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SGD	  for	  Matrix	  Comple3on	  
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•  Exis3ng	  distributed	  algorithms	  for	  matrix	  comple3on	  mainly	  
designed	  for	  MapReduce	  

•  Distributed	  algorithms	  for	  a	  shared-‐nothing	  environment	  :	  
–  Direct	  communica3on	  of	  nodes	  

–  Asynchronous	  
– Overlay	  computa3on	  and	  communica3on	  
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