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Machine Learning
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Motivation: what is uncertainty and how is it introduced in ML



What is uncertainty?
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In general, uncertainty is lack of knowledge.
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In general, uncertainty is lack of knowledge.

See: Neil’s and Carl Henrik’s talk!



Machine Learning in a nutshell
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(in reality)

[INACCESSIBLE]

Our model only sees partial and noisy data. 

Duck or Rabbit? 



Machine Learning in a nutshell
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ModelData Predictions

Our model is imperfect, possibly biased and often inherently random. 

(in reality)

random.seed(42)



Machine Learning in a nutshell
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Hot

Cold

Hot

ModelData Predictions

(in reality)

Interpretation of concepts can be fuzzy.



Computers are deterministic, but our world isn’t
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• Data, assumptions and model imperfections come from the real world. These 
induce uncertainty in our ML modeling 

• Uncertainty is hidden in any modeling scenario whether we want it or not: we can never 
have complete knowledge (otherwise we wouldn’t resort to modeling).  

• Using uncertainty in our models is natural for humans: we plan our lives and actions
using uncertainty and risk; we acknowledge we don’t know everything

Photo by Alessandro Erbetta



Uncertainty is inevitable in modeling
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Uncertainty is inevitable in modeling
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Epistemic uncertainty
Neo doesn’t know that he lives in a simulation

(Ignorance about the correct model that 
generated the data e.g. Matrix glitches)

Aleatoric uncertainty
Neo knows that he lives in a simulation but the
simulation’s complexity introduces inherent uncertainty
(not enough capacity to perfectly observe the world)



Uncertainty is inevitable in modeling
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Applications where uncertainty matters



Predictive uncertainty
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Classification: “I am 92% certain that this stock is a buy”

Regression:    “The temperature tomorrow will follow                 ”
<latexit sha1_base64="GEvp9NcHja8rdRwHboT0pxd67LU=">AAAB+nicbVDLSgMxFL3js9bXVJdugkWoIGVGinVZdONKKtgHtKVk0kwbmskMSUYpYz/FjQtF3Pol7vwbM+0stPVA4HDOvdyT40WcKe0439bK6tr6xmZuK7+9s7u3bxcOmiqMJaENEvJQtj2sKGeCNjTTnLYjSXHgcdryxtep33qgUrFQ3OtJRHsBHgrmM4K1kfp2oRtgPSKYJ7fTUvUMVU77dtEpOzOgZeJmpAgZ6n37qzsISRxQoQnHSnVcJ9K9BEvNCKfTfDdWNMJkjIe0Y6jAAVW9ZBZ9ik6MMkB+KM0TGs3U3xsJDpSaBJ6ZTIOqRS8V//M6sfYvewkTUaypIPNDfsyRDlHaAxowSYnmE0MwkcxkRWSEJSbatJU3JbiLX14mzfOye1F27irF2lVWRw6O4BhK4EIVanADdWgAgUd4hld4s56sF+vd+piPrljZziH8gfX5A4lnkt4=</latexit>

N (7, 4)

t

p(t)

2         4         6         8        10     12



Uncertainty in decision making
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• Uncertainty can be used to guide decisions 

• Same prediction can lead to different decisions
depending on degree of confidence



Sequential decision making
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Active Learning:
• Select images to label such that expected accuracy is maximized

Bayesian Optimization: 
• Find the minimum of a function f

Reinforcement Learning:
• Take K actions to collect maximum combined reward

Beliefs &
estimates

Acquisition

Observation

ev
alu

ate

update

collect
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Probabilistic numerics (aka uncertainty everywhere)
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Quantifying and Auditing Uncertainty



Calibration 

• We use uncertainty because we don’t trust predictions 
(i.e. estimates of dependent variable). 

• But why should we trust estimates of uncertainty?
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Miscalibrated model predictions

2/5/21 A. Damianou 33
Alcorn et al. 2019



Calibration plots     [Credit: Geoff Pleiss]
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Uncalibrated Calibrated

“If, for example, each of 100 predictions have confidence 80%, then we'd expect that 80% of those are actually 
correct. If this is the case, we say the model is calibrated.”

Plot: Split predictions in bins. Then average accuracy and average confidence per bin should match.

ConfidenceConfidence

Ac
cu

ra
cy

Ac
cu

ra
cy



Machine Learning modeling
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Model 1

Model 2

Model 3
Model 4

Model 5

Application 
Domain

• Every trained model is imperfect

• Let’s combine Models

• “Modeling the disagreement” is a 
crude way of improving uncertainty 
quantification

<latexit sha1_base64="Qi3FpTVso/QSUrDP8W/N1SFRXhA=">AAACH3icbVDLSsNAFJ34rPVVdelmsAi6KYlIdSMU3bgRKlhbaEqYTG/s4EwSZm6kJeRP3PgrblwoIu78G6e1C18HBg7n3MOde8JUCoOu++HMzM7NLyyWlsrLK6tr65WNzWuTZJpDiycy0Z2QGZAihhYKlNBJNTAVSmiHt2djv30H2ogkvsJRCj3FbmIRCc7QSkGl7iMMMbeZvuBjqaAn1I8047lX5BcF9U2mAkXTIPdxAMgCVewN94NK1a25E9C/xJuSKpmiGVTe/X7CMwUxcsmM6Xpuir2caRRcQlH2MwMp47fsBrqWxkyB6eWT+wq6a5U+jRJtX4x0on5P5EwZM1KhnVQMB+a3Nxb/87oZRse9XMRphhDzr0VRJikmdFwW7QsNHOXIEsa1sH+lfMBsOWgrLdsSvN8n/yXXBzWvXnMvD6uN02kdJbJNdsge8cgRaZBz0iQtwsk9eSTP5MV5cJ6cV+fta3TGmWa2yA84H5/3A6OE</latexit>

prediction =
1

M

X

m

p✓m(x)

[Lakshminarayanan et al. 2017]



Bayesian model averaging
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<latexit sha1_base64="6Yqe0DttMWCh056GRt+LI/N2LJc=">AAACL3icbVBNS8NAFNz4bf2qevSyWIR6KYmIehFEQTwqWFtoSthsXtvFzSbsvogl9h958a94EVHEq//CbZuDWgcWhpk3vH0TplIYdN1XZ2p6ZnZufmGxtLS8srpWXt+4MUmmOdR5IhPdDJkBKRTUUaCEZqqBxaGERnh7NvQbd6CNSNQ19lNox6yrREdwhlYKyuc+wj3mNhMJPpQG9Jj6QmHgYw+Q0TTIx2xQvd+labWQH+g4GDHr7NKgXHFr7gh0kngFqZACl0H52Y8SnsWgkEtmTMtzU2znTKPgEgYlPzOQMn7LutCyVLEYTDsf3TugO1aJaCfR9imkI/VnImexMf04tJMxw5756w3F/7xWhp2jdi5UmiEoPl7UySTFhA7Lo5HQwFH2LWFcC/tXyntMM4624pItwft78iS52at5BzX3ar9yclrUsUC2yDapEo8ckhNyQS5JnXDySJ7JG3l3npwX58P5HI9OOUVmk/yC8/UNKWCprw==</latexit>

prediction =

Z

✓
p✓(x)p(✓|data)

<latexit sha1_base64="Qi3FpTVso/QSUrDP8W/N1SFRXhA=">AAACH3icbVDLSsNAFJ34rPVVdelmsAi6KYlIdSMU3bgRKlhbaEqYTG/s4EwSZm6kJeRP3PgrblwoIu78G6e1C18HBg7n3MOde8JUCoOu++HMzM7NLyyWlsrLK6tr65WNzWuTZJpDiycy0Z2QGZAihhYKlNBJNTAVSmiHt2djv30H2ogkvsJRCj3FbmIRCc7QSkGl7iMMMbeZvuBjqaAn1I8047lX5BcF9U2mAkXTIPdxAMgCVewN94NK1a25E9C/xJuSKpmiGVTe/X7CMwUxcsmM6Xpuir2caRRcQlH2MwMp47fsBrqWxkyB6eWT+wq6a5U+jRJtX4x0on5P5EwZM1KhnVQMB+a3Nxb/87oZRse9XMRphhDzr0VRJikmdFwW7QsNHOXIEsa1sH+lfMBsOWgrLdsSvN8n/yXXBzWvXnMvD6uN02kdJbJNdsge8cgRaZBz0iQtwsk9eSTP5MV5cJ6cV+fta3TGmWa2yA84H5/3A6OE</latexit>

prediction =
1

M

X

m

p✓m(x)

<latexit sha1_base64="/MfTRV/qDU4ztRHKuwH85vdhhIY="></latexit>

p(✓|data) = p(data|✓)p(✓)
p(data)

Model Combination:

(Bayesian)
Model Averaging: 

Bayes Rule: 

<latexit sha1_base64="+sbPNIb/eEG4zjFHVZNb7AIQko0=">AAAB63icbVBNSwMxEJ2tX7V+VT16CRahXsquFPVY9OKxgv2AdinZNNuGJtklyYpl6V/w4kERr/4hb/4bs+0etPXBwOO9GWbmBTFn2rjut1NYW9/Y3Cpul3Z29/YPyodHbR0litAWiXikugHWlDNJW4YZTruxolgEnHaCyW3mdx6p0iySD2YaU1/gkWQhI9hkUlx9Oh+UK27NnQOtEi8nFcjRHJS/+sOIJIJKQzjWuue5sfFTrAwjnM5K/UTTGJMJHtGepRILqv10fusMnVlliMJI2ZIGzdXfEykWWk9FYDsFNmO97GXif14vMeG1nzIZJ4ZKslgUJhyZCGWPoyFTlBg+tQQTxeytiIyxwsTYeEo2BG/55VXSvqh5lzX3vl5p3ORxFOEETqEKHlxBA+6gCS0gMIZneIU3RzgvzrvzsWgtOPnMMfyB8/kDfUuN4A==</latexit>

p(x)

<latexit sha1_base64="+sbPNIb/eEG4zjFHVZNb7AIQko0=">AAAB63icbVBNSwMxEJ2tX7V+VT16CRahXsquFPVY9OKxgv2AdinZNNuGJtklyYpl6V/w4kERr/4hb/4bs+0etPXBwOO9GWbmBTFn2rjut1NYW9/Y3Cpul3Z29/YPyodHbR0litAWiXikugHWlDNJW4YZTruxolgEnHaCyW3mdx6p0iySD2YaU1/gkWQhI9hkUlx9Oh+UK27NnQOtEi8nFcjRHJS/+sOIJIJKQzjWuue5sfFTrAwjnM5K/UTTGJMJHtGepRILqv10fusMnVlliMJI2ZIGzdXfEykWWk9FYDsFNmO97GXif14vMeG1nzIZJ4ZKslgUJhyZCGWPoyFTlBg+tQQTxeytiIyxwsTYeEo2BG/55VXSvqh5lzX3vl5p3ORxFOEETqEKHlxBA+6gCS0gMIZneIU3RzgvzrvzsWgtOPnMMfyB8/kDfUuN4A==</latexit>

p(x) Well calibrated 
model uncertainty!
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<latexit sha1_base64="+sbPNIb/eEG4zjFHVZNb7AIQko0=">AAAB63icbVBNSwMxEJ2tX7V+VT16CRahXsquFPVY9OKxgv2AdinZNNuGJtklyYpl6V/w4kERr/4hb/4bs+0etPXBwOO9GWbmBTFn2rjut1NYW9/Y3Cpul3Z29/YPyodHbR0litAWiXikugHWlDNJW4YZTruxolgEnHaCyW3mdx6p0iySD2YaU1/gkWQhI9hkUlx9Oh+UK27NnQOtEi8nFcjRHJS/+sOIJIJKQzjWuue5sfFTrAwjnM5K/UTTGJMJHtGepRILqv10fusMnVlliMJI2ZIGzdXfEykWWk9FYDsFNmO97GXif14vMeG1nzIZJ4ZKslgUJhyZCGWPoyFTlBg+tQQTxeytiIyxwsTYeEo2BG/55VXSvqh5lzX3vl5p3ORxFOEETqEKHlxBA+6gCS0gMIZneIU3RzgvzrvzsWgtOPnMMfyB8/kDfUuN4A==</latexit>

p(x)

<latexit sha1_base64="+sbPNIb/eEG4zjFHVZNb7AIQko0=">AAAB63icbVBNSwMxEJ2tX7V+VT16CRahXsquFPVY9OKxgv2AdinZNNuGJtklyYpl6V/w4kERr/4hb/4bs+0etPXBwOO9GWbmBTFn2rjut1NYW9/Y3Cpul3Z29/YPyodHbR0litAWiXikugHWlDNJW4YZTruxolgEnHaCyW3mdx6p0iySD2YaU1/gkWQhI9hkUlx9Oh+UK27NnQOtEi8nFcjRHJS/+sOIJIJKQzjWuue5sfFTrAwjnM5K/UTTGJMJHtGepRILqv10fusMnVlliMJI2ZIGzdXfEykWWk9FYDsFNmO97GXif14vMeG1nzIZJ4ZKslgUJhyZCGWPoyFTlBg+tQQTxeytiIyxwsTYeEo2BG/55VXSvqh5lzX3vl5p3ORxFOEETqEKHlxBA+6gCS0gMIZneIU3RzgvzrvzsWgtOPnMMfyB8/kDfUuN4A==</latexit>

p(x)

Given a test case, Bayesian modeling 
allows to propagate all uncertainties 
(data, prior, model…)  into the final 
predictive distribution. 



(Bayesian) Linear Regression 
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<latexit sha1_base64="atC+sre5VtQBN4o2mv1MJ4BsL20="></latexit>

y = ✓TX + ✏
<latexit sha1_base64="z66TT6Jr8Tuvji7YYNMCp8ukamo="></latexit>

✏ ⇠ N (0,�2)

<latexit sha1_base64="9hJHCVIM45K3Z3zmwDnOEO5Q/Ck="></latexit>

p(y|x; ✓) = N (✓Tx,�2)

<latexit sha1_base64="oasUw2P3zkUrZVNgnpyMt8U16bk="></latexit>

p(✓|x, y) = p(x, y|✓)p(✓)
p(x, y)

<latexit sha1_base64="04mS9ryi0+zuQsGlET7M4Q3WeXY="></latexit>

✓̂ = argmax p(y|x; ✓)
<latexit sha1_base64="Df23FG6T9/gInw+S+L3lBDi+D4c="></latexit>

✓

<latexit sha1_base64="DsjXYIMv8iAm9Dj8+adRJ0KSQ5o="></latexit>

✓̂ = argmin
X

i

(yi � ✓Txi)
2

<latexit sha1_base64="Df23FG6T9/gInw+S+L3lBDi+D4c="></latexit>

✓

Error minimization formulation Probabilistic formulation

Bayesian formulation

<latexit sha1_base64="9hJHCVIM45K3Z3zmwDnOEO5Q/Ck="></latexit>

p(y|x; ✓) = N (✓Tx,�2)



Single point vs full posterior
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<latexit sha1_base64="8inICUsC+nwE9Nfo2gtMkW4BQMs=">AAAB/nicbVDJSgNBEO2JW4zbqHjyMhiEeAkzIuox6MVjBLNAEkJNp5I06VnorhHDGPBXvHhQxKvf4c2/sbMcNPFBweO9Kqrq+bEUmlz328osLa+srmXXcxubW9s79u5eVUeJ4ljhkYxU3QeNUoRYIUES67FCCHyJNX9wPfZr96i0iMI7GsbYCqAXiq7gQEZq2wdxoUl9JHhsEj5Q2gGC0UnbzrtFdwJnkXgzkmczlNv2V7MT8STAkLgErRueG1MrBUWCSxzlmonGGPgAetgwNIQAdSudnD9yjo3ScbqRMhWSM1F/T6QQaD0MfNMZAPX1vDcW//MaCXUvW6kI44Qw5NNF3UQ6FDnjLJyOUMhJDg0BroS51eF9UMDJJJYzIXjzLy+S6mnROy+6t2f50tUsjiw7ZEeswDx2wUrshpVZhXGWsmf2yt6sJ+vFerc+pq0Zazazz/7A+vwBloCV5A==</latexit>

p(✓|data)

<latexit sha1_base64="9gAB9KzZ1ywvzo8yhDw/sWSDdr0=">AAAB7XicbVDLSgNBEOz1GeMr6tHLYBA8hV0R9Rj04jGCeUCyhNnJbDJmdmaZ6RVCyD948aCIV//Hm3/jJNmDJhY0FFXddHdFqRQWff/bW1ldW9/YLGwVt3d29/ZLB4cNqzPDeJ1pqU0ropZLoXgdBUreSg2nSSR5MxreTv3mEzdWaPWAo5SHCe0rEQtG0UmNDg440m6p7Ff8GcgyCXJShhy1bumr09MsS7hCJqm17cBPMRxTg4JJPil2MstTyoa0z9uOKppwG45n107IqVN6JNbGlUIyU39PjGli7SiJXGdCcWAXvan4n9fOML4Ox0KlGXLF5oviTBLUZPo66QnDGcqRI5QZ4W4lbEANZegCKroQgsWXl0njvBJcVvz7i3L1Jo+jAMdwAmcQwBVU4Q5qUAcGj/AMr/Dmae/Fe/c+5q0rXj5zBH/gff4ApZ2PLQ==</latexit>

✓
<latexit sha1_base64="NE6043gUj3Efxh9Zlz9+tP0SrKk=">AAACAXicbZA9SwNBEIb34leMX1EbweYwCFbhTkQtgzaWEcwH5EKY20ySJXsf7M6J4YiNf8XGQhFb/4Wd/8ZNcoUmvrDw8M4Ms/P6sRSaHOfbyi0tr6yu5dcLG5tb2zvF3b26jhLFscYjGammDxqlCLFGgiQ2Y4UQ+BIb/vB6Um/co9IiCu9oFGM7gH4oeoIDGatTPPAGQKlHAyQYdzzCB0q7MOFiySk7U9mL4GZQYpmqneKX1414EmBIXILWLdeJqZ2CIsEljgteojEGPoQ+tgyGEKBup9MLxvaxcbp2L1LmhWRP3d8TKQRajwLfdAZAAz1fm5j/1VoJ9S7bqQjjhDDks0W9RNoU2ZM47K5QyEmODABXwvzV5gNQwMmEVjAhuPMnL0L9tOyel53bs1LlKosjzw7ZETthLrtgFXbDqqzGOHtkz+yVvVlP1ov1bn3MWnNWNrPP/sj6/AG4kJe1</latexit>

✓̂data

<latexit sha1_base64="6Yqe0DttMWCh056GRt+LI/N2LJc=">AAACL3icbVBNS8NAFNz4bf2qevSyWIR6KYmIehFEQTwqWFtoSthsXtvFzSbsvogl9h958a94EVHEq//CbZuDWgcWhpk3vH0TplIYdN1XZ2p6ZnZufmGxtLS8srpWXt+4MUmmOdR5IhPdDJkBKRTUUaCEZqqBxaGERnh7NvQbd6CNSNQ19lNox6yrREdwhlYKyuc+wj3mNhMJPpQG9Jj6QmHgYw+Q0TTIx2xQvd+labWQH+g4GDHr7NKgXHFr7gh0kngFqZACl0H52Y8SnsWgkEtmTMtzU2znTKPgEgYlPzOQMn7LutCyVLEYTDsf3TugO1aJaCfR9imkI/VnImexMf04tJMxw5756w3F/7xWhp2jdi5UmiEoPl7UySTFhA7Lo5HQwFH2LWFcC/tXyntMM4624pItwft78iS52at5BzX3ar9yclrUsUC2yDapEo8ckhNyQS5JnXDySJ7JG3l3npwX58P5HI9OOUVmk/yC8/UNKWCprw==</latexit>

prediction =

Z

✓
p✓(x)p(✓|data)

<latexit sha1_base64="+sbPNIb/eEG4zjFHVZNb7AIQko0=">AAAB63icbVBNSwMxEJ2tX7V+VT16CRahXsquFPVY9OKxgv2AdinZNNuGJtklyYpl6V/w4kERr/4hb/4bs+0etPXBwOO9GWbmBTFn2rjut1NYW9/Y3Cpul3Z29/YPyodHbR0litAWiXikugHWlDNJW4YZTruxolgEnHaCyW3mdx6p0iySD2YaU1/gkWQhI9hkUlx9Oh+UK27NnQOtEi8nFcjRHJS/+sOIJIJKQzjWuue5sfFTrAwjnM5K/UTTGJMJHtGepRILqv10fusMnVlliMJI2ZIGzdXfEykWWk9FYDsFNmO97GXif14vMeG1nzIZJ4ZKslgUJhyZCGWPoyFTlBg+tQQTxeytiIyxwsTYeEo2BG/55VXSvqh5lzX3vl5p3ORxFOEETqEKHlxBA+6gCS0gMIZneIU3RzgvzrvzsWgtOPnMMfyB8/kDfUuN4A==</latexit>

p(x)

PredictionsModel Fitting



Single point vs full posterior
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<latexit sha1_base64="8inICUsC+nwE9Nfo2gtMkW4BQMs=">AAAB/nicbVDJSgNBEO2JW4zbqHjyMhiEeAkzIuox6MVjBLNAEkJNp5I06VnorhHDGPBXvHhQxKvf4c2/sbMcNPFBweO9Kqrq+bEUmlz328osLa+srmXXcxubW9s79u5eVUeJ4ljhkYxU3QeNUoRYIUES67FCCHyJNX9wPfZr96i0iMI7GsbYCqAXiq7gQEZq2wdxoUl9JHhsEj5Q2gGC0UnbzrtFdwJnkXgzkmczlNv2V7MT8STAkLgErRueG1MrBUWCSxzlmonGGPgAetgwNIQAdSudnD9yjo3ScbqRMhWSM1F/T6QQaD0MfNMZAPX1vDcW//MaCXUvW6kI44Qw5NNF3UQ6FDnjLJyOUMhJDg0BroS51eF9UMDJJJYzIXjzLy+S6mnROy+6t2f50tUsjiw7ZEeswDx2wUrshpVZhXGWsmf2yt6sJ+vFerc+pq0Zazazz/7A+vwBloCV5A==</latexit>

p(✓|data)

<latexit sha1_base64="9gAB9KzZ1ywvzo8yhDw/sWSDdr0=">AAAB7XicbVDLSgNBEOz1GeMr6tHLYBA8hV0R9Rj04jGCeUCyhNnJbDJmdmaZ6RVCyD948aCIV//Hm3/jJNmDJhY0FFXddHdFqRQWff/bW1ldW9/YLGwVt3d29/ZLB4cNqzPDeJ1pqU0ropZLoXgdBUreSg2nSSR5MxreTv3mEzdWaPWAo5SHCe0rEQtG0UmNDg440m6p7Ff8GcgyCXJShhy1bumr09MsS7hCJqm17cBPMRxTg4JJPil2MstTyoa0z9uOKppwG45n107IqVN6JNbGlUIyU39PjGli7SiJXGdCcWAXvan4n9fOML4Ox0KlGXLF5oviTBLUZPo66QnDGcqRI5QZ4W4lbEANZegCKroQgsWXl0njvBJcVvz7i3L1Jo+jAMdwAmcQwBVU4Q5qUAcGj/AMr/Dmae/Fe/c+5q0rXj5zBH/gff4ApZ2PLQ==</latexit>

✓
<latexit sha1_base64="NE6043gUj3Efxh9Zlz9+tP0SrKk=">AAACAXicbZA9SwNBEIb34leMX1EbweYwCFbhTkQtgzaWEcwH5EKY20ySJXsf7M6J4YiNf8XGQhFb/4Wd/8ZNcoUmvrDw8M4Ms/P6sRSaHOfbyi0tr6yu5dcLG5tb2zvF3b26jhLFscYjGammDxqlCLFGgiQ2Y4UQ+BIb/vB6Um/co9IiCu9oFGM7gH4oeoIDGatTPPAGQKlHAyQYdzzCB0q7MOFiySk7U9mL4GZQYpmqneKX1414EmBIXILWLdeJqZ2CIsEljgteojEGPoQ+tgyGEKBup9MLxvaxcbp2L1LmhWRP3d8TKQRajwLfdAZAAz1fm5j/1VoJ9S7bqQjjhDDks0W9RNoU2ZM47K5QyEmODABXwvzV5gNQwMmEVjAhuPMnL0L9tOyel53bs1LlKosjzw7ZETthLrtgFXbDqqzGOHtkz+yVvVlP1ov1bn3MWnNWNrPP/sj6/AG4kJe1</latexit>

✓̂data
<latexit sha1_base64="bHHuX/KI5zu7s0RgK6a1eVUMQ0E=">AAACBXicbVDJSgNBEO1xN25Rj3poDIJ4CDNGNEfRi8cIJhGSGGo6laRJz0J3jRiGXLz4K148KOLVf/Dm39hZELcHBa/fq6Krnh8rach1P5yp6ZnZufmFxczS8srqWnZ9o2KiRAssi0hF+soHg0qGWCZJCq9ijRD4Cqt+72zoV29QGxmFl9SPsRFAJ5RtKYCs1Mxu17tAaZ26SDBoWoK3lLbAPq73B81szs27I3A3XygUi57HvxRvQnJsglIz+15vRSIJMCShwJia58bUSEGTFAoHmXpiMAbRgw7WLA0hQNNIR1cM+K5VWrwdaVsh8ZH6fSKFwJh+4NvOAKhrfntD8T+vllC72EhlGCeEoRh/1E4Up4gPI+EtqVGQ6lsCQku7Kxdd0CDIBpexIXi/T/5LKgd57yjvXhzmTk4ncSywLbbD9pjHjtkJO2clVmaC3bEH9sSenXvn0XlxXsetU85kZpP9gPP2CeGSmXU=</latexit>

✓̂data⇤

<latexit sha1_base64="6Yqe0DttMWCh056GRt+LI/N2LJc=">AAACL3icbVBNS8NAFNz4bf2qevSyWIR6KYmIehFEQTwqWFtoSthsXtvFzSbsvogl9h958a94EVHEq//CbZuDWgcWhpk3vH0TplIYdN1XZ2p6ZnZufmGxtLS8srpWXt+4MUmmOdR5IhPdDJkBKRTUUaCEZqqBxaGERnh7NvQbd6CNSNQ19lNox6yrREdwhlYKyuc+wj3mNhMJPpQG9Jj6QmHgYw+Q0TTIx2xQvd+labWQH+g4GDHr7NKgXHFr7gh0kngFqZACl0H52Y8SnsWgkEtmTMtzU2znTKPgEgYlPzOQMn7LutCyVLEYTDsf3TugO1aJaCfR9imkI/VnImexMf04tJMxw5756w3F/7xWhp2jdi5UmiEoPl7UySTFhA7Lo5HQwFH2LWFcC/tXyntMM4624pItwft78iS52at5BzX3ar9yclrUsUC2yDapEo8ckhNyQS5JnXDySJ7JG3l3npwX58P5HI9OOUVmk/yC8/UNKWCprw==</latexit>

prediction =

Z

✓
p✓(x)p(✓|data)

<latexit sha1_base64="+sbPNIb/eEG4zjFHVZNb7AIQko0=">AAAB63icbVBNSwMxEJ2tX7V+VT16CRahXsquFPVY9OKxgv2AdinZNNuGJtklyYpl6V/w4kERr/4hb/4bs+0etPXBwOO9GWbmBTFn2rjut1NYW9/Y3Cpul3Z29/YPyodHbR0litAWiXikugHWlDNJW4YZTruxolgEnHaCyW3mdx6p0iySD2YaU1/gkWQhI9hkUlx9Oh+UK27NnQOtEi8nFcjRHJS/+sOIJIJKQzjWuue5sfFTrAwjnM5K/UTTGJMJHtGepRILqv10fusMnVlliMJI2ZIGzdXfEykWWk9FYDsFNmO97GXif14vMeG1nzIZJ4ZKslgUJhyZCGWPoyFTlBg+tQQTxeytiIyxwsTYeEo2BG/55VXSvqh5lzX3vl5p3ORxFOEETqEKHlxBA+6gCS0gMIZneIU3RzgvzrvzsWgtOPnMMfyB8/kDfUuN4A==</latexit>

p(x)

PredictionsModel Fitting



Out-of-sample data
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<latexit sha1_base64="ebT+cgbN+rteKW4Rb9WeOjGwVA8=">AAAB/HicbVBNS8NAEN3Ur1q/oj16WSxCvZRERAUvRS8eK9gPaULZbDft0s0m7E6EUOpf8eJBEa/+EG/+G7dtDtr6YODx3gwz84JEcA2O820VVlbX1jeKm6Wt7Z3dPXv/oKXjVFHWpLGIVScgmgkuWRM4CNZJFCNRIFg7GN1M/fYjU5rH8h6yhPkRGUgeckrASD27nGFP8wgn1Ycr7MGQATnp2RWn5syAl4mbkwrK0ejZX14/pmnEJFBBtO66TgL+mCjgVLBJyUs1SwgdkQHrGipJxLQ/nh0/wcdG6eMwVqYk4Jn6e2JMIq2zKDCdEYGhXvSm4n9eN4Xw0h9zmaTAJJ0vClOBIcbTJHCfK0ZBZIYQqri5FdMhUYSCyatkQnAXX14mrdOae15z7s4q9es8jiI6REeoilx0geroFjVQE1GUoWf0it6sJ+vFerc+5q0FK58poz+wPn8A/VWTsw==</latexit>

y ⇠ p(Y ; ✓)
<latexit sha1_base64="wgCcuKC2ljTuCeCuHM7fTV/tsqU=">AAACBHicbVDJSgNBEO1xjXGLesylMQjxEmZEVPAS9OIxglkkM4SeTiVp0rPQXSMMQw5e/BUvHhTx6kd482/sLAdNfFDweK+Kqnp+LIVG2/62lpZXVtfWcxv5za3tnd3C3n5DR4niUOeRjFTLZxqkCKGOAiW0YgUs8CU0/eH12G8+gNIiCu8wjcELWD8UPcEZGqlTKKbU1SKgcfn+krooZBcyFweAbHTcKZTsij0BXSTOjJTIDLVO4cvtRjwJIEQumdZtx47Ry5hCwSWM8m6iIWZ8yPrQNjRkAWgvmzwxokdG6dJepEyFSCfq74mMBVqngW86A4YDPe+Nxf+8doK9Cy8TYZwghHy6qJdIihEdJ0K7QgFHmRrCuBLmVsoHTDGOJre8CcGZf3mRNE4qzlnFvj0tVa9mceRIkRySMnHIOamSG1IjdcLJI3kmr+TNerJerHfrY9q6ZM1mDsgfWJ8/jc6XaQ==</latexit>

y ⇠ p(Y ; ✓̃)



Generalization

In a stretch, every point not in our training set can be thought of as out-of-sample. 

Knowing what you don’t know helps to not be over-confident. i.e generalize well
Example: recognizing epistemic uncertainty helps being regularized
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x xx



Occam’s Razor
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➢ Which of the three inferences is
more probable?

➢ Which is simpler?



Occam’s Razor

Which inference is 
more probable?

Which is simpler?
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➢ Which of the three inferences is
more probable?

➢ Which is simpler?



It’s not magic: we combine data with assumptions
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Uncertainty in Regression: Balancing some notion of simplicity, 
with some notion of smoothness & prior knowledge

°C

Time of day
9am          10am            11am           12pm             1pm         2pm



It’s not magic: we combine data with assumptions
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Uncertainty in Regression: Balancing some notion of simplicity, 
with some notion of smoothness & prior knowledge

°C

Time of day
9am          10am            11am           12pm             1pm         2pm



Propagation of uncertainty
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Control: 

System Model:

Outcome:

Example: A ML model is trying to estimate the internal state of a car-system relying on noisy sensors.



Caveats

Uncertainty modeling is computationally expensive

Uncertainty propagation is even harder 

Approximations must often be used 

Calibration is not always guaranteed 

Mis-uses of uncertainty (e.g. mis-interpretations)
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Thanks!

Questions? 

Do you want to share your story?

Do you have an application where predictions alone aren’t sufficient?
..or where uncertainty needs to be propagated across the scientific pipeline? 


