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Introduction

In sensitive use-cases, models are required to be highly accurate on examples they are
confident about .

This leads to a requirement of also modelling the uncertainty in the model
predictions.

Problems like selective classification, neural network calibration, label uncertainty,
etc. involve modelling this uncertainty estimate.



Formulating a Selective Classification Problem

Data Distribution : P(X)Y) XeX VY cy
Prediction Model f : X — Y

Risk associated :  Ep(x,v)[4(f(z),y)]
Selection functiong : X — {0,1}
Selective classifier is a pair (£,2):
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Coverage : E P(X,Y) [g(x)]



Re-weighting for dropout Variance Reduction



Instance Conditional Weights in ReVaR

Train Set : {x,y,}

Special Validation Set: (X5, Y®)
Classifier : f,
Uncertainty-Scorer Network : g

Objective:

N
* ;1 * __ . s Vs pg*
0* = arg min - ;:1 go(z;) - l(yi, fo(xi)) s.2. OF = arg min Linera(X?,Y*,0%)

Input Instance

Y

(x)

Instance weight

)

Y

Meta-Model (g,,)
(e @ @]
(Lo ¢ o]

A

Y

Model
)




Variance Minimization as Meta Regularization

e We propose the following objective for our U-Scorer to capture uncertainty:
Lrneta = Le(Xs,Ys) + Leps (6, Xo) Zl yS, fo(25)) + leps (0, 75)

K

leps(6,7) ~ (Z(fpk@m) - E[fpk@e@:)])?)

k=1

K : total forward passes per example M : size of validation set
D, : dropout mask sampled in ™ pass

e High U-Score — High Uncertainty.



Analysis on Various Uncertainty Sources

® Three kinds of uncertainty:
a) Samples that are atypical with respect to train but typical with respect to validation.
b) Samples where label noise is present.

c) Samples where uncertainty in the label is due to some unobserved latent features that
affect the label.

a,c:  Epistemic Uncertainty.
b :  Aleatoric Uncertainty.



Generative Model for the synthetic data

Y = WipaX + WV(0,1) - [e + GT X))

X € R72x1 X — [Xch],Xc c R48X1,Xe c R24x1
Xtrain o N(p,X) xval NN(M’,E)
' = p+ sN(us,Xs) s:scalar

Whia = WE WIT W, € R®X1, W, € R*X!



Baselines

e MWN: loss input to the meta-network and meta objective and train objective are just
MLE.
e IBR: Our method except for the meta-regularizer involving variance minimization.



Various Scenarios

Scenario 1 - Sample Dependent Label Noise and No Shift:. c = 0,s = 0,G # 0.

Label noise scales as |GT X|?

Scenario 2 - Sample Dependent Label noise and Covariate Shift: ¢ = 0,G # 0,s # 0.

Scenario 3 - Hardness due to missing relevant features: Wesetc=1,G =0,s =0

only X, 1s available to the learner in both train and validation

S | Target | MWN IBR  Ours

A
1 TR 077 078 084
2 lc;;—iﬂg + Xg = B 058 062  0.80

A1
3 Wg;\Z(Xe Xy We 0.46 0.52 0.81

1 .

4 WIS (Xe | Xo)We + Xa-h 0.51 0.57 0.82
5 A1 -U(0,1) 0.44 0.58 0.84
h = (z— N)z R? metric. A\, \p are fitting coefficients.



Various Scenarios

Scenario 4 - Dropping Features and covariate shift in validation set:. Wesetc=1,G =0,s > 0

only X, is available to the learner.

Scenario 5 - Spurious Feature Shift:. ¢ = 1,G = 0,s > 0. Further W, = 0.

learner sees X for both test and validation.
Val Set: N (,u/, Z) such that the distribution of X . remains same and the distribution of X . changes.

S | Target | MWN IBR  Ours
.S

: 1cT x |2 077 078 0.84

2 |G7A“—§<|2 tAz-h 0.58 062  0.80
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: Wg;\Z(XeLXc)We 0.46 0.52 0.81
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4 WI S (Xel|Xc)We +A2-h 0.51 0.57 0.82

. A1 - U(0,1) 044 058 0.84




Real-World Scenarios



Results

e Selective Classification: Area under accuracy rejection curve (AUARC)
Selective Classification Baselines New Baselines REVAR
SR MCD DG SN SAT VR MBR Ours
DR(In-Dist.) 92.87+0.1 9344 +00 93.07+0.1 93.13+£0.1 9356+0.1|9255+0.1 92954+0.2 | 94.12 + 0.1
DR(OOD) 87.67+0.1 8827+0.1 88.07+02 8856+0.1 8897+0.2 | 8791 +0.1 88.06+0.3 | 89.94 + 0.1
CIFAR-100 92304+0.1 9271 +£0.1 9222+02 82.10+£0.1 9280+0.3 | 92.17+0.1 92.50+0.1 | 93.20 + 0.1
ImageNet-100 | 93.10 £ 0.0 9420+£0.0 9350+0.1 93.60+0.1 94.124+0.2 | 93.25+0.1 93.88+0.2 | 94.95 + 0.1
ImageNet-1K | 86.20£0.1 87.30+0.0 86.90+0.2 86.80+0.1 87.104+0.3 | 86.95+0.1 86.35+0.1 | 88.20 £ 0.2
e Model Calibration: Expected Calibration Error (ECE)
Calibration Baselines New Baselines REVAR
CE MMCE Brier FLSD-53  AdaFocal VR MBR Ours
DR(In-Dist.) 7.7 £0.1 67+00 58+01 50+x01 36+01 |744+01 71401 |3.8+0.1
DR(OOD) 9.1 £0.1 794+01 68+01 61+01 59+02 |86+01 84+4+03 |64+0.1
CIFAR-100 166 +-0.1 153+01 69+0.1 59401 23+01 |91+01 107+0.1 ] 3.1+0.1
ImageNet-100 | 9.6 £0.0 914+00 67+01 58+01 27+02|82+01 794+0.1 |27+0.1
ImageNet-1K | 3.0 £0.1 90+00 34+01 161+01 21+01 |354+01 32401 |26+0.1




Results

e Input Dependent Label Noise:

Accuracy KL-Divergence (uncertain labels)
MCD MWN L2R FSR Ours Plex Plex+ours
Inst.CIFAR-100 61.12 65.89 67.12 70.21 71.87 IN-100H 0.75 0.71
Clothing1M 68.78 73.56 7297 73.86 73.97 CF-100H 0.49 0.47
e Shifted Test, Validation Sets: AUARC
ImageNet-A ImageNet-C ImageNet-R Data | MCD SAT | Revar  Revar-PV
Ours MCD SAT | Ours MCD SAT | Ours MCD  SAT Camelyon | 7499  75.16 | 7632 ——
998 844 891 | 659 637 642 | 688 668  67.1 iWildCam | 76.07  76.17 | 77.98 79.86




Thank You!



