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Figure 1: Our unified training scheme for ImageNet, USI. With USI, we can train any backbone to top results on ImageNet,
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Solving Imagenet

= 2357| ?lof ot 2E = YR

(c) (d)

nail 99.9% airliner 83.6% hen 55.5% English setter 63.0%

screw 0.001% wing 11.3% cock 8.9% ice lolly 16.3%
hammer 0.001% warplane 2% forklift 6.8% Gordon setter 4.0%

Figure 2: Examples for teacher predictions. ImageNet ground-truth labels are highlighted in red. Unlike the ground-
truth, the teacher predictions account for similarities and correlations between classes, objects’ saliency, pictures with several
objects, and more. The teacher predictions would also better represent the content of images under strong augmentations.
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Solving Imagenet

Ct51f 22 of0| T mt2t0|Eoff A Cieet 2

Solving ImagenetOf| A
=

= Z
= /X1 2 s UEHSLIC

A, epochO| MM S 2 M1 Augmentation2 Z mixup-
fg H31 Teacher= TResNet-L2 MC? =34 = A g

¥ 2 backboneOfl F25HA|, batch_sizeOfl F2HSHA|, Learnign
F& L CF

=]
[==t

EESH Batch sizeZt 7{ & Of| 2} Learning rate2| Z= O|L} 2 Batch sizet
S43817| 5t M2 OptimizerE AF235}X| QO E L|CH.

Procedure Value
Train resolution 224
Test resolution 224
Epochs 300
Optimizer AdamW
Weight decay 2e-2
Learning rate 2e-3
LR decay One-cycle policy
Mixup alpha 0.8
Cutmix alpha 1.0
Augmentations | Rand-augment (7/0.5)
Test crop ratio 0.95
Repeated Augs 3
Base loss Cross entropy
KD loss KL-divergence
KD temperature 1
ALd iy
Teacher TResNet-L
Batch size 512 to 3456 29




Solving Imagenet

M el &2 batch sizedl| &2 BU0| T2 5= 2 FA E L.

Ol:= KDE At&¢t ot50| 7| E2| CHE of 5 Y-S0 BIsilA eHgXHo|2t= A= of0Rf Lt

= =} =

rE

X~
~

O| 1} 2HEHBH M = Soft LabelO| Hard Label0f| H|SHA st& & 2HE

Soft=l Label2 ™A=l LabelO| 2 &2, Hard Label0] H|S{A 2= HE7F ML C}

Sz e A7 HZ YLICE

Batch | Topl Acc. Training speed
Size [%] [img/sec]
512 82.3 1100
1024 82.5 1900
2048 82.3 3000
2752 82.4 4100
3456 82.4 4300
4900
b (no-KD reference)
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Solving Imagenet

CESH WALRL Sl 2 B E(CNN, Transformer)Ofl 274 810| Knowledge Distillation0| & M &&= A S 2HEE 4 QASLICL.

St 271X 0 2 X 0|9l A0, Teacher?t Student2CH 0L & 247 Q10] 25 MS50| Q2L+ 24 S o|0| tL L},

Student Teacher Topl

Student Type Teacher Type Acc. [%)
80.4% TResNet-L CNN 81.0
ResNet50 CNN Voi!lQ;;Sj 1 Transformer 80.9
.826% TResNet-L CNN 82.7
LeViT384 | Transformer VO;[;ﬁ;-;ﬂl Transformer 377
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Solving Imagenet

USIE H8%lM d5= 58T ZitE= that 25 LIt

Model Model USI Comparable Training Scheme
Type Name Topl Acc. [%] | Topl Acc. [%] Epochs KD Additional Details
80.4 [42] 600 no ResNet-strike-back, Al confi
Reset:0 sl 80.2 [47] 300 yes Relabel-based KD ¢
CNN TResNet-M 82.4 80.7 [30] 300 no
ConvNext-S 84.0 83.1 [25] 300 no
RegNetY-32 82.8 81.0 [2¥] 100 no
. 79.8 [¥] 300 no Original paper scheme
ViFs 318 81.2 [3¢] 1000 yes DeiT scheme
Transformer LeViT-384 82.7 82.6[11] 1000 yes DeiT scheme
Swin-S 84.0 83.2 [24] 300 no
TNT-S 82.5 81.5[12] 300 no
Mobile- OFA-595m 80.6 80.0 [ 7] 255 yes KD from super network
Oriented EfficientnetB0 79.3 77.1 [34] not stated no
CNN MobileNetV3 723 75.2[17 not stated no
Mixer-B 82.0 76.4 [36] 255 no
MLP-Ooly ez 78.8 718 07] 400 yes

Table 2: Comparison of our proposed scheme, USI, to previous state-of-the-art results. Train and test resolution - 224.
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Solving Imagenet

J2|1 7L, vanilla KDO A &tE & [, Soft LabelZF 7}X| 11 Distillation LossE | 4toi = &t& 0] & E|Lb? Of| S M LT
hard label:2 +&0] &2 O|X|X| 45 L CE.

0| = teacher?| prediction value7} GTE Lt ECH= H g ©

El
ot
s
=}

Distillation Loss * @ *+ Student Loss = Distillation Loss

KD relative weight, g | Topl Acc. [%]
0 (no KD loss) 76.2 L Distiation |

| I
1 80.8 T Y|
5 82.7 | DML'% N |
10 82.6 :_ -_"'s;"_ ___Distillation Loks * 0~
20 827  soft Student _ _ Ground

o0 (no CE loss) 82.7

Student Loss
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Solving Imagenet

10| 049 ZhERShA LT

— =

Cross entropy lossOfl, Teacher =2 2 9| probability2} student = 2 9| probabilityZt KL lossBt Z=7tsljFH £ £ L|C},
with amp_autocast():
output = model(input)
loss = loss_fn(output, target)

# KD logic
if model KD is not None:
# student probability calculation

prob_s = F.log_softmax(output, dim=-1)

# teacher probability calculation

with torch.no grad():
input_kd = model_KD.normalize input(input, model)
out_t = model KD.model(input kd.detach())
prob_t = F.softmax(out t, dim=-1)

# adding KL loss
if not args.use_kd_only loss:

loss += args.alpha_kd * F.kl div(prob_s, prob_t, reduction='batchmean')
else: # only kid - e

loss = args.alpha_kd * F.kl_div(prob_s, prob_t, reduction='batchmean')



Solving Imagenet

ZzE:

!

rlo

X

D

ok
>

22 0 0f2 HE A LT
O 0|4 Hyper Parameter SearchE & Z 2 gl0| th6Z PO E 52 22/ 2!

1. KD 1Md 2= 0{ %l Soft Label Label NoiseE & 0{ 4| & L|C}.
2. Augmentation2 LabelS refinedi T & l—| CH

3. KD I}HO|M st& OOl = sHEE|0f 91, Student?t TeacherS [HEH7H7| 0 OB & gh&h 28| CF Augmentation2 StudnetZt
TeacherZ [2t7H7|0f| 255t Eé%‘-ﬂ“— SHFE g2 gL oh

Ex: Cut-Out Of| A|

English setter 63.0% English setter 0.6% English setter 96%
Ice lolly 16.3% Ice lolly 99% Ice lolly 0.1%
Gordon setter 3.0% Gordon setter 0.4% Gordon setter 3.9%



