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Abstract: Many natural language processing architectures are greatly affected by seemingly small
design decisions, such as batching and curriculum learning (how the training data are ordered during
training). In order to better understand the impact of these decisions, we present a systematic analysis
of different curriculum learning strategies and different batching strategies. We consider multiple
datasets for three tasks: text classification, sentence and phrase similarity, and part-of-speech tagging.
Our experiments demonstrate that certain curriculum learning and batching decisions do increase
performance substantially for some tasks.
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1. Introduction

Curriculum Learning Strategies

When designing architectures for tasks in natural language processing (NLP), relatively small methodological details can have a huge impact on the performance of the
system. In this paper, we consider several methodological decisions that impact NLP
systems that are based on word embeddings. Word embeddings are low-dimensional,
dense vector representations that capture semantic and syntactic properties of words. They
are often used in larger systems to accomplish downstream tasks.
We analyze two methodological decisions involved in creating word embeddings:
batching and curriculum learning. For batching, we consider what batching method to use,
and what batch size to use. We consider two batching methods, which we denote as basic
batching and cumulative batching. Curriculum learning is the process of ordering the data
during training. We consider three curriculum learning strategies: ascending curriculum,
descending curriculum, and default curriculum.
Our batching and curriculum learning choices are evaluated using three downstream
tasks: text classification, sentence and phrase similarity, and part-of-speech tagging. We
consider a variety of datasets of different sizes in order to understand how these strategies
work across diverse tasks and data.
We show that for some tasks, batching and curriculum learning decisions do not have
a significant impact, but for other tasks, such as text classification on small datasets, these
decisions are important considerations. This paper is an empirical study, and while we
make observations about different batching and curriculum learning decisions, we do not
explore the theoretical reasons for these observations.
To begin, we survey related work before introducing the methodology that we use to
create the word embeddings and apply batching and curriculum learning. Next, we define
architectures for our three downstream tasks. Finally, we present our results, and discuss
future work and conclusions.

across Tasks and Datasets.
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2. Related Work
Our work builds off previous work on word embeddings, batching, and curriculum learning.
2.1. Word Embeddings
Throughout this paper, we use a common word embedding algorithm, word2vec [1,2],
which uses a shallow neural network to learn embeddings by predicting context words.
We use the skip-gram word2vec model, a one-layer feed-forward neural network which
tries to optimize the log probability of a target word, given its context words.
In many cases, word embeddings are used as features in a larger system architecture.
The work of Collobert et al. [3] was an early paper that took this approach, incorporating
word embeddings as inputs to a neural network that performed part-of-speech tagging,
chunking, named entity recognition, and semantic role labeling. This line of work has been
expanded to include many other tasks, including text similarity [4], sentiment analysis [5],
and machine translation [6]. In this paper, we use word embeddings in systems for text
classification, sentence and phrase similarity, and part-of-speech tagging.
We explore two methodological decisions in creating word embeddings: batching and
curriculum learning.
2.2. Batching
We use two batching approaches (denoted as basic batching and cumulative batching).
Basic batching was first introduced in Bengio et al. [7], and cumulative batching was first
introduced in Spitkovsky et al. [8]. These approaches are described in more detail in
Section 3.2.
While we use the batching approaches described in these papers, we analyze their
performance on different tasks and datasets. Basic batching was originally proposed for
synthetic vision and word representation learning tasks, while cumulative batching was
applied to unsupervised dependency parsing. We use these batching techniques on NLP
architectures built with word embeddings for the tasks of text classification, sentence and
phrase similarity, and part-of-speech tagging.
In addition to using two batching techniques, we vary the number of the batches that
we use. This was studied previously; Smith et al. [9] showed that choosing a good batch
size can decrease the number of parameter updates to a network.
2.3. Curriculum Learning
This work also explores curriculum learning applied to word embeddings. Curriculum
refers to the order that the data are presented to the embedding algorithm. Previous work
has shown that the curriculum of the training data has some effect on the performance of
the created embeddings [10]. Curriculum learning has also been explored for other tasks in
NLP, including natural language understanding [11] and domain adaptation [12].
3. Materials and Methods
In order to evaluate the effectiveness of different batching and curriculum learning
techniques, we choose a diverse set of tasks and architectures to explore. Specifically,
we consider the downstream tasks of text classification, sentence and phrase similarity,
and part-of-speech (POS) tagging. These were chosen because they have varying degrees
of complexity. Sentence and phrase similarity, where word embeddings are compared
using cosine similarity, has a very simple architecture, while part-of-speech tagging uses a
more complex LSTM architecture. Text classification uses a linear classifier, which is more
complex than a simple cosine similarity, but less complex than a neural network.
Figure 1 shows the experimental setup for these three tasks. For each task, we begin
by training word2vec word embeddings, using Wikipedia training data. We apply batching
and curriculum learning to the process of training word embeddings. These embeddings
are then passed to a task-specific architecture.
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Figure 1. Experimental setup for text classification, sentence and phrase similarity, and POS tagging.

3.1. Initial Embedding Spaces
To obtain word embeddings, we begin with a dataset of sentences from Wikipedia
(5,269,686 sentences; 100,003,406 words; 894,044 tokens) and create word2vec skip-gram
embeddings [1]. We use 300 dimensions and a context window size of 5.
Because the word2vec embedding algorithm uses a shallow neural network, there is
randomness inherent to it. This algorithmic randomness can cause variation in the word
embeddings created [13,14]. In order to account for variability in embeddings, we train
10 embedding spaces with different random initializations for word2vec. (We randomize
the algorithm by changing the random seed. We use the following ten random seeds: 2518,
2548, 2590, 29, 401, 481, 485, 533, 725, 777.) We use these 10 spaces to calculate the average
performance and standard deviation, which allows us to characterize the variation that we
see within the algorithm.
During the process of creating word embeddings, we use different batching and
curriculum learning strategies.
3.2. Batching
We apply batching to the Wikipedia dataset input to the word embedding algorithm.
We batch words (and their contexts) using two strategies: basic batching and cumulative
batching, visualized in Figure 2. For each batching strategy, we consider different numbers
of batches, ranging exponentially between 2 and 200.
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Figure 2. Basic vs. cumulative batching. Rectangles represent chunks of the training data, with
different colors representing different sections of the data.

3.2.1. Basic Batching
As described in Bengio et al. [7], we split the data up into X disjoint batches. Each
batch is processed sequentially, and each batch is run for n epochs (Batch 1 runs for n
epochs, then Batch 2 runs for n epochs, etc.). Once a batch is finished processing, it is
discarded and never returned to. Both X and n are hyperparameters. We try different
values of X between 2 and 200; we set n = 5 for all experiments.
3.2.2. Cumulative Batching
Our second batching strategy [8] begins in the same way, with the data split up into X
disjoint batches. In this strategy, the batches are processed cumulatively (Batch 1 is run for
n epochs, then Batches 1 and 2 combined are run for n epochs, etc.). We try different values
of X between 2 and 200; we set n = 5 for all experiments.
3.3. Curriculum Learning
In addition to batching, we apply different curriculum learning strategies to the
Wikipedia dataset input to the word embedding algorithm.
We consider three different curricula for the data: the default order of Wikipedia
sentences, descending order by sentence length (longest to shortest), and ascending order
by sentence length (shortest to longest). Note that curriculum learning only applies to
the Wikipedia dataset used to create the word embeddings, rather than the task-specific
datasets used for training.
Qualitatively looking at Wikipedia sentences ordered by length, both the shortest and
the longest sentences tend to be unnatural sounding. The shortest sentences are only a
single token, such as a single word or a single punctuation mark. Some of these are most
likely the result of incorrect sentence tokenization. The longest sentences tend to be either
run-on sentences, or lists of a large number of items. For instance, the longest sentence is
725 tokens long, and it lists numerical statistics for different countries. This unnaturalness
may adversely affect the embedding algorithm when using either the ascending or descending curriculum. It is possible that a more complex ordering of the data would achieve
better performance; we leave this exploration to future work.
When evaluating curriculum learning and batching strategies, our baseline strategy is
a default curriculum with basic batching.
Once we have created word embeddings using a specific batching and curriculum
learning strategy, the embeddings are input into task-specific architectures for each of our
three downstream tasks.
3.4. Task 1: Text Classification
The first task we consider is text classification—deciding what category a particular
document falls into. We evaluate 11 datasets, shown in Table 1. (For all tasks, sentences
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are tokenized using NLTK’s Tokenizer.) These datasets span a wide range of sizes (from
96 sentences to 3.6 million training sentences), as well as number of classes to be categorized
(from 2 to 14).
Table 1. Data statistics (number of training sentences, number of test sentences, number of classes)
for text classification. The first eight datasets are from Zhang et al. [15]. Two datasets have both a
polarity (pol.) version with two classes and a full version with more classes.

Dataset

# Sent. (Train)

# Sent. (Test)

# Classes

3.6e6
3e6
1.4e6
6.5e5
5.6e5
5.6e5
4.5e5
1.2e5
5733
260
96

4e5
6.5e5
6e4
5e4
3.8e4
7e4
6e4
7600
1435
89
25

2
5
10
5
2
14
5
4
2
2
2

Amazon Review (pol.)
Amazon Review (full)
Yahoo! Answers
Yelp Review (full)
Yelp Review (pol.)
DBPedia
Sogou News
AG News
Open Domain Deception
Personal Email
Real Life Deception

Of particular note are three datasets that are at least an order of magnitude smaller
than the other datasets. These are the Open Domain Deception Dataset [16] and the Real
Life Deception Dataset [17], both of which classify statements as truthful or deceptive, as
well as the Personal Email Dataset [18], which classifies e-mail messages as personal or
non-personal.
After creating embedding spaces, we use fastText [19] for text classification. (Available online at https://fasttext.cc/. (accessed on 7 September 2021.) FastText represents
sentences as a bag of words and trains a linear classifier to classify the sentences. The
performance is measured using accuracy.
3.5. Task 2: Sentence and Phrase Similarity
The second task that we consider is sentence and phrase similarity: determining how
similar two sentences or phrases are. We consider three evaluation datasets, shown in
Table 2. The Human Activity Dataset [20] consists of pairs of human activities with four annotated relations each (similarity, relatedness, motivational alignment [MA], and perceived
actor congruence [PAC]). The STS Benchmark [21] has pairs of sentences with semantic
similarity scores, and the SICK dataset [22] has pairs of sentences with relatedness scores.
Table 2. Data statistics for sentence and phrase similarity.

Dataset
Human Activity
STS Benchmark
SICK

# Pairs (Train)

# Pairs (Test)

# Tokens (Train)

1373
5749
4439

1000
1379
4906

1446
14,546
2251

For each pair of phrases or sentences in our evaluation set, we average the embeddings
for each word, and take the cosine similarity between the averaged word vectors from
both phrases or sentences. We compare this with the ground truth using Spearman’s
correlation [23]. Spearman’s correlation is a measure of rank correlation. The values of
two variables are ranked in order, and then Pearson’s correlation [24] (a measure of linear
correlation) is taken between the ranked values. Spearman’s correlation assesses monotonic
relationships (are values strictly not decreasing, or strictly not increasing?), while Pearson’s
correlation assesses linear relationships.
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3.6. Task 3: Part-of-Speech Tagging
Our final task is part-of-speech (POS) tagging—determining the correct part-of-speech
for a given word in a sentence. For evaluation, we use two datasets: the email and answers
datasets from the English Universal Dependencies Corpus (UD) [25], shown in Table 3.
Table 3. Data statistics for POS tagging.

Dataset

# Sentences (Train)

# Sentences (Test)

2631
3770

438
606

UD Answers
UD Email

After creating embedding spaces, we use a bi-directional LSTM implemented using
DyNet [26] to perform POS tagging. An LSTM is a type of recurrent neural network that is
able to process sequential data [27]. This is an appropriate architecture for part-of-speech
tagging because we want to process words sequentially, in the order that they appear in
the sentence. Our LSTM has 1 layer with a hidden dimension size of 50, and a multi-layer
perceptron on the output. Performance is measured using accuracy.
4. Results
We apply the different curriculum learning and batching strategies to each task, and
we consider the results to determine which strategies are most effective.
4.1. Task 1: Text Classification
For the larger text classification datasets (>120,000 training sentences), there are no
substantial differences between different curriculum and batching strategies. However, we
do see differences for the three smallest datasets, shown in Figure 3. To compare across
datasets of different sizes, we show the number of sentences per batch, rather than the
number of batches. Because these graphs show many combinations of curriculum and
batching strategies, we report numbers on each dataset’s dev set.

0.62

Open Domain Deception

0.60

Real Life Deception

0.56
0.54
101
102
103
Sentences / Batch
Default Curr. + Basic Batch.
Default Curr. + Cum. Batch.

Personal Email
0.90

0.4

0.58

100

0.5
0.3

0.85

0.2

0.80

0.1
100

101
102
103
Sentences / Batch
Descending Curr. + Basic Batch.
Descending Curr. + Cum. Batch.

0.75 0
10

101
102
103
Sentences / Batch
Ascending Curr. + Basic Batch.
Ascending Curr. + Cum. Batch.

Figure 3. Accuracy scores on the development set for three text classification datasets. Different lines indicate models
trained with different curriculum and batching strategies (basic, cumulative). Datasets span different ranges of the x-axis
because they are different sizes. Error bars show the standard deviation over ten word2vec embedding spaces, trained
using different random seeds.

On the smallest dataset, Real Life Deception (96 training sentences), we see that above
approximately ten batches, ascending curriculum with cumulative batching outperforms
the other methods. On the test set, we compare our best strategy (ascending curriculum
with cumulative batching) with the baseline setting (default curriculum with basic batching), both with 100 batches, and we see no significant difference. This is most likely because
the test set is so small (25 sentences).
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4.2. Task 2: Sentence and Phrase Similarity

Spearman's Correlation

Spearman's Correlation

Next, we consider results from the sentence and phrase similarity task, shown in
Figure 4. Because these graphs show many combinations of curriculum and batching
strategies, we report numbers on each dataset’s train set (we use the train sets rather than
the dev sets because there is no training or hyperparemeter tuning).

Human Activity (Similarity)

Human Activity (Relatedness)

Human Activity (MA)

Human Activity (PAC)

STS (Similarity)

SICK (Relatedness)

0.6
0.4
0.2
0.0
0.6
0.4
0.2
0.0 101

102
103
Sentences / Batch
Default Curr. + Basic Batch.
Default Curr. + Cum. Batch.

101

102
103
Sentences / Batch
Descending Curr. + Basic Batch.
Descending Curr. + Cum. Batch.

101

102
103
Sentences / Batch
Ascending Curr. + Basic Batch.
Ascending Curr. + Cum. Batch.

Figure 4. Spearman’s correlation scores on the train set for sentence and phrase similarity tasks. Different lines indicate
models trained with different curriculum and batching strategies (basic, cumulative). Datasets span different ranges of the
x-axis because they are different sizes. Error bars show the standard deviation over ten word2vec embedding spaces trained
using different random seeds.

First, we note that the relative performance of different strategies remains consistent
across all three datasets and across all six measures of similarity. An ascending curriculum
with cumulative batching performs the worst by a substantial amount, while a descending
curriculum with cumulative batching performs the best by a small amount. As the number
of sentences per batch increases, the margin between the different strategies decreases.
On the test set, we compare our best strategy (descending curriculum with cumulative
batching) with the baseline setting (default curriculum with basic batching), and we see in
Table 4 that the best strategy significantly outperforms the baseline with five batches.
Table 4. Spearman’s correlation on the test set for similarity tasks (all have a standard deviation
of 0.0).

Human Activity
Dataset
Baseline
Best

Sim.

Rel.

0.36
0.43

0.33
0.41

MA

PAC

STS

SICK

0.33
0.41

0.22
0.29

0.27
0.32

0.51
0.53

For all six measures, we observe a time vs. performance trade-off: the fewer sentences
are in a batch, the better the performance is, but the more computational power and time it
takes to run.
4.3. Task 3: Part-of-Speech Tagging
Finally, there are no significant differences in POS tagging between batching and
curriculum learning strategies. For the previous two tasks, we have seen the largest
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changes in performance on the smallest dataset. Both of the datasets that we use to
evaluate POS tagging are relatively large (>2500 sentences in the training data), which may
explain why we do not see significant performance differences here.
5. Conclusions
One strategy does not perform equally well on all tasks. On some tasks, such as
POS tagging, the curriculum and batching strategies that we tried have no effect at all.
Simpler tasks that rely most heavily on word embeddings, such as sentence and phrase
similarity and text classification with very small datasets, benefit the most from fine-tuned
curriculum learning and batching. We have shown that making relatively small changes to
curriculum learning and batching can have an impact on the results; this may be true in
other tasks with small data as well.
In general, cumulative batching outperforms basic batching. This is intuitive because
cumulative batching sees the same training example more times than basic batching, and
overall sees the training data more times. As the number of sentences per batch increases,
the differences between cumulative and basic batching shrink. Even though cumulative
batching has higher performance, it takes more computational time and power than basic
batching. We see a trade-off here between computational resources and performance.
It is inconclusive what the best curriculum is. For text classification, the ascending
curriculum works best, while for sentence and phrase similarity, the descending curriculum
works best. One hypothesis for why we see this is that for text classification, the individual
words are more important than the overall structure of the sentence. The individual
words are able to determine which class the sentence is a part of. Therefore, the algorithm
does better when it looks at smaller sentences first, before building to larger sentences
(an ascending curriculum). With the smaller sentences, the algorithm can focus more
on the words and less on the overall structure. For sentence and phrase similarity, it is
possible that the overall structure of the sentence is more important than the individual
words because the algorithm is looking for overall similarity between two phrases. Thus,
a descending curriculum, where an algorithm is exposed to longer sentences first, works
better for this task.
We have explored different combinations of curriculum learning and batching strategies across three different downstream tasks. We have shown that for different tasks,
different strategies are appropriate, but that overall, cumulative batching performs better
than basic batching.
Since our experiments demonstrate that certain curriculum learning and batching
decisions do increase the performance substantially for some tasks, for future experiments,
we recommend that practitioners experiment with different strategies, particularly when
the task at hand relies heavily on word embeddings.
6. Future Work
There are many tasks and NLP architectures that we have not explored in this work,
and our direct results are limited to the tasks and datasets presented here. However, our
work implies that curriculum learning and batching may have similar effects on other tasks
and architectures. Future work is needed here.
Additionally, the three curricula that we experimented with in this paper (default,
ascending, and descending) are relatively simple ways to order data; future work is
needed to investigate more complex orderings. Taking into account such properties as
the readability of a sentence, the difficulty level of words, and the frequency of certain
part-of-speech combinations could create a better curriculum that consistently works well
on a large variety of tasks. Additionally, artificially simplifying sentences (e.g., substituting
simpler words or removing unnecessary clauses) at the beginning of the curriculum, and
then gradually increasing the difficulty of the sentences could be helpful for “teaching” the
embedding algorithm to recognize increasingly complex sentences.
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There are many other word embedding algorithms (e.g., BERT [28], GloVe [29]);
batching and curriculum learning may affect these algorithms differently than they affect
word2vec. Different embedding dimensions and context window sizes may also make a
difference. More work is needed to explore this.
Finally, our paper is an empirical study, with our observations indicating that the
observed batching variation is something that researchers should consider, even though
we do not explore the theoretical reasons for this.
The code used in the experiments is publicly available at https://lit.eecs.umich.edu/
downloads.html (accessed on 7 September 2021).
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Nivre, J.; de Marneffe, M.C.; Ginter, F.; Goldberg, Y.; Hajič, J.; Manning, C.D.; McDonald, R.; Petrov, S.; Pyysalo, S.; Silveira, N.;
et al. Universal Dependencies v1: A Multilingual Treebank Collection, Language Resources and Evaluation. In Proceedings
of the Tenth International Conference on Language Resources and Evaluation, Portorož, Slovenia, 23–28 May 2016; European
Languages Resources Association: Paris, France, 2016; pp. 1659–1666.
Neubig, G.; Dyer, C.; Goldberg, Y.; Matthews, A.; Ammar, W.; Anastasopoulos, A.; Ballesteros, M.; Chiang, D.; Clothiaux, D.;
Cohn, T.; et al. DyNet: The Dynamic Neural Network Toolkit. arXiv 2017, arXiv:1701.03980.
Hochreiter, S.; Schmidhuber, J. Long Short-Term Memory. Neural Comput. 1997, 9, 1735–1780. [CrossRef] [PubMed]

Mathematics 2021, 9, 2234

28.

29.

11 of 11

Devlin, J.; Chang, M.W.; Lee, K.; Toutanova, K. BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding. In Proceedings of the 2019 Conference of the North American Chapter of the Association for Computational Linguistics:
Human Language Technologies, Minneapolis, MN, USA, 2–9 June 2019; Association for Computational Linguistics: Stroudsburg,
PA, USA, 2019; pp. 4171–4186.
Pennington, J.; Socher, R.; Manning, C. GloVe: Global Vectors for Word Representation. In Proceedings of the 2014 Conference on
Empirical Methods in Natural Language Processing, Association for Computational Linguistics, Doha, Qatar, 25–29 October 2014;
pp. 1532–1543. [CrossRef]

