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Overview Frame Sync. To Phone Sync.

« Problem: Linguistic search takes over 50%  Frame synchronous Viterbi beam search in CTC « Dynamic Load Balancing
computation in Automatic Speech : w* = argmax{P(w)p(x|w)} = argmax{P(w)p(x|ly)} : Table 2: Speedup of the Proposed Method (beam=14).
Recognition (ASR)_ . w W Group 0 with 32 threads _ i
P(ly[x) : Token 2 system 1 bestA - lattlceA
h: 5 = argmax {P(w) max — —— } D pkpatcher /\‘ : RTF RTF
Approach: | w L P(lw) (catomichaaigamar 2 [+ e — i cpU 016 10X | 027 10X
— Re;llljvcl:edthl_e Search Complexity by End-to- ] i U :  +8-sequence (1 socket) - - 0.15 18X
en odelln . - . t : .
J | 5 =argmax (P(w) _ max = o ] GPU 0016 10X | 0.080 33X
— Accelerate the Search Speed using Parallel : w mrel! B(m.r)=lw P(lw) 1 - + atomic operation 0015 11X | 0077 35X
Computing w.p = (m,...,mp) is the frame-wise decoding path - Group 1 with 32 threads + dyn. load balancing 0.011 15X 0.075 3.6X
: l, is phone sequence corresponding to w in dictionary 2 | Token ? + lattice prune - - 0.028 | 9.7X.,
« Experiments & Discussion: 5 times and 50 : | € L and L is the phone set : o1 + 8-sequence (MPS) 0.0035 46X | 0.0080 34X -
times speedup respectively; able to combine i m € L/ and I/ = L U {blank} : \Q S5y | |
: « Frame synchronous to phone synchronous decoding : * 34times speedup from parallel computing
g R : 1 : Thread 0 : : HCLG SIZE (MB)
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seare Corrrns? = K+AAM+R "1 5 - Atomic operations e.g. memory allocation 5 —
o | E — argmax { P(w) max —— ‘ ‘ b : » Parallel lattice pruning Py
/ Language <> . w w'mw'eL,B(7]. )=l P(lw) e i . e
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: U ={u: Ypanx = 1} is the set of common blank time indexes . Experl ments t 0.005
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: « Experimental Setup

J =T — |U| isthe number of output phone labels : _ .
» « Switchboard 300 hours corpus, Cross Entropy & LF-MMI acoustic = « Varieties of GPU arch., WFST sizes and acoustic models.

From HMM to CTC model | T o g

. _ . . . Para I Iel Viterbi Decod i n - 30k-vocabulary, several tri-gram language models (LM) S
From HMM to CTC: do better in sequential modeling : g : e Baseline: Kaldi 1-best decoder, Kaldi lattice decoder : ConCI u SIO ns
Kaldi ASR pipeline = « GPU Optimization: Fast memcpy; merge GPU kernels by adding - : .. :
: (improved) : grid sync.: etc. (rel. 20% speedup) . Genera} §peedup of linguistic search in speech
Stronger classifier Better sequential Eirec'f mOdﬁ””g : : « https://github.com/chenzhehuai/kaldi/tree/qpu-decoder recognition
& more data modeling P One/vggig eme/ E ) feature acoustic . WFST decoding|  text/ E .
: IO extraction [ O modeling [ PO (GPU) lattice performance search speed-up : .
I subset FSD—PSD FSD—PSD FSD—PSD i End-to-end Modeling
: _ _ : WER A(%) | SRTF  A(%) #AT A(%) s 2 R
() : + Three levels of parallelism: future, history, utterance : e T : - TR
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e e : R O 2 : callhm || 333 400 | 0.073  -70 2211 77 g i
P e A< - OO layer = layer = 1 layer = layer = 3 layer = 4 . IR _*
x(t-1) [ xit) (x(t+1) (x(e-1) [ xit) (x(t+1) . =
k\) &) Q \) \) Q - * 3times speedup from end-to-end modeling = E E
 CTC model: learn the many-to-one function
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« peaky distribution and concentrated information : « Atomic Token Recombination »l,
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gwavcfom __________________ \ﬁ? 19.2 -<L CAR /C+A+R

= 1| /- X - int64* atomicMax(*address, val) { 19 :
] o, e 2 original = *address; C 1
% v ° *address = max(val, *address); 188 | Paral Iel om pUtI ng
2, ' l—?‘ ——Hh] ey e return original; | Search  Future works:
Ol A ‘ cte g . } 18.6 . ‘ RIF « Inspire more researches in GPU decoding
l 1 score=0.9
d4/ 001 002 003 004 005 006 007 008 - Combination of Both Techniques
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https://github.com/chenzhehuai/kaldi/tree/gpu-decoder

