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Graphics Processors (GPUs)
 M h f  tt ti   f  h  b  d t d t  ki   i l   Much of our attention so far has been devoted to making a single 

core run a single thread faster
 If your workload consists of thousands of threads, everything looks  If your workload consists of thousands of threads, everything looks 

different:
 Never speculate: there is always another thread waiting with work 

you know you have to do
 No speculative branch execution, no branch prediction
 Caches are f r band idth  n t latenc :  can se SMT t  hide  Caches are for bandwidth, not latency: you can use SMT to hide 

cache access latency

 Control is at a premium:
 How to launch >10,000 threads?
 What if they branch in different directions? What if they branch in different directions?
 What if they access random memory blocks/banks?

 This is the “manycore” world This is the manycore  world
 Driven by the gaming market – but with many other applications



NVidia G80
16 cores

Each with 8 “SP” units
16 8 128 threads e ec te in parallelSk h 16x8=128 threads execute in parallel

Each core issues instructions 
in “warps” of 32 

E h t 24

Sketchy 
information on 

graphics 
primitive 

i Each core up to 24-way 
SMT

processing

NVIDIA TESLA: A UNIFIED GRAPHICS AND COMPUTING ARCHITECTURE; Erik Lindholm
John Nickolls, Stuart Oberman, John Montrym (IEEE Micro, March-April 2008)

All caches are small
Texture cache does interpolation

ROP does Z-buffering & alpha blending

No L2 cache coherency problem, since data can be in only one cache



NVidia’s TESLA microarchitectureNVidia s TESLA microarchitecture
 Designed to do rendering
 Designed to do general purpose computing Designed to do general-purpose computing
 But to manage thousands of threads, a new programming model is 

needed, called CUDA
 CUDA i  i t  b t ti ll  th   d l li  b hi d  CUDA is proprietary, but essentially the same model lies behind 

OpenCL, an open standard with implementations for multiple 
vendors’ GPUs

 GPU evolved from hardware designed specifically around the 
OpenGL/DirectX rendering pipeline, with separate vertex- and 
i l h d  tpixel-shader stages

 “Unified” architecture arose from increased sophistication of shader 
programs

 TESLA still has some features specific to graphics:
 Work distribution, load distribution
 Texture cache, pixel interpolation Texture cache, pixel interpolation
 Z-buffering and alpha-blending (the ROP units, see overleaf)



CUDA Execution ModelCUDA Execution Model
 CUDA is a C extension

S i l CPU d Serial CPU code
 Parallel GPU code (kernels)

GPU k l i   C f i GPU kernel is a C function
 Each thread executes kernel code

A  f h d  f    A group of threads forms a 
thread block (1D, 2D or 3D)

 Thread blocks are organised into  Thread blocks are organised into 
a grid (1D or 2D)

 Threads within the same thread 
block can synchronise execution, 
and share access to local and share access to local 
scratchpad memory Key idea: hierarchy of parallelism, 

to handle thousands of threads



__global__ void matAdd(float A[N][N], float B[N][N], float C[N][N])
{

int i = blockIdx.x * blockDim.x + threadIdx.x;

int j = blockIdx.y * blockDim.y + threadIdx.y;

if (i < N && j < N)

C[i][j] = A[i][j] + B[i][j];

Example: Matrix addition
}

int main()int main()
{

// Kernel setup

dim3 blockDim(16, 16);dim3 blockDim(16, 16);

dim3 gridDim((N + blockDim.x – 1) / blockDim.x,

(N + blockDim.y – 1) / blockDim.y);

// Kernel invocation// Kernel invocation

matAdd<<<gridDim, blockDim>>>(A, B, C);
}
 Kernel invocation (“<<<…>>>”) corresponds to enclosing loop nest, 

managed by hardware
 Explicitly split into 2-level hierarchy: blocks (which share “shared” memory), 

and grid
 Kernel commonly consists of just one iteration but could be a loop Kernel commonly consists of just one iteration but could be a loop
 Multiple tuning parameters trade off register pressure, shared-memory 

capacity and parallelism



CUDA Memory Model Local memory – private to 
each thread (slow if off-chip, 
f t if i t  ll t d)fast if register allocated)

 Shared memory – shared 
between threads in a thread between threads in a thread 
block (fast on-chip)

 Global memory – shared y
between thread blocks in a grid 
(off-chip DRAM)

 Constant memory (small, read-
only)

 Texture memory (read only;  Texture memory (read-only; 
cached, stored in Global 
memory)y)

 This diagram is misleading: logical association but not hardware locality
 “Local memory” is non-cached (in Tesla), stored in global DRAMy ( ), g
 Critical thing is that “shared” memory is shared among all threads in a 

block, since they all run on the same SM



Mapping from CUDA to TESLA

 Array of streaming multiprocessors (SMs) y g p ( )
 (we might call them “cores”, when comparing to conventional 

multicore; each SM is an instruction-fetch-execution engine)

 CUDA thread blocks get mapped to SMs
 SMs have thread processors, private registers, shared 

memory, etc.
 Each SM executes a pool of “warps”, with a separate 

instruction pointer for each warp.  Instructions are issued 
from each ready-to-run warp in turn (SMT, 
hyperthreading)



SIMT: Single-Instruction, Multiple-Thread

 SIMT: each warp instruction operates on 32 data items:

… … … …

0 1 8 9 1617 2425 31

Th d 12’ t t

 Each thread’s state is represented by a “lane” of the SIMD 
i t  t

Thread 12’s state

register set
 ((Each 32-wide warp instruction is actually executed in 4 

l  i  h  8 SP  i  h  SM))cycles using the 8 SPs in the SM))

 CUDA programmers write code for each thread as if it p g
runs independently – but actually, instructions are 
broadcast to 32 threads in parallel



SIMT: Single-Instruction, Multiple-Thread

 SIMT: each warp instruction operates on 32 data items:

… … … …

0 1 8 9 1617 2425 31

Th d 12’ t t
Predicate bits: enable/disable each lane

Thread 12’s state
:
:

:
LDR r5, X
p1 <- r5 eq 10

if (x == 10)
c = c + 1;

:

p1 < r5 eq 10
<p1> LDR  r1 <- C

<p1> ADD r1, r1, 1
:
:

<p1> STR  r1 -> C

:



SIMT: Single-Instruction, Multiple-Thread

 SIMT: each warp instruction operates on 32 data items:

… … … …

0 1 8 9 1617 2425 31

Predicate bits: enable/disable each lane

 We can jump
 If the whole warp’s predicate bits are the 

same
 and the branch skips enough (7?) instructions

 Control-flow coherence: every thread 
goes the same way (a form of locality)



GT200 streaming multiprocessorGT200 streaming multiprocessor

http://www.realworldtech.com/page.cfm?ArticleID=RWT090808195242



GT200 streaming multiprocessorGT200 streaming multiprocessor
 Multithreaded instruction fetch and issue unit
 8 streaming processors (SP)
 32-bit ALU and FPU (e.g.  bitwise, min, max; FP add, mul, mad)
 Branch unit (e.g. cmp)

 2 special-function units (SFU)p ( )
 Transcendental functions (e.g.  reciprocal, sine), interpolation
 Interpolation hardware can be used as 4 FP multipliers

 16KB shared memory (as fast as registers, if no conflicts)
 64-bit FP and integer unit (not in G80)g ( )
 16K 32-bit registers (only 8K in G80)



SM multithreaded instruction unitSM multithreaded instruction unit
 Instruction unit creates, manages, schedules and executes 

threads in groups of 32 threads called warps
 Warp instructions are fetched into an instruction buffer
 Scoreboard qualifies warp instructions for issue
 Scheduler prioritises ready to issue warp instructions p y p

based on their type and “fairness”
 Scheduler issues a warp instruction with highest priorityp g p y

A hypothetical GPU:
• Four warp contexts T0–T3p
• 20 cycle compute
• 50 cycle memory access

K. Fatahalian, M. Houston. "A Closer Look at 
GPUs," Commun. ACM, 51:10, pp. 50-57.



SM instruction issueSM instruction issue
 To optimise for power and performance, GPU units are in 

multiple clock domains
 Core clock (e.g. 600 MHz) – “slow” cycles
 FUs clock (e.g. 1300 MHz) – “fast” cycles
 Memory clock (e.g.  1100 MHz)

 Issue logic can issue every slow cycle (every 2 fast cycles)
 FUs can typically be issued instructions every 4 fast cycles 

(1 cycle per 8 threads from a warp)

“Dual” issue to independent 
FUs on alternate slow cycles



SM branch managementSM branch management
 Threads in a warp start executing from the same address
 A warp that executes a branch instruction waits until the 

target address for every thread in the warp is computed
 Threads in a warp can take the same branch path 
 Threads in in warp can diverge to different paths p g p
 the warp serially executes each path, disabling threads that are 

not on that path; 
 when all paths complete, the threads reconverge

 Divergence only occurs within a warp – different warps 
execute independently

 Minimising divergence is important for performance, but 
not correctness (cf. cache lines)



TPC memory pipelineTPC memory pipeline
 Load and store instructions are 

generated in the SMs
 Address calculation (register + offset)
 Virtual to physical address translation

 Issued a warp at a time – executed in 
half-warp groups (i.e. 16 accesses at a 
time)

 Memory coalescing and alignment
 Threads with adjacent indices should 

 dj   l i  (i  access adjacent memory locations (i.e. 
thread K should access Kth data word)

 Accesses should be aligned for half words Accesses should be aligned for half-words

http://www.realworldtech.com/page.cfm?ArticleID=RWT090808195242



CUDA lCUDA example

 Tobias 
B d ik d Brandvik and 
Graham 
Pullan’s Pullan s 
automatic 
program 
generator for 
jet-engine 
fluid fluid 
dynamics

 http://www.industrialmat
h.net/CUDA09_talks/pull
an.pdf



 Compute on 
structured 3D 
mesh

 Update each 
element using 
d  f   data from its 
neighbours
U  CUDA  Use CUDA 
shared memory 
t  b ff  to buffer 
neighbour data



 Allocate (small!) 
3D buffer in 
shared memory



 Find out which 
iteration this 
thread is doing



 This thread 
loads its share 
of the block 
i  h d into shared 
memory



 Each thread 
  lexecutes a loop

 Two phases:
 Load next plane Load next plane
 Compute

 “syncthreads()” is 
needed to ensure 
all threads in this 
block have done 
phase  before  Common pattern:phase, before 
moving on

 Common pattern:
 Threads cooperate to load data into shared 

memory in parallel
 Syncthreads()
 Use it, and repeat 



GT200
 10 Thread Processing Clusters (TPCs)
 3 Streaming Multiprocessors (SMs) per TPC
 8 32-bit FPU per SM
 1 64-bit FPU per SM
 16K 32-bit registers per SM
 Up to 1024 threads / 32 warps per SM
 16KB Shared memory per SM

8 64 bi   ll  (512 bi  id   8 64-bit memory controllers (512-bit wide 
memory interface)

G80G80
 8 Thread Processing Clusters (TPCs)
 2 Streaming Multiprocessors (SMs) per TPC
 8 32-bit FPU per SM8 3 b t U p  S
 8K 32-bit registers per SM
 Up to 768 threads / 24 warps per SM
 16KB Shared memory per SMy p
 6 64-bit memory controllers (384-bit wide 

memory interface)

http://www.realworldtech.com/page.cfm?ArticleID=RWT090808195242



NVidia’s FermiNVidia s Fermi
 2010-generation GPU 

ifi ll  d specifically targetted 
at general-purpose 
compute marketp

 Read-write L1 caches 
(for register spilling)

 Configurable 
L1/scratchpad 
16K+48K16K+48K

 Larger L2 cache 
 No ROP units (?) No ROP units (?)

http://www.realworldtech.com/page.cfm?ArticleID=RWT090808195242



NVidia’s Fermi vs Tesla/GT200NVidia s Fermi vs Tesla/GT200

http://www.realworldtech.com/page.cfm?ArticleID=RWT090808195242



Instructions 
dispatched in 
“ l ” lit“clauses”, split 

on main-
memory 

accessesaccesses

With thanks to AMD, with permission



SIMD Engine

 SIMD Engine can process Wavefronts from multiple kernels concurrently 
“Warps”

 Thread divergence within a Wavefront is enabled with Lane Masking and Branching

 Enabling each Thread in a Wavefront to traverse a unique program execution path

 Full hardware barrier support for up to 8 Work Groups per SIMD Engine (for thread data sharing) Full hardware barrier support for up to 8 Work Groups per SIMD Engine (for thread data sharing)

 Each Stream Core receives up to the following per VLIW instruction issue 

 5 unique ALU Ops  - or - 4  unique ALU Ops with a LDS Op (Up to 3 operands per thread)

 LDS and Global Memory access for byte  ubyte  short  ushort reads/writes supported at 32bit dword rates LDS and Global Memory access for byte, ubyte, short, ushort reads/writes supported at 32bit dword rates

 Private Loads and read only texture reads via Read Cache

 Unordered shared consistent loads/stores/atomics via R/W Cache     

W f  l h f 64 h d  h  h h d   5  VLIW I  h  Wavefront length of 64 threads where each thread executes a 5 way VLIW Instruction each issue

 ¼  Wavelength (16  threads) on each clock of 4 clocks (T0-15, T16-31, T32-47, T48-T63)

With thanks to AMD, with permission



Local Data Share (LDS)

 This is AMD’s implementation of the “shared” memory of the CUDA model

 32 banks to allow concurrent access by all threads

With thanks to AMD, with permission



Intel’s Larrabee

 Project to build a high-end GPU that bridges the gap to conventional 
multicore

 Each core is a simple in-order 4-way SMT x86 
 Extended with a SIMD instruction set (16 floats wide)
 Special purpose hardware for texture cache  it much else Special-purpose hardware for texture cache, it much else
 Both L1 (32KB per core) and L2 (256KB per core) data caches are 

coherent Diagram: Intel
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Oxford (http://people.maths.ox.ac.uk/gilesm/cuda/)

 CUDA P i   J h  S l d  SINTEF S  S h l  CUDA Programming.  Johan Seland, SINTEF Summer School 
(http://heim.ifi.uio.no/~knutm/geilo2008/seland.pdf)

 http://www.industrialmath.net/CUDA09_talks/pullan.pdf

 Larrabee: Software is the new Hardware.  Tom Forsyth (Intel), talk at SIGGRAPH08 
(http://s08.idav.ucdavis.edu/forsyth-larrabee-graphics-architecture.pdf)
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