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Overview
« Memory coherency, NUMA, futures, die
stacked memories, deeper hierarchies

* Node configuration, PCle speed, topology,
Hwloc, ‘Istopo’, BIOS flash updates

* Memtest86, cpuburn, GPU diag tools
 Use of nvidia-smi, persistent mode, ECC, ...
» Power supplies, GeForce vs. Tesla

o Infiniband+MPI that support RDMA w/
GPUs, pinned memory, ...
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Memory Coherency (Oversimplified)

« Memory writes by CPU cores that share
the same L1/L2 caches are visible to peers

« Memory writes by one CPU socket are
(eventually) visible to all other peer CPUs
In a multi-socket system

 Cache hardware permits multiple cores to
read without penalties

» Write conflicts are solved by mutual
exclusion locks, memory barrier
Instructions, atomic CAS and other ops
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Issues With Memory Coherency

« Hardware that supports coherency is MUCH more
complex than hardware that does not

« Coherency is difficult to achieve between hardware
devices that are not intimately tied together in the same
memory system

« Compromise solutions (e.g. GPUSs) gain speed, energy
efficiency, lower cost by giving up some coherency

« Future CPU/GPU hardware will likely make new
compromises so that performance and efficiency keep
Increasing, albeit with more complexity for programmers

 Future memory systems will have more complicated and
deeper memory hierarchies, and bigger performance costs
when not used correctly...

NIH BTRC for Macromolecular Modeling and Bioinformatics Beckman Institute,
http://www.ks.uiuc.edu/ U. lllinois at Urbana-Champaign




Hwloc ‘Istopo’: Intel Haswell 4771, 3 GPUs, No NUMA

Machine (16GE)
Socket PEO i {——{3F— PCl10de:13cO
L3 (8192KE)
——{_+—— PCl 10de:17f0
L2 (256KE) L2 (256KE) L2 (256KE) L2 (256KE)
{1 PCl 10de:13c0
L1d (32KE) L1d (32KE) L1d (32KE) L1d (32KE) —
{1 PCI 1b4b:9230
L1i (32KE) L1i (32KE) L1i {32KE) L1i (32KE)
{] PC| B086:1533
Core P#0O Caore P#1 Core P#2 Core P#3 ethi
PU P#0 PU P#1 PL P#2 PL P#3
——{_}——— PCI1b21:0612
PU P#4 PLI P#5 PU P#6 PL P#T
——{_}——— PCI8086:1533
ethl
PCI B086:8c02
sda sdb
sdc sdd
Haost: arion
Indexes: physical
Date: Tue Jun 2 01:24:30 2015




NUMA

NUMA == Non-Uniform Memory Access
CPUs directly incorporate memory controllers

Memory system Is not flat, It Is instead
Implemented as a (small) network

Each CPU socket i1s associated with 1ts own
memory

Access to memory on a peer CPU socket has
much higher latency and lower bandwidth than
socket-local memory, must traverse CPU bus
topology (QPI or HT)



Hwloc ‘Istopo’: 2x Xeon ES5, 2x Tesla K80

Machine (256GE total)

| NUMANode P#0 (128GE)

PCl10de:102d

Socket P#0D PCl BDB6:8d62
| L3 (25MB) |
| L2 (256KEB) | | L2 (256KB) | | L2 (256KB) | | L2 (256KEB) | | L2 (256KB) | | L2 (256KE) | | L2 (256KB) | | L2 (256KB) | | L2 (256KB) | | L2 (256KB) |
PCl 1303:2000
| L1d (32KE) | | L1d (32KE) | | L1d (32KE) | | L1d (32KE) | | L1d (32KE) | | L1d (32KE) | | L1d (32KE) | | L1d (32KE) | | L1d (32KE) | | L1d (32KE) |
PCI B0OB6:8d02
| L1i (32KB) | | L1i (32KB) | | L1i {32KB) | | L1i {32KB) | | L1i {32KB) | | L1i (32KB) | | L1i (32KB) | | L1i (32KB) | | L1i (32KB) | | L1i (32KE) |
Core P#0 Core P#L Core P#2 Core P#3 Core P#4 Core P#8 Core P#9 Care P#10 Core P#11 Core P#12
PU P#0 PU P#1 PU P#2 PU P#3 PU P#4 PU P#5 PU P#& PU PET PU P#8 PU P#9
PU P#20 PU P#21 PU P#22 PU P#23 PU P#24 PU P#25 PU P#26 PU P#27 PU P#28 PU P#29
| NUMANode P#1 (128GE)
Socket P#1 PCl 8086:1521
(e |
| L2 (256KB) | | L2 (256KB) | | L2 (256KE) | | L2 (256KE) | | L2 (256KE) | | L2 (256KE) | | L2 (256KB) | | L2 (256KB) | | L2 (256KB) | | L2 (256KB) |
PCl 8086:1521
| L1d (32KE) | | L1d (32KE) | | L1d (32KE) | | L1d (32KE) | | L1d (32KE) | | L1d (32KE) | | L1d (32KE) | | L1d (32KE) | | L1d (32KE) | | L1d (32KE) |
| L1i (32KE) | | L1i (32KE) | | L1i {32KE) | | L1i {32KE) | | L1i {32KE) | | L1i (32KE) | | L1i (32KE) | | L1i (32KE) | | L1i (32KE) | | L1i (32KE) |
—{—1H (] PCl 10de:102d
Core P#0 Core P#1 Core P#2 Core P#3 Core P#4 Core P#8 Core P#9 Core P#10 Core P#11 Core P#12
| | PCl 10de:102d
PU P#10 PU P#11 PU P#12 PU P#13 PU P#14 PU P#15 PU P#16 PU P#17 PU P#18 PU P#19
—{1 {1 {1 I PCI 10de:102d |
PU P#30 PU P#31 PU P#32 PU P#33 PU P#34 PU P#35 PU P#36 PU P#37 PU P#38 PU P#39

Host: albuguergue ks.uiuc.edu

Indexes: physical
Date: Tue 02 Jun 2015 01:07:13 AM CDT




Hwloc ‘Istopo’: 2x Xeon E5, 2x Xeon Phi, 2 GPUs

Machine (256GE total)

| NUMANode P#0 (128GB) |
Socket P#0 O ] PCI 10de:170
| L3 (25MB) |
n PCI 10de:17c2
| L2 (256KE) | | L2 (256KB) | | L2 (256KB) || L2 (256KE) | | L2 (256KB) | | L2 (256KB) || L2 (256KE) | | L2 (256KB) | | L2 (256KB) || L2 (256KE) |
—— PCl8056:83d62
| L1d (32KB) || L1d (32KB) || L1d (32KB) || L1d (32KB) || L1d (32KB) || L1d (32KB) || L1d (32KB) || L1d (32KB) || L1d (32KB) || L1d (32KB) | -
| L1i (32KB) | | L1i (32KB) | | L1i (32KB) || L1i (32KB) | | L1i (32KB) | | L1i (32KB) || L1i (32KB) | | L1i (32KB) | | L1i (32KB) || L1i (32KB) |
] u PCI1a03:2000
Core P#D Core P#1 Core P#2 Core P#3 Core P#4 Core P#8 Core P#39 Core P10 Core P#11 Core P#12
—— PCI 8086:8d02
PU P#0 PU P#1 PU P2 PU P#3 PU P#4 PU P#5 PU P#6 PU P#£7 PU P#8 PU P£9 -
PU P#20 PU P#21 PU P22 PU P#23 PU P#24 PU P#25 PU P#26 PU P#27 PU P#28 PU P#29
| NUMANode P#1 (128GE) |
Socket P#1 (m PCI 8086:1521
[smm |
| L2 (256KE) | | L2 (256KE) | | L2 (256KE) || L2 (256KE) | | L2 (256KE) | | L2 (256KE) || L2 (256KE) | | L2 (256KE) | | L2 (256KE) || L2 (256KE) |
PCI 8086:1521
| L1d (32KB) || L1d (32KB) || L1d (32KB) || L1d (32KB) || L1d (32KB) || L1d (32KB) || L1d (32KB) || L1d (32KB) || L1d (32KB) || L1d (32KB) |
| L1i (32KB) | | L1i (32KB) | | L1i (32KB) || L1i (32KB) | | L1i (32KB) | | L1i (32KB) || L1i (32KB) | | L1i (32KB) | | L1i (32KB) || L1i (32KB) |
——{+—— PCIB086:225¢
Core P#0 Core P#1 Core P#2 Core P#3 Core P#4 Core P#8 Core P#9 Core P#10 Core P#11 Core P#12 micO
57 cores
PU P#10 PU P#11 PU P#12 PU P#13 PU P#14 PU P#15 PU P#16 PU P#17 PU P#18 PU P#19 936 ME
PU P#30 PU P#31 PU P32 PU P#33 PU P#34 PU P#35 PU P#36 PU P#37 PU P#38 PU P#39

t—{}——— PCI 8086:225¢

micl
57 cores
T936 MB




Hwloc ‘Istopo’: 2x Xeon ES + IB + Xeon Phi

Machine (32GE total)

NUMAMNode P#0 (16GE)

P ackage P#0 — | PCI 8086:1521
L2 (20MBE) etho
L2 (256KE) L2 [256KE] L2 (256KE) L2 (256KE) L2 [256KE] L2 (256KE) L2 (256KE) L2 [256KE)
PiCl BDBG:1521
L1d (32KE] L1d (32KEB] L1d (32KE] L1d (32KE] L1d (22KE] L1d (32KE] L1ld (32KE] L1d (22KEB] ethl
L1i (32KE) L1i(32KBE) L1ii32KE) L1i(32KB) L1i (32KB) L1i(32KE) L1i(32KB) L1i (32KB)
— +——— 11— Pcl1a0s:z000
Core P#0 Core P#L Core P#2 Core P#3 Core P#4 Core P#5 Core P#6 Core P&#7
PCI 8086:1d02
FU P&0 PU P#1 FPLU FP#2 FU FP#3 PL P&#4 FPU P#5 FL P#5 PL P#T .
sda
NUMAMode P#1 (16GE]
P ackage P#1 —{+—— Pcl15b3:1003
L2 (20MBE) b0
L2 (256KE) L2 [256KE] L2 (256KE) L2 (256KE) L2 [256KE] L2 (256KE) L2 (256KE) L2 [256KE) milx4_0
L1ld (22KE) L1ld (32KB) L1d (22KEB) L1ld (32KE) L1 (22KE) L1ld (22KE) L1ld (22KB) L1 (22KE) =
Lt PCl BOBE:225¢
L1i (32KE) L1i (3ZKB) L1ii32KE) L1i (32KB) L1i (32KB) L1i(32KE) L1i (32KB) L1i (32KB) mich
&l cores
Caore P#0 Core P#L Core P#2 Core P#3 Core P#4 Core P#5 Core P#& Core P&#7 F93E MB
FU P#3 P P& FL F#10 FU P#11 PU P#12 FPU P#13 FLI P#14 PL P#15




Multi-GPU NUMA Architectures:

« Example of a “balanced”
PCle topology

 NUMA: Host threads should
be pinned to the CPU that is
“closest” to their target GPU

« GPUs on the same PCle I/O
Hub (IOH) can use CUDA
peer-to-peer transfer APIs

 Intel: GPUs on different
IOHs can’t use peer-to-peer

@

i N r N
CPUl1l —— CPU2
" _J \ J
= =
I Iz
= T
o o
‘ IOH 1 \ ‘ IOH 2 \
(na] (el [ [
L] LT aq a5
L) o= (] [ [
=8 =8 [+ [+
- Y4 B 4 AY 4 h
— o~ o =t
> D o >
o o o o
W) ) ) W)
AN J \ FAY J

~

J/

Simulation of reaction diffusion processes over biologically relevant size and time scales using multi-GPU workstations

Michael J. Hallock, John E. Stone, Elijah Roberts, Corey Fry, and Zaida Luthey-Schulten.

Journal of Parallel Computing, 40:86-99, 2014.
http://dx.doi.org/10.1016/j.parco.2014.03.009



Multi-GPU NUMA Architectures:

« Example of a very ' ‘ ’ *
“unbalanced” PCle CPU 1l [—""— CPU2

topology

« CPU 2 will overhelm its
QP/HT link with host-
GPU DMAS

~

» Poor scalability as N pp=Sgsy o
compared to a balanced ||3[&| |~/=||=|¢| (23
PCle topology — P77 —
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Simulation of reaction diffusion processes over biologically relevant size and time scales using multi-GPU workstations
Michael J. Hallock, John E. Stone, Elijah Roberts, Corey Fry, and Zaida Luthey-Schulten.

Journal of Parallel Computing, 40:86-99, 2014.

http://dx.doi.org/10.1016/j.parco.2014.03.009



Multi-GPU NUMA Architectures:

 GPU-to-GPU peer DMA
operations are much more
performant than other
approaches, particularly for
moderate sized transfers

 Likely to perform even
better in future multi-GPU

cards with direct GPU links,
e.g. announced “NVLink”
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Simulation of reaction diffusion processes over biologically relevant size and time scales using multi-GPU workstations

Michael J. Hallock, John E. Stone, Elijah Roberts, Corey Fry, and Zaida Luthey-Schulten.
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GPU PCI-Express DMA

PCI-Express v2 PCI-Express v3
Device to Host
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Simulation of reaction diffusion processes over biologically relevant size and time scales using multi-GPU workstations
Michael J. Hallock, John E. Stone, Elijah Roberts, Corey Fry, and Zaida Luthey-Schulten.
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