
GoP-to-Frame Encoder Adaptation for Learned
Video Compression

Xiaohan Pan*, Runsen Feng*, Henan Wang, Yixin Gao, Zhibo Chen†

University of Science and Technology of China
{pxh123, fengruns, henanwang, gaoyixin}@mail.ustc.edu.cn, chenzhibo@ustc.edu.cn

Abstract—Online adaptation is an important optimization
method in learned video compression. The approach improves the
rate-distortion performance of the pretrained model by adapting
the encoder or the encoded representation to better fit specific
content. However, existing methods face significant challenges due
to their high complexity, limiting the application. To address this
issue, we propose a new approach named GoP-to-Frame Encoder
Adaptation (GFEA), which consists of two steps: GoP-level
Encoder Adaptation (GEA) and Frame-level Encoder Adaptation
(FEA). Unlike previous methods that adapt the model frame-by-
frame, GEA learns a shared model update through sequence-
level adaptation, largely reducing the adaptation complexity. To
further improve the rate-distortion-complexity performance, we
introduce the more efficient local frame adaptation mechanism
in FEA. The experimental results demonstrate the effectiveness
of our approach, showing a reduction in encoding time and
memory usage by approximately 80% and 65%, while retaining
the overall performance improvement brought by the online
adaptation method.

I. INTRODUCTION

Video streams now constitute the majority of Internet traffic,
with the volume of video data continuing to grow each
year. This underscores the critical role of video compression
algorithms in reducing transmission and storage costs.

Learned video compression has gained significant attention
in recent years. While early studies [1]–[5] explored vari-
ous architectures, most modern approaches [3], [6]–[17] still
follow the hybrid scheme established by traditional coding
methods. However, advancements in network architectures
and model design have rapidly improved the performance
of learned video compression. As a result, it now offers
comparable performance to traditional methods, while also
providing the flexibility to adapt to different evaluation metrics
and downstream tasks.

Among the various optimization techniques for learned
image and video compression, online adaptation emerges as
a pivotal and promising direction. While learned compression
optimizes based on the statistical distribution of the dataset
through empirical risk minimization, discrepancies often exist
between individual sample content and the overall dataset
distribution. Online adaptation addresses this mismatch by
dynamically adjusting the model during the compression pro-
cess, leading to enhanced performance. Extensive research
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[18]–[26] have explored the potential of this approach, con-
tinuously pushing its boundaries for further improvements.
These methods can be broadly classified into two categories:
latent adaptation, which adapts the latent representation to the
content, and encoder adaptation, which updates the encoder
based on the content.

Despite the promising performance gains, these methods
face significant challenges due to their high complexity, which
hinders practical application. This complexity manifests in two
aspects: long encoding time and high memory consumption.
The extended encoding time results from slow convergence
and the lengthy single-frame update process, a particular draw-
back of latent-adaptation-based methods that require thousands
of iterations to fit a single frame. In contrast, encoder adapta-
tion methods offer better time efficiency. A notable example
is Online Encoder Updating (OEU) [25], where the encoder
is updated based on frame-level rate-distortion loss. However,
this approach suffers from excessive memory consumption.
The high memory usage stems from the generation of high-
resolution feature maps during frame adaptation, as well as
the additional overhead needed to store gradients.

To enhance the practicality of online adaptation, we pro-
pose a GoP-to-Frame Encoder Adaptation (GFEA) method
to reduce complexity in both memory usage and encoding
time. Unlike previous methods adapt model frame-by-frame,
GFEA first adapts a shared model across the sequence content,
allowing for faster convergence and reduces encoding time. To
further improve the rate-distortion-complexity performance,
GFEA then introduces the more efficient local frame adaptaion
mechanism, avoiding the high-complexity of global frame
adaptation in OEU [25].

Our contributions are summarized as follows:

• We propose GoP-level Encoder Adaptation (GEA) that
effectively reduces online adaptation time.

• We introduce a local frame adaptation mechanism in
Frame-level Encoder Adaptation (FEA) that optimizes
computational resource utilization and reduces memory
usage.

• Experimental results demonstrate the effectiveness of our
approach, showing a reduction in encoding time and
memory usage by approximately 80% and 65%, respec-
tively, while maintaining the performance improvements
achieved by general online adaptation methods such as
OEU [25].
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Fig. 1: The framework consists of five key components: Motion Prediction, Motion Estimation, Motion Compression, Temporal
Context Mining, and Contextual Compression. During online encoder adaptation, the modules marked with snowflake icons
remain frozen, while only those with flame icons undergo updates.

II. RELATED WORK

A. Learned Video Compression

The schemes of learned video compression can be roughly
categorized into the following two classes:

1) Predictive Coding based Scheme: Models following this
scheme are largely inspired by traditional video compression
techniques. Temporal redundancy is handled through motion
prediction/compensation and residual coding. DVC [3] is a
pioneering framework from the early stages of this approach.
Subsequent works have advanced performance by focusing on
hierarchical processing [9], [12], improved motion estimation
and compensation [6], [7], [11], [13], motion compression [8],
and enhanced context mining [5], [10], [14]–[17].

2) Implicit Neural Representation based Scheme: These
models represent a video through the weights of a neural
network. The primary approach involves overfitting the model
to the video and subsequently compressing it, a process that
is computationally expensive and time-consuming. However,
decoding is much faster than earlier methods, as it involves a
single inference step. Chen et al. [27] were the first to propose
frame-wise implicit neural representation (INR) instead of
pixel-wise representations. Subsequent works have enhanced
this framework by introducing spatial-temporal decoupling
[28], entropy constraints [29], patch-wise representations [30],
and techniques to address temporal redundancy [31], [32].
Further advancements include improvements in coordinate
embedding [33], [34].

B. Online Adaptation

Similar to implicit neural representation-based video com-
pression, online adaptation also fine-tunes the video represen-
tations or compression model weights specifically to the video.
There are two types of adaptation:

1) Latent Adaptation: Several works achieve online adap-
tation through latent refinement. Campos et al. [18] developed
an optimization pipeline within learned image compression.
Building on this, subsequent studies [19], [22], [23] have ex-
plored optimal quantization techniques and the upper limits of
this adaptation method. Xu et al. [24] extended this approach
to learned video compression. While the performance gains are
substantial, this method is hindered by long update iterations,
leading to excessively prolonged encoding times.

2) Encoder Adaptation: Other approaches focus on adapt-
ing the encoder network to the content. Lu et al. [25] were
the first to introduce an online encoder updating strategy in
learned video compression. Subsequent work [26] introduced
a parameter-efficient updating strategy, but it still relies on
full-frame content as input and suffers from high memory
consumption. We explore a more efficient approach to online
encoder adaptation, which will be discussed in detail later.

III. METHOD

A. Learned Video Compression Framework

Our framework builds upon VLVC [11], with the overall
pipeline illustrated in Fig. 1. In addition to the reference
buffer, the framework is composed of five key components:
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Motion Prediction, Motion Estimation, Motion Compression,
Temporal Context Mining, and Contextual Compression. Each
component is introduced in detail below:

1) Motion Prediction: The motion prediction is a two-
step process. First, generalized optical flow ft→tk is pre-
dicted. To fully leverage information from multiple frames
x̂t1 , x̂t2 , . . . , x̂tn , we model forward flows using polynomial
functions. Optical flows between cached frames are estimated
using a pre-trained flow network, and polynomial coefficients
are obtained through a closed-form solution. A reversal layer
then generates the backward flow via softmax splatting.

Next, a dedicated network generates the voxel flow feature
based on the predicted optical flows and reference frames.
Using the generalized flow expression, required flows (e.g.,
ft→ti , ft→tj ) are derived, and combined with the reference
frames x̂ti , x̂tj to produce the voxel flow feature ḡt, which
serves as the condition for the motion coder. The structure of
the voxel flow will be introduced later.

2) Motion Estimation: The motion estimation module esti-
mates the voxel flow gt for encoding. Its structure mirrors
the motion prediction module. First, optical flows between
the current frame xt and referred frames (e.g., x̂ti , x̂tj ) are
estimated. Then, the flows vt→ti , vt→tj and reference frames
x̂ti , x̂tj are processed to generate the voxel flow gt, a 4-
channel field comprising the 3-channel spatial-temporal flow
gi = (gix, g

i
y, g

i
z) and a weight channel giw.

3) Motion Compression: Motion compression is performed
using an auto-encoder-based network, which takes the voxel
flow gt as input. The predicted voxel flow feature ḡt is injected
into both the encoder and decoder. The compression network
also incorporates a hyperprior and context model.

4) Temporal Context Mining: The temporal context mining
module extracts contextual information to compress the current
frame. It takes the decoded voxel flow ĝt and referred frame
features F̂ti , F̂tj from the reference buffer as inputs, outputting
multi-scale contextual features C0

t , C
1
t , C

2
t .

5) Contextual Compression: Contextual compression, like
motion compression, is performed using an auto-encoder-
based network. During encoding and decoding, multi-scale
contextual features C0

t , C
1
t , C

2
t are injected at different layers

to aid in compressing the current frame xt. The decoded frame
x̂t and feature F̂t are then stored in the reference buffer.

B. GoP-to-Frame Encoder Adaptation

Building on the low-delay mode of our framework, we
introduce the GoP-to-Frame Encoder Adaptation method.

1) Frame-Level Encoder Adaptation (FEA): First we de-
scribe the adaptation method under the assumption of single
frame optimization with global content, which is exactly the
OEU strategy [25]. With the frame xt and the decoded x̂t,
rate-distortion loss could be calculated as follows:

Lt = Rt + λ ·Dt = Rt + λ ·D(xt, x̂t) (1)

Utilizing the loss Lt, modules of motion estimation are up-
dated through gradient back propagation as well as motion
encoder and contextual encoder, while the other modules in

(a) Local Frame-level Adaptation (b) Local GoP-level Adaptation

Fig. 2: Illustration of our proposed efficient adaptation meth-
ods. (a) The local frame-level adaptation significantly reduces
memory usage. (b) The local GoP-level adaptation adapts the
model to the sequence, reduces the overall encoding time.

the decoding loop are frozen as depicted in Fig. 1. To achieve
convergence, the model iterates n times for every frame. The
iteration times vary across different models.

Actually the global frame adaptation described above has
some disadvantages. First, a series of high-resolution features
need to be maintained during the back propagation process,
which leads excessive memory usage; Second, the per frame
adaptation is time consuming. Both drawbacks make this
adaptation method inefficient.

Experimentally, we found that too much spatial content has
little benefit in further improving adaptation performance. So
we propose the local frame adaptation method as a natural
solution to the memory problem, as shown in Fig. 2(a). The
loss can be modified as follows:

Lt = Rt + λ ·D(xt ⊙mlocal, x̂t ⊙mlocal) (2)

Where ⊙ represents Hadamard product and mlocal represents
the local content mask picked every iteration.

2) GoP-Level Encoder Adaptation (GEA): In addition, we
further explored the adaptation of sequence content. Inspired
by the thoughts inside NeRV [27], we also attempt to learn
model parameters shared across the sequence. Since the entire
sequence is adapted at the same time, this method is much
faster than frame-by-frame optimization.

Concretely, during the adaptation, we pick local GoP within
a GoP from the sequence, and use the local GoP level loss to
update the weights of a shared model. Here, “local” refers
to both temporal and spatial dimensions. Assuming the local
GoP contains T frames with time indices {t1, t2, ..., tT }, the
loss can be written as follows:

LT =
T∑

t=1

Rt +
T∑

t=1

λt ·D(xt ⊙mlocal, x̂t ⊙mlocal) (3)

Here each frame in a local GoP has its own λti . But unlike
local frame adaptation, all frames are encoded with a shared
model. Therefore, the shared model are adapted to the whole
sequence rather than a single frame.

The above two improvements for adaptation can be used
together as the GoP-to-Frame encoder adaptation method,
where GEA is performed prior to FEA.
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Fig. 3: RD curves on HEVC dataset.

IV. EXPERIMENTS

A. Experimental Setup

1) Baseline and Dataset: Our baseline codec is VLVC [11]
in the lowdelay mode. We also include the reference softwares
HM [35] and VTM [36] for evaluation. For baseline training
we use 7-frame videos of Vimeo-90k [37]. During training the
video clips are randomly cropped into 256×256 patches. For
evaluation, we use the Class B, C, D of HEVC dataset [38],
which contains videos with different resolution. The first 96
frames of each video is used for evaluation.

2) Implementation Details: In our proposed adaptation
method, the input frames are cropped into local patches. The
crop size is set to 512×512 for HEVC B dataset, and 256×256
for HEVC C/D dataset. In frame adaptation, the model is
optimized for 64 steps per frame. In GoP adaptation, the model
is optimized for 128 steps per GoP and the GoP size is set to
32. We use the Adam [39] optimizer, with the learning rate
initially set to 5 × 10−5 and reduced to 1 × 10−5 during the
last 20% of the optimization steps.

B. Results And Analysis

1) RD Results: We show the RD curves in Fig. 3.
VLVC [11] is our baseline codec. With the proposed online en-
coder adaptation method, the RD performance is significantly
improved. In Table I, we also provide the BD-rate comparison.
OEU [25] is reimplemented in the VLVC codec, optimized for
64 steps per frame. Compared to OEU, our method (denoted as
Ours) achieves comparable RD performance with a reduction
in encoding time and memory usage by approximately 80%
and 65%.

2) Effect of Local Frame Adaptation and Local GoP Adap-
tation: To verify the effectiveness of frame-level encoder
adaptation (denoted at Ours-FEA) and GoP-level encoder
adaptation (denoted at Ours-GEA), we also evaluate the per-
formance of the two methods. In Table I, we show that Ours-
GEA and Ours-FEA have different rate-distortion-complexity
trade-off. Ours-FEA outperforms Ours-GEA in terms of RD
(rate-distortion) performance. This is because the optimized
model weight in Ours-GEA is shared across all the frames in
the GoP, restricting the adaptation flexibility on each frame.

However, the encoding time of Ours-FEA is about 6× that of
Ours-GEA. Compared with OEU, both the proposed method
have worse performance but lower complexity.

3) Effect of Crop Size in Frame Adaptation: In Table II,
we show the BD-rate and complexity performance when
changing crop size in frame adaptation. A smaller crop size
results in worse BD-rate performance but reduces the overall
complexity. As results, we choose 512×512 for HEVC Class
B dataset for better rate-distortion-complexity performance.

TABLE I: BD-rate(%) comparison in terms of PSNR. Time
is the average encoding time per frame and memory is the
peak GPU memory. Time and memory are evaluated on 1080p
videos.

Class B Class C Class D Time (s) Memory
(GB)

VLVC 0.0 0.0 0.0 0.5 5.6
+ OEU -4.32 -8.81 -7.56 ∼42 ∼30
+ Ours-FEA -3.72 -7.94 -7.31 8.2 7.3
+ Ours-GEA -0.75 -3.14 -2.78 1.4 10.3
+ Ours -3.92 -8.20 -7.66 9.1 10.3

TABLE II: The effect of crop size in frame adaptation on
HEVC Class B dataset. The anchor of BD-rate is VLVC.

Crop size BD-rate Time (s) Memory (GB)

256x256 2.93 5.9 6.1
512x512 -3.72 8.2 7.3
1024x1024 -4.18 22.6 15.4
Full Frame -4.32 ∼42 ∼30

V. CONCLUSION

In this paper, we propose a new online encoder adaptation
method to address the high complexity issue in previous
method. To address the issue, we first propose a GoP-level
adaptation method which adapts the model to a GoP instead
of a single frame. The updated model weight is shared across
all the frames in a GoP. Secondly, we propose to adapt model
to the local frame content, largely reducing the encoding time
and memory of global frame adaptation. Experimental results
demonstrate the effectiveness of our method.
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