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Abstract. Few-shot image classifiers are designed to recognize and clas-
sify new data with minimal supervision and limited data but often show
reliance on spurious correlations between classes and spurious attributes,
known as spurious bias. Spurious correlations commonly hold in cer-
tain samples and few-shot classifiers can suffer from spurious bias in-
duced from them. There is an absence of an automatic benchmarking
system to assess the robustness of few-shot classifiers against spurious
bias. In this paper, we propose a systematic and rigorous benchmark
framework, termed FewSTAB, to fairly demonstrate and quantify var-
ied degrees of robustness of few-shot classifiers to spurious bias. Few-
STAB creates few-shot evaluation tasks with biased attributes so that
using them for predictions can demonstrate poor performance. To con-
struct these tasks, we propose attribute-based sample selection strategies
based on a pre-trained vision-language model, eliminating the need for
manual dataset curation. This allows FewSTAB to automatically bench-
mark spurious bias using any existing test data. FewSTAB offers eval-
uation results in a new dimension along with a new design guideline
for building robust classifiers. Moreover, it can benchmark spurious bias
in varied degrees and enable designs for varied degrees of robustness.
Its effectiveness is demonstrated through experiments on ten few-shot
learning methods across three datasets. We hope our framework can in-
spire new designs of robust few-shot classifiers. Our code is available at
https://github.com/gtzheng/FewSTAB.

Keywords: Few-shot classification - Spurious bias - Robustness - Bench-
mark system

1 Introduction

Few-shot classification [5,21}/46}/61,64] (FSC) has attracted great attention re-
cently due to its promise for recognizing novel classes efficiently with limited
data. Few-shot classifiers can transfer the knowledge learned from base classes
to recognize novel classes with a few labeled samples. However, they face poten-
tial risks when deployed in the real world, such as data distribution shifts [29}/62]
and adversarial examples [8,/14]. A subtle yet critical risk factor is the spurious
correlations [3,14,|11}|13}}43,/47,/59] between classes and spurious attributes —
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Fig. 1: Exploiting the spurious correlation between the class bird and the spurious
attribute tree branch to predict bird leads to an incorrect prediction on the test
image showing birds on a grass field. For clarity, we only show the case for one class.

attributes of inputs non-essential to the classes. In the traditional learning set-
ting [1[2,}43], deep learning models tend to rely on spurious correlations as their
prediction shortcuts or exhibit spurious bias, such as predicting classes using the
associated backgrounds or image textures , leading to significant perfor-
mance drops when the associated backgrounds or textures change to different
ones. In the low-data regime, spurious bias becomes more evident. For example,
in Fig. [1} the correlation between the class bird and the attribute tree branch
in the support (training) image may form a shortcut path from tree branch
to predicting the image as bird and hinder the learning of the desired one that
uses class-related attributes, such as head, tail, and wing. The shortcut will
fail to generalize in the query (test) image where no tree branch can be found.
In general, few-shot image classifiers are susceptible to spurious bias.

However, there lacks a dedicated benchmarking framework that evaluates the
robustness of few-shot classifiers to spurious bias. The standard benchmarking
procedure in FSC trains a few-shot classifier on base classes from a training set
with ample samples and evaluates the classifier on FSC test tasks constructed
from a test set with novel classes. The problem with this procedure is the lack of
explicit control over the spurious correlations in the constructed FSC tasks. Each
FSC test task contains randomly sampled support and query samples. Thus,
spurious correlations in the majority of the test set samples can be demonstrated
in these tasks, providing unfair advantages for few-shot classifiers with high
reliance on the spurious correlations.

In this paper, we propose a systematic and rigorous benchmark framework,
termed Few-Shot Tasks with Attribute Biases (FewSTAB), to fairly compare
the robustness of various few-shot classifiers to spurious bias. Our framework
explicitly controls spurious correlations in the support and query samples when
constructing an FSC test task to reveal the robustness pitfalls caused by spuri-
ous bias. To achieve this, we propose attribute-based sample selection strategies
that select support and query samples with biased attributes. These attributes
together with their associated classes formulate spurious correlations such that if
the support samples induce spurious bias in a few-shot classifier, i.e., the classifier
learns the spurious correlations in the support samples as its prediction short-
cuts, then the query samples can effectively degrade the classifier’s performance,
exposing its non-robustness to spurious bias.
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Our framework exploits the spurious attributes in test data for formulating
spurious correlations in FSC test tasks. Some existing datasets |15,27./43| provide
spurious attribute annotations. However, they only have a few classes and cannot
provide enough classes for training and testing. Many benchmark datasets for
FSC do not have annotations on spurious attributes, and obtaining these annota-
tions typically involves labor-intensive human-guided labeling [33|/66]. To address
this, we further propose to use a pre-trained vision-language model (VLM) to
automatically identify distinct attributes in images in the high-level text format.
Our attribute-based sampling methods can use the identified attributes to simu-
late various spurious correlations. Thus, we can reuse any existing FSC datasets
for benchmarking few-shot classifiers’ robustness to spurious bias, eliminating
the need for the manual curation of new datasets.

The main contributions of our work are summarized as follows:

— We propose a systematic and rigorous benchmark framework, termed Few-
Shot Tasks with Attribute Biases (FewSTAB), that specifically targets spu-
rious bias in few-shot classifiers, demonstrates their varied degrees of robust-
ness to spurious bias, and benchmarks spurious bias in varied degrees.

— We propose novel attribute-based sample selection strategies using a pre-
trained VLM for constructing few-shot evaluation tasks, allowing us to reuse
any existing few-shot benchmark datasets without manually curating new
ones for the evaluation.

— FewSTAB provides a new dimension of evaluation on the robustness to spu-
rious bias along with a new design guideline for building robust few-shot
classifiers. We demonstrate the effectiveness of FewSTAB by applying it to
models trained on three benchmark datasets with ten FSC methods.

2 Related Work

Few-shot classification. Few-shot classification [6/46,50,511/53}/55] has received
vast attention recently. Few-shot classifiers can be trained with meta-learning or
transfer learning on base classes to learn the knowledge that can be transferred
to recognize novel classes with a few labeled samples. The transfer learning ap-
proaches [6,50] first learn a good embedding model and then fine-tune the model
on samples from novel classes. The meta-learning approaches can be further
divided into optimization-based and metric-based methods. The optimization-
based methods [91/10,22126/54] aim to learn a good initialized model such that the
model can adapt to novel classes efficiently with a few gradient update steps on
a few labeled samples. The metric-based methods [521}35L421491/53]/61}/65] aim
to learn a generalizable representation space with a well-defined metric, such
as Euclidean distance [46], to learn novel classes with a few labeled samples.
Recently, large vision-language models [20L38,/68| are used for few-shot classifi-
cation. However, they have completely different training and inference pipelines
from the models that we consider in this paper.

Robustness in few-shot classification. There are several notions of robust-
ness for few-shot classifiers. The common one requires a few-shot classifier to
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perform well on the in-distribution samples of novel classes in randomly sam-
pled FSC test tasks. The robustness to adversarial perturbations further requires
a few-shot classifier to perform well on samples with imperceptible perturba-
tions [8L|14]. Moreover, the cross-domain generalization [37,/51,[52] aims to test
how robust a few-shot classifier is on samples from novel classes with domain
shifts, which are typically reflected by the changes in both image styles and
classes. In contrast, we focus on a new notion of robustness: the robustness to
spurious bias. There is a lack of rigorous evaluation methods on the topic. We
provide a new evaluation method that specifically targets spurious bias and can
systematically demonstrate few-shot classifiers’ varied degrees of vulnerability
to spurious bias, which has not been addressed in the existing literature.
Benchmarks for spurious bias. There are some existing datasets [15.2743|
that are designed to benchmark spurious bias in image classifiers. However, these
datasets are only applicable to the traditional learning setting [1,2,|43] since
the classes in them are not sufficient for the training and testing of few-shot
classifiers. Existing benchmarks in few-shot classification are not tailored for
benchmarking spurious bias in few-shot classifiers. A recent work [67] creates a
large-scale few-shot classification benchmark dataset with spurious-correlation
shifts. In contrast, we propose a benchmark framework that can reuse existing
few-shot classification datasets and provide a new dimension of evaluation.
Discovering spurious attributes. A spurious attribute is non-essential to a
class and only exists in some samples. Early works on discovering spurious at-
tributes [33}/66] require a predefined list of spurious attributes and expensive
human-guided labeling of visual attributes. Recent works [31],/44.|45/[57] greatly
reduce the need for manual annotations by using the neurons of robust models
to detect visual attributes. However, they still need humans to annotate the de-
tected visual attributes. We automate this process by using a pre-trained VLM to
obtain distinct attributes as words. Instead of discovering spurious correlations,
we simulate them via attribute-based sampling for benchmarking.

3 Preliminary

Few-shot classification tasks. A typical FSC task 7 has a support set S
for training and a query set Q for testing. In this task, there are C' classes
(c=1,...,C) with Ns (a small number) training samples and Ng test samples
per class in § and Q, respectively. The task is called a C-way Ng-shot task.
Few-shot classifiers. A few-shot classifier fy with parameters 8 aims to classify
the samples in Q after learning from S with a learning algorithm O in a few-
shot task 7. Here, O could be any learning algorithms, such as the optimization
method [9] or a prototype-based classifier learning method [7,|46]. To acquire a
good few-shot learning capability, fy is typically meta-trained or pre-trained [25|
on a base training set Dtrain = {(xnvyn”yn € Ctrain;n = 1; .. ~3Nt7‘ain} with
Nirain sample(x)-label(y) pairs, where Cirq4r, is & set of base classes.
Performance metrics. The performance of a few-shot classifier is typically
measured by its average classification accuracy over Ny C-way Ng-shot tasks
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Table 1: Meanings of major symbols used in the paper.

Symbol Meaning

T An FSC task

S Support (training) set in 7~

Q Query (test) set in T~

c A classin T

C Number of classes per task

Ns Number of samples (shots) per class in S
Ng Number of samples per class in Q

@] A few-shot adaptation algorithm

P An attribute detector

(0 An automatic word selector

Dirain The base training set

Dyal The validation set for selecting a few-shot classifier

Diest  The test set for evaluating a few-shot classifier
Cirain  Classes in Dirain
Ciest  Classes in Dyest

D, A set of all samples belonging to class ¢
a A text-format attribute
A A set of text-format attributes

randomly sampled from Diest = {(n,Yn)|Yn € Ctest,n = 1,..., Niest} where
Nyest sample-label pairs from novel classes Cyes; do not appear in Dyvqin, i.€.,
Cirain NCiest = 0. We denote this metric as standard accuracy Acc(fy), i.€.,

Nr C
Ace(fy) = NLT SN MA(Ti £6,0), (1)

t=1 c=1

where M.(Tz; fo, O) denotes the classification accuracy of fy on the query sam-
ples from the class ¢ in T; after fy is trained on S with O. The metric Acc(fp)
in Eq. only shows the average learning capability of fy over C' randomly
selected novel classes. To better characterize the robustness of fy to spurious
bias, we define the class-wise worst classification accuracy over tasks as

1 X7

wAcc(fg) = Ny - c:r{{%{l,c M(T; fo, O). (2)

A larger wAcc(fp) indicates that fy is more robust to spurious bias.

Spurious correlations. A spurious correlation is the association between a
class and an attribute of inputs that is non-essential to the class, and it only
holds in some samples. We formally define it as follows.

Definition 1. Let D, denote a set of sample-label pairs having the label c, and
let ) : X — B4 be an attribute detector, where X is the set of all possible inputs,
B4 denotes all possible subsets of A, and A is the set of all possible attributes.
The class ¢ and an attribute a € A form a spurious correlation, denoted as (c,a),
if and only if the following conditions hold:

1. There exists (x,c) € D, that satisfies a € ¥(x), and
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Fig. 2: FewSTAB overview. (a) Extract distinct attributes using a pre-trained VLM.
(b) Generate an FSC task for the evaluation of spurious bias in few-shot classifiers.

2. There exists (¢',c) € D, that satisfies a ¢ Y(x').
We define a as the spurious attribute in (c,a).

Definition [1| specifies that all the spurious correlations are based on D.. In
the remainder of the paper, we define D, = {(z, ¢)|V(x, c) € Dyest} With ¢ € Cyesy
as we focus on evaluating the robustness to spurious bias.

We list major symbols in the paper alongside their meanings in Tab.

4 Methodology

4.1 Attribute-Based Sample Selection

We first propose two attribute-based sample selection methods to reveal spurious
bias in a few-shot classifier. Consider a training set S in a few-shot test task T,
which has C' classes with each class ¢ € Ci.s: associating with a unique spurious
attribute a € A. We aim to discover samples that can exhibit a classifier’s
spurious bias on (¢, a) induced from S. Motivated by existing findings [43,/59}/60]
that classifiers with high reliance on (¢, a) tend to perform poorly on samples
without it, we propose an attribute-based sample selection strategy below.
Intra-class attribute-based sample selection. Given D, and the training set
S having the spurious correlation (c, a), we generate a set Z. ) of sample-label
pairs which have class ¢ but do not contain attribute a, i.e.,

Lieay = {(; ) V(2,¢) € De,a ¢ ()} (3)

The above proposed method demonstrates a few-shot classifier’s robustness
to individual spurious correlation {c,a) and does not consider a multi-class clas-
sification setting where spurious attributes from some other class ¢ exist in
samples of the class c. In this case, these attributes may mislead the classifier to



Benchmarking Spurious Bias in Few-Shot Image Classifiers 7

predict those samples as the class ¢ and severely degrade the performance on
the class ¢. For example, consider using the spurious correlations (vase, blue)
and (bowl, green) for predicting vase and bowl, respectively. An image showing
a vase in green is more effective in revealing the robustness to (vase, blue) as it
is more likely to be misclassified as bowl than other images. Motivated by this,
we propose the inter-class attribute-based sample selection below.

Inter-class attribute-based sample selection. Given D, and the training
set S having the spurious correlations (¢, a) and (¢’,a’), where ¢ # ¢ and o’ # a,
we generate a set Iég;gll) of sample-label pairs which have class ¢, do not contain

attribute a, but contain attribute a’ from another class ¢’:

I8 = Tiewy N {(@, 0V(@, 0) € De, aly € Y(x)}, (4)
where a’<c,> denotes a’ in (¢, a’), and T 4y is defined in Eq. .

Considering that there are C classes in the training set & with each class
associating with a unique spurious attribute a, to effectively demonstrate the
reliance on the spurious correlation (c,a) with the inter-class attribute-based
sample selection, we consider all the spurious correlations in §. Specifically, we
apply the above selection strategy to all the C' — 1 spurious correlations in S
other than (c,a) and obtain I(id) as the union of the C' — 1 sets as follows:

c (c’,a")
I(c,a) - U I(C,a> ) (5)

(¢/;a")€C\c

where C\, denotes all the spurious correlations in S other than (c, a).

The inter-class attribute-based sample selection is built upon the intra-class
attribute-based sample selection. In the remainder of the paper, we use the inter-
class method as our default sample selection strategy, which is more effective
empirically (Sec. . In certain cases, however, where there are not enough
desired samples during task construction, we resort to the intra-class sample
selection strategy (Sec. Implementation details).

In the following, we introduce FewSTAB, a benchmark framework that uses
the proposed selection strategies to construct FSC tasks containing samples with
biased attributes for benchmarking spurious bias in few-shot classifiers.

4.2 FewSTAB (Part 1): Text-Based Attribute Detection

Our attribute-based sample selection methods require knowing the attributes
in images, which typically involves labor-intensive human labeling. To make
our method scalable and applicable to few-shot classifiers trained on different
datasets, we adopt a pre-trained VLM to automatically identify distinct at-
tributes in images in text format, which includes the following two steps.

Step 1: Generating text descriptions. We use a pre-trained VLM [23]32]
¢ to automatically generate text descriptions for images in D;.s;. The VLM is
a model in the general domain and can produce text descriptions for various
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objects and patterns. For example, for the current input image in the vase class
in Fig. a), besides the class object vase, the VLM also detects the vase’s color
green, and another object table with its material wooden.

Step 2: Extracting informative words. From the generated text descrip-
tions, we extract nouns and adjectives as the detected attributes via an auto-
matic procedure (2. The two kinds of words are informative as a noun describes
an object, and an adjective describes a property of an object. All the detected
attributes form the candidate attribute set A. We realize the attribute detector
¥ defined in Definition || as ¥ (z) = 2(¢(x)).

Remark 1: A VLM in general can extract many distinct attributes from the
images. On some images, the VLM may detect non-relevant attributes, such
as detecting a duck from a bird image. A more capable VLM could warrant
a better attribute detection accuracy and benefit individual measurements on
few-shot classifiers. Although being a VLM-dependent benchmark framework,
FewSTAB can produce consistent and robust relative measurements among all
the compared FSC methods, regardless the choice of VLMs (Sec. [5.6).
Remark 2: The candidate set A constructed with all the extracted words
may contain attributes that represent the classes in Dy.s:. However, during our
attribute-based sample selection, these attributes will not be used since they al-
ways correlate with classes and therefore do not satisfy the definition of spurious
attributes in Definition [I} We provide details of ¢ and 2 in Sec.

4.3 FewSTAB (Part 2): FSC Task Construction

Constructing a C-way Ng-shot FSC task T for benchmarking spurious bias in
few-shot classifiers involves constructing a support (training) set S and a query
(test) Q with biased attributes.

Constructing the support set. The support set contains the spurious corre-
lations that we aim to demonstrate to a few-shot classifier. As a fair and rigorous
benchmark system, FewSTAB makes no assumptions on the few-shot classifiers
being tested and randomly samples C' classes from Cyes¢. For each sampled class,
it randomly selects a spurious correlation (c,a) in Diest with a € A . To ef-
fectively demonstrate the spurious correlation (¢, a) to a few-shot classifier, we
select samples of the class ¢ such that (1) they all have the spurious attribute a
and (2) do not have spurious attributes from the other C' — 1 spurious correla-
tions. We construct S, with Ng samples for the class ¢ that satisfy the above two
conditions. Thus, the spurious attribute a becomes predictive of the class ¢ in S..
We take the union of all C' such sets to get S = U ;S... Fig. b) demonstrates
the case when C' = 3. Note that we have no requirements for other non-selected
attributes in A to ensure that we have enough samples for S..

Constructing the query set. To evaluate the robustness to the spurious cor-
relations formulated in S, we first construct a candidate set I(%ﬂ) in Eq.
for each spurious correlation (c,a) in S. Since we have no requirements on the
non-selected attributes that are mot used to formulate spurious correlations in
S, a few-shot classifier may predict query samples via some of these attributes,
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e.g., the yellow blocks in Fig. [2b), bypassing the test on the formulated spurious
correlations in S. To address this, we propose query sample selection below.

Query sample selection: We select query samples from I(%ﬂ) that are least likely
to have non-selected spurious attributes, such as the ones enclosed with red boxes
in Fig. b). To achieve this, we first calculate the fraction of sample-label pairs
in I<Cc’a> that have the attribute a as

pa = [{zla € ¥(2),Y(z,¢) € IC ) }I/1Z(. o, (6)

where | - | denotes the size of a set, a € A, and A contains all non-selected
attributes. A larger p, indicates that the attribute a occurs more frequently in
data and is more likely to be used in formulating prediction shortcuts. We then
calculate the likelihood score for each (z,c) € I(C;m as $(T) = Y qcy(a),acd Pas
i.e., the summation of all p, of non-selected attributes in z. The likelihood score
will be zero if there are no non-selected attributes in z. A large s(z) indicates that
the image x can be predicted via many non-selected attributes. Therefore, we
select Ng samples from I<C;Q> that have the lowest likelihood scores to construct
Q.. Then, we have Q = UleQc, which contains samples for evaluating the
robustness of a few-shot classifier to the spurious correlations in S.
Complexity analysis. The text-based attribute detection only needs to use
VLMs once to extract attributes for each test set of a dataset. For the task
construction, in a nutshell, we analyze the attributes of samples from each
of the C classes and do the sampling. Thus, the computational complexity is
O(N7CN.N4), where N, is the maximum number of samples per class in test
data, N4 is the number of extracted attributes. We only need to run the process
once and use the generated tasks to benchmark various models.

5 Experiments

5.1 Experimental Setup

Datasets. We used two general datasets of different scales, minilmageNet [40|
and tieredImageNet |41], and one fine-grained dataset, CUB-200 [56]. Each
dataset consists of Diygin, Duyal, and Dyes: for training, validation, and test,
respectively (see Appendix). All images were resized to 84 x 84.

FSC methods. We trained FSC models with ten algorithms covering three ma-
jor categories. For gradient-based meta-learning algorithms, we chose ANIL [39],
LEO |42|, and BOIL |34]. For metric-based meta-learning algorithms, we chose
ProtoNet |46], DN4 [24], R2D2 [5], CAN [16], and RENet [19]. For transfer learn-
ing algorithms, we chose Baseline++ [6] and RFS [50]. See Appendix for more
details. Any backbones can be used as the feature extractor. For fair comparisons
between different methods, we used the ResNet-12 backbone adopted in [35].
Text-based attribute detection. We used a pre-trained VLM named ViT-
GPT2 [32] to generate text descriptions for images in D;gs:. After that, we used
Spacy (https://spacy.io/) to extract nouns and adjectives from these descrip-
tions automatically. We also used another pre-trained VLM, BLIP |23], to test
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Table 2: Statistics of detected attributes in Diest by two VLMs.

VLM Unique attributes Avg. attributes per class
minilmageNet tieredlmageNet CUB-200 minilmageNet tieredImageNet CUB-200
ViT-GPT2 1111 2532 159 190.40 230.94 25.78
BLIP 2032 6710 247 254.40 310.40 29.74
Support set Query set

Class Spurious attrribute no blue, preferably: man, water, gre:

vase blue

dog

man

lion water

X
no green, preferably: blue, man, water, wooden

ereen ah . S, sl \. % W

bowl

o™k

billboard L‘L wooden

Fig. 3: A 5-way 1-shot task constructed by our inter-class attribute-based sample se-
lection using samples from the minilmageNet dataset. Note that due to the limited
capacity of a VLM, the attributes may not well align with human understandings.

whether FewSTAB can produce consistent results. The statistics of the detected
attributes are shown in Table 2l

Implementation details. We trained FSC models with the implementation
in . Each model was trained on Diq;n of a dataset with one of the ten
FSC methods. For each meta-learning based method, we trained two models
using randomly sampled 5-way 1-shot and 5-way 5-shot tasks, respectively. All
the tasks have 15 samples per class in the query set. We saved the model that
achieves the best validation accuracy on D, for evaluation. For FewSTAB, if
we do not have enough desired samples to construct a support set, we redo
the construction from the beginning. If there are not enough desired samples to
construct a query set, we first try to use the intra-class attribute-based sample
selection; if the desired samples are still not enough, we redo the construction
from the beginning. We created 3000 tasks for model evaluation. All experiments
were conducted on the NVIDIA RTX 8000 GPUs.

5.2 Visualization of a Constructed Task

We show a 5-way 1-shot task constructed by FewSTAB in Fig.[3] Each class in
the support set correlates with a unique spurious attribute. The query samples
of a class do not have the spurious attribute correlated with the class and some
of them have spurious attributes associated with other classes in the support
set. For example, the query samples of the class 1lion do not have the spurious
attribute water, and some of them have spurious attributes from other classes in
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Table 3: Comparison between wAcc-R and wAcc-A with 95% confidence interval on
the minilmageNet, tieredImageNet, and CUB datasets. Numbers in the Shot column
indicate that the models are both trained (if applicable) and tested on 5-way 1- or
5-shot tasks. Darker colors indicate higher values.

minilmageNet tieredImageNet CUB-200
Shot| Method
- wAcc-A (1) wAce-R (1) wAcc-A (1) wAce-R (1) wAcc-A (1) wAce-R (1)
ANIL 10.38+0.30 14.36+£0.33 11.214+0.30 15.63£0.36 13.7840.40 16.944-0.43
LEO 14.26+0.46 21.35£0.54 16.00+0.55 29.63+0.71 28.2940.80 40.2240.87
BOIL 12.484+0.23 14.93+0.24 12.27+0.21 14.13£0.23 19.154+0.29 22.5040.29
ProtoNet 14.03+0.49 21.96+0.58 14.504+0.50 27.13+0.69 34.62+0.85 46.6140.89
1 DN4 12.37+0.46 19.284+0.56 11.99+0.47 23.62+0.65 35.224+0.86 47.264-0.88
R2D2 18.05+0.53 26.50+£0.60 16.414+0.54 30.41+0.71 36.70£0.90 48.8240.88
CAN 17.37+0.53 25.96+0.60 18.84+0.60 36.29+0.78 22.744+0.72 31.9540.78
RENet 19.10+0.57 28.85+0.65 18.831+0.61 35.70+0.78 32.43+0.81 43.9840.81
Baseline++| 15.30£0.48 23.184+0.56 17.51+0.54 31.62+0.71 9.17£0.47 14.59+0.58
RFS 18.00+0.53 27.12+0.61 18.354+0.60 35.24+0.77 32.454+0.80 44.4910.82
ANIL 14.83+0.40 25.37£0.52 13.72+0.39 30.60+£0.51 31.63+0.55 45.474+0.53
LEO 26.31£0.59 41.334+0.59 29.49+0.72 57.224+0.72 46.624+0.82 59.76+0.77
BOIL 13.094+0.22 15.21+0.23 14.90£0.22 18.55+0.24 19.17+0.28 21.3340.27
ProtoNet 32.07£0.58 51.9540.52 30.95+0.70 62.53+0.62 60.064+0.74 75.68+0.50
5 DN4 27.60£0.58 42.68+0.62 16.07+0.62 40.63+0.81 59.25+0.77 73.58+0.56
R2D2 35.37£0.59 50.8440.55 31.12+0.72 61.08+0.65 58.6640.82 75.20+0.54
CAN 36.44+0.65 54.23+£0.55 31.174+0.76 64.194+0.62 41.31+0.74 61.61+£0.58
RENet 36.19£0.63 56.5240.58 30.27+0.76 63.49+0.64 52.934+0.82 71.82+0.56
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Fig. 4: Accuracy gaps (wAcc-R minus wAcc-A) on the 5-way 1-shot and 5-way 5-shot
tasks from the (a) minilmageNet, (b) tieredImageNet, and (c¢) CUB-200 datasets.

the support set, such as man and green. FewSTAB introduces biased attributes
in the task so that query samples can be easily misclassified as other classes by
a few-shot classifier that relies on the spurious correlations in the support set.

5.3 Effectiveness of FewSTAB

FewSTAB can effectively reveal spurious bias in few-shot classifiers.
We show in Table [3| the wAcc (Eq. (2))) on 5-way 1/5-shot test tasks that are
randomly sampled (wAcc-R) and are constructed with FewSTAB (wAcc-A), re-
spectively. FewSTAB generates FSC test tasks only based on the class-attribute
correlations in data. In each test setting, the FSC methods in Table |3| are eval-
uated with the same FSC tasks. We observe that wAcc-A is consistently lower
than wAcc-R on the three datasets and on two test-shot numbers, showing that
FewSTAB is more effective than the standard evaluation procedure (random task
construction) in exhibiting the spurious bias in various few-shot classifiers. We
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additionally show that FewSTAB also works on the most recent FSC methods
and can reflect the improvement made to mitigate spurious bias (see Appendix).
FewSTAB reveals new robustness pat-

terns among FSC methods. In Table

we calculate the Spearman’s rank correlation

coefficients [30] between the values of wAcc-R ~ Table 4: Spearman’s rank correla-
and wAcc-A from TableBl The coefficients are  tions between wAcc-A and wAcc-R
bounded from 0 to 1, with larger values indi- ™ Table[3]

cating that the ranks of FSC methods based Dataset 1-shot 5-shot
on wAcc-R are more similar to those based on minilmageNet 0.96  0.95
wAcc-A. In the 1-shot setting, it is not effec- tieredlmageNet 0.96 ~ 0.90

tive to control the spurious correlations since CUB-200 100 094

we only have one sample per class in the sup-

port set. Hence, the coefficients are large, and

the ranks based on wAcc-A are similar to those based on wAcc-R. In the 5-shot
cases, we have more samples to demonstrate the spurious correlations. The co-
efficients become smaller, i.e., the ranks based on wAcc-A show different trends
from those based on wAcc-R. In this case, FewSTAB reveals new information on
FSC methods’ varied degrees of robustness to spurious bias.

FewSTAB can benchmark spurious bias in varied degrees. As shown
in Fig. [4 the accuracy gap, defined as wAcc-R minus wAcc-A, in general, be-
comes larger when we switch from 5-way 1-shot to 5-way 5-shot tasks. Compared
with the random task construction, FewSTAB creates more challenging tasks in
the 5-shot case for demonstrating spurious bias in few-shot classifiers. In other
words, with a higher shot value in the constructed test tasks, FewSTAB aims to
benchmark spurious bias in a higher degree.

5.4 A New Dimension of Evaluation and a New Design Guideline

FewSTAB creates a new dimension of evalu-
ation on the robustness to spurious bias. We
demonstrate this with a scatter plot (Fig.[5) of
Acc (Eq. (1)) and wAcc-A of the ten few-shot Baselines+  ® OONet
classifiers. FewSTAB offers new information oDN4
regarding different few-shot classifiers’ robust-
ness to spurious bias as we observe that Acc

does not well correlate with wAcc-A. A high oA o8OI
wAcc-A indicates that the classifier is robust e’
to spurious bias, while a high Acc indicates
that the classifier can correctly predict most
of the samples. With the scatter plot, we can
view tradeoffs between the two metrics on ex-
isting few-shot classifiers. A desirable few-shot
classifier should appear in the top-right corner
of the plot.

CAN, °
RZDZ. o RFS

w
[

o
RENet

w
=3

oLEO

wAcc-A (%)
~N
[

N
o

-
o

72 74 76 78 80
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Fig. 5: Acc versus wAcc-A of the

ten FSC methods tested on 5-way

5-shot tasks from minilmageNet.
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5.5 FewSTAB Enables Designs for Varied Degrees of Robustness

As demonstrated in Section Few-
STAB can benchmark spurious bias

in varied degrees, which in turn en- (g ¢

ables practitioners to design robust g o= rp? Fm db
few-shot classifiers targeted for differ- g W 1

ent degrees of robustness to spurious g =

bias. The reason for differentiating Rewee A B L& DNg R2py Frotgy Can
designs for varied degrees of robust- (®g

ness is that the same design choice § o — -l . F'ﬂ rﬁ
may not work under different robust- g s W W

ness 'requlrements. Fgr ex.arpple, in- 3w Foreg A, B0y Te0 v oy Py
creasing shot number in training tasks ©z

is a common strategy for improving = . Jﬁ Jﬂ
the few-shot generalization of meta- > 2 rjﬁ i | J:H
learning based methods. We trained i rm T

few-shot classifiers with 5-way 5-shot < Renee A B0y LE0 DNy 20, Prorop Can
and 5'Way 1-shot training tasks ran- Test tasks: FZ [-shot 20 5-shot l_ltIO-shol

domly sampled from Diq;n, respec-
tively. We then calculated the accu-
racy gap defined as the wAcc-A of a

Fig. 6: Accuracy gaps of few-shot classifiers
tested on 1-shot, 5-shot, and 10-shot tasks
constructed from (a) minilmageNet, (b)

model trained on 5-shot tasks mz:nus tieredImageNet, and (c) CUB-200 datasets.
the wAcc-A of the same model trained

on 1-shot tasks. A positive and large

accuracy gap indicates that this strat-

egy is effective in improving the model’s robustness to spurious bias. In Fig. [6]
on each of the three datasets, we give results of the eight meta-learning based
FSC methods on the 5-way 1-, 5-, and 10-shot FewSTAB tasks which are used
to demonstrate the strategy’s robustness to increased degrees of spurious bias.
This strategy does not work consistently under different test shots. For example,
in Fig. @(a) this strategy with CAN only works the best on the 5-way 5-shot
FewSTAB tasks.

5.6 Ablation Studies

Techniques used in FewSTAB. We analyze how different sample selection
methods affect the effectiveness of FewSTAB in Table [5f With only intra-class
attribute-based sample selection, we randomly select query samples from Eq.
(3). For inter-class attribute-based sample selection and intra-class attribute-
based sample selection (automatically included by Eq. ), we randomly select
query samples from Eq. . FewSTAB uses all the techniques in Table |5} We
define accuracy drop as wAcc-R minus wAcc-A, and we use the drop averaged
over the ten FSC methods tested on 5-way 5-shot tasks from the minilmageNet
dataset as our metric. A larger average drop indicates that the corresponding
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Table 5: Comparison between different Table 6: Spearman’s rank correla-
techniques used by FewSTAB for construct- tion coefficients between wAcc-A ob-
ing FSC tasks. tained using ViT-GPT2 and BLIP.
Attribute-based - Dat t 1-shot 5-shot
sample selection Query S{melc Avg. drop (%) arase SO o
T F T selection .
Intra-class Inter-class mlnllmagENet 0.98 1.00
S/ 513 tieredImageNet 1.00 0.99
Y y g CUB-200 1.00 0.98
v v v 15.05

sample selection method is more effective in reflecting the spurious bias in few-
shot classifiers. We observe that all proposed techniques are effective and the
inter-class attribute-based sample selection is the most effective method.
Choice of VLMs. Although our main results are based on the pre-trained
ViT-GPT2 model [32], we show in Table [6] that when switching to a different
VLM, i.e., BLIP |23], the relative ranks of different few-shot classifiers based on
wAcc-A still hold with high correlations. In other words, FewSTAB is robust to
different choices of VLMs.

Detection accuracy of VLMs. A VLM may miss some attributes due to its
limited capacity, resulting in a small detection accuracy. However, the detection
accuracy of a VLM has little impact on our framework. To demonstrate this, we
adopt a cross-validation strategy, i.e., we use the outputs from one VLM as the
ground truth to evaluate those from another VLM, since assessing the detection
accuracy of a VLM typically requires labor-intensive human labeling. On the
CUB-200 dataset, we observe that the detection accuracy of ViT-GPT2 based
on the BLIP’s outputs is 70.12%, while the detection accuracy of BLIP based on
the ViT-GPT2’s outputs is 59.28%. Although the two VLMs differ significantly
in the detected attributes, our framework shows almost consistent rankings of
the evaluated FSC methods (Table [6]).

Additional results are presented in Appendix.

6 Conclusion

In this paper, we proposed a systematic and rigorous benchmark framework
called FewSTAB for evaluating the robustness of few-shot classifiers to spurious
bias. FewSTAB adopts attribute-based sample selection strategies to construct
FSC test tasks with biased attributes so that the reliance on spurious correlations
can be effectively revealed. FewSTAB can automatically benchmark spurious
bias in few-shot classifiers on any existing test data thanks to its use of a pre-
trained VLM for automated attribute detection. With FewSTAB, we provided
a new dimension of evaluation on the robustness of few-shot image classifiers to
spurious bias and a new design guideline for building robust few-shot classifiers.
FewSTAB can reveal and enable designs for varied degrees of robustness to
spurious bias. We hope FewSTAB will inspire new developments on designing
robust few-shot classifiers.
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