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Evaluation

Challenges

1 // _ce: output exponent in int32_t
2 // _cmh: output mantissa high in int32_t
3 // _cml: output mantissa low in uint32_t

4 // _ae: input operand 1 exponent in int32_t

ITrade-offs between Performance and Precision IOur Emulation on AWS Trainium oo sl e IRadix Size Evaluation

8 // _bmh: input operand 2 mantissa high in int32_t

9 // _bmh: input operand 2 mantissa low 1n uint32_t

10 #define _emulated_mul (_ce, _cmh, _cml, _ae, _amh,
_aml, _be, _bmh, _bml){ \
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