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1. Laplacian pyramid & &8s




1. What is GAN?

real images }
Generator ——— fake images Discriminator ——s realorfake?




2. Laplacian pyramid
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Blur and 1/16 resolution
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3. Our model

- Generator
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4. Experiments

- GIO|E{AMIS. CelebA2t CIFAR-10 HIX|OH3 C|O|E{AIS E7+ Q0] AL
stoCt

- Optimizer= AdamW=2 AFR35197 1 learning rate= 0.0002, betas
= (0.1, 0.999), weight_decay= 0.000025 ArE3HL}

- 47} X|£ == FID(Fréchet Inception Distance) score
@t LPIPS(Learned perceptual image patch similarity)= E7 s,



5. Results

B oi319| H|oF HElo| AjASH o|O|X]

m.@ e 3
2 J81%15 2 187
E@Hs%ﬁ@

w@mm B




5. Results

NLJ M@
T




5. Results

- FID Score, LPIPS score H|1!

FID score 159.12 112.07

LLPIPS score 0.4803 0.5063




6. Future works
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- OIo|E] &40 M2| Laplacian pyramid



2. Categorical Similarity Learning




1. Similarity Learning
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A [1%! 1] Similarity Learning




2. Related Work

contrastive loss contrastive loss contrastive loss
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A [1%! 2] Momentum Contrast for Unsupervised Visual Representation Learning




3. Categorical Similarity

x; :[0,2,1,1,3,..,2]

A [1%! 3] Categorical Similarity




4. Method

e

Encoder

e

AvgPool

Input, Feature maps, Output,
(64x64x3) (4x4x512) (N, Ng)




4. Method

- y,=1002110,..,4 ¢ = [2]

Max K-modes

Output, Prediction, |
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5. Experiment
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5. Experiment
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3. Corregularization

. FilterZF Gram matrix& ©[&3f Loss function design
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1. CNN Filter

3x32x32 image

YV 7
- () —
32 6x3x5x5
filters
32 UUUUU

6 Activation maps,
each 1x28x28

A [2 1] CNN Filter (1)




1. CNN Filter

A [32! 2] CNN Filter (2)




2. Gram Matrix

nle Gram Matrix
n'H x n'w !
=C—'
! > =
nc X ;ﬁ_
s
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A [%] 3] Gram Matrix2| 2|




3. Method

[
»

vectorization
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3. Method
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3. Method: loss term<2| 2|0}
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3. Method: First Experiment

Data set : CIFAR-10
Model : Vanilla CNN

loss curve
—— train-base
L6 4 === test-base
) — train-corregularization
——- test-corregularization
149 ~
1.2
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081

A [22] 4] Loss curve (1)
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A [12] 5] Correlation value




3. Method

N .1




3. Method: Grouping
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3. Method: Grouping
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3. Method: Second Experiment

loss curve
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4. Conclusion
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5. Future Works
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In-Home Emergency Detection Using an Ambient Ultra-Wideband Radar Sensor
and Deep Learning
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3. M|oF B

- Background: Whisper Model
: 20223 OpenAlof|M BFESE STT(Speech-to-Text) 2!

Sequence-to-sequence learning

EN [2% 0.0 | The |quickbrown ... Output TeXt
! ) A
next-toki
predicti
o =
~ 1 ™
MLP | [ crossattention |
~ | o | =
o
: €
Transformer IS g
Encoder Biocks " —— i Transformer
. 2 Decoder Blocks
I self attention S N [ cross attention |
> A self attention
I MLP
| W N _/
Sinusoidal 1 > o=
Positional @—»g?
Encoding %#/ -/
Learned
2 x Conv1D + GELU 4 Positional
O MO A|Z+5}5H 1 Sncodng
|nput B o= T e SOT| EN ™ 6.0 | The |quick| ...
Mel-spectrogram T —
Log-Mel Spectrogram Tokens in Multitask Training Format

A [%] 1] Whisper Model Architecture




3. A|QF B

1. Whisper2| Encoder®| MLP Head £ &7t
> EncoderoiA 213 A3t 828

Sequence-to-sequence learning
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A [22] 2] Whisper Model2| E154




3. M|oF B

1. Whisper2| Encoder%| MLP Head & F7t
> EncoderoiA 213 A2 25
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A [12] 3] MLP Head Architecture




3. Aj¢F 2=

2. Whisper2| Decoder?t 445t Text FEZ 2|F Argh Ttk

o - L
Sequence-to-sequence learning —
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M L P Tne:{tj-token
- prediction
) ?eE 8 ER = 2
[ MP ]
Head _ . ——
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~ — -/ c |
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Transformer I } \ = e | ™
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] Decoder Blocks
I 2
\ — V. © »
(" “‘
I \ 4
4 R
sef attention
- — J
. (_cross affention
Sinusoidal 0 » ==
Positional D
Encoding A ~ A J I
Learned
/2xConv1D+GELU \ 9(—| % | Positional
A Encoding
SOT | EN |‘Cmee| 0.0 | The |quick | ...
Log-Mel Spectrogram Tokens in Multitask Training Format

A [22] 2] Whisper Model2| E434




3. M[Qt

I
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3. 7| &0 AMgE|H

2HCHSHCNN 22 913 Ay 25

-?— EIL Aol'%l' —E—-ﬁ- Laver (type) Output Shape Paran #
Conv2d-1 [-1, 8, 80, 1500] 80

RelU-2 [-1. 8, 80, 15001 1]

MaxPool 2d-3 [-1, 8, 40, T&0] 1]

ConvZd-4 [-1, 16, 40, 376] 1,168

ReLU-5 [-1, 16, 40, 376] 1]

MaxPool 2d-G [-1, 16, 20, 188] 1]

a N\ Conv2d-7 [-1, 32, 20, 0] 4,640
RelU-8 [-1, 32, 20, 84] 1]

HaxPool 2d-9 [-1, 32, 10, 47] 1]

Conwz2d-10 [-1, B4, 10, 28] 18, 496

Rell-11 [-1, B4, 10, 28] 1]

CNN MOdeI MaxPoo| 2d-12 [-1. 64, &, 12] 1]
Convz2d-13 [-1, 128, &, B] 13,856

Rell-14 [-1, 128, &, B] 1]

MaxPoo| 2d-15 [-1, 128, &5, 3] 1]

Linear-16 [-1, 128] 245,888

Linear-17 [-1, 128] 245,888

Rell-18 (-1, 128] 1]

Dropout-19 (-1, 128] 0

Linear-20 [-1, B4] 3. 256

Linear-21 [-1, B4] 8,256

Rell-22 [-1, B4] 0

Dropout =23 [-1, 64] 0

Linear-24 [-1, 19] 1,235

Total params: B0O7, 763

Trainable params: BOY, VB3
Mon-trainable params: [

A [12] 4] CNN Model Architecture
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Label Text
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. Label Text
1. Whisper Model (Encoder, Decoder) 4 A
Encoder Decoder
: o] 445 1
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2. CNN Model
- CNN Modelo| A= H|Z/E M= S22 EMot=717
- LRP(Layer-wise Relevance Propagation)& ©|&3st &M

| prediction: 4 | label: 4 | time: 111.1@ FPS | —r‘lakol-%l- EI'XHAr_L

e) =
-! =T -._

| prediction: 7 | label: 7 | time: 100.00 fPs | 2|2k HI|A[LL

| prediction: 10 | label: 1@ | time: 99.89 FPS |-|—-|:LAO|-%|- .T'_lkl'_—'L

[22] 13] Mel-spectrogramz} LRP output
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3. Ensemble Model

- 1) Whisper Encoder, 2) Whisper Decoder, 3) CNN Model
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