ABSTRACT

LI, XILAI. Neural Architectures Design and Search for Deep Representation Learning and
Continual Learning. (Under the direction of Tianfu Wu).

Recent progress of deep neural networks or deep learning has enabled great impact
and transformative applications in both computer vision and natural language processing.
Amongst all the aspects of deep learning development, neural architecture design is the
foundation for improving the performance of deep neural networks. This thesis explores
several novel approaches on neural architecture design or search in terms of both network
topology and node operations to improve deep neural networks on not only accuracy, but
also interpretability, robustness, continual/lifelong learning ability, etc.

I begin by presenting a class of models called And-Or Grammar networks (AOGNet)
which utilize And-Or grammar as a network structure generator. AOGNets harness the best
of both world: grammar models and deep neural networks. It integrates compositionality
adn reconfigurability of the former and capability of learning rich features of the latter
in a principled way. This family of architectures enable better performance on multiple
computer vision benchmarks and also shows better model interpretability and adversarial
robustness.

Next, I will introduce a novel feature normalization technique that integrates exist-
ing feature normalization with attention. And the resulting Attentive Normalization (AN)
outperforms the widely used batch normalization (BN) and its variants.

The final chapter explores a potential learning framework to alleviate a widely-known
issue of neural networks, called catastrophic forgetting, when the learning systems are
trained with sequential or streaming tasks. We presents a conceptually simple yet general
and effective framework, called Learn-to-Grow, from the angle of neural architecture by
separating the learning into a neural structure optimization component and a parameter

learning component.
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CHAPTER

1

INTRODUCTION

Recent progress of deep neural networks or deep learning has enabled great impact and
transformative applications in both computer vision and natural language processing,
because its powerful representation learning capability. However, despite the superior
performance of the deep neural networks on some standard tasks with abundant labeled
training data, it is still far away from the level of general human intelligence in many aspects.

Deep neural network models such as Convolutional Neural Networks (CNN) are typically
contains tens or hundreds of millions parameters, and it often costs huge computation
resources to train and high-speed inference still need to be performed on high-end devices,
like GPUs or TPUs. Also, deep neural networks are often criticized as being black boxes
that lack of interpretability. The interpretablility of Al models is closely relevant to various
important issues, especially in some safety-aware areas, like medical image diagnosis and
autonomous driving.

Another main issue of current deep neural networks is that most of the networks are
designed for a particular single task and trained from random initialization or only partly
pretrained. Human intelligence can handle many related or unrelated tasks. And when
human learns a new task, we could take advantage from the knowledge or pattern we have
learned from previous tasks, to learn faster and better. And most importantly, we wont



forget the previous learned knowledge too much after we learn on something knew. In
most of the cases, learning on new things will reversely help for better understanding of the
previously learned knowledge. However, deep neural networks have severe "catastrophic
forgetting" issues when the model is trained on multiple tasks sequentially.

This Ph.D. thesis work explores to alleviate the above issues of current deep neural
networks from the angle of neural architecture design and search by seeking for an uni-
versal representation learning system with better parameter ef ciency, interpretability
and lifelong learning capability. For universal architecture, we aim at designing a family
of neural architectures that follows certain biological plausible principles or rules, and
can be used on many different domains or tasks in computer vision, or natural language
processing, or both. We also aim to design a better learning framework that can enable
deep neural networks learn multiple tasks in a sequential / online manner with minimum
forgetting and maximum inter-task knowledge transfer.

A novel model family introduced in this thesis is summarized under the term And-Or
Grammar Networks . Although there has been great success using deep learning techniques
in image classi cation and natural language processing, an import aspect of language
and the visual world that has not been accounted for in deep neural networks is the per-
vasiveness of recursive or hierarchical and compositional structure. This motivated us
to bridge grammar model with deep neural networks to integrate compositionality and
recon gurability of the former and the capability of learning rich representations of the
later in a principled way. Here | would like to cite a sentence said by Dr. David Mumford,
"Grammar in language is merely a recent extension of much older grammars that are built
into the brains of all intelligent animals to analyze sensory input, to structure their actions
and even formulate their thought" .

In order to have elegant framework for lifelong /continual learning, there are several
requirements. the most important one is that we need to have minimum forgetting. Sec-
ondly, learning new knowledge could take advantage of the previously learned ones, so
that it will learn better and faster. The model size need to grow but cannot grow linearly
as the number of tasks increases. External memory could be used but the size would be
limited to reasonable constant maximum. Finally, positive backward transfer is plausible,
in other words, learning new task should potentially improve the learning on old tasks
instead of forgetting. Considering on these requirements, | proposed our simple yet general
and effective Learn-to-Grow framework , for handling catastrophic forgetting in continual
learning with deep neural networks.

In Chapter 2, I'll review the history of Convolutional neural architecture designs from



the original invention of CNNs, basic components of common CNN architecture, to modern
deep CNN architecture designs and search. I'll review crucial components that CNNs are
built on such as convolution, batch normalization, etc. I'll also review several widely-used
architectural designs such as ResNet and DenseNet, and how it is related to AOGNet | will
introduce in Chapter 3. And nally review some recent progress on neural architecture
search.

In Chapter 3, I'll introduce And-Or Grammar Networks for computer vision tasks. It
represents a family of deep compositional grammatical architectures which harness the
best of two worlds: grammar models and Convolutional Neural Networks (CNNs). AOGNets
integrate compositionality and recon gurability of the former and the capability of learning
rich features of the latter in a principled way. We utilize AND-OR Grammar (AOG) as network
generator and call the resulting networks AOGNets. An AOGNet consists of a number of
stages each of which is composed of a number of AOG building blocks. An AOG building
block splits its input feature map into N groups along feature channels and then treat
it as a sentence of N words. It then jointly realizes a phrase structure grammar and a
dependency grammar in bottom-up parsing the "sentence" for better feature exploration
and reuse. It provides a uni ed framework for the best practices developed in state-of-the-
art DNNs. In experiments, AOGNet obtains state-of-the-art results on CIFAR-10, CIFAR-
100 and ImageNet-1K classi cation benchmark and the MS-COCO object detection and
segmentation benchmark. AOGNet also obtains the best model interpretability score using
network dissection. AOGNet further shows better potential in adversarial defense.

In Chapter 4, | propose a new feature normalization operator called  Mixture Normal-
ization which is a simple and uni ed alternative to the widely used Batch Normalization.
Mixture normalization absorbed channel-wise feature attention into the af ne transforma-
tion of vanilla normalization to make the af ne transformation more dynamic and instance
speci c. The overhead of our mixture normalization is neglectable, and could be used for
replacing the vanilla normalization in most of the vision tasks. We test our mixture normal-
ization module with multiple computer vision benchmarks with multiple popular network
backbones, the results show that our mixture can improve the performance consistently.

In Chapter 5, I'll introduce our Learn-to-Grow framework , for handling catastrophic
forgetting in continual learning with deep neural networks. It consists of two components:

a neural structure optimization component and a parameter learningand  /or ne-tuning
component. By separating the explicit neural structure learning and the parameter estima-
tion, not only is the proposed method capable of evolving neural structures in an intuitively
meaningful way, but also shows strong capabilities of alleviating catastrophic forgetting in



experiments. Furthermore, the proposed method outperforms most of the baselines on
several datasets in continual learning setting.

In the nal chapter, | summarize all the works and discuss about the future directions
and remaining challenges.



CHAPTER

2

AN OVERVIEW OF CONVOLUTIONAL
NEURAL ARCHITECTURE

2.1 Overview

Convolutional neural networks ( 71), or CNNs for short, form the backbone of many modern
computer vision systems. It enables interesting use-cases such as image classi cation,
object detection and segmentation, video processing, and also areas outside computer
vision such as natural language processing and speech processing, etc. CNNs use multiple
feature extraction stages that enables its capability of automatically learning intermediate
representations from the data. It can be trained in an end-to-end manner with error back-
propagation (115) algorithm without any hand-engineered features.

The powerful CNNs are not invented recently. In fact, the CNNs have already been
introduced around 30 years ago, however surged until recent years with nowadays big
data and high performance computing technology. CNN rst came to limelight through
the work of LeCuN in 1989 for processing of grid-like topological data (images and time
series data). (71; 70) The architectural design of CNN was inspired by Hubel and Wiesel's



work and thus largely follows the basic structure of primate's visual cortex ( 54; 55). During
training, CNN learns through back-propagation algorithm, by regulating the change in
weights with respect to the target. Optimization of an objective function using backpropa-
gation algorithm is similar to the response based learning of human brain. Multilayered,
hierarchical structure of deep CNN, gives it the ability to extract low, mid, and high-level
features. High-level features (more abstract features) are a combination of lower and mid-
level features. Hierarchical feature extraction ability of CNN emulates the deep and layered
learning process of the Neocortex in the human brain, which dynamically learns features
from the raw data ( 30). The popularity of CNN is largely due to its hierarchical feature
extraction ability.

With the advancement of modern computing power, various of deep CNN architectures
are proposed and the performance improvement from these deep networks are signi cant
among most of the tasks ( 64; 40; 10). In Section 2.2, the basic components of CNN archi-
tectures are reviewed. And In Section 2.3, | will review various manually-designed neural
architectures (61) and recently introduced automatically-searched architectures (145).

2.2 Basic Components of CNNs

The success of CNNs are largely due to its capability of learning hierarchical feature rep-
resentations, from low-level features such as textures and shapes to high-level semantic
features. In order to achieve that, A typical CNN architecture consists of alternate layers of
the basic components, such as convolution, normalization, non-linear activation function

and pooling layer, and then a linear fully-connected classi er is appended to the end ( 71).
Sometimes, inserting some regularization purpose operators, like dropout, can help CNNs
avoid over t to training data and thus improves the generalization ability (129).

Convolution. Convolutional layer is composed of a set of convolutional kernels. Convo-
lutional kernel is simply a small matrix of weights. And This kernel "slides" over the spatial
dimension of the input, performing an elementwise multiplication with the part of the
inputis is currently on, and then summing up the results into s single output pixel ( 30). This
process repeats for every location the kernel slides over, converting the input matrix to the
output matrix with the same dimension. For example, in image application, 2D convolution
is often used, the input and output of convolution layerisa3Dtensor (C H W), here
C is the number of channels, H isthe height, W is the width. Usually, padding is needed
when one wants to maintain the output dimension to be exactly the same as the input’s.



The weight sharing nature of convolutional operation ensures the model to be spatially
invariant, and also make it parameter ef cient as compared to fully-connected operator.
Convolutional operations can be further classi ed into different types according to the size

of the kernel, type of padding, stride size, etc.

Pooling layer. Another operator that makes CNN more translation-invariant is the
pooling layer ( 122). Pooling layers provides an approach to down-sampling feature maps by
summarizing the presence of features in patches of the feature map. Two common pooling
methods are average pooling and max pooling that summarize the average presence of a
feature and the most activated presence of a feature respectively. Another thing to note
is that, convolution with stride larger than one has similar functionality as the pooling
operation. Many modern architectures, such as ResNet uses convolution with stride equals
2 to downsample the feature map among the stages (39; 122).

Feature Normalization. Feature Normalization is another important operation in CNN
that are proposed to address the issues of internal covariance shift within feature-maps ( 57).
Internal covariance shift is the change of scale and distribution among intermediate neu-
rons values in each layer, which could potentially slow down the optimization or even
make the system not trainable. Without feature normalization, deep networks are often
hard to train and need to carefully tuning the learning rate and initialization ( 57). Typi-
cally, a normalization layer consists of two step, one is the normalization process with the
computed mean and variance, while the second step is the af ne transformation which is
proved very useful for get good performance. The exact reason of why af ne transformation
works is still a research topic, but it kind of works as feature re-calibration ( 121). Different
feature normalization schema differ in how the mean and variance are computed, such
as Batch Normalization (BN) ( 57), Layer Normalization (LN) ( 3), Instance Normalization
(IN) (141), Group Normalization (GN) ( 150), etc. Among them, BN is most widely used
normalization operator for CNNs, and also it has been deeply analyzed in terms of how
it helps optimization ( 121). In Chapter 4, different from other normalizations that focus
how to compute the mean and variance, | will introduce Attentive Normalization (AN) that
learns a mixture of af ne transformations and utilizes their weighted-sum as the nal af ne
transformation applied to re-calibrate features in an instance-speci ¢ way, instead of use a
single af ne transformation as other normalizations (76).

Activation function.  Activation function is another crucial operation that introduce
non-linearity to CNNs so that CNNs can learn complex patterns. Typical activations are
sigmoid, tanh, and ReLU ( 99), and ReLU variants such as ELU, Leaky ReLU, PReLU, etc. One
of the recently proposed activation function is "Mish", which has shown better performance



than ReLU in most of the recently proposed deep networks on benchmark datasets (93).
Regularization. Dropout is the most widely used regularization for CNN architectures,
which simply skipping some units or connections randomly with certain probability ( 129).

And it is very effective for avoid the over tting issue when training over-parameterized
networks. There are other similar regularizations are proposed recently like ZoneOut ( 65),
DropBlock (27), etc.

Fully connected layer. Fully connected layer is mostly used at the end of the network for
classi cation purpose. Unlike pooling and convolution, itis a global operation. It takes input
from feature extraction stages and globally analyses output of all the preceding layers ( 61).

2.3 Modern CNN architecture designs

Altough, many interesting ideas to bring advancements in CNNs have been explored such
as the use of different activation and loss functions, parameter optimization, regulariza-
tion, and architectural innovations. However, the major improvement in representational
capacity of the deep CNN is achieved through architectural innovations.

2.3.1 Hand-crafted CNN architectures

AlexNet. The main breakthrough in CNN performance was brought by AlexNet, which
showed signi cant performance improvementin 2012-ILSVRC (reduced error rate from 25.8
to 16.4) as compared to conventional CV techniques. AlexNet was proposed by Krizhevesky
et al. (64), and the network had a very similar architecture as LeNet by Yann LeCun et al but
was deeper, with more lters per layer, and with stacked convolutional layers. It consisted
11x11, 5x5,3x3, convolutions, max pooling, dropout, data augmentation, ReLU activations,
SGD with momentum. In addition to this, ReLU was employed as a non-saturating acti-
vation function to improve the convergence rate by alleviating the problem of vanishing
gradient to some extent. AlexNet was trained for 6 days simultaneously on two Nvidia
Geforce GTX 580 GPUs which is the reason for why their network is split into two pipelines.

ZFNet. Not surprisingly, the ILSVRC 2013 winner was also a CNN which became known
as ZFNet. It achieved a top-5 error rate of 14.8% which is now already half of the prior
mentioned non-neural error rate. It was mostly an achievement by tweaking the hyper-
parameters of AlexNet while maintaining the same structure with additional Deep Learning
elements as discussed earlier in this essay.



Figure 2.1: AlexNet architecture, image source (64).

GoogLeNet/ Inception . InILSVRC 2014 competition, GoogLeNet ( 136) won the 1st place
and have signi cant improvement over ZFNet (2013 winner) and AlexNet (2012 winner).
The new architectural component of GoogLeNet is that it contains 1x1 convolution at
the middle of the network and use global average pooling before the classi er instead of
using fully connected layers. These two techniques are form another work called "Network
in Network" ( 82). The main contribution of GoogLeNet is the inception module, which
is showed in Fig. 2.2. It has different sizes /types of convolutions for the same input and
stacking all the outputs. The whole architecture of GoogLeNet is stack of multiple inception
modules, Fig 2.3.

Figure 2.2: Inception module, image source (135).

VGG-Net. VGG-Net is the runner-up at the ILSVRC 2014 competition, and it was devel-
oped by Simonyan and Zisserman ( 10). VGGNet was born out of the need to reduce the
number of parameters in the CONV layers and improve on training time. The important
idea to note here is that all the convolutional kernels are of xed size 3x3 as compared to
AlexNet that use multiple kernel sizes (11x11, 5x5, 3x3). Fig. 2.4 shows the the architecture



Figure 2.3: GoogLeNet architecture, image source (136).

of VGG-16 architecture.

Figure 2.4: VGGNet architecture.

ResNet. Deep Residual Network (ResNet) ( 40) is one of the rst work that successfully
adopt skip connections. It provides a simple yet effective solution, inspired by the High-
way network ( 130), that enables networks to enjoy going either deeper or wider without
sacri cing the feasibility of optimization, pushes the depth of deep neural networks to
hundreds of layers by using skipping connections. Without the residual connection, deep
networks often suffer vanishing gradient issues and hard to optimize. The residual  /skip
connections allow the gradient propagate back to the base layer with shorter  / clearer path.
Fig. 2.5 shows the simple idea of ResNet basic blocks. The residual path element-wisely adds
the input features to the output of the same block, making it a residual unit. In addition
to residual connection, the ResNet work introduced a bottleneck design of basic block for
better parameter ef ciency. It contains three convolutional layers in the block, and the rst
and third with 1x1 convolution to compress and recover the channel size respectively, while
the middle convolution is a 3x3 with compressed channel size (typically ratio of 0.25).

Depending on the inner structure design of the mirco-block, the residual network has
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Figure 2.5: lllustration of Residual function, image source (40).

developed into a family of various architectures, including Wide-ResNet (  155), Inception-
resnet (135), and ResNeXt (152), etc.

DenseNet. DenseNet (49) is introduced in CVPR2017 and won the best paper award.
Different from ResNet, DenseNet uses feature-maps of all preceding layers as inputs, and
its own feature-maps are used as inputs into all subsequent layers. DenseNets have several
compelling advantages: they alleviate the vanishing-gradient problem, strengthen feature
propagation, encourage feature reuse, and substantially reduce the number of parameters.
Fig. 2.6 shows an example of dense block. In a Dense-block with L layers, there are @
connections. The dense connections provides more diverse information ow that helps
optimization and ef ciency.

Dual Path Networks (DPN) was proposed to inherits both advantages of residual and
densely connected paths, enabling effective feature re-usage and re-exploitation (  13). The
idea is splting the input channels to two group, one goes through a ResNet-like block and
the other goes through a DenseNet-like blcok, and merge them together afterwards. The
proposed DPN also enjoys higher parameter and FLOPS ef ciency.

SENet. Squeeze-and-Excitation Networks (SENet) ( 47) introduced a Squeeze and Ex-
citation (SE) block, that explore the channel relationship and adaptively re-calibrates
channel-wise feature responses by explicitly modelling inter-dependencies between chan-
nels. Fig. 2.7 shows the idea of SE Block. It uses the average-pooled output features to
learn a channel-wise attention weight with a set of fully connected layers, and use the
weight to re-calibrate the output features by a broadcast multiply. It shows that these blocks
can be stacked together to form SENet architectures that generalise extremely effectively
across different datasets. And SE blocks is demonstrated bring signi cant improvements
in performance for existing state-of-the-art CNNSs at slight additional computational cost.
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Figure 2.6: A 5-layer dense block with a growth rate of k = 4. Each layer takes all preceding
feature-maps as input. Image source (49).

Squeeze-and-Excitation Networks won the 1st place of ILSVRC 2017 classi cation challenge.

Figure 2.7: SE Block, image source (47).

MobileNet. MobileNet has several versions. MobileNet-V1 ( 46) replaces conventional
convolutional layers with depth-wise Separable Convolution and point-wise convolution
(1x1 convolution) to reduce the model size and complexity. Itis particularly useful for mobile
and embedded vision applications. In MobileNetV2 ( 120), a better module is introduced
with inverted residual structure and non-linearity in narrow layers are removed.

Summary. Neural architectures are the foundation for improving performance of deep
neural networks (DNNs). Much of the progress are achieved mainly through engineering
network architectures which jointly address two issues: increasing representational power
by going either deeper or wider, and maintaining the feasibility of optimization using back-
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propagation with stochastic gradient descent (i.e., the vanishing and /or exploding gradient
problems). As shown in Fig. 2.8, different manually-designed architectures are compared
with the most widely used ImageNet-1K benchmark (116).

Figure 2.8: Comparison of modern neural architectures on ImageNet-1k benchmark.

InChapter 3, I'llintroduce  And-Or Grammar Networks (AOGNets) which use agrammar-
guided network generators to design networks that uni ed the so-far best practices of
network architecture designs. And I'll demonstrate AOGNets out-performs state-of-the-art
architectures on commonly used benchmarks (75).

2.3.2 Neural Architecture Search (NAS)

With network engineering, CNN architectures are improved signi cantly on different bench-
marks across various tasks . However, deep learning techniques are computationally in-
tensive and their application requires a high level of domain knowledge. Thus, Neural
Architecture Search (NAS) idea comes in to automate the architecture design process for
saving more labor and potentially improving the performance to the next level (18)(145).
In order to perform NAS, a proper search space is needed, and the space needs to contain
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large enough number of candidate architectures and also feasible in terms of computational
time. Normally, there are two level of search space, global search space and cell search
space. Global search space covers how blocks are connected and what hyper-parameters
are used for each block (e.g. channel size, number of repeat, etc). Cell search spaces de nes
how each operators are connected within a block.

Without loss of generality, the architecture search space A is represented by a directed
acyclic graph (DAG). A network architecture is a sub-graph a 2A ,denotedas N (a,w).
with weights w . Neural architecture search aims to solve two related problems. The rstis
weight optimization of a given network architecture as in standard deep learning,

w, =argmin L {45 (N (a,w)), (2.2)

w
where L {,.in (.) is the loss function on the training set. The second is architecture opti-
mization. In a general sense, it nds the architecture that is trained on the training set and
has best accuracy on the validation set, as

a =argmaxACC,; (N (a,wy,)), (2.2)
a2A

where AC C,,, (\) is the accuracy on the validation set.

Real world tasks usually have additional requirements on a network's memory con-
sumption, FLOPs, latency, energy consumption, etc. These requirements are up to the
architecture a, software and hardware platforms, but irrelevant to the weights  w,. Thus,
they are called architecture constraints.

Early NAS approaches perform weight optimization and architecture optimization in
a nested manner ( 164; 166; 4). Numerous architectures are sampled from A and trained
from scratch as in Eq. 2.1. Ef cient architecture search algorithms are critical to making
Eq. 2.1 affordable. Previous works use reinforcement learning (RL) ( 164; 4) and evolutionary
algorithm (EA) ( 166; 108; 109) for searching, however the computational cost is still very
high, it takes days or weeks of searching on small dataset (e.g. CIFAR-10) with small search
space.

The main reason makes the searching process slow is we need to train from scratch
for each sampled architecture. To make the search process faster, recent NAS algorithms
adopt a common weight sharing strategy (  104; 85; 148). The architecture search space A
is encoded in a supernet, denoted as N (A ,W), where W is the weights in the supernet.
The supernet s trained once. All architectures inherit their weights directly from W. Thus,
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they share the weights in their common graph nodes. Fine tuning of an architecture is
performed in need, but no training from scratch is incurred. Therefore, architecture search
is fast and suitable for large datasets like ImageNet.

Most weight sharing approaches convert the discrete architecture search space into
a continuous one ( 85; 148). Formally, space A isrelaxedto A ( ), where denotes the
continuous parameters that represent the distribution of the architectures in the space.

An evident advantage of the continuous search space is that gradient based methods ( 85)
become feasible for the joint optimization of both weights and architecture distribution
parameters. However, there are several optimization challenges with this weight sharing
strategy. The weights that compose different architectures in the supernet is strongly cou-
pled with each other during optimization. Also, joint optimization of architecture parameter

and weights W introduces further coupling. These coupling might lead to sub-optimal
of searching. Itis also hard to impose architectural constraint with continuous relexation
of architecture parameters, only soft constraint can be applied without guarantee (148).

Recently, another category of NAS is introduced, called One-shot NAS to solve the issue
of coupled optimization ( 8; 33). It decouples the weight optimization and architecture
search processes. The supernet is trained only once and architecture search is performed
based on the learned supernet.

With NAS techniques, CNN performance is further improved as compared to human-
designed architectures. In Chapter 5, I'll introduce Learn-to-Grow framework ( 77) that
utilize NAS technique to help neural network alleviate "catastrophic forgetting" issue under
continual / lifelong learning settings.
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CHAPTER

3

AND-OR GRAMMAR NETWORKS

Neural architectures are the foundation for improving performance of deep neural net-
works (DNNSs). This chapter presents deep compositional grammatical architectures which
harness the best of two worlds: grammar models and DNNs. The proposed architectures
integrate compositionality and recon gurability of the former and the capability of learning
rich features of the latter in a principled way.

We utilize AND-OR Grammar (AOG) ( 128; 163; 162) as network generator and call the
resulting networks AOGNets. An AOGNet consists of a number of stages each of which
is composed of a number of AOG building blocks. An AOG building block splits its input
feature map into N groups along feature channels and then treat it as a sentence of N
words. It then jointly realizes a phrase structure grammar and a dependency grammar in
bottom-up parsing the “sentence" for better feature exploration and reuse. It provides a
uni ed framework for the best practices developed in state-of-the-art DNNs.

In our experiments, AOGNet is tested in the ImageNet-1K classi cation benchmark and
the MS-COCO object detection and segmentation benchmark. In ImageNet-1K, AOGNet
obtains better performance than ResNet ( 40) and most of its variants, ResNeXt ( 151) and its
attention based variants such as SENet ( 47), DenseNet (49) and DualPathNet ( 13). AOGNet
also obtains the best model interpretability score using network dissection ( 6). AOGNet
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further shows better potential in adversarial defense. In MS-COCO object detection and
instance segmentation task, AOGNet obtains better performance than the ResNet and
ResNeXt backbones with Mask R-CNN framework (36).

In the following sections, | will presents the details of the design and performance of
AOGNets. Insection 3.1, I will rst presentthe motivation and objective of designing network
architecture with And-Or Grammar. Section 3.2 presents some background information
on existing CNN architectures and grammar models. Section 3.3 and 3.4 presents detailed
designs of our AOGNets. Section 3.5 shows experimental results and comparisons with
other networks, as well as ablation studies on different aspects of our AOGNets. Finally,
Section 3.6 concludes this work and discusses some on-going and future work.

3.1 Motivation and Objective

Recently, deep neural networks (DNNs) ( 71; 64) have improved prediction accuracy sig-
ni cantly in many vision tasks, and have obtained superhuman performance in image
classi cation tasks ( 40; 135; 49; 13). Much of these progress are achieved mainly through
engineering network architectures which jointly address two issues: increasing representa-
tional power by going either deeper or wider, and maintaining the feasibility of optimization
using back-propagation with stochastic gradient descent (i.e., the vanishing and  /or explod-
ing gradient problems). The dramatic success does not necessarily speak to its suf ciency,
given the lack of theoretical underpinnings of DNNs at present ( 1). Different methodologies
are worth exploring to enlarge the scope of neural architectures for seeking better DNNs.
For example, Hinton recently pointed out: a crucial drawback of current convolutional
neural networks: according to recent neuroscienti ¢ research, these arti cial networks

do not contain enough levels of structure ( 44; 118). Thus, in this work, we are interested
in grammar-guided network generators  (Fig. 3.1), which has rich structures due to its
compositional and recurrent nature.

Neural architecture design and search can be posed as a combinatorial search problem
in a product space comprising two sub-spaces (Fig. 3.2 (a)): (i) The structure space which
consists of all directed acyclic graphs (DAGSs) with the start node representing input raw
data and the end node representing task loss functions. DAGs are entailed for feasible
computation. (ii) The node operation space which consists of all possible transformation
functions forimplementing nodesina DAG, suchas Conv  +BN (57)+RelLU (64) with different
kernel sizes and feature channels.
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Figure 3.1: lllustration of our AOG building block for grammar-guided network generator.
The resulting networks, AOGNets obtain 80.18% top-1 accuracy with 40.3M parameters in
ImageNet, signi cantly outperforming ResNet-152 ( 77.0%, 60.2M), ResNeXt-101 (79.6%,
83.9M), DenseNet-Cosine-264 (79.6%, 73M) and DualPathNet-98 ( 79.85%, 61.6M). See

text for details. (Best viewed in color)
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The structure space is almost unbounded, and the node operation space for a given
structure is also combinatorial. Neural architecture design and search is a challenging
problem due to the exponentially large space and the highly non-convex non-linear ob-
jective function to be optimized in the search. As illustrated in Fig. 3.2 (b), to mitigate the
dif culty, neural architecture design and search have been simpli ed to design or search a
building block structure. Then, a DNN consists of a prede ned number of stages each of
which has a small number of building blocks. This stage-wise building-block based design
is also supported by the theoretical study in (1) under some assumptions. Fig. 3.2 (c) shows
examples of some popular building blocks with different structures. Two questions arise
naturally:

» Canwe unify the best practices used by the popular building blocks in a simple and elegant
framework? More importantly, can we generate building blocks and thus networks in a
principled way to effectively unfold the space (Fig. 3.2 (a)) ? (If doable)

» Will the uni ed building block  / network generator improve performance on accuracy,
model interpretability and adversarial robustness without increasing model complexi-
ties and computational costs? If yes, the potential impacts shall be broad and deep for
representation learning in numerous practical applications.

To address the above questions, we rst need to understand the underlying wisdom in
designing better network architectures: It usually lies in nding network structures which
can support exible and diverse information ows for exploring new features, reusing
existing features in previous layers and back-propagating learning signals (e.g., gradients).
Then, what are the key principles that we need to exploit and formulate such that we can ef-
fectively and ef ciently unfold the structure space in Fig. 3.2 (a) in a way better than existing
networks? Compositionality, recon gurability and lateral connectivity ~ are well-known prin-
ciples in cognitive science, neuroscience and pattern theory ( 25; Mumford and Desolneux ;
Grenander and Miller ; 26; 66; 26). They are fundamental for the remarkable capabilities
possessed by humans, of learning rich knowledge and adapting to different environments,
especially in vision and language. They have not been, however, fully and explicitly inte-
grated in DNNSs.

Thus, we presents compositional grammatical architectures that realize composition-
ality, recon gurability and lateral connectivity for building block design in a principled way.

We utilize AND-OR Grammars (AOG) ( 128; 163; 162) and propose AOG building blocks that

unify the best practices developed in existing popular building blocks. Our method deeply

integrates hierarchical and compositional grammars and DNNs for harnessing the best of
both worlds in deep representation learning.
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Figure 3.2: lllustration of (a) the space of neural architectures, (b) the building block
based design, and (c) examples of popular building blocks in GoogLeNet ( 135), ResNet (40),
ResNeXt (151), DenseNet (49) and DualPathNets (13). See text for details.

Why grammars? Grammar models are well known in both natural language processing
and computer vision. Image grammar ( 163; 21; 162; 25) was one of the dominant methods
in computer vision before the recent resurgence in popularity of deep neural networks.
With the recent resurgence, one fundamental puzzle arises that grammar models with
more explicitly compositional structures and better analytic and theoretical potential, often
perform worse than their neural network counterparts. As David Mumford pointed out,
“Grammar in language is merely a recent extension of much older grammars that are built
into the brains of all intelligent animals to analyze sensory input, to structure their actions
and even formulate their thoughts. " (Mumford ). Our proposed AOG building block is highly
expressive for analyzing sensory input and bridges the performance gap between grammars
and DNNs. It also enables exible and diverse network structures to address Hinton's quest
on improving structural suf ciency in DNNs (44).
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Figure 3.3: lllustration of a 3-stage AOGNet with 1 AOG building bock in the 1st and 3rd stage, and
2 AOG building blocks in the 2nd stage. Note that different stages can use different AOG building
blocks. We show the same one for simplicity. The stem can be either a vanilla convolution or
convolution +MaxPooling. (Best viewed in color)

3.2 Background

Hand-crafted network architectures.  After more than 20 years since the seminal work 5-
layer LeNet5 (71) was proposed, the recent resurgence in popularity of neural networks was
triggered by the 8-layer AlexNet ( 64) with breakthrough performance on ImageNet (  116)
in 2012. Since then, a lot of efforts were devoted to learn deeper AlexNet-like networks
with the intuition that deeper is better. The VGG Net ( 10) proposed a 19-layer network
with insights on using multiple successive layers of small lters (e.g., 3 3) A special case,
1 1 convolution, was proposed in the network-in-network ( 82) for reducing or expanding
feature dimensionality between consecutive layers, and have been widely used in many
networks. The 22-layer GoogLeNet ( 136) introduced the rst inception module and a bot-
tleneck scheme implemented with 1 1 convolution for reducing computational cost. The
main obstacle of going deeper lies in the gradient vanishing issue in optimization, which is
addressed with a new structural design, short-path or skip-connection, proposed in the
Highway network ( 131) and popularized by the ResNets ( 40), especially when combined
with the batch normalization (BN) (  57). More than 100 layers are popular design in the re-
cent literature ( 40; 135), as well as even more than 1000 layers trained on large scale datasets
such as ImageNet (50; 160). The Fractal Net ( 69) and deeply fused networks ( 143) provided
an alternative way of implementing short path for training ultra-deep networks without
residuals. Complementary to going deeper, width matters in ResNets and inception based
networks too ( 155; 151; 159). Going beyond the rst-order skip-connections in ResNets,
DenseNets (49) proposed a densely connected network architecture with concatenation
scheme for feature reuse and exploration, and DPNs ( 13) proposed to combine residuals
and densely connections in an alternating way for more effective feature exploration and
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reuse. DLA networks (154) further develop iterative and hierarchical aggregation schema
with very good performance obtained. Most work focused on boosting spatial encoding
and utilizing spatial dimensionality reduction. The squeeze-and-excitation module ( 47)is
a recently proposed simple yet effective method focusing on channel-wise encoding. The
Hourglass network ( 97) proposed a hourglass module consisting of both subsampling and
upsampling to enjoy repeated bottom-up /top-down feature exploration.

Our AOGNet is created by intuitively simple yet principled grammars. It shares some
spirit with the inception module (135), the deeply fused nets (143) and the DLA (154).

Grammars. A general framework of image grammar was proposed in ( 163). Object
detection grammar was the dominant approaches for object detection (  21; 162; 128; 81;
79; 80), and has recently been integrated with DNNs ( 138; 139; 12). Probabilistic program
induction ( 133; 67; 68) has been used successfully in many settings, but has not shown good
performance in dif cult visual understanding tasks such as large-scale image classi cation
and object detection. More recently, recursive cortical networks ( 26) have been proposed
with better data ef ciency in learning which adopts the AND-OR grammar framework ( 163),
showing great potential of grammars in developing general Al systems.

3.3 And-Or Grammar Network Overview

We rst summarize the best practices in existing building blocks, and then brie y overview

our proposed AOG building block (Fig. 3.1) and how it uni es the existing ones.

Existing building blocks usually do not fully implement the three principles (composi-
tionality, recon gurability and lateral connections).

* InceptionNets or GoogLeNets ( 135) embodies a split-transform-aggregate heuristic in a
shallow feed-forward way for feature exploration, which is inspired by the network-in-
network design ( 82) and the theoretical study on stage-wise design ( 1). However, the lter
numbers and sizes are tailored for each individual transformation, and the modules are
customized stage-by-stage. Interleaved group convolutions ( 159) share the similar spirit,
but use simpler scheme.

» ResNets (40) provide a simple yet effective solution, inspired by the Highway network ( 131),
that enables networks to enjoy going either deeper or wider without sacri cing the feasi-
bility of optimization. From the perspective of representation learning, skip-connections
within a ResNet ( 40) contributes to effective feature reuse. They do not, however, realize
the split component as done in GoogLeNets.
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* ResNeXts (L51) add the spit component in ResNets and address the drawbacks of the
Inception modules using group convolutions in the transformation.

» Deep Pyramid ResNets (34) gradually increase feature channels between building blocks,
instead of increasing feature channels sharply at each residual unit with down-sampling
in vanilla ResNets.

» DenseNets (49) explicitly differentiate between information that is added to the network
and information that is preserved. Dense connections with feature maps being concate-
nated together are used, which are effective for feature exploration, but lack the capability
of feature reuse as done in ResNets.

» Dual Path Networks (DPN) ( 13) utilize ResNet blocks and DenseNet blocks in parallel to
balance feature reuse and feature exploration.

» Deep Layer Aggregation networks (DLA) ( 154) iteratively and hierarchically aggregate the
feature hierarchy when stacking the building blocks such as the ResNet ones.

Our AOG building block is hierarchical, compositional and recon gurable with lateral
connections by design. As Fig. 3.1 shows, an AOG building block splits its input feature map
into N groups along feature channels, and treat it as a sentence of N words. It then jointly
realizes a phrase structure grammar (vertical composition) ( 24; 25; 22; 163; 162; 128) and a
dependency grammar (horizontal connections in pinkin Fig. 3.1) ( 35; 163; 26) in bottom-up
parsing the “sentence" for better feature exploration and reuse: (i) Phrase structure grammar
is a 1-D special case of the method presented in ( 128; 149). It can also be understood as
a modi ed version of the well-known Cocke-Younger-Kasami (CYK) parsing algorithm
in natural language processing according to a binary composition rule. (ii) Dependency
grammar is integrated to capture lateral connections and improve the representational
exibility and power.

In an AOG building block, each node applies some basic operation T () (e.g., Conv-BN-
RelLU) to its input, and there are three types of nodes:

» A Terminal-node takes as input a channel-wise slice of the input feature map (i.e., a
k -gram).

* An AND-node implements composition, whose input is computed by concatenating
features of its syntactic child nodes, and adding the lateral connection if present.

* An OR-node represents alternative compositions, whose input is the element-wise sum
of features of its syntactic child nodes and the lateral connection if present.

Our AOG building block uni es the best practices developed in popular building blocks
in that,

» Terminal-nodes implement the split-transform heuristic (or group convolutions) as done
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in GoogLeNets (135) and ResNeXts (151), but at multiple levels (including overlapped
group convolutions). They also implement the skip-connection at multiple levels. Unlike
the cascade-based stacking scheme in ResNets, DenseNets and DPNs, Termninal-nodes
can be computed in parallel to improve ef ciency. Non-terminal nodes implement ag-
gregation.

* AND-nodes implement DenseNet-like aggregation (i.e., concatenation) ( 49) for feature
exploration.

* OR-nodesimplement ResNet-like aggregation (i.e., summation) (40) for feature reuse.

» The hierarchy facilitates gradual increase of feature channels as in Deep Pyramid ResNets,
and also leads to good balance between depth and width of networks. (34)

» The compositional structure provides much more exible information ows than DPN
(13) and the DLA (154).

» The lateral connections induce feature diversity and increase the effective depth of nodes
along the path without introducing extra parameters.

We stack AOG building blocks to form a deep AOG network, called AOGNet. Fig. 3.3
illustrates a 3-stage AOGNet. Our AOGNet utilizes two nice properties of grammars: (i) The
exibility and simplicity of constructing different network structures based on a dictionary
of primitives and a set of production rules in a principled way; and (ii) The highly expressive
power and the parsimonious compactness of their explicitly hierarchical and compositional
structures. Furthermore, the explainable rigor of grammar could be harnessed potentially
to address the intepretability issue of deep neural networks.

3.4 The Architecture of AOGNets

In this section, we rst present details of constructing the structure of our AOGNets. Then,
we de ne node operation functions for nodes in an AOGNet. We also propose a method of
simplifying the full structure of an AOG building block which prunes syntactically symmetric
nodes.

3.4.1 The Structure of an AOGNet

An AOGNEet (Fig. 3.3) consists of a prede ned number of stages each of which comprises one
or more than one AOG building blocks. As Fig. 3.1 illustrates, an AOG building block maps
an input feature map F,, withthe dimensions D;, H;, W,, (representingthe number of
channels, height and width respectively) to an output feature map  F,,; with the dimensions
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Dout  Hout Wout - We split the input feature map into N groups along feature channels,
and then treat it as a “sentence of N words". Each “word" represents a slice of the input
feature map with DNﬂ Hi, W, . Inimplementation, following a common convention, we
usually reduce the spatial size and increase the number of channels between consecutive
stages for bigger receptive eld and greater expressive power. Within a stage, we usually
keep the dimensions of input and output same for the AOG building blocks except for the

rst one ( 40). Our AOG building block is constructed by a simple algorithm (Algorthm 1)
which integrates two grammars.

The phrase structure grammar  (24; 25; 22; 163; 162; 128). Let § ; be a non-terminal

symbol representing the sub-sentence starting atthe i-thword (i 2[0,N 1]) and ending
atthe j-thword ( j 2[0O,N 1],j i)withthelength k =j i+ 1. We consider the following

three rules in parsing a sentence:

St tig (3.1)
S,j(m)! [Li,i+m Ri+m+1,j]a 0 m <k1 (32)
S;!' §;008,;@0 iS;G 1) (3.3)
where we have,
* The rstruleis atermination rule which grounds the non-terminal symbol S directly to

the corresponding sub-sentence t; ;, i.e., ak -gram terminal symbol, which is represented
by a Terminal-node .

» The second rule is a binary decomposition rule, denoted by [L R], which decomposes a
non-terminal symbol § ; into two child non-terminal symbols representing a left sub-
sentence and a right sub-sentence, L;;,n and R, .1 respectively. Itis represented by
an AND-node , and entails the concatenation scheme in forward computation to match
feature channels.

» The third rule represents alternative ways of decomposing a non-terminal symbol S
denoted by AjBjC, which is represented by an OR-node, and can utilize summation
scheme in forward computation to “integrate out" the decomposition structures.

The dependency grammar (35; 26; 163). We introduce dependency grammar to model
lateral connections between non-terminal nodes of the same type (AND-node or OR-node)
with the same length k. As illustrated by the arrows in pink in Fig. 3.1, we add lateral
connections in a straightforward way : (i) For the set of OR-nodes with k 2 [1,N 1], we rst
sort them based on the starting index i; and (ii) For the set of AND-nodes with  k 2 [2,N],
we rst sort them based on the lexical orders of the pairs of starting indexes of the two child
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Input: The total length (or primitive size) N.
Output: The AND-OR Graph G =<V,E >
Initialization: Create an OR-node Ogy 1 for the entire sentence, V =fOyy 10, E =, BFS
queue Q =fOgn 10

while Q is not empty do
Pop anode v; j fromthe Q andlet k = j i+1;
if vi ; isan OR-node then
i) Add aterminal-node t; ;,andupdate V =V [f t; ;g E=E[f <v;;,tj; >g
ii) Create AND-nodes A; j(m)forallvalidsplitsO0 m <Kk;
E=E [f < Vi,j rAi,j (m)>g,
if Ajj(Mm)2V then

V=VI[fA,;m)g

Push A; ;(m) to the back of Q;
end
Ise if v; j is an AND-node with splitindex m  then
Create two OR-nodes O; . and O; 4y +1j for the two sub-sentence respectively;
E=E[f <v;j(m),Oi+m ><V;j(M),Oi+m+1j >G
if Oi Jj+m 2V then
V=VI[fOimg
Push O; j ;1 to the back of Q;

D

end

Oi+m+1j 2V then
V=VI[fOim+1jg
Push O+ m+1,j to the back of Q;

J—

end
end

end
Add lateral connections (see text for detail).
Algorithm 1: Constructing an AOG building block

nodes. Then, we add sequential lateral connections for nodes in the sorted set either from
left to right, or vice versa. We use opposite lateral connection directions for AND-nodes
and OR-nodes iteratively to have globally consistent lateral ow from bottom to top in an
AOG building block.

The AOG building block is constructed by the Algorithm 1 using the breadth- rst search
(BFS) order.

3.4.2 Node Operations in an AOGNet

In an AOG building bock, all nodes use the same type of transformation function T () (see
Fig. 3.1). For anode v, denote by f;, (v) its input feature map, and then its output feature
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Figure 3.4: lllustration of simplifying the AOG building blocks by pruning syntactically
symmetric child nodes of OR-nodes. Left: An AOG building block with full structure con-
sisting of 10 Terminal-nodes, 10 AND-nodes and 10 OR-nodes. Nodes and edges to be
pruned are plotted in yellow. Right: The simpli ed AOG building block consisting of 8
Terminal-nodes, 5 AND-nodes and 8 OR-nodes. (Best viewed in color)

map is computed by f,,(v) =T (f;, (v)). For a Terminal-node t, it is straightforward to

apply the transformation using f;, (t) = K, (t) where K, (t) is the k-gram slice from the

input feature map of the AOG building block. For AND-nodes and OR-nodes, we have,

» For a Terminal-node t; ;, denote by F ; the corresponding k-gram chunk in the input
feature map F.We have its input fifj = R ; with the dimensionality ciVJ. H W,andits
output fit’j =T (R ;) with the dimensionality ci‘"j H W,where ci‘fj =k cand c;’,j =k %

* Foran AND-node A withtwo childnodes L and R, itsinput f;, (A)is rstcomputed by the
concatenation of the outputs of the two child nodes,  f;, (A)=[fou: (L) L, fout(R) Rg]-If
it has a lateral node whose output is denoted by  f,,; (Ajateral ), We add itand get f;, (A) =
[four (L) Lifouc(R)  RI* four (Avateral)  rateral -

» Foran OR-node O, itsinputis the sumlgnation of the outputs of its child nodes (including
the lateral node if present), fi,(0)= " ,.n0)fout (U) . where ch()represents the set
of child nodes.

Where |, r, 1atera) @and 's are weights (see details in Section 3.5.1). Node inputs are

computed following the syntactical structure of AOG building block to ensure that feature

dimensions and spatial sizes match in the concatenation and summation. In learning and
inference, we follow the depth- rst search (DFS) order to compute nodes in an AOG building

block, which ensures that all the child nodes have been computed when we compute a

node v.
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3.4.3 Simplifying AOG Building Blocks

The phrase structure grammar is syntactically redundant since it unfolds all possible con-
gurations w.r.t. the binary composition rule. In representation learning, we also want to
increase the feature dimensions of different stages in a network for better representational
power, but try not to increase the total number of parameters signi cantly.

To balance the structural complexity and the feature dimensions of our AOG building
block, we propose to simplify the structure of an AOG building block by pruning some
syntactically redundant nodes. As illustrated in Fig. 3.4, the pruning algorithm is simple:
Given a full structure AOG building block, we start with an empty simpli ed block. We rst
add the root OR-node into the simpli ed block. Then, we follow the BFS order of nodes
in the full structure block. For each encountered OR-node we only keep the child nodes
which do not have left-right syntactically symmetric counterparts in the current set of child
nodes in the simpli ed block. For encountered AND-nodes and Terminal-nodes, we add
them to the simpli ed block. The pruning algorithm can be integrated into Algorithm 1.
For example, consider the four child nodes of the root OR-node in the left of Fig. 3.4, the
fourth child node is removed since it is symmetric to the second one.

3.5 Experiments

We test our AOGNet on three highly competitive image classi cation benchmarks: CIFAR-10
and CIFAR-100 (63), and ImageNet-1K ( 116). For testing the transfer learning ability of our
ImageNet-pretrained AOGNets, we also tested our AOGNets as backbone for object detec-
tion and instance segmentation tasks on the PASCAL VOC 2007 and 2012 benchmarks ( 19)
and the MS-COCO object detection and segmentation benchmark ( 84). We implemented
our AOGNets using PyTorch. 1!

3.5.1 Implementation Settings and Details

We use simpli ed AOG building blocks. For the node operation T (), we use the bottleneck
variant of Conv-BN-ReLU proposed in ResNets ( 40), which adds one 1 1 convolution
before and after the operation to rst reduce feature dimension and then expand it back.
More speci cally, we have T (x)=ReLU(x + T (x))for an input feature map x where T ()

'Our code based on PyTorch has been made publicly available at https://github.com/iVMCL/
AOGNets
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represents a sequence of primitive operations, Convlx1-BN-ReLU, Conv3x3-BN-ReLU and
Conv1x1-BN. If Dropout ( 64) is used with drop rate p 2 (0,1), we add it after the last BN, i.e.,
T (x)=ReLU(x+Dropout (T(x),p))

Handling double-counting due to the compositional DAG structure and lateral connec-
tions. First, in our AOG building block, some nodes will have multiple paths to reach the
root OR-node due to the compositional DAG structure. Since we use the skip connection
in the node operation T (), the feature maps of those nodes with multiple paths will be
double-counted at the root OR-node. Second, ifanode v and its lateral node V| ie;a; Share
a parent node, we also need to handle double-counting in the skip connection. Denote by
n (v) the number of paths between v and the root OR-node, which can be counted during
the building block construction (Algorithm 1). Consider an AND-node A with two syntactic
child node L and R and the lateral node Alateral , we compute two different inputs, one for
the skip connection, f,>*'"P(A)=[f,u (L) © i, fouw (R) 2&if Aand A,atem share a parent
node and ;0" (A)=[fou (L) 0} fout R) @1+ fout Arateral) e
otherfor T (), i TA) = [four (L), fout R+ fout (Ajateral )- The transformation for node A is
then implementedby T (A)=ReLU(f SKP(A)+ T (fiI (A))). Similarly, we can set ,'sinthe
OR-node operation. We note that we can alsotreat  's as unknown parameters to be learned

otherwise, and the

end-to-end.

let x be the input computed from the syntactic child nodes and  X,:era1 b€ the output
from the lateral node. The inputfornode Vv isX = X¢n+ Xjateral - If V @andits lateral node share
a parent node, we omit X,,:era IN the operation of the skip connection and we implement
the node operationfor v by T (x)=ReLU(X;, + T (X)).

We notice that we can apply different AOG building blocks and node operations for
different types of nodes as long as we can match the dimensions during the computation.
We keep them simple in this paper. We leave the exploration of different operators in future
work.

3.5.2 Experiments on CIFAR

CIFAR-10 and CIFAR-100 datasets ©3), denoted by C10 and C100 respectively, consist of
32 32 colorimages drawn from 10 and 100 classes. The training and test sets contains
50,000 and 10,000images respectively. We adopt widely used standard data augmentation
scheme, random cropping and mirroring, in preparing the training data.

We train AOGNets with stochastic gradient descent (SGD) for 300 epochs with random
parameter initialization. The front-end (see Fig. 3.3) uses a single convolution layer. The
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Table 3.1: Error rates (%) on the two CIFAR datasets ( 63). #Params uses the unit of Million.
k in DenseNet refers to the growth rate.

Method Depth #Params FLOPs | C10 C100

ResNet (40) 110 1.7M 0.251G | 6.61 -
ResNet (reported by (50)) 110 1.7M 0.251G | 6.41 27.22
164 1.7M 0.251G | 5.46 24.33

ResNet (pre-activation) (42)

1001 10.2M - 462 2271

Wide ResNet (155) 16 11.0M - 481 22.07
DenseNet-BC (49) (k = 12) 100 0.8M 0.292G | 451 22.27
AOGNet-4-(1,1,1)-252d 74 0.78M  0.123G | 4.37 20.95
DenseNet-BC (49) (k = 24) 250 15.3M 5.46G | 3.62 17.60
AOGNet-4-(1,1,1)-1152d 98 15.8M 24G | 3.42 16.93
Wide ResNet (155) 28 36.5M 5.24G | 4.17 20.50
FractalNet (69) 21 38.6M - 5.22 23.30

with Dropout /DropPath 21 38.6M - 460 23.73

ResNeXt-29, 8 64d (151) 29 344M  3.01G | 3.65 17.77
ResNeXt-29, 16 64d (151) | 29 68.1M 559G | 3.58 17.31
DenseNet-BC (49) (k =40) | 190  25.6M  9.35G | 3.46 17.18
AOGNet-4-(1,1,1)-1444d 98  248M  3.7G | 327 16.63

initial learning rate is setto 0.1, and is divided by 10at 150 and 225 epoch respectively. For
CIFAR-10, we chose batch size 64 with weight decay 1 10 4, while batch size 128 with
weight decay 5 10 “is adopted for CIFAR-100. The momentum is set to 0.9.

The depth of an AOGNet is de ned by the largest number of units which have learnable
parameters along the paths from the nal output to the input data following BFS order.
E.g, the longest path in the simpli ed AOG building block in Fig. 3.4 is 8, and a bottle-
neck operation is counted as 3 units, so the depth of the simpli ed AOG building block is
counted as 24. In comparison, to indicate the speci cations, AOGNets will be written by
AOGNet-PrimitiveSize-(#AOG blocks per stage) [OutputFeatDim ]. E.g, AOGNet-4-(1,1,1,1)-
256d represents a 4-stage AOGNet with 1 AOG building block per stage, primitive size being
4, and the nal output feature dimension 256.

After the AOG structure is speci ed, the number of parameters of an AOGNet is deter-
mined by the number of channels of input /output of each stage. Thus, for an M -stage
AOGNEet, we have an (M + 1)-tuple specifying the number of channels. For example, we can
specify the 4-tuple, (16,16,32,64) or (16,32,64,128) for a 3-stage AOGNet, resulting different
number of parameters in total.

Results and Analyses. We summarize the results in Table 3.1. With smaller model sizes
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Table 3.2: An ablation study of our AOGNets using the mean error rate across 5 runs. In
the rsttwo rows, the AOGNets use full structure, and the pruned structure in the last two
rows. The feature dimensions of node operations are accordingly speci ed to keep model
sizes comparable.

Method #Params | FLOPS | CIFAR10 | CIFAR100
AOGNet 4.24M 0.65G 3.75 19.20
AOGNet+LC 4.24M 0.65G 3.70 19.09
AOGNet+RS 4.23M 0.70G 3.57 18.64
AOGNet+RS+HLC | 4.23M 0.70G 3.52 17.99

and much reduced computing complexity (FLOPs), our AOGNets obtain better performance
than ResNets (40) and some of the variants, ResNeXts (151) and DenseNets (49) consistently
on both datasets. Our small AOGNet ( 0.78M ) already outperforms the ResNet ( 40) (10.2M )
and the WideResNet (155) (11.0M ). Since the same node operation is used, the improvement
must come from the AOG building block structure. Compared with the DenseNets, our
AOGNets improve more on C100, and use less than half FLOPs for comparable model sizes.
The reason for the reduced FLOPs is that DenseNets apply down-sampling after each Dense
block, while our AOGNets sub-sample at Terminal-nodes.

Ablation Study We conduct an ablation study which investigates the effects of (i) RS:
Removing Symmetric child nodes of OR-nodes in the pruned AOG building blocks, and of
(i) LC: adding Lateral Connections. As Table 3.2 shows, the two components, RS and LC,
improve performance. The results are consistent with our design intuition and principles.
The RS component facilitates higher feature dimensions due to the reduced structural
complexity, and the LC component increases the effective depth of nodes on the lateral
OWS.

3.5.3 Image Classi cation in ImageNet-1K

The ILSVRC 2012 classi cation dataset ( 116) consists of about 1.2 millionimages for training,
and 50,000for validation, from 1,000classes. We adopt the same data augmentation scheme
(random crop and horizontal ip) for training images asdonein( 40; 49), and apply a single-
crop with size 224 224 at test time. Following the common protocol, we evaluate the top-1
and top-5 classi cation error rates on the validation set.

Model speci cations. We test three AOGNets with different model complexities. In
comparison, we use the model size as the name tag for AOGNets (e.g., AOGNet-12M means
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the AOGNet has 12 million parameters or so). The stem (see Fig. 3.3) uses three Conv3x3-BN
layers (with stride 2 for the rstlayer), followedbya 2 2 max pooling layer with stride 2.
All the three AOGNets use four stages. Within a stage, we use the same AOG building block,
while different stages may use different blocks. A stage is then speciedby N, where N is
primitive size (Algorithm 1) and n the number of blocks. The Iter channels are de ned
by a 5-tuple for specifying the input and output dimensions for the 4 stages. The detailed
speci cations of the three AOGNets are: AOGNet-12M uses stages of (2,,44,45,2,) with
Iter channels (32,128,256,512,936), AOGNet-40M uses stages of(2,,44,4,,2,) with lter
channels (60,240,448,968,1440), and AOGNet-60M uses stages of (2,,4,,4s,2,) withe lter
channels (64,256,512,1160,1400.

Training Settings. 1) Common training Setup. We use 8 GPUs (NVIDIA V100) to train
models using the same settings for apple-to-apple comparisons. The method proposed
in (38) is used to initialize all convolutions for all models. The batch size is 128 per GPU 2
with FP16 optimization used in training to reduce the training time 3. The mean and stan-
dard deviation for block-wise standardization are computed  within each GPU. The initial
learning rate is 0.4, and the cosine learning rate scheduler ( 87) is used with 5 warm-up
epochs and weight decay 1 10 # and momentum 0.9. In addition to the common settings,
we have two different setups in experimental comparisons:

i) The Vanilla Setup. We adopt the basic data augmentation scheme (random crop
and horizontal ip) in training as done in ( 40). We train the models for 120 epochs. All
ResNets (40) use the vanilla stem layer with 7 7 convolution. The MobileNets-v2 uses
3 3convolution in the stem layer. The AOGNets use two consecutive 3 3 convolution
in the stem layer. Allthe and parameters of the feature normalization backbones are
initialized to 1 and O respectively.

iii) The State-of-the-Art Setup. There are different aspects in the vanilla setup which
have better variants developed with better performance shown ( 43). We want to address
whether the improvement by our proposed AN are truly fundamental or will disappear with
more advanced tips and tricks added in training ConvNets. First, on top of the basic data
augmentation, we also use label smoothing ( 137) (with rate 0.1) and the mixup (with rate
0.2) (157). We increase the total number of epochs to 200. We use the same stem layer
with two consecutive 3 3 convolution for all models. We add the zero initialization trick
for the feature normalization backbones (not for AN), which uses 0 to initialize the last

2Although the best practice is to use 8 GPUs and batch size 32 per GPU for training ConvNets in ImageNet,
we do not follow it since it would take too long in order to run all the experiments given the resources we have.
3The NVIDIA APEX library is used.
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Table 3.3: Comparisons of the top-1 and top-5 error rates (%) in the ImageNet-1000 vali-
dation set using the vanilla setup .

Method #Params | FLOPS | top-1 | top-5
ResNet-101 (40) 44.5M 8G 236 |7.1
ResNet-152 (40) 60.2M 11G 23.0 | 6.7

ResNeXt-50 (151) 25.03M | 4.2G 222 |56
ResNeXt-101 (32 4d) (151) | 44M 8.0G |[212 |56

ResNeXt-101 (64 4d) (151) | 83.9M | 16.0G |20.4 |5.3
ResNeXt-101+ BAM (100) | 44.6M | 8.05G | 20.67 | -
ResNeXt-101+ CBAM (147) | 49.2M | 8.0G | 20.60 | -
ResNeXt-50+ SE (47) 277M | 43G | 211 |5.49
ResNeXt-101+SE (47) | 48.9M | 8.46G | 20.58 | 5.01

DensetNet-161 (49) 27.9M 7.7G 222 |-

DensetNet-169 (49) 13.5M 4G 23.8 | 6.85
DensetNet-264 (49) 33.4M | - 222 | 6.1

DensetNet-cosine-264 (105) 73M 26G | 204 |-
DPN-68 (13) 12.8M 2.5G 23.57 | 6.93
DPN-92 (13) 38.0M 6.5G 20.73 | 5.37
DPN-98 (13) 61.6M 11.7G | 20.15 | 5.15
AOGNet-12M 11.9M 2.36G | 22.28 | 6.14
AOGNet-40M 40.3M 8.86G | 19.82 | 4.88
AOGNet-60M 60.7M 14.36G | 19.34 | 4.78

normalization layer (BN ; in Figure 4.4) to make the initial state of a residual block to be
identity.

Results and Analyses: Table 4.2 shows the results, and Fig. 3.5 shows plots for the top-1
error rates and training losses. Our AOGNets are the best among the models with compara-
ble model sizes in comparison in terms of top-1 and top-5 accuracy. Our small AOGNet-12M
outperforms ResNets (40) (44.5M and 60.2M ) by 1.32% and 0.72% respectively. We note
that our AOGNets use the same bottleneck operation function as ResNets, so the improvement
must be contributed by the AOG building block structure. Our AOGNet-40M obtains better
performance than all other methods in comparison, including ResNeXt-101 (  151)+SE @7)
(48.9M ) which represents the most powerful and widely used combination in practice.
AOGNet-40M also obtains better performance than the runner-up, DPN-98 ( 13) (61.6M ),
which indicates that the hierarchical and compositional integration of the DenseNet- and
ResNet-aggregation in our AOG building block is more effective than the cascade-based
integration in the DPN ( 13). Our AOGNet-60M achieves the best results. The FLOPs of
our AOGNet-60M are slightly higher than DPN-98 partially because DPN uses ResNeXt
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Table 3.4: Comparisons of the top-1 and top-5 error rates (%) in the ImageNet-1000 vali-
dation set using the state-of-the-art setup . The numbers in brackets show the performance
improvement by our proposed AN over the baselines. All models are trained from scratch
under the same settings. See text for detalils.

Method #Params FLOPS top-1 top-5
ResNet-50 25.56M 4.09G 21.08 5.56
ResNet-101 4457M  8.12G 19.71 4.89

AOGNet-12M  12.26M  2.19G 21.63 5.60
AOGNet-40M  40.15M  7.51G 18.70 4.47

Table 3.5: An ablation study of our AOGNets using different OR-Node merging scheme:
elementwise-um, elementwise-average or elementwise-max. This results are preformed
with AOGNet-12m with pruned structure without lateral connections

Method top-1 top-5
elem-sum 2259 6.12
elem-avg 22.60 6.14
elem-max 23.10 6.50

operation (i.e., group conv.).

Mobile settings. We train an AOGNet-4M under the typical mobile settings (  46). Ta-
ble 3.6 shows the comparison results. We obtain performance on par to the popular net-
works speci cally designed for mobile platforms such as the MobileNets ( 46; 120) and
Shuf eNets ( 161). Our AOGNet also outperforms the auto-searched network, NASNet (  166)
(which used around 800 GPUs in search). We note that we use the same AOGNet structure,
thus showing promising device-agnostic capability of our AOGNets. This is potentially im-
portant and useful for deploying DNNSs to different platforms in practice since no extra
efforts of hand-crafting or searching neural architectures are entailed.

3.5.4 Experiment on Model Interpretability

Interpretability has been recognized as a critical concern in developing deep learning based
Al systems (DARPA). We use the network dissection metric ( 6) which compares the number
of unique “detectors” (i.e., Iter kernels) in the last convolution layer. Our AOGNet obtains
the best score in comparison (Fig. 3.10), which indicates the AOG building block has great
potential to induce model interpretabilty by design, while achieving the best accuracy
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Figure 3.5: Plots of top-1 error rates and training losses of the three AOGNets in ImageNet. (Best
viewed in color and magni cation)

Table 3.6: The top-1 and top-5 error rates (%) on the ImageNet-1K validation set under
mobile settings.

Method #Params | FLOPS | top-1 | top-5
MobileNetV1 (46) 4.2M 575M | 294 | 105
SqueezeNext (28) 4.4M - 30.92 | 10.6

Shuf eNet (1.5) (161) 3.4M 292M | 285 -

Shuf eNet (x2) (161) 5.4M 524M | 26.3 -
CondenseNet (G=C=4) (48) 4.8M 529M | 26.2 8.3
MobileNetV2 (120) 3.4M 300M | 28.0 9.0
MobileNetV2 (1.4) (120) 6.9M 585M | 25.3 7.5
NASNet-C (N=3) (166) 4.9M 558M | 27.5 9.0
AOGNet-4M 4.2M 557M | 256 | 7.91
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Figure 3.6: Network dissection (6), image source from (6).

Table 3.7: Top-1 accuracy comparisons under white-box adversarial attack using 1-step
FGSM (31) with the Foolbox toolkit (107).

Method #Params =0.1 = 0.3 clean
ResNet-101 44.5M 12.3 0.40 77.37
ResNet-152 60.2M 16.3 0.85 78.31

DenseNet-161  28.7M 13.0 2.1 77.65
AOGNet-12M 12.0M 18.1 1.4 77.72
AOGNet-40M 40.3M 28.3 2.2 80.18
AOGNet-60M 60.1M 30.2 2.6 80.66

performance.

3.5.5 Experiment on Adversarial robustness

Adversarial attack is another crucial issue faced by many DNNs ( 2). We conduct a simple
experiment to compare the out-of-the-box adversarial robustness of different DNNs. Ta-
ble 3.7 shows the results. Under the vanilla settings, our AOGNets show better potential in
adversarial defense, especially when the perturbation energy is controlled relatively low

(i.,e. =0.1). We will investigate this with different attacks and adversarial training in future

work.

3.5.6 Object Detection in Pascal VOC

We test our AOGNets in object detection on the PASCAL VOC 2007 and 2012 datasets (19).
We adopt the vanilla Faster R-CNN system ( 113) and reuse the code in PyTorch “. We only

“https://github.com/jwyang/faster-rcnn.pytorch
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Figure 3.7: Comparisons of model interpretability using the network dissection method ( 6) on
ImageNet pretrained networks.

substitute the ConvNet backbone with our AOGNets in experiments and keep everything
else unchanged for fair comparison. We netue the AOGNets pretrained on ImageNet. We
adopt the provided end-to-end training procedure to train the region proposal network
(RPN) and R-CNN jiontly. The rst three stages are shared by RPN and R-CNN, and the
last stage is used as the head classi er for region-of-interest (Rol) prediction. We x all
parameters pretrained on ImageNet before stage 1 (inclusive) in training. We follow the
standard evaluation metrics Average Precision (AP) and mean of AP (mAP) in evaluation ( 19).
Table 3.8 shows the detection results and comparisons. Our AOGNets obtain better mAP
than ResNet-101 by around 3% consistently. When trained using the 07+ 12 trainval dataset,
our small AOGNet-backboned detector ( 13.6M ) already slightly outperforms the ResNet-
backboned one (47.5M ), which further shows the effectiveness of the AOG building blocks
in object detection tasks.

3.5.7 Object Detection and Segmentation in COCO

MS-COCO is one the widely used benchmarks for object detection and segmentation ( 84). It
consists of 80 object categories. We train AOGNet inthe COCO train2017 setand evaluate
inthe COCO val2017 set. We report the standard COCO metrics of Average Precision (AP),
APs,, and AP, for bounding box detection (AP P) and instance segmentation, i.e. mask
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Table 3.8: Performance comparisons using Average Precision (AP) at the intersection over
reported
based on our re-implementation using the exactly same PyTorch implementation of Faster
R-CNN and PyTorch pretrained ResNet-101 backbone on ImageNet for fair comparisons.
The reproduced results of ResNets are better than those reported in the original paper (

union (loU) threshold 0.5 (AP@D.5) in the PASCAL VOC2007/ 2012 dataset.

40).

O7trainval / 07test

07+ 12trainval / 12test

model ResNet-101 AOGNet-12M AOGNet-40M | ResNet-101  AOGNet-12M  AOGNet-40M
#params 47.5M 13.6M 43.2M 47.5M 13.6M 43.2M
areo 76.2 76.0 77.2 86.1 87.0 88.9
bike 77.9 77.4 84.4 82.5 82.1 82.8
bird 74.6 72.6 78.0 77.6 78.4 81.3
boat 59.9 59.2 64.5 63.4 63.1 66.9
bottle 53.0 55.6 60.6 54.5 56.7 62.4
bus 80.8 80.4 83.5 80.6 80.0 82.6
car 81.7 83.7 87.2 79.9 80.7 83.0
cat 85.3 85.2 85.8 91.0 91.5 92.5
chair 49.0 50.1 55.4 55.8 55.1 59.6
cow 80.2 77.1 85.1 79.9 79.7 82.5
table 64.1 63.7 65.7 56.0 59.9 61.9
dog 83.7 83.8 86.0 89.5 88.8 90.9
horse 83.3 82.8 84.5 82.6 83.8 86.1
mbike 76.5 78.7 80.3 83.3 82.8 84.5
person 77.8 77.8 78.9 83.1 83.4 84.5
plant 45.2 447 52.4 53.9 54.3 56.1
sheep 73.0 71.4 75.5 79.8 79.0 83.3
sofa 72.0 72.5 72.6 67.4 65.8 69.7
train 81.7 79.1 82.6 86.3 84.7 87.6
tv 713 70.6 75.9 69.5 67.4 715
mean AP 72.3 72.1 75.8 75.1 75.2 78.0

prediction (AP ™). We experiment on the Mask-RCNN system (' 36) using the state-of-the-art
implementation, maskrcnn-benchmark91). We use AOGNets pretrained on ImageNet-

1K as the backbones. In ne-tuning for object detection and segmentation, we freeze all

the BN parameters as done for the ResNet ( 40) and ResNeXt (151) backbones. We keep all
remaining aspects unchanged. We test both the C4and FPNsettings.

Results. Table 4.4 shows the comparison results. Our AOGNets obtain better results

than the ResNet (40) and ResNeXt (151) backbones with smaller model sizes and similar or

slightly better inference time. The results show the effectiveness of our AOGNets learning

better features in object detection and segmentation tasks.
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Table 3.9: Mask-RCNN results on coco_val2017using the 1x training schedule. Results of
ResNets and ResNeXts are reported by the maskrcnn-benchmark.

Method #Params t (s/img) | AP°®  APRD AP | AP™  APT AP
ResNet-50-C4 35.9M 0.130 36 56.1 383|315 527 334
ResNet-101-C4 54 .9M 0.180 39.2 593 422|338 556 36.0

AOGNet-12M-C4 14.6M 0.092 36.8 56.3 39.8|32.0 529 337
AOGNet-40M-C4 48.1M 0.184 414 614 452 | 355 57.8 37.7
ResNet-50-FPN 44.3M 0.125 378 59.2 411|342 56.0 36.3
ResNet-101-FPN 63.3M 0.145 40.1 617 440 36.1 58.1 383
ResNeXt-101-FPN  107.4M 0.202 422 639 46.1|37.8 605 40.2
AOGNet-12M-FPN  31.2M 0.122 38.0 59.8 413|346 56.6 36.4
AOGNet-40M-FPN  59.4M 0.147 418 639 457|376 603 40.1
AOGNet-60M-FPN  78.9M 0.171 425 644 46.7 | 379 609 403

3.5.8 Experiment on Chest X-Ray datasets for Medical Image Analysis

3.6 Summary and Discussion

We proposes grammar-guided network generators which construct compositional gram-
matical architectures for deep learning in an effective way. It presents deep AND-OR Gram-
mar networks (AOGNets). The AOG comprises a phrase structure grammar and a depen-
dency grammar. An AOGNet consists of a number of stages each of which comprises a num-
ber of AOG building blocks. Our AOG building block harnesses the best of grammar models
and DNNs for deep learning. AOGNet obtains state-of-the-art performance. In experiments,
our AOGNEet is tested in the ImageNet-1K classi cation benchmark ( 116) and the MS-COCO
object detection and segmentation benchmark ( 84). In ImageNet-1K ( 116), AOGNet obtains
better performance than all state-of-the-art networks under fair comparisons. AOGNet
also obtains the best model interpretability score using network dissection ( 6). AOGNet
further shows better potential in adversarial defense. In MS-COCO (  84), AOGNet obtains
better performance than the ResNet and ResNeXt backbones in Mask R-CNN (36).

We hope this work encourages further exploration in integrating compositional gram-
mar models and other structured knowledge representation and deep neural networks
end-to-end, especially to harness the explainable rigor of the former and the discriminative
power of the latter. In implementation, some interesting aspects that worth investigat-
ing include, but not limited to, searching better hyper-parameters in learning AOGNets
(e.g., learning rate and schedule, parameter initialization and batch size, etc), conducting
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Table 3.10: Results on 14 pathologies in the ChestX-ray1l4 dataset. CheXNet is using
a DenseNet-121 architecture. * CheXNet implementation with PyTorch reported by

https: // github.com /zoogzog/ chexnet.

Pathology CheXNet CheXNet* AOGNet-12M AOGNet-40M
Athelectasis 0.8094 0.8321 0.8357 0.8375
Cardiomegaly 0.9248 0.9107 0.9121 0.9186
Effussion 0.8638 0.8860 0.8870 0.8906
In Itration 0.7345 0.7145 0.7164 0.7211
Mass 0.8676 0.8653 0.8734 0.8714
Nodule 0.7802 0.8037 0.8071 0.8160
Pneumonia 0.7680 0.7655 0.7752 0.7740
Pneumothorax 0.8887 0.8857 0.8925 0.8961
Consolidation 0.7901 0.8157 0.8176 0.8188
Edema 0.8878 0.9017 0.9043 0.9074
Emphysema 0.9371 0.9422 0.9404 0.9477
Fibrosis 0.8047 0.8523 0.8535 0.8632
Pleural Thickening 0.8062 0.7948 0.7989 0.8059
Hernia 0.9164 0.9416 0.9185 0.9287
Mean AUROC 0.8414 0.8508 0.8523 0.8569

experiments with much larger AOGNets (deeper and wider with different primitive size
per stage), extending binary composition rule in constructing AND-OR graphs, adopting
sub-graph based concatenation scheme for AND-nodes with prede ned growth rate as
done in DenseNet and DPN, and using front-end stages from networks such as ResNet,
DenseNet and DPN before the rst stage to further boost the experssive power and to save

memory footprint.

40



Figure 3.8: Sample grad-cam results from ResNet-50 / 101, AOGNet-12m/ 40m.
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Figure 3.9: Sample dissection results of AOGNets generated by network dissection.
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Figure 3.10: Sample COCO object detection and instance segmentation results of Mask-R-CNN
model with AOGNet-40m backbone.
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