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- Data augmentation has proven to be an effective approach for overcoming the data
scarcity issue in low-resource NLU tasks with limited training samples.

- Generative data augmentation faces two major challenges: diversity in generated
augmentations and consistency with the underlying data distribution.

- Current augmentation methods are either too conservative, by making small changes
to the original text, or too aggressive, by creating entirely new samples. Additionally,
they are prone to replicate biases and overfit specific linguistic patterns.

Abstarct Descriptions: We define an abstract description is a concise summary of a text,
distilling it to its key concepts and themes while omitting non-essential details, effectively

Step 1: Learning to Expand Abstract Descriptions:
1) We synthesize a large-scale synthetic dataset D with abstract-document pairs by
prompting LLMs with unlabeled documents from D _ .
2) We pre-train BART on this dataset with abstract as input and document as the target

Main Contributions for learning to expand abstract descriptions.

- We propose ABEX (ABstract and EXpand), a novel and effective generative data
augmentation methodology for low-resource NLU. ABEX is based on a novel
framework that first generates an abstarct decsription of a document and then
expands the abstarct decsription.

- We propose a simple, controllable, and training-free method, based on editing AMR

Step 2: Synthetic Data Augmentation:

1) We convert the document into its AMR graph representation g..

2)Githen goes through multiple steps of deletion to obtain ;.

3) We optionally retrieve a semantically similar document from Ddown, obtain its AMR
graph Gy, and replace subtrees in Gswith similar subtrees in G;.

graphs, for generating abstract descriptions of documents from NLU datasets.

- We evaluate the efficacy of ABEX on 12 datasets across 4 NLU tasks under 4
low-resource settings and show that it outperforms most prior works quantitatively
by 0.04% - 38.8%

4) G,is then converted back to text using an AMR-to-Text generator. The resultant text
is now an abstract description of the document.

5) This abstract description is then passed to the fine-tuned BART for generating
augmentations.

6) We optionally fine-tune the fine-tuned BART (from Step 1.) on abstract-document
pairs from Ddown for downstream domain adaptation.

- We contribute a large-scale synthetic dataset with =0.2 million abstract-expansion
pairs to promote further research in this space.

Document Abstract Target
eaming o Teb LSt Ty D, e b St e o
expand abstract | p P . > premiere, showcasing their BART .
d inti u Skyfall, where the stars showcase their LLM fashionable suits Skyfall, where the stars showcase their
escr'lp ions StYliSh Suits. Promp til’lg ) Fine-tuning BART on StyliSh suits.

Abstract-Expansion pairs

Augmentation Generation

- it stars shilpa shirodkar
with music composed by Mark J. Furtado, a beloved teacher, was
\ in 2010, the musical instrument rajesh roshan, ~ z%vn named California Maestro in a 2003 edition
maestro raghav sachar was the compose of the California Magazine.
Data highlight of the event. ~ gdown
Augmentation :ARG1-of @ * @ .
Ten years after the death of Freddie Mercury,
@ | the musical giant's music is the most
ext-to- : important event o , with a unique blen
Text-to-AMR . portant t of 2010, with que blend
] @ o of pop, rock, and soul.
MO ; Abstract Description @
= @
] S — ' o In 2010, composer Neil Pollard's songs were
Match < *o;)é Com.pos.er 5 MUSIC 15 the most important trends in music, and his
. SMatch-++ B[ ~ the highlight of 2010. —— music remained a source of inspiration and
frosomsooooooococcocconoo: > ; = N > BART conviction.
. (fine-tuned)
_____ B dltedAMR*;, E The person was e e e
highlighted as a
< SIS Ontional Target
— maestro. ptiona
Finetuning - il
. . in 2010, the musical instrument
Mixed Abstract Description
@ maestro raghav sachar was the
o g
Delete highlight of the event. ~ gdown
Original Both countries are full members of the european unionggp and natoggp. Coherence C‘onte.x t Lz.lbel
Model Huffpost Yahoo IMDB ATIS MASSIVE : ' Diversity  Consistency
100 200 500 1000 | 100 200 500 1000 | 100 200 500 1000 | 100 200 500 1000 | 100 200 500 1000 LwTR 1. Both countries are full 1856 of the european union and colorado. X X X
Gold 7680  77.96  80.51 8241 | 4250 4950 5547 56.62 | 8336 88.59 88.15 89.47 | 8513 89.97 947 9729 | 3170 5648 7347  79.15 2. Both countries are full members of the european historic and nato inspired
BackTrans 7587 7621 7920 8020 | 4485 50.86 54.19 5577 | 8438 8612 8672 87.53 | 89.86 9234 9436 97.07 | 53.56 6452 73.13 7848 DAGA L It is by as curopean is three rubber singer age her. P 4 X ) 4
EDA 7549 7764 79.14 8071 | 47.13 50.15 5339 56.04 | 753  88.07 8839 8892 | 9020 92.11 9493 96.62 | 47.00 64.15 7353  78.24 2. he also of a and european to.
AEDA 7765 76.88 80.31 81.10 | 4561 5152 5422 56.02 | 8230 8825 8695 89.33 | 89.07 91.89 96.73 97.63 | 51.04 66.81 75.15 79.11 MELM 1. Both countries are full members of the national socialist and international. vV X vV
AMR-DA 7749 7632 7793 79.64 | 48.80 5237 5468 5501 | 8426 88.04 8892 89.20 | 93.69 94.03 9628 9639 | 52.82 64.02 7209 76.96 2. Both countries are full members of the national states and international.
SSMBA 76.64 7740 79.85 8111 | 4695 5053 5397 54.68 | 82.09 86.57 8794 888 | 9031 89.75 93.69 9594 | 47.07 6099 7024 77.16 I. The curopean union, nato, paul getty museum and metropolitan museum of art
GENIUS 7752 7771 7835 80.07 | 519  51.69 5146 54.15 | 7858 8250 8490 86.18 | 9358 94.14 9673 97.18 | 51.76 6534 7317  77.04 GENIUS ' .~ curopean nion is in trouble. nato. the EU is in the crosshairs X X v
gzﬁﬁdix —77:83 77:90 77:65 81:06 —52:61 52;13 53;40 56;27 84;21 88:24 88:30 88:65 92?68 9 4?25 9 4?81 96?95 52?60 64?53 . 4?26 76?87 PromDA 1. European union and nato resisted invasions of their countries. % Y, Y,
ZeroGen 7384 7566 7630 7649 | 4147 4921 5455 5504 | 7699 80.61 8231 83.10 | 81.24 8395 8563 90.88 | 2820 47.02 67.80  70.94 JTOMPR 2. They are also members of the european nato and european union &&. v 7T _
LLaMA-2;55 | 73.59 75.19 7682 77.94 | 4037 4625 5214 53.62 | 80.72 8359 8562 8581 | 8280 81.72 89.11 91.05 | 30.88 49.19 7052  71.80 Abstract o N
GPT3Mix 57.87 61.80 66.12 69.46 | 31.60 3298 5033 5293 | 81.04 84.14 8627 87.69 | 7691 8175 8536 8536 | 2591 4672 6899  72.57 Description Countries in unions and military members.
" ABEX-Abs | 73.62 7458 7627 7842 | 3587 3793 4847 5036 | 7469 8028 82.66 8251 | 7853 80.27 83.54 8649 | 3071 51.62 68.88 7526 23 . : —
. 23 countries are a part of the european union and nato military.
ABEX-stage-2 | 7461 7726 78.17 8028 | 49.81 5002 5162 5374 | 82.69 8536 8722 8745 | 9071 9236 9675 96.68 | 5047 6538 7329 7625 5 The srouns and militaries were the onlv equivalents of nato. one of whom were v J v
ABEX-stage-1 | 7745 7924 8163 8358 | 5246 5326 5477 57.13 | 8435 8816 8830 89.17 | 91.66 9483 9679 9645 | 5251 6563 7394 79.41 ABEX-ft - e SToUps and y < ’
ABEX (ours) | 78.66 7930 81.82 84.03 | 5320 53.52 5481 57.11 | 8518 8872 89.05 8928 | 9428 9571 9733 97.92 | 5503 6685 7544  80.36 under the political influence
+0.72 +0.05 +0.13 +042 | £0.56 £0.24 £0.51 +0.01 | £0.73 £0.12 +0.10 £0.12 | £0.54 +0.78 +0.45 £0.24 | +1.34 +0.02 +0.24 +0.85 1. European Uniongrp member states such as Romania; o, Serbia, o, and Spain; oc are part
of the european unionggp with the natogrp military, but may not join the union due to a lack
. . . . of agreement and their ability to compete in the union.
Result comparison on Sequence Classification. ABEX outperforms prior methods by 0.04% - 29.12%. ABEX-Pt ) Nine member states of the curopean unionggs are part of the country's natogg, military v v v
force, with participation restricted to minor groups and no restrictions on freedom of
movements, and have historically been part of North Dakota, o's nanton system.
1. The Netherlands; oc 1s @ member of the european uniongrp, joined in 1969; the
CoNLL-2003 MultiCoNER OntoNotes Netherlands; oc 1s also a member of natogrp with an observer status. v Y, J
Model 100 200 500 1000 100 200 500 1000 100 200 500 1000 ABEX (ours) 2. The european unionggp is composed of 12 countries, with the majority of them being
members of the natosrp, and the union's member states.
Gold-only 52.80  66.53 70.43 80.15 15.86 2491 52.69 57.03 16.37 27.7 61.46 61.82
LwTR 65.48 73.24 81.45 83.74 42.23 50.22 51.0 54.67 46.18 51.47 54.87 62.67 Comparison Of augmentations on the MuthoNER dataset.
DAGA 53.91 51.63 54.68 82.05 19.11 36.71 31.39 42.13 33.29 43.07 54.64  61.15
MELM 56.89  62.23 79.05 81.90 16.62 30.96 46.27 49.01 11.94  31.55 45.68 54.97
GENIUS 67.85 582 8036 76.87 | 4233 4777 5570 51.06 | 4544 48.69 5227  56.59 Method P DM D-L(MH PJ) DM D-L()
PromDA 66.30  70.95 76.38 82.14 | 4140 48.93 55.02  53.55 46.34  50.83 54.81 57.64 100 500
LLaMA-2;33 53.39  68.71 73.95  79.22 39.82 4536  50.60 55.68 40.61 43.29 53.72 57.88 EDA 135.12 10349 10.63 || 147.06 12069 12.07
_GPT-NER | 5461 6825 7817 80.60 | 4081 4637 52.19 5592 | 42.37 4482 5520 58.62 SSMBA 86.13 12666 17.58 | 103.92 13444 19.12
ABEX-Abs 54.18 6552 7236 7940 | 24.62 35.28 44.71 47.90 30.76 3526  43.28 50.60 AEDA 10592 49.72 655 | 106.87 50.56  6.99
ABEX-stage-2 | 68.22  71.15 77.02 82.41 41.25 48.73 54.14  54.36 4585 47.92 55.88 57.62 BackTrans 7717 3402 1939 | 7498 4722 2091
ABEX-stage-1 | 68.74 72.09  78.51 83.22 41.28 49.44  54.73 55.60 46.82  45.71 56.63 59.25 GPT3-Mix 90.50 124.02 23.55 || 8549 134.08 26.98
ABEX (ours) 70.16 73.67 8358 8420 | 43.05 5175 56.03 5841 | 48.76 5138 61.85 63.14 GENIUS 32.88 156.50  27.95 | 3271 15949  28.13
+0.86 +0.37 +1.27 +0.31 | £0.67 +1.32 +0.24 +1.24 | £1.23 +0.06 +0.26 =+0.35 AMR-DA 68.22  63.73 258 | 6495  75.15 292
LWTR 152.69 101.95 11.39 137.03 109.02 11.64
DAGA 66.46  54.59 14.91 120.74  69.32 10.74
. . MELM 69.13 11339 12091 8343 116.59 11.30
0/ - 07/ PRt S | Bl R et et
Result comparison on NER. ABEX outperforms prior methods by 0.33% - 36.82%. ABEX-stage-1 (ours) | 2746 190.87 2774 | 2648 217.29  17.88
ABEX (ours) 28.05 12491 29.73 27.09 130.25 31.37

Code and Data

Results for Question-Answering and Sentence Similarity on paper! Comparison of perplexity (P), token diversity (D), and length diversity (D-L).



