| XV H
On the local Hessian of back-propagation ™" Microsoft

Huishuai Zhang, Wei Chen, Tie-Yan Liu
Mlcrosoft Research

Contact: huzhang@microsoft.com

1. Motivation

A new interpretation of Back-propagation: BP is the one-step gradient
update solution of minimizing Back-matching losses

Rewrite the loss of neural network:
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Local Hessian

Local Hessian is the Hessian of minimizing local back-matching loss
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Relation to global Hessian (Gauss-Newton)

G= (Z_:,) HL( ) where a_ is the Jacobian matrix.
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& G), has the same eigenvalues with the product of local Hessians
%  The local Hessian determines where the flow is blocked, and hence
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relates to the efficiency of BP. |

I Case 1: Fully connected layer
I zp = Fy(Wp, 2p—1) =Wy 254
I Local Hessian
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For Gaussian initialization, H, follows Marchenko-Pastur Law

Case 2: Block with skip connection
7y = Fy(Wy,2p_1) = 2p_y + pp(Wp, 2,_1)
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Case 3: Block with batch normalization I
zp, = BN(2,) = (Z,—E[Z,])/+/Var[z,] where 2, = w}'z,_; |
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5. Utilize local Hessian

Algorithm 2 Scale-amended SGD
Input: Gradient §W, and scaling factor im; yy . my .3 Initialize in = 1,

forb=B,....1do
5’W¢, — 5W¢,/m/m6,w
M= N M e
f——-endfor
l 1. Follow backward order
: 2. Scale the gradient by the local Hessian
| 3. Fully connected layer with BN,
| 2
i = WS, /Wl and  myy = 1/1W5l13,
| ,
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Table 1: Classification accuracies for CIFAR-10 and CIFAR-100.
| CIFARTD | CIFART00
| VGGI1 VGGI3 VGGI6  VGGI9 | VGGIT VGGI3 VGGI6  VGGI9
SGD 92,34 93.90  93.72 93.47 71.84 7407 72.86 71.35
LARS 91.81 93.40  93.47 93.48 67.26 70.35 69.90 69.52
LSALR 92.58 93.68 93.35 93.46 T1.14 73.74 73.14 70.76
OURS 92.45 94.11 93.90 93.88 73.39 75.32 74.68 72.82
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