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Abstract

Recent research in computer vision has demonstrated the high performance of Vision Transformers as backbone networks;
however, their deployment to edge devices remains limited due to their high network complexity. In this paper, we propose a
low-complexity Vision Transformer model facilitated for edge device deployment through an adaptive channel partitioning method.
The proposed method adaptively applies according to the sensitivity of the layers and the ratio of channels partitioned, thereby
improving the model's computational and memory burden while minimizing accuracy loss. Our experimental results, using 5-fold
cross-validation, showed a reduction of about 24.9% in FLOPs, 40.4% in the number of parameters, and a 16.7% improvement in
inference speed compared to existing Vision Transformer models, with an increase in classification accuracy of up to 1.18
percentage points in terms of Top 1 Accuracy.
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Table 2. Classification accuracy and network complexity of vanilla Vision Transformer using the proposed meth-
od (batch size=128, 5-fold cross validation)

Block Unit Number of Top 1
using the Proposed Method Applied Layers Accuracy (%) ALera Y FEIEWD (1

Vanilla Vision Transformer 0 80.44 616,856 9,752

1 80.38 540,046 8,571

2 77.89 463,236 6,994

3 77.42 386,426 5,418

Encoder block 4 76.84 309.616 3,841

5 72.70 232,805 2,265

6 70.56 155,995 688

1 80.84 565,672 8,965

2 81.19 514,487 7,388

3 81.62 463,303 5,812

MHA block 4 81.24 412,118 4236

5 80.01 360,933 2,659

6 78.83 309,749 1,083

1 78.97 591,230 9,358

2 78.17 565,605 7,781

3 77.93 539,979 6,205

MLP block 4 77.66 514.354 4628

5 76.72 488,728 3,052

6 76.39 463,102 1,476
H 7 EdAx ol AQtele WS AE59S el A F AYEE Y7 E &9t & 20 wiEl EE = o
A ARE AYstgon, Atsls Wiel 44H E501) g4 559 9] 3719 olofol Ad £ WS 483t
o 7ML BF AEEE Y e AieE 240 = A& AQtsit) o]= 71E vjA EWMAE | H]&]| Top
®718 9tk I A, 15 e HE golo] HAERE 1 Accuracy 715 oF 1.183%p 4w, FLOPs <F
EEo Aljtete WS A83 A4, B7 gLt A& 24.9%, WESN A v H 5 oF 40.4%7F A= ATt =
Aoz Z4Aas vl vl 2E = ofuld B 483 sk W] 7] 128 7]1E FE AR 16.7% S EIUTH
A= 71E vAd EdAyH e FHIAY U =2 & 32 Atsts Wl £ Ade v&9l k g

E 3 A2 ZY H|E kofl e WHE BN ESAZMO 2F Hei: o HEYI S/E X|E (HiXl 27]=128, 5-& wit 4F)
Table 3. Classification accuracy and network complexity of vanilla Vision Transformer according to channel partitioning ratio
(batch size=128, 5-fold cross validation)

Channel Partitioning Number of Top 1 Inference time

Ratio k Applied Layers Accuracy (%) AROES () (ms/f) FETENTS ()

1 0 80.44 616,856 56.72 9,752

1 80.79 587,004 55.80 9,293

2 81.59 557,152 54.97 7,716

1/4 3 81.33 527,300 52.48 6,140

4 79.94 497,448 51.40 4,564

5 79.91 467,596 50.69 2,987

6 79.22 437,744 48.27 1,411

1 80.84 565,672 53.48 8,965

2 81.19 514,487 50.71 7,388

2/ 4 3 81.62 463,303 48.39 5,812

4 81.24 412,118 46.92 4,236

5 80.01 360,933 43.50 2,659

6 78.83 309,749 40.32 1,083

1 80.74 552,859 52.83 8,768

2 81.16 488,862 48.89 7,191

3/4 3 81.32 424,864 45.09 5,615

4 79.57 360,867 41.45 4,039

5 78.76 296,869 37.08 2,462

6 75.69 232,872 32.70 886
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Table 4. Classification accuracy and network complexity of Vision Performer, Vision Nystromformer,

and Vision Linformer

Number of Top 1
Model Applied Layers Accuracy (%) FLOPs (K) Params (K)

0 78.45 616,747 9,501
V| BE | BR | W
Vision Performert®® 3 81.79 463183 5,556
4 80.74 411,999 3,978

5 78.35 360,814 2,401

6 76.55 309,629 822
0 82.96 1,026,075 9,493
1 83.58 924,264 8,705
s | Em | oBE | B

[54] . )

Nystromformer 4 8491 618.330 3975
5 81.48 517,019 2,399

6 80.37 415,208 821
0 79.88 425,044 6,542
AN N .
Vision Linformer!*! 3 81.04 343315 3,954
4 81.27 316,152 2,869
5 18.97 288,929 1,784

6 78.42 261,706 699
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TR 1L Mo W HE Hojo & EF HEE 3 HENT =FE (a), (b) JIEH
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Graph 1. Clasification accuracy and network complexity according to the number of bottom-located layers with the proposed method
(a), (b) Results for Vanilla Vision Transformer (c), (d) Results for Vision Performer (e), (f) Results for Vision Nystromformer (g),
(h) Results for Vision Linformer
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Table 5. Classification accuracy and network complexity of hybrid Vision Transformer using the proposed method

Number of Top 1 Top 5
Model Applied Layers Accuracy (%) Accuracy (%) FLOPs (K) Params
0 41.98 69.03 842,556 850,888
1 4 61 68.54 792,249 801,672
oyt 2 41.81 68.73 741,893 752,456
3 40.58 67.84 691,596 703,240
4 40.05 67.35 641,299 654,024
0 32.9 60.32 632,284 645,384
1 34.73 62.95 581,953 596,168
LeViT®!] 2 33.84 60.97 531,621 546,952
3 29.01 55.88 481,289 497,736
4 28.49 53.95 430,958 448,520
0 31.55 58.89 115,796 2,075,744
1 32.04 59.32 114,592 2,066,384
2 32.33 58.80 113,388 2,016,464
3 32.53 59.53 57,108 2,054,684
I 4 33.92 60.39 56,318 1,873,004
MobileViT 5 3362 61.21 56,130 1741244
6 32.50 60.21 55,941 1,609,484
7 31.93 59.30 55,885 1,595,444
8 31.79 58.83 55,828 1,409,684
9 3.2 57.33 55,772 1,223,924
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