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Abstract
The emergence of highly parallel computing platforms

is enabling new trade-offs in algorithm design for automatic
speech recognition. It naturally motivates the following inves-
tigation: do the most computationally efficient sequential algo-
rithms lead to the most computationally efficient parallel algo-
rithms? In this paper we explore two contending recognition
network representations for speech inference engines: the lin-
ear lexical model (LLM) and the weighted finite state transducer
(WFST). We demonstrate that while an inference engine using
the simpler LLM representation evaluates 22× more transitions
per second than the advanced WFST representation, the sim-
ple structure of the LLM representation allows 4.7-6.4× faster
evaluation and 53-65× faster operands gathering for each state
transition. We use the 5k Wall Street Journal corpus to ex-
periment on the NVIDIA GTX480 (Fermi) and the NVIDIA
GTX285 Graphics Processing Units (GPUs), and illustrate that
the performance of a speech inference engine based on the LLM
representation is competitive with the WFST representation on
highly parallel computing platforms.
Index Terms: Continuous Speech Recognition, Data parallel,
Graphics Processing Unit, Linear Lexical Model, Weighted Fi-
nite State Transducer

1. Introduction
Highly parallel computing platforms such as the graphics pro-
cessing units (GPUs) are enabling tremendous parallel comput-
ing capabilities in personal desktop and laptop systems. This
shifting landscape in the underlying computing platforms needs
to be taken into account during algorithm design and evaluation.
In this paper we explore the use of GPUs for continuous speech
recognition (CSR) on the NVIDIA GTX480 (Fermi) and the
NVIDIA GTX285 GPUs. A CSR application analyzes a human
utterance from a sequence of input audio waveforms to inter-
pret and distinguish the words and sentences intended by the
speaker. Its top level architecture is shown in Figure 1.

The recognition process uses a language database that is
compiled offline from a variety of knowledge sources using
powerful statistical learning techniques. The speech feature ex-
tractor collects feature vectors from input audio waveforms.
The Hidden-Markov-Model-based inference engine infers the
most likely word sequence based on the extracted speech fea-
tures and the recognition network. In a CSR system, common
speech feature extractors can be parallelized using standard sig-
nal processing techniques.

A parallel inference engine traverses a graph-based knowl-
edge network consisting of millions of states and arcs. As
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Figure 1: Architecture of large vocabulary continuous speech
recognition

shown in Figure 1, it uses the Viterbi search algorithm to it-
erate through a sequence of input audio features one time step
at a time [1]. The Viterbi search algorithm keeps track of each
alternative interpretation of the input utterance as a sequence
of states ending in an active state at the current time step. Each
time step consists of two phases: Phase 1 - observation probabil-
ity computation and Phase 2 - graph traversal. The parallelism
being exploited is at the inner most level, across the 1000s to
10,000s alternative interpretations beng evaluated at each algo-
rithmic step in Phase 1 and Phase 2 of the execution. In each
time step, Phase 1 is highly compute intensive, and can be read-
ily accelerated on the GPU [2, 3, 4]. For a parallel implementa-
tion, the execution bottleneck lies in Phase 2, where the Viterbi
algorithm requires numerous fine-grained synchronizations be-
tween algorithm steps. As will be illustrated in Section 4.2, this
phase can comprise more than 45% of the total execution time
in a highly parallel implementation.

This paper explores the speed and accuracy implications of
two different approaches implementing Phase 2 of the inference
engine on the GPU. The first approach is based on the linear lex-
ical model (LLM) and the second is based on the the weighted
finite state transducer (WFST). LLM has a regular structure that
can be implemented with highly efficient data parallel routines,
but contains severe duplication of information in its language
modeling approach. WFST is a concise representation, but its
structure is highly irregular, making it difficult to execute effi-
ciently on a data-parallel platform.

We demonstrate that a LLM-based inference engine can re-
quire more than an order of magnitude more computation (22×
more arc evaluations as illustrated in Section 4.2) to achieve the
same recognition accuracy as a WFST-based inference engine.
Its simpler structure, however, allows it to be more efficient on
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Figure 2: Structure of the recognition network for the LLM representation and WFST representation

highly parallel GPUs. For some target accuracy, the simpler
LLM-based inference engine can execute faster than the more
advanced WFST-based inference engine.

The inference engine considered in this paper uses a token-
passing approach for automatic speech recognition. This type of
inference engine traverses a large recognition network by keep-
ing a set of active tokens representing alternative interpretations
for the speech input. Significant research effort has focused
on optimizing the representation of the recognition network
used during inference. The baseline representation is the LLM.
The Tree-Lexical Model (TLM) and WFST are the two widely
adopted optimizations of the LLM recognition network. Tree-
organization of the pronunciation lexicon reduces the number
of states being traversed during recognition [5] by sharing pro-
nunciation prefixes in a prefix tree structure. In TLM, language
model lookahead can be applied for efficient pruning [6]. More
recently, the WFST representation has seen wide adoption [7]
because of its application of powerful finite state machine trans-
formations to remove redundant states and arcs during offline
network compilation. As reported in [8], the WFST representa-
tion is faster than the tree-lexical representation as it explores
even less search space. Both TLM and WFST show faster
recognition speed than conventional linear lexical search net-
work on a sequential processor. To our knowledge, no prior
research has compared the recognition speed of these network
representations on highly parallel computing platforms.

Emerging multicore and manycore platforms enable speech
recognition to leverage large amount of concurrency for faster
recognition. There have been many attempts to parallelize
speech recognition with various recognition networks on par-
allel platforms. Parallel implementations with the LLM-based
network representations have been presented in [9, 10]. Paral-
lel implementations with the TLM-based networks on multicore
platforms are described in [11, 12]. WFST-based speech recog-
nizers are also parallelized in [13, 14]. Recently, GPUs have
been adopted for parallelizing speech recognition applications.
Much of the effort is focused on computing acoustic likelihoods
in parallel because this phase is computationally intensive and
embeds significant fine-grained concurrency [3, 4]. Recently,
some progress has been made on parallelizing the communica-
tion intensive phase (i.e. the Viterbi search). A complete data
parallel LVCSR on the GPU with a LLM-based recognition net-
work was presented in [2]. Parallel WFST-based LVCSR is
also implemented on CPU and GPU in [14, 15]. [14] com-
pared sequential and parallel implementations of the WFST-
based recognition network representations. This paper contrasts
the implications of using LLM and WFST recognition network
representations on the GPU. In the following sections, we will
briefly introduce the key differences in the recognition network
representations as well as outline our implementation strategies
to arrive at efficient parallel implementations.

2. Network Structure
The network structures for the LLM and the WFST represen-
tations differ significantly. As illustrated in Figure 2, the LLM

representation is constructed by providing a chain of triphone
states for each pronunciation to be recognized. For example,
a dictionary of 5,000 word pronunciations would have 5,000
chains of triphone states in the recognition network. There are
many duplications as each pronunciation chain is constructed
using a separate copy of the triphone states for the chain’s phone
sequence. The possibility of sharing common prefix is not con-
sidered in the LLM representation. The language model cap-
tures the likelihood of word-to-word transitions. It is used when
the token-passing recognition process reaches the end of a chain
of triphones. Since a word can be followed by any word, one
must evaluate the possibility of transitions from one word to all
words in the vocabulary.

In contrast, the WFST representation of the recognition
network is constructed by composing the pronunciation model
and the language model using powerful finite state machine
(FSM) composition techniques. Both within-word transitions
and across-word transitions are explicitly represented in the
composed network. The sparsity structure of natural languages
and the minimization techniques employed in [7] allow the
WFST representation to avoid the state explosion problem when
composing the models. As reported in [7, 8], the WFST repre-
sentation is a concise representation that encapsulates a large
amount of information with little redundancy. As we will show
in our results, compared to the LLM representation, many fewer
tokens are required to be maintained for the WFST representa-
tion during inference to achieve a target recognition accuracy.

The separate pronunciation and language models in the
LLM representation allow for highly optimized computation
kernel design, compensating for the performance lost from the
redundancies in the representation.

3. Traversal Implementation
The two inference engines are implemented on the GPU, with
one using the LLM representation of the recognition network
and the other using the WFST representation. Both inference
engines are designed using the structure shown in Figure 3,
where both the observation probability computation and the to-
ken passing phases are implemented on the GPU. This structure
has been shown to provide the best recognition speed on GPUs
for both types of recognition networks [2, 14]. The implemen-
tations are designed to utilize hardware support for atomic op-
erations on the GPU. In Phase 1, each Gaussian Mixture Model
(GMM) in the acoustic model is evaluated in a thread-block; in
Phase 2, each arc in the recognition network is evaluated by a
thread. Backtracking is performed on the CPU. We highlight the
key differences between the graph traversal process on recogn-
tion networks using the LLM representation and the WFST rep-
resentation.

The LLM representation: Efficient implementation of the
graph traversal of a network with LLM representation depends
on explicitly handling two types of transitions in the LLM repre-
sentation: within-word transitions and across-word transitions.
This distinction was originally used in a parallel implementa-
tion by [9], and is elaborated here to include three specialized
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Figure 3: Control flow for the CPU/GPU software implementa-
tion and associated data structure access (R: read, W: write)
data structures for the GPU implementation. The three struc-
tures efficiently represent the chains of triphone states as the
first, middle and last state in a word pronunciation. Within-
word transition computation uses first and middle states as in-
puts and updates the middle and last state. Across-word transi-
tion computation uses last states as inputs and updates the first
states. The distinct memory access patterns for within-word and
across-word transitions can be efficiently implemented using
specialized kernel routines and data layouts. Specifically, the
first triphone states are stored consecutively in memory to opti-
mize for across-word transitions and the middle and last states
for each word are stored as a chain of consecutive states. These
optimizations were originally proposed in [2] and have been re-
implemented to take advantage of the new capabilities in the
current generation of GPUs.

The WFST representation: An inference engine using the
WFST representation does not distinguish between within-word
and across-word transitions, as the pronunciation and the lan-
guage models are compiled into a monolithic weighted finite
state transducer. However, the recognition network does distin-
guish between non-epsilon and epsilon arcs as a result of state
machine minimization during the network construction. The
implementation optimizations of the WFST inference engine
are described in [14].

Both implementations have been optimized with fast hard-
ware atomic operations as well as using dynamically con-
structed efficient runtime buffers to gather operands that are
dispersed in memory (as in Phase 0 in Figure 3). The LLM
representation, however, has a significant structural advantage
to enable a more efficient implementation. Across-word tran-
sitions are a significant computation bottleneck, as a typical
recognition process evaluates more than 20 million transitions
each second. This computation can be implemented as a dense
matrix operation that can be executed on the GPU extremely
efficiently. Such optimization is not possible with the WFST
representation, as the graphs involved are highly irregular and
are best mapped to sparse matrix or dense vector operations.

4. Results
4.1. Experimental Platform and Setup
We used both the NVIDIA GTX480 (Fermi) GPU and the
NVIDIA GTX285 GPU with a Intel Core i7 920 based host
platform. GTX480 has 15 cores each with dual issue 16-way

vector arithmetic units running at 1.40GHz. Its processor archi-
tecture allows a theoretical maximum of two single-precision
floating point operations (SP FLOP) per cycle, resulting in a
maximum of 1.35 TeraFLOP of peak performance per second.
GTX285 has 30 cores with 8-way vector arithmetic units run-
ning at 1.51GHz. The processor architecture allows a theoreti-
cal maximum of three SP FLOP per cycle, resulting in a maxi-
mum of 1.087 TeraFLOP of peak performance per second. For
compilation, we used Visual Studio 2008 with nvcc 3.0 and nvcc
2.2 respectively.

The acoustic model was trained by HTK [16] with the
speaker independent training data in the Wall Street Journal 1
corpus. The frontend uses 39 dimensional features that have
13 dimensional MFCC, delta and acceleration coefficients. The
trained acoustic model consists of 3,000 16-mixture Gaussians.
Two language model sizes are used to illustrate the effect of a
reduced language model size on the recognition performance.
The language model weight is set to 15. The WFST network
is an H ◦ C ◦ L ◦ G model compiled and optimized offline
with the dmake tool described in [17]. The test set consists of
330 sentences totaling 2,404 seconds from the Wall Street Jour-
nal test and evaluation set. The serial reference implementation
using the LLM representation has a word error rate (WER) of
8.0% and runs with a 0.64 real time factor. The number of states
and arcs representing the recogntion networks used are shown
in Table 1. WFST representation explicitly stores all across-
word transitions, and LLM representation skips many across-
word transitions as they are implied by the format. This leads
to the differences in the actual number of arcs stored.

Table 1: Recognition network sizes used in experiments
LLM Pruned LLM WFST Pruned WFST

# State 123,246 123,246 1,091,295 3,925,931
# Arcs 537,608 1,596,884 2,955,145 11,394,956

4.2. Computation Load, Accuracy, and Speed
We measured the number of transitions evaluated by an infer-
ence engine using both the LLM and the WFST representations
of the recognition network. As illustrated in Figure 4(a), each
curve represents a set of recognition accuracy results by adjust-
ing the average number of states maintained active. A dynamic
threshold prediction scheme is used for pruning. We chose an
operating point at 8.90% WER for the following comparison
with an 11% relaxation (8.0% to 8.9%) in accuracy to gain al-
most a doubling in decoding speed (from 7.4× to 13.7× faster
than real time for the WFST representation on GTX480).

At 8.90% WER, by using the LLM representation, an in-
ference engine must evaluate 22× more transitions compared
to using the WFST representation. For a sequential implemen-
tation where the execution is usually compute-bound, using the
WFST representation could provide a significant speed advan-
tage over the LLM representation.

The speed and accuracy trade-off shifts significantly for im-
plementations on highly parallel platforms. Figure 4(b) illus-
trates the speed of the speech inference engine on the GTX285.
The speed is shown as Real Time Factor, which is the number
of seconds required to process one-second of speech input. The
simplicity of the LLM representation allows the inference pro-
cess to surpass the speed of the WFST representation for target
WER of more than 8.8%.

Figure 4(c) illustrates the speed of the speech inference en-
gine on the GTX480. Going from GTX285 to GTX480, the new
processor microarchitecture provided an average of 25% speed
improvement for the LLM representation and 79% improve-
ment for the WFST representation. On the GTX480, with the
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availability of data caches, the WFST representation becomes
the faster implementation. Its irregular Data Gathering phase
and Graph Traversal phase enjoys a 74% boost to its perfor-
mance, while the same phases in the LLM representation only
received a 27% performance improvement, which were already
well parallelized.

In Figure 4(d), we see significant differences in the run
time characteristics when using of the two representations of the
recognition network across the two highly parallel platforms.
To achieve 8.90% WER, the inference process using the LLM
representation evaluates on average 649k transitions per time
step, and obtains this at 8.23× and 10.96× faster than real time
when executed on the GTX285 and the GTX480 respectively.
The inference process with the WFST representation evaluates
on average 29.8k transitions per time step to get 8.90% WER,
and achieves this at 7.78× and 13.72× faster than real time
when executed on the GTX285 and the GTX480 respectively.

The regular data layout of the LLM representation greatly
reduces the cost of the Data Gathering phase of inference en-
gine, taking less than 18% of the overall run time, while the
WFST representation spends more than half its runtime in Data
Gathering. For the Graph Traversal phase, although perform-
ing inference with the LLM representation takes 3-5× more
time compared to the WFST representation, it is evaluating 22×
the number of state transitions. The speed of the LLM represen-
tation is competitive with the WFST representation on highly
parallel platforms because per state transition, it is 53-65×
faster in data gathering and 4.7-6.4× faster in graph traversal .

Comparing performance between GTX285 and GTX480,
we see an 85% and a 159% improvement in handling sequen-
tial overhead for the LLM and the WFST representations re-
spectively. These are dominated by transfers of backtracking
data from GPU to CPU.

5. Conclusion
The emergence of highly parallel computing platforms brings
forth the opportunity to reevaluate the computational efficiency
of different approaches in speech recognition. In particular in
this paper1, we consider the LLM and WFST representations of
the recognition network in a speech inference engine. We found
that despite the advantages of the sophisticated WFST represen-
tation for a sequential implementation, the simpler LLM repre-
sentation performs competitively on highly parallel platforms.
The LLM representation required the traversal of 22× the num-
ber of state transitions. However, per state transition, it gath-
ers data 53-65× faster and evaluates the transitions 4.7-6.4×
faster than the WFST representation. Depending on the choice
of the implementation platform, for the same 8.90% WER, the
LLM representation is faster on the GTX285, and the WFST

1This research is supported in part by an Intel Ph.D. Research Fel-
lowship, by Microsoft (Award #024263), by Intel (Award #024894), and
by matching fund from U.C. Discovery (Award #DIG07-10227).

representation is faster on the GTX480. While this analysis is
based on a 5K vocabulary recognition network, larger models
are expected to benefit more significantly from the highly par-
allel computing platforms. Work is in progress to examine the
recognition network representation trade-offs for larger models.
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