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Neural Cache [ISCA’18]
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Neural Cache [ISCA’18]

Passive Last Level Cache transformed into ~ 1 million bit-serial active ALUs

v Multiply v Divide v Add

v’ Configurable Precision

18 LLC slices 360 ways 5760 arrays 1,474,560 ALUs



A Convolutional Layer

3D Filters (M)

each filter: C channels Input Activations Output Activations
each channel: RxS weights (C channels) (M channels)




Mapping CNN to Neural Cache
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Mapping CNN to Neural Cache
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Mapping CNN to Neural Cache
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Mapping CNN to Neural Cache
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Put it together
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@ Filter Loading
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@ Input Loading
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@ MAC + Reduction
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@ Output Transfer
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Motivation for This Work
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Sparse Models — Hard to gain speedup

8kB SRAM Array
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Outline

* Sparsity-Aware Architecture
* Coalescing channels
* Overlapping filters

 Low-Precision Architecture
* Evaluation Methodology
e Results



Architecture for Sparsity: Coalescing
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Dynamic Input Coalescing
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Coalescing Unit Architecture —
8 channel example
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Coalescing Unit Architecture —
8 channel example

Dependency in Combinational Logic
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Input Loading for Coalescing
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Filter 1

Input-loading-aware Structured Pruning
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Filter 1
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Outline

* Sparsity-Aware Architecture

* Overlapping filters
 Low-Precision Architecture

* Evaluation Methodology
* Results



Architecture for Sparsity: Overlapping
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Architecture for Sparsity: Overlapping

No Need for Dynamic Input Coalescing

No Increase in Input Loading Time



Outline

 Low-Precision Architecture
* Evaluation Methodology
e Results



Architecture for MAC in Low-Precision Models
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Architecture for MAC in Low-Precision Models

Step 1: Multiply Zero Weights
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Architecture for MAC in Low-Precision Models

Step 2: Calculate 1’s complement
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Architecture for MAC in Low-Precision Models

Step 3: Partial sum accumulation
(2’s complement conversion)
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MAC cycle goes down with Low-Precision Arch.
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Evaluation Methodology

CNN Models
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Performance/Accuracy Trade-off (AlexNet)
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Performance/Accuracy Trade-off (AlexNet)
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Performance/Accuracy Trade-off (Inception V3)
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Energy Efficiency for All Conv. Layers

Inception V3
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Summary

Improving on a highly parallel in-cache accelerator by exploiting ...
1) sparsity in filter weights:
a) offline coalescing of weights + online coalescing of inputs
b) overlapping filters

2) low-precision weights:

efficient MAC algorithm

Overall Efficiency Accuracy Area Overhead
= .
o\ *
622x over CPU
59% over GPU 0.4% accuracy loss 2% of CPU chip

2.6x over Neural Cache 41
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