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A

Problem definition and related work

We first introduce some notation and formalize the few-shot image classification problem. Let (x, y)
denote an image and its ground-truth label respectively. The training and test datasets are Ds =
Nq
Ns
{(xi , yi )}i=1
and Dq = {(xi , yi )}i=1
respectively, where yi ∈ Ct for some set of classes Ct . The
training and test datasets are disjoint. In the few-shot learning literature, training and test datasets
are commonly referred to as support and query datasets respectively, and are collectively called a
few-shot episode. The number of ways, or classes, is |Ct |. The set {xi | yi = k, (xi , yi ) ∈ Ds } of
samples is the support of class k and its cardinality is (non-zero) s support shots (more generally
referred to as shots). The set {xi | yi = k, (xi , yi ) ∈ Dq } of samples is the query of class k and its
cardinality is q query shots. The goal is to learn a function F to exploit the training set Ds to predict
the label of a test datum x, where (x, y) ∈ Dq , by
ŷ = F (x; Ds ).

(1)

Typical approaches for supervised learning replace Ds above with a statistic, θ∗ = θ∗ (Ds ) that is,
ideally, sufficient to classify the training data, as measured by, say, the cross-entropy loss
X
1
θ∗ (Ds ) = arg min
− log pθ (y|x),
(2)
Ns
θ
(x,y)∈Ds

where pθ (·|x) is the probability distribution on the set of classes Ct as predicted by the model in
response to an input x. When presented with a test datum, the classification rule is typically chosen
to be of the form
Fθ∗ (x; Ds ) , arg max pθ∗ (k|x),
(3)
k

where the training set Ds is represented by the parameters (weights) θ∗ . This form of the classifier
entails a loss of generality unless θ∗ is a minimal sufficient statistic, pθ∗ (y|x) = p(y|x), which is of
course never the case, especially given few labeled data in Ds . However, it conveniently separates
training and inference phases, so we never have to revisit the training set. This is desirable in ordinary
image classification where the training set consists of millions of samples, but not in few-shot learning.
We therefore adopt the more general form of F in (1).
If we call the test datum x = xNs +1 , then we can obtain the general form of the classifier by
ŷ = F (x; Ds ) = arg min min
yN

s +1

θ

N
s +1
X
1
− log pθ (yi |xi ).
Ns + 1 i=1

In addition to the training (support) set, one typically also has a meta-training set,
N

m
Dm = {(xi , yi )}i=1
,

∗

where yi ∈ Cm ,
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(4)

with classes Cm disjoint from Ct . The goal of meta-training is to use Dm to infer the parameters of
P
the few-shot learning model: θ̂(Ds ; Dm ) = arg minθ N1m (x,y)∈Dm `(y, Fθ (x; Ds )) where ` is a
meta-training loss that depends on the specific method.
A.1

Related work

A.1.1

Few-shot learning

The meta-training loss is designed to make few-shot training efficient [1, 2, 3, 4]. This approach
partitions the problem into a base-level that performs standard supervised learning and a meta-level
that accrues information from the base-level. Two main approaches have emerged to do so.
Gradient-based approaches: These approaches treat the updates of the base-level as a learnable
mapping [5]. This mapping can be learnt using temporal models [6, 7], or one can back-propagate
the gradient across the base-level updates [8, 9]. It is however challenging to perform this dual or
bi-level optimization, respectively. These approaches have not been shown to be competitive on large
datasets. A recent line of work learns the base-level in closed-form using simpler models such as
SVMs [10, 11] which restricts the capacity of the base-level although it alleviates the optimization
problem.
Metric-based approaches: A large majority of state-of-the-art algorithms are metric-based metalearners. These techniques learn an embedding over the meta-training tasks that can be used to
compare [12, 13] or cluster [14, 15] query samples. A number of recent results build upon this
idea with increasing levels of sophistication in how they learn the embedding [14, 16, 17], creating
exemplars from the support set and picking a metric for the embedding [18, 17, 19]. There are
numerous hyper-parameters and design choices involved in implementing these approaches which
makes it hard to evaluate them systematically [20].
A.1.2

Transductive learning

This approach is more efficient at using few labeled data than supervised learning [21, 22, 23]. The
idea is to use information from the test datum x to restrict the hypothesis space while searching for
the classifier F (x, Ds ) at test time. This search can be bootstrapped using a model trained on Dm and
Ds . Our approach is closest to this line of work. We use the backbone trained on the meta-training
set Dm and initialize a classifier using the support set Ds . Both the classifier and the backbone are
then fine-tuned to adapt to the new test datum x.
In the few-shot learning context, there are recent papers such as [24, 25] that are motivated from transductive learning and exploit the unlabeled query samples. The former updates batch-normalization
parameters using the query samples while the latter uses label propagation to estimate labels of all
the query samples at once.
A.1.3

Semi-supervised learning

We penalize the entropy of the predictions on the query samples at test time. This is a simple technique
in the semi-supervised learning literature and is closest to [26]. Modern augmentation techniques
such as [27, 28, 29] or graph-based approaches [30] can also be used with our approach; we used the
entropic penalty for the sake of simplicity. Semi-supervised few-shot learning is typically formulated
as having access to extra unlabeled data during meta-training or few-shot training [31, 32]. Note that
this is different from our approach which uses the unlabeled query samples for transductive learning.
A.1.4

Initialization for fine-tuning

We use recent ideas from the deep metric learning literature [33, 20, 34, 35] to initialize the finetuning for the backbone. These works connect the softmax cross-entropy loss with cosine distance.

B

Experimental Setup

Datasets: We use the following datasets for our benchmarking experiments.
• The Mini-ImageNet dataset [14] which is a subset of Imagenet-1k [36] and consists of 84 ×
84 sized images with 600 images per class. There are 64 training, 16 validation and 20 test
2

classes. There are multiple versions of this dataset in the literature; we obtained the dataset
from the authors of [17]2 .
• The Tiered-ImageNet dataset [32] is a larger subset of Imagenet-1k with 608 classes split as
351 training, 97 validation and 160 testing classes, each with about 1300 images of size 84
× 84. This dataset ensures that training, validation and test classes do not have a semantic
overlap and is a potentially harder few-shot learning dataset.
• We also consider two smaller CIFAR-100 [37] derivatives, both with 32 × 32 sized images.
The first is the CIFAR-FS dataset [10] which splits classes randomly into 64 training, 16
validation and 20 test with 600 images in each. The second is the FC-100 dataset [16] which
splits CIFAR-100 into 60 training, 20 validation and 20 test classes with minimal semantic
overlap, containing 600 images per class.
Meta-training: We use various backbone architectures for our experiments - conv (64)×4 [14, 15],
ResNet-12 [38, 16, 11], WRN-28-10 and WRN-16-4 [39, 40, 41]. Experiments on conv (64)×4
and ResNet-12 are in Appendix D. These networks are trained using standard data augmentation,
cross-entropy loss with label smoothing [42] of =0.1, mixup regularization [43] of α=0.25, SGD
with batch-size of 256, Nesterov’s momentum of 0.9, weight-decay of 10−4 and no dropout. Batchnormalization [44] is used, but its parameters are excluded from weight decay [45]. We use cyclic
learning rates [46] and half-precision distributed training on 8 Nvidia V100 GPUs [47, 48] to reduce
training time.
Meta-training dataset: Some papers in the literature use only the training classes as the metatraining set and report few-shot results, while others use both training and validation classes for
meta-training. For completeness we report results using both methodologies; the former is denoted
as (train) while the latter is denoted as (train + val).
Fine-tuning: We perform fine-tuning on one GPU in full-precision for 25 epochs and a fixed learning
rate of 5 × 10−5 with Adam [49] without any regularization. We do not use mini-batches but make
two weight updates in each epoch: one for the cross-entropy term using support samples and one for
the Shannon Entropy term using query samples (cf. Section 2.3).
Data augmentation: Input images are normalized using the mean and standard-deviation computed
on Imagenet-1k. Our Data augmentation consists of left-right flips with probability of 0.5, padding
the image with 4px and adding brightness and contrast changes of ± 40%. The augmentation is kept
the same for both meta-training and fine-tuning.
Hyper-parameters: We used images from Imagenet-1k belonging to the training classes of MiniImageNet as the validation set for pre-training the backbone for Mini-ImageNet. We used the validation set of Mini-ImageNet to choose hyper-parameters for fine-tuning. All hyper-parameters are
kept constant for experiments on benchmark datasets, namely Mini-ImageNet, Tiered-ImageNet,
CIFAR-FS and FC-100.
Evaluation: Few-shot episodes contain classes that are sampled uniformly from classes in the test
sets of the respective datasets; support and query samples are further sampled uniformly for each
class; the query shot is fixed to 15 for all experiments unless noted otherwise. All networks are
evaluated over 1,000 few-shot episodes unless noted otherwise. To enable easy comparison with
existing literature, we report an estimate of the mean accuracy and the 95% confidence interval of
this estimate.
All experiments in Section 3 and Appendix D use the (train + val) setting, pre-training on both the
training and validation data of the corresponding datasets.

C

Setup for Imagenet-21k

The blue region in Fig. 4 denotes our training set with 7,491 classes. The green region shows 13,007
classes with at least 10 images each, and is the test set. We do not use the red region consisting of
1,343 classes with less than 10 images each. We train the same backbone WRN-28-10 with the same
procedure as that in Appendix B on 84 × 84 resized images, albeit for only 24 epochs. Since we
use the same hyper-parameters as the other benchmark datasets, we did not create validation sets for
meta-training or the few-shot fine-tuning phases. We create few-shot episodes from the test set in the
same way as Appendix B. We evaluate using fewer few-shot episodes (80) on this dataset because
we would like to demonstrate the performance across a large number of different ways.
2
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Figure 4: Imagenet-21k is a highly imbalanced dataset. The most frequent class has about 3K images while
the rarest class has a single image.

The improvements of transductive fine-tuning are minor for Imagenet-21k (cf. Section 3.2) because
the accuracies are extremely high even at initialization. We noticed a slight degradation of the
accuracy due to transductive fine-tuning at high ways because the entropic term in in the loss function
(cf. Section 2.3) is much larger than the the cross-entropy loss. The experiments for Imagenet-21k
therefore scale down the entropic term by log |Ct | and forego the ReLU before the input to the
classifier (cf. Section 2.2). We find that the difference in accuracy between support-based initialization
and transductive fine-tuning, after this change, is small for high ways.

D

Analysis

This section contains additional experiments and analysis, complementing Section 3.
D.1

Transductive fine-tuning changes the embedding dramatically

Fig. 5 demonstrates this effect. The logits for query samples are far from those of their respective
support samples and metric-based loss functions, e.g., those for prototypical networks [15] would
have a poor loss on this episode; indeed the accuracy after the support-based initialization is 64%.
Logits for the query samples change dramatically during transductive fine-tuning and majority of the
query samples cluster around their respective supports. The post transductive fine-tuning accuracy
of this episode is 73.3%. This suggests that modifying the embedding using the query samples is
crucial to obtaining good performance on new classes. This example also demonstrates that the
support-based initialization is efficient, logits of the support samples are relatively unchanged during
the transductive fine-tuning phase.
D.2

Using features of the backbone as input to the classifier

Instead of re-initializing the final fully-connected layer of the backbone to classify new classes, we
simply append the classifier on top of it. We implemented the former, more common, approach and
found that it achieves an accuracy of 64.20 ± 0.65% and 81.26 ± 0.45% for 1-shot 5-way and 5-shot
5-way respectively on Mini-ImageNet, while the accuracy on Tiered-ImageNet is 67.14 ± 0.74%
and 86.67 ± 0.46% for 1-shot 5-way and 5-shot 5-way respectively. These numbers are significantly
lower for the 1-shot 5-way protocol on both datasets compared to their counterparts in Section 3.1.
However, the 5-shot 5-way accuracy is marginally higher in this experiment than that in Section 3.1.
Logits of the backbone are well-clustered and that is why they work better for low-shot scenarios [24].
4

Figure 5: t-SNE [50] embedding of the logits for 1-shot 5-way few-shot episode of Mini-ImageNet. Colors
denote the ground-truth labels; crosses denote the support samples; circles denote the query samples; translucent
markers and opaque markers denote the embeddings before and after transductive fine-tuning respectively. Even
though query samples are far away from their respective supports in the beginning, they move towards the
supports by the end of transductive fine-tuning. Logits of support samples are relatively unchanged which
suggests that the support-based initialization is effective.

D.3

Freezing the backbone restricts performance

The previous observation suggests that the network changes a lot in the fine-tuning phase. Freezing
the backbone severely restricts the changes in the network to only changes to the classifier. As a
consequence, the accuracy of freezing the backbone is 58.38 ± 0.66 % and 75.46 ± 0.52% on MiniImageNet and 67.06 ± 0.69% and 83.20 ± 0.51% on Tiered-ImageNet for 1-shot 5-way and 5-shot
5-way respectively. While the 1-shot 5-way accuracies are much lower than their counterparts in
Section 1, the gap in the 5-shot 5-way scenario is smaller.
D.4

Large backbone vs. small backbone

The expressive power of the backbone plays an important role in the efficacy of fine-tuning. We
observed that a WRN-16-4 architecture (2.7M parameters) performs worse than WRN-28-10 (36M
parameters). The former obtains 63.28 ± 0.68% and 77.39 ± 0.5% accuracy on Mini-ImageNet and
69.04 ± 0.69% and 83.55 ± 0.51% accuracy on Tiered-ImageNet on 1-shot 5-way and 5-shot 5-way
protocols respectively. While these numbers are comparable to those of state-of-the-art algorithms,
they are lower than their counterparts for WRN-28-10 in Section 3.1. This suggests that a larger
network is effective in learning richer features from the meta-training classes, and fine-tuning is
effective in taking advantage of this to further improve performance on samples belonging to fewshot classes.
The above experiment also helps understand why fine-tuning as a strong baseline for few-shot learning has not been noticed in the literature before, the baseline architectures were smaller. This observation was partially made by [20]. They however only concluded that gaps between meta-learning
and fine-tuning-based approaches are reduced with a larger backbone. We take this point further and
show in Section 3.1 that fine-tuning a large backbone can be better than meta-learning approaches
even for the same backbone. The support-based initialization is another reason why our approach is
so effective. With this initialization, we need to fine-tune the classifier, transductively or not, only for
a few epochs (25 in our experiments).
D.5

Latency with a smaller backbone

The WRN-16-4 architecture (2.7M parameters) is much smaller than WRN-28-10 (36M parameters)
and transductive fine-tuning on the former is much faster. As compared to our implementation of [15]
with the same backbone, WRN-16-4 is 20-70× slower (0.87 vs. 0.04 seconds for a query shot of 1,
5

and 2.85 vs. 0.04 seconds for a query shot of 15) for the 1-shot 5-way scenario. The latency with
respect to metric-based approaches is thus smaller for WRN-16-4. Compare this to the computational
complexity experiment in Section 3.3.
As discussed in Appendix D.4, the accuracy of WRN-16-4 is 63.28 ± 0.68% and 77.39 ± 0.5% for
1-shot 5-way and 5-shot 5-way on Mini-ImageNet respectively. As compared to this, our implementation of [15] using a WRN-16-4 backbone obtains 57.29 ± 0.40% and 75.34 ± 0.32% accuracies
for the same settings; the former number in particular is significantly worse than its counterpart for
WRN-16-4.
D.6

Using mixup during pre-training

Mixup improves the few-shot accuracy by about 1%: The accuracy for WRN-28-10 trained without
mixup is 67.06 ± 0.71% and 79.29 ± 0.51% on Mini-ImageNet for 1-shot 5-way and 5-shot 5-way
respectively.
D.7

Comparisons against backbone architectures in the current literature

We include experiments using conv (64)×4 [14, 15], ResNet-12 [38, 16, 11] and WRN-16-4 [41]
in Table 1, in addition to WRN-28-10 in Section 3.1, in order to facilitate comparisons of the proposed baseline for different architectures. Our results are comparable or better than existing results
for a given backbone architectures, except for those in [51], which use a graph-based transduction
algorithm, for conv (64)×4 on Mini-ImageNet and Tiered-ImageNet. In line with our goal of simplicity, we kept the hyper-parameters for pre-training and fine-tuning the same as the ones used for
WRN-28-10 (cf. Section 2, Appendix B).
D.8

A proposal for reporting few-shot classification performance

As discussed in Section 1, we need better metrics to report the performance of few-shot algorithms.
There are two main issues: (i) standard deviation of the few-shot accuracy across different sampled
episodes for a given algorithm, dataset and few-shot protocol is very high (cf. Section 1), and (ii)
different models and hyper-parameters for different few-shot protocols makes evaluating algorithmic
contributions difficult (cf. Section 3.1). This section takes a step towards resolving these issues.
Hardness of an episode: Classification performance on the few-shot episode is determined by the
relative location of the features corresponding to query samples. If query samples belonging to
different classes have similar features one expects the accuracy of the classifer to be low. On the
other hand, if the features are far apart the classifier can distinguish easily between the classes to
obtain a high accuracy. The following definition characterizes this intuition.
For training data Ds and test data Dq , we will define the hardness Ωϕ as the average log-odds of a
test datum being classified incorrectly by the prototypical loss [15]. More precisely,
X
1 − p(y | x)
1
Ωϕ (Dq ; Ds ) =
log
,
(5)
Nq
p(y | x)
(x,y)∈Dq

where p(·| xq ) is a unit temperature softmax distribution with logits zyq = wϕ(xq ) for a query
sample xq where w is the weight matrix constructed using support-based initialization (cf. Section
2.1) and Ds . We imagine ϕ(x) to be the `2 normalized embedding computed using any rich-enough
feature generator, say a deep network trained for standard image classification.
Note that Ωϕ does not depend on the few-shot learner and gives a measure of how difficult the
classification problem is for any few-shot episode, using a generic feature extractor.
Fig. 6 demonstrates how to use the hardness metric. Few-shot accuracy degrades linearly with
hardness. Performance for all hardness can thus be estimated simply by testing for two different
ways. We advocate selecting few-shot learning hyper-parameters using the area under the fitted
curves as a metric instead of tuning them specifically for each few-shot protocol. The advantage
of such a test methodology is that it predicts the performance of the model across multiple few-shot
protocols systematically.
Different algorithms can be compared directly, e.g., transductive fine-tuning (solid lines) and
support-based initialization (dotted lines). For instance, the former leads to large improvements on
easy episodes, the performance is similar for hard episodes, especially for Tiered-ImageNet and
Imagenet-21k.
6

Table 1: Few-shot accuracies on benchmark datasets for 5-way few-shot episodes. The notation conv
(64k )×4 denotes a CNN with 4 layers and 64k channels in the kth layer. The rows are sorted by the backbone architecture. Best results in each column and for a given backbone architecture are shown in bold. Results
where the support-based initialization is better than existing algorithms are denoted by † . The notation (train +
val) indicates that the backbone was trained on both training and validation data of the datasets; the backbone is
trained only on the training set when not indicated. The authors in [11] use a 1.25× wider ResNet-12 which we
denote as ResNet-12 ∗ .
Mini-ImageNet
1-shot (%)

Tiered-ImageNet

Algorithm

Architecture

MAML [9]

conv (32)×4 48.70 ± 1.84 63.11 ± 0.92

Matching networks [14]

conv (64)×4

LSTM meta-learner [7]

conv (64)×4 43.44 ± 0.77 60.60 ± 0.71

Prototypical Networks [15]

conv (64)×4 49.42 ± 0.78 68.20 ± 0.66

46.6

5-shot (%)

1-shot (%)

5-shot (%)

CIFAR-FS
1-shot (%)

5-shot (%)

FC-100
1-shot (%)

5-shot (%)

60

Transductive Propagation [51]

conv (64)×4 55.51 ± 0.86 69.86 ± 0.65 59.91 ± 0.94 73.30 ± 0.75

Support-based initialization (train)

conv (64)×4 50.69 ± 0.63 66.07 ± 0.53 58.42 ± 0.69 73.98 ± 0.58† 61.77 ± 0.73 76.40 ± 0.54 36.07 ± 0.54 48.72 ± 0.57

Fine-tuning (train)

conv (64)×4 49.43 ± 0.62 66.42 ± 0.53 57.45 ± 0.68 73.96 ± 0.56 59.74 ± 0.72 76.37 ± 0.53 35.46 ± 0.53 49.43 ± 0.57

Transductive fine-tuning (train)

conv (64)×4 50.46 ± 0.62 66.68 ± 0.52 58.05 ± 0.68 74.24 ± 0.56 61.73 ± 0.72 76.92 ± 0.52 36.62 ± 0.55 50.24 ± 0.58

R2D2 [10]

conv (96k )×4

51.8 ± 0.2

68.4 ± 0.2

TADAM [16]

ResNet-12

58.5 ± 0.3

76.7 ± 0.3

Transductive Propagation [51]

ResNet-12

59.46

75.64

65.4 ± 0.2

79.4 ± 0.2

40.1 ± 0.4

56.1 ± 0.4

Support-based initialization (train)

ResNet-12 54.21 ± 0.64 70.58 ± 0.54 66.39 ± 0.73 81.93 ± 0.54 65.69 ± 0.72 79.95 ± 0.51 35.51 ± 0.53 48.26 ± 0.54

Fine-tuning (train)

ResNet-12 56.67 ± 0.62 74.80 ± 0.51 64.45 ± 0.70 83.59 ± 0.51 64.66 ± 0.73 82.13 ± 0.50 37.52 ± 0.53 55.39 ± 0.57

Transductive fine-tuning (train)

ResNet-12 62.35 ± 0.66 74.53 ± 0.54 68.41 ± 0.73 83.41 ± 0.52 70.76 ± 0.74 81.56 ± 0.53 41.89 ± 0.59 54.96 ± 0.55

MetaOpt SVM [11]

ResNet-12 ∗ 62.64 ± 0.61 78.63 ± 0.46 65.99 ± 0.72 81.56 ± 0.53

72.0 ± 0.7

84.2 ± 0.5

41.1 ± 0.6

55.5 ± 0.6

Support-based initialization (train)

WRN-28-10 56.17 ± 0.64 73.31 ± 0.53 67.45 ± 0.70 82.88 ± 0.53 70.26 ± 0.70 83.82 ± 0.49 36.82 ± 0.51 49.72 ± 0.55

Fine-tuning (train)

WRN-28-10 57.73 ± 0.62 78.17 ± 0.49 66.58 ± 0.70 85.55 ± 0.48 68.72 ± 0.67 86.11 ± 0.47 38.25 ± 0.52 57.19 ± 0.57

Transductive fine-tuning (train)

WRN-28-10 65.73 ± 0.68 78.40 ± 0.52 73.34 ± 0.71 85.50 ± 0.50 76.58 ± 0.68 85.79 ± 0.50 43.16 ± 0.59 57.57 ± 0.55

Support-based initialization (train + val)

conv (64)×4 52.77 ± 0.64 68.29 ± 0.54 59.08 ± 0.70 74.62 ± 0.57 64.01 ± 0.71 78.46 ± 0.53 40.25 ± 0.56 54.53 ± 0.57

Fine-tuning (train + val)

conv (64)×4 51.40 ± 0.61 68.58 ± 0.52 58.04 ± 0.68 74.48 ± 0.56 62.12 ± 0.71 77.98 ± 0.52 39.09 ± 0.55 54.83 ± 0.55

Transductive fine-tuning (train + val)

conv (64)×4 52.30 ± 0.61 68.78 ± 0.53 58.81 ± 0.69 74.71 ± 0.56 63.89 ± 0.71 78.48 ± 0.52 40.33 ± 0.56 55.60 ± 0.56

Support-based initialization (train + val)

ResNet-12 56.79 ± 0.65 72.94 ± 0.55 67.60 ± 0.71 83.09 ± 0.53 69.39 ± 0.71 83.27 ± 0.50 43.11 ± 0.58 58.16 ± 0.57

Fine-tuning (train + val)

ResNet-12 58.64 ± 0.64 76.83 ± 0.50 65.55 ± 0.70 84.51 ± 0.50 68.11 ± 0.70 85.19 ± 0.48 42.84 ± 0.57 63.10 ± 0.57

Transductive fine-tuning (train + val)

ResNet-12 64.50 ± 0.68 76.92 ± 0.55 69.48 ± 0.73 84.37 ± 0.51 74.35 ± 0.71 84.57 ± 0.53 48.29 ± 0.63 63.38 ± 0.58

MetaOpt SVM (train + val) [11]

ResNet-12 ∗ 64.09 ± 0.62 80.00 ± 0.45 65.81 ± 0.74 81.75 ± 0.53

Activation to Parameter (train + val) [39]

WRN-28-10 59.60 ± 0.41 73.74 ± 0.19

72.8 ± 0.7

85.0 ± 0.5

47.2 ± 0.6

62.5 ± 0.6

LEO (train + val) [40]

WRN-28-10 61.76 ± 0.08 77.59 ± 0.12 66.33 ± 0.05 81.44 ± 0.09

Support-based initialization (train + val)

WRN-28-10 58.47 ± 0.66 75.56 ± 0.52 67.34 ± 0.69† 83.32 ± 0.51† 72.14 ± 0.69 85.21 ± 0.49 45.08 ± 0.61 60.05 ± 0.60

Fine-tuning (train + val)

WRN-28-10 59.62 ± 0.66 79.93 ± 0.47 66.23 ± 0.68 86.08 ± 0.47 70.07 ± 0.67 87.26 ± 0.45 43.80 ± 0.58 64.40 ± 0.58

Transductive fine-tuning (train + val)

WRN-28-10 68.11 ± 0.69 80.36 ± 0.50 72.87 ± 0.71 86.15 ± 0.50 78.36 ± 0.70 87.54 ± 0.49 50.44 ± 0.68 65.74 ± 0.60
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Figure 6: Comparing accuracy of transductive fine-tuning (solid lines) vs. support-based initialization
(dotted lines) for different datasets, ways (5,10,20,40,80 and 160) and support shots (1 and 5). E.g., the
ellipse contains accuracies of different 5-shot 10-way episodes for Imagenet-21k. Abscissae are computed
using (5) and a Resnet-152 [52] network trained for standard image classification on the Imagenet-1k dataset.
Markers indicate the accuracy of transductive fine-tuning of a few-shot episodes; markers for support-based
initialization are hidden to avoid clutter. Shape of the markers denotes different ways; ways increase from left
to right (5,10,20,40,80 and 160). Size of the markers denotes the support shot (1 and 5); it increases from the
bottom to the top. Regression lines are drawn for each algorithm and dataset by combining the episodes of
all few-shot protocols. This plot is akin to a precision-recall curve and allows comparing two algorithms, or
models, for different test scenarios. The area in the first quadrant under the fitted regression lines is 295 vs. 284
(CIFAR-FS), 167 vs. 149 (FC-100), 208 vs. 194 (Mini-ImageNet), 280 vs. 270 (Tiered-ImageNet) and 475 vs.
484 (Imagenet-21k) for transductive fine-tuning and support-based initialization.

The high standard deviation of accuracy of few-shot learning algorithms (cf. Section 1) can be
seen as the spread of the cluster corresponding to each few-shot protocol, e.g., the ellipse denotes
5-shot 10-way protocol for Imagenet-21k. It is the nature of few-shot learning that episodes have very
different hardness even if the way and shot are fixed. Episodes within the ellipse lie on a (different)
line which indicates that hardness is a good indicator of accuracy.
Fig. 6 also shows that due to fewer test classes, CIFAR-FS, FC-100 and Mini-ImageNet have less
diversity in the hardness of episodes while Tiered-ImageNet and Imagenet-21k allow sampling of
both very hard and very easy diverse episodes. For a given few-shot protocol, the hardness of episodes
in the former three is almost the same as that of the latter two datasets. This indicates that CIFAR-FS,
FC-100 and Mini-ImageNet may be good benchmarks for applications with few classes.
The hardness metric in (5) naturally builds upon existing ideas in metric-based few-shot learning,
namely [15]. We propose it as a means to evaluate few-shot learning algorithms uniformly across
different few-shot protocols for different datasets; ascertaining its efficacy and comparisons to other
metrics will be part of future work.
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