
Do Better-Looking Videos Stay in Memory? A
VBench Study of Commercial and Brand
Memorability
Hao-Tien Yu1,∗, Yi-En Dong1

1Department of Computer Science, National Tsing Hua University, Hsinchu, Taiwan

Abstract
This Quest-for-Insight paper starts from the MediaEval 2026 question: “Is there a relationship between
the aesthetic quality of media and its memorability, or do these factors function independently?” We
study this question in commercial videos by evaluating seven VBench dimensions on 210 VBench-
covered VIDEM development videos and comparing them with a parallel movie-clip analysis. The main
result is negative: the VBench aesthetic_quality proxy, although weakly associated with movie memora-
bility, is essentially unrelated to commercial video memorability (𝜌 = 0.0038, 𝑝 = 0.956, bootstrap 95%
CI [−0.1395, 0.1455]). No VBench dimension survives false discovery rate (FDR) correction for either
video or brand memorability. Brand memorability, however, is strongly coupled with video memorabil-
ity (𝜌 = 0.7178, 95% CI [0.6295, 0.7888]). Commercial memorability appears to depend less on generic
visual-quality proxies and more on brand exposure, message content, speech, text, audio, and video
format.

1. Introduction

This work addresses a MediaEval 2026 Quest-for-Insight question: “Is there a relationship be-
tween the aesthetic quality of media and its memorability, or do these factors function inde-
pendently?” [1] The question echoes visual memorability work showing that memorability is
not simply visual pleasantness or photographic quality. Isola et al. found aesthetic quality
only weakly related to photograph memorability [2]. Later large-scale image work showed
that memorability prediction depends heavily on semantic and localized visual evidence, not
only global appearance [3].

Video memorability work points in the same direction. Memento10k and modular video
memorabilitymodels use visual, semantic, scene, event, andmemory-consolidation evidence [4,
5]; gaze-attention work also treats memorability as a temporal attention problem [6]. These
studies motivate a simple test: do generic visual-quality descriptors explain commercial videos,
or does commercial memorability need content-specific evidence?

We extend the question from photographs and movie clips to commercial videos. Here,
memorability is not just visual appeal: a commercial may be remembered because it is polished,
repeats the brand, shows the product, has a distinctive message, or is easy to parse. Long-term
advertisement memorability work similarly ties ad memory to multimodal content and brand
exposure [7]. VIDEM lets us test whether aesthetic quality behaves like an independent visual
property or contributes to video and brand recall [1, 8, 9].
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Table 1
VBench visual proxies.

Dimension Proxy

aesthetic_quality visual appeal
imaging_quality technical quality
temporal_flickering frame instability
motion_smoothness motion continuity
dynamic_degree amount of motion
subject_consistency foreground stability
background_consistency background stability

We ask whether VBench-style video-quality metrics explain these targets. VBench was de-
signed for generated video evaluation and is grounded in a large human-aligned benchmark of
video quality [10]. We use seven prompt-free dimensions as visual descriptors for real videos:
aesthetic_quality, imaging_quality, temporal_flickering, motion_smoothness, dynamic_degree,
subject_consistency, and background_consistency. They can be computed directly from pixels,
without new manual annotation.

A parallel analysis on theMovieMemorability Dataset [11] found aweak positive association
betweenVBench aesthetic_quality andmoviememorability. Commercial videosmay not follow
that pattern. They are communicative artifacts meant to make a brand or message memorable,
not only to look pleasing. We test whether the movie-domain VBench aesthetic signal is also
observed in commercial memorability and whether VBench features help explain brand recall.

This note is diagnostic rather than predictive. It tests the MediaEval aesthetic-quality ques-
tion in commercial video, reports that the weak movie-domain VBench aesthetic signal is not
observed, and points to brand recall and format heterogeneity for later modeling. The nega-
tive result narrows what generic visual-quality metrics can support: they describe how a video
looks, but do not by themselves explain why a commercial or brand is remembered.

2. Data and Measures

We use the VIDEM development set for MediaEval 2026 Subtask 2 [8, 9]: 339 videos with
memorability_score and brand_memorability. VBench evaluation was completed for 210 videos,
and all commercial analyses use this subset; the remaining 129 videos were not available in
the local VBench-ready subset. Matched and unmatched videos were similar in target scores
(Mann-Whitney 𝑝 = 0.331 for video memorability and 𝑝 = 0.873 for brand memorability),
duration (𝑝 = 0.733), and annotation count (𝑝 = 0.837), but matched videos had higher view
counts (𝑝 < 0.001). We treat this as a coverage limitation, not an obvious label confound.

For comparison, we use a parallel VBench analysis of 520 MediaEval Subtask 1 Movie Mem-
orability Dataset clips [11], using the same VBench dimensions but only movie memorabil-
ity_score. We ask whether the movie-domain aesthetic signal also appears for commercial
video and brand recall.

These are visual proxies rather than direct commercial-effectiveness judgments; prompt-
dependent dimensions such as object class, scene, and color were excluded because the videos
do not have generation prompts.

3. Analysis Protocol

Following prior work that examined aesthetic–memorability association rather than a strictly
linear effect [2], Spearman correlation is our primary statistic. It tests whether higher VBench



Table 2
Core evidence. Effects are Spearman correlations except for the movie-commercial aesthetic difference;
brackets are 95% confidence intervals.

Claim Effect 𝑝 FDR 𝑞
Aesthetic proxy vs. commercial memory 0.0038 [−0.1395, 0.1455] 0.9559 0.9559
Brand vs. video memory 0.7178 [0.6295, 0.7888] < 0.001 –
Movie-commercial aesthetic difference 0.1537 [−0.0077, 0.3178] 0.0595 0.2081

scores tend to accompany higher memorability scores without assuming equal intervals or
a linear relationship. We correlate each VBench dimension with memorability_score and
brand_memorability on the 210 matched videos, compare with the movie-clip VBench anal-
ysis, stratify by duration and YouTube metadata category, and analyze brand residuals. Brand
residuals are ordinary least-squares residuals from predicting brand_memorability from mem-
orability_score. We also test VBench predictive value with five-fold cross-validated ridge re-
gression using metadata features (duration, view count, engagement rate, annotation count,
YouTube category) and the seven VBench dimensions.

We apply Benjamini-Hochberg false discovery rate correction within result families. We
use 10,000 permutation tests for main and focused subset correlations, and 10,000 bootstrap
resamples for main-correlation and movie-commercial aesthetic-comparison confidence inter-
vals. Uncorrected effects are exploratory.

4. Results

4.1. Generic visual quality is not predictive

The VBench aesthetic_quality proxy is essentially uncorrelated with commercial video mem-
orability (𝜌 = 0.0038, 𝑝 = 0.9559, 𝑞 = 0.9559; bootstrap 95% CI [−0.1395, 0.1455]). The per-
mutation test gives the same conclusion (𝑝 = 0.9554, FDR 𝑞 = 0.9669). The commercial-video
estimate is closer to independence than the weak relationships reported in prior image and
movie settings. No VBench dimension survives FDR correction for video memorability. For
brand memorability, imaging_quality has a weak nominal negative association (𝜌 = −0.1417,𝑝 = 0.0402, bootstrap 95% CI [−0.2733, −0.0058]), but it disappears after correction (𝑞 = 0.5625;
permutation FDR 𝑞 = 0.5108) and is treated as exploratory.

4.2. The movie aesthetic signal is not observed in commercials

In movie clips, aesthetic_quality has a weak positive association with memorability (𝜌 = 0.1575,𝑝 = 0.000312; approximate 95% CI [0.0725, 0.2402]), but the commercial correlation is nearly
zero. The movie-commercial difference is suggestive but not significant after correction (dif-
ference = 0.1537, Fisher 𝑝 = 0.0595, FDR 𝑞 = 0.2081; bootstrap 95% CI [−0.0077, 0.3178]), so we
report it descriptively rather than as a confirmed interaction.

4.3. Brand recall follows video recall

Brand memorability strongly tracks general video memorability: 𝜌 = 0.7178 (bootstrap 95%
CI [0.6295, 0.7888]) in the full matched set, and high correlations in short videos (𝜌 = 0.8153),
videos under five minutes (𝜌 = 0.7351), ad-like non-news videos (𝜌 = 0.6925), news/politics



videos (𝜌 = 0.7296), and education videos (𝜌 = 0.7282). Brand recall should therefore be
modeled with general video recall, not as a separate visual-quality target.

4.4. Format heterogeneity limits generic predictors

A heuristic typology shows that most videos fall in a news/politics metadata group, not in
short advertisement-like groups. We assign formats from simple metadata rules: News & Pol-
itics videos are the news/politics group, Education videos are education explainers, remaining
videos under 60 seconds are short ad-like, remaining videos under 300 seconds are ad-like or
explainers, and longer remaining videos are long presentations. These shorthand labels are not
manually verified, but mark formats where visual quality may operate differently. The typol-
ogy is long-tailed: 129 matched videos are in the news/politics group, 35 are education explainer,
26 are ad-like or explainer, 12 are long presentation, and only eight are short ad-like. In videos un-
der five minutes, dynamic_degree has weak nominal positive associations with video and brand
memorability, while imaging_quality has aweak nominal negative associationwith videomem-
orability. In news/politics videos, imaging_quality and background_consistency have nominal
negative associations with brand residuals after controlling for video memorability. None sur-
vive FDR correction, so they remain future-work hypotheses.

4.5. VBench adds little predictive value

Ridge regression mirrors the correlations. For video memorability, metadata-only, VBench-
only, and metadata-plus-VBench models all produce negative out-of-fold Spearman corre-
lations (−0.0815, −0.0997, and −0.0852). For brand memorability, metadata-only reaches𝜌 = 0.0498, VBench-only reaches 𝜌 = 0.0047, and metadata plus VBench reaches 𝜌 = 0.0942.
VBench alone adds little signal, and metadata plus VBench gives only a small brand-recall gain.

5. Discussion and Outlook

In VIDEM, generic VBench visual-quality proxies do not explain commercial memorability well.
The VBench dimensions used here capture only a limited view of video quality: aesthetics,
technical quality, motion, flicker, and consistency. They do not measure logo visibility, spoken
brand names, message text, product presence, or persuasive structure. This fits prior work
tyingmemorability to semantic, localized, and event-level evidence beyond global aesthetics [3,
4, 5].

The weak movie signal for aesthetic_quality is not observed in VIDEM, where news/politics
videos, explainers, presentations, and short ad-like videos serve different communication goals.
A single generic visual-quality score is unlikely to behave consistently across these formats.

Three limitations qualify these results. VBench scores cover 210 of 339 development videos,
and thematched subset has higher view counts than the unmatched videos; the analyzed subset
may be more public-facing or popular. VBench was designed for generated-video evaluation,
so its dimensions should be read as visual-quality proxies rather than validated advertising
or memory features. The commercial typology is heuristic and should not replace manually
verified format labels.

Future work should add commercial-communication features: logo and product visibility,
OCR text, speech transcripts, brand-name mentions, shot rate, audio energy, narrative struc-
ture, and verified format labels. Brandmemorability should also be predicted jointly with video
memorability, since the two targets are strongly coupled.
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