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** Main Contribution

» In today's world, image data consumers

include not only humans but also (a) DA s S
machine vision analysis, posing a crucial capture Raw Image Rec. video  Human
question of efficiently encoding data to bitstream pergepfion
serve both.

> We propose Diff-ICMH, a generative (b) _ e /\ﬁ
image compression framework aiming —af ol
for harmonizing machine and human Capture Raw Image bitstream ;LEZE

vision in image compression.
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¢ Pipeline Comparison

» Previous methods need to compress Taitional Compresion camad based Comprssin
independent bitstream for each task, . ﬁ. Uﬁ% % ?::t 7;2_ : - Z — s ?2
lacking of generalization. x: o I

> In addition, COIan'GSSiOn methods {a)_;I'raditional_t;odec-based methods (b)Endmend optimized methods
specifically designed for machine vision = o
are often not friendly to human visual A A e fy kT Generative Compression 1k T,

L _ﬁ' f2 ‘T'D—’E—'””_‘fiz — Task T X *FA-E—J}H X Task T
5 ATl CELRC R Wi

(c) Feature compression-based methods (d) Diff-ICMH

perception.

» Diff-ICMH supports various downstream
tasks and human visual perception
simultaneously through only one codec and
the corresponding code stream.
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** Motivation

» An image’s information consists of both 7 Semantic "\ /sem\ Aoem\
s .. Information’ Lossy , [ \Info./ | Decode [ \Info. |
semantics and texture. Traditional \ perceptual /) Compression | per | bere, |

compression methods, designed directly for =~ information— () Fidelity-Oriented hnage Compressi
. . . . . . da) rigelity-uriented image Lompression
signal fidelity without distinction, often o

cause substantial semantic loss and thus 7 Semantic ™, e AN O\

In 1 ' Information’ \s ic-Preserving(\_Info. /) @ wve [ Info. /\Generated)
degraded performance in intelligent tasks. e Compresson © \perc. Ifo, Feconsiruction \Per. nfo Perc o)
» We aim to preserve semantic information —_ R

during encoding process and generate
texture information during decoding
process.
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¢ Evidence of Motivation

» Fidelity-oriented compression methods
suffer from substantial semantic mismatch
in neural network’s deeper layers.

» Perception-oriented generative
compression methods can better ensure the
consistency of semantic features.
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** Method

» Our framework consists of a latent-space
codec, a tag guidance module, and a
diffusion decoder.

® Codec _ — ® Control Module - | Zero Conv

» Input image is compressed and decoded
into latent feature Z.

. “dog “dog
» Tags of the image are extracted and Ep B i, L [ l ez D)
lossless compressed. — guew - — Tewe
wiv Tag Guidance Module w7 Diffusion Model
Encode and Decode Denoise (Repeat T Iterations)

» Both decoded latent and tags are input
into the diffusion decoder as conditions
for generation.



EASTERN INSTITUTE OF TECHNOLOGY, NINGBO

Vision in Image Compression with Generative Prior

Ruoyu Feng* Yunpeng Qi* Jinming Liu Yixin Gao
Xin Li# Xin]Jin Zhibo Chen#

* Method

» We propose semantic consistency loss to better preserve semantics during compression
process.

» We propose tag guidance module to better activate the generative prior of the pre-trained

generative model.
e e
—— a4 D:ffusfomc: defJ &% Tag Extractor

— T “cat, 367, 367, “cat,
| — washbasin, 287, —f— 287, washbasin,
‘ ‘ ‘ ‘ ground” 1276 1276 ground”

EX)=Z —

D, (gc (X)) =1 — .
t - . o
‘. Querying and mapping™~,

T 56 Diffusion Model y e o

f(2:)

(a) Semantic Consistency Loss (b) Tag Guidance Module
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** Method

» Training loss consists of rate, distance in

latent space, diffusion loss, and semantic

consistency loss. Liae = R(Y) + R(zn).

Lais = ||z — 2]|3 = ||Evar(x) — D.(3)]]3,

Lait = Eg tcemnvon [|€ — €0(ze,2,¢,1) 3],
] '
Escm — _Ez,ﬁ F E_:l Sim(f(z)ﬂ.: f(i)n)

Liinal = Arate Lrate + MdistLdist + AdiftLdirr + Asem Lsems
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*** Experiments

» Diff-ICMH achieves results comparable
to SOTA 1n perception-oriented
compression.

Diff-ICMH: Harmonizing Machine and Human gifds
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*** Experiments

» Ablation study demonstrate the 35 0
effectiveness of our proposed e
semantic consistency loss and tag
. 30.0
guidance module.
n 27.5
=L
E
25.0
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