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“Less is more” - Robert Browning, 1855

Efficient hardware, increased computational power, and smart sensors, are powering deep

learning, and moving intelligence from the cloud to edge devices (e.g., smartphones, smart

cameras, and wearables). However, deep neural networks are computationally expensive

and are difficult to deploy on edge devices because of limited computational capabilities,

including limited energy overhead. To enable on-device AI, we focus on developing efficient

neural architectures for edge devices. We optimize the basic building blocks of deep neural

networks (e.g., convolutional layers and linear transformation functions) and build light-

weight, fast, and memory-efficient deep neural architectures. Besides efficiency, we also

study the generalization capabilities of our architectures on different datasets and tasks.

We start by designing efficient architectures for computer vision tasks. In the first part

of the dissertation, we introduce the Efficient Spatial Pyramid (ESP) unit, an efficient alter-

native to standard convolution layers in convolutional neural networks (CNNs). Compared

to standard convolutions, the ESP unit allows networks to learn representations from a large

receptive field with fewer parameters and operations. Our efficient architecture, ESPNet, that



is built using the ESP module is able to deliver similar or better performance than state-

of-the-art efficient neural architectures, such as MobileNets and ShuffleNets, across different

tasks (e.g., image classification and object detection) while being 2× more power efficient.

The second part is geared towards improving the performance of efficient CNNs. We intro-

duce a novel and generic convolutional unit, the DiCE unit, that is built using dimension-wise

convolutions and dimension-wise fusion. The dimension-wise convolutions apply light-weight

convolutional filtering across each dimension of the input tensor, while dimension-wise fusion

efficiently combines these dimension-wise representations; allowing the DiCE unit to efficiently

encode spatial and channel-wise information contained in the input tensor. When DiCE units

are stacked to build the DiCENet network, we observe better task-level generalization capa-

bilities over state-of-the-art methods, including efficient architectures (e.g., MobileNetv3)

that are constructed using neural architecture search.

Next, we focus on designing efficient architectures for natural language processing tasks.

In the third part of this dissertation, we introduce the pyramidal recurrent unit (PRU), a

drop-in replacement to widely used LSTMs. PRUs replace the linear transformations in

LSTMs with pyramidal and group linear transformations; this enables learning representa-

tions in high dimensional space with fewer parameters and operations. Besides efficiency,

our quantitative and qualitative analysis shows that PRUs have better gradient coverage as

compared to LSTMs, which helps them deliver better performance.

In the fourth part, we introduce a deep and light-weight transformer (DeLighT) that

delivers similar or better performance than standard transformer-based models with signifi-

cantly fewer parameters and operations on sequence modeling tasks. DeLighT more efficiently

allocates parameters both (1) within each Transformer block using the DeLighT transforma-

tion, a deep and light-weight transformation, and (2) across blocks using block-wise scaling,

which allows for shallower and narrower DeLighT blocks near the input and wider and deeper

DeLighT blocks near the output. Our empirical evaluation on machine translation and lan-



guage modeling tasks shows that DeLighT matches or improves the performance of baseline

Transformers with 2 to 3 times fewer parameters on average.

Overall, this dissertation introduces neural architectures for learning generalizable repre-

sentations from visual and textual data efficiently.
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Chapter 1

INTRODUCTION

Deep neural networks (DNNs) have shown unprecedented success in the last few years.

On the standard large scale benchmarking datasets for visual and textual recognition tasks,

these networks can outperform traditional machine learning-based methods significantly and

achieve human-level performance [1, 2]. For example, AlexNet [3], a DNN for large-scale

object classification, outperformed the classification system of Lin el al. [4], which uses a

histogram of oriented gradient (HOG) as features and a support vector machines (SVM)

as a classifier on the ImageNet dataset [5] with 1000 object categories by 11% . DNNs

are particularly more exciting today, because the advances in hardware technology and pro-

gramming have made it feasible to train large DNNs with billions of network parameters and

full-precision floating-point operations (FLOPs) on internet-scale data in days [6, 7].

Visual and textual recognition tasks provide core functionality for important real-world

applications (e.g., self-driving cars, home monitoring systems, and machine translation).

Large computational resources are required to power real-world applications with DNNs.

Many of these real-world applications run on edge devices (e.g., wearables, smartphones,

smart cameras, and tablets). Because these devices have limited computational resources

(limited storage memory, RAM, and compute), running these DNNs on such devices is com-

putationally not feasible. Additionally, many of these devices are battery-driven, therefore,

running such computationally heavy DNNs on edge devices will quickly drain out the device’s

battery and pose deployment challenges. For instance, state-of-the-art semantic segmenta-

tion networks (e.g., PSPNet [14] and DeepLab [13]) are slow and power-hungry (see Figure

1.1) when executed on a laptop with a mobile GPU (NVIDIA GTX-960M). Similarly, the

state-of-the-art sequence model, Transformer [17], learns 67 million parameters and requires
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(a) Performance on the Cityscape dataset (b) Battery discharge rate on laptop

(c) Power consumption vs. inference speed on a laptop

Figure 1.1: Comparison in terms of performance, battery discharge rate, power consumption,

and inference speed of different semantic segmentation convolutional neural networks on a

standard laptop with an NVIDIA GTX-960M GPU. The performance in (a) is category-wise

mean intersection over union on the Cityscapes dataset [8]. The power and speed data is

averaged over 200 trials, each trial processing an RGB image of size 1024×512. All networks

(FCN-8s [9], SegNet [10], SQNet [11], ENet [12], DeepLab-v2 [13], PSPNet [14], ERFNet [15],

and ESPNet (Ours) [16]) are converted to PyTorch for a fair comparison.
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11 billion FLOPs to translate a sequence of 20 tokens (or words) in English to French [18].

To tackle the challenges and constraints imposed by these edge devices, a standard ap-

proach is to process the data generated by these devices on central servers or the cloud

[19, 20]. However, communication between edge devices and servers increases the response

time. Besides latency, such approaches also suffer from network bandwidth and coverage is-

sues. This is especially problematic for applications that require a real-time response. Hence,

there is a need for on-device computing.

Improving the efficiency of DNNs is an active area of research. The first line of research

focuses on designing custom hardware accelerators (or AI accelerators) for different neu-

ral network operations (e.g., batch-wise matrix multiplication) [21–25]. Besides providing

support for neural network operations, these accelerators also optimize the data and memory-

related operations. These accelerators along with highly tuned software (e.g., cuDNN, The

NVIDIA’s CUDA® deep neural network library [26]) improve the latency and energy effi-

ciency of DNNs significantly.

Quantization-based approaches [27–30] are further used to improve hardware efficiency,

wherein full-precision floating-point operations in a pre-trained network are approximated

with fewer bits (e.g., 1, 4, 8, or 16 bits). Most of the initial quantization methods focused

on uniform quantization, i.e., the number of bits is fixed for all neural network operations.

Though such approaches are effective in improving hardware efficiency, they result in perfor-

mance degradation. Recent attempts are on mixed-precision operations [25]. Unlike previous

quantization-based approaches, mixed-precision operations do not result in performance drop

and have enabled the training of DNNs on internet-scale corpora [25, 31].

Though custom accelerators and quantization-based methods for DNNs are promising,

they treat DNNs as a black box and optimizes only for hardware acceleration. It may be

the case that the DNN architecture is not optimal at all. The second line of research focuses

on improving the efficiency of DNNs using pruning-based methods [32–34]. These methods

identify and remove redundant parameters in a network, which reduces the model size and

latency. These methods also suggest that some neural network operations benefit more
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from compression than others. For example, Li el al. [33] found that the 3 × 3 standard

convolutional layers benefit the most from compression over other layers, including point-

wise (1 × 1) convolutions and fully-connected layers. This suggests that there is plenty of

opportunity in designing efficient neural architectures.

In this dissertation, we design neural architectures that are light-weight, fast, and energy-

efficient for computer vision and natural language processing tasks. On the algorithm side,

we develop novel transformation functions that allow us to learn deeper and wider represen-

tations efficiently. With these novel transformation functions, we can build very efficient and

hardware friendly neural architectures that generalize to different tasks and datasets, and

delivers similar or better performance than state-of-the-art networks with fewer parameters

and operations. From the hardware perspective, efficient transformation functions have the

potential to improve speed and energy efficiency, because they are light-weight and have

fewer FLOPs. However, these transformation functions are not supported by most deep

learning frameworks and hardware accelerators. Therefore, we also develop custom CUDA

kernels to demonstrate the effectiveness of our efficient transformation functions.

1.1 Motivation

In this dissertation, we want to learn representations that can be generalized across different

tasks and datasets using fewer parameters and operations. This is important because of the

following:

Memory footprint: Efficient neural architectures have fewer parameters. Thus, these

models have less overhead as they require less off-chip memory for storing network weights.

Consider a home monitoring system, for instance, which periodically downloads the DNN

models from remote servers. Since light-weight models are small, they are faster to transmit

and update on the client devices; making the over-the-air update process easy.
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Inference: Many applications run on edge devices (e.g., AR/VR glasses and smart cam-

eras) and demand online processing of data with low latency. Light-weight models have fewer

operations; allowing them to process the input with low latency. Also, these networks are

small, so they can easily fit onto on-chip memory and helps reduce the read/write latency.

This further improves the inference speed.

Power consumption: Efficient transformation functions reduce DNN operations in addi-

tion to network parameters. As a result, efficient DNNs have a lower battery discharge rate

and consume less power in comparison to heavy-weight DNNs; allowing us to run applications

for a longer duration on edge devices.

Carbon footprint: Efficient networks are fast and consume less power (or electricity).

Since power is correlated with carbon emission, light-weight models have a lower carbon

footprint.

Scalability: Many vision and textual recognition applications powered by DNN, such as

Google Translate, Google Vision API, and OpenAI API, run on the cloud. Running several

instances of heavy-weight DNNs on the cloud to serve billions of users every day is very

expensive. Since light-weight and efficient models are small, fast, and consume less power,

many instances of such models can be run at a relatively lower cloud cost.

1.2 Contributions and Dissertation Outline

The basic building layer of DNNs for visual and textual data is convolutional layer (e.g., in

convolutional neural networks [35]) and linear transformation function (e.g., in LSTMs [36]

and Transformers [17]), respectively. Learning representations using these layers is compu-

tationally expensive. For example, when latent dimensions in LSTMs are scaled to increase

the expressivity and capacity of a network, network parameters, operations, and model size

also scale linearly with the latent dimension. Despite the performance improvements from
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(a) Conventional approach

(b) Our approach

Figure 1.2: Thesis contribution: Efficient and generalizable (different tasks and datasets)

neural architectures for visual (Chapter 2 & 3) and textual (Chapter 4 & 5) data.
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such scaling, such heavy-weight networks cannot be used on edge devices because of limited

computational resources. This leads us to following question:

How can neural architectures for visual and textual data that (1) are efficient, (2) deliver

good performance, and (3) generalize to different tasks and datasets be designed?

In this dissertation, we answer this question. Algorithms introduced in this dissertation

are centered around the development of efficient neural architectures (Figure 1.2).

Chapter 2 describes the efficient spatial pyramid (ESP) module for learning visual repre-

sentations. ESP uses factorization to improve the efficiency of standard convolutions.

Besides benchmarking the network built by stacking ESP modules, ESPNet, on the

widely used ImageNet-1K object classification task, we also study its task-level gener-

alizability on semantic segmentation and object detection tasks. The content of this

chapter is based on [16, 37].

Chapter 3 introduces a novel convolutional layer, dimension-wise convolution, for modeling

visual data. This layer allows us to aggregate information in a tensor efficiently and

can be plugged easily into existing heavy-weight or light-weight DNNs to improve their

efficiency and performance. The content of this chapter is based on [38].

Chapter 4 introduces a novel recurrent unit for sequence modeling tasks, the pyramidal re-

current unit. We replace the standard fully-connected layers (or linear transformations)

in LSTMs with a novel structure and group linear transformations, allowing us to learn

contextual representations efficiently. The content of this chapter is based on [39].

Chapter 5 introduces a light-weight and deep transformer model. We introduce the DeLighT

layer that allows us to learn deeper and wider representations efficiently. We also

introduce a block-wise scaling mechanism that allows us to allocate parameters inside

and across blocks efficiently. The content of this chapter is based on [18, 40].

Chapter 6 summarizes the dissertation along with directions for future research.
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Chapter 2

LEARNING VISUAL REPRESENTATIONS USING
EFFICIENT SPATIAL PYRAMIDAL UNIT

2.1 Introduction

Semantic segmentation allows the extraction of rich contextual information about the ob-

jects present in a scene, thereby enabling complete visual scene understanding in real-world

applications, including home monitoring systems, self-driving cars, robotics, and augmented

reality. Many of these applications run on edge or embedded devices such as smart cameras,

smartphones, and the NVIDIA Jetson TX2. These devices have limited energy overhead, re-

strictive memory constraints, and reduced computational capabilities in comparison to stan-

dard desktops, which have large amounts of dedicated resources for both CPU and GPU. To

be effective, visual understanding tasks must allow for on-line processing with small memory

footprints and low power consumption.

Existing convolutional neural network (CNN)-based visual recognition systems require

large amounts of computational resources, including memory and power. While they achieve

high performance on high-end GPU-based machines (e.g. with NVIDIA TitanX), they are

often too expensive for resource-constrained edge devices such as cell phones and embedded

compute platforms. For instance, ResNet-50 [41], one of the most well-known CNN architec-

tures for image classification, has 26 million parameters (98 MB of memory) and requires 3.8

billion full-precision floating point operations (FLOPs) to classify an RGB image with spatial

dimensions of 224× 224. These numbers are even higher for deeper CNNs, e.g. ResNet-101.

These models quickly overtax the limited resources, including compute capabilities, memory,

and battery, available on edge devices. Therefore, CNNs for real-world applications running

on edge devices should be light-weight and efficient while delivering high accuracy.
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Figure 2.1: Overview of the efficient spatial pyramid (ESP) module. ESP decomposes the

standard convolution using point-wise convolutions and spatial pyramid of depth-wise dilated

convolutions to learn representations efficiently. See Section 2.3 for more details. Here, H,

W , and M denote the height, width, and channels (depth) of the input tensor, respectively.

d = M
K

denotes the number of channels after projection, where K is the number of dilated

kernels in the ESP. Each dilated kernel has a size of n× n and dilation rate of rk.
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Convolution factorization has demonstrated its success in improving the efficiency of

deep CNNs (e.g. GoogLeNet[42], ResNext [43], and Xception [44]). For example, with

convolutional factorization, GoogLeNet [42] is able to deliver similar performance to VGG

[45], yet with 10× fewer FLOPs (GoogLeNet vs. VGG: 2 vs. 20 GFLOPs for an RGB input

of 224×224). Despite this, these networks are still beyond the computational budget of many

edge devices. Another key challenge is the receptive field. Most of these networks uses 3× 3

convolutional kernels in order to be computationally efficient. Using a larger convolutional

kernel (e.g., 7 × 7 or 9 × 9) in these networks will further increase their computational

cost, making them unsuitable for edge devices. To learn representations efficiently from a

larger receptive field, we introduce an efficient convolutional module, ESP (efficient spatial

pyramid). Based on these ESP modules, we introduce an efficient network structure, ESPNet,

that can be easily deployed on resource-constrained edge devices. ESPNet is fast, light-weight,

low power, and low latency, yet still preserves performance across several visual recognition

tasks, including object detection and semantic segmentation.

Briefly, ESP decomposes a standard convolution into two steps: (1) point-wise con-

volutions and (2) a spatial pyramid of depth-wise dilated convolutions , as shown

in Figure 2.1. The point-wise convolutions help in reducing the computation, while the

spatial pyramid of depth-wise dilated convolutions re-samples the feature maps to learn the

representations from a large effective receptive field. We note that existing spatial pyramid

methods, e.g., the dilated spatial pyramid module of Chen et al. [13], are computationally

expensive and cannot be used at different spatial levels for learning the representations. In

contrast to these methods, ESP is computationally efficient and can be used at different

spatial levels of a CNN network.

Under the same constraints on memory and computation, ESPNet outperforms state-

of-the-art networks, such as MobileNets [46, 47] and ShuffleNets [48, 49], on different vi-

sual recognition tasks while being more energy efficient. For example, our model out-

performs MobileNetv2 [47] by 2% at a computational budget of 28 MFLOPs. Similarly,

on the task of object detection (MS-COCO dataset), ESPNet outperforms YOLOv2 [50]
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by 4.4% and has 6× fewer FLOPs. The source code of ESPNet along with pretrained

models is publicly available at https://github.com/sacmehta/EdgeNets. Also, the source

code of real-time semantic segmentation using ESPNet on iPhones is publicly available at:

https://github.com/sacmehta/ESPNetv2-COREML/

2.2 Related Work

Efficient CNN architectures: Most state-of-the-art efficient networks [46, 47, 49] use

depth-wise separable convolutions [44] which factorizes a standard convolution into two steps

to reduce computational complexity: (1) a depth-wise convolution that performs light-weight

filtering by applying a single convolutional kernel per input channel and (2) a point-wise

convolution that usually expands the feature map along channels by learning linear combi-

nations of the input channels. Another efficient form of convolution that has been used in

efficient networks [48, 51] is group convolution [3], wherein input channels and convolutional

kernels are factored into groups and each group is convolved independently. Despite these

approaches are efficient, they learn representations from a limited receptive field (usually

3× 3). This may hinder learning better representations from large structures (e.g., ducts in

breast biopsy images [52, 53]). To allow the network to learn representations from a large

effective receptive field, ESPNet uses depth-wise “dilated” separable convolutions instead of

depth-wise separable convolutions.

Neural architecture search: Recently, neural architecture search-based methods have

been proposed to automatically construct network architectures (e.g., [54–58]). These meth-

ods search over a large network space (e.g., MNASNet [55] searches over 8K different design

choices) using a dictionary of pre-defined search space parameters, including different types of

convolutional layers and kernel sizes, to find a heterogeneous network structure that satisfies

optimization constraints, such as inference time. We believe that better neural architectures

can be discovered by adding the ESP module in a neural search dictionary.

https://github.com/sacmehta/EdgeNets
https://github.com/sacmehta/ESPNetv2-COREML/
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Quantization, compression, and distillation: Network quantization-based approaches

[27–30] approximate 32-bit full precision convolution operations with fewer bits. This im-

proves inference speed and reduces the amount of memory required for storing network

weights. Network compression-based approaches [32–34, 59] improve the efficiency of a net-

work by removing redundant weights and connections. Unlike network quantization and

compression, distillation-based approaches [60–63] improve the accuracy of (usually shal-

low) networks by supervising the training with large pre-trained network(s). Though these

approaches are effective, they treat CNNs as black boxes and optimizes only for hardware

acceleration. We believe that the efficiency of ESPNet can be further improved using these

methods.

2.3 ESPNet

This section elaborates on the ESPNet architecture in detail. We first describe depth-wise

dilated separable convolutions that enable our network to learn representations from a large

effective receptive field efficiently. We then describe the core unit of the ESPNet network,

the ESP unit, which is built using group point-wise convolutions and depth-wise dilated

separable convolutions.

2.3.1 Depth-wise dilated separable convolution

Convolution factorization is the key principle that has been used by many efficient architec-

tures [46–49]. The basic idea is to replace the full convolutional operation with a factorized

version such as depth-wise separable convolution [46] or group convolution [3]. In this sec-

tion, we describe depth-wise dilated separable convolutions and compare with other similar

efficient forms of convolution.

A standard convolution convolves an input X ∈ RW×H×c with convolutional kernel K ∈

Rn×n×c×ĉ to produce an output Y ∈ RW×H×ĉ by learning n2cĉ parameters from an effective

receptive field of n × n. Here, n × n represents the kernel size, H and W represents the

height and width of tensors X and Y respectively, and c and ĉ represents the number of
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Convolution type Parameters Eff. receptive field

Standard n2cĉ n× n

Group n2cĉ
g

n× n

Depth-wise separable n2c+ cĉ n× n

Depth-wise dilated separable n2c+ cĉ nr × nr

Table 2.1: Comparison between different type of convolutions. Here, n × n is the kernel

size, nr = (n − 1) · r + 1, r is the dilation rate, c and ĉ are the input and output channels

respectively, and g is the number of groups.

channels in X and Y, respectively. In contrast to standard convolution, depth-wise dilated

separable convolutions apply a light-weight filtering by factoring a standard convolution

into two layers: 1) depth-wise dilated convolution per input channel with a dilation rate

of r; enabling the convolution to learn representations from an effective receptive field of

nr×nr,where nr = (n−1)·r+1 and 2) point-wise convolution to learn linear combinations of

input. This factorization reduces the computational cost by a factor of n2cĉ
n2c+cĉ

. A comparison

between different types of convolutions is provided in Table 2.1. Depth-wise dilated separable

convolutions are efficient and can learn representations from large effective receptive fields.

2.3.2 ESP unit

Taking advantage of depth-wise dilated separable and group point-wise convolutions, we

introduce a new unit ESP, Efficient Spatial Pyramid of Depth-wise Dilated Separable Con-

volutions, which is specifically designed for edge devices. To factorize a standard convolution,

ESP is based on a reduce-split-transform-merge strategy and sandwiches a spatial pyramid

of depth-wise dilated convolutions between two point-wise group convolutions (Figure 2.1).

• Reduce: The first point-wise group convolution projects the high-dimensional feature

maps (say M) into a low-dimensional space, say d. To do so, it divides the M -
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(M,M, 1)

Add

(c) ESP

Figure 2.2: Block diagrams of the ESP module. ESP-A uses K point-wise convolutions

to learn linear combinations of the output of depth-wise dilated convolutions (DDConv).

ESP-B replaces K independent point-wise convolutions with a point-wise group convolu-

tions (GConv) to make it more efficient. ESP adds a hierarchical feature fusion (HFF) to

remove gridding artifacts in ESP-B. ESP units in (a-c) are equivalent in terms of computa-

tional complexity (parameters and FLOPs). Here, each convolutional layer (Conv-n: n× n

standard convolution, GConv-n: n× n group convolution, DConv-n: n× n dilated convolu-

tion, DDConv-n: n×n depth-wise dilated convolution) is represented by (# input channels,

# output channels, and dilation rate).

dimensional input into g groups and then applies a point-wise (1 × 1) convolution to

each group independently. Each group produces a d
K

-dimensional feature map; these

are then concatenated to produce a d-dimensional output. Here, K is the number of

dilated kernels in the ESP module.

• Split & Transform: The spatial pyramid of depth-wise dilated convolutions then re-

samples these low-dimensional feature maps using K n× n depth-wise dilated convo-

lutional kernels simultaneously, each with a dilation rate of rk = k, k = {1, · · · , K}.

• Merge: The output of these branches are concatenated along the channel dimension
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and then combined using the second point-wise group convolution with K groups to

produce an N -dimensional output. We note that a single point-wise group convolution

(Figure 2.2b) with K groups is equivalent to K point-wise convolutions that learns the

linear combinations on each branch independently (Figure 2.2a). However, point-wise

group convolution is more efficient in terms of implementation, because it launches one

convolutional kernel rather than K point-wise convolutional kernels. Therefore, we use

point-wise group convolution with K groups instead of K point-wise convolutions, as

shown in Figure 2.2b. To improve the gradient flow inside the network, we set N = M

so that the input and output feature maps of the ESP module can be combined using

a residual connection [41] .

This factorization, especially learning spatial representations in a low-dimensional space,

allows the ESP unit to be efficient. The ESP module has d(M
g

+ n2K + N) parameters

and its effective receptive field is [(n− 1)K + 1]2, where d = M
g

. Compared to the n2NM

parameters of the standard convolution, factorizing it using the ESP strategy reduces the

total number of parameters by a factor of n2MN
d(M

g
+n2K+N)

, while increasing the effective receptive

field by K2. For example, an ESP module learns about 26 times fewer parameters with an

effective receptive field of 9×9 than a standard convolutional kernel with an effective receptive

field of 3× 3 for n = 3, N = M = 128, and K = 4.

Hierarchical feature fusion (HFF) for de-gridding: While concatenating the outputs

of dilated convolutions give the ESP module a large effective receptive field, it introduces

unwanted checkerboard or gridding artifacts, as shown in Figure 2.3. To address the gridding

artifact in ESP, the feature maps obtained using kernels of different dilation rates are hier-

archically added before concatenating them. We call the resultant module with hierarchical

feature fusion (HFF) ESP; it is shown in Figure 2.2c. HFF is simple and effective and does

not increase the complexity of the ESP module, in contrast to existing methods that remove

the gridding artifact by learning more parameters using dilated convolutional kernels with

small dilation rates [64, 65].
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(a)

RGB without HFF with HFF

(b)

Figure 2.3: (a) An example illustrating a gridding artifact with a single active pixel (red)

convolved with a 3×3 dilated convolutional kernel with dilation rate r = 2. (b) Visualization

of feature maps of ESP modules with and without hierarchical feature fusion (HFF). HFF

in ESP eliminates the gridding artifact.

Strided ESP with shortcut connection to an input image: To learn representations

efficiently at multiple scales, we make the following changes to the ESP block in Figure

2.2c: 1) depth-wise dilated convolutions are replaced with their strided counterpart, 2) an

average pooling operation is added instead of an identity connection, and 3) the element-wise

addition operation is replaced with a concatenation operation, which helps in expanding the

dimensions of feature maps efficiently [48].

Spatial information is lost during down-sampling and convolution (filtering) operations.

To better encode spatial relationships and learn representations efficiently, we add an efficient

long-range shortcut connection between the input image and the current down-sampling unit

(shown in red in Figure 2.4). This connection first down-samples the image to the same size as
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Figure 2.4: Strided ESP unit with shortcut connection to an input image (highlighted in

red) for down-sampling. The average pooling operation is repeated P× to match the spatial

dimensions of an input image and feature maps.

that of the feature map and then learns the representations using a stack of two convolutions.

The first convolution is a standard 3× 3 convolution that learns the spatial representations

while the second convolution is a point-wise convolution that learns linear combinations

between the inputs, and projects them to a high-dimensional space. The resultant ESP unit

with long-range shortcut connection to the input is shown in Figure 2.4.

2.3.3 Network architecture

The ESPNet network is built using ESP units. At each spatial level, the ESPNet repeats the

ESP units several times to increase the depth of the network. In the ESP unit (Figure 2.2c),

we use batch normalization [66] and PReLU [1] after every convolutional layer, with the
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Layer
Output Kernel size

Repeat Output channels for different ESPNet models
Size / Stride

Convolution 112 × 112 3 × 3 / 2 1 16 32 32 32 32 32

Strided ESP (Fig. 2.4) 56 × 56 1 32 64 80 96 112 128

Strided ESP (Fig. 2.4) 28 × 28 1 64 128 160 192 224 256

ESP (Fig. 2.2c) 28 × 28 3 64 128 160 192 224 256

Strided ESP (Fig. 2.4) 14 × 14 1 128 256 320 384 448 512

ESP (Fig. 2.2c) 14 × 14 7 128 256 320 384 448 512

Strided ESP (Fig. 2.4) 7 × 7 1 256 512 640 768 896 1024

ESP (Fig. 2.2c) 7 × 7 3 256 512 640 768 896 1024

Depth-wise convolution 7 × 7 3 × 3 256 512 640 768 896 1024

Group convolution 7 × 7 1 × 1 1024 1024 1024 1024 1280 1280

Global avg. pool 1 × 1 7 × 7

Fully connected 1000 1000 1000 1000 1000 1000

Complexity 28 M 86 M 123 M 169 M 224 M 284 M

Parameters 1.24 M 1.67 M 1.97 M 2.31 M 3.03 M 3.49 M

Table 2.2: The ESPNet network at different computational complexities for classifying a

224 × 224 input into 1000 classes in the ImageNet dataset [5]. Network’s complexity is

evaluated in terms of total number of multiplication-addition operations (or FLOPs).

exception of the last group-wise convolutional layer where PReLU is applied after element-

wise sum operation. To maintain the same computational complexity at each spatial-level,

the feature maps are doubled after every down-sampling operation [41, 45].

In our experiments, we set the dilation rate rk proportional to the number of branches in

the ESP unit (K). The effective receptive field of the ESP unit grows linearly with K. Some

of the kernels, especially at low spatial levels such as 7 × 7, might have a larger effective

receptive field than the size of the feature map. Therefore, such kernels might not contribute

to learning. In order to have meaningful kernels, we limit the effective receptive field at each

spatial level l with spatial dimension W l ×H l as: nl
d(Z

l) = 5 + Zl

7
, Z l ∈ {W l, H l} with the

effective receptive field (nd × nd) corresponding to the lowest spatial level (i.e. 7 × 7) as
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5 × 5. Following [16], we set K = 4 in our experiments. Furthermore, in order to have a

homogeneous architecture, we set the number of groups g in group point-wise convolutions

equal to number of parallel branches K, i.e., g = K. The overall ESPNet architectures at

different computational complexities are shown in Table 2.2.

2.4 Experiments

To showcase the power of the ESPNet network, we evaluate and compare the performance

with state-of-the-art methods on three different tasks: (1) object classification, (2) semantic

segmentation, and (3) object detection.

2.4.1 Image classification

Dataset: We evaluate the performance of the ESPNet on the ImageNet 1000-way classifi-

cation dataset [5] that contains 1.28M images for training and 50K images for validation. We

evaluate the performance of our network using the single crop top-1 classification accuracy,

i.e. we compute the accuracy on the center cropped view of size 224× 224.

Training: The ESPNet networks are trained using the PyTorch deep learning framework

with CUDA 9.0 and cuDNN as the back-ends. For optimization, we use SGD [67] with warm

restarts. At each epoch t, we compute the learning rate ηt as:

ηt = ηmax − (t mod T ) · ηmin (2.1)

where ηmax and ηmin are the ranges for the learning rate and T is the cycle length after which

the learning rate will restart. Figure 2.5 visualizes the learning rate policy for three cycles.

This learning rate scheme can be seen as a variant of the cosine learning policy [68], wherein

the learning rate is decayed as a function of cosine before warm restart. In our experiment,

we set ηmin = 0.1, ηmax = 0.5, and T = 5. We train our networks with a batch size of 512

for 300 epochs by optimizing the cross-entropy loss. For faster convergence, we decay the

learning rate by a factor of two at the following epoch intervals: {50, 100, 130, 160, 190,
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Figure 2.5: Cyclic learning rate policy with linear learning rate decay and warm restarts.

220, 250, 280}. We use a standard data augmentation strategy [41, 42] with an exception

to color-based normalization. This is in contrast to recent efficient architectures that uses

less scale augmentation to prevent under-fitting [48, 49]. The weights of our networks are

initialized using the method described in [1].

Results: Figure 2.6 provides a performance comparison between ESPNet and state-of-the-

art efficient networks. We observe that: (1) Like ShuffleNetv1 [48], ESPNet also uses group

point-wise convolutions. However, ESPNet does not use any channel shuffle which was found

to be very effective in ShuffleNetv1 (Figure 2.6a) and delivers better performance than Shuf-

fleNetv1. (2) Compared to MobileNets, ESPNet delivers better performance especially under

small computational budgets. With 28 million FLOPs, ESPNet outperforms MobileNetv1 [46]

(34 million FLOPs) and MobileNetv2 [47] (30 million FLOPs) by 10% and 2% respectively.

(3) ESPNet delivers comparable accuracy to ShuffleNetv2 [49] without any channel split,

which enables ShuffleNetv2 to deliver better performance than ShuffleNetv1. We believe

that such functionalities (channel split and channel shuffle) are orthogonal to ESPNet and

can be used to further improve its efficiency and accuracy. (4) Compared to other efficient

networks at a computational budget of about 300 million FLOPs, ESPNet delivered better

performance (e.g. 1.1% more accurate than the CondenseNet [51]).

Multi-label classification: To evaluate the generalizability for transfer learning, we eval-

uate our model on the MS-COCO multi-object classification task [69]. The dataset consists
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(a) (b)

Figure 2.6: Performance comparison of different efficient networks on the ImageNet validation

set. (a) ESPNet vs. ShuffleNetv1 [48]. (b) ESPNet vs. state-of-the-art efficient models at

different network complexities (MobileNetv1 [46], MobileNetv2 [47], ShuffleNetv1 [48], and

ShuffleNetv2 [49]). In (b), we count FLOPs for an input image of size 224× 224.

Figure 2.7: Performance improvement in F1-score of ESPNet over ShuffleNetv2 on MS-COCO

multi-object classification task when tested at different image resolutions. Class-wise/overall

F1-scores for ESPNet and ShuffleNetv2 for an input of 224 × 224 on the validation set are

63.41/69.23 and 60.42/67.58 respectively.

of 82,783 images, which are categorized into 80 classes with 2.9 object labels per image. Fol-

lowing [70], we evaluated our method on the validation set (40,504 images) using class-wise

and overall F1 score. We finetune ESPNet (284 million FLOPs) and Shufflenetv2 [49] (299

million FLOPs) for 100 epochs using the same data augmentation and training settings as for
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(a) Inference time vs. batch size (1080 Ti) (b) Power vs. batch size (1080 Ti)

(c) Power consumption on TX2

Figure 2.8: Performance analysis of different efficient networks (computational budget is ≈

300 MFLOPs). Inference time and power consumption are averaged over 100 iterations for

a 224 × 224 input on a NVIDIA GTX 1080 Ti GPU and NVIDIA Jetson TX2. We do not

report execution time on TX2 because there is not much substantial difference.

the ImageNet dataset, except ηmax=0.005, ηmin=0.001 and learning rate is decayed by two

at the 50th and 80th epochs. We use binary cross entropy loss for optimization. Results are

shown in Figure 2.7. ESPNet outperforms ShuffleNetv2 by a large margin, especially when

tested at image resolution of 896× 896; suggesting large effective receptive fields of the ESP

unit help ESPNet learn better representations.

Performance analysis: An efficient network for edge devices should consume less power

and have low latency with a high accuracy. We measure the efficiency of our network, ESPNet,
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along with other state-of-the-art networks (MobileNets [46, 47] and ShuffleNets [48, 49]) on

two devices: (1) a high-end graphics card (NVIDIA GTX 1080 Ti) and (2) an embedded

device (NVIDIA Jetson TX2). For a fair comparison, we use PyTorch as a deep-learning

framework. Figure 2.8 compares the inference time and power consumption, while networks

complexity along with their accuracy are compared in Figure 2.6. The inference speed

of ESPNet is slightly lower than the fastest network (ShuffleNetv2 [49]) on both devices,

however, it is much more power efficient while delivering similar accuracy on the ImageNet

dataset. This suggests that ESPNet network has a good trade-off between accuracy, power

consumption, and latency; a much desirable property for any efficient network.

2.4.2 Semantic segmentation

Dataset: We evaluate the performance of the ESPNet on two datasets: (1) the Cityscapes

dataset [8] and (2) the PASCAL VOC 2012 dataset [71]. The Cityscapes dataset consists

of 5,000 finely annotated images (training/validation/test: 2,975/500/1,525). The task is

to segment an image into 19 classes that belong to 7 categories. The PASCAL VOC 2012

dataset provide annotations for 20 foreground objects and has 1.4K training, 1.4K validation,

and 1.4K test images. Following a standard convention [13, 14], we also use additional images

from [69, 72] for training our networks.

Training: For segmentation, we use an encoder-decoder network [16]. We replace the

encoder with the ESPNet and train the resultant network in two stages. In the first stage, we

use a smaller image resolution for training (256 × 256 for the PASCAL VOC 2012 dataset

and 512× 256 for the Cityscapes dataset). We train ESPNet for 100 epochs using SGD with

an initial learning rate of 0.007. In the second stage, we increase the image resolution to

(384 × 384 for the PASCAL VOC 2012 and to 1024 × 512 for the Cityscapes dataset) and

then finetune the ESPNet from first stage for 100 epochs using SGD with initial learning rate

of 0.003. For both these stages, we use cyclic learning schedule discussed in Section 2.4.1.

For the first 50 epochs we use a cycle length of 5, while for the remaining epochs we use
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a cycle length of 50, i.e., for the last 50 epochs, we decay the learning rate linearly. We

evaluate the accuracy in terms of mean Intersection over Union (mIOU) on the private test

set using online evaluation server. For evaluation, we up-sample segmented masks to the

same size as of the input image using nearest neighbour interpolation.

Results: Figure 2.9 compares the performance of ESPNet with state-of-the-methods on

both the Cityscapes and the PASCAL VOC 2012 dataset. We can see that ESPNet delivers

a competitive performance to existing methods while being very efficient. Under similar

computational constraints, ESPNet outperforms existing methods like ENet [12] and RTSeg

[75] by large margin. Notably, ESPNet is 2-3% less accurate than other efficient networks such

as ICNet [74], ERFNet [15], and ContextNet [73], but has 9 − 12× fewer FLOPs. Besides

this, qualitative results in Figure 2.10 further demonstrate ESPNet’s segmentation ability in

Network FLOPs mIOU

SegNet [10] 82 B 57.0

ContextNet [73] 33 B 66.1

ICNet [74] 31 B 69.5

ERFNet [15] 26 B 69.7

MobileNetv2?? [47] 21 B 70.7

RTSeg w/ MobileNet [75] 13.8 B 61.5

RTSeg w/ ShuffleNet [75] 6.2 B 58.3

ENet [12] 3.8 B 58.3

ESPNet-val (Ours) 2.7 B 66.4

ESPNet-test (Ours) 2.7 B 66.2

(a) Cityscapes

Network FLOPs mIOU

FCN-8s [9] 181 B 62.2

DeepLabv3 [76] 81 B 80.5

SegNet [10] 31 B 59.1

MobileNetv1 [46] 14 B 75.3

MobileNetv2 [47] 5.8 B 75.7

ESPNet - val 0.76 B 67.0

ESPNet - test 0.76 B 68.0

(b) PASCAL VOC 2012

Figure 2.9: Semantic segmentation results on (a) the Cityscapes dataset and (b) the PASCAL

VOC 2012 dataset. For a fair comparison, we report FLOPs at the same image resolution

which is used for computing the accuracy. ??MobileNetv2 [47] uses additional data from [69].
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PASCAL VOC Colormap

(a) (b)

(c) (d) (e)

(f) (g)

Figure 2.10: ESPNet’s qualitative performance on unseen images on the task of semantic

segmentation. Each subfigure is organized as: on the left, we have an input image while on

the right, we have segmentation mask overlayed on the input image.
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diverse settings, including different backgrounds and image sizes.

2.4.3 Object detection

Dataset and training details: For object detection, we replace VGG [45] with ESPNet in

single shot object detector [77]. We evaluate the performance on two datasets: (1) the PAS-

CAL VOC 2007 and (2) the MS-COCO dataset. For the PASCAL VOC 2007 dataset, we

also use additional images from the PASCAL VOC 2012 dataset. We evaluate the perfor-

mance in terms of mean Average Precision (mAP). For the COCO dataset, we report mAP

@ IoU of 0.50:0.95. For training, we use the same learning policy as in Section 2.4.2.

Results: Table 2.3 compares the performance of ESPNet with existing methods. ESPNet pro-

vides a good trade-off between accuracy and efficiency. Notably, ESPNet delivers the same

performance as YOLOv2, but has 25× fewer FLOPs. Compared to SSD, ESPNet delivers a

very competitive performance while being very efficient.

2.5 Ablation Studies on the ImageNet Dataset

This section elaborate on various choices that helped make ESPNet efficient and accurate.

Impact of different convolutions: Table 2.4 summarizes the impact of different convo-

lutions. Clearly, depth-wise dilated separable convolutions are more effective than dilated

and depth-wise convolutions.

Impact of hierarchical feature fusion (HFF): ESPNet’s performance with and without

HFF is shown in Table 2.5 (see R1 and R2). HFF improves classification performance by

about 1.5% while having no impact on the network’s complexity. This suggests that the role

of HFF is dual purpose. First, it removes gridding artifacts caused by dilated convolutions

(as noted by [16]). Second, it enables sharing of information between different branches of

the ESP unit (see Figure 2.2c) that allows it to learn rich and strong representations.
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Network
VOC07 MS-COCO

FLOPs mAP FLOPs mAP

SSD-512 [77] 90.2 B 74.9 99.5 B 26.8

SSD-300 [77] 31.3 B 72.4 35.2 B 23.2

YOLOv2 [50] 6.8 B 69.0 17.5 B 21.6

MobileNetv1-320 [46] – – 1.3 B 22.2

MobileNetv2-320 [47] – – 0.8 B 22.1

ESPNet-512 (Ours) 2.5 B 68.2 2.8 B 26.0

ESPNet-384 (Ours) 1.4 B 65.6 1.6 B 23.2

ESPNet-256 (Ours) 0.6 B 63.8 0.7 B 21.9

(a) Comparison with existing methods on the PASCAL VOC 2007 and the MS-COCO dataset.

(b) Qualitative results of ESPNet-256 in the wild.

Table 2.3: ESPNet’s quantitative and qualitative performance on the task of object detection.
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Convolution FLOPs Top-1

Dilated (standard) 478 M 69.2

Depth-wise 123 M 66.5

Depth-wise dilated 123 M 67.9

Table 2.4: Effect of different convolutions on the performance of ESPNet.

Network properties Learning schedule Performance

HFF LRSC Fixed Cyclic # Params FLOPs Top-1

R1 7 7 3 7 1.66 M 84 M 58.94

R2 3 7 3 7 1.66 M 84 M 60.07

R3 3 3 3 7 1.67 M 86 M 61.20

R4 3 3 7 3 1.67 M 86 M 62.17

R5† 3 3 7 3 1.67 M 86 M 66.10

Table 2.5: Performance of ESPNet under different settings. Here, HFF represents hierarchical

feature fusion and LRSC represents long-range shortcut connection with an input image. We

train ESPNet for 90 epochs and decay the learning rate by 10 after every 30 epochs. For fixed

learning rate schedule, we initialize learning rate with 0.1 while for cyclic, we set ηmin and

ηmax to 0.1 and 0.5 in Eq. 2.1 respectively. Here, † represents that the learning rate schedule

is the same as in Section 2.4.1.

Impact of long-range shortcut connections with the input: To see the influence of

shortcut connections with the input image, we train the ESPNet network with and without

shortcut connection. Results are shown in Table 2.5 (see R2 and R3). Clearly, these con-

nections are effective and efficient, improving the performance by about 1% with a little (or

negligible) impact on network’s complexity.
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Fixed vs cyclic learning schedule: A comparison between fixed and cyclic learning

schedule is shown in Table 2.5 (R3 and R4). With a cyclic learning schedule, the ESPNet net-

work achieves about 1% higher top-1 validation accuracy on the ImageNet dataset; suggest-

ing that the cyclic learning schedule allows ESPNet find a better local minima than the fixed

learning schedule. Further, when we trained ESPNet network for longer (300 epochs) using

the learning schedule outlined in Section 2.4.1, performance improved by about 4% (see R4

and R5 in Table 2.5).

2.6 Summary

We introduce a light-weight and power efficient network, ESPNet, which better encode the

spatial information in images by learning representations from a large effective receptive field.

Our network is a general purpose network with good generalization abilities and can be used

across a wide range of tasks and devices, including smartphones1. Our network delivered

state-of-the-art performance across different tasks such as object classification, detection,

and segmentation while being more power efficient than competing networks.

1ESPNet for real-time semantic segmentation on smartphones: https://github.com/sacmehta/
ESPNetv2-COREML/

https://github.com/sacmehta/ESPNetv2-COREML/
https://github.com/sacmehta/ESPNetv2-COREML/
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Chapter 3

DIMENSION-WISE CONVOLUTIONS FOR EFFICIENT
NETWORKS

3.1 Introduction

The basic building layer at the heart of convolutional neural networks (CNNs) is a convo-

lutional layer that encodes spatial and channel-wise information simultaneously [3, 41, 45].

Learning representations using this layer is computationally expensive. Improving the ef-

ficiency of CNN architectures as well as convolutional layers is an active area of research.

Most recent attempts have focused on improving the efficiency of CNN architectures using

compression- and quantization-based methods (e.g. [33, 34]). Recently, several factorization-

based methods have been proposed to improve the efficiency of standard convolutional layers

(e.g. [16, 46]). In particular, depth-wise separable convolutions [44, 46] have gained a lot of

attention (see Figure 3.1a). These convolutions have been used in several efficient state-of-

the-art architectures, including neural search-based architectures [37, 47, 49, 55, 56]1.

Separable convolutions factorize the standard convolutional layer in two steps: (1) a light-

weight convolutional filter is applied to each input channel using depth-wise convolutions [44]

to learn spatial representations, and (2) a point-wise (1× 1) convolution is applied to learn

linear combinations between spatial representations. Though depth-wise convolutions are ef-

ficient, they do not encode channel-wise relationships. Therefore, separable convolutions rely

on point-wise convolutions to encode channel-wise relationships. This puts a significant com-

putational load on point-wise convolutions and makes them a computational bottleneck. For

example, point-wise convolutions account for about 90% of total operations in ShuffleNetv2

[49] and MobileNetv2 [47].

1Related work is discussed in detail in Chapter 2.
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(a) Block of separable convolutions [46] and the DiCE unit. Convolutional kernels are highlighted

in color (depth-, width-, and height-wise).
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(b) The network with the DiCE unit (DiCENet) has better task-level generalization properties

than networks with separable convolutions (MobileNet [46], MobileNetv2 [47], MobileNetv3 [58],

MixNet [78], MNASNet [55]). Here, Manual-SepConv and NAS-SepConv represent the models

that use separable convolution without and with neural architecture search (NAS), respectively.

Manual-DiCE represents DiCENet without NAS. On the ImageNet dataset, these networks have

about 200-300 million floating point operations. See Section 3.5 for more details.

Figure 3.1: Separable convolutions vs. the DiCE unit.

In this chapter, we introduce DiCENet, Dimension-wise Convolutions for Efficient Networks,

which encodes spatial and channel-wise representations efficiently. Our main contribution

is the novel and generic module, the DiCE unit (Figure 3.1a), that is built using Dimension-
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wise Convolutions (DimConv) and Dimension-wise Fusion (DimFuse). The DimConv applies

a light-weight convolutional filter across “each dimension” of the input tensor to learn lo-

cal dimension-wise representations while DimFuse efficiently combines these dimension-wise

representations to incorporate global information.

With DimConv and DimFuse, we build an efficient convolutional unit, the DiCE unit, that

can be easily integrated into existing or new CNN architectures to improve their performance

and efficiency. Figure 3.1b shows that the DiCE unit is effective in comparison to widely-used

separable convolutions. Compared to state-of-the-art manually designed networks (e.g., Mo-

bileNet [46], MobileNetv2 [47], and ShuffleNetv2 [49]), DiCENet delivers significantly better

performance. For example, for a network with about 300 million floating point operations

(FLOPs), DiCENet is about 4% more accurate than MobileNetv2. Importantly, DiCENet, a

manually designed network, delivers similar or better performance than neural architecture

search (NAS) based methods. For example, DiCENet is 1.7% more accurate than MNASNet

for a network with about 300 MFLOPs.

We empirically demonstrate in Section 3.5 and Section 3.6 that the DiCENet network,

built by stacking DiCE units, achieves significant improvements on standard benchmarks

across different tasks over existing networks. Compared to existing efficient networks, DiCeNet

generalizes better to tasks (e.g., object detection) that are often used in resource-constrained

devices. For instance, DiCENet achieves about 3% higher mean average precision than Mo-

bileNetv3 [58] and MixNet [78] on the MS-COCO object detection task with SSD [77] as

a detection pipeline (Figure 3.1b). Our source code is available at https://github.com/

sacmehta/EdgeNets/.

3.2 DiCENet

Standard convolutions encode spatial and channel-wise information simultaneously, but they

are computationally expensive. To improve the efficiency of standard convolutions, separable

(or depth-wise separable) convolutions are introduced [46], where spatial and channel-wise

information is encoded separately using depth-wise and point-wise convolutions, respectively.

https://github.com/sacmehta/EdgeNets/
https://github.com/sacmehta/EdgeNets/
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Point-wise 
(1x1)

Efficient conv 
(3x3)

Standard 
(3x3)

DiCENet
(Ours) ShuffleNetv2

6%

91%

3% 4%

89%

7%

MobileNetv2

6%

79%

15%

Figure 3.2: Convolution-wise distribution of FLOPs for different networks with similar

accuracy. With dimension-wise convolutions in DiCENet, we are able to spend more compute

on learning spatial representations as compared to other networks (MobileNetv2 and Shuf-

fleNetv2). As a result, DiCENet achieves similar or better performance than existing methods

with fewer operations. The size of pie charts is scaled with respect to MobileNetv2’s FLOPs

(300 million). In DiCENet, efficient convolutions correspond to dimension-wise convolutions,

while in other networks they correspond to depth-wise convolutions.

Though this factorization is effective, it puts a significant computational load on point-wise

convolutions and makes them a computational bottleneck, as shown in Figure 3.2.

To encode spatial and channel-wise information efficiently, we introduce the DiCE unit

that is shown in Figure 3.3. The DiCE unit factorizes standard convolution using Dimension-

wise Convolution (DimConv, Section 3.2.1) and Dimension-wise Fusion (DimFuse, Section

3.2.2). DimConv applies a light-weight filtering across each dimension of the input tensor to

learn local dimension-wise representations. DimFuse efficiently combines these representa-

tions from different dimensions and incorporates global information. The ability to encode

local spatial and channel-wise information from all dimensions using DimConv enables the

DiCE unit to use DimFuse instead of computationally expensive point-wise convolutions.
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Figure 3.3: The DiCE unit efficiently encodes the spatial and channel-wise information in

the input tensor X using dimension-wise convolutions (DimConv) and dimension-wise fusion

(DimFuse) to produce an output tensor Y. For simplicity, we show the kernels corresponding

to each dimension independently. However, in practice, these three kernels are executed

simultaneously, leading to faster run-time. See Sections 3.2.4 and 3.5 for more details.

3.2.1 Dimension-wise Convolution (DimConv)

We use dimension-wise convolutions (DimConv) to encode depth-, width-, and height-wise

information independently. To achieve this, DimConv extends depth-wise convolutions to all

dimensions of the input tensor X ∈ RD×H×W , where W , H, and D correspond to width,

height, and depth of X. As illustrated in Figure 3.3, DimConv has three branches, one branch

per dimension. These branches apply D depth-wise convolutional kernels kD ∈ R1×n×n along

the depth, W width-wise convolutional kernels kW ∈ Rn×n×1 along the width, and H height-

wise convolutional kernels kH ∈ Rn×1×n kernels along the height to produce outputs YD,

YW, and YH ∈ RD×H×W that encode information from all dimensions of the input tensor.

The outputs of these independent branches are concatenated along the depth dimension, such

that the first spatial planes of tensors YD, YW, and YH are put together, the second planes

are put together, and so on, to produce the output YDim = {YD,YW,YH} ∈ R3D×H×W .
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3.2.2 Dimension-wise Fusion (DimFuse)

The dimension-wise convolutions encode local information from different dimensions of the

input tensor, but do not capture global information. A standard approach to combine

features globally in CNNs is to use a point-wise convolution [41, 46]. A point-wise convo-

lutional layer applies D point-wise kernels kp ∈ R3D×1×1 and performs 3D2HW operations

to combine dimension-wise representations of YDim ∈ R3D×H×W and produce an output

Y ∈ RD×H×W . This is computationally expensive. Given the ability of DimConv to encode

spatial and channel-wise information (though independently), we introduce a fusion module,

Dimension-wise fusion (DimFuse), that allows us to combine representations of YDim effi-

ciently. As illustrated in Figure 3.3, DimFuse factorizes the point-wise convolution in two

steps: (1) local fusion and (2) global fusion.

YDim ∈ R3D×H×W concatenates spatial planes along depth dimension from YD, YW,

and YH (see Figure 3.3). Therefore, YDim can be viewed as a tensor with D groups, each

group with three spatial planes (one from each dimension). DimFuse uses a group point-wise

convolutional layer to combine dimension-wise information contained in YDim. In particular,

this group convolutional layer applies D point-wise convolutional kernels kG ∈ R3×1×1 to

YDim and produces an output YG ∈ RD×H×W . Since D kernels in kG operate independently

on D groups in YDim, we call this local fusion operation.

To efficiently encode the global information in YG, DimFuse learns spatial and channel-

wise representations independently and then propagates channel-wise encodings to spatial

encodings using an element-wise multiplication. Specifically, DimFuse encodes spatial repre-

sentations by applying D depth-wise convolutional kernels kS ∈ R1×n×n to YG to produce an

output YS.2 Motivated by the Squeeze-Excitation (SE) unit [79], we squeeze spatial dimen-

sions of YG and encode channel-wise representations using two fully connected (FC) layers.

The first FC layer reduces the input dimension from D to D
4

while the second FC layer ex-

pands dimensionality from D
4

to D. To allow these fully connected layers to learn non-linear

2When the depth of YDim is different from Y, then kS is a group convolution, where number of groups
is the greatest common divisor between the depth of YDim and Y.
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representations, a ReLU activation is added in between these two layers. Similar to the SE

unit, spatial representations YG are then scaled using these channel-wise representations to

produce output Y.

The computational cost of DimFuse is HWD(3+n2+D). Effectively, DimFuse reduces the

computational cost of point-wise convolutions by a factor of 3D
3+n2+D

. DimFuse uses n = 3, so

the computational cost is approximately 3× smaller than that of the point-wise convolution.

3.2.3 DiCE Unit for Arbitrary Sized Inputs

The DiCE unit stacks DimConv and DimFuse to encode spatial and channel-wise information

in the input tensor efficiently. However, the two kernels (i.e., kH and kW ) in the DimConv unit

correspond to spatial dimensions of the input tensor. This may pose a challenge when spatial

dimensions of the input tensor are different from the ones with which the network is trained.

To make DiCE units invariant to the spatial dimensions of the input tensor, we dynamically

scale (either up-sample or down-sample) the height or width dimension of the input tensor to

the height or width of the input tensor used in the pretrained network. The resultant tensors

are then scaled (either down-sampled or up-sampled) back to their original size before being

fed to DimFuse; this makes the DiCE unit invariant to input tensor size. Figure 3.4 sketches

the DiCE unit with dynamic scaling. Results in Section 3.6, especially object detection and
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Figure 3.4: DiCE unit for arbitrary sized input.
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Figure 3.5: DiCE unit in different architecture designs for the task of image classification

on the ImageNet dataset. Green and oranage boxes are with and without stride, respectively.

Here, Ni = {3, 7, 3} for i = {1, 2, 3}. See Appendix A.1 for detailed architecture specification.

semantic segmentation, show that the DiCE unit can handle arbitrary-sized inputs.

3.2.4 DiCENet Architecture

DiCE units are generic and can be easily integrated into any existing network. Figure 3.5

visualizes the DiCE unit with different architectures: (1) MobileNet [46] stacks separable

convolutions (depth-wise convolution followed by point-wise convolution) to learn represen-

tations. (2) ResNet [41] introduces the bottleneck unit with residual connections to train

very deep networks. The bottleneck unit is a stack of three convolutional layers: one 3 × 3

depth-wise convolutional layer3 surrounded by two point-wise convolutions. This block can

be viewed as a point-wise convolution followed by separable convolution. (3) ShuffleNetv2

[49] is a state-of-the-art efficient network that outperforms other efficient networks, includ-

ing MobileNetv2 [47]. ShuffleNetv2’s unit stacks a point-wise convolution and separable

convolution. It also uses channel split and shuffle to promote feature reuse.

3Our focus is on efficient network. Therefore, we replace standard convolutional layer with depth-wise
convolutional layer.
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To illustrate the performance benefits and generic nature of the DiCE unit over separable

convolutions, we replace separable convolutions with the DiCE unit in these architectures.

Our empirical results in Section 3.4 shows that the DiCE unit with ShuffleNetv2’s architecture

delivers the best performance. Therefore, we choose the ShuffleNetv2 [49] architecture and

call the resultant network DiCENet (ShuffleNetv2 with the DiCE unit).

CUDA Implementation: DimConv applies D, W , and H depth-wise, width-wise and

height-wise convolutional kernels to the input tensor X to aggregate information from dif-

ferent dimensions of the tensor, respectively. A standard solution would be to apply each

kernel independently to the tensor and then concatenate their results, as shown in Figure

3.6a. Another solution would be to apply all kernels simultaneously, as shown in Figure

3.6b. Compared to three CUDA kernel calls in the former solution, the later one requires

one kernel call, thus reducing the kernel launch time. Also, each thread in the CUDA kernel

processes 3n2 elements compared to n2 elements in the former solution for n × n convolu-

tional kernels. This maximizes the work done per thread and improves speed. Our results in

Section 3.5 shows that DiCENet is accurate and fast compared to state-of-the-art methods,

including neural search-based methods.

3.3 Experimental Set-up

Following most architecture designs (e.g. [37, 41, 46]), we evaluate the generic nature of the

DiCE unit on the ImageNet dataset [5] in Section 3.4. We integrate the DiCE unit in dif-

ferent image classification architectures (Figure 3.5) and study the impact on efficiency and

accuracy. We also study the importance of the two main components of the DiCE unit, i.e.

DimConv and DimFuse, and show that DiCE units are more effective than separable convolu-

tions [46]. In Section 3.5, we evaluate the image classification performance of DiCENet on

the ImageNet dataset and show that DiCENet delivers similar or better performance than

state-of-the-art efficient networks, including neural search-based methods. In Section 3.6,

we evaluate task-level generalization ability of DiCENet on three different visual recognition
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(a) Unoptimized: Each kernel is applied to a pixel (represented by red dot) independently.
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DepthWidth

(b) Optimized: All kernels (depth-, width-, and height-wise) are applied to a pixel (represented

by red dot) simultaneously, allowing us to aggregate the information from tensors efficiently.

Figure 3.6: Implementation of dimension-wise convolution (DimConv)

tasks, i.e. object detection, semantic segmentation, and multi-object classification, that are

often used in resource-constrained devices. We demonstrate that DiCENet generalizes better

than existing efficient networks that are built using separable convolutions.

Datasets: We use the following datasets in our experiments.

• Image classification: For single label image classification, we use ImageNet-1K

classification dataset [5]. This dataset consists of 1.28M training and 50K validation

images. All networks on this dataset are trained from scratch. For multi-label clas-
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sification, we use the MS-COCO dataset [69] that has 2.9 labels (on an average) per

image. We use the same training and validation splits as in [37].

• Object detection: We use the MS-COCO [69] and PASCAL VOC [71] datasets for

evaluating on the task of object detection. Following a standard convention for training

on the PASCAL VOC 2007 dataset, we augment it with the PASCAL VOC 2012 and

the PASCAL VOC 2007 trainval sets for training and evaluate the performance on the

PASCAL VOC 2007 test set.

• Semantic segmentation: We use the PASCAL VOC 2012 [71] dataset for this task.

Following a standard convention, we use additional images for training from [72] and

[69]. Similar to MobileNetv2 [47], we evaluate the performance on the validation set.

Efficiency metric: We measure efficiency in terms of the number of floating point opera-

tions (FLOPs) and inference time. We use PyTorch for training our networks.

3.4 Evaluating DiCE Unit on ImageNet

We first evaluate the two important properties of the DiCE unit, generic and efficiency, in

Section 3.4.1. To evaluate this, we replace separable convolutions [46] in different architec-

tures with the DiCE unit (Figure 3.5). We then study the importance of each component of

the DiCE unit, DimConv and DimFuse, in Section 3.4.2. Recent studies (e.g., MobileNetv3

[58] and MNASNet [55]) use several different methods, such as exponential moving average

(EMA) and large batch sizes, to improve the performance. In Section 3.4.3, we study the

effect of these methods on the performance of DiCENet.

In these experiments, we use the ImageNet dataset [5]. In Section 3.4.1 and Section 3.4.2,

we follow the experimental setup of ESPNet [37] (Chapter 2) and ShuffleNetv2 [49] (fewer

training epochs with smaller batch size), while in Section 3.4.3 we follow experimental set-up

similar to MobileNets [47, 58] (longer training with larger batch size).
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FLOP Separable conv DiCE unit Absolute difference

Range (SC) (DU) (DU - SC)

(in millions) Top-1 FLOPs Top-1 FLOPs Top-1 FLOPs

MobileNet [46]

25-60 49.80 41 M 52.55 29 M +2.75 -12 M

120-170 65.30 162 M 69.05 167 M +3.75 +5 M

270-320 68.40 317 M 70.83 277 M +2.43 -40 M

ResNet [41]

25-60 59.30 59 M 61.35 52 M +2.05 -7 M

120-170 67.80 142 M 67.90 122 M +0.10 -20 M

270-320 70.67 302 M 71.80 300 M +1.13 -2 M

ShuffleNetv2 [49]

25-60 59.69 41 M 62.80 46 M +3.11 +5 M

120-170 68.14 146 M 68.21 122 M +0.07 -24 M

270-320 71.80 292 M 72.90 298 M +1.10 +6 M

Table 3.1: Comparison between the DiCE unit and separable convolutions on the ImageNet

dataset across different architectures. Models with the DiCE unit require fewer channels

compared to models with separable convolution in order to obtain similar performance.

Thus, models with the DiCE unit have fewer FLOPs compared to separable convolutions.

3.4.1 DiCE Unit vs. Separable Convolutions

Table 3.1 shows the performance of the DiCE unit with different architectures at different

FLOP ranges. On replacing separable convolutions with the DiCE unit in the MobileNet

architecture, we observe significant gains in performance both in terms of accuracy and

efficiency. Because this architecture does not employ any advanced methods (e.g., residual

connections) to improve performance, it allows us to understand the “true” gains of the

DiCE unit over separable convolutions.

When we replace separable convolutions with the DiCE unit in ResNet and ShuffleNetv2,

we observe significant improvements especially for small-(25-60 MFLOPs) and medium-sized
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(120-170 MFLOPs) models. For instance, the DiCE unit improved the performance of Shuf-

fleNetv2 by about 3% for small-sized model (about 40 MFLOPs). Similarly, ShuffleNetv2

with the DiCE unit requires 24 million fewer FLOPs to achieve the same accuracy as with

separable convolutions for medium-sized models (120-170 MFLOPs). These results suggests

that the DiCE unit is generic and learns better representations than separable convolutions.

3.4.2 Importance of DimConv and DimFuse

To understand the significance of each component of the DiCE unit, we replace DimConv with

depth-wise convolution and DimFuse with different fusion methods, including point-wise

convolutions and squeeze-excitation (SE) unit [79] and study their combinations for two

architectures (ResNet and ShuffleNetv2)4. In these experiments, we study efficient models

by restricting the computational budget to be between 120 and 150 MFLOPs.

Importance of DimConv: We replace depth-wise convolutional layers with DimConv in

ResNet and ShuffleNetv2 architectures. Table 3.2a shows that these networks with DimConv re-

quire about 10-11 million fewer FLOPs to achieve similar accuracy as the depth-wise convo-

lution. These results suggest that encoding spatial and channel-wise information indepen-

dently in DimConv helps learning better representations compared to encoding only spatial

information in depth-wise convolution.

Importance of DimFuse: To understand the effect of DimFuse, we replace DimFuse with

two widely used fusion operations: point-wise convolution and SE unit. Table 3.2b summa-

rizes the results. Compared to the widely used combination of depth-wise and point-wise

convolutions (or separable convolution), the combination of DimConv and DimFuse (or the

DiCE unit) is the most effective and improves the efficiency of networks by 15-20% with little

or no impact on accuracy.

4MobileNet’s performance is significantly lower than ResNet and ShuffleNetv2, therefore, we do not use
MobileNet for these experiments.
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ResNet ShuffleNetv2

Layer FLOPs Top-1 FLOPs Top-1

DWise + Point-wise 142 M 67.80 146 M 68.14

DimConv + Point-wise 132 M 68.10 135 M 68.45

(a) Importance of DimConv. DWise denotes depth-wise conv.

ResNet ShuffleNetv2

Layer FLOPs Top-1 FLOPs Top-1

DWise + Point-wise (Separable) 142 M 67.80 146 M 68.14

DWise + SE 137 M 63.90 140 M 64.70

DWise + Point-wise + SE 142 M 68.20 146 M 68.60

DWise + DimFuse 136 M 65.90 139 M 66.80

DimConv + Point-wise 132 M 68.10 135 M 68.45

DimConv + SE 134 M 64.80 138 M 65.40

DimConv + Point-wise + SE 132 M 67.90 135 M 68.30

DimConv + DimFuse (DiCE unit) 122 M 67.90 122 M 68.21

(b) Importance of DimFuse. DWise denotes depth-wise conv.

Table 3.2: Evaluating DiCE unit on the ImageNet dataset. Top-1 accuracy is reported

on the validation set. Models with DiCE unit require fewer channels compared to models

with separable convolution in order to obtain similar performance. Therefore, models with

DiCE unit have fewer FLOPs compared to separable convolutions.

The combination of depth-wise convolutions and DimFuse is not as effective as DimConv and

DimFuse. DimConv encodes local spatial and channel-wise information, which enables the

DiCE unit to use a less complex fusion method (DimFuse) for encoding global information.

Unlike DimConv, depth-wise convolutions only encode local spatial information and require

computationally expensive point-wise convolutions to encode global information.

When point-wise convolutions are replaced with the SE unit, the performance of networks
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Row Network ResNet ShuffleNetv2

# Layer Width FLOPs Top-1 FLOPs Top-1

R1 Point-wise + DWise + DimFuse 1× 136 M 65.90 139 M 66.80

R2 DimFuse + DWise + DimFuse 1× 78 M 60.10 78 M 61.80

R3 DimFuse + DWise + DimFuse 4× 141 M 66.20 140 M 66.90

R4 Point-wise + DimConv + DimFuse 1× 122 M 67.90 122 M 68.21

R5 DimFuse + DimConv + DimFuse 1× 72 M 62.10 72 M 63.70

R6 DimFuse + DimConv + DimFuse 4× 129 M 68.20 132 M 69.20

Table 3.3: Impact of replacing all pointwise convolutions with DimFuse. Here, DWise denotes

depth-wise convolution.

with depth-wise and DimConv convolutions dropped significantly. This is because the SE

unit relies on an existing convolutional unit, such as ResNext [43], to encode global spatial

and channel-wise information. When the SE unit is used as a replacement for point-wise

convolutions, it fails to effectively encode this information, resulting in performance drop.

DimFuse replacing all point-wise convolutions: The first layer in ShuffleNetv2 and

ResNet is a point-wise convolution (Figure 3.5; Section 3.2.4). Table 3.2b shows that

DimFuse is an effective replacement for point-wise convolutions. A natural question arises if

we can replace the first point-wise convolutional layer in these architectures with DimFuse.

Table 3.3 shows the effect of replacing point-wise convolutions with DimFuse. For a fixed

network width, the number of FLOPs are reduced by 45% when point-wise convolutions are

replaced with DimFuse, however, the accuracy drops by about 5-7%. For a similar number

of FLOPs, networks with DimFuse achieve higher accuracy. However, such networks (R3

and R6) are about 4× wider than the networks with point-wise convolutions (R1 and R4);

this poses memory constraints for resource-constrained devices. Therefore, we only replace

separable convolutions with the DiCE unit while keeping the remaining architecture intact.
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3.4.3 Effect of MobileNet’s training hyper-parameters

In previous experiments, we follow the experimental setup similar to ESPNet and Shuf-

fleNetv2 i.e., each model is trained for 150 epochs using a batch size of 512 and minimizes

cross-entropy loss using SGD. Recent efficient models (e.g., MobileNetv3 and MNASNet)

are trained longer (600 epochs) with extremely large batch size (4096) using cross-entropy

with label smoothing (CE-LS) and exponential moving average (EMA). We also trained

DiCENet with CE-LS and EMA, with an exception to batch size (2048) and number of

epochs (300). For training with larger batch size, we accumulated the gradients for 4 itera-

tions. This resulted in an effective batch size of 2048 (128 images per NVIDIA GTX 1080
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Figure 3.7: Impact of different components in the training of DiCENet. With +,

we indicate that the component is added to the previous configuration. Here, UnOpt

represents the un-optimized DiCENet trained for 150 epochs with a batch size of 512 with

cross entropy and Opt represents DiCENet with custom CUDA kernel. 300 ep denotes that

model is trained for 300 epochs, CE-LS denotes that label-smooth cross-entropy is used,

EMA denoted that exponential moving average is used, and LBSz denotes that large batch

size (2048 images) is used for training. Here, inference time is measured on an NVIDIA GTX

1080 Ti GPU and is an average across 100 trials for a batch of 32 RGB images, each with a

spatial dimension of 224× 224.
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Ti GPU × 4 GPUs × accumulation frequency of 4). Figure 3.7 shows the effect of these

changes. Similar to state-of-the-art models (e.g., MobileNetv2, MobileNetv3, MixNet, and

MNASNet), DiCENet also benefits from these hyper-parameters and yields a top-1 accuracy

of 75.7 on the ImageNet.

Importantly, the optimized CUDA kernel (Figure 3.6) improved the inference speed dras-

tically over the unoptimized version. This is because the optimized kernel launches one

kernel for these three branches compared to one per branch in the unoptimized one and

also, maximizes work done per CUDA thread. This reduces latency. With optimized CUDA

kernels, DiCENet models (10-300 MFLOPs) takes between one and three days for training

on the ImageNet on 4 NVIDIA GTX 1080 Ti GPUs with an effective batch size of 2048.

3.5 Evaluating DiCENet on the ImageNet

In this section, we evaluate the performance of DiCENet on the ImageNet dataset and show

that DiCENet delivers significantly better performance than state-of-the-art efficient net-

works. Recall that DiCENet is ShuffleNetv2 with the DiCE unit (Section 3.2.4).

Implementation details: We scale the number of output channels by a width scaling

factor s to obtain DiCENet models at different complexity levels, ranging from 6 MFLOPs

to 300 MFLOPs (see Appendix A.1 for details).

Evaluation metrics and baselines: We use 224 × 224 single-crop top-1 accuracy to

evaluate the performance on the validation set. The performance of DiCENet is compared

with state-of-the-art manually designed efficient networks (MobileNets [46, 47], ShuffleNetv2

[49], CondenseNet [51], and ESPNet [37]) and automatically designed networks (MNASNet

[55], FBNet [56], MixNet [78], and MobileNetv3 [58]).

Results: Recent studies (e.g., MobileNetv3) have shown that longer training with ex-

tremely large batch sizes improves performance. To have fair comparisons with state-of-

the-art methods, we report the performance of DiCENet in two settings. The first setting,
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Network Type
FLOP ranges (in millions)

< 10 M 10-20 M 21-60 M 61-90 M 91-130 M 131-170 M 200 -320 M

MobileNet [46] Manual 41.5 (14) 56.3 (49) 59.1 (77) 61.7 (110) 65.3 (162) 68.4 (317)

MobileNetv2 [47] Manual 45.5 (11) 61.0 (50) 63.9 (71) 66.4 (107) 68.7 (153) 71.8 (300)

ESPNet [37] Manual 66.1 (86) 67.9 (124) 72.1 (284)

CondenseNet [51] Manual 71.0 (274)

ShuffleNetv2 [49] Manual 39.1 (8.0) 59.7 (41) 68.1 (142) 71.8 (292)

MNASNet [55] NAS 62.4 (76) 67.3 (103) 74.0 (317)

FBNet [56] NAS 65.3 (72) 67.0 (92) 74.1 (295)

MobileNetv3 [58] NAS 67.4 (66) 75.2 (219)

MixNet [78] NAS 75.8 (256)

DiCENet-E150-B512 (Ours) Manual 40.6 (6.5) 46.2 (14) 62.8 (46) 66.5 (70) 67.8 (98) 69.5 (139) 72.9 (298)

DiCENet-E300-B2048 (Ours) Manual 43.1 (6.5) 48.2 (14) 65.1 (46) 68.5 (70) 69.3 (98) 72.0 (139) 75.7 (298)

Table 3.4: Results on the ImageNet dataset. DiCENet delivers similar or better per-

formance than state-of-the-art methods, including neural architecture search (NAS)-based

methods. Here, each entry is represented as top-1 accuracy and FLOPs are given within

parentheses. DiCENet-E150-B512 models are trained for 150 epochs with a batch size of 512

(without EMA and label smoothing), while DiCENet-E300-B2048 models are trained for 300

epochs with an effective batch size of 2048 (with EMA and label smoothing).

DiCENet-E150-B512, is similar to networks like ESPNet, ShuffleNetv2, and CondenseNet

where DiCENet is trained for fewer epochs (150) with a smaller batch size (512) without

EMA and label smoothing. The second setting, DiCENet-E300-B2048, is similar to networks

like MobileNets, MNASNet, and MixNet, where DiCENet is trained for 300 epochs with a

batch size of 2048. Table 3.4 compares the performance of DiCENet with state-of-the-art

efficient architectures at different FLOP ranges.

Compared to networks that are trained with smaller batch sizes and fewer epochs, e.g.,

ESPNet (epochs: 300; batch size: 512) and ShuffleNetv2 (epochs: 240 and batch size:

1024), DiCENet delivers better performance across different FLOP ranges. Similarly, when
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Network statistics Device: GTX-960 M (Memory = 4GB) Device: GTX-1080 Ti (Memory = 11 GB)

Model # Params # FLOPs Top-1 Batch size = 1 Batch size = 32 Batch size = 1 Batch size = 32 Batch size = 64

MobileNetv2 3.5 M 300 M 71.8 5.6 ± 0.2 ms 114 ± 0.1 ms 5.9 ± 0.1 ms 22.8 ± 0.1 ms 44.3 ± 0.8 ms

ShuffleNetv2 3.5 M 300 M 71.8 5.8 ± 0.2 ms 80.7 ± 0.6 ms 5.8 ± 0.2 ms 12.9 ± 0.1 ms 24.1 ± 0.4 ms

MobileNetv3 5.5 M 220 M 75.2 8.5 ± 0.2 ms Out-of-memory 9.0 ± 0.3 ms 20.9 ± 0.1 ms 40.2 ± 0.2 ms

DiCENet (Ours) 5.1 M 297 M 75.7 5.9 ± 0.1 ms 79 ± 0.1 ms 5.7 ± 0.1 ms 12.8 ± 0.1 ms 24.1 ± 0.6 ms

Table 3.5: Inference speed. DiCENet and ShuffleNetv2 are comparatively faster than

MobileNetv2 and MobileNetv3 on both devices (Mobile GPU: GTX-960M and Desktop GPU:

GTX-1080 Ti). Inference results are an average over 100 trials for RGB input images of

size 224 × 224. We used PyTorch with CUDA 10.2 for measuring speed. MobileNetv2 and

ShuffleNetv2 implementations are taken from official PyTorch repository while MobileNetv3’s

implementation is taken from [80]

.

DiCENet is trained for longer with larger batch sizes, it delivers similar or better performance

than state-of-the-art methods, including neural architecture search (NAS)-based methods.

For about 300 MFLOPs, DiCENet is 4% more accurate than MobileNetv2. Specifically, we

observe that DiCENet is very effective when model size is small (FLOPs < 150 M). For

example, DiCENet outperforms MNASNet, FBNet, and MobileNetv3 by 6.1%, 3.2%, and

1.1%, respectively, for network size of about 70 MFLOPs. Overall, these results shows

that DiCE unit learns better representations than separable convolutions. We believe that

incorporating the DiCE unit with NAS would yield a better network.

Inference speed: We measure the inference time on two GPUs: (1) embedded or mobile

GPU (NVIDIA GTX 960M) and (2) desktop GPU (NVIDIA GTX 1080 Ti)5. DiCENet is

as fast as ShuffleNetv2 but delivers better performance. Compared to MobileNetv2 and

MobileNetv3, DiCENet has low latency while delivering similar or better performance. We

5We do not measure the inference speed on Smartphones because efficient implementations of DiCE unit
are not yet available for such devices.
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observe that MobileNetv2 and MobileNetv3 models are slow in comparison to ShuffleNetv2

and DiCENet when the batch size increases. This is because the number of channels in the

depth-wise convolution in the inverted residual block of MobileNetv2 and MobileNetv3 are

very large as compared to DiCENet and ShuffleNetv2. For example, the maximum number of

channels in depth-wise convolution in MobileNetv2 (300 MFLOPs) are 960, while the maxi-

mum number of channels in DimConv and depth-wise convolution in DiCENet (298 MFLOPs)

and ShuffleNetv2 (292 MFLOPs) are 576 and 352, respectively.

3.6 Task-level Generalization of DiCENet

Several previous works (e.g., [9, 81]) have shown that high accuracy on the Imagenet dataset

does not necessarily correlates with high accuracy on visual scene understanding tasks (e.g.,

object detection and semantic segmentation). Since these tasks are widely used in real-

world applications (e.g., autonomous wheel chairs and robots) and often run on resource-

constrained devices (e.g., embedded devices), it is important that efficient networks generalize

well on these tasks. Therefore, we evaluate the performance of DiCENet on three different

tasks: (1) object detection (Section 3.6.1), (2) semantic segmentation (Section 3.6.2), and (3)

multi-object classification (Section 3.6.3). Compared to existing efficient networks that are

built using separable convolutions (e.g., MobileNets [46, 47, 58], MixNet [78], and ESPNet

[37]), DiCENet delivers better performance.

3.6.1 Object Detection on VOC and MS-COCO

Implementation details: For object detection, we use a Single Shot object Detection

(SSD) [77] pipeline. We use DiCENet (298 MFLOPs) pretrained on the ImageNet as a base

feature extractor instead of VGG [45]. We fine-tune our network using SGD with smooth

L1 and cross-entropy losses for object localization and classification, respectively.

Evaluation metrics and baselines: We evaluate the performance using mean Average

Precision (mAP). For MS-COCO, we report mAP@IoU of 0.50:0.95. For SSD as a detection
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SSD backbone Image size
PASCAL VOC 2007 MS-COCO

FLOPs mAP FLOPs mAP

VGG [45] 300x300 31.3 B 72.4 35.2 B 23.2

MobileNet [46] 320x320 – – 1.3 B 22.2

MobileNetv2 [47] 320x320 – – 0.8 B 22.1

ESPNet [37] 256x256 0.9 B 70.3 1.1 B 21.9

DiCENet (Ours) 300x300 0.7 B 71.9 0.9 B 25.1

MobileNetv3 [58] (NAS) 320x320 – – 0.6 B 22.0

MixNet [78] (NAS) 320x320 – – 0.9 B 22.3

MNASNet [55] (NAS) 320x320 – – 0.8 B 23.0

(a) Quantitative results of SSD [77] with different backbones. On the MS-COCO dataset, total

network parameters in SSD with different backbones are about 5 million, except VGG.

(b) Qualitative results of DiCENet under diverse background conditions

Table 3.6: Object detection using DiCENet.
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pipeline, we compare DiCENet’s performance with two types of base feature extractors: (1)

manual (VGG [45], MobileNet [46], MobileNetv2 [47], and ESPNet [37]) and (2) NAS-based

(MNASNet [55], MixNet [78], and MobileNetv3 [58]).

Results: Table 3.6 compares quantitative results of SSD with different backbone networks

on the PASCAL VOC 2007 and the MS-COCO datasets. DiCENet significantly improves the

performance of SSD-based object detection pipeline and delivers 1% to 4% higher mAP than

other existing efficient variants of SSD, including NAS-based backbones such as MobileNetv3

(22.0 vs. 25.1) and MixNet (22.3 vs. 25.1). Compared to standard SSD with VGG as

backbone, DiCENet achieves a higher mAP on MS-COCO while having 38× fewer FLOPs.

3.6.2 Semantic Segmentation on PASCAL VOC

Implementation details: We adapt DiCENet to ESPNet’s [37] encoder-decoder archi-

tecture. We choose this network because it delivers competitive performance to existing

methods even with low resolution images (e.g. 256×256 vs. 512×512). We replace the en-

coder in ESPNet (pretrained on ImageNet) with the DiCENet and follow the same training

procedure for fine-tuning as ESPNet. We do not change the decoder.

Evaluation metrics and baselines: The performance at different complexity levels (FLOPs)

is evaluated using mean intersection over union (mIOU).

Results: Figure 3.8 compares the performance of DiCENet with ESPNet on the PASCAL

VOC 2012 validation set. DiCENet significantly improves the segmentation performance i.e.,

for similar FLOPs, DiCENet achieves higher mIOU while for similar mIOU, DiCENet requires

significantly fewer FLOPs.

3.6.3 Multi-object Classification on MS-COCO

Implementation details: DiCENet is fine-tuned using the binary cross-entropy loss.
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(a) Qualitative results. Here, mIOU represents mean intersection over union.

(b) Quantitative results (top row: Input image, middle row: ground truth, last row:

DiCENet predictions)

Figure 3.8: Semantic segmentation results on the PASCAL VOC 2012 validation set.



53

Network # Params # FLOPs
F1-score

Class-wise Overall

ShuffleNetv2 [49]† 3.5 M 300 M 60.42 67.58

ESPNet [37]† 3.5 M 284 M 63.41 69.23

DiCENet (ours) 5.1 M 298 M 66.92 73.41

Table 3.7: Multi-object classification results on the MS-COCO dataset. Here, † indicates

that results are from [37].

Evaluation metrics and baselines: Similar to [37], we evaluate the performance using

overall and per-class F1 score and compare with two efficient architectures, i.e., ESPNet and

ShuffleNetv2.

Results: Table 3.7 shows that DiCENet outperforms existing efficient networks by a sig-

nificant margin (e.g., ESPNet and ShuffleNetv2 by 4.1% and 5.8%, respectively) on this

task.

3.7 Summary

We introduce a novel and generic convolutional unit, the DiCE unit, that uses dimension-wise

convolutions and dimension-wise fusion modules to learn spatial and channel-wise represen-

tations efficiently. Our empirical results suggest that the DiCE unit is more effective than

separable convolutions. Moreover, when we stack DiCE units to build DiCENet model, we

observe significant improvements across different computer vision tasks.
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Chapter 4

EFFICIENT RECURRENT NEURAL NETWORK FOR
LEARNING TEXTUAL REPRESENTATIONS

4.1 Introduction

Long short term memory (LSTM) units [36] are popular for many sequence modeling tasks

and are used extensively in language modeling. A key to their success is their articulated

gating structure, which allows for more control over the information passed along the recur-

rence. However, despite the sophistication of the gating mechanisms employed in LSTMs

and similar recurrent units, the input and context vectors are treated with simple linear

transformations prior to gating. Other local linear transformations such as convolutions [82]

have been used, but these have not achieved the performance of well-regularized LSTMs for

language modeling [83].

A natural way to improve the expressiveness of linear transformations is to increase the

number of dimensions of the input and context vectors, but this comes with a significant

increase in the number of parameters which may limit generalizability. An example is shown

in Figure 4.1, where the LSTM’s performance decreases with the increase in dimensions of

the input and context vectors. Moreover, the semantics of the input and context vectors are

different, suggesting that each may benefit from specialized treatment.

Guided by these insights, we introduce a new recurrent unit, the Pyramidal Recurrent

Unit (PRU), which is based on the LSTM gating structure. Figure 4.2 provides an overview

of the PRU. At the heart of the PRU is the pyramidal transformation (PT), which uses

subsampling to effect multiple views of the input vector. The subsampled representations

are combined in a pyramidal fusion structure, resulting in richer interactions between the

individual dimensions of the input vector than is possible with a linear transformation.
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Figure 4.1: Comparison of training (solid lines) and validation (dashed lines) perplexities on

the Penn Treebank with standard dropout for pyramidal recurrent units (PRU) and LSTM.

PRUs learn latent representations in very high-dimensional space with good generalizability

and fewer parameters. See Section 4.3 for more details about PRUs. Best viewed in color.

Figure 4.2: Block diagram visualizing the transformations in the pyramidal recurrent unit

(left) and the LSTM (bottom right) along with the LSTM gating architecture (top right).

Blue, red, green (or orange), and purple signify the current input xt, output of the

previous cell ht−1, the output of transformations, and the fused output, respectively. The

color intensity is used to represent sub-sampling and grouping operations.
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Context vectors, which have already undergone this transformation in the previous cell, are

modified with a grouped linear transformation (GLT) which allows the network to learn latent

representations in high-dimensional space with fewer parameters and better generalizability

(see Figure 4.1).

We show that PRUs can better model contextual information and demonstrate perfor-

mance gains on the task of language modeling. The PRU improves the perplexity of the

current state-of-the-art language model [84] by up to 1.3 points, reaching perplexities of

56.56 and 64.53 on the Penn Treebank and WikiText2 datasets, while learning 15-20% fewer

parameters. Replacing an LSTM with a PRU results in improvements in perplexity across

a variety of experimental settings. We provide detailed ablations which motivate the design

of the PRU architecture, as well as a detailed analysis of the effect of the PRU on other

components of the language model.

4.2 Related work

Multiple methods, including a variety of gating structures and transformations, have been

proposed to improve the performance of recurrent neural networks (RNNs). We first describe

these approaches and then provide an overview of recent work in language modeling.

Gating-based mechanisms: The performance of RNNs have been greatly improved by

gating mechanisms such as LSTMs [36], GRUs [85], peep-hole connections [86], SRUs [87],

and RANs [88]. This work extends the gating architecture of LSTMs [36], a widely used

recurrent unit across different domains.

Transformations: Apart from the widely used linear transformation for modeling the

temporal data, another transformation that has gained popularity is the convolution [35].

Convolution-based methods have gained attention in computer vision tasks [3] as well as some

of the natural language processing tasks including machine translation [89]. Convolution-

based methods for language modeling, such as CharCNN [82], have not yet achieved the
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performance of well regularized LSTMs [83]. We inherit ideas from convolution-based ap-

proaches, such as sub-sampling, to learn richer representations [3, 90].

Regularization: Methods such as dropout [91], variational dropout [92], and weight dropout

[84] have been proposed to regularize RNNs. These methods can be easily applied to PRUs.

Other efficient RNN networks: Recently, there has been an effort to improve the ef-

ficiency of RNNs. These approaches include quantization [93], skimming [94, 95], skipping

[96], and query reduction [97]. These approaches extend standard RNNs and therefore, these

approaches are complementary to our work.

Language modeling: Language modeling is a fundamental task for NLP and has garnered

significant attention in recent years (see Table 4.1 for a comparison with state-of-the-art

methods). Merity et al. [84] introduce regularization techniques such as weight dropping

which, coupled with a non-monotonically triggered ASGD optimization, achieves strong

performance improvements. Yang et al. [98] extend Merity et al. [84] with the mixture of the

softmaxes (MoS) technique, which increases the rank of the matrix used to compute next-

token probabilities. Further, Merity et al. [99] and Krause et al. [100] propose methods to

improve inference by adapting models to recent sequence history. Our work is complementary

to these recent softmax layer and inference procedure improvements.

In this chapter, we extend the state-of-the-art language model, AWD-LSTM [84], by

replacing the LSTM with the PRU and study it on the task of language modeling. We

show by experiments that the PRU improves the performance of [84] while learning fewer

parameters.

4.3 Pyramidal Recurrent Units

We introduce Pyramidal Recurrent Units (PRUs), a new light-weight RNN architecture

which improves modeling of context by allowing for higher-dimensional vector representa-

tions. Figure 4.2 provides an overview of PRU. We first elaborate on the details of the
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pyramidal transformation (Section 4.3.1) and the grouped linear transformation (Section

4.3.2). We then describe our recurrent unit, PRU (Section 4.3.3).

4.3.1 Pyramidal transformation for input

The basic transformation in many recurrent units is a linear transformation FL defined as:

y = FL(x) = W · x, (4.1)

where W ∈ RN×M are learned weights that linearly map x ∈ RN to y ∈ RM . To simplify

notation, we omit the biases.

Motivated by successful applications of sub-sampling in computer vision (e.g., [3, 101,

102]), we subsample input vector x into K pyramidal levels to achieve representation of the

input vector at multiple scales. This sub-sampling operation produces K vectors, represented

as xk ∈ R
N

2k−1 , where 2k−1 is the sampling rate and k = {1, · · · , K}. We learn scale-specific

transformations Wk ∈ R
N

2k−1×
M
K for each k = {1, · · ·K}. The transformed subsamples are

concatenated to produce the pyramidal analog to y, here denoted as ȳ ∈ RM :

ȳ = FP (x) = Concat
(
W1 · x1, · · · ,WK · xK

)
(4.2)

We note that the pyramidal transformation with K = 1 is the same as the linear transfor-

mation.

To improve gradient flow inside the recurrent unit, we combine the input and output

using an element-wise sum (when the dimension matches) to produce the residual analog of

the pyramidal transformation, as shown in Figure 4.2.

Sub-sampling: We sub-sample the input vector x intoK pyramidal levels using the kernel-

based approach [3, 35]. Let us assume that we have a kernel κ with 2e+ 1 elements. Then,

the input vector x can be sub-sampled with a stride of s as:

xk =

N/s∑
i=1

e∑
j=−e

xk−1[si]κ[j], k = {2, · · · , K} (4.3)
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Reduction in parameters: The number of parameters learned by the linear transforma-

tion and the pyramidal transformation with K pyramidal levels to map x ∈ RN to ȳ ∈ RM

are NM and NM
K

K∑
k=1

2(1−k), respectively. Thus, a pyramidal transformation reduces the pa-

rameters of a linear transformation by a factor of K/
(∑K

k=1 2(1−k)
)

. As an example, the

pyramidal transformation (with K = 4 and N = M = 600) learns 53% fewer parameters

than the linear transformation.

4.3.2 Grouped linear transformation for context

Many RNN architectures apply linear transformations to both the input and context vector.

However, this may not be ideal due to the differing semantics of each vector. In many NLP

applications including language modeling, the input vector is a dense word embedding, which

is shared across all contexts for a given word in a dataset. In contrast, the context vector

is highly contextualized by the current sequence. The differences between the input and

context vector motivate their separate treatment in the PRU architecture.

The weights learned using the linear transformation (Eq. 4.1) are reused over multiple

time steps, which makes them prone to over-fitting [103]. To combat over-fitting, various

methods, such as variational dropout [103] and weight dropout [84], have been proposed

to regularize these recurrent connections. To further improve generalization abilities, while

simultaneously enabling the recurrent unit to learn representations at very high dimensional

space, we propose to use a grouped linear transformation (GLT) instead of a standard linear

transformation for recurrent connections. While pyramidal and linear transformations can

be applied to transform context vectors, our experimental results in Section 4.4.4 suggests

that GLTs are more effective.

The linear transformation FL : RN → RM maps h ∈ RN linearly to z ∈ RM . Grouped

linear transformations break the linear interactions by factoring the linear transformation

into two steps. First, a GLT splits the input vector h ∈ RN into g smaller groups such that

h = {h1, · · · ,hg}, ∀ hi ∈ R
N
g . Second, a linear transformation FL : R

N
g → R

M
g is applied to
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map hi linearly to zi ∈ R
M
g , for each i = {1, · · · , g}. The g resultant output vectors zi are

concatenated to produce the final output vector z̄ ∈ RM .

z̄ = FG(h) =
[
W1 · h1, · · · ,Wg · hg

]
(4.4)

Group linear transformations splits the input into g groups and learn representations for each

group independently. Therefore, a group linear transformation requires g× fewer parameters

than the linear transformation. We note that a grouped linear transformation is the same

as a linear transformation when g = 1.

4.3.3 Pyramidal Recurrent Unit

We extend the basic gating architecture of the LSTM with the pyramidal and grouped linear

transformations outlined above to produce the Pyramidal Recurrent Unit (PRU), whose

improved sequence modeling capacity is evidenced in Section 4.4.

At time t, the PRU combines the input vector xt and the previous context vector (or

previous hidden state vector) ht−1 using the following transformation function as:

Ĝv(xt,ht−1) = F̂P (xt) + FG(ht−1), (4.5)

where v ∈ {f, i, c, o} indexes the various gates in the LSTM model, and F̂P (·) and FG(·)

represent the pyramidal and grouped linear transformations defined in Eqns. 4.2 and 4.4,

respectively.

We will now incorporate Ĝv(·, ·) into the LSTM gating architecture to produce PRU. At

time t, a PRU cell takes xt ∈ RN , ht−1 ∈ RM , and ct−1 ∈ RM as inputs to produce outputs

of forget ft, input it, output ot, and content ĉt gates. The inputs are combined with these

gate signals to produce context vector ht ∈ RM and cell state ct ∈ RM . Mathematically, the

PRU with the LSTM gating architecture can be defined as:
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ft = σ
(
Ĝf (xt,ht−1)

)
% Forget gate

it = σ
(
Ĝi(xt,ht−1)

)
% Input gate

ĉt = tanh
(
Ĝc(xt,ht−1)

)
% Content gate

ot = σ
(
Ĝo(xt,ht−1)

)
% Output gate

ct = ft ⊗ ct−1 + it ⊗ ĉt % Cell state

ht = ot ⊗ tanh(ct) % Contextualized output

(4.6)

where⊗ represents the element-wise multiplication operation, and σ and tanh are the sigmoid

and hyperbolic tangent activation functions. We note that LSTM is a special case of PRU

when g = K = 1.

4.4 Experiments

To showcase the effectiveness of the PRU, we evaluate the performance on two standard

datasets for word-level language modeling and compare with state-of-the-art methods. Ad-

ditionally, we provide a detailed examination of the PRU and its behavior on the language

modeling tasks.

4.4.1 Set-up

Dataset: Following recent works, we compare on two widely used datasets, the Penn Tree-

bank (PTB) [104] as prepared by Mikolov et al. [105] and WikiText2 (WT-2) [99]. For both

datasets, we follow the same training, validation, and test splits as in Merity et al. [84].

Language Model: We extend the language model, AWD-LSTM [84], by replacing the

LSTM layers with the PRU. Our model uses 3-layers of PRU with an embedding size of 400.

The number of parameters learned by state-of-the-art methods vary from 18M to 66M with

the majority of the methods learning about 22M to 24M parameters on the PTB dataset.

For a fair comparison with state-of-the-art methods, we fix the model size to 19M and vary

the value of g and hidden layer sizes so that the total number of learned parameters is similar
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across different configurations. We use 1000, 1200, and 1400 as hidden layer sizes for values

of g = 1, 2, and 4, respectively. We use the same settings for the WT-2 dataset. We set

the number of pyramidal levels K to two in our experiments and use average pooling for

sub-sampling. These values are selected based on our ablation experiments on the validation

set in Section 4.4.4. We follow the same training strategy as in Merity et al. [84] and measure

the performance of our models in terms of word-level perplexity. The perplexity measures

how well the language model predicts the next word given previous words and for a sequence

S = (w1, · · · , wT ), it is defined as:

Perplexity = b
∑T

i=1 logb p(wj |w1,··· ,wj−1) (4.7)

where b is the logarithm base. The lower value of perplexity means better performance.

To understand the effect of regularization methods on the performance of PRUs, we

perform experiments under two different settings:

• Standard dropout : We use a standard dropout [91] with probability of 0.5 after embed-

ding layer, the output between LSTM layers, and the output of final LSTM layer.

• Advanced dropout: We use the same dropout techniques with the same dropout values

as AWD-LSTM [84]. We call this model AWD-PRU.

4.4.2 Results

Table 4.1 compares the performance of the PRU with state-of-the-art methods. We can see

that the PRU achieves the best performance with fewer parameters.

Standard dropout: PRUs achieve either the same or better performance than LSTMs. In

particular, the performance of PRUs improves with the increasing value of g. At g = 4, PRUs

outperform LSTMs by about 4 points on the PTB dataset and by about 3 points on the

WT-2 dataset. This is explained in part by the regularization effect of the grouped linear

transformation (Figure 4.1). With grouped linear and pyramidal transformations, PRUs
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WT-2 PTB

Model Params Val Test Params Val Test

Quantized LSTM - 2 bit [93] – – 106.1 – – 95.8

Quantized LSTM - Full precision [93] – – 100.1 – – 89.8

CharCNN [82] – – – 19 M – 78.9

Pointer Sentinel-LSTM [99] – – – 19 M 72.4 70.9

RHN [106] – – – 23 M 67.9 65.4

NAS Cell [54] – – – 25 M – 64.0

Variational LSTM - [103, 107] 28 M 91.5 87 24 M 75.7 73.2

SRU - 6 layers [87] – – – 24 M 63.4 60.3

QRNN [108] – – – 18 M 82.1 78.3

RAN [88] – – – 22 M – 78.5

NAS Cell [54] – – – 54 M – 62.4

4-layer skip-connection LSTM [83] – – – 24 M 60.9 58.3

AWD-LSTM - [84] 33 M 69.1 66 24 M 60.7 58.8

AWD-LSTM - [84]-finetuned 33 M 68.6 65.8 24 M 60 57.3

With standard dropout

LSTM (M = 1000) 29 M 78.93 75.08 20 M 68.57 66.29

LSTM (M = 1200) 35 M 77.93 74.48 26 M 69.17 67.16

LSTM (M = 1400) 42 M 77.55 74.44 33 M 70.88 68.55

Ours -PRU (g = 1, K = 2, M = 1000) 28 M 79.15 76.59 19 M 69.8 67.78

Ours -PRU (g = 2, K = 2, M = 1200) 28 M 76.62 73.79 19 M 67.17 64.92

Ours -PRU (g = 4, K = 2, M = 1400) 28 M 75.46 72.77 19 M 64.76 62.42

With advanced dropouts

Ours - AWD-PRU (g = 1, K = 2, M = 1000) 28 M 71.84 68.6 19 M 61.72 59.54

Ours - AWD-PRU (g = 2, K = 2, M = 1200) 28 M 68.57 65.7 19 M 60.81 58.65

Ours - AWD-PRU (g = 4, K = 2, M = 1400) 28 M 68.17 65.3 19 M 60.62 58.33

Ours - AWD-PRU (g = 4, K = 2, M = 1400)-finetuned 28 M 67.19 64.53 19 M 58.46 56.56

Table 4.1: Comparison of single model word-level perplexity of our model with the state-of-

the-art on the validation and test sets of the Penn Treebank and Wikitext-2 dataset. For

evaluation, we select the model with minimum validation loss. A lower perplexity value

represents better performance.
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learn rich representations in very high-dimensional space while learning fewer parameters.

On the other hand, LSTMs overfit to the training data at such high dimensions and learn

1.4× to 1.8× more parameters than PRUs.

Advanced dropouts: With the advanced dropouts, the performance of PRUs improves

by about 4 points on the PTB dataset and 7 points on the WT-2 dataset. This further

improves with finetuning on the PTB (about 2 points) and WT-2 (about 1 point) datasets.

Comparison with state-of-the-art: For a similar number of parameters, the PRU with

standard dropout outperforms most of the state-of-the-art methods by a large margin on

the PTB dataset (e.g. RAN [88] by 16 points with 4M less parameters, QRNN [108] by 16

points with 1M more parameters, and NAS [54] by 1.58 points with 6M less parameters).

With advanced dropouts, the PRU delivers the best performance. On both datasets, the

PRU improves the perplexity by about 1 point while learning 15-20% fewer parameters.

Inference: The PRU is a drop-in replacement for the LSTM; therefore, it can improve

language models with modern inference techniques such as dynamic evaluation [100]. When

we evaluate PRU-based language models (only with standard dropout) with dynamic eval-

uation on the PTB test set, the perplexity of PRU (g = 4, k = 2,M = 1400) improves from

62.42 to 55.23, while the perplexity of an LSTM (M = 1000) with similar settings improves

from 66.29 to 58.79; suggesting that modern inference techniques are equally applicable to

PRU-based language models.

4.4.3 Analysis

It is shown above that the PRU can learn representations at higher dimensionality with

more generalization power, resulting in performance gains for language modeling. A closer

analysis of the impact of the PRU in a language modeling system reveals several factors that

help explain how the PRU achieves these gains.
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Figure 4.3: Histogram of the entropies of next-token distributions predicted by the PRU

(mean 3.80) and the LSTM (mean 3.93) on the PTB validation set. Lower entropy values

indicate higher confidence decisions, which is desirable if decisions are often correct.

Confidence: As exemplified in Figure 4.5a, the PRU tends toward more confident deci-

sions, placing more of the probability mass on the top next-word prediction than the LSTM.

To quantify this effect, we calculate the entropy of the next-token distribution for both the

PRU and the LSTM using 3687 contexts from the PTB validation set. Figure 4.3 shows a

histogram of the entropies of the distribution, where bins of size 0.23 are used to effect cate-

gories. We see that the PRU more often produces lower entropy distributions corresponding

to higher confidences for next-token choices. This is evidenced by the mass of the red PRU

curve lying in the lower entropy ranges compared to the blue LSTM’s curve. The PRU

can produce confident decisions in part because more information is encoded in the higher

dimensional context vectors.

Variance in word embeddings: The PRU has the ability to model individual words at

different resolutions through the pyramidal transform; this provides multiple paths for the

gradient to the embedding layer (similar to multi-task learning) and improves the flow of

information. When considering the embeddings by part of speech, we find that the pyramid

level 1 embeddings exhibit higher variance than the LSTM across all POS categories (Fig-
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Figure 4.4: Variance of learned word embeddings for different categories of words on the

PTB validation set. We compute the variance of a group of embeddings as the average

squared euclidean distance to their mean. Higher variance may allow for better intra-category

distinctions. The PRU with pyramid levels 1 and 2 is shown.

ure 4.4) and that pyramid level 2 embeddings show extremely low variance1. We hypothesize

that the LSTM must encode both coarse group similarities and individual word differences

into the same vector space, reducing the space between individual words of the same cate-

gory. The PRU can rely on the subsampled embeddings to account for coarse-grained group

similarities, allowing for finer individual word distinctions in the embedding layer. This hy-

pothesis is strengthened by the entropy results described above: a model which can make

finer distinctions between individual words can more confidently assign probability mass. A

model that cannot make these distinctions, such as the LSTM, must spread its probability

mass across a larger class of similar words.

Gradient-based analysis: Saliency analysis using gradients help identify relevant words

in a test sequence that contribute to the prediction [109–111]. These approaches compute

the relevance as the squared norm of the gradients obtained through back-propagation. Fig-

ure 4.5a visualizes the heatmaps for different sequences. PRUs, in general, give more rel-

evance to contextual words than LSTMs, such as southeast (sample 1), face (sample 2),

1POS categories are computed using NLTK toolkit.
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Gradient-based sensitivity analysis heatmaps LSTM top-5 PRU top-5

Reference: the tremor was centered near <unk> southeast of san francisco

Reference: but pipeline companies estimate they still face $ N billion in liabilities from <unk> disputes including $ N billion.

Reference: chicken chains also are feeling more pressure from mcdonald’s corp. which introduced its <unk> <unk> this year.

(a)

L
S

T
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(b)

Figure 4.5: Qualitative comparison between the LSTM and the PRU. (a) Gradient-based

saliency analysis along with top-5 predicted words. Salience score is proportional to cell

coverage in red. (b) Gradients during back-propagation (x-axis: word vector dimensions,

y-axis: test sequence). For computing the gradients for a given test sequence in (b), the

top-1 predicted word was used as the true predicted word.
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and introduced (sample 3), which help in making more confident decisions. Furthermore,

when gradients during back-propagation are visualized (Figure 4.5b), we find that PRUs

have better gradient coverage than LSTMs, suggesting PRUs use more features than LSTMs

that contributes to the decision. This also suggests that PRUs update more parameters at

each iteration which results in faster training. The language model in [84] takes 500 and 750

epochs to converge with the PRU and the LSTM as a recurrent unit, respectively.

4.4.4 Ablation studies

In this section, we provide a systematic analysis of our design choices. Our training method-

ology is the same as described in Section 4.4.1 with the standard dropouts. For a thorough

understanding of our design choices, we use a language model with a single layer of PRU and

fix the size of embedding and hidden layers to 600. The word-level perplexities are reported

on the validation sets of the PTB and the WT-2 datasets.

Pyramidal levels K and groups g: The two hyper-parameters that control the trade-off

between performance and number of parameters in PRUs are the number of pyramidal levels

K and groups g. Figure 4.6 provides a trade-off between perplexity and recurrent unit (RU)

parameters2.

Variable K and fixed g: When we increase the number of pyramidal levels K at a fixed

value of g, the performance of the PRU drops by about 1 to 4 points while reducing the total

number of recurrent unit parameters by up to 15%. We note that the PRU with K = 4 at

g = 1 delivers a similar performance to the LSTM while learning about 15% fewer recurrent

unit parameters.

Fixed K and variable g: When we vary the value of g at a fixed number of pyramidal

levels K, the total number of recurrent unit parameters decreases significantly with a minimal

impact on the perplexity. For example, a PRU with K = 2 and g = 4 learns 77% fewer

recurrent unit parameters, while its perplexity (lower is better) increases by about 12% in

2Total parameters = Embedding layer parameters + Recurrent unit (RU) parameters
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(a) PTB (b) WT-2

Figure 4.6: Impact of number of groups g and pyramidal levels K on the perplexity. Reduc-

tion in recurrent-unit (RU) parameters is computed with respect to LSTM. Lower perplexity

value represents better performance.

comparison to LSTMs. Moreover, the decrease in number of parameters at a higher value

of g enables PRUs to learn the representations in a high-dimensional space with better

generalizability (Table 4.1).

Transformations: Table 4.2 shows the impact of different transformations of the input

vector xt and the context vector ht−1. We make the following observations: (1) Using the

pyramidal transformation for the input vectors improves the perplexity by about 1 point on

both the PTB and WT-2 datasets, while reducing the number of recurrent unit parameters

by about 14% (see R1 and R4). We note that the performance of the PRU drops by up to

1 point when residual connections are not used (R4 and R6). (2) Using the grouped linear

transformation for context vectors reduces the total number of recurrent unit parameters by

about 75% while the performance drops by about 11% (see R3 and R4). When we use the

pyramidal transformation instead of the linear transformation, the performance drops by up

to 2% while there is no significant drop in the number of parameters (R4 and R5).
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PTB WT-2

Transformations PPL # Params PPL # Params

Context Input (total/RU) (total/RU)

R1 LT LT 74.80 8.8/2.9 89.30 22.8/2.9

R2 GLT GLT 84.38 6.5/0.5 104.13 20.46/0.5

R3 GLT PT 82.67 6.6/0.64 99.57 20.6/0.64

R4 LT PT 74.18 8.5/2.5 88.31 22.5/2.5

R5 PT PT 75.80 8.1/2.1 90.56 22.1/2.1

R6 LT PT† 75.61 8.5/2.5 89.27 22.5/2.5

Table 4.2: Impact of different transformations used for processing input and context vectors

(LT - linear transformation, PT - pyramidal transformation, and GLT - grouped linear

transformation). Here, † represents that PT was used without residual connection, PPL

represents word-level perplexity (lower is better), and the number of parameters are in the

millions. We used K = g = 4 in our experiments.

Dataset
Sub-sampling method

Skip Max pool Avg. Pool Convolution

PTB 75.12 87.6 73.86 81.56

WT-2 89.24 107.63 88.88 93.16

Table 4.3: Impact of different sub-sampling methods on the word-level perplexity (lower is

better). We used g = 1 and K = 4 in our experiments.

Subsampling: We set sub-sampling kernel κ (Eq. 4.3) with stride s = 2 and size of 3

(e = 1) in four different ways: (1) Skip: We skip every other element in the input vector. (2)

Convolution: We initialize the elements of κ randomly from a normal distribution and learn

them during training the model. We limit the output values to lie between -1 and 1 using a

tanh activation function to make training stable. (3) Avg. pool: We initialize the elements

of κ to 1
3
. (4) Max pool: We select the maximum value in the kernel window κ.
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Table 4.3 compares the performance of the PRU with different sampling methods. Aver-

age pooling performs the best, while skipping give comparable performance. Both of these

methods enable the network to learn richer word representations while representing the input

vector in different forms, thus delivering higher performance. Surprisingly, a convolution-

based sub-sampling method does not perform as well as the averaging method. The tanh

function used after convolution limits the range of output values which are further limited

by the LSTM gating structure, thereby impeding in the flow of information inside the cell.

Max pooling forces the network to learn representations from high-magnitude elements, thus

distinguishing features between elements vanishes, resulting in poor performance.

4.5 Summary

We introduce the Pyramidal Recurrent Unit, which better models contextual information by

admitting higher-dimensional representations with good generalizability. When applied to

the task of language modeling, PRUs improve perplexity across several settings, including

recent state-of-the-art systems. Our analysis shows that the PRU improves the flow of

gradient and expands the word embedding subspace, resulting in more confident decisions.

Our source code is available at https://github.com/sacmehta/PRU.

https://github.com/sacmehta/PRU


72

Chapter 5

DEEP AND LIGHT-WEIGHT TRANSFORMER FOR
SEQUENCE MODELING

5.1 Introduction

The attention-based transformer networks of Vaswani et al. [17] are gaining interest in se-

quence modeling tasks, including language modeling and machine translation. To improve

performance, models are often scaled to be either wider, by increasing the dimension of

hidden layers, or deeper, by stacking more transformer blocks. For example, T5 [7] uses a

dimension of 65K, and GPT-3 [112] uses 96 transformer blocks. However, such scaling in-

creases the number of network parameters significantly (e.g., T5 and GPT-3 have 11 billion

and 175 billion parameters, respectively) and complicates learning, i.e., these models either

require very large training corpora [2, 7, 112] or careful regularization [84, 113, 114]. In

this chapter, we introduce a new parameter-efficient attention-based architecture that can

be easily scaled to be both wide and deep.

Our Deep and Light-weight Transformer architecture, DeLighT, extends the transformer

architecture of Vaswani et al. [17] and delivers similar or better performance with significantly

fewer parameters and operations. At the heart of DeLighT is the DeLighT transformation that

uses the group linear transformations (GLTs; Section 4.3.2) with an expand-reduce strat-

egy for varying the width and depth of the DeLighT block efficiently. Since GLTs are local

by nature, the DeLighT transformation uses feature shuffling, which is analogous to chan-

nel shuffling in convolutional networks [48], to share information between different groups.

Such wide and deep representations facilitate replacing the multi-head attention and feed-

forward layers in transformers with single headed attention and light-weight feed-forward

layers, reducing total network parameters and operations. Importantly, unlike transformers,
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the DeLighT transformation decouples the depth and width from the input size, allowing

us to allocate parameters more efficiently across blocks by using shallower and narrower

DeLighT blocks near the input and deeper and wider DeLighT blocks near the output.

We demonstrate that DeLighT models achieve similar or better performance than trans-

former models with significantly fewer parameters and operations on two common sequence

modeling tasks: (i) machine translation and (ii) language modeling. On the low resource

WMT’16 En-Ro machine translation dataset, DeLighT attains transformer performance using

2.8× fewer parameters. On the high resource WMT’14 En-Fr dataset, DeLighT delivers bet-

ter performance (+0.4 BLEU score) with 1.8× fewer parameters than baseline transformers.

Similarly, on language modeling, DeLighT matches the performance of Transformer-XL [115]

with 1.5× fewer parameters on the WikiText-103 dataset. Our source code is available at

https://github.com/sacmehta/delight.

5.2 Related Work

Improving transformers: Several methods have been introduced to improve the trans-

former architecture. The first line of research addresses the challenge of computing self

attention on long input sequences [116–118]. These methods can be combined with our ar-

chitecture. The second line of research focuses on explaining multi-head attention [119, 120].

They show that increasing the number of transformer heads can lead to redundant represen-

tations [121, 122] and using fixed attention heads with predefined patterns [123] or synthetic

attention matrices [124] improves performance. The third line of research focuses on improv-

ing transformers by learning better representations [125–127]. These works aim to improve

the expressiveness of transformers using different transformations – for example, using convo-

lutions [89, 125], gated linear units [128], or multi-branch feature extractors [126, 127]. Our

work falls into this category. Unlike previous work, we show that it is possible to efficiently

allocate parameters, both at the block-level using the DeLighT transformation and across

blocks using block-wise scaling.

https://github.com/sacmehta/delight
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Model scaling: Model scaling is a standard method to improve the performance of se-

quence models [2, 7, 17, 57, 112, 129, 130]. Model dimensions are increased in width-wise

scaling, [2, 17] while more blocks (e.g., Transformer blocks) are stacked in depth-wise scaling

[112, 130, 131]. In both cases (and their combination), parameters inside each block of the

network are the same, which may lead to a sub-optimal solution. To further improve the

performance of sequence models, we introduce block-wise scaling that allows for variably-

sized blocks and efficient allocation of parameters in the network. Our results show that (1)

shallower and narrower DeLighT blocks near the input and deeper and wider DeLighT blocks

near the output deliver the best performance, and (2) models with block-wise scaling coupled

with model scaling achieve better performance compared to model scaling alone. We note

that convolutional neural networks (CNNs) also learn shallower and narrower representa-

tions near the input and deeper and wider representations near the output. Unlike CNNs

(e.g., ResNet [41]) that perform a fixed number of operations at each convolutional layer, the

proposed block-wise scaling uses a variable number of operations in each layer and block.

Improving sequence models: There is also significant recent work on other related meth-

ods for improving sequence models, including (1) improving accuracy using better token-level

representations – for example, using BPE [132], adaptive inputs [133] and outputs [134], and

DeFINE [40], and (2) improving efficiency – for example, using compression [135, 136], prun-

ing [32, 137], and distillation [60, 138]. The closest to this work is the DeFINE transformation

that we introduced to learn deep token-level representations. The DeFINE transformation

also learns representations using an expand-reduce strategy. The key difference between

the DeFINE transformation (Figure 5.1c) and the DeLighT transformation (Figure 5.1d) is

that the DeLighT transformation more efficiently allocates parameters within expansion and

reduction layers. Unlike DeFINE, which uses fewer groups in group linear transformations

to learn wider representations, the DeLighT transformation uses more groups to learn wider

representations with fewer parameters. The DeLighT transformation achieves comparable

performance to the DeFINE transformation but with significantly fewer parameters.
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Figure 5.1: (a, b) Block-wise comparison between the standard transformer block of Vaswani

et al. [17] and the DeLighT block. In the DeLighT transformation, the number of operations

for computing attention are reduced by half, while the number of parameters (and opera-

tions) in the FFN are reduced by 16×. Transformations with learnable parameters ( Linear

and DeLighT ) are shown in color. The shapes of linear transformations indicate their

operation (expansion, reduction, etc.). (c, d) compares the DeFINE transformation [40]

with the DeLighT transformation. Compared to the DeFINE transformation, the DeLighT

transformation uses group linear transformations (GLTs) with more groups to learn wider

representations with fewer parameters. Different colors are used to show groups in GLTs.

For simplicity, feature shuffling is not shown in (d). Here, FFN means feed-forward network,

MHA means multi-headed attention, and SHA means single-head attention.

5.3 DeLighT: Deep and Light-weight Transformer

A standard transformer block (Figure 5.1a) consists of multi-head attention that uses a

query-key-value decomposition to model relationships between sequence tokens, and a feed

forward network (FFN) to learn wider representations. Multi-head attention obtains query
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Q, key K, and value V by applying three projections to the input, each consisting of h

linear layers (or heads) that map the dm-dimensional input into a dh-dimensional space,

where dh = dm/h is the head dimension. The FFN consists of two linear layers, where the

first expands the dimensions from dm to df and the second reduces the dimensions from

df to dm. The depth of a transformer block is 4, consisting of (1) three parallel branches

for queries, keys, and values, (2) a fusion layer that combines the output of multiple heads,

and (3) two sequential linear layers in the FFN. In general, transformer-based networks

sequentially stack transformer blocks to increase network capacity and depth.

We extend the transformer architecture and introduce a deep and light-weight trans-

former, DeLighT. Our model uses a deep and light-weight expand-reduce transformation,

the DeLighT transformation (Section 5.3.1), that enables learning wider representations effi-

ciently. It also enables replacing multi-head attention and feed-forward network (FFN) layers

with single-head attention and a light-weight FFN (Section 5.3.2). The DeLighT transfor-

mation decouples the attention dimensions from the depth and width, allowing us to learn

representations efficiently using block-wise scaling instead of uniform stacking of transformer

blocks (Section 5.3.3).

5.3.1 DeLighT Transformation

The DeLighT transformation maps a dm dimensional input vector into a high dimensional

space (expansion) and then reduces it down to a do dimensional output vector (reduction)

using N layers of the group linear transformations (Section 4.3.2), as shown in Figure 5.1d.

During these expansion and reduction phases, the DeLighT transformation uses group linear

transformations (GLTs), because they learn local representations by deriving the output from

a specific part of the input and are more efficient than linear transformations. To learn global

representations, the DeLighT transformation shares information between different groups in

the group linear transformation using feature shuffling, analogous to channel shuffling in

convolutional networks [48].

A standard approach to increase the expressivity and capacity of transformers is to in-
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crease the input dimensions, dm. However, increasing dm linearly also increases the number

of operations in multi-head attention (O(n2dm), where n is the sequence length) in a stan-

dard transformer block (Figure 5.1a). In contrast, to increase the expressivity and capacity

of the DeLighT block, we increase the depth and width of its intermediate DeLighT trans-

formations using expansion and reduction phases. This enables us to use smaller dimensions

for computing attention, requiring fewer operations.

Formally, the DeLighT transformation is controlled by five configuration parameters: (1)

number of GLT layers N , (2) width multiplier wm, (3) input dimension dm, (4) output

dimension do, and (5) maximum groups gmax in a GLT. In the expansion phase, the DeLighT

transformation projects the dm-dimensional input to a high-dimensional space, dmax = wmdm,

linearly using dN
2
e layers. In the reduction phase, the DeLighT transformation projects the

dmax-dimensional vector to a do-dimensional space using the remaining N −dN
2
e GLT layers.

Mathematically, we define the output Y at each GLT layer l as:

Yl =

 F
(
X,Wl,bl, gl

)
, l = 1

F
(
H
(
X,Yl−1) ,Wl,bl, gl

)
, Otherwise

(5.1)

where Wl =
{

Wl
1, · · · ,Wl

gl

}
and bl =

{
bl
1, · · · ,bl

gl

}
are the learnable weights and biases

of group linear transformation F with gl groups at the l-th layer. Briefly, the F function

takes the input X
(
or H

(
X,Yl−1)) and splits it into gl non-overlapping groups such that

X =
{
X1, · · · ,Xgl

}
. The function F then linearly transforms each Xi with weights Wl

i

and bias bl
i to produce output Yl

i = XiW
l
i + bl

i. The outputs of each group Yl
i are then

concatenated to produce the output Yl. The function H first shuffles the output of each

group in Yl−1 and then combines it with the input X using the input mixer connection of

Mehta et al. [40] to avoid vanishing gradient problems. Figure 5.2 visualizes the expansion

phase in the DeLighT transformation with the group linear transformation, feature shuffling,

and the input mixer connection.
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Figure 5.2: Illustration of the expansion phase in the DeLighT transformation that uses GLTs,

feature shuffling, and an input mixer connection, to learn deeper and wider representations

efficiently. For illustrative purposes, we have used the same input and output dimensions.

The number of groups at the l-th GLT in DeLighT transformation are computed as:

gl =

 min(2l−1, gmax), 1 ≤ l ≤ dN/2e

gN−l, Otherwise
(5.2)

In our experiments, we use gmax = ddm
32
e, so that each group has at least 32 input elements.

5.3.2 DeLighT block

Figure 5.1b shows how we integrate DeLighT transformation into the transformer block to

improve its efficiency. The dm-dimensional inputs are fed to the DeLighT transformation to

produce do-dimensional outputs, where do < dm. These do-dimensional outputs are then fed

into a single head attention, followed by a light-weight FFN to model their relationships.

DeLighT layer and single head attention: Let us assume we have a sequence of n input

tokens, each of dimensionality dm. These n, dm-dimensional inputs are first fed to the

DeLighT transformation to produce n, do-dimensional outputs, where do < dm. These n, do-

dimensional outputs are then projected simultaneously using three linear layers to produce
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do-dimensional queries Q, keys K, and values V. We then model contextual relationships

between these n tokens using scaled dot-product attention (Eq. 5.3). To enable the use of

residual connections [41], the do-dimensional outputs of this attention operation are linearly

projected into a dm-dimensional space.

Attention(K,Q,V) = softmax

(
QKT

√
do

)
V (5.3)

We hypothesize that the ability of DeLighT to learn wider representations allows us to replace

multi-head attention with single-head attention. The computational costs for computing

attention in the standard transformer and the DeLighT block are O(dmn
2) and O(don

2)

respectively, where do < dm. Therefore, the DeLighT block reduces the cost for computing

attention by a factor of dm/do. In our experiments, we used do = dm/2, thus requiring 2×

fewer multiplication-addition operations than transformers for attention.

Light-weight FFN: Similar to FFNs in transformers, this block also consists of two linear

layers. Since the DeLighT block has already incorporated wider representations using the

DeLighT transformation, it allows us to invert the functionality of FFN layers in the trans-

former. The first layer reduces the dimensionality of the input from dm to dm/r, while the

second layer expands the dimensionality from dm/r to dm, where r is the reduction factor

(see Figure 5.1b). Our light-weight FFN reduces the number of parameters and operations

in the FFN by a factor of rdf/dm. In the standard transformer, the FFN dimensions are

expanded by a factor of 4.1 In our experiments, we use r = 4. Thus, the light-weight FFN

reduces the number of parameters in the FFN by 16×.

Block depth: The DeLighT block stacks (1) a DeLighT transformation with N GLTs, (2)

three parallel linear layers for key, query, and value, (3) a projection layer, and (4) two linear

layers of a light-weight FFN. Thus, the depth of the DeLighT block is N + 4. Compared to

the standard transformer block (depth is 4), the DeLighT block is deeper.

1Transformer-base uses dm=512 and df=2048 while Transformer-large uses dm=1024 and df=4096.
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5.3.3 Block-wise scaling

Standard methods for improving the performance of sequence models include increasing the

model dimensions (width scaling), stacking more blocks (depth scaling), or both. However,

such scaling is not very effective on small datasets. For example, when a Transformer-Base
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Figure 5.3: Block-wise scaling in (a) allows us to efficiently allocate parameters and

operations across blocks, leading to shallower and narrower DeLighT blocks near the input

and deeper and wider DeLighT blocks near the output. In (b), DeLighT networks with both

uniform (N=Nmin=Nmax=8) and block-wise (Nmin=4, Nmax=8) scaling have about 16.7

M parameters and perform 3.5 B operations (computed for a sequence length of n = 30);

however, the DeLighT network with block-wise scaling delivered 2 points better perplexity.
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(dm = 512) network is replaced with a Transformer-Large (dm = 1024) network on the

WMT’16 En-Ro corpus, the number of parameters increases by ∼4×, while the performance

does not change appreciably (BLEU: 34.28 vs. 34.35). We hypothesize that this happens

because scaling model width and depth allocates parameters uniformly across blocks, which

may lead to learning redundant parameters. To create deep and wide networks, we extend

model scaling to the block level. Figure 5.3 compares uniform scaling with block-wise scaling.

Scaling the DeLighT block: The DeLighT block learns deep and wide representations

using the DeLighT transformation, whose depth and width are controlled by two configu-

ration parameters: the number of GLT layers N and the width multiplier wm, respectively

(Figure 5.3a). These configuration parameters allow us to increase the number of learnable

parameters inside the DeLighT block independent of the input dm and output do dimensions.

Such calibration is not possible with the standard transformer block, because their expres-

siveness and capacity are a function of the input (input dimension = number of heads × head

dimension). Here, we introduce block-wise scaling that creates a network with variably-sized

DeLighT blocks, allocating shallower and narrower DeLighT blocks near the input and deeper

and wider DeLighT blocks near the output.

To do so, we introduce two network-wide configuration parameters: minimum Nmin and

maximum Nmax number of GLTs in a DeLighT transformation. For the b-th DeLighT block,

we compute the number of GLTs N b and the width multiplier wb
m in a DeLighT transfor-

mation using linear scaling (Eq. 5.4). With this scaling, each DeLighT block has a different

depth and width (Figure 5.3a).

N b = Nmin +
(Nmax −Nmin) b

B − 1
, wb

m = wm +
(Nmax −Nmin) b

Nmin(B − 1)
, 0 ≤ b ≤ B − 1 (5.4)

Here, B denotes the number of DeLighT blocks in the network. We add superscript b to the

number of GLT layers N and width multiplier wm to indicate that these parameters are for

the b-th block.
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Network depth: The depth of a transformer block is fixed, i.e., 4. Therefore, previous

works [7, 112, 131] have associated the depth of transformer-based networks with the number

of transformer blocks. In DeLighT, we present a different perspective to learn deeper repre-

sentations, wherein each block is variably-sized. To compute the network depth, we use the

standard definition across different domains, including computer vision (e.g., ResNet of He

et al. 41) and theoretical machine learning [139]. These works measure network depth as the

number of sequential learnable layers (e.g., convolution, linear, or group linear). Similarly,

the depth of DeLighT and transformer networks with B blocks is
∑B−1

b=0 (N b + 4) and 4B,

respectively.

5.4 Experimental results

We evaluate the performance of DeLighT on two standard sequence modeling tasks: (1)

machine translation (Section 5.4.1) and (2) language modeling (Section 5.4.2).

5.4.1 Machine Translation

Datasets and evaluation: We benchmark DeLighT models on four datasets: (1) IWSLT’14

German-English (De-En), (2) WMT’16 English-Romanian (En-Ro), (3) WMT’14 English-

German (WMT’14 En-De), and (4) WMT’14 English-French (WMT’14 En-Fr). For the

IWSLT’14 De-En dataset, we replicate the setup of Wu et al. [125] and Edunov et al. [140],

which use 160K/7K/7K sentence pairs for training, validation, and testing with a joint BPE

vocabulary of about 10K tokens. For the WMT’14 English-German (En-De) dataset, we

follow the setup of Vaswani et al. [17]. The dataset has 3.9M/39K/3K sentence pairs for

training, validation, and testing respectively with a joint BPE vocabulary size of 44K.2 For

the WMT’14 English-French (En-Fr) dataset, we replicate the setup of Gehring et al. [89],

which uses 36M/27K/3K sentence pairs for training, validation, and testing respectively

with a joint BPE vocabulary size of 44K. The performance is evaluated in terms of BLEU

2We use training and validation data that is compatible with the Tensor2Tensor library [141] in order to
have fair comparisons with recent works (e.g., Evolved Transformer).
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[142] (higher is better) on the test set. We follow Wu et al. [125] for beam search related

hyper-parameters.

Architecture: We follow the symmetric encoder-decoder architecture of Vaswani et al. [17]

with sinusoidal positional encodings. Both the encoder and the decoder have B DeLighT blocks.

Decoder blocks are identical to the encoder blocks (Figure 5.1b), except that they have

an additional source-target single-head attention unit before the light-weight FFN. In the

source-target single-head attention unit, keys and values are projections over the encoder

output (full details in Appendix B.1). In our experiments, we use wm = 2, Nmin = 4, and

Nmax = 8 for WMT’16 En-Ro, WMT’14 En-De, and WMT’14 En-Fr; resulting in 222 layer

deep DeLighT networks. For IWSLT’14 De-En, we used wm = 1, Nmin = 3, and Nmax = 9 for

IWSLT’14 De-En; resulting in a 289-layer deep network. For simplicity, we set B = Nmax. We

use a learnable look-up table that maps every token in the vocabulary to a 128-dimensional

vector. We implement our models using Fairseq [143] and use their provided scripts for data

pre-processing, training, and evaluation.

Training: For IWSLT’14 De-En models, we follow the setup of [125] and train all our

models for 50K iterations with a batch size of 4K tokens on a single NVIDIA GTX 1080

GPU. For WMT’16 En-Ro, we follow the training setup of [144] and train models for 100K

iterations on 16 NVIDIA Tesla V100 GPUs with an effective batch size of 64K tokens. For

WMT’14 En-De and WMT’14 En-Fr, we follow the training set-up of [125] and train our

models on 16 V100 GPUs for 30K and 50K iterations, respectively. We use Adam [145] to

minimize cross entropy loss with a label smoothing value of 0.1 during training. For a fair

comparison, we trained baseline transformer models using the same training set-up.

Comparison with baseline transformers: The performance of DeLighT with the base-

line transformers of Vaswani et al. [17] on different corpora is shown in Table 5.1. DeLighT de-

livers better performance with fewer parameters than transformers, across different cor-
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pora. Specifically, on low-resource (WMT’16 En-Ro) and high resource (WMT’14 En-De

and WMT’14 En-Fr) corpora, DeLighT delivers similar or better performance with 2.8×

and 1.8× fewer parameters, respectively. When the number of parameters are increased,

DeLighT outperforms transformers. For example, on WMT’14 En-Fr dataset, DeLighT is

3.7× deeper than transformers and improves its BLEU score by 1.3 points yet with 13 mil-

lion fewer parameters and 3 billion fewer operations (see Table 5.2).

Particularly interesting are the performance comparisons of DeLighT with the baseline

IWSLT’14 De-En WMT’16 En-Ro

Model # Params Ratio BLEU ∆ BLEU # Params Ratio BLEU ∆ BLEU

Transformer [17] – – 34.4† – 62 M – 34.3‡ –

Transformer (Our impl.) 42 M 1.0× 34.3 – 62 M 1.0× 34.3 –

DeLighT 14 M 0.3× 33.8 -0.5 22 M 0.35× 34.3 0.0

DeLighT 30 M 0.7× 35.3 +1.0 53 M 0.85× 34.7 +0.4

(a) Results on small corpora

WMT’14 En-De WMT’14 En-Fr

Model # Params Ratio BLEU ∆ BLEU # Params Ratio BLEU ∆ BLEU

Transformer [17] 62 M – 27.3 – – 62 M 38.1 –

Transformer (Our impl.) 67 M 1.0× 27.7 – 67 M 1.0× 39.2 –

DeLighT 37 M 0.55× 27.6 -0.1 37 M 0.55× 39.6 +0.4

DeLighT 54 M 0.80× 28.0 +0.3 54 M 0.80× 40.5 +1.3

(b) Results on large corpora

Table 5.1: Comparison with baseline transformers on machine translation corpora.

DeLighT models require significantly fewer parameters to achieve similar performance. Here,

† and ‡ indicate the best reported transformer baselines from Wu et al. [125] and Ghazvinine-

jad et al. [144], respectively.
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transformers of Vaswani et al. [17] and its neural search variant, i.e., Evolved Transformer of

So et al. [127], at two different parametric settings on WMT’14 En-De corpora in Figure 5.4.

For small models (< 10 M parameters), DeLighT models delivers better performance and for

attaining the same performance as these models, DeLighT models requires fewer parameters.

Depth # Params # MACs BLEU

Transformer 60 67 M 11.1 B 39.2

DeLighT 222 37 M 5.6 B 39.6

DeLighT 222 54 M 8.1 B 40.5

Table 5.2: DeLighT networks are deep, light-weight and efficient as compared to

transformers. The BLEU score is reported on the WMT’14 En-Fr dataset. To compute

network depth, we count the number of sequential layers in the network (Section 5.3.3).

We used 20 source and 20 target tokens for computing multiplication-addition operations

(MACs). See Appendix B.3 for details.
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Figure 5.4: Comparison of DeLighT with Transformers and Evolved Transformers at two

different settings, on the WMT’14 En-De corpus: (1) the number of parameters is the same

and (2) the performance is the same.



86

Model # Params BLEU

Transformers [17] 42 M 34.3

Variational Attention [146] – 33.1

Dynamic convolutions [17] 43 M 35.2

Lite Transformer‡ [126] – 33.6

DeLighT (Ours) 30 M 35.3

(a) IWSLT’14 De-En

Model # Params BLEU

Transformer [17] 62 M 27.3

DLCL [131] 62 M 27.3

Evolved Transformer † [127] 46 M 27.7

Lite Transformer‡ [126] – 26.5

DeLighT (Ours) 37 M 27.6

(b) WMT’14 En-De

Table 5.3: Comparison with state-of-the-art methods on machine translation cor-

pora. DeLighT delivers similar or better performance than state-of-the-art models with

fewer parameters. Here, † indicates that the network uses neural architecture search (NAS)

and ‡ indicates that full network parameters are not reported.

Comparison with state-of-the-art methods: The performance of most state-of-the-

art methods has been evaluated on WMT’14 En-De, while some have also been evaluated

on IWSLT’14 De-En. Table 5.3 compares the performance of DeLighT with state-of-the-

art methods on these two corpora. DeLighT delivers similar or better performance than

existing methods. It is important to note that existing methods have improved baseline

transformers with different design choices – for example, the asymmetric encoder-decoder

structure [131] and neural architecture search [127]. We believe that DeLighT, in the future,

would also benefit from such design choices.

Scaling up DeLighT models: Figure 5.5 shows the performance of DeLighT models im-

proves with an increase in network parameters, suggesting their ability to learn representa-

tions across different corpora, including low-resource.
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Figure 5.5: Scaling up DeLighT models. The performance of DeLighT improves with

an increase in the number of network parameters, across different corpora, including low-

resource (WMT’16 En-Ro).

5.4.2 Language Modeling

Datasets and evaluation: We evaluate on the WikiText-103 dataset [99] that has 103M/

217K/245K tokens for training, validation, and testing. It has a word-level vocabulary of

about 260K tokens. Following recent works [115, 133], we report performance in terms of

perplexity on the test set (see Section 4.4.1 for the definition of perplexity). The lower value

of perplexity means better performance.



88

20 40 60 80 100 120 140
Parameters (in million)

24

26

28

30

32

34

Pe
rp

le
xi

ty

DeLighT (Ours)
Transformer-XL

(a) DeLighT vs. Transformer-XL

Method
Network Context # Params Perplexity

Depth Length (in million) (Test)

LSTM [147] – – – 48.70

LSTM + Neural Cache [147] – – – 40.80

QRNN [148] – – 151 M 33.00

Transformer-XL [115] 64 640 151 M 24.03

Transformer-XL (Our impl.)† 64 640 151 M 24.34

Transformer-XL (Our impl.)† 64 480 151 M 24.91

DeLighT (Ours) 158 480 99 M 24.14

(b) Comparison with existing methods

Table 5.4: Results on the WikiText-103 dataset. Compared to Transformer-XL,

DeLighT delivers similar or better performance (lower perplexity) with fewer parameters.

†For Transformer-XL, we reproduce results using the official source code. For evaluating

Transformer-XL with a context length of 480, we set the mem len hyper-parameter to 480

in the official evaluation scripts.
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Architecture: We use the transformer-based decoder architecture of Baevski and Auli

[133] with B DeLighT blocks. We use wm=2, Nmin=4, and Nmax=12. We scale dm using

values {384, 512, 784, 1024} for increasing network parameters. For simplicity, we set B =

Nmax. Following standard practice, we use adaptive input [133] as a look-up table and

adaptive output [134] as the classification layer with one head (head dimension is 128) and

two tails (tail dimensions are 64 and 32). We also share weights between the input and the

output layers.

Training: We follow the training setup of Baevski and Auli [133], except that we train

our models on 8 NVIDIA Tesla V100 GPUs for 100K iterations with a context length of 512

and an effective batch size of 64K tokens. We use Adam during training and use a context

length of 480 during test.

Results: Table 5.4b compares the performance of DeLighT with previous methods on

WikiText-103. Table 5.4a plots the variation of perplexity with number of parameters for

DeLighT and Transformer-XL [115] – which outperforms other transformer-based imple-

mentations (e.g., Baevski and Auli [133]). Both tables show that DeLighT delivers better

performance than state-of-the-art methods (including Transformer-XL), and it does this us-

ing a smaller context length and significantly fewer parameters, suggesting that the DeLighT

transformation helps learn strong contextual relationships.

5.5 Analysis and Discussions on Computational Efficiency

Training time and memory consumption: Table 5.5 compares the training time and

memory consumption of DeLighT with baseline transformers. For an apples-to-apples com-

parisons, we implemented the Transformer unit without NVIDIA’s dedicated CUDA kernel

and trained both transformer and DeLighT full-precision networks for 30K iterations on 16

NVIDIA V100 GPUs. The transformer and DeLighT models took about 37 and 23 hours

for training and consumed about 12.5 GB and 14.5 GB of GPU memory, respectively (R1
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Row # Model
# Params BLEU Training Memory

(in million) (WMT’14 En-Fr) time (in GB)

R1 Transformer (unoptimized) 67 M 39.2 37 hours 12.5 GB

R2 DeLighT (unoptimized) 54 M 40.5 23 hours 14.5 GB

R3 Transformer (w/ Apex optimized) 67 M 39.2 16 hours 11.9 GB

R4 DeLighT (w/ optimized grouping) 54 M 40.5 19 hours 11.5 GB

Table 5.5: Comparison with baseline transformers in terms of training speed and memory

consumption. In R4, we implemented CUDA kernels for grouping and ungrouping functions

only. We expect DeLighT to be more efficient with a single and dedicated CUDA kernel

for grouping, transformation, feature shuffling, and ungrouping. Memory consumption is

measured on a single NVIDIA GP100 GPU (16 GB memory) with a maximum of 4096

tokens per batch and without any gradient accumulation.

vs. R2). When we enabled the dedicated CUDA kernel provided by the APEX library3

for multi-head attention in Transformers, the training time of the transformer model was

reduced from 37 to 16 hours, while we did not observe any significant change in memory

consumption. Motivated by this observation, we implemented dedicated CUDA kernels for

grouping and ungrouping functions in GLTs. With these changes, training time and GPU

memory consumption of DeLighT reduced by about 4 hours and 3 GB, respectively. We

emphasize that grouping, linear transformation, feature shuffling, and ungrouping, can be

implemented efficiently using a single CUDA kernel. In the future, we expect that a dedi-

cated CUDA kernel for these operations would further reduce the memory consumption as

well as training/inference time.

Regularization: Table 5.6 shows that DeLighT delivers similar performance to baseline

transformers, but with fewer parameters and less regularization. This suggests that learning

3https://github.com/NVIDIA/apex
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Model Dropout
BLEU

(WMT’14 En-De)

Transformer (62 M) 0.10 27.3

Transformer (62 M) 0.30 27.7

DeLighT (37 M) 0.05 27.6

Table 5.6: DeLighT models require less regularization as compared to baseline transformers.

representations with better transformation functions alleviates the need for dropout.

5.6 Ablations on the task of Language Modeling

Table 5.7 studies the impact of DeLighT block parameters on the WikiText-103 dataset,

namely (1) minimum number of GLTs Nmin, (2) maximum number of GLTs Nmax, (3) width

multiplier wm, and (4) model dimension dm (see Figure 5.1b). Figure 5.6, Figure 5.7, and

Figure 5.8 show the impact of the DeLighT transformation, feature shuffling, and the light-

weight FFN. Table 5.8 shows the effect of position of the DeLighT transformation in the

DeLighT block, while Figure 5.10 shows the effect of scaling DeLighT networks. We choose

the WikiText-103 dataset for ablations, because it has very large vocabulary compared to

other datasets (267K vs. 30-40K), allowing us to test the ability under large vocabulary

sizes. The performance is reported in terms of perplexity (lower is better) on the validation

set. In our ablation studies, we used the same settings for training as in Section 5.4.2, except

that we train only for 50K iterations.

DeLighT block: Overall, Table 5.7 shows that scaling depth and width using DeLighT

transformation and block-wise scaling improves performance. We make the following obser-

vations:

a) Block-wise scaling (R4, R5) delivers better performance compared to uniform scaling

(R1-R3). For instance, DeLighT with Nmin = 4 and Nmax = 8 (R4) is 1.25× shallower
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Row # Nmin Nmax wm dm Depth Parameters MACs Perplexity

Uniform vs. block-wise scaling

R1 4 4 2 256 43 14.1 M 2.96 B 56.19

R2 8 8 2 256 115 16.6 M 3.49 B 48.58

R3 8 8 4 256 115 22.1 M 4.64 B 45.10

R4 4 8 2 256 92 16.7 M 3.51 B 46.30

R5 4 12 2 256 158 21.0 M 4.41 B 41.18

Varying depth (Nmin and Nmax (Eq. 5.4)

R6 4 8 2 256 92 16.7 M 3.51 B 46.30

R7 6 8 2 256 102 16.5 M 3.46 B 46.68

R8 4 12 2 256 158 21.0 M 4.41 B 41.18

R9 6 12 2 256 172 20.0 M 4.20 B 42.26

Varying DeLighT transformation’s width wm (Eq. 5.4)

R10 4 12 2 256 158 21.0 M 4.41 B 41.18

R11 4 12 3 256 158 23.8 M 4.99 B 39.92

R12 4 12 4 256 158 27.1 M 5.69 B 39.10

Varying model width dm

R13 4 12 2 256 158 21.0 M 4.41 B 41.18

R14 4 12 2 384 158 29.9 M 6.28 B 35.14

R15 4 12 2 512 158 43.8 M 9.20 B 30.81

Deeper and wider near the Input

R16 12 4 2 256 158 21.0 M 4.41 B 43.10

Table 5.7: Ablations on different aspects of the DeLighT block, including uniform

vs. block-wise scaling, depth scaling, and width scaling. Rows partially highlighted in color

have the same configuration (repeated for illustrating results). Our experimental setup is

similar to Section 5.4, except that we train our models for 50K iterations. Multiplication

and addition operations (MACs) are computed for 20 time steps.
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than DeLighT with Nmin = 8 and Nmax = 8 (R2), but delivers better performance with a

similar number of parameters and operations. Scaling wm improves performance (R2 vs.

R3); however, the improvement is significantly lower than for the model with block-wise

scaling (R3 vs. R5). This suggests that non-uniform distribution of parameters across

blocks allows the network to learn better representations.

b) Different ratios between Nmax and Nmin yield different results. We observe significant

performance improvements when the ratio is greater than or equal to two. For example,

when we scale Nmax

Nmin
from 2 to 3 (R6 vs. R8), the perplexity improves by about 5 points

with only a moderate increase in network parameters. On the other hand, when the

Nmax

Nmin
is close to 1 (R6 vs. R7), performance does not change appreciably. This is likely

because the allocation of parameters across blocks is close to uniform (Eq. 5.4). This is

consistent with our previous observation.

c) Learning shallower and narrower representations near the input and deeper and wider

representations near the output achieves better performance. For example, when we

scaled Nmax from 8 to 12 for Nmin = 4 (R6, R8), DeLighT delivered better performance

with a similar number of parameters compared to a model with Nmin = 6 (R7, R9).

This is likely because the ratio of Nmax and Nmin is higher when Nmin = 4, which helps

allocate parameters per block more effectively.

d) Deeper and wider representations near the input and shallower and narrower represen-

tations near the output hurts performance (R13 vs. R16).

e) Scaling width using wm and dm improves performance (R10-R15), however, their impact

is different. For example, when we scale wm and dm by two, the rate of increase in number

of parameters and operations is more rapid with dm compared to wm. DeLighT’s ability

to learn wider representations in different ways may be useful in selecting application

specific models.
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Figure 5.6: Impact of different transformations. DeLighT transformations are more

parametric efficient than DeFINE and linear transformations. Lower perplexity value means

better performance.

Impact of DeLighT transformation: We replace DeLighT transformation in the DeLighT block

(Figure 5.1b) with (1) the DeFINE transformation and (2) a stack of linear layers. Figure

5.6 shows that DeLighT transformation delivers similar performance with significantly fewer

parameters compared to the DeFINE unit and linear layers. In these experiments, the set-

tings are the same as R13-R15 (Table 5.7), except, Nmax = 8, because models with a stack

of linear layers learn too many parameters.

Feature shuffling: Figure 5.7 shows that feature shuffling improves the performance of

DeLighT by 1-2 perplexity points. Here, we use the same settings as in R13-R15 (Table 5.7).

Light-weight FFN: Figure 5.8 shows the impact of varying the reduction factor r in the

light-weight FFN. We use the same settings as in R13 (Table 5.7). We did not observe any

significant drop in performance until r = 4. Beyond r = 4, we see a drop in performance

(perplexity increases by ∼2 points). In such cases, the inner dimensions of the light-weight

FFN are very small and hurt performance. Notably, the light-weight FFN with r = 22

delivered the same performance as r = 2−2, but with 1.28× fewer network parameters. At
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Figure 5.7: Impact of feature shuffling. Feature shuffling allows us to learn represen-
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Figure 5.8: Impact of reduction factor r in light-weight FFN. The ability of DeLighT

transformation to learn representations in high-dimensional spaces efficiently allows us to

reduce the computational burden on the FFN. Lower perplexity value means better perfor-

mance.

r = 2−2, the light-weight FFN is the same as the FFN in [17]. This suggests that the ability

of the DeLighT transformation to learn representations in high-dimensional spaces efficiently

allows us to reduce the computational burden on the FFN.
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Figure 5.9: Uniform vs. block-wise scaling. (a) contrasts the uniform and block-wise

scaling methods. (b) compares the results of DeLighT with uniform and block-wise scaling

methods on the WikiText-103 dataset. DeLighT networks with block-wise scaling deliver

better performance across different settings. Lower perplexity value means better perfor-

mance.

We also tested removing the light-weight FFN, and while it reduced parameters by ∼0.5-1

M, performance dropped by about 2-3 perplexity points across different parametric settings.

Uniform vs. block-wise scaling: Figure 5.9 compares the performance of DeLighT with

uniform and block-wise scaling. For a given model dimension dm, DeLighT models with

block-wise scaling deliver better performance.

Position of DeLighT transformation: We studied three configurations for the DeLighT

transformation on the WikiText-103 validation set (Table 5.8): (1) DeLighT transforma-

tion followed by single-headed attention and light-weight FFN, (2) single-headed attention

followed by DeLighT transformation, and (3) single-headed attention followed by DeLighT

transformation and light-weight FFN. For similar number of parameters, we found that (2)

and (3) drop the performance of (1) significantly across different parametric settings. This
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Configuration Parameters Perplexity

DeLighT transformation + Single-head attention + Light-weight FFN 31 M 34.20

Single-head attention + DeLighT transformation 30 M 39.02

Single-head attention + DeLighT transformation + Light-weight FFN 31 M 39.43

DeLighT transformation + Single-head attention + Light-weight FFN 99 M 23.16

Single-head attention + DeLighT transformation 96 M 28.33

Single-head attention + DeLighT transformation + Light-weight FFN 99 M 27.94

Table 5.8: Effect of the position of DeLighT transformation. Lower value of perplexity

means better performance.

suggests that deeper and wider representations help learn better contextual representations,

allowing us to replace multi-headed attention with single-headed attention.

Scaling up DeLighT: Figure 5.10 shows the results of DeLighT models obtained after

varying configuration parameters of DeLighT transformations (Nmin={4, 6}, Nmax={8, 12},

wm={2, 3, 4}, and dm={256, 384, 512}). We can see that scaling one configuration parameter

(e.g., dm) while keeping other configuration parameters constant (e.g., Nmin, Nmax, and wm)

consistently improves performance.

This work investigates relationships between Nmin, Nmax, wm, and dm, manually. We

believe that a more principled approach, such as the compound scaling of Tan and Le [57]

that establishes relationships between these parameters would produce more efficient and

accurate models.

5.7 Summary

This chapter introduces a deep and light-weight transformer architecture, DeLighT, that

efficiently allocates parameters both within the DeLighT block and across DeLighT blocks.

Compared to state-of-the-art transformer models, DeLighT models are (1) deep and light-

weight and (2) deliver similar or better performance.
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Figure 5.10: Scaling up DeLighT. Scaling one configuration parameter (e.g., dm) while

keeping other configuration parameters constant (e.g., Nmin, Nmax, and wm) consistently

improves performance. The numbers on top of each bar represent network parameters (in

millions). Lower values of perplexity means better performance.
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Chapter 6

CONCLUSION

Deep neural networks (DNNs) achieve jaw-dropping performances across different do-

mains and are revolutionizing the world around us, from improving braille reading and

writing skills to self-driving vehicles that sense and recognize obstacles. However, DNNs

are resource-intensive. As a consequence, they are difficult to deploy on edge devices with

limited computational capabilities. To run DNNs efficiently on such devices, we develop

neural architectures that are light-weight, fast, and energy-efficient. This dissertation is

geared towards improving the efficiency of DNNs by introducing efficient transformation

functions, which allows networks to learn representations with fewer parameters and oper-

ations. Besides designing efficient architectures, we also demonstrated their generalization

Figure 6.1: Summary of the dissertation. In this thesis, we develop efficient DNNs for

learning representations from visual (Chapter 2 & 3) and textual (Chapter 4 & 5) data.
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capabilities on several tasks and datasets. Figure 6.1 summarizes different aspects that we

use to demonstrate the effectiveness of our networks.

Visual recognition tasks: To build efficient models, we introduce efficient spatial pyra-

midal (ESP) module in Chapter 2. The ESP module uses factorization to improve the

computational efficiency of standard convolutions. The ESP module also allows learning

representations from a larger effective receptive field, which helps it learn better representa-

tions from large structures (see Figure 2.7 and our work on segmenting and classifying breast

biopsy whole slide images [52, 53, 149]). The ESPNet network, built using a stack of ESP

modules, delivered similar or better performance than state-of-the-art methods while being

much more power-efficient on a variety of tasks, including object detection and segmentation.

The basic building layer in the ESP module is depth-wise dilated convolution, which ap-

plies a single convolutional kernel per input channel. Though these convolutions have fewer

parameters and operations compared to standard convolutions, they do not encode channel-

wise relationships. To encode such relationships, we use point-wise (1×1) convolutions in the

ESP module. However, point-wise convolutions account for a majority of operations (about

90%) in networks that are built using depth-wise convolutions, including ESPNet, MobileNets

[46, 47], and ShuffleNets [48, 49]. In other words, these networks use less compute power to

learn spatial representations. To better encode spatial relationships across different dimen-

sions of the tensor, we introduce dimension-wise convolutions in Chapter 3, which applies a

single convolutional kernel per dimension. The DiCENet network, built using dimension-wise

convolutions, generalized better to different tasks and datasets, and outperformed existing

manual as well as automatic efficient neural architectures by a significant margin across dif-

ferent computational budgets. This suggests that the efficiency and performance of neural

architectures can be improved by learning better spatial representations.

Sequence modeling tasks: LSTMs [36] and Transformers [17] are two widely used se-

quence models. The basic building layer in both these models is a linear transformation
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function. Because of the fully-connected nature of this function, they are computationally

expensive and demand heavy regularization, especially on low-resource corpora [84].

Chapter 4 introduces an efficient recurrent unit, called the pyramidal recurrent unit

(PRU). PRU replaces linear transformation functions in LSTMs with pyramidal and group

linear transformations to model the input and context vectors, respectively. With these

transformations, our networks can learn representations with fewer parameters and oper-

ations. Besides being efficient, PRUs require less regularization (or dropout) and deliver

better performance as compared to LSTMs. Our analysis further revealed that PRUs have

better gradient coverage as compared to LSTMs, suggesting that PRUs uses more features

for decision making and suffers less from vanishing gradient problem.

Chapter 5 focuses on improving the efficiency of Transformers. We extend the group

linear transformation in PRUs and introduce the DeLighT transformation that allows us to

learn deeper and wider representations efficiently. Because of the ability of the DeLighT

transformation to decouple the module’s width and depth from the input and output dimen-

sions, we can design variably-sized Transformer modules with DeLighT, i.e., each module

has a different number of parameters and operators. Not only does DeLighT improve the

efficiency of Transformers, but it also improves the performance with less regularization

across different sequence modeling tasks and datasets, demonstrating good generalization

capabilities.

In summary, this thesis takes important steps towards learning generalizable representa-

tions efficiently.

6.1 Future work

In this section, we present potential research directions for future work.

Neural architecture search: The efficient neural architectures introduced in this dis-

sertation are manually designed, i.e., network hyper-parameters (e.g., kernel sizes, depth of

the network, and latent dimensions) are manually chosen. Neural architecture search (e.g.,
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[54, 55, 57]) allows us to design hardware-specific efficient neural architectures automati-

cally. Many of the transformation functions that are introduced in this dissertation (e.g.,

the DiCE unit and the DeLighT layer) are novel and cannot be discovered using existing

neural search-based methods. An important area of future research is to incorporate these

efficient transformation functions in neural search dictionary and study the trade-off between

performance and hardware efficiency.

Pretrained language models: Pretraining focuses on training a model on internet-scale

data so that it can be used to provide contextualized embeddings (e.g., sentence-, paragraph-

, or document-level) in down-stream tasks (e.g., question answering). With an exception to

ELMO [150] that uses LSTMs, all pretrained models (e.g., BERT [2] and T5 [7]) uses the

Transformer [17]. In Chapter 5, we introduce an efficient Transformer, called DeLighT.

Therefore, pretraining a DeLighT model for edge devices could be an important research

direction.

Domain-level generalization: This thesis focuses on computer vision and natural lan-

guage processing tasks. However, the algorithms and architectures introduced in this disser-

tation are generic and can be used in different domains. An area of subsequent studies is to

evaluate the generic nature of these architectures. For instance, PRUs can be used instead

of LSTMs in modeling speech signals [151]. Similarly, DeLighT can be used instead of Trans-

formers to learn visual representations for computer vision tasks, including computer-aided

systems for diagnosing cancer using whole slide images [152, 153].

Compression and quantization: Efficient DNNs introduced in this dissertation uses

full-precision floating-point operations. There is an opportunity to further improve the effi-

ciency of our architectures using compression- and quantization-based approaches. Because

computational requirements vary from device to device, we believe that device-aware com-

pression and quantization methods for efficient DNNs would be an interesting area for future
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research.

Learning multimodal representations efficiently: The efficient architectures intro-

duced in this dissertation for learning visual and textual representations could be used for

multimodal tasks (e.g., visual question answering and commonsense reasoning). Building

efficient multimodal architectures could be an interesting future research direction.

We hope that the steps we take in this thesis towards designing efficient DNNs, along

with all the future work it enables, will help spark future research in this and related areas.
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Appendix A

SUPPLEMENTARY MATERIAL FOR THE DICENET NETWORK

A.1 Architecture of the DiCENet Network

Table A.1 shows the overall architecture of DiCENet at different network complexities. The

first layer is a standard 3×3 convolution with a stride of two while the second layer is a max

pooling layer. All convolutional layers are followed by a batch normalization layer [66] and

a PReLU non-linear activation layer [1], except for the last layer that feeds into a softmax

for classification. We scale the number of output channels by a width scaling factor s to

construct networks at different FLOPs. We initialize weights of our network using the same

method as in [1].
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Layer
Output Kernel

Stride Repeat
Output channels (network width scaling parameter s)

size size s = 0.1 s = 0.2 s ∈ [0.5, 2.0] s = 2.4

Image 224× 224 3 3 3 3

Conv1 112× 112 3× 3 2 1 8 16 24 24

Max Pool 56× 56 3× 3 2 8 16 24 24

Block 1
28× 28 2 1 16 32 116 ×s 278

28× 28 1 3 16 32 116 ×s 278

Block 2
14× 14 2 1 32 64 232 ×s 556

14× 14 1 7 32 64 232 ×s 556

Block 3
7× 7 2 1 64 128 464 ×s 1112

7× 7 1 3 64 128 464 ×s 1112

Global Pool 1× 1 7× 7 512 1024 1024 1280

Grouped FC [39] (# groups=4) 1× 1 1× 1 1 1 512 1024 1024 1280

FC 1000 1000 1000 1000

FLOPs 6.5 M 12 M 24-240 M 298 M

Table A.1: Overall architecture of DiCENet (ShuffleNetv2 with DiCE unit) at different net-

work complexities for the ImageNet classification. For other architecture designs in Figure

3.5 (MobileNetv1 and ResNet), we replace blocks 1, 2, and 3 with the corresponding blocks.
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Appendix B

SUPPLEMENTARY MATERIAL FOR THE DeLighT

B.1 DeLighT Architectures for Language Modeling and Machine Translation

DeLighT architectures for language modeling and machine translation are shown in Figure

B.1. For language modeling, we follow the architecture in Baevski and Auli [133] while for

machine translation, we follow the architecture in Vaswani et al. [17].

Language modeling: Figure B.1a shows the architecture for language modeling. The

architecture stacks B DeLighT blocks, the configuration of each block is determined using

block-wise scaling. Each block has three sub-layers. The first layer is a DeLighT transforma-

tion that learns representations in high-dimensional space. The second layer is a single-head

attention that encodes contextual relationships. The third layer is a position-wise light-

weight feed-forward network. Similar to Vaswani et al. [17], we employ a residual connec-

tions [41]. Similar to previous works [115, 133], we use tied adaptive input [133] and adaptive

softmax [134] to map tokens to vectors and vectors to tokens, respectively [107].

Machine translation: Figure B.1b shows the architecture for machine translation. The

encoder stacks B DeLighT blocks, the configuration of each block is determined using block-

wise scaling. Similar to language modeling, each encoder block has three sub-layers. The

first layer is a DeLighT transformation that learns representations in high-dimensional space.

The second layer is a single-head attention that encodes contextual relationships. The third

layer is a position-wise light-weight feed-forward network. Similar to Vaswani et al. [17], we

employ a residual connections [41]. We use learnable look-up table to map tokens to vectors.

Similar to the encoder, the decoder also stacks B blocks. Decoder blocks are identical to

encoder blocks, except that they have an additional source-target single-head attention unit

before the light-weight FFN. Keys and values in source-target single-head attention unit are



127

projections over the encoder output. We use standard learnable look-up table to map tokens

to vectors and linear classification layer to map vectors to tokens.
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Figure B.1: Sequence modeling with DeLighT. Here, green color hexagon represents the

DeLighT transformation.
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B.2 Group linear transformation with Input-mixer connection

Group linear transformation (GLT) F splits a dm-dimensional input X into g non-overlapping

groups such that X = Concat(X1, · · · ,Xg), where Xi is a dm
g

-dimensional vector. Xi’s are

then simultaneously transformed using g linear transforms Wi ∈ R
dm
g
× do

g to produce g

outputs Yi = XiWi. Yi’s are then concatenated to produce the final do-dimensional output

Y = Concat(Y1, · · · ,Yg).

Figure B.2a shows an example of GLT in the expansion phase of DeLighT transformation.

For illustrative purposes, we have used the same dimensions in this example. Recall that

as we go deeper in the expansion phase, the number of groups increases. In this example,

the first layer has one group, the second layer has two groups, and the third layer has four

groups. GLTs learns group-specific representations and are local. To allow GLT to learn

global representations, we use feature shuffle. An example of GLT with feature shuffle is

shown in Figure B.2b. Furthermore, training deep neural networks by merely stacking linear

or group linear (with or without feature shuffle) is challenging because of vanishing gradient

problem. Residual connections introduced by He et al. [41] mitigates this problem and helps

train deep neural networks. However, such connections cannot be employed when input and

output dimensions are not the same (e.g., during the expansion and reduction phases in

DeLighT transformation). To stabilize the training and learn deeper representations, we use

input-mixer connection of Mehta et al. [40]. Figure B.2c shows an example of GLT with

feature shuffle and input mixer connection.

B.3 Multiplication-Addition Operations in DeLighT

The DeLighT block is built using linear transformations, GLTs, and scaled dot-product

attention. Total number of multiplication-addition operations (MACs) in a network is an

accumulation of these individual operations.

Let n denotes the number of source tokens, m denotes the number of target tokens, dm

denotes the input dimension, do denotes the output dimension, and g denotes the number of
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groups in GLT. The procedure for counting MACs for each of these operations is described

below.

Group linear transformation (GLT): GLT F has g learnable matrices Wi ∈ R
dm
g
× do

g .

Therefore, GLT learns dmdo
g

parameters and performs dmdo
g

MACs to transform dm-dimensional

input to do-dimensional output. Following a standard practice, e.g., ResNet of He et al. [41],

we count addition and multiplication as one operation instead of two because these operations

can be fused in recent hardwares.

Importantly, when g = 1, the GLT is the same as linear transformation.

Self-attention in DeLighT: The scaled dot-product self-attention in DeLighT is defined

as:

Attention(K,Q,V) = softmax

(
QKT

√
do

)
V (B.1)

where Q ∈ Rn×do , K ∈ Rn×do , V ∈ Rn×do denotes query, key, and value, respectively.

The attention operation involves two dot-products. The first dot product between Q and

K while the second dot product is between the output of first dot product and V. Both

dot products require don
2 MACs. Therefore, total number of MACs in computing scaled

dot-product self-attention are 2don
2 .

In case of a source-target attention (as in machine translation), K’s and V’s are from the

source (encoder) and Q’s are incrementally decoded (one token at a time). Therefore, the

number of MACs required to decode m target tokens given n source tokens are
m∑
k=1

2kndo .
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Figure B.2: This figure visualizes different variants of group linear transformations that are

used in the DeLighT transformation.
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