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DCVC-FM

Figure 1: Visual comparison of compression artifacts on a selected region of the YachtRide video. The left tile shows the original
uncompressed frame. The remaining tiles display the reconstructions produced by HEVC and VVC (at QP 47), and DCVC-FM
and DCVC-RT (at quality level 0), respectively. This teaser highlights the residual distortions introduced by each codec in
challenging textured areas, revealing differences in artifact patterns between traditional and neural compression approaches.

ABSTRACT

Video compression technology is rapidly evolving, with end-to-end
learned Neural Video Codecs (NVCs) emerging as powerful alter-
natives to traditional, block-based standards. This paper presents
a comparative analysis of two traditional codecs, HEVC and VVC,
against two leading NVCs, DCVC-FM and DCVC-RT. We conduct a
thorough rate distortion analysis using multiple objective metrics
(PSNR, SSIM, VMAF, and LPIPS) and introduce a formal method to
identify rate-matched operating points for fair visual comparison.
Our results demonstrate that NVCs offer substantial gains not only
in signal fidelity but also in perceptual quality, achieving up to
37.82% bitrate savings over HEVC. Furthermore, our analysis re-
veals fundamental differences in distortion patterns: NVCs excel at
preserving structural and color fidelity, producing visually pleasing
results free of blocking artifacts, but can sometimes smooth over
fine textures. Conversely, traditional codecs are prone to blocki-
ness but can occasionally retain more high-frequency detail. These
findings confirm the superior efficiency of NVCs and highlight the
need for evaluation methodologies that look beyond PSNR.
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1 INTRODUCTION

With the rapid growth of digital video content due to the popu-
larization of streaming platforms, video conferencing, and social
media, the need for efficient video compression tools has become
increasingly critical. Traditional video coding standards, such as
H.264/AVC [1],H.265/HEVC [2], and the most recent H.266/VVC [3],
were developed to drastically reduce the amount of data required
for video representation. These codecs are built on manually en-
gineered algorithms and rely on hybrid block-based architectures,
combining many different techniques. While each new standard
improves compression efficiency, they follow the same core design
principles established decades ago.

In contrast, advances in deep learning have enabled the explo-
ration of entirely new paradigms for video compression. NVCs
replace hand-crafted modules with end-to-end trainable neural
networks that automatically learn compact representations from
data. One of the pioneering works in this area is Deep Video Com-
pression (DVC) [11], which mimics the traditional hybrid coding
structure using neural components for motion estimation, residual
compression, and entropy modeling. Since then, the field has rapidly
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evolved, giving rise to more sophisticated architectures. A notable
example is Deep Contextual Video Compression (DCVC) [8], which
introduces temporal context modeling to enhance compression
performance. The original DCVC framework has inspired several
extensions aimed at improving different aspects of neural video
compression. DCVC Feature Modulation (DCVC-FM) [9] enhances
compression efficiency by introducing multi-scale temporal context
mining and refined motion modeling, achieving state-of-the-art
rate-distortion performance. In contrast, DCVC Real Time (DCVC-
RT) [7] focuses on real-time feasibility by eliminating sequential
dependencies such as motion estimation and autoregressive en-
tropy models, enabling fully parallel decoding while maintaining
competitive compression quality.

Recent studies have shown that NVCs can outperform tradi-
tional codecs in terms of rate-distortion performance, especially at
low bitrates. However, these two classes of codecs differ not only
in architecture but also in the characteristics of the compression
artifacts they produce (as can be seen in Fig. 1), and how such arti-
facts are perceived by the Human Visual System (HVS). This raises
important questions about how to fairly compare traditional and
neural codecs across objective and perceptual metrics, and under
which conditions one approach may be preferable to the other.

In this context, this work aims to provide a comprehensive
comparison between state-of-the-art traditional and neural video
codecs, with a particular focus on their compression efficiency,
visual quality, and artifact characteristics. First, we evaluate how
well traditional codecs—such as HEVC and VVC—compare against
recent learned approaches like DCVC-FM and DCVC-RT in terms
of rate-distortion (RD) performance. By analyzing RD curves across
several datasets, we identify representative operating points where
both codec classes yield either similar bitrates, expressed in bots per
pixel (bpp), or similar objective quality (e.g., Peak Signal-to-Noise
Ratio — PSNR). These aligned points serve as the foundation for
deeper cross-class comparisons.

At these matched operating points, we further investigate how
codecs compare under alternative objective metrics that better re-
flect human perception, including the Structural Similarity Index
(SSIM), the Video Multi-method Assessment Fusion (VMAF), and
the Learned Perceptual Image Patch Similarity (LPIPS). We analyze
per-dataset averages and present side-by-side visual comparisons to
highlight differences in perceptual quality, even when PSNR or bpp
are nearly identical. Building upon these observations, we explore
the nature of artifacts introduced by each codec class. Through spa-
tial and frequency-domain analysis, we characterize the distortions
and identify patterns unique to neural or traditional compression.

2 BACKGROUND
2.1 Quality Metrics

To comprehensively evaluate the visual quality of compressed video,
we employ a combination of traditional signal fidelity metrics and
perceptual quality metrics. Specifically, we use PSNR, SSIM, LPIPS,
and VMAF, each capturing different aspects of distortion and per-
ceptual quality. In what follows, we briefly describe each of these
metrics.
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2.1.1  Peak Signal-to-Noise Ratio (PSNR). PSNR is one of the most
widely used objective quality metrics in video compression research
due to its simplicity and computational efficiency. It measures the
logarithmic ratio between the maximum possible signal value and
the mean squared error (MSE) between the original and recon-
structed frames. For an image of size W X H, MSE is defined as:

1 G 2
MSE = — (x(ij) =25, 1)°,

(1)

where x(i, j) and x(i, j) represent the pixel values of the original
and reconstructed images, respectively. The PSNR is then given by:

MAX?

MSE ) ’
where MAX is the maximum possible pixel value of the image (e.g.,
255 for 8-bit images). Although PSNR is mathematically convenient,
it does not correlate well with human visual perception, especially
when different types of distortions are present [16].

PSNR = 10 - log, ( @)

2.1.2  Structural Similarity Index (SSIM). The Structural Similarity
Index (SSIM) [16] improves upon PSNR by incorporating perceptual
phenomena such as luminance masking and contrast sensitivity.
It measures the similarity between two image patches based on
luminance, contrast, and structural information. SSIM values range
from 0 to 1, where 1 indicates perfect structural similarity. Unlike
PSNR, SSIM is better aligned with the Human Visual System (HVS),
particularly in preserving local structural details. It is commonly
computed over luminance channels and averaged spatially across
an image or video frame.

2.1.3  Learned Perceptual Image Patch Similarity (LPIPS). LPIPS [17]
is a deep learning-based perceptual metric designed to capture vi-
sual similarity as perceived by humans. It computes the distance
between deep feature representations extracted from a pretrained
convolutional neural network (typically VGG or AlexNet) that pro-
cesses the two compared images. LPIPS has been shown to correlate
better with human judgments than traditional metrics like PSNR or
SSIM, particularly in cases where distortions are more perceptual
than signal-based. LPIPS values range from 0 to 1, with lower values
indicating higher similarity.

Since LPIPS is a dissimilarity metric where lower values indicate
higher perceptual quality, it cannot be used directly with the stan-
dard Bjentegaard Delta (BD) Rate calculation, which assumes that
higher metric scores correspond to better quality. To align LPIPS
with this framework, in this work we transformed the scores by
computing 1—LPIPS for each sequence. This inverted metric, where
higher values now signify better quality, was used for all BD-LPIPS
calculations and corresponding Rate-Distortion curves presented
in this work.

2.1.4  Video Multi-method Assessment Fusion (VMAF). VMAF [13]
is a perceptual video quality metric developed by Netflix that com-
bines multiple quality indicators—such as detail loss and temporal
artifacts—using a machine learning model trained on subjective hu-
man ratings. It operates on a fusion of handcrafted and data-driven
features to predict quality scores that align with viewer perception.
VMAF values typically range from 0 to 100, where higher values
indicate better perceived quality. Due to its strong correlation with
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subjective opinion scores, VMAF has become a widely accepted
benchmark for perceptual video quality evaluation in industry and
academia.

2.2 Related Works

2.2.1 Traditional Codecs. Pakdaman et al. [14] provide a detailed
investigation into the complexity of VVC standard. The authors
decompose both the encoding and decoding pipelines of VVC to
analyze the contributions of its individual coding tools and modules.
By evaluating processing time, memory consumption, and algo-
rithmic behavior across configurations, the study highlights the
primary computational bottlenecks introduced by VVC. The results
show that, although VVC achieves superior compression efficiency
compared to earlier traditional video compression standards, this
improvement comes at the cost of significantly increased complex-
ity, particularly due to advanced tools such as multiple transform
selection, affine motion compensation, and enhanced intra predic-
tion modes. The findings in [14] are essential for codec designers
and practitioners seeking to implement or deploy VVC in real-time
or resource-constrained environments.

The work by Siqueira et al. [15] presents a thorough assessment
of the Versatile Video Coding (VVC) standard, focusing on both its
compression efficiency and computational complexity. The authors
structure their analysis into three parts: (i) the impact of enabling
SIMD (Single Instruction/Multiple Data) optimizations, (ii) the ef-
fect of restricting VVC’s flexible partitioning structures on encoding
performance, and (iii) a detailed profiling of the computational cost
of individual tools within the VVC encoder. Experimental results
show that SIMD optimizations reduce encoding time by 62% on
average, while limiting partitioning depths can lower complexity
by up to 72% at the cost of significant compression efficiency loss
(e.g., 255.5% BD-rate increase in the most constrained case). The
profiling in [15] identifies motion estimation and motion compen-
sation — particularly VVC’s advanced affine and optical flow-based
modes — as the most computationally expensive modules. This pa-
per provides valuable insights into the design of fast, optimized
implementations of the VVC standard and highlights critical areas
where complexity can be traded off for acceptable coding efficiency.

2.2.2  Neural Frameworks. The paper by Liao et al. [10] presents
a comprehensive review of recent advances in video compression
systems based on deep neural networks (DNNs). It surveys a wide
range of neural video compression methods, categorizing them
based on architectural design, such as hybrid models, end-to-end
learned frameworks, and enhancement modules integrated into
traditional codecs. The authors analyze core components of neural
video compression systems, including motion estimation, resid-
ual compression, and entropy modeling, highlighting how DNNs
have enabled more flexible and effective alternatives to traditional
hand-crafted tools. Additionally, the paper presents multiple case
studies that empirically compare compression performance and
complexity between learned and traditional codecs. This review
provides valuable insights into the trade-offs between compression
efficiency and computational cost, positioning deep learning as a
promising direction for future video coding standards.

Chen et al. [6] investigate the rate-distortion-complexity trade-
offs of neural video coding frameworks based on conditional coding.
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While modern conditional autoencoders explore spatial and tempo-
ral information to improve compression efficiency, they often suffer
from an information bottleneck, which can reduce performance
compared to traditional residual coding. To address this, the authors
explore two recently proposed alternatives —conditional residual
coding and masked conditional residual coding —both built upon the
DCVC framework. These approaches aim to retain or enhance com-
pression efficiency while reducing computational cost and memory
usage. Through extensive experiments across multiple datasets,
the study demonstrates that both alternatives outperform standard
conditional coding in terms of BD-rate savings and complexity, par-
ticularly under resource-constrained scenarios. The masked variant
further improves adaptability by blending conditional and residual
inputs through a learned soft mask, offering better performance
in challenging regions like occlusions or complex motion. This
research highlights how efficient learned video compression can
be achieved when considering practical computational constraints.

3 EXPERIMENTAL SETUP

Here we detail the experimental design used to compare traditional
and neural video compression approaches. Our goal is to ensure a
fair, thorough, and reproducible evaluation of codec performance
across a diverse set of conditions.

3.1 Codecs

To evaluate the performance of neural video compression frame-
works against traditional approaches, we selected two represen-
tative standards: High Efficiency Video Coding (HEVC) [2] and
Versatile Video Coding (VVC) [3]. HEVC (also known as H.265) was
finalized in 2013 and is widely deployed across consumer electron-
ics, broadcasting, and streaming platforms due to its substantial
compression efficiency. Its widespread adoption has also led to the
development of dedicated hardware accelerators, making it a prac-
tical and efficient choice in real-time applications. VVC (H.266), on
the other hand, represents the current state-of-the-art in traditional
video coding. Standardized in 2020, VVC introduces a broad set of
advanced coding tools aimed at further reducing bitrate by approxi-
mately 30%-50% compared to HEVC, especially for high-resolution
(4K/8K) and immersive video content. Given its comprehensive
toolset and focus on future media formats, VVC is a natural choice
for benchmarking the upper limit of traditional codec performance.
By including both HEVC and VVC, we cover a broad spectrum of
practical deployment (HEVC) and cutting-edge performance (VVC)
in traditional video coding.

For the neural video compression methods, we selected two re-
cent and advanced implementations from the Deep Contextual
Video Compression (DCVC) family: DCVC-FM [9] and DCVC-
RT [7]L. Since learned video codecs are not yet widely deployed in
commercial applications, we focused on state-of-the-art research
models that represent the frontier of what NVCs can achieve. DCVC-
FM was chosen for its outstanding compression efficiency, consis-
tently outperforming traditional codecs such as HEVC and even
VVC under objective quality metrics like PSNR and MS-SSIM. Its
architecture integrates multi-scale temporal context mining and

!For brevity, some equations and tables refer to DCVC-FEM and DCVC-RT simply as
FM and RT, respectively.
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re-filling mechanisms, which enhance temporal modeling and sig-
nificantly improve rate-distortion performance. DCVC-RT, in turn,
was selected for its real-time capabilities. While it is optimized
for fast encoding and decoding—achieving significant reductions
in computational complexity—it maintains high compression effi-
ciency. Notably, it departs from traditional designs by removing
components such as motion estimation and the auto-regressive
entropy model, enabling a fully parallelized and low-latency decod-
ing pipeline without severely compromising coding performance.
Together, DCVC-FM and DCVC-RT provide a comprehensive view
of the current capabilities of NVCs, spanning the axes of maximum
compression efficiency and real-time feasibility.

3.2 Datasets and Encoder Configuration

To ensure a comprehensive and standardized evaluation across a
range of video resolutions and content types, we selected a diverse
test dataset composed of sequences from the Ultra Video Group
(UVG) dataset [12] and HEVC Common Test Conditions [5] stan-
dard test classes (Classes B, C, D, and E). The UVG set includes 7
high-resolution sequences at 1920x1080 resolution and high frame
rates (up to 120 fps), while the HEVC sets, composed of 16 videos
total, cover a wider range of resolutions, 416x240 (Class D - HEVC-
D), 832x480 (Class C - HEVC-D), 1280x720 (Class B — HEVC-B)
and 1920x1080 (Class B - HEVC-B), representing both high-motion
and complex-texture content. For consistency and computational
feasibility, we used the first 96 frames of each sequence in all ex-
periments. All sequences are encoded using an intra period of —1,
which corresponds to a single intra frame at the beginning followed
by inter-coded frames only. For the learned codecs, DCVC-FM and
DCVC-RT, we tested 10 different quality settings (0, 7, 14, 21, 28,
35, 42, 49, 56 and 63), while for the traditional codecs (HEVC and
VVC), we evaluated six standard quantization parameters (QPs):
22, 27,32, 37, 42, and 47. Traditional codecs were configured using
the Low Delay profile to match the coding structure of the learned
models. Additionally, all videos were coded in YUV format, pre-
serving color consistency across all methods. This setup ensures a
fair and thorough comparison across codecs with respect to both
rate-distortion performance and bitrate scalability.

3.3 Metrics

To assess the performance of the evaluated codecs, we employed a
combination of traditional and perceptual quality metrics. These
include PSNR, SSIM, LPIPS, and VMAF, each capturing different
aspects of visual fidelity and perceptual quality. A detailed explana-
tion of these metrics can be found in Section 2.1.

PSNR is a widely used objective metric in video compression
research due to its simplicity and mathematical interpretability,
SSIM [16] offers an improvement over PSNR by considering struc-
tural information in the image, LPIPS [17] leverages deep neural
networks to estimate perceptual similarity and VMAF [13], a model
developed by Netflix that combines multiple quality indicators using
machine learning. Together, these metrics provide a comprehensive
evaluation of both fidelity and perceptual quality.
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Table 1: Comparison of compression efficiency in terms of
BD-rate, computed by averaging the BD-rate values across
individual sequences (traditional method).

HEVC
(Anchor) vvC M RT
UvVG - -26.06% | -29.39% | -24.27%
HEVC-B - -27.67% | -35.44% | -30.71%
HEVC-C - -26.76% | -39.97% | -28.49%
HEVC-D - -24.12% | -49.89% | -37.33%
HEVC-E - -29.06% | -42.43% | -34.14%
Dataset wide - -26.59% | -37.82% | -29.97%

Table 2: Comparison of compression efficiency in terms of
BD-rate, computed by averaging the rate-distortion points
across sequences before applying the BD-rate calculation
(NVC method).

HEVC
(Anchor) | VVC M RT
UvVG - -26.20% | -40.16% | -36.74%
HEVC-B - -28.05% | -37.16% | -33.17%
HEVC-C - -27.16% | -40.87% | -39.71%
HEVC-D - -24.82% | -50.62% | -38.61%
HEVC-E - -28.93% | -42.41% | -33.87%
Dataset wide - -26.57% | -45.55% | -41.09%

4 RATE-DISTORTION ANALYSIS

This section evaluates the compression efficiency of the selected tra-
ditional and neural video codecs. Our primary goal is to assess their
rate-distortion (RD) performance using the Bjentegaard Delta Rate
(BD-Rate) metric [4], which quantifies the increase (or decrease) in
terms of bitrate at equivalent objective quality. Note that negative
BD-Rate indicates better compression efficiency, while a positive
value reflects worse performance.

4.1 Compression Efficiency

It is worth mentioning that traditional and neural video compres-
sion researchers differ slightly in the way they compute average
BD-Rate results. The traditional approach, as specified in the HEVC
and VVC Common Test Conditions [5], involves calculating the
BD-Rate for each sequence individually and then averaging these
values. In contrast, many neural video compression papers report a
single BD-Rate figure obtained by first averaging the rate-distortion
(RD) curves across all sequences and then computing the BD-Rate
from these averaged curves.

To ensure a comprehensive analysis, we report the results us-
ing both the traditional and NVC averaging methodologies. The
corresponding outcomes are presented in Table 1 and Table 2, re-
spectively. As HEVC is the earliest (and most established) codec
among those evaluated, it was selected as the anchor for all BD-Rate
comparisons.

These results highlight a consistent trend: NVCs, particularly
DCVC-FM and DCVC-RT, significantly outperform traditional codecs
(HEVC and VVC) in terms of compression efficiency. Using HEVC
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Global Mean RD-Curve per codec
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Figure 2: Mean rate-distortion curves per codec reported us-
ing NVC method (rate and quality-matched points in shaded
area).

as the anchor, the traditional BD-rate calculation method (Table 1)
shows that DCVC-FM achieves the highest compression gains, with
an average bitrate reduction of 37.82% across all datasets. DCVC-RT
also performs well, offering 29.97% average savings, while VVC
delivers a 26.59% improvement over HEVC. These results confirm
that neural codecs not only surpass their traditional counterparts in
RD performance but also maintain a consistent lead across various
video classes, with particularly large gains observed for lower-
resolution sequences like HEVC-D.

When applying the alternative averaging method (Table 2), com-
monly used in NVC literature, the performance gap between codecs
becomes even more pronounced. DCVC-FM reaches an average
bitrate savings of 45.55%, further reinforcing its status as a state-
of-the-art solution for learned video compression. The enhanced
scores under this method are due to the influence of high-bitrate
sequences in the averaging process, which can skew the result in
favor of codecs that perform well on such content. Nonetheless,
even under this potentially biased aggregation, traditional codecs
lag behind both neural alternatives. These findings underline the
importance of explicitly stating the BD-rate averaging methodol-
ogy when comparing codecs and demonstrate that, regardless of
the chosen approach, neural codecs provide superior compression
efficiency over traditional standards.

Figure 2 depicts these results by plotting the global average RD-
curve using the NVC method, corroborating to the advantage of the
NVCs frameworks over traditional ones. The additional highlights
on this figure will be explained in Section 4.2.

4.2 Rate-Distortion Point Alignment

In order to perform a meaningful and in-depth comparison between
traditional and neural video compression frameworks, it is essen-
tial to identify a set of rate-distortion (RD) operating points where
these codecs produce similar output quality or bitrate. However,
as discussed in Section 3.2, traditional and neural codecs define
their operating points differently: traditional codecs typically rely
on a quantization parameter (QP), while neural video compression
frameworks use a quality control variable, often referred to as a
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"quality level" or "quality point." This distinction introduces chal-
lenges when attempting to align the compression settings of both
approaches for fair evaluation.

To enable a fair comparison between traditional and neural video
codecs, we firstly defined a metric to quantify the bitrate discrep-
ancy between any two codecs operating at given quality/QP levels.
This metric, denoted as AR and shown in Equation 3, represents the
relative bitrate difference between two codecs X and Y at operating
points myx and my, respectively. It is computed as the average abso-
lute difference in bitrate (in bits per pixel) across N test sequences,
normalized by the bitrate of codec X, which acts as the reference.

1 vN pX
Wzile

1 vN pY
imx N Zile

i,my (3)
% Zfil Rfmx

Using this pairwise measure, we then define an aggregate cost
function ®g, shown in Equation 4. This function computes the
total relative bitrate deviation between a selected anchor codec,
operating at point mp, and three other codecs at points mg, mc,
and mp. It serves as a proxy for how well-aligned the codecs are in
terms of bitrate.

AR(mx, my) =

Dr(ma, mp, mc, mp) =
AR(ma, mp) + AR(ma, mc) + AR(ma, mp)

4)

Finally, our goal is to find the combination of operating points
for HEVC, VVC, DCVC-FM, and DCVC-RT (denoted as mI*{EVC’
My My and myr) that minimizes the cost function ®g. This
optimization, formalized in Equation 5, ensures that the selected
RD points yield the most bitrate-aligned configuration across all
codecs. Note that the operating points for both HEVC and VVC
corresponds to the set of QP for these codecs depicted in Section 3.2,
e.g., myeve, myve € {22,27,32,37,42,47}. Also, the same applies
for neural video compression frameworks, meaning that mgy; , mpt
€ {0,7, 14, 21, 28, 35, 42, 49, 56, 63}

(Mygyes Myyes Mevs M) € 5)
arg min ®g (mugyc, myve, mem, mRT)

Similarly, the same strategy can be applied to identify a set of
operating points that yields the most quality-aligned configuration
across all codecs. In this case, instead of minimizing the relative
difference in bitrate, we minimize the absolute discrepancy in visual
quality (Equation 6). To achieve this, we define a quality-based
cost function <I>Q, analogous to ®g, and seek the set of operating
points mIfIEVC, mz}vc, ml’gM, and mET that minimizes it, as shown
in Equation 7.

N

1 & 1
X Y
AQ(mx, my) = N Z Qi,mx - N i,my (6)
i=1 i=1
* * * *
(mygyes Myyes Meys Mer) € ™)
arg min ®o (MmyEve, Myve, MEM, MRT)
Once the optimal operating points are identified, they can be
used to define specific comparison scenarios that reflect typical
usage conditions. Based on that methodology, two scenarios have

been selected, as highlighted in Figure 2 and described as follows.
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Quality-Matched Point: A configuration where the objective
quality—measured in PSNR—is approximately equal across all codecs.
This scenario, anchored at HEVC with QP 27, corresponds to the
same QP for VVC and to quality level 49 for both DCVC-FM and
DCVC-RT. It allows us to assess the relative bitrate efficiency of
each codec while maintaining comparable image quality. This case
is highlighted in the gray horizontal area of Figure 2.

Rate-Matched Point: A configuration in which all codecs op-
erate at a similar bitrate. It is centered around HEVC/VVC at QP 37
and maps to quality level 35 for DCVC-FM and 28 for DCVC-RT. It is
particularly relevant for evaluating the perceptual quality delivered
by each codec under a fixed bitrate budget — a common constraint
in practical streaming or storage scenarios. This case is highlighted
in the gray vertical area of Figure 2.

For the subsequent analysis in this paper, we will focus on the
rate-matched operating point. This choice is motivated by its prac-
tical relevance to streaming and communication scenarios, where
bandwidth is a primary constraint and the main goal is to maximize
the perceptual quality delivered to the end-user.

4.3 Rate-Distortion Efficiency with Perceptual
Metrics

To provide a more comprehensive view of compression efficiency,
this section extends our analysis beyond a single metric. We evalu-
ate the performance of the codecs from two complementary perspec-
tives: (i) bitrate savings for an equivalent quality level (measured by
BD-Rate), and (ii) quality gain at an equivalent bitrate (measured
by BD-Quality, e.g., BD-PSNR). LPIPS-based metrics are calculated
using the 1-LPIPS value, as explained in section 2.1.3.

First, we analyze bitrate savings. Table 3 summarizes the BD-Rate
results, using HEVC as the anchor. The best result for each metric
is shown in bold, and the second-best is underlined. The data con-
firms that the superiority of NVCs is significant across all metrics.

PSNR - High Quality Range SSIM - High Quality Range

42 1.00
41 0.99
40 0.98
o
Z39 % 0.97
o 38 —+— DCVC-FM @ 0.96 —+— DCVC-FM
DCVC-RT ) DCVC-RT
37 —— HEVC 0.95 —— HEVC
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When measured by VMAF, which is highly correlated with user
experience, DCVC-FM and DCVC-RT achieve remarkable bitrate
savings of 48.95% and 45.61%, respectively, far surpassing VVC’s
26.85%. This trend holds for PSNR and LPIPS, where the NVCs con-
sistently offer much larger bitrate reductions than VVC. For SSIM,
both NVCs deliver excellent results, with DCVC-RT achieving a
slight edge with a 41.77% bitrate reduction.

Next, we analyze the quality gains at a fixed bitrate, with results
presented in Table 4. This perspective further solidifies the advan-
tage of the NVCs. For the same bitrate as HEVC, DCVC-FM provides
a substantial quality increase of 10.3 VMAF points and 1.86 dB in
PSNR. These gains are close to double those provided by VVC. The
trend is consistent across all metrics, with DCVC-FM and DCVC-RT
consistently delivering a significantly higher quality output than
the traditional codecs for the same bitrate. These trends can also
be observed on Figure 3, where we present the mean RD-Curve
for each codec, highlighting low and high quality ranges for each
metric. The charts show the significant difference in compression
efficiency of NVCs.

In summary, the results paint a clear and consistent picture.
Whether the goal is to minimize bitrate for a target quality (Table 3)
or to maximize quality for a fixed bitrate (Table 4), the learned
codecs demonstrate a substantial advantage. This efficiency con-
firms that NVCs offer genuine gains in perceptual compression
and motivates a direct visual inspection of codec artifacts in the
following sections.

5 OQUALITY ASSESSMENT

Having established the rate-distortion efficiency in Section 4.2, we
now shift our focus to a deeper analysis of coded video quality.
This section moves beyond PSNR to evaluate the codecs using
metrics that better correlate with the HVS: SSIM, LPIPS, and VMAF.
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Figure 3: Mean rate-distortion curve per codec for PSNR, SSIM, LPIPS and VMAF, reported using NVC method and highlighting

low and high quality ranges.
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Table 3: BD-Rate metric using PSNR, SSIM, LPIPS and VMAF
as quality values, assuming HEVC as anchor and using NVC
method.

HEVC
(Anchor) | YVC FM RT
BD-Rate (PSNR) - -26.57% | -45.55% | -41.09%
BD-Rate (SSIM) - -25.71% | -40.84% | -41.77%
BD-Rate (1-LPIPS) - -17.80% | -34.22% | -33.44%
BD-Rate (VMAF) - -26.85% | -48.95% | -45.61%

Table 4: BD-Quality metric using PSNR, SSIM, LPIPS and
VMAF as quality values, assuming HEVC as anchor and using
NVC method (in dB for PSNR, score for other metrics).

HEVC
(Anchor) vvC FM RT
BD-PSNR (dB) - 0.9317 | 1.8625 | 1.5013
BD-SSIM - 0.0130 | 0.0224 | 0.0221
BD-LPIPS* - 0.0159 | 0.0327 | 0.0319
BD-VMAF - 4.8911 | 10.3056 | 9.2936

The analysis is performed at the rate-matched operating point
defined previously, where the codecs operate on a similar bitrate.

5.1 Objective Quality Analysis

Table 5 presents the performance of each codec at this rate-matched
point, averaged per dataset class. In the table, bolded values indi-
cate the best result among all codecs for a given metric and dataset,
while underlined values denote the second-best performance. The
results highlight a clear trend: at a comparable bitrate, the NVC
models consistently deliver superior quality.

The SSIM metric shows the smallest gains for NVCs over tra-
ditional codecs for the metrics tested, with the best-performing
NVC (DCVC-FM) showing a gain of 3.1% over HEVC. Following
DCVC-FM, the second best result is shown by DCVC-RT with 2.56%
increase on average SSIM. These numbers, although small, are
higher than what VVC achieves, showing only a 0.96% increase
over the anchor.

The advantages of the learned codecs are most evident with
modern perceptual metrics. For LPIPS, where lower scores are
better, DCVC-FM and DCVC-RT achieve average score reductions
of 16.98% and 13.18% relative to HEVC, respectively, indicating
a significant perceptual improvement. In contrast, VVC shows a
negligible change, with 1.2% decrease over HEVC. Similarly, the
VMAF scores for DCVC-FM and DCVC-RT show an average gain
of 19.2% and 15.61%, respectively, against HEVC, overshadowing
VVC gains by a large margin, which shows only 5.11% gain over
the anchor codec.

The small difference on SSIM might suggests that metrics based
primarily on structural similarity, like SSIM, may not be sensitive
enough to capture the full benefits of learned codecs, which of-
ten excel at preserving perceptual information over pixel-perfect
fidelity. This finding underscores the importance of employing
learning-based metrics like LPIPS and VMAF for a comprehensive
evaluation of modern video codecs.
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5.2 Visual Quality Perception

While objective metrics provide a quantitative measure of perfor-
mance, a qualitative analysis is essential to understand the nature
of the artifacts introduced by each class of codec. This subsection
provides a visual assessment of the reconstructed frames at the
previously established rate-matched operating point, using the ex-
amples presented in Figure 4. Our analysis focuses on the distinct
ways traditional and neural codecs handle structural integrity, tex-
ture detail, and color information.

5.2.1 Structural Coherence and Texture Blurring. The first major
difference observed is in the preservation of structures versus de-
tailed textures. NVCs demonstrate a superior ability to maintain the
structural coherence of objects. This is evident in the first HEVC-B
example, where the athlete’s arm and hand retain their shape and
form, whereas in the VVC and HEVC reconstructions, these fea-
tures are distorted and nearly blend into the background. Similarly,
for facial reconstructions in HEVC-D, HEVC-E, and UVG examples,
the NVCs produce a more recognizable and natural facial structure.
Conversely, NVCs tend produce overly smooth regions, sometimes
sacrificing fine texture in order to better preserve structures.

5.2.2  Blocking Artifacts and Texture Synthesis. Traditional codecs,
due to their block-based coding architecture, are prone to charac-
teristic blocking artifacts, especially at lower bitrates. These are
highly visible in the HEVC and VVC reconstructions of faces in
HEVC-D and HEVC-E examples, where block boundaries disrupt
natural features and make expressions difficult to discern. While
these codecs can sometimes preserve high-frequency details more
sharply, as seen in the texture of the woman’s clothing in HEVC-B
second example or the water droplets in UVG examples, this often
comes at the cost of these visible block-based distortions in other
areas.

NVCs, being free of a rigid block structure, do not exhibit these
artifacts. Instead, their primary texture-related artifact is blurring,
which can result in the smoothness noted earlier but can also fail
on complex, fine textures, leading to a loss of crispness compared
to the original material.

5.2.3 Color Fidelity. A consistent advantage of the NVCs at this op-
erating point is their superior color reconstruction. Across multiple
examples, such as the first comparisons in HEVC-D and HEVC-E,
the colors produced by DCVC-FM and DCVC-RT are visibly closer
to the original source frame. The traditional codecs, in contrast,
exhibit slight but noticeable color shifts, resulting in a less faithful
representation.

6 CONCLUDING REMARKS

In this paper, we conducted a comprehensive comparative analysis
between traditional video codecs (HEVC and VVC) and state-of-the-
art neural video codecs (DCVC-FM and DCVC-RT). Our evaluation
spanned multiple dimensions, including rate-distortion efficiency
across various objective metrics and a detailed qualitative assess-
ment of compression artifacts.

Our quantitative results demonstrate the superiority of the learned
compression paradigm. From a rate-distortion perspective, NVCs
deliver significant bitrate savings for the same quality level, or alter-
natively, substantial quality gains for the same rate. This advantage
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Table 5: Objective quality metrics at the rate-matched operating point (QP 37 for HEVC and VVC, quality 35 for DCVC-FM, and
28 for DCVC-RT). Results are averaged per dataset and reported in terms of structural similarity (SSIM), perceptual similarity
(LPIPS), and video quality (VMAF). Arrows indicate the desirable direction for each metric. The last row shows the percentage

difference relative to HEVC.

SSIM T LPIPS | VMAF 1
HEVC | VVC | FM RT HEVC | VVC | FM RT HEVC | VVC | FM RT
UVG 0.9565 | 0.9593 | 0.9685 | 0.9681 | 0.2965 | 0.2916 | 0.2601 | 0.2608 | 65.1388 | 67.709 | 77.0256 | 75.4806
HEVC-B | 0.9528 | 0.9586 | 0.9709 | 0.9705 | 0.3215 | 0.3221 | 0.2816 | 0.2875 | 66.7996 | 70.4818 | 79.8276 | 77.1024
HEVC-C | 0.9747 | 0.9785 | 0.9867 | 0.9878 | 0.1823 | 0.1762 | 0.1539 | 0.1525 | 78.1735 | 81.7795 | 89.4177 | 89.819
HEVC-D | 0.8982 | 0.9127 | 0.9371 | 0.9263 | 0.2103 | 0.2051 | 0.1647 | 0.1906 | 68.3962 | 72.5441 | 82.7787 | 78.2811
HEVC-E | 0.8053 | 0.8224 | 0.8664 | 0.8524 | 0.1998 | 0.201 | 0.1448 | 0.1594 | 66.3721 | 69.9996 | 82.0548 | 78.0288
Avg 0.9175 | 0.9263 | 0.9459 | 0.941 | 0.2421 | 0.2392 | 0.201 | 0.2102 | 68.976 | 72.5028 | 82.2209 | 79.7424
Avg (%) | - 096 | 3.1 256 | - ‘12 | -16.98 | -13.18 | - 5.11 19.2 15.61

was most pronounced when measured with modern metrics like
VMAF and LPIPS, where DCVC-FM achieved bitrate savings of
up to 48.95% and quality gains of over 10 VMAF points compared
to HEVC. This indicates that the benefits of NVCs extend beyond
simple signal fidelity and translate to a better perceptual experience.

Furthermore, our visual analysis explores the trade-offs between
the two codec families. We showed that NVCs excel at maintaining
the structural integrity of objects and producing smooth, block-free
reconstructions. In contrast, traditional codecs often fail on this
front, introducing distracting blocking artifacts, but can sometimes
better preserve isolated, high-frequency textures.

The results of this work have important implications. They not
only validate the studies towards learned codecs but also expose

Original Crop HEVC wWcC DCVC-FM DCVC-RT

HEVC-D HEVC-C HEVC-B

HEVC-E

uvG

Original Frame

the limitations of relying only on PSNR for codec evaluation. The
distinct artifact profiles suggest that future research should focus
on developing more sophisticated quality metrics tailored to the
unique distortions of NVCs. For future work, we plan to extend this
analysis by conducting formal subjective user studies to validate
our objective findings. Additionally, exploring the effectiveness of
visual quality enhancement (VQE) techniques as post-processing
filters to mitigate NVC-specific artifacts.
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Figure 4: Comparison between decoded frames from each class in the dataset, processed by each codec.
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