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Method — Self Similarity Maps
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Method — Maps Selection

Six children

K relevance maps




Method — Fine-tune

Japanese
woman

Lpseudo(I;t, M) = ||M — g™ (I, Z:(1))|?,
Lyore(I,t) = ~CLIP(g"* (I, Z,(t)) ® 1),
Lyack(I,t) = CLIP((1 — gt (I, Z:(t))) ® I,1).
Lyeg(1,t)) = g7 (1, Ze(1)) |

LI, t,M) = Lpseudo(I,t, M) + Lfore(I,t) + Lpack(};




a segway scooter

an atv

Fine-tune
Visualization

... a mountain biker .... ...

... a deer laying

... a butcher

(a) Input text (b) input image + bbox gt (c) g output (d) g++ output )




Results and Ablation Study

VG Trained MS-COCO Trained

-55, Model Point Accuracy Bbox Accuracy Point Accuracy Bbox Accuracy
= VG Flickr Referlt VG Flickr Referlt VG Flickr Referlt VG Flickr Referlt
= MG][I] 32.15 4948 38.06 12.23 2479 1643 3291 50.12 36.34 11.48 2375 13.31
E g [32] 43.91 58.59 44.89 17.77 31.46 18.89 4420 61.38 43.77 17.76 32.44 121.76

g™ (ours) 45.90 62.98 45.14 20.01 33.71 21.07 47.39 65.93 44.52 20.58 36.40 22.07
E MG 1] 48.76 60.08 60.01 14.45 27.78 18.85 4794 61.66 47.52 15.77 27.06 15.15
wvn gli?] 62.31 75.63 65.95 27.26 36.35 32.25 59.09 7543 61.03 27.22 3575 30.08
= 9" (ours) 66.63 79.95 70.25 30.95 45.56 38.74 62.96 78.10 61.53 29.14 46.62 32.43

M based on g 63.10 77.60 66.61 24.07 2640 33.33 61.19 77.80 61.15 21.56 22.17 2741
2 Only Lpscudo 65.50 78.84 68.49 23.50 39.06 29.16 62.37 78.07 60.15 22.10 40.12 26.62
:% Lyseudo + Lireg 5940 73.95 64.31 2235 26.25 2625 56.97 7499 60.03 19.94 2222 2355
< Lpseudo + Y3Leq 65.80 78.94 68.68 30.03 4346 37.27 6044 76.81 58.83 27.05 4499 30.89
E Lypseudo + Lgore + Lpack 65.47 79.51 69.77 2571 4496 3429 62.61 78.05 60.86 25.51 4590 30.6¢ \
o» No aggregation 66.22 79.24 70.03 27.36 4444 3571 61.72 78.02 59.55 27.28 46.34 314~
= Segmentation encoder  56.52 73.26 61.22 19.72 20.37 2391 56.53 74.25 59.12 19.78 21.65 22: o~

Classification encoder  60.49 7440 66.67 4.85 4.07 1650 5591 72.34 63.08 4.67 444 154




Parameter Sensitivity Analysis
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WWhbL Visualization with g++

a woman walking down the street a line of parked cars

a person climbing a rock a forest

a small black dog a person

(a) input (b)g (c)g*tt (dyg (e gtt
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