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Abstract 3. The changed parameters are both isolated and

localized across the entire parameter space.

e BitFit, a spars:
2 only the bias-terms of the model
»f them) are being modified. We

4. For small to medium training data, changing
only these parameters reaches the same task

CISA=(8

reports the dev-set and test-set performance com-

pared to the Diff-Pruning and Adapters numbers :tlgrf?x:r:
reported by Guo et al. (2020) and Houlsby et al. pal‘z;mel
(2019) (respectively). This experiment used the 3),
BERTLA&GE model.

On validation set, BitFit outperforms Diff-| Fewer 1
Pruning on 4 out of 9 tasks, while using 6x fewer | tune on

| trainable parameters *. As for test-set results, two We di

‘h small-to-medium training data,
‘it on pre-trained BERT models is
with (and sometimes better than)
1e entire model. For larger data,
s competitive with other sparse

even improves results.

Specifically, we show that freezing most of the
network and fine-tuning only the bias-terms is

accuracy as full fine-tuning, and sometimes | -

"I clear wins compared to Diff-Pruning and 4 clear | b to be
wins compared to Adapters while using 45x fewer | absolute
trainable parameters. initial L
S P—— Figure |

3 Appendix §A.3 lists the tasks and evaluation metrics. N g
*QNLI results are not directly comparable, as the GLUE for the
benchmark updated the test set since then. see Apr
3
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