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Motivation and Background

BabyBERTa [1], a smaller RoBERTa [2]-like language model trained on a 5M child-directed data Architecture and Dataset of BabyBERTa [1] and RoBERTa [2]

corpora without using unmasked tokens during the masked language modeling training. — |RoBERTa|BabyBERT: B T
Examples of CHILDES: s [ 12 | 8
1) there's a face with glasses . 2) there's a baby bear with his bottle . __attentionheads | 12 | 8
Examples of Wikipedia:

1) 1t .IS not known which appljoaeh 1s more effective . 15 times less parameters compared to RoBERTa!
2) this feedback loop results in a reduced albedo effect .

1. What is the performance for smaller models like BabyBERTa on downstream

Previous work concentrated on evaluating the zero-shot grammar ability of BabyBERTa, demonstrating tasks that require fine-tuning?
that 1t aehieves comparable performance on grammar test suites as RoOBERTa but with significantly 2. How to improve the behavior of those models on downstream tasks? Can we
reduced training costs. use these models as a starting point and continually pre-train the models?
BabyBERTa for Downstream Tasks Continually Train BabyBERTa on More Data
Pre-training Recipes Downstream Tasks 1. Continually pre-train the BabyBERTa models on 100M tokens.
. .
Masking Policy: Semantic Role Labeling (SRL): assign roles to The unmasking removal policy at the
* 80-10-10 Masking Policy: 80% are words in a sentences to recognize the semantic | ves | no [ 7808 | 9043 | 77.88 | starting point improves the performance
replaced by the <mask> token, 10% are predicate-argument structure after continual pre-training on
. . 1K1 no no . . .
random tokens, and 10% are kept as the QASRL: use question-answer pairs to label verb T ves | 1m0 | 7307 | 9078 | 7085 | downstream tasks such as QAMR.
same predicate-argument structure | ves | ves | 78.08 | 90.93
Unmasking Removal Policy: 90% are Q AMBR: use questi()n-answer pairs to label Note: URPS: apply Unmasking removal policy at starting point.
replaced by the <mask> token, 10% are predicate-argument structure [V{]RPIC: apply Unmaskitﬁgdlff‘f{mvi‘l pOIti.Cy af Conttin‘.la.l tra(ilnitng ita.ge'
random tokens AO)\ F C alSO CXPCricncc wi 1HICTCNl Continual pre-uraining aatascils 1m our paper.
Vocabulary: R 2. How about continuing training the model on S00M, 1B data?
. They, want, tos do, mores .6
 RoBERTa-Vocabulary Size: 50265 % —
*  BabyBERTa-Vocabulary Size: 8192 e
(learned on CHILDES) :
S 70-
| Pre-training with unmasking . 1. The performance continually improves as
removal policy and smaller L —— curriculum we keep pre-training the model.
vocabulary set achieves the 60- combined | 2. However, the performance is still lower
-- J - han that of RoBERTa-b
best performance 55 —e— childes than that ot Ro a-base.
—mmmmmmmm . There 1s still performance 0 100 200 300 400 500 curricalum: CHILDES + Newsela + Wikipedia
Note: URPS: apply Unmasked removal policy at starting point. gap between BabyBERTa Amount of tokens (M) Combined: Concatenation of 2 different Wikipedia datasets

and RoBERTa
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