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CHOOSING A SCALED PLATFORM:
DENSE NODES ARE A BUILDING BLOCK FOR EFFICIENCY
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CHOOSING A SCALED PLATFORM

Better strong scaling, easier to manage

Denser stronger nodes

Threads
Efficiency 0 Vs.
Density *

Strong connections

Push out IB “sharp edge” with a memory-bus link (NVLink)

Direct load/store/atomics

8 &nvibiA.



SYSTEM ARCHITECTURE
DENSE NODES AND SUB-CLUSTERS



NVLink: THE DENSE NODE ENABLER

Addressing among GPUs
Loads and stores “just work” and enjoy coalescing benefits,
Atomics “just work” across devices, synchronization is based on atomics
Communications among GPUs
Remote memory accesses enjoy the same latency tolerance as local ones
Direct loads and stores avoid staging, extra buffers, copying; easier to program

Full access by default, but can manage locality (affinity, replication) as desired
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CLUSTERING SUBSETS OF GPUS

Deep learning wants all-reduce, then all-gather/scatter
All-all algorithms were avoided because they don’t fit current platforms well
Model/hybrid trending toward point-point halo exchange vs. all reduce

So seems sufficient

HPC sometimes wants all-all 2>

1 process or rank may want to map to {1,2,4,8,16} GPUs
Close communication may happen in 1 or many ranks/processes

May want strongly-connected sub-clusters (e.g. 16-GPU HGX)
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Front-end

GPUDIRECT ASYNC unit

. Kepler Workflow
leverage GPU front-end unit

Stream Queues
Ordered queues of

Communications prepared by CPU ‘

hardly parallelizable, branch intensive

CUDA-Created Grid Management Unit
Waark Pending & suspended grids
——

GPU orchestrates flow

1000's of pending grids

Run by GPU front-end unit | monante
. --W::rk Eistrihutor-_- i
Same one scheduling GPU work ( Actively dispatching grids

3 Active Grids

Compute Engines i 7 \\.

Now also scheduling network
communications




NCCL: NVIDIA COLLECTIVE COMMUNICATIONS LIB

between CUDA devices.
into any DL framework, as well as traditional HPC apps using MPI.

Runs on the GPU using asynchronous , for faster access to GPU memory,
parallel reductions, NVLink usage.

Similar to MPI collectives, but has a parameter, operates on

- Enables use of multiple threads per MPI rank,

Minimizes GPU threads to permit other computation to progress

NCCL 2.0 adds support for
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PERFORMANCE

Inter-node performance: all-reduce bandwidth, coarse-grained

- 50 On top of MPI,

S B MP] CUDA kernel

§ 40 per chunk

g 10 M Baidu Allreduce

) B NCCL

= 20

O

I

S~~~

3 . — I
2 nodes x 4 GPUs (IB EDR, PCI Switch) 4 nodes x 8 GPUs (DGX-1 : 4x IB EDR, 4x NVLink)

MVAPICH2 GDR 2.2 - - - -
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GPU-CENTRIC COMMUNICATION

GPU-initiated communication

Removes overheads caused by reliance on CPU
Kernel launches
Synchronization

Moves communication into parallel regions
Better utilization of GPUs
Better overlap
Smoothened traffic

Prototyped with NVSHMEM
Among PCle- and NVLink-connected GPUs
Peer memory mappings
Direct load/store accesses
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CPU-INITIATED MPI VS. GPU-INITIATED NVSHMEM

MPI

Buffered, bursty

Write to local, copy to MPI, copy to other rank, copy to user code

Communication is separate from computation

Fine to do from CPU at the end of a phase of computation
SHMEM

Fine-grained, smooth

Direct load/store, no extra allocs or copies

Communication is naturally integrated with computation

Better to do from GPU while you’re doing the work
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MULTI-GPU TRANSPOSE
Similarly, speedup on

8 [16] 2432404856 .
9 (172533414957 HPGMG, Caffe can GPPr'OClCh 2*X
10|18 |26 |34 |42 50|58
11|19 (273543 |51 |59

(o]
(Vo]
=
o
[y
[N
[y
N
[y
w
[y
»
[y
(%2}
WIN|F~|O

GPU o 1617|1819 |20|21|22]23
24125126127128[29]|30|31

MPI version requires 3X higher memory bandwidth than

- NVSHMEM version
121201283644 |52| 60

3213334353637 38]39
GPU 1 40 (41 (42 (43|44 (45|46 |47
48 (49 (50 (51|52 (53|54]55
5657|58|59]|60(|61|62]|63

13121129(37145(53161( NVSHMEM significantly reduces code complexity and delivers

14122)130|38|46|54[62| better performance
15[2331]39[47]55]63

N|jo| »u | &

——MP| -#-NVSHMEM Speedup

==VIP| NVSHMEM ‘g
L 200 8.0x
3 6.9 -
__25 = 150 6.0x
g 20 — £ 100 . 4.0
Q 15 | o .'E "r.J.y o X
m 10 3 l/ A LT7%1.3% 1A% 1. 2%
O 5 2 50 // i : X 2.0x
% 0 I I I : g 0 T T T T T 0.0x
3 512 1024 2048 40% 3§ 512 1024 2048 4096 8192 16384
3 . .
£ Matrix dimension Matrix Dimension
) 4 K40 GPUs with PCle Gen3 (same root) 4 Pascal GPUs with NVLink

Both MPIl and nvSHMEM bandwidth Limited o .
MPI more limited by memory bandwidth 20 <nvioia



Poll

WOULD AN MPI/SHMEM LAB BE HELPFUL?

With OpenACC, same code run on CPU or GPU; create a CPU-enabled version of nvSHMEM

For CPU data
MPI buffered outside parallel
SHMEM buffered outside parallel: similar
MPI buffered inside parallel, each thread works on its own buffer: parallel accesses
SHMEM buffered inside parallel, each thread works on its own buffer: < overhead, > parallelism
: remove buffer overheads, smooth accesses
For GPU data

MPI buffered outside parallel
nvSHMEM buffered inside parallel, each thread works on its own buffer: < overhead, > parallel
: remove buffer overheads, smooth accesses

We are looking at creating such a lab. Interested?
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BREADTH FIRST SEARCH

MPI has no compute/communication overlap; NVSHMEM fuses them
8 P100 GPUs in DGX-1 Scale of 20, 4 P100 GPUs

B cuMPl ® NVSHMEM

® Compute ® Communication ® Fused

2500
g 0.95x
198 2 2000 -
= 1.07x
-
%, 1000
o
£ 500
24 0 . . .
Scale of graph cuMPI-1x4 SHMEM-1x4 cuMPI-2x2 SHMEM-2x2

Greater impact of NVSHMEM’s atomics vs. MPI’s packed transfers with congestion at large sizes
2D MPI decomposition already more efficient, gain from fusing is relatively smaller
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GPU-VERBS FOR IB

Developing a prototype IB-verbs for GPU

Extension to GPUDirect RDMA (host-bypass in data path) and Async (host-enqueued GPU-triggered communication)
Truly

Funded in part by ORNL, sub-contract #4000145249
GPU-centric design of verbs
Slow cores and massive concurrency

Inverted memory hierarchy (register and shared memory usage for performance)
Implicit WARP-level coalescing of accesses

Relaxed Memory Model
Can this allow NVSHMEM model to extend of GPUs?
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2D STENCIL MINI APP IMPLEMENTED IN GPU VERBS

8 nodes - 1 Pascal GPU +
1 1B FDR HCA on each node

15 ——2 nodes 4 Performance of GPU verbs h
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TAKE-AWAYS

Dense nodes and highly-connected sub-clusters create more opportunity for efficiency
SHMEM shows benefit from fewer copies, overlapped communication and computation
CPU-initiated communication can be done in parallel, even triggered by GPU

GPU-initiated communication avoids overheads, benefits from more parallelism

NCCL and GPU verbs can span nodes
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COMPARISON WITH ALTERNATIVES

CUDA IPC is lower level than what most users want

This is what NVSHMEM uses for GPU peers. It could be used directly, and users could set up
peer-peer access, shared memory allocation, and cross-rank communication themselves

MPI Windows pays a performance price for its generality
Superset of NVSHMEM functionality
Create or allocate shared window, get address to enable direct load/store
Sources of MPI performance overheads, unless restricted
Different sizes on different processes - same size enables base + offset addressing

Window object gets translated to base address translation - restrict for use on GPU only
Data type can be arbitrary vs. baked into function name - restrict types, focus on HW support
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