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7. Statistical Significance
Different RNG seeds can cause variations in final score (accuracy)

4. Proposed Adjustments to BN Scale Parameter y

Initialize y to a value in (0, 1]
« Directly addresses overly large values after normalization by

1. Batch Normalization (BN) in Deep Neural Networks

Two per-channel operations

. He_ad: Normalizes .data | ..« —>ICONV|—{ BN |—{ReLU}|—> --- immediately scaling down the data (with no additional parameters) For each experiment, we conduct 15 runs with different seeds,
* Tail: Learnable affine transformation . Enables BN shift parameter B to have a broader reach on scaled data agg.regate the results of each run (’Fo report a mean and standa_rd
o | 7“_'< before the proceeding activation function (in many cases RelLU) deV'at.'O”), aqd compare tO_ a baseline (or related approach) using a
Constrains intermediate features, AN one-sided paired t-test (using a p-value of 0.05)
enabling smoother and faster et Reduce the learning rate a« on y
optimization, and stochasticity of batch 11 » Divide learning rate on y by constant ¢ ( a, = a/c) [sarming Bats (@)
statistics can benefit generalization s  Allows for fine-grained search near initialization value 8. Results 7 0.1 0.01 0.001
CReEMATIZED CRAGEINE I . . . . . . 0.01 85.50+0.39 87.11+0.23 80.37+0.58
* Leave B with original learning rate, engbllng it to have a broader and - Significant improvements across 0.05 || 90.19+0.32 88.84+0.32 76.98+0.71
now more stable search of the normalized and scaled data multiple initial values of y and 035 |lI'50 5200 5585404 T3 88.me:
2. BN: Forward Formulation learning rates for CIFAR-10 (T1.2),  o7os || soae. 0 ayag oo Ta-s0w00
: 2 : . ] . - as well as CIFAR-100, CUB-200, 1.00 || 89.81+t0.46 84.48+0.33 71.15+0.56
« Compute mean ( u ) and variance ( 6% ) across batch dimension 5. BN: Gradients and Insights 4 Stanford C To b BASE 89.44304s 8464to9s 71321060
» Use computed statistics to normalize the data (g =0, ¢*=1) Using a fully-connected layer as illustration (below, left), we use the and Stanford Cars (T2.b) Table 1.a

* Apply an affine transformation to the normalized data using gradients given in the original BN paper to derive the gradient of the Even greater gains with deeper Learning Rate (c)
learnable parameters: scale ( y ) and shift ( 8 ) loss with respect to the input d.£/dx; (below, right) network architectures (T2.a) Datesss fiMetiod | 0. 001
CIFARI10 RBN [[90.17+0.22 84.72+0.29
m _r RBN" [[90.11+0.24 84.50+0.
g 1 T ¥ (21} oL ~ oL 1 i oL 1 — &) Outperforms other existing related IEBN ||90.1820.96 85342040
m “— — A . W] - = - — Ly : : Tt IEBN™ ||90.15+0.24 85.29+0.35
i=1 Y — B Yy — ~ X + 5 D ! Ox; \/0]29 e |0y m = By approaches which require additional s || 00 80k o o aar
» _ 1« 2 (7} — SOl parameters and computations (T2.b) BASE || 89.44:0.45_84.6410.25
OB = — Z(xz’ — puB)" — A _ g e CIFAR100|| RBN |[66.95+0.57 58.95+0.42
m 1=1 {zn} . - \/U% 1€ ¢ IIEBBNN gg.giio.mﬁ gg.g(l)io.m
. +0:39 . +0.40
Learning Rate (o) IEBN" ||66.95-0.32 60.89-+0.
Insights Network Y 0.1 0.01 Ours 68.80i8.zz 64.01i2.:411
I . . ResNet-50 || 0.05 |[91.23%0.20 89.60+0.19 BASE || 66.01+0.95 58.48+0.53
3. Observed Issues with BN 2 y Y * No effects introduced by y < 1 for the first backward pass 0.10 ||91.28-0.26 87.67=0.20 CUB-200 || RBN || 48.68=1.56 44.68+0.59
e - + Negligible effects for remainder of training i S L A
earnable parameters are initialized 1.0 0.99 e More insiahts shown in th r ResNet-101 || 0.05 [[91.58+0.22 90.02+0.22 IEBN™ |[53.81+0.76 44.09-+0.65
. . . 0], .99], ore insights shown in the pape
toy =1and B =0 (identity function) 10 103 0.10 ||91.26+0.15 88.8350.28 Ours ||58.52+0.69 45.31+0.50
[ U|, TRAIN [ . ], , , N , Yeurr 1 0.50 ||89.89+0.74 85.28+0.50 BASE || 46.26+1.50 41.61+1.03
_ e 2 __ . . — BASE|| 88.28+1.39 84.74+40.56 ST-Cars RBN ||68.17+1.84 51.8741.34
We observed that the final learned [1 .0 : [1 .17], OB Tact " Tprev Z Wi, Ypreuv - \/ggct Z w% + € \/ggct Z wi + € ResNet-152 || 0.05 {[91.20+0.16 90.00-0.17 RBN™ ||67.84+296 52.30+1.73
parameter values tend to remain close to [1.0]] [0.995]] ot 0.10 |/80.89:0.41 88.31+0.3: IEBN ||78.60-£0.92 51.06+0.57
their initializati k / 0.50 ||90.17+0.23 85.23+0.62 IEBN ||74.04+1.55 51.08+0.78
elr Inftalization BASE|| 88.73+0.62 84.15+0.79 Ours ||78.29+0.44 51.18+2.16
/ \ 6 T . = D t _I Table 2.3 BASE 64.73+2.87 51.86+1.80
Furthermore, we observed that the BN w w - 1raining etalls Table 2.b
normalization head can yield overly large l l BN scale initialization: y € {0.01, 0.05, 0.1, 0.25, 0.5, 0.75, 1.0}
values ( +60 ) for the proceeding layer, YL A h_ « Examine subset of values after initial CIFAR-10 experiments 9. QR Codes: Paper GitHub E D
which can be undesirable for training o J . . _ ' ' s
BN scale learning rate reduction factor: ¢ = 100 |
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