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Abstract

We present the Diverse Augmentation using001
Scrambled Seq2Seq (DAUGSS) algorithm, a002
fully automated data augmentation mechanism003
that employs a model to generate examples in004
a semi-controllable fashion. The main com-005
ponent of DAUGSS is a training procedure in006
which the generative model is trained to trans-007
form a class label and a list of tokens into008
a well-formed sentence of the specified class009
that contains the specified tokens. Empirically,010
we show that DAUGSS is competitive with or011
outperforms state-of-the-art, generative mod-012
els for data augmentation in terms of test set013
accuracy on 4 datasets. We show that the014
flexibility of our approach yields augmented015
datasets with expansive vocabulary, and that016
models trained on these datasets are more re-017
silient to adversarial attacks than when trained018
on datasets augmented by competing methods.019

1 Introduction020

While research in machine learning (ML) has of-021

ten focused the design of training algorithms and022

model architectures, recent work is increasingly023

focused on improving training data quality. As024

some have argued, state-of-the-art ML models are025

sufficiently expressive; a claim especially relevant026

in natural language processing (NLP) where mod-027

els like GPT-3 and T5 are comprised of billions028

of parameters (Brown et al., 2020; Raffel et al.,029

2020). From this vantage point, model failure may030

be due–in large part–to training set deficiencies.031

Training data can be problematic in a number032

of ways. In many production settings, training033

datasets may not be sufficiently large. For example,034

datasets for intent classification—a component in035

many chatbots—often only have a handful of ex-036

amples per class (Coucke et al., 2018; Larson et al.,037

2019). Similarly, training sets may be severely038

imbalanced and may not reflect the test data distri-039

bution. Training data sets can also exhibit stereo-040

typical associations with respect to gender, race, 041

ethnicity and disability status (Bender et al., 2021). 042

One approach for addressing these training set 043

deficiencies—especially those related to scarce 044

data—is data augmentation. In data augmentation, 045

the goal is to expand the training set by adding new 046

examples. However, not all examples are useful 047

with respect to augmentation. For example, over- 048

sampling the training set may not lead to increases 049

in test set accuracy (Lee et al., 2021). Instead, ex- 050

amples added to a training set should differ from 051

the initial examples while also being relevant for 052

the task at hand. 053

To achieve relevance and novelty simultaneously, 054

previous work in NLP explores augmentation with 055

templates, crowdsourcing, and linguistic transfor- 056

mation (McCoy et al., 2019; Min et al., 2020b; 057

Kaushik et al., 2020). However, these semi-manual 058

approaches are limited since they are costly, es- 059

pecially in comparison to fully-automated alter- 060

natives. A handful of automated approaches for 061

data augmentation in NLP have also been proposed. 062

These methods either retrieve new examples from 063

existing corpora, perturb existing training examples 064

or learn to generate new examples (Du et al., 2020; 065

Wu et al., 2018; Kobayashi, 2018; Sun et al., 2020; 066

Lee et al., 2021). Yet, the examples produced by 067

these methods are likely to be similar to the initial 068

training examples, thus reducing their efficacy. 069

In this work, we present DAUGSS, the 070

Data Augmentation via Scrambled Sequence-to- 071

sequence (SEQ2SEQ) algorithm. Our approach 072

is designed to produce examples that contain vo- 073

cabulary not seen at train time. At a high-level, 074

DAUGSS begins by training a SEQ2SEQ model 075

that takes a class labeled and an arbitrary list of 076

space-delimited tokens as input, and outputs a sen- 077

tence containing those tokens of the specified class. 078

After training, the model is used to generate new 079

examples using arbitrary, user-selected, vocabulary. 080

We evaluate DAUGSS by using it to augment 4 081
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classification datasets, and then analyzing models082

trained on the augmented data. First, we compare083

the trained models in terms of robustness to 4 adver-084

sarial attacks. Our results reveal that for 3 of the 4085

attacks, augmentation with DAUGSS leads to more086

resilient models than augmentation with 2 recently087

proposed augmentation algorithms. Moreover, we088

find that augmentation with DAUGSS leads to mod-089

els with improved test set accuracy when compared090

to models trained without augmentation. Further-091

more, these models achieve competitive test set ac-092

curacy in comparison to models trained on datasets093

augmented by other state-of-the-art augmentation094

algorithms. Finally, we analyze examples gener-095

ated by DAUGSS, and find that they are coherent,096

mostly relevant, and that they introduce the most097

new vocabulary to the training set among the com-098

peting methods.099

2 DAUGSS100

Our goal is to construct a semi-controllable model101

that can be used to generate new examples for text102

classification. We focus on controlling the vocab-103

ulary used in the generated examples, as well as104

their class label. To achieve our goal, we design the105

DAUGSS training algorithm. We begin by detail-106

ing the algorithm, and go on to describe vocabulary107

expansion, one approach to generating new exam-108

ples that explicitly introduces new vocabulary to a109

training set.110

2.1 Training111

The DAUGSS algorithm trains a SEQ2SEQ model112

to generate text classification examples. DAUGSS113

requires an initial training set. For each initial train-114

ing example, DAUGSS creates a SEQ2SEQ training115

example by: i) dropping some tokens from the116

initial example and permuting the result (yielding117

a corrupted example), ii) concatenating the class118

label of the initial example and the corrupted ex-119

ample, and iii) mapping the concatenation (of class120

label and corrupted example) to the initial train-121

ing example. In this way, the SEQ2SEQ model122

is trained to “reconstruct” each initial training ex-123

ample from its label and a handful of tokens that124

appear in that example.125

More formally, let (x, y) ∈ D be an initial126

training example of classification dataset, D, such127

that x is a sentence and y is its ground-truth la-128

bel. Let x = [w1, w2, . . . , wn] where wk is the129

kth token of x. To train the generative model,130

DAUGSS begins by constructing a new training set, 131

D′. For each (x, y) ∈ D, we construct an example 132

(y+x′, x) ∈ D′, where x′ is a corrupted version of 133

x and + represents string concatenation. Specifi- 134

cally, for a given δ ∈ [0, 1], we construct x′ by i) re- 135

moving all stopwords and non-alphabetic tokens 136

from x, ii) removing bδnc non-stopword tokens 137

from x uniformly at random, and iii) permuting the 138

result. In practice, we set δ = 0.2. The reason for 139

dropping 20% of the non-stopword tokens is to sig- 140

nal to the SEQ2SEQ model that it should introduce 141

new tokens during generation. In other words, the 142

tokens x′ are not the only non-stopword tokens that 143

should comprise the generated example. Examples 144

in D′ for the BANK dataset can be seen in Table 1. 145

2.2 Generation with Vocabulary Expansion 146

After training, the SEQ2SEQ model is employed 147

for data augmentation. To generate a new exam- 148

ple, a practitioner simply specifies a desired label 149

and a handful of tokens that the example should 150

contain. In this subsection, we describe vocabulary 151

expansion, one approach to generation that explic- 152

itly introduces new vocabulary to the training set. 153

At a high level, the goal in vocabulary expan- 154

sion is to select pivot tokens that could have ap- 155

peared in existing training examples. In detail, for 156

each label y, we begin by constructing V(y), a map 157

from each non-stopword token to its count in the 158

initial training examples of label y. For each non- 159

stopword token in each initial training example, we 160

also query a pre-trained language model (LM) for 161

its top-k replacements. These replacement tokens 162

are also added to V(y) (with a count of 1 each time 163

they are returned by the LM). The hope is that the 164

top-k replacements will include vocabulary that 165

does not appear in the initial training examples but 166

is still relevant with respect to the class y. After 167

construction of the token-to-count maps, each new 168

example is generated by: i) selecting a label, y, 169

ii) sampling a list x̂ containing s pivot tokens from 170

V(y), proportional to their counts, and iii) using a 171

model trained by DAUGSS to generate an example 172

on input y + x̂. In practice, s is sampled uniformly 173

from the distribution of training example lengths 174

in D′. By using vocabulary expansion, the pivot 175

tokens x̂ are likely to contain tokens common to 176

the initial examples of class y, but also new tokens 177

that are produced by the LM. 178

Token Selection: A natural tension exists in se- 179

lecting tokens from which to generate new exam- 180
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Input Target Sequence
accept_reservations | accept reservations does michael’s accept reservations
accept_reservations | applebees do they take reservations at applebees
accept_reservations | reservations will qdoba take reservations
accept_reservations | new reservations gramercy tav-
ern accept

does gramercy tavern in new york accept reserva-
tions

accept_reservations | accept reservations tavern does gramercy tavern accept reservations

Table 1: Example SEQ2SEQ Input/Output Pairs from the CLINC dataset. The examples all have label ac-
cept_reservations. The label and pivot words are concatenated, and delimited by a ‘|’ character. The pivots alpha-
betic, non-stopword tokens subsampled from the target sequence. The target sequence is part of the initial. Tokens
highlighted in blue appear in both the input and target sequence; stop words are colored red. Non-stop words that
are not sampled to be pivot words are highlighted in purple.

ples. Selecting tokens that are not seen at train181

time, or that bear little resemblance to a label y can182

lead to novel training examples to promote gener-183

alization. However, such tokens may also cause184

the DAUGSS-trained model to generate nonsensi-185

cal, mislabeled, or otherwise strange examples that186

could have the opposite effect. Regardless of this187

tension, we note that the generation procedure (via188

vocabulary expansion or otherwise) affords signifi-189

cant flexibility in the generation of new examples.190

3 Experiments191

We experiment with DAUGSS for data augmen-192

tation, and evaluate the extent which the data it193

generates facilitates improved generalization. We194

begin by comparing 3 variations of DAUGSS to 2195

recently proposed generative models for data aug-196

mentation with respect to test set accuracy. Recog-197

nizing that classification accuracy is often a limited198

measure of generalization (Ribeiro et al., 2020), we199

also compare the resilience of each augmentation200

strategy to 4 adversarial attacks. Finally, we present201

a qualitative analysis of the generations produced202

by DAUGSS.203

3.1 Setup204

Before presenting results, we describe our experi-205

mental setup, and the methods compared.206

Data Augmentation. Given an initial dataset, D,207

we begin by training a BASE classification model,208

h, and evaluating it on a held-out test set. Next, we209

train an example generator and use it to generate210

an additional m examples per class. In all exper-211

iments, m = 50 unless otherwise noted. These212

generated examples are added to the initial training213

set to produce the augmented dataset, D′. Finally,214

we train and evaluate a new model, h′, using the215

augmented dataset. In all experiments, the BASE 216

model h, and the model h′ are implemented as Hug- 217

gingFace BERT-base uncased models with default 218

hyperparameter settings (Wolf et al., 2020). 219

Datasets. All experiments are performed using 220

the following 4 classification datasets: 221

• SNIPS: a public benchmark dataset developed by 222

Snips corporation with 7 intent classes, such as 223

MUSIC, MEDIA and WEATHER (Coucke et al., 224

2018). 225

• TREC: open domain dataset for question clas- 226

sification into 50 fine-grained semantic cate- 227

gories (Li and Roth, 2002). 228

• BANK: fine-grained classification of sentences in 229

the banking domain into 77 classes (Casanueva 230

et al., 2020). 231

• CLINC: classification of utterances into 150 in- 232

tent classes (Larson et al., 2019). Each class 233

belongs to 1 of 10 domains, such as WORK, 234

CREDIT CARDS, and AUTO & COMMUTE. 235

The dataset includes OUT-OF-SCOPE examples, 236

which we omit, as in previous work (Lee et al., 237

2021). 238

Each dataset contains a well-known test set, which 239

we use in evaluating accuracy. When unavailable, 240

we construct a validation set by randomly sam- 241

pling 10% of the training sentences as in previ- 242

ous work (Wu et al., 2018). The validation sets 243

are used for model section for both the classifier 244

and example generator. We note that each of the 245

datasets is studied in previous work on data aug- 246

mentation (Anaby-Tavor et al., 2019; Lee et al., 247

2021). All datasets may be characterized as having 248

short input sentences. Table 3 contains statistics of 249

each dataset. 250
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Method Input Output Generation
EX2 will the gramercy tavern take reservations | is

there a restaurant that accepts reservations | is
the gramercy tavern accepting reservations

is gramercy tavern accepting reservations

do the local bars accept reservations | does qi go
on reservations | does gramercy’s take reserva-
tions

does the local bar take reservations

DAUGSS accept_reservations | applebees reservations will you accept reservations at applebees at 10 am
accept_reservations | gramercy qdoba reserva-
tions

do you accept reservations at qdoba hotel gramercy

DAUGSS-6x accept_reservations | tavern dinner church does church accept reservations for dinner at a tavern
in st lou

accept_reservations | qdoba Airbnb can you accept reservations at qdoba in ludovic

LAMBADA accept_reservations <SEP> is grub burger taking reservations"
accept_reservations <SEP> does ruth chris in charlotte allow you to make a

reservation

Table 2: Inputs and Generations. Examples of Inputs and corresponding generations for EX2, DAUGSS,
DAUGSS-6x and LAMBADA. The tokens colored blue are tokens that were not in the initial training dataset,
but were introduced during bootstrapped generation (for EX2) or vocabulary expansion (for DAUGSS). Tokens
marked green in the output are those that were absent in the training dataset.

Name Domain Classes
SNIPS Multi-Domain Intent Classification 7
TREC Question Answering 50
BANK Single Domain Intent Classification 77
CLINC Multi-Domain Intent Classification 150

Table 3: Dataset Statistics.

Since data augmentation is particularly useful in251

low-resource settings, we follow previous work and252

construct sub-sampled versions of each training253

set (Anaby-Tavor et al., 2019; Lee et al., 2021).254

Each sub-sampled training set has k examples per255

class, where k ∈ {5, 10, 20}.1256

Example Generators. We compare DAUGSS257

with two recently published methods for data aug-258

mentation that also employ generative models to259

automatically create new examples. We briefly de-260

scribe these generators below.261

• DAUGSS: the approach advocated in this work.262

We experiment with vocabulary expansions of263

sizes 2 and 6 (Section 2.1). In detail, for an expan-264

sion of size 2, we use an LM to add 1 token to the265

vocabulary for every alphabetic, non-stopword266

token in each training example (effectively dou-267

bling the number of non-stopword tokens). Simi-268

larly, for expansion of size 6, we add 5 tokens for269

every alphabetic, non-stopword token. We em-270

ploy a pretrained, HuggingFace T5-base model271

as our SEQ2SEQ model, and the HuggingFace272

Roberta-base model for vocabulary expansion.273

1If an original training set has fewer than k examples for a
class y, we use all available examples.

Subject to an expansion of size w, we refer to 274

our method as DAUGSS-wx. We also experi- 275

ment with DAUGSS with no expansion; maps of 276

token-to-count are still constructed but an LM is 277

not utilized to introduce new tokens. 278

• LAMBADA (Anaby-Tavor et al., 2019): GPT-2 279

fine-tuned to generate examples conditioned on 280

a class label and short text prefix. In previous ex- 281

periments, LAMBADA outperformed EDA (Wei 282

and Zou, 2019a), CVAE (Pagnoni et al., 2018) 283

and CBERT (Wu et al., 2018) with respect to test 284

set accuracy. 285

• Example Extrapolation (EX2) (Lee et al., 286

2021): a SEQ2SEQ model trained to generate 287

examples of a class y from a concatenation of k 288

randomly selected initial training examples from 289

class y. Since EX2 is intended for use in situa- 290

tions with imbalanced training data, we modify 291

the original augmentation procedure for our set- 292

ting, in which all classes have few training exam- 293

ples. Rather than training on classes with many 294

training examples and generating examples for 295

classes with few training examples, we train the 296

SEQ2SEQ model on examples from all classes. 297

To avoid the negative effects of overfitting at gen- 298

eration time, we employ bootstrapping: we allow 299

model inputs to be drawn from its previously 300

generated examples. As with DAUGSS, we im- 301

plement EX2 using the HuggingFace T5-base 302

model. 303

For all methods, we generate examples using nu- 304
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cleus sampling2.305

In order to minimize the number of mislead-306

ing examples added to a dataset, previous work307

filters all generated examples prior to augmen-308

tation (Anaby-Tavor et al., 2019). Specifically,309

let h be a classifier trained the original dataset.310

Then, in previous work, for any generated example311

(x′, y), the example is only added to the dataset if312

h(x) = y, i.e., the classifier would correctly clas-313

sify x′. Such a filter misses learning opportunities314

from examples misclassified by h—which are ar-315

guably of highest value. Therefore, we employ a316

related filter: a generated example, (x′, y), is only317

used during augmentation if the nearest example to318

x′ among the initial training examples is of class y319

(and where euclidean distance is measured between320

the [CLS] logits defined by h).321

3.2 Test Set Accuracy322

We evaluate each augmentation scheme via im-323

provement in test accuracy after augmentation (and324

retraining). Table 4 contains the accuracy achieved325

after augmenting each initial training set with 50326

new examples per class (and retraining). Each re-327

ported accuracy is an average over 5 randomly sam-328

pled initial datasets.329

The results reveal that on all datasets except330

for TREC, DAUGSS achieves the highest accu-331

racy or is competitive with the top performer. On332

TREC, DAUGSS-2x and DAUGSS-6x are compet-333

itive with the best competitor. Of the generative334

models for augmentation, LAMBADA tends to be335

the weakest. All augmentation algorithms improve336

upon the BASE accuracy in virtually all settings.337

However, with larger training sets, augmentation338

with all methods has a reduced effect on test set339

accuracy.340

3.3 Robustness to Adversarial Attacks341

Test set accuracy is typically not a comprehen-342

sive mechanism for assessing model generaliza-343

tion (Ribeiro et al., 2020). Test sets are limited,344

they do not account for out-of-distribution exam-345

ples, and they may contain artifacts that models can346

exploit to achieve high accuracy (Gardner et al.,347

2020). As such, a handful of recent work suggests348

alternative methods for testing a model’s ability to349

generalize.350

Inspired by these concerns, we compare the aug-351

mentation methods with respect to robustness to352

2Decoding with nucleus sampling we set top_p= 0.95
and top_k= 5 and only return a single sequence.

the following adversarial attacks3. 353

• BAE (Garg and Ramakrishnan, 2020): The in- 354

put is masked at multiple positions and top-k 355

replacements predicted by a masked LM (i.e., 356

BERT-base-uncased) are used to generate poten- 357

tial adversaries. The resulting sentences are used 358

to probe for non-targeted model failures. 359

• CLARE (Li et al., 2020): We utilize the 360

CLARE-I (Insertion) and CLARE-M (Merge) 361

variations independently. The former introduces 362

a new [MASK] token (i.e., effectively adding a 363

token) which is filled with likely candidate words, 364

the latter masks both tokens in bigrams present 365

in the input and replaces them with a single can- 366

didate (i.e., effectively removing a token). 367

• BERT-Attack (Li et al., 2020): It is similar to 368

BAE, but generates replacements at a sub-word 369

token level when the word being masked was 370

tokenized into sub-words by the tokenizer. 371

We run each attack on a model trained on each 372

augmented dataset and report attack success rate. 373

This measures the fraction of test examples for 374

which an adversarial attack finds a perturbation 375

that causes the model to fail. We perform the at- 376

tacks allowing for k ∈ [2, 4, 6] perturbations per 377

attack. In this experiment, we use the sub-sampled 378

datasets with 10 examples per class. For the sake of 379

reducing computation, we only perform the attacks 380

for 1 initial sample from each dataset (rather than 381

5, in the accuracy experiment). 382

Table 5 contains the results. We find that in a 383

majority of cases, a variant of DAUGSS achieves 384

the lowest attack success rate. For the BANK and 385

SNIPS datasets, DAUGSS-2x or DAUGSS-6x is 386

always performs best. For the BAE and BERT- 387

Attacks, DAUGSS-2x and DAUGSS-6x could be 388

expected to be dominant because the vocabulary 389

utilized is, in part, constructed via word substitu- 390

tions suggested by a Roberta LM (Liu et al., 2019). 391

However, our algorithm’s resilience to the more 392

intricate CLARE attack, is not similarly explained. 393

These results highlight the enhancements in robust- 394

ness imparted by having a more expansive training 395

vocabulary. 396

3.4 Qualitative Analysis of Generations 397

Here we study the examples generated by 398

DAUGSS-6x. We choose this variant because it 399
3All attacks are performed with the text-attack frame-

work (Morris et al., 2020)
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BANK CLINC SNIPS TREC
Alg 5 10 20 5 10 20 5 10 20 5 10 20

BASE 58.6 77.4 86.6 78.4 89.6 93.1 77.6 90.1 93.7 43.0 71.1 85.2
DAUGSS 74.1 81.2 86.8 85.5 90.0 93.1 89.8 92.8 93.7 55.6 73.8 84.3
DAUGSS-2x 73.4 80.7 86.2 85.4 89.7 92.7 89.0 91.8 93.9 59.4 75.0 85.3
DAUGSS-6x 72.3 79.8 86.1 85.0 89.8 92.8 87.7 91.2 93.6 59.4 76.2 84.6
EX2 71.1 80.8 86.5 85.6 90.3 93.5 88.5 92.8 93.9 64.6 77.0 84.5
LAMBADA 68.0 79.5 86.3 83.0 89.4 93.3 80.6 90.2 94.1 55.0 72.0 85.9

Table 4: Test Set Accuracy. On all datasets except for TREC-5, DAUGSS either achieves the highest test set
accuracy or is competitive with EX2. On TREC-5, EX2 achieves the highest test set accuracy. In virtually all
cases—and especially in the 5 and 10 size dataset variations—augmentation with DAUGSS, DAUGSS-2x, EX2 or
LAMBADA improves upon the BASE.

BANK-10 CLINC-10 SNIPS-10 TREC-10
Attack Alg 2 4 6 2 4 6 2 4 6 2 4 6

Clare-I

BASE 31.8 35.6 37.0 15.6 19.7 21.0 31.7 36.8 40.1 27.7 30.4 33.3
EX2 23.3 27.4 28.9 11.8 14.9 16.2 21.8 25.8 26.7 20.9 23.1 24.6
D 18.9 22.7 24.3 8.7 11.6 12.7 14.4 18.4 18.5 21.5 24.0 24.3
D2x 17.5 20.3 22.5 10.9 14 15.1 11.4 12.2 13.6 21.5 24.4 24.7
D6x 19.7 22.5 24 12.4 14.6 15.7 14.2 18.6 19.4 21.0 23.4 24.8

Clare-M

BASE 16.9 17.1 17.2 9.4 9.7 9.8 16.5 17.9 19.2 6.7 7.0 7.0
EX2 16.6 17.0 17.2 8.6 9.0 9.0 12.1 12.7 13.9 6.0 6.2 6.2
D 16.3 16.4 16.7 9.3 9.6 9.6 11.3 11.6 12.2 6.8 7.1 7.1
D2x 16.0 16.5 16.7 8.8 9.0 9.1 11.2 11.4 12.0 6.6 6.8 6.8
D6x 15.7 16.2 16.4 9.0 9.4 9.5 10.7 11.4 12.5 5.7 6.0 6.0

BAE

BASE 31.2 32.0 32.2 16.9 17.5 17.7 18.3 21.6 22.0 22.8 22.6 22.6
EX2 30.5 31.3 31.7 16.4 17.1 17.2 13.3 14.1 15.0 19.2 19.9 20.1
D 29.2 29.5 30.1 15.9 16.4 16.5 14.4 15.6 16.5 20.2 20.4 21.0
D2x 29.1 29.9 30.3 16.1 16.3 16.3 13.0 12.7 12.3 19.4 19.2 19.4
D6x 29.7 30.0 30.5 16.9 17.4 17.4 14.7 16.0 16.2 18.5 18.3 19.1

BERT-Att

BASE 61.5 90.4 96.2 34.4 69.9 83.9 31.8 70.0 84.2 50.8 95.2 98.9
EX2 59.8 89.5 95.7 31.6 66.7 82.6 27.2 64.1 79.9 43.3 87.8 94.0
D 58.6 90.0 95.9 33.6 69.0 82.3 31.5 67.2 82.4 48.2 91.3 98.4
D2x 58.6 90.0 95.8 33.8 69.0 82.3 24.7 61.7 77.5 47.0 90.0 96.6
D6x 60.0 89.2 94.9 33.8 67.7 81.4 28.3 64.5 78.2 44.1 88.8 96.2

Table 5: Attack Success Rates. Each entry represents the fraction of successful attacks of some attack type
(Clare-I (Clare-Insertion), Clare-M (Clare-Merge), BAE and BERT-Att (Bert Attack)) for some dataset. Attacks
are allowed either 2, 4, 6 perturbations. On BANK and SNIPS, DAUGSS-2x (D2x) and DAUGSS-6x (D6x) always
admit the lowest rate of successful attacks. On CLINC and TREC, the majority of the lowest attack success rates
are achieved by the DAUGSS variants.

Dataset BASE LAM. Ex2 D D2x D6x

CLINC 1479 1818 2385 2268 3004 4016
SNIPS 229 621 442 427 566 768
BANK 681 734 913 963 1347 1738
TREC 1227 1716 2163 2464 3009 3636

Table 6: For each dataset of size 10, we calculate the
number of unique tokens (barring the stop words and
non-alphabets) in the base dataset and some of the aug-
mentation methods. LAM refers to the LAMBADA
baseline.

employs the largest vocabulary expansion. Inter- 400

estingly, along with DAUGSS-2x, DAUGSS-6x 401

imparts the highest degree of robustness; however, 402

it is not among the top performers in terms of test 403

set accuracy. To better understand these results, we 404

inspect the examples generated by DAUGSS-6x 405

(visualized in Table 7). From these examples, we 406

observe that the expanded vocabulary may be both 407

beneficial and detrimental. First, the usage of new 408

vocabulary coupled with T5’s pre-training allows 409

for a natural incorporation of new entities into the 410

training set (example 5). Moreover, new vocab- 411

ulary can also lead to generalization beyond the 412

scope of a class defined by the training examples 413

(example 3). On the other hand, expansion with 414
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tokens unsuitable for a class as well as attempting415

to include unrelated pivot tokens in a generated416

example can both result in nonsense (examples 2417

and 6).418

3.5 Vocabulary Size419

As in previous work, we report the number of420

unique alphabetic, non-stopword tokens in the train-421

ing sets of each dataset (containing 10 examples422

per class) before and augmentation with various423

methods (Kumar et al., 2020). These counts appear424

in Table 6. As expected, DAUGSS with vocabulary425

expansion yields training sets with the largest num-426

ber of unique tokens. EX2 and DAUGSS without427

vocabulary expansion generate datasets with sim-428

ilar numbers of unique tokens. LAMBADA tends429

to generate the fewest unique tokens, except on the430

BANK dataset.431

4 Related Work432

Like DAUGSS, a handful on recent studies focus433

on training generative models for data augmen-434

tation. For example, LAMBADA, to which we435

compare, fine-tunes a large, pre-trained language436

model (GPT-2 (Radford et al., 2019)) to generate437

the initial training examples given their class la-438

bels (Anaby-Tavor et al., 2019). The fine-tuned439

model can then be used to generate new exam-440

ples, which after filtering, are added to the training441

set. Example extrapolation (EX2), to which we442

compare, fine-tunes a large, pre-trained SEQ2SEQ443

model (T5 (Raffel et al., 2020)), which is then used444

for augmentation (Lee et al., 2021). In their work,445

the SEQ2SEQ model takes a sequence of examples446

of the same class as input and produces a new ex-447

ample of that class. While EX2 was intended for448

use in imbalanced training datasets, we modify the449

approach for the few-shot regime via bootstrapping.450

Less recent work in this space includes the condi-451

tional variational auto-encoder (CVAE), which al-452

lows for controllable generation (Sohn et al., 2015).453

We do not compare to CVAE since LAMBADA was454

shown to be superior for augmentation.455

Another family of augmentation algorithms in456

NLP focuses on creating new examples by perturb-457

ing the initial training examples. The perturbed458

training examples are then added to the training set459

during augmentation. Classic work in this space is460

focused on replacing tokens in the initial examples461

with their synonyms, or nearby tokens in embed-462

ding space (Kolomiyets et al., 2011; Zhang et al.,463

2015; Wang and Yang, 2015). More modern vari- 464

ants use powerful neural networks, like BERT (De- 465

vlin et al., 2018), to make contextualized token 466

replacements (Kobayashi, 2018; Wu et al., 2018). 467

Other work in this family employ linguistic pertur- 468

bations or even random token insertion, deletion 469

and swapping (Min et al., 2020a; Li et al., 2020; 470

McCoy et al., 2019; Wei and Zou, 2019b). While 471

replacement based schemes have proven useful, 472

they are somewhat limited in that, by construction, 473

they are similar to the training data. 474

Finally, recent studies also explore feature space 475

augmentation for NLP (Sun et al., 2020; Guo et al., 476

2019; Kumar et al., 2019). These methods cir- 477

cumvent the challenges of generating text by train- 478

ing a model on interpolations between two same- 479

class examples. While feature space augmentation 480

has achieved modest gains on some NLP tasks, 481

it makes convexity assumptions about the latent 482

space which may not hold, and is also difficult to 483

reason about. 484

5 Strengths and Limitations 485

Our experiments reveal that DAUGSS is competi- 486

tive with other state-of-the-art methods in terms of 487

test set accuracy. This is especially the case in the 488

low data regimes (5 utterances per class), where 489

it consistently outperforms LAMBADA. Moreover, 490

DAUGSS and its variants are the most dominant of 491

the augmentation methods in terms of robustness 492

to adversarial attacks. 493

Investigation of the examples generated by 494

DAUGSS reveals that they are relevant and use- 495

ful. The novelty of these examples stems from the 496

combination of the knowledge gained by the gen- 497

erative model during pre-training, and the ability 498

to encourage the model to use specific tokens in 499

its output. On the other hand, without constraining 500

the generative model to use the pivot tokens, it may 501

exclude some in order to produce a more coher- 502

ent example. While vocabulary expansion affords 503

great flexibility, analysis of the examples generated 504

by the DAUGSS-6x model contain both useful and 505

potentially harmful examples. 506

Limitations. We raise a handful of limitations of 507

our empirical study. First, we only perform experi- 508

ments with classification datasets. In more complex 509

settings, e.g., question answering, DAUGSS may 510

not reliably construct useful augmented examples. 511

Additionally, our datasets are all in English and 512

contain relatively short sentences. 513
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Input -> Output Remarks
1) Input: "alarm | midnight set app"
Output: "set an alarm for midnight on the app"

There token "app" does not appear in the initial training data,
but is introduced by vocabulary expansion. T5 uses the new
token along with information learned during pre-training to
introduce new semantic content. "midnight" is a contextual
replacement for "noon"

2) Input: "alarm | fire PM"
Output: "if i fire my alarm it will be 0 pm"

The word "two" in the phrase "two alarms" from the training
data was replaced by the word "fire" due to the candidate
generation process, resulting in a nonsensical generation.

3) Input: "accept_reservations | west classes hall reservations
Orleans",
Output: "do you accept reservations for west hall classes in
Orleans"

This generated example is valid, but it may cause a model to
generalize beyond the test set. While the 5 base training ex-
amples for the accept_reservations class only deal
with restaurants, this generated example is a query about
classes. While generations like these improve generalization,
they may also detract from test set accuracy.

4) Input: "alarm | fire Send initiate"
Output: "send an alarm send"

"Send" is introduced as a contextual replacement for "Initi-
ate". Note that the model ignores "fire" in this construction.

5) Input: "restaurant_suggestion | places Thai decent"
Output: "what’s the best place in Bangkok to go for thai
food"

An instance of intrinsic knowledge from T5 being used to
introduce Bangkok in context with "thai".

6) Input: "restaurant_suggestion | tourist logo"
Output: "can you suggest a restaurant with a logo for the
tourist office"

In an attempt to include the pivot tokens, the model generates
a grammatical but unusual example that may decrease test
set accuracy.

7) Input: "restaurant_suggestion | best street"
Output: "what’s the best street food in san antonio"

Neither of the pivots "best" and "street" were included in the
training examples for this class.

8) Input: "text | fish text said Email worked doctor",
Output: "text doctor says fish have worked since my last
text"

A nonsensical generation written in the same style as other
examples with label text (i.e., send a text message). Ex-
amples of this label are often not grammatical, which may
raise issues for T5.

9) Input: "alarm | set"
Output: "set an alarm to wake me up"

The training examples make no mention of "waking up"
in the context of alarms. As such, this is an example of
T5 introducing new content via information learned during
pre-training and fine-tuning.

Table 7: Input/Output Examples for DAUGSS-6x. These examples (inputs from CLINC-5) showcase both the
strengths and weaknesses of the DAUGSS-6x model. Inputs and the corresponding generations appear in the left
column, and remarks about the generations appear in the right column. Remarks colored green are presumed to
support model generalization; remarks colored red are presumed to hurt model performance.

Our results must also be tempered by the dif-514

ficulty of evaluating data augmentation methods.515

Standard practice is to evaluate augmentation al-516

gorithms using test set accuracy, but as many have517

argued, it is inherently limited. Moreover, test set518

accuracy can be significantly affected by peculiari-519

ties of the dataset or hyperparameters, such as the520

number of examples used in augmentation. This521

detracts from the ability to use test set accuracy to522

discover the "best" augmentation methods. With523

these challenges in mind, we evaluate our methods524

via robustness to adversarial attacks. Yet, robust-525

ness alone is also not sufficient.526

Putting aside the difficulty of evaluating data aug-527

mentation methods, our experiments reveal that no528

method dominates universally. But, unlike many529

other ML algorithms, multiple augmentation ap-530

proaches can be trivially combined. As such, we531

believe that employing a mixture of augmentation 532

methods is likely to be a strong approach that mer- 533

its further investigation. 534

6 Conclusion 535

In this work, we introduce DAUGSS, a flexible 536

data augmentation algorithm that can generate new 537

examples containing specific pivot tokens. Empiri- 538

cally, we show that DAUGSS and its variants are 539

competitive with state-of-the-art data augmentation 540

methods in terms of test set accuracy. Additionally, 541

models trained on data augmented by DAUGSS 542

exhibit higher degrees of robustness to adversarial 543

attacks than when trained on data that is augmented 544

by competing methods. Finally, we analyze ex- 545

amples generated by our method, which help to 546

uncover how they can both help and hinder model 547

generalization. 548
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