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ABSTRACT

Few-shot learning (FSL) is a challenging task in machine
learning, demanding a model to render discriminative clas-
sification by using only a few labeled samples. In the litera-
ture of FSL, deep models are trained in a manner of metric
learning to provide metric in a feature space which is well
generalizable to classify samples of novel classes; in the
space, even a few amount of labeled training examples can
construct a decent classifier. In this paper, we propose a
novel FSL loss based on geometric mean to embed effective
metric into deep features. In contrast to the other losses such
as utilizing arithmetic mean in softmax-based formulation,
the proposed method leverages geometric mean to aggregate
pair-wise relationships among samples for enhancing dis-
criminative metric across class categories. The proposed loss
is not only formulated in a simple form but also is thoroughly
analyzed in theoretical ways to reveal its favorable character-
istics which are favorable for learning feature metric in FSL.
In the experiments on few-shot image classification tasks, the
method produces competitive performance in comparison to
the other losses.

Index Terms— few-shot learning, loss, geometric mean

1. INTRODUCTION

Few-shot learning (FSL) draws inspiration from the remark-
able human ability of robust reasoning and analysis, particu-
larly in scenarios where limited information is available. This
paradigm has gained significant traction in various applica-
tions, e.g., autonomous vehicles and medical analysis, where
resource constraints necessitate efficient learning from scarce
data. FSL [1] is formulated as a type of machine learning
problem where only a limited number of examples with su-
pervised information are available for the target task. Thus,
a key challenge in conquering FSL lies in how to efficiently
utilize limited data, which has driven research into various
approaches to tackle this challenging problem, mainly cate-
gorized into meta learning and metric learning.

For rapid adaptation to new tasks with limited data, meta-
learning approaches, such as MAML [2] and Reptile [3], aim
to learn-to-learn through a complex two-stage process; it is
composed of a meta-training phase for learning the model to

adapt quickly toward various tasks and a meta-testing phase
to deploy the adaptation ability to new tasks. While being
potentially flexible, these approaches often suffer from the
computation issues that the complex training processes re-
quire significant computational resources, involving careful
hyperparameter tuning.

On the other hand, metric learning is applied to construct a
feature space where semantically similar samples are closely
embedded; in the space equipped with such a favorable met-
ric, even novel samples could be discriminated on the basis
of a few number of labeled samples. The metric-learning
approaches [4, 5, 6] often produce robust performance across
various domains without requiring extensive fine-tuning. It is
also computationally efficient as the deep models are trained
in a rather straightforward way based on a loss function
that induces effective metric in deep feature representation.
Therefore, a loss plays a key role in the metric-based FSL. For
embedding better feature metric in deep models, the loss is
required to take into account whole training samples, though
the FSL losses [5, 6] have difficulty in fully paying attention
to whole sample distribution.

We propose a novel loss to learn effective feature met-
ric via a deep model for FSL. The proposed method is built
upon softmax-based attention weight [7, 6] to encode pair-
wise relationships among samples. We then leverage geomet-
ric mean to efficiently aggregating those pair-wise weights for
taking into account broader structure of sample distribution in
a deep feature space. It should be noted that the other FSL
losses pay much attention to rather limited structure/amount
of samples, impeding metric learning over whole samples.
While the proposed method is formulated in a simple loss
form, our thorough analysis clarifies various characteristics of
the loss in theoretical ways which exhibit superior suitability
for FSL metric learning in comparison to the other losses.

Our main contributions are summarized as follows.

* We propose a novel loss for learning effective metric in
FSL by means of geometric mean over softmax-based
attention weights which efficiently encodes structure of
whole samples to facilitate metric learning for FSL.

* We theoretically analyze the proposed loss from vari-
ous perspectives to reveal favorable characteristics for
learning metric of deep features in FSL, while clarify-
ing interesting connections to the other losses.



* The experimental results on few-shot image classifica-
tion tasks demonstrate the efficacy of the proposed loss
in comparison to the other FSL losses.

2. METHOD

We start with briefly reviewing two representative loss func-
tions for FSL, PN Loss [5] and NCA loss [6], and then for-
mulate our proposed loss.

Notations. Suppose we have a support set S = {(x;, y;)}7,
and a target query sample (x,,y,) for constructing a loss,
as shown in Fig. 1; an input image 7 is encoded into a D-
dimensional feature vector ¢ = fp(Z) € R via a deep
model fy equipped with trainable parameters 6, and it is also
annotated by a class label y € {1,- - -, C'}. Distance metric de-
noted by d(, z) measures a discrepancy between two vectors
of x and z; it can be specified such as by Euclidean distance
d(z, z) = | — z||3, as will be discussed in Sec. 2.4.

2.1. Metric-based losses for FSL

To embed effective metric into the feature representation x
for FSL, it is a key process to train the deep model fy on
the basis of a loss which works on the distance metric in the
feature space.

2.1.1. PN loss

PN loss used in a prototypical network [5] is designed so as to
push a query x, toward the cluster center of class y, (Fig. 1a),
which naturally leads to the loss formulation of
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In the PN loss (1), each class is represented by the center
vector and then a query sample x, is required to reduce the
distance against the class center p,, that it belongs to, in a
manner similar to Center loss [8]. The loss is formulated by
means of softmax comparing the distance to those of the other
classes ¢ # y, so that it induces compact feature representa-
tion within a class. However, as each class c is described by
only a single center (., the PN loss assumes a uni-modal dis-
tribution in a class, imposing rather hard constraint on feature
representation; it is difficult to cope with complicated in-class
distribution of multiple modes.

2.1.2. NCA loss

In contrast to the PN loss, the NCA loss [6] is built upon
sample-wise relationships more directly. It is derived from

@ Support Sample ;
@® Query Sample

& Class mean By,
of class Yy,

{ o ]
[ [ ]
{
6'\‘9
[ o ®
(a) PN loss  (b) NCA loss (c) Ours

Fig. 1. Mechanisms of three types of losses over samples.
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It aggregates pair-wise relationships (distances) d(x,, ;) ina
direct way without resorting to class centers. In addition, the
NCA loss effectively pay much attention to neighbor samples
due to Log-sum-exp of
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where j* = arg min; d(x4, «;) indicates a nearest-neighbor
sample in a support set. Thereby, the (nearest) neighbor sam-
ples could dominate the denominator and numerator in (2)
since the second term in (3) is significantly decayed for far-
away samples {k|d(xq, xx) > d(xzg, z;~)}. Thatis, in (2),
the numerator pays attention to in-class neighbors while the
denominator focuses on global neighbors on S. Thereby, this
sample-wise approach can effectively deal with a complicated
distribution of even multiple modes in contrast to the PN loss.

On the other way, the emphasis on neighbor samples
would make the far-away samples less contributive to the
loss, hindering the metric learning over whole samples;
specifically, as shown in Fig. 1b, the metric against those
far-away samples is hardly improved in the loss (2).

2.2. Proposed loss

Toward further effective feature metric, we formulate a
metric-based loss by means of geometric mean.
We first rewrite the NCA loss (2) into
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where the second term is just a constant and thus the first term
is an intrinsic form of the NCA loss, based on arithmetic mean
over within-class softmax-based attention weights of
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As discussed above, far-away samples {k|d(z,, x) >
d(x4, x;~)} gain less attention weights, thereby hardly con-
tributing to the arithmetic mean.

To remedy it, we leverage geometric mean to aggregating
the softmax-based attention weights by

(6)

While it is a simple modification from (4), the proposed
loss (6) endows an important characteristic with metric
learning that prohibits any attention weight as(x,, ;) =
exp(—d(xg,T;
Z}-‘:lpe(xp((—d(qu?f)cj))
trastive to NCA loss (Sec. 2.1.2) which could lead to sparse
attention weights dominated by neighbor samples. Thus, the
proposed loss is effective for learning favorable metric to take
into account whole in-class samples including far-away ones
(Fig. 1c). It is also noteworthy that the formulation (6) is
further rewritten into a simpler form of

from being close to 0; it is highly con-

1 n
= d ) +1 —d :
" Z (g, ;) + OgZeXp( (zq, xj)),

Y4 ilyi=yq j=1
(N

which is computed by using simple functions of sum and
log—sum—exp.
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2.3. Discussion

As described in Sec. 2.2, our method can effectively cope with
complicated sample distributions by means of sample-wise
softmax attention weights while rendering metric learning to
whole samples; these two points highlight the contrasts to PN
loss (Sec. 2.1.1) and NCA loss (Sec. 2.1.2), respectively.

In addition, we analyze the proposed loss from the follow-
ing three perspectives, which further clarifies connection not
only to PN and NCA losses but also to classification losses.

2.3.1. Relationship to NCA loss

The proposed loss (6) works as an upper bound of the NCA
loss (2) as
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which is easily proven by using Jensen’s inequality. Thus,
even in case that the NCA loss is saturated, our loss would be
still valid for further learning metrics in a similar way to [10].

To further clarify the mechanism of the proposed loss in
comparison to the NCA loss, we analyze them through the
lens of loss gradients. The gradients of those two losses with
respect to x, are given by
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where as(xq,yy) = iZilyi:yq as(xq, ;) is an aver-
aged attention weight in the target class y,. The key differ-
ence between the loss gradients (9, 10) is in the weights for
sample-wise gradients aimqas(a;q, x;). Our loss gradient (9)
employs adaptive weights based on the attention as (x4, ;);
for far-away samples exhibiting less attention, the gradient
at the sample is provided with the higher weight m,
which effectively promotes metric learning in a similar way
to mean shift [11]. On the other hand, in the NCA loss,
the sample-wise gradients (10) are equipped with a uniform
weight m, being less efficient especially at the far-away
samples which produce gradients of small magnitude. This
analysis regarding loss gradients clarifies the efficacy of the

proposed loss for learning.

2.3.2. Relationship to PN loss
As shown in (7), our method reduces sum of sample-wise dis-
tances —— > ilyi—y, d(®q, ;) which, by using Ly distance

d = || - ||3, is decomposed as
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While the first term indicates the distance to the class center
My, » Which is the primary target to be minimized in the PN
Loss (1), the second term is a within-class variance at the class
yq- Therefore, our method minimizes not only the distance
to a class center as in the PN loss but also the within-class
variance, in order to further enhance feature discriminativity;
the within-class variance that PN loss lacks is also helpful
for learning feature metric from discriminative perspective as
shown in discriminant analysis [12].

2.3.3. Relationship to classification loss

The proposed loss (6) is also described by

1 exp(—d(mq,mi))
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which can be viewed as a multi-label softmax loss in a clas-
sification framework where a query x, is categorized into
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5-shot

83.82+0.17
78.82£0.17

84.15+0.16

minilmageNet
Loss 5-shot

BCE [13] 61.61+0.20 76.35+£0.16
ASL [14] 58.01£0.20 70.4940.17

64.041+0.20 79.1240.15

1-shot

69.26+£0.22
66.61+£0.23

71.19+0.22

1-shot

Ours

Table 1. Performance comparison (accuracy %) from the
viewpoint of multi-label classification losses (Sec. 2.3.3).

n samples which are respectively represented by support
samples {x;}7 ;. The classification is based on n logits
of {—d(zy,x;)}}_, and multi-hot labels over n samples,

denoted by
1 n
ne{ % UERTRET S
i=1
13)

Therefore, the loss (12) is equivalent to cross-entropy be-
tween the multi-hot label (13) and the softmax posterior
probabilities over n samples, i.e., the attention weights (5).
From this perspective, our loss enforces the softmax prob-
abilities (5) to be close to the multi-hot ones (13), leading
to
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This analysis also reveals that our loss pushes x, toward
medoid of class y, on the distance metric d.

2.4. Distance metric

We can arbitrarily design basic distance metric d used in the
loss; in this literature, Euclidean distance d = || - |3 is com-
monly utilized to produce favorable performance [6, 5]. In
this work, it is formulated based on L, norm as

D
dy(z, 2) :Z|J;d—zd|p. (15)
d=1

As discussed in Sec. 2.3.3, different types of distance metric,
i.e., pin (15), pull a query x, to different medoids; for p = 2
(Euclidean distance), x, is moved toward a simple class mean
vector while p = 1 provides a medoid robust to outliers [12].
We empirically analyze the distance metric in Sec. 3.2.

3. RESULT

We empirically evaluate and analyze the proposed loss (6) on
few-shot image classification tasks; in the experiemnts, we
primarily focus on performance in terms of loss functions in
the FSL framework.
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Fig. 2. Performance analysis of various distance metric d,,.
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3.1. Experimental settings

Datasets. We employ three FSL benchmark datasets. The
minilmageNet [7], derived from the ImageNet, consists of
100 classes with 600 images per class. The CIFAR-FS [19],
a variant of CIFAR-100 [20], comprises 100 classes with 600
images per class. They are split in a way of [21]; 64 classes
for training, 16 classes for validation, and 20 classes for
test sets, which are disjoint sets in terms of class categories.
The tieredlmageNet [22], based on ImageNet, contains 608
classes which are split into 351 training, 97 validation and
160 test classes. Input images are resized into 84 x 84 pixels.
FSL framework. Following [6], we train a deep model
x = fo(Z) by the loss (Sec. 2) computed on mini-batch sam-
ples B = {(z,y:)}2 , randomly drawn from a training set.
Then, the mini-batch set B is divided into one query sample
(z4,yq) € B and a support subset S = B\ (x4, y,), and then
we compute the loss repeatedly in a leave-one-out manner as

(B)= E  Uzqyql B\ (®4,9))- (16)
(zq,y4)EB

Evaluation protocol. Then, we evaluate the FSL perfor-
mance of the trained model fy by following [23, 24]. For
simulating few-shot scenarios, we draw N-way K -shot sam-
ples, i.e., K labeled samples of N novel classes, from a test
set which contains non-overlapping classes with those of the
training set; for each few-shot scenario, we also draw 15
unlabeled query samples per class. By embedding those N K
labeled samples into a feature space via fy, a simple classifier
is constructed by means of a nearest-mean classification to
categorize the unlabeled query samples into one of IV classes.
We evaluate performance on N = 5-way K € {1,5}-shot
scenarios by reporting the averaged classification accuracy
with 95% confidence interval over 10,000 trials.
Model architecture. We apply a ResNetl2 [25] as a deep
model fy. We train the model from scratch on the train-
ing set which is additionally equipped with a linear projec-
tion head [6] to produce D = 192-dimensional feature vector
x for facilitating metric learning only in the training phase;
the projection head is detached at the test phase to produce
640-dimensional features used for novel classification (eval-
uation). For training the model, we apply to a mini-batch of
B =512 samples an SGD optimizer with Nesterov momen-
tum of 0.9, weight decay of 5e-4, and initial learning rate of
0.1 which is decayed by a factor of 10 at 84-th epoch over 120
training epochs including 10 warm-up epochs.



minilmageNet CIFAR-FS tieredlmageNet minilmageNet
Loss 1-shot 5-shot 1-shot 5-shot 1-shot 5-shot Loss 5-shot
PN[5](1) 62424020 79.13+0.15 67.144022 82.36+0.16 66.74+023 82.14+0.17 ~ GM U7 79.06+0.15
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Ours (6)  65.51+0.20 81.13+£0.14 71.09+0.22 85.08+0.16 69.61+0.23 84.04+0.16 Table 3. Performance com-

Table 2. Performance results of FSL losses. The best results are highlighted in bold.

parison of geometric-mean
based losses.

minilmageNet CIFAR-FS tieredImageNet
Method 1-shot 5-shot 1-shot 5-shot 1-shot 5-shot
DN4 [15] 61.23+0.36  75.66+0.29 - - - -
CAN [16] 63.85+0.48  79.4440.34 - - 69.89+0.51 84.234+0.37
Meta-Baseline [17] 63.17+£0.23 72.96+0.17 72.00+0.70 84.20+£0.50 68.62+0.27 83.74+0.18
RFSIC-simple [18] 62.024+0.63  79.644+0.44 71.504+0.80 86.00+0.50 69.744+0.72 84.411+0.55
Ours (6) 65.51+0.20 81.13+0.14 71.09+0.22 85.08+0.16 69.61+0.23 84.04+0.16

Table 4. Comparison to various FSL methods. For the comparison methods [15, 16, 17, 18], the reported scores in respective
papers are shown. Scores falling within the confidence interval of the best are indicated by underline.

3.2. Performance analysis

We analyze the method from various aspects.

Multi-label classification loss. As discussed in Sec. 2.3.3,
our loss is also viewed from the perspective of a multi-
label classification loss. Thus, we compare our loss (6)
with the other types of multi-label losses which are widely
applied in the classification literature, binary cross-entropy
loss (BCE) [13] and asymmetric loss (ASL) [14]; for fair
comparison, all the losses are computed on the logits of
{dp=2(xq, x;)} 7, with the multi-hot labels (13). Table 1 re-
ports performance comparison on minilmageNet and CIFAR-
FS datasets, demonstrating that the proposed loss outperforms
those multi-label classification losses. The multi-label losses
of BCE and ASL mainly focus on sample-wise relationship
d(x4, x;) in an individual manner while rather paying less
attention to the relationships among whole samples. In con-
traast, as discussed in Sec. 2.3.3, our loss effectively pushes
a query sample toward class medoid, which is favorable for
learning effective metric in the FSL framework.

Distance metric d,,. We formulate the distance metric d,, in
(15) based on L, norms and here empirically evaluate perfor-
mance of various p in Fig. 2. The results show that p = 1 pro-
duces favorable performance. The distance metric d,,—; pro-
vides an effective medoid representation in (14) robust against
some outlier samples which may be included in the training
set. The robustness contributes to enhancing metric learning.
We apply d,,— to the losses in the following experiments.

Comparison to FSL losses. In Sec. 2.3, we have analyzed
superiority to PN loss (1) and NCA loss (2) from theoretical
viewpoints. We also show quantitative performance compar-
ison to those FSL losses in Table 2; based on the above anal-
ysis, all the methods are equipped with the distance metric

dp—1 for fair comparison. In accordance with the discussion
in Sec. 2.3, our loss consistently outperforms PN and NCA
losses on various datasets and FSL scenarios. Specifically,
comparison to NCA loss clarifies the efficacy of our geomet-
ric mean in comparison to simple arithmetic mean for aggre-
gating softmax attention weights. It should be noted that the
proposed loss is as simple as those two methods without in-
creasing computation cost.

The effectiveness of the geometric mean over the softmax
attention is further highlighted through comparison to

1
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which applies geometric mean to aggregate sample-wise rela-
tionships d(x,, ;) within a class. It fails to exhibit the char-
acteristics discussed in Sec. 2.3, thus being inferior to ours as
shown in Table 3.

Comparison to others. We also show comparison to the
other FSL approaches in Table 4, though our main focus is
the loss function as shown in Tables 1-3. While our method
just works on a loss, it provides competitive performance even
in comparison to the other FSL approaches.

Loy = —log (17

4. CONCLUSION

We have proposed a FSL loss based on geometric mean of
softmax-based sample-wise attention weights. While the loss
is formulated in a simple form, our theoretical analysis re-
veals that it renders various favorable characteristics to metric
learning for FSL in comparison to the other FSL losses. The
experimental results on few-shot image classification tasks
empirically demonstrate the efficacy of the proposed loss.
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