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Question: Why not replace human decision makers with AI already?

Hallucinations

Struggles with long-
term context

Unaware when 
uncertain

Reliability matters!

Robust decision making requires more than predictive accuracy!
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Human and AI should coexist in the decision making pipeline

Handle large unstructured data

Excel at patten extraction

Offer statistical accuracy

Domain Knowledge

Persistent Memory

Reason and act in 
 the physical world

Human and AI should jointly exist in the decision making process!
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-  (Heavily) Pre-trained

- Possibility of little tweaks using            
extra data (fine-tuning)

- Automated

- Humans
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Robust decision making pipeline

Inputs/prompts Decision 
Maker

Predictions + Uncertainty 
quantification

AI model ActionsUQ

Robust Decision making requires precise Uncertainty Quantification



(Quick) Review of Conformal Prediction



Conformal Prediction

trained model 

trained model x

··
·

⇡̂1

⇡̂2

⇡̂3

⇡̂K

estimated likelihoods

0.01
0.04
0.42

0.09

··
·

- prediction is then based on the class that has maximum likelihood



trained model x

··
·

⇡̂1

⇡̂2

⇡̂3

⇡̂K

easy less easy difficult

model’s prediction: human human tree

human 
0.99 

human ,tree,bin 
0.90 0.08 0.02 

Tree,human,trash can 
0.70 0.20 0.05 

 - the trained model provides estimated likelihoods (a notion of uncertainty)  

- these likelihoods are informative but not always correct



model’s prediction: human human tree

x

human 
0.99 

human ,tree,bin 
0.90 0.08 0.02 

Tree,human,trash can 
0.70 0.20 0.05 



(model’s conformal prediction) 
C(x) { }tree , human{ }    human{    human

<latexit sha1_base64="xCJ9fmhBYgaO5/LB9hggw84MEEM=">AAAB6XicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2NAEI9RzAOSJcxOZpMhs7PLTK8QlvyBFw+KePWPvPk3TpI9aGJBQ1HVTXdXkEhh0HW/ncLK6tr6RnGztLW9s7tX3j9omjjVjDdYLGPdDqjhUijeQIGStxPNaRRI3gpGN1O/9cS1EbF6xHHC/YgOlAgFo2ilh+6kV664VXcGsky8nFQgR71X/ur2Y5ZGXCGT1JiO5yboZ1SjYJJPSt3U8ISyER3wjqWKRtz42ezSCTmxSp+EsbalkMzU3xMZjYwZR4HtjCgOzaI3Ff/zOimG134mVJIiV2y+KEwlwZhM3yZ9oTlDObaEMi3srYQNqaYMbTglG4K3+PIyaZ5Vvcvqxf15pXabx1GEIziGU/DgCmpwB3VoAIMQnuEV3pyR8+K8Ox/z1oKTzxzCHzifP6MAjXU=</latexit>

}

Single prediction  set of predictions→

x

human 
0.99 

human ,tree,bin 
0.90 0.08 0.02 

Tree,human,trash can 
0.70 0.20 0.05 



(model’s conformal prediction) 
C(x) { }tree , human{ }    human{    human

<latexit sha1_base64="xCJ9fmhBYgaO5/LB9hggw84MEEM=">AAAB6XicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2NAEI9RzAOSJcxOZpMhs7PLTK8QlvyBFw+KePWPvPk3TpI9aGJBQ1HVTXdXkEhh0HW/ncLK6tr6RnGztLW9s7tX3j9omjjVjDdYLGPdDqjhUijeQIGStxPNaRRI3gpGN1O/9cS1EbF6xHHC/YgOlAgFo2ilh+6kV664VXcGsky8nFQgR71X/ur2Y5ZGXCGT1JiO5yboZ1SjYJJPSt3U8ISyER3wjqWKRtz42ezSCTmxSp+EsbalkMzU3xMZjYwZR4HtjCgOzaI3Ff/zOimG134mVJIiV2y+KEwlwZhM3yZ9oTlDObaEMi3srYQNqaYMbTglG4K3+PIyaZ5Vvcvqxf15pXabx1GEIziGU/DgCmpwB3VoAIMQnuEV3pyR8+K8Ox/z1oKTzxzCHzifP6MAjXU=</latexit>

}

x

human 
0.99 

human ,tree,bin 
0.90 0.08 0.02 

Tree,human,trash can 
0.70 0.20 0.05 

Marginal Coverage

Pr {Ytest 2 C(Xtest)} � 1� ↵

User-specified value; e.g.        <latexit sha1_base64="qsvz1lO5KTV2Pz6+CFIFA9nzgLg=">AAAB9XicdVDLSgMxFL1TX7W+qi7dBIvgxjIzfboQCoK4rGBboR1LJs20oZkHSUYpQ//DjQtF3Pov7vwbM20FFT2QcHLOvdyb40acSWWaH0ZmaXlldS27ntvY3Nreye/utWUYC0JbJOShuHGxpJwFtKWY4vQmEhT7Lqcdd3ye+p07KiQLg2s1iajj42HAPEaw0tKtddLDPBphdIbM4mk/X9B3vWpXbP00zZpdqqbErpXtErK0kqIACzT7+ffeICSxTwNFOJaya5mRchIsFCOcTnO9WNIIkzEe0q6mAfapdJLZ1lN0pJUB8kKhT6DQTP3ekWBfyonv6kofq5H87aXiX143Vl7dSVgQxYoGZD7IizlSIUojQAMmKFF8ogkmguldERlhgYnSQeV0CF8/Rf+Ttl20qsXKVbnQuFjEkYUDOIRjsKAGDbiEJrSAgIAHeIJn4954NF6M13lpxlj07MMPGG+fYPGRLA==</latexit>

1� ↵ = 0.9



(model’s conformal prediction) 
C(x) { }tree , human{ }    human{    human

<latexit sha1_base64="xCJ9fmhBYgaO5/LB9hggw84MEEM=">AAAB6XicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2NAEI9RzAOSJcxOZpMhs7PLTK8QlvyBFw+KePWPvPk3TpI9aGJBQ1HVTXdXkEhh0HW/ncLK6tr6RnGztLW9s7tX3j9omjjVjDdYLGPdDqjhUijeQIGStxPNaRRI3gpGN1O/9cS1EbF6xHHC/YgOlAgFo2ilh+6kV664VXcGsky8nFQgR71X/ur2Y5ZGXCGT1JiO5yboZ1SjYJJPSt3U8ISyER3wjqWKRtz42ezSCTmxSp+EsbalkMzU3xMZjYwZR4HtjCgOzaI3Ff/zOimG134mVJIiV2y+KEwlwZhM3yZ9oTlDObaEMi3srYQNqaYMbTglG4K3+PIyaZ5Vvcvqxf15pXabx1GEIziGU/DgCmpwB3VoAIMQnuEV3pyR8+K8Ox/z1oKTzxzCHzifP6MAjXU=</latexit>

}

x

human 
0.99 

human ,tree,bin 
0.90 0.08 0.02 

Tree,human,trash can 
0.70 0.20 0.05 

Marginal Coverage

Pr {Ytest 2 C(Xtest)} � 1� ↵ C(x) = {y 2 Y : S(x, y)  q}

the threshold



(model’s conformal prediction) 
C(x) { }tree , human{ }    human{    human

<latexit sha1_base64="xCJ9fmhBYgaO5/LB9hggw84MEEM=">AAAB6XicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2NAEI9RzAOSJcxOZpMhs7PLTK8QlvyBFw+KePWPvPk3TpI9aGJBQ1HVTXdXkEhh0HW/ncLK6tr6RnGztLW9s7tX3j9omjjVjDdYLGPdDqjhUijeQIGStxPNaRRI3gpGN1O/9cS1EbF6xHHC/YgOlAgFo2ilh+6kV664VXcGsky8nFQgR71X/ur2Y5ZGXCGT1JiO5yboZ1SjYJJPSt3U8ISyER3wjqWKRtz42ezSCTmxSp+EsbalkMzU3xMZjYwZR4HtjCgOzaI3Ff/zOimG134mVJIiV2y+KEwlwZhM3yZ9oTlDObaEMi3srYQNqaYMbTglG4K3+PIyaZ5Vvcvqxf15pXabx1GEIziGU/DgCmpwB3VoAIMQnuEV3pyR8+K8Ox/z1oKTzxzCHzifP6MAjXU=</latexit>

}

x

human 
0.99 

human ,tree,bin 
0.90 0.08 0.02 

Tree,human,trash can 
0.70 0.20 0.05 

<latexit sha1_base64="ywlqq4fO8s8n2/crvXvfY1MXSDM=">AAAB6XicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2NAEI9RzAOSJcxOepMhs7PLzKwQlvyBFw+KePWPvPk3TpI9aGJBQ1HVTXdXkAiujet+O4WV1bX1jeJmaWt7Z3evvH/Q1HGqGDZYLGLVDqhGwSU2DDcC24lCGgUCW8HoZuq3nlBpHstHM07Qj+hA8pAzaqz04JFeueJW3RnIMvFyUoEc9V75q9uPWRqhNExQrTuemxg/o8pwJnBS6qYaE8pGdIAdSyWNUPvZ7NIJObFKn4SxsiUNmam/JzIaaT2OAtsZUTPUi95U/M/rpCa89jMuk9SgZPNFYSqIicn0bdLnCpkRY0soU9zeStiQKsqMDadkQ/AWX14mzbOqd1m9uD+v1G7zOIpwBMdwCh5cQQ3uoA4NYBDCM7zCmzNyXpx352PeWnDymUP4A+fzB9SmjO0=</latexit>

1
<latexit sha1_base64="ywlqq4fO8s8n2/crvXvfY1MXSDM=">AAAB6XicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2NAEI9RzAOSJcxOepMhs7PLzKwQlvyBFw+KePWPvPk3TpI9aGJBQ1HVTXdXkAiujet+O4WV1bX1jeJmaWt7Z3evvH/Q1HGqGDZYLGLVDqhGwSU2DDcC24lCGgUCW8HoZuq3nlBpHstHM07Qj+hA8pAzaqz04JFeueJW3RnIMvFyUoEc9V75q9uPWRqhNExQrTuemxg/o8pwJnBS6qYaE8pGdIAdSyWNUPvZ7NIJObFKn4SxsiUNmam/JzIaaT2OAtsZUTPUi95U/M/rpCa89jMuk9SgZPNFYSqIicn0bdLnCpkRY0soU9zeStiQKsqMDadkQ/AWX14mzbOqd1m9uD+v1G7zOIpwBMdwCh5cQQ3uoA4NYBDCM7zCmzNyXpx352PeWnDymUP4A+fzB9SmjO0=</latexit>

1
<latexit sha1_base64="2CttHQQInp7fcIsRdIA6FBcis+0=">AAAB6HicbVDLSgNBEOyNrxhfUY9eBoPgKewGX8eAIB4TMA9IljA76U3GzM4uM7NCCPkCLx4U8eonefNvnCR70MSChqKqm+6uIBFcG9f9dnJr6xubW/ntws7u3v5B8fCoqeNUMWywWMSqHVCNgktsGG4EthOFNAoEtoLR7cxvPaHSPJYPZpygH9GB5CFn1FipXukVS27ZnYOsEi8jJchQ6xW/uv2YpRFKwwTVuuO5ifEnVBnOBE4L3VRjQtmIDrBjqaQRan8yP3RKzqzSJ2GsbElD5urviQmNtB5Hge2MqBnqZW8m/ud1UhPe+BMuk9SgZItFYSqIicnsa9LnCpkRY0soU9zeStiQKsqMzaZgQ/CWX14lzUrZuypf1i9K1bssjjycwCmcgwfXUIV7qEEDGCA8wyu8OY/Oi/PufCxac042cwx/4Hz+AICVjMQ=</latexit>

2
<latexit sha1_base64="3R858MxsrZVwOx1y1q84pPlrH0g=">AAAB7XicbVDLSgNBEOyNrxhfUY9eBoMQL2FXfB0DAfEYwTwgWcLsZDYZMzuzzMyKIck/ePGgiFf/x5t/4yTZgyYWNBRV3XR3BTFn2rjut5NZWV1b38hu5ra2d3b38vsHdS0TRWiNSC5VM8CaciZozTDDaTNWFEcBp41gUJn6jUeqNJPi3gxj6ke4J1jICDZWqo8rxafTcSdfcEvuDGiZeCkpQIpqJ//V7kqSRFQYwrHWLc+NjT/CyjDC6STXTjSNMRngHm1ZKnBEtT+aXTtBJ1bpolAqW8Kgmfp7YoQjrYdRYDsjbPp60ZuK/3mtxITX/oiJODFUkPmiMOHISDR9HXWZosTwoSWYKGZvRaSPFSbGBpSzIXiLLy+T+lnJuyxd3J0XyjdpHFk4gmMoggdXUIZbqEINCDzAM7zCmyOdF+fd+Zi3Zpx05hD+wPn8AQCqjsg=</latexit>
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size

difficulty of the input models’ uncertainty about the label size of the prediction set
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E. Straitouri & M. Gomez-Rodriguez, Designing Decision Support Systems using Counterfactual Prediction Sets, ICML, 2024.
Straitouri et al., Improving Expert Predictions with Conformal Prediction, ICML, 2023.

Prediction sets are useful for decision makers

Hullman et. al..,  Conformal Prediction and Human Decision Making, 2025.

“Decision-theoretic framework for evaluating predictive uncertainty as informative signals”

“Well designed” prediction sets are a sufficient statistic for risk averse decision making

S. Kiyani et Al.,  Decision Theoretic Foundations for Conformal Prediction: Optimal Uncertainty Quantification for Risk-Averse Agents, ICML, 2025.
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Thus far …

Human and AI should coexist in the decision making pipeline

UQ is essential in the decision making pipeline UQ

CP is a promising tool for UQ of AI decision support systems  

What should be the principles of UQ when Human and AI are jointly in the loop?



AI model 

x

··
·

⇡̂1

⇡̂2

⇡̂3

⇡̂K

Human
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H(x)

Collaboration
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C(x)

Domain knowledge, physical testing, etc

Collaborative Uncertainty Quantification pipeline
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Pneumonia
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Sarcoidosis Remove

Human

Tuberculosis
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Collaborative Proposal 

Question: what constitutes a good collaboration?

Label Space

First: dont cause harm!
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Remove

Question: what constitutes a good collaboration?

Label Space
Pneumonia

Bronchitis

Human AI Revision

Keep

Add

Collaborative Proposal 

Tuberculosis

Asthma

Second: Add value!
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