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Vertices are transformed into “screen space”

« VENTIRAE (Vertex
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Primitives are rasterized into “pixel fragments”

7~
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Fragments
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Fragments are shaded to compute a color at each pixel

| |

Shaded fragments
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Fragments are blended into the frame buffer at their
pixel locations (z-buffer determines visibility)

Pixels

Graphics Pipeline Overview, https:/benkenobi007.github.io/Graphics-Pipeline-Overview

-Eg";ﬁ-‘ (Pipeline Entities)

®
V3 v V3 vl

Vertices Primitives Fragments

-
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Graphics Pipeline Overview, hitps://benkenobi007. github.io/Graphics-Pipeline-Overview/
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GPU Be& =B EHAZEE Pl ENE AR
Ventus (7%E7) RISC-V SIMT No N/A
HWACHA RISC-V Vector No N/A
Simty RISC-V SIMT No N/A
MIAOW AMD SIMT No OpenCL
Scratch AMD SIMT No OpenCL
GPLGPU Custom shaders
(kickstarter) 2D/3D Texture
Theia Custom SIMT Shaders Texture OpenCL
Units
FlexiGrip Custom SIMT No Custom
FGPU Custom SIMT No Custom
MIPS based
ISA
NyuziRaster Custom SIMT Fixed-Function Custom
Rasterizer
Vortex RISC-V SIMT Shaders Texture | OpenCL/OpenGL
https://zhuanlan.zhihu.cbm/p/494149559 U n |tS
GPURHIES
2 RESNEMNEL

33



2025%k

GPURIZE 215 -

2024F P EHI7E mIEGPUTH A7 &R

slides from IDG

E~~GPUKYE o1

Ascend 910C Ascend 950PR  Ascend 950DT Ascend 960
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