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Structured data and structured problems are common in machine learning, and they appear in many
applications from computer vision, natural language understanding, information retrieval, computational
biology, and many more. Compared to unstructured problems, where the input data is represented as
a vector of independent feature values and output is a scalar prediction like a class label or regression
value, both the input and output for structured problems may be objects with internal structure, like
sequences, grids, trees or general graphs.

Effectively exploiting the structure in the problems can help build efficient prediction models that
significantly improve performance. The complexity of the structures requires expressive models that have
enough representation capabilities. However, increased model complexity usually leads to increased
inference complexity. A key challenge in building more expressive structured models is therefore to
balance the model complexity and inference complexity, and explore models that are both expressive
enough and have efficient inference.

In this thesis, I present our work in the direction of building more expressive structured models, from
developing more expressive structured output models, to semi-supervised learning of structured models,
and then structured neural network models.

The first technical part of the thesis describes a model that uses a new family of expressive high
order pattern potentials, for which we characterized the theoretical properties and developed efficient
inference and learning algorithms. Next we study semi-supervised learning algorithms for structured
prediction problems that can help improve prediction performance by using unlabeled data. Motivated
by our observation that standard structured models with iterative inference algorithms can be converted
to neural networks, we study in particular structured neural network models for structured problems,
and propose a new model that can handle prediction problems on graphs.

Discussions about promising future directions are presented at the end of each technical chapter as

well as at the end of the thesis.
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Chapter 1

Introduction

This thesis focuses on building expressive structured models. Many machine learning problems in a wide
range of applications have rich structures. These structures are inherent properties of data, and can be
utilized to build models that take such structures into account. Classical examples of such structures
include spatial structure in visual data and temporal structure in sequence data. A major part of the
work in this thesis is on structured output models [93] 161, 128], which are supervised learning models
that predict structured objects, rather than scalar values like discrete classification predictions, or real
valued regression predictions. In this thesis, the term structured models is also not limited to only
structured output models, but also includes structured input models, which model structured input
data and make a structured or unstructured prediction.

In general, the term structure is used to refer to the inherent relationship between input data entities
or output prediction entities. Structures exist in most problems and data, but some models make
assumptions that ignore these structures. Structured models, on the other hand, make use of these

structures to improve task performance.

1.1 Examples of Structured Data and Problems

We start by describing the unstructured problem setup, where no structure is considered in the input
and output. Then we move on to present a few examples of structured data and problems, to illustrate
some possible application scenarios and compare with the unstructured setup. The examples presented

here are by no means exhaustive, but selected to be representative.

The Unstructured Problem Setup For a long period of time, the most common machine learning
problem setup looked like this: the input data is represented as feature vectors x € R™, and the output
of a model is a scalar value y, either a regression score y € R or a classification decision y € {1, ..., K'}.
This setup can handle problems where both the input and the output are not structured. On the
input side, this setup separates feature extraction and learning, and the learning algorithm assumes that
each dimension of the extracted features is independent from each other; thus no structure in the input
space is considered by the model. On the output side, only scalar value predictions are made, therefore

many example problems presented below could not be handled in this setup.
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Input: The grand jury commented on a  number of other topics
Output: DT JJ NN VBD IN DT NN IN JJ

Figure 1.1: POS tagging problem example. Tag code: DT - determiner, JJ - adjective, NN - noun,
singular or mass, VBD - verb, past tense, IN - preposition, NNS - noun, plural. This example comes
from the Penn Treebank [115].

Output

Figure 1.2: Semantic image segmentation example. Label colors: black - background, cyan - motorbike,
magenta - person, grey - unlabelled. This example comes from the PASCAL VOC Challenge [37].

Sequence Prediction Sequence prediction is the task of predicting a sequence of outputs for a given
input. Such tasks are common in language understanding, as language data are naturally sequences of
words or tokens.

One classic example is the part-of-speech (POS) tagging task. In this task, the input data is a
sequence of words, and the output is a sequence of POS tags, one for each word in the input sequence.
One example input and output pair is illustrated in Fig.

In this problem, the input sequence is a structured object composed of a sequence of words, where
the combination of the words follow a rich set of structures, forming phrases and clauses and following
grammars. The output sequence is also structured, as the sequence of POS tags should be consistent
with the grammar of the language. Utilizing these structures can greatly improve performance of the
models developed for this task [93].

Another example of the sequence prediction task is language generation [I53] [74]. Here a sequence
of words, usually a sentence, is generated as output in response to some input, which can be another
sequence, as in question answering or conversation systems, or images as in image to text generation.
In this problem the input may sometimes be unstructured and represented by a feature vector, but the

output is still structured.

Semantic Image Segmentation Semantic image segmentation refers to the task of assigning a se-
mantic class label to every pixel in an image, effectively grouping pixels into segments belonging to
different semantic classes. The spatial arrangement of the pixels in an image is an important structure
in this problem. The input image has this spatial structure, as do the output labelings. One example
input-output pair is shown in Fig.

It is possible to treat this problem as an unstructured prediction problem, where feature vectors are
extracted for each pixel, and then a classifier is trained on top of the feature vectors to make predictions
for each pixel independently. However, incorporating the spatial structure into the prediction process

can result in significant improvement of performance.
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Other dense prediction tasks where one prediction has to be made for each pixel in an image, include
depth estimation and optical flow estimation. These problems share a very similar formulation as the
segmentation problem.

A large part of this thesis uses the segmentation problem as the target application, as the problem

is challenging and there are rich structures in the input and output.

Ranking Ranking is an example where the input data is only loosely structured, but the output is
structured [I08| [I§]. The input to a ranking system is a set of (query, document) pairs, usually each
represented as a feature vector, and there is no obvious structure between different documents. The
output is a ranking of all the documents for a given query, which has to put the documents in order
of descending relevance to the query. Usually, an error made at the top of the ranking is much more
undesirable than an error made at the bottom of the ranking. The structure of the output is therefore

very important.

Predictions on Structured Input Data There are also other examples that use structured input
data, and produce an unstructured prediction. Making use of the structure in input data, and developing
structured models for these problems is also the key to get good performance.

Image classification is one example that can be treated as an unstructured problem, by using feature
vectors and follow the common machine learning paradigm. However, making use of the spatial structure
of image data can greatly improve performance, as demonstrated by the rapid improvement of the state-
of-the-art on image classification by developing convolutional neural networks [87, [144] [56]. The key to
the success of these models is the use of the special convolution architecture designed for visual data.

Another example is predictions on graphs. In such problems the input data is a graph structure,
represented using graph nodes and edges, and the output maybe to classify if the graph contain some
special property. These problems occur naturally in examples such as the computational analysis of

molecule structure [34], reasoning with knowledge graphs [106], etc..

1.2 Structured Models

The straightforward approach to solving structured problems is to ignore the inherent structure and treat
the data as collections of independent individual pieces of information, and then reduce the problem to
well-studied classification or regression problems under the independent identically distributed (i.i.d.)
assumption. One classic approach following this idea is the “bag of words” model for modeling text
data, which completely ignores the word ordering in text, and simply uses word counts in a document
as its representation for machine learning tasks. While this model has some success in problems like
text classification, it is not adequate for even the simplest problems that require some understanding of
word ordering, not to say the more challenging language understanding tasks. This motivates the need
for developing structured models that can exploit the structures in data.

Structured output models have been proposed to model the structure in the outputs. One form of
these models defines a scoring function F'(x,y) for a pair of input x and output y, which is usually defined
in a way to exploit the structure in y, and then makes a prediction for a certain input x by optimizing
the scoring function to find the optimal output y* = argmax, F’ (x,¥). The structured SVM model

[161] follows this approach. Another form of structured output model tries to model the conditional
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distribution p(y|x) instead and makes predictions by doing probabilistic inference under this model.
The structure of y is reflected in the structure of the probability distribution, and usually represented
with probabilistic graphical models. The Conditional Random Field (CRF) [93] is such a probabilistic
model. These two approaches can also be unified, as the conditional distribution p(y|x) can usually be
defined via a scoring function through the Gibbs distribution p(y|x) = exp(F(x,y))/ >_,, exp(F(x,y")).

Structured input models on the other hand focus on learning good representations for structured
input data, rather than using hand engineered features. These models are usually neural network
models. Examples of such models include convolutional neural networks widely used in computer vision,
and recurrent neural networks for learning on sequential data. In this thesis, we also introduce graph
neural networks that can learn representations for abstract graph data. These models are developed to
efficiently exploit the structure in the input data, and can learn good representations for structured or
unstructured prediction tasks.

These structured models have achieved great success in the past, as can be seen from, for example,
the rise of convolutional neural networks in computer vision and also the popularity of graphical models
for representing structures and relations in data. The structured output and input models can also be
combined to work jointly, and do predictions from end to end. The neural network models can also be

used directly to predict structured output y from input x through a network that does the computation
y = F(x).

1.3 Challenges in Building Structured Models

Building expressive structured models has its own unique challenges.

The biggest challenge is the difficulty in inference, or the process of making a prediction, when
the model is complicated. Due to the structure in the output space, making a structured prediction
should consider all the correlations between different components of an output object. When such
correlations are high-order, i.e. involving many (more than 2) components, making the optimal prediction
becomes hard, as the possible number of types of interaction between components grows exponentially.
On the other hand, even for a model with only pairwise interactions between components, for most
problem instances the deterministic inference problem (finding the argmax of the scoring function) is
still intractable [14], and probabilistic inference can only be done approximately; the performance is not
guaranteed to be good; and sometimes an inference algorithm may even fail to converge to a solution.
The key challenge of building more expressive structured models is therefore to build models that can
better handle a larger class of structures, but at the same time allow efficient and accurate inference,
which is very challenging. This challenge is unique to structured prediction models, as in simpler tasks
like classification or regression there is no structure in the output space because only a single scalar value
is predicted.

The difficulty of inference can also cause trouble for learning, as learning a structured model usually
uses the inference algorithm as a subroutine. Since the inference is usually hard, and in most cases we
can only get approximate inference results, making sure the learning algorithm still works and gets the
right training signal is therefore very important. Learning algorithms should be compatible with the
inference algorithm used to make predictions.

Another challenge for learning expressive structured models is the requirement of large amounts of

structured training data. Obtaining such structured data, especially structured output labels, requires
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much more effort and expertise for labelling than unstructured data. Efficiently utilizing the structure
of data may alleviate the problem of requiring large training data set. Utilizing unlabelled data may
also help.

Structured models also share some challenges with other models. For example, when using a nonlinear
model like a neural network to model structured input data, or directly using one as prediction models,
training is a challenge because of the nonlinearity and nonconvexity of the model. The interpretability
of such models is also a challenge, as it is hard to explain why neural network models work the way they
do and practically the models that are more easily explained and understood are always more preferable

if everything else is equal.

1.4 Contributions

In this thesis, I present a collection of my work (done with my advisor and collaborators) with the theme

on building more expressive structured models. The contributions are summarized as follows:

e We discovered the equivalence between a powerful family of structured models based on the so-
called “pattern potentials” and restricted Boltzmann machines (RBMs). Then we developed a
new family of structured models with compositional high order pattern potentials (CHOPPs) that
unifies these two models, and developed efficient inference and learning algorithms for it. These
learned CHOPPs greatly expands the power of structured models and can model more expressive

structures in the output space than before. This part is presented in Chapter [3]

e We propose a method for doing semi-supervised learning for structured output models that can
efficiently utilize unlabelled data to improve supervised learning of such models. The key to
the success of semi-supervised learning methods is to control how the information from labelled
data can be propagated to unlabelled data. For structured output problems this is particularly
challenging as it is harder to model the interactions between examples because of the complex
structures in the input and output spaces. We developed the high-order regularization method
for modeling such interactions, and we found a connection between our proposed approach and
another popular approach for semi-supervised learning called posterior regularization. This part

is presented in Chapter [4]

e In Chapter [5] we show that many standard structured output models using an iterative inference
algorithm can be converted into a neural network model with a special structure, therefore using
neural network models in place of the more established structured output models is a viable
alternative for solving structured output problems. Further more, using neural network models
allows us to have full control of the computation process and therefore giving us a lot of freedom

to design good architectures without worrying about intractable inference.

e We propose a neural network model particularly designed for graph-structured data that can learn
representations of graph data, make structured or unstructured predictions on graphs, and even
make sequences of such predictions. This model achieves excellent performance on a range of

prediction problems on graphs. This part is presented in Chapter [0}
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1.4.1 Relationship to Published Work

All of the main technical chapters presented in this thesis have been peer-reviewed and published in
machine learning related conferences (Chapter [5|is based on a workshop paper at ICML, but was also

peer-reviewed). Below I list the related published papers by chapter:

Chapter Yujia Li, Daniel Tarlow and Richard Zemel. Exploring Compositional High Order Pattern
Potentials for Structured Output Learning. IEEE Conference on Computer Vision and Pattern
Recognition (CVPR), 2013.

Chapter [4} Yujia Li and Richard Zemel. High Order Regularization for Semi-Supervised Learning of
Structured Output Problems. International Conference on Machine Learning (ICML), 2014.

Chapter Yujia Li and Richard Zemel. Mean Field Networks. ICML workshop on Learning Tractable
Probabilistic Models, 2014.

Chapter [6; Yujia Li, Daniel Tarlow, Marc Brockschmidt and Richard Zemel. Gated Graph Sequence

Neural Networks. International Conference on Learning Representations (ICLR), 2016.

During my Ph.D. study, I have also worked on a few other directions that are only loosely related
to the thesis topic, and therefore not presented in the thesis, including: generative models [104], fair
and unbiased feature learning [103] [110], study of convolutional neural network receptive field properties

[111], and applications in wearable devices [105] and recommendation on social networks [31].

1.5 Structure of this Thesis

In the rest of this thesis, I present background and some related work in Chapter [2} and then present
the 4 main technical chapters, Chapters after which I conclude with a summary and discuss some

future research directions in Chapter



Chapter 2

Background

In this chapter, I present some important background for the main chapters of this thesis. I start with
notations and terminology; then discuss established structured output models, and related inference and
learning methods; next I introduce neural network models and describe a few models that can handle

structured input data.

2.1 Notations, Terminology and Standard Structured Output
Models

In supervised structured learning problems, we have an input domain X and an output domain ), where
both X and ) can be sets of structured objects. A structured model learns a mapping from X to ).
For structured output problems there are two popular classes of models: one based on scoring functions,

and the other one based on modeling the conditional distributions.

2.1.1 Scoring Function Based Models

In the standard structured output problem setup based on scoring functions, a model specifies a function
Fo(x,y) : X x Y+ R for each x € X and y € Y that measures the compatibility of the output y with
the input x. The model is parameterized with a parameter vector 8. A prediction is obtained by running

an inference algorithm that solves the optimization problem
y* = argmax Fy(x,y) (2.1)
y

for a given input x, which finds the optimal y* for that x. In this thesis, we use boldface letters to
represent vectors or structured objects in general, and use normal letters to represent scalar values,
scalar components of a vector or unstructured objects.

As a concrete example, consider the semantic image segmentation problem. The input domain
X = REXW contains all images || of size H x W, the output domain Y = {1,2,..., K }'>*W contains all

1For clarity, we assumed all images have the same size. But in general structured models do not require all inputs to have
the same size, and the presentation here do not rely on this assumption. The key is to make the model parameterization
not dependent on the size of the inputs or outputs. The presented formulation also only considers a single channel for the
input image, but extending it to color images is trivial, by extending the domain R to R3 for each pixel.
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segmentations that assign one of the K semantic class labels in {1,2, ..., K'} to each pixel in the image.
Both the input domain and the output domain have local structures where nearby pixels are likely to

have similar appearance and labelings.

A common scoring function for structured output problems is

Fo(x,y) = Zfi(me, 0.) + Z fij (i yj. %, 0p) (2:2)

.3

which decomposes the scoring function for a pair of (x,y) into terms that score each individual y;’s and
pairs of (y;,y;)’s. Here the first sum over ¢ goes over all components in an output object, and the second
sum over 4,j goes over all pairs of components (4,j) that has a connection in an output object. The
connection structure is defined by a graph (V, £), where each node i € V in the graph corresponds to one
component of the output object, and the edges (i, 7) € £ connect nodes that are correlated. The design
of this graph is problem dependent, and usually is made to efficiently exploit the inherent structure in
the problem. For semantic segmentation, the graph structure comes from the spatial locality in this
problem and is usually modeled as a grid, with each pixel being one node and edges connecting pixels

next to each other in the image in 4 or 8 directions.

Here the scoring functions for individual y;’s, fi(y:,x,0,), are called unary potentials, and scoring
functions for pairs f;;(vi,y;,%,0),) are called pairwise potentials. 6, and @, are components of the
parameter vector @ for unary and pairwise potentials respectively. The dependence on x and 6 will
be dropped in the potential functions wherever possible if it is not ambiguous, and we use f;(y;) and

fij(yi,y;) to represent unary and pairwise potentials.

The number of variables involved in a potential function is called the order of the potential function.
In general the term order measures the number of variables involved in some interaction. The example
scoring function in Eq. only considers up to second order potential functions and it is therefore
limited to only modeling second order interactions between variables. To increase the expressiveness
of the model, we can extend the scoring function to include high order potentials, which are scoring
functions on sets of three or more variables. However, using high order potentials presents some special

challenges for inference and learning, as we will see later in the following chapters.

2.1.2 Probabilistic Models

Probabilistic models use a conditional distribution pg(y|x) to model the input to output mapping.
Note that this distribution is parameterized by @, but in this section we make the dependence on 6
implicit for clarity. Unlike the scoring function based approaches, modeling conditional distributions
also provides some uncertainty measure, which can be useful in many applications. The structure of
the outputs can be exploited and modeled through the structure of the distribution. The study of such
structured distributions is the focus of research in the area of probabilistic graphical models [I70, [78],
as the structure of the distributions is usually specified through graphs. There are two main types of
probabilistic models, directed models and undirected models. We describe the formulations for these
two models on modeling the conditional distribution p(y|x), to be consistent with the presentation of
conditional models. But we note that these two types of models can also be used to model arbitrary

distribution p(y) in general, by simply dropping the dependence on x.
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Directed models specify the distribution p(y|x) through the chain rule

n

p(y|x) = p(ya, [x) [[ p(ya.
=2

in/<iAi/7X)a (23)

where A; are subsets of the component indices of y, y 4 restricts y to a subset of components indexed
by A, A;N Ay = & for all i # i/, and U | A; covers all the components of y. To fully define this
distribution, each component distribution p(y,[x) and p(ya,|yu, _,,X) are modeled using parametric
family of distributions or as probability tables. This model is called a directed model because through
the definition of this distribution a certain ordering of the components A; must be specified, and the
dependency structure can be represented as a directed graph.

The structure of the output space is modeled by the structure of the distribution. Such structures are
defined through the conditional independence properties of the distribution. Two subsets of components
iny, ya and yp, are said to be independent conditioned on a third set y¢, if p(ya,yBlyc,x) =
p(yalye,x)p(yslyc,x) holds for all x and any instantiation of y 4,y and y¢ for the fixed sets A, B, C.
This conditional independence property implies that the subsets of components indexed by A and B
can only interact through components indexed by C. If such structures exist in a problem, then it is
convenient to model these structures using the conditional independence properties.

The conditional independence property definition is also equivalent to p(yaly s, yc,x) = p(yalyc, x).
Therefore specifying the conditional independence properties is equivalent to simplifying the components

in the joint distribution definition, by leaving out parts in the conditions for each component.

Undirected models specify the distribution p(y|x) through a set of factors
1
pylx) = - [Tvclye ). (2.4)
c

(C’s are sets of indices, or sets of nodes as in a graphical representation; they are usually also called
cliques. Yo (yo,x) > 0 are functions defined on subsets y¢ of y, called factors. These factors are usually

parameterized by some parameter vector. The normalizing constant
zZ=> T[veclye.x) (2.5)
y C

is also called the partition function. There are no particular node orderings in undirected models.
Undirected models are also called Markov Random Fields (MRFs) in general, when used to model
conditional distributions as in this thesis, they are called Conditional Random Fields (CRFs) [93].

It is common to use a factor graph [88] to represent undirected models. An example factor graph is
shown in Fig. In factor graphs, circle nodes corresponds to variables, and squared nodes correspond
to factors, each node is connected to the factors it is involved in. Note that each node can involve in
multiple different factors. The factor graph representation makes it easy to see the structure of the model
and provides a convenient representation for developing message passing algorithms used for inference,
which will be discussed later.

Undirected models can also model conditional independence properties. The definition of conditional
independence is the same as in directed models, and these properties can be inferred clearly from the

factor graph representation. More specifically, it can be shown that in a factor graph, if all paths from
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Figure 2.1: Factor graph example for distribution p(y1,v2,9s,y4,¥ys/x) o< ©1(y1,x)¥12(Y1, y2,X)
P23(Y2, Y3, X)12345 (Y2, Y3, Y4, Ys, X).

any node in set y 4 to any node in set yp pass through at least one node in set y¢, then y 4 and yp are

conditionally independent given yc.

The discussion of structured probabilistic models in this thesis focuses on undirected models.

2.1.3 Connection between Scoring Function Models and Probabilistic Mod-

els

Models based on scoring functions can be naturally converted into undirected probabilistic models via
the Gibbs distribution definition

Plylx) =  ep(F(y, %)) (26)

where Z = 3 exp(F(y,x)).
Alternatively, the factors ¢ in an undirected probabilistic model can be defined via potential func-
tions fo as
Ye(ye,x) = exp(fe(ye,x)). (2.7)

Therefore the distribution specified by an undirected model can be equivalently rewritten as

plylx) = %Hd)c(}’ax) = %GXP <Z fc(}’c,x)> ; (2.8)
c c

which implies a scoring function
Fy,x) =Y folye, ). (2.9)
c
Because of this connection, undirected models are usually also defined through scoring functions.
Factor graphs can also be used to represent the structure of scoring functions. Essentially undirected
models and scoring function based models are the same family of models, and a lot of the discussion of
them can be unified by studying different operations on the scoring functions. The only difference is that

sometimes the probabilistic interpretation can provide extra benefits with respect to model uncertainty.

2.2 Defining the Scoring Functions

Defining the scoring function Fp(x,y) is problem dependent. For a long period of time log-linear models

where
Fo(x,y) = 0" o(x,y) (2.10)
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is the dominant model for structured output learning. In such models, the F' function is a linear function
of parameters 0, and ¢(x,y) is a set of fixed joint feature functions defined on X x Y, which can be
nonlinear in x and y.

For pairwise scoring functions as in Eq. [2.2] a common choice for the unary potentials is to use a
classifier which specifies the preferences for a particular y; independent of all other y;/’s. The pairwise
potentials are usually functions that measure how compatible two nearby labels are to each other. For
semantic segmentation problems, the Potts model [134] [13] for pairwise potentials is popular, which is
defined as

fii Wir y5,%,0p) = 0p0i5(yi, 5, x) = —0pwij (x)Iy; = ;] (2.11)

Here w;;(x) measures how similar pixel ¢ and pixel j are based on appearance in x, and 6, is simply a
weighting parameter for the pairwise term.

Nonlinear models like neural networks can also be used as the scoring function. In such models
the function F' is a nonlinear function of 8. The nonlinearity causes troubles for training, but basic
techniques like gradient-based optimization can still be used for training.

In practice, the feature functions in log-linear models can also be nonlinear models, for example unary
potentials modeled with neural networks. But in log-linear models such feature functions are trained
offline and then fixed, separate from the process of learning 6. The nonlinear model perspective jointly
learns all the parameters in the model, and therefore can achieve significant performance improvement
[101}, 25].

2.3 Inference

Inference in structured output models is the process of finding a proper y as the output prediction for
an input x under a given model with parameters 0 fixed. The maximum-a-posteriori (MAP) inference
problem finds the optimal y* = argmax,, F’ (x,y) for a given x, this is equivalent to finding the y that has
the highest posterior probability under probabilistic models for p(y|x). Besides MAP inference, it is also
possible to do probabilistic inference for probabilistic models that can provide some extra uncertainty

measure beyond the MAP solution.

2.3.1 MAP Inference

MAP inference finds the y* that maximizes the scoring function. This is usually a combinatorial op-
timization problem for discrete output space. All the problems considered in this thesis fall into this
category, we only touch very lightly on continuous output space or mixed output space in this thesis,
the study of these cases is beyond the scope of this thesis.

In unstructured learning problems, making predictions is usually a trivial process after the model is
learned. For classification problems, we only need to enumerate all the classes and check which one has
the highest score. For regression problems, the output of the model is the thing being computed.

The inference problem in structured learning problems is one of the important aspects that distinguish
them from unstructured learning problems. Due to the complexity of the output domain, enumerating
all possible output objects in the domain is usually intractable. In the image segmentation task, for
example, the size of the output domain is exponential in the number of pixels in an image, therefore

enumeration is intractable even for the tiniest images with a few hundreds of pixels. This makes the
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inference an especially challenging problem for structured output models.

Efficiently solving the inference problem for arbitrary scoring functions and output domains is in
general intractable. However, for certain special classes of scoring functions and output domains, efficient

inference algorithms can be developed by exploiting the structure of the scoring functions.

Chain models are one of the simplest family of tractable models. The scoring function in a chain

model has the following form

T
F( fl Y1 +Z fz 1,2 yz 1ayz)+fz(y;)]- (212)
=2

Here we ignored the dependence on x and 6 from the scoring functions for convenience, but in practice
all the potentials may dependent on x and 6. This model contains unary and pairwise potentials, and
all the variables connect to each other through a chain where y; is connected to y;—1 and y; 1. T is the

number of variables in y.

The optimal y* and the maximum score achievable can be computed through dynamic programming

for this model. The key is to use auxiliary functions

t
m(ye) = max fi(y )+ > imriio1 i) + fiwi)] (2.13)
=2

which can be computed efficiently through the recurrence

i (Ye)

max {fl (1) + z_: [fim1i(i—1, wi) + fily)] + fe—1.e(We—1,52) + ft(yt)}

Tit—
Yi:it—1 i

t—2
= ft(yt)+r£aX{ft1,t(yt1,yt)+ max | fi(y1) + Y [fi1i(vi- 1,yz)+fz(yz)]”
Yt—1 Yi:t—2 i—2

= [filye) + Iyrfwli (fe—1.e(ye—1,9t) + mu—1(ye—1)] - (2.14)

Once these auxiliary functions are computed, the maximum score can be computed easily as max, F(y) =
max, mr(y). The optimal solution y* can be recovered by tracing back the optimal sequence of y from
the very end. The computational complexity of this process is only polynomial in T. Exploiting the
chain structure and utilizing the factorization of the scoring function (the second and third line of
the derivation of the recurrence) is the key to reducing the complexity of the inference problem. This
dynamic programming approach can also be extended to tree-structured models. The auxiliary functions
m so derived are called messages. Such algorithms that passes some message functions on a graphical
model is in general called message passing algorithms, and are widely used for both MAP inference and

probabilistic inference described later.

Pairwise models with submodular pairwise potentials are another important family of models
with tractable MAP inference solutions. These models are also pairwise models but are not restricted

to the chain or tree structures. In particular, in a pairwise model, if the output domain ) = {0, 1} is
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a set of binary labelings, and the pairwise potentials satisfy the constraint that

fiiWiy) =0 & yi=y; (2.15)
fii(iy;)) <0 (2.16)

for any 4,5 and y;,y;, then maximizing the scoring function can be converted into an equivalent
maximum-flow / minimum-cut problem [I3], which has efficient polynomial time algorithms.

This class of scoring functions favor neighboring output components to take the same label, which
in many cases is a good prior. Pairwise potentials satisfying these constraints are a special case of the
class of submodular pairwise potentials. Efficient inference algorithms exist for many submodular scoring
functions [85].

However, in most cases, efficiently finding the exact optimal y* that maximizes the scoring function
even for a pairwise model is still intractable and in many cases provably hard [13], therefore we have to
live with approximate solutions. In [13], a graph-cut based move-making algorithm is proposed to find
approximate solutions when ) = {1,2, ..., K}V is not limited to a set of binary labelings. The algorithm
is efficient and has been the driving force behind the progress in semantic segmentation research for a
long time [76, [44] 20, 21].

High order models with cardinality potentials are an example of tractable models with high
order potentials. A cardinality potential [5I] on a set of binary variables y € {0,1}" is defined as
a function of the number of y;’s being 1, feara (3_; ¥i). Here the function fecarqa can be any arbitrary
function defined on integers. Cardinality potentials can therefore be used to specify the desired amount
of each type labels in a typical output.

The MAP inference problem for a model with unary potentials and a cardinality potential can be

solved efficiently through sorting. To see this, we can first convert the scoring function into the following

Fy) = Zfi(yi) + feard <Z yz> = Zyz [fi(1) = fi(0)] + feara (Z%) + Zfi(o)- (2.17)

Here ), fi(0) = C is a constant and therefore irrelevant for inference. The first sum is a sum of
fi(1) — £i(0) terms for y;’s being 1. To find the maximum score, we can (1) sort the f;(1) — f;(0) terms
in descending order; and then (2) for each n from 0 to N, compute the sum of the top n entries of
the sorted terms plus feara(n) + C to get the score for n output variables being 1; then (3) choose the
maximum score among all n + 1 scores computed in (2) and recover the optimal assignment y*.

A lot of research has gone into developing tractable high order potentials and these models have
achieved notable success in computer vision problems [511, 158 [76]. Without exploiting the structure, it

is in general intractable to do MAP inference for high order models.

Decomposition methods can be applied when a scoring function is hard to optimize, but it can be
decomposed into parts that are easier to optimize individually.

Consider a structured output y, assume two subsets y4 and yp cover all the components in y, A
and B are arbitrary subsets of component indices. Suppose the scoring function can be decomposed into
two parts

F(y) = Fa(ya) + Fp(yn), (2.18)
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and the optimization problem argmax, F(y) is hard, but both subproblems argmaxy, Fa(ya) and
argmaxy  Fp(yp) can be solved efficiently. Further more, let U = A\ B,V = B\ A, and W = AN B,
then UNW =g, VNW=g, A=UUW and B=V UW.

When the set yy is small (not expensive to be enumerated), we can use primal decomposition and

solve the MAP inference problem as follows,

m;lXF(Y) = max [Falyv,yw) + Fe(yv,yw)]
= max max Fa(yy,yw)+ max Fg(yv,yw)| - (2.19)
yw yu yv

Here the two inner optimization problems can be solved independently and efficiently for a fixed yw,
and the outer optimization can be done by enumeration.
In most cases, enumerating yy is infeasible, and we can instead use dual decomposition, which

converts the original problem into a constrained optimization problem

max Falyv,yw) + Fe(yv,yw)
YUYV YW Yy
s.t. YW =Yw (2.20)
The dual problem is
min g(Aw) = min{ max [FA(YUaYW) + A%yw] + max [FB(yv,yw) - A%yw} } (2.21)
Aw Aw | Yu.yw Yv,yw

Here the Ay ’s are the Lagrangian multipliers. For each Ay, the dual objective g(Aw ) provides an upper
bound on the primal optimum, solving the dual problem therefore finds the tightest upper bound.

In the dual problem, the two inner subproblems

Jmax | Fa(yv,yw) + Agvyw} and  max [FB(YV7 yw) — Agvyw} (2.22)
can both be solved efficiently, as the two )\%yw terms are both unary potentials and do not change the
structure of the subproblems.

The outer optimization in the dual problem is a continuous and convex optimization problem, and
can be solved by, for example, gradient descent. When the optimal solution to two subproblems agree on
the value of yy, the dual objective equals the primal objective which guarantees that the optimal y for
the dual problem is also primal optimal [I48]. When the agreement cannot be reached, some heuristics
can be used to recover an approximate solution.

These dual decomposition techniques can be further generalized to handle inference on more general

models, and be used to develop message passing algorithms [82], [T47] 42].

Challenges The types of models with tractable MAP solutions are still quite limited. As mentioned
earlier, even for a model with only pairwise potentials, in most cases the MAP inference problem is
intractable, and provably hard. On the other hand, approximate solutions may be obtained efficiently.
Examples of these approximate solutions include the graph-cut based move-making algorithm for infer-
ence in pairwise models, and the beam-search algorithm widely used for language-related tasks.

Overall, MAP inference for structured output models is a very hard problem. The intractable in-
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ference in many cases is holding back the potential for these structured output models. Developing
expressive structured models therefore requires careful balance between model complexity and inference

complexity.

2.3.2 Probabilistic Inference

For probabilistic models, it is also possible to do probabilistic inference, which provides some uncertainty

measure in addition to the single MAP solution found by MAP inference.

Marginal inference computes the marginal distribution for subsets of y. For a certain set of compo-

nents y¢, the marginal distribution is defined as

>y o F)

plyclx) = ZP ylx) = m,

(2.23)

where —C' is the set of indices of all components not in y¢, and here we again omitted the dependence on
x and 0@ from the scoring functions. Such marginal distributions are useful for studying the predictions
for subsets of outputs, and are used in learning probabilistic models.

The marginal distributions are in general intractable to compute, as both sums in the denominator
and numerator are computed across exponentially many terms. In some special cases, for example in a
chain model or tree model, however, the marginal distributions can be computed exactly via a dynamic
programming process similar to the one used for MAP inference presented in Section [2 The whole
process can be derived for marginal inference by replacing the max with >, add with multiplication,
and log-domain additive potential functions with multiplicative factors. For some graphical models that
are close to a tree but contain loops, it may be possible to use a similar junction tree algorithm [05] for
inference.

In many cases marginal inference is harder than MAP inference. For example, the submodular
pairwise potential model has tractable MAP inference via graph-cuts, but computing the marginal
distribution is #P- complete [66].

The most popular marginal inference approximation method is the wvariational inference method
[9, 179 I7T, 82, 170, 147, [42]. In variational inference, an approximate and structurally simpler dis-
tribution ¢ is optimized to approximate the true distribution p(y|x) as close as possible. The simplest
variational inference method is the mean field algorithm, which assumes a fully factorial approximate
distribution ¢(y) = [, ¢:(y:). These approximate ¢ distributions are obtained to minimize the KL-
divergence KL(q/||p)

L(gllp) = _ a(y)log ) (2.24)

" p(y]x)

For a fully factorial ¢ distribution, and an undirected model defined through scoring functions p(y|x) =

% exp(D_o fo(yce)), the KL-divergence can be further simplified to

L(qllp) = ZZ q(yi)loga(y:) — > > alye)felye) + (2.25)

} C yc

where q(yc) = [[,cc @i(yi). Here all the sums are over subsets of y, and are a lot easier to compute than

the sum over all possible y’s, as the space of y¢ is a lot smaller than the space of y. This KL-divergence
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can be minimized with respect to ¢ through iteratively applying coordinate descent style updates, where
in each step one ¢; component is updated while all the other ¢;, j # 4 are fixed. For the pairwise scoring

function in Eq. 2:2] these coordinate descent updates are given by

gi(yi) ocexp | filw) + D Y aiwi) fiwious) | - (2.26)

J:(i,5)€E Yj

Using better approximations that keep more structures, rather than making the fully factorial as-
sumption, it is possible to develop better inference algorithms, like loopy belief propagation [I79], and
tree-reweighted message passing [T} [79].

In loopy belief propagation, for example, the following messages are computed for each node ¢ and

factor 1) associated with clique C"

Mispe (i) = I mwe—iw) (2.27)
ClieC!,C'£C

myosi(yi) = Y, volye) [ misue ). (2.28)
Yo\ (it i €0t #i

The marginal distributions are then computed as

aye) « delye) [ mue—il) (2.29)
i,C14eC,C1£AC
a(y) o< J[ muci(w) (2.30)
CueC

These iterative updates can be derived from generalizations of the dynamic programming algorithm used
for chain and tree graphs, but can also be derived in different ways [179, 170} 82] 147, [42].

Sampling is another popular approach for doing probabilistic inference. It uses a set of samples from
p(y|x) to represent the distribution, and do various computations, for example computing expectations,
using the samples. A good review of using sampling methods for probabilistic inference can be found in
[124].

A lot of sampling methods are based on Markov chain Monte Carlo. Instead of directly generating
samples from a distribution, these methods start from an initial sample, which may not be from the
desired distribution, and then iteratively and stochastically transitions it through a Markov chain. In
general, for a distribution p(y) (which can be the conditioned on x, but here we present the more general

case), the transition process from step ¢ to step t 4+ 1 is modeled through a transition distribution
Ty, y") = p(y*Vy") (2.31)

The transition distribution T" does not depend on ¢, and such a Markov chain is called to be homogeneous.
It is shown that, if the transition process leaves a distribution p*(y) invariant, i.e. transforming p* using

T gets back the same p*, or mathematically

S Ty, y)p*(y) =p*(y") (2.32)
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for any y’, then under mild conditions, iteratively applying the transition process to a distribution p(y)
will make it converge to the distribution p*(y) [124]. On a more operational level, starting with an initial
sample from an arbitrary distribution, and then iteratively applying the transition process and convert
the sample from y® to y**+1 according to the transition distribution, after a number of iterations the

y will be a sample from the target distribution p*(y).

A usually used sufficient condition for p*(y) being invariant under T is the detailed balance property

Ty, y)r*(y) =Ty, y)*(y'), v,y (2.33)

It is easy to see that if p* satisfies the detailed balance then it will be invariant under T

The application of Markov chain Monte Carlo methods relies on a good transition distribution 7. The
Metropolis-Hastings algorithm [IT7, 53] provides a general mechanism to design transition distributions.
In this algorithm, a proposal distribution ¢(y’|y) is used to propose moves from y to a new state y’.
Unlike the transition distribution 7', the proposal distribution does not have to satisfy detailed balance
or have p* invariant under it, which gives us a lot more flexibility for designing good ¢’s. To guarantee

the correctness of the algorithm, the proposal is accepted with probability

' o) = mind 1. 2 aly")
A'y) = {1’ p*(y)q(y’ly)} (2.34)

The full transition distribution is therefore

Ty) - { A Y)a(y'ly). y#y (2.35)

ayly) + 22,1 = A¥.¥)a@Fly), y=V

With the acceptance probability defined above, we can show that the transition distribution satisfies the

detailed balance. For y = y’, the detailed balance holds trivially; for y # y’, we have

T(y',y)p*(y) = AWy, y)a(y'ly)p"(y) = min {p*(y)q(y'ly), " (¥)a(yly")} = T(y,y)p*(y') (2.36)

Therefore Metropolis-Hastings algorithm is a valid Markov chain Monte Carlo sampling algorithm.

A special case of the Metropolis-Hastings algorithm is the Gibbs sampling [41] algorithm. In Gibbs
sampling, a new y’ is proposed by first choosing an arbitrary index i, and then changing y; to y;
with probability p*(y.|y—.), where y_; is the set of all components in y except y;. Therefore after the

transition
yi =y, Vi#i, and g~ p*(yily—i). (2.37)

The acceptance probability is then

—~

Aly',y)

{1 £} Pl )

mln{l piy ) (yi} 1 (2.38)

y)r*(yily

/\

—~|—

So using this special transition process, the proposals will always be accepted. In practice when applying
Gibbs sampling, we loop over all #’s and update y; to y; conditioned on all other y_; iteratively. This is

equivalent to chaining a serious of such transition steps, one for each ¢, and each of them satisfy detailed
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balance, which implies the whole process still maintains p* as the invariant distribution [9].

In structured models, if conditional independence property p(y;, y;|y—i;) = p(¥ily—i;)p(y;]y—i;) holds
for y; and y;, then the Gibbs steps for updating y; and y; can be done in parallel as they do not depend
on each other. Using this property it is possible to speed up the sampling process by dividing the set
of components in y into groups, and when updating each group all components inside it is updated
together at once conditioned on other groups. This is called the block Gibbs sampling method. This
grouping speeds up sampling because of the parallelization.

Once a set of samples is obtained, computation on the distribution p(y|x) can usually be done by

computing sample statistics.

Challenges Probabilistic inference is also very challenging. As discussed above, marginal inference
is in many cases even harder than MAP inference. Variational inference always makes simplifying
assumptions about the approximate distribution, and the quality of the approximations can be far from
satisfactory.

Sampling methods are appealing because asymptotically we are guaranteed to get exact samples from
the target distribution. However, getting to that stage may take infeasibly many steps. Additionally,
sampling methods are stochastic, bad designs of sampling process may lead to results with high variance,

which is undesirable.

2.3.3 Separation of Modeling and Inference

Overall, inference for structured output models is a very hard problem. The tradeoff between the
expressive power of a model and the complexity of inference should be always considered carefully when
designing new models.

The separation of modeling and inference is a key feature of this approach, where modeling is the
process that specifies what a desirable prediction looks like, and inference is the process that finds the
most desirable prediction. This separation is convenient for developing and adopting new models, but
may also be too strict for developing efficient models. The alternative approach that combines modeling
and inference, and turns structured models into an inference pipeline, may promise more efficient models

with more expressive power.

2.4 Learning

Learning is the process of estimating model parameters 8 based on a training set. In most cases learning
0 is done by optimizing some objective function, which measures how good the model fits the training
data. The task loss which is used to evaluate how well the model predictions match the ground truth
provides a natural objective, but these task losses are usually complicated and even non-differentiable
for structured discrete output objects, making optimization challenging. The Hamming loss A(y,y’)
which counts the number of components in y different from that of y’ is one such example of non-
differentiable task losses. Another example of a more challenging task loss is the Intersection over Union
(IoU) score [37] used for evaluating segmentations. Therefore surrogate losses that have nicer properties
like differentiability are usually used in place of task losses. When these surrogate losses are reduced,
the task losses are usually also reduced as a result, therefore minimizing surrogate losses can provide

meaningful training signals for the model.
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There are two major frameworks for learning structured output models: Structured Support Vector
Machines (SSVMs) [161], [159] [162] and Conditional Random Fields (CRFs) [93]. SSVMs optimize the
structured hinge loss, suitable for a purely scoring function based model, and CRFs optimize the negative

conditional log-likelihood for a probabilistic model.

In Structured SVMs, the following objective function is minimized

qnJ@z§WP+§Z{@wwﬂm+me»%w&wﬁ7 (2.39)

n

where {(x",y")})_, are example input-output pairs in the training set, A(y,y*) is the task loss which
measures how far the prediction y is from the ground truth y*, and %||¢9||2 is a regularizer with weight

C.

The loss function
((x,y,0) = max [Fo(x,y') + Aly',y)] — Fo(x,y) (2.40)

is the structured hinge loss. This loss function is minimized when for each pair of ground truth (x,y),
all other y’ # y has a score Fy(x,y’) lower than Fy(x,y) by at least A(y’,y), and hence Fp(x,y) is
higher than all other Fy(x,y’) as desired. It can be shown that the structured hinge loss upper bounds
the true task loss that we will get when using the model with parameter 8 for prediction. Optimizing

the structured hinge loss is thus a proper surrogate loss for the task loss.

Training in SSVMs can be done by subgradient descent, the gradient of the objective with respect
to 0 is

aJ 1 aF n n*x aF n n
where
y"" = argmax [F(x",y) + Ay, y")]- (2.42)
y

This optimization problem over y is very similar to the inference problem where we find y* = argmax,, Fp (%x,¥),
the only difference being that the task loss A is added to F' for inference. Therefore this problem is also

called the loss-augmented inference problem.

For a Hamming loss A(y,y"), the loss itself can be decomposed as a sum A(y,y"™) = >, Iy; # y}'],
where I[.] is the indicator function that equals 1 if the condition is true and 0 otherwise. When adding
such a loss to the F' function, it is equivalent to changing the unary potentials, therefore the loss-
augmented inference can be solved with the same inference algorithm as used for the standard inference

problem.

In general, the loss-augmented inference problem is only solvable when the loss A(y,y’) has some
special structures, like decompositionality. In such cases, A is equivalent to an additional potential
function, or a sum of potential functions, and the same class of inference algorithms can be used to solve
the loss-augmented inference problem. In some cases, by exploiting the structure of the losses, high

order loss functions that are not decomposable may also be optimized [I57].

Conditional Random Fields optimizes the negative log-likelihood objective

_¢

1
: 2 - N |1
wgn J0) = G0 = 3 ogpaly" ") (2.43)
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where the distribution pg is defined using Fg(x,y) as

exp(Fo(x,y))

pe(y|x) = . 2.44
) >y exp(Fo(x,y")) 24)
Again regularizers can be properly added to the objective function.
The gradients of this objective function can be computed as
aJ 1 oF , . oF, . .
% =C0 + N Z {Epe(y|x") |:(90(X 7Y):| - %(X Y )} ) (245)

where Ep, (y|xn)[.] is an expectation under the conditional distribution pe(y|x™) given by the current
model. Once this gradient is computed, we can use various optimization techniques, e.g. gradient

descent, to learn the optimal 6.

The challenge of this approach lies in estimating the expectation term. Since

or ., W OF
Epo (ylxm) [(%(X ,y)] => pelylx )59 X">Y); (2.46)
Yy

computing the expectation by summing over y is hard, as y usually lives in an exponentially large
space. For models with structure however, this expectation may be simplified. For example for the
pairwise scoring function given in Eq. [2.2] the expectation decomposes into expectations under marginal

distributions over individual y;’s and pairs of (y;,y;)’s

oF . af; n Ofi; n
Epe (ylxm) [50<X ,y)] = Z]Epe(inX”) [aewi’x >} +2Eps(yiyyjlx7‘) [aaj(yivyﬁx )] . (2.47)

i 4,3

Here the expectations over marginal distributions are over either a single variable or a pair of vari-
ables, therefore computing the sum becomes easier. The probabilistic inference methods proposed in
the previous section can be used to compute these expectations. Variational inference approximates
the original distribution with factorized distributions, and compute approximate marginals. These ap-
proximate marginals can be used to compute the expectations. Sampling methods, on the other hand,
generates samples from the model distribution, and computes the expectations by averaging across a set

of samples.

Task loss can be incorporated in CRFs to make the training adaptive to the actual loss. This can be

done by changing the conditional distribution in CRFs to

exp(Fo(x,9) + AF.y))
yexp(Fo(x.y') + Aly'.y))’

pe(¥lx,y) = (2.48)
>

Further, in [54], it was shown that CRFs with such loss-augmented formulation can be unified with the

SSVMs in a single framework, with a temperature parameter e that controls the smoothness of the loss.

The CRF formulation is obtained as a special case of ¢ = 1 and the SSVM formulation corresponds to
e=0.

For the special case of log-linear models, both the SSVM and CRF gradients can be simplified a little
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bit:
ssvm: 22— coi L > [p(x"y™) — d(x",y")] (2:49)
. 69 - N — Y Y '
CRF - oJ — o 1 Z E n non 2.50
00 + N - { Pe(}’|x")[¢(x Y] - o(x"y )} (2:50)

Furthermore, the SSVM objective Eq. and the CRF objective Eq. are both convex in 6 for
log-linear models. Global minimum of the training objectives can therefore be found with (sub)gradient
descent and other proper optimization methods.

Overall, learning in structured output models is an even harder task than inference, as inference,
either the discrete optimization in loss-augmented inference for SSVMs or the probabilistic inference in
CRFs, is usually called as a subroutine in learning. The approximations made in the inference algorithms
may negatively affect the learning process. Thinking about the inference and learning problems together
can lead to overall better models [169] [89, 150}, B2 [33].

2.5 Neural Network Models

Neural networks are a general class of models for computing a mapping from inputs to outputs. Math-
ematically speaking, a neural network model that maps an input x € X to an output y € ) can be
formulated as

y = Fo(x), (2.51)

where F' is a usually nonlinear function of x, parameterized by 8. Common neural networks consist
of layers of computations. The results of the computation at layer [, h! € R, is computed from the
previous layer h!~! as

h! = f;(h!~1, 0. (2.52)

0! is the parameters associated with the Ith layer, and f; is a transformation function. Each dimension

of h! is sometimes called a unit on layer I. Typical transformation functions have the form of
fi(h',8") = o (W'h' + b') (2.53)

where W € RH:*Hi—1 and b! € Rt are parameters, i.e. 8 = vec([W', b']) where vec(.) vectorizes the
parameters, and o is an element-wise and usually nonlinear activation function. Typical choices for o
L e —c__ and the rectified

include the logistic sigmoid function o(x) = ——, the tanh function o(x) = 2_:
linear (ReLU) function o(z) = max{0,z}. As a convention, we have h® = x and h’ = y with x and y

1+e e+

properly vectorized for a network with L layers, Fg is therefore defined as
Fo(x) = fr(fo1(--- fi(x,0")--- 871, 0%) (2.54)

Networks with this formulation is called feed-forward and fully-connected networks. The term feed-
forward refers to not having recurrent connections which loop back to lower layers from higher layers
in the model, and the term fully-connected means that all components in one layer is connected to all
components in the next. Adding recurrent connections and using sparse connection structures are ways

to adapt neural networks to structured domains.
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Neural networks can be trained with gradient-based optimization methods to optimize a particular
objective function. The gradient of the objective function with respect to the network parameters can

be obtained via the chain rule using the backpropagation algorithm [139].

Neural networks can be used in various ways to solve structured problems. In the standard structured
output learning model, neural networks can be used to model the potential functions as mentioned in
Section In this section, however, we discuss the neural network models as an alternative to the

standard structured output learning models.

In the formulation of standard structured output models outlined in Section 2.1} the structured model
is defined via the scoring function Fp(x,y), while the prediction is done by an inference algorithm that

optimizes the scoring function with respect to y, i.e. y*

= argmaxy, Fp(X,y), or runs probabilistic
inference on pg(y|x), which uses Fp in an indirect way. Here, neural networks can instead model the
prediction process directly through the network function y = Fp(x). When predicting discrete output
objects, the output y is usually processed via a simple procedure, like taking argmax for each group of
values in y, rather than computed from a more complicated optimization process in standard structured

output learning.

There are a number of potential benefits of directly modeling the prediction function y = Fy(x):
(1) inference is easy, as making a prediction only requires a single function evaluation, which is by
construction easy to do; (2) learning does not require an intractable inference procedure as a subroutine,
therefore we are guaranteed to be able to compute the correct gradient efficiently; (3) more room for
designing more expressive models, as we are not limited to using models with certain constraints because

inference is easy.

The main challenge for using neural networks for structured problems is that, such problems involve
structured input data and structured output objects, but standard neural networks can not readily deal
with them as they require input and outputs to live in R™. Developing structured neural network models

that can properly represent and exploit the structures in data is an answer to this challenge.

Recurrent neural networks (RNNs) [I74], 63] are a family of models widely used for structured
problems, mostly sequence prediction problems. The simplest standard RNN takes a sequence input
X = {xy,..,x7} € X = RP x ... x RP composed of data in T time steps, and produces an output

sequence y = {y1,...,yr}+ € Y ={1,..., K}T. Each time step has a hidden state h; € R¥  computed as
ht = f(xta ht—l; Of) (255)

This computation features connections from h;_; to h;, and for each time step this computation is the
same with different input x;, but the same set of parameters and the same operations. Such connections

are called recurrent connections. The output at time ¢ is computed as a function of h;

Yt = g(htaeg)v (2'56)

where 0 and 6, are model parameters. The common choice of f usually has the form of

h, = o(W¥x; + W"h,_; + b"), (2.57)
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where W? € REXD Wh ¢ REXH and b € RH are parameters, and ¢ is an activation function, while
the function g can be implemented with any feed-forward neural network.

RNNs can adapt to sequences of different lengths. The model is usually trained by optimizing a loss
of the form ¢(y,y*) = >, £(y+, y;), where each £(y;,y;) is differentiable with respect to model predictions
y¢. The parameter gradients can then be computed using the chain-rule, with some extra care to handle
the weight sharing across time steps [174].

RNNs have been successfully applied to a range of sequence prediction problems, including speech
recognition [48] [47], language modeling [I19} [§], machine translation [I53] [], to name just a few. A few

variants of RNNs also exist that enhances its ability to handle longer sequences [63 26, [49, [68].

Convolutional neural networks (CNNs) [39] [07] are another family of structured neural network
models popular for visual data. The spatial locality is one of the key features of visual data, and
convolutional neural networks model this locality with local connection structure. In a CNN, the input
image is a 2D array of pixels, and each layer is also organized as 2D arrays, keeping the spatial locality.
Furthermore, each unit in h! is computed from only a small local window of h'~!, and the connection
weights in this local window are shared across all locations in the layer. The transformation function of

a layer in convolutional neural networks can be formulated as
h! = o(W!«h!~! + bl), (2.58)

where * is the convolution operator, and parameters W' and b’ have shapes properly suited to the input
and output.

Unlike the pairwise models in standard structured output learning, where local information are
typically aggregated in a limited way only during the inference procedure, CNNs keep locality in local
connections but also aggregate information through layers of computations that processes and exchanges
information in a more complicated and learnable computation process. CNNs have achieved great success
in a number of computer vision problems, whether for unstructured problems like object classification
where a single output is produced [87, [144] [154] 56], or more structured output problems like semantic

segmentation [109, [24], where the output is a grid of pixel labelings same size as the input.



Chapter 3

Compositional High Order Pattern

Potentials

In standard structured output learning problems, a key research issue is how to best trade off expressivity
of the model with the ability to efficiently learn and perform inference (make predictions). Traditionally,
these concerns have led to the use of overly simplistic models over labelings that make unrealistic
conditional independence assumptions, such as pairwise models with grid-structured topology. In the
past few years, there have been successful efforts that weaken these assumptions, either by moving to
densely connected pairwise models [84] or by enforcing smoothness in higher order neighborhoods [76].
However, while these approaches can lead to improved performance, they do not capture much higher
level structure in the data. Examples of such structures include the shape of an object in computer
vision, and high-order sentence structures in natural language understanding. As we look to build
models that more faithfully represent structure present in the world, it is desirable to explore the use
of models capable of representing this higher level structure. In this chapter, we focus on the computer
vision application of image segmentation, but the techniques developed here can also be applied to other
applications.

One promising direction towards incorporating these goals in the structured output setting appears
to be the pattern potentials of Rother et al. [I38] and Komodakis and Paragios [81], which are capable of
modeling soft template structures and can dramatically outperform pairwise models in highly structured
settings that arise, for example, when modeling regular textures. Yet despite the clearly powerful
representational ability of pattern potentials, they have not found much success in more realistic settings,
like those found in the PASCAL VOC image labeling task [37].

We hypothesize that this is due to three main factors: (a) learning pattern potentials that perform well
is difficult; (b) the patterns are not image- or context-specific (i.e., they do not adapt based on local image
information); and (c) the primary formulation from [I38] assumes only one pattern is active for each
patch, which makes it difficult to represent more complex shapes, such as those that are compositional
in nature (i.e., they might require exponentially many patterns).

A model that is appropriate in similar situations and has also found success modeling textures
[75] is the Restricted Boltzmann Machine (RBM). In fact, our starting observation in this chapter is
that the similarity is not superficial—mathematically, RBM models are nearly identical to the pattern

potentials of [I38], up to choices described in [I38] about summing over or minimizing over patterns that

24
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equate to questions of sparsity in the RBM hidden variable activations. We will make this claim precise
in Section leading to the definition of a more general class of high order potential that includes
both pattern potentials and RBMs. We call this class Compositional High Order Pattern Potentials
(CHOPPs). A primary benefit of this observation is that there is a well-developed literature on learning
RBM models that becomes available for learning pattern-like potentials.

In this chapter we explore augmenting standard CRF models with CHOPPs. Our goal is to not
only learn a tradeoff parameter between the standard and high order parts of the model, but also to
learn internal pattern parameters jointly with other parts of the model. We then focus on the question
of how effective these potentials are as the variability and complexity of the image segmentation task
increases. We propose a simple method for assessing the degree of variation in the labels, then show that
the performance of a vanilla application of CHOPPs degrades relative to the performance of standard
pairwise potentials as this measure of variability increases.

We then turn attention to improving vanilla CHOPP-augmented CRFs, and make two primary
suggestions. The first is to incorporate additional parameters in the RBM-based potential that allows
the pattern activities to depend on information in the image. This is analogous to allowing standard
pairwise potentials to vary depending on local image color differences [I4] or more advanced boundary
detectors like Pb [I13]. The second is to utilize a loss function during training that is tailored to the
metric used for evaluating the labeling results at test time. Our results indicate that jointly training the
CHOPP potentials with the rest of the model improves performance, and training specifically for the
evaluation criterion used at test time (we use an intersection-over-union measure throughout) improves
over a maximum likelihood-based objective. Finally, we explore (a) different forms of compositionality:
the ‘min’ version advocated by Rother et al. [I38], which is essentially a mixture model, versus the ‘sum’
version, which is more compositional in nature; and (b) convolutional applications of the high order
potentials versus their global application.

Since this work sits at the interface of structured output learning and RBM learning, we conclude
by suggesting take-aways for both the RBM-oriented researcher and the structured output-oriented
researcher, proposing what each approach has to offer the other and outlining possible directions for

improving the applicability of pattern-based approaches to challenging structured output problems.

3.1 Related Work

3.1.1 Structured Output Learning

In this section, we review a few more topics on structured output learning that are particularly related to
the CHOPPs model: structured output models with latent variables, high order potentials and learning
high order potentials. The discussion will be based on the CRF framework, which we build on.

Latent Variable Models To increase the representational power of a model, a common approach
is to introduce latent (or hidden) variables h € H = {0,..., H — 1}. The standard structured output
model formulation presented in Sectioncan be easily extended by defining feature functions f(y, h,x)
that may include latent variables, which leads to a probability distribution p(y,h |x):

exp(f(y, h,x))
y’,h’ exp(f(yl7 hlv X)) .

p(y,hlx) = 5 (3.1)
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To make predictions in latent variable models, it is common to either maximize out or sum out the latent
variables:
y* = argmaxmaxp(y,h|x;A), or y*=argmax Z p(y,h|x;A). (3.2)
y heH y hert
The former strategy is employed by latent structural SVMs [180], while the latter is employed by hidden
CRF models [135]. A topic of ongoing investigation is the benefits of each, and alternative strategies
that interpolate between the two [120].

High Order Potentials A related strategy for increasing the representational power of a model is
to allow feature functions to depend on a large number of dimensions of y. These types of interactions
are known collectively as high order potentials and have received considerable attention in the last few
years. They have been used for several purposes, including modeling higher order smoothness [76], co-
occurrences of labels in semantic image segmentation [92], and cardinality-based potentials [166] [177].
While the above examples provide interesting non-local constraints, they do not encode shape-based
information appropriate for image labeling applications. There are other high order models that come
closer to this goal: modeling star convexity [50], connectivity [165, 127], and a bounding box occupancy
constraint [I00]. However, these still are quite restrictive notions of shape compared to what pattern-
based models are capable of representing. Some more discussion about these high order potentials are
presented in Chapter

Learning High Order Potentials In addition to a weighting coefficient that governs the relative
contribution of each feature function to the overall scoring function, the features also have internal
parameters. This is the case in CHOPPs, where internal parameters dictate the target pattern and the
costs for deviating from it. These parameters also need to be set, and the approach we take in this
chapter is to learn them. We emphasize the distinction between first learning the internal parameters
offline and then learning (or fixing by hand) the trade-off parameters that controls the relative strength
of the high order terms, versus the joint learning of both types of parameters. While there is much
work that takes the former approach [80] 138 [92], [91], there is little work on the latter in the context
of high order potentials. Indeed it is more challenging, as standard learning formulations become less

appropriate , and objectives are generally non-convex.

3.1.2 Pattern Potentials

Pattern potentials are proposed by Rother et al. [138] as an expressive high order potential used for image
labeling problems. Unlike most other high order potentials proposed in the past, pattern potentials take
a data driven approach, which specify preferences for the image labels to be close to a set of patterns
learned from data. The patterns used in pattern potentials are quite general, and can take arbitrary
forms. Therefore these pattern potential models are very expressive and can be applied to a range of
different applications. In image segmentation problems in particular, pattern potentials are useful to
represent the shape of objects, as did in our work and a few others [69, [I78]. In [I38], pattern potentials
are also demonstrated to perform very well in low level vision tasks like texture restoration from noisy
images.

As mentioned in the previous subsection, the patterns in pattern potentials are learned offline by a
clustering algorithm, and then fixed and used jointly with other parts of a CRF model for inference and
learning of a linear weighting model. In our work, we instead learn these patterns jointly with other

parts of the CRF, and therefore can achieve further improvement over offline-learned patterns.
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A more detailed discussion about the formulation of pattern potentials can be found in Section |3.2

3.1.3 Restricted Boltzmann Machines

A Restricted Boltzmann Machine (RBM) [145] [38, [61] is a form of undirected graphical model that
uses hidden variables to model high-order regularities in data. It consists of the I wvisible units v =
(v1,...,v7)" that represent the observations, or data; and the J hidden or latent units h = (hy,..., hs)"
that mediate dependencies between the visible units. The system can be seen as a bipartite graph, with
the visibles and the hiddens forming two layers of vertices in the graph; the restriction is that no
connection exists between units in the same layer.

The aim of the RBM is to represent probability distributions over the states of the random variables.

The pattern of interaction is specified through the energy function:
E(v,h)= —~v ' Wh-b'v—-c'h (3.3)

where W € R'*/ encodes the hidden-visible interactions, b = (by,...,b;)" the input and ¢ € R’ the
hidden self-connections (also known as biases). The energy function specifies the probability distribution

over the joint space (v, h) via the Boltzmann distribution
1
p(v,h) = A exp(—E(v,h)) (3.4)

with the partition function Z given by >, exp(—E(v,h)). In our formulation using scoring functions,

the scoring function for RBMs is then
f(v,h)=—E(v,h)=v'Wh+b'v+4c'h, (3.5)

Based on this definition, the probability for any subset of variables can be obtained by conditioning and
marginalization. In particular, due to the bipartite graph structure, both of the conditional distributions

p(h|v) and p(v|h) are factorial, and have the following form:
p(h|v) = Hp(hj|v) =0 (cj + Z wijvi> and p(v|h) = Hp(vi\h) =o|b+ Z wijh; (3.6)
J i i J

where o(z) = is the logistic sigmoid function.

Learning in RBMs For maximum likelihood learning, the goal is to make the data samples
likely, which entails computing the probability for any input v; this can be derived by performing the
exponential sum over all possible hidden vectors h: p(v) = >, p(v,h), effectively marginalizing them

out. For an RBM with I binary visible units, this takes on a particular nice form:

1
p(v) = Z 7 exp(v. Wh+b'v+c'h)
h

1
= exp b'v+ Zlog (1+ exp(vw; + cj)) (3.7)
j

where w; is the jth column in W and each of the terms inside the summation over j is known as a
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softplus, and each terms effectively forms a high order potential over v. Since it is hard to compute
Z, exact maximum likelihood learning is intractable. The standard approach to learning in RBMs uses
an approximation to maximum likelihood learning known as Contrastive Divergence (CD) [61]. More

specifically, the marginal log-likelihood can be expanded as

¢ =logp(v) =log Z exp(v Wh+b'v +c'h) —log Z exp(v Wh+b'v +c'h) (3.8)
h v,h

The gradient with respect to parameter vector W is

or Z exp(v Wh+b'v+c'h) Z exp(v Wh+b'v+c'h) vhT
oW Ywexp(vVIWhH +bTv + cTh > v eXp(VTWh' +bTv/ +cTh')
= th|v Wvh' — vahvh—r
v,h
= Epmv) [Vh'] - Ep(v,n) [vh']. (3.9)

The first expectation is computed for a given data vector v and the expectation is taken over the hidden
states h. Since the posterior distribution p(h|v) factorizes as in Eq. the first expectation is easy to
compute. The second expectation is taken with respect to the joint model distribution over both v and
h, and is hard to compute.

In CD learning, the second expectation is estimated using samples from the model. Samples are
generated with block Gibbs sampling, a Markov chain is usually started at the data vector v, then
hidden states are sampled according to p(h|v), and then data vectors v are updated again according to
p(v|h) which is then done iteratively for up to T' rounds. When the sampling Markov chain is run for T'
rounds, the CD variant is called CD-T'. After the samples are obtained, the expectation over p(v,h) is
computed using sample average.

Vision Applications There has been numerous applications of RBM to vision problems. RBMs are
typically trained to model the input data such as an image, and most vision applications have focused on
this standard unsupervised training paradigm. For example, they have been used to model object shape
[36], images under occlusion [96], and noisy images [156]. They have also been applied in a discriminative
setting, as joint models of inputs and a class [94].

The focus of the RBMs we explore here, as models of image labels, has received relatively little
attention. Note that in this case the visible units of the RBM now correspond to the image labels y
The closest work to ours is that of [58]. The RBMs in that work only captured very local or global
patterns in the label field, and did not address shape information as we do, and it also combined the
RBM with a very restricted form of CRF, which greatly simplified inference and learning. [123] also tried
to use RBMs for structured output problems, but the model used in the paper did not have pairwise
connections in the label field, and the actual loss was not considered during training. Also related is the

work of [35], which uses a generative framework to model labels and images.

3.2 Equating Pattern Potentials and RBMs

This section provides the detailed proof of the equivalence between pattern potentials and RBMs. The
high level idea of the proof is to treat each hidden variable in an RBM as encoding a pattern.
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Composition Scheme Operation on RBM i
. P - Constraint on h
for Pattern Potentials Maximizing out h [ Summing out h
Max maxi<;<.Jj {c_j + Zle wmyi} log (1 + ;.];11 exp (cj + >ica wijyl)) 1-of-J
Sum Z;.Izl max {c_j + 21(:1 WiYi, O} Z;Izl log (1 + exp (c_j + Zle w”yl)) None

Table 3.1: Equivalent compositional high order potentials by applying different operations and con-
straints on RBMs. Maximizing out hidden variables results in high order potentials that are exactly
equivalent to pattern potentials. Summing out hidden variables results in approximations to pattern
potentials. 1-of-J constraint on hidden variables corresponds to the “max” compositional scheme. No
constraints on hidden variables corresponds to “sum” compositional scheme.

We first introduce (in Section [3.2.1]) the definition of pattern potentials by Rother et al. [I38], a few
necessary rearrangements of the definition, some change of variable tricks, and two different ways to

compose more general high order potentials, “sum” and “max”.

After the necessary preparation, we relate the compositional pattern potentials to RBMs. We show
in Section that the RBM potentials with hidden variables maximized out is equivalent to pattern
potentials. When there are no constraints on hidden variables, we recover the “sum” compositional
pattern potentials; when there is a 1-of-J constraint on hidden variables, we recover the “max” com-
positional pattern potentials. In Section we show that summing out hidden variables in RBMs
approximates pattern potentials, and similarly with and without constraints on hidden variables would

lead us to “max” and “sum” cases respectively.

The RBM formulation offers considerable generality via choices about how to constrain hidden unit
activations. This allows a smooth interpolation between the “sum” and “max” composition strategies.
Also, this formulation allows the application of learning procedures that are appropriate for cases other
than just the “max” composition strategy.

In Section [3.3] we provide a way to unify maximizing out and summing out hidden variables by
introducing a temperature parameter in the model.

Notation In this section, we use f for pattern potentials and g for the high order potentials
induced by RBMs. Superscripts ‘s’ and ‘m’ on f corresponds to two composition schemes, sum and
max. Superscripts on g correspond to two types of constraints on RBM hidden variables, and subscripts

on g correspond to maximizing out or summing out hidden variables.

Our results in this section are summarized in Table B.11

3.2.1 Pattern potentials

In [138], a basis pattern potential for binary variables y € {0,1}" is defined as

f(y) = max{6y — d(y),0} (3.10)

where d : {0,1}" — [0, +00) is a deviation function specifying the distance of y from a specific pattern
yP?, and parameter 6y > 0. The pattern potential therefore favors y to be close to a certain pattern y?,
and the score is lower bounded by 0, i.e. the distance d(y) does not matter any more when y is too far
(d(y) > 6o) from yP, while 6y is the maximum achievable score. Note that this definition is adapted
from [I3§] to fit in our presentation. In [I38] the pattern potentials are defined as penalty functions to
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be minimized, while here we use an equivalent definition of them as score functions to be maximizedT]

For a specific pattern (also binary) y?, the deviation function d(y) is defined asE|

d(y) =) abs(w;)I[y; # 7] (3.11)

i€a
where abs() is the absolute value function. The parameter w; specifies the preference for y; to be assigned
to 1, w; > 0 when y¥ =1 and w; < 0 when y? = 0. This is a weighted Hamming distance of y from y?.

Since y and y? are both binary vectors, we have the following alternative formulation of d(y),

dly) = Z wi(1 —y;) + Z (—wi)yi

iyP=1 iyl =0

iyP =1

Substitute this back into Eq. we get

f(y) = max { 0o + sz'yi - Z w;, 0 (3.13)

yP=1

Reparameterize 0y by using ¢ = 0y — >, »_, w;, we can rewrite the above equation as

f(y) = max {c+ Zwiyi,o} (3.14)

This formulation is useful for establishing connections with RBMs as shown later in this section.
[138] proposed two ways to compose more general high order potentials from basis pattern potentials

defined above. One is to take the sum of different pattern potentials
J
fly) = Zmax{ﬁj —d;(y),0}, (3.15)
j=1

and the other is to take the maximum (“max”) of them, to get

y) = 0, —d; 3.16
F"(y) = max {0; —d;(y)} (3.16)
In both cases, d;(.)’s are J different deviation functions associated with J different patterns. In the
“max” case, we can also fix one deviation function to be 0 (e.g. by setting all weights w; = 0), to get a
constant threshold.
Using the parameterization with w and ¢ introduced above, we can rewrite the “sum” compositional

pattern potential as
J
fs(y) = Zmax{cj +wayz,0} s (317)
Jj=1 i

L Another minor difference is that in [I38], the lower bound is specified as a parameter 6, instead of 0, while here we
subtracted it from f(y) as it does not depend on y and doing this makes the presentation cleaner.

2Note that in [I38], there is also a factor 6 in this definition (d(y) is given by the product of factor § and the sum), but
actually the 0 factor can always be absorbed in w;’s to get this equivalent formulation.
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)

and rewrite the “max” compositional pattern potential as

1<j<T

f™(y) = max {Cj +Zwijyi} (3.18)

3.2.2 Maximizing out hidden variables in RBMs

We start from maximizing hidden variables out. The probability distribution defined by a binary RBM
is given by

ply. ) = — exp (~E(y, b)) (319)

where the energy
I

I J
E(y,h) = =Y wiyih; —
i=1 j=1 i

J
biyi — Y cih (3-20)
1 j=1

Maxing out the hidden variables in the negative energy function (Eq. , the equivalent high order

potential is
J

I
Imax(¥) = max Z (Cj + le”%) h; (3.21)

J=1

When there is no constraint on hidden variables, i.e. they are independent binary variables, the maxi-

mization can be factorized and moved inside the sum

J I
g (y) =Y max {Cj + ) wijyi, 0} (3.22)
j=1 i=1

The superscript “uc” is short for “unconstrained”. This is exactly the same as the “sum” compositional

pattern potentials in Eq.
When we put a 1-of-J constraint on hidden variables, i.e. forcing ijl h; = 1, the maximization

becomes

1<5<T

I
93;?;;{(}’) = max {Cj + Zwijyi} (3.23)
i=1

This is exactly the same as the “max” compositional pattern potentials in Eq.

3.2.3 Summing out hidden variables in RBMs

The key observation that relates the pattern potentials and RBMs with hidden variables summed out is
the following approximation,
max{z,0} = log(1 + exp(x)) (3.24)

This is illustrated in Fig (a).
With this approximation, we can rewrite the basis pattern potential in Eq. as

fy) =~ log (1 + exp (c + Z wlyz>> (3.25)

K2

On the other hand, summing out hidden variables in an RBM with no constraints on hidden variables,
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log(1 + exp(x)) N,
A ™ max{x,0}

— T

0

Figure 3.1: (a) log(1+exp(x)) is a smoothed approximation to max{x,0}; (b) log(1+exp(x1)+exp(x2))
is a smoothed approximation to max{zy, z2,0}.

the marginal distribution becomes
1 I J T
p(y) = — eXP <Z b¢y¢> H (1 + exp (cj + Z w”yl>> (3.26)
i=1 j=1 i=1

Eq. is another equivalent form of this. Therefore the equivalent high order potential induced by

summing out the hidden variables is

J I
Joum (Y) = Zlog (1 + exp (Cj + ZMﬂh)) (3.27)
Jj=1 i=1
which is exactly a sum of potentials in the form of Eq.

Now we turn to the “max” case. We show that the compositional pattern potentials are equivalent
to RBMs with a 1-of-J constraint on hidden variables and hidden variables summed out, up to the
following approximation

J
max{zy,x2,...,25,0} =log [ 1+ Zexp(xj) (3.28)

Jj=1

This is a high dimensional extension to Eq. The 2-D case is illustrated in Fig (b).

We use the definition of “max” compositional pattern potentials in Eq.[3.16] but fix d;(y) to be 0,

to make a constant threshold on the cost.

Then we can subtract constant 6 from the potential and absorb 6 into all other §;’s (with the same

change of variable tricks from 6 to ¢) to get

™ (y) = max {Cl + Zwilyi» e Cyo1 T+ Zwi,lei»O} (3.29)
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Using the approximation, this high order potential becomes

J-1
f™(y)~log | 1+ Z exp <Cj + Z w”yl> (3.30)

Jj=1

In an RBM with J hidden variables, the 1-of-J constraint is equivalent to ijl h; = 1. With this
constraint, the negative energy (Eq. can be transformed into

_E(yv h)

I J-1 I I
> biyi+ > <Cj —cyt+ Y (wy — wiJ)Z/i) h; + <CJ +Y° wi]l/i)
i=1 j=1 i=1 =1
I J-1 I
= Z(bz —wi)yi + Z (Cj —c¢5+ Z(wij - wu)%) teg (3.31)
j=1

i=1 i=1

We can therefore use a new set of parameters b, = b; — w; s, c} =c¢; —cy and ng = w5 — W;g, and get

I J—1 I
—E(y,h) =) by + Y <c; +) wéjyz) h; (3.32)
i=1 =1 i=1

We ignored the constant c; because it is cancelled out when we normalize the distribution. Note that now
the set of J — 1 hidden variables can have at most one to be 1, and they can also be all 0, corresponding
to the case that the Jth hidden variable is 1.

Summing out h, we get

I J—1 I
1
p(y) = 7 ©XP <Z b;yl> 1+ Z exp (c; + Z w:]yz) (3.33)
i=1 j=1 i=1

The constant 1 comes from the Jth hidden variable. The equivalent high-order potential for this model

is then
J—1 I
297 () = log [ 143 exp ( +zw;jyi> 534
j=1 i=1

which has exactly the same form as Eq. [3.30]

3.3 The CHOPP-Augmented CRF

Understanding the equivalence between RBMs and pattern potentials leads us to define a more general
potential — Compositional High Order Pattern Potential (CHOPP),

fly;T) =Tlog (Z exp (; (Cj + Zwijyi> hj)) (3.35)

where T is a temperature parameter. The sum over h is a sum over all possible configurations of hidden
variables. As did by Schwing et al. [I41], introducing a temperature parameter can smoothly interpolate

maximization and summation.
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Setting T'= 1, this CHOPP becomes

J I
f(y;1) =log Z exp Z <Cj + Z wijl/i) h; (3.36)
h j=1

i=1

this is the equivalent RBM high order potential with hidden variables summed out. When there is no

constraint on h, the above potential becomes

J I
fi(y;1) = Z log (1 + exp <cj + Z wijyi>> (3.37)
j=1 i=1

When there is a 1-of-J constraint on h, the above potential is

J I
ot (y:1) = log Zexp <ci + Z wijyi> (3.38)
j=1 i=1

Setting T" — 0, the CHOPP becomes

J I
f(y;0) = max 221 (Cj + Zwijyz) h; (3.39)
iz

=1

this is exactly the same as the high order potential induced by an RBM with hidden variables maximized
out, and therefore equivalent to composite pattern potentials as shown in Section When there are
no constraints on hidden variables we will get the “sum” composite pattern potentials, while adding a
1-of-J constraint will give us the “max” composite pattern potentials.

Therefore, by using a temperature parameter 7', CHOPPs can smoothly interpolate summing out
hidden variables (usually used in RBMs) and maximizing out hidden variables (used in Rother et al.[T138]).
On the other hand, by using extreme sparsity (the 1-of-J constraint), it interpolates the “sum” and “min”
composition schemes.

In this section, we introduce how to augment standard pairwise CRF with this type of CHOPPs and
describe inference and learning algorithms. We do not enforce any constraint on hidden variables in the
following discussion, but it is possible to derive the inference and learning algorithms for the case where
we have a soft sparsity or hard 1-of-J constraints on hidden variables. In all the experiments, we used
the most basic version of the CHOPP with 7" = 1.

3.3.1 Model

The joint probability of a labeling y and a vector of binary hidden variables h given input image x is
defined as

1 1
_ u e P k(o o T LT T
p(y|x) = 700 exp A ;fl(yzb() + ;)\k Zijij(yl,yj|x) +b'y+Tlog <;exp <T (y' Wh+c h)))
(3.40)
where f;(y;|x) are unary potentials, fi’; (yi,y;|x) are K different types of pairwise potentials, A" and A}

are trade-off parameters for unary and pairwise potentials respectively, and W, b, ¢ are RBM parameters.
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To simplify notation, for a given x we can denote ¥*(y) = A", fi(y;|x) for unary potentials, Y (y) =

Yo AL Zz ; z'k} (ys,y;|x) for pairwise potentials, and the total score function

fo(ylx) = ¥*(y) + ¥P(y) + by + Tlog (Z exp (; (y 'Wh+ cTh)>> (3.41)
h

with @ denoting the collection of all the parameters in this model.
T =1 Special Case For the special case T' = 1, the posterior distribution p(y|z) is equivalent to a

joint distribution over y and h, with h summed out
p(y, hlx) < exp (¥“(y) + ¢¥*(y) +b y +y W +c'h) (3.42)

Given y, the distribution of h factorizes, and we have

p(hj = 1|y,X) =0 (Cj + Zwijyi> (343)

1
14exp(—z) "

Given h, the distribution of y becomes a pairwise MRF with only unary and pairwise potentials

where o is the logistic sigmoid function o(z) =

p(y[B,x) o exp (b -+ Wh) |y + 4" (y) + v"(y)) (3.44)

where (b + £Wh) "y + ¢"(y) is the new unary potential.

Model Variants One way to make this model even more expressive is to make the RBM energy
also conditioned on the input image x. The current formulation of CHOPPs is purely unconditional,
but knowing some image evidence can help the model determine which pattern should be active. We
achieve this by making the hidden biases c also a function of the input image feature vector ¢(x). The
simplest form of this is a linear function ¢(x) = ¢y + Wg ¢(x), where ¢y and Wy are parameters.

Another variant of the current formulation is to make the RBM convolutional which entails shrinking
the window of image labels y on which a given hidden unit depends, and devoting a separate hidden unit
to each application of one of these feature functions to every possible location in the image [99, [126].
These can be trained by tying together the weights between y and hidden variables h at all locations
an image. This significantly reduces the number of parameters in the model, and may have the effect of

making the CHOPPs capture more local patterns.

3.3.2 Inference

The task of inference is to find the y that maximize the log probability log p(y|x) for a given x. Direct
optimization is hard due to the CHOPP which couples all the components of y together, but we can

utilize a variational lower bound:
f(y;T) > (¢ + WTy) "Ey[h] + TH(q) (3.45)

where ¢(h) is an arbitrary distribution over h, and H(q) is the entropy of ¢. Note the temperature
parameter 7" cancels out in the first term. The difference of the left side and the right side is 7" times
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the KL-divergence between ¢ and a distribution p*

exp (%(c + WTy)Th)
Shesp (Rlo T WTy) h)

p*(hly) = (3.46)

When there is no constraint on h, this is also a factorial distribution. Using this lower bound, we have
folylx) = ¥ (y) +4*(y) +b'y + (c + W'y) 'Ey[h] + TH(q) + const (3.47)

We can use the EM algorithm to optimize this lower bound. Starting from an initial labeling y, we
alternate the following E step and M step:

In the E step, we fix y and maximize the bound with respect to ¢, which is achieved by setting
g(h) = p*(hly). When T = 1 this becomes Eq. when 7' — 0, it puts all the mass on one single

configuration of h.

In the M step, we fix ¢ and find the y that maximizes the bound, the relevant terms are
UU(y) + 47(y) + (b + WE,[h]) "y, (3.48)

which is again just a set of unary potentials, so we can use standard optimization methods for pairwise
CRFs to find an optimal y; we use graph cuts. If the CRF inference algorithm used in the M step is
exact, this algorithm will find a sequence of y’s that monotonically increase the log probability, and is
guaranteed to converge.

Note that this is not the usual EM algorithm used for learning parameters in latent variable models.

Here all parameters are fixed and we use the EM algorithm to make predictions.

Remark. When there is no sparsity constraint on h, it is possible to analytically sum out the
hidden variables, which leads to a collapsed energy function with J high order factors, one for each
original hidden unit. It is then possible to develop a linear program relaxation-based inference routine
that operates directly on the high order model. We did this but found its performance inferior to the

above EM procedure.

3.3.3 Learning

Here we fix the unary and pairwise potentials and focus on learning the parameters in the CHOPP.
For the T = 1 case, we can use Contrastive Divergence (CD) [61] to approximately maximize the
conditional likelihood of data under our model, which is standard for learning RBMs. However we
found that CD does not work very well because it is only learning the shape of the distribution in a
neighborhood around the ground truth (by raising the probability of the ground truth and lowering the
probability of everything else). In practice, when doing prediction using the EM algorithm on test data,
inference does not generally start near the ground truth. In fact, it typically starts far from the ground
truth (we use the prediction by a model with only unary and pairwise potentials as the initialization),
and the model has not been trained to move the distribution from this region of label configurations

towards the target labels.

Instead, we train the model to minimize expected loss which we believe allows the model to more

globally learn the distribution. For any image x and the ground truth labeling y*, we have a loss
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l(y,y*) > 0 for any y that measures the deviation of y from y*. The expected loss is defined as

L=> plylx)y,y"), (3.49)

where p(y|x) is the model distribution that contains learnable parameters. The expected loss for a
dataset is simply a sum over all individual data cases. The following discussion will be for a single data
case to simplify notation.

Taking the derivative of the expected loss with respect to model parameter 6, which can be b, ¢ or
W (cp and W as well if we use the conditioned CHOPPs), we have

00 " 00
= Zp(yIX)%%wf(y,y*)
= > p (YIX)a lfe(yx logZeXp(fe(yIX))] Uy, y")
B Ofolylx) _ Ly ep(foly) 255
- Ll l 90 Sy elfay) | VY
dfo(ylx) dfe(ylx) "
- EH i b | CEA)
= By [afeg?x) f(yJ*)} - Ey [Ey[f(y7y*)]af9§z’|x)]
= B (") - By llyy ) 2o (3.50)

where Ey [.] is the expectation under p(y|x). For the CHOPP-augmented CRF model, the derivative af"

is easy to compute for parameters A* and A}, for the CHOPP parameters, we have

9fe OE(y,h) h)] (3.51)

06 ~ v [ 90

where p* is the distribution derived in Eq. and E(y,h) is the standard RBM energy function.

Using a set of samples {y™}_, from p(y|x), we can compute an unbiased estimation of the gradient

This gradient has an intuitive explanation: if a sample has a loss lower than the average loss of the batch
of samples, then we should reward it by raising its probability, and if its loss is higher than the average,
then we should lower its probability. Therefore even when the samples are far from the ground truth,
we can still adjust the relative probabilities of the samples. In the process, the distribution is shifted in
the direction of lower loss.

For the T = 1 case, we sample from the joint distribution p(y,h|x) using standard block Gibbs
sampling and discard h to get samples from p(y|x). We also use several persistent Markov chains for

each image to generate samples, where in the first iteration of learning each chain is initialized at the
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same initialization as is used for inference. The model parameters are updated after every sampling step.
For the other choices of T, it is not easy to get samples from p(y|x), but we can sample from p*(h|y)
and p(y|h, x) alternatively, as if we are running block Gibbs sampling. The properties of the samples
that result from this procedure is an interesting topic for future research.

Remark This expected loss minimization learning algorithm is very general, and can be applied to
almost any probabilistic model. Notably, in this learning algorithm we do not assume any decomposi-
tionality or even differentiability of the loss function £(y,y*), which means we can optimize any arbitrary
computable loss function, including non-differentiable losses. In the experiments, we use this method to

directly optimize the Intersection over Union (IoU) score for segmentation.

3.4 Experiments

We evaluate our CHOPP-augmented CRF on synthetic and real data sets on the task of image seg-
mentation. The settings for synthetic data sets will be explained later. For all the real datasets, we
extracted a 107 dimensional descriptor for each pixel in an image by applying a filter bank, which in-
cludes color features (RGB and Lab, 6 features), responses to Gabor filters (5 filter frequencies and
4 filter orientations, which gives us 5 x 4 x 2 = 40 features), Leung-Malik filters (48 features) and
Schmid filters (13 features). We used the implementation of Leung-Malik and Schmid filterbank from
http://www.robots.ox.ac.uk/~vgg/research/texclass/filters.html. All the filters are applied to the
grey scale image. We trained a 2-layer (1 layer of hidden units) neural network classifier using these
descriptors as input and use the log probability of each class for each pixel as the unary potentials.

For pairwise potentials, we used a standard 4-connected grid neighborhood and the common Potts
model, where f;;(yi, ;%) = pi;Iy; # y;] and p;; is a penalty for assigning different labels for y; and y;.

Three different ways to define p;; yield three pairwise potentials:
(1) Set p;; to be constant, this would enforce smoothing for the whole image;

(2) Set p;; to incorporate local contrast information by computing RGB differences between pairs of
4 —112
202

parameter controlling the sensitivity to contrast;

pixels as in [I4], where p;; = exp (7 ), 1;,I; are RGB values for the two pixels and o is a

(3) Set p;; to represent higher level boundary information given by Pb boundary detector [113], more
specifically, we define p;; = — max{log Pb;,log Pb;} where Pb; and Pb; are the probability of bound-
ary for pixel ¢ and j.

For each dataset, we hold out a part of the training data to make a validation set, and we use it to
choose hyper parameters, e.g. the number of iterations to run in training. We choose the model that
performs the best on the validation set and report its performance on a separate test set.

For all experiments, the performance of the models are evaluated using the Intersection over Union
(IoU) score.

3.4.1 Data Sets & Variability

Throughout the experiments, we use six synthetic and three real world data sets. In the experiments, we
found that the benefit of using CHOPPs is related to the amount of variability in data. To explore data

set variability in a controlled fashion, we generated a series of increasingly variable synthetic data sets.


http://www.robots.ox.ac.uk/~vgg/research/texclass/filters.html
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V3o =0.092 V35 =0.178 V35 =0.207 V39 =0.251

Figure 3.2: Randomly sampled examples from synthetic data set labels. Hardness increases from left to
right. Quantitative measures of variability using K = 32 are reported in the bottom row. Variabilities
of Horse, Bird, and Person data sets are 0.176, 0.370, and 0.413.

The datasets are composed of between 2 and 4 ellipses with centers and sizes chosen to make the figures
look vaguely human-like (or at least snowman-like). We then added noise to the generation procedure
to produce a range of six increasingly difficult data sets, which are illustrated in Fig. (top row). To
generate associated unary potentials, we added Gaussian noise with standard deviation 0.5. In addition,

we added structured noise to randomly chosen 5-pixel diameter blocks.

The real world data sets come from two sources: first, we use the Weizmann horses and resized all
images as well as the binary masks to 32x32; second, we use the PASCAL VOC 2011 segmentation data
[37] to construct a bird and a person data set. For these, we take all bounding boxes containing the
target class and created a binary segmentation of the inside of the bounding box, labeling all pixels of
the target class as 1, and all other pixels as 0. We then transformed these bounding boxes to be of size
32x32. This gives us a set of silhouettes that preserve the challenging aspects of modeling shape in a

realistic structured output setting. Some images from the three real data sets can be seen in Figures

B2} B3} 53] and 577

The two PASCAL datasets are challenging due to variability in the images and segmentations, while
the number of images is quite small (214 images for birds and 1169 for person), especially compared to
the settings where RBM models are typically used. When we are only training the trade-off parameters,
this is not a major problem, because the number of parameters is small. But here we also train internal
parameters of high order potentials, which require more data for training to work well. To deal with
this problem, we generated 5 more bounding boxes for each original bounding box by randomly shifting
coordinates by a small amount. We also mirrored all images and segmentations. This augmentation

gives us 12 times as many training examples.

For each data set, we then evaluated variability. To do so, we propose a measure inspired by the
learning procedure suggested by Rother et al. [I38]. First, cluster segmentations using K-means clus-
tering with Euclidean distance as the metric. Then for each cluster and pixel, compute the fraction of
cases for which the pixel is on across all instances assigned to the cluster. This yields qu, the probability
that pixel ij is assigned label 1 given that it comes from an instance in cluster k. Now define the within
cluster average entropy H* = *D%, Zzy (q” log qw (1- qu) log(1 — qu)), where D, is the number of
pixels in the image. Finally, the variability measure is a weighted average of within cluster average
entropies: Vi = Zszl wiH®, where py, is the fraction of data points assigned to cluster k. We found
K = 32 to work well and used it throughout. We found the quantitative measure matches intuition

about the variability of data sets as shown in Fig.
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Figure 3.3: Results on (left) synthetic and (right) real data showing test Intersection over Union (IoU)
scores as a function of data set variability. The y-axis is the difference relative to Unary Only model.
Note that these results are for the pretrained RBM model.

3.4.2 Performance vs. Variability

Next we report results for a pre-trained RBM model added to a standard CRF (denoted RBM). Here,
we learn the RBM parameters offline on the labels using PCD [160] and set tradeoff parameters so as to
maximize accuracy on the training set. We compare the Unary Only model to the Unary+Pairwise model
and the Unary+Pairwise+RBM model. Predictions for the Unary+Pairwise models are made by graph
cuts, while for the Unary+Pairwise+RBM model the inference algorithm introduced in Section [3.3.2]is
used. Pairwise terms are image dependent, meaning that all 3 types of pairwise potentials are used,
which is denoted by iPW. Fig. [3-3] shows the results as a function of the variability measure described
in the previous section. On the y-axis, we show the difference in performance between the Unary+iPW
and Unary+iPW+RBM models versus the Unary Only model. In all but the Person data set, the
Unary+iPW model provides a consistent benefit over the Unary Only model. For the Unary+iPW+RBM
model, there is a clear trend that as the variability of the data set increases, the benefit gained from
adding the RBM declines.

3.4.3 Improving on Highly Variable Data

We now turn our attention to the challenging real data sets of Birds and Person and explore methods
for improving the performance of the RBM component when the data becomes highly variable.
Training with Expected Loss The first approach to extending the pretrained RBM+CRF model
that we consider is to jointly learn the internal potential parameters W, c and b. Initial experiments
with standard contrastive divergence learning on the Horse data led to poor performance, as the learning
was erratic in the first few iterations and then steadily got worse during training. So here we focus on the
offline pretraining and the expected loss training described in Section We use 2 sampling chainsﬂ
for each image and use the validation set to do early stopping. The learning rate is fixed and chosen
from {10,1,0.1,0.01} (the gradients are quite small so we tried some large learning rates here) so that

it is small enough to avoid erratic behavior and big enough to make significant updates of the weights

3We tried 10 sampling chains for each image as well, but it didn’t give us any significant performance boost over 2
sampling chains and it was much slower.
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’ Method H Horse IoU | Bird IoU | Person IoU

Unary Only 0.5119 0.5055 0.4979
Unary+iPW 0.5736 0.5585 0.5094
Unary+iPW+RBM 0.6722 0.5647 0.5126
Unary+iPW+jRBM 0.6990 0.5773 0.5253

Table 3.2: Expected loss test results. RBM is a pretrained RBM. jRBM is jointly trained using expected
loss.

in reasonable time. We denote the resulting RBM models as jRBM to indicate joint training. Results
comparing these approaches on the three real data sets are given in Table [3:2] with Unary+iPW results
given as a baseline. We see that training with the expected loss criterion improves performance across
the board.

Image-dependent Hidden Biases Here, we consider learning image-dependent hidden biases as
described in Section [3.3.1] (modeling hidden biases ¢ as a linear function of some image feature ¢(x)).
As inputs, we use the learned unary potentials and the response of the Pb boundary detector [I13],
both downsampled to be of size 16x16. We jointly learned the RBM internal parameters using the IoU
expected loss, as this gave the best results in the previous experiment. We refer to these jointly trained,
image-dependent RBMs with ijRBM. Results are shown in Table [3.3] For comparison, we also train
Unary+Pairwise models with a image-independent pairwise potentials (PW) along with the standard
image-dependent pairwise potentials (iPW). In the Bird data, we see that the image-specific information
helps the ijRBM similarly as how image-dependent pairwise potentials improve over image-independent
pairwise potentials. In the Person data, the gains from image-dependent information are minimal in

both cases.

Convolutional Structures Our final experiment explores the convolutional analog to the RBM
models discussed in Section [3.3.1]. Unfortunately, we were unable to achieve good results. We tried two
variants: (a) a vanilla pre-trained convolutional RBM, and (b) a pre-trained convolutional RBM with
conditional hidden biases as described in Section [3.3.1] We tried two different patch sizes (8x8, 12x12)
and tiled the images densely. Though the conditional variant outperformed the unconditional variant,
overall results were discouraging—performance was not even as good as the simple Unary+Pairwise
model. This is surprising because a convolutional RBM should in theory be able to easily represent
pairwise potentials, and convolutional RBMs have fewer parameters than their global counterparts, so
overfitting should not be an issue. We believe the explanation for the poor performance is that learning
methods for convolutional RBMs are not nearly as evolved as methods for learning ordinary RBMs, and
thus the learning methods that we have at our disposal do not perform as well. On the bright side, this
can be seen as a challenge to overcome in future work. A few methods developed for tiled convolutional
(not fully convolutional) RBMs achieved good results modeling textures [75], which shows some potential

that this may be a good way to go.

Composition Schemes We qualitatively compare patterns learned for the “min” composition
approach presented in [I38] using k-means versus the patterns learned by a simple pre-trained RBM,
which are appropriate for “sum” composition. While a quantitative comparison that explores more
degrees of freedom offered by CHOPPs is a topic for future work, we can see in Fig. that the filters

learned are very different. As the variability of the data grows, we expect the utility of the “sum

composition scheme to increase.
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‘ Method H Bird IoU ‘ Person IoU ‘

Unary+PW 0.5321 0.5082
Unary+iPW 0.5585 0.5094
Unary+iPW+jRBM 0.5773 0.5253
Unary+iPW+ijRBM 0.5858 0.5252

Table 3.3: Test results using image-specific hidden biases on the high variability real data sets. PW
uses image-independent pairwise potentials, and iPW uses image-dependent pairwise potentials. jJRBM

is jointly trained but image independent. ijRBM is jointly trained and has learned image-dependent
hidden biases.

Figure 3.4: (a) Images from Bird data set. (b) Ground truth labels. (¢) Patterns learned by clustering-
style approach of [I38]. (d) Patterns learned by compositional-style learning used in this paper.

3.4.4 Qualitative Prediction Results

Some example segmentations for horse, bird and person data sets are given in Fig. Fig. and

Fig. 7]

3.5 Discussion

In this chapter, we began by precisely mapping the relationship between pattern potentials and RBMs,
and generalizing both to yield CHOPPs, a class of high order potential that includes both as special
cases. The main benefit of this mapping is that it allows the leveraging of complementary work from two
mostly distinct communities. First, it opens the door to the large and highly evolved literature on learning
RBMs. These methods allow efficient and effective learning when there are hundreds or thousands of
latent variables. There are also well-studied methods for adding structure over the latent variables, such
as sparsity. Conversely, RBMs may benefit from the highly developed inference procedures that are more
common in the structured output community e.g. those based on linear programming relaxations. Also
interesting is that pairwise potentials provide benefits that are reasonably orthogonal to those offered by
RBM potentials. In particular, a vanilla application of RBMs is unable to capture the image-dependent
pairwise potential strengths that are common in image segmentation.

Empirically, our work emphasizes the importance of data set variability in the performance of these
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Figure 3.5: Prediction results on horse data set. The three categories best, average and worst are
measured by the improvement of Unary+Pairwise+RBM over Unary+Pairwise. Each row left to right:
original image, ground truth, Unary+Pairwise prediction, Unary+Pairwise+RBM prediction.

methods. It is possible to achieve large gains on low variability data, but it is a challenge on high
variability data. Our proposed measure for quantitatively measuring data set variability is simple but
useful in understanding what regime a data set falls in. This emphasizes that not all “real” data
sets are created equally, as we see moving from Horse to Bird to Person. While we work with small
images and binary masks, we believe that the high variability data sets we are using preserve the key
challenges that arise in trying to model shape in real image segmentation applications. Note that it
would be straightforward to have a separate set of shape potentials per object class within a multi-label
segmentation setting.

To attain improvements in high variability settings, more sophisticated methods are needed. Our
contributions of training under an expected loss criterion and adding conditional hidden biases to the
model yield improvements on the high variability data. There are other architectures to explore for mak-
ing the high order potentials image-dependent. In future work, we would like to explore multiplicative
interactions [116], and other forms of weight sharing that enforce symmetries that we expect to find in
segmentation data.

The convolutional approach appears promising, but it did not yield improvements in our initial ex-
periments, which we attribute to the relatively nascent nature of convolutional RBM learning techniques.
A related issue that should be explored in future work is the issue of sparsity in latent variable activa-
tions. We showed in Section that this sparsity can be used to control the type of compositionality
employed by the model (extreme 1-of-J sparsity vs. no sparsity). An interesting direction for future
work is exploring sparse variants of RBMs, which sit in between these two extremes, and other forms of
structure over latent variables like in deep models.

At the same time as our work, [69] also used RBMs in CRFs for image segmentation problems, but

they trained the model based on a CD-style algorithm, while we used the expected loss minimization,
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Figure 3.6: Prediction results on bird data set.

which can better incorporate task loss information into learning the model. Training with this expected
loss formulation is especially interesting and can be applied to train models to optimize any computable
loss function without requiring it to be differentiable. This expected loss minimization algorithm has a
close similarity to the REINFORCE algorithm [I76] used in reinforcement learning, even though we were
not aware of this connection when we did this work. Compared to the commonly used REINFORCE
algorithm, our expected loss minimization update proposed in Eq. has a few special properties: (1)
the average loss E, [¢(y,y*)] automatically provides a baseline; (2) in the Monte Carlo estimate, we only
need to have access to the unnormalized log probability, rather than the log probability itself. It would
be interesting to see this kind of expected loss minimization be applied to other problems and maybe

even reinforcement learning problems.

Later on, Yang et al. [I78] extended our work to a max-margin formulation, and also tried to use

multiple layers of hidden variables instead of a single hidden layer as in a RBM model.

From our empirical experience, these pattern-like potentials work best when the patterns can be
reliably learned and represented by pattern templates. In order to achieve this, we need a good amount
of training data to learn these patterns, which is a challenge because for structured output problems
acquiring the output labels is a lot harder than for simple prediction problems, and our models of patterns
are built directly on these expensive labels. This suggests that some semi-supervised or unsupervised

learning methods may be potentially very beneficial for such models.

On the other hand, the current representation of the patterns are based on templates, which has
a lot of parameters and can be hard to learn with limited amount of data. To build models on high
resolution images and on high variability data, using these full templates is not practical, suggesting
that convolutional models are necessary. From another angle, low level and local patterns may be more
reliably captured by pattern templates because of the amount of possible patterns is smaller, while at a

more global scale the level of variability may be too high to be modeled with pattern templates efficiently.
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Figure 3.7: Prediction results on person data set.

Ideally, a convolutional and multi-layer pattern model is more desirable than a single layer model as we
used in our work.

The pattern models are essentially priors about what a desirable labeling should look like. These
models can be learned directly on the labels in a way similar to unsupervised learning, as these models
are learned to capture which labels are likely and which are not, rather than predicting something for
a given input. Given the recent progress in unsupervised learning models, especially the variational
autoencoders [72], it is interesting to see how well these models can do for this task. The variational
autoencoder model has recently achieved many impressive results on modeling image data and have been
shown to be better than RBM based models on these tasks. The pattern modeling problem may benefit
from using these new developments in unsupervised learning.

A recent work by Belanger and McCallum [6] provides an alternative approach for modeling patterns
in structured outputs. In this work, instead of using RBM-style models as the prior, the authors
proposed to directly use a feed-forward neural net that maps the input and output pair directly to an
energy value. The benefit of this approach is that the neural net can be more expressive than an RBM.
However, inference in this model is harder, and various relaxations have to be used as neural nets only
work in the continuous domain. Overcoming these challenges and using more structured neural networks

to model the energy functions is a promising direction for future work.



Chapter 4

Semi-Supervised Learning with

High-Order Regularization

Supervised learning of structured models require a large amount of labeled data. For structured output
problems in particular, due to the complexity of the outputs, obtaining accurate labels requires consider-
ably more effort than for standard classification or regression tasks. As a result, while large classification
datasets, such as ImageNet [29], contain millions of labeled examples, the size of typical datasets for
structured prediction problems like image segmentation are orders of magnitudes smaller. On the other
hand, large amounts of unlabeled data are typically very easy to obtain.

This combination of difficulty to obtain labeled examples for structured prediction problems, with
abundant unlabeled data makes semi-supervised learning (SSL) especially worth exploring. However,
SSL is challenging for structured prediction because the complex high dimensional output space makes
a lot of operations intractable.

A dominant approach to SSL is to use unlabeled data to regularize the model by ensuring that its
predictions on unlabeled data are consistent with some prior beliefs. For example, entropy regularization
[98] and low density separation [I85] regularize the model so that it makes confident predictions on
unlabeled data. Graph-based methods [2] [[51], on the other hand, regularize the model to make similar
predictions for unlabeled data close on a graph.

Posterior regularization (PR) [40] has been introduced as a general framework to incorporate prior
constraints about predictions into structured prediction models. A version of it has also been applied to
graph-based SSL for sequence labeling [57]. In PR, constraints are specified as regularizers on posterior
distributions, and a decomposition technique is used to make the optimization tractable for structured
outputs.

In this chapter, we propose a new method for semi-supervised structured output learning based on
SSVMs, that allows regularizers to be defined directly on the predictions of the model for unlabeled
data, instead of using the posterior distribution as a proxy. This makes it possible to specify a range
of regularizers that are not easy to define on distributions, including those involving loss functions and
cardinality of outputs.

One advantage of the SSVM framework is that at test time we typically only want to produce the
most likely output, which is generally easier than marginal inference in probabilistic frameworks. For

example, in image segmentation, MAP inference can be done efficiently on graphs with submodular
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pairwise potentials using powerful discrete optimization techniques like graph cuts, which is key to the
success of many segmentation methods. However, marginal inference is intractable and even hard to
approximate due to the extremely loopy structure of the graph. Therefore while most of the previous
work on SSL studied sequences, our new framework is especially suitable for structured outputs beyond
1-D sequences.

In this chapter we also explore the relationship between our method and PR. We show that the two
approaches are actually very closely related: our framework and PR, optimize two special cases of the
same objective function for some general settings. This connection opens a range of new possibilities of
designing and analyzing frameworks for incorporating prior constraints into the model.

We then demonstrate the new framework with an application to graph-based SSL for image segmen-
tation. In graph-based SSL, an important issue is to choose a proper similarity metric in the output
space. We utilize the loss function, which offers a natural similarity metric in the output space, as the

metric in our formulation.

4.1 Related Work

The earliest work on SSL dates back to the study of the wrapper method known as self-training, in the
1960s, e.g., [I142]. Self-training iteratively uses the predictions of the model on unlabeled data as true
labels to retrain the model. Because of its heuristic nature, this method is hard to analyze.

A wide range of SSL methods have been developed for classification problems to date [125], [67, [46],
1841 182, [7], [10]; see [183] and [23] for excellent surveys and additional references.

Some researchers have adapted these methods to structured output problems. These methods gen-

erally fall into one of the following categories:

(1) Co-training, which iteratively uses the predictions made by models trained on different views of
the same data to label the unlabeled set and update the model using the predicted labels [15]. The

applicability of this method is limited due to the requirement of multi-view data.

(2) Generative models, which use unlabeled data to help learning a model of the joint input-output
distribution p(x,y). While having some early success for classification problems [125], generative
models make strong assumptions about the data and have to date achieved limited success on

structured output problems.

(3) Low density separation based methods, which encourage confident predictions on unlabeled
data. This translates to low entropy of the output posterior distribution in a probabilistic modeling
framework [98], and large margin for methods in a max-margin framework [I85]. A combined
objective is optimized to minimize the sum of the task loss on the labeled data and a separation

regularizer on the unlabeled data.

(4) Graph based methods, which construct a graph that connects examples that are nearby in the
input space, and then encourage the predictions by the model for pairs of connected examples to be
close as well. Most of the work in this category deals with sequence labeling problems. Altun et al.
[2] uses a graph on parts of y to derive a graph-regularized kernel which is used in a max-margin
framework. Unlike our framework described below, this approach is not able to incorporate other

high order regularizers. This work can be thought of as a special case of our framework where
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the graph regularizer is defined on parts of y, but our framework also allows the use of higher
order regularizers and our optimization method does not require the inversion of a kernel matrix.
Subramanya et al. [I51] proposes a semi-supervised CRF that infers labels for unlabeled data by
propagation on a graph of parts, and then retrains the model using the inferred labels. Finally,
Vezhnevets et al. [164] proposes a graph-based method for semi-supervised image segmentation,
which utilizes unlabeled examples in learning by inferring labels for them based on a graph defined
on image superpixels. While the authors suggest to use the graph also at test time, we only use the

model itself to make predictions.

Recently, other general frameworks for SSL in structured output problems have been defined that can
be viewed as graph-based. Posterior regularization (PR) [40] is a framework to incorporate constraints
on structured probabilistic models through regularizers defined on posterior distributions. He et al.
[57] applies this general PR framework to graph-based SSL also using a CRF model. PR is closely
related to our framework: we show in Section that the two frameworks are optimizing special cases
of the same objective. Constraint Driven Learning (CODL) [22] and Generalized Expectation Criteria
[I14] are two other notable frameworks for incorporating constraints into the model. [I07] provides
an interesting discussion about supervision through specifying constraints versus supervision through
providing training examples. Another related work [167] discussed ways to apply non-local constraints
on marginals of a probabilistic model, which solves a similar problem to ours in the continuous domain.

A separate but related line of research is the study of transfer learning or domain adaptation [130],
where most of the labeled data comes from a source domain and task performance is evaluated in a
different target domain, typically with little labeled data available. We explore some domain adaptation

settings in our experiments presented in Section [4:4]

4.2 Formulation

4.2.1 High Order Regularized SSL

In an SSL setting, we have a set of unlabeled data Dy = {x/ L+LU+1 in addition to the labeled data
Dy, = {(x},y")L,}. Our objective for learning is composed of a loss defined on labeled data, and a

regularizer defined directly on predictions of the model on unlabeled dataﬂ

i x',y',0) + R ({y/ L) (4.1)

st. yl =argmax Fp(x?)y), Vj>L+1
y

In this formulation, ¢ is a training loss function such as the structured hinge loss defined in Eq. [2.40]
Fp is the scoring function, R is the (high order) regularizer, and the constraints force {yj L+U 41 to be
predictions of the model for unlabeled data.

R specifies prior constraints about the predictions on unlabeled data. A high-order regularizer is
one that imposes constraints on sets of output elements rather than independently on each element.

One example of a high-order R is the cardinality regularizer, where R(Yy ) is a function of 17Yy, and

1Here we are ignoring data independent regularizers, e.g., L1 and L2, in this formulation for simplicity, but it is
straightforward to incorporate them into the model.
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the vector Yy is defined as a shorthand for the concatenation of all y7’s for j > L 4 1. For example,
in a part-of-speech NLP task, this could refer to the number of words labeled as verbs, while in an
image segmentation task it could refer to the number of pixels labeled as foreground. This is useful
to encourage the predicted labels to have similar count statistics as the labeled data. As observed in
many previous papers, e.g., [184] [I72], enforcing this type of constraint is important for imbalanced
datasets. In Section [4.2.2] we describe a graph based regularizer R and its combination with cardinality
regularizers. A variety of other high-order regularizers, e.g., [165 [76] 158, 22] [19], have been defined in
various structured output settings.

Minimizing the objective in Eq. 1] is difficult due to the hard constraints that make R a complicated
and possibly non-continuous function of 8. To solve this difficulty, we utilize some relaxations of the
hard constraints.

We observe that these constraints are equivalent to the following when the maximum is unique,
Fo(x?,y7) = max Fp(x?,y), Vj>L+1. (4.2)
y

Since we have maxy Fg(x7,y) > Fp(x/,y?) for all y?, the amount of constraint violation can be measured
by the difference maxy Fg(x’,y) — Fo(x?,y’7). We therefore replace the constraints by a term in the

objective that penalizes constraint violation,

L L+U
1 o . o
min 1Y 0y 0) 4 ROYp) + Y [myaxFaxﬂ,y)—Fe(xayﬂ) (43)
» LU N .
i=1 Jj=L+1

where p > 0 measures the tolerance of constraint violation. When p — +00, this is equivalent to Eq.
when g < 400, this becomes a relaxation of Eq. where Y7 can be different from the predictions
made by the model. This relaxation decouples 8 from R and makes it possible to optimize the objective
by iterating two steps, alternatively fixing @ or Yy and optimize over the other, where both steps are

easier to solve than Eq.

Step 1. Fix @ and optimize over Y;. The optimization problem becomes

L+U L+U
I{l{iUn R(Yy) — £ Z Fo(x?,y7), or equivalently max % Z Fo(x?,y?) — R(Yy) (4.4)
j=L+1 j=L+1

This step infers labels for those unlabeled examples, based on both the current model and the regular-
izer. This is a MAP inference problem, and the hard part is to handle the high-order regularizer R(Yy).
A wide range of methods have been developed for computing MAP in models with high-order poten-
tials [165] [76] 58] 157]. We discuss the approach for our loss-based graph regularizer and cardinality
regularizers in more detail in Section [4.2.2)

Step 2. Fix Yy and optimize over 8. The optimization problem becomes

L L+U
1 i 1 ) .
min I 72:1 0x"y",0)+ EijJrl [m;ixFe(xJ,y) — Fo(x?,y7) (4.5)

This step updates the model using both the labeled data and the labels inferred from Step 1 for unlabeled
data. Note that the last term is very close to £(x7,y?, 6) defined in Eq. except that the task loss A

is not used as in the loss-augmented inference. This optimization is no harder than optimizing a fully
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supervised model, which can be solved by methods such as subgradient descent, see e.g. Section

Thus our learning algorithm proceeds by iteratively solving the optimization problems in Eq. [f.4] and

Eq.

4.2.2 Graph-Based SSL for Image Segmentation

In this section we describe an application of the proposed framework to graph-based SSL for binary
segmentation, but we note that our method can be easily extended to multi-class segmentation. Graph-
based SSL uses a graph so constructed that examples close on this graph should have similar outputs.
The model is then regularized by this graph to make predictions that are smooth on it. Here we assume
the graph is represented by edge weights s;; which measures the similarity between example 7 and j,
and the two examples are connected only when s;; > 0.

Choosing a proper output similarity metric is important for graph-based SSL methods. For clas-
sification, most graph-based methods define this similarity as the squared difference of two posterior
distributions [I84], [182]. For structured prediction, [I51] [57] follow this approach but use marginal
distributions over parts of output in the squared difference.

However, structured output problems have a natural similarity metric in the output space, defined
by the task loss function A. For probabilistic models, it is not easy to incorporate the loss function into
the similarity metric. But our framework allows the use of loss functions in the regularizer R.

We define the graph regularizer

Ra(Yu) =X Y s;Al',yY) (4.6)

4,5:845>0

where the sum is over all edges in the graph, connecting both labeled and unlabeled examples, and A is
a weight factor. This regularizer requires y* and y’ to be close when 845 is large.
To use this regularizer in our framework, we need to solve the MAP inference problem in Step 1 of

the algorithm:
L+U

u , i
max o j:ZL;rl Fo(x?y) — )\m;w siA(y", y7). (4.7)
Here each Fp(x7,y) is a sum of unary and pairwise potentials, and the graph regularizer is a high order
potential. For decomposable loss functions like Hamming loss, the graph regularizer becomes a sum of
submodular pairwise potentials. The MAP inference is then a standard inference problem for pairwise
graphical models and can be solved via graph cuts. The structure of this graph is shown in Fig.
More complicated loss functions, such as the PASCAL loss, can also be handled using iterative dual
decomposition method.

The graph regularizer can also be combined with other types of high order regularizers, for example
the cardinality regularizers described earlier. In fact, graphs with submodular pairwise potentials have
a known short-boundary bias [77] which favors a small number of cut edges (pairs of pixels that have
different labels). This bias can cause some serious problems in SSL when the number of labeled examples
is not balanced across classes. In our binary segmentation problem, usually the majority of pixels belong
to background and only a small portion belong to foreground. Then when we run the optimization, this
bias would make the model predict much more background for the unlabeled images. In the extreme

case when unary potentials are weak, all unlabeled pixels will be predicted to have the dominant label.
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image i

Figure 4.1: Graph structure with Hamming loss. Black edges represent intra image structure, and grey
edges represent graph constraints.

The use of cardinality regularizers is then especially important.

We define a cardinality regularizer
Re(Yu) =~ h(1"Yy) (4.8)
where v is a weight parameter and
h(z) = max{0, |z — zo| — 0}> (4.9)

xo is the expected number of foreground pixels computed according to the number of total pixels and
the proportion of foreground in labeled images, and § is the deviation from xy that can be tolerated

without paying a cost. We use & = /5 throughout all our experiments.
Then the optimization problem in Step 1 becomes

L+U
max £ 30 Fold\y) =AY syALy) =y h(1TY0) (4.10)
U

j=L+1 4,585 >0

Finding the optimum of this problem is in general not easy. However, finding the optimum for both a
submodular pairwise MRF and a cardinality potential plus unary potentials can be done very efficiently.
We therefore decompose the objective into two parts and use dual decomposition [148] for the optimiza-

tion. A review of dual decomposition methods is presented in Section but we go over the inference
details here again for completeness.

Dual Decomposition More specifically, the optimization problem in Eq. is an instance of the

following more general optimization problem
max f4(y) + fP(y) + A(y) (4.11)

where f*(y) = >, fi'(y;) is a set of unary potentials, fP(y) = >, ; fi5(iy y;) is a set of pairwise
potentials and h(y) is a high order potential on y € {0,1}?V. To see this, note that in Eq. Fgis a

sum of unary and pairwise potentials and A(y?,y’) is a sum of pairwise terms for a Hamming loss.
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It is usually the case that both of the two subproblems
max f*(y) + f*(y) and max f*(y)+h(y) (4.12)

are easy to solve. For example, inference for pairwise models with submodular pairwise potentials can
be solved efficiently [13], and cardinality potentials with unary potentials can also be solved efficiently
[51]. However, jointly optimizing the whole objective is hard.

In dual decomposition, we utilize the structure of the problem and decompose the original problem
into two subproblems that are more tractable. We define A(y) = af“(y) + fP(y) and B(y) = (1 —
a)f*(y) + h(y), where « is a fixed constant, e.g. 0.5, then the original objective is A(y) + B(y). Next,

we can introduce auxiliary variables A € RY, and upper bound the original optimization problem by
UQN) = max{A(y) + ATy} +max{B(y) - Ay} (4.13)

This upperbound is valid for any arbitrary .

As )\Ty is just a sum of simple unary potentials, each of the subproblems here are easy to solve:
the first subproblem has the structure of maximizing unary potentials plus pairwise potentials, and the
second subproblem has the structure of maximizing unary potentials plus a high order potential.

We then minimize this upper bound over A, to make it as tight as possible and hence approach the
optimum of the original problem. We can compute the subgradient of the upper bound with respect to
A as

MU 4 s
— = - 4.14
=YY (4.14)
where
CA T ~B _ T
vy =argmax A(y)+A'y and y” =argmax B(y)—A'y. (4.15)
y y

In our experiments we follow this subgradient to minimize the upper bound, but a wide range of other
optimization techniques can be applied here as well.

When 34 = gy, it is guaranteed [148] that the y* is the optimal solution to the original problem.
When this is not the case, we can choose a ¥4 or y2 encountered during the optimization process that

achieves the highest score under the original objective function. Other heuristics can also be used.

4.3 Connection to Posterior Regularization

There is a surprising connection between the proposed framework and the PR based SSL method de-
scribed in [67]. We show in this section that for some general settings the two methods are optimizing
special cases of the same objective. The key results are: under a zero temperature limit, (1) the KL-
divergence term in PR (see below) becomes the constraint violation penalty in our framework (Eq. ,
and (2) the posterior distribution becomes the (hard) model prediction.

The idea of PR is to regularize the posterior distributions so that they are consistent with some prior
knowledge. For graph-based SSL the prior knowledge is the smoothness of the posterior distribution
over the graph. PR optimizes the following objective

Lo ) (4.16)

L
) 1 i i j
min -+ E_l Lx",y",0)+ AR ({PO(Y|XJ)}j=L+1
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where ((x,y*,0) = —log pe(y’|x*) is the negative conditional log likelihood for labeled data, and R is

the posterior regularizer.

In PR, auxiliary distributions {g; (y)}fiLU 41 are introduced to make the optimization easier, and the

following objective is used instead:

L+U
rguqn ZE (x',¥%,0) + A\R(q —|— = Z KL(g;(y)||pe(y]x7)). (4.17)
’ i=1 ] =L+1

Optimizing this objective will learn 6 and ¢ such that the pg distribution is consistent with labeled data,
the ¢ distribution is smooth on the graph, and the two distributions should also be close to each other
in terms of KL-divergence. This objective is then optimized in an alternating approach similar to the

method utilized in our model as described above.

To relate this formulation of PR to our proposed method, we introduce a temperature parameter T,
and define

po(ylx,T) = le exp (W) and q(y,T) = Zlq exp (g(g)) (4.18)

Here Z%. and Z7. are normalizing constants, and g(y) is an arbitrary score function. The temperature

augmented objective has the form of

L+U

x',y',6,T) + AR(ar) + 1= Y TKL(g;(y, T)llpo(ylx’, 1)) (4.19)
Jj=L+1

min
6.,q

IIMh

where {(x%,y*,0,T) = —log pe(y'|x’,T) and R(qr) is the regularizer defined on {q;(y,T) JL;FLUJFI. This

objective is the same as the PR objective when 7' = 1. Next we show that when T' — 0 this becomes
the objective of our method in Eq. 3]

Using the definition of p and ¢, the KL-divergence term can be rewritten as

TKL(q;(y, T)llpe(y|x’, T)) qu v.T) [9;(y) — f(x,y,0)] + TZ} — TZ (4.20)

Denote y7/ = argmax,, ¢;(y,T), and let T'— 0, then

L y=y
(y,T) — 421
(. T) { 0, otherwise ( )
and
s f(x,y,0)

TZ5 — 71}31()T]og2y2 exp ( T = max f(xI)y,0) (4.22)

q . gj(Y) (g
TZj. —>%1Ln0Tlog;exp (T ) =g;(y’) (4.23)

Substituting the above equations into Eq.

TKL(q;(y, T)|lpe(y|x’, T)) — max f(x/ y.0)— f(x),y.6) (4.24)
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as T'— 0. This is identical to the constraint violation penalty in Eq.

The relation between the regularizer terms depends on the specific regularizers used in the model.
For example, R can be defined as Zi,j:s”>0 sij Y. (Pe(yic = 1|x") — po(yjc = 1|x7))?, where ¢ indexes
pixels, as in [57]. Here pg(yic = 1|x") = 1 for labeled foreground pixels and pg(y;. = 1|x*) = 0 for labeled
background pixels, to only regularize the posterior distributions for the unlabeled data.

For the regularizer term in this case, according to Eq. for binary segmentation we have ¢;(y. =
1,T) = yjc as T — 0 for each pixel c. Therefore

Rlgr) = > s> Wie—yie)’= D syAly'y’) (4.25)

4,j:845>0 4,7:5;>0

where A(y?,y’) is the Hamming loss.

Finally, for £(x%,y%, 0, T) term, it is known, e.g., in [54], that as T — 0 this term converges to the
structured hinge loss P

Remark. Hazan and Urtasun [54] proposed a framework that unifies the max-margin and proba-
bilistic methods for structured prediction. Our result here can be thought of as an extension of this to
semi-supervised learning of structured output problems. Moving to the max-margin formulation loses
the uncertainty representation of the probabilistic models, but has the ability to specify high order con-
straints directly on model predictions and to use powerful discrete optimization algorithms, therefore
overcoming some difficulties of inference in loopy probabilistic models. In addition, our generalized for-
mulation also opens up the possibility of probabilistic models using temperatures other than 1, which
can have some desirable properties, e.g., when T is close to 0 the posterior distribution will be much

more concentrated.

4.4 Experiments

4.4.1 Datasets and Model Details

We explore the efficacy of the proposed framework on two semi-supervised foreground-background seg-
mentation tasks. For the first task, we use the Weizmann Horse dataset [I1], a fully labeled set of 328
images. For the unlabeled Horse dataset, we used images labeled “horse” in CIFAR-10 [86], which does
not contain any segmented images. For the second task, we constructed a labeled set of 214 “bird”
images from the PASCAL VOC 2011 segmentation data [37]. The unlabeled Bird images come from the
Caltech-UCSD Bird (CUB) dataset [I73]. Note that this setting of SSL is especially challenging as the
unlabeled data comes from a different source than the labeled data; utilizing unlabeled examples that
are extremely different than the labeled ones will hamper the performance of an SSL learning algorithm.
For the unlabeled sets we therefore selected images that were similar to at least one image in the labeled
set, resulting in 500 unlabeled Horse images from CIFAR-10, and 600 unlabeled Bird images from CUB.
For all the images in both tasks, and their corresponding segmentations, we resize them to 32x32, which
is also the size of all CIFAR-10 images.

The Bird images contain considerably more variation than the Horse images, as the birds are in
a diverse set of poses and are often occluded. We found that utilizing the PASCAL birds alone for
training, validation and test did not leave enough training examples to attain reasonable segmentation

2With a loss term added to the score function f, which can be set to 0 for T' = 1 case for exact equivalence.
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performance. We thus created an additional labeled set of 600 bird images using the CUB dataset (a
different set of 600 images than the aforementioned unlabeled set). The CUB dataset contains rough bird
segmentations of low quality. We used a grab-cut [I37] like method to refine the rough segmentations
and the refined segmentations are used as ground truth.

In our experiments we compare four types of models: (1) the baseline Initial model, which forms
the basis for each of the others, and is a model trained with standard supervised learning; (2) a Self-
Training model that iteratively uses the current model to predict labels for all unlabeled dataﬁ and
updates itself using these predictions as true labels; (3) Graph, our graph-based SSL method that
uses the graph regularizer R¢g; (4) Graph-Card, our SSL method utilizing both graph and cardinality
regularizer Rg + R¢.

The Initial model is trained in a fully supervised way on only labeled data by subgradient decent on
scaled structured hinge loss. The model’s score function F' is a model with unary and pairwise terms.
We extracted a 149 dimensional descriptor for each pixel in an image by applying a filter bank. Then
a multi-layer neural network is trained using these descriptors as input to predict binary labelsﬂ The
log probability of each class is used as the unary potential. For pairwise potentials, we used a standard
4-connected grid neighborhood and the common Potts model, where fP(y;,y;,x) = —p;;I[y; # y,] and
pij is a penalty for assigning different labels for neighboring pixels y; and y;. We define p;; as the sum
of a constant term that encourages smoothing and a local contrast sensitive term defined in [14] which
scales down the penalty when the RGB difference between pairs of pixels is large. In our experiments, we
fix the pairwise potentials and focus on learning parameters in the neural network for unary potentials
only, which contains the vast majority of the parameters.

During learning, the gradients are back-propagated through the neural network to update parameters.
Since neural networks are highly nonlinear models, it is hard to find the optimal 8 in Eq. in every
Step 2 of our algorithm. Instead, we only take a few gradient steps in Step 2 of each iteration. Other
hyper parameters, e.g. A, u,~y, are tuned using the validation set.

For the graph-based models, we used the Histogram of Oriented Gradients (HOG) [27] image features
to construct the graph. We set s;; = 1 if examples ¢ and j are one of each other’s 5 nearest neighbors
based on the Euclidean distance between the HOG features, and s;; = 0 otherwise. Fig. @ shows some

nearest neighbor search results using HOG distance.

4.4.2 Experimental Settings

For our experiments, we examine how the performance of the SSL. methods change with the number of
labeled images, by randomly selecting L images from the training set to be used as labeled data and
adding the remaining images to the unlabeled set. Starting from L = 5, we gradually increase L to the
entire training set. Note that while we vary the training and unlabeled sets in this way, the validation
and test sets remain constant, in order to make comparisons fair. This process is repeated 10 times, each
time including randomly selected images in the training set. All models are evaluated using per-pixel
prediction accuracy averaged over pixels in all images, and we report the mean and standard deviation
of the results over the 10 repetitions.

We ran three types of experiments. In the first one, the training, validation and test set were all

drawn from the same dataset. For the Horse task, there were up to 200 training images, 48 validation,

3We didn’t choose the most confident model predictions, as estimating confidence is nontrivial for structured predictions.
4We also tried a linear model initially, but neural nets significantly outperform linear models by about 10%.
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Figure 4.2: Left most column are query images, and the 5 columns on the right are the nearest neighbors
retrieved based on HOG similarity. All query images are randomly chosen. Left: query from Weizmann
dataset, retrieve CIFAR-10 horses. Right: query from PASCAL dataset, retrieve CUB birds.

and 80 test images, drawn from the Weizmann set, and 500 unlabeled images from CIFAR-10. For the
Bird task, there were up to 200 training images, 200 validation, and 200 test images, and 600 unlabeled
images, all drawn from the CUB dataset.

The second experiment explored domain adaptation. In many experimental settings, there are insuf-
ficient labeled examples to obtain good performance. This was the case with our PASCAL Bird dataset,
which necessitated labeling examples from the CUB set. An interesting question is whether training
on one domain, the source domain, can transfer to a different, target domain, when the unlabeled data
comes from the target domain, i.e., the same dataset as the test set, and both differ from the training set.
It is possible for the model to learn special features about the target domain by using unlabeled data,
therefore obtaining larger performance gains. In the second experiment we explored the performance of
the various models in a version of this domain adaptation setting on the Bird segmentation task.

The third experiment directly assesses the impact of drawing the validation set from the same dataset
as the source, versus drawing the validation from the target domain. In our original bird experiment the
validation set comes from the source domain, while in the second experiment it comes from the target
domain; tuning hyperparameters on the target domain may contribute to some of the performance gains.
To examine this, we compared the models in two more settings, both of which use a training set of 40
images drawn from the PASCAL dataset, and the same 200 CUB test images and 600 unlabeled CUB
images. The experiments differ in that in the first setup the validation set is composed of 174 images
drawn from the source domain, the PASCAL set, while in the second they are from the target CUB
domain. Table lists the datasets used in each experimental setting.

4.4.3 Results

Experiment 1. Results for the first basic SSL experiments are shown in Fig. [4.3; (a),(c) show how
test set performance changes as the number of labeled images increases, while Fig. b),(d) show the
improvement over the initial model from the three different SSL methods.

As can be seen, for both segmentation tasks self-training achieves a small improvement with very

few labeled examples, but does not help too much in general, as it is mostly reinforcing the model itself.
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’ Experiment H train \ validation \ test \ unlabeled ‘
| (1) Horse [ W-200 [ W-48 | W-80 [ R-500" |
(1) Bird C-200~ C-200 C-200 | C-6007
(2) Domain Adapt. | P-214~ C-200 C-200 | C-6007
(3) Val: Source P-40— P-174 C-200 | C-6007"
(3) Val: Target P-40~ C-174 C-200 | C-600"

Table 4.1: Experimental settings and datasets. Each dataset description follows the format [dataset
code]-[size]. Dataset codes: P for PASCAL VOC birds, C for CUB birds, W for Weizmann horses, R for
CIFAR-10 horses. Superscript “-” means at most, and “+” means at least, see paper for more details.

Graph-based methods work significantly better than self-training throughout. For Horse segmentation,
the use of unlabeled data helps the most when the number of labeled images is small. The improvement
becomes smaller as the number of images increases. The model saturates and achieves very high accuracy
(more than 92%) with 200 labeled images, where using unlabeled data does not make too much difference.

For Bird segmentation, graph-based methods achieve a small improvement over self-training and
the initial model when the number of labeled images is small (L < 20). This can be explained by the
complexity of the bird dataset; more examples are required to achieve reasonable segmentations. There
is a jump in performance from L = 20 to L = 40: as the initial model gets better, combining with the
graph, inferred labels for unlabeled data become much better and therefore more helpful. From Fig.
we can see that when L = 40, using graph-based methods the test accuracy nearly matches that of a
fully supervised model trained with all 200 labeled images, thus saving a lot of labeling work.

Comparing “Graph-Card” and “Graph”, we can see that using a cardinality regularizer further
improves performance over only using the graph regularizer, as in most horse segmentation cases and
bird segmentation with few labeled images. It is most helpful when the number of images is small, where
the initial model is very weak and the short-boundary bias becomes especially significant when inferring
labels for unlabeled images. For a lot of cases, the use of cardinality potentials can compensate for this
bias.

Experiment 2. Fig. shows the results for the domain adaptation setting, where the training
data is from one dataset while the unlabeled data and the test and validation examples come from a
different set. Compared to the original bird experiment, we observe that: (1) the performance jump
from L = 20 to L = 40 is considerably larger; (2) the gap between SSL methods and the initial model
is also more significant; and (3) the improvement from self-training is almost non-existent.

Experiment 3. We compare the “Graph-Card” method across the two settings, where the validation
set is either from the source or the target domain. Fig. summarizes the results. In this comparison,
the model validated on the target domain performs consistently better than the model validated on the
source domain. However, the difference decreases as the number of labeled images increases, as in both
settings the method is getting closer to the limit, which can be seen from other experiments on bird

segmentation, where the performance levels off when L > 40.

4.5 Discussion

In this chapter, we proposed a new framework for semi-supervised structured output learning that allows
the use of expressive high order regularizers defined directly on model predictions for unlabeled data.

We proved that this framework and PR are closely related. Experimental results on image segmentation
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Figure 4.3: Experiment 1 (a),(c): Test performance for the initial model and the 3 SSL methods; (b),(d):
improvements for the three methods over the initial model.

tasks demonstrated the effectiveness of our framework, and its ability to strongly benefit from unlabeled

data in a domain adaptation setting.

Looking forward, exploring the learning of the input similarity metric s;; in our graph-based SSL, and
also incorporating other types of high order regularizers are promising directions for research. Developing
more efficient inference algorithms for these high order regularizers is important for the success of the
method. On the application side, our segmentation tasks are especially relevant when combined with an
object detector. SSL for a structured prediction model that performs segmentation and detection jointly
is an interesting and challenging future direction.

From our empirical experience, the most important key to the success of these semi-supervised
learning methods is to have a good similarity metric between examples. Examples that are close under
such a similarity metric should have similar output labels. For classification problems, if we have access
to a perfect similarity metric which puts examples having the same class close to each other and examples
in different classes far apart, then we effectively have access to fully labeled data. For structured output
problems, it is very rare for two examples to have exactly the same label, and even knowing the perfect

similarity metric does not imply we know the true label for unlabeled data. This implies that semi-
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Figure 4.4: Experiment 2: Results for the domain adaptation Bird task, where the unlabeled and
validation and test sets are from a different dataset than the training set. The curve for “Initial” is
behind “Self-Training”.

supervised learning for structured output problems are a lot harder than for simple prediction problems.
However, combined with a prediction model, a better similarity metric in general leads to better semi-
supervised learning performance.

In our experiments, the HOG based feature representations for images provided a good similarity
metric, as HOG captures object shape quite well, and objects with similar shapes, meaning similar
sizes, orientations, etc., have similar segmentation labels. More generally, similarity metric learning
may be framed as a representation learning problem, which maps data examples with similar labels to
similar representations. This perspective makes the development of neural network based representation
learning methods very relevant.

On the other hand, if a similarity metric is not great, the success of semi-supervised learning requires
the similarity metric and the prediction model to capture different aspects of the prediction. This makes
it possible for the model to learn from the similarity metric. It also requires that we start with a
reasonably good model, because if the starting model is bad, then a far-from-perfect similarity metric
may lead it to become even worse.

From a more practical side, semi-supervised learning is a way to utilize unlabeled data to improve a
supervised learning system. Other techniques may be also relevant in terms achieving this goal. In the
case of having only a very small set of labeled data, an alternative to directly applying semi-supervised
learning is to simply make an effort to label more data. In this case, if it is difficult to train a reasonably
good model with supervised learning, then it is not guaranteed that semi-supervised learning may help
that much. The labeling effort can be optimized by using techniques like active learning.

The setup where semi-supervised learning is really attractive is when the amount of training data is
enough to train a reasonably good model, but we also have magnitudes more unlabeled data that can be
used to further improve the model. At this scale, hand labeling meaningfully more data is not feasible,

therefore good semi-supervised learning algorithms should really excel in this setup.
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Chapter 5

Neural Mean Field Networks

In this chapter, we take a closer look at the relationship between graphical models, commonly used
for representation and reasoning of structured data and problems, with neural networks. In the study,
we found that these two types of models have an interesting connection. More specifically, in this
chapter we show that pairwise Markov random field (MRF) models, including its conditional variants
like CRF's, when used for prediction through an iterative mean field inference algorithm, can be converted
equivalently into a neural network with a special structure and weight tying scheme.

The theoretical result in this chapter is generally applicable to pairwise MRF models with mean field
inference, and can be extended to other iterative inference algorithms like belief propagation and its
variants, as well as MRFs with high order potentials. The equivalence result connects a quite general
class of MRF's to a constrained type of neural network. Realizing this motivates us to relax the constraints
on the neural network models, which can further increase the model capacity and has shown promise in
preliminary experiments.

The results obtained in this chapter also indicate that neural network models may well be used as

stand-alone structured prediction models.

5.1 Equivalence Between Mean Field Inference for Pairwise
MRFs and Neural Networks

We consider pairwise MRFs defined for random vector y on graph G = (V, &) with vertex set V and
edge set £ of the following form,

P(y) = 5 exp(Fo(y)), (1)

where the scoring function Fg(y) is a sum of unary (f;) and pairwise (f;;) potentials
Fo(y) =Y filyis0)+ > fij(y:,9;,0) (5.2)
% (1,7)€€

0 is a set of parameters in F and Z = ) exp(Fp(y)) is a normalizing constant. We assume for all i € V,
y; takes values from a discrete set {1,..., K'}. Note that p(y) can be a posterior distribution p(y|x) (a
CRF) conditioned on some input x, and the scoring function can depend on x with parameter 8. We do

not make this dependency explicit for simplicity of notation, but all discussions in this chapter apply to

61
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Figure 5.1: Illustration of one unit in Mean Field Networks.

conditional distributions just as well and most of our applications are for conditional models. Pairwise
MRFs are widely used in, for example, image segmentation, denoising, depth estimation, etc. Inference
in such models is hard in general.

The mean field algorithm is a widely used approximate inference algorithm, and is described in
Section The algorithm finds the best factorial distribution q(y) =[],y ¢:(y:) that minimizes the
KL-divergence with the original distribution p(y). The standard strategy to minimize this KL-divergence
is coordinate descent. When fixing all ¢; distributions except ¢;, the optimal distribution ¢} (y;) has a

closed form solution

G ) = oo | L0+ S0 S a5 fis(v:,v5.0) (5.3)

Z; =
JEN(3) Yj

where A (i) represents the neighborhood of vertex ¢ and Z; is a normalizing constant. In each iteration
of mean field, the ¢ distributions for all variables are updated in turn and the algorithm is executed until
some convergence criterion is met.

We observe that Eq.[5.3]can be interpreted as a feed-forward operation similar to those used in neural
networks. More specifically, g; corresponds to the output of a node and ¢;’s are the outputs of the layer
below, f; are biases and f;; are weights, and the nonlinearity for this node is a softmax function. Fig.[5.1
illustrates this correspondence. Note that unlike ordinary neural networks, the ¢ nodes and biases are
all vectors, and the connection weights are matrices.

Based on this observation, we can map a M-iteration mean field algorithm to a M-layer feed-forward
neural network. Each iteration corresponds to the forward mapping from one layer to the next, and all
layers share the same set of weights and biases given by the underlying graphical model. The bottom
layer contains the initial distributions. We call this type of network a Neural Mean Field Network
(NMFN).

Fig. 5.2] shows 2-layer NMFNs for a chain of 4 variables with different update schedule in mean
field inference. Though it is possible to do exact inference for chain models, we use them here just
for illustration. Note that the update schedule determines the structure of the corresponding NMFN.
Fig. a) corresponds to a sequential update schedule and Fig. [5.2(b) corresponds to a block parallel
update schedule.

From the feed-forward neural network point of view, NMFNs are just a special type of feed-forward

neural network, with a few important restrictions on the network architecture:

e The weights and biases, or equivalently the parameters 8, on all layers are tied and equal to the 8

in the underlying pairwise MRF.

e The network structure is the same on all layers and follows the structure of the pairwise MRF.
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Figure 5.2: 2-layer NMFNs for a chain model (D-@)-@)-@ with (a) sequential update schedule, (b) block
parallel update schedule. The weights and biases are dropped. The grey plates indicate layers. The
height of a node indicates its order in the updates.

These two restrictions make M-layer NMFNs exactly equivalent to M iterations of the mean field
algorithm. But from the feed-forward neural network point of view, nothing stops us from relaxing the
restrictions, as long as we keep the number of outputs at the top layer unchanged, making sure we are

predicting the right target.

5.2 Relaxing the Restrictions on the NMFNs

By relaxing the restrictions discussed above, we lose the equivalence to mean field, but if all we care
about is the quality of the input-to-output mapping, measured by some loss function like KL-divergence,
then this relaxation can be beneficial. We discuss a few relaxations here that aim to improve M-layer
NMFNs with fixed M as an inference tool for a pairwise MRF with fixed 6:

(1) Untying €’s in NMFNs from the 6 in the original pairwise MRF. If we consider M-layer NMFNs
with fixed M, then this relaxation can be beneficial as the mean field algorithm is designed to run
until convergence, but not for a specific M. Therefore choosing some 8’ # 6 may lead to better
KL-divergence in M steps when M is small. This can save time as the same quality outputs are

obtained with fewer steps. As M grows, we expect the optimal 8’ to approach 6.

(2) Untying 0’s on all layers, i.e. allow different 8’s on different layers. This will create a strictly more
powerful model with many more parameters. The 0’s on different layers can therefore focus on
different things; for example, the lower layers can focus on getting to a good area quickly and the

higher layers can focus on converging to an optimum fast.

(3) Untying the network structure from the underlying graphical model. If we remove connections from
the NMFNs, the forward pass in the network can be faster. If we add connections, we create a
strictly more powerful model. Information flows faster on networks with long range connections,
which is usually helpful. We can further untie the network structure on all layers, i.e. allow different

layers to have different connection structures. This creates a strictly more flexible model.
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Using NMFNs to Improve Inference As an example, we consider relaxation (1) for a trained
pairwise CRF with parameter 6. As the model is conditioned on input data, the potentials will be
different for each data case, but the same parameter 6 is used to compute the potentials. The aim here
is to use a different set of parameters 8’ in NMFNs to speed up inference for the CRF with parameter 6 at
test time, or equivalently to obtain better outputs within a fixed inference budget. To get 8’, we compute
the potentials for all data cases first using 8. Then the distributions defined by these potentials are used
as targets, and we train our NMFN to minimize the KL-divergence between the approximation and the
targets. Using KL-divergence as the loss function, this training can be done by following the gradients
of @', which can be computed by the standard back-propagation algorithm developed for feed-forward

networks. To be more specific, the KL-divergence loss is defined as

Lg"lp) =Y > aMw)loga i)=Y > e wfilw)— > > & wia () fij (Wi u)+C

i€V y; €Y i€V y, €Y (2,7)€E yi,y; €Y
(5.4)

where ¢M is the Mth layer output of the NMFN and C is a constant representing terms that do not
depend on ¢M. In this objective, the potentials f; and fi; are computed with the CRF parameters 0,
and the approximate marginals ¢™ are computed with NMFN parameters 6’. The gradient of the loss

with respect to ¢ (y;) can be computed as

%ﬁogqy(y) —filw) = D D @ W) fis i ) (5.5)

aqz ( l) ]EN()yJEy

The gradient with respect to 8" follows from the chain rule, as ¢™ is a function of €.

At test time, 8’ instead of @ is used to compute the outputs through the NMFN, which is expected
to get to the same results as using mean field in fewer steps, because the model is explicitly trained to

do so.

Other loss functions, for example KL(p|/¢) as used in expectation propagation [121] can also be

used to train the NMFN inference network.

Using NMFNs as Stand-Alone Prediction Models The discussions above focus on making
NMFNs better tools for inference. We can, however, take a step even further, to abandon the un-
derlying pairwise MRF and use NMFNs directly as discriminative models. For this setting, NMFNs
correspond to conditional distributions of form gg:(y|x) where x is some input and €’ is the parame-
ters. The ¢ distribution is factorial, and defined by a forward pass of the network. The weights and
biases on all layers as well as the initial distribution at the bottom layer can depend on x via functions
with parameters 8’. These discriminative NMFNs can be learned using a training set of (X, y) pairs to
minimize some loss function. An example is the element-wise hinge loss, which is better defined on the

output layer activations

a; ( fz yz Z qu Yj flj yz»yj> (5-6)

FJEN (i) v

which is simply the exponent part in Eq. The loss is

. 9) = 3 [ (ol () + A (8.5}~ a2 3) 5.7)

i€V
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Figure 5.3: Three pairs of example images, in each pair: left image is the noisy input image, right image
is the ground truth label.

where A is the task loss function. An example is A(k, ;) = cl[k # 4;], where ¢ is the loss for mislabeling
and I[.] is the indicator function. The gradient of this loss with respect to a* has a very simple form

or

BaM (k) = Ik = k"] = I[k = §i] (5.8)

where k* = argmax;, {a (k) + A(k,9;)} is the model prediction. The gradient of 8" can then be
computed using back-propagation.

Compared to the standard paradigm that uses intractable inference during learning, these discrimi-
native NMFNs are trained with fixed inference budget (M steps/layers) in mind, and therefore can be
expected to work better when we only run the inference for a fixed number of steps. The discriminative
formulation also enables the use of a variety of different loss functions more suitable for discriminative
tasks like the hinge loss defined above, which is usually not straight-forward to be integrated into the
standard paradigm. Many relaxations described before can be used here to make the discriminative

model more powerful, for example untying weights on different layers.

5.3 Preliminary Experiment Results

We demonstrate the performance of NMFNs on an image denoising task. We generated a synthetic
dataset of 50x100 images. Each image has a black background (intensity 0) and some random white
(intensity 1) English letters as foreground. Then independent flipping noise (pixel intensity flipped from
0 to 1 or 1 to 0) and Gaussian noise are added to each pixel. The task is to recover the clean text
images from the noisy images, more specifically, to label each pixel into one of two classes: foreground
or background. This problem has the same structure as a binary segmentation problem. We generated
training and test sets, each containing 50 images. A few example images and corresponding labels are
shown in Fig. [5.3]

The baseline model we consider in the experiments is a pairwise CRF. The model defines a posterior
distribution of output label y given input image x. For each pixel ¢ the label y; € {0, 1}. The conditional
unary potentials are defined using a linear model f;(y;,x) = y;w ' ¢(x,1), where ¢(x, i) extracts a 5x5
window around pixel ¢ and padded with a constant 1 to form a 26-dimensional feature vector, w € R26
is the parameter vector for unary potentials. The pairwise potentials are defined as Potts potentials,
fii(Yi, 5, x) = —pi;1ly; = y;], where p;; is the penalty for pixel ¢ and j to take different labels. We use
one single penalty pj for all horizontal edges and another p, for all vertical edges. In total, the baseline
model specified by 8 = (w, pp, p,) has 28 parameters.

For all inference procedures in the experiments for both mean field and NMFNs, the distributions
are initialized by taking softmax of unary potentials.

We learn 6 for the baseline model by gradient ascent to maximize the conditional log likelihood of

training data. To compute the gradients, the posterior expectations are approximated using marginals
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Figure 5.4: Results for the inference experiment, comparing the KL-divergence between inferred approxi-
mate distribution ¢(y) and the model distribution pg,,, (y|x), where the approximate ¢’s is obtained with
M-step mean field and M-layer NMFN with different M’s. Note the log partition function of pg,, (y|x)
is not included in the KL-divergence computation, as it is hard to compute and it is a irrelevant constant
for the purpose of comparing different approximations.

obtained by running mean field for 30 steps (abbreviated as MF-30). 0 is initialized as an all 1 vector,
except that the weight for constant feature in unary model is set to —5 x 5/2 = —12.5 corresponding
to roughly the mean pixel intensity. We denote this initial parameter setting as 0, and the parameters
after training as Oyp. With MF-30, 8y achieves an accuracy of 0.7957 on test set, which means the

initialization is already pretty good; after training, the accuracy improves to 0.8109.

5.3.1 NMFN for Inference

In the first experiment, we learn NMFNs to do inference for the CRF model with fixed parameter @yp.
In this task, NMFNs are used to approximate the posterior pg,,,(y|x) as well as possible. We train
M-layer NMFNs (NMFN-M) with fully untied weights on all layers to minimize the KL-divergence loss
for M =1,3,10,30. The NMFN parameters on all layers are initialized to be the same as f\p.

Results of this experiment are shown in Fig. As baselines, the average KL-divergence on test
set using mean field inference MF-1, MF-3, MF-10 and MF-30 are —12779.05, —12881.50, —12904.43,
—12908.54. Note that these numbers are the KL-divergence without the constant corresponding to log-
partition function, which we cannot compute and is an irrelevant constant for the purpose of comparing
different approximate distributions. This explains why the KL-divergence values are negative. The
corresponding KL-divergence on test set for NMFN-1, NMFN-3, NMFN-10, NMFN-30 are —12837.87,
—12893.52, —12908.80, —12909.34. We can see that NMFNs improve performance more significantly
when M is small, and NMFN-10 is even better than MF-30, while MF-30 runs the inference for 20 more
iterations than NMFN-10.

The inferred marginals for the mean field baselines and the learned NMFN-1 model on an example
image are shown in Fig. (zoom in for details). For visualization we show the marginal probability
for foreground. We can see the qualitative differences of results given by different methods, where the
results of NMFN-1 is considerably cleaner than the results of MF-1.
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G.T. MF-1, 3, 10, 30 NMFN-1

Figure 5.5: Inference example for an image, comparing inference results with mean field inference versus
results obtained with NMFN-1. G.T.: ground truth.

Model CRF + Mean Field NMFN
#steps or #layers 30 3 3
Parameters 0y \ O Onvr tied \ untied

Accuracy | 0.7957 [ 0.8109 | 0.8065 | 0.8134 | 0.8151

Table 5.1: Results for NMFNs as discriminative models. Comparing NMFN-3 variants with CRF models
using mean field inference. The results are pixel accuracy on the test set.

5.3.2 NMFN as Discriminative Model

In the second experiment, we train NMFNs as discriminative models for the denoising task directly.
The denoising results are shown in Table 5.1} We start with a three-layer NMFN with tied weights.
The NMFN parameters are initialized to be the same as @yr. As baselines, MF-3 with @yr achieves
an accuracy of 0.8065 on test set, and MF-30 with 8y and O\ achieves accuracy 0.7957 and 0.8109
respectively as mentioned before.

We learn the NMFN parameters to minimize the element-wise hinge loss with learning rate 0.0005
and momentum 0.5 as discussed in Section After 50 gradient steps, the test accuracy improves and
converges to around 0.8134, which beats all the mean field baselines and is even better than MF-30 with
O\

Then we untie the weights of the three-layer NMFN and continue training with larger learning rate
0.002 and momentum 0.9 for another 200 steps. The test accuracy improves further to around 0.8151.
During learning, we observe that the gradients for the three layers are usually quite different: the first
and third layer gradients are usually much larger than the second layer gradients. This may cause a
problem for NMFN with tied weights, which is essentially using the same gradient (sum of gradients on
three layers) for all three layers.

As a comparison, we tried to continue training NMFN with tied weights using learning rate 0.002
and momentum 0.9. The test accuracy improves to around 0.8145 but oscillated a lot and eventually
diverged. We've tried a few smaller learning rate and momentum settings but can not get the same level

of performance as NMFN with untied weights within 200 steps.

5.4 Extention to Loopy Belief Propagation

The idea of NMFN can be easily generalized to other message passing based iterative inference algo-
rithms. Belief propagation methods are a natural next step.

In Section the update equations for loopy belief propagation (LBP) are presented in Equations
[2.27 2.28] 2.29 .301 The message passing process in LBP can be unrolled in a similar way to how

we unrolled the mean field inference. Consider again a pairwise model for simplicity, the messages are
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computed as

mi—ij(yi) = H exp(fi(yi))mijr—i(y:) (5.9)
37:(6,3")EE 5 #]
mij—i(yi) = Z exp(fij (Yi> y5))mj—ij (Y5), (5.10)

Yi

where ij is an unordered pair. Based on these two equations, we can introduce two types of nodes
m;—; and my;_,,; into a feed-forward network, which results in 4 network nodes per edge in one round of
updates. It is usually a good idea to normalize these messages in each update, and to do computations
in the log-domain to avoid numeric problems.

After this message passing process is unrolled for T' steps, we can apply the output model and

compute
q(yiys) o< exp(fi (Yo, yi))misij (Yi) My (y5) (5.11)
a(y) o exp(fi(w)) [ mis—ilys) (5.12)
j:(i,5)€E

Once we got these approximate marginals, we can follow the discussion for NFMNs to (1) relax
the restrictions; (2) use these networks as inference tools and (3) use these networks as discriminative
models directly. The extentions to other message passing based algorithms can be derived by following

this process easily.

5.5 Related Work

Previous work by Justin Domke [32] 3] and Stoyanov et al.[I50] are the most related to ours. In [32] B3],
the author described the idea of truncating message passing at learning and test time to a fixed number
of steps, and back-propagating through the truncated inference procedure to update parameters of the
underlying graphical model. In [I50] the authors proposed to train graphical models in a discriminative
fashion to directly minimize empirical risk, and used back-propagation to optimize the graphical model
parameters.

Compared to their approaches, our NMFN model takes one step further: in the previous approaches
the proposed methods are still tied to an underlying graphical model, but in our model we proposed to
untie the NMFN model from the underlying graphical model and proposed a few other more aggressive
relaxations. The key is our observation about a more explicit connection between iterative inference
algorithms and feed-forward neural networks, which makes it clear to see where the restrictions of the
model are, and also more straightforward to derive gradients for back-propagation. NMFNs enables some
natural relaxations of the restrictions like weight sharing, which leads to faster and better inference as
well as more powerful prediction models. When restricting our NMFNs to have the same weights and
biases on all layers and tied to the underlying graphical model, we can recover the method in [32] [33]
for mean field.

Another work by [65] briefly draws a connection between mean field inference of a specific binary
MRF with neural networks, but did not explore further variations.

A few papers have discussed the compatibility between learning and approximate inference algorithms

theoretically. [I69] shows that inconsistent learning may be beneficial when approximate inference is
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used at test time, as long as the learning and test time inference are properly aligned. [89] on the other
hand shows that even when using the same approximate inference algorithm at training and test time
can have problematic results when the learning algorithm is not compatible with inference. NMFNs do
not have this problem, as training follows the exact gradient of the loss function.

On the neural networks side, people have tried to use a neural network to approximate intractable
posterior distributions for a long time, especially for learning sigmoid belief networks, see for example
[28] and recent paper [122] and citations therein. As far as we know, no previous work on the neural
network side have discussed the connection with mean field or belief propagation type methods used for
variational inference in graphical models.

A recent paper [83] develops approximate MCMC methods with limited inference budget, which

shares the spirit of our work.

5.6 Discussion

The main contribution of this chapter is the theoretical result that connects iterative inference proce-
dures to feed-forward neural networks. On the empirical study side, we have done some preliminary
experiments, which indicates that this direction is promising.

From a technical perspective, practically applying the NFMN model in its current form presented
in this chapter still faces a number of challenges. First of all, the current NFMN model requires us to
prespecify the number of layers to use in the network. The more layers we have in the model, the more
capacity there is in the network. On the other hand, having more layers also means the computations
are more expensive. The right number of layers to use in the network seems to be model dependent and
problem dependent, and may be selected with trial and error.

Second, when we untie the NMFN network parameters from that of the underlying graphical model,
all the potentials in the NMFN is also untied and therefore need to be recomputed or updated. This
introduces a considerable cost to the inference process. This cost can be alleviated by adapting and
untying only parts of the potentials, and share the rest.

Empirically, we found that untying the weights of the NMFN from that of the graphical model can
only improve performance by a small amount. Performance upper bound is fundamentally limited by
the structure of these networks. In fact, each update in the NMFN as in Eq. is very similar to
applying a convolution operation to ¢, while the convolution kernel is very small, usually with a size
of 4 (for 4-connected graphs) or 8 (for 8-connected graphs), and on each layer the number of channels
must be equal to K the number of output states for each i. Applying modern convolutional neural
network design principles, by using larger kernel size, larger number of channels, and strided or dilated
convolutions should further improve performance of these models.

Around the same time as our paper on NMFNs [102] or later, a few other researchers have developed
ideas similar to ours. [59] extended the idea of unrolling an iterative inference algorithm into a neural
network to include belief propagation inference and iterative non-negative matrix factorization. [I81]
successfully applied similar unrolling idea to fully-connected CRFs and achieved good performance on
semantic image segmentation tasks.

This line of work established that models like Neural Mean Field Networks, based on a feed-forward
network view of an iterative inference algorithm commonly associated with standard structured output

models, have great potential as stand alone structured models. In this chapter, we explored some
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of the immediate consequences of realizing the equivalence between inference algorithms and neural
networks, and showed that in case of NMFNs, relaxing these restrictions can improve inference efficiency
and discriminative performance. This provides a promising new direction of using structured neural
networks for solving structured problems, and implies that further relaxation of the restrictions of the
network architecture may yield even more performance gains.

The graphical model based approaches and the neural network based approaches handle the struc-
tured prediction problems very differently, as briefly discussed in Section[2.3.3] In graphical model based
approaches, a model is specified through the definition of the potential functions or scoring functions,
and then a separate inference algorithm is applied to make predictions. This separation of modeling and
inference is convenient for understanding the model behavior, and makes it easy to change the model and
adapt to new needs. However, this separation also causes troubles as inference for complicated models
are fundamentally hard, therefore limiting the application of more expressive models. Essentially, the
models in graphical model based approaches can be arbitrarily complex, but we are held back by our
lack of good inference methods.

The neural network based approaches handle these challenges differently, by directly modeling the
computation process of making a prediction. Instead of separating modeling and inference, this approach
combines them. Directly modeling the computation process gives us a lot of freedom to design models
that have complicated architectures not limited to the ones following a particular inference algorithm
derived for a graphical model. From this perspective, these neural network based models can be more
powerful than the graphical models as the inference is always efficient (as opposed to intractable inference

for graphical models) no matter how complicated the network architecture is.



Chapter 6

Gated Graph Sequence Neural
Networks

Many practical applications build on graph-structured data, and thus we often want to perform ma-
chine learning tasks that take graphs as inputs. Example applications include predicting properties for
molecules in computational chemistry and biology, reasoning with knowledge bases, and predictions for
social networks. A few examples are illustrated in Fig. Standard approaches to this problem include
engineering custom features of an input graph, graph kernels [70, [143], and methods that define graph
features in terms of random walks on graphs [I31]. More closely related to our goal in this chapter are
methods that learn features on graphs, including Graph Neural Networks [45] [140], spectral networks
[I7] and recent work on learning graph fingerprints for classification tasks on graph representations of
chemical molecules [34].

In this chapter, we move one step further along the direction of developing structured neural network
models for structured problems, and introduce the Gated Graph Sequence Neural Networks, with its
non-sequential variant Gated Graph Neural Networks. These models can exploit the graph structure in
structured problems, represent the complicated interactions between entities on the graph, and learn to
do various tasks efficiently without getting into the trouble of intractable inference. In this chapter, the
input is structured graph data, and the output can be structured as well.

More specifically, our main contribution in this chapter is an extension of Graph Neural Networks [45]
140] that outputs sequences. A secondary contribution is highlighting that Graph Neural Networks and
further extensions we develop here are a broadly useful class of neural network model that is applicable
to problems currently facing the field. Previous work on feature learning for graph-structured inputs has
focused on models that produce single outputs such as graph-level classifications, but many problems
with graph inputs require outputting sequences. Examples include paths on a graph, enumerations of
graph nodes with desirable properties, or sequences of global classifications mixed with, for example, a
start and end node. We are not aware of existing graph feature learning work suitable for this problem.
Our motivating application comes from program verification and requires outputting logical formulas,
which we formulate as a sequential output problem.

There are two settings for feature learning on graphs: (1) learning a representation of the input
graph, and (2) learning representations of the internal state during the process of producing a sequence

of outputs. Here, (1) is mostly achieved by previous work on Graph Neural Networks; we make several
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Figure 6.1: Example graph structured data that appear in different applications. (a) predicting prop-
erties from molecule structure, here molecules are graphs with atoms being nodes and chemical bounds
being edges; (b) reasoning with a knowledge base, where entities are nodes in the graph and relations
between entities are edges; in this example, edges with different colors represent different relationships.

adaptations of this framework, including changing it to use modern practices around Recurrent Neural
Networks. (2) is important because we desire outputs from graph-structured problems that are not solely
individual classifications. In these cases, the challenge is how to learn features on the graph that encode
the partial output sequence that has already been produced (e.g., the path so far if outputting a path)
and that still needs to be produced (e.g., the remaining path). We will show how the Graph Neural
Network framework can be adapted to these settings, leading to a novel graph-based neural network
model that we call Gated Graph Sequence Neural Networks (GGS-NNs).

We illustrate aspects of this general model in experiments on bAbI tasks [I75] and graph algorithm
learning tasks that illustrate the capabilities of the model. Finally, we discuss an application to the
verification of computer programs. When attempting to prove properties such as memory safety (i.e.,
that there are no null pointer dereferences in a program), a core problem is to find mathematical
descriptions of the data structures used in a program. Following [I6], we have phrased this as a machine
learning problem where we will learn to map from a set of input graphs representing the state of memory
to a logical description of the data structures that have been instantiated. Whereas [16] relied on a large
amount of hand-engineering of features, we show that the system can be replaced with a GGS-NN at no

cost in accuracy.

6.1 Graph Neural Networks

In this section, we review Graph Neural Networks (GNNs) [45] 140] and introduce notation and concepts
that will be used throughout.

GNNs are a general neural network architecture defined according to a graph structure G = (V, €).
Nodes v € V take unique values from 1,...,|V|, and edges are pairs e = (v,v') € V x V. We will
focus in this chapter on directed graphs, so (v,v’) represents a directed edge v — v’, but we note
that the framework can easily be adapted to undirected graphs; see [I40]. The node vector (or node
representation or node embedding) for node v is denoted by h, € R”. Graphs may also contain node
labels I, € {1,..., Ly} for each node v and edge labels or edge types l. € {1,..., Le} for each edge. We
will overload notation and let hs = {h, |v € S} when S is a set of nodes, and ls = {l.|e € S} when
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S is a set of edges. The function IN(v) = {v'| (v/,v) € £} returns the set of predecessor nodes v’ with
v" — v. Analogously, OuT(v) = {v'|(v,v’) € £} is the set of successor nodes v’ with edges v — v'.
The set of all nodes neighboring v is NBr(v) = IN(v) U OUT(v), and the set of all edges incoming to or
outgoing from v is Co(v) = {(v/,v") € E|v=v" Vv ="}

GNNs map graphs to outputs via two steps. First, there is a propagation step that computes node
representations for each node; second, an output model o, = g(h,,[,) maps from node representations
and corresponding labels to an output o, for each v € V. In the notation for g, we leave the dependence
on parameters implicit, and we will continue to do this throughout. The system is differentiable from

end to end, so all parameters are learned jointly using gradient-based optimization.

6.1.1 Propagation Model

Here, an iterative procedure propagates node representations. Initial node representations hg,l) are
set to arbitrary values, then each node representation is updated following the recurrence below until
convergence, where ¢ denotes the timestep:
t) _ px (t—1)
hi(; ) = [ (o, lCO(v)’ lNBR(v)’ hNBR(v))'
Several variants are discussed in [I40] including positional graph forms, node-specific updates, and

alternative representations of neighborhoods. Concretely, [140] suggest decomposing f*(-) to be a sum

of per-edge terms:

1
f (lU7lCO(u)alNBR(u)a NBR v) Zf Ua (v’ v)7lv’a v’ +Zf U7l(vv lv/7 t ))7
v’ €IN(v) v’ €0UT(v)

where f(-) is either a linear function of h,s or a neural network. The parameters of f depends on the
configuration of labels, e.g. in the following linear case, A and b are learnable parameters and for each

tuple of (I, (v ), L) there is a different pair of A and b parameters,

F(los Lo s Lors B ) = A0 DR D ol )

6.1.2 Output Model and Learning

The output model is defined per node and is a differentiable function g(h,,[,) that maps to an output.
This is generally a linear or neural network mapping. [I40] focus on outputs that are independent
per node, which are implemented by mapping the final node representations hg,T), to an output o, =
g( S)T),lv) for each node v € V. To handle graph-level classifications, they suggest to create a dummy
“super node” that is connected to all other nodes by a special type of edge. Thus, graph-level regression
or classification can be handled in the same manner as node-level regression or classification.

Learning is done via the Almeida-Pineda algorithm [T, 132], which has the advantage of not needing
to store intermediate states in order to compute gradients. The disadvantage is that parameters must
be constrained so that the propagation step is a contraction map. This is needed to ensure convergence,
but it may limit the expressivity of the model. When f(-) is a neural network, this is encouraged using
a penalty term on the 1-norm of the network’s Jacobian.

Contraction Maps Are Bad at Modeling Long Range Dependencies. Here, we show one
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example where the intuition why contraction maps have trouble propagating information across a long

range in a graph is clear.

Consider a cycle-structured GNN with N nodes {1,..., N}, where for each node i > 1 there is edge
(1 — 1,7) (and there is also an extra edge (N,1) that completes the cycle). For simplicity we ignored
all edge labels and node labels, equivalently this is a simple example with Ly, =1 and Lg = 1, and we
consider the case where each node only has a 1D node representation. At each timestep ¢ we update
hidden states hy,...,hy as
h = FnY) (6.1)
where f is a transformation function that may contain learnable parameters. Let ¢(h) = [¢1(h), ..., on(h)]T,

where ¢;(h(=D) = f(n{"V) = p{").

By definition, ¢ is contraction map if

lp(h) = @(h')]| < pl[h -1’ (6.2)

for a constant 0 < p < 1 and any pair h,h’. Therefore ¢ being a contraction map implies that each

entry of the Jacobian matrix of ¢ is bounded by p, i.e.

i
Oh,;

<p,  Yi,Vj (6.3)

To see this, consider two vectors h and h’, where hy = h},Vk # j and h; + ¢ = h;. The definition in
Eq. [6.2 implies that for all 4,

lpi(h) — @i(h')] < [lp(h) — ()| < pllh = h'[| = ple]. (6.4)

Therefore

’ Lpi(hl, ceey h,j_l, hj, hj+1, ceey hN) — (pi(hl, ceey hj—17 hj —|— €, hj+1, ceny hN) S 0, (65)
€
where the left hand side is ‘gf; by definition as € — 0.
When j =i —1,
dpi
6.6
] e E (6.6)

Also, because of the special cycle graph structure, for all other j # i — 1 we have gf? = 0. Applying this
J

to the update at timestep ¢, we get

on?

t—1
oni Y

< =0,Vj#i—1. (6.7)
(t—1)
Ghj

h"
<p, and ‘ Oh;

Now let’s see how a change in hgl) could affect hit). Using the chain rule and the special graph
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structure, we have

o | | on” oni"  on®?
oV |onlSY oY on(Y
C|on® | onRV| ond?
on= V| |oni' 2| |onlY
<p-p-p=pTt (6.8)

As p < 1, this derivative will approach 0 exponentially fast as ¢t grows. Intuitively, this means that the
impact one node has on another node far away will decay exponentially, therefore making it difficult to

model long range dependencies.

6.2 Gated Graph Neural Networks

We now describe Gated Graph Neural Networks (GG-NNs), our adaptation of GNNs that is suitable for
non-sequential outputs. We will describe sequential outputs in the next section. The biggest modification
of GNNs is that we use Gated Recurrent Units [26] and unroll the recurrence for a fixed number of steps T
and use backpropagation through time in order to compute gradients. This requires more memory than
the Almeida-Pineda algorithm, but it removes the need to constrain parameters to ensure convergence.

We also extend the underlying representations and output model.

6.2.1 Node Annotations

In GNNs, there is no point in initializing node representations because the contraction map constraint
ensures that the fixed point is independent of the initializations. This is no longer the case with GG-
NNs, which lets us incorporate node labels as additional inputs. To distinguish these node labels used
as inputs from the ones introduced before, we call them node annotations, and use vector x to denote
these annotations.

To illustrate how the node annotations are used, consider an example task of training a graph neural
network to solve a basic reachability task: whether node ¢ can be reached from node s on a given
graph. For this task, there are two problem-related special nodes s and ¢, and we can set x, = [1,0] ",
x; = [0,1]7, and x, = [0,0]" for any other node v. We then initialize the node state vectors h{"
using these label vectors. The propagation model naturally propagates this task-related information
across the graph. In this reachability example, if all nodes reachable from s have their first bit of node
representation set to 1 after the propagation, then a classifier can easily tell whether node ¢ is reachable
from s using the node representations. In practice, we initialize hq(jl) by copying x, into it and padding
with extra 0’s to provide more capacity. We do not force thﬁ t > 1 to be interpretable, and just let the

model learn a proper representation for the tasks from the data.

6.2.2 Propagation Model

The basic recurrence of the propagation model is



CHAPTER 6. GATED GRAPH SEQUENCE NEURAL NETWORKS 76

@ Outgoing Edges  Incoming Edges
@ ‘!"ﬁ 1 2 3 41 2 3 4

1 B
2 clp (o}
® @ LI
(a) (b) (c) A = [Alw), Al

Figure 6.2: (a) Example graph. Color denotes edge types. (b) Unrolled one timestep. (c) Parameter
tying and sparsity in recurrent matrix. Letters denote edge types with B’ corresponding to the reverse
edge of type B. B and B’ denote distinct parameters.

h” =[x, 0]7 (6.9) ri =0 (Wal) + Uh{ ) (6.12)
. -
-1 — _
a = AL [T G 4b (60) b = tanh (Wal’ + U (rL o bl ")) (6.13)
7 =0 (Wal) + U h{' ™) (6.11) B = (1-2,) o bt + 25 © b, (6.14)

The matrix A € RPIVI*2PIVI determines how nodes in the graph communicate with each other. The
sparsity structure and parameter tying in A is illustrated in Fig. The sparsity structure corresponds
to the edges of the graph, and the parameters in each submatrix are determined by the edge type and
direction. A,. € RPIVIX2D is the submatrix of A containing the columns corresponding to node v,
both from incoming edges and outgoing edges. Eq. is the initialization step, which copies node
annotations into the first components of the hidden state and pads the rest with zeros. Eq. is the
step that passes information between different nodes of the graph via incoming and outgoing edges with
parameters dependent on the edge type and direction. an) € R2P contains activations from edges in both
directions. The remaining are GRU-like updates that incorporate information from the other nodes and
from the previous timestep to update each node’s hidden state. z and r are the update and reset gates,
o(z) =1/(1+ e ") is the logistic sigmoid function, and ® is element-wise multiplication. We initially
experimented with a vanilla recurrent neural network-style update, but in preliminary experiments we

found this GRU-like propagation step to be more effective.

6.2.3 Output Models

There are several types of one-step outputs that we would like to produce in different situations. First,
GG-NNs support node selection tasks by making o, = g(hgT),xv) for each node v € V output node
scores and applying a softmax over node scores. Second, for graph-level outputs, we define a graph level

representation vector as

hg = tanh (Z o(i(h'",x,)) ® tanh (hg,T)>> , (6.15)

veY

where O'(Z'(hq(,T),XU)) acts as a soft attention mechanism that decides which nodes are relevant to the

(T)

current graph-level task. i(hy ’, x,) is a neural network that takes the concatenation of hE,T) and x, as

input and outputs real-valued scores. The tanh functions can also be replaced with the identity to get
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Figure 6.3: Architecture of GGS-NN models.

a simpler version of this graph representation vector.

6.3 Gated Graph Sequence Neural Networks

Here we describe Gated Graph Sequence Neural Networks (GGS-NNs), in which several GG-NNs operate

in sequence to produce an output sequence oW ... o),

For the k' output step, we denote the matrix of node annotations as xR = [xgk); e ;x‘(ﬁ]T €

RIVIXLv  We use two GG-NNs .7-'¢(,k) and ]-";(éc): f((,k) for predicting o®) from X(k), and }:(\f) for predicting
XD from &®) . 2D can be seen as the states carried over from step k to k+1. Both F5° and ]-"/(é)
contain a propagation model and an output model. In the propagation models, we denote the matrix of
node vectors at the t*" propagation step of the k*" output step as H D — [hgk’t); ceed hl({i"t)]—r e RIVIXD,
As before, in step k, we set H D by 0-extending x® per node. An overview of the model is shown in
Fig. [6-3

Alternatively, fék) and f%ﬂ) can share a single propagation model, and just have separate output
models. This simpler variant is faster to train and evaluate, and, in many cases can achieve similar
performance level as the full model. But in cases where the desired propagation behavior for ]—'c(,k) and
.7-"/(15) are different, this variant may not work as well.

We introduce a node annotation output model for predicting X*D from HET) | The prediction is
done for each node independently using a neural network j(hgk’T),xgk)) that takes the concatenation of

h7(1k7T) k)

and XS, as input and outputs a vector of real-valued scores:

XD = 5 (j(hg”), ngk-))) . (6.16)

There are two settings for training GGS-NNs: specifying all intermediate annotations X (k), or train-
ing the full model end-to-end given only X (1), graphs and target sequences. The former can improve
performance when we have domain knowledge about specific intermediate information that should be

represented in the internal state of nodes, while the latter is more general. We describe both.

Sequence outputs with observed annotations Consider the task of making a sequence of predic-
tions for a graph, where each prediction is only about a part of the graph. In order to ensure we predict
an output for each part of the graph exactly once, it suffices to have one bit per node, indicating whether
the node has been “explained” so far. In some settings, a small number of annotations are sufficient
to capture the state of the output procedure. When this is the case, we may want to directly input
this information into the model via labels indicating target intermediate annotations. In some cases,
these annotations may be sufficient, in that we can define a model where the GG-NNs are rendered
conditionally independent given the annotations.

In this case, at training time, given the annotations X (k) the sequence prediction task decomposes

into single step prediction tasks and can be trained as separate GG-NNs. At test time, predicted
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annotations from one step will be used as input to the next step. This is analogous to training directed

graphical models when data is fully observed.

Sequence outputs with latent annotations More generally, when intermediate node annotations
X% are not available during training, we treat them as hidden units in the network, and train the whole

model jointly by backpropagating through the whole sequence.

6.4 Explanatory Applications

In this section we present example applications that concretely illustrate the use of GGS-NNs. We focus

on a selection of bAbI artificial intelligence (AI) tasks [I75] and two graph algorithm learning tasks.

6.4.1 DbADI Tasks

The bADI tasks are meant to test reasoning capabilities that Al systems should be capable of. In the
bADbI suite, there are 20 tasks that test basic forms of reasoning like deduction, induction, counting, and
path finding.

We have defined a basic transformation procedure that maps bAbI tasks to prediction problems on
graphs suitable for GG-NNs or GGS-NNs. We use the --symbolic option from the released bAbI code
to get stories that just involve sequences of relations between entities, which are then converted into
a graph. Each entity is mapped to a node, and each relation is mapped to an edge with edge label
given by the relation type. The full story is consumed and mapped to a single graph. Questions are
marked by eval in the data and are comprised of a question type (e.g., has_fear), and some argument
(e.g., one or more nodes). The arguments are converted into initial node annotations, with the i-th
bit of the i-th argument node’s annotation vector set to 1. For example, if the eval line is eval E >
A true, then E gets initial annotation xg) = [1,0]", A gets XS) = [0,1]7, and for all other nodes v,
x{ = [0,0]T. Question type is 1 (for *>’) and output is class 1 (for ‘true’). Some tasks have multiple
question types, for example Task 4 which has 4 question types: e, s, w, n. For such tasks we simply train
a separate GG-NN for each task. We do not use the strong supervision labels provided in the dataset,
which indicates which line of fact is used for reasoning to get the final answer. We also do not give the
GGS-NNs any intermediate annotations (Section in any experiments.

While simple, this transformation does not preserve all information about the story (e.g., it discards
temporal order of the inputs), and it does not easily handle ternary and higher order relations (e.g.,
Yesterday John went to the garden is not easily mapped to a simple edge, which involves three
entities yesterday, John and garden). We also emphasize that it is a non-trivial task to map general
natural language to symbolic fornﬂ7 so we could not directly apply this approach to arbitrary natural
language. Relaxing these restrictions is left for future work.

However, even with this simple transformation, there are a variety of bAbI tasks that can be formu-
lated, including Task 19 (Path Finding), which is arguably the hardest task. We provide baselines to
show that the symbolic representation does not help RNNs or LSTMs significantly, and show that GGS-
NNs solve the problem with a small number of training instances. We also develop two new bAbl-like

tasks that involve outputting sequences on graphs: shortest paths, and a simple form of Eulerian circuits

1 Although the bADbI data is quite templatic, so it is straightforward to hand-code a parser that will work for the bAbI
data; the symbolic option removes the need for this.
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(on random connected 2-regular graphs). The point of these experiments is to illustrate the capabilities

of GGS-NNs across a variety of problems.

Example 1. As an example, below is an instance from the symbolic dataset for bAbl task 15, Basic

Deduction.

is A
is E
has_fear F
is F
has_fear H
has_fear A

has_fear A

Q @-m = M Q@ = W O

is H
eval B has_fear
eval G has_fear

eval C has_fear

o = oI

eval D has_fear

Here the first 8 lines describe the facts, the GG-NN will use these facts to build a graph. Capital
letters are nodes, is and has_fear are interpreted as edge labels or edge types. The last 4 lines are 4
questions asked for this input data. has_fear in these lines are interpreted as a question type. For this
task, in each question only one node is special, e.g. the B in eval B has_fear, and we assign a single
value 1 to the annotation vector for this special node and 0 to all the other nodes.

For RNN and LSTM the data (for a different example) is converted into token sequences like below:

n6 el nl eol n6 el n5 eol nl el n2 eol n4 el n5 eol n3 el n4 eol n3 el n5 eol

n6 el n4 eol ql n6 n2 ans 1

where n<id> are nodes, e<id> are edges, q<id> are question types, extra tokens eol (end-of-line)
and ans (answer) are added to give the RNN & LSTM access to the complete information available in
the dataset. The final number is the class label.

Example 2. As a second example, below is an instance from the symbolic dataset for bAblI task 19,
Path Finding.

Es A
BnC
EweF
BweE
eval path B A w,s
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Here the first 4 lines describe edges, s, n, w, e (e does not appear in this example) are all different
edge types. The last line is a path question, the answer is a sequence of directions w, s, as the path going
from B to A is to first go west to E then go south to A. The s, n, w, e in the question lines are treated as

output classes.

More Training Details.  For all tasks in this section, we generate 1000 training examples and 1000
test examples, 50 of the training examples are used for validation. When evaluating model performance,
for all bADbI tasks that contain more than one questions in one example, the predictions for different
questions were evaluated independently. As there is randomness in the dataset generation process, we
generated 10 such datasets for each task, and report the mean and standard deviation of the evaluation
performance across the 10 datasets.

For all explanatory tasks, we start by training different models on only 50 training examples, and
gradually increase the number of training examples to 100, 250, 500, and 950 (50 of the training examples
are reserved for validation) until the model’s test accuracy reaches 95% or above, a success by bAbI
standard [I75]. For each method, we report the minimum number of training examples it needs to reach
95% accuracy along with the accuracy it reaches with that amount of training examples. In all these
cases, we unrolled the propagation process for GG-NNs and GGS-NNs for 5 steps. For bAbI task 4, 15,
16, 18, 19, we used GG-NN with the size of node vectors th) setto D=4, D=5 D=6,D =3 and
D = 6 respectively. For all the GGS-NNs in this section we used the simpler variant in which }',(,k) and
]-'gf) share a single propagation model. For shortest path and Eulerian circuit tasks, we used D = 20.
All models are trained long enough with Adam [71], and the validation set is used to choose the best

model to evaluate and avoid models that are overfitting.

Single Step Outputs

We choose four bAbI tasks that are suited to the restrictions described above and require single step
outputs: 4 (Two Argument Relations), 15 (Basic Deduction), 16 (Basic Induction), and 18 (Size Rea-
soning). For Task 4, 15 and 16, a node selection GG-NN is used. For Task 18 we used a graph-level
classification version. All the GG-NN networks contain less than 600 parametersﬂ

As baselines, we train RNN and LSTM models on the symbolic data in raw sequence form. The
RNNs and LSTMs use 50 dimensional embeddings and 50 dimensional hidden layers; they predict a
single output at the end of the sequences and the output is treated as a classification problem, the loss

is cross entropy. The RNNs and LSTMs contain around 5k and 30k parameters, respectively.

Task RNN LSTM GG-NN

bAbI Task 4 97.3£1.9 (250) 97.442.0 (250) 100.0-:0.0 (50)
bAbI Task 15 48.6+1.9 (950) 50.34+1.3 (950)  100.0-£0.0 (50)
bAbI Task 16 33.0+1.9 (950) 37.540.9 (950) 100.0-£0.0 (50)
bAbI Task 18 88.940.9 (950) 88.9+0.8 (950) 100.040.0 (50)

Table 6.1: Accuracy in percentage of different models for different tasks. Number in parentheses is
number of training examples required to reach shown accuracy.

2For bAbI task 4, we treated ‘e’, ‘s’, ‘w’, ‘n’ as 4 question types and trained one GG-NN for each question type, so
strictly speaking for bAbI task 4 our GG-NN model has 4 times the number of parameters of a single GG-NN model. In
our experiments we used a GG-NN with 271 parameters for each question type which means 1084 parameters in total.
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Test results appear in Table For all tasks GG-NN achieves perfect test accuracy using only 50
training examples, while the RNN/LSTM baselines either use more training examples (Task 4) or fail
to solve the tasks (Task 15, 16 and 18) even using all the available training examples.

In Table we further break down performance of the baselines for task 4 as the amount of training
data varies. While both the RNN and LSTM are able to solve the task almost perfectly, the GG-
NN reaches 100% accuracy with much less data.

#Training Examples 50 100 250 500 950
RNN 76.7£3.8 90.2+4.0 97.3+£1.9 98.4£1.3 99.7+£0.4
LSTM 73.5£5.2 86.4+£3.8 97.44+2.0 99.2£0.8 99.6+0.8

Table 6.2: Performance breakdown of RNN and LSTM on bADbI task 4 as the amount of training data
changes.

Sequential Outputs

The bAbI Task 19 (Path Finding) is arguably the hardest task among all bAbI tasks (see e.g., [152],
which reports an accuracy of less than 20% for all methods that do not use the strong supervision). We
apply a GGS-NN to this problem, again on the symbolic form of the data (so results are not directly
comparable to those in [I52]). An extra ‘end’ class is added to the end of each output sequence; at test
time the network will keep making predictions until it predicts the ‘end’ class.

The results for this task are given in Table Both RNN and LSTM fail on this task. However,
with only 50 training examples, our GGS-NNs achieve much better test accuracy than RNN and LSTM.

6.4.2 Learning Graph Algorithms

Task \ RNN \ LSTM \ GGS-NNs

bAbI Task 19 24.7+2.7 (950) | 28.2+1.3 (950) | 71.1414.7 (50) 92.5+5.9 (100) 99.0+1.1 (250)
Shortest Path 9.741.7 (950) | 10.5+1.2 (950) | 100.0+ 0.0 (50)
Eulerian Circuit | 0.3£0.2 (950) | 0.120.2 (950) | 100.04 0.0 (50)

Table 6.3: Accuracy in percentage of different models for different tasks. The number in parentheses is
number of training examples required to reach that level of accuracy.

We further developed two new bAbl-like tasks based on algorithmic problems on graphs: Shortest
Paths, and Eulerian Circuits. For the first, we generate random graphs and produce a story that lists
all edges in the graphs. Questions come from choosing two random nodes A and B and asking for the
shortest path (expressed as a sequence of nodes) that connects the two chosen nodes. We constrain the
data generation to only produce questions where there is a unique shortest path from A to B of length
at least 2. For Eulerian circuits, we generate a random two-regular connected graph and a separate
random distractor graph. The question gives two nodes A and B to start the circuit, then the question
is to return the Eulerian circuit (again expressed as a sequence of nodes) on the given subgraph that
starts by going from A to B. Results are shown in the Table RNN and LSTM fail on both tasks,
but GGS-NNs learns to make perfect predictions using only 50 training examples.
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6.5 Program Verification with GGS-NNs

Our work on GGS-NNs is motivated by a practical application in program verification. A crucial step
in automatic program verification is the inference of program invariants, which approximate the set of
program states reachable in an execution. Finding invariants about data structures is an open problem.

As an example, consider the simple C function shown below.

node* concat(node* a, node* b) {
if (a == NULL) return b;
node* cur = a;
while (cur.next != NULL)
cur = cur->next;
cur->next = b;

return a;

To prove that this program indeed concatenates the two lists a and b and that all pointer dereferences
are valid, we need to (mathematically) characterize the program’s heap in each iteration of the loop.
For this, we use separation logic [129] [136], which uses inductive predicates to describe abstract data
structures. For example, a list segment is defined as Is(z,y) = = yV Iv, n.Is(n, y) xx — {val : v,next :
n}, where x — {val : v,next : n} means that = points to a memory region that contains a structure
with val and next fields whose values are in turn v and n. The % connective is a conjunction as A in
Boolean logic, but additionally requires that its operators refer to “separate” parts of the heap. Thus,
Is(cur, NULL) implies that cur is either NULL, or that it points to two values v,n on the heap, where n is
described by Is again. The formula 3t.Is(a, cur) * Is(cur, NULL) * Is(b, ¢) is an invariant of the loop (i.e.,
it holds when entering the loop, and after every iteration). Using it, we can prove that no program run
will fail due to dereferencing an unallocated memory address (this property is called memory safety)
and that the function indeed concatenates two lists using a Hoare-style verification scheme [62].

The hardest part of this process is coming up with formulas that describe data structures, and this
is where we propose to use machine learning. Given a program, we run it a few times and extract the
state of memory (represented as a graph; see below) at relevant program locations, and then predict
a separation logic formula. Static program analysis tools (e.g., [I33]) can check whether a candidate

formula is sufficient to prove the desired properties (e.g., memory safety).

6.5.1 Formalization

Representing Heap State as a Graph As inputs we consider directed, possibly cyclic graphs
representing the heap of a program. These graphs can be automatically constructed from a program’s
memory state. Each graph node v corresponds to an address in memory at which a sequence of pointers
Vo, - - -, Uk 18 stored (we ignore non-pointer values in this work). Graph edges reflect these pointer values,
i.e., v has edges labeled with 0, ...,k that point to nodes vy, ..., vy, respectively. A subset of nodes are

labeled as corresponding to program variables.
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An example input graph is displayed as “Input” in Fig. In it, the node id (i.e., memory address)
is displayed in the node. Edge labels correspond to specific fields in the program, e.g., 0 in our example
corresponds to the next pointer in our example function from the previous section. For binary trees
there are two more types of pointers left and right pointing to the left and right children of a tree
node.

Output Representation Our aim is to mathematically describe the shape of the heap. In our
model, we restrict ourselves to a syntactically restricted version of separation logic, in which formulas
are of the form Jx1,...,x,.a1 * ... * a,,, where each atomic formula a; is either Is(z,y) (a list from z to
y), tree(x) (a binary tree starting in x), or none(z) (no data structure at z). Existential quantifiers are
used to give names to heap nodes, which are needed to describe a shape, but not labeled by a program
variable. For example, to describe a “panhandle list” (a list that ends in a cycle), the first list element
on the cycle needs to be named. In separation logic, this can be expressed as 3t.Is(xz, t) * Is(¢, ).

Data We can generate synthetic (labeled) datasets for this problem. For this, we fix a set of
predicates such as Is and tree (extensions could consider doubly-linked list segments, multi-trees, ...)
together with their inductive definitions. Then we enumerate separation logic formulas instantiating
our predicates using a given set of program variables. Finally, for each formula, we enumerate heap
graphs satisfying that formula. The result is a dataset consisting of pairs of heap graphs and associated

formulas that are used by our learning procedures.

6.5.2 Formulation as GGS-NNs

It is easy to obtain the node annotations for the intermediate prediction steps from the data generation
process. So we train a variant of GGS-NN with observed annotations (observed at training time; not
test time) to infer formulas from heap graphs. Note that it is also possible to use an unobserved GGS-
NN variant and do end-to-end learning. The procedure breaks down the production of a separation
logic formula into a sequence of steps. We first decide whether to declare existential variables, and if so,
choose which node corresponds to the variable. Once we have declared existentials, we iterate over all
variable names and produce a separation logic formula describing the data structure rooted at the node
corresponding to the current variable.

The full algorithm for predicting separation logic formula appears below, as Alg. [l We use three
explicit node annotations, namely is-named (heap node labeled by program variable or declared existen-
tially quantified variable), active (cf. algorithm) and is-ezplained (heap node is part of data structure
already predicted). Initial node labels can be directly computed from the input graph: “is-named” is
on for nodes labeled by program variables, “active” and “is-explained” are always off (done in line 2).
The commented lines in the algorithm are implemented using a GG-NN, i.e., Alg.[I]is an instance of our
GGS-NN model. An illustration of the beginning of a run of the algorithm is shown in Fig. [6.4] where
each step is related to one line of the algorithm.

6.5.3 Model Setup Details

We use the full GGS-NN model where .F,(,k) and ]-"gf) have separate propagation models. For all the
GG-NN components in the GGS-NN pipeline, we unrolled the propagation process for 10 time steps.
The GGS-NNs associated with step () (deciding whether more existentially quantified variable need to
be declared) and (i) (identify which node need to be declared as existentially quantified) uses D = 16
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Figure 6.4: Illustration of the first 8 steps to predict a separation logic formula from a memory state.
Label is-named signified by variable near node, active by double border, is-explained by white fill.

Algorithm 1 Separation logic formula prediction procedure

Input: Heap graph G with named program variables

1

10:
11:
12:
13:
14:
15:
16:
17:
18:
19:

2
3
4
5
6:
7
8
9

: X < compute initial labels from G

: while 3 quantifier needed do

t < fresh variable name

v < pick node

X + turn on “is-named” for v in X
print “3t.”

: end while

: for node v, with label “is-named” in X do

pred < pick data structure predicate
if pred = Is then
leng < pick list end node
print “Is(¢, lepng) *”
else
print “pred({) *”
end if
X <+ update node annotations in X
end for

: H < initialize node vectors by 0-extending X

> Graph-level Classification ()

> Node Selection ()

‘H <+ initialize node vectors, turn on “active” label for vy in X

> Graph-level Classification (x)

> Node Selection (©)

> Node Annotation (#)
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dimensional node representations. For all other GGS-NN components, D = 8 is used. Adam [71] is used
for optimization; the models are trained on minibatches of 20 graphs, and optimized until training error
is very low. For the graph-level classification tasks, we also artificially balanced classes to have even
number of examples from each class in each minibatch. All the GGS-NN components contain less than

5k parameters and no overfitting is observed during training.

6.5.4 Batch Prediction Details

In practice, a set of heap graphs will be given as input and a single output formula is expected to describe
and be consistent with all the input graphs. The different heap graphs can be snapshots of the heap
state at different points in the program execution process, or different runs of the same program with
different inputs. We call this the “batch prediction” setup contrasting with the single graph prediction
described in the main paper.

To make batch predictions, we run one GGS-NN for each graph simultaneously. For each prediction
step, the outputs of all the GGS-NNs at that step across the batch of graphs are aggregated.

For node selection outputs, the common named variables link nodes on different graphs together,
which is the key for aggregating predictions in a batch. We compute the score for a particular named
variable ¢t as oy = 9 of}g(t), where V,(t) maps variable name ¢ to a node in graph g, and O%g(t) is the
output score for named variable ¢ in graph g. When applying a softmax over all names using o; as scores,
this is equivalent to a model that computes p(toselect = t) oc [[, py(toselect = Vy(t)).

For graph-level classification outputs, we add up scores of a particular class across the batch of graphs,
or equivalently compute p(class = k) o [] s Pg (class = k). Node annotation outputs are updated for
each graph independently as different graphs have completely different set of nodes. However, when the
algorithm tries to update the annotation for one named variable, the nodes associated with that variable
in all graphs are updated. During training, all labels for intermediate steps are available to us from the
data generation process, so the training process again can be decomposed to single output single graph
training.

A more complex scenario allowing for nested data structures (e.g., list of lists) was discussed in [16].
We have also successfully extended the GGS-NN model to this case.

6.5.5 Experiments

For this paper, we produced a dataset of 327 formulas that involves three program variables, with 498
graphs per formula, yielding around 160,000 formula/heap graph combinations. To evaluate, we split
the data into training, validation and test sets using a 6:2:2 split on the formulas (i.e., the formulas in
the test set were not in the training set). We measure correctness by whether the formula predicted
at test time is logically equivalent to the ground truth; equivalence is approximated by canonicalizing
names and order of the formulas and then comparing for exact equality.

We compared our GGS-NN-based model with a method we developed earlier [16]. The earlier ap-
proach treats each prediction step as standard classification, and requires complex, manual, problem-
specific feature engineering, to achieve an accuracy of 89.11%. In contrast, our new model was trained
with no feature engineering and very little domain knowledge and achieved an accuracy of 89.96%.

An example heap graph and the corresponding separation logic formula found by our GGS-NN model

is shown in Fig. [6.5] This example also involves nested data structures and the batching extension
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Figure 6.5: A heap graph example that contains two named variables argl and arg2, and one isolated
NULL node (node 1). All the edges to NULL are not shown here for clarity. The numbers on edges indicate
different edge types. Our GGS-NN model successfully finds the right formula Is(argl, NULL, A\t; —
Is(t1,NULL, T)) * tree(arg2, Ato — Jey.Is(t2,e1, T) xIs(er, €1, T)).

developed in the previous section.

We have also successfully used our new model in a program verification framework, supplying needed
program invariants to a theorem prover to prove correctness of a collection of list-manipulating algorithms
such as insertion sort. The following Table lists a set of benchmark list manipulation programs and
the separation logic formula invariants found by the GGS-NN model, which were successfully used in a
verification framework to prove the correctness of corresponding programs. A further extension of the
current pipeline has been shown to be able to successfully prove more sophisticated programs like sorting

programs and various other list-manipulating programs.

6.6 Related Work

The most closely related work is GNNs, which we have discussed at length above. [I18] proposed another
closely related model that differs from GNNs mainly in the output model. GNNs have been applied in
several domains [45], [30, 140} [163], but they do not appear to be in widespread use in our community.
Part of our aim here is to publicize GNNs as a useful and interesting neural network variant.

An analogy can be drawn between our adaptation from GNNs to GG-NNs, to the work of [32]
and [I50] in the structured prediction setting. There belief propagation (which must be run to near
convergence to get good gradients) is replaced with truncated belief propagation updates, and then the

model is trained so that the truncated iteration produce good results after a fixed number of iterations.
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Program  Invariant Found

Traversel Is(1st, curr) * Is(curr, NULL)
Traverse2 curr # NULL x 1st # NULL « Is(1st, curr) * Is(curr, NULL)
Concat a # NULL * a # b * b # curr % curr # NULL

«ls(curr, NULL) * Is(a, curr) * Is(b, NULL)

Copy Is(curr, NULL) * Is(1st, curr) * Is(cp, NULL)
Dispose Is(1st,NULL)
Insert curr # NULL % curr # elt x elt # NULL x elt # 1st * 1st # NULL

ls(elt, NULL) % Is(1st, curr) # Is(curr, NULL)
Remove curr # NULL % 1st # NULL * Is(1st, curr) * Is(curr, NULL)

Table 6.4: Example list manipulation programs and the separation logic formula invariants the GGS-
NN model founds from a set of input graphs. The “#” parts are produced by a deterministic procedure
that goes through all the named program variables in all graphs and checks for inequality.

Similarly, Recursive Neural Networks [43] [146] being extended to Tree LSTMs [I55] is analogous to our
using of GRU updates in GG-NNs instead of the standard GNN recurrence with the aim of improving
the long-term propagation of information across a graph structure.

The general idea expressed in this chapter of assembling problem-specific neural networks as a com-
position of learned components has a long history, dating back at least to the work of [60] on assembling
neural networks according to a family tree structure in order to predict relations between people. Similar
ideas appear in [52] and [12].

Graph kernels [143], [70] can be used for a variety of kernel-based learning tasks with graph-structured
inputs, but we are not aware of work that learns the kernels and outputs sequences. [I31] convert graphs
into sequences by following random walks on the graph then learns node embeddings using sequence-
based methods. [I49] map graphs to graph vectors then classify using an output neural network. There
are several models that make use of similar propagation of node representations on a graph structure. [17]
generalize convolutions to graph structures. The difference between their work and GNNs is analogous
to the difference between convolutional and recurrent networks. [34] also consider convolutional like
operations on graphs, building a learnable, differentiable variant of a successful graph feature. Other
graph convolutional neural networks work like [73] [3] can be thought of as simplications of our model,
which may be suitable when overfitting is an important issue in the problem domain. [I12] converts an
arbitrary undirected graph to a number of different DAGs with different orientations and then propagates
node representations inwards towards each root, training an ensemble of models. In all of the above, the
focus is on one-step problems.

GNNs and our extensions have many of the same desirable properties of pointer networks [I68]; when
using node selection output layers, nodes from the input can be chosen as outputs. There are two main
differences: first, in GNNs the graph structure is explicit, which makes the models less general but may
provide stronger generalization ability; second, pointer networks require that each node has properties
(e.g., a location in space), while GNNs can represent nodes that are defined only by their position in the
graph, which makes them more general along a different dimension.

GGS-NNs are related to soft alignment and attentional models (e.g., [4, 00, [152]) in two respects: first,
the graph representation in Eq. uses context to focus attention on which nodes are important to
the current decision; second, node annotations in the program verification example keep track of which

nodes have been explained so far, which gives an explicit mechanism for making sure that each node in
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the input has been used over the sequence of producing an output.

6.7 Discussion

What is being learned? It is instructive to consider what is being learned by the GG-NNs. To do
so, we can draw analogy between how the bADbI task 15 would be solved via a logical formulation. As

an example, consider the subset of lines needed to answer one example question shown below.

B is E
E has_fear H

eval B has_fear

To do logical reasoning, we would need not only a logical encoding of the facts present in the story

but also the background world knowledge encoded as inference rules such as
is(x, y) Ahas-fear(y, z) = has-fear(x, 2z). (6.17)

A good model has to understand that is indicates equivalence and has-fear allows the relation to be
transferred to equivalent entities, which is non-trivial knowledge that needs to be learned from data.
Our encoding of the tasks simplifies the parsing of the story into graph form, but it does not provide
any of the background knowledge. The GG-NN model can be seen as learning this, with results stored

in the neural network weights.

Discussion The results in this chapter show that GGS-NNs have desirable inductive biases across a
range of problems that have some intrinsic graph structure to them, and we believe there to be many more
cases where GGS-NNs will be useful. There are, however, some limitations that need to be overcome to
make them apply even more broadly. Two limitations that we mentioned previously are that the bAbI
task translation does not incorporate temporal order of inputs or ternary and higher order relations. We
can imagine several possibilities for lifting these restrictions, such as concatenating a series of GG-NNs,
where there is one GG-NNs for each edge, and representing higher order relations as factor graphs. A
more significant challenge is how to handle less structured input representations. For example, in the
bADI tasks it would be desirable not to use the symbolic form of the inputs.

The current GGS-NNs formulation specifies a question only after all the facts have been consumed.
This implies that the network must try to derive all consequences of the seen facts and store all pertinent
information to a node within its node representation. This is likely not ideal; it would be preferable to
develop methods that take the question as an initial input, and then dynamically derive the facts needed
to answer the question.

The general graph structure learning task for GG-NNs and GGS-NNs can potentially be done with
a model that processes raw input data. There are two key steps for building a graph: creating graph
nodes and adding edges. Creating graph nodes is about recognizing entities. For language understanding
this step may be done by a range of entity recognition methods. Adding edges is about recognizing the

relationship between entities. A straightforward method to do this is to use an RNN model to read in
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natural language sentences, and predict if a sentence indicates any relationships between entities. Better

methods to solve these problems may involve some attention mechanism.

From our experience experimenting with the GG-NNs and GGS-NNs, we noted that since we always
unroll the graph propagation process for a fixed number of T steps, it is likely that the models will learn
to overfit to this particular number of steps. If the learned models are tested on graphs of vastly different
sizes, then the model will fail in unexpected ways. To avoid this problem, we can vary the number of
propagation steps during training, by either stochastically sample a T', or choose T based on graph size.
Choosing just the right 7' is nontrivial, but choosing a slightly larger than ideal T is relatively easy.
If some noise is added to T, the model will learn to stop propagation after a certain number of steps,
which is helpful if at test time 7" is not chosen properly. By using these techniques, it is possible to learn

models on small graphs and apply to graphs of very different sizes.

Another challenge in applying these models to large scale problems is scalability. Big knowledge
bases may have millions or billions of entities, and even more relations. With graphs at this scale, it is
impractical and unnecessary to propagate information around the full graph. Local computations may
be good enough for this purpose, where the information is propagated only for a limited number of steps,
and then when making a prediction, information is also aggregated only in the local neighborhood. Par-
allelization is necessary for speeding up the more global computations that have to aggregate information
from the whole graph. The propagation process can be easily parallelized, as in each propagation step

each node propagates its state to its neighbors independently.

We are optimistic about further applications of GGS-NNs. We are particularly interested in con-
tinuing to develop end-to-end learnable systems that can learn about semantic properties of programs,
that can learn more complicated graph algorithms, and in applying these ideas to problems that require
reasoning over knowledge bases and databases. More generally, we consider these graph neural networks
as representing a step towards a model that can combine structured representations with the powerful
algorithms of deep learning, with the aim of taking advantage of known structure while learning and

inferring how to reason with and extend these representations.

Thinking along this direction, it is interesting to compare in particular GG-NNs with the Neural
Mean Field Networks and graphical model based medthods for structured problems presented in earlier
chapters. In fact, the GG-NNs model can be directly applied to many structured prediction problems
normally solved with graphical models. For example, in image segmentation problems, it is possible to
build a neighborhood graph and have each pixel be a node in the graph, and then run a GG-NNs model
to make a per node prediction. Compared to the graphical model based approaches, the prediction
process of GG-NNs is not restricted to follow a particular inference algorithm derived for a graphical
model, and arbitrary nonlinearities and network architectures can all be used for making predictions. As
an example, we used the gating mechanism in our models and found it to increase the model capacity
significantly.

After learning a GG-NNs or GGS-NNs model, another particularly interesting thing to do is to
recover the knowledge learned by the network. As mentioned earlier, when used for reasoning, our
model can learn the inference rules like the one shown in Eq. [6.17} However, this knowledge is hidden
in the network weights. Extracting such explicit inference rules is helpful for understanding why the
network makes a certain prediction, and is also helpful for debugging. These inference rules themselves
are also useful, and may be used to form part of a knowledge base. There are a number of challenges

for extracting such explicit inference rules. First, the state vectors are usually not interpretable, making
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it hard to associate the state vectors with explicit reference to properties. Second the network weights
are usually not interpretable either. More interpretability may be added by regularizing the network

weights and state vectors to be sparse.



Chapter 7

Conclusion

In this thesis, I presented a collection of work done during my Ph.D. studies with the goal of building
more expressive structured models. Structures are very common in data and in the problems that
machine learning and related communities are more and more interested in. Exploiting the structures
and building expressive structured models is the key to efficiently utilizing the data and handling the

increasing complexity in the models and tasks.

7.1 Summary

This thesis started with a discussion of structured models by presenting the standard structured output
models and emphasized the key challenge unique to structured output problems, namely the hard infer-
ence problem. The hardness of inference leads to the key consideration of balancing model complexity
and inference complexity in building structured output problems.

Exploring tractable high-order models is one way to extend the expressive power of such standard
structured output models. Chapter [3| presented our contribution on compositional high-order patten
potentials, which is a step in this direction that increases the expressive power of structured output
models, while at the same time efficient inference algorithms are developed by exploiting the structure
of these high-order potentials.

Another challenge unique to structured output problems is the difficulty of obtaining accurate labels,
which is a result of the complicated output space. Training good structured models thus requires much
more labeling effort than normal unstructured tasks. Our work on semi-supervised learning of structured
models presented in Chapter [d] provides one way to solve this problem. The key to the success of this
method is to find a good model for the similarity between examples and build a rich enough high order
model to handle the propagation of label information based on this similarity metric.

However, the standard structured output models are still fundamentally limited by the hardness of
the inference problem in complicated models, making the effort to extend such models to complex tasks
more and more challenging. Our work on Neural Mean Field Networks presented in Chapter [p| and the
related line of work reveal that these structured output models are equivalent to a constrained type
of neural network model, thus providing a promising new direction to explore, which builds expressive
structured neural network models directly.

The benefit of structured neural network models is that they are built to be inference models that
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directly make predictions by computation. This contrasts them with standard structured output mod-
els that rely on a separate inference process which requires solving a usually intractable optimization
problem. This separation of modeling and inference in standard structured output models and graphical
models is nice to have as it leads to a more modular design of the models, but potentially causes trouble
for inference. Neural networks take a more integrated approach and give us more freedom to design
complicated network architectures to increase the capabilities of the models.

The gated graph sequence neural networks and gated graph neural networks presented in Chapter[6]is
an initial attempt to build such structured neural networks, and the results are promising. These models
are particularly good for graph structured data, and perform reasoning on the graph by propagating
information along the graph edges. In the applications these models achieved great performance for

program verification and natural language reasoning tasks.

7.2 Future Directions

There are reasons to believe that machine learning research will be moving towards structured models
more and more in the future, as the whole community moves towards solving more and more challenging
problems. More complexity of the problems requires increasingly more complicated models, and exploit-
ing structure of the problems and data is a nice way to handle complexity, if not the only way. On the
other side, well studied standard problems like classification have almost reached a level of saturation,
where machine learning methods achieved super human performance [55, [64, 56] on even the largest
academic datasets like ImageNet [29] which has millions of images and thousands of classes.

For standard structured output models and graphical model based methods, the key challenge in
building more expressive models is always the balance between model complexity and inference com-
plexity. Future research in this direction should focus on either studying better inference techniques
for existing models, or developing new models for which inference can be done efficiently. Exploring
better inference algorithms may improve upon existing approaches, but making significant progress is
extremely difficult due to the intractability of inference even for very simple models. Developing new
models with efficient inference is more promising because we have larger freedom to explore.

Latent variable models are especially appealing for this purpose. Such models decompose high order
interactions into interactions with latent variables, therefore utilizing more structure in the model, and
have potential to make inference easier. Our CHOPPs model presented in Chapter [3]|is one example
of these latent variable models. The space of possible such models is big enough to be explored a lot
more. Coming up with new latent variable model architectures requires careful design such that these
models can capture the interactions between variables well. Learning in latent variable models is usually
done through an EM-like alternating optimization procedure; when the posterior over latent variables
is intractable, a variational bound can be used instead for optimization. Improving these learning
procedures is also an interesting direction to explore. Recently neural network based posterior inference
methods have emerged as a successful approach for handling complex posterior distributions, and they
may be successfully applied here as well.

On the application side, the standard structured output models may be greatly improved by using
better models for the potential functions. Recent trend of using deep neural networks to model the
potential functions, in particular the unary and pairwise potentials, in structured output problems has

led to rapid improvement of performance for many different tasks. Extending neural network models to
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high order potentials may further improve performance.

On the other hand, there are still common structured problems that cannot be readily handled by
existing structured output models. For example, in object detection problems, one important step in the
pipeline is nonmaximal suppression, i.e. keeping the detection with the highest score, and suppressing all
others in a local neighborhood. This nonmaximal suppression step is essentially a structured prediction
problem, where the input can be sets of detection proposals, and the output is a set of consistent
detections with false positives and nonmaximal detections filtered out. This step is critical for object
detection, but usually it is still done in a heuristic way. This is a challenging problem as (1) the space
of possible detection proposals is huge, and representing a collection of detections is nontrivial; (2)
defining a criterion for choosing a set of detections from a pool of candidates is nontrivial. Similar
examples can be found in other application domains. Particularly, anywhere post-processing is still
actively being used has potential to be improved upon with a model that properly handles the structure
of the problem. Other than these, applying existing structured models, like sequence models, 2D models
and graph models, to new application domains usually encounters new challenges and requires some
non-trivial adaptation or novel architecture changes. Developing structured output models for these
problems requires smart design, but also are unique opportunities to greatly expand the applicability of

structured models.

Neural network models do not have the intractable inference problem, and therefore we have a lot
of freedom to design network architectures. The key challenge to apply such models to a wider range
of tasks is the design of problem dependent network architecture. Bootstrapping from an established
graphical model and then designing neural network architecture to be close to an unrolled inference
process is a viable option, but more significant gains can be potentially obtained with more customized

architectures that go beyond the existing graphical model architectures.

Similar problem of designing the right architecture to handle structure appears when using neural
networks to model structured input data as well. RNNs are good at modeling sequence data, CNNs are
good at modeling spatial data, and the graph neural networks and our developments in Chapter [6] are
good at handling graph-structured data. But there are still a range of other forms of input currently

cannot be handled by neural networks directly, like matchings and rankings.

Current neural network based models do not share a number of nice properties of standard structured
output models based on graphical models: (1) it is relatively easier to incorporate prior knowledge
into standard structured output models than neural network models, by simply adding more terms
in the scoring function which specifies interpretable constraints on the solutions; changing the loss
function to incorporate desired prior is an alternative way to pass on knowledge from the prior to the
model, which can be utilized by both the neural network models and the standard structured output
models, but it is not as straightforward and predictable as adding terms to the scoring function; (2)
the standard structured output models are much more explainable than neural network models; (3) the
behavior of these standard structured output models are more predictable and many have well studied
guarantees. The research in developing structured neural network models, once reaching a satisfactory
level of performance, may move toward achieving these properties, as they are useful for practitioners
to adopt these models and make neural network models more transparent.

Neural network models in general have their own unique challenges, notably the learning process is
usually a very challenging nonlinear optimization problem. Also to train a good neural network model

normally requires more data than simple models. Efficiently exploiting the structure in the problems
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may help alleviate both problems.

Among all these future directions, I think developing new structured neural network models, like
RNNs, CNNs, graph neural nets and others, and expanding the applicability of structured models to
cover more applications are potentially the two most fruitful future directions to explore. As our research
community moves toward more complex and challenging tasks, I expect to see more and more structured

models to be studied, adopted and used in practice.
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