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0 Proposed Processor

» Time-Domain Computing-in-Memory (CIM) to reduce computation power
» Bit-sparsity-aware pulse computation to reduce computation amount

» Predictor to early-stop computation

[d Measurement Results



Background

Non-linear quantized DNNs have higher accuracy than linear quantized DNNs

Linear Quantized DNNs (LQ-DNNs)  Non-linear Quantized DNNs (NLQ-DNNs) ResNet-50 Accuracy on ImageNet
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Background

Conventional convolution computation for LQ- DNNs on CIM-based accelerators
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Challenge 1: High Computation Complexity
Use BLDC to accelerate NLQ-DNNs

High-precision actual weights have to be used for computation of NLQ-DNNs
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Challenge 2: Poor Adaptability to DNNs

——— LQ-DNNs using quantization indexes for BLDC

NLQ-DNNs using actual weights for BLDC
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Challenge 3: High Memory Access and Latency

High kernel parallelism

Actual Weights have to he
used in NLQ-DNNs
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Proposed Processor for LQ- and NLQ-DNNs

0 Predictable Convolution Computation

[0 Time-Domain CIM

based Processor
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9X128 cells

Two delay chain
for 8b activation

Time-Domain CIM
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Time-Domain CIM

1152 MACs are computed in one CIM MACRO
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Bit-Sparsity-Aware Pulse Computation

multi-bit sparsity
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Measurement Results

Support 1-8b LQ- and NLQ-DNNs
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CHIP SUMMARY
Process (nm) 28
Supply Voltage (V) 0.55-1.05
Frequency (MHz) 90-170
Die Size (mm) 2.35"3.07
Weight Precision 1-8 b
Quantization Type Linear & Non-linear
Power (mW) 43-338
Peak Energy Efficiency (TOPS/W) 241521

VGG16 Accuracy on ImageNet (8b activation)

Quantization

Type Linear Non-Linear

Quantization

Bitwidth | 2b |4 | 8 | 1b | 2b
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Accuracy (%) 65.1167.5(70.11719]67.3]69.8

715

121

13



Measurement Results

Improvement of energy efficiency: 2.59x for LQ-DNNs, 2.15x for NLQ-DNNs
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Reference [4] [5] [5] 7] 8] This work
Tech. [nm] 65 65 65 28 55 28
Circuit \oltage CIM Time Digital \oltage Digital + CIM
Die Area [mm?] 0.067 1.44 3.61 2.7 0.037 .21
Supply Voltage [V] 0912 0.65-1 - 0.6-1.1 - 0.55-1.05
Max Frequency [MHz 6.7 1000 - 475 - 170
Weight Precision 1b 1b 1b Arbitrary 1-4b 1-8b
Activation Precision /b 8b 1b Arbitrary 1-5b 8b
IPeak Throughput [GOPS]  10.7 - - 32.7 - 246.3
Benchmark L eNet-9 SVM L eNet-5 Addition MNIST VGG16* AlexNet
Linear' |281@(17)]313@ (1,8) 4820 @ (1.1)| 527 @ (8.8) 1782-;7%%12) 6364 @ (18) | 56.71 @ (18)
Energy Ciroar? 18.03 @ 8) 2117 @ (2,8) | 32.34 @ (2,8)
Efficiency N lized 246 @ (1,8) | 3.13@ (1,8) | 6.03@ (1,8) | 5.27 @ (8.8) A '51 4 8 965@ (4,8) | 8.96 @ (4,8)
Topsw] |- Normalize 21 @ (49)
[ - 6589 @ (1.8) | 5837 @ (1.9)
Non-linear® | 3.07 @ (+.8) [0.39 @ (+.8) | 0.7°@ (+.8) [ 5.2/ @ (+.8) [2.87 @ (+.8) 11.32 @ (4,8) ] 9.98 @ (4,8
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