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Residual Learning
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Inception Network

Figure 3. Mini-network replacing the 3 X 3 convolutions. The
lower layer of this network consists of a 3 X 1 convolution with 3
Figure 1. Mini-network replacing the 5 X 5 convolutions. output units.

Inception-v3: Factorization
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Architectural Choices
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Figure 3. The schema for stem of the pure Inception-v4 and
Inception-ResNet-v2 networks. This is the input part of those net-

works. Cf. Figures 9 and 15

Pure Inception blocks: Uniform choices for each grid size
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Figure 9. The overall schema of the Inception-v4 network. For the
detailed modules, please refer to Figures 3, 4, 5, 6, 7 and 8 for the
detailed structure of the various components.



Filter concat
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Figure 4. The schema for 35 x 35 grid modules of the pure
Inception-v4 network. This is the Inception-A block of Figure 9.
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Figure 6. The schema for 8 x 8 grid modules of the pure Inception-
v4 network. This is the Inception-C block of Figure 9.

3x3 MaxPool
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Figure 8. The schema for 17 X 17 to 8 X 8 grid-reduction mod-
ule. This is the reduction module used by the pure Inception-v4

network in Figure 9.

Architectural C

Pure Inception blocks: Uniform choices for each grid size
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Figure 5. The schema for 17 x 17 grid modules of the pure

Inception-v4 network. This is the Inception-B block of Figure 9.
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Figure 7. The schema for 35 X 35 to 17 X 17 reduction module.
Different variants of this blocks (with various number of filters)
are used in Figure 9, and 15 in each of the new Inception(-v4, -
ResNet-v1, -ResNet-v2) variants presented in this paper. The k, [,
m, n numbers represent filter bank sizes which can be looked up
in Table 1.



Architectural

Residual Inception blocks: Cheap 1x1 convolution
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Figure 19. The schema for 8 x 8 grid (Inception-ResNet-C) module
of the Inception-ResNet-v2 network.
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Figure 17. The schema for 17 x 17 grid (Inception-ResNet-B)
module of the Inception-ResNet-v2 network.
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Figure 16. The schema for 35 x 35 grid (Inception-ResNet-A)
modaule of the Inception-ResNet-v2 network.



Residual Inception blocks: Cheap 1x1 convolution

Filter concat = ssxsaaec

Architectural Choices

3x3 Conv 35x35x256 —
(256 stride 2 V) 3x3 Conv MaxPool i
1 (192V) (stride=2 V) L
3x3 Conv Filter concat 7wz Dropout (keep 0.8)
71x71x192 [
(192V) a— |
3x3 Conv Average Pooling e
(96 V) ¥
f . 1
1x1 Conv 17 :' 5 x Inception-resnet.C T
73x73x80 '
(80) o 33 Conv (64) |
T (96 V) { Reduction-B Gutit bz
l 7x1 Conv t
|
' (64) 10
3x3 %axzp\(;OI T 1x1(63<)>nv ' Inoepﬁon-rxesnet-B '
(stride 2 V) 1x1 Conv |
T \ (64) Reduction-A ' "
3x3 Conv Filter concat = mwae \
(64) 147x147x64 e — 5 x Inception-resnet-A " T
3x3 MaxPool 3x3 Conv [
1 (sme 2 V) (% 2 V) Stem Outzut 350558
3x3 Conv 147x147x32 33Conv ! ,
(32 V) (64) Input (299x299x3) s
.
T 93 éonv Figure 15. Schema for Inception-ResNet-vl and Inception-
3x3 Conv (32V) ‘ ResNet-v2 networks. This schema applies to both networks but
i 149x149x32 ' the underlying components differ. Inception-ResNet-v1 uses the
(32 stride 2 V) S blocks as described in Figures 14, 10,7, 11, 12 and 13. Inception-
T (32 stride 2 :) 43142 ResNet-v2 uses the blocks as described in Figures 3, 16, 7,17, 18
3 and 19. The output sizes in the diagram refer to the activation
Input I put vector tensor shapes of Inception-ResNet-v1.
299x299x3 n .
(299x299x3) (299x299x3)

Figure 3. The schema for stem of the pure Inception-v4 and
Inception-ResNet-v2 networks. This is the input part of those net-
works. Cf. Figures 9 and 157

‘igure 14. The stem of the Inception-ResNet-v1 network



Architectural Choices

Small tricks:

« Use batch-normalization only on top of layers (Inception Res-Net)

 Scaling down the residuals to stabilize training

Relu activation

+
Activation
Scaling
T
Inception

Relu activation

Figure 20. The general schema for scaling combined Inception-
resnet moduels. We expect that the same idea is useful in the gen-
eral resnet case, where instead of the Inception block an arbitrary
subnetwork is used. The scaling block just scales the last linear
activations by a suitable constant, typically around 0.1.
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Training

Stochastic gradient utilizing the TensorFlow distributed machine learning
system

Using 20 replicas running each on a Nvidia Kepler GPU
Momentum with a decay of 0.9
Best models were achieved using RMSProp with decay of 0.9 and € = 1.0.

Learning rate of 0.045, decayed every two epochs using an exponential
rate of 0.94.

Model evaluations are performed using a running average of the
parameters computed over time.



Experimental Results
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Figure 21. Top-1 error evolution during training of pure Inception-
v3 vs a residual network of similar computational cost. The eval-
uation is measured on a single crop on the non-blacklist images of
the ILSVRC-2012 validation set. The residual model was train-
ing much faster, but reached slightly worse final accuracy than the
traditional Inception-v3.
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Figure 23. Top-1 error evolution during training of pure Inception-
v3 vs a residual Inception of similar computational cost. The eval-
uation is measured on a single crop on the non-blacklist images of
the ILSVRC-2012 validation set. The residual version was train-
ing much faster and reached slightly better final accuracy than the
traditional Inception-v4.
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Figure 22. Top-5 error evolution during training of pure Inception-
v3 vs a residual Inception of similar computational cost. The eval-
uation is measured on a single crop on the non-blacklist images of
the ILSVRC-2012 validation set. The residual version has trained
much faster and reached slightly better final recall on the valida-
tion set.
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Figure 24. Top-5 error evolution during training of pure Inception-
v4 vs a residual Inception of similar computational cost. The eval-
uation is measured on a single crop on the non-blacklist images
of the ILSVRC-2012 validation set. The residual version trained
faster and reached slightly better final recall on the validation set.



Experimental Results
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Figure 25. Top-5 error evolution of all four models (single model,
single crop). Showing the improvement due to larger model size. o
Although the residual version converges faster, the final accuracy 2y
seems to mainly depend on the model size. .
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Figure 26. Top-1 error evolution of all four models (single model,

single crop). This paints a similar picture as the top-5 evaluation.
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Network Top-1 Error | Top-5 Error Network Crops | Top-1 Error | Top-5 Error
BN-Inception [6] 25.2% 7.8% ResNet-151 [5] 10 21.4% 5.7%
Inception-v3 [15] 21.2% 5.6% Inception-v3 [15] 12 19.8% 4.6%
Inception-ResNet-v1 21.3% 5.5% Inception-ResNet-v1 12 19.8% 4.6%
Inception-v4 20.0% 5.0% Inception-v4 12 18.7% 4.2%
Inception-ResNet-v2 19.9% 4.9% Inception-ResNet-v2 12 18.7% 4.1%

Experimental Results

Table 2. Single crop - single model experimental results. Reported
on the non-blacklisted subset of the validation set of ILSVRC

Table 3. 10/12 crops evaluations - single model experimental re-
sults. Reported on the all 50000 images of the validation set of

2012. ILSVRC 2012.

Network Crops | Top-1 Error | Top-5 Error Network Models | Top-1 Error | Top-5 Error
ResNet-151 [5] dense 19.4% 4.5% ResNet-151 [5] 6 - 3.6%
Inception-v3 [15] 144 18.9% 4.3% Inception-v3 [15] 4 17.3% 3.6%
Inception-ResNet-vl | 144 18.8% 4.3% Inception-v4 +

, ) 4 16.5% 3.1%
Inception-v4 144 17.7% 3.8% 3x Inception-ResNet-v2
Inception-ResNet-v2 144 17.8% 3.7%

Table 5. Ensemble results with 144 crops/dense evaluation. Re-
ported on the all 50000 images of the validation set of ILSVRC
2012. For Inception-v4(+Residual), the ensemble consists of one
pure Inception-v4 and three Inception-ResNet-v2 models and were
evaluated both on the validation and on the test-set. The test-set
performance was 3.08% top-5 error verifying that we don’t over-
fit on the validation set.

Table 4. 144 crops evaluations - single model experimental results.
Reported on the all 50000 images of the validation set of ILSVRC
2012.
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Questions?
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Thank you!
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