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Introduction Generalisation in noisy settings
State-of-the-art pre-trained language We train BERT on 6 versions of datasets with noise from 0% to 50% in
models have been shown to memorise steps of 10% and report the results.
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Key insight about the three phases of the training: 0.0- phase 3

Datasets Two scenarios: noisy and low- * The settling phase is longer in BERT compared to large pre-trained L LN
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resource settings. The noise is simulated by models for other modalities. In some cases the second phase is not ’
randomly permuting some of the labels in observed at all.
the training set. In order to investigate * The top validation performance is high for all datasets despite the
memorisation we train the models on high noise.This suggests a strong robustness to noise.

datasets that contain only a small number
of examples for a particular class.VWe focus
on the Named Entity Recognition (NER)
task and employ the CoNLLO3 (Sang and

Forgetting of learned information

De Meulder, 2003), JNLPBA (Collier and To study memorisation, we use the following concepts:

Kim, 2004), and WNUT 17 (Derczynski et al. * Learned example: every example that was classified correctly at

2017) datasets. least once during the training. — per
Language Models We use BERT-base * Forgettable example: those points that were learned and then 0.8 phase 2
(Devlin et al., 2019) as the main language forgotten during the trained. ik
model for our experiments.VWe compare * Unforgettable example: all the examples that were learned and 00

BERT’s behaviour with that of other pre- never forgotten until the end of the training.
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trained transformers such as RoBERTa (Liu
et al.,, 2019) and DeBERTa (He et al., 2020).

, Studying learning and memorisation we can see how:
We also report performance for a bi-
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LSTM-CRF (Lample at al., 2016) model with * BERT forgets much less compared to a bi-LSTM model.
combined character-level and word-level * The pre training process plays a considerable role in retaining )
representation. information during the training. 1 2 3 4 d hé 78 9 10
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* BERT learns most of the examples during the Fitting phase. In the
settling phase it simply stops learning any new examples and finally
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BERT in low-resource scenarios

We will now examine if the same behaviour applies in low-resource scenarios where a minority class is only observed very "% }’j:lff;g’“ R =0 = s R E I
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We show the classification performance for the training and validation datasets on 6 different versions of CoNLLO3 where ¢
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we left 5 to 105 sentences with the LOC class. Darker colours represent fewer sentences. We only report the Fl score & 04;
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* For fewer available sentences the model’s ability to generalise is greatly reduced.
* When only 5 sentences are available, the LOC tokens are treated as noise and learned during the memorisation 0o
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ProtoBERT
To address BERT’s poor performance on the few-shot learning datasets, we propose a new model: ProtoBERT, that is a combination
of BERT, with all its pre-trained knowledge, combined with the few-shot capabilities of prototypical networks (Snell et al., 2017).
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