10 Appendix

10.1 Candidate outlier dimensions of the models.

For each of the BERT-like models we experimented with we present the outlier candidate weights, detected
as described in section 3.

Model component Outliers
output.dense.weight 275,276, 444
attention.output.dense.bias 193
attention.output.LayerNorm.weight 275,276, 444
attention.output.LayerNorm.bias 276, 444
output.LayerNorm.weight 121, 262, 444, 276
output.LayerNorm.bias 276, 444

Table 7: BERT-small outlier dimension candidates across model components.

Model component Outliers
attention.output.dense.bias 92, 400, 476, 17
output.dense.weight 400

output.dense.bias 400
attention.output.LayerNorm.weight 17, 400, 430
attention.output.LayerNorm.bias 192, 400
output.LayerNorm.weight 11, 193, 393, 427, 400
output.LayerNorm.bias 400, 427

Table 8: BERT-medium outlier dimension candidates across model components.

Model component Outliers
output.dense.weight 308, 381
output.dense.bias 308
attention.output.dense.bias 308
attention.output.LayerNorm.weight 308, 381
attention.output.LayerNorm.bias 145, 308, 381
output.LayerNorm.weight 92, 145, 308, 381, 225
output.LayerNorm.bias 308, 381

Table 9: BERT-base outlier dimension candidates across model components.

10.2 Scaling factor and bias statistics for BERT-base.

For the BERT-base configuration, we present the detailed statistics on per-layer scaling factors and biases
of the output LayerNorm (see Table 13). We report per-layer means, standard deviations and counts of the
weights falling out of the three sigma range. We also show the values of the outlier weights (308 and
381) along with their ranks, where the ranks are computed for the corresponding sorted arrays of weight
magnitudes. Note that the outlier weights consistently appear to be among the top largest or top smallest
LayerNorm weights throughout the model, but are not necessarily the top-1 largest/smallest values.

10.3 Sample language model outputs after disabling outlier LayerNorm weights.

For RoBERTa and BERT, we randomly sample a set of sentences from Wikipedia and BookCorpus, mask
multiple input tokens, and use the models for token prediction. We compare the baseline (full) models
with the models where select LayerNorm weights are zeroed out across all of the Transformer layers. In
particular, we compare the setups where the outlier dimensions (two per model) are disabled as opposed
to random dimensions (two per model).



Model component Outliers

attention.output.dense.bias 757,327
output.dense.weight 757, 159
output.dense.bias 159, 757
attention.output.LayerNorm.weight 159, 757, 327
attention.output.LayerNorm.bias 159, 757, 327
output.LayerNorm.weight 159, 757, 327
output.LayerNorm.bias 159, 757, 327

Table 10: Multilingual BERT (mBERT) outlier dimension candidates across model components.

Model component Outliers

output.dense.weight 588

output.dense.bias 588, 494

attention.output.dense.bias 588

attention.output.LayerNorm.bias 77,217,453, 551, 588, 496, 731, 494
output.LayerNorm.bias 77,453, 551, 588, 217, 240, 496, 61, 494

Table 11: Base RoBERTa outlier dimensions across model components.

Model component Outliers

attention.output.dense.bias 466, 18

output.dense.bias 466, 750, 18, 933

attention.output.LayerNorm.weight 234, 466, 933

attention.output.LayerNorm.bias 9,71, 136, 234, 327, 706, 466, 474, 929, 933, 18, 143

output.LayerNorm.weight 80, 136, 232, 234, 331, 466, 639, 665, 702, 724, 750,
763, 968, 315, 428, 933, 18, 506, 314

output.LayerNorm.bias 136, 466, 706, 327, 9, 929, 18, 143, 933

Table 12: BERT-large outlier dimension candidates across model components.

Scaling factors Biases
Transf.  mean/ std #> 30 308 value/ 381 value/ | mean/ std #> 30 308 value / 381
layer rank rank rank value/rank
1 0.756 / 0.056 12 0.343/764 0.404/762 | -0.037/0.099 6 -1325/0 0.144 /78
2 0.870/0.069 24 0.400/765 0.374/766 | -0.034/0.086 8 -0.678/0 0.277/5
3 0.851/0.052 16 0.408/767 0.549/765 | -0.031/0.075 4 -0.070/298 0.118/103
4 0.811/0.044 11 0.562/764 0.388/767 | -0.033/0.052 7 0.075/174 0.114/50
5 0.840/0.045 8 0.615/763 0.360/767 | -0.031/0.051 8 0.200/3 -0.083 /113
6 0.832/0.037 7 0.692/763 0.411/767 | -0.032/0.060 6 0403/0 -0.394 /1
7 0.834/0.037 4 0.752/752  0.375/767 | -0.033/0.063 5 0.785/0 -0.337/1
8 0.810/0.030 4 1.163/0 0.335/767 | -0.033/0.065 2 0959/0 0.304 /1
9 0.831/0.042 6 1.618/0 0.262/767 | -0.035/0.062 2 0.129/38 0.695/0
10 0.801/0.060 7 1437/0 0.254/764 | -0.032/0.057 9 -0415/2 0.258/4
11 0.817/0.062 9 1.671/0 0.185/765 | -0.040/0.068 5 -0.667/1 1.234/0
12 0.633/0.027 13 0.273/767 0.536/758 | -0.019/0.050 5 0225/0 -0.021/531

Table 13: The statistics of output LayerNorm weights (scaling factors and biases) for all of the Transformer layers
of BERT-base.
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Table 14: RoBERTa’s masked language model predictions for randomly sampled input sequences. Input masked to-
kens (blue) are given in brackets. Correctly predicted tokens are shown in green, incorrect but plausible predictions

are shown in brown. 48 weights have been modified in total for the Random and Outliers setups.
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Table 15: BERT’s masked language model predictions for randomly sampled input sequences. Input masked tokens
(blue) are given in brackets. Correctly predicted tokens are shown in green, incorrect but plausible predictions are
shown in brown. 48 weights have been modified in total for the Random and Outliers setups.



