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{patrick.cardinal,pierre.dumouchel,gilles.boulianne}@crim.ca

Abstract
The speed of modern processors has remained constant over the
last few years and thus, to be scalable, applications must be par-
allelized. In addition to the main CPU, almost every computer
is equipped with a Graphics Processors Unit (GPU) which is in
essence a specialized parallel processor. This paper explores
how performances of speech recognition systems can be en-
hanced by using GPU for the acoustic computations and multi-
core CPUs for the Viterbi search in a large vocabulary appli-
cation. The multi-core implementation of our speech recogni-
tion system runs 1.3 times faster than the single-threaded CPU
implementation. Addition of the GPU for dedicated acoustic
computations increases the speed by a factor of 2.8, leading to
a word accuracy improvement of 16.6% absolute at real-time,
compared to the the single-threaded CPU implementation.
Index Terms: speech recognition, parallel, GPU, multi-core

1. Introduction
Large vocabulary automatic speech-recognition is a computa-
tionally intensive task. Most speech recognizers run under a
sequential implementation that cannot take advantage of mod-
ern processors with multi-core technology. In order to exploit
this power, a parallel speech recognition system must be imple-
mented.

Other architectures specialized in parallel computations can
be used as a coprocessor to outperform the speeds offered by a
modern CPU alone. In fact, almost every modern-day com-
puter contains such a device. Indeed, modern graphic cards
incorporate a specialized processor called Graphics Processing
Unit (GPU). A GPU is mainly a Single Instruction, Multiple
Data (SIMD) parallel processor that is computationally power-
ful, while being quite affordable. Over the years, the GPU has
evolved into a flexible processor.

A noteworthy technological advance was achieved in 2007,
when NVidia and ATI introduced the unified architecture. This
greatly enhanced the flexibility and usability of the GPU, to the
extent that it is becoming a mainstream alternative for general
purpose calculations.

This paper explores how parallel architectures can be used
to improve speech recognition system performance. In this
work, the GPU is used to compute acoustic probabilities while
a multi-core CPU is dedicated to the Viterbi search. The paper
is organized as follows. In section 2, we first make a wrap-
up of GPU applications and parallel implementations of speech
recognition systems. In the third section, we describe how
acoustic computations have been implemented in the GPU and
how the Viterbi search has been parallelized. In the fourth sec-
tion, our experimental results are presented and we conclude by
discussing what comes next in our parallel implementation of a
speech recognition system.

2. Related Work

A parallel implementation of a speech recognition system is
presented by Phillips et al. [1]. Their system builds the trans-
ducer on the fly during the decoding process. They have ob-
tained a performance of 0.8x real-time on a 16 CPU computer
for the North American Business News (NAB) database. The
same experiment ran at a speed of 3.9x real-time on a single
CPU.

In their experimentation of using external hardware for im-
proving a speech recognition system, Nedveschi et al. [2] im-
plemented a 30 word system for recognizing numbers in a
FPGA or ASIC. Their implementation was shown to be very
efficient in terms of energy consumption and gave results sim-
ilar to software implementation. Lin et al. [3, 4] implemented
a 1000-word speech recognition system in a FPGA that was
7x faster than their software implementation (SPHINX) and re-
sulted in a real-time speech recognizer.

In computer vision, the GPU has been used by Fung [5] to
accelerate signal processing algorithms such as blurring, low-
pass filtering and downsampling. They obtain a speed-up by
a factor of 3.5 over a CPU. In image processing, Erra [6] im-
plemented fractal image compression algorithms on a NVidia
GeForce FX 6800 and obtained a speed-up of 280x over the
equivalent CPU-based algorithm. In computational geometry,
GPU has been successfully used in distance fields, collision de-
tection, transparency computation and particle tracing. These,
and many other applications implemented on GPUs are dis-
cussed in [7].

In signal processing, the FFT has been efficiently imple-
mented in a GPU considering that the FFT is clearly memory
bound. An openGL implementation, described in [8], yields a
gain of 1.9x. More recently, a RapidMind [9] implementation
showed a gain of 2.7x over a highly optimized CPU implemen-
tation running on the fastest CPU at the time [10].

The use of GPU has been explored for feature extraction by
Bremer et al. [11]. The implementation showed a speed-up of
7.1x over the software implementation. Chong et al. [12] imple-
mented a 50000 word speech recognizer system in a GPU and
they obtain a speed-up of 9x over a CPU implementation. How-
ever, their implementation does not use Weighted Finite-State
Transducers [13] that make up current state-of-the-art systems.
Moreover, in many real-world applications, GPUs do not have
enough memory to contain all the required data. For this reason,
we prefer to establish a cooperation between the CPU and the
GPU.
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3. Implementation
3.1. CPU Implementation

The parallel Viterbi search is very similar to the sequential one.
The following describes the changes applied to our sequential
version.

Figure 1: Parallelized Viterbi search

The set of active states is divided into n subsets, where n is
the number of threads dedicated to the state expansion process.
As shown in Figure 1, some transitions lead to states belonging
to another thread. Updating these states can lead to data inco-
herency. One solution is the use of a protection mechanism such
as mutexes, which are very time consuming. Another approach
is to duplicate destination state informations and merge them
once all states have been expanded. Although this solution im-
plies an overhead, it is much faster than the use of mutexes and,
for this reason, is the approach upon which our implementation
is based.

At the end of the expansion process, the best score is found
and state pruning is applied in parallel. Then, surviving states of
each subset are merged together to create the active state set for
the next iteration. The merging step is performed sequentially.
We should however point out that if the number of threads be-
comes important, it may prove more efficient to perform this
step in parallel using the reduction algorithm [8].

Since a distribution likelihood can be used more than once,
a cache is used to store precomputed values. In our parallel
implementation, this cache is shared among all threads which
means that if the acoustic probability for a given distribution has
been computed, the result will be available by any other thread
if needed. Consequently, in this scheme, the acoustic compu-
tations are also parallelized. Note that it is possible that two or
more threads need to compute the same acoustic likelihood at
the same time. In this case, the probability will be computed
twice. Fortunately, this is a rare event (less than 0.1% in our
experiments).

3.2. GPU Implementation

In our implementation, searching the recognition network is
performed by the CPU while the computation of acoustic prob-
abilities is delegated to the GPU.

The natural logarithm of the likelihood for a single Gaus-
sian can be expressed as:

bjc(�ot) = lnαjc − 1

2
ln((2π)d|Σjc|)− 1

2
�μ′jcΣ

−1
jc �μjc +

�μ′jcΣ
−1
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2
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The first three terms are independent of the observations
and can be considered a Gaussian-specific constant that can
readily be pre-computed. Denoting this term by hjc, it is:

hjc = lnαjc − 1

2
ln((2π)d|Σjc|)− 1

2
�μ′jcΣ

−1
jc �μjc

Excluding the observations, the last two terms can be de-
noted by:

ujc = �μ′jc · Σ−1
jc

vjc = Diag(−1

2
Σ−1

jc )

where Σ−1
jc is the diagonal covariance matrix. The likeli-

hood for a single Gaussian can thus be expressed as:

bjc(�ot) = (hjc + ujc�ot + v′jc�o
2
t )

This computation can be accomplished by a dot-product of
the following two vectors, in which subscripts designating the
distribution component have been omitted for clarity:

�obs = (1̄, o1, o2, · · · , on, o21, o22, · · · , o2n)
�M = (h, μ1σ

−1
11 , · · · , μnσ

−1
nn ,−

1

2
σ−1
11 , · · · ,−1

2
σ−1
nn )

where 1̄ is the identity element of multiplication. The like-
lihood of a distribution is defined as :

ln bj(�ot) =

CjM

c=1

( �obs · �Mjc)

where
L

is the logarithmic addition and is defined as
ln(ex + ey). In this form, the computation of acoustic prob-
abilities is perfectly suitable for a GPU since each distribution
can be independently computed in parallel, and the results rest
upon basic dot product operations.

3.2.1. CUDA development framework

We have implemented the acoustic computation module
in CUDA, a development framework for NVidia graphic
cards [14]. The CUDA framework shows the graphic card as
a parallel coprocessor for the CPU. The development language
is C with some extensions.

A program in the GPU is called a kernel and many of them
can be concurrently launched. A kernel is made up of config-
urable amounts of blocks, each of which consists in a config-
urable amount of threads.

At execution time, each block is assigned to a multiproces-
sor. More than one block can be assigned to a given multipro-
cessor. Blocks are divided in groups of 32 threads called warps.
In a given multiprocessor, 16 threads (half-warp) are executed
at the same time. A time slicing-based scheduler switches be-
tween warps to maximize the use of available resources.
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Figure 2: Reduction algorithm applied to the acoustic compu-
tation.

There are two kinds of memory. The first is the global mem-
ory which is accessible by all multiprocessors. Since this mem-
ory is not cached, it is important to ensure that the read/write
memory accesses by a half-warp are coalesced in order to im-
prove the performance. The texture memory is a small part of
the global memory which is cached. The texture memory can
be efficient when there is locality in data.

The second kind of memory is the shared memory which is
internal to multiprocessors and is shared within a block. This
memory, which is a lot faster than the global memory, can
be seen as user-managed cache. This memory is divided into
banks in such a way that successive 32-bit words are in succes-
sive banks. To be efficient, it is important to avoid conflicting
accesses between threads. Conflicts are resolved by serializ-
ing accesses; this incurs a performance drop proportional to the
number of serialized accesses.

3.2.2. Kernel for acoustic calculation

As described above, the likelihood of a given mixture is the
logarithmic addition of dot-products for each component of the
mixture. This operation can be implemented as a reduction
algorithm[8] which uses the addition as reduction operator, ex-
cept for the last Cj number of operations, for which the loga-
rithmic addition is used to complete the reduction.

In our implementation, the computation of a mixture like-
lihood is computed by one-block of threads. Consequently, the
number of launched blocks is the number of distributions in the
acoustic model. Each block contains 256 threads.

For efficiency, the observation vector �obs is copied Cj

times. As a result, it is the same length as a distribution vec-
tor. There is thus a direct correspondence between its elements
and those of �M , thus avoiding index calculations.

Moreover, to ensure efficiency of the reduction process and
coalescing access to the global memory, the model vector �M
is reorganized at the distribution level. It’s organized such that
the Cj first elements are the constants, followed by the μ1σ

−1
11

value of each component and so on. Figure 2 shows an exam-
ple of the reduction algorithm applied in this context. In this
figure, uxc and vxc denote the μxσ

−1
xx and − 1

2
σxx values of

component c.
Note that the observation vector has also been reorganized

in the same way to ensure consistency. In this example, the
likelihood of a 2-dimensional observation is calculated by us-
ing a 2-Gaussian mixture model. Since the reduction algorithm

works on power of 2 vectors, both the observation and model
vector have to be padded with a neutral element which is 0 in
this case.

4. Experimental Results
4.1. Experimental Setup

Experiments have been conducted with a FST-based speech
recognition system developped at CRIM and tuned for speaker-
independent transcriptions of broadcast news.

The acoustic model has been trained with 171 hours com-
ing from French television programs in Quebec. The programs
are a mix of weather, news, talk shows, etc. which have been
transcribed manually at CRIM. The acoustic parameters consist
of 12 MFCCs plus the energy component, corresponding first
and second derivatives, for a total of 39 features. The model
contains 4600 distributions with diagonal covariance matrices.
The test set is made up of 88 minutes of similar audio.

The language model has been trained with text from a
French local newspaper (La Presse, 93 million words) and the
acoustic training set’s textual transcripts (2.1 million words).
The vocabulary size is 59624 words.

The CPU implementation of acoustic calculations uses the
SSE registers and runs on a Intel Core 2 quad at 2.3 GHz. Re-
quired probabilities are computed on-demand, which amount to
approximately 40% of all probabilities.

The GPU used is the NVidia GeForce GTX 280 which con-
tains 15 multiprocessors for a total of 240 stream processors and
has 1024 MB of RAM. The implementation of GPU functions
in our speech recognition system is straightforward. Computing
likelihood on-demand is very costly in the GPU which works
better on big sets of data. Consequently, it is more efficient
to compute all acoustic likelihoods at each frame. The GPU
computes acoustic likelihoods as fast as possible. Precomputed
likelihoods are stored in a buffer in computer memory until used
by the Viterbi decoder. When the buffer is full, the GPU simply
waits for free space.

4.2. Results

The baseline has been computed with our original decoder that
uses only one core. We experimented with 32 (Figure 3a) and
128 (Figure 3b) Gaussian models.

We first experimented the multithreaded version of the de-
coder in which the Viterbi search and acoustic computations are
parallelized. With the 32-Gaussian model, the results show that
the speed increases by a factor of 1.2 over the single-threaded
implementation. The relative improvement increases to 1.3 with
the 128-Gaussian model. This speed-up leads to an improve-
ment in word accuracy at real-time. Using acoustic models of
32 Gaussians, the multithread approach increases the word ac-
curacy at real time up to 1.2% absolute. With the 128-Gaussian
model, this improvement increases up to approximatively 10%
absolute.

The use of GPU for acoustic likelihood computations and
a single CPU core for the Viterbi decoder leads to a more im-
pressive improvement, particularly when acoustic models with
a high number of Gaussians are used. In the case of 32 Gaus-
sian models, the speed-up is 2.1 times faster which leads to
a word accuracy improvement at real-time of 2.4% absolute.
With the 128-Gaussian model, the speed-up is 2.8 times faster
which leads to a word accuracy improvement of approxima-
tively 16.6% absolute at real-time. A higher number of Gaus-
sians should lead to yet better real-time results, since even with
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(a)

(b)

Figure 3: Results with a) 32 Gaussian and b) 128 Gaussian
acoustic models

128 Gaussians, the GPU is always at least 10 seconds (the size
of the buffer) ahead of the Viterbi decoder.

We expected another improvement by using the GPU
for acoustic likelihood computations combined with the
multithreaded-CPU version of the decoder. Unfortunately, the
results reveal a performance degradation. Worst, the degrada-
tion increases with the number of threads. The results and time
profile analyses have shown that the overhead induced by the
parallelization of the Viterbi search becomes too large when
acoustic likelihoods are computed by an external device. Re-
call that the parallel implementation of the Viterbi search also
parallelizes the acoustic probability computations. Without this
time-consuming task, the overhead becomes larger than the ben-
efits of the parallel implementation. Better memory manage-
ment and a different state expansion approach could improve
the results.

Finally, we expect improved performance with a AMD or
Intel Core i7 architecture in which the memory controller and
CPU are on the same die, avoiding the bottleneck of passing
through the external chipset.

5. Conclusion and Future work
We have presented a parallel implementation of our speech
recognition engine. Two architectures have been used : the In-
tel multi-core CPU and the specialized parallel architecture of

Graphics Processor Unit. The use of multi-core processors is up
to 1.3 times faster leading to an improvement up to 10% abso-
lute in the accuracy at real-time, while the use of a GPU is 2.8
times faster, improving the word accuracy up to 16.6% absolute
at real-time.

We are now looking for a better implementation of the par-
allel Viterbi decoder which could improve the performances
of the CPU-GPU implementation. This new implementation
should also lead to better performances for the CPU-only im-
plementation.

We also plan to implement the Viterbi search in the GPU,
for a GPU-only implementation. We plan to distribute the un-
derlying computational tasks among the CPU and GPU in sev-
eral ways in order to find the combination that leads to optimal
performance.
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