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Abstract

Few-shot learning, especially few-shot image classifi-
cation, has received increasing attention and witnessed
significant advances in recent years. Some recent studies
implicitly show that many generic techniques or “tricks”,
such as data augmentation, pre-training, knowledge
distillation, and self-supervision, may greatly boost the
performance of a few-shot learning method. Moreover,
different works may employ different software platforms,
different training schedules, different backbone archi-
tectures and even different input image sizes, making
fair comparisons difficult and practitioners struggle with
reproducibility. To address these situations, we propose a
comprehensive library for few-shot learning (LibFewShot)
by re-implementing seventeen state-of-the-art few-shot
learning methods in a unified framework with the same
single codebase in PyTorch. Furthermore, based on
LibFewShot, we provide comprehensive evaluations on
multiple benchmark datasets with multiple backbone archi-
tectures to evaluate common pitfalls and effects of different
training tricks. In addition, given the recent doubts on the
necessity of meta- or episodic-training mechanism, our
evaluation results show that such kind of mechanism is
still necessary especially when combined with pre-training.
We hope our work can not only lower the barriers for
beginners to work on few-shot learning but also remove the
effects of the nontrivial tricks to facilitate intrinsic research
on few-shot learning. The source code is available from
https://github.com/RL-VIG/LibFewShot.

1. Introduction
Few-shot learning (FSL), especially few-shot image

classification, has received considerable attention in recent
years [44, 10, 39, 49]. It tries to learn an effective clas-
sification model from a few labeled training examples. A
wide variety of advanced FSL methods has been proposed

and significantly improved the classification performance
on multiple benchmark datasets [13, 23, 38, 25, 24, 50].

Because of the extreme scarcity of training examples per
class, it is almost impossible to only use the few avail-
able examples to learn an effective classifier to solve the
few-shot classification problem. Therefore, the current FSL
methods generally follow a paradigm of transfer learning,
i.e., using a large labeled but class-disjoint auxiliary set to
learn transferable knowledge (or representations) to boost
the target few-shot task. More importantly, different from
standard transfer learning [28], the existing FSL methods
normally adopt a meta-training [35] or episodic-training
mechanism [44] to train a few-shot model by constructing
massive few-shot tasks/episodes from the auxiliary set to
simulate the target few-shot task. Like the target few-shot
task, each simulated task also consists of a labeled support
(training) set and an unlabeled query (test) set.

In general, these typical FSL methods can be roughly di-
vided into two types, i.e., meta-learning based [35, 32] and
metric-learning based [21, 36]. The former normally adopts
a meta-learning or learning-to-learn paradigm [40, 43] to
learn some kind of cross-task knowledge through an al-
ternate optimization between the meta-learner and base-
learner. In this way, it is able to make the model quickly
generalize/adapt to new unseen tasks with a few training ex-
amples (i.e., fine-tuning). In contrast, the latter employs a
learning-to-compare paradigm [44] to learn representations
that can be transferred between tasks without test time fine-
tuning. This is implemented by directly comparing the re-
lations between query images and support images in each
training task through an episodic training mechanism [44].
Both types of methods have greatly advanced the develop-
ment of few-shot learning.

However, the question “Is such a kind of meta- or
episodic-training paradigm really responsible and optimal
for the FSL problem?” has been raised recently by the com-
munity. Some recent works [1, 2, 8, 3, 42] have attempted
to rethink this question. For example, [2] finds that a simple
baseline method, i.e., pre-training + fine-tuning, can ob-



tain competitive results when compared with the meta- or
episodic-training paradigm based methods. Similarly, [42]
proposes an improved baseline method by using logistic
regression as the linear classifier in the fine-tuning phase,
which surprisingly achieves the state of the art.

Can we conclude that the meta- or episodic-training
paradigm is NOT necessary for FSL? To answer this ques-
tion, we may need to carefully review the progress of FSL
in recent years. Unfortunately, compared with investigat-
ing this question, we find that the latest research more
tends to investigate and introduce more generic techniques
or “tricks”, such as data augmentation, knowledge distil-
lation [42, 31], self-supervision [12, 37] and Mixup [27],
into FSL. We understand that these findings are undoubt-
edly valuable and inspiring, and these techniques are non-
trivial and need to be specially studied for the setting of
FSL. However, these techniques or tricks are somewhat uni-
versal and essentially can be applied to other existing FSL
methods or even other topics. Comparatively, the above
fundamental and intrinsic questions of FSL have not been
well investigated in the recent literature.

Also, similar to the observation of [2], we observe that
the implementation and evaluation details of different FSL
methods vary widely. This could make fair comparison
somewhat unattainable, or even worse, make some con-
clusions questionable. Specifically, certain key discrepan-
cies can be summarized as follows: (1) different software
platforms (e.g., TensorFlow vs. PyTorch); (2) different
codebases, including the optimizer (e.g., Adam vs. SGD)
and training schedule (e.g., StepLR vs. CosineAnneal-
ingLR), etc; (3) different backbones (e.g., Wider ResNet12
vs. ResNet12); (4) classifiers with different parameters
(e.g., heavy-parametric classifier vs. non-parametric clas-
sifier); (5) different input image sizes (e.g., 224 × 224 vs.
84×84); (6) different test time evaluations (e.g., center crop
evaluation vs. raw evaluation); and (7) more training tricks,
e.g., stronger data augmentation, label smoothing, higher-
way training, larger meta-batch size, DropBlock, weight de-
cay, etc. Clearly, such wide discrepancies are not amenable
to a fair comparison and therefore cannot truthfully reflect
the actual progress of FSL.

Our work. Therefore, in this paper, to facilitate fair com-
parison and reproducible results, we develop a comprehen-
sive library for few-shot learning (LibFewShot) by keep-
ing most of the implementation details of different FSL
methods to be consistent. To be specific, seventeen repre-
sentative state-of-the-art FSL methods, including six meta-
learning based, five metric-learning based and six fine-
tuning based methods, are systematacially re-implemented
in a unified framework with the same single codebase in Py-
Torch. In LibFewShot, we try our best to ensure that all the
methods use the same settings and the same bag of tricks,

except some specific tricks and specific neural architectures
that are the main contributions of certain methods. In this
way, we could take a true picture of the actual state-of-the-
art results on FSL. More importantly, we are able to con-
struct a large-scale study to analyze the impact of different
tricks in a fair way.

Our contributions. The main contributions of this work
are as follows:

• We develop a unified framework LibFewShot with sev-
enteen re-implemented FSL methods for the first time
in the literature. This can be used as a toolbox and a
platform to help practitioners to lower the barriers of
using and reproducing FSL methods.

• We provide comprehensive evaluation results of sev-
enteen methods on multiple benchmark datasets with
multiple embedding backbones, by controlling the im-
plementation details and tricks used. This can reveal
the actual progress of FSL, and can be conveniently
referenced to perform comparative experiments.

• We conduct a large-scale study on a state-of-the-art
baseline in a fair way, revealing that (1) pre-training
indeed can learn a good initial representation but not
necessarily an optimal representation; (2) meta- or
episodic-training can further improve this initial rep-
resentation; (3) `2 normalization can improve a new
classifier more than fine-tuning in the test phase, espe-
cially in data-limited scenarios.

• We will release and maintain LibFewShot as an open-
source project, by continually re-implementing and
adding new methods. We welcome other researchers
to contribute to this library to facilitate future research
on this topic together.

2. Overview of Few-shot Learning Methods
In this section, we will first introduce the problem for-

mulation of FSL, and then review three kinds of FSL meth-
ods, i.e., fine-tuning based methods, meta-learning based
methods and metric-learning based methods, where multi-
ple representative methods are further reviewed in detail.

2.1. Problem formulation

In few-shot setting, there are usually three sets of data,
including a target labeled support set S, a target unlabeled
query set Q and a class-disjoint auxiliary set A. In partic-
ular, S and Q share the same label space, which are cor-
responding to the training and test sets in the generic clas-
sification, respectively. The concept of “few-shot” in fact
comes from S, where there are C classes but each class
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Figure 1. Illustrations of Fine-tuning based, Meta-learning based and Metric-learning based methods, respectively. The first uses a generic
classification task as the proxy task, while the latter two use a meta- or episodic-training paradigm in the training stage. In the test stage,
the first two will fine-tune a new task-relevant classifier, while the last simply uses a 1-NN classifier without any fine-tuning.

only has K (e.g., 1 or 5) labeled samples. We call this kind
of classification task as a C-way K-shot task. Clearly, such
a few labeled samples in each class make it almost impossi-
ble to train an effective classification model, no matter using
deep neural networks nor traditional machine learning algo-
rithms. Therefore, one solution of FSL becomes to how to
use A to boost the learning on the target task (i.e., S and
Q). The good point is that A generally enjoys much more
classes and much more samples per class than S , while the
challenging is that A definitely has a disjoint label space
from S and even may has a large domain shift with S.

Therefore, the current FSL mainly focus on how to effec-
tively learn transferable knowledge from A for fast adapta-
tion (e.g., meta-learning based and fine-tuning based meth-
ods) or for good generalization (e.g., metric-learning based
methods) on S with a few labeled support examples.

Episodic-training and Meta-training. To learn an effec-
tive FSL classifier, meta-training [35] or episodic-training
mechanism [44] is normally adopted at the training stage
of the meta-learning based or metric-learning based meth-
ods. Both meta-training and episodic-training rely on lots of
simulation few-shot tasks, which are randomly constructed
from the auxiliary set A. Each simulated task T con-
sists of two subsets, AS and AQ, which are akin to S
and Q, respectively. At each iteration, one simulated task
(episode), i.e., T = 〈AS ,AQ〉, is adopted to train the
current model. Basically, tens of thousands of tasks, i.e.,
{T i = 〈AiS ,AiQ〉}Mi=1 ∈ ρ(T ), will be randomly sam-
pled from a task distribution ρ(T ) to train this model. The
core idea or principle is that the train condition (i.e., the
training task) must match the test condition (i.e., the tar-
get task) [44]. From the perspective of meta-learning or
life-long learning, as more tasks are observed, i.e., a task
distribution ρ(T ), the model would be able to use the accu-
mulated meta-knowledge to adapt its own bias according to
the characteristics of each task [41, 43].

Notation. Following the literature, the auxiliary set, i.e.,
the set of base classes, is denoted as A = {Xi, yi}Ni=1,
with the image Xi ∈ RH×W×3 and the one-hot label-
ing vector yi ∈ Y = {0, 1}Nbase . For a C-way K-shot
task with C novel classes, the support set and query set
are represented as S = {S1, · · · , SC} = {Xi, yi}CKi=1 and
Q = {Qi, yi}Mi=1, respectively, where Si = {Xi, yi}Ki=1

having K images is the i-th class in S. Let fθ(·) and Cω(·)
denote the convolutional neural network based embedding
backbone and classifier, respectively. Also, Cω(·) can be in-
tegrated with fθ(·) into a unified network and trained in an
end-to-end manner. For the generic classification and base
learner in meta-learning, the cost function is represented as
L
(
Cω(fθ(X)), y

)
. As for the metric-learning based FSL,

the cost function is represented as L
(
Cω(fθ(X)|S), y

)
.

2.2. Fine-tuning based Methods

As illustrated in Figure 1(a), the fine-tuning based meth-
ods [2, 42, 26, 31, 8, 49] follow the standard transfer
learning procedure [28], which consists of two-stages, i.e.,
pre-training with base classes and fine-tuning with novel
classes.

Pre-training with base classes. At this stage, the whole
auxiliary set A is used to train a N base-class classifier by
using the standard cross-entropy loss as below,

Γ = argmin
θ,ω

N∑
i=1

LCE(Cω(fθ(Xi)), y) , (1)

where LCE is the cross-entropy loss function.
Fine-tuning with novel classes. Fine-tuning is per-

formed at the test stage. Specifically, for each specific novel
task T = 〈S,Q〉, a new C-class classifier will be re-learned
based on S every time. Basically, the pre-trained embed-
ding parameter θ is fixed to avoid over-fitting, because there
is limited labeled data in S. Once the novel classifier is
learned, the labels of Q can be predicted.
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Representative methods contain Baseline [2], Base-
line++ [2], RFS-simple [2] and SKD-GEN0 [31], etc. The
main difference between the first three methods is that they
use different classifiers in the fine-tuning stage: (1) Base-
line [2] adopts a linear layer, i.e., a fully-connected (FC)
layer, as the new classifier; (2) Baseline++ [2] replaces
the standard inner product (in the FC layer) with a cosine
distance between the input feature and weight vector; (3)
RFS-simple [2] employs logistic regression instead of the
FC layer as the new classifier by first using `2 normaliza-
tion for the feature vector. SKD-GEN0 [31] also use logis-
tic regression as the classifier as same as RFS-simple [2],
where the only difference is that additional rotation-based
self-supervision is further introduced into the pre-training
stage. In addition, both [2] and [31] develop an extended
version of each, i.e., RFS-distill and SKD-GEN1, by using
knowledge distillation [17].

Discussions. The above fine-tuning based methods
have achieved surprising good results with a much simpler
methodology, shaking the foundation of the current pure
meta- or episodic-training based methods. One question of
“Do we need to discard the meta- or episodic-training in
FSL?” will be interesting to investigate. In addition, intu-
itively, the cross-entropy loss used in the pre-training stage
may make the learned representations overfit the seen base
classes, lacking generalization ability for unseen classes.
Therefore, are fine-tuning based methods optimal?

2.3. Meta-learning based Methods

As illustrated in Figure 1(b), meta-learning based meth-
ods [10, 14, 23, 1, 34, 30, 48] normally perform a meta-
training paradigm on a family of few-shot tasks constructed
from the base classes at the training stage, aiming to make
the learned model can fast adapt to unseen novel tasks
at the test stage. In particular, the meta-training proce-
dure consists of a two-step optimization between the base-
learner and meta-learner. Specifically, given a sampled task
T = 〈AS ,AQ〉, Step-1 (i.e., base-learning or inner loop)
is to use AS (i.e., training examples in each task) to learn
the base-learner. Next, in Step-2 (i.e., meta fine-tuning or
outer loop),AQ (i.e., test samples in each task) is employed
to optimize the meta-learner. In this way, the meta-learner
is expected to learn a kind of across-task meta-knowledge,
which can be used for the fast adaptation on novel tasks.

Model-Agnostic Meta-Learning (MAML) [10] is one
popular representative method, whose core idea is to train
a model’s initial parameters by involving the second-order
gradients, making this model be able to rapidly adapt to a
new task just with one or a few gradient steps. Specifi-
cally, in the base-learning phase (inner loop), given T =
〈AS ,AQ〉, the current model FΘ = fθ ◦ Cω and Θ0 = Θ,

we can obtain the m-th inner loop gradient update as,

Θm = Θm−1 − α∇Θm−1
LAS (FΘm−1

) , (2)

where Θ = {θ, ω}, α is a step size hyper-parameter, and
m is the total number of inner iterations. Next, in the meta
fine-tuning phase (outer loop), the parameter of the model
is truly updated over the previous parameter Θ rather than
Θm by using the query set AQ, i.e.,

Θ = Θ − β∇ΘLAQ(FΘm) , (3)

where β is a meta step size hyper-parameter.

Ridge Regression Differentiable Discriminator (R2D2)
[1] is designed from another perspective, by adopting a stan-
dard machine learning algorithm such as ridge regression as
the base-learner classifier Cω(·) in the inner loop. Note that
the base-learner classifier in MAML is a standard FC layer.
The advantage is that ridge regression enjoys a closed-form
solution, which can make the base-learning phase more effi-
cient. Specifically, the ridge regression with parameter ma-
trix W ∈ Rd×o can be formulated as,

Γ = argmin
W

‖XW − Y ‖2 + λ‖W ‖2

= (X>X + λI)−1X>Y ,
(4)

where X ∈ Rn×d and Y ∈ Rn×o denote n input sam-
ples and the corresponding labels, respectively, I is the
identity matrix, and λ is a regularization hyper-parameter.
Specifically, suppose there are n support images inAS , and
fθ(·) can be used to obtain the feature embeddings, i.e.,
X = fθ(AS) ∈ Rn×d. In the base-learning phase, the
optimal parameter matrix W ∗ can be easily obtained ac-
cording to Eq.(4). Next, in the meta fine-tuning phase, the
predictions of XQ = fθ(AQ) ∈ Rn×d can be achieved as,

Ŷ = αXQW
∗ + β , (5)

where α and β are scale and bias, respectively, which can
be learned by optimizing the meta-loss L(Ŷ ,YQ).

Other Representative methods include Latent Em-
bedding Optimization (LEO) [34], Almost No Inner Loop
(ANIL) [30] and Versa [14]. Both LEO and ANIL fol-
lows the same optimization procedure as MAML. The core
of LEO is to optimize the meta-learning within a low-
dimensional latent space, and to learn a generative distri-
bution of model parameters, instead of directly learning the
explicit high-dimensional model parameters in MAML. In
contrast, ANIL tries to remove the inner loop updates for
the embedding backbone (i.e., fθ), but only apply the in-
ner loop adaptation to the classifier (i.e., Cω), which means
that only ω is updated in Eq.(2) of ANIL. Versa is designed
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from a new perspective of Bayesian learning by introducing
a versatile amortization network.

Discussions. Although the early meta-learning based
methods just employ the pure meta-training paradigm to
learn a model from scratch, the pre-training technique can
be easily leveraged as a pre-processing. In fact, the recent
methods, such as MTL [38] and LEO [34], already do so.
Therefore, pre-training + meta-training is the ideal way?

2.4. Metric-learning based Methods

As illustrated in Figure 1(c), different from the two-loop
structure of meta-learning based methods, metric-learning
based methods [21, 36, 39, 24, 9, 51, 46, 19] directly
compare the similarities/distances between the query im-
ages and support classes (i.e., learning-to-compare) through
one single feed-forward pass through the episodic-training
mechanism [44]. In other words, for each input query im-
age, the entire support set AS is jointly encoded into the
latent representation space simultaneously, and their rela-
tionships (outputs) are used to classify. In this way, i.e.,
by conditioning on the support set, it is able to enable the
model adapt to the characteristics of each task, and make the
learned representations transferable between different tasks.

Prototypical Networks (ProtoNet) [36] is a typical
metric-learning based method, which takes the mean vector
of each support class as its corresponding prototype repre-
sentation, and then compare the relationships between the
query image and prototypes. Specifically, given a few-shot
task T = 〈AS ,AQ〉, AS = {S1, S2, · · · , SC}, the proto-
type ci ∈ Rd of each class Si can be formulated as,

ci =
1

|Si|

K∑
j=1

fθ(Xj) , (6)

where Xj ∈ Si, |Si| = K denotes there are K images
(i.e., K-shot) in the i-th support class. Here, fθ(Xj) ∈ Rd
means fθ(·) can extract d-dimensional global feature repre-
sentation for each input image. Given a distance function
D(·, ·), such as Euclidean distance, the predicted posterior
probability distributions of a query image Q is,

ρ(y = i|Q) =
exp

(
−D(fθ(Q), ci)

)∑C
j=1 exp

(
−D(fθ(Q), cj)

) . (7)

Specifically, at the training stage, the standard cross-entropy
loss can be employed to train the entire model. Also, dur-
ing test, the nearest-neighbor classifier (1-NN) can be con-
veniently used for prediction.

Deep Nearest Neighbor Neural Network (DN4) [24] is
another representative method, which argues that the pool-
ing of local features into compact global-level representa-

tion will lose considerable discriminative information. In-
stead, DN4 advocates to directly use the raw local fea-
tures and employs a local descriptor based image-to-class
(I2C) measure to learn transferable local features. Specifi-
cally, given an input image X , without pooling or FC layer,
fθ(X) ∈ Rd×h×w will be a three-dimensional tensor, and
can be reshaped as a set of d-dimensional local descriptors

fθ(X) = [x1, . . . ,xn] ∈ Rd×n , (8)

where xi is the i-th local descriptor and n = h × w is
the total number of local descriptors for image X . Sup-
pose a query image Q and a support class S are repre-
sented as fθ(Q) = [x1, . . . ,xn] ∈ Rd×n and fθ(S) =
[fθ(X1), . . . , fθ(XK)] ∈ Rd×nK , respectively. The image-
to-class measure will be calculated as

DI2C(Q,S) =

n∑
i=1

Topk
( fθ(Q)> · fθ(S)
‖fθ(Q)‖F · ‖fθ(S)‖F

)
, (9)

where ‖·‖F denotes the Frobenius norm, and Topk(·) means
selecting the k largest elements in each row of the correla-
tion matrix between Q and S, i.e., fθ(Q)>·fθ(S)

‖fθ(Q)‖F ·‖fθ(S)‖F .
Other Representative methods include Relation Net-

work (RelationNet) [39], Covariance Metric Network (Co-
vaMNet) [25] and Cross Attention Network (CAN) [18],
etc. The core of RelationNet is to learn a non-linear met-
ric through a deep convolutional neural network, instead
of choosing a specific metric function, e.g., Euclidean dis-
tance. Instead of using traditional first-order class represen-
tations, e.g., mean vector, CovaMNet proposes a second-
order local covariance representation to represent each class
along with a new covariance metric. From the perspective
of attention, CAN proposes to calculate the cross attention
between each pair of class feature and query feature so as to
learn more discriminative features.

Discussions. Because there are no data-dependent pa-
rameters in the classifier (i.e., 1-NN classifier), the metric-
learning based methods do not have the fine-tuning proce-
dure at the test stage. Therefore, is fine-tuning really impor-
tant in the FSL problem? In other words, is the paradigm
employed by metric-learning based methods reasonable?

3. Evaluation Settings and LibFewShot
Datasets. Our main experiments are conducted on two
benchmark datasets, i.e., miniImageNet [44] and tieredIm-
ageNet [33]. Moreover, we also evaluate the cross-domain
generalization ability of each FSL method, which is evalu-
ated on three fine-grained benchmark datasets, i.e., Stan-
ford Dogs [20], Stanford Cars [22] and CUB Birds-200-
2011 [45]. Following the literature, all the data is split
into training (auxiliary), validation and test sets, respec-
tively (the details can be seen in the supplementary mate-
rial). Note that all the images in the above datasets are re-
sized to a resolution of 84×84.
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Table 1. Reproduction results on miniImageNet using the original paper settings. Results are reported with the mean accuracy over
10000 5-way 1-shot and 5-way 5-shot test tasks, respectively. Pre-train indicates pre-training or global classification during training. FT
means fine-tuning during the test stage. Train-DA and Test-DA denote data augmentation during training and test, respectively. KD means
knowledge distillation and SS means self-supervision. † and ‡ indicate that the standard backbones are different or slightly modified. X
with blue color indicates a given trick is not used in the original setting but used in our reproduction experiment.

Method Embed. Image Size Training Tricks 5-way 1-shot 5-way 5-shot

84 224 Lr /Optimizer / Decay Pre-Train FT Train-DA Test-DA KD SS Reported Ours Reported Ours

Baseline [2] Conv64F X 0.001 / Adam / No X X X 42.11 48.59 62.53 65.90
ResNet18 X 0.001 / Adam / No X X X 51.75 53.61 74.27 73.63

Baseline++ [2] Conv64F X 0.001 / Adam / No X X X 48.24 48.58 66.43 65.89
ResNet18 X 0.001 / Adam / No X X X 51.87 53.60 75.68 73.63

RFS-simple [42] ResNet12 X 0.05 / SGD / Step X X X X 62.02 63.06 79.64 80.09
RFS-distill [42] ResNet12 X 0.05 / SGD / Step X X X X X 64.82 63.44 82.14 80.17

SKD-GEN0 [31] ResNet12 X 0.05 / SGD / Step X X X X X 65.93 66.40 83.15 83.06
SKD-GEN1 [31] ResNet12 X 0.05 / SGD / Step X X X X X X 67.04 67.35 83.54 80.30

MAML [10] Conv32F X 0.001 /Adam/ Step X 48.70 47.41 63.11 65.24

Versa [14] Conv64F† X 1e−4/Adam/Step X X 53.40 51.92 67.37 66.26

R2D2 [1] Conv64F X 0.001 / Adam / Step X X 49.50 47.57 65.40 66.68
Conv64F‡ X 0.001 / Adam/ Step X X 51.80 55.53 68.40 70.79

ANIL [30] Conv32F X 0.001 /Adam / Step X 46.70 48.44 61.50 64.35

MTL [38] ResNet12 X
0.1/SGD/Step

X X X 60.20 60.20 74.30 75.86
(1e−4, 1e−3) /Adam /Step

ProtoNet† [36] Conv64F X 0.001 / Adam / Step X 46.14 46.30 65.77 66.24

RelationNet [39] Conv64F X 0.001 / Adam / Step X 50.44 51.75 65.32 66.77

CovaMNet [25] Conv64F X 0.001 / Adam / Step X 51.19 53.36 67.65 68.17

DN4 [24] Conv64F X 0.001 / Adam / Step X 51.24 51.95 71.02 71.42
ResNet12† X 0.001 / Adam / Step X 54.37 57.76 74.44 77.57

CAN [18] ResNet12 X 0.1 / SGD / Step X X 63.85 66.62 79.44 78.96

Backbone Architectures. Following the literature [36,
23, 2], we adopt three different embedding backbones from
shallow to deep, i.e., Conv64F, ResNet12 and ResNet18.
Specifically, Conv64F contains four convolutional blocks,
each of which consists of a convolutional (Conv) layer, a
batch-normalization (BN) layer, a ReLU/LeakyReLU layer
and a max-pooling (MP) layer, where the numbers of filters
of these blocks are {64, 64, 64, 64}. ResNet12 consists of
four residual blocks, each of which further contains three
convolutional blocks (each is built as Conv-BN-ReLU-MP)
along with a skip connection layer, where the numbers of
filters of these blocks are {64, 160, 320, 640}. ResNet18 is
the standard unchanged architecture used in [15]. One im-
portant difference between ResNet12 and ResNet18 is that
ResNet12 uses Dropblock [11] in each residual block, while
ResNet18 does not. Note that, in Table 1, the numbers of
filters of ResNet12† are {64, 96, 128, 256}, Conv64F† has
five Conv blocks, and Conv64F‡ uses low-level features.

Evaluation Protocols. Because prior work [44, 36, 39,
50] evaluate the models on different numbers of sampled
tasks (e.g., 600, 1000 or 10000) from the test set, which may

potentially introduce high variances. Therefore, in this pa-
per, we control the evaluation setting for all methods, evalu-
ate them on 2000 sampled tasks and repeat this process five
times, i.e., a total of 10000 tasks. The top-1 mean accuracy
will be reported. In addition, early work [44, 36, 39] gener-
ally use raw evaluation, i.e., directly resizing the test image
into 84×84 for evaluation, while the recent work [2, 50, 49]
has tried single center crop evaluation like the generic im-
age classification [15]. To make the comparison more fair
and can adapt to future development, we follow the latest
setting to use the single center crop evaluation.

Bag of Tricks. Many work in other fields shows that trick
matters, especially in deep learning [16, 29], so as to FSL.
Specifically, we empirically summarize some key training
tricks in FSL as below: (1) refined optimizer (e.g., Adam
or SGD) and learning rate decay (e.g., Step decay or Co-
sine decay); (2) data augmentation at the training stage
(Train-DA); (3) data augmentation for the support set at
the test stage (Test-DA); (4) pre-training on the auxiliary
set (Pre-train); (5) Larger Episode size, i.e., increasing the
number of tasks at each iteration; (6) higher way number
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Table 2. The overview picture of the state of the art on miniImageNet and tieredImageNet by controlling the most common implemen-
tation details except some special tricks, with our LibFewShot. The fifth column shows the total number of trainable parameters used by
each method. Pre-train indicates pre-training or global classification during training. FT and Test-DA means fine-tuning and using data
augmentation during the test stage, respectively. KD means knowledge distillation and SS means self-supervision.

Method Venue Embed. Type Para. Tricks miniImageNet tieredImageNet

Pre-train FT Test-DA KD SS 1-shot 5-shot 1-shot 5-shot

Baseline [2] ICLR’19 Conv64F Fine-tuning 0.22M X X 42.32 61.73 44.31 64.19
Baseline++ [2] ICML’19 Conv64F Fine-tuning 0.22M X X 42.10 55.47 55.27 73.78
RFS-simple [42] ECCV’20 Conv64F Fine-tuning 0.22M X X X 47.43 65.70 50.93 70.03
RFS-distill [42] ECCV’20 Conv64F Fine-tuning 0.22M X X X X 47.71 65.40 51.36 70.80
SKD-GEN0 [31] arXiv’20 Conv64F Fine-tuning 0.22M X X X X 48.14 66.36 50.68 69.92
SKD-GEN1 [31] arXiv’20 Conv64F Fine-tuning 0.22M X X X X X 46.47 64.56 50.69 69.94
MAML [10] ICML’17 Conv64F Meta 0.12M X 45.85 65.93 47.11 66.75
Versa [14] NeurIPS’18 Conv64F Meta 10.36M X 50.66 65.12 54.54 69.08
R2D2 [1] ICLR’19 Conv64F Meta 0.11M X 47.57 66.68 49.51 68.44
LEO [34] ICLR’19 Conv64F Meta 1.20M X X 52.15 67.48 52.85 71.53
MTL [38] CVPR’19 Conv64F Meta 1.80M X X 40.97 57.12 42.36 64.87
ANIL [30] ICLR’20 Conv64F Meta 0.12M X 45.97 62.10 46.63 63.96
ProtoNet [36] NeurIPS’17 Conv64F Metric 0.11M 52.50 72.07 47.41 70.50
RelationNet [39] CVPR’18 Conv64F Metric 0.23M 49.40 66.17 52.85 71.36
CovaMNet [25] AAAI’19 Conv64F Metric 0.11M 50.81 66.81 50.90 68.88
DN4 [24] CVPR’19 Conv64F Metric 0.11M 52.45 68.91 52.89 70.91
CAN [18] NeurIPS’19 Conv64F Metric 0.13M X 52.04 65.64 52.45 66.81

Baseline [2] ICLR’19 ResNet12 Fine-tuning 12.47M X X 57.47 77.10 66.86 84.82
Baseline++ [2] ICML’19 ResNet12 Fine-tuning 12.47M X X 51.15 69.69 66.93 82.91
RFS-simple [42] ECCV’20 ResNet12 Fine-tuning 12.47M X X X 61.00 78.14 70.88 85.87
RFS-distill [42] ECCV’20 ResNet12 Fine-tuning 12.47M X X X X 63.27 80.46 71.14 85.69
SKD-GEN0 [31] arXiv’20 ResNet12 Fine-tuning 12.47M X X X X 64.52 81.77 69.49 84.85
SKD-GEN1 [31] arXiv’20 ResNet12 Fine-tuning 12.47M X X X X X 65.50 82.20 69.92 84.91
Versa [14] NeurIPS’18 ResNet12 Meta 16.53M X 52.81 72.49 58.19 74.08
R2D2 [1] ICLR’19 ResNet12 Meta 12.42M X 53.66 72.86 54.56 75.44
LEO [34] ICLR’19 ResNet12 Meta 12.60M X X 57.24 72.80 64.85 77.30
MTL [38] CVPR’19 ResNet12 Meta 13.13M X X 61.18 79.14 68.29 83.77
ANIL [30] ICLR’20 ResNet12 Meta 12.43M X 51.50 65.42 52.33 66.14
ProtoNet [36] NeurIPS’17 ResNet12 Metric 12.42M 55.36 73.31 53.02 75.26
RelationNet [39] CVPR’18 ResNet12 Metric 23.53M 53.84 70.42 56.86 74.66
CovaMNet [25] AAAI’19 ResNet12 Metric 12.42M 54.69 70.72 56.03 75.21
DN4 [24] CVPR’19 ResNet12 Metric 12.42M 58.14 74.18 58.37 74.62
CAN [18] NeurIPS’19 ResNet12 Metric 12.65M X 63.74 79.06 62.70 80.60

Baseline [2] ICLR’19 ResNet18 Fine-tuning 11.20M X X 56.53 76.03 65.92 83.09
Baseline++ [2] ICML’19 ResNet18 Fine-tuning 11.20M X X 52.70 75.36 65.85 83.33
RFS-simple [42] ECCV’20 ResNet18 Fine-tuning 11.20M X X X 61.06 77.39 69.61 84.10
RFS-distill [42] ECCV’20 ResNet18 Fine-tuning 11.20M X X X X 63.24 79.13 71.14 84.84
SKD-GEN0 [31] arXiv’20 ResNet18 Fine-tuning 11.20M X X X X 66.18 82.20 68.66 84.09
SKD-GEN1 [31] arXiv’20 ResNet18 Fine-tuning 11.20M X X X X X 66.70 82.60 69.26 84.31
Versa [14] NeurIPS’18 ResNet18 Meta 13.79M X 50.18 69.91 54.02 71.73
R2D2 [1] ICLR’19 ResNet18 Meta 11.17M X 54.30 74.32 56.16 77.07
LEO [34] ICLR’19 ResNet18 Meta 11.31M X X 54.67 69.26 62.33 77.35
MTL [38] CVPR’19 ResNet18 Meta 11.88M X X 60.29 76.25 65.12 79.99
ANIL [30] ICLR’20 ResNet18 Meta 11.17M X 53.10 66.14 52.09 65.07
ProtoNet [36] NeurIPS’17 ResNet18 Metric 11.17M 54.63 72.38 58.82 77.74
RelationNet [39] CVPR’18 ResNet18 Metric 18.29M 54.40 69.20 60.80 77.94
DN4 [24] CVPR’19 ResNet18 Metric 11.17M 56.70 73.60 58.73 74.41
CAN [18] NeurIPS’19 ResNet18 Metric 11.35M X 59.65 76.93 66.04 80.41

or higher shot number during episodic training; (7) using
knowledge distillation or self-distillation (KD); (8) using
self-supervision (SS); (9) using Dropblock; (10) using more
learnable parameters.

LibFewShot. In the literature, many implementation de-
tails or “tricks” are only briefly mentioned or even over-
looked in many FSL works. However, these non-trivial
tricks may lead to significant algorithm-agnostic perfor-
mance boost, which will make the comparison somewhat
unfair and make some conclusions untenable. On the other
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hand, such imperceptible pitfalls will not only make begin-
ners struggle with the reproduction issues of other com-
parison methods, but also struggle with the development
of their own methods. Therefore, to address these issues,
we develop a comprehensive library for few-shot learning
(LibFewShot) by re-implementing the state-of-the-art meth-
ods into the same framework and making them enjoy the
same training tricks to the maximum extent. So far, seven-
teen methods have been included, including six Fine-tuning
based methods, six Meta-learning based methods and five
Metric-learning based methods, where the details can be
seen in Table 1. The details of the architecture of LibFew-
Shot will be illustrated in the supplementary material.

4. Experimental Results and Discussions
4.1. Reproduction Results

To validate the correctness of our re-implementation,
we adopt the original settings of these methods and re-
implement them with LibFewShot. Our re-implemented re-
sults and their reported results on miniImageNet are shown
in Table 1. Importantly, the original implementation de-
tails and tricks are also listed in detail, which can intuitively
show the differences on the implementation. We can ob-
serve that: (1) fine-tuning based methods, especially RFS-
distill [42] and SKD-GEN1 [31], indeed obtain the state-of-
the-art results, but they usually employ a much deeper back-
bone and much more tricks than other methods; (2) both KD
and SS can significantly boost the performance; (3) when
using additional pre-training, MTL [38] and CAN [18] can
achieve much better results. Notably, CAN consistently
outperforms RFS-simple no matter the officially reported
results nor our re-implemented results on the 1-shot setting,
which shows great potential of the paradigm of pre-training
+ meta-training.

4.2. The Overview Picture of the State of the Art

As seen in Table 1, the implementation details of differ-
ent methods vary a lot, which cannot trustingly reflect the
actual progress of FSL. To this end, we keep most of the
common training tricks consistent for all the methods ex-
cept some special tricks to make a fair comparison. Specif-
ically, we use the exactly same embedding backbone, fixed
input image size, i.e., 84 × 84, the standard data augmen-
tations during training, SGD optimizer with cosine learn-
ing rate decay, and center crop evaluation for all the meth-
ods. As for the initial learning rate and the total number of
epochs, they are selected from {0.1, 0.05, 0.01, 0.001} and
{40, 60, 80, 100} by cross-validation on the validation set,
respectively. The results are reported in Table 2. First, when
using Conv64F as the embedding backbone, we can see
that the fine-tuning based and meta-learning based meth-
ods generally use much more additional trainable param-

eters than metric-learning based methods. However, the
latter can achieve much better or competitive results even
with much fewer additional training tricks. For example,
ProtoNet and DN4 are the winners in the 1-shot setting on
both miniImageNet and tieredImageNet. Note that, because
ResNet12 uses Dropblock and enjoys more parameters than
ResNet18, most of the methods will perform better when
using ResNet12 as the backbone. In addition, RFS and SKD
perform much better when using ResNet12 as the backbone,
and only MTL and CAN are competitive.

4.3. The Necessity of Episodic- and Meta-training

One main concern of our work is to investigate the ne-
cessity of episodic- and meta-training, and try to answer
the questions raised in Section 2. To this end, we em-
ploy the SOTA RFS-simple [42] without Test-DA as the
benchmark, and use its pre-trained ResNet12 backbone on
miniImageNet as the feature embedding.

Is fine-tuning really important at the test stage in
FSL? From Table 2, we can see that RFS consistently out-
performs Baseline and Baseline++. However, the only dif-
ference between them is that RFS adopt logistic regression
(LR) with `2 normalization as the classifier in the fine-
tuning phase. Instead of LR, we directly employ `2 nor-
malization based 1-NN for the final test classification. As
seen in Table 4, NN even performs better than LR espe-
cially in the higher way settings. This means that LR or
fine-tuning is not so important in the limited-data regime,
but a good embedding and the `2 normalization are! This is
because `2 normalization can somewhat align the distribu-
tions between the source and target domains to guarantee a
good transferability (evidence can be seen in [47]). In sum-
mary, we argue that fine-tuning is not so necessary at the
test stage in FSL because of the limited-data regime, i.e.,
a few labeled examples cannot learn an effective classifier
in the test phase. This demonstrates that the paradigm of
metric-learning based methods is reasonable.

Is episodic- or meta-training necessary at the train-
ing stage in FSL? To answer this question, we employ
two methods, i.e., ProtoNet-cosine and MTL-protonet, to
episodic/meta fine-tuning the same pre-trained feature em-
bedding used in RFS-simple. Note that ProtoNet-cosine
uses a cosine distance instead of the original Euclidean dis-
tance in ProtoNet. For MTL-ProtoNet, we use MTL to per-
form the meta fine-tuning, but use ProtoNet-cosine for the
final testing. The reason of using cosine distance here is that
the above analysis shows that `2 normalization is important.
Specifically, for each method, we perform C-way 1-shot
episodic/meta fine-tuning and the corresponding C ′-way 1-
shot testing. The results are shown in Figure 2. As seen,
almost all the fine-tuning can further improve the perfor-
mance over RFS-simple. This simple experiment demon-
strates that pre-training may obtain a good initial embed-
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Table 3. Cross-domain transferability. All methods are learned from the source domain (e.g., miniImageNet), and directly evaluated on
the test set of the target domain (i.e., Stanford Dogs, Stanford Cars and CUB Birds-200-2011) with a ResNet12 backbone.

Method Type FT KD SS mini→Dogs mini→Birds mini→Cars tiered→Dogs tiered→Birds tiered→Cars
1-shot 5-shot 1-shot 5-shot 1-shot 5-shot 1-shot 5-shot 1-shot 5-shot 1-shot 5-shot

Baseline [2] Fine-tuning X 53.10 70.71 46.60 66.21 32.02 47.13 76.82 92.18 68.32 87.34 34.88 50.72
Baseline++ [2] Fine-tuning X 37.69 54.64 39.48 56.77 28.69 40.36 77.99 91.42 67.28 86.03 34.65 54.60
RFS-simple [42] Fine-tuning X 56.26 72.80 48.45 66.84 32.64 46.11 80.77 93.06 71.17 87.74 35.58 53.25
RFS-distill [42] Fine-tuning X X 58.46 74.88 50.12 69.19 33.20 47.83 81.44 93.01 71.35 87.42 35.61 53.36
SKD-GEN0 [31] Fine-tuning X X 54.27 72.02 49.04 69.12 32.59 47.34 66.99 85.53 65.30 84.52 35.58 52.61
SKD-GEN1 [31] Fine-tuning X X X 55.71 73.50 50.02 70.38 32.98 48.60 68.98 86.56 66.93 85.29 35.09 51.97
Versa [14] Meta X 29.35 55.29 37.29 56.17 27.12 35.14 32.69 63.40 34.81 61.09 25.98 33.75
R2D2 [1] Meta X 36.84 58.47 41.23 61.41 30.32 44.40 40.22 67.90 43.13 67.23 29.62 46.56
LEO [34] Meta X 39.63 51.90 41.66 56.42 30.78 39.69 62.77 73.95 49.42 57.99 28.31 33.32
ANIL [30] Meta X 29.33 40.04 35.21 44.61 27.64 32.67 31.54 51.50 35.51 50.66 27.08 33.92
MTL [38] Meta X 52.98 70.90 47.04 65.64 32.77 46.34 70.07 89.32 66.30 86.06 35.50 54.16
ProtoNet [36] Metric 37.90 59.26 43.73 60.97 29.44 40.29 38.35 66.53 43.02 66.07 28.97 42.38
RelationNet [39] Metric 44.36 54.99 38.87 54.48 27.06 33.32 49.40 72.44 50.84 68.26 27.91 37.91
CovaMNet [25] Metric 37.51 56.35 39.31 53.81 28.63 36.36 42.25 64.30 42.83 58.15 27.09 38.84
DN4 [24] Metric 44.28 60.83 45.17 69.58 30.87 45.85 48.90 66.55 47.34 70.96 30.60 47.22
CAN [18] Metric 51.48 68.13 46.98 64.88 29.72 37.77 54.25 79.76 54.43 78.55 30.84 44.82

Table 4. The necessity of fine-tuning in the test phase.
Method FT `2 (5,1) (5,5) (10,1) (10,5) (15,1) (15,5) (20,1) (20,5)

RFS-LR X X 62.80 79.48 46.72 66.39 38.41 58.21 33.17 52.66
RFS-NN X 62.42 79.68 46.74 67.22 38.51 59.67 33.23 54.24
RFS-NN 57.98 78.72 42.69 66.27 35.02 58.72 30.17 53.39
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Figure 2. Episodic/meta fine-tuning on the pre-trained feature embedding with ProtoNet-cosine and MTL-protonet, respectively.

ding, but it is not the optimal one. Therefore, we argue that
the episodic- or meta-training is worthy of further investi-
gation at the training stage in FSL.

4.4. Cross-domain Transferability

It will also be interesting to further evaluate the trans-
fer ability of different FSL methods in cross-domain sce-
narios, which are not specially designed for this pur-
pose. To this end, following the literature [2], we con-
duct an experiment on six cross-domain scenarios, e.g.,
miniImageNet→Stanford Dogs (mini→Dogs for short). In
this experiment, all the models are trained on the source do-
main (e.g., miniImageNet) and directly tested on the target
domain (e.g., Standford Dogs). As seen in Tabel 3, the mod-
els trained on miniImageNet and tieredImageNet can easily

generalize to Stanford Dogs and CUB Birds which enjoy
a small domain-shift. However, their performance signifi-
cantly drops when performing on the Stanford Cars with a
large domain-shift. This reveals that the current state-of-
the-art FSL methods cannot handle the cross-domain sce-
narios well.

5. Conclusions
In this paper, we present a comprehensive library for

few-shot learning (LibFewShot) by re-implementing the
state-of-the-art FSL methods in a unified framework to fa-
cilitate healthy research on FSL. Through LibFewShot, first
we are able to make a relatively fair comparison between
different methods to reflect the actual progress of FSL.
Second, we emphasize and demonstrate the necessity of
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episodic- or meta-training. Finally, we find that fine-tuning
is not very important in the test stage because of the limited-
data setting in FSL, while a good embedding and `2 normal-
ization are truly important.
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A.1. Architecture
The proposed LibFewShot is built on PyTorch 1.5.0, and

its architecture can be seen in Figure 3. Due to the great dif-
ferences between different methods in terms of the network
architecture, loss function and optimizer, it is somewhat dif-
ficult to directly integrate the existing FSL methods into the
same framework. To solve this issue, we disassemble each
FSL method into multiple small modules, aiming to inte-
grate them into the same framework in a more freedom way.
The details will be described in the following sections.

A.1.1. Model

The model module belonging to the Trainer module is
a key part of the whole framework, because all the net-
work architectures of the FSL methods are implemented
within this module. Specifically, model consists of Back-
bone, Classifier, Local Optimizer, Metric Function and
Loss Function. Also, we will briefly describe some of these
core parts.

Backbone. The embedding backbone plays an important
role in the field of deep learning, which may determine the
upper bound of one method to some extent. In order to sup-
port different requirements, LibFewShot provides options
of the commonly used embedding modules, e.g., Conv64F,
ResNet12, ResNet18, Wide ResNet (WRN) and Vision
Transformer (ViT). Moreover, because some methods may
need to modify the backbones in some cases, such as fea-
ture flatten, global average pooling and using multi-level
features, LibFewShot can conveniently meet such kinds of
requirements by simply modifying the configuration files.

Classifier. Despite the backbone part, classifier may be
the soul of one FSL method. However, we find that some
FSL methods have inconsistent operations in the training
phase and evaluation phase. To this end, we implement
two functions in the Classifier module, i.e., set forward loss
function and set forward function, which can be flexibly
used for the training mode and evaluation mode, respec-
tively. As mentioned in the main paper, we divide the
FSL methods into three categories, i.e., fine-tuning based
methods, meta-learning based methods and metric-learning
based methods. To avoid duplication of work, we provide a
category-dependent function for each category, and they all
inherit the same abstract function, in which the commonly
used and model-agnostic hyper-parameters can be defined.

In addition, we notice that the official implementations
of some FSL methods can only support single-task episodic
training (i.e., one task each time), which may make the
FSL models be sensitive to the hyper-parameters and ini-
tializations. In contrast, some other FSL methods have
already support multi-task episodic training (i.e., multiple
tasks each time). To make a more fair comparison, we re-
implement the architectures of the classifiers of the meth-
ods that can only support single-task episodic training to
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Figure 3. The architecture of LibFewShot based on Pytorch.

support multi-task episodic training. In this case, users can
realize this operation by simply modifying the parameter of
episode size in the configuration file.

A.1.2. Dataloader

LibFewShot provides a special dataloader, which can
fulfil the requirements in few-shot learning. Specifically,
LibFewShot assumes that all datasets have a similar file
structure. It means that each dataset should has an image
folder containing all the images and three csv files (train,
validation and test) to indicate the image path and its cor-
responding class label. Moreover, LibFewShot will pro-
vides the processed datasets or the corresponding conver-
sion program, depending on the open source protocol of
these datasets.

In FSL, the input data structure is generally different
from that of the generic computer vision tasks. To be spe-
cific, the smallest unit is not an image but a task, which
contains 5 × (5 + 15) = 100 images in a 5-way 5-shot
setting as well as 15 query images per class. For this rea-
son, many open source codes for FSL only sample a whole
task per thread, which severely limits the efficiency of data
loading. Differently, LibFewShot deigns a CategoriesSam-
pler to sample a task by sampling one image per thread.
In this way, data loading will not be a bottleneck anymore,
even though under the condition of a large number of batch
(task) size, i.e., multi-task episodic training.

Data augmentation is a nontrivial technique to boost the
classification performance in FSL. Most of the existing FSL
methods adopt the same data augmentation for both support
set and query set in the training stage, but do not apply data
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Table 5. Supported functions of LibFewShot compared with other official FSL codes. Methods using for-loops multi-episodes are marked
with †, which can not use the characteristic of GPU paralleling and lead to slower computation.

Multi-episodes Multi-GPUs Different-ways & shots Different Data Augmentations

Method Official LibFewShot Official LibFewShot Official LibFewShot Official LibFewShot

Baseline X X
Baseline++ X X

RFS X X X X
SKD X X X X

MAML † † X X
Versa X X X X X
R2D2 X X X X X X
LEO X X X
MTL † X X
ANIL † X X

ProtoNet X X X X X
RelationNet X X X X
CovaMNet † X X X X X X

DN4 † X X X X X
CAN X X X X

augmentation in the test stage. However, recently, some
works [42, 31] have introduced data augmentation into the
test stage for the support set, which shows the effectiveness
of such an operation. Therefore, both kinds of data augmen-
tation strategies are supported in LibFewShot (i.e., collate
function).

Note that, collate function in LibFewShot can apply the
same or different transformations on the support set and
query set separately. In addition, LibFewShot also provides
some latest data augmentation methods, such as AutoAug-
ment [4], Cutout [7] and RandomAugment [5], which are
not officially provided by PyTorch but still useful, and al-
lows users to conveniently define their own data transfor-
mation list.

A.1.3. Trainer and Tester

Trainer is the core of LibFewShot, and Tester is an
enhanced test version of Trainer. In the training phase,
Trainer prepares the training environment by using the con-
figuration information. According to the configuration in-
formation, Trainer initializes the network parameters, cre-
ates the optimizer and assigns the GPU and so on. After
that, it calls the training, evaluation, and test functions in a
loop until the training is completed. The training informa-
tion, e.g. the configuration information, training log, and
checkpoints, is also dumped into the disk. In the test phase,
Tester does the similar things, but only calls the test func-
tion to calculate the final evaluation criteria.

A.1.4. Configs

LibFewShot obtains the configuration information from
the YAML file, in which the network structure, episode size,
data root, and training epochs are determined. In order to

avoid missing some important parameters, we set a default
configuration file, and the framework will read this file first.
In addition, our framework can also support a user-defined
configuration file, which will replace the same parameters
in the default configuration file. If some parameters are not
defined in the users’ configuration file, the framework will
use the default profile settings for training.

A.1.5. How to run the LibFewShot?

The whole program can be stated by the run trainer and
run tester scripts. When users have implemented their own
methods and the corresponding configuration files, or just
use our re-implemented methods and configuration files,
they only need to modify the configuration file’s path in
the run trainer and then run it. The run trainer script will
parses the configuration file first and overwrites some op-
tions in the default configuration, and then passes the con-
figurations to Trainer to start the training stage. When the
training stage is finished, the users can modify the result
path in the run tester and overwrite some options to run a
test. Tester will automatically use the configuration file in
the checkpoints directory to set up a network. Note that,
the parameters in the test stage can also be overwrote by a
manually defined parameter list.

A.1.6. Other Supported Functions

Based on the above designs, LibFewShot has been able
to support multiple advanced functions, including multi-
episodes, multi-GPUs, different-ways & shots and differ-
ent data augmentations for all re-implemented FSL meth-
ods. Multi-episodes and multi-GPUs mean that LibFew-
Shot supports multi-task episodic training and multi-GPUs
training for each method, respectively. Different-ways &

13



Table 6. The splits used in each dataset. Call/Ntrain is the total number of classes and images. Ctrain/Ntrain, Cval/Nval and Ctest/Ntest indicate
the number of classes and images in training (auxiliary), validation and test sets, respectively.

DataSets miniImageNet tieredImageNet Stanford Dogs Stanford Cars CUB Birds-200-2011

Call 100 608 120 196 200
Ctrain 64 351 70 130 130
Cval 16 97 20 17 20
Ctest 20 160 30 49 50

Nall 60000 779165 20580 16185 11788
Ntrain 38400 448695 12165 10766 7648
Nval 9600 124261 3312 1394 1182
Ntest 12000 206209 5103 4025 2958

Table 7. Average train/interface time for each task and memory for each GPU, respectively, when using DN4 in LibFewShot.

GPUs 1 2 4 8

Train 16.07ms 12.17ms 8.48ms 6.84ms
Inference 12.04ms 6.57ms 4.27ms 3.04ms
Memorymean 15263MB 15425MB 15430MB 15691MB
Memorymin 15263MB 15207MB 15425MB 15407MB
Memorymax 15263MB 15633MB 15957MB 17355MB

shots indicates that LibFewShot supports different numbers
of ways and shots in the training and evaluation phases. Dif-
ferent data augmentations means that LibFewShot can sup-
port using more flexible data augmentation for the support
set and query set. An overview of the comparison between
LibFewShot and other FSL methods is shown in Table 5.

A.2. Multi-GPUs
LibFewShot adopts the DataParallel provided in PyTorch

to provide the multi-GPUs processing ability. Moreover,
LibFewShot not only supports the backbones to train in
parallel, but also enables the classifiers to be processed in
parallel. Notably, all the re-implemented FSL methods in
LibFewShot can be parallelized.

In order to measure the efficiency of multi-GPUs train-
ing in LibFewShot, we randomly sample images from
miniImageNet and use these images to construct 160, 000 5-
Way 1-Shot tasks. Specifically, DN4 is selected to process
these tasks, and we calculate the training/interface time and
memory distributions. For fairness, we use different episode
sizes when using different numbers of GPUs to make sure
16 tasks in 1 GPU. The time and memory consumed by dif-
ferent GPUs during training are shown in Table 7.

As seen, when the number of GPUs increases, the aver-
age memory occupied by each task will also increases. This
is because the communication between GPUs will also in-
creases the time cost during the multi-GPUs training. How-
ever, correspondingly, because more GPUs can be used to
train more tasks at the same time, the training speed will be
significantly improved. When 8 GPUs are used, and each
GPU has 16 few-shot tasks, the training speed can reach
more than 2 times faster than only using 1 GPU.

A.3. Datasets
In the main paper, we evaluate the FSL methods

on five benchmark datasets, including miniImageNet,
tieredImageNet, Stanford Dogs, Stanford Cars and
CUB-200-2011. Specifically, miniImageNet [44] contains
100 classes selected from ImageNet [6], each class has 600
images. tieredImageNet [33] is another subset of ImageNet.
It contains 779165 images belonging to 608 categories.
We also evaluate the FSL methods on three fine-grained
image datasets for cross-domain transferability. Stanford
Dogs [20] is also a subset of ImageNet which contains 120
categories with a total number of 20, 580 images. Stanford
Cars [22] contains 196 classes of cars and have a total num-
ber of 16, 185 images. CUB-200-2011 [45] contains 200
bird species with a total number of 11, 788 images. For fair
comparison, we use the data splits of [32, 33, 45] as shown
in Table 6.
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