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1 Introduction

This paper describes some of the recent and current de-
velopment work to the T? (i-cubed) speech recognition
decoder. These include better hardware and platform
support, improved multicore acoustic scoring and a gra-
pheme to phoneme system added to the supporting tools.

2 Platforms and Architectures

The fundamental goals of the core engine are speed, per-
formance and resource usage. Recently we have focu-
sed on portability and platform support. Developing a
highly scalable single code base which can make use of
wide range of hardware is a significant challenge, in par-
ticular the engine should be able to scale up and down
with the targel hardware. The recent efforts to realize
this aim are as follows:

e To support Graphics Processing Units (GPUs) and
parallel processors from multiple vendors. A
layered approach has been added to allow dif-
ferent device specific Application Programming
Interfaces (APIs) to be evaluated more easily.

e For the PowerPC and other big endian processors
the byte ordering is automatically handled inter-
nally to allow binary compatibility with the stan-
dard x86 byte ordered models.

e The decoder has been compiled and tested on
Unix, Windows and MacOS platforms and on
x86, AMDG64, PowerPC and ARM (via an emu-
lator) processors.

2.1 Layered Acoustic Scoring

A unified abstraction layer has been implemented to en-
capsulate the GPGPU scheme we proposed in [4]. Un-
derneath this layer various device layers are used to per-
form the actual computation. The motivation is to allow
for different device layers to be implemented around the
various GPUs and data parallel APIs such as OpenCL
or DirectX compute shaders. Device layers are not just
restricted to GPUs, alternatively they could be the Sy-
nergistic Processing Units (SPUs) on the Cell processor,
a conventional multicore processor or a totally different

class of a device such as a Field Programmable Gate Ar-
ray (FPGA).

The abstraction layer provides the high level inter-
faces needed by the decoder to create the matrices of
acoustic parameters and launch the transfers or compu-
tations. A Synchronization barrier is also available to
allow the acoustic computations to be performed in an
asynchronous fashion. In this overlapped mode the up-
coming acouslic scores are computed whilst the search
algorithm operates on the current window of acoustic
SCores.

2.2 High-level API

Previously there were two levels at which to interact
with the 72 decoder. By shell level executables or at
the source level in C++. To make the decoder more ac-
cessible to researchers or developers and ecasier to em-
bed into application we are crealing a set of Windows
.net APIs. These high level interfaces follow the method
signatures of the Microsoft Speech APL

2.3 Trainable Grapheme-to-Phoneme Module

A new tool available is a WFST based grapheme-to-
phoneme (GTP) module for learning and generating pro-
nunciations. The system is fully trainable from an una-
ligned pronunciation dictionary and places no restric-
tions on the language. The tool first generates a set of
uni-gram alignments [rom the pronunciation dictionary.
The alignments are then used to build the G2P WEST
using a procedure similar to the scheme described in
[3]. The alignment pairs are converted into a sequence
of the form (g, p}), . (9. P}y, - {g,p),. Where g is gra-
pheme and p is a phoneme. The entire set of sequences
is used to a train an n-gram language model.

Next the n-gram language model is converted to an
n-gram weighted acceptor representation where each in-
put label belongs to the set of transliteration alignment
pairs. Next the pairs labels are broken down into the
inpul and output parts and the acceptor is converted to
a transducer A4, To perform the actual G2P conversion
the input word is converted to an acceplor I which has
one arc for each of the characters in the word. [ and M
are combined according to I ¢ M = O where o denotes
the composition operator. The n—best paths are extracted
from () by projecting the output, removing the epsilon
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Baseline Multicore Multicore Overlapped | GPU Overlapped
Beam | ACC RTF | ACC RIF SU | ACC RTIF SU | ACC RIF SU
125 | 77.65 0.351 |'79.65 0349 -1.01 | 77.65 0345 102 | 77278 0.066 3532
150 | 7942 0.664 | 7942 0.449 148 | 79.42 0406 164 | 79.69 0.151 44
175 | 79.93 1.1 | 7983 0649 1.69 | 7993 0572 192 | 80.15 0.335 3.28
200 | 80.06 1.634 | 80.06 0.934 1.75 | 80.06 0.871 1.88 | 80.31 0.631 2.59

Table 1: Comparison of the multicore acoustic scoring implementations in comparison to the vectorized CPU and
GPU implementations. ACC is the word accuracy, RTF real time factor and SU is the speed-up over the SSE base-

line.

labels and applying the n-shortest paths algorithm with
determination from the OpenFst Toolkit [1].

3 Evaluations

In these evaluations we demonstrate a device layer that
uses a standard multicore processor and is able to sub-
stantially speed-up the decoder. To perform the ma-
trix multiplication we used the AMD ACML library([2]
which is freely available and even though aimed at AMD
processors, il can also achieve very high performance on
Intel processors.

We compared the multicore acoustic computations
in both synchronous and overlapped modes to our stan-
dard on-demand vectorized CPU implementation and
GPU implementation programming through Compute
Unified Device Architecture (CUDA). The CPU was an
Intel Core 2 processor with four cores and the GPU was
a CUDA GTX280.

The recognition task used 2328 utterances from the
Corpus of Spontaneous Japanese. The acoustic feamres
were 39 dimensional MFCCs, the acoustic models had
3000 states each with 128 Gaussians and the search net-
work was built from a tri-gram language model to give
a final size of 1.1M arcs and 2.4 states. The band was
set at 10000 and the beam width varied from 125 to 200,
the window size used in the acoustic computations was
64 samples for all devices.

Table 1 shows the performance of the various acous-
tic scoring implementations, we see the GPU device is
fastest in all cases and obtaining higher accuracies due
to the use of a full logsum in the likelihood compu-
tations. By using the synchronous multicore accelera-
tion in the best case we obtained a 1.75 times speed-up.
By operating in overlapped mode it was possible to ob-
tain over further 10% improvement in speed and this al-
lows the multicore approach to nearly half the decoding
time. One of the key points of our implementation is no
low-level programming is required because we create a
simple wrapper around highly optimized libraries [rom
the hardware vendors, and furthermore it is very simple
to rapidly evaluate different device layers.

We also performed evaluations on the Cell proces-
sor by utilizing a PlayStation 3 console with Linux ins-
talled. These experiments confirms the decoder can run
on big endian hardware and with binary comparability.
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However, these initial evaluations show the decoder mn-
ning several times slower than the current x86/AMD 64
version. Future research is needed to fully understand
how to obtain maximum performance on this platform.
It could be our choice of hardware or software platform.
for example performance could be improved by using a
version of the operating system with huge page support.
These initial evaluations illustrate it is essential to fully
utilize the SPUs to obtain best performance on the Cell
based processors.

4 Conclusions and Future Work

In this paper we have described some recent and cur-
rent additions to our decoder and toolkit. In particular
we have shown our latest multicore implementation can
nearly halve the decoding time.

When a production ready OpenCL implementations
becomes available we would like to evaluate OpenCL
implementations of our GPGPU acoustic scoring on va-
rious different GPUs. OpenCL is industry standard APT
for targeting GPUs and parallel processors and should
allow us Lo support a greater range of hardware from a
smaller code base. Another area we are investigating is
moving the decoder to embedded and computationally
limited platforms.
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