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Deep Neural Network (DNN) Challenges

GraphBLAS foundation

GraphBLAS Mathematics
§Graph and neural network operations can be implemented using matrix mathematics

§Finding nearest neighbors in a graph is the same as matrix multiply

§Also good for computing sparse DNNs

Result: 250x faster

§Graph Algorithms in the 

Language of Linear Algebra 

§Foundation of

GraphBLAS.org standard

§Deep Neural Networks (DNNs) are a core tool for machine learning; are dominated by weight matrices Wi

§Better DNNs require much bigger weight matrices

§Solution: use sparse weight matrices (set most values to zero)

§GraphBLAS: provides high performance sparse matrices
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Graph Operations Matrix Mathematics

1 # i n c l u d e ”GraphBLAS . h ”
2
3 GrB Info dnn ( GrB Matrix ⇤Y, GrB Matrix ⇤W, GrB Matrix ⇤B , GrB Index L )
4 /⇤
5 ⇤ L � Number o f l a y e r s
6 ⇤ W[ 0 : L�1] � Array o f m x m w e i g h t m a t r i c e s
7 ⇤ B [ 0 : L�1] � Array o f m x n b i a s m a t r i c e s
8 ⇤ Y [ 0 : L ] � Array o f m x n l a y e r�i n p u t / o u t p u t m a t r i c e s
9 ⇤ /

10 {
11 GrB Monoid FP32Add ; / / Monoid <f l o a t ,+ ,0.0>
12 GrB Monoid new(&FP32Add , GrB FP32 , GrB PLUS FP32 , 0 . 0 f ) ;
13 GrB Semiring FP32AddMul ; / / S e m i r i n g <f l o a t , f l o a t , f l o a t ,+ ,⇤ ,0 .0 >
14 GrB Semiring new(&FP32AddMul , FP32Add , GrB TIMES FP32 ) ;
15
16 GrB Index m, n ;
17 GrB Matr ix nrows (&m,Y [ 0 ] ) ; GrB Mat r ix nco l s (&n ,Y [ 0 ] ) ;
18 GrB Matrix Zero ; / / Zero = 0 . 0
19 GrB Matrix new(&Zero , GrB FP32 ,m, n ) ;
20 GrB ass ign ( Zero , GrB NULL , GrB NULL , 0 . 0 , GrB ALL ,m, GrB ALL , n , GrB NULL ) ;
21
22 f o r ( i n t k =0; k<L ; k ++)
23 {
24 GrB mxm(Y[ k + 1] ,GrB NULL , GrB NULL , FP32AddMul ,W[ k ] ,Y[ k ] , GrB NULL ) ; / / Y [ k +1] = W[ k ]⇤Y [ k ]
25 GrB eWiseAdd (Y[ k + 1] ,GrB NULL , GrB NULL , FP32Add ,Y[ k +1 ] ,B[ k ] , GrB NULL ) ; / / Y [ k +1] = W[ k ]⇤Y [ k ] + B[ k ]
26 GrB eWiseAdd (Y[ k + 1] ,GrB NULL , GrB NULL , GrB MAX FP32 ,Y[ k + 1] , Zero , GrB NULL ) ; / / Y [ k +1] = max (W[ k ]⇤Y [ k ] + B[ k ] , 0 )
27 }
28
29 GrB free (& Zero ) ;
30 GrB free (&FP32Add ) ;
31 GrB free (&FP32AddMul ) ;
32
33 re turn GrB SUCCESS ;
34 }

Fig. 4. GraphBLAS implementation of ReLU DNN using the C API.
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Fig. 5. Single-threaded (ST) results for GraphBLAS (GrB) and dense linear algebra (BLAS) implementations of the ReLU DNN. Results for GraphBLAS
are in blue, whereas results for BLAS are in red. Each problem size uses a different marker. (Compare blue and red curves with the same marker.
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Weight Matrix 1/Sparsity

sparse
250x faster

8000x less memory

BLAS dense

GraphBLAS
sparse
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