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Algorithm 1: DFB-Net Forward Inference

Joint Optimization During Training Building Blocks of DFB-Net Input: A ool image x. oxit thresholds (p] Time-Accuracy Trade-off

G < 5 S T Output: The predicted label of test image x * For time critical application, simply set the exit
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e oo t Lose 3v3 16xk 2 Initialize y =0 * For accuracy critical mission, set the exit thresholds
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Softmax Softmax Softmax Conv2 x 56 x 56 [3 <3 16x k] x N 3 fors=1.... Mdo of earlier branches to be higher (e.g., 0.99)
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% (Branch-1 (18 layers): Convs x 74 [3 X ik xN 9 Y=y +y » Firstly, train the main stream net from scratch
Input Global-Ave-Pool v 7 7’] 0 y=y/M » Secondly, load the already-trained main stream
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11 return argmax{y} model to fine-tune its branchy sub-nets
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. Exit Thresholds Error | Time Gain [Exit Ratio (%) Error (%) within Each Branch ik Taralle Exit Thresholds Error | Time ain (x Exit Ratio (%) Error (%) within Each Branch
EX e rl m e nt S etu Network Topology (Exit-1, Bxit-2, Exit-3) | (%) | (ms) | (x) |(Exit-1, Exit-2, Exit-3, Fused) [(Exit-1, Exit-2, Exit-3, Fused) Network Topology (Exit-1, Exit-2, Bxit-3) | (%) | (ms) |2 ®Exit-1, Bxit-2, Exit-3, Fused) ((Exit-1, Exit-2, Exit-3, Fused) S u m m a r
p p (Baseline) WRN-50-N6-k6 |N/A 3.23 | 29.67 | 1.00 |N/A N/A {Being) WIRNSUINGO [N 17.74 129.39 ] 1.00 N/A I y
VT 275 | 730 | 401 bo4s. 598 354 90 1572 2903 0.75, 0.75, 0.00 18.06 | 10.01 | 2.94 [78.73, 11.47, 9.80 10.91, 34.70, 56.02
_ C C 0'900’ 0'900’ 0'75 3.63 7'43 3'99 90'48’ 5'98’ 2'83 T 1'90’ 15'72’ 23°32 e 0.75, 0.75, 0.75 17.89 | 10.02 | 2.93 [78.73, 11.47, 438, 542  [10.91, 34.70, 38.58, 66.97
e Basicall IFAR-10 and CIFAR-100 use the same o T ’ ' 77 278 20 e 0.80, 0.75, 0.00 17.78 | 10.62 | 2.77 17583, 13.43, 10.74 9.75, 33.43, 54.93 . .
NFR Ne’; orchitecture 0.950. 0950, 000 | 3.54 | 8.21 | 361 [§750, 705, 543 080,075, 075 | 1755 | 1067 | 275 (1585, 1343, 493, 581 75, 3343, 37.93, 6540 * Our CIFAR-10 baseline model achieves state-of-the-
- 0.950, 0.950, 0.75 339 | 822 | 3.61 [87.50, 7.05, 4.50, 0.95  |1.37, 11.21, 22.67, 40.00 A T 1734 | 1151 | 255 h260 1232 13.06 TN : o
DFB-Net : _Net - ) ) > > ) ) _
(Exit-l);ranch-l, 18 layers [0-975, 0.975, 0.00 3.46 | 9.09 | 3.26 [84.33, 8.27, 7.40 1.01, 7.86, 26.49 éi]i_lf) }_:,ranch_l, 18 layers [0-85, 0.80, 0.75 17.09 | 11.52 | 2.55 [72.62, 1432, 6.18, 6.88  [8.39, 29.19, 37.70, 65.26 art reSUIt Wlth 3 23 /o error rate
® Apply DrOpOUt Or nOt Egmt'g gran;:.h—Z, 23 }ayers 0.975, 0.975, 0.75 3.29 9.14 3.25 [84.33, 8.27, 6.30, 1.10 1.01, 7.86, 21.59, 39.09 ngit-g gran;:h—2, 23 }ayers 0.90, 0.90, 0.00 16.94 | 13.04 | 2.25 168.64, 13.50, 17.86 6.98, 23.11, 50.56
xit-3) Baseline, ayers xit-3) Baseline, ayers . .
0.990, 0.975, 0.00 336 | 9.85 | 3.01 [80.03, 11.53, 8.4 0.65, 5.98, 25.48 0.90, 0.90, 0.75 16.64 | 13.06 | 2.25 [68.64, 13.50, 9.25, 8.61  [6.98, 23.11, 35.35, 63.41 _
— CIFAR-10 =» No 0.990, 0.975, 0.75 3.15 | 9.89 | 3.00 [80.03, 11.53, 7.22, 1.22 0.65, 5.98, 20.50, 37.70 0.95, 0.85, 0.00 16.64 | 13.77 | 2.13 62.61, 19.73, 17.66 4.87, 22.76, 51.53 ) On CIFAR 10’ our branChy network Wlth fUSIOn
_ C”: AR_1 OO 9 Yes 0.990, 0.990, 0.00 329 | 10.35 | 2.87 [80.03, 9.48, 10.49 0.65, 4.11, 22.69 0.95, 0.85, 0.75 16.42 | 13.81 | 2.13 [62.61, 19.73, 9.06, 8.60  [4.87, 22.76, 36.53, 64.77 _ achieve state-of-the-art result With 3_07% error rate
0.99, 0.99, 0.00 16.60 | 18.81 | 1.56 [50.79, 14.68, 34.53 230, 8.92, 40.89 _ _
: o0, OO0, 0B [ SO7 [ 04l ] 280 PO O A 10 oL B B 0.99, 0.99, 0.75 16.01 | 18.83 | 1.56 [50.79, 14.68, 2191, 12.62 [2.30, 8.92, 27.89, 58.80 — got 3.0x speedup while better than baseline model
° DOWﬂ-Sampllng method Method Depth  Params | CI0  Clo+ | CI00  Cl00+ —— =
Wide ResNet [11] 16 [1.0M : 181 : 22.07 . c1no epth  Params | €10 CIO+ | €100 €100+
: : Wide ResNet [11] 16 [1.0M : 181 : 22.07
— CIFAR-10° = Use Conv_1x1 with Stride 2 with Do 6 om | "7 CIFAR-10 Bl s S IEAR 100 - On CIFAR-100, our branchy networks with fusion
— - . : i} . _ - with Dropou 16 2.7M - - - - —
— CIFAR-100 = Use 2x2 Ave-Pool ~ ResNet (pre-activation) [12] 1106511 116721\1:.[/[ }é-gg* i-gg g;ig g’j;f _ RetsNet (gre-;ctivation)[lj] 164 I7M | 11.26° 546 | 3558 2433 , , _ o
= ' 0 s ' +1 FE riment 001 102M | 105¢ 4e2 | 347 27 |2 - t — achieve state-of-the-art result with 16.01% error rate
. ] - DenseNet (k = 12) 40 L.OM 7000524 ) 27,55 2442 Xpe ime DenseNet (ki = 12) 10 I.0M 700 524 | 2755 244 Xpe rnimen
* Apply scale and aspect ratio data augmentation e o o | ass a1a | ave 198  DenseNet (=12 100 TOM | 577 400 | 2379 2020 — got 2.75x speedup while better than baseline model
_ DenseNet (k = 24) 100 272M | 58 374 | 2342 19.25 Re SUItS " DenseNet (k = 24) 100 272M | 583 374 | 2342  19.25 Re SuItS
: DenseNet-BC (i = 12) 100 0-5M 592 +o1 24.15 22.27 " DenseNet-BC (k = 12) 100 0.8M 5.92 151 24.15 2227
e Use GTX-1080 : CUDA 80, cuDNN 5.1 for inference . gemeﬁ“’BC (k=24) 20 LMo sy 362 19.64 0 17.60 DenseNet-BC (k = 24) 250 153M | 519 3.62 | 1964  17.60
enseNet-BC (k = 40) o ».oM : 546 : 17.18 ~ DenseNet-BC (k = 40) 190  25.6M - 3.46 - 17.18
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