
Data-Centric Meta-Learning for Robust Few-Shot Generalization

Jongmin Lim, Soobin Cha, Jaehun Park, Inho Oh, Minho Park, Kwangsu Kim*

Sungkyunkwan University, South Korea
jm.lim@skku.edu, chasoobin99@gmail.com, {pk9403, inho2007, parkminho, kim.kwangsu}@skku.edu

Abstract

Few-shot learning aims to enable rapid adaptation to un-
seen tasks using limited data. Optimization-based meta-
learning addresses this challenge by acquiring shared prior
knowledge across diverse tasks. However, its effectiveness
degrades in cross-domain scenarios where unseen tasks dif-
fer significantly from training tasks. We identify this degra-
dation as a failure to acquire generalizable prior knowl-
edge, which is fundamentally caused by gradient discrep-
ancies—conflicting update directions arising in the meta-
training environment with diverse task distributions. To
achieve robust few-shot generalization, we propose Data-
Centric Meta-Learning (DCML), a novel framework that
mitigates gradient discrepancies by aligning task-specific
input distributions with shared prior knowledge. DCML
accomplishes this alignment through a meta-learnable vi-
sual prompt that is integrated into the entire meta-learning
process—unlike previous prompt-based methods restricted
solely to test-time adaptation. During meta-training, the
prompt transforms each task’s inputs to induce more con-
sistent gradients, thereby facilitating the learning of gen-
eralizable prior knowledge. Leveraging this robust knowl-
edge, DCML enables rapid and parameter-efficient test-
time adaptation by updating only the lightweight prompt
and classifier while keeping the backbone frozen. Extensive
experiments demonstrate that DCML consistently outper-
forms baselines, particularly in challenging few-shot cross-
domain scenarios, establishing a data-centric perspective
for robust meta-learning.

1. Introduction

Few-shot learning aims to enable rapid adaptation to unseen
tasks using only a limited number of examples, which is
particularly valuable in real-world scenarios where data col-
lection is costly or infeasible. Meta-learning, or “learning
to learn,” addresses this challenge by elevating the learning
level from data to tasks [13, 21] and acquiring shared prior
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knowledge that generalizes across tasks, enabling models
to adapt rapidly to previously unseen tasks. Accordingly,
the objectives of meta-learning are twofold: (1) to learn
shared prior knowledge that is generalizable across diverse
tasks, and (2) to enable fast and efficient adaptation to un-
seen tasks by leveraging the acquired prior knowledge.

Among various meta-learning approaches, optimization-
based meta-learning adopts a bi-level optimization frame-
work to acquire generalizable prior knowledge. It con-
sists of an inner-level optimization that adapts the model
to each specific task, and an outer-level optimization that
aggregates the learning signals across tasks to update the
shared prior knowledge. For example, Model-Agnostic
Meta-Learning (MAML) [9] learns prior knowledge in the
form of initial parameters, enabling rapid adaptation with
just a few gradient steps. Subsequent works have improved
task adaptation by meta-learning not only the initial param-
eters but also the update rules (e.g., gradient precondition-
ers [16], or adaptive learning rates [33]).

Despite its effectiveness, optimization-based meta-
learning often struggles in few-shot cross-domain scenar-
ios, where the distribution of unseen tasks significantly
deviates from the training tasks. We attribute this criti-
cal limitation to the difficulty in acquiring generalizable
prior knowledge under meta-training environments with
diverse task distributions, primarily due to gradient dis-
crepancies—substantial directional differences among task-
specific gradients computed during the inner-level opti-
mization. Since the outer-level optimization aggregates
these task-specific gradients to compute the meta-gradient,
such discrepancies make the meta-gradient inconsistent, as
it reflects mutually conflicting update signals across tasks,
ultimately hindering the learning of robust prior knowledge.

To validate this, we analyze the relationship between the
meta-gradient and task-specific gradients using cosine sim-
ilarity and ℓ2 distance. As shown in the top row of Fig-
ure 1, MAML, a representative optimization-based meta-
learning method, exhibits low cosine similarity and high
ℓ2 distance across epochs, indicating substantial directional
discrepancies in gradients across tasks. To further exam-
ine how such discrepancies affect the outer-level optimiza-
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(a) Cosine similarity (b) ℓ2 distance

(c) Norm of the meta-gradient (d) Parameter shift

Figure 1. Analysis of gradient discrepancies and meta-
optimization dynamics on 5-way 5-shot miniImageNet, compar-
ing MAML and DCML (Ours). Top: Cosine similarity and ℓ2 dis-
tance between the meta-gradient and task-specific gradients, aver-
aged over tasks at each epoch. Bottom: Meta-gradient norm and
parameter shift over epochs, where parameter shift denotes the Eu-
clidean distance between the initial and updated parameters.

tion, we follow the analysis protocol of [22] and examine
both the norm of the meta-gradient and the parameter shift
from initialization over training epochs. As shown in the
bottom row of Figure 1, although MAML yields relatively
large meta-gradient norms, the parameter shift remains lim-
ited. This suggests that gradient discrepancies across tasks
cause updates to cancel each other out, resulting in incon-
sistent outer-level optimization, impeding the acquisition of
generalizable knowledge.

To achieve robust few-shot generalization, we propose
Data-Centric Meta-Learning (DCML), a novel framework
that mitigates gradient discrepancies by aligning the data
distributions of training tasks with the shared prior knowl-
edge. Specifically, DCML introduces a meta-learnable vi-
sual prompt into the entire meta-learning process. During
meta-training, the visual prompt is optimized to adjust each
task’s input distribution to better match the shared prior
knowledge, thereby producing more consistent gradient sig-
nals and facilitating the acquisition of generalizable knowl-
edge. Leveraging the robustness of the prior knowledge ac-
quired during training, DCML enables rapid and parameter-
efficient adaptation to unseen tasks at meta-test time by
updating only the lightweight prompt and classifier while
keeping the backbone frozen. Integrating the visual prompt
into both meta-training and meta-test phases marks a clear
departure from previous prompt-based methods, which typ-
ically limit prompt usage to test-time adaptation.

To validate the effectiveness of DCML, we conduct ex-
tensive empirical evaluations on standard few-shot classi-
fication benchmarks, including both in-domain and chal-

lenging cross-domain settings. The results demonstrate that
DCML achieves superior and robust performance against
strong baselines, while additional analyses further highlight
the advantages of our data-centric perspective toward robust
few-shot generalization.
In summary, our main contributions are as follows:
• We propose Data-Centric Meta-Learning (DCML), a

novel framework that enhances robust few-shot gener-
alization by directly mitigating gradient discrepancies
through data space alignment.

• To the best of our knowledge, we are the first to redefine
the role of the visual prompt, treating it as a core mech-
anism for acquiring generalizable prior knowledge rather
than a mere test-time auxiliary.

• DCML achieves superior and robust performance, con-
sistently outperforming baselines in challenging few-
shot cross-domain scenarios, ensuring parameter-efficient
adaptation.

2. Related Works

2.1. Meta-learning for Few-Shot Learning

To enable fast adaptation from limited data, meta-learning
approaches are commonly categorized into three types:
model-based [24, 30], metric-based [32, 34, 37], and
optimization-based methods [10, 11, 45]. Among these,
optimization-based meta-learning has attracted consider-
able attention due to its model-agnostic design, enabling
broad applicability to fields such as object tracking [27],
viewpoint estimation [36], and medical imaging [8]. A
seminal work in this area, MAML [9], proposes a frame-
work that optimizes initial parameters that can be shared
across tasks and generalized to diverse task distributions. To
enhance the effectiveness and flexibility of task adaptation
based on the shared initial parameters, various extensions of
MAML have been proposed. ANIL [28] improves compu-
tational efficiency by freezing the backbone and updating
only the classifier through a feature reuse strategy, while
BOIL [25] emphasizes representation change by updating
only the backbone during adaptation. Other works have fur-
ther explored learning update rules that modulate the gradi-
ents of the shared initial parameters, enabling more flexi-
ble adaptation. For example, GAP [16] learns a geometry-
adaptive preconditioner that satisfies the Riemannian met-
ric properties to guide gradient updates more effectively,
while Meta-AdaM [33] meta-learns an adaptive optimizer
that predicts learning rates from gradient-update history.

Despite these advances, a fundamental limitation re-
mains: it is difficult to acquire generalizable prior knowl-
edge in meta-training environments with diverse task dis-
tributions. In response, a line of research has introduced
additional network components that operate in the param-
eter space to adjust the shared initial parameters on a per-
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task basis. For instance, MMAML [39] modulates meta-
learned prior knowledge using task embeddings derived
from each task, and L2F [4] attenuates irrelevant prior
knowledge based on gradient information to reduce conflict
among tasks. In contrast, we take a data-centric perspective
that directly addresses the challenges posed by diverse task
distributions. By aligning task-specific inputs with shared
prior knowledge through a lightweight meta-learnable vi-
sual prompt, our approach enhances robust few-shot gener-
alization without relying on complex parameter modulation
or auxiliary networks.

2.2. Prompt-based Learning
As a newly emerging paradigm, prompt learning is a data-
centric approach that aligns input data, enabling a frozen
model to effectively perform a given task [15, 43]. It
was initially introduced in natural language processing
(NLP) to enable large-scale language models to perform di-
verse downstream tasks without fine-tuning [19, 20]. Fol-
lowing their success in NLP, prompt-based methods have
been extended to vision-language models [23, 44, 47].
More recently, there has been growing interest in apply-
ing prompts to vision-only models that do not rely on tex-
tual information. In the vision domain, Visual Prompt [2]
has been successfully applied by directly adding learn-
able patches—such as padding, random patches, or fixed
patches—into the pixel space of input images. Subsequent
studies on visual prompts [12, 15] have explored multi-
prompt strategies, where multiple prompts are learned to
address diverse data distributions or domain conditions,
improving adaptability across downstream tasks. How-
ever, most existing methods [7, 42, 47] employ prompts
as lightweight adaptation tools while keeping the backbone
frozen. As a result, their potential to contribute to the learn-
ing of generalizable prior knowledge during training re-
mains relatively underexplored. In contrast, our approach
integrates a meta-learnable visual prompt into both meta-
training and adaptation, allowing the prompt to actively par-
ticipate in the training process and improve the acquisition
of robust prior knowledge that generalizes across tasks.

3. Preliminaries

3.1. Problem Setting
We address the few-shot classification problem, where the
objective is to enable a model to rapidly adapt to unseen
tasks using only a small number of labeled examples. Meta-
learning is performed over a task distribution p(T ), with
training tasks {Ti}τi=1 sampled to acquire generalizable
prior knowledge. Each task Ti consists of a support set
Si = {(xs

i , y
s
i )}Ks=1 and a query set Qi = {(xq

i , y
q
i )}Mq=1,

where xi ∈ X denotes an input sample and yi ∈ Y is the
corresponding class label. The support set contains K la-

beled examples per class, while the query set contains M
examples used to evaluate the task performance. Although
both sets share the same set of N classes, their samples are
disjoint, i.e., Si ∩ Qi = ∅. Each task is thus formulated as
an N -way K-shot classification problem and can be repre-
sented as Ti = {Si, Qi}. At meta-test time, the model lever-
ages the prior knowledge acquired during meta-training to
rapidly adapt to an unseen task using only the support set,
and its performance is evaluated on the corresponding query
set. Test tasks may be sampled from the same distribu-
tion as the training tasks (i.e., few-shot in-domain classifi-
cation), or from a different distribution p′(T ) ̸= p(T ) (i.e.,
few-shot cross-domain classification), where adaptation be-
comes more challenging if the learned prior knowledge is
not sufficiently generalizable.

3.2. Model-agnostic Meta-Learning
Model-agnostic Meta-Learning (MAML) offers a general
framework by formulating meta-learning as a bi-level op-
timization problem, where the objective is to learn initial
parameters θ that serve as prior knowledge. Bi-level opti-
mization consists of two stages: an inner-level optimization
for task adaptation and an outer-level optimization for up-
dating the shared prior knowledge across tasks [17]. In the
inner-level optimization phase, the model fθ(·) is initialized
with θ. For each task Ti = {Si, Qi}, the model is adapted
by minimizing the support loss Lsupport

Ti
, as follows:

θi,t+1 = θi,t − α∇θi,tL
support
Ti

(fθi,t(x
s
i ), y

s
i ). (1)

where α is the inner-level learning rate and t = 0, . . . , T−1
denotes the step index, with initial condition θi,0 = θ.
The final updated parameters θi,T are then evaluated on the
query set using the query loss Lquery

Ti
. In the outer-level opti-

mization phase, the initial parameters θ are updated to min-
imize the expected query loss across tasks:

θ ← θ − β∇θ ETi∼p(T )

[
Lquery
Ti

(fθi,T (x
q
i ), y

q
i )
]
. (2)

where β is the outer-level learning rate. While the bi-
level optimization framework is designed to produce ini-
tial parameters that serve as a good starting point for
fast adaptation to unseen tasks [5], the meta-gradient
∇θETi∼p(T )

[
Lquery
Ti

(fθi,T (x
q
i ), y

q
i )
]

is computed by aver-
aging task-specific gradients based on their query losses.
However, when the directions of task-specific gradients
differ substantially across tasks, gradient discrepancies
emerge, as empirically shown in Figure 1. These discrepan-
cies lead to an inconsistent meta-gradient that aggregates
conflicting update signals across tasks. As a result, the
outer-level optimization process becomes less effective in
optimizing the shared initial parameters, ultimately hinder-
ing the acquisition of robust prior knowledge that general-
izes well across diverse tasks.
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(a) Inner-level Optimization (b) Outer-level Optimization

Figure 2. Overview of the proposed Data-Centric Meta-Learning (DCML) framework. (a) During inner-level optimization, a meta-
learnable visual prompt ϕ is element-wise added to the support images of each task to produce aligned inputs. The prompt is updated
together with the classifier θh in a task-specific manner by minimizing the support loss Lsupport

Ti
, while the backbone θb remains frozen, to

better align each task’s input distribution with the shared prior knowledge. (b) During outer-level optimization, the resulting task-specific
prompt ϕi,T is added to the query images. This transformation mitigates gradient discrepancies arising from diverse task distributions
and promotes consistent outer-level optimization. The prior knowledge θ and the visual prompt ϕ are then jointly optimized using the
aggregated query losses Lquery

Ti
.

4. Proposed Method: DCML
4.1. Overview
The goal of DCML is to improve the generalization of prior
knowledge, represented by the initial parameters θ, by mit-
igating gradient discrepancies, which often arise from mis-
matches in input distributions across tasks. To this end,
we adopt a data-centric perspective that adjusts the data
space of each task to better align with the shared prior
knowledge. Figure 2 illustrates the overall structure of our
framework. It begins with the design of a meta-learnable
visual prompt, which can be flexibly implemented using
various templates—such as patch-based or padding-based
structures—without restriction on its form. During inner-
level optimization, the backbone is kept frozen to encourage
task-specific inputs—modulated by the visual prompt— to
align with the shared prior knowledge. The prompt is then
element-wise added to the support set of each task and is
updated in a task-specific manner to improve compatibility
with the shared prior knowledge. During outer-level opti-
mization, the task-specific updated prompt is applied to the
query set of each task to align its inputs with the shared
prior knowledge. This alignment reduces gradient discrep-
ancies across tasks, enabling more consistent meta-gradient
updates to the prior knowledge θ, which improves its gener-
alization ability across tasks. The following subsections de-
tail the inner-level and outer-level optimization procedures.

4.2. Inner-Level Optimization
The inner-level optimization begins by initializing the
model fθ(·) with the shared initial parameters θ = {θb, θh},
where θb and θh denote the backbone and classifier parame-
ters, respectively, such that fθ(·) = fθh(fθb(·)). In conven-

tional optimization-based meta-learning, the entire parame-
ter set θ is adapted to each task Ti using the fixed support
set Si = {(xs

i , y
s
i )}Ks=1, as formalized in Equation 1.

In contrast, DCML freezes the backbone θb and instead
injects a meta-learnable visual prompt ϕ directly into the
data space. The prompt is added element-wise to each input
sample in the support set, transforming task-specific inputs
to better match the shared initial parameters, as illustrated in
Figure 2a. The support loss Lsupport

Ti
is defined as the cross-

entropy loss on the prompt-aligned support set:

Lsupport
Ti

:= − log p
(
ysi | fθh

i,t
(fθb(xs

i + ϕi,t))
)
, (3)

where t denotes the step index in the inner-level optimiza-
tion, with initial conditions θi,0 = θ and ϕi,0 = ϕ. At each
step t, both the visual prompt ϕ and classifier θh are updated
by minimizing the support loss:

(ϕi,t+1, θ
h
i,t+1) = (ϕi,t, θ

h
i,t)− αt∇(ϕi,t,θh

i,t)
Lsupport
Ti,t

. (4)

After T inner steps, the visual prompt and classifier are
adapted to task Ti, yielding ϕi,T and θh

i,T , while the back-
bone θb remains frozen throughout the inner-level optimiza-
tion. Note that we adopt per-step learnable learning rates αt

for the visual prompt and classifier, following the practice
introduced in [1] and used in [3, 33], to ensure stable train-
ing.

4.3. Outer-Level Optimization
In conventional meta-learning, outer-level optimization up-
dates prior knowledge θ by minimizing the average query
loss across training tasks, as shown in Equation 2. How-
ever, when task distributions are diverse, the resulting gradi-
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Algorithm 1 Data-Centric Meta-Learning (DCML)
Require: p(T ): distribution over tasks
Require: α, β: inner/outer learning rates
Require: T : number of inner-level steps
Initialize: prior knowledge θ = {θb, θh}
Initialize: a meta-learnable visual prompt ϕ
1: while not converged do
2: Sample batch of tasks {Ti} ∼ p(T )
3: for each task Ti do
4: Sample support set Si = {(xs

i , y
s
i )}Ks=1

5: Sample query set Qi = {(xq
i , y

q
i )}Mq=1

6: for t = 0 to T − 1 do
7: Apply prompt to support inputs: xs

i + ϕi,t

8: Compute support loss Lsupport
Ti

using Eq. 3
9: Update ϕi,t and θh

i,t using Eq. 4
10: end for
11: Apply updated prompt to query inputs: xq

i + ϕi,T

12: Compute query loss Lquery
Ti

using Eq. 5
13: end for
14: Update θ and ϕ using Eq. 6
15: end while

ent discrepancies hinder the formation of a consistent meta-
gradient, ultimately limiting generalization.

To address this issue, DCML applies the task-specific
prompt ϕi,T —updated during inner-level optimization to
ensure better compatibility between each task’s inputs and
the shared prior knowledge—to the query set of each task,
as illustrated in Figure 2b. This alignment reduces gradi-
ent discrepancies across tasks and promotes more consistent
meta-gradient updates. Formally, the query loss for each
task is defined as:

Lquery
Ti

:= − log p
(
yqi | fθh

i,T
(fθb(xq

i + ϕi,T ))
)
, (5)

The outer-level optimization is then performed by comput-
ing meta-gradients of the aggregated query losses across
tasks:

(θ, ϕ)← (θ, ϕ)− β∇(θ,ϕ)ETi∼p(T )

[
Lquery
Ti

]
. (6)

where β denotes the outer-level learning rate. This joint
optimization not only facilitates the acquisition of general-
izable prior knowledge θ, but also enables the prompt ϕ to
learn how to align diverse task input distributions with the
shared knowledge.

By participating in both inner- and outer-level optimiza-
tion, the prompt serves as a core mechanism that actively
guides the meta-training process. The full bi-level opti-
mization is summarized in algorithm 1. Upon completion of
meta-training, we evaluate how the model fθ(·), equipped
with the prior knowledge guided by the visual prompt, can
rapidly and parameter-efficiently adapt to unseen tasks.

5. Experiments
We evaluate the effectiveness of DCML in two few-shot
classification settings: (i) in-domain, where test tasks share
the same distribution as training tasks; and (ii) cross-
domain, where test tasks come from a different distribution.
We also present additional analyses to investigate the design
principles underlying DCML.

5.1. Experimental Setup
5.1.1. Datasets.
We evaluate DCML on five widely used few-shot classifica-
tion benchmarks: miniImageNet [37], tieredImageNet [29],
CIFAR-FS [6], FC100 [26], and CUB [40]. Each dataset is
split into meta-training, validation, and test sets following
standard few-shot learning protocols. Further details and
class splits are provided in the supplementary material.

5.1.2. Implementation Details.
We use two backbone architectures following prior works:
a four-layer convolutional network (4-CONV) [16] and
ResNet-12 [3, 33]. Following the protocol in [16], the inner-
level optimization is performed for T = 5 steps with a
learning rate of α = 0.01, while the outer-level learning rate
is set to β = 0.0001. All experiments are conducted under
this setup on a single NVIDIA RTX 4090 GPU under this
configuration. Further architectural details of the 4-CONV
and ResNet-12 backbones, as well as other training settings,
are provided in the supplementary material.

5.2. Main Results
5.2.1. Few-shot In-domain Classification
We evaluate the in-domain classification performance
of DCML on four benchmark datasets—miniImageNet,
tieredImageNet, CIFAR-FS, and FC100—under the 5-way
1-shot and 5-shot settings using the 4-CONV backbone.
As reported in Tables 1 and 2, DCML consistently deliv-
ers strong performance across all datasets. For complete-
ness, additional results using the ResNet-12 backbone are
reported in the supplementary material, which further con-
firm the robustness of DCML. Importantly, the advantage of
DCML becomes more pronounced under distribution shifts,
as detailed in the following cross-domain evaluation.

5.2.2. Few-shot Cross-domain Classification
To evaluate generalization under distribution shifts, we
conduct cross-domain classification experiments under the
5-way 5-shot setting. The model is meta-trained on
miniImageNet and evaluated on two transfer scenarios:
miniImageNet→CUB and miniImageNet→CIFAR-FS. As
shown in Table 3, DCML achieves the highest accuracy
across both transfer settings using the 4-CONV back-
bone. These results highlight the robustness of our ap-
proach in challenging cross-domain scenarios where ex-
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Table 1. Few-shot in-domain classification accuracy on miniImageNet and tieredImageNet.

Method miniImageNet tieredImageNet
1-shot 5-shot 1-shot 5-shot

MAML [9] 48.70±1.75 63.11±0.92 49.06±0.50 67.48±0.47
ANIL [28] 47.92±0.16 63.04±0.42 49.35±0.26 65.82±0.12
BOIL [25] 49.61±0.16 66.45±0.37 48.58±0.27 69.37±0.12
L2F [4] 52.10±0.50 69.38±0.46 54.40±0.50 73.34±0.44
ALFA [3] 50.58±0.51 69.12±0.47 53.16±0.49 70.54±0.46
Sparse-MAML [38] 51.04±0.59 67.03±0.74 53.91±0.67 69.92±0.21
MeTAL [5] 52.63±0.37 70.52±0.29 54.34±0.31 70.40±0.21
CxGrad [18] 51.80±0.46 69.82±0.42 55.55±0.46 73.55±0.41
Meta-AdaM [33] 52.00±0.49 70.70±0.49 53.93±0.49 72.66±0.49
MetaProxNet+MAML [46] 53.70±1.40 70.08±0.69 54.56±1.44 71.80±0.73
ProtoNet+MGAug [41] 48.77±0.86 67.99±0.73 - -
GAP [16] 54.86±0.85 71.55±0.61 57.60±0.93 74.90±0.68

DCML (Ours) 55.52±0.50 73.31±0.44 58.01±0.49 75.96±0.43

Table 2. Few-shot in-domain classification accuracy on CIFAR-FS and FC100.

Method CIFAR-FS FC100
1-shot 5-shot 1-shot 5-shot

MAML [9] 56.55 ± 0.45 70.10 ± 0.29 35.99 ± 0.48 47.58 ± 0.30
ANIL [28] 57.13 ± 0.47 69.87 ± 0.39 36.37 ± 0.33 45.65 ± 0.44
BOIL [25] 58.03 ± 0.43 73.61 ± 0.32 38.93 ± 0.45 51.66 ± 0.32
L2F [4] 60.35 ± 0.48 76.76 ± 0.42 38.96 ± 0.49 53.23 ± 0.48
ALFA [3] 60.56 ± 0.49 75.43 ± 0.43 38.20 ± 0.49 52.98 ± 0.50
MeTAL [5] 59.19 ± 0.56 74.62 ± 0.43 37.46 ± 0.39 51.34 ± 0.25
CxGrad [18]† 61.29 ± 0.49 77.56 ± 0.42 40.31 ± 0.49 53.89 ± 0.50
GAP [16]† 62.13 ± 0.49 78.53 ± 0.41 41.36 ± 0.49 55.53 ± 0.50

DCML (Ours) 64.42 ± 0.47 80.32 ± 0.40 42.08 ± 0.49 56.36 ± 0.50
† Reproduced results.

Table 3. Few-shot cross-domain classification accuracy under the
5-way 5-shot setting.

Method miniImagenet
→ CUB → CIFAR-FS

MAML [9] 52.70±0.35 55.82±0.50
ANIL [28] 55.82±0.21 61.45±0.49
BOIL [25] 60.92±0.11 63.28±0.45
L2F [4] 60.89±0.22 63.73±0.48
ALFA [3] 58.35±0.25 59.76±0.49
MeTAL [5] 58.20±0.24 63.31±0.47
CxGrad [18] 63.92±0.44 64.85±0.44
GAP [16] 64.88±0.72 65.27±0.47

DCML (Ours) 66.14±0.47 67.33±0.47

isting optimization-based methods typically underperform.
For completeness, experiments using the ResNet-12 back-
bone are presented in the supplementary material, which
further confirm the consistent cross-domain generalization
capability of DCML.

Table 4. Effect of prompt usage during meta-training and meta-
test on miniImageNet under 5-way 1-shot and 5-shot settings.

Prompt Usage Configuration 1-shot 5-shot

(1) Test-time only 46.40±0.50 65.10±0.47
(2) Training-time only 50.44±0.50 72.97±0.44
(3) Training & Test-time (DCML) 55.52±0.50 73.31±0.44

5.3. Additional Analysis

5.3.1. Effect of Integrating the Visual Prompt into the
Entire Meta-Learning Process

To examine whether the visual prompt ϕ contributes be-
yond test-time adaptation, we compare three settings de-
signed to isolate its role during training and testing: (1)
Test-time only, where the model is meta-trained without any
prompt, following the standard MAML procedure, and the
prompt is randomly initialized and adapted only at test time,
evaluating the effect of using the prompt solely for adap-
tation; (2) Training-time only, where the prompt is used
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(a) Maximum Mean Discrepancy (b) Epoch 1 (Early) (c) Epoch 25 (Mid-stage) (d) Epoch 99 (Late)

Figure 3. Analysis of data-space alignment across training tasks using pairwise Maximum Mean Discrepancy (MMD). (a) MMD trend
averaged over tasks at each epoch, showing that MAML exhibits increasing feature distance across tasks, whereas DCML consistently
reduces it throughout meta-training. (b–d) Kernel density estimates (KDEs) of MMD values at early (epoch 1), mid-stage (epoch 25), and
late (epoch 99) stages. DCML progressively shifts the MMD distributions leftward while maintaining non-zero variance, indicating that
tasks become more aligned with the shared prior knowledge without losing variation across tasks.

during meta-training to guide learning but removed at test
time, assessing whether the prompt contributes to learning
generalizable prior knowledge; and (3) Training & Test-
time (DCML), where the prompt is used throughout both
training and testing phases. As shown in Table 4, incorpo-
rating the prompt during training notably improves perfor-
mance over test-time adaptation alone, while full integration
achieves the best results. This demonstrates that the prompt
in DCML serves not merely as a test-time auxiliary but as a
core component for learning generalizable knowledge and
facilitating effective adaptation.

5.3.2. Effect of Aligning Data Spaces with the Shared
Prior Knowledge

To evaluate how well the data spaces across tasks are
aligned with the shared prior knowledge, we compute the
pairwise Maximum Mean Discrepancy (MMD) [14] be-
tween task-specific feature distributions extracted using the
shared prior knowledge. MMD serves as a statistical mea-
sure of the distance between task-specific feature distri-
butions in the representation space. As shown in Fig-
ure 3 (a), MAML exhibits increasing MMD over training
epochs, indicating that the feature distributions of tasks be-
come progressively more distant and less aligned with the
shared prior knowledge. In contrast, DCML steadily re-
duces MMD, demonstrating that the feature distributions
of tasks become more closely aligned in the representation
space. Figures 3 (b–d) further illustrate this trend through
Kernel Density Estimates (KDEs) [35] of MMD distribu-
tions at early, mid-stage, and late stages of training, show-
ing that the distributions of DCML gradually shift left-
ward, indicating a progressive reduction in MMD. Impor-
tantly, while DCML reduces the mean MMD, the variance
of MMD values remains non-zero, indicating that the re-
sulting alignment does not make task distributions indistin-
guishable. In other words, these results demonstrate that
DCML encourages task data space to align toward a feature
space shaped by the shared prior knowledge, while main-
taining sufficient variation across tasks.

Table 5. DCML performance under different numbers of inner
steps on the miniImageNet in 5-way 1-shot and 5-shot settings.

Inner Steps 1-shot 5-shot

1 54.31±0.50 68.40±0.46
2 55.48±0.50 70.32±0.46
3 56.31±0.50 71.70±0.45
4 55.21±0.50 73.08±0.44
5 55.52±0.50 73.31±0.44

5.3.3. Effect of Data Space Alignment on Outer-level Op-
timization

To evaluate how data space alignment influences the meta-
optimization process, we revisit Figure 1, which compares
DCML and MAML in terms of gradient discrepancy and
optimization behavior. The top row shows cosine simi-
larity and ℓ2 distance between task-specific gradients and
the meta-gradient, while the bottom row reports the meta-
gradient norm and parameter shift over epochs. Compared
to MAML, DCML aligns each task’s data space with the
shared prior knowledge, resulting in higher cosine similar-
ity and lower ℓ2 distance throughout meta-training. This
alignment reduces conflicting update directions and yields
more consistent meta-gradient updates. Although DCML
exhibits smaller meta-gradient norms, these updates accu-
mulate more effectively over time, producing a larger pa-
rameter shift. Intuitively, DCML takes shorter but stead-
ier steps in a consistent direction, whereas MAML takes
larger yet misaligned steps that often cancel each other out,
leading to less consistent optimization toward generalizable
prior knowledge.

5.3.4. Evaluation of Rapid Adaptation under Different
Numbers of Inner-Level Steps

To evaluate how rapidly the model adapts to unseen tasks
during adaptation, we vary the number of inner-level steps
T ∈ {1, 2, 3, 4, 5}. As reported in Table 5, DCML main-
tains strong performance even with a small number of inner
steps, demonstrating its ability to adapt rapidly with min-
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Table 6. Learnable components during meta-test time adaptation.

Component MAML ANIL BOIL DCML (Ours)

Backbone (θb) ✓ – ✓ –
Classifier (θh) ✓ ✓ – ✓
Visual Prompt (ϕ) – – – ✓

# Parameters 4.6234× 105 0.1601× 105 4.4634× 105 0.2075× 105

(a) 5-way 1-shot (b) 5-way 5-shot

Figure 4. Impact of the template and size of the visual prompt

imal computation. This efficiency stems from the meta-
learnable visual prompt, which is optimized during training
to reduce gradient discrepancies and facilitate the acquisi-
tion of generalizable prior knowledge.

5.3.5. Evaluation of Parameter-Efficient Test-Time
Adaptation

Table 6 summarizes the learnable parameters used during
test-time adaptation for various meta-learning methods with
a 4-CONV backbone. MAML [9] updates all parameters
θ, including the backbone θb and classifier θh. BOIL [25]
adapts only the backbone θb, while ANIL [28] improves
efficiency by updating only the classifier θh. DCML fol-
lows a similar strategy to ANIL, but additionally updates
a lightweight visual prompt ϕ alongside θh, while keep-
ing θb frozen. Although introducing only minimal over-
head, DCML outperforms all baselines in both in-domain
and cross-domain settings (Tables 1 and 3). These results
demonstrate that DCML achieves parameter-efficient test-
time adaptation.

5.3.6. Impact of Meta-learnable Visual Prompt Design
We analyze how the template and size of the meta-learnable
visual prompt ϕ affect performance, following the design
strategy of [2]. The templates include padding (added to
image boundaries), a fixed patch (added at a fixed location),
and a random patch (added at random locations), while the
prompt size p determines its spatial extent. The number of
learnable parameters is computed as Cp2 for patch-based
templates and 2Cp(H +W − 2p) for the padding template,
where C, H , and W denote the image channels, height,
and width. As shown in Figure 4, accuracy remains stable
across different prompt templates and sizes in both 5-way 1-
shot and 5-shot settings on miniImageNet, indicating that ϕ
is robust to variations in prompt design. We therefore adopt
the padding template with p = 5 as the default configuration
for simplicity and efficiency.

(a) Input image

(b) MAML

(c) DCML

Figure 5. Grad-CAM visualizations on 5-way 5-shot
miniImageNet→CUB, showing that DCML attends to more
class-relevant regions and remains robust under domain shift.

5.3.7. Visualizing Adaptation Effects with Grad-CAM

To qualitatively assess cross-domain adaptation, we visu-
alize class-discriminative regions using Grad-CAM [31],
which highlights the areas the model focuses on when mak-
ing predictions. Figure 5 compares activation maps from
MAML and DCML on miniImageNet→CUB. MAML of-
ten focuses on irrelevant background areas or incomplete
object parts, likely due to mismatches between training and
test distributions. In contrast, DCML consistently focuses
on class-relevant regions, even under significant domain
shifts. This suggests that DCML effectively transforms the
input distribution to better match the prior knowledge ac-
quired during meta-training.

6. Conclusion

We introduced Data-Centric Meta-Learning (DCML), a
framework that enhances few-shot generalization by mit-
igating gradient discrepancies through data-space align-
ment. By integrating a meta-learnable visual prompt into
the meta-learning process, DCML aligns task-specific in-
put distributions with shared prior knowledge, leading to
more consistent meta-gradient updates. This enables ro-
bust prior knowledge that generalizes well across diverse
tasks while allowing parameter-efficient test-time adapta-
tion by updating only the lightweight prompt and classifier.
Overall, DCML establishes a data-centric perspective for
optimization-based meta-learning, paving the way toward
robust few-shot generalization. Although effective, DCML
currently employs a shared prompt design across tasks. Fu-
ture work will explore task-adaptive prompts conditioned
on task embeddings to better mitigate gradient discrepan-
cies across diverse tasks.
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