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Motivation, Constraints & Task Dataset Statistics & Quantitative Results

Motivation: ~$3 billion annual vehicle repair bills dataset RDD simplex  complex CIFAR-10 CIFAR-100 Oxford-102 Oxford-37 CUB-200  COVID
related to pothole damage in the U.S.

# training images 8511 4736 7489 50000 50000 6552 3680 3000 14815
# testing images 2140 650 604 10000 10000 818 3669 3033 6350
Constraints: limited computational power (e.g., no # classes 2 2 2 10 100 102 37 200 4
GPU) on ed ge devices installed on the road insp ec- content pothole / normal road images  objects objects flowers cats & dogs birds chest x-ray
_ _ _ task type infrastructure maintenance generic classification fine-grained classification types of pneumonia
tion vehicles; need fast inference speed. — (© complex dataset
dataset statistics : —— N
Task: Given a fixed number of training epochs and a e experiment 1D ) Es Es E, Es Es E- Ex o l f f 1
: : : " | del \ KD iteration i; (no KD) i ' ' ' ' 1 ~ig i1 (large-epoch) i1 + Tf-KDgoy ¢ [2 = N R V5%
lightweight model to be trained, what can practitioners model \ KD iteration iy (no KD) 2 ' - 5 6 %1~ 41 (lagecpoch) 4 ¥ 1 12] s « A8 ﬂ‘\l ,
. e ResNet-18 [23] 91.5450 927150 92.9950 93.0450 93.0850 n/a  93.08250 9224550 92.34950 -
do to improve the pothole classification accuracy? RDD (13 SducereNetvLl[24] 896750 899150 902850 90.51s0 90.7050 90.7050 90.70300 9047300 90.28300 L oordao2 cuB-200 AN
ShuffleNet v2 x0.5 [25] 90.0550 90.1450 90.9850 91.4050 91.4050 n/a 01.40950 92.66550 01.22950
ShuffleNet v2 x1.0 [25] 92.0150 92.1550 92.6650 93.2250 93.225) n/a 93.22550 03.13950 93.13950

. . ResNet-18 [23] 81.8550 90.4650 93.6950 96.9250 98.6250 99.0850 99.08300 83.38300 92.00300 Pl
CO N t rl b U t | O N S SqueezeNet v1.1 [24]  81.8550 86.7750 87.6950 88.1550 88.1550 n/a 88.15950 84.62950 87.69950 Pa ra m ete I Effl C I e N Cy

W [ [ Self K led Distill ShuffleNet v2 x0.5 [25]  90.0050 95.6950 99.3850 100.0050  n/a n/a  100.00200 92.46200 97.54900
® e propose Iterative Se nowieage Istilia- ShuffleNet v2 x1.0 [25] 90.3150 963150 98.7750 100.0050 n/a n/a  100.00200 93.38900 97.54900

tion ('SKD)’ which outperforms the SOTA self ResNet-18 [23] 619250 74.1450 77.6550 79.8050 83.7750 84.93:0 84.93300 62.58300 82.95500

simplex [14]

dataset\method ISKD  prior work (backbone)

KD methods from pothole classification (RDD, complex [15]  SdueezeNet V1.1 [24] = 59.2750 70.7050 76.1650 761650  n/a n/a  76.16200 62.25200 71.03200 CIFAR-100 [26] 82.67 81.60 [27] (Wide-ResNet-28-10)

: . ShuffieNet v2 x0.5 [25] 56.7950 78.9750 88.5850 88.915( n/a n/a 88.91500 65.89200 79.80200 ) -1 7 - "~NO- _

simplex, complex) to generic (CIFAR-10, CIFAR- ShuffieNet v2 x1.0[25] 604350 783150 865950 864250 nfa  nla 8642200  71.85200 8245200 Oéf(}rddlgg ;};; gzgg gég ;;S; gesgeggzsiﬁ;[)
ine-crai xford- : esNet50-

100), fine-grained (Oxfor.d 102" Flower, OXf_"rd CIFAR-10 [26] . ResNet18[23] 907550 918150 920550 920750  wfa  wa 9207200 9153500 92.01200 _ -

INT Pet, Caltech-UCSD Birds 200), and medical ShuffleNet v2 x 1.0 [25]  82.6350 85.1650 884550 90.3050 91.0350 913850 9138300  90.68300 85.55300 Table 2: The comparison of classification accuracy (%) between

imaging classification (COVID-19 Radiography). _ ResNet-18 [23] 80.1550 81.0550 81.6450 82.1750 823050 82.6750 82.67300  81.34300 81.62300 . ) : - ]

CIFAR-100126] g1 ffieNet v2 x 1.0 [25] 589550 65.6050 72.1650 75.5950 77.27s0 77.85:0 77.85300  77.61300 65.78300 ISKD (backbone: ResNet-18 [23]) and the prior works using back

e \We provide more evidence showing that a teacher bones with more parameters.

model with accuracy lower than the baseline can still

ResNet-18 [23] 96.5850 97.3150 97.6850 97.8050 n/a n/a 97.80200 96.94500 97.43200

OXord-102 T ghuffeNet v2 x1.0 (251 947450 97.1950 981750 984150  nfa  na  98.4lag0  98.41500 97.19200

result in a student model outperforming the baseline. Oxford-37 [1§] . ResNet-18 23] 90.5750 90.9850 913350 91.8050 91.5850 n/a 9180200  91.20200 91.31200 :
ISKD is flexible with ect ShuffleNet v2 x1.0 [25]  79.6950 843050 85.9650 86.5950 86.5950 n/a  86.59250 86.10250 84.46250 Accura Cy U nder lefe rent o« Values
®
'S Tlexible with respect to parameter selection. CUB200 (1] ReSNELIS[23] 420750 464950 486650 49.8250 494950 na  4982:00  46.0300 47.58200
ShuffleNet v2 x1.0 [25] 41.5450 454050 48.35350 49.6950 50.2850 49.9550 50.28550 48.995= 46.95950 ResNet-18; CUB-200 dataset; E> ResNet-18; Oxford-102 dataset; E>

ResNet-18 [23] 041150 94.6850 94.8050 95.015¢ n/a n/a 95.01500 94.79500 94.88200 bascline: y = 42,07
ShuffleNet v2 x1.0 [25] 90.7650 92.4350 93.0750 93.8150 93.9830 n/a 93.98-50 02.72250 93.10250

COVID [20] ® ™ o ¢

KT °* o

lterative Self Knowledge Distillation

_ o Table 1: Comparing the classification accuracy (%) of the iterative self knowledge distillation (KD) method versus the baselines. The numbers
KD iteration 7; : are in the format of [accuracy];. ;. where e, is the number of epochs which the student model is trained for.
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tEEEhEl‘ Tk = StUdE‘nt Sk—f y — 1.06x — 4.72; R2 — 0.96
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training images - ShuffleNet v2 x0.5; simplex dataset ShuffleNet v2 x0.5; complex dataset ShuffleNet v2 x0.5; RDD dataset ResNet-18; CUB-200 dataset: E, ResNet-18: Oxford-102 dataset: E,
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bution of T}, /Sk; a: weight of KLD.
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