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Abstract

Few-shot learning (FSL) has received a lot of attention
due to its remarkable ability to adapt to novel classes. Al-
though many techniques have been proposed for FSL, they
mostly focus on improving FSL backbones. Some works
also focus on learning on top of the features generated
by these backbones to adapt them to novel classes. We
present an unsupErvised discriminAnt Subspace lEarning
(EASE) that improves transductive few-shot learning per-
formance by learning a linear projection onto a subspace
built from features of the support set and the unlabeled
query set in the test time. Specifically, based on the support
set and the unlabeled query set, we generate the similar-
ity matrix and the dissimilarity matrix based on the struc-
ture prior for the proposed EASE method, which is effi-
ciently solved with SVD. We also introduce conStraIned
wAsserstein MEan Shift clustEring (SIAMESE) which ex-
tends Sinkhorn K-means by incorporating labeled support
samples. SIAMESE works on the features obtained from
EASE to estimate class centers and query predictions. On
the mini-ImageNet, tiered-ImageNet, CIFAR-FS, CUB and
OpenMIC benchmarks, both steps significantly boost the
performance in transductive FSL and semi-supervised FSL.

1. Introduction

Supervised end-to-end learning has been extremely suc-
cessful in computer vision, speech, and machine translation
tasks due to larger datasets and the rapid development of
deep convolutional architectures. However, with the cur-
rent learning paradigm, limited data is an obstacle in train-
ing a sufficiently good model for inference. In many tasks,
annotation is likely to be scarce or costly to obtain, as the
annotation process may require expert knowledge (e.g., as-
sociation of medical images with diseases).

*The corresponding author. Code: https://github.com/
allenhaozhu/EASE

In contrast to the requirement of big data in deep learn-
ing, humans learn new objects from a few examples. In-
spired by the ability of biological vision, researchers pro-
posed few-shot learning (FSL) [5]. FSL algorithms can
be broadly classified into three categories: metric learning,
meta-learning, and transfer learning. The goal of metric-
based learning approaches is to learn a mapping from im-
ages to an embedding space in which images of the same
class are closer to each other, whereas images of differ-
ent classes are separated apart. We expect this property
to apply to classes that have not been seen before. Meta-
learning is tasked with resolving an individual task-specific
optimization that can be easily adapted to new tasks without
overfitting. Transfer learning includes pre-training a feature
extractor in the first stage and then learning to reuse this
knowledge to obtain a classifier on new samples.

Several recent studies [4,9,10,15,26,31] explored trans-
ductive inference for few-shot tasks. At the test time, trans-
ductive few-shot methods perform the class label inference
jointly for all the unlabeled query samples of the task, rather
than one sample at a time, as in the case of inductive infer-
ence [17, 25, 38, 40, 52–55]. Therefore, transductive few-
shot methods typically perform better than their inductive
counterparts. The core idea of transductive FSL meth-
ods is to connect the query set and the support set with a
pseudo-label or via a similarity measure e.g., the Gaussian
kernel. However, such methods ignore the potential struc-
ture among the data points in the support set and the query
set. In this paper, we argue that features in the inference
step can be approximately drawn from a union of multiple
subspaces, and thus the sample affinity matrix follows the
block-diagonal prior. Based on this prior, we generate the
similarity matrix for all samples in each task based on sub-
space clustering with a low-rank representation, instead of
measuring the Euclidean distance between samples in the
support or query set. By constructing a dissimilarity matrix
with a simple assumption, we learn a linear projection for
maximizing the similarity and minimizing the dissimilarity
via a closed-form solution. Furthermore, we improve the fi-
nal performance by refining each class mean with unlabeled
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data. In experiments, our model outperforms state-of-the-
art methods by significant margins, consistently providing
improvements across different settings, datasets, and train-
ing models. Furthermore, our transductive inference is very
fast, with runtimes that are close to the runtimes of inductive
inference, and can be used for the large-scale task.

Our contributions are as follows:

i. We propose an assumption that the features in the infer-
ence step can be approximately drawn from a union of
multiple subspaces, and thus its similarity matrix fol-
lows the block-diagonal prior.

ii. We propose an unsupErvised discriminAnt Subspace
lEarning (EASE), which is able to learn a discriminant
subspace by maximizing the inter-class distance and
minimizing the intra-class distance, akin to positive and
negative sampling in graph node embedding.

iii. As a minor contribution, we propose conStraIned
wAsserstein MEan Shift clustEring (SIAMESE) which
extends Sinkhorn K-means by incorporating labels of
the support set. SIAMESE works on the features from
EASE to estimate class centers and query predictions.

2. Related Work

Few-shot classification. Most few-shot methods are based
on the meta-learning paradigm [32, 40, 43], and they rely
on episodic learning to perform training and testing. The
goal is to learn a model that can efficiently adapt to new
tasks with novel categories given a few labeled samples.
Approaches [2,44] demonstrate that meta-training is not re-
quired for learning good features for few-shot learning. In-
stead, they train a typical classification network with two
parts: the feature extractor and the classification head. Sub-
sequently, they learn a base network by standard training
using the base class data, and use it with a nearest neigh-
bor classifier for samples of novel classes. In this paper,
our attention is not on how to learn a better backbone from
the base class samples but on how to design the inference
stage and improve its performance in transductive and semi-
supervised settings given an existing backbone.
Metric-based FSL. Commonly trained using episodes [26,
40], metric learning approaches are characterized by a sim-
ilarity classifier learnt over a feature space. They focus on
learning high-quality and transferable features with a neu-
ral network backbone common across tasks. For instance,
the matching network [43] uses an end-to-end trainable k-
nearest neighbors algorithm on the learnt embedding of the
few labeled examples (support set) to predict the classes of
the unlabeled samples (query set), whereas the prototypi-
cal network [40] further builds a pre-class prototype repre-
sentation. More recently, Sung et al. presented the relation
network [41] which learns a nonlinear distance metric via

a simple neural network instead of using a fixed linear dis-
tance metric e.g., Cosine or Euclidean. These methods use
mini-batches of episodes to train an end-to-end network, as-
suming that the training features will be representative of
novel test classes. Our motivation is different from such
methods in that we employ metric learning on the feature
space in the test stage (novel classes) to find a discriminant
subspace for classification. Moreover, our approach is unsu-
pervised. This makes it work well even in the 1-shot setting.

Graph-based FSL. One can consider this family as a spe-
cial case of metric learning because most of the graph-based
FSL methods form a graph via an RBF-based adjacency ma-
trix used in the propagation of labels or features. Satorras
et al. [37] propagate labels by building an affinity matrix
between the support set and the unlabeled data. wDAE-
GNN [7] generates classification weights with a graph neu-
ral network (GNN) and applies a denoising AutoEncoder
(DAE) to regularize the representation. Embedding Prop-
agation [34] not only propagates labels but also considers
propagating the embedding to decrease the intra-class dis-
tance. Set-to-set functions have also been used for the adap-
tation of embedding [49], where GCN is also used to form
an instance of set-to-set functions. However, different from
GNN-based methods, we do not use a graph or any affin-
ity matrix to propagate labels or features. Our approach is
to estimate the similarity matrix (graph) for given samples
based on the block-diagonal prior. Specifically, we employ
a self-representation with the low-rank constraint for that.
We learn a linear projection based on the graph embedding
framework with the similarity (and dissimilarity) matrices,
and then project features to a subspace to improve FSL per-
formance in the transductive setting.

Transductive Few-shot Learning and Semi-Supervised
Few-Shot Learning. The most common setting in FSL is
the inductive setting. In such a scenario, only samples in
the support set can be used to fine-tune the model or learn
a function for the inference of query labels. In contrast,
in the transductive scenario, the model has access to all the
query data (unlabeled) that needs to be classified. In [4], the
query samples are used in fine-tuning in conjunction with
the entropy minimization in order to maximize the certainty
of their predictions. Label propagation [26] and embed-
ding propagation are also used in representation learning,
as in meta-learning [34]. Lichtenstein et al. [23] note that
the model pre-trained on base classes cannot represent the
novel class very effectively. For this reason, they use PCA
or ICA to extract better quality features for the further clas-
sification task. Despite PCA and ICA are able to improve
the classification performance, they are not designed to act
in a discriminant manner via a discriminant criterion step.

In semi-supervised FSL [22, 26, 33, 39], the unlabeled
data is provided in addition to the support set and is as-
sumed to have a similar distribution to the target classes
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Figure 1. Illustration of our method for transductive few-shot learning. Image features are extracted with a pre-trained CNN. Then
these features are used to build similarity and dissimilarity (adjacency) matrices. Based on these matrices, we learn a linear projection
by minimizing our EASE objective to take into account the structure prior. SIAMESE works on the features obtained from the EASE
projection step to estimate class centers and the predictions of queries. SIAMESE uses labeled samples with labels and unlabeled samples.

(although some unrelated noise samples may be also in-
cluded). In the LST [22], self-labeling and soft-attention
mechanisms are used on the unlabeled samples intermit-
tently with fine-tuning on the labeled and self-labeled data.
Similarly to LST, Ren et al. [33] update the class proto-
types using K-means iterations initialized by the PN proto-
types. Their method also includes down-weighting the po-
tential distractor samples (likely not to belong to the target
classes) in the unlabeled data. Simon et al. [39] use unla-
beled examples through the soft-label propagation. Saito et
al. [36] study the problem of semi-supervised few-shot do-
main adaptation. In [15, 26, 37], graph neural networks are
used for sharing the information between labeled and unla-
beled samples in the semi-supervised FSL setting [26, 37].
In [26] a graph construction network is employed to pre-
dict the task-specific graph for propagating labels across
samples of semi-supervised FSL task. Liu et al. [25] ar-
gue that there exists a bias between the prototype repre-
sentations and the expected representations, and provide a
simple strategy to rectify the bias based on intra-class and
inter-class assumptions. In this paper, we propose an un-
supervised metric learning method for few-shot learning to
learn a discriminant subspace which can pull similar fea-
tures closer while pushing dissimilar features further away
from each other in test time. Our framework is compatible
with transductive and semi-supervised few-shot learning.

3. Methodology
In this section, we introduce our unsupErvised discrim-

inAnt Subspace lEarning (EASE) method and explain its
details. Firstly, we define our model with the classifier in
prototypical networks [40]. Secondly, we present how to
learn a discriminant subspace given similarity and dissim-
ilarity matrices, and we explain our assumptions about the
dissimilarity matrix. Thirdly, we demonstrate how to use
the so-called self-representation with the low-rank regular-

ization to construct the similarity matrix with the structure
prior. Given a task T and features from a feature extractor,
we apply subspace clustering via low-rank representation to
obtain a similarity matrix. Finally, we reformulate the esti-
mation of class centers and the query prediction as a con-
StraIned wAsserstein MEan Shift clustEring (SIAMESE),
which extends Sinkhorn K-means [11, 12] by using labeled
samples with labels and unlabeled samples, and works on
the features from EASE. Figure 1 illustrates our method.

3.1. Model Description

In few-shot classification, we are given a small sup-
port set of K classes with N labeled examples per class,
S = {(xi, yi)}Li=1 where each xi is a raw image and
yi ∈ {1, · · · ,K} is the corresponding label. Moreover,
Sk ⊂ S is the set of examples labeled with class k. Pro-
totypical networks [40] compute an M-dimensional repre-
sentation c̃k ∈ RO, or prototype, of each class through an
embedding function fθ with learnable parameters θ. Each
prototype is the mean vector of the embedded support points
belonging to its class:

c̃k =
1

|Sk|
∑

(xi,yi)∈Sk

fθ (xi) . (1)

Given a distance function d : RO × RO → R+, proto-
typical networks use Nearest Class Mean (NCM) classifier
to predict the label of a query point x over distances to the
prototypes in the embedding space:

k∗= argmin
k
d (fθ(x), c̃k) . (2)

However, at the test time, it is hard to update parameters θ
of the backbone reliably with few test samples. Thus, given
task T , one can define a linear projection W ∈ RO×O′

(O′ � O) and insert it into Eq. (2), leading to:

k∗= argmin
k
d (Wfθ(x),Wc̃k) . (3)
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where W is a learnable orthonormal matrix learnt dur-
ing the test time for the given task T . To learn W,
many metric learning approaches use relative or abso-
lute similarity constraints i.e., pairwise or triplet-based
approaches. The triplet of images can be defined
as (fθ(xi), fθ(xj), fθ(xj′)), where fθ(xi), fθ(xj) and
fθ(xj′) correspond to the feature vectors of an anchor xi,
positive xj , and negative image xj′ , respectively. More-
over, xi and xj share similar class labels, whereas xj′
should have a different class label than the class label of the
anchor. A pair of image features corresponding to an image
pair (xi,xj) is denoted as (fθ(xi), fθ(xj)). It refers to as a
positive pair if both images share the same label, or negative
pair otherwise. However, the triplet-based loss also suffers
from the low number of samples in the test stage. For the 5-
way 1-shot setting, it is hard to minimize the intra-class dis-
tance because only one sample per class is available. Maxi-
mizing the inter-class similarity alone cannot solve the issue
that the intra-class distances are often larger than the inter-
class ones. Thus, employing the regular metric learning for
few-shot learning seems limited because one has not enough
positive pairs at the test stage in an episode.

In the following section, we present a novel unsuper-
vised discriminant subspace learning for transductive few-
shot learning, which does not require any label information.
As we have available only few samples with labels in the
support set for each task, we employ the query set which has
many samples (to use without labels). Given an insufficient
number of labeled samples per episode, we instead trans-
form the metric learning problem into a graph embedding
problem and then use similarity and dissimilarity measures
as surrogates for the label information.

3.2. Unsupervised Discriminant Subspace Learning

Below, we present our unsupErvised discriminAnt Sub-
space lEarning (EASE). One can learn a linear projec-
tion function for Eq. (3) by maximizing the similarity be-
tween similar features and minimizing the dissimilarity be-
tween dissimilar features. Given the mapping fθ, the la-
beled support set S = {(xi, yi)}Li=1 and the query set
Q = {xL+i}Ui=1, we combine xi in the support set and the
query set into X = [x1, ...,xL+U ]

> and define EASE as:

W∗ = argmin
W>W=I

Wfθ(X)>(Lsim−Ldis)fθ(X)W>, (4)

where Lsim = I − Ãsim and Ldis = I − Ãdis. Let
D−1/2AD−1/2 = Ã and D= diag(d1, · · · , dL+N ), where
di =

∑
j Aij . We explain how we obtain Asim and Adis

latter in the text. As Lsim−Ldis=Ãdis−Ãsim, we obtain:

W∗ = argmin
W>W=I

Wfθ(X)>(Ãdis − Ãsim)fθ(X)W>,

(5)

where Asim and Adis are two different measurements with
the opposite effect. Thus, we introduce parameter α > 0 to
balance the impact of these both terms, and we obtain:

W∗ = argmin
W>W=I

Wfθ(X)>(αÃdis − Ãsim)fθ(X)W>.

(6)
The optimal W∗ can be found by selecting top-k (not
bottom-k) eigenvectors of fθ(X)>(Ãsim − αÃdis)fθ(X)
(the so-called generalised eigenvalue problem).
Dissimilarity Matrix. Although one might design a linear
projection based on the similarity relationship alone, we use
both the dissimilarity information and the similarity matrix
for learning a linear projection. Intuitively, given a K-way
N-shot task with B queries for each class, we are targeting
an (N + B) × K-way 1-shot problem where off-diagonal
entries can be assumed to represent differing entities (on-
diagonals represent the same entity). Thus, we form a dis-
similarity matrix as the adjacency matrix of a densely con-
nected graph:

Adis =
1

(N +B)K
ee> − I, (7)

where e is an ((N +B)K)-dimensional all-ones vector
and I is the identity matrix. We will discuss the relation
between the dissimilarity matrix and PCA later in the text.
Similarity Matrix. To measure the similarity between the
pairs of samples, one has to choose a distance (or similarity
measure) that will perform well in the FSL setting.

The typical choice for the measure of similarity is the
RBF function Zij = exp(−‖fθ(xi) − fθ(xj)‖22/σ), σ > 0
but the RBF function alone does not capture the structure
of data. In this paper, we claim that for the K-way few-
shot learning task, the expected similarity matrix should be
a K-block diagonal matrix, as shown in Figure 1. However,
the similarity matrix based on the RBF kernel has no block-
diagonal structure.

Low-Rank Representation (LRR) [24] expresses each
data point xi as a linear combination of other points,
xi =

∑
j 6=i Zijxj , and uses the representational coefficient

(|Zij | + |Zji|)/2 to measure the similarity between xi and
xj . LRR takes the correlation structure of data into account,
and finds a low-rank representation instead of a sparse rep-
resentation. In this paper, the LRR is applied in the follow-
ing rank minimization problem:

argmin
Z

‖fθ(X)− fθ(X)Z‖2F s.t. rank(Z) = K. (8)

Eq. (8) is solved in two stages: 1) Z = V>V, where V is
obtained from the skinny SVD of fθ(X) = UΣV>, and 2)
for each row of V, one only keeps top-K absolute largest
entries of Σ. Given the feature matrix fθ(X), we obtain the
representation matrix Z by solving Eq. (8). The similarity
matrix is defined as Wsim = |Z| − diag(|Z|).
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Relation to PCA. By PCA, one seeks projection directions
with maximal variances akin to our problem below:

w∗ = argmax
w>w=1

wfθ(X)>
(

I− 1

(N +B)K
ee>

)
fθ(X)w>.

(9)
We note that fθ(X)>Adisfθ(X) is the negative covariance
matrix for the given fθ(X). As each row or column of Adis

are e or e>, we have D−1/2AdisD
−1/2 = 1

(N+B)KAdis.

Theoretical Interpretation. Eq. (6) can be regarded as
working with two different loss functions, one preserv-
ing the similarity and the other preserving the maximal
variance. This is akin to positive and negative sampling
strategies in graph node embedding [28,47,56,57], the lat-
ter strategy resembles the so-called negative dense graph
e.g., formed by uniform node sampling on link nodes.

3.3. conStraIned wAsserstein MEan Shift clustEr-
ing (SIAMESE)

In the case of inductive FSL, the prediction is performed
independently on each sample, and thus the mean vector
is only dependent on the support set of N labeled exam-
ples, as shown in Eq. (1), and is fixed when for the given
embedded features. However, in the case of transductive
FSL, the prediction is performed inclusive of all queries
Q = {xL+i}Ui=1 together. Considering the support set alone
to estimate the class mean does not take full advantage of
the queries [58]. We embed all examples from S and Q
into H = fθ(X)W> where H = [h1, ...,hL+U ]

> ∈
R(L+U)×O′

. One may employ the query set by minimizing:

min
P,C̃

∑
i,k

Pi,k‖hi − c̃k‖22, s.t. P·1=1 and Pi,k ≥ 0, (10)

by alternating between P ∈ R(L+U)×K and C̃ ∈ RK×O′
,

where C̃ = [c̃1, ..., c̃K ]> is estimated by weighted-
averaging the support and query sets with their allocated
portions for class k, while Pik is the weight of the i-th sam-
ple w.r.t. the k-th center c̃k (think the conditional probability
p(yi = k|hi)). We notice that one could use the mean shift
algorithm [23] to estimate Pik and then update centers C̃.

However, Eq. (10) ignores another constraint 1>P = 1
which balances the class distribution among K classes [20].
Thus, we reformulate Eq. (10) with the constraint as min-
imizing the optimal transport distance between H and C̃
under fixed C̃. Given a cost matrix M ∈ R(L+U)×K and
Mik = ‖hi − c̃k‖22, the cost of mapping r = 1L+U to
c = (N + B)1K using a transport matrix (or joint proba-
bility) P can be quantified as:

dM (r, c)= min
P∈U(r,c)

〈P ,M〉, s.t. P1:L = Y1:L where

U(r, c) =
{
P ∈ R(L+U)×K

+ | P1 = r,P>1 = c
}
.

(11)

Algorithm 1: Constrained Wasserstein Mean Shift
Clustering (SIAMESE).

Parameters: H,Y , L,B,N, λ, α, nstep, ε
Initialization: c̃k = 1

|Sk|
∑

(hi,yi)∈Sk
hi,

r = 1, c = (N +B)1
while k < nstep do

Mij = ‖hi − c̃j‖22 ,∀i, j;
P = exp(−λM);
P = P/

∑
i,j Pij ;

u = 0L+U ;
while max(|u−

∑
j Pij |) > ε do

u =
∑
j Pij ;

P = diag(r/u)P ;
P = P diag(c/

∑
i Pij);

P1:L = Y1:L;
end
Ω = P>H/(N +B);
C̃← C̃ + α(Ω− C̃) ;
k ← k + 1

end
return yi = argmaxj Pi,j

The optimum of this problem yields distance dM (r, c).
Then we can update C̃ with P>H/(N + B). By alterna-
tively optimizing C̃ and P , we arrive at P which gives us
the prediction ‘likelihood’ for queries. Based on Sinkhorn
algorithm [3], we provide our implementation in Alg. 1.
Note that Y ∈ R(L+U)×K contains one-hot encoded labels
used to preset P , that is P1:L = Y1:L.

SIAMESE vs. Sinkhorn K-means [12]. Sinkhorn K-
means [12] is used for the prototype estimation and the
so-called partial assignment to prototypes [11]. Note that
Sinkhorn K-means is unsupervised e.g., it does not utilize
the label information from the support set.
Our minor contribution, SIAMESE, extends Sinkhorn K-
means [12] to a semi-supervised setting with label propa-
gation. The line P1:L =Y1:L in Alg. 1 imposes the best
possible distribution on labeled support samples. Across
all datasets, EASE+SIAMESE was consistently better
than EASE+Sinkhorn K-means by 0.3–0.4%.

4. Experiments
We evaluate our approach on four few-shot classification

benchmarks, mini-ImageNet [43], tiered-ImageNet [33],
CUB [46], CIFAR-FS [2, 18] and OpenMIC [16, 17], used
in transductive and semi-supervised FSL works [15, 26, 31,
33, 39]. On these benchmarks, we use the standard eval-
uation protocols. The results of the transductive and semi-
supervised FSL evaluation together with comparison to pre-
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Table 1. Test accuracy vs. the state of the art (1-shot and 5-shot classification).

mini-ImageNet tiered-ImageNet

Methods Setting Network 1-shot 5-shot 1-shot 5-shot

MAML [6] Inductive ResNet-18 49.61 ± 0.92 65.72 ± 0.77 –
RelationNet [41] Inductive ResNet-18 52.48 ± 0.86 69.83 ± 0.68 –

MatchingNet [43] Inductive ResNet-18 52.91 ± 0.88 68.88 ± 0.69 –
ProtoNet [40] Inductive ResNet-18 54.16 ± 0.82 73.68 ± 0.65 –

DeepEMD [50] Inductive ResNet-12 65.91 ± 0.82 82.41 ± 0.56
TPN [26] transductive ResNet-12 55.51 ± 0.86 69.86 ± 0.65 59.91 ± 0.94 73.30 ± 0.75

TEAM [31] transductive ResNet-18 60.07 75.9 –
Transductive tuning [4] Transductive ResNet-12 62.35 ± 0.66 74.53 ± 0.54 –

MetaoptNet [21] Transductive ResNet-12 62.64 ± 0.61 78.63 ± 0.46 65.99 ± 0.72 81.56 ± 0.53
DSN-MR [39] Transductive ResNet-12 64.60 ± 0.72 79.51 ± 0.50 67.39 ± 0.82 82.85 ± 0.56

CAN-T [9] Transductive ResNet-12 67.19 ± 0.55 80.64 ± 0.35 73.21 ± 0.58 84.93 ± 0.38

EASE+Soft K-means (ours) Transductive ResNet-12 57.00 ± 0.26 75.07 ± 0.21 69.74 ± 0.31 85.17 ± 0.21
QR+SIAMESE (ours) Transductive ResNet-12 68.66 ± 0.37 79.36 ± 0.22 75.87 ± 0.29 87.80 ± 0.21

EASE+SIAMESE (ours) Transductive ResNet-12 70.47 ± 0.30 80.73 ± 0.16 84.54 ± 0.27 89.63 ± 0.15

ProtoNet [40] Inductive WRN-28-10 62.60 ± 0.20 79.97 ± 0.14 –
MatchingNet [43] Inductive WRN-28-10 64.03 ± 0.20 76.32 ± 0.16 –

SimpleShot [44] Inductive WRN-28-10 65.87 ± 0.20 82.09 ± 0.14 70.90 ± 0.22 85.76 ± 0.15
S2M2-R [27] Inductive WRN-28-10 64.93 ± 0.18 83.18 ± 0.11 - -

Transductive tuning [4] Transductive WRN-28-10 65.73 ± 0.68 78.40 ± 0.52 73.34 ± 0.71 85.50 ± 0.50
SIB [10] Transductive WRN-28-10 70.00 ± 0.60 79.20 ± 0.40 –

BD-CSPN [25] Transductive WRN-28-10 70.31 ± 0.93 81.89 ± 0.60 78.74 ± 0.95 86.92 ± 0.63
TIM [1] Transductive WRN-28-10 77.8 87.4 82.1 89.8

EPNet [34] Transductive WRN-28-10 70.74 ± 0.85 84.34 ± 0.53 78.50 ± 0.91 88.36 ± 0.57
LaplacianShot [58] Transductive WRN-28-10 74.86 ± 0.19 84.13 ± 0.14 80.18 ± 0.21 87.56 ± 0.15

iLCT [20] Transductive WRN-28-10 83.05 ± 0.79 88.82 ± 0.42 88.50 ± 0.75 92.46 ± 0.42
Oblique Manifold [30] Transductive WRN-28-10 80.64 ± 0.34 89.39 ± 0.39 85.22 ± 0.34 91.35 ± 0.40

EASE+Soft K-means (ours) Transductive WRN-28-10 67.42 ± 0.27 84.45 ± 0.18 75.87 ± 0.29 85.17 ± 0.21
QR+SIAMESE (ours) Transductive WRN-28-10 79.90 ± 0.34 86.88 ± 0.19 84.31 ± 0.30 90.55 ± 0.19

EASE+SIAMESE (ours) Transductive WRN-28-10 83.00 ± 0.21 88.92 ± 0.13 88.96 ± 0.23 92.63 ± 0.13

vious methods are summarized in Tables 1, 2, 3, 4, 5 and 6
respectively, and discussed in the following sections. The
performance numbers are given as accuracy %, and the 0.95
confidence intervals are reported. The tests are performed
on 10,000 random 5-way episodes, with 1 or 5 shots (num-
ber of support examples per class), and with 15 queries
per episode (2 for OpenMIC). We use publicly available
pre-trained backbone convolutional neural networks that are
trained on the base class training set. We experiment with
the residual network ResNet-12 [29], Wide Residual Net-
work WRN-28-10 [35] and DenseNet [23]. More details
about experiments are in the supplementary material.

4.1. FSL benchmarks used in our experiments

Transductive FSL Setting. In this setting, support and
query sets provide labeled and unlabeled data. In Ta-
ble 1, we report the performance of our proposed EASE,
SIAMESE and EASE+SIAMESE, and compare them to
a set of baselines and state-of-the-art (SOTA) transduc-
tive FSL methods from the literature: TPN [26], Trans-

ductive FineTuning [4], MetaOptNet [21], DSN-MR [39],
EPNet [34], CAN-T [9], SIB [48], BP-CSPN [26], Lapla-
cianShot [58], RAP-LaplacianShot [8], ICI [45], TIM [1],
iLPC [20], PT-MAP [11] and ConstellationNet [48]. We
also compare to SOTA regular FSL result of S2M2-R [27]
in order to highlight the effect of using the unlabeled queries
for prediction. Tables 1, 2 and 3 (mini-ImageNet and tiered-
ImageNet) show that EASE (best variant) outperforms all
the previous (transductive/inductive) SOTA. Our variants
include EASE+Soft K-means and QR+SIAMESE. Soft K-
means is standard in transductive (and semi-supervised)
FSL [39, 40], and QR is a matrix decomposition [42].

Some recent models such as MCT [19] use data/model
perturbation/augmentations and achieve results even better
than ours. However, we use the TAFSSL protocol (and thus
their features) for the common testbed with other methods.
On mini-Imagenet (1- and 5-shot protocols), MCT with-
out perturbations (ResNet-12, transductive) yields 71.95%
and 81.06% vs. our 71.5% and 81.37% (for nstep = 50,
ε=0.0001 in Alg. 1). On tired-Imagenet, MCT (with aug-
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Table 2. Test accuracy vs. the state of the art based on transductive
inference (1-shot and 5-shot classification on CUB).

Method Backbone 1-shot 5-shot
LaplacianShot [58] ResNet18 80.96 88.68

LR+ICI [45] ResNet12 86.53±0.79 92.11±0.35
iLPC [20] ResNet12 89.00±0.70 92.74±0.35

EASE+Soft K-means (ours) ResNet-12 76.72±0.27 90.04±0.16
QR+SIAMESE (ours) ResNet-12 85.60±0.27 91.11±0.16

EASE+SIAMESE (ours) ResNet12 90.11±0.21 93.13±0.11

BD-CSPN [25] WRN-28-10 87.45 91.74
TIM-GD [1] WRN-28-10 88.35±0.19 92.14±0.10

PT+MAP [11] WRN-28-10 91.37±0.61 93.93±0.32
LR+ICI [45] WRN-28-10 90.18±0.65 93.35±0.30

iLPC [20] WRN-28-10 91.03±0.63 94.11±0.30

EASE+Soft K-means (ours) WRN-28-10 81.01±0.26 91.44±0.14
QR+SIAMESE (ours) WRN-28-10 89.96±0.26 93.09±0.14

EASE+SIAMESE (ours) WRN-28-10 91.68±0.19 94.12±0.09

Table 3. Test accuracy vs. the state of the art based on transductive
inference (1-shot and 5-shot classification on CIFAR-FS).

Method Backbone 1-shot 5-shot
LR+ICI [45] ResNet-12 75.36±0.97 84.57±0.57

iLPC [20] ResNet-12 77.14±0.95 85.23±0.55
DSN-MR [39] ResNet-12 75.60±0.90 86.20±0.60

ConstellationNet [48] ResNet-12 75.40±0.20 86.80±0.20

EASE+Soft K-means (ours) ResNet-12 63.98±0.21 81.05±0.16
QR+SIAMESE (ours) ResNet-12 75.46±0.26 84.50±0.16

EASE+SIAMESE (ours) ResNet-12 78.41±0.29 85.67±0.11

SIB [10] WRN-28-10 80.00±0.60 85.30±0.40
PT+MAP [11] WRN-28-10 86.91±0.72 90.50±0.49

LR+ICI [45] WRN-28-10 84.88±0.79 89.75±0.48
iLPC [20] WRN-28-10 86.51±0.75 90.60±0.48

EASE+Soft K-means (ours) WRN-28-10 75.61±0.20 87.64±0.15
QR+SIAMESE (ours) WRN-28-10 86.00±0.22 89.82±0.22

EASE+SIAMESE (ours) WRN-28-10 87.60±0.23 90.60±0.16

Table 4. Test accuracy vs. the state of-the art (1-shot classification,
transductive, OpenMIC). All baselines are inductive.

Model 5-way 1-shot
p1→p2 p2→p3 p3→p4 p4→p1 Avg

Matching Nets [43] 69.40 57.30 76.35 53.68 64.18
Relation Nets [41] 70.10 49.70 66.90 46.90 58.40

Prototypical Nets [40] 66.33 52.03 74.28 54.30 61.74
SoSN [51] 78.00 60.10 75.50 57.80 67.85
DSN [39] 75.87 62.13 78.25 62.11 69.59

EASE+SIAMESE (ours) 81.60 68.68 86.38 66.53 75.80

mentations/perturbations) yields 82.32% and 87.36%. We
get 84.51% and 89.64% (no aug. or perturbations).

Semi-supervised Learning. In this setting, one has an ac-
cess to an additional set of unlabeled samples (along with
each test task), which may contain both the target task cat-
egory and samples of some other category. Table 5 sum-
marizes the performance of our methods vs. SOTA semi-
supervised FSL methods. As shown in Table 5, our method
is superior to other competitors in all settings by a signifi-
cant margin (ResNet-12 backbone) e.g., the gain varies be-

Figure 2. Number of queries in
the transductive FSL setting on
mini-ImageNet.

Figure 3. Dimension reduction
in the transductive FSL setting
on mini-ImageNet.

tween 3% and 6% on mini-ImageNet 1-shot protocol. This
can be attributed to improved capturing of the data-manifold
structure given extra unlabeled samples. With the backbone
of WRN-28-10, our method also outperforms other meth-
ods in the one-shot setting e.g., between 1.3% and 3.5% on
mini-ImageNet 1-shot protocol. As PT+MAP [11] does not
list semi-supervised results, we used the PT+MAP imple-
mentation from iLPC [20] with the backbone of WRN-28-
10. In the experiments on tiered-ImageNet, the relatively
large number of categories resulted in randomly selected
very diverse unlabeled samples which have no positive ef-
fect on the support and query sets. Thus results are usually
worse than the performance in the transductive setting. We
also outperform PTN [14] in mini-ImageNet (84.89±0.74
vs 82.66±0.97 in one-shot setting) and tiered-ImageNet
(90.08±0.62 vs 84.70±1.14).

Our method is insensitive to the feature extractor. To this
end, we report the performance of EASE with DenseNet
in Table 6, which trains the backbone (from scratch) with
a regular multi-class classifier on all training classes rather
than in the meta-learning setting. Compared with the base-
line SimpleShot, our method gains 13% in the 1-shot set-
ting and more than 4% in the 5-shot setting. The pro-
posed method also outperforms other transductive meth-
ods based on DenseNet such as LaplacianShot [58], RAP-
LaplacianShot [8] and TAFSSL [23].

4.2. Ablations

Number of queries in transductive FSL. Since the unla-
beled data in transductive FSL is comprised entirely from
the query samples, the size of the query set in the meta-
testing episodes affects the performance. To test its effect,
we evaluate the proposed variants of EASE. All methods
were tested by varying the number of queries from 2 to 50.
Figure 2 (mini-ImageNet) shows that for 5 queries or more,
our method is effective in learning a discriminative sub-
space from unlabeled samples. As the number of queries
increases, the performance of the SVD-based transductive
inference soon stops improving. However, our method still
gains on the performance approximately linearly.
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Table 5. Comparison of test accuracy against state-of-the-art methods for 1-shot and 5-shot classification under the semi-supervised few-
shot learning setting. CUB 5-shot omitted: no class has the required 70 examples.

mini-ImageNet tiered-ImageNet CIFAR-FS CUB

Methods Network Setting 1-shot 5-shot 1-shot 5-shot 1-shot 5-shot 1-shot 5-shot

LR+ICI [45] ResNet-12 30/50 67.57±0.97 79.07±0.56 83.32±0.87 89.06±0.51 75.99±0.98 84.01±0.62 88.50±0.71 -
iLPC [20] ResNet-12 30/50 70.99±0.91 81.06±0.49 85.04±0.79 89.63±0.47 78.57±0.80 85.84±0.56 90.11±0.64 -

EASE+SIAMESE (ours) ResNet-12 30/50 73.90±0.29 81.68±0.48 85.86±0.79 89.64±0.45 80.51±0.88 85.96±0.54 90.61±0.61 -

LR+ICI [45] WRN-28-10 30/50 81.31±0.84 88.53±0.43 88.48±0.67 92.03±0.43 86.03±0.77 89.57±0.53 90.82±0.59 -
PT+MAP [11] WRN-28-10 30/50 83.14±0.72 88.95±0.38 89.16±0.61 92.30±0.39 87.05±0.69 89.98±0.49 91.52±0.53 -

iLPC [20] WRN-28-10 30/50 83.58±0.79 89.68±0.37 89.35±0.68 92.61±0.39 87.03±0.72 90.34±0.50 91.69±0.55 -
EASE+SIAMESE (ours) WRN-28-10 30/50 84.89±0.74 89.47±0.37 90.08±0.62 92.67±0.39 87.89±0.70 90.18±0.50 92.11±0.52 -

Table 6. Test accuracy vs. the state of the art (DenseNet, 1-shot and
5-shot classification). The asterisk ‘*’ indicates inductive setting.

mini-ImageNet tiered-ImageNet

Methods 1-shot 5-shot 1-shot 5-shot

SimpleShot* [44] 65.77 ± 0.19 82.23 ± 0.13 71.20 ± 0.22 86.33 ± 0.15
LaplacianShot [58] 75.57 ± 0.19 84.72 ± 0.13 80.30 ± 0.20 87.93 ± 0.15

RAP-LaplacianShot [8] 75.58 ± 0.20 85.63 ± 0.13 - -
TAFSSL(PCA) [23] 70.53 ± 0.25 80.71 ± 0.16 80.07 ± 0.25 86.42 ± 0.17
TAFSSL(ICA) [23] 72.10 ± 0.25 81.85 ± 0.16 80.82 ± 0.25 86.97 ± 0.17

EASE+Soft K-means 74.30 ± 0.26 82.08 ± 0.17 82.67 ± 0.25 87.60 ± 0.17
QR+SIAMESE 75.75 ± 0.32 85.10 ± 0.18 82.87 ± 0.33 89.11 ± 0.20

EASE+SIAMESE (ours) 79.42 ± 0.27 86.76 ± 0.14 86.17 ± 0.25 90.54 ± 0.15

Compared with SVD (TAFFSL (ICA) without the mean
subtraction), EASE shows consistent improvements as we
increase the number of queries. The comparison is based
on the setting of [23] and uses DenseNet [13]. Note we
only use the support set to estimate the class mean for the
NCM classifier to avoid interference from the queries.

EASE vs. other dimensionality reduction methods.
TAFSSL [23] shows that the dimensionality reduction is es-
sential in the transductive inference. Our method can be
considered as a dimensionality reduction method because
we learn a subspace that improves feature discrimination.
To evaluate EASE, we place it at where PCA and ICA of
TASSFL are wired. Table 6 shows that our method is supe-
rior to counterparts with PCA and ICA in all settings, out-
performing them by a significant margin (DenseNet back-
bone) e.g., 3.7% and 2.2% on mini-ImageNet 1-shot proto-
col. We also find that the larger output dimension of SVD
does not always improve the performance. Figure 3 shows
that results gradually improve until they peak at 20 (dimen-
sion) and then continue to decrease, whereas our method
helps improve the performance until the number of dimen-
sions equals the number of samples.
Subspace dimension of EASE. Our method is not very
sensitive to the dimension size. Figure 3 shows that its per-
formance improves rapidly between dimension size 5 and
20, and then improves slowly in a relatively stable range. In
order to balance the computational effort and performance,
40 dimensions are used throughout experiments.
Inference time. The computational complexity of EASE
depends only on the feature dimension and the number of

Table 7. Average inference time (in seconds) for the 1-shot and
5-shot tasks in mini-ImageNet dataset with different backbones.

BackBone ResNet12 WRN-28-10

Shot 1 5 1 5
EASE+SIAMESE 6.0e-3 7.4e-3 8.0e-3 8.7e-3

iLPC [20] 4.5e-2 5.6e-2 5.5e-2 7.0e-2
ICI [45] 3.4e-2 4.2e-2 4.1e-2 5.2e-2

samples. Table 7 provides the average inference time for
the 1-shot and 5-shot tasks in mini-ImageNet with the back-
bones of ResNet-12 and WRN-28-10. On average, our in-
ference takes only a few of milliseconds, which does not im-
pose any burden on the regular usage scenario. Our method
is about 10× faster (AMD 2700 CPU) than other two SOTA
methods.

5. Conclusions

Without meta-learning, we provide state-of-the-art re-
sults, outperforming significantly a large number of sophis-
ticated few-shot learning methods. The proposed methods
are plug-and-play modules for the inference step of few-
shot learning as our transductive inference fits into the code
of the standard prototypical network. Our solution is sim-
ple, efficient and also compatible with semi-supervised ap-
proaches. It consists of two components: unsupErvised
discriminAnt Subspace lEarning (EASE) and a minor con-
tribution, conStraIned wAsserstein MEan Shift clustEring
(SIAMESE). Both components can operate independently.
EASE learns a discriminant subspace to minimize the surro-
gate problem exploiting the data structure without any label
information. SIAMESE uses the labeled support set with la-
bels and unlabeled queries to estimate the class means more
effectively and improve the final prediction.
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