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Abstract

Deep learning methods have achieved remarkable successes in various domains, but the need

for large amounts of labeled data poses a signi�cant challenge, thus limiting their practical

applicability. Meta-learning is one approach to overcome this limitation by endowing these

methods with the ability to perform few-shot learning (rapidly learning to perform new

tasks using minimal examples) by exploiting prior knowledge. Whilst many meta-learning

methods are being proposed, few studies have concentrated on increasing our understanding

of how these methods work and what aspects in
uence their e�ectiveness. In this thesis,

we focus speci�cally on arguably the most popular Meta-learning technique Model-Agnostic

Meta-Learning (MAML) and examine the role and behavior of the loss landscape in shaping

MAML’s ability to quickly learn to perform new tasks and provide a novel view of the opti-

mization process through loss landscape visualizations. More speci�cally, we investigate the

e�ect of the used backbone and the use of data augmentation on the loss landscape as well

as the relationship between the loss landscape and the few-shot learning ability of MAML.

Our results support the �nding that MAML predominantly reuses its learned features rather

than quickly adapting them. We observe that a lower loss and sensitivity to perturbations in

the training loss landscape often signify better test performance in MAML, which provides

a new perspective in understanding the relationship between the loss landscape and model

accuracy. Moreover, our research reveals the enhancing role of data augmentation across var-

ious architectures and backbones. These discoveries pave the way for a better understanding

and improvement of MAML and other similar few-shot learning algorithms.
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1 Introduction

Over the past few years, the advent of deep learning [14][10] has ushered in remarkable advance-

ments across various �elds, including image recognition [18][23][12], natural language processing

[26][6]. Deep learning, a subset of machine learning, employs complex neural networks to learn

from a dataset and make predictions about future data. Despite its vast potential and capabili-

ties, deep learning is notorious for its insatiable data demands, often requiring massive amounts

of labeled data to perform well. This requirement poses signi�cant challenges, constrains its

applicability in resource-limited settings, and makes the learning process both expensive and

time-consuming.

This limitation has sparked attention in the �eld of few-shot learning, which seeks to develop

deep learning models that can quickly adapt to new tasks, such as image classi�cation or text

translation, after observing only a small number of examples. Transfer learning [29] is often

introduced as a baseline for few-shot learning algorithms. It involves a two-step process: �rst, it

trains a model on a large, rich dataset, then it �ne-tunes the learned model on new tasks with

much less data available.

An alternative approach to transfer learning and a solution to the few-shot learning problem is

meta-learning [15][24][27][22]. The general aim of meta-learning is to acquire knowledge across a

variety of tasks instead of learning from a large dataset. This approach has attracted increasing

attention in recent years as it enables models not merely to perform speci�c tasks but also to

understand the broader structure of these tasks. This broad understanding facilitates a more

e�cient learning process when encountering new tasks. Among the numerous meta-learning

techniques, First-Order Model-Agnostic Meta-Learning (FOMAML), a �rst-order approxima-

tion of the original Model-Agnostic Meta-Learning (MAML) proposed by Finn et al. [8], has

made a signi�cant impact. For simplicity and readability, we will refer to FOMAML as MAML

throughout the remainder of this paper. MAML introduces a unique training process. This

procedure is characterized by a two-step optimization: the outer loop �rst updates the model's

initial parameters based on the performance across tasks, steering the model towards a param-

eter space where it can swiftly adapt to new tasks. Following this, the inner loop adapts the

model to individual tasks using a few gradient steps, e�ectively learning a task-speci�c model.

The success of MAML has sparked a variety of studies aiming to delve deeper into and en-

hance its optimization process. These e�orts include evaluations of MAML's performance in

comparison with other few-shot learning algorithms under an array of experimental conditions.

Chen et al.'s research [3], for instance, investigates MAML's performance under various back-

bones and datasets. Their �ndings suggest that these factors can signi�cantly in
uence the

e�ectiveness of MAML. Furthermore, it has been observed that MAML's optimization process

mostly relies on feature reuse rather than rapidly adapting to new tasks [21]. However, despite

4



these e�orts, there remains a gap in understanding the intuitive process of MAML's optimiza-

tion. Previous research has primarily concentrated on the accuracy performance of MAML

in di�erent experimental conditions [3], or convergence properties for non-convex functions of

MAML [7]. Surprisingly, few studies have focused on examining the loss, a crucial component

when examining the optimization process. As a result, it is not well understood what the opti-

mization loss landscape of MAML looks like and how they are related to its few-shot learning

abilities. Studying the loss landscape [19] can provide us with a new perspective on MAML's

behavior, which, in turn, can lead to algorithmic improvements and better few-shot learning

capabilities.

This thesis aims to �ll this research gap as we primarily aim to understand the interplay between

the loss landscape of MAML and its few-shot learning ability. We propose the following research

questions to guide our investigation:

1. How is the loss landscape of MAML a�ected by changes in the used backbone and the use

of data augmentation?

2. What is the relationship between the loss landscape and the few-shot learning performance

of MAML?

To address these research questions, we �rst conduct a qualitative analysis of the loss landscape

in both the inner and outer loops of MAML, utilizing various backbone structures and datasets.

This facilitates a more intuitive understanding of its optimization process. Following that, we

delve into a quantitative exploration of the loss landscape's characteristics. We implemented a

quanti�able metric called `sharpness', which represents the sensitivity of the loss landscape to

perturbations. Our investigation extends to understanding the correlation between this metric

and the model's performance in few-shot learning tasks1. Our key �ndings of this thesis can be

summarized as follows:

ˆ Our visualizations of the inner loop loss landscapes provide insights into MAML's opti-

mization process, indicating a signi�cant reliance on feature reuse when adapting to new

tasks, corroborating �ndings by Ragu et al. [21].

ˆ We observed that a noisy gradient in the outer loop could destabilize MAML's training

process.

ˆ Our study demonstrates that data augmentation consistently enhances the performance of

both MAML and transfer learning across various backbone architectures and datasets. By

analyzing the loss landscape, we observed that its role in the optimization process could


uctuate between acting as a regularizer and providing additional information.

1The source code used in this research is publicly accessible and can be found at the following URL:

https://github.com/dingdingding60/Understanding-MAML-Through-Its-Loss-Landscape
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ˆ Our study reveals that lower loss and sharpness of the training loss landscape often indicate

better test performance in MAML, highlighting the relationship between these metrics and

accuracy.

The rest of the thesis is structured as follows. In Section 2, we provide an overview of the studies

that either investigate the same topic or have had a signi�cant in
uence on our work. Section

3 provides an in-depth introduction to the key techniques and methods utilized in this thesis.

This includes a detailed discussion of few-shot learning algorithms such as MAML, visualization

methods for loss landscapes, and quanti�able measurements for loss and model performance. In

Section 4, we present our training results on MAML and transfer learning on di�erent backbones

and datasets. We provide a comprehensive analysis of the loss and accuracy results to identify

problems in MAML and transfer learning that are often overlooked. Following this, we o�er

a thorough visualization of MAML along with a quantitative assessment. In Section 5, we

summarize and discuss the experiment results, addressing limitations and potential directions

for future research. Finally, in Section 6, we summarize the thesis's key contributions to the

understanding of MAML and few-shot learning.

2 Related Work

The �eld of meta-learning has been rigorously studied, leading to the development of numerous

advanced techniques. Recurrent Neural Networks (RNNs), such as LSTM [15], have been widely

utilized in this domain. Other signi�cant contributions include Matching Networks by Vinyals

et al. [27], which utilize attention mechanisms to classify unseen images, and Prototypical Net-

works by Snell et al. [24], which introduce the concept of class prototypes represented by the

mean feature vector of samples from the same class.

Model-Agnostic Meta-Learning [8], a seminal work in the realm of meta-learning, introduces a

two-loop optimization structure. Moreover, MAML's unique two-loop optimization process pro-

vides an excellent opportunity for visualization and further understanding of the meta-learning

optimization process. The separate but linked processes of task-speci�c adaptation (inner loop)

and meta-level update (outer loop) encapsulate the central challenges of meta-learning, making

MAML a representative case for study. Visualizing this optimization process can o�er insights

into how meta-learning algorithms navigate the trade-o� between learning across tasks and

adapting to speci�c tasks. These insights could, in turn, shed light on the general behavior

of other meta-learning algorithms, as many share similar structural traits or challenges with

MAML. This makes MAML not only an important algorithm in its own right but also a valu-

able lens through which to study the broader �eld of meta-learning.

E�orts to understand MAML's optimization process are evident in several studies. Some studies

focus on analyzing the performance of MAML in di�erent experimental settings. Chen et al.

[3] o�er an empirical evaluation of MAML and other prevalent few-shot learning algorithms by
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exploring various datasets, di�erent backbone structures, and cross-domain scenarios. On the

other hand, Bai et al. [2] investigate the impact of the train-validation split on the performance

of meta-learning algorithms, emphasizing the signi�cance of this aspect in the meta-learning

setup. These studies, while providing valuable insights, focus more on the performance of

MAML, whereas our thesis is interested in understanding the actual optimization process and

its intricacies.

Pivotal studies focus on the nature of feature learning in MAML. For instance, Raghu et al.

[21] challenge the traditional understanding of MAML's optimization process, revealing that the

feature layer remains largely unchanged during the adaptation to unseen tasks. This implies

that MAML's success can be primarily attributed to feature reuse rather than its capacity for

rapid learning. Similarly, Collins et al. [4] provide theoretical insights into the learning process

of MAML and its variant, ANIL (Almost No Inner Loop) [21], demonstrating that these meth-

ods can provably learn task-invariant representations. Despite these inspiring �ndings, a deeper

understanding of the feature learning process in MAML, particularly how the loss landscape

changes during training, remains elusive. Our work aims to contribute to this gap of study.

Huisman et al. [16] investigates the learning behavior of meta-learning techniques, namely

MAML and Reptile, and compares them to transfer learning. They found that the pre-trained

features of transfer learning are more diverse and discriminative than those learned by MAML

and Reptile, which specialize in adaptation in low-data regimes of similar data distributions

as the one used for training, and this specialization may hamper their ability to generalize to

out-of-distribution tasks.

Taking a broader view, the importance of feature representation in few-shot learning is em-

phasized. Wang et al. [28] introduces a simple yet e�ective approach for the meta-learning

object detection problem setting. They demonstrate that �ne-tuning only the last layer of

existing detectors on rare classes can yield noticeable performance gains over traditional meta-

learning approaches. Similarly, the study by Tian et al. [25] challenges conventional wisdom

in meta-learning, arguing that a well-trained embedding model can outperform sophisticated

meta-learning algorithms, highlighting the signi�cance of good feature representation. These

studies emphasize the importance of feature representation in meta-learning, providing a back-

drop to our investigation of MAML's optimization process.

Despite attempts to clarify the nature of MAML, the optimization process, especially the intu-

itive explanation, remains an area ripe for investigation. The research gap that we are �lling lies

in providing a comprehensive visualization of MAML's optimization process, a perspective not

yet fully explored. To our best knowledge, Sharp-MAML [1] is the �rst work to apply loss land-

scape visualization [19] to MAML. Although their analysis was limited, it sparked our interest

in exploring MAML through the lens of the loss landscape. Building on their inspiration, we

aim to provide a more comprehensive and deeper understanding of the loss landscape in MAML,
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examining how it evolves over training and a�ects the model's performance. By doing so, we

hope to shed new light on the intricacies of the MAML optimization process, paving the way

for more e�cient and e�ective few-shot learning models.

3 Background

This section provides the background of the methods used in this thesis. First, we explain the

concept of few-shot learning. Next, we describe two popular few-shot learning algorithms: trans-

fer learning and Model-Agonistic Meta-Learning (MAML). Then, we introduce a visualization

method for understanding the optimization process in neural networks. Finally, we describe the

sharpness measurement that can quantify the loss landscape.

3.1 Few-shot Learning Algorithms

In this section, we �rst explain the concept of few-shot learning problems. Then we will introduce

the two popular few-shot algorithms we investigate in this thesis, transfer learning and FOMAML

[8].

3.1.1 Few-shot Learning Problem

In the context of image classi�cation, few-shot learning aims to build models that can accurately

classify images into distinct categories, even when trained on a limited number of examples per

category. This is di�erent from traditional deep learning settings, where neural networks are

often trained on massive amounts of labeled data to achieve high performance. The few-shot

learning setting can be formalized as follows:

Firstly, like other image classi�cation methods, few-shot learning employs training, validation,

and test sets. To distinguish these from the data in the few-shot learning task, they are termed

the meta-training set, meta-validation set, and meta-test set, respectively. Each set comprises

di�erent image categories sampled from the original dataset.

Let us denote a few-shot learning task asTi sampled from a distribution over tasks p(T ) that

we want our model to be able to adapt to. The associated task dataset isD i . The task dataset

D i contains two subsets: the support setDsupport
i and the query set Dquery

i . The support set

Dsupport
i serves as the training set for the taskTi , while the query set Dquery

i serves as the test

set for the task Ti . In an n-way, k-shot learning setup with q queries, the classi�er is initially

trained on the support set, which includesn total classes, each havingk images. Subsequently,

the trained model is evaluated on the query set, where an extraq images for each class from the

support set are utilized to assess the model's performance.

The few-shot learning problem addressed in this thesis aims to �nd an image classi�er, de-
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noted as f � , that trains on the data from the meta-training set. The goal is to maximize its

performance for all new tasks derived outside the meta-training set after supplementary training

on the support set of the new task. A signi�cant challenge in few-shot learning lies in train-

ing a classi�er that can learn informative representations and generalize e�ectively, despite the

scarcity of training data. The model must capture the fundamental features of the data and

make accurate predictions based on these features.

In the following sections, the two most common algorithms for few-shot learning image clas-

si�cation will be introduced. These approaches will aim to address the challenges associated

with learning from limited data and demonstrate their e�ectiveness in various few-shot learning

settings.

Table 1: Common notations used throughout the thesis

Notation Meaning

Ti $ D i A few-shot learning task drawn from a task distribution p(T ). Each task Ti is associated with a

speci�c dataset D i .

D support
i ; D query

i 2 D i The training set and the test set inside each few-shot learning task. D support
i is also called support

set, D query
i is also called query set.

x i the input image vector in task Ti

y i the corresponding one-hot label for input vector x i in task Ti

n The count of distinct image categories in a single task, consistent across both support and query

sets.

k The number of images per distinct category within the support set of a single task.

�=� Neural network weights

(f=g ) � Neural Network function with parameters �

L (�; D ) The loss function of a neural network with parameters � on a given dataset D

r � = r � L (�; D ) the gradient of the loss function L with respect to the model parameters � for dataset D .

3.1.2 Transfer Learning

Deep learning models typically require a substantial quantity of labeled data to optimize. How-

ever, in a few-shot learning setting, the amount of labeled data is naturally scarce. Transfer

learning often acts as a common baseline approach in few-shot learning contexts. It directly

connects the gap between traditional supervised learning with few-shot learning. The underly-

ing assumption of transfer learning is that a model, when trained on a large dataset, can learn

e�ective features that can then be utilized for an unseen taskTi with limited data available, con-

sequently enhancing the performance. Transfer learning generally has two stages, pre-training

and �ne-tuning.

3.1.2.1 Pretraining

The initial step in transfer learning involves training a model on a dataset with abundant
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labeled images. This process, known as pre-training, is designed to learn a set of neural network

weights � that can e�ectively capture shared features and representations across di�erent tasks.

Formally, given a source datasetD train = ( x; y ), the supervised pretraining process aims to learn

a function f � (x) that minimizes a loss function L (�; D train ):

arg min
�

L
�
�; D train �

(1)

Where L (�; D train ) denotes the loss between the model's output and the ground truth label.

The choice of the loss function and neural network architecture depends on the speci�c problem

domain and dataset.

3.1.2.2 Fine-tuning

Following the supervised pretraining phase, the subsequent step in transfer learning is to �ne-

tune the model on the target task Ti with limited labeled data. Fine-tuning involves freezing

the feature layers and updating the pre-trained neural network's head's weights� head using a

few-shot learning task's support setDsupport
i .

arg min
� head

L (� head; Dsupport
i ) (2)

where L (� head; Dsupport
i ) is the loss function for the target task. In practice, the �ne-tuning pro-

cess usually involves a smaller learning rate than pretraining to avoid overriding the previously

learned representations. This approach is motivated by the observation that earlier layers in

deep neural networks tend to capture low-level features that are more generic and transferable

across tasks, while the later layers capture higher-order features that are more speci�c to the

task.

3.1.3 Model-Agonistic Meta-Learning

MAML provides a solution to the problem of few-shot learning { how to construct a model that

can adapt to new tasks quickly, given only a small number of examples from each task. The

key idea behind MAML is to �nd an initialization of a learning model that is not only good in

terms of its performance on a range of tasks but also enables rapid adaptation to new tasks.

3.1.3.1 Inner Loop

The inner loop in MAML corresponds to a task-speci�c learning process. For each taskTi drawn

from the task distribution p(T ), we aim to learn a set of optimal parameters� that minimizes

the loss functionL on the support setDsupport
i . This is achieved by taking a few steps of gradient

descent:

� 0
i = � � � r � L (f � ; Dsupport

i ) (3)

Where � is the learning rate, � 0
i denotes the new parameters after the gradient step. This

can be considered as a form of fast adaptation to each individual task.
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3.1.3.2 Outer Loop

The outer loop of MAML corresponds to meta-optimization. Here, we aim to improve the

model's ability to adapt to new tasks by updating the initial parameters � using information from

all tasks. This is done by minimizing the meta-loss function on the query setDquery
i averaged

across all tasks, using the parameters� 0
i obtained from the inner loop for each task:

� = � � � r � ETi � p(T ) [L (f � 0
i
; Dquery

i )] (4)

where � is the meta-learning rate. The expectation is to take over all tasks at one update. This

aims to �nd the optimal initialization of parameters such that we can minimize the distance to

all the tasks and adapt quickly to new tasks.

3.1.3.3 First-Order MAML

The standard MAML algorithm involves second-order derivatives during the meta-optimization

phase, which can be computationally intensive, especially when the model is large, or the task is

complex. To mitigate this, a variant called First-Order MAML (FOMAML) is commonly used.

FOMAML approximates the MAML algorithm by considering only �rst-order derivatives in the

outer loop, without having an obvious impact on performance. The parameter update in the

outer loop of FOMAML is then changed to:

� = � � � r � ETi � p(T ) [L (f � ; Dquery
i )] (5)

The major di�erence lies in the fact that unlike MAML, which optimizes the parameters based

on the updated parameters� 0
i from the inner loop, FOMAML optimizes based on the original

parameters � but uses � 0
i to calculate the meta-loss, thereby only considering �rst-order infor-

mation. This makes FOMAML more computationally e�cient compared to traditional MAML.

Note that in this thesis, we solely utilize First-Order MAML (FO-MAML). For simplicity, we

will refer to FO-MAML as MAML in the subsequent sections.

3.2 Visualization Method

The training process for neural networks depends on our ability to locate e�ective minimizers for

highly non-convex loss functions. It is common knowledge that speci�c network design elements,

such as skip connections, lead to loss functions that are simpler to train. By employing the right

visualization method for the loss landscape, we can gain a deeper, more intuitive understanding

of the optimization process. In this section, we will �rst explore the concept of loss landscape

visualization, following the approach proposed by Li et al. [19]. Subsequently, we will examine

a comprehensive example to demonstrate how this visualization works.

In typical supervised learning, the goal of training a neural network is to minimize the loss

L (� ) = 1
m

P m
i =1 ` (x i ; yi ; � ), where x i and yi denotes the input and label, m is the number of
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data samples,� is the network parameters, and` (x i ; yi ; � ) is the loss function that re
ects the

performance of the network. Neural networks usually contain a huge amount of parameters,

resulting in loss functions that lie in an exceedingly high-dimensional space. However, the vi-

sualization of loss functions is constrained to low-dimensional formats, such as one-dimensional

(line) or two-dimensional (surface) plots. A variety of techniques have been developed to solve

this dimensionality disparity.

Goodfellow et al. [11] �rst use a 1-Dimensional linear interpolation to visualize the linear loss

landscape of neural network optimization. They state that the objective of optimizing a neural

network is to optimize a randomly initialized parameter � to a global optimal parameter � ? so

that the loss function J (� 0) is minimized. 1-D visualization scans the parameters between� and

� ? with a varying � 2 [� 1; 1]:

� (� ) = (1 � � )� + �� ? (6)

The visualization is then created by plotting the loss function of di�erent parameters along the

way:

f (� ) = L (� (� )) (7)

However, 1-D visualization su�ers from two drawbacks. Firstly, it is di�cult to re
ect the true

details of local minimum, i.e., non-convexity. According to Goodfellow et al. [11], the 1-D visu-

alization of cost function lacks non-convexity even with a high-resolution sampling with small

� . This is because, in a 1D visualization, we are essentially plotting the loss function along a

line between two points in the parameter space. This line is a very narrow slice of the entire

parameter space, and it's quite possible that this slice bypasses many of the non-convex features

of the loss function. Therefore, the 1D visualization may give the false impression that the loss

function is convex or nearly convex when in fact, it has multiple local minima. Secondly, this

method does not account for batch normalization and invariance symmetries, leading to a po-

tentially misleading perception of the sharpness of the 1-D loss landscape. Batch normalization,

a technique employed to enhance the speed and stability of neural network training, normalizes

each layer's activations to have zero mean and unit variance. This normalization introduces a

degree of scale invariance into the network, implying that if the weights in one layer are mul-

tiplied by a certain scalar, and the weights in the subsequent layer are divided by the same

scalar, the network's behavior remains largely unchanged. This is often not a problem, except

when we are visualizing the loss landscape. If this scale invariance is not considered during loss

landscape visualization, and we use randomly generated scalars of the same scale to perturb the

weights with di�erent scales, the variance of each layer may be inconsistent. This can create an

illusion that the loss function is more or less sensitive to weight changes than it truly is. There-

fore, the failure of 1-D visualization methods to fully capture the e�ects of batch normalization

and invariance symmetries can lead to an overestimation of the complexity and dimensionality

of the loss landscape, potentially resulting in incorrect conclusions about the network's behavior.
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In order to overcome the no-detail problem in 1D visualization, a common way is to use a

2D visualization to contain geographic non-convexness. Within the 2D landscape visualization

technique, an initial step involves selecting a central point (e.g., optimal parameters), denoted

as � � . Subsequently, two orthogonal vectors,� , and � , having identical shapes to the network

parameters, are chosen, along with their respective scalar parameters,�; � 2 [� 1; 1].

f (�; � ) = L (� � + �� + �� ) (8)

In addressing the second issue, which is the misleading intuition of the sharpness of the 1-D

loss landscape. Li et al. [19] introduced a Filter-Wise Normalization approach for 2D landscape

visualization.

di;j  
di;j

kdi;j k
k� i;j k (9)

where di;j and � i;j are the j -th �lter of the i -th layer in the direction and parameter tensors,

respectively. The normalization technique employed here ensures that the direction vectors

maintain the same scale as the parameter vectors. This is very important, as it allows for

the\step size" of network perturbations to remain consistent with the network size, enabling a

fair comparison of network backbones with varying depths.

3.3 Sharpness

Although the loss landscape visualization is an intuitive way to see the optimization problem in

MAML, due to the limit of the severe dimension reduction where we only perturb the network

in two directions, we can only do qualitative analysis on the plots.

In this context, we are trying to measure the sensitivity of the loss function to perturbations in

the weights of the network, i.e., how \sharp" is the loss landscape. The sharpness of a target

weight w is de�ned as the di�erence in the loss between a perturbed weightw + � and w , subject

to the Lp-norm perturbation jj � jjp is smaller than a hyperparameter� . Here, � represents the

perturbation to the weights, and its value signi�es the magnitude of the perturbation.

sharpness =
�

max
k� k2 � �

L (w + � ) � L (w )
�

(10)

The value of � is set to maximize the loss within the constraint of the hyperparameter� . Basi-

cally, we want to �nd a small perturbation � � that can lead to the highest loss with the restriction

of � . Since L (w ) do not have contribution to the problem of �nding � � , we can simplify the

problem as:

� � (w ) , arg max
k� kp � �

L (w + � ) (11)

Usually, � is a small value, so we can use the �rst order Taylor expansion to estimate the value

of L (w + � ). with the Taylor expansion, L (w ) again is not relevant to the optimization problem.
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we can rewrite the equation like this:

� � (w ) , arg max
k� kp � �

L (w + � ) (12)

� arg max
k� kp � �

L (w) + � T r w L (w) (13)

= arg max
k� kp � �

� T r w L (w) (14)

the value � � (w ) that solves this approximation is given by the solution to a classical dual norm

problem(the dual norm problem is explained in detail in Appendix C):

� � (w ) = � sign (r w L (w)) jr w L (w)j =
�

kr w L (w)k2
2

� 1=2
(15)

In this thesis, we set� = 0 :05 as the default value, following the default setting in SAM [9] and

SharpMAML [1]. It is worth noting that, at �rst glance, using a constant range � across all

depths of the backbone models might seem unreasonable. This is because di�erent networks have

di�erent numbers of hyperparameters and may require di�erent scales of constraint. However,

this choice becomes justi�able when we consider the right-hand side of the sharpness equation

as the norm of the gradient.

� � (w ) = �
rL (w ; D)

krL (w ; D)k2
(16)

As the network becomes deeper and contains more parameters. Although the norm does not

evolve in the scale of the individual gradient, it changes according to the number of parameters

having gradients. Consequently, despite employing a constant value of� , the comparison of

sharpness across various backbone architectures remains equitable and robust. This approach

allows us to make valid comparisons between di�erent network backbones, despite their varying

complexities and parameter counts. Finally, with � � (w ), we can get the sharpness of a trained

network weight as:

sharpness = [ L (w + � � (w )) � L (w )] (17)

4 Experiment

In this section, we present and analyze the experimental results. First, we introduce the dataset

we use and its diverse characteristics. Then, we conduct a comprehensive and in-depth analysis

of the accuracy performance of MAML and transfer learning with di�erent backbones. We

further investigate the optimization of MAML by visualizing the loss landscape of the inner and

outer loops. Finally, we provide the sharpness measurement results and explore their relationship

with corresponding loss and accuracy. Through our visualizations and analysis, we address the

research questions that we initially proposed in the Introduction.
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