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Additionally, we find that, on two small fine-grained image
classification datasets, pretraining on ImageNet provides
minimal benefits, indicating the learned features from ImageNet
do not transfer well to fine-grained tasks. =2 H<S
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Together,

our results show that ImageNet architectures generalize well
across datasets, but ImageNet features are less general than
previously suggested. $t= HY
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Problem statement
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Experiment
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* Fine-tuned from ImageNet initialization
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*  Trained from random initialization

| Dataset | Classes | Size (train/test) | Accuracy measure |
Food-101 [5] 101 75,750/25,250 top-1
CIFAR-10 [37] 10 50.000/10,000 top-1
CIFAR-100 [37] 10 50,000/10,000 top-1
Birdsnap [4] 500 47,386/2.443 top-1
SUN397 [72] 397 19.850/19.850 top-1
Stanford Cars [36] 196 8.144/8.041 top-1
FGVC Aircraft [48] 100 6.667/3.333 mean per-class
PASCAL VOC 2007 Cls. [19] 20 5.011/4,952 1 1-point mAP
Describable Textures (DTD) [10] | 47 3.,760/1.880 top-1
Oxford-IIIT Pets [53] 37 3,680/3.369 mean per-class
Caltech-101 [20] 102 3.060/6.084 mean per-class
Oxford 102 Flowers [52] 102 2.040/6.149 mean per-class




Results

ImageNet accuracy predicts performance of logistic regression on fixed features

* ResNets and DenseNets consistently achieved higher accuracy than other models

* Correlation between ImageNet accuracy and transfer accuracy with fixed features was low and not statistically
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08 I Training Settings
— BN Scale -+ BN Scale + BN Scale + BN Scale + BN Scale
+ Label Smooth + Label Smooth — Label Smooth — Label Smooth — | abel Smooth
+ Dropout + Dropout + Dropout — Dropout — Dropout

Training Settings ~ AuxHead

* "+" indicates that a setting was enabled
"—“ indicates that a setting was disabled
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Transfer learning performance of Inception models with different training settings

1) The absence of scale parameter (y) for batch
normalization layers

2) The use of label smoothing

3) The use of dropout

4) The presence of an auxiliary classifier head




Results

ImageNet accuracy predicts finetuning performance

ImageNet top-1 accuracy was highly correlated with transfer accuracy
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Results
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Results

ImageNet accuracy predicts performance of networks trained from random initialization

* The correlation between ImageNet top-1 accuracy and accuracy on the new tasks was more variable than in the transfer learning
settings
* But there was a tendency toward higher performance for models that achieved higher accuracy on ImageNet

Trained from Random Initialization

Food-101 CIFAR-10 CIFAR-100 Birdsnap o6 SUN397 93| Stanford Cars
87} » v+ 96} < v 81f < pxV ' T6F » Y55k -
> 86} x > 80f AL v T4} v 54F 1.6} I
[&) < | A r 53 L ‘a-?'
@ 85} v & N 79} / * 72} N | 8
3 84 & S . v 78k ™ ('] TSR | 3 1.5} |
< 83 . p X 77F « 68F < - % 50} 2
82k " me 04f, <« 76k 66f =*® 49 d14. A 7 Y
G4l " P /- PSRN | *\ PP 3 T L1l
90F FGVC Aircraft 72F VOC2007 DTD 84} Oxford-IlIT Pets 78} 3 Tl
v » v 67F v [ S13F &
88} » *70F 66k 82k v 76} < |
> (] T x
286k 68 e 65k [ 80k e 74 ) @
284- « v 66-“"? ~ 7*64. A 78'“‘ A L 72 g1_2.
3 82 8 64} = 63fs e 76} (] | z
< 80 L] _ 62k | X 62F < < T4k X 68 x 1.1k
78 < Ix a0} 61} o % L 72} 66 _ 88 - : ) - 0.55
;g 58LF 60 = v 70. 64 | X 86k r==u.
N S ) N M PR . : . . ;
727476 78 80 727476 78 80 727476 78 80 727476 78 80 727476 78 80 7274 76 78 80 72 74 76 78 80
ImageNet Top-1 Accuracy (%) ImageNet Top-1 Accuracy (%)
< Inception v1 ¥ Inception v4 — ResNet-50 v DenseNet-121 & MobileNet v1 m NASNet-A Mobile
A BN-Inception v Inception-ResNet v2 | ResNet-101 A DenseNet-169 ¢ MobileNet v2 * NASNet-A Large

» Inception v3 X ResNet-152 <« DenseNet-201 ® MobileNet v2 (1.4x)




Results

Performance comparison of logistic regression, fine-tuning, and training from random initialization
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Results

ImageNet pretraining accelerates convergence

Performance of Inception v4 when fine-tuning or training from random initialization for different numbers of steps
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Results

Performance of transfer leaming with the public Inception v4 model at different dataset sizes

* Pretraining on ImageNet improves performance on fine-grained tasks with small amounts of data, but the gap narrows quickly
as dataset size increases
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Conclusions
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