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I study embeddings...
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and whether they enable "reasoning"...
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… and how they can impact the world...
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… and BERT.



In this talk: 

- BERT model recap
- What does attention do for BERT?
- How does BERT learn? 
- Does lottery ticket hypothesis hold for BERT?
- What does it take to disrupt BERT?
- What does BERT learn?
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Who is  BERT?
- Devlin et al.: BERT: Pre-training of Deep Bidirectional Transformers for 

Language Understanding
- Best paper at NAACL 2019;
- Developed and open-sourced by Google;
- (still) a must-have baseline
- Nearly 30K citations on Google Scholar!
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BERT improves ~10% of Google search queries!

https://techcrunch.com/2019/10/25/google-brings-in-bert-to-improve-its-search-results/ 10

https://techcrunch.com/2019/10/25/google-brings-in-bert-to-improve-its-search-results/


Transformer Encoder 

11(Q, K, V - separately trained matrices)

X N layers



The secret sauce: attention weights 
encoding relations in sequences

http://mlexplained.com/2017/12/29/attention-is-all-you-need-explained/ 12

http://mlexplained.com/2017/12/29/attention-is-all-you-need-explained/


Multiple heads could learn different 
patterns and create a rich representation

http://mlexplained.com/2017/12/29/attention-is-all-you-need-explained/ 13

http://mlexplained.com/2017/12/29/attention-is-all-you-need-explained/


BERT embeddings: stacks of Transformer encoders

- Multiple self-attention heads (12 and 16 in 
BERT-base and BERT-large, respectively)

- Multiple layers: 12 in BERT-base model, 24 in 
BERT-large, each with multiple heads

- Total parameters: 110 and 340 M for 
BERT-base and large;

- Train time: 4 and 16 Cloud TPUs for 
BERT-base and large (16 and 64 TPU chips 
total).
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Pre-train + fine-tune architecture

https://medium.com/huggingface/introducing-fastbert-a-simple-deep-learning-library-for-bert-models-89ff763ad384 15

https://medium.com/huggingface/introducing-fastbert-a-simple-deep-learning-library-for-bert-models-89ff763ad384


BERT pretraining tasks

https://medium.com/huggingface/introducing-fastbert-a-simple-deep-learning-library-for-bert-models-89ff763ad384

Masked language model: 
my dog is hairy → my dog is [MASK]

Next sentence prediction:
[CLS] the man went to [MASK] store [SEP] he 

bought a gallon [MASK] milk [SEP] 
Label = IsNext
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https://medium.com/huggingface/introducing-fastbert-a-simple-deep-learning-library-for-bert-models-89ff763ad384


Transformer-based architectures achieve 
superhuman performance on many NLP tasks!

https://gluebenchmark.com/leaderboard 17

https://gluebenchmark.com/leaderboard


GLUE tasks: different aspects of natural 
language understanding

● Text similarity and paraphrase: MRPC, STS-B*, QQP

● Sentiment analysis: SST-2 

● Entailment and inference: RTE, QNLI, MNLI, WNLI

● Linguistic acceptability judgements: CoLA*
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how similar are 2 sentences?

positive of neg sentiment?

does A entail B?

how well-formed is this sentence?

* regression tasks



Q1: how important are 
attention heads?
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Self-attention sounds like a good mechanism to encode 
syntactic relations

Clark et al. (2019) What Does BERT Look at? An Analysis of BERT's Attention 20

https://www.aclweb.org/anthology/W19-4828


Self-attention pattern types

Kovaleva et al. (2019) Revealing the Dark Secrets of BERT 21

https://www.aclweb.org/anthology/D19-1445.pdf


Most self-attention heads are NOT 
linguistically informative!

Kovaleva et al. (2019) Revealing the Dark Secrets of BERT 22

https://www.aclweb.org/anthology/D19-1445.pdf


Kovaleva et al. (2019) Revealing the Dark Secrets of BERT

Some heads seem to encode specific relations... 
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https://www.aclweb.org/anthology/D19-1445.pdf


...but even 'important' heads can be zeroed out!

See also:
Michel et al. (2019) Are sixteen heads really better than one?
Voita et al. (2019) Analyzing Multi-Head Self-Attention: Specialized Heads Do the Heavy Lifting, the Rest Can Be Pruned

Kovaleva et al. (2019) Revealing the Dark Secrets of BERT
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http://papers.nips.cc/paper/9551-are-sixteen-heads-really-better-than-one
https://www.aclweb.org/anthology/P19-1580.pdf
https://www.aclweb.org/anthology/D19-1445.pdf


Q2: what do pre-training
and fine-tuning do?
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BERT works pretty well even without 
pre-training!

Kovaleva et al. (2019) Revealing the Dark Secrets of BERT 26

https://www.aclweb.org/anthology/D19-1445.pdf


Final layers are the most task-specific 
and the most affected by fine-tuning

Kovaleva et al. (2019) Revealing the Dark Secrets of BERT 28

https://www.aclweb.org/anthology/D19-1445.pdf


Fine-tuning 
does NOT 
necessarily 
'teach' 
informative 
attention 
patterns
(BERT fine-tuned on QNLI)

Kovaleva et al. (2019) Revealing the Dark Secrets of BERT 29

https://www.aclweb.org/anthology/D19-1445.pdf


Q3: Does lottery ticket hypothesis
hold for pre-trained BERT?

What about pre-trained Transformers?
Dense, randomly-initialized, feed-forward networks 
contain subnetworks (winning tickets) that -- when 
trained in isolation -- reach test accuracy comparable 
to the original network in a similar number of iterations

Prasanna et al. (2020) When BERT plays the lottery, all tickets are winning 30

https://aclanthology.org/2020.emnlp-main.259/


Method 1: unstructured magnitude pruning (m-pruning)

1. Iteratively prune 10% of the least magnitude weights across the entire 
fine-tuned model (except the embeddings) and evaluate on dev set.

2. Repeat (1) so long as performance of the pruned subnetwork is above 
90% of the full model.
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Method 2: structured pruning heads and MLPs based on 
importance scores (s-pruning)

Iterative pruning till 90% 
performance of full model:

10% heads + 1 MLP per 
iteration

Michel et al. (2019) Are sixteen heads really better than one? 32

http://papers.nips.cc/paper/9551-are-sixteen-heads-really-better-than-one


"Good" subnetwork example: QNLI
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M-pruning: 
● Quite stable!
● 0-0.01 std across random 

seeds

SST-2 34



S-pruning: 
● very unstable
● 0-0.55 std across 5 random 

seeds
● Fleiss kappa for head/MLP 

survival masks across 
random seeds: 0.1~0.3 

SST-2 35



Why so unstable?

Most heads are about 
equally (un)important!
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S-pruned subnetworks are not stable across related tasks!

Both tasks 
target the ability 
to detect 
paraphrases!
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The Good, the Bad and the Ugly Random

● The Good - elements selected from the full model by either pruning 
strategy.

● The Bad - elements that did not survive the pruning and few sampled 
from the remaining to match the good subnetwork size.

● The Random - elements randomly sampled from the full 
model to match the good subnetwork size.
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Regression tasks 
doing much better 
than with 
m-pruning
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The "bad" s-pruned subnets 
are not too bad!
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Heads surviving importance-based pruning are NOT 
necessarily linguistically informative!

Prasanna et al. (2020) When BERT Plays the Lottery, All Tickets Are Winning 42

https://www.aclweb.org/anthology/2020.emnlp-main.259/


Q4: 
so… is BERT invincible?
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You can 'kill' BERT by disabling <0.0001% of model weights!

high-magnitude 
weights in the 
same position in 
the final operation 
across Transformer 
layers!

- BERT & co: scaling 
factors and biases 
in the output 
LayerNorm
- GPT-2: output 
dense layer

Kovaleva et al. (2021) BERT Busters: Outlier Dimensions that Disrupt Transformers

6 versions of BERT + XLNet, BART, ELECTRA, & GPT-2
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https://text-machine-lab.github.io/blog/2021/busters/


RoBERTa masked LM with disabled outlier features:

Kovaleva et al. (2021) BERT Busters: Outlier Dimensions that Disrupt Transformers

Original paragraph Ghostbusters was [released] on June 8 , [1984] , to critical [acclaim] and 
became a cultural phenomenon . It was well [received] for its deft blend of 
comedy, [action] , and horror , and Murray ' s performance was 
[repeatedly] singled out for praise .

RoBERTa (full 
model)

Ghostbusters was [released] on June 8 , [1986] , to critical [acclaim] and 
became a cultural phenomenon . It was well [received] for its deft blend of 
comedy, [action] , and horror , and Murray ' s performance was [often] 
singled out for praise .

Roberta with 
outlier dimensions 
disabled

{ lock was [never] on June 8 , [</s>] , to rely [,] and . It was well [known] for 
its acker of comedy , [dinner], and horror , and Murray ' s was [ever] , </s> 
</s> )

Roberta with 
random 
dimensions 
disabled

Ghostbusters was [released] on June 8 , [1986] , to critical [acclaim] and 
became a cultural phenomenon . It was well [received] for its deft blend of 
comedy, [action] , and horror , and Murray ' s performance was 
[particularly] singled out for praise.
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https://text-machine-lab.github.io/blog/2021/busters/


Outliers emerge early in pre-training: (BERT-medium)

Kovaleva et al. (2021) BERT Busters: Outlier Dimensions that Disrupt Transformers 46

https://text-machine-lab.github.io/blog/2021/busters/


Q5: 
what exactly do we teach BERT?
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Our datasets are too easy!

● BERT learns  shallow heuristics in NLI (McCoy et al. 2019, Zellers et al 
2019, Jin et al. 2020)  

● BERT learns shallow heuristics in reading comprehension (Si et al 2019, 
Rogers et al. 2020, Sugawara et al 2020) 

● probably also everywhere else
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https://www.aclweb.org/anthology/P19-1334
http://arxiv.org/abs/1905.07830
http://arxiv.org/abs/1905.07830
http://arxiv.org/abs/1907.11932
http://arxiv.org/abs/1910.12391
https://aaai.org/ojs/index.php/AAAI/article/view/6398
http://arxiv.org/abs/1911.09241


QuAIL reading comprehension: paraphrase challenge set

T: John bought a used car on Tuesday morning.
Easy question:

What kind of car did John buy?

Paraphrased question: 
What kind of vehicle did the man purchase?

Rogers et al. (2020) Getting Closer to AI-complete Question Answering: A Set of Prerequisite Real Tasks 49

https://text-machine-lab.github.io/blog/2020/quail/


QuAIL reading comprehension: paraphrase challenge set

Rogers et al. (2020) Getting Closer to AI-complete Question Answering: A Set of Prerequisite Real Tasks 50

https://text-machine-lab.github.io/blog/2020/quail/


Shallow heuristics in NLI task: lexical overlap

Biased training data (MNLI)

Premise: The banker near the judge saw the actor.

Hypothesis: The banker saw the actor.

                                                                    Adversarial test data (HANS)     
Premise: The judge by the actor stopped the banker.

Hypothesis: The banker stopped the actor.

McCoy et al. (2019) Right for the wrong reasons. 

Random baseline for 2-class classification: 50
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https://www.aclweb.org/anthology/P19-1334


We tried to help BERT-base to generalize better... 

Architecture MNLI HANS

Vanilla BERT 83.74 53.98

Siamese BERT (frozen encoder) 51.43  50.74

Siamese BERT (trainable encoder) 58.9 52.79

BERT + adapters 82.6 50.97

BERT + explicit debiasing with HEX projection 56.25 50.58

Bhargava et al. (2021) Generalization in NLI: Ways (Not) To Go Beyond Simple Heuristics

but none of the modeling approaches worked!
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http://export.arxiv.org/pdf/2110.01518


… but larger models generalize better!

Bhargava et al. (2021) Generalization in NLI: Ways (Not) To Go Beyond Simple Heuristics 53

http://export.arxiv.org/pdf/2110.01518


(Some) follow-up questions:

● Can we learn to generalize with smaller models?
● Can we pre-train Transformers more efficiently, given 

the outlier phenomenon and attention head redundancy?
● Can we get the Transformers to learn more high-level 

and/or interpretable linguistic/logical patterns for NLU 
tasks?

● Can we tell when BERT is right for the right reasons?
● … ?
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Let's discuss!
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