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GNNs are powerful

2

<latexit sha1_base64="p9cWonIJjLFOH46uaslFF0QAmpg=">AAAB/nicbVDLSsNAFJ3UV62vqLhyE2wFVyUp+FgWXeiqVLAPaEKYTKft0JkkzNwIJRT8FTcuFHHrd7jzb5y0WWjrgYHDOfdyz5wg5kyBbX8bhZXVtfWN4mZpa3tnd8/cP2irKJGEtkjEI9kNsKKchbQFDDjtxpJiEXDaCcY3md95pFKxKHyASUw9gYchGzCCQUu+eVRxBYaRFOltozH1XRhRwBXfLNtVewZrmTg5KaMcTd/8cvsRSQQNgXCsVM+xY/BSLIERTqclN1E0xmSMh7SnaYgFVV46iz+1TrXStwaR1C8Ea6b+3kixUGoiAj2ZZVWLXib+5/USGFx5KQvjBGhI5ocGCbcgsrIurD6TlACfaIKJZDqrRUZYYgK6sZIuwVn88jJp16rORfX8vlauX+d1FNExOkFnyEGXqI7uUBO1EEEpekav6M14Ml6Md+NjPlow8p1D9AfG5w/C9ZVe</latexit>

GNN✓ 2
Classification

Test node 1 3

Regression

14.5
<latexit sha1_base64="/uJg7DA0nspFSMb6Z+ljbBtM2Nw=">AAAB6nicbVDLTgJBEOzFF+IL9ehlIph4IrskPo5ED3rEKEICGzI7zMKE2dnNTK8JIXyCFw8a49Uv8ubfOMAeFKykk0pVd7q7gkQKg6777eRWVtfWN/Kbha3tnd294v7Bo4lTzXiDxTLWrYAaLoXiDRQoeSvRnEaB5M1geD31m09cGxGrBxwl3I9oX4lQMIpWui/flLvFkltxZyDLxMtICTLUu8WvTi9macQVMkmNaXtugv6YahRM8kmhkxqeUDakfd62VNGIG388O3VCTqzSI2GsbSkkM/X3xJhGxoyiwHZGFAdm0ZuK/3ntFMNLfyxUkiJXbL4oTCXBmEz/Jj2hOUM5soQyLeythA2opgxtOgUbgrf48jJ5rFa888rZXbVUu8riyMMRHMMpeHABNbiFOjSAQR+e4RXeHOm8OO/Ox7w152Qzh/AHzucPVh2NLw==</latexit>

G

Patient Network Financial Network Drug-discovery Network



Errors in critical applications
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In high stake settings, errors have huge costs.

GNN on patient network:

Wrong 
diagnosis

Wasted 
experiment

GNN on drug discovery network:

GNN on financial network :

Undetected
Fraud



As the errors accumulate…
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People stop trusting GNNs!

Can we know when will 
the model break down?

What should we do?

In another word, can we 
produce measure of 
uncertainty for model 
prediction?



If we know when the model 
will break down, …
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GNN on patient graph:

Right 
diagnosis

Low 
uncertainty

High 
uncertainty Don’t use 

model 
prediction

How to produce a good uncertainty estimation?



After this lecture, you will learn…

o How to evaluate if an uncertainty 
estimation method is good?
o What is reliability mathematically?

o How to produce uncertainty estimates 
with reliability guarantees?
o Introduction to conformal prediction

o How to produce reliable uncertainty 
estimates for graphs?
o State-of-the-art: conformalized GNNs
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Plan for Today
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o How to evaluate if an uncertainty 
estimation method is good?

o How to produce uncertainty 
estimates with reliability guarantees?

o How to produce reliable uncertainty 
estimates for graphs?



When will the model break 
down? quantifying uncertainty
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Prediction set

Prediction interval

{ , }2 1
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Key benefits of prediction 
set/interval
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{Disease A, Disease B, Disease C}
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C(Xn+1)

A range of plausible predictions

o Offers a meaningful range of values for more 
informed decision-making.

o The size of set/interval measures level of 
uncertainty. 

o Size is large - the model will break down
o Enable a rigorous notion of reliability



How to define if a prediction 
set/interval is good? - Coverage
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i.e. % of testing points Xi where ground truth 
Yi falls into the prediction set/interval C



Can we control coverage?

o A truly trustworthy ML model have 100% 
coverage.

o But prediction set/interval is predicted 
from the model, so 100% is not possible.

o Is it possible to control it with guarantees?
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What if we can control the 
coverage with guarantees?
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99% of predicted diagnosis set 
provably includes ground truth

Given a pre-defined target coverage level           ,
we reach this coverage level with guarantees.
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Reliability & trust = coverage guarantees

Trusted!



Achieving coverage guarantee is hard
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Table 1: Empirical marginal coverage of node classification(upper table) and node regression tasks(lower table).
The result takes the average and standard deviation across 10 GNN runs with 100 calib/test splits. " means that
the UQ method reaches the target coverage (i.e. coverage � 0.95) while 7 means that it fails to reach it. The last
column "Covered" becomes" if a UQ method reaches target coverage for all datasets and 7 vice versus.
Task UQ Model Cora DBLP CiteSeer PubMed Computers Photo CS Physics Covered?

Node
classif.

Temp. Scale. 0.946±.003 7 0.920±.009 7 0.952±.004" 0.899±.002 7 0.929±.002 7 0.962±.002" 0.957±.001" 0.969±.000" 7

Vector Scale. 0.944±.004 7 0.921±.009 7 0.951±.004" 0.899±.003 7 0.932±.002 7 0.963±.002" 0.958±.001" 0.969±.000" 7

Ensemble TS 0.947±.003 7 0.920±.008 7 0.953±.003" 0.899±.002 7 0.930±.002 7 0.964±.002" 0.958±.001" 0.969±.000" 7

CaGCN 0.939±.005 7 0.922±.004 7 0.949±.005 7 0.898±.003 7 0.926±.003 7 0.956±.002" 0.954±.003" 0.968±.001" 7

GATS 0.939±.005 7 0.921±.004 7 0.951±.005" 0.898±.002 7 0.925±.002 7 0.957±.002" 0.957±.001" 0.968±.000" 7

CF-GNN 0.952±.001" 0.952±.001" 0.953±.001" 0.953±.001" 0.952±.001" 0.953±.001" 0.952±.001" 0.952±.001" "

Task UQ Model Anaheim Chicago Education Election Income Unemploy. Twitch Covered?

Node
regress.

QR 0.943±.031 7 0.950±.007 7 0.959±.001" 0.956±.004" 0.960±.005" 0.954±.004" 0.900±.015 7 7
MC dropout 0.553±.022 7 0.427±.015 7 0.423±.013 7 0.417±.008 7 0.532±.022 7 0.489±.016 7 0.448±.017 7 7

BayesianNN 0.967±.001" 0.955±.003" 0.957±.002" 0.958±.009" 0.970±.004" 0.960±.001" 0.923±.006 7 7

CF-GNN 0.957±.003" 0.954±.002" 0.951±.001" 0.950±.001" 0.951±.001" 0.951±.001" 0.954±.001" "

Finally, we remark that CF-GNN requires less computational costs than original GNN training as the
input node has a smaller attribute size (the number of classes for classification and 2 for regression).
It is also compatible with mini-batching techniques. See Appendix D.8 for more discussion.

5.1 Results

CF-GNN achieves empirical marginal coverage while existing UQ methods do not. We report
marginal coverage of various UQ methods with target coverage at 95% (Table 1). There are three
key takeaways. Firstly, none of these UQ methods achieves the target coverage for all datasets while
CF-GNN does, highlighting the lack of statistical rigor in those methods and the necessity for a
guaranteed UQ method. Secondly, it validates our theory from Section 3 that CF-GNN achieves
designated coverage in transductive GNN predictions. Lastly, CF-GNN achieves empirical coverage
that is close to the target coverage while baseline UQ methods are not. This controllable feature of
CF-GNN is practically useful for practitioners that aim for a specified coverage in settings such as
planning and selection.

CF-GNN significantly reduces inefficiency. We report empirical inefficiency for 8 classification
and 7 regression datasets (Table 2). We observe that we achieve consistent improvement across
datasets with up to 74% reduction in the prediction set size/interval length. The marginal coverage
is also satisfied (Appendix D.5). We additionally conduct the same experiments for 3 other GNN
models including GAT, GraphSAGE, and SGC in Appendix D.3 and we observe that performance
gain is generalizable to diverse architecture choices. Furthermore, CF-GNN yields more efficient
prediction sets than existing UQ methods even if we manually adjust the nominal level of them to
achieve 95% empirical coverage (it is however impossible to do so in practice); for instance, GATS
yields an average prediction size of 1.82 (in contrast to 1.76 from CF-GNN) on Cora when the
nominal level is tuned to achiveve 95% empirical coverage.

CF-GNN maintains conditional coverage. While CF-GNN achieves marginal coverage, it is
highly desirable to have a method that achieves reasonable conditional coverage, which was the
motivation of APS and CQR. We follow [37] to evaluate conditional coverage via the Worst-Slice
(WS) coverage, which takes the worst coverage across slices in the feature space (i.e. node input
features). We observe that CF-GNN achieves a WS coverage close to 1 � ↵, indicating satisfactory
conditional coverage (Cond. Cov. (Input Feat.) row in Table 3). Besides the raw features, for each
node, we also construct several network features (which are label agnostic) including clustering
coefficients, betweenness, PageRank, closeness, load, and harmonic centrality, and then calculate
the WS coverage over the network feature space. We observe close to 95% WS coverage for various
network features, suggesting CF-GNN also achieves robust conditional coverage over network
properties. We also see that the direct application of CP (i.e. without graph correction) has much
smaller WS coverage for classification, suggesting that adjusting for neigborhood information in
CF-GNN implicitly improves conditional coverage.

Ablation. We conduct ablations in Table 4 to test two main components in CF-GNN, topology-aware
correction model, and inefficiency loss. We first remove the inefficiency loss and replace it with
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GATS 0.939±.005 7 0.921±.004 7 0.951±.005" 0.898±.002 7 0.925±.002 7 0.957±.002" 0.957±.001" 0.968±.000" 7

CF-GNN 0.952±.001" 0.952±.001" 0.953±.001" 0.953±.001" 0.952±.001" 0.953±.001" 0.952±.001" 0.952±.001" "
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Node
regress.

QR 0.943±.031 7 0.950±.007 7 0.959±.001" 0.956±.004" 0.960±.005" 0.954±.004" 0.900±.015 7 7
MC dropout 0.553±.022 7 0.427±.015 7 0.423±.013 7 0.417±.008 7 0.532±.022 7 0.489±.016 7 0.448±.017 7 7

BayesianNN 0.967±.001" 0.955±.003" 0.957±.002" 0.958±.009" 0.970±.004" 0.960±.001" 0.923±.006 7 7

CF-GNN 0.957±.003" 0.954±.002" 0.951±.001" 0.950±.001" 0.951±.001" 0.951±.001" 0.954±.001" "

Finally, we remark that CF-GNN requires less computational costs than original GNN training as the
input node has a smaller attribute size (the number of classes for classification and 2 for regression).
It is also compatible with mini-batching techniques. See Appendix D.8 for more discussion.

5.1 Results

CF-GNN achieves empirical marginal coverage while existing UQ methods do not. We report
marginal coverage of various UQ methods with target coverage at 95% (Table 1). There are three
key takeaways. Firstly, none of these UQ methods achieves the target coverage for all datasets while
CF-GNN does, highlighting the lack of statistical rigor in those methods and the necessity for a
guaranteed UQ method. Secondly, it validates our theory from Section 3 that CF-GNN achieves
designated coverage in transductive GNN predictions. Lastly, CF-GNN achieves empirical coverage
that is close to the target coverage while baseline UQ methods are not. This controllable feature of
CF-GNN is practically useful for practitioners that aim for a specified coverage in settings such as
planning and selection.

CF-GNN significantly reduces inefficiency. We report empirical inefficiency for 8 classification
and 7 regression datasets (Table 2). We observe that we achieve consistent improvement across
datasets with up to 74% reduction in the prediction set size/interval length. The marginal coverage
is also satisfied (Appendix D.5). We additionally conduct the same experiments for 3 other GNN
models including GAT, GraphSAGE, and SGC in Appendix D.3 and we observe that performance
gain is generalizable to diverse architecture choices. Furthermore, CF-GNN yields more efficient
prediction sets than existing UQ methods even if we manually adjust the nominal level of them to
achieve 95% empirical coverage (it is however impossible to do so in practice); for instance, GATS
yields an average prediction size of 1.82 (in contrast to 1.76 from CF-GNN) on Cora when the
nominal level is tuned to achiveve 95% empirical coverage.

CF-GNN maintains conditional coverage. While CF-GNN achieves marginal coverage, it is
highly desirable to have a method that achieves reasonable conditional coverage, which was the
motivation of APS and CQR. We follow [37] to evaluate conditional coverage via the Worst-Slice
(WS) coverage, which takes the worst coverage across slices in the feature space (i.e. node input
features). We observe that CF-GNN achieves a WS coverage close to 1 � ↵, indicating satisfactory
conditional coverage (Cond. Cov. (Input Feat.) row in Table 3). Besides the raw features, for each
node, we also construct several network features (which are label agnostic) including clustering
coefficients, betweenness, PageRank, closeness, load, and harmonic centrality, and then calculate
the WS coverage over the network feature space. We observe close to 95% WS coverage for various
network features, suggesting CF-GNN also achieves robust conditional coverage over network
properties. We also see that the direct application of CP (i.e. without graph correction) has much
smaller WS coverage for classification, suggesting that adjusting for neigborhood information in
CF-GNN implicitly improves conditional coverage.

Ablation. We conduct ablations in Table 4 to test two main components in CF-GNN, topology-aware
correction model, and inefficiency loss. We first remove the inefficiency loss and replace it with
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prediction sets than existing UQ methods even if we manually adjust the nominal level of them to
achieve 95% empirical coverage (it is however impossible to do so in practice); for instance, GATS
yields an average prediction size of 1.82 (in contrast to 1.76 from CF-GNN) on Cora when the
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highly desirable to have a method that achieves reasonable conditional coverage, which was the
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(WS) coverage, which takes the worst coverage across slices in the feature space (i.e. node input
features). We observe that CF-GNN achieves a WS coverage close to 1 � ↵, indicating satisfactory
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node, we also construct several network features (which are label agnostic) including clustering
coefficients, betweenness, PageRank, closeness, load, and harmonic centrality, and then calculate
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properties. We also see that the direct application of CP (i.e. without graph correction) has much
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marginal coverage of various UQ methods with target coverage at 95% (Table 1). There are three
key takeaways. Firstly, none of these UQ methods achieves the target coverage for all datasets while
CF-GNN does, highlighting the lack of statistical rigor in those methods and the necessity for a
guaranteed UQ method. Secondly, it validates our theory from Section 3 that CF-GNN achieves
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that is close to the target coverage while baseline UQ methods are not. This controllable feature of
CF-GNN is practically useful for practitioners that aim for a specified coverage in settings such as
planning and selection.

CF-GNN significantly reduces inefficiency. We report empirical inefficiency for 8 classification
and 7 regression datasets (Table 2). We observe that we achieve consistent improvement across
datasets with up to 74% reduction in the prediction set size/interval length. The marginal coverage
is also satisfied (Appendix D.5). We additionally conduct the same experiments for 3 other GNN
models including GAT, GraphSAGE, and SGC in Appendix D.3 and we observe that performance
gain is generalizable to diverse architecture choices. Furthermore, CF-GNN yields more efficient
prediction sets than existing UQ methods even if we manually adjust the nominal level of them to
achieve 95% empirical coverage (it is however impossible to do so in practice); for instance, GATS
yields an average prediction size of 1.82 (in contrast to 1.76 from CF-GNN) on Cora when the
nominal level is tuned to achiveve 95% empirical coverage.

CF-GNN maintains conditional coverage. While CF-GNN achieves marginal coverage, it is
highly desirable to have a method that achieves reasonable conditional coverage, which was the
motivation of APS and CQR. We follow [37] to evaluate conditional coverage via the Worst-Slice
(WS) coverage, which takes the worst coverage across slices in the feature space (i.e. node input
features). We observe that CF-GNN achieves a WS coverage close to 1 � ↵, indicating satisfactory
conditional coverage (Cond. Cov. (Input Feat.) row in Table 3). Besides the raw features, for each
node, we also construct several network features (which are label agnostic) including clustering
coefficients, betweenness, PageRank, closeness, load, and harmonic centrality, and then calculate
the WS coverage over the network feature space. We observe close to 95% WS coverage for various
network features, suggesting CF-GNN also achieves robust conditional coverage over network
properties. We also see that the direct application of CP (i.e. without graph correction) has much
smaller WS coverage for classification, suggesting that adjusting for neigborhood information in
CF-GNN implicitly improves conditional coverage.

Ablation. We conduct ablations in Table 4 to test two main components in CF-GNN, topology-aware
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<latexit sha1_base64="rCI1W8mGJtt840lhIFlOS1mppkA=">AAAB9HicbVDLSsNAFL2pr1pfVZduBluhgpQk4GNZdOOygn1IG8JkOm2HTiZxZlIood/hxoUibv0Yd/6N0zYLrR64cDjnXu69J4g5U9q2v6zcyura+kZ+s7C1vbO7V9w/aKookYQ2SMQj2Q6wopwJ2tBMc9qOJcVhwGkrGN3M/NaYSsUica8nMfVCPBCszwjWRvLKzUrbd8/Qg++elv1iya7ac6C/xMlICTLU/eJntxeRJKRCE46V6jh2rL0US80Ip9NCN1E0xmSEB7RjqMAhVV46P3qKTozSQ/1ImhIazdWfEykOlZqEgekMsR6qZW8m/ud1Et2/8lIm4kRTQRaL+glHOkKzBFCPSUo0nxiCiWTmVkSGWGKiTU4FE4Kz/PJf0nSrzkX1/M4t1a6zOPJwBMdQAQcuoQa3UIcGEHiEJ3iBV2tsPVtv1vuiNWdlM4fwC9bHN6LVkBI=</latexit>

V (X2, Y2)
<latexit sha1_base64="oPk+q6DvT206GUAVJxVv94IJ08M=">AAAB9HicbVDLSsNAFL2pr1pfVZduBluhgpSk4GNZdOOygn1IG8JkOmmHTiZxZlIood/hxoUibv0Yd/6N0zYLrR64cDjnXu69x485U9q2v6zcyura+kZ+s7C1vbO7V9w/aKkokYQ2ScQj2fGxopwJ2tRMc9qJJcWhz2nbH93M/PaYSsUica8nMXVDPBAsYARrI7nlVqXjiTP04InTslcs2VV7DvSXOBkpQYaGV/zs9SOShFRowrFSXceOtZtiqRnhdFroJYrGmIzwgHYNFTikyk3nR0/RiVH6KIikKaHRXP05keJQqUnom84Q66Fa9mbif1430cGVmzIRJ5oKslgUJBzpCM0SQH0mKdF8YggmkplbERliiYk2ORVMCM7yy39Jq1Z1Lqrnd7VS/TqLIw9HcAwVcOAS6nALDWgCgUd4ghd4tcbWs/VmvS9ac1Y2cwi/YH18A1rgkIo=</latexit>

V (Xn, Yn)

Pre-defined 
coverage level

<latexit sha1_base64="SEf3CZzWh2myAsrvVLKGvs+Xk5Q=">AAAB8XicbVDLSgNBEOz1GeMr6tHLYCJ4MewGfByDXjxGMA9MltA7mU2GzM4uM7NCCPkLLx4U8erfePNvnCR70MSChqKqm+6uIBFcG9f9dlZW19Y3NnNb+e2d3b39wsFhQ8epoqxOYxGrVoCaCS5Z3XAjWCtRDKNAsGYwvJ36zSemNI/lgxklzI+wL3nIKRorPZa88w6KZIClbqHolt0ZyDLxMlKEDLVu4avTi2kaMWmoQK3bnpsYf4zKcCrYJN9JNUuQDrHP2pZKjJj2x7OLJ+TUKj0SxsqWNGSm/p4YY6T1KApsZ4RmoBe9qfif105NeO2PuUxSwySdLwpTQUxMpu+THleMGjGyBKni9lZCB6iQGhtS3obgLb68TBqVsndZvrivFKs3WRw5OIYTOAMPrqAKd1CDOlCQ8Ayv8OZo58V5dz7mrStONnMEf+B8/gAkBI/u</latexit>

1� ↵

1 2 3 4 5 1 2 3 4 5

……

<latexit sha1_base64="aL2aJwdWxp7nlA20aUrAsMB6ceI=">AAAB9HicbVDLSsNAFL2pr1pfVZduBluhgpSk4GNZdOOygn1IG8JkOmmHTiZxZlIood/hxoUibv0Yd/6N0zYLrR64cDjnXu69x485U9q2v6zcyura+kZ+s7C1vbO7V9w/aKkokYQ2ScQj2fGxopwJ2tRMc9qJJcWhz2nbH93M/PaYSsUica8nMXVDPBAsYARrI7nlVqXjOWfowXNOy16xZFftOdBf4mSkBBkaXvGz149IElKhCcdKdR071m6KpWaE02mhlygaYzLCA9o1VOCQKjedHz1FJ0bpoyCSpoRGc/XnRIpDpSahbzpDrIdq2ZuJ/3ndRAdXbspEnGgqyGJRkHCkIzRLAPWZpETziSGYSGZuRWSIJSba5FQwITjLL/8lrVrVuaie39VK9essjjwcwTFUwIFLqMMtNKAJBB7hCV7g1Rpbz9ab9b5ozVnZzCH8gvXxDZ/EkBA=</latexit>

V (X1, Y1)
<latexit sha1_base64="rCI1W8mGJtt840lhIFlOS1mppkA=">AAAB9HicbVDLSsNAFL2pr1pfVZduBluhgpQk4GNZdOOygn1IG8JkOm2HTiZxZlIood/hxoUibv0Yd/6N0zYLrR64cDjnXu69J4g5U9q2v6zcyura+kZ+s7C1vbO7V9w/aKookYQ2SMQj2Q6wopwJ2tBMc9qOJcVhwGkrGN3M/NaYSsUica8nMfVCPBCszwjWRvLKzUrbd8/Qg++elv1iya7ac6C/xMlICTLU/eJntxeRJKRCE46V6jh2rL0US80Ip9NCN1E0xmSEB7RjqMAhVV46P3qKTozSQ/1ImhIazdWfEykOlZqEgekMsR6qZW8m/ud1Et2/8lIm4kRTQRaL+glHOkKzBFCPSUo0nxiCiWTmVkSGWGKiTU4FE4Kz/PJf0nSrzkX1/M4t1a6zOPJwBMdQAQcuoQa3UIcGEHiEJ3iBV2tsPVtv1vuiNWdlM4fwC9bHN6LVkBI=</latexit>

V (X2, Y2)

#

<latexit sha1_base64="Edheh+QBSzFBdeZqmqwbooF8Ias=">AAAB8HicbVDJSgNBEK2JW4xb1KOXxkSIIGEm4HIMevEYwWwkQ+jp9CRNunuG7h4hDPkKLx4U8ernePNv7CwHTXxQ8Hiviqp6QcyZNq777WTW1jc2t7LbuZ3dvf2D/OFRQ0eJIrROIh6pVoA15UzSumGG01asKBYBp81gdDf1m09UaRbJRzOOqS/wQLKQEWys1C42Sq0L1D4v9vIFt+zOgFaJtyAFWKDWy391+xFJBJWGcKx1x3Nj46dYGUY4neS6iaYxJiM8oB1LJRZU++ns4Ak6s0ofhZGyJQ2aqb8nUiy0HovAdgpshnrZm4r/eZ3EhDd+ymScGCrJfFGYcGQiNP0e9ZmixPCxJZgoZm9FZIgVJsZmlLMheMsvr5JGpexdlS8fKoXq7SKOLJzAKZTAg2uowj3UoA4EBDzDK7w5ynlx3p2PeWvGWcwcwx84nz9MSo7I</latexit>

V (X,Y )

1 1

First calculate non-
conformity score for each 
calibration data point

<latexit sha1_base64="Yp/nRXUihgUheipFCaaVH8B23m8="></latexit>

⌘̂ = quantile({V (Xi, Yi)}ni=1, (1� ↵)(1 + 1
n ))



Step 3/4: quantile computation

21

Calibration
Training (+val)

Testing

<latexit sha1_base64="aL2aJwdWxp7nlA20aUrAsMB6ceI=">AAAB9HicbVDLSsNAFL2pr1pfVZduBluhgpSk4GNZdOOygn1IG8JkOmmHTiZxZlIood/hxoUibv0Yd/6N0zYLrR64cDjnXu69x485U9q2v6zcyura+kZ+s7C1vbO7V9w/aKkokYQ2ScQj2fGxopwJ2tRMc9qJJcWhz2nbH93M/PaYSsUica8nMXVDPBAsYARrI7nlVqXjOWfowXNOy16xZFftOdBf4mSkBBkaXvGz149IElKhCcdKdR071m6KpWaE02mhlygaYzLCA9o1VOCQKjedHz1FJ0bpoyCSpoRGc/XnRIpDpSahbzpDrIdq2ZuJ/3ndRAdXbspEnGgqyGJRkHCkIzRLAPWZpETziSGYSGZuRWSIJSba5FQwITjLL/8lrVrVuaie39VK9essjjwcwTFUwIFLqMMtNKAJBB7hCV7g1Rpbz9ab9b5ozVnZzCH8gvXxDZ/EkBA=</latexit>

V (X1, Y1) …..
<latexit sha1_base64="rCI1W8mGJtt840lhIFlOS1mppkA=">AAAB9HicbVDLSsNAFL2pr1pfVZduBluhgpQk4GNZdOOygn1IG8JkOm2HTiZxZlIood/hxoUibv0Yd/6N0zYLrR64cDjnXu69J4g5U9q2v6zcyura+kZ+s7C1vbO7V9w/aKookYQ2SMQj2Q6wopwJ2tBMc9qOJcVhwGkrGN3M/NaYSsUica8nMfVCPBCszwjWRvLKzUrbd8/Qg++elv1iya7ac6C/xMlICTLU/eJntxeRJKRCE46V6jh2rL0US80Ip9NCN1E0xmSEB7RjqMAhVV46P3qKTozSQ/1ImhIazdWfEykOlZqEgekMsR6qZW8m/ud1Et2/8lIm4kRTQRaL+glHOkKzBFCPSUo0nxiCiWTmVkSGWGKiTU4FE4Kz/PJf0nSrzkX1/M4t1a6zOPJwBMdQAQcuoQa3UIcGEHiEJ3iBV2tsPVtv1vuiNWdlM4fwC9bHN6LVkBI=</latexit>

V (X2, Y2)
<latexit sha1_base64="oPk+q6DvT206GUAVJxVv94IJ08M=">AAAB9HicbVDLSsNAFL2pr1pfVZduBluhgpSk4GNZdOOygn1IG8JkOmmHTiZxZlIood/hxoUibv0Yd/6N0zYLrR64cDjnXu69x485U9q2v6zcyura+kZ+s7C1vbO7V9w/aKkokYQ2ScQj2fGxopwJ2tRMc9qJJcWhz2nbH93M/PaYSsUica8nMXVDPBAsYARrI7nlVqXjiTP04InTslcs2VV7DvSXOBkpQYaGV/zs9SOShFRowrFSXceOtZtiqRnhdFroJYrGmIzwgHYNFTikyk3nR0/RiVH6KIikKaHRXP05keJQqUnom84Q66Fa9mbif1430cGVmzIRJ5oKslgUJBzpCM0SQH0mKdF8YggmkplbERliiYk2ORVMCM7yy39Jq1Z1Lqrnd7VS/TqLIw9HcAwVcOAS6nALDWgCgUd4ghd4tcbWs/VmvS9ac1Y2cwi/YH18A1rgkIo=</latexit>

V (Xn, Yn)

Pre-defined 
coverage level

<latexit sha1_base64="SEf3CZzWh2myAsrvVLKGvs+Xk5Q=">AAAB8XicbVDLSgNBEOz1GeMr6tHLYCJ4MewGfByDXjxGMA9MltA7mU2GzM4uM7NCCPkLLx4U8erfePNvnCR70MSChqKqm+6uIBFcG9f9dlZW19Y3NnNb+e2d3b39wsFhQ8epoqxOYxGrVoCaCS5Z3XAjWCtRDKNAsGYwvJ36zSemNI/lgxklzI+wL3nIKRorPZa88w6KZIClbqHolt0ZyDLxMlKEDLVu4avTi2kaMWmoQK3bnpsYf4zKcCrYJN9JNUuQDrHP2pZKjJj2x7OLJ+TUKj0SxsqWNGSm/p4YY6T1KApsZ4RmoBe9qfif105NeO2PuUxSwySdLwpTQUxMpu+THleMGjGyBKni9lZCB6iQGhtS3obgLb68TBqVsndZvrivFKs3WRw5OIYTOAMPrqAKd1CDOlCQ8Ayv8OZo58V5dz7mrStONnMEf+B8/gAkBI/u</latexit>

1� ↵

<latexit sha1_base64="Yp/nRXUihgUheipFCaaVH8B23m8="></latexit>

⌘̂ = quantile({V (Xi, Yi)}ni=1, (1� ↵)(1 + 1
n ))

<latexit sha1_base64="GChm166jn5sGUx3TSshM1RJ9O14=">AAAB8HicbVDLTgJBEOzFF+IL9ehlI5h4IrskPo5ELx4xEdAAIbPDLEyYmV1nek3Ihq/w4kFjvPo53vwbB9iDgpV0UqnqTndXEAtu0PO+ndzK6tr6Rn6zsLW9s7tX3D9omijRlDVoJCJ9HxDDBFesgRwFu481IzIQrBWMrqd+64lpwyN1h+OYdSUZKB5yStBKD+XOkGD6OCn3iiWv4s3gLhM/IyXIUO8Vvzr9iCaSKaSCGNP2vRi7KdHIqWCTQicxLCZ0RAasbakikpluOjt44p5Ype+Gkbal0J2pvydSIo0Zy8B2SoJDs+hNxf+8doLhZTflKk6QKTpfFCbCxcidfu/2uWYUxdgSQjW3t7p0SDShaDMq2BD8xZeXSbNa8c8rZ7fVUu0qiyMPR3AMp+DDBdTgBurQAAoSnuEV3hztvDjvzse8NedkM4fwB87nD2NskCY=</latexit>

q̂

…… #

<latexit sha1_base64="Edheh+QBSzFBdeZqmqwbooF8Ias=">AAAB8HicbVDJSgNBEK2JW4xb1KOXxkSIIGEm4HIMevEYwWwkQ+jp9CRNunuG7h4hDPkKLx4U8ernePNv7CwHTXxQ8Hiviqp6QcyZNq777WTW1jc2t7LbuZ3dvf2D/OFRQ0eJIrROIh6pVoA15UzSumGG01asKBYBp81gdDf1m09UaRbJRzOOqS/wQLKQEWys1C42Sq0L1D4v9vIFt+zOgFaJtyAFWKDWy391+xFJBJWGcKx1x3Nj46dYGUY4neS6iaYxJiM8oB1LJRZU++ns4Ak6s0ofhZGyJQ2aqb8nUiy0HovAdgpshnrZm4r/eZ3EhDd+ymScGCrJfFGYcGQiNP0e9ZmixPCxJZgoZm9FZIgVJsZmlLMheMsvr5JGpexdlS8fKoXq7SKOLJzAKZTAg2uowj3UoA4EBDzDK7w5ynlx3p2PeWvGWcwcwx84nz9MSo7I</latexit>

V (X,Y )

<latexit sha1_base64="GChm166jn5sGUx3TSshM1RJ9O14=">AAAB8HicbVDLTgJBEOzFF+IL9ehlI5h4IrskPo5ELx4xEdAAIbPDLEyYmV1nek3Ihq/w4kFjvPo53vwbB9iDgpV0UqnqTndXEAtu0PO+ndzK6tr6Rn6zsLW9s7tX3D9omijRlDVoJCJ9HxDDBFesgRwFu481IzIQrBWMrqd+64lpwyN1h+OYdSUZKB5yStBKD+XOkGD6OCn3iiWv4s3gLhM/IyXIUO8Vvzr9iCaSKaSCGNP2vRi7KdHIqWCTQicxLCZ0RAasbakikpluOjt44p5Ype+Gkbal0J2pvydSIo0Zy8B2SoJDs+hNxf+8doLhZTflKk6QKTpfFCbCxcidfu/2uWYUxdgSQjW3t7p0SDShaDMq2BD8xZeXSbNa8c8rZ7fVUu0qiyMPR3AMp+DDBdTgBurQAAoSnuEV3hztvDjvzse8NedkM4fwB87nD2NskCY=</latexit>

q̂

<latexit sha1_base64="Yp/nRXUihgUheipFCaaVH8B23m8="></latexit>

⌘̂ = quantile({V (Xi, Yi)}ni=1, (1� ↵)(1 + 1
n ))

1 2 3 4 5 1 2 3 4 5
<latexit sha1_base64="aL2aJwdWxp7nlA20aUrAsMB6ceI=">AAAB9HicbVDLSsNAFL2pr1pfVZduBluhgpSk4GNZdOOygn1IG8JkOmmHTiZxZlIood/hxoUibv0Yd/6N0zYLrR64cDjnXu69x485U9q2v6zcyura+kZ+s7C1vbO7V9w/aKkokYQ2ScQj2fGxopwJ2tRMc9qJJcWhz2nbH93M/PaYSsUica8nMXVDPBAsYARrI7nlVqXjOWfowXNOy16xZFftOdBf4mSkBBkaXvGz149IElKhCcdKdR071m6KpWaE02mhlygaYzLCA9o1VOCQKjedHz1FJ0bpoyCSpoRGc/XnRIpDpSahbzpDrIdq2ZuJ/3ndRAdXbspEnGgqyGJRkHCkIzRLAPWZpETziSGYSGZuRWSIJSba5FQwITjLL/8lrVrVuaie39VK9essjjwcwTFUwIFLqMMtNKAJBB7hCV7g1Rpbz9ab9b5ozVnZzCH8gvXxDZ/EkBA=</latexit>

V (X1, Y1)
<latexit sha1_base64="rCI1W8mGJtt840lhIFlOS1mppkA=">AAAB9HicbVDLSsNAFL2pr1pfVZduBluhgpQk4GNZdOOygn1IG8JkOm2HTiZxZlIood/hxoUibv0Yd/6N0zYLrR64cDjnXu69J4g5U9q2v6zcyura+kZ+s7C1vbO7V9w/aKookYQ2SMQj2Q6wopwJ2tBMc9qOJcVhwGkrGN3M/NaYSsUica8nMfVCPBCszwjWRvLKzUrbd8/Qg++elv1iya7ac6C/xMlICTLU/eJntxeRJKRCE46V6jh2rL0US80Ip9NCN1E0xmSEB7RjqMAhVV46P3qKTozSQ/1ImhIazdWfEykOlZqEgekMsR6qZW8m/ud1Et2/8lIm4kRTQRaL+glHOkKzBFCPSUo0nxiCiWTmVkSGWGKiTU4FE4Kz/PJf0nSrzkX1/M4t1a6zOPJwBMdQAQcuoQa3UIcGEHiEJ3iBV2tsPVtv1vuiNWdlM4fwC9bHN6LVkBI=</latexit>

V (X2, Y2)

1 1

Takes the quantile of all non-conformity 
scores (with small correction)
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Calibration
Training (+val)

Testing

<latexit sha1_base64="aL2aJwdWxp7nlA20aUrAsMB6ceI=">AAAB9HicbVDLSsNAFL2pr1pfVZduBluhgpSk4GNZdOOygn1IG8JkOmmHTiZxZlIood/hxoUibv0Yd/6N0zYLrR64cDjnXu69x485U9q2v6zcyura+kZ+s7C1vbO7V9w/aKkokYQ2ScQj2fGxopwJ2tRMc9qJJcWhz2nbH93M/PaYSsUica8nMXVDPBAsYARrI7nlVqXjOWfowXNOy16xZFftOdBf4mSkBBkaXvGz149IElKhCcdKdR071m6KpWaE02mhlygaYzLCA9o1VOCQKjedHz1FJ0bpoyCSpoRGc/XnRIpDpSahbzpDrIdq2ZuJ/3ndRAdXbspEnGgqyGJRkHCkIzRLAPWZpETziSGYSGZuRWSIJSba5FQwITjLL/8lrVrVuaie39VK9essjjwcwTFUwIFLqMMtNKAJBB7hCV7g1Rpbz9ab9b5ozVnZzCH8gvXxDZ/EkBA=</latexit>

V (X1, Y1) …..
<latexit sha1_base64="rCI1W8mGJtt840lhIFlOS1mppkA=">AAAB9HicbVDLSsNAFL2pr1pfVZduBluhgpQk4GNZdOOygn1IG8JkOm2HTiZxZlIood/hxoUibv0Yd/6N0zYLrR64cDjnXu69J4g5U9q2v6zcyura+kZ+s7C1vbO7V9w/aKookYQ2SMQj2Q6wopwJ2tBMc9qOJcVhwGkrGN3M/NaYSsUica8nMfVCPBCszwjWRvLKzUrbd8/Qg++elv1iya7ac6C/xMlICTLU/eJntxeRJKRCE46V6jh2rL0US80Ip9NCN1E0xmSEB7RjqMAhVV46P3qKTozSQ/1ImhIazdWfEykOlZqEgekMsR6qZW8m/ud1Et2/8lIm4kRTQRaL+glHOkKzBFCPSUo0nxiCiWTmVkSGWGKiTU4FE4Kz/PJf0nSrzkX1/M4t1a6zOPJwBMdQAQcuoQa3UIcGEHiEJ3iBV2tsPVtv1vuiNWdlM4fwC9bHN6LVkBI=</latexit>

V (X2, Y2)
<latexit sha1_base64="oPk+q6DvT206GUAVJxVv94IJ08M=">AAAB9HicbVDLSsNAFL2pr1pfVZduBluhgpSk4GNZdOOygn1IG8JkOmmHTiZxZlIood/hxoUibv0Yd/6N0zYLrR64cDjnXu69x485U9q2v6zcyura+kZ+s7C1vbO7V9w/aKkokYQ2ScQj2fGxopwJ2tRMc9qJJcWhz2nbH93M/PaYSsUica8nMXVDPBAsYARrI7nlVqXjiTP04InTslcs2VV7DvSXOBkpQYaGV/zs9SOShFRowrFSXceOtZtiqRnhdFroJYrGmIzwgHYNFTikyk3nR0/RiVH6KIikKaHRXP05keJQqUnom84Q66Fa9mbif1430cGVmzIRJ5oKslgUJBzpCM0SQH0mKdF8YggmkplbERliiYk2ORVMCM7yy39Jq1Z1Lqrnd7VS/TqLIw9HcAwVcOAS6nALDWgCgUd4ghd4tcbWs/VmvS9ac1Y2cwi/YH18A1rgkIo=</latexit>

V (Xn, Yn)

Pre-defined 
coverage level

<latexit sha1_base64="SEf3CZzWh2myAsrvVLKGvs+Xk5Q=">AAAB8XicbVDLSgNBEOz1GeMr6tHLYCJ4MewGfByDXjxGMA9MltA7mU2GzM4uM7NCCPkLLx4U8erfePNvnCR70MSChqKqm+6uIBFcG9f9dlZW19Y3NnNb+e2d3b39wsFhQ8epoqxOYxGrVoCaCS5Z3XAjWCtRDKNAsGYwvJ36zSemNI/lgxklzI+wL3nIKRorPZa88w6KZIClbqHolt0ZyDLxMlKEDLVu4avTi2kaMWmoQK3bnpsYf4zKcCrYJN9JNUuQDrHP2pZKjJj2x7OLJ+TUKj0SxsqWNGSm/p4YY6T1KApsZ4RmoBe9qfif105NeO2PuUxSwySdLwpTQUxMpu+THleMGjGyBKni9lZCB6iQGhtS3obgLb68TBqVsndZvrivFKs3WRw5OIYTOAMPrqAKd1CDOlCQ8Ayv8OZo58V5dz7mrStONnMEf+B8/gAkBI/u</latexit>

1� ↵

<latexit sha1_base64="Yp/nRXUihgUheipFCaaVH8B23m8="></latexit>

⌘̂ = quantile({V (Xi, Yi)}ni=1, (1� ↵)(1 + 1
n ))

<latexit sha1_base64="GChm166jn5sGUx3TSshM1RJ9O14=">AAAB8HicbVDLTgJBEOzFF+IL9ehlI5h4IrskPo5ELx4xEdAAIbPDLEyYmV1nek3Ihq/w4kFjvPo53vwbB9iDgpV0UqnqTndXEAtu0PO+ndzK6tr6Rn6zsLW9s7tX3D9omijRlDVoJCJ9HxDDBFesgRwFu481IzIQrBWMrqd+64lpwyN1h+OYdSUZKB5yStBKD+XOkGD6OCn3iiWv4s3gLhM/IyXIUO8Vvzr9iCaSKaSCGNP2vRi7KdHIqWCTQicxLCZ0RAasbakikpluOjt44p5Ype+Gkbal0J2pvydSIo0Zy8B2SoJDs+hNxf+8doLhZTflKk6QKTpfFCbCxcidfu/2uWYUxdgSQjW3t7p0SDShaDMq2BD8xZeXSbNa8c8rZ7fVUu0qiyMPR3AMp+DDBdTgBurQAAoSnuEV3hztvDjvzse8NedkM4fwB87nD2NskCY=</latexit>

q̂

…… #

<latexit sha1_base64="Edheh+QBSzFBdeZqmqwbooF8Ias=">AAAB8HicbVDJSgNBEK2JW4xb1KOXxkSIIGEm4HIMevEYwWwkQ+jp9CRNunuG7h4hDPkKLx4U8ernePNv7CwHTXxQ8Hiviqp6QcyZNq777WTW1jc2t7LbuZ3dvf2D/OFRQ0eJIrROIh6pVoA15UzSumGG01asKBYBp81gdDf1m09UaRbJRzOOqS/wQLKQEWys1C42Sq0L1D4v9vIFt+zOgFaJtyAFWKDWy391+xFJBJWGcKx1x3Nj46dYGUY4neS6iaYxJiM8oB1LJRZU++ns4Ak6s0ofhZGyJQ2aqb8nUiy0HovAdgpshnrZm4r/eZ3EhDd+ymScGCrJfFGYcGQiNP0e9ZmixPCxJZgoZm9FZIgVJsZmlLMheMsvr5JGpexdlS8fKoXq7SKOLJzAKZTAg2uowj3UoA4EBDzDK7w5ynlx3p2PeWvGWcwcwx84nz9MSo7I</latexit>

V (X,Y )

<latexit sha1_base64="GChm166jn5sGUx3TSshM1RJ9O14=">AAAB8HicbVDLTgJBEOzFF+IL9ehlI5h4IrskPo5ELx4xEdAAIbPDLEyYmV1nek3Ihq/w4kFjvPo53vwbB9iDgpV0UqnqTndXEAtu0PO+ndzK6tr6Rn6zsLW9s7tX3D9omijRlDVoJCJ9HxDDBFesgRwFu481IzIQrBWMrqd+64lpwyN1h+OYdSUZKB5yStBKD+XOkGD6OCn3iiWv4s3gLhM/IyXIUO8Vvzr9iCaSKaSCGNP2vRi7KdHIqWCTQicxLCZ0RAasbakikpluOjt44p5Ype+Gkbal0J2pvydSIo0Zy8B2SoJDs+hNxf+8doLhZTflKk6QKTpfFCbCxcidfu/2uWYUxdgSQjW3t7p0SDShaDMq2BD8xZeXSbNa8c8rZ7fVUu0qiyMPR3AMp+DDBdTgBurQAAoSnuEV3hztvDjvzse8NedkM4fwB87nD2NskCY=</latexit>

q̂

<latexit sha1_base64="Yp/nRXUihgUheipFCaaVH8B23m8="></latexit>

⌘̂ = quantile({V (Xi, Yi)}ni=1, (1� ↵)(1 + 1
n ))

1 2 3 4 5 1 2 3 4 5
<latexit sha1_base64="aL2aJwdWxp7nlA20aUrAsMB6ceI=">AAAB9HicbVDLSsNAFL2pr1pfVZduBluhgpSk4GNZdOOygn1IG8JkOmmHTiZxZlIood/hxoUibv0Yd/6N0zYLrR64cDjnXu69x485U9q2v6zcyura+kZ+s7C1vbO7V9w/aKkokYQ2ScQj2fGxopwJ2tRMc9qJJcWhz2nbH93M/PaYSsUica8nMXVDPBAsYARrI7nlVqXjOWfowXNOy16xZFftOdBf4mSkBBkaXvGz149IElKhCcdKdR071m6KpWaE02mhlygaYzLCA9o1VOCQKjedHz1FJ0bpoyCSpoRGc/XnRIpDpSahbzpDrIdq2ZuJ/3ndRAdXbspEnGgqyGJRkHCkIzRLAPWZpETziSGYSGZuRWSIJSba5FQwITjLL/8lrVrVuaie39VK9essjjwcwTFUwIFLqMMtNKAJBB7hCV7g1Rpbz9ab9b5ozVnZzCH8gvXxDZ/EkBA=</latexit>

V (X1, Y1)
<latexit sha1_base64="rCI1W8mGJtt840lhIFlOS1mppkA=">AAAB9HicbVDLSsNAFL2pr1pfVZduBluhgpQk4GNZdOOygn1IG8JkOm2HTiZxZlIood/hxoUibv0Yd/6N0zYLrR64cDjnXu69J4g5U9q2v6zcyura+kZ+s7C1vbO7V9w/aKookYQ2SMQj2Q6wopwJ2tBMc9qOJcVhwGkrGN3M/NaYSsUica8nMfVCPBCszwjWRvLKzUrbd8/Qg++elv1iya7ac6C/xMlICTLU/eJntxeRJKRCE46V6jh2rL0US80Ip9NCN1E0xmSEB7RjqMAhVV46P3qKTozSQ/1ImhIazdWfEykOlZqEgekMsR6qZW8m/ud1Et2/8lIm4kRTQRaL+glHOkKzBFCPSUo0nxiCiWTmVkSGWGKiTU4FE4Kz/PJf0nSrzkX1/M4t1a6zOPJwBMdQAQcuoQa3UIcGEHiEJ3iBV2tsPVtv1vuiNWdlM4fwC9bHN6LVkBI=</latexit>

V (X2, Y2)

1 1

Takes the quantile of all non-conformity 
scores (with small correction)

e.g. 95% of calibration truth label have 
non-conformity scores below

<latexit sha1_base64="Yp/nRXUihgUheipFCaaVH8B23m8="></latexit>

⌘̂ = quantile({V (Xi, Yi)}ni=1, (1� ↵)(1 + 1
n ))
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<latexit sha1_base64="SEf3CZzWh2myAsrvVLKGvs+Xk5Q=">AAAB8XicbVDLSgNBEOz1GeMr6tHLYCJ4MewGfByDXjxGMA9MltA7mU2GzM4uM7NCCPkLLx4U8erfePNvnCR70MSChqKqm+6uIBFcG9f9dlZW19Y3NnNb+e2d3b39wsFhQ8epoqxOYxGrVoCaCS5Z3XAjWCtRDKNAsGYwvJ36zSemNI/lgxklzI+wL3nIKRorPZa88w6KZIClbqHolt0ZyDLxMlKEDLVu4avTi2kaMWmoQK3bnpsYf4zKcCrYJN9JNUuQDrHP2pZKjJj2x7OLJ+TUKj0SxsqWNGSm/p4YY6T1KApsZ4RmoBe9qfif105NeO2PuUxSwySdLwpTQUxMpu+THleMGjGyBKni9lZCB6iQGhtS3obgLb68TBqVsndZvrivFKs3WRw5OIYTOAMPrqAKd1CDOlCQ8Ayv8OZo58V5dz7mrStONnMEf+B8/gAkBI/u</latexit>

1� ↵

<latexit sha1_base64="tPs5RQEjTVqOGRjtxlurw02EqDQ=">AAAB8HicbVBNSwMxEJ2tX7V+VT16CbaCIJTdQtVj0YvHCvZD2qVk02wbmmSXJCuUpb/CiwdFvPpzvPlvTNs9aOuDgcd7M8zMC2LOtHHdbye3tr6xuZXfLuzs7u0fFA+PWjpKFKFNEvFIdQKsKWeSNg0znHZiRbEIOG0H49uZ336iSrNIPphJTH2Bh5KFjGBjpcdyp5/KC29a7hdLbsWdA60SLyMlyNDoF796g4gkgkpDONa667mx8VOsDCOcTgu9RNMYkzEe0q6lEguq/XR+8BSdWWWAwkjZkgbN1d8TKRZaT0RgOwU2I73szcT/vG5iwms/ZTJODJVksShMODIRmn2PBkxRYvjEEkwUs7ciMsIKE2MzKtgQvOWXV0mrWvEuK7X7aql+k8WRhxM4hXPw4ArqcAcNaAIBAc/wCm+Ocl6cd+dj0Zpzsplj+APn8weSYY+d</latexit>

Xn+1

<latexit sha1_base64="6PFDHYDP2VT4Hu6JaHA1jknYbAA="></latexit>

C(Xn+1) = {y 2 Y : V (Xn+1, y)  ⌘̂}

1 2 3 4 5

The set of labels where non-conformity 
scores are smaller than 

<latexit sha1_base64="Yp/nRXUihgUheipFCaaVH8B23m8="></latexit>

⌘̂ = quantile({V (Xi, Yi)}ni=1, (1� ↵)(1 + 1
n ))

<latexit sha1_base64="HHlqEhZy/67NcJWaVoBC0IdY+f8=">AAACB3icbVDLSgNBEJz1GeMr6lGQwUSIKGE34OOiBL14jGAekg1hdjJJhszOLjO9Qlhy8+KvePGgiFd/wZt/4yTZgyYWNBRV3XR3eaHgGmz725qbX1hcWk6tpFfX1jc2M1vbVR1EirIKDUSg6h7RTHDJKsBBsHqoGPE9wWpe/3rk1x6Y0jyQdzAIWdMnXck7nBIwUiuzl6vm661YHjnDY3x/4RziS+z2CMQuAzLMtTJZu2CPgWeJk5AsSlBuZb7cdkAjn0mggmjdcOwQmjFRwKlgw7QbaRYS2idd1jBUEp/pZjz+Y4gPjNLGnUCZkoDH6u+JmPhaD3zPdPoEenraG4n/eY0IOufNmMswAibpZFEnEhgCPAoFt7liFMTAEEIVN7di2iOKUDDRpU0IzvTLs6RaLDinhZPbYrZ0lcSRQrtoH+WRg85QCd2gMqogih7RM3pFb9aT9WK9Wx+T1jkrmdlBf2B9/gAuf5b/</latexit>

V (Xn+1, Y = 1) > ⌘̂

<latexit sha1_base64="k59mEdfTfgse/N1tAzRxZuCztTA=">AAACB3icbVDJSgNBEO2JW4zbqEdBGhMhooSZiMtFCXrxGMEskoTQ0+kkTXp6hu4aIQy5efFXvHhQxKu/4M2/sbMcNPFBweO9KqrqeaHgGhzn20rMzS8sLiWXUyura+sb9uZWWQeRoqxEAxGoqkc0E1yyEnAQrBoqRnxPsIrXux76lQemNA/kHfRD1vBJR/I2pwSM1LR3M+VstRnLQ3dwhO8vjg/wJa53CcR1BmSQadppJ+eMgGeJOyFpNEGxaX/VWwGNfCaBCqJ1zXVCaMREAaeCDVL1SLOQ0B7psJqhkvhMN+LRHwO8b5QWbgfKlAQ8Un9PxMTXuu97ptMn0NXT3lD8z6tF0D5vxFyGETBJx4vakcAQ4GEouMUVoyD6hhCquLkV0y5RhIKJLmVCcKdfniXlfM49zZ3c5tOFq0kcSbSD9lAWuegMFdANKqISougRPaNX9GY9WS/Wu/Uxbk1Yk5lt9AfW5w8xpZcB</latexit>

V (Xn+1, Y = 3) > ⌘̂

<latexit sha1_base64="aWprwLYNphD7KBfWCAPm+PhOp60=">AAACB3icbVDLSgNBEJyNrxhfqx4FGUyEiBJ2A1EvStCLxwjmIUkIs5NJMmR2dpnpFcKSmxd/xYsHRbz6C978GyePgyYWNBRV3XR3eaHgGhzn20osLC4tryRXU2vrG5tb9vZORQeRoqxMAxGomkc0E1yyMnAQrBYqRnxPsKrXvx751QemNA/kHQxC1vRJV/IOpwSM1LL3M5VsrRXLY3d4gu8vCkf4Ejd6BOIGAzLMtOy0k3PGwPPEnZI0mqLUsr8a7YBGPpNABdG67johNGOigFPBhqlGpFlIaJ90Wd1QSXymm/H4jyE+NEobdwJlSgIeq78nYuJrPfA90+kT6OlZbyT+59Uj6Jw3Yy7DCJikk0WdSGAI8CgU3OaKURADQwhV3NyKaY8oQsFElzIhuLMvz5NKPuee5gq3+XTxahpHEu2hA5RFLjpDRXSDSqiMKHpEz+gVvVlP1ov1bn1MWhPWdGYX/YH1+QM0y5cD</latexit>

V (Xn+1, Y = 5) > ⌘̂

<latexit sha1_base64="nixogEUtXFU7g4yRPYk3U7GTfwg=">AAACBnicbVDLSgNBEJz1GeMr6lGEwUSIKGE34OOgEPTiMYJ5SDaE2ckkGTI7u8z0CmHJyYu/4sWDIl79Bm/+jZNkD5pY0FBUddPd5YWCa7Dtb2tufmFxaTm1kl5dW9/YzGxtV3UQKcoqNBCBqntEM8ElqwAHweqhYsT3BKt5/euRX3tgSvNA3sEgZE2fdCXvcErASK3MXq6ar7dieeQMj/H9ZfHwArs9ArHLgAxzrUzWLthj4FniJCSLEpRbmS+3HdDIZxKoIFo3HDuEZkwUcCrYMO1GmoWE9kmXNQyVxGe6GY/fGOIDo7RxJ1CmJOCx+nsiJr7WA98znT6Bnp72RuJ/XiOCznkz5jKMgEk6WdSJBIYAjzLBba4YBTEwhFDFza2Y9ogiFExyaROCM/3yLKkWC85p4eS2mC1dJXGk0C7aR3nkoDNUQjeojCqIokf0jF7Rm/VkvVjv1sekdc5KZnbQH1ifP9EwltQ=</latexit>

V (Xn+1, Y = 2) < ⌘̂

<latexit sha1_base64="iC4hiHDsKzPDqVBN6Z8pBvE529o=">AAACBnicbVDJSgNBEO2JW4zbqEcRGhMhooSZ4HZQCHrxGMEskoTQ0+kkTXp6hu4aIQw5efFXvHhQxKvf4M2/sbMcNPFBweO9KqrqeaHgGhzn20rMzS8sLiWXUyura+sb9uZWWQeRoqxEAxGoqkc0E1yyEnAQrBoqRnxPsIrXux76lQemNA/kHfRD1vBJR/I2pwSM1LR3M+VstRnLQ3dwhO8vjw8ucL1LIK4zIINM0047OWcEPEvcCUmjCYpN+6veCmjkMwlUEK1rrhNCIyYKOBVskKpHmoWE9kiH1QyVxGe6EY/eGOB9o7RwO1CmJOCR+nsiJr7Wfd8znT6Brp72huJ/Xi2C9nkj5jKMgEk6XtSOBIYADzPBLa4YBdE3hFDFza2YdokiFExyKROCO/3yLCnnc+5p7uQ2ny5cTeJIoh20h7LIRWeogG5QEZUQRY/oGb2iN+vJerHerY9xa8KazGyjP7A+fwDUVJbW</latexit>

V (Xn+1, Y = 4) < ⌘̂
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<latexit sha1_base64="SEf3CZzWh2myAsrvVLKGvs+Xk5Q=">AAAB8XicbVDLSgNBEOz1GeMr6tHLYCJ4MewGfByDXjxGMA9MltA7mU2GzM4uM7NCCPkLLx4U8erfePNvnCR70MSChqKqm+6uIBFcG9f9dlZW19Y3NnNb+e2d3b39wsFhQ8epoqxOYxGrVoCaCS5Z3XAjWCtRDKNAsGYwvJ36zSemNI/lgxklzI+wL3nIKRorPZa88w6KZIClbqHolt0ZyDLxMlKEDLVu4avTi2kaMWmoQK3bnpsYf4zKcCrYJN9JNUuQDrHP2pZKjJj2x7OLJ+TUKj0SxsqWNGSm/p4YY6T1KApsZ4RmoBe9qfif105NeO2PuUxSwySdLwpTQUxMpu+THleMGjGyBKni9lZCB6iQGhtS3obgLb68TBqVsndZvrivFKs3WRw5OIYTOAMPrqAKd1CDOlCQ8Ayv8OZo58V5dz7mrStONnMEf+B8/gAkBI/u</latexit>

1� ↵

<latexit sha1_base64="tPs5RQEjTVqOGRjtxlurw02EqDQ=">AAAB8HicbVBNSwMxEJ2tX7V+VT16CbaCIJTdQtVj0YvHCvZD2qVk02wbmmSXJCuUpb/CiwdFvPpzvPlvTNs9aOuDgcd7M8zMC2LOtHHdbye3tr6xuZXfLuzs7u0fFA+PWjpKFKFNEvFIdQKsKWeSNg0znHZiRbEIOG0H49uZ336iSrNIPphJTH2Bh5KFjGBjpcdyp5/KC29a7hdLbsWdA60SLyMlyNDoF796g4gkgkpDONa667mx8VOsDCOcTgu9RNMYkzEe0q6lEguq/XR+8BSdWWWAwkjZkgbN1d8TKRZaT0RgOwU2I73szcT/vG5iwms/ZTJODJVksShMODIRmn2PBkxRYvjEEkwUs7ciMsIKE2MzKtgQvOWXV0mrWvEuK7X7aql+k8WRhxM4hXPw4ArqcAcNaAIBAc/wCm+Ocl6cd+dj0Zpzsplj+APn8weSYY+d</latexit>

Xn+1

<latexit sha1_base64="6PFDHYDP2VT4Hu6JaHA1jknYbAA="></latexit>

C(Xn+1) = {y 2 Y : V (Xn+1, y)  ⌘̂}

1 2 3 4 5

<latexit sha1_base64="Yp/nRXUihgUheipFCaaVH8B23m8="></latexit>

⌘̂ = quantile({V (Xi, Yi)}ni=1, (1� ↵)(1 + 1
n ))

<latexit sha1_base64="HHlqEhZy/67NcJWaVoBC0IdY+f8=">AAACB3icbVDLSgNBEJz1GeMr6lGQwUSIKGE34OOiBL14jGAekg1hdjJJhszOLjO9Qlhy8+KvePGgiFd/wZt/4yTZgyYWNBRV3XR3eaHgGmz725qbX1hcWk6tpFfX1jc2M1vbVR1EirIKDUSg6h7RTHDJKsBBsHqoGPE9wWpe/3rk1x6Y0jyQdzAIWdMnXck7nBIwUiuzl6vm661YHjnDY3x/4RziS+z2CMQuAzLMtTJZu2CPgWeJk5AsSlBuZb7cdkAjn0mggmjdcOwQmjFRwKlgw7QbaRYS2idd1jBUEp/pZjz+Y4gPjNLGnUCZkoDH6u+JmPhaD3zPdPoEenraG4n/eY0IOufNmMswAibpZFEnEhgCPAoFt7liFMTAEEIVN7di2iOKUDDRpU0IzvTLs6RaLDinhZPbYrZ0lcSRQrtoH+WRg85QCd2gMqogih7RM3pFb9aT9WK9Wx+T1jkrmdlBf2B9/gAuf5b/</latexit>

V (Xn+1, Y = 1) > ⌘̂

<latexit sha1_base64="k59mEdfTfgse/N1tAzRxZuCztTA=">AAACB3icbVDJSgNBEO2JW4zbqEdBGhMhooSZiMtFCXrxGMEskoTQ0+kkTXp6hu4aIQy5efFXvHhQxKu/4M2/sbMcNPFBweO9KqrqeaHgGhzn20rMzS8sLiWXUyura+sb9uZWWQeRoqxEAxGoqkc0E1yyEnAQrBoqRnxPsIrXux76lQemNA/kHfRD1vBJR/I2pwSM1LR3M+VstRnLQ3dwhO8vjg/wJa53CcR1BmSQadppJ+eMgGeJOyFpNEGxaX/VWwGNfCaBCqJ1zXVCaMREAaeCDVL1SLOQ0B7psJqhkvhMN+LRHwO8b5QWbgfKlAQ8Un9PxMTXuu97ptMn0NXT3lD8z6tF0D5vxFyGETBJx4vakcAQ4GEouMUVoyD6hhCquLkV0y5RhIKJLmVCcKdfniXlfM49zZ3c5tOFq0kcSbSD9lAWuegMFdANKqISougRPaNX9GY9WS/Wu/Uxbk1Yk5lt9AfW5w8xpZcB</latexit>

V (Xn+1, Y = 3) > ⌘̂

<latexit sha1_base64="aWprwLYNphD7KBfWCAPm+PhOp60=">AAACB3icbVDLSgNBEJyNrxhfqx4FGUyEiBJ2A1EvStCLxwjmIUkIs5NJMmR2dpnpFcKSmxd/xYsHRbz6C978GyePgyYWNBRV3XR3eaHgGhzn20osLC4tryRXU2vrG5tb9vZORQeRoqxMAxGomkc0E1yyMnAQrBYqRnxPsKrXvx751QemNA/kHQxC1vRJV/IOpwSM1LL3M5VsrRXLY3d4gu8vCkf4Ejd6BOIGAzLMtOy0k3PGwPPEnZI0mqLUsr8a7YBGPpNABdG67johNGOigFPBhqlGpFlIaJ90Wd1QSXymm/H4jyE+NEobdwJlSgIeq78nYuJrPfA90+kT6OlZbyT+59Uj6Jw3Yy7DCJikk0WdSGAI8CgU3OaKURADQwhV3NyKaY8oQsFElzIhuLMvz5NKPuee5gq3+XTxahpHEu2hA5RFLjpDRXSDSqiMKHpEz+gVvVlP1ov1bn1MWhPWdGYX/YH1+QM0y5cD</latexit>

V (Xn+1, Y = 5) > ⌘̂

<latexit sha1_base64="nixogEUtXFU7g4yRPYk3U7GTfwg=">AAACBnicbVDLSgNBEJz1GeMr6lGEwUSIKGE34OOgEPTiMYJ5SDaE2ckkGTI7u8z0CmHJyYu/4sWDIl79Bm/+jZNkD5pY0FBUddPd5YWCa7Dtb2tufmFxaTm1kl5dW9/YzGxtV3UQKcoqNBCBqntEM8ElqwAHweqhYsT3BKt5/euRX3tgSvNA3sEgZE2fdCXvcErASK3MXq6ar7dieeQMj/H9ZfHwArs9ArHLgAxzrUzWLthj4FniJCSLEpRbmS+3HdDIZxKoIFo3HDuEZkwUcCrYMO1GmoWE9kmXNQyVxGe6GY/fGOIDo7RxJ1CmJOCx+nsiJr7WA98znT6Bnp72RuJ/XiOCznkz5jKMgEk6WdSJBIYAjzLBba4YBTEwhFDFza2Y9ogiFExyaROCM/3yLKkWC85p4eS2mC1dJXGk0C7aR3nkoDNUQjeojCqIokf0jF7Rm/VkvVjv1sekdc5KZnbQH1ifP9EwltQ=</latexit>

V (Xn+1, Y = 2) < ⌘̂

<latexit sha1_base64="iC4hiHDsKzPDqVBN6Z8pBvE529o=">AAACBnicbVDJSgNBEO2JW4zbqEcRGhMhooSZ4HZQCHrxGMEskoTQ0+kkTXp6hu4aIQw5efFXvHhQxKvf4M2/sbMcNPFBweO9KqrqeaHgGhzn20rMzS8sLiWXUyura+sb9uZWWQeRoqxEAxGoqkc0E1yyEnAQrBoqRnxPsIrXux76lQemNA/kHfRD1vBJR/I2pwSM1LR3M+VstRnLQ3dwhO8vjw8ucL1LIK4zIINM0047OWcEPEvcCUmjCYpN+6veCmjkMwlUEK1rrhNCIyYKOBVskKpHmoWE9kiH1QyVxGe6EY/eGOB9o7RwO1CmJOCR+nsiJr7Wfd8znT6Brp72huJ/Xi2C9nkj5jKMgEk6XtSOBIYADzPBLa4YBdE3hFDFza2YdokiFExyKROCO/3yLCnnc+5p7uQ2ny5cTeJIoh20h7LIRWeogG5QEZUQRY/oGb2iN+vJerHerY9xa8KazGyjP7A+fwDUVJbW</latexit>

V (Xn+1, Y = 4) < ⌘̂
2 4{     ,     }

The set of labels where non-conformity 
scores are smaller than 

<latexit sha1_base64="Yp/nRXUihgUheipFCaaVH8B23m8="></latexit>

⌘̂ = quantile({V (Xi, Yi)}ni=1, (1� ↵)(1 + 1
n ))



In Summary

o Step 1/4: define heuristics uncertainty
o e.g. softmax class probabilities 

o Step 2/4: compute non-conformity scores 
for calibration sets
o e.g. 1-softmax scores

o Step 3/4: compute quantile    of non-
conformity scores 

o Step 4/4: Construct prediction set
o The set of labels below 
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<latexit sha1_base64="Yp/nRXUihgUheipFCaaVH8B23m8="></latexit>

⌘̂ = quantile({V (Xi, Yi)}ni=1, (1� ↵)(1 + 1
n ))

<latexit sha1_base64="Yp/nRXUihgUheipFCaaVH8B23m8="></latexit>

⌘̂ = quantile({V (Xi, Yi)}ni=1, (1� ↵)(1 + 1
n ))

<latexit sha1_base64="5C5E5FRAiJdk5qB0bfIzpxeGxLk=">AAAB9XicbVDLTsJAFL3FF+ILdelmIpjghrQkPpZENy4xkUdCK5kOU5gwnTYzU5U0/IcbFxrj1n9x5984QBcKnuQmJ+fcm3vv8WPOlLbtbyu3srq2vpHfLGxt7+zuFfcPWipKJKFNEvFIdnysKGeCNjXTnHZiSXHoc9r2R9dTv/1ApWKRuNPjmHohHggWMIK1ke7L7hDr1A2TSeXptNwrluyqPQNaJk5GSpCh0St+uf2IJCEVmnCsVNexY+2lWGpGOJ0U3ETRGJMRHtCuoQKHVHnp7OoJOjFKHwWRNCU0mqm/J1IcKjUOfdMZYj1Ui95U/M/rJjq49FIm4kRTQeaLgoQjHaFpBKjPJCWajw3BRDJzKyJDLDHRJqiCCcFZfHmZtGpV57x6dlsr1a+yOPJwBMdQAQcuoA430IAmEJDwDK/wZj1aL9a79TFvzVnZzCH8gfX5A5hike4=</latexit>

µ̂(x)



Similarly, for regression
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Calibration
Training (+val)

Testing

Pre-defined 
coverage level

<latexit sha1_base64="SEf3CZzWh2myAsrvVLKGvs+Xk5Q=">AAAB8XicbVDLSgNBEOz1GeMr6tHLYCJ4MewGfByDXjxGMA9MltA7mU2GzM4uM7NCCPkLLx4U8erfePNvnCR70MSChqKqm+6uIBFcG9f9dlZW19Y3NnNb+e2d3b39wsFhQ8epoqxOYxGrVoCaCS5Z3XAjWCtRDKNAsGYwvJ36zSemNI/lgxklzI+wL3nIKRorPZa88w6KZIClbqHolt0ZyDLxMlKEDLVu4avTi2kaMWmoQK3bnpsYf4zKcCrYJN9JNUuQDrHP2pZKjJj2x7OLJ+TUKj0SxsqWNGSm/p4YY6T1KApsZ4RmoBe9qfif105NeO2PuUxSwySdLwpTQUxMpu+THleMGjGyBKni9lZCB6iQGhtS3obgLb68TBqVsndZvrivFKs3WRw5OIYTOAMPrqAKd1CDOlCQ8Ayv8OZo58V5dz7mrStONnMEf+B8/gAkBI/u</latexit>

1� ↵

<latexit sha1_base64="IkYp1Brd689zonMD1TvwY/FfSS4=">AAACAnicbVDLSsNAFJ3UV62vqCtxE2yFuqlJwcey6MZlBfuAJoSb6aQZOnkwMxFLCG78FTcuFHHrV7jzb5w+Ftp64MLhnHu59x4vYVRI0/zWCkvLK6trxfXSxubW9o6+u9cWccoxaeGYxbzrgSCMRqQlqWSkm3ACocdIxxtej/3OPeGCxtGdHCXECWEQUZ9ikEpy9YOKHYDM7DDN3cwGlgRwWs+rDycVVy+bNXMCY5FYM1JGMzRd/cvuxzgNSSQxAyF6lplIJwMuKWYkL9mpIAngIQxIT9EIQiKcbPJCbhwrpW/4MVcVSWOi/p7IIBRiFHqqMwQZiHlvLP7n9VLpXzoZjZJUkghPF/kpM2RsjPMw+pQTLNlIEcCcqlsNHAAHLFVqJRWCNf/yImnXa9Z57ey2Xm5czeIookN0hKrIQheogW5QE7UQRo/oGb2iN+1Je9HetY9pa0GbzeyjP9A+fwAyCJan</latexit>

µ̂↵/2(x)
<latexit sha1_base64="Obs6z9kA4FkFJgYjOUVsNkCYUa0=">AAACBHicbVC5TsNAEF1zhnAZKNNYJEihINiROMoIGsogkUOKLWu8WcerrA/trhGRlYKGX6GhACFaPoKOv2GTuICEJ4309N6MZuZ5CaNCmua3trS8srq2Xtgobm5t7+zqe/ttEacckxaOWcy7HgjCaERakkpGugknEHqMdLzh9cTv3BMuaBzdyVFCnBAGEfUpBqkkVy9V7ABkZofp2M2sExtYEsBpfVx9OK64etmsmVMYi8TKSRnlaLr6l92PcRqSSGIGQvQsM5FOBlxSzMi4aKeCJICHMCA9RSMIiXCy6RNj40gpfcOPuapIGlP190QGoRCj0FOdIchAzHsT8T+vl0r/0slolKSSRHi2yE+ZIWNjkojRp5xgyUaKAOZU3WrgADhgqXIrqhCs+ZcXSbtes85rZ7f1cuMqj6OASugQVZGFLlAD3aAmaiGMHtEzekVv2pP2or1rH7PWJS2fOUB/oH3+ABmIlxk=</latexit>

µ̂1�↵/2(x)

<latexit sha1_base64="S9bbVmF188UShrTOWgtR35plVDk="></latexit>

V (X = x, Y = y) = max(µ̂↵/2(x)� y, y � µ̂1�↵/2(x))

<latexit sha1_base64="IkYp1Brd689zonMD1TvwY/FfSS4=">AAACAnicbVDLSsNAFJ3UV62vqCtxE2yFuqlJwcey6MZlBfuAJoSb6aQZOnkwMxFLCG78FTcuFHHrV7jzb5w+Ftp64MLhnHu59x4vYVRI0/zWCkvLK6trxfXSxubW9o6+u9cWccoxaeGYxbzrgSCMRqQlqWSkm3ACocdIxxtej/3OPeGCxtGdHCXECWEQUZ9ikEpy9YOKHYDM7DDN3cwGlgRwWs+rDycVVy+bNXMCY5FYM1JGMzRd/cvuxzgNSSQxAyF6lplIJwMuKWYkL9mpIAngIQxIT9EIQiKcbPJCbhwrpW/4MVcVSWOi/p7IIBRiFHqqMwQZiHlvLP7n9VLpXzoZjZJUkghPF/kpM2RsjPMw+pQTLNlIEcCcqlsNHAAHLFVqJRWCNf/yImnXa9Z57ey2Xm5czeIookN0hKrIQheogW5QE7UQRo/oGb2iN+1Je9HetY9pa0GbzeyjP9A+fwAyCJan</latexit>

µ̂↵/2(x)
<latexit sha1_base64="Obs6z9kA4FkFJgYjOUVsNkCYUa0=">AAACBHicbVC5TsNAEF1zhnAZKNNYJEihINiROMoIGsogkUOKLWu8WcerrA/trhGRlYKGX6GhACFaPoKOv2GTuICEJ4309N6MZuZ5CaNCmua3trS8srq2Xtgobm5t7+zqe/ttEacckxaOWcy7HgjCaERakkpGugknEHqMdLzh9cTv3BMuaBzdyVFCnBAGEfUpBqkkVy9V7ABkZofp2M2sExtYEsBpfVx9OK64etmsmVMYi8TKSRnlaLr6l92PcRqSSGIGQvQsM5FOBlxSzMi4aKeCJICHMCA9RSMIiXCy6RNj40gpfcOPuapIGlP190QGoRCj0FOdIchAzHsT8T+vl0r/0slolKSSRHi2yE+ZIWNjkojRp5xgyUaKAOZU3WrgADhgqXIrqhCs+ZcXSbtes85rZ7f1cuMqj6OASugQVZGFLlAD3aAmaiGMHtEzekVv2pP2or1rH7PWJS2fOUB/oH3+ABmIlxk=</latexit>

µ̂1�↵/2(x)

<latexit sha1_base64="Edheh+QBSzFBdeZqmqwbooF8Ias=">AAAB8HicbVDJSgNBEK2JW4xb1KOXxkSIIGEm4HIMevEYwWwkQ+jp9CRNunuG7h4hDPkKLx4U8ernePNv7CwHTXxQ8Hiviqp6QcyZNq777WTW1jc2t7LbuZ3dvf2D/OFRQ0eJIrROIh6pVoA15UzSumGG01asKBYBp81gdDf1m09UaRbJRzOOqS/wQLKQEWys1C42Sq0L1D4v9vIFt+zOgFaJtyAFWKDWy391+xFJBJWGcKx1x3Nj46dYGUY4neS6iaYxJiM8oB1LJRZU++ns4Ak6s0ofhZGyJQ2aqb8nUiy0HovAdgpshnrZm4r/eZ3EhDd+ymScGCrJfFGYcGQiNP0e9ZmixPCxJZgoZm9FZIgVJsZmlLMheMsvr5JGpexdlS8fKoXq7SKOLJzAKZTAg2uowj3UoA4EBDzDK7w5ynlx3p2PeWvGWcwcwx84nz9MSo7I</latexit>

V (X,Y )

Step 1: heuristic uncertainty

Step 2: non-
conformity score



Conformalized Quantile 
Regression
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Step 3: computes the quantile over calibration data (standard and not shown)

<latexit sha1_base64="tPs5RQEjTVqOGRjtxlurw02EqDQ=">AAAB8HicbVBNSwMxEJ2tX7V+VT16CbaCIJTdQtVj0YvHCvZD2qVk02wbmmSXJCuUpb/CiwdFvPpzvPlvTNs9aOuDgcd7M8zMC2LOtHHdbye3tr6xuZXfLuzs7u0fFA+PWjpKFKFNEvFIdQKsKWeSNg0znHZiRbEIOG0H49uZ336iSrNIPphJTH2Bh5KFjGBjpcdyp5/KC29a7hdLbsWdA60SLyMlyNDoF796g4gkgkpDONa667mx8VOsDCOcTgu9RNMYkzEe0q6lEguq/XR+8BSdWWWAwkjZkgbN1d8TKRZaT0RgOwU2I73szcT/vG5iwms/ZTJODJVksShMODIRmn2PBkxRYvjEEkwUs7ciMsIKE2MzKtgQvOWXV0mrWvEuK7X7aql+k8WRhxM4hXPw4ArqcAcNaAIBAc/wCm+Ocl6cd+dj0Zpzsplj+APn8weSYY+d</latexit>

Xn+1

<latexit sha1_base64="6PFDHYDP2VT4Hu6JaHA1jknYbAA="></latexit>

C(Xn+1) = {y 2 Y : V (Xn+1, y)  ⌘̂}

Step 4: prediction interval construction

<latexit sha1_base64="OQ1/8ktweDqsWnbrMp7QJj8OFmg="></latexit>

C(Xn+1) = [µ̂↵/2(Xn+1)� ⌘̂, µ̂1�↵/2(Xn+1) + ⌘̂]

<latexit sha1_base64="Yp/nRXUihgUheipFCaaVH8B23m8="></latexit>

⌘̂ = quantile({V (Xi, Yi)}ni=1, (1� ↵)(1 + 1
n ))

<latexit sha1_base64="Yp/nRXUihgUheipFCaaVH8B23m8="></latexit>

⌘̂ = quantile({V (Xi, Yi)}ni=1, (1� ↵)(1 + 1
n ))



Coverage guarantees
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Given exchangeability between calibration set                        and  
<latexit sha1_base64="VZnrOfl5azzlasCkLp6iJoyLrUA=">AAACE3icbVC7TsMwFHXKq5RXgJHFokUqIKqkEo+xogtjkegDNVHkuE5r1XEi20Gqov4DC7/CwgBCrCxs/A1umwFajnSl43Pule89fsyoVJb1beSWlldW1/LrhY3Nre0dc3evJaNEYNLEEYtEx0eSMMpJU1HFSCcWBIU+I21/WJ/47QciJI34nRrFxA1Rn9OAYqS05JknpYaT3nspP7XH0KEc1sud2evY0UKfQPvMQSweoJJnFq2KNQVcJHZGiiBDwzO/nF6Ek5BwhRmSsmtbsXJTJBTFjIwLTiJJjPAQ9UlXU45CIt10etMYHmmlB4NI6OIKTtXfEykKpRyFvu4MkRrIeW8i/ud1ExVcuSnlcaIIx7OPgoRBFcFJQLBHBcGKjTRBWFC9K8QDJBBWOsaCDsGeP3mRtKoV+6Jyflst1q6zOPLgAByCMrDBJaiBG9AATYDBI3gGr+DNeDJejHfjY9aaM7KZffAHxucPB+GbwQ==</latexit>

P{Yn+1 2 C(Xn+1)} � 1� ↵

<latexit sha1_base64="smpwGEs/SigtHPGQzrrvwVlOb50=">AAACAHicbVDLSsNAFJ3UV62vqAsXbgZboYKUpOBjIxTduKxgH9LEMJlO2qGTSZiZCCVk46+4caGIWz/DnX/jtM1CqwcuHM65l3vv8WNGpbKsL6OwsLi0vFJcLa2tb2xumds7bRklApMWjlgkuj6ShFFOWooqRrqxICj0Gen4o6uJ33kgQtKI36pxTNwQDTgNKEZKS565V3HSatejx3cePXIyL6UXdnbPK55ZtmrWFPAvsXNSBjmanvnp9COchIQrzJCUPduKlZsioShmJCs5iSQxwiM0ID1NOQqJdNPpAxk81EofBpHQxRWcqj8nUhRKOQ593RkiNZTz3kT8z+slKjh3U8rjRBGOZ4uChEEVwUkasE8FwYqNNUFYUH0rxEMkEFY6s5IOwZ5/+S9p12v2ae3kpl5uXOZxFME+OABVYIMz0ADXoAlaAIMMPIEX8Go8Gs/Gm/E+ay0Y+cwu+AXj4xvTRpVJ</latexit>

{(Xi, Yi)}ni=1

<latexit sha1_base64="nNvs4Xaq/EZ4cyJVIXsZ4kLUsn0=">AAAB/HicbVDLSsNAFL2pr1pf0S7dBFuhopSk4GNZdOOygn1IG8JkOmmHTiZhZiKEUH/FjQtF3Poh7vwbp4+Fth643MM59zJ3jh8zKpVtfxu5ldW19Y38ZmFre2d3z9w/aMkoEZg0ccQi0fGRJIxy0lRUMdKJBUGhz0jbH91M/PYjEZJG/F6lMXFDNOA0oBgpLXlmsVzpeBk/dcZnD7N+UvbMkl21p7CWiTMnJZij4ZlfvX6Ek5BwhRmSsuvYsXIzJBTFjIwLvUSSGOERGpCuphyFRLrZ9PixdayVvhVEQhdX1lT9vZGhUMo09PVkiNRQLnoT8T+vm6jgys0ojxNFOJ49FCTMUpE1ScLqU0GwYqkmCAuqb7XwEAmElc6roENwFr+8TFq1qnNRPb+rlerX8zjycAhHUAEHLqEOt9CAJmBI4Rle4c14Ml6Md+NjNpoz5jtF+APj8wcj4ZMp</latexit>

(Xn+1, Yn+1)

The probability of the ground truth falls into the prediction set is 
<latexit sha1_base64="SEf3CZzWh2myAsrvVLKGvs+Xk5Q=">AAAB8XicbVDLSgNBEOz1GeMr6tHLYCJ4MewGfByDXjxGMA9MltA7mU2GzM4uM7NCCPkLLx4U8erfePNvnCR70MSChqKqm+6uIBFcG9f9dlZW19Y3NnNb+e2d3b39wsFhQ8epoqxOYxGrVoCaCS5Z3XAjWCtRDKNAsGYwvJ36zSemNI/lgxklzI+wL3nIKRorPZa88w6KZIClbqHolt0ZyDLxMlKEDLVu4avTi2kaMWmoQK3bnpsYf4zKcCrYJN9JNUuQDrHP2pZKjJj2x7OLJ+TUKj0SxsqWNGSm/p4YY6T1KApsZ4RmoBe9qfif105NeO2PuUxSwySdLwpTQUxMpu+THleMGjGyBKni9lZCB6iQGhtS3obgLb68TBqVsndZvrivFKs3WRw5OIYTOAMPrqAKd1CDOlCQ8Ayv8OZo58V5dz7mrStONnMEf+B8/gAkBI/u</latexit>

1� ↵

Theorem 1 [Vovk, Gammerman, and Saunders, 1999]

What is exchangeability?



Assumption: Exchangeability
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Given any permutation     of                           , it holds that   

Exchangeability between calibration set and test point 

<latexit sha1_base64="us5+H0KvOurIXErf3ihuuhh9DB4=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LLaCp5IU/DgWvXisYGqhDWWz3bRLN5uwOxFK6W/w4kERr/4gb/4bt20O2vpg4PHeDDPzwlQKg6777RTW1jc2t4rbpZ3dvf2D8uFRyySZZtxniUx0O6SGS6G4jwIlb6ea0ziU/DEc3c78xyeujUjUA45THsR0oEQkGEUr+dVuKqq9csWtuXOQVeLlpAI5mr3yV7efsCzmCpmkxnQ8N8VgQjUKJvm01M0MTykb0QHvWKpozE0wmR87JWdW6ZMo0bYUkrn6e2JCY2PGcWg7Y4pDs+zNxP+8TobRdTARKs2QK7ZYFGWSYEJmn5O+0JyhHFtCmRb2VsKGVFOGNp+SDcFbfnmVtOo177J2cV+vNG7yOIpwAqdwDh5cQQPuoAk+MBDwDK/w5ijnxXl3PhatBSefOYY/cD5/AAsjjjE=</latexit>⇡

<latexit sha1_base64="I11xi1i/L4rTHSFmhr90L+//MSc=">AAAB+3icbVDJSgNBEK1xjXEb49FLYyJEkDATcLkIQS8eI5hFk2Ho6fQkTXoWunvEMORXvHhQxKs/4s2/sZPMQRMfFDzeq6KqnhdzJpVlfRtLyyura+u5jfzm1vbOrrlXaMooEYQ2SMQj0fawpJyFtKGY4rQdC4oDj9OWN7ye+K1HKiSLwjs1iqkT4H7IfEaw0pJrFkoPLkOXqNx22Qm6d9lxyTWLVsWaAi0SOyNFyFB3za9uLyJJQENFOJayY1uxclIsFCOcjvPdRNIYkyHu046mIQ6odNLp7WN0pJUe8iOhK1Roqv6eSHEg5SjwdGeA1UDOexPxP6+TKP/CSVkYJ4qGZLbITzhSEZoEgXpMUKL4SBNMBNO3IjLAAhOl48rrEOz5lxdJs1qxzyqnt9Vi7SqLIwcHcAhlsOEcanADdWgAgSd4hld4M8bGi/FufMxal4xsZh/+wPj8AYM7kiw=</latexit>

Zi = (Xi, Yi)Denote

<latexit sha1_base64="Xv7qAPkSHD66ZZax12nFlEm3GQw=">AAACIXicbZDLSgMxFIYzXmu9jbp0E2yFFkuZKahdFt24rGAv0g5DJpO2oZnMkGSEMvRV3Pgqblwo0p34MmbaWWjrgZA/3zmHk/N7EaNSWdaXsba+sbm1ndvJ7+7tHxyaR8dtGcYCkxYOWSi6HpKEUU5aiipGupEgKPAY6Xjj2zTfeSJC0pA/qElEnAANOR1QjJRGrlkvlrquXYGPrl2uwD72QyUrULOET1Oqr3L2vrAzokW56JoFq2rNA64KOxMFkEXTNWd9P8RxQLjCDEnZs61IOQkSimJGpvl+LEmE8BgNSU9LjgIinWS+4RSea+LDQSj04QrO6e+OBAVSTgJPVwZIjeRyLoX/5XqxGtSdhPIoVoTjxaBBzKAKYWoX9KkgWLGJFggLqv8K8QgJhJU2Na9NsJdXXhXtWtW+ql7e1wqNm8yOHDgFZ6AEbHANGuAONEELYPAMXsE7+DBejDfj05gtSteMrOcE/Anj+wdddJ9e</latexit>

(X1, Y1), · · · , (Xn, Yn), (Xn+1, Yn+1)

calibration set Any test point

<latexit sha1_base64="D30nYa5RUt/TkW7UOHkxmtdWeEQ=">AAAB+3icbVDLSsNAFJ3UV62vWJduBltBsJSk4GNZdOOygn1AE8pkMm2HTmbCzEQsIb/ixoUibv0Rd/6N0zYLbT1w4XDOvdx7TxAzqrTjfFuFtfWNza3idmlnd2//wD4sd5RIJCZtLJiQvQApwignbU01I71YEhQFjHSDye3M7z4SqajgD3oaEz9CI06HFCNtpIFdrnqpW/NwKLSq8XPXy6oDu+LUnTngKnFzUgE5WgP7ywsFTiLCNWZIqb7rxNpPkdQUM5KVvESRGOEJGpG+oRxFRPnp/PYMnholhEMhTXEN5+rviRRFSk2jwHRGSI/VsjcT//P6iR5e+ynlcaIJx4tFw4RBLeAsCBhSSbBmU0MQltTcCvEYSYS1iatkQnCXX14lnUbdvaxf3DcqzZs8jiI4BifgDLjgCjTBHWiBNsDgCTyDV/BmZdaL9W59LFoLVj5zBP7A+vwBDg2TKw==</latexit>

{1, · · · , n+ 1}
<latexit sha1_base64="XLGgsDnSZF0MCbZh3g8g397qX+Y="></latexit>

P ((Z⇡(1), . . . , Z⇡(n+1)) = (z1, . . . , zn+1)) = P ((Z1, . . . , Zn+1) = (z1, . . . , zn+1))

P(                )   = P (               )
Draw 3 colored 
balls from a bag,



Conformal Prediction have been 
applied to vision, NLP, etc.
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In computer vision, NLP 
problems, the calibration and 
test points are i.i.d 
(independent, and identically 
distributed).

Note: i.i.d implies 
exchangeability whereas the 
reverse is not true.



Plan for Today
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o How to measure if an uncertainty 
estimation method is good?

o How to produce uncertainty 
estimates with reliability guarantees?

o How to produce reliable uncertainty 
estimates for graphs?



However, does exchangeability 
hold for graph structured data?
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Calibration
Training (+val)

Testing

• Dependencies 
between testing and 
calibration nodes. 
(i.e., not i.i.d).

• Message-passing 
during training 
includes calibration 
and test nodes.

<latexit sha1_base64="n3Qr4SQwK9xaS4yeJT5X9rcQDFI="></latexit>

V (X,Y ; {Zv}v2Dtrain[Dvalid , {Xv}v2Dcalib[Dtest ,V, E)

<latexit sha1_base64="M8xfhASFWZ5WmoHhBez6XjXWyN8="></latexit>

V (X,Y ; {Zv}v2Dtrain[Dvalid)Previously,

Now,

Calib & test seen in training

Graph dependencies



Yes!
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Theorem 1: in transductive node-level prediction 
problem under random data split, graph exchangeability
holds given permutation invariance.

Kexin Huang, Ying Jin, Emmanuel Candès, Jure Leskovec. Uncertainty Quantification 
over Graph with Conformalized Graph Neural Network. NeurIPS 2023, spotlight.

Validity of coverage 
guarantees for GNNs.

Most popular GNNs 
are permutation 

invariant!



Okay, we have coverage, is that 
enough?

o No! An arbitrarily large prediction set ensures 
coverage validity but is practically useless

36

{ , ,   ,   ,   }1 2 3 4 5

-10,000 +10,000

100% coverage!

100% coverage!

If there are 5 classes:

Both are not usable!



How to define if a prediction 
set/interval is good? - Efficiency
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<latexit sha1_base64="M6kkWBNt7n1krkTcZGuF72bU4JY="></latexit>

Ine�ciency := 1
|Dtest|

P
i2Dtest

|C(Xi)|

{ , }2 1 { , ,   ,   }2 1 8 3

14.1 14.8 13.1 16.8

vs

vs

o Of course, while ensuring coverage guarantees!

• Inefficiency calculates the length of the prediction set size



How to improve efficiency?
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Key observation: GNNs prediction scores are 
not optimized for conformal efficiency.

Calibrate

Train+Val

Test

No label

Standard GNN Training

<latexit sha1_base64="p9cWonIJjLFOH46uaslFF0QAmpg=">AAAB/nicbVDLSsNAFJ3UV62vqLhyE2wFVyUp+FgWXeiqVLAPaEKYTKft0JkkzNwIJRT8FTcuFHHrd7jzb5y0WWjrgYHDOfdyz5wg5kyBbX8bhZXVtfWN4mZpa3tnd8/cP2irKJGEtkjEI9kNsKKchbQFDDjtxpJiEXDaCcY3md95pFKxKHyASUw9gYchGzCCQUu+eVRxBYaRFOltozH1XRhRwBXfLNtVewZrmTg5KaMcTd/8cvsRSQQNgXCsVM+xY/BSLIERTqclN1E0xmSMh7SnaYgFVV46iz+1TrXStwaR1C8Ea6b+3kixUGoiAj2ZZVWLXib+5/USGFx5KQvjBGhI5ocGCbcgsrIurD6TlACfaIKJZDqrRUZYYgK6sZIuwVn88jJp16rORfX8vlauX+d1FNExOkFnyEGXqI7uUBO1EEEpekav6M14Ml6Md+NjPlow8p1D9AfG5w/C9ZVe</latexit>

GNN✓

Standard Conformal Prediction

Regression

{ , }

Classification

3 1 4 2 5

<latexit sha1_base64="h5gLxANizOHTXx7MqHv0b615T/E=">AAAB83icbVBNS8NAEN3Ur1q/qh69LLaCp5IU/DgWvXisYGuhKWWy3bRLN5uwOxFK6N/w4kERr/4Zb/4bt20O2vpg4PHeDDPzgkQKg6777RTW1jc2t4rbpZ3dvf2D8uFR28SpZrzFYhnrTgCGS6F4CwVK3kk0hyiQ/DEY3878xyeujYjVA04S3otgqEQoGKCV/Ko/Asx8jjCt9ssVt+bOQVeJl5MKydHsl7/8QczSiCtkEozpem6CvQw0Cib5tOSnhifAxjDkXUsVRNz0svnNU3pmlQENY21LIZ2rvycyiIyZRIHtjABHZtmbif953RTD614mVJIiV2yxKEwlxZjOAqADoTlDObEEmBb2VspGoIGhjalkQ/CWX14l7XrNu6xd3NcrjZs8jiI5IafknHjkijTIHWmSFmEkIc/klbw5qfPivDsfi9aCk88ckz9wPn8AmcSRaQ==</latexit>

⌘̂

3 1

<latexit sha1_base64="6IBLGIZikeED1M5/pOhHUATAddk=">AAAB9HicbVBNS8NAEN3Ur1q/qh69BFtBEEpS8ONY9OKxgv2AJpTNdtou3Wzi7qRQQn+HFw+KePXHePPfuG1z0NYHA4/3ZpiZF8SCa3Scbyu3tr6xuZXfLuzs7u0fFA+PmjpKFIMGi0Sk2gHVILiEBnIU0I4V0DAQ0ApGdzO/NQaleSQfcRKDH9KB5H3OKBrJL194Q4qpB0in5W6x5FScOexV4makRDLUu8UvrxexJASJTFCtO64To59ShZwJmBa8RENM2YgOoGOopCFoP50fPbXPjNKz+5EyJdGeq78nUhpqPQkD0xlSHOplbyb+53US7N/4KZdxgiDZYlE/ETZG9iwBu8cVMBQTQyhT3NxqsyFVlKHJqWBCcJdfXiXNasW9qlw+VEu12yyOPDkhp+ScuOSa1Mg9qZMGYeSJPJNX8maNrRfr3fpYtOasbOaY/IH1+QMB9pGe</latexit>

+⌘̂
<latexit sha1_base64="g6otSnYdSICdq+hT4ha/ke5tp3o=">AAAB9HicbVBNS8NAEN3Ur1q/qh69BFvBiyUp+HEsevFYwX5AE8pmO22XbjZxd1Ioob/DiwdFvPpjvPlv3LY5aOuDgcd7M8zMC2LBNTrOt5VbW9/Y3MpvF3Z29/YPiodHTR0likGDRSJS7YBqEFxCAzkKaMcKaBgIaAWju5nfGoPSPJKPOInBD+lA8j5nFI3kly+8IcXUA6TTcrdYcirOHPYqcTNSIhnq3eKX14tYEoJEJqjWHdeJ0U+pQs4ETAteoiGmbEQH0DFU0hC0n86PntpnRunZ/UiZkmjP1d8TKQ21noSB6QwpDvWyNxP/8zoJ9m/8lMs4QZBssaifCBsje5aA3eMKGIqJIZQpbm612ZAqytDkVDAhuMsvr5JmteJeVS4fqqXabRZHnpyQU3JOXHJNauSe1EmDMPJEnskrebPG1ov1bn0sWnNWNnNM/sD6/AEFFJGg</latexit>

�⌘̂

1 2



GNN prediction scores are shown to be 
biased for uncertainty quantification

39

Wang, Xiao, et al. "Be confident! towards trustworthy graph 
neural networks via confidence calibration." NeurIPS 2021.

GNN prediction scores are under-confident.

{1,3,4} {3}

<latexit sha1_base64="W5n97gH/j1oHiLSnLXLHMGV18c8="></latexit>

q̂ = Quantile({s(ỹcali)yi}, ↵̂)

Implications for 
conformal prediction:

Can we update scores 
automatically to 
maximize efficiency?

<latexit sha1_base64="ghnSplJ8gmnHHVmht7khLm6vaH4=">AAAB+XicbVDLSsNAFL2pr1pfUZduBluhbkpS8LEsunFZwT6gCWEynbZDJ5MwMymU0D9x40IRt/6JO//GaZuFth64cDjnXu69J0w4U9pxvq3CxubW9k5xt7S3f3B4ZB+ftFWcSkJbJOax7IZYUc4EbWmmOe0mkuIo5LQTju/nfmdCpWKxeNLThPoRHgo2YARrIwW2XfFGWGdelM6q3YBdVgK77NScBdA6cXNShhzNwP7y+jFJIyo04Vipnusk2s+w1IxwOit5qaIJJmM8pD1DBY6o8rPF5TN0YZQ+GsTSlNBoof6eyHCk1DQKTWeE9UitenPxP6+X6sGtnzGRpJoKslw0SDnSMZrHgPpMUqL51BBMJDO3IjLCEhNtwiqZENzVl9dJu15zr2tXj/Vy4y6PowhncA5VcOEGGvAATWgBgQk8wyu8WZn1Yr1bH8vWgpXPnMIfWJ8/Y4eS2w==</latexit>

µ̂(Xi)
<latexit sha1_base64="shWWEf5AaXBH57tJ5AIk2GdCmC4=">AAAB+3icbVDLSsNAFJ3UV62vWJduBluhbkpS8LEsunFZwdZCE8JkMm2HzkzCzEQsIb/ixoUibv0Rd/6N0zYLbT1w4XDOvdx7T5gwqrTjfFultfWNza3ydmVnd2//wD6s9lScSky6OGax7IdIEUYF6WqqGeknkiAeMvIQTm5m/sMjkYrG4l5PE+JzNBJ0SDHSRgrsat3TlEUk83iaN/oBPasHds1pOnPAVeIWpAYKdAL7y4tinHIiNGZIqYHrJNrPkNQUM5JXvFSRBOEJGpGBoQJxovxsfnsOT40SwWEsTQkN5+rviQxxpaY8NJ0c6bFa9mbif94g1cMrP6MiSTUReLFomDKoYzgLAkZUEqzZ1BCEJTW3QjxGEmFt4qqYENzll1dJr9V0L5rnd61a+7qIowyOwQloABdcgja4BR3QBRg8gWfwCt6s3Hqx3q2PRWvJKmaOwB9Ynz/965PE</latexit>

µ̃(Xi)



Can we learn to update the scores 
to make it conformal aware?

40

or or
<latexit sha1_base64="ghnSplJ8gmnHHVmht7khLm6vaH4=">AAAB+XicbVDLSsNAFL2pr1pfUZduBluhbkpS8LEsunFZwT6gCWEynbZDJ5MwMymU0D9x40IRt/6JO//GaZuFth64cDjnXu69J0w4U9pxvq3CxubW9k5xt7S3f3B4ZB+ftFWcSkJbJOax7IZYUc4EbWmmOe0mkuIo5LQTju/nfmdCpWKxeNLThPoRHgo2YARrIwW2XfFGWGdelM6q3YBdVgK77NScBdA6cXNShhzNwP7y+jFJIyo04Vipnusk2s+w1IxwOit5qaIJJmM8pD1DBY6o8rPF5TN0YZQ+GsTSlNBoof6eyHCk1DQKTWeE9UitenPxP6+X6sGtnzGRpJoKslw0SDnSMZrHgPpMUqL51BBMJDO3IjLCEhNtwiqZENzVl9dJu15zr2tXj/Vy4y6PowhncA5VcOEGGvAATWgBgQk8wyu8WZn1Yr1bH8vWgpXPnMIfWJ8/Y4eS2w==</latexit>

µ̂(Xi)
<latexit sha1_base64="shWWEf5AaXBH57tJ5AIk2GdCmC4=">AAAB+3icbVDLSsNAFJ3UV62vWJduBluhbkpS8LEsunFZwdZCE8JkMm2HzkzCzEQsIb/ixoUibv0Rd/6N0zYLbT1w4XDOvdx7T5gwqrTjfFultfWNza3ydmVnd2//wD6s9lScSky6OGax7IdIEUYF6WqqGeknkiAeMvIQTm5m/sMjkYrG4l5PE+JzNBJ0SDHSRgrsat3TlEUk83iaN/oBPasHds1pOnPAVeIWpAYKdAL7y4tinHIiNGZIqYHrJNrPkNQUM5JXvFSRBOEJGpGBoQJxovxsfnsOT40SwWEsTQkN5+rviQxxpaY8NJ0c6bFa9mbif94g1cMrP6MiSTUReLFomDKoYzgLAkZUEqzZ1BCEJTW3QjxGEmFt4qqYENzll1dJr9V0L5rnd61a+7qIowyOwQloABdcgja4BR3QBRg8gWfwCt6s3Hqx3q2PRWvJKmaOwB9Ynz/965PE</latexit>

µ̃(Xi)

o A post-hoc step (not affect training!)

How?



How to adjust the prediction 
scores for GNNs?

o Inefficiency has a 
topological root? 

o Could we use 
network structure to 
improve efficiency?

41



Key idea: use another GNN over 
prediction scores

42

or or
<latexit sha1_base64="ghnSplJ8gmnHHVmht7khLm6vaH4=">AAAB+XicbVDLSsNAFL2pr1pfUZduBluhbkpS8LEsunFZwT6gCWEynbZDJ5MwMymU0D9x40IRt/6JO//GaZuFth64cDjnXu69J0w4U9pxvq3CxubW9k5xt7S3f3B4ZB+ftFWcSkJbJOax7IZYUc4EbWmmOe0mkuIo5LQTju/nfmdCpWKxeNLThPoRHgo2YARrIwW2XfFGWGdelM6q3YBdVgK77NScBdA6cXNShhzNwP7y+jFJIyo04Vipnusk2s+w1IxwOit5qaIJJmM8pD1DBY6o8rPF5TN0YZQ+GsTSlNBoof6eyHCk1DQKTWeE9UitenPxP6+X6sGtnzGRpJoKslw0SDnSMZrHgPpMUqL51BBMJDO3IjLCEhNtwiqZENzVl9dJu15zr2tXj/Vy4y6PowhncA5VcOEGGvAATWgBgQk8wyu8WZn1Yr1bH8vWgpXPnMIfWJ8/Y4eS2w==</latexit>

µ̂(Xi)
<latexit sha1_base64="shWWEf5AaXBH57tJ5AIk2GdCmC4=">AAAB+3icbVDLSsNAFJ3UV62vWJduBluhbkpS8LEsunFZwdZCE8JkMm2HzkzCzEQsIb/ixoUibv0Rd/6N0zYLbT1w4XDOvdx7T5gwqrTjfFultfWNza3ydmVnd2//wD6s9lScSky6OGax7IdIEUYF6WqqGeknkiAeMvIQTm5m/sMjkYrG4l5PE+JzNBJ0SDHSRgrsat3TlEUk83iaN/oBPasHds1pOnPAVeIWpAYKdAL7y4tinHIiNGZIqYHrJNrPkNQUM5JXvFSRBOEJGpGBoQJxovxsfnsOT40SwWEsTQkN5+rviQxxpaY8NJ0c6bFa9mbif94g1cMrP6MiSTUReLFomDKoYzgLAkZUEqzZ1BCEJTW3QjxGEmFt4qqYENzll1dJr9V0L5rnd61a+7qIowyOwQloABdcgja4BR3QBRg8gWfwCt6s3Hqx3q2PRWvJKmaOwB9Ynz/965PE</latexit>

µ̃(Xi)

<latexit sha1_base64="zRexkLkSC2PoUlXZK0yoTWlj+6A=">AAACAXicbVDLSsNAFJ3UV62vqBvBzWAruCpJwcey6EJXpYJ9QBPCZDpph04mYWZSKKFu/BU3LhRx61+482+ctFlo64GBwzn33rn3+DGjUlnWt1FYWV1b3yhulra2d3b3zP2DtowSgUkLRywSXR9JwignLUUVI91YEBT6jHT80U3md8ZESBrxBzWJiRuiAacBxUhpyTOPKk6I1FCE6W2jMfWcMRJqSBSqeGbZqlozwGVi56QMcjQ988vpRzgJCVeYISl7thUrN9XzKGZkWnISSWKER2hAeppyFBLpprMLpvBUK30YREI/ruBM/d2RolDKSejrymxduehl4n9eL1HBlZtSHieKcDz/KEgYVBHM4oB9KghWbKIJwoLqXSEeIoGw0qGVdAj24snLpF2r2hfV8/tauX6dx1EEx+AEnAEbXII6uANN0AIYPIJn8ArejCfjxXg3PualBSPvOQR/YHz+AD8tlsU=</latexit>

GNN#or

or

or

or
or

o Note: the input node embedding is prediction 
scores from the base GNN. 

o Asking around the neighbors on how to update 
the prediction scores to maximize efficiency.



How do we update the 
correction GNN?

Key insight: design a loss to approximate 
efficiency and directly learn to optimize over it 

This requires us to make the downstream 
conformal step differentiable.

or or
<latexit sha1_base64="ghnSplJ8gmnHHVmht7khLm6vaH4=">AAAB+XicbVDLSsNAFL2pr1pfUZduBluhbkpS8LEsunFZwT6gCWEynbZDJ5MwMymU0D9x40IRt/6JO//GaZuFth64cDjnXu69J0w4U9pxvq3CxubW9k5xt7S3f3B4ZB+ftFWcSkJbJOax7IZYUc4EbWmmOe0mkuIo5LQTju/nfmdCpWKxeNLThPoRHgo2YARrIwW2XfFGWGdelM6q3YBdVgK77NScBdA6cXNShhzNwP7y+jFJIyo04Vipnusk2s+w1IxwOit5qaIJJmM8pD1DBY6o8rPF5TN0YZQ+GsTSlNBoof6eyHCk1DQKTWeE9UitenPxP6+X6sGtnzGRpJoKslw0SDnSMZrHgPpMUqL51BBMJDO3IjLCEhNtwiqZENzVl9dJu15zr2tXj/Vy4y6PowhncA5VcOEGGvAATWgBgQk8wyu8WZn1Yr1bH8vWgpXPnMIfWJ8/Y4eS2w==</latexit>

µ̂(Xi)
<latexit sha1_base64="shWWEf5AaXBH57tJ5AIk2GdCmC4=">AAAB+3icbVDLSsNAFJ3UV62vWJduBluhbkpS8LEsunFZwdZCE8JkMm2HzkzCzEQsIb/ixoUibv0Rd/6N0zYLbT1w4XDOvdx7T5gwqrTjfFultfWNza3ydmVnd2//wD6s9lScSky6OGax7IdIEUYF6WqqGeknkiAeMvIQTm5m/sMjkYrG4l5PE+JzNBJ0SDHSRgrsat3TlEUk83iaN/oBPasHds1pOnPAVeIWpAYKdAL7y4tinHIiNGZIqYHrJNrPkNQUM5JXvFSRBOEJGpGBoQJxovxsfnsOT40SwWEsTQkN5+rviQxxpaY8NJ0c6bFa9mbif94g1cMrP6MiSTUReLFomDKoYzgLAkZUEqzZ1BCEJTW3QjxGEmFt4qqYENzll1dJr9V0L5rnd61a+7qIowyOwQloABdcgja4BR3QBRg8gWfwCt6s3Hqx3q2PRWvJKmaOwB9Ynz/965PE</latexit>

µ̃(Xi)

<latexit sha1_base64="zRexkLkSC2PoUlXZK0yoTWlj+6A=">AAACAXicbVDLSsNAFJ3UV62vqBvBzWAruCpJwcey6EJXpYJ9QBPCZDpph04mYWZSKKFu/BU3LhRx61+482+ctFlo64GBwzn33rn3+DGjUlnWt1FYWV1b3yhulra2d3b3zP2DtowSgUkLRywSXR9JwignLUUVI91YEBT6jHT80U3md8ZESBrxBzWJiRuiAacBxUhpyTOPKk6I1FCE6W2jMfWcMRJqSBSqeGbZqlozwGVi56QMcjQ988vpRzgJCVeYISl7thUrN9XzKGZkWnISSWKER2hAeppyFBLpprMLpvBUK30YREI/ruBM/d2RolDKSejrymxduehl4n9eL1HBlZtSHieKcDz/KEgYVBHM4oB9KghWbKIJwoLqXSEeIoGw0qGVdAj24snLpF2r2hfV8/tauX6dx1EEx+AEnAEbXII6uANN0AIYPIJn8ArejCfjxXg3PualBSPvOQR/YHz+AD8tlsU=</latexit>

GNN#or

or

or

or
or

<latexit sha1_base64="830FnLaZdIZpm8rcrV1rGMop0J4=">AAACHXicbVDLSgNBEJz1GeMr6tHLYCJ4Crvi6yh6UfAQwUQhG5beSW8yODu7zMwKYcmPePFXvHhQxIMX8W+cPA6a2NBQVHfRXRWmgmvjut/OzOzc/MJiYam4vLK6tl7a2GzoJFMM6ywRiboLQaPgEuuGG4F3qUKIQ4G34f35YH77gErzRN6YXoqtGDqSR5yBsVRQOqj4EkIBgf8AynTRAPVjMF0GIr/qB0Os4vxSYmRFHCXr9StBqexW3WHRaeCNQZmMqxaUPv12wrIYpWECtG56bmpaub3ImcB+0c80psDuoYNNCyXEqFv50F2f7lqmTaNE2ZaGDtnfihxirXtxaDcH3+rJ2YD8b9bMTHTSyrlMM2N9jQ5FmaAmoYOoaJsrZEb0LACmuP2Vsi4oYMYGWrQheJOWp0Fjv+odVQ+v98unZ+M4CmSb7JA94pFjckouSI3UCSOP5Jm8kjfnyXlx3p2P0eqMM9ZskT/lfP0A83GjGQ==</latexit>

r#LIne�ciency



Differentiable conformal proxy

44

…
<latexit sha1_base64="UH+mi7gjckEJjKUwv7muGbwqhv0=">AAACCXicbZC7TsMwFIadcivlFmBksWiRWKiSSlzGChbGItGL1EaR4zqtVduJbAepirqy8CosDCDEyhuw8TY4aQZo+SVLn/5zjnzOH8SMKu0431ZpZXVtfaO8Wdna3tnds/cPOipKJCZtHLFI9gKkCKOCtDXVjPRiSRAPGOkGk5us3n0gUtFI3OtpTDyORoKGFCNtLN+GtQFHeowRSzszP2fJUxzJM2PRYFbz7apTd3LBZXALqIJCLd/+GgwjnHAiNGZIqb7rxNpLkdQUMzKrDBJFYoQnaET6BgXiRHlpfskMnhhnCMNImic0zN3fEyniSk15YDqzVdViLTP/q/UTHV55KRVxoonA84/ChEEdwSwWOKSSYM2mBhCW1OwK8RhJhLUJr2JCcBdPXoZOo+5e1M/vGtXmdRFHGRyBY3AKXHAJmuAWtEAbYPAInsEreLOerBfr3fqYt5asYuYQ/JH1+QPKY5pn</latexit>

Vcor�calib

<latexit sha1_base64="aL2aJwdWxp7nlA20aUrAsMB6ceI=">AAAB9HicbVDLSsNAFL2pr1pfVZduBluhgpSk4GNZdOOygn1IG8JkOmmHTiZxZlIood/hxoUibv0Yd/6N0zYLrR64cDjnXu69x485U9q2v6zcyura+kZ+s7C1vbO7V9w/aKkokYQ2ScQj2fGxopwJ2tRMc9qJJcWhz2nbH93M/PaYSsUica8nMXVDPBAsYARrI7nlVqXjOWfowXNOy16xZFftOdBf4mSkBBkaXvGz149IElKhCcdKdR071m6KpWaE02mhlygaYzLCA9o1VOCQKjedHz1FJ0bpoyCSpoRGc/XnRIpDpSahbzpDrIdq2ZuJ/3ndRAdXbspEnGgqyGJRkHCkIzRLAPWZpETziSGYSGZuRWSIJSba5FQwITjLL/8lrVrVuaie39VK9essjjwcwTFUwIFLqMMtNKAJBB7hCV7g1Rpbz9ab9b5ozVnZzCH8gvXxDZ/EkBA=</latexit>

V (X1, Y1)
<latexit sha1_base64="rCI1W8mGJtt840lhIFlOS1mppkA=">AAAB9HicbVDLSsNAFL2pr1pfVZduBluhgpQk4GNZdOOygn1IG8JkOm2HTiZxZlIood/hxoUibv0Yd/6N0zYLrR64cDjnXu69J4g5U9q2v6zcyura+kZ+s7C1vbO7V9w/aKookYQ2SMQj2Q6wopwJ2tBMc9qOJcVhwGkrGN3M/NaYSsUica8nMfVCPBCszwjWRvLKzUrbd8/Qg++elv1iya7ac6C/xMlICTLU/eJntxeRJKRCE46V6jh2rL0US80Ip9NCN1E0xmSEB7RjqMAhVV46P3qKTozSQ/1ImhIazdWfEykOlZqEgekMsR6qZW8m/ud1Et2/8lIm4kRTQRaL+glHOkKzBFCPSUo0nxiCiWTmVkSGWGKiTU4FE4Kz/PJf0nSrzkX1/M4t1a6zOPJwBMdQAQcuoQa3UIcGEHiEJ3iBV2tsPVtv1vuiNWdlM4fwC9bHN6LVkBI=</latexit>

V (X2, Y2)

<latexit sha1_base64="NsLfths+CVwudJ63w1/k1eFD6HQ=">AAAB9HicbVDJSgNBEK2JW4xb1KOXxkSIIGEm4HIMevESiGAWSYahp9OTNOnpGbt7AmHId3jxoIhXP8abf2NnOWj0QcHjvSqq6vkxZ0rb9peVWVldW9/Ibua2tnd29/L7B00VJZLQBol4JNs+VpQzQRuaaU7bsaQ49Dlt+cObqd8aUalYJO71OKZuiPuCBYxgbSS32Cy1vdoZevBqp0UvX7DL9gzoL3EWpAAL1L38Z7cXkSSkQhOOleo4dqzdFEvNCKeTXDdRNMZkiPu0Y6jAIVVuOjt6gk6M0kNBJE0JjWbqz4kUh0qNQ990hlgP1LI3Ff/zOokOrtyUiTjRVJD5oiDhSEdomgDqMUmJ5mNDMJHM3IrIAEtMtMkpZ0Jwll/+S5qVsnNRPr+rFKrXiziycATHUAIHLqEKt1CHBhB4hCd4gVdrZD1bb9b7vDVjLWYO4Resj2/1oJBI</latexit>

V (XM , YM )

…

Step 1: define heuristic uncertainty
Step 2: non-conformity scores

Step 3: quantile computation
Step 4: prediction set/interval construction

<latexit sha1_base64="zRexkLkSC2PoUlXZK0yoTWlj+6A=">AAACAXicbVDLSsNAFJ3UV62vqBvBzWAruCpJwcey6EJXpYJ9QBPCZDpph04mYWZSKKFu/BU3LhRx61+482+ctFlo64GBwzn33rn3+DGjUlnWt1FYWV1b3yhulra2d3b3zP2DtowSgUkLRywSXR9JwignLUUVI91YEBT6jHT80U3md8ZESBrxBzWJiRuiAacBxUhpyTOPKk6I1FCE6W2jMfWcMRJqSBSqeGbZqlozwGVi56QMcjQ988vpRzgJCVeYISl7thUrN9XzKGZkWnISSWKER2hAeppyFBLpprMLpvBUK30YREI/ruBM/d2RolDKSejrymxduehl4n9eL1HBlZtSHieKcDz/KEgYVBHM4oB9KghWbKIJwoLqXSEeIoGw0qGVdAj24snLpF2r2hfV8/tauX6dx1EEx+AEnAEbXII6uANN0AIYPIJn8ArejCfjxXg3PualBSPvOQR/YHz+AD8tlsU=</latexit>

GNN#

1 2 3 4 5
<latexit sha1_base64="5C5E5FRAiJdk5qB0bfIzpxeGxLk=">AAAB9XicbVDLTsJAFL3FF+ILdelmIpjghrQkPpZENy4xkUdCK5kOU5gwnTYzU5U0/IcbFxrj1n9x5984QBcKnuQmJ+fcm3vv8WPOlLbtbyu3srq2vpHfLGxt7+zuFfcPWipKJKFNEvFIdnysKGeCNjXTnHZiSXHoc9r2R9dTv/1ApWKRuNPjmHohHggWMIK1ke7L7hDr1A2TSeXptNwrluyqPQNaJk5GSpCh0St+uf2IJCEVmnCsVNexY+2lWGpGOJ0U3ETRGJMRHtCuoQKHVHnp7OoJOjFKHwWRNCU0mqm/J1IcKjUOfdMZYj1Ui95U/M/rJjq49FIm4kRTQeaLgoQjHaFpBKjPJCWajw3BRDJzKyJDLDHRJqiCCcFZfHmZtGpV57x6dlsr1a+yOPJwBMdQAQcuoA430IAmEJDwDK/wZj1aL9a79TFvzVnZzCH8gfX5A5hike4=</latexit>

µ̂(x)

1

<latexit sha1_base64="IkYp1Brd689zonMD1TvwY/FfSS4=">AAACAnicbVDLSsNAFJ3UV62vqCtxE2yFuqlJwcey6MZlBfuAJoSb6aQZOnkwMxFLCG78FTcuFHHrV7jzb5w+Ftp64MLhnHu59x4vYVRI0/zWCkvLK6trxfXSxubW9o6+u9cWccoxaeGYxbzrgSCMRqQlqWSkm3ACocdIxxtej/3OPeGCxtGdHCXECWEQUZ9ikEpy9YOKHYDM7DDN3cwGlgRwWs+rDycVVy+bNXMCY5FYM1JGMzRd/cvuxzgNSSQxAyF6lplIJwMuKWYkL9mpIAngIQxIT9EIQiKcbPJCbhwrpW/4MVcVSWOi/p7IIBRiFHqqMwQZiHlvLP7n9VLpXzoZjZJUkghPF/kpM2RsjPMw+pQTLNlIEcCcqlsNHAAHLFVqJRWCNf/yImnXa9Z57ey2Xm5czeIookN0hKrIQheogW5QE7UQRo/oGb2iN+1Je9HetY9pa0GbzeyjP9A+fwAyCJan</latexit>

µ̂↵/2(x)
<latexit sha1_base64="Obs6z9kA4FkFJgYjOUVsNkCYUa0=">AAACBHicbVC5TsNAEF1zhnAZKNNYJEihINiROMoIGsogkUOKLWu8WcerrA/trhGRlYKGX6GhACFaPoKOv2GTuICEJ4309N6MZuZ5CaNCmua3trS8srq2Xtgobm5t7+zqe/ttEacckxaOWcy7HgjCaERakkpGugknEHqMdLzh9cTv3BMuaBzdyVFCnBAGEfUpBqkkVy9V7ABkZofp2M2sExtYEsBpfVx9OK64etmsmVMYi8TKSRnlaLr6l92PcRqSSGIGQvQsM5FOBlxSzMi4aKeCJICHMCA9RSMIiXCy6RNj40gpfcOPuapIGlP190QGoRCj0FOdIchAzHsT8T+vl0r/0slolKSSRHi2yE+ZIWNjkojRp5xgyUaKAOZU3WrgADhgqXIrqhCs+ZcXSbtes85rZ7f1cuMqj6OASugQVZGFLlAD3aAmaiGMHtEzekVv2pP2or1rH7PWJS2fOUB/oH3+ABmIlxk=</latexit>

µ̂1�↵/2(x)

<latexit sha1_base64="Edheh+QBSzFBdeZqmqwbooF8Ias=">AAAB8HicbVDJSgNBEK2JW4xb1KOXxkSIIGEm4HIMevEYwWwkQ+jp9CRNunuG7h4hDPkKLx4U8ernePNv7CwHTXxQ8Hiviqp6QcyZNq777WTW1jc2t7LbuZ3dvf2D/OFRQ0eJIrROIh6pVoA15UzSumGG01asKBYBp81gdDf1m09UaRbJRzOOqS/wQLKQEWys1C42Sq0L1D4v9vIFt+zOgFaJtyAFWKDWy391+xFJBJWGcKx1x3Nj46dYGUY4neS6iaYxJiM8oB1LJRZU++ns4Ak6s0ofhZGyJQ2aqb8nUiy0HovAdgpshnrZm4r/eZ3EhDd+ymScGCrJfFGYcGQiNP0e9ZmixPCxJZgoZm9FZIgVJsZmlLMheMsvr5JGpexdlS8fKoXq7SKOLJzAKZTAg2uowj3UoA4EBDzDK7w5ynlx3p2PeWvGWcwcwx84nz9MSo7I</latexit>

V (X,Y )

<latexit sha1_base64="ziQONSTHS7BNumyqSXcUyZTysUo=">AAACC3icbVDLSsNAFJ3UV62vqEs3Q1shBS1JwcdGKLpxWcG+aEqZTKbt0JkkzEyEErJ346+4caGIW3/AnX/j9LHQ1gMXDufcy733eBGjUtn2t5FZWV1b38hu5ra2d3b3zP2DhgxjgUkdhywULQ9JwmhA6ooqRlqRIIh7jDS90c3Ebz4QIWkY3KtxRLocDQLapxgpLfXMfLFhtU5guwSvoHPqKsp8krg8Tq1WqZdY7VJa7JkFu2xPAZeJMycFMEetZ365fohjTgKFGZKy49iR6iZIKIoZSXNuLEmE8AgNSEfTAHEiu8n0lxQea8WH/VDoChScqr8nEsSlHHNPd3KkhnLRm4j/eZ1Y9S+7CQ2iWJEAzxb1YwZVCCfBQJ8KghUba4KwoPpWiIdIIKx0fDkdgrP48jJpVMrOefnsrlKoXs/jyIIjkAcWcMAFqIJbUAN1gMEjeAav4M14Ml6Md+Nj1pox5jOH4A+Mzx9VFJgc</latexit>

V (X,Y ) = 1� µ̃(X)(Y )

<latexit sha1_base64="4i7V49YohShvyCu/zOtwmWkNbjY="></latexit>

V (X,Y ) = max(µ̃↵/2(X)� Y, Y � µ̃1�↵/2(X))
<latexit sha1_base64="4i7V49YohShvyCu/zOtwmWkNbjY="></latexit>

V (X,Y ) = max(µ̃↵/2(X)� Y, Y � µ̃1�↵/2(X))

Differentiable!
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…
<latexit sha1_base64="UH+mi7gjckEJjKUwv7muGbwqhv0=">AAACCXicbZC7TsMwFIadcivlFmBksWiRWKiSSlzGChbGItGL1EaR4zqtVduJbAepirqy8CosDCDEyhuw8TY4aQZo+SVLn/5zjnzOH8SMKu0431ZpZXVtfaO8Wdna3tnds/cPOipKJCZtHLFI9gKkCKOCtDXVjPRiSRAPGOkGk5us3n0gUtFI3OtpTDyORoKGFCNtLN+GtQFHeowRSzszP2fJUxzJM2PRYFbz7apTd3LBZXALqIJCLd/+GgwjnHAiNGZIqb7rxNpLkdQUMzKrDBJFYoQnaET6BgXiRHlpfskMnhhnCMNImic0zN3fEyniSk15YDqzVdViLTP/q/UTHV55KRVxoonA84/ChEEdwSwWOKSSYM2mBhCW1OwK8RhJhLUJr2JCcBdPXoZOo+5e1M/vGtXmdRFHGRyBY3AKXHAJmuAWtEAbYPAInsEreLOerBfr3fqYt5asYuYQ/JH1+QPKY5pn</latexit>

Vcor�calib

<latexit sha1_base64="aL2aJwdWxp7nlA20aUrAsMB6ceI=">AAAB9HicbVDLSsNAFL2pr1pfVZduBluhgpSk4GNZdOOygn1IG8JkOmmHTiZxZlIood/hxoUibv0Yd/6N0zYLrR64cDjnXu69x485U9q2v6zcyura+kZ+s7C1vbO7V9w/aKkokYQ2ScQj2fGxopwJ2tRMc9qJJcWhz2nbH93M/PaYSsUica8nMXVDPBAsYARrI7nlVqXjOWfowXNOy16xZFftOdBf4mSkBBkaXvGz149IElKhCcdKdR071m6KpWaE02mhlygaYzLCA9o1VOCQKjedHz1FJ0bpoyCSpoRGc/XnRIpDpSahbzpDrIdq2ZuJ/3ndRAdXbspEnGgqyGJRkHCkIzRLAPWZpETziSGYSGZuRWSIJSba5FQwITjLL/8lrVrVuaie39VK9essjjwcwTFUwIFLqMMtNKAJBB7hCV7g1Rpbz9ab9b5ozVnZzCH8gvXxDZ/EkBA=</latexit>

V (X1, Y1)
<latexit sha1_base64="rCI1W8mGJtt840lhIFlOS1mppkA=">AAAB9HicbVDLSsNAFL2pr1pfVZduBluhgpQk4GNZdOOygn1IG8JkOm2HTiZxZlIood/hxoUibv0Yd/6N0zYLrR64cDjnXu69J4g5U9q2v6zcyura+kZ+s7C1vbO7V9w/aKookYQ2SMQj2Q6wopwJ2tBMc9qOJcVhwGkrGN3M/NaYSsUica8nMfVCPBCszwjWRvLKzUrbd8/Qg++elv1iya7ac6C/xMlICTLU/eJntxeRJKRCE46V6jh2rL0US80Ip9NCN1E0xmSEB7RjqMAhVV46P3qKTozSQ/1ImhIazdWfEykOlZqEgekMsR6qZW8m/ud1Et2/8lIm4kRTQRaL+glHOkKzBFCPSUo0nxiCiWTmVkSGWGKiTU4FE4Kz/PJf0nSrzkX1/M4t1a6zOPJwBMdQAQcuoQa3UIcGEHiEJ3iBV2tsPVtv1vuiNWdlM4fwC9bHN6LVkBI=</latexit>

V (X2, Y2)

<latexit sha1_base64="NsLfths+CVwudJ63w1/k1eFD6HQ=">AAAB9HicbVDJSgNBEK2JW4xb1KOXxkSIIGEm4HIMevESiGAWSYahp9OTNOnpGbt7AmHId3jxoIhXP8abf2NnOWj0QcHjvSqq6vkxZ0rb9peVWVldW9/Ibua2tnd29/L7B00VJZLQBol4JNs+VpQzQRuaaU7bsaQ49Dlt+cObqd8aUalYJO71OKZuiPuCBYxgbSS32Cy1vdoZevBqp0UvX7DL9gzoL3EWpAAL1L38Z7cXkSSkQhOOleo4dqzdFEvNCKeTXDdRNMZkiPu0Y6jAIVVuOjt6gk6M0kNBJE0JjWbqz4kUh0qNQ990hlgP1LI3Ff/zOokOrtyUiTjRVJD5oiDhSEdomgDqMUmJ5mNDMJHM3IrIAEtMtMkpZ0Jwll/+S5qVsnNRPr+rFKrXiziycATHUAIHLqEKt1CHBhB4hCd4gVdrZD1bb9b7vDVjLWYO4Resj2/1oJBI</latexit>

V (XM , YM )

…

Step 1: define heuristic uncertainty
Step 2: non-conformity scores

Step 3: quantile computation
Step 4: prediction set/interval construction

<latexit sha1_base64="zRexkLkSC2PoUlXZK0yoTWlj+6A=">AAACAXicbVDLSsNAFJ3UV62vqBvBzWAruCpJwcey6EJXpYJ9QBPCZDpph04mYWZSKKFu/BU3LhRx61+482+ctFlo64GBwzn33rn3+DGjUlnWt1FYWV1b3yhulra2d3b3zP2DtowSgUkLRywSXR9JwignLUUVI91YEBT6jHT80U3md8ZESBrxBzWJiRuiAacBxUhpyTOPKk6I1FCE6W2jMfWcMRJqSBSqeGbZqlozwGVi56QMcjQ988vpRzgJCVeYISl7thUrN9XzKGZkWnISSWKER2hAeppyFBLpprMLpvBUK30YREI/ruBM/d2RolDKSejrymxduehl4n9eL1HBlZtSHieKcDz/KEgYVBHM4oB9KghWbKIJwoLqXSEeIoGw0qGVdAj24snLpF2r2hfV8/tauX6dx1EEx+AEnAEbXII6uANN0AIYPIJn8ArejCfjxXg3PualBSPvOQR/YHz+AD8tlsU=</latexit>

GNN#

<latexit sha1_base64="h5gLxANizOHTXx7MqHv0b615T/E=">AAAB83icbVBNS8NAEN3Ur1q/qh69LLaCp5IU/DgWvXisYGuhKWWy3bRLN5uwOxFK6N/w4kERr/4Zb/4bt20O2vpg4PHeDDPzgkQKg6777RTW1jc2t4rbpZ3dvf2D8uFR28SpZrzFYhnrTgCGS6F4CwVK3kk0hyiQ/DEY3878xyeujYjVA04S3otgqEQoGKCV/Ko/Asx8jjCt9ssVt+bOQVeJl5MKydHsl7/8QczSiCtkEozpem6CvQw0Cib5tOSnhifAxjDkXUsVRNz0svnNU3pmlQENY21LIZ2rvycyiIyZRIHtjABHZtmbif953RTD614mVJIiV2yxKEwlxZjOAqADoTlDObEEmBb2VspGoIGhjalkQ/CWX14l7XrNu6xd3NcrjZs8jiI5IafknHjkijTIHWmSFmEkIc/klbw5qfPivDsfi9aCk88ckz9wPn8AmcSRaQ==</latexit>

⌘̂
<latexit sha1_base64="NFwuntLIQs0aFxCmU4+uv9uGPYI=">AAACH3icbVDLSgMxFM34tr6qLt0Eq9BCKTMFq0tRFy4VbK10ynAnzdjQTGZI7ghl6J+48VfcuFBE3Pk3prULXwcCh3Pu5eacMJXCoOt+ODOzc/MLi0vLhZXVtfWN4uZWyySZZrzJEpnodgiGS6F4EwVK3k41hziU/DocnI796zuujUjUFQ5T3o3hVolIMEArBcXGnh8D9nWcn4kousxAoZB8VPbzVrkdiCq9CUTFH1Wp3wfMfZBpH0aVvaBYcmvuBPQv8aakRKa4CIrvfi9hWcwVMgnGdDw3xW4OGgWz9wp+ZngKbAC3vGOpgpibbj7JN6L7VunRKNH2KaQT9ftGDrExwzi0k+Mw5rc3Fv/zOhlGR91cqDRDrtjXoSiTFBM6Lov2hOYM5dASYFrYv1LWBw0MbaUFW4L3O/Jf0qrXvEbt4LJeOj6Z1rFEdsguKROPHJJjck4uSJMwck8eyTN5cR6cJ+fVefsanXGmO9vkB5yPT7pDoiQ=</latexit>

Di↵Quantile({V (Xi, Yi)}, ↵̂)

o Smooth quantile operator 

(e.g. torch.quantile)#

<latexit sha1_base64="Edheh+QBSzFBdeZqmqwbooF8Ias=">AAAB8HicbVDJSgNBEK2JW4xb1KOXxkSIIGEm4HIMevEYwWwkQ+jp9CRNunuG7h4hDPkKLx4U8ernePNv7CwHTXxQ8Hiviqp6QcyZNq777WTW1jc2t7LbuZ3dvf2D/OFRQ0eJIrROIh6pVoA15UzSumGG01asKBYBp81gdDf1m09UaRbJRzOOqS/wQLKQEWys1C42Sq0L1D4v9vIFt+zOgFaJtyAFWKDWy391+xFJBJWGcKx1x3Nj46dYGUY4neS6iaYxJiM8oB1LJRZU++ns4Ak6s0ofhZGyJQ2aqb8nUiy0HovAdgpshnrZm4r/eZ3EhDd+ymScGCrJfFGYcGQiNP0e9ZmixPCxJZgoZm9FZIgVJsZmlLMheMsvr5JGpexdlS8fKoXq7SKOLJzAKZTAg2uowj3UoA4EBDzDK7w5ynlx3p2PeWvGWcwcwx84nz9MSo7I</latexit>

V (X,Y )

<latexit sha1_base64="GChm166jn5sGUx3TSshM1RJ9O14=">AAAB8HicbVDLTgJBEOzFF+IL9ehlI5h4IrskPo5ELx4xEdAAIbPDLEyYmV1nek3Ihq/w4kFjvPo53vwbB9iDgpV0UqnqTndXEAtu0PO+ndzK6tr6Rn6zsLW9s7tX3D9omijRlDVoJCJ9HxDDBFesgRwFu481IzIQrBWMrqd+64lpwyN1h+OYdSUZKB5yStBKD+XOkGD6OCn3iiWv4s3gLhM/IyXIUO8Vvzr9iCaSKaSCGNP2vRi7KdHIqWCTQicxLCZ0RAasbakikpluOjt44p5Ype+Gkbal0J2pvydSIo0Zy8B2SoJDs+hNxf+8doLhZTflKk6QKTpfFCbCxcidfu/2uWYUxdgSQjW3t7p0SDShaDMq2BD8xZeXSbNa8c8rZ7fVUu0qiyMPR3AMp+DDBdTgBurQAAoSnuEV3hztvDjvzse8NedkM4fwB87nD2NskCY=</latexit>

q̂

<latexit sha1_base64="Yp/nRXUihgUheipFCaaVH8B23m8="></latexit>

⌘̂ = quantile({V (Xi, Yi)}ni=1, (1� ↵)(1 + 1
n ))
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Step 1: define heuristic uncertainty
Step 2: non-conformity scores

Step 3: quantile computation
Step 4: prediction set/interval construction

…

…

<latexit sha1_base64="h5gLxANizOHTXx7MqHv0b615T/E=">AAAB83icbVBNS8NAEN3Ur1q/qh69LLaCp5IU/DgWvXisYGuhKWWy3bRLN5uwOxFK6N/w4kERr/4Zb/4bt20O2vpg4PHeDDPzgkQKg6777RTW1jc2t4rbpZ3dvf2D8uFR28SpZrzFYhnrTgCGS6F4CwVK3kk0hyiQ/DEY3878xyeujYjVA04S3otgqEQoGKCV/Ko/Asx8jjCt9ssVt+bOQVeJl5MKydHsl7/8QczSiCtkEozpem6CvQw0Cib5tOSnhifAxjDkXUsVRNz0svnNU3pmlQENY21LIZ2rvycyiIyZRIHtjABHZtmbif953RTD614mVJIiV2yxKEwlxZjOAqADoTlDObEEmBb2VspGoIGhjalkQ/CWX14l7XrNu6xd3NcrjZs8jiI5IafknHjkijTIHWmSFmEkIc/klbw5qfPivDsfi9aCk88ckz9wPn8AmcSRaQ==</latexit>

⌘̂

<latexit sha1_base64="UH+mi7gjckEJjKUwv7muGbwqhv0=">AAACCXicbZC7TsMwFIadcivlFmBksWiRWKiSSlzGChbGItGL1EaR4zqtVduJbAepirqy8CosDCDEyhuw8TY4aQZo+SVLn/5zjnzOH8SMKu0431ZpZXVtfaO8Wdna3tnds/cPOipKJCZtHLFI9gKkCKOCtDXVjPRiSRAPGOkGk5us3n0gUtFI3OtpTDyORoKGFCNtLN+GtQFHeowRSzszP2fJUxzJM2PRYFbz7apTd3LBZXALqIJCLd/+GgwjnHAiNGZIqb7rxNpLkdQUMzKrDBJFYoQnaET6BgXiRHlpfskMnhhnCMNImic0zN3fEyniSk15YDqzVdViLTP/q/UTHV55KRVxoonA84/ChEEdwSwWOKSSYM2mBhCW1OwK8RhJhLUJr2JCcBdPXoZOo+5e1M/vGtXmdRFHGRyBY3AKXHAJmuAWtEAbYPAInsEreLOerBfr3fqYt5asYuYQ/JH1+QPKY5pn</latexit>

Vcor�calib

<latexit sha1_base64="1gy/MTSi5C+9svdA+DI4Num0J+0=">AAACCHicbZDLSsNAFIYn9VbrLerShcFWcGNJCl6WRTcuK9gLtCFMppN26CQTZk6EErp046u4caGIWx/BnW/jJM1Cqz8MfPznHOac3485U2DbX0ZpaXllda28XtnY3NreMXf3OkokktA2EVzIno8V5SyibWDAaS+WFIc+p11/cp3Vu/dUKiaiO5jG1A3xKGIBIxi05ZmHtUGIYUwwTzszL2cZpkTIU6AKZjXPrNp1O5f1F5wCqqhQyzM/B0NBkpBGQDhWqu/YMbgplsAIp7PKIFE0xmSCR7SvMcIhVW6aHzKzjrUztAIh9YvAyt2fEykOlZqGvu7MNlWLtcz8r9ZPILh0UxbFCdCIzD8KEm6BsLJUrCGTlACfasBEMr2rRcZYYgI6u4oOwVk8+S90GnXnvH5226g2r4o4yugAHaET5KAL1EQ3qIXaiKAH9IRe0KvxaDwbb8b7vLVkFDP76JeMj29AE5oi</latexit>

Vcor�test

<latexit sha1_base64="NFwuntLIQs0aFxCmU4+uv9uGPYI=">AAACH3icbVDLSgMxFM34tr6qLt0Eq9BCKTMFq0tRFy4VbK10ynAnzdjQTGZI7ghl6J+48VfcuFBE3Pk3prULXwcCh3Pu5eacMJXCoOt+ODOzc/MLi0vLhZXVtfWN4uZWyySZZrzJEpnodgiGS6F4EwVK3k41hziU/DocnI796zuujUjUFQ5T3o3hVolIMEArBcXGnh8D9nWcn4kousxAoZB8VPbzVrkdiCq9CUTFH1Wp3wfMfZBpH0aVvaBYcmvuBPQv8aakRKa4CIrvfi9hWcwVMgnGdDw3xW4OGgWz9wp+ZngKbAC3vGOpgpibbj7JN6L7VunRKNH2KaQT9ftGDrExwzi0k+Mw5rc3Fv/zOhlGR91cqDRDrtjXoSiTFBM6Lov2hOYM5dASYFrYv1LWBw0MbaUFW4L3O/Jf0qrXvEbt4LJeOj6Z1rFEdsguKROPHJJjck4uSJMwck8eyTN5cR6cJ+fVefsanXGmO9vkB5yPT7pDoiQ=</latexit>

Di↵Quantile({V (Xi, Yi)}, ↵̂)
<latexit sha1_base64="aL2aJwdWxp7nlA20aUrAsMB6ceI=">AAAB9HicbVDLSsNAFL2pr1pfVZduBluhgpSk4GNZdOOygn1IG8JkOmmHTiZxZlIood/hxoUibv0Yd/6N0zYLrR64cDjnXu69x485U9q2v6zcyura+kZ+s7C1vbO7V9w/aKkokYQ2ScQj2fGxopwJ2tRMc9qJJcWhz2nbH93M/PaYSsUica8nMXVDPBAsYARrI7nlVqXjOWfowXNOy16xZFftOdBf4mSkBBkaXvGz149IElKhCcdKdR071m6KpWaE02mhlygaYzLCA9o1VOCQKjedHz1FJ0bpoyCSpoRGc/XnRIpDpSahbzpDrIdq2ZuJ/3ndRAdXbspEnGgqyGJRkHCkIzRLAPWZpETziSGYSGZuRWSIJSba5FQwITjLL/8lrVrVuaie39VK9essjjwcwTFUwIFLqMMtNKAJBB7hCV7g1Rpbz9ab9b5ozVnZzCH8gvXxDZ/EkBA=</latexit>

V (X1, Y1)
<latexit sha1_base64="rCI1W8mGJtt840lhIFlOS1mppkA=">AAAB9HicbVDLSsNAFL2pr1pfVZduBluhgpQk4GNZdOOygn1IG8JkOm2HTiZxZlIood/hxoUibv0Yd/6N0zYLrR64cDjnXu69J4g5U9q2v6zcyura+kZ+s7C1vbO7V9w/aKookYQ2SMQj2Q6wopwJ2tBMc9qOJcVhwGkrGN3M/NaYSsUica8nMfVCPBCszwjWRvLKzUrbd8/Qg++elv1iya7ac6C/xMlICTLU/eJntxeRJKRCE46V6jh2rL0US80Ip9NCN1E0xmSEB7RjqMAhVV46P3qKTozSQ/1ImhIazdWfEykOlZqEgekMsR6qZW8m/ud1Et2/8lIm4kRTQRaL+glHOkKzBFCPSUo0nxiCiWTmVkSGWGKiTU4FE4Kz/PJf0nSrzkX1/M4t1a6zOPJwBMdQAQcuoQa3UIcGEHiEJ3iBV2tsPVtv1vuiNWdlM4fwC9bHN6LVkBI=</latexit>

V (X2, Y2)

<latexit sha1_base64="NsLfths+CVwudJ63w1/k1eFD6HQ=">AAAB9HicbVDJSgNBEK2JW4xb1KOXxkSIIGEm4HIMevESiGAWSYahp9OTNOnpGbt7AmHId3jxoIhXP8abf2NnOWj0QcHjvSqq6vkxZ0rb9peVWVldW9/Ibua2tnd29/L7B00VJZLQBol4JNs+VpQzQRuaaU7bsaQ49Dlt+cObqd8aUalYJO71OKZuiPuCBYxgbSS32Cy1vdoZevBqp0UvX7DL9gzoL3EWpAAL1L38Z7cXkSSkQhOOleo4dqzdFEvNCKeTXDdRNMZkiPu0Y6jAIVVuOjt6gk6M0kNBJE0JjWbqz4kUh0qNQ990hlgP1LI3Ff/zOokOrtyUiTjRVJD5oiDhSEdomgDqMUmJ5mNDMJHM3IrIAEtMtMkpZ0Jwll/+S5qVsnNRPr+rFKrXiziycATHUAIHLqEKt1CHBhB4hCd4gVdrZD1bb9b7vDVjLWYO4Resj2/1oJBI</latexit>

V (XM , YM )

…

<latexit sha1_base64="zRexkLkSC2PoUlXZK0yoTWlj+6A=">AAACAXicbVDLSsNAFJ3UV62vqBvBzWAruCpJwcey6EJXpYJ9QBPCZDpph04mYWZSKKFu/BU3LhRx61+482+ctFlo64GBwzn33rn3+DGjUlnWt1FYWV1b3yhulra2d3b3zP2DtowSgUkLRywSXR9JwignLUUVI91YEBT6jHT80U3md8ZESBrxBzWJiRuiAacBxUhpyTOPKk6I1FCE6W2jMfWcMRJqSBSqeGbZqlozwGVi56QMcjQ988vpRzgJCVeYISl7thUrN9XzKGZkWnISSWKER2hAeppyFBLpprMLpvBUK30YREI/ruBM/d2RolDKSejrymxduehl4n9eL1HBlZtSHieKcDz/KEgYVBHM4oB9KghWbKIJwoLqXSEeIoGw0qGVdAj24snLpF2r2hfV8/tauX6dx1EEx+AEnAEbXII6uANN0AIYPIJn8ArejCfjxXg3PualBSPvOQR/YHz+AD8tlsU=</latexit>

GNN#

<latexit sha1_base64="xHhz+eleQ6u7XWHkOQsBDkfPb/c=">AAAB+3icbVDLSsNAFJ3UV62vWJduBluhbkpS8LEsunFZwdZCE8JkMm2HzkzCzEQsIb/ixoUibv0Rd/6N0zYLbT1w4XDOvdx7T5gwqrTjfFultfWNza3ydmVnd2//wD6s9lScSky6OGax7IdIEUYF6WqqGeknkiAeMvIQTm5m/sMjkYrG4l5PE+JzNBJ0SDHSRgrsat3TlEUk83iaN/qBe1YP7JrTdOaAq8QtSA0U6AT2lxfFOOVEaMyQUgPXSbSfIakpZiSveKkiCcITNCIDQwXiRPnZ/PYcnholgsNYmhIaztXfExniSk15aDo50mO17M3E/7xBqodXfkZFkmoi8GLRMGVQx3AWBIyoJFizqSEIS2puhXiMJMLaxFUxIbjLL6+SXqvpXjTP71q19nURRxkcgxPQAC64BG1wCzqgCzB4As/gFbxZufVivVsfi9aSVcwcgT+wPn8AqJuTjA==</latexit>

µ̃(X1)
<latexit sha1_base64="HqUjdfRQRQLchLN5aNp5ZbpqSOM=">AAAB+3icbVDLSsNAFJ3UV62vWJduBluhbkpS8LEsunFZwdZCE8JkMm2HzkzCzEQsIb/ixoUibv0Rd/6N0zYLbT1w4XDOvdx7T5gwqrTjfFultfWNza3ydmVnd2//wD6s9lScSky6OGax7IdIEUYF6WqqGeknkiAeMvIQTm5m/sMjkYrG4l5PE+JzNBJ0SDHSRgrsat3TlEUk83iaN/pB66we2DWn6cwBV4lbkBoo0AnsLy+KccqJ0JghpQauk2g/Q1JTzEhe8VJFEoQnaEQGhgrEifKz+e05PDVKBIexNCU0nKu/JzLElZry0HRypMdq2ZuJ/3mDVA+v/IyKJNVE4MWiYcqgjuEsCBhRSbBmU0MQltTcCvEYSYS1iatiQnCXX14lvVbTvWie37Vq7esijjI4BiegAVxwCdrgFnRAF2DwBJ7BK3izcuvFerc+Fq0lq5g5An9gff4AqiGTjQ==</latexit>

µ̃(X2)…
<latexit sha1_base64="lZewnCngWfZzWvghBG1MgCuI+HE=">AAAB+3icbVDLSsNAFJ3UV62vWJduBluhbkpS8LEsunElFewDmhAmk0k7dCYJMxOxhPyKGxeKuPVH3Pk3TtsstPXAhcM593LvPX7CqFSW9W2U1tY3NrfK25Wd3b39A/Ow2pNxKjDp4pjFYuAjSRiNSFdRxcggEQRxn5G+P7mZ+f1HIiSNowc1TYjL0SiiIcVIackzq3VHURaQzOFp3hh4d2d1z6xZTWsOuErsgtRAgY5nfjlBjFNOIoUZknJoW4lyMyQUxYzkFSeVJEF4gkZkqGmEOJFuNr89h6daCWAYC12RgnP190SGuJRT7utOjtRYLnsz8T9vmKrwys1olKSKRHixKEwZVDGcBQEDKghWbKoJwoLqWyEeI4Gw0nFVdAj28surpNdq2hfN8/tWrX1dxFEGx+AENIANLkEb3IIO6AIMnsAzeAVvRm68GO/Gx6K1ZBQzR+APjM8f1MmTqQ==</latexit>

µ̃(XN )

Prediction Set/interval Size Proxy

<latexit sha1_base64="M/3q21U9vpqNOwO3hyWw5VG8KvY=">AAACFnicbVDLSgNBEJz1GeMr6tHLYBS8GHYDPo5BLwoeIhgVsmHpnfSawdnZZWY2EJZ8hRd/xYsHRbyKN//GyeOgiQUNRVU33V1hKrg2rvvtzMzOzS8sFpaKyyura+uljc0bnWSKYYMlIlF3IWgUXGLDcCPwLlUIcSjwNnw4G/i3XVSaJ/La9FJsxXAvecQZGCsFpYNdX0IoIPC7oEwHDVA/BtNhIPLLfjDkKs4vJEZRfzcold2KOwSdJt6YlMkY9aD05bcTlsUoDROgddNzU9PK7SrOBPaLfqYxBfYA99i0VEKMupUP3+rTPau0aZQoW9LQofp7IodY614c2s7BmXrSG4j/ec3MRCetnMs0MyjZaFGUCWoSOsiItrlCZkTPEmCK21sp64ACZmySRRuCN/nyNLmpVryjyuFVtVw7HcdRINtkh+wTjxyTGjknddIgjDySZ/JK3pwn58V5dz5GrTPOeGaL/IHz+QMHwZ/v</latexit>

r#LIne↵

Not differentiable
<latexit sha1_base64="M6kkWBNt7n1krkTcZGuF72bU4JY="></latexit>

Ine�ciency := 1
|Dtest|

P
i2Dtest

|C(Xi)|
<latexit sha1_base64="aIHQHKoPcpVdYE9By7TrRsBUY3M="></latexit>

|C(Xn+1)| = |{y 2 Y : V (Xn+1, y)  ⌘̂}|
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Step 1: define heuristic uncertainty
Step 2: non-conformity scores

Step 3: quantile computation
Step 4: prediction set/interval construction

Prediction Set Size Proxy

<latexit sha1_base64="VSitj1Pdkn7VPNtfwKKZj6xGq7g=">AAACA3icbVDJSgNBEO2JW4zbqDe9NCZCBAkzAZdj0IvHCGaBTAg9nUrSpGehu0YIQ8CLv+LFgyJe/Qlv/o2d5aDRBwWP96qoqufHUmh0nC8rs7S8srqWXc9tbG5t79i7e3UdJYpDjUcyUk2faZAihBoKlNCMFbDAl9Dwh9cTv3EPSosovMNRDO2A9UPRE5yhkTr2QaFebHbEKR2eUE8C9QYMUw+QjQsdO++UnCnoX+LOSZ7MUe3Yn1434kkAIXLJtG65ToztlCkUXMI45yUaYsaHrA8tQ0MWgG6n0x/G9NgoXdqLlKkQ6VT9OZGyQOtR4JvOgOFAL3oT8T+vlWDvsp2KME4QQj5b1EskxYhOAqFdoYCjHBnCuBLmVsoHTDGOJracCcFdfPkvqZdL7nnp7Lacr1zN48iSQ3JEisQlF6RCbkiV1AgnD+SJvJBX69F6tt6s91lrxprP7JNfsD6+AVDBlhE=</latexit>

V (Xi, k)  ⌘̂

<latexit sha1_base64="aIHQHKoPcpVdYE9By7TrRsBUY3M="></latexit>

|C(Xn+1)| = |{y 2 Y : V (Xn+1, y)  ⌘̂}|

1
<latexit sha1_base64="NlJXClBL9LALoVpM1a3vGPD6d+I=">AAACAXicbVDJSgNBEO2JW4zbqBfBS2MiRJAwE3A5SdCLxwhmgcww9HR6kiY9C901QhjixV/x4kERr/6FN//GznLQxAcFj/eqqKrnJ4IrsKxvI7e0vLK6ll8vbGxube+Yu3tNFaeSsgaNRSzbPlFM8Ig1gINg7UQyEvqCtfzBzdhvPTCpeBzdwzBhbkh6EQ84JaAlzzwoNcttj5/iwQm+wk6fQOYwIKOSZxatijUBXiT2jBTRDHXP/HK6MU1DFgEVRKmObSXgZkQCp4KNCk6qWELogPRYR9OIhEy52eSDET7WShcHsdQVAZ6ovycyEio1DH3dGRLoq3lvLP7ndVIILt2MR0kKLKLTRUEqMMR4HAfucskoiKEmhEqub8W0TyShoEMr6BDs+ZcXSbNasc8rZ3fVYu16FkceHaIjVEY2ukA1dIvqqIEoekTP6BW9GU/Gi/FufExbc8ZsZh/9gfH5A4onlQ4=</latexit>

V (Xi, k) > ⌘̂ 0

<latexit sha1_base64="6krC6rZGGzFffGDk+tM8CPXEiKc="></latexit>

LIne↵ = 1
N

P
i2Vct

P
k2Y

�((⌘̂ � V (Xi, k))/⌧)
Use smooth indicator function:

<latexit sha1_base64="VSitj1Pdkn7VPNtfwKKZj6xGq7g=">AAACA3icbVDJSgNBEO2JW4zbqDe9NCZCBAkzAZdj0IvHCGaBTAg9nUrSpGehu0YIQ8CLv+LFgyJe/Qlv/o2d5aDRBwWP96qoqufHUmh0nC8rs7S8srqWXc9tbG5t79i7e3UdJYpDjUcyUk2faZAihBoKlNCMFbDAl9Dwh9cTv3EPSosovMNRDO2A9UPRE5yhkTr2QaFebHbEKR2eUE8C9QYMUw+QjQsdO++UnCnoX+LOSZ7MUe3Yn1434kkAIXLJtG65ToztlCkUXMI45yUaYsaHrA8tQ0MWgG6n0x/G9NgoXdqLlKkQ6VT9OZGyQOtR4JvOgOFAL3oT8T+vlWDvsp2KME4QQj5b1EskxYhOAqFdoYCjHBnCuBLmVsoHTDGOJracCcFdfPkvqZdL7nnp7Lacr1zN48iSQ3JEisQlF6RCbkiV1AgnD+SJvJBX69F6tt6s91lrxprP7JNfsD6+AVDBlhE=</latexit>

V (Xi, k)  ⌘̂
<latexit sha1_base64="NlJXClBL9LALoVpM1a3vGPD6d+I=">AAACAXicbVDJSgNBEO2JW4zbqBfBS2MiRJAwE3A5SdCLxwhmgcww9HR6kiY9C901QhjixV/x4kERr/6FN//GznLQxAcFj/eqqKrnJ4IrsKxvI7e0vLK6ll8vbGxube+Yu3tNFaeSsgaNRSzbPlFM8Ig1gINg7UQyEvqCtfzBzdhvPTCpeBzdwzBhbkh6EQ84JaAlzzwoNcttj5/iwQm+wk6fQOYwIKOSZxatijUBXiT2jBTRDHXP/HK6MU1DFgEVRKmObSXgZkQCp4KNCk6qWELogPRYR9OIhEy52eSDET7WShcHsdQVAZ6ovycyEio1DH3dGRLoq3lvLP7ndVIILt2MR0kKLKLTRUEqMMR4HAfucskoiKEmhEqub8W0TyShoEMr6BDs+ZcXSbNasc8rZ3fVYu16FkceHaIjVEY2ukA1dIvqqIEoekTP6BW9GU/Gi/FufExbc8ZsZh/9gfH5A4onlQ4=</latexit>

V (Xi, k) > ⌘̂

<latexit sha1_base64="Rl8Cd05rSuHdBiyP47xyu8VwLrs=">AAACAXicbVDJSgNBEO2JW4zbqBfBS2MiRNAwE3A5Br14jGAWSIahp9OTNOlZ6K4RwhAv/ooXD4p49S+8+Td2kjlo4oOCx3tVVNXzYsEVWNa3kVtaXlldy68XNja3tnfM3b2mihJJWYNGIpJtjygmeMgawEGwdiwZCTzBWt7wZuK3HphUPArvYRQzJyD9kPucEtCSax6UugMCaZcBGeMz3Cy3XX6Khycl1yxaFWsKvEjsjBRRhrprfnV7EU0CFgIVRKmObcXgpEQCp4KNC91EsZjQIemzjqYhCZhy0ukHY3yslR72I6krBDxVf0+kJFBqFHi6MyAwUPPeRPzP6yTgXzkpD+MEWEhni/xEYIjwJA7c45JRECNNCJVc34rpgEhCQYdW0CHY8y8vkma1Yl9Uzu+qxdp1FkceHaIjVEY2ukQ1dIvqqIEoekTP6BW9GU/Gi/FufMxac0Y2s4/+wPj8AYCYlP0=</latexit>

⌘̂ � V (Xi, k)
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Step 1: define heuristic uncertainty
Step 2: non-conformity scores

Step 3: quantile computation
Step 4: prediction set/interval construction

Prediction Set Size Proxy
<latexit sha1_base64="6krC6rZGGzFffGDk+tM8CPXEiKc="></latexit>

LIne↵ = 1
N

P
i2Vct

P
k2Y

�((⌘̂ � V (Xi, k))/⌧)

<latexit sha1_base64="VSitj1Pdkn7VPNtfwKKZj6xGq7g=">AAACA3icbVDJSgNBEO2JW4zbqDe9NCZCBAkzAZdj0IvHCGaBTAg9nUrSpGehu0YIQ8CLv+LFgyJe/Qlv/o2d5aDRBwWP96qoqufHUmh0nC8rs7S8srqWXc9tbG5t79i7e3UdJYpDjUcyUk2faZAihBoKlNCMFbDAl9Dwh9cTv3EPSosovMNRDO2A9UPRE5yhkTr2QaFebHbEKR2eUE8C9QYMUw+QjQsdO++UnCnoX+LOSZ7MUe3Yn1434kkAIXLJtG65ToztlCkUXMI45yUaYsaHrA8tQ0MWgG6n0x/G9NgoXdqLlKkQ6VT9OZGyQOtR4JvOgOFAL3oT8T+vlWDvsp2KME4QQj5b1EskxYhOAqFdoYCjHBnCuBLmVsoHTDGOJracCcFdfPkvqZdL7nnp7Lacr1zN48iSQ3JEisQlF6RCbkiV1AgnD+SJvJBX69F6tt6s91lrxprP7JNfsD6+AVDBlhE=</latexit>

V (Xi, k)  ⌘̂
<latexit sha1_base64="NlJXClBL9LALoVpM1a3vGPD6d+I=">AAACAXicbVDJSgNBEO2JW4zbqBfBS2MiRJAwE3A5SdCLxwhmgcww9HR6kiY9C901QhjixV/x4kERr/6FN//GznLQxAcFj/eqqKrnJ4IrsKxvI7e0vLK6ll8vbGxube+Yu3tNFaeSsgaNRSzbPlFM8Ig1gINg7UQyEvqCtfzBzdhvPTCpeBzdwzBhbkh6EQ84JaAlzzwoNcttj5/iwQm+wk6fQOYwIKOSZxatijUBXiT2jBTRDHXP/HK6MU1DFgEVRKmObSXgZkQCp4KNCk6qWELogPRYR9OIhEy52eSDET7WShcHsdQVAZ6ovycyEio1DH3dGRLoq3lvLP7ndVIILt2MR0kKLKLTRUEqMMR4HAfucskoiKEmhEqub8W0TyShoEMr6BDs+ZcXSbNasc8rZ3fVYu16FkceHaIjVEY2ukA1dIvqqIEoekTP6BW9GU/Gi/FufExbc8ZsZh/9gfH5A4onlQ4=</latexit>

V (Xi, k) > ⌘̂
<latexit sha1_base64="VSitj1Pdkn7VPNtfwKKZj6xGq7g=">AAACA3icbVDJSgNBEO2JW4zbqDe9NCZCBAkzAZdj0IvHCGaBTAg9nUrSpGehu0YIQ8CLv+LFgyJe/Qlv/o2d5aDRBwWP96qoqufHUmh0nC8rs7S8srqWXc9tbG5t79i7e3UdJYpDjUcyUk2faZAihBoKlNCMFbDAl9Dwh9cTv3EPSosovMNRDO2A9UPRE5yhkTr2QaFebHbEKR2eUE8C9QYMUw+QjQsdO++UnCnoX+LOSZ7MUe3Yn1434kkAIXLJtG65ToztlCkUXMI45yUaYsaHrA8tQ0MWgG6n0x/G9NgoXdqLlKkQ6VT9OZGyQOtR4JvOgOFAL3oT8T+vlWDvsp2KME4QQj5b1EskxYhOAqFdoYCjHBnCuBLmVsoHTDGOJracCcFdfPkvqZdL7nnp7Lacr1zN48iSQ3JEisQlF6RCbkiV1AgnD+SJvJBX69F6tt6s91lrxprP7JNfsD6+AVDBlhE=</latexit>

V (Xi, k)  ⌘̂
<latexit sha1_base64="NlJXClBL9LALoVpM1a3vGPD6d+I=">AAACAXicbVDJSgNBEO2JW4zbqBfBS2MiRJAwE3A5SdCLxwhmgcww9HR6kiY9C901QhjixV/x4kERr/6FN//GznLQxAcFj/eqqKrnJ4IrsKxvI7e0vLK6ll8vbGxube+Yu3tNFaeSsgaNRSzbPlFM8Ig1gINg7UQyEvqCtfzBzdhvPTCpeBzdwzBhbkh6EQ84JaAlzzwoNcttj5/iwQm+wk6fQOYwIKOSZxatijUBXiT2jBTRDHXP/HK6MU1DFgEVRKmObSXgZkQCp4KNCk6qWELogPRYR9OIhEy52eSDET7WShcHsdQVAZ6ovycyEio1DH3dGRLoq3lvLP7ndVIILt2MR0kKLKLTRUEqMMR4HAfucskoiKEmhEqub8W0TyShoEMr6BDs+ZcXSbNasc8rZ3fVYu16FkceHaIjVEY2ukA1dIvqqIEoekTP6BW9GU/Gi/FufExbc8ZsZh/9gfH5A4onlQ4=</latexit>

V (Xi, k) > ⌘̂

<latexit sha1_base64="Rl8Cd05rSuHdBiyP47xyu8VwLrs=">AAACAXicbVDJSgNBEO2JW4zbqBfBS2MiRNAwE3A5Br14jGAWSIahp9OTNOlZ6K4RwhAv/ooXD4p49S+8+Td2kjlo4oOCx3tVVNXzYsEVWNa3kVtaXlldy68XNja3tnfM3b2mihJJWYNGIpJtjygmeMgawEGwdiwZCTzBWt7wZuK3HphUPArvYRQzJyD9kPucEtCSax6UugMCaZcBGeMz3Cy3XX6Khycl1yxaFWsKvEjsjBRRhrprfnV7EU0CFgIVRKmObcXgpEQCp4KNC91EsZjQIemzjqYhCZhy0ukHY3yslR72I6krBDxVf0+kJFBqFHi6MyAwUPPeRPzP6yTgXzkpD+MEWEhni/xEYIjwJA7c45JRECNNCJVc34rpgEhCQYdW0CHY8y8vkma1Yl9Uzu+qxdp1FkceHaIjVEY2ukQ1dIvqqIEoekTP6BW9GU/Gi/FufMxac0Y2s4/+wPj8AYCYlP0=</latexit>

⌘̂ � V (Xi, k)
<latexit sha1_base64="Rl8Cd05rSuHdBiyP47xyu8VwLrs=">AAACAXicbVDJSgNBEO2JW4zbqBfBS2MiRNAwE3A5Br14jGAWSIahp9OTNOlZ6K4RwhAv/ooXD4p49S+8+Td2kjlo4oOCx3tVVNXzYsEVWNa3kVtaXlldy68XNja3tnfM3b2mihJJWYNGIpJtjygmeMgawEGwdiwZCTzBWt7wZuK3HphUPArvYRQzJyD9kPucEtCSax6UugMCaZcBGeMz3Cy3XX6Khycl1yxaFWsKvEjsjBRRhrprfnV7EU0CFgIVRKmObcXgpEQCp4KNC91EsZjQIemzjqYhCZhy0ukHY3yslR72I6krBDxVf0+kJFBqFHi6MyAwUPPeRPzP6yTgXzkpD+MEWEhni/xEYIjwJA7c45JRECNNCJVc34rpgEhCQYdW0CHY8y8vkma1Yl9Uzu+qxdp1FkceHaIjVEY2ukQ1dIvqqIEoekTP6BW9GU/Gi/FufMxac0Y2s4/+wPj8AYCYlP0=</latexit>

⌘̂ � V (Xi, k)
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Step 1: define heuristic uncertainty
Step 2: non-conformity scores

Step 3: quantile computation
Step 4: prediction set/interval construction

Prediction Interval Length Proxy

<latexit sha1_base64="5/elbe/i+SN28NCcQMlL4dnrxxw="></latexit>

LIne↵ = 1
N

P
i2Vct

(µ̃1�↵/2(Xi) + ⌘̂)� (µ̃↵/2(Xi)� ⌘̂)

<latexit sha1_base64="Yp/nRXUihgUheipFCaaVH8B23m8="></latexit>

⌘̂ = quantile({V (Xi, Yi)}ni=1, (1� ↵)(1 + 1
n ))

<latexit sha1_base64="Yp/nRXUihgUheipFCaaVH8B23m8="></latexit>

⌘̂ = quantile({V (Xi, Yi)}ni=1, (1� ↵)(1 + 1
n ))

Prediction Interval Length

<latexit sha1_base64="yXUqMGy2B+X4I5vk8n8xiDfNArg=">AAACCHicbVDLSsNAFJ3UV62vqEsXBluhLqxJwcey6MZlBfuAJoTJZNIOnZmEmYlQQpZu/BU3LhRx6ye482+cPhbaeuDC4Zx7ufeeIKFEKtv+NgpLyyura8X10sbm1vaOubvXlnEqEG6hmMaiG0CJKeG4pYiiuJsIDFlAcScY3oz9zgMWksT8Xo0S7DHY5yQiCCot+eZhxVWEhjhzWZr7mXPqQpoM4Fk9r3Z9clLxzbJdsyewFokzI2UwQ9M3v9wwRinDXCEKpew5dqK8DApFEMV5yU0lTiAawj7uacohw9LLJo/k1rFWQiuKhS6urIn6eyKDTMoRC3Qng2og572x+J/XS1V05WWEJ6nCHE0XRSm1VGyNU7FCIjBSdKQJRILoWy00gAIipbMr6RCc+ZcXSbtecy5q53f1cuN6FkcRHIAjUAUOuAQNcAuaoAUQeATP4BW8GU/Gi/FufExbC8ZsZh/8gfH5AxukmL4=</latexit>

µ̃1�↵/2(Xi)
<latexit sha1_base64="az4yh5Qm/K3z9bwgl2vLsy5Dcwk=">AAACBnicbVDLSsNAFJ3UV62vqEsRgq1QNzUp+FgW3bisYB/QhDCZTNqhM5MwMxFKyMqNv+LGhSJu/QZ3/o3TNgutHrhwOOde7r0nSCiRyra/jNLS8srqWnm9srG5tb1j7u51ZZwKhDsoprHoB1BiSjjuKKIo7icCQxZQ3AvG11O/d4+FJDG/U5MEewwOOYkIgkpLvnlYcxWhIc5cluZ+5kKajOBpM6/3fXJS882q3bBnsP4SpyBVUKDtm59uGKOUYa4QhVIOHDtRXgaFIojivOKmEicQjeEQDzTlkGHpZbM3cutYK6EVxUIXV9ZM/TmRQSblhAW6k0E1koveVPzPG6QquvQywpNUYY7mi6KUWiq2pplYIREYKTrRBCJB9K0WGkEBkdLJVXQIzuLLf0m32XDOG2e3zWrrqoijDA7AEagDB1yAFrgBbdABCDyAJ/ACXo1H49l4M97nrSWjmNkHv2B8fAMxrphM</latexit>

µ̃↵/2(Xi)
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…

…

<latexit sha1_base64="h5gLxANizOHTXx7MqHv0b615T/E=">AAAB83icbVBNS8NAEN3Ur1q/qh69LLaCp5IU/DgWvXisYGuhKWWy3bRLN5uwOxFK6N/w4kERr/4Zb/4bt20O2vpg4PHeDDPzgkQKg6777RTW1jc2t4rbpZ3dvf2D8uFR28SpZrzFYhnrTgCGS6F4CwVK3kk0hyiQ/DEY3878xyeujYjVA04S3otgqEQoGKCV/Ko/Asx8jjCt9ssVt+bOQVeJl5MKydHsl7/8QczSiCtkEozpem6CvQw0Cib5tOSnhifAxjDkXUsVRNz0svnNU3pmlQENY21LIZ2rvycyiIyZRIHtjABHZtmbif953RTD614mVJIiV2yxKEwlxZjOAqADoTlDObEEmBb2VspGoIGhjalkQ/CWX14l7XrNu6xd3NcrjZs8jiI5IafknHjkijTIHWmSFmEkIc/klbw5qfPivDsfi9aCk88ckz9wPn8AmcSRaQ==</latexit>

⌘̂

<latexit sha1_base64="UH+mi7gjckEJjKUwv7muGbwqhv0=">AAACCXicbZC7TsMwFIadcivlFmBksWiRWKiSSlzGChbGItGL1EaR4zqtVduJbAepirqy8CosDCDEyhuw8TY4aQZo+SVLn/5zjnzOH8SMKu0431ZpZXVtfaO8Wdna3tnds/cPOipKJCZtHLFI9gKkCKOCtDXVjPRiSRAPGOkGk5us3n0gUtFI3OtpTDyORoKGFCNtLN+GtQFHeowRSzszP2fJUxzJM2PRYFbz7apTd3LBZXALqIJCLd/+GgwjnHAiNGZIqb7rxNpLkdQUMzKrDBJFYoQnaET6BgXiRHlpfskMnhhnCMNImic0zN3fEyniSk15YDqzVdViLTP/q/UTHV55KRVxoonA84/ChEEdwSwWOKSSYM2mBhCW1OwK8RhJhLUJr2JCcBdPXoZOo+5e1M/vGtXmdRFHGRyBY3AKXHAJmuAWtEAbYPAInsEreLOerBfr3fqYt5asYuYQ/JH1+QPKY5pn</latexit>

Vcor�calib

<latexit sha1_base64="1gy/MTSi5C+9svdA+DI4Num0J+0=">AAACCHicbZDLSsNAFIYn9VbrLerShcFWcGNJCl6WRTcuK9gLtCFMppN26CQTZk6EErp046u4caGIWx/BnW/jJM1Cqz8MfPznHOac3485U2DbX0ZpaXllda28XtnY3NreMXf3OkokktA2EVzIno8V5SyibWDAaS+WFIc+p11/cp3Vu/dUKiaiO5jG1A3xKGIBIxi05ZmHtUGIYUwwTzszL2cZpkTIU6AKZjXPrNp1O5f1F5wCqqhQyzM/B0NBkpBGQDhWqu/YMbgplsAIp7PKIFE0xmSCR7SvMcIhVW6aHzKzjrUztAIh9YvAyt2fEykOlZqGvu7MNlWLtcz8r9ZPILh0UxbFCdCIzD8KEm6BsLJUrCGTlACfasBEMr2rRcZYYgI6u4oOwVk8+S90GnXnvH5226g2r4o4yugAHaET5KAL1EQ3qIXaiKAH9IRe0KvxaDwbb8b7vLVkFDP76JeMj29AE5oi</latexit>

Vcor�test

<latexit sha1_base64="NFwuntLIQs0aFxCmU4+uv9uGPYI=">AAACH3icbVDLSgMxFM34tr6qLt0Eq9BCKTMFq0tRFy4VbK10ynAnzdjQTGZI7ghl6J+48VfcuFBE3Pk3prULXwcCh3Pu5eacMJXCoOt+ODOzc/MLi0vLhZXVtfWN4uZWyySZZrzJEpnodgiGS6F4EwVK3k41hziU/DocnI796zuujUjUFQ5T3o3hVolIMEArBcXGnh8D9nWcn4kousxAoZB8VPbzVrkdiCq9CUTFH1Wp3wfMfZBpH0aVvaBYcmvuBPQv8aakRKa4CIrvfi9hWcwVMgnGdDw3xW4OGgWz9wp+ZngKbAC3vGOpgpibbj7JN6L7VunRKNH2KaQT9ftGDrExwzi0k+Mw5rc3Fv/zOhlGR91cqDRDrtjXoSiTFBM6Lov2hOYM5dASYFrYv1LWBw0MbaUFW4L3O/Jf0qrXvEbt4LJeOj6Z1rFEdsguKROPHJJjck4uSJMwck8eyTN5cR6cJ+fVefsanXGmO9vkB5yPT7pDoiQ=</latexit>

Di↵Quantile({V (Xi, Yi)}, ↵̂)
<latexit sha1_base64="aL2aJwdWxp7nlA20aUrAsMB6ceI=">AAAB9HicbVDLSsNAFL2pr1pfVZduBluhgpSk4GNZdOOygn1IG8JkOmmHTiZxZlIood/hxoUibv0Yd/6N0zYLrR64cDjnXu69x485U9q2v6zcyura+kZ+s7C1vbO7V9w/aKkokYQ2ScQj2fGxopwJ2tRMc9qJJcWhz2nbH93M/PaYSsUica8nMXVDPBAsYARrI7nlVqXjOWfowXNOy16xZFftOdBf4mSkBBkaXvGz149IElKhCcdKdR071m6KpWaE02mhlygaYzLCA9o1VOCQKjedHz1FJ0bpoyCSpoRGc/XnRIpDpSahbzpDrIdq2ZuJ/3ndRAdXbspEnGgqyGJRkHCkIzRLAPWZpETziSGYSGZuRWSIJSba5FQwITjLL/8lrVrVuaie39VK9essjjwcwTFUwIFLqMMtNKAJBB7hCV7g1Rpbz9ab9b5ozVnZzCH8gvXxDZ/EkBA=</latexit>

V (X1, Y1)
<latexit sha1_base64="rCI1W8mGJtt840lhIFlOS1mppkA=">AAAB9HicbVDLSsNAFL2pr1pfVZduBluhgpQk4GNZdOOygn1IG8JkOm2HTiZxZlIood/hxoUibv0Yd/6N0zYLrR64cDjnXu69J4g5U9q2v6zcyura+kZ+s7C1vbO7V9w/aKookYQ2SMQj2Q6wopwJ2tBMc9qOJcVhwGkrGN3M/NaYSsUica8nMfVCPBCszwjWRvLKzUrbd8/Qg++elv1iya7ac6C/xMlICTLU/eJntxeRJKRCE46V6jh2rL0US80Ip9NCN1E0xmSEB7RjqMAhVV46P3qKTozSQ/1ImhIazdWfEykOlZqEgekMsR6qZW8m/ud1Et2/8lIm4kRTQRaL+glHOkKzBFCPSUo0nxiCiWTmVkSGWGKiTU4FE4Kz/PJf0nSrzkX1/M4t1a6zOPJwBMdQAQcuoQa3UIcGEHiEJ3iBV2tsPVtv1vuiNWdlM4fwC9bHN6LVkBI=</latexit>

V (X2, Y2)

<latexit sha1_base64="NsLfths+CVwudJ63w1/k1eFD6HQ=">AAAB9HicbVDJSgNBEK2JW4xb1KOXxkSIIGEm4HIMevESiGAWSYahp9OTNOnpGbt7AmHId3jxoIhXP8abf2NnOWj0QcHjvSqq6vkxZ0rb9peVWVldW9/Ibua2tnd29/L7B00VJZLQBol4JNs+VpQzQRuaaU7bsaQ49Dlt+cObqd8aUalYJO71OKZuiPuCBYxgbSS32Cy1vdoZevBqp0UvX7DL9gzoL3EWpAAL1L38Z7cXkSSkQhOOleo4dqzdFEvNCKeTXDdRNMZkiPu0Y6jAIVVuOjt6gk6M0kNBJE0JjWbqz4kUh0qNQ990hlgP1LI3Ff/zOokOrtyUiTjRVJD5oiDhSEdomgDqMUmJ5mNDMJHM3IrIAEtMtMkpZ0Jwll/+S5qVsnNRPr+rFKrXiziycATHUAIHLqEKt1CHBhB4hCd4gVdrZD1bb9b7vDVjLWYO4Resj2/1oJBI</latexit>

V (XM , YM )

…

<latexit sha1_base64="zRexkLkSC2PoUlXZK0yoTWlj+6A=">AAACAXicbVDLSsNAFJ3UV62vqBvBzWAruCpJwcey6EJXpYJ9QBPCZDpph04mYWZSKKFu/BU3LhRx61+482+ctFlo64GBwzn33rn3+DGjUlnWt1FYWV1b3yhulra2d3b3zP2DtowSgUkLRywSXR9JwignLUUVI91YEBT6jHT80U3md8ZESBrxBzWJiRuiAacBxUhpyTOPKk6I1FCE6W2jMfWcMRJqSBSqeGbZqlozwGVi56QMcjQ988vpRzgJCVeYISl7thUrN9XzKGZkWnISSWKER2hAeppyFBLpprMLpvBUK30YREI/ruBM/d2RolDKSejrymxduehl4n9eL1HBlZtSHieKcDz/KEgYVBHM4oB9KghWbKIJwoLqXSEeIoGw0qGVdAj24snLpF2r2hfV8/tauX6dx1EEx+AEnAEbXII6uANN0AIYPIJn8ArejCfjxXg3PualBSPvOQR/YHz+AD8tlsU=</latexit>

GNN#

<latexit sha1_base64="xHhz+eleQ6u7XWHkOQsBDkfPb/c=">AAAB+3icbVDLSsNAFJ3UV62vWJduBluhbkpS8LEsunFZwdZCE8JkMm2HzkzCzEQsIb/ixoUibv0Rd/6N0zYLbT1w4XDOvdx7T5gwqrTjfFultfWNza3ydmVnd2//wD6s9lScSky6OGax7IdIEUYF6WqqGeknkiAeMvIQTm5m/sMjkYrG4l5PE+JzNBJ0SDHSRgrsat3TlEUk83iaN/qBe1YP7JrTdOaAq8QtSA0U6AT2lxfFOOVEaMyQUgPXSbSfIakpZiSveKkiCcITNCIDQwXiRPnZ/PYcnholgsNYmhIaztXfExniSk15aDo50mO17M3E/7xBqodXfkZFkmoi8GLRMGVQx3AWBIyoJFizqSEIS2puhXiMJMLaxFUxIbjLL6+SXqvpXjTP71q19nURRxkcgxPQAC64BG1wCzqgCzB4As/gFbxZufVivVsfi9aSVcwcgT+wPn8AqJuTjA==</latexit>

µ̃(X1)
<latexit sha1_base64="HqUjdfRQRQLchLN5aNp5ZbpqSOM=">AAAB+3icbVDLSsNAFJ3UV62vWJduBluhbkpS8LEsunFZwdZCE8JkMm2HzkzCzEQsIb/ixoUibv0Rd/6N0zYLbT1w4XDOvdx7T5gwqrTjfFultfWNza3ydmVnd2//wD6s9lScSky6OGax7IdIEUYF6WqqGeknkiAeMvIQTm5m/sMjkYrG4l5PE+JzNBJ0SDHSRgrsat3TlEUk83iaN/pB66we2DWn6cwBV4lbkBoo0AnsLy+KccqJ0JghpQauk2g/Q1JTzEhe8VJFEoQnaEQGhgrEifKz+e05PDVKBIexNCU0nKu/JzLElZry0HRypMdq2ZuJ/3mDVA+v/IyKJNVE4MWiYcqgjuEsCBhRSbBmU0MQltTcCvEYSYS1iatiQnCXX14lvVbTvWie37Vq7esijjI4BiegAVxwCdrgFnRAF2DwBJ7BK3izcuvFerc+Fq0lq5g5An9gff4AqiGTjQ==</latexit>

µ̃(X2)…
<latexit sha1_base64="lZewnCngWfZzWvghBG1MgCuI+HE=">AAAB+3icbVDLSsNAFJ3UV62vWJduBluhbkpS8LEsunElFewDmhAmk0k7dCYJMxOxhPyKGxeKuPVH3Pk3TtsstPXAhcM593LvPX7CqFSW9W2U1tY3NrfK25Wd3b39A/Ow2pNxKjDp4pjFYuAjSRiNSFdRxcggEQRxn5G+P7mZ+f1HIiSNowc1TYjL0SiiIcVIackzq3VHURaQzOFp3hh4d2d1z6xZTWsOuErsgtRAgY5nfjlBjFNOIoUZknJoW4lyMyQUxYzkFSeVJEF4gkZkqGmEOJFuNr89h6daCWAYC12RgnP190SGuJRT7utOjtRYLnsz8T9vmKrwys1olKSKRHixKEwZVDGcBQEDKghWbKoJwoLqWyEeI4Gw0nFVdAj28surpNdq2hfN8/tWrX1dxFEGx+AENIANLkEb3IIO6AIMnsAzeAVvRm68GO/Gx6K1ZBQzR+APjM8f1MmTqQ==</latexit>

µ̃(XN )

Prediction Set Size Proxy

Prediction Interval Length Proxy

<latexit sha1_base64="M/3q21U9vpqNOwO3hyWw5VG8KvY=">AAACFnicbVDLSgNBEJz1GeMr6tHLYBS8GHYDPo5BLwoeIhgVsmHpnfSawdnZZWY2EJZ8hRd/xYsHRbyKN//GyeOgiQUNRVU33V1hKrg2rvvtzMzOzS8sFpaKyyura+uljc0bnWSKYYMlIlF3IWgUXGLDcCPwLlUIcSjwNnw4G/i3XVSaJ/La9FJsxXAvecQZGCsFpYNdX0IoIPC7oEwHDVA/BtNhIPLLfjDkKs4vJEZRfzcold2KOwSdJt6YlMkY9aD05bcTlsUoDROgddNzU9PK7SrOBPaLfqYxBfYA99i0VEKMupUP3+rTPau0aZQoW9LQofp7IodY614c2s7BmXrSG4j/ec3MRCetnMs0MyjZaFGUCWoSOsiItrlCZkTPEmCK21sp64ACZmySRRuCN/nyNLmpVryjyuFVtVw7HcdRINtkh+wTjxyTGjknddIgjDySZ/JK3pwn58V5dz5GrTPOeGaL/IHz+QMHwZ/v</latexit>

r#LIne↵

<latexit sha1_base64="75GRuQ3n43UB6bwsvVzTqZxBZPE="></latexit>

LIne↵ = 1
N

P
i2Vct

P
k2Y

�((V (Xi, k)� ⌘̂)/⌧)

<latexit sha1_base64="5/elbe/i+SN28NCcQMlL4dnrxxw="></latexit>

LIne↵ = 1
N

P
i2Vct

(µ̃1�↵/2(Xi) + ⌘̂)� (µ̃↵/2(Xi)� ⌘̂)
<latexit sha1_base64="5/elbe/i+SN28NCcQMlL4dnrxxw="></latexit>

LIne↵ = 1
N

P
i2Vct

(µ̃1�↵/2(Xi) + ⌘̂)� (µ̃↵/2(Xi)� ⌘̂)

o Will the correction step affect coverage guarantees?
o Because the update step is also a permutation invariant 

GNN.
o Based on theorem 1, it still achieves coverage 

guarantees.
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Table 1: Empirical marginal coverage of node classification(upper table) and node regression tasks(lower table).
The result takes the average and standard deviation across 10 GNN runs with 100 calib/test splits. " means that
the UQ method reaches the target coverage (i.e. coverage � 0.95) while 7 means that it fails to reach it. The last
column "Covered" becomes" if a UQ method reaches target coverage for all datasets and 7 vice versus.
Task UQ Model Cora DBLP CiteSeer PubMed Computers Photo CS Physics Covered?

Node
classif.

Temp. Scale. 0.946±.003 7 0.920±.009 7 0.952±.004" 0.899±.002 7 0.929±.002 7 0.962±.002" 0.957±.001" 0.969±.000" 7

Vector Scale. 0.944±.004 7 0.921±.009 7 0.951±.004" 0.899±.003 7 0.932±.002 7 0.963±.002" 0.958±.001" 0.969±.000" 7

Ensemble TS 0.947±.003 7 0.920±.008 7 0.953±.003" 0.899±.002 7 0.930±.002 7 0.964±.002" 0.958±.001" 0.969±.000" 7

CaGCN 0.939±.005 7 0.922±.004 7 0.949±.005 7 0.898±.003 7 0.926±.003 7 0.956±.002" 0.954±.003" 0.968±.001" 7

GATS 0.939±.005 7 0.921±.004 7 0.951±.005" 0.898±.002 7 0.925±.002 7 0.957±.002" 0.957±.001" 0.968±.000" 7

CF-GNN 0.952±.001" 0.952±.001" 0.953±.001" 0.953±.001" 0.952±.001" 0.953±.001" 0.952±.001" 0.952±.001" "

Task UQ Model Anaheim Chicago Education Election Income Unemploy. Twitch Covered?

Node
regress.

QR 0.943±.031 7 0.950±.007 7 0.959±.001" 0.956±.004" 0.960±.005" 0.954±.004" 0.900±.015 7 7
MC dropout 0.553±.022 7 0.427±.015 7 0.423±.013 7 0.417±.008 7 0.532±.022 7 0.489±.016 7 0.448±.017 7 7

BayesianNN 0.967±.001" 0.955±.003" 0.957±.002" 0.958±.009" 0.970±.004" 0.960±.001" 0.923±.006 7 7

CF-GNN 0.957±.003" 0.954±.002" 0.951±.001" 0.950±.001" 0.951±.001" 0.951±.001" 0.954±.001" "

Finally, we remark that CF-GNN requires less computational costs than original GNN training as the
input node has a smaller attribute size (the number of classes for classification and 2 for regression).
It is also compatible with mini-batching techniques. See Appendix D.8 for more discussion.

5.1 Results

CF-GNN achieves empirical marginal coverage while existing UQ methods do not. We report
marginal coverage of various UQ methods with target coverage at 95% (Table 1). There are three
key takeaways. Firstly, none of these UQ methods achieves the target coverage for all datasets while
CF-GNN does, highlighting the lack of statistical rigor in those methods and the necessity for a
guaranteed UQ method. Secondly, it validates our theory from Section 3 that CF-GNN achieves
designated coverage in transductive GNN predictions. Lastly, CF-GNN achieves empirical coverage
that is close to the target coverage while baseline UQ methods are not. This controllable feature of
CF-GNN is practically useful for practitioners that aim for a specified coverage in settings such as
planning and selection.

CF-GNN significantly reduces inefficiency. We report empirical inefficiency for 8 classification
and 7 regression datasets (Table 2). We observe that we achieve consistent improvement across
datasets with up to 74% reduction in the prediction set size/interval length. The marginal coverage
is also satisfied (Appendix D.5). We additionally conduct the same experiments for 3 other GNN
models including GAT, GraphSAGE, and SGC in Appendix D.3 and we observe that performance
gain is generalizable to diverse architecture choices. Furthermore, CF-GNN yields more efficient
prediction sets than existing UQ methods even if we manually adjust the nominal level of them to
achieve 95% empirical coverage (it is however impossible to do so in practice); for instance, GATS
yields an average prediction size of 1.82 (in contrast to 1.76 from CF-GNN) on Cora when the
nominal level is tuned to achiveve 95% empirical coverage.

CF-GNN maintains conditional coverage. While CF-GNN achieves marginal coverage, it is
highly desirable to have a method that achieves reasonable conditional coverage, which was the
motivation of APS and CQR. We follow [37] to evaluate conditional coverage via the Worst-Slice
(WS) coverage, which takes the worst coverage across slices in the feature space (i.e. node input
features). We observe that CF-GNN achieves a WS coverage close to 1 � ↵, indicating satisfactory
conditional coverage (Cond. Cov. (Input Feat.) row in Table 3). Besides the raw features, for each
node, we also construct several network features (which are label agnostic) including clustering
coefficients, betweenness, PageRank, closeness, load, and harmonic centrality, and then calculate
the WS coverage over the network feature space. We observe close to 95% WS coverage for various
network features, suggesting CF-GNN also achieves robust conditional coverage over network
properties. We also see that the direct application of CP (i.e. without graph correction) has much
smaller WS coverage for classification, suggesting that adjusting for neigborhood information in
CF-GNN implicitly improves conditional coverage.

Ablation. We conduct ablations in Table 4 to test two main components in CF-GNN, topology-aware
correction model, and inefficiency loss. We first remove the inefficiency loss and replace it with

8

Table 1: Empirical marginal coverage of node classification(upper table) and node regression tasks(lower table).
The result takes the average and standard deviation across 10 GNN runs with 100 calib/test splits. " means that
the UQ method reaches the target coverage (i.e. coverage � 0.95) while 7 means that it fails to reach it. The last
column "Covered" becomes" if a UQ method reaches target coverage for all datasets and 7 vice versus.
Task UQ Model Cora DBLP CiteSeer PubMed Computers Photo CS Physics Covered?

Node
classif.

Temp. Scale. 0.946±.003 7 0.920±.009 7 0.952±.004" 0.899±.002 7 0.929±.002 7 0.962±.002" 0.957±.001" 0.969±.000" 7

Vector Scale. 0.944±.004 7 0.921±.009 7 0.951±.004" 0.899±.003 7 0.932±.002 7 0.963±.002" 0.958±.001" 0.969±.000" 7

Ensemble TS 0.947±.003 7 0.920±.008 7 0.953±.003" 0.899±.002 7 0.930±.002 7 0.964±.002" 0.958±.001" 0.969±.000" 7

CaGCN 0.939±.005 7 0.922±.004 7 0.949±.005 7 0.898±.003 7 0.926±.003 7 0.956±.002" 0.954±.003" 0.968±.001" 7

GATS 0.939±.005 7 0.921±.004 7 0.951±.005" 0.898±.002 7 0.925±.002 7 0.957±.002" 0.957±.001" 0.968±.000" 7

CF-GNN 0.952±.001" 0.952±.001" 0.953±.001" 0.953±.001" 0.952±.001" 0.953±.001" 0.952±.001" 0.952±.001" "

Task UQ Model Anaheim Chicago Education Election Income Unemploy. Twitch Covered?

Node
regress.

QR 0.943±.031 7 0.950±.007 7 0.959±.001" 0.956±.004" 0.960±.005" 0.954±.004" 0.900±.015 7 7
MC dropout 0.553±.022 7 0.427±.015 7 0.423±.013 7 0.417±.008 7 0.532±.022 7 0.489±.016 7 0.448±.017 7 7

BayesianNN 0.967±.001" 0.955±.003" 0.957±.002" 0.958±.009" 0.970±.004" 0.960±.001" 0.923±.006 7 7

CF-GNN 0.957±.003" 0.954±.002" 0.951±.001" 0.950±.001" 0.951±.001" 0.951±.001" 0.954±.001" "

Finally, we remark that CF-GNN requires less computational costs than original GNN training as the
input node has a smaller attribute size (the number of classes for classification and 2 for regression).
It is also compatible with mini-batching techniques. See Appendix D.8 for more discussion.

5.1 Results

CF-GNN achieves empirical marginal coverage while existing UQ methods do not. We report
marginal coverage of various UQ methods with target coverage at 95% (Table 1). There are three
key takeaways. Firstly, none of these UQ methods achieves the target coverage for all datasets while
CF-GNN does, highlighting the lack of statistical rigor in those methods and the necessity for a
guaranteed UQ method. Secondly, it validates our theory from Section 3 that CF-GNN achieves
designated coverage in transductive GNN predictions. Lastly, CF-GNN achieves empirical coverage
that is close to the target coverage while baseline UQ methods are not. This controllable feature of
CF-GNN is practically useful for practitioners that aim for a specified coverage in settings such as
planning and selection.

CF-GNN significantly reduces inefficiency. We report empirical inefficiency for 8 classification
and 7 regression datasets (Table 2). We observe that we achieve consistent improvement across
datasets with up to 74% reduction in the prediction set size/interval length. The marginal coverage
is also satisfied (Appendix D.5). We additionally conduct the same experiments for 3 other GNN
models including GAT, GraphSAGE, and SGC in Appendix D.3 and we observe that performance
gain is generalizable to diverse architecture choices. Furthermore, CF-GNN yields more efficient
prediction sets than existing UQ methods even if we manually adjust the nominal level of them to
achieve 95% empirical coverage (it is however impossible to do so in practice); for instance, GATS
yields an average prediction size of 1.82 (in contrast to 1.76 from CF-GNN) on Cora when the
nominal level is tuned to achiveve 95% empirical coverage.

CF-GNN maintains conditional coverage. While CF-GNN achieves marginal coverage, it is
highly desirable to have a method that achieves reasonable conditional coverage, which was the
motivation of APS and CQR. We follow [37] to evaluate conditional coverage via the Worst-Slice
(WS) coverage, which takes the worst coverage across slices in the feature space (i.e. node input
features). We observe that CF-GNN achieves a WS coverage close to 1 � ↵, indicating satisfactory
conditional coverage (Cond. Cov. (Input Feat.) row in Table 3). Besides the raw features, for each
node, we also construct several network features (which are label agnostic) including clustering
coefficients, betweenness, PageRank, closeness, load, and harmonic centrality, and then calculate
the WS coverage over the network feature space. We observe close to 95% WS coverage for various
network features, suggesting CF-GNN also achieves robust conditional coverage over network
properties. We also see that the direct application of CP (i.e. without graph correction) has much
smaller WS coverage for classification, suggesting that adjusting for neigborhood information in
CF-GNN implicitly improves conditional coverage.

Ablation. We conduct ablations in Table 4 to test two main components in CF-GNN, topology-aware
correction model, and inefficiency loss. We first remove the inefficiency loss and replace it with
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Finally, we remark that CF-GNN requires less computational costs than original GNN training as the
input node has a smaller attribute size (the number of classes for classification and 2 for regression).
It is also compatible with mini-batching techniques. See Appendix D.8 for more discussion.

5.1 Results

CF-GNN achieves empirical marginal coverage while existing UQ methods do not. We report
marginal coverage of various UQ methods with target coverage at 95% (Table 1). There are three
key takeaways. Firstly, none of these UQ methods achieves the target coverage for all datasets while
CF-GNN does, highlighting the lack of statistical rigor in those methods and the necessity for a
guaranteed UQ method. Secondly, it validates our theory from Section 3 that CF-GNN achieves
designated coverage in transductive GNN predictions. Lastly, CF-GNN achieves empirical coverage
that is close to the target coverage while baseline UQ methods are not. This controllable feature of
CF-GNN is practically useful for practitioners that aim for a specified coverage in settings such as
planning and selection.

CF-GNN significantly reduces inefficiency. We report empirical inefficiency for 8 classification
and 7 regression datasets (Table 2). We observe that we achieve consistent improvement across
datasets with up to 74% reduction in the prediction set size/interval length. The marginal coverage
is also satisfied (Appendix D.5). We additionally conduct the same experiments for 3 other GNN
models including GAT, GraphSAGE, and SGC in Appendix D.3 and we observe that performance
gain is generalizable to diverse architecture choices. Furthermore, CF-GNN yields more efficient
prediction sets than existing UQ methods even if we manually adjust the nominal level of them to
achieve 95% empirical coverage (it is however impossible to do so in practice); for instance, GATS
yields an average prediction size of 1.82 (in contrast to 1.76 from CF-GNN) on Cora when the
nominal level is tuned to achiveve 95% empirical coverage.

CF-GNN maintains conditional coverage. While CF-GNN achieves marginal coverage, it is
highly desirable to have a method that achieves reasonable conditional coverage, which was the
motivation of APS and CQR. We follow [37] to evaluate conditional coverage via the Worst-Slice
(WS) coverage, which takes the worst coverage across slices in the feature space (i.e. node input
features). We observe that CF-GNN achieves a WS coverage close to 1 � ↵, indicating satisfactory
conditional coverage (Cond. Cov. (Input Feat.) row in Table 3). Besides the raw features, for each
node, we also construct several network features (which are label agnostic) including clustering
coefficients, betweenness, PageRank, closeness, load, and harmonic centrality, and then calculate
the WS coverage over the network feature space. We observe close to 95% WS coverage for various
network features, suggesting CF-GNN also achieves robust conditional coverage over network
properties. We also see that the direct application of CP (i.e. without graph correction) has much
smaller WS coverage for classification, suggesting that adjusting for neigborhood information in
CF-GNN implicitly improves conditional coverage.

Ablation. We conduct ablations in Table 4 to test two main components in CF-GNN, topology-aware
correction model, and inefficiency loss. We first remove the inefficiency loss and replace it with
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Finally, we remark that CF-GNN requires less computational costs than original GNN training as the
input node has a smaller attribute size (the number of classes for classification and 2 for regression).
It is also compatible with mini-batching techniques. See Appendix D.8 for more discussion.

5.1 Results

CF-GNN achieves empirical marginal coverage while existing UQ methods do not. We report
marginal coverage of various UQ methods with target coverage at 95% (Table 1). There are three
key takeaways. Firstly, none of these UQ methods achieves the target coverage for all datasets while
CF-GNN does, highlighting the lack of statistical rigor in those methods and the necessity for a
guaranteed UQ method. Secondly, it validates our theory from Section 3 that CF-GNN achieves
designated coverage in transductive GNN predictions. Lastly, CF-GNN achieves empirical coverage
that is close to the target coverage while baseline UQ methods are not. This controllable feature of
CF-GNN is practically useful for practitioners that aim for a specified coverage in settings such as
planning and selection.

CF-GNN significantly reduces inefficiency. We report empirical inefficiency for 8 classification
and 7 regression datasets (Table 2). We observe that we achieve consistent improvement across
datasets with up to 74% reduction in the prediction set size/interval length. The marginal coverage
is also satisfied (Appendix D.5). We additionally conduct the same experiments for 3 other GNN
models including GAT, GraphSAGE, and SGC in Appendix D.3 and we observe that performance
gain is generalizable to diverse architecture choices. Furthermore, CF-GNN yields more efficient
prediction sets than existing UQ methods even if we manually adjust the nominal level of them to
achieve 95% empirical coverage (it is however impossible to do so in practice); for instance, GATS
yields an average prediction size of 1.82 (in contrast to 1.76 from CF-GNN) on Cora when the
nominal level is tuned to achiveve 95% empirical coverage.

CF-GNN maintains conditional coverage. While CF-GNN achieves marginal coverage, it is
highly desirable to have a method that achieves reasonable conditional coverage, which was the
motivation of APS and CQR. We follow [37] to evaluate conditional coverage via the Worst-Slice
(WS) coverage, which takes the worst coverage across slices in the feature space (i.e. node input
features). We observe that CF-GNN achieves a WS coverage close to 1 � ↵, indicating satisfactory
conditional coverage (Cond. Cov. (Input Feat.) row in Table 3). Besides the raw features, for each
node, we also construct several network features (which are label agnostic) including clustering
coefficients, betweenness, PageRank, closeness, load, and harmonic centrality, and then calculate
the WS coverage over the network feature space. We observe close to 95% WS coverage for various
network features, suggesting CF-GNN also achieves robust conditional coverage over network
properties. We also see that the direct application of CP (i.e. without graph correction) has much
smaller WS coverage for classification, suggesting that adjusting for neigborhood information in
CF-GNN implicitly improves conditional coverage.

Ablation. We conduct ablations in Table 4 to test two main components in CF-GNN, topology-aware
correction model, and inefficiency loss. We first remove the inefficiency loss and replace it with
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Finally, we remark that CF-GNN requires less computational costs than original GNN training as the
input node has a smaller attribute size (the number of classes for classification and 2 for regression).
It is also compatible with mini-batching techniques. See Appendix D.8 for more discussion.
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CF-GNN achieves empirical marginal coverage while existing UQ methods do not. We report
marginal coverage of various UQ methods with target coverage at 95% (Table 1). There are three
key takeaways. Firstly, none of these UQ methods achieves the target coverage for all datasets while
CF-GNN does, highlighting the lack of statistical rigor in those methods and the necessity for a
guaranteed UQ method. Secondly, it validates our theory from Section 3 that CF-GNN achieves
designated coverage in transductive GNN predictions. Lastly, CF-GNN achieves empirical coverage
that is close to the target coverage while baseline UQ methods are not. This controllable feature of
CF-GNN is practically useful for practitioners that aim for a specified coverage in settings such as
planning and selection.

CF-GNN significantly reduces inefficiency. We report empirical inefficiency for 8 classification
and 7 regression datasets (Table 2). We observe that we achieve consistent improvement across
datasets with up to 74% reduction in the prediction set size/interval length. The marginal coverage
is also satisfied (Appendix D.5). We additionally conduct the same experiments for 3 other GNN
models including GAT, GraphSAGE, and SGC in Appendix D.3 and we observe that performance
gain is generalizable to diverse architecture choices. Furthermore, CF-GNN yields more efficient
prediction sets than existing UQ methods even if we manually adjust the nominal level of them to
achieve 95% empirical coverage (it is however impossible to do so in practice); for instance, GATS
yields an average prediction size of 1.82 (in contrast to 1.76 from CF-GNN) on Cora when the
nominal level is tuned to achiveve 95% empirical coverage.

CF-GNN maintains conditional coverage. While CF-GNN achieves marginal coverage, it is
highly desirable to have a method that achieves reasonable conditional coverage, which was the
motivation of APS and CQR. We follow [37] to evaluate conditional coverage via the Worst-Slice
(WS) coverage, which takes the worst coverage across slices in the feature space (i.e. node input
features). We observe that CF-GNN achieves a WS coverage close to 1 � ↵, indicating satisfactory
conditional coverage (Cond. Cov. (Input Feat.) row in Table 3). Besides the raw features, for each
node, we also construct several network features (which are label agnostic) including clustering
coefficients, betweenness, PageRank, closeness, load, and harmonic centrality, and then calculate
the WS coverage over the network feature space. We observe close to 95% WS coverage for various
network features, suggesting CF-GNN also achieves robust conditional coverage over network
properties. We also see that the direct application of CP (i.e. without graph correction) has much
smaller WS coverage for classification, suggesting that adjusting for neigborhood information in
CF-GNN implicitly improves conditional coverage.

Ablation. We conduct ablations in Table 4 to test two main components in CF-GNN, topology-aware
correction model, and inefficiency loss. We first remove the inefficiency loss and replace it with
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Table 2: Empirical inefficiency measured by the size/length of the prediction set/interval for node classification
(left table)/regression(right table). A smaller number has better efficiency. We show the relative improvement
(%) of CF-GNN over CP on top of the !. The result uses APS for classification and CQR for regression with
GCN as the base model. Additional results on other GNN models are at Appendix D.3. We report the average
and standard deviation of prediction sizes/lengths calculated from 10 GNN runs, each with 100 calibration/test
splits.

Task Dataset CP ���!CF-GNN

Node
classif.

Cora 3.80±.28
�53.61%�����!1.76±.27

DBLP 2.43±.03
�49.13%�����!1.23±.01

CiteSeer 3.86±.11
�74.27%�����!0.99±.02

PubMed 1.60±.02
�19.05%�����!1.29±.03

Computers 3.56±.13
�49.05%�����!1.81±.12

Photo 3.79±.13
�56.28%�����!1.66±.21

CS 7.79±.29
�62.16%�����!2.95±.49

Physics 3.11±.07
�62.81%�����!1.16±.13

Average Improvement -53.75%

Task Dataset CP ���!CF-GNN

Node
regress.

Anaheim 2.89±.39
�25.00%�����!2.17±.11

Chicago 2.05±.07
�0.48%�����!2.04±.17

Education 2.56±.02
�5.07%�����!2.43±.05

Election 0.90±.01
+0.21%�����!0.90±.02

Income 2.51±.12
�4.58%�����!2.40±.05

Unemploy 2.72±.03
�10.83%�����!2.43±.04

Twitch 2.43±.10
�1.36%�����!2.39±.07

Average Improvement -6.73%

Table 3: CF-GNN achieves conditional coverage, measured by
Worse-Slice Coverage [37]. We use Cora/Twitch as an example
classification/regression dataset. Results on other network features
and results on target coverage of 0.9 can be found in Appendix D.6.

Target: 0.95 Classification Regression

Model CP CF-GNN CP CF-GNN

Marginal Cov. 0.95±.01 0.95±.01 0.96±.02 0.96±.02

Cond. Cov. (Input Feat.) 0.94±.02 0.94±.03 0.95±.04 0.94±.05

Cond. Cov. (Cluster) 0.89±.06 0.93±.04 0.96±.03 0.96±.03
Cond. Cov. (Between) 0.81±.06 0.95±.03 0.94±.05 0.94±.05
Cond. Cov. (PageRank) 0.78±.06 0.94±.03 0.94±.05 0.94±.05

Table 4: Ablation. For Size/length, we
use Cora/Anaheim dataset with GCN
backbone. Each experiment is with 10
independent base model runs with 100
conformal split runs.

Topology Ineff. Size Length-aware Loss

" " 1.76±.27 2.17±.11

" 7 2.42±.35 2.23±.10

7 " 2.35±.47 2.32±.18
7 7 3.80±.28 2.89±.39

standard prediction loss. The performance drops as expected, showing the power of directly modeling
inefficiency loss in the correction step. Secondly, we replace the GNN correction model with an MLP
correction model. The performance drops significantly, showing the importance of the design choice
of correction model and justifying our motivation on inefficiency correlation over networks.

Parameter analysis. We conduct additional parameter analysis to test the robustness of CF-GNN.
We first adjust the target coverage rate and calculate the inefficiency (Figure 5(1)). CF-GNN
consistently beats the vanilla CP across all target coverages. Moreover, we adjust the fraction � of
the holdout calibration data in building the inefficiency loss, and observe that CF-GNN achieves
consistent improvement in inefficiency (Figure 5(2)). We also observe a small fraction (10%) leads
to excellent performance, showing that our model only requires a small amount of data for the
inefficiency loss and leaves the majority of the calibration data for downstream conformal prediction.

Prediction accuracy versus uncertainty calibration. While prediction accuracy and efficiency of
conformal prediction sets/intervals are distinct goals (fulfilled by two GNNs respectively in our
approach), in our experiments, we find that CF-GNN yields little changes to the prediction accuracy
of the original GNN model. We defer the readers to Appendix D.7 for a more detailed discussion.

6 Related Works

We discuss work which is most related to CF-GNN and provide extended related works in Appendix E.
(1) Uncertainty quantification (UQ) for GNN: Many UQ methods are available to construct model-
agnostic uncertain estimates for both classification [13, 49, 14, 27, 1] and regression [25, 41, 38, 9, 28,
26, 35, 23, 19]. Recently, specialized calibration methods for GNNs that leverage network principles
such as homophily have been developed [44, 17]. However, these UQ methods can fail to provide a
statistically rigorous and empirically valid coverage guarantee (see Table 1). In contrast, CF-GNN
achieves valid marginal coverage in both theory and practice. (2) Conformal prediction for GNN: The
application of CP to graph-structured data remains largely unexplored. [7] which claims that nodes
in the graph are not exchangeable in the inductive setting and employs the beyond exchangeability
framework of [3] to construct prediction sets using neighborhood nodes as the calibration data.
In contrast, we study the transductive setting where certain exchangeability property holds and
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More results on conditional coverage, sensitivity 
analysis, other GNNs, etc. in the paper!



Lots of exciting follow-ups…

o Within the last 6 months
o Extension to link prediction setting1

o Extension to non-uniform split2

o Extension to inductive setting3

o Extension to edge exchangeability3

o ……
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1 Conformal Link Prediction to Control the Error Rate.
2 On the Validity of Conformal Prediction for Network Data Under Non-Uniform Sampling.

3 Conformal Inductive Graph Neural Networks.
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