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Abstract— We have developed a low-power VLSI chip for 60kWord real-time continuous speech recognition based on a
Hidden Markov Model (HMM). Our implementation includes
a cache architecture using locality of speech recognition, beam
pruning using a dynamic threshold, two-stage language model
searching, highly parallel Gaussian Mixture Model (GMM)
computation based on the mixture level, a variable 50-frame
look-ahead scheme and elastic pipeline operation between the
Viterbi transition and GMM processing. Results show that our
implementation achieves 95% bandwidth reduction (70.86
MB/s) and 78% required frequency reduction (126.5 MHz) for
60-kWord real-time continuous speech recognition. The test
chip, fabricated using 40 nm CMOS technology and containing
1.9 M transistors for logic and 7.8 Mbit on-chip memory,
occupies 2.2 mm × 2.5 mm area. Measured data show 144 mW
power consumption at 126.5 MHz and 1.1 V.
Keywords—40 nm VLSI, hidden Markov model (HMM),
large vocabulary continuous speech recognition (LVCSR)
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INTRODUCTION
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A hardware approach for large-vocabulary continuous
speech recognition (LVCSR) with implementation by VLSI
or an FPGA is demanded especially for use in mobile
equipment [1] and intelligent robots because of its
advantageous processing speed and power consumption. Lin
et al. investigated FPGA implementations for 5-kWord
speech recognition [2], but it consumes too much power and
is not cost-effective: it requires two FPGAs. Shingo et al.
proposed a scalable architecture for speech recognition [3],
but their chip uses 136 mW, even with a limited vocabulary
of 800 words. Choi et al. investigated 5-kWord and 20kWord FPGA implementations [4,5]; they implemented a
special memory interface for several parts of the recognition
engine to apply optimized DRAM access, which reduces the
delay for loading data, but they did not reduce the large
amount of external DRAM access, which requires power
consumption for IO. Ma et al. reported memory-bandwidth
reduction of Gaussian Mixture Models (GMM) processing
for real-time 20-kWord speech recognition [6], but that
method did not accommodate Viterbi processing.
Comparison of power consumption among recently
announced hardware-based speech recognizers is presented
in Fig. 1. To date, the hardware approach has never achieved
real-time operation with a 60-kWord language model
because of the numerous computation work-load and
external memory bandwidth. For low-power and real-time

60-kWord processing, we must reduce both the memory
bandwidth and the operating clock frequency.
As a previous work, we described a VLSI architecture for
60-kWord real-time continuous speech recognition in [7]. It
employs a cache architecture using the locality of speech
recognition, beam pruning using a dynamic threshold, and
two-stage language model searching to reduce the memory
bandwidth. This paper extends and further optimizes the
previous system by application of the following.
 Variable (max. 50) frame look-ahead scheme
 Elastic pipeline operation between Viterbi transition
and GMM processing
 Maximize the cache memory hit rate
We analyzed the relationship between accuracy and
parameters such as beam-width and the two-stage language
model searching frequency. We designed and fabricated a
VLSI test chip using 40 nm CMOS technology and
measured its performance. Results show that the chip
developed for this study can perform 60-kWord continuous
real-time speech recognition with power consumption of 144
mW and with little accuracy degradation.
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Fig. 1 Comparison of power consumption.

II.

ALGORITHM

2.1 Algorithm overview
Figure 2 presents the speech recognition flow with the
HMM algorithm. The following items describe concrete
stages. Step 1: Feature vector extraction: a feature vector is
extracted on a frame-by-frame basis. Step 2: GMM
calculation: a phonemic-model GMM is read and GMM
probability, log [bj (xt)], is calculated for all active state
nodes. Step 3: Viterbi transition: δt (j) is calculated for all
active state nodes using GMM probabilities. Step 4: Beam

pruning: according to the beam width, active state nodes
having a higher score (accumulated probability) are
selected; the others are dumped. Step 5: Output sentence:
The word-end state and that having the maximum score is
output as a speech recognition result after final-frame
calculation and determination of the transition sequence. We
profiled referential hardware of Julius 4.0 [8], a well-known
Japanese speech recognition system software program using
hardware description language (HDL) to a FPGA, with 60-k
word speech recognition models with beam-width of 4000.
The required memory bandwidth and the required frequency
of the prototype necessary to achieve real-time speech
recognition respectively reach 3446 MB/s and 567.46 MHz.
As described in this paper, we propose several schemes to
reduce both of those parameters to realize a low-power,
real-time 60-kWord recognition system.

We proposed a novel two-stage language model search
scheme to reduce the computational work-load and
bandwidth for cross-word transitions to isolated trees in [7].
This scheme is derived from the transition frequency
difference between phonemic HMM and language HMM.
The cross-word transition search is divided into two stages.
The first stage is a simplified language model search for the
top 10 important transitions of two-gram probability. The
second stage is a detailed language model search for all
cross-word transitions. As depicted in Fig. 3, in the
traditional language model search, only our second search
treated every frame. However, in our proposed language
model search, the second stage is treated at every n frames.
By applying this proposed search, the computational amount
and memory bandwidth can be reduced to 1/n.
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Fig. 2 Speech recognition flow with HMM algorithm computation.

.
2.2 Variable 50 frames look-ahead scheme
The GMM calculations must load numerous parameters,
which causes about 576.03 MB/s when processing the 60-k
speech recognition. The memory bandwidth can be reduced
by sharing the parameter for several frames. Many studies
used this look-ahead scheme and they choose to compute the
same state for several frames because the state which must
be computed in the present frame might need to be computed
again in the subsequent frame at high probability. However,
it is apparent that the probability decreases when the number
of look-ahead frames increases. When a different state is
required, the result will become useless. It will cause a delay
for the Viterbi operation. For 20-kWord and 60-kWord
recognition, it is necessary to maintain sufficient beam width
according to the number of words to achieve highly accurate
recognition, which is true for almost all states of GMM
processing. Therefore, in this study, we compute all 1987
states for the maximum of 50 look-ahead frames. The
number of look-ahead frames is variable to make an
adjustment between the delay and the memory bandwidth.
Using this scheme, the memory bandwidth for GMM
processing can be reduced to 13.3 MB/s at most and because
that can be accomplished for all states of GMM computation,
pipeline operation between GMM and Viterbi is applicable
easily.
2.3 Two-stage Language Model Search
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Fig. 3 Two-stage language model search and accuracy degradation.

Figure 3 shows the relation between accuracy and the
detailed search cycle in 60-kWord speech recognition in
software. Increasing all cross-word search cycles leads to
accuracy degradation. The horizontal axis shows the
frequency of searching all cross-word transitions. For
example, “1/10” frequency means that the detailed
language-model search carries at every 10 frames. For this
study, we choose to perform a detailed language model
search for every five frames to avoid accuracy degradation,
thereby achieving 78% reduction in total Viterbi processing.
III.

ARCHITECTURE

3.1 Elastic Pipeline Architecture
The overall chip architecture is depicted in Fig. 4. The
proposed architecture comprises a global Sequencer, GMMcore, Viterbi-core, and double GMM result buffer to support
pipeline operation. Because of the state GMM computation
and variable 50 frame look-ahead scheme, it is easy to apply
elastic pipeline operation between the Viterbi transition and
GMM processing by 1 to 50 frames. Here we will explain
why the elastic pipeline architecture can reduce the memory
bandwidth for Viterbi transition. Figure 5 shows the memory
bandwidth variety of Viterbi transition after applying the
two-stage language model search. The frames, when detailed
search is used, have the largest amount of data to be read.
For conventional operation, these data must be read at 0.01 s,
which yields the largest memory bandwidth. By applying
this scheme, we can process several frames together,
although the frames needing the largest memory bandwidth

80

22%

37%

Active Node
Active Node Map
bi-gram

37%

3.2 Highly Parallel GMM Architecture

Hit rate of cache [%]

can use the IDLE time of other frames to load data, which
can reduce the peak memory bandwidth by 87.2%. By
changing the number of look-ahead frames, we can readily
adjust the delay and the memory bandwidth and maximize
the elastic pipeline operation efficiency.
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The GMM core has 16 mixture processing blocks, each of
which has 1.6 Kb register to preserve the mixture parameter.
All blocks are processed simultaneously for the look-ahead
frames, which are saved in the MFCC buffer. The parameters
will be reused until all look-ahead frames are processed. The
mixture results will soon be calculated using the add-log
processor based on a look-up table. The mixture computation,
add-log calculation, and parameter reading are processed in
the pipeline.

Fig. 7 External memory bandwidth of Viterbi and cache hit rate.

Viterbi Core

Fig. 8 Viterbi Cache Architecture.

3.3 Viterbi Cache Architecture
Global
Sequencer

Figure 8 shows the Viterbi architecture, for which it is
apparent that the Active Node, Active Node Map, and the
Bi-gram account for 96% of the memory bandwidth for
Viterbi transition, as portrayed in Fig. 7. Therefore, we
introduce all active node data and part of the bi-gram and
active node map data into the cache memory using the
locality of speech recognition that some data which have
been used for this frame might be reuse in the following
frames. We maximize the cache memory size of bi-gram and
active node map to 0.73 Mbit, which can produce a hit rate
of 75%. Figure 9 shows the total memory bandwidth
reduction by all the proposed schemes. The variable 50
frame look-ahead scheme can reduce memory bandwidth by
16.3% at most, whereas the two-stage language model search
and the cache memory can provide reduction of 66.4%, with
the search frequency of 5 and cache memory size of 1.73
Mbit.

Fig. 4 Proposed speech recognition architecture.
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Fig. 5 External memory bandwidth variety of Viterbi transition
through frames after the two-stage language model search.
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Fig. 9 Bandwidth reduction by the proposed schemes.

IV.

IMPLEMENTATION

Figure 10 shows a chip fabricated using 40 nm CMOS
technology. It occupies 2.2 × 2.5 mm2 containing 1.9 M
transistors for Logic and 7.75 Mbit on-chip SRAM. The
clock gating is implemented in the GMM result RAM and
GMM Core.
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Fig. 10 Chip microphotograph.
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