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Figure 1: Intra-tensor and inter-tensor adaptivity.
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Bits Exponent Value Fraction Value Value in Decimal
0000 0 0

0001 1-1=0 1 20x1=1
001x 2—-1=1 I, 1.5 2,3

01xx 3—1 1, 1.25, 1.5, 1.75 4,5,6,7

1 1xx 4—1 1, 1.25, 1.5, 1.75 8, 10, 12, 14
101x 5—-1= I, 1.5 16, 24
1001 6-1=5 1 32

1000 7-1=6 1 2°x1=64

Table II: The value table of 4-bit unsigned £1int with the
exponent bias of —1. The blue numbers are the first-one-
encoded exponent and “x” is mantissa with value of O or

1.

Cong Guo et al., ANT: Exploiting Adaptive Numerical Data Type for Low-bit Deep Neural Network Quantization, MICRO 2022
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- Front-end: Index Matching a5oiRBUEISEIS=RY W-IA pairs, IRSIREEFIFIHZE
- Back-end: F# partial sum [E4g, PE-level #l core-level, FAARFHIAMHSE
- RiEME: core-levelf)EGRILISZIIFARERITE
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HhEEmME S SAILIEEE——NV Sparse TensorCore AT

- 2020£FF, TiFiRiEH AmperefRis, ZISHEHKEITRE
« AmpereZRIEaZIFEERN2:4TGHRIRT, BIE410 =R, 2100, FHEGEUSSCI2(SA0NNEEEL
- ZIEREXTLMAERAENEEHN:-MIEE, BISMA =R, NMEO

Structured-sparse Structured-sparse and Step 1
matrix W compressed matrix W 254 sparsity
 ——
Fine-grained
structured-sparse
matrix format -
R X C/2 elements + |==
R X C/2 2bits meta == Step 2
data T sparse finetuning
c 4 F— C/2 = F—IC/2
D = zero entry Non-zero data 2-bits Step 3
values indices 50% sparsity &
sparse finetuning
<—

Reference: NV Technical Blog
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https://developer.nvidia.com/blog/structured-sparsity-in-the-nvidia-ampere-architecture-and-applications-in-search-engines/

