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| Changing Subject

* Previous Subject - Channel Pruning

* Reduce the number of channels

* Current Subject - Modify Network Structure

* Improve performance of denoising



| Review - Channel Pruning

Learning Algorithm

Stop pruning

“ — R

Output
. 3 ch |
Input Trained Network (3 channel)
(28 + 28 channel)
KPCN — g
Output
Input Fine-tuned Network (3 channel)

(28 + 28 channel)



| Problem of Channel Pruning

1 loop = 1day
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* Learning iteration takes too long time
e 1 day per 1 loop

e Almost 20 days are required to complete
one experiment
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| Modify Network Structure
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[Zhang et. al. 18] Image Super-Resolution Using Very Deep Residual Channel Attention Networks, ECCV2018

[He et. al. 16] Deep Residual Learning for Image Recognition, CVPR2016
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Road to Baseline

1. In-Official Re-Implementation
2.No dataset

3. Patch storage

4.large-scale training

5. Instability of loss
a. Skip batch with NaN kernel
b. Patches with infinity

6. Finally Baseline



| Baseline Results

Specular Network (8) Diffuse Network ()

Prediction Prediction

Ground Truth Ground Truth
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| Experiments on Baseline

e L1-Loss on a 100-patch test-set

Layer increase: 11.40
Batch-normalization: 11.04
Layer increase + dropout: 9.170
Dropout: 8.137

Baseline: 7.916

Combined loss: 7.901

Learning rate reduction: 7.824



Comparison: Baseline vs. Combined Loss




| Minor idea

Recent novel network architectures

* Channel attention
This method can break the high correlation between
channels and improve the performance of the model.
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Fig. 3. Channel attention (CA). ® denotes element-wise product

[Zhang et. al. 18] Image Super-Resolution Using Very Deep Residual Channel Attention Networks, ECCV2018



| KPRCN

Residual learning

e KPCN follows the design of the VGG net (2014)
* Small receptive field

* Deep layers

* Therefore, we applied the residual learning
(2016) technique to the KPCN.

* No bottle neck, no batch normalization layer

[He et. al. 16] Deep Residual Learning for Image Recognition, CVPR2016
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| KPRCAN

Channel Attention

e Squeeze-Excitation network(2017) uses the

channel attention over the convolutional layer.

e The KPRCAN uses the channel attention block.
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[Zhang et. al. 18] Image Super-Resolution Using Very Deep Residual Channel Attention Networks, ECCV2018
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| Direct Prediction model

Channel Attention

-

* For the new models, we also implemented the
direct prediction model by employing the recent
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image restoration technique.

* Recent denoising models does not use Kernel
prediction method, but use Direct prediction.

* Divide the model into head, body, tail block, and
add the skip connection that cross the body block

Figure 3: The architecture of the proposed single-scale SR
network (EDSR).

[Zhang et. al. 18] Image Super-Resolution Using Very Deep Residual Channel Attention Networks, ECCV2018



Direct Prediction model

data/Test/Total_Summary ‘@Pene-4/KPCN/2019-06-03/21-19
Direct prediction step2,001  Tue Jun 04 2019 06:50:45 GMT+0900 (3= EZAl)

* All of the Direct prediction models does not
trained well.

Train/PSNR
tag: data/Train/PSNR




Direct Prediction model

Direct prediction

* All of the Direct prediction models does not

trained well.

* The model easily exploded.

data/Test/Total_Summary ‘dpene-4/KPCN/2019-06-03/21-19
step2,001  Tue Jun 04 2019 06:50:45 GMT+0900 (3= EZ=A])
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Kernel Prediction model

tag: data/PSNR
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[ 6000step] L diff: 1.316E-01

| Kernel Prediction model Lotest Model save
KPCN 100% | HHHHHHHHHHH

Avg. PSNR: 27.202
[ 6200step] L _diff: 1.049E-01
[ 2000step] L_diff: 6.924E-02

Kernel prediction

. Best Net saved
* For the test images, the performance of Latest Model saved

. 100% | tHHHHHHHHHHHHHH
the KPRCAN is the best. KPRCN Avg. PSNR: 27.126

Learning Rate Changed to 2.0BGOE
[ 2200step] L _diff: 1.299E-01

[ 800step] L diff: 1.986E-01
100% | HHHHHTHHHHHHEHTHEE -
Avg. PSNR: 27.734

[ 825step] L diff: 2.137E-01

KPRCAN




Kernel Prediction model

Kernel prediction

* For the test images, the performance of
the KPRCAN is the best.

e But if we set the same layer number for the
KPRCAN, it achieve the best performance.

* However more careful modification is required.

(Explained later)

KPCN

KPRCN

KPRCAN

KPRCAN
4 Block

[ 6000step] L diff: 1.316E-01
Latest Model saved

100% | tHEEHHHHERHHHHHRR R
Avg. PSNR: 27.202

[ 6200step] L _diff: 1.049E-01

[ 2000step] L _diff: 6.924E-02
Best Net saved

Latest Model saved

100% | tHHHHHEHHHEHHHHHHHHHHHHHHET
Avg. PSNR: 27.126

Learning Rate Changed to 2.0BGOE
[ 2200step] L _diff: 1.299E-01

[ 800step] L diff: 1.986E-01
100% | R -
Avg. PSNR: 27.734

[ 825step] L _diff: 2.137E-01
Learning rate changed to 1.28E-@
100% | HHHHHHTHHHH A
Avg. PSNR: 30.256

[ 225step] L diff: 1.592E-01
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Final result - Output(KPRCAN)




Final result - GT




Discussion




Discussion

Y final

Data format Y. final runs/May30_06-04-42_4470d0458d3

step 0 20:02 GMT+0900 (¢ HFA|)
A

* The original data is stored in HDR format. Which has th
e range [0, inf]. Therefore, the inference range is also [0,
inf] while most of the points have the value in [0,1].

* However when we evaluate the data, we convert the H

DR data into RGB data by clamping the tensor value.
Which means, we don’t need to exactly infer the value Original GT data
over 1.

G018 St&(2|1M 2= HDROIM 3t 5 HW2h= RGBOIA BiLCt., :
MR CIE EMOZ QIsl| A= 0| LiubtE! 2~ QICt GT data in RGB

=2 T A



Discussion

Y final
Data fO rmat Y_final runs/May30_06-04-42_4470d04e58d3

step 0 Thu May 30 2019 15:20:02 GMT+0900 (2= HFA)

* |n short, we take loss from the HDR but evaluate in
RGB where those format have different data range.

* This cause numerical extrapolation problem.
(the value used for optimization and evaluation has
different data range, different characteristic)

G018 St&(2|1M 2= HDROIM 3t 5 HW2h= RGBOIA BiLCt.,
MEZ Ct2 EMOZ QI8 AS0| LHHE! 2 QIC},

GT data in RGB



| Discussion

Data format

* When we have a invalid value for the GT, we
can detach the loss from those invalid data
points in order to avoid irrelevant training.

* What if we applied this method? Or clamp
the data at the training session.

Invalid pointOj|A 2AE
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[ 6000step] L diff: 1.316E-01

DiSCUSSion Latest Model saved
KPCN 100% | HHHHHHHHHHH

Avg. PSNR: 27.202
[ 6200step] L _diff: 1.049E-01
[ 2000step] L_diff: 6.924E-02

Kernel prediction

Best Net saved

* For the test images, the performance of t atast Model savnd
. 100% | tHHHHHHHHHHHHHH
the KPRCAN is the best. KPRCN IO HECRE
: Learning Rate Changed to 2.0000E
e But if we set the same layer number for the [Eaggsggtei]i_ﬁ;?? 1.2995-51
KPRCAN, it achieve the best performance. [ 800step] L _diff: 1.986E-01
100% | tHHHHHHHHHHHHHH R

KPRCAN Avg. PSNR: 27.734]

_ [ 825step] L diff: 2.137E-61

(Explamed later) KPRCAN Learning rate changed to 1.28E-€
l@@"’ni NN NN NN R ECEIEIEIEIECEIETETETErETEE
Avg. PSNR: 30.256

4 Block [ 225step] L_diff: 1.592E-01

* However more careful modification is required.




Discussion

Network structure

5x5 conv

* In terms of the receptive field, stacking two 3x3

layer has same size of receptive field with one
5x5 layer.

* In addition, ResBlock require at least two block
between the skip connection
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| Kernel Prediction model

Network structure

[ 6000step] L_diff: 1.316E-01

* The KPRCAN 4 Block has same size of 8 of 5x5 conv layer body KPCN ST
receptive field and number of layers with (Total 10 layer) Avg. PSNR: 27.202
[ 6200step] L diff: 1.049E-01
the KPCN. 1
[ 2000step] L diff: 6.924E-02
. Ci - Best Net saved
Since this network does not use the Batch het bt e
normalization, it cannot use large number L00 T
£ 8 of 5x5 ResBlockbody ~ KPRCN  |[ARESCHEIRr:
OTiayers. (Total 18 layer) Learning Rate Changed to 2.0000E
* Furthermore, this model is extremely [ 2200step] L_diff: 1.299E-01
o o [ 80@step 1.986E-01
sensitive so we need to modify this 8 of 5x5 SEBlock body KPRCAN 1007 | HHEEHHH R
network carefully. Avg. PSNR: 27.734
(Total 18 layer) [ 825step] L diff: 2.137E-01
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| Team Contribution

* Cheolmin: Baseline Code
* Nick: Experiments on Baseline

e Minki: Extended Models
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| Back up

Table 2: Quantitative results about color image denoising. Best results are highlighted.

Method Kodak24 B5D68 Urban100

) 10 [ 30 | 5 | 70 10 [ 30 [ 5 | 70 10 | 30 [ 50 [ 70
CBM3D 36.57 | 30.89 | 28.63 | 27.27 | 3591 | 2973 | 2738 | 26.00 | 36.00 | 3036 | 27.94 | 26.31
TNRD B4.33 | 2883 [ 27.17 | 2494 | 3336 | 2764 | 2596 | 2383 | 33.60 | 2740 | 2552 | 22.63
RED 34910 | 2901 | 27.62 | 2636 | 3389 | 2846 | 2635 [ 25.09 | 3459 | 20.02 | 2640 | 2474
DnCNN 36.98 | 31.39 | 29.16 | 27.64 | 36.31 30,40 | 28.01 | 26,56 | 36.21 | 3028 | 2816 | 26.17
MemNet N/A 2067 | 27.65 | 2640 N/A 28.39 | 2633 | 25.08 N/A 28.93 | 2653 | 2493
[IRCNN 3670 | 31.24 | 28.93 N/A 36.06 | 30.22 | 27.86 N/A 3581 | 30.28 | 27.69 N/A
FFDNet 36.81 31.39 | 29.10 | 27.68 | 36.14 | 3031 2796 | 2653 | 3577 | 3053 | 28.05 | 26.39
RNAN (ours) | 37.24 | 3186 | 2958 | 2816 | 3643 | 30.63 | 28.27 [ 2683 | 36359 | 3150 | 29.08 | 2745

Table 3: Quantitative results about gra

y-scale image denoising. Best results are highlighted.

Vethod Kodak24 BSD6S Urban100

' 0 [ 30 [ 30 [ 70 0 [ 30 | 30 [ 70 0 [ 30 | 50 | 70
BM3D 3330 | 20.13 | 2600 | 2573 | 3331 | 27.76 | 2562 | 24.44 | 3447 | 2875 | 2504 | 2427
TNRD 3441 | 2887 | 2720 | 2495 | 3341 | 27.66 | 2507 | 23.83 | 33.78 | 2740 | 2550 | 2267
RED 35.00 | 2977 | 27.66 | 2630 | 3399 | 28.50 | 2637 | 25.10 | 3401 | 20.18 | 2651 | 24.82
DnCNN 3390 | 2062 | 2751 | 2608 | 33.88 | 2836 | 2623 | 24.90 | 3473 | 2888 | 2628 | 24.36
MemNet N/A | 2072 | 2768 | 2642 | N/A | 2843 | 2635 | 25.00 | N/A | 20.10 | 2665 | 25.01
RCNN 3476 | 2053 | 2745 | WA | 3374 | 2826 | 2615 | N/A | 3460 | 2885 | 2624 | NiA
FFDNet 3481 | 2070 | 2763 | 2634 | 33.76 | 2830 | 2620 | 25.08 | 3445 | 29.03 | 2652 | 2486
RNAN (ours) | 35.20 | 30.04 | 27.93 | 26.60 | 34.04 | 28.61 | 2648 | 25.18 | 3552 | 30.20 | 27.65 | 25.89
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