𝑖𝑓𝑓

• The interval is constructed as 𝐶𝑣 = [ො𝑦𝑣 − መ𝑑𝑣, ො𝑦𝑣 + መ𝑑𝑣]
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• QpiGNN learns calibrated and compact intervals without quantile levels

• Quantile-free joint objective with empirical coverage Ƹ𝑐

ℒ𝑡𝑜𝑡𝑎𝑙 = ( Ƹ𝑐 − (1 − 𝛼))2 + ෠ℓ𝑣𝑖𝑜𝑙 + 𝜆𝑤𝑖𝑑𝑡ℎ ⋅ 𝔼𝑣~𝑉 ො𝑦𝑣
𝑢𝑝

− ො𝑦𝑣
𝑙𝑜𝑤 , Ƹ𝑐 = ℙ ො𝑦𝑙𝑜𝑤 ≤ 𝑦 ≤ ො𝑦𝑢𝑝

• The coverage term makes intervals valid, while the width term keeps them informative

ICML 2026

Quantile–Free Joint Loss

Method

ℒcoverage ℒwidth

Trade-off

14



ICML 2026

Trade-off
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Asymptotic Coverage Guarantee

Theory

• Empirical coverage approaches the target coverage 1 − 𝛼

➢ 𝑍𝑣 is bounded, so WLLN connects empirical coverage to expected coverage

➢ Under mild assumptions, empirical coverage converges to the target level

▪ bounded label noise and weak graph dependency

▪ consistent prediction ො𝑦𝑣 and መ𝑑𝑣

𝑍𝑣 = 1 ො𝑦𝑣
𝑙𝑜𝑤 ≤ 𝑦𝑣 ≤ ො𝑦𝑣

𝑢𝑝
, 𝔼 𝑍𝑣 → 1 − 𝛼

Ƹ𝑐 =
1

𝑁
෍

𝑣=1

𝑁

𝑍𝑣→
𝑃
𝔼 𝑍𝑣 𝑏𝑦 𝑊𝐿𝐿𝑁

∀𝜖> 0, lim
𝑁→∞

𝑃 Ƹ𝑐 − 1 − 𝛼 > 𝜖 = 0
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Finite-sample Coverage Stability

Theory

• Coverage fluctuation is controlled even for finite graphs

➢ 𝑍𝑣 ∈ 0,1 , so coverage indicators are bounded

➢ Concentration bounds control large deviation

➢ 𝛿𝐺 captures extra graph dependency from message passing

Ƹ𝑐 − 𝔼 Ƹ𝑐 = 𝑂(
1

𝑁
)

𝑃( Ƹ𝑐 − 𝔼 Ƹ𝑐 > 𝜖) ≤ 2exp(−2𝑁𝜖2)

sup Ƹ𝑐 𝑋1, … , 𝑋𝑣, … , 𝑋𝑁 − Ƹ𝑐 𝑋1, … , 𝑋𝑣
′ , … , 𝑋𝑁 ≤

1

𝑁
+ 𝛿𝐺
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Near-optimal Width under Coverage Constraint

Theory

• QpiGNN reduces interval width while maintaining target coverage

➢ Coverage-only intervals can become trivially wide

➢ Under symmetry, optimal width corresponds to the required residual quantile

➢ QpiGNN approximates the constrained objective with a coverage-width loss

min
෠𝑑𝑣≥0

ൗ1 𝑁෍
𝑣=1

𝑁

2 መ𝑑𝑣 𝑠. 𝑡. 𝑃( ො𝑦𝑣
𝑙𝑜𝑤 ≤ 𝑦𝑣 ≤ ො𝑦𝑣

𝑢𝑝
) ≥ 1 − 𝛼

መ𝑑𝑣
∗ = 𝐹𝑣

−1 1 −
𝛼

2
, [ ො𝑦𝑣 − መ𝑑𝑣

∗ , ො𝑦𝑣 + መ𝑑𝑣
∗]

ℒ𝑡𝑜𝑡𝑎𝑙 = ℒ𝑐𝑜𝑣𝑒𝑟𝑎𝑔𝑒 + 𝜆𝑤𝑖𝑑𝑡ℎ ⋅ ℒ𝑤𝑖𝑑𝑡ℎ
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Quantitative Evaluation

Experiment
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• QpiGNN achieves the best coverage–width trade-off 

• +22% coverage, −50% width vs. baselines
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Qualitative Evaluation

Experiment

• QpiGNN balanced coverage-width and robust across graph settings

• Baselines show a trade-off

➢ SQR, MC Dropout: narrow intervals but under-coverage

➢ BayesianNN, CF-GNN: adequate coverage but overly wide intervals
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Ablation Study

Experiment

• Dual-head Architecture

➢ Learnable-margin dual head performs best

➢ Outperforms fixed-margin and single-output variants

• Quantile-free Joint Loss

➢ Full objective is essential for optimal performance

▪ Coverage-only → overly wide intervals

▪ Width-only → poor calibration

▪ Baseline → trivial/collapsed outputs
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Structural Shift Generalization

Experiment

• Expressive graphs (e.g., BA, ER) → good generalization

• Simple graphs (e.g., Tree, Basic) → poor transfer
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Robustness to Perturbations

Experiment

• Maintains coverage under noise and edge dropout

• Intervals widen with noise; more stable than baselines
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Exchangeability under Splits

Experiment

• Stable under random splits

• Maintains coverage; adapts width under non-exchangeable splits
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Summary

Conclusion

• Quantile–Free UQ in GNNs

➢ Dual-head architecture + quantile-free joint loss

➢ no quantile input, resampling, or post-hoc calibration

• Theoretical Guarantees

➢ Asymptotic & finite-sample coverage

➢ near-optimal interval width

• Empirical Results

➢ +22% coverage, −50% width across 19 datasets 

➢ robust to noise, structural shift, non-exchangeable splits
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Limitations & Future Work

Conclusion

• Limitations

➢ Approximate theoretical assumptions

➢ Limited analysis on dense/high-degree graphs

• Future Work

➢ Theory for graph-dependent settings

➢ Aleatoric vs. Epistemic uncertainty

➢ Dynamic graphs and broader graph tasks
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