
Supplementary Material for Perceptual Video Compression with Neural
Wrapping

This document provides
• additional visual comparisons (Sec. 1)
• additional objective comparisons (Sec. 2)
• additional results of pretraining (Sec. 3)
• description of the proposed inference architecture and its

complexity (Sec. 4),
• codec recipes, methodology for BD-rate measurements

and combined plots, and utilized content (Sec. 5-Sec. 9),
• details on the type of subjective testing used, and a sum-

mary of its key attributes. (Sec. 10),
• PSNR performance (Sec. 11)

1. Visual Comparison
Beyond the visual results on gaming sequences presented
in the main paper, additional visual comparisons to DCVC-
DC [7] are provided in Fig. 1 on gaming and natural se-
quences. When assessing visuals, the proposed method is
found to better preserve text and fine details/textures in the
content at lower bitrates than DCVC-DC. Visual compari-
son vs DCVC-FM [8] is shown in Fig. 2. It is again no-
ticed that the proposed method provides better visual qual-
ity compared to DCVC-FM.

2. Additional Objective Results
Refer to Fig. 3 to see the rate distortion plots for all the
methods. These plots show that the proposed approach out-
performs competing methods across a variety of metrics.

3. Additional Results of Pretraining
A novel pretraining method for a proxy codec model has
been proposed in the main paper. Fig. 4 shows scatter plots
of different metrics for the actual codec vs the codec proxy
before and after the pretraining. The plots clearly show bet-
ter correlation between SVT-AV1 and the codec model af-
ter pretraining, indicating that the proposed approach allows
the codec model to learn a meaningful representation of the
rate and distortion behavior of an actual codec.

4. Network Architectures
A similar network architecture is used for both the pre and
postprocessor. An initial convolutional layer processes an

input and produces a 64-channel feature. This is followed
by five ResBlocks [3], each with 64 channels. This is then
followed by a final convolutional layer. Importantly, both
pre and postprocessors have a single frame latency. The
preprocessor processes the luma channel only, given that:
(i) the human visual system has much higher sensitivity
to luminance deviation than chromatic deviation; (ii) lu-
minance contributes substantially more to rate; (iii) it was
found empirically that high-frequency information embed-
ded by the preprocessor in the chroma channels is likely to
be removed by the target codec and is not propagated to
the postprocessor. After an initial end-to-end training of the
pre and the postprocessor for 100000 iterations, the trained
models are pruned to 16 channels per ResBlock. Specifi-
cally, structured pruning is performed by ranking weights
based on their channel-wise L1 norms and lower ranked
channels are pruned. The pruned networks are trained end-
to-end for 500000 iterations. Afterwards, static quantiza-
tion is performed resulting in int8 quantized weights. Per
output pixel, this results to 7.7KMACs and 9.5KMACs
for the pre- and postprocessor, respectively. Given that
preprocessing is applied once for all quality levels, these
compute requirements are significantly lower than those of
neural codecs like DCVC-DC [7], which tend to require
350KMACs/pixel or higher [8]. Putting this into context:
modern standard codecs (e.g., AV1 and VVC) are in the
range of 40KMACs/pixel for encoding and 4KMACS/pixel
for decoding [14]; therefore, the proposed approach bun-
dled with VVC or AV1 reaches: (7.7+40)KMACs/pixel for
encoding and (4+9.5)KMACs/pixel for decoding. This to-
tals 61.2KMACs/pixel, which is more than 5.7 times lower
than the complexity of DCVC-FM [8]. The networks are
shown graphically in Fig. 5.

Although ResNets [3] were proposed relatively early
and are somewhat simple, preliminary experiments with
other architectures demonstrated ResNets to be the optimal
choice for the pre and postprocessors. Experiments with
U-Nets [15] indicated a tendency to overfit to the training
data, making them less suitable. Transformer architectures,
such as Swin Transformer blocks [11], were not used for
two reasons: their performance significantly degrades at
lower computational complexity, and they struggle to gen-
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Figure 1. Visual comparison of the proposed method with DCVC-DC [7]. Zoom for better view.

erate high-frequency details without being cascaded with
CNNs. Multiframe temporal networks, which are expected
to perform better than single-frame models, were not used
to avoid latency issues in the video streaming framework.

The input frames during training areI in 2
Rb� T � 3� M � M whereb is the batch-size,T is the GOP, 3
is the number of channels (YUV) andM is the patch size.
The �rst two dimensions of the input are �attened at the
input of the pre and postprocessor toI 0

in 2 RbT � 3� M � M

and un�attened at the output. Evaluation is performed with
a single frame input to the pre and postprocessor. Inputs
to the networks are scaled to the[0; 1] and outputs are
scaled based on the target bitwidth, e.g.,[0; 255]. Note
that the same procedure and training losses are used when
training with the proxy codec model proposed in [4]. More
speci�cally, a differentiable implementation of JPEG is
used with varying block sizes. The bitrate during training
is estimated as the scaled sum of the absolute values of
the DCT co-ef�cients. Since the authors do not mention

the quality factor of JPEG used in their training, we use a
quality factor of 85% based on empirical evaluation.

The input to the proposed methods is a single frame. Un-
like other single frame methods which produce temporal
�icker when used with videos, the proposed method pro-
duces temporally coherent results because the codec in the
middle processes multiple frames at once. In other words,
the training pipeline is temporal. Temporal coherence of the
proposed method is evident by the improved MOS results.
Temporally incoherent videos perform extremely poor in
MOS tests.

5. Codecs

The AV1 binary was built from the repository of SVT-
AV1 https://gitlab.com/AOMediaCodec/SVT-
AV1 with version v1.8.0. The VVC binary was built
from the VVenC repositoryhttps://github.com/
fraunhoferhhi/vvenc with version v1.10.0. Default
build options were used for both the codecs.
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