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There are many efficient transformer variants for cll

o RPTU
computer vision.
Transformers are the state-of-the- Routing T_ra_nsformer
art models in computer vision. HaloNet EfficientFormer
Scatterbrain
, PatchConvNet
Ii Their O(N%) computational Flash Attention FocalNet
complexity makes handling high MedViT \s/'\,T/inSyr‘)t(hc‘f’ff'zer
resolution images expensive. Sinkhorn Transformer

EVIT Cail Linformer
ToMe MLP Mixer

Switch Transformer
GFNet DeiT FNet
Nystromformer
Performer
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resolution images expensive. Sinkhorn Transformer
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Efficient transformers change the architecture <!
In three major places. RPTU

o

' . ag Dx\

: Token Mixing ] Section 3.3 (ii) MLP Block :

Wh 5 ' Multi-Head Attention —ii Feed-Forward ]
ere . E Add + Norm J Token Add + Norm '

Section 3.3 (i) SeaTR e Section 3.3 (iii).

I
’

Token Mixing Token Sequence MLP Block
* Low-Rank Attention * Token Removal * More MLPs
* Sparse Attention * Token Merging
Fixed Attention * Summary Tokens

* Kernel Attention

* Hybrid Attention

* Fourier Attention

* Non-Attention Shuffling
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: E‘ Token Mixing ] Section 3.3 (ii) »[ MLP Block I :
Multi-Head Attention oy Feed-Forward
? s : . "
Where: | Add + Norm J Token Add + Norm !

Section 3.3 (i) Sequence Section 3.3 (iii)E

Token Mixing T '~ Sequence MLP Block
+ Low-Rank Attention = —P.oltthe low- ank oot + More MLPs
e Sparse Attention TS _ Jing
Fixed Attention . Summary Tokens

* Kernel Attention
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Efficient transformers change the architecture <!

In three major places. RPTU

o

' . ag Dx\

: Token Mixing ] Section 3.3 (ii) MLP Block :

Wh 5 ' Multi-Head Attention —ii Feed-Forward ]
ere . E Add + Norm J Token Add + Norm '

Section 3.3 (i) SeaTR e Section 3.3 (iii).

I
’

Token Mixing Exploit that man ~ "enSequence MLP Block
e Low-Rank Attention P ) y amoval e More MLPs
) entries of the )
e Sparse Attention erging

. : attention matrix are
Fixed Attention 'y Tokens

* Kernel Attention -

* Hybrid Attention

* Fourier Attention
Non-Attention Shuffling
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: Token Mixing ] Section 3.3 (ii) MLP Block :

Wh 5 ' Multi-Head Attention —ii Feed-Forward ]
ere . E Add + Norm J Token Add + Norm '

Section 3.3 (i) SeaTR e Section 3.3 (iii).
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Token Mixing Token Sequence MLP Block
e Low-Rank Attention * Token Removal e More MLPs

) S.parse Attephon Set a fixed attention Merging
Fixed Attention ary Tokens

* Kernel Attention pattern

* Hybrid Attention

* Fourier Attention
Non-Attention Shuffling
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Efficient transformers change the architecture <!
In three major places. RPTU

o

' . ag Dx\

: Token Mixing ] Section 3.3 (ii) MLP Block :

Wh 5 ' Multi-Head Attention —ii Feed-Forward ]
ere . E Add + Norm J Token Add + Norm '

Section 3.3 (i) SeaTR e Section 3.3 (iii).

I
’

Token Mixing Token Sequence MLP Block
* Low-Rank Attention * Token Removal e More MLPs
* Sparse Attention * Token Merging
Fixed Attention Shift the activation ry Tokens

» Kernel Attention from QK ' to Q and K
* Hybrid Attention individually
* Fourier Attention

Non-Attention Shuffling
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Efficient transformers change the architecture <!
In three major places. RPTU

o

' . ag Dx\

: Token Mixing ] Section 3.3 (ii) MLP Block :

Wh 5 ' Multi-Head Attention —ii Feed-Forward ]
ere . E Add + Norm J Token Add + Norm '

Section 3.3 (i) SeaTR e Section 3.3 (iii).

I
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Token Mixing Token Sequence MLP Block
* Low-Rank Attention * Token Removal e More MLPs
* Sparse Attention * Token Merging
Fixed Attention e Summary Tokens
* Kernel Attention Use convolutions in

* Hybrid Attention the attention
Fourier Attention calculation
Non-Attention Shuffling
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Efficient transformers change the architecture <!
In three major places. RPTU

o

' . ag Dx\

: Token Mixing ] Section 3.3 (ii) MLP Block :

Wh 5 ' Multi-Head Attention —ii Feed-Forward ]
ere . E Add + Norm J Token Add + Norm '

Section 3.3 (i) SeaTR e Section 3.3 (iii).

I
’

Token Mixing Token Sequence MLP Block
* Low-Rank Attention * Token Removal * More MLPs
* Sparse Attention * Token Merging
Fixed Attention * Summary Tokens

 Kernel Attention

* Hybrid Attention

* Fourier Attention Utilize the FFT
Non-Attention Shuffling
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Efficient transformers change the architecture =l
In three major places.

o

Token Mixing ]

Multi-Head Attention
Add + Norm J

Sec';ion 3.3 (ii)

RPTU

Where? { E‘

/ Token
O O
Sequence

Section 3.3 (i)

Dx']

MLP Block "
Feed-Forward i
Add + Norm 1

Section 3.3 (iii)!

I
’

Token Mixing
* Low-Rank Attention
e Sparse Attention
Fixed Attention
* Kernel Attention
* Hybrid Attention
* Fourier Attention
Non-Attention Shuffling

Token Sequence
* Token Removal
* Token Merging
* Summary Tokens

Use a different
mechanism to mix the
token-information

WTF Benchmark — Tobias Nauen - WACV 2025
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In three major places. RPTU
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: Token Mixing ] Section 3.3 (ii) MLP Block :

Wh 5 ' Multi-Head Attention —ii Feed-Forward ]
ere . E Add + Norm J Token Add + Norm '

Section 3.3 (i) SeaTR e Section 3.3 (iii).
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Token Mixing Token Sequer Remove MLP Block
. Low—RankAttgntlon * Token Rem(?val uninformative tokens 1LPs
* Sparse Attention * Token Merging

Fixed Attention e Summary Tokens
* Kernel Attention
* Hybrid Attention
* Fourier Attention

Non-Attention Shuffling
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In three major places. RPTU
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: Token Mixing ] Section 3.3 (ii) MLP Block :

Wh 5 ' Multi-Head Attention —ii Feed-Forward ]
ere . E Add + Norm J Token Add + Norm '

Section 3.3 (i) SeaTR e Section 3.3 (iii).
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Token Mixing Token Sequence MLP Block
. Low—RankAttgntlon * Token Rem(?val Merge redundant MLPs
* Sparse Attention * Token Merging

. _ tokens
Fixed Attention e Summary Tokens

* Kernel Attention

* Hybrid Attention

* Fourier Attention
Non-Attention Shuffling
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In three major places. RPTU
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: Token Mixing ] Section 3.3 (ii) MLP Block :

Wh 5 ' Multi-Head Attention —ii Feed-Forward ]
ere . E Add + Norm J Token Add + Norm '

Section 3.3 (i) SeaTR e Section 3.3 (iii).
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Token Mixing Token Sequence MLP Block
* Low-Rank Attention * Token Removal * More MLPs
* Sparse Attention * Token Merging Summarize sets of
Fixed Attention * Summary Tokens tokens into fewer new
* Kernel Attention tokens

* Hybrid Attention
* Fourier Attention
Non-Attention Shuffling
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Efficient transformers change the architecture =l
In three major places.

RPTU

o

Where? { E‘

Multi-Head Attention J

Token Mixing ] Sec".c‘ion 3.3 (ii)

. Token
Section 3.3 (i) N 7 sequence

Dx']

MLP Block "
Feed-Forward i
Add + Norm 1

Section 3.3 (iii)!

I
’

Token Mixing
Low-Rank Attention
Sparse Attention
Fixed Attention
Kernel Attention
Hybrid Attention
Fourier Attention
Non-Attention Shuffling

Token Sequence
* Token Removal
* Token Merging
* Summary Tokens
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MLPBI .. :
« More MLPs Shift calculations to

the MLP block
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How can we find the best efficient alll

transformer? RPTU

* Which modifications and overall strategies are the most efficient?
* Are these modifications worth considering over the baseline ViT?
* What other dimensions influence efficiency?
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transformer? RPTU

* Which modifications and overall strategies are the most efficient?
* Are these modifications worth considering over the baseline ViT?
* What other dimensions influence efficiency?

A Not comparable, due to different training and evaluation
conditions
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How can we find the best efficient alll

transformer? RPTU

* Which modifications and overall strategies are the most efficient?
* Are these modifications worth considering over the baseline ViT?
* What other dimensions influence efficiency?

A Not comparable, due to different training and evaluation
conditions

1. Train models from scratch
= 2. Analyze using the framework of the Pareto front

WTF Benchmark — Tobias Nauen - WACV 2025 3
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For comparability, we train every model from

scratch.

"H" * Based onDeiT lll [1], an update to the
popular pipeline from DeiT [2]

* Contains only standard CV elements

“ Pretrain e Finetune
* ImageNet-21k * [mageNet-1k

* 90 epochs * 50epochs
* Learningrate 0.003 Learning rate 0.0003
with cosine decay with cosine decay

[1]1H. Touvron, M. Cord, H. Jégou. "DeiT lll: Revenge of the ViT". ECCV 2022.
[2]H. Touvron, M. Cord, M. Douze, F. Massa, A. Sablayrolles, H. Jégou
"Training data-efficientimage transformers & distillation through attention".
PMLR 2021.

WTF Benchmark — Tobias Nauen - WACV 2025

Original Ours
Model DeiT gAccuracy Accuracy
ViT-S (DeiT) v 79.8 82.54
ViT-S (DeiT III) 82.6 82.54
XCiT-8 v 82.0 83.65
Swin-§ v 83.0 84.87
SwinV2-Ti 81.7 83.09
Wave-ViT-S 82.7 83.61
Poly-SA-ViT-S 71.48 78.34
SLAB-S v 80.0 78.70
EfficientFormer-V2-S0 75.77° 71.53
CvT-13 83.31 82.35
CoaT-Ti v 78.37 78.42
EfficientViT-B2 82.71 81.52
NextViT-S 82.5 83.92
ResT-S v 79.6 79.92
FocalNet-S 83.4 84.91
SwiftFormer-S 78.57° 76.41
FastViT-S12 v 79.81 78.77
EfficientMod-S v 81.0 80.21
GFNet-S 80.0 81.33
EViT v 79.4 82.29
DynamicViT-S 83.07 81.09
EVIiT Fuse v 79.5 81.96
ToMe-ViT-S v 79.42 82.11
TokenLearner-ViT-8 77.87] 80.66
STViT-Swin-Ti v 80.8 82.22
CaiT-824 v 82.7 84.91

dfki
all
RPTU
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For comparability, we train every model from &l

scratch. RPTU

Original Ours
. Model DeiT  Accuracy Accuracy
[ ]
A= Based on DeiT Il [1], an update to the VITS (Do) VAT 254
popular pipeline from DeiT [2] ViT'S (DeiT 1) 826 82.54
XCiT-S v 820 83.65
. Swin-S v 830 84.87
* Contains only standard CV elements SwinV2-Ti 81.7 83.09
Wave-ViT-S 82.7 83.61
Poly-SA-ViT-S 71.48 78.34
SLAB-S v 80,0 78.70
. . EfficientFormer-V2-S0 75.7P 71.53
“ Pretrain Finetune CVT-13 83,31 §2.35
CoaT-Ti v 7837 78.42
* ImageNet-21k * ImageNet-1k EfficientViT-B2 82.71 81.52
NextViT-S 82.5 83.92
* 90epochs * 50epochs ResT:S ;o6
H H FocalNet-S 83.4 84.91
. Lga rnlng rate 0.003 . Lga rnlng rate 0.0003 R 725D el
with cosine decay with cosine decay FastViT-512 v 798t 78.77
EfficientMod-S v 81.0 80.21
GFNet-S 80.0 81.33
EViT v 794 82.29
DynamicViT-S 83.07 81.09
. EVIiT Fuse v 79.5 81.96
]}g[ * 13 out of 26 models are based on DeiT ToMe-ViT-S v 7942 82.11
TokenLearner-ViT-8 77.87] 80.66
* . o0 ONn average STViT-Swin-Ti v 808 82.22
+ 0.85%
CaiT-S24 v 827 84.91
 Up to +6.86% for Poly-SA
[1]1H. Touvron, M. Cord, H. Jégou. "DeiT lll: Revenge of the ViT". ECCV 2022.
[2]H. Touvron, M. Cord, M. Douze, F. Massa, A. Sablayrolles, H. Jégou WTE Benchmark — Tobias Nauen — WACYV 2025 4

"Training data-efficientimage transformers & distillation through attention".
PMLR 2021.
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The baseline VIT model is still Pareto optimal

In terms of speed.

0.850
— , 0.825
Q 1. ViTis still Pareto-optimal g
2. Scaling up the model size is more efficient :fu. 0.800
than scaling up the image resolution 2 0.775
 Short sequences forimage 8 0750
classification g
3. Sequence reduction is away tospeedup £ %%
without losing too much accuracy 0.700
0.675

8000

<

dfki
all
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A I
Image Resolution
224px  384px
I | | I I |
0 1000 2000 3000 4000 5000 6000 7000 8000
Throughput [ims/s]
= Pareto front Routing ViT A Efficient ViT AFNO
HR Pareto front WaveViT NextViT & EviT
ViT 5/ Informer A\ ResT ) Dynamic ViT
DeiT . Synthesizer FD @ Mixer EVIT Fuse
ResNet50 ) Synthesizer FR [ FocalNet () ToMe
Nystrom ViT PolySA SwiftFormer ‘ Token Learner
Linformer {) SLAB FastViT <> STVIT
XCiT Hydra Efficient Mod CaiT
SwinV2 A EfficientFormerV2 @ Fnet @ Switch ViT
Swin A T © GFNet @ HiviT
Sinkhorn Cait A CoaT
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The baseline VIT model is still Pareto optimal
In terms of speed.

Q
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2.
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0.850

ViT is still Pareto-optimal
Scaling up the model size is more efficient
than scaling up the image resolution
 Short sequences forimage
classification
Sequence reduction is a way to speed up
without losing too much accuracy 0.700 -

0.800 -

0.750 H ;
‘0
0.725 — -

ImageNet-1k Val. Acc.

0.775 - ’-;

-

0.825 - "'SQ@ A o
*°% %@ $
&

o
(@
@0 OD
o
-

I

-
&
_V

Image Resolution

224

384

0.675 L, '

10 15

= Pareto front
HR Pareto front
ViT

DeiT
ResNet50
Nystrom ViT
Linformer
XCiT

SwinV2

Swin
Sinkhorn Cait

aeele

<
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3 J SIS 4

20 25 30 35 40 45

Finetuning Time [h*GPUs]
Routing ViT A Efficient ViT

WaveViT NextViT *
Informer A\ ResT o
Synthesizer FD B Mixer

Synthesizer FR [0 FocalNet O
PolySA SwiftFormer <
SLAB FastViT O
Hydra Efficient Mod
EfficientFormerV2 @ FNet 9
T ) GFNet Q@
CoaT

AFNO

EVIT

Dynamic ViT
EVIT Fuse
ToMe

Token Learner
STVIT

CaiT

Switch ViT

Hi ViT

50
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The baseline VIT model is still Pareto optimal

In terms of speed.

Q 1. ViTis still Pareto-optimal
2. Scaling up the model size is more efficient

than scaling up the image resolution
 Short sequences forimage
classification
3. Sequence reduction is away to speed up
without losing too much accuracy

e - Pareto front replicates on other datasets
Qv with a spearman correlation of >0.71
* And on other devices with a spearman
correlation of >0.75

ImageNet-1k Val. Acc.

0.850

0.825

0.800

0.775

0.750

0.725

0.700

0.675

aeele

<
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Finetuning Time [h*GPUs]
= Pareto front Routing ViT A Efficient ViT AFNO
HR Pareto front WaveViT NextViT & EviT
viT 5/ Informer A\ ResT & Dynamic ViT
DeiT @ Synthesizer FD B Mixer EVIT Fuse
ResNet50 () Synthesizer FR [ FocalNet () ToMe
Nystrom ViT PolySA SwiftFormer ’ Token Learner
Linformer {) SLAB FastViT <> STVIT
XCiT Hydra Efficient Mod CaiT
Swinv2 A EfficientFormerv2 @ FNet @ Switch ViT
Swin A ot @ GFNet @ HiviT
Sinkhorn Cait A CoaT
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Convolution-based models are very

Inference-memory efficient.

Q

Training Memory:
Very similar to speed

0.850

0.825

0.800

0.775

0.750

ImageNet-1k Val. Acc.

0.725

0.700

0.675

ae00e

<
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@ | © | A
& .
q 0 vV
A 1 .
. Image Resolution
224px 384px
- I I I | 1 I
50 100 150 200 250 300
Training Memory (@ Batch Size 2048) [GB]
= Pareto front Routing ViT A Efficient ViT AFNO
HR Pareto front WaveViT NextViT & EviT
ViT ¥/ Informer A ResT ) Dynamic ViT
DeiT @ synthesizer FD I Mixer EVIT Fuse
ResNet50 ) Synthesizer FR [ FocalNet () ToMe
Nystrom ViT PolySA SwiftFormer ’ Token Learner
Linformer (:} SLAB || FastViT <> STVIT
XCiT Hydra Efficient Mod CaiT
Swinv2 A EfficientFormerv2 @ FNet @ switch viT
Swin A ot @ GFNet @ HiwviT
A

Sinkhorn Cait
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Inference-memory efficient.

Q

0.850

Training Memory: 0,825
Very similar to speed g

< 0.800

Inference Memory: ;>° 0.775

Different from the other metrics é 0.750
1. ViT is not Pareto optimal )

2. Models incorporating convolutions excel in £ 072>

this metric 0.700

3. EVIiT @ 384 is the only Pareto optimal 0.675

model using high-resolution images

ae00e

- Gy iv ........... .o. . .° "
me ey e (%) s
SN 9 :
- A
* O
— C ] -A- -. o O
A O
7o
: - v v 0
: A .
. Image Resolution
- 224 384
- I I I I I I
0.25 0.50 0.75 1.00 1.25 1.50 1.75 2.00
Inference Memory (@ Batch Size 1) [GB]
= Pareto front Routing ViT A CoaT @ GFNet
HR Pareto front WaveViT A Efficient ViT AFNO
ViT ¥/ Informer NextViT @ EeviT
DeiT @ Synthesizer FD A ResT @& Dynamic viT
ResNet50 () Synthesizer FR B Mixer EViT Fuse
Nystrom ViT PolySA [ FocalNet () ToMe
Linformer O SLAB SwiftFormer ‘ Token Learner
XCiT Hydra FastViT & smviT
Swinv2 A EfficientFormerv2 Efficient Mod CaiT
Swin A ot @ Fhet @ HiwviT

<

Sinkhorn Cait
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Use larger models, not larger images.

0.78

0.76

0.74

0.72

0.70

0.76

0.74

0.70

0.76

0.74

0.72

0.70

h M

<
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AFNO-Ti

odel

T T
4000 6000

Throughput [ims/s]

Finetuning Time [h*GPUs]

model

image

VIT-Ti ViT- FocalNet-Ti-Srf
0.85
B 0.82 ° 0.845 “ “
<
1 H H . . T 0.80 0.840 0.84
: * Usinghigh resolutionimages (384 x 384 px)is ;..
] image 0.83 401
. Z .
A\ not Pareto optimal Fore \ 0850 1 TR~
. . o 0.74 4 T T l° 0.825 T T T o 0.82 T T
* Tradeoff of scaling up the model size is better
Throughput [ims/s] Throughput [ims/s] Throughput [ims/s]
. . .
than for scaling up the image resolution om P oses [ 7
o
<
T 0.80 0.840 0.84
<
— | {model i model model
% 0.78 ‘ 0.835 image 0.83 - n
g 0.76 Thage 0.830 %
0.74 Io . ; 0.825 - 0.82 . .
20 30 40 20 40 60 40 60
Finetuning Time [h*GPUs] Finetuning Time [h*GPUs] Finetuning Time [h*GPUs]
gos4 0.845 - o M
<
gé 0.80 0.840 A 0.84 4
% oga J fmode o.a35 . fmode madel
% ’ c ' image 0.83 u
g 076 1 % 0.830 - %
T oa 0T : 0.825 0.2 B '
100 200 200 400 200 300
Training Memory @2048 [GB] Training Memory @2048 [GB] Training Memory @2048 [GB]
0.85
g 082 1 9 s - g
<<
T 0.80 0.840 0.84
ﬁ. 0.78 odel 0.835 mode| model
% ’ ' image 0.83 O
g 0.76 g 0.830 %
074 40 : : J 0825 - 0.82 B '
0.50 0.75 100 1.25 2 3 1.5 2.0
Inference Memory @1 [GB] Inference Memory @1 [GB] Inference Memory @1 [GB]
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Use larger models, not larger images.

* Using high resolution images (384 x 384 px) is
not Pareto optimal

* Tradeoff of scaling up the model size is better
than for scaling up the image resolution

* Using alarger model with 224px imagesis2to 3
times faster than a smaller model with 384px
images
Also uses 2 to 3times less training memory
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Questions?
Feel free to reach out!

Tobias Nauen

tobias_christian.nauen@dfki.de ‘j
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