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Meta-learning and few-shot learning address adaptation when only limited labelled data are 

available, but their relationship to parameter-efficient fine-tuning (PEFT) and in-context 

learning (ICL) is often discussed across separate literatures. This paper develops a bilevel-

optimization perspective for organizing task-adaptation methods. Gradient-based, metric-

based, and model-based approaches are represented through a common task-level 

adaptation operator, while PEFT, low-rank adaptation (LoRA), Bayesian meta-learning, 

and ICL are examined as extensions or related formulations. For LoRA, we establish a 

representational result for a single weight matrix: when the adapter rank reaches the 

matrix’s maximum possible rank, the factorized update can represent any update matrix, 

including an unconstrained one-step gradient update. This result concerns representational 

capacity and does not establish that optimization of the low-rank factors converges to the 

same solution. The paper also reviews published few-shot classification results reported on 

miniImageNet with a ResNet-12 backbone and compares selected cross-domain results 

across EuroSAT, CropDisease, ISIC, and ChestX. The reported in-domain results favor 

metric-based methods in the examined sample, whereas cross-domain outcomes vary across 

methods and target datasets; the evidence does not establish a universal ranking of method 

families. Finally, five conjectures are formulated with proposed experiments concerning 

LoRA optimization, implicit adaptation through ICL, task-distribution geometry, 

curriculum sampling, and feature hallucination. The framework provides a common 

vocabulary for comparing adaptation mechanisms while identifying theoretical claims that 

remain to be tested. 
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1. INTRODUCTION

Meta-learning and few-shot learning address the challenges 

of limited training data and the need for rapid adaptation to 

new tasks. Unlike conventional machine learning, which relies 

on large amounts of labelled data, these approaches enable 

models to learn from small amounts of data and adapt quickly. 

These approaches have therefore attracted considerable 

research interest. 

Meta-learning (or "learning to learn") creates models that 

learn how to learn a task [1]. The goal is to create models that 

quickly adapt to new tasks by leveraging knowledge from 

previous experiences. This is particularly useful when 

traditional methods fail due to limited data or the need for 

rapid adaptation [2]. 

Meta-learning can be used to train few-shot learning 

models, which classify new classes from one to five examples 

per class [3]. This ability is crucial for designing AI systems 

that adapt and perform well in real-world scenarios where 

training data is scarce [4]. 

Humans can easily learn new classes with only a few 

examples and apply general rules. Researchers seek to embed 

these principles into machine learning to create AI systems 

that learn like humans [5]. 

Meta-learning is linked to few-shot learning, but the 

connection remains unclear in the literature. Few-shot learning 

serves as a testbed for meta-learning algorithms and a distinct 

field with its own tasks, benchmarks, and methods, including 

transfer learning and fine-tuning large pretrained models. This 

ambiguity has led to confusion over training and partitioning 

queries and supports into episodes, as well as learning at the 

task-level. In this paper, the few-shot learning problem is 

treated as a meta-learning problem, a modeling assumption 

rather than a fact. 

Previous research has shown that few-shot learning is a 

specific instance of task-based learning and that meta-learning 

offers a principled way of solving tasks [6]. However, current 

methods are usually method-specific, limited to a single family 

of methods. This paper includes a single bilevel optimization 

vocabulary that covers gradient-based, metric-based, and 

model-based families, as well as parameter-efficient fine-

tuning (PEFT), Bayesian meta-learning, and in-context 

learning (ICL). 

The paper makes five main contributions. First, we propose 

an organizing scheme that describes gradient-based, metric-

based, and model-based methods as special cases of a common 
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adaptation operator with different parameterizations. Second, 

we formally prove that, at full adapter rank, the set of 

reachable low-rank adaptation (LoRA) updates is identical to 

that of an unconstrained one-step gradient update, thereby 

resolving the representational part of the convergence question 

raised in Section 6. Third, we extend the framework to ICL in 

large language models (LLMs), PEFT, including LoRA, and 

diffusion-based data augmentation as a conceptual parallel. 

Fourth, we conduct a meta-analysis of published benchmark 

results from studies using a ResNet-12 backbone. Finally, we 

formulate five open questions as falsifiable conjectures and 

propose concrete experiments to test them. 

The rest of the paper is organized as follows: the unified 

view is described in Section 2, and the comparative analysis of 

method families is presented in Section 3. Section 4 presents a 

meta-analysis of benchmark results. Section 5 discusses the 

applications and benchmarks. In addition, unsolved problems 

and future directions are given in Section 6, while a conclusion 

is drawn in Section 7. 

2. UNIFIED FRAMEWORK: LEARNING ON A

DISTRIBUTION OF TASKS

2.1 Task distribution and episode construction 

We assume a distribution T over tasks. Each task τ ∼ T is 

characterized by a support set 𝑆𝜏 = {(xi, yi)} and a query set 𝒬𝜏

= {(xj, yj)}. The support set serves as a small training set for 

the task, and the query set is used to test generalization. In the 

N-way K-shot few-shot learning setting, a task consists of N

classes with K examples per class (|𝑆𝜏 | = NK). Notably, the

episodic training process (whereby the learner is trained on a

sequence of tasks sampled at meta-training time) is repeated at

the meta-level (as shown in Figure 1), following the

supervised learning cycle. Vinyals et al. [7] first introduced

this idea, which connects few-shot learning to meta-learning.

Few-shot learning is a special case of meta-learning with task

diversity obtained by sub-sampling classes and examples from

a shared pool.

Figure 1. How meta-learning connects to few-shot learning 

2.2 Bilevel optimization formulation 

The meta-learning objective is formulated as a bilevel 

problem, where 𝜃 denotes the shared meta-parameters and 𝜑𝜏

denotes the task-specific parameters. The meta-level objective 

is the expected loss over tasks: 

𝑚𝑖𝑛𝜃𝔼𝜏∼𝑇[𝐿𝒬(𝜑𝜏, 𝒬𝜏)], 𝜑𝜏 = 𝐴(𝜃, 𝑆𝜏) (1) 

where, A(θ, Sτ) is the adaptation operator that maps meta-

parameters and a support set to task-specific parameters, and 

𝐿𝒬  measures loss on the query set. The adaptation operator A

defines the task-level problem (the learning algorithm). A can 

be a family of gradient steps, nearest-neighbor assignment, or 

a read-out function learned by a neural network. 

2.3 Method families as special cases of A 

The three method families differ in their parameterization 

of A. These latter are asserted as organizing schemas. 

Organizing scheme (family unification): The organizing 

schema follows from the bilevel objective of subsection 2.2. 

Therefore, each family can be described as a particular 

parameterization of the A in Eq. (1). Table 1 summarizes the 

general adaptation operator A and its interpretation for each of 

the three method families. 

Conceptual parallel (ICL implicitly as an adaptation 

operator): The fourth special case of A as implicit is ICL. The 

transformer attention mechanism updates task-specific 

activations without changing any parameters. 

This corollary differentiates ICL from the three 

aforementioned families: 

(1) Versus gradient-based (Aᵍ). ICL does not need to make

any iterative Task-level or gradient steps to adapt; instead, the 

model must be able to "read" the task from the support set. 

(2) ICL is similar to metric-based methods, but it does not

tend to compute a closed-form aggregation such as a class 

prototype or mean embedding. 

(3) Versus model-based (Aᴹ). The closest relative is ICL;

both are based on learned feed-forward functions. However, 

conventional model-based techniques such as Hyper-networks 

generate the weights of another network. ICL, on the other 

hand, does not change the weights of the model, but adjusts 

the internal state of the model, with the same value of 𝜑𝜏 = 𝜃.
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Table 1. Adaptation operator A by method family 

 
Family Adaptation Operator A(θ, Sτ) with Interpretation How Published Methods Instantiate It 

Gradient-based 

𝐴ᵍ(𝜃, 𝑆𝜏) = 𝜃 − 𝛼𝛻𝜃𝐿𝑆(𝜃) (T gradient steps) 

Task-level is T steps of stochastic gradient descent 

(SGD) from the shared meta-initialization θ; Meta-level 

trains θ via second-order gradients Model-Agnostic 

Meta-Learning (MAML) or first-order approximation 

(Reptile). 

The MAML objective is the meta-objective, 𝑚𝑖𝑛𝜃𝔼𝜏[𝐿𝑄(𝜃 −

𝛼𝛻𝜃𝐿𝑆(𝜃))] [1]. The approximation of Reptile recovers T = 1 

[8]. Because differentiating through many task-level steps is 

costly, implicit differentiation can instead be used to recover 

implicit Model-Agnostic Meta-Learning (iMAML) [9]. 

Metric-based 

𝐴ᵀ(𝜃, 𝑆𝜏) = 𝑐𝑛 = 𝑓𝜃(𝑆𝜏ⁿ)ₙ where, cₙ is a closed-form 

class summary (e.g., mean embedding). A is non-

iterative: no gradient step is taken at the task-level. 

Query classification uses d (𝑓𝜃(𝑥), cₙ) for distance 

function. 

During the training of the meta-objective, only the shared 

encoder θ is trained. By setting 𝑓𝜃(𝑥ᵢ): 𝑦ᵢ = 𝑛 the model 

recovers Prototypical Networks [10], and replacing the 

distance with a learned comparator recovers Relation 

Networks [11]. 

Model-based 

𝐴ᴹ(𝜃, 𝑆𝜏) = 𝑔𝜃(𝑆𝜏) where, g is a learned feed-forward 

function (e.g., memory read-write, hypernetwork 

weight generation, or amortized posterior). No iterative 

task-level optimization is required; the architecture 

internalizes adaptation. 

The meta-objective trains 𝑔𝜃 to yield a good 𝜑𝜏= 𝑔𝜃(𝑆𝜏) on 

the query set. Hypernetworks and memory-augmented 

networks [12, 13] are instances. 

2.4 Extension to parameter-efficient fine-tuning/low-rank 

adaptation 

 

PEFT techniques such as LoRA [14] and adapter-based 

fine-tuning can be extended to the family of gradient-based 

methods with a limited adaptation operator:  

 

𝐴ᴸᴿᵀ(𝜃, 𝑆𝜏) = 𝜃 + 𝛥𝜃 (2) 

 

where, 𝛥𝜃 = 𝐵𝐴, 𝜃 ∈ ℝd denotes the frozen pretrained meta-

parameters; the update is restricted to 𝛥𝜃 = 𝐵𝐴  with 𝐵 ∈
ℝ𝑑×𝑟 , 𝐴 ∈ ℝ𝑟×𝑑 , and rank (𝐴) = 𝑟 ≪ 𝑑 . This 

parameterization assumes that the required task-specific 

update lies on a lower-dimensional manifold. 

LoRA learns a smaller number of parameters for matrices A 

and B compared to updating a full d × d matrix, which has d² 

parameters. 

The classification shows that PEFT and LoRA are not 

distinct from meta-learning; however, they are in fact gradient-

based meta-learners whose learning algorithm (A) has a very 

efficient low-rank constraint.  

All meta-parameters, θ, are held fixed and are not updated 

throughout the task-specific “Task-level”; only low-rank 

matrices A and B are adapted with gradients from the support 

set Sτ. This sub-family achieves memory savings of O(rd) 

compared to O(d²) while performing full fine-tuning and has 

been the most popular approach for few-shot adaptation of 

billion-parameter LLMs. 

 

2.5 Rank-capacity equivalence between low-rank 

adaptation and gradient-based adaptation 

 

While subsection 2.4 reinterprets LoRA as an adaptation 

operator, similar to a gradient, under a rank constraint, it raises 

a key question: does the LoRA operator match an 

unconstrained gradient step as the rank r increases, and at what 

rank? This question is tied to the practical issue of what 

adapter rank is "adequate". This subsection provides a brief 

response to the expressive power question. 

We include a single weight matrix 𝑊₀ ∈ ℝ𝑑1×𝑑2 within the 

meta-parameters, updated at the task-level either by (1) an 

unconstrained 1-step gradient update, 𝛥𝑊𝑔 =
−𝛼𝛻𝑊𝐿𝑆(𝑊₀), an arbitrary d1 × d2 matrix, or (2) a LoRA 

update, 𝛥𝑊𝐿𝑅𝑇 = 𝐵𝐴 with 𝐵 ∈ ℝ𝑑1×𝑟 and 𝐴 ∈ ℝ𝑟×𝑑2. 

Proposition (Rank-capacity equivalence; formalizes an 

observation of Hu et al. [14]): Target update matrix 𝛥𝑊 ∈
ℝ𝑑1×𝑑2 with rank rΔW, and for every adapter rank r ≥ rΔW, there 

exist matrices 𝐵 ∈ ℝ𝑑1×𝑟  and 𝐴 ∈ ℝ𝑟×𝑑2  such that 𝐵𝐴 =
𝛥𝑊 exactly. Since rΔW ≤ min(d1, d2) holds for any d1 × d2 

matrix, it follows that at full rank, r = min(d1, d2), the LoRA 

parameterization {BA} spans the entire space ℝ𝑑1×𝑑2
 of 

possible weight updates. Consequently, at this rank the 

reachable set of the LoRA operator 𝐴𝐿𝑅𝑇  coincides exactly 

with the reachable set of the unconstrained one-step gradient 

operator 𝐴𝑔 restricted to this layer: for any realized gradient 

update 𝛥𝑊𝑔, there exist B*, A* with 𝐵 ∗ 𝐴 ∗= 𝛥𝑊𝑔. 

Proof: 𝛥𝑊 = 𝑈𝛴𝑉𝑇  singular value decomposition, where 

𝑈 ∈ ℝ𝑑1×𝑑1 , 𝑉 ∈ ℝ𝑑2×𝑑2 , and Σ diagonal with the rΔW 

nonzero singular values 𝜎1, … , 𝜎𝑟𝛥𝑊. For r ≥ rΔW, take Ur 

and Vr to be the first r columns of U and V, padding with zero 

singular values if r > rΔW, and set 𝐵 = 𝑈𝑟𝛴𝑟1 2⁄  and 𝐴 =

𝛴𝑟1 2⁄ 𝑉𝑟𝑇 . Then 𝐵𝐴 = 𝑈𝑟𝛴𝑟𝑉𝑟𝑇 = 𝛥𝑊 , which proves the 

first claim. Because rank(ΔW) ≤ min(d1, d2) for any d1 × d2 

matrix, setting r = min(d1, d2) satisfies r ≥ rank(𝛥𝑊𝑔) for 

every possible gradient update 𝛥𝑊𝑔 , and the construction 

above then yields B*, A* with 𝐵 ∗ 𝐴 ∗= 𝛥𝑊𝑔. 

The proposition confirms LoRA can represent any single 

gradient step at full rank, a result previously stated informally 

in the LoRA contribution [14]. This does not mean gradient 

descent on low-rank factors can find that representation, since 

the (B, A) → BA map is non-convex even if the underlying 

problem is convex. Shuttleworth et al. [15] showed that LoRA 

and fully fine-tuned models differ structurally at comparable 

performance levels, and Zindari et al. [16] demonstrated 

theoretically that rank affects generalization beyond capacity. 

The proposition only addresses the “can LoRA represent it” 

part of Conjecture 6.1; training the model remains open. 

 

2.6 Extension of the adaptation operator to Bayesian meta-

learning  

 

Bayesian meta-learning treats the adaptation operator as 

posterior inference: 

 

𝐴ᴮᴰ(𝜃, 𝑆𝜏) = 𝑝(𝜑𝜏|𝑆𝜏 , 𝜃) (3) 

 

where, the meta-parameters θ parameterize the prior over task-

specific parameters.  

Three representative algorithms illustrate this approach. 

First, Bayesian Model-Agnostic Meta-Learning (BMAML) 
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[17] extends MAML using Stein variational gradient methods 

to represent uncertainty. Second, Neural Processes [18] use 

latent-variable models over functions to estimate predictive 

uncertainty. Finally, Deep Kernel Transfer [19] combines deep 

feature extractors with Gaussian process (GP)-based Bayesian 

inference. The medical imaging field is particularly relevant to 

the Bayesian approach, where the uncertainty needs to be 

calibrated for clinical use. 

 

2.7 Role of inductive bias 

 

There are two types of inductive bias in the context of meta-

learning, including (1) architectural bias: it is the choice of a 

particular encoder, memory structure, or attention mechanism; 

(2) algorithmic bias: it is the functional form of A. The latter 

is assumed by gradient-based methods for new tasks that can 

be solved by a local change of parameters, starting from a 

common initialization, as shown in references [1, 8]. Metric-

based methods assume a single embedding space offers class-

discriminative geometry, directly investigated in prototype- 

and relation-based approaches of Snell et al. and Sung et al. 

[10, 11]. Model-based methods assume the architecture can 

adapt without iterative task-level optimization, as discussed in 

references [12, 13]. Evidence for gradient-based and metric-

based approaches comes from image-classification 

benchmarks, where they make their respective assumptions in 

the visual domain. The additional assumptions such as ICL 

and PEFT are that (1) the representations are already large, (2) 

they already contain a lot of prior knowledge, and (3) only 

light conditioning is required. 

 

 

3. COMPARATIVE ANALYSIS 

 
3.1 Meta-learning vs. few-shot learning: Core distinctions 

 

To clarify the conceptual differences mentioned earlier, 

Table 2 compares meta-learning and few-shot learning across 

nine key aspects: goal of learning, role, objective, unit of 

learning, training, adaptation, computational cost, strength, 

and limitations. It also juxtaposes the meta-learning framing 

of few-shot learning with the evaluation and benchmark 

framing used in the few-shot-learning literature. 

 

Table 2. The key differences between meta-learning and few-shot learning 

 
Criteria Meta-Learning Few-Shot Learning 

Goal of learning Learn an adaptation strategy or a "learning algorithm". Learn a given task from a few examples. 

The role 
A paradigm for the use of past tasks to enhance new 

tasks. 

A setting or evaluation regime is a problem that presents 

data deficiency (K-shot). 

Objective 
Fast adaptation to unseen tasks sampled from a 

distribution. 
High accuracy in cases of limited training data. 

Unit of learning Task distribution (T); learn over many episodes. 

A classification problem that is described by a specific 

low-data episode; usually a K-shot classification 

problem involving N ways. 

Training 
Episodic or task-based training that repeats the 

supervised cycle at the meta-level. 

Episodic training; or applying large pre-trained models 

via direct inference/prompting. 

Adaptation 
Task-level optimization, similarity, memory, or learned 

optimizer. 
Fine-tuning, nearest-prototype, or prompting. 

Computational cost Higher (meta-training with nested optimization). Lower at inference for metric-based methods. 

Strength Produces transferable priors. Practical benchmark and evaluation framework. 

Limitations The complexity and the cost of training. Not itself a complete algorithmic framework. 

3.2 Method family survey 
 

Methods are assigned to a family based on the dominant 

adaptation operator used at the task-level: iterative gradient 

updates, closed-form aggregation, or learned feed-forward 

mapping. Some methods are hybrids, e.g., methods that use a 

metric head followed by a light gradient fine-tuning step, and 

are classified according to the main operator. 

 

3.2.1 Metric-based methods 

Table 3 summarizes the major metric-based algorithms 

reviewed in this subsection, highlighting the type of adaptation 

operator that they use, the mechanism, and the advantages and 

limitations of each algorithm. 

 

Table 3. Survey of metric-based method families 

 

Algorithm 
Adaptation 

Operator A Type 
Mechanism Advantages Limits 

Matching 

Networks [7] 

Closed-form 

Aggregation 

Uses a soft attention mechanism on the 

support set using a cosine kernel; uses a 

bidirectional long short-term memory 

(LSTM) encoder to encode the samples 

Early method that 

connected few-shot 

learning and meta-

learning explicitly. 

Application of the model to 

different domains may 

necessitate retraining the 

encoder. 

Prototypical 

Networks [10] 

Closed-form 

Aggregation 

Learn a mapping to a feature space, in 

which a class prototype will be the 

mean of support feature vectors; uses 

squared Euclidean distance for 

classification 

Easy to use, efficient, 

and offers a good 

inductive bias even 

when the number of test 

tasks exceeds the 

number of training 

tasks. 

The fixed mean causes the 

model to be sensitive to 

outliers in the support set. 

Relation 

Network [11] 

Closed-form 

Aggregation 

Instead of handcrafted distances uses a 

learned deep comparator (relation 

Highly flexible 

architecture that can 

The additional flexibility 

comes at the cost of additional 
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module), concatenates query features 

with prototypes for a learned score 

head. 

easily be extended to 

the zero-shot learning 

case. 

model parameters to be 

trained, relative to fixed metric 

approaches. 

Siamese 

Networks [20] 

Closed-form 

Aggregation 

Compute the pairwise similarity using 

weight-shared twin networks, compute 

the L1 distance, then apply a sigmoid 

activation to the scores. 

Decisions are easy to 

interpret, and pairwise 

similarity data are 

relatively simple to 

collect and label. 

By using pairwise 

comparisons, it can be shown 

that the complexity is 

quadratic in the size of the 

support set. 

SAPENet [21] 
Closed-form 

Aggregation 

Enrich prototypes with multi-head self-

attention and intra-class channel 

attention to capture complex class 

structures. 

Produces more 

discriminative 

prototypes than just 

plain mean embeddings 

Adding attention mechanisms 

results in a higher amount of 

computation than ProtoNets. 

 

Table 4. Survey of gradient/optimization-based method families 

 
Algorithm A Type Mechanism Advantages Limits 

MAML [1] 

Iterative 

Optimization 

(2nd-Order) 

Meta-learns an initialization θ 

that is sensitive to gradients of 

the task; uses second-order 

derivatives along the 

optimization path. 

Works for all models; applicable 

to vision, regression, and 

reinforcement learning. 

Hessian-vector products 

are an expensive 

computation and 

memory operation. 

Reptile [8] 

Iterative 

Optimization 

(1st-Order) 

A scalable variant moving the 

meta-init towards the 

parameters learned after 

multiple SGD steps in a task. 

Computationally less expensive 

than MAML; performs 

competitively on standard 

benchmarks. 

Lacks the convergence 

guarantees of second-

order MAML. 

iMAML [9] 
Implicit Iterative 

Optimization 

Treats the path of the Task-

level as an Implicit Function, 

and removes it from the meta-

gradient, aside from the final 

task solution. 

Using a constant number of 

memory accesses per iteration of 

the loop. Memory access that does 

not change with the number of 

iterations of the Task-level. 

Needs the Task-level 

optimization to be fully 

converted to a local 

optimum (accurate 

gradients). 

Meta-Transfer [6] 

Scaled/Shifted 

Iterative 

Optimization 

Learn scale and shift 

parameters specific to tasks to 

modulate pre-trained deep 

network weights. 

Freeze the backbone to enable 

very deep networks (such as 

ResNet) in meta-learning. 

It is important to have a 

large, diverse base set 

for pre-training that will 

impact performance. 

SignMAML [22] 

Sign-based 

Iterative 

Optimization 

Compute signSGD instead of 

standard SGD at the task level, 

with only the direction (sign) of 

the gradient. 

Give a first-order method that is 

more robust than simple 

approximations, with a theoretical 

background. 

Gradient quantization 

can sometimes fail to 

find the optimal 

convergence in complex 

loss landscapes. 

Task-Robust 

MAML [23] 

Minimax 

Iterative 

Optimization 

Reformulate the learning 

problem as a minimax game so 

that the model works as a 

minimax player to guarantee 

good performance in the worst-

case tasks. 

Resilient to shifts between meta-

training and meta-testing. 

Robustness constraints 

can compromise 

average-case 

performance for 

protection against 

outliers. 

CubMeta/SepMeta 

[24, 25] 

Curriculum 

Iterative 

Optimization 

Select easy to hard curriculum 

for samples; creates challenging 

tasks with a ‘BrotherNet'. 

Provides constant improvements 

over standard random episodic 

sampling. 

The curriculum is 

designed with many 

complexities related to 

the domain area. 

ARMetaLearn [26] 

Adversarial 

Iterative 

Optimization 

Adversarial task augmentation 

using a Stackelberg game; 

Explicit generative task-id 

model. 

Shift in the tasks, and little data 

are highly robust. 

High training overhead 

because of an additional 

generative adversarial 

loop. 
Note: MAML = Model-Agnostic Meta-Learning; iMAML = implicit Model-Agnostic Meta-Learning; MTL = Meta-Transfer Learning. 

 

3.2.2 Gradient/optimization-based methods 

Table 4 summarizes the covered adaptation-operator types 

and mechanisms along with the advantages and disadvantages 

of the different gradient- or optimization-based algorithms 

presented in this subsection. 

 

3.2.3 Model-based/memory methods 

Model-based methods, such as memory-augmented 

networks, hypernetworks, and amortized task posteriors, use a 

feed-forward function that is learned to model A. For example, 

He et al. [12] and Gharoun et al. [13] are works done by 

representatives. Lin et al. [27] introduced the Metadropout 

framework that unifies episodic and pretrain/fine-tune 

paradigms with structured dropout on transferable knowledge, 

and shows a plug-and-play unification with marginal cost over 

strong baselines. 

 

3.2.4 In-context learning and large language models 

Table 5 outlines key methods for LLMs. Beyond the four 

methods described, instruction-tuned and multimodal LLMs 

apply the in-context adaptation operator to multi-turn and 

cross-modal prompting. 

 

3.2.5 Data augmentation and feature hallucination 

Table 6 summarizes the feature-hallucination methods and 

data augmentation discussed in this subsection, describing the 

types of adaptation operators, their mechanisms, and limits. 
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Table 5. Survey of in-context learning (ICL) methods in large language models (LLMs) 

Algorithm A Type Mechanism Advantages Limits 

MetaICL [28] 
Learned feed-

forward 

conditioning 

A language model meta-trained on 142 

natural language processing (NLP) tasks 

makes predictions from in-context 

examples alone at test time, without further 

fine-tuning. 

Approaches the 

performance of full fine-

tuning with 8× fewer 

parameters. 

Requires a very diverse 

multi-task corpus to be 

effective for meta-training. 

In-context 

tuning [29] 
Learned Feed-

forward 

Recast adapts the task of sequence 

prediction by adding examples, 

instructions, and queries together to fine-

tune for a variety of tasks. 

Excellent in the NLP 

benchmarks and scales 

well with the size of the 

model. 

The computational overhead 

increases with the number of 

shots (and hence with the 

prompt length), which 

increases linearly. 

Meta-in-

context [30] 
Implicit 

attention 

Improve ICL by recursively giving a meta-

context of previous ICL episodes when 

inferring to reshape task priors. 

Does not need any fine-

tuning or weight updating 

at test time. 

Limited context length; 

currently only examined on 

toy domains. 

CoOp [31] 
Constrained 

Gradient 

Freezes the backbone while optimizing 

learnable context tokens by learning them 

using 1–16 shots. 

Produces up to 45% 

improvement over 

handcrafted prompts. 

Learned prompts can be 

specific to the source 

distribution, adversely 

impacting out-of-distribution 

generalization. 

Table 6. Survey of data augmentation and feature hallucination methods 

Algorithm A Type Mechanism Advantages Limits 

AFHN [32] 
Learned Feed-

forward 

(Generative) 

Uses a conditional Wasserstein generative 

adversarial network (cWGAN) with a classification 

regularize and anti-collapse mechanism to 

hallucinate various discriminative features. 

 Explicit control of the 

diversity and 

discriminability of 

features. 

GAN instability and 

needs good-quality 

annotated base data. 

Saliency 

Hallucination 

[33] 

Learned Feed-

forward 

(Structural) 

Use a two-stream feature mixer, after automatic 

foreground/background split, in order to guide the 

mixing using a saliency detector for 

foreground/background feature maps. 

Easy to train, low 

requirements, no need 

for complex GAN 

training. 

The accuracy of the 

saliency detector 

plays a big role in 

feature quality. 

Tensor Feature 

Hallucination 

[34] 

Learned Feed-

forward 

(Spatial) 

Generates spatial tensor features (rather than 

vectors) using a lightweight generator and a simple 

loss function to outperform complex GANs. 

Simple design beats 

complex GANs with 

respect to preserving 

spatial relations. 

Limited to visual 

transfer; multimodal 

transfer is not yet 

possible. 

Proto Meta-

Hallucination 

[35] 

Learned Feed-

forward 

(Metric-

targeting) 

Meta-learns prototypes using inter-sample 

differences, uses a difference-distribution generator 

and meta-learned re-weighting. 

Adjusts to the unique 

features of each class 

dynamically. 

Adds more difficulty 

to the meta-training 

process than normal 

metric training. 

SHKT [36] 
Learned Feed-

forward 

(Cross-modal) 

Symmetrically hallucinates images and text with 

cross-modal knowledge transfer (KT) with 

semantic relations in both modalities. 

Achieves great 

improvements (+12.84% 

1-shot accuracy on Mini

ImageNet) via 

multimodal relations. 

Needs certain 

matched pairs of 

textual comments to 

operate. 

Table 7. Survey of cross-domain few-shot learning (CD-FSL) methods 

Algorithm A Type Mechanism Advantages Limits 

ReFine [37] 

Iterative 

Optimization 

(Initialization-

Reset) 

Prior to fine-tuning the target, propose 

some source parameters randomly to 

stop the model from "defect 

inheritance" and avoid being stuck in a 

local minimum in the source space. 

It is very effective in large 

domain gaps, where source 

features may be detrimental to 

target learning. 

Loses valuable source 

knowledge when the 

target domain is close to 

the source. 

Local-global 

Distillation 

Prototypical 

Network (LDP-

Net) [38] 

Learned Feed-

forward 

(Local-

Global) 

Distill and avoid "simplicity-bias" 

shortcuts in a two-branch network for 

local-global distillation, forcing the 

model to distill knowledge from images 

of the whole world into local crops. 

It does not let the model rely on 

spurious global correlations. 

The dual-branch 

architecture boosts 

computational and 

inference expenses. 

Loss Landscape 

Flattening [39] 

Representatio

n-centric

Regularization 

Normalizes and interpolated-

representation flattens the 

representation-space loss landscape, 

which is lightweight and makes feature 

transfer stable. 

Achieves up to 9% gains 

compared to state of the art 

(SOTA); can be used with 

convolutional neural network 

(CNN) and vision transformer 

(ViT) backbones. 

The flattening radius 

must be carefully tuned; 

there is another layer of 

hyperparameter 

complexity. 

StyleAdv [40] 

Iterative 

Optimization 

(Adversarial 

Style) 

Adversarial perturbs the visual styles by 

using a signed style gradient attack to 

generate "hard" fictitious domains in 

the training loop. 

Flexible and powerful; excellent 

performance at the state-of-the-

art level on 8 different target 

datasets. 

The adversarial 

augmentation loop takes 

much longer to train and 

is more expensive. 
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3.2.6 Cross-domain few-shot learning  

Table 7 provides a review of few-shot algorithms 

specifically developed for cross-domain few-shot learning 

(CD-FSL) that focus on adaptation strategies and known 

limitations when faced with distribution shifts. 

 

 

4. META-ANALYSIS  

 

The reported accuracy of few-shot tasks has been found to 

be susceptible to experimental variables like backbone 

architecture (Conv-4, ResNet-10, ResNet-12, ResNet-18, 

WRN-28), data-augmentation pipeline, and random seed, 

making direct comparison across papers unreliable [41]. We 

applied three inclusion criteria to control variability: 

benchmarking on standard miniImageNet 5-way, a ResNet-12 

backbone, and an episodic evaluation protocol with both 1-

shot and 5-shot accuracy reported. For the purposes of a meta-

analysis, the 28 published results that met all three criteria 

were used. The reported results were not re-evaluated under 

standardized training settings, augmentation pipelines, or 

optimizers. Therefore, this analysis compares published 

results under matched benchmark and backbone conditions 

rather than results from a controlled experiment; differences 

may still reflect variations in experimental protocols. 

 
4.1 In-domain results (miniImageNet, ResNet-12 

backbone) 

 

Table 8 shows meta-analysis results on miniImageNet 5-

shot with a standard ResNet-12 backbone. We evaluate 1-shot 

and 5-shot accuracy for each method family. 

In this sample, the metric-based methods achieved an 

average in-domain accuracy approximately 3.7 percentage 

points (pp) higher than the optimization-based methods (this 

is not a rule for all samples of papers). SHKT achieved the 

highest reported accuracy among the methods considered, 

with data augmentation now a distinct category. The method 

implicit Model-Agnostic Meta-Learning (iMAML) 

substantially narrows the gap with metric-based methods. 

These latter methods can remove the task-level memory 

bottleneck. 

 

Table 8. In-domain benchmark results (miniImageNet, 

ResNet-12 backbone) 

 

Method Family 

1-Shot 

Accuracy 

(%) 

5-Shot 

Accuracy 

(%) 

ProtoNet [10] Metric 60.37 ± 0.83 78.02 ± 0.57 

MAML [1] Optimization 58.90 ± 1.01 71.50 ± 0.72 

Reptile [8] Optimization 57.42 ± 0.72 70.10 ± 0.60 

iMAML [9] Optimization 60.20 ± 0.90 74.10 ± 0.71 

MTL [6] Optimization 61.20 ± 1.80 75.50 ± 0.80 

SAPENet 

[21] 
Metric 65.84 ± 0.71 82.35 ± 0.48 

SHKT [36] Hallucination 67.31 ± 0.65 83.41 ± 0.44 
Note: SHKT = Symmetric Hallucination with Knowledge Transfer; MTL = 

Meta-Transfer Learning; MAML = Model-Agnostic Meta-Learning; 

iMAML = implicit Model-Agnostic Meta-Learning; MTL = Meta-Transfer 

Learning. 

 

4.2 Cross-domain results of cross-domain few-shot 

learning benchmark 

 

Table 9 reports 1-shot accuracy on four CD-FSL target 

datasets (EuroSAT, CropDisease, ISIC, and ChestX, with 

miniImageNet as the source) for representative optimization-

based, representation-centric, and metric-based methods, 

illustrating a reversal of the in-domain ranking under cross-

domain shift. 

Across this sample, there is a 1.4 pp difference between the 

methods that add robustness to task-distribution shift, like the 

optimization-based one, and the standard baseline (metric-

based) methods shown here. This aligns with the hypothesis 

that gradient-based adaptation generalizes better when meta-

training and meta-test distributions differ. For loss landscape 

flattening, Local-global Distillation Prototypical Network 

(LDP-Net) and loss landscape flattening [39] perform best 

across domains, indicating that representation-level 

interventions have more influence than algorithmic 

interventions on distribution shift. 

 

Table 9. Cross-domain 1-shot accuracy on the cross-domain few-shot learning (CD-FSL) benchmark 

 

Methods 
EuroSAT 1-Shot 

Accuracy (%) 

CropDisease 1-Shot 

Accuracy (%) 

ISIC 1-Shot 

Accuracy (%) 

ChestX 1-Shot 

Accuracy (%) 
Local-global Distillation Prototypical 

Network (LDP-Net) [38] 
70.1 ± 0.8 88.5 ± 0.5 51.2 ± 0.9 25.4 ± 0.6 

Loss Landscape Flattening [39] 71.3 ± 0.7 89.1 ± 0.4 52.4 ± 0.8 26.1 ± 0.5 

StyleAdv [40] 69.8 ± 0.9 87.3 ± 0.6 50.7 ± 0.9 24.9 ± 0.7 

Task-Robust Model-Agnostic Meta-

Learning (MAML) [23] 
68.4 ± 1.1 85.9 ± 0.7 50.1 ± 1.0 24.3 ± 0.8 

ProtoNet [10] 66.8 ± 0.9 84.7 ± 0.6 48.6 ± 0.9 23.1 ± 0.6 

 

 

5. APPLICATIONS AND BENCHMARKS 

 

5.1 Standard benchmarks 

 

Since 2016, few-shot learning research has relied on a small 

number of standard benchmarks. One is miniImageNet, with 

600 classes and 100 images from each class in ImageNet. 

TieredImageNet and Omniglot, with 20 categories and 20 

images for each class, are also used for 1-shot benchmarks. A 

new benchmark was introduced at the Conference on 

Computer Vision and Pattern Recognition (CVPR) in 2020, 

allowing evaluations across different domains. This includes 8 

datasets with different types of images, such as natural images, 

satellite images, medical images, and images of crop diseases.  

 

5.2 Medical imaging 

 

Alsaleh et al. [42] evaluated MAML on liver, spleen, and 

kidney segmentation, achieving mean Dice coefficients of 

93.70%, 85.98%, and 89.58% in the 10-shot setting. Khadka 

et al. [43] used polyp and skin lesion segmentation, achieving 

2–4% higher Dice than standard MAML. Bayesian meta-
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learning methods are promising for clinical decision-making. 

 

5.3 Natural language processing 

 

Few-shot learning and meta-learning in natural language 

processing (NLP) have merged. Few-shot relation extraction 

of meta-learning and prompt learning is explored in the survey 

of Hang et al. [44]. Pan et al. [45] introduced prototype tuning-

document-level relation extraction using episodic training 

with prototype-based in-context prompts. In addition, a Meta-

Training model across 12 relation extraction datasets for 

enhanced zero- and few-shot relation extraction is proposed by 

Li et al. [46] and benefits from scaling with the model size. 

 

5.4 Few-shot class-incremental learning 

 

Few-shot class-incremental learning (FSCIL) is a few-shot 

learning approach with the goal of learning new classes while 

preserving previously learned knowledge. Tian et al. [47] 

organized FSCIL methods into five categories, including 

traditional machine learning, meta-learning, feature space 

methods, replay-based techniques, and dynamic network 

structures. It is used in a wide range of applications, such as 

image classification, object detection and segmentation, NLP, 

and graph learning. 

 

 

6. OPEN PROBLEMS AND FUTURE DIRECTIONS 

 

We formulate five open problems as conjectures along with 

suggested research directions with the description of gaps. 

Conjecture 1 (Model-Agnostic Meta-Learning-low-rank 

adaptation convergence at high rank): We hypothesize that 

when the LoRA rank r approaches the full rank, r = min(d1, 

d2), LoRA and unconstrained one-step gradient descent 

converge to similar task-specific solutions. This conjecture is 

divided into two claims: representational and optimization. In 

Section 2.5, the representational claim is demonstrated at full 

rank: LoRA's updates are identical to those of an 

unconstrained one-step gradient update. The conjecture is 

partially solved, but it remains unknown whether gradient 

descent on low-rank factors (B, A) converges to a solution 

equal to full gradient descent fine-tuning (MAML/Reptile-

style) or merely represents it. We propose testing the 

remaining by systematically varying r in miniImageNet and 

comparing convergence speed and final accuracy of trained 

LoRA factors against full gradient-based fine-tuning. 

Conjecture 2 (ICL as implicit meta-learning): We 

conjecture, but do not claim to have shown, that ICL with a 

large transformer is a special case of bilevel learning, where A 

= Attn(Sτ). It remains to be answered in theory [48]. We 

propose comparing gradient flows of examples in-context with 

explicit MAML updates on matched tasks, and comparing the 

correlation of task-specific representations from each. 

Conjecture 3 (Geometry of task distribution): The 

Wasserstein-2 distance W₂(Ttrain, Ttest) in task-embedding space 

upper-bounds the generalization gap between the meta-train 

and meta-test datasets. We propose to create controlled 

distribution shifts of known W₂ distance and evaluate the 

empirical error in accuracy for all four method families. 

Conjecture 4 (Curriculum ordering and convergence): 

Under mild smoothness assumptions on the loss landscape, 

under the same conditions of convergence rate, the 

curriculum-based meta-learning (CubMeta/SepMeta) 

outperforms random task sampling by an error rate of O(log 

T/T). We propose that convergence curves are similar for three 

curriculum schedules (easy-to-hard, hard-only, and random) 

when both compute budgets are equal. 

Conjecture 5 (Hallucination bias amplification): The 

feature hallucination techniques exacerbate the original class 

imbalance in the support set, making the prototypes of 

minority sub-populations more concentrated for the modes of 

the generator, by a factor proportional to the inverse of the 

latent space variance of the generator. We propose to compute 

class accuracy variation before and after a hallucination for 

artificially balanced support sets; use disagreement between 

the features in an ensemble to give a measure of uncertainty in 

the generated features. 

There are further directions including (a) Online/continual 

meta-learning: the meta-learner itself adapts to a non-

stationary task stream [3]; (b) scalable gradient-based meta-

learning for billion-parameter models: second-order MAML is 

impractical; however, the gap between it and other alternative 

approaches such as implicit differentiation (iMAML) and first-

order approximations on complex tasks is not characterized; 

(c) diffusion-model data augmentation for few-shot settings, 

fusing the synthesis quality of modern generative models with 

the diversity control of feature hallucination. 

 

 

7. CONCLUSION 

 

The paper derives that all three families of meta-learning are 

instantiations of a single bilevel objective with different 

adaptation operators. We prove a formal proof result: at full 

adapter rank, the reachable set of LoRA updates coincides 

exactly with that of an unconstrained one-step gradient update, 

formally resolving the representational half of the MAML–

LoRA convergence question. In addition, we extend the 

framework to include ICL, PEFT/LoRA, Bayesian meta-

learning, and diffusion-based augmentation, broadening the 

taxonomy of adaptation operators. We also perform a meta-

analysis of the results of the benchmarks based on a ResNet-

12 backbone, indicating a 3.7 pp advantage for metric-based 

methods in domain and a 1.4 pp advantage for optimization-

based methods under cross-domain shift. Furthermore, we 

present five open problems as testable statements with 

designed experiments. 

Finally, the alignment between the distribution of tasks in 

the meta-training task and the target task distribution 

determines the quality of the generalization in all paradigms. 

This latter can be enhanced in curriculum learning by adding 

adversarial tasks and adaptive sampling. LLMs introduce a 

new instantiation of the bilevel framework (adaptation by 

attention) whose relationship to classical meta-learning 

remains an open direction for future theoretical work. 
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