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Abstract
This paper proposes a method to create a robust acoustic model
by directly fusing multiple neural networks that have dissimi-
lar characteristics without any additional layers/nodes involving
retraining procedures. The fused neural networks derive from
a shared parent neural network and are referred to as cognate
(child) neural networks in this paper. The neural networks are
fused by interpolating weight and bias parameters associated
with each neuron with a different fusion weight, assuming that
cognate neural networks to be fused have the same topology.
Therefore, no extra computational cost during decoding is re-
quired. The fusion weight is determined by considering a cosine
similarity estimated from parameters connecting to the neuron
and the fusion is performed for every neuron. Experiments were
carried out using a test suite consisting of various acoustic con-
ditions with a wide SNR range, speakers including foreign ac-
cented speakers, and speaking styles. From the experiments, the
network created by fusing cognate neural networks showed con-
sistent improvement on average compared with the commercial-
grade domain-free network originating from the parent model.
In addition, we demonstrate that the fusion considering input
connections to the neuron achieves the highest accuracy in our
experiments.
Index Terms: acoustic modeling, neural network, fusion, co-
sine similarity, generalization.

1. Introduction
Combining acoustic models with different characteristics to
obtain synergistic effects from each model has been well re-
searched in automatic speech recognition (ASR). An example
of the combination of neural network based acoustic model-
ing for ASR includes joint training of multiple neural networks
[1, 2, 3], posterior-level combination [4, 5], and hypothesis level
combination [6, 7, 8, 9]. The joint training is a method to train a
whole network connecting one middle layer in a neural network
to a layer in another network. There are two ways of train-
ing a whole network: one is training the whole network from
scratch, and the other is training each network and then com-
bining the networks and retraining the combined network [10].
Joint training targeting several networks has also been investi-
gated. The posterior-level combination, which is typically ap-
plied to an NN/HMM hybrid system, combines posterior prob-
abilities (or logits) with a weighted interpolation obtained from
multiple networks trained separately. The interpolation weight
is often determined with a development dataset. On the other
hand, an example of hypothesis level combination is a voting
of output words from each ASR system to form a single word
transition network, called ROVER combination [6, 11, 12]. The
combinatorial usage of multiple networks described above is a
promising way to seek the best performance for a whole sys-
tem. However, these methods are more computationally expen-
sive and need more resources than single-network systems dur-

ing decoding time. In addition, approaches leveraging several
neural networks that have complicated architecture need many
trial-and-error experiments to converge the training for suffi-
cient accuracies.

This paper proposes a method to incorporate synergistic ef-
fects from multiple neural networks into a single network by
performing direct neuron-level fusion, which does not require
any retraining procedures and extra computational cost during
decoding. Our method targets an online ASR which requires
low computational cost. The neural networks to be fused in
our proposed method originate from a unique parent neural net-
work. Because the acoustic property of the parent network is
inherited by child networks to some extent, the child neural net-
works deriving from the same parent neural network are con-
sidered as cognate neural networks. We assume that fused neu-
ral networks have the same topology and neurons (weight and
bias parameters) that exist in the same position are fused by
the weighted interpolation. A fusion weight for each neuron is
determined on the basis of a cosine similarity metric when con-
nections to the neuron are regarded as a vector. Unless neurons
from two cognate networks to be fused are excessively dissimi-
lar, the fusion weight is automatically adjusted to make it large.
If the characteristics of two neurons are dissimilar, smaller fu-
sion weight is given to avoid irrelevant neurons being generated
by the fusion. To the best of our knowledge, there has been little
investigation in the literature into the direct fusion for weight
and bias parameters of multiple neural networks without any
retraining the network. Similar works to our method include a
simple averaging of network parameters on intermediate models
during SGD training [13, 14, 15]. However, neither the fusion
of dissimilar networks nor the neuron-level fusion with different
interpolation weight for each node has not been their focus.

If a neural network composed of a complicated architec-
ture based on several neural networks is trained with a huge
amount of training data (e.g. more than 10k hours), training
takes a long time to complete because many trial-and-error and
hyper parameter tunings are needed to elicit high performance.
In some cases, even the convergence of the training itself is dif-
ficult. In contrast, the direct fusion of neural networks proposed
in this paper not only improves an overall ASR performance by
synergistic effects from multiple networks but also reduces the
entire neural network development period because of its sim-
pler process. Another advantage in our proposed method is that
the fused neural network does not increase computational cost
during decoding time because the architecture of the networks
is not changed by the fusion at all.

2. Similarities of cognate neural networks
2.1. Similarities based on network initializations

This section addresses the importance of the fusion between
neural networks in terms of a similarity metric, which is a key
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Table 1: Cosine similarities between two neural networks.
Conv, FC, BN, and OUT mean convolutional layer, fully con-
nected layer, bottleneck layer, and output layer, respectively.

Layer number Type Similarity
Init.=(random) Init.=(parent model)

Layer=1 Conv 0.07 0.99
Layer=2 Conv 0.16 0.98
Layer=3 FC 0.02 0.94
Layer=4 FC 0.01 0.91
Layer=5 FC 0.01 0.91
Layer=6 FC 0.01 0.90
Layer=7 BN 0.07 0.94
Layer=8 OUT 0.02 0.97

factor in our proposed method. Table 1 shows an example of
cosine similarities between every layer in two neural networks
when weight and bias parameters connecting to each neuron in
the networks are regarded as a vector representing a property of
the neuron. This vector is referred to as a neuron vector in this
paper. To obtain the similarities shown in Table 1, the neuron
vector for each neuron is further concatenated to make a super-
vector for each layer to compute the layer-wise similarity. In
each column for “Similarity” in Table 1, two CNN-based neu-
ral networks that have the same topology were first trained with
10000-hour domain-free training data and 2000-hour domain-
specific training data, respectively. The domain-free data con-
sists of several public and private corpora covering wide va-
rieties of speakers, speaking styles, and additive and convolu-
tive noises for general-purpose ASR. In contrast, the domain-
specific data was collected from a particular acoustic condition
mainly focusing on noise robustness. An acoustic coverage
greatly differs between domain-free and domain-specific data.
See Section 4 for more details of the datasets and the network
topology. Two neural networks related to each training dataset
were further trained by using different initial parameters for the
networks. The neural networks notated as “Init.=(random)” in
Table 1 were trained by initializing weights and bias parameters
with random values, and those notated as “Init.=(parent model)”
were trained by initializing weights from the same parent neural
network (Fig. 1). In this paper, the child neural networks origi-
nating from the same parent network are referred to as cognate
neural networks.

As seen in Table 1, cosine similarities of the neural network
pair trained with random initialization are much smaller than
those of the cognate neural networks, meaning that the neural
networks trained with random initialization are entirely dissimi-
lar. On the other hand, the cognate neural networks trained with
the initialization from the same parent model are surprisingly
similar, and only fully connected (FC) layers have relatively
large differences. Because the basic role of each neuron/filter in
the cognate networks is carried over from the parent model, the
additional training process originating from the parent model
does not change the role of a neuron level much even if the
training dataset is different, although an acoustic characteristics
that can be handled as an entire neural network changes.

2.2. Order of filters

Here we focus on convolutive filters represented in the first con-
volutional layer after the cross entropy training of the network
is performed. Many filters in the first convolutional layer are
trained to capture N -th order spectral patterns in the time and
frequency plane such as delta features, which are important for
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Figure 1: Constructing flow of the fused model.
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Figure 2: Examples of 9 × 9 filters after cross entropy training
in the first convolutional layer (best viewed in color). Red and
blue represent positive and negative values, respectively.

phone classification [10]. Figure 2 illustrates examples of 9×9
filters after training the network. In the figure, red and blue
represent positive and negative values, respectively. As illus-
trated in the figure, the filters are regarded as derivative fil-
ters along with the time axis, frequency axis, and both axes.
These basic time and frequency derivative filters are formed ev-
ery training time even if initial weights of the network, train-
ing data, network topology including context dependent states
related to output layer, and so on are different. Nevertheless,
the reason the cosine similarities from the random initialization
are small is that the filters from scratch are formed in differ-
ent positions every training time, that is, the order of filters in
each layer varies. As neurons that have greatly different roles
in the position are fused, radical characteristics of neurons from
each network spoil and the ambiguity of physical meaning in
forward-propagated signals via activation functions increases.
This results in poor recognition accuracy. This paper defines
the closeness of the role of the neuron with a cosine similarity
metric and proposes a fusion method that emphasizes the im-
portance of the base neuron by lowering the fusion weight for
the neuron pair in which the role between neurons greatly dif-
fers. The next section describes the details of the neuron-wise
fusion of the networks.

3. Neuron-wise fusion
In Section 2, we discussed the importance of generating cognate
neural networks and fusing them to obtain the synergy. This
section describes the proposed neuron-wise fusion method and
how the cognate neural networks are fused with a different fu-
sion weight.

Let CA and CB be fused cognate neural networks. As dis-
cussed, these networks should be trained by initializing weight
and bias parameters from the same parent neural network. To
strengthen the specialty of each cognate network, the cognate
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networks are trained with different training data, training pro-
cedures, etc. CA is considered as a base network to be im-
proved whereas CB is regarded as a network to effectively ex-
pand acoustic characteristics of the base network CA here. A
neuron-wise fusion with the cosine similarities is performed by
the following equation

Wlk = (1− γlk)W
A
lk + γlkW

B
lk, (1)

where WA
lk and WB

lk are the neuron vector of l-th layer and k-th
neuron of CA and CB consisting of weights and bias parameters
connecting as input to each neuron as

WA
lk = [wA

lk1, w
A
lk2, . . . , w

A
lkn, . . . , w

A
lkN , bAlk]

T (2)

WB
lk = [wB

lk1, w
B
lk2, . . . , w

B
lkn, . . . , w

B
lkN , bBlk]

T . (3)

wA
lkn, wB

lkn, bAlk, and bBlk are n-th weight and bias parameters
of each neuron as shown in Fig 3, respectively. γlk is a fusion
weight for each neuron estimated from cosine similarity Dlk as

γlk =

α
(Dlk − β)

1.0− β
(Dlk > β)

0 otherwise
(4)

Dlk =
WA

lk ·WB
lk

|WA
lk||WB

lk|
. (5)

The fusion weight γlk ranges 0 < γlk < α, where α is a param-
eter for controlling the maximum value of γlk and β indicates
the minimum value (cutoff parameter) considered in the cosine
similarity Dlk to determine the fusion weight. Instead of utiliz-
ing input connections, output connections from the neuron can
be utilized as the neuron vector as

VA
lk = [vAlk1, v

A
lk2, . . . , v

A
lkm, . . . , vAlkM ]T (6)

VB
lk = [vBlk1, v

B
lk2, . . . , v

B
lkm, . . . , vBlkM ]T , (7)

where VA
lk and VB

lk are alternative neuron vectors composed of
weight parameters vAlkm and vBlkm as output connections. The
biases for the current neurons bAlk and bBlk can also be used for
the similarity computation as a part of neuron vectors.

4. Experiments
4.1. Model Topology

All acoustic models used throughout this paper are CNNs of
the same size. The CNN is trained with 40 dimensional log
Mel-frequency spectra augmented with ∆ and ∆∆ as inputs
with 16 kHz sampling frequency. Each frame of speech is
also appended with a context of 11 frames after applying a
speaker independent global mean and variance normalization.
The CNN system uses 2 convolutional layers with 128 and 256
hidden nodes each in addition to 4 fully connected layers with
2048 nodes per layer to estimate posterior probabilities of 9300
context-dependent states as output targets. Before the output
layer, the bottleneck layer with 512 nodes is also attached. All
128 nodes in the first feature extracting layer are attached with
9×9 filters that are 2 dimensionally convolved with the input
log Mel-filterbank representations. The second feature extract-
ing layer with 256 nodes has a similar set of 3×4 filters that
processes the non-linear activations after max pooling from the
preceding layer. The non-linear outputs from the second fea-
ture extracting layer are then passed onto the subsequent fully
connected layers. All the layers use the ReLU non-linearity.
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Figure 3: Input and output connections of neuron.

4.2. Data and model builds

The training data for the parent CNN model used in the ex-
periments consists of 3600 hours of audio data. One-third of
this training corpora is clean audio from several public corpora
such as Broadcast News, Mixer 6 [16], and AMI corpus [17].
These corpora are further augmented with realistic environmen-
tal noises and impulse responses at various SNR range to total
3600 hours. Before the parent model is trained, this data was
used to train the VGG model comprising 10 convolutional lay-
ers, with a max-pooling layer inserted after every 3 convolu-
tional layers, followed by 4 fully connected layers [18]. Batch
normalization is also applied to every fully connected layer in
the VGG model. The VGG model has the same context depen-
dent phones in the output layer as the parent CNN model. Then,
the student CNN model was trained as the parent CNN model
with a teacher-student training framework with the same 3600
hours of audio data after soft labels were generated from the
VGG model [19].

After the parent CNN model construction, two child net-
works were created from the parent network as cognate net-
works in the experiments. One child network CA was ini-
tialized by weight parameters from the parent network and
trained with more than 10000 hours created by adding in-house
farfield speech and foreign accented speech data to the 3600-
hour dataset to enhance the robustness to the various acoustic
conditions. This 10000-hour dataset is called a domain-free
dataset because of its diversity of speakers, speaking styles, and
acoustic conditions. In contrast, the other child network CB

was trained with 2000 hours of domain-specific data that is a
subset of the above datasets. The child network CB was ini-
tialized by the parent model, too. The training dataset for CB

focuses more on the noise robustness.
We explore the effectiveness of the proposed method using

several well-known English corpora including ASpIRE [20] and
Broadcast News as large vocabulary continuous speech recog-
nition (LVCSR) tasks, and Aurora 4 which is primarily used to
evaluate noise robust algorithms [21]. In addition, foreign ac-
cented English speech consisting of Asian (2.1 hours) and Latin
American accented speakers (2.4 hours) was also used. The ut-
terances in the foreign accented speech data set are a mix of dig-
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Table 2: Baseline performance for test sets.
Test set ChildNet CA ChildNet CB

(Domain-free) (Domain-specific)
ASpIRE 38.7 39.9
BN-Dev04f 15.4 14.5
Aurora-4 12.2 11.9
Accented 18.3 25.3

its and letters in insolation, command phrases, and short dialogs
seen in spoken language systems [22]. Baseline performance
from two child networks is tabulated in Table 2. The decoder
uses a vocabulary comprising 250K words and the language
model is a 4-gram LM with 200M n-grams. The child network
CA was trained with an acoustically well-balanced dataset, so
the model works robust on average for every test set. In contrast,
the child network CB was constructed as noise-robust model,
and it worked very well for BN-Dev04f and Aurora-4 tasks but
had a large negative impact on accented data.

4.3. Results

The goal here is to improve the overall performance of the child
network CA by mixing the particular classification ability of
CB which is robust to noisy environments. A system combi-
nation is a popular approach to obtain a benefit from multiple
networks, but the computational cost increases in proportion to
the number of models. This is a critical problem in an online
ASR system which requires low computation cost. Combin-
ing multiple networks with additional computational cost dur-
ing decoding is not our target in this paper.

In this section, three methods of neural network fusions are
first compared. Table 3 shows the experimental results. In the
table, “Flat fusion” means using the same fusion weight for all
layers and “Layer-wise fusion“ indicates using different fusion
weights for each layer. For the flat fusion, 0.35 was used as the
fusion weight that showed the best accuracy. The layer-wise
fusion weight was estimated from one similar to the weight of
the neuron-wise method, but layer-wise fusion uses supervector
concatenating neuron vectors whereas the neuron-wise method
does not. The neuron-wise fusion is the method described in
Section 3. For the neuron-wise and layer-wise fusion, α and
β were set to 0.3 and 0.7, respectively. From Table 3, we
can see consistent improvements in three sets (ASpIRE, BN-
Dev04f, and Aurora-4) from all types of fusion methods. Be-
cause the child network CB works poorly for accented speak-
ers, the flat fusion greatly degrades performance compared with
the general-purpose child network CA although they are both
robust to noisy conditions. In contrast, since layer-wise and
neuron-wise fusions can control fusion weights on the basis of
the cosine similarity between networks, a side-effect from the
fusion was much reduced over the flat fusion technique, further
improving the averaged WER compared with the domain-free
network CA.

Next we consider neuron-wise fusions performed by the
different neuron vectors. As mentioned in Section 3, there are
several choices to create the neuron vectors. One neuron-wise
fusion focuses on input-side connection, and the other considers
output-side connections. An additional candidate to test here is
to use both input and output connections. Table 4 compares per-
formances using three types of neuron vectors. All cases effec-
tively transferred acoustic knowledge from CB to the domain-
free child network CA and outperformed the strong base child
network CA by the fusion. Using the neuron vector composed
of input connections achieved the best results in our experi-

Table 3: Comparisons between fusion methods.
Test set Flat fusion Layer-wise Neuron-wise
ASpIRE 38.3 38.5 38.4
BN-Dev04f 15.1 15.0 14.9
Aurora-4 11.9 12.0 11.9
Accented 19.3 18.9 18.5

Table 4: Comparisons between input and output connections as
neuron vector.

Test set Input-side Output-side Both-side
ASpIRE 38.4 38.5 38.5
BN-Dev04f 14.9 15.0 15.1
Aurora-4 11.9 12.0 12.0
Accented 18.5 18.8 18.7

Table 5: Comparisons neuron vector with and without the bias
term.

Test set w/ bias w/o bias
ASpIRE 38.4 38.4
BN-Dev04f 14.9 15.1
Aurora-4 11.9 12.0
Accented 18.5 19.0

Table 6: Neuron-wise fusion of three networks.

Test set Neuron-wise ChildNet CC Neuron-wise
(CA+CB) (Accented) (CA+CB+CC )

ASpIRE 38.4 38.8 38.4
BN-Dev04f 14.9 15.6 14.9
Aurora-4 11.9 12.8 12.0
Accented 18.5 17.1 17.6

ments. In addition, we investigate how important the bias term
is in the neuron vector. Table 5 compares the performance with
and without the bias term for each neuron when the input-side
connections are used as the neuron vectors. The results suggest
that the bias term is useful when the performance gap between
two cognate models is big, such as in accented data.

Lastly, we tried to fuse one more child network focusing
on foreign accented speakers, where the best model shown in
Table 3 did not perform well, originating from the parent net-
work. The additional child network CC was further fused after
the fused network was first created from two child networks
CA and CB . From Table 6, we can see improved performance
on accented data with 3.8% relative improvement over the base
domain-free child network CA.

5. Conclusions
A neuron-wise fusion by adjusting interpolation weights on the
basis of a cosine similarity metric significantly improves perfor-
mance and reduces the side effect caused by a bad fusion. The
fusion can be performed very well when the neural networks are
trained by starting from the same parent model. We evaluated
the neuron-wise fusion with four kinds of test sets consisting
of various acoustic conditions, speakers including foreign ac-
cented speakers, and speaking styles. In this paper, experiments
were conducted with the fusion between child networks, but the
fusion between parent and child networks was considerable as
well. In long-run service such as cloud-based ASR, it is gen-
eral to periodically update an acoustic model, for example, by
adding new training data. Our method would be well suitable
for such scenario.
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