Dual Feature Augmentation Network for
Generalized Zero-shot Learning
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>We propose a visual feature augmentation that _— ” 7T 7 _ ]H where I € R™ is the identify matrix single predictor 543 722 620 | 650 | 433 228 298 | 536 | 568 764 652 | 602
M _ : cos 5 and Z =[%,,....3,] two predictors 60.8 803 692 | 760 |397 322 356 | 585 | 555 873 67.8 | 627
explicitly extracts attribute features and adopts a cosine exp {a,a,) two predictors + bias leaner | 63.2 812 7L1| 767 | 388 332 357 | 593 |551 889 68.0 | 634
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space, enhancing the visual features. exp{a,,a,) where a, is the ground truth semantic feature Methods CUB SUN AWA2
) _ L.,=—log =z 2 GZSL CZSL GZSL CZSL GZSL CZSL

»We propose a semantic feature augmentation D i1 €xp <y, a) U S H [ac | U S H |ac | U S H | ac

. . . . . Leis 543 722 620 | 650 | 433 228 298 | 53.6 | 568 764 652 | 60.2
containing a bias learner, which estimates an offset to Lartr SI8 694 593 | 615 | 453 265 335 | 620 | 506 884 644 | 637
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Comparison with State-of-the-Art Methods Effect of coefficients (B1, p2)

features for each image.
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Inconsistencies in the mapping process of different Generative Methods ;,,

. . . . f-VAEGAN-D2 [E] | 484 60.1 53.6 | 61.0 | 451 38.0 413 | 647 |57.6 706 635 | 71.1 7 m z

granular visual features, thus reinforcing the semantic EPON[O] | 520 611 562 724 | - - - | - |56 85 646 734
. . . Composer [I3] | 564 63.8 599 | 694 | 551 220 314 | 626 |621 773 688 | 715 .

features corresponding to varying visual features. GCM-CF] | 610 597 603 | - |479 378 22| - 604 751 610 - /\ :

CE-GZSL @] | 639 668 653 | 77.5 | 488 38.6 43.1 | 633 | 631 786 700 | 704 .

FREE [H] | 55.7 599 577 - 474 372 417 - 604 754 67.1 -
Non-generative Methods
DAZLE [[™] | 56.7 59.6 58.1 - 523 243 332 - 603 753 67.1 -

APN[EI] | 653 693 672 | 720 | 419 340 376 | 616 | 571 724 639 | 684
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> In fine-grained datasets, the CZSL accuracy and the harmonic mean
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GEM-ZSL[3] | 64.8 77.1 704 | 77.8 | 381 357 369 | 628 | 648 77.5 70.6 | 67.3 increase first and then decrease.
SR2E[C] | 61.6 70.6 658 | - |431 368 397| - |580 807 675 | - _ra; -
MSDN [l | 653 603 612 | 720 | 522 342 413 | 658 | e20 745 617 | 704 » For the coarse-grained dataset, as the value of B1 gradually Increases, the
TransZero [B] | 69.3 683 68.8 | 76.8 | 526 334 408 | 656 |613 823 70.2| 70.1 CZSL accuracy and the harmonic mean decrease and reach a minimum
ours | 65.4 797 718 | 77.3 | 510 364 425| 67.9 | 589 880 70.5| 674 when B1 equals 1.

The best, second-best and third-best results are marked In Red, Blue and Green, respectively.
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