
JOURNAL OF LATEX CLASS FILES, VOL. 1, NO. 1, FEB 2024 1

MISC: Ultra-low Bitrate Image Semantic
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Fig. 1: An image compressed by existing algorithm and MISC. In ultra-low bitrate, (b) has no detail which leads to a poor
perceptual quality; (c) generates details but inconsistent with ground truth; (d) achieves consistency and perception altogether.

Abstract—With the evolution of storage and communication
protocols, ultra-low bitrate image compression has become a
highly demanding topic. However, all existing compression algo-
rithms must sacrifice either consistency with the ground truth or
perceptual quality at ultra-low bitrate. During recent years, the
rapid development of the Large Multimodal Model (LMM) has
made it possible to balance these two goals. To solve this problem,
this paper proposes a method called Multimodal Image Semantic
Compression (MISC), which consists of an LMM encoder for
extracting the semantic information of the image, a map encoder
to locate the region corresponding to the semantic, an image
encoder generates an extremely compressed bitstream, and a
decoder reconstructs the image based on the above information.
Experimental results show that our proposed MISC is suitable
for compressing both traditional Natural Sense Images (NSIs)
and emerging AI-Generated Images (AIGIs) content. It can
achieve optimal consistency and perception results while saving
50% bitrate, which has strong potential applications in the next
generation of storage and communication. The code will be
released on https://github.com/lcysyzxdxc/MISC.
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I. INTRODUCTION

Image compression serves as the foundation for visualizing
volumetric signals [1]–[3]. This technology effectively reduces
the storage space and transmission bandwidth required for
visual signals without significantly compromising their quality.
With the recent advancements in 5G [4] and 6G [5], the
integration of numerous embedded devices and Internet-of-
Things (IoT) devices into communication protocols has posed
challenges due to their limited storage resources and extreme
channel conditions. This scenario has made ultra-low bitrate
image compression a challenging and demanding research
topic, which compresses images to one-thousandth of their
original size or even more. To achieve such extreme compres-
sion ratios, the focus shifts from low-level fidelity to semantic
consistency with the reference image.

However, a trade-off exists between perception and con-
sistency in image compression [6]. For low bitrate image
compression (< 0.1 bpp), the compression algorithm provides
a rough encoding of the original image, necessitating the de-
coder to add details. Inadequate detail leads to poor perceptual
quality, while excessive detail results in inconsistency with the
original image, as illustrated in Fig. 1. As bitrates decrease
further to ultra-low levels (< 0.024 bpp, one-thousandth of the
original), the conflict between these two objectives becomes
even more intensified [7].
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TABLE I: The Structure of existing image compression metric, including en/decoder, format of compressed content, minimum
bitrate (Normal/Low/Ultra-low: > 0.1/0.024 ∼ 0.1/ < 0.024 bpp), and optimization goal.

Type Mertic Encoder Content Decoder Min Bitrate Goal

Traditional Jpeg [17], Webp [18], etc. Low-level Processing Bitstream Low-level Processing Normal Consistency

NIC Mbt2018 [19], RDO-PTQ [20] CNN Feature CNN Normal Consistency
SReC [21], Gao2020 [22], etc. CNN Compressed Image CNN+SR Low Consistency

GIC
(GAN)

Generative-comp [23] CNN Feature Conditional GAN Normal Consistency
ULCompress [24] DWT+GAN Compressed Image IDWT+GAN Ultra-low Consistency
HiFiC [25] CNN Feature Conditional GAN Normal Perception
Multi [26]/Vari-realism [27] HRRGAN Feature HRRGAN Low Either

GIC
(Diffusion)

CDC [28] Re-DDIM Feature DDIM Normal Consistency
Pan2022 [29] Re-SD1.4 Feature SD1.4 Ultra-low Consistency
CMC [30]/M-CMC [31] CNN Canny Edge, Text DDIM+Controlnet Ultra-low Consistency
SGC [32] DeepLabV3 Semantic Map LD Low Perception
HFD [33] Mean Square Error Compressed Image SD1.5+Upscaler Low Perception
Text-Sketch [34] CLIP Canny Edge, Text SD2.1+Controlnet Ultra-low Perception

GIC
(LMM) MISC (proposed) GPT-4 Vision Compressed Image,

Text, Semantic Map SD2.1+Controlnet+Mask Ultra-low Both

In recent years, the emergence of AI-Generated Content
(AIGC) has revolutionized the field of image compression [8]–
[10]. This paradigm shift enables achieving both perception
and consistency at ultra-low bitrates. Leveraging the image un-
derstanding capabilities of GPT4-Vision [11], Llama [12], and
the image generation prowess of Stable Diffusion [13], [14]
and DALLE [15] series models, images can be compressed
into semantic information, facilitating high-quality reconstruc-
tion. Additionally, Large Multi-modal Models (LMMs) have
altered the content of images to be compressed. Beyond Nat-
ural Sense Images (NSIs), AI-Generated Images (AIGIs) have
demonstrated significant commercial value by reshaping the
creation and marketing of visual content [16]. Given the low-
level differences between AIGIs and NSIs (e.g., AI artifacts,
texture distribution), the existing compression methods for
NSIs may not be suitable for AIGIs, posing an open question
of how to compress this distinct image form. To expand the
application of image compression in the AIGC era, we propose
Multimodal Image Semantic Compression (MISC) for ultra-
low bitrate compression, making the following contributions:
● A new paradigm of image compression driven by LMMs.

MISC is the pioneering image compression model that
integrates LMMs in both the encoder and decoder. This
holistic approach will facilitate the extensive utilization
of LMMs in image compression applications.

● A high-quality AIGI database. We collected 500 high-
quality AIGIs generated by today’s mainstream Text-to-
Image models for future evaluation of the performance
of AIGI compression algorithms.

● A good balance between consistency and perception. We
extensively compared today’s mainstream image com-
pression algorithm. Experimental result shows that MISC
achieves both satisfactory consistency and perceptual
quality for the first time at ultra-low bitrates.

II. RELATED WORKS

A. Image Compression Metric

Over the past few decades, the evolution of image com-
pression has progressed through four distinct stages as out-
lined in Table I: (i) The initial stage involved traditional

image compression algorithms that utilized low-level visual
processing techniques to encode redundancy, such as Macro
Blocks (MBs) from H.264 to H.266 [35]–[37]. However,
these methods primarily focused on pixel-level information,
necessitating relatively high bitrates. (ii) Subsequently, with
the advancement of deep learning, Neural Image Compression
(NIC) emerged as a prominent algorithm. NIC employs end-to-
end convolutional neural networks (CNN) in both the encoder
and decoder to map the original image to a latent space
and restore it. By incorporating Super Resolution (SR) in
the decoding process to enhance image details, NIC achieves
compression to lower bitrates, but there remains potential for
further bitrate reduction. (iii) The introduction of Generative
Image Compression (GIC) in 2019 marked a significant de-
velopment. In contrast to NIC, GIC encodes images within
specific constraints to guide the decoder in generating images
consistent with the ground truth. Early GIC implementations
utilized Generative Adversarial Networks (GANs) as decoders,
offering the potential for ultra-low bitrate compression. (iv)
After 2022, GAN is gradually replaced by Diffusion, which
can be constrained with multimodal information (such as
text, edge), encoded by Contrastive Language-Image Pre-
Training (CLIP) [38], and reconstruction models like Denois-
ing Diffusion Implicit Model (DDIM), Latent Diffusion (LD),
and Stable Diffusion (SD) have facilitated ultra-low bitrate
compression. However, despite the advantages, achieving both
consistency and perceptual quality at such low bitrates remains
a challenge, necessitating the development of comprehensive
metrics that cater to both objectives.

B. Image Compression Databases

Image compression databases play a pivotal role in vali-
dating image compression algorithms. For example, Kodak-24
[39] offers a realistic view of compression effects on authentic
images, DIV2K [40] focuses on high-resolution scenarios,
and CLIC-2020 [41] consists of high-quality images with
diverse content. However, all the databases above are NSIs,
whose characteristics are significantly different from AIGIs.
Considering the quality of the existing AIGI database [42],
[43] is already low, no matter what compression algorithm is
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[Item 0]: Astronaut 

Helmet

Image-to-Text

[Detail 0]: The helmet 

is in the center …

[Item 1]: Blue Hair
[Detail 1]: The hair is 

blowing …

[Item 2]: Orange 

Paint Splatter

[Detail 2]: The paint 

distributed unevenly …

[Overall Description]: The image is a 

portrait wearing {item 0} with {item 1}, 

surrounded by {item 2}.

[Inner Object]: The {item 0} is shining.

[Inter Object]: The {item 1} is in the right 

side of {item 0}.

[Style]: The whole image emphasizes a 

sense of creativity and surrealism.
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[Detail 2]

[Map 1] Stage 2

[Detail 1]
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[Detail 0]
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Encoded Content

Decoder Framework

Temporary Content

Function Model

[Decoded Result]
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Fig. 2: The framework of the MISC model including LMM/map/image encoders and an LMM decoder. The compressed content
(noted in green) has an extremely compressed image bitstream lower than 0.024 bpp, a detailed description of a whole image,
and items’ names, details, and supposed position maps. The decoder controls the diffusion process according to the above
content to generate images that simultaneously satisfy high consistency and perceptual quality.

used, the resulting image quality is still low. Therefore, a high-
quality AIGI database is needed to measure the performance
of image compression algorithms.

C. Evaluation Criteria
Traditionally, the performance of image compression met-

rics is judged by pixel-level distortion, such as Peak Signal-
to-Noise Ratio (PSNR), and Structural Similarity (SSIM)
[44]. That’s because distortion is relatively small at normal
bitrate, and the more consistent the compressed image is
with the reference image, the higher the perceptual quality
it has. However, as the bitrate decreases, the consistency
perception becomes a dilemma [34], and high-quality images
often contain details different from the reference. Therefore,
to objectively evaluate the performance of a compression
algorithm, both consistency and perception index need to be
considered separately.

For consistency, at ultra-low bitrate, pixel-level fidelity
metrics are poorly correlated with human subjective perception
because they mainly focus on low-level details rather than
high-level structures [34]; for perception, traditional LMM
image generation works use Fréchet Inception Distance (FID)
[45] to characterize human preference. However, research
shows that subjective human perception does not depend on
it, but on signal fidelity and aesthetics [46]–[50]. Therefore,
the semantic similarity between the compressed image and the
reference image, and the Image Quality / Aesethic Assessment
(IQA/IAA) index [51]–[55] are more suitable as evaluation
criteria of consistency and perception.

III. PROPOSED COMPRESSION ALGORITHM

A. Framework
In this section, we propose the MISC framework for ultra-

low bitrate image compression, as shown in Fig. 2. Specifi-
cally, the framework contains three encoding modules, includ-
ing an LMM encoder for extracting semantic information of

images, a map encoder for annotating regions corresponding
to semantic information above, and an image encoder for
extreme pixel-level compression, and a decoding module uses
the text, map, and image obtained through the above process
as constraints to reconstruct the image. Next, we will introduce
the three encoders and one decoder module in detail.

B. LMM Encoder

The LMM encoder transforms images into multiple un-
correlated, sparse, weakly dependent semantic variables. It
keeps the main variables and discards other variables. Then
the decoder can perform an inverse transformation to ob-
tain an image consistent with the original image and save
a lot of data space. In recent years, the ability of LMMs
to understand and generate images has contributed to more
efficient semantic translation. By using Image-to-Text (I2T)
and Text-to-Image (T2I) models as encoders and decoders,
images can be compressed into more compact semantic infor-
mation. Unlike Discrete Fourier Transform (DFT) and Discrete
Wavelet Transform (DWT), semantically distinct items have
lower correlations compared to the frequency domain. Under
the same compression performance, the semantic domain can
discard more information. Referring to the spatial-frequency
domain, MISC designed the spatial-semantic domain mapping,
as shown in Fig. 3. In traditional image compression, the
base frequency is usually retained as the overall hue of the
image, as well as the amplitude/phase of lower frequencies
to represent important details, while other details at higher
frequencies are discarded. Similarly, MISC will generate a
long description of the image as a whole, as well as a
description of some important items in the image, discarding
other items. To accurately extract semantic information, MISC
asked questions to the most advanced GPT-4 Vision [11] and
obtained the following natural language feedback:
● Tn[j]: Item name (≤ 3 words, j ∈ {0,1,⋯J − 1})
● Td[j]: Item detail (≤ 10 words, j ∈ {0,1,⋯J − 1})
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1Hz, 3Hz, 4Hz

Please list three most dominant frequency:

[1Hz]: 3.04 MW, 159.36°

[3Hz]: 1.29 MW, 92.29°

[4Hz]: 1.08 MW, 115.22°

Please give their magnitude and phase:

[0Hz]: 29.5 MW

Please give the magnitude of base frequency:
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(a) Frequency Domain Information (traditional compression)

LMM Question Template:

A. Image Resolution

B. Image Caption

C. Region Semantic

D. Dense Caption

…

Television, Dining Table, Vase

Please list three most important items:

[Television]: A large, flat-screen TV placed on a low stand…

[Dining Table]: A wooden dining table with chairs…

[Vase]: A tall, slim yellow vase sits on the floor…

Please give their detailed description:

[Overall]: In a warmly lit room, a flat-screen television rests against 

the left wall on a dark stand … a lively and eclectic aesthetic. 

Please generate an informative and nature paragraph from (A,B,C,D):

Overall 

information 

and three 

other 

important 

items 

reserved for 

reconstructio

n. Other 

abandoned. 

(b) Semantic Domain Information (proposed MISC)

Fig. 3: Comparison of mapping spatial domain into frequency
or semantic domain. Both methods compress images by retain-
ing important information and discarding other information.

● Tall: Detail all (≈ 50 words)
where J stands for the number of items. [Item name] is
the index of the item and is not directly used for image
reconstruction, so it is only represented by no more than three
words. [Item detail] includes the shape, color, status, or other
attributes. Considering that the description of an object in
existing visual question answering [46] tasks usually does not
exceed 10 words, we set it as an upper limit. [Detail all] is a
description of the image as a whole. Past GIC [31] shows that
as the number of description words increases, the compression
performance gradually increases and reaches a maximum of
about 50 words. Considering the data scale of text format, for
a 512× 512 image, a word usually occupies 1 ∼ 2× 10−4 bpp.
To avoid unnecessary overhead, we set 50 as the benchmark.
Assuming in the semantic domain, a few items take up most
of the information in the image (just as the low frequencies
take up most of the energy), MISC can set the threshold of
the items Sth referring to the frequency threshold fth of the
Macro Block (MB) in H.264 [35] as:

Sth =
fth
Npix

E(Nitem), (1)

where (Npix,Nitem) refer to the number of pixels in an MB,
and the number of items in an image with Expectation E(⋅).

(a) Item 0: green bike (b) Item 1: wooden door

(c) Item 2: grass (d) Compressed without map (b)

(e) Compressed without map (c) (f) Compressed with all maps

Fig. 4: The positional map of three items, and the decom-
pressed image with/without maps. When (b) and (c) are not
used as constraints, ‘wooden’ and ‘grass’ will affect the ‘bike’
region respectively.

According to answers of GPT-4 Vision on Kodak24 [39] and
CLIC2020 [41], a picture usually contains 10 ∼ 15 items. From
(1), the optimal threshold Sth = 2.81, so MISC takes J ≤ 3.

C. Map Encoder

The map encoder acts as an additional module for LMM
encoder, by characterizing the spatial relationship between
multiple items. This encoder can support a dynamic number
of items to balance performance against bitrate. A three-item
situation is shown in Fig. 4 as an example, each map including
the following two aspects:
● The position of the object itself: For example, [Item 0]

is located in the ‘lower-right’ of the entire picture. This
word occupies 88 bits, but it is only a rough range; in
contrast, an 8 × 8 map only occupies 64 bits and can
more accurately specify its location.

● The relationship between objects: For example, [Item
2] is to the bottom of [Item 1], and it is difficult to
describe the distance between them; in this case, only
spatial information can complete this task.

Spatial information includes edge and map, of which edge
occupies a larger space; considering our ultra-low bitrate
requirements, we use maps to mark the corresponding position
of each item. Using the text-image alignment capability of
CLIP, we can map the name of the item to the corresponding
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area of the image. First, multiply the image and text features
to obtain a feature matrix FT :

FT [j] = CI(I) ⊙ CT (Tn[j]), (2)

where I denotes the ground truth image and Tn means the
name of item, C(I,T )(⋅) is the CLIP image/text encoder with
the length (LI , LT ). However, on the target detection task,
CLIP has a large number of unactivated redundant features,
which occupy a large part of the feature space FT . Therefore,
we adopt CLIP Surgery’s [56] redundancy elimination method.
Input an empty image to get the weight bias ω of the text
encoder, and adjust the LT dimension on FT to get the
redundant feature FR:

⎧⎪⎪
⎨
⎪⎪⎩

ω[j] = ∑
O
(CI(null) ⊙ CT (Tn[j]))

FR[j] = FT [j] ⊙ ω[j],
(3)

where O is the number of C(⋅) output channel. Subtracting
them, we have the semantic map M[i] for item tn[i]:

⎧⎪⎪
⎨
⎪⎪⎩

M[j] = ∑
O
(FT [j] − FR[j])

M[j] = Bi(Pool(M[j])),
(4)

where Bi(⋅) and Pool(⋅) represent binarization and pooling
functions, which convert the original map into an 8×8 ∼ 16×16
binary matrix to reduce its data size. The data size of maps
is extremely small (< 10−3 bpp), but it greatly makes up for
the shortcomings of the LMM encoder. As shown in Fig. 4,
if the map of [Item 1] or [Item 2] is missing, [Item 0] ‘bike’
will become ‘wooden’ or grow ‘grass’ during the decoding
process. Only by using map constraints for each item can the
desired content be generated at the exact location.

D. Image Encoder

The image encoder provides a reference for the decoder
through an extremely compressed image. By combining it
with the two encoders above, the reconstruction result from
the decoder can have a satisfying perceptual quality while
avoiding major defects in consistency with the original image.
This image only includes the rough outline of the original
image, which can greatly improve the consistency score. At
the same time, although the perceptual quality of this image
is poor, the decoder reconstruction process will add certain
details, and the perception score of the final decoded image
is still acceptable. To achieve a balance between consistency
and perception, we followed this idea under ultra-low bitrate
and compressed the image into bitstream B:

B = {
En(S−x(I))
Qu(S−x(I))

x ≤ size(I)/Enth
x > size(I)/Enth,

(5)

where En(⋅) and Qu(⋅) are the CNN encoder and the quanti-
zation function. S

(+,−)
x stands for up/down-sampling. When

the down-sampling rate x is low, we can directly use the
existing low bitrate NIC/GIC encoder in TABLE I to output
the compressed bit stream; when x becomes high, the image
size is lower than the minimum input threshold Enth of the
encoder. Thus, the value of each pixel is directly quantized,
and the image is treated as a matrix and output as bitstream.

Therefore, by inputting the bitstream together with maps and
texts into the decoder, a high-consistency and high-perceptual
quality reconstruction process can be achieved.

E. Decoder

The decoding process is based on the following information
provided by the encoders, including a bitstream (representing
an extremely compressed image), a detailed description of the
overall image, and several name-detail-map (NDM) groups
characterizing items in the image. Based on the semantic
domain analysis in Sec. III-B, we take the number of group
index j as (i) J = 3 to help image reconstruction, as reference
information is limited at ultra-low bitrate; (ii) J = 0 to save
bitrate, as relatively more information is contained at higher
bitrate. In the first step, the decoder will perform the opposite
operation of (5) to obtain the reference image Iref :

Iref = {
S+x(De(B))
S+x(BIC(B))

x ≤ size(I)/Enth
x > size(I)/Enth,

(6)

where De(⋅) and BIC(⋅) are the CNN decoder and the bi-
cubic interpolation. Then we extract the probability density z
from text Td[j], and conduct diffusion progress referring to z
with output S[j]:

⎧⎪⎪⎪
⎨
⎪⎪⎪⎩

z = QKV(Td[j])
S[j] = Dz

n(D
z
n−1⋯D

z
1(S[j − 1]))

S[j] = S[j]M[j] + S[j − 1](1 −M[j]),
(7)

Where QKV(⋅) represents the multi-head attention and Dz
n

denotes the diffusion operation at the n-th iteration. To recon-
struct an image that aligns with both the reference image Iref
and the NDM groups, we utilize the weight of DiffBIR [57] in
the diffusion model D to integrate the image reference and text
description comprehensively. For the diffusion on [Item j], we
only update the target region in S[j] based on M[j], while
keeping other regions unchanged as the previous state S[j−1].
The original state is set as S[−1] = Iref . After iterating this
process for J times, referring to the descriptive text Tall of the
entire image, we can enhance details in S[J − 1] and obtain
the final decoding result S[final]:

{
z = QKV(Tall + Taes)

S[final] = Dz
n̂(D

z
n̂−1⋯D

z
1(S[2])),

(8)

where n̂ is 4 ∼ 8 times the value of n and Taes represent
prompts that guide the high-quality generation (e.g., ‘hyper
detail’, ‘masterpiece’, ‘4K’). This step plays a crucial role
in the decoding process as it is responsible for ensuring
consistency and enhancing perception scores. To prioritize
this step, more iterations are allocated to it, and Taes is fed
into the QKV mechanism along with Tall. This allows the
decoder to effectively balance these two conflicting objectives,
particularly at ultra-low bitrates.

IV. PROPOSED DATABASE

A. Data Collection

Beyond NSIs, to compare the performance of image com-
pression algorithms on AIGIs, we construct an AIGI Semantic
Compression Database (AIGI-SCD). For a fair comparison, its
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TABLE II: Existing Text-to-Image generative model. The
database named AIGI-SCD is constructed by models with the
best popularity (download times) and quality (overall IQA
score, normalized average from ClipIQA↑ [58], DBCNN↑
[59], LIQE↑ [60], NIQE↓ [61]). The top three popular-
ity/quality models are marked in red.

Metric Popularity Quality
Download Score(↑, ↑, ↑, ↓) Average

SDXL [14] 4,400K (0.63, 0.64, 3.20, 4.27) 0.69
SD1.5 [13] 3,780K (0.66, 0.55, 3.21, 4.56) -0.06
SD1.4 [13] 2,640K (0.66, 0.57, 3.24, 4.37) 0.83
SDXL-Turbo [62] 799K (0.59, 0.64, 3.97, 4.41) 1.28
Midjourney [63] 248K (0.71, 0.62, 4.09, 5.05) 1.29
DALLE-2 [15] 240K (0.69, 0.48, 2.54, 5.10) -2.55
SSD [64] 236K (0.66, 0.66, 3.79, 5.02) 0.62
Playground [65] 132K (0.70, 0.68, 3.66, 4.92) 1.57
Deramlike [66] 105K (0.68, 0.61, 3.88, 4.62) 1.68
Pixart [67] 53K (0.72, 0.62, 3.79, 4.47) 2.75
IF [68] 33K (0.68, 0.54, 2.85, 5.00) -1.31

data needs to represent most of the existing AIGIs, and should
not have distortion (otherwise it will overlap with compres-
sion distortion, affecting the evaluation of the compression
algorithm). Therefore, we conducted a detailed survey of
today’s mainstream T2I models and selected the most popular
and highest-quality models for image generation. According
to the huggingface website1, we listed 11 common AIGI
models, used their download times as popularity indicators,
and generated 500 images for each; then, we used four IQA
indicators to evaluate the images generated by each model.
Quality scores S were collected four times, and each column
in TABLE II is normalized to −1 ∼ 1 as:

Sp,q = 2 ⋅
Sp,q −min(S⋅,q)

max(S⋅,q) −min(S⋅,q)
− 1, (9)

where p represents the metric column in TABLE II while
indicators q ∈ (ClipIQA, DBCNN, LIQE, NIQE) [58]–[61] in
the quality column. Then the average score A for each row’s
metric can be formulated below:

Ap = ∑
q

(±1) ⋅ Sp,q, (10)

where we use +1 for upper-better and −1 for lower-better
metric. According to Table II, the most widely used SD series
models [13], [14] are representatives of AIGI and need to
be included in this database. Meanwhile, the latest Pixart
[67], Playground [65], and Dreamlike [66] models generate
the highest quality results, thus suitable for compression tasks
as the raw images. Considering the high similarity between
SD1.5 and 1.4, we select SDXL and SD1.5 to generate main-
stream AIGIs and use the above three high-quality generation
models to characterize emerging AIGIs. Referring to the data
scale and division of CLIC2020 [41], the AIGI-SCD contains
100 images from each of the five generative models, 450 are
for training and 50 for testing.

1Data collected in January 2024. Considering that DALLE 2 and Mid-
journey are closed source models, their download times are replaced by
OpenDALLE and Openjourney.
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Fig. 5: The normalized probability distributions of the low-
level attributes. The distributions include NSIs in the Kodak24
[39], CLIC2020 [41], Tecnick [69], and the proposed AIGI-
SCD database. The AIGIs have a sharper distribution and more
common blur.
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Fig. 6: Quality score comparison of the AIGI database. All
existing AIGI databases have flaws in at least one quality
indicator, while six quality scores of AIGI-SCD are all sat-
isfactory, making them suitable for image compression tasks.

B. Data Analysis

This chapter will conduct a detailed analysis of the prop-
erties of the MISC-AIGI database. By comparing it with
existing databases, we prove the importance of this database
on AIGI compression tasks. For the existing NSI databases,
to analyze their statistical differences against AIGIs, we
use the distribution of five compression-related attributes for
comparison, including light, contrast, color, blur, and Spatial
Information (SI). Detailed descriptions of these attributes are
defined in [70]. We selected three NSI compression databases,
namely Kodak24 [39], CLIC2020 [41], and Tecnick [69] for
comparison. As shown in Fig. 5, the attributes of NSI and AIGI
are both normally distributed, indicating that AIGI-SCD has
the same diversity as the traditional NSIs. However, compared
to NSIs captured in the wild, the distribution curve of AIGIs
is sharper. For example, AIGI is not affected by overexposure
distortion in photography, so brightness and contrast are rel-
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TABLE III: Performance of the state-of-art compression metrics and MISC-1/3 levels, validated on NSI database CLIC2020
[41], and AIGI database AIGI-SCD we constructed. The quality is evaluated by two consistency (LPIPS↓ [71], ClipSIM↑ [38])
and two perception (NIQE↓ [61], ClipIQA↑ [58]) indicators. A normalized average of those four indicators from equation (9)
(10) is provided as the overall evaluation of consistency and perception together. [Key: Best; Second Best].

Metric Consistency(NSI) Perception(NSI) Average Bitrate Consistency(AIGI) Perception(AIGI) Average Bitrate
(LPIPS↓,ClipSIM↑) (NIQE↓,ClipIQA↑) Avg↑ Bpp↓ (LPIPS↓,ClipSIM↑) (NIQE↓,ClipIQA↑) Avg↑ Bpp↓

{T}JPEG [17] (0.5166, 0.7075) (15.476, 0.2052) -1.4036 0.1952 (0.5421, 0.8198) (15.881, 0.2602) -1.5949 0.1738
{T}WEBP [18] (0.3780, 0.8374) (7.5893, 0.1514) 0.8392 0.1296 (0.3578, 0.9160) (6.9384, 0.1550) 0.9989 0.1065
{T}VVC [37] (0.3577, 0.8969) (6.6469, 0.2390) 1.7583 0.1035 (0.3088, 0.9561) (6.5056, 0.3173) 2.0541 0.0951
{N}BMSHJ [72] (0.7543, 0.6406) (9.0865, 0.2224) -1.4347 0.0581 (0.6859, 0.7739) (9.1777, 0.2240) -1.3768 0.0581
{N}MBT [19] (0.8661, 0.5605) (10.560, 0.2096) -2.5149 0.0527 (0.7990, 0.6558) (10.210, 0.2188) -2.7817 0.0497
{N}CHENG [73] (0.4625, 0.8198) (6.4557, 0.2310) 0.9468 0.0623 (0.3723, 0.9316) (6.7251, 0.2726) 1.4630 0.0565
{G}HiFiC [25] (0.3980, 0.9194) (5.6601, 0.4209) 2.5088 0.0478 (0.2876, 0.9663) (5.7907, 0.4205) 2.6619 0.0444
{G}CDC [28] (0.4692, 0.8564) (6.2161, 0.2033) 1.0163 0.0469 (0.3416, 0.9414) (7.3019, 0.2570) 1.4929 0.0451
{G}PICS [34] (0.6080, 0.4668) (3.8469, 0.6639) 0.9735 0.0265 (0.6685, 0.7530) (4.6612, 0.6484) 0.7417 0.0328
{G}MISC-1 (0.5142, 0.8252) (4.3597, 0.6106) 2.6162 0.0225 (0.5026, 0.8921) (5.0878, 0.7347) 2.4924 0.0223
{G}MISC-3 (0.3522, 0.9106) (3.8271, 0.6612) 3.8957 0.0470 (0.3084, 0.9570) (4.6820, 0.7701) 3.8588 0.0446

atively stable. In addition, as AIGIs sometimes have limited
iterations during the generation process, the image may suffer
from some blurry regions. Thus, the center of the blur curve is
biased to the left. These differences indicate some compression
mechanisms for NSIs, such as the equalization of brightness
and chrominance, and the enhancement of blurry regions may
not be effective for AIGIs. In all, for a compression algorithm
trained with the traditional NSI database, its compression
performance on AIGIs is likely to be unsatisfactory due to
their different low-level attributes.

For the existing AIGI database, we use six IQA methods2

to comprehensively evaluate its quality in Fig. 6 including
the four indicators in Section IV-A, as well as HyperIQA [75]
and BRISQUE [74]. Higher quality indicates less distortion of
the image. The comparison databases include: DiffusionDB
[76] and GenImage [77], which contain millions of images
generated by different models. They are the largest and most
versatile. Pokemon [78] is the first AIGI database generated
by GAN, which is suitable for early-stage generation task ver-
ification. The AGIQA-3K [42] and AGIQA-1K [43] databases
cover three generation architectures: GAN, Auto-Regression,
and Diffusion, and are mainly oriented to IQA tasks. In Fig. 6,
compared to AIGI-SCD, all quality scores of AGIQA-3K/1K
lag behind; although other remaining databases occasionally
lead AIGI-SGD slightly in some IQA indicators, they all
have obvious shortcomings in other indicators. Therefore,
these databases from generative models of mixed results
are far inferior to AIGI-SCD in overall quality. In all, the
characteristics of AIGIs and NSIs are quite different and
require targeted compression. Compared with the existing
AIGI database, AIGI-SCD has higher quality, less distortion,
and more objective verification of compression algorithms.

V. EXPRIMENT

A. Experiment Settings

To assess the efficacy of the proposed MISC method across
diverse image types, we conducted performance evaluations

2BRISQUE [74] and NIQE [61] are lower-better values, so these two axes
take the reciprocal in Fig. 6.

on two distinct databases: the commonly used CLIC20203

database for NSIs compression [41], and the AIGI-SCD
database specifically designed for AIGIs. Following the stan-
dard partitioning, the training/test image distribution comprises
585/41 images for CLIC2020 and 450/50 images for AIGI-
SCD. In our methodology, we kept the LMM and map
encoders, as well as the T2I component of the decoder
(utilizing default parameters of GPT-4 Vision [11], CLIP [38],
and DiffBIR [57]) frozen, and focused on fine-tuning the
low bitrate image encoder/decoder. While the encoder/decoder
architecture aligns with existing NIC and GIC frameworks,
the parameters underwent an intensive ultra-low fine-tuning
process. Specifically, this process initiated the model at the
lowest bitrate mode, followed by a tenfold increase in the
bitrate weight of the loss function (λ reduced to 1

10
of its

original value), enabling training for extreme compression
with a learning rate of 10−4. MISC has three compression
levels for dynamic adjustment. The first two levels (MISC-
1/2) are for 0.02 ∼ 0.03 bpp, while we activate all encoders;
the last level (MISC-3) is for 0.04 ∼ 0.05 bpp. This relatively
higher bitrate can accommodate more image details, and using
items to guide diffusion is not as important as before. To save
bitrate, we discarded the information of these three NDM
groups, by deactivating the item and detail questions in the
LMM encoder, and the whole map encoder, then only used
other modules for compression. In our comparative analysis,
MISC is benchmarked against nine mainstream low-bitrate
image compression methods, including traditional JPEG [17],
WEBP [18], VVC (Intra frame mode) [37], NIC’s BMSHJ
[72], MBT [19], CHENG [73], and GIC’s HiFiC [25], CDC
[28], PICS [34]. As ultra-low bitrates are not their best sce-
nario (excluding PICS), we applied the ultra-low fine-tuning
approach above to all trainable models for a fair comparison.
The experiments were conducted using NVIDIA RTX 4090
GPUs with the Adam optimizer [79].

In our assessment of compression performance, we employ
a comprehensive set of metrics to address both consistency
and perception requirements. As discussed in Section II-C,

3As the maximum output of current GIC metrics is 1,024 pixels, we 2×
downsampled images larger than this bound.
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Fig. 7: Variable bitrate of BMSHJ [72], CHENG [73], CDC [28], HiFiC [25], PICS [34], and MISC we proposed. The left
four figures are for consistency while the right four are for perception. Existing methods can only achieve satisfactory results
on either consistency or perception. In contrast, MISC provides the possibility for ultra-low bitrate compression at MISC-1
while simultaneously achieving the optimal of all indicators at MISC-3.

TABLE IV: Using different compressed content groups in MISC, including three Name-Detail-Map (NDM) groups, a description
of all details of the image, and an extremely compressed image bitstream. [Key: Best; Selected Content ✓].

(a) MISC validation on CLIC2020 [41] database (Left, Right): (MISC-1, MISC-2)

Content Consistency Perception Bitrate
NDM Detail all Bitstream LPIPS↓ ClipSIM↑ NIQE↓ ClipIQA↑ Bpp↓

✓✓✓ ✓ ✓ (0.5142, 0.4494) (0.8252, 0.8550) (4.3597, 4.1336) (0.6106, 0.6540) (0.0225, 0.0375)
✓✓✓ ✓ (0.6244, 0.5648) (0.7764, 0.8184) (8.8310, 8.0048) (0.2587, 0.3031) (0.0187, 0.0337)
✓✓ ✓ (0.6311, 0.5733) (0.7725, 0.8149) (8.6842, 7.9538) (0.2372, 0.2753) (0.0180, 0.0330)
✓ ✓ (0.6387, 0.5856) (0.7764, 0.8125) (8.8231, 8.0993) (0.2114, 0.2335) (0.0172, 0.0323)

✓ ✓ (0.5222, 0.4690) (0.8149, 0.8530) (4.0333, 3.8690) (0.6335, 0.6368) (0.0202, 0.0353)
✓✓✓ ✓ 0.7760 0.7613 4.5878 0.6315 0.0061

(b) MISC validation on AIGI-SCD database (Left, Right): (MISC-1, MISC-2)

Content Consistency Perception Bitrate
NDM Detail all Bitstream LPIPS↓ ClipSIM↑ NIQE↓ ClipIQA↑ Bpp↓

✓✓✓ ✓ ✓ (0.5026, 0.4468) (0.8921, 0.9204) (5.0878, 5.0734) (0.7347, 0.7557) (0.0223, 0.0389)
✓✓✓ ✓ (0.5299, 0.4651) (0.8643, 0.9136) (12.401, 11.784) (0.3300, 0.4233) (0.0188, 0.0354)
✓✓ ✓ (0.5390, 0.4769) (0.8638, 0.9082) (12.780, 11.928) (0.3051, 0.3705) (0.0180, 0.0347)
✓ ✓ (0.5469, 0.4862) (0.8613, 0.9023) (13.136, 12.391) (0.2902, 0.3374) (0.0173, 0.0340)

✓ ✓ (0.5480, 0.4671) (0.8794, 0.9199) (4.6725, 4.3572) (0.7136, 0.7251) (0.0200, 0.0367)
✓✓✓ ✓ 0.7416 0.7656 4.2413 0.6901 0.0058

semantic indicators become crucial at ultra-low bitrates for
characterizing differences between the compressed image and
the ground truth, surpassing the significance of pixel-level
metrics such as PSNR and SSIM. Therefore, we utilize LPIPS
[71], a widely used visual metric based on the Human Visual
System (HVS), to quantify the distortion post-compression.
Additionally, following prior work in LMM semantic com-
pression [34], we utilize ClipSIM [38] to calculate the cosine
distance of CLIP embeddings, assessing the similarity of
semantic features between images. For perception evaluation,
we utilize the IQA method NIQE [61] to evaluate low-level

distortions like blur and noise. Furthermore, we incorporate the
emerging IAA method ClipIQA [58] to measure human aes-
thetic satisfaction with the image. To provide a comprehensive
representation of performance across all metrics, we calculate
a normalized average of the four indicators mentioned above
using equations (9) and (10) to offer an overall assessment of
both consistency and perception aspects.

B. Experiment Results and Discussion
At ultra-low/low bitrate, we compared other advanced

methods against MISC from the lowest (MISC-1) to the
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(a) Ground Truth (b) CHENG(0.0623 bpp) (c) PICS(0.0265 bpp) (d) MISC-1(0.0225 bpp) (e) MISC-2(0.0375 bpp) (f) MISC-3(0.0470 bpp)

Fig. 8: Qualitative experiment of NSI compression. CHENG [73] is suitable for only consistency, PICS [34] experts in only
perception, and MISC performs the best in both indicators.

highest (MISC-3) bitrate levels respectively. As depicted in
TABLE III, all the consistency and perception indicators
of MISC-3 rank as the best or second best. Considering
both consistency and perceptual quality collectively, MISC-
3 achieves a normalized average score exceeding 3.8, sig-
nificantly outperforming other methods. Even for MISC-1,
it matches HiFiC in consistency while utilizing only 50%
of its bitrate overhead. Examining each indicator indepen-
dently, methods like VVC, HiFiC, and CDC can achieve
high consistency with the original image but exhibit poor
perceptual quality. For low-level vision, NIQE hovers around
6, while ClipIQA struggles to surpass 0.4 in aesthetics. In
contrast, PICS offers higher perceptual quality but sacrifices
consistency with the original image, ranking even the lowest
in LPIPS and ClipIQA. Here, our MISC-3 matches HiFiC in
consistency and surpasses NIQE/ClipIQA by approximately
1.8/0.24 in perception. Furthermore, it equals to PICS in
perception and surpasses LPIPS/ClipSIM by around 0.35/0.45.
In addition to its superior performance around 0.05 bpp, our
approach excels in ultra-low bitrate compression below 0.024
bpp. Traditional compression methods have inherent bitrate
limitations, and learning-based NIC/GIC methods struggle to
train and converge at such low bitrates. In contrast, MISC-1
achieves acceptable consistency results for the first time, with
slightly inferior LPIPS/ClipSIM compared to CHENG but
nearly three times bitrate savings, while maintaining superior
image perceptual quality. In summary, MISC has achieved

a balance for the first time in addressing the conflicting
optimization goals of extreme compression at low/ultra-low
bitrates while reconstructing images with limited information,
enhancing high-quality details consistent with the original
image, and resolving the consistency-perception dilemma.

Fig. 7 further validates the performance of MISC and other
methods across different bitrates. MISC not only leads at the
0.05 bpp bitrate but also maintains a significant advantage in
perception compared to methods in the 0.1 ∼ 0.2 bpp range,
with only a 30% bitrate overhead. Fig. 8 and 9 showcase
visual compression examples of MISC on NSIs and AIGIs,
encompassing characters, items, and backgrounds. Compared
to traditional methods, MISC generates rich high-quality de-
tails and aligns more closely with the ground truth. Internally
comparing different levels of MISC, MISC-1 produces outlines
roughly consistent with the ground truth but exhibits some
freedom in character expressions, object colors, and building
shapes. MISC-2 improves on consistency with the ground truth
but still lacks accuracy in rendering details like clothing, sky,
and mountains. MISC-3 achieves near-complete consistency
with the ground truth, with minimal texture differences upon
zooming in that do not impact visual quality. In essence, MISC
offers dynamic bitrate adjustment capabilities and demon-
strates versatility in low/ultra-low bitrate scenarios.

Besides, regarding compressed image content, TABLE III
and Fig. 7 illustrate that AIGI compression achieves higher
consistency than NSI at equivalent bitrates, along with superior
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(a) Ground Truth (b) CHENG(0.0565 bpp) (c) PICS(0.0328 bpp) (d) MISC-1(0.0223 bpp) (e) MISC-2(0.0389 bpp) (f) MISC-3(0.0446 bpp)

Fig. 9: Qualitative experiment of AIGI compression. CHENG [73] is suitable for only consistency, PICS [34] experts in only
perception, and MISC performs the best in both indicators.

perceptual quality in aesthetics. However, existing compres-
sion algorithms fall short in low-level quality. Various methods
on AIGI only reach 80% of NSI in terms of NIQE, attributed to
both inherent low-level defects and the limited understanding
of compression algorithms on AIGI. Notably, despite the
low-level quality of NIQE, MISC excels in aesthetic quality,
achieving a ClipIQA score above 0.7 even at the lowest MISC-
1. In conclusion, beyond NSI, providing viewers with high
perceptual quality and consistency for AIGI poses a significant
challenge for future compression metrics.

C. Ablation Study

To validate the contributions of the different compressed
content in MISC, an ablation study was conducted, and the
results are presented in Table TABLE IV. The factors are
specified as (i) Three Name-Detail-Map (NDM) group for
items. (ii) A text description of all details in the image. (iii)
A bitstream characterizing the extremely compressed image
content. Considering that MISC-3 does not depend on NDM
groups, we use MISC-1 and MISC-2, discard the above three
contents during the compression process, and evaluate the
results in terms of consistency and perception. The results
show that [Detail all] is the most important content for both

NSI and AIGI. Without its guidance, both consistency and
perception performance decrease across the board. In addition,
[Bitstream] also lays the foundation of MISC. Although its
absence will not affect the Perception indicator, it will lead to
a significant drop in Consistency. The only contentious issue
lies in the utilization of [NDM] content. For perception, using
NDM enhances aesthetic quality but diminishes low-level
quality. Conversely, for consistency, omitting NDM results in
an overall performance decline. As Fig. 7 illustrates MISC
already has better perception beyond consistency. Given that
incorporating three NDM groups only necessitates a bitrate
overhead of 0.002 bpp, adding NDM groups can enhance
consistency with minimal sacrifice in perception. In conclu-
sion, eliminating any single content leads to performance
deterioration, affirming their collective contribution to the final
compression performance.

D. User Study

To verify the practicality of MISC in real-life scenarios,
we conduct a subjective user study beyond the objective
indicators, to analyze the human preference for the compressed
image. We established an environment with standard lighting,
displaying the ground truth centrally, and two compressed
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Fig. 10: User interface for choosing preference in terms of
consistency/perception. The ground truth image in the middle
is compressed by different metrics on the left/right.
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Fig. 11: Statistical results of user study in the NSI database
CLIC-2020 [41] and AIGI database AIGI-SCD. Humans sub-
jectively believe that MISC is the best compression metric for
both consistency and perception.

images on an iMac monitor with a resolution of up to 4,096
× 2,304 pixels. Viewers are required to select preferences be-
tween two images compressed by different algorithms, at both
consistency and perception levels. The experiment involved 7
graduate students (4 males and 3 females) interacting with the
interface in Fig. 10. The proposed MISC is compared with four
state-of-art compression metrics, namely CHENG [73], CDC
[28], HiFiC [25], and PICS [34]. A certain bitrate (0.04 ∼ 0.05)
is set for all those metrics for a fair comparison, by using
MISC-3, and the bitrate in TABLE III for other metrics. The
validation results illustrated in Fig. 11 demonstrate the superior
performance of MISC across all evaluated criteria. Notably,
MISC performs comparably to the PICS for consistency,
and HiFiC for perception. Furthermore, compared to NSIs,
AIGIs compressed by MISC were more preferred by human
evaluators. It is worth mentioning that this subjective result is
slightly different from the objective indicators in TABLE III.
For example, in AIGI compression, the HiFiC [25] achieves

the best objective indicators, but Fig. 11 shows that MISC is
more subjectively preferred. Therefore, appropriate objective
perceptual quality assessment measures should be developed
to inspire image compression at ultra-low bitrates.

VI. CONCLUSION

In this paper, an image compression method called MISC
is proposed at ultra-low bitrates. It can significantly reduce
the storage space required and save bandwidth to transfer
images. The framework of MISC consists of LMM/map/image
encoders, and a general decoder. Experimental results on
CLIC2020 and the AIGI-SCD database constructed in this
paper show that MISC solves the trade-off problem be-
tween consistency and perception, as well as good scalability
with bitrates. With the evolution of today’s storage devices
and communication protocols, we believe this LMM-driven
methodology has the potential to facilitate a new paradigm
for image compression.
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