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Experimental results & analyses

Foveal vision for /ocal details in high-resolution = Analyses on learned position- and content-based attentions

Non-locality measure
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1-6: relative distances between query and keys (|lq — k||, where q,k € R*) | Many of learned attention focuses on central region, processing details  rseseresmin S irsescrssionn L 12seserssonn

Position-based attention: Cbp

Mixed attention: @, = ®. © P,
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Performs local/static & global/dynamlc transforms in a single-shot

(1) & (2): not desirable; most real-world objects are not rotational symmetric

Peripheral projections

effectively breaks rotational symmetric
property while preserving peripheral
design to a sufficient extent
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Impact measure

TP = (|0 — @) ]

Content ‘Pgl'h)

Position llJF(,l’h)

=
&

Mid peripheral — "
W Small

W Medium

Far peripheral

<
N

0.1

Imitations of biological design have shown their efficacy in ML

What do we miss in learning visual representation?
Peripheral vision
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" Peripheral Vision Transformer (PerViT)
Peripheral-Attention(h)(X R) := Normalize [<I>(h) (X) ® CIJI(,”’)(R)] \AQ

MPA (X) := concat [Peripheral-Attention™ (X, R)] Wou + bou PerViT exploits benefits of both convolution and self-attention

— local & static he[Ny]
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" Model evaluation on ImageNet-1K " Analyses on main components of PerViT

Peripheral initialization

Peripheral-Attention™ (X, R)
Pros: requires less training data Image E Normalize [—| Matrix mult . : :
q | g embe1dd|ng 4 Sha”OW |ayerS. |Oca| atten’Flon MOdel SIZC (M) FLOPS (G) TOp-l (%) @p @C C'Stem CPE Top_l TOP_S
Cons: local & static transform o 0. o deep layers: global attention DeiT-T (ICML’21) 5.7 1.3 72.2 78 8 043
s Ypiptuiuiel ity | XCiT-T12/16 (NeurIPS’21 7.0 1.2 77.1 v ' '
— 1. [ vasigmoid |10 | Be | PerViT-T ( ) 7.6 1.6 78.8 X 77.3 94.1
' o ; : FFN : . . ! 3 ! ' ' '
ansform in vision — global & dynamic : A | | [rerorera |1} [Seaeaaor] | n Columnar DeiTS (ICML 21) 0 16 708 X 76.8 93 5
w b v, L Lok | Vision T2T-ViT;-14 (ICCV’21) 22 6.1 81.7 X 77.8 94.0
BN Pros: global & dyna mic transform %N, -T_ T oo &feLU : oty ko : s Layer 1 Layer 3 Layer 5 Transformers XCi1T-S12/16 (NeurIPS’21) 26 4.8 82.0 X 781 04 .0
. . . Convolutional : Peripheral : : t t : t (sm le-re SOlutiOI’l) PerViT-S 21 4.4 82.1 X x f;-,;.:*-‘-’"lﬁ 76 3 93 2
5 EEEm EHIEHI 5O cons: require more training data - : = = - - ) Deil-B (ICML 21) 86 18 81.8 X X 76,7 933
R At il T2T-ViT;-24 (ICCV’21) 64 15 82.6 ’ '
. . N o e O cr XCiT-524/16 (NeurlPS'21) 48 9.1 82.6 X X 76.5 934
Modeling peripheral vision naturally resolves the both limitations byt | layer7  Llayer10  Layer12 PerViT-M 44 9.0 82.9 X X X 72.3 93.4



https://arxiv.org/abs/2206.06801
http://cvlab.postech.ac.kr/research/PerViT/
https://github.com/juhongm999/pervit

