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Algorithm 1 Get True Minimum

Input: FliEHET NV f(x;0), T —
X ={(x,y)}
Output: X, 6"

1:X<{},0"<0

2: for i in range(|X])

3 Jie f(x;07) B

4:  Append (x;,¥;) to X

5: return X, 0*
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Algorithm 2 Get Loss Landscape
Input: 85B8%% L(X; 0), [FI¥K K
Output: 8257 KA —7"§

1: 6,7 ~ N(0,1)
R L * - n *
8= 16l 7= el

3: for i in range(K) :
4: forjinrange(K) :
5: S[HIY] = L(X; 0+ i8+ j7)
6: return S
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3. ERIER&EBE

3.1 EBR
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M3 %. DN & CWNWIX, H&EDEOZES A7 ITfE
FHENAIEMALBIES Softmax T, flDAJEDIEM:
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BB L TANR—R I B ATy hr E—
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X 1TM O (E2>5 DNN, CNN , Resnet50)

! https:/tinyurl.com/wt83nc-ipsj
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4.2 SHOBE
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