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OVERVIEW

Contributions:

- Afully pipelined core implementing KNLMS.
- A complete PCle system.

- Large speedups over previous designs.

- Floating point and fused arithmetic designs - details in the paper!



INTRODUCTION: MOTIVATION & AIMS

Machine learning - creating models to fit data.
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Two common problems arise:

- How do we decide which algorithm to use?

- Given an algorithm, how to do we configure it?



MOTIVATION: KNLMS CONFIGURATION

Parameter selection can be the difference between a good and bad models.
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Figure 1: The accuracy of KNLMS while varying a single parameter.



BACKGROUND: KERNEL METHODS

KNLMS model:
- Adictionary, D.
- A vector of weights, a. Xp —— ¥t
- A kernel function, x(x;, X;). Yt ——— KNLMS
{Dt7at}
Prediction calculation (given x;):
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The expressions are recursive - this creates a dependency problem!



BACKGROUND: PARAMETER SEARCHING

Avoid the dependency problem by reordering the loop.

for (parameters) { for (examples) {
for (examples) { — for (parameters) {
learn_model(); - learn_model();
} }

} }



ARCHITECTURE: THE KNLMS CORE
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The core calculates a non-recursive portion of KNLMS.



ARCHITECTURE: PIPELINING THE CORE
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~210 pipeline stages were needed to achieve ~300MHz.



ARCHITECTURE: PCI-BASED SYSTEM
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On each clock cycle, a different set of parameters is passed in.



RESULTS: PERFORMANCE

The core achieves speedups of 300x/2,800x over a CPU (C) and a
vector processor respectively.
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The core is capable of learning ~210 models at ~160GFLOPS.



RESULTS: SCALABILITY

LUTs (%)

- V(707 (Virtex 7): N=16, M=8. (N = dictionary entries, M = feature length)
- Virtex Ultrascale+: N=64, M=8 (estimated).
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CONCLUSION: SUMMARY

- Demonstration of a fully pipelined machine learning core:
- The core achieves ~300x /~2,800x speedups over a CPU and a
previous design.
- A 210 stage pipeline core achieves 160GFLOPS.
- PCl system achieves ~70x /~660x speedups over a CPU and a previous
design.

- Floating point and fused arithmetic investigated - details in the
paper!

- We hope this design enables embedded and real-time
applications for machine learning.



CONCLUSION: FUTURE WORK

Future work includes:

- Further investigation of precision tradeoffs.
- Reducing the design latency.
- Implementing other machine learning algorithms.

- Using other platforms, such as GPUs and heterogeneous
architectures.



THANK YOU. ANY QUESTIONS?
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APPENDICES



SYSTEM PERFORMANCE

Table 1: Comparison of online kernel method implementations. Note that
N =16 and M = 8.

Implementation Algorithm  DSPs Freq Time  Slowdown rel.

(MHz) (ns) to System
Naive KNLMS 12 96.7 7,829 576
Float KNLMS 1267 314 3.18 0.23
System KNLMS 691 250 13.6 1
CPU (C) KNLMS - 3,600 940 69
CPU (KAFBOX) KNLMS - 3,600 73,655 1703

Pang et al. [2013]  SW-KRLS 30 237 9,000 661




GROWTH PATTERN

Table 2: Area utilisation of different designs obtained from synthesis. Note
the computational complexity of KNLMS is O(mn).

Type M N LUTs DSPs L Frax

2 16 77K 595 185 385
4 16 109K 819 196 385
16 16 307K 2163 218 385
Float 8 2 23K 161 162 385
8 4 46K 319 177 385
8 8 95K 635 192 385
8 16 173K 1267 207 385
2 16 102K 494 161 303
4 16 119K 595 163 303
16 16 440K 1171 175 303
Fused 2 33K 101 131 303

8

8 4 64K 199 143 303
8 8 130K 395 155 303
8 16 247K 787 167 303
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