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Calibration with the Original Datasets

Quantized network accuracy

Require w/o fine-tuning’

717.73%

Calibration

Optimization

32b FP 4b INT

Necessary recalibration
with the original dataset

Training

1 ResNet50, ImageNet-1k, 4bit quantization
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Calibration with the Original Datasets

The original dataset has issues

Require
* Copyright

Calibration
* Privacy

Optimization
* No public use P

Training

* Too large



/3

Data-Free Quantization

Quantized Network Accuracy

w/o fine-tuning? |
77 730, Inaccessible Dataset Problem

. 0006

32b FP 4b INT

o Privacy Protection Copyrights
Necessary Recalibration
with Original Dataset
Fine-tuning Data-Free

without the original dataset Quantization

[1] ResNet50, ImageNet-1k, 4bit quantization



Backgrounds: Data-Free CNN Quantization

How close to the original dataset?

Channel-wise
mean/variance

Random noise

Batch-norm layers

(/’t’ 62) (/’t’ (72)

Back-
propagation

Random noise

Output

Class information

Correct?

How close to the target class?

“Brown Bear”
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Data-Free ViT Quantization
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Current Limitations: No Batch-Norm

Significant accuracy drop in low-bit quantization

= Real-Data QAT -4+ ZeroQ (CVPR 20) Qumera (NeurIPS 21) -#=- PSAQvl (ECCV '22)

~ MimiQ (Ours) -4~ GDFQ(ECCV21) * AdaDFQ (CVPR'23) -# PSAQv2 (TNNLS '23)
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Knowledge Extraction from Attention
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Patches

Extract prior knowledge from intermediate attention maps
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Knowledge Extraction from Attention ... .. ...

Head-wise Attention I\/Iaps
Hi  H, 1 Hy Hyp  Hp

Baseline _i : - i * | \
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Real
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Object Shape Structured Random
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Inter-head Similarity Aligned Individualisitc
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How to measure inter-head similarity?

Foreground-focusing Background-focusing
attention heads attention heads
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Structure Similarity Index Measure

o SSIM: Image quality evaluation metric mimicking human perception

» Weighted product of luminance (/), contrast (c), structure (s)

SSIM (I, I,) =1(I;,I,)* - C(Im,ly)ﬁ - 8Ly, I,)”

(2pa by + €1)(202y + C2)
(uz + pg +c1)(oz + o7 + c2)
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How to measure inter-head similarity?

Structural Similarity!
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Better SSIM! Ll
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Foreground-focusing Background-focusing
attention heads attention heads



Motivational Study

Inter-head SSIM score of attention and quantization accuracy

Random

ViT-Base

Low Only © High Only
Random High Only
25.95 27.34
“| Low Only MimiQ
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39.67
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SSIM
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1mi1Q (Ours, Synthesis Only)
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Training only with low inter-head SSIM score * Low final accuracy

Random
1 Low Only 53.58 High Only
5127 54.09
' MimiQ
(Synth Only)
62.11
0.3 0.4 0.5 0.6 0.7
SSIM
Swin-Base




Motivational Study

Inter-head SSIM score of attention and quantization accuracy
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Training only with high inter-head SSIM score * Higher final accuracy

ViT-Base

Low Onlyf High Only = Random
Random High Only
25.95 27.34 .
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Generating Synthetic Images

MSA Block

MSA Block
MSA Block

> L 1HC

gCL
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Generate synthetic images towards high
absolute SSIM value

« SSIM > 0 : Positive correlation
Foreground<->Foreground, vice versa

« SSIM < 0 : Negative correlation
Foreground<->Background, vice versa

Both positive and negative correlation is
recommended for better visual quality



Generating Synthetic Images

MSA Block

MSA Block

> L 1HC

MSA Block

gCL
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» £~ : Cross-entropy loss

* Optimize synthetic image to be classified
as a pseudo label y

» £y Total variance loss

 Reduces abrupt changes between
nearby pixels

o £ 11 Maximize inter-head SSIM score
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Generating Synthetic Images
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SSIM-aware Attention Map Distillation .7 ..
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Accuracy

SSIM-aware Attention Map Distillation

Randomly quantize each head of attention maps and plot
distance metric and quantization accuracy
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Distance Distance Distance Distance
SSIM MSE L1-distance KL-Divergence

Spearman: 0.997 Spearman: 0.982 Spearman: 0.980 Spearman: 0.966
Kendall: 0.952 Kendall: 0.894 Kendall: 0.886 Kendall: 0.857
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Experimental Result: Accuracy
== Real-Data QAT -4~ ZeroQ (CVPR 20) Qumera (NeurIPS '21) -=- PSAQv1 (ECCV '22)
== MimiQ (Ours) -4 GDFQ (ECCV '21) AdaDFQ (CVPR 23) -®- PSAQv2 (TNNLS '23)
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Preserve high accuracy in low-bit settings
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Experimental Result: Accuracy

Bits Methods Tirg}? t Networks
Y VAIT-T ViT-S ViT-B DeiT-T DeiT-S DeiT-B Swin-T Swin-S Swin-B
Real-Data FT - 5817 67.21 67.81 57.98 62.15 64.96 73.08 76.34 73.06
GDFQ CNN 295 4.62 11.73 2596 22.12 30.04 42.08 41.93 36.04
Qimera CNN 057 7.02 561 15.18 11.37 32.49 4798 39.64 29.27
W4/A4 AdaDFQ CNN 200 1.78 6.21 1957 14.44 1922 38.88 39.40 32.26
PSAQ-ViT ViT 067 0.15 094 1961 590 874 2271 9.26 23.69
PSAQ-VIiT V2 ViT 154 414 2.83 2282 3257 4581 5042 39.10 39.26

MimiQ (Ours)

Acc. Gain

ViT

42.99 55.69 62.91 52.03 62.72 74.10 69.33 70.46

73.49

+40.04 +-48.68 +51.18 +26.07 +30.15 +28.28 +18.91 +28.53 +34.23

Accuracy gain up to 51.18%p



Analysis: Computational Costs
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 MimiQ requires synthetic data

Method Iype Synth. Quant eneration and quantization-aware
GDFQ QAT ~ 10.70h gene qu

AdaDFQ QAT . 8.44h training

PSAQ-VI  PTQ 0.11h 0.0002h

PSAQ-V2 QAT - 4.55h o With similar costs, MimiQ shows
MimiQ-1k QAT 1.98h  2.3%h superior accuracy

MimiQ-4k QAT  7.92h  2.3%h

MimiQ-10k QAT 19.79h  2.3%h

 More synthetic data shows further
accuracy boost



“Ice Cream”
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Analysis: GRAD-CAM
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Synthetic texture on the center
GRAD-CAM shows aligned attention on the desired texture information
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Societal Concerns

Input Reconstruction Attack Model Inversion Attack

Safety Pin

Drum Pot Goblet Cairn Terrier

Measure Train Test

Synthetic/Real

Distinguishability 9°9-97 9999

91 Synthetic—Real

L Transferability 49.69 0.16

Most similar pairs of Adaptab.ilij[y of synthetic
synthetic and real images data training to attacks
Synthetic dataset Synthetic and real samples
does not restore exact images are distinguishable and has

from the training set low transferability
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Conclusion

 Data-free quantization aims to tackle the scenario that the original dataset is
Inaccessible due to privacy concerns, the large dataset size, and copyright
ISSUes.

 We propose MimiQ, the first work to consider inter-nead attention similarity
with SSIM for synthetic sample generation and quantization-aware training.

 We show attention similarity of ViT models plays a crucial role in model
training, affecting final accuracy



