
Rethinking Generalization in Few-Shot Classification

Markus Hiller∗1 Rongkai Ma∗2 Mehrtash Harandi2 Tom Drummond1

1School of Computing and Information Systems, The University of Melbourne
2Department of Electrical and Computer Systems Engineering, Monash University

markus.hiller@student.unimelb.edu.au
{rongkai.ma, mehrtash.harandi}@monash.edu

tom.drummond@unimelb.edu.au

Abstract

Single image-level annotations only correctly describe an often small subset of an
image’s content, particularly when complex real-world scenes are depicted. While
this might be acceptable in many classification scenarios, it poses a significant
challenge for applications where the set of classes differs significantly between
training and test time. In this paper, we take a closer look at the implications
in the context of few-shot learning. Splitting the input samples into patches and
encoding these via the help of Vision Transformers allows us to establish semantic
correspondences between local regions across images and independent of their
respective class. The most informative patch embeddings for the task at hand are
then determined as a function of the support set via online optimization at inference
time, additionally providing visual interpretability of ‘what matters most’ in the
image. We build on recent advances in unsupervised training of networks via
masked image modelling to overcome the lack of fine-grained labels and learn the
more general statistical structure of the data while avoiding negative image-level
annotation influence, aka supervision collapse. Experimental results show the
competitiveness of our approach, achieving new state-of-the-art results on four
popular few-shot classification benchmarks for 5-shot and 1-shot scenarios.

1 Introduction

Images depicting real-world scenes are usually comprised of several different entities, e.g., a family
walking their dog in a park surrounded by trees, or a person patting their dog (Figure 1). Nevertheless,
popular computer vision datasets like ImageNet [39] assign a single image-level annotation to classify
their entire content. Hence, such a label only correctly applies to an often small subset of the actual
image. As a result, models trained on such data via gradient-based methods learn to ignore all
seemingly irrelevant information, particularly entities that occur across differently labelled images.
While this might be acceptable for conventional classification methods that encounter a diverse
number of training examples for all classes they are expected to distinguish, it poses a major but
often overlooked challenge for applications where the set of classes differs between training and test
time. One such affected area is few-shot learning (FSL) where approaches are expected to correctly
classify entirely new classes at test time that have never been encountered during training, just by
being provided with a few (e.g., one or five) samples for each of these new categories. During test
time, entities that have not been part of the set of training classes and have possibly been perceived as
irrelevant might very well be part of the set of test classes – yet, the method was taught to ignore these.
Similarly, a method might overemphasize the importance of certain image patterns learned during
training that are however of no relevance for the test classes, resulting in supervision collapse [9].
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Figure 1: Tackling classification ambiguity by interpreting images in context. (Left): Labels
assigned to real-world images with multiple entities only correctly describe a subset of the depicted
content, leading to ambiguous classification results. (Right): Leveraging intra- and inter-class
similarities and differences across the support set allows our method to determine the importance
of each individual patch at inference time, i.e., to find out ’what matters most’ in each image. This
information is then used to reweight support-query similarities and resolve ambiguity.

Few previous works [9, 19] partially tackle the above challenges. CTX [9] proposes to learn the spatial
and semantic alignment between CNN-extracted query and support features using a Transformer-style
attention mechanism. The authors further show that self-supervised learning tasks (i.e., SimCLR) can
be integrated into episodic training along with normal supervised tasks to learn more generalized
features, which benefits solving unseen tasks and mitigates supervision collapse. CAN [19] achieves
this in a similar manner by performing cross-attention between class prototypes and query feature
maps, highlighting the region of a feature map important for classification during inference. While
both methods propose important contributions towards tackling supervision collapse, there exist
important drawbacks. Firstly, both methods build their ideas around aligning prototypes based on
each query. Such prototypes are merely class-aware and ignore all inter-class information present
in the support set – a part that has however been shown to be crucial for few-shot learning [35, 49].
Furthermore, learning query-aligned class representations requires performing the same operation for
each query, rendering such approaches rather inefficient at inference time.

Summarizing our and previous works’ observations, we aim to address what we see as the two main
criteria: 1) building an understanding about an image’s structure and content that generalizes towards
new classes, and 2) providing the ability to interpret the provided samples in context, i.e., finding the
intra-class similarities and inter-class differences while jointly considering all available information.

Our work.2 To alleviate the negative influence of image-level annotations and to avoid supervision
collapse, we decompose the images into patches representing local regions, each having a higher
likelihood of being dominated by only one entity. To overcome the lack of such fine-grained
annotations we employ self-supervised training with Masked Image Modelling as pretext task [60]
and use a Vision Transformer architecture [10] as encoder due to its patch-based nature. We build
our classification around the concept of learning task-specific similarity between local regions as a
function of the support set at inference time. To this extent, we first create a prior similarity map by
establishing semantic patch correspondences between all support set samples irrespective of their
class, i.e., also between entities that might not be relevant or potentially even harmful for correct
classification (Figure 1, step (1)). Consider the depicted support set with only two classes: ‘person’
and ‘cat’. The lower-right image is part of our support set for ‘cat’ – and the dog just happens to be
in the image. Now in the query sample that shall be classified, the image depicts a person patting
their dog. We will thus correctly detect a correspondence of the two dogs across those two images, as
well as between the person patches and the other samples of the person support set class. While the
correspondences between the person regions are helpful, there is no ‘dog’ class in the actual support
set (i.e., ‘dog’ is out-of-task information), rendering this correspondence harmful for classification
since it would indicate that the query is connected to the image with the ‘cat’ label. This is where our
token importance weighting comes into play. We infer an importance weight for each token based on
its contribution towards correct classification of the other support set samples, actively strengthening
intra-class similarities and inter-class differences by jointly considering all available information – in
other words, we learn which tokens ‘help’ or ‘harm’ our classification objective (Figure 1, step (2)).
These importance-reweighted support set embeddings are then used as basis for our similarity-based
query sample classification (step (3)). Our main contributions include the following:

2Our code is publicly available at https://github.com/mrkshllr/FewTURE
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Figure 2: Illustration of the proposed method FewTURE. Support and query set images are
split into patches and encoded by our Transformer backbone. Classi�cation of query set images is
performed by using the reweighted similarity of the encoded patches w.r.t. the support set tokens.

1. We demonstrate that Transformer-only architectures in conjunction with self-supervised
pretraining can be successfully used in few-shot settings without the need of convolutional
backbones or any additional data.

2. We show that meta �ne-tuning of Vision Transformers combined with our inner loop token
importance reweighting can successfully use the supervision signal of provided support set
labels while avoiding supervision collapse.

3. We provide insights into how establishing general similarities across images independent of
classes followed by our optimization-based selection at inference time can boost general-
ization while allowing visual interpretability at the same time, and show the ef�cacy of our
method by achieving new state-of-the-art results on four popular public benchmarks.

2 Few-shot classi�cation via reweighted embedding similarity

We start this section by brie�y introducing the problem setting we are tackling in this work: inductive
few-shot classi�cation. We then provide an overview of our proposed methodFewTURE– Few-
shot classi�cation withTransformersUsing ReweightedEmbedding similarity (Figure 2) before
elaborating on the main elements in more detail.

Problem de�nition . InductiveN -way K -shot few-shot classi�cation aims to generalize knowledge
learned during training onDtrain to unseen test dataDtest , with classesCtrain \C test = ; , using only
a few labelled samples. We follow the meta-learning protocol of previous works [49] to formulate the
few-shot classi�cation problem with episodic training and testing. An episodeE is composed of a
support setXs = f (x nk

s ; y nk
s )jn = 1 ; : : : ; N ; k = 1 ; : : : ; K ; y nk

s 2 Ctrain g, wherex nk
s denotes the

k-th sample of classn with labely nk
s , and a query setXq = f (x n

q ; y n
q )jn = 1 ; : : : ; N g, wherex n

q

denotes a query sample3 of classn with labely n
q .

2.1 Overview of FewTURE

As depicted in Figure 2, we encode the image patchesPs of the support set samples along with the
query sample patchespq via f � and obtain corresponding sets of tokensZ s andzq, respectively4. It
is to be noted that while we choose to illustrate our method via the use of one single query sample,
the classi�cation of all query samples is computed at the same time in one single pass in practice. We
retrieve our `prior' correspondence mapS expressing the token-wise similarity between the encoded
semantic content of the local regions in the query sample and all patches of all support samples,
allowing us to consider all available information jointly without incurring information loss due to
averaging or similar operations. This`prior' similarity map represents correspondences between
regions of samples irrespective of their individual class, i.e. also between entities that might not be

3Without loss of generality, we present our method for the case of one query sample per class to improve
ease of understanding. The exact number of query samples per class is generally unknown in practice.

4Note that some tensor shapes in the illustrations might differ from the equations for ease of visualization.
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