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 Background and Challenges

 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

 Measurement Results



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

k-bit quantization:  

wi: High-bitwidth quantized actual weight (8b)

di: Low-bitwidth quantization index (1~8b)



Background
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Conventional convolution computation for LQ-DNNs on CIM-based accelerators



Challenge 1: High Computation Complexity
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Use BLDC to accelerate NLQ-DNNs

High-precision actual weights have to be used for computation of NLQ-DNNs

3 Challenges

Higher computation complexity



Challenge 2: Poor Adaptability to DNNs
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Assume bit-segment size of 

activation (bx) and weight (bw) 

is 8 and 1

The same computation 

complexity for 

different-precision 

NLQ-DNNs



Challenge 3: High Memory Access and Latency
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Actual Weights have to be 

used in NLQ-DNNs

High kernel parallelism

Low kernel parallelism



Proposed Processor for LQ- and NLQ-DNNs

8

 Predictable Convolution Computation

 Time-Domain CIM 

based Processor



Dataflow
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Input Stationary to 

reuse activations
Flexible kernel mapping to 

achieve 100% CIM utilization

y = W·X =  (-2)×2 + 2×1 + 1×2 + (-1)×2 + (-2)×4 =  2×1 + 1×2 + (-2)×(4+2) + (-1)×2 = -10 → ReLU = 0

= -8＜0 = -2＜0 Early-stop

Predict output activation would be negative



Time-Domain CIM
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9×128 cells

Two delay chain 

for 8b activation

Four-level voltage modulates pulse width

One PWMU for 

2b activation 



Time-Domain CIM
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1152 MACs are computed in one CIM MACRO



Bit-Sparsity-Aware Pulse Computation
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Single-bit and 

Multi-bit Sparsity

Four-level 

bypass to 

reduce power 

and latency



Measurement Results

13

Support 1-8b LQ- and NLQ-DNNs 2.4-152.7 TOPS/W peak energy efficiency



Measurement Results
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Improvement of energy efficiency: 2.59x for LQ-DNNs, 2.15x for NLQ-DNNs
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Thank you!
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