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longing for certainty ... is in every human 
mind. But certainty generally is illusion.

Oliver Wendell Holmes

Bertrand Russell



Andrew Gallagher

Would you 
recognize this 
person if you 
needed to?
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What about 
one of these?

Bulthoff and Edelman, Psychophysical support for a two-dimensional view interpolation 
theory of object recognition, 1992. (link)

https://pdfs.semanticscholar.org/5c99/66727e2c604a82dc75e0863dbc5db19280ee.pdf?_ga=2.92064345.2126237630.1570155579-767022770.1568824236
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How about this? 

Bulthoff, Object Recognition in Man and Machine (link)

http://www.cyberneum.de/fileadmin/user_upload/files/publications/Buelthoff-ObjectRec_4182%5B1%5D.pdf
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slide content: F. Schroff and D. Kalenichenko 

Encourages a margin between the ||anchor - positive|| and ||anchor - negative||.

F. Schroff, D. Kalenichenko, J. Philbin, FaceNet: A Unified Embedding for Face Recognition and Clustering 
https://arxiv.org/abs/1503.03832

https://arxiv.org/abs/1503.03832
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Are two images the same class or not?

We typically employ:

Seong Joon Oh, Kevin Murphy, Jiyan Pan, Joseph Roth, Florian Schroff, Andrew Gallagher, Modeling Uncertainty 
with Hedged Instance Embedding, https://arxiv.org/abs/1810.00319

https://arxiv.org/abs/1810.00319
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Hedged Instance Embeddings
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Metric embedding as distributions.
Formulate as discriminative task: given pair, predict match.

Introduce embedding as latent variable:

Embedding distributions must be:
parameterizable
sampleable 
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Match probability estimation.
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sigmoid match
likelihood

Computing 
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Computing 

sigmoid match
likelihood

Scratch Demo

https://scratch.mit.edu/projects/333133050/fullscreen/
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End-to-end differentiable with 
reparametrization trick.

Shared 
params
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MoG embedding with multiple samples case.

Shared 
params
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Training objective - Variational Information Bottleneck

Derived from the Variational Information Bottleneck [from Bayesflow team]:

Log likelihood term: Binary cross-entropy loss for match prediction.

KL term: Controls the compression level for z. Unit Gaussian.

https://arxiv.org/abs/1612.00410
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We desire a measure                 that, given input      , one can guess its performance 
on downstream tasks (e.g., verification, recognition).

Uncertainty measure: Self-mismatch.
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uncertain certain
somewhat 
uncertain

MoG-1 MoG-1
MoG-2

Uncertainty measure: Self-mismatch.
We desire a measure                 that, given input      , one can guess its performance 
on downstream tasks (e.g., verification, recognition).
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Dataset and Experiments
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N-digit MNIST Dataset [open source!]

https://github.com/google/n-digit-mnist
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Experimental setup.
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Clean images Corrupt images

2 Digit MNIST → 2 dimension Hedged Instance Embeddings (MoG-1)
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Clean images Corrupt images

3 Digit MNIST → 3 dimension Hedged Instance Embeddings (MoG-1)
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2 Digit → 2 Dim

Hedged Instance 
Embeddings (MoG-1)
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Most certain Least certain
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Uncertainty Measure
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PetNet with Uncertainty

20-dim embedding
0.25 MobileNet

High Certainty Samples Low Certainty Samples



Andrew Gallagher

Uncertain Pet *

roger901

Certain Pet *

unbunt

* Not the actual photos, but similar. 

https://www.flickr.com/photos/144331505@N07/33283269142/in/photolist-SH8skY-qBycBV-5swYKF-2caZ89m-8YWTZo-brMzTa-sdQSYW-r9zjmZ-or3faX-66mK3W-s53hPx-7TsVzu-8XCHz9-p4Kynu-7K2v7W-qLgWqC-7xr3gk-aD1amT-8L1ox7-8B1Nnh-9djjhC-7z71bk-hpmFBT-jdVn8U-peraKd-8YWTib-p7ACex-jdT5yg-29C62bJ-8r79KB-51rBdW-o7Xkk6-8wnLGW-kX7TJF-9KrMZZ-8ZbykC-st9aHY-r8EBUx-8W5dyZ-95XW3T-rkWq8B-jcp7py-2eQK8hW-jcp8Qj-c414AY-fs6cm2-8aLmLg-aeLQ4V-d3Vu5j-dXjp6i/
https://www.flickr.com/photos/144331505@N07/
https://www.flickr.com/photos/unbunt_me/37256915052/in/photolist-YLgqQm-2f9iQro-optzQk-UtbD2x-okFLC5-iwd8pT-h9RmH-Q34k4W-PtZtAE-JKwyXz-5U7eVY-26GZCF2-2azCzoc-pQiref-dRdPAs-NR1Kyz-wgxkU-7jBMQ-raHyDd-dfyWvU-24wePSm-8Wc2Fa-qJSum7-eiCKfQ-bFb3HD-bwEz2n-21LNtsM-dq19zG-27kpiJB-FNhxbG-EuBTQV-dnyaTz-Dd8Zpb-2fYJddT-edvkX-TA7xyL-4H7fbX-baLP3a-gY8rXA-89BETy-hf73cg-Q32DU1-aBN9Ns-2FKrhz-2EDRmp-YFrPhP-25jwPyd-iCUNWc-stvX52-p8LGu2
https://www.flickr.com/photos/unbunt_me/
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Deep Convolutional Neural Network
 Features and the Original Image

https://arxiv.org/pdf/1611.01751.pdf
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Why is L2-Norm Useful? 
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Probabilistic Face Embeddings, Shi & Jain, 2019, https://arxiv.org/abs/1904.09658.

https://arxiv.org/abs/1904.09658
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D=3, normalized, cross-entropy loss



D=4, normalized, triplet loss
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Staying close to home ...



Andrew Gallagher
Fa

ce
N

et
 e

m
be

dd
in

g

pe
nu

lti
m

at
e 

em
be

dd
in

g

feature extraction

no
rm

al
iz

e

L2

sigmoid embedding confidence

Embedding



Andrew Gallagher
Fa

ce
N

et
 e

m
be

dd
in

g

pe
nu

lti
m

at
e 

em
be

dd
in

g

Embedding

feature extraction

no
rm

al
iz

e

L2

sigmoid embedding confidence

Distilled Embedding Confidence

distilled embedding confidence



Andrew Gallagher

Recognizable Not Recognizable
0.123 0.0860.1640.2700.3200.3980.6180.630 0.4570.8650.935
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Real-world applications
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A boring image. 
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A corrupted image. 
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Applications
Gallery Selection: Given a potentially large collection of images or a video. Select a 
subset of images/frames that will most reliably identify the individual.

Computational Efficiency: Prevent running the expensive models on images with 
high uncertainty.

Tracking: Use as the confidence score.

Offline Face Clustering: Confidence weighted cluster similarity instead of top-N or 
other heuristic based approaches.



Andrew Gallagher

Open Questions
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Open Questions

How best to quantify and measure 
uncertainty?
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Open Questions

Tell us when you don’t know.

But only when absolutely necessary.
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Open Questions

How best to compute, index, and 
match uncertain embeddings (at 
scale)?
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Open Questions

What network architectures 
encourage learning uncertainty? 
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Open Questions

Open world (epistemic) uncertainty. 
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https://docs.google.com/file/d/1NMf5q5uso-3CWyIQLZt-ZbxptOd3qqrV/preview
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https://docs.google.com/file/d/1CoapybxDZ_7L_J_gpTrbtx7CjacBZHL9/preview
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Thank you
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