H49% A it & HL 2% fiz Vol. 49 No. 4
2026 4F 4 A CHINESE JOURNAL OF COMPUTERS Apr. 2026

T [2) 35 R 48 JR R SR A R E S = =)

oW AER =R ks & R

(SR TR S TR % 210023)

OB ARSCI TR ) AU AR R R TR DRAE U R 4 B2 ) HEA RE D RO RIS T« il SRR B T
TR AR5 B i 7 K5 O ) F AR A A TR A PR RE . 5 ) HEA 4 REAS AT ORI s A4 i AR L i i JL e
PRI S BRI o AR SOH L IR RS SON MU A 1 e o ) o WI2R A5 R L BUAT i e J7 58 (s 213 ) G 3%
DRIF S e T 85 (05 RV A RE ST o DA DR — TR AR SR T — P TS ml i A I 2R SR A 8 ke 1 G35 IE
BRI A R . oAb A SO T 2R AR R FAE AR , 22300 Al MR HE A T T T i 2 ) RO AL 15
T AR L I TS R B A5G LR AT LI T Z A8 A SCE X R S50 55 AT 1 I i 1 22 ~) A 3841
LS ) HAEA IR A AELR EEAT IR0 . R R 8oy > v AR S B A TEUME 0 T A o )1 A 5
Sl LSBT R s 4 00 . FERS ARV B M S o) o L AR SO A AR B AE 2 T LAAE ol I A T R L
FBURGE R IETHRe ib 5000 KBRS T T IR 4738 2227 ) Tk AR I ARAEBE ST o EAh L T8 S 980 70 0 98k 1
AR SR Y R R T TR W (R AT 8 o AR SCRT Bt A R 45 227 20 0 i » T AR 3 K5l R B 4 3 PRl ) s
ARRERY AR T T A RUAS 1T LASURS: S ) PR AR RE ] AN 2 50 3 i 1) e A ) g

KBRS ) 5 5 A s HUR LG TR 22 )
hEESES TP391 DOIS 10.11897/SP. J. 1016. 2026. 00828

Towards Backward-Compatible Continual Learning of Video Compression

LU Ming CONG Wu-Yang HUANG Jian-Kai SHI Jun-Qi  MA Zhan
(School of Electronic Science and Engineering, Nanjing Universitty, Nanjing 210023)

Abstract This paper focuses on deep learning-based video compression, aiming to enhance the
compression performance of pre-trained video codecs on new data or new target bitrate ranges
through fine-tuning of parameters, while ensuring the backward compatibility of the video coding
models. Backward compatibility refers to the ability to decode bitstreams encoded by the original
model using the fine-tuned decoder. This paper defines this challenge as continual learning for
video compression. Preliminary results indicate that existing solutions, such as end-to-end fine-
tuning, fail to maintain the required backward compatibility of the codec. To address this issue,
we propose a knowledge replay-based training strategy that effectively resolves the problem of
incorrect decoding of old bitstreams. Additionally, this study explores various representative
video coding frameworks to optimize entropy models that are not suited for continual learning,
ensuring that continual learning can be applied effectively across different coding structures. This
work evaluates two experimental scenarios: continual learning on data and continual learning

across bitrate ranges, with validation conducted on different video coding frameworks. In the data
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continual learning scenario, the selected model framework achieves a compression performance

improvement of up to 4% compared to the baseline pre-trained model. In the bitrate range

continual learning scenario, the selected model framework achieves a compression performance

improvement of up to 5% compared to the baseline pre-trained model. Our method significantly

enhances the backward compatibility of the continual learning for video compression.

Additionally, ablation studies are conducted to verify the effectiveness of the proposed knowledge-

replay strategy. The continual learning method for video compression proposed in this paper

allows for fine-tuning the compression model based on new data and new bitrate ranges, achieving

better compression performance compared to the pre-trained version, without compromising

backward compatibility.
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Background
This paper focuses on deep learning-based video

compression and addresses a problem that has received increasing
attention: enabling a pretrained video codec to continually
improve its compression performance on new data or new bitrate
ranges without losing backward compatibility.

Recent advances in neural video compression replace hand-
crafted modules with data-driven neural networks and jointly
optimize motion estimation, latent feature compression, and
reconstruction. These approaches consistently achieve superior
rate-distortion performance compared with traditional codecs.
However, current learned codecs follow a fixed, offline training
paradigm—the model parameters remain unchanged after
deployment.

In real-world applications, video content and bitrate
requirements are dynamic and diverse. For example, a codec
pretrained on natural scenes may later need to handle screen
content, video conferencing, or extremely low-bitrate storage
scenarios. Ideally, the codec should be able to learn from new
data incrementally, instead of being retrained from scratch.

A straightforward solution is to fine-tune the pretrained
codec on new data or new bitrate ranges. However, this naive
strategy  destroys backward after

compatibility : parameter

updates, the decoder can no longer correctly decode bitstreams
generated by the original encoder. In contrast to typical continual
learning tasks where forgetting only reduces accuracy, losing
backward compatibility in video compression leads to irreversible
decoding failure—previously stored or transmitted bitstreams
become unusable. Existing adaptive video compression methods
either optimize encoder-side parameters during inference or add
auxiliary modules on the decoder side, but none ensure continual
learning while preserving the ability to decode old bitstreams.
Furthermore, the entropy model in a learned codec tightly couples
the encoder and decoder; modifying it during fine-tuning
fundamentally changes the latent representation and breaks
compatibility.

To address this limitation, this paper formulates continual
learning for video compression: the codec should be incrementally
fine-tuned on new data or new bitrate ranges, while preserving
the decodability of previously encoded bitstreams. This paper
proposes a knowledge replay-based training strategy and redesigns
entropy modeling to ensure stable latent representation during
fine-tuning. As a result, the codec can evolve after deployment,
improving compression performance on new data, yet maintaining

full backward compatibility with historical bitstreams.



