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Reading Assignment #4 (until Sep 27)

Read (required):

• Read https://en.wikipedia.org/wiki/Instruction_pipelining

• Get an overview of NVIDIA Ampere (GA102) white paper:

https://www.nvidia.com/content/PDF/
nvidia-ampere-ga-102-gpu-architecture-whitepaper-v2.pdf

• Get an overview of NVIDIA Ampere (A100) Tensor Core GPU white paper:

https://www.nvidia.com/content/dam/en-zz/Solutions/Data-Center/
nvidia-ampere-architecture-whitepaper.pdf



Where this is going...



SIGGRAPH 2009: Beyond Programmable Shading: http://s09.idav.ucdavis.edu/ 

Idea #1: Slim down

ALU
(Execute)

Fetch/
Decode

Execution
Context

Idea #1: 

Remove components that
help a single instruction
stream run fast 
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SIGGRAPH 2009: Beyond Programmable Shading: http://s09.idav.ucdavis.edu/ 

Sixteen cores   (sixteen fragments in parallel)

ALU ALU

ALUALU

ALU ALU

ALUALU

ALU ALU

ALUALU

ALU ALU

ALUALU

16 cores = 16 simultaneous instruction streams
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SIGGRAPH 2009: Beyond Programmable Shading: http://s09.idav.ucdavis.edu/ 

Idea #2: Add ALUs

Fetch/
Decode

Idea #2:

Amortize cost/complexity of
managing an instruction
stream across many ALUs

ALU 1 ALU 2 ALU 3 ALU 4

ALU 5 ALU 6 ALU 7 ALU 8

SIMD processing

(or SIMT, SPMD)

Ctx Ctx Ctx Ctx

Ctx Ctx Ctx Ctx

Shared Ctx Data 
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SIGGRAPH 2009: Beyond Programmable Shading: http://s09.idav.ucdavis.edu/ 

Instruction stream sharing

<diffuseShader>:

sample r0, v4, t0, s0

mul  r3, v0, cb0[0]

madd r3, v1, cb0[1], r3

madd r3, v2, cb0[2], r3

clmp r3, r3, l(0.0), l(1.0)

mul  o0, r0, r3

mul  o1, r1, r3

mul  o2, r2, r3

mov  o3, l(1.0)

But… many fragments should
be able to share an instruction
stream! 
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SIGGRAPH 2009: Beyond Programmable Shading: http://s09.idav.ucdavis.edu/ 

128 fragments in parallel 

= 16 simultaneous instruction streams
16 cores = 128 ALUs
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SIGGRAPH 2009: Beyond Programmable Shading: http://s09.idav.ucdavis.edu/ 

But we have  LOTS of independent fragments.

Idea #3:
Interleave processing of many fragments on a single core 

to avoid stalls caused by high latency operations.
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Idea #3: Interleave execution of groups



SIGGRAPH 2009: Beyond Programmable Shading: http://s09.idav.ucdavis.edu/ 

Idea #3: Store multiple group contexts

Fetch/
Decode

ALU ALU ALU ALU 

ALU ALU ALU ALU 

Pool of context storage

64 KB
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SIGGRAPH 2009: Beyond Programmable Shading: http://s09.idav.ucdavis.edu/ 

Hiding shader stalls
Time 

(clocks)
Frag 1 … 8

Fetch/
Decode

Ctx Ctx Ctx Ctx

Ctx Ctx Ctx Ctx

Shared Ctx Data 

ALU ALU ALU ALU 

ALU ALU ALU ALU 
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SIGGRAPH 2009: Beyond Programmable Shading: http://s09.idav.ucdavis.edu/ 

Hiding shader stalls
Time 

(clocks)

Fetch/
Decode

ALU ALU ALU ALU 

ALU ALU ALU ALU 

1 2

3 4

1 2 3 4

Frag 1 … 8 Frag  9… 16 Frag 17 … 24 Frag 25 … 32
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SIGGRAPH 2009: Beyond Programmable Shading: http://s09.idav.ucdavis.edu/ 

Throughput!
Time 

(clocks)

Stall

Runnable

2 3 4

Frag 1 … 8 Frag  9… 16 Frag 17 … 24 Frag 25 … 32

Done!

Stall

Runnable

Done!

Stall

Runnable

Done!

Stall

Runnable

Done!

1

Increase run time of one group
To maximum throughput of many groups

Start

Start

Start
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SIGGRAPH 2009: Beyond Programmable Shading: http://s09.idav.ucdavis.edu/ 

Storing contexts

Fetch/
Decode

ALU ALU ALU ALU 

ALU ALU ALU ALU 

Pool of context storage

64 KB
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SIGGRAPH 2009: Beyond Programmable Shading: http://s09.idav.ucdavis.edu/ 

Twenty small contexts

Fetch/
Decode

ALU ALU ALU ALU 

ALU ALU ALU ALU 

1 2 3 4 5

6 7 8 9 10

11 1512 13 14

16 2017 18 19

(maximal latency hiding ability)
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SIGGRAPH 2009: Beyond Programmable Shading: http://s09.idav.ucdavis.edu/ 

Twelve medium contexts

Fetch/
Decode

ALU ALU ALU ALU 

ALU ALU ALU ALU 

1 2 3 4

5 6 7 8

9 10 11 12
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SIGGRAPH 2009: Beyond Programmable Shading: http://s09.idav.ucdavis.edu/ 

Four large contexts

Fetch/
Decode

ALU ALU ALU ALU 

ALU ALU ALU ALU 

43

1 2

(low latency hiding ability)
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SIGGRAPH 2009: Beyond Programmable Shading: http://s09.idav.ucdavis.edu/ 

My chip!

16 cores

8 mul-add ALUs per core
(128 total)

16 simultaneous
instruction streams

64 concurrent (but interleaved)
instruction streams

512 concurrent fragments

= 256 GFLOPs   (@ 1GHz)
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SIGGRAPH 2009: Beyond Programmable Shading: http://s09.idav.ucdavis.edu/ 

My “enthusiast” chip!

32 cores, 16 ALUs per core (512 total) = 1 TFLOP  (@ 1 GHz)
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NVIDIA Architectures (since first CUDA GPU)

Tesla: 2007-2009

• G80, G9x: 2007 (Geforce 8800, ...)
GT200: 2008/2009 (GTX 280, ...)

Fermi: 2010

• GF100, ... (GTX 480, ...)
GF110, ... (GTX 580, ...)

Kepler: 2012

• GK104, ... (GTX 680, ...)
GK110, ... (GTX 780, GTX Titan, ...)

Maxwell: 2015

• GM107, ... (GTX 750Ti, ...)
GM204, ... (GTX 980, Titan X, ...)
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Pascal: 2016

• GP100 (Tesla P100, ...)

• GP10x: x=2,4,6,7,8, ...
(GTX 1080, Titan X Pascal...)

Volta: 2017/2018

• GV100, ...
(Tesla V100, Titan V, ...)

Turing: 2018/2019

• TU102, TU104, TU106, TU116, ...
(Titan RTX, RTX 2070, 2080, 2080Ti, ...)

Ampere: 2020

• GA100, GA102, GA104, ...
(A100, RTX 3070, 3080, 3090, ...)

Hopper, Lovelace: ?



NVIDIA Tesla Architecture
2007-2009

G80, G9x: 2007 (Geforce 8800, ...)
GT200: 2008/2009 (GTX 280, ...)

(this is not the Tesla product line!)



NVIDIA Tesla Architecture (not the Tesla product line!),
G80: 2007, GT200: 2008/2009

G80: first CUDA GPU!

CC 1.x Multiprocessor

• Streaming Processor (SP)  [or: CUDA core; or: FP32 / FP64 / INT32 core, ...]

• Streaming Multiprocessor (SM)

• Texture/Processing Cluster (TPC)

Courtesy AnandTech



NVIDIA Tesla Architecture (not the Tesla product line!),
G80: 2007, GT200: 2008/2009

• G80/G92:     8 TPCs * ( 2 * 8 SPs ) = 128 SPs [= CUDA cores]

• GT200:        10 TPCs * ( 3 * 8 SPs ) = 240 SPs [= CUDA cores]

• Arithmetic intensity has increased (num. of ALUs vs. texture units)

G80 / G92 GT200
Courtesy AnandTech



NVIDIA Fermi Architecture
2010

GF100, ... (GTX 480, ...)
GF110, ... (GTX 580, ...)
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NVIDIA Fermi Architecture (2010)

Full size

• 4 GPCs

• 4 SMs each

• 6 64-bit
memory
controllers
(= 384 bit)



NVIDIA Fermi (GF100) Die Photo

Full size

• 4 GPCs

• 4 SMs each
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NVIDIA Fermi SM (2010)

CC 2.x Multiprocessor

Streaming processors now called
CUDA cores

32 CUDA cores per Fermi
streaming multiprocessor (SM)

16 SMs = 512 CUDA cores

CPU-like cache hierarchy

• L1 cache / shared memory

• L2 cache

Texture units and caches now in SM

(instead of with TPC=multiple SMs in G80/GT200)
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Graphics Processor Clusters (GPC)

(instead of TPC on GT200)

4 SMs

32 CUDA cores / SM

4 SMs / GPC =
128 cores / GPC

Decentralized rasterization
and geometry

• 4 raster engines

• 16 ”PolyMorph” engines



Dual Warp Schedulers



NVIDIA Fermi Architecture (2010)



NVIDIA Fermi Architecture (2010)



NVIDIA Fermi Architecture (2010)



NVIDIA Fermi Architecture (2010)



NVIDIA Kepler Architecture
2012

GK104, ... (GTX 680, ...)
GK110, ... (GTX 780, GTX Titan, ...)



NVIDIA Kepler Architecture (2012)



GK104 SMX

CC 3.0 Multiprocessor

• 192 CUDA cores
(192 = 6 * 32)

• 32 LD/ST units

• 32 SFUs

• 16 texture units

Two dispatch units
per warp scheduler
exploit ILP
(instruction-level parallelism)



GK110 SMX

CC 3.5 Multiprocessor

• 192 CUDA cores
(192 = 6 * 32)

• 64 DP units

• 32 LD/ST units

• 32 SFUs

• 16 texture units

New read-only
data cache (48KB)



NVIDIA Kepler Architecture (2012)

Three different versions

• Compute capability 3.0 (GK104)

– Geforce GTX 680, …

– Quadro K5000

– Tesla K10

• Compute capability 3.5 (GK110)

– Geforce GTX 780 / Titan / Titan Black

– Quadro K6000

– Tesla K20, Tesla K40

• Compute capability 3.7 (GK210)

– Tesla K80

– Came out much later (~end of 2014)



NVIDIA Kepler / GK104 Structure

Full size

• 4 GPCs

• 2 SMXs each

= 8 SMXs,
1536 CUDA cores
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NVIDIA Kepler / GK110 Structure (1)

Full size

• 15 SMXs
(Titan Black;
Titan: 14)

• 2880 CUDA
cores
(Titan Black;
Titan: 2688)

• 5 GPCs of
3 SMXs each



NVIDIA Kepler / GK110 Structure (2)

Titan (not Black)

• 14 SMXs

• 2688 CUDA
cores

• 5 GPCs with
3 SMXs or
2 SMXs each
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NVIDIA Maxwell Architecture
2015

GM107, ... (GTX 750Ti, ...)
GM204, ... (GTX 980, Titan X, ...)



NVIDIA Maxwell Architecture (2015)



NVIDIA Maxwell Die Photo



Maxwell (GM) Architecture

CC 5.x Multiprocessor: SMM

• 128 CUDA cores

• 4 DP units

4 partitions inside SMM

• 32 CUDA cores each

• 8 LD/ST units each

• Each has its own warp scheduler,
two dispatch units, register file

Shared memory and L1 cache now
separate!

• L1 cache shares with texture cache

• Shared memory is its own space



Maxwell (GM) Architecture

First gen.

GM107

(GTX 750Ti)

5 SMMs

(640 CUDA 
cores in 
total)



Maxwell (GM) Architecture

Second gen.

GM204

(GTX 980)

16 SMMs

(2048 CUDA 
cores in 
total)

4 GPCs of 4 
SMMs



Maxwell (GM) vs. Kepler (GK) Architecture

GK107 vs. GM107



Maxwell (GM) vs. Kepler (GK) Architecture

GK107 vs. GM204



NVIDIA Pascal Architecture
2016

GP100, GP10x: x=2,4,6,7,8, ...
(GTX 1080, Titan X Pascal...)
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NVIDIA Pascal Architecture (2016)



NVIDIA Pascal GP100 SM

CC 6.0 Multiprocessor

• 64 CUDA cores

• 32 DP units

2 partitions inside SM

• 32 CUDA cores each; 16 DP units each; 8 LD/ST units each

• Each has its own warp scheduler, two dispatch units, register file



NVIDIA Pascal GP104 SM

CC 6.1/6.2 Multiprocessor

• 128 CUDA cores

4 partitions inside SM

• 32 CUDA cores; 8 LD/ST units

• Each has its own warp scheduler,
two dispatch units, register file



NVIDIA Pascal Architecture (2016)

Total chip capacity on Tesla P100 (GP100)

• 56 SMs

• 64 CUDA cores / SM = 3,584 CUDA cores in total

• 32 DP units / SM = 1,792 DP units in total

• 28 TPCs (2 SMs per TPC)

• 6 GPCs

Maximum capacity would be 60 SMs and 30 TPCs

Markus Hadwiger, KAUST 58



KAUST   King Abdullah University of Science and Technology 59



KAUST   King Abdullah University of Science and Technology 60



NVIDIA Volta Architecture
2017/2018



NVIDIA Volta Architecture (2017/2018)



NVIDIA Volta SM

CC 7.0 Multiprocessor

• 64 FP32 + INT32 cores

• 32 FP64 cores

• 8 tensor cores
(FP16/FP32 mixed-precision)

4 partitions inside SM

• 16 FP32 + INT32 cores each

• 8 FP64 cores each

• 8 LD/ST units each

• 2 tensor cores each

• Each has: warp scheduler,
dispatch unit, register file



Tensor Cores

Mixed-precision, fast matrix-matrix multiply and accumulate

From this, build larger sizes, higher dimensionalities, ...

[+Tensor cores on later architectures add more data types/precisions!]
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NVIDIA Volta Architecture (2017/2018)

Total chip capacity on Tesla V100 (GV100 architecture)

• 80 SMs

• 64 FP32 cores / SM = 5,120 FP32 cores in total

• 64 INT32 cores / SM = 5,120 INT32 cores in total

• 32 FP64 cores / SM = 2,560 FP64 cores in total

• 4 FP16/FP32 mixed-prec. tensor cores = 650 tensor cores in total

• 40 TPCs (2 SMs per TPC)

• 6 GPCs

Maximum capacity would be 84 SMs and 42 TPCs
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Kepler – Volta
Specs



Turing (vs. Pascal)

Apart from RT cores, Volta and Turing are very similar
(and both have compute capability 7.x: Volta: 7.0, Turing: 7.5)
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TU104 TU104



NVIDIA Turing Architecture
2018/2019

TU102, TU104, TU106, TU116, ...
(RTX 2070, 2080, 2080Ti, Tesla T4, ...)



NVIDIA Turing Architecture (2018/2019)

TU 102

(Geforce:

RTX 2080 Ti,

Quadro:

RTX 6000,

RTX 8000, …)



NVIDIA Turing Architecture (2018/2019)

TU 104

(Geforce:

RTX 2080,

Quadro:

RTX 5000, …)



NVIDIA Turing Architecture (2018/2019)

TU 106 (Geforce RTX 2070, …)



NVIDIA Turing SM

CC 7.5 Multiprocessor

• 64 FP32 + INT32 cores

• 2 (!) FP64 cores

• 8 Turing tensor cores
(FP16/32, INT4/8 mixed-precision)

• 1 RT (ray tracing) core

4 partitions inside SM

• 16 FP32 + INT32 cores each

• 4 LD/ST units each

• 2 Turing tensor cores each

• Each has: warp scheduler,
dispatch unit, 16K register file



NVIDIA Ampere Architecture
2020

GA100, GA102, GA104, ...
(A100, RTX 3070, RTX 3080, RTX 3090, ...)



NVIDIA Ampere GA100 Architecture (2020)

GA 100 (A100 Tensor Core GPU) Full GPU: 128 SMs (in 8 GPCs/64 TPCs)



NVIDIA GA100 SM

Multiprocessor: SM

• 64 FP32 + 64 INT32 cores

• 32 FP64 cores

• 4 3rd gen tensor cores

• 1 2nd gen RT (ray tracing) core

4 partitions inside SM

• 16 FP32 + 16 INT32 cores

• 8 FP64 cores

• 8 LD/ST units each

• 1 3rd gen tensor core each

• Each has: warp scheduler,
dispatch unit, 16K register file



NVIDIA Ampere GA10x Architecture (2020)

GA 102 (RTX 3070, 3080, 3090) Full GPU: 84 SMs (in 7 GPCs/42 TPCs)



NVIDIA GA10x SM

Multiprocessor: SM

• 128 (64+64) FP32 + 64 INT32 cores

• 2 (!) FP64 cores

• 4 3rd gen tensor cores

• 1 2nd gen RT (ray tracing) core

4 partitions inside SM

• 16+16 FP32 + 16 INT32 cores

• 4 LD/ST units each

• 1 3rd gen tensor core each

• Each has: warp scheduler,
dispatch unit, 16K register file



Turing vs. Ampere GA102

Markus Hadwiger, KAUST 78



Turing vs. Ampere GA102
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Turing vs. Ampere GA102
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Tensor Cores: Many Mixed Precision Options
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New in Ampere: TF32, BF16, FP64

plus FP64 (new in Ampere; GA100 only)

plus INT4/INT8/binary data types (already introduced in Turing)



Tensor Cores: Sparsity Support
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Sparse MMA instructions

2:4 structured sparsity



Thank you.


