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❑ Applications
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1. Structured Pruning (VGG11, Cifar10)
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2. Uniform Quantization (VGG11, Cifar10)

Accuracy starts decreasing 
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3. Hardware Approximation (VGG11, Cifar10, 8-bit)

PDP [fJ] 88.40 83.66 77.71 70.60 70.90 67.40

MSE 0 0.3 9.8 266.3 3102.3 24806

Filter 1
𝑊11 = −0.63 𝑊12 = 0.25

𝑊21 = −0.22 𝑊22 = 0.17

Filter 2
𝑊11 = 0.25 𝑊12 = −0.41

𝑊21 = −0.43 𝑊22 = 0.37

Filter 3
𝑊11 = 0.59 𝑊12 = −0.39

𝑊21 = 0.45 𝑊22 = 0.67

Filter 4
𝑊11 = −0.71 𝑊12 = 0.55

𝑊21 = 0.34 𝑊22 = −0.66

Conventional Mapping of filters 

onto a Faulty Systolic Array
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❑ Compute Cost [OPs]

❑ AlexNet → 1.5B

❑ VGGNet → 19.6B

❑ Inception → 2B

❑ ResNet-152 → 11B

❑ Design Methods to Improve Robustness and Energy-Efficiency of DNNs

❑ Cost-effective techniques for mitigating reliability threats

❑ HW/SW approximations for achieving high energy-efficiency 
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For VGG11 with 

ImageNet dataset, our 

SalvageDNN method 

takes ≈2 mins on a 

CPU while one epoch 

of re-training takes 

≈100 mins with a GPU

The method offers 1.5x 

PDP reduction using the 

proposed MAC designs 

with no accuracy loss
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