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Motivation

Large generative model (e.g. GPT3) still lags behind well-finetuned model
This paper proposes STraTa to leverage unlabeled data:

- Self-Training
- Task Augmentation
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Figure 2: An illustration of our Self-Training with Task Augmentation (STraTA) approach. In task augmentation,
we train an NLI data generation model and use it to synthesize a large amount of in-domain NLI training data
for each given target task, which is then used for auxiliary (intermediate) fine-tuning. Our self-training algorithm
iteratively learns a better model using a concatenation of labeled and pseudo-labeled examples. At each iteration,

we always start with the auxiliary-task model produced by task augmentation and train on a broad distribution of
pseudo-labeled data.



Task Augmentation

- Goal:
- Finetune LMs on auxiliary task before the target task

- Which task?
- Domain mismatch: MNLI and SQUAD

- In this paper:

- Finetune on NLI data



Task Augmentation (2)

Synthetic NLI data generation
- Generate from MNLI
- (sentA, sentB)-> label
- To NLI
- (label, sentA) -> sentB
- Finetune T5 model

Benefit

- Training label is free
- Be able to overgeneration in-domain NLI training data
Overgeneration
- Generate 100 output samples per input (top-k=40)
Filtering
- Use BERT model finetuned on MNLI as NLI classifier
- Filter synthetic data:
- If produce the same label -> kept
- Otherwise -> Remove



Self-training

- Goal

- Improve the model using pseudo-labeled data

- A strong base model
- Strong base model can produce quite good pseudo labeled data
- Otherwise, errors can be propagated through incorrect data

- Steps
- Starts with the same strong base model
- Finetune all parameters using labeled and pseudo-labeled data



Self-training (2)

- Self-training on a broad distribution of pseudo-labeled data

- Confident data ~ narrow distribution

- Overconfident teacher
- Poorly calibrated
- Harmful to the self-training

- Less confident data ~ broad distribution

- Using the whole set of pseudo-labeled data
- At each iteration, the pseudo-labels are regenerated as the teacher improves gradually



Experiment

LMFT: Target task language model finetune

- Finetune LM on in-domain unlabeled text using MLM signal
- Finetune LM on the target task

ITFT_MNLI: intermediate task finetuning on MNLI

- Finetune LM on MNLI
- Finetune LM on target task

TA: task augmentation
ST: self-training



Model SNLI QQP QNLI SST-2 SciTail SST-5 STS-B SICK-E SICK-R CR MRPC RTE
FuLL

BERTY srce 91.1 884 919 92.4 95.3 537, 89.6,, 87.9:6 84.4,, 91.7,6 89.05 68.6,,
+ LMFT 91.0 88.1 90.4 93.5 95.3 54.00, 89.5,, 87.7s 84.0,5 91.6s 89.5,, 66.5;;
+ ITFTunu 91.1 882 916 93.5 96.5 54.0s 90.3,; 89.9,, 86.3,3 92.0,s 89.7,s 82.3,,
+TA 919 885 925 94.7 96.9 55.7,s 90.9,, 90.7,; 87.0,; 93.3,s 90.8,; 838,

LIMITED (1024 total training examples)

BERT srce 774, 74.1,, 81.7,, 89.8,s 90.9,, 49.1,; 88.2,, 84.8,; 80.2,, 91.2,s 85.7,; 66.8,;
+ LMFT 75.8,s 71.6,s 80.5,, 88.9,s 87.7,; 49.2;, 884, 832 78.50 90.9,; 84.9,, 652,
+ ITFT i 85.2,, 74.0,s 83.5,; 90.0,s 92.1,, 494, 87.8,s; 88.8; 83.2,, 91.3,; 86.4,, 81.1,
+TA 87.3,, 75.7,s 85.0,s 91.7,, 923, 514, 89.0, 894, 84.3,, 92.6,, 88.0,, 829,

FEW-SHOT (8 training examples per class)

BERTgAge 43.7,, 559 59.0,0, 59.1,, 67.1¢, 30.5,, 73.6,s 61.3,, 59.7,, 65.2;,, 72.4,, 514,
+ LMFT 45.2,, 572,, 57.6,, 649,, 64.0,, 334, 754,, 593, 58.3,6 7245, 7395 50.9;,
+ ITF Ty 75.2s; 63.7,, 628, 76.8,, 758ss 350, 80.2,, 804, 73.5,; 79.2,6 7435, 62.235
+TA 833, 68.7,s 70.1,, 803 78.5,, 37.4;, 80.7,5 81.1,, 75.9.5 86.5,, 74.5,s 67.65,
+ ST 65.0ss 69.9,, 71.6,,; 62.7,, 68.6,; 3395 80.5,, 68.1,; 64.0,, 78.2,; 80.5,s 50.7;,
+ ITFTyy, + ST 83.2,, 70.7,, 81.5,, 88.0,, 83.7,, 395,, 842, 81.8, 75.8,, 85.6,; 80.6,, 625,
+ STraTA 85.7,, 74.5,, 821, 90.1,, 86.3,; 413, 84.7,; 849, 77.6,4 90.5,;, 81.0,;, 70.6,,

BERT ArGE 43.1,, 58.5,;, 644, 66.1;; 688,5s 352,; 7T4.6;5 66.5,;5 66.6;; 72.060 79.9,, 53.15;
+ LMFT 39.6,s 52.7,; 522, 66.3,; 664, 368, 754,, 588 51.64 75.6s5 80.5,, 52.8,%
+ ITFT Ty 79.9;, 62.6,, 64.5,, 8075, 723,, 364, 755, 77.8;3 73.5,8 82.6;y 72.8;5 69.7,
+TA 84.8,, 64.6,, 71.5,, 855, 79.0,s 385, 789,, 812, 77.5,4 88.6,; 78.2¢ 77.0;
+ ST 69.3,, 74.3,, 854,, 819,, 799, 42.0,5 82.8,; 77.3s, 73.155 88.1,; 81.2;s 53.9,;
+ ITFTyy, + ST 854y, 74.8,;, 86.1,, 89.7,, 86.2,, 422,, 84.1,; 84.3, 78.4,; 89.3,, 81.4,, 72.7;,
+ STraTA 873, 75.1,, 864, 917,, 873,, 43.0,, 845, 863 79.0,, 90.0,, 81.5,, 77.1,,

Prompt-based (LM-BFF; Gao et al., 2021) and entailment-based (EFL; Wang et al., 2021) fine-tuning approaches

RoBERTay srcE 384,; 588, 527,53 60.5,, - - 24.5, - - 619, 76.1,, 55.0,;
+ LM-BFF 52.0,, 682, 61.8,, 799, - - 66.0,, - - 88.6,, 78.5,; 63.3,,
+ EFL 81.0,, 673, 68.0,, 908, - - 71.0,, - - 92.3,, 76.2,; 85.8




