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The Goal The Approach The Experiments
The proposed Local Binary Convolutional Neural Networks (LBCNN) aims at: CNN Module — (1) Experiments (small scale): CIFAR-10, MNIST, SVHN
« Statistical efficiency V4Y « LBCNN ResNet, CNN ResNet (baseline)
1. Significant parameter savings: 9x to 169x in the number of learnable parameters. . Feature " Learnable *  We have experimented with a 8848-layer LBCNN (NetEverest),
2. Less prone to overfitting, converges faster, can learn from much Fewer training K[ o odie " f— ap e X141 1x1 conv. trainable on a single nVidia Titan X GPU.
samples. RelLU (nputto XL filters ; . . — : - -
. .. LBCNN Baseline BinaryConnect [6] BNN [5, 14] ResNet [ 1] Maxout [Y] NIN [23]
’ Co.rnp.u.tatlon EFFICIer.]Cy . ' MNIST 99.51 990.48 08.99 08.60 / 99.55 99.53
1. Significant model size savings: 9x to 169x. SVHN ~ 94.50 95.21 97.85 97.49 / 97.53 97.65
. .« o . . . . , CIFAR-10 92.99 (93.66 NetEverest) 92.95 91.73 89.85 93.57 90.65 91.19
2. Significant computation savings: due to sparse binary convolutions. '” " |

 On-par performance with standard CNNs (ImageNet, CIFAR-10, MNIST, SVHN) . Sharing fixed local binary filters across all layers
The Inspil'atiOn ) w C# X[+1 - Further saving on the model size.

o« o . . . . q 16 32 64 128 192 256 384 512 g 0T
The LBCNN is inspired by the Local Binary Patterns (LBP) descriptor: the LBP is one LBCNN Module ——————————————————— |
of the most successful and widely used feature descriptor in computer vision, Fixed sparse T 51018 = || [—— 50NN wain accuracy
especially in Face recognition. - ' —_— ' e ' ' - - ~LBCNN test accuracy

P Y J pf'e-deflned Table: Classification accuracy (%) on CIFAR-10 with 20 convolution O e et o

There are several tuning knobs that lead to bma.ry conv. layers and 512 LBC filters on LBCNN, LBCNN-share, and CNN baseline. ' ———
different LBP configurations. filters Epoch

(2) Experiments (statistical efficiency):
: : « Prevents over-fitting. Due to much smaller model complexity.
Generating LBCNN filters: : . :
nerating et Experiments (L1) are on small-sized CIFAR subset where CNN over-fits.
« Converges faster. Experiments on the FRGC Face recognition dataset,
and LBCNN converges faster than CNN (R3:10-, 50-, and 100-class).

+ Base v = [27,20,2° 24 23 22 21 20]
t v ¢ 000 0 0
* Pivot

« Ordering of the encoding neighbors

« Stochastically generated filter
weights.
« Sparse binary weights {-1, 0, 1}.
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We will generalize these factorsin a learnable (a) (b) * Efficient convolutions by +/-
framework for LBCNN. LBP operation is convolutional: R A i< v ol ol
convolution -+ Compute difference between s N . Guf |ty || 5 of[jil E Y
1 — - inOt and neighbo ring pixels Theoretical analySiS Theorem 3.5. Lel- B E R be a BernOulll randOm l © ——LBCNN train accuracy 30 ——LBCNN train accuracy | 307 ——LBCNN train accuracy | |
. * * * * 30 == BCNN testaccuracy T 20 | ) =—=[BCNN testaccuracy ] 50 b —=LBCNN testaccuracy
1 . Non-linear thresholding V;l]e hahve shown t(ij\eoretlcallly mamewzth the same subgaussian parameter c in (5), and e N B A e e N/ e e
I. -r , ;- 4,: I__._T-.‘ ‘r*: 1 o Compute Weighted Sum OF all .t at t edp ropose. LB.CN N Fal-y]er X E R be aﬁxed Vector and HXH2 > O, wzth N J— p . .]/L . w. 0 50 100 15Eopoc;oo 250 300 350 0 50 EPOCh 100 150 0 50 Epo(:h 100 150 0 50 Epo(:h 100 150
the bit maps (tion Isa good approximation of the  7.r ¢ — Bx € R™. Then, for all t € (0, 1), there exists a  (3) Experiments (large scale): ImageNet LBONN [ AlexNet (ours)  AlexNet (BLVO) [ ]
Weighted s nor seamensn Convo standard CNN layer. matrix B and an index i € \m/| such that * Architecture: AlexNet. Imagelet [ion | 07 i
- 5“’;’:_;’; ‘;’; ;he « Follow the LR schedule of the CNN (could be improved).
e | S FE P > S 19 5 « LBCNN saves 6.622x learnable parameters «;———— ;
e Sy p 5’& - ( N t) HXHQ - 4+ eXp(_Ct m) (7) Layers AlexNet [ ] LBCNN (AlexNet) ! | as
pp— R— Layer I 96 x (11 x 11 x 3) = 34,848 | 96 x 256 = 24, 576
; RN RN SR S >0 Layer2 256 x (5 x 5 x 48) = 307,200 | 256 x 256 = 65, 536 a0 14
: Ll Rl IR - Layer 3 384 x (3 x 3 x 256) = 884, 736 384 x 256 = 98, 304 S = AlexNet (accuracy)
G il RNE e aa ¥ : Layer4 384 x (3 x 3 x 192) = 663, 552 384 x 256 = 98, 304 S 50| = = LBCNN (accuracy) s 2
P ) e TN 1 L TS (b . % ) . . o ° ° Layer5 256 X (3 x 3 x 192) = 442,368 | 256 x 256 = 65, 536 e — AlexNet (loss) 9
\ SRR TR R | | | y — i—1 ol ) X V; arnegle Mellon l InlverSI‘ )7 — 2. 332,704 (~ 2.33M) 352, 256 (~ 0.3520) §. W\ [~ = LBCN (loss) |
o 7 6 5 4 3 2 1 0 Table: Comparison of the number of learnable i : |
V = [2 ] 2 . 2 ] 2 . 2 ] 2 , 2 ] 2 ] LBCNN M IC H IGAN STATE parameters in convolutional layers in AlexNet and =
xujuefei.com/lbcnn.html UNIVERSITY AlexNet with LBCNN modules. LBCNN saves 6.622x TP e—r

learnable parameters in the convolutional layers. Epoch



