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Phase 2 trains a lightweight fully connected adaptation mod-
ule for each metric; the original metric is not retrained.

The same compressed video can look acceptable in one setup and visibly distorted in another. source videos distorted videos annotations Android devices
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ity. The key difficulty is that perception is not invariant:
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VOA datasets and metrics often assume a uniform viewing
environment, which limits their reliability on mobile devices.

O Blade-Chest

o
n

...................... Highest unadapted KROCC ment states.

o o
w e

Kendall rank correlation
o
N

O Conclusions

e
=

Bradley-Terry and Elo models aggregate pairwise preferences N S & S L TP S TR T S TIPS L LEFIES & VOA should model both the encoded
: L " T EOTIILIIELETT SIS LTSI YE Ty : L o
into global scores, but do not use the viewing condition z of S SIS g §8¢ € o5 S 80 video and the viewing conditions un-
: & g & : . :
each comparison. S der which quality is perceived.
. . . Adapted metrics improve Kendall rank correlation on pairwise judgments. ]
We adopt Blade-Chest because it naturally incorporates view- * Large-scale mobile VQA dataset
ing conditions into score aggregation. Pearson and Spearman correlations require reliable aggregated subjective scores. In our dataset, with 250K+ comparisons on 300+
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