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Abstract—Accurate, real-time Automatic Speech Recognition
(ASR) comes at a high energy cost, so accuracy has often to
be sacrificed in order to fit the strict power constraints of
mobile systems. However, accuracy is extremely important for
the end-user, and today’s systems are still unsatisfactory for
many applications. The most critical component of an ASR
system is the acoustic scoring, as it has a large impact on
the accuracy of the system and takes up the bulk of execution
time. The vast majority of ASR systems implement the acoustic
scoring by means of Gaussian Mixture Models (GMMs), where
the acoustic scores are obtained by evaluating multidimensional
Gaussian distributions.

In this paper, we propose a hardware accelerator for GMM
evaluation that reduces the energy required for acoustic scoring
by three orders of magnitude compared to solutions based on
CPUs and GPUs. Our accelerator implements a lazy evaluation
scheme where Gaussians are computed on demand, avoiding
50% of the computations. Furthermore, it employs a novel
clustering scheme to reduce the size of the acoustic model,
which results in 8x memory bandwidth savings with a negligible
impact on accuracy. Finally, it includes a novel memoization
scheme that avoids 74.88% of floating-point operations. The
end design provides a 164x speedup and 3532x energy reduction
when compared with a highly-tuned implementation running
on a modern mobile CPU. Compared to a state-of-the-art
mobile GPU, the GMM accelerator achieves 5.89x speedup
over a highly optimized CUDA implementation, while reducing
energy by 241x.

Keywords-Automatic Speech Recognition; Gaussian Mixture
Model; Acoustic Scoring; Hardware Accelerator;

I. INTRODUCTION

Automatic Speech Recognition (ASR) is becoming a key
technology for mobile devices [2], [7], [4], significantly
changing the way people interact with computers. Voice-
based user interfaces require accurate, large-vocabulary,
speaker-independent, real-time ASR. Unfortunately, support-
ing all these capabilities comes at a high computational cost,
which is very challenging to achieve in tightly energy con-
strained platforms such as smartphones, tablets or wearable
devices.

Figure 1 shows decoding time per second of speech, mem-
ory footprint and accuracy, i. e. Word Error Rate (WER), for
three popular open-source ASR systems when running on an
ARM Cortex-A57. Pocketsphinx [19] uses Gaussian Mixture
Models (GMMs) for acoustic scoring, whereas Kaldi [28]
and Eesen [25] employ a Deep Neural Network (DNN)
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Figure 1: Decoding time, memory footprint and Word Error
Rate (WER) for three popular ASR toolkits running on
an ARM Cortex-A57. Results are collected using the most
recent pre-trained models for each system.

and a Recurrent Neural Network (RNN) respectively. We
use the most recent pre-trained acoustic models provided in
their respective websites 1. As it can be seen in Figure 1,
Pocketsphinx achieves much lower decoding time than the
DNN-based systems, at the cost of a small increase in WER.
Furthermore, it exhibits a small memory footprint of 85
MB, whereas Kaldi and Eesen require hundreds of MB.
These numbers suggest that Pocketsphinx is the most suited
approach for ultra low-power, low-cost devices, due to its
lower computational and storage demands, so we chose it
as the baseline for our design.

The most compute intensive component of the majority
of ASR systems, including Pocketsphinx, is the acoustic
scoring. In an ASR system, the input audio signal is split
in frames, typically of 10 ms duration. For each frame of
speech, the acoustic scoring computes the likelihood, a.k.a.
score, that the frame is part of a particular phoneme, for all
potential phonemes in the language. Despite the increasing
popularity of DNNs, GMMs are used by the majority of
ASR systems including Pocketsphinx, Sphinx4, HTK [34],
Julius [21] and some decoders of Kaldi by the reasons given
above. GMM evaluation is typically the main bottleneck
in these systems. Our measurements on an NVIDIA Tegra

1Higher accuracy can be achieved with even larger acoustic
models and multiple rescoring passes [5], but they result in much
larger memory footprint, energy consumption and decoding time.
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Figure 2: Power dissipation vs execution time for a mobile
CPU, ARM Cortex-A57, a mobile GPU, NVIDIA Tegra X1,
and a hardware accelerator for acoustic scoring.

X1 show that acoustic scoring takes more than 80% of the
decoding time in Pocketsphinx.

Figure 2 shows the power dissipation and execution time
for the GMM evaluation stage, i. e. acoustic scoring, on a
mobile CPU and GPU. These numbers were collected using
the standard acoustic model of Pocketsphinx, that requires
the evaluation of 160k 36-dimensional Gaussian distribu-
tions for every frame of speech (10 ms). The mobile CPU
dissipates 2.4 W, and it barely reaches real-time performance
as it takes 1.08 s to process one second of speech. The
mobile GPU achieves real-time performance, but at the cost
of increasing power dissipation significantly (9.2 W), which
in turn results in shorter operating times per battery charge.
To illustrate this issue, for a typical smartphone battery of
11.55 WHr (41580 J) [8] the operating time when running
ASR software on the CPU would be less than 4.8 hours,
whereas it would be reduced to less than 1.25 hours when
using the GPU. Note that CPU and GPU are not the only
battery consumers in a smartphone, so these numbers are
upper bounds of the operating time.

Hardware acceleration is an effective approach to achieve
high-performance and low-power ASR in mobile devices. In
this paper, we present an accelerator for GMM computation
that includes innovative techniques to improve the energy-
efficiency of ASR systems. Our accelerator implements a
lazy evaluation scheme that computes Gaussian distributions
on demand instead of evaluating all the Gaussians on every
frame, reducing the amount of computation. Our lazy eval-
uation scheme introduces a novel technique to predict the
active Gaussians in the next frames of speech, in order to
apply lazy evaluation for multiple frames (batching).

On the other hand, our accelerator includes a novel
clustering technique that provides 8x reduction in the size
of the acoustic model. Our clustering works independently
for each dimension of the Gaussian distributions, and we
show that it provides better accuracy than the straightforward
approach of clustering the entire GMM together.

Finally, we show that as a side effect, the proposed cluster-
ing results in a huge amount of redundant computations, and
we introduce a novel memoization scheme that drastically
reduces the number of floating point operations. Our scheme

pre-computes and stores in hardware all possible results at
the beginning of each frame, instead of probing/updating
a memoization table for every individual floating point
operation. Figure 2 shows the power and performance of
our GMM accelerator. As it can be seen, the accelerator
achieves higher performance than the mobile GPU at ultra
low power, as low as 110 mW.

Our accelerator supports any acoustic model based on
Gaussian Mixture Models, so it works for speech in any
language and it supports the acoustic models available in
Pocketsphinx, Kaldi, Julius or HTK. Moreover, we design
our accelerator with enough throughput and storage to sup-
port larger and more accurate acoustic models that are likely
to appear in the next years. We believe speech recognition
will be a feature supported by the majority of computing
devices in the near future, and acoustic models will evolve
towards more complex ones for the sake of better accuracy,
which will put more pressure on energy-efficient solutions.

Note that GMM is a popular machine learning algorithm
also used in different areas. The proposed GMM accelerator
can be used for other applications that are relevant for
mobile devices, especially in the area of computer vision.
GMMs are employed for image segmentation [16], [17],
image retrieval [31], tracking people in images or detecting
and tracking moving objects in video sequences [12].

This paper focuses on ultra low-power, high-performance
ASR. Its main contributions are the following:

• We analyze the performance and energy consumption
of ASR on a state-of-the-art mobile CPU and GPU.

• We propose a hardware accelerator for GMM evalua-
tion, which is the main bottleneck of ASR systems.

• We develop a lazy computation scheme that evaluates
Gaussian distributions on demand, reducing the amount
of computation by more than 50%. We show how lazy
evaluation can be combined with batch processing of
multiple frames by predicting active Gaussians.

• We introduce a novel clustering scheme to reduce
the size of GMM parameters. A thorough analysis
of the impact of clustering in accuracy, power and
performance is presented, in order to select the most
efficient configuration. The proposed scheme provides
8x memory bandwidth savings with a negligible impact
on accuracy.

• We show that the use of clustering increases the de-
gree of redundancy, and propose a novel memoization
scheme that removes 74.88% of the floating-point op-
erations.

• Overall, our GMM accelerator provides 164x speedup
and 3532x energy reduction with respect to the mobile
CPU of a Tegra X1. Compared to the mobile GPU of a
Tegra X1, the GMM accelerator achieves 5.89x speedup
and 241x energy reduction.

The remainder of the paper is organized as follows. Sec-
tion II provides background on ASR systems and acoustic



scoring. Section III presents the basic accelerator design
and the lazy evaluation scheme. Section IV introduces the
clustering techniques and the memoization scheme. Sec-
tion V describes the evaluation methodology, whereas the
experimental results are provided in Section VI. Section VII
reviews related work and, finally, Section VIII sums up our
conclusions.

II. BACKGROUND

The objective of speech recognition is the transcription
of acoustic signals into a sequence of words. A state-of-the-
art ASR pipeline consists of three stages: Feature Extraction,
Acoustic Scoring and Search Engine. This pipeline works as
follows. First, the input audio signal is split in frames, where
each frame represents a 10 ms interval of the speech signal.
Next, the Feature Extraction component transforms the
audio samples within a frame into a vector of features. These
features are then converted into a sequence of phonemes by
the Acoustic Scoring. Finally, the Search Engine transforms
the sequence of phonemes into a sequence of words by
performing a Viterbi beam search [29], [33], [32].

The Acoustic Scoring is known to be the most expensive
part of an ASR system [22], [18]. Our power/performance
analysis of Pocketsphinx on an NVIDIA Tegra X1 also
supports this claim, as the Acoustic Scoring takes more than
80% of the execution time.

A. Acoustic Scoring

ASR systems create acoustic models for sub-word units
or phonemes. Due to co-articulation effects, the production
of sound corresponding to a phoneme is influenced by
neighboring phonemes. Context-dependent phones or tri-
phones [9] are typically employed by ASR systems, as they
can model such variations. There are around 50 phonemes
in spoken English, so there are around 503 triphones, but
only a fraction of them are observed in practice.

Triphones are modeled in most of the ASR systems by
using Gaussian Mixture Models (GMM). The g-th com-
ponent of the m-th GMM is a normal distribution with
mean vector µm,g and standard deviation vector σm,g . Each
mixture component also has a scalar mixture coefficient or
weight wm,g . Hence, the probability of observing a given
frame of speech with feature vector x in the GMM m is
given by Equation 1, where g ranges over the number of
Gaussians in the mixture. The expression N (.) is the value
of the Gaussian density function at x. For numerical stability,
the multivariate Gaussian distribution N (.) is computed in
log-space by using Equation 2. The dimensionality of the
Gaussians is equal to the dimensionality of the feature vector
x. During the recognition process Equation 1 has to be
evaluated for every GMM on a frame basis.

GMMm(x) =

N−1∑
g=0

wm,gN (x, µm,g, σm,g) (1)

N (x, µm,g, σm,g) = Dm,g −
M−1∑
c=0

(xc − µm,g,c)
2

2σ2
m,g,c

(2)

In a fully continuous acoustic model each triphone has its
own separate weighted GMM. However, computing such a
big number of Gaussian functions is completely unfeasible
for real-time speech recognition. In practice, multiple tri-
phones share the same GMM to reduce the computational
cost of the Acoustic Scoring. Triphones are grouped into
clusters called senones. All the triphones that belong to the
same senone share the same GMM. Continuous acoustic
models usually have a few thousand senones. For instance,
the latest continuous acoustic model for English language
provided by CMU Sphinx has 5000 senones.

Not all the senones are active for a given frame, as some
senones may be pruned away during the search process.
Some ASR systems, such as Pocketsphinx, only compute
the GMM for active senones as the acoustic likelihood for
the other, inactive, senones is not required for the search. By
doing so, the workload for the continuous acoustic model is
reduced by approximately one half. In order to implement
this optimization the Search Engine generates a list of active
senones based on the result of the pruning. The Acoustic
Scoring uses this feedback to avoid GMM computation for
senones that are inactive. This optimization not only reduces
the complexity of computations, but it also reduces the
accesses to main memory since the acoustic parameters for
inactive senones do not need to be fetched.

III. HARDWARE ACCELERATED ACOUSTIC SCORING

In this section, we present a high-performance and low-
power accelerator for GMM evaluation, with the aim of
improving the energy-efficiency of acoustic scoring in mo-
bile ASR systems. The accelerator focuses on the GMM
evaluation since it is the main performance and energy
bottleneck. Our measurements on a NVIDIA Tegra X1 show
that GMM evaluation takes more than 80% of the execution
time of the whole ASR computation (in Pocketsphinx).

We first introduce a base design of the accelerator, that
consists on a straightforward hardware implementation of
the GMM evaluation method described in Section II. Next
we present a lazy Gaussian evaluation scheme implemented
on top of the base design, in order to avoid GMM compu-
tation for inactive senones.

A. GMM Accelerator

We first review the data and the computations required
for GMM evaluation before presenting the architecture of
the accelerator. GMM evaluation consists of computing
Equation 2 for each multidimensional Gaussian distribution
in the acoustic model. Regarding the data, each Gaussian
requires multiple memory accesses to fetch the determinant
(Dm,g), the input features (xc), the means (µm,g,c) and the
variances (σ2

m,g,c). To speed-up GMM computation the value
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Figure 3: Architecture of the GMM accelerator.

1/2σ2
m,g,c is precomputed offline, as it does not depend on

the input xc, and fetched from memory instead of the vari-
ance. Therefore, processing one component of a Gaussian
distribution requires one subtraction, two multiplications to
compute the square and multiply the result by 1/2σ2

m,g,c,
and one subtraction to perform the accumulation.

ASR systems typically compute GMM for batches of
multiple frames in order to save memory bandwidth. Per-
forming GMM evaluation for multiple frames in parallel
improves temporal locality, as the means and variances can
be fetched once from the off-chip system memory and reused
for multiple frames, instead of fetching GMM parameters on
a frame basis. Note that most of the memory bandwidth is
employed for fetching Gaussians. For example, the acoustic
model of Pocketsphinx for English language consists of
5000 mixtures or senones, where each mixture has 32 36-
dimensional Gaussians. Therefore, the memory footprint is
44.55 MB: 21.9 MB for means, 21.9 MB for variances and
0.61 MB for the determinants, since parameters are stored
as 32-bit floating point numbers.

Figure 3 shows the initial architecture of the GMM
accelerator. Its pipeline works as follows. First, the Frame
Fetcher unit is triggered to read the input features for all the
frames in the batch from main memory. The features are
stored in an internal SRAM memory with multiple banks
named Frames 1, ..., Frames N in Figure 3. Typical ASR
systems employ between 30 and 40 features per frame.
We design our accelerator to support up to 64 features.
Therefore, the size of each bank depends on the number
of frames and the numbers of banks:

Bank Size =
F frames× 256 bytes/frame

B banks
(3)

For example, for a batch size of 128 frames and 8 banks,
the size of each bank is 4 KB. Once all the features have
been fetched from main memory and stored in the on-chip
SRAM, the GMM Fetcher unit is triggered to read the
parameters for the first Gaussian. These parameters, i. e.
means and variances, are stored in the GMM parameters
SRAM memory. The accelerator is designed to support
Gaussian distributions with up to 64 dimensions and, hence,
one Gaussian requires up to 512 bytes of storage. The GMM
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Figure 4: Pipeline of the Processing lane and Accumulator
in the GMM accelerator.

parameters SRAM memory includes two banks of 512 bytes
to store the current and the next Gaussian distribution. By
using the two banks the accelerator can overlap the latency
for fetching the next Gaussian with the computations for the
current Gaussian.

Once the means and variances are available in the on-
chip SRAM, the Gaussian is evaluated for all the frames
in the batch by using the Processing lanes and the Accu-
mulators. Figure 4 shows the pipeline for performing GMM
computations. Each Processing lane includes SIMD FPUs to
process four components of a Gaussian in parallel for one
particular frame. The computation of the Gaussian works as
follows. First, 4 means and 4 variances are fetched from the
GMM Parameters, by performing one access of 256 bits,
and broadcast them to the different Processing lanes. In
parallel, a 128-bit fetch is performed in each of the Frames
1 ... Frames N SRAM memories to read 4 features for each
frame. The Processing lane receives its 4 corresponding
features and the 4 means and performs the first subtraction,
xc−µm,g,c. Next, a SIMD FP multiplier is used to compute
(xc−µm,g,c)

2. In the next stage, another SIMD FP multiplier
is used to multiply the previous result by the variance.

The Accumulator employs a reduction tree to compute
the summation of the 4 components, as shown in Figure 4.
Furthermore, it performs the final subtraction to update
the score of the Gaussian. This process is repeated until
the current Gaussian is evaluated for all the frames in the
batch. Finally, the Score Writer unit stores the scores for the
different frames in main memory.

The accelerator is able to overlap memory accesses with
computations to a large extent. To this end, the processing
of a Gaussian is split in three stages: fetching means and
variances from memory, evaluating the Gaussian for all the
frames in the batch and writing the scores in main memory.
The three stages are pipelined, so the accelerator fetches the
next Gaussian from memory while it evaluates the current
Gaussian and writes the scores for the previous Gaussian.

The capacity of the accelerator to hide memory latency
depends on the batch size as illustrated in Figure 5. This
graph shows the time required for memory transfers and
computations for 128 frames of speech in a version of
the accelerator with 8 processing lanes, using the acoustic
model of Pocketsphinx that contains 160k 36-dimensional
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from 1 to 128.

Gaussians. As it can be seen, the memory transfer time
is significantly reduced when increasing batch size, as the
Gaussians are fetched once from main memory and reused
for multiple frames. For a batch size bigger than 16 frames
the memory transfers can be completely hidden with useful
computations. Bigger batch sizes improve temporal locality
and increase the FP to MEM ratio, improving the capacity of
the accelerator to tolerate memory latency. However, it also
increases the latency of the ASR system, as more frames
of audio have to be buffered before the recognition process
starts. For example, a batch size of 128 frames introduces
a delay of 1.28 seconds (10 ms per frame). Therefore, the
batch size cannot be arbitrarily increased for online speech
recognition systems.

B. Lazy GMM Evaluation

The result generated by the GMM accelerator is consumed
by the Search Engine, the next stage in the pipeline of an
ASR system. The Search Engine employs the acoustic scores
to perform a search on a graph-based recognition network,
in order to find the sequence of words with maximum
likelihood. For large vocabulary ASR it is unfeasible to
explore the entire search space due to its huge size. ASR
systems prune away paths that are very unlikely to match
the input stream. Due to the pruning, the scores of some
mixtures or senones are not used by the Search Engine and,
hence, GMM computation for these inactive senones can be
skipped. Figure 6 shows the number of active senones in
several frames of speech.

Many ASR systems, such as Pocketsphinx, generate a list
of active senones, i. e. senones whose acoustic scores are
required to perform the search, for every frame of speech.
We extend our GMM accelerator to access this list of active
senones in order to reduce the amount of computation and
the memory bandwidth usage. Instead of blindly computing
all the senones, the GMM accelerator computes Gaussians
on demand as required by the Search Engine. This version
of the accelerator includes a SRAM memory to store the
list of active senones. Assuming a batch size of F frames,
this memory stores F bits for every senone. This bitmask
indicates whether the senone is active on each one of the
frames in the batch.
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Figure 6: Number of active senones vs frames of speech.
Red dotted line shows average number of active senones
per frame.

A senone can only be completely skipped if the bitmask
indicates that it is inactive in all the frames of a batch. In
that case, means and variances for its N Gaussian distribu-
tions (e.g. 32 in Pocketsphinx) are not fetched from main
memory. Moreover, all the associated GMM computations
are avoided. However, if the senone is active in at least one
frame then the GMM parameters have to be fetched from
main memory. In that case, the accelerator can still avoid
some computations by disabling the Processing lanes for
frames where the senone is not active.

Figure 7 shows the percentage of active senones in
Pocketsphinx when processing the test set of LibriSpeech
corpus [27] (5.4 hours of speech). The bigger the batch size,
the higher the likelihood that a senone is active in at least
one frame. For a batch size of 128 frames more than 90%
of the Gaussians have to be processed, but for modest batch
sizes of 4-8 frames there is a large percentage of senones
that are inactive in all the frames of the batch. Note that
online ASR systems prefer small batch sizes to reduce the
response time.

The memory bandwidth required for fetching the list of
active senones is significantly smaller than the bandwidth
used for fetching Gaussians. For example, for Pocketsphinx
acoustic model (5000 senones) and a batch size of 8 the list
of active senones contains 40k bits (4.8 KB). By fetching
this information the accelerator is able to completely skip
more than 40% of the senones (see Figure 7), so the lazy
GMM evaluation scheme avoids fetching 17 MB from main
memory per batch. Moreover, the amount of floating point
computations is reduced by 57%.

Note that the list of active senones produced by the Search
Engine is only available for the current frame and, hence, it
is not clear how to apply lazy evaluation when processing
frames in batches. For this reason, software solutions that
implement lazy evaluation, such as Pocketsphinx, process
frames sequentially, whereas systems that exploit batching
have to compute all the Gaussians for every frame. In this
paper, we propose a novel approach to combine the benefits
of both lazy evaluation and batching. We observe that the
speech signal is quasi-stationary when considering a short
interval of time, and exploit this behavior to implement a
simple prediction scheme: the accelerator predicts that the
active senones in the next N - 1 frames will be the same
as in the current frame, being N the batch size. This simple
scheme achieves 94% and 83% of accuracy for batch sizes
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of 3 and 8 frames respectively. We check the prediction
with the list of active senones when it is available for each
frame, and we only compute sequentially the senones that
are mispredicted. For example, for a batch size of 8 only
17% of the senones are computed sequentially, whereas 83%
employ batching. Therefore, our scheme avoids computing
all the senones by using lazy evaluation, but it is still able
to apply batching to a large extent, achieving substantial
improvements in performance and energy consumption.

IV. CLUSTERING AND MEMOIZATION

Online ASR systems require small batch sizes of just a
few frames of speech in order to achieve high responsive-
ness. Moreover, our lazy GMM evaluation scheme presented
in Section III-B also requires small batches to skip a
substantial percentage of the Gaussian distributions. The
main disadvantage of small batch sizes is that the memory
transfer time cannot be completely hidden by computations,
as shown in Figure 5.

Most of the memory bandwidth in GMM evaluation is
employed for fetching means and variances. For example,
for Pocketsphinx acoustic model and a batch size of 8
frames, 21.9 MB of means and 21.9 MB of variances have
to be fetched from memory for every batch. In comparison,
only 0.61 MB, 1.12 KB and 4.8 KB have to be fetched
for determinants, input features and list of active senones
respectively. Therefore, 98.61% of the memory bandwidth
is used for reading means and variances.

In this section, we first explore different alternatives for
clustering the GMM parameters, with the aim of reducing
the memory bandwidth usage for GMM evaluation. We
show that the best clustering scheme provides 8x bandwidth
reduction, with a negligible loss in accuracy. We next extend
our GMM accelerator introduced in Section III to support
clustered GMMs, to reduce its memory requirements and
increase the overlap of memory accesses and computations.
Finally, we show that the clustering scheme increases the
amount of redundant computations to a large extent, and
propose a memoization technique that avoids 74.88% of
the floating point operations, which translates into important
savings in energy consumption.

A. Clustering GMM Parameters

Reducing the size of the datasets for ASR is key for
both performance and energy consumption. For small batch
sizes used in online ASR systems, the performance of
acoustic scoring is mainly constrained by memory transfers
as illustrated in Figure 5. Furthermore, off-chip memory
accesses are known to be one of the main sources of energy
consumption in mobile devices and, hence, memory band-
width reductions translate into important energy savings.

Compression algorithms can be used to achieve larger
compression ratios, as long as they do not cause a significant
decrease in accuracy. One of the most successful techniques
for lossy GMM compression is clustering [30], [14], [10],
K-means being the most popular algorithm. With clustering,
the floating point values are replaced by significantly smaller
integer indices into a codebook of centroids.

On the other hand, instead of clustering individual scalar
values, vector clustering for GMM can be used as described
in [30] to further increase compression ratio. With vector
clustering multiple FP values are represented with just one
index. Pocketsphinx acoustic model consists of 160k 36-
dimensional Gaussians. Clustering entire Gaussians only
requires one index for every 36 FP values. However, the
bigger the length of the vector the higher the accuracy loss
and, hence, larger codebooks are required to achieve accu-
racy levels close to the uncompressed dataset. Note that the
codebook of centroids is also part of the compressed dataset
and it must be considered for computing compression ratio.
In order to achieve a better trade-off between compression
ratio and accuracy, vector clustering can be implemented at
the sub-Gaussian level, where each Gaussian is split in 2
18-dimensional vectors, or 3 12-dimensional vectors, etc.

We have implemented both vector and scalar clustering
for GMM parameters and we have analyzed their impact
on compression ratio and accuracy. The results are shown
in Figure 8. Regarding vector clustering, we consider vector
sizes of 4, 6, 9, 12 and 18. In addition, we change the number
of clusters, i. e. the codebook size, between 1K and 12K. As
it can be seen, for the same number of clusters the bigger the
vector size the bigger the compression ratio, but the bigger
the accuracy loss. Vector clustering achieves compression
ratios close to 16x, but at the cost of a significant decrease
in accuracy (more than 5% in absolute WER).

On the other hand, scalar clustering achieves better accu-
racy than vector quantization methods. Figure 8 depicts con-
figurations using scalar clustering with K-means algorithm,
for three different codebook sizes: 16 (“K-means 16”), 32
(“K-means 32”) and 256 centroids (“K-means 256”). The
bigger the codebook size the smaller the accuracy loss,
but the smaller the compression ratio as indices require
more bits. The configuration with 256 clusters provides a
reduction of the dataset close to 4x with a negligible impact
on accuracy, 0.02% increase in WER. For a codebook of
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16 centroids each index only requires 4 bits and, hence,
compression ratio is close to 8x. However, WER is increased
by more than 1.3%.

Increasing the number of clusters results in better ac-
curacy, as the distances from the original values to the
centroids of the clusters tend to be smaller. However, it
also results in smaller compression ratio, since more bits are
required to represent the indices. In this paper, we propose
a novel strategy to increase the number of clusters without
increasing the size of the indices. For an acoustic model
with N Gaussians and C components per Gaussian, the
dataset consists of an N × C matrix. In our scheme we
apply clustering for each Gaussian component separately
generating C different codebooks, one for each column.
By doing this, the number of centroids is increased by
a factor of C, but the index size remains the same as
the size of each individual codebook is not increased. For
example, assuming an acoustic model with 36-dimensional
Gaussians and 16 clusters, we apply scalar K-means for each
column of the matrix and generate 36 codebooks with 16
centroids, which means a total of 576 centroids for the entire
dataset. Nevertheless, the index size is still 4 bits since each
dimension of the Gaussian is restricted to its corresponding
codebook. Note that the target codebook can be obtained
from the column of the matrix, so indices in column c use
codebook c and, hence, no additional information has to be
stored to locate the codebook.

Figure 8 shows the results for our per-component clus-
tering scheme, using 16 centroids per codebook (“Per-
compon-ent 16”) and 32 centroids (“Per-component 32”).
Our scheme provides a better trade-off between compression
ratio and accuracy than the schemes that apply K-means
for the entire dataset with just one codebook. Compared to
“K-means 256”, “Per-component 16” doubles compression
ratio, from 4x to 8x, despite increasing the number of
clusters from 256 to 576, since each component is clustered
separately and only 4 bits are required per index. Com-
pared to “K-means 16”, which also uses 4-bit indices, “Per-
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Figure 9: Mean Squared Error introduced by the clustering
techniques for each component, or dimension, of the Gaus-
sian distributions in Pocketsphinx English language acoustic
model. Our per-component clustering provides smaller errors
for most of the dimensions.

component 16” improves the increase in WER from 1.3%
to 0.4% as it employs 576 centroids instead of 16 for the
entire dataset. Therefore, per-component clustering achieves
the same compression ratio as the schemes with a small
number of clusters, while providing a level of accuracy close
to the schemes with large codebooks.

The per-component clustering generates highly tuned
codebooks for each dimension. Figure 9 shows the Mean
Squared Error (MSE) for each of the 36 dimensions in
the acoustic model of Pocketsphinx, including our per-
component clustering and the regular K-means with 16
clusters for the entire dataset. Per-component clustering in-
troduces smaller errors for most of the dimensions, achieving
higher accuracy with the same compression ratio.

We have implemented in our GMM accelerator the per-
component clustering with codebooks of 16 centroids. This
configuration provides close to 8x compression ratio: 32-bit
FP values are replaced by 4-bit indices, whereas up to 4KB
are used for codebooks (up to 64 dimensions multiplied by
16 centroids). For LibriSpeech test set (5.4 hours of audio)
this configuration introduces a negligible error with respect
to the uncompressed dataset, increasing WER by only 0.4%.

We extended our GMM accelerator to support clustering
as illustrated in Figure 10. This version includes an on-chip
SRAM memory, named Centroids, to store the codebooks.
The accelerator supports Gaussians with up to 64 dimensions
and codebooks with up to 16 centroids. The total size of the
Centroids SRAM memory is 4 KB: 64 codebooks × 16 cen-
troids/codebook × 4 bytes/centroid. The Processing lanes of
the GMM accelerator require 4 means and 4 variances per
cycle to achieve peak throughtput. The Centroids memory
is split in 4 banks of 1 KB with 2 read ports per bank,
in order to fetch 4 centroids for means and 4 centroids for
variances in one cycle. To avoid bank conflicts, codebooks
for different components are interleaved with a factor of 4,
as 4 consecutive components are processed per cycle.

When using clustering, the GMM Fetcher reads indices
from main memory and stores them in the GMM Parameters
SRAM memory. The pipeline of the accelerator includes an
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Figure 10: Architecture of the GMM accelerator including
support for clustering and lazy evaluation.

additional stage to fetch the centroids. In this new stage,
the indices for means and variances read from the GMM
Parameters memory are used to obtain the corresponding
values from the Centroids memory. These centroids are then
dispatched to the Processing lanes, the rest of the pipeline
remains unmodified and works as described in Section III.

The use of clustering provides a large reduction in mem-
ory bandwidth usage. For Pocketsphinx acoustic model, 43.8
MB are fetched from memory every batch to read means
and variances when using the uncompressed dataset. Our
clustering scheme reduces the size of the dataset to 5.5 MB,
achieving a reduction in memory bandwidth close to 8x.

B. Memoizing GMM Computations

GMM evaluation for one frame of speech requires com-
puting the expression (xc−µm,g,c)

2×(1/2σ2
m,g,c) for every

component of every Gaussian (see Equation 2). The number
of times the aforementioned expression is computed depends
on the number of Gaussians in the acoustic model and the
dimensionality of the Gaussians. For Pocketsphinx acoustic
model, which contains 160K 36-dimensional Gaussians,
this expression is evaluated 5.76 million times per frame.
However, when using our clustering scheme described in
Section IV-A, each one of the 36 input features (xc) can only
be combined with 16 different means and 16 variances. The
total number of unique evaluations is 36× 16× 16 = 9216.
Therefore, 99.84% of the evaluations of this expression are
redundant, i. e. they use the same value of xc, µm,g,c and
σ2
m,g,c as a previously computed component.
In this paper, we propose the use of memoization to

avoid all these redundant computations. Memoization is an
optimization technique that avoids repeating the execution of
redundant computations by reusing the results of previous
executions with the same input values. The first time a
computation is executed, its result is dynamically cached in
a Look Up Table (LUT). Subsequent executions of the same
computation will obtain the result from the LUT rather than
recalculating it.

We extend our GMM accelerator to memoize the result
of the expression (xc − µm,g,c)

2 × (1/2σ2
m,g,c), which
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Figure 11: Architecture of the GMM accelerator including
support for lazy evaluation, clustering and memoization.

corresponds to the first subtraction and the two multipli-
cations performed in the Processing lanes as illustrated
in Figure 4. In this version of the accelerator, we de-
couple the Processing lanes from the Accumulators. The
Processing lanes are first triggered to precompute all the
unique combinations of the aforementioned expression.
The output results of the Processing lanes are stored
in a new on-chip SRAM memory, named Memoization
Buffers, as illustrated in Figure 11. This SRAM memory
stores the unique results in a 4D matrix with dimensions:
Num frames in batch×Num features per frame×
Num means×Num variances. Our accelerator supports
up to 8 frames per batch, 64 features per frame and 16
centroids for means and variances, so the total size for the
Memoization Buffers is 512 KB.

Once all the unique computations are executed, the scores
of the different Gaussians are computed for the given batch
of frames. Evaluating a Gaussian consists on performing
a summation of the corresponding results stored in the
Memoization Buffers, using the Accumulators. The indices
for mean and variance, together with the frame index and
feature index are used to access the 4D matrix of pre-
computed results. Two new pipeline stages are included
to perform this access as illustrated in Figure 11. In the
first stage, the address of the precomputed result is ob-
tained from the different indices. In the next stage, this
address is employed for accessing the Memoization Buffers
in order to get the precomputed result for the expression
(xc − µm,g,c)

2 × (1/2σ2
m,g,c). The values obtained from

the Memoization Buffers are forwarded to the Accumulators,
where they are employed to update the score of the Gaussian.

In summary, GMM evaluation requires four FP operations
for each component of every Gaussian. The first three FP
operations exhibit a high degree of redundancy, since only
0.16% of the computations are unique whereas 99.84% are
redundant. We extend our accelerator to precompute these
0.16% unique FP values and store them in a relatively small
table, so they can be later used for computing Gaussians.



Technology / Frequency 28 nm / 1200 MHz
Number of lanes / Lane width 8 / 4

Parameter buffer 3 buffers, 1 KB each
Frame buffer 1 KB per each lane

Active senone / Centroids buffer 6 KB / 1 KB
Write score / Memoization buffer 1 KB / 512 KB

Functional units per lane 8 fp multipliers, 4 fp adders

Table I: Hardware parameters for the proposed accelerator.

In the base design of the accelerator, evaluating Pocket-
sphinx acoustic model for a batch size of 8 frames requires
about 184M FP operations: 8 frames×160K Gaussians×
36 components×4 FP ops. When using memoization, we
first precompute the unique values, this requires about 221K
FP operations: 8 frames× 36 components× 16 means×
16 variances × 3 FP ops. In addition, to get the scores
we have to perform the summation of 36 of these precom-
puted values, which requires 46.08M FP ops: 8 frames×
160K Gaussians × 36 components × 1 FP op. The
total number of operations with the memoization scheme
is 46.30M, i.e. 74.88% of the FP operations are avoided.

Computation re-use is lucrative only when the cost of
accessing the structures used for memoization is smaller than
the benefit of skipping the actual computation. According
to our results obtained with CACTI and Synopsys Design
Compiler at 28 nm, the energy for accessing one bank of
the Memoization Buffers is much smaller than the cost of
performing one FP subtraction and two FP multiplications.

V. EVALUATION METHODOLOGY

We have developed a simulator that models the GMM ac-
celerator described in Secion III. Furthermore, the simulator
implements the lazy evaluation scheme presented in Sec-
tion III-B, our clustering technique (see Section IV-A) and
the memoization scheme (see Section IV-B). The parameters
employed for the experiments are provided in Table IV.

We use CACTI [26] to estimate area and energy con-
sumption of the different SRAM memories included in the
accelerator. In addition, we have implemented in Verilog the
rest of the components in the pipeline of the accelerator and
we synthesized them using the Synopsys Design Compiler
with a 28nm commercial library. The simulator provides
the activity factors that are employed to estimate dynamic
energy for the different components. We use the delay
estimated by CACTI and the delay of the critical path
reported by Design Compiler to set the target frequency so
that the various hardware structures can operate in one cycle.

Regarding our datasets, we use the testset of audio files
included in LibriSpeech [27] corpus, that consists of 5.4
hours of speech. On the other hand, we use the latest acoustic
model for English language provided in Pocketsphinx. We
also train several acoustic models using LibriSpeech train
set to verify our proposed methods.

CPU 4x ARM Cortex A57 at 1.9 GHz (20 nm)
L1, L2 32KB L1, 2MB L2

Table II: Mobile CPU Parameters.
GPU Tegra X1 Maxwell (GM204)

Streaming multiprocessors 256-core
Technology / Frequency 20 nm / 1000 MHz

L1, L2 caches 24KB [23], 256KB

Table III: Mobile GPU Parameters.

We compare our GMM accelerator with the performance
of a software implementation running on a mobile CPU and
a mobile GPU. We use NVIDIA Tegra X1 [6] as our baseline
mobile platform. Tegra X1 includes an ARM CPU with
parameters shown in Table II and a state-of-the-art mobile
GPU with parameters provided in Table III.

Regarding the software implementation, we use the
method for acoustic likelihood computation based on matrix-
matrix multiplication described in [15]. In this method, the
Gaussians and the input frames are represented as 2D matri-
ces and the acoustic scores are obtained by using the matrix
multiply (SGEMM) operation of BLAS specification. For
the CPU version, we use SGEMM implementation available
in the OpenBLAS library [1]. For the GPU version, we
employ the high-performance implementation of SGEMM
provided in cuBLAS [3]. To measure energy consumption,
we read the registers of the TI INA3221 power monitor
included in the NVIDIA Jetson TX1 platform, in order
to obtain power dissipation by monitoring CPU and GPU
power rails as described in [24].

VI. EXPERIMENTAL RESULTS

In this section, we evaluate the performance and energy
consumption of our GMM accelerator presented in Sec-
tion III. In first place, we analyze the impact of the batch
size on the energy consumption of the accelerator. In second
place, we compare our GMM accelerator with software
solutions running on a mobile CPU and a mobile GPU.

Figure 12 shows the energy consumption of the FP units
and the overall accelerator versus batch size. The figure
shows the total energy for processing 128 frames of speech.
For the base design of the accelerator that computes all the
Gaussians every frame, labeled as all senones, the energy
for the FP units is constant as the amount of computation
does not depend on batch size. However, overall energy
is significantly reduced when increasing batch size due to
the energy required for memory transfers. The bigger the
batch size the smaller the memory bandwidth usage, as
Gaussians are fetched once and reused for a bigger number
of frames, improving temporal locality. Energy consumption
of base design (all senones) exhibits similar behavior using
both the original dataset and the clustered dataset, but the
absolute energy consumption is smaller for the clustered
dataset (Figure 12b) due to the memory bandwidth reduction
achieved with clustering.
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Figure 12: Energy consumption for floating point units (FP
units) and entire GMM accelerator (Total), for the base
design that evaluates all the Gaussians (all senones) and
the accelerator using our lazy evaluation scheme (Lazy).
12a shows energy using the original uncompressed acoustic
model, whereas 12b shows the results using our clustering
scheme to reduce the size of the acoustic model.

Regarding our lazy evaluation scheme, the energy required
for FP computations increases with the batch size. As
described in Section III-B, the bigger the batch size the
bigger the likelihood that a senone is active in at least
one of the frames and, hence, the smaller the effectiveness
in removing computations and memory accesses. For the
original dataset (Figure 12a), overall energy is dominated
by memory transfers and, hence, configurations with large
batch sizes exhibit smaller energy consumption. However,
for the clustered dataset (Figure 12b) the overall energy with
the lazy scheme achieves the best results for a batch size
of 8 frames. In this configuration, the memory bandwidth
usage is reduced to a large extent due to the clustering, that
reduces the size of the dataset by 8x, and the lazy scheme
that avoids fetching GMM parameters for inactive senones.

On the other hand, Figure 12 also shows that both the
lazy evaluation scheme and the clustering technique provide
significant energy savings with respect to the base design
for any batch size. Online ASR systems require small batch
sizes of 4-16 frames to achieve high responsiveness, as
buffering a large number of frames would introduce delays
that are unacceptable for real-time systems. For small batch
sizes, the configuration using lazy evaluation and clustering
provides the lowest energy consumption, achieving the best
results for a batch size of 8 as illustrated in Figure 12b.
Therefore, we use 8 frames as the batch size of the acceler-
ator for the rest of the results shown in this section.

Figure 13 shows the speedup and the energy reduction
achieved by the GPU and the different versions of our
GMM accelerator with respect to a modern mobile CPU.
The configuration named GPU corresponds to the mobile
GPU with parameters shown in Table III. ASIC corresponds
to the base design of the GMM accelerator as described
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Figure 13: Speedup and energy reduction achieved by the
mobile GPU and the different versions of the accelerator.
The baseline is a modern ARM A57 mobile CPU.

in Section III-A. ASIC+L is the base design including the
lazy Gaussian evaluation scheme presented in Section III-B.
ASIC+L+C is the GMM accelerator including lazy evalua-
tion and the clustering technique introduced in Section IV-A.
Finally, ASIC+L-+C+M configuration includes lazy evalu-
ation, clustering and the memoization scheme described in
Section IV-B.

The mobile GPU included in NVIDIA Tegra X1 provides
27.9x speedup and 14.6x energy savings with respect to
the mobile CPU. The matrix multiply operation, that is
used to implement the acoustic model in the software-
based solutions, exhibits a high degree of data parallelism
and, hence, it benefits from the large number of functional
units provided by the GPU. In addition to the performance
improvement, the GPU achieves high energy-efficiency for
this data parallel code, reducing the overheads of instruction
fetching and decoding by exploiting SIMD execution model.

On the other hand, the base design of the accelerator,
named ASIC in Figure 13, provides 70.7x speedup and
691.5x energy reduction over the mobile CPU. The ASIC
includes hardware specifically designed to accelerate GMM
evaluation, avoiding the overheads of software implementa-
tions and delivering high-performance and energy-efficiency
for acoustic scoring.

The lazy Gaussian evaluation scheme improves perfor-
mance and energy-efficiency of the base design, achieving
80.3x speedup and 784x energy reduction over the mobile
CPU. For a batch size of 8 frames, the lazy evaluation
scheme avoids the computations and memory accesses for
more than 40% of the Gaussians on average, as reported in
Figure 7.

Our clustering technique provides large improvements
in performance and energy consumption. The ASIC+L+C
configuration achieves 164.4x speedup and 1584.9x energy
reduction over the mobile CPU. We use our per-component
clustering with 16 centroids for means and 16 for variances
as described is Section IV-A. The per-component clustering
provides 8x reduction in memory bandwidth usage, which



Platform 4x ARM A57 Tegra X1 B+L+C+M
Power (Watts) 2.45 9.22 0.11

Frames/s 95 2688 15802

Table IV: Performance and power of different processors.

results in speedups, since memory transfer time is one of
the main bottlenecks for small batch sizes as reported in
Figure 5, and energy savings as off-chip memory accesses
are one of the most expensive operations in terms of energy
for mobile SoCs.

Figure 13 shows that the memoization scheme does not
provide any performance benefit, as this technique tar-
gets energy savings. Memoization does not increase the
throughput of the accelerator, we still have 8 Accumulators.
In the base design, the input of the Accumulators comes
from the Processing lanes, whereas with the memoization
scheme the input comes from the Memoization Buffers as
illustrated in Figure 11. Hence, we replace the three FP
operations performed in the Processing lanes by one access
to the Memoization Buffers, that requires substantially less
energy as described in Section IV-B. Overall, 74.88% of
the FP operations are replaced by memory accesses to the
memoization table, improving the energy reduction over the
mobile CPU from 1584.9x in the ASIC+L+C to 3532.5x
in the ASIC+L+C+M. Note that the memoization scheme
requires a first stage for creating the memoization table.
However, this precomputation only takes a negligible 0.15%
of total execution time, as the number of entries in the
memoization table, i. e. the number of possible combinations
of means, variances and input features, is fairly small when
using the clustered acoustic model.

Table IV shows power and performance of the differ-
ent processors for GMM. The mobile CPU processes 92
frames/s while dissipating 2.45 W. The mobile GPU pro-
cesses 2688 frames/s but at the cost of increasing power
dissipation to 9.22 W. Our GMM accelerator achieves
higher performance than the mobile GPU, processing 15802
frames/s while dissipating as low as 110 mW.

To sum up the energy-performance analysis, Figure 14
plots energy reduction vs speedup. The accelerator pro-
vides significantly higher energy-efficiency than the mobile
processors. ASIC+L+C+M configuration achieves the best
results, providing 5.89x speedup over the mobile GPU, while
reducing energy consumption by 241x and requires an area
of 0.94 mm2. The system achieves 4.66x speedup and 4.54x
energy reduction for the entire ASR pipeline.

VII. RELATED WORK

Improving performance and reducing energy consumption
of acoustic scoring has attracted the attention of the research
community in recent years. Several hardware solutions for
GMM evaluation have been proposed using ASICs or FP-
GAs. A hardware coprocessor is proposed in [22] to boost
the performance of the GMM computation in Sphinx3.
Reducing the size of the mantissa from 23-bits to 15-bits and
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Figure 14: Speedup and energy reduction for different ver-
sions of the accelerator versus the mobile CPU and GPU.

12-bits is proposed in [11] to reduce the acoustic model size,
providing a compression ratio of 1.39x and 1.6x respectively.
The technique is evaluated using a small vocabulary size
of 5000 words, whereas we propose a novel clustering
technique to achieve 8x reduction in acoustic model size
with a 130k words vocabulary size. A batching technique
is proposed in [13], [20] to reduce the memory bandwidth.
These works use small batch sizes of 4 and 8 in order to
reduce the latency caused by batching. Our work is different
as we combine batching with lazy evaluation by using a
novel prediction scheme of active senones.

Our GMM accelerator is different from previous proposals
as it includes lazy evaluation combined with batching, clus-
tering and memoization, that provide significant performance
and energy improvements in comparison with the basic
design.

VIII. CONCLUSIONS

In this paper, we propose a custom hardware acceler-
ator for large-vocabulary, speaker-independent, continuous
speech recognition, motivated by the increasingly important
role of automatic speech recognition systems in mobile and
wearable devices. Our accelerator focuses on the evaluation
of the Gaussian Mixture Model (GMM) for acoustic scoring,
as this stage is the main bottleneck in speech recognition
systems. Our design includes innovative techniques to im-
prove its energy efficiency. First, it includes a lazy evaluation
scheme and a prediction technique to compute Gaussian
distributions on demand, avoiding 50% of the computations.
Second, it employs a novel clustering technique to reduce
memory bandwidth usage by 8x with a negligible impact
on accuracy. Third, it implements a memoization scheme
to remove redundant computations, avoiding 74.88% of the
floating point operations. The final design achieves 5.89x
speedup over a state-of-the-art software implementation run-
ning on a high-end mobile GPU, while reducing energy
consumption by 241x.
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