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Supplementary Material

A. Additional Dataset Descriptions
miniImageNet The miniImageNet [19] dataset consists
of 100 classes randomly sampled from ImageNet [16], each
containing 600 images resized to 84 × 84 pixels. We fol-
low the standard 64/16/20 split of classes into meta-training,
meta-validation, and meta-test sets, respectively, with no
overlap between the splits.

tieredImageNet Similar to miniImageNet, tieredIma-
geNet [15] is also constructed from ImageNet [16] but is
larger in scale. It contains 779,165 images from 608 classes,
grouped into 34 high-level categories. These categories are
split into 20 for meta-training, 6 for meta-validation, and 8
for meta-testing.

CIFAR-FS The CIFAR-FS [4] dataset is a few-shot
benchmark derived from CIFAR-100 [10]. It contains 100
classes with 600 images per class, and all images are resized
from 32×32 to 84×84 pixels. We use 64 classes for meta-
training, 16 for meta-validation, and 20 for meta-testing.

FC100 The FC100 dataset [13] is another CIFAR-100-
based benchmark designed to increase task difficulty by
grouping classes into superclasses. It includes 100 classes
with 600 images per class, resized to 84×84 pixels. We fol-
low the 60/20/20 split into meta-training, meta-validation,
and meta-test classes.

CUB The Caltech-UCSD Birds 200-2011 (CUB)
dataset [20] contains 200 bird species (classes) and a total
of 11,788 images. Following prior work [11], we split the
dataset into 100 meta-training classes, 50 meta-validation
classes, and 50 meta-test classes, with all images resized to
84× 84.

B. Additional Implementation Details
Backbone Configurations We use Conv4 and ResNet12
as the backbone network fθ. The 4-layer convolutional net-
work (4-CONV) consists of four convolutional blocks, each
composed of a 3× 3 convolution with 128 filters, followed
by batch normalization [7], a ReLU activation, and a 2 × 2
max pooling operation. This architecture is widely adopted
in few-shot learning [8]. A fully connected layer and a
softmax classifier are appended after the final convolutional
block for classification.

The ResNet-12 [6] backbone is composed of four resid-
ual blocks. Each residual block contains three convolutional

layers with 3×3 filters, where each convolution is followed
by batch normalization [7] and a ReLU activation. A skip
connection is applied in each block, consisting of a 1 × 1
convolution, batch normalization, and a ReLU. Each resid-
ual block concludes with a 2 × 2 max pooling layer. The
number of filters in the residual blocks is set to 64, 128,
256, and 512, respectively. The final representation is ag-
gregated by global average pooling and passed through a
fully connected layer with softmax for classification.

Training Details We adopt SGD for inner-level updates
and Adam [9] for outer-level updates with a weight decay
of 0.0005. Meta-training is performed for 150 epochs on
miniImageNet, CIFAR-FS, and FC100, and for 250 epochs
on tieredImageNet, each with 500 iterations per epoch. The
meta-batch size is set to 2 for 1-shot and 4 for 5-shot tasks.
As data augmentation, we apply random horizontal and ver-
tical flipping during meta-training.

Reproducibility and Hardware Following standard few-
shot evaluation protocols [5, 8], we evaluate all methods on
600 randomly sampled 5-way 1-shot and 5-shot tasks with
15 query images per class. Accuracy is computed on the
query set after adaptation using the support set. We report
the mean and 95% confidence interval across the 600 tasks.
For each run, we select the top 5 models based on validation
accuracy and report the result of the best-performing model.

C. Additional Results

In-domain Results. We present additional experiments
using the ResNet-12 backbone to further validate the effec-
tiveness and generality of DCML. As shown in Tables 1
and 2, DCML consistently achieves strong performance
on miniImageNet, tieredImageNet, CIFAR-FS, and FC100
under both 1-shot and 5-shot settings. Across all bench-
marks, DCML either matches or surpasses representative
optimization-based meta-learning methods, demonstrating
that the proposed data-centric alignment mechanism re-
mains effective even when applied to deeper feature extrac-
tors. The improvement is consistent across datasets and shot
settings, indicating that DCML adapts reliably to diverse
task distributions. Although several recent approaches ben-
efit from external pre-training, DCML attains competitive
performance without such reliance, highlighting its abil-
ity to acquire generalizable prior knowledge purely through
meta-training.



Table 1. Few-shot in-domain classification accuracy on miniImageNet and tieredImageNet using ResNet-12 backbone.

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

MAML [5] 58.37±0.49 69.76±0.46 58.58±0.49 71.24±0.43
ANIL [14] 51.58±0.50 72.22±0.45 58.97±0.00 71.80±0.50
BOIL [12] 55.86±0.50 69.94±0.46 59.63±0.49 73.86±0.44
L2F [2] 59.71±0.49 77.04±0.42 64.04±0.48 81.13±0.39
ALFA [1] 59.74±0.49 77.96±0.42 64.62±0.49 82.48±0.38
MeTAL [3] 59.64±0.38 76.20±0.19 63.89±0.43 80.14±0.40
CxGrad [11] 60.19±0.45 75.17±0.40 65.47±0.44 82.52±0.35
Meta-AdaM [17] 59.89±0.49 77.92±0.43 65.31±0.48 85.24±0.35
MetaDiff [21]† 64.99±0.77 81.21±0.56 72.33±0.92 86.31±0.62

DCML (Ours) 60.38±0.49 77.54±0.43 66.24±0.47 84.06±0.37

† Baseline MetaDiff [21] utilizes a pre-trained backbone, whereas all other methods, including ours, are trained from scratch
without external pre-training.

Table 2. Few-shot in-domain classification accuracy on CIFAR-FS and FC100 using ResNet-12 backbone.

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

MAML [5] 64.33±0.48 76.38±0.42 37.92±0.48 52.62±0.50
ANIL [14] 62.38±0.48 74.87±0.11 37.98±0.98 52.67±0.50
BOIL [12] 64.21±0.49 77.38±0.10 39.88±0.49 52.00±0.50
L2F [2] 67.48±0.46 82.79±0.38 41.89±0.47 54.68±0.50
ALFA [1] 64.14±0.48 78.11±0.41 40.57±0.49 53.19±0.50
MeTAL [3] 67.97±0.47 82.17±0.38 39.98±0.39 53.85±0.36
MetaDiff [21]† 73.60±0.85 87.43±0.60 44.42±0.77 61.02±0.75

DCML (Ours) 69.87±0.45 83.56±0.36 42.40±0.49 56.68±0.50

† Baseline MetaDiff [21] utilizes a pre-trained backbone, whereas all other methods, including ours, are trained from scratch
without external pre-training.

Table 3. Few-shot cross-domain classification accuracy under the
5-way 5-shot setting using ResNet-12 backbone.

Method miniImagenet
→ CUB → CIFAR-FS

MAML [5] 53.83±0.32 61.66±0.49
ANIL [14] 54.69±0.50 64.09±0.48
BOIL [12] 55.25±0.50 59.61±0.49
L2F [2] 62.12±0.21 65.90±0.46
ALFA [1] 61.22±0.22 64.74±0.46
MeTAL [3] 61.29±0.21 64.98±0.46

DCML (Ours) 64.39±0.48 66.50±0.47

Cross-domain Results. We further evaluate cross-
domain generalization using the ResNet-12 backbone
by meta-training on miniImageNet and testing on both
CUB and CIFAR-FS. As reported in Table 3, DCML
achieves the highest accuracy on the miniImageNet→CUB
transfer and also delivers strong performance on the
miniImageNet→CIFAR-FS transfer, demonstrating im-

proved robustness under distribution shift. These results
indicate that DCML maintains its effectiveness even
when the target domain differs significantly from the
meta-training distribution, owing to the generalizable prior
knowledge acquired during meta-training.

Large-scale Dataset Results. We evaluate DCML on
Meta-Dataset [18], a large-scale dataset benchmark that
samples few-shot tasks from multiple visual domains. This
benchmark introduces substantial variation in visual appear-
ance and task difficulty, providing a more realistic evalua-
tion beyond standard benchmarks. All models are meta-
trained on ILSVRC-2012 following the standard protocol,
using the same backbone as fo-Proto-MAML [18] for fair
comparison. As reported in Table 4, DCML maintains con-
sistent performance across domains, highlighting that the
robust generalization induced by data-centric meta-learning
remains important even in large-scale evaluation settings
with highly diverse task distributions.



Method ILSVRC Omniglot Aircraft Birds Texture Quick Draw Fungi VGG Flower Traffic Signs MSCOCO

fo-Proto-MAML [18] 49.53±1.05 63.37±1.33 55.95±0.99 68.66±0.96 66.49±0.83 51.52±1.00 39.96±1.14 87.15±0.69 48.83±1.09 43.74±1.12
ALFA [1] 52.80±1.11 61.87±1.51 63.43±1.10 69.75±1.05 70.78±0.88 59.17±1.16 41.49±1.17 85.96±0.77 60.78±1.29 48.11±1.14
GAP [8]† 52.75±1.13 63.74±1.42 64.51±1.10 69.15±1.05 71.32±0.88 60.05±1.15 40.53±1.06 87.52±0.78 59.66±1.22 47.10±1.16

DCML (Ours) 54.00±1.23 70.95±1.51 66.70±1.09 70.63±1.15 72.05±0.87 61.13±1.12 41.82±1.07 88.03±0.78 62.36±1.23 49.12±1.15
† Reproduced results.

Table 4. Few-shot classification accuracy on Meta-Dataset.
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