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Abstract
We propose a novel method for few-shot learning of visual concepts from only
a small number of positive examples. Our experiments on a large-scale visual
concept dataset confirm that our gradient-based meta-learning method can learn
new visual concepts strictly from positive examples, akin to how humans learn
new concepts. Furthermore, we compare our method with human performance on
a classic concept-learning task, showing that both are similarly impacted by the
underlying taxonomic structure of the visual concept dataset.
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Introduction

Neural networks have achieved remarkable success in a variety of complex learning tasks such
as speech recognition, object detection, and machine translation (e.g., He et al., 2017; Wu et al.,
2016; Xiong et al., 2017). However, these models require a prohibitively large number of labeled
examples for good performance. In contrast, humans can learn efficiently from even a small number
of examples. To attain human-level intelligence, our artificial agents must also be able to learn from
small amounts of data. Recent work in few-shot learning has therefore turned to developing methods
that work with a small number of examples per target class (e.g., Ravi & Larochelle, 2017; Vinyals
et al., 2016; Wang & Hebert, 2016; Finn et al., 2017; Snell et al., 2017).
Yet, even the small data setting as explored in the few-shot classification literature is very different
from the real-world settings in which humans learn. People are able to make sharp inferences about
conceptual boundaries from only a small number of positive examples of a concept (Feldman, 1997;
Lake et al., 2015). Moreover, their inferences benefit from prior knowledge about the relational
structure between concepts (Callanan, 1989; Xu & Tenenbaum, 2007). These key features of a
naturalistic learning scheme – one-class learning and sensitivity to structured prior knowledge – have
not been explored fully in the context of neural network models that learn from small amounts of data.
Closing this gap is necessary in order to develop scalable learning systems capable of human-level
decision making in the real world.
In this paper, we develop a novel training procedure which enables a standard neural network model
to succeed at generalizing concepts in this naturalistic setting, outperforming previous methods for
few-shot learning applied to the same task. To the best of our knowledge, no prior deep few-shot
method has been reported to handle such a naturalistic concept learning task.
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Preliminaries

Model-agnostic meta-learning (MAML) (Finn et al., 2017) formulates meta-learning as estimating
the parameters θ of a model so that when one or a few
 batch gradient descent steps are taken from
(j)
the initialization at θ on the training data X(j)
trn , ytrn , the updated model has good generalization


(j)
performance on that task’s validation set, X(j)
val , yval . In particular, the MAML objective for a model
that performs maximum likelihood estimation is
L(θ, X, y) = −

X
j


(j)
(j)
(j)
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val , θ + α∇θ log p ytrn Xtrn , θ
|
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}
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where we use φ(j) to denote the updated parameters after taking a gradient step with step size α on
the likelihood associated with the task T (j) . At meta-test time, a new task from the meta-testset is
(j)
presented to the model for few-shot adaptation (i.e., batch gradient descent with X(j)
trn , ytrn ) and
(j)
(j)
computation of test-time performance metrics. (e.g., accuracy on Xval , yval ).
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CAML: Concept acquisition through meta-learning

MAML is agnostic to the architecture of the model as well as the loss function. We also make
 a
(j)
novel observation that MAMLis agnostic to the composition of the training samples X(j)
trn , ytrn and
(j)
validation samples X(j)
val , yval . That is, unlike standard supervised learning methods, MAML does
not assume that the training and validation samples come from the same distribution, though it does
assume that the meta-training tasks and meta-test tasks come from the same task distribution p(T ).
We take advantage of this property in order to define a positive-example variant of MAML, which we
term CAML, to be used for few-shot concept learning from only positive examples. At meta-training
time, each of the tasks T (j) only includes positively labeled examples X(j)
trn , while the validation set
X(j)
val includes both positive and negative examples, with the negatives sampled uniformly at random
from other categories.
In the meta-level objective in Equation (1), the training examples in the inner gradient computation are
(j)
strictly positive examples (i.e., ytrn
= 1) of a particular concept j, whereas validation examples in the
(j)
outer gradient computation include both positives and negatives (i.e., yval
∈ {0, 1}). Meta-training
proceeds as follows: A concept index j is sampled from the meta-training set. Then, for K-shot
learning, 2K positive examples of the concept and K negatives are sampled. φ(j) is computed using
K of the positives, and then meta-gradient is computed using the remaining examples. Finally, the
meta-parameters θ are updated by averaging the meta-gradient over a meta-batch of concepts. At
meta-test time, the model with trained parameters θ is presented with K positive examples from a
new concept in the meta-test set; the model computes φ and is evaluated on its ability to distinguish
new examples of that concept from negatives of held-out concepts.
By training the model to successfully discriminate the members of a category from all other inputs in
the validation set, the meta-learning procedure must estimate model parameters that can estimate a
decision boundary from only positive examples.
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Humanlike concept learning

Humans are notable in their ability to identify members of a concept from only a few positive
examples, and it is hypothesized that they make use of an inductive bias for taxonomically structured
concepts in order to do so (e.g., Tenenbaum, 1999). In this section, we investigate whether CAML is
able to learn, via a concept learning meta-learning procedure, a similarly appropriate bias in order
to succeed on a concept generalization test that requires sensitivity to an underlying taxonomy of
object kinds. To this end, we present the results of a human evaluation that studies behavior on a
concept learning task in which we manipulate the taxonomic relationship between the few positive
examples of a concept. Following previous work on Bayesian concept learning (Xu & Tenenbaum,
2007; Abbott et al., 2012; Jia et al., 2013), we define a task to investigate how people learn concepts
at varying levels of abstraction from only a few positive examples. As stimuli, we constructed 8
image taxonomies, each including a subordinate, a basic, and a superordinate level, following the
taxonomies of Rosch et al. (1976). If the exact subordinate node from Rosch et al. (1976) is not found
in ImageNet, we find a close semantic match via the WordNet (Fellbaum, 1998) taxonomy.
In our task, a participant observed 5 images of a single concept, sampled from one of the three levels
of taxonomic abstraction. For instance: in a subordinate training condition, the examples could be
all Dalmatians; in a basic-level training condition, all dogs, or in a superordinate training condition,
all animals. To test generalization behavior, participants were then given a test array of 24 images
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Figure 1: A comparison of human behavioral data and model behavior on the generalization task of
Section 4. The horizontal axis identifies the training condition (i.e., the level of taxonomic abstraction
from which the few-shot examples are taken). The vertical axis identifies the proportion of images
each of type of match (bar color) chosen from the test array.

and were asked to pick which images also belonged to the learned concept. The test array comprised
2 subordinate matches (e.g., other Dalmatians), 2 basic-level matches (e.g., other breeds of dog), 4
superordinate matches (e.g., other animals), and 16 out-of-domain items (e.g., inanimate objects),
following Xu & Tenenbaum (2007). We recruited 900 unique participants from Amazon Mechanical
Turk to each complete 8 trials as described above, one randomly sampled for each of the superordinate
categories. The test sets was fixed within a superordinate category. Participants were paid $0.40 each.
Figure 1a presents the results of the behavioral experiment for each of the three taxonomic levels. As
expected on the basis of previous work, there is an exponentially decreasing generalization gradient
as the level of taxonomic abstraction of the test matches (color in the plot) increases. However, this
effect diminishes as the intra-class variation of the few-shot examples increases: Moving from the
subordinate condition to the basic condition increases the number of basic-level matches chosen
from the test set. The condition in which there is greatest intra-class variation – the superordinate
condition – exhibits only a small generalization gradient.
The generalization gradient observed in humans is also exhibited by our model in Figure 1b: When
the few-shot examples are taken from a basic-level category (the basic condition; e.g., different breeds
of dog) as opposed to a subordinate category (the subord. condition; e.g., Dalmatians), the model
generalizes to more basic-level matches (e.g., different dog breeds) from the test array. In the plot,
this can be seen by comparing the ratio of subordinate generalization (black column) to basic-level
generalization (blue column) within each training condition (i.e., the gap between the black and
blue bars is diminished in the basic condition vs. the subord. condition). Furthermore, when the
few-shot examples are taken from a superordinate category (superord. condition), both the model and
humans are equally likely to pick subordinate, basic-level, or superordinate matches from the test
array. In Figure 1a, this can be seen as the generalization to all levels of the taxonomy (black, blue,
and yellow bars) being close to equal.
Lastly, correlation between human and model judgments shows that a model trained on a conceptual
hierarchy provides a better fit (Pearson’s r of 0.77) than one trained on a random hierarchy, in which
leaf nodes are randomly conjoined and thus there is no underlying hierarchical structure (Pearson’s r
of 0.68). This is not a problem of underfitting in the model trained on a random hierarchy, as both
models achieve similar accuracy on a non-hierarchical (i.e., classic ImageNet classification) test set:
63.8% (hierarchical) vs. 62.9% (random).
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Discussion

We presented a method for few-shot concept learning that combines ideas from human learning
and recent advances in deep meta-learning. Central to our approach is the idea that concepts can
be learned from only a few positive examples: When humans see an object from a new category,
they can quickly infer which other objects belong to that same category, without explicitly being
presented with negative examples. We demonstrate that, through a novel training procedure that uses
positive training examples and mixed positive and negative validation examples at meta-training time,
we can learn from only positive examples at meta-test time using a discriminative gradient-based
3

meta-learning approach. To the best of our knowledge, our method is the first deep few-shot learning
method that learns concepts strictly from positive examples.
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