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* https://www.fonedog.com/ko/photo-compress/compress-jpeg.html

Introduction

* Image Compression?
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Introduction

» Image Compression in Real-World Application

- Send high-quality videos efficiently — Low latency, better experience

-Video Streaming

:=YouTube, Netflix, Tiktok, Twitch, Meta
-Video conference

= Zoom, Skype, Webex, MS teams
-Website

:'= Naver, Google, Kakao

:'= Aliexpress, Amazon, Baemin
- Gaming: Download game faster

:': Steam, Nexon, Smilegate

- Optimize storage space by compressing images

-Cloud Storage

:': Google Drive and Dropbox
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Pipeline of traditional Image Compression: JPEG
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Pipeline of traditional Image Compression: JPEG

MBA A +

—_ —_ O

Downsampling

»
»

DCT

A 4

Quantization

»

Entropy
encoding

g Inverse transform

Decoding +

- MZ7HHZA (RGB to YCbCr) + Chroma Subsampling (Downsampling)
* DCT (Discrete Cosine Transformation)

Quantization

 Encoding

 Decoding & Inverse transform

A

- Zigzag Scanning

- Huffman coding
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Pipeline of traditional Image Compression: JPEG

M A +
Downsampling

A 4

DCT

Entropy
encoding

A 4

A 4

Quantization

Decoding +

g Inverse transform

« MZZHHZ (RGB to YCbCr) + Chroma Subsampling (Downsampling)

- MZ 7 HZA (RGB to YCbCr)
-Y: Brightness, Cb,Cr: Chroma
» Chroma Subsampling (Downsampling)
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CHROMA (U+V) FINAL PIXEL (YUV)
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LUMA (Y)
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Pipeline of traditional Image Compression: JPEG

MBI HY +
Downsampling

Entropy Decoding +
encoding Inverse transform

A 4
A 4

DCT Quantization

» DCT (Discrete Cosine Transformation)
.0|0|X|E8x8 S 2 16x16 EEC 2 2S5t Zt 220 C
-DCTE &%l s{FE8E & Fa-dE(xEe, ydet Fh-d &2 27|)2 #Heke
OGS YR

~Low Frequency: O|O|X| S| H{ &, & 1 # Yot M FY 2 E
-High Frequency: O|O| X[ 2| ZtEXt2[, M RTH EI AKX, W2

1
Low Freq. High Freq.
>
139 144 149 153 155 155 155 155 12506 -1 -121 52 21 -17 -27 13 DC . l I|III “”IIII"
144 151 153 156 159 156 156 156 226 175 62 32 29 01 04 -12 -’A

150 155 160 163 158 156 156 156| [DCT |09 93 -16 15 02 -09 -06 -01 -tnm

150 161 162 160 160 159 150 150 71 49 02 15 08 01 0 03 -sE mﬂ
| .
159 160 161 162 162 155 155 155 - 06 -08 15 16 -01 -07 06 13 iﬁﬁﬂ

161 161 161 161 160 157 157 157 18 02 16 03 08 15 1 1 =;§E
===

===5
V —

162 162 161 163 162 157 157 157 -13 -04 -03 -15 -05 17 11 08

o
i
e
i
=E
=B

High Freq.

162 162 161 161 163 158 158 158 -26 16 -38 -18 19 12 -06 04

Image Block (8x8) DCT Applied

Subsampled Image
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Pipeline of traditional Image Compression: JPEG

MB2tHE + . Entro Decoding +
<. > DCT »  Quantization > Py > g
Downsampling encoding Inverse transform
« Quantization
L o A L - —
- Low Frequency= &2 £=Z L+, High Frequency= = T2 L= & B2 &l

o =T [ =T L = old

AR 2 AF00 = £k, M40 = o 2dst7| =0 825 gF

L (@) =
HAHsHe goz erse
Ll - = =TT |
- A 20| Hatot= 59| 7t a=mr Hg H2lH|, o[ A0 Z|H block
- —t o

artifact’} & st= & 2!
12596 -1 -121 -52 21 -17 -27 13 16 11 10 16 24 40 51 61 -79 0 -1 0 0 0 0 0
-226 -175 -62 -32 -29 -01 04 -12 12 12 14 19 26 58 60 55 -2 1 0 0 0 0 0 0
-109 -93 -16 15 02 -09 -06 -0.1 14 13 16 24 40 57 69 56 -1 1 0 0 0 0 0 0
71 -19 02 15 09 -01 0 03 14 17 22 29 51 87 80 62 -1 0 0 0 0 0 0 0
-06 -08 15 16 -01 -07 06 13 18 22 37 56 68 109 103 77 - 0 0 0 0 0 0 0 0
18 -02 16 -03 -08 15 1 -1 24 35 55 64 81 104 113 92 0 0 0 0 0 0 0 0
-13 -04 -03 -15 -05 17 11 08 49 64 78 87 103 121 120 101 0 0 0 0 0 0 0 0
26 16 -38 -18 19 12 -06 04 72 92 95 98 112 100 103 99 0 0 0 0 0 0 0 0

DCT Applied Quantization Table Quantized applied

R B THEED

SOGANG UNIVERSITY

— elementwise division

VDS

LAB


http://www.xway.kr/pds2/26694
https://mvje.tistory.com/86?category=1033082

)
2)

Pipeline of traditional Image Compression: JPEG

MBI A + n ing +
NY DCT Quantization > SINET ,|  Decoding
Downsampling encoding Inverse transform

A 4

A 4

* Entropy Coding
- Zigzag Scanning
-A M EEe 2 AT 0] 1K HEH = Bt
- Huffman encoding
—ﬂ%%&&f#ﬂ@E%%%OEHMMm$§§§a%amwma§$ﬂa9§

Q2. 0] T Ak 0| 2410] LHAISIR| oS

-—0 0 0 0 O
0
0

-79—0
2‘;/ O 0 0 o0 Zigzag Scanning
V%0 0 0 0 o o| EmmEEE) [79,0,-2,-1-1-10,0-1-1]

HEREREIAN

o

o 0 o 0 0 0 0 0 Huffman encoding
RERRRAAY
0 0 0 0 0 0 0 0 '

O 0 0 0 0 0 0 O [11011, O, 111, 10, 10, 10, 0, 0, 10, 10]

Quantized applied
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Pipeline of traditional Image Compression: JPEG

AH _LDI_I- U;i A 4 . . [
< DCT Quantization Entropy | sl =
Downsampling encoding Inverse transform

A 4

A 4

A 4

» Decoding & Inverse transform

M FARE DFe| JubE s sAotHA, O|0|X| & =H

Original Block

-Huffman decoding

139 144 149 153 155 155 155 155

—Dequantization 144 151 153 156 159 156 156 156
) 150 155 160 163 158 156 156 156
-1-DCT(Inverse - Discrete Cosine Transformation) 159 161 162 160 160 159 159 159

159 160 161 162 162 155 155 155
161 161 161 161 160 157 157 157
162 162 161 163 162 157 157 157
162 162 161 161 163 158 158 158

-79 0 -1 0 0 0 0 0 1264 0 -10 0 0 0 0 0 142 143.9 146.9 0 2.3 153. 3.8 153.
[11011, O, 111, 10, 10, 10, 0, O, 10, 10] 169 190 1023 1535 1538 1587
-2 -1 0 0 0 0 0 0 -24  -12 0 0 0 0 0 0 148.7 150.2 152.6 154.9 156.4 156.8 156.4 156
-1 -1 0 0 0 0 0 0 De- -14  -13 0 0 0 0 0 0 157 158 159.5 160.6 160.7 159.9 158.7 157.8

guantization I-DCT
- -1 0 0 0 0 0 0 0 -14 0 0 0 0 0 0 0 161.6 162.2 162.9 162.9 162 160.2 158.1 156.8

Huffman decoding -
0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 161.6 162 162.4 162.1 160.7 158.4 156.1 154.6
l l l l l l l l l j 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 160.1 160 161.2 161.1 159.9 157.9 155.8 154.4
0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 159.7 160.6 161.5 162 161.5 160.1 158.4 157.2

[-79,0,-2,-1,-1,-1,0,0, -1, -1] -
0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 160.2 161.2 162.6 163.6 163.6 162.6 161.3 160.4
Quantized applied DCT applied Reconstructed Block
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1) https://mvje.tistory.com/87

Pipeline of Neural Image Compression

* Neural Image Compression

- SAXY BEO| AF23}= Neural Image (lossy) Compression method= 7| =X Q1 JPEG
&= g[Sy Yot ool =2t elZ 7+

7|Z0|| DCTE A H Transform 2’3 = Artificial Neural Network = IZH 7<1|°F

-Neural network7t O|O|X| 282 H &2%t EHY =2 F=SIEE A & S5 &[0, color
subsampling + DCTELCH & O Fo|0|ot BEE F=¢ + US AO|2} 7|EHE|7| [T =
< AE, VAEs, GAN
MDA + . : Decoding
Downsampling DCT Quantization Entropy Coding (Entropy ~ DCT)

Traditional Image Compression

A 4

[ Neural Encoder ]—> Quantization
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1) BALLE, Johannes, et al. Variational image compression with a scale hyperprior. In: International Conference on Learning Representations. 2018.

Pipeline of Neural Image Compression

* Neural Image Compression

Neural Encoder

- Latent Encoder

- &£ image x& latent representation y (=~feature) = H=t
- Hyperprior Encoder

— Latent representation2 2 2 E{ hyperprior ==

;= Hyperprior: Decoding 218 & 0f| latent representations & O & R E2SH7| 2o 27t
7('|E
o

\ 4

Inputimage x — Latent Encoder g, Hyperprior Encoder h, |—>

R A | &l;_.n_ VDS
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1) BALLE, Johannes, et al. Variational image compression with a scale hyperprior. In: International Conference on Learning Representations. 2018.

Pipeline of Neural Image Compression

* Neural Image Compression

Neural Encoder |—| Quantization Entropy Coding

- Quantization
— Latent representation, hyperpriorOf| quantizations =2i5}0{ O|O|E & &%=
- Entropy Coding
- U X}2H=l latent representation 2t hyperpriorE 2282 2 ¢S
' Huffman Coding: A4t S& = 7F S X2 &= & 0| arithmetic coding0fl B[S %=
;' Arithmetic Coding: Al4t ST E=7F =X T Y=E0| =3

. y . 4
Inputimage x — Latent Encoder g, » Hyperprior Encoder h,
A A
[ Quantization ] [ Quantization ]
1 1
[ Entropy Coding ] [ Entropy Coding ]
A 4 A 4 -
. Quantized
Quantized data | 10101110100.. 01100010101.. Hyperprior
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1) BALLE, Johannes, et al. Variational image compression with a scale hyperprior. In: International Conference on Learning Representations. 2018.

Pipeline of Neural Image Compression

 Neural Image Com

pression

Neural Encoder >

Quantization

Entropy Coding

Entropy Decoding

\ 4

Neural Decoder

- Hyperprior Decoder

-DecodingSt0| &2 hyperprior2 £ E £7H 20| CH$t latent representations = A

- Latent Encoder

1=

-DecodingSt0| -2 latent representationdt hyperpriorS HIE S £ imagex E S &

Input image x

Reconstructed
image X

A B
S

SOGANG UNIVERSITY
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y

\ 4

Hyperprior Encoder h,

A
[ Quantization ]
|

[ Entropy Coding ]

A 4

Quantized data | 10101110100.. |

[ Entropy Decoding ]

<+ Latent Decoder g

A

[ Quantization ]
|

[ Entropy Coding ]

A

y

| o1100010101.. |

Quantized

Hyperprior

[Entropy
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Background

» Quantization
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- Type of Quantization

- Scalar Quantization

He g2 SYHoE YR

EIEIE
R - | - [ -
-1.74 -1.76 —

g ovosnot 5z e NN
-Vector Quantization

O gro| &eh2 StLEe| CHE 4r2 2 XLt (ex: Clustering - Centroid)

H =

2 O BB V=(v1,v2,v3, ...)E Codebookd| EXSt= HE & 7H& 7112 HEH 9
index i 2 B35} 1“
Codebook
O.:.o: 1 . g:..‘:o 1. 2.
XN ’ o"}o .o.. 0 3 5
Encoder |—— ol oo %0’ ) Encoder q ° b Decoder
0 %%l% o o \ 4/
\Zf..-“" Zq
AW U VDS
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Neural Image Compression with text information
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Neural Image Compression with text information

 Image Compression with text information

- Neural Image CompressionOi| A{ text information= Z=7}ot0| &2 7

-Of2hof &+ 7HA| etof tiet ==& € 2700t AL g

-HIAE HEE 223510 0|0|X|2| semantic informationS 7t S 2 M, bitrate 7}
STt o 2 SHOtM = OFE|T E (block, ringing) S X235t 222 /X

“HAE 7|Uo|0|X| §EE

Quantized

Feature
Input image—»| Encoder :E Transmission Decoder » Reconstructed image x
Text—> ? ?

Image Compression Module Image Decompression Module
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1) RADFORD, Alec, et al. Learning transferable visual models from natural language supervision. In: International conference on machine learning. PMLR, 2021. p. 8748-8763.

Neural Image Compression with text information

 Background
-CLIP

- Image embedding2} text embedding Zt2| contrastive learning=S Sl 2 &2 St&

- X} 0] & guidance 2 83}, image encoder?t & O 2|0] Y= featureS FESI =
[o)
/ H(d

- Large-scale dataset2 2 2r& 010 Z & Dt representation s &2 410 0, zero-shot vision
taskO| A & 7ts

(1) Contrastive pre-training

(2) Create dataset classifier from label text

Text
““““““““ T Encoder ] }
4 Y Text
| Encoder
T T, T | Tx
[
— L LT | T, LT T
|5l LT, (Gl 1T LT (3) Use for zero-shot prediction ¥ ¥

{11
ga
o
«Q
o
o
o
-
-
fiey
&
=
Y
m_
g8
Y
2 =
2 =
3 =
- =

L Iy INT) | INTy | INT3 . InTy
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Paper Review

Towards image compression with perfect realism at ultra-low bitrates (ICLR 2024)

Marlene Careil, Matthew J. Muckley , Jakob Verbeek , Stéphane Lathuiliere
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1)

Careil, Marlene, et al. "Towards image compression with perfect realism at ultra-low bitrates." The Twelfth International Conference on Learning Representations. 2023

Introduction
e Motivation
. 7| & image codec?| X

- Typical image codecs optimize the balance between bitrate (compression ratio) and distortion

- In traditional image compression methods, lower bitrates usually result in a significant
degradation of visual quality due to compression artifacts (e.g. block, ringing effects)

- Diffusion Models

-U=E OO ME HEE SRSt O FHOH 522 71X JUS
— Latent diffusion 7|5t 2RI 2 textE 7|HIQ Z O|O|X|E MY 4= Yoy, &0t oL 2}
diffusion 2’H 0| =718 0l HEE X|Z5l0 &== HO|HE 1A Ho=H =28 &
=
R B TUSED
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1) Careil, Marlene, et al. "Towards image compression with perfect realism at ultra-low bitrates." The Twelfth International Conference on Learning Representations. 2023.

Method

» Encoding local and global context

- Local spatial encoding - Encode image to get local context
-Encode the image to capture local context
:': LDM encoder: Image (512 x 512) — Feature x (4 x 64 x 64)
;= Hyper encoder: x — hg (h x w), ECF § 22 37| 9| featureZ Y=
::: Vector quantization: x — z4(= z;) (~log,V, V:size of codebook)
- Global encoding with image captioning
-Use an image caption model to generate text captions from the image
:': Image caption model (BLIP-2 or IDEFICS): Image — Text captions

:;: Text encoder: Text caption — z,

f&gﬁ Text
R |mage Caption N Text

| Captioning J Encoder

4

x Hyper hg - "
Quantization

J

Conditional
Diffusion

Input image

Recon.
image

L

|

i

Model

Diffusion loop

Codebook
g B THEED
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1) Careil, Marlene, et al. "Towards image compression with perfect realism at ultra-low bitrates." The Twelfth International Conference on Learning Representations. 2023.

Method

 Decoding with a diffusion model

- Feed local and global feature to diffusion model
-Upsample local feature z; and concatenation with the latent features x, of the current time step

- Pass the global feature z, to the diffusion model as the condition through cross-attention layers
of the pre-trained diffusion model

Latent Space éon—admonm
Diffusion Process emanhq
Map

Denoising U-Net g5 ZT Text

i n = Repres |
. | - entations| | |
po Q
HD< KV KV Igtv KV moged :
1
|
|
|

Pixel S [
xel ce.
pa

To
bq ! 2 T [
deneising sLJp crossattention  swilch skip connection concat —

. CIaSSIerr_free g u Idan ce Figure 3. We condition_LDMs eith‘er via concatenation or by a

more general cross-attention mechanism. See Sec. 3.3

-To enable classifier-free guidance, we train PerCo by dropping the text-conditioning in 10% of
the training iterations

-When dropping the text-conditioning we use a constant learned text-embedding instead

€g = Eg(mt, (Zg,@),t) + g (Eg(ict, (thg),t) — 69(33,5, (Zg, @),t))

R B THSED VDS
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1) Careil, Marlene, et al. "Towards image compression with perfect realism at ultra-low bitrates." The Twelfth International Conference on Learning Representations. 2023.

Method

* Loss setting

- Traditional loss setting in neural compression
- Linear combination of rate (compression ratio) and a distortion term.

—-We use fixed size latent vector z(size of codebook). Therefore, L can be considered fixed

Lrp =Ep,[Ep, ,Lr(2) + Ap(2(2), )]

- Vector quantization loss
- Codebook learned using the vector quantization loss

-We update codebook with EMA, and thus the first term in Equation (4) is no longer used

|sg(hs) — qu% + ||59(Zq) - hSHE]

- Distortion loss in diffusion process

- For every diffusion step t, we compute an estimation and minimize error between estimation
and gt

Liig < Ep,Ep

z, @y |@

E € —€glaxy, z,t 2.
EN.N'(O,l)H ( ty <~ )”2

P iR , [vos]

SOGANG UNIVERSITY



Method

1)

* Full pipeline of the model

Image

Captioning

Text

Caption

"
Arithmetic

coding

Quantized
Feature

—| 01100010101..

)
Quantization
+Arithmetic —>| 10101110100..

Careil, Marlene, et al. "Towards image compression with perfect realism at ultra-low bitrates.” The Twelfth International Conference on Learning Representations. 2023.

E
. =0T |« Hyper hs
Input image g8 Enggder X
& \ codlng y, Quantized
A Feature
e
Codebook
N——
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1) Careil, Marlene, et al. "Towards image compression with perfect realism at ultra-low bitrates." The Twelfth International Conference on Learning Representations. 2023.

Experiment

» Metrics
- Quantify image quality
-FID, KID
- Measure distortion
-LPIPS, MS-SSIM
- CLIP score

- Measure global alignment of reconstructed samples with ground truth caption (Higher is better)

» Dataset
- Kodak
- MS-COCO

R A | &l;_.n_ VDS
S
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1) Careil, Marlene, et al. "Towards image compression with perfect realism at ultra-low bitrates." The Twelfth International Conference on Learning Representations. 2023.

Experiment

« Comparison with SOTA

- PerCo= =2 bitrate(<0.04 bpp)Of| A SOTA01I H|SH FID 3 KID7t £ 2, bitrate 2}

- O L o
2HA B0 22tH el 955 HOl= As =2

-CLIP & mloU X|HO|A = CIE 2= 80| Higff 2o 2 22 52 EY

—8— PerCo =#*=- PerCo-Image —h— VTM HiFiC
—— MS-ILLM —»— Text-Sketch —&#— DIRAC —&— MS-PatchGAN
Kodak MS-COCO 30k MS-COCO 30k MS-COCO 30k
, f > 80
» 30
el 29 60
28
d - T 40
27
20
26
01 25 0
1072 10-! 1072 10-! 1072 107!
Bits per pixel Bits per pixel Bits per pixel
08 50
. 0.7 0.06
: 0.6 40 0.05
’ n0.5 3 5004
. 504 E 30 20,03
' 03 20l <7 0.02
02 0.01
' 0.1
0.0 10 0.00
' -2 107 0-? 107 10-2 10-* 1072 107
Bits per pixel Bits per pixel Bits per pixel Bits per pixel

Figure 3 Evaluation of PerCo and other image compression codecs on Kodak and MS-COCO 30k.
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1) Careil, Marlene, et al. "Towards image compression with perfect realism at ultra-low bitrates." The Twelfth International Conference on Learning Representations. 2023

Experiment

« Ablation studies

- Diversity in reconstructions

_O|4MoRE 02 H MBS E U 2T o|0|X|9f S US| 2 o} T
o

H =
29 22 3t H|O|E, bitrate®| HTHO.E QI8 O] = WASA| 248
_E3| W2 bitrate O M= Y= ME0| ChEt MR I 0|, ME 7ho| CHEAO| O HA

Figure 6 Reconstructions of a Kodak image at 0.003 and 0.011 bpp. Best viewed zoomed in.
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1) Careil, Marlene, et al. "Towards image compression with perfect realism at ultra-low bitrates." The Twelfth International Conference on Learning Representations. 2023.

Experiment

« Ablation studies

- Conditions of modality
-PerCoE E 7t [ text S spatial(image) condition= 2= Z AFESIOY 7|2 E &4
- Generated caption: BLIP-2, IDEFICS & GT Caption
- Spatial Encoding 2t At&5t= 4%, FID2L CLIP E==7F BO{ &
-Text Encoding AF2 3= A2, LPIPS2t mloUNM H50| %2 4 g =0l

- Caption0f| &2t 0| FID= H 2| OMOHH BLIPZ LPIPS, mIOUO|| A, XtM|ot H = St=
IDEFICS= CLIP H7I =2 A& =9l

—+— PerCo w/ BLIP2 captions PerCo w/ IDEFICS captions —e— PerCo w/ GT captions —=— PerCo w/ only Spatial Encoding
®m  PerCo w/ only Textual Encoding - BLIP2 PerCo w/ only Textual Encoding - IDEFICS = PerCo w/ only Textual Encoding - GT
35 0.8{mw 50 30
301 0.7 a5 29
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1) Careil, Marlene, et al. "Towards image compression with perfect realism at ultra-low bitrates." The Twelfth International Conference on Learning Representations. 2023.

Experiment

* Qualitative Results

- SEHE O 2 BF2 pitrate A £, EF 22O H|SH S &2 FXI0IHA & 22| semantic
(@)
=)

==
information2 x| Lt S X| 6= AES sholst 4~ Q)

Original MS-ILLM, 0.0065 bpp Text-Sketch, PIC, 0.0025 bpp PerCo (ours), 0.0032 bpp
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1) Careil, Marlene, et al. "Towards image compression with perfect realism at ultra-low bitrates." The Twelfth International Conference on Learning Representations. 2023.

Experiment

* Qualitative Results

- Bitrate H<t0f| [h2 A0t H| W, S EHE O 2 pitrate7} S OFE image quality= = X| T,
H= O[O X|o §E & **'Ol 0| Zdot A= 2ol
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Paper Review

Neural Image Compression with Text-guided Encoding for both Pixel-level and
Perceptual Fidelity (ICML 2024)
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1) LEE, Hagyeong, et al. Neural Image Compression with Text-guided Encoding for both Pixel-level and Perceptual Fidelity. In: Forty-first International Conference on Machine Learnin:

Introduction

« Motivation

- Neural Image Compressmn with text information 2'#-2 =2l = 0| 0| X| 2| perceptual

qualityE A ZX| T pixel EHR[Q| H=H 2 7F O B0 AFEO| Mgt &
7| E U ZEO| A2 decoding I T E text TEE FTO| L=SHHA 2ot
=4 =l "2 F global semantic information= text2 X FHA =2 74
- StX[ Bt text2 F B 22 informationO| 22 O|0|X| e} &S E|HLE, CHEA| 2-&5t=
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1) LEE, Hagyeong, et al. Neural Image Compression with Text-guided Encoding for both Pixel-level and Perceptual Fidelity. In: Forty-first International Conference on Machine Learning.

Method - TACO

« Text information injection — baseline@! ELIC encoder0l| text adapterE 37t

- CAl: Text — Image - Updates image features based on text tokens
- Text caption2 2 2 H clip text embedding2 ==t 2, linear layerE A%l 2 CA +=H
- CA2: Image — Text - Updates text tokens based on image features

- CA3: Text — Image - Updates image features based on updated text tokens

- CA (Cross Attention)
« Loss: Joint Image -Text Loss reolored - ~ ~
- Standard loss | SEP SR S 2T 2 i E
-Rate: r(-) DU o - &
e 1
- Distortion: MSE d(-, -), LPIPS(-, ) ”m]I: — H[ - _l mnlk
r(y) + A-d(x, X) + kp - LPIPS(x, X) + kj - Lj(x, X, ¢) a k“” _ U o J)
e L
- Joint image-text loss TR [ ()
-reconstructed image to be semantically close a 2 - 2‘; ;: —
to the given text and the original image . | ) L )

Li(x, X, ¢) = Leon(fi(R), f1(0) + B - || fi(x) = fi(Dl2.
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1) LEE, Hagyeong, et al. Neural Image Compression with Text-guided Encoding for both Pixel-level and Perceptual Fidelity. In: Forty-first International Conference on Machine Learning.

Experiment

« Compare with Image Compression Codecs
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1) LEE, Hagyeong, et al. Neural Image Compression with Text-guided Encoding for both Pixel-level and Perceptual Fidelity. In: Forty-first International Conference on Machine Learning.

Experiment

« Ablation studi

- Effect of Text Adapter (ELIC + Joint Image -Text Loss) & Joint Image -Text Loss
&g 0jXe A

€S

~Text Adapter@t JIF 2 5F 450 &
- Dataset: Kodak

018

o
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Figure 10. Without text adapter. We observe both CMMD and LPIPS substantially degrade, while there is a tiny gain in PSNR.
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Figure 11. Without joint image text loss. We observe LPIPS severely degrades, while PSNR remains similar, with a tiny gain in CMMD.
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1) LEE, Hagyeong, et al. Neural Image Compression with Text-guided Encoding for both Pixel-level and Perceptual Fidelity. In: Forty-first International Conference on Machine Learning.

Experiment

 Ablation studies
- Caption dependency

- Human and GPT-47} 7}% =2 45 EO[L}, & XO| 7} LIX| &
- Computational cost, memory efficiency

-Baseline@! ELICO|| H|3H computing timeO| 10%, LtZ2}0|E{ 9| AL 2f 65M S 7+5IU 2 Lt

EF BT O TS| 20| Qs RHYS = 4 A

Human OFA BLIP-2 GPT-4
(Chen et al., 2015) (Wang et al., 2022) (Li et al., 2023) (Achiam et al., 2023)
LPIPS 0.0435 0.0435 0.0435 0.0435 Modules Parameters (M)
PSNR 27.42 27.41 27.41 27.42
— — ELIC 36.93
Caption Dependency LIC-TCM 4541
Enc. (ms) Enc.@High (ms) Dec. (ms) Total (ms) HiFiC/MS-ILLM 181.72
LIC-TCM 112.07 960.99 125.26 237.33 TACO 101.75
MS-ILLM 70.39 800.45 53.74 124.14 .
ELIC 71.35 79341 102.07 173.42 Memory Efficiency

TACO 78.60 (+10.2%)  832.07 (+4.8%) 102.98 181.58

Computational cost
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1) LEE, Hagyeong, et al. Neural Image Compression with Text-guided Encoding for both Pixel-level and Perceptual Fidelity. In: Forty-first International Conference on Machine Learning.

Experiment
 Qualitative Results

“A young woman sitting on the grass wearing a hat and glasses”

Original TACO MS-ILLM LIC-TCM

“An old piano with books and a lamp on it”
0.065 bpp

Original 7
0.080 bpp

. MS-ILLM
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Conclusion

« MEX 2l image compression
- Chroma Subsampling — DCT — Quantization — Encoding — Decoding
 Neural image compression

- Neural encoder — Quantization — Encoding — Decoding — Neural defcoder

 Neural Image Compression with text information
- PerCo

- Diffusion modelO]| text condition, image information= 0 S & A|Z 22 M bitrate 7}
S MO Z Lo & OtE| E (block, ringing) & X|A3tst 0 EE S KX

- ot X| 2, bitrate7} K= [ S|0[HL =2 ZX| 2 =1 CHEA SR = 8271 2
- TACO

- 7|2 neural image compression model O] text adapterE F715to] ALtk 5l O 2 2| of
X

detS O[X|X| G, 42 the| =tz 5 o X[X| 2B 20| §E &S S5 =X
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