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Background: Rectified Flow

+ Solve ODE: ~:6:(x) = u(éu(a)). eo(x) ==

« Conditional flow matching: £cam(®) = Evge)p, (el 0:(2) = wi(alan)],
« Reparameterize:  Lomi(0) = Ei o, pin) [0:(0e(20)) = (@1 = (1 = omin)0) [
* Reflow to make paths straight, distill at last step

* Boost sampling speed

e Rectified Flow

e L1ncar
Ses===Interpolation

11

(a) Linear interpolation (b) Rectified flow Z; (c) Linear interpolation (d) Rectified flow Z;
X: =tX1+ (1 —t)Xp induced by (Xp, X1) Zi =tZ1 +(1—-t)Zp induced by (Zp, Z1)

Liu et al. Flow Straight and Fast: Learning to Generate and Transfer Data with Rectified Flow. (ICLR 2023 oral) 2



N e 7

2 PEKING UNIVERSITY

Background: Stable Diffusion 3 (SD3.0)

. . Caption
Overview: Text-to-image framework B .

( cupGia ) cupiia ) TSXXL )

TeXt: l“’ - T7 + % tokens ;I i
ﬁi—; T
« SDXL dense embedding ﬁ] E s o

Pooled

Linear
A

« Conditioning at every timestep Cwr ) ( (5 ) (.
+ F—A¥) € ' 4{\%3

* Image:
° I Sinusoidal Encoding\l (' :MM-D:’T—B]ock : j
Latent 2X2 patching ( ) e
Timestep
* Positional embedding RS S —
» Use separate weights for 2 modalities e
Unpatching
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Background: Stable Diffusion 3 (SD3.0): MM-DiT

» Unet — Diffusion Transformer (DiT ?
( ) (_sw ) [—‘rﬂkﬁ
o . ] ( Linear ) C '—“’lw D
« Enable more condition inputs (timestep, label) T2 ¢

Adaptive Layernorm: scale + shift, gate

« Controllable training

« Concat for Q, K, V each ol ® T ole
< G
» Better multimodal alignment ol = =2
4 -/ \l/
0 D
| ]

(b) One MM-DiT block



Background: Rate-distortion Theory

« Rate: number of bits per data sample

 Distortion: preferably modeled on human perception / aesthetics

. 0 ifx==x . .
d(z,2) = {1 £z £ & d(z, ) = (z — &)°
» Problem formulation (MSE): nglé'm) Io(Y; X) subject to Do < D".

o= [ [ Perewe-vraa= [ [ Quaty|2)Px@)(e - o ded,

I(Y;X)=H(Y)~H(Y | X) =- / " Pr(y)logy (P (4)) dy + / ) f " Qrix(y | 2)Px(2) logy (Quix (y | ) de dy.



Background: Rate-distortion-perception Trade-off

IR >
NP P}
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« Gaussian random variable: R(D) > h(X) — h(D)

> logy(0%/D), if0< D < o2

R(D) =
(D) {U, if D > o2.

D 1 1 1 D
a 045 1 14 2 5_-2;

A+@ sRONN
LapSRN @8elfEx
EDSR “VDSR
[ Bae
SRResNet
MSE
SRResNet
VGG,
SRGAN Johnegn
Den
8 MSE SRGAN o\
® VGG, VGCy,
! L ENEt. MEChI'EZ 1
0.96 0.95 0.94 0.93
MS-SSIM

* No compressor/algorithm can go below red line

« RDP Trade-off: for visual quality, distortion must be sacrificed
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Background: Perceptual Compression (PerCo)

Training objective: Rate + Distortion £rp =Er, [Er, ,Lr(z) + ALlp(z(2), 2)].

. . - 2
Distortion loss: Lo =Er.Epr. _ _llzi—1 — @i—1(ze, 2)|, < ErEp, . E l}lle — eo(xe, 2. 1)[|3.

Hyper Encoder: latent — hyper-latent H; w/ smaller spatial resolution

Codebook trained with VQ loss: £va = Ex. [llsa(hs) — 243 + lsg(z,) — ks3] .

“ Image | :[‘*‘

Captioning | :ﬂt ext Encoder
. odebook

" Hyper |
Eng::npgér @ }N

Conditional
Z]

LDM
Encoder

¥

Diffusion Model
10101110100..

Y
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Background: Hierarchical Representations

« Break down problems to different scales
 Sharable features across levels

« Deeper layers — Higher levels

Area CV NLP
Low-level Pixels, Edges | Words, Phrases
Feature
Mid-level Patterns Syntactic
Feature Level 4
High-level Objects Semantic

Feature




Background: Visual Autoregressive Modeling (VAR)

@ wixs

PEKING UNIVERSITY

* Problem: Image data is non-sequential

« Modify AR: predict next token — predict next scale

Three Different Autoregressive
Generative Models

The cat sat by




Background: Visual Autoregressive Modeling (VAR)
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Stage 1: Training multi-scale VQVAE on images
(to provide the ground truth for training Stage 2)

W
§
h B

Y /4
/

b,_

» >

h

VAE encoding

« Complexity of AR: Z 2 = —n

ke
 Complexity of VAR: ) n; =

=1 i=1

Multi-scale quantization & Embedding Decoding

12 4+ 1)(2

g2 (k=1) _

Stage 2: Training VAR transformer on tokens
(151 means a start token with condition information)

)i 12 T3 ——  Cross-Entropy
7 1"21734?31---893—I
t A1 —1 Block-wise causal mask
VAR Transformer (causal) 1
T
P — e Lo . HHHH
ieqp|1](2][3]|4|iiex|1]| |8]|9]:
.................. e e
word embedding and up-interpolation
_____ ] [y
i "2 L=12+22+3% =14

1 1) ~ O(nb).

10



Background: Masked Generative Image Transformer (MaskGIT) D)y
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* Training: similar proxy task to the mask prediction in BERT

* Inference: non-autoregressive, only keep confident ones
* Much faster than VQGAN

; 2996
Input Visual Tokens Reconstruction e _
- i ® Autoregressive [Esser et al.] '
— T.. ﬂr‘l l-al B
% :“‘"l ' _g ® Ours (T=8)
Tokenization 1 & YR l'-': S P =
P w
ek, E
]
=
& 1
Masked Tokens Predlcted Tokens :

Masked Visual Token 55 = Bidirectional ; | | ' 0.12 _ . ﬁ_ia
Modeling (MVTM) 2 Transformer lr |_|- " 4 128 256 512 738 1024 Token Length N
128x128 256K256 512512 Image Size Hxl
-

11
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Background: Masked Generative Image Transformer (MaskGIT)

Sequential
Decoding

with Autoregressive
Transformers

t=0 t=1 t=120 t=200 t=255

Scheduled
Parallel
Decoding
with MaskGIT

12



Method: Motivations

* Problems with PerCo:
* Relies on a proprietary LDM based on GLIDE (publicly unavailable)

* Unclear if proprietary LDM works better than off-the-shelf models

* Further Study: PerCo (SD)
« Ultra-low to extreme bitrate (0.003 ~ 0.03 bpp)
« Using SD v2.1, similar to GLIDE
* Relatively lightweight encoders and denoising network
« Lower resolution (768 X768 — 512X512)



Method: PerCo (SD)
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Training steps: 150k iterations, 50% of PerCo.

Peak learning rate: small learning rates (1e-5).
U-Net finetuning: Tune whole U-Net due to
resolution / distribution mismatch.

Extended kernel: Init with zeros, encouraging
the model to gradually incorporate additional
conditional information (z;).

VQ-module: l,-normalize codes, ensure stable

training.

Table 1: Comparison of the design decisions: PerCo (official) vs. PerCo (SD). Key deviations are

highlighted in gray and discussed in the main text.

PerCo (official)

PerCo (SD)

Training

Training datasct
Optimizer
Training steps
Peak learning rate
Weight decay
Linear warm-up
Batch size

U-Net finetuning
LPIPS auxilliary loss
Text conditioning
Finetuning grid
Extended kernel
VQ-module

OpcnlmagesV6 [21]] (9M)

AdamW [27]

5 epochs/ ~ 300k
le — 4

0.01

10k

160 (w/o LPIPS). 40 w/ LPIPS

linear layers (15%)
bit-rates > 0.05bpp
drop in 10%

50 steps

random initialization
improved VQ [48]

OpenlmagesVo [21] (9M)
AdamW [27]

150k (50%)

le—5

0.01

10k

80 w/ LPIPS

all layers

all bit-rates

drop in 10%

1000 steps (unchanged)
zZero initialization
improved VQ [48] + cosine similarity

Inference

Scheduler
Denoising steps
CFG [16]

DDIM [40]

5 for > 0.05bpp, else 20

3.0

DDIM [40]
20
3.0

14



Method: PerCo (SD)
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0.6
0.4]

0.2

0.8

0.6]

MS-55IM T [MSCOCO-30k]

FIDf512 4 [MSCOCO-30k]

O.%:-

« Comparable or slightly better than official PerCo

CLIP T [MSCOCO-30k] 6-
3 P X & A —a- PerCo (official)
) TR a- =T A PerCo (SD v2.1)
T 301 ¥ 4 'y SD v2.1 auto-encoder
A ] 3
4 Fa '\j;__
'y 29' ~ 2 e
£ 1 4 R
r 1/ i
a4 : . 2814 . . . . .
00 0.05 0.10 0.00 0.05 0.10 %.00 0.05 0.10
bpp bpp bpp
LPIPS | [MSCOCO-30k] mloU T [MSCOCO-30k] 1.5 X KID/512 | [MSCOCO-30k]
] ‘-. 505 . _a _——dk A —4= PerCo {official)
k. . == LY PerCo {SD v2.1)
A 40 A~ 1.07 A 5D v2.1 auto-encoder
\\\. ] 'y ./ ks
F o 4 Fl .
T~ . _ 305 ."‘ 0.5 1-5.__1_._
ATk 11 . N
] : -
. - 2% - - - 0.0L . |
00 0.05 0.10 .00 0.05 0.10 0.00 0.05 0.10
bpp bpp bpp

« Conclusion: latent space design and the LDM capacity are crucial

15
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Method: Overall Pipeline (Comparison)

‘ | CLIP-G/14 }— 01100010101..
BLIP 2/ |

’7'[ Molmo-78 J 1 T ]

| L | | N e J

AN
> r o
o Stable Diffusion 3
o LDM Hyper Flow Model LDM
d‘f Encoder Encoder Decoder
Diffusion Loop (xT")
"a bench sitting in a field with _ _
mountains in the background" I > MIM/ VAR Arithmetic 10101110100
| Coding -
% Image |
F’ Captioning | Arithmetic 01100010101..
NCodebcut)k
@]
O A
) Conditional
al Diffusion Model
10101110100.. >

Diffusion loop (xT)
16
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Method: Overall Pipeline

‘ J CLIP-G/14 }— 01100010101..
BLIP 2}.‘ ] | AT | e J Zg

’7'[ Molmo-7B J 1 B ]

Stable Diffusion 3
LDM Flow Model

Encoder

LDM
Decoder

PerCoV2

Diffusion Loop (xT")

"a bench sitting in a field with Zl : :
mountains in the background” o] MM/ VAR Arithmetic 10101110100
Coding -

o Stable Diffusion 3 baseline:

« BLIP 2/Molmo-7B Image Captioning; same text encoders as SD3

* Flow model replacing UNet

17
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Method: Overall Pipeline

) CLIP-G/14 ]7 01100010101..
BLlP 2} ] | _ L | ) S 2 J
Molmo-78 | 1 T ]

LDM
Encoder

Stable Diffusion 3
Flow Model LDM

Decoder

PerCoV2

Diffusion Loop (xT")

"a bench sitting in a field with : :
mountains in the background” I o] MM/ VAR Arithmetic 10101110100
Coding -

« Continuous Entropy models (originally assumed uniform entropy):

« Masked image model (MIM)

« Visual autoregressive model (VAR)

18
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Method: Hierarchical Masked Image Modeling

| —_—
|
| S| &
Single-scale Masked Predicted | Multi-scale Im nm Predicted
tokens tokens tokens ! tokens _1'"= I= tokens
[T | [ ]| [T " ——
EEEEEEN [ | EEEEEEE | EEEEN
T H B EE B EEEEEEEE EEEENN
| | | [ [T || | | | | | | | L[]
ENEEEEEN EEE N @IIIIII no VAR “"’III [ |
N EEEce | H EEEEEE EEE N
L[ I | [ [ [ | ENE B HE N N
EEE SEm Hm EEE SEE |
: | N _EEED
| lii=l=.l
| —>am EEE-
! fEE .
implicit I explicit EENEE EE
hierarchical ! hierarchical —
K
p(a) = || plax | Ck).
k=1
* MIM learns from token subsets * VAR learns from given token map

19



Method: Hierarchical Masked Image Modeling

« Implicit Hierarchical VAR

« Uniform Independent distributed:

’i‘“(zg) — frw ngiv, Single-scale - ::II Predicted
HW tokens - _"=..i Tokens
e e = | i
* Reality: does not hold EEEENECE mEmE VAR [ T
.==I..=I FEEEEN i
SemEm SEEEEEE
N e H M
« MIM/VAR: Combining MIM and VAR R

« Learn more compact information

20



Method: Training / Optimization

* First stage
« Conditional flow matching objective:
Lo (0) = B g(ay)piwo) 100(e(20), 2) = (@1 = (1 = omin) o) ||
» z=(z,2,): local and global latent
« 0 = (64,0,): parameters of flow model and hyper encoder
* Drop z, in 10% training iterations:
vy = vi(Be(wo), (21, 0)) + A(ve(de(wo), (21, 29)) — ve(Be(20), (21, 0))).
« Second Stage

« Train MIM/VAR on hyper encoder representations

21
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Experiments: Quantitative Comparison

FID/512 | [MSCOCO-30k]
1

MS-SSIM 1t [MSCOCO-30k] PSNR T [MSCOCO-30k]

CLIP T [MSCOCO-30k]

31

0.00 0.05 0.10 0.15 0.00 0.05 0.10 0.15
bpp bpp 1/ 7/ 77 ¢ PerCov2(sDv3)|Ours
0.6 LPIPS I [MSCOCO-30k] 60 mloU T [MSCOCO-30k] 5 0z KID/512 ¢ [MSCOCO-30K] 1 " £ 4 —e— PerCo (SDv3) | Ours
: 4 PerCoV2 (SD v3) | Ours 29j [ ! =-#= PerCo (official)
—e— PerCo (SD v3) | Ours ] ‘{ ! —8— PerCo (SD v2.1)
-&— PerCo (official) I / =®= MS-ILLM
. —e— PerCo (SD v2.1) 1 | s34 DIffEIC
%  —®— MS-ILLM 1o H L
s DiftEIC 28 14 / Upper Bound
SD v2.1 auto-encoder 0.00 0.05 0.10 0.15
——= 5D v3 auto-encoder b
ViT-Adapter pp
— el
. .
0.00 0.05 0.10 0.15

« Excels at ultra-low bitrate on MSCOCO-30k benchmark (FID, KID, mloU)

* Not so effective at higher bitrates ,



Experiments: Quantitative Comparison
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MS-SSIM T [Kodak 512x512]

1.0 85— ——————F—————F—
______ -
T T X
T e
0.81
b PerCoV2 (5D v3) | Ours
PerCo (5D v3) | Ours
0.6 PerCo (5D v2.1)
MS-ILLM
DIffC {SD v2.1)
!f- DIffC {SD v1.5)
0.41 4 -3+ DIffEIC
4 SD v2.1 auto-encoder
: ——= 5D v3 auto-encoder
0.00 0.05 0.10 0.15
bpp

LPIPS | [Kodak 512x512]

4 ¢ PerCoV2 (5D v3) | Ours
4 —8— PerCo (SD v3) | Ours
0.6 —8— PerCo (5D v2.1)
Q —e— MS-ILLM
4 DIffC (SD v2.1)
DIffC (SD v1.5)
0.41 --3-- DIffEIC
SD v2.1 auto-encoder
SD v3 auto-encoder
J »
0.2 .
~ el
\.“ ) 4
-\‘E_ 1 -
_______________ t::::;:::;au-‘-
0.0~ - - -
0.00 0.05 0.10 0.15
bpp

301

251

20

151

PSNR T [Kodak 512x512]

=T
PerCoV2 (SD v3) | Ours
<" —e— PerCo (SD v3) | Ours

r" A —&— PerCo (SD v2.1)
L *_ —#— MS-ILLM
DIffC (5D v2.1)
DIffC (5D v1.5)
-- DiffEIC

SD v2.1 auto-encoder
=== 5D v3 auto-encoder

0.10 0.15
bpp

23
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Experiments: Hierarchical Entropy Modeling Methods

Ultra-Low Bit-Rate Setting

Baseline 0.00363 -
Implicit Hierarchical VAR 0.00348  4.13 :
Checkerboard [23] 0.00342 5.79 Quincunx
Quincunx [17] 0.00340 6.34
QLDS (S = 5) |45] 0.00340 6.34

Extreme-Low Bit-Rate Setting QLDS
Baseline 0.03293 -
Checkerboard |23 ] 0.02854 13.33
Quincunx [17] 0.02697 18.10
QLDS (S = 5) |45] 0.02667 19.01 .
QLDS (S = 12) [45] 0.02616  20.56 ImpIICIt VAR

24



Experiments: Distortion-Perception Trade-off
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19

181

Distortion | PSNR T

14

161

151

PerCoV2 (SD v3.0) | Ours ®
(0.00340bpp) o
a
o
o
L ] P ® Q@
® -
« DIffC (SD v1.5) | ICLR 2025
o ®e ® (0.00435bpp)
o - e
o ° % PerCo (SD) | ICLR 2024
. ! (0.00363bpp)
Se DiffC (SD v2.1) | ICLR 2025
(0.00458bpp)
0.50 0.55 0.60 0.65 0.70 0.75 0.80

Perceptual Quality | LPIPS

25



Experiments: Subjective Quality

Original PICS [37] MS-ILLM [48] DiffC (SD v1.5) [66] PerCo (SD v2.1) [11, 34] PerCoV2 (SD v3.0)
(ICML 2023 Workshop) (ICML 2023) (ICLR 2025) (ICLR 2024) Ours

0.02038bpp (6.62x)  0.00730bpp (2.37x)  0.00415 bpp (1.35x) 0.00339 bpp (1.1 x)

B . 26
kodim07 0.02248 bpp (6.4 %) 0.00793 bpp (2.26 x) 0.00491 bpp (1.4x) 0.00372 bpp (1.06 %) 0.00351 bpp
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Experiments: Subjective Quality

Original PerCo (SDv2.1) [11, 34] DiffEIC [40] PerCoV2 (SD v3.0)
(ICLR 2024, NeurIPS 2024 Workshop) (TCSVT 2024) Ours

0.03302bpp (1.2x) 0.02820 bpp (1.02

27
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Experiments: Different Text Configurations N RS

Original no text
Spatial bpp: 0.00171, Text bpp: 0.0

LT

“a white fence with a lighthouse behind it” (BLIP 2) “an old castle” 28
Spatial bpp: 0.00171, Text bpp: 0.0014 Spatial bpp: 0.00171, Text bpp: 0.0006
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Experiments: Comparison to DiffC A et

Original DiffC (SD v 1.5) [66] PerCoV2 (SD v3.0) DiffC (SD v1.5) [66] PerCoV2 (SD v3.0)
(ICLR 2025) (Ours) (ICLR 2025) (Ours)

kodim22 0.00427 bpp (x 1.32) 0.00323 bpp 0.02789 bpp (% 1.05) 0.02664 bpp




Experiments: Semantic Alignment
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Original GT label

PerCo (SD)

0.12668 bpp

Predicted label

Predicted label _0.02 bpp Predicted label

Predicted label 0.10809 bpp Predicted label

30



Conclusion and discussion

Proposes a novel and open framework for ultra-low bitrate PerCo

Improves entropy coding efficiency

Higher perceptual quality

Discussion / Limitations:

* Not effective on higher bitrates

« Scheduling/VAR usage to be improved
« Unsuitable for highly sensitive data

 (Code still not released!



STRUCT Group Seminar

Thanks for listening!

Presenter: Wen Si
2025.11.16



	幻灯片 1
	幻灯片 2
	幻灯片 3
	幻灯片 4
	幻灯片 5
	幻灯片 6
	幻灯片 7
	幻灯片 8
	幻灯片 9
	幻灯片 10
	幻灯片 11
	幻灯片 12
	幻灯片 13
	幻灯片 14
	幻灯片 15
	幻灯片 16
	幻灯片 17
	幻灯片 18
	幻灯片 19
	幻灯片 20
	幻灯片 21
	幻灯片 22
	幻灯片 23
	幻灯片 24
	幻灯片 25
	幻灯片 26
	幻灯片 27
	幻灯片 28
	幻灯片 29
	幻灯片 30
	幻灯片 31
	幻灯片 32

