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Traditional Architecture
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Previous Approaches

Threshold-based Gate Mechanisms

* Confidence score thresholds to decide whether to exit

 BranchyNet!', MSDNet?, RANet?, CF-ViT# Dynamic Perceiver?

Frozen Backbones and IMs + Learnable Gate Mechanisms
« EPNet® PTEENet’, EENet8

Adaptive IM training
* BoostedNet’, L2W'0
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Maja Pavlovic, Expected Calibration Error (ECE): A Step-by-Step Visual Explanation,
Towards Data Science, Jul. 2023.
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Problems:
|. IMs and GMs disconnected during training

0 - training-test mismatch

o 2. Uncertainty information is consumed by

thresholding - harder to calibrate
3. Relies on well-calibrated classifiers
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ECE on all points (D)

IMs (1) T2T-ViT-14 (Yuan et al., ICCV 2021)
Inference Module (layer)



Our Solution: JEI-DNN

Joint training via bi-level * Many lightweight gates and IMs
optimization
GMs training * Jointly learn the gate mechanisms and IMs
gl < QI * Model the gate output P¢(G = l’Xi)
? |« 6
cie
1 il C' =Cost of choosing IM [,
Is P;(G=1) To Py (G = 1) =Prob. of choosing IM [,
?

gy, =Parameter of Py(G),

) _;Frozcn backbonéF_, @le —Prediction of IM [.
layer |




Modelling the gate variables

Only need to evaluate P¢(G = Z‘Xi) if dynamic evaluation reaches layer [
Can use any intermediate values calculated by gates, IMs, and base architecture
D - . <i

enote aggregate information C;

Construct an additive model:

Py(G = 1]x;) = gy (i),

-1
Py(G =1]x;) = min(géb(cfl), 1- Zgé(c?)) for 1=2,...,L.
=1

j:




Loss of JEI-DNN

Combination of a cross entropy loss (accuracy of prediction) + inference cost
(fixed cost per layer)

L =By xEqx[LOF (Y, pg"™ (X)) + AICEIX].

Approximated loss
Prob. Exiting at Gate |

%g (L (g3, Bl (x:)) + AICLy Jimin (g5, Z%(C“"))

Cost of Exiting at Gate I: Inference + Accuracy



Optimization

* Optimization is challenging because of the min operator

* Bi-level optimization

e Let Cé(¢):£CE(y27 H(X’L))+)‘I norm

* . out a . 1 &
¢ = arg;nmﬁ fe arg;nm N Z Z 9*(¢)P¢(G = 1|x;), Outer: gate parameters

st. 0*(¢)=argmin L™ £ argmin — Z Z(ECE(yZ, Py(x;) + MCL L) Py (G = 1x;).
0 0 1=11=1

Inner: IM parameters




Optimizing the IMs

- <t __.
* The gate probabilities take c;~" as input.

* These can depend on 6. Make the dependence explicit by writing
Py(G = Ux;) = Gy (m(0,x;)).
* Then:

aﬁm N L ALCE (y;, ph(xi IG»(m(0,x;

1=11=1 80
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Optimizing the IMs

0Gy»(m (9,X7;
P¢(G=l|Xz‘)+ ¢( 82’ ))Cé(¢),

oL™ 1 Zi AL (yi, Po(x:))
00 NS & o0

1=

First term is the gradient corresponding to a weighted cross-entropy loss
Weights emerge directly from the gating mechanism
Second term is driven by impact of 8 on the gates

Practical approximation: ignore the second term (represents a secondary effect)



Optimizing the Gates Hard!

grout 1 N L ~ Il | N L 8m1n(g¢(c ), 1 - Z g¢(c ) z
9 _NZ; 9 Co(0) = 7 2o 2 5 Cor(4) -

* Alternative approach: define a surrogate binary classification problem

* Construct binary targets for gqlb(cfl) ,g¢ -1 (C<L 1)

* Evaluate the cost of each gate C’l*(qb) and determine lowest cost [* = argmin; C’é*((b)

+L

* Targets for binary tasks t;,...,t; are t‘g =0 for j <™ and t;z =1forj>1"

* The surrogate tasks and initial objective share same solution if there exists ¢
such that the gating mechanisms can always select lowest-cost gates.
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Exit Behaviour

JEI-DNN versus state-of-the-art
baselines BoostedNet and L2W-DEN

Higher accuracy on earlier exits
Lower accuracy on later exits

Higher average accuracy
Concentrates on relatively few [Ms

Only starts to exit at layers 4-5.



Experiments
Image classification using vision transformer: T2T-ViT-14 (Yuan et al., ICCV 2021)
Single layer neural network gates and IMs at all layers
Gates operate on 4 statistics based on IM output
* (i) Max. pred. prob, entropy of predictions, entropy of scaled predictions,

difference between two most confident predictions

CIFAR10, CIFAR100: 60,000 32x32 color images with 10/100 classes
Cropped digit SVHN: 99,289 32x32 color images of house numbers
CIFAR100-LT: imbalanced classes (100x most common vs least common)

ImageNet: 1.2 million 244 x 244 images; 1000 classes.
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Other Architectures
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* ImageNet with Dynamic Perceiver
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