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Motivation: ReRAM-based DNN accelerator
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Two-order magnitude advantage in
energy, performance and chip footprint
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Bit-slice L1 for dynamic fixed-point quantization

* Dynamic range scaling (to [0,1]) [ ¥ e £ i = i i i i |
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* L1 regularization over all bit-slices
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Training routine

* Dynamic range recovery
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* Training routine
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Improving the bit-slice sparsity

* Up to 2x less nonzero bit-slices than traditional L1

Table 1: Results on MNIST
Ratio of non-zero wights

gl 8
~ 5 _. ~ 210 —
Method  Accuracy B3 B2 B! B Average -y e 1l N
- 20 4
Pruned 97.99% 1.08% 587% 8.42% 17.42% 8.201+5.94% § 06 < |
/4 97.99%  1.19% 521% 7.01% 11.36% 6.1943.65%
B,  97.67% 0.84% 4.02% 4.27% 9.58% 4.68+3.14% e — e [ O
0 10 20 30 40 50 0 10 20 ) 30 10 50
o 35 : 40 £
'ag — hitglice 0y — hit-glice 1,
Table 2: Results on CIFAR-10 ® ] \ 31 —
—— : -3y ] e ot
Ratio of non-zero wights g7 3°
- - - - o 20 25 4
Model Method  Accuracy B B? B! BY Average 8 154 - \
oo Pruned  88.93% 086% 2830% 34.14% 3339% 24.17£13.65% v & % v h % % %
GG-11 3 89.39%  039% 937% 18.43% 22.19%  12.59+8.45% Fodches Eroches

Bey 935% 021% 357% 7.09% 10.71% S5.40L3.92% Figure 2: Bit-slice sparsity of VGG-11 on CIFAR-10 during training.

Pruned 89.22% 1.10%  8.07%  21.92% 43.96% 18.76%16.36%

2 90.62% 0.44% 471% 1437% 33.16%  13.17+12.60%
Bf, 89.66% 031% 3.34% 11.99% 31.39% 11.76+12.12%

» Codes available at: https://github.com/zjysteven/bitslice sparsity Duke
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https://github.com/zjysteven/bitslice_sparsity

Reducing ADC overhead

* High sparsity in bit-slices enables the use of low-resolution ADC
* Low resolution reduces ADC overhead

e Simulation results for mapping to 128x128 ReRAM XBs

Table 3: ADC Overhead Saving with Bit-Slice Sparsity

w/o Bit-Slice Sparsity w/ Bit-Slice Sparsity
Resolution Resolution  Energy Saving Speedup Area Saving
XBj 8 bit 1 bit 28.4x 8% 2%
XB2 1.0 8 bit 3 bit 14.2 % 2.67x 2%
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