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Abstract

Conditional entropy models effectively leverage spatio-
temporal contexts to reduce video redundancy. However,
incorporating temporal context often introduces additional
model complexity and increases computational cost. In
parallel, many existing spatial context models lack explicit
modeling the ordering of spatial dependencies, which may
limit the availability of relevant context during decoding.
To address these issues, we propose the Context Guided
Transformer (CGT) entropy model, which estimates prob-
ability mass functions of the current frame conditioned on
resampled temporal context and dependency-weighted spa-
tial context. A temporal context resampler learns prede-
fined latent queries to extract critical temporal information
using transformer encoders, reducing downstream compu-
tational overhead. Meanwhile, a teacher-student network is
designed as dependency-weighted spatial context assigner
to explicitly model the dependency of spatial context order.
The teacher generates an attention map to represent token
importance and an entropy map to reflect prediction cer-
tainty from randomly masked inputs, guiding the student
to select the weighted top-k tokens with the highest spatial
dependency. During inference, only the student is used to
predict undecoded tokens based on high-dependency con-
text. Experimental results demonstrate that our CGT model
reduces entropy modeling time by approximately 65% and
achieves an 11% BD-Rate reduction compared to the previ-
ous state-of-the-art conditional entropy model. 1

1. Introduction
Video compression is essential for the efficient transmission
and storage of digital video content. Conventional stan-
dards, such as the MPEG series [18] and HEVC [38], have
achieved remarkable success over the past few decades.
However, these codecs rely heavily on handcrafted compo-
nents and domain-specific priors limits their flexibility.

*Corresponding author
1The code is available at https://github.com/EIT-NLP/CGT.

In recent years, deep neural network-based approaches
have significantly advanced video compression [8, 10, 14,
22, 28, 45], achieving substantial improvements in rate-
distortion performance. Among these, conditional entropy
modeling [20, 23, 29, 42] represents an emerging paradigm,
focusing on context-based entropy estimation based on deep
neural network. A key challenge in this framework lies
in effectively providing and processing contextual informa-
tion, including temporal and spatial contexts, to estimate the
probability mass functions (PMFs) of video frames.

To exploit temporal context, prior approaches typically
employ specialized architectures to capture frame depen-
dencies. Liu et al. [23] simplified the processing of video
frames as a first-order Markov chain to reduce the tempo-
ral context to be processed. Mentzer et al. [29] employed
a Transformer to extract temporal dependencies from two
preceding frames using self-attention. However, incorpo-
rating additional temporal context inevitably increases com-
putational overhead and inference latency, which limits the
efficiency of such models in real-time scenarios.

For spatial context, previous methods typically rely on
handcrafted or fixed-order decoding strategies. Autore-
gressive methods such as VCT [29] impose fixed direc-
tional assumptions, restricting spatial dependency model-
ing. Checkerboard decoding [2] enables parallel decoding
but still relies on manually predefined context positions.
MIMT [42] adopts a minimum-entropy principle to itera-
tively decode with bidirectional context. By prioritizing re-
gions with the lowest entropy, it reduces bit consumption at
each decoding step. However, these entropy models fail to
explicitly model the dependency inherent in spatial context
ordering, i.e., identifying the most informative context for
undecoded tokens. The limitation hinders the ability to pro-
vide the most relevant contextual information during decod-
ing, potentially leading to suboptimal entropy estimation.

To tackle the aforementioned challenges, we propose a
context guided transformer (CGT) entropy model, which
consists of a temporal context resampler and a dependency-
weighted spatial context assigner. The temporal context re-
sampler leverages a set of learnable window queries as in-
put, performing windowed cross-attention with the tempo-
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ral context to generate a fixed-length token sequence. The
process utilizes short queries to learn the temporal context
for resampling, enabling the learning of temporal dependen-
cies while saving computational cost for subsequent pro-
cessing. The dependency-weighted spatial context assigner,
built upon a shared-parameter teacher-student swin srans-
former network [26], explicitly models spatial position de-
pendencies by balancing token importance (high attention
scores) and certainty (low entropy scores). The teacher net-
work processes a randomly masked version of the current
latent representation, generating an attention map to rep-
resent importance and an entropy map to reflect certainty.
It then selects the soft top-k [34, 43] positions based on a
weighted criterion to remove the mask. The student net-
work decodes based on the context obtained after mask re-
moval. At inference, only the student network is involved,
decoding the weighted top-k positions of the current frame
at each step. In short, the dependency-weighted spatial con-
text assigner explicitly models the importance and certainty
of context tokens through a teacher-student network and a
proxy task based on random masking [3, 6], ensuring con-
sistency between training and inference.

Our contributions can summarized as follows:
• We propose a swin transformer-based temporal context

resampler that effectively learns temporal dependencies
while reducing computational costs. By leveraging learn-
able queries for resampling, our model generates a com-
pact temporal context, enabling efficient processing while
capturing essential temporal information.

• We emphasize explicit modeling of spatial context depen-
dencies to distinguish our approach from previous meth-
ods. A dependency-weighted spatial context assigner is
proposed to balance token importance and certainty. By
leveraging a random masking proxy task and a soft top-k
selection strategy, the most important tokens are lever-
aged as contextual guidance for undecoded tokens.

• The proposed conditional entropy model is applied to
video compression, with extensive experiments demon-
strating the effectiveness of our approach.

2. Related Work
Neural Video Compression Recently, deep neural net-
work has greatly promoted the development of video com-
pression. Lu et al. [28] proposed an innovative end-to-end
deep video compression pipeline (DVC), integrating classi-
cal video compression architecture with CNNs to jointly op-
timize motion and residual information for enhanced com-
pression efficiency and video quality. Going beyond DVC,
several studies leverage neural networks to substitute hand-
designed modules within the residual coding framework for
predictive coding and transformation coding [1, 7, 10, 13].

Different with the residual coding that follows conven-
tional video codec framework, the DCVC [19] utilized a

deep contextual coding framework for video compression.
The contextual coding represents a paradigm that focuses
on utilizing and learning conditional coding within a deep
learning compression framework based on intra-frame and
inter-frame context. To boost the contextual coding, Li et
al. [21] designed a diverse contexts model in both the spa-
tial and temporal dimensions to improve neural video com-
pression performance. A DCVC-based feature modulation
model [22] is employed to support a wide quality range and
maintain effectiveness under long prediction chains. In ad-
dition, Liu et al. [23] proposed a frame-level conditional en-
tropy model aiming to simplify video coding by modeling
the correlation between codes for each frame instead of ex-
plicitly transforming information across frames as in previ-
ous approaches. Mentzer et al. [29] proposed a transformer-
based conditional entropy model, further advancing the ca-
pabilities of conditional models by leveraging transform-
ers to model dependencies more effectively. Besides, re-
cent methods such as NVRC [17] and MVC [39] explore
implicit representations-based methods to reduce decoding
complexity while achieving competitive performance.

Transformer for Neural Compression Inspired by the
effectiveness of transformer [40] in mainstream computer
vision tasks [25–27, 36], researchers have recently begun
adapting Transformers for image and video compression.

Qian et al. [35] proposed a transformer-based entropy
model for image compression, replacing the CNN-based
hyperprior network [33] with a self-attention block. Zhu
et al. [46] incorporated the swin transformer [26] into a
standard neural image compression framework [2, 32] to fa-
cilitate nonlinear image transformation and entropy coding.
Liu et al. [24] adopted a parallel transformer-CNN structure
for image compression to combine the strengths of local
and long-distance modeling capabilities. To accelerate the
decoding speed, Mentzer et al. [30] proposed M2T image
compression model to mask transformer twice. Koyuncu et
al. [16] presented a spatio-channel attention entropy model
for fast image context modeling when compression.

The VCT [29] is the first application of transformer ar-
chitecture to video compression. Within the VCT frame-
work, two previous frames provide temporal context, with
the Vaswani transformer facilitating feature extraction. The
concatenated feature is then combined with the current
frame as spatial context, and an autoregressive mechanism
is employed for conditional entropy modeling. Chen et al.
[5] introduced an optical flow-based temporal context min-
ing module and incorporated a 3D convolution-based atten-
tion mechanism to jointly leverage spatial-temporal feature.
To overcome the unidirectional context limitations inherent
in VCT’s autoregressive transformer, Xiang et al. [42] in-
troduced a random masked image modeling transformer to
learn the spatial-temporal dependencies bidirectionally.
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Figure 1. Overview of our video compression model. The model generates a latent representation yt of the current frame xt through
a contextual frame codec. Given temporal and spatial contexts, the CGT model performs probabilistic modeling to provide the PMF
for entropy coding. The temporal contexts such as yt−1 are first resampled to capture key dependencies and significantly reduce model
overhead. A transformer-based teacher network generates a masked representation yM

t by modeling the importance of spatial context,
guiding the student network to efficiently utilize contextual information.

3. Background and Preliminary

Let {xt}Nt=1 denote a sequence of video frames and {yt}Nt=1

denote the corresponding latent representations, where N
is the video length. Mainstream neural video compres-
sion methods follow a nonlinear transformation framework
that each frame xt is mapped to yt. Then the latents will
be quantized and coded as bitstream by entropy coding.
Specifically, entropy model is designed to estimate a PMF
q(yt) to close the actual PMF p(yt) of the latent representa-
tion yt. According to information theory, the low bound of
the bit-rate can be represented as a cross-entropy H(p, q).

In this paper, we follow aforementioned process and fo-
cus on conditional entropy models. The entropy model esti-
mates the PMF conditioned on the contextual information,
and its optimization objective can be written as:

H(p, q) = Eyt∼p

[
− log2 q

(
yt | yC

t ,y
S
t ,θ

)]
, (1)

where yC
t represents the temporal contexts, yS

t denotes the
previously encoded portion of the current frame employed
for spatial context, and θ is the parameter of entropy model.

This paper aims to more effectively exploit temporal and
spatial contexts for improved PMF modeling, which deter-
mines the final compression performance.

4. Methodology

The framework of our model is shown in Figure 1, which
can be divided as a frame codec and a context guided

transformer entropy model (CGT). The frame codec lever-
ages both inter-frame and intra-frame information to encode
video frames {xt}Nt=1 into latent tokens {yt}Nt=1. The CGT
then utilizes transmitted information, encompassing tempo-
ral context from the latent buffer and spatial context from
already decoded tokens within the current frame, to com-
press the current latent representation yt.

4.1. Frame Codec
In line with most existing works [37, 42], we employ a
contextual-based image encoder-decoder. This encoder-
decoder consists of a CNN-based image encoder and de-
coder, and a temporal context mining model. The CNN im-
age encoder maps an RGB image of shape (H,W, 3) to a
latent space feature map of shape (h,w,C), which serves
as the input to our conditional entropy model. On the de-
coding side, the quantized tokens {ŷ}Nt=1 are mapped back
to the image space via the image decoder to obtain the re-
constructed image {x̂}Nt=1. The temporal context mining
model [9, 37] consists of a motion network and a context
network. It learns temporal context from historical frames
in the frame buffer while leveraging multi-scale features
to enhance motion and texture representation in the spatio-
temporal volume. The process can be expressed as:

yt = E
(
xt, f(vt, ŷt−1)

)
x̂t = D

(
ŷt, f(vt, ŷt−1)

)
, (2)

where vt is the estimated optical flow, and f represents the
temporal context mining module, E and D denote the en-
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masking matrix to the latent representations, i.e., yt + M ,
where M is the random masking matrix. After the mask-
ing process, teacher network generates attention map and
entropy map based on the latent with random masking ma-
trix. The decoding process of the teacher network can be
represented by removing the mask from designated posi-
tions. Then we can estimate the PMF of the current frame
using student network. The output of the student network
is passed through a parameter projection layer to obtain the
parameter estimates of the PMF as shown in Figure 1.

4.3. Decoding Process
The CGT entropy model is designed for step-by-step de-
coding. we first need to define the decoding step size and
the number of tokens decoded per step. Following [42], we
adopt an 8-step scheduling strategy based on a sinusoidal
function. The CGT decoding process is elucidated in Algo-
rithm 1. We commence by decoding prior information such
as optical flow and hyperpriors from the bitstream. Subse-
quently, we progressively decode the current frame, guided
by temporal context and attention mechanisms. Each de-
coding step takes into account the dependency-weighted
score of token positions, prioritizing the decoding of tokens
with high importance scores and high certainty scores.

4.4. Model Parameter and Loss Function
To maintain consistency in the overall structure of the
model, we choose to use the same swin transformer block
with temporal context resampler as the decoder. The en-
coder is obtained by replacing the cross-window attention
with self-attention. The dimension of the transformer is set
to 768, the dimension of the image encoder-decoder is set to

Algorithm 1 Decoding process of CGT model
Input: Context ytp , yhp , ŷt−1, bit-stream, decoding step n.
Output: x̂t.

1: Decoded v̂t and ẑt from bit-stream;
2: Decoded the temporal-prior ytp and the hyperprior yhp ;
3: while i < n do
4: Resample ytp , yhp

, and ŷt−1 using TCR;
5: Fuse the resampled temporal context using the swin

transformer encoder;
6: Perform cross-attention between the fused context

and ySt using the swin transformer decoder;
7: Generate attention map and entropy map based on

cross-attention output;
8: Perform dependency-weighted processing and ap-

ply top-k selection;
9: Decode distribution of the top-k position;

10: end while
11: Decode the current frame using entire distribution pa-

rameters.

96, the teacher and student networks are each set to 4 trans-
former blocks, and the context sampler and transformer en-
coder are each set to 2 transformer blocks.

The loss function of the CGT model is

LRD = R (ŷt) +R (ẑt) +R (v̂t)︸ ︷︷ ︸
bit-rate

+λ · d (xt − x̂t)︸ ︷︷ ︸
distortion

, (5)

where R is the bit-rate term, d is distortion term, and the
LCE denotes the masked image model loss. We set coeffi-
cient λ to 256, 512, 1024, 2048 for RD trade-off.

This paper employs the latents of the previous frame
yt−1, the hyper-prior yhp

, and the temporal-prior ytp [20]
as the temporal contexts. The optimization objective can be
reformulated as follows:

R (yt) = Eyt∼p

[
− log2 q

(
yt | yt−1,yhp

,ytp ,y
S
t

)]
.

(6)

5. Experiments
5.1. Experimental Setup
Datasets. Consistent with most works, Vimeo-90k [44] is
used as the training set in this paper. The dataset consists
of 91,701 video sequences, each containing 7 frames with a
resolution of 448× 256. We randomly crop them to 265×
256 and augment the data by random flipping. The test set
includes MCL-JCV [41], UVG [31], and HEVC class B,
all with a resolution of 1920 × 1080. Following [42], we
center-crop the test set to 1792×1024 to be divisible by 64.

Metrics.We employ PSNR and MS-SSIM in the RGB
color space as an evaluation metric for distortion. The rate
is measured by bit per pixel (bpp).

Baselines. the performance of video compression is in-
fluenced by both the frame encoder and the entropy model.
Notably, this study focuses on conditional entropy model
modeling, our primary comparison is with different con-
ditional entropy models. We adopt the frame codec from
the DCVC model as our backbone. Our proposed CGT
model is compared with conventional codecs and neural
video compression methods. Conventional codecs include
H.265 and H.266, corresponding to HM and VTM, respec-
tively. For neural video compress methods, we directly
report the results of the following baselines: MIMT [42],
VCT [29], DMC [20], DCVC [19], DCVC-DC [21], FVC
[14], and C2F [15].

5.2. Evaluation of Temporal Context Resampler
To demonstrate the effectiveness of the temporal context re-
sampler, we conduct ablation experiments on our CGT en-
tropy model and the MIMT [42] with random mask, respec-
tively. The baseline model is set to extract temporal context
features through a plain swin transformer block with win-
dow self-attention.
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α

λ Metric 1 0 0.5

256 PSNR 35.3 35.88 35.82
Bpp 0.017 0.019 0.018

512 PSNR 36.74 37.17 37.01
Bpp 0.035 0.037 0.036

Table 3. Impact of different α values on model performance.

α

Setting Metric 1 0 0.5

Explict PSNR 35.3 35.88 35.82
Bpp 0.017 0.019 0.018

Proxy task PSNR 35.21 35.82 35.58
Bpp 0.017 0.021 0.019

Table 4. Result of the impact of spatial context explicit modeling.

When α = 0, the model primarily focuses on the At-
tention Map, emphasizing the importance of spatial posi-
tions. Consequently, the reconstruction loss decreases, as
the model prioritizes decoding more informative regions. In
contrast, when α = 1, the model primarily relies on the En-
tropy Map, favoring spatial certainty. As a result, the bitrate
consumption is reduced, as the model decodes more pre-
dictable regions first, optimizing entropy coding efficiency.

We simply set the coefficient to 0.5, allowing the model
to jointly consider both the importance and certainty of spa-
tial positions, thereby balancing their influence on the de-
coding process. Note that the model applies weighting to
normalized attention and normalized entropy, meaning that
α = 0.5 represents an equal emphasis on both factors.

Analysis of the Impact of Explicit Modeling To intu-
itively demonstrate the benefits of explicit spatial depen-
dency modeling, we compare the performance of models
trained using a proxy task versus our proposed explicit mod-
eling approach, as shown in Table 4.

The results indicate that while proxy-task-based model-
ing introduces training diversity, it suffers from a training-
inference mismatch. Since the model passively adapts to
random masking during training but actively selects the
optimal path during inference, it struggles to fully cover
all possible minimum-entropy paths, leading to suboptimal
performance.

In contrast, our teacher-student network combined with
soft top-k selection explicitly models spatial context depen-
dencies, ensuring greater alignment between training and
inference. This consistency enables more effective context
selection, ultimately leading to improved compression effi-
ciency and reconstruction quality.
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Figure 3. Generalization capability of our CGT entropy model
based on DCVC-DC framework.

5.4. Generalization Capability

To demonstrate the generalization capability of the pro-
posed CGT model, we replace the frame codec from DMC
to DCVC-DC [21] and compare it against state-of-the-art
models. The experimental results are shown in Figure 3.

The results indicate that even when using a more ad-
vanced frame codec, our CGT model remains highly adapt-
able and consistently outperforms the baseline in entropy
coding efficiency, demonstrating its superior capability in
conditional entropy modeling.

5.5. Rate-Distortion Performance Comparisons

The Figure 4 illustrates the rate-distortion (RD) perfor-
mance curves of our proposed method compared to base-
line methods on three test datasets. Our model consistently
achieves lower bitrate costs at the same distortion levels,
outperforming conditional entropy-based methods such as
MIMT and VCT. This highlights the CGT model’s excep-
tional ability to effectively utilize spatiotemporal context
and obtain more accurate PMF estimates.

In addition, to quantitatively compare the performance
of the models, we use VTM as the anchor and calculate
the BD-rate between the remaining models and VTM. BD-
rate [4] is a commonly used metric for comparing the per-
formance of video codecs. It is typically used to evaluate
the compression efficiency of different codecs. It measures
the change in bitrate achieved by using one codec com-
pared to another at the same video quality. A lower BD-
rate indicates that the model has better rate-distortion per-
formance compared to the anchor model. Table 5 and 6
show the quantitative comparison results of our CGT model
with the baseline models. Some of the original data comes
from [42]. The random masking modeling scheme shows
an average BD-rate decrease of 22.7% on the three datasets,
while our model dropped by 47.7%.

The results demonstrate that our CGT model achieves
the most significant BD-rate improvement over the VTM
anchor. In addition, compared to prior methods based on
random masking strategies, our model yields superior per-
formance, indicating a more effective utilization of both
temporal and spatial context for entropy modeling.
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[2] Johannes Ballé, David Minnen, Saurabh Singh, Sung Jin
Hwang, and Nick Johnston. Variational image compres-
sion with a scale hyperprior. In International Conference
on Learning Representations (ICLR), 2018. 1, 2

[3] Hangbo Bao, Li Dong, Songhao Piao, and Furu Wei. Beit:
Bert pre-training of image transformers. In International
Conference on Learning Representations, 2022. 2

[4] Gisle Bjontegaard. Calculation of average psnr differences
between rd-curves. ITU SG16 Doc. VCEG-M33, 2001. 7

[5] Zhenghao Chen, Lucas Relic, Roberto Azevedo, Yang
Zhang, Markus Gross, Dong Xu, Luping Zhou, and Christo-
pher Schroers. Neural video compression with spatio-
temporal cross-covariance transformers. In Proceedings
of the 31st ACM International Conference on Multimedia
(ACM MM), pages 8543–8551, 2023. 2

[6] Jacob Devlin, Ming-Wei Chang, Kenton Lee, and Kristina
Toutanova. Bert: Pre-training of deep bidirectional trans-
formers for language understanding. In Proceedings of the
2019 conference of the North American chapter of the asso-
ciation for computational linguistics: human language tech-
nologies, volume 1 (long and short papers), pages 4171–
4186, 2019. 2

[7] Abdelaziz Djelouah, Joaquim Campos, Simone Schaub-
Meyer, and Christopher Schroers. Neural inter-frame com-
pression for video coding. In Proceedings of the IEEE/CVF
international conference on computer vision (ICCV), pages
6421–6429, 2019. 2

[8] Carlos Gomes, Roberto Azevedo, and Christopher Schroers.
Video compression with entropy-constrained neural repre-
sentations. In Proceedings of the IEEE/CVF Conference
on Computer Vision and Pattern Recognition, pages 18497–
18506, 2023. 1

[9] Haifeng Guo, Sam Kwong, Dongjie Ye, and Shiqi Wang. En-
hanced context mining and filtering for learned video com-
pression. IEEE Transactions on Multimedia, 2023. 3

[10] Amirhossein Habibian, Ties van Rozendaal, Jakub M Tom-
czak, and Taco S Cohen. Video compression with rate-
distortion autoencoders. In Proceedings of the IEEE/CVF
International Conference on Computer Vision(ICCV), pages
7033–7042, 2019. 1, 2

[11] Dailan He, Yaoyan Zheng, Baocheng Sun, Yan Wang,
and Hongwei Qin. Checkerboard context model for effi-
cient learned image compression. In Proceedings of the

IEEE/CVF Conference on Computer Vision and Pattern
Recognition, pages 14771–14780, 2021. 6

[12] Kaiming He, Xinlei Chen, Saining Xie, Yanghao Li, Piotr
Dollár, and Ross Girshick. Masked autoencoders are scalable
vision learners. In Proceedings of the IEEE/CVF conference
on computer vision and pattern recognition, pages 16000–
16009, 2022. 4

[13] Zhihao Hu, Zhenghao Chen, Dong Xu, Guo Lu, Wanli
Ouyang, and Shuhang Gu. Improving deep video com-
pression by resolution-adaptive flow coding. In Computer
Vision–ECCV 2020: 16th European Conference, Glasgow,
UK, August 23–28, 2020, Proceedings, Part II 16, pages
193–209. Springer, 2020. 2

[14] Zhihao Hu, Guo Lu, and Dong Xu. Fvc: A new framework
towards deep video compression in feature space. In Pro-
ceedings of the IEEE/CVF Conference on Computer Vision
and Pattern Recognition, pages 1502–1511, 2021. 1, 5

[15] Zhihao Hu, Guo Lu, Jinyang Guo, Shan Liu, Wei Jiang, and
Dong Xu. Coarse-to-fine deep video coding with hyperprior-
guided mode prediction. In Proceedings of the IEEE/CVF
Conference on Computer Vision and Pattern Recognition,
pages 5921–5930, 2022. 5

[16] A Burakhan Koyuncu, Panqi Jia, Atanas Boev, Elena Al-
shina, and Eckehard Steinbach. Efficient contextformer:
Spatio-channel window attention for fast context mod-
eling in learned image compression. arXiv preprint
arXiv:2306.14287, 2023. 2

[17] Ho Man Kwan, Ge Gao, Fan Zhang, Andrew Gower, and
David Bull. Nvrc: Neural video representation compres-
sion. Advances in Neural Information Processing Systems,
37:132440–132462, 2024. 2

[18] Didier Le Gall. Mpeg: A video compression standard for
multimedia applications. Communications of the ACM, 34
(4):46–58, 1991. 1

[19] Jiahao Li, Bin Li, and Yan Lu. Deep contextual video com-
pression. Advances in Neural Information Processing Sys-
tems (NeurIPS), 34:18114–18125, 2021. 2, 5

[20] Jiahao Li, Bin Li, and Yan Lu. Hybrid spatial-temporal en-
tropy modelling for neural video compression. In Proceed-
ings of the 30th ACM International Conference on Multime-
dia, pages 1503–1511, 2022. 1, 5

[21] Jiahao Li, Bin Li, and Yan Lu. Neural video compression
with diverse contexts. In Proceedings of the IEEE/CVF
Conference on Computer Vision and Pattern Recognition
(CVPR), pages 22616–22626, 2023. 2, 5, 7

[22] Jiahao Li, Bin Li, and Yan Lu. Neural video compression
with feature modulation. In Proceedings of the IEEE/CVF
Conference on Computer Vision and Pattern Recognition,
pages 26099–26108, 2024. 1, 2

[23] Jerry Liu, Shenlong Wang, Wei-Chiu Ma, Meet Shah, Rui
Hu, Pranaab Dhawan, and Raquel Urtasun. Conditional en-
tropy coding for efficient video compression. In European
Conference on Computer Vision (ECCV), pages 453–468.
Springer, 2020. 1, 2

[24] Jinming Liu, Heming Sun, and Jiro Katto. Learned image
compression with mixed transformer-cnn architectures. In
Proceedings of the IEEE/CVF Conference on Computer Vi-

18893



sion and Pattern Recognition (CVPR), pages 14388–14397,
2023. 2

[25] Yang Liu, Yao Zhang, Yixin Wang, Feng Hou, Jin Yuan,
Jiang Tian, Yang Zhang, Zhongchao Shi, Jianping Fan, and
Zhiqiang He. A survey of visual transformers. IEEE Trans-
actions on Neural Networks and Learning Systems, 2023. 2

[26] Ze Liu, Yutong Lin, Yue Cao, Han Hu, Yixuan Wei, Zheng
Zhang, Stephen Lin, and Baining Guo. Swin transformer:
Hierarchical vision transformer using shifted windows. In
Proceedings of the IEEE/CVF international conference on
computer vision, pages 10012–10022, 2021. 2

[27] Ze Liu, Jia Ning, Yue Cao, Yixuan Wei, Zheng Zhang,
Stephen Lin, and Han Hu. Video swin transformer. In Pro-
ceedings of the IEEE/CVF conference on computer vision
and pattern recognition, pages 3202–3211, 2022. 2

[28] Guo Lu, Wanli Ouyang, Dong Xu, Xiaoyun Zhang, Chun-
lei Cai, and Zhiyong Gao. Dvc: An end-to-end deep video
compression framework. In Proceedings of the IEEE/CVF
Conference on Computer Vision and Pattern Recognition
(CVPR), pages 11006–11015, 2019. 1, 2

[29] Fabian Mentzer, George D Toderici, David Minnen, Sergi
Caelles, Sung Jin Hwang, Mario Lucic, and Eirikur Agusts-
son. Vct: A video compression transformer. Advances
in Neural Information Processing Systems (NeurIPS), 35:
13091–13103, 2022. 1, 2, 5, 6

[30] Fabian Mentzer, Eirikur Agustson, and Michael Tschannen.
M2t: Masking transformers twice for faster decoding. In
Proceedings of the IEEE/CVF International Conference on
Computer Vision (ICCV), pages 5340–5349, 2023. 2

[31] Alexandre Mercat, Marko Viitanen, and Jarno Vanne. Uvg
dataset: 50/120fps 4k sequences for video codec analysis and
development. In Proceedings of the 11th ACM Multimedia
Systems Conference, pages 297–302, 2020. 5

[32] David Minnen and Saurabh Singh. Channel-wise autoregres-
sive entropy models for learned image compression. In 2020
IEEE International Conference on Image Processing (ICIP),
pages 3339–3343. IEEE, 2020. 2

[33] David Minnen, Johannes Ballé, and George D Toderici.
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