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Introduction & Analysis Proposed Method: Logit Standardization Experiments
« Common KD assumes T = T 12 * Determine Temperature adaptively based on weighted Z-score Distillation on CIFAR-100
for all sample for simplicity * Serve as a beneficial pre-process for the existing logit-based KD Part of Table for Different Structures Part of Table for Identical Structures
. . . . ResNet32x4  ResNet32x4  ResNet32x4  WRN-40-2 ResNet56 ResNet110 ResNet110
: z Teach
* But we find no eprICIt constraint Algorithm 1: Welghted Z-score function. T cacher 79.42 79.42 79.42 75.61 7234 74.31 7431
. pe SHN-V2 WRN-162 ~ WRN-40-2  WRN-162  ResNet20 ResNet32 ResNet20
on Jg and Jr, based on the deri- tudent teach student teach Student 71.82 73.26 75.61 73.26 69.06 71.14 69.06
oS ¢ Z_ KD bv th eicen cAche colicl Input: Input vector x and Base temperature 7 : : : : : :
vation of softmax in the softmax(z/T) — softmax(v/fT) softmax [Z(z)] - Softmax[Z(v)] . FitNet [31] 73.54 74.70 77.69 73.58 69.21 71.06 68.99
) AUy = ) Output: Standardized vector Z(x; 7) AT [46] 7273 73.91 77.43 74.08 7055 7231 70.65
entropy-maximum prmaple 37 v 2 7 2 fjcgieifiufgtgniv RKD [29] 73.21 74.86 71.82 73.35 69.61 71.82 69.25
We find 2 i hen 7o = T AT logit . /standardized logit logit 1 X« 2L ZK x (k) Feature oKD [BZ]] re 726 e LRy T L e
. = / = Y = S §74 . 1 . X . . . B .
€Tind 2 1ssues when Jg T [ & LA \ B o=l 7 5 ReviewKD[5] 7778 76.11 78.96 76.12 71.89 73.89 71.34
| I - ! 1 - SimKD [4] 78.39 77.17 7929 75.53 71.05 73.92 71.06
ISSUE 1 i ) s | | " | . | 2 0(x) + \/f D ket (X(k) - X) CATKD [10] 78.41 76.97 78.59 75.60 7162 73.62 7137
. . . ' Bt B | | . Eill-8 = KD [13] 74.45 74.90 7770 74.92 70.66 73.08 70.67
An implicit mandatory logit match: | B P 2 T‘I l ! 3 return (x — X)/o(x)/7 KD+Ours 75.56 75.26 77.92 76.11 71.43 74.17 71.48
| [ L —1 ] : £ 1 1 P ! A 111 0.36 0.22 1.19 0.77 1.09 0.81
; ; ! : P | ‘ Sl | . y - P CTKD [24] 7537 74.57 77.66 75.45 71.19 73.52 70.99
Given logit z for S and v for T_ By Fuhde® | | BEEEE EREEE Algorithm 2: Z-score logit standardization pre- CTKD+Ouss 7618 7516 7799 7608 134 401 139
*z=Vv+A wherelA=Z—-V & Gomes 4 NSt Rl process in knowledge distillation. Logit 2 051 059 033 0.63 0.15 049 0.40
e std(z)/std(v) =T5/9r =1 I ’ e e - T - DKD [50] 77.07 75.70 78.46 76.24 71.97 74.11 71.06
—S/HT T () Vanilla KD (b) KD w/ our logit standardization Input: Transfer set D with image-label sample pair DKD+Ours 731 7619 7895 7639 1232 7429 7185
\ / {xna yn}n:l’ Base Temperature 7, Teacher MLKD [17] 78.44 7652 79.26 76.63 72.19 74.11 71.89
N MLKD-+Ours 78.76 71.53 79.66 76.95 72.33 74.32 7227
Tov C Conventional KD pipeline fails to reflect student performance i T Student fs, Loss Lxp (g.g., EKL)’ loss A 032 101 040 032 0.14 021 038
oy Lase o oat < e o weight )\, and Z-score function Z in Algo. 1
kL = 0. xL = 0. . . . . . . .
ISSUE 2 Output: Trained student model fg Distillation on ImageNet Visualization
Logit of Logit of teacher T' Logit of _
ogit of student Sy oglt; teacher ogit of student S 1 foreach (x,,,y,) in D do Teacher/Student ~ ResNet34/ResNetl8  ResNetSO/MN-V1 * No restriction on mean and std.
° 1 . R
Without ours: gl 2 Vi < fr(Xpn), 2, — fs(xp) Accuracy top-1 top-5 top-1 top-5 * Better match of logits w/ ours
Teacher 73.31 91.42 76.16 92.86 s -
51 has bette,r 4KL but 28| [P0 |20 3 Q(Vn) < softmax [Z (Vn; 7')] Student 69.75 89.07 68.87 88.76
wrong prediction baes 4 | q(z,) « softmax[Z(z,;7)] AT [46] 7060 9001 6956  89.33
S, has worse L but \ e _— o e - OFD [12] 70.81 89.98 71.25 90.34
0 o 5 q (zn) < softmax (z,) CRD [37] 7117 90.13 71.37 90.41
icti : : e ReviewKD [5]  71.61 90.51 72.56 91.00 g
correct prediction I n 6 Update fs towards minimizing SimKD [4] 71.59 90.48 72.25 90.86
Cat Dog Bird Frog Cat Dog Bird Frog Cat  Dog Bird Frog A L / Z A 2£ v z CAT-KD [10] 71.26 90.45 72.24 91.13 o ~ logit mean ” *
orLcE (Y, ¢'(2n)) + ApT L (9(Vn), 4(2n)) KD [13] 71.03 90.05 70.50 89.80 Bivariate histogram of logit mean and std
] 7 end KD+Ours 71424030 902940.24 72181168 90804100 | —
¢ With ours: Standardized Logit of Sy Standardlzed Logit of T' Standardized Logit of Sy KD+CTKD [24] 7138 90.27 71.16 90.11 ?‘3
- . : . KD+CTKD+Ours 71.810.43 9046019 72921176 91.25,1.
S, has better Ly, and ||| 5,0/ 660 0880 0220 162l 1162 l03e71 0387 * Four Beneficial properties of standardized logit: DD (0 - 70*‘) 1 - — = 05“ i - 05“ Nkl
correct prediction 1. Zero mean 3. Monotonicit DKD+Ours 71881015 9058017 7285050 91231018 |- ©.. Bl
CO ntradiction Solved Lo = 0.0005 > yo— y MLKD [17] 71.90 90.55 73.01 91.42 (a) Vanilla KD (b) Ours w/o Z-score  (c) Ours w/ Z-score
2 S diction: M ) L , L 2 F . I . d 4 B nd d n thn _ vVK-1 K-1 MLKD+Ours 72.08 015 90.74.0.19 73.22.021 91.59.0.17 Mean: 0.27, Max: 3.03. Mean: 0.94,.Max.: 7.36. Mean: 0.18, Max:1.18.
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