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Deep learning has achieved or even surpassed human-level performance in a wide range of
challenging tasks encompassing computer vision, natural language processing, and speech recog-
nition. Nevertheless, such achievements are predominantly derived from training huge models
(i.e., billions of parameters) on numerous labeled examples, which requires considerable com-
putation resources and expensive data collection costs. Various studies have strived to enhance
efficiency in these domains. In terms of model efficiency, remarkable advancements have been
made to accelerate the training and inference by methods such as quantization and pruning. Re-
garding data efficiency, few-shot learning, semi-supervised learning, and self-supervised learning
have gathered more attention due to their abilities to learn feature representations with few labeled
examples or even without human supervision. This dissertation introduces several improvements
and provides an in-depth analysis of these methodologies, aiming to address the computational

challenges and augment the efficiency of deep learning models, especially in computer vision.



In addressing model efficiency, we explore the potential for improvement in both the train-
ing and inference phases of deep learning processes. For model inference acceleration, we in-
vestigate the challenges of using extremely low-resolution arithmetic in quantization methods,
where integer overflows frequently happen and the models are sensitive to these overflows. To
address this issue, we introduce a novel module, designed to emulate the “wrap-around” property
of integer overflow, which maintains comparable performance with 8-bit low-resolution accumu-
lators. In addition, to scale inferences of Vision Transformers on mobile devices, we propose
an efficient and flexible local self-attention mechanism optimized directly on mobile devices
that achieves comparable performance to global attention while significantly reducing the on-
device latency, especially for high-resolution tasks. Besides the computational costs, training
deep neural networks consumes a large amount of memory which is another bottleneck to apply-
ing model training on edge devices. To improve the memory efficiency of training deep networks
on resource-limited devices, we propose a quantization aware training framework for federated
learning where only the quantized model is distributed and trained on the client devices.

In the realm of label efficiency, we first develop a better understanding of the models trained
by meta-learning, which has a unique training pipeline, for few-shot classification tasks. In ad-
dition, a comprehensive analysis has been conducted to integrate data augmentation strategies
into the meta-learning pipeline, leading to Meta-MaxUp, a novel data augmentation technique
for meta-learning, demonstrating enhanced few-shot performance across various benchmarks.
Beyond few-shot learning, the research explores the application of meta-learning methods in the
context of self-supervised learning. We discuss the close relationship between meta-learning and
contrastive learning, a method that achieves excellent results in self-supervised learning, under a

certain task distribution.
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Chapter 1: Introduction

1.1 Background

Deep Neural Networks (DNNs) have achieved substantial success across numerous tasks,
such as image recognition [6], automatic speech recognition [7], and language processing [8].
In recent decades, to achieve such promising performance, deep models have largerly expanded
in both memory and computational costs. For example, vision backbones grow from 11-layers
AlexNet [9] to hundreds of layers architectures like ResNet [10], DenseNet [11] and ViTs [12].
The size of the model grows from 3 MB to 210 MB, or even larger (632MB for VIT [12]). Large
language models (LLM) such as Llama, GPT, and PaLM variants have billions of parameters.
As aresult, it is hard to apply and train these giant models on edge devices such as smartphones,
drones, self-driving cars, or satellites, due to the long inference time and large energy costs.
Meanwhile, more labeled training samples are required to learn these models. ImageNet [6]
has around 1.2 million labeled images, COCO [13] has 328K images with extra labels such as
bounding boxes used for object detection and segmentation. Collecting such a large dataset itself
is dif cult and expensive in the real world. In this dissertation, we summarize our recent works

that improve both the model- and data-ef ciency of deep learning.



1.2 Model Ef cient Deep Learning

Model size and computational cost reduction can be realized through various techniques
such as pruning, quantization, low-rank factorization, and ef cient architecture design. Within
the extensive pieces of literature, this study mainly focuses on uniform quantization for DNNs

and ef cient attention mechanisms used in ViTs.

1.2.1 Quantization

Quantization mainly aims at accelerating DNNs inference, where the precision of weights
and activations are quantized to low bit-width, i.e., 8-bit. For uniform quantization, the tensors
are rst scaled to the target bit-width based on their ranges and then the oat values are rounded
to their closest integers [14, 15, 16]. Based on the distribution of the tensors, we mainly have
two kinds of quantization, namely symmetric quantization and asymmetric quantization. For
asymmetric quantization, an offset (a mapping from an integer to the real zero value) is calculated
and applied to the scaled tensors, which is usually used to quantize the network’s activations.
Meanwhile, symmetric quantization is typically used for weight quantization, where the offset is
set as zero, and the maximum of the absolute value of the tensor is used to scale it to the target
bit-width.

With such quantization methods, integer-only matrix multiplication, when quantizing both
weights and activations, or even simple bit-wise operations can be applied during the inference,
which makes DNNs more hardware-friendly regarding inference speed and memory requirement.
Unfortunately, even with these methods, we still require high-resolution arithmetic during the

inference since we need an accumulator with high bit-width to accumulate hundreds or even
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thousands of products after every linear operation. Otherwise, integer over ow will happen and
destroy the performance of the model. How to deal with the over ows during the inference
and thus allow the model to use ultra-low-resolution arithmetic still remains challenging. In this
dissertation, we investigate the issue caused by over ow during both inference and training and
introduce a novel module and training framework to support low-bit accumulators.

In addition to the computational cost reduction in the inference, memory usage saving in the
training stage has become more and more important recently, since on-device training is widely
used to improve data privacy, such as federated learning [17]. In federated learning, decentral-
ized training is used where a model will be distributed to the client devices and this model will
be trained on the client's data locally. Due to the constrained resources for client devices, such as
mobile phones, it's hard to train the large and powerful models that consume a great amount of
memory. As a result, it's natural to ask whether we can enjoy the same bene ts from quantization
when we apply it to the training process. However, to reduce the gap between the full-precision
model and the quantized model, quantization-aware-training (QAT) [14] is usually used which
incorporates the quantization process during the training. The full-precision weights and activa-
tions will be quantized to low-bit rst and then applied in the forward pass. Since the quantization
functions are not differentiable (i.e., the round function), a straight-through estimator (STE) [18]
is used to calculate the gradient of the full-precision weights during the backward pass. Although
memory costs can be compressed during the inference of quantized networks, for training such a
model, we need to keep both the full-precision weights and the low-bit weights, which will not
achieve any memory savings. This dissertation discusses how we can extend quantization to the

training in federated learning thus improving memory ef ciency.



1.2.2 Efcient Vision Transformer

Besides compression methods such as quantization, ef cient model design is an alternative
strategy that improves inference speed. Although ef cient convolutional-based networks [19, 20]
demonstrate great on-device latency, Vision Transformers (ViT) [12] have rapidly attracted sig-
ni cant attention in the recent, achieving promising results across various vision tasks. Neverthe-
less, ViTs are slower on-device compared to CNNs mainly due to frequent reshaping operations
and expensive attention mechanisms (quadratic to the image resolution) [21]. Consequently, nu-
merous works focused on accelerating ViTs by revisiting network architectures [21, 22, 23, 24,
25, 26, 27, 28, 29] and proposing ef cient attention mechanisms [30, 31, 32, 33, 34, 35]. While
these approaches enable ViTs to match the on-device latency of CNNs, the trade-off between the
latency and model quality still falls short in comparison to original transformers, especially with
higher input resolution for tasks such as object detection and segmentation. In this work, we
revisit the local attention and optimize the performance of ViTs on edge devices directly, which

achieves a better trade-off between the latency and model quality.

1.3 Data-Ef cient Learning

On the other hand, constructing such ideal datasets for real-world applications, such as
gathering segmentation maps for medical imaging or sourcing global street-view images for au-
tonomous vehicles, is challenging and expensive. Recently, there has been a surge of interest in
the ability of learned representations to generalize to novel tasks, particularly when trained with
only limited or no labeled data. For instance, few-shot learning [3, 36, 37, 38] aims to adapt a
network rapidly to new tasks with limited labeled data and generalize to unseen examples; Do-
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main adaption aims to learn a network with supervision from a source data domain and generalize
to the samples in a novel target domain; Self-supervised learning [39, 40, 41, 42] aims to learn
feature representations without any manual supervision, which can be used to solve downstream
tasks such as object detection and transfer learning. These lines of research attempt to ef ciently
exploit both the labeled and unlabeled data, thus making the networks generalize to unseen or
novel tasks. In this section, we rst introduce the standard supervised learning in machine learn-
ing, and then we mainly focus on the following two problems of data-ef cient learning, namely,

few-shot learning (FSL) and self-supervised learning (SSL).

1.3.1 Standard Supervised Learning

For a standard supervised learning problem, we aim to learn a model that generalized well
to samples from a distribution given a set of training samples, typically from the same distri-
bution. Formally, given training sampl&, [, f(xi;yi)gdrawn i.i.d. from distributiorD,
our goal is to learn a family of models 2 H parameterized by 2 W that has low test-
ing lossLp(h) = Exxyyp [I(h;X;y)]. The parameters are learned by minimizing the empirical
lossLs(h) = 1:nP " 1(h; xi;yi). For example, in image classi cation problems, each pair of
sampleqx;y) is an image, and its categoty,is a deep neural network, a cross-entropy loss is
typically used as the loss functidrand the problem is optimized by methods such as stochastic

gradient descent (SGD).



1.3.2 Few-shot Learning and Meta-Learning

In modern DNNs, models usually have many parameters and can easily over t the training
samples, especially when the size of the training dataset is small. Therefore, Few-shot learning
(FSL) targets to generalize the model to unseen tasks given limited training data. Different from
standard supervised learning, where the model is evaluated by the testing data, FSL evaluates the
model by testing tasks. Take a classi cation problem as an example, each learnifg itask
is aN-way classi cation problem. In each task, it contains a support datas f (x}; yjs)ngzlN
and a query datd;® = f(x}’;y;)glL, . Here,K denotes the number of training samples in each
class, anK is usually a small number, for examplké, = 1 or K = 5. M denotes the num-
ber of testing data in each task. Such learning tasks are nant€eshstN -way classi cation
problems. During the evaluation, the pre-trained model will rst be adapted to the support data,
and then the adapted model will be used to predict the label of the query data. To be noticed, in
order to evaluate the generalization ability to unseen tasks, the testing tasks are typically sampled
from novel classes different from the training tasks. For example, in CIFAR-FS benchmark, the
training data are images sampled from 64 classes (from CIFAR-100) and the testing tasks are
constructed by the images from the remaining 36 classes. The data used in testing tasks have
never been seen during the training stage.

Meta-learning is usually known as learning to learn, which aims to learn a model over
multiple training episodes and can quickly adapt to new tasks [43]. As a result, meta-learning
methods align well with FSL and achieve promising results [44, 45, 46]. When applied to FSL,
the training episodes of meta-learning are few-shot classi cation problems containing support

and query sets which is the same as the evaluation process of FSL. Models are learned to gener-



alize to new tasks by training to solve problems with randomly sampled and shuf ed categories
from training data. While the literature is rich with meta-learning methods, the underlying me-
chanics of why meta-learned feature extractors perform so well, as well as their distinctions and
similarities with those learned from conventional model training, remain inadequately explored
and understood. In addition, as the training process of meta-learning is very different from the
conventional model training, the proposition of proper data augmentation techniques becomes

crucial for enhancing performance.

1.3.3 Self-Supervised Learning

Self-supervised learning (SSL) aims to learn meaningful feature representations for down-
stream tasks without any manual supervision. Given training sar8ple$ [, f (x;)g, a feature
extractorf parameterized by 2 W is learned with a speci cally designed logss(f) =
1:nP " 1(f;xi). Thanks to no manual supervision, herean be much larger but with little
additional cost. In this dissertation, we mainly focused SSL methods for computer vision. Al-
though different kinds of loss functions can be used, most SSL methods share the same training
pipeline, where different data augmentations are applied to the same base image, and distances of
the augmentations from the same base images are measured during training. Contrastive learning
approaches, including SimCLR [40], MoCo variants [39, 47] apply a contrastive loss that not
only minimizes the distances between augmented images from the same base images (positive
pairs) but also maximizes the distances between augmented images derived from disparate bases
(negative pairs). Later on, other techniques [41, 48, 49] nd that SSL models can be trained

successfully without negative pairs by different distance metrics, sughl@ss [48] or entropy



loss [41]. Moreover, methods such as MAE [42] train a vision model in a generative way where
they use an autoencoder to reproduce the masked input images. The performance of SSL algo-
rithms is evaluated by downstream tasks such as linear evaluation (the feature extractor is xed
and only learns a linear classi cation head), semi-supervised learning ( ne-tuning the whole
model end-to-end but with only a small proportion of labeled data), or setting the learned feature

extractor as the backbone for other tasks such as object detection and segmentation.

1.4 Outline of Thesis

Chapter 2 to Chapter 4 of this dissertation will introduce our work on improving model
ef ciency with quantization and ef cient vision transformer designs. In Chapter 2, we propose
a network [50] that can accelerate the model inference by leveraging ultra-low-precision arith-
metic. In addition to using low-bit weights and activations, our method facilitates the model
using low-bit accumulators as well. Besides model inference, Chapter 3 presents a quantized
model training framework for federated learning which reduces the memory costs during training
thus enabling training deep models on resource-limited devices such as mobile phones. Chapter
4 explores the opportunity for reducing the computational cost of attention mechanisms in vi-
sion transformers. Our proposed local self-attention can achieve a better trade-off for on-device
latency and accuracy, especially when the input resolution is very high.

In the last three chapters, we present our efforts to understand and enhance label ef ciency
for deep neural networks. Chapter 5 proposes a better understanding of why meta-learning works
better than conventional training in few-shot learning [51]. Moreover, Chapter 6 introduces a

novel data augmentation pipeline [52] for meta-learning based on its unique episode training



which improves the few-shot performance by a large margin. Chapter 7 revisits the training
framework for contrastive-based SSL methods and shows the similarity to the meta-learning
training pipeline [53]. We consider the SSL problem as a 1-shot few-shot classi cation and learn
the feature representation un-supervisedly with meta-learning algorithms. The meta-learned fea-
ture extractors present a strong ability to transfer to datasets with other domains and datasets with

limited training examples.



Chapter 2: Accelerate Network Inference with Ultra-Low-Precision Arithmetic

2.1 Introduction

Signi cant progress has been made in quantizing (or even binarizing) neural networks, and
numerous methods have been proposed that reduce the precision of weights, activations, and even
gradients while retaining high accuracy [18, 54, 55, 56, 57, 58, 59, 60, 61, 62, 63, 64, 65, 66, 67].
Such quantization strategies make neural networks more hardware-friendly by leveraging fast,
integer-only arithmetic, replacing multiplications with simple bit-wise operations, and reducing
memory requirements and bandwidth.

Unfortunately, the gains from quantization are limited because quantized networks still re-
quire high-precision arithmetic. Even if weights and activations are represented with just one
bit, deep feature computation requires the summation of hundreds or even thousands of products.
Performing these summations with low-precision registers results in integer over ow, contam-
inating downstream computations and destroying accuracy. Moreover, as multiplication costs
are slashed by quantization, high-precision accumulation starts to dominate the arithmetic cost.
Indeed, our own hardware implementations show that an 8&ibit multiplier consumes com-
parable power and silicon area to a 32-bit accumulator. When reducing the precision to a 3-bit
1-bit multiplier, a 32-bit accumulator consumes more th@n higher power and area; see Sec-

tion 2.4.5. Evidently, low-precision accumulators are the key to further accelerating quantized

10



nets.

In custom hardware, low-bit accumulators reduce area and power requirements while boost-
ing throughput. On general-purpose processors, where registers have xed size, low-precision
accumulators are exploited throuphi-packing i.e., by representing multiple low-precision in-
tegers side-by-side within a single high-precision register [57, 68, 69]. Then, a single vector
instruction is used to perform the same operation across all of the packed numbers. For exam-
ple, a 64-bit register can be used to execute eight parallel 8-bit additions, thus increasing the
throughput of software implementations. Hence, the use of low-precision accumulators is advan-
tageous for both hardware and software implementations, provided that integer over ow does not
contaminate results.

We propose WrapNet [50], a network architecture with extremely low-precision accumu-
lators. WrapNet exploits the fact that integer computer arithmetic is cyclic, i.e., numbers are
accumulated until they reach the maximum representable integer and then “wrap around” to the
smallest representable integer. To deal with such integer over ows, we place a differentiable
cyclic (periodic) activation function immediately after the convolution (or linear) operation, with
period equal to the difference between the maximum and minimum representable integer. This
strategy makes neural networks resilient to over ow as the activations of neurons are unaffected
by over ows during convolution.

We explore several directions with WrapNet. On the software side, we consider the use
of bit-packing for processors with or without dedicated vector instructions. In the absence of
vector instructions, over ows in one packed integer may produce a carry bit that contaminates
its neighboring value. We propose training regularizers that minimize the effects of such con-
tamination artifacts, resulting in networks that leverage bit-packed computation with very little
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impact on nal accuracy. For processors with vector instructions, we modify the Gemmlowp li-
brary [70] to operate with 8-bit accumulators. Our implementation achieves2ip tospeed-up
compared to a 32-bit accumulator implementation, even when lacking specialized instructions for
8-bit multiply-accumulate. We also demonstrate the ef cacy of WrapNet in terms of cycle time,
area, and energy ef ciency when considering custom hardware designs in a commercial 28 nm

CMOS technology.

2.2 Related Work and Background

2.2.1 Network Quantization

Network quantization aims at accelerating inference by using low-precision arithmetic. In
its most extreme form, weights and activations are both quantized using binary or ternary quan-
tizers. The binary quantiz€), corresponds to the sign function, whereas the ternary quakjzer
maps some values to zero. Multiplications in binarized or ternarized networks [54, 56, 57, 58, 71]
can be implemented using bit-wise logic, leading to impressive acceleration. However, training
such networks is challenging since fewer tl2dts are used to represent activations and weights,
resulting in a dramatic impact on accuracy compared to full-precision models.

Binary and ternary networks are generalized to higher precision via uniform quantization,
which has been shown to result in ef cient hardware [14]. The multi-bit uniform quan@zer
is given by: Qu(x) = roundx=s,)sx; Wheres, denotes the quantization step-size. The output
of the quantizer is a oating-point number that can be expressed as= s,Xqy, Wherexg is
the xed-point representation of. The xed-point numbeix, has a “precision” or “bitwidth,”

which is the number of bits used to represent it. Note that the range of oating-point numbers
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representable by the uniform quantifgr depends on both the quantization step-sjizand the
guantization precision. Nonetheless, the number of different values that can be represented by
the same quantizer depends only on the precision.

Applying uniform quantization to both weightg = s, w, and activationx = s,Xq sim-

pli es computations, as an inner-product simply becomes

X X X
2= wiXi = (Sw(We)i)(Sx(Xa)i) = (SwSx)  (We)i(Xq)i = S2Zg: (2.1)

The key advantage of uniform quantization is that the core computgtiqu)i(xq)i can be
carried out using xed-point (i.e., integer) arithmetic only. Results in recent works [64, 65, 66,
67, 72, 73] have shown that high classi cation accuracy is attainable with low-bitwidth uniform
quantization, such as 2 or 3 bits. Althou@ty,); (Xg)i, and their product may have extremely low
precision, the accumulated resgjtof many of these products has a very high dynamic range.
As a result, high-precision accumulators are typically required to avoid over ows, which is the

bottleneck for further arithmetic speedups.

2.2.2 Low-precision Accumulation

Several approaches have been proposed that use accumulators with fewer bits to obtain
speed-ups. For example, reference [74] splits the weights into two separate matrices, one with
small- and another with large-magnitude entries. If the latter matrix is sparse, acceleration is
attained as most computations rely on fast, low-precision operations. However, to signi cantly
reduce the accumulator's precision, one would need to severely decrease the magnitude of the

entries of the rst matrix, which would, in turn, prevent the second matrix from being suf ciently
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sparse to achieve acceleration. Recently, de Bruin et al. [75] proposed using layer-dependent
guantization parameters to avoid over owing accumulators with xed precision. Fine-tuning is
then used to improve performance. However, if the accumulator precision is too low (e.g., 8 bits
or less), the optimized precision of activations and weights is too coarse to attain satisfactory
performance. Another line of work [76, 77, 78] uses 16-bit oating-point accumulators for train-
ing and inference—such approaches typically require higher complexity than methods based on

xed-point arithmetic.

2.2.3 The Impact of Integer Over ow

Over ow is a major problem, especially in highly quantized networks. Table 2.1 demon-
strates that over ows occur in around 11% of the neurons in a network with 3-bit activations (A)
and binary weights (W) that uses 8-bit accumulators for inference after being trained on CIFAR-
10 with standard precision. Clearly, over ow has a signi cant negative impact on accuracy. Table
2.1 shows that if we use an 8-bit (instead of a 32-bit) accumulator, then the accuracy of a binary-
weight network with 2-bit activations drops by more than 40%, even when only 1.72% neurons
over ow. If we repeat the experiment with 3-bit activations and binary weights, the accuracy
is only marginally better than a random guess. Therefore, existing methodsavgitbinteger
over ow by using accumulators with relatively high precision, and pay a correspondingly high

price when doing arithmetic.
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Table 2.1: Average over ow rate (in 8 bits) of each layer for a low-precision network and corre-
sponding test accuracy using either 32-bit or 8-bit accumulators during inference on CIFAR10.

Bit (A/W) Over ow rate (8-bit) Accuracy (32-bit) Accuracy (8-bit)

full precision - 92.45% —
3/1 10.84% 91.08% 10.06%
2/1 1.72% 88.46% 44.04%

2.3 Proposed Method

2.3.1 WrapNet: Dealing with Integer Over ows

We now introduce WrapNet, which includes a cyclic activation function and an over ow
penalty, enabling neural networks to use low-precision accumulators. We also present a modi ed
guantization step-size selection strategy for activations, which retains high classi cation accu-
racy. Finally, we show how further speed-ups can be achieved on processors with or without
specialized vector instructions.

We propose training a network with layers that emulate integer over ows on the xed-point
pre-activationsz, to maintain high accuracy. However, directly training a quantized network
with an over owing accumulator diverges (see Table 2.2) due to the discontinuity of the modulo
operation. To facilitate training, we insert a cyclic “smooth modulo” activation immediately after
every linear/convolutional layer, which not only captures the wrap-around behavior of over ows,
but also ensures that the activation is continuous everywhere. The proposed smooth modulo
activationc is a composite function of a modulo functiom and a basis functioh that ensures

continuity. Speci cally, given &-bit accumulator, our smooth-modutdor xed-point inputs is
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as follows:

8
k k
%m, for S22t m 2!
f(m) = % k2> km; form< K201
kob 1 form> K ob1

k+1

o(zg) = f(mod(zy +2° 1,27 2° Yy;

wherek is a hyper-parameter that controls the slope of the transition. Note that we apply constant
shifts to keep the input df in [ 2° 1;2° ). Figure 2.1a illustrates the smooth modulo function

with two different slopek = 1;4. Ask increases, the cyclic activation becomes more similar

to the modulo operator and has a greater range, but the transition becomes more abrupt. Since
our cyclic activation is continuous and differentiable almost everywhere, standard gradient-based
learning can be applied easily. A convolutional block with cyclic activation layer is shown in
Figure 2.1b. After the convolution result goes into the cyclic activation, the result is multiplied by

S, to compute a oating-point number, which is then processed through BatchNorm and ReLU.

A xed per-layer quantization step-size is then used to convert the oating-point output of the
ReLU into a xed-point input for the next layer. We detail the procedure to nd this step-size in

Section 2.3.3.

2.3.2 Over ow Penalty

An alternative way to adapt quantized networks to low-precision accumulators is to directly

reduce the amount of over ows. To achieve this, we propose a regularizer that penalizes outputs
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Figure 2.1: (a) Example of the proposed cyclic activation with different slk@asl the original
modulo operator for a 4-bit accumulator. (b) Convolutional block with proposed cyclic activation.

that exceed the bitwidth of the accumulation register. Concretely, febiaaccumulator, we

de ne an over ow penalty for the-th layer of the network as follows:

X .
’=(1=N) maxjzj 2°%0g:
i
Here,z{1 is the xed-point result in (2.1) for the-th neuron of the-th layer, andN is the total

number of neurons in theth layer. The over ow penalty is imposed after every quantized linear

layer and before the cyclic activation. All these penalties are combined into one regularizer

2.3.3 Selection of Activation Quantization Step-Size

To keep multiplication simple, the oating-point output of ReLU must be quantized before
it is fed into the following layer. However, as shown in Table 2.1, a signi cant number of over-
ows occur even with 3-bit activations. From our experiments (see Table 2.3), we have observed
that if over ow occurs too frequently (i.e., on more than 10% of the neurons), then WrapNet starts
to suffer signi cant accuracy degradation. However, if we reduce the activation precision so that

no over ows happen at all, several layers will have 1-bit activations (see Table- 2.3), thereby in-
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creasing quantization errors and degrading accuracy. To balance accumulation and quantization
errors, we adjust the quantization step-szef each layer based on the over ow rate, i.e., the
percentag@% of neurons that over ow in the network. If the over ow rgp8s is too large, then

we increases, to reduce the over ow ratp%. The selected quantization step-size is then xed

for further ne-tuning.

2.3.4 Adapting to Bit-Packing

Most modern processors provide vector instructions that enable parallel operation on multi-
ple 8-bit numbers. For instance, the AVX2 (NEON) instruction set on x86 (ARM) processors
provides parallel processing with 32 (16) 8-bit numbers. Vector instructions provide a clean im-
plementation of bit-packing, which WrapNet can leverage to attain signi cant speed-ups. While
some embedded processors and legacy chips do not provide vector instructions, bit-packing can
still be applied. Without vector instructions for multiplication, binary/ternary weights must be
used to replace multiplication with bit-wise logic [68, 69]. Furthermore, bit-packing of additions
is more delicate: Each integer over ow not only results in wrap-around behavior, but also gener-
ates a carry bit that contaminates the adjacent number—specialized vector instructions avoid such
contamination. We propose the following strategies to minimize the impact of carry propagation.

Reducing variance in the number of carries.The number of carries generated during a
convolution operation can be large. Nevertheless, if we can keep the number of carries approx-
imately the same for all the neurons among a batch of images, the estimated number of carries
can be subtracted from the result to correct the outputs of a bit-packed convolution operation. To

achieve this, during training, we calculate the number of carries for each neuron and impose a
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regularizerR®, to keep the variance of the number of carries small. The detailed formulation of
R¢ can be found in Appendix 2.6.1.Using a buffer bit. Alternatively, since each addition can
generate at most one carry bit, we can place a buffer bit between every low-bit number in the
bit-packing. For example, instead of packing eight 8-bit representations into a 64-bit number, we
pack eight 7-bit numbers with one buffer bit between each of them. These buffer bits absorb the
carry bits, and are cleared using bit-wise logic after each addition. Buffering makes representa-
tions 1-bit smaller, which potentially degrades accurdchiybrid approach. To get the bene ts

from both strategies, we use a variance penalty on layers that have small standard deviations to

begin with and equip the remaining layers with a buffer bit.

2.4 Experiments

We compare the accuracy and ef ciency of WrapNet to networks with full-precision ac-
cumulators using the CIFAR-10 and ImageNet datasets. Most experiments use binary or ternary
weights for WrapNet as AVX2 lacks 8-bit multiplication instructions, but supports 8-bit additions

and logic operations needed for binary/ternary convolutions.

2.4.1 Training Pipeline

We rst pre-train a network with quantized weights and no cyclic layers, while keeping
full-precision activations. Then, we select the quantization step-sizes of the activations (see Sec-
tion 2.3.3) such that each layer has an over ow rate of arop#td(a hyper-parameter) with
respect to the desired accumulator bitwidth. Given the selected quantization step-size for each

layer and the pre-trained network, we insert our proposed cyclic activation layer. We then warm-
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up our WrapNet by ne-tuning with full-precision activation for several epochs. Finally, we
further ne-tune the network with both activations and weights quantized. Both over ow and
carry variance regularizers are only applied in the nal ne-tuning step, except when training

ResNet for ImageNet, where the regularizers are also included during warm-up.

2.4.2 Adapting to Low-precision Accumulators

We conduct ablation studies on the following factors: the type of cyclic function, the initial
over ow rate for quantization step-size and precision selection, and the coef cient of the over ow
penalty regularizer. These experiments are conducted on VGG-7 [55], which is commonly used
in the quantization literature for CIFAR-10. We binarize the weights as in Rastegari et al. [57],
and we train WrapNet to adapt to an 8-bit accumulator. As our default setting, we=xi@eas
the transition slopegy = 5% as the initial over ow rate, an@ as the coef cient of the regularizer.

Cyclic activation function. We compare the performance of various transition sldpefs
our cyclic functionc in Table 2.2, and we achieve the best performance viher2. If k is too
small, then the accuracy decreases due to a narrower effective bitwidth (only half of the bitwidth is
used wherk = 1). Meanwhile, the abrupt transition for largehurts the performance as well. In
the extreme case where the cyclic function degenerates to m@duld ), WrapNet diverges
to random guessing, which highlights the importance of training with a “smooth” cyclic non-
linearity to assimilate integer over ow. We also nd that placing a ReLU after batch norm yields
the best performance, even though the cyclic function is already nonlinear. More experimental
results can be found in Appendix 2.6.2.1.

Quantization step-size.As described in Section 2.3.3, the quantization step-sizes are se-
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Table 2.2: Results for different transition slopes for cyclic functiodgnotes divergence.

k 1 2 4 10 1
Accuracy 90.24% 90.52% 90.25% 89.16%

lected to balance the rounding error of the activations and accumulation errors due to over ow.
We compare the classi cation performance when we choose different step-sizes to control the
over ow rate as in Table 2.3. If the initial over ow rate is large, then the quantization step-size
will be ner, but training is less stable. We obtain the best performance when the initial over ow
rate is around 5%. The median bitwidths of the activations across layers are also reported in
Table 2.3. Note that if we want to suppress all over ows, we can only use 1-bit activations. We
also observe that WrapNet can attain reasonable accuracy (85%) even with a large over ow rate
(around 30%), which demonstrates that our proposed cyclic activations provide resilience against
integer over ows.

Over ow penalty. The over ow penalty regularizer improves the stability of step-size
selection. More speci cally, in Table 2.4, the difference in accuracy between two step-size se-
lections decreases from 2.27% to 0.76% after adding the regularizer. The over ow penalty also
complements our cyclic activation, as we achieve the best performance when using both of them
together during the ne-tuning stage. Moreover, in Appendix 2.6.2.2, we compare our results to
ne-tuning the pre-trained network using the over ow regularizer only. In the absence of a cyclic
layer, neural networks still suffer from low accuracy (as in Section 2.2.3) unless a very strong

penalty is imposed.
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Table 2.3: Results for different step-sizes basedTable 2.4: Results for ne-tuning with the

over ow ratep(%). denotes divergence. over ow penalty R°).
p Bits Accuracy| p Bits Accuracy R°® p% Accuracy Difference
0 1 90.07% | 20 4 88.25% 0 20 88.25% -
2 3 90.51% | 30 5 85.30% 0 5 90.52% 2.27%
5 3 90.52% | 40 5 36.11% 0.01 20 90.05% -
10 4 89.92% |50 5 001 5 90.81% 0.76%

2.4.3 Adapting to Bit-Packing

We now show the ef cacy of WrapNet for bit-packing without vector operations. We
use the same experiments setting as in Section 2.4.2. The training details can be found in Ap-
pendix 2.6.1.2. We consider CIFAR-10, and we compare with the best result of WrapNet from
the previous section as a baseline. Without speci ¢ vector instructions, accuracy degenerates to
a random guess because of undesired carry contamination during inference.

Surprisingly, with the carry variance regularizer, WrapNet works well even with abundant
carry contamination during inference (for each neuron, 384 on average over all the dataset). The
regularizer drops the standard deviation of the per-neuron carry contamination by 90%. When we
use the hybrid approach, the accuracy is further improved (89.43%) and close to the best result
(90.81%) we can achieve with vector instructions that do not propagate carries across different

numbers (see Table 2.5).

Table 2.5: Results for adaptation to bit-packing with 8-bit accumulator. (v) denotes no carry con-
tamination as in a vector instruction; (c) denotes carry propagation between different numbers.

Method Accuracy (v) Accuracy (c) Carry Carry Std

Baseline 90.81% 10.03% 25491 159.55
Buffer Bit - 88.22% - -

R¢ - 87.86% 384.42 17.91
Hybrid - 89.43% 482.4 16.18
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2.4.4 Benchmark Results

In this section, we compare our WrapNet when there is no carry contamination, with the
following 32-bit accumulator baselines: a full-precision network (FP), a network trained with
binary/ternary weights but with full-precision activations (BWN/TWN), and a network where
both weights and activations are quantized to the same precision as our WrapNet (BWN/TWN-
QA). We benchmark our results on both CIFAR-10 and ImageNet. We use VGG7 and ResNet20
for our CIFAR-10 experiments, and we use AlexNet [9, 79], ResNet18 and ResNet50 [10] for
our ImageNet experiments. Details of training can be found in Appendix 2.6.2.3.

For CIFAR-10, even with an 8-bit accumulator, our results are comparable to both BWN
and TWN. When adapting to a 12-bit accumulator, we further achieve performance on-par with
TWN and better than BWN (see Table 2.6). For ImageNet, our WrapNet can achieve accuracy
as good as BWN when adapting to a 12-bit accumulator where we can use binary weights and
roughly 7-bit quantized activations. However, in the extremely low-precision case (8-bit), the
accuracy of our binary WrapNet drops around 8% due to the limited bitwidth we can use for
activations. As reported in Table 2.6, the median activation bitwidth is roughly 3-bit, and for some
layers in AlexNet, we can only use 1-bit activations. Despite the gap from BWN, we observe that
our model can achieve comparable performance as BWN-QA where the same precision is used
for activations. When using ternary weights and an 8-bit accumulator, our WrapNet only drops
by 3% and 2% from TWN for ResNet18 and ResNet50, respectively. In addition, in the case
of adapting to a 12-bit accumulator, our ternary WrapNet with roughly 7-bit activations is even
slightly better than TWN for ResNet50. Note that, without cyclic activation function, all the

results for networks using 8-bit accumulator are as poor as random guessing which is consistent
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with Table 2.1.

Table 2.6: Top-1 test accuracy for both CIFAR-10 and ImageNet with different architectures.
Here, “Acc” represents accumulator, and “QA’ represents quantized activation.

Bits CIFAR-10 ImageNet
Activation Weight Acc VGG7 ResNet20 AlexNet ResNetl8 ResNet50
FP 32 32 32 92.45% 91.78% 60.61% 69.59%  76.15%
BWN 32 1 32 91.55% 90.03% 56.56% 63.55%  72.88%
BWN-QA 3 1 32 91.30% 89.86% 46.30% 57.54% 66.85%
WrapNet 3 1 8 90.81% 89.78% 44.88% 55.60%  64.30%
WrapNet 7 1 12 9159% 90.17% 56.62% 63.11% 72.37%
TWN 32 2 32 91.56% 90.36% 57.57% 65.70%  73.31%
TWN-QA 4 2 32 91.49% 90.12% 55.84% 63.67% 72.50%
WrapNet 4 2 8 91.14% 89.56% 52.24% 62.13%  71.62%
WrapNet 7 2 12 9153% 90.88% 57.60% 63.84% 73.93%

2.4.5 Efciency Analysis

We conduct an ef ciency analysis of parallelization by bit-packing, both with and without
vector operations, on an Intel i7-7700HQ CPU operating at 2.80 GHz. We also conduct a detailed
study of improvements that can be obtained using custom hardware.

AV X2 instruction ef ciency analysis. We study the empirical ef ciency of WrapNet when
vector operations are available. We extended Gemmlowp [70] to implement matrix multiplica-
tions using 8-bit accumulators with AVX2 instructions. To demonstrate the ef ciency of low-
precision accumulators, we compare our implementation with the AVX2 version of Gemmlowp,
which uses 32-bit accumulators. We report the execution speed of both on various convolution
kernels of ResNet18 in Table 2.7. From Table 2.7 we observe signi cant speed-ups ranging
from2 to2:4 among different blocks. Besides, we compare the entire inference time (ms)
of ResNet18 for WrapNet (234.74) with a 32b-accumulator quantized network (312.42), which

gains 33% speed-up. The result provides solid evidence for the ef ciency advantage of using
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Table 2.7: Time cost (ms) fa 3 convolution kernels in ResNet using various accumulator
bitwidths.

Input size  Output 8-bit 32-bit

64x56x56 64 3.467 8.339

128x28x28 128 2.956 6.785

256x14x14 256 2.499 5.498

512x7x7 512 2.710 5.520
Table 2.8: Time cost (ms) fa@ 3 convolution kernels in ResNet with no vector instructions
using bit packing.

Input size  Output bit packing iae

64x56x56 64 29.80 83.705
128x28x28 128 23.86 80.557
256x14x14 256 21.71 86.753
512x7x7 512 20.41 87.671

low-precision accumulators. We remark that in average, the time cost for cyclic activation is only
around 10% of the time cost for the GEMM kernel. We also remark that AVX2 lacks a single
instruction that performs both multiplication and accumulation for 8-bit data, but it does have
such instruction for 32-bit data. Thus, further acceleration can be achieved on systems like ARM
where such combined instructions for 8-bit data are available.

Bit-packing results without vector operations. We implement a nae for-loop based
matrix multiplication, which uses buffer bit and logical operations introduced in Section 2.3.4 to
form the baseline. We then pack four 8-bit integers into 32 bits, and report the execution speed of
both implementations on various convolution kernels of ResNet18 in Table 2.8. The results show
signi cant speed-ups ranging fro&18 to 4:3 . Such observations demonstrate our proposed
approach to handle extra carry bits makes bit-packing viable and ef cient, even when vector
instructions are not available.

Hardware analysis. To illustrate the potential bene ts of WrapNet for custom hardware

accelerators, we have implemented a multiply-accumulate (MAC) unit in a commercial 28nm
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CMOS technology. The MAC unit consists of (i) a multiplier with an output register, (ii) an
accumulator with its corresponding register, and (iii) auxiliary circuitry. Please refer to Appendix
2.6.3 for the details. We have considered 8-b&-bit and 3-bit 1-bit multipliers, as well as
32-bit and 8-bit accumulators, where the latter option is enabled by our WrapNet approach and
its cyclic activation function. We consider a sloke= 2 for the cyclic activation. Figure 2.2
shows our post-layout results.

Figure 2.2a shows that reducing the multiplier bitwidth decreases the cycle tii&py
reducing the accumulator precision from 32-bit to 8-bit further the cycle timg&y. Figures
2.2b and 2.2c highlight the importance of reducing the accumulator's precision. When using an
8-bit  8-bit multiplier, the 32-bit accumulator already constitutes more than 40% of the area and
energy of a MAC unit. Once the multiplier's precision reduces, the accumulator dominates area-
and energy-ef ciency. Thanks to WrapNet, we can reduce the accumulator precision from 32-bit
to 8-bit, thus reducing the accumulator's area- and energy-ef ciency by moresthand4
respectively. WrapNet requires the implementation of the cyclic activation, which has an area-
and energy-ef ciency comparable (although lower) to that of the accumulator. In spite of this

overhead, WrapNet is still able to reduce the total MAC unit's area- and energy-ef ciency by up

(@) (b) (©)

Figure 2.2: (a) Cycle time, (b) area and (c) energy ef ciency for different MAC units imple-
mented in 28nm CMOS. We consider 8-b#-bit or 3-bit 1-bit multipliers with 32-bit or 8-bit
accumulators.
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to3 and2 , respectively. While our hardware implementation only uses one adder per inner-
product, we note that WrapNet can also be applied to spatial architectures, such as systolic arrays,
which use several adders per inner-product. For such spatial architectures, WrapNet avoids an
increase in the adders' bitwidth, normalizing all adders to the same low bitwidth. Moreover,
the use of several adders per inner-product amortizes the overhead from the cyclic activation, of
which only one is needed per inner-product. Finally, we note that this analysis only considers the
computation part of a hardware accelerator as this is where WrapNet has a signi cant impact—
the memory sub-system will remain virtually the same, as existing methods already quantize the

output activations to low-bit before storing them in memory.

2.5 Conclusion

We have proposed WrapNet, a novel method to render neural networks resilient to integer
over ow, which enables the use of low-precision accumulators. We have demonstrated the ef-
fectiveness of our adaptation on both CIFAR-10 and ImageNet. In addition, our custom GEMM
kernel achieve&4 acceleration over its standard library version, and our hardware exploration
shows signi cant improvements in area- and energy-ef ciency. Our hope is that hardware-aware
architectures will enable deep learning applications on a wide range of platforms and mobile de-
vices. Furthermore, with future innovations in GPU and data center technologies, we hope that
WrapNet can provide further speed-ups by enabling inference using quarter-precision—a step
forward in terms of performance from the currently available half-precision standard available on

emerging GPUs.
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2.6 Appendix: Additional Details and Analysis

2.6.1 Details of Carry Variance Reduction Regularizer

2.6.1.1 Carry Variance Calculation

With two's complement representations for signed integers, a carry bit is generated in the
following three cases: (i) addition of two negative numbers, (ii) addition of two positive numbers
whose result exceeds the representation range, thus provoking integer over ow, and (iii) addition
of a positive and a negative number whose result is a positive number. Dealing with these cases
individually is complicated, but the calculation can be simpli ed by rst reinterpreting the two's
complement representation as an unsigned integer. Carry bits resulting from accumulation of
unsigned integers are easier to calculate as they can only happen in case (ii) as described above.

Since we only consider binary/ternary weights for bit-packing, carry bits can only be gen-
erated during accumulation, and not by multiplication. To produce a single output from a con-
volution, we must perform the accumulatigniL:1 v; of all entries of the vectov 2 R". This
is done by batching computations inside-hit register as follows. First, we bit-pack groups of
numbersv; into several high-resolution registers. For example, let us consider the 32ebdf
registers to pack fous = 8-bit numbers; then, we need to udle=4e 32-bit registers to represent
all L entries ofv. In the absence of vector instructions, the addition of these high-resolution
registers will generate carry bits that will contaminate the adjacent bit-packed numbers. After all
dL=4e additions take place, we add the 4 bit-packed numbers together to get a nal result.

When one output feature is calculated by bit-backing as described above, the effect of

carry bits is easy to simulate; accumulations can be done without accounting for carry bits during
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Algorithm 1 Carry Amount Calculation

Initiarjjze: v;b

u= " ((sign(vi) +1)=2)v; +(( signfv) +1)=2) v; +2°
¢G=uri=0;c=0

while ¢, 6 0 do

G = (G+17)=2
ri+1 = (G +r;) mod 2

C=C+ G
G =G+, i = Tin
Return: ¢

convolution, and then the carry bits can be added into the the nal result after convolution takes
place. If the total number of carries is large, this nal correction can in turn produce new carry
bits. Hence, we use Algorithm 1 to compute the total number of carry bits that are generated in
an accumulation. The rst equation simply reinterprets the signed representation to its unsigned
counterparu. Then, we compute the amount of carry hitsas well as the resutt remaining
within the b-bit accumulator. Due to carry contamination, the carry Qitwill be added to the
resultr;, which may generate new carry bits; . We keep on adding the new carry bits to the
accumulator until no new carry bits are generated. Note that, in real hardware at inference time,
the most signi cant carry bit produced inside a register will be thrown away. For simplicity, our
simulations during training accumulate all carry bits, including the most signi cant. We nd that
dropping the most signi cant carry during inference does not signi cantly impact testing.

Given the number of carry bits calculated during the inner product, the variance of the carry

among a batchi) of images is calculated as follows:

%
Mg, (n'') = 1 n (2.2)
bs k=1 [
vap ()= = nl my (i) ? 2.3)
b5 k=1



wheren* is the carry bit for the-th neuron inl-th layer (assuming all the feature maps are vec-
torized). The estimated mean among all the images is learned by a moving average based on the
mean of batches equation 2.2. However, the sign and rounding function may have zero gradient
almost everywhere. To make all the operations differentiable, we replace the sign function with

a tanh function and we use a straight through estimator for rounding during the backward pass
(gradient is identity). Then nally, our regularizé&t® will be the mean variance among all the

neurons.

2.6.1.2 Training with Carry Variance Reduction Regularizer

Due to the large amount and high variance of carry-bit occurrences, it is hard to ne-tune
our WrapNet even when using the carry variance reduction regularizer. The generated carry bits
will be accumulated, which increases the over ow rate dramatically. In addition, the accumu-
lation error will contaminate downstream computations and destroy accuracy. As a result, we
ne-tune WrapNet with simulated carry bits layer by layer, starting from the layer that has the
least carry variance. For the hybrid approach, we stop simulating the carry bit when we notice a

signi cant accuracy drop; the remaining layers are trained using a buffer bit instead.

2.6.2 Experimental Details

2.6.2.1 More Cyclic Functions

We compare two more “smooth” cyclic functions with our proposed cyclic activation func-
tion in Section 2.3. Speci cally, we consider a cyclic absolute value function, and a ReLU-like

function with transition slopé& as alternative cyclic activations. Figure 2.3 illustrates the com-
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pared functions. We compare the results with and without a ReLU activation after batch normal-
ization as well. Table 2.9 shows that retaining the ReLU activation after the batch normalization

layer always achieves a better result, and that our proposed cyclic activation outperforms the

other two choices.

Figure 2.3: Example of the compared cyclic functions for a 4-bit accumulator.

Table 2.9: Results for different types of cyclic activation

Cyclic Function RelLU slop& Accuracy(%)
|

Proposed 2 90.52
Proposed 2 89.28
Rel U-like P 1 90.25
Rel U-like P 2 90.31
RelU-like P 3 90.15
ReLU-like 1 88.62
ReLU-like 2 89.01
RelLU-like 3 88.53
Absolute P - 90.17
Absolute - 89.19

2.6.2.2 Full Over ow Penalty Results

Table 2.10 shows the results for ne-tuning our WrapNet with different coef cients for
the over ow penalty. When applying the over ow penalty, the over ow rate decreases and we
can achieve a higher accuracy. In addition, when we apply the regularizer to a network with
low-resolution accumulators that does not use our cyclic activation, the network still suffers from
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performance degradation unless a large coef cient is used. However, a strong penalty kills almost

all of the over ow, which may limit the performance of a deep neural network.

Table 2.10: Comparison for ne-tuning network without cyclic activation and our WrapNet, with
over ow penaltyR°.

Cyclic R°  Overowrate (%) Accuracy(%)

P 0 6.29 90.52

P 0.001 1.88 90.33
P 001 1.24 90.81
P o1 1.04 89.52

0.01 5.91 64.69

0.1 0.35 88.94

1 0.06 90.26

2 0.03 90.20

2.6.2.3 Training Details for Benchmark Results

For fair comparison, all our baselines (BWN/TWN, BWN-/TWN-QA) are ne-tuned from
a pre-trained full-precision network. We leave the rst and last layer at full-precision as in Raste-
gari et al. [57], Zhou et al. [62]. To obtain the benchmark results of our WrapNet, we follow a
training pipeline, where we rst warm-up our WrapNet with full-precision activations, and then
we ne-tune the network for quantized activations. We set the transition fope2, and the
initial over ow rate p = 5%. The over ow penalty coef cients for CIFAR-10 and ImageNet are
0.01 and 0.001, respectively.

For the CIFAR-10 results, we use ADAM as our optimizer with an initial learning rate of
0.001. For both warm-up and ne-tuning stages, we run 200 epochs, and the learning rate is
divided by 10 every 60 epochs. For all the ImageNet results, we use SGD with momentum 0.9,
weight decayl 10 “ as our optimizer. We run 60 epochs for both warm-up and ne-tuning

stages, where the initial learning rate is 0.01, which is divided by 10 at (20, 40, 50) epochs. We
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note that, due to the depth of ResNet, we select a xed quantization step-size for all the layers,
where the average initial over ow rate is around 5%. As a result, the over ow penalty is also

imposed during the warm-up stage for ResNet experiments.

2.6.3 Hardware Analysis

Figure 2.4: Multiply-accumulate (MAC) unit, together with cyclic activation functafr), im-
plemented for hardware analysis.

Figure 2.4 shows the multiply-accumulate (MAC) unit supplied in TSMC 28nm CMOS.
The MAC unit multiplies two scalars and accumulates these products using an adder. To perform
this functionality, the MAC unit is composed of multiplication, accumulation, and auxiliary cir-
cuitry, colored in Figure 2.4 with blue, orange, and gray, respectively. Clock distribution circuitry
is not shown, but is included in our results as part of the auxiliary circuitry. Furthermore, we have
implemented the cyclic activation function in hardware, colored in Figure 2.4 with yellow, which
is only used together with low-bit accumulators. To achieve lower cycle times (i.e., faster op-
eration frequencies), as well as to separate the multiplier's and accumulator’s critical paths, we
introduced a pipeline register between the multiplier and accumulator. For our implementation
results, we consider this pipeline register as part of the multiplication circuitry.

We implemented the circuit in Figure 2.4 using different bitwidths for the multiplier (8-bit
8-bit or 3-bit 1-bit) and the accumulator (32-bit or 8-bit). When using the 8-BHbit multiplier

with the 32-bit accumulator, we use 16 bits for the multiplier's output register to represent all
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possible products. When using the 8-b&-bit multiplier with the 8-bit accumulator, we use 8
bits for the multiplier's output register, since the accumulator does not support larger bitwidths.
When using the 3-bit 1-bit multiplier, we use 4 bits for the multiplier's output register, regardless
of the accumulator's bitwidth. The cyclic activation is only implemented when using the 8-bit
accumulator, for both multiplier's bitwidth. We implemented the cyclic activation for slopes of
k=2 andk =4.

The four different MAC units were synthesized using Synopsys Design Compiler (DC),
and automatically placed-and-routed using Cadence Innovus. Power analysis was done using
Cadence Innovus with stimuli-based post-layout simulations at 0.9V and @bthe typical-
typical corner. For the stimuli, we used weights and activations extracted from a layer of the
ResNet-18 network. Tables 2.11, 2.12, and 2.13 show the implementation results from Figure 2.2
in tabular form. Note that throughput is computed?asycle time, as the MAC unit completes
two operations (multiplication and accumulation) in a single clock cycle. However, in Figure 2.2,
we decided to report cycle time so that, for all metrics presented (cycle time, area- and energy-
ef ciency), a lower value corresponds to a better performance. Note that circuits with a higher
throughput (which corresponds, in this case, to a lower cycle time) often result in higher area and
power consumption. As a matter of fact, dynamic power consumption is directly proportional to
operation frequency (i.el/cycle time). Thus, to perform a fair comparison, we have normalized
the area and power reported in Table 2.11 by the throughput achieved, resulting in the area- and

energy-ef ciencies reported in Tables 2.12 and 2.13, respectively.
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Table 2.11: Hardware implementation results for one multiply-accumulate (MAC) unit in 28nm
CMOS

Table 2.12: Area breakdown of one multiply-accumulate (MAC) unit in 28nm CMOS

Table 2.13: Energy breakdown of one multiply-accumulate (MAC) unit in 28nm CMOS

Bits Cyclic act. Cycletime Throughput Cellarea Power
Act. Weight Acc. slope (ns) (Gops) (m?)  (mw)
8 8 32 - 0.31 6.5 1298 2.78
3 1 32 - 0.29 7.0 732 1.90
8 8 8 2 0.24 8.3 521 1.60
8 8 8 4 0.25 8.1 523 1.64
3 1 8 2 0.24 8.3 290 0.93
3 1 8 4 0.24 8.3 285 0.87

Bits Cyclic act. Cell area ef ciency (m?/Gops)

Act. Weight Acc. slop&k  Multiplier Accumulator Cyclic act. Auxiliary Total
8 8 32 - 96 (48%) 91 (46%) - 12 (6%) 199
3 1 32 - 3 (2%) 93 (89%) - 9(9%) 105
8 8 8 2 31 (49%) 12 (19%) 10 (16%) 10(16%) 63
8 8 8 4 33 (50%) 12 (19%) 8(13%) 12(18%) 65
3 1 8 2 2 (5%) 17 (46%)  15(41%) 3(8%) 37
3 1 8 4 2 (5%) 18 (52%) 12 (35%) 3 (8%) 35

Bits Cyclic act. Energy ef ciency (fJ/op)

Act. Weight Acc.  slop& Multiplier Accumulator Cyclic act. Auxiliary Total
8 8 32 - 144 (34%) 173 (40%) - 111 (26%) 428
3 1 32 - 10 (4%) 197 (73%) - 64 (23%) 271
8 8 8 2 48 (25%) 29 (15%) 17 (9%) 98 (51%) 192
8 8 8 4 53 (26%) 28 (14%) 17 (8%) 105 (52%) 203
3 1 8 2 8 (7%) 42 (37%) 23 (20%) 42 (36%) 115
3 1 8 4 6 (6%) 42 (40%) 24 (23%) 33(31%) 105

2.6.4 Using more weight bits

Since ARM provides arithmetic operations that handle multiplication between various 8-
bit numbers in parallel, we further conduct experiments in which more bits are used for weight
guantization. Table 2.14 displays the classi cation accuracy, as well as the over ow rate of the
nal models. Surprisingly, in some cases, we may have a lower over ow rate even when using

more bits for the weight quantization. We also collect the accuracy degradation from the full
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precision network. Our results show that the best performance is achieved when we use 4-bit

weights, which is close to the full-precision result (around 0.7% degradation).

Table 2.14: Results for WrapNet with more bits for weight quantization, where we use ternary
weights for 2-bit.

Bits Over ow Rate Accuracy Degradation

1 1.24% 90.81% 1.64%
2 0.12% 91.14% 1.31%
3 0.02% 91.55% 0.90%
4 0.04% 91.7% 0.72%

5 0.4% 91.20% 1.25%
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Chapter 3: Memory Ef cient Training with Quantized Model

3.1 Introduction

End-to-end deep models are widely used in modern automatic speech recognition (ASR)
applications [80, 81, 82]. These models achieve excellent recognition performance, but their per-
formance depends heavily on the size of the model and the amount of training data. To increase
the amount of training data while protecting user privacy, federated learning (FL) [83] has be-
come a popular learning framework by training models on users' devices without sharing their
data with a central server.

However, deploying huge models, such as the Conformer model [84] with approximately
130 million parameters, on edge devices with constrained memory capacities is challenging. Re-
cently numerous studies have concentrated on reducing latency and model size while preserving
model quality including pruning techniques [85, 86, 87], online model compression [88] and
federated dropout [85]. One line of research investigates quantization aware training [89, 90] of
ASR models on a centralized server. These methods have quantized the model to low-precision
such as Int-8 and Int-4 to reduce the model size and improve the inference latency by allowing
low-bit matrix operations. Speci cally, in the forward propagation, the quantized variables are
derived from the original full-precision variables to mimic the inference computation; and in the

backward propagation, gradients are calculated with respect to the full-precision model for the
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Figure 3.1: A federated round of FedAQT. The server quantizes the global model and broadcasts
the quantized model to clients. Clients use the quantized model to compute the model deltas
which are sent back to the server for aggregation and update of the global model.

model update in the learning process. Because the full-precision variables have to be loaded
into memory in the quantization aware training, directly applying it does not reduce the memory
consumption on the client's devices of FL.

In this work, we propose FedAQT, an accurate quantized training framework with FL that is
designed to be memory-friendly to edge devices. Figure 3.1 illustrates the learning process of our
method. Similar to the existing quantization method, we keep a full-precision global model on the
server. However, during the broadcast stage, we quantize the model and only distribute the low-bit
weights and their oat quantization scales to the clients' devices. This dramatically reduces the
training memory usage on clients' devices as well as the transportation load between server and
clients. On the client computation, for the forward propagation, low-bit matrix multiplication is

applied on the quantized weights and activation variables. For the backward propagation, due to
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the discontinuity of the integer values for gradient computation, we de-quantize the weights and
calculate the gradients in full-precision under gradient checkpointing [91] method to bound the
memory usage. Finally, we aggregate all the oat gradients and update the global model on the
server. We show that FedAQT can achieve comparable accuracy against full-precision training
while signi cantly reducing memory usage on devices. Our main contributions are illustrated as

below:

» Our work is the rstto propose a quantization aware training framework that trains low-bit
networks directly (without a full-precision model) on edge devices under FL setting and

hence opens up the possibility of training larger and more powerful ASR models under FL.

» To align our method with quantization aware training, we introduce a gradient relay be-
tween FL clients and server. We show that for FedSGD [92] the model updates calculated

by gradient relay are the same as quantization aware training on a centralized server.

* We analyze the trade-off between model quality and quantization bit-width. We observe
that conformer-like ASR models have no (minor) accuracy degradation with int8 (int4)

weights on Librispeech data under FL setting.

3.2 Related work and Preliminaries

3.2.1 Quantization Aware Training

Quantization methods aim to decrease the model size and accelerate the inference speed
of neural networks by using low-precision parameters and arithmetic operations. Binary, ternary,
and uniform quantization are the most common choices and have been hardware-friendly [14,
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54, 65]. To avoid accuracy drop, quantization aware training is usually applied for end-to-end
training, where quantization operations are inserted into linear layers such as convolution lay-
ers and full-connected layers. Formally, for a uniform quantizewith target bit-widthb, we
guantize the oat tensorey by Qp(w) = round(w=s,)s,. Here, we assume the distribution
of input tensor values is symmetrical and set the zero-poiift fas convenience. We denote
the integer representation of asq,, and the quantization representatiog can be expressed
aswg = Qu(w) = syqgw Wheres, is the quantization scale, which controls the trade-off be-
tween range and the precision of the quantization representations. In practice, the scale is usually
achieved dynamically during training tsy, = max(abgw))=(2° * 1), wherebis the bit-with.

During end-to-end training, since the rounding function has zero gradients almost every-
where, we follow Hubara et al. [54], Ding et al. [89] to use a straight-through-estimator (STE) to
set the gradients of the round function as identity and apply backpropagation. Formally, given a

loss functionL and the learnable weight, the derivative respect to is

Qw) _ @(w) @,
@v @vg @v'

(3.2)

When quantization scales are treated as constants [14, 89], the derivative of quantized represen-

tationswq respect to the oat parameteyr is identity as well, by using the chain rule and STE.

As a result, the gradient of the full-precision and quantized variables are the same in such cases.
In addition, recent quantization methods [66, 93] consider the quantization scale as a func-

tion of the oat variablew thus backpropagating the gradient through the scale. Again, following
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the chain rule, the gradient of the full-precision weight will be

W)= (8 (Wheo SO0+ L (wo 32)
X
b (sw)= 1L (wg) (Qw W=sy) (3.3)

Heret?=2P 1 1, denotes elementwise production of two matfix]max denotes for a matrix

that has value 1 for the positions of maximum and O otherwise. Intuitively, by passing through
the scales, we penalize the outliers of the oat variables and adjust the scales accordingly, which
improves the performance especially when we have extreme-low-bit sugihia§s6, 93]. In

this work, we extend Ding et al. [89] to deploy the quantization method on both FL server and

clients.

3.2.2 Quantization in Federated Learning

In the realm of FL, many works have explored the opportunity to compress the commu-
nication by quantization methods [94, 95]. The online model compression [88] sends quantized
models to clients in FL but still uses full-precision variables in computation. Besides the com-
pression during the communication, recent work [96] proposes a quantization method that is
robust to aggregate local updates with various bit-widths. In addition, xed-point inference is
explored in Macha et al. [97] to reduce execution time. However, these methods still follow
the typical quantization aware training approach, where a full-precision model is kept during
on-device training. On the contrary, our training framework enables training native quantized
variables directly and retain the full-precision model on the server only, thus leading to memory

reduction.
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3.3 Method

3.3.1 Federated Accurate Quantized Training

Figure 3.1 illustrates one round of FL using our framework. We explain the four federated
training steps: Broadcast, Client Computation, Aggregation, and Model update.
Broadcast. As illustrated in Figure 3.1, we always keep a oat global model on the server. For
each FL round, we rst quantize theat model into thdow-bit one and theiroat quantization
scales. Similar to Ding et al. [89], we only quantize the encoder of the ASR model and leave
the decoder part full-precision to avoid an accuracy drop. Then onljothit and the oat
guantization scales will be distributed to the clients.
Client Computation. At the client training stage, each device trains the quantized model only
with its own training data. Compared to standard FL and quantization aware training, our method
only loads thdow-bit variables into the memory, and calculates their respeabae gradients
on the y, which dramatically reduces the memory usage. In addition, our framework allows
executing different training algorithms such as FedSGD and FedAVG [92] at this stage.
Aggregation. After local training, we aggregate theat updates from the clients, which is
exactly the same as the typical FL. Consequently, most aggregation algorithms that are applicable
to the conventional FL framework can also be implemented in our proposed method, such as
secure model aggregation [98].
Model Update. Finally, the server aggregates the model updates from the clients in the cur-
rent round and updates the oat model. The server then moves to the next round and applies

guantization on the updated model.
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Figure 3.2: Training with quantized variables.

3.3.2 Training with quantized variables

We explain the client computation with the native quantized variables in this section. Fig-
ure 3.2 shows our training method. Note that our method is applicable on both FedSGD where
clients compute only one batch of data without applying the gradients and FedAVG where the
gradients are applied on local variables during multiple iterations.

In forward propagation of iterationat layerl, the activation variabla® is rst quantized
to gt with st'. Then the quantized weightg! and activations)t' are computed by the low-
bit native matmul operation to generate the quantized outagiineln this way, we reduce the
memory consumption by avoiding the full-precision operations. feand the scalst' are
then de-quantized for the activation computations.

In the backward propagation, once the activation variablles de-quantized frong%' and
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st , the gradient of weighw'' can be derived from the upstreagtt® andx* with the STE
method [54, 89]. At this step, the gradiapt can be sent back to the server as the model updates

if we only consider the quantization scale non-trainable. For FedAVG algorithm, we need to
apply the gradients on the local variables that are quantized. Hence we rst de-quantize the
weightsw{, from gy, ands|,, and then apply the gradierdg on it to generatev;"™ for the next
iterationt + 1. Then the variable is re-quantized ¢§'* with si/* for the computation of the

next iteration. Note that by applying the gradients on local variables FedAVG consumes more
memory than FedSGD. Therefore we recommend using FedSGD when memory consumption
is concerned. In standard quantization aware training, the gradients are calculated with respect
to the latent full-precision variables. However, in our method, clients only have the quantized
variables to apply the gradients. To achieve the same gradients as in centralized quantization

aware training, we introduce gradient relay in FedSGD in the next section.

3.3.3 Gradient Relay

We explain the gradient relay to compute the gradients of clients if considering the quanti-
zation scale as a function [66, 93]. The idea is that clients and server each compute a part of the
overall gradients in FedSGD.

The gradienty,, in Figure 3.2 is sent from clients to server as model deltas. Based on
Eqg equation 3.1, when we consider the quantization scales non-trainable, the model updates
are exactly the same as those for centralized quantization, whe(@&) = | rL (wg) =
rL (wq). However, according to Eq equation 3.2, when backpropagation is performed through

the quantization scales, the gradients with respect to the full-precision weighie) differ

44



from those with respect to the quantized weights(w), where the former relies on the original
oating-point weights to penalize the outlier. Although in FedAQT, we do not have the full-
precision model on client devices, we retain these weights on the server side. Moreover, as we

show in Eq equation 3.2 and Eq equation 3.3, the difference between the two gradients is

b (sw) ([Wlmax Siggo(w)) (3.4)

which can be obtained wittk.  (w,) andw only. Therefore, after the aggregation stage, we can
easily adjust the global model updates on the server by Eq equation 3.4, thus leading to the exact

same results as centralized quantization.

3.4 Results

3.4.1 Experiment Setup

We conducted experiments on LibriSpeech corpus [99], which contains 960 hours of speech
in the training set. The development (dev) and testing datasets also contain “clean” and “noisy”
subsets. We simulate the real low-bit quantized training in the following manners. For FedSGD,
as we discussed in Section 3.3.3 that training on quantized variables can achieve the same model
updates as training on the latent oat variables, we simulate FedAQT by distributing the latent
oat variables to the client and apply quantization directly during the client computation. We
conduct experiments on a conformer-based ASR model with roughly 133M parameters in total.
Instead of training from scratch, we pre-train our model on industry-scale data collected from

different domains, which achieved a Word Error Rate (WER) of 6.0 on the dev-clean set. We then
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netune the model with our FedAQT framework for 6000 steps. For FedSGD, we follow the 11D
training regime, and for each round, we randomly sample 128 clients from the client pool, which
consists of 28124 clients and 10 examples per client. We used the Stochastic Gradient Descent
(SGD) optimizer for both client and server updates with a small batch size of 2 to simulate
real-world applications. Since for each client, we only take one batch, we are roughly using
one- fth of the training data (2/10). For FedAVG simulation, since it has been shown that FL
achieves similar results as centralized training in ASR tasks [85, 100], we emulate the IID FL
process with centralized training on Conformer-L models following Gulati et al. [84], Ding et al.
[89]. To verify the effectiveness of our method, we re-quantize the updated weight after every
iteration to ensure that we will only see the quantized variables for the next iteration. We evaluate
our method with Word Error Rate (WER) metric for model quality and peak memory usage for

model ef ciency.

3.4.2 FedAQT Results

FedSGD.Table 3.1 shows the WER for our FedAQT with various bit-width. On both subsets,
our method is able to train a low-bit model (for both int4 and int8) with similar performance as
a full-precision model. To demonstrate the memory ef ciency of our method, we implement the
real training process with fake gradients. On the broadcast stage, we distribute quantized vari-
ables, namely int8 variables and oat scales, to the clients. During the client computation, instead
of calculating the gradient for real int8 variables, we generate empty gradients as local updates
and aggregate them to update the server model. We implement this training process for differ-

ent precisions of our on-device model, including oat32, oatl6, and int8 for fair comparisons.
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Table 3.1: FedSGD simulation with FedAQT of various bit-width. We can achieve a similar
WER to oat model on Librispeech even with 4-bit weights.

Bit-width \ test-clean\ test—other\ dev-clean\ dev-other

Float32 4.8 10.2 4.7 10.3
int8 4.8 10.2 4.7 10.3
int4 4.9 10.3 4.7 10.3

Table 3.2 shows that using oatl16 variables saves roughly 160MB of memory. Additionally, our

proposed framework can further reduce memory usage by 100MB when using int8 variables.

Table 3.2: Memory consumption for different variable precision for one-round FL on-device
training.

Variable Dtype| Memory (MB) | Saving (MB)

Float32 734188 -
Float16 568012 166176
Int8 468312 265876

FedAVG. Table 3.3 displays the WER on Librispeech or both the development (dev) and test
subsets on a Conformer-L model. Our proposed FedAQT can achieve the same WER as the full-
precision model and the normal quantization aware training [89] methods with 8-bit weights on

both the dev and test subsets

Table 3.3: Comparison of our FedAVG simulation train on 8-bit conformer only with other quan-
tization methods.

Method \ test-clean\ test-other\ dev-clean\ dev-other

Float32 2.0 4.4 1.9 4.3
QAT [89] 2.0 4.5 1.9 4.3
FedAQT 2.0 4.4 1.9 4.3
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3.5 Conclusions

In this work, we propose a novel FedAQT quantized training framework with FL to train
low-bit ASR models directly on client devices without storing a full-precision model. We show
that our framework can train low-bit models with comparable performance to full-precision mod-
els. In addition, the 8-bit model under our framework only uses 60% of the memory, which

veri es the effectiveness of our proposed method.
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Chapter 4. Improve On-Device Latency for Mobile Vision Transformers

4.1 Introduction

Transformer-based models [12] have been widely used and achieve remarkable perfor-
mance for many computer vision tasks, such as image classi cation, object detection, and se-
mantic segmentation. However, the computational complexity of these methods is signi cant due
to the computational cost of Multi-Head Self-Attention (MHSA), the foundational mechanism in
transformers, which scales quadratically to token length. This cost is a barrier to deploying vision
transformers in resource-limited mobile devices.

Latency improvements for transformers have been widely explored by many [21, 24, 27,
32, 34, 101, 102, 103, 104, 105, 106]. One line of research employs a CNN-Transformer hybrid
architecture to reduce the computational complexity. These hybrid methods apply convolutional
blocks, or other cheap operations, at the shallow stages of a network. Then, attention layers
are used in later stages where the resolution of feature maps is lower, resulting in shorter token
sequences. Although these hybrid architectures signi cantly improve on inference speed, their
accuracy is degraded since only a few transformer blocks are used. In addition, the computational
cost of their attention layers remains quadratic, making them impractical for use on the high-
resolution inputs commonly needed for accurate object detection and semantic segmentation.

The second line of research seeks to reduce the cost of the attention mechanism directly [31,
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32, 33, 34, 35, 107, 108]. Among these methods, transformers using local self-attention (LSA)
achieve promising performance in vision tasks. Instead of employing global attention for all the
tokens, these local methods apply self-attention within individual token partitions, such as within
window partitions [32] or horizontal and vertical stripes [34]. As long as the local size is xed,
the computational cost will be linear with respect to token length.

However, some recent works [21, 106, 108] point out that these local self-attention (LSA)
mechanisms are not well-equipped to handle mobile devices, such as iPhones, which use the Ap-
ple Neural Engine (ANE). Existing LSA implementations with ANE have high latency, if a model
is supported at all. In this work, we rst dissect LSAs and nd that inef cient in-memory partition
and shifting operations are the main bottlenecks for on-device latency. Because some approaches
are not out-of-the-box compatible with ANE, we adapt these models using new reshaping tricks
and remove non-supported shifting operations to allow for accurate benchmarking and compar-
ison of LSA. However, even with these improvements via reshaping tricks, LSA is still slow
on-device [21] and the removed shifting operations cause a degradation in accuracy [32].

To alleviate the aforementioned problems, we propose a simple but effective local self-
attention method that does not rely on problematic partitioning methods that are incompatible
with or slow on embedded frameworks. In brief, we atten feature maps in row-column or
column-row order and partition the sequence with a predetermined local length. We alternate
between row-column and column-row order in consecutive transformer blocks to enhance the
connection between these token partitions. This simple partition method can be computed very
ef ciently on-device.

We apply our proposed LSA in state-of-the-art mobile-friendly architectures [101, 106] to
build an ef cient and general-purpose backbone for multiple vision tasks. To demonstrate the
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effectiveness of our proposed model, we benchmark on various vision tasks, including image
classi cation, object detection, and semantic segmentation. In addition, we measure the latency
of our method under popular mobile frameworks, CoreML and TensorRT, on real-world mobile
devices, such as iPhone ANEs. We show that our method can achieve comparable performance
on low-resolution tasks, such as image classi cation, while runtibg faster than the SOTA
methods in object detection with similar precision.

We summarize our main contributions as follows:

* We rst indicate that local self-attention itself is mobile-friendly and ef cient. The bottle-
neck of on-device deployment mainly focuses on ill-supported operations used for token

partition and communication among these partitions.

» With simple but critical modi cation, our proposed LSA is entirely mobile-friendly, and we
demonstrate the ef cacy of our method on multiple vision tasks. Our method can achieve
comparable performance to global MHSA while dramatically reducing computational costs

and on-device latency.

* When used on SOTA mobile architectures, our ef cient transformer can achieve the best
trade-off between accuracy and latency, especially for tasks requiring high-resolution in-

puts.

» Multiple ablation studies are conducted to show and understand the effectiveness of our

proposed mobile-friendly LSA mechanism.
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4.2 Related Work

Transformer Variants. Transformer networks [109] were rst proposed for the natural language
processing (NLP) domain. Vision transformers (ViTs) [12] successfully adapted the self-attention
mechanism to vision tasks where input images are partitioned into patches, and each patch is
treated as a token. Although ViTs can perform well on many vision tasks, they usually require
large-scale datasets and massive computational resources. As a result, a lot of work has been
devoted to improving the training and model ef ciency of ViTs. DeiT [22] introduces a novel
distillation method to train ViTs ef ciently even without extra datasets. Methods like T2T and
TNT [23, 24] propose better tokenizers to encode input images into patch tokens ef ciently.

To further enhance the performance and ef ciency of transformers, strategies from Con-
volutional Neural Networks (CNN) are widely adopted [21, 103, 106, 110, 111, 112, 113, 114].
Convolutional units gradually reduce the number of tokens by down-sampling or pooling [31,
32, 115]. Additionally, convolutional blocks or other cheaper operations have been introduced
into transformers that achieve lower on-device latency. In MobileViT [103], self-attention blocks
are adopted into MobileNet to achieve a lightweight transformer for general purposes. Mobile-
Former [27] bene ts from the local processing of MobileNet and the global interaction of trans-
formers to achieve a hybrid model with extremely low FLOPs while maintaining high perfor-
mance. To optimize the on-device latency, TRT-VIiT [114] and Ef cientFormer [21] stack only a
few attention layers at the nal stage, where the feature resolution is low. Next-ViT [106] re nes
the hybrid strategy where several ef cient spatial reduction attention layers are inserted into early
stages as well.

Ef cient Self-Attention Mechanism. PVT [31] introduces a spatial reduction self-attention,
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where local tokens are grouped and self-attention is applied to these reduced tokens. The Swin
transformer [32] partitions feature maps into non-overlapping windows and then self-attention is
conducted within each window. As long as the window size is xed, the computational cost of
local self-attention in a Swin transformer is linear in token length. To improve the connectivity
between windows, Swin further shifts windows in each consecutive layer. Although the Swin
transformer greatly reduces FLOPs and maintains high performance, the shifting operation is
memory-consuming, especially on mobile devices. In addition, although the window partition

is ef cient for data center GPUs, this operation is also not well-supported on mobile devices
such as iPhones using the iOS ANE, where a combination of expensive reshaping operations are
needed [21].

Following Swin [32], CSWin [34] computes local self-attention in parallel within the hori-
zontal and vertical strips of feature maps, which reduces computational costs to sub-quadratic but
does not achieve linear scaling. In addition, this parallelization mechanism requires more reshap-
ing operations. Recently, Twins [35] combines local and group self-attention to achieve a better
spatial reduction self-attention for LSA. MaxVit [33] swaps the axis of the window partitions to
achieve grid partitions, which removes the shift operation and can be implemented ef ciently on
TPU devices.

None of these architectures are well-equipped to handle resource-limited devices, which
makes it dif cult to run them in terms of both implementation complexity and latency. In this
work, we revisit these methods and propose an ef cient and effective method based on operations

optimized directly for current mobile frameworks.
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Figure 4.1: (a) Overview of our architecture. We adopt hierarchical architecture with 4 stages
of gradually reduced feature resolutions. Within each stage, several MetaBlocks are used where
in general we use cheap operations, i.e., depth-wise convolution, as token mixers in the rst two
stages and attention mechanisms for the latter two stages. (b) Examples of our proposed mobile-
friendly local self-attention on @44 14 feature map, with local siz49. We horizontally and
vertically split the tokens into non-overlapping partitions for layend layem + 1, respectively.

4.3 Method

We rst describe the overall architecture used in our experiments (Sec. 4.3.1). We then
address the on-device latency bottlenecks for existing local self-attention mechanisms and intro-
duce our proposed method to address these problems (Sec. 4.3.2). We also include details of our

models for a range of model sizes (Sec. 4.3.3).

4.3.1 Base Architectures

The overall architecture of our model (shown in Figure 4.1) follows MetaFormer [101],
with minor modi cations as suggested by Ef cientformer [21] for faster on-device inference.
Given an inputimagé 2 R" W 3, a stem with two successive convolution layers of §ze3
is applied to compute patches, also referred to as tokens, with dime@sior{‘{ C1, where
2 Y denotes the token length a@ is the dimension of each token embedding. Following

the hierarchical structure from recent transformers [31, 32, 101], our model has four stages,
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and the token length is gradually downsampled by a convolutional layer at the end of each stage.
Respectively, each stage Has % & W, B W.andf ¥ tokens with embedding dimension
Ci1; Cy; C3; Cy.

Within each stage, several MetaBlocks are used, where each block consists of a token
mixer, exchanging information among tokens, and a channel mixer, exchanging information
among channels. Token mixers can be either cheap operations like pooling or depth-wise con-
volution, or expensive and computation heavy units like multi-head self-attention (MHSA). A
channel mixer is usually a 2-layer MLP with non-linear activations. Similar to other hybrid meth-
ods [21, 101, 113, 114], we use cheap operations such as pooling and depth-wise convolution as

token mixers inthe rsttwo stages, and use self-attention, including the proposed mobile-friendly

local self-attention, in the latter two stages.

4.3.2 Mobile-Friendly Local Self-Attention

Standard vision transformers [12, 22] use global self-attention to enlarge the receptive eld
and capture long-range context. However, the computational complexity of global self-attention
is quadratic in the sequence length which is prohibitive for mobile deployment, especially for
tasks requiring higher input resolution. To reduce complexity, existing methods [32, 33, 34]
conduct local self-attention for the tokens within a speci ¢ partition. For example, Swin [32]
performs self-attention within non-overlapping windows and the window partition is shifted in
successive blocks to enlarge the receptive eld. CSWin [34] performs self-attention in horizontal
and vertical strips in parallel within each transformer block with a dynamic stripe width based

on the input resolution for each stage. Instead of using shifted windows, MaxViT [33] applies
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Ours Reshape

Token mixer Original i0S15.2/16.0 Numbers
Attention 3.8 3.8/3.8 32
Window NS 2.8/2.8 62
CS Window NS 14.6/3.2 170
Mobile-Friendly (Ours) 2.7 2.712.7 32

Table 4.1: Latency (ms) and reshape operation required for transformers with various LSA mech-
anisms. These methods are not supported (marked as NS), on iPhone ANE with the original
implementation. Latency increases signi cantly when more reshape operations are introduced,
especially on previous iOS versions.

local self-attention within grids, namely dilated windows, after each window attention. Although
these methods can dramatically reduce computation complexity, which is @{&ar[32, 33]

or O(L*®) [34] to the token lengtlh, deploying these methods on mobile devices is still chal-
lenging. Many related works [21, 106, 108] point out that such methods are not well supported
on real devices, such as on iPhones using the ANE, which is a major testbed for our study. We
revisit these methods and nd the following observations.

Bottlenecks for On-device Latency.There are mainly two reasons that impede the deployment

of these LSA networks on mobile devices. Firstly, some operations, such as shifting the window,
are memory-consuming and not supported on resource-constrained devices. Although we can
easily x this by removing such an operation, the network may suffer drops in accuracy [32].
Secondly, all of these methods rely heavily on window partitioning which requires complicated
reshape operations that are not natively supported as atomic operations on devices such as iPhone
ANE, as they signi cantly recon gure the memory layout of these tensors. We re-implement
these partitions with a reshape trick that makes these models runnable on-device. However, this
implementation trick actually introduces a large number of simple reshape operations, which have

been shown to be slow on-device [21]. Table 4.1 shows the latency for networks with different
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attention mechanisms on #hone 13 prowith different iOS versions. We can see that window
partitioning doubles the number of reshape operations required for the transformer blocks using
global self-attention, where reshaping is used to convert re-stride 4D input to 3D. In addition, the
cross-shape strip partition requires additional movement, since horizontal and vertical strips are
calculated in parallel within a block. Although these blocks can be deployed faster with the latest
iOS version, the latency is signi cantly slower for previous versions. Therefore, to achieve low
on-device latency, we propose a mobile-friendly and effective local self-attention mechanism,
which is well-supported on-device and without any additional reshape operations.
Mobile-Friendly LSA. To address the aforementioned issues, we propose a local self-attention
that is fully based on operations friendly to mobile devices and requires no additional reshapes
(Seein Table 4.1). We split adjacent tokens into non-overlapping partitions and then self-attention
is only conducted individually within each local partition. Formally, ¥t 2 R“ € be the
encoded features at timeth transformer layer, where denotes the total token length a@dis

the dimension of token embeddings. To obtain the features dnthel) -th transformer layer,

we rst partition X" into | sequences,

XM =[X1: X3 X[ (4.1)

where eaclX; 2 RM © andM = L=I whereM is the number of tokens in each partition. Then,
MHSA is applied on these token partitions, and the results are concatenated to return the nal

output of the local self-attention,

Y™ = MHSA(X"); XM 2 X" (4.2)
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=YY YT (4.3)

whereY " will be passed to a feed-forward network and outputs the encoded feXt(régor
(n + 1) -th layer.

A Pytorch-like pseudo code is presented in Appendix 4.6.1 (Alg. 2). Theoretically, given
input tokens with resolutioh and local lengtiM , the computation complexity of the proposed
attention mechanism is

( LSA)=4LC?+2MLC: (4.4)

WhenM is xed and relatively small, the complexity is linear in token length. In genevhl,

can be any factor of the token lendth otherwise, additional padding tokens are required which
would imply additional costs. By defaul¥] is set to49, which is the same as the Swin Trans-
former [32]. With the same local size, the theoretical complexity of our method is the same
as Swin, namelyO(L), which is faster than spatial reduction attention (SRA) with complexity
O(L?) and cross-shape window attention with complexitfl °). Notably, our method can

be applied to other architectures as well, such as Swin [32] or PVT [31]. Here, we focus our
experiments on MetaFormer [101] mainly due to its simplicity and ef ciency in experiments.
Dimension Swap and Relative Position Bias.Swin Transformer [32] uses shifted window
partitions in successive blocks to capture context from a longer range. Similarly, to introduce
connections between token partitions, we swap the width and height dimensions of the feature
map for successive blocks. Shown in Figure 4.1, tokens are horizontally split imlayet then
vertically split in the next layen + 1. Unlike the shifted window operation, dimension swapping
can be ef ciently achieveavith no additional cost§See Alg. 2 in Appendix 4.6.1). Additionally,

we adopt a relative position bias similar to Swin [32] in the local self-attention.
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4.3.3 Architecture Variants

For fair comparisons, we provide three variants with the same channel numbers as the
small-sized MetaFormer, and each network has 12, 18, and 24 layers in total, respectively. We
also provide a model with the exact same channel numbers and block layers for each stage as
Swin-S to show the effectiveness of our method. Depth-wise convolution [116] is used along with
BatchNorm [117] in the rst two stages and the proposed LSA, along with LayerNorm [118],
is used in the latter two stages. Details and variants of our architecture can be found in Ap-

pendix 4.6.2.

4.4 Experiments

4.4.1 Datasets and Implementation Details

We implement our model with PyTorch [119] and the TIMM library [120]. All methods are
benchmarked on ImageNet-1K [6] for image classi cation. For downstream tasks, MSCOCO [13]
is used for object detection, and ADE20K [121] is used for semantic segmentation. For ImageNet
training, we follow the training settings of related work [32, 101, 106]. We train the networks
with the AdamW optimizer with a weight decay rate of 0.05 and batch size of 1024 for 300
epochs. The learning rate starts at 0.001 and decays under a cosine scheduler with 3 warm-up
steps. Data augmentations such as random augmentation [122], Mixup [123], CutMix [124],
and stochastic depth drop [125] are adopted as in previous methods [32, 101]. Unless otherwise
stated, all ablation studies use the smallest variant with 12 layers, and the token mixer is a depth-

wise convolution in the rst two stages and self-attention in the last two stages. LayerNorm is
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used as the normalization and we use a default local length of 49. To be noticed, for tasks such
as image classi cation with input resolutid@?4 224 the size of the feature maps in the nal
block (7  7) will be the same as the default local length, which makes no difference for local
and global self-attention. For all downstream tasks, we netune the ImageNet-1K pre-trained
model following [32, 106]. We use the Mask R-CNN [126] framework for object detection and
Semantic FPN [127] for segmentation. More training details can be found in Appendix 4.6.3.
On-device latency is measured through the CoreML framework on an iPhone 13 Pro with
iI0S 16.0 with batch size 1, and with the TensorRT (TRT) framework on an NVIDIA A4000 GPU
with batch size 8. The latency is evaluated at the sc@4, 224512 5121024 1024
for classi cation, segmentation, and object detection, respectively. Unless otherwise stated, the

latency in all ablation studies is evaluated on an iPhone 13 Pro with iOS 16.0.

4.4.2 Evaluation of the proposed Local Self-Attention

4.4.2.1 Comparisons with Ef cient Self-attention

We show the effectiveness of our proposed mobile-friendly LSA by comparing it to other
ef cient self-attention methods. We use the same default architecture, and only replace the token
mixers in the third stage with the target attention method. Table 4.2 shows the Top-1 accuracy (%)
on ImageNet for classi cation and the latency on CoreML. We can see that all LSA methods can
achieve reasonable accuracy and latency with our re-implementation. In addition, our method is
more accurate than Swin transformer (without shifting) and SRA with a similar inference speed.
Ours has comparable accuracy to window and grid attention pairs (Win/Grid) from MaxViT [33]

and cross-shape window attention from CSWin, with only half or even one-fourth of the reshape
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operations, which demonstrates the effectiveness of our proposed method. More experiments on

other downstream tasks such as segmentation and detection can be found in Appendix 4.6.4.

Methods Accuracy Latency# Reshape
Top-1 (%) (ms)

SRA 80.0 2.4 32

Swin 80.8 2.8 62

Win/Grid 81.3 2.8 62

CSWin 81.4 3.2 170

Mobile-friendly (Ours) 81.4 2.7 32

Table 4.2: Performance for different ef cient attention mechanisms used with the MetaFormer
architecture. We highlight the result of our proposed LSA in gray.

4.4.2.2 Comparisons with Global Attention

We compare our proposed LSA with global MHSA, where we use MHSA as token mixers
in different stages. Table 4.3 shows that using MHSA only at the last stage, similar to Ef cient-
Former and TRT-ViT, may drop the performance of the model by a large margin. Compared to
using MHSA at the latter two stages, Top-1 accuracy on ImageNet and the mAP on MSCOCO
drops more than 2%, while mloU on ADE20k segmentation tasks drops around 5%. Yet, by us-
ing the proposed LSA, we can achieve comparable performance on all these vision tasks. From
Figure 4.2, we can see that our proposed LSA is much faster than using global MHSA, especially
when the input resolution is high (ADE20K/MSCOCO). Therefore, our proposed LSA provides

a better trade-off between model quality and ef ciency.
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Stage ImageNet ADE20k MSCOCO
Accuracy LatencynloU LatencymAPP°X Latency
CCCC 78.6 1.3|/354 52 | 375 17.6
CCCA 79.0 19 |37.0 93 | 413 47.1
CCAA 81.7 3.8 {439 36.8| 43.8 -
Ours 814 2.7 |43.7 146 | 429 494

Table 4.3: Performance of using MHSA and LSA as token mixers in different stages. “C” denotes
depth-wise convolution, “A” denotes MHSA and “L” denotes our proposed LSA. Our method can
achieve comparable results to MHSA while dramatically reducing the latency (ms) on an iPhone
ANE, especially for high-resolution inpui$24 1024which is too expensive to get a number

for MHSA.

Figure 4.2: Latency (ms) of models using MHSA or our proposed LSA at different stages with
inputs of resolution ranging frord24 224to 1024 1024 The latency of LSA remains low
when the resolution scales up.

4.4.3 Comparisons with SOTA Methods

4.4.3.1 Image Classi cation

Table 4.4 displays the top-1 accuracy on ImageNet as well as the latency on both Ten-
sorRT and CoreML. Rows are grouped by the block type applied in each network. As shown in
Table 4.4, our proposed LSA can achieve comparable accuracy and latency compared to other
SOTA mobile-friendly models, which use few attention layers. For example, compared to Pool-
Former [101], which uses Pooling as token mixers, our model increases the latency by only

around 50% while boosting the accuracy by at least 2% with the same architecture. Compared
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to Ef cientFormer, our method is as fast as the small-size variants, while roughly 15% faster and
0.3% better for the largest model - even though their model is trained with additional distillation
which boosts accuracy by roughly 2%. Compared to Next-VIT, the accuracy is similar among
all the variants, but our model can save around 30% in parameter count as well as strictly reduce
FLOPs. Compared to other attention-heavily mobile models, such as MobileViTv2, with simi-
lar model sizes, our method & smaller in FLOPs an@:2 faster on CoreML while having

the same accuracy. Notably, with the same model con guration as Swin-S, our model is 0.5%
better in accuracy. Meanwhile, all these LSA-only methods are unavailable on ANE, with non-
supported operations, and CSWin is roughly 40% slower on TensorRT under similar accuracy.
These results emphasize again our proposed LSA is plausible on-device and brings optimism to

the idea of reintroducing LSA for mobile transformers.

4.4.3.2 Object Detection and Semantic Segmentation

Table 4.5 shows the mean average precision (mMAP) and mean intersection over union
(mloU) for object detection on MSCOCO and segmentation on ADE20K. Since higher reso-
lution inputs are required for these frameworks, we also measure the latency on CoreML for
backbones with different resolutions. As seen in Figure 4.3, a clear trade-off is observed, espe-
cially for object detection which has the highest input resolution. Even though SRA, which is
used in Next-ViT, can reduce the token length, the computational cost is still quadratic to token
size which worsens latency when the input resolution is high. Meanwhile, the cost for the pro-
posed LSA is linear, which makes our model scale better with respect to resolution. Speci cally,

with similar inference time, our model outperforms Ef cientFormer-L3 by 1.2% in box mAP and
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Block | @ | Param FLOPS Latency (ms) | Acc.
Backbone a

Type (M) (G) | TRT CoreML | Top-1
ResNet101 Conv 44.6 79 | 45 35 80.8
MobileNetv2-1.4 Conv 6.1 06 | 1.7 11 74.7
Ef cientNet-BO Conv 5.3 0.4 2.3 15 77.1
Ef cientNet-B3 Conv 12.0 1.8 6.7 5.6 81.6
Ef cientNet-B5 Conv 30.0 9.9 | 253 222 | 83.6
DeiT-T MHSA | X 5.9 1.2 2.0 5.1 74.5
DeiT-S MHSA | X | 225 4.5 3.8 11.6 81.2
Swin-T LSA 29.0 45 | 5.2 - 81.3
Swin-S LSA 50.0 8.7 | 84 - 83.0
CSwin-T LSA 23.0 43 | 7.9 - 82.7
CSwin-S LSA 35.0 6.9 | 123 - 83.6
PoolFormer-S12 Pool 12.0 20 | 39 15 77.2
PoolFormer-S24 Pool 211 34 7.1 24 80.3
PoolFormer-S36 Pool 31.2 5.0 | 104 34 81.4
MetaFormer-S12(LSA) | Hybrid 16.6 2.5 3.7 2.1 81.1
MetaFormer-S18(LSA) | Hybrid 225 3.4 4.7 2.9 82.3
MetaFormer-S24(LSA) | Hybrid 30.6 4.7 6.2 3.8 82.8
MetaFormer-SwinS(LSA] Hybrid 51.3 8.5 8.2 5.6 83.5
MobileViTv2-1.0 Hybrid 4.9 1.8 | 45 35 78.1
MobileViTv2-2.0 Hybrid 18.5 75 | 7.7 6.8 81.2
Ef cientFormer-L1 Hybrid | X | 12.3 13 | 22 15 79.2
Ef cientFormer-L3 Hybrid | X | 31.3 39 | 4.2 2.6 82.4
Ef cientFormer-L7 Hybrid | X | 82.1 10.2 | 8.1 6.5 83.3
CMT-T Hybrid 9.5 0.6 | 44 5.4 79.1
CMT-XS Hybrid 15.2 15 | 7.7 8.2 81.8
CMT-S Hybrid 25.1 40 | 131 10.0 | 835
Next-ViT-S Hybrid 31.7 5.8 | 4.3 3.3 82.5
Next-ViT-B Hybrid 44.8 83 | 5.8 4.1 83.2
Next-ViT-L Hybrid 57.8 108 | 7.3 4.8 83.6
Next-ViT-S (LSA) Hybrid 28.2 515) 4.3 3.4 82.7
Next-ViT-B (LSA) Hybrid 39.8 7.8 5.7 4.8 83.5
Next-ViT-L (LSA) Hybrid 514 101 | 7.2 5.7 83.9

Table 4.4: Comparisons using image classi cation on ImageNet-1K. We highlight results in gray
that use our proposed LSA. FLOPs and latency are measured with inp@Pdgize224

0.9% in mask mAP. In addition, our larger variant (S24) outperforms Ef cientFormer-L7 by 2%
box mAP and 1.6% mask mAP while the latency is 60% less. A similar trend is observed for se-
mantic segmentation as well, where our larger variant beats Ef cientFormer-L7 by 1.5% in mloU
with a slightly faster inference speed. Compared to Next-ViT, our model is ro@ghfgster, but

with a noticeable performance drop. Again, we compared our model with Swin-S, under com-
parable model sizes, where we achieve close performance in both object detection and semantic
segmentation which demonstrates that our model can serve as a general-purpose backbone for

vision tasks.
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MSCOCO ADE20K

Backbone AP® AP™ LatencymloU Latency
ResNet101 40.4 36.4 544|388 11.3
Swin-T 42.2 39.1 - 41.5 -
Swin-S 44.8 40.9 - 45.2 -

Ef cientFormer-L1 379 354 19.6]| 38.9 5.4
Ef cientFormer-L3 414 38.1 45.0|435 105
Ef cientFormer-L7 42.6 39.0 117.4 451 21.4

MetaFormer-S12(LSA) |42.6 39.0 40.9 | 43.2 10.0
MetaFormer-S18(LSA) |44.2 40.1 55.9 | 45.3 13.7
MetaFormer-S24(LSA) |44.6 40.6 77.3 | 46.6 18.0
MetaFormer-SwinS(LSA 45.1 40.8 129.2 | 46.5 27.3

Next-ViT-S 459 41.8 214.9 46.5 16.8
Next-ViT-B 47.2 42.8 3229/ 486 225
Next-ViT-L 48.0 43.2 422.1] 49.1 28.0
Next-ViT-S (LSA) 451410 605 |46.7 141
Next-ViT-B (LSA) 46.3 42.3 80.0 | 48.5 18.7
Next-ViT-L (LSA) 46.6 42.4 144.3| 489 232

Table 4.5: Comparison of object detection on MSCOCO and semantic segmentation on ADE20K.
Latency is measured on CoreML for inputs with resolutl®24 1024for object detection and
512 512for segmentation.

4.4.3.3 Combining with Next-ViT

To further illustrate the ef ciency and exibility, we combine the proposed LSA with Next-

VIiT and apply the following modi cation: We replace all attention layers and their previous
convolution layer with our proposed LSA, which allows swapping for dimensions in consecutive
layers. In addition, we remove the complicated hybrid strategy within a transformer block and
keep the channel dimension xed within each stage. Table 4.4 and Table 4.5 show the results for
Next-ViT and the variants with our proposed LSA in different vision tasks. For tasks with smaller
input resolutions such as image classi cation, our model can achieve consistent improvement
for all three variants with similar latency on CoreML, since the spatial reduction attention can
aggressively shrink the token size to be as small as our local size. For tasks requiring higher input

resolutions such as segmentation and object detection, our method is much faster and achieves
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comparable results. As clearly illustrated in Figure 4.3, compared to other ef cient networks, our
Next-ViT variants can obtain signi cant performance boosts while enjoying low latency, which
again shows the effectiveness and ef ciency of the proposed LSA, especially for high-resolution

applications.

Figure 4.3: Trade-off between latency on CoreML and (a) classi cation accuracy on ImageNet,
(b) mloU for segmentation on ADE20K, (c) mAP for detection on MS-COCO. Latency is mea-
sured on input resolutions @24 224512 512and1024 1024respectively. We compare

our proposed LSA with other ef cient models.

4.4.4 Ablation Studies

In this section, we conduct several ablation studies to highlight the bene ts and crucial

components of our proposed modi ed LSA.

4.4.4.1 Trade-offs between Local Size and Latency

We explore the trade-off between the local size used in the LSA and the latency on CoreML,
as well as the classi cation accuracy. In Table 4.6, we collect the latency for blocks with various
token mixers, including depth-wise convolution (DW-Conv), multi-head self-attention (MHSA),
and proposed local self-attention (LSA) with different local lengths. The input resolutions are set

as those used for different stages in image classi cation with the corresponding channel number.

66



Token Mixer 56x56 28x28 14x14 X7

DW-Conv 0.5 0.46 0.41 0.44
MHSA 8.13 1.29 0.66 0.47
LSA-98 0.92 0.65 0.59 -
LSA-49 0.84 0.60 0.56 -
LSA-14 0.73 0.53 0.48 -
LSA-7 0.79 0.55 0.49 0.46

Table 4.6: Latency (ms) of LSA with different local lengths on input with the same resolution

used in each stage for image classi cation. We also compare the latency with DW-Conv and
MHSA.

As we can see in Table 4.6, the proposed LSA is notably faster than MHSA when the resolution
is high, such a6 56. However, when the resolution is as low#as 7, the latency difference
between MHSA and LSA is negligible, even compared with DW-Conv. Regarding accuracy, we
can see from Table 4.7 that the accuracy drops slightly when shorter local partitions are used. In
general, the longer local length, the slower the network but the better accuracy will get. More
details can be found in Appendix 4.6.5.

To better understand the LSA mechanism, we evaluated models trained with a speci c local
size, ranging from 49 to 196 (full size), with various other local lengths. From Table 4.7, we
observe that the pre-trained model works surprisingly well with the local size different from the
one used during the training, especially for those trained with LSA. The accuracy drops roughly
1% when tested on a local size which is only one-fourth of the trained size. Even though the
model is trained with global MHSA, it can still achieve reasonable accuracy when evaluated with
a smaller local size, which shows that the local information is indeed important and useful for the

self-attention mechanism.
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4.4.4.2 Different Variants of MetaFormer

In this section, we test the performance of the proposed LSA under different architecture
variants of MetaFormer, where different token mixers and normalization layers are evaluated.
Following PoolFormer [101] and Ef cientFormer [21], we use the pooling operation as the token
mixer in the rst two stages as well. As we can see in Table 4.8, similar results can be obtained
compared to depth-wise convolutions, which shows that our model does not only rely on these
convolution layers. In addition, depth-wise convolution is as ef cient as pooling, which sug-
gests that depth-wise convolution is a more natural choice for these hybrid models. With respect
to normalization layers, contrary to previous work [21, 106] showing that Batch Normalization
(BN) achieves similar results to Layer Normalization (LN), we observe a clear performance drop
(around 0.5%) by using BN since our method is a more transformer-like approach. This perfor-
mance drop happens on downstream tasks, such as object detection, as well. However, BN is
much faster on mobile devices, given that it can be fused before inference. As a result, we adopt
a hybrid mode where we use BN for convolution layers and LN for LSA layers, which provides
the best trade-off. We also test our model with one more LSA stage, but no clear improvement is

observed.

Length 196 98 49 28 14 7

196 817 795 758 701 573 286
98 - 815 811 801 78.0 681
49 - - 814 812 80.7 78.0

Table 4.7: Accuracy of the networks trained with speci c local size (196, 98, 49 respectively). We
test the pre-trained model with various local sizes, and no netuning is used during the evaluation.
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Stages  Token Mixers Norm Accuracy Latency

2 Pooling LN 81.3 2.8ms
2 DWConv LN 81.4 2.7ms
2 DWConv BN 80.7 1.9ms
2 DWConv BN-LN 81.1 2.0ms
3 DWConv LN 81.2 3.2ms

Table 4.8: Ablation study for different variants of MetaFormer, including different token mixers,
normalization layers, and stage combinations.

4.4.4.3 Evaluating Position Bias and Dimension Swap

In this section, we show the effectiveness of the dimension swap and the relative position
bias. Three models are compared in Table 4.9, including one with both methods, one with only
dimension swap, and one with neither of them. Performance on downstream tasks is evaluated
as well. Both methods improve the image classi cation accuracy on ImageNet by around 0.4%.
Moreover, dimension swap dramatically boosts the performance of object detection and semantic
segmentation, where high-resolution inputs are required. Swap dimension improves the mAP
for object detection by 3% and mloU for semantic segmentation by 5%. Since the local size is
relatively small, 49 against 1024 in segmentation with input resoldibih 512 dimension

swapping can increase the receptive eld and thus improve the performance.

ImageNet MSCOCO ADE20K
Top-1 AP APM mloU
80.6 393 36.6 38.2
+ swap 81.0 422 389 43.5
+ pos + swap 81.4 42.9 39.2 43.7

Table 4.9: Bene ts of dimension swapping and relative position bias. Dimension swapping can
signi cantly improve performance especially on downstream tasks. Relative position bias can
further boost performance.
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4.5 Conclusion

Previous work has mostly dismissed local self-attention for transformers on mobile devices,
largely because of problems caused by memory layout and tensor reshaping operations on mobile
tools such as ANE. In this work, we revisit local self-attention for mobile vision transformers. We

nd that LSA can actually be modi ed to work quite well, and can succeed without tensor layout
modi cation, using only our proposed mobile-friendly partitioning and dimension swapping. We
validate this through extensive experiments. Overall, we nd the bene ts of our modi ed LSA
to be especially apparent for high-resolution applications, such as object detection and semantic

segmentation.

4.6 Appendix

4.6.1 Pytorch-Like Pseudocode

The PyTorch-Like pseudo code is displayed in Alg 2. Given an inpwtith dimension
B;C;H; W, dimension swapping and local partition can be done with one reshape operation

which is exactly the same as reshaping a 4D tensor to 3D.

4.6.2 Model Variants

Table 4.10 summarizes the con gurations of the models used in the experiments. We
mainly follow the structure of MetaFormer [101]. We use depthwise convolution as the token
mixer for the shallow stages with higher input resolution. And we use our proposed LSA with a

local length of 49 as the token mixer for the deep stages with lower input resolution. In addition,
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. MetaFormer
Stage Output Size Layer Congs 812\ 818\ 824\ SWInS
Convolution Kernal Size 3 3, stride 2
Stem Hoow Embed Dim| 64 \ 64 \ 64 \ 96
4 4 Convolution Kernal Size 3 3, stride 2
EmbedDim| 64 | 64 | 64 | 96
Token Mixer | DW Conv,3 3, stride 1
EmbedDim| 64 | 64 | 64 | 96
H W
1 1 7 MetaBlock MLP Ratio a
# Blocks 2 \ 3 \ 4 \ 2
. Kernal Size 3 3, stride 2
H W ’
Down Sample s 8 Convolution Embed Dim 128\ 128\ 128\ 197
Token Mixer | DW Conv,3 3, stride 1
Embed Dim | 128 \ 128 \ 128 \ 192
H W
2 5T 8 MetaBlock MLP Ratio a
# Blocks 2 \ 4 \ 4 \ 2
) Kernal Size 3 3, stride 2
Hoow ’
Down Sample 6 16 Convolution Embed Dim 320‘ 320‘ 320‘ 384
Token Mixer LSA, length 49
Embed Dim | 320 \ 320 \ 320 \ 384
H W
2 6 16 MetaBlock MLP Ratio 7
# Blocks 6 \ 8 \ 12 \ 18
. Kernal Size 3 3, stride 2
H W ’
Down Sample % 3 Convolution Embed Dim 512‘ 512‘ 512‘ 768
Token Mixer LSA, length 49
Embed Dim | 512 \ 512 \ 512 \ 768
Hoow
2 % 16 MetaBlock MLP Ratio a
# Blocks 2 \ 3 \ 4 \ 2

Table 4.10: Con guration details of different model variants we used in the experiments.

we also provide a model variant that has the same number of channels and blocks for each stage

as Swin-S [32].

4.6.3 Experiment Details

For model training on ImageNet, we follow previous work [22, 32, 101], as described

in Section 4.4.1. For object detection on MSCOCO, we netune the ImageNet-1K pre-trained
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model following the training settings of previous work [32, 106]. We mainly focus on thé “
setting, where we netune the model with 12 epochs in total. We use AdamW as the optimizer
with a peak learning rate d:0001 and the learning rate decreasesliy at epoch of 8 and
11. We use 1000 warm-up iterations and a weight decay rate of 0.05. For semantic segmentation
on ADE20k, we follow the training setting of Semantic FPN from Next-ViT [106], where we
netune the ImageNet-1K pre-trained model for 40000 iterations with the AdamW optimizer on
8 GPUs. We set the learning rate and weight decay as 0.0001. For the experiments regarding
Next-ViT variants, we use the same hyper-parameters as Next-ViT, except one setting for Next-
ViT large on semantic segmentation, where we use a larger weight decay (0.01) and stochastic
path drop rate (0.3).

For the latency evaluation on CoreML, we evaluate both versioesm@mltools (5.2
and 6.0), but we do not observe a big difference. Notably, when measuring the latency with
extreme-high-resolution inputs, suchk34 1024 Apple Neural Engine (ANE) is not always
working for arbitrary dimensions. For example, we observe that several layers of Next-ViT (in
stage 2) can only be runnable on CPU and GPU with the default model con gurations. As aresult,
for fair comparison, we tweak their mixed block ratio to have a dimension of the embeddings that
can be runnable on ANE for self-attention modules. This happens for our proposed LSA as well
when a local length other than 49 is used, such as 64 together with the speci ¢ channel dimension
320 we used in stage 3. However, it is runnable on ANE with either a smaller dimension, 256,
or a larger dimension 384, which shows that in general cases, our proposed method can still be

deployed ef ciently on mobile devices.
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4.6.4 Comparison with Window-based Attention

Comparison between window-based attention and the proposed local self-attention on ADE20K
segmentation and COCO detection. Our method outperforms window and grid attention adopted

from MaxViT.

MSCOCO ADE20K

Method AP  APT  mioU
Win 391 363 38.4
Win/Grid 412 382 41.6
LSA(Ours) 42.9 39.3 43.7

Table 4.11: Comparison to different local attention methods on high-resolution tasks.

4.6.5 More Results for Ablation Studies

In this section, we provide more results for the ablation studies described in Section 4.4.4.
Table 4.12 shows the top-1 accuracy on ImageNet-1K and latency on CoreML for proposed LSA
with various local lengths. In general, with a longer local length, the network will be slower but
achieve better accuracy. In addition, more results on downstream tasks for MetaFormer variants
are provided in Table 4.13. We evaluate the backbones used in our experiments (See Section 4.4)
with different normalization layers. For most experiments, the accuracy or the precision drops
when we use Batch Normalization layers instead of Layer Normalization. For example, the
accuracy of image classi cation on ImageNet-1K drops around 0.2%, and the box mAP of object
detection on MSCOCO drops around 0.4% on average. However, the latency increases notably
when LN is applied. For instance, the latency increases roughly 30%, 28%, and 20% on average,

for inputs with resolutior224 224512 5121024 1024respectively.
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Local Length Top-1 Accuracy (%) Latency (ms)

Full 81.7 3.8
98 81.5 2.9
49 81.4 2.7
14 79.6 2.5
7 79.3 2.5

Table 4.12: ImageNet-1K classi cation accuracy and latency on CoreML for our proposed LSA
with various local lengths.

Backbone Norm Layef ImageNet ADE20k MSCOCO
“Accuracy LatencynloU LatencymAP°°* Latency
MetaFormer-S12(LSA) BN-LN 81.1 2.1/43.2 10.0| 42.6 409
MetaFormer-S12(LSA) LN 81.4 2.7/43.7 146 | 43.1 494
MetaFormer-S18(LSA) BN-LN 82.3 29453 13.7| 442 559
MetaFormer-S18(LSA) LN 82.3 3.8/45.0 17.1| 443 70.6
MetaFormer-S24(LSA) BN-LN 82.8 3.8/46.6 18.0| 446 77.3
MetaFormer-S24(LSA) LN 82.9 5.1/46.3 225 | 45.0 94.7
MetaFormer-SwinS(LSA) BN-LN 83.5 5.6/46.5 27.3| 45.1 129.2
MetaFormer-SwinS(LSA) LN 83.7 7.3/46.9 31.2| 458 136.9

Table 4.13: More ablation studies for MetaFormer variants on downstream tasks. “BN” denotes
Batch Normalization, “LN” denotes Layer Normalization and “BN-LN” denotes the hybrid strat-
egy where using Batch Normalization for convolution token mixers and using Layer Normaliza-
tion for LSA token mixers.
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Algorithm 2 PyTorch-like implementation of mobile-friendly LSA module.

# Pytorch-like Mobile Friendly Local Self-Attention

class LSA(nn.Module):
def _init __(self, dim, head _dim, local _len):
super(). _init _()
# Multi-Head Self-Attention for 3D tensor
self.attn = MHSA(dim, head _dim)
self.local len = local _len

def forward(self, x, swap):
B, C, H, W = x.shape

# Efficient token partition with dimension swap

If swap:
x = x.permute(0,3,2,1).reshape(-1, self.local _len,
C)
else:
x = x.permute(0,2,3,1).reshape(-1, self.local len,
<)

B, N, C = x.shape

# Conducting self-attention on each local partition
individually

x = self.attn(x)

if swap:

x = x.view(-1, W, H, C).permute(0,3,2,1)
else:

x = x.view(-1, H, W, C).permute(0,3,1,2)
return X
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Chapter 5: Unraveling Meta-Learning: Understanding Feature Representations

for Few-Shot Tasks

5.1 Introduction

Training neural networks from scratch requires large amounts of labeled data, making it
impractical in many settings. When data is expensive or time-consuming to obtain, training
from scratch may be cost-prohibitive [128]. In other scenarios, models must adapt ef ciently to
changing environments before enough time has passed to amass a large and diverse data corpus
[129]. In both of these cases, massive state-of-the-art networks would over t the tiny training sets
available. To overcome this problem, practitioners pre-train on large auxiliary datasets and then
ne-tune the resulting models on the target task. For example, ImageNet pre-training of large
ResNets has become an industry standard for transfer learning [130]. Unfortunately, transfer
learning from classically trained models often yields sub-par performance in the extremely data-
scarce regime or breaks down entirely when only a few data samples are available in the target
domain.

Recently, numerous few-shot benchmarks have been rapidly improved using meta-learning
methods [131, 132]. Unlike classical transfer learning, which uses a base model pre-trained on

a different task, meta-learning algorithms produce a base network that is speci cally designed
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for quick adaptation to new tasks using few-shot data. Furthermore, meta-learning is still effec-
tive when applied to small, lightweight base models that can be ne-tuned with relatively few
computations.

The ability of meta-learned networks to rapidly adapt to new domains suggestbehat
feature representations learned by meta-learning must be fundamentally different than feature
representations learned through conventional trainiri@ecause of the good performance that
meta-learning offers in various settings, many researchers have been content to use these features
without considering how or why they differ from conventional representations. As a result, little
is known about the fundamental differences between meta-learned feature extractors and those
which result from classical training. Training routines are often treated like a black box in which
high performance is celebrated, but a deeper understanding of the phenomenon remains elusive.
To further complicate matters, a myriad of meta-learning strategies exist that may exploit different
mechanisms.

In this work [51], we delve into the differences between features learned by meta-learning
and classical training. We explore and visualize the behaviors of different methods and identify
two different mechanisms by which meta-learned representations can improve few-shot learn-
ing. In the case of meta-learning strategies that x the feature extractor and only update the last
(classi cation) layer of a network during the inner-loop, such as MetaOptNet [131] and R2-D2
[2], we nd that meta-learning tends to cluster object classes more tightly in feature space. As
a result, the classi cation boundaries learned during ne-tuning are less sensitive to the choice
of few-shot samples. In the second case, we hypothesize that meta-learning strategies that use
end-to-end ne-tuning, such as Reptile [1], search for meta-parameters that lie close in weight
space to a wide range of task-speci ¢ minima. In this case, a small number of SGD steps can
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transport the parameters to a good minimum for a speci c task.

Inspired by these observations, we propose simple regularizers that improve feature space
clustering and parameter-space proximity. These regularizers boost few-shot performance appre-
ciably, and improving feature clustering does so without the dramatic increase in optimization

cost that comes from conventional meta-learning.

5.2 Problem Setting

5.2.1 The Meta-Learning Framework

In the context of few-shot learning, the objective of meta-learning algorithms is to produce
a network that quickly adapts to new classes using little data. Concretely stated, meta-learning
algorithms nd parameters that can be ne-tuned in few optimization steps and on few data points
in order to achieve good generalization on a tgskonsisting of a small number of data samples
from a distribution and label space that was not seen during training. The task is characterized
asn-way, k-shotif the meta-learning algorithm must adapt to classify data fipmfter seeing
examples from each of theclasses if;.

Meta-learning schemes typically rely on bi-level optimization problems witimaar loop
and amouter loop An iteration of the outer loop involves rst sampling a “task,” which comprises
two sets of labeled data: the support dat&, and the query datd;®. Then, in the inner loop,
the model being trained is ne-tuned using the support data. Finally, the routine moves back to
the outer loop, where the meta-learning algorithm minimizes loss on the query data with respect
to the pre- ne-tuned weights. This minimization is executed by differentiating through the in-

ner loop computation and updating the network parameters to make the inner loop ne-tuning
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as effective as possible. Note that, in contrast to standard transfer learning (which uses classical
training and simple rst-order gradient information to update parameters), meta-learning algo-
rithms differentiate through the entire ne-tuning loop. A formal description of this process can

be found in Algorithm 3, as seen in Goldblum et al. [133].

Algorithm 3 The meta-learning framework

Require: Base modelF , ne-tuning algorithm,A, learning rate, , and distribution over
tasks,p(T).
Initialize , the weights of;
while not donedo
Sample batch of taskél g, , whereT; p(T) andT, = (T;5; T,9).

Fine-tune model ofi; (inner loop).
New network parameters are written= A( ; T,°).
Compute gradiengs = r L(F ;T.%
Update ba§e model parameters (outer loop):
a9
n |

5.2.2 Meta-Learning Algorithms

A variety of meta-learning algorithms exist, mostly differing in how they ne-tune on sup-
port data during the inner loop. Some meta-learning approaches, such as MAML, update all net-
work parameters using gradient descent during ne-tuning [45]. Because differentiating through
the inner loop is memory and computationally intensive, the ne-tuning process consists of only
a few (sometimes just 1) SGD steps.

Reptile, which functions as a zeroth-order approximation to MAML, avoids unrolling the
inner loop and differentiating through the SGD steps. Instead, after ne-tuning on support data,
Reptile moves the central parameter vector in the direction of the ne-tuned parameters during

the outer loop [1]. In many cases, Reptile achieves better performance than MAML without
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having to differentiate through the ne-tuning process.

Another class of algorithms freezes the feature extraction layers during the inner loop;
only the linear classi er layer is trained during ne-tuning. Such methods include R2-D2 and
MetaOptNet [2, 131]. The advantage of this approach is that the ne-tuning problem is now
a convex optimization problem. Unlike MAML, which simulates the ne-tuning process using
only a few gradient updates, last-layer meta-learning methods can use differentiable optimizers
to exactly minimize the ne-tuning objective and then differentiate the solution with respect to
feature inputs. Moreover, differentiating through these solvers is computationally cheap com-
pared to MAML's differentiation through SGD steps on the whole network. While MetaOptNet
relies on an SVM loss, R2-D2 simpli es the process even further by using a quadratic objective
with a closed-form solution. R2-D2 and MetaOptNet achieve stronger performance than MAML

and are able to harness larger architectures without over tting.

Model SVM RR ProtoNet MAML

MetaOptNet-M
MetaOptNet-C

62.64 0.31%
56.18 0.31%

60.50
55.09

0.30 %
0.30 %

51.99 0.33%
41.89 0.32%

55.77 0.32%
46.39 0.28 %

R2-D2-M
R2-D2-C

51.80 0.20%
48.39 0.29 %

55.89
48.29

0.31%
0.29%

47.89 0.32%
28.77 0.24%

53.72 0.33%
44.31 0.28 %

Table 5.1: Comparison of meta-learning and classical transfer learning models with various
ne-tuning algorithms on 1-shot mini-ImageNet. “MetaOptNet-M” and “MetaOptNet-C” de-
note models with MetaOptNet backbone trained with MetaOptNet-SVM and classical training.
Similarly, “R2-D2-M" and “R2-D2-C” denote models with R2-D2 backbone trained with ridge
regression (RR) and classical training. Column headers denote the ne-tuning algorithm used for
evaluation, and the radius of con dence intervals is one standard error.

Another last-layer method, ProtoNet, classi es examples by the proximity of their features
to those of class centroids - a metric learning approach - in its inner loop [3]. Again, the feature

extractor's parameters are frozen in the inner loop, and the extracted features are used to create
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class centroids which then determine the network's class boundaries. Because calculating class
centroids is mathematically simple, this algorithm is able to ef ciently backpropagate through
this calculation to adjust the feature extractor.

In this work, “classically trained” models are trained, using cross-entropy loss and SGD,
on all classes simultaneously, and the feature extractors are adapted to new tasks using the same
ne-tuning procedures as the meta-learned models for fair comparison. This approach represents

the industry-standard method of transfer learning using pre-trained feature extractors.

5.2.3 Few-Shot Datasets

Several datasets have been developed for few-shot learning. We focus our attention on two
datasets: mini-ImageNet and CIFAR-FS. Mini-ImageNet is a pruned and downsized version of
the ImageNet classi cation dataset, consisting of 60,80, 84 RGB color images fromi00
classes [134]. These 100 classes are splitédtd 6, and20 classes for training, validation, and
testing sets, respectively. The CIFAR-FS dataset samples images from CIFAR-100 [2]. CIFAR-
FS is split in the same way as mini-ImageNet with 60,820 32 RGB color images froni00

classes divided int64; 16, and20 classes for training, validation, and testing sets, respectively.

5.2.4 Related Work

In addition to introducing new methods for few-shot learning, recent work has increased
our understanding of why some models perform better than others at few-shot tasks. One such
exploration performs baseline testing and discovers that network size has a large effect on the

success of meta-learning algorithms [135]. Speci cally, on some very large architectures, the
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performance of transfer learning approaches that of some meta-learning algorithms. We thus
focus on architectures common in the meta-learning literature. Methods for improving transfer
learning in the few-shot classi cation setting focus on much larger backbone networks [135, 136].

Other work on transfer learning has found that feature extractors trained on large complex
tasks can be more effectively deployed in a transfer learning setting by distilling knowledge about
only important features for the transfer task [137]. Yet other work nds that features generated by
a pre-trained model on data from classes absent from training are entangled, but the logits of the
unseen data tend to be clustered [138]. Meta-learners without supervision in the outer loop have
been found to perform well when equipped with a clustering-based penalty in the meta-objective
[139]. Work on standard supervised learning has alternatively studied low-dimensional structures
via rank [140, 141].

While improvements have been made to meta-learning algorithms and transfer learning ap-
proaches to few-shot learning, little work has been done on understanding the underlying mech-
anisms that cause meta-learning routines to perform better than classically trained models in

data-scarce settings.

5.3 Are Meta-Learned Features Fundamentally Better for Few-Shot Learning?

It has been said that meta-learned models “learn to learn” [45], but one might ask if they
instead learn to optimize; their features could simply be well-adapted for the speci ¢ ne-tuning
optimizers on which they are trained. We dispel the latter notion in this section.

In Table 5.1, we test the performance of meta-learned feature extractors not only with

their own ne-tuning algorithm, but with a variety of ne-tuning algorithms. We nd that in
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all cases, the meta-learned feature extractors outperform classically trained models of the same
architecture. See Appendix 5.7.1 for results from additional experiments.

This performance advantage across the board suggests that meta-learned features are qual-
itatively different than conventional features and fundamentally superior for few-shot learning.

The remainder of this work will explore the characteristics of meta-learned models.

5.4 Class Clustering in Feature Space

Methods such as ProtoNet, MetaOptNet, and R2-D2 x their feature extractor during ne-
tuning. For this reason, they must learn to embed features in a way that enables few-shot classi -
cation. For example, MetaOptNet and R2-D2 require that classes are linearly separable in feature
space, but mere linear separability is not a suf cient condition for good few-shot performance.
The feature representations of randomly sampled few-shot data from a given class must not vary
so much as to cause classi cation performance to be sample-dependent. In this section, we exam-
ine clustering in feature space, and we nd that meta-learned models separate features differently

than classically trained networks.

5.4.1 Measuring Clustering in Feature Space

We begin by measuring how well different training methods cluster feature representations.

To measure feature clustering (FC), we consider the intra-class to inter-class variance ratio

2 P 2
wihin_ _ C pi K ij 3
N

ki K

2
between i
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where ;; is a feature vector in clags ; is the mean of feature vectors in class is the mean

across all feature vector§ is the number of classes, ai is the number of data points per
class. Low values of this fraction correspond to collections of features such that classes are well-
separated and a hyperplane formed by choosing a point from each of two classes does not vary
dramatically with the choice of samples.

In Table 5.2, we highlight the superior class separation of meta-learning methods. We
compute two quantitieRrc andRyy , for MetaOptNet and R2-D2 as well as classical transfer
learning baselines of the same architectures. These two quantities measure the intra-class to inter-
class variance ratio and invariance of separating hyperplanes to data sampling. Mathematical
formulations ofRgc andRyy can be found in Sections 5.4.4 and 5.4.5, respectively. Lower
values of each measurement correspond to better class separation. On both CIFAR-FS and mini-
ImageNet, the meta-learned models attain lower values, indicating that feature space clustering

plays a role in the effectiveness of meta-learning.

Training Dataset Rec | Ruvy
R2-D2-M CIFAR-FS 1.29| 0.95
R2-D2-C CIFAR-FS 2.92 | 1.69

MetaOptNet-M| CIFAR-FS | 0.99| 0.75
MetaOptNet-C| CIFAR-FS | 1.84| 1.25
R2-D2-M mini-imageNet| 2.60| 1.57
R2-D2-C mini-ImageNet| 3.58 | 1.90
MetaOptNet-M| mini-ImageNet| 1.29| 0.95
MetaOptNet-C| mini-ImageNet| 3.13 | 1.75

Table 5.2: Comparison of class separation metrics for feature extractors trained by classical and
meta-learning routinesRrc andRyy are measurements of feature clustering and hyperplane
variation, respectively, and we formalize these measurements below. In both cases, lower values
correspond to better class separation. We pair together models according to dataset and back-
bone architecture. “-C” and “-M” respectively denote classical training and meta-learning. See
Sections 5.4.4 and 5.4.5 for more details.
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5.4.2 Why is Clustering Important?

To demonstrate why linear separability is insuf cient for few-shot learning, consider Figure
5.1. As features in a class become spread out and the classes are brought closer together, the
classi cation boundaries formed by sampling one-shot data often misclassify large regions. In
contrast, as features in a class are compacted and classes move far apart from each other, the
intra-class to inter-class variance ratio drops, and the dependence of the class boundary on the

choice of one-shot samples becomes weaker.

(@)

(b)

Figure 5.1: a) When class variation is high relative to the variation between classes, decision
boundaries formed by one-shot learning are inaccurate, even though classes are linearly separa-
ble. b) As classes move farther apart relative to the class variation, one-shot learning yields better
decision boundaries.
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This intuitive argument is formalized in the following result.

Theorem 1. Consider two random variable¥, representing clas$; andY representing class
2: Let U be the random variable equal % with probability 1=2; andY with probability 1=2:
Assume the variance ratio bound

Var[X ]+ Var[Y]
Var[U]

holds for suf ciently small  O:
Draw random one-shot dat&, X andy Y;and atest poink  X: Consider the
linear classi er 8

2

; ifzZT(x y)  2kxk?+ kyk? 0
c(z) =

- 2. otherwise

This classi er assigns the correct label rowith probability at least

32

1 —
1

Note that the linear classi er in the theorem is simply the maximum-margin linear classi-
er that separates the two training points. In plain words, Theorem 1 guarantees that one-shot
learning performance is effective when the variance ratio is small, with classi cation becoming

asymptotically perfect as the ratio approaches zero. A proof is provided in Appendix 5.7.5.
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5.4.3 Comparing Feature Representations of Meta-Learning and Classically

Trained Models

We begin our investigation into the feature space of meta-learned models by visualizing
features. Figure 5.2 contains a visual comparison of ProtoNet and a classically trained model of
the same architecture on mini-ImageNet. Three classes are randomly chosen from the test set, and
100samples are taken from each class. The samples are then passed through the feature extractor,
and the resulting vectors are plotted. Because feature space is high-dimensional, we perform a
linear projection intdR?. We project onto the rst two component vectors determined by LDA.
Linear discriminant analysis (LDA) projects data onto directions that minimize the intra-class to
inter-class variance ratio [142], and LDA is therefore ideal for visualizing the class separation
phenomenon.

In the plots, we see that relative to the size of the point clusters, the classically trained model
mashes features together, while the meta-learned models draw the classes farther apart. While
visually separate class features may be neither a necessary nor suf cient condition for few-shot

performance, we take these plots as inspiration for our regularizer in the following section.

5.4.4 Feature Space Clustering Improves the Few-Shot Performance of Trans-
fer Learning

We now further test the feature clustering hypothesis by promoting the same behavior in
classically trained models. Consider a network with feature extrdctand fully-connected

layerg,. Then, denoting training data in clas®y f x;; g, we formulate the feature clustering
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regularizer by

ch oK) K
Rec (51X 0) = lp 7 2.

kK, Kk

i
wheref (Xx;; ) is a feature vector corresponding to a data point in glassis the mean of feature

vectors in class, and is the mean across all feature vectors. When this regularizer has value
zero, classes are represented by distinct point masses in feature space, and thus the class boundary
is invariant to the choice of few-shot data.

We incorporate this regularizer into a standard training routine by sampling two images
per class in each mini-batch so that we can compute a within-class variance estimate. Then,
the total loss function becomes the sum of cross-entropyRend We train the R2-D2 and
MetaOptNet backbones in this fashion on the mini-ImageNet and CIFAR-FS datasets, and we test
these networks on both 1-shot and 5-shot tasks. In all experiments, feature clustering improves
the performance of transfer learning and sometimes even achieves higher performance than meta-
learning. Furthermore, the regularizer does not appreciably slow down classical training, which,
without the expense of differentiating through an inner loop, runs as much as 13 times faster than
the corresponding meta-learning routine. See Table 5.3 for numerical results, and see Appendix
5.7.2 for experimental details including training times.

In addition to performance evaluations, we calculate the similarity between feature repre-
sentations yielded by a feature extractor produced by meta-learning and that of one produced
by the classical routine with and witholRrc. To this end, we use centered kernel align-
ment (CKA) [143]. Using both R2-D2 and MetaOptNet backbones on both mini-ImageNet and
CIFAR-FS datasets, networks trained wWiRh exhibit higher similarity scores to meta-learned

networks than networks trained classically but withRgt . These measurements provide further
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mini-ImageNet CIFAR-FS

Training Backbone 1-shot 5-shot 1-shot 5-shot
R2-D2 R2-D2  51:80 0:20% 6840 0200 653 02% 794 0:1%
Classical R2-D2 4839 02% 6824 026% 629 03% 828 0:3%
Classical WRgc R2-D2 5039 0:30% 69:58 0:26% 655 04% 83:3 0:3%
Classical wRyy R2-D2 5016 0:30% 6954 0:26% 646 0:3% 831 O0:3%
MetaOptNet-SVM  MetaOptNet 62:64 0:31% 78:63 025 720 04% 842 0:3%
Classical MetaOptNet 56:18 0:31% 7672 0:24% 695 0:3% 857 0:2%

Classical WREgc MetaOptNet 5938 0:31% 7815 0:24% 72:3 04% 86:3 0:2%
Classical wRpy MetaOptNet 5937 0326 7705 025 720 04% 859 0:2%

Table 5.3: Comparison of methods on 1-shot and 5-shot CIFAR-FS and mini-ImageNet 5-way
classi cation. The top accuracy for each backbone/task is in bold. Con dence intervals have
radius equal to one standard error. Few-shot ne-tuning is performed with SVM except for R2-
D2, for which we report numbers from the original paper.

evidence that feature clustering makes feature representations closer to those trained by meta-

learning and thus, that meta-learners perform feature clustering. See Table 5.4 for more details.

Backbone Dataset C | Rec | Ruv
R2-D2 CIFAR-FS | 0.71| 0.77 | 0.73
MetaOptNet| CIFAR-FS | 0.77| 0.89| 0.87
R2-D2 mini-lImageNet| 0.69| 0.72 | 0.70
MetaOptNet| mini-ImageNet| 0.70| 0.82 | 0.79

Table 5.4: Similarity (CKA) representations trained via meta-learning and via transfer learning
with/without the two proposed regularizers for various backbones and both CIFAR-FS and mini-
ImageNet datasets. “C” denotes the classical transfer learning without regularizers. The highest
score for each dataset/backbone combination is in bold.

5.4.5 Connecting Feature Clustering with Hyperplane Invariance

For further validation of the connection between feature clustering and invariance of sep-
arating hyperplanes to data sampling, we replace the feature clustering regularizer with one that
penalizes variations in the maximum-margin hyperplane separating feature vectors in opposite

classes. Consider data poinrts X, in classA, data pointy;; Y, in classB, and feature extractor

89



f . The difference vectar (x;) f (y1) determines the direction of the maximum margin hy-
perplane separating the two points in feature space. To penalize the variation in hyperplanes, we

introduce the hyperplane variation regularizer,

kK(f (x1) f (y1) (f (x2) f (y2)ka,

Ruv (F (X1);f (x2);f (y1);f (¥2)) KE () T (yDko + KE (x2) T (yo)ka-

This function measures the distance between distance vegtory, andx, Y, relative
to their size. In practice, during a batch of training, we sample many pairs of classes and two
samples from each class. Then, we com@gg on all class pairs and add these terms to the
cross-entropy loss. We nd that this regularizer performs almost as wBfasand conclusively
outperforms non-regularized classical training. We include these results in Table 5.3. See Ap-
pendix 5.7.2 for more details on these experiments, including training times (which, as indicated

in Section 5.4.4, are signi cantly lower than those needed for meta-learning).

5.4.6 MAML Does Not Have the Same Feature Separation Properties

Remember that the previous measurements and experiments examined meta-learning meth-
ods that x the feature extractor during the inner loop. MAML is a popular example of a method
that does not x the feature extractor in the inner loop. We now quantify MAML's class separa-
tion compared to transfer learning by computing our regularizer values for a pre-trained MAML
model as well as a classically trained model of the same architecture. We nd that, in fact, MAML
exhibits even worse feature separation than a classically trained model of the same architecture.
See Table 5.5 for numerical results. These results con rm our suspicion that the feature cluster-

ing phenomenon is speci ¢ to meta-learners which x the feature extractor during the inner loop
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of training.

Model Rec Ruv
MAML-1 | 3.9406| 1.9434
MAML-5 | 3.7044| 1.8901
MAML-C | 3.3487| 1.8113

Table 5.5: Comparison of regularizer values for 1-shot and 5-shot MAML models (MAML-1
and MAML-5) as well as MAML-C, a classically trained model of the same architecture on
mini-ImageNet training data. The lowest value of each regularizer is in bold.

5.5 Finding Clusters of Local Minima for Task Losses in Parameter Space

Since Reptile does not x the feature extractor during ne-tuning, it must nd parameters
that adapt easily to new tasks. One way Reptile might achieve this is by nding parameters
that can reach a task-speci ¢ minimum by traversing a smooth, nearly linear region of the loss
landscape. In this case, even a single SGD update would move parameters in a useful direction.
Unlike MAML, however, Reptile does not backpropagate through optimization steps and thus
lacks information about the loss surface geometry when performing parameter updates. Instead,
we hypothesize that Reptile nds parameters that lie very close to good minima for many tasks
and is therefore able to perform well on these tasks after very little ne-tuning.

This hypothesis is further motivated by the close relationship between Reptitoasdn-
sus optimizatiofl44]. In a consensus method, a number of models are independently optimized
with their own task-speci ¢ parameters, and the tasks communicate via a penalty that encourages

all the individual solutions to converge around a common value. Reptile can be interpreted as
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approximately minimizing the consensus formulation

1 X ~ ~ 2.
m te(Pr ke G

whereL 1, (™) is the loss for tasK, f 7,9 are task-speci ¢ parameters, and the quadratic penalty
on the right encourages the parameters to cluster around a “consensus valuetochastic
optimizer for this loss would proceed by alternately selecting a random task/termpnoiemi-
mizing the loss with respect t§,; and then taking a gradient step ~p to minimize the
loss for :

Reptile diverges from a traditional consensus optimizer only in that it does not explicitly
consider the quadratic penalty term when minimizing Tar However, it implicitly considers
this penalty by initializing the optimizer for the task-speci c loss using the current value of the
consensus variables which encourages the task-speci ¢ parameters to stay near the consensus
parameters. In the next section, we replace the standard Reptile algorithm with one that explicitly

minimizes a consensus formulation.

5.5.1 Consensus Optimization Improves Reptile

To validate the weight-space clustering hypothesis, we modify Reptile to explicitly enforce
parameter clustering around a consensus value. We nd that directly optimizing the consensus
formulation leads to improved performance. To this end, during each inner loop update step

in Reptile, we penalize the squaregdistance from the parameters for the current task to the
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average of the parameters across all tasks in the current batch. Namely, we let:

1 X
Ri fHom =d 75—

- 2.

P 1
m p=1

where™, are the network parameters on t@skndd is the Iter normalized , distance (see Note

1). Note that as parameters shrink towards the origin, the distances between minima shrink as
well. Thus, we employ Iter normalization to ensure that our calculation is invariant to scaling
[145]. See below for a description of Iter normalization. This regularizer guides optimization

to a location where many task-speci ¢ minima lie in close proximity. A detailed description is
given in Algorithm 4, which is equivalent to the original Reptile wher 0. We call this method

“Weight-Clustering.”

Note 1. Consider that a perturbation to the parameters of a network is more impactful when
the network has small parameters. While previous work has used layer normalization or even
more coarse normalization schemes, the authors of Li et al. [145] note that since the output of
networks with batch normalization is invariant to lter scaling as long as the batch statistics are
updated accordingly, we can normalize every lter of such a network independently. The latter
work suggests that this scheme, “ Iter normalization”, correlates better with properties of the
optimization landscape. Thus, we measure distance in our regularizer using lter normalization,

and we nd that this technique prevents parameters from shrinking towards the origin.

We compare the performance of our regularized Reptile algorithm to that of the original
Reptile method as well as rst-order MAML (FOMAML) and a classically trained model of
the same architecture. We test these methods on a sample of 100,000 5-way 1-shot and 5-shot
mini-ImageNet tasks and nd that in both cases, Reptile with Weight-Clustering achieves higher

93



Algorithm 4 Reptile with Weight-Clustering Regularization

Require: Initial parameter vector,, outer learning rate,, inner learning rate,, regularization
coef cient, , and distribution over taskp(T ).

Sample batch of taskE&l g2, from p(T)
Initialize parameter vector® =  for each task

Calculatel = L} + R £ g7,
Updated = 3 ' r _L

Compute differenge vectofsy = ~« ~dgm,
Update = g

performance than the original algorithm and signi cantly better performance than FOMAML and

the classically trained models. These results are summarized in Table 5.6.

Framework 1-shot 5-shot

Classical 2872 0:16% | 4525 0:21%
FOMAML 4807 1.7% | 6315 0:91%
Reptile 4997 0:320 | 6599 0:58%
W-Clustering| 51:94 0:23% | 68:02 0:22%

Table 5.6: Comparison of methods on 1-shot and 5-shot mini-ImageNet 5-way classi cation. The
top accuracy for each task is in bold. Con dence intervals have width equal to one standard error.
W-Clustering denotes the Weight-Clustering regularizer.

We note that the best-performing result was attained when the product of the constant term
collected from the gradient of the regulariZer and the regularization coef cient was5:0
10 °, but a range of values up to ten times larger and smaller also produced improvements over
the original algorithm. Experimental details, as well as results for other values of this coef cient,
can be found in Appendix 5.7.3.

In addition to these performance gains, we found that the parameters of networks trained
using our regularized version of Reptile do not travel as far during ne-tuning at inference as those

trained using vanilla Reptile. Figure 5.3 depicts histograms of Iter normalized distance traveled
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by both networks ne-tuning on samples of 1,000 1-shot and 5-shot mini-ImageNet tasks. From
these, we conclude that our regularizer does indeed move model parameters toward a consensus
which is near good minima for many tasks. Interestingly, we applied these same measurements
to networks trained using MetaOptNet and R2-D2, and we found that these feature extractors lie
in wide and at minimizers across many task losses. Thus, when the whole network is ne-tuned,
the parameters move a lot without substantially decreasing loss. Previous work has associated

at minimizers with good generalization [146].

5.6 Discussion

In this work, we shed light on two key differences between meta-learned networks and
their classically trained counterparts. We nd evidence that meta-learning algorithms minimize
the variation between feature vectors within a class relative to the variation between classes.
Moreover, we design two regularizers for transfer learning inspired by this principle, and our reg-
ularizers consistently improve few-shot performance. The success of our method helps to con rm
the hypothesis that minimizing within-class feature variation is critical for few-shot performance.

We further notice that Reptile resembles a consensus optimization algorithm, and we en-
hance the method by designing yet another regularizer, which we apply to Reptile, in order to
nd clusters of local minima in the loss landscapes of tasks. We nd in our experiments that this

regularizer improves both one-shot and ve-shot performance of Reptile on mini-ImageNet.
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5.7 Appendix

5.7.1 Mixing Meta-Learned Models and Fine-Tuning Procedures: Additional

Experiments

Model SVM RR ProtoNet MAML
MetaOptNet-M| 78.63 0.25%| 76.96 0.23% | 76.17 0.23%| 70.14 0.27 %
MetaOptNet-C| 76.72 0.24%| 74.48 0.24%| 73.37 0.24%| 71.32 0.26 %

R2-D2-M 68.40 0.20%| 72.09 0.25%| 70.74 0.25%| 71.43 0.27 %
R2-D2-C 68.24 0.26%| 67.04 0.26%| 60.93 0.29% | 65.30 0.27 %

Table 5.7: Comparison of meta-learning and transfer learning models with various ne-tuning
algorithms on 5-shot mini-ImageNet. “MetaOptNet-M” and “MetaOptNet-C” denote models
with MetaOptNet backbone trained with MetaOptNet-SVM and classical training. Similarly,
“R2-D2-M” and “R2-D2-C” denote models with R2-D2 backbone trained with ridge regression
(RR) and classical training. Column headers denote the ne-tuning algorithm used for evaluation,
and the radius of con dence intervals is one standard error.

5.7.2 Transfer Learning and Feature Space Clustering

We evaluate the proposed regularizers and classically trained baseline on two backbone
architectures: a 4-layer convolutional neural network with number of Iters per layer 96-192-
384-512 originally used for R2-D2 [2] and ResNet-12 [10, 131, 147]. We run experiments on the
mini-ImageNet and CIFAR-FS datasets.

When training the backbone feature extractors, we use SGD with a batch size of 128 for
CIFAR-FS and 256 for mini-ImageNet, Nesterov momentum set to 0.9 and weight deb@y of
For training on CIFAR-FS, we set the initial learning rate to 0.1 for the rst 100 epochs and reduce
by a factor of 10 every 50 epochs. To avoid gradient explosion problems, we use 15 warm-up
epochs for mini-ImageNet with a learning rate of 0.01. We train all classically trained networks
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for a total of 300 epochs. We employ data parallelism across 2 Nvidia RTX 2080 Ti GPUs
when training on mini-ImageNet, and we only use one GPU for each CIFAR-FS experiment. For
few-shot testing, we train two classi cation heads, a linear NN layer and SVM [131] on top of
the pre-trained feature extractors. The evaluation results of these models are given in Table 5.9.
Table 5.8 shows the running time per training epoch as well as total training time on both datasets
and backbone architectures to achieve the results in Table 5.3. The training speed of the proposed
regularizers is nearly as fast as classical transfer learning and up to almost 13 times faster than
meta-learning methods. For meta-learning methods, we follow the training hyperparemeters from

Lee etal. [131].

mini-ImageNet CIFAR-FS

Training Backbone runtime runtime
R2-D2 R2-D2 16m/16.8h 44s/45m
Classical R2-D2 20s/1.7h 4s/22m
Classical WRgc R2-D2 20s/1.7h 4s/24m
Classical wRyy R2-D2 20s/1.7h 4s/23m
MetaOptNet-SVM  MetaOptNet 1.5h/88.0h 4m/4.5h
Classical MetaOptNet 1.4m/7.0h 14s/1.2h

Classical wWRg:  MetaOptNet 1.5m/7.4h 15s/1.3h
Classical wRyy  MetaOptNet 1.3m/7.2h 16s/1.4h

Table 5.8: Runtime (training time per epoch/total times) comparison of methods on CIFAR-FS
and mini-ImageNet 5-way classi cation on a single GPU.
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mini-ImageNet CIFAR-FS

Backbone Regularizer Coeff Head 1-shot 5-shot 1-shot 5-shot
R2-D2 Rec 0.02 NN 4827 02% 6913 0:26% 6311 0:35% 8331 0:25%
0.05 NN 4875 02% 6950 0:26% 6449 0:35%6 8332 0:25%

0.1 NN 4872 029% 6739 0:25% 6298 0:36% 8107 0:26%

Ruv 0.02 NN 4674 028% 6819 027™ 6250 0:34% 8290 0:25%

0.05 NN 4911 02% 6888 0:26% 6361 0:35%6 8321 0:25%

0.1 NN 4887 02% 6967 0:26% 6350 0:3%% 8317 0:25%

Rec 0.02 SVM 4905 030 6894 0:26% 6448 0:34% 8311 O0:25%

0.05 SVM 5039 030% 6958 0:26% 6553 0:35% 8330 0:25%

0.1 SVM 5071 030% 6846 0:25% 6425 0:36% 8157 0:26%

Ruv 0.02 SVM 4781 02% 6808 0:27™ 6371 0:33% 8277 0:26%

0.05 SVM 4928 030 6862 0:26% 6452 0:34% 8299 0:26%

0.1 SVM 5016 0:30% 6954 0:26% 6462 0:34% 8308 0:26%

ResNet-12 Rrc 0.02 NN 5754 0326 7731 02% 7169 0:36% 8613 0:23%
0.05 NN 5659 033% 7481 0256 7178 0:3™ 8530 0:24%

0.1 NN 5226 0:35% 6993 0:28% 7185 0:3% 8374 0:25%

Ruv 0.02 NN 5375 030 7611 0256 7012 0:35% 8637 0:23%

0.05 NN 5715 031% 7727 0256 7149 0:36% 8585 0:24%

0.1 NN 5776 0:33% 7605 0:26% 7156 0:3M™6 8480 0:25%

Rec 0.02 SVM 5938 031% 7815 024% 7232 030% 8631 0:24%

0.05 SVM 5905 032 7636 0:24% 7194 0:36% 8528 0:24%

0.1 SVM 5673 035% 7370 0:26% 7108 0:36% 8349 0:25%

Ruv 0.02 SVM 5695 030 7706 0:24% 7134 0:35% 8654 0:23%

0.05 SVM 5936 031% 7797 0:24% 7200 0:36% 8587 0:24%

0.1 SVM 5937 032 77.05 0:25% 7192 0:37™ 8484 0:25%

Table 5.9: Hyper-parameter tuning iBec andRyy regularizers with various backbone struc-
tures and classi cation heads on 1-shot and 5-shot CIFAR-FS and mini-ImageNet 5-way classi-
cation. Regularizer coef cients include th€é=N factor.

5.7.3 Reptile Weight Clustering

We train models via our weight-clustering Reptile algorithm with a range of coef cients
for the regularization term. The model architecture and all other hyperparameters were chosen
to match those speci ed for Reptile training and evaluation on 1-shot and 5-shot mini-ImageNet
in Nichol and Schulman [1]. The evaluation results of these models are given in Table 5.10. All

models were trained on Nvidia RTX 2080 Ti GPUs.
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Coef cient 1-shot 5-shot

0 (Reptile) | 4997 0:326 | 6599 0:58%
1.0 10°% | 5142 0:223% | 6716 0:22%
25 10° | 51125 0:24% | 6755 0:22%
50 10 ° |51:94 0:23%]| 68:02 0:22%
75 10 ° | 5140 0:24% | 6759 0:22%
1.0 10 4| 5092 0:223% | 6791 0:22%
25 10 4| 5065 0:23% | 6595 0:23%
50 10 4| 51:37 0:23% | 6698 0:23%

Table 5.10: Comparison of test accuracy for models trained with the weight-clustering Reptile
algorithm with various regularization coef cients evaluated on 1-shot and 5-shot mini-ImageNet
tasks. The results for vanilla Reptile are those given in Nichol and Schulman [1].

5.7.4 Architectures

For our experiments using MAML, R2-D2, MetaOptNet, and Reptile, we use the architec-
tures originally used for experiments in the respective papers [1, 2, 45, 131]. Speci cally, Nichol
and Schulman [1], Finn et al. [45] use the same network witbbnvolutional layers. Bertinetto
et al. [2] uses a modi ed version of this convolutional network, while Lee et al. [131] employs a

ResNet-12 architecture.

5.7.5 Proof of Theorem 1

Consider the three conditions
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where = kX Yk=4; andX is the expected value of: Under these conditions,

kz xk kz Xk+kx Xk<?2

and

kz yk kX Yk ky Yk kz Xk>4 2 =2:

Combining the above yields

kz xk< kz yk:

We can now write

1 1
T - 2 - 2
z'(x y) 2kxk + 2kyk

= kz xk*+ :—2Lkz yk?+ Zkz  xk®

k z xk2+%kz xk?+ Zkz xk?

:0’

and soz is classi ed correctly if our three conditions hold. From the Chebyshev bound, these

conditions hold with probability at least

2
1 = (A (5.1)

=

I\)|><|\)
[

N|'~<|\)
[N

where we have twice applied theidentfly a)(1 b) (1 a b);whichholdsfora;b O;

(this also requires)f: 2 < 1, but this can be guaranteed by choosing a suf ciently sma# in

100



the statement of the theorem).

Finally, we have the variation ratio bound

vafX ]+ vafY] _ 2+
vafu] 2+ 2+

And so

, @ )+ D,
16 '

Plugging this into equation 5.1 we get the nal probability bound

32 ;+16 § . 32 {+32 § . 32
(5+ P ) (z+ pa ) (1

1
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(a) Meta-Learning

(b) Classically Trained

Figure 5.2: Features extracted from mini-ImageNet test data by a) ProtoNet and b) classically
trained models with identical architectures (4 convolutional layers). The meta-learned network
produces better class separation.
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(@)

(b)

Figure 5.3: Histogram of Iter normalized distance traveled during ne-tuning on a) 1-shot and
b) 5-shot mini-ImageNet tasks by models trained using vanilla Reptile (red) and weight-clustered
Reptile (blue).
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Chapter 6: Data Augmentation for Meta-Learning

6.1 Introduction

Data augmentation has become an essential part of the training pipeline for image clas-
si ers and similar systems, as it offers a simple and ef cient way to signi cantly improve per-
formance [123, 148]. In contrast, little work exists on data augmentation for meta-learning.
Existing frameworks for few-shot image classi cation use only horizontal ips, random crops,
and color jitter to augment images in a way that parallels augmentation for conventional train-
ing [2, 131]. Meanwhile, meta-learning methods have received increasing attention as they have
reached the cutting edge of few-shot performance. While new meta-learning algorithms emerge
at a rapid rate, we show that, like image classi ers, meta-learners can achieve signi cant perfor-
mance boosts through carefully chosen data augmentation strategies that are injected into various
stages of the meta-learning pipeline.

Meta-learning frameworks use data for multiple purposes during each gradient update,
which creates the possibility for a diverse range of data augmentations that are not possible within
the standard training pipeline. At the same time, it is still unclear how different categories of data
within the training pipeline impact meta-learning performance. In this work [52], we explore
these possibilities and discover combinations of augmentation types that improve performance

over existing methods. Our contributions can be summarized as follows:
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* First, we break down the meta-learning pipeline and nd that each component contributes
differently to meta-learning performance: meta-learners are very sensitive to the amount of

qguery data and number of tasks and less sensitive to the amount of support data.

» Based on these ndings, we uncover four modes of augmentations for meta-learning that
differ in where in the training pipeline they are applied: support augmentation, query aug-

mentation, task augmentation, and shot augmentation.

» We test these four modes using a pool of image augmentations, and we con rm that query
augmentation is critical, while support augmentation often does not provide performance

bene ts and may even degrade accuracy in some cases.

* Finally, we combine augmentations and implement a MaxUp strategy, which we call Meta-
MaxUp, to maximize performance. We achieve signi cant performance boosts for popu-
lar meta-learners on few-shot benchmarks such as mini-ImageNet, CIFAR-FS and Meta-

Dataset.

6.2 Background and Related Work

6.2.1 The Meta-Learning Framework

Meta-learning algorithms aim to learn a network that can easily adapt to new tasks with
limited data and generalize to unseen examples. In order to achieve this, they simulate the adap-
tation and evaluation procedure during meta-training. To simulaté-aay classi cation task,

T, we samplesupportdataT;® andquerydataT,?, so thafl; = fT,5; T,%g. As we will detail in the

following paragraph, support will be used to simulate few-shot training data, while query will be
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used to simulate unseen testing data. Notethatdenotes the number of training samples per
class available for ne-tuning on a given task during the testing phase.

Adopting common terminology from the literature, the archetypal meta-learning algorithm
contains amnner loopand arouter loopin each parameter update of the training procedure. In the
inner loop, a model is rst ne-tuned or adapted on support dataThen, in the outer loop, the
updated model is evaluated on query difaand minimizes loss on the query data with respect
to the model's parameters before ne-tuning. This loss minimization step may require computing
the gradient through the ne-tuning procedure. Existing meta-learning algorithms apply various
methods for ne-tuning on support data during the inner loop. Some algorithms, such as MAML
and Reptile [45, 46], update all the parameters in the network using gradient descent during ne-
tuning on support data. Other algorithms, such as MetaOptNet and R2-D2 [2, 131], only update
the parameters from the linear classi er layer during the ne-tuning while keeping the feature
extraction layers frozen. These methods bene t from the simplicity and the convexity of the inner
loop optimization problem. Similarly, metric learning approaches, such as [3, 149], freeze the
feature extraction layers as well, and create class centroids from the support data during the inner
loop. These methods have low-cost training iterations, and can be applied on deeper architectures
to achieve better performance. In this work, we mainly focus on the latter algorithms due to their
stronger performance. Further details of the algorithms used in our experiments can be found in

Section 6.4.1.
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6.2.2 Preventing Over tting in Meta-Learning

Meta-learners are known to be particularly vulnerable to over tting [150]. One work,
MetaMix, proposes averaging support and query features to prevent the model from memoriz-
ing the query data and ignoring support [151]. Recently, another work adds random noise to the
label space to make the model rely on support data [150]. In the context of few-shot classi ca-
tion, random shuf ing labels within tasks alleviate this kind of over tting and is commonplace
in meta-learning algorithms [150, 152]. However, as shown in Figure 6.1, over tting to train-
ing tasks remains a problem. One recent work has developed a data augmentation method to
overcome this problem [4]. This method simply rotates all images in a class by a large degree
and considers this new rotated class distinct from its parent class. This effectively increases the
number of possible few-shot tasks that can be sampled during training.

A different line of work instead applies regularizers to prevent over tting and improve
few-shot classi cation [51, 152]. Yet additional work has developed methods for labeling and
augmenting unlabeled data [153, 154], generative models for deforming images in one-shot met-
ric learning [155], and feature space data augmentation for adapting language models to new

unseen intents [156].

6.2.3 Few-shot Benchmarks

In this paper, we perform our experiments on the mini-ImageNet and CIFAR-FS datasets as
well as the Meta-Dataset benchmark [2, 134, 157]. Mini-ImageNet is a few-shot learning dataset
derived from the ImageNet classi cation dataset [6], and CIFAR-FS is derived from CIFAR-

100 [158]. Each of these datasets contains 64 training classes, 16 validation classes, and 20
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classes for testing. In each class, there are 600 images, and both Mini-ImageNet and CIFAR-FS
have 60000 images in total. Meta-Dataset is a large-scale diverse benchmark consisting of 10
differentimage classi cation subdatasets with distinct data distributions. This diversity allows us

to measure cross-domain generalization.

6.3 The Anatomy of Data Augmentation for Meta-Learning

6.3.1 Where Does Dataset Diversity Matter Most? In the Support, Query or

Tasks?

Since data augmentation techniques aim to increase the amount of training samples, learn-
ing algorithms that are sensitive to the amount of training data may bene t more from these
techniques. In this section, before we introduce data augmentations, we investigate how sensitive
meta-learning algorithms are to the amount of support data, query data, and tasks. Typically,
support and query data are sampled from the same pool (the entire training set).

To examine the impact of dataset diversity on various stages of meta-learning, we perform
an ablation where we limit the diversity of each stage. We rst reduce the pool of support data
to a xed subset of only ve independent samples per class while sampling query data from the
entire training set. That is, whenever a support image is sampled froncciassonly sampled
from the ve-image subset associated with that class instead of from all training data in that
class. Interestingly, we nd that test accuracy remains almost the same as baseline performance
(see Table 6.1). In fact, if we replace those ve support images per class with xed random noise
images, we still only observe a small degradation in performance. We then instead shrink the
pool of query data (but not support), and we see a much larger decrease in test accuracy. These
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experiments suggest that meta-learning is fairly insensitive to the amount and quality of support
but not query data. This observation agrees with our following nding that augmenting query
data is far more bene cial than augmenting support.

Since we also consider task-level augmentation, we now examine how sensitive meta-

learning is to a decrease in task diversity. As CIFAR-FS contitsaining classes, there are

64

. = 76245125-way classi cation problems that can be sampled during each iteration of meta-

learning. We reduce the number of tasks by randomly batching classes int@ dlistinct 5-way

classi cation tasks before training, and we only train on these 13 tasks. We do this in such a
way that all classes, and therefore training data, are used during training. We observe that this
process noticeably degrades test accuracy, and we conclude that there may be room to improve
performance by augmenting the number of tasks (see Table 6.1). To verify that this impact of
dataset diversity generalizes, we run additional experiments on Mini-ImageNet and with other
backbones. The results are shown in Appendix A, and these experiments support the aforemen-

tioned ndings as well.

Table 6.1: Few-shot classi cation accuracy (%) using R2-D2 and a ResNet-12 backbone for
various data size manipulations on CIFAR-FS. “Support”, “Query” and “Task” columns denote
the number of samples per class for support and query data and the number of total tasks available
for sampling. The rst row contains baseline performance. Con dence intervals have radius

equal to one standard error.

Support  Query Task 1-shot 5-shot
600 600 full 71.73 0.37 84.39 0.25
5 600 full 70.97 0.36 84.51 0.24
5(random) 600 full 58.15 0.36 76.26 0.27
600 5 full 60.25 0.37 77.05 0.28
600 600 13 68.24 0.38 81.77 0.26
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6.3.2 Data Augmentation Modes

Motivated by the observation that meta-learning is more sensitive to the amount of query
data and tasks than support, we delineate four modes of data augmentation for meta-learning
which may be employed individually or combined.

Support augmentation: Data augmentation may be applied to support data in the inner
loop of ne-tuning. This strategy enlarges the pool of ne-tuning data.

Query augmentation: Data augmentation alternatively may be applied to query data. This
strategy enlarges the pool of evaluation data to be sampled during training.

Task augmentation: We can increase the number of possible tasks by uniformly augment-
ing whole classes to add new classes with which to train. For example, a vertical ip applied to
all car images yields a new upside-down car class which may be sampled during training.

Shot augmentation: At test time, we can arti cially amplify the shot by adding addi-
tional augmented copies of each image. Shot augmentation can also be used during training by
adding copies of each support image via augmentation. Shot augmentation during training may
be needed to prepare a network for the use of test-time shot augmentation.

Existing meta-learning algorithms for few-shot image classi cation typically apply stan-
dard augmentations (horizontal ips, random crops, and color jitter) on all images that come
from the data loader without considering the purpose of each image. As a result, the same aug-
mentation occurs on both support and query images [159, 160]. In Section 6.4, we test the four
modes of data augmentation enumerated above in isolation across a large array of speci ¢ aug-
mentations. We nd that query augmentation is far more critical than support augmentation for

increasing performance. In fact, support augmentation often hurts performance. Additionally, we
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nd that task augmentation, when combined with query augmentation, can offer further boosts in

performance when compared with existing frameworks.

6.3.3 Data Augmentation Techniques

For each of the data augmentation modes described above, we try a variety of specic
data augmentation techniques. Some techniques are only applicable to support, query, and shot
modes or solely to the task mode. We use an array of standard augmentation techniques as well
as CutMix [124], MixUp [123], and Self-Mix [161]. In the context of the task augmentation
mode, we apply these the same way to every image in a class in order to augment the number of
classes. For example, we use MixUp to create a half-dog-half-truck class where every image is
the average of a dog image and a truck image. We also try combining multiple classes into one
class as a task augmentation mode.

In general, techniques that greatly change the image distribution (i.e. a vertical ip, which
does not naturally appear in the dataset) are better suited for task augmentations while techniques
that preserve the image distribution (e.g., random crops, which produce images that are presum-
ably within the support of the image distribution) are typically better suited for the support, query,
and shot augmentation modes. The baseline models we compare to use horizontal ip, random
crop, and color jitter augmentation techniques at both the support and query levels since this
combination is prevalent in the literature. More details on our pool of augmentation techniques

can be found in Appendix B.
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6.3.4 Meta-MaxUp Augmentation for Meta-Learning

Recent work proposes MaxUp augmentation to alleviate over tting during the training of
classi ers [162]. This strategy applies many augmentations to each image and chooses the aug-
mented image which yields the highest loss. MaxUp is conceptually similar to adversarial train-
ing [163]. Like adversarial training, MaxUp involves solving a saddlepoint problem in which
loss is minimized with respect to parameters while being maximized with respect to the input. In
the standard image classi cation setting, MaxUp, together with CutMix, improves generalization
and achieves state-of-the-art performance on ImageNet. Here, we extend MaxUp to the setting of
meta-learning. Before training, we select a p&lpf data augmentations from the four modes as
well as their combinations. For examp&may contain horizontal ip shot augmentation, query
CutMix, and the combination of both. During each iteration of training, we rst sample a batch
of tasks, each containing support and query data, as is typical in the meta-learning framework.
For each element in the batch, we randomly seteaetuigmentations from the s&t and we apply
these to the task, generatingaugmented tasks with augmented support and query data. Then,
for each element of the batch of tasks originally sampled, we choose the augmented task that
maximizes loss, and we perform a parameter update step to minimize training loss. Formally, we

solve the minimax optimization problem,

h [
; . q .
min Et W%XL(F o, M(TY) ;

where °= A(;M (T9)), A denotes ne-tuningF is the base model with parameters. is

the loss function used in the outer loop of training, dnds a task with support and query data
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TS andT 9, respectively. Algorithm 5 contains a more thorough description of this pipeline in

practice (adapted from the standard meta-learning algorithm in Goldblum et al. [164]).

Algorithm 5 Meta-MaxUp

Require: Base modeF , ne-tuning algorithmA, learning rate , set of augmentationsS,
and distribution over tasky(T).

Initialize , the weights of;

while not donedo

Sample batch of taskél g, , whereT; p(T) andT, = (T;5;T,9).

fori =1;::;ndo
Samplem augmentations,M; g1, , from S.

Computek = argmax; L(F ; M;(T;%)), where ; = A(; M (T;®)).
Compute gradiergy = r L(F ; Mk(T-‘g)).
Update base model parameters: = G-

6.4

Experiments

In this section, we empirically demonstrate the following:

. Augmentations applied in the four distinct modes behave differently. In particular, query

and task augmentation are far more important than support augmentation. (Section 6.4.2)

. Meta-speci c data augmentation strategies can improve performance over the generic strate-

gies commonly used for meta-learning. (Section 6.4.3)

We further boost performance by combining augmentations with Meta-MaxUp. (Section

6.4.4)

Our proposed augmentation Meta-MaxUp greatly improves performance on cross-domain
benchmarks as well. (Section 6.4.7)
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6.4.1 Experimental Setup

We conduct experiments on four meta-learning algorithms: ProtoNet [3], R2-D2 [2], Meta-
OptNet [131], and MCT [149]. ProtoNet is a metric-learning method that uses a prototype
learning head, which classi es samples by extracting a feature vector and then performing a
nearest-neighbor search for the closest class prototype. R2-D2 and MetaOptNet instead use dif-
ferentiable solvers with a ridge regression and SVM head, respectively. These methods extract
feature vectors and then apply a standard linear classifer to assign class labels. MCT improves
upon ProtoNet by meta-learning con dence scores. We experiment with all of these different
classi er head options, all using the ResNet-12 backbone proposed by Oreshkin et al. [147] as
well as the four-layer convolutional architectures proposed by Snell et al. [3] and Bertinetto et al.
[2].

We perform our experiments on the aforementioned benchmark datasets, mini-imageNet,
CIFAR-FS, and Meta-Dataset. A description of training hyperparameters and computational
complexity can be found in Appendix C. We report con dence intervals with a radius of one
standard error.

Few-shot learning may be performed in either the inductive or transductive setting. Induc-
tive learning is a standard method in which each test image is evaluated separately and indepen-
dently. In contrast, transduction is a mode of inference in which the few-shot learner has access to
all unlabeled testing data at once and therefore has the ability to perform semi-supervised learn-
ing by training on the unlabelled data. For fair comparison, we only compare inductive methods
to other inductive methods. A PyTorch implementation of our data augmentation methods for

meta-learning can be found at: https://github.com/RenkunNi/MetaAug
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6.4.2 An Empirical Comparison of Augmentation Modes

We empirically evaluate the performance of all four different augmentation modes identi-
ed in Section 6.3.2 on the CIFAR-FS dataset using an R2-D2 base-learner paired with both a
4-layer convolutional network backbone (as used in the original work [2]) and a ResNet-12 back-
bone. We report the results of the most effective augmentations for each mode on the ResNet-12
backbone in Table 6.2. Appendix D contains an extensive table with various augmentations and
both backbones.

Table 6.2 demonstrates that each mode of augmentation individually can improve perfor-
mance. Augmentation applied to query data is consistently more effective than the other augmen-
tation modes. In particular, simply applying CutMix to query samples improves accuracy by as
much as 3% on both backbones. In contrast, most augmentations on support data actually dam-
age performance. The overarching conclusion of these experiments is that the four modes of data
augmentation for meta-learning behave differently. Existing meta-learning methods, which ap-
ply the same augmentations to query and support data without using task and shot augmentation,

may achieve suboptimal performance.

6.4.3 Combining Augmentations

After studying each mode of data augmentation individually, we combine augmentations
in order to nd out how augmentations interact with each other. We build on top of query CutMix
since this augmentation was the most effective in the previous section. We combine query CutMix
with other effective augmentations from Table 6.2, and we conduct experiments on the same

backbones and dataset. Results on the ResNet-12 backbone are reported in Table 6.3, and a full
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Table 6.2: Few-shot classi cation accuracy (%) using R2-D2 and a ResNet-12 backbone on the
CIFAR-FS dataset with the most effective data augmentations for each mode shown. Con dence
intervals have radii equal to one standard error. The best performance in each category is bolded.
Query CutMix is consistently the most effective single augmentation for meta-learning.

Method Mode 1-shot 5-shot
Baseline - 71.95 0.37 84.56 0.25
CutMix Support 72.79 0.37 84.70 0.25
Self-Mix Support 71.96 0.36 84.84 0.25
CutMix Query 75.97 0.34 87.28 0.23
Self-Mix Query 7359 0.35 86.14 0.24
Large Rotation Task 73.790.36 85.81 0.24
MixUp Task 72.05 0.37 85.27 0.25

Random Crop Shot 70.560.37 83.87 0.25
Horizontal Flip  Shot  73.25 0.36 85.06 0.25

table with additional results can be found in Appendix E.

Interestingly, when we use CutMix on both support and query images, we observe worse
performance than simply using CutMix on query data alone. Again, this demonstrates that meta-
learning demands a careful and meta-speci ¢ data augmentation strategy. In order to further
boost performance, we will need an intelligent method for combining various augmentations.

We propose Meta-MaxUp as this method.

Figure 6.1: Training and validation accuracy for R2-D2 meta-learner with ResNet-12 backbone
on the CIFAR-FS dataset. (Left) Baseline model (Middle) query Self-Mix (Right) Meta-MaxUp.
Better data augmentation strategies, such as MaxUp, narrow the generalization gap and prevent
over tting.
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Table 6.3: Few-shot classi cation accuracy (%) using R2-D2 and a ResNet-12 backbone on the
CIFAR-FS dataset with combinations of augmentations and query CutMix. “S”,“Q”",“T” denote
“Support”, “Query”, and “Task” modes, respectively. While adding augmentations can help, it
can also hurt, so additional augmentations must be chosen carefully.

Mode 1-shot 5-shot
CutMix 75.97 0.34 87.28 0.23
+ CutMix (S) 75.00 0.37 85.37 0.25

+ Random Erase (S) 75.840.34 87.19 0.24
+ Random Erase (Q) 75.080.35 87.14 0.23

+ Self-Mix (S) 76.27 0.34 87.52 0.24
+ Self-Mix (Q) 76.04 0.34 87.45 0.24
+ MixUp (T) 75.97 0.34 86.66 0.24
+ Rotation (T) 75.74 0.34 87.68 0.24

+ Horizontal Flip (Shot) 76.23 0.34 87.36 0.24

6.4.4 Meta-MaxUp Further Improves Performance

In this section, we evaluate our proposed Meta-MaxUp strategy in the same experimental
setting as above for various valuesrofand different data augmentation pool sizes. Table 6.4
contains the results, and a detailed description of the augmentation pools as well as the full re-
sults can be found in Appendix F. Rows beginning with “CutMix” denote experiments in which
the pool of augmentations simply includes many CutMix samples. “Single” denotes experi-
ments in which each augmentationSns of a single type, while “Medium” and “Large” denote
experiments in which each element®fis a combination of augmentations, for example Cut-
Mix+rotation. Combinations greatly expand the number of augmentations in the pool. Rows
with m = 1 denote experiments where we do not maximize loss in the inner loop and thus sim-
ply apply randomly sampled data augmentation for each task. As we ingreasd include a
large number of augmentations in the pool, we observe performance boosts as #iglozer

the baseline, which uses horizontal ip, random crop, and color jitter data augmentations from
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the original work corresponding to the R2-D2 meta-learner [2].

Table 6.4: Few-shot classi cation accuracy (%) using R2-D2 and a ResNet-12 backbone on the
CIFAR-FS dataset for Meta-MaxUp over different sizes of augmentation pools and numbers of
samples. Asn and the pool size increase, so does performance. Meta-MaxUp is able to pick

effective augmentations from a large pool.

76.30 0.24 88.29 0.22
76.99 0.24 88.35 0.22

Medium
Large

Pool m 1-shot 5-shot
Baseline - 71.95 0.37 84.56 0.25
CutMix 1 75.97 0.34 87.28 0.23
Single 1 75.71 0.35 87.44 0.43
Medium 1 75.60 0.34 87.35 0.23
Large 1 75.44 0.34 87.47 0.23
CutMix 2 7493 0.36 87.14 0.24
Single 2 75.81 0.34 87.33 0.23
Medium 2 76.49 0.33 88.20 0.22
Large 2 76.59 0.34 88.11 0.23
CutMix 4 75.08 0.23 87.60 0.24
Single 4 76.82 0.24 88.14 0.23

4

4

We explore the training bene ts of these meta-speci c training schemes by examining sat-
uration during training. To this end, we plot the training and validation accuracy over time for
R2-D2 meta-learners with ResNet-12 backbones using baseline augmentations, query Self-Mix,
and Meta-MaxUp with a medium sized pool amd= 4. See Figure 6.1 for training and vali-
dation accuracy curves. With only baseline augmentations, validation accuracy stops increasing
immediately after the rst learning rate decay. This suggests that baseline augmentations do
not prevent over tting during meta-training. In contrast, we observe that models trained with
Meta-MaxUp do not quickly over t and continue improving validation performance for a greater

number of epochs. Meta-MaxUp visibly reduces the generalization gap.
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Figure 6.2: Performance with shot augmentation using MetaOptNet trained with the proposed
Meta-MaxUp. (Top) 1-shot and 5-shot on CIFAR-FS (Bottom) 1-shot and 5-shot on mini-
ImageNet.

6.4.5 Shot Augmentation for Pre-Trained Models

In the typical meta-learning framework, data augmentations are used during meta-training
but not during test time. On the other hand, in some transfer learning work, data augmentations,
such as horizontal ips, random crops, and color jitter, are used during ne-tuning at test time
[135]. These techniques enable the network to see more data samples during few-shot testing,
leading to enhanced performance.

We propose shot augmentation (see Section 6.3) to enlarge the number of few-shot sam-
ples during testing, and we also propose a variant in which we additionally train using the same
augmentations on support data in order to prepare the meta-learner for this test time scenario.

Figure 6.2 shows the effect of shot augmentation (using only horizontal ips) on performance
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Table 6.5: Few-shot classi cation accuracy (%) on CIFAR-FS and mini-ImageNet. “+ DA”
denotes training with CutMix (Q) + Rotation (T), and “+ MM” denotes training with Meta-
MaxUp. “CNN-4" denotes a 4-layer convolutional network with 96, 192, 384, and 512 lters in
each layer [2]. “64-64-64-64" denotes the 4-layer CNN backbone from Snell et al. [3].

CIFAR-FS mini-ImageNet
Method Backbone 1-shot 5-shot 1-shot 5-shot
R2-D2 CNN-4 67.56 0.35 82.39 0.26 56.15 0.31 72.46 0.26
+ DA CNN-4 70.54 0.33 84.69 0.24 57.60 0.32 74.69 0.25
+ MM CNN-4 71.10 0.34 8550 0.24 58.18 0.32 75.35 0.25
R2-D2 ResNet-12 71.950.37 84.56 0.25 60.46 0.32 76.88 0.24
+ DA ResNet-12 76.17 0.34 87.74 0.24 6554 0.32 81.52 0.23
+ MM ResNet-12 76.65 0.33 88.57 0.24 65.15 0.32 81.76 0.24

ProtoNet 64-64-64-64 60.910.35 79.73 0.27 47.97 0.32 70.13 0.27
+ DA 64-64-64-64 62.21 0.36 80.70 0.27 50.38 0.32 71.44 0.26
+ MM 64-64-64-64 63.01 0.36 80.85 0.25 50.06 0.32 71.13 0.26

ProtoNet ResNet-12 70.210.36 84.26 0.25 57.34 0.34 75.81 0.25

+ DA ResNet-12 74.30 0.36 86.24 0.24 60.82 0.34 78.23 0.25
+ MM ResNet-12 76.05 0.34 87.84 0.23 62.81 0.34 79.38 0.24
MetaOptNet ResNet-12 70.990.37 84.00 0.25 60.01 0.32 77.42 0.23
+ DA ResNet-12 7456 0.34 87.61 0.23 64.94 0.33 82.10 0.23
+ MM ResNet-12 75.67 0.34 88.37 0.23 65.02 0.32 82.42 0.23
MCT ResNet-12 75.80 0.33 89.10 0.42 64.84 0.33 81.45 0.23
+ MM ResNet-12 76.00 0.33 89.54 0.33 66.37 0.32 83.11 0.22

for MetaOptNet with ResNet-12 backbone trained with Meta-MaxUp. Shot augmentation con-
sistently improves results across datasets, especially on 1-shot classi cati&$b); To be clear,

in this gure, we are not using shot augmentation during the training stage. Rather, we are using
conventional low-shot training, and then deploying our models with shot augmentation at test
time. These post-training performance gains can be achieved by directly applying shot augmen-
tation to pre-trained/existing models during testing. For additional experiments, see Appendix

G.
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6.4.6 Improving Existing Meta-Learners with Better Data Augmentation

In this section, we improve the performance of four different popular meta-learning meth-
ods including ProtoNet [3], R2-D2 [2], MetaOptNet [131], and MCT [149]. We compare their
baseline performance to query CutMix with task-level rotation as well as Meta-MaxUp data aug-
mentation strategies on both the CIFAR-FS and mini-ImageNet datasets. See Table 6.5 for the
results of these experiments. In all cases, we are able to improve the performance of existing
methods, sometimes by over 5%. Even without Meta-MaxUp, we improve performance over the
baseline by a large margin. The superiority of meta-learners that use these augmentation strate-
gies suggests that data augmentation is critical for these popular algorithms and has largely been
overlooked.

In addition, we compare our method to augmentation by Large Rotations at the task level
— the only competing work to our knowledge — in Table 6.6. Note that using Large Rotations to
create new classes is referred to as “Task Augmentation” in [4]; we refer to it here as “Large Rota-
tions” to avoid confusion since we study a myriad of augmentations at the task level. We observe
that with the same training algorithm (MetaOptNet with SVM) and the ResNet-12 backbone, our
method outperforms the Large Rotations augmentation strategy by a large margin on both the
CIFAR-FS and mini-ImageNet datasets. Together with the same ensemble method as used in
Large Rotations, marked by “+ens”, we further boost performance consistently above the MCT
baseline, the current highest performing meta-learning method on these benchmarks, despite us-
ing an older meta-learner previously thought to perform worse than MCT. Moreover, when both
training and validation datasets are used for meta-training, we can achieve the state-of-art results

for few-shot classi cation on mini-ImageNet in inductive setting.
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Table 6.6: Few-shot classi cation accuracy (%) on CIFAR-FS and mini-ImageNet with ResNet-
12 backbone. “M-SVM” denotes MetaOptNet with the SVM head. “+ens” denotes testing with
ensemble methods as in Liu et al. [4]. “LargeRot” denotes task-level augmentation by Large
Rotations as described in Liu et al. [4].

CIFAR-FS mini-ImageNet
Method 1-shot 5-shot 1-shot 5-shot
M-SVM + LargeRot 7295 0.24 8591 0.18 62.12 0.22 7890 0.17
M-SVM + MM (ours) 75.67 0.34 88.37 0.23 65.02 0.32 8242 0.23
M-SVM + LargeRot + ens 75.85 0.24 87.73 0.17 6456 0.22 81.35 0.16
M-SVM + MM + ens (ours) 76.38 0.33 89.16 0.22 66.42 0.32 83.69 0.21

M-SVM + LargeRot + ens +val 76.75 0.23 88.38 0.17 65.38 0.23 82.13 0.16
M-SVM + MM + ens + val (ours) 76.38 0.34 89.25 0.21 67.37 0.32 84.57 0.21

6.4.7 Out-of-Distribution Testing on Meta-Dataset

In this section, we examine the effectiveness of our methods on cross-domain few-shot
learning benchmarks. Few-shot learners may be successful on similar tasks to their training data
but fail on tasks that deviate. Thus, testing on diverse distributions is crucial. To this end, we
leverage Meta-Dataset, a collection of sub-datasets used for testing meta-learners across diverse
tasks [157]. Among the 10 subdatasets, we train the networks only on ILSVRC-2012 [165], the
largest dataset in the collection, and we evaluate the cross-domain few-shot classi cation perfor-
mance on the other 9 datasets with R2-D2 and MetaOptNet learners and ResNet-12 backbones.
Training and evaluation details can be found in Appendix H.

We observe that on all subdatasets except for Omniglot, our proposed methods can improve
test accuracy over the baseline by as much as 7%. Additionally, we improve performance by a
large margin (more than 3%) on more than half of the subdatasets. On average, Meta-MaxUp
improves accuracy by around 3%. Omniglot suffers under our strategies since this dataset com-

prises handwritten letters which are not invariant to strong augmentations. Specially designed
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augmentations for handwritten letters are necessary to optimize performance on Omniglot. The
success of Meta-MaxUp on cross-domain benchmarks demonstrates that the proposed strategy is

effective even on diverse testing distributions which do not resemble the learner's training data.

Table 6.7: Few-shot classi cation accuracy (%) on Meta-Dataset with both MetaOptNet and R2-
D2 learner. “+ DA” denotes training with CutMix (Q) + Rotation (T), and “+ MM” denotes
training with Meta-MaxUp. Con dence intervals have radius equal to one standard error.

Test Source R2-D2 + DA + MM

ILSVRC 69.04 0.31 70.30 0.31 71.68 0.30
Birds 75.22 0.30 77.27 0.28 77.95 0.30
Omniglot 97.46 0.08 96.10 0.11 96.71 0.09
Aircraft 5428 0.28 58.93 0.30 60.83 0.28
Textures 63.47 0.24 65.98 0.24 67.34 0.26
Quick Draw 76.39 0.27 78.44 0.27 80.83 0.25
Fungi 50.41 0.22 52.29 0.20 54.12 0.22

VGG Flower 86.26 0.21 87.79 0.19 90.29 0.17
Trafc Signs 83.98 0.34 84.23 0.36 83.59 0.36
MSCOCO 70.29 0.30 7159 0.31 72.83 0.29

Test Source  MetaOptNet + DA + MM
ILSVRC 68.92 0.30 71.17 0.30 72.19 0.30
Birds 7558 0.39 77.49 0.29 77.47 0.2
Omniglot 97.43 0.10 95.97 0.10 96.59 0.09
Aircraft 53.40 0.37 60.43 0.29 60.57 0.29
Textures 63.29 0.33 65.70 0.24 69.42 0.25
Quick Draw 78.00 0.33 79.56 0.25 80.67 0.25
Fungi 50.56 0.21 53.80 0.22 53.82 0.22

VGG Flower 88.16 0.25 89.92 0.18 91.13 0.15
Trafc Signs 85.12 0.33 85.25 0.33 83.38 0.37
MSCOCO 69.52 0.32 71.90 0.31 73.49 0.30

6.5 Discussion

In this work, we break down data augmentation in the context of meta-learning. In doing so,
we uncover possibilities that do not exist in the classical image classi cation setting. We identify
four modes of augmentation: query, support, task, and shot. These modes behave differently
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and are of varying importance. Speci cally, we nd that augmenting query data is particularly
important. After adapting various data augmentations to meta-learning, we propose Meta-MaxUp
for combining various meta-speci ¢ data augmentations. We demonstrate that Meta-MaxUp
signi cantly improves the performance of popular meta-learning algorithms. As shown by the
recent popularity of frameworks like AutoAugment [148] and MaxUp [162], data augmentation
for standard classi cation is still an active area of research. We hope that this work opens up
possibilities for further work on meta-speci ¢ data augmentation and that emerging methods for
data augmentation will boost the performance of meta-learning on progressively larger models

with more complex backbones.

6.6 Appendix

6.6.1 Impact of Dataset Diversity on Various Stages of Meta-learning

Following the settings in Section 6.3.1, we further investigate how dataset diversity matters
in the various stages of meta-learning on Mini-ImageNet, CNN-4 backbones, and with the Pro-
toNet [3] head. The results are shown in Table 6.8, and all these results support our ndings that
meta-learning algorithms are more sensitive to the amount of query data and the number of tasks

and less sensitive to the amount of support data.

6.6.2 Details About Data Augmentation Techniques

In this section, we provide more details about the different data augmentation techniques
we use in this work. We employ the following pool of data augmentations:

CutMix: Yun et al. [124] introduce the CutMix augmentation strategy where patches are
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Table 6.8: Few-shot classi cation accuracy (%) using different meta-learning algorithms and
backbones for various data size manipulations on Mini-ImageNet. “Support”, “Query” and
“Task” columns denote the number of samples per class for support and query data and the num-
ber of total tasks available for sampling. Con dence intervals have radius equal to one standard
error.

Method  Backbone Support  Query Task 1-shot 5-shot
R2-D2 CNN-4 600 600 full 55.94 0.32 72.32 0.25
R2-D2 CNN-4 5 600 full 55.05 0.31 71.66 0.26
R2-D2 CNN-4  5(random) 600 full 42.090.29 60.12 0.27
R2-D2 CNN-4 600 5 full 49.87 0.30 66.00 0.27
R2-D2 CNN-4 600 600 13 53.340.31 69.43 0.25
R2-D2 ResNet-12 600 600 full 60.500.33 76.60 0.24
R2-D2 ResNet-12 5 600 full 58.790.32 76.45 0.25
R2-D2 ResNet-12 5 (random) 600  full 43.800.30 62.26 0.28
R2-D2 ResNet-12 600 5 full 48.020.31 65.45 0.26
R2-D2 ResNet-12 600 600 13 57.650.33 73.18 0.28
ProtoNet ResNet-12 600 600 full 57.460.38 75.61 0.29
ProtoNet ResNet-12 5 600 full 57.030.33 75.46 0.26
ProtoNet ResNet-12 5 (random) 600 full 43.36.32 57.20 0.28
ProtoNet ResNet-12 600 5 full 48.400.34 64.79 0.29
ProtoNet ResNet-12 600 600 13 51.88.35 66.41 0.29

cut and pasted among training images, and the ground truth labels are also mixed proportionally
to the area of the patches.

MixUp: Zhang et al. [123] propose mixup, a simple learning principle to alleviate memo-
rization and sensitivity to adversarial examples. Mixup trains a neural network on convex combi-
nations of pairs of examples and their labels. By doing so, mixup regularizes the neural network
to favor simple linear behavior in between training examples.

Self-Mix: Seo et al. [161] introduce the self-mix augmentation strategy in which a patch of
an image is substituted into other values in the same image to improve the generalization ability

of few-shot image classi cation models.
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In addition, we use some standard and simple data augmentation techniques:

Rotation: augments the data by rotating the images.

Horizontal Flip: augments the data by horizontally ipping images.

Random Erase:augments the data by randomly erasing patches from the image.

Finally, we also experimented with the following data augmentation techniques:

Combining Labels: augments the data by combining two different labels into a single
class. For instance, we may combine the “dog” and “cat” labels to create a new “dog or cat”
class.

Feature Mixup: similar to the “Mixup” augmentation technique we describe above, how-
ever, we perform the mixup strategy on the feature representation for the image.

Drop Channel: augments the data by dropping color channels in the image.

Solarize: inverts all pixels above a threshold value of magnitude.

6.6.3 Training Details

For MetaOptNet, we use the same training procedure as [131] including SGD with Nes-
terov momentum of 0.9 and weight decay coef cient of 0.0005. The model was meta-trained
for 60 epochs, with an initial learning rate of 0.1, then changed to 0.006, 0.0012, and 0.00024
at epochs 20, 40 and 50, respectively. In each epoch, we train on 8000 episodes and use mini-
batches of size 8. Following [131], we use a larger shot number (15) to train mini-ImageNet for
both 1-shot and 5-shot classi cation. For MCT, we use the same optimizer but with batch size
1 and maximum iteration 50000. Following [149], we enlarge the training classi cation ways to

15 for a 5-way testing. We use instance-wise metrics for all inductive learning.
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Table 6.9 compares the training time of meta-learning methods with baseline data aug-
mentations, with our proposed data augmentations (DA) and Meta-MaxUp strategy (MM) on the
CIFAR-FS dataset. We employ data parallelism across 4 Nvidia RTX 2080 Ti GPUs for all ex-
periments. The training time of meta algorithms with our proposed data augmentation is almost
the same as with baseline methods. Although Meta-MaxUp reguirgésies as many forward
passes, hema = 4, it does not require any extra backward passes. Thus, Meta-MaxUp typically
runs roughly 2-3 times longer than baseline methods.

Table 6.9: Runtime (training time in hours for 60 epochs) comparison of data augmentation
strategies on CIFAR-FS

Method Backbone Runtime Backbone Runtime
R2D2 CNN-4 2.5h ResNet-12 3.2h

+ DA CNN-4 2.6h ResNet-12 3.7h

+ MM CNN-4 4.1h ResNet-12 8.2h
MetaOptNet CNN-4 8.6h ResNet-12 8.9h

+ DA CNN-4 8.8h ResNet-12 9.2h

+ MM CNN-4 14.5h ResNet-12 18.5h

6.6.4 Results for All Data Augmentation Techniques

Table 6.6.4 shows the few-shot classi cation accuracy on CIFAR-FS of an R2-D2 meta-
learner with all single data augmentation techniques used in our paper. We highlight the best
result in each mode. Data augmentation on query images signi cantly improves the baseline

performance as well as data augmentations on other modes.
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Table 6.10: Few-shot classi cation accuracy (%) on the CIFAR-FS dataset for all data augmen-
tations with an R2-D2 learner. Con dence intervals have radius equal to one standard error.
“CNN-4" denotes a 4-layer convolutional network with 96, 192, 384, and 512 Iters in each
layer [2]. Best performance in each category is bolded.

CNN-4 ResNet-12
Mode Level 1-shot 5-shot 1-shot 5-shot
Baseline - 67.56 0.35 82.39 0.26 71.95 0.37 84.56 0.25
Random Erase Support 67.710.36 82.25 0.26 72.30 0.37 84.50 0.25
Self-Mix Support 69.61 0.35 83.43 0.25 71.96 0.36 84.84 0.25
CutMix Support 69.05 0.36 83.12 0.26 72.79 0.37 84.70 0.25
MixUp Support 68.64 0.37 82.72 0.27 71.86 0.37 84.11 0.25
Feature Mixup Support 67.880.35 82.40 0.25 71.21 0.37 83.38 0.25
Rotation Support 68.65 0.35 82.86 0.25 71.13 0.37 83.84 0.25

Combining labels Support 68.270.36 82.53 0.26 71.00 0.38 83.12 0.25
Drop Channel Support 68.210.35 82.76 0.25 69.65 0.73 83.15 0.25

Solarize Support 68.65 0.35 82.68 0.26 70.88 0.37 83.45 0.25
Random Erase Query 69.730.34 84.04 0.25 73.05 0.36 85.67 0.25
Self-Mix Query 69.55 0.35 84.20 0.25 73.59 0.35 86.14 0.25
CutMix Query 70.54 0.33 84.69 0.24 75.97 0.34 87.28 0.23
MixUp Query 67.70 0.34 83.13 0.25 72.93 0.35 86.13 0.24
Feature Mixup Query 70.16 0.35 83.80 0.28 73.38 0.35 85.87 0.23
Rotation Query 68.17 0.35 83.01 0.25 72.02 0.36 84.42 0.25
Combining labels Query 66.010.34 81.99 0.26 69.77 0.37 82.99 0.26
Drop Channel Query 68.340.35 83.25 0.25 69.60 0.37 83.01 0.26
Solarize Query 67.51 0.35 82.65 0.25 7245 0.36 84.97 0.24
MixUp Task 67.21 0.35 8272 0.26 72.05 0.37 85.27 0.25
Large Rotation Task 68.96 0.35 83.65 0.25 73.79 0.36 85.81 0.24
CutMix Task 68.78 0.36 82.99 0.50 72.72 0.37 84.62 0.25
Combining labels  Task  68.080.35 82.33 0.26 69.64 0.37 83.79 0.26
Random Erase Task 68.390.36 83.26 0.25 71.09 0.37 84.49 0.25
Drop Channel Task 67.540.36 81.97 0.25 70.24 0.37 8352 0.26
Horizontal Flip Shot 68.13 0.35 82.95 0.25 73.25 0.36 85.06 0.25
Random Crop Shot 67.330.36 83.04 0.25 70.56 0.37 83.87 0.25

Random Rotation Shot 67.570.35 83.00 0.25 70.32 0.37 83.75 0.25
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6.6.5 Results for Combination of Data Augmentations

Table 6.11 shows the few-shot classi cation accuracy for combinations of data augmenta-

tions building on the top of query CutMix, with both CNN-4 and ResNet-12 backbones.

Table 6.11: Few-shot classi cation accuracy (%) on the CIFAR-FS dataset with combinations of
augmentations and query CutMix. “S”,“Q”,“T” denote “Support”, “Query”, and “Task” modes,
respectively. While adding augmentations can help, it can also hurt, so additional augmentations
must be chosen carefully.

CNN-4 ResNet-12
Mode 1-shot 5-shot 1-shot 5-shot
CutMix 70.54 0.33 84.69 0.24 75.97 0.34 87.28 0.23
+ CutMix (S) 69.50 0.35 82.64 0.26 75.00 0.37 85.37 0.25

+ Random Erase (S) 70.120.35 84.48 0.25 75.84 0.34 87.19 0.24
+ Random Erase (Q) 69.680.34 84.36 0.24 75.08 0.35 87.14 0.23

+ Self-Mix (S) 70.65 0.34 84.68 0.25 76.27 0.34 8752 0.24
+ Self-Mix (Q) 69.94 0.34 84.38 0.24 76.04 0.34 87.45 0.24
+ MixUp (T) 70.33 0.35 84.57 0.25 7597 0.34 86.66 0.24
+ Rotation (T) 70.35 0.34 84.73 0.24 75.74 0.34 87.68 0.24

+ Horizontal Flip (Shot) 70.90 0.33 84.87 0.24 76.23 0.34 87.36 0.24
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6.6.6 Augmentation Pool for Meta-MaxUp

For all the benchmark results of Meta-MaxUp training, we use a medium-size data aug-
mentation pool withm = 4, including CutMix (Q), Random Erase (Q), Self-Mix (S), Rotation
(T), CutMix (Q) + Rotation (T), and Random Erase (Q) + Rotation (T). For the large-size pool,
we add more techniques and combinations of the mentioned techniques into the pool, including
Random Erase (Q) + Random Erase (S), CutMix (Q) + Random Erase (S), CutMix (Q) + Random
Erase (Q), and CutMix (Q) + Self-Mix (S). Table 6.12 shows the few-shot classi cation accuracy
on CIFAR-FS using R2D2 meta-learner and both CNN-4, ResNet-12 backbones, with various

augmentations pool and hyper-parameter

Table 6.12: Few-shot classi cation accuracy (%) on the CIFAR-FS dataset for Meta-MaxUp over
different sizes of augmentation pools and numbers of samples &sd the pool size increase,
so does performance. Meta-MaxUp is able to pick effective augmentations from a large pool.

CNN-4 ResNet-12
Pool m 1-shot 5-shot 1-shot 5-shot
Baseline - 67.56 0.36 82.39 0.26 7195 0.37 84.56 0.25
CutMix 1 7054 0.34 84.69 0.24 75.97 0.34 87.28 0.23
Single 1 70.76 035 84.70 0.25 75.71 0.35 87.44 043
Medium 1 70.50 0.34 8459 0.24 75.60 0.34 87.35 0.23
Large 1 70.84 0.34 85.04 0.24 75.44 0.34 87.47 0.23
CutMix 2 7056 0.34 84.78 0.24 7493 0.36 87.14 0.24
Single 2 70.86 0.34 85.06 0.25 75.81 0.34 87.33 0.23
Medium 2 70.75 0.34 85.02 0.24 76.49 0.33 88.20 0.22
Large 2 70.63 0.34 85.07 0.24 76.59 0.34 88.11 0.23
CutMix 4 70.48 0.34 84.76 0.24 75.08 0.23 87.60 0.24
Single 4 7110 0.34 8550 0.24 76.82 0.24 88.14 0.23
Medium 4 7058 0.34 85.32 0.24 76.30 0.24 88.29 0.22
Large 4 70.71 0.34 85.04 0.23 76.99 0.24 88.35 0.22
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6.6.7 Bar Plots for Shot Augmentation

Figure 6.3 shows the effect of the shot augmentation in few-shot evaluation. In general,

shot augmentation enhances the performance of meta-learners.

(@) (b) (€) (d)

Figure 6.3: Performance with shot augmentation using different backbones and training strategies
on CIFAR-FS. (a) 1-shot classi cation with CNN-4 (b) 5-shot classi cation with CNN-4 (c) 1-
shot classi cation with ResNet-12 (d) 5-shot classi cation with ResNet-12

6.6.8 Meta-Dataset Training and Evaluation

Details concerning each dataset in the Meta-Dataset benchmark can be found in Trianta I-
lou et al. [157]. We use the same training procedure as mentioned above in Appendix 6.6.3
for both meta-learners. In each epoch, we train on 8000 episodes with shot of 5 and images of
spacial dimension84 84 3, and we use mini-batches of 8 tasks each. When training with
Meta-MaxUp, we use the same augmentation pool as in Appendix 6.6.6 andset. Dur-
ing evaluation, we test 5-shot performance on 1000 tasks consisting of 15 query samples each.
Due to the small number of sample size for several classes in the Fungi dataset, we use 1-shot

classi cation with 5 query samples instead.
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Chapter 7: The Close Relationship Between Contrastive Learning and Meta-

Learning

7.1 Introduction

Self-supervised visual representation learning (SSL) has recently gathered attention due to
its ability to learn image features without manual supervision, thus allowing for ef cient learning
on downstream tasks such as detection and segmentation [5, 40, 41, 47, 48, 49, 166, 167, 168, 169,
170,171,172,173,174,175,176, 177, 178]. Among SSL approaches, contrastive learning based
methods [39, 40, 47] show patrticularly strong potential and achieve promising results which are
close to those of fully supervised methods on numerous computer vision benchmarks.

These methods rely on applying various data augmentations such as random crops, ips,
color distortion, and Gaussian blur on the same training sample to create different views of an
image. Two such example methods, SIMCLR [40] and MoCo [47], involve reducing the distance
between features corresponding to positive pairs (different augmented views of the same image),
and increasing the distance between features corresponding to negative pairs (augmented views
of different images).

Meanwhile, meta-learning is an established popular framework for learning models that

quickly adapt to on-the- y tasks given a small number of examples [2, 45, 46, 131, 179]. The
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training loop for meta-learners typically involves (i) sampling a random batch of classes and (ii)
updating a feature extractor to distinguish between these classes. This procedure mirrors that
of contrastive learning, which proceeds by (i) sampling a batch of images and augmenting them
to generate classes (each “class” is an image plus all of its views), and (ii) updating a feature
extractor to distinguish between these classes. Conceptually, this contrastive learning procedure
resembles meta-learning where the training tasks are generated by computing multiple views of
individual images.

In this work [53], we discuss the close relationship between contrastive learning and meta-
learning. Concretely, we show that established meta-learning algorithms, originally designed for
few-shot learning, can achieve the same performance as recent contrastive learning algorithms
on standard SSL problems when paired with the same data sampling strategy. In addition, we
explore techniques, originally designed for meta-learning, that can improve contrastive learning.
Speci cally, we explore ways by which we can adapt data augmentation strategies inspired by
recent work in meta-learning [52, 180] to SSL and nd that this approach can yield signi cant
performance boosts.

Our contributions can be summarized as follows:

* We formulate a meta-learning based framework for understanding self-supervised learning,
and we show that meta-learners can achieve comparable self-supervised performance to

contrastive learning methods.

* We propose a meta-speci ¢ task augmentation strategy which boosts the performance of
self-supervised learning. This data augmentation method generalizes to methods with no

negative pairs, such as BYOL [48], as well.
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7.2 Related Work and Background

7.2.1 Meta-Learning for Few-shot Learning

Meta-learning algorithms for few-shot learning aim to learn a model that can quickly adapt
to new tasks with limited data and generalize to unseen examples. To achieve this, the adaptation
and evaluation procedures are both simulated during meta-training. During each episode of meta-
learning, we sample a task;,, from a distribution of tasks, often corresponding to combinations
of training classes formed into classi cation problems. Each task consisspgfortdataT,;®

andquerydataT., so thatT; = fT,5; T,%. When applied to few-shot classi cation, this task is
called ak-shot,N -way classi cation problem, wherk denotes the number of training samples
per category in the support data. Then, support data will be used to simulate few-shot training
data, while query data will be used to simulate novel testing samples.

A meta-learning modefF, in this setting, contains a feature extractor and a classi cation
strategyA. This classi cation strategy can take various forms, such as adding a linear classi er
on top of the feature extractor and ne-tuning either the linear layer or the whole network end-to-
end, or this strategy may simply classify samples by selecting the nearest class prototype. Meta-
learning training algorithms have amer loopand anouter loopin each parameter update. In
the inner loop, the model is rst ne-tuned on support dat&. Then, in the outer loop, the
updated model is used to predict on query dafaand a loss is minimized with respect to the

model's parameters before ne-tunirig.ntuitively, we update parameters so that the feature

extractor extracts better features for the classi cation strategy, often resulting in tightly clustered

INote that algorithms in the vein of Reptile [46] do not split the tasks into support and query.
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features corresponding to each class [51]. Existing works apply various methods for ne-tuning
on support data during the inner loop. In aline of algorithms, such as MAML and Reptile [45, 46],
all the parameters in the model are updated using gradient descent during ne-tuning on support
data. Other algorithms, such as MetaOptNet and R2-D2 [2, 131], keep the feature extractor
frozen during ne-tuning; MetaOptNet uses SVM, and R2-D2 uses ridge regression on top of
the feature extractor. Similarly, metric learning approaches, such as ProtoNet [3, 149], freeze the
feature extractor as well, and create class centroids from the support data in the inner loop. In
this work, we primarily focus on the latter algorithms due to their ef ciency and performance as

well as the similarity of contrastive learning to metric learning.

7.2.2 self-supervised learning

Contrastive SSL. Contrastive methods [39, 40, 47, 168, 170, 173] achieve promising per-
formance in self-supervised learning. As mentioned previously, contrastive learning maximizes
agreement on different augmented views of the same image (qaitive pairg while ensur-
ing disagreement on samples generated by different base images (egked/e pairy Given
a batch of input images, m random data augmentations are applied on the same batch, gen-
erating a set of training samplés'g™, . These samples are fed into a backbone netgrk
to obtain the feature representatidie g, . Then, a small neural netwod ), usually a non-
linear MLP, is applied to projedth' g™, to the latent representationz'g™", in the space where
a contrastive losK ) is applied, ensuring that latent representations of positive pairs are similar
while latent representations of negative pairs are different. In this work, we mainly focus on this

type of self-supervised learning and show its close relation with meta-learning. The batch sam-
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pling procedure of contrastive learning can be viewed as sampling a new classi cation problem
with a number of classes equal to the number of base images used to generate augmented views.
We will see that this on-the- y sampling of classi cation problems closely mirrors a common
meta-learning setup.

Non-Contrastive SSL. Some non-contrastive methods are generative approaches, such
as auto-encoders [181, 182, 183], and adversarial learning [184], where a distribution is learned
over data and a latent embedding. These methods are typically computationally expensive as
they require training a learned model which maps latent representations to pixel space. Other non-
contrastive methods rely on using heuristic designed pretext tasks [166, 167, 171, 185] to learn the
representation. More recently, BYOL [48] showed that by bootstrapping a target representation
prediction, feature representations can be learned without negative pairs. However, BYOL still
adopts the data augmentation procedure from contrastive learning, where different augmented
views are used as training samples. In section 7.5, we show that BYOL still bene ts from our
proposed task augmentation strategy.

Data Augmentation in Meta-Learning and SSL. Data augmentations play an essential
role in both meta-learning and self-supervised learning. In meta-learning, Liu et al. [4], Ni et al.
[52], Su et al. [180] show that proper data augmentation and meta-speci ¢ task augmentations
dramatically improve few-shot learning performance by expanding the number of classes avail-
able for sampling. In self-supervised learning, Tian et al. [186] show contrastive learners can

nd better feature representations when views contain less mutual information. In addition, Shen
et al. [5], Kim et al. [174], Li et al. [177] show that adding harder examples such as cut-mixed
samples into the training pipeline can improve self-supervised performance. In this work, we
show that similarly to meta-learning, self-supervised learners can bene t from carefully applied

136



data augmentation techniques which mirror task augmentations from the meta-learning literature.

7.2.3 self-supervised learning for meta-learning and few-shot learning

Another line of research [187, 188, 189, 190] focuses on self-supervised learning for meta-
learning and few-shot learning. Hsu et al. [187] focuses on partitioning samples from a dataset
to construct meta-learning tasks and using MAML or ProtoNet on 4-layer architectures to solve
few-shot problems. Similarly, Khodadadeh et al. [188] and Medina et al. [190] add more data
augmentations, such as Auto Aug [148] and use MAML and ProtoNet, respectively, to learn
a few-shot representation. To further improve few-shot performance, Ye et al. [189] sample
harder mixed support examples and apply a task-speci ¢ projection head to help generalize to
unseen classes. These methods focus on few-shot learning performance, which entails up to
50 training examples per class. In contrast, we focus on the unsupervised learning paradigm
where large models are pre-trained on samples generated via data augmentation and are applied

to downstream tasks such as ImageNet classi cation.

7.3 Experimental Setup

Datasets and EvaluationWe conduct self-supervised training on both the CIFAR-10 and
ImageNet datasets [6, 158]. Following Chen et al. [40], we evaluate pre-trained representations in
a linear evaluation setting, where feature extractors are frozen, and a classi cation head is stacked
on top and tuned. In addition, we test the performance of the pre-trained feature extractors on
downstream tasks such as transfer learning and semi-supervised learning with 1% and 10% of

labeled data. Evaluation and dataset details can be found in Appendix 7.7.2.
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Pre-Training Details We use a ResNet-18 backbone for all experiments on CIFAR-10
and ResNet-50 for those on ImageNet. We train the model on CIFAR-10 with the LARS op-
timizer [191] and batch size 1024 for 1000 epochs (with 4 GPUs). On ImageNet, we use the
same optimizer and batch size of 256, and we train for 100 epochs (with 8 GPUs). For Ima-
geNet pre-training, we follow the hyperparameter setting in Chen et al. [40], including baseline
data augmentation methods, dimension of the latent space, and learning rate decay schedule. For
CIFAR-10 pre-training, we use the same CIFAR-10 speci ¢ hyperparameters as SImCLR again.
For BYOL, we use the same learning rate schedule as meta-learners and start with learning rate 4.
In addition, both the projector and predictor in BYOL are two-layer MLPs with hidden dimension

2048 and output dimension 256. More details can be found in Appendix 7.7.1.

7.4 A Meta-Learning Framework for SSL

Meta-learners, designed for few-shot learning, and contrastive learners for SSL are built
on similar intuitions. Both approaches learn to solve new tasks on-the- y with each batch — new
classi cation problems in the case of meta-learning and differentiating a new batch of images in
the case of contrastive learning. Furthermore, both approaches hold a goal of learning invariances
which generalize to novel problems at inference; meta-learners should extract similar features for
each instance of a novel test class, and contrastive learners should extract similar features for
each view of an image sample. In this section, we show how one can construct a meta-learning
framework for SSL which closely mirrors the strategy adopted by recent contrastive learning
methods.

We now describe how to generate meta-learning task distribyp@n)sfor self-supervised
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(a) Training procedure of contrastive learning (b) Meta-Learning framework for SSL

Figure 7.1: (a) Training procedure of contrastive learning. Two augmented views are generated
by applying random transformations to the same input batch. A backidonend a projectog( )

is learned through contrastive prediction tasks. (b) Meta-Learning framework for SSL. We adopt
the same data augmentation operations as contrastive learning. We gebevate@assi cation
problem,bis the batch size, by treating each image itself as a class. Two views are separated as
supportdata, on which the network is ne-tuned and the classi cation strategy is learndd by
guerydata, on which we apply the updated model and calculate the meta-loss. At the end of
training, everything but ( ) is discarded, an is used as the image representation.

learning. We adopt the data augmentation operations from contrastive learning, where different
random augmentations are applied to the input batch to generate alternative views. In general,
givenm random augmented views of a batchbahput images, we can create eway classi -

cation problem by treating all images generated by the same base image as a class. Then, we can
divide the data from each class imwo, support andn, query samples so that; + m, = m.

This framework for sampling a batch containing augmented views of base images and dividing
them into support and query samples yields a task distribydfdr). In few-shot learning ter-
minology, each training task; is am;-shotb-way classi cation problem, since we hatbase
images which generate classes, and for each such image, wenhatgport samples. Viewed

in this way, SImCLR seten = 2 andm; = m, = 1, but SimCLR has important differences from
common meta-learners.

Unlike typical meta-learning methods, SImMCLR compares every sample with every other
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sample, while methods like ProtoNet only compare each query sample with each support pro-
totype and not with each other. Moreover, SImMCLR samples a single large batch of samples
for each episode of training which corresponds to sampling a single task, while meta-learners
typically sample a batch of many tasks, i.e., classi cation problems, during each episode.

Now that we have established a framework for sampling tasks, we can directly apply vari-
ous meta-learning algorithms, such as R2-D2 and ProtoNet described in Section 7.2.1, in order to
learn the parametersof the base moddt. Recall that the base model contains a classi cation
strategy and a feature extractor, which is the learning target of SSL. We use the same feature
extractor here used for contrastive learning in Section 7.2.2, which consists of a batKbone
followed by a projection heag( ). Formally, we solve the meta-learning optimization problem,

h i
minEr Lss. ; Lss. = [(F o TY);

where ° = A(; T%) are parameters updated by training on support tasks| adhe loss
function, e.g., cross-entropy loss in our work, used in the outer loop of training. After pre-
training, only the backboni( ) will be kept for self-supervised evaluation. This meta-learning
framework for self-supervised learning is summarized in Algorithm 6 and Figure 7.1.

We compare the performance of representations learned by meta-learners with SimCLR

Table 7.1: Linear evaluation on CIFAR-10 Table 7.2: Linear evaluation on ImageNet
for representations learned via contrastive for representations learned via contrastive
learning and our meta-learning framework. learning and our meta-learning framework.

Method  Backbone Top-1 Acc(%) Method  Backbone Top-1 Acc(%)
SIMCLR ResNet-18 91.4 SIMCLR ResNet-50 58.8
ProtoNet ResNet-18 91.8 ProtoNet ResNet-50 57.6
R2-D2 ResNet-18 91.6 R2-D2 ResNet-50 55.5
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Algorithm 6 Meta-Learning Framework for Self-Supervised Learning

Require: Base modeF , classi cation strategyA, learning rate , and distribution of data

augmentation®.

Initialize: , the weights of

while not donedo

forj =1;:;ndo

Sample a batch of base images
Samplem random data augmentations frddnto obtain augmented views¢' g™,
Separaté x' g, into support seT;® = fx'g"; and query seT;* = fx'gl, .,

Fine-tune model ofij: ;| = A(; T°)
Compute gradiergy = r L(F ;T%; p
Update base model parameters: TiY-

under the default setting described in Section 7.3. Table 7.1 and Table 7.2 show the linear eval-
uation top-1 accuracy for the feature representations trained and tested on the CIFAR-10 and
ImageNet datasets, respectively. We observe that representations learned via meta-learning (R2-
D2 and ProtoNet) can achieve performance on par with SImCLR on CIFAR-10 but worse on
ImageNet. Note that during training, we use the same exact hyperparameter as SimCLR due to
computational constraints, which may not be optimal speci cally for our proposed method. We
will see in the following experiments that although R2-D2 achieves worse linear evaluation on
ImageNet with this hyperparameter setting, it actually performs better than SImCLR on down-
stream tasks, such as semi-supervised learning and transfer learning, other popular (and plausibly
more realistic) evaluation scenarios for SSL methods.

Following Chen et al. [40], we rst evaluate the pre-trained model by semi-supervised
learning, where we ne-tune the pre-trained model with only a fraction of labeled ImageNet data
(1% and 10%). As we see from Table 7.3, with the same ne-tune setting (See Appendix 7.7.2),
models pre-trained by R2-D2 can achieve5% higher top-1 accuracy than those pre-trained
by SimCLR after ne-tuning on labeled data. Notably, the supervised baseline from Zhai et al.

[192] is strong due to exhaustive hyperparameter searching and stronger data augmentations used
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during the training.

To further compare the feature representations learned by different methods, we apply the
pre-trained weights to transfer learning. We consider 8 datasets with natural images of various
categories [158, 193, 194, 195, 196, 197, 198]. For each dataset, we use the backbone (ResNet-
50) pre-trained on ImageNet as an initialization for the feature extractor of the downstream classi-
cation model. In contrast to linear evaluation, we ne-tune the entire model on the given dataset
for 20,000 iterations with the best hyperparameter setting selected on its validation split. Details
of our hyperparameter selection are included in Appendix 7.7.2. All models are pre-trained on
ImageNet for 100 epochs. We also include a baseline model provided in Chen et al. [40] which
does not use pre-trained weight as an initialization. Note that the baseline model is tuned to
achieve comparable performance with a larger search space for hyperparameters, and it is trained
for a longer duration. From the results in Table 7.4, we nd that R2-D2 initialized model con-
sistently outperforms its contrastive counterpart on all 8 datasets. These results suggest that for
the same number of epochs, a model trained with R2-D2 works better as an initialization for
downstream tasks than one trained with SImCLR. We speculate that this property is connected to
R2-D2's few-shot learning driven design and simulation of adapting to new tasks during its inner

loop.

7.5 Boosting SSL with Meta-Speci ¢ Augmentation

Now that we have established a relationship between contrastive learning and meta-learning,
we will apply tools developed in the latter discipline to enhance contrastive learners. Previous

work has shown that data augmentations such as crops and colorizing play an important role
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Table 7.3: ImageNet Top-1 accuracy (%) of models ne-tuned with few labels.

Label fraction

Method Backbone 1% 10%
Supervised baseline ResNet-50 25.4 56.4
SimCLR ResNet-50 32.4 53.6
ProtoNet ResNet-50 31.0 52.9
R2-D2 ResNet-50 37.9 58.8

Table 7.4: Transfer learning using ImageNet pre-trained weights. We report mean per-class accu-
racy (%) on the Flowers and Aircraft datasets, mean average precision (mAP) on the VOC2007
classi cation dataset, and Top-1 accuracy on the remaining datasets.

Flowers102 DTD VOC2007 Aircraft Food101 SUN397 CIFAR-10 CIFAR-100

Baseline 92.0 64.8 67.3 859 86.9 53.6 95.9 80.2

SimCLR 92.4 72.7 66.0 83.7 86.3 57.4 94.8 79.1
ProtoNet 92.7 715 64.7 83.9 86.2 56.4 96.0 79.1
R2-D2 94.5 73.8 69.9 86.2 86.9 59.7 96.7 82.8

in both contrastive learning and meta-learning. We focus on a particular augmentation strategy
from the meta-learning literature, termesk augmentatignwhich aims to expand the number

of classes available for sampling rather than expanding the number of samples per class. Liu et al.
[4], Ni et al. [52] show empirically that data augmentations work best when applied to carefully
chosen parts of the meta-learning batch, and large rotations can only work as a task augmen-
tation, in which rotation by a chosen degree is applied to all images in an entire class, and we
then treat them as a new class. Large rotations, and other dramatic transformations used for task
augmentation, actually decrease performance when instead applied independently on support and
guery samples (as a way to increase data within a class) rather than uniformly on an entire class
(therefore de ning a new class). Augmentations that exhibit this task augmentation behavior are

typically those which transform an image so much that its semantic content looks different to a
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human. By keeping images with very large augmentations in the same class, we may accidentally

encourage models to learn overly strong invariances which do not naturally exist in the data.

Table 7.5: Linear evaluation (Top-1 accuracy (%)) on CIFAR-10 with feature representations
learned by SImCLR and BYOL in default setting (see Section 7.3). Simply adding large rotations
to data augmentation hurts the performance of self-supervised learning.

Rotation SimCLR BYOL

No 91.4 92.1
Yes 89.7 90.6

Although data augmentations such as large rotations have been shown effective for visual
pre-training [171, 199], how to encode that into the data augmentation framework of contrastive
learning remains unclear. In addition, we observe that when applied along with contrastive learn-
ing, the phenomenon mentioned above occurs as well. Namely, the same large rotation data
augmentation, which can improve the performance of meta-learners via task augmentation, also
degrades the performance of contrastive learners when applied to samples independently (instead
of uniformly to an entire class). Table 7.5 shows linear evaluation accuracy on CIFAR-10 when
we add this augmentation to the training pipeline of SIMCLR. In this experiment, we randomly
rotate every augmented view bg0 ; 180 ; 270 g with probability 0.25 each. In Table 7.5, we see
that the accuracy of SImCLR drops by2%, and this degradation also occurs in self-supervised
learning methods without negative pairs such as BYOL, which adopts the same augmentation
pipeline as SImCLR. Driven by the observation and insights from the meta-learning literature,
we are motivated to apply strong augmentations, such as large rotations, to contrastive learning
at the task level so that models can bene t from the additional augmentation without learning
overly strong and harmful invariances.

In the literature on meta-learning literature for few-shot classi cation, large rotations can be
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(@) (b)

Figure 7.2: (a) Examples of novel classes created by rotatiddBy 180 ;270 g. (b) Adding

task augmentation into the data augmentation pipeline. We rst apply random transformations
on the input batch, then for each augmented view from the same image, we rotate them by the
same degree.

used either as a task augmentation or an auxiliary loss [4, 180, 200]. We adopt both methods into
our meta-learning inspired pipeline for self-supervised learning and describe the details below.
This procedure is illustrated in Figure 7.2 and Figure 7.3.

Large Rotation as Task Augmentation. Instead of randomly rotating each training sam-
ple independently, we rotate all images from the same class (different augmented views of the
same original base image) by the same degree (chosen randomlyGro@® ; 180 ;270 g) in
both the support and the query data. In such a way, the number of potential classes is enlarged
by 3 times. We combine large rotation augmentation with the basic augmentations used in con-
trastive learning during the sampling stage and keep other components of the training procedure
unchanged.

Large Rotation as Auxiliary Loss. In addition to task augmentation, large rotations can
be used as an auxiliary prediction task for the original self-supervised problem, where the angle
of a rotated image is used as the target label. To this end, we spin the inpukbaycin angle
to generate the rotated training sampfesy; yg, whered 2 f 0 ;90 ;180;270¢g;y = fd=90g.

Then, we stack a 4-way classi cation heladn top of the shared backbohend projection head

145



	Acknowledgements
	Table of Contents
	List of Tables
	List of Figures
	List of Abbreviations
	Introduction
	Background
	Model Efficient Deep Learning
	Quantization
	Efficient Vision Transformer

	Data-Efficient Learning
	Standard Supervised Learning
	Few-shot Learning and Meta-Learning
	Self-Supervised Learning

	Outline of Thesis

	Accelerate Network Inference with Ultra-Low-Precision Arithmetic
	Introduction
	Related Work and Background
	Network Quantization
	Low-precision Accumulation
	The Impact of Integer Overflow

	Proposed Method
	WrapNet: Dealing with Integer Overflows
	Overflow Penalty
	Selection of Activation Quantization Step-Size
	Adapting to Bit-Packing

	Experiments
	Training Pipeline
	Adapting to Low-precision Accumulators
	Adapting to Bit-Packing
	Benchmark Results
	Efficiency Analysis

	Conclusion
	Appendix: Additional Details and Analysis
	Details of Carry Variance Reduction Regularizer
	Experimental Details
	Hardware Analysis
	Using more weight bits


	Memory Efficient Training with Quantized Model
	Introduction
	Related work and Preliminaries
	Quantization Aware Training
	Quantization in Federated Learning

	Method
	Federated Accurate Quantized Training
	Training with quantized variables
	Gradient Relay

	Results
	Experiment Setup
	FedAQT Results

	Conclusions

	Improve On-Device Latency for Mobile Vision Transformers
	Introduction
	Related Work
	Method
	Base Architectures
	Mobile-Friendly Local Self-Attention
	Architecture Variants

	Experiments
	Datasets and Implementation Details
	Evaluation of the proposed Local Self-Attention
	Comparisons with SOTA Methods
	Ablation Studies

	Conclusion
	Appendix
	Pytorch-Like Pseudocode
	Model Variants
	Experiment Details
	Comparison with Window-based Attention
	More Results for Ablation Studies


	Unraveling Meta-Learning: Understanding Feature Representations for Few-Shot Tasks
	Introduction
	Problem Setting
	The Meta-Learning Framework
	Meta-Learning Algorithms
	Few-Shot Datasets
	Related Work

	Are Meta-Learned Features Fundamentally Better for Few-Shot Learning?
	Class Clustering in Feature Space
	Measuring Clustering in Feature Space
	Why is Clustering Important?
	Comparing Feature Representations of Meta-Learning and Classically Trained Models
	Feature Space Clustering Improves the Few-Shot Performance of Transfer Learning
	Connecting Feature Clustering with Hyperplane Invariance
	MAML Does Not Have the Same Feature Separation Properties

	Finding Clusters of Local Minima for Task Losses in Parameter Space
	Consensus Optimization Improves Reptile

	Discussion
	Appendix
	Mixing Meta-Learned Models and Fine-Tuning Procedures: Additional Experiments
	Transfer Learning and Feature Space Clustering
	Reptile Weight Clustering
	Architectures
	Proof of Theorem 1


	Data Augmentation for Meta-Learning
	Introduction
	Background and Related Work
	The Meta-Learning Framework
	Preventing Overfitting in Meta-Learning
	Few-shot Benchmarks

	The Anatomy of Data Augmentation for Meta-Learning
	Where Does Dataset Diversity Matter Most? In the Support, Query or Tasks?
	Data Augmentation Modes
	Data Augmentation Techniques
	Meta-MaxUp Augmentation for Meta-Learning

	Experiments
	Experimental Setup
	An Empirical Comparison of Augmentation Modes
	Combining Augmentations
	Meta-MaxUp Further Improves Performance
	Shot Augmentation for Pre-Trained Models
	Improving Existing Meta-Learners with Better Data Augmentation
	Out-of-Distribution Testing on Meta-Dataset

	Discussion
	Appendix
	Impact of Dataset Diversity on Various Stages of Meta-learning
	Details About Data Augmentation Techniques
	Training Details
	Results for All Data Augmentation Techniques
	Results for Combination of Data Augmentations
	Augmentation Pool for Meta-MaxUp
	Bar Plots for Shot Augmentation
	Meta-Dataset Training and Evaluation


	The Close Relationship Between Contrastive Learning and Meta-Learning
	Introduction
	Related Work and Background
	Meta-Learning for Few-shot Learning
	self-supervised learning
	self-supervised learning for meta-learning and few-shot learning

	Experimental Setup
	A Meta-Learning Framework for SSL
	Boosting SSL with Meta-Specific Augmentation
	Conclusion
	Appendix
	Pre-training Details
	Evaluation Details
	The sample size for Large Rotation Auxiliary Loss
	More evaluations for large rotation and gradient accumulation
	Pre-training for tabular dataset


	Bibliography

