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Attention [1]
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Figure 2: (left) Scaled Dot-Product Attention. (right) Multi-Head Attention consists of several
attention layers running in parallel.

[1]: https://arxiv.org/abs/1706.03762 (Attention is All You Need)

[3]: https://colab.research.google.com/github/tensorflow/tensor2tensor/blob/master/tensor2tensor/notebooks/hello_t2t.ipynb
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(shifted right)

The Transformer - model architecture.

Transformer [1]
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Figure 2: (left) Scaled Dot-Product Attention. (right) Multi-Head Attention consists of several
attention layers running in parallel.

[1]: https://arxiv.org/abs/1706.03762 (Attention is All You Need)



https://arxiv.org/abs/1706.03762

Transformer as autoencoder
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Transformer as autoencoder
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[2]: http://jalammar.qithub.io/illustrated-transformer/
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Transformer as autoencoder
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[2]: http://jalammar.qithub.io/illustrated-transformer/
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Transformer families
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https://ai.googleblog.com/2018/11/open-sourcing-bert-state-of-art-pre.html
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[4]: https://arxiv.org/pdf/1810.04805.pdf (BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding)
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Transformers: scaling

Larger models require fewer samples The optimal model size grows smoothly
to reach the same performance with the loss target and compute budget
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Figure 2 We show a series of language model training runs, with models ranging in size from 103 to 10°
parameters (excluding embeddings).

[5]: https://arxiv.ora/pdf/2001.08361.pdf (Scaling Laws for Neural Language Models, 2020)
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Transformers: scaling

Describe your query in natural language and we'll
generate Python code for you.

GENERATE PYTHON CODE

https://twitter.com/pavtalk/status/1285410751092416513
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Transformers: (down)scaling

(base) :~$ curl -X POST "localhost:4321/translate/" --data '{"source_lang":"cs", "target_lang":"en"
, "text":"Zila jednou jedna hodnda a mila divenka. Vsichni ji méli velice radi a ze vSech nejvice maminka s babickou. Babicka ji
usila cerveny cepecek a podle néj ji zacali rikat Cervend Karkulka. Babicka bydlela na samoté u lesa, kde S$iroko daleko nebyla
zadna jina chaloupka. Babicka se tam starala o lesni zviratka. Jednou v 1été maminka napekla babovku, do kosiku pridala lahev
vina a rekla Karkulce: ,Babicka ma dneska svatek. Vezmi kosik a zanes ho k babicce do chaloupky. Ale jdi rovnou, at se v lese n
ezatoulas!"}' | jq -C
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Transformers: scaling
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[6]: https://arxiv.org/pdf/2004.05150.pdf (Longformer: The Long-Document Transformer)
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Attention customizations
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Figure 2: (left) Scaled Dot-Product Attention. (right) Multi-Head Attention consists of several
attention layers running in parallel.

[1]: https://arxiv.org/abs/1706.03762 (Attention is All You Need)

[3]: https://colab.research.google.com/github/tensorflow/tensor2tensor/blob/master/tensor2tensor/notebooks/hello_t2t.ipynb
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Transformer-XL
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(b) Evaluation phase.

Figure 1: Illustration of the vanilla model with a segment length 4.
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Figure 2: Illustration of the Transformer-XL model with a segment length 4.

[7]: https://arxiv.org/abs/1706.03762 (Transformer-XL: Attentive Language Models Beyond a Fixed-Length Context)
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Transformer-XL [7]

Window length 784 on training, 3800 on evaluation
Novel Relative positional encodings

Not very relevant evaluation (bpc: Bytes-per-character)
Not any smaller

Model | #Param bpc

Ha et al. (2016) - LN HyperNetworks 27TM 134
Chung et al. (2016) - LN HM-LSTM 35 M 1.32

Zilly et al. (2016) - RHN 46M  1.27
Mujika et al. (2017) - FS-LSTM-4 47TM  1.25
Krause et al. (2016) - Large mLSTM 46M 1.24

Knol (2017) - cmix v13 - 123
Al-Rfou et al. (2018) - 12L Transformer| 44M 1.11

Ours - 121 Transformer-XL 41M  1.06
Al-Rfou et al. (2018) - 64L Transformer | 235M 1.06
Ours - 18L Transformer-XL 88M  1.03
Ours - 24L Transformer-XL 277TM  0.99

Table 2: Comparison with state-of-the-art results on enwik8.

[7]: https://arxiv.org/abs/1706.03762 (Transformer-XL: Attentive Language Models Beyond a Fixed-Length Context)
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Sparse Transformers [8

— —

(a) Transformer (b) Sparse Transformer (strided) (c) Sparse Transformer (fixed)

[8]: https://arxiv.ora/pdf/1904.10509.pdf (Generating Long Sequences with Sparse Transformers)
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Sparse Transformers [8]

e Head factorization - decomposition of functionality to two heads  Model Bits per byte
e Global token positions - first attempt to propagate information  cirar-10
over attention PixelCNN (Oord et al., 2016) 3.03
. . . PixelCNN++ (Salimans et al., 2017) 2.92
e Shows well-performing replacement of convolution with Image Transformer (Parmar et al., 2018) 2.90
attention PixelSNAIL (Chen et al., 2017) 2.85
. ) ) Sparse Transformer 59M (strided) 2.80
e Evaluation on other sequences (Classical music) N
o MISSIng evaluatlon on aCtuaI NLP end-taSkS Deeper Self-Attention (Al-Rfou et al., 2018) 1.06
Transformer-XL 88M (Dai et al., 2018) 1.03
Transformer-XL 277M (Dai et al., 2018) 0.99
Sparse Transformer 95M (fixed) 0.99
ImageNet 64x64
PixelCNN (Oord et al., 2016) 3.57
Parallel Multiscale (Reed et al., 2017) 37
Glow (Kingma & Dhariwal, 2018) 3.81
SPN 150M (Menick & Kalchbrenner, 2018) 3.52
Sparse Transformer 152M (strided) 3.44

Classical music, 5 seconds at 12 kHz

Sparse Transformer 152M (strided) 1.97

[8]: https://arxiv.org/pdf/1904.10509.pdf (Generating Long Sequences with Sparse Transformers)
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Longformer [6]
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Figure 2: Comparing the full self-attention pattern and the configuration of attention patterns in our Longformer.

[6]: https://arxiv.org/pdf/2004.05150.pdf (Longformer: The Long-Document Transformer)
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e Linear scaling of attention weights’ size
Different context windows by layers (1->12: 32->512)
e New idea of Dilation: attend to every second position, on

2 bottom layers

Longformer [6]

e Transfer of existing ROBERTa weights

e Evaluation on end tasks (requiring long context window)

e Humble ablation study

Model WikiHop  TriviaQA
Current SOTA 78.3 733
Longformer-large 81.9 77.3

Table 9: Leaderboard results of Longformer-large

Model #Param  Test BPC
Transformer-XL (18 layers) 88M 1.03
Sparse (Child et al., 2019) ~100M 0.99
Transformer-XL (24 layers) 27TM 0.99
Adaptive (Sukhbaatar et al., 2019) 209M 0.98
Compressive (Rae et al., 2020) 27TM 0.97
Our Longformer 102M 0.99

Table 3: Performance of large models on enwik8

Model Accuracy / A
Longformer (seqlen: 4,096) 73.8
RoBERTa-base (seqlen: 512)  72.4/-14
Longformer (seqlen: 4,096, 15 epochs) 75.0/+1.2
Longformer (seqlen: 512, attention: n?) 71.7/-2.1
Longformer (seqlen: 512, attention: window)  68.8 /-5.0
Longformer (seqlen: 2,048) 73.1/-0.7
Longformer (no MLM pretraining) 73.2/-0.6
Longformer (no linear proj.) 72.2/-1.6

Longformer (no linear proj. no global atten.) 65.5/-8.3

Table 11: WikiHop development set ablations

[6]: https://arxiv.org/pdf/2004.05150.pdf (Longformer: The Long-Document Transformer)
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Big Bird [8]
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Figure 1: Building blocks of the attention mechanism used in BIGBIRD. White color indicates
absence of attention. (a) random attention with r» = 2, (b) sliding window attention with
w = 3 (c) global attention with g = 2. (d) the combined BIGBIRD model.

[8]: https://arxiv.org/pdf/2007.14062v1.pdf (Big Bird: Transformers for Longer Sequences)
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Big Bird [8]

e Random graph in attention: model of random positions selection is rationalized by
information propagation, reasoned in [9]

e Randomness actually seem to work: ablation study shows +3-5% acc superiority to Longformer
(that is a lot)

Regular Small-world Random

p= 0 > p= 1
Increasing randomness

[8]: https://arxiv.org/pdf/2007.14062v1.pdf (Big Bird: Transformers for Longer Sequences)

[9]: collective-dynamics-of-small-world-networks.pdf (Collective dynamics of ‘small-world” networks)
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Big Bird [8]

e Compared to Longformer, it only adds random connections

e |t reasons it by minimizing the distance of between each pair of nodes = tokens

e Some nice theoretical properties: with random attention heads, Big Bird is Universal
Approximator of any seq2seq function on its context window (like full Transformer)

e Turing complete

Serious evaluation on “long” end tasks (not just bpc) and also some “short” tasks

e Possible cheating by pre-training with Pegasus objective

Model IMDbD [65] Yelp-5 [108] Arxiv [36] Patents [54] Hyperpartisan [48]
# Examples 25000 650000 30043 1890093 645
# Classes 2 5 11 663 2
Excess fraction 0.14 0.04 1.00 0.90 0.53
SoTA [89] 97.4 [3] 73.28  [70] 87.96  [70] 69.01 [41] 90.6
RoBERTa 95.0£0.2 71.75 87.42 67.07 87.8£0.8
BIGBIRD 95.2+0.2 72.16 92.31 69.30 922+ 1.7

Table 6: Classification results. We report the F1 micro-averaged score for all datasets.
Experiments on smaller IMDb and Hyperpartisan datasets are repeated 5 times and the
average performance is presented along with standard deviation.

[8]: https://arxiv.org/pdf/2007.14062v1.pdf (Big Bird: Transformers for Longer Sequences)
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Figure 2: Visual description of how the masked language modeling data was generated from
raw DNA dataset. The raw DNA sequences of GRCh37, where split at random positions to
create documents with 50-100 sentences where each sentence was 500-1000 base pairs (bps).
Thus each document had a continuous strand of 25000-100,000 bps of DNA. This process
was repeated 10 times to create 10 sets of document for each chromosome of GRCH37. The
resulting set of documents was then passed through Sentencepiece that created tokens of
average 8bp. For pretraining we used masked language model and masked 10% of the tokens
and trained on predicting the masked tokens.
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Thanks!

Feel free to check out our theses:

https://is.muni.cz/auth/rozpis/tema tag MIR

or contact us later!

Michal Stefanik

stefanik.m@mail.muni.cz
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