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[Abstract]

In this paper, we propose SADA-DFQ, a generative data-free quantization (DFQ) framework that
restores a low-bit network without any access to the original training data, as required in
privacy-sensitive domains such as medical imaging and security. Although generator-based DFQ offers
high sample diversity, its accuracy still lags behind. We attribute this gap to two factors: an unreliable
intermediate-layer transfer signal at low bit-width, where rounding and clipping errors prevent the
quantized model from reproducing the full-precision (FP) model's activation magnitudes, and the limited
informativeness of the synthetic dataset used for fine-tuning. To address the first, Self-Attention
Correlation Distillation (SACD) reformulates each intermediate feature into multi-head self-attention and
transfers the relational structure among channel tokens, which tends to be less sensitive to quantization
error and thus provides a more stable signal. To address the second, Difficulty-Aware Sample
Generation (DASG) re-weights the synthetic dataset by sample difficulty to emphasize examples near
the decision boundary. On CIFAR-100, SADA-DFQ attains the best accuracy among the compared
generator-based DFQ methods at both 3-bit and 4-bit, improving Top-1 accuracy by about 2.6
percentage points over AdaDFQ at 3-bit.
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Fig. 1. Overall framework of the proposed SADA-DFQ.
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3. Generator-based Data-Free Quantization
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2. Self-Attention Correlation Distillation (SACD)
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3. Difficulty-Aware Sample Generation (DASG)
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Table 2. Component ablation
on the GDFQ baseline with CIFAR-100 (%)

Table 3. Sensitivity to DASG hyperparameters (3, 1)
on the AdaDFQ with CIFAR-100 (W4A4) (%)

B T Top-1 Acc.(%)
0.005 0.05 67.05
0.005 0.5 67.61
0.005 1.0 67.43
0.005 20 67.12
0.01 0.05 66.61
0.01 0.5 66.39

Method W3A3 W4A4

GDFQ 47.20 63.54
+FitNet[11] only 42.42 +£1.84 62.26 £0.05
+AT[15] only 4531 £1.05 6452 £0.09
+DASG only 48.90 £0.77 63.16 £0.16
+SACD only 48.80 £1.65 64.65 £0.42
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Table 4. Top-1 accuracy (%) of the KD-only
baseline and the SACD-augmented model across
bit-widths (GDFQ, ResNet-20, CIFAR-100)

Bit-width (i%si'n':;) +SACD A
W8A8 70.33 70.33 0.00
W5A5 67.72 68.98 +1.26
W4A4 63.45 64.75 +1.30
W3A3 48.22 49.27 +1.05

Table 5. Channel correlation statistics at stage3,
measured against the full-precision (FP) model on
the entire CIFAR-100 test set (batch-averaged).

Model | sacp | 1G—Clr | g ran | Off-dize.
) energy
FP - - 23.50 0.894
WAAL | wio 0.0619 27.02 0.869
WAL | w 0.0517 2117 0.907
W3A3 | w/o 0.1630 36.79 0.763
W3A3 | w 0.0994 2771 0.861
2, 8 3= 27712 FP L2 7P A|H, o] 35
22 WAA4ET}H A0} ARIeEEo|A AfE JH Afto] A1A]
b 8132 Uelhs SIgPE ouiR] ul&(off-diagonal
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Table 6. Effect of the number of attention heads
and distillation points in SACD (GDFQ, W3A3). t
denotes the default configuration.

“heads | Tor1 00 | SSCRSN | Tornt 00
1 47.12 1 (stage3) 49.00
2 48.55 2 (stage2-3) 50.53
4t 48.91 3 (stagel-3) 4956
8 49.23 4 (alht 49.94

V. Conclusions
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