This CVPR paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;
the final published version of the proceedings is available on IEEE Xplore.

Learned Lossless Image Compression based on Bit Plane Slicing

Zhe Zhang! Huairui Wang!
'Wuhan University

Zhenzhong Chen'*
2Tencent Media Lab

Shan Liu?

{zhe__zhang, zzchen}@whu.edu.cn

Abstract

Autoregressive Initial Bits (ArIB), a framework that com-
bines subimage autoregression and latent variable models,
has shown its advantages in lossless image compression.
However, in current methods, the image splitting makes the
information of latent variables being uniformly distributed
in each subimage, and causes inadequate use of latent vari-
ables in addition to posterior collapse. To tackle these is-
sues, we introduce Bit Plane Slicing (BPS), splitting images
in the bit plane dimension with the considerations on differ-
ent importance for latent variables. Thus, BPS provides a
more effective representation by arranging subimages with
decreasing importance for latent variables. To solve the
problem of the increased number of dimensions caused by
BPS, we further propose a dimension-tailored autoregres-
sive model that tailors autoregression methods for each di-
mension based on their characteristics, efficiently captur-
ing the dependencies in plane, space, and color dimensions.
As shown in the extensive experimental results, our method
demonstrates the superior compression performance with
comparable inference speed, when compared to the state-
of-the-art normalizing-flow-based methods. The code is at
https://github.com/Z2022/ArIB—-BPS.

1. Introduction

Lossless image compression is widely applied in many do-
mains where the preservation of high-quality images is de-
manded such as photography, scientific exploration, and re-
mote sensing. The significance of these compression tech-
niques lies in their ability to reduce image file sizes while
preserving the original content, accomplished through the
exploitation of inherent image correlations.

Fundamentally, Shannon’s source coding theorem [30]
sets a lower bound for coding length based on the im-
age’s entropy, which is determined by its inherent dis-
tribution. Consequently, many deep generative models
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[4], which have exhibited remarkable efficacy in distribu-
tion modeling, have found widespread application within
the realm of lossless image compression. These encom-
pass a variety of methodologies, including autoregressive
methods (ARMs) [29, 37], variational autoencoders (VAEs)
[19, 22, 34, 35], normalizing flows (NFs) [12, 13, 41, 42],
and diffusion models [14, 17]. These diverse approaches
involve trade-offs between compression performance and
inference speed. Furthermore, compression performance
encompasses dataset compression, which often approaches
the theoretical limits optimized by neural networks, and
single-image compression, which is affected by the initial
bits required for bits back coding [34]. Bits back coding
is utilized in VAESs, continuous NFs, and variational dif-
fusion models. In summary, per pixel ARMs and diffu-
sion models demonstrate impressive compression perfor-
mance but necessitate impractical inference time [22, 28].
Among the remaining methods, continuous NFs offer the
best dataset compression but exhibit weaker performance in
single-image compression.

A potential option for achieving a better trade-off is the
combined use of subimage autoregression and VAEs, a kind
of latent variable model. This approach has shown compet-
itive performance in the field of lossless image compres-
sion, particularly in its single-image compression perfor-
mance when using the Autoregressive Initial Bits (ArIB)
framework [28]. ArIB excludes latent variables for some
subimages and uses their bits as initial bits, significantly re-
ducing the overhead associated with initial bits for single-
image compression.

Current methods [28] split the image in the space dimen-
sion. Pixels with the same coordinate in different subim-
ages are adjacent in the original image. This splitting uni-
formly distributes the information of latent variables in each
subimage. Thus, each subimage carries similar importance
for latent variables. However, latent variables are inade-
quately used due to their exclusion for some subimages. In
addition, there’s a growing risk of posterior collapse [21]
along the subimage sequence due to the growing volume of
the autoregressive prior. Posterior collapse, a phenomenon
where non-useful latent variables are learned, adversely im-
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pacts compression performance. Given the importance of
all subimages for latent variables, current methods suffer
from posterior collapse [28].

To address these issues, we propose the utilization of
bit plane slicing (BPS). BPS splits images along the bit
plane dimension, with a reduction in the volume of global
data modality from the most significant plane (MSP) to the
least significant plane (LSP) (see Figure 2). Given that la-
tent variables are utilized for learning global data modalities
[22, 28], the importance for latent variables decreases from
MSP to LSP (see Figure 3). We arrange subimages with
decreasing importance for latent variables. Hence, a more
adequate utilization of latent variables is achieved by ex-
cluding subimages with minor importance. Moreover, we
enhance autoregression by introducing the autoregression
from MSP to LSP. This autoregression has a mitigated risk
of posterior collapse since subimages important for latent
variables are subject to a low risk of posterior collapse.

The introduction of BPS increases the number of dimen-
sions of subimages. When combining autoregression in the
plane dimension with that in the existing space and color
dimensions, an efficient method is required. To solve the
problem, we propose a dimension-tailored autoregressive
model. Autoregressive methods are tailored based on the
unique characteristics of each dimension: a non-neural dis-
tribution model for the simplest color space, a simple neural
network for the space dimension, and a much more com-
plex network for the challenging plane dimension. This
model demonstrates a substantial improvement in perfor-
mance, balanced with a suitable increase in complexity, as
evidenced by our experimental results.

Consequently, our method outperforms the current ArIB
methods in compression performance. Moreover, compared
to the state-of-the-art NF-based methods, our approach
demonstrates superior compression performance with com-
parable inference time.

Our contributions could be summarized as follows:

* We introduce bit plane slicing (BPS) for ArIB, since it
splits the subimages with different importance for latent
variables. By arranging subimages with decreasing im-
portance for latent variables, BPS enables adequate use
of latent variables as well as enhanced autoregression in
a mitigated risk of posterior collapse.

* We propose a dimension-tailored autoregressive model.
This model tailors autoregression methods for each di-
mension based on their different characteristics, effi-
ciently modeling dependencies in an increased number of
dimensions caused by BPS.

» With the merit of the BPS and dimension-tailored autore-
gressive model, our method surpasses the state-of-the-art
normalizing-flow-based methods in compression perfor-
mance with comparable inference time.

2. Related Work

Autoregressive Models compress images by predicting the
probability of the current component based on previously
decoded ones. Per-pixel ARMs [29, 37] decode images
pixel by pixel, yielding impressive compression perfor-
mance. However, as image resolution increases, the number
of required network evaluations grows linearly, leading to
impractically long decoding times. To mitigate this issue,
subimage ARMs divide an image into a fixed number of
subimages, significantly reducing inference time in compar-
ison to per-pixel ARMs. Various image-splitting methods
have been proposed, including spatial splitting [9], channel-
wise splitting [24], unevenly channel-wise splitting [10],
lossy and residual decomposition [23], autoregressive sub-
pixel convolution [28], and low-high frequency decompo-
sition [26]. In the neural compression community, autore-
gression in the bit plane dimension has been adopted for
order-agnostic autoregressive diffusion models [14], pro-
gressive compression [15], and high bit-depth medical im-
age compression [38]. These methods employ BPS for dif-
ferent goals. Our method leverages autoregression in the
bit plane dimension for ArIB to enhance autoregression in
a mitigated risk of posterior collapse.

Latent variable models utilize extracted latent variables
from input images to aid in compression. L3C [22] employs
a neural network to extract latent variables as auxiliary in-
formation. VAE-based methods [19, 34, 35] use posterior
sampling for obtaining latent variables to improve perfor-
mance. LBB [12] defines a posterior distribution for la-
tent variables, enabling discretization for continuous NFs,
which is also applied in iFlow [4]1]. However, posterior
sampling requires bits back coding [34], which introduces
significant overhead for single-image compression.
Combined methods integrate latent variable models and
ARMs. They have witnessed great success in the neural
lossy compression community [25] and have been explored
in lossless compression recently [16, 28]. This combination
enables the efficient capture of both local and global data
modalities. SHVC [28] further introduces ArIB based on
the combination to reduce the overhead by initial bits.

3. Method

In this section, we introduce our Autoregressive Initial Bits
with Bit Plane Slicing (ArIB-BPS) method. To provide a
clear overview of our method, Figure 1 illustrates the key
components and workflow of ArIB-BPS.

3.1. Background

Subimage Autoregressive Models split the image x into a
fixed number of subimages {x1,2,...,2,}. The proba-
bility of x is factorized into the product of conditional dis-
tributions as follows
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Figure 1. Overview of our method: the left subfigure illustrates the encoding process. Here, s denotes the split index. The depth of the
orange indicates the complexity of the networks in the dimension-tailored autoregression. In the encoding process, the insignificant planes
Zs+1:8 are first encoded conditioned on the significant planes x1.s. Then, the posterior distribution ¢(z|z1.s) is obtained from x1.s. The
latent variables Z are obtained by decoding from the previously encoded bitstream using q(z|z1.s). Next, z1.s is encoded, conditioned on
Z. Finally, 2 is encoded with prior distribution p(z). The decoding order is the reverse of the encoding process.

n

p(z) = p(z1) [ [ p(@ilzri1)

=2

6]

Latent variable models extract latent variables z from the
input image x to assist compression. For VAEs and contin-
uous NFs, the approach to obtain z is sampling for a poste-
rior distribution ¢(z|z). In this case, bits back coding [34]
is required. It encodes the image via the following steps:

Step 1: Decode z with g(z|z) from initial bits.

Step 2: Encode x with p(x|z).

Step 3: Encode z with p(z).

Here, p(-) represents the prior distribution. The asymmetric
numeral system (ANS) [8], an entropy coder with a reversed
order between encoding and decoding, is required.

LBB [12] introduces local bits back, using ¢(z|z) to dis-
cretize continuous NFs for lossless compression. Moreover,
VAE:s use neural networks to obtain ¢(z|z). When sequen-
tially encoding a set of images {z(1), z(®) ... 2(N)} bits
from previously encoded images could be used as initial bits
for the current image. For VAEs, the average code length
for encoding the image set is

N
_ 1 N )
C =5 (~1ogp(e|=) ~ log p(=")
NI 2)

- - 1
+log g(z V|2 ")) = T logg(=V |z D)
The first term, which is the Evidence Lower Bound

(ELBO), can be optimized by neural networks. The sec-
ond term can be amortized when compressing a dataset.

However, when compressing a single image, the overhead
—log g(z|x) is not negligible, which limits the usage of
these methods for single-image compression. Nonetheless,
single-image compression is required for image compres-
sion applications, and it enables parallel compression when
compressing a dataset.

When combined with subimage autoregression, this
overhead could be reduced via autoregressive initial bits
(ArIB) [28]. ArIB partitions the subimage sequence into
two subsets: x1.s and xs1.,,. Latent variables are employed
exclusively for x;.4, while the bits used to compress 511,
serve as initial bits. If the number of bits provided is larger
than the number of bits required, the overhead for bits back
coding is eliminated.

3.2. Bit Plane Slicing for Autoregressive Initial Bits

The current method, SHVC-ArIB [28], splits the image in
the space dimension. Its splitting ensures pixels with the
same coordinates are adjacent in the original image. Thus,
each subimage is equally important for latent variables.
This splitting causes inadequate use of latent variables, as
latent variables are excluded for some subimages that are
important for latent variables. For SHVC-ArIB, this incurs
a performance cost compared to utilizing latent variables for
all subimages. Moreover, the performance of SHVC-ArIB
is constrained by posterior collapse [21]. Posterior collapse
refers to the collapse of the posterior to the prior, indicating
that non-useful information is extracted by latent variables.
A common cause of posterior collapse is highly capable de-
coders [21]. Specifically, a strong autoregressive prior en-
hances the decoder’s capability, increasing the likelihood of
posterior collapse. Consequently, subimages positioned at
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Figure 2. Visualization for each bit plane. The planes are arranged
from MSP to LSP, from left-top to right-bottom. The volume of
global data modality decreases from MSP to LSP.

the end of the autoregressive sequence are in a high risk of
posterior collapse due to their strong autoregressive priors.
In SHVC-ArIB, enhancing spatial autoregression leads to
slight improvements or even a decline in performance be-
cause of posterior collapse. In this paper, we introduce bit
plane slicing (BPS) to address these issues.

Bit Plane Slicing is a well-established technique in digital
image processing. For a d-bit image, it partitions the entire
image into d bit planes. Here, each pixel intensity is repre-
sented as x, and the [*" bit is represented as z'. The value
of z! can be determined using the following equation:

' = |z/297"] mod 2 3)

In this equation, | x| denotes the largest integer less than
or equal to z. The original pixel value x can be recon-
structed using the equation:

d
z=Y 27" x 2! (4)
=1

In this paper, we focus specifically on 8-bit images. We
define the significant planes as those with smaller [ values,
and the insignificant planes as those with larger [ values.
The volume of global data modality decreases from the
most significant plane (MSP) to the least significant plane
(LSP), as illustrated in Figure 2. Considering latent vari-
ables are employed to learn global data modalities [22, 28],
we hypothesize that the importance for latent variables sim-
ilarly decreases from MSP to LSP. To test this hypothesis,
we employ the latent variable model from [34] for each
bit plane. Subsequently, we evaluate the Bit Per Dimen-
sion (BPD) savings and calculate the bit rate percentage at-
tributed to latent variables within the entire subimage. The
results, illustrated in Figure 3, display a consistent descend-
ing trend from MSP to LSP, with values becoming negligi-
ble in the final few insignificant planes. This observation
corroborates our initial hypothesis.

Based on this finding, we employ BPS for ArIB. We par-
tition the image into two segments using a slice index rang-

ing in {1,...,8}, denoted as s. The first segment com-
prises the significant planes, represented as z'**, while the
second segment includes the insignificant planes, denoted
as 5718, Latent variables z are exclusively used for the
significant planes, while ARMs are employed for both seg-
ments. This approach enables a more adequate use of latent
variables since z'** is more important for them. Moreover,
we introduce plane-by-plane autoregression from MSP to
LSP to enhance autoregression. As the volume of autore-
gressive prior increases along the subimage sequence, the
risk of posterior collapse intensifies sequentially. In this au-
toregression, subimages that are more important for latent
variables are placed in positions where they are less likely
to encounter posterior collapse. In comparison, SHVC-
ArIB split the image into subimages with similar impor-
tance, meaning that subimages in positions where there’s
a high risk of posterior collapse are also important for la-
tent variables. Thus, the overall risk of posterior collapse is
mitigated by our method.

The overall bit rate of the image = can be expressed as
follows, where R;4 and R, denote the bit rates associated
with significant and insignificant planes, respectively:

R, = Rsig + Rins

5
— logp(a™2) - logp(a ®

s+1:8 | [L‘LS)
We further propose some modifications to suit our ArIB
with BPS method.
Hierarchical Latent Variables are commonly utilized in
VAEs to improve performance. These variables are struc-
tured in a hierarchy comprising L layers, denoted as z =
{z1,...,zr}. The prior probability distribution of z is fac-
torized as follows:

L—-1

p(z1:0) = p(zr) [ [ pzilzigr) (6)

i=1

There are two methods for obtaining the posterior
q(z|z1*®): top-down, which proceeds from layer L to layer
1, and bottom-up, which goes from layer 1 to layer L. The
former has been shown to exhibit superior compression per-
formance [32, 35], while the latter can leverage the bit-swap
technique [19] to reduce the number of initial bits required.
Given that the bit rate increases from MSP to LSP [43], in-
significant planes can contribute a larger number of initial
bits. Consequently, we opt for the top-down inference mod-
els, a choice that differentiates our approach from SHVC-
ArIB. In this context, the posterior distribution can be ex-
pressed as follows:

L-1
q(z1.0le"?) = q(zola™) T] a(zilzigrn, ™) (D)

i=1
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Figure 3. BPD savings achieved using latent variables and the
bit rate percentage attributed to latent variables for each bit plane.
The results are averaged over the CIFAR10, ImageNet32, and Im-
ageNet64 [6] datasets. The importance for latent variables de-
creases from MSP to LSP.

Discretization also plays a pivotal role: a higher precision
tends to enhance compression performance but also requires
more initial bits. Given the variation in available initial bits
across different images, we propose an image-adaptive dis-
cretization strategy.

In our method, we utilize equal mass discretization [35]
for the top-down model. This ensures that all latent vari-
ables maintain equal probability mass for p(z). We define
the discretization precision k, which discretizes z within ok
possible values. It is important to note that ¢(z|z) closely
approximates p(z), as the Kullback-Leibler divergence be-
tween them is minimized during optimization. As a result,
each element of z necessitates roughly —log(1/(2%)) = &
initial bits. Furthermore, the size of the latent variables, de-
noted as |z|, can be quantified. The bit rate R;,s can be de-
termined by measuring the length of the encoded bitstream.
Following these calculations, the precision k is derived us-
ing the equation:

Rins
2|

k=1

] ®)

For training VAEs, the bit rate of latent variables is
calculated with the condition that they are discretized to
high precision. In practical scenarios, most images ex-
hibit a sufficiently large precision value k, ensuring neg-
ligible impact on compression performance when employ-
ing discretization. Nevertheless, low precision is required
in minor cases, where the discretization hurts the compres-
sion performance. To tackle this, we propose a discretized

sampling technique for sampling latent variables for fine-
tuning. More specifically, both the prior and posterior distri-
butions are modeled using a univariate logistic distribution,
characterized by mean parameters i, and ji4, respectively.
We sample € from a standard logistic distribution. The cal-
culation of a sampled latent variable 2 and its corresponding
bit rate can be represented as follows:

tr = [2" - sigmoid(e + p1g — p1p)] — 1,

R . t;+ 0.5
z = logit <2k) + pp,

. . Lttt )
R: = log(sigmoid(logit ( o ) + pp — Lg)
L (U
— sigmoid(logit <2k> + pp — 1g)) + K,

where [z] signifies the smallest integer greater than or
equal to x. During back-propagation, the Straight Through
Estimator [3] is utilized to manage this operation.

3.3. Dimension-Tailored Autoregressive Model

BPS results in an increased number of dimensions for au-
toregression, specifically, the bit plane dimension. In ad-
dition to the plane dimension, we consider autoregression
in space and color dimensions, which have demonstrated
their efficacy in previous studies [26, 40]. Using a uni-
form approach to model all dimensions is employed in pre-
vious works [14]. However, this method has certain lim-
itations. First, these dimensions present uneven modeling
challenges. Employing a one-size-fits-all network to ad-
dress all dimensions directly may either compromise mod-
eling accuracy in the more complex dimensions or lead to
inefficient use of computational resources in simpler dimen-
sions. Second, strong autoregression in the space and color
dimensions can potentially lead to posterior collapse. To ad-
dress these issues, we propose a dimension-tailored autore-
gressive model that tailors the approach for each dimension
based on its specific characteristics. An overview is shown
in the right subfigures of Figure 1.

Our autoregressive model operates in three stages. In
the first stage, we focus on the plane dimension, which
presents a significant challenge due to the extensive range
of possible values that the pixels in its preceding planes,
denoted as x'*~!, can take on, amounting to 2*~! possibil-
ities. To effectively leverage the autoregressive prior from
2'~1 and apply it to 2, we employ a sophisticated plane
context model, ®,,. To capture the global data modality em-
bedded in the preceding planes, we adopt a U-Net archi-
tecture [27]. Specifically, we use two models that employ
the architecture of diffusion models [7]: one for the signifi-
cant planes and the other for the insignificant planes. Time
embedding is used to differentiate planes.
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In the second stage, we address the space dimension.
Compared to the plane dimension, this dimension is less
complex, as each bit in the current bit plane can only take
one of two possible values. We adopt a 4-stage checker-
board model [9, 26], which involves dividing the bit plane
2% into four sub-planes, denoted as z%, 2%, x4, x4, as illus-
trated in Figure 1. For each sub-plane xﬁ», we utilize a sim-
ple network, @, to extract the spatial autoregressive prior
Fy from j—1- Then, a parameter network © is used to
fuse information from both the plane and space dimensions.
To effectively integrate information, we employ a relatively
complex network for ©. Although the complexity of ©
does contribute to the overall computational demand of our
model, the complexity remains significantly lower than that
of employing the architecture of ®,, for both dimensions, re-
sulting in a more efficient modeling process. More specif-
ically, ®; is a single ResBlock [11], and © combines an
ECANet [39] with several wider ResBlocks.

The third stage is for the color dimension. As identified
in PixelCNN++ [29], the correlations among the color chan-
nels of a pixel are typically straightforward, and deep net-
works are often unnecessary for their modeling. Therefore,
we adopt a non-network approach for the color dimension.
Specifically, we model the distribution of bits in each color
channel using a Bernoulli distribution, where the probabil-
ity parameter p = P(xz = 1) is determined autoregressively
based on the bits with the same spatial position in previously
decoded channels. In our method, © predict six parameters
0 ={fr, fg: o, @, B,7}, and model the probability for each
channel as follows:

pr = sigmoid(f;.)
pg = sigmoid(fy + a - x,) (10)
po = sigmoid(fy + B -z + 7 - z4)

The 1st and 2nd stages of our dimension-tailored autore-
gressive model can be expressed as follows:

i =,z )
Fsé = (I)S(‘rllzj—l)
. {@(szﬁ,Fs@,Fz), iSS
= !
J ) ) i
@(Fpl,FS;), i>s

Y

In summary, we initially derive F), for the entire bit
plane. Subsequently, for each of the four subimages in the
bit plane, we compute Fs. These are then concatenated with
F,, and F’, (only for significant planes) and fed into © to de-
termine the six parameters 6. Finally, we calculate the prob-
ability using non-network color autoregression as outlined
in Equation 10.

Loss function of our method is expressed as:

l=R.+ R,

. (12)
= —logp(z) + logq(z|z ") + Ry

4. Experiments
4.1. Architecture and Training Details

In accordance with prior research, our experimental
setup entails training three models using three benchmark
datasets: CIFAR10, ImageNet32, and ImageNet64 [6]. For
all models, we set the split index, s, to 4, based on Figure
3, and utilize 3 layers of hierarchical latent variables. For
latent variables, we apply a factor 2 downsampling for each
hierarchy of latent variables in latent encoders. The channel
number for latent variables is set to 3 across all models. For
®,, the number of hierarchical levels in the U-Net is set to
4 across all models.

We utilize the Adam optimizer [ 18] with an initial learn-
ing rate of 0.0001, and we apply step decay as the learning
rate schedule. For fine-tuning with discretized sampling, we
employ Equation 8 with the previously trained model to ob-
tain the precision k for each image in the training set. All
experiments are conducted on a GeForce GTX 1080 Ti.

4.2. Compression Performance

We evaluate the performance of our method across four dis-
tinct datasets: CIFAR10, ImageNet32, ImageNet64, and
DIV2K [1], using bits per dimension (BPD) as our primary
metric. The first three datasets are of low resolution, while
the last one, DIV2K, is a high-resolution dataset. Following
most previous works, we exclude per-pixel autoregressive
methods [29, 37] and diffusion models [14, 17] from our
evaluation due to their impractical time complexity.

Our method evaluates performance in two distinct com-
pression settings: dataset compression and single-image
compression. In dataset compression, we sequentially com-
press 5,000 images with a fixed discretization precision of
10. For single-image compression, each image’s k value is
calculated using Equation 8 and clipped between 3 and 10.
If the calculated & is less than 3, additional (3 —k) X |z (|#|
represents the size of z) bits are added to ensure success-
ful encoding. These possible bits, along with the &k value
and image bits, are written to a bitstream. The single im-
age compression performance is determined by measuring
the bitstream size. Following [28, 41, 42], we evaluate the
performance on the DIV2K dataset using the model trained
on ImageNet64 by cropping images into 64 x 64 patches.

We compare our method against advanced approaches
from traditional methods, learned methods without bits
back coding, and learned methods with bits back coding.
We present the detailed results of our experiments in Ta-
ble 1. Our method demonstrates superior compression per-
formance, particularly in single-image compression. In
dataset compression, our method excels in three out of
four datasets, achieving the second-best performance on
the remaining dataset. In single-image compression, our
method outperforms other methods in all datasets. We note
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Table 1. Compression performance in BPD for four datasets, where lower values indicate better performance. The best performance is
highlighted in bold. *: ImageNet32 , **: ImageNet64, *: Flickr2k [33], ~: OpenImage [20]. 1st Group: traditional methods, 2nd Group:
learned methods without bits back coding, 3rd Group: learned methods with bits back coding. Some values of SHVC and SHVC-ArIB are
not available, and we list their available lower bound here. ©: These values are obtained by adding dataset performance and initial bits.

‘ Dataset Compression ‘ Single-Image Compression

Method | CIFAR10 ImageNet32 ImageNet64 DIV2K | CIFARI0 ImageNet32 ImageNet64 DIV2K
PNG [5] 5.89 6.39 5.74 423 5.89 6.39 5.74 423
FLIF [31] 4.19 452 4.54 291 4.19 452 4.54 291
JPEG-XL [2] 5.74 6.39 5.89 279 5.74 6.39 5.89 2.79
L3C [22] - 4.76 442 3.09- - 4.76 4.42 3.09
IDF [13] 3.34 4.18 3.90 - 3.34 4.18 3.90 -
IDF-++ [36] 3.26 4.12 3.81 - 3.26 4.12 3.81 -
LC-FDNet [26] 3.77t 4.40t 4.28+ 2.71% 3.77t 4.40% 4.28+ 2.71%
Bit-Swap [19] 3.82 4.50 - - 6.53 6.97 - -
Hilloc [35] 3.56* 420 3.90* - - - - -
SHVC [28] 3.16 3.98 3.68 2.57* >3.96 >4.78 >4.48 -
SHVC-ArIB [28] | >3.16 >3.98 >3.68 - >3.16 >3.98 >3.68 -
iVPF [42] 3.20 4.03 3.75 2.68** 9.204 - - -
LBB [12] 3.12 3.88 3.70 - 42982 49.842 41.704 -
iFlow [41] 3.12 3.88 3.70 2.57* | 37.40% 38.274 38.124 -
ArIB-BPS (ours) 3.06 3.91 3.63 2.55%* 3.07 3.92 3.64 2.59**

Table 2. Comparison with advanced and available flow-based methods. The batchsize is 64 following LBB and iFlow. We train the small
model to align with the inference speed of iFlow on ImageNet64.

‘ ‘ Compression Performance (BPD) | ‘ Inference Time (ms/sample) |

dataset ‘ Method ‘ theoretical ~ dataset single ‘ encode decode
LBB [12] 3.116 3.118 42.978 64.94 64.94

CIFAR10 iFlow [41] 3.116 3.118 37.398 17.38 47.56
ArIB-BPS 3.048 3.057 3.070 14.93 14.93

LBB [12] 3.871 3.875 49.835 194.14 194.14

ImageNet32 iFlow [41] 3.871 3.873 38.273 74.84 119.30
ArIB-BPS 3.904 3911 3918 52.96 52.96

LBB [12] 3.701 3.703 41.703 95.57 95.57

iFlow [41] 3.701 3.703 38.123 37.49 58.08

ImageNet64 | ArB-BPS (Small) | 3.677  3.685 3.693 43.65 43.65
ArIB-BPS 3.624 3.633 3.641 107.80 107.80

that precise values for the single-image compression perfor-
mance of SHVC, as well as the compression performance of
SHVC-ATrIB, are not available. However, the lower bound
could be obtained. Moreover, it could be inferred that our
method surpasses SHVC-ArIB by an average of more than
0.10 BPD on low-resolution datasets in both compression
settings. Additional details are provided in the Appendix.

To further demonstrate the effectiveness of our approach,
we conducted a detailed comparison between our method
and continuous normalizing-flow-based methods, which ex-
hibit state-of-the-art performance in dataset compression.
As Table 2 illustrates, ArIB-BPS outperforms iFlow in both
single-image and dataset compression performance for CI-
FARI10 and ImageNet64, with comparable inference time.

For ImageNet32, although ArIB-BPS lags slightly behind
in dataset compression performance, it excels in other met-
rics, particularly in single-image compression. These re-
sults imply that our method achieves a better trade-off be-
tween compression performance and inference speed.

4.3. Ablation Studies

We conduct three ablation studies on the CIFAR10 dataset
to show the efficiency of our dimension-tailored autoregres-
sive model and the effectiveness of discretized sampling.
We note that results in Table 3 and 4 are evaluated using
models without using discretized sampling for fine-tuning.
Therefore, the results of ArIB-BPS are slightly different
from those in Table 2.
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Table 3. Ablation for the effectiveness of autoregression on plane,
space, and color dimensions. Inference time is identical for encod-
ing and decoding. The batchsize is 64.

Theoretical Inference Time

plane space color BPD | (ms/sample) |
v v v 3.052 14.93
v v 3.458 14.92
v v 3.470 10.36
v v 3.522 5.83

Table 4. Compression performance and inference time of various
usages of the architecture of ®,,. The batch size is 64. P: plane. S:
space. C: color. Sig: significant planes. Ins: insignificant planes.
We also train two small models to further validate our design.

Theoretical Inference Time
BPD | (ms/sample) |
‘ Sig Ins  Total ‘ Sig Ins  Total
P (Ours) 1.041 2.011 3.052 | 630 8.64 14.93
PS 1.052 1993 3.045 | 1446 2497 3942
PSC 1.043 1971 3.015 | 43.83 7497 118.80

PS (Small) | 1.055 2.070 3.125 | 9.08 11.44 20.51
PSC (Small) | 1.096 2218 3.314 | 9.64 1396 23.59

4.3.1 Dimension-Tailored Autoregressive Model

Firstly, we conduct experiments to assess the impact of au-
toregression in each dimension. To do this, we train and
evaluate three additional models, each with autoregression
removed in either the color, space, or plane dimension.
In the model that does not incorporate plane autoregres-
sion, we employ the color autoregressive model from Pix-
elCNN++ [29] to ensure compatibility. Additionally, we
enhance ®, by employing the architecture of ®,, accom-
modating the increased complexity in the spatial dimension,
which now has 256 possible values per pixel instead of just
2. In our experiments, this configuration results in improved
performance. Table 3 clearly demonstrates that incorporat-
ing autoregression in each dimension consistently leads to
significant improvements in compression performance. We
note that our autoregression for the color dimension incurs
only a negligible overhead in inference time.

Furthermore, we conduct an evaluation to assess the ef-
ficiency of our dimension-tailored design. Specifically, we
train two additional models: one using the architecture of
®,, for both the plane and space dimensions and the other
using the architecture of ®,, for all three dimensions. Sub-
sequently, we evaluate the impact of these modifications
on significant and insignificant planes separately. As de-
picted in Table 4, the dimension-tailored autoregressive
model achieves superior performance in significant planes
with lower complexity. This superiority is attributed to re-
duced hindrance to the latent variables, facilitated by sim-

o o o ¢
o =3 o =
2 > o o

bpd saving

o
=3
N}

g
=}
S

3 4 5 6 7 8 9 10
precision

Figure 4. Average BPD savings through fine-tuning using dis-
cretized sampling across various discretization precisions.

pler spatial autoregression and color-wise autoregression, as
reflected in higher bit rates for latent variables. In the case
of insignificant planes, although strengthened autoregres-
sion can lead to performance gains, it results in significantly
longer inference time. To further validate our method’s ef-
ficiency, we train two small models with reduced inference
time. Our method demonstrates better compression perfor-
mance. Considering the trade-off between inference time
and compression performance, our design is more efficient.

4.3.2 Discretized Sampling

We assess the performance improvement after fine-tuning
across various k values, as illustrated in Figure 4. The
method improves performance across all precision values,
particularly at lower precision levels. While low-precision
cases form a minor segment, their optimization boosts per-
formance in edge cases.

5. Conclusion

We have proposed ArIB-BPS, a new approach for loss-
less image compression. BPS enables us to achieve ade-
quate use of latent variables as well as enhanced autoregres-
sion in a mitigated risk of posterior collapse by arranging
subimages with decreasing importance for latent variables.
In addition, we present a dimension-tailored autoregressive
model that takes into account the different characteristics
of each dimension. It efficiently captures dependencies in
space, color, and plane dimensions. Experimental results
demonstrate that our method achieves superior compression
performance compared to the state-of-the-art normalizing-
flow-based methods with comparable inference time.

The limitation of our work lies in the complexity of
higher bit-depth. The complexity of our method would in-
crease as the bit-depth increases due to the interdependency
among bit planes. To extend our method for high-bit-depth
images, efficient strategies such as handling multiple planes
in one step should be explored in our future work.
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