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Abstract

We focus on the problem of efficient architectures for lipreading
that allow trading-off computational resources for visual speech
recognition accuracy. In particular, we make two contributions:
First, we introduce MobiLipNetV3, an efficient and accurate
lipreading model, based on our earlier work on MobiLipNetV2
and incorporating recent advances in convolutional neural net-
work architectures. Second, we propose a novel recognition
paradigm, called MultiRate Ensemble (MRE), that combines a
“lean” and a “full” MobiLipNetV3 in the lipreading pipeline,
with the latter applied at a lower frame rate. This architecture
yields a family of systems offering multiple accuracy vs. effi-
ciency operating points depending on the frame-rate decimation
of the “full” model, thus allowing adaptation to the available de-
vice resources. We evaluate our approach on the TCD-TIMIT
corpus, popular in speaker-independent lipreading of continu-
ous speech. The proposed MRE family of systems can be up
to 73 times more efficient compared to residual neural network
based lipreading, and up to twice as MobiLipNetV2, while in
both cases reaching up to 8% absolute WER reduction, depend-
ing on the MRE chosen operating point. For example, a tempo-
ral decimation of three yields a 7% absolute WER reduction and
a 26% relative decrease in computations over MobiLipNetV2.

Index Terms: visual speech recognition, lipreading, deep
learning, MobileNet, CNNs, ResNet, computational efficiency.

1. Introduction

Much of the success in deep-learning based visual speech
recognition (VSR) can be attributed to convolutional neural net-
works (CNNs) [1-6]. While such models achieve high recogni-
tion performance, they are very computationally intensive and
require significant hardware resources for efficient execution
and storage, thus hindering implementation on resource-limited
devices. For example, in the VSR system of [3], the 2D CNN
alone has 67.46 x 10° parameters and requires 11.22 x 10°
floating point operations (FLOPs) to process a single frame.
Surprisingly, it’s only very recently that works on resource-
efficient VSR have appeared in the literature. Specifically,
in [7], several existing VSR models are compared in terms of
efficiency vs. accuracy. In [8], ideas from the ShuffleNet mod-
ule [9] and spatio-temporal depthwise convolution are intro-
duced into a residual neural network (ResNet) [10] for VSR.
Finally, in our earlier work [11], several MobileNet-based archi-
tectures [12, 13] are explored, using spatio-temporal extensions
suitable for VSR, leading to significant computation savings.
Resource-efficient CNN architectures are based on replac-
ing standard convolutional layers with pointwise (PW) and
depthwise (DW) convolution and / or a shuffle operation. This
leads to dramatic computation and storage savings. For exam-
ple, for 2D 3x3 convolutional kernels in MobileNetV1 [12],
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computations are decreased by a factor of 8 to 9. Similar gains
are observed for spatio-temporal problems, where 3D convolu-
tions are decomposed to 3D PW and 2D DW ones. Alternative
approaches for efficient computation and storage, e.g., quanti-
zation or pruning, are orthogonal to such decomposition and can
lead to additional improvements.

To further reduce computations, one can either tune the in-
put resolution multiplier to modify its spatial dimensions, or the
network width multiplier « that uniformly controls the num-
ber of channels in each convolutional layer, by scaling a default
configuration by factor a. Decreasing input resolution reduces
computations, however it also shrinks objects, thus requiring
network adjustments. For VSR, input size has been investi-
gated in [14], and performance has been shown to be directly
linked to the input resolution and physical coverage. Similarly,
reducing the width multiplier a hurts performance, especially
for very small configurations. For example, for MobileNetV1,
the version with o = 0.25 exhibits a 20% absolute performance
degradation compared to the full model (a = 1.0) [12].

A different approach is presented in the SlowFast net-
work [15]. This consists of two models, a “slow” one that op-
erates at a low frame rate to capture spatial semantics, and a
“fast” one that operates at high frame rate to capture motion at
fine temporal resolution. The latter is a very lean model, hav-
ing a reduced number of channels. To obtain the final predic-
tion, lateral connections fuse information from both branches.
By changing the frame rate of the slow model, different perfor-
mance and efficiency operation points can be achieved.

Motivated by the above, we focus on efficient VSR mod-
els that allow a trade-off between computational efficiency and
recognition accuracy. In particular, we make two contributions:

(i) First, inspired by MobileNetV3 [16], we introduce the
MobiLipNetV3 CNN for lipreading, which is based
on an architecture similar to our earlier efficient VSR
model, MobiLipNetV2 [11], but with the h-swish activa-
tion function and a squeeze-and-excitation unit. Details
of this single-CNN model are provided in Section 2.
Second, we propose a two-CNN VSR architecture,
called MultiRate Ensemble (MRE), consisting of two
MobiLipNetV3 CNNs: an accurate, but computationally
expensive one that runs at a decimated frame rate, and a
lean CNN operating on every frame. Combined features
of the two are used for VSR. The recognition network
is made aware of the rate decimation factor by an em-
bedding vector. Varying the frame rate of the expensive
model allows for accuracy vs. efficiency trade-off, which
can then be decided based on the available implementa-
tion platform. Details can be found in Section 3.

(ii)

The proposed models are evaluated in Section 4 for speaker-
independent continuous VSR on the TCD-TIMIT corpus [17],
a very popular lipreading dataset [18-25]. It is observed that
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Figure 1: Overview of the single-CNN VSR architecture, employing the baseline MobiLipNetV2 introduced in our earlier work [11] or
the proposed MobiLipNetV3. (a) Entire system architecture; (b) CNN structure, with its three middle layers being either MobiLipNetV2
modules (detailed in (c)), or MobiLipNetV3 modules (detailed in (d)). In blue, differences between the two MobiLipNets are highlighted.

the introduced MobiLipNetV3 CNN is significantly more accu-
rate than its MobiLipNetV2 predecessor, while having a similar
computational cost. Further, the MRE two-model architecture
outperforms both MobiLipNetV2 and MobiLipNetV3 CNNs in
accuracy and / or efficiency at numerous operating points.

2. MobiLipNetV3
2.1. Baseline system

We start from our earlier work on resource-efficient VSR and
use the single-CNN VSR system of [11] as the basis of devel-
oping MobiLipNetV3. The VSR system is shown in Fig. 1a,
unrolled for two frames. It takes as input a greyscale mouth re-
gion, applies a CNN, a time delay neural network (TDNN), and
a WFST-based decoder with a language model (LM).

Among all CNN variants of [11], we adopt the best-
performing one, namely the 3D PW MobiLipNetV2 CNN, as
our baseline. Its five-layer structure, depicted in Fig. 1b, con-
sists of a regular convolutional layer at the input, three 3D PW
MobiLipNetV2 modules, and finally a projection layer. The 3D
PW modules follow the inverted residual approach, shown in
Fig. 1c. The module operation starts by applying 3D PW con-
volution (1" = 3) to the input tensor for expanding the number
of channels (M — L). Then spatial filtering using 2D DW
convolution (kernel size K x K, with K = 3) is applied on
L channels and max-pool downsampling (MP). Finally, 3D PW
convolution reduces the number of channels (L. — ). A linear
residual connection is also used, where 3D PW convolution is
employed to match the number of channels (M — N). Ateach
time step, the network outputs a 128-dimensional vector.

A two-layer TDNN is subsequently applied on the CNN
feature vectors. First, the current and two past vectors are con-
catenated, then fed to a fully-connected (FC) layer to yield 128-
dimensional vectors, and finally a projection FC layer maps
these to the number of phonemes.

The overall computational cost of the baseline VSR system
of a single time-step for the CNN is 18.33M FLOPs (53k CNN
model parameters) and 421k FLOPs for the TDNN.

2.2. H-Swish activation function

The first improvement to MobiLipNetV2 is replacing its ReLU
activations with the h-swish function. Initially, swish was intro-
duced in [26], by leveraging automated activation search tech-
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niques. It is defined as: swish(z) = z - o(z), and is a self-
modulating activation function, where the input is multiplied
by the output of the sigmoid function. Compared to ReLU, it
leads to improved recognition performance across a number of
image tasks, however it has the disadvantage of being computa-
tionally expensive due to the sigmoid function. To circumvent
this, in [16] the sigmoid is replaced with a shifted and scaled
version of ReLU6, namely an upper bounded ReLU defined as:
ReLU6(z) = min(6, ReLU(z)). This approximation of swish
is named hardswish (h-swish) and is given by:

L
h-swish(z) =z - w .

This activation function follows swish closely, and its computa-

tion can be implemented efficiently.

2.3. Squeeze-and-Excitation

A second addition to the MobiLipNetV2 model is the Squeeze-
and-Excitation (SE) unit [27]. SE is a self-gating mecha-
nism that modulates information on intermediate spatial fea-
tures according to a global representation, shown in Fig. 1d
(right). First, per-channel information is gathered using spatial
mean, subsequently an FC layer reduces the number of chan-
nels (squeeze) L by factor r (we use r = 4), and a second FC
layer expands this to the initial number of channels. A sigmoid
function is applied and the result used to modulate the input fea-
ture maps. Compared to static normalization techniques such as
BatchNorm [28], SE is able to discard information dynamically
conditioned on input, and from this point of view it is closer in
spirit to the attention mechanism [29], however is not able to
amplify information like the BatchNorm affine transform.

2.4. Module cost

With the addition of the SE unit and the replacement of ReLU
with h-swish, the resulting MobiLipNetV3 module has more
computational requirements than its predecessor. For this rea-
son, we further alter the module by swapping the 2D DW con-
volution with the max-pooling layer. This reduces the spatial
dimensions earlier inside the module, and thus the required
FLOPs. The module is detailed in Fig. 1d. On the left side,
the inverted residual block is depicted with spatio-temporal PW
(T =3) and spatial DW convolutions, and on the right side the
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Figure 2: The MRE system architecture, shown operating on
Sfour video frames. The system contains the following: (1) deci-
mation embedding layer; (2) temporal decimation factor d; (3)
FullCNN; (4) LeanCNN; (5) feature concatenation; (6) TDNN;
(7) FullCNN feature temporal upsampling. The TDNN also de-
pends on two previous feature vectors (5), not shown here.

expanded SE unit. The residual connection lacks an activation
function, since compared to a non-linear residual connection it
leads to improved performance.

In Fig. 1c and Fig. 1d we denote by M and N the number
of input and output convolutional layer channels, respectively,
and by L the number of intermediate channels. We also de-
note by i and W the height and width of the input tensor, and
primed symbols denote halving these quantities, i.e., H' = H/2
and W’ = W/2. For this section alone, and similarly to [12],
we only consider multiplications in the efficiency computations.
To provide numerical examples of required FLOPs for the two
modules, we assume input of size M =16, L =128, N =32,
H =W =32, PW kernel size T'=3, and DW kernel size K =3.

For MobiLipNetV2, the first PW convolution layer requires
M L HW multiplications (2.09M FLOPs, 2048 parameters),
the DW one costs K2LHW (1.17M FLOPs, 1152 param-
eters), the second PW convolution costs L N H W/4 due to
the preceding max-pooling (1.04M FLOPs, 4096 parameters),
and the residual connection yields M N H W /4 multiplications
(131k FLOPs, 512 parameters). The total cost of a single such
module is therefore 4.43M FLOPs and 7k parameters.

Similarly, for MobiLipNetV3, the first PW convolu-
tion layer requires M L H W multiplications (2.09M FLOPs,
2048 parameters), the DW one costs K2LHW (1.17M
FLOPs, 1152 parameters), the second PW convolution costs
LNHW/4 due to the preceding max-pooling (1.04M
FLOPs, 4096 parameters), and the residual connection yields
M N H W /4 multiplications (131k FLOPs, 512 parameters).
The h-swish requires 2 L W H+2 N HW /4 (81k FLOPs) at the
two locations applied, and SE requires 2L2 /r + LHW /4 + 4L
multiplications (40k FLOPs and 8k parameters for » = 4). The
overall module cost becomes 4.55M FLOPs with 16k param-
eters. Compared to the previous version, this is 2.7% relative
more computationally intensive, and the number of parameters
is approximately double.

3. MultiRate Ensemble (MRE)

We propose MRE, a new VSR system architecture that operates
on the input video stream using a lightweight CNN (LeanCNN)
and on a temporally decimated video stream using a computa-
tionally expensive CNN (FullCNN). The lean model is fast to
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Table 1: Hyperparameters of the LeanCNN and Full CNN.

Layer FullCNN (a = 1.0) LeanCNN (a = 0.5)
Filter Size Channels Output Size Channels Output Size
conv 3x3x3 1/32 32x64x64 1/16 16x64x64
MP 1x2x2 — 32x32x32 — 16x32x32
1x1,DW [3x1x1, 1x3x3 32/64, 64/64 64x32x32 16/32, 32/32 32x32x32
MP, 1 x1 |1x2x2, 3x1x1 —, 64/16 16x16x16 —, 32/8 8x16x16
1x1,DW|3x1x1, 1x3x3 16/32, 32/32 32x16x16 8/16, 16/16 16x16x16
MP, 1 x1 |1x2x2, 3x1x1 -, 32/24 24x8x8 —, 16/12 24x8x8
1x1,DW |3x1x1, 1x3x3 24/96, 96/96 96x8x8 12/48, 48/48  48x8x8
MP, 1 x1 |1x2x2, 3x1x1 —, 96/32 32x4x4 —, 48/32 32x4x4
DW, 1 x 1 |1x4x4, 3x1x1 32/32,32/128 128x1x1 32/32,32/128 128x1x1

execute and provides dense local predictions but of lower accu-
racy, while the full model provides more accurate predictions
but sparse, to compensate for its computational cost. By pro-
cessing the input at two different frame rates, the goal is to
create a configurable system that can exchange efficiency for
accuracy, by varying the frame rate of the second CNN.

3.1. MRE recognition system

The MRE system, shown in Fig. 2, contains two MobiLipNetV3
CNN:ss of different width multipliers (aw = 1.0 for the FullCNN
and o =0.5 for the LeanCNN), a TDNN, and an embedding
layer. The FullCNN features are provided at a lower frame rate
(decimated by factor d), thus need to be upsampled to match the
input video rate. To make the network aware of the decimation
factor used, an embedding layer is employed (decimation fac-
tor dependent bias unit). Although simple in its operation, such
embedding improves system performance. Features from the
two CNNs and the decimation embedding layer are then con-
catenated and fed to the TDNN to yield phoneme posteriors at
every frame. These are further upsampled from the video frame
rate to 100 Hz (not shown in Fig. 2 for brevity) and decoded
using the WFST. Details of the two CNNs are shown in Table 1.
Training the two CNNs commences with random initializa-
tion, however does not proceed concurrently. Instead, we first
train the FullCNN using a single-model setup (similar to the
baseline of Fig. 1a), and then we freeze it while training the re-
maining MRE system components (LeanCNN, TDNN, and the
embedding layer). As a result, LeanCNN training can focus on
“correcting” the temporally upsampled predictions of the Full-
CNN. In this sense, the MRE system operates in an “‘ensem-
ble” fashion. Training with frozen FullCNN layers helps the
LeanCNN converge faster, compared to training both CNNs si-
multaneously. During training, the decimation factor is selected
uniformly over a 1-9 range, remaining constant within a batch.
Computational savings are realized by decimating the rate
of the FullCNN. Overall, the computational cost of the MRE
system is C'Lean + (1/d) Crun + C'ronn for the two CNNs
and the TDNN. For MobiLipNetV3, Crean =7.29M FLOPs
(29.08k parameters), C'rui = 19.00M FLOPs (60.28k parame-
ters), and C'rpnn = 520k FLOPs (259k parameters). By vary-
ing the rate decimation factor (d = 1,...,9), the MRE system
cost can be reduced to as low as 9.92M FLOPs per video frame
(for d = 9), or reach as high as 26.81M FLOPs (for d = 1).

4. Experiments
4.1. Additional system details

To create inputs for VSR, our visual pre-processing pipeline
of [11] is employed. Specifically, face detection is first per-
formed on every video frame by a ResNet-10 with SSD [30]
network, available in OpenCV v3.4 [31]. Then, facial land-
marks are detected as in [32], and four mouth points are used,
median-filtered over a 7-frame window, to yield smooth mouth
center, width, and height estimates. Based on these, a greyscale



Table 2: Comparison of various VSR systems in terms of recognition performance (in WER, %, on the TCD-TIMIT test set) and efficiency
(in per-frame FLOPs and number of parameters, computed for the CNNs only). MBLN.V?2 stands for MobiLipNetV2 and MBLN.V3 for
MobiLipNetV3. For the latter, the h-swish alone (i.e., without SE), as well as various width multipliers ( o) are considered. For the
MRE architecture, systems with and without the embedding layer are considered for various frame rate decimation factors ( d ).

. Baselines MDbLN.V3 MDBLN.V3 () MRE with embedding (d) MRE without embedding (d)
Metric 3D-ResNet MBLNv2 | without SE withSE | 1.0 0.5 025 | 1 3 5 7 9 1 3 5 7 9
WER (%) 52.94 53.01 48.82 48.07 | 48.07 53.89 61.34 44.86 45.99 48.01 51.01 53.67 |45.05 46.32 48.71 51.22 54.87
FLOPs (M) 681.01 18.33 18.66 19.0019.00 7.29 3.11{26.29 13.57 11.05 9.98 9.38|26.29 13.57 11.05 998 9.38
# params. (k) 5658.62 53.02 53.02 60.28 | 60.28 29.08 19.08 [ 82.10 82.10 82.10 82.10 82.10|82.10 82.10 82.10 82.10 82.10

mouth region-of-interest is extracted (approximately enlarged
by 40% over the mouth width and height), normalized to 64 x
64 pixels, to be fed to the CNN(s).

VSR network training is driven by frame-level sub-phonetic
targets, obtained by forced alignment with a triphone audio-
only GMM-HMM system built on a traditional acoustic front-
end (MFCC plus derivatives features, followed by LDA and
MLLT) using Kaldi [33]. Both the single-model CNN-TDNN
and MRE systems are trained using cross-entropy and SGD
with dropout regularization with p = 0.1. Each minibatch con-
tains three full length videos.

For recognition, network outputs are interpolated from the
30 Hz video frame rate to 100 Hz, prior to decoding with a
WEST. The latter incorporates a bigram language model with
Witten-Bell smoothing, developed on the training set of the
TCD-TIMIT corpus, similar to the use of bigrams in earlier
VSR systems developed on such data, e.g. [18].

4.2. Dataset

Our experiments are conducted on TCD-TIMIT [17], a cor-
pus of audio-visual continuous speech by 62 speakers uttering
6913 phonetically-rich TIMIT sentences (6k word vocabulary)
in studio-like conditions. The frontal-view video recordings
of the corpus are used here, available at a 1920 x 1080-pixel
resolution and 30 Hz video frame rate. Experiments are per-
formed following the official speaker-independent protocol pro-
vided with the data (39 training and 17 test subjects).

4.3. Results

We investigate a number of VSR models and their variations
discussed in this paper. We report visual speech recognition
performance on the TCD-TIMIT speaker-independent test set in

T T T
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MbLN.V3 —@—

MbLN.V3-0.25

MbLN.V2-1.0
. ResNet

WER (%)

MbLN.V3-1.0

MRE-3
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45 - g

| | |
1x107 1x108 1x10°
FLOPs (# mult+adds)

Figure 3: Recognition performance on the TCD-TIMIT test set
(in WER, %) vs. efficiency (in per-frame FLOPs) of two base-
lines (MobiLipNetV2 and ResNet), the proposed MobiLipNetV3
(with three width configurations of o =1.0, 0.5, 0.25), and the
proposed MRE (with five frame rate decimation factors d=1, 3,
5, 7, 9). Model name abbreviations are explained in Table 2.
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WER, %, as well as model efficiency in terms of computational
load (FLOPs per input video frame) and storage requirements
(number of parameters) of their CNN components. The results
are listed in Table 2, with some also visualized in Fig. 3.

First, MobiLipNetV2 and the state-of-the-art 3D-ResNet
baselines from [11] are examined. Next, MobiLipNetV3 is
considered (“with SE”), together with a variation of it without
SE, as well as various additional width multipliers (« = 0.5,
0.25). We can readily observe that MobiLipNetV3 signifi-
cantly reduces WER over MobiLipNetV2 (4.9% absolute), with
a small only degradation in efficiency (4% relative). Efficiency
improvements over the ResNet are dramatic (over 35 times).
Reducing the model width multiplier o further improves effi-
ciency, however it’s detrimental to VSR accuracy. For example,
applying a=0.25 improves MobiLipNetV3 efficiency by over
6 times, however degrades WER by 13.3% absolute.

Finally, the proposed MRE architecture manages to further
improve accuracy and efficiency simultaneously. In Table 2,
various such systems are evaluated, by considering five frame
decimation factors d, as well as model variations without the
embedding layer. It can be readily observed that embedding
helps, while Fig. 3 provides a visualization of the achieved
recognition performance vs. efficiency for various MRE oper-
ating points, as compared to the baselines and MobiLipNetV3.
For example, choosing a decimation factor of d=9 for the Full-
CNN, the system turns out 73 times more efficient than ResNet
and twice as much as MobiLipNetV2 and MobiLipNetV3. On
the other hand, selecting d= 1, reduces WER by 8.1% absolute
over the ResNet and MobiLipNetV2, as well as 3.2% over the
MobiLipNetV2. Factor d =3 appears to provide a good trade-
off between VSR accuracy and efficiency, improving both over
the ResNet, MobiLipNetV2, and MobiLipNetV3.

5. Conclusions

In this paper, we focused on resource-adaptive deep-learning
based lipreading, making two contributions on efficient VSR
architectures. First, we presented MobiLipNetV3, extending
our earlier efficient MobiLipNetV2 model, by incorporating the
h-swish activation function and squeeze-and-excitation units.
The new model outperformed MobiLipNetV2 by 4.9% abso-
lute WER, but at a small 4% relative increase in FLOPs. Sec-
ond, we introduced the MRE, a new VSR system paradigm that
processes video input at two distinct frame rates by means of
two MobiLipNetV3 CNNs with different width multipliers. By
varying the frame rate decimation of the more computationally
expensive CNN, we reached various accuracy vs. efficiency op-
erating points. A good trade-off between the two yielded fur-
ther recognition improvements over both MobiLipNetV2 and
MobiLipNetV3 by 7.0% and 2.1% absolute WER reduction, re-
spectively, while also improving efficiency, reducing FLOPs by
a relative 26% and 29%, respectively. The specific operating
point exhibits a dramatic 50 times better efficiency than ResNet,
while maintaining a 7.0% absolute WER reduction over it.
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