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Table 2: The Transformer achieves better BLEU scores than previous state-of-the-art models on the
English-to-German and English-to-French newstest2014 tests at a fraction of the training cost.

Model BLEU Training Cost (FLOPs)
o EN-DE EN-FR EN-DE EN-FR

ByteNet [ 18] 23.75

Deep-Att + PosUnk [39] 39.2 1.0 - 10%°
GNMT + RL [38] 24.6 39.92 2.3-10*  1.4-10%°
ConvS2S [9] 25.16  40.46 9.6 -10%  1.5-10%
MoE [32] 26.03  40.56 2.0-10"* 1.2-10%
Deep-Att + PosUnk Ensemble [39] 40.4 8.0 -102%°
GNMT + RL Ensemble [38] 26.30  41.16 1.8-10%° 1.1-10%
ConvS2S Ensemble [9] 26.36 41.29 7.7-1019  1.2.10%
Transformer (base model) 27.3 38.1 3.3.10'%
Transformer (big) 28.4 41.8 2.3-10"
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OpenAl h'5 “Sparse Transformer” 78 & YR E
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(a) Transformer (b) Sparse Transformer (strided) (¢) Sparse Transformer (fixed)

Figure 3. Two 2d factorized attention schemes we evaluated in comparison to the full attention of a standard Transformer (a). The top
row indicates, for an example 6x6 image, which positions two attention heads receive as input when computing a given output. The
bottom row shows the connectivity matrix (not to scale) between all such outputs (rows) and inputs (columns). Sparsity in the connectivity
matrix can lead to significantly faster computation. In (b) and (c), full connectivity between elements is preserved when the two heads are
computed sequentially. We tested whether such factorizations could match in performance the rich connectivity patterns of Figure 2.

Generating Long Sequences with Sparse Transformers (2019)
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Figure 1: The sequence autoencoder for the sequence “WXYZ”. The sequence autoencoder uses
a recurrent network to read the input sequence in to the hidden state, which can then be used to
reconstruct the original sequence.
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Table 4: Performance of models on the Rotten Tomatoes sentiment classification task.

Model Test error rate
LSTM with tuning and dropout 20.3%
LSTM with linear gain 21.1%
LM-LSTM 21.7% V7R e
SA-LSTM 20.3% « ZDo7
LSTM with word vectors from word2vec Google News 20.5%
SA-LSTM with unlabeled data from IMDB 18.6% S atmss
SA-LSTM with unlabeled data from Amazon reviews 16.7% « '_:fﬁ. Bl %é DT 7— =4 73\
MV-RNN [28] 21.0% — 2
NBSVM-bi [35] 20.6% 22D CAMRICNE
CNN-rand [12] 23.5%
CNN-non-static (ConvNet with vectors from word2vec Google News) [12] 18.5%

Semi-supervised Sequence Learning (2015)
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95% Confidence ~ tcomparedto <[ don’t know”
Mean accuracy Interval (low, hi) control (p-value) assignments
Control 88% 849%-91% - 2.7%
GPT-3 175B 52% 48%—57% 12.7 (3.2e-23) 10.6%

Table 3.12: People’s ability to identify whether ~ 500 word articles are model generated (as measured by the ratio of
correct assignments to non-neutral assignments) was 88% on the control model and 52% on GPT-3 175B. This table
shows the results of a two-sample T-Test for the difference in mean accuracy between GPT-3 175B and the control
model (an unconditional GPT-3 Small model with increased output randomness).
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