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Figure 1: We collected a video quality dataset containing distortions generated by modern rendering algorithms. Using this dataset, we
demonstrate that the feature space of pre-trained 3D-CNNs exhibits a high correlation with human ratings and propose a new video quality
metric, CGVQM, which outperforms existing quality metrics.

Abstract
While existing video and image quality datasets have extensively studied natural videos and traditional distortions, the
perception of synthetic content and modern rendering artifacts remains underexplored. We present a novel video quality
dataset focused on distortions introduced by advanced rendering techniques, including neural supersampling, novel-view
synthesis, path tracing, neural denoising, frame interpolation, and variable rate shading. Our evaluations show that ex-
isting full-reference quality metrics perform sub-optimally on these distortions, with a maximum Pearson correlation of
0.78. Additionally, we find that the feature space of pre-trained 3D CNNs aligns strongly with human perception of vi-
sual quality. We propose CGVQM, a full-reference video quality metric that significantly outperforms existing metrics while
generating both per-pixel error maps and global quality scores. Our dataset and metric implementation is available at
https://github.com/IntelLabs/CGVQM .

CCS Concepts
• Computing methodologies → Perception;

1. Introduction

The rapid growth of video content and streaming services has led
to increasing demand for accurate video quality assessment (VQA)
methods. Video quality metrics are essential for optimizing com-
pression algorithms [Zha+23], streaming protocols [LL16], and
rendering techniques [Sin+23], ensuring that viewers experience
the highest possible quality under varying network conditions and
device constraints. Traditional approaches to assessing video qual-
ity rely on subjective human evaluations, which, although accurate,
are time-consuming, costly, and difficult to scale. As a result, there
has been substantial interest in developing objective video qual-
ity metrics that can automatically and efficiently predict perceived
video quality.

Full-reference objective quality metrics quantify the difference
between distorted and reference videos, making them valuable

for evaluating compression techniques, transmission protocols, and
rendering systems. However, the performance of these metrics de-
pends heavily on the types of distortions they are designed to ad-
dress. Traditional metrics like PSNR, SSIM [Wan+04], and VMAF
[Ras17] perform well for conventional distortions, such as com-
pression artifacts [YTT13] and transmission errors [Kat+21], but
often fail with more complex distortions introduced by modern ren-
dering methods [Lia+24; JM22].

The progress of advanced rendering methods, such as neural su-
persampling, path tracing, novel-view synthesis and variable rate
shading, has introduced new types of artifacts, exhibiting com-
plex spatio-temporal patterns, that are not well addressed by SOTA
video quality metrics. On top of that, real-time graphics content
often presents unique visual characteristics that differ significantly
from natural videos, further complicating quality assessment.
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In this paper, we address this problem by introducing a new
Computer Graphics Video Quality Dataset (CG-VQD), specifically
focusing on distortions from real-time graphics (Section 3). The
dataset includes perceptual ratings for 80 video sequences fea-
turing distortions from popular rendering methods such as neural
supersampling, novel-view synthesis, path tracing, neural denois-
ing, frame interpolation, and variable rate shading. Examples of
these distortions include spatio-temporal aliasing, flicker, ghosting,
moire, fireflies, noise, blur, tiling, and hallucinations (neural recon-
struction errors). We also investigate how well the internal activa-
tions of 3D convolutional neural networks trained for high-level
classification tasks align with human perceptual judgments (Sec-
tion 4.2). Our experiments show that 3D CNN activations correlate
far better with human ratings than existing full-reference quality
metrics. However, their performance is heavily influenced by the
choice of network architecture, pre-training task, dataset, and cali-
bration with human ratings. In Section 4, we propose a new qual-
ity metric based on 3D ResNet, which outperforms current metrics
and generates both per-pixel error maps and a global quality score,
making it particularly suitable for computer graphics applications.

By focusing on real-time graphics and rendering artifacts, this
work offers a new perspective on video quality assessment, extend-
ing its applicability to emerging areas such as gaming, streaming,
and neural rendering. The dataset and metric we propose aim to
bridge the gap between traditional video quality assessment meth-
ods and the needs of modern rendering technologies.

2. Related work

Video quality datasets. Developing reliable video quality datasets
is essential for creating and evaluating video quality metrics, es-
pecially given the rapid evolution of rendering technologies, dis-
play systems, and rising user expectations. In this work, we aim
to build a full-reference metric and thus only focus on datasets
that assess perceived quality differences between distorted videos
and their corresponding high-quality reference versions. Sev-
eral such datasets have been collected to address various types
of video distortions. MSU [Ant+22], LIVE-VIDEO [Ses+10],
LIVE-Meta [Sah+23], MCML 4K [CL18], IVP [Zha+11a], and
AVT [Rao+19] focus on video compression artifacts. LIVE-
LIVESTREAM [Sha+21] and EPFL-PoliMI [De-+09] examine
network-induced distortions. Other distortion types that have
been studied include flicker (LIVE-Flicker [CCB15]), frame-rate
variations ([Mad+21], [MZB18]), spatio-temporal subsampling
([Lee+21]), fast motion ([Ebe+22]), and mobile ([Kha+10]) distor-
tions. Most of these datasets use natural videos, which can behave
differently from synthetic content, such as video game footage. Ad-
dressing this gap, Barman et al. [Bar+18; BM21] investigated the
impact of compression on video game content.

While these datasets provide a broad range of natural and syn-
thetic video distortions, they do not account for artifacts introduced
by recent advancements in real-time graphics. In Section 3, we in-
troduce a new video quality dataset that includes previously un-
studied distortions arising from neural supersampling, path tracing,
neural denoising, Gaussian splatting, frame generation, and vari-
able rate shading, offering a more comprehensive evaluation frame-
work for modern rendering technologies.

Objective quality metrics. Video quality metrics are designed
to automatically predict the perceptual quality of videos, offering
a scalable alternative to subjective human evaluations. Note that,
although image quality metrics are not designed for video quality
assessment, they can still perform effectively by averaging predic-
tions across individual video frames. Full-reference quality metrics
map distorted and reference videos to a perceptually uniform space,
where differences between them correlate with perceived quality
differences. These mapping functions can be broadly categorized
into four main approaches.

Psychophysical metrics explicitly model aspects of low-level hu-
man vision, such as contrast sensitivity and masking [Man+21;
Man+24]. These metrics excel in generalizing to unseen display
conditions and distortions, but they struggle to model higher-order
visual aspects like motion and saliency.

Another approach is to hand-craft visual features such as the
difference of contrast used in SSIM [Wan+04] or phase congru-
ency and gradient magnitude in FSIM [Zha+11a]. These features
can also be combined using support vector regression. Exam-
ples of such ensemble metrics include VMAF [Ras17], FUNQUE
[VSB22], and 3C-FUNQUE [Ven+23]. However, designing such
features is time consuming and rely on carefully-constructed
heuristics, making it a challenging task.

In our work, we take the data-driven approach that offers an al-
ternative to other classes by learning features directly from data.
Data-driven methods either take pre-trained CNNs to calculate
quality difference [Zha+18b] or train CNNs from scratch on im-
age/video quality datasets [Pra+18]. While these ideas have been
extensively explored for image quality [Wan21], they remain un-
derexplored for videos. Some methods attempt to incorporate tem-
poral modeling by adding recurrent structures on top of spatial 2D-
CNN features [Kim+18], however, this has been shown to be inef-
fective [Fan+23]. C3DVQA [Xu+20] uses 3D-CNNs for quality es-
timation, where convolutional kernel weights are learned based on
video quality datasets. However, such approaches often risk over-
fitting due to the limited availability of human-annotated quality
ratings [Mik+21]. To address this, DeepVQUE [DKC19] instead
uses a pre-trained C3D network [Tra+15] to calculate perceived
distance thus reducing the number of trainable parameters. Our ap-
proach follows a similar strategy, but we observe that the choice
of 3D-CNN architecture has a significant impact on performance.
Specifically, we find that 3D-ResNet outperforms the C3D network,
as detailed in Section 4.

Recently, Transformer-based models have shown promising re-
sults in no-reference VQA (NR-VQA) [Wu+22]. These models of-
ten outperform CNN-based methods qualitatively, leveraging self-
attention mechanisms that capture pairwise correlations across spa-
tial and temporal dimensions. However, this advantage comes at
the cost of quadratic computational complexity, increased infer-
ence time, and larger memory footprint. We leave the exploration
of Transformer-based models for full-reference VQA (FR-VQA) to
future work.
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3. Computer graphics video quality dataset (CG-VQD)

The subjective datasets used to calibrate video quality metrics must
accurately reflect the types of artifacts that the metrics are intended
to evaluate. This presents a challenge when little prior work exists,
as is the case with advanced rendering methods. While traditional
artifacts, such as those introduced by video compression, have been
extensively studied, distortions from modern rendering techniques
remain largely unexplored. To address this gap, we curated a dataset
that captures the most relevant spatio-temporal distortions and con-
ducted a subjective study, gathering difference mean opinion scores
(DMOS†) to create the Computer Graphics Video Quality Dataset
(CG-VQD). This dataset is not intended for training deep mod-
els from scratch, but rather to provide a foundation for evaluating
and calibrating video quality metrics tailored to modern rendering
techniques and game engines. Additionally, it aims to help identify
which rendering methods warrant deeper investigation in quality
assessments.

3.1. Source sequences

We selected 15 open-source 3D scenes that are representative of
video games and challenging for modern rendering methods (Fig-
ure 3a). This dataset includes popular industry samples and de-
mos from Amazon (Bistro [Lum17]), Intel (Jungle1/2 [Siq25]),
NVIDIA (ZeroDay [Win19]), Unity (Market [Uni24]), and Epic
(Unreal Engine demos: Park [Sil24], Dock [Pol20], Clothes
[Zhd24], Infiltrator [Epi24], Street [Epi21], Meerkat [EW21],
and Mushroom [Syc24]). Additionally, we created custom scenes
(Coils, Bridge, and House) featuring thin geometry, bright lights,
and complex textures to induce artifacts like moiré, ghosting, and
flicker (more details in Appendix A1.1). The camera paths for each
scene were designed manually to generate a large diversity of con-
tent.

3.2. Distortions

Each scene was rendered into a 3 seconds long video of resolu-
tion 1024×1024 pixels at 30 fps (60 fps for Meerkat and Infiltra-
tor) using one of the following six rendering techniques. We se-
lected widely adopted rendering methods with relatively less ex-
plored quality-performance trade-offs. For each technique, param-
eters were adjusted to produce distortions characteristic of that
method across 4–5 levels of severity. Examples of these distortions
can be found in Figure 10.

Path tracing. Path tracing algorithms are used for photorealis-
tic visuals in graphics applications and popular game engines. To
generate path tracing artifacts (noise, fireflies and shimmering), we
use Real-time Path Tracing Research Framework [Int23] on Jun-
gle1 and Jungle2 scenes at 4 different sampling rates (4, 16, 64,
and 256 samples-per-pixel (spp)).

Neural denoising. Practical use of real-time path tracing meth-
ods is only possible due to good denoising methods. We use
a recently proposed method called neural partitioning pyramids

† We use the ITU-T Rec. P.910 definition DMOS(v) = MOS(v) - MOS(vref)
+ 100

(NPPD) [Bal+23] to generate denoising artifacts for different in-
put spp counts (2,4, and 8 spp) on ZeroDay and Bistro scenes.

Neural supersampling. Real-time upscaling of rendered frames
is a popular technique that has several proprietary (NVIDIA DLSS
[NVI24], AMD FSR [AMD24], Intel XeSS [Int24a]) and open
source (Real-ESRGAN [Wan+21], FSRCNN-T [DLT16]) imple-
mentations. To study the artifacts caused by this, we use Intel XeSS
SDK v1.3 [Int24a]. We simulate authentic distortions by first ren-
dering the scenes at 4 reduced resolutions (1/3, 1/2.3, 1/2, and
1/1.5) and then upscaling them to the native resolution using XeSS.
Additionally, to study higher levels of distortions, we add 3 condi-
tions where we artificially boost artifacts, by applying thresholding
and scaling operations on the output of the warp module [Int24b]
that leads to ghosting and flicker artifacts. Coils, Mushroom, Street,
and Park scenes were used for scaling distortions, and Bridge, Park,
and Street scenes were used for synthetic ghosting and flicker dis-
tortions.

Gaussian splatting. Scene representation using 3D Gaussians
[Ker+23b] is a rapidly evolving area in image-based rendering.
Owing to its high representational fidelity and real-time render-
ing capabilities, this approach is increasingly replacing neural im-
plicit representations and gaining traction in traditional graphics
pipelines. To investigate artifacts characteristic of this method, we
first rendered the Dock and Clothes scenes as videos, then used
these videos to generate 3D Gaussian representations with varying
numbers of Gaussians: 750K, 375K, 175K, and 87K for Clothes;
and 1000K, 500K, 250K, and 125K for Dock. We use the publicly
available implementation for this process [Ker+23a].

Frame interpolation. Frame interpolation methods are used to
improve the frame rate of a given video and generate smoother-
looking animations. We generate 60 fps videos of Meerkat and
Infiltrator scenes from their 12, 15, 20, and 30 fps videos using
NVIDIA Frame Rate Up Conversion (NVFRUC) method [NVI23].

Adaptive variable rate shading. Variable-rate shading is a
modern graphics feature that enables fine control of the visual qual-
ity, in which each 16×16 image tile can be rendered with a differ-
ent shading rate. We use a recent Adaptive Local Shading and Re-
fresh Rate method (ALSaRR) [Jin+21] that adaptively distributes a
given shading budget to maximize video quality. House and Mar-
ket scenes were used for this method and shading budgets of 50%,
25%, 12.5%, and 6.25% pixels were chosen.

Following prior practice [Čad+12; Wol+18], we used different
scenes for different distortions to give us a total of 80 videos (in-
cluding references). A full-factorial experimental design—pairing
all scenes with all rendering methods—was not feasible, as it would
require each participant to provide eight times more ratings. The
choice of scene-distortion pairs was made to ensure a variety of
distortions with sub-threshold, near-threshold, and suprathreshold
magnitudes (as seen in Figure 3b). The reference videos were gen-
erated using 16K spp for path tracing methods and 16× supersam-
pling anti-aliasing (SSAA) for all other methods.

3.3. Participants and Procedure

20 participants aged 25-57, 18 male and 2 female, with normal or
corrected-to-normal vision participated in the experiment. The ex-
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Figure 2: User interface used in the experiment.

periment was authorized by an internal institutional review board
and participants received token compensation. It was conducted
remotely on the participants’ device. Each participant reviewed a
briefing and signed a written consent form before starting the ex-
periment. All participants reported prior experience in video quality
evaluation but were naïve to the content of this user study.

We developed the user study interface using Pygame and GLSL,
which provided precise control over frame rates and resolution for
flipping between reference and distorted videos. A screenshot of
the software is shown in Figure 2. For each trial, participants were
asked to “rate the quality of distortions in the shown video w.r.t.
its corresponding reference video" on a continuous rating scale
of 0 – 100. The distortions were defined as anything that differs
from reference. The scale was marked with labels “Very annoying”,
“Annoying”, “Slightly annoying”, “Perceptible but not annoying”,
and “Imperceptible” to facilitate the subjects in making decisions.
The participants could press the space bar to switch between refer-
ence and distorted videos. A short blank of 0.5s was shown before
switching so that the participants could not use temporal flicker to
detect the presence of artifacts. All videos were played in a loop.

Each participant performed 240 ratings (80 videos repeated 3
times each, including reference) giving us 4,800 ratings across all
participants. The order in which the videos were presented was
randomized. To minimize display-related artifacts, all participants
completed the experiment on desktops with screens of at least Full
HD resolution and 60 Hz refresh rate in a typical office environ-
ment. Participants were also instructed to disable any color correc-
tion or resolution scaling software. They were free to take breaks
as needed and the experiment took approximately 60-90 minutes to
complete. Due to the remote nature of the study, we did not have
control over the viewing conditions of the participants and could
not screen them for vision deficiencies. A comprehensive reliabil-
ity analysis is presented in Appendix A1.1 to verify the consistency
and robustness of participant ratings, ensuring their suitability for
subsequent quality analysis and model development.

3.4. Results

The user ratings from the experiments were converted to differ-
ence mean opinion scores for each distorted video using maximum
likelihood estimation [Li+20] as implemented in SUREAL toolbox
[Net23]. The results for each video are shown in Figure 3b. Ad-
ditional details on subject bias and inconsistency, outlier rejection,
and content ambiguity are provided in Appendix A1.1.

As seen in Figure 3b, perceived quality exhibits a non-linear re-
lationship with the distortion factor. Our dataset captures a broad
range of quality levels, with some distorted videos appearing nearly
indistinguishable from their reference counterparts. These condi-
tions are particularly useful for assessing whether a metric can
correctly disregard imperceptible distortions. By grading all arti-
facts on a unified, linear perceptual DMOS scale, we enable di-
rect comparison across different distortions and rendering methods.
This reveals interesting interactions, such as the varying DMOS
ranges observed across different rendering techniques, and high-
lights the content-dependency of rendering quality. Notably, the re-
sults for neural supersampling and Gaussian splatting (Coils, Park,
and Dock) are not always strictly monotonic with increasing distor-
tion levels, suggesting that these methods may introduce distortions
in complex, non-linear ways.

4. 3DCNN Feature spaces

Our goal is to develop a video quality metric that closely aligns with
human perception of graphics distortions. Perceptual distances are
known to be non-uniform in pixel space [Wan+04], rendering met-
rics like mean squared error (MSE) inadequate for assessing video
quality. Recent work such as [Zha+18b] has shown that deep neu-
ral networks, particularly convolutional neural networks (CNNs)
trained for image classification, can extract features that better rep-
resent how people judge image quality. Differences measured in
the feature space of these networks tend to be more perceptually
uniform—that is, they align more closely with how humans per-
ceive visual differences—compared to some traditional image qual-
ity metrics.

Inspired by this idea, we ask: can this approach be extended
from images to videos? Specifically, can the internal features of
3D CNNs—networks that capture both spatial and temporal pat-
terns—help us assess the visual quality of rendered video content
more accurately? In this section, we explore this question by test-
ing several pre-trained 3D CNN architectures and show how their
learned feature spaces can be used to build a more perceptually
aligned video quality metric.

4.1. Network architectures

To find out if network design and training influences perceptual
uniformity of feature space, we tested two widely used 3D CNN
architectures:

• 3D ResNet-18 [Tra+18]: A ResNet-based network pretrained on
the Kinetics-400 dataset [CZ17], which includes a wide variety
of real-world human actions in videos.

• C3D [Tra+15]: A 3D CNN pretrained on Sports-1M [Kar+14], a
large video dataset focused on sports classification.
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(a) Screenshots of the scenes used in the experiment.

(b) Experiment results and metric predictions. Each sub-plot denotes a different scene and x-axis denotes the rendering method. Error bars denote 95%
confidence interval. Perception of artifacts varies with rendering technique and content.

Figure 3: Experiment stimuli and results from our computer graphics video quality dataset. Examples of distortions can be found in Figure
10.
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We also compared different styles of 3D convolutions [Tra+18]
within the ResNet-18 architecture:

• R3D: Standard 3D convolutions applied across space and time.
• MC3: A hybrid design using both 2D (spatial) and 3D (spa-

tiotemporal) filters.
• R(2+1)D: A factorized approach that applies a 2D spatial convo-

lution followed by a 1D temporal convolution.

Feature distance to video quality. Figure 4a and Equation 1
illustrate how we obtain the perceived difference between the dis-
torted video x0 and its high-quality reference video x using a 3D-
CNN N to extract features from both videos. Let the spatiotempo-
ral resolution of the videos be F ×H ×W , where F is the number
of frames, and H and W are the height and width of each frame.
We pass both x and x0 through N , and collect intermediate features
from L different layers. These features are high-dimensional ten-
sors that capture spatial and temporal patterns at multiple scales.
We then unit-normalize each feature map along the channel dimen-
sion to reduce scale differences across channels. Let’s denote the
normalized feature maps for layer l as as x̂l and x̂l

0, each with di-
mension Fl ×Hl ×Wl ×Cl , where Cl is the number of channels in
that layer. Since different channels capture different types of pat-
terns (such as edges, motion, or textures), and some are more per-
ceptually important than others, we apply a channel-wise weight
ωl ∈ RCl to emphasize or de-emphasize specific channels. We fi-
nally compute the squared l2 distance between x̂l , x̂l

0 and pool it
over all dimensions and all layers to get the video quality:

q(x,x0) = α−∑
l

1
FlHlWl

∑
Fl HlWl

∥∥∥ωl ⊙
(

x̂l
Fl HlWl − x̂l

0Fl HlWl

)∥∥∥2

2
, (1)

where α denotes the maximum allowed quality on a video quality
scale (i.e. best possible rating), ⊙ denotes element-wise multipli-
cation and ω are free parameters tuned on video quality datasets.
In addition to predicting a single global quality score for a video,
we can also generate error maps that highlight where the perceptual
differences occur between the reference and distorted videos. This
is done by skipping the spatiotemporal summation and interpolat-
ing the feature stack at each layer to the resolution of input video:

e(x,x0) = ∑
l
↑
(∥∥∥ωl ⊙

(
x̂l

Fl HlWl − x̂l
0Fl HlWl

)∥∥∥) , (2)

where, ↑ (· · ·)FHW denotes trilinear interpolation to F × H ×W
resolution. An example error map is shown in Figure 8.

For our experiments, we chose the last convolutional layer from
each of the 5 blocks of the 3D-ResNet-18 model and the first 5 con-
volutional layers from the C3D network. The selected layers give
a good distribution of features at multiple scales while keeping the
total number of features small. This gives us a set of five 4D fea-
tures (L=5) for both networks. We also append the input video to
this feature set to ensure an injective feature transformation, a use-
ful mathematical property for perceptual optimizations [Din+20].
The input video and the 5 features make a set with the following
dimensionality:

x̂ResNet x̂C3D

F ×H ×W ×3 F ×H ×W ×3

l1 F × H
2 × W

2 ×64 F × H
2 × W

2 ×64

l2 F × H
2 × W

2 ×64 F × H
4 × W

4 ×128

l3 F
2 × H

4 × W
4 ×128 F

4 × H
8 × W

8 ×256

l4 F
4 × H

8 × W
8 ×256 F

8 × H
16 ×

W
16 ×512

l5 F
8 × H

16 ×
W
16 ×512 F

16 ×
H
32 ×

W
32 ×512

This gives us 1027 free parameters (ω ∈ R1027) for ResNet and
1475 free parameters for C3D (ω ∈ R1475) , which are learned by
maximizing the correlation between human ratings, hD

x0 , on a video
quality assessment dataset D, and metric predictions, qD

x0 :

min︸︷︷︸
ω

∑
D

1−PLCC
(

hD
x0 ,q

D
x0

)
, (3)

where PLCC denotes Pearson correlation. Using scale-invariant
PLCC as a loss allows us to simultaneously calibrate on mul-
tiple datasets with different perceptual scales. We found PLCC
loss slightly outperforms the more commonly used procedure of
scale normalization followed by MSE loss in our experiments.
We use “calibrate” to denote the process of optimizing for fea-
ture weights ω and “training” to denote learning convolutional
kernel weights. Note that the convolutional kernel weights are
frozen after pre-training on classification datasets, and only ω is
optimized. This approach reduces the number of free parameters,
thereby mitigating the risk of overfitting on small quality datasets.
The architecture for the ResNet-18 metric is illustrated in Figure
4a. We selected three datasets for calibration: GamingVideoSet
[Bar+18], LIVE Livestream [Sha+21], and CG-VQD (ours). Gam-
ingVideoSet contains quality ratings for 90 video game videos with
applied H.264/MPEG-AVC distortions. LIVE Livestream consists
of 315 natural videos with H.264 compression, aliasing, judder,
flicker, frame drops, and interlacing. Together, the three datasets
span a wide range of natural and video game content and vari-
ous neural and traditional spatiotemporal distortions. We randomly
selected 30, 63, and 15 videos for training and 60, 252, and 65
videos for testing from GamingVideoSet, Livestream, and CG-
VQD datasets, respectively. To avoid overfitting, there was no over-
lap in scenes between the training and test sets. This approximate
20:80 split that is stricter-than-conventional 80:20 split was adopted
to allocate more data to the test set, thereby improving the stability
and reliability of correlation measures, which are known to be sen-
sitive to small sample sizes. To manage the high resolution of some
videos, which were too large to process with 3D CNNs on a GPU,
we divided the videos into smaller patches (xp) of resolution of
30×512×512 pixels. The overall video quality was then defined as
the minimum quality score among all patches

(
min

{
q
(
xp,xp

0
)}

p

)
.

Feature calibration. We used the open-source PyTorch imple-
mentations of 3D ResNet-18 [PyT23] and C3D [Dav19] networks.
The network weights were frozen, and all videos were decom-
posed into pooled CNN features once. We then optimized the fea-
ture weight ω using the Adam optimizer with default parameters
and a learning rate of 1e-6. The system was trained for 100,000
epochs and the ω corresponding to the lowest test loss was se-
lected. Both training and test loss curves were observed to plateau
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asymptotically. No separate validation set was used due to the lim-
ited size of the available data. To estimate variability, the entire
process—including random train/test splitting and feature calibra-
tion—was repeated 10 times, and the resulting error bars are re-
ported in subsequent experiments.

4.2. Experiments

Results on our test sets are shown in Figure 4b. We first evaluate
how well our metrics correlate with human ratings. We measure
the performance of the metric using 4 standard statistical measures
(Pearson linear correlation coefficient (PLCC), Spearman’s rank
correlation coefficient (SRCC), Kendall rank correlation coefficient
(KRCC), and root mean squared error (RMSE)).

Effect of network architecture on performance. As seen in
Fig. 4b, 3D-CNNs exhibit strong correlation with human ratings
achieving maximum PLCC values of 0.88, 0.81, and 0.87 on
the GamingVideoSET, Livestream, and CG-VQD datasets, respec-
tively. 3D ResNet consistently outperform 2D-CNN metric LPIPS
with R3D-ResNet18 achieving 23% higher PLCC than LPIPS on
average. This highlights the importance of temporal modeling for
video quality assessment. Note that the VGG network was used as
the LPIPS backbone and its predictions were scaled using logis-
tic regression (Equation 4) prior to correlation computation. LPIPS
was not retrained on video quality datasets, as it lacks the capacity
to model temporal distortions.

Network training. Network architecture and pre-trained
weights seems to play an important role in performance. The
ResNet-18 architecture significantly outperforms C3D architecture
(C3D performs worse than LPIPS on GamingVideoSET). The type
of 3D convolution does not have a significant effect on perfor-
mance, with MC3, R(2+1)D and R3D convolutions performing
similarly. To test the impact of network pre-training, we random-
ized the R(2+1)D ResNet-18 network weights before calibrating
the feature weights (eq. 3). The resulting metric shows 12.4% lower
PLCC on average than its pre-trained counterpart. Calibrating fea-
ture weights ω is also important and improves PLCC by 9.4% on
average compared to uniformly setting ω = 1. Significance testing
results can be found in Appendix A1.3.

Comparison with existing metrics. We compare the perfor-
mance of our metric built using R3D-ResNet-18 with several state-
of-the-art full-reference quality metrics, listed in Figure 4c. We
name our metric CGVQM-5: Computer Graphics Video Quality
Metric, where 5 indicates the use of five layers from R3D-ResNet-
18. We do not compare with existing 3D-CNN full-reference met-
rics C3DVQA [Xu+20] and DeepVQUE [DKC19] as their code is
not publicly available. We used PLCC, SRCC, KRCC, and RMSE
as evaluation criteria. Before computing these measures on each
dataset, we followed the standard protocol [Zhe+24] of fitting a
five-parameter function to allow and compensate for a smooth non-
linear relationship:

q̂ = η1 ·
(

0.5− 1
1+ eη2·(q−η3)

)
+η4 ·q+η5, (4)

where ηi
5
i=1 are free parameters and q is quality metric prediction.

This procedure was applied to all tested metrics. None of the ex-

isting metrics were re-trained on tested datasets. All psychophys-
ical metrics were configured according to the viewing conditions
of the corresponding experiment, when available; otherwise, the
’standard-4K’ configuration used by ColorVideoVDP was applied.
For image quality metrics, we used the implementations available
in the PIQ library [Kas+22; KZP19].

Given the inherently noisy nature of quality assessment, we also
evaluate inter-participant agreement by randomly splitting partic-
ipants into two equal groups, computing DMOS values for each
group, and measuring the correlation between them. Error bars
are estimated using bootstrapping. The resulting “Human" perfor-
mance serves as an upper bound for the performance of objective
quality metrics.

The results on CG-VQD dataset, shown in Figure 4c, indi-
cate that CGVQM-5 is closest to human performance displaying
a substantial improvement over the second-best metric, HaarPSI
[Rei+18]. 2D-CNN-based metrics such as LPIPS (VGG back-
bone)[Zha+18b], DISTS [Din+20], and PieAPP [Pra+18] perform
significantly worse than our 3D-CNN-based CGVQM-5. Addition-
ally, CGVQM-5 outperforms other video quality metrics — Col-
orVideoVDP v0.4.2 [Man+24], FoVVideoVDP v1.2.1 [Man+21],
VMAF v2.3.0 [Ras17], ST-RRED [SB12], and ERQA [Kir+21].
Among hand-crafted feature metrics, gradient-magnitude based
GMSD [Xue+13] and MS-GMSD [ZSB17] deliver the best re-
sults, outperforming SSIM [Wan+04], FSIM [Zha+11b], MS-SSIM
[WSB03], IW-SSIM [WL10], and VSI [ZSL14]. We also plot
CGVQM-5, ColorVideoVDP, and FLIP predictions alongside ex-
periment results in Figure 3b. CGVQM-5 closely aligns with hu-
man ratings, while ColorVideoVDP and FLIP tend to overesti-
mate quality in high-distortion scenarios. Additional performance
indices for all three datasets are provided in Appendix Figure A6.

Generalization ability. To evaluate how well CGVQM-5 gener-
alizes to unseen data and distortion types, we tested it on six addi-
tional video quality datasets:

• LIVE Meta [Sah+23]: A dataset containing 600 video sequences
of mobile games, derived from 30 reference videos compressed
using various methods.

• CGVDS [Zad+20]: Includes 360 cloud gaming videos com-
pressed using the H.264 codec. As this dataset does not include
original uncompressed videos, we used the highest bitrate video
for each scene as a reference and its MOS value to compute
DMOS scores.

• LIVE Flicker [CCB15]: Contains 72 test videos created from 6
HD reference sequences, with flickering artifacts simulated by
varying the quantization level on a frame-by-frame basis.

• NVS [Mar+25]: Consists of 88 videos generated using 7 dif-
ferent NeRF-based view synthesis methods across 16 unique
scenes.

• AVT-VQDB-UHD-1 [Ram+19]: Includes 120 videos encoded
using H.264, HEVC, and VP9 codecs, with resolutions ranging
from 360p to 2160p and frame rates between 15 fps and 60 fps.

• BVI-HD [Zha+18a]: Comprises 384 distorted videos derived
from 32 reference sequences, featuring 12 types of compression
distortions from both standard HEVC and HEVC with synthesis
mode (HEVC-SYNTH).

A summary of results is presented in Table 1, with full details
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(a) Computing quality from 3D Resnet-18. To compute the quality of distorted video x0, w.r.t. reference video x, we first feed x and x0 to a pre-trained 3D
Resnet-18 network to compute deep features, extract the output features from each block conv3d_i, normalize them in the channel dimension, scale each
channel by vector ω, take the l2 distance, and average across space and time to get the video quality score. ω is a free parameter calibrated over video quality
datasets. Architectural details of each conv3d block can be found in [Tra+18].

(b) We compare performance of different CNNs on 3 different video quality datasets. 3D CNNs significantly outperform 2D-CNN based metric (LPIPS). Both
the 3D-CNN network architecture and its pre-trained weights play an important role in our metric performance.

(c) Comparison of quality metrics in terms of Pearson correlation (PLCC), Kendall rank correlation (KRCC), and root mean square error (RMSE) on our
CG-VQD dataset. Metrics are sorted based on PLCC value. Detailed reports on other datasets can be found in the Appendix 4.2.

Figure 4: Details on proposed metric architecture and quantitative comparison with other quality metrics. Error bars were generated via
bootstrapping and denote 95% confidence interval.
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Figure 5: Metric performance for different rendering methods.

available in Appendix Table A1. While some existing metrics per-
form well on specific datasets, such as absolute error (ABS) on
GamingVideoDataset or VMAF on video compression datasets,
CGVQM-5 consistently achieves high correlation with human sub-
jective ratings across all datasets. Since none of these datasets over-
lap with the training data used for CGVQM-5, its strong perfor-
mance demonstrates its ability to generalize to a wide range of con-
tent and distortion types. Additionally, we observe that video qual-
ity metrics generally outperform image-based quality metrics on
these benchmarks, underscoring the importance of modeling tem-
poral artifacts in video quality assessment.

Performance by distortion type. We evaluate the effectiveness
of objective quality metrics across different distortion types intro-
duced by various rendering techniques. Figure 5 shows the PLCC
values for a subset of metrics evaluated on each of the six rendering
methods used in our study. Traditional metrics such as HaarPSI and
ColorVideoVDP perform best on variable rate shading artifacts but
exhibit significantly lower performance on Gaussian splatting and
neural frame interpolation—highlighting the need for further inves-
tigation in these areas. In contrast, CGVQM-5 outperforms existing
metrics across all distortion types except for neural denoising. De-
tailed scatter plots for each metric are provided in Appendix A1.2.

Ablation studies. We test the contribution of features from each
selected layer towards metric’s performance. Figure 6 plots the dis-
tribution of feature weights (ω) across layers and how the R3D-
ResNet-18 metric’s performance changes with increasing number
of layers. As seen in Figure 6, the weights are similarly distributed
across layers, however, 5% of the total features contribute most to
the final quality value. Increasing the number of layers also shows
diminishing returns on average PLCC. This presents an opportu-
nity to reduce the feature set and optimize the computational per-
formance of our metric.

We define a lighter version of CGVQM-5, called CGVQM-2,
that only uses features from the output layer of first 2 blocks of
R3D-ResNet-18 (conv3d_1 and conv3d_2 in Figure 4a), reducing
the feature set by 87% and making it 27% faster than CGVQM-5.
Using only early layers also better localizes the error as the spatio-
temporal receptive fields are smaller. Fast performance, accurate
error maps, and high correlation with human ratings on CG-VQD
makes it especially suitable for computer graphics applications.

Figure 6: Feature weight (ω) distribution of R3D ResNet-18 quality
metric (top) and metric performance vs. number of layers (L). Com-
putational performance was calculated on 32×512×512 patches
on NVIDIA A100 GPU.

Error localization. In some applications, it is important not only
to obtain a single overall distortion score but also to understand
how distortions are spatially distributed across an image or video.
The visibility of a distortion depends on both its strength (contrast
detection) and the surrounding signal (contrast masking). Metrics
such as SSIM, HaarPSI, and visible difference predictors (VDPs),
which explicitly model aspects of low-level human vision, are well-
suited for predicting the visibility of distortions.

In contrast, neural networks do not provide a direct mechanism
to model human perception. However, recent studies suggest that
when trained on natural images, these networks tend to mimic cer-
tain low-level characteristics of the human visual system [Tar+20;
Ham+25; Cai+25]. In this experiment, we evaluate the error local-
ization capability of CGVQM.

Unlike metrics that define quality as difference of global statis-
tics, such as DISTS [Din+20] or VMAF [Ras17]), and are there-
fore unable to localize errors, we define video quality as the mean
of feature differences (Equation 2). This formulation enables us to
capture each pixel’s relative contribution to overall quality in the
form of an error map.

We assess the accuracy of error maps using LocVis dataset
[Wol+18], which contains 296 images featuring a variety of natu-
ral and synthetic scenes with localized computer graphics artifacts.
Each image was annotated by 16 participants to generate per-pixel
probability-of-detection maps. To compare the error maps gener-
ated by various quality metrics against these human annotations,
we follow the evaluation protocol proposed by [Čad+12], which
benchmarks each metric’s ability to identify erroneousness pixels
as a binary classification task. Two statistical measures are used
to assess performance: the area under the receiver operating char-
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Table 1: Cross-dataset validation. *Results are reported on the test splits of the GamingVideoSET, LIVE Livestream, and CG-VQD datasets,
as well as on additional datasets used exclusively for testing. Background colors represent performance quantiles across all tested metrics:
green (top 25%), yellow (25–75%), and red (bottom 25%). CGVQM-5 demonstrates strong generalization across a wide range of content
types and distortion patterns.

GamingVideo-
Dataset*

LIVE
LIVESTREAM*

CG-VQD
(Ours)*

LIVE
Meta

CGVDS
LIVE

Flicker
NVS

AVT-VQDB-
UHD-1

BVI-HD
Metric

PLCC SRCC PLCC SRCC PLCC SRCC PLCC SRCC PLCC SRCC PLCC SRCC PLCC SRCC PLCC SRCC PLCC SRCC
ABS 0.853 0.911 0.649 0.67 0.691 0.744 0.896 0.926 0.452 0.51 0.888 0.869 0.492 0.633 0.768 0.798 0.416 0.422
PSNR 0.537 0.775 0.577 0.627 0.697 0.723 0.671 0.928 0.514 0.519 0.662 0.65 0.64 0.675 0.791 0.822 0.471 0.465
SSIM [Wan+04] 0.766 0.787 0.709 0.834 0.639 0.805 0.838 0.909 0.472 0.53 0.85 0.867 0.611 0.635 0.739 0.786 0.524 0.621
MS-SSIM [WSB03] 0.787 0.826 0.712 0.748 0.668 0.804 0.872 0.946 0.462 0.524 0.832 0.864 0.619 0.655 0.767 0.814 0.513 0.602
IW-SSIM [WL10] 0.779 0.779 0.772 0.805 0.688 0.837 0.86 0.955 0.492 0.54 0.845 0.874 0.671 0.668 0.823 0.855 0.565 0.64
VIFp [SB06] 0.721 0.78 0.592 0.627 0.776 0.775 0.909 0.941 0.673 0.686 0.857 0.859 0.582 0.639 0.83 0.827 0.633 0.622
FSIM [Zha+11b] 0.773 0.767 0.655 0.804 0.653 0.789 0.856 0.936 0.504 0.545 0.889 0.881 0.499 0.625 0.724 0.841 0.521 0.638
SR-SIM[ZL12] 0.789 0.8 0.585 0.793 0.651 0.783 0.837 0.937 0.485 0.538 0.877 0.862 0.631 0.659 0.68 0.805 0.551 0.642
GMSD [Xue+13] 0.853 0.86 0.68 0.726 0.746 0.767 0.917 0.955 0.584 0.581 0.948 0.867 0.672 0.656 0.852 0.864 0.608 0.635
MS-GMSD [ZSB17] 0.857 0.866 0.686 0.726 0.754 0.767 0.918 0.953 0.574 0.573 0.945 0.882 0.652 0.676 0.848 0.863 0.604 0.627
VSI [ZSL14] 0.778 0.81 0.637 0.816 0.625 0.789 0.832 0.93 0.461 0.517 0.902 0.862 0.522 0.67 0.7 0.845 0.536 0.631
DSS [Bal+15] 0.842 0.831 0.781 0.8 0.667 0.772 0.907 0.957 0.635 0.637 0.943 0.92 0.764 0.758 0.87 0.879 0.618 0.67
Content-Score [Gat15] 0.828 0.863 0.61 0.649 0.651 0.739 0.887 0.928 0.548 0.564 0.916 0.86 0.393 0.566 0.398 0.546 0.43 0.456
Style-Score [Gat15] 0.425 0.456 0.232 0.596 0.431 0.667 0.636 0.888 0.311 0.586 0.795 0.858 0.425 0.612 0.326 0.536 0.273 0.364
HaarPSI [Rei+18] 0.829 0.829 0.713 0.73 0.777 0.794 0.937 0.956 0.618 0.615 0.941 0.861 0.719 0.717 0.83 0.84 0.604 0.615
MDSI [Naf+16] 0.77 0.803 0.705 0.724 0.753 0.73 0.83 0.925 0.632 0.602 0.85 0.889 0.662 0.661 0.84 0.838 0.666 0.659
LPIPS [Zha+18b] 0.794 0.804 0.584 0.622 0.696 0.748 0.914 0.938 0.782 0.777 0.9 0.847 0.593 0.547 0.501 0.559 0.55 0.551
DISTS [Din+20] 0.818 0.817 0.556 0.694 0.686 0.795 0.929 0.951 0.85 0.835 0.888 0.873 0.852 0.843 0.424 0.683 0.565 0.613
STRRED [SB12] 0.711 0.786 0.329 0.785 0.606 0.784 0.833 0.946 0.359 0.506 0.655 0.732 0.671 0.752 0.317 0.076 0.198 0.589
PieAPP [Pra+18] 0.755 0.745 0.66 0.639 0.73 0.749 0.931 0.957 0.778 0.78 0.95 0.939 0.788 0.777 0.836 0.824 0.587 0.606
FLIP [And+20] 0.827 0.876 0.674 0.672 0.693 0.728 0.901 0.931 0.57 0.577 0.849 0.806 0.488 0.596 0.818 0.84 0.466 0.501
ERQA [Kir+21] 0.646 0.587 0.618 0.623 0.797 0.787 0.9 0.936 0.756 0.737 0.834 0.771 0.722 0.717 0.7 0.728 0.4 0.491
VMAF [Ras17] 0.826 0.818 0.716 0.768 0.715 0.79 0.932 0.96 0.492 0.438 0.919 0.847 0.654 0.682 0.929 0.902 0.772 0.773
FoVVideoVDP [Man+21] 0.801 0.791 0.84 0.855 0.755 0.741 0.937 0.963 0.609 0.59 0.942 0.932 0.633 0.625 0.859 0.85 0.796 0.807
ColorVideoVDP [Man+24] 0.872 0.898 0.775 0.8 0.744 0.775 0.928 0.966 0.621 0.598 0.852 0.813 0.658 0.651 0.896 0.9 0.769 0.804
CGVQM-2 (ours) 0.788 0.791 0.787 0.82 0.855 0.876 0.911 0.943 0.539 0.459 0.922 0.893 0.62 0.623 0.868 0.884 0.615 0.671
CGVQM-5 (ours) 0.88 0.898 0.798 0.824 0.871 0.877 0.938 0.957 0.67 0.664 0.918 0.92 0.697 0.698 0.836 0.859 0.69 0.701

acteristic curve (AUC-ROC) and the Matthews correlation coeffi-
cient (MCC). Prior to evaluation, each metric’s predictions were
fitted to the full dataset using a simple gain-gamma model. Quanti-
tative results are presented in Table 2, and qualitative results in Fig-
ure 7. The results indicate that CNN-based metrics such as LPIPS
and CGVQM can accurately localize and scale visual artifacts, per-
forming on par with or better than perceptually-motivated metrics.

Table 2: Comparison of error maps generated by quality metrics
on the LocVis dataset [Wol+18]. All results assume that regions
marked by 75% or more observers are classified as visible errors,
while all other pixels are considered error-free. We report the max-
imum MCC value for each metric obtained by sweeping classifica-
tion thresholds in the [0, 1] range. VDP metrics were configured to
the viewing conditions of the original experiment.

Metric AUC-ROC (↑) MCC (↑)
ABS 0.86 0.27
SSIM 0.93 0.39
HaarPSI 0.92 0.38
FoVVideoVDP 0.89 0.26
ColorVideoVDP 0.92 0.24
LPIPS 0.95 0.48
CGVQM-2 0.93 0.4
CGVQM-5 0.96 0.49

We also include examples of error maps generated by CGVQM
on our CG-VQD dataset in Figure 8. Feature weights (ω) for
CGVQM-2 were linearly scaled to align metric predictions with the
perceptual scale used in our experiments, which ranges from “Very
Annoying" to “Imperceptible". Additional examples are provided
in Appendix Figure A4.

5. Limitations and future work

In our current implementation, we use mean pooling over space
and time to compute the overall quality of a video. However, when
errors are localized in a small region—such as ghosting around par-
ticles in the Mushroom scene or interpolation errors in the Meerkat
sequence—observers tend to rate the entire video based on these
local distortions. This non-uniform perception of errors is not cap-
tured by mean pooling, which can sometimes overemphasize minor
errors during data fitting, as illustrated in Figure 9. A more percep-
tually accurate pooling strategy or feature distance metric could
help address this issue. Note that CGVQM was not trained to pre-
dict accurate error maps [Wol+18] because there is no such dataset
for videos. Unlike VDPs, which operate in calibrated photomet-
ric units to produce error maps in an interpretable probability-of-
detection scale, CGVQM’s error maps reflect relative contribution
of local differences to overall quality and may vary in scale depend-
ing on the dataset.

Our current model does not account for viewing conditions and
display parameters, such as brightness and viewing distance, which
could be addressed with display-adaptive input normalization and
resampling [YWM19]. Our formulation assumes that the reference
and distorted videos have the same frame rate, and therefore cannot
capture differences in motion quality arising from frame rate varia-
tions [DM20]. Additionally, the 3D convolutions in our ResNet-18
implementation rely on future frames, potentially causing forward
lag in the error maps. Downsampling is currently performed using
convolutional striding, which may introduce aliasing in the feature
space. Implementing weighted l2 pooling, as proposed in [Din+20],
could further improve CGVQM’s performance.
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Figure 7: Reference/distorted images, observers’ markings and metric predictions for selected examples from the LocVis dataset. Metric
predictions must be viewed in color.

Figure 8: Example error maps generated by CGVQM-2 for the
Bridge (3×) and Jungle2 (4spp) scenes. CGVQM-2 effectively high-
lights ghosting and noise artifacts as perceptually significant in
bright and diffuse regions (car light and tree shadows), respec-
tively, while appropriately down-weighting similar artifacts in vi-
sually masked areas (car shadow and leaf texture) where they are
less noticeable.

Our experiments also show that pre-training 3D CNNs on aux-
iliary tasks significantly enhances metric performance. However,
the optimal choice of pre-training task and dataset for video quality
assessment remains an open question and could benefit from ongo-
ing advances in self-supervised learning [Mad+23]. It is worth not-
ing that 3D CNNs can be computationally and memory-intensive,
especially when processing high-resolution video inputs. Nonethe-

Figure 9: Forward lag in CGVQM-2 error maps and exaggeration
of small distortions in videos with localized distortions due to mean
pooling.

less, their spatio-temporal locality enables highly parallelizable im-
plementations. Finally, incorporating higher-order visual features,
such as optical flow or depth maps, may further improve the accu-
racy of the metric.

6. Conclusions

In this paper, we introduced the Computer Graphics Video Qual-
ity Dataset (CG-VQD) to address the limitations of existing video
quality metrics in evaluating distortions from modern rendering
techniques. Our dataset includes perceptual ratings for distortions
such as neural supersampling, novel-view synthesis, path tracing,
neural denoising, frame interpolation and variable rate shading, that
are typical for modern graphics systems such as game engines and
offline renderers.

We demonstrated that existing full-reference metrics perform
poorly on these distortions, while 3D CNN activations show better
alignment with human perception and their performance depends
on network architecture, pre-training, and calibration. We propose
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CGVQM, a new 3D ResNet-based full-reference video quality met-
ric, which outperforms current SOTA metrics, providing both lo-
calized error maps and global scores, making it suitable for quality
evaluation in modern real-time computer graphics rendering appli-
cations.

Future work could explore enhancing the metric with additional
features like optical flow and identifying optimal pre-training tasks
for improved performance. Overall, our contributions lay a foun-
dation for advancing video quality assessment in the realm of real-
time computer graphics.
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Appendix

A1.1. User study: Additional details

Data analysis. To assess the quality and consistency of subjective
ratings in the video quality evaluation study, we conducted several
reliability analyses. We measured the intra-class correlation coeffi-
cient to be ICC (2, k) = 0.97 and ICC(3,k) = 0.98, indicating a high
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Figure 10: Examples of distortions arising from different rendering methods used in CG-VQD. Only highest levels of distortions are visual-
ized in this figure.
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Figure A1: Inter-rater agreement analysis. We observed high cor-
relation between ratings of each user except for u9 and u17.

degree of agreement between the participants. Ratings were first
averaged over three repetitions per video to stabilize individual re-
sponses. A heatmap of pairwise Pearson correlations between raters
is visualized in Figure A1, revealing generally high inter-rater con-
sistency except for two participants (u9 and u17). We also evaluated
intra-rater reliability by computing the average Pearson correlation
between the repeated ratings of a participant for each video, cap-
turing internal consistency over the three repetitions. Figure A2 vi-
sualizes these intra-rater correlations highlighting all raters (except
u17) consistently applied the same judgment. Figure A3 shows the
raw data, subject bias, inconsistency, and content ambiguity from
our experiments. We iteratively apply Grubbs’ test to detect anoma-
lous raters based on their average deviation from the group mean.
One participant (u17) was marked as outlier and excluded from our
dataset. We found that 20 participants were sufficient for reliable re-
sults, as reduction in average DMOS CI per-participant decreased
from 1.83 to 0.12 between 5th and 20th participant (Figure A3 (top
row)), with an overall fitted power law decay rate of 0.19, indicat-
ing saturation of error. These tests ensure that our raw subjective
data is consistent and reliable and can be used for further quality
analysis and model development.

To aggregate raw scores and determine the true quality ratings,
we employed the maximum likelihood estimation method proposed
by [Li+20]. This method offers an advantage over BT.500 standard-
ized procedures by allowing “soft" subject rejection. It jointly esti-
mates the subjective quality of impaired videos, along with subject
bias, consistency, and video content ambiguity, thereby maximiz-
ing the information extracted from the raw data.

Stimuli selection The 15 scenes used in our user study were se-
lected from a larger in-house proprietary dataset comprising 300
scenes. Our goal was to choose a representative subset of 15
scenes to ensure that our experimental findings would generalize
to the broader dataset. To achieve this, we rendered each scene

Figure A2: Intra-rater reliability analysis (average Pearson cor-
relation across repetitions). We observed high consistency from all
participants except for u17.
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Figure A3: Additional statistical analysis on participants’ data.
Error bars denote 95% confidence interval.
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into a video and parameterized each video using six features: spa-
tial information (eq. 1 [Mos+15]), temporal information (eq. 2
[Mos+15]), colorfulness (eq. 3 [Win12]), motion (eq. 4 [Win12]),
texture parameter (eq. 4 [Mos+15]), dynamic texture parameter (eq.
5 [Mos+15]). The distribution of these features, visualized in the
first row of Figure A4, generally followed a normal distribution.

To select the subset, we randomly sampled 15 videos from the
dataset, treating the subsets (of size es 15 and 300) as samples from
two distributions (selected and original). We then calculated the
KL-divergence [KL51] between the 6-dimensional feature distri-
butions of the two sets. This process was repeated 1,000,000 times,
and we selected the subset with the minimum KL-divergence,
which best matched the original distribution. The resulting distribu-
tion of the selected 15 videos is shown in the second row of Figure
A4 and these videos were used in our user study.

Participants experience. Before the study, all participants re-
ceived a written briefing outlining the experimental task and the
user interface. No additional training was provided. Following the
user study, a voluntary survey was conducted to assess participants’
prior experience with graphics content and artifacts. Thirteen out of
twenty participants completed the survey. All participants reported
normal or corrected-to-normal vision and no visual impairments.
All but one participant indicated that they either own or regularly
use gaming hardware (PC, console, or VR). Responses to the fol-
lowing five questions are summarized in Figure A5:

Q1. How often do you play video games?
Q2. What types of video games do you usually play? (Select all that

apply)
Q3. How would you rate your familiarity with video game graph-

ics quality and rendering technologies (e.g., anti-aliasing, ray
tracing, upscaling)?

Q4. Have you ever noticed graphical issues or artifacts while play-
ing games? (e.g., ghosting, aliasing, compression artifacts)

Q5. How sensitive do you think you are to visual quality issues in
games?

A1.2. Metric Benchmark

In Section 4.2, we compared our CGVQM-5 and CGVQM-2 met-
rics with existing full-reference quality metrics using PLCC and
RMSE measures on our CG-VQD dataset. In this section, we pro-
vide additional comparisons on Livestream and GamingVideoSET
datasets and significance tests on our metrics. Table A1 summarizes
the performance of all metrics on the three datasets using PLCC,
SRCC, KRCC, and RMSE measures. Top-3 metrics in each column
are highlighted with different shades of green. CGVQM-5 consis-
tently performs well on all 3 datasets. CGVQM-2, a lighter version
of CGVQM-5, performs similarly to CGVQM-5 on Livestream and
CG-VQD datasets but is worse on GamingVideoSET. Reducing the
number of layers/features reduces CGVQM’s ability to generalize
to different distortions. These observations are also confirmed in
Table A2 which shows that CGVQM-5 is significantly better than
most metrics on all datasets while CGVQM-2 is only significantly
better on Livestream and CG-VQD datasets. The average perfor-
mance of each metric across the 3 datasets is shown in Figure A6.
CGVQM-5 and CGVQM-2 score the highest average PLCC, fol-
lowed by ColorVideoVDP. Figure A7 shows scatter plots of raw

metric predictions versus subjective difference mean opinion scores
(DMOSs) on the CG-VQD database. From the fitted functions (Eq.
(5)), one can observe that CGVQM-5 is nearly linear in DMOS.
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Figure A4: Visualizing data distribution of videos selected for user study and the larger dataset they were picked from. By minimizing KL-
Divergence between the two distributions, we aimed for our selected videos to be representative of our larger dataset. X-axis is plotted in log
scale.

Figure A5: Post-experiment survey of participant’s prior experi-
ence with graphics.
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Table A2: Significance testing on benchmarking results. ✓indicate
that our metric (CGVQM-5 or CGVQM-2 has a significantly higher
mean PLCC value than the compared metric. Significance testing
was done using bootstrapping and one tailed paired t-test (signifi-
cance level 0.05).

GamingVideoSET LIVE Livestream CG-VQD (ours)
CGVQM-5 CGVQM-2 CGVQM-5 CGVQM-2 CGVQM-5 CGVQM-2

ABS ✗ ✗ ✓ ✓ ✓ ✓

PSNR ✓ ✓ ✓ ✓ ✓ ✓

SSIM ✓ ✗ ✗ ✗ ✓ ✓

MS-SSIM ✓ ✗ ✓ ✓ ✓ ✓

IW-SSIM ✓ ✗ ✓ ✓ ✓ ✓

VIFp ✓ ✓ ✓ ✓ ✗ ✓

FSIM ✓ ✗ ✓ ✓ ✓ ✓

SR-SIM ✓ ✗ ✓ ✓ ✓ ✓

GMSD ✗ ✗ ✓ ✓ ✓ ✓

MS-GMSD ✗ ✗ ✓ ✓ ✓ ✓

VSI ✓ ✗ ✓ ✓ ✓ ✓

DSS ✓ ✗ ✗ ✗ ✓ ✓

Content-Score ✗ ✗ ✓ ✓ ✓ ✓

Style-Score ✓ ✓ ✓ ✓ ✓ ✓

HaarPSI ✓ ✗ ✓ ✓ ✓ ✓

MDSI ✓ ✗ ✓ ✓ ✓ ✓

LPIPS ✓ ✗ ✓ ✓ ✓ ✓

DISTS ✓ ✗ ✓ ✓ ✓ ✓

STRRED ✓ ✓ ✓ ✓ ✓ ✓

PieAPP ✓ ✗ ✓ ✓ ✓ ✓

FLIP ✗ ✗ ✓ ✓ ✓ ✓

FoVVideoVDP ✓ ✗ ✗ ✗ ✓ ✓

ColorVideoVDP ✗ ✗ ✗ ✗ ✓ ✓

ERQA ✓ ✓ ✓ ✓ ✓ ✓

VMAF ✓ ✗ ✓ ✓ ✓ ✓

A1.3. 3DCNN Experiments: Additional results

In Section 4.2, we compared the performance of different 3D-CNN
architectures on video quality datasets. Here we provide additional
results with SRCC and KRCC measures in Figure A8 and signifi-
cance tests in Table A3. 3D-ResNet performs the best on all three
datasets while the type of 3D convolution does not have any signif-
icant effect on metric’s performance. Significance testing was done
for mean PLCC value using bootstrapping and one tailed paired
t-test with significance level 0.05.

A1.4. CGVQD: Content and Distortions

We provide more examples of video sequences and distortions in
our dataset in Figure A9. Frames from each video sequence were
sampled uniformly to visualize temporal content. The videos in
CG-VQD contains a wide variety of spatial and temporal content,
motion, colors, and textures. The distortions include color bleeding,
ghosting, moire, aliasing, noise, blur, flicker, tiling, and reconstruc-
tion errors. Such errors are often localized and adaptive to rendering
parameters unlike traditional distortions.
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Figure A6: Comparison of quality metrics on 3 video quality datasets in terms of Pearson correlation (PLCC) and normalized Root Mean
Square Error (RMSE). Error bars were generated via bootstrapping and denote 95% confidence interval. Metrics are sorted based on PLCC
value averaged across the 3 datasets.

Table A3: Significance testing on experiment results. ti j =✓indicate that ith row has a significantly higher mean PLCC value than jth column.
Significance testing was done using bootstrapping and one tailed paired t-test (significance level 0.05).

GamingVideoSET LIVE Livestream CG-VQD (ours)

LPIPS C3D MC3 R(2+1)D R3D
R(2+1)D

(No
pre-training)

R(2+1)D
(No

calibration)
LPIPS C3D MC3 R(2+1)D R3D

R(2+1)D
(No

pre-training)

R(2+1)D
(No

calibration)
LPIPS C3D MC3 R(2+1)D R3D

R(2+1)D
(No

pre-training)

R(2+1)D
(No

calibration)
LPIPS ✗ ✓ ✗ ✗ ✗ ✓ ✗ ✗ ✗ ✗ ✗ ✗ ✗ ✗ ✗ ✗ ✗ ✗ ✗ ✗ ✗

C3D ✗ ✗ ✗ ✗ ✗ ✗ ✗ ✓ ✗ ✗ ✗ ✗ ✗ ✗ ✗ ✗ ✗ ✗ ✗ ✗ ✗

MC3 ✓ ✓ ✗ ✗ ✗ ✓ ✓ ✓ ✓ ✗ ✗ ✗ ✓ ✓ ✓ ✓ ✗ ✗ ✗ ✓ ✓

R(2+1)D ✓ ✓ ✗ ✗ ✗ ✓ ✓ ✓ ✓ ✗ ✗ ✗ ✓ ✓ ✓ ✓ ✗ ✗ ✗ ✓ ✓

R3D ✓ ✓ ✓ ✗ ✗ ✓ ✓ ✓ ✓ ✗ ✗ ✗ ✓ ✓ ✓ ✓ ✗ ✗ ✗ ✓ ✓

R(2+1)D
(No
pre-training)

✗ ✗ ✗ ✗ ✗ ✗ ✗ ✓ ✓ ✗ ✗ ✗ ✗ ✗ ✓ ✓ ✗ ✗ ✗ ✗ ✗

R(2+1)D
(No
calibration)

✓ ✓ ✗ ✗ ✗ ✓ ✗ ✓ ✓ ✗ ✗ ✗ ✓ ✗ ✓ ✓ ✗ ✗ ✗ ✓ ✗
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Figure A7: Comparison of human mean opinion scores against quality metric predictions on our CG-VQD dataset. ρ denotes Pearson
correlation.
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Figure A8: Comparison of different CNNs on 3 different video
quality datasets using SRCC and KRCC measures.
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Figure A9: Examples of distorted videos from our dataset and their corresponding error maps generated by CGVQM-2. The 10 frames were
uniformly sampled from 3 second video clips.
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