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Abstract

This document is the supplementary material for our WACV
submission. We provide further explanation and details on
frame difference fragmentation, quality-aware caption gen-
eration, spatio-temporal feature extraction, and loss func-
tions. Additional figures are included to illustrate the quality-
related prompt settings and to demonstrate the effectiveness
of the proposed CAMP-VQA in predicting scores across
different quality dimensions.

A. Frame Difference Fragmentation

Figure 1. Frame difference fragmentation (FDF) module.

Regarding patch selection, we compute the inter-frame
absolute differences for all patches and rank them accord-
ingly. The fragmentation details are shown in (Fig. 1). The
number of selected patches K is calculated based on the
target model input size s× s and each patch size p× p:

K = s2

p2 . (1)

We then select the top K patches from the ranked list based
on the sum of absolute inter-frame differences. To ensure
spatial consistency between the extracted frame and residual
fragments, each selected patch in the residual is paired with
a corresponding fragment extracted from the same pixel
position in Ft. For a target size of s = 224, we use a

patch size of p = 16, resulting in K = 196. This method
generalizes across resolutions, as fragmentation operates
directly on the original frames. It is important to note that
similar residual intensities can arise from different types
of motion, which are likely to be associated with distinct
distortion types.

B. Semantic-aligned Feature Extraction

Figure 2. Quality-related prompt hints derived from video meta-
data.

Based on video metadata across multiple dimensions,
we derive a set of quality-related prompt hints to guide the
input prompt, as illustrated in Fig. 2. The figure shows
how metadata such as resolution, bitrate, and frame rate
are mapped to qualitative levels based on their values, each



accompanied by descriptive hints. These mappings pro-
vide a structured way to integrate perceptual video quality
factors into prompt construction for specific videos. No-
tably, we avoid disclosing ground-truth MOS scores. During
training, quality-related hints are generated from quantized
quality levels (ranging from poor to excellent) derived from
metadata, guiding prompt text generation without including
explicit scores in the descriptions. During inference, the
quality level is set to prediction mode, eliminating the need
for MOS.

Upon these hints, we design different quality-aware
prompt settings, as illustrated in Fig. 3. The quality prompt
is used to extract general perceptual captions at the frame
level across multiple visual attributes. The fragment prompt
focuses on localized degradations, and the residual prompt
captures temporal differences between consecutive frames,
jointly providing artifact captions at the fragment level. In
the ablation study, we also include a content prompt to an-
alyze the role of content descriptions in low-level video
quality assessment. Each prompt is tailored to capture a
different aspect of perceptual quality.

C. Spatio-temporal Feature Extraction
C.1. Spatial Vision Extractor
The Swin Transformer (SwinT) [3] employs a hierarchical
sliding window mechanism and utilizes local self-attention to
capture spatial features and long-range dependencies within
images. To make full use of its strong spatial modeling
capacity, we discard the classification head and retain only
the backbone as our Spatial Vision Extractor (SVE) module.

Input frames of a video clip in the form of a tensor
Xframe ∈ RN×C×H×W , where N indicates the number of
frames, C is the number of channels, and H and W are the
spatial dimensions. Each frame tensor is encoded by the
SwinT backbone network ϕs, and compact spatial represen-
tations are generated through GAP:

zswint = GAP(ϕswin(Xframe)) ∈ RN×ds , (2)

where ds denotes the dimension of the spatial features. SVE
module captures the spatial structural information of video
frames, enabling spatial awareness for subsequent temporal
modeling and multimodal fusion.

C.2. Temporal Motion Extractor
To enhance the model’s capacity for spatio-temporal feature
modeling in videos, we designed a Temporal Motion Extrac-
tor (TME) module based on the SlowFast [2] architecture.
TME uses a dual pathway to extract features across differ-
ent temporal scales, enabling effective capture of quality
fluctuations in videos while maintaining efficiency.

We construct two pathways with different temporal divi-
sions by using an input frame sequence tensor Xsequence ∈

RB×C×T×H×W , where B is batch size, C is channels, T is
temporal length, and H,W are the height and width. The
slow pathway extracts low-frequency changes over longer
temporal spans by downsampling at a rate of r = 1

4 , denoted
as Xslow = Sample(Xsequence, r). The fast pathway retains
the original frame rate, i.e., Xfast = Xsequence, and serves to
capture rapidly high-frequency details. The two pathways
are fed into feature extractors ϕs and ϕf, respectively. Spatio-
temporal GAP is then applied to produce compact feature
representations:

zslow = GAP(ϕs(Xslow)), zfast = GAP(ϕf(Xfast)). (3)

Finally, the two feature vectors are concatenated to form the
temporal feature:

zslowfast = [zslow; zfast] ∈ RB×(ds+df ), (4)

where ds and df are the feature dimensions of the slow and
fast channels, respectively. This module extracts tempo-
ral motion features at different time scales, enhancing the
model’s sensitivity to temporal quality variations.

D. Loss Functions

We adopted a composite loss function [4] to enhance accu-
racy and ranking consistency simultaneously. The first part
of the loss function is the precision loss Lp, which quantifies
the mean absolute difference between the predicted regres-
sion score ŷ_i and the ground truth (MOS) yi. It is defined
as:

Lp =
1

N

N∑
i=1

|ŷi − yi| . (5)

The second is the ranking loss Lr, which preserves ordinal
consistency by comparing the relative rankings and com-
puting the pairwise differences between sample pairs. It is
defined as:

Lr =
1

N2

N∑
i=1

N∑
j=1

max (0, |yi − yj | − sij · (ŷi − ŷj)) ,

(6)
where N is the number of videos, and i and j represent the
indices of video samples. The sign weight sij represents the
ranking relationship inferred from the ground truth scores
and is defined as sij = 1 if yi ≥ yj , and sij = −1 if
yi < yj . The composite loss Lc is formulated as a weighted
combination of the two components: Lc = λ1 · Lp +λ2 · Lr.
Here, λ ∈ R balances the two loss terms: λ1 improves
prediction accuracy, while λ2 enhances ordinal consistency.
The loss is a weighted combination with λ1 = 0.6 and
λ2 = 1.



Figure 3. Different quality-aware prompt settings: quality prompt, fragment prompt, and residual prompt. We also include a content prompt
for the ablation study.



Figure 4. Predicted scores of CAMP-VQA and ground-truth MOS of FineVD [1] across different quality dimensions

E. Quality Scoring On Different Dimensions

Building on our quality-aware captioning, we examined
CAMP-VQA’s impact on video quality scoring across differ-
ent dimensions of the FineVD [1] dataset. Example videos
with predicted CAMP-VQA scores and ground-truth FineVD
MOS are shown in Figs. 4.
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