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Outline

• Efficient Inference Engine (EIE)

• Cnvlutin Sparse Accelerator

• Nvidia Tensor Core: M:N Sparsity

• TorchSparse: Sparse CONV on the GPU

3



Approaches to Reduce Model Sizes

• Weight sharing
• Trained quantization

• Quantization
• Quantizing the weight and 

activation
• Fine-tune in float format
• Reduce to fixed-point format
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Compressed Sparse Row (CSR) Format

• A matrix M (m * n) is represented by three 1-D vectors

• The A vector
• Store values of non-zero elements
• Row-by-row traversing order

• The IA vector
• Store the cumulative number of non-zero elements with size m + 1
• IA[0] = 0
• IA[i] = IA[i - 1] + # of non-zero elements in (i-1) th row of the M

• The JA vector
• Store the column index of each element in the A vector
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CSR Case Study

• A vector is [3, 4, 2, 1]
• JA vector stores column indices of element in A
• JA = [0, 1, 2, 1]
• IA[0] = 0, IA[1] = IA[0] + # of non-zero 

elements in row 0 = 0
• IA[2] = IA[1] + 2 = 2, IA[3] = IA[2] + 1 = 3, 

IA[4] = IA[3] + 1 = 4
• IA = [0, 0, 2, 3, 4]
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Analysis of CSR Format

• The sparsity of the matrix
• (Total # of elements - # of non-zero elements) / Total # of 

element

• The direct array based representation required memory
• 3 * NNZ (Number of Non-Zero)

• CSR format required memory: 2 * NNZ + m + 1
• CSR matrices are memory efficient as long as

• NNZ < (m * (n - 1) – 1 ) / 2
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Compressed Sparse Column (CSC) Format

• A matrix M (m * n) is represented by three 1-D vectors

• The A vector
• Store values of non-zero elements
• Column-by-column traversing order

• The IA vector
• Store the cumulative number of non-zero elements with size n + 1
• IA[0] = 0
• IA[i] = IA[I - 1] + # of non-zero elements in (i-1) th column of the M

• The JA vector
• Store the row index of each element in the A vector

8



Sparse Matrix Vector Multiplication (SpMV)
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Efficient Inference Engine (EIE)

• The first DNN accelerator for sparse data, compressed 
model

• The special-purpose hardware for sparse operations with 
matrices that are up to 50% dense

• Exploit both weight sparsity and activation sparsity
• Saves energy by skipping zero weights
• Saves cycle by not computing it
• Aggressive weight quantization (4 bit) to save memory 

footprint
• EIE decodes the weight to 16 bit and uses 16 bit arithmetic
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EIE: DNN Accelerator for Sparse
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EIE: Reduce Memory Access by Compression

• Compress data based on CSC format
• Rule of thumb: 0 * A = 0, W * 0 = 0
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EIE Dataflow

• Skip the execution when activation = 0

• Scan through each activation and only calculate non-zero values
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EIE: Micro Architecture for each PE

• Process Fully Connected Layers (after deep compression)

• Store weights column-wise in Run Length format (CSC format)

• Read relative column when input is non-zero
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Load Balance
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Activation Sparsity
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Weight Sparsity
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Weight Sharing
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Arithmetic & Write Back
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ReLU & Non-zero Detection
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Post Layout Result of EIE

• CPU: Intel Core-i7 5930k

• GPU: NVIDIA TitanX

• Mobile GPU: NVIDIA Jetson TK1
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Cnvlutin
• Baseline does not skip zero and takes three cycles to complete

22[Albericio et al., ISCA 2016]



Cnvlutin
• Work on CONV layer

• Cnvlutin skips zero to 
shorten the execution
time

• Add offset bit to 
indicate the proper
filter to read

23[Albericio et al., ISCA 2016]



Nvidia Tensor Core: M:N Sparsity
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Nvidia Tensor Core: M:N Sparsity
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Nvidia Tensor Core: M:N Sparsity
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Nvidia Tensor Core: M:N Sparsity
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Nvidia Tensor Core: M:N Sparsity
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TorchSparse: Sparse CONV on the GPU

• Sparse convolution on sparse inputs
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TorchSparse: Sparse CONV on the GPU

• Sparse convolution on sparse inputs
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TorchSparse: Sparse CONV on the GPU

• Weight-stationary computation, separate matmul for different 
weights

31



TorchSparse: Sparse CONV on the GPU

• Weight-stationary computation, separate matmul for different 
weights
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TorchSparse: Sparse CONV on the GPU

• Weight-stationary computation, separate matmul for different 
weights
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TorchSparse: Sparse CONV on the GPU

• Weight-stationary computation, separate matmul for different 
weights
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TorchSparse: Sparse CONV on the GPU

• Separate computation: many kernel calls, low device utilization
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TorchSparse: Sparse CONV on the GPU

• Dense convolution: best regularity but load imbalance
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TorchSparse: Sparse CONV on the GPU

• Computation with grouping: balancing overhead and regularity
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TorchSparse: Sparse CONV on the GPU

• Searching customized strategy for different model and datasets
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Takeaway Questions

• What are values in “A”, “JA”, “IA” vector in CSR format? 
• (A) [5, 6, 7, 4, 3, 2, 1, 8], [0, 1, 1, 1, 2, 3, 4, 5], [0, 1, 3, 4, 6, 7, 8]
• (B) [5, 6, 7, 4, 3, 2, 1, 8], [0, 1, 1, 3, 2, 3, 4, 5], [0, 1, 3, 4, 6, 7, 8]
• (C) [5, 6, 7, 4, 3, 2, 1, 8], [0, 1, 1, 2, 2, 3, 4, 5], [0, 1, 3, 3, 6, 7, 8]
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Takeaway Questions

• What are critical issues when designing a sparse DNN 
accelerator? 

• (A) Compressed data overhead
• (B) Sparse data mapping
• (C) Hard to prefetch data
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