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Abstract Speech Recognition Overview

We focus on optimizing compute and memory-bandwidth-intensive GMM
computationsfor low-end, smallform-factor devicesrunning on GPUlike
parallel processors With special emphasis on tackling the memory
bandwidth issuethat is exacerbatedoy a lack of CPUlike cachesproviding
temporallocality on GPUlike parallelprocessorsye proposemodifications
to three well-known GMM computation reduction techniques We find
considerablelocality at the frame, CFGMM, and mixture layers of GMM
compute, and show how It can be extracted by following a chunkbased
technique of processingmultiple frames for every load of a GMM. On a
1,000-word, commandand-control, continuousspeechtask, we are ableto
achieve compute and memory bandwidth savingsof over 60% and 90%
respectivelywith somedegradationin accuracywhen comparedto existing
GPUbasedfast GMM computationtechniques

Nature of ASR Algorithms
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ASR Application Domains Results* Summary
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