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• Humans: dominant subject in nearly 
all video 

• Better algorithms for interpreting 
their behaviour can 

- help understanding of people’s use 
of public spaces 

- improve healthcare delivery and 
outcomes 

- augment people’s interaction with 
the world 

- improve human-computer and 
human-robot interaction

Seeing humans

?
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Source: Daily dose of imagery
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Recognizing intentional gestures

PhD work of Natalia Neverova and co-advisor Christian Wolf (while at INSA-Lyon)

Dataset: Montalbano Gesture Recognition Dataset 
Created for Chalearn 2014 “Looking at People” Competition
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• 13,858 instances of Italian conversational gestures 
performed by different subjects (20 categories) 

• Recorded using consumer RGB-D sensor 

• Color, depth video, articulated pose streams 

• Audio stream added post-competition

Montalbano dataset details
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Challenge #1:
Learn representations at multiple spatial and 

temporal scales.

This gesture can be fully characterized by upper-body motion

Here, subtle finger movements play the primary role
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Challenge #2:

Integrate modalities.
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Challenge #2:

Integrate modalities.
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Challenge #3:
Training a complex model  

when data is not at web-scale.
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A multi-scale architecture
IEEE TRANSACTIONS ON PATTERN ANALYSIS AND MACHINE INTELLIGENCE 3

Fig. 2. The deep convolutional multi-modal architecture operating at 3 temporal scales corresponding to dynamic
poses of 3 different durations. Although the audio modality is not present in the 2014 ChaLearn Looking at
People Challenge dataset, we have conducted additional experiments by augmenting the visual signal with audio
recordings from the 2013 version of the data.

of kernels may reach the same performance while being
orders of magnitude faster.

In [43] the authors propose a late fusion strategy com-
pensating for errors of individual classifiers by minimising
the rank of a score matrix, and in a follow up work [44]
identify sample-specific optimal fusion weights by enforc-
ing similarity in fusion scores for visually similar labeled
and unlabelled samples. Xu et al. introduced the Feature
Weighting via Optimal Thresholding (FWOT) algorithm
[45] jointly optimising feature weights and thresholds. In
[46] MKL-based combinations of features act together with
Bayesian model combination and weighted average fusion
of scores from multiple systems.

A number of deep architectures have recently been pro-
posed specifically for multi-modal data. Ngiam et al. [47]
employ sparse RBMs and bimodal deep antoencoders for
learning cross-modality correlations in the context of audio-
visual speech classification of isolated letters and digits.
Srivastava et al. [48] use a multi-modal deep Boltzmann
machine in a generative fashion to tackle the problem
of integrating image data and text annotations. Kahou et
al. [7] won the 2013 Emotion Recognition in the Wild
Challenge by building two convolutional architectures on
several modalities, such as facial expressions from video
frames, audio signal, scene context and features extracted
around mouth regions. Finally, in [49] the authors propose
a multi-modal convolutional network for gesture detection
and classification from a combination of depth, skeletons
and audio.

3 GESTURE CLASSIFICATION

On a dataset such as ChaLearn 2014, we face several
key challenges: learning representations at multiple spatial
and temporal scales, integrating the various modalities, and
training a complex model when the number of labeled
examples is not at web-scale like static image datasets
(e.g. [3]). We start by describing how the first two chal-
lenges are overcome at an architectural level. Our training
strategy to overcome the last challenge is described in
Sec. 4.

Our proposed multi-scale deep neural model consists
of a combination of single-scale paths connected in a
parallel way (see Fig. 2). Each path independently learns
a representation and performs gesture classification at its
own temporal scale given input from RGB-D video and
articulated pose descriptors (audio channel can be also
added, if available). Predictions from all paths are then
aggregated through additive late fusion. This strategy allows
us to first extract the most salient (in a discriminative sense)
motions at a fine temporal resolution and, at the same time,
consider them in the context of global gesture structure,
smoothing and compensating for per-block errors typical
for a given gesture class.

To differentiate among temporal scales, a notion of
dynamic pose is introduced. By dynamic pose we mean a
sequence of video frames, synchronized across modalities,
sampled at a given temporal step s and concatenated to
form a spatio-temporal 3d volume. Varying the value of s
allows the model to leverage multiple temporal scales for
prediction, thereby accommodating differences in tempos
and styles of articulation of different users. Our model is
therefore different from the one proposed in [4], where by

Operates at 3 temporal scales  
corresponding to dynamic poses of 3 different durations

(see next slide for detail)
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Single-scale deep architecture
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• Interested in capturing fine 
movements of palms and fingers 

• Extract a bounding box around 
RHand, LHand centred at hand 
positions provided by skeleton 

• Subtract background by 
thresholding along depth axis 

• Apply local contrast normalization

Depth Video Stream
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• Extract 11 joints from full-body skeleton (Kinect) 

• Position normalization: HipCentre is an origin of a body-
centred co-ordinate system 

• Size normalization by the mean distance between each 
pair of joints (compensate for different body sizes, 
proportions, and shapes) 

• Final representation (183-D descriptor)
1

 

- Joint positions, velocities, and accelerations 

- Inclination angles 

- Azimuth angles 

- Bending angles 

- Pairwise distances

Articulated Pose: InputIEEE TRANSACTIONS ON PATTERN ANALYSIS AND MACHINE INTELLIGENCE 4

Fig. 3. The pose descriptor is calculated from normal-
ized coordinates of 11 upper body joints (on the left)
also including their velocities and accelerations, a set
of angles (triples of joints forming inclination angles
are shown on the right) and pairwise distances. The
body coordinate system (shown in blue on the left) is
calculated from 6 torso joints (shown in dark gray on
the left).

“multi-scale” the authors imply a multi-resolution spatial
pyramid rather than a fusion of temporal sampling strate-
gies. Regardless of the step s, we use the same number of
frames (5) at each scale. Fig. 2 shows the three such paths
used in this work (with s = 2 . . . 4). At each scale and for
each dynamic pose, the classifier outputs a per-class score.

All available modalities, such as depth, gray scale video,
and articulated pose (as well as the audio signal, if
provided), contribute to the network’s prediction. Global
appearance of each gesture instance is captured by the
skeleton descriptor, while video streams convey additional
information about hand shapes and their dynamics which
are crucial for discriminating between gesture classes per-
formed in similar body poses.

Due to the high dimensionality of the data and the
non-linear nature of cross-modality structure, an immediate
concatenation of raw skeleton and video signals is sub-
optimal. However, initial discriminative learning of in-
dividual data representations from each isolated channel
followed by fusion has proven to be efficient in similar tasks
[47]. Therefore, in our approach, discriminative data rep-
resentations are first learned within each separate channel,
followed by joint fine tuning and fusion by a meta-classifier
(independently at each scale, for more details see Sec. 4). A
shared set of hidden layers is employed at different levels
for, first, fusing of “similar by nature” gray scale and depth
video streams and, second, combining the obtained joint
video representation with the transformed articulated pose
descriptor (and audio signal, if available).

3.1 Articulated pose

The full body skeleton provided by modern consumer depth
cameras and associated middleware consists of 20 or fewer
joints identified by their coordinates in a 3D coordinate

system aligned with the depth sensor. For our purposes we
exploit only 11 of them corresponding to the upper body
(see Fig. 3). We also do not use wrist joints as their detected
positions are often unstable.

We formulate a pose descriptor, consisting of 7 logical
subsets, and allow the classifier to perform online feature
selection. Raw, i.e. pre-normalization, positions of 11 upper
body joints in a 3D coordinate system associated with the
depth sensor are denoted as p(i)

raw = {x(i), y(i), z(i)}, i =

0...10 (i = 0 corresponds to the HipCenter joint).
Following the procedure proposed in [50], we first cal-

culate normalized joint positions, as well as their velocities
and accelerations, and then augment the descriptor with a
set of characteristic angles and pairwise distances.

Joint positions. The skeleton is represented as a tree
structure with the HipCenter joint playing the role of a
root node. Its coordinates are subtracted from the rest of
the vectors praw to eliminate the influence of position of
the body in space. To compensate for differences in body
sizes, proportions and shapes, we start from the top of
the tree and iteratively normalize each skeleton segment
to a corresponding average “bone” length estimated from
all available training data. It is done in the way that
absolute joint positions are corrected while corresponding
orientations remain unchanged:

p(i)
= p(i�1)

raw +

p(i)
raw � p(i�1)

raw

||p(i)
raw � p(i�1)

raw ||
b(i�1,i) � p(0)

raw, (1)

where p(i)
raw is a current joint, p(i�1)

raw is its direct predecessor
in the tree, b(i�1,i), i = 1 . . . 10 is a set of estimated average
lengths of “bones” and p are corresponding normalized
joints. Once the normalized joint positions are obtained, we
perform Gaussian smoothing along the temporal dimension
(� = 1, filter size 5⇥1) to decrease the influence of skeleton
jitter.

Joint velocities are calculated as first derivatives of
normalized joint positions:

�p(i)
(t) ⇡ p(i)

(t+ 1)� p(i)
(t� 1) (2)

Joint accelerations correspond to the second derivatives
of the same positions:

�2p(i)
(t) ⇡ p(i)

(t+ 2) + p(i)
(t� 2)� 2p(i)

(t). (3)

Inclination angles are formed by all triples of anatom-
ically connected joints (i, j, k), plus two “virtual” angles
(Right,Left)Elbow-(Right,Left)Hand-HipCenter (Fig. 3):

↵(i,j,k)
= arccos

(p(k) � p(j)
)(p(i) � p(j)

)

||p(k) � p(j)|| · ||p(i) � p(j)||
(4)

Azimuth angles � provide additional information about
the pose in the coordinate space associated with the body.
We apply PCA on the positions of 6 torso joints (Hip-
Center, HipLeft, HipRight, ShoulderCenter, ShoulderLeft,
ShoulderRight) (Fig. 3) to obtain 3 vectors forming the
basis: {ux,uy,uz}, where ux is approximately parallel to
the shoulder line, uy is aligned with the spine and uz is
perpendicular to the torso.

1Neverova, N., Wolf, C., Taylor, G.W. and Nebout, F., “Multi-scale deep learning for gesture 
detection and localization”, ECCV 2014 Workshops
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• Difficulties: 

- Number of parameters: 

• ~12.4M per scale 

• ~37.2M total 

- Number of training gestures: ~10,000 

• Proposed solution: 

- Structured weight matrices 

- Pretraining of individual channels separately 

- Careful initialization of shared layers 

- Iterative training algorithm which gradually increases # of parameters

Training algorithm
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• Top hidden layer from 
each path is initially wired 
to a subset of neurons in 
the shared layer 

• During fusion, additional 
connections between 
paths and the shared 
hidden layer are added

Initialization: structured weights

0162-8828 (c) 2015 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See
http://www.ieee.org/publications_standards/publications/rights/index.html for more information.

This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI
10.1109/TPAMI.2015.2461544, IEEE Transactions on Pattern Analysis and Machine Intelligence
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Fig. 5. On the left: architecture of shared hidden and output layers. On the right: structure of parameters of
shared hidden and output layers (corresponds to the architecture on the left).

simple baseline, we aim to initialize the fusion process
with this starting point and proceed with gradient descent
optimization towards an improved solution.

Unfortunately, implementing the arithmetic mean in the
case of early fusion and non-linear shared layers is not
straightforward [51]. It has been shown though [52], that
in dropout-like [53] systems activation units of complete
models produce a weighted normalized geometric mean of
per-model outputs. This kind of average approximates the
arithmetic mean better than the geometric mean and the
quality of this approximation depends on consistency in the
neuron activation. We therefore initialize the fusion process
to a normalized geometric mean of per-model outputs.

Data fusion is implemented at two different layers: the
shared hidden layer (HLS) and the output layer. The weight
matrices of these two layers, denoted respectively as W1

and W2, are block-wise structured and initialized in a
specific way, as illustrated in Fig. 5. The left figure shows
the architecture in a conventional form as a diagram of
connected neurons. The weights of the connections are
indicated by matrices. On the right we introduce a less
conventional notation, which allows one to better visualize
and interpret the block structure. Note that the image scale
is chosen for clarity of description and the real aspect ratio
between dimensions of W1 (1600⇥84) is not preserved, the
ratio between vertical sizes of matrix blocks corresponding
to different modalities is 9:9:7:7.

We denote the number of hidden units in the modality-
specific hidden layers on each path as Fk, where k=1. . .K
and K is the number of modality-specific paths. We set the
number of units of the shared hidden layer equal to K·N ,
where N is the number of target gesture classes.

As a consequence, the matrix W1 of the shared hidden
layer is of size F⇥(N ·K), where F=

P
k Fk, and the

weight matrix W2 of the output layer is of size (N ·K)⇥N .
Weight matrix W1 can be thought of as a matrix of K⇥K
blocks, where each block k is of size Fk⇥N . This imposes
a certain meaning on the units and weights of the network.
Each column in a block (and each unit in the shared

layer) is therefore related to a specific gesture class. Note
that this block structure (and meaning) is forced on the
weight matrix during initialization and in the early phases
of training. If only the diagonal blocks are non-zero, which
is forced at the beginning of the training procedure, then
individual modalities are trained independently, and no
cross correlations between modalities are captured. During
the final phases of training, no structure is imposed and the
weights can evolve freely. Formally, the activation of each
hidden unit hk

l in the shared layer can be expressed as:

h
(k)
l =�

h FkX

i=1

w
(k,k)
i,l x

(k)
i +�

KX

m=1
m 6=k

FnX

i=1

w
(m,k)
i,l x

(m)
i + b

(k)
l

i
(2)

where h
(k)
l is unit l initially related to modality k, and

all w are from weight matrix W1. Notation w
(m,k)
i,l stands

for a weight between non-shared hidden unit i from the
output layer of modality channel m and the given shared
hidden unit l related to modality k. Accordingly, x(m)

i is
input number i from channel m, � is an activation function.
Finally, b(k)l is a bias of the shared hidden unit h(k)

l . The
first term contains the diagonal blocks and the second
term contains the off-diagonal weights. Setting �=0 freezes
learning of the off-diagonal weights responsible for inter-
modality correlations.

This initial meaning forced onto both weight matrices
W1 and W2 produces a setting where the hidden layer
is organized into K subsets of units h

(k)
l , one for each

modality k, and where each subset comprises N units, one
for each gesture class. The weight matrix W2 is initialized
in a way such that these units are interpreted as posterior
probabilities for gesture classes, which are averaged over
modalities by the output layer controlled by weight matrix
W2. In particular, each of the N⇥N blocks of the matrix
W2 (denoted as v(k)) is initialized as an identity matrix,
which results in the following expression for the output
units, which are softmax activated:

oj =
e
PK

k=1

PN
c=1 v

(k)
j,c h

(k)
c

PN
i=1 e

PK
k=1

PN
c=1 v

(k)
i,c h

(k)
c

=

e
PK

k=1 h
(k)
j

PN
i=1 e

PK
k=1 h

(k)
i

(3)
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Slightly different view
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Blocks of the weight matrices are learned iteratively 
after proper initialization of the diagonal elements
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2014 ChaLearn Looking at People 
Challenge (ECCV)

Metric is mean Jaccard Index (intersection over union)
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Post-competition improvements
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Gesture localization
An additional binary classifier is employed for filtering 
and refinement of temporal position of each gesture.

The boundaries for each spotted gesture are extended or shrunk 
towards the closest switching point produced by the binary classifier.
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• Introduced in 2012, made famous 
by ImageNet, now ubiquitous 

• During training, for each training 
sample, “drop out” ~50% of 
hidden unit activities 

• Punishes co-adaptation of units 

• Can be viewed as very efficient 
model averaging

Dropout (review)

x x x
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Moddrop - dropout on shared layer
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• Punish co-adaptation of individual units (like dropout) 

• Train a network which is robust/resistant to dropping 
of individual modalities (e.g. audio failure)

Moddrop: modality-wise dropout

P (�(k) = 1) = p(k)

Bernoulli selector
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Moddrop results

Modalities Dropout  
(%)

Dropout + 
Moddrop (%)

All 96.77 96.81

Mocap missing 38.41 92.82

Audio missing 84.10 92.59

Hands missing 53.13 73.28

Classification accuracy on the validation set  
(dynamic poses)

Modalities Dropout  
(%)

Dropout + 
Moddrop (%)

All 87.6 88.1

Mocap missing 30.6 85.9

Audio missing 78.9 85.4

Hands missing 46.6 68.0

Jacquard index on test set (full gestures)
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Moddrop results

Modalities Dropout  
(%)

Dropout + 
Moddrop (%)

All 96.77 96.81

Mocap missing 38.41 92.82

Audio missing 84.10 92.59

Hands missing 53.13 73.28

Classification accuracy on the validation set  
(dynamic poses)

Modalities Dropout  
(%)

Dropout + 
Moddrop (%)

All 87.6 88.1

Mocap missing 30.6 85.9

Audio missing 78.9 85.4

Hands missing 46.6 68.0

Jacquard index on test set (full gestures) Small advantage as regularizer  
compared to Dropout
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Moddrop results

Modalities Dropout  
(%)

Dropout + 
Moddrop (%)

All 96.77 96.81

Mocap missing 38.41 92.82

Audio missing 84.10 92.59

Hands missing 53.13 73.28

Classification accuracy on the validation set  
(dynamic poses)

Modalities Dropout  
(%)

Dropout + 
Moddrop (%)

All 87.6 88.1

Mocap missing 30.6 85.9

Audio missing 78.9 85.4

Hands missing 46.6 68.0

Jacquard index on test set (full gestures) Large advantage  
when inputs are unreliable
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Learning fusion architectures
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• Placeholder

Early vs. late fusion
Early Fusion Late Fusion

RGB Depth Mocap Audio

Fuse modalities at input 
 (or preprocessed feature) level

RGB Depth Mocap Audio

Fuse modalities at output level
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Deep fusion: flexibility
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Error evolution during iterative 
training
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• Emphasis on learned feature representations, but: 

- Process by which modalities were fused was 
designed by intuition 

• Can we learn not only the features, but also the 
fusion process?

Criticism of our previous approach
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Several aspects of fusion may be learned, for example: 

• Order in which modalities are fused 

• Depth learned from each modality pre-fusion 

• Amount of training prior to fusion 

• Type of training for each layer 

• Fusion operation

Fusion structure
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• Romanticized 
notion of DL - end of 
feature engineering 

• Feature engineering 
has decreased 

• Architectures have 
become more 
complex

Learning architectures

http://smerity.com/articles/2016/architectures_are_the_new_feature_engineering.html

http://smerity.com/articles/2016/architectures_are_the_new_feature_engineering.html
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Two views on learning fusion

View #1 View #2

Fusion strategy
Treat each aspect of fusion as a 

hyperparameter

Propose a model framework with 

differentiable fusion structure


Search for fusion structure Model-based hyperparameter 
optimization Gradient-based optimization

Efficiency to train
Slow - must train the model to 
convergence to make a single 

update to fusion structure

Fast - structure and parameters 
can be optimized jointly

Challenge
Easy - does not require 

objective to be differentiable 
w.r.t. fusion parameters


Difficult - requires ingenuity in 
design
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View #1 - Hyperparameter search

• Neural networks have many associated architectural 
and learning settings, we call these 
“hyper-parameters”, e.g. 

- Number of layers 
- Number of hidden units in each layer 
- Learning rate 
- Regularization (e.g. weight decay) 
- When to stop training (overstopping) 

• Also the fusion structure. But how to set these?
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Hyper-parameter optimization
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Hyper-parameter optimization
• Traditionally, hyper-parameters have been set by: 

- expert knowledge (experience) 
- systematic search, e.g. grid, random
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Hyper-parameter optimization
• Traditionally, hyper-parameters have been set by: 

- expert knowledge (experience) 
- systematic search, e.g. grid, random

• A number of approaches have been proposed 
recently for auto-tuning models based on 
Sequential Model-Based Global Optimization 
strategies, e.g. Bayesian Optimization 

Shahriari et al. 2016. “Taking the Human Out of the Loop: A Review of Bayesian 
Optimization.” Proceedings of the IEEE 104 (1): 148–75. 

(nice entry point)
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Grid search
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Grid search

10-5 10-4 10-3 10-2 10-1 256 1024 4096

⨉

Learning rate # Hidden units

Learning rate

# 
H

id
de

n 
un

its

=

⨉
2-5 2-4 2-3 2-2 2-1
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Random search

Image Credit: Bergstra and Bengio (2012)

BERGSTRA AND BENGIO
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Figure 1: Grid and random search of nine trials for optimizing a function f (x,y) = g(x)+ h(y) ≈
g(x) with low effective dimensionality. Above each square g(x) is shown in green, and
left of each square h(y) is shown in yellow. With grid search, nine trials only test g(x)
in three distinct places. With random search, all nine trials explore distinct values of
g. This failure of grid search is the rule rather than the exception in high dimensional
hyper-parameter optimization.

given learning algorithm, looking at several relatively similar data sets (from different distributions)
reveals that on different data sets, different subspaces are important, and to different degrees. A grid
with sufficient granularity to optimizing hyper-parameters for all data sets must consequently be
inefficient for each individual data set because of the curse of dimensionality: the number of wasted
grid search trials is exponential in the number of search dimensions that turn out to be irrelevant for
a particular data set. In contrast, random search thrives on low effective dimensionality. Random
search has the same efficiency in the relevant subspace as if it had been used to search only the
relevant dimensions.

This paper is organized as follows. Section 2 looks at the efficiency of random search in practice
vs. grid search as a method for optimizing neural network hyper-parameters. We take the grid search
experiments of Larochelle et al. (2007) as a point of comparison, and repeat similar experiments
using random search. Section 3 uses Gaussian process regression (GPR) to analyze the results of
the neural network trials. The GPR lets us characterize what Ψ looks like for various data sets,
and establish an empirical link between the low effective dimensionality of Ψ and the efficiency
of random search. Section 4 compares random search and grid search with more sophisticated
point sets developed for Quasi Monte-Carlo numerical integration, and argues that in the regime of
interest for hyper-parameter selection grid search is inappropriate and more sophisticated methods
bring little advantage over random search. Section 5 compares random search with the expert-
guided manual sequential optimization employed in Larochelle et al. (2007) to optimize Deep Belief
Networks. Section 6 comments on the role of global optimization algorithms in future work. We
conclude in Section 7 that random search is generally superior to grid search for optimizing hyper-
parameters.
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Bayesian optimization

Figure 1: An example of using Bayesian optimization on a toy 1D design problem.
The figures show a Gaussian process (GP) approximation of the objective function over
four iterations of sampled values of the objective function. The figure also shows the
acquisition function in the lower shaded plots. The acquisition is high where the GP
predicts a high objective (exploitation) and where the prediction uncertainty is high
(exploration)—areas with both attributes are sampled first. Note that the area on the
far left remains unsampled, as while it has high uncertainty, it is (correctly) predicted
to o�er little improvement over the highest observation.

The posterior captures our updated beliefs about the unknown objective func-
tion. One may also interpret this step of Bayesian optimization as estimating
the objective function with a surrogate function (also called a response sur-
face), described formally in §2.1 with the posterior mean function of a Gaussian
process.

To sample e⇥ciently, Bayesian optimization uses an acquisition function to
determine the next location xt+1 � A to sample. The decision represents an
automatic trade-o� between exploration (where the objective function is very
uncertain) and exploitation (trying values of x where the objective function is
expected to be high). This optimization technique has the nice property that it
aims to minimize the number of objective function evaluations. Moreover, it is
likely to do well even in settings where the objective function has multiple local
maxima.

3

t=2

Image Credit: Brochu et al. (2010)
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The posterior captures our updated beliefs about the unknown objective func-
tion. One may also interpret this step of Bayesian optimization as estimating
the objective function with a surrogate function (also called a response sur-
face), described formally in §2.1 with the posterior mean function of a Gaussian
process.
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determine the next location xt+1 � A to sample. The decision represents an
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four iterations of sampled values of the objective function. The figure also shows the
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predicts a high objective (exploitation) and where the prediction uncertainty is high
(exploration)—areas with both attributes are sampled first. Note that the area on the
far left remains unsampled, as while it has high uncertainty, it is (correctly) predicted
to o�er little improvement over the highest observation.

The posterior captures our updated beliefs about the unknown objective func-
tion. One may also interpret this step of Bayesian optimization as estimating
the objective function with a surrogate function (also called a response sur-
face), described formally in §2.1 with the posterior mean function of a Gaussian
process.

To sample e⇥ciently, Bayesian optimization uses an acquisition function to
determine the next location xt+1 � A to sample. The decision represents an
automatic trade-o� between exploration (where the objective function is very
uncertain) and exploitation (trying values of x where the objective function is
expected to be high). This optimization technique has the nice property that it
aims to minimize the number of objective function evaluations. Moreover, it is
likely to do well even in settings where the objective function has multiple local
maxima.
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Image Credit: Brochu et al. (2010)
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Requirement #1 - Search space
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• Fix the modality-
specific “front end” 

• n-ary fusion 
followed by 0-4 
fully connected 
layers 

• FC layers are 
constant width
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• Cornell Activity 
Dataset (CAD-60) 

• 5 modalities: 

- Skeletal 

- Simple-HOG (Depth, 
Intensity)  

- Skeletal-HOG 
(Depth, Intensity) 

• Exhaustive search

Different fusion strategies lead to 
different accuracy

Cornell C-60 grid search analysis

June 28, 2016

Figure 1: Distribution of cross validation accuracies over the top network structures using Cornell C-60 dataset.

• count 15418.000000

mean 75.244153

std 3.527521

min 55.385549

25% 73.443784

50% 75.902845

75% 77.748522

max 82.991761

1
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• Create undirected 
graph where nodes 
are architectures and 
edges represent 
mutations 

• Graph-induced kernel 
is radial with respect 
to the geodesic 
metric on the 
undirected graph

Requirement #2 - Kernel
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Visualizing the kernelIs the accuracy correlated with the graph kernel?

Figure 2: CV accuracies against our graph kernel’s distances. The simplest tree was chosen as a root of the graph and the distance

to other nodes represented as the cumulative edge cost is plotted on the abscissa and the absolute difference in accuracies between

those nodes is represented on the ordinate axis.

Figure 3: Mean and confidence bounds for the plot above. The data has a very positive trend but is highly heteroscedastic,

which might imply that there exists a better way of assigning the scores.

2
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• CAD-60 Dataset 

• Plot shows error of the 
best architecture found 
so far (mean over 6 
runs) 

• All FC-layers added 
have 128 units

Comparison to random search
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Montalbano (Chalearn) 
• Less variance than CAD-60 in 

terms of test accuracies over 
different architectures 

• Both BO and random search 
quickly find a reasonable 
architecture 

• Importantly, we find a 
marginally better 
architecture than the hand-
designed one in (Neverova et 
al. 2015) - in 12 iterations
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FUSE
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Ongoing work (View #2)
Stochastic Regularization Method Implicit Weight Structure

Dropout (Srivastava et al. 2012)

DropConnect (Wan et al. 2013)

Blockout (Murdoch et al. 2016)

(a) Parallel (b) Dropout (c) Dropout (d) Branch (e) Merge

Figure 3: A summary of the types of basic high-level architec-
ture components that can be represented with Blockout. For each
(a-e), a single layer is shown where groups nodes are shown as
solid boxes, cluster assignments as colors, and connections within
clusters as arrows. These connections allow for a rich space of
potential model architectures.

value and I(s ∈ Cl) equals one if node s belongs to cluster
l and zero otherwise:

wt,s =
1

k

k!

l=1

I(s ∈ Cl)I(t ∈ Cl) "ws,t (3)

This encodes the desired behavior that a parameter be
nonzero only if its corresponding input and output nodes
belong to the same class while restricting that the mask be
between zero and one. Let Cj ∈ {0, 1}dj×k be a binary in-
dicator matrix containing these cluster membership assign-
ments for each of the dj nodes in the output of the jth layer.
In other words, Cj(s, l) = I(s ∈ Cl). A full mask can then
be constructed as 1

kCjC
!
j−1 where the block-structured pa-

rameter matrix is the element-wise product of an uncon-
strained parameter matrix #Wj and this mask. This class
of hierarchical architectures can be summarized by the con-
straint set in Equation 4, where ⊙ indicates the element-
wise Hadamard product.

Sj =

$
Wj : Wj =

1

k
#Wj ⊙CjC

!
j−1

%
(4)

These constraints act as a regularizer that enforces the pa-
rameter matrices to be block-structured with potentially
many parameters set explicitly to zero. Ideally, we seek
to learn the hierarchical structure during training, which is
equivalent to learning the cluster membership assignments
Cj . However, because they are binary variables, learning
them directly would be difficult. To address this problem,
we instead take an approach akin to stochastic regulariza-
tion approaches like Dropout: we treat cluster membership
assignments as Bernoulli random variables and draw a dif-
ferent hierarchical architecture at each training iteration.

5. Stochastic Regularization

Stochastic regularization techniques are simple but ef-
fective approaches for reducing overfitting in deep networks
by injecting noise into the intermediate activations or pa-
rameters during training. Examples include Dropout [9],
which randomly sets activations to zero, and DropCon-

(a) Dropout (b) Blockout (c) DropConnect

Figure 4: Example parameter masks that can be achieved with (a)
Dropout, (b) Blockout, and (c) DropConnect. Note that Dropout
and Blockout give block-structured, low-rank masks up to a per-
mutation of the rows and columns while DropConnect is structure-
less, masking each parameter value independently.

nect [26], which randomly sets parameter values to zero.
Dropout [9] works by setting node activations to zero

with a certain probability at each training iteration. Infer-
ence is accomplished by replacing each activation with its
expected value, which amounts to rescaling by the Dropout
probability. This procedure approximates an ensemble of
different models from the class of network architectures
containing all possible subsets of nodes, where the Dropout
probability determines the weight given to each architecture
in this implicit model average. For example, with a high
Dropout probability, models with fewer nodes are more
likely to be selected during training. In general, Dropout
results in improved generalization performance by prevent-
ing the coadaptation of features.

Similarly, DropConnect [26] randomly sets parameter
values to zero, which drops connections between nodes in-
stead of the node activations themselves. During inference,
a moment-matching procedure is used to better approximate
an average over model architectures. Again, the success of
this approach can be explained through its approximation
of an ensemble within a much larger class of architectures:
those that contain all possible combinations of connections
between nodes in the network.

Blockout can be seen as another example of stochas-
tic regularization that approximates an ensemble of mod-
els from the class of hierarchical architectures introduced
in Section 4. Structured noise is introduced by randomly
selecting cluster assignments Cj corresponding to different
hierarchical architectures at each iteration during training.
We first consider the case of a single fixed probability p that
each node belongs to each of the clusters, but in Section 6
we show how separate cluster probabilities can be learned
for each node.

During inference, we take an approach similar to
Dropout and approximate an ensemble of hierarchical archi-
tectures using an implicit average with weights determined
by the cluster probabilities. This again amounts to simply
rescaling the parameter values by the expected value of the
parameter mask: p2.

Also note that Dropout can be interpreted as implic-
itly applying a random mask M that sets parameters cor-
responding to the dropped inputs and outputs to zero. If
we reorder the input and output dimensions and permute

Image Credit: Murdoch et al. (2016)
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for each node.

During inference, we take an approach similar to
Dropout and approximate an ensemble of hierarchical archi-
tectures using an implicit average with weights determined
by the cluster probabilities. This again amounts to simply
rescaling the parameter values by the expected value of the
parameter mask: p2.

Also note that Dropout can be interpreted as implic-
itly applying a random mask M that sets parameters cor-
responding to the dropped inputs and outputs to zero. If
we reorder the input and output dimensions and permute
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• By stochastically assigning units to clusters, Blockout (Murdoch et al. 
2016) permit a “library” of architectural components 

• These are the same kinds of architectural components needed to 
assemble multi-modal fusion architectures!

Blockout: Architecture by masking

(a) Parallel (b) Dropout (c) Dropout (d) Branch (e) Merge

Figure 3: A summary of the types of basic high-level architec-
ture components that can be represented with Blockout. For each
(a-e), a single layer is shown where groups nodes are shown as
solid boxes, cluster assignments as colors, and connections within
clusters as arrows. These connections allow for a rich space of
potential model architectures.

value and I(s ∈ Cl) equals one if node s belongs to cluster
l and zero otherwise:

wt,s =
1

k

k!

l=1

I(s ∈ Cl)I(t ∈ Cl) "ws,t (3)

This encodes the desired behavior that a parameter be
nonzero only if its corresponding input and output nodes
belong to the same class while restricting that the mask be
between zero and one. Let Cj ∈ {0, 1}dj×k be a binary in-
dicator matrix containing these cluster membership assign-
ments for each of the dj nodes in the output of the jth layer.
In other words, Cj(s, l) = I(s ∈ Cl). A full mask can then
be constructed as 1

kCjC
!
j−1 where the block-structured pa-

rameter matrix is the element-wise product of an uncon-
strained parameter matrix #Wj and this mask. This class
of hierarchical architectures can be summarized by the con-
straint set in Equation 4, where ⊙ indicates the element-
wise Hadamard product.

Sj =

$
Wj : Wj =

1

k
#Wj ⊙CjC

!
j−1

%
(4)

These constraints act as a regularizer that enforces the pa-
rameter matrices to be block-structured with potentially
many parameters set explicitly to zero. Ideally, we seek
to learn the hierarchical structure during training, which is
equivalent to learning the cluster membership assignments
Cj . However, because they are binary variables, learning
them directly would be difficult. To address this problem,
we instead take an approach akin to stochastic regulariza-
tion approaches like Dropout: we treat cluster membership
assignments as Bernoulli random variables and draw a dif-
ferent hierarchical architecture at each training iteration.

5. Stochastic Regularization

Stochastic regularization techniques are simple but ef-
fective approaches for reducing overfitting in deep networks
by injecting noise into the intermediate activations or pa-
rameters during training. Examples include Dropout [9],
which randomly sets activations to zero, and DropCon-

(a) Dropout (b) Blockout (c) DropConnect

Figure 4: Example parameter masks that can be achieved with (a)
Dropout, (b) Blockout, and (c) DropConnect. Note that Dropout
and Blockout give block-structured, low-rank masks up to a per-
mutation of the rows and columns while DropConnect is structure-
less, masking each parameter value independently.

nect [26], which randomly sets parameter values to zero.
Dropout [9] works by setting node activations to zero

with a certain probability at each training iteration. Infer-
ence is accomplished by replacing each activation with its
expected value, which amounts to rescaling by the Dropout
probability. This procedure approximates an ensemble of
different models from the class of network architectures
containing all possible subsets of nodes, where the Dropout
probability determines the weight given to each architecture
in this implicit model average. For example, with a high
Dropout probability, models with fewer nodes are more
likely to be selected during training. In general, Dropout
results in improved generalization performance by prevent-
ing the coadaptation of features.

Similarly, DropConnect [26] randomly sets parameter
values to zero, which drops connections between nodes in-
stead of the node activations themselves. During inference,
a moment-matching procedure is used to better approximate
an average over model architectures. Again, the success of
this approach can be explained through its approximation
of an ensemble within a much larger class of architectures:
those that contain all possible combinations of connections
between nodes in the network.

Blockout can be seen as another example of stochas-
tic regularization that approximates an ensemble of mod-
els from the class of hierarchical architectures introduced
in Section 4. Structured noise is introduced by randomly
selecting cluster assignments Cj corresponding to different
hierarchical architectures at each iteration during training.
We first consider the case of a single fixed probability p that
each node belongs to each of the clusters, but in Section 6
we show how separate cluster probabilities can be learned
for each node.

During inference, we take an approach similar to
Dropout and approximate an ensemble of hierarchical archi-
tectures using an implicit average with weights determined
by the cluster probabilities. This again amounts to simply
rescaling the parameter values by the expected value of the
parameter mask: p2.

Also note that Dropout can be interpreted as implic-
itly applying a random mask M that sets parameters cor-
responding to the dropped inputs and outputs to zero. If
we reorder the input and output dimensions and permute

Parallel Dropout Dropout Split Merge

Image Credit: Murdoch et al. (2016)
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• Careful initialization, gradually permit more 
complexity or “effective parameters” 

• Fuse modalities gradually 

• “Moddrop” increases robustness to noise 

• Bayesian Optimization is promising, but 

- Ideally we would like to learn other hyper- 
parameters along with the fusion strategy

Conclusions
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Recent Github projects

Easy multi-node multi-GPU parallelization of Theano models

Baseline Theano/Lasagne-based implementation of this work


