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Standard ViT [3] Recursive ViT [4]

e Reduces static parameter counts

e Adds computational complexity and memory

Token Reduction Strategies [1]

a) Gradually merge tokens in each block

e Reduce sequence lengths

Boc 32

e Reduce computational complexity
and memory
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Integration

Sliced Recursive Transformer (SReT) [4]
e Hierarchical architecture

e Replaces Global Attention with
Sliced Group Self-Attention (SGA)

Token Merging (ToMe) [1]

e Training-free token reduction o e
strategy

e Bipartite Soft Matching
(cosine similarity)
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Experimental Setup

Best Reduction Schedule?

e Constant Reduction (ToMe) [1]

e Linear Reduction (ToMe) [1]

e Exponential Reduction
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Experimental Setup

Best Reduction Schedule? Evaluation Against Baseline?

Constant Reduction (ToMe) [1] e Dataset: ImageNet-1K Validation Set [2]
e Linear Reduction (ToMe) [1] e GPU: NVIDIA RTX 4060 Ti
* Exponential Reduction e CPU: Intel Core Ultra 9 285K

Baseline and Metrics

Model Acc Params | FLOPs Throughput Peak Memory
(%) (M) ©) (img/s) (MB)
[ GPU | BS=128] [ GPU | BS=128]

DeiT-Tiny-Distill [5] 7440 | 591 2.17 1825.88 227.20

SReT-Tiny-Distill [4] 7742 | 476 1.91 1072.86 795.76
UNIVERSITY Junseo Kim
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Results - Constant Reduction

Merge a fixed number (constant coefficient) at every layer

Model Acc

(%)

SReT-Tiny-Distill [4] 77.42

SReT-Tiny-Distill+ToMe | 71.01

(r_const=10) -6.41
UNIVERSITY

OF TWENTE.

Params | FLOPs Throughput
(M) (G) (img/s)
[ GPU | BS=128 ]
4.76 191 1072.86
- 1.32 1176.27

-30.9% | +9.6%
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Peak Memory
(MB)

[ GPU | BS=128 ]
795.76

769.79
-3.3%
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Results - Linear Reduction

Merge 2 x (linear coefficient) at first layer, then linearly decrease the merge
rate down to O by last layer

Model Acc Params | FLOPs Throughput Peak Memory
(%) M) ©) (img/s) (MB)

[GPU|BS=128] [ GPU | BS=128 ]

SReT-Tiny-Distill [4] 77.42 4.76 1.91 1072.86 795.76
SReT-Tiny-Distill+ToMe @ 71.01 = 1.32 1176.27 769.79
(r_const=10) -6.41 -30.9% | +9.6% -3.3%
SReT-Tiny-Distill+ToMe @ 74.64 = 1.46 1177.32 756.22
(r_lin=10) -2.78 -23.6% | +9.7% -5.0%
Junseo Kim
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Results - Exponential Reduction

Merge an initial fraction of tokens N x (exponential coefficient) at first
layer, then decay that amount by factor of (alpha) at each subsequent layer

Model Acc
(%)
SReT-Tiny-Distill [4] 77.42

SReT-Tiny-Distill+ToMe | 71.01
(r_const=10) -6.41

SReT-Tiny-Distill+ToMe | 74.64
(r_lin=10) -2.78

SReT-Tiny-Distill+ToMe @ 75.95
(r_init=0.25, alpha=0) -1.47

UNIVERSITY
OF TWENTE.

Params FLOPs

M) G)

4.76 1.91

- 1.32
-30.9%

- 1.46
-23.6%

- 1.49
-22.0%

Throughput
(img/s)

[ GPU | BS=128 ]

1072.86

1176.27
+9.6%

1177.32
+9.7%

1368.67
+27.6%

Junseo Kim
Uraz Odyurt

Amirreza Yousefzadeh

Peak Memory

(MB)

[ GPU | BS=128 ]

795.76

769.79
-3.3%

756.22
-5.0%

489.48
-38.5%
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Evaluation - Impact of Decay Parameter (alpha)

(a) Accuracy
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Evaluation - Impact of Decay Parameter (alpha)
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Evaluation - Impact of Decay Parameter (alpha)

(a) Accuracy (b) Throughput [GPU | BS=128]
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Evaluation - Pareto Analysis

Pareto Analysis of SReT+ToMe
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Evaluation - Pareto Analysis

Pareto Analysis of SReT+ToMe
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Evaluation - Reduction Schedule Performance

(a) Constant (rconst = 10)
[Total: 230 | Acc: 71.01%]
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Evaluation - Reduction Schedule Performance

(a) Constant (reonst = 10)
_ [Total: 230 | Acc: 71.01%]
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Evaluation - Reduction Schedule Performance

(a) Constant (reonst = 10)
_ [Total: 230 | Acc: 71.01%]
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Total tokens removed: 235
Accuracy: 76.35%
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Conclusions

(74/SReT + ToMe Integration

e Training-free

["4Exponential Reduction Schedule

Model

SReT-Tiny-Distill [4]
SReT-Tiny-Distill+ToMe
(r_init=0.25, alpha=0)

UNIVERSITY
OF TWENTE.

Acc
(%)

77.42

75.95
-1.47

Params

(M)

4.76

FLOPs Throughput
©G) (img/s)
[ GPU | BS=128 ]
191 1072.86
1.49 1368.67
-22.0% | +27.6%
Junseo Kim

Uraz Odyurt

Amirreza Yousefzadeh

Peak Memory
(MB)

[ GPU | BS=128 ]
795.76

489.48
-38.5%
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Conclusions

[(”4/SReT + ToMe Integration

e Training-free

("4Exponential Reduction Schedule

Model Acc
(%)
SReT-Tiny-Distill [4] 77.42

SReT-Tiny-Distill+ToMe @ 75.95
(r_init=0.25, alpha=0) -1.47

UNIVERSITY
OF TWENTE.

I Used a Specific Model (SReT)

e Other recursive models?

I Lacks CPU/Edge Device Testing

e Algorithmic overhead?

Params FLOPs

Throughput
(img/s)

[ GPU | BS=128 ]
1072.86

1368.67
+27.6%

(M) ©)
4.76 1.91
- 1.49
-22.0%
Junseo Kim
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Peak Memory
(MB)

[ GPU | BS=128 ]
795.76

489.48
-38.5%
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Results
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Model

SReT-Tiny-Distill [4]

SReT-Tiny-Distill+ToMe
(r_const=10)

SReT-Tiny-Distill+ToMe
(r_const=20)

SReT-Tiny-Distill+ToMe
(r_lin=10)

SReT-Tiny-Distill+ToMe
(r_lin=20)

SReT-Tiny-Distill+ToMe
(r_init=0.10, a=0.6)

SReT-Tiny-Distill+ToMe
(r_init=0.25 a=0.0)

SReT-Tiny-Distill+ToMe
(r_init=0.40, a=0.2)

Acc Params

(%) (M)

7742 4.76

71.01 =
-6.41

41.06 | -
-36.36

74.64 | -
-2.78

14.87 | -
-62.55

76.35 =
-1.07

75.95 =
-1.47

69.71 =
-7.71
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FLOPs
©G)

191

1.32
-30.9%

1.06
-44.5%

146
-23.6%

1.07
-44.0%

1.61
-15.7%

149
-22.0%

1.13
-40.8%

Throughput
(img/s)

[ GPU | BS=128 ]
1072.86

1176.27
+9.6%

1331.23
+24.1%

1177.32
+9.7%

1427.14
+33.0%

1186.62
+10.6%

1368.67
+27.6%

1886.90
+75.9%

Peak Memory
(MB)

[ GPU | BS=128 ]
795.76

769.79
-3.3%

756.22
-5.0%

756.22
-5.0%

729.46
-8.3%

664.75
-16.5%

489.38
-38.5%

391.51
-50.8%
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