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[Abstract]

In this paper, we propose the BAG (Bit-width Aware Generator) and the Intermediate Layer
Knowledge Distillation using Channel-wise Attention to reduce the knowledge gap between a quantized
network, a full-precision network, and a generator in GDFQ (Generative Data-Free Quantization). Since
the generator in GDFQ is only trained by the feedback from the full-precision network, the gap resulting
in decreased capability due to low bit-width of the quantized network has no effect on training the
generator. To alleviate this problem, BAG is quantized with same bit-width of the quantized network, and
it can generate synthetic images, which are effectively used for training the quantized network. Typically,
the knowledge gap between the quantized network and the full-precision network is also important. To
resolve this, we compute channel-wise attention of outputs of convolutional layers, and minimize the loss
function as the distance of them. As the result, the quantized network can learn which channels to focus
on more from mimicking the full-precision network. To prove the efficiency of proposed methods, we
quantize the network trained on CIFAR-100 with 3 bit-width weights and activations, and train it and the
generator with our method. As the result, we achieve 56.14% Top-1 Accuracy and increase 3.4% higher

accuracy compared to our baseline AdaDFQ.
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S8 2470 100 4,10 Pojn], gxiate YEYT] Fe
100 epochtft} St5E-5 0.1 813 ARt 27] A%
Ahs o|=of 77kz ofu] Qi olulAlE sk die
of £7] 4 epochse ARt st53stRlon[10], o]
epochoX= F U EHIE 2F shastoltt 1 9 st
o oj2toEQ] 74 viR] Ato]== 16, A (9)9] A& 0.1,
A (15)9] v+ 300]tt. [10, 12, 24]0 w2} off epochufct
BIAE Hlo]EAlg o]&5to] JAtetd UEHIS| B7ts
rstRon, shs & 7MY w2 S A% dse=
ﬁa}oﬂﬂ 2= ’::_‘%,4% NVIDIA TITAN V GPUZ} Intel(R)
Xeon(R) CPU E5-2640 v4 @ 2.4GHz Aoj|4] 48851310
0, PyTorch 1.4.0, CUDA 10.25 A235}9ict.

Table 1. Comparison with recent DFQ methods on
CIFAR-100. All methods are quantized with 3-bits
weights and activations. G and N indicate Generator
and Noise optimization methods, respectively.

Method Data Publication Top-1
Accuracy
GDFQ[10] G ECCV20 4716
ZeroQ+IL[23] N CVPR20 26.35
DSG+IL[26] G CVPR21 43.42
ARC[32] G [JCAI21 40.15
Qimera[25] G NeurIPS21 46.13
IntraQ[33] N CVPR22 48.25
ARC+AIT[27] G CVPR22 41.34
AdaSG[34] G AAAIZ3 52.76
AdaDFQ[12] G CVPR23 52.74
HAST[24] N CVPR23 55.67
Ours G Proposed 56.14

Table 2. 4-bits quantization comparison with recent
DFQ methods on CIFAR-100.

Method Data Publication Top-1
Accuracy
GDFQ[10] G ECCV20 63.75
ZeroQ+IL[23] N CVPR20 63.97
DSG+IL[26] G CVPR21 62.62
ZAQ[11] G CVPR21 60.42
ARC[32] G [JCAI21 62.76
Qimera[25] G NeurIPS21 65.10
IntraQ[33] N CVPR22 64.98
ARC+AIT[27] G CVPR22 61.05
AdaSG[34] G AAAI23 66.42
AdaDFQ[12] G CVPR23 66.81
HAST[24] N CVPR23 66.91
Ours G Proposed 67.47
2. Comparison with SOTA Methods
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Fig. 3. The comparison of generator model loss trends
over 400 epochs on CIFAR-100. All methods are
quantized with 3—bits weights and activations.
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Table 3. Comparison of training time with other
DFQ methods on CIFAR-100. All methods are
quantized with 3-bits weights and activations.

Method Data Publication Time (ms)
AdaDFQ[12] G CVPR23 130.1
HAST[24] N CVPR23 184.6
Ours G Proposed 123.3

4. Discussion for Training Complexity
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