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Multimodal Research Papers

= MMTM: Multimodal transfer module for CNN fusion

Joze, Hamid Reza Vaezi, et al. "MMTM: Multimodal transfer module for CNN fusion."

Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2020.

®* End-to-end multimodal emotion recognition using deep neural networks
Tzirakis, Panagiotis, et al. "End-to-end multimodal emotion recognition using deep neural networks."

IEEE Journal of Selected Topics in Signal Processing 11.8 (2017): 1301-13089.

= CNN-based sensor fusion techniques for multimodal human activity recognition

Miinzner, Sebastian, et al. "CNN-based sensor fusion techniques for multimodal human activity recognition."

Proceedings of the 2017 ACM International Symposium on Wearable Computers. 2017.
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Multimodal Research Papers

MMTM: Multimodal transfer module for CNN fusion

Multimodal Transfer Module

Squeeze and Multimodal Excitation

To recalibrate channel-wise features in each modality

Applications

Hand Gesture Recognition: RGB, Depth Image
EgoGesture, NVGestures Datasets

Audio-Visual Speech Enhancement: RGB Image, Sound

VoxCeleb2 Dataset

Human Action Recognition: RGB, Skeleton Image

NTU-RGBD Dataset
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Figure 2. Architecture of MMTM for two modalities. A and B,
that represent the features at a given layer of two unimodal CNNs,
are the inputs to the module. For better visualization we limit the
number of their spatial dimensions to 2. MMTM uses squeeze
operations to generate global feature descriptor from each tensor.
Both tensors are map into a joint representation £ by using con-
catenation and fully-connected layer. The excitation signals Ea
and Eg are generated using the joint representation. Finally the
excitation signals are used to gate the channel-wise features in
each modality.




Multimodal Research Papers

End-to-end multimodal emotion recognition using deep neural networks

=  Feature Extraction

* Visual Network

e Speech Network

= Dataset: RECOLA Database

* 4 Modalities
- Audio
- Video
- Electro-cardiogram
- Electro-dermal activity

Fig. 1.

il ~ Speech Network
Gl (f
= F = 2
o £ 2 E
S 3
& Py b

1280 features

N

.

Tx7 canv, B4 |

Visual Network

. /
uw oI I Y
- g (=] ™~ L T, N
al |z = = - - 5
== E E E EE & EZEZ
-1 o o o === ==
£ oo g L W ] UL.IS
L T — A
x w e R
"/ — Mo — Mo Q&J

b4
L
k)
£
X
=1}

20)

1x1 conv, 512

. 3x3 conv, 512

1x1 conv, 2048

]
75}

S
]
]
L8] -
=
@ ey
=
= b |
2 = N
u— [ 58
= — g
ﬂ\ E E?
"M 2 Layer LSTM
(s}
=] 2048 features
a_,)
o
a

The network comprises of two parts: the multimodal feature extraction part and the RNN part. The multimodal part extracts features from raw speech
and visual signals. The extracted features are concatenated and used to feed 2 LSTM layers. These are used to capture the contextual information in the data.
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Multimodal Research Papers

CNN-based sensor fusion techniques for multimodal human activity recognition
= Multimodal Sensor Fusion

* Early fusion, Sensor-based late fusion, Channel-based late fusion, Shared filters hybrid fusion

softmax softmax softmax softmax }
conv: 1 x f conlef [conlef oonlef con\ le] [oom le { conv: 1 x f J
| | | | |
{ conv: dx f conv dyx f {mnv-dcx f conv:dp x f conv- XS ] [ conv: 1 x j [ conv: 1 x f ]
(a) Early fusion (b) Sensor-based late fusion (c) Channel-based late fusion (d) Shared filters

hybrid fusion

Figure 1. Schematic illustration of the four investigated sensor fusion techniques. Networks consist of two convolutional (conv) layers with filter size f
in time dimension, one fully connected (fc), and a soft-max layer.
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