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This Talk

Why Mixup?

Overview of Mixup Data Generation
HMix and HILL MixE Suite

Learning with Human Relabelings
Taking Stock and Looking Ahead
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Why Mixup?
e Simple generative process

Data Mixing Policy: f(x,-,xj,/lf) = )fo,- +(1-Ap)xj =%
Label Mixing Policy: 9(¥i»Yj. Ag) = Agyi + (1 = Ag)y; = ¢

e Powerful and popular regularizer + calibrator
e (Cognitive neuroscience suggests misalignment

Zhang et al, 2017
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Mixup Generative Process
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Mixup Generative Process
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Mixup Generative Process
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Mixup Generative Process
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Selecting a Matching Midpoint

e 249 mixed images
e 70 participants

e 2 interface types

o Construct
o Select-Shuffled



Selecting a Matching Midpoint

Individual Selections for the Perceived 50/50 Point
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e 2 interface types
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Selecting a Matching Midpoint

ﬂf=0.0 Zf= 1.0
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Eliciting Human Percepts of Synthetic Examples
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Inferring the Data Mixing Coefficient

e 2070 mixed images
e 81 participants




Inferring the Data Mixing Coefficient

e 2070 mixed images
e 381 participants

Inferred Mixing Coeff
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Generating Mixing Coeff
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Aligning Model Representations with Human Percepts?

Generalization Calibration Robustness

Szegedy et al, 2014; Hendrycks and Dietterich, 2019; Bhatt et al, 2021; Thomas and Uminisky, 2022



Relabeling with Human Perceptual Judgments



Relabeling with Human Perceptual Judgments

Label Type CE FGSM Calib
Regular

(No Aug) 2.02+0.12 13.12+£2.65 0.2840.011
+ Random 2.11£0.13 12.81+£2.84 0.2440.014
+ Uniform 2.16£0.14 12.71£2.79 0.2540.012
+ mixup 1.65+0.11 10.62+2.44 0.2340.005
+ Ours

(Relabel) 1.78+0.12 11.69+£2.90 0.244-0.009
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Human Uncertainty in Inference

Mixing Coefficient Reported Confidence

0.1 0.794+0.17
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0.5 0.63 £ 0.20

Impact of Endpoint Entropy on Annotator Confidence

e
)

o
=)

Predicted Confidence
o
-

e
¥

i

Low Entropy High Entropy
Endpoint Entropy




Relabeling with Human Perceptual Judgments

Label Type CE FGSM Calib
Regular

(No Aug) 2.02+0.12 13.12+£2.65 0.2840.011
+ Random 2.11£0.13 12.81+£2.84 0.2440.014
+ Uniform 2.16£0.14 12.71£2.79 0.2540.012
+ mixup 1.65+0.11 10.62+2.44 0.2340.005
+ Ours

(Relabel) 1.78+0.12 11.69+£2.90 0.244-0.009
(Relabel & w) 1.48+0.06 8.89+1.59 0.1940.001




Is human relabeling scalable?



Relabeling with (In-Filled) Human Perceptual Judgments



Inferred Mixing Coeff

e

Relabeling with (In-Filled) Human Perceptual Judgments
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Relabeling with (In-Filled) Human Perceptual Judgments

e Fit logistic functions per category boundary

Label Policy CE FGSM Calib

mixup 1.15+0.08 7.46+2.40 0.10+0.01
Human-Fits (Ours) 1.16+£0.08 7.32+2.27 0.10+0.01
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Richer Human Uncertainty
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HILL MixE Suite

H-Mix Data
Interfaces

https://github.com/cambridge-mlg/hill-mixup
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For more details,
please check out our paper + poster :)

H-Mix Data + HILL MixE Suite interfaces at our repo:
https://github.com/cambridge-mlg/hill-mixup

More questions? Thoughts?
kmcé1@cam.ac.uk
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