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We focus on optimizing compute and memory-bandwidth-intensiveGMM
computationsfor low-end, small-form-factor devicesrunning on GPU-like
parallel processors. With special emphasis on tackling the memory
bandwidth issuethat is exacerbatedby a lackof CPU-like cachesproviding
temporal localityon GPU-like parallelprocessors,we proposemodifications
to three well-known GMM computation reduction techniques. We find
considerablelocality at the frame, CI-GMM, and mixture layers of GMM
compute, and show how it can be extracted by following a chunk-based
technique of processingmultiple frames for every load of a GMM. On a
1,000-word, command-and-control, continuous-speechtask,we are able to
achievecompute and memory bandwidth savingsof over 60% and 90%
respectively,with somedegradationin accuracy,whencomparedto existing
GPU-basedfastGMMcomputationtechniques.
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ÁTraditional fast GMM techniques map well onto GPU-like parallel

architectures.

ÁSignificant temporal locality at every stage of GMM compute exists

and can be extracted without significant overhead.

ÁThree layers optimized:

ÁFrame layer

ÁCI-GMM layer

ÁMixture layer

ÁSavings obtained:

ÁCompute: ~60%

ÁMemory bandwidth: ~90%

ÁThese savings are critical for achieving high-quality speech

recognition on low-end GPU-like platforms.
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4 4 3 4.00 69.11 93.94

4 4 4 3.29 65.06 92.69

8 4 3 6.21 72.77 95.58

8 4 4 4.40 67.09 94.56
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4 3 3.57 36.61 85.53

4 4 2.95 23.56 81.96

8 3 5.48 39.76 91.50

8 4 3.92 25.50 89.41
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1 1 3.09 46.16 46.16

4 3 3.08 60.66 82.27

4 4 3.03 67.97 90.18

8 3 3.03 47.59 90.26

8 4 2.97 54.92 91.89
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