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#3 ICLR

How to Design & Scale-up ViTs in Principle?

 ViT (Vision Transformer): Tokens + Attentions + FFNs

* Principled designs?
» Token size / FFN expansion ratio / #heads... Class
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* Principled scaling rules? o —H‘—il

* More widths or more depths? Transformer Encoder ]
e Efficiency: find principles w/o heavy cost? s e e @5 @5 @[5
[]1 ]] beddin Linear Projection of Flattened Patches
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[1] Dosovitskiy, A., Beyer, L., Kolesnikov, A., Weissenborn, D., Zhai, X., Unterthiner, T., ... & Houlsby,
N. (2020). An image is worth 16x16 words: Transformers for image recognition at scale. ICLR 2021.

\E“Sl‘fuy‘o&%\ .
2 {; UTS GO gle https://github.com/VITA-Group/AsViT 2




#3 ICLR

As-ViT: Auto-scaling Vision Transformers

e Automated architecture design (no training!)

e Automated scaling-up of ViT (no training!)
* Meet different constraints in one job.

* Efficient ViT training via progressive re-tokenization.
e Saves both training FLOPs and time cost.

e State-of-the-art performance on ImageNet and COCO.
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Topology & Scaling Space

topology search Image: 3XHxW
scaling-up [ | ]
Patch Embedding: Kernel = K, Stride = 4
* Topology Search T
H W
. CX—X— Attention: #splits = S
° TO ken (patCh) Slze? L, Itlyert‘ FFN: expansion ratio =1E1
: Lo - !
» Attention Splits? (local vs. global attention) (ot Fe embedding: Kemmel =10, e =7
* Channel expansion ratio? 0w }
2Cx§x§ Attention:.#splits_= S,
° Model Sca I i ng L, layers FFN: expanslon ratio = £,
° Cha N nel Dim for eaCh |aye r? [ Patch Re-embedding:lKerneI = K, Stride = 2 ]
 #Layers for each stage? 4Cx e x 1 Attention: #splits = 5.
L layers FFN: expansion ratio = £5
!
[ Patch Re-embedding: Kernel = K, Stride = 2 ]
'
8C><3H—2x % Attention: #splits = 1
L, layers FFN: expansion ratio = £,
| output
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Training-free Topology Search via
Generalized Complexity Measure of ViTs

* ViT is not a piece-wise linear function (GeLU, Self-attention).

* Measure the complexity of ViTs in a more general way.
ViT network as N, its input-output Jacobian v ()
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1. Curvature = [(v(f)- v
2. Length Distortion £f =
3. “Length Distortion + Curvature”
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k: Expected Curvature

Figure 2: Correlations between x, £¥, £ and trained accuracies of ViT topologies from our search space.
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Table 2:

Complexity Study. 7:

Kendall-tau correlation. Time: per ViT
topology on average on 1 V100 GPU.

Complexity T Time
K -0.49 38.3s
cr 049 12.8s
Le -0.01 48.2s
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Training-free Model Scaling

* Grow a seed topology into different sizes in a single run.

* Progressively allocate width & depth.
Shallower & Wider ViTs

Algorithm 2: Training-free Auto-scaling ViTs.

12000 - Swin-BA
1 Input: seed As-ViT topology ao, stop criterion (#parameters) P, t = 0, T
channel expansion ratio choices C = {1.05%x,1.1x,1.15%x,1.2x}, _
depth choices D = {(+1,0,0,0), (0, +1,0,0), (0,0, +1,0), (0, 0,0, +1)}. 100001 ViTEae |
2 while |a;| < P do ") | Swin-5 4
3 for each scaling choice g; € C X D do = 8000 o
. . O ResNet-101
4 Scale-up: at,; = at < gi. > which stage to deepen, to what extent to widen. ;— b
5 Calculate £F and ke ; for ax ;. 60001
© L ]
. . . , . E :_1 ... + ViT-S/16

6 Get rank%ng of each scal%ng cho%ce rc,i by descendl.ngly sort L£;”, 1 = 1,---,|C xD|. IE 1000, ISwiﬁ ok o Auto-scaling (ours)

7 Get ranking of each scaling choice 7 ; by ascendingly sort ke ;, 2 = 1,--- ,|C x D|. . % Net5b Random scaling

8 Ascendingly sort each scaling choice g; by 7.5 ; + Tkg,i- 0000 ViT-5/16 o8 S LViITTi /16 A Swin (Liu et al. 2021)

9 Select the scaling choice g; with the top (smallest) ranking. + o %CSNthl A + ViT (Zhai et al. 2021)
10 aii1 = a; +— g;. o ® O ResNet (He et al. 2016)
no| t=t+1. 4 6 8 10 12 14 16 18 20 22 24 26 28 30 32 34
12 return Growed ViT architectures a1, az, - - - , Q.
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Efficient VIT Training: Progressive Re-tokenization

* Different sampling granularities in the first linear projection layer.

e Update the number of tokens during training.
* Large stride & dilation => small stride & no dilation.

0.8
I K1 = 4‘
Kl =4 I stride; = 4
0.6 , Stride; =8 dilation; = 1
> y dilatjon, = 2, FLOPs: 100%
o K, =4 | FLOPs:28.5%
5 0.4 stride; =16 | l
(%) dilation; =5 |1 [
2 FLOPs: 13.2% | I
0.2
Small #Tokens Large #Tokens>
Coarse Sampling Fine-grained Sampling
0.0
50 100 150 200 250

Epoch
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Table 5: Image Classification on ImageNet-1k (224 x 224).
Method Params. FLOPs Top-1

State-of-the-art Performance  =use v e

22.1M 9.2B 81.2%

DeiT-S (Touvronetal 2020 ~ 22.0M 4.6B 79.8%
T2T-ViT-14 (Yuanetal2021b] 21.5M 6.1B 81.7%

TNT-S {fian et al.§2021) 23.8M 5.2B 81.5%
PVT-Small (Wang ctaldo02i] 24.5M 3.8B 79.8%

CaiT XS-24 266 M 5.4B 81.8%
DeepVit-S (Zhou et al.[2021 27TM 6.2B 82.3%
ConViT-S (d’Ascoli et al.[202 I 27TM 5.4B 81.3%

CvT-13 (Wu et al.}2021 20M 4.5B 81.6%
CvT-21 (Wuetal. J2021 32M 7.1B 82.5%
Swin-T (Liu et al.J2021 29.0M 4.5B 81.3%
BossNet-T' i et al.[2021 3.4B 80.8%

AutoFormer-s (Chen et al.J2021c] 22.9M 5.1B 81.7%
GLiT-Small (Chen et al.}2021a 246 M 4.4B 80.5%

As-ViT Small (ours 29.0M 5.3B 81.2%

RegNetY-8GF (Radosavovic et al. 0201 39.0M 8.0B 81.7%

COCO detection T PO o) ioo

le 8: Two-stage object detection and instance segmentation results. We compare employing different e ooty ' ' o
Table 8: Two-stage obj . gme ults. p ploying ConViT-S+ @ Ascolictalj2021] 48M 10B 82.2%
backbones with Cascade Mask R-CNN on single model without test-time augmentation. ViT-S/16 (Dosovitskiy etal. 2020 48.6 M 20.2B 78.1%
Swin- iu et al.|2021 50.0M 8.7B 83.0%

] mask DeepViT-L (Zhou et al. 2021 55M 12.5B 82.2%

Backbone Resolution FLOPs Params. APyu APy PVT-Medium (Wang etal o021] 44.2M 6.7B 81.2%

PVT-Large (Wang etal. 2021 61.4M 9.8B 81.7%

. ResNeXt-lOl 400~800x1333 972 B 140 M 48.3 41.6 TOTViT54 { e 641M 15.0B 826%

Swin-B (Liu et al.| 2021 400~800x 1333 982 B 145 M 51.9 45 TNTB {fian ot al 12021 65.6M 14.1 B 82.8%
SpineNet-1 u et al|[2020) 1536x1536 2076.8B 1762M 522  46.1 ABo;sNet- T e i 71'f ]133 SS'EZ’

. utoFormer- hen et al.}2021c 4%

As-ViT Large (ours) 1024 x 1024 10942B 1388M 52.7 45.2 VIT.RosNAS.A Tl 0 o p oo'ow

ViT-ResNAS-s (Liao et al.|2021 66M 2.8B 81.4%
As-ViT Base (ours) 526 M 8.9B 82.5%

RegNetY-16GF (Radosavovic et al.|2020] 84.0 M 16.0 B 82.9%
ViT-B/16 (Dosovitskiy etal.}2020] * 86.0 M 55.4B 77.9%
DeiT-B  (Touvron et al.}2020; 86.0M 17.5B 81.8%
ConViT-B (d’Ascoli et al. 2021 86M 17B 82.4%
Swin-B 2 88.0M 15.4B 83.3%
GLiT-Base (Chenetal.[2021al  96.1M 17.0 B 82.3%
97TM 4.5B 82.4%
89.5M 18.6 B 83.5%
As-ViT Large (ours 88.1M 22.6B 83.5%
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