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Abstract

Neural architectures are the foundation for improving
performance of deep neural networks (DNNs). This pa-
per presents deep compositional grammatical architectures
which harness the best of two worlds: grammar models and
DNNs. The proposed architectures integrate composition-
ality and reconfigurability of the former and the capability
of learning rich features of the latter in a principled way.
They also show the platform-agnostic capability in deploy-
ment (e.g., cloud vs mobile). We utilize AND-OR Grammars
(AOG) [41, 60, 59] in this paper and call the resulting net-
works 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 exploitation. It provides a unified framework for the
split-transform-aggregate heuristic widely used in neural
architecture design. In experiments, AOGNets are tested on
three highly competitive image classification benchmarks:
CIFAR-10, CIFAR-100 and ImageNet-1K. AOGNets obtain
better performance than ResNets [15] and most of its vari-
ants, ResNeXts [52], DenseNets [21] and DualPathNets [3]
when model sizes are comparable. AOGNets are also tested
in object detection on the PASCAL VOC 2007 and 2012 [5]
using the vanilla Faster R-CNN [37] system. AOGNets use
smaller models and obtain better performance by about 3%
mean average precision than the ResNets backbone.

1. Introduction
1.1. Motivation and Objective

Recently, deep neural networks (DNNs) [30, 25] im-
proved prediction accuracy significantly in many vision
tasks, and even obtained superhuman performance in image
classification tasks [15, 44, 21, 3]. Much of these progress
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have been achieved mainly through engineering network
architectures which can enjoy increasing representational
power (by going either deeper or wider) without sacrific-
ing the feasibility of optimization using back-propagation
with stochastic gradient descent (i.e., handling the vanish-
ing and/or exploding gradient problem). The dramatic suc-
cess does not necessarily speak to its sufficiency given the
lack of theoretical underpinnings of deep neural networks
at present [1]. Different methodologies are worth explor-
ing 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 neuroscientific research, these artificial
networks do not contain enough levels of structure [17, 39].

As illustrated in Fig. 1 (a), neural architecture design and
search can be posed as a combinatorial search problem in a
product space comprising two sub-spaces:

• The structure space which consists of all directed acyclic
graphs (DAGs) with the start node representing input raw
data and the end node representing task loss functions.
DAGs are entailed for feasible computation.

• The node operation space which consists of all possi-
ble transformation functions for implementing nodes in a
DAG, such as Convolution+BatchNorm [23]+ReLU [25]
and its bottleneck implementation [15].

The structure space is almost unbounded, and the node
operation space for a given structure is also combinatorial.
Neural architecture design and search is an NP-hard prob-
lem due to the exponentially large space and the highly non-
convex non-linear objective function to be optimized in the
search. As illustrated in Fig. 1 (b), to mitigate the diffi-
culty, neural architecture design and search have been sim-
plified to design or search a building block structure, and
then stack the same build block structure into a predefined
number of stages. Fig. 1 (c) shows some examples of pop-
ular building blocks. In those hand-crafted building blocks,
the best practices of finding a good building block adopt the
so-called split-transform-aggregate heuristic. The heuristic
is motivated by the well-known Hebbian principle in neu-
roscience, i.e., neurons fire together, then wire tighter. Put
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Figure 1. (a) Illustration of the space of neural architectures,
(b) the building block based approaches to explored the space,
and (c) examples of popular building blocks in GoogLeNets [44],
ResNets [15], ResNeXts [52], DenseNets [21] and DualPath-
Nets [3]. See text for details. (Best viewed in color)

in another word, the wisdom in designing better deep net-
work architectures usually lies in finding network topolo-
gies which can support flexible information flows for both
exploring new features and exploiting existing features in
previous layers. More specifically, we observed the advan-
tages of popular networks are:

• InceptionNets or GoogLeNets [44] embodies the split-
transform-aggregate heuristic in a shallow feed-forward
way. However, the filter numbers and sizes are tailored
for each individual transformation, and the modules are
customized stage-by-stage. Interleaved group convolu-
tions [56] share the similar spirit, but use simpler scheme.

• ResNets [15] provide a simple yet effective solution that
enables networks to enjoy going either deeper or wider
without sacrificing the feasibility of optimization using
back-propagation with stochastic gradient descent (i.e.,
handling the vanishing and/or exploding gradient prob-
lems). From the perspective of representation learning,
skip-connections within a ResNet [15] contributes to ef-
fective features exploitation/reuse. They do not realize
the split component.

• ResNeXts [52] add the spit component in ResNets and
address the drawbacks of the Inception modules using
group convolutions in the transformation.

• Deep pyramid ResNets [13] extend ResNets, which con-
centrate on the feature map dimension by increasing it
gradually instead of by increasing it sharply at each resid-
ual unit with down-sampling.

• DenseNets [21] explicitly differentiate between informa-
tion that is added to the network (i.e., exploration via
split-transform) and information that is preserved (i.e.,
exploitation via aggregation, especially residual connec-
tions). From the perspective of representation learning,

Channels

AND-node
OR-node
Terminal-node

AND-OR Grammar (AOG) building block

Input feature map !

Output feature map

Node operation: "(⋅)

!&,(

"(!&,()

Splitting

Terminal-node

Summation

…
)&,(* )&,(+

"()&,(* + ⋯+ )&,(+ + !./012/.)

OR-node

!./012/.Concatenation

"( )&,&345 , )&3436,(7 + !./012/.)

)&,&345 )&3436,(7

AND-node

!./012/.

Figure 2. Illustration of the proposed AOG building block. See
text for details. (Best viewed in color)

dense connection with feature maps being concatenated
together in DenseNets [21] leads to effective feature ex-
ploration.

• Dual Path Networks (DPN) [3] utilize ResNet blocks and
DenseNet blocks in parallel to balance feature exploita-
tion and feature exploration.

• Deep layer aggregation networks (DLA) [54] iteratively
and hierarchically merge the feature hierarchy when
stacking the building blocks such as the ResNet ones.

On the one hand, this paper is motivated by the tech-
nical question: Can we unify all the best practices devel-
oped in the popular networks? On the other hand, Com-
positionality, reconfigurability and lateral connectivity are
well-known principles in cognitive science, neuroscience
and pattern theory [9, 35, 12, 10, 26, 10]. They are fun-
damental for the remarkable capabilities possessed by hu-
mans, of learning rich knowledge and adapting to differ-
ent environments quickly, especially in vision and language.
They have not been, however, fully and explicitly integrated
in DNNs. This paper aims at addressing these issues. As il-
lustrated in Fig. 2, this paper presents a method of deeply
integrating hierarchical and compositional grammars and
DNNs for harnessing the best of both worlds in represen-
tation learning. As David Mumford pointed out, “Gram-



Front-end

M
ean Pooling

Softm
ax

“Laptop”

Figure 3. Illustration of an AOGNet which has 3 stages, 1 AOG building bock in the first and third stage, and 2 AOG building blocks in
the second stage. Note that different stages can use different AND-OR graphs. We show the same one for simplicity. The front-end can be
either a vanilla convolution or convolution+MaxPooling. (Best viewed in color)

mar in language is merely a recent extension of much older
grammars that are built into the brains of all intelligent ani-
mals to analyze sensory input, to structure their actions and
even formulate their thoughts.” [34].

Grammar models are well known in both natural lan-
guage processing and computer vision. Image grammar [60,
6, 59, 9] was one of the dominant methods in computer vi-
sion before the recent resurgence in popularity of deep neu-
ral networks. With the recent resurgence, one fundamen-
tal puzzle arises that grammar models with more explic-
itly compositional structures and better analytic and theo-
retical potential, often perform worse than their neural net-
work counterparts. The proposed method bridges the per-
formance gap, which is motivated by, and aims at showing,
the advantage of two nice properties of grammars which
are desirable in network engineering: (i) The flexibility
and simplicity of constructing different types of structural
topologies based on a dictionary of primitives and a set of
production rules in a principled way; and (ii) The highly ex-
pressive power and the parsimonious compactness of their
explicitly hierarchical and compositional structures.

1.2. Method Overview

In this paper, we utilize AND-OR Grammars (AOG) in
implementing our deep compositional grammatical archi-
tectures. We follow the general AOG framework [60, 59]
and specifically extend the method presented in [41, 51] in
constructing AOG building blocks. Fig. 2 shows the pro-
posed AOG building block. We call the resulting networks
AOGNets. An AOGNet consists of a stack of AOG build-
ing blocks. Fig. 3 illustrates a 3-stage AOGNet.

An AOG building block splits its input feature map into
N groups along feature channels, and treat it as a sen-
tence of N words. It then jointly realizes a phrase structure
grammar (vertical composition) [8, 9, 7, 60, 59, 41] and
a dependency grammar (horizontal connections in pink in
Fig. 2) [14, 60, 10] in bottom-up parsing the “sentence” for
better feature exploration and exploitation, thus embody-
ing Mumford’s vision on grammars to analyze sensory in-
puts [34] in visual recognition and Hinton’s quest on more
diverse neural architectures.

• The phrase structure grammar component is a 1-D spe-
cial case of the method presented in [41, 51]. It can also
be understood as a modified version of the well-known
Cocke-Younger-Kasami (CYK) parsing algorithm in nat-
ural language processing according to a binary composi-
tion rule.

• The dependency grammar component is integrated to
capture lateral connections and improve the representa-
tional flexibility and power.

In an AOG building block, each node applies some basic
operation T (·) (e.g., Conv-BatchNorm-ReLU) to its input.
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 explores composition, whose input is
computed by concatenating features of its syntactic child
nodes, and adding the lateral connection if had;

• An OR-node represents alternative ways of composition
in the spirit of exploitation, whose input is the element-
wise sum of features of its syntactic child nodes and the
lateral connection if had.

Our AOG building blocks unify the best practices devel-
oped in popular networks stated above in that,

• Terminal-nodes implement the split-transform heuristic
(or group convolutions) as done in GoogLeNets [44]
and ResNeXts [52], 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 paral-
lel to improve efficiency. Non-terminal nodes implement
aggregation.

• AND-nodes implement DenseNet-like aggregation (i.e.,
concatenation) [21] for feature exploration.

• OR-nodes implement ResNet-like aggregation (i.e., sum-
mation) [15] for feature exploitation.

• The hierarchy facilitates gradual increase of feature chan-
nels as in Deep Pyramid ResNets [13], and also leads to
good balance between depth and width of networks.



• The compositional structure provides much more flexible
information flows than DPN [3] and the DLA [54].

• The lateral connections increase the depth of nodes on
the flow without introducing extra parameters.

In experiments, we test our AOGNets on three
highly competitive and widely used image classifica-
tion benchmarks: the CIFAR-10 dataset and the CIFAR-
100 dataset [24], and the ImageNet-1K dataset [38].
Our AOGNets obtain better performance consistently
than ResNets [15] and most variants, ResNeXts [52],
DenseNets [21] and DualPathNets [3] when model sizes
are comparable. We also test AOGNets in object detection
on the PASCAL VOC 2007 and 2012 [5]. We adopt the
vanilla Faster R-CNN [37] system using AOGNets as back-
bone. We obtain better performance by about 3% mean
average precision than the one with larger ResNets as the
backbones.

2. Related Work and Our Contributions
Neural architectures are the foundation for improving

performance of DNNs. The majority of existing methods
are still based on hand-crafted architectures. A promising
trend is to automatically learn better architectures with the
long-term objective to have theoretical guarantee. So far,
hand-crafted ones have better overall performance, espe-
cially on large-scale datasets such as the ImageNet bench-
mark [38]. We focus on hand-crafted architectures in this
section. Related work on automatic neural architecture
search is referred to the nice survey papers [4, 53].

Hand-crafted network architectures. After more than
20 years since the seminal work 5-layer LeNet5 [30] was
proposed, the recent resurgence in popularity of neural
networks was triggered by the 8-layer AlexNet [25] with
breakthrough performance on ImageNet [38] 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 [2] proposed a 19-layer network with insights
on using multiple successive layers of small filters (e.g.,
3 × 3) A special case, 1 × 1 convolution, was proposed
in the network-in-network [32] for reducing or expand-
ing feature dimensionality between consecutive layers, and
have been widely used in many networks. The 22-layer
GoogLeNet [45] introduced the first inception module and a
bottleneck 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 [42]
and popularized by the ResNets [15], especially when com-
bined with the batch normalization [23]. More than 100
layers are popular design in the recent literature [15, 44],
as well as even more than 1000 layers trained on large

scale datasets such as ImageNet [22, 57]. The Fractal
Net [29] and deeply fused networks [49] provided an al-
ternative way of implementing short path for training ultra-
deep networks without residuals. Complementary to go-
ing deeper, width matters in ResNets and inception based
networks too [55, 52, 56]. Going beyond the first-order
skip-connections in ResNets, DenseNets [21] proposed a
densely connected network architecture with concatenation
scheme for feature reuse and exploration, and DPNs [3] pro-
posed to combine residuals and densely connections in an
alternating way for more effective feature exploration and
exploitation. DLA networks [54] further develop iterative
and hierarchical aggregation schema with very good perfor-
mance obtained. Most work focused on boosting spatial en-
coding and utilizing spatial dimensionality reduction. The
squeeze-and-excitation module [19] is a recently proposed
simple yet effective method focusing on channel-wise en-
coding. The Hourglass network [36] 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 prin-
cipled grammars. It shares some spirit with the inception
module [44], the deeply fused nets [49] and the DLA [54].

Grammar-like structures. A general framework of
image grammar was proposed in [60]. Object detec-
tion grammar was the dominant approaches for object de-
tection [6, 59, 41, 50, 31], and has recently been inte-
grated with DNNs [46, 47]. Probabilistic program induc-
tion [43, 27, 28] has been used successfully in many set-
tings, but has not shown good performance in difficult vi-
sual understanding tasks such as large-scale image classifi-
cation and object detection. More recently, recursive corti-
cal networks [10] have been proposed with much more data
efficiency in learning which adopts the AND-OR grammar
framework [60], showing great potential of grammar like
structures in developing general AI systems.

Our contributions. This paper makes two main contri-
butions in the field of deep representation learning:

• It presents a simple yet effective method of deeply in-
tegrating grammar models and DNNs, which facilitates
both feature exploration and exploitation in a hierarchical
and compositional way with nice balance between depth
and width. In implementation, we adopt the AND-OR
grammars (AOG) [41, 60, 59]. To the best of our knowl-
edge, it is the first work that utilizes grammar models in
network engineering.

• It obtains better performance than state-of-the-art
networks including ResNets [15], ResNeXts [52],
DenseNets [21] and DualPathNets [3] in image classi-
fication, and also achieves better object detection perfor-
mance than the ResNet backbone in Faster R-CNN [37]
detection systems.



3. AOGNets
In this section, we first present details of constructing

the structure of our AOGNets. Then, we define node opera-
tion 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.

3.1. The Structure of an AOGNet

An AOGNet consists of a predefined number of stages
each of which comprises one or more than one AOG build-
ing blocks. Fig. 3 shows a 3-stage AOGNet.

As Fig. 2 illustrates, an AOG building block maps an
input feature map F with the dimensions C × H × W
(representing the number of channels, height and width re-
spectively) to an output feature map F with the dimensions
C × H ×W. 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 primitive feature map
with the dimensionality c × H × W in the input, satisfy-
ing C = N × c. In implementation, following a common
convention, we usually reduce the spatial size and increase
the number of channels between consecutive stages for big-
ger receptive field and greater expressive power. Our AOG
building blocks integrates two grammars (see Algorithm 1).

The phrase structure grammar [8, 9, 7, 60, 59, 41].
We consider the following three rules in unfolding the con-
figurations of a sentence with N words:

Si,j → ti,j , (1)
Si,j(m)→ Li,i+m ·Ri+m+1,j , 0 ≤ m < k, (2)

Si,j → Si,j(0)|Si,j(1)| · · · |Si,j(j − i). (3)

where Si,j represents a symbol for parsing the sub-sentence
starting at the i-th word (i ∈ [0, N − 1]) and ending at the
j-th word (j ∈ [0, N − 1], j ≥ i) and its length equals
k = j − i+ 1.

• The first rule is a termination rule which grounds the non-
terminal symbol Si,j directly to the corresponding sub-
sentence ti,j , i.e., a k-gram terminal symbol, which is
represented by a Terminal-node.

• The second rule is a binary decomposition rule which
decomposes the non-terminal symbol Si,j into two child
symbols representing a left sub-sentence and a right sub-
sentence respectively: Li,i+m and Ri+m+1,j , both of
which are either a non-terminal symbol or a terminal
symbol depending on m. It is represented by an AND-
node, and entails the concatenation scheme in forward
computation.

• The third rule represents alternative ways of decompos-
ing a symbol Si,j , which is represented by an OR-node,
and entails summation scheme in forward computation
to “integrate out” the decomposition structures.

Input: The total length (or primitive size) N .
Output: The AND-OR Graph G =< V,E >
Initialization: Create an OR-node O0,N−1 for the
entire sentence, V = {O0,N−1}, E = ∅, BFS queue
Q = {O0,N−1};

while Q is not empty do
Pop a node vi,j from the Q and let k = j − i+ 1;
if vi,j is an OR-node then

i) Add a terminal-node ti,j , and update
V = V ∪ {ti,j}, E = E ∪ {< vi,j , ti,j >};

ii) Create AND-nodes Ai,j(m) for all valid
splits 0 ≤ m < k;
E = E ∪ {< vi,j , Ai,j(m) >};
if Ai,j(m) /∈ V then

V = V ∪ {Ai,j(m)};
Push Ai,j(m) to the back of Q;

end
else if vi,j is an AND-node with split index m then

Create two OR-nodes Oi,i+m and Oi+m+1,j

for the two sub-sentence respectively;
E = E ∪ {< vi,j(m), Oi,i+m >,<
vi,j(m), Oi+m+1,j >};

if Oi,i+m /∈ V then
V = V ∪ {Oi,i+m};
Push Oi,i+m to the back of Q;

end
if Oi+m+1,j /∈ V then

V = V ∪ {Oi+m+1,j};
Push Oi+m+1,j to the back of Q;

end
end

end
Add lateral connections between between
non-terminal nodes of the same type (AND-node or
OR-node) with the same length.

Algorithm 1: Constructing an AOG building block

The dependency grammar [14, 10, 60]. 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 (i.e., k = j − i+ 1 in the three
rules). As illustrated by the arrows in pink in Fig. 2, we
add lateral connections in a simple way: (i) For the set of
OR-nodes with k ∈ [1, N − 1], we first sort them based on
the starting index i; and (ii) For the set of AND-nodes with
k ∈ [2, N ], we first sort them based on the lexical orders of
the pairs of starting indexes of the two child nodes. Then,
we add sequential lateral connections for nodes in the sorted
set either from left to right or from right to left. We usually
use opposite lateral connection directions for AND-nodes
and OR-nodes to have globally consistent lateral flow from
bottom to top in an AOG building block.



Figure 4. Illustration of simplifying the AOG building blocks
by pruning syntactically symmetric child nodes of OR-nodes.
Left: An AOG building block with full structure consisting of 10
Terminal-nodes, 10 AND-nodes and 10 OR-nodes. Nodes and
edges to be pruned are plotted in yellow. Right: The simpli-
fied AOG building block consisting of 8 Terminal-nodes, 5 AND-
nodes and 8 OR-nodes. Here, lateral connections are not shown
for clarity. (Best viewed in color)

3.2. Node Operations in an AOGNet

In an AOG building bock, all nodes use the sample type
of transofrmation function T (·) (see Fig. 2). For a node
vi,j with length k = j − i + 1, denote by fv

i,j its input
feature map, and fvi,j its output feature map computed by
fvi,j = T (fv

i,j). We have,

• For a Terminal-node ti,j , denote by Fi,j the correspond-
ing k-gram chunk in the input feature map F . We have its
input f t

i,j = Fi,j with the dimensionality cvi,j ×H ×W ,
and its output f ti,j = T (Fi,j) with the dimensionality
cvi,j ×H×W, where cvi,j = k × c and cvi,j = k × C

N .

• For an AND-node Ai,j(m), its input is computed by
the concatenation of the outputs of its two syntactic
child nodes, fLi,i+m and fRi+m+1,j . We have fA

i,j =

[fLi,i+m, fRi+m+1,j ]. If it has a lateral child node whose
output is denoted by fAlateral, we add it to fA

i,j , i.e.,
fA
i,j = [fLi,i+m, fRi+m+1,j ] + fAlateral.

• For an OR-node Oi,j , its input is the summation of the
outputs of its child nodes, fO

i,j =
∑

ui,j∈ch(Oi,j)
fui,j ,

where ch(·) be the set of child nodes. If it has a lateral
child node whose output is denoted by fOlateral, we add it
to fO

i,j , i.e., fO
i,j =

∑
ui,j∈ch(Oi,j)

fui,j + fOlateral.

Where the input and output of an AND-node or an OR-
node, vi,j , have the same dimensionalities: cvi,j × H ×W
and cvi,j = k × C

N . In learning and inference, we follow the
depth-first 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.

3.3. Simplifying AOG Building Blocks

The phrase structure grammar is syntactically redundant
since it aims to explore all possible configurations w.r.t. the
binary compositional rule. In representation learning, we
usually want to increase the feature dimensions of differ-
ent stages in a network for improving the representational

power without increasing the total number of parameters
too much. To balance the structural complexity and the fea-
ture dimensions in our AOG building blocks, we propose
to simplify the structure of AOG building blocks by prun-
ing. The pruning adopts a simple method: We follow the
BFS order of nodes, and for each encountered OR-node we
only keep the child nodes which do not have left-right syn-
tactically symmetric counterparts in the current set of child
nodes. For example, consider the four child nodes of the
root OR-node in the left of Fig. 4, the fourth child node is
removed since it is symmetric to the second one. Following
the BFS, we can extract the pruned AOG building block.

4. Experiments
In this section, we test our AOGNets on three highly

competitive image classification benchmarks: CIFAR-10
and CIFAR-100 [24], and ImageNet-1K [38], and on the
PASCAL VOC 2007 and 2012 benchmarks [5]. We imple-
mented our AOGNets using PyTorch.

4.1. Implementation Settings

In our experiments, we use simplified AOG building
blocks. We also use the same building block for all stages
for simplicity. For node operations T ()’s, we use the
bottleneck variant of Conv-BatchNorm-ReLU, as done in
ResNets [15], which adds one 1× 1 convolution before and
after the operation to first reduce the dimensionality and
then expand it back respectively. 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 di-
mensions during the computation. We keep them simple in
this paper. We leave the exploration of different operators
in future work.

The depth of an AOGNet is defined by the largest num-
ber of units which have learnable parameters along the paths
from the final output to the input data following BFS order.
E.g., the longest path in the simplified AOG building block
in Fig. 4 is 8, and a bottleneck operation is counted as 3
units, so the depth of the simplified AOG building block
is counted as 24. In comparison, to indicate the specifica-
tions, 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 final
output feature dimension 256.

4.2. Experiments on CIFAR

CIFAR-10 and CIFAR-100 datasets [24], denoted by
C10 and C100 respectively, consist of 32 × 32 color im-
ages drawn from 10 and 100 classes. The training and test
sets contains 50, 000 and 10, 000 images respectively. We
adopt widely used standard data augmentation scheme, ran-
dom cropping and mirroring, in preparing the training data.



Method Depth #Params FLOPs C10 C100
ResNet [15] 110 1.7M 0.251G 6.61 -

ResNet (reported by [22]) 110 1.7M 0.251G 6.41 27.22

ResNet (pre-activation) [16]
164 1.7M 0.251G 5.46 24.33

1001 10.2M - 4.62 22.71
Wide ResNet [55] 16 11.0M - 4.81 22.07

DenseNet-BC [21] (k = 12) 100 0.8M 0.292G 4.51 22.27
AOGNet-4-(1,1,1)-252d 74 0.78M 0.123G 4.37 20.95

DenseNet-BC [21] (k = 24) 250 15.3M 5.46G 3.62 17.60
AOGNet-4-(1,1,1)-1152d 98 15.8M 2.4G 3.42 16.93

Wide ResNet [55] 28 36.5M 5.24G 4.17 20.50
FractalNet [29] 21 38.6M - 5.22 23.30

with Dropout/DropPath 21 38.6M - 4.60 23.73
ResNeXt-29, 8× 64d [52] 29 34.4M 3.01G 3.65 17.77

ResNeXt-29, 16× 64d [52] 29 68.1M 5.59G 3.58 17.31
DenseNet-BC [21] (k = 40) 190 25.6M 9.35G 3.46 17.18
AOGNet-4-(1,1,1)-1444d 98 24.8M 3.7G 3.27 16.63

Table 1. Error rates (%) on the two CIFAR datasets [24]. #Params
uses the unit of Million. k in DenseNet refers to the growth rate.

We train AOGNets with stochastic gradient descent
(SGD) for 300 epochs with random parameter initialization.
The front-end (see Fig. 3) uses a single convolution layer.
The initial learning rate is set to 0.1, and is divided by 10 at
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 5×10−4 is adopted for CIFAR-100.
The momentum is set to 0.9.

Results and Analyses. We summarize the results in
Table 1. With smaller model sizes and much reduced
computing complexity (FLOPs), our AOGNets obtain bet-
ter performance than ResNets [15] and some of the vari-
ants, ResNeXts [52] and DenseNets [21] consistently on
both datasets. Our small AOGNet (0.78M ) already outper-
forms the ResNet [15] (10.2M ) and the WideResNet [55]
(11.0M ). Since the same node operation is used, the im-
provement must come from the AOG building block struc-
ture. Compared with the DenseNets, our AOGNets improve
more on C100, and use less than half FLOPs for compara-
ble 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.

4.3. Experiments on ImageNet-1K

The ILSVRC 2012 classification dataset [38] consists
of about 1.2 million images for training, and 50, 000 for
validation, from 1, 000 classes. We adopt the same data
augmentation scheme (random crop and horizontal flip) for
training images as done in [15, 16, 21], and apply a single-
crop with size 224×224 at test time. Following the common
protocol, we evaluate the top-1 and top-5 classification error
rates on the validation set.

We train AOGNets with SGD for 120 epochs and ran-
dom parameter initialization. The front-end (see Fig. 3)
uses three 3×3 Convolution+BatchNorm layers (with stride
2 for the first layer), followed by a 3× 3 max pooling layer
with stride 2. We used 8 GPUs (NVIDIA V100) in training.
The batch size is 128 per GPU (1024 in total). The ini-

Method #Params FLOPS top-1 top-5
ResNet-101 [15] 44.5M 8G 23.6 7.1
ResNet-152 [15] 60.2M 11G 23.0 6.7
ResNeXt-50 [52] 25.03M 4.2G 22.2 5.6

ResNeXt-101 (32× 4d) [52] 44M 8.0G 21.2 5.6
ResNeXt-101 (64× 4d) [52] 83.9M 16.0G 20.4 5.3

DensetNet-161 [21] 27.9M 7.7G 22.2 -
DensetNet-169 [21] 13.5M 4G 23.8 6.85
DensetNet-264 [21] 33.4M - 22.2 6.1

ResNeXt-50+SE [19] 25M 4.3G 21.1 5.49
ResNeXt-101+SE [19] 44M 8.0G 20.70 5.01

DPN-68 [3] 12.8M 2.5G 23.57 6.93
DPN-92 [3] 38.0M 6.5G 20.73 5.37
DPN-98 [3] 61.6M 11.7G 20.15 5.15

AOGNet-4-(1,1,2,1)-800d 11.7M 2.19G 22.34 6.16
AOGNet-4-(1,1,3,1)-1400d 40.3M 7.56G 20.08 5.07
AOGNet-4-(1,1,4,1)-1800d 60.2M 12.69G 19.73 4.91

Table 2. The top-1 and top-5 error rates (%) on the ImageNet-1K
validation set using single model and single-crop testing.

Method #Params FLOPS top-1 top-5
MobileNetV1 [18] 4.2M 575M 29.4 10.5
SqueezeNext [11] 4.4M - 30.92 10.6

ShuffleNet (1.5) [58] 3.4M 292M 28.5 -
ShuffleNet (x2) [58] 5.4M 524M 26.3 -

CondenseNet (G=C=4) [20] 4.8M 529M 26.2 8.3
MobileNetV2 [40] 3.4M 300M 28.0 9.0

MobileNetV2 (1.4) [40] 6.9M 585M 25.3 7.5
NASNet-C (N=3) [61] 4.9M 558M 27.5 9.0

AOGNet-4-(1,1,2,1)-608d 4.6M 546M 26.5 8.4

Table 3. The top-1 and top-5 error rates (%) on the ImageNet-1K
validation set using single model and single-crop testing.

tial learning rate is 0.4, and the cosine learning rate sched-
uler [33] is used with weight decay 1×10−4 and momentum
0.9.

Results and Analyses. Table 2 shows the results. Our
AOGNets are the best among the models with comparable
model sizes in comparison in terms of both accuracy. Our
small AOGNet (11.97M ) even outperforms ResNets [15]
(44.5M and 60.2M ) by 1.2% and 0.6% respectively. Sim-
ilarly, we note that our AOGNets use the same bottle-
neck operation function as ResNets, so the improvement
must be contributed by the AOG building block struc-
ture. Our AOGNet (40.3M ) obtains better performance
than ResNeXt [52]+SE [19] (44M ) which represents the
most powerful and widely used combination in practice.
It also obtains better performance than the best model,
DPN [3] (61.6M ), which indicates that the hierarchical and
compositional integration of the DenseNet- and ResNet-
aggregation in our AOG building blocks are more effec-
tive than the cascade-based integration in the DPN [3]. Our
AOGNet (60.2M ) achieves the best result. We note that the
FLOPs of our AOGNets are slightly higher than DPNs since
DPNs use ResNeXt operation (i.e., group convolutions). In
our on-going experiments, we are testing AOGNets with
ResNeXt operation for nodes.

To further evaluate AOGNets for mobile platforms, we



Method #params mAP areo bike bird boat bottle bus car cat chair cow table dog horse mbike personplant sheep sofa train tv

07trainval/07test
ResNet-101∗ 47.5M 72.3 76.2 77.9 74.6 59.9 53.0 80.8 81.7 85.3 49.0 80.2 64.1 83.7 83.3 76.5 77.8 45.2 73.0 72.0 81.7 71.3

AOGNet-4-(1,1,2,1)-800d 13.6M 72.1 76.0 77.4 72.6 59.2 55.6 80.4 83.7 85.2 50.1 77.1 63.7 83.8 82.8 78.7 77.8 44.7 71.4 72.5 79.1 70.6
AOGNet-4-(1,1,3,1)-1400d 43.2M 75.8 77.2 84.4 78.0 64.5 60.6 83.5 87.2 85.8 55.4 85.1 65.7 86.0 84.5 80.3 78.9 52.4 75.5 72.6 82.6 75.9

07+12trainval/07test
ResNet-101 [15] 47.5M 76.4 79.8 80.7 76.2 68.3 55.9 85.1 85.3 89.8 56.7 87.8 69.4 88.3 88.9 80.9 78.4 41.7 78.6 79.8 85.3 72.0

ResNet-101∗ 47.5M 78.1 81.0 85.4 78.5 71.0 62.7 85.8 86.6 87.7 62.2 84.3 68.9 87.2 86.8 81.3 79.3 51.4 83.4 75.8 85.3 76.6
AOGNet-4-(1,1,2,1)-800d 13.6M 78.3 80.0 83.1 78.4 71.9 66.0 84.6 87.2 87.5 57.6 84.0 71.6 86.4 87.0 84.5 81.1 51.3 80.1 78.2 87.2 77.6

AOGNet-4-(1,1,3,1)-1400d 43.2M 81.0 87.0 86.3 81.0 72.2 70.9 87.5 88.3 89.3 64.5 85.4 74.0 89.1 88.1 84.6 83.7 55.5 85.9 81.4 87.2 78.8

07+12trainval/12test
ResNet-101∗ 47.5M 75.1 86.1 82.5 77.6 63.4 54.5 80.6 79.9 91.0 55.8 79.9 56.0 89.5 82.6 83.3 83.1 53.9 79.8 67.4 86.3 69.5

AOGNet-4-(1,1,2,1)-800d 13.6M 75.2 87.0 82.1 78.4 63.1 56.7 80.0 80.7 91.5 55.1 79.7 59.9 88.8 83.8 82.8 83.4 54.3 79.0 65.8 84.7 67.4
AOGNet-4-(1,1,3,1)-1400d 43.2M 78.0 88.9 82.8 81.3 66.9 62.4 82.6 83.0 92.5 59.6 82.5 61.9 90.9 86.1 84.5 84.5 56.1 83.3 69.7 87.6 71.5

Table 4. Performance comparisons using Average Precision (AP) at the intersection over union (IoU) threshold 0.5 (AP@0.5) in the
PASCAL VOC2007 / 2012 dataset. ∗ 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 [15].

trained an AOGNet (4.6M ) and Table 3 shows the compar-
ison results. We obtain performance on par to the popular
networks specifically designed for mobile platforms such as
the MobileNets [18, 40] and ShuffleNets [58]. Our AOGNet
also outperforms the auto-searched network, NASNet [61]
(which used around 800 GPUs in search). We note that
we used the same AOGNet structures, and thus show the
platform-agnostic capability of our AOGNets. This is po-
tentially important and useful for deploying DNNs to dif-
ferent platforms in practice since no extra efforts of hand-
crafting or searching neural architectures are entailed. This
will be also potentially useful for distilling a small model
from a large model if they share the exactly same structure.

4.4. Object Detection on PASCAL VOC

We test our AOGNets in object detection on the PAS-
CAL VOC 2007 and 2012 datasets [5]. We adopt the
vanilla Faster R-CNN system [37] and reuse the code in
PyTorch 1. We only substitute the ConvNet backbone with
our AOGNets in experiments and keep everything else un-
changed for fair comparison. We finetue 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 first three stages are shared
by RPN and R-CNN, and the last stage is used as the head
classifier for region-of-interest (RoI) prediction. We fix all
parameters pretrained on ImageNet before stage 1 (inclu-
sive) in training. We follow the standard evaluation metrics
Average Precision (AP) and mean of AP (mAP) in eval-
uation [5]. Table 4 shows the detection results and com-
parisons. Our AOGNets obtain better mAP than ResNet-
101 by around 3% consistently. When trained using the
07 + 12 trainval dataset, our small AOGNet-backboned de-
tector (13.6M ) already slightly outperforms the ResNet-
backboned one (47.5M ), which further shows the effective-
ness of the AOG building blocks in object detection tasks.

4.5. Ablation Study

We conduct an ablation study which investigates the ef-
fects of (i) RS: Removing Symmetric child nodes of OR-

1https://github.com/jwyang/faster-rcnn.pytorch

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+LC 4.23M 0.70G 3.52 17.99

Table 5. An ablation study of our AOGNets using the mean error
rate across 5 runs. In the first two rows, the AOGNets use full
structure, and the pruned structure in the last two rows. The feature
dimensions of node operations are accordingly specified to keep
model sizes comparable.

nodes in the pruned AOG building blocks, and of (ii) LC:
adding Lateral Connections for dependency grammars. As
Table 5 shows, the two components, RS and LC, improve
performance. The results are consistent with our design in-
tuition and principles. The RS component facilitates higher
feature dimensions due to the reduced structural complex-
ity, and the LC component increases the effective depth of
nodes on the lateral flows.

5. Conclusions
This paper presented a method of learning deep com-

positional grammatical architectures which are capable of
harnessing the best of grammars and deep neural networks
for visual recognition. AND-OR Grammars (AOG) com-
prising phrase structure grammars and dependency gram-
mars are utilized to design building blocks. The result-
ing models are called AOGNets. An AOGNet consists of
a number of stages of AOG building blocks. AOGNets
are tested on three highly competitive and widely used
image classification benchmarks: the CIFAR-10 dataset
and the CIFAR-100 dataset [24], and the ImageNet-
1K dataset [38]. Our AOGNets obtain better perfor-
mance consistently than ResNets [15] and most variants,
ResNeXts [52], DenseNets [21] and DualPathNets [3] when
model sizes are comparable. AOGNets are also tested in ob-
ject detection on the PASCAL VOC 2007 and 2012 [5] us-
ing the vanilla Faster R-CNN [37] system, and obtain better
performance by about 3% mAP than ResNets [15].
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