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ABSTRACT

Few-shot classification is the task of predicting the category of an example from
few labeled examples. The number of labeled examples per category is called the
number of shots (or shot number). Recent works tackle this task through meta-
learning, where a meta-learner extracts information from observed tasks during
meta-training to quickly adapt to new tasks during meta-testing. In this formulation,
the number of shots exploited during meta-training has an impact on the recognition
performance at meta-test time. Generally, the shot number used in meta-training
should match the one used in meta-testing to obtain the best performance. We
introduce a theoretical analysis of the impact of the shot number on Prototypical
Networks, a state-of-the-art few-shot classification method. From our analysis, we
propose a simple method that is robust to the choice of shot number used during
meta-training, which is a crucial hyperparameter. The performance of our model
trained for an arbitrary meta-training shot number shows great performance for
different values of meta-testing shot numbers. We experimentally demonstrate our
approach on different few-shot classification benchmarks.

1 INTRODUCTION

Human cognition has the impressive ability of grasping new concepts from exposure to a handful
of examples (Yger et al.| 2015). In comparison, while modern deep learning methods achieve
unprecedented performances with very deep neural-networks (He et al., [2016} |Szegedy et al., 2015),
they require extensive amounts of data to train, often ranging in the millions. Few-shot learning
aims to bridge the sample-efficiency gap between deep learning and human learning in fields such
as computer vision, reinforcement learning and speech recognition (Santoro et al., |2016; Ravi &
Larochelle, [2017; [Finn et al., 2017} |Vinyals et al., [2016; [Wang et al., [2019a). These methods fall
under the framework of meta-learning, in which a meta-learner extracts knowledge from many related
tasks (in the meta-training phase) and leverages that knowledge to quickly learn new tasks (in the
meta-testing phase). In this paper, we focus on the few-shot classification problem where each task is
defined as a N-way classification problem with k£ samples (shots) per class available for training.

Many meta-learning methods use the episodic training setup in which the meta-learner iterates
through episodes in the meta-training phase. In each episode, a task is drawn from some population
and a limited amount of support and query data from that task is made available. The meta-learner
then learns a task-specific classifier on the support data and the classifier predicts on the query data.
Updates to the meta-learner is computed based on the performance of the classifier on the query set.
Evaluation of the meta-learner (during a phase called meta-testing) is also carried out in episodes in a
similar fashion, except that the meta-learner is no longer updated and the performance on query data
across multiple episodes is aggregated.

In the episodic setup, the selection of k during meta-training time can have significant effects on
the learning outcomes of the meta-learner. Intuitively, if support data is expected to be scarce, the
meta-learner needs to provide strong inductive bias to the task-specific learner as the danger of
overfitting is high. In contrast, if support data is expected to be abundant, then the meta-learner can
provide generally more relaxed biases to the task-specific learner to achieve better fitting to the task
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data. Therefore it is plausible that a meta-learner trained with one &k value can be suboptimal at
adapting to tasks with a different k£ value and thus exhibit meta-overfitting to k. In experiments, k is
often simply kept fixed between meta-training and meta-testing, but in real-world usage, one cannot
expect to know beforehand the amount of support data from unseen tasks during deployment.

In this paper we will focus on Prototypical networks (Snell et al.,[2017), a.k.a. ProtoNet. ProtoNet is
of practical interest because of its flexibility: a single trained instance of ProtoNet can be used on
new tasks with any k and N. However, ProtoNet exhibits performance degradation when the % used
in training does not match the k used in testing.! First, we will undertake a theoretical investigation
to elicit the connection from k to a lower bound of expected performance, as well as to the intrinsic
dimension of the learned embedding space. Then, we conduct experiments to empirically verify
our theoretical results across various settings. Guided by our new understanding of the effects of
k, we propose an elegant method to tackle performance degradation in mismatched k& cases. Our
contributions are threefold:

e We provide performance bounds for ProtoNets given an embedding function. From which, we
argue that k affects learning and performance by scaling the contribution of intra-class variance.

e Through VC-learnability theory, we connect the value of k used in meta-training to the intrinsic
dimension of the embedding space.

e The most important contribution of this paper (introduced in Section [3.3)) is a new method that
improves upon vanilla ProtoNets by eliminating the performance degradation in cases where the k is
mismatched between meta-training and meta-testing. Our evaluation protocol more closely adheres
to real-world scenarios where the model is exposed to different numbers of training samples.

2 BACKGROUND

2.1 PROBLEM SETUP

The few-shot classification problem considered in this paper is set up as described below. Consider
a space of classes C' with a probability distribution 7, N classes ¢ = {cy, ..., ¢y } are sampled i.i.d.
from 7 to form a N-way classification problem. For each class ¢;, k support data are sampled from
class-conditional distribution S; = {sX1, .., sXx } i P(x]Y (x) = ¢;), where x € R”, D denotes
the dimension of data, and Y (x) denotes the class assignment of x. Note that we assume that Y (x)
is singular (e.g. each x can only have 1 label), and does not depend on N (e.g. a data point with a
label “cat” will always have the label “cat”), in contrast to y defined below.

Additionally, the set QQ = {;x1, ..., ¢X; } containing ! query data is sampled from the joint distribution
~ Zf\; P(x|c;).? For each x, let y € {1,..., N} denote its label in the context of the few-shot
classification task. Define S; = {(sX1,91 = 1), ..., (sXk, yr = 1)} as the augmented set of supports

for class c¢;, and denote the union of support sets for IV classes as S = Ufil S;. The few-shot
classification task is to predict y for each x in ) given S. During meta-training, the ground truth
label for () is also available to the learner.

2.2 META-LEARNING SETUP

Meta-learning approaches train on a distribution of tasks to obtain information that generalizes to
unseen tasks. For few-shot classification, a task is determined by which classes are involved in the
N-way classification task. During meta-training, the meta-learner observes episodes of few-shot
classification tasks consisting of IV classes, k labelled samples per class, and [ unlabelled samples, as
previously described. The collection of all classes observed during meta-training forms the meta-
training split Dy, = {s-¢1, ..., trcg }. Critically, we assume that every unseen class that the learner is
evaluated upon (during meta-testing) is also drawn from the same distribution 7.

"For example, 1-shot accuracy of a 10-shot trained network performs 9% (absolute) worse than the 1-shot
trained network
>We assume equal likelihood of drawing from each class for simplicity
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2.3 PROTOTYPICAL NETWORKS

ProtoNets (Snell et al.,[2017) compute E-dimensional embeddings for all samples in S and Q). The
embedding function ¢ : R” — R¥ is usually a deep network.The prototype representation for each
class is formed by averaging the embeddings for all supports of said class: ¢(S;) = % > xes; P(X).
Classification of any input x (e.g. x € @) is performed by computing the softmax over squared
Euclidean distances of the input point’s embedding to the prototypes. Let y denote the prediction of
the classifier for one of the categories j € {1,--- , N}:

R ECRIEn]

E
ps(i = jlx,8) = .where [|v|* =07 (1)
d=1
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The parameters of the embedding functions are learned through meta-training. Negative log-likelihood
J(¢) = —log (p(§ = y|x)) of the correct class y is minimized on the guery points through SGD.

As explained in (Law et al., 2019), ProtoNets can be seen as a metric learning approach optimized
for the supervised hard clustering task (Law et al., [2016). The model ¢ is learned so that the
representations of similar examples (i.e. belonging to a same category) are all grouped into the same
cluster in R”. We propose in this paper a subsequent metric learning step which learns a linear
transformation that maximizes inter-to-intra class variance ratio.

3  PROPOSED METHOD

We first present theoretical results explaining the effect of the shot number on ProtoNets, and then
introduce our method for addressing performance degradation in cases of mismatched shots.

3.1 RELATING k TO LOWER BOUND OF EXPECTED ACCURACY

To better understand the role of k on the performance of ProtoNets, we study how it contributes to
the expected accuracy across episodes when using any kind of fixed embedding function (e.g. the
embedding function obtained at the end of the meta-training phase). With I denoting the indicator
function, we define the expected accuracy R as:

R(¢) = EcEs x,y ! [arg max {py(9 = j[x, 5)} = y] (2)
J

Definitions: Throughout this section, we will use the following symbols to denote the means and
variances of embeddings under different expectations:

b 2B Y (0 = B 2 E(6(x) — o) (6(x) — 1) Y (x) = ¢
w2 E ] 22 Eo[(, — ) (1 — )]

Remark. . is the expectation of the embedding conditioned on class c. W is the (full) expectation
of the embedding, which can be expressed as the expectation of W over classes. ¥ is the variance of
class means in the embedding space - it can be interpreted as the signal of the input to the classifier,
as larger ¥ implies larger distances between classes. Y. is the expected intra-class variance - it
represents the noise in the above signal.

Modelling assumptions of ProtoNets: The use of the squared Euclidean distance and softmax
activation in ProtoNets implies that classification with ProtoNets is equivalent to a mixture density
estimation on the support set with spherical Gaussian densities (Snell et al.|[2017). Specifically, we
adopt the modelling assumptions that the distribution of ¢(x) given any class assignment is normally
distributed (p(¢(x)|Y (x) = ¢) = N (n,, X)), with equal covariance for all classes in the embedding
space (V(c, '), B. = L),

We present the analysis for the special case of episodes with binary classification (i.e. with N = 2)
for ease of presentation, but the conclusion can be generalized to arbitrary N > 2 (see appendix).

3The second assumption is more general than the one used in the original paper as we do not require ¥ to be
diagonal
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Also, as noted in Section @ we assume equal likelihood between the classes. We would like to
emphasize that the assignment of labels can be permuted freely and the classifier’s prediction would
not be affected due to symmetry. Hence, we only need to consider one case for the ground truth label
without loss of generality. Let a and b denote any pair of classes sampled from 7. Let x be drawn
from a, and overload a and b to also indicate the ground truth label in the context of that episode,
then equation [2]can be written as:

R(¢) = Ea,bNTEx,SI[g = a] (3)
Additionally, noting that p(§ = a) can be expressed as a sigmoid function o:
o~ lle)—3(82)]” 2

el 4 ellee—sEal
~ota) e a2 o) ~ 85 - o) -5

We can express equation [3|as a probability:

R(¢) = Pr (§=a)= Pr (a>0) “)

o([ot0) o[ ~ [t - o5

)

p(§ = alx)

2

We will introduce a few auxiliary results before stating the main result for this section.

Proposition 1. From the one-sided Chebyshev’s inequality, it immediately follows that:

_ E[o]?
R(¢) = Pr(a>10) 2 Var(«a) + E[a]?

(&)
In Lemma|[I]and Lemma 2] we derive the expectation and variance of a when conditioned on the
classes sampled in a episode. Then, in Theorem [3] we compose them into the RHS of Proposition 1
through law of total expectation.

Lemma 1. Consider space of classes C with sampling distribution 7, a,b W Let S = {Sa,Sp}
Sa = {aX1, ey aXk} Sp = {pX1, .., 0%k}, k € N is the shot number, and Y (x) = a. Define
?(S.) £ xes, P(x) and $(Sp) £ %ersb ¢(x). Consider ¥ as defined earlier. Assume
p(o(x)|Y (x) = ¢) = N(u,, ;) and X, = X for any choice of ¢, € C, then,

Ex,S|a,b[a] = (Ha - ub)T(pa - pb) ’ and Ea,b,x,S[a] = 2TI‘(Z)

Lemma 2. Under the same notation and assumptions as Lemmall| additionally invoking definition
for X, then,

E, p[Var(ala, b)] < 8(1 + %)Tr (EC((I + %)zc + 22)) . (6)

The proofs of the above lemmas are in the appendix. With the results above, we are ready to state our
main theoretical result in this section.

Theorem 3. Under the conditions where Lemmall|and 2 hold, we have:
4Tr(%)?

R(¢) > N
)2 S0 /07T + 1601+ /RTR(oS) + Byl — ) (o — 1))
Proof. First, we use decompose the Var(«/) term in Proposition by Law of Total Expectation.
Var(a) = Ea,b,x,S[az} - IEa,b,x,S[a]2 = Ea,bEx,S[a2|a7 b] - ]Ea.,b,x,S[a]2 (8)
= E,[Var(ala, b) + Ex s[ala, b]?] — Eqpx.sa]? )
Hence, Proposition |I|can also be expressed as
E[a]”
R(¢) > . 10
(@) 2 &, Nar(ala,5) + Exslala, 07 (10
Finally, we arrive at Theorem [3|by plugging Lemma|l] and 2]into equation O
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Several observations can be made from Theorem 3

1. The shot number k only appears in the first two terms of the denominator, implying that the bound
saturates quickly with increasing k. This is also in agreement with the empirical observation that
meta-testing accuracy has diminishing improvements when more support data is added.

2. By observing the degree of terms in equation [/| (and treating the last term of the denominator as a
constant), it is clear that increasing k will decrease the sensitivity (magnitude of partial derivative) of
this lower bound to 3., and increase its sensitivity to X.

3. If one postulates that meta-learning updates on ¢ are similar to gradient ascent on this accuracy
lower bound, then learning with smaller £ emphasizes minimizing noise, while learning with higher
k emphasizes maximizing signal.

In conclusion, these observations give us a plausible reason for the performance degradation observed
in mismatched shots: when an embedding function has been optimized (trained) for kipqin >
kiest, the relatively high X, is amplified by the now smaller k, resulting in degraded performance.
Conversely, an embedding function trained for kpqipn < FKiest already has small 3., such that
increasing k during testing has further diminished improvement on performance.

3.2 INTERPRETATION IN TERMS OF VC DIMENSION

In any given episode, a nearest neighbour prediction is performed from the support data (with a fixed
embedding function). Therefore, a PAC learnability interpretation of the relation between the number
of support data and complexity of the classifier can be made. Specifically, for binary classification,
classical PAC learning theory (Vapnik et al.,|1994) states that with probability of at least 1 — J, the
following inequality on the difference between empirical error erry.q;, (of the support samples) and
true error erry,q. holds for any classifier h:

D(ln4t +1)+1In$
2k

67’7“,57-u€(h) - errtrain(h) S \/ (11)
Where D is the VC dimension, and k is the number of support samples per class 4. Under this binary
classification setting, the predictions of prototypical network are equal to o(«) as shown earlier.

Denoting z. = ¢(S.) and z.» = ¢(S./), we can manipulate « as follows:

a=[¢(x) = zel” = [|6(x) — 2o |* = 2(ze — 20) D(x) + (20 20 — 2hzr)  (12)

From equation[I2] the prototypes form a linear classifier with offset in the embedding space. The
VC dimension of this type of classifier is 1 + d where d is the intrinsic dimension of the embedding
space (Vapnik, |1998). In ProtoNets, the intrinsic dimension of the embedding space is not only
influenced by network architecture, but more importantly determined by the parameter themselves,
making it a learned property. For example, if the embedding function can be represented with a linear
transformation ¢(x) = & - x, then the intrinsic dimension of the embedding space is upper bounded
by the rank of @ (since all embeddings must lie in the column space of ®). Thus, the number of
support samples required to learn from an episode is proportional to the intrinsic dimension of the
embedding space. We hypothesize that an embedding function optimal for lower shot (e.g. one-shot)
classification affords fewer intrinsic dimensions than one that is optimal for higher shot (e.g. 10-shot)
classification.

3.3 RECONCILING SHOT DISCREPANCY THROUGH EMBEDDING SPACE TRANSFORMATION

Observations in Section reveal that an ideal ¢ would have an output space whose intrinsic
dimension d is as small as possible to minimize the right-hand side of equation [TT] but just large
enough to allow low erry,.qiy; the balance between the two objectives is dictated by k. Similarly,
observations in Section suggest that an ideal ¢ would balance between minimizing 3. and
maximizing 3 also according to k. As a result, when there is discrepancy between meta-training
shots and meta-testing shots®, accuracy at meta-test time will suffer. A naive solution is to prepare

“This considers learning of a single episode through the formation of prototypes
5In deployment, the number of support samples per class is likely random from episode to episode.
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many embedding functions trained for different shots, and select the embedding function according
to the availability of label data at test-time. However, this solution is computationally burdensome
as it requires multiple models to be trained and stored. Instead, we want to train and store a single
model, and then adapt the embedding function’s variance characteristics and the embedding space
dimensionality to achieve good performance for any test shot.

Linear Discriminant Analysis (LDA) is a dimensionality reduction method suited for downstream
classification (Fukunagal [1990). Its goal is to find a maximally discriminating subspace (maximum
inter-class variance and minimal intra-class variance) for a given classification task. Theoretically,
performance can be maximized in each individual episode by computing the LDA transformation
matrix using support samples of that episode. LDA computes the eigenvectors of the matrix S~15,,,
where S, is the covariance matrix of prototypes and S is the class-conditional covariance matrix. In
practice, S, and .S cannot be stably estimated in few-shot episodes, preventing the direct application
of LDA.

We propose an alternative which we call Embedding Space Transformation (EST). The purpose
of EST is to perform dimensionality reduction on the features, while also improving the ratio in
Theorem |3} This is a different goal from LDA because Theorem |3| demonstrates that the expected
performance across many episodes can be improved by maximizing > and minimizing 3. Similar to
LDA, EST works by applying a linear transformation

P(x) = V' (o(x)) (13)

to the outputs of the embedding function. Here, V* is a linear transformation computed using Dy,
after meta-training has completed. To compute V*, we first iterate through all classes in D;, and
compute their in-class means and covariance matrices in the embedding space. We can then find the
covariance of means X, and the mean of covariances ¥, across Dy,.. Finally, V* is computed by
taking the leading eigenvectors of 33, — pY, - the difference between the covariance matrix of the
mean and the mean covariance matrix with weight parameter p. The exact procedure for computing
V* is presented in the appendix.

4 EXPERIMENTS AND RESULTS

In this section, our first two experiments aim at supporting our theoretical results in Sections [3.1]
and [3.2] while our third experiment demonstrates the improvement of EST on benchmark data sets
over vanilla ProtoNets. To illustrate the applicability of our results to different embedding function
architectures, all experiments are performed with both a vanilla 4-layer CNN (as in (Snell et al.;
2017)) and a 7-layer Residual network (He et al.l 2016)). Detailed description of the architecture can
be found in the appendix. Experiments are performed on three data sets: Omniglot (Lake et al., 2015),
minilmageNet (Vinyals et al., 2016), and tieredlmageNet (Ren et al.,[2018). We followed standard
data processing procedures which are detailed in the appendix.

4.1 TRAINING SHOTS AFFECT VARIANCE CONTRIBUTION

The total variance observed among embeddings of all data points can be seen as a composition
of inter-class and (expected) intra-class variance based on the law of total variance (Var[x] =
E[Var(x|c)] + Var(E[x|c]) = E[X.] + ¥,)). Our analysis predicts that as we increase the shot
number used during training, the ratio of inter-class to intra-class variance will decrease.

To verify this hypothesis, we trained ProtoNets (vanilla and residual) with a range of shots (1 to
10 on minilmageNet and tiered imagenet, 1 to 5 on Omniglot) until convergence with 3 random
initializations per group. Then, we computed the inter-class and intra-class covariance matrices
across all samples in the training-set embedded by each network. To qualify the amplitude of each
matrix, we take the trace of each covariance matrix. The ratio of inter-class to intra-class variance is
presented in Figure[I} as we increase k used during training, the inter-class to intra-class variance
ratio decreases. This trend can be observed in both vanilla and residual embeddings, and across all
three data sets, lending strong support to our result in Section[3.1] Another observation can be made
that the ratio between inter-class and intra-class variance is significantly higher in the Omniglot data
set than the other two data sets. This may indeed be reflective of the relative difficulty of each data
set and the accuracy of ProtoNet on the data sets.
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Figure 1: Inter-class to Intra-class variance ratios of embedding space varies with k used in training.
Left: Omniglot. Right: minilmageNet and tieredIlmageNet.

4.2 TRAINING SHOTS AFFECT INTRINSIC DIMENSION

We consider the intrinsic dimension (id) of an embedding function with extrinsic dimension F
(operated on a data set) to be defined as the minimum integer d where all embedded points of that
data set lie within a d-dimensional subspace of R¥ (Bishop, [2006). A simple method for estimating d
is through principal component analysis (PCA) of the embedded data set. By eigendecomposing the
covariance matrix of embeddings, we obtain the principal components expressed as the significant
eigenvalues, and the principal directions expressed as the eigenvectors corresponding to those
eigenvalues. The number of significant eigenvalues approximates the intrinsic dimension of the
embedding space. When the subspace is linear, this approximation is exact; otherwise, it serves as an
upper bound to the true intrinsic dimension (Fukunaga & Olsenl [1971)).

We determine the number of significant eigenvalues by an explained-variance over total-variance
criterion. The qualifying metric is 74 = > ief,d Ni/ 2iei,m) Ai- In our experiments, we set the
threshold for r4 at 0.9. Similar to the previous experiment, we train ProtoNets with different shots to
convergence. The total covariance matrix is then computed on the training set and eigendecomposition
is performed. The approximate id is plotted for various values of k in Figure[2] We can see a clear
trend that as we increase training shot, the id of the embedding space increases.
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Figure 2: Intrinsic dimension approximated by the number of significant eigenvalues varies with k

used in training. Left: Omniglot. Right: minilmageNet and tieredImageNet
4.3 EXPERIMENTS WITH EST

We evaluate the performance of EST on the three aforementioned data sets. The performance is
compared against our implementation of vanilla ProtoNets as a baseline, as well as a variant of
ProtoNets using principal components obtained from all embedding points (ProtoNet-PCA).

All methods in this section use the same set of trained ProtoNets. As with before, networks are
trained with & € {1,...,5} on Omniglot and k£ € {1, ..., 10} on minilmageNet and fieredImageNet.
Additionally, we also trained a mixed-shot network for each data set. This is done by randomly select-
ing a value for £ within the specified range for each episode, and then sampling the corresponding
number of support samples. Hyper-parameters for training are described in the appendix.
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Table 1: Classification accuracies of ProtoNet variants. Best performing methods and any
other runs within 95% confidence margin is in bold

(a) Omniglot-20-way, with 4 layer CNN. (b) Omniglot-20-way, with 7 layer ResNet.

TRAINING TESTING SHOTS AVERAGE TRAINING TESTING SHOTS AVERAGE

MODEL SHOTS 1 5 ACCURACY MODEL SHOTS 1 5 ACCURACY
VANILLA PROTONET 1 95.07 % 98.89 % 97.81 %  VANILLA PROTONET 1 96.46 %  99.07 % 98.35 %
VANILLA PROTONET 5 93.42% 98.78 % 97.25%  VANILLA PROTONET 5 94.42% 98.99 % 97.75 %
MIXED-k SHOT 1-5 94.84 % 98.92% 97.74 %  MIXED-k PROTONET 1-5 96.53 % 99.15% 98.43 %
PCA PROTONET 1 94.94% 98.85% 97.78 %  PCA PROTONET 1 96.02% 98.99 % 98.19 %
EST PROTONET 1 95.11% 98.84 % 97.83%  EST PROTONET 1 95.55% 99.02 % 98.19 %

(c) minilmageNet-5-way, with 4 layer CNN. (d) minilmageNet-5-way, with 7 layer ResNet.

TRAINING TESTING SHOTS AVERAGE TRAINING TESTING SHOTS AVERAGE

MODEL SHOTS 1 5 10 ACCURACY MODEL SHOTS 1 5 10 ACCURACY
PROTONET 1 48.89% 64.70% 68.90 % 63.15%  PROTONET 1 52.65% 68.27% 72.29% 66.73 %
PROTONET 5 44.75% 67.23% 7236 % 65.08 % PROTONET 5 47.40% 69.93% 7435% 67.18 %
PROTONET 10 39.99% 66.23% 72.47% 63.54 %  PROTONET 10 4220% 68.23% 74.54 % 65.75 %
MIXED-k SHOT 1-10 4936 % 67.96% 72.27% 65.83 % MIXED-k SHOT 1-10 51.74% 69.09% 73.63% 67.41 %
PCA PROTONET 5 4936 % 68.63% 72.82% 66.12%  PCA PROTONET 5 50.09% 69.25% 74.24% 67.63 %
EST PROTONET 5 50.22% 68.25% 73.29% 66.60 % EST PROTONET 5 51.93% 69.98% 74.80 % 68.19 %

(e) tieredlmageNet-5-way, with 4 layer CNN. (f) tieredlmageNet-5-way, with 7 layer ResNet.

TRAINING TESTING SHOTS AVERAGE TRAINING TESTING SHOTS AVERAGE

MODEL SHOTS 1 5 10 ACCURACY MODEL SHOTS 1 5 10 ACCURACY
PROTONET 1 4737% 63.70% 67.99% 61.85%  PROTONET 1 4978 % 65.17% 69.88 % 63.98 %
PROTONET 5 4233% 66.51% 72.05% 64.05 % PROTONET 5 47.88% 69.12% 73.80 % 66.99 %
PROTONET 10 35.38% 64.56% 71.03% 61.24%  PROTONET 10 40.86% 69.37% 74.72% 65.95 %
MIXED-k SHOT 1-10 47.67% 66.34% 70.96 % 64.33 % MIXED-k SHOT 1-10 50.74% 69.28% 73.01 % 66.95 %
PCA PROTONET 5 48.34% 67.07% 71.65% 64.96%  PCA PROTONET 5 51.21% 68.88% 72.17% 67.14 %
EST PROTONET 5 48.85% 67.24% 72.09% 65.46 % EST PROTONET 5 53.05% 6930 % 73.63% 67.91 %

Each model is evaluated on the test splits of the corresponding data sets (e.g. networks trained on
Omniglot are only evaluated on Omniglot). Five test runs are performed per network on Omniglot
to evaluate the k-shot performance (k € [1,5]). Each run consists of 600 episodes formed by 1-5
support samples and 5 query sample per class. The performance is aggregated across runs for the
combined performance. Similarly, on minilmageNet and tieredImageNet, 10 test runs are performed
with support per sample k € [1, 10], 600 episodes per run, and 15 query samples in each episode.

Model configuration: Vanilla ProtoNet is used as our baseline. We present the performance of
multiple ProtoNets trained with different shots to illustrate the performance degradation issue.
ProtoNet-PCA uses principal components of the training split embeddings in place of V*, with com-
ponents other than the d leading ones zeroed out. We carry out a parameter sweep on minilmageNet
and set d = 60; the same value is used on the other two data sets. For selecting the training shot of
the embedding network, we find that overall performance to be optimal using k = 5. ProtoNet-EST
contains three parameters that need to be determined: p, d, and training shots of the embedding
network. For our experiments, we set p = 0.001 and d = 60 based on performance on minilmageNet.
For selecting the number of training shots, we use the same strategy as before by evaluating ProtoNet-
EST with all trained embedding networks and found the same trend to hold.

As an abalation study, FC-ProtoNet adds a fully connected layer to the embedding network such that
the output dimension is also 60. Results of this variant can be found in the appendix.

EST performance results: Table [T] summarizes the performance of the evaluated methods on all
data sets. Due to space constraints, only 1-shot, 5-shot, 10-shot and 1-10 shot average performance
are included. Additional results are in the appendix. The best performing method in each evaluation is
in bold. On Omniglot, there is no significant difference in performance between the best performing
vanilla ProtoNet and any other methods. We attribute this to the already high accuracy of the baseline
model. On minilmageNet and tieredlmageNet, EST-ProtoNet significantly outperforms baseline
methods and PCA-protonet in terms of average accuracy over test runs with different shots.

We observe that matching the training shot to the test shot generally provides the best performance
for vanilla ProtoNets. Also importantly, training with a mixture of different values of k does not
provide optimal performance when evaluated on the same mixture of k values. Instead, the resulting
performance is mediocre in all test shots. ProtoNet-EST provides minor improvements over the
best-performing baseline method under most test shots settings. We hypothesize that this is due to
EST aligning the embedding space to the directions with high inter-class variance and low intra-class
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variance. Comparison against the direct PCA approach demonstrates that the performance uplift is
not entirely attributed to reducing the dimensions of the embedding space.

In conclusion, EST improves the performance of ProtoNets on the more challenging data sets when
evaluated with various test shots. It successfully tackles performance degradation when testing shots
and training shots are different. This improvement is vital to the deployment of ProtoNets in real
world scenarios where the number of support samples cannot be determined in advance.

5 RELATED WORK

We summarize related work on extensions of ProtoNets, on improving the few-shot classification
setup, and on analyzing theoretical properties of meta-learning methods.

Extensions of ProtoNets: |Allen et al.| (2019) build upon ProtoNets by allowing each class to
be represented by multiple prototypes, thereby improving the representation power of ProtoNets.
Oreshkin et al.| (2018)) use a context-conditioned embedding network to produce prototypes that are
aware of the other classes. These prior works assume matched training and testing shots whereas our
work focuses on setups where testing shots are not fixed (i.e. not necessarily the same as training
shots). Our work is parallel to these works in that EST can be applied on the embeddings learned by
these methods.

Improvement of few-shot classification setup: |Chen et al.| (2019) extend the few-shot learning
problem setup by considering domain adaptation in addition to learning novel classes. Specifically,
they look at how well models trained on minilmageNet can perform on few-shot learning in CUB200.
Importantly, they still force the number of shots to be consistent between training time and testing
time. While their work deals with varying the domain of the episodes at test time, our work deals
with varying shots. Concurrent to our work, Triantafillou et al.|(2020) further broaden the scope of
few-shot learning by introducing a benchmark composed of data from various domains; methods are
tested on their ability to adapt to different domains and deal with class imbalance. We extend their
work with a thorough analysis of how the number of shots affects the learning outcome, and further
propose a method to overcome the negative impact of mismatched shots.

Theoretical analysis of few-shot learning: Despite the myriad of methodological improvements,
theoretical work on few-shot learning has been sparse. [Wang et al.| (2019b) provide a unifying
formulation for few-shot learning methods, and clearly outline the key challenge in few-shot learning
through a PAC argument, but do not introduce any new theoretical results. In contrast, our work
introduces a novel bound for the accuracy of ProtoNets; this bound provides useful intuitions
pertaining to how ProtoNets adapt to few-shot episodes. Additionally, we demonstrate theoretically
and experimentally that the intrinsic dimension of the embedding function’s output space varies
with the number of shots as a direct consequence of the challenges outlined in the PAC argument.
To the best of our knowledge, |Amit & Meir| (2017) provide the only prior work to bound the error
of a meta-learning agent. Specifically, they use the generalized PAC-Bayes framework to derive
an error-rate bound for a MAML-style learning algorithm (where the hypothesis class is fixed).
Their main result relates the performance of the learning algorithm to both the number of tasks
encountered during meta-training and the number of shots given in any task. In contrast to our work,
their result does not apply to non-parametric methods such as ProtoNets because the hypothesis class
in ProtoNets can change from episode to episode depending on the number of ways.

6 CONCLUSION AND FUTURE WORK

We have explored how the number of support samples used during meta-training can influence
the learned embedding function’s performance and intrinsic dimensions. Our proposed method
transforms the embedding space to maximize inter-to-intra class variance ratio while constraining the
dimensions of the space itself. In terms of applications, our method can be combined other works
(Oreshkin et al.| [2018; |Ye et al., [2018; |[Rusu et al., [2019; |Dong & Xing, [2018;; |Ren et al., 2018
Tapaswi et al., 2019) with an embedding learning component. We believe our approach is a significant
step to reduce the impact of the shot number in meta-training, which is a crucial hyperparameter for
few-shot classification.
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A APPENDIX

A.1 ALGORITHM FOR EST

Below is the exact procedure for computing 7~ for embedding space transformation.

Algorithm 1 Algorithm for computing the transformation 7.

L,, is the number of samples belonging to class n; p,, and ¥,, are the mean and covariance of the
embeddings of that class; p7 and X, are the average of mean embeddings and covariances; X, is
the covariance of the mean embeddings; V' * is the matrix of eigenvectors that correspoinds to the d
largest eigenvalues in A.

Input: Training set Dy = {(X1,%1), ..., (Xar, yar}, where y; € {1,..., N}, D, denotes the
subset of Dy, where Vy € D,,, y = n, embedding function ¢, weighting parameter p, dimension
parameter d.
Output: Transformation 7.
Initialize 4 = {0}Y, ¥ = {0}Y,
forn =1to N do
/’L[n] = pfn = i Z(xi’yi)EDn ¢(X’L)
B[] = - X pyen, (B(xi) = 1) (@(xi) — i)™
end for
HT = ﬁ Z(xi,yi)GDtr B(x;)
Yu=w Zne[LN] (u[n] = pr)(pln] — pr)™

=N Lnepv 2

Find V, A such that ¥, — pSs = VAVT
V* = [v]] forj € topdofA

T(z) =V*(2)

A.2 NETWORK ARCHITECTURE

The vanilla CNN has the exact same architecture as the original ProtoNet (Snell et al., 2017). It
consists of four convolution layers with depth of 64; each convolution layer is followed by Relu
activation, max-pooling, and batch normalization (loffe & Szegedyl, [2015)). Resnet of 7 layers is
constructed with one vanilla convolution layer of depth 64 followed by three residual blocks, all
joined by max-pooling layers; each residual block consists of two sets of conv-batchnorm-Relu layers,
of depth 128-256-256.

A.3 DATA SET DESCRIPTION AND PRE-PROCESSING

Experiments are performed on three data sets: Omniglot (Lake et al.,[2015), minilmageNet (Vinyals
et al.| 2016), and tieredlmageNet (Ren et al.| 2018)). For Omniglot experiments, we follow the same
configuration as in the original paper where 1200 classes augmented with rotations (4800 total) are
used for training, and the remaining classes are used for testing.

For minilmageNet experiments, we use the splits proposed by (Ravi & Larochelle,|2017) where 64
classes are used for training, 16 for validation, and 20 for testing. Mirroring the original paper, we
resize all minilmageNet images to 84x84. No data augmentation is applied. As most state-of-art
few-shot classification methods achieve saturating accuracies on Omniglot, and minilmageNet’s
small number of classes make claims about generalization difficult, we also conduct experiments of
tieredlmageNet.

TieredlmageNet is also a subset of Imagenet1000. TieredlmageNet groups classes into broader
categories corresponding to higher-level nodes in the ImageNet hierarchy. It includes 34 categories,
with each category containing between 10 and 30 classes. These are split into 20 training, 6 validation
and 8 testing categories. In total, there are 351 classes in training, 97 in validation, and 160 in testing.
Preprocessing of images follow the same steps as used for minilmageNet.

12
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A.4 PROTONET TRAINING

Training procedure of ProtoNets largely mirrors the protocol used by [Snell et al.|(2017). On Omniglot,
we train the network to convergence after 30000 episodes. On minilmageNet and tieredlmageNet,
we monitor the performance of the network on the validation set and select the best performing
checkpoint after training for 50000 episodes. Adam (Kingma & Ba, 2014) optimizer is used with
a=0.9,3=0.999, ¢ = 1078, and an initial learning rate of 0.001 that is decayed by half every 2000
episodes. On Omniglot, we train with 60 classes and 5 query points per episode. On minilmageNet
and tieredlmageNet, we train with 20 classes and 15 query points per episode.

A.5 DERIVATION DETAILS

Proof of Lemmal[Il

Proof. First, from the definition of v, we split Ex g|4,5[a] in to two parts and examine them separately:

2

B siusla] = E[|6x) — 50| 1~ Bl 000 98 1 (14)

In general, for random vector X, the expectation of the quadratic form is E[|| X ||*] = Tr(Var(X)) +
E[X]TE[X]. Hence,

i = B s 00 ~ 0] (1s)
= Tr(S,00—_3i5) + El0(x) — 6(Sh)]"Elé(x) — 6(Sh)), (16)
where the first term inside the trace can be expanded as:
o035 = Var[d(x) — ¢(S)] (17)
= E[((x) — ¢(95))(6(x) = &(S5) "] = (o — 1) (o — 1) " (18)
= S+ i 25yl — ud — i — (1, — ) (8 — )7 (19)

k
1
=1+ E)ZC (Last terms cancel out). (20)

To go from (18) to (19), we note that Var(X) = E[XXT] — E[X]E[X]T and 2. 2 Var(¢(x)).
Hence (19) can be obtained by expanding out the first term and taking the expectation of each
resulting item.

The second term of (16) is simply:

Ex,S|a,b[¢(X) - ¢(Sb)] = Hq — Hp- (21)
Putting them together:
1
= (14 D) Tr(Ze) + (ko — 1) " (Mo = 1y)- (22)
Similarly for é::
2
ii = Ex,sj0.l]|0() = 6050)|| | (23)
= Tr(S, 50 —3050) T El6(x) = 0(S2)]"E[é(x) — 6(Sa)] (24)
1
Putting together ¢ and i::
1 1
Ex,S|a,b[a] = (1 + E)TI‘(ZC) + (Ua - ub)(ua - ”b)T - (1 + E)TT(ZC) (26)
= (Mg — 1) " (1o — 1) 27)

13
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Then, since Eq b x, 5[] = Eq 5 [Ex,s0,5[a]], we have:

Eabs.s[0] = Eap[(g — 1) (1, — 1y)] (28)
= Eap[1g g, + 1 My — 1o 1, — 1 1] (29)
=Tr(S) + p u+Te(S) + p'u—2u0"p (30)
= 2Tr(%) €2))

Where from the second to the third line, we note that ul ', and u{ u, are quadratic forms while ul p,

describe a dot product between two independent randomly drawn samples which has expectation
T

[Tt O

For proof of Lemma[2] we first re-state the result on quadratic forms of normally distributed random
vectors by [Rencher & Schaalje| (2008).

Theorem 4. Consider random vector y ~ N (u,X) and symmetric matrix of constants A, we have:

Var(y” Ay) = 2Tr((AX)?) + 4u” AT Ap.

Proof of Lemma 2t
Proof.
Var(ala, b) = Var([6(x) - 50| - [|ox) - 5] G2)
= Var(o(x) = 3(5||) + Var(o(x) — 305 63)
~200w(|[ox) ~ 05| o) ~ 5] G4)
< Var([90) ~ 5| ) + Var( o) - 55| G3)
2 Var(ox) 3050 | Va0~ 3050 (36)

< 2Var([|60) 30| ) + 2var( o) ~ 55| ) a7

From 33 to 35, we used Cauchy Schwarz inequality. From line 35 to line 37, we use the fact that
2ab < a? +b% foralla,b € RT.
By applying Theorem[d] we have:

Var(o(x) ~ 8[| ) =201+ ) TH(52) 440+ )k, — ) Dol — 1)
Var([o00) — 3| ) = 20 + ()
Finally,
o s[Var(ala,b)] < Eqf2Var(| o) — 655 | ) + 2var( o) ~ 505 )
= B[S0+ 1 Tr(52) 4 801+ 1)1, — 1) Selity — )]
= 81+ DB [Tr{(1+ )52+ Sl — )b, — 1)7)]

1 1
=8(1+ %)Tr{ZC[(l + E)EC + 2%}
O
Extending to IV class: Let x, y denote the query data pair, and the set of IV classes be denoted as

c. Letai = o)~ 98|~ ot~ 9(5,)
Vi € [1,N],i # y,a; > 0. Hence: R(¢) = Prc,x7S(U%1 a; > 0)
i#y

2
. Then we have a correct prediction § = y if
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By Frechet’s inequality:
N

R(¢) > Y Pr(a; >0) — (N —2)
7
Noting that Theorem 3] can be applied to each term in the summation:
R(o) > i ATr(D)?
T 8(LH /R Te(32) 4+ 16(1 + 1/k) Te(23) + Eiy [((1y — 1) (1 — 15)7)?]
17y

It is then clear that the observations made on the binary case also applies to the multiclass case.

~(N-2)

A.6 ADDITIONAL RESULTS

Additionally, we experimented with directly setting the output dimension of the embedding network
to 60 by adding a fully connected layer to the embedding network. This variant of protonet performs
worse than both the base variant and all other methods.

Table 2: Classification Accuracy on minilmageNet-5-way, with 4 layer CNN + 1 Fully connected
layer embedding network.

TRAINING TESTING SHOTS AVERAGE
MODEL SHOTS 1 2 3 4 5 6 7 8 9 10 ACCURACY
PROTONET + FC 5 44.77% 53.75% 58.04% 61.06% 62.26% 64.60% 65.19% 66.63% 66.65% 67.52% 61.05+0.28%
—— 1-shot test —— 1-shot test
Accuracy vs p —— 2-shot test Accuracy vs d —— 2-shottest
—— 4-shot test —— 4-shot test

. — Sshottest — S-shot test
o] - Tshottest —— 7-shot test
070 —— 10-shot test

—— 10-shot test

Figure 3: Effect of hyperparameters on k-shot testing performance on minilmageNet.

Table 3: Classification Accuracy on minilmageNet-5-way, with 4 layer CNN embedding network.

TRAINING TESTING SHOTS AVERAGE
MODEL SHOTS 1 2 3 4 5 6 7 8 9 10 ACCURACY
VANILLA PROTONET 1 48.89% 56.54% 60.31% 63.12% 64.70% 66.02% 66.62% 67.99% 68.41% 68.90% 63.15+£0.21%

49.07% 56.49% 60.62% 62.67% 64.83% 66.23% 66.84% 67.90% 67.68% 68.73% 63.11+£0.22%
49.01% 5635% 60.07% 62.42% 64.38% 6528% 6656% 67.81% 67.59% 68.26% 62.77+0.22%

EST PROTONET
PCA PROTONET

[TV -

VANILLA PROTONET 4475% 56.61% 61.52% 6532% 67.23% 69.04% 70.66% 71.47% 71.84% 71236% 65.08+0.23 %
EST PROTONET 50.22% 59.04% 64.14% 66.61 % 6825% 69.46% 70.80% 71.60% 72.61% 73.29% 66.60 +0.23 %
PCA PROTONET 5 48.72% 58.43% 63.17% 66.07% 68.63% 69.56% 70.55% 71.21% 72.09% 72.82% 66.12+0.24 %
VANILLA PROTONET 10 39.99% 52.73% 59.71% 63.41% 6623% 6827% 69.86% 71.03% 71.72% 72.47% 63.54+0.25%
EST PROTONET 10 4898% 57.83% 63.13% 6639% 68.12% 69.82% 70.63% 71.85% 72.79% 713.22% 66.28+0.23 %
PCA PROTONET 10 48.04% 57.05% 6246% 64.63% 67.61% 68.98% 69.71% 71.78% 11.75% 712.42% 65.44+0.24%
VANILLA PROTONET 1-10 4936 % 58.67% 6277% 6576% 67.96% 69.20% 70.05% 70.90% 71.34% 7227% 65.83+0.21%
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Figure 4: Comparison between estimated accuracy lower bound and empirical accuracy for various training and
test shots. Experiment is 2-way few-shot classification performed on minilmageNet.

Table 4: Classification Accuracy on tieredlmageNet-5-way, with 4 layer CNN embedding network.

TRAINING TESTING SHOTS AVERAGE
MODEL SHOTS 1 2 3 4 5 6 7 8 9 10 ACCURACY
VANILLA PROTONET 1 4737% 5572% 5927% 61.50% 63.70% 64.28% 65.01% 66.43% 67.20% 67.99% 61.85+0.29%
EST PROTONET 1 4771 % 55.05% 5931% 61.97% 63.48% 64.65% 6535% 6633% 66.42% 67.44% 61.77+0.31%

PCA PROTONET 4772% 54.60% 58.69% 60.73% 62.78% 64.92% 65.88% 6588% 66.11% 66.87% 61.42+0.32%

VANILLA PROTONET S 4233% 55.06% 61.32% 64.57% 66.51% 67.86% 69.33% 70.15% 71.32% 72.05% 64.05+0.33 %
EST PROTONET 5 48.85% 5838% 62.75% 65.16% 67.24% 68.39% 69.89% 70.99% 70.87% 72.09% 65.46+0.32%
PCA PROTONET 5 48.34% 57.44% 079% 64.96% 67.07% 67.93% 69.08% 70.40% 70.38% 71.65% 64.96£0.31%
VANILLA PROTONET 10 3538% 49.40% 56.76% 61.25% 64.56% 66.56% 68.05% 69.31% 70.12% 71.03% 61.24+0.36%
EST PROTONET 10 4733% 56.75% 62.80% 65.78% 66.84% 69.07% 69.98% 70.82% 71.99% 71.20% 6526+ 0.32%
PCA PROTONET 10 46.55% 56.61% 60.81% 64.01% 66.53% 67.70% 69.18% 69.83% 70.62% 71.22% 64.31+0.33%

VANILLA PROTONET 1-10 47.65% 5623 % 62.12% 63.93% 66.34% 67.94% 68.44% 68.93% 70.80% 70.96% 64.33+£0.30%

Table 5: Classification Accuracy on Omniglot-20-way, with 4 layer CNN embedding network.

TESTING SHOTS

MODEL TRAINING SHOTS 1 2 3 4 5 AVERAGE ACCURACY
VANILLA PROTONET 1 95.074+0.17% 97.89+£0.09% 98.45+0.08% 98.75+0.06% 98.89 +0.06 % 97.81 4 0.06 %
VANILLA PROTONET 2 94.59+0.18% 97.69£0.09% 98.44+0.07% 98.69+0.06% 98.89 £ 0.06 % 97.66 £+ 0.07 %
VANILLA PROTONET 3 94.194+0.18% 97.57+0.09% 98.30+0.07% 98.63+0.07% 98.79 +0.06 % 97.50 £ 0.07 %
VANILLA PROTONET 4 93.794+0.18% 97.41+0.10% 98.19+0.08% 98.54+0.07% 98.75+0.06 % 97.34+0.07 %
VANILLA PROTONET 5 93.424+0.18% 97.34+0.10% 98.18+0.07% 98.53+0.07% 98.78 +£0.05% 97.25+0.07 %
MIXED-k SHOT 1-5 94.84+0.17% 97.81+£0.09% 98.45+0.07% 98.70+0.06 % 98.92+0.54 % 97.74 £ 0.06 %
PCA PROTONET 1 94.944+0.16 % 97.81+£0.09% 98.53+0.07% 98.79+0.06 % 98.85+0.06 % 97.78 £ 0.06 %
EST PROTONET 1 95.11+£0.17% 97.95+0.09% 98.46+0.07% 98.77+0.06 % 98.84 + 0.06 % 97.83 £0.06 %

Table 6: Classification Accuracy on minilmageNet-5-way, with 7 layer ResNet embedding network.

TRAINING TESTING SHOTS AVERAGE
MODEL SHOTS 1 2 3 4 5 6 7 8 9 10 ACCURACY
VANILLA PROTONET 1 52.65% 60.46% 64.18% 66.83% 68.27% 69.23% 70.19% 71.37% 71.83% 7229% 66.73 +0.20 %
EST PROTONET 1 52.56 % 60.63% 64.50% 66.53% 6833% 69.36% 70.04% 71.21% 71.37% 71.60% 66.61 +0.22%
PCA PROTONET 1 52.78% 60.35% 64.05% 66.24% 67.51% 69.64% 69.85% 71.13% 71.88% 71.79% 66.52+0.22%
VANILLA PROTONET 5 47.40% 5823% 64.60% 67.52% 69.93% 71.05% 7227% 7290% 73.55% 71435% 67.18+0.23%
EST PROTONET 5 51.93% 60.70% 6533% 68.06% 69.98% 71.26% 72.33% 73.46% 74.03% 74.80% 68.19+0.23%
PCA PROTONET 5 5090% 60.38% 64.66% 67.23% 69.25% 71.30% T1.72% 72.75% 73.84% 714.24% 67.63+0.23%
VANILLA PROTONET 10 4220% 5598% 61.67% 66.08% 68.23% 69.95% 7220% 72.56% 74.04% 71454% 65.75+0.25%
EST PROTONET 10 51.24% 60.46% 65.11% 67.63% 70.06% 71.07% 72.55% 73.39% 73.85% 74.69% 68.00+0.23%
PCA PROTONET 10 50.52% 59.20% 64.44% 66.86% 6936% 71.00% 71.73% 73.19% 73.73% 73.82% 67.38+0.23%

VANILLA PROTONET 1-10 51.74% 60.10% 65.13% 67.12% 69.09% 70.53% 71.57% 72.22% 72.99% 73.63% 67.41+0.21%
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Table 7: Classification Accuracy on tieredlmageNet-5-way, with 7 layer ResNet embedding network.

TRAINING TESTING SHOTS AVERAGE
MODEL SHOTS 1 2 3 4 5 6 7 8 9 10 ACCURACY
VANILLA PROTONET 1 49.78% 57.67% 61.37% 64.88% 6517% 66.73% 67.53% 68.58% 68.21% 69.88% 63.98+0.29%
EST PROTONET 1 51.19% 57.61% 61.85% 64.43% 6548% 67.64% 67.69% 67.76% 68.51% 68.20% 64.04+0.30%
PCA PROTONET 1 51.38% 57.89% 61.68% 64.32% 6596% 66.15% 66.83% 68.00% 68.58% 68.77% 63.95+0.30%
VANILLA PROTONET 5 47.88% 58.70% 63.95% 66.58% 69.12% 71.69% 71.95% 73.15% 73.11% 73.80% 66.99+0.31%
EST PROTONET 5 53.05% 61.13% 65.67% 68.07% 6930% 71.47% 71.59% 72.42% 72.80% 73.63% 67.91+031%
PCA PROTONET 5 5121% 59.86% 63.91% 66.92% 68.88% 70.38% 71.48% 72.77% 713.81% 7217% 67.14+032%
VANILLA PROTONET 10 40.84% 56.24% 62.10% 66.28% 69.37% 71.43% 72.09% 7291% 73.56% 14.72% 65.95+0.35%
EST PROTONET 10 50.45% 60.41% 65.19% 68.46% 69.55% 70.87% 72.07% 72.66% 713.78% 74.79% 67.82+0.32%
PCA PROTONET 10 50.18% 59.59% 64.24% 67.43% 69.52% 70.65% T1.78% 72.10% 72.78% 73.65% 67.19+0.31%

VANILLA PROTONET 1-10 50.74% 60.03% 64.17% 6726 % 69.28% 69.56% 71.07% 72.41% 71.99% 73.01% 66.95+0.29%

Table 8: Classification Accuracy on Omniglot-20-way, with 7 layer ResNet embedding network.

TESTING SHOTS

MODEL TRAINING SHOTS 1 2 3 4 5 AVERAGE ACCURACY
VANILLA PROTONET 1 96.46 % 98.39% 98.82% 99.01% 99.07% 98.35+0.05 %
VANILLA PROTONET 2 9585% 98.32% 98.80% 98.95% 99.07% 98.20 4+ 0.05 %
VANILLA PROTONET 3 95.35% 98.15% 98.73% 9891 % 99.03 % 98.03 = 0.06 %
VANILLA PROTONET 4 95.00% 98.05% 98.62% 98.90% 98.99% 97.91 +£0.06 %
VANILLA PROTONET 5 94.42% 97.98% 98.60% 98.77% 98.99 % 97.75 +£0.06 %
VANILLA PROTONET 1-5 96.53% 98.53% 9890% 99.06% 99.15% 98.43 +£0.05 %
EST PROTONET 1 96.18% 98.23% 98.68% 98.87% 98.99 % 98.19 +£0.05 %
PCA PROTONET 1 96.02% 98.22% 98.76 % 98.93% 99.02 % 98.19 £ 0.05 %
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