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Abstract

(Motivation) A long-standing challenge in deep learning is
accelerating training time, i.e. the time required for neu-
ral networks to learn near-optimal layer weights on com-
plex datasets. It is well known that the human brain learns
best by perceiving progressively more complex examples of
a concept. Similarly, a curriculum of progressively more
complex tasks could accelerate a neural network’s train-
ing (Elman, 1993). Curriculum Learning attempts to train
deep networks in phases of progressively more difficult ob-
jectives. We propose a methodology for automating curricu-
lum learning using simple classifiers to estimate the diffi-
culty of training examples and thereby automatically design
a curriculum. We also present the results of applying this
approach to two image classification tasks.

1. Motivation and Related Work
1.1. Deep learning

Deep learning has taken machine learning and computer
vision by storm ever since AlexNet[8] greatly outperformed
any other model at the time on the ImageNet[10] dataset us-
ing a deep convolutional network. Deep learning has since
become a very active area of research and many questions
in the field have not found definitive answers.

Compared to conventional machine learning algorithms,
algorithms based on deep learning often require orders of
magnitude more data (and computations) to train. In fact,
one of the main reasons for the recent resurgence of neural
networks is that the required calculations can be performed
efficiently in parallel on GPUs, which have rapidly grown
in power in recent years.

1.2. Curriculum learning

A natural question to ask is if we can somehow accel-
erate convergence during training. There are several ap-
proaches to this, like good weight initialization[4] and mod-
ified optimization methods[6, 1, 7]. Curriculum learning[2]
takes a different approach: we attempt to feed the training
data to the model in an order which encourages fast conver-
gence.

Humans tend to learn more easily by building from sim-
ple examples. Similarly, when it comes to machine learn-
ing, and deep learning in particular, we might suspect that
it is beneficial for an algorithm to be trained on simpler ex-

amples first before moving on to more difficult ones. Using
curriculum learning, one hopes that we can accelerate train-
ing by allowing the network to learn basic characteristics
of the task before moving on to progressively more difficult
details. Indeed, it was observed in [2] that curriculum learn-
ing for neural networks improved the rate of convergence on
a shape recognition task.

1.3. Choosing a curriculum and our approach

The concept of curriculum learning begs the question:
what does it mean for a certain image to be “easy” vs “diffi-
cult”? [2] used prior human knowledge to separate the data
into easier and more difficult examples. However, some re-
cent results [5, 9] show promising outcomes by automati-
cally learning the curriculum. In both of these cases, how-
ever, there was an auxiliary model that explicitly learned the
curriculum for the main model.

Our approach is a bit different. We hypothesize that it is
possible to automatically distinguish between easy and dif-
ficult examples by training simpler models on the data and
then observing the performance of the simple model on the
examples. Intuitively, we can expect that if a certain ex-
ample is “easy”, both the simple model and more complex
main model will easily be able to classify this example. We
then sort the training examples depending on how well our
simple model performed on them and thus get a curricu-
lum for the main model. The assumption is that the sim-
ple model will train very quickly in comparison to the main
model, and thus that we will still decrease computational
time overall since the number of training iterations to reach
a desired accuracy in the main model should be reduced.

2. Methodology
2.1. Description of framework

We want to train a classifier fW for some task. To help
us train this model, we will have a simple classifier gθ that
takes an input and calculates a confidence score in [0, 1] for
each of the classes. We will define the difficulty of a training
example (X,Y ) [where X is the input and Y is the correct
class label] with respect to gθ as−gθ(X)Y . So, an example
is difficult with respect to gθ if gθ gives a low score to the
correct class, and conversely, easy if it gets a high score for
the correct class.

The first step of the framework is then to train the model
gθ on the training data. After we have done this, we sort the
data into k bins by their difficulty with respect to gθ, let’s
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Figure 1: High-level diagram of our framework

sayB1, . . . , Bk, where allBi have (roughly) the same num-
ber of training examples, and the examples in Bj are more
difficult with respect to gθ than those in Bi iff j > i. We
then split the training into k stages where at the j’th stage,
we train on all examples in

⋃
i≤j

Bi using batch stochastic

gradient descent.
Alternatively, we can also run batch SGD and sample

examples to form our batch with probabilities according to
their “easiness”. Specifically, we used the following ap-
proach: (1): Rank all training examples from easiest to
hardest. (2): To form batch k, we first construct a prob-
ability distribution over all training examples: P (xi) =
max(0, 1 − 1

α|X| (rk(xi) − βkB), where |X| is the total
number of training examples, B is batch size, rk(xi) is
the 0-indexed rank of xi from easiest to hardest, and α, β
are previously chosen hyperparameters. We then normalize
these probabilities so that they sum to 1, and finally sample
k examples according to these probabilities to get our next
batch [sampling with replacement, for implementation sim-
plicity]. Intuitively speaking, this equation assigns higher
probability to easier examples (and truncates “probabilities”
that go below zero), but as the network trains, the sampling
probabilities even out due to the βkB term. The reason that
we do not simply sample according to the difficulty score
directly is that our basic classifiers are not guaranteed to be
well-calibrated, so this might lead us to highly oversample
or undersample certain examples due to skewed predictions.
By contrast, a ranking-based sampling function offers reli-
able behavior agnostic of the choice of simple classifier.

2.2. Simple classifiers

For the simple classifier, we have tried the following:
(1) a multinomial logistic regression (or softmax regres-
sion) [which could also be seen as a fully connected net-
work with no hidden layers and a cross-entropy loss]; (2) A
multi-class one-vs-all linear SVM; (3) a shallow convolu-

tional neural network with one convolutional layer and one
fully-connected hidden layer. The former two were trained
using scikit-learn, and the latter with TensorFlow (as
with our main model). The choice of these classifiers was
motivated by their lower runtimes relative to training our
full model, thus offering the potential for overall speedup.
We also considered k-Nearest Neighbors and multi-class
kernelized SVMs, but due to their high (superquadratic)
computational cost, these “simple” models actually take far
longer to train than the full neural network [fW ] itself, and
thus would not be useful without implementing highly par-
allel versions of these algorithms ourselves. So, we focused
on the three classifiers mentioned above.

2.3. Main model (Multilayer CNN)

Input	Image	(784x1)

Conv	Layer	1	k(5x5)	f(64)

Conv	Layer	2	k(3x3)	f(64)

Max	Pool	k(2x2)

Conv	Layer	3	k(3x3)	f(128)

Conv	Layer	4	k(3x3)	f(128)

Max	Pool	k(2x2)

Fully	Connected	Layer	1

Fully	Connected	Layer	2

Figure 2: Main Convolutional Architecture

We first pass the image through two convolutional layers,
with 64 output channels each, and a kernel size of 5x5 and
3x3 respectively. The output of the 2nd convolution layer
is fed into a max pool layer with a 2x2 kernel. From here
the output is passed through two more convolutional layers
each with 128 channels and 3x3 kernels.

We then pass the signal through a final max pooling layer
with a 2x2 kernel and feed it to two fully-connected (FC)
layers. The first fully connected layer maps the embedding
to a 1024 vector, and the second maps the 1024 size vec-
tor to the class mappings, i.e. a size 10 vector. We used 50
percent dropout while training as well as L2 weight regular-
ization. We initialized our weights using Xavier initializa-
tion. We used the leaky ReLU (LReLU) activation function
with parameter 0.01: LReLU(x) = max(x, 0.01x). The final
activation function is a softmax (as is typical for multiclass
prediction tasks).
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2.4. Adapted Inception Module

We wanted to evaluate the effectiveness of an adapted
Inception module. The first branch was a 1x1 convolution
of the input image with 8 filters. The second branch was a
1x1 convolution followed by a 3x3 convolution. The third
branch was a 1x1 convolution followed by a 5x5 convolu-
tion. Finally the fourth branch consisted of a 3x3 convolu-
tion followed by a 1x1 convolution. The output of the in-
ception module was passed to a 5x5 average pooling layer
and a fully connected layer mapping the input to a vector the
size of the class dimensions. The adapted Inception module
was not as effective as the multilayer CNN, which could be
due to the fact that we did not incorporate the “stem” of the
Inception module. Furthermore, stacking Inception mod-
ules has also shown to yield better performance, as well as
adding additional filters in the convolutional layers; how-
ever, the computational requirements severely limited the
number of modules we could stack, so we could not get
better performance than our original multilayer CNN (top-
ping out at around 30% on a noise-free validation set when
training on CIFAR with noise parameter 5, a far cry from
the 49% we get on this task with our previous model).

2.5. Overall Algorithm Description

We sorted the training data in ascending order of diffi-
culty and bucketized it into n different buckets [where n is
an input parameter to the algorithm]. The main model (the
multilayer CNN) was trained in n stages, initially starting at
1; during stage k, all training examples only come from the
easiest k buckets. After a predetermined number of steps
[which is a tunable hyperparameter that we set to 3000

n , the
stage is advanced to k + 1, unless we are already in the fi-
nal stage (stage n), in which case we are already drawing
training examples from the entire training set. The CNN
was trained using minibatch gradient descent, with a batch
size of 50. Note that the algorithm with 1 bucket simply
corresponds to standard minibatch gradient descent, since
the first (and only) bucket contains the entire training set.
This is our baseline for evaluating the performance of our
method. It is important to note that the basic classifier is
only run once, before the training of the CNN is begun.

Within each stage, the order of training examples was
randomized, as is standard practice (and the examples were
re-shuffled each time the stage was advanced). This was
done in order to avoid explicitly training on the examples
in strict order of easiness, which would be a deterministic
training ordering that could lead to undesirable artifacts.

We also tested the version of our model that samples ex-
amples according to their difficulty, rather than explicitly
bucketizing the examples. However, in no case did it per-
form better than all bucket-based models. A more extensive
hyperparameter search would need to be done to determine
whether it can offer a benefit, for which we unfortunately

do not have the computational resources. For the sake of
brevity, we thus avoid reporting these results.

3. Evaluation and Discussion
3.1. Description of Data

We have used the MNIST [3] and CIFAR datasets for our
experiments. We found that these tasks were quite easy for
our final convolutional architecture, in that it achieved good
validation set accuracy after a low number of minibatch gra-
dient descent steps. To more easily assess the potential ben-
efits of curriculum learning, we thus made the task harder
by adding noise to our data as follows:

For each training image xi [represented as a floating-
point vector with values in [0, 1] and length equal to the
number of pixels in each direction times the number of
channels], we selected a value σ2

i uniformly at random
in [0, S], roughly corresponding to the desired amount by
which we are increasing the difficulty of that example,
where S is a previously chosen parameter (we used S = 5
for CIFAR and S = 20 for MNIST). We then generated a
vector of random noise of the same length as xi by inde-
pendently sampling a Gaussian with mean 0 and standard
deviation σ2

i for each of the entries, adding the resulting
vector to the original xi, and finally clipping the result to
lie in [0,1]. (See Appendix for examples of such ‘noised’
images.)

3.2. Results

In Figures 3 and 4, we show the learning curves for train-
ing our main model, with logistic regression and CNN ba-
sic classifiers, on noised CIFAR data (with noise parameter
equal to 5), and validating on noised and un-noised data, re-
spectively. We plotted only the validation set accuracy (ev-
ery 10 training steps), as the curve is smoother and easier to
interpret visually, and also represents the quantity that we
truly want to optimize. We see that the logistic regression
basic classifier offers a clear performance boost in the ini-
tial stages (more pronounced and long-lasting [over 5000
batches] when validating on un-noised data - see Fig. 4),
while the shallow CNN performs little better than default
training. Using SVM as a basic classifier also performs only
as well as default training, so we have not included the plots.
Clearly, the accuracy is much lower when validating on data
that also contains noise, which is to be expected; neverthe-
less, the logistic regression classifier does show a benefit
here as well, if only for about 1500 batches.

It is perhaps more informative to compare the time taken
for a model to reach a specified accuracy threshold than sim-
ply looking at the final validation accuracy when evaluating
the ability of our approach to accelerate learning, since it
is likely that the models will eventually saturate around the
same accuracy. Thus, in Table 1 we report the number of
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Table 1: Main model performance on noised MNIST task,
compared to simple classifier training accuracy. The first
column shows the training accuracy of the basic classifier.
Columns 2 and 3 show the final test accuracy, number of
batches processed until the main model reaches 80% vali-
dation accuracy and same for 90%, when using each of the
models as the basic classifier. The final main model test ac-
curacy was 0.11 when not trained with any basic classifier -
barely better than random.

Model
Train Acc
(MNIST)

(Final CNN
Val Acc,
# to 80%,
# to 90%):
2 Buckets

(Final CNN
Val Acc,
# to 80%,
# to 90%):
3 Buckets

LR 0.2534
(0.93,
2000,
2500)

(0.94,
500,
800)

SVM 0.1121
(0.11,

—,
—)

(0.82,
2900,
—)

Shallow
CNN 0.4068

(0.93,
900,

1700)

(0.94,
500,
900)

batches to 80% and 90% validation accuracy, respectively,
when training our main model on noised MNIST data [with
noise scale of 20] and validating on un-noised data. We
observe that the SVM, which barely performs better than
random on this task, does not help accelerate learning at all,
while the other two classifiers do. The Shallow CNN, while
being a better model by itself than logistic regression, does
not further accelerate training of the main model when more
three or more buckets are used.

When we performed similar tests on un-noised CIFAR
data (or un-noised MNIST data), the curriculum learning
approach did not show any benefit, as the validation curves
looked roughly the same with or without curriculum learn-
ing. We hypothesize that this is actually due to our core
model being “very good” at these tasks (it saturates at over
98% validation accuracy on MNIST and over 80% on CI-
FAR). To support this assertion, we experimented with us-
ing a shallow CNN as our main model, with logistic re-
gression as its basic classifier for curriculum learning, for
the un-noised CIFAR task. This CNN does not do well on
this (relatively easy) task overall, saturating at only around
46% validation accuracy. Nevertheless, when we used cur-
riculum learning and varied the number of buckets, we saw
consistently that the curriculum learning approach sped up
training in the very early stages (although we still saw the
curves catch up later on; see Table 2). This supports the
idea that the addition of noise is not always necessary for

our approach to be beneficial, at least early in training.

Table 2: Results for basic CNN, trained with Logistic Re-
gression as basic classifier on un-noised CIFAR data. VA
stands for Validation Accuracy. Mean accuracies were
taken over five runs each. Batch size was 50.

# Buckets VA after 200 steps VA after 300 steps
1 0.325 0.353
2 0.347 0.378
3 0.392 0.397
4 0.381 0.414

Figure 3: Learning curves for main model with various
numbers of buckets trained on noised CIFAR data but vali-
dated on un-noised data. Left: Logistic regression as basic
classifier. Right: A simple CNN as basic classifier.

Figure 4: Learning curves with various numbers of buckets
validated on unnoised CIFAR. Upper: Logistic regression
as basic classifier. Lower: A simple CNN as basic classifier.
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4. Discussion and Future Work

It is notable that learning is almost always significantly
accelerated for the first few hundred to thousand iterations
when using curriculum learning with a good basic classifier,
but that the difference generally goes away after a while,
and the standard network catches up in terms of validation
accuracy. It would be an interesting future experiment to
test whether similar models are learned with and without
the curriculum approach, or whether the two training meth-
ods arrive at very different local minima. This could, for in-
stance, be done by looking at which training examples are
misclassified by each of the models and comparing these
sets.

Another note is that our approach seems to work better
when noise is added compared to when training on the data
without noise. One explanation for this is that classification
on CIFAR and MNIST is an inherently easy task, in which
case the models already learn fairly quickly and the useful-
ness of curriculum learning diminishes. An example of this
happening is when we train on MNIST without noise, in
which case the convergence happens so quickly that its dif-
ficult to see a difference. Thus, with more time and comput-
ing power, it would be interesting to see how the automated
curriculum learning approach would perform on a more dif-
ficult task, like classification on ImageNet.

There is an additional benefit to training on a larger
dataset like ImageNet. In our runs, if we used too many
buckets and did not advance between the buckets fast
enough, we would overfit to the easy buckets (the valida-
tion loss would stop improving). This is probably in part
due to the fact that the easy buckets are inherently easier to
overfit to. However, it is also clear that a major issue can
be the size of the buckets. On the other hand, if we have
a larger dataset, we could train on the buckets for longer
before advancing to the other buckets which might increase
the effectiveness of curriculum learning. In the same vein,
we could experiment with different criterion for switching
between buckets. A sensible idea would be to switch when
the validation accuracy stops increasing (which would sug-
gest that we are starting to overfit on the current bucket).
We experimented with this, but found that it was difficult
to determine a good heuristic for switching, since the val-
idation accuracy is not monotonic and the average rate of
increase slows down as training proceeds, regardless of the
training method used.

5. Conclusion

This automated approach to curriculum learning shows
the potential to decrease network training time. However,
the approach requires additional hyperparameters to con-
sider when tuning models, especially the choice of basic
classifier and number of buckets. Our experiments have

shown that we can make a learning problem more challeng-
ing by adding random noise with differing levels of variance
to the dataset, and correspondingly show a greater benefit
to curriculum learning, though this is admittedly somewhat
contrived and may not even work for all datasets (partic-
ularly those with discrete-valued features). Despite these
drawbacks, this approach is promising because it may al-
low deep learning practitioners to expend less effort on data
selection in the future, being able to simply apply the cur-
riculum approach instead to filter bad examples. There are
many potential applications of this; for instance, security
footage might come from several different cameras, and
each camera might have differing levels of image quality
based on camera model, lens dust, and more. An image pro-
cessing model might have difficulty learning from poorly
captured images, but automated curriculum learning could
help identify such images and set them aside until the end,
so that the model can learn more basic features first from
higher-quality images. We believe that this adaptive cur-
riculum learning approach could be a promising avenue for
several directions of future research, and hope to see it ap-
plied to real-world problems.

6. Appendix

Figure 5: Examples of an “easy” [left] and “hard” [right]
perturbed MNIST training example as identified by logistic
regression classifier.

Figure 6: Examples of easy [airplane, left], medium [frog,
middle], and hard [airplane, right] noised CIFAR examples
as identified by the shallow CNN classifier.
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