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ABSTRACT

Traditional machine learning still falls short of humans at tasks in data constrained
regimes as seen in zero and few shot learning. Can we mimick humans’ incredi-
ble ability to generalize new concepts with little to no supervision by integrating
contextual graph-based information? Here, we extend a formulation of graph neu-
ral networks for the few-shot classification task by introducing a new loss func-
tion regularizing the learned graph Laplacian to approach ground truth knowledge
graph distances of the class labels. We demonstrate the efficacy of our model by
integrating WordNet graph information to the few-shot Mini-Imagenet classifica-
tion task. Ablation studies suggest our model gives an accuracy boost to state
of the art graph neural network models for this task when used as an additional
module.

1 INTRODUCTION

In the traditional supervised machine learning framework for classification, the output classes are
considered as distinct semantic categories, often represented as one-hot encoding vectors, with no
consideration of inter-category information. In the context of few-shot or zero-shot machine learn-
ing, this framework for supervised training fails miserably Norouzi et al. (2013), as models trained
on a class-limited training set cannot generalize effectively to unseen or barely-seen classes. Though
there have been continued efforts in collecting larger data corpora with broader coverage of con-
cepts and categories, the few and zero-shot learning problem still remains a significant hurdle, and
improvements would significantly increase real-world applicability of models especially for data-
starved regimes. Recent advances seek to solve this problem by taking advantage of a simple fact:
our world, and how we categorize concepts, has structure. From a human intuition perspective, how
can we tell that we are looking at a zebra, even though we have never seen one before? Perhaps
one way is by reading somewhere that a zebra is a horse-like animal with black and white stripes.
Efforts in this field seek to capture this natural intuition.

One approach is to enforce explicit structural relations from existing ground truth knowledge, which
can be represented by graphs. Here, we summarize our work as follows:

1. We review the work of Garcia & Bruna (2017) and cast few-shot learning as a supervised
message-passing task which is trained as a Graph Neural Network (GNN).

2. We introduce a new graph distance loss function which integrates information from the
ground truth graph relationships between classes.

3. We demonstrate improved performance on the Mini-Imagenet use case, and run ablation
studies and error analysis to show that our formulation is most effective when used in
combination with the model proposed by Garcia & Bruna (2017).

In the following sections, we first review related works in Section 2. We then provide a mathematical
formulation of the few-shot problem in Section 3. Section 4 describes the model. Finally, Sections 5
and 6 describe the Mini-Imagenet dataset, and present experimental results and evaluations. Though
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the backbone of our study is based on that of Garcia & Bruna (2017), all work in Sections 4.4, 4.5,
5, and 6 is novel.

2 PRIOR WORK

Given the difficulty of the zero and few-shot learning task, a significant line of work has been
developed in integrating outside contextual information.

For example, Socher et al. (2013) captures intuitive ”contextual knowledge” by mapping images
into the semantic space of word labels that is learned by a neural network model, with word vectors
learned from a large, unsupervised text corpus. Another approach is to take convex combinations
of the output semantic embeddings from the training set classes to produce embeddings for unseen
ones Norouzi et al. (2013).

Here, we review prior work on two strands of research: improvements in the field on zero and
few-shot learning, and graph neural networks applied to this task.

2.1 PROTOTYPICAL NETWORKS FOR FEW-SHOT LEARNING

As model efficacy for image recognition and semantic word embeddings have improved, researchers
have built upon the GloVE Pennington et al. (2014) embedding work to also improve zero and few-
shot learning models. For example, Snell et al. (2017) introduce a model that embeds images using a
deeper CNN model into category space to classify unseen categories, which they dubbed ProtoNets.
They hypothesize that there exists an embedding in which points cluster around a single prototype
representation for each class. During training, they learn a non-linear mapping from the input space
to into an embedding space, and take these category ”prototype” to be the mean of its support
set in the embedding space. During classification time, the output category is simply the closest
anchor point to the input embedding, as defined by some distance metric. In this paper, the authors
contribute the following strong and interesting findings:

• During inference time, using squared Euclidean distance instead of the more commonly
used Cosine distance greatly improves prediction results. They hypothesize this is because
euclidean distance is a Bregman divergence as opposed to Cosine distance. It has been
shown for Bregman divergences that the cluster representative achieving minimal distance
to its assigned points is the cluster mean formulated by Banerjee et al. (2005), which is
exactly the ”prototype” point.

• Training schedule matters for zero-shot generalization. Experimentally, the authors note
that increasing the number of unseen classes during each episode of training increases
accuracy during test time, but maintaining the same number of examples per class during
training and testing is generally better.

• Their framework extends naturally to zero shot learning, where the model can learn some
embedding of the class metadata (e.g. word vectors) and perform a similar inference pro-
cedure.

This concept (including papers which make incremental improvements off this work, such as re-
placing the distance measure during inference with a learned neural network Sung et al. (2018), is
currently the state-of-the-art technique for few-shot learning. Here, some of the most impressive
strides come from improvements in deep image embedding architectures. Overall, this work shows
that one effective way to solve the few and zero-shot learning problem is to map example embed-
dings to the semantic embedding space of labels, so we can capture some label information, instead
of just using discrete representations, such as one-hot embeddings. One way to capture this label
information is to assume some underlying graph structure, which we discuss below.

2.2 ZERO-SHOT RECOGNITION VIA SEMANTIC EMBEDDINGS AND KNOWLEDGE GRAPHS

Recent work by Kipf & Welling (2016) develops an architecture to perform deep learning over
graphs. This paper applies the GCN architecture to the zero-shot learning problem. They use a
6-layer Graph Convolutional Network (GCN) model to transfer information (message-passing) be-
tween different categories that takes word vector inputs and outputs classifier vectors for different
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categories. During inference, these classifier vectors are multiplied with the image embeddings to
produce classification scores. Here, the authors constructed a knowledge graph based on NELL in
Carlson et al. (2010) and images from NEIL in Chen et al. (2013) for corresponding categories,
and show a significant increase in zero-shot learning accuracy compared to baselines. However,
the authors did not show experimental results on standard zero-shot learning datasets, such as mini-
Imagenet by Vinyals et al. (2016), which makes it difficult to compare against state-of-the-art mod-
els, such as by ProtoNet Snell et al. (2017) or RelationNet by Sung et al. (2018). These baseline
controls are important to distinguish whether the improvements in performance are due to deep
learning model architecture improvement (AlexNet by Krizhevsky et al. (2012) to ResNet by He
et al. (2016)) or the GCN.

Overall, the body of work in few-shot learning with graph neural networks is still recent, and is a
promising field of exploration. We detail our contributions below.

3 PROBLEM SET-UP

3.1 FEW-SHOT LEARNING

Here, we introduce the general problem setup and notations for the few-shot learning problem,
following the notation of Garcia & Bruna (2017). In this problem, we are given a small subset of
size N of all the classes. For each class, we choose a limited set of K labeled training examples.
Given a new example from one of the N classes, can we accurately predict its class? This problem
is described as k-shot, N -way learning. Formally, we consider a sets Ti of input output pairs drawn
iid from a distribution L of labeled image collections.

T =

{
{(x1, l1), ..., (xs, ls)}, {x̄}; li ∈ {1, N}, xi, x̄ ∈ Pl(RD)

}
where s is the number of labeled training samples and N is the number of classes. Pl(RD) denotes
a class-specific image distribution over RD, from which we sample iid training and test examples
xi, x̄. When s = kN , this formulation corresponds to the k-shot, N -way learning problem we
described above. The goal is to predict the ȳ ∈ {1, N} associated with x̄. Given a meta-training set
of (Ti, ȳi)i≤L over L splits, we consider the standard supervised learning objective

min
Θ

1

L

∑
i≤L

`(Φ(Ti; Θ), ȳi) (1)

for a loss function `, parameters Θ. We will use the model Φ(T ; Θ) = p(ȳ|T ) which we formalize
below.

4 MODEL

Here, we describe the main architecture we will use, and explain some intuitions as applied to our
use-case.

4.1 EMBEDDING MODEL

The embedding architecture used for Mini-Imagenet images is formed by a 4 convolutional
layers followed by a fully-connected layer resulting in a 128 dimensional embedding. This light
architecture is useful for fast prototyping, and its modularity allows replacement with any number
of more wider or deeper, including ResNet-50, VGG-16, etc. We use the same embedding model as
Garcia & Bruna (2017) to maintain comparability, the architecture is as follows:

1 × {3 × 3-conv. layer (64 filters), batch normalization, max pool(2, 2), leaky relu},
1 × {3×3-conv. layer (96 filters), batch normalization, max pool(2, 2), leaky relu},
1 × {3×3-conv. layer (128 filters), batch normalization, max pool(2, 2), leaky relu, dropout(0.5)},
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1 × {3×3-conv. layer (256 filters), batch normalization, max pool(2, 2), leaky relu, dropout(0.5)},
1 × {fc-layer (128 filters), batch normalization}.

4.2 SIMILARITY LEARNING WITH GRAPH PROPAGATION

Given a set T of limited training examples, we seek to associate the test example x̄ with a label
ȳ from one of the N classes. One of the key challenges of the few-shot problem is difficulty of
learning a metric function to compare input examples in embedding space, and much work has been
performed in this space.

We formulate this as a graph propagation problem. The goal is to propagate label information from
labeled samples towards the unlabeled query image. For each learning set T , we construct a fully
connected undirected graph GT = (V,E) where nodes vi ∈ V correspond to both labeled and
unlabeled images. The setup does not specify a fixed ei,j ∈ E. Instead, we seek to learn a similarity
measure between each node of the graph, and formulate the few-shot learning problem as a node
classification problem where the underlying adjacency matrix is learned. This framework is closely
related to the set representation from Vinyals et al. (2016), and we will show that our framework is
a generalization of this and other canonical works below.

We initialize the nodes by concatenating the output from our embedding model in Section 4.1,
ψ(xi) = zi with a one-hot representation of the ground truth example label hi = h(li), to get
vi = {zi, hi}. This gives us node embeddings in RD+N . We use these node embeddings as input to
our GCN model below.

4.3 GRAPH CONVOLUTIONAL NETWORKS

Here, we use Graph Convolutional Networks (GCNs) as formulated by Kipf & Welling (2016) to
learn a similarity metric between few-shot examples. GCNs seek to aggregate structural information
from graphs, and applied it to perform entity classification. This work builds upon approaches from
two general categories: explicit graph Laplacian regularization (Weston et al. (2012)) and graph
embedding-based approaches inspired by random walk models, including DeepWalk (Perozzi et al.
(2014)) and node2vec (Grover & Leskovec (2016)).

A convolutional propagation rule that operates directly on graphs and generates node embeddings
based on local network neighborhoods as shown below:

f(H(l), Â) = σ(D̂(− 1
2 )ÂD̂(− 1

2 )H(l)W (l))

where f is a function of H , the previous input hidden layer, and Â which is a learned adjacency
matrix. D̂ is a normalized diagonal matrix, and Â is the normalized adjacency matrix. In our
case H(1) = {v1, ...vs}. We seek to learn the weight matrix for each layer W (l). Theoretically, it is
motivated from a first-order approximation of spectral graph convolutions. From these hidden layers
we can extract a node output ĥ which we can feed into our loss function detailed in Section 4.5.

We also seek to learn an Adjacency matrix Â from node hidden representations. We have a simple
formulation:

Âi,j = MLP(|zi − zj |)
this adjacency matrix is then fed into the GCN, and backpropagation gradients can be passed
through.

4.4 NORMALIZED GRAPH DISTANCE LAPLACIAN

We seek to learn an appropriate normalized adjacency matrix Â to maximize the few-shot learn-
ing objective in (1). We hypothesize that integrating information from the relationships between
Mini-Imagenet classes would improve few-shot generalization. From WordNet, we calculate graph
distance functions between each of the N classes, to create a distance matrix D ∈ RN×N . More
detail can be found in Section 5.2.
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We first calculate a diagonal matrix of transmissions of the vertices of the graph T = diag(
∑

iDi).
We then calculate the normalized graph distance Laplacian L in the following manner:

L = I − T−1/2DT−1/2

where I is the identity matrix. This is analogous to the usual normalized Laplacian matrix, L =
I −D−1/2AD−1/2 where A is the weighted adjacency matrix and D is the diagonal degree matrix.

4.5 TRAINING

To train the above model, we can formulate a multi-objective loss function. The first loss is a simple
cross-entropy loss across the N classes, evaluated for the GCN output h̄.

Lclass = −
∑
n

yn logP (h̄ = yn|T )

The second loss seeks introduce supervision for the learned adjacency matrix Â by minimizing
the distance between the current graph laplacian L̂ = I − D̂−1/2ÂD̂−1/2 and the ground truth
normalized graph Laplacian calculated from the previous section:

Lgraph =
∥∥∥L̂− L∥∥∥

2

To train the multi-objective loss function we minimizes the convex combination of the losses ac-
cording to a hyperparameter α,

L = αLclass + (1− α)Lgraph

5 DATASETS

We work with the following datasets for the few-shot task.

5.1 MINI-IMAGENET

This Mini-Imagenet dataset was proposed by Vinyals et al. (2016) derived from the original
ILSVRC-12 dataset Krizhevsky et al. (2012). Its complexity is high due to the use of Imagenet
images but requires fewer resources than running the entire Imagenet dataset, which makes it more
suitable for fast prototyping. In total, there are 100 classes with 600 samples of 84×84 color images
per class. These 100 classes are divided into 64, 16, and 20 classes respectively for sampling tasks
for meta-training, meta-validation, and meta-test. Each class has around 600 samples.

5.2 WORDNET KNOWLEDGE GRAPH

Inspired by Wang et al. (2018), we sought to integrate the internal WordNet (Fellbaum (1998))
knowledge graph associated with the labels Mini-Imagenet, which includes around 74k nodes and
75k edges. The distribution of graph distances for the classes are shown in Figure 1.

For each of the 100 Mini-Imagenet classes, we calculated its shortest graph distance d(li, lj) to
each of the other 100 classes. This graph distance matrix was used for the graph adjacency loss
computation in Section 4.4.

6 EXPERIMENTS

6.1 BASELINE MODEL

Here, we describe a simple baseline model for comparison. We take the embedding model described
in Section 4.1 and learn a linear layer from the embeddings zi ∈ RD to an output in RN , the number
of classes. We then take the softmax of this output, and run cross entropy loss.
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Figure 1: Graph distance on Wordnet graph between each Mini-Imagenet node. Calculated using
Stanford SNAP software, Leskovec & Sosič (2016).

6.2 RESULTS AND ABLATION STUDY

We ran the experiments with the following settings: α = 0.1, batch size is 400, embedding dimen-
sion is 128, learning rate is 0.001, and momentum is 0.5. We performed hyperparameter tuning only
on the combination parameter α, all other hyperparameters were taken from Garcia & Bruna (2017).
We also included ablation study results in the table. Class loss refers to the model trained on only
Lclass and graph loss refers to the model trained on only Lgraph.

1-Shot 5-Way 1-Shot 15-Way

Baseline 19.71% 7.60%

Matching Networks Vinyals et al. (2016) 43.60%∗ —
ProtoNet Snell et al. (2017) 46.61%∗ —
MAML Finn et al. (2017) 48.70%∗ —
GNN Garcia & Bruna (2017) 50.33%∗ —

Our GNN (Class Loss) 48.59% 24.00%
Our GNN (Graph Loss) 21.40% 8.40%
Our GNN (Class Loss + Graph Loss) 49.86% 24.18%

Figure 2: Table 1: Few-Shot Learning ablation study on Mini-Imagenet. Starred results are taken
from references.

.

Here, we see that marginal gains are made by using incorporating the graph loss term Lgraph.
Ablation analysis shows that the class loss is necessary for any learning to happen, if we only train
with graph loss the accuracy returns to baseline levels. However, using a combination of class loss
and graph loss we get a large boost in the 1-Shot 5-Way experiment, and smaller boost in the 1-Shot
15-Way experiment. The expected accuracy gain may be a little lower than expected, considering
we are including an entire mode of relevant supervision. Our hypothesis is that the bottleneck here
actually is that the embedding model is overfitting on the training data, especially due to the small
size of labeled data, and the small size of the embedding model itself. Therefore, any focus on
learning similarities between samples may not be sufficient because of the low quality of the image
embeddings themselves. Indeed, the training accuracy is extremely high (around 70%, data not
shown) compared to the validation accuracy (49%). Furthermore, recent work shows that even the
baseline model can outperform many of the given comparison models, such as ProtoNet and MAML,
given a sufficiently deep embedding model such as ResNet50 Dhillon et al. (2019).

6



6.3 QUALITATIVE ERROR ANALYSIS

Here, we take a look at the successes and errors that the model made. Overall, the model was
especially good at predicting classes where the object images had similar viewpoints. For example,
it was especially good at predicting combination locks (Figure 3, middle), even after only seeing
one of them during training. This may be because most pictures of combination locks prominently
feature the locks themselves, so it was easier to generalize across examples in the class.

The model was unable to discern very specific classes, such as the difference between the ”dung
beetle” and the ”rhinocerous beetle” (Figure 4, left). Both classes are black beetles, often shiny in
pictures. These sorts of errors may be mitigated by a stronger embedding network, as discussed in
the section above.

Figure 3: Randomly sampled successful examples. The predicted classes were ”catamaran”, ”com-
bination lock”, and ”garbage truck” from left to right.

.

Figure 4: Randomly sampled failure examples. The predicted classes were ”dung beetle” and ”ski”
from left to right.

7 CONCLUSION

Few/zero-shot learning efficacy is crucial for applying machine learning in the real world, where
data is unlabeled, sparse, and class-imbalanced. The central intuition is that relational semantics of
concepts in label space are important for few-shot image recognition – we can borrow from familiar
concepts to learn about new ones. In this paper, we show a formulation of this hypothesis by learning
the graph distances between classes in the WordNet hierarchy.

From a scientific perspective, this research paper proposes a more “human-like” learning procedure
that extends beyond few-shot learning and provides a formulation for meta-learning and active learn-
ing. From a medical application perspective, we can do better drug discovery over protein-protein
interaction networks with less data. Overall, the diversity and importance of potential applications,
combined with a burst of research interest in this field, suggests graph-based few-shot learning as a
promising research direction.
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