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Background 

 점예측(Point-Prediction)만으로堺충분한가? 
• 점예측만으로는堺개별堺예측의堺불확실성堺크기를堺알堺수堺없어堺개별堺예측의堺위험도(Tail Risk)를堺제어하지堺못함 
• 허용堺가능한堺위험堺범위와堺비교하기堺위해堺통계적으로堺보장하는堺예측구간/영역이堺필요. 

도착堺예정堺소요堺시간 : 30분 

도착堺예정堺소요堺시간 : 40분 

남은시간 : 50분 

도착堺예정堺소요堺시간 : 40±5분 

도착堺예정堺소요堺시간 : 30ିହ
ାଷ଴분 
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Conformal Prediction 

 Conformal Prediction이란? 
• conform = 부합하다, 동조하다. → conformity: 새堺데이터가堺기존堺데이터에堺얼마나堺잘堺동조/부합하는가 
• 교환가능성(exchangeability)하에, 예측모델堺상관없이(Model-Agnostic),분포堺상관없이(distribution-free) 유한堺샘플에堺대해堺동조성

(conformity)을堺근거로堺보장된堺예측영역/구간을堺만드는堺절차 
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Conformal Prediction 

 예측堺영역을堺어떻게堺만드는가? (기본堺아이디어 : Locally Adaptive CP) 
• 보정堺데이터(Calibration Set)의堺비동조성堺점수(Non-conformity score)를堺정렬해堺임계값 𝑞̂ 하나를堺뽑는다 
• 새로운堺입력에堺대해堺비동조성堺점수가堺이堺임계값 𝑞̂ 이하가堺되는堺정답의堺범위를堺역으로堺계산해堺예측堺구간/영역을堺만든다 

DataSet 

Train 

Calibration Set 

Normalized
Non-conformity score

𝑠 𝑥 𝑦 =
∣ 𝑦 − 𝑦ො 𝑥 ∣

𝜎ො 𝑥

Base model 

모델훈련 

추론/예측 

Trained 
Base model 

Test 

Residual
(Non-conformity score)

∣ 𝑦 − 𝑦ො 𝑥 ∣

normalizing 
coefficient

𝜎ො 𝑥

Papadopoulos, Harris, and Haris Haralambous. "Reliable prediction intervals with regression neural networks." Neural Networks 24.8 (2011): 842-851. 

모
델

훈
련

 

Dispersion Model 

𝑦ො 𝑥
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Conformal Prediction 

DataSet 

Calibration Set 

Normalized non-conformity score

𝑠 𝑥 𝑦 =
∣ 𝑦 − 𝑦ො 𝑥 ∣

𝜎ො 𝑥
ℙ 𝑠 ≤ 𝑞̂ଵିఈ ≥ 1 − 𝛼

 예측堺영역을堺어떻게堺만드는가? (기본堺아이디어 : Locally Adaptive CP) 
• 보정堺데이터(Calibration Set)의堺비동조성堺점수(Non-conformity score)를堺정렬해堺임계값 𝑞̂ 하나를堺뽑는다 
• 새로운堺입력에堺대해堺비동조성堺점수가堺이堺임계값 𝑞̂ 이하가堺되는堺정답의堺범위를堺역으로堺계산해堺예측堺구간/영역을堺만든다 

New input 
𝑥௡ାଵ 

Papadopoulos, Harris, and Haris Haralambous. "Reliable prediction intervals with regression neural networks." Neural Networks 24.8 (2011): 842-851. 

s 𝑞̂ଵିఈ

p 𝑠

1 − 𝛼

𝛼 ∶ 𝑆𝑖𝑔𝑛𝑖𝑓𝑖𝑐𝑎𝑛𝑐𝑒 𝑙𝑒𝑣𝑒𝑙

𝑦̂ 𝑥௡ାଵ ± 𝑞̂ଵିఈ𝜎̂ 𝑥௡ାଵ

예측堺구간堺산출 

Trained 
Base model Dispersion Model 

𝑦̂ 𝑥௡ାଵ

𝜎̂ 𝑥௡ାଵ
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Conformal Prediction 

 어떤堺예측영역이堺좋은堺예측영역인가? - Validity 
• Validity: 정답이堺예측영역안에堺포함(cover)될堺확률을堺목표한堺확률堺이상으로堺실제로堺달성하는堺성질 
• Prediction Set의堺신뢰수준을堺정량적으로堺보장하는堺것이 CP의堺핵심  

도착堺예정堺소요堺시간 : ? 

18/20 Covered = 90% 
 

Target = 90%  Observed = 90% 
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Conformal Prediction 

 어떤堺예측영역이堺좋은堺예측영역인가? - Efficiency 
• 항상 (−∞, ∞)를堺내놓으면 coverage는 100%임. 
• Validity만으로는堺무의미 — 무한堺구간은堺언제나堺유효하지만堺쓸모가堺없음 
• Efficiency: Validity를堺유지하면서堺예측영역이堺작은堺정도 

Target = 90%   Observed = 90% Target = 90%   Observed = 100% 

예측구간이넓음
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Multi-Output Conformal Prediction 

 만약堺출력변수가堺다변량이라면? 
• 출력마다 90%를堺맞춰도, 전부堺맞을堺확률은 90%가堺아니다 
• 이를堺억지로堺보장하려堺들면堺예측堺영역이堺비대해져堺무의미해진다 

10 days of New Data 

Coverage(Truck): 90% 

Coverage(Bus): 90% 

Coverage(Car): 90% 

Coverage(Motorcycle): 90% 

Joint Coverage = 90%? 
Joint Coverage = 𝟎. 𝟗𝟒=65.6%? 

각堺출력간堺의존관계를堺어떻게堺정의해야堺할까? 

도착堺예정堺소요堺시간 : ? 

X : 구간堺별堺교통상황 
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Copula-based Conformal Prediction for Multi-Target Regression 

Messoudi, Soundouss, Sébastien Destercke, and Sylvain Rousseau. "Copula-based conformal prediction for multi-target regression." Pattern Recognition 120 
(2021): 108101. 

2021 Pattern Recognition  출력간堺의존관계를堺반영해堺더堺효율적인堺예측영역을堺만들자 
 Problem 

• 출력별 CP만으로는 joint validity를堺직접堺확보할堺수堺없음  

• 의존관계를堺무시한 calibration은堺과도하게堺보수적일堺수堺있음  

 Approach 
• 각堺출력별 Score의堺의존관계를 copula로堺추정  
• 목표 Joint coverage로부터 output-wise coverage level 결정 

 Contribution 
• 출력의존관계를堺반영한 joint calibration  
• Validity와 prediction-region efficiency의堺동시堺개선 
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Copula-based Conformal Prediction for Multi-Target Regression 

 Copula란? 
• 문제의식: 결합분포를堺통째로堺다루면堺복잡하다 → "각堺변수의堺개별堺분포"와 "변수堺간堺순수堺의존堺구조"로堺분리 
• Sklar 정리: 𝐹 s ଵ , … , s ௠ = 𝐶 𝐹ଵ s ଵ , ⋯ , 𝐹୫ s ௠  = 𝐶 𝑢 ଵ , … , 𝑢 ௠  

• 𝐹ଵ s ଵ , ⋯ , 𝐹୫ s ௠ : 각堺출력堺변수堺별 non-conformity score의堺주변누적분포(marginal cdf)(=백분위수 𝑢) 
• C : copula함수, 정의역은 0,1 ୫ 

• 각堺변수의堺개별堺백분위수堺값들을堺변수堺간堺의존堺관계에堺따라堺합성하여堺전체堺결합누적확률을堺산출하는堺함수 

𝐶ஈ 𝑢 ଵ , … , 𝑢 ௠ = ෑ 𝑢 ௝

௠

௝ୀଵ

변수堺간堺완전堺독립堺가정 

𝐶ீ
ఏ 𝑢 ଵ , … , 𝑢 ௠ = exp − ෍ − ln 𝑢 ௝ ఏ

௠

௝ୀଵ

ଵ/ఏ

 

양의堺상관관계堺및堺상위堺극단값堺의존堺가정 

𝐶ா 𝑢(ଵ), … , 𝑢(௠) =
1

𝑛cal
෍ 𝕀

௡cal

௜ୀଵ

𝑢௜
(ଵ)

≤ 𝑢(ଵ), … , 𝑢௜
(௠)

≤ 𝑢(௠)

사전堺가정堺없음 (비모수적堺데이터堺반영) 
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Copula-based Conformal Prediction for Multi-Target Regression 

 Copula를堺통해堺어떻게 Joint coverage를堺보장하는가? 
• Copula를堺통해 “모든堺출력차원이堺들어갈堺확률(joint coverage)”을堺만족하기堺위한 각 output별 coverage를堺구할堺수堺있다. 
• Joint coverage 제약을堺각堺출력별 calibration level로堺분해 

𝐶 1 − 𝛼 ଵ , … , 1 − 𝛼 ௠ = 1 − 𝛼୨୭୧୬୲ 

Joint Coverage를堺만족하기堺위해 
각 output에서堺몇 % coverage를堺요구할堺것인가? 

Prediction region
𝑦̂ ௝ 𝑥௡ାଵ ± 𝑞̂ ௝ 𝜎̂ ௝ 𝑥௡ାଵ  𝑗 = 1, … , 𝑚

각 output 𝑦̂ ௝ 별
Conformal Prediction

요구 coverage : 1 − 𝛼 ୧

Hyperrectangle형태의堺예측영역 
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Copula-based Conformal Prediction for Multi-Target Regression 

 실험堺결과 
• Validity: Independent의堺과도한堺보수성(Over-coverage)을堺해소하고, Empirical Copula가堺목표 Coverage에堺가장堺정밀하게堺수렴 
• Efficiency: 변수堺간堺의존관계를堺반영(Gumbel, Empirical)함으로써堺과도하게堺보수적인 output-wise coverage를堺완화하고堺부피를 

대폭堺축소 

Messoudi, Soundouss, Sébastien Destercke, and Sylvain Rousseau. "Copula-based conformal prediction for multi-target regression." Pattern Recognition 120 
(2021): 108101. 

1 − 𝛼௚ 1 − 𝛼௚
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Calibrated Multiple-Output Quantile Regression with Representation Learning 

Feldman, Shai, Stephen Bates, and Yaniv Romano. "Calibrated multiple-output quantile regression with representation learning." Journal of Machine Learning 
Research 24.24 (2023): 1-48. 

2023 JMLR  예측영역의堺형태를堺고정하지堺말고, 데이터가堺정하게堺하자 
 Problem 

• 기존 prediction region은堺제한된 geometry에堺의존 (예 : 

hyperrectangle) 
• 실제 𝑌∣𝑋의堺구조에堺따라堺불필요한堺영역이堺포함될堺수堺있음 

 Approach 
• Conditional VAE 기반 representation learning  

• Latent space에서 directional quantile regression  
• Nonlinear decoding으로 flexible region 복원  
• Calibration으로 finite-sample marginal coverage 확보  

 Contribution 
• Flexible Prediction Region 
• 동일 target coverage에서 efficiency 개선 
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Calibrated Multiple-Output Quantile Regression with Representation Learning 

 고정된 Prediction region의堺형태를堺사전에堺제한하면堺어떤堺비효율이堺발생하는가? 
• 많은 multivariate UQ 방법은 prediction region을堺사전에堺정한 geometry 안에서堺구성  
• 고정된堺형태堺제약이 low-density 영역까지堺포함하여堺불필요하게堺큰 Region Volume을堺형성 

실제 Y 분포에堺맞는堺형태로堺예측堺영역을堺유연하게堺만들堺수堺없을까? 
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Calibrated Multiple-Output Quantile Regression with Representation Learning 

 Y 분포에堺맞는堺예측堺영역堺형태를堺어떻게堺만들堺수堺있을까? 
• Stage 1 (Representation Learning): CVAE 기반의堺비선형堺디코딩으로堺복잡한 geometry를堺반영하여堺효율적인 Region을堺생성 
• Stage 2 (Conformal Calibration): Calibration 데이터를堺바탕으로 Region 크기를堺보정하여 finite-sample coverage를堺보증 

𝛾cal
𝛾cal

Stage 1 : Representation Learning  Stage 2 : Conformal Calibration 
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Calibrated Multiple-Output Quantile Regression with Representation Learning 

 DQR(Directional Quantile Regression)이란? 
• 다차원堺반응堺변수(Y) 공간에서堺여러堺방향堺벡터(𝑢)로堺데이터를堺사영(projection)한堺뒤, 각堺방향마다堺단변량堺분위수堺회귀를堺풀어堺반공간

(half-space)의堺경계면을堺추정  
• 모든堺방향의堺반공간을堺교집합하여堺영역을堺깎아내므로 반드시堺볼록(Convex)한堺형태만堺가능하고, 방향이堺늘어날堺수록堺내부堺포함堺확률이 

감소해堺목표치보다 Coverage가堺떨어지는(Under-coverage) 구조적堺한계를堺지님 

Feldman, Shai, Stephen Bates, and Yaniv Romano. "Calibrated multiple-output quantile regression with representation learning." Journal of Machine Learning 
Research 24.24 (2023): 1-48. 

𝑀=8방향 (𝛼=0.1, 목표 90%) 𝑀=512방향 (𝛼=0.1, 목표 90%) 
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Calibrated Multiple-Output Quantile Regression with Representation Learning 

 1단계: ST-DQR (Spherically Transformed DQR) 
• Step 1 (Encoding): CVAE를堺통해堺복잡한堺출력堺공간(𝑌)을堺다루기堺쉬운堺구형(Spherical) 정규분포堺잠재堺공간(𝑍)으로堺매핑 
• Step 2 (DQR): 등고선이堺볼록한堺잠재堺공간에서堺방향堺분위수堺회귀(NPDQR)를堺적용하여堺안정적인 Convex Region 구축  
• Step 3 (Decoding): 도출된堺잠재堺영역을堺비선형堺디코더로堺역변환하여, 실제堺데이터堺분포堺형태를堺따르는堺예측영역 완성  

DQR의堺볼록(convex)이라는堺제약을堺단순한堺잠재공간으로  Mapping하여堺해결 

Step 1 : CVAE mapping Step 2 : DQR Step 3 : Decoding 
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Calibrated Multiple-Output Quantile Regression with Representation Learning 

 2단계: 다변량堺적합堺예측堺보정 
• DQR의堺본질적堺한계(무한堺반공간의堺교집합)로堺인해堺영역은堺목표 Coverage에堺미달하는 Under-coverage가堺발생함 

• 별도의 Calibration 데이터로堺경계면과의堺거리를堺측정하고堺영역을堺보정(팽창/수축)하여堺유한堺표본하에堺목표 Coverage(≥ 1 − 𝛼)를 

엄밀히堺보증함 
 

𝛾cal = 1 − 𝛼 1 + 1/𝑛ଶ  번째 분위수 값𝐸௜ = ൞
min

௔∈ோ ௑೔

‖ 𝑌௜ − 𝑎‖ଶ if 𝑌௜ ∉ 𝑅 𝑋௜  영역 밖: 양수

− min
௕∈ோ ௑೔

೎
‖ 𝑌௜ − 𝑏‖ଶ if 𝑌௜ ∈ 𝑅 𝑋௜  영역 안: 음수

𝑆
ఊcal 𝑋௡ାଵ = 𝑦 ∈ ℝௗ: min

௔∈ோ ௑೙శభ

‖ 𝑦 − 𝑎‖ଶ ≤ 𝛾cal

최종堺예측堺영역堺생성 보정堺임계값堺산출 최소거리堺기반 Non-conformity Score 정의 

Calibration Sample

+
+

-
-

𝛾cal𝛾cal

1 − 𝛼

Calibration score 
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Calibrated Multiple-Output Quantile Regression with Representation Learning 

 실험결과 
• Validity: 보정堺단계堺덕분에堺목표 coverage를堺유지 
• Efficiency: 같은 coverage에서堺영역堺크기가堺감소  

 

Feldman, Shai, Stephen Bates, and Yaniv Romano. "Calibrated multiple-output quantile regression with representation learning." Journal of Machine Learning 
Research 24.24 (2023): 1-48. 

Naïve QR: 차원별堺분위수堺독립堺추정 
 
 
 
 
NPDQR: 신경망堺기반堺볼록堺다면체堺영역  
 
 
 
 
ST-DQR: 제안堺방법 
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Calibrated Multiple-Output Quantile Regression with Representation Learning 

 실험결과 
• Validity: 보정堺단계堺덕분에堺목표 coverage를堺유지 
• Efficiency: 같은 coverage에서堺영역堺크기가堺감소 

 

Feldman, Shai, Stephen Bates, and Yaniv Romano. "Calibrated multiple-output quantile regression with representation learning." Journal of Machine Learning 
Research 24.24 (2023): 1-48. 

Naïve QR: 차원별堺분위수堺독립堺추정 
 
 
 
 
NPDQR: 신경망堺기반堺볼록堺다면체堺영역  
 
 
 
 
ST-DQR: 제안堺방법 
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Calibrated Multiple-Output Quantile Regression with Representation Learning 

각 Input Condition에서 Coverage를堺더堺안정적으로堺만들堺수堺없을까? 

 Prediction Region은堺모든堺입력(x)에서堺동일한 Coverage를堺보장하는가? 
• Conformal Calibration은堺샘플堺전체堺평균(Marginal)만堺보장하므로, X에堺따른堺이분산성(Heteroscedasticity) 및堺국소적堺데이터堺밀도 

차이로堺인해堺국소堺구간에서 Coverage 변동이堺발생함 

Feldman, Shai, Stephen Bates, and Yaniv Romano. "Calibrated multiple-output quantile regression with representation learning." Journal of Machine Learning 
Research 24.24 (2023): 1-48. 
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A Unified Comparative Study with Generalized Conformity Scores for Multi-Output Conformal Regression 

Dheur, V., et al(2025). “A Unified Comparative Study with Generalized Conformity Scores for Multi-Output Conformal Regression.” Proceedings of the 42nd 
International Conference on Machine Learning, in Proceedings of Machine Learning Research267:13444-13485 

2025 ICML 
 입력마다堺달라지는 Conformity Score의堺분포를堺정규화하자 

 Problem 
• 기존 conformity score의 distribution이 X에堺따라堺달라질堺수堺있음 

• 하나의 global threshold는 input별로堺서로堺다른 coverage를堺유발할 
수堺있음 

 Approach 
• 두堺종류의 generalized conformity score 

• CDF-based conformity scores (C-PCP 방법) 
• Latent-based conformity score (L-CP 방법) 

 Contribution 
• Exact finite-sample marginal coverage 유지  

• Asymptotic Conditional Coverage 
• 9개 multi-output CP 방법의 unified comparison 
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A Unified Comparative Study with Generalized Conformity Scores for Multi-Output Conformal Regression 

 Score scale을堺입력(X)에堺관계없도록堺어떻게堺정규화堺할堺수堺있을까? 
1) CDF Based Conformity Score (C-PCP) 
• 입력 𝑋=𝑥조건부堺누적분포함수(CDF)를堺통해堺균등분포(𝒰(0,1))로堺정규화함으로써, 점수堺분포의 𝑥의존성을堺제거 

 

조건부堺생성堺모델堺통한堺예측堺분포𝑭̂𝒀∣𝑿ୀ𝒙에서 
Montecarlo 샘플링 L+K개 

Calibration set 각堺샘플 x별로 
참조샘플 𝒀̂ 𝒌 과 정답 Y의 기준샘플 𝒀̃ 𝒍 에堺대한 

최단거리d를堺구함 

𝒀̃ 𝟏 , … , 𝒀̃ 𝑳 ∼
𝒊.𝒊.𝒅.

𝑭̂𝒀∣𝑿ୀ𝒙

정답 Y의堺최단거리d 의 
Empirical CDF(=백분위수)를堺구함 

(Score의 X 의존성堺제거) 

기준샘플(L개)

참조샘플(K개)

정답 Y

𝒅 𝒙, 𝒚 = 𝐦𝐢𝐧
𝒍∈ 𝑳

‖ 𝒚 − 𝒀̃ 𝒍 ‖𝟐

𝒅 𝒙, 𝒀̂ 𝒌 = 𝐦𝐢𝐧
𝒍∈ 𝑳

‖ 𝒀̂ 𝒌 − 𝒀̃ 𝒍 ‖𝟐 𝑠஼ି௉஼௉ 𝑥, 𝑦 =
1

𝐾
෍ 𝕀

௄

௞ୀଵ

𝑑 𝑥, 𝑌̂ ௞ ≤ 𝑑 𝑥, 𝑦

0 1 𝑠஼ି௉  

𝒀̂ 𝟏 , … , 𝒀̂ 𝑲 ∼
𝒊.𝒊.𝒅.

𝑭̂𝒀∣𝑿ୀ𝒙
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 Score scale을堺입력(X)에堺관계없도록堺어떻게堺정규화堺할堺수堺있을까? 
1) CDF Based Conformity Score (C-PCP 방법) 
• 새로운堺입력(x)마다堺거리d의堺조건부堺분위수를堺통해堺구의堺반지름(r)을堺동적으로堺적응시킴으로써, 표본堺샘플링만으로堺조건부堺불확실성을 

반영한堺다변량堺예측堺영역을堺생성 

목표 Coverage 𝟏 − 𝜶𝒈 에堺대응하는 
𝑠஼ି௉஼  Score 임계치 𝒒̂ 추출 

Calibration Set 

Calibration set 전체 𝑠஼ି௉஼௉ 계산 

... New input 
𝑥௡ାଵ 

𝒀̃ 𝟏 , … , 𝒀̃ 𝑳 ∼
𝒊.𝒊.𝒅.

F̂𝒀∣𝑿ୀ௫೙శభ

𝒀̂ 𝟏 , … , 𝒀̂ 𝑲 ∼
𝒊.𝒊.𝒅.

F̂𝒀∣𝑿ୀ௫೙శభ

점근적堺가정(|𝒟௖௔௟| → ∞, 𝐾 → ∞)하에 
조건부 Coverage를堺보장 

0 1 𝒒̂ 

r

임계치 𝒒̂에堺해당하는 참조샘플의堺최단거리를 반지름(r)으로堺하여 
기준샘플 L개 주위에 구를堺씌워堺합집합堺예측영역을堺만듦 

𝒒̂ 

𝟏 − 𝜶୨୭୧୬୲

0 1 

1 

𝑆C−PCP = 𝐹𝐷|𝑋 𝑑 ∣ 𝑋   ∣ 𝑋  ∼  Uniform 0,1



28 

A Unified Comparative Study with Generalized Conformity Scores for Multi-Output Conformal Regression 

 Score scale을堺입력(X)에堺관계없도록堺어떻게堺정규화堺할堺수堺있을까? 
2) Latent Conformity Scores (L-CP) 
• 가역堺생성堺모델(𝑄ିଵ)을堺통해堺복잡한堺출력堺공간Y를堺표준정규堺잠재공간Z으로堺매핑하여堺단순한堺원점堺거리‖𝑧‖)로堺임계堺초구(𝑞̂)를堺구한 

뒤, 이를堺다시堺출력堺공간Y로堺복원 
• 입력 X에堺따른堺모든堺비선형성과堺이분산성을堺가역堺함수가堺흡수하여堺잠재변수 Z를 X와堺독립인堺표준정규분포로堺정규화하므로, 모든 x 지점

마다堺점근적堺가정하에 1-α의 Conditional Coverage를堺유지 

역매핑堺및堺점수화 Calibration in Latent hypersphere 출력堺공간堺복원 

𝑆L−CP = ‖𝑄−1 𝑌; 𝑋 ‖2   ∣ 𝑋 = 𝑥  ∼   𝜒𝑑 ∀𝑥

점근적堺가정(𝑄̂ → 𝑄∗, |𝒟cal| → ∞)하에 
조건부 Coverage를堺보장 
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 실험결과 : ST-DQR방법론堺대비 Validity와 Efficiency를堺유지하였는가? 
• Maginal Coverage(Validity): L-CP와 C-PCP는堺전堺데이터셋에서堺목표를堺충족하며, ST-DQR은堺일부堺데이터셋에서堺약간堺미달 
• Median Size(Efficiency) : 거의堺모든 DataSet에서 L-CP, C-PCP가堺우수. 

Dheur, V., et al(2025). “A Unified Comparative Study with Generalized Conformity Scores for Multi-Output Conformal Regression.” Proceedings of the 42nd 
International Conference on Machine Learning, in Proceedings of Machine Learning Research267:13444-13485 
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 실험결과 : ST-DQR 방법론堺대비堺조건부 Coverage를堺개선하였는가? 
• 국소堺조건부堺오차(CEC)를堺기존堺대비堺최대 10~100배堺대폭堺낮추고 Worst Slab Coverage(WSC)를 65~80% 선으로堺방어하여, 우수한 

Conditional Validity를堺입증함. 

• CEC-𝑋: 입력 𝑋구간별 Coverage의堺목표치堺대비堺평균堺오차 (낮을수록堺우수). 
• WSC: 가장堺성능이堺붕괴된堺최악堺구간의 Coverage 수치 (높을수록堺우수). 

Dheur, V., et al(2025). “A Unified Comparative Study with Generalized Conformity Scores for Multi-Output Conformal Regression.” Proceedings of the 42nd 
International Conference on Machine Learning, in Proceedings of Machine Learning Research267:13444-13485 
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Conclusion: Toward Prediction Regions Aligned with Uncertainty Structure 

Multi-output CP는 Efficiency와 Conditional Validity를堺개선하기堺위해, 
예측영역을堺실제堺조건부堺결합堺불확실성堺구조에堺맞게堺바꿔옴 

 PAPER1 : Messoudi 2021 
• 문제정의 : Output-wise CP로 joint calibration을堺효율적으로堺확보하기堺어려움 
• 방법 : Copula-based calibration 
• 결과 : Dependence-aware joint calibration & efficiency 
• 한계 : Fixed-form region geometry 

 PAPER2 : Feldman 2023 
• 문제정의 : 제한된 region geometry가堺불필요한 volume을堺포함 
• 방법 : Representation learning + ST-DQR 
• 결과 : Flexible geometry & statistical efficiency 
• 한계 : Conditional coverage 미보장 

 PAPER3 : Dheur 2025 
• 문제정의 : Conformity score의堺조건부분포가堺입력 x에堺따라堺달라진다. 
• 방법 : CDF-based / latent-based generalized conformity scores 
• 결과 : asymptotic conditional validity 




