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Latency critical applications

* Autonomous Driving * Radio Access Network

Online Defect Detection AR/VR
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Hardware Specification

Off-Chip
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NVIDIA A10G
B
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AMD U250

. . 77 GB
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Time Breakdown

* Time breakdown of EQ-ViT on Versal and TensorRT on A10G GPU for DeiT-T
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* Time breakdown of EQ-ViT on Versal and TensorRT on A10G GPU for DeiT-T
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 Specialized MM kernel design
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 Specialized MM kernel design

3D-Parallelism on two hierarchies: 3D-AIE Array (A, B, C), 3D-SIMD Instruction (PI, PK, PJ)
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Quantization Algorithm:
* VIiT Quantization

* No papers quantize ViTs into 8-bit with higher acc

Method #Bits | DeiT-T [43] | DeiT-S [43] | DeiT-B [43] | Swin-T [33] | Swin-S [33]

Full Precision | 32/32/32 72.21 79.85 81.85 81.35 83.2
PT
MinMax 8/8/8
EMA 8/8/8
Percentile 8/8/8
OMSE 8/8/8

Bit-Split 8/8/8
PTQ for ViT | 8/8/8
FQ-ViT 8/8/8
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Quantization Algorithm:
* VIiT Quantization

* No papers quantize ViTs into 8-bit with higher acc

Method #Bits | DeiT-T [43] | DeiT-S [43] | DeiT-B [43] | Swin-T [33] | Swin-S [33]

Full Precision | 32/32/32 72.21 79.85 81.85 81.35 83.2
PT
MinMax 8/8/8
EMA 8/8/8 -
Percentile | 8/8/8 We analyze ViT’s data

OMSE 8/8/8
Bit-Split 8/8/8
PTQ for ViT | 8/8/8
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e Two Special Data Distribution inside ViTs
o Long-Tail Distribution
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e Two Specific Data Distribution inside ViTs
o Long-Tail Distribution

Using by Many Works...
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Experiment Results

» Application accuracy performance

Top-1 Accuracy on ImageNet Classification Top-1 Accuracy on Cifar-100
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On ImageNet: EQ-VIT can enhance task accuracy up to 2.4% over the baseline, better up to 6.2% higher than other SOTA,;

On Cifar-100: EQ-VIT can enhance task accuracy up to 1.4% over the baseline, better up to 1.8% higher than other SOTA.




85

80

75

7

o

6

a

60

EMBEDDED
SYSTEMS
WEEK

Experiment Results

» Application accuracy performance

Top-1 Accuracy on ImageNet Classification Top-1 Accuracy on Cifar-100

90
89
88
87
86
85

|| | -

I * AT ol
82 I
DeiT-T DeiT-160 DeiT-256 LV-VIT-T DeiT-T DeiT-160 DeiT-256 LV-VIT-T
mFP32 mMinMax mEMA mPercentie mOMSE mFQ-VIT mLSQ mQ-ViT mEQ-VIT mFP32 mMinMax mEMA mPercentile mOMSE mFQ-VIT mLSQ mQ-ViT mEQ-VIT

On ImageNet: EQ-VIT can enhance task accuracy up to 2.4% over the baseline, better up to 6.2% higher than other SOTA,;

On Cifar-100: EQ-VIT can enhance task accuracy up to 1.4% over the baseline, better up to 1.8% higher than other SOTA.




EMBEDDED
SYSTEMS
WEEK

Experiment Results

» Application accuracy performance

Top-1 Accuracy on ImageNet Classification Top-1 Accuracy on Cifar-100

85

80

75

7

o

6

a

60

DeiT-T DeiT-160

mFP32 mMinMax mEMA mPercentie mOMSE mFQ-VIT mLSQ mQ-ViT mEQ-VIT

DeiT-256

LV-ViT-T

90
89
88
87
86
8
8
8
82

w B~ O

DeiT-T

DeiT-160

il

DeiT-256

LV-VIT-T

mFP32 mMinMax mEMA mPercentile mOMSE mFQ-VIT mLSQ mQ-ViT mEQ-VIT

On ImageNet: EQ-VIT can enhance task accuracy up to 2.4% over the baseline, better up to 6.2% higher than other SOTA,;

On Cifar-100: EQ-VIT can enhance task accuracy up to 1.4% over the baseline, better up to 1.8% higher than other SOTA.




EMBEDDED
SYSTEMS
WEEK

Experiment Results

* Hardware performance comparisons across different solutions



Experiment Results

EMBEDDED
SYSTEMS
WEEK

* Hardware performance comparisons across different solutions

INT8 Latency Comparison, Batch =6
B U250(HeatViT) ™ A10G(TensorRT) M EQ-VIiT VCK190(Ours)

EQ-ViT VEK280 Est (Ours)

10 9.13 9.36

8 7.3
)
£ 6
%)

4
T ) 1.78 1.78 '

0 [ . - [

DeiT-T DeiT-160 DeiT-256 LV-ViT



EMBEDDED
SYSTEMS
WEEK

Experiment Results

* Hardware performance comparisons across different solutions
* EQ-ViT on VCK190 achieves 13.1x and 3.4x average latency reduction compared with U250, A10G
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Open-Source Tool
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