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(3) Use for zero-shot prediction
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DPA: Dual Prototypes Alignment for
Unsupervised Adaptation of Vision-Language
by Models

Birdsnap RESISC

Figure 1. Attention maps on two fine-grained datasets: Birdsnap
and RESISC45. Row (a): input images; (b): global attention
from DPA [2]; (c): local attention from microCLIP (ours). By
guiding the [ FG] token with SOAP queries, microCLIP focuses on
semantically critical regions, yielding sharper, more discriminative
attention. Red circles highlight referenced regions in the text.
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Zero-shot / Training-free Methods
CLIP [39] ICML’21 37.45 90.69 58.70 64.47 44.63 19.50 66.42 &83.95 63.30 87.50 57.59 61.32 61.86 61.34
CuPL [38] ICCV’23 37.02 94.62 60.79 65.22 50.11 20.94 69.51 84.05 64.26 87.16 61.14 65.57 66.90 63.64
WCA™* [24] ICML’24 37.63 94.02 61.95 51.78 51.60 21.15 68.70 83.97 65.01 86.32 62.56 64.93 65.82 62.73
UA Methods

UPL [15] - 32.80 92.36 49.41 67.41 4537 17.07 67.40 84.25 58.22 83.84 57.63 62.12 62.04 59.99
POUF [47] ICML’23 38.40 94.10 57.70 62.00 46.10 18.20 67.80 82.10 52.20 87.80 66.40 60.00 61.20 61.08
LaFTer [33] NeurlPS’231.14 94.39 57.44 69.79 50.32 19.86 72.43 8245 61.63 84.93 61.60 65.87 65.08 62.07
ReCLIPT [14] WACV’2437.38 93.84 58.84 71.43 53.88 18.87 72.63 84.22 63.95 85.27 73.05 65.23 67.06 64.69
DPA* [2] WACV’2531.54 95.54 56.83 74.22 5596 20.10 75.48 84.76 64.64 90.11 71.11 68.13 66.69 65.78
microCLIP (Ours) - 38.59 9493 65.81 77.41 60.00 22.74 75.84 85.58 64.45 90.24 7T7.25 68.98 7T0.98 68.68
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