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sine similarity threshold 7y, for pairing attack samples
with their most similar live counterparts, we conducted
a grid search over threshold values from 0.84 to 0.91.
Lower thresholds admit more attack—live pairs into the
training set, increasing dataset size but also allowing a
higher proportion of loosely matched identities. There-
fore, higher thresholds ensure stronger identity con-
sistency between pairs, but overly restrictive filtering
risks removing diverse training examples. As shown in
Tab. 3, the threshold 74, = 0.90 yielded the lowest
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ACER (1.08%) and the highest accuracy (97.85%) on
the validation set. This indicates that stricter match-
ing leads to more consistent identity pairs, enabling the
model to focus on liveness-related cues. Based on these

results, we adopted g, = 0.90 for our experiments.
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PRI 7K. On UniAttackData our model mostly
attends to cues that are also obvious to a human ob-
server. As shown in figure 6, (b) and (c) highlight
specular reflections and texture inconsistencies on the
glasses/skin, while (a) focuses on the mask boundary

and local edge discontinuities.
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