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Abstract—This paper proposes a hybrid framework that
integrates an end-to-end learned image codec (LIC) with a
conventional video codec (CVC). The framework involves using
LIC-coded intra frames and CVC-coded inter frames. For each
intra frame, the encoder decides whether to code it with LIC
or with CVC. To further enhance perceptual performance of
this framework, the LIC model is additionally finetuned using
perceptual quality objectives. The experimental results show that,
compared to NNVC-7.1 VIM (with neural network tools off),
the proposed hybrid method achieves average Bjontegaard Delta
(BD)-rate savings of -0.83%, -2.03%, and -1.66% under Random
Access (RA) configurations for the Y, U and V components,
respectively, when PSNR is used as the quality metric. Fur-
thermore, the method provides an average BD-rate savings of
-10.06% under RA configurations for the Y component when
evaluated with perceptual quality metrics.

Index Terms—Hybrid video coding, learned image codec,
conventional video codec, perceptual quality

I. INTRODUCTION

Video coding has attracted growing attention due to the
rising demand for high-resolution, dynamic video content
driven by the rapid development of digital media. Conventional
video codecs (CVCs) have served as the backbone of video
compression for decades. These codecs are built on hand-
crafted frameworks that leverage both temporal and spatial
redundancy in video signals through a pipeline of motion es-
timation, transform coding, quantization, and entropy coding.
The prominent standards in this family include H.264/AVC
[1], H.265/HEVC [2], and the more recent H.266/VVC [3].
However, CVCs are constrained by their fixed pipeline and
heuristic design choices, limiting their ability to fully exploit
the statistical structure of video content. As a result, they
are increasingly being challenged by learned video codecs,
which aim to learn optimal representations directly from data.
Nonetheless, CVCs continue to dominate real-world deploy-
ments due to their superior video compression efficiency,
broad application support, and low decoding complexity.

In recent years, end-to-end (E2E) learned image codecs
(LICs) [4]-[6] have emerged as powerful compression ap-
proaches, utilizing deep neural networks (NNs) to jointly
optimize all components of the coding pipeline. These meth-
ods typically employ an autoencoder architecture, where the

encoder compresses the image into a compact latent repre-
sentation, which is then quantized and entropy-coded. The
corresponding decoder reconstructs the image from the com-
pressed latent, with the entire system trained end-to-end using
a rate-distortion objective [7]. To further improve perceptual
quality of LICs, recent works have investigated perceptual
loss functions [8], adversarial training [9], and NN-based
metrics [10] to align the reconstruction quality more closely
with human visual perception. E2E learned image codecs
have demonstrated superior performance over state-of-the-art
conventional codecs such as VVC [11]. Nevertheless, in the
domain of video coding, E2E learned video codecs have yet
to match the performance of handcrafted solutions like VVC,
particularly under the Random Access configurations.

The flexibility and effectiveness of NN-based components
have motivated exploration into their integration with classical
codecs such as HEVC and VVC. In [12], NN-based frame
prediction was introduced to improve the coding performance
of HEVC. Similarly, [13] proposed the incorporation of a
lossless image codec alongside a restoration network within
a conventional video codec, where the restoration network
enhance the decoded frame by using guidance from the loss-
lessly coded reference frame at the decoder. In [14], a hybrid
video codec integrating a self-supervised LIC with standard
VVC was presented, targeting machine-centric video analysis.
NN-based filters represent another promising direction for
improving the coding efficiency of CVCs. Specifically, NN-
based in-loop filters were designed in [15]-[17] to enhance
the reference pictures for subsequent coding, while NN-based
post-processing filters were proposed in [18]-[20] to improve
the quality of reconstructed output frames.

This paper presents a hybrid framework that exploits the
high performance of LICs while retaining the advantages of
CVCs for efficient inter-frame coding. In this framework,
reconstructed LIC-coded intra frames are utilized as reference
pictures for inter-frame coding performed by a CVC. Specif-
ically, intra frames are temporarily encoded by both the LIC
and the standard CVC encoder, and the encoding method with
lower rate-distortion cost is chosen. The decoder will invoke
either the LIC intra decoding or the CVC intra decoding,
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Fig. 1. The architecture of our LIC.

depending on the decision made by the encoder. The resulting
reconstructed intra frame is then used as a reference for inter-
frame decoding. To further improve visual quality, the LIC is
additionally finetuned using perceptual losses. The approach
described here operates at the granularity of the entire fame.

II. PROPOSED METHOD
A. Learned Image Codec (LIC)

Our proposed method uses an E2E learned image codec
(LIC) as the intra frame codec. The LIC is designed for YUV
4:2:0 format, in which the Luminance (Y) and Chrominance
(U, V) components of input frames are processed separately.
More specifically, this codec comprises NN-based encoders,
NN-based decoders, NN-based probability models, and an
Asymmetric Numeral Systems (ANS) entropy codec [21].
Fig. 1 shows the high-level architecture. For the Luminance,
the whole input frame x,,, is transformed by a Luma encoder
Ey1 (parametrized by E, ), obtaining the latent representation
zy1 = Ey1(Tyuv; 0p,,). This latent is then quantized and
entropy coded by the arithmetic encoder. At decoder side,
the luminance bitstream is entropy decoded to the quantized
latent tensor £,; and then passed through a Luma decoder D,
(parametrized by 9Dy1) to reconstruct the initial luminance
reconstruction &1 = Dy1(2,1;0p,,) via dequantization and
decoding. To further enhance reconstruction fidelity, the resid-
ual error between the original input frame ., and the initial
luminance reconstruction £,; is encoded by a Luma residual
encoder F,.. The resulting residual latent z, is modeled by a
Luma residual probability model for entropy estimation and
then entropy compressed. The residual bitstream is entropy
decoded and subsequently decompressed by a Luma residual
decoder D,, which refines the initial reconstruction Z,; to
generate the final reconstructed luminance output .

For the Chrominance, a similar but simplified process is
employed. The input frame x,, is passed through a Chroma
encoder F,, to generate a latent representation z,,, which
is then quantized and entropy coded. Next, the entropy de-
coder decompresses the resulting chrominance bitstream, and
a Chroma decoder D, is applied to reconstruct the decoded
bitstream back to the pixel domain %,,. Notably, the final
luminance output &, is used as a conditioning signal during the
chrominance coding process to enhance reconstruction quality.

The training process is organized in two stages. For both
stages, the overall rate loss is defined as:

l:rate = £yl + Lr + Euv (D

where Lyi, L, and L,, represent the rate losses associated
with the luminance encoding, luminance residual encoding,

Algorithm 1 Hybrid Video Coding
1: if PerceptualMode is False then

2: Encode .y, using CVC — bitstreameye, RDcyc
3: Encode 2y, using LIC — bitstreamy;c, RD;c
4: if RDy;. < RD_,. then

5: Add Zy4,_1ic to CVC’s reference picture buffer
6: Add bitstreamy;. to video bitstream

7: else

8: Use £yuu_coc @ CVC’s reference picture

9: Add bitstreame,. to video bitstream

10: end if

11: else

12: Encode .y, using LIC — bitstreamy;.

13: Add Zyyo_tic to CVC’s reference picture buffer

14: Add bitstreamy;. to video bitstream

15: end if

and chrominance encoding, respectively. In the first stage, the
LIC is optimized using Mean-Squared Error (MSE) and rate
loss as the training objective:

Lioal = Lmse + Wrate Lrate 2

In the second stage, the model is further finetuned to enhance
perceptual quality by incorporating perceptual loss into the
objective. Specifically, the total loss function is defined as:

Etotal = wmseﬁmse + wperceptualﬁperceptual + wrateﬁrate (3)

In Equation (2) and Equation (3), Wmses Wperceptual, aNd Wrate
denote hyper-parameters empirically set to align the rate losses
with those of CVC intra coding.

B. Hybrid Video Coding Framework

Rate-distortion optimization (RDO) is a process where the
encoder evaluates different coding options for a given input
to determine the best trade-off between bitrate and quality.
The proposed hybrid video coding framework pipeline is
detailed in Algorithm 1. Firstly, the input intra frame 'y,
is temporarily encoded using both the LIC and the standard
CVC encoder. Next, the encoder decides whether to use the
standard CVC-coded frame or the LIC-coded frame based on
the CVC’s RDO decision J, which is formulated by distortion
D and bitrate R.

J=D+X\-R 4
where A, derived from QP, denotes the Lagrange parameter,
and D indicates MSE in our implementation. If the encoder
decides to use the LIC-coded intra frame, the decoded frame
from the LIC is added to CVC’s decoded picture buffer
and is used as a reference frame for inter-frame prediction.
Additionally, the LIC bitstream for the coded intra frame is
included in the video bitstream. Conversely, if the standard
CVC-coded frame is selected, the LIC bitstream for the coded
intra frame is not included in the video bitstream. Importantly,
for the case where the LIC was finetuned by using a perceptual
training loss, the input intra frame is always encoded by the
LIC in the simulation.



Additionally, a new Network Abstraction Layer (NAL) unit
type is introduced to indicate and embed the LIC coded intra
frames in the video bitstream. NN-coded intra picture header
is introduced to transfer data for LIC encoded picture.

C. Quality Metrics

We adopt Peak Signal-to-Noise Ratio (PSNR) along with
8 perceptual quality metrics to comprehensively evaluate the
performance improvement brought by the proposed hybrid
framework. The selected perceptual quality metrics include:
Multi-Scale Structural Similarity Index (MS-SSIM) [22], Vi-
sual Information Fidelity (VIF) [23], Feature Similarity Index
(FSIM) [24], Normalized Laplacian Pyramid Distance (NLPD)
[25], Information-Weighted Structural Similarity Index (IW-
SSIM) [26], Video Multi-method Assessment Fusion (VMAF)
[27], Peak Signal-to-Noise Ratio — Human Visual System
(PSNR-HVS) [28], and Learned Perceptual Image Patch Sim-
ilarity (LPIPS) [10]. To clarify, all perceptual quality metrics
are computed using only the luminance (Y) component of the
video frames, and VMAF is computed on a frame-by-frame
basis rather than over the whole sequence.

III. EXPERIMENTS
A. Experimental Settings

Evaluation configuration: We evaluate the proposed hybrid
framework on the Common Test Conditions (CTC) sequences
[29] recommended by JVET. The sequences and their corre-
sponding resolutions are listed in Table 1. In our experiments,
NNVC-7.1 VIM (NN tools off) serves as the anchor and
our proposed method is also built on top of it. Notably, our
approach is compatible with other CVCs. All evaluations are
implemented against five QPs (22, 27, 32, 37, 42) under All-
Intra (AI) and Random-Access (RA) configurations.

Training strategy: We train our LIC models on 256x256
patches from the LSDIR dataset [30] which contains 84,991
high-resolution images. The images are converted to YUV
4:2:0 format with 8-bit and 10-bit depths. The resulting YUV
dataset is then used for model training. A total of 5 LIC models
are trained, each corresponding to respective bitrate of VTM
intra coding when sequence QPs are 22, 27, 32, 37, 42.

In the first training stage, the LIC is trained for 550 epochs
with a batch size of 36 using the Adam optimizer. The initial
learning rate is set to 5 x 107° and decayed by a factor
of 0.1 at the 450th and 520th epochs. During the second
training stage, the perceptual loss is defined as 1 — MS-SSIM.
Following the initial training phase, finetuning is performed for
additional 150 epochs with a reduced learning rate of 1x 1075,
Hyper-parameters wmse, Wperceptual, and wWrye are empirically
determined to align the bitrate with those of VTM intra coding.

B. Experimental Results

To evaluate the coding performance of our proposed hybrid
framework without perceptual finetuning (W/O PFT) but with
the switching mechanism enabled, we adopt PSNR as the
quality metric, consistent with the distortion metric (MSE)
used for switching decisions. Table I presents the results on

the test sequences under both Al and RA configurations when
compared with NNVC-7.1 VTM (NN tools off). Notably, in
the reported AI results, input intra frames are same as in
the RA configurations (i.e., they are a subset of the intra
frames usually used in Al configurations). And we can observe
that our proposed hybrid framework outperforms NNVC-7.1
VTM (NN tools off) on average Bjontegaard Delta (BD)-rate
performance. Specifically, our proposed method can achieve
an average of -0.83%, -2.03%, -1.66% BD-rate savings under
RA configurations regarding PSNR metric on Y, U, and V,
respectively. The results indicate the potential of our hybrid
framework in improving coding performance. According to the
NNVC CTCs, the QPs for intra frames in Al configurations
differ from those used for intra frames in RA configurations.
Therefore, the BD-rate gains under Al configurations are
0.00% for most test sequences, indicating that the encoder pre-
dominantly selects VTM-coded intra frames. This behavior is
expected, as our LIC models are trained to harmonize with the
bitrate levels of VIM intra coding under RA configurations.

In contrast, for the system with perceptual finetuning (W/
PFT), the switching mechanism is disabled in order to high-
light the improvements in perceptual quality. Table II shows
the corresponding PSNR results for the test sequences under
both AI and RA configurations, compared against NNVC-7.1
VTM (NN tools off). As presented in the table, the W/ PFT
system generally underperforms the anchor in terms of PSNR,
particularly on the luminance component. This outcome is rea-
sonable, as the LIC model is optimized to enhance perceptual
quality rather than PSNR. The performance of both the W/O
PFT and W/ PFT systems across all perceptual quality metrics
is summarized in Table III. While the perceptual quality of the
W/O PFT system benefits from the switching mechnism, the
W/ PFT system consistently achieves significant improvements
across all metrics for both Al and RA configurations. These
results demonstrate a reliable and stable improvement in
perceptual quality provided by the finetuned LIC.

C. Complexity Analysis

Table V reports the complexity of the LIC model in terms of
the model size and the number of million multiply-accumulate
operations per pixel (MMACs/pixel). Additionally, Table IV
presents the average decoding-time measurements of intra
frames for VITM and LIC, respectively. For the LIC model,
decoding time is measured on both CPU and GPU across
low and high coding quality settings. The measurements
were respectively obtained on a single Intel® Xeon® E5-
2698 v4 @ 2.20GHz CPU and an A100 GPU. The results
show that LIC achieves lower decoding time on GPU but
incurs higher decoding time on CPU compared to VTM across
all sequence classes, because the LIC model has not been
optimized in terms of complexity.

D. Visual Examples

In this subsection, we provide a few examples in order
to assess the impact of the LIC (both W/O PFT and W/
PFT) visually other than by means of objective metrics. In



TABLE I
PSNR-BASED PERFORMANCE OF PROPOSED HYBRID FRAMEWORK W/O PFT (SWITCH) COMPARED WITH NNVC-7.1 VTM (NN TOOLS OFF)

All-Intra configurations

Random-Access configurations

PSNR-BASED PERFORMANCE OF PROPOSED HYBRID FRAMEWORK W/ PFT (NO SWITCH)

Class Sequence Resolution |3 5eNR— U-PSNR ~ V-PSNR | Y-PSNR _ U-PSNR _ V-PSNR

Tango? 3840x2160 | 0.00%  000%  000% | 000%  000%  000%

Al FoodMarket4 | 3840x2160 | 000%  000%  000% | -112%  -120%  -0.86%
Campfire 384052160 | 0.00%  000%  000% | -2.12%  143%  -197%

CatRobot 3840x2160 | 0.00%  000%  0.00% | -033%  -1.06%  -0.59%

A2 | DaylighRoad2 | 3840x2160 | 000%  0.00%  000% | 0.1%  0.18%  0.44%

ParkRunning3 | 3840x2160 | 000%  0.00%  000% | -2.65%  108%  3.97%

MarketPlace | 1920x1080 | 0.00%  000%  000% | 077%  -098%  061%
RiwalDance | 19201080 | 0.00%  000%  000% | -042%  -2.62%  -0.95%

B Cactus 19201080 | 0.00%  0.00%  000% | -152%  -832%  -3.73%
BasketballDrive | 1920x1080 | 0.00%  000%  0.00% | -005%  -027%  -0.13%
BQTerrace 1920x1080 | 000%  0.00%  000% | -187%  -310%  -3.57%

C | BasketballDrill | 832x480 | 000%  000%  000% | -115%  -501%  -3.90%
BQMall 832x480 | 000%  0.00%  000% | -089%  -462%  -476%

PartyScene 832x480 | 000%  0.00%  000% | -023%  -086%  -0.71%
RaceHorses 832x480 | 000%  0.00%  000% | -0.60%  -298%  -5.10%

D | BasketballPass | 416x240 | 000%  000%  000% | -054%  -394%  -129%
BQSquare 416x240 | 0.00%  000%  0.00% | -095%  -0.68%  -2.23%
BlowingBubbles | 416x240 | 0.00%  000%  0.00% | -033%  -140%  -0.19%
RaceHorses 416x240 | -043%  -032%  -051% | -186%  -419%  -657%

Average 0.02%  0.02%  003% | 083%  2.03%  -1.66%

TABLE Il

COMPARED WITH NNVC-7.1 VTM (NN TOOLS OFF)

Class Sequence Resolution All-Intra configurations Random-Access configurations
Y-PSNR  U-PSNR V-PSNR | Y'PSNR U-PSNR V-PSNR
Tango2 3840x2160 17.07% 119.34% 66.39% 5.69% 7.03% 4.29%
Al FoodMarket4 3840x2160 3.77% 37.54% 33.44% 2.35% -2.12% -1.95%
Campfire 3840x2160 21.50% 221.65% 37.06% -291% 8.46% -3.58%
CatRobot 3840x2160 15.28% 22.38% 39.57% -0.28% -5.09% 0.46%
A2 DaylightRoad2 3840x2160 35.34% 38.19% 93.75% 2.35% -11.07% 1.19%
ParkRunning3 3840x2160 | -14.82% 84.53% 124.42% -3.22% 2.62% 4.76%
MarketPlace 1920x1080 4.14% 21.51% 11.22% -0.70% -7.67% -1.21%
RitualDance 1920x1080 421% 26.65% 4.86% -0.41% -1.57% -2.15%
B Cactus 1920x1080 10.53% 53.22% 52.89% -0.43% -6.54% 2.27%
BasketballDrive 1920x1080 25.25% 56.59% 76.14% 0.64% -2.97% 1.40%
BQTerrace 1920x1080 22.39% 45.03% 17.85% 0.08% -12.62% -23.83%
C BasketballDrill 832x480 3.83% 27.53% 42.90% -0.55% 3.25% 5.43%
BQMall 832x480 4.66% 5.74% 1.20% 0.20% -4.28% -5.14%
PartyScene 832x480 11.08% 15.84% 16.77% 5.20% 4.87% 11.97%
RaceHorses 832x480 7.17% 18.05% 5.04% 0.16% 3.13% -6.75%
D BasketballPass 416x240 -1.92% 6.17% 19.98% -0.89% 0.49% 1.62%
BQSquare 416x240 8.73% 3.40% -10.26% 1.96% -6.58% -11.40%
BlowingBubbles 416x240 4.52% 12.56% 12.95% 2.34% 10.88% 15.19%
RaceHorses 416x240 -5.13% 10.65% 5.33% -2.60% 0.90% -2.25%
Average 9.35% 43.50% 34.29% 0.47 % -0.99 % -0.83%
TABLE III
PERCEPTUAL PERFORMANCE OF PROPOSED HYBRID FRAMEWORK COMPARED WITH NNVC-7.1 VTM (NN TOOLS OFF) ON CLASSES A-D
Configuration Test Average | MS-SSIM Torch VIF FSIM NLPD IW-SSIM VMAF psnrHVS LPIPS
Al W/O PFT (SWITCH) -0.02% -0.01% -0.03% -0.01% -0.02% -0.01% -0.02% -0.02% -0.02%
W/ PFT (NO SWITCH) | -16.77% -27.67% -1.57% | -2321% | -12.67% -24.48% -13.52% -7.18% -14.25%
RA W/O PFT (SWITCH) -5.90% -6.79% -5.16% -6.29% -5.31% -6.67% -5.71% -4.27% -5.37%
W/ PFT (No SWITCH) | -10.06% -13.29% -7.96% -8.69% -7.63% -11.93% -6.16% -4.83% -14.75%

Fig. 2, we show pictures coded with anchor, with LIC W/O
PFT and with LIC W/ PFT. Both intra and inter pictures
are provided. For each example picture, we provide related
objective metrics as reference. As can be observed, higher
values of reported perceptual metrics correlate with visually
higher quality. Also, it can be observed that finetuning the LIC
on a perceptual metric (MS-SSIM) improves the perceptual
metrics and the visual quality. Finally, it can be observed that

TABLE IV
AVERAGE DECODING-TIME MEASUREMENTS OF INTRA FRAMES FOR LIC
COMPARED WITH NNVC-7.1 VTM (NN TOOLS OFF)

Runtime (s) for QP 22 Runtime (s) for QP 42)
Class VTM | LIC (GPU) LIC (CPU) VTM | LIC (GPU) LIC (CPU)
Abs. | Abs. | Rel. Abs. Rel. Abs. | Abs. | Rel. Abs. Rel.
A 1.45 0.77 | 0.53 | 497.09 | 342.82 0.74 0.72 | 0.97 | 510.52 | 689.89
B 0.45 0.21 0.47 | 12096 | 268.80 0.24 0.20 | 0.83 | 120.75 | 503.13
C 0.17 | 0.08 | 047 | 19.44 | 11435 | 0.11 0.07 | 0.64 | 1939 | 176.27
D 0.09 | 0.07 | 0.78 4.41 49.00 0.08 | 0.05 | 0.63 4.46 55.75
Average | 0.54 | 0.28 | 0.52 [ 160.48 | 297.19 [ 0.29 | 0.26 | 0.90 | 163.78 | 564.76

perceptual improvements can be propagated from intra frames
to inter frames.

IV. CONCLUSION

In this paper, we propose a hybrid video coding framework
featuring a learned intra codec coupled with a traditional video
codec, demonstrating improved rate-distortion performance.
Additionally, experimental results indicate that the proposed
method significantly enhances perceptual quality metrics and
visual quality, particularly when the LIC is finetuend with a
perceptual loss. In the future, we plan to further reduce the

TABLE V
COMPLEXITY MEASUREMENT OF LIC
MMACs/pixel Params (M)
Encoder 1.69 32.07
Decoder 2.25 65.65
Total 3.94 97.72




(b) VIM (c) W/O PET (d) W/ PFT

0.57/31.53/0.9830  0.52/30.93/0.9850
(k) W/O PFT

(a) Original

0. 64/32 58/0 9838

(i) Original (1) W/ PFT

0.90/36.11/0.9916  0.89/35.72/0.9919  0.81/35.13/0.9927

(e) Original

(m) Original

(f) VIM (g) W/O PFT (h) W/ PFT

0.12/31.54/0.9798  0.15/31.30/0.9794  0.17/31. 22/0 9808
(n) VIM (0) W/O PFT (p) W/

0.0027/34.61/0.9892 0.0024/34.38/0.9895 0.0023/34.00/0.9901

Fig. 2. Visualization of reconstructed images from the original, VVC, W/O PFT, and W/ PFT. (a)-(d) and (e)-(h) show examples from frame 320 (intra frame)
and frame 352 (inter frame) of sequence PartyScene, with QP=37. (i)-(I) and (m)-(p) are examples from frame 64 (intra frame) and frame 65 (inter frame)
of sequence BlowingBubbles, with QP=32. Bits-per-pixel (bpp) / PSNR-Y (dB)/ MS-SSIM-Y are provided for comparison. Zoom in for better visulization.

computational complexity of the LIC and improve the gains
of the hybrid framework.
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