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Background
~ Convolutional Neural Network (C(NN) " «wDNN  cuDNN’s Workspace Problem |

* Convolution is one of the critical operations in Convolutional Neural Networks * NVIDIA cuDNN library [2] provides state-of-the-art deep learning * Problem: cuDNN may require a workspace as large as the network itself

(CNNs) primitives for GPUs (magnitude of GiB) to use efficient convolution algorithms

* Most of the computational time of CNN is spent on performing * cuDNN provides several equivalent convolution algorithms 800 4 @ Data A INPLICLT PRECOMP GENN

convolution GEMM-based convolution = wieights N 300
. . . . . . = orkspace =
e Most CNNs use two-dimensional convolution, which is composed of e  FFT-based convolution — 600 — e (Total time) 250
seven-nested loops e Winograd’s algorithm = - 200 £
| ® ()
https://developer.nvidia.com/sites/default/files/akamai/ §
. . . cuda/images/product_logos/cuDNN_logo_340x190.jpg — 100
, w Pseudo-code of two-dimensional convolution 200 —
C// 1: for(n =0; n < N; n++) // Mini-batch loop GEMM-based Wingorad FFT-based — 90
2: for(k=0; k < K; k++) // Output channel loop 0 I
H . X Y X Y X Y
--——-————-:::_—::_‘_:_:_::' 3: for(h =0; h < H; h++) // Height loop VIV | V|V . | V|V . 12345678 12345678 12345678
4. for(w=0; w<W; wt++) // Width loop im2|col : T T e T F L conv fc conv fc conv fc
» 5. for(c=0;c<C;ct+) // Input channel loop : : . b | AN 1 1 7)) (8 MiB) (64 MiB) (512 MiB)
. 6: for(v=0; v <V; v++) // Kernel width loop < | lwl =y 5 lolw =] ¥ 2 ol w =] ¢ Memory consumption (bars) and computation time (line/points) of AlexNet
X 7 for(u=0; u < U; u++) // Kernel height loop on P100-SXM2 with different workspace sizes
Two-dimensional convolution 8 Y(n, k, h,w] += Wk, c,v,u] x X[n,c, h + v, w + u]; 9 Winograd domain ) 9 Frequency domain D
Problem Statement
: Workspace ) . . .
* How can we use cuDNN’s faster convolution algorithms with a small memory?
Convolution algorithms supported by cuDNN .

How can we apply the approach to existing DL frameworks?

Proposal: u-cuDNN
~ Overview  Workspace Policies: WRand WD | _

. -cuDNN is a C++ thin wrapper library for cuDNN [1] « p-cuDNN employs one of two workspace utilization policies: Given
Il
* |t divides a mini-batch into “micro-batches” by applying loop splitting  Workspace Reuse (WR): Each layer reuses a private workspace  M: A total workspace limit
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Evaluation

GPUs: NVIDIA Tesla K80, P100-SXM2, V100-SXM2, K20Xm, and 750Ti DeepBench is a set of frequently used layer configurations in DL U-cuDNN on Caffe achieves 1.38x and 1.14x speedups
e cuDNN: 7.1 (or 6.0 for Caffe and TensorFlow) * which contains 94 convolutional layers for convolutional layers of AlexNet and ResNet-50 on
 Frameworks: Caffe 1.0, TensorFlow 1.4.1  un-cuDNN achieves up to 4.54x speedup (1.60x on average) on V100-SXM2 using Tensor Cores  P100-SXM?2
 LPsolver: GNU Linear Programming Kit (GLPK) 4.63 e p-cuDNN exploits PSEUDO_HALF in 69% of the layers  Time to solve the ILP problem was negligible (5.46 ms
GPU specification  u-cuDNN achieves 1.16x, 1.73x average speedups for 3 X 3 kernels on P100 and V100 for ResNet-50)
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e GEMM-based convolution requires only a workspace of 4.3 KiB but Time to perform forward- and backward-passes of
relatively slow AlexNet on three different GPUs using different
e FFT-based convolution is faster than GEMM, but it requires a workspace sizes (8, 64, 512 MiB)
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