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HybridFlow: Infusing Continuity into Masked Codebook for
Extreme Low-Bitrate Image Compression

Anonymous Authors

ABSTRACT
This paper investigates the challenging problem of learned image
compression (LIC) with extreme low bitrates. Previous LIC methods
based on transmitting quantized continuous features often yield
blurry and noisy reconstruction due to the severe quantization loss.
While previous LIC methods based on learned codebooks that dis-
cretize visual space usually give poor-fidelity reconstruction due to
the insufficient representation power of limited codewords in cap-
turing faithful details. We propose a novel dual-stream framework,
HyrbidFlow, which combines the continuous-feature-based and
codebook-based streams to achieve both high perceptual quality
and high fidelity under extreme low bitrates. The codebook-based
stream benefits from the high-quality learned codebook priors to
provide high quality and clarity in reconstructed images. The con-
tinuous feature stream targets at maintaining fidelity details. To
achieve the ultra low bitrate, a masked token-based transformer
is further proposed, where we only transmit a masked portion
of codeword indices and recover the missing indices through to-
ken generation guided by information from the continuous feature
stream. We also develop a bridging correction network to merge the
two streams in pixel decoding for final image reconstruction, where
the continuous stream features rectify biases of the codebook-based
pixel decoder to impose reconstructed fidelity details. Experimental
results demonstrate superior performance across several datasets
under extremely low bitrates, compared with existing single-stream
codebook-based or continuous-feature-based LIC methods.

CCS CONCEPTS
• Computing methodologies→ Image compression.

KEYWORDS
HybridFlow, extreme low-bitrate image compression, masking

1 INTRODUCTION
The explosive amount of visual information required by increas-
ingly sophisticated applications like communication, broadcasting,
gaming, etc. poses great challenges to network transmission and
data storage. Effective image compression at ultra-low bitrates has
become highly desired but remains poorly solved.

Powered by trained neural networks, learned image compres-
sion (LIC) has been proven superior than conventional methods like
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VVC [6] or JPEG2000 [42]. The whole idea is to encode the input im-
age into a latent space in the encoder, compress the latent feature to
reduce transmission bits, and reconstruct the output image using de-
compressed latent in the decoder. Based on the type of information
to transfer, LIC methods can be roughly grouped into two cate-
gories. The first category [3, 9, 13, 16, 22–24, 26, 28, 32, 37, 44, 47]
has been broadly studied, featuring transmitting continuous com-
pressed feature maps. The original latent feature goes through clas-
sic quantization and entropy coding to obtain a compact bitstream
with continuous values, and the decoder recovers a degraded latent
feature for reconstruction. When the bitrate is extremely low, the
recovered latent feature has poor quality due to severe quantization,
resulting in low-quality reconstruction that is overly smooth and
lacks of expressive details.

The second category [20, 21, 35] has recently merged attributed
to the increasing popularity of using learned general image priors
by a quantized-vector-based codebook for image restoration tasks,
featuring transmitting integer indices. A learned visual codebook
is pretrained to discretize the distribution of the image latent into
a finite discrete set space. By sharing the codebook among the
encoder and decoder, the encoder maps the latent feature into
codeword indices, and the decoder recovers an approximate latent
feature for reconstruction by retrieving codeword features using the
integer indices. High-quality codebooks learned from high-quality
images usually ensure high-perceptual-quality reconstruction with
clear and rich details [7, 38, 40, 48]. However, the output image
may be unfaithful to the original input, e.g., small content changes
are dissolved by discretized codebook. Large codebook capturing
detailed visual aspects or multiple codebooks each focusing on
class-specific representations [33] can alleviate this issue, but with a
sacrifice of increased bitrates. Hence, when bitrate is extremely low,
the limited codebook size results in poor-fidelity reconstruction.

In this paper, we propose a hybrid framework that benefits from
the dual-stream complementarity of the above two categories, en-
abling extreme low-bitrate transmission and high-quality recon-
struction at the same time. Two parallel flows are generated from the
input image: a discrete index map based on a high-quality codebook
that utilizes learned general image priors to obtain high-perceptual
reconstruction quality, and an extreme low-bitrate continuous fea-
ture stream providing fidelity details. The two flows are combined
through an effective bridging mechanism for masked token genera-
tion and corrective pixel decoding. Our contributions are:

• We introduce a novel dual-stream framework for image com-
pression, HybridFlow, which achieves clear and faithful high-
quality image reconstruction even at extremely low bitrates
(<0.05 bpp), surpassing previous approaches.

• A "masked-prediction" strategy is further introduced to the
codebook-based discrete flow. Motivated from the masked
token-based transformer architecture ofMAGE [31], by guided-
generation from just a portion of the index map, we not only
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reduce the transmitted indices, but also achieve a control-
lable trade-o� between reconstruction quality and bitrate.

� We propose a bridging mechanism to merge the two infor-
mation streams. The continuous features are fed into the
cross-attention module of the token decoder to guide the
predictive generation of the codebook-based features. At the
same time, the continuous features rectify biases of the pixel
decoding process using codebook-based features through a
correction network alongside the pixel decoder.

We conduct experiments to evaluate the e�ectiveness of our
approach both qualitatively and quantitatively over several bench-
mark datasets. Qualitative results show that our �HybridFlow"
framework can preserve the high quality and clarity of codebook-
based reconstruction, while e�ectively correcting pixel-level dis-
tortion through infusing continuous image feature. Quantitative
performance achieves an average improvement of about 3.5dB in
PSNR compared to pure codebook-based methods with the same or
even better LPIPS scores, and a signi�cant improvement of LPIPS
scores (55.7%) compared to pure continuous-feature-based methods.
Overall, our "HybridFlow" provides a balance between credibility
and clarity, between trustworthiness and perceptual quality.

2 RELATED WORK
2.1 LIC based on Continuous Features
Image compression using neural network models have gained wide-
spread attention. LIC has three key processing steps: learning a
concise latent image representation; e�ectively quantizing this rep-
resentation to reduce information transmission rates; and e�ciently
reconstructing high-quality images from the quantized information.

The majority of works are based on the hyperprior framework
[3, 10, 16, 23, 36]. The image latent feature is compressed by the
conventional quantization and entropy encoding process into a
bit-e�cient data stream, and the decoder recovers the degraded
latent feature by conventional entropy decoding and dequantization.
The transmitted data are complex �oating-point numbers, and we
categorize these methods as LIC based on continuous features.

Quantization is necessary to reduce transmission demands but
introduces information loss in the recovered latent feature. Many re-
search works have been focused on reducing such information loss
by improving the entropy model of quantization/dequantization.
These approaches usually work well for moderate to high bitrates,
where quality latent feature can be recovered. However, for ex-
tremely low bitrates, heavy quantization leads to signi�cant degra-
dation in recovered latent feature, resulting in severe reconstruction
artifacts like blurs, blocky e�ects,etc.

2.2 LIC based on Codebooks
Learned generative image priors,a.k.a., visual codebooks, have
achieved impressive performance over a variety of image restora-
tion tasks [8, 11, 17, 18, 33, 43, 48]. The visual codewords span a
quantized latent feature space into which each image can be embed-
ded as a quantized feature by mapping to the nearest codewords.
This idea naturally aligns with the compression task, and has been
used for LIC recently [20, 21, 35]. The encoder computes the embed-
ded quantized feature, which is represented by an integer indices
map of mapped codewords, and the decoder retrieves the quantized

feature from the indices map using the same codebook. The inte-
ger indices are extremely e�cient and robust to transfer, and we
categorize these methods as LIC based on codebooks.

The richness of the codebook,e.g., the number of multiple code-
books capturing di�erent semantic visual subspaces like AdaCode
[33], the size of codebooks, and the information required to com-
bine multiple codebooks [21], determines the tradeo� between
bitrate and reconstruction quality. Due to the di�culty of learning
a universally abundant visual codebook to capture the complicated
general image content, such methods usually show advantages with
low to moderate bitrates, unless when applied to speci�c content
like human faces [20, 48]. For general high-bitrate cases, the �nite
number of codewords can be insu�cient to recover the rich de-
tails of the general latent feature, in comparison to the hyperprior
framework with conventional quantization. With low to moderate
bitrates, the high-quality codebook can give high-quality latent
feature for high-quality reconstruction, despite the inputs' quality.
However, when the bitrate is extremely low, the small codebook
causes too much collapse in the visual space. As a result, di�erent
images can be treated as variants of each other and mapped to the
same sets of codewords, giving similar generic reconstruction. In
such cases, although the output has high perceptual quality, it can
be pixel-level (even semantic-level) unfaithful to the original input.

2.3 Masked Image Modeling
Masked Image Modeling aims at utilizing self-supervised learn-
ing to improve the e�ciency and robustness of the learned image
representation. The key idea is to remove a portion of the input
before passing it to the model and training the model to recon-
struct the missing content. Early researches like MAE [15], BEiT
[4], ADIOS[41] , SiamMAE [14] and SimMIM [46] directly work on
the pixel level. This usually leads to blurred reconstruction (e.g, as
shown in MAE sample �gures), since pixels are considered low-level
representations rather than high-level semantics and it is innately
challenging to learn high-level representations by random masking.
To inject more semantics into target tokens, various works based
on discrete image representations have been purposed recently. For
example, when an image is encoded into a token sequence in a �nite
discrete space, a tokenizer similar to language models, is applied to
the masking modeling. Masked Generative Encoder (MAGE) [31]
(an extension of MAE in the discrete latent domain) and MaskGIT
[7] demonstrate remarkably strong ability to learn image represen-
tations. Such methods address previous issues in image domain
modeling, such as blurriness and excessive smoothing.

Nevertheless, we have noticed a phenomenon where these mod-
els, when provided with di�erent partial information from the
same original image, tend to generate visually dissimilar images.
Although these generated images exhibit semantic similarity and
clarity based on the learned distribution, they diverge signi�cantly
from the visual characteristics of the original image. This discrep-
ancy contradicts the objective of maintaining �delity to the original
image in the context of image compression tasks.

3 METHOD
Figure 1 gives the work�ow of our dual-stream HybridFlow for
high-quality reconstruction with ultra low bitrates (Ÿ 0”05bpp).
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