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Abstract

Unsupervised Data Augmentation (UDA) is
a semi-supervised technique that applies a
consistency loss to penalize differences be-
tween a model’s predictions on (a) observed
(unlabeled) examples; and (b) corresponding
‘noised’ examples produced via data augmen-
tation. While UDA has gained popularity for
text classification, open questions linger over
which of its components are important, and
how to extend the method to sequence label-
ing tasks; this paper addresses these ques-
tions. Our main contribution is an empiri-
cal study of UDA to establish which com-
ponents of the algorithm confer benefits in
NLP. Notably, although prior work has empha-
sized use of clever augmentation techniques in-
cluding back-translation, we find that enforc-
ing consistency between predictions assigned
to observed and randomly substituted words
often yields comparable (or greater) benefits
compared to these more complex perturba-
tion models. Furthermore, we find that apply-
ing UDA’s consistency loss affords meaningful
gains without any unlabeled data at all, i.e., in
a standard supervised setting. In short, UDA
need not be unsupervised to realize much of
its noted benefits, and does not require com-
plex data augmentation to be effective.

1 Introduction

While the advent of large neural models has led to
rapid progress on a wide spectrum of prediction
benchmarks in NLP, these methods tend to require
large amounts of training data. This limitation is
particularly acute in domains such as information
extraction from scientific documents, where unla-
beled in-domain data is plentiful but labeled data is
rare and requires significant annotator experience
to produce. The cost of acquiring data in such do-
mains has spurred interest in developing models
that can achieve greater extraction accuracy, even
when the available labelled corpora are small (Nye
et al., 2018; Maharana et al., 2018).

In this paper, we investigate Unsupervised Data
Augmentation (UDA; Xie et al. 2019), a re-
cently proposed semi-supervised learning method
in which models are trained on both labeled and
unlabeled in-domain data. The learning objective
for the unlabeled component entails minimizing
the divergence between the model’s outputs on a
given example and its outputs on a perturbed ver-
sion of the same example. While this combination
of data augmentation with a consistency loss was
previously proposed as Invariant Representation
Learning and demonstrated utility in the context
of speech recognition (Liang et al., 2018), UDA
applies the method in a semi-supervised setting,
in a manner similar to virtual adversarial training
(Miyato et al., 2018). The original UDA paper (Xie
et al., 2019) reported significant benefits on both
computer vision and NLP tasks.

Producing such perturbed examples requires
specifying a data augmentation pipeline. Typically,
these apply one or more transformations that (the
practitioner hopes) do not alter the applicable label
(Goodfellow et al., 2016). In computer vision, a
number of straightforward and demonstrably effec-
tive data augmentation techniques, such as horizon-
tal flipping, cropping, rotating, small translations,
and various perturbations to the color spectrum
have gained widespread adoption (Huang et al.,
2016; Zagoruyko and Komodakis, 2016). More
recently, these methods, among others, have been
successfully applied in concert with UDA to im-
prove performance on image classification tasks
(Xie et al., 2019).

By contrast, in NLP, there is less consensus
about which perturbation models can be applied
with confidence that they will not change the ap-
plicability of the original label. To apply UDA in
NLP, researchers have primarily focused on back-
translation (Sennrich et al., 2016; Edunov et al.,
2018), generating paraphrases by applying a ma-
chine translation model to map a document into



4993

a pivot language and then back into the original
language. In practice, this process produces aug-
mentations of varying quality. Another problem is
that back-translation is slow, and performance may
depend on arbitrary choices concerning both the
translation model and pivot language. Incorporat-
ing large quantities of unlabeled data in the training
process is also computationally expensive.

Given these limitations—and to better charac-
terize why and when UDA helps—we investigate
whether the benefits of UDA on NLP tasks can be
achieved using less unlabeled data and/or simpler
input perturbations. To this end, we investigate uni-
form random word replacement as an augmentation
method. Random substitution for augmentation has
been considered previously in the context of trans-
lation (Wang et al., 2018), and the UDA paper (Xie
et al., 2019) gives preliminary results using random
replacement for a single dataset, where it slightly
underperforms back-translation. Here we deepen
this analysis, showing that, surprisingly, random
replacement is generally competitive with back-
translation. Furthermore, we find that significant
increases in performance can be achieved by apply-
ing consistency loss on only small labeled data sets
(although large volumes of in-domain unlabeled
data provide further gains).

As an additional contribution, we adapt UDA
to sequence tagging tasks, which are common in
NLP. Back-translation is ill-suited to such tasks,
because we lack alignment between spans of in-
terest in the original text and the back-translated
paraphrase. For these problems, we propose and
evaluate word replacement augmentation strategies
for sequence tagging. Interestingly, we observe
that augmentation via uniform random word re-
placement yields improvements, but that it is more
effective to employ a masked language model to
predict reasonable candidate replacements.

2 Unsupervised Data Augmentation

UDA is a semi-supervised method in which a
model is trained to make similar predictions for an
observed example and a corresponding perturbed
instance produced via some data augmentation
technique (in addition to satisfying the standard
objectives over labeled data). Applying UDA re-
quires specifying both (i) a consistency loss to be
applied on an (original, augmented) example pair;
and (ii) a data augmentation technique to produce
the perturbed examples in the first place.

2.1 Consistency Loss
As originally proposed by Xie et al. (2019), UDA’s
loss function is a sum over a supervised component
and an unsupervised component. Assuming cross-
entropy loss for the former, the loss function is:

∑
x,y∈L

[− log(p̂(y|x))] + λ
∑
x∈U

[L(x)], (1)

where L is the set of labeled data, U is the set of
unlabeled data, and λ weights the relative contri-
bution of the unlabeled term to the total loss. The
consistency loss L is defined as the KL-Divergence
between model predictions for the original and aug-
mented examples:

L(x) = DKL{p̂(y|x)||p̂(y|q(x))}, (2)

where q is a data perturbation operation and p̂(y|x)
is the probability distribution over labels output by
the model given input x.

For sequence tagging tasks where examples cor-
respond to multiple labels, we define the consis-
tency loss as the average KL-Divergence between
per-word model predictions for the original and
augmented examples. Specifically, we replace the
consistency loss above with

L(x) =
∑n

j=1DKL(p̂(yj |x)||p̂(yj |q(x)))
n

. (3)

Here, n denotes sequence length and p̂(yj |x) are
the predicted probabilities assigned by our model
to labels corresponding to word j of sentence x.

2.2 Data Augmentation Strategies for Text
As defined above, consistency loss (for both classi-
fication and sequence tagging) requires specifying
a data perturbation operation q that can be applied
to observed instances, yielding a new, but similar,
example. If we assume that q transforms x such
that q(x) and x share the same true label, then
it seems reasonable to desire that a model would
make similar predictions for x and q(x), as encour-
aged by consistency loss.

However, there is a trade-off between the di-
versity of instances produced by q for x and the
likelihood that these will share the same label as
x. For example, consider the strategy of paraphras-
ing via backtranslation. A valid paraphrase is one
that, with high probability, shares the ground-truth
label of the input. Xie et al. (2019) observed that
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diversity among the generated paraphrases is more
important than validity when applying UDA to text
classification. This suggests that it may be possible
to effectively use an alternative augmentation strat-
egy that prioritizes diversity and simplicity at the
expense of validity.

Uniform Random Word Replacement We pro-
pose a variant of q that performs a simple uniform
random word replacement operation. Specifically,
we define q(x) such that most of the time it copies
directly from x, but with some probability p it re-
places each xj in x with some other word x′j drawn
at random from the vocabulary of words that appear
in U ∪ L. Formally:

q(x)j =

{
x′j with probability p
xj with probability 1− p.

(4)

This method is simple (and does not require a
learned language model), but naive. It produces
output which is diverse, but not necessarily valid
or even grammatical. We compare this technique
to two more clever model-based data augmentation
techniques: One for text classification (proposed in
prior work) and one suitable for sequence tagging
(which we introduce here).

Back-Translation We use the back-translation
machinery described by Xie et al. (2019). Specifi-
cally, this entails use of WMT’14 English-French
(Bojar et al., 2014) translation models in both direc-
tions with random sampling with a tunable temper-
ature in place of beam search for generation. We
set our temperature to 0.9, one of the recommended
settings in prior work (Xie et al., 2019).

Masked Language Model Back-translation is
not suitable for use in UDA for sequence tagging
tasks, as in such tasks labels apply to tokens and
it is not obvious how to align tokens in a given
paraphrase with those in the original text. More
specifically, as we have defined it for sequence
tagging (Equation 3), consistency loss penalizes
dissimilarity between model predictions p(yj |x)
and p(yj |q(x)) for all indices j. However, when q
is defined as a back-translation process, there is no
expectation that x’s and q(x)’s ground-truth label-
ing will be aligned. They may not even be of the
same length. Therefore, we instead consider word
replacement strategies (at each index j), including
(i.i.d.) random replacement, and a model-based
word replacement strategy that ensures alignment

between x and q(x). Both of these involve individ-
ual word substitutions, so x and q(x) will have the
same length.

For the model-based replacement strategy, we
again define q such that it replaces a given word
in x with probability p (otherwise copying from
x). However, here we select x′j using a masked
language model. Specifically, we mask xj and use
BERT (Devlin et al., 2018) to induce a probability
distribution over all possible words (in its vocabu-
lary) that might appear at position j. We then draw
x′j from the ten most probable words (excluding the
original word xj) with probabilities proportional
to the likelihood assigned to these words by BERT.
We hypothesize that this method will provide a
substantially greater expectation of validity than
random replacement, on the assumption that BERT
is sensitive enough to context that it is likely to
replace words of one category with other words of
the same category.

In Table 1 we show examples of random and
BERT-based replacement of entities, in randomly
selected sentence from CoNLL. As expected, ran-
dom selection does not respect grammaticality or
entity classes. BERT performs better, albeit imper-
fectly. For example, “aitken” is replaced with the
first token of a surname, “mc”, rather than a full sur-
name and “antoine” is replaced with “he”. While
the latter substitution is grammatical and semanti-
cally similar to the original, “he” is not considered
a named entity in CoNLL.

3 Experimental Setup

We evaluate our proposed training method on four
English language text classification and three En-
glish language sequence tagging datasets. Of these,
the classification datasets include three benchmark
sentiment sets (IMDB, Yelp, and Amazon), and one
scientific classification task (evidence inference).
The sequence tagging datasets include one standard
NER benchmark dataset (CoNLL-2003) and two
scientific sequence labeling tasks (EBM-NLP and
TAC). The scientific tasks are of particular inter-
est for this work because it is expensive to collect
annotations in these specialized domains.

IMDB (Maas et al., 2011) is a sentiment classifi-
cation dataset consisting of movie reviews (25,000
examples in both the train and test sets) drawn from
the IMDB website. Reviews with a score≤4/10 are
considered negative, those with scores ≥7/10 are
considered positive. Neutral reviews are excluded.



4995

ORG PER PER PER

aberdeen manager roy aitken said: “it’s unfortunate for us that antoine cannot play...

BERT rangers glen mc he
Rand delegates cancer peripheral 51,000

Table 1: Example replacements selected for entity tokens in a randomly selected sentence from CoNLL-2003 using
different selection methods. In training, all words are equally likely to be selected for replacement. We focus on
named entities in this example for illustrative purposes.

Yelp (Zhang et al., 2015) is a sentiment classifi-
cation dataset comprising reviews drawn from Yelp
(560,000 in the train set, 38,000 in the test set).
One and two star reviews are considered negative.
Three and four star reviews are considered positive.

Amazon (Zhang et al., 2015; McAuley and
Leskovec, 2013) is a sentiment classification
dataset consisting of Amazon reviews (3, 600, 000
in the train set, 400, 000 in the test set). One and
two star reviews are considered negative. Four and
five star reviews are considered positive. Three star
reviews are not included.

Evidence Inference (Lehman et al., 2019; DeY-
oung et al., 2020) We construct a classification
dataset derived from the evidence inference dataset,
a biomedical corpus in which the task is to infer
the effect of an intervention on an outcome from
an article describing a randomized controlled trial.
The classes correspond to the intervention leading
to a significant increase, significant decrease, or
no significant change in outcome. In the original
task, the model must first extract relevant evidence
sentences from the full text article, and then make
a prediction based on this. We evaluate in the ‘ora-
cle’ setting, in which the model must only classify
given relevant evidence sentences (∼17, 000 train
examples, and ∼2, 000 instances in the test set).

CoNLL-2003 (Tjong Kim Sang and De Meul-
der, 2003) is an NER dataset consisting of an-
notated Reuters news articles (∼14, 000 sentences
in the training set, ∼3, 000 in the test set), labeled
with entity categories person, organization, loca-
tion, and miscellaneous.

TAC (Schmitt et al., 2018) comprises annotated
“materials and methods” sections from PubMed
Central articles (∼5, 500 sentences in the training
set, ∼6, 500 in the test set). Labels are available
for 24 entity classes, of which we consider the two
best represented: end point and test article.

EBMNLP (Nye et al., 2018) is a corpus of anno-
tated abstracts drawn from medical articles describ-

ing medical randomized controlled trials (∼28, 000
sentences in the training set,∼2, 000 in the test set).
Spans are tagged as describing the patient popu-
lation, the intervention studied, and the outcome
measured in the trial being described.

For each dataset we simulate a pool of unlabeled
data by hiding the annotations of the training set.
We then create five distinct sets of labeled data (ten
for sequence tagging tasks) by revealing the anno-
tations for a random subset of the pool, forming
a labeled training set L and an unlabeled training
set U . For classification tasks, we sample ten ex-
amples per class to form L, while for CoNLL and
EBMNLP, we sample two hundred examples. For
the smaller TAC dataset, we use one hundred.

Training details For each L, we then train a
model both using only standard supervised learn-
ing over L and with an additional consistency loss,
using either uniform random word replacement or
more complex data augmentation technique (back-
translation for classification; BERT-based replace-
ment for sequence tagging). When training with
consistency loss, we evaluate variants in which we
apply this to both L and U , and where we apply it
only over L. The latter corresponds to a standard
supervised setting with an additional loss term.

BERT’s pretraining task already incorporates un-
supervised data (Devlin et al., 2018). We therefore
also repeat the above experiments using finetuned
weights instead of off-the-shelf pretrained weights.
The finetuned weights are produced by training on
BERT’s masked language model task with L ∪ U
as the training data.

In our classification experiments, we use a lin-
ear model on top of BERT (Devlin et al., 2018)
as a classifier. For sequence tagging, we follow
architecture and hyperparameter choices in prior
work (Beltagy et al., 2019), adding a conditional
random field (Lafferty et al., 2001) on top of BERT
representations. We train all models using Adam
(Kingma and Ba, 2015) with a learning rate of 2e-5
for classification and 1e-3 for sequence tagging.

In exploratory experiments we observed that
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model performance is relatively robust to the choice
of λ (the weight assigned to the consistency loss
term) when large quantities of unlabeled data are
available. We therefore set λ to 1 in all of our semi-
supervised experiments. In our supervised learning
only experiments, we found it necessary to com-
pensate for the lack of unlabeled examples and
the corresponding change in the relative weight-
ings of standard and consistency losses. This can
be effectively done by repeating labeled examples,
imposing only the consistency loss for them, as
though they were unlabeled. We use a ratio of 20
“unlabeled” examples to 1 labeled example in our
supervised experiments.

In our augmentation procedure, we set p to
30%. For biomedical tasks (Evidence Inference,
EBMNLP, TAC) model weights are initialized us-
ing SciBERT, a model pretrained over scientific pa-
pers (Beltagy et al., 2019). For all other tasks, we
initialized parameters to the pretrained BERTBASE
weights (Devlin et al., 2018). BERTBASE weights
are used for CoNLL, and SciBERT weights are
used for EBMNLP and TAC when using BERT as
a masked-language model for data augmentation.

4 Results

4.1 Classification

Figure 1 presents the results of our experiments for
the classification tasks. Both back-translation and
random replacement perform well on the IMDB,
Yelp, and Amazon datasets. Notably, random
replacement consistently achieves results equiv-
alent to or better than those attained with the
more computationally complex back-translation
method. This is particularly noteworthy, as Xie
et al. (2019)’s theoretical analysis of UDA assumes
augmentations which are both label-preserving and
which produce in-domain data. Random replace-
ment, however, will likely produce augmentations
which are not grammatical and may produce out-
puts that are not label preserving.

That non-label preserving augmentations can
lead to performance gain is intriguing and perhaps
counter-intuitive. We speculate that that random
replacement acts as a form of regularization by
inserting noise into input sequences. This may dis-
courages over-reliance on individual tokens.

On the evidence inference task, UDA with back-
translation under-performs the supervised baseline,
with a loss of 7.5 F1 when the full unlabeled dataset
is used.This is perhaps unsurprising, given that the

models used for back-translation were not trained
on scientific text. These results suggest that the ef-
fectiveness of back-translation is contingent on the
domain similarity of the back-translation model’s
training data and that of the downstream task. By
contrast, UDA with random replacement produces
a meaningful gain over the supervised baseline: 2.5
F1 with only the labeled data and 6 F1 with the full
unlabeled dataset.

Across all classification experiments—excepting
evidence inference using back-translation—
applying consistency loss to only the labeled
data yields improvements over the supervised
baseline, albeit less than what is achieved using
the full amount of unsupervised data. Further,
these gains are disproportionate to the quantity
of data used to attain them. In the worst case
(Yelp with back-translation), using only the
supervised data results in only 20% of the potential
performance improvement that could be attained
using the full set of unlabeled data. In the best
case (Amazon with random replacement), 48% of
the potential gain can be achieved without using
any unsupervised data at all, despite the fact that
the labeled Amazon dataset represents less than
0.001% of the full set.

4.2 Sequence Tagging

Figure 2 presents results from sequence tagging
experiments. BERT-based replacement provides a
meaningful advantage over the supervised baseline
on the CoNLL and TAC datasets. Random replace-
ment also offers gains, but these are smaller and
less consistent. Without access to the full unlabeled
dataset, random replacement results in a small de-
crease in performance. With access to unlabeled
data, it produces only a small benefit on CoNLL.
The gain on TAC is larger, but still smaller than
that achieved using BERT-based replacement.

BERT-based replacement is more effective than
random replacement for sequence tagging. But that
random replacement provides any benefits at all
for such tasks is perhaps counter-intuitive, given
that predictions are made at the word level for these
tasks. It is therefore likely that random replacement
will lead to a change in ground truth labeling for
any replaced entities. We hypothesize that this en-
courages the model to place greater weight on the
context in which words appear. This may render
models more robust at recognizing unfamiliar enti-
ties based on their contexts (Agarwal et al., 2021).
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Figure 1: Comparison of performance achieved on classification tasks using different variants of UDA. Each bar
represents the average performance across five sets of labeled data (labeled data quantity is noted parenthetically).
The supervised baseline represents standard ML on the supervised data set only, without any consistency loss. Su-
pervised with consistency loss represents use of consistency loss, but only over the labeled data, with the unlabeled
data discarded. Semisupervised with consistency loss represents use of consistency loss over the entire dataset,
both labeled and unlabeled.
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Figure 2: Comparison of performance achieved on sequence tagging tasks using different variants of UDA. Each
bar represents the average performance across ten sets of labeled data (labeled data quantity is noted in parenthe-
sis). The supervised baseline represents standard ML on the supervised data set only, without any consistency
loss. Supervised with consistency loss represents use of consistency loss, but only over the labeled data, with the
unlabeled data discarded. Semisupervised with consistency loss represents use of consistency loss over the entire
dataset, both labeled and unlabeled.

UDA does not offer performance gains on the
EBMNLP dataset using either augmentation strat-
egy. When consistency loss is applied to only the
labeled data, the performance is largely unchanged.
However, when unlabeled data is incorporated, per-
formance decreases by 3.4 F1 when using BERT-
based replacement, and 6.3 F1 when using random
replacement.

Crowdsourced (lay) workers annotated the train-
ing data in EBMNLP, while doctors annotated the
test data (Nye et al., 2018), and we speculate that
this may play a role in the difference in observed
performance, as we observed similar gains to those
attained on CoNLL and TAC when performing ex-
ploratory studies on a development set. It may be
that UDA performs poorly on EBMNLP relative
to the supervised learning baseline because rely-
ing more heavily on context is harmful when the
training set annotations are noisy. We note that
the lay training set annotators consistently included
more words in their labeled entity spans than the
test set annotators (see Table 2). This may indicate

P I O
Train 8.2 3.9 4.8
Test 6.5 1.8 3.7

Table 2: Average length of PIO spans in words for
EBMNLP’s train and test sets

that the training set annotators included context
words which do not truly belong to an entity class
in their spans. Encouraging the model to infer the
implications of context based on these misidenti-
fied context words may be compounding that error.

Our results indicate that unlabeled data is more
critical for UDA in sequence tagging than in clas-
sification. Here, in the best case (TAC with Re-
placement), we see UDA without unlabeled data
achieves only 18% of the performance increase that
may ultimately be achieved by including unlabeled
data. This is lower than the worst case observed in
the classification task.
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Figure 3: Comparison of performance achieved using
varying quantities of unlabeled data. Curves are aver-
aged across 5 experiments for Yelp, and 10 for CoNLL.
Each labeled dataset consists of 20 labeled examples
for Yelp and 100 examples for CoNLL. Random re-
placement is used as the augmentation method for Yelp
and BERT-based replacement is used as the augmenta-
tion method for CoNLL.
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Figure 4: Analysis of performance achieved using vary-
ing quantities of labeled data on the CoNLL set. The
blue solid line represents the case that UDA is used and
all unlabeled data is incorporated in training. The or-
ange dashed line represents the case that UDA is used,
but with only the labeled data. The green dotted line
represents training without any consistency loss. Each
curve is averaged across ten experiments. BERT-based
replacement is used as the augmentation method.

4.3 Varying Quantities of Labeled and
Unlabeled Data

We next examine the question: How much unla-
beled data is necessary? Incorporating additional
unlabeled data extends the training process and we
hypothesize that, at some point, we will observe di-
minishing returns. To this end, we run experiments
varying the quantity of unlabeled data used when
training on the Yelp and CoNLL datasets. These re-
sults are presented in Figure 3. For Yelp, we begin
to observe diminishing returns as we approach use
of the full unlabeled set. Interestingly, on CoNLL,
too high a quantity of unlabeled data appears to
actually degrade performance.

We also analyze the change in performance when
varying the amount of labeled data used for se-
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Figure 5: Performance on IMDB using off-the-shelf
pretrained BERT weights compared to BERT weights
finetuned to IMDB (i.e., after continuing pretraining
BERT on IMDB)

quence labeling tasks. To investigate this, we train
using UDA with 10, 100, 1000 or 10000 labeled
sentences drawn from CoNLL. Results from these
experiments are presented in Figure 4. We observe
consistent, modest gains from using UDA in a semi-
supervised fashion, excepting the extreme ends of
the curve, where almost all or almost none of the
data is labeled. In these two cases, we see perfor-
mance with UDA and without UDA converge.

4.4 Finetuning BERT Weights

BERT’s pretraining tasks (masked-language mod-
eling and next sentence prediction) already pro-
vide a method for incorporating unlabeled data
(Devlin et al., 2018). Given this, we finetune by
training BERT’s pretraining tasks on the full unla-
beled datasets. We then investigate the resulting
performance on the downstream tasks, to determine
whether there is still a benefit to using UDA with
the full unlabeled dataset after that data has been
incorporated into the model via finetuning.

Figure 5 presents results from this experiment
for the IMDB dataset. Our results show that, when
BERT’s weights have already been finetuned on
the unlabeled data, incorporating that data again
when training with UDA is less valuable. Applying
UDA using only the labeled data and random re-
placement allows us to realize 74% of the possible
performance increase when using the full unlabeled
data. This is compared to only 22% when BERT
has not been finetuned.

However, we still observe that performance
gains do continue to accrue when unlabeled data
is incorporated into UDA training, even when the
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Figure 6: Performance ranges on the Amazon dataset
with spans indicating the minimum-to-maximum per-
formance over 5 independent samples (of the labeled
subset). Triangles indicate means.

BERT weights have been finetuned. Since training
with UDA is comparatively computationally inex-
pensive to robustly finetuning BERT, it is likely
practical and advantageous to use both in concert.

4.5 Variability of Results

Throughout our experiments we observed that per-
formance varies greatly as a function of the par-
ticular labeled set used. Figure 6 illustrates the
range of observed results on the Amazon dataset.
The difference between the maximum performance
and the minimum performance in the supervised
baseline is 17.8 points of accuracy. The delta for
UDA using only labeled data and random word re-
placement is even higher, at 21.4 points of accuracy.
This has important implications for a practitioner:
While one might reasonably have an expectation of
achieving high performance on average, in practice
only a single labeled dataset will be constructed
and used for training. Our results show that, in a
low resource classification setting, such a practi-
tioner might actually achieve significantly lower or
higher performance than expected.

This illustrates a further advantage of UDA.
When exploiting a large quantity of unlabeled data,
performance not only improves, but becomes more
consistent across labeled dataset choices as well.
We observe similar trends across all classification
datasets, with the exception of Evidence Inference
with random replacement, for which the variability
of results remains relatively high, even when all
unlabeled data is employed.

By contrast, we do not observe such trends in
the sequence tagging tasks, where UDA variant

choice does not consistently affect the variability
of performances across labeled set choices.

5 Conclusions

In this paper we evaluated and extended UDA in the
context of NLP tasks. We proposed and evaluated
new techniques for applying UDA to classification
tasks and extended it to sequence tagging tasks by
imposing a consistency loss over word label distri-
butions. We showed that naive data augmentation
methods may often be just as effective as the com-
plex, model based augmentations that are currently
fashionable, and that performance improvements
may still be attained even in the absence of any
unlabeled data.

We proposed a simple, effective augmentation
method: randomly replace words with other words.
The replacement word may be selected either uni-
formly at random, or by using BERT (Devlin et al.,
2018) as a masked language model to induce a prob-
ability distribution over tokens.We found that the
former method is effective for classification tasks,
and the latter for sequence tagging. We further in-
vestigated the practicality of using UDA without
unlabeled data, applying a consistency loss only to
a small labeled dataset. We experimentally evalu-
ated various augmentation strategies and settings
on four classification datasets and three sequence
tagging datasets.

We found reliable performance increases on all
four classification datasets. For classification, we
found that random word replacement is as effec-
tive as—and sometimes more effective than—back-
translation, which is what has been proposed in
prior work Xie et al. (2019). In particular, random
word-replacement is effective on our scientific clas-
sification task, where back-translation is ineffective,
perhaps due to its reliance on machine translation
models not trained with scientific literature.

Our experiments show that both random replace-
ment and BERT-based replacement are effective
on two out of three sequence tagging tasks, with
BERT-based replacement that we have proposed
consistently outperforming random replacement.
On the third sequence tagging dataset, we observed
a degradation of performance when using any va-
riety of UDA, which we hypothesize owes to the
noisy annotation of this training set.

Finally, we found that UDA may produce mean-
ingful increases in performance even when unla-
beled data is unavailable, particularly if the weights
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have already been finetuned to the task. The mag-
nitude of this increase depends upon the task, and
may be relatively large (as in the case of the Ama-
zon dataset) or relatively small (as in the CoNLL
dataset). In general this approach is more effective
for classification tasks than sequence tagging tasks.

To summarize our findings: UDA is effective in
low-supervision natural language tasks, even when
used with naive augmentation methods and without
unlabeled data.

Ethical Considerations

We are not aware of any social harm which our
research might cause. We note that one advan-
tage of using our proposed naive, random word re-
placement augmentation over more complex model
driven augmentations (such as back-translation) is
a reduction in required compute. This is important
as emissions and energy costs of compute heavy
model training continue to come under scrutiny
(Strubell et al., 2019). We hope that by presenting
a simple but effective training method, our work
may serve the public good by helping to address
this rising challenge.
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