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Artificial Neural Networks with Dynamic Connections
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Computer Science and Engineering

While highly successful in many different domains, most artificial neural networks suffer from
a severe limitation ; they use the same parameters for different inputs. Different examples
can have significantly different characteristics and can require different treatment from the
model. This work investigates how to alleviate this issue using the recently introduced
concept of "hypernetworks”, neural networks that generate other neural networks. The
first part of this thesis discusses how these models can be used to learn dynamic features
from unlabeled image and video data. The second part introduces Active Predictive Coding
Networks, models that hierarchically reconstruct images using neural sub-programs. The
final part is dedicated to applications of hypernetworks to generating custom policies from

contextual inputs in reinforcement learning settings.
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Chapter 1

INTRODUCTION

Artificial Neural Networks (ANNs), in their many different forms, hold state-of-the-art
results in a vast range of artificial intelligence tasks. A severe limitation of most of these
models is that their parameters are the same across inputs that can have very different
characteristics. As an example, the features that are useful in distinguishing between different
breeds of dogs will probably significantly differ from those required to classify different species
of plants. At the same time models for different tasks can share some commonalities. It would
make sense in this scenario to “spawn” a model that is customized to handle the specific
(sub)task at hand. This approach resembles that of object-oriented programming in software
engineering ; classes inherit similarities from their super-class while extending it in different
ways.

In this thesis I will discuss a class of neural networks that generate parameters for other
neural networks [27]. Apart from providing a framework for an object-oriented approach to
ANNSs; these “hypernetworks” have several other advantages over traditional models. Ini-
tially hypernetworks were introduced as a relaxed form of weight sharing that can compress
feedforward ANNs but also enhance recurrent neural networks (RNNs) [27]. They have been
used to learn functional representations of data for various data modalities such as images
(39, 14], shapes [18, 7] or point clouds [63]. Hypernetworks have also been used in contin-
ual learning for supervised tasks [71] and model-based [33, 72] or model-free reinforcement

learning scenarios [L0].

In this chapter I will provide some technical background on how static and dynamic
hypernetworks work. I will also present some recent theoretical results that highlight the

advantage of hypernetworks in conditioning neural networks to contextual inputs. Finally I



will go over the organizational structure of the rest of this thesis.
1.1 Hypernetworks

The term “hypernetwork” was initially introduced in [27]. The authors define hypernet-
works as small neural networks that generate weights for a larger neural network called
the “primary”. The primary network is then used to solve a task by mapping the input
to the desired output. The initial motivation behind hypernetworks was to introduce a
form of relaxed weight sharing. Recurrent neural networks (RNNs) can be viewed as deep
feed-forward ANNs that use the same synaptic weights for all layers. Modern convolutional
neural networks (CNNs) can be very deep, with some utilizing hundreds or even thousands
of layers [28]. Hypernetworks can be viewed as a trade-off between these two ends of the
weight-sharing spectrum. Smaller hypernetworks require few parameters but are not very
expressive in terms of the generated weights, whereas larger ones can generate diverse sets of
weights but require more parameters. Subsequent research into hypernetworks has revealed

other significant advantages of the approach.

1.1.1 Static Hypernetworks

For simplicity let’s assume the primary network f consists of D fully connected layers each
with its own synaptic weight matrix W and bias b. Denote these parameters collectively by
6 = {Ww p0) jD:1' Then 0 = H(z) is generated by feeding an embedding z through a neural
(hyper)network H. These parameters are plugged into the primary network, which is then
evaluated on the task. The output of the primary network on input z is y = f(x;6) where
f(;0) denotes a neural network parametrized by 6. The hypernetwork is trained end-to-end
via back-propagation, with gradients flowing through the loss function and the generated
parameters. The set of trainable parameters consists of the parameters of H together with
the embedding z. For a diagram of this basic hypernetwork format see Figure 1.1.

This architecture allows for a quite flexible form of weight sharing. For example instead

of having a single z generate all the parameters, there could be an embedding z; for every
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Figure 1.1: Hypernetwork Architecture: A learned embedding vector z together with

the hypernetwork, generate the primary network.

layer of the primary. Layers with different sizes can be handled via “chunking” [27, 71] where
each layer is generated by splicing together chunks of fixed size, with each chunk generated
via a different embedding vector. The embedding z can also directly depend on the input x
or part of it [39, 72].

The authors in [27] applied a hypernetwork to generate convolutional kernels for a con-
volutional neural network (CNN) that classifies instances from the CIFAR-10 dataset [12].
The primary is formulated as a Wide Residual Network (WRN) [28, 71]. The hypernetwork

consists of just two linear layers and chunking is used.

For the architecture of the primary, WRN-40-2 from [7] was chosen. WRN-40-2 achieved
94.34% accuracy on CIFAR-10 with 2.236 M parameters. The hypernetwork version (Hyper-



WRN-40-2) achieves 92.77% accuracy with only 148K parameters. Weight sharing via hy-
pernetwork costs a 1.57% decrease in performance while reducing the number of parameters
by at least an order of magnitude. Figure 1.2 shows a comparison of learned (WRN-40-2)
vs generated (Hyper-WRN-40-2) kernels .

(a) WRN-40-2 (b) Hyper-WRN-40-2

Figure 1.2: 3x3 WRN kernels: (a) original model (b) generated via hypernetwork. Figure
taken from [27].

1.1.2  Dynamic Hypernetworks

Static hypernetworks can be viewed as a form of model compression that reduces the number
of total parameters for deep CNNs. Weight-sharing comes with a price ; a small drop in
accuracy. Recurrent Neural Networks (RNNs) can be regarded as deep feedforward networks
where the same layer is used over and over again. Since RNNs share the same weights at
every time step it is natural to wonder whether we could increase their accuracy if we relaxed

this strict form of weight-sharing. The basic RNN version is given by:

ht = ¢ (Whht_]_ + wat + b) (11)



Where h; is the recurrent hidden state and x; the input at time ¢, while {W),, W,, b} are the
learnable parameters. Suppose we could generate these parameters as before via another
network. Then the dynamic parameters would be a function of some embedding. Instead
of learning fixed embeddings we can generate them through another RNN. The HyperRNN
[27] maintains its own hidden state h, and generates dynamic parameters for the primary
denoted by {W;,(h;), Wy(hy),b(h;)}. The input to the HyperRNN is &, = [hy_1, ;] *. The
hidden state h, is updated via an equation similar to Equation 1.1.

In [27], the authors apply this concept to LSTMs [32] to derive a HyperLSTM version.
Perhaps the most interesting application of the HyperLSTM is that of a generative model
for handwriting. The authors adjust the handwriting prediction model introduced in [25].
The model represents the Az, Ay coordinates of the pen stroke as a Gaussian Mixture Model
(GMM). The parameters for the GMM are generated via the LSTM [5]. The authors convert
this model to use a HyperLSTM, improving the log-likelihood score from -1055 to -1162 nats.

1.1.3  Modularity of Hypernetworks

Perhaps the most intriguing quality of this framework is that it provides a novel way of
“conditioning” the primary f to contextual information z, that is possibly outside of the
domain of the input z. Suppose we have two inputs x and [ and we are interested in
approximating a function y(z, I'). We can view x as the standard input of the ANN, whereas
I as a contextual input that y is conditioned on and can potentially be similar across many
different instances of x. In [1&] I is a collection of 2D images of a 3D object, z a 3D point
and y(x, ) indicates whether this point resides within the boundaries of the object. I will
discuss another example in Chapter 4 where I is a map of a space and y a network that
navigates an agent to a specific goal location within that space.

The traditional approach to the above scenario is the embedding one ; the conditioning

input is passed through an embedding ANN e to produce the embedding e(/). Then it is

!The input to the primary concatenated with the hidden state of the primary.



concatenated with = and passed through a primary network ¢ to compute g([z,e(I)]). The
second approach is the hypernetwork one. Input I is passed through a hypernetwork f to
generate the parameters 6 for a primary network g to compute g, ().

In [18] the authors introduce the concept of “modularity”. Intuitively we could fit a
different primary network g; for every different 1. Each such primary would require a certain
number of parameters to approximate the target y; = y(., I) to a given error € in the worst
case scenario. We say that an approach is modular if the size of its primary whose weights
are given by either ¢ (embedding) or §; = f(I) (hypernetwork) matches that number of
parameters. This means that the model efficiently conditions ¢ or g on I to compute y;.

The authors provide the first theoretical foundation for the hypernetwork approach by
proving its modularity property. They compare it to the embedding approach and show
that the hypernetwork requires orders of magnitude fewer parameters to approximate the
target function y to the same quality. The result suggests that the hypernetwork approach
will likely outperform the embedding one whenever a model needs to be conditioned on

contextual information with this structure.

1.1.4 Related Work

There are various other techniques for dynamically adjusting ANNs and RNNs based on the
input. The most relevant example would be that of attention. Attention allows a model to
only focus on the part of the input that is most relevant. In [1] the authors use ‘fast weights”
that depend on the input to attend to the recent past in the context of a recurrent neural
network. In [34] Spatial Transformer Networks apply affine transformations to normalize the
input via cropping, centering, scaling etc. In [15] the same module is used to sequentially
attend to the various relevant parts of an image. Perhaps the most well-known attention
approach is that of Transformers [70] which have been very successful in natural language
processing, with recent applications to computer vision [12]. Transformers allow models for
sequential data to draw context from any position in the sequence.

A different technique is that of dynamic routing for capsules [58]. Dynamic routing



allows the output of a capsule ? from one layer to be routed only to the capsule in the
next layer that is the most appropriate to process it. The model uses some form of iterative
optimization such as Expectation-Maximization [31] to determine the routing parameters. A
different approach is that of [8], where the authors propose a composite convolutional layer
that maintains a set of kernels and chooses which one to apply based on the current input.
They demonstrate that the technique allows for an increase in model complexity without
significant increase in the depth or width of the architecture. While it is not explicitly stated
in the paper, this approach falls into the hypernetwork category. Finally hypernetworks

share some similarities with Fast Weight Programmers introduced in [61, 60].
1.2 Organization

The rest of this thesis is organized as follows:

e Chapter 2: In this chapter I will present two hypernetwork-based approaches for
enhancing sparse coding models. In the first part I will introduce the Transformational
Bilinear Sparse Coding (TBSC) framework, a hypernetwork that learns dynamic yet
interpretable features from short unlabeled video sequences. The chapter follows with
a discussion on Dynamic Predictive Coding, an approach that uses hypernetworks to

better predict sparse codes of future video frames.

e Chapter 3: In this chapter I will introduce Active Predictive Coding Networks
(APCNs). APCNs are models that parse images hierarchically via structured sequences
of glimpses, using neural sub-programs generated by hypernetworks. APCNs combine

predictive coding, hypernetworks and reinforcement learning.

e Chapter 4: In this chapter I will introduce Hyper-Universal Policy Approximators
(HUPAs). HUPAs are models that efficiently condition agent policies to contextual

information.

2A capsule is a complex type of artificial neuron that “encapsulates” not only a feature activation but
also its pose (location, orientation, scale etc.).



Chapter 2

LEARNING FROM UNLABELED VIDEOS USING DYNAMIC
SPARSE CONNECTIONS

In this section I will discuss two novel extensions of sparse coding ; a model that can
learn interpretable features from unlabeled data. In Section 2.1 I will go over the background
for sparse coding. In Section 2.2 I will introduce Transformational Bilinear Sparse Coding
(TSBC) [21], a sparse coding model with dynamic connections that allows for the discovery
of steerable, yet interpretable features from small unlabeled video segments. In Section 2.3
I will discuss how dynamic connections can be applied to the temporal domain to enhance

sparse coding models for video prediction.

2.1 Sparse Coding

Sparse coding was initially introduced in the context of modeling image patches [53]. Each
such patch is reconstructed via a linear combination of a collection of features called the
dictionary:

k

where [; is an image patch, n a Gaussian noise vector, {Uy}~_| a dictionary of features
that are common across all inputs and {ry,}X_, a set of activation coefficients, specific to
I;, that linearly combine these features. One important detail is that the dictionary is over-
complete ; the number of atoms in the dictionary is typically larger than the dimension of
I;. Over-completeness would result in an under-constrained model and is counter-balanced
by the requirement that r is sparse i.e. for any given input only a small number of features

are active. Typically this constraint is expressed by penalizing the ¢; norm of r.



The model is trained using the mean-squared-error (MSE) loss:

1 N 2 N
=% A Il 22)
i=1 2 =1

I; — Z ik Uk
k

The most common algorithms for optimizing this model are the Iterative Soft-Thresholding
Algorithm (ISTA) and its version with momentum (FISTA) [3]. When applied to natural
images, sparse coding learns features that resemble Gabor filters, similar to those in the V1
area of the mammalian cortex (Figure 2.1). Sparse coding has been extended to various

convolutional versions to handle larger images [29].

HaNSEAINENSN
0 S T I L A A

Figure 2.1: Sparse Coding dictionary learned from natural image patches. Figure

taken from [53]
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In [26, 6] the authors consider a bilinear version of sparse coding that incorporates style
and content parameters. The dictionary features are separated in K groups of M features
each. The style parameters x are common across all groups and linearly combine the features
in each group to produce K dynamic ones: Uy(z) = > 2nUkn. These steerable features
are then combined by using the content coefficients r to reconstruct the image. The bilinear

model for image patches is given by:

I = Zrk meUkm +n= ZrkUk(x) +n (2.3)

k m k
where n is again a Gaussian noise vector. The advantage of bilinear sparse coding is that

it decomposes the input into content r and style x, effectively grouping together similar
features. The bilinear model is actually a hypernetwork. The primary network corresponds
to a linear combination of K features Uy(x) that are dynamically generated via the same
style vector x.

Typically bilinear sparse coding models are trained using pairs of video frames I;,; and
I;, with r fixed and x inferred separately to account for the difference between frames:

Al = It—i—l - It = Z Tk Z (xt-l-l,m - -/Et,m) Ukm = Z Tk Z Axt,m(]lcm (24)
k m m

k

In [21] we identified a strong connection between bilinear models and the Lie group
approach to vision [10, 55, 51] where two consecutive frames are modelled as ;1 = T(Ax)I,
where T is a transformation operator. The first-order Taylor series approximation of the Lie

model [54, 51] is given by:
Al=TIp — L= Axy Vil (2.5)

Suppose I; ~ Y, 1By where the features B, € R™! (d is the dimension of ;) form an
underlying dictionary. Replacing Vx,, with the transformation matrix G,, € R%¢, we ob-
tain: A >~ > Az G > 6B = > 11k Y, ATy G Bi. Comparing with Equation 2.4
above, we see that Uy,, = G, Bj. Therefore the features within each group can be interpreted

as transformed versions of each other.
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2.2 'Transformational Bilinear Sparse Coding

During early development, the brain learns a general-purpose internal representation of ob-
jects from unlabeled image sequences. This representation is compositional and leverages
the decomposition of objects into parts, sub-parts, and features, along with their relative
transformations. In contrast, modern object recognition systems based on deep learning re-
quire thousands of labeled examples and typically discard information about transformations
(via pooling) in order to achieve invariance. Information about transformations is critical

for tasks such as movement planning and spatial reasoning.

Most current unsupervised models produce representations that either lack interpretabil-
ity or hierarchical depth. Variational autoencoders [38, (9] and generative adversarial net-
works (GANs) [23] typically produce non-interpretable features that do not match the ob-
ject/parts hierarchy inherent in natural visual scenes. As discussed in Section 2.1, sparse
coding and its variants can learn interpretable features from unlabeled images: these features
resemble the localized oriented (Gabor) receptive fields found in the primary visual cortex.

Ideally we would like to learn representations that are both hierarchical and interpretable.

By potentially stacking multiple sparse coding layers we could, in principle, learn inter-
pretable feature hierarchies such as objects and their parts [77]. However, the number of
features in each layer blows up quickly and the approach succumbs to the over-completeness
requirement and to combinatorial explosion. A close inspection of these features (see Figure
2.1) shows that a lot of them are transformed versions of each other ; they can be obtained
by translating, rotating or scaling another element in the dictionary. This suggests that
sparse coding dictionaries essentially “tile” the space of all different versions of a feature [9].
Motivated by this observation our approach to mitigating the combinatorial explosion issue
is to maintain a small dictionary of features that can be dynamically transformed to capture

the structure of the input.
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2.2.1 Related Work

A potential candidate sparse coding variant for building interpretable feature hierarchies
from unlabeled data is its bilinear version discussed in 2.1. To train the model the authors
in [20] extract sets of similar patches. The patches in each set are obtained by a window
that is randomly translated around the same location in the source image. For each such
set the content parameters r are assumed to be constant, while the style parameters vary
according to the translation distance. “Clamping” the content in this manner makes the
model not fully unsupervised. Note also that since the style parameters are the same across
all groups, all dynamic filters share the same pose. This property might hold for patches that
are translated versions of each other but does not necessarily hold for other settings where
features can vary independently (i.e. video sequences). The diversity of features within each
group will reflect the manual procedure via which each set of patches was extracted ; in this

case each group mostly contains translated versions of the same feature.

The benefit of the decomposition of style and content in building hierarchies of features
is also not obvious. Propagating both content and style parameters makes the model fall
prey to the same issues with original sparse coding. A potential counter-measure to the
combinatorial explosion is to propagate only the content vector r to the next layer and to
only use z during reconstruction. In [78] the authors reduce the dimensionality of the inferred
sparse code by pooling the sparse coefficients both spatially and across different features.
They store the feature map locations that produced the maximum propagated value and
use these “switches” in the backward reconstruction pass. While the model manages to
learn at least two levels of interpretable features, the pooling operator discards information
since it propagates only the maximum value. The switches, which are left behind in each
layer and not discarded, contain information about the specific pose of each feature that
might be relevant to the higher layers. The model in [75] attempts to mitigate this issue
by introducing a differentiable pooling operator. The operator uses a Gaussian kernel to

summarize the activations within the pooling area of a feature map. The parameters of
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the kernel are propagated to the higher layer. This pooling operator is not applied across
different feature maps, resulting in activations that are only pooled spatially. Finally both of
these approaches only apply to static images, lacking any temporal element. The temporal
continuity of natural videos offers rich information about transformations of various object
parts, as well as object-part relationships.

In [9] the authors introduce the “Sparse Manifold Transform” that pools the sparse
activations using a learnable pooling operator. The operator is trained using short sequences
of frames and contracts the over-complete sparse code into a smaller dense one using a
linearizing objective [24]. While the approach succeeds in learning more complex features it
does not explicitly model entities and their transformations. Finally reversing the pooling

operator requires solving another sparse inference problem.

2.2.2 Model

In this section I will introduce Transformational Bilinear Sparse Coding (TBSC). TBSC
combines the bilinear model for sparse coding, with hypernetworks to learn interpretable,
steerable features from unlabeled video data. TBSC builds on the bilinear model in various
meaningful ways [21]: (a) Features have their own pose vectors zy, so that they can transform
independently from frame to frame, (b) it goes beyond patch-based models and models large
images, (c) the temporal continuity of videos is utilized to effectively group similar features
together making the approach completely unsupervised and (d) pooling-via-hypernetwork is

used to keep the size of the code tractable. The model consists of the following parts:

e K feature groups, each with a “base” feature U, and M transformed features {Ug,, }_,.

o A set of sparse content coefficients 7, one for each group and a set of sparse style

vectors xy, of length M.

e K feature specific “mixing” matrices E;, € R¥*M . Each such matrix converts the style

vector xy, of a feature group (of size M) into a smaller pose embedding zj, of size L.
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e L transformation matrices G; € R%“ where d is the number of pixels of a feature.

Of the above r and z are estimated during inference, while the rest constitute learnable
parameters. [ will first describe the model for image patch reconstruction. The extension to
large images is straightforward and utilizes transposed convolutions [77, 70].

Suppose we have a current estimate of r and z. Each xj, is passed through the correspond-
ing mixing matrix to obtain the pose embedding z;, = Fyxk. The pose then linearly combines
the transformation matrices to obtain a transformation operator T'(., z;) = ZzL:1 2k Gy, This
operator transforms the base feature of the group, via zx, to Ux(zx) = T(Uy, 2x). This is
done by flattening the feature and multiplying it with the operator. This dynamic feature is
then multiplied with the sparse coefficient r; to obtain the total contribution of the group to
the reconstruction rpT (U, zx). The process via which each group contribution is estimated
is illustrated in Figure 2.2.

Denote the M rows of a mixing matrix Ejy by ex,. Each such row converts a style
coefficient into a contribution to the pose embedding vector denoted by z,,. The embedding
vector is given by the sum of all these contributions: z, = Z%zl Zhem = Z%zl ClmLhm -
This contribution zy,, can be propagated through the hypernetwork to generate the filter

corresponding to that specific style parameter:

L
Ukm = Z 2kem1G1Ug (2.6)
=1

where Uy, directly corresponds to a dictionary atom in 2.3. This property is a direct conse-
quence of all the operations in the hypernetwork being linear and can be used to derive an
expanded dictionary of transformed versions {Up,, }¥_, of the same base feature U,.

The introduction of the pose embedding bottleneck z follows the intuition that the filters
learned by sparse coding are mostly transformations of each other. It allows the size of
the representation to stay manageable while still being expressive enough to learn dynamic
features. The output of a TBSC layer consists of the concatenated content and pose vectors

{(r%, z1) }<,. The resulting dimension can be significantly smaller than that of traditional
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Figure 2.2: Architecture diagram for Transformational Bilinear Sparse Coding

(TBSC).

bilinear sparse coding.

The TBSC reconstruction of the patch via the estimated r and x is given by:

f = Z Tk Z Z(ekmka)lGlUk (27)

where 2k = €rmTim.
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2.2.3 Inference

To get around the need for manual “clamping” (as mentioned in Section 2.2.1) we utilized
short sequences of T video frames. A reasonable assumption is that in such short sequences
the content of a patch tends to stay invariant, while the style changes to account for the
variation in the input. Therefore the content parameters r;, are constrained to be the same
for all T" frames in the sequence. The reconstruction-based loss function for 7' consecutive

frames of a video is given by:

2

2

where r is constrained to be sparse and non-negative. Both the base features Uy as well as
the derivative features {G,Uy }1x are projected to unit euclidean norm to properly constraint
the problem. To capture the intuition that throughout the video sequences the content stays
invariant, apart from using the same r vector, the style vector is projected to the probability
simplex , enforcing that for each ¢ and k, Zi\le ZTyem = 1 and that x is non-negative. This
projection is similar to a sparsity and a non-negativity constraint. For the simplex projection

we used the sorting-based algorithm in [13].

Jointly optimizing r and x can be costly and unstable. In practice we estimate = by
setting iy, =< U, kTm, I, > followed by a projection to the simplex. The collection of features
{Upm }M_, for each group k therefore functions as a single-layer encoder that infers the style
vector based on the input. Alternatively these features together with the mixing matrix for
the group can be regarded as a two-layer encoder that infers the dense embedding vector z
(see Figure 2.2). This choice makes the style part of the model function in a manner that

resembles that of winner take-all autoencoders [50]. To optimize r we use the fast iterative

thresholding algorithm (FISTA) [3].
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2.2.4 Results

For our experiments we used sequences of various animals moving in slow motion taken from
YouTube videos. We derived > 12K sequences of 10 consecutive frames each, with r assumed
to be constant for each sequence during training. The sequences were converted to gray scale
and scaled down to 96 x 176 pixels per frame. The frames were normalized using subtractive
normalization!. To handle the size of the frame we use transposed convolutions with features
of size 16 x 16 and a stride of 8. We used K = 16 groups with M = 32 style dimensions and
L = 8 transformation dimensions, resulting in a 2xovercomplete dictionary of 512 features.

Our model learns localized oriented Gabor-like features similar to those seen in sparse
coding. Figure 2.3 shows the learned expanded dictionary of features Uy, ; each column
shows Uy. corresponding to different transformed versions of the same underlying feature.
Note that not only translations but other transformations are learned as well, e.g., rotations
and warping. The learned features allow for accurate reconstruction, as seen for example
inputs in Figure 2.4. The dimension of the representation for each group is L +1 = 9. The
total dimension of the representation for each 16 x 16 pixel area is K (L + 1) = 144 which is
significantly smaller than the dimension of the input d = 162 = 256.

LA Gaussian kernel is used to estimate the mean intensity around each pixel, which is then subtracted
from the pixel value.
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Figure 2.3: Transformational Bilinear Sparse Coding for Natural Videos. 16 x 16

pixel features Uy,,: each column shows transformed versions of a feature Uy, for different m’s.
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Figure 2.4: Example TBSC Frame Reconstructions: (left column) Original frames

and (right column) their reconstruction using the dynamically generated features.
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Figure 2.5 shows the effect of each of the L transformation dimensions in z on the base

feature for each group, by visualizing G,Uy.

Figure 2.5: Transformational Bilinear Sparse Coding: Effect of transformations on
base features. Learned G;U; components are shown, with each column corresponding to a

single k and each row to a single [.

While the expanded dictionary {Uy, }M_; is used for inferring the pose embedding z,
the resulting transformed features used in the reconstruction are not discrete in nature.
Figures 2.6 to 2.9 show different instances of dynamically generated features for each group.

As seen these generally represent distinct entities transformed in different ways.



Figure 2.6: Dynamically generated TBSC features for groups 1-4.
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Figure 2.7: Dynamically generated TBSC features for groups 5-8.
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Figure 2.8: Dynamically generated TBSC features for groups 9-12.
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Figure 2.9: Dynamically generated TBSC features for groups 13-16.
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To determine whether each feature group captures the progression of a single underlying
feature across different time steps, we visualized the evolution of features across sequences of
frames. Figures 2.10 to 2.17 show how features in each group progress throughout different
video sequences. The learned features evolve across frames in a manner similar to spatiotem-
poral filters in the visual cortex, e.g., direction-selective Gabor filters moving in a particular

direction.
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Figure 2.10: Progressions of TBSC features through time for groups 1-2: Each
column shows a specific instance of a dynamic feature from a group, evolving throughout

the 10 frames of the video sequence.
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Figure 2.11: Progressions of TBSC features through time for groups 3-4: Each
column shows a specific instance of a dynamic feature from a group, evolving throughout

the 10 frames of the video sequence.
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Figure 2.12: Progressions of TBSC features through time for groups 5-6: Each
column shows a specific instance of a dynamic feature from a group, evolving throughout

the 10 frames of the video sequence.
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Figure 2.13: Progressions of TBSC features through time for groups 7-8: Each
column shows a specific instance of a dynamic feature from a group, evolving throughout

the 10 frames of the video sequence.
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Figure 2.14: Progressions of TBSC features through time for groups 9-10: Each
column shows a specific instance of a dynamic feature from a group, evolving throughout

the 10 frames of the video sequence.
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Figure 2.15: Progressions of TBSC features through time for groups 11-12: Each
column shows a specific instance of a dynamic feature from a group, evolving throughout

the 10 frames of the video sequence.
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Figure 2.16: Progressions of TBSC features through time for groups 13-14: Each
column shows a specific instance of a dynamic feature from a group, evolving throughout

the 10 frames of the video sequence.
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Figure 2.17: Progressions of TBSC features through time for groups 15-16: Each
column shows a specific instance of a dynamic spatiotemporal feature from the same group,

evolving throughout the 10 frames of the video sequence.
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2.2.5 Conclusion

In this section I introduced Transformational Bilinear Sparse Coding, a hypernetwork-based
bilinear model (TBSC) that learns features and their transformations from video, leveraging
the smoothness of natural videos. The main limitation of this work is that I discussed only a
single layer model. Stacking multiple TBSC layers, each receiving the previous layer’s pooled

code as input is a promising direction for future research.

2.3 Dynamic Predictive Coding

An important problem in theoretical neuroscience is providing a normative framework for
understanding the orientation and direction selective receptive fields (RFs) of neurons in the
primary visual cortex (V1). The sparse coding model and its bilinear version introduced in
Section 2.1 apply only to static images. The transformational version of the bilinear model
(TSCB) from Section 2.2 utilizes temporal information but makes the unrealistic assumption
that the whole video sequence is available at once. The predictive coding model of Rao &
Ballard [70] has emerged as an influential model of visual processing, but it too focuses on
spatial receptive field properties. In this section, we propose Dynamic Predictive Coding
(DPC) [36]. DPC combines predictive and sparse coding together with hypernetworks to
explicitly learn the transition dynamics between the hidden states of a temporally changing

visual world and uses it to generate temporal predictions.

2.8.1 Model

DPC uses a spatial generative model similar to sparse coding 2.1 and predictive coding [56]:
I; = Ur,+n where I; is the input image at time ¢, U the features in the dictionary and r; the
sparse activations at time ¢. Note that these sparse activations change over time as opposed
to the invariant activations of TBSC, since feature pose is not explicitly modeled.

DPC augments sparse coding with a temporal prediction model that consists of: (a) a set

of basis transition matrices {V;}£ , and (b) a recurrent modulation network # that adjusts
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Figure 2.18: Generative model for Dynamic Predictive Coding: Red box: novel
addition of a modulation network for generating dynamic transition matrices V for nonlinear

prediction.

the linear mixing weights for these matrices (Fig. 2.18, red dashed box). At each time step
t, H takes the current state r; and the recurrent state h; representing the history of past
states to generate the next set of mixture weights and recurrent state: w1, hyr1 = H(re, he).
The time-varying transition matrix is then generated as: V1 = Zle Wit1,%Vi. The sparse
hidden state for time ¢ + 1 is predicted as: 7,41 = ReLU (V;117¢). Given the next input I, 1,
the prediction error is corrected using sparse coding to obtain a corrected estimate for r;q
from the predicted 7. The model was learned by jointly minimizing the mean-squared
prediction error ||I; — Ur||3 and ||r; — 7|3 at all time steps with a sparsity constraint on
r;. Note that the DPC model can be regarded as a dynamic hypernetwork (Section 1.1.2).

DPC also shares some similarities with the approaches in [35, &].
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2.3.2 Results

We trained the model on 5,700 natural video segments extracted from a video recording by
a person walking on a forest trail. The frame size is 16 x 16 pixels and the segment length
20 frames (~0.7 seconds). The frames were spatially and temporally whitened to simulate
retinal and LGN processing using kernels derived in [I1]. We used K = 5 basis transition
matrices (results did not change significantly with more matrices). The hidden state vector
r was represented by 1000 model neurons. The test set consisted of 1,500 segments extracted

from a different section of the recording.

Training MSE | Test MSE
Static V 0.435 0.451
Dynamic V | 0.355 0.409

Table 2.1: Video Prediction MSE: The dynamic approach outperforms the static one on
test set MSE.

INPUT TURNED OFF —)
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Prediction with input Prediction without input
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Figure 2.19: Dynamic vs Static Predictive Coding Prediction Progressions.

The dynamic predictive coding model outperformed the traditional model with a static V'
matrix (Table 2.1) as measured by the mean-squared image prediction loss ||Ur; — U7y||3 for
both the training and the test datasets. This difference is illustrated in the example in Figure

2.19 which compares the temporal image predictions made by the dynamic model (middle
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row) and the static model (bottom row). Both models generate predictions visually similar
to the input but when the input is turned off (red dashed line), the static transition model
generates the wrong direction of movement (leftwards) while the dynamic model correctly
predicts motion towards the right, similar to the true input (top row).

These results demonstrate the advantage of using hypernetwork-modulated transition
dynamics for temporal predictions. A future research direction would be to combine this

model with TBSC by applying the transition dynamics to the pose embeddings z.
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Chapter 3

ACTIVE PREDICTIVE CODING NETWORKS

Deep convolutional neural networks have enabled path-breaking advances in visual classi-
fication problems in recent years [13] but they suffer from a fundamental shortcoming: they
do not preserve positional information about extracted features. Even though they may
correctly classify an image, they are unable to explain the images they classify in the way
humans do: in terms of objects, their locations in a scene, the parts of an object and the
locations of these parts within the object, etc. This lack of interpretability of deep neural net-
works has prompted a search for alternate models that are inspired by how humans represent
objects in terms of part-whole hierarchies and use compositionality of parts to explain new
objects. For example, Hinton and colleagues [58, 11, 31] have explored a class of networks
called Capsule networks which use a group of neurons (“capsule”) to explicitly represent not
only the presence of an object but also parameters such as position and orientation. More
recently, Hinton [30] has proposed an “imaginary system” called GLOM to overcome some of
the limitations of capsule networks. Independently, Hawkins and colleagues [17] have taken
inspiration from neuroscience, specifically cortical columns and grid cells, to propose that
the brain uses object-centered reference frames to represent objects, spatial environments

and even abstract concepts.

What has been missing is a scalable framework that solves the following problem: how
can neural networks learn intrinsic reference frames for objects and parse visual scenes into
part-whole hierarchies by dynamically allocating nodes in a parse tree? In this chapter I
introduce Active Predictive Coding Networks (APCNs) [22], a class of structured neural
networks inspired by the neocortex that address this problem using hypernetworks [27] to

learn and dynamically generate parse trees from images.
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APCNs contribute to a number of lines of research that have not been connected before:

e Predictive Coding: APCNs build on predictive coding models of cortical function
[56, 17, 36], which emphasize the role of hierarchical prediction and prediction errors

in driving learning and inference.

e Visual Attention Networks: APCNs extend previous visual attention approaches
such as the Recurrent Attention Model (RAM) [52, 2] and Attend-Infer-Repeat (AIR)
[15, 10] by learning structured strategies for sampling the visual scene. We also define
appropriate baselines for these types of models to demonstrate the utility of intelligent

sampling.

e Hierarchical Reinforcement Learning: APCNs leverage ideas in hierarchical rein-
forcement learning by learning abstract macro-actions ( “options” [66]) to hierarchically

parse an image into parse trees via hypothesis testing.

By combining predictive coding, active sampling of the visual scene and hierarchical actions,
our approach also suggests a neural solution to an important challenge posed by cognitive
science and Al researchers [15]: how can neural networks in the brain and in AT learn
hierarchical compositional representations that allow new objects, scenes and concepts to be

quickly created, recognized and learned?
3.1 Active Predictive Coding Networks

Suppose there is an optical sensor with limited computational capacity connected to a device
with large computational capacity via a communication channel with limited bandwidth.
How can the sensor intelligently sample the scene to allow the computational device to parse
and understand the scene? There is a direct correspondence between this arrangement and
our visual system: the sensor is the retina, the device the visual cortex and the channel

the optic nerve. As opposed to typical CNNs in AI, humans rely on intelligent sequential
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sampling of visual scenes via eye movements (“saccades”). The Recurrent Attention Model
(RAM) [52] and related approaches [15, 2] emulate this idea by utilizing a “glimpse sensor”
that extracts high-resolution information about small parts of a larger input image; this
information is conveyed to artificial neural networks for further processing. For example, in
the RAM model, a “location network” decides on which location in the image to sample a
glimpse from, and a recurrent neural network (RNN) integrates the sampled information for
downstream tasks. Since the glimpse sensor used is not differentiable, the location network
is trained via the reinforcement learning algorithm REINFORCE [65, 52].

Here we introduce active predictive coding networks (APCNs), which build on ideas

explored by RAM and other models in the following ways:

e Information from glimpses are organized in a structured, hierarchical way using intrinsic

reference frames computed by a hierarchical network.

e Inspired by the formalism of Partially Observable Markov Decision Processes (POMDPs)
(37, 57], each level of the hierarchical network is composed of a state network and an
action network. The state network at each level integrates the information from input
samples and implements the state transition model for POMDPs at a particular level
of abstraction. The action network at each level is task specific and responsible for

planning actions at that particular level of abstraction.

e At every hierarchical level, the state network is trained via predictive coding, while the

action network is trained via REINFORCE.

3.1.1 Basic Idea

At each level of a hierarchy, the APCN model uses two embedding vectors, one to represent
the current “state” denoting an object/part, and the other to represent the current action
denoting the position (or more generally, the transformation) of the object/part. Nonlinear

functions (implemented as hypernetworks [27]) are used to map these vectors to lower level
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state transition and action functions, which act as “programs” to parse various parts/sub-
parts via sequences of sampled locations/transformations. This process can be repeated for
an arbitrary number of levels.

Figure 3.1 (a) formalizes this idea and shows the canonical generative module for APCNs.
The module consists of a higher level state vector r*!) which uses a function (hypernetwork)
H! to generate a lower level state transition function f! (implemented as an RNN), and a
higher level action vector a1 which uses a function (hypernetwork) H' to generate a lower
level action (or policy) function f! (also implemented as an RNN). In this thesis, I will focus
on a two-level model (with a top level and bottom level) as shown in Figure 3.1 (b). The
generation of states and actions for the two levels is shown in Figure 3.1 (c¢). The state and
action RNNs at the lower level are generated independently by their parent RNNs (via the
action/state embedding vectors) but exchange information horizontally within each level as
shown in Figure 3.1 (c): the state network generates the next state prediction based on the
current state and action while the action network generates the current action based on the
current state and previous action.

In the context of parsing an image, the action vector at a given level chooses which sub-
tree of the parse tree to explore next, while the state vector represents all the integrated
scene information provided by the lower levels. The exploration of a sub-tree proceeds by
dynamically generating state and action “sub-programs” for the level below via hypernet-
works. In the present implementation, the lower level RNNs execute for a fixed number of
time steps, generating parts and their locations, before returning control back to the higher
level.! The higher level state then transitions to the next state (the next object/part) using

that level’s transition function F; and the action specified by the higher level policy F,, and

the process continues.

Future implementations will explore the use of termination functions [(6, 15] to allow a variable number
of time steps at each level and for each example.
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Figure 3.1: Active Predictive Coding Networks (APCNs): (a) Canonical generative

module for hierarchical APCNs. The lower level functions are generated via hypernetworks

based on the current higher level state and action embedding vectors. All functions (in boxes)

are implemented as recurrent neural networks (RNNs). Arrows with circular terminations

denote generation of function parameters (here, neural network weights and biases). (b) Two-

level model used in this work. (c) Generation of states and actions in the two-level model

based on past states and actions. RNNs implementing the functions in boxes additionally

receive feedback from prediction errors and lower level states/actions as described in the

text.
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3.1.2  Parse Trees, Reference Frames and the Glimpse Sensor

Figure 3.2 depicts an example of a simple parse tree for a human body. We can think of the
union of all these parse trees for all potential scenes as a graph representing a structured
ontology of “parent-child” relations. This graph is hierarchical and consists of different layers,
with connections between them representing part/sub-part relations. An APCN explores this

ontology graph by testing different branches at each layer and extracts an appropriate parse

X

tree for the scene.

Q
~

o . - I ~ / \

Figure 3.2: Example of a Parse Tree for a Human Body: Black box: Frame of reference
for the entire object. Purple, red, green boxes: Frames of reference for the head, upper and
lower body respectively. The parse tree on the right shows the part-whole hierarchy with
respect to these reference frames. The leaves of the tree correspond to the lowest-level parts
of the object. Locations for all parts are computed within the parent node’s reference frame,
e.g., the locations for the head, upper body and lower body are computed with respect to

the body’s reference frame (black box).
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Figure 3.3: Reference Frames for Images: (a) The top level of the model picks a location
and focuses on a sub-region of a pre-specified size (here, M x M) centered at that location.
This sub-region contains a higher-level part of the object at a location relative to the original
reference frame of the object (here, the digit “9”). This sub-region selected by the higher

level in turn acts as the reference frame for the lower level. (b) Two-level model. The

1
4

top level focuses on a sub-region - the area of the initial input and fixes this region as
the current reference frame. The next level focuses on locations within this local frame of
reference and extracts sub-sub-regions, which contain sub-parts of the higher level part at
particular locations, all calculated relative to the local frame of reference. This hierarchical

factoring of parts, sub-parts and their transformations within local reference frames is critical

for compositionality.

Parse trees for images imply spatial convergence as one goes up the representational
hierarchy since typically an entity has a larger spatial extent than its constituent parts.
APCNs implement this idea using recursive object-centered reference frames. The top level
of an APCN architecture spans the entire image. At each step, the network chooses a

sub-region of the image to focus on (Figure 3.3a). It then generates a lower-level parser
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(comprised of state-action sub-networks) and assigns this image sub-region as the input.
The bottom-most level has direct access to the image via small-sized glimpses. APCNs
perform a type of depth-first exploration of the representational graph where each layer
descends deeper into the graph with a new object-centered reference frame. These stacks
of reference frames can be composed to derive the absolute location of any sampled glimpse
within the image. Figure 3.3b shows an example of recursive reference frame traversal down
a two-level hierarchy.

Interactions with an image I (of size N x N pixels) are carried out through a glimpse
sensor (. This sensor takes in a location [ and a fixed scale fraction m, and extracts a
square glimpse/patch g = G(I,l,m) centered around ! and of size (mN) x (mN). Since
[ is continuous, the sensor is implemented using a sub-differentiable bilinear interpolation
module as introduced in [34]. The image dimensions are normalized so that | € [—1,1] and
m is hard-coded for each layer. Other transformations such as rotation and shear are ignored
in the current version of this model but present an obvious direction for future research.

Note that APCNs share some similarities with the Transformational Bilinear Sparse Cod-
ing (TBSC) model introduced in Section 2.2. Both approaches model the image using a basis
set of image patches and their transformations. APCNs currently only use translations but
model the image hierarchically, whereas TBSC learns the transformations directly from video

sequences.

3.1.83 Inference in the Active Predictive Coding Network

Without loss of generality, we consider a two-level version of the APCN architecture in this
chapter, with the understanding that it can be easily extended to more levels. The two levels
operate at different time scales. For a given input, the top level runs for 75 steps which we
will refer to as “macro-steps.” For each macro-step, the bottom level runs for 7} “micro-
steps,” yielding a total of T = T,T} steps for the entire network to process each input. Let
F, F, be the top level state and action networks respectively. Let R;, A; be the recurrent

activity vectors of these networks (i.e., the top level state and action vectors) at macro-step
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t. Let f(;0) denote a network parameterized by 6. In the case of a fully connected network
with L layers, § = {W, b;}£, contains the weight matrices and biases for all the layers. The
state and action RNNs of the bottom level are denoted by fs(;0;s) and f.(;6,) while their
activity vectors are denoted by r, and a;, respectively, where ¢ ranges over macro-steps

and 7 over micro-steps. Figure 3.1C depicts these RNNs and activity vectors.

Higher-Level Network Operation

At each macro-step ¢, the top level action RNN updates its activity vector to A; which
generates two values: (a) a location L; and (b) a macro-action (or option) z; (Figure 3.4a).
The location L; is used to restrict the bottom level to a sub-region It(l) = G(I, L, M)
corresponding to a new frame of reference of scale M, centered around L; (Figure 3.3a).
The option z; is used as an embedding vector input to a non-linear function, implemented
by a hypernetwork H,, to dynamically generate the parameters 6,(t) = H,(2;) of the lower-
level action RNN. For exploration during reinforcement learning, we treat the output of the
location network as a mean value L, and add Gaussian noise with fixed variance to sample
an actual location: L, = L, + ¢, where € ~ (0, 0?).

The state vector R; and location L; are fed as inputs to the state hypernetwork H, to
generate the parameters 04(t) = H(R;, L;) specifying a dynamically generated bottom-level
state RNN for the current frame of reference. Figure 3.4a illustrates this top-down generation

process.

Lower-Level Network Operation

At the beginning of each micro-step, the higher-level state R; is used to initialize the bottom-
level state vector via a small feedforward network Init, to produce ;o = Init,(R,;) (Figure
3.4b). Each micro-step proceeds in a manner similar to a macro-step. The bottom-level
action RNN updates its activity vector a,, based on the current state and past action, and a
location [; ; is chosen as a function of a; , (Figure 3.4a, lower right). This results in a glimpse

image g, = G(It(l), l;-,m) of scale m centered around [/, , within the image sub-region It(l)
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specified by the higher level (Figure 3.4c). The frames of reference and the corresponding
image sub-regions across the two levels are depicted in Figure 3.3b.

To predict the next glimpse image at the location specified by the action network, the
lower-level state vector 7, ., along with locations L; and [, ;, are fed to a generic decoder
network D to generate the predicted glimpse g, (Figure 3.4c). This predicted glimpse
is compared to the actual glimpse image to generate a prediction error €, = gtr — Gt.r-
Following the predictive coding model [56], the prediction error is used to update the state
vector via the state network: r; 11 = fs(re.r, €0r, Ut 0)(t)) (Figure 3.4a, lower left). For the
bottom-level locations, we follow the same Gaussian noise-based exploration strategy as the
top-level.

At the end of each macro-step (after 7} bottom-level micro-steps have finished executing),
the top level state RNN activity vector is updated using the final bottom-level state vector
and the top-level location: Ryy1 = Fs(Ry, ps(remy), Lt) where pg() is a single-layer state
“feedback” network. Figure 3.4d (left side) depicts this process. The top-level action RNN
activity vector A; is then updated using R;1 and p,(arr,) (Figure 3.4d (right side)), and
the process continues. The above steps correspond to a sub-program in the state/action
hierarchy terminating and returning its result to be integrated by its parent. Note that
this architecture can be readily extended to more levels by having Fj, F, be dynamically

generated by another parent level, and so on.
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Figure 3.4: Inference in Active Predictive Coding Networks: (a) Dynamic generation
of bottom-level state RNN f; and action RNN f, (“sub-programs”) from top-level state
vector R; and action vector A;. This diagram elaborates the one in Figure 3.1 (c) for
the case of parsing images, showing how actions produce locations and options, and how
prediction errors and feedback from the lower level are used to update state vectors at the
two levels. See text for details. (b) Initialization of bottom-level state by the higher-level
state R; via a network Inits. (¢) Computation of prediction error between predicted glimpse
g generated by decoder D for the current time step (¢,7) and actual glimpse image g from
the glimpse sensor after moving to the location I, , produced by the action network. (d)
Update of top-level state R; and action A; based on feedback (via networks ps and p,) upon

bottom-level sub-program termination (after 7; micro-steps).
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3.1.4  Training the Active Predictive Coding Network

The state and action networks are trained separately via different loss functions. The state
networks are trained to minimize prediction errors via backpropagation while the action
networks are trained to minimize total expected task loss via REINFORCE together with
backpropagation. During training, whenever the state vectors at any given level are passed
as input to that level’s action network (see Figure 3.4a), the gradients for backpropagation
are cut off. The goal of the state prediction network is to predict the next state and is
task-agnostic. The goal of the action network is to choose effective actions given past states

and actions, so that the task loss is minimized.

State Networks
The prediction error €, is given by:
6t,T = gt,T - gtﬂ' - G(]t(l)a ltﬂ'? m) - D(Tt,fra Lta lt,T) (31)

The prediction error loss function is given by:

> Th

Losea = 33 lewsl3 (3.2)

t=1 =1
At the end of a macro-step t, the higher level also reconstructs the current reference image

7O

rof » downsampled to the size of a lower-level glimpse, using a decoder D,¢s with inputs R4

and L, yielding the loss function L. = ZtTil ||Ir(elf) — Dyet(Riy1, Lt)||3. The total loss function

for training the state networks at the two levels via backpropagation is given by:

Lstate = Lpred + Lref (33)

Action Networks

To apply APCNs to a given task (such as image reconstruction or classification), either the
state or action RNN vectors can be provided as input to another neural network trained for

the task. Here we use the action vectors. Let Aou(t,7) = [A; as.]" be the concatenation of
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top- and bottom-level action vectors for time step (¢, 7). Let Ly, be the task loss. Using just
the final Auy (as in RAM [52]) for training actions has the shortcoming that the resulting
reward function is sparse (the model is evaluated only after the final step). We use a dense,
structured reward function (in our case, a dense loss function) as follows. For each micro-
step, we compute the marginal change in loss after the action for that step (i.e., fixating on

a new location) has been executed:
Rt,T = Ltask(Aout<t7 T —= 1)) - Ltask(Aout<t7 7—)) (34)

For example, if the task is reconstruction of an image, the reward is positive if the new action
(new fixation location) reduced the reconstruction error.
For each macro-step, we compute the marginal change in loss due to the whole macro-
step:
Ry = Lunsic(Aoue(t = 1,T1)) = i (Ao (£, T)) (3.5)

The top layer is trained using the cumulative reward from all future macro-steps ®; =
Z;th R;, whereas the bottom layer is trained using the future rewards within each macro-step
Q= Z;F;T R, ;. This corresponds to the intuition that micro-actions taken inside different
frames of reference should not affect each other in terms of reward.

We use an adjusted version of the baseline-based variance reduction technique introduced
in [65] and used in [52]. We learn two separate baselines: b;, = E[®,,] and b, = E[®;] and
use the baseline-removed cumulative rewards ®, . — b, ; and ®, — b, for training.

The REINFORCE loss is given by:

t=1 T=1

N J/

Ty T
LREINFORCE = J(0L7 91) = - Z (10g P(Lt\At; ‘9L)<(I)t - bt) + Z log P(lt,7—|at,7§ 91)(@,7 - bt,r))

~
Action log-probabilities

(3.6)

As mentioned earlier, to allow exploration during training with REINFORCE, the loca-
tions at each macro- or micro- step were the location network’s output plus Gaussian noise.
Therefore the logarithmic probability terms above reduce to the squared Euclidean distances

between the mean and the sampled locations.
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We combine the REINFORCE loss with a dense version of the task loss to get the

combined loss function for the action networks:

Lac ion — L + L as Aou t, 3.7
t ) REINFORCI?( ; Z sask (Aout (£, 7)) (3.7)
ocation networks i ,

vV
Action sub-system minus location networks

For example, if the task is reconstruction, the second term in the combined loss allows
minimization of the reconstruction error at every time step. Overall, the combined loss
function increases the performance of the intermediate action vectors from step to step in
the context of the task, producing more interpretable results.

Ideally the model would avoid generating locations exceeding the boundaries of the im-
age. Several implementations of RAM [52] use clipping or the hyperbolic tangent activation
function. In practice, I found out that constraining the locations via an appropriate penalty
was more effective. I calculate a threshold ¢ so that if a glimpse is centered ¢ units away
from the image boundary (I € [-1.0 + ¢, 1.0 — ¢]), then the glimpse resides entirely within

that boundary. I applied a thresholded version of ¢, normalization:
Lieg(1) = (LRelu(l — ¢))? + (LRelu(—1 — ¢))* — 2(ac)?

where LRelu is the leaky rectified linear unit with a = 0.2. The structure of this penalty

can be seen in Figure 3.5.
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Figure 3.5: APCN location penalty function for ¢ = 0.75.
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3.2 Results

Our first set of experiments compares the performance of ACPNs to baseline methods. The
second set of experiments demonstrates the ability of APCNs to learn part-whole hierarchies.
The third set of experiments evaluates the compositionality of learned APCN representations

in a transfer learning task.

3.2.1 Comparison with Baselines
Baseline 1: Random Policy

To evaluate whether the learned policies in APCNs are “intelligent,” it is crucial to compare
them with appropriate baselines. A simple baseline policy is randomly sampling different
glimpse locations. We refer to this as the Randomized Baseline model with T glimpses
or RB(T). We sample T i.i.d. locations {l;}1_, from a box of height and width such that
the whole glimpse ¢; resides within the boundaries of the image. Each glimpse and its
location are concatenated and passed through a feature extractor F' to obtain a feature vector
ft = F(lgs,li]). The T feature vectors are averaged to obtain the latent vector f = 1+ S fr
This vector is given as input to a feedforward network that is trained for the task.

The authors in [52] considered a baseline that consists of the RAM model applied to
a single glimpse randomly sampled from the whole image. This baseline achieved 57.15%
accuracy on the MNIST classification task. In our case, the RB(3) baseline achieved 93.1%
classification accuracy.

Given this strong classification performance of RB(3), we conclude that simple datasets
such as MNIST may be unsuitable for evaluating the performance of intelligent sampling
(attention) models in classification tasks since a few random glimpses are sufficient to achieve
reasonably high accuracy without any intelligent strategy. Our results also suggest that the
“intelligent sampling” in RAM-like model for MNIST may be spurious, having no major
impact on classification performance.

These results also suggest that rather than classification, the task of reconstructing an
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object, such as an MNIST digit, might be a more appropriate task for learning and enumer-

ating parts of an object. We therefore use image reconstruction as the task for evaluating

APCNs.

Baseline 2: Single level APCN

Our second baseline is a single level version of our APCN model, which is similar to the
original RAM model except: (a) instead of a single RNN, there is a separation into an action
RNN responsible for the task and a state RNN that integrates glimpse information; (b) the
state network is trained via predictive coding applied to predicting the next glimpses as
described in Section 3.1.4; (c¢) we use dense rewards to improve training and interpretability.
Note that all of the above are novel additions to the original RAM model, enabling the new
model to: (a) re-use the state network for multiple tasks, and (b) make the contribution
of each glimpse interpretable. We will refer to this model as APCN-1 and to the two layer
APCN as APCN-2. Results comparing APCN-2 to the two baselines on the reconstruction

task are described in the next section.

3.2.2  Learning Part-Whole Hierarchies via Active Predictive Coding

We applied APCNs to the task of part prediction and reconstruction of objects in the follow-
ing datasets: (a) MNIST: Original MNIST dataset of 10 classes of handwritten digits [16].
(b) Fashion-MNIST: Instead of 10 digits as in MNIST, the dataset consists of 10 classes of
clothing items [73]. (c¢) Omniglot: 1623 hand-written characters from 50 alphabets, with 20
samples per character [11]. (d) affNIST: MNIST digits embedded in a 40 x 40-pixel frame
and transformed via random affine transformations. For all APCN models, a single dense
layer, together with an initial random glimpse are used to initialize the state and action

vectors of the top level.
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MNIST | Fashion MNIST | Omniglot-Test | Omniglot-Transfer

RB 0.0120 0.0145 0.0307 0.0301
APCN-1 | 0.0114 0.0138 0.0324 0.0323
APCN-2 | 0.0085 | 0.0138 0.0227 0.0226

Table 3.1: Reconstruction Mean-Squared-Error (per pixel).

Task Performance

We first applied APCNs to the task of reconstructing MNIST and Fashion-MNIST datasets.
For APCN-2, we used 3 macro- and 3 micro-steps. A comparison of APCN-2 performance
with the baselines based on test set MSE is shown in Table 3.1. Note that APCN-2 is more
constrained than APCN-1 since the locations within a macro-step have to reside within
the frame of reference of I(V. APCN-2 receives additional information in the form of Ty

) as discussed in Section 3.1.4. These

peripheral glimpses obtained by downsampling ]t(l
peripheral glimpses are used during training but not during inference. The fact that both
APCN models perform better than the random baseline shows that intelligent sampling
strategies have an effect on reconstruction task performance.

We also applied APCN-2 to reconstructing Omniglot characters using 4 macro-steps

instead of 3. Table 3.1 shows that APCN-2 outperforms the baselines on this task.

Parse Strategies and Learned Part-Whole Hierarchies

An example of a learned parsing strategy is shown in Figure 3.6. For each input, APCN-2
learns structured parsing strategies: the top-level learns to cover the input image sufficiently
while the bottom level learns to parse sub-parts inside those sub-areas of the object.

A learned part-whole hierarchy for an MNIST input, in the form of a parse tree of parts
and sub-parts with locations, is shown in Figure 3.7. The learned strategies sample a wide

variety of parts and sub-parts of the object (strokes and mini-strokes).
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An important question is whether APCN-2 learns different parsing strategies and different
part-whole hierarchies for different classes of objects. Figure 3.8 shows that this is indeed the
case, for example, if we consider two different Fashion-MNIST clothing items, e.g., t-shirts
versus sneakers. The figure shows that the average sampled locations of learned parts are
different for these two different classes. Additional examples of learned higher-level part

locations for each class in the Fashion-MNIST dataset are shown in Figure 3.9.

Initial Glimpse Macro-Step 1 Macro-Step 2 Macro-Step 3

—~-@| A 6

!IH!I!IHE~E~E

- -
Predicted Glimpses j \ '
[ 1
"
|
Actual Glimpses | I N
"

Object

Perception / q

Decoder '

Output - g

Figure 3.6: Example of Learned Two-Level Parsing Strategy: 1st row: Initialization

Micro-Steps

glimpse (purple box) and sampled top-level reference frames (red, green, blue boxes), 2nd
row: Sampled bottom level parts within each top-level frame, 3rd & 4th rows: Predicted
versus actual parts/glimpses, and 5th row: “Perception” of the model (object reconstructed

from current network state) over time.
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Part Hierarchy

Location Hierarchy

(b)

Figure 3.7: Example Parse Tree with Inferred Locations of Parts: Hierarchy of (a)

sampled parts and (b) sampled locations, inducing a hierarchy of reference frames.
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Figure 3.8: Class-Based Hierarchical Representation of Object Parts and Loca-
tions: Average sampled locations per class, together with sampled parts for one specific
example for (a) the t-shirt and (b) the sneaker classes. The order of sampled locations

within each frame of reference is 1st: red, 2nd: green and 3rd: blue.
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Figure 3.9: Top-level Part Locations for Fashion-MNIST Examples by Class: Red:
first, Green: second and Blue: third location. Note the differences in top-level action strate-
gies between vertically symmetric items (shirts, trousers, bags) and footwear (sandals, sneak-

ers, boots).
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affNIST
APCN-2-Traditional | 0.0110
APCN-2-Hypernet 0.0105

Table 3.2: Hypernetworks vs Traditional Alternative: Generating sub-programs for

affNIST.

An alternative to using hypernetworks to generate the state and action sub-programs
is using a traditional feedforward network and concatenating its output with the input to
the bottom level RNN. Table 3.2 shows a comparison between these two approaches on the
affNIST dataset. This result indicates that hypernetworks provide a clean abstraction for

sub-program generation.

Prediction of Parts and Pattern Completion

To investigate the predictive and generative ability of the model, we had the model “hallu-
cinate” different parts of an object by setting the prediction error input to the lower level
network to zero for all or some macro-steps. This disconnects the model from the input,
forcing it to predict the next sequence of parts and “complete” the object. Figure 3.10
shows that the model has learned to generate plausible predictions of parts given the initial

glimpse (and any additional glimpses).

3.2.3 Transfer Learning

We tested transfer learning for reconstruction of unseen character classes for the Omniglot
dataset. We trained an APCN model to reconstruct examples from a subset of classes from
the Omniglot alphabets. For each alphabet, we used 85% of the classes for training. The rest
of the classes were used to test transfer. Specifically, the trained model had to use its learned

representations and programs (as generated by the hypernets) to compose and reconstruct
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Sampled
Areas

Figure 3.10: Prediction of Parts and Pattern Completion by APCNs: (Left two

Predicted
Parts

columns) Given only an initialization glimpse (purple box) for an input image (here, a 0
and a 3 from MNIST), the trained APCN predicts its best guess of the parts of the object
and their locations (colored segments in row below). (Right columns) In other cases (here,
an Omniglot character), the initial glimpse allows only a coarse prediction of parts. This

prediction can be refined (bottom row) with additional glimpses (red, green, blue boxes).



new character classes for each alphabet. Table 3.1 shows the performance of the model on
the transfer task. Figure 3.11 shows example hierarchical parsing strategies for characters
from previously unseen classes, along with the reconstructions of these novel characters by

the model.

Recon-
Image struction

L1 1,2 13 21 3.3 43  All

Figure 3.11: Transfer Learning on Unseen Classes in Omniglot: APCNs can transfer

22 23 31 3.2

their learned knowledge to new, previously unseen classes of Omniglot objects. Each column
corresponds to parts from bottom-level glimpses at time (¢,7). The “All” column shows
all the parts together. The last two columns show the input from the novel class and its

reconstruction by the APCN.
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3.3 Some Limitations of the Model

For simple datasets such as MNIST, APCN-2 tends to converge to a general strategy that
works well for all digits, resulting in little inter-class location diversity, while for other
datasets such as Omniglot, a general strategy that “tests” a diverse set of image sub-areas
might still be appropriate. For Fashion-MNIST, different strategies are learned for vertically
symmetric clothing items versus non-symmetric ones such as footwear (Figure 3.9). These
results can be attributed to our use of a general decoder to reconstruct the entire image
based on current state within an attention-based encoder. An interesting future direction is
to use a decoder where each macro-/micro- step renders a part of the object within a larger
canvas used for computing the reconstruction error, as in [15].

Another limitation is the use of fixed time horizons for each option: our model parses
each sub-area for a fixed number of steps whereas different sub-areas of an image might
require fewer or more steps to process. Techniques such as the one used in [15] could be
employed to address this limitation.

APCNs have yet to be applied to more challenging datasets (e.g., ImageNet) and other
tasks (e.g., regression of object properties). Deeper versions of our model (with more than
two levels) may be necessary for more complex image datasets.

Finally we used REINFORCE, which is inefficient compared to state-of-the-art reinforce-
ment learning algorithms. The results could potentially be improved using more sophisticated

policy gradient methods or designing novel methods tailored to the structure of the model.

3.4 Conclusion

APCNs are to my knowledge, the first hierarchical neural network capable of end-to-end
learning and parsing of part-whole hierarchies from images. The proposed framework is
highly flexible and offers a number of potential applications and future research directions.
For example, actions in APCNs could include not just position but arbitrary transformations

of parts, allowing the network to learn hierarchical equivariant representations, a long-sought
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goal in machine vision and Al [30, 31]. More broadly, this framework offers a new approach
to hierarchical reinforcement learning and planning in continuous state and action spaces.
Finally, given the close connection between APCNs and predictive coding models of brain
function, the proposed framework paves the way for a new interpretation of the hierarchical

architecture of the cortex and a new role for cortical feedback connections in modulating the

dynamics of lower-level networks [36] similar to the role played by hypernets in APCNs.
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Chapter 4

HYPER-UNIVERSAL POLICY FUNCTION
APPROXIMATORS

The American psychologist James Gibson first proposed the idea of object affordances
[19], namely, that an object is perceived not only by the object’s visual features, but also
by the potential motor actions it affords. The idea that a single image of an object can
suggest action plans to achieve particular goals has important implications for computer
vision-based robotic agents: it can allow zero-shot generalization of learned skills to new

objects and environments. Can such a capability be realized by computer vision systems?

In reinforcement learning, action plans are formalized in terms of a policy function 7 (s) —
a that maps the current state s of the agent to the desired action a. Policy-based techniques,
widely used in reinforcement learning [65], aim to find strategies that maximize the expected
reward received from the environment. In most realistic scenarios, agents are required to
be adept in many different tasks and good policies often exploit shared structure defined by
task similarity and the dynamics of the environment. For example, in the case of navigation,
policies that guide an agent to two different goals in close proximity should agree for most
states s. Similarly, policies for different but closely-related environments should also be
related. To extrapolate policies in novel environments, humans often rely on visual cues.
In navigation tasks, humans can utilize a visual map to navigate in a previously unknown

space.

To formalize this correspondence between visual (and potentially other) auxiliary in-
formation and action policies, I propose the concept of a universal policy function (UPF)
7mE(s, g), where g is the goal and E a description of the environment, obtained, for example,

from a visual map. UPFs are related to general value functions [67, 59], but besides gener-
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alizing value functions to novel goals, they additionally tackle the challenge of transferring
policies to novel environments, a new dimension which introduces significant complexity.

Although UPF's can be approximated by any generic neural network, training such models
based on a limited set of goal and environment samples can be challenging. An agent
with limited computational capacity and communication bandwidth faces another challenge;
storing or transmitting a monolithic model with lots of parameters can be unwieldy or even
impossible. Such constraints are frequently encountered in designing edge devices.

In this chapter I will introduce Hyper-Universal Policy Approximators (HUPAs) [20]
which, to my knowledge, is the first framework for mapping visual information, e.g., a single
map image, to universal policy functions for agents with computational and communication
constraints. HUPAs leverage the modularity properties of hypernetworks [18] to generate
small environment-conditional, policy functions from an image (or other auxiliary informa-
tion). These policy functions can then be easily transmitted to the agent and fine-tuned.
I will compare HUPAs to the traditional embedding alternative and demonstrate a signif-
icant performance gap between the two approaches when the generated policy network is
size-constrained. While the focus is on a simple map-based navigation task, these results are

the first to highlight the advantage of hypernetworks in representing UPFs.
4.1 Universal Policy Approximation

In the context of a Markov Decision Process [64, 1] (MDP), a UPF is denoted by mg(s, g) — a,
where g is the goal state, s the current state, a the chosen action, and E a context vector
that serves as a description of the environment. This description contains any auxiliary in-
formation that can be useful in conditioning the resulting policy. It can be given explicitly
(e.g., image of a map for map-based navigation, an embedding-based natural language de-
scription, etc.) or implicitly (inferred from local observations such as images from a robot’s
on-board camera). The goal is to efficiently generate policies mr conditioned on a specific
novel environment description E.

We make the following assumptions for our setting: (a) the agent/edge device is limited
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in computational capacity and operates within a specific context/environment E, (b) there
is device with large computational capacity hosted on the cloud that has access to context
specific information that is useful to the agent and (c) the two are connected via a (potentially
unreliable) communication channel with limited bandwidth.

A suggested solution would be to have the cloud device transmit the context information
to the agent. The agent hosts a generic model which then takes the contextual information
as input to condition it to the specific context F. This solution however is not feasible since
the agent has limited computational capacity. Another potential solution would be to have
the agent simply transmit its input s, g to the cloud device and receive an answer 7g(s, g),
removing the need for computation on the agent side. This solution might not be feasible
since the communication channel between the two devices can be of limited bandwidth and
not constantly available. We are particularly interested in zero-shot generation of suitable
policies based on just the contextual information E.

A way to approximate mg, respecting the constraints, is to use a large network ¢ hosted
on the cloud to obtain a context embedding ¢(£). This embedding is then transmitted
to the edge device. The edge device hosts a size-limited network P that takes as input
x =[s,9,¢(E)] and predicts the appropriate action for each x. We refer to this technique as
the “embedding” approach. Note that instead of transmitting the whole embedding vector
it suffices to transmit its projection to the first layer of P which is usually smaller in size. A
diagram for the embedding approach is shown in Figure 4.1a.

An alternative proposition is that of Hyper-Universal Policy Approximators (HUPAs)
[20], based on hypernetworks [27]. This static hypernetwork H (see Section 1.1.1), which
is hosted on the cloud, takes as input the context vector and outputs a set of parameters
0p = H(F). These parameters are then transmitted to the edge device and are used to
parameterize a small primary network P. The HUPA model is shown in Figure 4.1b. Recent
results on the modularity of hypernetworks [18] show that they are provably more efficient

approximators of functions of this form compared to the embedding approach (see Section

1.1.3).
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s —> p > 2
g—>
(a) Embedding Approach (b) HUPA

Figure 4.1: Embedding versus Hypernet-based Approaches for Predicting Action

Policies from a Single Environmental Input.

4.1.1 Related Work

Hypernetworks have not been widely explored in the context of reinforcement learning. Per-
haps the closest approach to HUPAs is the one introduced in [72]. The authors use a
hypernetwork to generate networks that capture the transition dynamics of various control
problems. These dynamics are used for model-based reinforcement learning through plan-
ning. The hypernetwork generates the transition dynamics based on observation/action pairs
in the immediate past. The authors show that the approach can be used to handle chang-
ing conditions in the environment. In [16] the authors use hypernetworks in a model that
takes a desired reward r as input and returns a policy function that approximately achieves
that reward. In [33] the authors consider hypernetworks as a solution to continual model-
based reinforcement learning. None of the above approaches consider the computational
constraints of the agent or the decomposition of computation into remotely-hosted context
and policy functions operating at the edge. Finally in [62] the authors use hypernetworks for
personalized federated learning. Their setting resembles ours in the sense that the agents are

separated from the hypernetwork. There is no consideration for computational constraints.
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4.2 FEvaluation

4.2.1 Dataset and Metrics

We evaluate HUPAs on a novel, artificially generated dataset based on a two-dimensional
navigation task. The agent is given a map F, a starting coordinate s and must navigate
to a goal g. The maps consist of discretized tiles which are either open or occupied by a
wall. The action space of the agent consists of 8 actions/angles a € {%* : k € {1,...,8}} that
transfer the agent to one of the neighboring tiles (up, down, left, right and the diagonals) as
long as they are open. Our goal is to learn a HUPA that, given previously unseen maps and
goals, can generate policies that transfer the agent successfully to the target location. Since

the action space is discrete, the generated primary network P takes the form of a classifier.

Map Generation

For our experiments we use a nine room generalization of the four-room environment com-
monly used in RL navigation scenarios. In this regime, each map F is derived from a base
map that contains rooms arranged in a 3 x 3 grid separated by walls. Each room consists
of a 9 x 9 grid of open tiles, and neighbouring rooms are connected by doors in the center
of the separating wall. There are twelve doors in total. To generate a new map from the
base map, three doors are chosen to be blocked off under the constraint that the space re-
mains connected. This results in 164 potential maps. From each map all possible start and
goal coordinates are sampled to create the dataset. By representing states s, g by their two-
dimensional coordinates (x,y) the maps can be conveniently represented as images, as we do
in the following experiments. HUPAs function as zero-shot policy generators for previously

unseen environments based on these single images (see Figure 4.2).
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(27,17)

(a) Known E - Known g

(27.2)

(b) Known E - Unknown g

(16,27)

(¢) Unknown E - Unknown g

Figure 4.2: Zero-Shot Learning of Policies from Single Images: After training on
known F and g samples, a HUPA (a) predicts policies for novel goals (b) and novel envi-
ronments (c) from a single input map image. The goal is marked by a red square on the

right-side policy maps; action vectors are color-coded by angle.
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Reachability Ratio

While canonical accuracy serves as a good measure of how close our generated policies are
to the ground truth policy, it does not encapsulate the usability of a policy. The successful
transition of the agent to the goal state relies on a sequence of several correctly predicted
actions, a requirement that is not captured by plain accuracy. As an example a generated
policy can leave a whole room disconnected from the goal, whereas most of the state-action
pairs inside the room are predicted correctly (for examples of such generated policies, see
Figure 4.3d).

A natural way to properly assess the quality of a generated policy is to evaluate the
fraction of states from which it successfully guides the agent to the goal. We call this the
Reachability Ratio (RR) metric. To that end we construct an incidence graph where each

state s is represented by a node ny. For each such state we add an edge ny, — 1y, 4 that

5,9
corresponds to the immediate transition that results from following the policy at s. Let C,
be the connected component of this graph that contains n,. Then Cy contains all the nodes
from which the policy successfully reaches the goal. Hence the Reachability Ratio of a set

T of test goals is the average fraction of nodes in the target set “accessible” to each state in

the map:
1 TNC

geSs

where Cy is computed via the reachability graph of mp.

4.2.2  Ezxperiments

For the embedding function ¢, we used a convolutional neural network with four residual
blocks, followed by a fully connected bottleneck layer. An additional layer outputs the
embedding vector ¢(E). The hypernetwork had almost identical structure, except for an
additional layer that generates the parameters 6g. For a fair comparison we adjust the size
of the embedding vector accordingly, while keeping the size of the primary network fixed, to

approximately equate the total number of parameters.
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The primary network consists of three hidden layers with the same number of neurons,
followed by an output layer that predicts the movement direction. We compare the two
approaches on primary networks with 16, 32,64, 128 and 256 neurons. The resulting models
have 315K ,544K,1.4M,4.7TM and 17.6M parameters respectively. We used 50 maps and
40% of the states at random as our training set. We used early stopping on a validation set
of 5 novel maps and 10% novel goals, with patience equal to 10. For evaluation we used 20
test maps and the remaining goals.

Figure 4.3 shows examples of generated policies represented by their reachability graphs.
Figures 4.3a and 4.3b show high-quality policies for known maps and known/unknown goals.
Figure 4.3c shows successful zero-shot policy generation for unknown maps and goals. Fi-
nally Figure 4.3d shows examples of policies that fail to correctly understand the structure
of the map, leaving whole rooms disconnected from the goal. However, these rooms are
disconnected due to only a few erroneous decisions. Fine-tuning the generated policies using
reinforcement learning based on a few episodes could potentially correct these errors.

We quantitatively compared HUPAs to the embedding alternative both in terms of ac-
curacy and reachability. As seen in Figure 4.4, HUPAs significantly outperform the baseline
in both metrics. The effect is more pronounced for more constrained primary networks,
with the embedding model approaching the performance of HUPAs as the parameter count
becomes significantly higher.

To evaluate the robustness of the HUPA approach, we varied the number of training
maps and goal states. We chose the 128 neuron model for our primary architecture. As
seen in Figure 4.5, the hypernetwork generalizes well even when the map/goal training set

is sparse. HUPAs consistently outperform the embedding model in all sparsity settings.
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+

(a) Known E - Known g (b) Known E - Unknown g

+

(c) High quality policies: Unknown E - Unknown g

(d) Low quality policies: Unknown F - Unknown g

Figure 4.3: Reachability Graph Examples: Examples of reachability graphs in policies
predicted by the HUPA model for unseen maps and goals. Walls are denoted by yellow, open
tiles by purple, while the red node marks the goal. Green nodes are states from which the
goal is reachable under the predicted policy. Blue nodes do not reach the goal. The failure

example in (d) (right) illustrates the importance of using reachability compared to accuracy.
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Figure 4.4: Generalization to Novel Maps and Goals: Performance of HUPAs on

novel maps and goal compared to the embedding approach: policy accuracy (left); goal

reachability (right).
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Figure 4.5: Robustness to Map and Goal Training Data Sparsity: Goal reachability

as a function of percentage of total possible goals (left) and maps (right) used for training.
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4.3 Future Research Directions

In this chapter I introduced HUPAs, a hypernetwork-based model for conditioning policy
functions to contextual information. I compared HUPAs to the traditional, embedding ap-
proach on a simple map-based navigation task. The results shows that HUPAs achieve > 80%
reachability for primary networks with > 64 neurons per primary hidden layer, significantly
outperforming the baseline. HUPAs are also more robust to sparse map/goal training data.
These results indicate that HUPAs are a much more suitable approach for conditioning policy
functions on context, especially in the presence of computational /communication constraints.

HUPAs provide a promising framework for computing hierarchical functions in general.
In this chapter I treated UPFs as functions that contain two nested levels of abstraction ;
there are various maps E and for each one of them various inputs s and g. An alternative
would be to treat the same function as containing three nested levels by conditioning first
on the map F, then on the goal g and finally on the current state s. Such functions of more
than two layers of abstraction can be represented by nested hypernetworks [19]. Suppose
we want to approximate a function fg, g, (x) where for each Fj there are many FE; settings
and for each one of those many potential inputs z. In the extended HUPA architecture for
approximating such a function, a hyper-hypernetwork H® would generate a hypernetwork
H® based on E,, which would then generate the primary network f based on the context
E; (see Figure 4.6). Example applications include modeling policy functions such as the
ones in the original HUPA setting, sub-classing classifiers based on the hierarchy of labels

and hierarchical generative models.



X=——p f —>y

H®

7

Figure 4.6: General HUPA paradigm for successive conditioning: Each conditioning

operation is performed via a hypernetwork.
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Chapter 5

CONCLUSIONS

In this thesis I investigated neural networks that generate other neural networks (hyper-
networks). These models dynamically modify their own connections to adapt to inputs with

different characteristics as opposed to traditional models that use a fixed set of parameters.

In Chapter 2 I presented Transformational Bilinear Sparse Coding (TBSC), a novel model
based on bilinear sparse coding that can learn features and their transformations conjointly
from unlabeled videos. We also introduced Dynamic Predictive Coding, a model that utilizes
multiplicative interactions to allow for more expressive transition dynamics between sparse
codes in video. TBSC uses a hypernetwork to allow feature groups to have independent pose
parameters while still sharing a common transformation model. A TBSC layer represents
its input as a set of feature groups, each with a sparse activation and a dense pose vector.

These groups resemble the capsules in [58, 31].

In Chapter 3 I introduced Active Predictive Coding Networks (APCNs) a hypernetwork-
based recurrent visual attention model. APCNs process images by sequentially obtaining
small image samples (glimpses), rather than receiving the whole image in parallel. APCNs
also split the task in a hierarchical manner by using neural sub-programs generated via
hypernetworks. I applied APCNs to reconstructing MNIST and affNIST digits, Fashion-
MNIST items and Omniglot characters. The results show that APCNs can learn intelligent
sampling strategies and reconstruct the input effectively. Their predictive coding aspect
allows them to predict unseen parts of an object.

In Chapter 4 I introduced Hyper-Universal Policy Approximators (HUPAs). HUPAs
utilize hypernetworks to generate policies that are conditioned on contextual input. I focused

on remote agents with limited computational capacity and access to a device on the cloud that
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hosts the contextual input. My results show that the hypernetwork architecture efficiently
generates navigation policies based on maps of different spaces, outperforming the embedding
alternative.

My findings indicate that the dynamic connection capacity offered by hypernetworks
can significantly enhance the capabilities of existing models (Chapter 2: Transformational
Bilinear Sparse Coding), allow for new types of hierarchical models (Chapter 3: Active
Predictive Coding Networks) and enable novel paradigms of computation for devices with
restricted computational capacity (Chapter 4 Hyper-Universal Policy Approximators).

One future research direction that I find very interesting is to stack multiple TBSC
layers into a hierarchy. The content and pose activations can be concatenated into different
channels and propagated to the level above (see Figure 2.2) since the representation is no
longer over-complete. Exploring the connections between the iterative inference used for
the sparse content code and the Expectation-Maximization procedure used in [31] is also
interesting.

Another promising future research direction would be to experiment with deeper APCNs
and larger images with more complex structure or to train APCNs to answer “visual ques-
tions” about a scene [08]. Another idea is to apply more sophisticated reinforcement learning
techniques to learning glimpse strategies instead of REINFORCE.

Finally a future research direction that I find most intriguing is to extend HUPAs to
nested functions of more levels, where each level has its own contextual input and generates
a hypernetwork for the layer below (see Figure 4.6). This successive conditioning of the
approximated function on contextual information at different levels of abstraction strongly
resembles object-oriented programming and could have interesting applications for Internet

of Things (IoT) devices.
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