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1. Appendix
1.1. 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
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 (19 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 (#17) 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 5™ and 20 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 [LBK*20]. This method offers an advantage over BT.500 stan-
dardized procedures by allowing “soft" subject rejection. It jointly
estimates the subjective quality of impaired videos, along with sub-
ject bias, consistency, and video content ambiguity, thereby maxi-
mizing 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
into a video and parameterized each video using six features: spa-
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Figure Al: Inter-rater agreement analysis. We observed high cor-
relation between ratings of each user except for ug and uy7.
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Figure A2: Intra-rater reliability analysis (average Pearson cor-
relation across repetitions). We observed high consistency from all
participants except for uy7.
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Figure A3: Additional statistical analysis on participants’ data.
Error bars denote 95% confidence interval.

tial information (eq. 1 [MWZ*15]), temporal information (eq. 2
[MWZ*15]), colorfulness (eq. 3 [Win12]), motion (eq. 4 [Win12]),
texture parameter (eq. 4 [MWZ*15]), dynamic texture parameter
(eq. 5 [MWZ*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.
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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 AS:

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)

QS. How sensitive do you think you are to visual quality issues in

games?

1.2. 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: Signi cance testing on benchmarking resuBsndicate
that our metric (CGVQM-5 or CGVQM-2 has a signi cantly higher
mean PLCC value than the compared metric. Signi cance testing
was done using bootstrapping and one tailed paired t-test (signi -
cance level 0.05).

GamingVideoSET LIVE Livestream \ CG-VQD (ours)
CGVQM-5 CGVQM-2 | CGVQM-5 CGVQM-2 | CGVQM-5 CGVQM-2
3
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1.3. 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 signi -
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. Signi cance testing was done
for mean PLCC value using bootstrapping and one tailed paired
t-test with signi cance level 0.05.

1.4. 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, icker, 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% con dence interval. Metrics are sorted based on PLCC
value averaged across the 3 datasets.

Table A3: Signi cance testing on experiment resulig= 3 indicate that " row has a signi cantly higher mean PLCC value thafi golumn.
Signi cance testing was done using bootstrapping and one tailed paired t-test (signi cance level 0.05).

GamingVideoSET LIVE Livestream CG-VQD (ours)
R@+1)D  R2+L)D R@+L)D _ R2+1)D R@+L)D  R@2+1D
LPIPS C3D MC3 R(2+1)D R3D (No (No LPIPS C3D MC3 R(2+1)D R3D (No (No LPIPS C3D MC3 R(2+1)D R3D (No (No
pre-training)  calibration) pre-training)  calibration) pre-training)  calibration)
LPIPS 7 3 7 7 7 3 7 7 7 7 7 7 7 7 7 7 7 7 7 7 7
C3D 7 7 7 7 7 7 7 3 7 7 7 7 7 7 7 7 7 7 7 7 7
MC3 3 3 7 7 7 3 3 3 3 7 7 7 3 3 3 3 7 7 7 3 3
R(2+1)D 3 B 7 7 7 3 3 3 g 7 7 7 g B 3 = 7 7 7 g 8
R3D 8 8 3 7 7 8] 8 8 3 7 7 7 8 8 8 < 7 7 7 8 8
R(2+1)D
(No 7 7 7 7 7 7 7 3 3 7 7 7 7 7 3 3 7 7 7 7 7
pre-training)
R(2+1)D
(No 3 3 7 7 7 g 7 3 g 7 7 7 3 7 3 3 7 7 7 3 7
calibration)
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Figure A7: Comparison of human mean opinion scores against quality metric predictions on our CG-VQD datdsebtes 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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