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Introduction

* Deep neural networks have been remarkable successtul in various Al tasks

* More complex architectures
- further improved performance,
but more expensive computation

* Constraint of computational cost for real-time inference
-  energy-efficient inference



Introduction

* Focus on test-time energy-efficient inference of image classification

* X sacrifice accuracy for speed
V' predict both accurately and fast
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Related Work

Static Techniques:
* simplifying network structure, e.g. MobileNet [Howard et a/., 2017]

* Improving basic convolution operations numerically, e.g. ShuffleNet [Zhang et
al, 2017]

Dynamic Techniques:

* Anytime Neural Networks [Hu et a/, 2017]: generate anytime predictions by
minimizing a carefully constructed weighted sum of losses.

* Adaptive Neural Network (ANN) [Bolukbasi et a/, 2017]: cascaded classifiers are
trained and fixed. Only the termination policies are optimized to select the
classifiers in a sequential manner.
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Method

* K classifiers {Ci}r with different energy cost {Fi}r-1
* Input x with true label y, predicted label ¥
* policy IT(k|x)

AN

max_ (g y)~D k, ~11(-|2),§~Ci, (o) [TL (9, 9)]

K
constrained Iﬁ’{ct}tzl

optimization st Bz )~ ko~ti(le) [Fr.] < B,
(ky : classifier ID assigned to x )

unconstrained /
optimization %??K 1 E(2,9)~D ko ~T1(- ),/ ~C, (|2) (=L W y) — aF, |
’ t—

(a controls the trade-off between the predictive loss function and the energy cost )



Method |

* K-step optimal stopping process
k—1

[(kfa) = m (s () [ (1 = me(se(2)))

t=1 (Classiﬁer I)

(s¢: feature related to classifier Cy, m: stop probability)

observation

* Markov decision process E Label

| Probability

* Observation: s, label probability ; C——F— ;
Agent action

* Action: stop / forward : :
: . Yes No

k—1 : - Stop? :

* Reward: R(k,z,y.9)=—L(5,y) —a Y F

t=1 ‘Reward (Acc - Cost)é
' Prediction Ground Truth




Method
+ Final goal: i Bw~pre~i )/~ Ci, (o) [FL (YY) — aFg, ]

maximize  J(0) = E( ) [Exmti(o).g9~Cp (-12) Rk 2,9, 9)]

K k-1
= Egyon[ D [ (0= mi(si(2);0) - mi(su(a ZC’C §l20) - R(k, .y, 9))
k=1 t=1
. ¥

Solving by REINFORCE V/e\J _ VQ(ZIOg(l — 1 (s¢(2);0)) + log(mk (sk(2); 0))
t=1

Hlog(Cr(3l2:0)) - (R(k, 2, ,7) [0}

baseline (to reduce variance)



Experiment

* Compare with static ResNet classifiers:

CIFAR-10 CIFAR-100 ImageNet32x32 (Top-5 Error) TmageNet (Top-5 Error)
Model Error FLOPs Model Error FLOPs Model Error FLOPs Model g EmI)) . FLOPs
ResNet-8 12.33% 5.82% ResNet-8 39.98% 5.82% ResNet40-1 39.72% 6.27% AloxNel 30.087% 13227
ResNet-20 9.00% 16.90% ResNet-20 | 33.13% 16.90% ResNet40-1.5 | 32.76% 14.09% GooaleNet | 1 0'9972 30, 47,72
ResNet-32 8.40% 27.98% ResNet-32 | 31.56% 27.98% ResNet40-2 29.64% 25.03% Reslglet-SO 7 80% 100.00%
ResNet-56 7.70% 50.14% ResNet-56 | 30.38% 50.14% ResNet40-3 24.67% 56.27% ANN o1 4,7" o, 87470
ResNet-110 | 7.38% 100.00% ResNet-110 | 28.63% | 100.00% ResNet40-4 22.22% | 100.00% o =5 o/f’ 34 q"
Ours 726% | 18.16% Ours 27.76% | 48.98% Ours 2221% | 66.22% urs 0270 217
* Comparison of joint training:
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Experiment

* ImageNet Visualization
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Experiment

* Accuracy Distribution

CIFAR-10 Accuracy

CIFAR-100 Accuracy ImageNet32x32 Accuracy
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Conclusion

* Propose an energy-efficient model by cascading deep classifiers with a

policy module

* The policy module and cascading classifiers are jointly trained by
REINFORCE to choose the smallest classifier which is sufficient to make
accurate prediction for each input instance

* Achieve both high accuracy and amortized efficiency on CIFAR and

ImageNet datasets
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